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Opinion-mining or sentiment analysis continues to gain interest in industry and academics. While there has
been significant progress in developing models for sentiment analysis, the field remains an active area of
research for many languages across the world, and in particular for the Arabic language, which is the fifth
most-spoken language and has become the fourth most-used language on the Internet. With the flurry of
research activity in Arabic opinion mining, several researchers have provided surveys to capture advances in
the field. While these surveys capture a wealth of important progress in the field, the fast pace of advances
in machine learning and natural language processing (NLP) necessitates a continuous need for a more up-
to-date literature survey. The aim of this article is to provide a comprehensive literature survey for state-
of-the-art advances in Arabic opinion mining. The survey goes beyond surveying previous works that were
primarily focused on classification models. Instead, this article provides a comprehensive system perspective
by covering advances in different aspects of an opinion-mining system, including advances in NLP software
tools, lexical sentiment and corpora resources, classification models, and applications of opinion mining.
It also presents future directions for opinion mining in Arabic. The survey also covers latest advances in
the field, including deep learning advances in Arabic Opinion Mining. The article provides state-of-the-art
information to help new or established researchers in the field as well as industry developers who aim to
deploy an operational complete opinion-mining system. Key insights are captured at the end of each section
for particular aspects of the opinion-mining system giving the reader a choice of focusing on particular
aspects of interest.
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1 INTRODUCTION

People are often interested in determining other people’s opinions when, among other examples,
seeking to buy products, sensing the public opinion on certain issues, or identifying trends. Gov-
ernments and politicians are often interested in opinion (or sentiment) mining for defining poli-
cies and campaign strategies. As a result, opinion mining, which aims at automatically extracting
people’s opinions, has found significant importance in politics, social media, and business. Fur-
thermore, the application of opinion mining in Arabic text (OMA) is a timely subject, given the
importance of the Arabic language, which emerged as the fifth most-spoken language worldwide
and recently became a key source of Internet content and now stands as the fourth most-used
language on the Internet [343]. Arabic opinion mining has been an active area of research but still
has many open challenges.

Arabic is both morphologically rich and highly ambiguous; it has complex morpho-syntactic
agreement rules and a lot of irregular forms; and it has a large number of dialectal variants with
no writing standards. Without proper processing and handling, learning robust general models
over Arabic text can be difficult. Furthermore, compared to English, there are fewer freely avail-
able resources for Arabic opinion mining in terms of large clean sentiment lexica and annotated
collections of opinions. These challenges have fueled extensive research interest in Arabic opinion
mining. To support this wide interest in opinion-mining research for Arabic, several researchers
have developed informative surveys of advances in the field. As technology is moving at a fast
pace, machine learning (ML) and data-mining-rich fields are moving even faster. There is a need
to have the latest progress frequently. There is also a need to cover different perspectives.

In the recent past, there have been efforts to provide informative surveys of trends and chal-
lenges in Arabic sentiment analysis [22, 34, 53, 92, 97, 99, 114, 142, 161, 163, 233, 239, 262, 302, 305].
An early survey [277] covered early and limited work in the field up to 2012. The article listed avail-
able corpora in Arabic and discussed features originally adopted by researchers and that can be
categorized into language-independent features, information retrieval (IR) methods, and Arabic-
specific methods. Another survey [77] followed in 2014 to cover updated methods. The coverage
divided the literature into supervised, unsupervised, and hybrid approaches. The author concluded
that stemming improved accuracies in most studies. N-grams choices varied with their successes,
and the most successful models were Support Vector Machines (SVM) and Naive Bayes (NB). The
authors concluded that custom models were needed for different genres and reflected on open
challenges that were getting little attention. Recently, other surveys [104, 146, 374] closed these
gaps that included coverage of methods that have received more attention since earlier surveys
and included: subjectivity classification, sentiment classification, aspect-based sentiment classifi-
cation, resources, opinion holder, and opinion spam detection. Other surveys have also presented
different perspectives on sentiment analysis, such as the impact of preprocessing approaches [114],
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Fig. 1. Overall opinion-mining system.

but typically focused on machine-learning models. Reference [190] also covered the pros and cons
of Arabic opinion-mining models covering couple of works on deep learning models. Salloum et
al. [357] presented a survey on different applications and methods of Arabic text mining including
opinion mining, mining the Holy Quran, and Arabic Web mining. More recently, there have been
efforts to further advance progress with contests such as the ones introduced by SemEval [273,
296, 328, 361]. The outcome from these contests may provide some indication of new trends to
analyze Arabic sentiment analysis.

Despite the increased attention received by the field with these surveys, several gaps remain.
Most of the previous surveys have focused on models and algorithms with feature-engineering-
based approach. There is a need for a wider coverage and synthesis of available processing soft-
ware tools, development of lexical resources, features used, recent advances with deep learning
approaches, a reflection of applications in Arabic sentiment analysis, system architecture, and
visualization approaches. This survey aims at addressing the gaps in surveying these aspects. Fur-
thermore, it provides a comprehensive system perspective. An overview of this system can be
summarized as in Figure 1.

This article will be of interest to researchers and industry developers who may be interested
in deploying state-of-the-art system modules for automated sentiment analysis. It helps them
be up to date with the latest components needed for an opinion-mining system. The rest of the
article is organized as follows: Section 2 covers challenges in Arabic language and presents ad-
vances in available tools for Arabic Natural Language Processing. Section 3 covers Arabic senti-
ment lexicons and sentiment corpora needed for opinion-mining models that are covered in Sec-
tion 4. Section 5 presents applications of opinion mining in Arabic and Section 6 presents future
directions for opinion mining in Arabic covering system architecture, visualizations, and open
challenges.
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2 ARABIC NATURAL LANGUAGE PROCESSING

In this section, we preview the main challenges associated with Arabic language and that affect
performing NLP tasks in this language. Then, we describe the different tools and resources that
are developed to remedy these gaps.

2.1 Challenges

Arabic language is both morphologically rich and highly ambiguous and hence is challenging for
most NLP applications. According to Reference [232], a complete part-of-speech (POS) tagset in
Modern Standard Arabic (MSA) has over 300K tags, whereas English has around 50. Also, MSA
words have 12.2 morphological analyses, on average, whereas English has only 1.25 analyses per
word. This high ambiguity is primarily due to Arabic orthography, which almost always omits
the diacritics that are used to specify short vowels and consonantal doubling. Furthermore, Arabic
has complex morpho-syntactic agreement rules and a lot of irregular forms. Finally, although MSA
is the official form of Arabic, it is no one’s mother tongue. In fact, Arabic has a large number of
dialectal variants that are as different from MSA as Romance languages are different from Latin.
These different dialects are used for everyday communication but do not follow MSA language
rules. As a result, it becomes challenging to create NLP resources for Arabic dialects [87, 109].
Moreover, dialectal Arabic includes several misspellings and typical Arabic NLP morphological
tools do not perform well on dialects [44]. The lack of writing standards is particularly challenging
for processing Arabic dialect big data such as blogs and tweets, where we find a wide range of
variations in spelling and even script choice, e.g., using Latin characters to write Arabic (a.k.a.
Arabizi).

2.2 Tools and Resources

Many tools and resources have been developed to perform Arabic NLP functionalities, with some
reaching competitive performance levels compared to languages that are extensively studied
such as English [232]. Central to these efforts was the creation of corpora that are annotated with
linguistic information. Examples include the Penn Arabic Treebank (PATB) [283], which includes
phrase structure trees along with POS tags and morphological information, and the Columbia
Arabic Treebank (CATiB) [229], which contains dependency trees. Such corpora have been instru-
mental in the development of different Arabic NLP tools for tokenization [166, 227], diacritization
[227, 397], POS tagging and syntactic parsing [223, 289], and morphological analysis [284].

It is worth mentioning that most Arabic NLP tools are designed and trained on MSA datasets.
Some of these tools were developed to perform specific functionalities. For instance, segmentation
is tackled in Reference [359] by training deep recurrent neural models such as Long Short-term
Memory (LSTM). Systems for Named Entity Recognition (NER) [324, 362] and diacritization [127]
were developed as well. However, some other tools are comprehensive in the sense that they per-
form several NLP tasks under one framework. An example of such tools is MADAMIRA [326]
that performs morphological disambiguation, which encompasses tokenization, POS tagging, base
phrase chunking (BPC), diacritization, lemmatization, gender, number, person, in addition to NER.
MADAMIRA is based on the ancestor systems MADA [227, 228] and AMIRA [165]. Also, in Refer-
ence [252], a grammar analyzer is developed based on basic morphology analysis using the Buck-
walter Arabic morphological analyzer (BAMA-v2.0) [150], stemming, POS, BPC, and, finally, a
rule-based system applying 400 Arabic grammar rules. Other software tool examples include Tec-
toMT [330], ASMA [9], and NERA [324].

Although dialectal Arabic (DA) is quite prevalent, especially in social media, it has received
little attention with a few early efforts [169, 270]. With the development of accurate NLP tools
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for MSA, more attention has been given to DA. For instance, a small corpus of Egyptian Arabic
was annotated for morphological segmentation to learn segmentation models [295]. Al-Sabbagh
and Girgu [62] described a supervised tagger for Egyptian Arabic social networking. Habash et al.
[226] presented the first large-coverage morphological analyzer for Egyptian Arabic. A tool for au-
tomatic identification of dialectal Arabic (AIDA) was also developed in Reference [196]. Dialects
of the Arabian Gulf region were also studied very recently in Reference [265]. Given the inher-
ited similarity between MSA and DA, there have been efforts to map from DA back to MSA to
exploit the existing MSA resources [127, 159, 358]. Additional work has also been done for dialect
identification [140, 197, 394]. Recently, given the significant performance improvements achieved
for sentiment analysis when using word vector representations, Soliman et al. [371] developed
AraVec. AraVec is a pre-trained distributed word representation open source project that aims to
provide the Arabic NLP research community word-embedding models. The first version of AraVec
provides six different word-embedding models built from three different Arabic content domains:
tweets, World Wide Web pages, and Wikipedia Arabic articles. The total number of tokens used
to build the models amounts to more than 3.3 billion.

In summary, several Arabic NLP tools and resources, specifically those targeting MSA, have
been developed achieving performances that are comparable to those of the English language.
Further efforts are still needed to achieve better results when it comes to DA given the prevalence
of using different dialects across the Arab world.

3 SENTIMENT LEXICAL RESOURCES

While Arabic NLP tools help in providing linguistic and grammatical features of the text, this sec-
tion presents Arabic sentiment resources that were developed to provide a deeper understanding
of sentiment and semantic aspects of the text.

3.1 Sentiment Lexica

The establishment of advanced Arabic NLP tools and resources, as discussed in Section 2.2, is
useful for opinion mining as syntactic and morphological features can mitigate the impact of
Arabic’s complex morphology [11, 14, 15]. Also, it is crucial to equip opinion models with deeper
insights into the text semantics. Sentiment lexica are crucial resources for most sentiment analysis
algorithms [215]. Several researchers worked on developing Arabic sentiment lexica to improve
the accuracy of OMA. In general, there are two approaches for creating such lexicons; manual
and automatic. The manual approach consists of manually determining the sentiment of a list of
Arabic words that are extracted from a certain domain or dataset. The resulting lexicon is usually
highly accurate but limited in size due to the time-consuming task of annotation. Several resources
were developed manually, from which we mention the following. ArabSenti [14] contains 3,982
adjectives extracted from 400 documents belonging to the Arabic Tree Bank (ATB) part 1 V3.0
[283]. These adjectives were manually labeled by two Arabic native speakers as positive, negative,
or neutral and were reviewed by a linguist expert. Similarly, SIFAAT [8] was manually developed
and consisted of 3,325 adjectives labeled as positive, negative, or neutral. Using SIFAAT showed
significant improvement in the accuracy results of the proposed subjectivity and sentiment anal-
ysis system. Al-Kabi et al. [47] collected 1,080 Arabic reviews that only include Arabic characters.
They applied first a set of preprocessing steps: removal of digits, punctuation, symbols, and special
characters; normalization; and tokenization. They annotated the reviews for sentiments (positive
versus negative) as well as for domain (eight domains in total). Based on annotation, they created
two general-purpose lexicons one including positive terms and another one consisting of negative
terms. Moreover, eight domain-specific lexicons were manually developed. Al-Rowaily et al. [59]
presented BiSAL, a sentiment lexicon specifically related to cyber threats, radicalism and conflicts.
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BiSAL is composed of an English version that includes 279 sentiment terms and an Arabic version
of 1,019 terms. The resource is publicly available.! Abdulla et al. [19] also used a manual approach
for creating their lexicon by translating 300 English seed words from SentiStrength [379] to Ara-
bic. This seed set was then expanded using synonyms and antonyms and by including emoticons.
Unlike ArabSenti and SIFAAT, this lexicon does not include neutral terms and is not publicly
available. NileULex is a recently developed sentiment lexicon [179, 181] that includes single-word
terms as well as compound phrases for MSA and dialects. Although the extraction of the terms
and compound phrases was done automatically from social media, the annotation was performed
manually. The authors chose single-word terms to be as unambiguous as possible, and compound
phrases were used to overcome ambiguity in single-word terms. NileULex consists of 5,953 expres-
sions annotated either as positive or negative. NileULex was used by the NileTMRG team [178]
that participated at SemEval 2016 Task 7 [273]. El-Beltagy [180] extended NileULex by presenting a
method for automatically assigning strength scores or weights to NileULex entries as well as mak-
ing the resulting lexicon “WeightedNileULex” publicly available. In Reference [248], Ibrahim et al.
presented AIPSeLEX, idioms/proverbs sentiment lexicon for MSA and DA. AIPSeLEX was man-
ually collected and annotated at sentence level with semantic orientation (positive or negative).
AIPSeLEX consists of 3,632 phrases annotated for sentiment with the help of three native Arabic
speakers.

The larger the lexicon, the better the coverage of the language vocabulary and thus the bet-
ter the sentiment modeling. Therefore, automatic approaches to develop sentiment lexica are re-
quired. Although an automatic approach might be prone to errors and noise, it is cheap and less
time-consuming. Usually, automatic approaches are supported with some manual efforts to allow
for automatic expansion. They usually consist of harvesting existing sentiment lexical resources
in English and trying to create equivalent versions in Arabic. For instance, Mourad and Darwish
[310] utilized the manually developed ArabSenti to perform automatic expansion through graph
reinforcement. They translated ArabSenti into English and then used machine translation tables of
English-MSA and English-DA to enrich ArabSenti with new MSA and DA terms. They also trans-
lated the MPQA lexicon [390] from English to Arabic using the Bing machine translation tool and
combined all lexica together to use them in their opinion-mining classification system. However,
the authors did not report the total number of terms they finally obtained. Alhazmi et al. [89] linked
the Arabic WordNet (AWN) [143] to the English SentiWordNet (ESWN) [118, 211] through synset
offset information. Their approach had limited coverage (around 10K lemmas only) and did not de-
fine a process for using the lexicon in practical applications given Arabic’s complex morphology.
Furthermore, it was not made publicly available and was not evaluated in the context of a sentiment
classification application. In Reference [240], starting with an English sentiment lexicon derived
from the General Inquirer English sentiment lexicon, Hassan et al. proposed an automatic approach
for creating a lexicon in other languages by using semantic relationships available through Word-
Net. They applied their approach on Arabic and Hindi using English WordNet, Arabic WordNet,
and Hindu WordNet. Following a similar concept, Mahyoub et al. [287] used AWN 2.0 synset rela-
tions such as “near_antonym” and “near_synonym” to automatically expand a seed list translated
from English to Arabic where the list is proposed by Turney and Littman [383]. Since they could
not cover all words in the AWN with the initial seed list, they randomly picked up terms and added
them to the list. The resulting lexicon had a size of around 7.6K words and improved sentiment
classification results when used in addition to other stylistic and syntactic features. Badaro et al.
[120] benefited from the success and availability of the ESWN and developed a lemma-based large-
scale Arabic sentiment lexicon: ArSenL. This lexicon is the result of combining two sub-lexicons.

Thttp://www.abulaish.com/bisal.
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The first consists of mapping AWN 2.0 to ESWN 3.0 by going through sense map files across
English WordNet versions similar to the work of Alhazmi et al. [89] but with an important addition:
standardizing the lemma format of AWN terms to LDC format. This step is important in making the
resource easy to integrate with other Arabic NLP tools. The second sub-lexicon, ArSenL-Eng, was
the result of mapping Standard Arabic Morphological Analyzer (SAMA) [284] directly to ESWN 3.0
by matching SAMA gloss terms to ESWN synset terms. ArSenL is publicly available and includes
around 29K lemmas along with their corresponding POS tag, EWN synset ID, and ESWN senti-
ment scores. It also improved accuracy in subjectivity and sentiment classification tasks. Recently,
Badaro et al. [219] presented ArSEL, a large-scale Arabic Sentiment and Emotion Lexicon, an ex-
tension to ArSenL with the addition of eight emotion scores to most ArSenL Arabic lemmas. The
emotion scores are extracted from a WordNet-based English emotion lexicon, EmoWordNet [125].
Eskander and Rambow developed SLSA [210] using almost the same approach as ArSenL, but they
used instead AraMorph [149], which is the publicly available version of SAMA. Moreover, when
matching gloss terms to synset terms, they applied different heuristics and back-off measures to
ensure higher coverage but at the expense of additional noisy mappings. SLSA consists of around
35K Arabic lemmas and is publicly available. Similarly, Sabra et al. [354] developed a sentiment
lexicon for Arabic by first developing an English sentiment lexicon and then mapping it to Ara-
bic. Starting with a seed list of 18 words equally split between positive and negative, the authors
utilized WordNet semantic relations to expand the list. During the expansion, the depth needed
to reach a certain term was recorded and then used to compute scores for positive and negative
sentiments. The result was an annotated EWN for sentiment. Next, the authors mapped the EWN
terms to SAMA lemmas through synset terms to SAMA gloss matching. The lexicon that consists
of around 78K entries was tested on an OCA corpus and achieved comparable performance to Ar-
SenL with a simple sentiment classification model. Abdulla et al. [18] adopted a semi-automatic
approach to develop their sentiment lexicon. They manually translated from English to Arabic 300
terms from SentiStrength and then they used synonym tables to expand the initial list. For the au-
tomatic part, they have translated the remaining of SentiStrength using Google Translate, and they
also investigated using an annotated corpus for sentiment to extract positive and negative words
using a Term-Frequency weighting scheme. Abdul-Mageed and Diab [13] extended their manually
developed sentiment lexicon (SIFAAT) automatically by using machine translation and statistical
formulation based on pointwise mutual information to create SANA. SANA included 224,564 en-
tries that cover Modern Standard Arabic (MSA) as well as Egyptian and Levantine dialects. These
entries are not distinct and possess many duplicates. Developing SANA involved gloss matching
across Arabic lexical resources such as THARWA [167] and SAMA [284] and English sentiment re-
sources, the Affect Control Theory lexicon [243], and ESWN [118]. It is also composed of different
lexicons such as Yahoo Maktoob, a dataset from Twitter, and an automatically translated YouTube
comments dataset [16]. Unlike SIFAAT, SANA was not tested in a sentiment classification task and
is not publicly available. Chen and Skiena [153] proposed an expansion approach of an English sen-
timent lexicon to more than 130 languages using knowledge graph construction. Using Wiktionary,
Google Translate, transliteration, and WordNet, the authors tried to get semantic links between
words in their different translations. Using graph propagation algorithm and the semantic links,
they extended sentiment polarities from a set of terms to their neighbors. For Arabic, they were able
to construct a sentiment lexicon of 2,794 words starting with a set of 1,422 positive and 2,956 nega-
tive English terms. Al-Ayyoub et al. [33] developed a sentiment lexicon of 120K stems that were col-
lected by crawling the web specifically (AlJazzera.net) and by using the Abuaiadah dataset for doc-
ument classification [1]. ArSeLEX [247, 250] is an automatically generated and publicly available
sentiment lexicon that contains 5,244 adjectives. ArSeLEX was developed by getting synonyms
and antonyms of 400 adjectives manually annotated for sentiment. El Sahar and El-Beltagy [208]
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used a set of lexico-syntactic rules to automatically extract Arabic phrases that represent opinion.
They applied the rules on DA, specifically the Egyptian Cairene dialect. Starting with a seed set
manually translated from English to Arabic, the authors defined a set of patterns that could capture
subjective text in Arabic. After extracting the subjective slang, pointwise mutual information (PMI)
was used to determine the polarity of the extracted phrase using an annotated set of tweets. Of
7.5M cleaned tweets, they were able to extract 633 expressions with 89% precision. El Sahar and El-
Beltagy [209] used a supervised learning model to generate a sentiment lexicon with positive and
negative labels. From an annotated corpus of 35K sentences, they extracted unigrams and bigrams
and used them for sentiment classification with SVM. The terms with highest positive coefficients
were labeled as positive sentiment, and the terms with lowest negative coefficients were consid-
ered as holding negative opinion. Arabic Senti-Lexicon [52] was developed using a combination of
automatic approaches followed by manual adjustments. Terms from the MPQA lexicon [390] were
translated to Arabic using Google Translate, and the translation was manually adjusted. The list
was expanded by adding synonyms and antonyms. Two types of annotations were provided for the
words: a manual annotation provided by three annotators consisting of a score on a scale varying
between —5 to +5 with —5 being very negative and +5 very positive. A second automatic score was
computed using PMI such that the sum of the positive and negative scores is equal to 1. Arabic
Senti-Lexicon consists of 13,760 terms and covers MSA as well as dialects. Al-Twairesh et al. [80] fo-
cused on developing sentiment lexicons for DA to improve the accuracy of opinion-mining systems
applied on Twitter data. The authors first collected around 2.2 million tweets that included specific
positive and negative seed words. These seed words, in addition to emoticons, helped in perform-
ing automatic sentiment annotation for the collected tweets. Using the annotated twitter dataset,
Al-Twairesh et al. created two sentiment lexicons: AraSenti-Trans and AraSenti-PMI. For AraSenti-
Trans, the authors ran the tweets through MADAMIRA [326], extracted Arabic lemmas, and tried
to match the provided English gloss with existing English sentiment lexicons, Liu Lexicon [246]
and MPQA [390], to assign sentiment labels for the Arabic lemma based on defined matching rules.
AraSenti-Trans included around 132K Arabic terms with around 60K positive and 72K negative.
AraSenti-PMI is generated by computing PMI for all the words occurring at least more than 5 times
in the positive and negative sets of tweets and then generating a sentiment score for the word using
its PML AraSenti-PMI included around 57K positive terms and 37K negative terms. They evaluated
both lexicons in sentiment classification tasks on different Twitter datasets (AraSenti-Tweet [79],
ASTD [314], and RR [337]) and obtained best average F1-scores of 88.92%, 59.8%, and 63.60% on
the three datasets, respectively. The authors of Reference [274] applied the annotation technique
of Best-Worst Scaling to obtain real-valued sentiment association scores for words and phrases in
three different domains: general English, English Twitter, and Arabic Twitter. They showed that on
all three domains the ranking of words by sentiment remains remarkably consistent even when
the annotation process was repeated with a different set of annotators. The authors also asked
the annotators to indicate the minimum perceptible difference in sentiment strength between two
terms. The annotated data are publicly available.? For annotation, they utilized CrowdFlower (now
known as Figure Eight). Three different lexicons were created: (1) SemEval 2015 English Twitter
Lexicon consisting of 1,515 high-frequency English single words and simple negated expressions
commonly found in tweets; (2) the SemEval 2016 Arabic Twitter Lexicon that includes 1,367 most-
frequent terms and expressions in Arabic tweets; and (3) the SemEval 2016 General English Senti-
ment Modifiers lexicon, also known as the Sentiment Composition Lexicon for Negators, Modals
and Degree Adverbs: It consisted of 1,621 positive and negative single words in addition to 1,586
high-frequency phrases. Last but not least, Assiri et al. [113] created a sentiment lexicon targeting

Zwww.saifmohammad.com/WebPages/BestWorst.html.
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Saudi dialects by manually annotating terms extracted from Saudi social media and adding it to a
modified version of ArSenL. The modified version of ArSenL was obtained by removing punctua-
tions and diacritics from lemmas. Table 1 summarizes the important characteristics of some of the
sentiment lexicons presented above. In summary, similarly to Arabic NLP tools, a good amount of
work has been invested to develop sentiment lexicons for MSA, but further efforts are needed for
DA. Moreover, although some efforts were put to develop large-scale Arabic sentiment lexicons,
more energy is needed to achieve a similar scale with good accuracy compared to English.

3.2 Sentiment Corpora

Similarly to other machine-learning tasks, sentiment analysis requires the existence of annotated
data. Annotated sentiment corpora will help in training opinion-mining models as well as testing
the performance of these models. Abdul-Mageed [14] annotated 2,855 sentences from PATB part
1 corresponding to the first 400 documents [283]. Two college-educated Arabic native speakers
annotated the data with four possible labels; objective (OB]), subjective positive (S-POS), subjec-
tive negative (S-NEG), and subjective neutral (S-NEUT). The dataset can be used for subjectivity
classification as well as sentiment classification. The distribution of the annotations was 1,281 OB],
a total of 1,574 SUBJ, where 491 were deemed S-POS, 689 S-NEG, and 394 S-NEUT. The dataset
is available on request. Abdul-Mageed and Diab [12] expanded the initial corpus by annotating
5,342 sentences from 30 Wikipedia talk pages and 2,532 sentences from threaded web forums. In
total, AWATIF consisted of 10,729 sentences annotated for sentiment. Rushdi-Saleh et al. [351]
presented a corpus consisting of 500 movie reviews in Arabic equally divided between positive
reviews and negative reviews. The data were extracted from different web pages and blogs. Aly
and Atia [110, 313] collected a large-scale corpus consisting of 63,257 book reviews in Arabic, each
rated with a scale between 1 and 5; 16,486 users submitted their reviews for 2,131 different books.
They utilized the dataset to test different sentiment classification techniques. They also created a
sentiment lexicon consisting of single and compound words extracted from the corpus. Saad et al.
[352, 353] proposed an annotation strategy for subjectivity in multilingual setting. Starting with an
annotated corpus in English with 5K subjective sentences and 5K objective sentences, the authors
built an English sentiment analysis model using trigrams and Naive Bayes to automatically label
English sentences in a parallel English-Arabic corpus. The predicted labels were assigned to the
Arabic text as well. Several parallel corpora were used and a total of 148K sentences were auto-
matically annotated to be either subjective or objective. A sample of 330 sentences was manually
annotated to evaluate the automatic annotation, and an average F-measure of 68.83% was obtained
with an average accuracy of 68.8%. Elnagar and Einea [202] presented BRAD, a large-scale book
reviews dataset in Arabic. The dataset includes 510,598 book reviews provided by 76,530 users on
4,993 books. Each review is annotated with a scale from 1 to 5. A cleaned and balanced version of
156,506 reviews was also released. Several opinion-mining models were tested to create baseline
results for future research. As an extension to BRAD corpus [202], Elnagar et al. [204] released a
large dataset of hotel reviews written in Arabic and extracted from Booking.com. HARD includes
490,587 hotel reviews collected from the Booking.com website. Each record contains the review
text in the Arabic language, the reviewer’s rating on a scale of 1 to 10 stars, and other attributes
about the hotel and the reviewer. The dataset includes both MSA and dialects. The authors made
publicly available the full unbalanced dataset as well as a balanced subset and published some base-
line results on the dataset. Farra et al. [214] worked on annotating an Arabic corpus for sentiment
as well as for the targets of the sentiment in a two-stage process using crowdsourcing via Ama-
zon Mechanical Turk. Task 1 involved identifying the main named entities in a list of comments.
Three annotators worked on the task and the intersection of their annotations was selected. The
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second task was to find the sentiment (positive, negative, neutral) toward the entities derived in
Task 1. The dataset was selected from QALB [303, 393] and consisted of 1,177 comments of three
different domains: politics, culture, and sports. They annotated a set of 4,345 Targets: Forty-three
percent of them had a positive sentiment, and 57% had negative opinions about them. The corpus
is publicly available.®> The Human Annotated Arabic Dataset (HAAD) [71] consists of 1,513 book
reviews extracted from LABR and manually annotated for aspects and their corresponding sen-
timents with four class labels (positive, negative, conflicting, and neutral) and aspect categories
and their corresponding aspect category sentiments. HAAD included 1,296 distinct aspect terms.
Al-Sarhan et al. [65] worked on developing models for aspect extraction and sentiment classifica-
tion toward those aspects similarly to the subtasks presented at SemEval-2014 Task 4 [329]. For
this purpose, they extracted data from Facebook and Twitter related to the 2014 attacks on Gaza
and manually annotated them for aspects, aspects’ categories, and the corresponding sentiments
toward the aspects and toward their categories. In total, they collected a set of 2,265 news posts
divided among three sentiment classes: positive, negative, and neutral. In total, 9,655 aspects were
extracted belonging to four categories: Plans, Results, Peace, and Parties. They ran simple senti-
ment classification techniques on their annotated corpus to set baseline results for future research.
In Reference [337], the authors collected a set of 8,868 Arabic tweets and manually annotated them
for subjectivity and sentiment with five labels: polar, positive, negative, neutral, and mixed. They
also annotated the corpus automatically with a variety of linguistically motivated features: mor-
phological, syntactic, semantic, stylistic, and social signals. ElISahar and El-Beltagy [209] extracted
around 33,116 Arabic reviews about movies, hotels, restaurants, and products. They collected the
reviews from several websites, such as Elcinemas.com, Souq.com, and tripadvisor.com. They made
the dataset publicly available. While the previous datasets were mainly focused on MSA, Al-Kabi
et al. [45, 49] developed an Arabic sentiment corpus covering MSA as well as several Arabic di-
alects. The corpus consists of 250 topics and 1,442 reviews extracted from five domains: Economy,
Food-Life style, Religion, Sport, and Technology. The corpus was built manually to ensure high ac-
curacy in terms of annotation. Siddiqui et al. [366] developed a multifaceted, multilingual corpus
for hierarchical sentiment analysis. The different facets included hierarchical nominal sentiment
labels, a numerical sentiment score, language used in the review, and the dialect. The annotated
corpus consisted of 191K reviews of hotels in Saudi Arabia. The reviews were divided into 11 dif-
ferent sentiment categories ranging from exceptional to very poor. The corpus contains 1.8 million
tokens. Reviews were mostly written in Arabic and English, but there were instances of other lan-
guages as well. A Twitter corpus written mostly in Saudi dialect and consisting of 4,700 tweets was
also annotated for sentiment by Assiri et al. [112]. Duwairi et al. [174] annotated a corpus of 3,206
Arabizi tweets using crowdsourcing. Emerging work handling Arabizi is also presented by Guellil
et al. [225]. Nabil et al. [314] created the Arabic Sentiment Tweets Dataset (ASTD) consisting of
10,006 tweets classified as positive (799 tweets), negative (1,684), mixed (832), and objective (6,691).
They investigated different statistics on the dataset and presented a set of benchmark experiments
for baseline comparisons. Medhaffar et al. [292] manually annotated an Arabic corpus written in
the Tunisian dialect consisting of 17K comments extracted from Facebook. The Tunisian Sentiment
Analysis Corpus (TSAC) consists of an almost equal number of positive and negative comments.
The authors tested several sentiment analysis models on the developed corpus. Recently, AraSenti-
Tweet [79] was developed and made publicly available at the end of 2017. AraSenti-Tweet includes
17,573 tweets mainly covering Saudi dialect and annotated with four sentiment labels: positive,
negative, neutral, and mixed. Benchmark and baseline results are also provided for easier research

3www.cs.columbia.edu/ noura/Resources.html.
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use and comparison. MIKA [249] is a multi-genre tagged corpus for MSA and DA. MIKA was man-
ually collected and annotated at sentence level with semantic orientation (positive or negative or
neutral). A number of rich set of linguistically motivated features such as contextual intensifiers,
contextual shifters, negation handling, and syntactic features for conflicting phrases were used
for the annotation process. The data consist of MSA and Egyptian DA from different sources such
as Twitter, hotel reviews, product reviews, and TV programs reviews. MIKA includes 4,000 re-
views annotated for sentiment. ArSAS [200] is an Arabic corpus of tweets annotated for the tasks
of speech-act recognition and sentiment analysis. A set of 21K Arabic tweets covering multiple
topics were collected, prepared, and annotated for six different classes of speech-act labels, such
as expression, assertion, and question. In addition, the same set of tweets were also annotated
with four classes of sentiment: positive, negative, mixed, and neutral. ArSentD [335] is a dataset
of 4,000 tweets with the following annotations: the overall sentiment of the tweet, the target to
which the sentiment was expressed, how the sentiment was expressed, and the topic of the tweet.
The authors claimed that the results confirm the importance of these annotations at improving the
performance of a baseline sentiment classifier. They also claimed that ArSentD helps in closing the
gap of training in a certain domain and testing in another domain. Hamdi et al. [234] annotated a
set of 15,274 reviews extracted from online reviews, Facebook comments, and Twitter posts related
to governmental services. The annotation was multifaceted and was not only limited toward iden-
tifying the sentiment polarity but also domains, dialects, and linguistic issues. Annotators were
from different Arab countries and they were trained for the annotation task. In References [255,
256], Itani et al. extracted a corpus from Facebook comments consisting of DA. The corpus was
manually annotated into five sentiment labels: positive, negative, neutral, dual, and spam. The
corpus included 2K comments in total distributed among the five classes. In Reference [54], Al
Mukhaiti et al. extracted a dataset from multiple social network websites, namely Youtube, Twit-
ter, Facebook, Instagram, and Keek. After filtering the data, a total of 2,009 reviews were annotated
to be either positive (1,004) or negative (1,005). While previous efforts were mainly about annotat-
ing Arabic texts, and similarly to References [352, 353], Elnagar et al. [203] studied the impact of
translating resources from English to Arabic to perform sentiment analysis on Arabic text. They
claimed that although the translation might not be accurate grammatically, sentiment was pre-
served in most of the cases due to main keywords. In 2018, Ahmed [30] developed a large-scale
Arabic sentiment corpus (GLASC) consisting of online news articles and metadata. GLASC was
annotated for both sentiment labels (positive, negative, neutral) and sentiment scores between —1
and +1. GLASC consists of around 620K news articles. Ahmed also worked on translating the Eng-
lish SenticNet [151] to Arabic and creating ArSenticNet, which includes 48K Arabic concepts. The
author experimentally tested multiple sentiment classification approaches at document level and
sentence level with the best models using fusion between SVM and HMM for documents and SVM
and Linear regression for sentences.

Development of Arabic sentiment lexicons and corpora has gained interest among researchers.
In fact, Arabic sentiment corpora are currently of comparable sizes compared to English such as, for
example, the balanced version of BRAD [202] with more than 156K reviews. Most of the datasets
created were developed in-house, and several were not made publicly available. It is crucial to
share these resources publicly to help accelerate research work in the domain. It would also be
beneficial to have a unified platform where these resources can be found to increase visibility to
researchers interested in Arabic opinion mining.

After discussing different aspects of Arabic resources covering tools, lexicons, and annotated
sentiment corpora, we describe in the next section state-of-the-art opinion-mining approaches
that utilize extensively these resources.
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4 OPINION MINING APPROACHES

Over the past two decades, several approaches have been adopted to perform sentiment analysis
(SA) in different genres of English text (reviews, messages, and micro-blogs) and have reached
satisfactory performances [164, 271, 278]. Sentiment models have benefited from available NLP
resources in English such as POS taggers and grammatical parsers, as well as lexical resources
including sentiment lexica such as SentiWordNet [211] and MPQA [390] and sentiment-labeled
corpora such as the Stanford Sentiment Treebank [370].

These resources are often scarce or nonexistent in other low-resource languages, which poses
serious obstacles to performing accurate sentiment analysis in these languages. Many of these
resources have only recently been developed for Arabic, as discussed in Sections 2 and 3, which
opened doors for extensive efforts to explore the application of sentiment analysis in Arabic text.
Early efforts included manual attempts by the use of conceptual model to represent opinion as
described in Reference [279]. This section discusses approaches and highlights the progress made
at developing sentiment analysis solutions in Arabic.

Sentiment analysis approaches can be categorized, at the macro-level, into lexicon-based and
supervised learning approaches.

Lexicon-based approaches mainly depend on algorithms that use sentiment lexica to predict the
sentiment, whereas supervised learning approaches are modeling algorithms trained on labeled
examples to learn complex relations between features extracted from the texts and the associ-
ated sentiment labels. Supervised models can be further categorized into models based on feature
engineering and others based on deep learning. Feature engineering-based approaches predict sen-
timent by learning from a variety of features that are selected to capture different aspects of the
text. However, deep learning is considered the state of the art of machine learning and has achieved
significant success in many domains, mainly computer vision and NLP [391].

It generally uses embedded representations of text units (characters or words) as input features
to train different neural networks architectures.

Recently, combination of multiple approaches have been used for Arabic sentiment classifica-
tion for Twitter data [78, 81, 158, 364] and online reviews [184, 264]. For instance, Refaee and
Rieser [342] participated in SemEval 2016 Task 7 [273] detecting sentiment intensity of English
and Arabic phrases. The authors proposed a hybrid approach that consists of a supervised model
that uses ensemble of trained linear regression models followed by a rule-based approach with
sentiment lexica to adjust the predicted intensities. Refaee and Rieser were able to achieve the first
rank in this task with a 0.536 Kendall score. Such models can also be observed across the systems
participating in SemEval 2017 Task 4: Sentiment Analysis for Twitter [347]. Five subtasks were
dedicated for Arabic Sentiment Analysis in Twitter data. The tasks were as follows:

e subtask A: Given a tweet, classify it as either positive, negative or neutral;

e subtask B: Given a tweet and a topic, decide whether the tweet is positive or negative;

e subtask C is similar to subtask B, but there are five sentiment classes: strongly and weakly
positive/negative and neutral;

e subtask D: Given a tweet and a topic, estimate the distribution of tweets across the positive
and negative labels, and, last,

e subtask E is similar to subtask D but with five different sentiment labels as in
subtask C.

Below, we provide for each category a detailed description of the main sentiment approaches
that were developed and were applied to Arabic.
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4.1 Lexicon-based Approaches

Sentiment lexicon-based approaches are to some extent simple and usually unsupervised. They
do not need large-scale and expensive sentiment-labeled datasets that are used to train super-
vised machine-learning models. However, these approaches require external resources, mainly
sentiment lexica, to predict sentiment. One of the most widely used lexicon-based unsupervised
algorithms predicts the sentiment of a text by accumulating the scores of its words, based on some
lexicon, and then checking the sign of the resulting score. Usually, scores of +1, —1, and 0 were
assigned to positive, negative, and neutral words, respectively. Alternatively, numerical scores in-
dicating sentiment intensity were also used when available.

Awwad and Alpkocak [116] evaluated the performance of four different sentiment lexicons de-
rived from English sentiment lexicons Harvard IV-4 Dictionary and MPQA. Awwad and Alpkocak
obtained similar performance on different datasets and concluded that lexical-based approaches
for sentiment analysis have similar performances. Hamdi et al. [234] proposed CLASENTI a class-
specific sentiment analysis framework. CLASENTT includes a lexicon-based model to calculate
polarity strengths. The annotated lexicon is filtered based on the specific classes of the domain
and dialect. Ahmad et al. [28] developed a general approach for sentiment analysis from Financial
data streams by applying their English approach to Chinese and Arabic financial texts. By iden-
tifying keywords specific to financial news, the authors looked at the neighboring terms of those
keywords to identify the polarity by using a sentiment lexical resource. Mohammad et al. [297]
experimented with different available sentiment lexicons to perform sentiment classification on
Arabic text extracted from social media. They used existing Arabic sentiment lexicons and trans-
lated ones from English to Arabic. A combination of an Arabic Dialectal hashtag lexicon [396] and
a translation of NRC Emotion lexicon achieved best results. Elhawary and Elfeky [199] utilized an
unsupervised approach to perform sentiment classification on Arabic Business reviews. Using a
sentiment lexicon and a set of rules that detect intensification and negations, each sentence was
labeled with a total score that defined as a result the polarity of the sentence. In References [74, 75],
Al-Subaihin et al. proposed an unsupervised technique to perform sentiment analysis on Arabic
dialectal text at the sentence level. They utilized an unsupervised lexicon-based approach to try to
overcome the challenge of limited resource availability for dialects. They used human computing,
which is a technique that integrates human effort to solve certain steps in a system. To keep the
sentiment lexicon enriched, the authors built an online game where players help in annotation of
the lexicon. The lexicon was used to assess the polarity of a given sentence. Siddiqui et al. [367,
368] presented a sentiment analysis system that is based on a set of handcrafted rules extracted
with the help of sentiment lexicons such as text begins with, ends with, includes, or is equal to.
They tested their technique on two different corpora achieving accuracies of 93.9% and 85.6%.

In Reference [18], the lexicon-based algorithm was applied to MSA comments using a sentiment
lexicon of 16,800 words that was constructed automatically and manually. In Reference [20], the
same approach was applied to tweets and comments, written in both MSA and DA, using a sen-
timent lexicon of 4,800 words that was created by expanding a seed of 300 words using synonym
and antonym relations. Experimental results indicate that light-stemming degraded the perfor-
mance. Furthermore, in Reference [33], a lexicon-based algorithm was applied to tweets, written
in both MSA and DA, using a sentiment lexicon of 120,000 words that was constructed by trans-
lating existing lexica in English. Other works that adopted this algorithm include References [19]
and [170]. Improvements to this algorithm were explored in Reference [175] to account for nega-
tions by adding hard-coded rules derived after extensive analysis of negation forms in Arabic. The
algorithm was used along with ArSenL lexicon [120]. Also, the work in Reference [323] proposed
a rule-based parser for document segmentation and then used an Arabic translated version of the
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MPQA lexicon [390] to aggregate the sentiment scores over the document taking into considera-
tion negations, intensifiers, and conjunctions. Similarly, Bayoudhi et al. [139] proposed to develop
models for Arabic sentiment classification at the sub-sentential level that could provide very use-
ful trends for information retrieval and extraction applications, Question Answering systems, and
summarization tasks. They started by (1) building a high-coverage sentiment lexicon with a semi-
automatic approach; (2) creating a large multi-domain annotated sentiment corpus segmented into
discourse segments to evaluate the sentiment approach; and (3) applying a lexicon-based approach
with an aggregation model taking into account challenging linguistic phenomena such as nega-
tion and intensification. Obaidata et al. [69, 320] proposed a lexicon-based approach for aspect
extraction and classification of sentiments toward those aspects. They experimented on a dataset
HAAD [71]. The authors utilized HAAD to automatically generate an Arabic sentiment lexicon
using the frequency of occurrence of the term with a specific polarity. When using the lexicon
in a sentiment analysis task, words that were not in the lexicon were translated to English and
sentiment scores were obtained from SentiWordNet. Matoui et al. [291] proposed a lexicon-based
approach for sentiment analysis from dialectal Arabic text, mainly the Algerian dialect. The Al-
gerian dialect includes a lot of code switching, specifically switching between Arabic and French.
They showcase the challenges present in the Algerian dialect and develop techniques to overcome
them. They also develop three sentiment lexicons manually. The first one is based on existing
sentiment lexicon for Egyptian dialect where the authors only kept terms that are common with
Algerian dialect. The second lexicon is a list of negation words that are frequently used in Algerian
dialect, and the third one is a list of intensifiers also frequently used in Algerian dialect. They tested
different configurations for their model. The first one works at the phrase level and computes sim-
ilarity of a given comment with existing labeled phrases. The second configuration involves going
to the word level after the application of their own developed parser for Algerian dialect to per-
form tokenization, stop words removal, and normalization. The tokens are then processed by a
language detection and stemming module that identifies the language of the tokens. For Arabic
tokens, stemming was applied while tokens in other languages were first translated to Arabic and
then stemmed. Stems were matched against the developed sentiment lexicons to compute a text
semantic orientation score. They collect and manually annotate for polarity a set of 7,698 Facebook
comments that cover multiple topics and include MSA and Algerian dialect. They achieved best
accuracy of 79.13% when combining the two system’s configurations. Recently, in SemEval 2017
Task 4 [347], Mulki et al. [311] applied an unsupervised lexicon-based approach for Arabic mes-
sage polarity classification in subtask A. As sentiment lexicons, they have utilized NileULex [179],
Arabic Emotion lexicon for Emojis, and Arabic Hashtag Lexicon for MSA and DA [301, 356]. They
have also built two manually annotated sentiment lexicons to cover Levant and Gulf dialects. Spe-
cific efforts toward the Emirati dialect were also seen in Reference [76]. In Reference [245], Htait
et al. also implemented an unsupervised sentiment classification model using word embeddings
and sentiment lexicon extracted from annotated Arabic tweet corpora [314]. The sum of cosine
similarity measures between the vector representation of the tweet and the words in the sen-
timent lexicon is used for message polarity classification. This technique placed the Htait et al.
team, LSIS, in fifth rank among eight participants in subtask A.

4.2 Feature Engineering “Supervised” Approaches

With the availability of NLP tools and several lexical resources, a wide range of features were made
available through feature engineering to train supervised machine-learning models for opinion
mining, achieving better performances compared to the lexicon-based models. The aim of extract-
ing these features is to reflect the different aspects of the given text. Thus, these features vary in
complexity depending on the information they convey. According to Reference [266], an optimal
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set of features for opinion mining is dataset dependent. They typically range from shallow features
that capture the surface form of the text to syntactic features that capture the grammatical rules
that govern the language construction to deeper semantic features that capture the underlying
meanings of the different components of the text.

Surface Features. These mainly include word n-grams; sequences of n consecutive words. These
features were extensively evaluated under different settings including different context lengths n
and different feature representations: binary presence, term frequency (TF), and term frequency
inverse document frequency (TFIDF) [176]. These features were used to train several machine-
learning algorithms for classification, mainly SVM, Multinomial Naive Bayes (MNB), Conditional
Random Fields (CRF), Decision Trees, and k-Nearest Neighbors (k-NN). Overall, in some cases,
SVM achieved better results [21, 48, 57, 58, 66, 90, 91, 100, 101, 110, 144, 145, 147, 148, 175, 194,
195, 205, 206, 218, 237, 307, 351, 363, 365], and in other cases, NB performed better [51, 115, 117,
191, 257, 286], especially in the case of unbalanced datasets such as in References [306, 308, 309].
Mostafa [304] claimed that the best classifier is dataset dependent. Ensemble classifiers achieved
further improvements [39, 138, 141, 269, 321]. To handle the impact of out-of-vocabulary (OOV)
words due to dialectal variations, a lexicon was manually created in Reference [173] to map di-
alectal words into their corresponding MSA forms. The use of this lexicon introduced a slight im-
provement. Azmi and Alzanin presented Aara’ [117], a system for mining opinion polarity through
the pool of comments that readers write anonymously at the Online edition of Saudi newspapers.
N-grams were used as features with a Naive Bayes classifier and the output consisted of four class
labels: positive, negative, neutral, and mixed. For training, they manually marked the comments
as belonging to one of the four categories. All the words in the documents of the training set were
removed except those with explicit sentiment connotations. The system carried out polarity clas-
sification over informal colloquial Arabic that is unstructured and with a reasonable proportion
of spelling errors. The result of testing the system showed a macro-averaged precision of 86.5%,
while the macro-averaged F-score was 84.5%. The accuracy of the system was 82%. Al-Obaidi and
Samawi [55] worked on developing sentiment classification model for DA specifically Jordanian
and Saudi dialects. They contributed to the preprocessing part of the system by developing a tai-
lored stop words list for the two dialects and a light stemmer specific for the dialects. They ex-
perimented with different classification techniques along with bag-of-words (BoW) and n-gram
features. Maximum Entropy performed best with trigrams. Results in these articles indicate that
there is no consensus regarding the best experimental setup (length of n-gram or representation)
and that results are corpus dependent. This is expected given the simplicity of these features,
which does not match the complexity of the task. According to Halees [187], word-embeddings
representation performed better in terms of accuracy on four different datasets compared to when
using n-grams with the same classification model. Badaro et al. [121] also found word embeddings
extracted from AraVec [371] to perform better than other features with ensemble classification.
The same conclusions were drawn in References [107, 108]. Similarly, Al-Azani et al. [40] observed
that simpler models consisting of word embeddings and emojis performed better than when using
typical n-grams. El Razzaz et al. [207] evaluated the use of Arabic word embeddings. Additional
surface features, also referred to as stylistic features, were extracted to indicate lexical and struc-
tural style markers. Character n-grams improved the classification performance significantly when
combined with word n-grams to classify political articles using SVM and k-NN [171] and to classify
newspaper articles [32]. Other stylistic features, including digit n-grams, word length distributions,
vocabulary richness measure, function words, and punctuation, were also combined with word n-
grams to train an SVM classifier and performed well after applying the Entropy-Weighted Genetic
Algorithm (EWGA) selection method [2]. Recently, TwStAR [311] tried using unigrams, bigrams,

ACM Trans. Asian Low-Resour. Lang. Inf. Process., Vol. 18, No. 3, Article 27. Publication date: May 2019.



27:18 G. Badaro et al.

and trigrams with SVM to perform sentiment classification on Arabic Twitter data in SemEval
2017 Task 4. They achieved rank 7 among eight participating teams in subtask A.

Syntactic Features. These are used to reflect the structure of the text and understand how the
words function and combine together to express meaning. Knowing that Arabic is a morpholog-
ically rich and complex language, it is of high importance to incorporate syntactic and morpho-
logical information of the language into the sentiment models. One of the earliest grammatical
approaches proposed to generalize verbal and nominal phrases into one form based on “actors”
and “actions” and then to train SVM using the following features: actors, actions, adjectives, nouns,
syntactic type of sentence, conjunction with previous sentence, and word sentiment polarity [212].
Most of this information was manually labeled due to the lack of Arabic NLP tools at that time.
Results are considered a “proof of concept” of the importance of incorporating syntactic informa-
tion into the model. The recent establishment of advanced Arabic NLP tools and resources allowed
the automatic extraction of syntactic and morphological features, which are used to mitigate the
impact of complex morphology on sentiment. Examples of such resources include the ATB [283],
the SAMA [284], MADAMIRA [326], and many other tools mentioned in Section 2.2. For instance,
adding word-level inflectional morphological features (gender, number, voice, ...) to basic surface
features improved the performance of sentiment classification in MSA data [14], whereas they re-
sulted in performance degradation when applied to Twitter data [340]. This is mainly because most
Arabic NLP tools are trained on MSA data, whereas tweets generally contain significant amounts
of dialects and misspellings, thus resulting in error-prone features. One way to alleviate the com-
plexity of concatenative morphology in Arabic words was to represent words by stems or lemmas.
Stemming was widely used as a preprocessing step, where all clitics and suffixes were chopped
off from the base words, whereas lemmatization refers to selecting one word form to represent a
set of words that are related by inflectional morphology [232]. It has become conventional to ex-
tract stem, root, or lemma n-grams, instead of raw word n-grams, and use them to train sentiment
classifiers [6, 7, 10, 14, 19, 26, 42, 50, 66, 155-157, 172, 322]. Both forms provided the capability of
generalizing to new unseen words that are morphologically related to words in the training data.
However, it was not clear which form performed better. Furthermore, the impact of augmenting
lemma n-grams with POS tags was measured for both tasks of subjectivity analysis and sentiment
analysis. It was found that POS tags do not provide further improvements for sentiment analy-
sis, whereas they do slightly improve subjectivity analysis [10]. Abd-Elhamid et al. [3] used rules
and syntactic features for sentiment classification on Arabic text using decision trees. Al-Smadi
et al. [67, 72] presented an aspect-based sentiment analysis approach using a feature engineering
approach. As features, they considered POS tags, named entity recognition and n-grams with n
varying between 1 and 3. They experimented with different classifiers: CRF, k-NN, Decision Trees,
and Naive Bayes. They extracted 2,265 news posts from Al Arabiya and Al Jazeera. The dataset
was annotated by three Arabic native speakers. The annotators had to extract aspect terms and
had to assess their polarity: positive, negative, or neutral. Preprocessing included tokenization,
segmentation, stemming, POS tagging, punctuation and stop words removal, and normalization.
For the task of extracting aspects, decision trees performed best with F1-measure of 81.7% while
for the task of sentiment classification CRF performed best with an accuracy of 86.5%. CRF were
also utilized successfully in References [381, 382]. k-NN performed best when used to perform
multi-way classification in a set of cascaded classifiers [36, 319]. In References [355], the authors
presented an approach to extract and classify opinion in micro-blogs. Their approach is based
mainly on linguistic features extracted from Kuwaiti dialect and employed with a SVM classifier.
They tested their approach on a corpus of 340,000 tweets about “interrogation of ministers by the
National Assembly of Kuwait” during the past two years. Tweets were collected automatically by a
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module developed in java. The corpus had been manually annotated by three Kuwaiti dialect na-
tive speakers. An average value of 76% and 61% were obtained for precision and recall, respectively,
in terms of sentiment classification.

Semantic Features. Many lexical resources were developed to reflect the semantic aspects of
words and phrases in Arabic. Examples include the Arabic WordNet [143], an equivalent of Eng-
lish WordNet [216], which groups words into sets of synonyms (synsets) that are also enriched with
semantic relations such as hyponymy, synonymy, and antonymy. Additionally, several Arabic sen-
timent lexica have been developed using automatic, semi-automatic, and manual approaches, as
described in Subsection 3.1. The development of these resources enabled the extraction of more
complex sets of engineered features that reflect surface, syntactic, and semantic aspects of the
texts. Scores from sentiment lexica were frequently used to represent n-gram features, replacing
presence and TFIDF scores [46, 88, 102, 119, 126, 217]. Sentence-level sentiment features were
also derived by aggregating word scores through averaging or summation or by generating bi-
nary features indicating presence of positive and negative terms in the text. These features were
combined with surface and syntactic features to train sentiment classifiers that performed well [4,
10, 12, 14, 120, 201, 242, 310, 372]. In References [83, 186], ontology was used to derive features
for sentiment analysis from Arabic text reviews. To extract the ontologies present in a review,
the author utilized ConceptNet [373] and WordNet [216]. The ontology allows the system to de-
tect the sentiment for each element in the ontology. The technique was applied on two different
datasets, one for hotels and one for books, each consisting of 2,000 reviews equally split between
positive and negative. An average accuracy of 79% was claimed to be achieved. Ontologies were
also used in References [93, 103, 135, 280, 377]. Entries of the ArSeLEX lexicon were used along
with a set of linguistically and syntactically motivated features, including contextual intensifiers,
contextual shifters, and negation particles, to train a SVM sentiment classifier and achieved high
performances on small Twitter, comments, and reviews datasets, written in both MSA and Egyp-
tian dialect [250]. Refaee and Rieser [338, 339] tested the efficiency of using emoticons for auto-
matically classifying tweets into subjective or objective and also detecting whether the tweet is
positive or negative. They found that emoticons perform well for detecting subjectivity; however,
they perform poorly in distinguishing polarity. The same analysis of emoticons was suggested in
Reference [56]. Rizkallah et al. [345] addressed the problem of sentiment analysis on Twitter data
by comparing two different approaches: The first consisted of applying feature extraction directly
on Twitter data in its dialectal form, and the second consisted of first translating the dialectal Ara-
bic to MSA and then applying sentiment analysis model. The authors annotated manually a set of
2,010 tweets written in Saudi dialects into four labels: positive, negative, neutral, and mixed. Based
on their results, translating to MSA seemed to improve the overall performance of sentiment clas-
sification with an accuracy of 76.2% when using logistic regression. In Reference [43], Al-Harbi
et al. also worked on developing a sentiment analysis model for Saudi dialect. They studied the
effect of different preprocessing techniques on the performance of sentiment classification. They
used a dataset of 5,484 Saudi tweets annotated for sentiment. The preprocessing included no stem-
ming, stemming, light stemming, or replacing Saudi dialect terms with their corresponding MSA
term. Using the latter resulted in best performance along with the k-NN as classification technique.
Mustafa et al. [312] proposed an improvement over the typical BoW model for sentiment analysis
by incorporating different feature sets and performing cascaded analysis that contains lexical anal-
ysis, morphological analysis, and semantic analysis. AWN was used to extract semantic relations
between terms in the dataset. Moreover, specific feature extraction components were integrated to
account for the linguistic characteristics of Arabic. Emoticons and smileys were as well extracted
to reflect the nature of the social media content. An average F-measure of 89% was achieved with
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a claimed significant improvement compared to BoW. El-Naggar et al. [192] presented a hybrid
approach for sentiment analysis of MSA and Egyptian DA using verbal and non-verbal cues in
the form of text and emojis. Using Plutchik’s Wheel of Emotions, an emoji lexicon was created
as a resource for non-verbal emotion classifications. Their feature set consisted of unigrams and
bigrams with a minimum frequency of five, sentiment score derived based on different syntactic
rules, emotion labels, number of sentiment and emotion tokens, presence of negations, and to-
tal number of tokens in the tweet. SVM performed best when used with bagging. The authors
achieved an accuracy of 90%. CLASENTI [234] includes a two-stage machine-learning sentiment
analysis. First, full-corpus (i.e., trained on all the annotated dataset) models classify the incoming
text polarity, domains, dialects, and linguistic issues. Second, class-specific models are trained on
filtered subsets of the corpus according to the performances of the full-corpus models. Moreover,
a set of hand-crafted features that proved successful in English [128] was adopted in Arabic [129].
This feature set consisted of character and stem/lemma n-grams, counts of punctuation marks,
elongated words, negated contexts, positive and negative emoticons, POS tags, and positive and
negative words found in MSA and dialectal sentiment lexica. These features were used to train
the model submitted by the OMAM team [130] to SemEval-2017 Task 4 on sentiment analysis on
an Arabic Twitter dataset. OMAM ranked first in subtasks C (3-way topic-based sentiment classifi-
cation) and E (3-way tweet quantification). The NileTMRG team [182] trained a Naive Bayes clas-
sifier using the different features described above with additional Twitter-specific features such
as whether the tweet starts with a hashtag [182]. This system ranked first in subtask A with an
average recall of 58.3%. The same team implemented an ensemble system for subtasks B and D,
consisting of a convolutional neural network (CNN), a multi-layer perceptron (MLP), and a logistic
regression (LR) predictor. The input to the CNN classifier was an aggregation of the embeddings
of each tweet’s words, where these embeddings are obtained by training Word2Vec [293] using
a Arabic Twitter dataset of four million tweets. The other classifiers were trained using a set of
hand-crafted features including: a BoW representation of the tweet, the sentiment of the tweet as
predicted by the team’s system for subtask A, the number of positive/negative terms, the position
of the target topic in the tweet, the presence of positive/negative emoticons, the presence of posi-
tive/negative terms around the target topic, and the number of positive/negative terms in the first
and second halves of the tweet. This system also ranked first for both subtasks.

Other participants tried combining features from different approaches to improve the accuracy
of their systems. Jabreel and Moreno [258] trained SVM with a rich set of surface, syntactic, and
semantic features, in addition to tweets embeddings generated by summing the word embeddings
of their constituent words. SITAKA was ranked second in subtask A (sentiment classification). The
INGEOTEC team used an ensemble classification system and ranked fourth in subtask A [294]. In
this system, the output of a generic sentiment classification (B4MSA) system [378] was combined
using the EvoDAG Genetic programming system [221, 222].

Aspect-based Sentiment Analysis. Ismail et al. [254] proposed an approach for performing aspect-
based sentiment analysis on 500 Arabic movie reviews, 1,000 restaurant reviews, and 500 reviews
of mixed domains. They started by manually annotating a set of Arabic syntactic patterns and roots
with sentiment binary scores. They used the manually annotated lexicon to tag the words in the
corpus. They also identified intensifiers and negations. They formulated a set of patterns to detect
automatically aspects. They assigned for each aspect the sum of sentiment scores of the words that
describe it. They claimed to achieve an average accuracy of 85.9% in terms of detecting the correct
orientation of a given aspect. They also achieved an average F1 measure of 79.1% in terms of ac-
curately extracting aspects. To enable aspect-based sentiment analysis from Arabic texts, Mataoui
et al. [290] proposed a syntax-based approach for aspect detection from Arabic reviews extracted
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from Trip Advisor and Souq.com. Ibrahim and Salim [251] developed aspect-based sentiment anal-
ysis system that takes as inputs an Arabic tweet and generates as outputs the sentiment of the tweet
and the different aspects or entities described in the tweet. Their work targeted DA. Extraction of
entities was based on a frequent pattern-mining approach. For predicting sentiment, a set of fea-
tures were generated including POS tags, n-grams, and polarity scores from a sentiment lexicon.
In References [68, 70], Al-Smadi et al. compared the performance of RNN to SVM when using a
set of surface, syntactic, and semantic features. The authors claimed that SVM performed better
in terms of accuracy, but RNN had a faster training and testing time in both prediction of aspects
and classification of sentiment toward those aspects. Farra and Mckeown [213] presented a system
that is applied to complex posts written in response to Arabic newspaper articles. Their goal was
to identify important entity targets within the post along with the polarity expressed about each
target. They claimed to achieve significant improvements over multiple baselines, demonstrating
that the use of specific morphological representations improves the performance of identifying
both important targets and their sentiment and that the use of distributional semantic clusters
further boosts performances for these representations, especially when richer linguistic resources
were not available. Zarra et al. [395] focused on Maghrebi DA. On a corpus extracted from differ-
ent Facebook pages, the authors implemented a supervised approach to extract the sentiments and
an unsupervised approach to extract topic. Then, they proposed a semi-supervised approach that
combines the topic and the sentiment in a single model to assign each topic to a specific sentiment.

4.3 Deep “Supervised” Approaches

Currently, state-of-the-art artificial intelligence (AI) systems rely on deep learning techniques and
have achieved immense successes in many domains, especially computer vision and NLP. In NLP
applications, deep learning benefited from the invent of word embeddings; distributional vector
representations that encode syntactic and semantic properties of the words into low-dimensional
and dense vectors. Examples of word-embedding models include CBOW and Skip-gram models
in word2vec [293] and GloVe [327]. Word embeddings proved successful in several NLP appli-
cations such as POS tagging, chunking and parsing, word-sense disambiguation, named entity
extraction, and sentiment target entities [35, 160, 188, 375]. One of the main advantages of deep
learning models lies in their ability to perform semantic composition—generating a vector repre-
sentation for text units by combining their finer-grained constituents or entities—efficiently and
in a low-dimensional space. Consequently, advanced deep neural network architectures have been
successfully applied for English sentiment analysis, such as recursive neural networks [370], deep
convolutional networks [260], Gated Recurrent Neural Networks (GRNN) [376], dynamic memory
networks [278], and the human reading for sentiment (HRS) framework [133].

Following their success in English, deep learning models were first used for sentiment analy-
sis in Arabic in Reference [64], where several deep learning models, including Deep Belief Net-
works (DBN), Deep Neural Networks (DNN), and Deep Auto Encoders (DAE), were trained using
word n-grams. Although these models proved better than several SVM sentiment classifiers such
as in Reference [5], they still suffer from the sparse input features, indicating the importance of
word embeddings. Al-Sallab et al. [63] analyzed and identified several limitations that might pre-
vent deep learning models to achieve high performances in Arabic similarly to what they did in
English. These limitations are mainly related to lexical sparsity, which is due to Arabic-rich mor-
phology and a complex concatenative system, as well as the usage of non-standardized dialects,
leading to large numbers of OOV tokens. Also, using traditional word embeddings is sub-optimal
for sentiment analysis, since these vectors do not capture sentiment properties of the words. These
limitations were addressed in the AROMA model [63], where the performance of the Recursive
Auto Encoder (RAE), as used in English [369], was significantly improved by using newly proposed
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word sentiment embeddings as input features and by applying the recursion to morphologically
tokenized text (separating clitics from words according to Reference [230]) following the path of
phrase structure parse trees. The first Arabic Sentiment Treebank (ArSenTB) was developed in
Reference [132] and consists of parse trees, where each node of the tree (corresponding to a word,
phrase, or full text) is associated with a sentiment label. ArSenTB allowed us to train Recursive
Neural Tensor Networks (RNTN) that can predict the overall sentiment by using the intermediate
sentiment labels at the internal nodes, following the idea proposed in English [370]. Furthermore,
this model was enriched with morphological features including stems, lemmas, and roots to over-
come the lexical sparsity and ambiguity issue. These features, especially stems, achieved significant
performance improvements on data containing a mixture of MSA and DA. CNNs have also been
utilized for Arabic sentiment classification using word embeddings [86, 162, 224]. Alayba et al.
[84, 85] applied sentiment analysis on a health dataset using deep learning models specifically
deep neural networks, CNNs, and LSTM networks. The features they used were characters, char-
acter n-gram, and words. Each feature was represented as an embedding vector based on different
sentiment analysis levels. Each feature was tested on its own. The input data wre fed to CNN fol-
lowed by a max pooling layer. The output vectors of the max pooling layer were then used as input
to LSTM networks to measure the long-term dependencies of feature sequences. The output vec-
tors of the LSTMs were concatenated, and an activation function was applied to generate the final
output: either positive or negative. The deep neural network accuracy reached 85%, while the CNN
accuracy was better, reaching 90%. Ruder et al. [348] presented a hierarchical bidirectional LSTM
network for performing aspect-based sentiment analysis on a multilingual dataset. They utilized
word embeddings to represent terms and each aspect was represented by an entity and an attribute.
Word embeddings were fed into a sentence-level bidirectional LSTM. Final states of forward and
backward LSTM were concatenated together with the aspect embedding and fed into a bidirec-
tional review-level LSTM. At every time step, the output of the forward and backward LSTM were
concatenated and fed into a final layer, which outputs a probability distribution over sentiments.
They evaluated their model on SemEval 2016 dataset [328] that consists of 11 domain-language
datasets containing 300-400 reviews with 1,250 to 6,000 sentences. The LSTMs had one layer and
an output size of 200 dimensions. The authors used 300-dimensional word embeddings. For Ara-
bic, they learned embeddings using the Leipzig Corpora Collection.? They were able to achieve an
accuracy of 82.9% for Arabic. Ruder et al. [349] applied a similar approach but with CNNs for both
aspect extraction and aspect-based sentiment analysis on the SemEval 2016 dataset and achieved
top ranks in multiple languages. In Reference [392], Yu and Al Baadani developed a multilayer
perceptron (MLP) sentiment classification model for DA. The data preprocessing consisted of two
phases: (1) a segmentation phase, where a separation among MSA, DA, and non-Arabic was per-
formed; and (2) a refinement phase that included removing elongation effects, normalization and
removing diacritics. Features included negation and intensification detection, polarity score as-
signment for terms, and polarity tag assignment for emoticons based on their developed lexicons.
As a dataset, the authors collected comments from several social media platforms such as Google
Plus, AreebaAreeba, Facebook, Youtube, Twitter, Yahoo News, and WeChat Moments. They an-
notated the comments into five sentiment labels varying from highly positive to highly negative.
The annotated dataset consists of 14,000 comments. They used an ensemble of three-layer MLP
networks consisting of one hidden layer in addition to input and output layers. The input for each
MLP is a random subspace of their proposed features. Using 10-fold cross validation, they were able
to achieve an average accuracy of 89.75%. Al-Azani and El-Alfy [37] tested LSTM models unidi-
rectionally and bidirectionally and GRNN. Bidirectional LSTM outperformed typical classification

*http://corpora2.informatik.uni-leipzig.de/download.html.
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techniques when emojis were used as input to the network. In Reference [38], Al-Azani and El-Alfy
evaluated different deep neural network architectures, including LSTM, GRNN, and CNN, for sen-
timent classification using as input word embeddings. LSTM combined with CNN performed best
on two different datasets. LSTM was also combined with CRF successfully in Reference [73] for
aspect-based sentiment classification. In Reference [136], Barhoumi et al. utilized Doc2Vec to gen-
erate paragraph embeddings for Arabic texts such that the vector representation would be used
as input feature for a classifier. To generate the embeddings, they utilized the sentiment anno-
tated corpus LABR [110]. MLP and logistic regression were used as classification techniques. They
claimed that using light stemming as preprocessing before computing the vector representations
improved the performance with MLP. Doc2vec was also employed by Abduallah and Shaikh [23].
The authors participated in SemEval 2018 Task 1 Affect in tweets [296]. They applied the same
model across all subtasks for both English and Arabic datasets. They used doc2vec and word2vec
to generate word embeddings that were appended to a set of psycholinguistic features. They used
a fully connected neural network architecture to train their model. They ranked fourth in both
sentiment-related tasks.

We can notice that the popularity of deep learning models for Arabic SA is increasing, where
several participants at SemEval 2017 Task 4 [347] employed deep learning models for sentiment
classification. For instance, the ELIRF-UPV team [220] proposed a neural network architecture that
consists of CNN, MLP, and bidirectional long short term memory (BLSTM) recurrent networks.
The first layer of the CNN consists of a unidimensional convolutional layer that allows extracting
spatial relations among the words in a tweet. In some subtasks and after the convolutional layer,
a down-sampling process is applied using a max pooling layer. The output of the convolutional
layer (32-256 neurons) is fed to a BLSTM, which performs semantic composition and generates
an output representation that is fed to a fully connected MLP consisting of one to three hidden
layers (depending on the subtask). A softmax function is then used to estimate the probability of
each class. The input to this system was an aggregation of out-domain word embeddings learned
from Wikipedia Arabic articles; in-domain word embeddings learned from the corpus provided
by SemEval organizers; and a one-hot vector representing word sentiment polarity derived from
NRC lexicon [299, 300]. This system ranked third in subtasks A and D and second in subtasks B, C,
and E. One possible interpretation for NileTMRG achieving better results than EliRF-UPV is that
the former trained word embeddings on a much larger corpus retrieved from Twitter, which will
more likely resemble SemEval dataset, while EIiRF-UPV trained word embeddings on Wikipedia,
which is somehow different than Twitter data. Also, the results achieved by NileTMRG indicates
that while deep learning represents the current state of the art for Arabic sentiment analysis, the
performance can further improve when integrating surface, syntactic, and semantic features.

While most of the models described above focused on developing Arabic-specific opinion-
mining models, several researchers explored translating Arabic text to English and then using
state-of-the-art English sentiment classification systems, as in References [111, 137, 341, 350], or
considered the outputs of different sentiment classification models for the same sentence in differ-
ent languages for improved performance, such as in Reference [134]. Reference [332] evaluated a
state-of-the-art English sentiment system, SentiStrength [379], by applying it directly on 11 differ-
ent Arabic texts and claimed to achieve an average F1 of 68%. Similarly, Reference [268] compared
two available online tools for sentiment analysis using a collected dataset of 1,000 Facebook com-
ments and tweets annotated for sentiment. They compared the performance of SentiStrength and
SocialMention and claimed that SentiStrength performed better.

In summary, we present in Tables 3 and 4 a summary of the opinion models discussed sampled
from the different approaches described. The different opinion models categories presented
in the above sections vary in their complexity in terms of how much information they use to
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infer sentiment from given text, resulting in different degrees of success. This also affects the
complexity of training and using model. For instance, while lexicon-based approaches are simple
and not highly accurate, they are very fast and light in terms of software requirements, which
enables faster responses and model updates and easier integration into mobile applications [119].
However, while feature engineering approaches proved more successful, they require excessive
effort and time to create immense and sparse feature matrices, with many features possibly not
necessarily existing in new texts. This imposes time limitations, especially when building new
models or updating existing ones. These challenges related to language modeling and sparsity
caused by Arabic complex morphology are addressed with deep learning models. While no
consensus is reached in terms of the order of n-grams that should be used for feature-based
approaches, deep learning models overcome this challenge by using word embeddings and having
a complete embedded sentence representation. Moreover, deep learning models allow encapsulat-
ing semantic knowledge and sentence parsing structures in a condensed vector representation of
the sentence. However, deep learning models also require large-scale training data, and excessive
time and computing resources, with thousands or millions of parameters being learned for the
task. Nevertheless, they are preferred over feature engineering approaches, due to the dense
and compact input features (embeddings), which is one of the main reasons behind the success
of these models. We summarize, in Table 2, the challenges addressed (in bold) by the discussed
categories of opinion-mining models along with their respective drawbacks. We can observe
that deep learning models address many Arabic opinion mining challenges but at the expense of
creating large-scale annotated corpora and of having enough computing power.

In general, developing opinion-mining algorithms and models that are highly accurate has been
the goal of several researchers, but it is also very important to be able to integrate these algo-
rithms and models into real-world applications. Opinion-mining applications are discussed next
in Section 5 highlighting the usage of opinion mining in several sectors.

5 OPINION-MINING APPLICATIONS

Sentiment analysis applications evolved from being isolated applications that analyze sentences
for subjectivity to becoming vital entities in key sectors such as politics, healthcare, marketing,
finance, services, and education. Applications that have sentiment analysis at their core are con-
tinually emerging and are targeting all the above-mentioned sectors. However, only few ones rely
on Arabic sentiment analysis. In what follows, we present an overview of the most relevant work
on Arabic sentiment analysis in each sector.

Politics. Opinions that are shared on social media and blogging sites present valuable informa-
tion that can be used for political purposes: to alert political leaders about potential problems or
threats, to get a sense of how much a certain policy is being perceived by the public, to calculate a
popularity index that can be used for elections [316], to know the public emotional status (angry,
disgusted, or happy), and many others. Determining the opinion holder [193] helps in developing
such systems. Most recently, the authors of Reference [317] implemented a system that, given a po-
litical figure, tracks the corresponding opinions presented on the web and presents a summarized
report of that figure to monitor their political standing. Other relevant applications include the fol-
lowing: Reference [198] focused on the effect of sentiment during the 2012 presidential elections
in Egypt, References [24, 276] proposed an automated tool to determine the political orientation
of an Arabic article or comment, and Reference [238] analyzed the users’ statuses on “Facebook”
posts during the “Arabic Spring” era in Tunisia to get insights on users’ behavior. Alsmearat et
al. [106] were not able to find a correlation between the gender of a writer and the presence of opin-
ion in Arabic text. In Reference [25], Abu-Jbara et al. utilized Arabic sentiment analysis to detect
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Table 2. Arabic Opinion Mining Models: Addressed Challenges and Drawbacks

Surface Features

OMA Technique Addressed Challenges Drawbacks

Lexicon Based Limited Availability of Requires external large-scale

Approaches large-scale annotated Arabic | lexical resources. Context is not
corpora for sentiment: No taken into consideration. Accuracy
training needed. Language depends on quality and size of
sparsity: Sentence represented | lexicon.
by sentiment scores.

Supervised Sentence representation: Increased sparsity with the

Approaches Using n-gram representation of a increase of order of n-grams. No

sentence. Context modeling:
using a high order of n-grams to
include context.

unique solution for the order of
n-grams, since it is corpus
dependent.

Supervised
Approaches Using
Syntactic Features

Ambiguity of language:
through lemmatization for
example. Sentence parsing;:
understanding word relations.

Not sufficient on their own.
Limited availability of NLP tools
for the different Arabic dialects.

Supervised
Approaches Using
Semantic Features

Sentence Sentiment
Extraction: using sentiment
lexicons. Semantic relations
across words: using AWN for
example.

Limited availability of large-scale
semantic/sentiment lexicons or
dictionaries such as AWN.

Deep Learning
Models

Language Modeling.
Language Sparsity. Sentence
Representation. Semantic
Relations. Sentence Parsing.

Limited availability of large-scale
Arabic sentiment annotated
corpora for learning accurate
models. Limited size of Arabic
sentiment treebank compared to
English. Computationally
expensive.

subgroups in an online political debate. Given the opinions of discussants in a debate, discussants
would belong to the same subgroup if they shared the same opinion about the same targets or
topics.

Healthcare. Many people share their health-related data and experience on well-known blogs
and on social media. People discuss their health issues, symptoms, diagnosis results, medication
given, and their experiences when visiting the healthcare centers. It is many times very crucial to
patients to know the experiences of other patients and, consequently, to take decisions of which
healthcare center to visit or which medication to choose. This subject is discussed to great detail
in a book by Khan et al. [267]. In Reference [84], the authors analyze the sentiments on health
services from data collected on Arabic twitter.

Marketing. Since social media and the web in general are being extensively used as a platform
of customer interaction, sentiment analysis has taken marketing to a whole new level. Companies
recognized the importance of sentiment analysis in branding their products and, consequently, in-
vested heavily in recommender systems and social/sentiment analysis tools. Opinion mining can
improve the quality of recommendation of recommender systems that are only based on user-
item ranking matrix such as those described in References [122-124]. In References [17, 21, 48],
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the authors analyzed reviews and comments collected from Yahoo!-Maktoob, an Arabic social net-
working website. They extracted different aspects important for marketers such as the reviews’
length, the numbers of likes/dislikes, the polarity distribution, and the languages used. Wang et al.
[387] developed a social data analytics (SDA) tool that run on top of the IBM Biglnsights plat-
form. SDA allows us to identify user characteristics like gender, locations, names, and hobbies;
develop comprehensive user profiles across messages and sources; and associate profiles with ex-
pressions of sentiment, buzz, intent, and ownership around brands, products, and companies. It
enables data analysts with little knowledge in information extraction and sentiment analysis to
get results from social data quickly. The authors added support for Arabic by developing a senti-
ment analysis model using Arabic tweets extracted about three different topics, Egyptian Teleco,
the Egyptian government, and Saudi employment. Furthermore, Hathlian and Hafezs [241] em-
ployed sentiment analysis on Arabic tweets to predict whether people are interested in a certain
product or defined subject.

The interest in providing sentiment analysis for marketing purposes leads to the establish-
ment of many companies that provide tools for Arabic sentiment analysis, such as Repustate® and
LexisNexis.®

Finance. Sentiment Analysis is being used as a major factor in making financial decisions given
the insights it gives on the subject matter under analysis [96]. Take, for instance, the insights
sentiment analysis gives on the stock price movement [281]. Sentiment analysis is also used in
measuring the mood of a given investor or the overall investing public, either bullish or bear-
ish.” In Reference [41], the authors studied the impact of the Islamic holy month of Ramadan on
Islamic Middle Eastern markets, where it was shown that there is always a positive increase in
the stock market that can be attributed to the positive investor mood and sentiment during this
month. Also in Reference [61], the authors suggested a trading strategy with Mubasher products, a
leading stock analysis software provider in the Gulf region, using sentiment analysis from tweets.
Al-Rubaiee et al. [235, 236] utilized Saudi Twitter posts to predict Saudi stock market. The authors
studied the relationship between opinion from social media and the Saudi market index to help
foreign investors gain an insight into the opinions of Saudi investors. Alkubaisi et al. [95] proposed
a sentiment analysis model on Arabic tweets for stock market price prediction for Al-Marai dairy
company. Alshahrani et al. [105] investigated the impact of sentiment in Arabic tweets on Saudi
stock market indicators. They manually annotated a set of 114K tweets for sentiment, and they
evaluated different correlation metrics with the price change in the Saudi stock market. In Ref-
erence [94], a Granger causality is found between the amount of sentiment tweets and the stock
market price changes in the Arab world.

Services Sector. Ahmed et al. [29] present an application of sentiment analysis using natural lan-
guage toolkit (NLTK) for measuring customer service representative (CSR) productivity in real
estate call centers. The study describes in detail the decisions made, step by step, in building
an Arabic system for evaluating and measuring productivity. The system includes transcription
method, feature extraction, training process, and analysis. In Reference [333], Rahamatallah et al.
presented a sentiment analysis system prototype to specifically analyze customer reviews of Su-
danese telecommunication products. In References [98, 331], Arabic sentiment analysis was used
to measure customer satisfaction toward telecommunication companies in Saudi Arabia. Similarly,

Shttps://www.repustate.com/sentiment-analysis/.
®https://www.lexisnexis.com/en-us/news-company-research/default.page.
"www.investorwords.com.
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Fig. 2. Three-tier system architecture for arabic opinion mining.

Najadat et al. [315] also employed Arabic opinion mining to measure customer satisfaction toward

Jordanian telecommunication companies.

Education. Arabic sentiment analysis has been used to evaluate students’ satisfaction and ex-
perience at university by analyzing students’ tweets [60]. Arabic opinion mining was also used
to understand the opinion of students toward colleges [177]. El-Halees [185] presented a system
to track changes of opinions expressed by Arab students about their courses to improve course

evaluation in the future. Additionally, many studies are currently being conducted to evaluate the
experience of students who enroll in or take online MOOCs.

After briefly describing typical existing applications for opinion mining, we present in the next
section some future directions for opinion mining in Arabic, specifically a possible system archi-
tecture for deployment of an opinion-mining system along with pointers for currently used visu-

alizations for English opinion mining as guide for Arabic. We also provide insights on remaining

open challenges for OMA, and we outline some potential research directions as solution.

6 FUTURE DIRECTIONS FOR OPINION MINING IN ARABIC

6.1 System Architecture and Visualizations
After surveying the recent advancements of the different essential components for Arabic senti-
ment analysis, we present in this section the most common system architecture that allows these
components to operate together. We also present, as an example, the architecture and technologies
we used in implementing our system. Moreover, we briefly describe the latest efforts in visualiza-
tions for English SA. This description will serve as a guidance for Arabic opinion mining given
that there were no specific efforts for visualizations in Arabic.
Most related work suggests a three-tier architecture for Arabic opinion-mining systems as pre-
sented in Figure 2. The client side, presentation tier, is a lightweight graphical user interface that
is accessed by clients of the system. The access could be through a web page, a mobile application,
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or a desktop application. The graphical interface will include different input options that the client
can select based on her needs. For example, the user can input a specific topic, a sentence, a hash-
tag, a document, and so on. Tweet sentiment viz® is an example of a Twitter sentiment analysis
system where the user can provide a topic or a keyword and the system will retrieve the latest
tweets relevant to the input and will display as output different visualizations for the analyzed
tweet sentiments, such as heatmap, tag cloud, and graphs. The middle layer, i.e., application tier,
constitutes the logic layer where all the heavy computations are performed: preprocessing, fea-
tures extraction and computation, opinion classification, and output data rendering based on the
classification. The application layer communicates with the client side layer to process the inputs
and to display the outputs, and, with the third back-end layer, the data tier, to get the required data
for each of the logic functions. The data tier includes all the data storage and the databases that
the application tier utilizes to process the input and update the learning parameters, as, for exam-
ple, the annotated sentiment corpora, word embeddings, sentiment lexicons, and the classification
model parameters.

Although the architecture presented in Figure 2 is the norm when implementing opinion-mining
systems, the technologies used greatly affect the performance of the system and its effectiveness.
We give here an example of the technologies we used in implementing our system and that can be
adopted as implementaton guidlines.

Back-End. The main API is built using an ASP.NET MVC 5 back-end by an SQL database. It
relies on the open source library Hangfire to manage processing jobs. The back-end also relies on
a few other external APIs including the Twitter API. The Twitter API is used in two ways:

e To search Twitter for tweets.
e To track selected news source twitter accounts to acquire article URLs for our Twitter-based
crawler.

We also implemented on the back-end several sentiment analysis algorithms that provide tradeoff
between speed and accuracy. For instance, we implemented a fast real-time algorithm that uses a
stemmed version of ArSenL to predict sentiment. This implementation is written fully in C# and
runs as part of the OMA Azure App Service. Consequently, it runs fast and does not require any
additional resources. Another algorithm that we implemented is very accurate, but slower, and re-
lies on compute intensive deep learning algorithms and a resource-intensive java library, namely
MADAMIRA [326] (used for morphological analysis). To address the issue of compute-intensive
resources and the issue of supporting multiple languages, we implemented plugin microservices.
The plugin microservices fork the workflow to execute externally, while the regular workflow is
running. The microservices were implemented using a Node]JS service and a queue. The queue
holds all jobs that are to be processed. The Node]JS service deletes jobs off the queue, grabs the
corresponding records from table storage, and then executes the corresponding sentiment anal-
ysis algorithm. After the execution is finished, it writes the sentiment labels to an Azure Table.
Communication between OMA APT’s is done over HTTP requests.

Front-End. The front-end is built as a web application implemented as a single page application
using HTML5, CSS3, and Angular]S. For the charts, we use a combination of D3 and Highcharts.
We also use DataTable to display the sentiment processed records as a list, when more details are
requested by the user. Finally, we use Bootstrap and Angular Material for the UI components and
grid system of the OMA interface.

An important aspect of the presentation tier is the representation of the sentiment through
informative visualizations. Users are interested in having informative and multidimensional

8https://www.csc.ncsu.edu/faculty/healey/tweet_viz/tweet_app/.
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visualizations of the sentiment around the topic they are querying. Thus, we present next a brief
survey of visualizations used for English SA as guidance for application to Arabic.

The output of an opinion-mining system is the sentiment of a data feed. Given the sheer amount
of such feeds, e.g., social media posts, that are multidimensional, the output is often provided as
aggregate sentiment distributions over the entire data and its multiple dimensions. Such results are
quite challenging for end users to perceive [325]. Visualizations can be devised to be explanatory or
exploratory. Explanatory visualizations tend to be static and communicate inferences by visually
highlighting and presenting the inferences directly [253]. However, exploratory visualizations,
which involve interaction, aid the analysis process and let the users visually discover and make
inferences, i.e., performing “Visual Analytics” [263].

Data feeds to opinion-mining systems often have multiple attributes, including geographical,
demographical, and temporal variables. Thus, sentiment have been represented with respect to
multiple attributes: location [259], time [168, 295, 318, 346], gender of writer [295], or multiple
dimensions simultaneously [154, 288, 298, 318, 344, 385] such as location, time, gender, age, activity,
and attitude.

Charts such as line, bar, scatter plots, connected scatter plots, heat map, and tree map are used
to visualize sentiment of data feeds over attributes [272, 344]. Generally, connected scatter plots
with custom shapes are limited and lack the ability to give context and details. These charts can
plot a few number of attributes at a time, and they are to be perceived individually by the user.
Other shapes of charts used include network flow chart, donut chart, multiple line chart, cluster
map, and word cloud [360].

Besides the typical types of charts and plots, visualizations inspired from the real world were
also adapted to represent sentiment and dashboards were introduced to link multiple visualiza-
tions: a river stream graph [282, 388], rectangular glyph [389], DNA visual shape [152], timeline
arrangement with bubble charts [27], and, last, ring shapes [385].

When large amounts of data are visualized as static visualization, it tends to overload users.
Thus visualizations are made dynamic with use of interactions to allow data exploration at the
user’s pace. Florence Ying Wang et al. in their developed system, SentiCompass [386] adopt an in-
teractive visualization for exploring and comparing the sentiments of time-varying Twitter data.
The interactive visualization involves zooming, dragging, and hovering to provide details on de-
mand. Data exploration is obtained with use of time zoom buttons, window size slider, and time
ring navigation controls. Torkildson et al. [380] visualize the sentiment of tweets during disasters,
e.g., oil spills, using multiple stacked area charts with interactions such as zoom and pan. The goal
of this visualization is to facilitate easy comparison of values and to provide details to the user
with the help of interaction. Collaborative features such as example tweets are also adopted in
the visualization to support analysis. More collaborative features such as shared views and anno-
tations are planned for supporting communication between researchers. Visual Twitter Analytics
(Vista) by Hoeber et al. [244] uses visual analytics approach to explore the temporally changing
sentiment of tweets. The visual interface of Vista consists of a dashboard view with charts and
other HTML form elements. Interactions such as zoom and filter are supported to enable data ex-
ploration. More details on demand are provided using the click interaction on the visual interface.
This fosters analysis and helps the analysts drill down on data at lower levels.

6.2 Remaining Open Challenges

While good progress and results have been achieved for Arabic sentiment analysis, specifically for
MSA, a lot remains to be performed for dialectal Arabic. In fact, each Arab country has its own
dialect, but in general we refer to dialects per region such as, for example, Levantine, Gulf, Egyp-
tian, and North African. Each region possesses different characteristics making sentiment analysis
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task even harder [31, 129]. For instance, the expression “Alall lleny” (yaEtiyk Al EaAfiyah) [231]
is a positive complement in the Levantine dialect meaning “May God grant you health,” while it
has a negative connotation in the Moroccan and Tunisian dialects, “burn in fire” [189]. Moreover,
Twitter data include a lot of neologisms, abbreviations, emojis, elongations, negations, intensifiers,
polarity shifters, and sarcasm [261, 285, 334, 384]; thus, more sophisticated natural language pro-
cessing tools are needed to detect these critical features for sentiment and to handle polarity shifts
due to negations or sarcasm, for example. Reference [129] also suggests that each dialect requires
a customized opinion-mining model. However, having an accurate opinion-mining model for each
dialect is only possible if we have large-scale annotated sentiment corpora for each of the dialects.
While some efforts have been invested to achieve this goal [131], much larger-scale annotations
are required. In general, more efforts are needed to develop large-scale Arabic annotated data to
enable training of robust sentiment classification models. We noticed that few of the annotated
datasets and corpora are made publicly available. Releasing the data publicly tremendously helps
in getting more researchers and scholars interested in working on opinion mining for Arabic. A
unified platform where all resources are shared can further increase visibility. Moreover, on the
semantic side and compared to English, Arabic is still considered a low-resource language. For in-
stance, AWN [143] contains less than 30% synsets of those of EWN [216]. Thus work on extending
AWN is of great importance for Arabic sentiment analysis and Arabic natural language processing
in general.

In terms of opinion-mining models, deep learning approaches are currently the state of the art.
Specifically for Arabic, these models can be further explored to enhance the accuracy of Arabic
sentiment classification. Some of the open challenges for deep learning in Arabic are as follows:
What is the best way to handle special syntactic and morphological complexity of Arabic? How
should we handle unseen terms and slang language: MSA is a rich sparse language, and DA, with its
own specificities, makes the Arabic language even more sparse and complex. How do we transfer
learning from one dialect to another? In fact, one can find more data for the Egyptian dialect
compared to other Arabic dialects. Hence, it is interesting to study how to successfully transfer
the learning corresponding to the Egyptian dialect to other Arabic dialects that do not possess
enough annotated data. Successful implementation of transfer learning would be a much cheaper
solution and less time-consuming compared to creating annotated corpora. In terms of evaluating
opinion-mining models, it is important to try to select a test set that is completely independent
from the training set so that we can obtain results that are not biased or misleading as indicated
in Reference [336].

In addition to developing resources and models, it is important as well to harvest these efforts
in real-world applications using customized visualizations that target the Arabic audience. We
observed that limited work describes applications for Arabic sentiment analysis compared to Eng-
lish. It is also important to note that assessing credibility of the text before taking into account
its sentiment will help in accurately representing the sentiment toward a certain topic [82]. In
terms of visualizations, existing work on English sentiment visualization can serve as a guide for
developing customized Arabic centered visualizations.

7 CONCLUSION

In conclusion, we presented in this article an extensive literature review about opinion mining in
Arabic. Unlike existing survey papers on Arabic sentiment analysis, we covered literature about
all elements involved in a comprehensive opinion-mining system: tools, resources, approaches,
applications. We discussed the latest in the field, including state-of-the-art deep learning models
for sentiment analysis. We also presented a description of a system architecture for an Arabic
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opinion-mining system to guide people interested in implementing a real opinion-mining appli-
cation. As future directions for OMA, a brief survey of visualizations used in implementations
of English opinion-mining systems was discussed as a basis for developing Arabic-specific visu-
alizations. We also provided some insights on open research challenges in OMA to help newly
interested scholars, researchers, and students progress in their future studies in this field.
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