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Abstract: The quantity of data generated from Twitter and other social networks is enormous and expanding
rapidly because of the growing number of users online who share thewr opimions and thoughts on these
platforms. Extracting useful information from these data would be helpful for decision making related to
services, products or people. One type of extracting information from these data is Sentiment Analysis (SA)
it refers to prediction of the polarity of words to classify the expressed written feelings and opimions into
positive or negative. Therefore, SA gives the organizations the ability to observe people’s feelings on particular
1ssue for example their brands and products. Although, a wide range of methods have been deployed to make
such analysis but it can be used for Latin texts. On the other hand, the more complex to analyze and
morphologically rich Arabic language generate a big sum of data through social media but very few analysis
have been conducted on this language and its big variety of dialects. This study surveys the SA of Arabic
contents, focusing on the lexicon-based methods used for extracting sentiment from Arabic Tweets written in
Modern Standard Arabic (MSA) and dialectical forms. Besides, reviewing Arabic language challenges, along
with going through the pre-processing tools used in the literature with some recommendations. Furthermore,

showing how they generate sentiment lexicons and how they handled negation
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INTRODUCTION

Recently, data is considered as a currency, since, it
keeps increasing mn size and value. Every 2 years, the size
of data is doubled (Gantz and Reinsel, 2012). The
generated data in 2013 reached 4.4 Zettabytes (ZB) and it
18 predicted to reach 40 ZB mn 2020 (Gantz and Reinsel,
2012). About 75% of these data i1s produced mamly by
mdividual users (Gantz and Reinsel, 2011).

This continuous growing of data produced every
second through social media, blogs and review sites 1s
becoming larger and is hiding real value such as
understanding public opinions and needs about products,
policies and services. Analyzing this data could unlock
the hidden value and make it useful for better and more
mformed decision making. SA 1s interested in extracting
sentiment from these data to make it useful information, it
aims to find the authors feeling on a certain matter n a
plece of text in term of positive, neutral or negative.

There are two main approaches for SA. The first
approach 1s supervised leaming which make prediction of
results based on training from annotated dataset. Data
can be annotated manually by human annotators or from

data itself such as number of stars obtained from the
author. And to perform supervised learning approach a
learning algorithm is required beside training dataset.
Many earming techniques have been used such as Naive
Bayes (Narayanan et al., 2013; Pak and Paroubelk, 2010),
Support Vector Machines (SVM) (Pak and Paroubek,
2010) and Decision Tree (Al-Horaibi and Khan, 2016). The
second approach which his paper
unsupervised called lexicon-based no traiing is required
for this approach. Tt measures the polarity of a text

focuses 1s

based on the semantic orientation of the occurred words
(Al-Horaibi and Khan, 2016). Therefore a lexicon
containing vocabularies along with its sentiment polarity
or strength 1s requred for lexicon-based approach
(Rabab’ah et al, 2016). Further differences between
lexicon-based approach and supervised learming can be
found on Table 1.

Twitter 1s a very attractive source for SA
(Shandilya er af., 2017). It 1s the most famous micro
blogging website where users can post and share
messages instantly about their opimions towards variety
of topics to discuss on a variety of issues and to express

positive or negative feelings on products they have used
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Table 1: Difference between supervised leaming andlexicon-based approaches

Variables Supervised earning approach Lexicon-based approach

Labeled dataset  Required Not required

Training Required Mot required

Classifier speed  Low High

Accuracy High Dependent on lexical
resources

Domain Depend Non dependent

Sentiment Optional Required

lexical

(Agarwal et al., 2011). Therefore, 1t 1s rich of people’s
opinions. Through APT provided by Twitter all Tweets are
available freely (Sheela, 2016). Hence, it 1s the main source
of data in this study.

Twitter 1s one of these social media platform and 1s
considered very popular in the Arab region. The latest
report of Arab statistics on social media produced by
Anonymous (2017) indicates that there are more than 27
million Arabic Tweets are produced daily by 11 million
Arabic users i 2017. While the researchers interest
toward this language is very small. The reason for this
less interest toward this language might be because of the
complex structural, morphological and grammatical nature
of Arabic, especially in the dialectical form (Refaee and
Rieser, 2014) along with the limitation of tools and
resources such as labelled corpora, dialectical lexicons
and morphological analyzers (Abdul-Mageed and Diab,
2014).

MATERIALS AND METHODS

Arabic language challenges: Arabic is considered a
derivational language, since, a three-letter root word can
form many other words with different meamngs. For
example, the root ( . ,) may form (“..”, “modesty”,
positive) or (“...” , “rascaldom”, negative). In addition,
the grammatical rules of Arabic there are several forms
and shapes to the same word based on its suffixes,
prefixes and affixes. Often one Arabic word has more than
just one affix it may be expressed as a mixture of prefixes,
stems and suffixes. The prefixes are articles, conjunctions
or prepositions. The suffixes are usually objects or
possessive anaphora. Besides, different shapes can be
written for Arabic letters. For example, the letter “., Alif”
has four forms (, ., , . ) (Mobarz et al., 2014). Therefore, this
leads to some challenges to analyze Arabic text’s
sentiment. This highlights the big effort made with Arabic
Natural Language Processing’s (NLP) fundamental tools
such as the morphological analyzer, syntactical parser and
Part of Speech (POS) tagger.

There 1s still a lack of sentiment resources for the

Arabic language such as annotated corpora, robust
parsers and sentiment lexicons. The built resources for
Arabic are not yet complete and difficult to be found by
Medhat et @l (2014). And when compared to English,
the research toward building Arabic corpora 1s limited
(Ttani et al., 2017). Moreover, Arabic dialect sentiment
lexicons are not publically available (Abdul-Mageed and
Diab, 2012).

Tn addition, the informality in the Arabic language on
social media 1s considered another issue because of its
big number of dialects in each country of the 22 Arab
countries, besides its nature i1s non-grammatical and
unstructured (Assiri et al., 2015) which camot be
analyzed by morphological analyzers tools and cannot
apply POS on such language (El-Beltagy and Ali, 2013).
And since, the difference between colloquial Arabic and
MSA 1s not only the vocabulary, also, the randomness of
its structure, that makes parsing this text very challenging
task (Elawady et al., 2015).

RESULTS AND DISCUSSION

General process flow of lexicon-based SA of Arabic
Tweets: SA of Arabic Tweets can be decomposed into
several steps as in Fig. 1. Tt starts with data collection and
inthis study, we focus on collecting Tweets from Twitter.
Therefore, most used crawling Tweets methods are
reviewed in the next section. Then the preprocessing
phase, where cleaning and filtering are applied on the
Tweets. The next step is how researchers handled
negation. Then to classify the content to positive and
negative based on pre-built lexicons, the Arabic literature
toward lexicons generation which 1s the core of the
lexicon-based SA 1s also reviewed. The final step 1s to get
the overall sentiment value and evaluate the performance
by using a dataset collected from the first step. These
stages as in Fig. 1 more described in details.

Collecting Tweets: The first step 15 tweet’s crawling
through specifying key words that gather related
Tweets. Several methods are used in collecting these
Tweets. First method is the Tweet crawler which
gathers linked Tweets based on inquiring Twitter web
service (Pak and Paroubek, 2010; Hamouda and El-Taher,
2013). The second method which is recommended in this
study 1s to use Twitter Application Program Interface
(APT) which Twitter provides, this gives developers the
capability of using functions like retrieving Tweets with
a certain key word or a certain language using the query
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Fig. 1: General process flow of lexicon-based sentiment
analysis for Arabic Tweets

“lang = ar ” to retrieve content in Arabic. It 13 the most
popular method used to collect Arabic Tweets among
researchers (Al-Horaibi and Khan, 2016; Al-Horaibi and
Khan, 201 6; Rabab’ah et al., 2016); Shandilya et al., 2017,
Agarwal ef al, 2011; Sheela, 2016; Anonymous, 2017;
El-Beltagy and Ali, 2013).

Another way to collect the Tweets 13 by NODEXL
tool (Albraheem and Al-Khalifa, 2012). Which is an open
source plug-in for Microsoft Excel and it allows automated
import of any data stream from social networ servers into
a spreadsheet of Excel.

Pre-processing: Pre-processing 1s about cleaning the
unsentimental contents in a text like hashtags, user
names, punctuations, URLs and pictures. Followed by
tokenization stage, thus technique reflects the idea of
dividing the sentence to its terms. After the tokenization
stage is the filtering stage which is about the
correction of misspellings and phonetic errors besides
removing diacritics, elongation and repeated letters is
umnplemented.

The fast typing of users or the wealk spelling skills of
users leads to the misspelling. While sometimes if users
wanted to express feelings about something, they repeat
letters n the same word, especially vowels, like (_.
“alooooct 7). In the classification process it is very vital
to remove these repeated letters from words to identify
the word. For instance, the word (__. “alocooot™) change
to (.. “alot™), since, the vowel (,) s repeated several times.
So, researchers substituted the repeated letters with only
one letter. But it 1s suggested to tag an mdicator of
intensification for such words after removing the repeated
letters, since, people tend to use it for intensification, for
example, (greaaaaaat) is more positive than (great).

Stop words removal is applied then to those words

do not have any effect on the meaning held in the text, like
prepositions. That increases the speed of the analysis and
the accuracy of the results. Khoja stemmer tool 15 an
available stop word list for MSA but it includes 168 words
only. And El-Khair (2006) created a list consists of 1,377
words. But the 1ssue here 135 the wmavailability of stop
word lists that include dialectical and informal words
which are used widely in social media. Therefore, it is
recommended to add more stop words to the stop words
lists from other dialects of Arabic, since, Tweeters do not
use MSA.

Then the normalization phase where Arabic text is
converted from various forms to a common form. The
normalization conditions represented as following:

Remove all punctuations from the Tweets such as
(. 7", remove all diacritics such as (w..), Temove non-
letters from the text such as (+ =~ §), remove elongation
(), for example, using elongation the word (. ) may
look like (= ).

Replace (..., ) with bare alif (), replace final () with
(.), replace final () with (), replace first () with (),
replace (,) with (,) and replace () with ().

Finally, stemming phase where words are reduced to
its base form. The obtained stem might be same as the
root or different from it but it is valuable, since these
words map to the same stem in general, even if the
obtained stem 1s not a root. Table 2 highlights the
main pre-processing tools used in the Arabic lexicon,
based SA.

From Table 2, it have been noticed that tokenization
1s mandatory and it should be the first tool used for
pre-processing. Then normalization and stop word
removal, respectively in the same order make a must use
tools for SA. And it is useful to handle the repeated
letters also. Dealing with misspelling 1s not widely used,
since, most of the informal vocabularies cannot be
distinguished from misspelled words. On the same
manner, part of speech taggmg 1s also difficult to be
implemented for such language. Fmally, the results show
that it is recommended to malke stemming in the last
step.

Lexicon generation: To determine polarity, data 1s
matched with opinion words of sentiment dictionary in the
lexicon-based approach. A sentiment score is given to
these opimon words to show how negative, positive or
objective they are in this lexicon, Identified and
precompiled sentimnt terms, phrases and idioms used
for communication are the sentiment lexicons that
lexicon-based approaches depend on It starts with
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Table 2: Pre-processing tools for SA of Arabic text, numbering on each raw show the order of each tool

Handling
Stop Stemming repeated Noun Removing  Part-of-speech

Researchers Tokenization words  removal Misspelling  T.etters  Norm alization removal punctuations tagging Others

El-Beltagy... (2013) 1 2 3

Appel ... (2016) 4 1 2 3

ASSIr v (2015) 4 5 2 1 3: Phonetic
errors

Assiri o (2017) 1 5 4 2 3

Elawady ... (2015) 1 2 3

Badaro ... (2014) 1 2

Assiri ... (2017) 6 5 7 1 2 4 3:Removing
diacritics

Samhaa 3 2 1

Mataoui (2016) 1 3 2

Mustafa ... (2017) 1 4 3 2

Al-Horaibi and Khan 1 2 5 3 4 6

(2016)

Salameh ... (2016) 1 2 3

Elawady ... (2015) 1 3 4 2

Al-Harbi (2016) 1 4 2 3

Refaee and Rieser (2016) 1 2 6 4 5 3

Rabab’ah ... (2016) 1 3 4 2

Al-Moslmi ... (2017) 2 4 3 1

Aldayel and Azam (2015) 1 5 4 3 2

Abd-Elhamid ... 1 3 2

(2017)

Al-Kabi ... (2014) 3 2 1

Al-Kabi .. (2013) 4 2 1 3:Removing
non-Arabic
text

Alotaibi and Khan 3 5 4 2 1: Converting

(2017) emoticons
to text

Total 18 17 16 4 7 15 3 4 2

Average of order 1.6 34 3.9 2.5 1.8 2.1 4 2.2 4

constructing a set of words that have sentiment In another research, researchers started with 300

orientations. Then performing classification 18 done
through making a combination between these words.
Therefore, the classification i1s more accurate when the
used set is more comprehensive.

Many methods are implemented to generate
lexicons. Some researchers built their lexicon manually
(Albraheem and Al-Khalifa, 2012), some used synonyms
and antonyms to expand a small set (Abdulla et al., 2013;
Refaee and Rieser, 2014) while others used methods
based on statistics and semantics such as PMI
(Mohammad et al., 2016) and the links between the terms
(Eskander and Rambow, 2015). Researches by
Albraheem and Al-Khalifa (2012) have manually
constructed manually a 200 word lexicon. The results have
been affected by the size. They found that the stemmer is
useful to reduce the size of the lexicon, since, multiple
words have the same root at the lexicon. Also, Mourad
and Darwish (201 3) created their 3982 adjectives polarity
lexicon manually. And by translating the seed list of
Turney and Littman (2003) into Arabic and using it along
with some random words ncluding objective words also
(Mobarz et al., 2014) expanded the list to obtain 150,000
words in SentiRDI.

words as a seed from SentiStrength. Then these words
translated to Arabic. Two individuals annotate every
word by 1 for positive words and -1 for negative words.
Then using Sakhr dictionary, a synonyms list extended
the lexicon. After adding emoticons to the lexicon it ended
with 2376 entries (Duwairi et al., 2015). While ArSel.ex
was created manually by collectin 400 seed words then
expanded manually by adding synonyms and antonyms,
then automatically expanded from several online sources
to form a 5244 adjectives lexicon (Thrahim et al., 2015).

Building a sentiment lexicon was proposed by
Al-Ayyoub et al. (2015) in three steps. Fist to collect
Arabic stem, next translating these stems into English and
finally. Finding the sentiment score of these stems from
English sentiment lexicons located online. Around 120,000
stems have been gathered into the lexicon.

A lexicn-based method was adopted by El-Beltagy
and Ali (2013) they built a lexicon form extending a seed
of 380 words. Then, they annotate the lexicon’s words by
using two algorithms, to present the earliest lexicon with
scores to its entries. Finally, they mnplement two
approaches to find the overall sentiment of the collected

Tweet’s 15 called the sum which sums the word’s

7316



J. Eng. Applied Sci., 13 (17): 7313-7322, 2018

polarities in a Tweet’s the second is called the double
polarity to find for each word in a Tweet its positive and
negative score. These two scores are given to every
polarity word based on the word’s frequency m the
COTpus.

The lexicon-based approach has been under trial for
improving it in Abdulla et al. (2014). The construction of
their lexicon consisted of four stages. First, the
SentiStrength website was used for selecting 300 seed
words. Second, they added the synonyms of these words
to the lexicon. Third, A scheme called term frequency
welghting was used for identifying the missed words in
the preceding steps and finally, words from different
Arabic dialects were added to the lexicon for enlargement.
Then a SA tool was created for calculating the text’s
polarity without neglecting negation and mntensification.
Simple lexicon-based method was used which depends on
classifying the sentence based on the higher number of
negative or positive words counted in it.

Three SA methods for Arabic were presented by
Al-Twairesh et al. (2016) a simple lexicon-based method
was one of them but its performance 1s enhanced by
adding a set of features to handle valence shifters such as
negation and mtensification.

A comparison in performance of supervised
and lexicon-based approaches have been held by
Abdulla et al (2013). The researchers studied
corpus-based and lexicon-based approaches for Arabic
SA. They developed an Arabic lexicon using a seed
of 300 words and then synonyms were added to the
lexicon. And aggregated all polarity weights of these
words after applying negation and intensification to these
weights. They indicated that the performance is poor
when the lexicon is not sufficiently large in the
lexicon-based approach.

SANA was presented by Abdul-Mageed and Diab
(2014) as an Arabic sentiment lexicon. Tt combines
manually created lexicons such as HUDA and SIFAAT
and involves manual annotations, automatic machine
translation and gloss matching by using several resources
such as SAMA and THARWA. SANA includes around
225,000 entries but many of them are mflected, duplicates
or not diacritized which makes it and hard to be useable.
It covers two dialects, Egyptian and Levantine. And 1s not
applied to SA tasks yet.

Badaro ef al. (2014) built a large-scale sentiment
lexicon for MSA and called it ArSenl.. ArSenl. consists of
28,780 lemmas and 157,969 related synsets. It 13 a
combination of four existing resources: English WordNet
(EWN), ArabicWordNet, SAMA and SentiWordNet. But
it does not include dialect words but only MSA.
Therefore, the accuracy 1s affected when it 13 applied
on social media.

Following the example of ArSenl., Eskander and
Rambow (2015) constructed Standard Arabic Sentiment
Lexicon {(SLSA) by developing a matching algorithm
between entries in SentiWordNet and entries of an Arabie
morphological analyzer. A link is create then if there is a
match between the entries from both. And the score is
assigned to the entries from SentiWordNet. Nevertheless,
SLSA just like ArSenl has no dialect words. Hence, social
medi text cannot be accurately analyzed.

Three lexicons for Arabic were generated from Twitter
by Mohammad et af (2016). Each one from a Twitter
dataset was collected as following: the first dataset
contained emoticons, the second contained a seed list of
hashtags for positive and negative Arabic words and
the thuird also contained hashtags of dialectical Arabic
positive and negative words. Then three lexicons were
generated using PMI from these datasets: 21, 964 for
Arabic Hashtag Texicon, 20, 128 for Dialectal Arabic
Hashtag Lexicon and 43, 304 for Arabic Emoticon
Lexicon.

While researches of Assiri et ol (2017) built an
Arabic lexicon in three steps: first, from El-Beltagy and Ali
(2013), they used a learning algorithm that employs seed
words to expand the lexicon. In the second phase, they
used a lexicon created by Badaro ef al. (2014). This lexicon
contains 154k words along with their punctuation. Since,
every punctuation makes a different meamng for the
words, there were different punctuations for same word in
the lexicon. But the usage of punctuations by Tweeters is
seldom, therefore, they removed them from the words.
Then, they removed Arabic diacritics from words.
Because the same word could appear in the lexicon with
different diacritics, therefore, the lexicon might have
duplicate text. So, they removed duplicate entries from the
lexicon. In the third phase manually added new words.
And they finally got a large-scale lexicon and 1t contains
over 14k sentiment words.

Samhaa started from the earlier work of El-Beltagy and
Al (2013) and then assigned scores to the Arabic words
of the lexicon m three steps. Furst, by collecting 100
Tweets for each word using Twitter’s search AP, ending
with almost 500k Tweets. Second, finding co-occurrence
statistics from the dataset. Finally, find the score for each
word using these statistics based on the hypothesis that
the stronger a polar term is, the less likely it is to co-occur
with terms of an opposite polarity.

A semi-supervised approach presented by
Mahyoub et af. (2014) to identify sentiment of Arabic text.
A sentimen score was assigned for all the words of Arabic
WordNet by using a small wordlist of positive and
negative Arabic words as a traimng set first then using
the relation between the words of Arabic WordNet they
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The obtained lexicon
consists of 800 positive words, 600 negative words and
6000 neutral words.

And i a hybnd approach proposed by
Al-Moslmi et al. (2017) they built therr own sentiment
lexicon called Arabic senti-lexicon by two methods
manually by three annotators and automatically based on
the appearance of these words in positive/negative
reviews.

Finally, Mataoui (2016) created a lexicon for the
Algerian dialect only. They relied on the lexicon of
El-Beltagy and Ali (2013) which its words are from
Egyptian dialect and MSA. First, they remove all words
not used in the Algerian dialect. After that, they added all
the word of the Algerian dialect which are equivalent to
Egyptian and Arabic words i the lexicon. Finally, they
added the commonly used words of the Algerian dialect
that carry positive or negative opimon. At the end of
these steps, the constructed lexicon ended with 3093
polarity words.

spread the sentiment score.

Handling negation: Most research studies for Arabic SA
somehow avoided handling negation (Abdulla et al.,
2014). Negation words reverse the polarity of the sentence
most of the time, changing positive sentence into
negative and vice versa. Therefore, it sigmficantly affects
SA (Assiri et al., 2017). Some researchers mentioned that
they handled negation but without showing how they did
it (Abdulla e ai., 2014; Al-Kabi ef ai., 2013). While other
studies adopted the switch negation technique to handle
negation which 1s reversing the next word to a negation
word to a opposite value (Pak and Paroubel, 2010;
Hamouda and El-Taher, 2013; Abdul-Mageed and Diab,
2014; Ttam et a., 2017, Abd-Elhamid et al., 2016) which
fails when polarity word is not next to the negation

13 27
PP )

word such as in where the middle word is
non-polarity word means decision and the first is a
negation word while the last 1s a polarity word means
good, hence, the result should be negative in thus
sentence. In another simple handling of negation
(Al-Horaibi and Khan, 2016) created a list of negation
words that are used frequently m the Arabic language
when such negation words are found n the classifier, a
score of (negative = 1) is given to the word in the list. And
another study multiplies the weight of the negation word
by the sentiment orientation of the next word and
then add it to the total sentiment orientation (Mataoui,
2016).

The negation was handled by Al-Twairesh et al.
(2016) by checking if positive or negative word 1s along

with the negation word. If 1t 13 positive then no increment

to the counter of positive words. But if the word is
negative then this time do the increment to the
counter of negative words. Besides, considering the
negation word’s score to be-1. Using this techmque
the performance increased by (1-4%) across all
datasets.

Four rules to handle negation were proposed by
Assiri et al. (2017). First to switch the word with polarity
after the negation word. Second, only switch the first
polarity word even if it appears two or three words after
the negation word. Third if the term “,” (no) is followed by
a non-polarity word first then a polarity word it makes no
change. Fmally, if a negation word 15 followed by
non-polarity words then it 18 considered as a negative
tweet such as mn “not a dialogue style”. These rules
increased the performance by 3%.

Evaluation: The most popular measurement to evaluate
SA systems 1s its accuracy, therefore, a review of the
accuracy of the developed Arabic lexicon-based SA have
been conducted There are two types of assigning
polarity to the words in the lexicons. Either binary to have
+1 or -1 as a value for words. Or it could be a score to
show the weight of the word’s polarity. The average of
the accuracies using the binary polarity is 66%. While
using scores for polarity words achieved an average
accuracy 80%. Weights were not applied to words by
Albraheem and Al-Khalifa (2012) and they obtammed 73%
as an accuracy when tested on only 100 Tweets. Also,
Abdulla et al. (2013) achieved an accuracy of 59.6% when
tested on 2000 Tweets divided equally between Jordaman
dialect and MSA. Al-Kabi et ol (2013) obtained an
accuracy of 66% when tested on data from social media
written m dialectal format and MSA. Another research
using binary polarit was conducted by Abdulla et al.
(2014) and an accuracy of 70% was achieved from using
several lexicon scalability phases. While, Duwairi ef al.
(2015) obtained an accuracy of 46% when tested on
4400 Tweets. Mohammad et al (2016) obtained an
accuracy of 66.6% on a 300 Tweets dataset. While, Arabic
SentiWordNet which have been built by Al-Horaibi and
Khan (2016) achieved 60% when tested on BBN dataset,
BBN. And the research of Rabab’ah ef al. (2016) achieved
an overall accuracy of 62% when they harnessed the
existing SentiStrength tool for Arabic. Furthermore,
Mataoui (2016) achieved 79% as the highest accuracy for
binary polarity type and it was tested on 7698 comments
from Facebook.

For the scored polarity type, Al-Ayyoub et al. (2015)
achieved 86% as an accuracy when evaluated using a
dataset of 900 Tweets divided equally to positive, neutral
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and negative Tweets. While, Eskander and Rambow
(2015) tested hus approach on 80 documents and achieved
68.6% as an accuracy. And an accuracy of 81% was
achieved by Assini et al. (2017) when tested on 4700
Tweets. Moreover an accuracy of 70% was achieved in
using double polanty strategy by El-Beltagy and Ali
(2013) when tested on 500 Tweets.

And a  feature-based SA  proposed by
Abd-Elhamid et al. (2016) was tested on 200 MSA reviews
to obtain an average accuracy of 86%. Moreover, an
accuracy of 97% achieved by Al-Kabi et al. (2014) but the
extracting and weighting features was done manually.
And finally, 8 achieved an accuracy 80.3% when tested
on 2000 Tweets.

CONCLUSION

In this study, a survey on all the recent lexicon-based
SA for Arabic Tweets have been conducted. Focusing on
how researcher’s methods and techniques to generate
their lexicons and how they calculate their sentiment
score. And it has been found that using scores for
sentiment words instead of using binary polarity words
result in better accuracies with 14% difference on average.
Besides, larger lexicons with higher coverage also improve
the obtained accuracy.

Furthermore, it have been observed that m the
pre-processing stage researchers don’t use the same tools
and 1t 1s recommended that toeols such as tokemzation,
stop words removal and normalization should be used by
all researchers, besides handling repeated letters instead
of just removing them, since, it carries intensification of
sentiment. And to finish the pre-processing phase with
stemming but not aggressive stemming, since, bringing
back an Arabic word to its root sometimes changes its
polarity.

On the other hand, researchers did not handled
negation thoroughly, since, nobody undertake which
words shall be negated by the negation terms. And none
of them gives a rational explanation for the effect of
negation on the sentiment of words. Besides they did not
consider the negation affixes such as the letter “.” wluch
negates the term 1t 1s attached to in most of the Arabic
dialects.

Regarding the achieved results, it was discovered
that despite the interesting obtained results of most
of the studies but the dataset used for testing can effect
on such results. Furthermore, many challenges need to
be sorted out, especially, those caused by the nature of
Arabic itself to get an effective and accurate SA
systerm.
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