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Abstract

Social media opens up numerous possibilities to study human interaction and collective behavior in an unprecedented scale.
It opened a whole new venue for research under the name “social computing”. Researchers are interested in profiling
individuals (e.g., gender, age group), groups, community, and networking. We are interested in studying the collective
behavior of Arabic social media users. Most studies covering Arabic social media has focused on the sentiment analysis of,
say tweets. This study, however, looks into who and when users interact with the Arabic social media. Specifically, there
are two objectives of this work. First, studying the demographic posting behavior of social media users from two different
perspectives: gender and educational level. Second, author profiling. Identifying author’s gender of a social media post. We
use Saudi Arabia, a very prolific country when it comes to social media in general, as a backdrop for this study. The results
in this study are based on mining huge amount of metadata of a popular local social media forum covering the period 2011-
14 inclusive. The extracted features (normalized list of £ highest scoring words, and likewise for stems) from the posts were
used to train classifiers to identify the author’s gender. We used two different classifiers, Support Vector Machine (SVM)
with linear kernel and 1-NN (1-nearest neighbor), and experimented with different sizes for the list of features. When the
number of features (size of the features vector) is small (< 50) both classifiers perform equally well in identifying the
author’s gender, but we risk overfitting the data. The classifiers achieved their best result when using 100 features. The 1-NN
classifier delivered a better performance, achieving a balanced accuracy of 93.16% vs 87.33% for the SVM in predicting the
author’s gender. And for a larger set of features, SVM delivered a better performance and more stable behavior than 1-NN,
but still nowhere close to its best performance. We used ¢ test to confirm our assessment that the difference between the
performance of both classifiers is statistically significant. Based on that, we recommend using 100 features, and we get our
best result using 1-NN with a balanced accuracy of 93.16%.

Keywords Behavior study - Arabic social media - Social media mining - Informal Arabic - Gender identification -
Author profiling

Introduction

We live today in an “information society,” in which indi-
viduals, governments, and organizations alike generate and
accumulate enormous amounts of data that can no longer be
analyzed manually. Data mining, with its various algorithms
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and applications, is therefore a natural response to this infor-
mation barrage. According to the McKinsey Global Insti-
tute, the amount of generated data will see an annual increase
of 40% worldwide, and already companies with over 1000
employees have stored at least 200 TB of data [26]. Social
media plays a significant role in the daily lives of many peo-
ple and organizations. According to [2], social media refers
to a combination of three different elements. These are con-
tent, user communities, and Web 2.0 technologies. Quoting
Jue et al., “Social media has been broadly defined to refer
to ‘the many relatively inexpensive and widely accessible
electronic tools that enable anyone to publish and access
information, collaborate on a common effort, or build rela-
tionships™ (see [24], p. 4). Social media operates under
the many—to—many (multiple source to multiple receivers)
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model which makes it more appealing and popular than
the traditional media which operated under the 1-to—many
model. Interestingly, just a few years back, a debate lingered
over whether or not the social media is a fad.

Social media grew and evolved largely due to free plat-
forms, e.g., WordPress, LinkedIn, Facebook, ... etc.; how-
ever, many wrongly associate the social media with Face-
book and Twitter. We may attribute this perception due to
penetration of active users. In Q1/2013, Facebook topped
the social media sites with 51% penetration, and Google+
a distant second with penetration of 26% [22]. In the same
report, LinkedIn was ranked 12th with only 8%. In his
book, Standage [37] argues that social media is an old phe-
nomenon. He goes on citing ancient graffiti as one such
example. In the digital era, forums were one of the earli-
est incarnation of the modern social media, which was later
morphed into blogs. Though the forums have been around
for many years, it was the affordable smart mobile phones
and devices that created a shift in the way we communicate.
Some businesses recognized this new media as a new venue
for their traditional marketing, and embraced the new media
early on. This further helped the new media survive the early
years. Facebook has nearly 1.5 billion users who log in at
least once a month, and recently Mark Zuckerberg boasted
over a billion people used Facebook on a single day [16].
A study by PEW’s research Center on Internet & Ameri-
can Life Project showed an 800% rise of social media usage
among US adults in just 8 years. Social media has been
very popular amidst the Arab Spring, with 1.4 million men-
tion of hashtag #Egypt during the first 3 months of 2011.
And this not counting the tweets which were in Arabic. A
report by Dubai School of Government gives empirical cre-
dence that Facebook and Twitter abetted if not enabled this
region-wide 2011 uprising [20].

One of the biggest area-wise countries in the Middle
East, Saudi Arabia sits atop one of the largest known oil
reserves in the world and is a vast country that is sparsely
populated (32 million in an area over 2 million square km).
Besides, Mekkah and Madina, the two most sacred cities for
Muslims, are in Saudi Arabia. The population in the country
is quite young, with roughly half the population under the
age of 25 [40]. For the outside world, little is known about
the country, and what makes our study important, is that
there are no organizations (official or private) that have
access to Saudi public in the form of survey/polling. We
were able to mine the metadata of a large local social media
site, and compile the results in this work.

Worldwide, the youth are the prime users of the so many
social media sites, and Saudi Arabia is no exception. Twitter
was ranked seventh most visited sites in Saudi Arabia, and
with a 42% increase in the number of account holders
between the period Q1/2013 and Q2/2012, the country
ranked second among the world’s fastest growing countries
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with Twitter [22, 23]. The lack of public expression in the
country is what made Twitter appeal to the Saudis. As one
social business strategist said, “Twitter appeals to the Saudi
user. He just wants to say what is on his mind, float an
idea, debate and discuss it and jump onto a new subject”
[23]. Another interesting fact, Arabic is the fastest growing
language on Twitter and Saudi Arabic accounts for 30%
of global Arabic tweets [12], with 90% of the tweets in
Saudi Arabia are in Arabic [23]. Moreover, Saudi Arabia
ranked 7th worldwide in the number of individual accounts
in social media, with an average of seven accounts per
person [9]. The same news mentioned that 26% of the
Saudi adolescents use Snapchat, which places the country
8th worldwide in the number of Snapchat users. And with
an average of seven videos per day per Internet user,
Saudis watch over 90 million YouTube videos daily [12],
which places Saudi Arabia as the country with the highest
YouTube videos viewership in the world.

The worldwide growth in the number of users of social
media has led to a massive increase in the size of social data.
In turn, this has led to increased interest in researching this
field. There exists much research covering different aspects
of social media. These aspects include age group estimation,
demographic interests, gender, ... etc. Most of the studies
in the field of social media have focused on Twitter [10,
11]. Some of the works that focused on gender classification
for the English language are [27, 29, 33]. Few works have
addressed the Arabic language in the social media [1, 5]. In
future, we expect more research into social media directed
towards addressing specific questions, e.g., age or gender
of the user, fueled by interest in social media advertising
which is set to explode. In just 2014, Youtubers spent about
one billion minutes watching its top 10 ads [25], that is an
equivalent of approximately 8000 man-years. In the USA
alone, 60% of the time spent accessing digital media is
through smart phones and tablets. So, the next big wave
in advertising is reaching the users while they are on their
mobile devices, and social media advertising is the best
native option.

This paper is a side work of an ongoing project, detecting
the dynamics of community behavior through mining big
data. Our main interest is the Arabian Gulf countries (GCC),
and Saudi Arabia in particular. Saudi Arabia has long
been regarded as a conservative country; however, there
is a changing trend among part of the society. Disturbing
trend of extreme thinking and abnormal behavior (e.g.,
child pornography) was unheard of less than two decades
ago. We, as computer scientists, are interested in ways
to forecast upcoming behaviors. We believe that mining
the local social media contents will help in detecting the
dynamics of community behavior, and possibly predict the
trend of a behavior over time. It is possible to spot some
new unexpected behavior. Vinciarelli et al. [39] discussed
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modeling, analysis, and synthesis of human behavior for
technologies that deal with human-human and human-
machine interactions. We are interested in community
behavior, which may be regarded as interaction in a large
social group. It is possible that we may adapt some of the
phases used for modeling and analyzing human behavior
for studying community behavior. The five phases are
[39] (1) data design and collection, (2) behavior analysis,
specially modeling interpersonal influence, (3) multimodal
embodiment, (4) computational models of interaction, and
(5) applications. Each phase has its own challenges which
need to be addressed and solved.

For our study of community dynamics, we start by
building a dataset which targets the community we wish to
analyze. In this paper, we focus on studying the collective
usage of Arabic social media based on two factors: gender
and education level. We closely look at how different
genders interact with the social media for the 4-year period,
2011-2014. We also look at the educational level of users
and their interaction behavior for the same period. The
interaction is limited to the posting activity (using the time
stamp of the post), i.e., time spent browsing is not looked
at. This has more to do with the data provided by the
social media site we used in this study. One interesting
observation, many posting activities were centered around
the daily prayer time.

Cai and Chen [18] improved the quality of the retrieved
documents by inferring the purpose behind the search
operation which is based on tracking user’s past behavior.
We have constructed a model which is used to recognize
the gender of social media users based on their behavior.
Author profiling is a problem of growing importance in
applications in forensics, security, and marketing. Author
profiling distinguishes between classes of authors studying
their sociolect aspect, that is, how language is shared by
people. This helps in identifying profiling aspects such
as gender, age, etc. The particular profile dimensions we
consider here are author’s gender. That is, given a post,
we are interested in identifying the author’s gender. Our
approach takes into account the psycholinguistic features
of text, and for this we use top-k. The top-k makes use
of k most relevant words based on their occurrences and
the frequency of the stems. Experimentally, we achieved an
accuracy of 87.33% using linear SVM.

The rest of this paper is divided as follows. In “Related
Work,” we examine some related works focusing on feature
extraction and classification methods. “Dataset Used in this
Study” explains the dataset for the Arabic language, which
is generated from a widely used local social forum. In
“Analyzing the Posting Behavior,” we analyze the behavior of
social media users. In “Author Profile: Gender Identification,”
we introduce the feature vector representation (top-k) for
our gender classification problem. Results and discussion

are presented in “Performance Evaluation of Our Gender
Identifier.” Finally, we conclude in “Conclusion.”

Related Work

We will review the different approaches used for feature
extraction which is needed to identify the gender in social
media sites, mainly for Twitter. The gender prediction
model relies on two different categories of features:
behavior-related and statistical-related features. In the
former, the focus is on the lexical and behavior of the social
users based on the text, images, metadata, . .. etc., while in
the latter, the focus is on some statistical parameters for the
words and characters in the text.

We start with two recent works that deal with Arabic
Twitter users. In [4], the authors were set on determining
the trends in social networks, Twitter in particular, which
depends on identifying the relationships between members
of a community. Their approach was used to discover
the interests of users to help in selecting the best fitting
advertising. Also, finding an efficient way to recommend
friends to a user based on interest similarity, celebrity
degree, and online behavior is of interest to social networks
themselves. Their classification algorithm used Twitter
API to retrieve tweets of requested users as their dataset.
These tweets were passed to their system which they
applied preprocessing and classification of behavioral and
profile. The authors used Naive Bayesian model for the
classification. The reported balanced accuracy was 94.4%.
Aldayel and Azmi [5] proposed a hybrid approach to
analyze the sentiment of Arabic tweets. Their approach
combined semantic orientation and machine learning to
identify the polarity of Arabic tweets. To save time manually
labeling the training data, the authors used the lexical-
based classifier to do this task. The output of this classifier
was then used as a training data for the SVM classifier.
Experiments by the authors showed that neither of the
individual classifiers, lexical-based or SVM, fall short of the
performance of their hybrid system. Their system accuracy
was 84.01%.

Reviewing works that deal with behavior-related fea-
tures, Pennacchiotti and Popescu [33] introduced a system
to infer user attributes, e.g., ethnicity, using the user behav-
ior information network structure, and the linguistic content
of the tweet. They relied on four feature classes: user profile,
user tweeting behavior, linguistic content of user messages,
and the user social network features. The authors introduced
profile-based features to identify the users’ gender. Based
on data from 15000 random users, they concluded that pro-
file fields are insufficient, as it does not contain enough
good-quality information, for user classification purposes. In
[29], the authors introduced a feature set which maximized
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the accuracy of gender and age prediction. The feature set
had two different categories, content-based features and
stylistic features. The content-based features include sen-
timent among others, while the stylistic features include
readability, spelling and Grammatical Errors, ... etc. And
for gender classification, the authors also employed a sys-
tem of heuristics-based adjustments for gender prediction
using a customized lexicon of phrases. The system was
evaluated on four online media genres: blogs, tweets, hotel
reviews, and an unspecified social media. Training SVM on
their feature set, they reported 71.15% accuracy for English-
based content vs 50% for the baseline. Alowibdi et al. [6]
used a large dataset of Twitter profiles to identify the fea-
tures that classified the users based on gender. They used
the phoneme sequences of first names and usernames as
features. The system utilized a set of KNIME (Konstanz
Information Miner, an open-source data analytics, reporting,
and integration platform) classifiers. The training process
used a “ground truth” of a user’s gender by following the
links from the profiles to other social sites. They reported
an accuracy of around 74.78%. The same group of authors
[7, 8] proposed a language-independent scheme to iden-
tify the gender. For this, they defined a novel approach for
predicting the gender by using color-based features, e.g.,
background color, text color, link color, ... etc. Training
KNIME classifiers using “ground truth” reported an accu-
racy of around 71%. To identify a Twitter user’s gender,
Liu and Ruths [27] tried to link between the gender and
the user’s self-reported first name in English tweets. The
authors claimed that using the first name into a gender clas-
sifier increased the accuracy over a classifier where name
information was omitted (baseline method). They built a
large gender-labeled dataset of Twitter users which was used
to train their SVM classifier. The system’s highest balanced
accuracy was 87.1% compared to the baseline’s balanced
accuracy of 83.3%. The accuracy was averaged over the
genders, with a slightly better accuracy for the males.

Next, we look into works dealing with statistical-related
features. Argamon et al. [13] considered the problem of
authorship profiling trying to determine information such
as gender, age, native language, and personality. They
proposed using Bayesian Multinomial Regression learning
algorithm with two basic features: content-based and style-
based features. For gender, the best reported accuracy was
76.1% using both features. Santosh et al. [35] proposed
a machine learning approach using a decision tree of
classifiers (SVM, MaxEnt, and Decision Tree) to determine
an unknown author’s age and gender. They considered
three different types of features: content-based features
(frequencies of different n-grams in the documents written
by a particular gender), style-based features (n-grams of
POS tags in the documents, punctuation symbols, . .. etc.),
and topic-based features (n-gram based approach modeling
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the top words used by both genders). The n-grams is a
collection of contiguous sequence of n items from a given
text, where the items can be letters, words, DNA base
pair, ... etc. according to the application. The authors
who trained their system on PAN 2013 provided blog
corpus and reported an accuracy of 64.08% for age and
56.53% for gender for English contents, and 64.30% and
64.73% respectively for Spanish contents. In [36], the
authors created predictive lexica (words and weight) for
determining gender and age. They created weighted lexicon
by using the 1-gram coefficients from linear multivariate
regression and classification models. For gender prediction,
the authors trained SVM with a linear kernel using dataset
of Facebook messages from the users of MyPersonality
application. They reported an accuracy of 91.9% for gender
and 83.1% for age. Burger et al. [17] presented a language-
independent classifier for predicting the gender of tweets.
They used a large volume of data drawn from Twitter users
with completed profile. The classifiers were trained using
gender-tagged tweets. They applied n-gram for characters
(n = 1-5) and for words (n = 1-2), with and without case-
folding on the tweets. The authors trained four different
classifiers on 4.1 million tweets. The accuracy, as measured
on the development set, ranged from 67% for Naive
Bayes to 74% for Balanced Winnow?2. In [30], the authors
proposed a system to classify the gender of Twitter users
using Perceptron and Naive Bayes classifiers covering the
tweets in English only. The authors roughly collected tweets
of 3000 users totaling 36,238 tweets. For each user, they
manually labeled all but one tweet for the gender. The data
was split into two equal sets for training and testing. For
features, they employed n-grams (n = 1-5) of what was
observed during training. The balanced accuracy for the
Perceptron was 94%, while that of Naive Bayes classifier
was slightly better at 96.8%.

In [32], a corpus of over 1.5 million Flemish Dutch
posts from Netlog, a Belgian social networking platform,
was studied. With the objective of pedophile detection
system, the authors investigated predicting age and gender
of short chat messages. For age, they were interested in
classifying it as adult or adolescents. The authors presented
a feature extraction algorithm using the chi-square feature
selection on word n-grams (n = 1-3) and character n-grams
(n = 2-4). They built the feature sets by selecting 1000,
5000, 10,000, and 50,000 features with the highest chi-
squared values from the training data. For the evaluation,
SVM was used and achieved an accuracy of 71.1% for
the age-based classification. In [38], the authors worked
on gender identification of Sina Weibo, one of the most
popular social media sites in China. They used three
different feature selection algorithms (¢f-idf, CHI, and COS-
CHI) and retrained multi-attribute to improve the accuracy
of two classifiers, Naive Bayes and SVM. CHI uses the
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chi-squared test for classification assigning more weight
to low frequency words, while COS-CHI is CHI with
Cosine similarity. The authors crawled the information of
about 200,000 users randomly from hundreds of different
professions. Preprocessing rules were applied to cleanse the
data. The authors reported achieving an accuracy of 89.01%.

Dataset Used in this Study

Arabic is a Semitic language that is native to over 300
million speakers, and over 1500 million Muslims worldwide
use it in their regular daily prayers. The Arabic language
can be classified as classical, modern, and colloquial. The
Modern Standard Arabic (MSA) is an evolving language
with constant borrowing and innovation to meet the modern
challenges [21]. The vernacular or colloquial Arabic,
which until recently was confined to daily informal verbal
communication, has gained popularity, thanks to the social
media. It now trickled down into written form [14]. The
Arabic alphabet consists of 28 basic letters including three
long vowels. In addition, the Arabic orthographic system
uses small diacritical markings to represent short vowels,
and there are a total of 13 different diacritics which are
placed either above or below the letter. Besides the phonetic
information associated with each letter, they serve to clarify
the sense and meaning of the word. For example, the plain

word ((w\;) may mean one of (r:\fcz Ealam) flag, (s‘l?: Eilom)
knowledge, (}éﬁ: Eulimo) became known, (‘l.wl.é: Eal~ama)

taught, or (}L’:: Eal~imo) teach.! In MSA, the diacritical
marking is absent from the written text. So, the reader must
disambiguate the word sense based on the context in which
it appears, a task the natives excel in. However, there are
cases in which a large world knowledge is necessary, for a
good example see [15, p. 479].

The lack of datasets covering the popular Arabic dialects
of Saudi Arabia and the Gulf region compelled us to
compile our own. The lack of a vocabulary dictionary of the
dialectical Arabic complicates the matter as the individuals
will spell the words/sentences phonetically, giving rise to
the possibility of multiple spellings of a word within the
same dialectical group [5]. There are six major dialectal
groups within Saudi Arabia alone, the most widespread
being the Hejazi and the Nejdi dialect. We compiled a
dataset from a popular local social forum in Saudi Arabia
(www.eqla3.com). The bulk of users of this site are from the
capital, Riyadh (pop. 5.2+ million), and its vicinity. This
is a huge forum with a vast amount of content, with just

I'We will be following Buckwalter transliteration scheme http://www.
qamus.org/transliteration.htm [last accessed Sep 28, 2017], for those
having difficulty reading the Arabic script.

under a million user base (987,000 registered users) and
more than 46 million posts covering slightly over 1.3 million
topics. There is a broad set of predefined categories under
which users post a topic, initiating a series of other posts
in response. Only registered users can post. All the posts
are written in informal Arabic, mainly in Saudi Arabian and
neighboring Gulf countries colloquies. Each post shows the
username, gender, age, educational level, nationality, and
the membership date. All the above information is public,
and this is why we picked this site as a backdrop for our
study. We followed a certain criteria when selecting the
material, these are (1) a topic must be generated by a user,
i.e., quoted, copied, or auto-generated topics were avoided;
(2) the number of characters in each post must not go below
our defined threshold of 10 words; (3) the topic should cover
different genres that is of interest to both genders; (4) we
filter-out all non-Arabic contents; and (5) the context of the
topic must be related to gender. The threshold of 10 words
was meant to rid of posts having dubious messages such
as (t)..’ajl\c J§:~ al\: Alf $kr EAlmwDwE) thousand thanks
on the subject, (a3\W\ Sl YETYVk AIEAfyh) good job,
etc. Table 1 shows some statistics regarding the compiled
dataset.

Analyzing the Posting Behavior

The huge amount of data of the social media at our disposal
made it possible to analyze the behavior of users regarding
their posting patterns. Our focus is to study the post from
two different perspectives: the author’s gender and his/her
educational level. We are also interested in finding unique
features that would be useful in author profiling, predicting
the gender. In future, we may extend the profiling to include
educational level and age group. In this analysis, we focus
on four aspects: (a) gender-wise daily activities of users in
social media, (b) analysis of patterns in data posting for
each gender, (c) daily activities of users in social media with
respect to their educational background, and (d) posting data
and the educational background. We have defined a subset
of the dataset that contains 100,000 randomly selected
topics, containing 433,199 total posts covering the years
2011-2014 inclusive.

Table 1 Some statistical parameters of our compiled dataset

Number of words Number of stems

Min Max Avg Min Max Avg
Male 131 24,279 16,673 71 6542 4739
Female 77 41,101 25,554 43 9980 6851
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Fig.1 Accumulative monthly posting (for a male, and b female) on an hourly basis in a 24-h cycle for the full year 2014. Female posting pattern
is more consistent compared to the males. The posting activity peaks at 11a.m. for both genders

In our study, we tried to answer the following questions:
what are the daily activities of users in social media?
What are the posting rate for males and females? What
are the peak hours/months for social media? Do holidays
impact daily activities? Can educational background affect
posting rate? We do have the exact posting time, expressed
as hh:mm. However, for reporting the activity, we use an
hour resolution. That is, any activity in an hour period
is treated as taking place at the top of the hour. In the
ensuing discussion, if we claim that a certain activity peaks
at 11a.m., it means the activity took place anywhere between
11a.m. and just before noon.

Figures 1, 2, 5, and 7 show the activity graphs of the
accumulative number of posts at a specific time in a 24-
h cycle. Taking 2014 as an example, we note that females
posted around 13,000 messages at 2a.m. in the entire year.
Figure 1b shows the break down of the number of posts
for each month at every hour during the 24-h cycle. This
translates to an average of 1080 messages per month at
2a.m. in 2014 (see Fig. 2b). Looking into females’ posting
pattern in a 24-h cycle (Fig. 1b), we see nicely stacked
lines that are very similar, while for males (Fig. 1a), the
stacked lines are not much consistent. It goes on to say that
females are more consistent in their posting pattern than
their male counterpart, and moreover, they are more prolific
and avid posters. Indeed, for the years 2011-2014, females
are consistently more actively posting, about ten times more
than males (Fig. 2).

In Fig. 1, we see that the posting activity peaks at
11a.m. for both genders, which is during the break time for
the Noon prayer (Dhuhr).? Since we are plotting activity

ZMuslims pray five times a day. These are Fajr (dawn); Dhuhr (noon);
Asr (afternoon); Maghrib (sunset); and Isha (night). The prayer times
are dynamic and are impacted by the Sun movement, and accordingly
they vary between seasons.
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time using 1-h resolution, so 11a.m. covers all the posting
activities taking place between 11a.m. and noon. In Riyadh,
for example, the actual call for Dhuhr swings between
11:36a.m. and 12:07p.m., depending on the month of the
year. After all, for most of the year, the Dhuhr break is
before noon, and that explains the surge of posting activity at
11a.m. in Fig. 1. There is a few minute gap between the call
to prayer (Azan) and the physical prayer, and many people
make use of this time to catch up with their posting activity.

There is also a noticeable surge of activity at Sa.m., an
odd time for many. This time is associated with another
prayer activity, the Dawn prayer (Fajr). Again taking Riyadh
for example, the call for prayer swings between 3:32a.m. (in
June) and 5:17a.m. (in January). Those who miss praying
Fajr in congregation can still pray it any time until before
the sunrise which occurs at 5:03a.m. (in June) and 6:39a.m.
(in January). If we look at Fig. 1, we see that there is an
increase of activity at 4a.m., and more so at 5a.m., followed
by a decline at 6a.m. This can only be explained by people
waking up for Fajr, some may post before the prayer, while
most postpone till after the prayer and before resuming their
sleep.

There are two dips in the posting activity for which we
could not find a solid explanation. A no posting activity at
8a.m. for the second half of 2014 (actually starting with the
month of August). This is true for both genders. Typically,
8a.m. is the time when people commute to their work place;
however, what is not clear is why this pattern is not showing
up in the years 2011-2013. Then, there is a sudden decline
of posting activity between 11p.m. and midnight for the
females, before it peaks out again at midnight. This latter
phenomena has been consistently observed for females in
all the 4 years of this study (Fig. 2b). We are thankful
for the following explanation given by R.K. Akbar (MA
Psychology). This is the time the mothers are busy putting
their children to bed. Staying up late in Saudi culture is so
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Fig.2 Average monthly posts for a male, and b female, on an hourly
basis in a 24-h cycle, for the years 2011-2014. For example, for the full
year 2012, the average number of male posts at 11a.m. was 256.7 per

common that it has become the norm. A study conducted by
Boston College in 2013 found that 73% of 9- and 10-year-
old school children in Saudi Arabia were sleep deprived [3].
With kids going to bed around 11p.m. and waking up at
5a.m., so to arrive at school by 6:30a.m.; it leaves them with
little time to get a full night’s sleep.

From Fig. 3, we see an increase in females posting
activity during the months of June, July, and August, where
these months correspond to the annual summer break in
Saudi Arabia. For females, the highest posting rate was
during the month of August for the years 2012-2014. In
2011, August was the third highest posting month, after
January and February. In fact, these first two months of 2011
saw the climax of the Arab Spring, and we expect a warm
social media interaction during this period.

The fasting month of Ramadan? fell during the summer
break in this 4-year period. Due to the differences between
lunar and solar calender, Ramadan shifts by 10 days
every year. In 2014, Ramadan coincided with the entire
month of July. Falling during July, a summer month where
temperatures hover around 120°F, it would be interesting
to have a closer look into the posting activity for Ramadan
2014. First, we combined the postings of both genders and
calculated the average number of posts per hour and the
standard deviation (SD) for each individual month in 2014.
The SD ranged between 300 and 370, except for July where
it jumps to over 560. That is, the activity during Ramadan
is far more dispersed than the other months. Figure 4 plots
the difference between the actual number of posts at each
hour and the yearly mean for the number of posts per hour.
The x = 0 coordinate represents the yearly mean, bars
above (below) this line means activity is respectively above

3The ninth month in the Islamic lunar calendar. The fasting typically
starts at dawn and ends by sunset.

month while it was 2031 for the females. Females have always been
more prolific when it comes to posting, and in our case about 10 times
more than their male counterpart

(below) the mean. The dark solid bar is for July (Ramadan),
while the light bar is the average for the remaining 11
months. For instance, at 3a.m., we have more than 1000
posts over the average in Ramadan, whereas it is mildly
below average for the remaining months. In Ramadan, the
bulk of activity takes place between midnight and dawn, the
time fasting starts; and the next stream of activity is after
breaking the fast at sunset (around 6:45p.m.) and continues
until night (Isha) prayer time 2 h later. This tells that people
stay up all night during Ramadan and sleep after dawn,
and they remain inactive most of the day until the time to
break the fast. The pattern during Ramadan is drastically
different than the regular non-fasting months, where the
major activity occurs late afternoon till midnight.

In 2011, we note an abnormal and a lasting decline in
the posting activity for the 5-month period starting April
of the same year, see Fig. 3. A trend is repeated for both
genders, though it is a little lengthier for males. Initially,
we suspected that this decline was due to the introduction
of Twitter in Saudi Arabia, but our investigation confirmed
that we were wrong.* The first quarter of 2011 witnessed the
Arab Spring and this behavior is related to this Spring and
the fallout which kept many people at bay. Normal activity
resumed after the start of the academic year in September
2011.

In Saudi Arabia, the 12 years of schooling is compulsory.
The social media’s metadata also contained the educational
background of individual users. The users get to declare
their highest educational qualification from among seven
categories: Primary (covering grades 1-6), Intermediate

4We failed to find the exact date when Twitter was launched in
the kingdom; however, using the service https://discover.twitter.com/
first-tweet, and going through the first tweet of some of the popular
local celebrities, we were able to confirm that Twitter was introduced
around Q3/2010.
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Fig.3 Average number of posts per hour for different months for a male, and b female covering the years 2011-2014. For example, males posted
on average 200 messages per hour during January *11. We note increased activity during the 3-month summer break (June—August), especially

the females

(grades 7-9), Secondary (grades 10-12),> Diploma (2-
year colleges), Bachelors, Post graduates (masters and
PhDs), and Other, a choice for those who would rather
remain anonymous. For convenience, we collate them into
two distinct groups while leaving out those declaring
themselves Other: high school, which covers users having
at most Secondary diploma; and college, those with
higher education succeeding the Secondary schooling. We
respectively designate these groups as HS- and College+-.
Figure 5 covers the daily posting activity for both groups
for 2014. Interestingly, the posting pattern appears almost
identical for both groups except for the volume, where the
College+ users are more actively using the social media
than the HS- users by a factor of four. We correlated the 1-
year average of the number of posts at each hour of the day:
2a.m., 3a.m., ..., la.m. for the year 2014 (Fig. 5a, b) for
each group, and the correlation coefficient is 0.98. Given
that, we may safely conclude that the daily posting pattern
is independent of the educational level for the two major
groups (HS- and College+) in 2014.

We collated three school levels as one group, namely
HS-. What about posting activity at individual schooling
levels. In 2014, for example, we see that kids in Primary
schools were slightly more active in posting than those
in Intermediate school. This trend reverses for Secondary
schooling level, see Fig. 6. For the 4-year period 2011-
2014, Fig. 7 shows the average, over 1-year period, of the
number of posts per hour in a 24-h cycle for the two groups:
HS-, and College+. We see that the posting pattern for both
groups is very much the same. The 4-year posting activity
are positively correlated with a correlation coefficient of
0.91. This confirms what we noted earlier, the educational

3In US educational system, these will be roughly known as Elementary,
Middle, and High schools (respectively).
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level has little or no impact on the posting pattern. However,
College+ users are more actively posting than HS-.

There is a steady gradual decline in the usage of the social
media starting third quarter 2012 for both groups, though
it reversed action in later part of 2014 for College+ users,
see Fig. 7. We attribute this to an increase in alternative
new forms of social media. From Fig. 8, we note an
increase in the usage of social media during the summer
break. Though we did not investigate the educational level
posting pattern from the gender perspective, we however
can spot an interesting pattern. The posting pattern for 2014
(Fig. 5) closely resembles the posting pattern for the females
(Fig. 1b). We can deduce that females, regardless of their
educational background, are the ones who are doing most of
the posting. It also tells another story. There is a large pool of
highly educated females, i.e., those with bachelors and post
graduate degrees. If, for example, there were fewer females
with higher education, then Fig. 5b would not have so
closely resembled Fig. 1b. According to one report, women
account for 58% of all Saudi university students, and about
60% of all university graduates [31], and our results tend to
corroborate that.

We looked into gender-based posts for the word usage.
It was observed that females tend to use more descriptive
words (more words to explain their ideas) whereas males
use fewer words. The top 3 words as used by females
are (o2 mn) from, (3: fy) in, and (J): AlY) to, with their
respected frequencies: 2543, 1439, and 1405; while the
top 3 words for males are (o2: mn) from, (2: fy) in, and
(Je: EIY) on, with their respected frequencies: 1247, 1128,
and 662. In both cases, the top 3 words are stop-words.
If we exclude the stop-words, the highest occurring word
as used by the females is (¢ s.o511: AlmwDwE) the subject,

and for males it is (C\): rAH) went (vernacular), and their
respective occurrences are 236 and 87. For females, there
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are two words that occur 87 times, and they are ranked
50 and 51. The full list of top 100 words (stop-words are
excluded) for each gender is in Table 2. For convenience,
we translated the individual words in the list. The list
is a combination of MSA and vernacular words. Some
MSA words have a different meaning when appearing in a
vernacular text. Though it is rare, but when translating the
words in Table 2, we opted for the meaning of the word in
the local vernacular, since it is more common than MSA
in social media. For instance, (4>\s: wAHd) means one in
MSA, while in vernacular it means someone.

Author Profile: Gender Identification

Author profiling is a problem of growing importance, e.g.,
forensics and security. The profile includes among others
the identification of the gender. Given a post, can we predict
the author’s gender? Based on the state-of-art schemes, we
will use SVM classifier which follows the linear model. We
will also examine the applicability of variants of K-NN. The
existing behavior-related feature methods have proven to be
robust in binary classifications. We follow the lead in [27],
and use top-k words. Additionally, we may incorporate new
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Fig.5 Comparison of the number of posts based on the highest educa-
tional level attained by the user for 2014, grouped into two categories:
a those with at most high school diploma and b those with post high

(b) College and beyond degree (College+)
school (college and beyond) degree. From (a) and (b), we note that the

educational level has no impact on the posting pattern, other than the
volume
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Fig. 6 Spider chart (log scale) showing the average number of posts,
on an hourly basis in a 24-h cycle for the year 2014, for all three levels
of school

features to counter some of the peculiarities of the Arabic
language. Algorithm 1 lists our proposed system which
consists of three phases: preprocessing, feature extraction,
and classification.

Algorithm 1 Proposed system for predicting the gender
Input: Raw text

1 begin
2 Remove digits and special symbols, e.g. !, @, #, $,
%, . ..etc.
3 Remove all the diacritical marking.
4 Normalize the words.
5 Tokenize the words of each topic, and generate a
stem version of the topic.
6 Remove speech effects.
// feature extraction
7 Calculate the score of each word using #f-idf.
8 Generate the feature vectors, top-k words list,
top-k stems list, and frequent characters.
9 Do the classification.

The raw data requires some cleaning and normalization
before features are extracted. There are non-Arabic words,
digits, codes (HTML and others), and some special
characters, e.g., emojis. All these will be dealt with in the
preprocessing stage, where we (a) remove any character
not in the alphabet range of the Arabic language (including
digits and the diacritical marks); (b) normalize, where
variants of a letter is represented by a single form, e.g., unify
the different forms of the character Alif (1< dd)y = (); (©)
tokenize all the words in a topic, generating a stem version
of the topic; and (d) normalize the sequence of repeated
characters, such as in “Hellooooo,” which we call speech
effects. These are common in social media posts and are
mainly intended to emphasize. We would like to normalize
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Fig. 7 Spider chart (log scale) showing the average number of posts
based on the educational background, on an hourly basis in a 24-h
cycle, for the years 2011-2014. Each radial line represents an hour
(total of 24 x 4 = 96 radials). The values at 12, 3, 6, and 9 o’clock
represents the average over 365 days for the number of posts at
midnight in their respected year. We see that both group’s chart looks
similar, and this means posting activity is mostly independent of the
educational level

the variants to a single form, so “Hellooo,” “Hellooooo,” etc.
will all be mapped to “Hello.” Untreated speech effect will
cause the different variants to be treated as different words
and will likely be ignored by t#f-idf as being a rare word.
This normalization was used to preprocess Arabic tweets
in [5]. Emojis are another common phenomenon in social
media posts. What makes them appealing is that an emoji
summarizes a whole set of emotions which otherwise would
have taken many words to express. While studying Android
devices, [19] noted that female users were more likely to
use emojis in text messages than their male counterpart. The
authors also noted certain patterns of emoji usage that varied
according to the gender. Thus, emojis could be used as one
of the factors to predict the gender. However, in the forum
we used for this study, no emoticons were used and emojis
were scarcely used. The only emojis we encountered were

Jan '11

College+

Jan '13

Fig. 8 Spider chart (log scale) showing the average number of posts
per hour for each month based on the educational background covering
the years 2011-2014. Each radial line represents 1 month
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Table 2 List of top 100 words (stop-words excluded) along with their English translation as used by each gender in their posting along with the
number of occurrences. Entries are ordered top-to-bottom and left-to-right

Male Female Male Female
Word Occ Word Occ Word Occ Word Occ
¢\ went 87 gl the subject 236 o done 42 eV the girl 87
oY what 83 =2l the hair 159 st thing 40 gxe [ have 85
Zf—j.:a)l\ the subject 82 oL the people 157 Ll beginning 40 &, my Lord 83
tle  public 82 W for her 157 s,Wl\  the match 40 356 (time) period 81
& she 79 o=l for you (pl.) 155 Gly and I 40 W oour 81
&; mine 78 S this one 152 4= can 39 r):M today 80
A for you 74 la> wery much 148 gull - the second 39 ()KH talk 79
Jd )T first 73 S was 148 Ds during 38 S U surely 79
o=dy  but 70 o>y someone (f.) 144 skl the season 38 @le simple 79
2\ anyone 70 1S like this 144 dy s congrats 37 dyns  congrats 7
S T was 66 Je lovely 143 G2 team 37 Sl gives you 76
olae  because 64 él; on you 142 (,& for them 37 L regarding 76
¢ sose  subject 64 S how 138 dl )\ the message 37 c3 ) the time 75
de on her 64 xe  at 137 K for every 36 o what 75
iy someone 63 «8  she was 137 J6  said 36 > good 74
s\ you 62 p‘\! must 128 == all 36 = how many 74
L only 61 e on her 128 &4, Barcelona 36 o) you 73
Kz in a way 59 K in o way 126 iy and this 36 s T said 72
Jsis  says 57 Gly and I 126 2L the original 36 A beautiful (£.) 72
)j father of® 55 ‘a)\.m.\\ peace 126 eS T wrote 35 La=i person 72
& he will 53 (‘._..4-\ the body 125 S how 35 Js&5  you say 71
@LJ\ peace 52 geoye  subject 121 sauadl  the new 35 dadl doubt 71
¢t day 51 L35 only 121 5LV the car 35 ol now 71
R4 person 51 & like 119 &3 wellness 34 o T wish 70
A1 another 51 s of 118 L}\ my father 34 <L O Lord 70
sh,Ls  match 50 < thousand 114 o) not 33 (.L for them 70
S3»  this one 49 s little 110 ola>  horse 33 &,>\  other 69
rﬁ—_a._.\.c on you 49 Oy without 109 >, reply 33 sale  whatever He wants 69
sy and he 49 & from him 108 o the same 33 oKLl the place 69
5,0 once 48 b of course 106 Cas goal 33 sy and this is 69
sl today 48 Bl,l\ the woman 104 &, other 32 e girl 69
o the people 47 o the same 104 Qs without 32 SWe  he became 68
Al thousand 47 a>|  anyone 101 XL regarding 32 Jakll - the child 67
Wl it 47 LWl wellness 99 Sle  he became 32 a2,y and His mercy 67
oYl now 45 (“"J most important 98 O place 31 oL people 67
J.\a.e\ best 45 a1y someone 98 & and she 31 el T love 66
W& for her 45 ol the girls 97 &a from him 31 S queen 65
oY player 45 JAA-\ pregnancy 95 ) scrubber 31 (g correct 64
oLl the cars 45 ¢l marriage 95 sjws\)\ the family 31 agl color 64
Ll our 45 J,aﬁT best 94 o> new 31 Ll new 64
3,4l the team 45 aa way 93 (..41\ the important 31 oy color 63
s that 45 eS I/she wrote 92 (.J\.«.l\ the world 30 o=y but 62
138 like this 44 P> nice 92 35 change 30 icl.  hour 62
Ol the place 44 s he will 91 G..o\)l\ the subjects 30 o they/worry 62
D‘Y must 44 c3y  lime 91 Lue  when 30 (‘i mother of 61
éf location 44 W‘\J\ the original 90 Jem beautiful (m.) 30  axzll  the person 61
sl car 42 J.J postpone 89 Slaas  gives you 30 Li:: thanks 61
& like 42 L the message 89 da  there 30 Le  we have 61
la>  wvery 42 ol girls 88 r\J days 30 JG  he said 61
J;\J\ the first 42 S""U the important 87 ‘MJ\B divides 30 8., and His blessing 61

4In the Arab culture, there is a tradition of calling people politely by an epithet particularly when they have children. Usually, the first son’s first
name is added to Abu (father of). The same goes for Umm (mother of)
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ERINT3

“heart,” “flower,” “smily face,” and “angry face.” These
were equally used by both genders, making them unusable
for classifying the post based on gender.

Top-k is a feature vector, where it holds the top k-ranked
entries. In the discussion, k will designate the size (number
of entries) of the feature vector, top-k. In [27], the author
used top-k words as their feature vector. We, on the other
hand, use two separate lists. The top-k words and the top-k
stems.

The top-k words are the k highest scoring list. This list
is a subset of a general list of words on each topic. We
normalize the words prior to generating top-k words list.
The list represents the #f-idf scoring for each word in the
topic, and it is sorted in descending order. The #f-idf (short
for term frequency and inverse document frequency) is a
common method used to calculate the weight of a word in a
document. The main idea of #f-idf is, if the term frequency
of a word in a document is high and this word rarely appears
in other documents, then we believe that the word has a good
ability in distinguishing categories. The #f-idf is a numerical
statistic that is intended to reflect how important a word
is to a document in a collection or corpus [34]. We also
define another feature vector, the top-k stems, which is used
to remove words that have no root. It is similar in concept
to top-k words; the difference is that top-k stems vector is
based on the stem version of the dataset. This process is
used to adjust the values of the data to capture words with
high occurrences used by both genders. For example, we
have two forms for teachers: (O s« 2ll) (m.) and (L)L) (£.),
both are derived from the stem ((*L""). Frequent characters is
another feature that we use. In this feature, we simply obtain
the histogram of the number of characters in each word
within the topic, where the histogram is generated after the
preprocessing stage. Each pin in the histogram represents a
set of the range of characters of words. For classification,
we chose SVM. Due to the nature of our problem, where the
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data follows linear model, we evaluate the feature set using
SVM, and for the sake of comparison, we also use 1-NN.

Performance Evaluation of Our Gender
Identifier

For the performance evaluation, we have generated a subset
from our dataset which consists of 1200 samples, equally
split between genders. For each gender, we evaluate the
system using 10-fold cross-validation. For males, we split
at 60 samples per fold. Nine folds will be used for training
and the tenth for testing. This process is repeated 10 times
picking a different fold each time for the testing, while
the other nine is used for training. The whole process is
repeated for the females. For each test, we use different
values of k in top-k (size of the features vector), with
10 < k < 5000. We trained both the SVM and the K-
NN classifiers for these tests. Before training and testing
cycle we need a model selection; the cost C for SVM,
and K for the K-NN. For selecting these two parameters,
one sixth of the dataset (randomly selected) was used to
evaluate the parameters. After plotting the error rate, the
selected parameters were chosen based on two factors: best
accuracy and best performance. For SVM, we use the linear
model and cost C = 1. Figure 9a plots the error rate for
different values of cost C, where 10710 < ¢ < 10'0. We
see that the error rate stabilizes around 0.02 for C > 1.
The reason for choosing C = 1, rather than, say C =
1000, is that the difference in error rate is insignificant,
moreover, it takes longer to train and validate for larger
C. For K-NN, we evaluated the error rate for values of
K = 2,3,57,11,...,97 (all prime integers less than
100), see Fig. 9b. We note that the error rate is the least
when K = 1. This means that 1-NN yields the best error
rate. For the distance function, we evaluated 1-NN using
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Fig.9 Error rate for a different values of cost C for SVM and b different values of K in K-NN
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Table 3 Summary of the ] ]
balanced accuracy for three k (= number of words in top-k list)
different distance functions:
Euclidean, Mahalanobis, and 10 50 100 500 1000 5000
Manhattan using the 1-NN Euclidean 95.92+1.69  99.25£0.73  93.17+1.79  49.9243.48  51.33+4.53  57.42+3.69
classifier. Numbers following Mahalanobis ~ 71.2544.16  59.33+5.19  60.8344.95 54424465 48834629  54.58+6.08
=+ are the standard deviation

Manhattan 95.50+1.81  99.17+£0.56  93.50+1.75  50.00+3.64 49.92+5.95  56.754+2.9

(SD)

three different distance functions: Euclidean, Mahalanobis
[28], and Minkowski. The Minkowski distance defines a
distance d between two points in a normed vector space,
dx,y) = Q ., 1xi — i |P)1/P where x and y are points in
n-dimensional space. When p = 1, then Minkowski yields
Manhattan distance; and for p = 2, it yields Euclidean
distance. In our case, we used p = 1. Table 3 summarizes
the balanced accuracy for 1-NN classifier using the three
distance functions. The Euclidean distance function is a
little better than the other two distance functions when
dimension increases. We note from Table 3, there is no
dramatic change when using different distance functions.
This is a good indicator that the set of features we devised
for this problem are invariant. As to why the balanced
accuracy drops for larger k, we hypothesize that it is due to
the curse of dimensionality, and feature padding. The curse
occurs because when the dimension increases, the volume of
the space increases exponentially fast that the available data
becomes sparse. Padding is a technique to balance feature
vectors to be able to use them in classification, and we
adopted this mechanism. In feature padding, we pad zeros
so all the features vector reach the desired size. For example,
if k = 100, and the actual size of a features vector is 89,
so we pad it with 11 zeros. Larger k means possibly more
padding.

To see if dimension reduction techniques would help
improve the performance, we repeated the experiment after
reducing the dimension of the features using principal
component analysis (PCA). Table 4 summarizes the results
using 10-fold validation which yields an average accuracy
per gender *+ standard deviation. Figure 10 plots the
balanced accuracy for both genders using SVM and 1-
NN classifiers. It is clear that SVM delivered a better
performance and a more stable behavior compared to 1-
NN classifier, especially for k > 500. The performance
of 1-NN classifier dropped sharply as k increased. Though
the accuracy for k = 10 and k = 50 were excellent,
we however prefer a larger k. To avoid over-fitting during
the classification process, we prefer k = 100 over smaller
values of k. For k = 100, both classifiers achieved good
accuracy, though 1-NN did better; and for larger k, the
accuracy of both classifiers suffered. This is due to padding
the feature vector with non-related data. By applying PCA
on the features, it helped improve the accuracy of 1-NN
over the same classifier without PCA when feature size k is
over 500. For SVM, there was no significant increase in the
accuracy, except that the training process took more longer
for the larger set of features (case k > 1000).

We need to include appropriate significance testing to
confirm our assessment that the difference between the

Table 4 Summary of gender wise and balanced accuracy for both tests using SVM and 1-NN classifiers, with and without principal component
analysis (PCA). The values in the table are the average accuracy £ SD computed using 10-fold cross-validation

k
10 50 100 500 1000 5000
SVM Male 99.66 £ 0.7 99.16 & 1.17 87.16 & 4.97 68.66 & 3.83 74.33 £ 6.24 70.00 = 5.03
Female 97.83 +£1.93 97.16 = 2.61 87.50 &+ 3.86 69.83 £9 72.33 £ 3.06 62.83 +7.07
Balanced accuracy 98.75 +1.05 98.16 + 1.51 8733 £2.9 69.25 +4.85 73.33 £2.81 66.41 + 4.08
I-NN Male 96.17 +2.23 99.67 £0.7 92.17 £ 1.58 22.67+13.2 42.00 £ 7.65 92.17 £5.16
Female 95.67 +2.38 98.83 £ 1.12 94.17 £ 3.36 77.17 +10.09 60.67 & 7.38 22.67 £+ 8.96
Balanced accuracy 95.92 +1.69 99.25 £ 0.73 93.17 £ 1.79 49.92 + 3.48 51.33 £4.53 57.42 +3.69
SVM PCA Male 99.17 £ 1.18 99.5 £0.81 58.17 = 7.55 60.67 £ 8.83 63.67 +5.92 67.67 £ 6.77
Female 96.50 £ 2 98.33 £ 1.57 80.17 £ 11.12 90.50 & 6.34 83.00 = 4.43 51.67 £7.16
Balanced accuracy 97.83 £1.19 98.92 +0.88 69.17 + 6.41 75.58 £4.25 73.33 £3.26 59.67 £ 3.5
1-NN PCA Male 96.17 + 3.05 99.33 £ 1.41 88.33 £2.48 84.00 £ 6.05 82.83 £ 4.58 77.17 £ 6.09
Female 95.00 £ 1.76 97.83 £1.93 88.50 £5.12 77.33 £5.28 75.83 £ 6.77 65.17 + 4.61
Balanced accuracy 95.58 +2.29 98.58 = 1.47 88.42 +2.62 80.67 + 3.14 79.33 = 4.68 71.17+£ 4.5
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Fig. 10 Comparison of balanced
accuracy using two different
classifiers, SVM and 1-NN (with
and without PCA). Parameter k
is number of words in top-k list
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performance of both classifiers (SVM and 1-NN) is not
due to some random error. Student’s ¢ test is one type of
inferential statistics. It assesses whether the means of two
groups are statistically different from each other. In other
words, could those differences have happened by chance.
The results of the ¢ test are reported in terms of p value
or calculated probability. A low p value, say p = 0.01,
means that there is only a 1% probability that the results
from an experiment happened by chance. In the literature,
the significance level («) is usually set at 5%, and the
value p < « symbolizes that it is not likely to be a result

Table 5 Summary of Student’s ¢ test between our two proposed
methods: SVM and 1-NN classifiers, with and without PCA for different
values of k. The p values are expressed in scientific E-notation

k t test SVM vs 1-NN
No PCA PCA

10 p value 0.3653 0.4482
Result significant No No

50 p value 0.1346 0.1149
Result significant No No

100 p value 2.93E-05 5.85E—04
Result significant Yes Yes
Outperforming classifier 1-NN 1-NN PCA

500 p value 4.65E—-05 2.48E—05
Result significant Yes Yes
Outperforming classifier SVM SVM PCA

1000 p value 3.29E-05 4.07E—07
Result significant Yes Yes
Outperforming classifier SVM SVM PCA

5000 p value 2.39E—03 9.51E-05
Result significant Yes Yes
Outperforming classifier SVM SVM PCA

@ Springer
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of chance. Most authors refer to statistically significant as
p < 0.05 and statistically highly significant as p < 0.001.

Table 5 shows the result of using a ¢ test on different
values of k (the size of features vector) in Table 4. For
small k (< 50), the p value is big, meaning there is no
clear winner. As we said earlier, we prefer to avoid such
small k because of the possibility of over-fitting during the
classification. For the cases £ > 100, the results are more
clear. We note that all p values are low (see Table 5). Both
classifiers achieved their best result when & = 100. The
1-NN classifier delivered a better performance, achieving
a balanced accuracy of 93.16%, compared to 87.33% for
SVM in inferring the author’s gender. The low p value
confirms that the obtained performance for 1-NN is indeed
statistically significant when compared to SVM, with and
without PCA (this was done on cross-validation results on
both classifiers). For a larger set of features, SVM delivered
a better performance and more stable behavior than 1-NN,
but not as good as its best performance.

It is difficult to compare our results with others as there
is no work on gender identification in Arabic social media.
However, our scheme is better than the one in [7] where the
authors proposed a language-independent scheme with an
accuracy of 71%.

Conclusion

Social media is part of everyday life of a sizable Arab
population. There were two objectives of this study. First,
an in-depth individuals behavior regarding their interaction
with the social media and second, profiling the author
of a post. There are many statistics about the popularity
of individual social applications, but no in-depth study of
demographic posting pattern. Our first part of the study was
meant to cover the missing picture. Using a popular social
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media forum in Saudi Arabia, we mined for the gender-
wise activity with the site through the years 2011-2014 on
an hourly basis and repeated the same experiment with the
backdrop of user’s educational background, a first of its
kind for Arabic social media. The wealth of insight gained
allowed us to do author profiling (gender only) of a given
post. For our features representation, we used two lists both
of size k, calling it top-k. A list of k topmost occurring
words and the other list of k topmost occurring stems. Both
lists are ordered by the entries f-idf value. To test our
scheme, we trained two different classifiers, linear SVM
and 1-NN. Using different sizes for the list, we noticed that
the 1-NN classifier performance degraded significantly for
k > 500, while the SVM classifier showed a more stable
performance. We marked the best performance when k =
100, with 1-NN yielding better results than SVM, achieving
a balanced accuracy of 93.16% vs 87.33% for the SVM in
inferring the gender.

For future work, we intend to improve the author profile
to include, besides the gender, the age group, educational
background, and nationality information.
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