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ABSTRACT

Arabic is one of the most widely used languages in the world, but due in part to its
morphological and syntactic richness, resources for automated processing of Arabic are
relatively rare. Arabic takes three primary forms: Classical Arabic as seen in the Qur’an
and other classical texts; Modern Standard Arabic (MSA) as seen in newspapers, formal
documents, and other written text intended for widespread distribution; and dialectal
Arabic as used in common speech and informal communication. Social media posts are
often written in informal language and may include non-standard spellings, abbreviations,
emoticons, hashtags, and emojis. Dialectal Arabic is commonly used in social media.

Semantic classification is the task of assigning a label to a text based on its
primary semantic content. Given the increased use of dialectal Arabic on social media
platforms in recent years, there is an urgent need for semantic classification of dialectal
Arabic. Even compared to MSA there are few resources for automated processing of
dialectal Arabic. The prior work dealing with automated processing of dialectal Arabic
are limited to only one or two dialects. One of the major obstacles to doing semantic
classification of multi-dialectal Arabic is the lack of a large, multi-dialectal, tagged
corpus. To the best of our knowledge there are no automated processes for semantic
classification of multi-dialectal Arabic social media texts.

We gather a data set of more than one million tweets collected from 449 accounts
located in 12 Arabic-speaking countries. We group those tweets into 21,791 documents
by country, account, and month. We first construct a query to represent a particular
semantic concept. Then, using Latent Semantic Analysis (LSA) we rank the documents
by semantic similarity to the query. Next, we use that ranking to train a deep neural



network classifier to identify documents whose text is semantically similar to the query.
Experiments demonstrate an overall accuracy of 98.075% and a positive accuracy of
88.178% have been achieved by this approach to semantic classification of multi-
dialectal Arabic. The source code and the data set are provided on GitHub at

https://github.com/therishel/ArabLeader.
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CHAPTER I - INTRODUCTION

Arabic! is one of the world’s most widely spoken languages. Arabic ranks fifth
among both the most commonly spoken languages and most used on the internet. Over
422 million people speak Arabic around the world — over 6.6% of the global population
[1]. In spite of this popularity, machine processing resources for Arabic remain relatively
rare and are still in the early stages of development. For example, a recent article noted
that Apple’s voice assistant, Siri, barely gets by in Arabic while Amazon’s Alexa and
Microsoft’s Cortana don’t speak Arabic at all [2]. More formal research shows a similar
picture [1] [3]. As recently as 2018 Boukil et al. [1] noted, “It [Arabic] is one of the most
challenging languages in the world with its rich morphology, its complex syntax, and its
difficult semantics. This makes its analysis and automatic processing very hard and
complex.”

This dissertation only deals with written language. In general, written Arabic may
be divided into three large categories, classical Arabic as seen in the Qur’an and other
classical texts, Modern Standard Arabic (MSA) which is typically used for all formal
written communication such as newspapers, magazines, contracts, government

documents, etc., and dialectal Arabic [4]. Until relatively recently dialectal Arabic was

! Disclaimer: The author of this dissertation does not speak, read, or write Arabic.
Therefore, any Arabic presented in this dissertation is from an external source and has not
been verified, screened, or otherwise checked for accuracy or appropriateness. For this
reason, most examples used to illustrate concepts will be presented in English. Examples
of Arabic that are included are taken directly from the research.
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almost exclusively spoken. If something was written or published it was usually written
in MSA. The rise of social media and the now ubiquitous act of extremely casual writing
and publication on social media sites (e.g. Twitter, Facebook, online forums, etc.) have
generated large volumes of written dialectal Arabic. This has led to an urgent need for
automated processing of text in dialectal Arabic.

Automated processing of dialectal Arabic poses many challenges. The first is that
it is not a single language. Estimates vary, but some authors identify 22 different dialects
[5]. Most research focused on automated processing of Arabic deals exclusively with
MSA. In recent years more attention has been given to research on dialectal Arabic,
however, it remains an emerging area of research. The challenges of automated
processing of dialectal Arabic compound those of MSA. Unlike Modern Standard Arabic
(MSA), dialectal Arabic has no orthographic standard [6]. In various dialects the same
word may be written in different ways.

Most written dialectal Arabic is in the context of social media. The lack of writing
standards and the specific inclusion of non-standard communication methods (e.g.
intentional misspellings, repeated characters, hashtags, abbreviations, emoticons, and
other symbols (‘<3’, ‘/s’)) add nuance and overtones to social media posts that prove
challenging for automated systems in any language. When these challenges are layered
over the pre-existing challenges of multi-dialectal Arabic, the difficulty becomes
substantial. We will detail some of these challenges below and present our approach to
processing multi-dialectal Arabic social media posts.

Aggarwal and Zhai [7] define text classification as:



“The problem of classification is defined as follows. We have a set of training
records D = {Xu,...,Xn }, such that each record is labeled with a class value drawn
from a set of k different discrete values indexed by {1...k}. The training data is
used in order to construct a classification model, which relates the features in the
underlying record to one of the class labels. For a given test instance for which the
class is unknown, the training model is used to predict a class label for this
instance.”

As this definition makes clear, one of the requirements of text classification is a
set of training records labeled with a class value. For our task of semantic classification
of multi-dialectal Arabic social media, the lack of a well-developed training data set is a
significant challenge. In this work we develop a multi-dialectal Arabic social media data
set, tag it using a semi-automated process, and use it as a training set for a neural network
semantic classifier.

Sentiment analysis is closely related to semantic classification. Sentiment analysis
is a classification problem in which the classes are defined by the emotional tone of the
content. Typically, sentiment classification divides texts into “positive” and “negative”
classes. A common example of sentiment classification is the classification of film,
television, or product reviews into groups of those which praise the product or those
which are critical of the product. Like semantic classification, sentiment classification
relies on some ground truth that characterizes the fundamental view of the review. In
sentiment analysis this ground truth is often represented by a numeric rating system of

some kind that accompanies each review (e.g., a five star review).



One problem with semantic classification is the identification and validation of
this ground truth. There are two broad categories of approaches for automated semantic
classification. The first is the manual tagging of documents with semantic tags. The
manually tagged documents are then gathered into corpora and published for use by the
research community. The second is the use of thesauruses or lexical databases such as the
Arabic WordNet [8] [9]. As compared to other languages with a similar number of
speakers, there are not many language processing resources for Arabic [10]. The
majority of the resources that are available are for MSA. There is a substantial lack of
freely available dialectal Arabic language resources. In [11], Zaghouani highlights the
lack of easily accessible dialectal Arabic corpora. At that time (2017) he identified only
two easily accessible NLP resources for dialectal Arabic [12] [13]. This lack of resources
is a contributing factor to the relative lack of natural language processing (NLP) work
done in dialectal Arabic.

The lack of NLP resources for dialectal Arabic is exacerbated by multiple factors.
One challenge is that until relatively recently dialectal Arabic was nearly exclusively a
spoken language. In general, if something was written down in Arabic, it was written in
MSA. This includes newspapers, contracts, government documents, textbooks, etc. The
lack of readily available large collections of digital dialectal Arabic text made developing
resources for automated processing of dialectal Arabic nearly impossible. The rise of
social media over the past several years has provided both the digital text required to
develop resources as well as the motivation for effective semantic classification tools for
dialectal Arabic. A second challenge is the number, variety, inconsistency, and
geographic distribution of Arabic dialects. Estimates of the number of distinct dialects

4



range from seven to 22 [5] or more depending on how various authors group or divide
dialects. Most authors recognize that there are not clear boundaries between dialects and
that they merge, combine, and separate in various ways and for various reasons over
time. Therefore, any clear division of dialectal Arabic into distinct groups is likely to be
somewhat arbitrary. While these distinctions are widely acknowledged, it is also true that
all forms of Arabic are clearly identifiable as Arabic and are more closely related to each
other than to any other language.

Common conventions in social media posts add to the difficulty of automated
processing of dialectal Arabic. Social media posts are often very informal and thus, when
written in dialectal Arabic may not include diacritic marks or other more formal
encodings. Repetition of characters and use of other non-standard spelling is common in
social media. The use of slang titles and terms is also common. Social media posts often
use abbreviations, hashtags, emojis, and various colloquialisms to communicate
sometimes subtle nuances that may strongly affect the specific message of a post.
Examples from English include the use of the abbreviation “LOL” to indicate that a
statement should not be taken seriously; one or more of a possibly infinite number of
hashtags (e.g. #dogsofinsta), numbers to indicate opinions (e.g. “1/5 would not
recommend” or “11/10 good boi” in reference to a photo of a dog); the use of the “/s” tag
to indicate “end sarcasm”, thus suggesting that the previous text is sarcastic in nature and
should not be understood at face value; and the use of the “cup of tea” emoji to indicate
skepticism about the truth of a statement. These conventions vary widely by language,

culture, age, and sub-group and change quickly over time as trends rise and fall.



A final challenge is the actual encoding used for some characters depending on the
keyboard mapping on a particular device. Different keyboard mappings encode different
shapes of the same Arabic letter or diacritics as illustrated by the following excerpt:
“Besides, Arabic NLP applications face the challenge of encoding, which is the
representation of the language symbols in computers, especially when representing the
different shapes of the same letter or the diacritics. Unicode is the actual current standard
for encoding a large number of language symbols including Arabic, such as the Arabic
letter <) U+0643) and the Persian <!) U+06A9) using the same shape < ,which adds
confusion when the Arabic letter is written using a Persian keyboard.” [14]

We suggest that these challenges make the development and use of formal
ontologies, dictionaries, thesauruses, and grammars impractical for semantic
classification of social media posts in multi-dialectal Arabic. A variety of approaches
have been implemented in other attempts to classify this data. They include several
different varieties of stemming, character replacement, removing repeated characters,
named entity recognition and resolution, stop word removal, removal of URLS, removal
of numbers and non-text characters including emoji, removal of punctuation including
emoticons, the use of dialect-specific corpora, and partial translation or word
replacement. In addition to the current impracticality of developing and maintaining such
resources for all of the various dialects of Arabic, research suggest that these techniques
may not provide the most accurate results. In the literature review below we will present
previous work that found limited success from such approaches. One of the goals of this
work is to create a data set of multi-dialectal Arabic social media posts organized to
facilitate various levels of analysis. We also present an approach for automatically

6



tagging elements of the data set with a semantic label generated through Latent Semantic
Analysis (LSA).

The remainder of this dissertation is organized as follows. Chapter Il provides a
review of the relevant literature. Our review found no previous work attempting semantic
classification of multi-dialectal Arabic social media. Chapter 111 presents the process that
we used to build and organize our data set. We gathered over 1.2 million tweets from 449
accounts in 12 countries and organized them into 21,791 documents grouped by country,
account, and month. Chapter 1V describes LSA and our use of it to order our data set by
semantic similarity to a query document. Chapter V explains our neural network
architecture and the model we trained and tested to classify documents as semantically
related to our query. Chapter VI reviews our results. In Chapter VII we present discussion

of our work, future work, and conclusions.



CHAPTER Il - LITERATURE REVIEW

In 2015 Hmeidi et al. [15] conducted a comprehensive comparative study of
automatic Arabic text categorization in which they reviewed approximately 39
publications related to text classification. Of these 39 publications, 21 consider text
classification of Arabic (the other references are provided to demonstrate the advanced
state of the art in English). They only consider MSA and do not deal at all with dialectal
Arabic. The publication dates of the 21 papers dealing with MSA range from 1999 to
2013. In addition to reviewing work related to text classification of MSA documents, the
authors also conducted experiments to compare Arabic text classification using Naive
Bayes (NB), Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Decision
Tree (J48), and Decision Table classifiers. They concluded that using a SVM with the
Light10 stemmer produced the most accurate classification although it should be noted
that a NB classifier performed nearly as well as the SVM classifier. It is also worth
noting that stemming in general gave very modest improvements (<~1%) compared to
using the original documents and, in some cases, decreased the accuracy of the
classification. A different comparative survey of MSA text classification from 2013 [16]
also found that a SVM produced the most accurate classification of 97% on the Islamic
Topics Dataset but dropped to 61% for the Arabic Poems data set. This variance in
performance demonstrates the challenges of performing text classification on non-
standard text, even within the formally recognized structures of MSA.

Both [17] and [18] found that the use of semantic relations was superior to more
grammar-based approaches using, for example, n-grams, stemmers and part-of-speech
taggers. Yousif, Elkabani, Samawi, and Zantout found a more than 12.6% improvement

8



in the F1 measure when using semantic relations over other methods. Their approach
used semantic relations defined by Arabic WordNet [19]. Alowaidi, Saleh, and Abulnaja
also used Arabic WordNet [17]. Their position is that a fundamental weakness of word-
based approaches is that they are “semantically weak™ in that they do not consider
semantic relationships between words. In other words, if two synonymous but different
words are used in two different documents those documents would not be identified as
semantically related. They tested three different approaches. In one they added the terms
from the identified WordNet synset to the original term from the data set. In another they
replaced the original term with all of the terms from the identified synset. In the third
they used the extracted concept only without any of its associated words. In a separate
study the same authors found that classification using a List of Pertinent Words improved
accuracy of classification more than using a List of Pertinent Synsets, a Bag of Words, or
a Bag of Concepts. [20]. The biggest barrier to implementing such approaches when
classifying dialectal Arabic is that there are few if any similar resources for dialectal
Arabic. There is a WordNet for the Iraqi dialect [21] and work continues on developing
language resources for dialectal Arabic.

In related work, Khalil, Halaby, Hammad, and El Beltagy [22] found that a Bag of
Words approach was most accurate when doing sentiment analysis with MSA. They
evaluated weighting schemes, n-gram combinations, feature selection using information
gain, and simple data pre-processing steps on three different Arabic data sets using two
different Bayesian classifiers as well as an SVM. "Our experiments showed that simple

text cleaning and filtration steps like replacing links and mentions with placeholders,



removing English characters, and Arabic characters normalization do not seem to affect
the accuracy significantly.” [22]

LSA is a semi-automated procedure that identifies semantic concepts in a corpus
of documents and that may be used to score either the constituent documents or a query
document that is external to the corpus by identifying the extent to which each of the
identified semantic concepts contributes to the document being scored. In 2017, Al-Anzi
and AbuZeina [23] used cosine similarity and LSA to enhance classification of a
collection of MSA documents. They evaluated nine different classifiers and found that an
SVM gave the highest accuracy of 84.75%.

2.1 Sentiment analysis

Sentiment analysis is closely related to semantic classification. Sentiment analysis
is a classification problem in which the classes are defined by the emotional tone of the
content. Typically, sentiment classification divides texts into “positive” and “negative”
classes. A common example of sentiment classification is the classification of film,
television, or product reviews into groups of those which praise the product or those
which are critical of the product. Like semantic classification, sentiment classification
relies on some ground truth that characterizes the fundamental view of the review. In
sentiment analysis this ground truth is often represented by a numeric rating system of
some kind that accompanies each review (such as a five-star review).

Several authors have conducted studies of sentiment analysis both in MSA and in
dialectal Arabic. In 2019 AlFarasani, AlHarthi, and AlHumoud used semantic
classification of Twitter data to identify road conditions in Saudi Arabia [14]. Alowaidi,
Saleh, and Abulnaja noted that Bag of Words (BOW) approaches to sentiment analysis

10



are semantically weak [17]. They used Arabic Word Net to supplement individual words
with their associated semantic concepts and then evaluated their data using a SVM as
well as a NB classifier. They found that the inclusion of semantic concepts improved the
performance of their classifiers by 4.48% and 5.78% respectively.

Tartir and Abdul-Nabi [24] studied sentiment analysis in the Jordanian Arabic
dialect. They created an ontology of 24 words divided into positive and negative
sentiment classes. Using this ontology, they gathered and classified 1,000 tweets into
either positive, negative, or neutral classes across three topic areas. They achieved an
average precision across their topic areas of 75% and an average recall of 72%. They
found these results to be consistent with other studies that they reviewed. Their work is
representative of studies of dialectal Arabic in that the sample size is relatively small,
they created their own hand-scored data set for ground truth comparison, they used a
classification tool which is small and specific to their work, and their study is limited to a
single dialect.

2.2 Neural Network Semantic Classification

In 2010 Harrag and Al-Qawasmah [25] used a neural network to classify a
collection of 453 Arabic documents arranged in 14 categories. Their data set of 5743
words was taken from a corpus of prophetic traditions or Hadiths’ collected from the
Prophetic encyclopedia (Alkotob Altissaa, “The Nine Book™). They chose that data in
part because in its original form it was organized into the 14 categories, thus providing
them with a ground truth to test against. After preprocessing including stop word removal
and light stemming, they had 1065 unique tokens. They used Term Frequency-Inverse
Document Frequency (TF-IDF) term weighting and Singular VValue Decomposition

11



(SVD) to reduce the size and dimensionality of the data before building a forward-feed
neural network model and training it on one half of their data set. The maximum number
of training documents that they had for any single category was 34. Their best results
were F1 scores of 49% for a neural network trained on un-reduced vectors (1065 terms)
and 53% for a network trained on vectors produced by SVD (530 dimensions). In related
work, Harrag, EI-Qawasmah, and Al-Salman evaluated various types of stemming as a
feature reduction technique to preprocess Arabic text for classification by a neural
network [26]. They found that the use of a light stemmer gave improved results with a
neural network classifier.

In more recent work, Boukil et al. used a convolutional neural network (CNN) to
classify a collection of MSA documents [1]. They found that, depending on the size of
the data set, the accuracy of their CNN varied from 86.3% on a data set of 27,932
documents, to 92.94% on a data set of 111,728 documents. Elnagar, Al-Debsi, and Einea
compared several deep learning models for both single-label and multi-label text
classification of MSA text gathered from three popular Arabic news websites [27]. Most
of their data was tagged by the sources. They supplemented the tags where necessary,
performed some mild data cleaning to remove Latin characters and punctuation marks,
and created two data sets; one in which each article is tagged with only a single label to
be used for single topic categorization and a second in which the articles are tagged with
multiple labels to be used for multi-label text categorization. They achieved their best
accuracy of 96.94% for single-label categorization with attention-GRU and 88.68% for

multi-label categorization.
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2.3 Dialectal Arabic Processing

In a 2015 survey of NLP work with dialectal Arabic, Shoufan and Al-Ameri
reviewed 91 publications published between 2000 and 2015. They organize their findings
into four categories of research. Those categories are basic language analyses, building
language resources, semantic-level analysis and synthesis, and identifying Arabic
dialects. Of these four categories, the third, semantic-level analysis and synthesis, most
closely relates to the current work. The authors identified a total of 25 articles within the
category of semantic-level analysis and synthesis. Of that total, they categorized 15 as
related to machine translation and ten as “others”. Since our work does not involve
machine translation, we did not review the machine translation papers. Of the ten
“others”, four deal with sentiment analysis ( [28], [10], [29], [3]) rather than semantic
analysis. An additional three articles focus on named entity recognition in dialectal
Arabic ( [30], [31], [32]). The remaining three articles deal with mining slang comments
[33], summarization of twitter data [34], and information retrieval in dialectal Arabic
[35]. In reviewing 91 articles published over a fifteen year span the authors did not
identify a single article that is directly related to semantic classification of dialectal
Arabic. The work that most closely parallels semantic classification is summarization,
however, in summarization the topic is derived from the content of the text(s) rather than
being provided externally. Our literature review also found no research using a neural

network to do semantic classification of social media posts in multi-dialectal Arabic.
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CHAPTER Il - BUILDING THE DATA SET

Our first step was to build a data set named Arab Leaders' Tweets (ALT) data set.
As noted in the literature review there is a lack of automated language processing
resources for Arabic in general and dialectal Arabic more specifically. Furthermore, the
majority of the data sets we reviewed for dialectal Arabic cover only a single dialect. We
did identify one resource that includes two dialects . We construct a data set of more than
one million social media posts from 14 Arabic-speaking countries. The data set is
organized by country, individual, and month to allow for various levels of analysis. ALT
is created via the following process.
3.1 Candidate Twitter account selection

We conducted an extensive search of Twitter accounts from various Arab
speaking countries and their social media presence. We created a dedicated Twitter
account specifically for use in this research. We identified 449 individual Twitter
accounts from 12 countries (Bahrain, Egypt, Irag, Kuwait, Lebanon, Libya, Oman, Qatar,
Saudi Arabia, Syria, UAE, and Yemen). These individuals were identified as political,
social, or religious leaders and have the most significant Twitter following from these
countries with the number of followers ranging from the tens of thousands to millions.
They have a significant reach to large numbers of people through their social media
presence. The selected countries have some of the largest Arab speaking populations,
over a wide range of dialects for the analysis, as well as divergent socio-political

conditions.
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3.2 Tweet selection and downloading

We used the Tweepy Python library [36] to download the most recent 3,240
tweets for each identified Twitter account. The algorithm we developed harvests the most
recent tweet first and works backward chronologically until 3,240 tweets have been
downloaded or there are no more available tweets, whichever comes first. Due to
variations in the frequency of tweets the time frame covered by this approach varies from
account to account. Some accounts did not have 3,240 tweets. In those cases, we
downloaded all of the tweets for that account.
3.3 Tweet organization and processing

The total number of tweets in the database is more than 1.1 million. We produced
Unicode files organized by country, then by author, then by month. This allows further
analysis with NLP tools at the individual or country level, and over time. We define a
document as a UTF-8 encoded text file containing the text of all of the tweets of a given
user during a specific month. Using UTF-8 encoding allowed us to preserve the tweets in
the original language of the user including URLSs, emojis that have UTF-8 encodings, and
all other symbols encoded with UTF-8 Unicode. Saving the tweets into files, as opposed
to harvesting and analyzing tweets in real time, allows us to build an archive of tweets
over time that may prove useful to analyze longer term patterns of social media activity
within or among the twitter users in our data set. We then iterate over the parent folder
containing all of the tweets, read each file into a single string, and construct a Python list
where each element of the list is a document. We then construct a Python dictionary from

the remaining text and build our corpus using this dictionary.
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Grouping the tweets by month offers a solution to the general sparseness of social
media data (most Twitter users do not post every day), as well as the short statement
problem when working with automated textual analysis [37]. The data allows us to track
subtle changes in expression over an extended period of time.

Considering multiple tweets within a given month as a single document allows us
to both consider the activity as a time series and to minimize the impact of one of the
challenges of NLP with Twitter data, the short length of individual tweets. This approach
provides a counterbalance to smooth the distribution of tweet frequency between those
users who tweet very often and those who tweet less often. If we consider individual
tweets as documents, then those users who post very frequently take on a proportionally
greater weight in the document library. Since we aggregate tweets by month the
frequency of tweets converts into greater document length. Our data set contains an
average of 96,144.5 tweets per month from all accounts. The maximum number of tweets
that we recorded for any one month was 134,006 while the minimum recorded for any

one month was 70,615. Our current data set consists of 21,791 documents.
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CHAPTER IV - LATENT SEMANTIC ANALYSIS

After collecting tweets and organizing them into files as described above, our next
task was to perform LSA to organize the data set by semantic vectors. First, we removed
the stop words. Then we created a term by document matrix populated with the TF-IDF
weighted values of each remaining term. We decomposed that matrix using singular
value decomposition to create a hyperdimensional vector space containing the semantic
vectors representing a selected number of concepts. Next, we created a query of terms
related to terrorism, converted the query into a semantic vector, and compared it to the
documents in the newly created semantic space, ranking the original document vectors by
decreasing cosine similarity to the query vector. The result was a sorted list of document
IDs ranked by sematic similarity to the query that we had constructed. We have provided
the list of terms that we used as the query document in Appendix B.

This ranking provides a weak semantic ordering that does not rely on manual
tagging of the data set or on specific terms. It does consider semantic content and the
semantic relationships among various terms within the documents without requiring the
use of an ontology, thesaurus, dictionary, or wordnet. Furthermore, it is updateable with
relative ease, so may be maintained to remain current with social media terms, slang,
abbreviations, emoticons, etc. We used the Gensim library [38] to implement LSA in
Python. The remainder of this chapter will detail each step in this process.

4.1 Removing stop words and applying TF-IDF
To increase the accuracy of our semantic analysis, we use a two-stage process to

decrease the influence of frequently occurring words. The first stage is the standard
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approach of removing stop words. The second is adjusting the weight of the remaining
terms using TF-IDF.

Stop words are words that occur with great frequency in a language. Such words
do not contribute to the information encoded in a text and are generally not useful for
classification or discrimination among texts. Our focus is on identifying activity within a
narrow range of topics, thus removing stop words is necessary to improve the accuracy of
the algorithm through greater topic discrimination. We downloaded a list of Arabic stop
words for this purpose. After reading the files into our data structure the first step in
processing our data is the removal of any words on the list of stop words. Our stop word
list is in MSA and therefore may miss many dialectal words that would be included as
stop words if we had access to such a list in all dialects. We have provided the list of
Arabic stop words that we used in Appendix A.

Due to variations in vocabulary, spelling, character encoding, and formality
across dialectal Arabic social media posts, removing stop words alone is not an effective
approach when working with social media posts in dialectal Arabic. The removal of stop
words using a list does not address possible alternate spellings or encodings of words
across dialects of Arabic. Arabic includes the use of diacritic marks that alter the meaning
of the words to which they are applied. Native speakers often omit the diacritic marks
when typing text in social media posts. Thus, the same word may be encoded differently,
with and without the diacritic marks, in social media. The inclusion or exclusion of
diacritics would change the UTF-8 encoding even though the meaning of the post would
not change. The informal encoding may prevent very common words from being
identified for removal by our stop word list. The same word may be written in different
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ways in different Arabic dialects. This further complicates the use of a list of stop words.
Another practice that decreases the effectiveness of stop word removal is the use of
various keyboards for writing Arabic. Furthermore, social media posts often use
abbreviations, repeated letters, and other non-standard spellings that make a stop word
list less effective.

The second stage in our term weighting management process is using Term
Frequency-Inverse Document Frequency (TF-IDF) weighting to reduce the influence of
terms that occur frequently within the corpus. TF-IDF was first proposed by Salton and
Buckley in 1989 [39]. TF-IDF is based on the idea that documents are represented by

term vectors of the form

D = (ti,tj,...,tp)

where each t;, represents a term from some document D.

Common measures of the effectiveness of an information retrieval approach are
recall and precision. Recall is the ratio of the number of relevant items retrieved to the
total number of relevant items in the corpus. Precision is the ratio of the number of
relevant retrieved items to the total number of retrieved items. Recall is generally
calculated by

tp
tp+ fn

recall =

where tp represents the true positive items and fn represents the false negative items.
Precision is generally calculated by

tp
tp+ fp

precision =
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where tp represents the number of true positive items and fp represents the number of
false positives [40].

The conflicting requirements of recall and precision necessitate the use of a
composite term weighting value that includes both recall and precision. This composite
should take into account three factors:

1) Frequently occurring terms increase recall, so a weighted measure of term

frequency (TF) should have a place. TF is generally calculated as:

number of times a word occurs in a text

t =

total number of words in the text

2) Term frequency alone is not sufficient. Especially if the terms are distributed
evenly across the entire corpus rather than concentrated in a few documents,
they cause many documents to be retrieved, thus decreasing precision. Inverse
document frequency (IDF) compensates for this tendency. IDF is generally
calculated as:

IDF. = 1 ( total number of documents in C )
e = 108 number of documents containing t

where C is a collection of documents (a corpus) and t is a term that occurs in

C.

3) Our goal is to identify terms that discriminate among documents within a
corpus. The terms that discriminate the best occur frequently in selected
documents, but infrequently across the corpus.
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Thus we use TF-IDF, which is simply the product of TF, * IDF,, which balances
precision and recall and more heavily weights those terms with the most power to
discriminate among documents within a corpus.

One effect of the use of TF-IDF with social media posts that have not been
heavily pre-processed is the reduction in weight of terms that are unique or nearly unique
while preserving the weight of those that are used by convention, even if that convention
is undocumented or has recently emerged. For example, if a document contained an
intentional misspelling (e.g. haaaappppy) that is relatively unique, that term would have a
very low term frequency and would thus generate a low TF-IDF value. The low value of
that specific string would not affect the value of either the same word spelled correctly, or
a term that is non-standard, but not misspelled (e.g. covfefe).

This also applies to the use of emojis. Emojis have become somewhat
standardized to those symbols that have corresponding Unicode values. Thus, if a given

emoji is consistently associated with documents in particular semantic context (e.g. €&

associated with soccer or football), but does not occur equally frequently in other
documents across the corpus, that character would generate a high TF-IDF value and

could be used as a discriminating term for semantic classification. Conversely, an emoji
that occurs with approximately equal frequency across semantic groupings (e.9. @)

would generate a low TF_IDF value and would be less heavily weighted as a
discriminator.

A potential weakness of this approach when dealing with multi-dialectal Arabic is
the possibility that a term that is unique to a particular dialect may not occur frequently

enough to contribute its true value to the semantic classification. This is more likely to be
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the case if the number of words in each dialect is not balanced across the corpus (i.e., if
the corpus contains 25,000 words in the Egyptian dialect and only 1,000 words in the
Tunisian dialect, terms that are distinct to the Tunisian dialect but which do not occur in
the majority of the Tunisian documents may not be weighted heavily enough to be
considered as a discriminator). One possible remedy for this is the inclusion of a
weighting factor based on the portion of the corpus represented by each dialect. This
approach assumes that the various dialects can be accurately identified during processing.
4.2 Latent Semantic Analysis as ground truth

One of the fundamental challenges of semantic classification of multi-dialectal
Avrabic is the lack of a data set representing the ground truth against which to test the
classification. This has been noted by many authors. The problem is compounded by the
fact that the majority of written dialectal Arabic is on social media and is thus very
informal language including abbreviations, emoticons, emoji, slang terms, hashtags, and
various other atypical language constructs. Furthermore, given the rapid pace of change
in social media trends, terms, symbols, and topics, it is likely impossible to create a
comprehensive and current dictionary or thesaurus of terms used on social media. Two
examples from English that illustrate this are the rapid spread and subsequent decline of
the term “covfefe” in June 2017 and the similar spread of the hashtag #metoo in October
2017 and following months. Most common approaches to the noisy data of multi-
dialectal social media text are stemming to reduce words to their root meanings, removal
of hashtags, removal of URLSs, removal of emojis, removal or replacement of emoticons,
removal of repeated characters, and removal of all punctuation which would include

semantically significant symbols such as ““/s” to indicate sarcasm. In less complex
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languages such as English these approaches have been shown to increase the accuracy of
text classification. They have not been as effective in Arabic. In 2015 Khalil, Halaby,
Hammad, and El Beltagy [22] found that techniques including replacing URLs and
mentions, removing English, and normalizing Arabic (i.e., stemming, repeated character
replacement, standardizing spellings) did not significantly improve the accuracy of their
classification. Furthermore, more widely studied languages have large, well-developed
corpora representing a gold standard against which to compare results. There is no such
corpus for multi-dialectal Arabic.

Our approach to this problem is to use Latent Semantic Analysis to score a set of
documents by similarity to a query document. If the query document is constructed to
represent a sematic class, then the similarity scores may be used to rank the documents by
similarity to a semantic topic. That ranking can then be used as a ground truth to train a
neural network classifier to identify social media documents related to the chosen
semantic topic. This approach has been tried by others with success in MSA [25]. Harrag
and Al Qawasmah used SVD as a feature reduction technique before classification of a
5,743-word corpus into 14 categories. Their average F1 score when using SVD was
between 22% and 53% (averaged across the various dimensionalities of their
experiments).

In this dissertation we view NLP as a mapping between the written textual
representation of a language and its associated semantic meaning. Latent Semantic
Analysis takes advantage of the mapping between terms and semantic content across a
library of documents to identify ideas or concepts expressed within said library. Since the
technique (described below) does not rely on a 1:1 identification of semantic content with
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terms, it allows a more flexible and accurate semantic matching than term-matching
queries. Furthermore, it does not rely on dictionaries, ontologies, thesauruses, WordNets,
or other such pre-formulated language resources except for a single query document used
to establish the semantic context and rank the semantic document vectors generated by
SVD.

Latent Semantic Analysis constructs a term-by-document matrix for the library to
be analyzed. A weighting factor equalizes term frequencies across documents. The result
is a large, sparse matrix X which is populated with the weighted frequency of terms
within documents. This matrix is decomposed into the product of three other matrices:

X = T,S,D,' such that T, and D, have orthonormal columns and S, is diagonal. This is
the singular value decomposition of X. Each of the component matrices is of full rank.
The singular values in S, are ordered by size from largest to smallest. The largest k
values are kept, and the remainders are set to zero. The new matrix, Xhihat, is
approximately equal to X and is of rank k. We remove the zeroed-out rows and columns
of S, as well as the corresponding columns of T, and D, . The results of this operation are
two new matrices, T and S such that X ~ Xhihat = TSD'. This model gives us the k-
most frequently occurring topics from the original library. These topics are semantic
ideas represented by one or more terms in the original library.

The terms occur with approximately equal frequency in the documents from
which they were drawn. The singular value groups them because of their frequency co-
occurrence. Their similar frequency also provides the rationale for their semantic
similarity. The underlying assumption is that if a set of terms occurs together with a

similar relative frequency across a set of documents, then those terms are somehow
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related not only to the containing documents, but also to each other. Further, they are
assumed to represent a related idea or set of ideas.
4.2.1 Term Document Matrix

A term/document matrix is a matrix composed of columns of documents and rows
of the terms that occur in each of the documents. Table 1 is the term/document matrix
generated as a result of the following three—document set (These short examples are for
illustrative purposes only). The numerical cell values are scaled frequencies of words

within documents. The last row is the sum of the scaled frequencies. Scaling normalizes

. . . t
term frequencies across document lengths and is found by the equation % where
d

count is the count of the occurrences of a term within a document and lengthyg is the total
length of the document. Preprocessing of these three documents included removing the
punctuation. (We did not remove the “stop words” because of the length of the

examples.)
Document 1: After the first day I felt a spring in my step.

Document 2: The first day of Spring was a beautiful day.

Document 3: When she first comes in, spring up and shout, “Surprise!”
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Table 4.1 The term document matrix generated from three example sentences.

— N o

I= I= I=

(¢B] (¢B] [<B}

= = e

>3 >3 >

3 3 3

e e a
T1 | After 009 |0 0
T2 | The 009 |011 |0

T3 | First 0.09 |0.11 |01
T4 | Day 009 |022 |0
T5 || 0.09 |0 0
T6 | Felt 009 |0 0
T7 | A 009 |011 |0

T8 | Spring 0.09 |0.11 |01

T9 |In 009 |0 0.1
T10 | My 0.09 |0 0
T11 | Step 0.09 |0 0
T12 | Of 0 011 |0
T13 | Was 0 011 |0
T14 | beautiful | 0 011 |0

T15 | When 0 0 0.1

T16 | She 0 0 0.1

T17 | Comes 0 0 0.1

T18 | Up 0 0 0.1

T19 | And 0 0 0.1

T20 | Shout 0 0 0.1

T21 | surprise |0 0 0.1
099 1099 |1
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Words that are very common, known as “stop words,” are usually excluded from
the matrix. The value in each cell of the matrix is the scaled frequency of the term in the
document. To reduce the cost of query comparisons, the singular value decomposition is
truncated after an a priori limited number of matrix entries (300 in the current work).
From this truncated matrix, we extract the most significant 300 orthogonal factors. The
original matrix can be approximated by linear combination of these factors. [41].

After this reduction, a vector of factor weights represents each document. The
number of items in each vector equals the number of factors into which the original
matrix was decomposed (300 in the above-mentioned discussion). Queries are
represented in a manner similar to documents. Query vectors are built from the scaled

combination of the terms within the query.

Table 4.2 Some examples of common “stop words” in English.

the Or with At that

be As by For and

from under such There of

other whether also Than which

now where these When we

an To but Upon then

If Is it Can this

Another example from Ecclesiastes 3:1-8 (Holy Bible New International Version,
1988, p. 592);

There is a time for everything, and a season for every activity under heaven:
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a time to be born and a time to die,

a time to plant and a time to uproot,

a time to kill and a time to heal,

a time to tear down and a time to build,

a time to weep and a time to laugh,

a time to mourn and a time to dance,

a time to scatter stones and a time to gather them,

a time to embrace and a time to refrain,

a time to search and a time to give up,

a time to keep and a time to throw away,

a time to tear and a time to mend,

a time to be silent and a time to speak,

a time to love and a time to hate,

a time for war and a time for peace.

Table 4.3 Tabulated word frequencies.

30 A

29 Time

26 To

15 And

4 For

2 be, tear

1 season, every, activity, under, heaven, there, everything, born, die, plant,

uproot, kill, heal, is, down, build, weep, laugh, mourn, dance, scatter, stones,
gather, them, embrace, refrain, search, give, up, keep, throw, away, mend,
silent, speak, love, hate, war, peace
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After the word frequency count (Table 4.3) is performed and placed into a vector,
all documents are aggregated into a matrix. The matrix is decomposed into its singular
values. The result is a grouping of frequently used words from each document. For
example, in the text above, the three words, “a,” “time,” and “for,” might form one group
{a, time, for) and would match other documents that repeated that phrase frequently.
Suppose you had three documents that have been analyzed as above and their matrix
values reduced to three groups of words with the following weights:

D1:[.2.6.2]

D2:[.10.9]

D3: [.3.3 4]

and your query produced the following match on those same three groups of words,
Q:[.1.1.8].

then the relative rankings of the documents against the query would produce

D1: .24

D2: .73

D3: .38

so that the system would return the rankings: D2, D3, D1. We would then consider D2 as
the most likely match or context for our query.

4.3 Singular Value Decomposition

LSA begins with a large, sparse, term—by—document matrix containing scaled
word frequencies computed from a document library. (See Table 4.1 for a brief example.)
SVD is performed on this matrix to generate a set of orthogonal factors from which the
original matrix can be approximated by linear combination.
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Each of these orthogonal factors represents a dimension of similarity among the
terms and documents of the original library. Thus, it is possible to construct a vector of
factor weights to approximately represent a document from the library. Furthermore, a
vector may be constructed to represent any subset of the terms that were included in the
original library. In constructing the vector, the factors are scaled appropriately to
accurately represent the terms of the document or query.

4.4 Building a query

The ideal query is a naturally occurring text that is similar to the data set but
contains a known semantic content. Since we do not read, write, or speak Arabic we
resorted to a list of terms translated from English into Arabic by Google Translate to
formulate our queries. Using this technique we constructed queries related to terrorism,
religion, and soccer. We chose terrorism as an obvious topic of interest, religion as a
politically, culturally, and socially important topic, and soccer as a more neutral control.
The query documents for each of these topics are in Appendix B.

To find documents similar to a query, a vector is constructed from the terms of the
query and compared to the vectors of all documents in the library. The documents whose
vectors most closely match the query vector are returned as possible matches. Note that
the match is not based on the query and documents containing the same terms but rather
on the query and documents containing similar weighting factors. We consider each
principal component vector as an abstraction of a concept or idea that is represented in
the original document library. Hence, a document’s vector represents a combination of
one or more of these concepts (i.e., a semantic entity). The similarity of the vectors is
evaluated by cosine similarity. LSA provides a method to order the documents in a
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corpus without direct text matching by comparing the similarity of the semantic ideas

represented by the documents to the semantic content of a query document.
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CHAPTER V - NEURAL NETWORK TRAINING AND TESTING

After using LSA to score our data set on similarity to a query document, we
trained a deep neural network to classify the documents into one of two classes of
“positive” (meaning semantically related to terrorism) or “negative” (meaning unrelated
to terrorism). Our inputs consisted of documents from the previously constructed data set.
We selected documents to classify as “positive” or “negative” based on a calculated
threshold separating the complete data set into two subsets. We used Otsu’s method to
calculate the threshold. We performed a series of experiments varying the number of
features from 30 to 500, varying the number of training epochs from 200 to 4,000, and
conducted trials with and without a step-based learning rate decay algorithm.

5.1 Finding a threshold

The first step in our classification process was to divide the data set into
“positive” and “negative” subsets. In this context “positive” means more closely related
to the chosen semantic category, in our case, terrorism. “Negative” means less closely
related. For our early experiments we simply chose the top-ranked 1,000 documents to be
the positive set and chose 1,000 documents with ranks from 3,000 to 4,000 to be the
negative set. That simple approach has two advantages. It creates two sets that are more
likely to be of similar sizes and it guarantees that there will be some distance between the
two sets.

Our next approach was to divide the data set using a threshold, T. All documents
with rankings above the threshold were labeled as positive and all documents with
rankings below the threshold were labeled as negative.

If f(x,y) > T then label(x,y) = "negative” else label(x, y) ="positive"
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In an effort to make our threshold selection more rigorous and supported by
research we implemented Otsu’s thresholding [42]. Otsu’s thresholding method was
published in 1979 and was developed as a technique to binarize a gray scale image into
foreground and background components. To implement Otsu’s method, we first created a
histogram of our values. Since Otsu’s method was developed for gray scale image
processing, the most common number of bins for the histogram is 256, which is what we
used as well. Otsu’s method divides the data set in two such that the distance between the
means of the two subsets is maximized.

We arbitrarily choose a number of bins, L, and create a normalized histogram of
our cosine similarities (i.e., for each bin i, P(i) is the normalized frequency of the set of
cosine similarities in i). Assuming that we have set the threshold at T, the normalized

fraction of documents that will be labeled as negative will be:

bin(T)

GnegM = ) P(D)

The normalized fraction of documents that will be labeled as positive will be:

L

qpos(T) = z P(i)
bin(T)+1

Since we have constructed a probability distribution

Qneg(T) + ons(T) =1

The mean cosine similarity of the negative subset will be:

bin(T)

1 . .
Uneg = drea (D) ; c(i) * P(i)
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The mean cosine similarity of the positive subset will be:

L

1
Hpos = 77~
pos Qpos (T) ,

i=bin(T)+1

c(i) * P(i)

The variance of the negative subset will be:

bin(T)
1 2
O-r%e (T) = (C(i) — HUne ) P(i)
g Qneg(T) ; g

The variance of the positive subset will be:

(c(i) = tyos) P(Q)

%os (1) =1

i=bin(T)+ 1

The variance of the entire data set will be:
L
0? = ) () - W*PQ)

i=1
The variance can be written:
02 = Gneg(T)0Zeg (T) + Gpos(TI0Z05(T) + Aneg (T (Hneg (T) = 1) + Gpos(T) (Hpos(T) — 1)

= oy (T) + a4 (T)

Where a2 (T) is defined to be the within-class variance and o3 (T) is defined to be the
between-class variance. Since the total variance does not depend on 7', the 7minimizing
a5, (T) will be the 7 maximizing a3 (T).
We can re-write o3 (T) as follows:

[1(T) — uqs(T)]?
q8(T)qpos(T)

o3(T) =

Where
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bin(T)

uI = Y @ *P()

i=1

To accomplish this, we iterate through the histogram calculating the variance of
each subset assuming the set is divided at the average of the values in the current bin of
the histogram. We continue to iterate over the bins of the histogram selecting as our
threshold the average of the values in the bin that maximizes the between-class variance
and minimizes the within-class variance. For our experiments we used the MatLab
implementation of Otsu’s method to select a threshold. Figure 5.1 shows the histogram of
cosine similarities generated by the LSA process described above and the selected

threshold.

Frequency Histogram of Cosine Similarities
350

Threshold = 0.3608
300
250
200

150

100

b
2
=]

Figure 5.1 Histogram of cosine similarities to terrorism query document

Figure 5.1 shows the 256-bin histogram of the cosine similarities of the Twitter documents to the terrorism query document. We used

the MatLab implementation of Otsu’s method to calculate the displayed threshold of 0.3608.

35



Otsu’s method is well-accepted and widely used in image processing to establish
a threshold for binarizing grayscale images. However, analysis has shown that it works
best when the histogram of the image is a bimodal distribution [43]. Our distribution is
monomodal with a long right tail. Given this distribution a concern is whether Otsu’s
method finds the optimal threshold for this purpose. We noted that this threshold divides
the data set into segments of 96.22% negative and 3.78% positive. These values seem
intuitively correct as it is likely that only a small minority of tweets express ideas related
to terrorism. While the threshold may be intuitively correct, the division of the data set in
this skewed manner is not optimal for processing. Multiple trials with the full data set did
not yield satisfactory results. To balance the sizes of the two document classes more
closely we limited the size of the negative class to the same number of documents
contained in the positive class. We chose the set of documents with the lowest similarity
scores for the negative class. This provided multiple benefits. First, it more closely
balanced the sizes of the positive and negative classes. It should be noted that even after
this balancing, the positive class (108,061) was still substantially larger than the negative
class (22,621). We speculate that this was due to greater frequency and length of tweets
in the positive class. The second benefit was decreasing the size of the training and test
sets. The smaller size made processing much faster. The third benefit of splitting the
classes this was increasing the semantic distance between the two classes. The accuracy
of the classifier improved with the use of the more diverse data set.
5.2 Neural network architecture and training trials

Avrtificial neural networks have been used for a wide variety of classification
problems across many domains of knowledge. The general structure of a deep learning
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neural network is as a series of layers where each layer is made up of a set of nodes. The
first layer is the input layer and receives the input. The last layer is the output layer which
provides the final result. The layers in between are called hidden layers. Each node in a
hidden layer holds a value or set of values determined by the value of the nodes in the
previous layer of the network modified by a weight and bias that relates the two nodes. In
the case of the input nodes, which have no previous node, the values are simply the input
values. All nodes in a hidden or output layer receive input from all nodes in the previous
layer, calculate their value by summing the weighted inputs and applying the bias, apply

the activation function, and pass that value on to the nodes in the next layer.

Figure 5.2 Diagram of our neural network architecture

Deep learning neural network architecture with 50 input nodes, seven hidden layers, and two output nodes.

Training a neural network consists of evaluating the error after each forward pass

through the network and then propagating the error back through the network and
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adjusting the parameters of each node to decrease the error on subsequent passes. Each
cycle of forward and backward passes is called an epoch. After a feed forward pass
through the network the predicted value of each element in the training data set is
compared to the known “true” value. The difference between the predicted values and the
known “true” values are the error or loss. Various formulae have been used to calculate
the loss. We used Mean Squared Error (MSE) to calculate the loss. We calculate the MSE

as follows:

~

v — 9)?

-

1
L(y,y) = N

i=0
Where y is the true value and ¥ is the predicted value.

The loss values are then used to adjust the weights at each layer back through the
network. This process is known as back-propagation and is one part of what makes the
network a learning network. Back-propagation works by calculating the gradient of the
loss function with respect to the parameters of the network [44]. A separate algorithm is
used to adjust the values of the parameters to decrease the loss. We used the stochastic
gradient descent algorithm.

Many different functions have been used to configure artificial neural networks.
We used the linear function between the nodes of each hidden layer and the ReLu
function as the activation function for each node. The ReLu function is simply max(z, 0)

or.

k= {5 520}

We varied the number of hidden layers in different trials depending on the number of

features being used. Our general rule was to approximate a 2/3 reduction in the number of
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nodes at each successive layer until we reached two output nodes. Table 5.1 shows the
number and size of hidden layers that we used for various numbers of input features.

We constructed our network as a binary classification network, so our final output
layer consisted of two nodes, one for positive and one for negative. We note that a
different approach to accomplishing the same goal is to use a structure that delivers a
continuous value to a single output node rather than a discrete value to two nodes. Such a
value can then be evaluated to determine the class of the item. We reviewed such an

approach but chose the two-node output model.

Table 5.1 Number and size of hidden layers

Number of features | Size of each hidden layer

30 20,12,8,5,3

50 33,22,15,10,7,5,3

100 66, 40, 27,18,12,8,6,4

250 150, 90, 54, 32,19, 11,6, 4

500 350, 250, 167, 115, 90, 60, 40, 27,18, 12,8,6, 3
1,000 700, 500, 350, 125, 90, 60, 40, 13,9, 6,4

2,500 1000, 500, 243, 81, 27,9

5,000 4000, 3000, 2000, 1000, 500, 243, 81, 27,9

We recognize that not all of the entries in this table conform to the decrease to 0.66 rule mentioned in the text. As we progressed in

training, we adjusted the ratio. Our final trials used the architectures with the 0.66 rule.

In our network the input values are constructed as vectors such that the number of
elements in each input vector is equal to the number of terms selected from the data set
with the following limitations. We first limited the terms to those with a document
frequency of 85% or less. In other words, we excluded any term that occurs in more than
85% of documents. The rationale for this exclusion is the assumption that a term that
occurs in more than 85% of documents does not contribute to discriminating among the
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classes of documents. This is a mathematical approach that simulates the removal of stop
words as described in Chapter V. The 85% value is a configurable parameter. We also
experimented with a 70% document frequency but did not see any change in accuracy.
We then calculate the TF-IDF score for each term. The input vectors are the TF-IDF
scores of each term.

One of the parameters that we adjusted on various trials of our network was the
number of features selected. Feature selection consisted of selecting the terms with the
highest TF-IDF scores. On various trials we used a minimum of 30 features up to a
maximum of 5,000 features. The greatest accuracy was obtained with 50 features. Using
a greater number of features did not improve the accuracy of the classification.

Another parameter that we experimented with was the number of training epochs.
We tried epoch numbers from as low as 40 to as high as 10,000. The execution time
required for high numbers of epochs combined with high numbers of features limited
trials of those combinations. One trial of 5,000 features and 4,000 epochs took
approximately six hours to complete execution. We did not systematically try all
combinations of parameters.

In addition to experimenting with various combinations of numbers of features
and numbers of epochs, after trying several configurations we implemented a learning
rate decay factor to control the speed at which the network adjusted the weights between
the nodes of the hidden layers as training progressed. Pytorch offers several different
approaches for learning rate decay. We implemented a step-based decay algorithm that

takes a step_size and a decay rate, gamma, as its parameters. The Pytorch implementation
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decays the learning rate of each parameter group by gamma every step_size epochs. We

set our initial learning rate at 0.0001. After experimenting with various learning rate

decay and step_size values, we found that with a step_size determined by nmber:{ epochs

a gamma of 0.85 consistently produced a desirable learning curve. See Figure 5.3 for
examples of learning curves before implementing learning rate decay and Figure 5.4 for

examples of learning curves after implementing learning rate decay.

Loss curve for 500 training epochs Loss curve for 500 training epochs
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Figure 5.4 Loss curves with learning rate decay
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We calculated two different measures of accuracy: total accuracy and positive
accuracy. Total accuracy or overall accuracy is the number of correctly classified items as

a percentage of the total number of items classified.

-~

accuracyiotar = (%) * 100

where y is the total number of items and ¥ is the number of items classified correctly.
Positive accuracy is the number of items predicted to be positive divided by the number
of actual positive items.

.

accuracyiotar = (%) * 100

where p is the number of positive items and p is the number of items classified as
positive. To implement our neural network, we used the Pytorch library [45] running on
top of Numpy [46] and SciPy [47] in a Python implementation on Visual Studio

Community 2019.
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CHAPTER VI - RESULTS

The results of the work covered in this dissertation take three forms. First is the
data set itself. Second are the results of the LSA classification. Third are the results of the
neural network classification. We will cover each result in the sections below.

6.1 Multi-dialectal Arabic social media data set

We developed a script using Python and the Tweepy library to collect a data set of
over 1.2 million tweets ranging in date from April of 2009 to February of 2021. The
tweets are organized into documents by country, then by user, then by month. We define
a document as the collection of tweets issued by one user during one month. At the time
of this writing we had 21,791 documents in our database with a total file size of
approximately 214 megabytes.

We selected Twitter accounts from 12 Arabic-speaking countries (Bahrain, Egypt,
Irag, Kuwait, Lebanon, Libya, Oman, Qatar, Saudi Arabia, Syria, UAE, and Yemen). Our
goal in selecting accounts was to identify those accounts that are most likely to influence
and reflect socio-political opinions within their country of origin and throughout the
region. As such, our primary criterion for selecting accounts was number of followers.
All of the accounts in our database have a minimum of 10,000 followers. Some accounts
have followers numbering in the millions.

We did not attempt to limit our collection to any specific language. Indeed, a
significant portion of the data set contains tweets either completely or partially in
English. We also did not attempt dialect identification on the data set, so do not know
what percentage of the tweets are in dialectal Arabic vs. MSA or which dialects, if any,
are present, missing, or more prominent. The partial review of our documents by a native
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Arabic speaker revealed that many documents combine MSA and dialectal Arabic. Given
the informal nature of social media posts in general, this is not surprising and supports
our approach of not screening or excessively cleaning our data set to ensure that it
contains only one dialect or language. Our review of the literature revealed that there are
very few resources available for NLP research on multi-dialectal Arabic. The resources
that are available are primarily limited to one or two dialects and are generally small by
modern corpora standards. Our data set is a significant contribution to the NLP resources
for research in multi-dialectal Arabic and analysis of language, opinions, and social
media trends in the region.
6.2 LSA scoring of documents

We used the Gensim library [38] and Python to execute LSA on our library of
21,791 documents. Cosine similarities to our query document ranged from a maximum of
0.6435 to a minimum of -0.1034. Applying Otsu’s method [42] to a 256-bin histogram of
the cosine similarities yielded a threshold of 0.3608. This threshold divides the data set
into a “positive” set of 788 documents (3.62%) and a “negative” set of 21,003 documents
(96.38%). In tables 6.1, 6.2, and 6.3 we list the top ten documents ranked by cosine

similarity to the terrorism, religion, and soccer queries, respectively.

Table 6.1 Top results of terrorism query

Document ID | Cosine Similarity | Twitter Handle Date
9337 0.643487 @Dr_alwasmi August 2011
7984 0.60886 @ khameskhanjar | October 2017
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Table 6.1 continued

9411 | 0.587528 @Dr_alwasmi December 2017
9335 | 0.5852213 | @Dr_alwasmi June 2011

9336 | 0.58505744 | @Dr_alwasmi July 2011

9272 | 0.5764522 | @DrHAKEM January 2017
9333 | 0.57361585 | @Dr_alwasmi March 2011
9269 | 0.57274026 | @DrHAKEM September 2016
7933 | 0.57023716 | @khameskhanjar | April 2013
7930 | 0.5649872 | @khameskhanjar | January 2013

Table 6.2 Top results of religion query

Document ID | Cosine Similarity | Twitter Handle | Date

1098 0.692725 @amrdiab August 2011
9135 0.65976 @KingSalman | June 2017

2356 0.659475 @Hamaki June 2017

1734 0.652885 @DrAliGomaa | October 2012
1732 0.648555 @DrAliGomaa | August 2012
1156 0.648043 @amrdiab July 2016

1148 0.643648 @amrdiab November 2015
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Table 6.2 continued

1167 | 0.638005

@amrdiab

June 2017

8713 | 0.635798

@Dr_almosleh

September 2015

8734 | 0.631563

@Dr_almosleh

June 2017

Table 6.3 Top results of soccer query

Document ID | Cosine Similarity | Twitter Handle | Date

7490 0.73908 @aymanjada May 2017
7464 0.669448 @aymanjada March 2015
9582 0.665062 @SamiAlJaber | January 2017
7483 0.662481 @aymanjada October 2016
7455 0.65716 @aymanjada May 2014
8854 0.654736 @faisalbinturkil | May 2012
7493 0.652406 @aymanjada August 2017
3488 0.633253 @trikaofficial November 2015
7481 0.630216 @aymanjada August 2016
7465 0.629053 @aymanjada April 2015
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One of the challenges of automated processing of social media posts in dialectal
Arabic is the lack of authoritative corpora against which to compare results. Because we
do not have access to such a corpus, we cannot compare our LSA scoring results to an
established “ground truth”. As a partial validation of our approach, we had a native
Arabic speaker read through the top ten documents ranked in descending order by cosine
similarity to our terrorism query document. He scored nine of the ten documents as
relevant to terrorism and noted that three of the top ten may be interpreted as a “call to
action” while a fourth “openly advocates a revolution in Iraq”. This verification serves as
a validation of our technique. Appendix C contains the original Arabic text as well as an
English translation from Google Translate of part of a document that our algorithm
ranked as semantically similar to terrorism. This document is the collection of tweets by
the account DrHAKEM from October of 2016.

Figure 6.1 shows a scatter plot of the cosine similarities of the document vectors
in our data set to the query document we constructed with terms related to terrorism.
Table 6.4 shows descriptive statistics for the cosine similarities of our data set to our

terrorism query document.
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Scatter Plot of Cosine Similarities
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Figure 6.1 Scatter plot of cosine similarities of twitter documents to query document

Table 6.4 Descriptive statistics for cosine similarities of documents to terror query

Count 21,791
Maximum 0.6434865
Minimum -0.10344128
Average 0.138874628
Range 0.74692778

6.3 Neural network classification of documents

The most accurate classification that we achieved with our neural network was
88.178% total accuracy and 98.075% accuracy in classifying documents that were
semantically related to terrorism (positive accuracy). In Figure 6.2 we present the training
curve, some of the parameters, and the results of that model. The parameters for that
neural network model were 50 features run for 10,000 epochs with a base learning rate of

0.0001, a learning decay gamma of 0.85, and a step_size of 250 epochs.
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Loss curve for 10000 training epochs
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Figure 6.2 Loss curve for our most accurate neural network model

In 2020, Elnagar, Al-Debsi, and Einea [27] achieved 96.94% accuracy for
single-label categorization with attention-GRU and 88.68% for multi-label categorization
also using attention-GRU on a data set of MSA harvested from news websites. In a
similar study, Boukil et al. [1] got maximum accuracies of 86.3%, 88.2%, and 92.9%
using a logistic regression classifier, support vector machine classifier, and convolutional
neural network classifier respectively. Boukil et al. were also working only with MSA. In
2013 Khorsheed and Al-Thubaity [16] found that an SVM gave them the best accuracy of

97% for the Islamic Topics data set, although they also reported a 61% accuracy for the
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Arabic Poems data set. Our best accuracy of 88% overall and 98% positive accuracy are

very competitive with these results.
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CHAPTER VII - CONCLUSION, DISCUSSION, AND FUTURE WORK

7.1 Discussion

To the best of our knowledge, this is the first study of semantic classification of
multi-dialectal Arabic social media posts using a neural network enhanced by LSA. This
approach has several advantages. It provides a mechanism for semi-automated labeling of
large corpora. It incorporates semantic content without requiring the use of either string
matching, stemming, or the use of word nets, dictionaries, ontologies, or similar
resources. It is language independent. Any language that is computer-encoded can be
processed with these techniques including emoji, emoticons, and hashtags. The only
requirement of the language is that it be used with great enough consistency across the
corpus to encode semantic meaning. Indeed, the current study includes documents in at
least two dialects of Arabic as well as English. Furthermore, languages can be mixed
within the corpus, as long as there is a large enough sample of each language to capture
the semantic concepts. The corpus and the semantic vector space can be easily updated
with new documents and the query re-run to generate new findings as new data becomes
available. When working with social media text it is important to be able to update the
corpus easily as terminology and trends change quickly on social media platforms. Our
approach does not require extensive pre-processing of text to clean the data. In fact, we
argue that substantial cleaning of social media posts reduces the semantic richness of the
text. Furthermore, some research shows that pre-processing such as replacing URLs and
mentions, removing English, and normalizing Arabic (i.e. stemming, repeated character
replacement, standardizing spellings) did not significantly improve the accuracy of
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classification [22]. Other studies found that stemming did increase the accuracy of the
classification.

Our study also had several weaknesses. LSA provides “weak” semantic labels as
compared to hand-tagged data or data that uses word nets, ontologies, dictionaries, or
other similar resources. In the absence of such resources for multi-dialectal Arabic we use
LSA to provide labels. Social media data is very noisy. Non-standard language and
misspellings (intentional and unintentional) are common. Punctuation is often used to
convey meaning apart from its normal usage (e.g. emoticons, /s to indicate sarcasm).
Hashtags are prevalent. Numbers are often used to indicate sentiment (1/5, 11/10).
Emoijis are widely used and often convey subtle messages that vary by age, language, and
culture of the user. The simplest means of dealing with all of this noise is by simply
removing it, however, the semantic content of the text is decreased and there is some
evidence that the removal does not increase accuracy of classification. Training a neural
network is computationally expensive and if a classifier is going to remain current with
social media trends it will have to be updated repeatedly. Other approaches may offer
similar performance for less computational cost.

7.2 Future work

Future work on this project may include seeking out collaborators with expertise
in Arabic, specifically dialectal Arabic. Greater collaboration with dialectal Arabic
speakers would provide benefits including creating or curating a more effective query
document and more complete validation of results. Evaluation of selected samples from
the LSA labeling as well as from the neural network classification would improve the
confidence of the results.
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Using other classifiers (e.g. SVM, NB) to categorize the documents in our corpus
and comparing the results to the current work would provide further data as to the value
of neural network classification. Extending the neural network research into other forms
of networks would also be of interest. Another refinement that may be undertaken in
future work is removal of URLSs as part of preprocessing. When URLSs are processed as
words in the corpus they contribute little semantic value but add noise. Since URLSs are
typically unique they should receive a very low TF-IDF score and thus be excluded from
feature vectors, but removing them entirely is a simple pre-processing step that may
improve processing time as well as accuracy.

Since our approach is independent of language it may be effective for other
languages and dialects as well. For example, it may be useful for semantic classification
of dialects of Spanish, French, and/or Telugu. Specific properties of these languages and
currently available resources for processing them would need to be explored. Another
final direction for future work is using semantic vectors from LSA directly as features in
a neural network classifier. Direct classification of semantic vectors may improve speed
and accuracy.

7.3 Conclusion

We constructed a large data set of multi-dialectal Arabic social media posts
harvested from 449 Twitter accounts located in 12 Arabic-speaking countries. We
organized the tweets into documents and performed LSA on the corpus to reduce the
dimensionality as well as to identify the principal semantic concepts addressed by the
corpus. We compared the semantic document vectors to the vector of a constructed query
document containing terms related to terrorism and ranked the corpus document via
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cosine similarity to the query vector. We then divided that ranked list by automatic
thresholding to separate a relatively small “positive” subset from the remainder of the
corpus. To create a “negative” subset we selected an equal number of documents from
the bottom of the similarity rankings. We divided these two labeled sets of documents
into training and test sets and used the training set to train a backpropagation neural
network to classify the test documents into positive and negative classes. After
experimenting with multiple configurations, we were able to achieve a maximum overall
accuracy of 88% with a positive accuracy of 98%. These results are comparable to results
obtained by other researchers using a variety of text classification approaches. To the best
of our knowledge this is the only work providing semantic classification of multi-
dialectal Arabic social media. The data set and source code are provided on GitHub at

https://github.com/therishel/ArabLeader.
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APPENDIX A - Arabic Stop Words
Table A.1 shows the list of Arabic stop words used in this work. This is a standard

list of MSA words.

Table A.1 List of Arabic stop words
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Table Al continued
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Table Al continued
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APPENDIX B — Arabic query text

The following text was assembled by the author as lists of terms associated with

each topic. The translation to Arabic was done by Google Translate. A query document

provided by one or more native speakers of dialectal Arabic including multiple dialects as

well as typical syntactic usage and structure for social media posts would very likely

improve the accuracy of the semantic rankings used for this research.

Table B.1 Arabic terrorism query terms
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Table B.2 Arabic religion query terms
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Table B2 continued
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Table B.3 Arabic soccer query terms
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Table B3 continued
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APPENDIX C - Example of document tagged as semantically related to terrorism

This appendix contains an example of a document from our corpus that was
tagged as semantically related to terrorism together with the translation to English from
Google Translate. The first several pages provide the original Arabic and are followed by

the English translation. This translation has not been validated.

2- sac il oLyl dagly ) 4y 558 5 ) Sl Jiiad o) 4pdal) (81 1 50 l@ll 5 ) ghad (e H3ny

1- Ll Al 5 ) 5 ol 5 s Gl LI Jiies i Jall 5 1 sac @) cillaad 1S je Chualy el o) yalall slsd

B yall ol Baclsll e da e e

Aol oSue 5 i il ale IS5 oSiella Al Jis

4- Sy gy iy | sl agdl Jidall g J5LaD (e Sldl) Bpila (e 4 (LY 2228 ) JALAN (5 50y DS

PO B S C R PR PR

3- e gl e aals laal) Cand i 5 Ll cpradia 5 dlaall o3gd (e la Dadll g 7 sl amy OIS o

olads A sad g L @l Jlae aSae 5 auaill ¢

2- 5 pe¥ s ahall s agiila) Coneaty il e ik dles HST ol Ji 1 g sad Y Jad Y agdl alall aa

B C_J.&Y ?@J )“Al‘:‘?j?@" &) el

62



1- o2 b cpiiasal) (81 & sl + a0 = ol Aol 5 ptle s a1 6 (] Je il

Claa) dgal 5 8 Ll JiLdl) of Alaladll

ot Bsale Jad sgd (b Hhall Uadll) Jaas el ) 3 S 68 58 aa ol st alae 3 1 siall

GaYL Lelal s cppaall | ge iy | cans )1 3 5al,

any U0 Sl a3 3k IS (4 agal ja) (B abaili (e JS 5 Adlaiy s adai ladie 5 Li lelag J st Ly 8

Oty e (g1 ) salls (pAll) alegus s 3

Jeb (s sml) ol e gyl ) o (o g gl a Sl ez alln ST e 31 A Al

§1 ¥ canill ey pdall Callladl) i,

3- Aoy, oannell (55 sall Cilaginl) 5 e jall 5 Clually el gl ulsall 5 day jall 7 guim g (30 a2 )l o

el Al L) el s ol saY)

2- ) slalad s e laadl 3aLDU die § dalisa (g ) sl allill  hamgs e ) Jsaam (ol da 93 0 Ly s (B

Led 3LE) (50 By sall ()l il puc

1- Sy i sl el sy Aaal s il ol Conill ebiaall (5 5 Al jal) Ciae 3 g yall Zaalal

Slad 4y oS Ly gl (g jSuall Jail

4- Al aany ()5 e alh alag 45f Gl Y 4 slal) bl (L) Baamae gl e Yl ey (e Gl
aal g auld Al

63



3- Gt Ol o)) (i) iaday dal g o aind a5l aad s ol s o Gaw Lee US 3 Ga o

A iled oS5 o) el A g 5 ¢ 53

2- 5 sl il Al bl e dgie o5 Al 31 Y sm el & dpal) il gaaal) diniiy 53l e

saulal) :\..JAS:‘Y\} u.nl..d\ d\)Ai :&3_)“

1- 2 el alaadll ¢ glant Allise oy <11 (8 Cany Le S0 alail) GV 5 Cilaaianal) JS 8 2o 535 jall Sl

Gl dxe el g atic a3 )

B- Lol lanls S (5 lma s Lanniia OIS el 6 38 g raltia ye 43) s Y pillal) 8 8 5e e s e

silaia pal s cuilall L e g SIV

5- 5l sl cllas i jle (el dcailita g cpailall e da giate cilS daital) Cadl gall o AadAl

@MM‘J%J}J‘M\QQ&AE@

4- }d)ﬂ\e&ﬂ\uc)mueﬁ\.é‘)hajﬁﬂ\M\EJ}S@\HM\mﬁuihag\_ﬂulsgﬂjﬂ

Glaine (Ll g8 5 4mdi 355 (e

3- U O Lasmadll 138 b agin aa gl Gl 8] il mdlas ga (ol el coiil I 5 ol jian

64



2- Lol Aalaidl) el b o Alalaa 3 Jelil) aal i) e ) a0 I 5 50 3 i) Cinag

1- alel ) s lad Chealins Laia LgiSH ) (5 ) guad) allail) a0a o)) il e cilldad

sosndl pUail) T g ¥ Cany ol (e a " g1 sean

i (b i) peanll J8 ) Sl (gl hail 1 0 sale 25 Il g g e s g sill

http://t.co/8wbhRHI

V) daalall ol layl Al gatl G 5l gan) dpulis da i g1 8 agdl la) ¢ sadaly e sSall eluy ;) S

Mg ra e 4l Al sainly a5 il YL

Laial 5 La sSin L ga o s A 31 Il (A Al 8 la) (B el sl Oty L ol A (A 5Y) 8 al)

flGaing ¥ candll Of of € ety da Y1 Jeb

sl oab Aad dllae e b s A dadin g 8al) ail s (e Gaang Lo Jus (oaall) Gl gal) sy o Y siia G

ey (s | gadag¥i Jeloall (s g CilaDla)

@A\_);}“ QL&JLAA\ 0l d\:\; ‘_r}_)ﬂ\ M‘J\M\J,&‘}J‘Q ds.&:@h é\}n 8ag iy g;‘)}uﬂ\ (:LL.\!\

336 A dae Y dr ) sgeall LS Jlary

Loy o Aphaaill el 2 e Ganlliaal s ) jae¥) 4l Gadl aaall 13gs & ae Jalail) 3 e sSal) dalil)
Sloadll A8a g A Sl b il 63

65



4 $Mlgmaninn an mlian (sl 54 sSall o3 (Jin 4 o yili

3 el caalia "l A 5Ol pad" SIS S Tpski (5 L8 ) g 8 alad da sSa Linf

8 sl Al QL) Leleaty "2 Me s "

2- SN 330 ) e e o L1308 g el aiid Sy oS

1- aaiy "5 i HIL"s slime] (e 2o Jamy g Al B0l YY" 59 3 sbac ) Jaa g lal iy je oo a8l

pladl eua;s\"g,_,m SIS Clalg)” LAY pgany

2- i (e Gadlall da Ll 8 LlEY) o LAl o Lgil) il (e Adase e (0 5S Of T S

sl andll pa SIS & a5 of Lyiaia I

1- 8 MinY) aginian 5 4ed 50 Gaen Nl 5 ool Ll diisa 3 5a3 Gy 3 a3l (pdlul) ale il

8- sy yal Al = jea o) Giladl alall il Gan s Aalad) Sl sl e A s gl Ui (8 sl sl 58

Lpan Al HlSa] 4yl @ ls) QIS g el

7- s ¥ Luadil) ey jalls el Qa8 Ae g il 55 el 1Y) 4 2any 5 4Bllai 5 2 yaill Jayl sun

Cal iy ol el Jlaial 2 jaal Lajlaal

66



B- llia Lald | ylad ISy 39 SV Jeaal il Jilas sl J ginsall e aladioall) (o de i e sSall (5] IS 13

A ang Ol ¢ 5 pde il (e s L

B- sed <lld Caday Jgall Ll g olad of 4Dl te Ll g o gloall Unilia 4ia Jang Lol (Y Jaaaa

3 yiiaa A0 il8 Ol el Coad ¢ A" G s

4 i) Gl Siie e da A0 Y O g Al el (gl (8 & e s et 3l A el o a8 alapday iy

Laal 55 g a5 O (o5 )

3- slad¥ly Al Akl apen (8 AWl aslipdad calS Lalla ¢ sial J saal (e Slal 5 jliicly i) Lle lase

o) (aid ol gl e 4 5l

2- il cilga 5 il Nk g Y adde all) ) LS 48lbail (3Uni sl 8 g sy Y 31 3all il

Y el G AT i el

1- g il a3l 5 Candl 8 ap yail Aalad) sl sl 5 alad) Sl bl iy g SIY) A ay s

Ol s s sl (galie e ale Tase

3l il () ad &) (g i 5 il ey 2ay ol Callai g gl U Aplizan Hl1 5y sall dlgs ki
Db U G Jeile Glaa ) da —lad g (5 3 s 4

sl el e aaliall leld) Ji

Aglima 1) 5L Aad o ALEA e o)l ) a5 (sl ) s ey J siase e il Jlai) 3 S il
aall & el N i e agidl g
67



7- 8 A sSall 3 eal) Gy i e o))l 5 ¢ s sall JalS 7 58 8 i 3 525 anlas ) ) e gae

la )lie ! 5f (gl ) 48 50 HUaTI A g (a geadll 128

B- s sl8 Ll Al L Gl (DA WIS (ol 5 Ligild g el g il dga Y H3e aa Y aad laialy

dea gl alal s Lile el i) (o alaniad

5- Aaa JSd sl 58 5 pabaia) dga 30 o (ueli 38 (g 38 all il 5 (5 S sal) i) caalif 6 Ll ]

Llad Zadl 5l Lele bl dalal) 2l

4- B ) o iy 138 "8 pean Clua " 8 "l " e $ UYL L gl Al o sl 1Cla sleall

£ LY pams 3l Aillie 05 )

3- aad Lealay¥ Sl W o iy Leia <SS 3l Aaalll 5 o) jead) (50 a5 ,S38 Lilay yuai g da sSal) Ll

T sSall Ladla G35 o el Cpe o stadll

2- LS dinaall 43l paige 3 ) il e A ol by Y 48 288 oS el Gl Jailae cilay puai Ll

Lo gaza 4 paall 408 11 xal 4agd ()

) 3055 A5 (oY (5 S el il 5 T oyl el ) (ol 35 A el k) 3 (il aSES

68



B- 5 AS_Liall 3 cosmill Cla pada s Als el iyl Lo ginsd A Fguslpns Dbl oLl el deladi

il 5 Aanll aalia s S35 a4

B ) ina 138 (S0 1 puslly - SMaYly Al Ainall Lo 8 55 g (el L sl Lol s 5 a3

Jﬂo\ﬁ\@u\djﬁejﬁﬁ

4- slan (e il gall yuxd Jalal) g Jazaza 3la Lgwlasiin s 4 laall acay lay) e Line (ud ulead ()l s

Sl allail) aadl i jlrall Ll g Cannsy

3- e 13y el VL ahemy Lo 4l el p5 5ed ranall ol J 5 51 Jrdlls 4l ) e Lasas gled (e S

G Jgall e ity WS alaY) e oy

2- Cla s bl alasiuly s dsalu dgite Cilllae (g ol Bed o jaa” o Jalall 5 CaullSall Laaly

llec g 9 Ailes O Sy s il 5 Jidll 5

1- ey Ol ASHLaall g i) ol jienal) O gail) colblaial Caumion " clins alas g ")l dpaiall il g

Db s Lne s bl dlasy V)

2- S5 " gl il 5 Aalail) el Aledll in Lgtae 8 dpmadl) alaill gl Js Bl & e Laiy

A ) G Loy i

1- ol Gl ()65 G (83 sal) g anaadl o) jin) s Cridll Cuilay G @l 3yl Caaas
8 ally il Liigh Led oS )i <l ) S audy
69



e O i) 0l 6 (g ) Leiaian Al S5 A all oy, el (o0 s sl 8 Casy L )

slall Ziaiy dahaall 2llé Lelal (e

, e O alamial 4l ()5S e Y Liata Al S5 A all ol eliall (e 0 sa Jasd) (8 sy L )

Olaally ziad¥ daplanll aills Lelal (he

25l s 13 gl e 5| 3 5 e o 5 e Lep Dl 4003550 Culil 4 | sl 2011 ole

Il ey o)) il g L (e el

il Ly it s il 5 B3I S5 i D 122 L (el (3, 5 31 3lim 3 AT 20 5 0y

Onal gl A s 8315,

2- G ¥ Slal il () (5 53 el 5l Dhad A jine e A sSal) () 5S5 (f La) e Gl e Wl

Y VRPRY)

Len s L mm Jsiuse ¢ oaa O Ao s e S gl el ) Jonssl (85 ) shadll o3gs £ gmse s Ladie

Lo s S Cle ) ja Yl s Aa Y1 8 A sSall ks

agraan ) sill g dilaiall 8 4n) 35 Y1 o oS 8 @ gl b ol oo Dl o1 3alalS (5 Sl el

L._?J()I\ Gl SLa" s uﬁ;e@_’"\d\j eld i

70



2- i aalu 4 LS Ay sl allise 3 saall Cinval g dal) dare (35 il < ) s Canpal sdsa s A

L@:}LCLA:\.;\} L@j] I. N .~“.~ - Oﬁ - S na ‘”511)9

4- allad) 8 5o gl e shaiall praaaivs LY caalad) LgiaY 1aagd 4313 Ayl ) Y1 )Ll i dal) Ll

DAL el @l Y 3

3- Cada (g sl alaill yiad Gl oyl g, ) sadl 138 (e Juzadl Lial i (1 LS o 8l (VL dilaia <l liic Y

wim)) Ganll b Leanly 3hlis o yind

2- Lgilalhia GRS aé ) (5 pudl Uil e i gl 5 ol Syl e sSa o Ay el Slaall (ga g

L;Ldé\yjdjduaﬁécea\}d&uﬁw\J}M\&A}%M\J}M\&M\y\g\ojw\

LJM\MEM}WJ}@)}J‘eM\ Qg

A5 ASlaargp sl (o 3 smne il Alleid Ly ) o sallly atlin 8 18 aal 2y o a1 ey e

el gl 5y 00 SN 5535l A5 pre Letin

A iy 8 | Ll LS5 D5 2y sl 3l (o 05 iy | UYL 55 A0S0 e Sl
91 ol ) sia) ey

71



3- e o,al8 g JeadV 2S5 da a5 lld b gliac | alina 3y Y 5 ) Y Gudae Load s 5lad¥) )

A s Gally 3 yase A sall Jeb Slal Janll

2- 1k f U5 (S S8 g sSin o 05 A 51 Lo BSsgl) DAY IS 13] 1A L)

ety e Gl canlay g e sSall

1- e1o0sh Calaa alga (ale sl 5 Al daad Lie 305 &5 il 55 a080 daad 41 IS8 QK30 JS (IS 13)

48] M) 5 Ay sinsal) (il e $

7- Sl e gxad b ) ¥) Uil of Gl 3 55 peally ey Y Aslall Cadl gall Lialims) of @l (e a2 Y)

g i (sl (o Ayine 488 50

B Slaand G piinall elalall st (e aa) Jhsadl s $le a5 il Jal e oY 58 Ja s SLaE Gl J1 3 Y e

fl Sl 8 agdl ) sale s

4- il 2l e O, ) 5 Al sle o Halkall 5 ) yie YU Gulil) s (e pgia pand) Caa Ladie

o 5 il e 5 Blallae (aa llae

72



3- e slalall” i siny g Apual) Gl yaill (g dalusall el il Jsa alana b <) i <o j0m

Slnlnd) e Gl daady J 5l 51 A) 58 Jedlelly

2- el i Ja Ol ) (5 glisl) oiSd Aald) Canans o5 ) jaUsil oy jail Lpasli] L gusd 23 (5 5L 3 yhm

Jlanindl dallia <) ) ¥ Ll o flgie

1 13 o, ikl e Ll i)y (5 pudl candtl) Ul Tl Uil gy sand il e sSa Cinan

1 agd siny Aallaall jalaill Lgy ol Cania

2- osalll Gally gl 5ol of () Gl 138 o aiald] et () can Al o) sal Alliad OIS Lallad

Sl d g Caal ) (S5 i)

oy paai (3UaY AdasaS A graall aading o) (Sl & jen LS Al o) sal pllaa Caliin) 440 el

B aShe st el sed haal) conll dlpns

o3¢ S i il 3l (€1 1) LUadl Laas il () a5 el i sbtll ] ) i

lland S () Ay yall dall LIS

Sl pUaill e (5 g (5 sbulall gl 138 a8 CIESaL) 038 e o800 La sgia L aalY 3l ddial)

LY a5l 5 JBY (e 2 el D

y‘g}d\‘_g\.@_\s _)J.\HJUM\‘_;&AJQAAJLQ\.}Lu_)m.a;@u\d\_)y‘gam_))\_\c_ugtﬁ_)ﬂ\uuﬂ\dby
e Jil) ?Uéd‘ & ) JI 3

73



) (8 daalisall LDl sy s 19V 5l il gl i) b alad) o Uadl) alew) ana oy O Gangy Y

$13al saliaiyl ) il

Jeaty g dasSall ; Jads of el A8hlal) L3 5 8 Aad Jent o cany Apmadill) 05 Y1 J glall Aalia 3 S

O g el 13g8 Il Zas (yhal 5ol

I gl 3183 I Ly sms (52 pa g Jlaguall oo sal Ledlanal L g i 38 "ial e e clids o 5l i

a Al pgmny (1 and paliil e Al

A (b ) Fad Bam ) 3lay Al ALL) IS5 03 gm0 anal) (il (iat s (s shaludl ALY g puh s Gl

35 1o U (e g 0 yuad e Jasll g a8l

3- waall Taaill 138 s jad 3l s el Lesd (s st L alal Lt 5 g Bl oY sl S

oy La Lgaal (padd 43y ddaliyy

2-MYJJP}AL)ASIEBQJJA&YJM\&#MNQPMN\ k_IJSJy ui‘;w\-}»ﬁ‘ aleaall LLI\A_)A‘_A.::&

A 2l o gy oLl agh sia ol

1- 2uld el 330 IS i allall 5 aall (8 Ll gol alud idSS Jy Ja sauldl) alail) CalSH ol jadl w68

Slaria (pe Jgd |2l e JENEE AT

74



5o 10 A Caally s J3e W) Lnd Lo dal ja oal) Glay Alga (e JlS ol Jaay i

Al (IS ) daSlae ks aal iny Y1 elizal

Al G o jlsic) (Sar¥ 4 Aanlaally Alibaall Al g 20l o G5 oaiind) #3035 yokie (51 ¢

lalews G U5 laSla) dauled)

5- cilubis ol s duial Clulan 68 o pd elhiy agiy 3% 5 il a3 el 250 5 4dIS (e 225 S8

S U el U e aal Liniay 1y 5Slal dpe i

A- gy 5 e Slal ol ail) 238 aa i jlalti Al gl s 31 sbsall 5 4 jall 5 Al HSIG Gl ela

@ 5igSI o yry Y aBY) () LS Ll

3- sl alif s aalul) asas JISH), i e g5 al 6 seally Al gl JundiY) Ja (J5Y) e Gl

132 gl e aa sl Il 4xia g

pd e g 83 gal) @ﬁd\}ﬁ‘}y\ slale 4,

1 oo Sl e 5o 5o 391t Ll 151 s e il A e (s palls Liagl (0

Gzl il Wl (i ey A sl

Opalasl clale Lign e Hla e o jliels g el s le g palls Al e im jailly ligdl (0l
http://t.co/gFKZQkW http://t.co/El'Y Eskf

75



3- S 5 gl sl s 1lgndl 5 Aumeall il sanall 5 31y sY1 (3 sme <l gl s L)yl oS A

Cilalgin) e gd lailiall Cue y LainY]

2- Ganai Adalud) oy padl s SIS 4l ) g i Alle ke g e sgd Laskae (IS Lagas 3 8 (51 43 a5y Le Ll

Graailly Ldlat g |

1- il 5l Alaud) 5 SLaBY) (o IS ISR 5 g aedl S 8 "ala@Y) 2adl) " Al

laaill 5 b gl o ) il a5 ) g el

A- 1363 DU ()5S Ak A B8 (Y auld sale JS S | iy of ain el A Al 5 8 V) Tai Y

3- 4Ly sl S sal 5 Lyl 3wl OF a0 a2 DU (e (il 555100 ) mmn s Ly s (o2 A lile

A, & jlaiial o Aabuy As gide

2- Ll A4 Y) hady ¥ palad) g lUadlly e e oY Camd) il @l gl JS i oSO Jlall Gl ) G jle @lldl

Q\)Lnlb.n\ oo lade g sauall L.uu.w]\

s ol el jlaiind e aUaill Jad 33 (e dpdall 43S0 40 Y g Gadd o) (e L) g 8 Ciaagy Lo (g0 Caanall

e s yaall Lo 5 slual) Lalas 5 oLl

76



4- lalliall a5 3300 ) clpad) e i elie Gads ol o) 50 Zluly dadinn o) o g ) WY ity g8 5 Lty

GJJAGL-ULE\ JJ.;JXZ\,)];\Y\

3~ hia oLy (530 Al ICEN AUl EiianY) Slall o skl 5 sl elidl uail 5 Jsoll Leia

Jadii Of Lagada aay SUIAT lsdl

- Cladine il sad s Slad Caaa Le gt g dalaad) 5240 5 Alelall 48 ,Lad) e cilasiaal 5,08 Cinaais

Lalal) LSl i LS ) ddkiall

1- el Lgaa g Alpus 40 (5 AT ()50 4581 L Dye (g = saiade Susad (e Ly 5y o1 8 Catny Lag

pany () Jady Gle Sall Ldle & jlag

48 ) piay Lo 4 Aabid) Jleef ()] oaina 5 48l Y o il & glus (el 33 e dale 20 68 () i)

Aecjaﬂ\);\c u.u.u:ﬁ“ RYY LA&‘- a:\:\\ﬁl‘y\}):‘:‘“ﬂu

4- Loyt s 35N sl 4 sl sline cilidanall o3g] U g 4l s Y 4l gluatyl axe 5 (o sl b )

Muﬂu\@u\)m?dﬁ))m}&j‘)m)m

3- o el 38 8 e (a2 e o amyy Lo e (50 A V) e Cpaall) Gy

g soia e ol gudat & Aglany)

2- dse sl el pae Cuaa Al ey L) g Lile Uia) (g 55 "edd ) sl Aalia oo
LRI el g2 4y pabaial) dea e iy

77



1- JE A sl oo ol g puias (ohla )8 V) daie o) clld 3 A8l e A sl gl g AR

aeie lie ) e aa il

laledl Lal g Uasd die < ey Sl Joahs 40 Ghay (e 230Y (2l Gall 5 laad o iall 8 Jalas ()

B 54 ae o sede iy adl ) ¥ Y Sal " Sl Ao L "slaall 4 a" e oyl i

ehlbaliall 5 Gudbal 3 580 o e

4 Ce QA aSelay iy S Lgasil 8 gus LaS A0 5l il 5 ol il (i e e Jolasii o lan Jilaie Gl

ol 8 21 31 3 e

3- Gsndll aadiiy e o jma Ll o Blala IS YL 3y all agd (6K of Lol 4ol Al Alasdll

2 g g iy AE 5S35 ) ()50 Ay

2- & e gliall cang dale 4 ya elaie) @l el elua 3l sal) dee aia (i jlay o) W) @ sgida ye (S

1- oo bl Gojan s agd ge GameDlu) il L) g pe Gabizail) lilas jge (8 JWy Le (e kil (b jay

Lol asede ae U saan (il Al 4SS agadl 5

78



i s Alaall ol e | 5 Anian s e 5 e Alllae (padll 8 llia o aSlaes duiad) dum jlaall Aulllas

Gliad) (e aaf caliy ¥ o i el

Ol yall e Sl Ciloa s) (joams 038y sioa Cpda 5 320 B LA 13 a o Slee 4554 dula ) cilelaa

o ine salile cilagSa o Jlad) by e e,

138 e agin 3, Al dndia gl g Jiil) LT 0 Al il 5 kY e el alaie V) 8 oS Ll (e il

e mlia A Gal 4 LS Ll

QISH b 1) Gy el Ji5 0 Aalusal) Fla Y1 clelaall 4 jlae e aacay s 1aane allall (saaiy 2]

i el Cile sSall g1 sl il

Sl

10- Aalud) Gudla o)) 8 51 el (3 8 iy o | sillal oy 5SI) 8 3l sl jSYy ally 8l oY

Bw\‘;g)}.d\guﬂ\é;&\)ﬁ&j

9- 5ehaa (La)dsml) A O Leie ol Lo Ll | gunlis dindly | gaanaii S Wlle 0 5S0Y o (Il Gl s

Ll e (s 5k 5 aaliall Jualil e

8- b pididine 5 lisa Sy Jiday aniied jsae 5 des H¥ 5 id Sy by ol ) slilaal ol Y (531 Al
gl Llsil Gl (cansy ) i 330l

79



7- Ll G el (e elidadd) aie 8 dpadal) e Sal) ) 8 g 58l aSa Le: AT Gud s ) sl

9o 5,8 al 1AL ol a IS 1) 5 Sl ya ol JBUas ) sl

B- bl (s Jl s & Ositall @l gl pan Al LSY V) gl detall Cogags AUl 8 agl ) Linaws

folahall aia 5i%aledl ()50 4 5l Tagady

B el )l o aniud Aab) gy a5 ) aadll Jlae o rAdabisy e Y $lagaas sl 13lal J)ges e 4laY)

DAY Gl e sn ey pgeany

4- e Wl Gujlay ey "slad pal ol JS" 5 Ul (e 0 Sies ot V5 aed dame Y s 0l Jla s

Gl ) elalal) e a S ) sunld Gl ey

3- S (o 5il8 B3l 5 CpldAte 0 Jls s el Gl lligd Glae JS (33 5a 50 JIAAN e glaall

QAN (A ar )83 0 55 Guiliall

2- el e clin gl (uid Dy Ll JB Jgb podal 5 8 LeS DA Jae Allise (8 5 ) ja saldadll ()lS 13l

105 ROy eM}i 3 a

A5 ¥ Y e AN Ca pa o 3 O 2SN GSE W AU oy a5 5l s @A Jaad) g AleY

Me&‘jzh@‘\)w&dﬁﬂﬁm

5= €11 DS el 5oyl las

80



4- QY G a el J8 5 33all wie s Glibally 3 jualaa s Jiine 20000 o S8 268 2000 <lE L

dﬁ}?@\)&ﬂ\.ﬁ)ﬂ:gg;ﬁsﬁa}mﬂﬁdﬁ

3- a3k (el il s die 5yl agd i aUaill pliac| daSlaal peal 5 il auaiy Wl g0 plaill 3o

Ll ¢ sl agaia s agilliiv

2- Able dpb aa Gebiail) diga (et dgaa (i) ga slhaall gy il g JBN aie b aaluy o) 40l LS

1- ) a) i elodinld 12 gana | el (ud 3 Al 5 drcal giall Apnglall) Judl) 555 e ol kY & dadlal)

DA el g ale A sy JS6ig

RT @Alqudaimi: G casll | il < ge 3 Gl alll 5 el Gany 135 Ul Lpngs ) L Sa

Lall o a3 (I YAl 5 (55Ul G g g .

2- e b eV OIS (plh A sal 3aclE o g Ly el ey wUSH Aalall (i e & Sl ) Cag el

Qy‘*ﬁ"—““u‘,ul’-‘“w‘)_)\_)ﬂsumw\ﬁh

1- e Sl sl Al 05 O ()50 80Ma gia s daase a3 5 e @lin g alue (B e CSualle Caala S

Loy ,lll 4 8155 (e JS (o a3 jlall 5 dalel

81



2- Of i Ja 5 Ay syl 230 gdl) e (a8 gy cadiil) ) il Allall g (5 glast O Liliad] Y sVae Ll 4)

Aoy G JEI sl A o) (g sl

O Gu e el ) Slgtala alle (s da ) JS Jgd lcaasll (e (anall e 331 Galadlad) elale dadl @ S5 L S

O i 1l J s lS 5 Lgia and) Jaiy

A4 5al) Ailiad) AaSaall (5 ) gl allail) e yae DAY (alls s gldll) J g0 e b jalie 3 gl il gl ia

2 i 35k 5 gpmt] oy Sy Lo JHS

dag e agiblgial Y 4 3 3ea ) sles Baludl an g Bas) s 48 e V) Cany W 22U 138 of oz

Lils Leale diaY) ddalid) 46 ooy

el 132 (o o) Ll o 431 Hpulpnd) e 5 580l Anils (pa N 1 S Ll pal ASLadll (Sle) Sl ot

DS salgadl (5 5l 5 Ly ) us B pacal

6 ey 5 "0 e 1 (5 smd) il e s L 5 53 8 a8l gy o] 13g) Ayl il

e S 43508 ) 5 " )

13l ke (b g S 5 (sl ey Al 35 g Uil (5 sl el a0ty ISl L

flasaall I 8 Cynall | oai Ul 25

Osileall £ 55 Jeb VYT e L ads ) s i) ey 0 jaldl ciladia @) ey & 2l ) Ladie
bl s3a Jliels L) sw a3

82



ala oo bl G @l 3auls Ay IS A V) Lty (alaldl ¢ Ul ol et of dal sl (333 e

IV Aliall 3 Aalati) 4ol 2uY)

558 g sy g 8l (sl ol Gantslad g 3Ll ate g aalied) aaa g el RV JiE S Uasdll de

oade b i) ) e | dd) oy las)

a5 el 0l Glaa cm A Gy o)y sl) Gty O s Allal) J 8 ASEe s e Gl a5 Ll

03a¥) el Galaa (5 (5245 Slea e

o eubaghall Jaal Je By oSl el ) sl Galaa g alaBY) 8 Liae 50 Jiliy 5 e aail bl

e (i ga e Ally |l sal) Jmil

22 ks (558 i pda O G OV Aauailly (m5h je el g5 aal (90 2nY DS cad ol la) (5 5L

9l il e oMl 5y Jeb gad ) el

Caal g slan g draall 33l aiay (5 sl plaill )l B saia Gilie] 8 "a sl "l jaay of qu 2l

ALY 58 Y5 dsaY aaluall

80 <y 5 peall Bl 0l oa s LS AV U saae JeatY il jle Ly g ol opsladl) gl

oS bl Sy Uil aSae s | 5 of L g eladl

83



6- sl Lal W guzm 5 ST () sSios Alas  Y in panill 4 3y (5 520 (i Ll 5 liud) aand 8 S LS

L 4l g8l La e ST gl Gl Ll Lagaa sl

B J3At) iy @l jal) cilalag) JS JVFAY 508 3255 o a5 U sacaa s IS dua b ya 5508 i

o llaall o ) 3 e (A

4 QA SUail) 4l 25 Le el Y Ldida Jany Ledldae Ly Lty 58 ommy ¥ (O 4l Leandig Ly g aaally (e

o daliin) el Lz o 5 Lag

3- s U8 (e iaagy Lo Jls V) Caanad () el (8 e ) ey SO ol oSl Ul agliy 3l Caacall

Gl Ugim 4 S g Lind S (5805 iy

2- 5l 0 O eaY G sl aalll diia (SalY alsie ) e L Llla Gasdl cliva) of LS

Oe e LeS jad Ji 6 LSl Ak

1- 3 k= \.@J\)’BUHY"C}:\M\ Ol U g o] L;"LUS!\ ) Lefiay L,,?m Ay pall pebiatll Al

Laalaal &y LE e o 2Slie dadaia

2- oS alle Ly 8 sl Jlee ) e gl sie Y15 zlaia Dl canlial) GSall s oy sad) 3audl ol 5 )

1- il G Cand 3251 dale ol galiie) (K1 ane (S (il yie U Gl 4pa 55 4adla Gllaf Y

84



A 5 a5t ol sen o AL chn Gy @0y DAy o) IS 8 e Bl gl 5 B i) SIS

siaall ) (51l 8 Slae ABDAY (5 3 Cise

3- 1 smal (uSath A0EEY) ) gal) Ll Alany ) 5a¥) ()30 O b S ALY ) shaie o Jalahi Lo

sL¥) Uiy Yl eall

2- N Jmay Y (glane a8 ga 8 5 cpall 5 Cpoaall (B 43S0 Lo e et Ly g A () 1 Alal

b agind lyse oyl & siase sy pea g ezl g ol ) OIS Al Cnd 6V e g il cillUaall Slasi U

adl) g Adia gl ) pam JSH i 5 A g e Dlllae

2- UJ%U\BJM\QP&J‘_AQ‘B})&L@A&MJMJ;J\P&AWMY&A;\}\)@ABA\JY\%M‘;

Skl aae (e 5S) L Y 2l 6l

1= 5 L Bl s 5 5 i 203U Al 48 Jaad (531 Sl 4 il e (5 ) gual) o) 5 pami 3y 30 (10

cA;ﬂ\ Lol Baasa ;\SLEA.\} 3:\;)&]\ I B1BY)

A0Sy ) A JAl) g5 (e ala A1)y gy saall LA & Ciand ) il sl 5 QLS 5 Ll

B3 1538 ol W) aaa sl ) s Jgd

85



2- 1 48 g g gall (i yaill 3 jaa (g gpini s 2abisall argiy limay e (B sl s JUlY) Jiy L) s A9

haay b cpall e oSl e ST dui gl

1- (bl & yam s dag pall Y iliall Caxia e 11 Glan) b LY Jleal) flial 5 a0 Al

& 5 WS 5 sedall (Ao oty sl s el oy jay

3- & e Y Gall i da n oa s deles 33U da s Jiey lieal e L g 8 sy L liiely

Lo pabiaia¥) dga o L e itk Jd saaial) aaY)

2- Lasy Bl dandi allay addal) o glail) J g0 o (o yms g eV ulaal pdiy ¢ 5 a3 )5k e Jaall

sl Gindl) B 3 niiall daSlaa

1- e ol Lo sSal) (Ll Lilal Lo sy g sSI) 8 30N ) g oLl 5 JWalaY) 8 (o pniar Y ld

a5 Laal s 3555 0 im0

Bllae (e Ay )5l | geal Jand¥ ol aiaa) Gla e ) (gosmd) andll ga pabiail) Gla e Sl ia

3aaa g danal 5 calldaal) () 65 G Cany (5 gl ancl

2- S 5 JiEld e allas ol (SUatinl LIS Ladla de 5 il aghsin ISl ol Y1 J8 0K ol ol 13¢]

bl JS Lelaning Jilus 5 (3 sial

1- Ll o) ales o cong Alsbaall 038 wgily | gaidll o ganl g el Aalodl Slas) i) g jall il 5l

ol G s 5 s (51 8 05 ol g

86



saaazs (53 el s plaill 138 IS ) dailae A1 5 da il 138 a5 OS) L | el el 21 ol Lo si

Lu 8 (sl 2l #Syria

Ala) | gulif ag] daal o) Glilacall a2y ad ddla) g e 5 & jlie  Sus 2aSlaa 3 ya axdl)
Dl ) . PR ORe] ) & e e o

paa G G s Al 5 Gl () sile il

2- Y lle JUa Lega (i Y AYYI 5 lilay) o s

1- é\);e;ﬁiudud\.u)m)u;Meui&)&u\Sjjdpj@w\ Lﬁ_).nml\ u,u.\:\)S‘Z\.ASIAAZUJAJ

Ll Sl A pallan sala s (2 el & LA

M acan ) 8 Gl eV elging bl Jo i 5 aaluall aagl Laie "4 el 5 5 5aldl 3Ly 5 s Gl 50 Juall

d;\Lu PRSI &);5 T O;\AMAS\ e\,}..a

5o (e Wl Lalle (ud Slac 5¥ 58 day yadl 038 HSiY (o3 alladl g Lale (pud (il ga sl oo A i Y (5301 alad) )

pone sed al a ) il cpall aadig

4- ?A;Lu.d\Me&u}?om)g;}?w\@Mdﬁf&;uj?qlmwm\J@inﬂl&qdm

LY slale Adalull agians (el J) s

3- eelsial Uoel o B e shl g sy L e Sl delas 530 Ay n O Lsm B any L
daluall Ll 5l loae ) e ja 4 Sa

87



2- sradl) & 4l Clg sl o o Sagdde sleall Jia ol g 5all ¥ el BY g aallig Ly JIY da

ol e (il (55 0 Ll

1-slea 5 Cudail) clingd sasaall <l 5l ale aled Y 48 Galaall J8 5 Lnaall aaal Ll Caal 3y

gl coaladlad) il cpalalal

2- He warns of the danger of Al-Qaeda! However, the fear is that Dr. Fawzia Al-

Durai will be arrested on charges of belonging to Al-Qaeda

1- Suddenly the Yemeni air force bombed an Al-Qaeda operations center! And
Algeria arrests al-Qaeda cells and accuses the Libyan revolution of being supported by

al-Qaeda! And Iraq

May God accept your obedience, and every year you are well and your Eid is

blessed

4- My words do not absolve the tribes at all, for there is a good number of the

corrupt entourage from the tribes, and the evidence is that they were violently insulted.

Nevertheless, they continued in support as if the matter did not concern them.
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3- Rather, some sheikhs and merchants were supportive of and encouraging this
campaign, and the archive of events is a witness to that, and God is behind the intention,

and your Eid is blessed by the people, the sheikhs, and merchants.

2- Knowing that they are neither merchants nor sheikhs! Rather, the biggest
campaign was launched against the tribes and deliberately insulted them, challenged their

loyalty, and mocked them. No sheikh did not win them and did not trade

1- Political interaction in Kuwait is a direct result of the equation Kuwait =
merchants + sheikhs, but what is surprising in this equation is that the tribes are always at

the forefront of events

The amnesty was in order to correct an essentially illegal situation. As for
blaming the mistake on both sides, it is a noticeable shift in the official position, and we

call on Bahrain and its people for security.

Soon we will say goodbye to Bashar, and then he and his regime and all those
who supported them in their crimes will pay the price of every drop of blood that has

been spilled unjustly, and those who have wronged will know which turn they are upset.

Iranian Foreign Minister Ali Akbar Salehi: The Syrian government must meet the
legitimate demands of the Syrian people, so does it meet the legitimate demands of the
Iranian people !?

89



3- Despite the clarity of the crime, the clear prejudice to sanctities and sanctities,
the documented targeting of civilians, and the ugliness of the criminality and the absolute

peace of the popular movement

2- In Syria, they want a political solution with a timetable that will give the Syrian
regime a time frame for genocide, and they have ignored Iran's supportive statements

without any reference to it.

1- The Arab League supported the armed revolutionary movement of the Libyan
people with clear statements and condemned the brutal repression and supported the

military intervention of NATO and actually participated in it.

4- Therefore, whoever holds hopes for specific results regarding million-dollar
accounts, there is no doubt that he dreams. He has never, nor will there ever be a

precedent for accounting for one corrupt

3 - Never in all of the above has been a single corrupt computer or a single serious

investigation that reassures people that the slogans of law enforcement and the state of

institutions were not empty propaganda.

90



2- The invasion passed, and difficult debts followed, then the stock market
collapsed, then hundreds of millions of contracts and paper companies, and the theft of

people's money and spoiled food.

1- Corruption is a phenomenon that exists in all societies and with different
systems, but what is happening in Kuwait is a matter that goes beyond mere corruption to

legitimacy and coexistence with it.

6- Whoever asks about my position in both cases is undoubtedly not following up:
My position in both cases was consistent and my standard was the same. As for not being

satisfactory to both sides, it is logical.

5- In conclusion, the sectarian positions were exposed on both sides and
contradictory. Whoever opposes the demands of Bahrain strongly supports the demands

of the Syrian people and vice versa

4- That is why it was a contradiction that Sayyed Nasrallah supported and blesses
the Bahraini people's revolution, then fights for the Syrian regime and opposes the

revolution of its people, which is a funny contradiction.

3- Democratic, and therefore Iran's interests agreed with the interests of the Gulf,
but the only difference between them in this regard is that Iran declared its support, while
the Gulf remained silent in support of it.
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2- The Iranian influence will weaken and thus the ability of Hezbollah to
effectively exist in the power equation in that region. As for the Gulf silence, it is the fear

of the emergence of a regime.

1- Nasrallah’s speeches will not serve the Syrian regime at all, but they will
inevitably weaken Hezbollah’s rhetoric in front of the "resistance" audience, which is a

purely political position because the fall of the Syrian regime

For clarity on the topic of the 25 million: See Dr. Thagal Al-Ajami's opinion

published in Saber http://t.co/8wbhRHI

All heads of government cut off their vacations in any political crisis. The name
of the president does not allow him to leave for him except for crises and even with his

interrogations, as if he is not concerned with them !?

It is not the first time that the prime minister leaves on a special vacation, in light
of a crisis that requires a clear government position, so is the crisis unworthy? Or are the

people unworthy 1?

It is not acceptable for the Gulf position to be limited to the brutal crimes of
genocide in Syria that are limited to a timid demand for reforms and bloodshed! Do they
not know the reason for this?
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The Syrian regime is targeting civilian sites indiscriminately, and the continued
Arab silence regarding these criminal practices gives the Zionist entity an excuse for any

action in Gaza.

The government's slowdown in dealing with a crisis of this scale has no single
justification: the search for a foreign outlet to cover up a crime in which the government

colluded and the periphery of corruption

4- Such a government will adhere to it, and what interests of the people will it
protect !1?

3- Also a government that publicly pays cash bribes with “bags”, “checks”,
“transfers” and in-kind “appointments”, positions, committees, and “treatment trips” that

are borne by public money, what law

2- How can this crime swamp .. express the will of the nation !!?

1- A strange political reality: a parliament whose members arrived at the

"falsification™ of the popular will, and a number of its members work "for bribery" and

some of its members provide "false statements™ at the expense of the public order
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2- | was happy that my home was one of the congratulatory stations that | shared
with the brothers in Libya the joy of being saved from the Gaddafi regime, wishing that

we would also be happy with the Syrian people.

1- Professors Adam Rakik, the editor-in-chief of Libya Al-Youm newspaper, and
Mr. Hussein Bouhdma, and their host, Mr. Faleh Al-Mutairi, have just left to congratulate

the victory of the Libyan people

8- It is an envisaged matter within the scope of any freedom of public freedoms,
and the former Attorney General had previously stated this to Al-Qabas newspaper, as

well as recent judicial rulings referred to it,

7 - The controls and scope of criminalization, and it specifies the considered and
legitimate evidence for that. Personal freedoms may not be wasted solely because of the

possibility of offense or delinquency.

6- If the government is convinced that the irresponsible use of electronic means of
communication constitutes a danger, then there is nothing to prevent it from adopting a

draft law defining it.

5- And specific because that is what makes it a control of behavior and a measure
of TBHis ummah or his mistake, and to say otherwise, they are "security" explanations,
not considered legal interpretations.
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4- It is considered by its nature a restriction on personal freedom, and therefore
any interpretation of it must not deviate from the basic assumptions of criminalization,

which is that the criminalization is explicit and clear.

3- A general principle that was established as a basic principle of law as long as
its applications exist in all the Latin and Anglo-American systems alike, so the

criminalization text

2- The penal text does not elaborate the scope of its applicability, just as analogy
to it is not permissible at all, and therefore the directions of the Attorney General and

even rulings otherwise are not nullified

1- The criminalization of electronic publishing, considering its link in the public
place, and the general rules of criminalization of insulting and defamation contradict a

general principle of law, which is that

We will wait for the end of the Ramadan cycle for the rai and ask for a meeting

immediately after Ramadan. My personal assessment is that direct meetings are more

convincing to the viewer than a written one.
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| was just in a phone call with an official at the Al-Rai Foundation and he
informed me that Al-Rai apologized for the interview due to the Ramadan channel’s plan

and their agreement to publish the opinion in the newspaper.

7- In general, | informed Brother Jassim Bodi of my desire to fully explain the
matter and respond to the statements of government agencies in this regard, and awaiting

approval or apology for the opinion.

6- Very briefly, there is no excuse for any party that was factual and legal, and
any words to the contrary have no legal basis, and I am willing to prove this publicly and

in front of any party

5- Or that it has notified the Central Bank and the Central Bank that it has failed
to inform the competent authority, which constitutes a crime, and the Public Prosecution

has contacted the actual incident.

4- Information: Banks are legally mandated to report "any suspicion™ in "any bank
account” and this means that banks have committed a violation of the law by not

reporting

3- As for the government and its statements, they reminded me of the Jahra fire,
the committee that was formed at the time, and its reports that no one knows about.

People are required to always trust the government.
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2- As for the statements of the Central Bank Governor, it is stated that he does not
exercise any supervision over banks except in his press conferences, and that his

understanding of the meaning of banking supervision is non-existent.

Al-Qabas's assertions regarding the million-dollar bribes indicate that the bank’s
procedures are wrong and the Central Bank does not exercise oversight and obliges the

Attorney General to summon the editor to hear his statements.

6- And a peg for not carrying out the inevitable political reforms required by the
circumstances of the stage and the aspirations of the peoples to participate and make

decisions and to perpetuate the concepts of justice and law

5- How can you support a regime resisting tyranny and suppress the civil
revolution of its people calling for reform and change !, but this does not mean that the

Gulf states use Iran as justification

4- Iran's support for Hamas is not based on a belief in supporting the resistance,

but rather on its use as a tool of pressure. The evidence is that the position towards

Hamas has changed due to its opposition to the suppression of the Syrian regime.
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3- Whoever helps a criminal to commit his crime, verbally, or silently, then he is a
partner for him in what is done with the innocent, and this matter applies to individuals as

it applies to states as well

2 - Exorbitant costs, and the evidence is that the *"Damascus criminal” did not stop
peaceful civilian demands, even by using tanks and barges, killing and intimidation, and

his end would be like his type of actions.

1- One of the inevitable results is that "any political system" does not respond to
the requirements of real democratic transformation and participation, and it will only

survive with the protection of tanks, and temporarily, which is an option.

2- While the rest of the Gulf states sided with the oppressive regimes and
supported them until the end, the regimes collapsed and the people triumphed, "and every

soul has what it won as a hostage."

1- Qatar succeeded in standing by the peoples and gained the respect of everyone.
Al Jazeera succeeded in being the official spokesman for the revolutions, so it

participated in them. Congratulations to Qatar and the island.

What is happening in the ocean is a free lesson, that freedom and dignity are not
deserving of anything but one who is willing to sacrifice for it. Great values are not given

to cowards.
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, What is happening in the ocean is a lesson for cowards, that freedom and dignity
are not deserving of anyone but he who is willing to sacrifice for it. Great values are not

given for free.

2011 is a great year, in which the cell was cleared for Hosni, Ben Ali and Gaddafi
to go down to it, and I think it still accommodates more, what a year it is and I hope it

never ends

Another historic day in the life of the nation, and the sun of Libya will rise
tomorrow without tyranny, without Gaddafi and his gang, and we will soon celebrate the

victory of the Syrian will. Oh God, amen.

2- As for otherwise, it means either that the government is really disrespectful, or
that it believes that the people do not deserve respect in the first place, which is more

likely.

When an issue of this seriousness is raised, the simplest procedure of any

respectable government is for an official to present in it the government's viewpoint on

the crisis and the measures it will take.
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The Central Bank, as usual, will not ask about anything. The banks in Kuwait are
the most honest in the region, and the representatives are all honest, and the accused is

definitely the "ATM machine."”

2- In his presence, passports became worthless documents and borders became an
optional issue, as he contributed to an Arab rapprochement that its organizations and

meetings failed to achieve.

1- Having a program like Twitter is a necessity for the political security of the
Arab peoples, as it is a place where governments cannot determine what people say or

what they should hear.

4- As for the Gulf, the victory of the popular will by itself is considered a threat to
its political security, because it will become the only system in the world that does not

participate in the people’s decision.

3- Due to considerations related to national security because it will not find better
security than this neighborhood, and Iran considers the Syrian regime a strategic ally and

a mouthpiece in the Arab world.

2- One of the strange paradoxes is that the governments of Israel, Iran and the
Gulf stand with the Syrian regime despite their different starting points in this regard:
Israel supports the Syrian regime
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The Israeli raid on the Egyptian border and the killing of Egyptian soldiers is a
clear example of the State of Israel’s keenness on the presence and support of the Syrian

regime and exposes the lie of resistance

Bashar Al-Assad has to make the most important decision in his life by resorting
to Russia, as his end has become confined between two things: an international trial

whose outcome is known or the distribution of his body parts on the streets of Damascus

The formal government and its deputies still consider the excessesConstitutional
and regulatory a political tactic! How can individuals be convinced of the slogans of

respecting the law !?

3- The most dangerous matter: We have a council that does not monitor and most
of its members do not want that, and a formal government that does not work and is

unable to function at all. Is the state marching by the jinn, God forbid

2- The other matter: If the structural deficiencies were caused by executive

decisions and government financial waste, then how can it be accepted for the

government to make mistakes and hold people accountable for that !1?
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1- If every problem is formed for him a committee to present recommendations
and then another committee emerges from it, then the question is what are the tasks of the

Council of Ministers in the first place? From a constitutional and realistic point of view?

7 - Most importantly, our criticism of the Gulf stances does not necessarily mean
forgetting that the Iranian regime is a repressive and inhumane regime and its positions

are based on purely sectarian foundations.

6- Whoever refers to the term rabbinic scholars, | say to him: Exactly who are
these? What is their position on killing a Muslim, demolishing a mosque, and preventing

prayer? And what did they say about that? Where and when?

5- Does the accusation still exist? Are these people of sedition and heresy !? The
most important question is who are the specific scholars? And what do they think of the

events 1?

4- When some of them described those who demanded people to protest and
demonstrate as "advocates of sedition and heresy," but after the support of Sheikh Abdul-

Rahman Abdul-Khaleq, Ajil Al-Nashmi and others

3- Decisions were issued in most of the Gulf countries to prevent mosques from
being exposed to political events, and the "scholars™ did not object to that! Is it an
endorsement and acceptance of separating religion from politics 1?
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2- Fatwas were issued that were marketed regionally to prohibit demonstrations,
then the authority allowed it, and the fatwas were silent! The question is, has it been

withdrawn? Or is it still usable?

1- Gulf governments allowed their people to demonstrate in support of the
demands of the Syrian people and objecting to suppressing their authority, but why did

they prevent their people from demonstrating to demand their rights 1?

2- As long as his reception was for humanitarian reasons, his residence should
continue on this basis until he leaves or seeks political asylum, and he must be alerted to

that.

Saudi Arabia received Saleh for humanitarian reasons, as he stated, but for him to
use Saudi Arabia as a platform to launch political statements for the Yemeni people, it is

totally inappropriate.

Now listen to the speech of the Shawish Saleh, and you have all heard the

speeches of Gaddafi, but the logical question is: How can these strange living creatures

rule a people !?
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The truth is that I find no understandable reason to maintain these relations in
light of this tragic situation other than to give the Syrian regime an opportunity for more

killing, brutality and extermination.

The Syrian people are still being slaughtered without mercy, and the Gulf
continues to issue statements that are not understood in public and to apologize for them

in secret, and relations with the murderous regime still exist.

Shouldn't the size of the private sector’s contribution to the national product be
known first ?! So that he is given the authority to contribute to the economic decision-

making in the first place !?

The government that has extemporaneous and extemporaneous solutions must
bear the consequences of its wrong decisions, but for the government to make a mistake

and the citizen to bear the consequences of that, this is unacceptable.

| wished that the expenses of the "show-offs" had been donated by their owners to
the hungry Somalia and the displaced in Syria, instead of spending huge sums of money

on satiated people, some of whom came to watch

4- Therefore, the prevalence of authoritarian injustice, the popular certainty of its
existence, and the denial of authority to it creates fertile grounds for rejecting reality and
working to change it, and from here the revolution begins
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3- Peoples revolted because the circumstances put them in front of options equal

to death and life, so they tried this new pattern simply because they had nothing to lose.

2 - The highest degree of political corruption is that the corrupt does not lie, for
his informer takes on the task and does not kill with his hand. Security is present and

people do not rob their rights, so the judiciary plays the role for that.

1- The Arab Spring revolutions not only exposed the corrupt regimes, but rather
the corruption of their tools of oppression and injustice, and every time, corrupt security,

corrupt judiciary, corrupt media, is there any preacher?

Bashar enters history as the first head of state to openly declare war on the
defenseless division and bomb Lattakia by land and sea, and solidarity now means

submitting a request to try the pillars of the regime

Any political reform initiative is not based on clear rules of accountability and

accountability, as it cannot be considered politically as reform, whatever its name.

5- Everyone is taken from his words and responded, as for intimidating people
and intimidating them with a legitimate cover, they are security policies and not
inherently legitimate policies, and no one will prevent us from saying the truth, whatever
itis.
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4- Religion came with dignity, freedom and equality, and any practice that
contradicts these values is not originally from religion and should be rejected, just as

Islam does not define priesthood.

3- Wouldn't it be better for me to instead be preoccupied with accusing me of
sedition and calling out to Bashar, denying him demolishing mosques, killing innocent

people and preventing him from praying! What concern for this religion?

2- And for those who have accused us of inciting sedition and disobeying the ruler
as well: See the fatwas of Sheikh Al-Zindani, Sheikh Al-Qaradawi, Al-Azhar scholars,

Sheikh Al-Awda, and others.

1- And for those who have accused us of inciting sedition and disobeying the
ruler: also the Sheikh of Al-Azhar, "It is not permissible according to Sharia to remain

silent about the tragedy that the Syrian people are exposed to."

For those who have accused us of inciting sedition and disobeying the ruler of

Syria as it is not legally permissible. Association of Muslim Scholars

http://t.co/gFKZQKW http://t.co/El'Y Eskf
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3- Therefore, climate disasters, paper market crashes, and hard and easy debts!
The excesses of banks and investment companies and the tampering of tenders are only

diligence

2- As for what anyone does, no matter how great, it is patriotic unless they decide

that it is. It is strange that the authority approves and demands ratification.

1- The problem of the "economic elite” in Kuwait is that they want to monopolize
everything, economy, politics, sports, poetry and literature, and they are the owners of

national history and sacrifices.

4- Do not activate except in rotten puddles, so | have a duty to stand behind

everything that is rotten because creating a clean environment will kill this activity.

3- billion in Syria, Egypt (before the revolution) and Lebanon Although the
markets of Europe, America and Scandinavia are open, they are simply bacterial

investments

2- Therefore, Kuwaiti capital has opposed all revolutions for the same reason,

because the so-called private sectorlt is only active in a corrupt political environment, and

investments are often justified
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Silence about what is happening in Syria from some is not an acceptance of it, but
it is the fear of the regime’s reaction to investments created by corruption, grown by

corruption, and will be uprooted by the deprived.

4- Our sectarianism and sectarianism because we are not used to being
preoccupied with producing medicine, providing food, or competing with leading

civilians, which are the primary requirements for the existence of any civil building.

3- It is for states, and civil construction and development is limited to concrete
buildings and urban formalities without real building for the human being, so it is

considered natural for us to be preoccupied.

2- The ability of societies to participate effectively, control and accountability is
weakened, which actually happened until the region's societies turned into entities closer

to private ownership.

1- What happens in Kuwait and other blatant discrimination is not a real tendency
for one group without another, but it is a policy developed by the British and followed by

governments to keep people busy with each other.

The law is general and abstract rules that address the behavior of the individual,
not his title or belief, but the acts of authority are what makes discrimination with
discrimination and selectivity on these illegal grounds.
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4- To reject the law and not to obey it because accepting it according to these data
means recognizing it as a tool for extortion, which is an illegal purpose and a picture of

deviation in its use

3- Those in charge of it are known only by groups without others, and the
Ministry of Interior and those who agree with it in this approach must know that

selectivity in the application of the law is a legitimate justification.

2- On the authority of the owner of the channel who said, "You see, we are
melancholy and you are ...., and on the authority that withheld the presentation of my
orders, a site and written on the authority of its jurisdiction, it is strange for the Ministry

of Interior."

1- Where is the Ministry of Interior and State Security, on the authority of the
deputy who said that the thousand grant is a wrong and hasty decision! And about the

writer who said, "The greed is for the one who pardoned them."

We will not compliment anyone in the law, and the truth that no one can utter will

be rendered void, and whoever is silent by the devil. As for the accusations of the

interior, they are like declarations and conferences of "the sidewalk."
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5- And your suspicious silence about his "freedom in life", what is the value of
"jeans" originally for a dead person !? Freedom is a much deeper concept than being

reduced to clothes and bids !1?

4- Therefore, it is very logical to ask about the position of the parliamentarians
and the liberal elites as they marketed to themselves how to accept your permanent

defense of the freedom of clothing for individuals

3- The bottom line is that either the understanding of freedom was fundamentally
wrong, or it is just a slogan used for election marketing without being a culture that is

translated into a position.

2- But it is completely incomprehensible that he opposes preventing a woman
from working in the evening, considering that an assault on a general freedom that must
be defended, and then she is absolutely silent about killing that takes place in the morning

and evening.

1 - Regardless of what is said in the festivals of solidarity with Syria, the Islamists

have proven their position, regardless of their motives, but in the end, the content

coincides with the concept of freedom.
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The Yemeni opposition’s demand for Ali Saleh to be tried in Yemen is a
legitimate and deserved claim, and considerations of justice and the requirements for

change require that no one escapes with punishment.

Terrorist groups, traitors, agents, rats, Al Qaeda cells, Wahhabis, Safavids. These
are some of the Arab governments' descriptions of those who opposed them, and in return

they are just and respectful governments.

We hope that the participants in the sit-in will stay away from sectarian narratives
because the machine of murder and brutality did not differentiate them on this basis, and

it is not in the interest of their revolution.

Assad again challenges the world and is determined to fight the armed terrorist

groups that are killing Syrians !!! Is stupid lie an invention of Arab governments !?

Oh God, make me with the truth wherever it is, and that | do not accuse anyone of
evidence and | will not respond to anyone without an excuse, O God, make me one of the

counselors. And peace

10- Because the thing reminds the advocates of freedom in Kuwait who made
statements about the right of women to wear swimwear and remained silent about the

right of the Syrian people to life
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9 - It is more appropriate for him not to be a scholar, so do not invoke the Sunnah
and wear something that is not of it, because the Sunnah of the Messenger (PBUH) is

purified from the falsehood of the hypocrites and official security fatwas

8- A Muslim who does not suffer because of the suffering of innocent people who
are Kkilled without guilt or mercy and an old woman for help, a child crying out for fear,
and a city in which prayer is forbidden by an official decision that is not a human being at

all

7 - Last but not least: What is the Islamic ruling in the Gulf governments
’decision to prevent preachers from touching on the Syrian issue, permissible or

forbidden? And if it is forbidden, why did they not deny it?

6- We heard their opinion about demonstrating and the necessity of obedience to
the guardian, but we did not hear the opinion of the muftis about the permissibility of
imprisoning a person like him? Or imprisoning him without charge? Or banning

preachers?

5- The answer to the question of why the sheikhs specifically? The answer is

simple: that the acts of repression carried out by the authority are based on the opinions

of some and their supporters from the others
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4- The clerics are human beings who are not infallible, nor are they impervious to
error. “Every son of Adam is wrong.” And whoever practices a public activity is exposed

to criticism, then they are not the most generous of the rightly-guided caliphs.

3- And the information is lethargic in every field, there are lethargic politicians,

lethargic clerics and law professors as well, and hypocrites mentioned in the Qur’an.

2- If the protest is forbidden, and it is an obviously disputed issue, then is Killing a
soul without guilt, indecent assault, forbidding prayer, or demolishing a mosque, is

permissible 1?

| do not know the reason for the controversy surrounding fatwas prohibiting
demonstrations now: But it is certain that its effect distracted attention from the basic
matter, which is definitively the sanctity of killing a soul, preventing prayer and

demolishing a mosque

5- We are waiting for the extermination of the entire people !!?

4- Approximately 2000 martyrs and more than 20000 detainees surrounded by

tanks, forbidding prayer and killing innocent people. Should we not exaggerate our

reaction and when should ambassadors be expelled? And does
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3- Isolating the regime internationally by submitting a clear request to prosecute
regime members to encourage them to disavow it and give ambassadors the choice

between expelling them or resigning them and granting them political asylum

2- It will also not contribute to preventing killing and displacement, and what is
required is serious attitudes that reflect the truth of solidarity with a just cause, the first of

which is preventing aid of all kinds and work.

1 - Exaggeration in flattery of the modest and late Gulf reaction is not a welcome
matter, as summoning an ambassador is a protocol procedure that takes place in what is

far below that.

RT @Alqudaimi: Our government, may God guide it, sometimes gives up some
sheikhs and liberals in the position of a Sheikh... Now, what do they do fatwas and

articles criminalizing misrepresentation ...

2- It is well known that silence in the event of the need to speak is a statement and
it is a fundamental rule, so where were those who prevented Friday prayers in Hama by

an official announced decision, who prevented them?

1- Every scholar who has kept silent about killing a Muslim, defilement of honor,
demolishing a mosque and preventing prayer without having an opinion has no value for
his knowledge and the phrase applies to everyone who meets the conditions
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2- It is not fair or just to equate the position of the scholar, Dr. Al-Nashmi, with

the position of the Mufti of interest.

All that you mentioned the term of the Sultans' scholars, some of the description
were disturbed So is every cleric a scholar of authority !? It is strange that some of them

become irritated, as if to say .. Why are you insulting me 1?

Even if it was a late step: the Gulf states should submit a request to refer the
criminals of the Syrian regime to the International Criminal Court as the least that can be

offered to their people and to expel its ambassadors.

Naturally, this talk does not apply only to one group, namely the gentlemen
advocates of the security services, because their jurisprudence is linked to the approval of

the security authority in advance.

Although the Kingdom's announcement of its position was long overdue, one of
its non-political direct results is that, starting tomorrow, it opened the door to sermons in

support of Syria and fatwas of jihad and atonement.

The inevitable result of this speech has put the government in trouble, and most

likely the Syrian ambassador will be summoned tomorrow on "Ghabga."
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The Pope of the Vatican denounces the Syrian oppression, and Angelina Jolie
leads a campaign for donations for the Syrians and May Skaf protests in Damascus: What

do we have left! Talking about the etiquette of fasting !?,

When al-Assad visited Kuwait, newspaper pages were filled with welcoming
announcements in which he paid hundreds of thousands. Did advertisers donate tenths of

these sums to Syrian refugees?

One of the painful facts is that private sector investments are only active in every
corrupt environment, and therefore the national silence about Assad's crimes is primarily

for economic reasons.

The devil’s advocate was silent to kill innocents, demolish mosques and prevent
prayer, and suddenly he spoke to express the Sharia’s opinion on the “draft” fatwa on

wasting the ambassador’s blood! God abuses those like you, O Medals

As for the recommendation to urge a solution to the problem of student
admission, it seems that the prime minister does not know the difference between the

cabinet, which is the highest executive body, and the parents ’council.

Tanks storm Deir Ezzor and kill 50 civilians in the storming, and the Kuwaiti
Cabinet maintains diplomatic representation and calls for activating dialogue! What a
great position
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Wasting fatwas are not a culture for anyone without anyone, and “it is
unacceptable to me,” but a fatwa was already issued against Salman Rushdie's blood, so

would the Qallaf dare to denounce her 1?

It is strange that the "disrespectful” statement was issued in the wake of the Syrian
regime’s decision to ban Friday prayers in Hama and the bombing of mosques: There is

no strength and no power except in God!

The statement of cooperation on Syria are expressions that do not carry any
implication or significance, as it suggests that the Syrian people are a partner in the

bloodshed. In general, stop your support for the regime and thank God for your efforts.

6- | participated in the embassy gathering because | am convinced of the
usefulness of the symbolism of the gathering there, because the message will be clearer.
As for the conversation, it is not always important. | have nothing more than what | say

here.

5- The ambassador is an invitation that is rejected in form and substance and
should not be taken as a justification to reduce all the positive aspects of the movement
and an explanation for the failure of others to say the word of truth and support the

oppressed,
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4- Whoever is victorious for Syria and its people must not weaken its revolution
by giving it a sectarian dimension, because that is what the murderous regime promotes

and what it wants: As for the referendum of blood permitting

3 - The silence that kills them, and | am sure that Kuwait, which was silent
yesterday, will not be silent now about what is happening in terms of killing, oppression

and oppression, and Kuwait, the people and the government, will be a voice for truth

2- The imposition of a sectarian character by some on the objection does not
reflect the reality of the Syrian oppression, which does not distinguish between a religion

or a sect, but at the very least we broke a part of

1- The explicit message of solidarity that the Kuwaiti people sent to the people of
Syria, the "slaughtered prisoner", cannot be reduced to an impulsive expression. It is

certain that whoever said it does not realize its dimensions.

2- | think that the Syrian embassy is the appropriate place to protest and object to
the regime’s actions in Syria, unless the purpose is merely to establish a position of

discharge.

1 - 1 do not have the authority to direct people to protest in a specific way, but my
belief is that the Will Square is not the appropriate place to send a protest message of this
kind for that
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4- Denying rights and brutality is a crime in all religions, boredom and laws. It is
not humane to be happy with wronged pain or innocent death because it disagrees with

you in opinion or belief.

3- When we deal with humanity as a value, we can weigh things fairly, while
selective attitudes reflect shortcomings in the human sense and the killing of innocent

people.

2- Therefore, my opinion about Syria came in line with what | mentioned in
Bahrain and Yemen, and it is a principled position that is not affected by the very

sectarian sphere of opinion. As for the positions of others, they are asked about it.

| am aligned with the legitimate demands of any people, and therefore my opinion
was clear and frank about Bahrain, supporting their right to legitimate claims and

denouncing all forms of brutality and oppression.

2- In Will Square, it is a clearance that is not commensurate with the scale of the

crime and its ugliness. Moreover, it is customary for the security presence in it to be

greater than the number of participants.
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1- Whoever wants to support the Syrian people, he must go to the place where the
message reaches to the influential Assad, the Syrian Embassy or the Ministry of Foreign

Affairs, with specific demands, either the gathering

The currents, writers and institutions that spoke about the Syrian issue after the
Security Council’s condemnation and the statement of the US State Department: So did

they pay attention to the situation now, or did they take permission?

2- In Syria, children and women are killed during the month of Ramadan,
mosques are demolished, and you consider mere exposure to the subject a trial! What

temptation is greater than deceiving you on religion in Ramadan?

1- A final message to the sheikhs of the security apparatus in the events of

September 11th, when the platforms were mobilized to deny the crime.

3- Considering that the liquidations that happen in Syria constitute a crime of
genocide, a crime that gives the right to any member of the United Nations to request that

it be presented to the body that has jurisdiction over it.

2- Working on crystallizing a project that is presented and presented to the
Security CouncilThe Gulf Cooperation Council countries should request the activation of

the Rome Statute and prosecute the perpetrators of the killing of Syrian civilians
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1- First: the representative of the killer of children and women should not stay in
Kuwait for an additional day, second: the government’s statement regarding Kuwait’s

official position must be clear and explicit.

In order for the festival of solidarity with the Syrian people not to turn into a show
festival that does not carry a vision or vision that alleviates the suffering of the Syrian

people, the demands must be clear and specific.

2- For this reason, the killing of individuals or the denial of their legitimate rights
was not a sufficient motive to interrogate any Arab regime, as murder and denial of rights

are methods used by all authorities

1 - The Arab revolutions have proven the bias of power to the authority and the
people towards the peoples, and to understand this equation you must know that the Arab

authorities were not in any country a part of the people

The fall of the Assad regime has become inevitable, but the timing of this fall and
the mechanism of accountability for the pillars of this regime is the matter that the Syrian

people will determine soon #Syria

Some mourned the mere trial of Hosni Mubarak and considered it an insult to him
despite the clear guarantees, but they forgot the insult of eighty million people and a

thousand years of Egypt's history.
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2- And that the insults and pain are not forgotten, no matter how long they last

1- The symbolism of the trial of the former Egyptian president, his appearance
and the pillars of his government before the judiciary of his country, an outstanding
message that translates the mobility of the Arab street and its aspiration for freedom and

dignity

A Syrian citizen's call to Al-Jazeera stated, "When mosques are demolished,
women are widowed, and symptoms are violated in Ramadan, the Muslim fasting

becomes like dogs starvation."

5- Knowledge that is not translated by action or position is not science and the
world that does not deny this crime by word or deed is not a scientist, but whoever uses

religion to justify criminality is a criminal

4- Is it a religion to kill people without sin? What is the ruling on killing a Muslim
in the mosque? And in Ramadan? What is the ruling on bombing mosques? Question to

those whom the authority called the nation’s scholars

3- What is happening in Syria now is a crime of genocide and silence about what
is happening is collusion to kill an unarmed people whose government did not take into
account the sanctity of Ramadan or the sanctity of mosques
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2- Are Bashar and his regime still governors of a matter that it is not permissible
to go out or even pray for them? Or is the security directive the direct source for

spreading fatwas that deceive religion!

1 - After tanks bombed the Al-Hamidiyeh Mosque and Killed the worshipers in it, | do

not know what new justifications are for fraudulent bodies and advocates of demons and

the imams of the Sultans, and the question
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