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Conclusion and Feature Work

The main aim of this thesis is to address the task of sentiment analysis of Arabic microblogs.
Precisely, analyze the public's opinions regards the entertainment events hosted by the Saudi
general entertainment authority through utilizing a supervised Machine Learning (ML) approach
to perform Sentiment Analysis (SA). Monitoring and analyzing the information scattered on
twitter can obtain an accurate estimation of the user's attitude and feelings toward these events.
This task has been covered widely in multiple language, mostly in English, while the work in
Arabic language is limited. The reasons for that is the morphological challenges Arabic language
poses and the scarcity of publically available annotated Arabic corpora. Consequently,
addressing this task posture many challenges, some are the creation of Arabic sentiment
resources, examining different machine learning techniques, investigating and extracting a set of

features that work the best in the domain of sentiment analysis.

To this end, the four research questions addressed in this thesis will be revisited:

RQ1: How to create a sentimental-based textual corpus containing public opinions toward
entertainment events in Saudi Arabia?
RQ2: Which machine learning method is the most efficient in implementing sentiment analysis
towards entertainment events in Saudi Arabia?

RQ3: What are the set of extracted informative features in the domain of sentiment analysis?

RQ4: How to represent semantic features to improve the model performance?



In this final chapter, we sum up our main conclusions, findings, and contributions concerning our

work toward answering the above questions.

1.1 Main Thesis Results

This thesis addressed the task of Arabic sentiment analysis from different aspects, with goal to

contribute to different area.

1.

Resource Development: Utilizing machine learning algorithms to develop Arabic SA,
requires the creation of textual resource (i.e. annotated corpus). Chapter V answered the
first research question (RQ1) in which we introduced our methods of constructing a
domain-specific Arabic corpus for sentiment analysis. We created an Arabic corpus
obtained from Twitter as one of the most popular microblogging platforms targeting the
trend hashtags of Saudi entertainment events. Due to Twitter data structure and nature, it
was a challenging task to clean, prepare and keep a reasonable amount of textual data.
The annotation task was one of the main challenges for this chapter. The annotation
process is expensive and time consuming task, where two Arab users are employed to
label the corpus. At the end of the chapter, a corpus contained 2769 tweets labeled to
three categories (positive, negative, and neutral) was constructed.

Features Extraction: Chapter VI represents the baseline model where it served as a
benchmark for the upcoming machine learning classifiers experiments. We implemented
our baseline model using Multinomial NB algorithm. We utilized a set of count-based
feature, n-gram models (unigram, bigram, and trigram) and TF-IDF. The experiment was
on tow level of classification (binary and multiclass). The model performance achieved

88% on binary classification and 80% on multi-class classification using the unigram



model. One of the findings of this chapter is that class imbalance affects the classifier
performance as the learning algorithms need a balanced corpus to produce steady results.
In Chapter VII, further feature extraction considering words representation was taken
beside the bag of words n-gram models and TF-IDF; that was phrase modeling. The
experiment demonstrates that Phrase modeling combined with n-gram affects the model
performance as those words who frequently appears together indicate different semantic
“meaning” which influence the model ability for more accurate prediction. In Chapter
VIII, we investigated the use of word embedding features to extract syntactic and
semantic properties out of the words. We developed two models for vector
representations, CBOW and SG and both models were trained based on a different set of
parameters. The skip-gram model provided better word predictions. However, word
embedding as a semantic feature did not enhance the classifier’s accuracy, due to the
small training corpus in hand. To overcome this problem, we increased the data size and,
yet the classifier’s performance remains constant. Thus, generated embedding on
(stemmed and tokenized phrases) was another action taken to strength the discovery of
patterns over the training dataset. The proposed solution improved the performance of
the classifiers on both corpora. However, the results on the large corpus yielded to higher

performance. The findings of these three chapters answered the research question (RQ3).

Machine Learning Classifiers: Three different ML classifiers were examined and their
results were compared with each other based on two main evaluation methods. The first
is cross-validation that applied to ensure training the model on all portions of data and

calculates the average results. The second was testing the models on a holdout set of data



to validate the accuracy based on unseen data to assure the models’ ability for
generalization. The experiments of Chapter VII and Chapter VII outcomes declare that
MNB outperforms SVM and logistic regression classifiers with average accuracy of 91%
on the holdout dataset while MNB and SVM achieved similar results on the cross
validation with 87% accuracy. However, the results of classification models using the
semantic features on the small corpus, declares that SVM score similar results with 89%
as the LR on the holdout set. Interestingly, the LR performance remains constant as
before adding word embedding features and similarly dose on the cross-validation results,
where the accuracy was 86%. Surprisingly, SVM achieved higher accuracy before
utilizing the word2ved semantic features. The model performance decreased when
applied on the large corpus in the cross validation, where LR scored 85% and SVM
scored 84%. Interestingly, the classifiers performance increased on the holdout set
achieving 90% accuracy. In respond to (RQ2), MNB machine learning classifier
performed well in comparison with the other examined classifiers for the sentiment
classification task. Regarding to (RQ4), word embedding can capture semantic properties

of the words in context, yet it requires the use of large training corpus.

1.2 Main Contribution

In summary, for the above discussed thesis findings, the present work has made the following

contribution:

1. The study contributed toward enhancing the Arabic language sentiment resources. We Built
an annotated corpus from domain-specific microblogging (i.e., Arabic tweets) related to

Saudi Arabia entertainment events in which we will make publically available.



2. The study developed Arabic sentiment classification by learning three different classifiers
(SVC, MNB, and LR), in which to perform a comparative study concerning the accuracy in
performing classification task.

3. The study presented a set of informative features on the developed model. Involving the
BOW, n-grams, phrase modeling and TF-IDF, in which different supervised classifiers
algorithms were applied and compared according to different feature sets.

4. The study investigated different word representations that can capture the relation between
words (syntactically and semantically). An examination of word embedding methods as a
semantic feature on the developed model’s performance was one of the main contributions of

this work.

1.3 Limitations

Upon completing this study, different limitations of the conducted work will be point out in this
section.

1. Corpus size: The small dataset was one of the limitations of this work. Constructing a
large Arabic sentiment corpus requires intensive time for all crawling, cleaning, and
annotation process. Due to the time constraints to finish this work and meet deadlines,
we were able to collect data over 4 months crawling period. Indeed, during the time
period over 80K tweets were collected. However, the context of those data was full of
noise and irrelevant data. Thus, the constructed dataset contained only 2769 tweets
which represent the sentimental corpus of this work.

2. Computational resource: The size of the corpus was a major factor concerning the word

embeddings features extraction. As it requires a huge amount of data for the model to



deduce semantic relations between the words. However, using a pertained corpus might
assess to overcome this issue. Nevertheless, the lack of powerful computational resource
was one of the factor that prevent us of using pertained corpus.

Features extraction: The work did not investigate the syntactical features of the language
such as parts of speech (POS) and base phrase chunk (BPC).

Negation and sarcasm: in the scope of our work we did not conceder handling negation.
As we mentioned in the literature review the effect of negation on the overall semantics
of the text. Also, dealing with sarcasm where the context of the text conveys opposite
meaning to the words presented which accordingly affect the overall sentiment of a

given text.

1.4 Future Work

There are many different directions to carry on based on this work. Arabic sentiment analysis is

still an emerging topic in comparison with the conducted work in other languages. Researchers

could do some of the following path toward evolving the research area in Arabic SA.

1.

Developing more Arabic annotated corpora to overcome the limitation of the publically
available corpus. The existence of Arabic sentiment recourses, will encourage the
researchers to continue in advancing the research area.

As for extracting semantics features, using a pertained corpus as for the model to deduce
better relations between the words.

As for a high inflectional and morphologically complex language as Arabic; Language

dependent features such as "morphological-based, syntactic-based, and dependency-



based features" caught less attention than "word gram and microblogging features" and
needs to be investigated and evaluated.

Handling negation is one of the major challenges in Arabic sentiment analysis, though
few works have tried to address this issue. Negation in Arabic needs to be investigated
more, especially with the use of machine learning algorithms; as most of the trials used

opinionated words count and lexicon based methods.



