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Abstract
The rapid development of social media platforms allowed opinion mining research to increase significantly. Opinion 
mining/sentiment analysis is the process of extracting subjective information from opinions that imply single sentiment. 
Comparative opinion mining is a sub-field of opinion mining that deals with multi-sentiment opinions. Such opinions 
are expressed by comparing several entities to each other. The sentiment of a comparative relation is recognized by 
identifying the relation’s direction and thus the preferred entity. This paper proposes an unsupervised sentiment analy-
sis technique for Arabic comparative opinions to identify the preferred entity. The proposed technique considers three 
main elements when analyzing comparative opinions: The type of comparative keywords, the existence of features in 
the opinion, and the entities’ position to the comparative keyword. Five main categories are proposed for classifying 
comparative keywords, which facilitates the analysis of each comparative sentence. The proposed technique limits the 
need for human interference to the initial steps of preparing the lexicons, collecting and categorizing comparative key-
words. Furthermore, the proposed technique handles opinions that do not contain features at all. The results are very 
promising with a total average of 96.5% f-measure of correctly identified sentiment.

Keywords Sentiment analysis · Arabic comparative opinions · Comparative opinion mining · Comparative relation

1 Introduction

Opinion mining and sentiment analysis are terms used to 
describe the process of categorizing opinions based on 
the extracted sentiments using text mining techniques. 
Sentiment analysis is a research area that has been attract-
ing attention because of the rapid development of web 2.0 
where a wider social platform is provided for opinion hold-
ers to express their thoughts and ideas. Opinion mining 
usually considers two types of opinions: direct opinions 
and comparative opinions. Sentiment in direct opinions 
is directed toward a certain subject or entity, whereas 
comparative opinions imply sentiment that expresses dif-
ferences or similarities of more than one entity. Acquiring 
facts from comparative opinions has a strategic benefit. 
Companies tend to market their products in comparison 

with competitors to highlight their points of strength. 
Industries are continuously evolving and updating their 
products to attract more customers and consumers to 
their products away from competitors.

Leading work in the area of comparative opinion min-
ing classifies comparative opinions into two main cat-
egories: gradable and non-gradable [1, 2]. Users compare 
entities through three main types of ordering relation-
ships in gradable comparative opinions. The first type is 
non-equal gradable in which entities in the opinion are 
compared while grading them differently preferring one 
entity to another, ex:  The 
second type is superlative where one entity is compared 
to all other entities. The entity is graded the best or worst 
compared to all the rest, ex:  
Finally, there is the equative type where all entities are 
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graded as equal based on their shared aspects; no entity 
is better or worse, ex: 

Non-gradable is a special type of comparative opinion 
that does not contain actual comparison. Entities are men-
tioned without specifying a preferred one or grading any 
of them. Non-gradable opinions can further be catego-
rized into three main sub-types [3]. In the first type, the 
two entities are similar or different based on some shared 
features. The second type states that one entity has a cer-
tain feature and the other has a different feature. Finally, 
the last type states that one entity has a feature that the 
other entity does not have.

Comparative opinion mining includes three main tasks 
[1, 4]. The first is to identify the comparative opinions as 
direct opinions or comparative opinions. The second task 
is to extract the elements of the comparative relations 
from the identified opinions. This includes extracting the 
compared entities, features of the comparison and the 
comparative keyword. Entities are objects, people, ser-
vices or anything being compared. Features are the criteria 
according to which entities are compared. For example, 

/Uber’s price is better than Careem. 
The first entity here is /Uber, the second entity is 
/Careem and the feature is the /price. The third and 
last task is to identify the directions of the comparative 
relation. The focus of this paper is the third task where pre-
ferred entities are to be identified.

Mainly comparative opinion research area applies its 
techniques on the English language; however, this paper 
introduces a technique for identifying the sentiment of 
Arabic comparative opinions. The proposed technique 
uses the available Arabic sentiment analysis lexicons 
[5–8] and enriches them by the lexicons presented in [9]. 
It introduces a sentiment measurement based on three 
main factors: the comparative keyword type, the existence 
of features and the position of entities in the opinion. It 
categorizes comparative keywords into five main catego-
ries for the sentiment calculation. The proposed technique 
limits human interference to the initial steps of preparing 
the data and categorizing comparative keywords. It also 
offers an approach for handling comparative opinions 
that contain comparative keywords without sentiments 
or features.

The rest of the paper is organized as follows. Section 2 
provides a review of the work done in the area of compara-
tive opinion’s sentiment analysis followed by the proposed 
technique in Sect. 3, which first provides the definitions 
of the different types of comparative keywords used in 
this paper. Then, it demonstrates the processing steps 
carried out by each category and how the sentiment of 
different comparative opinions is calculated. The findings 
of the proposed technique are presented in Sect. 4 along 
with the used dataset and the collected lexicons. Finally, 

a conclusion and recommendations for further research 
are offered in Sect. 5.

2  Related work

The approaches used with sentiment analysis can be cat-
egorized into three main categories: Supervised learning, 
unsupervised learning and a hybrid approach of the first 
two approaches. Supervised learning includes machine 
learning algorithms [10, 11] as support vector machines 
(SVM) and Naïve based (NB). Such an approach uses a 
large labeled dataset and a set of predefined features 
to train the algorithm. This technique is mainly used for 
comparative opinions identification, comparative opin-
ions classification and sentiment analysis of compara-
tive opinions as in [1, 2, 4, 12]. Another popular machine 
learning algorithm that is used in comparative opinion is 
the conditional random field (CRF) algorithm. It is mainly 
used for comparative relation extraction, but it can also 
be used to identify the comparative relation direction as 
in [4]. Xu et al. [4] proposed a novel graphical approach 
for comparative relation extraction; namely, the use of a 
two-level CRF algorithm with interrelated dependencies. 
Their main contribution was in considering comparative 
sentences with more than one relation. They considered 
the unfixed interdependencies of relations to identify the 
better, worse, same and no comparison relations.

Another supervised machine learning approach was 
adopted in [13]. They retrained a semantic role labeling 
(SRL) system with a product review data, where compara-
tive arguments and predicates were labeled. The compara-
tive predicate of each sentence was labeled along with 
two entities and one feature as arguments. The sentiment 
identification was expected to have at least one or four in 
the form of (predicate, entity+, entity−, aspect) as any of 
the arguments could be empty. Their result of the argu-
ment classification as entity+ or entity− was relatively low; 
however, their approach can be improved by engineering 
more features for the training.

The unsupervised approach includes machine learn-
ing problems that do not require a predefined, labeled 
set as in the clustering problems. Lexicon-based senti-
ment analysis techniques are considered an unsupervised 
technique [14]. Little attention has been given to lexicons-
based approach for comparative sentiment analysis. Work 
in [9] uses a lexicon approach by creating two lists and 
calculating the included sentiment terms through one-
side association (OSA) measurement [11]. The two lists 
are the pros and cons they gathered from online reviews 
to provide external information for the sentiment calcu-
lation. They identify two main types of comparative key-
words. Opinions were processed according to whether 
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the comparative keyword and features were opinionated 
or not. Their method is effective, but it cannot be applied 
directly to the Arabic language. The differences between 
the Arabic comparative expressions and the English ones 
require different categorization. The two lists created in 
this work are used in this paper to add more vocabulary 
to the final lexicon.

Another approach that uses deep neural network tech-
niques is presented by Chen et al. [15]. It processes com-
parative sentences as part of multi-target sentences and 
determines an overall sentiment to the sentence. Their 
work does not specifically identify entities and features 
involved in the comparison, but it identifies several targets 
in the sentence. They used one-dimensional convolutional 
neural networks (1d-CNNs) for the sentiment classification. 
Sentences were categorized according to the number of 
targets in them. They trained Id-CNNs on each type of sen-
tences separately. Their results are good considering the 
dataset they used; however, they do not identify compara-
tive opinions separately or specify the preferred entities.

Most work on comparative relations focuses on certain 
languages, mainly English and Chinese [4, 9, 10, 15–17]. 
Other languages such as Arabic have been given less 
attention [10]. The research done on comparative opin-
ions in the Arabic language usually deals with prefer-
ences expressed using ‘elative’. The elative form in Arabic 
represents both comparative and superlatives nouns. It is 
generated by converting the triliteral adjective roots to 
a form that is equivalent to the elative form ‘ /afaal’ or 
‘ /alafaal’ to represent comparative and superlative 
nouns, respectively [18, 19]. The ‘ /afaal’ comparative 
keyword takes JJR tag in any Part of Speech (POS) tagger, 
e.g., ‘ /better’ where the ‘ /al + afaal’ keyword takes 
DTJJR tag, e.g., ‘ /the best’. They will be referred to as 
JJR comparatives and DTJJR superlatives for simplicity. 
These two forms are the most popular forms of express-
ing comparative opinions. However, there are other terms 
such as ‘  /compared to’, ‘ /exceeds’, ‘ /i 
choose’, and ‘ /however’ can be used when comparing 
two or more entities.

Arabic comparative opinions were first addressed by 
El-Halees [12] where opinions were categorized into com-
parative and non-comparative opinions. They used POS 
techniques and machine learning algorithms for catego-
rization. They further classified them into the four prede-
fined comparative types, using manually created rules. 
Later in [20], Eldefrawi et al. proposed the use of CRF algo-
rithm for the extraction of comparative relations; however, 
they did not identify the comparative relation’s direction.

Comparative opinion mining in the Arabic text is one of 
the long-neglected topics in sentiment analysis. Previous 
work that used linguistic forms for the analysis of com-
parative opinions in [9] was based on the English language 

structure. Their focus was mainly on the two common 
types of comparative opinions which are the comparatives 
and superlatives that end with “er” and “est” and the ones 
use “most, least, less, more” without additional investiga-
tion for different comparative terms.

An approach for comparative opinions’ sentiment iden-
tification is proposed using lexicon-based techniques 
and a set of sentiment calculation rules. The proposed 
technique provides an analysis of the linguistic form of 
comparative opinions. To the best of our knowledge, cal-
culating the sentiment of Arabic comparative opinions has 
not been addressed before. The proposed technique cat-
egorizes comparative keywords into five main categories. 
The categorization is made to fit the nature of the Arabic 
language and to allow the algorithm to calculate the senti-
ment for opinions based on the type of the comparative 
relation’s keyword. It also sheds light on certain compara-
tive keywords other than traditional comparative ones. 
These different forms have separate processing steps to 
increase total accuracy.

3  The proposed technique

The proposed technique starts with the categorization of 
comparative keywords. This section introduces the five 
comparative categories adopted in the proposed tech-
nique. It then explains the processing steps carried out 
on each category in detail. Finally, it discusses how the 
sentiment and negation are calculated for the different 
features and terms in the opinion.

3.1  Comparative keywords’ categorization

Identifying the different types of comparative keywords 
is necessary, as every type has its own characteristics. This 
will better allow identifying the direction of each compara-
tive relation where the processing of a certain comparative 
keyword type may not be applicable to other types. A list 
of comparative keywords is collected from the gathered 
dataset and through searching social platforms for com-
parative expressions. It is a straightforward categorical 
approach in which keywords are grouped into five catego-
ries based on their nature. This significantly automates the 
process and limits the need for human judgment to initial 
preparation of lexicons and dataset as discussed in Sect. 4.

Table 1 summarizes the five categories and provides 
examples for clarification. The first two categories are the 
JJR and the DTJJR comparative types. Though the Arabic 
language has an infinite number of JJR and DTJJR, there 
are certain common terms used by opinion holders. The 
commonly used ones were gathered and given a senti-
ment based on the observations of the dataset. The third 
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category is the JJR and the DTJJR comparative types, but 
with no sentiment. They are a special type of the first 
two and commonly used where comparative keywords 
have no obvious sentiment on their own. They show a 
decrease or increase of the features in an opinion and 
the sentiment of a keyword is identified based on the 
sentiment of the feature. The fourth category includes 
terms that show direct sentiment: they could be verbs, 
adjectives or a combination of terms. The existence of 
these terms facilitates the identification of the preferred 
or the non-preferred entity because their meaning is 
conclusive. The last category is the neutral comparatives 
which have the nature of separating the two entities into 
two different sentences. They have a neutral sentiment; 
therefore, to identify the preferred entity, the sentiment 
of the surroundings must be identified. Though the cat-
egorization is a one-time effort, the keyword list of each 
category can still be expanded by adding new compara-
tive keywords whenever having new collected opinions.

The processing of the comparative opinions can be car-
ried out after assigning the comparative keyword in the 
opinion to one of the five categories. In the next section, 
the processing of each category is discussed in detail.

3.2  Comparative opinions processing

Since all sentences are annotated and assigned to one of 
the five categories, they are processed with consideration 
of the other two elements (the existence of features and 
the position of entities to the comparative keywords). The 
pseudocode in Fig. 1 summarizes the rules guiding the 

processing of each category. They are then detailed in the 
following sub-sections.

3.2.1  Type A: JJR comparatives with sentiment

This is the most dominant comparative form used while 
expressing preferences. It usually has the two entities on 
different sides of the comparative keyword. If the JJR key-
word’s sentiment is positive, the opinion’s sentiment is 
positive toward the first entity, in case no negation is used. 
If the JJR keyword’s sentiment is negative, the opinion’s 
sentiment is negative toward the first entity and subse-
quently positive toward the second entity.

For instance: /The eastern 
hotel is much worse than the west. The comparative key-
word here is /worse. The keyword’s sentiment is nega-
tive. The first entity which is /eastern hotel takes 
the negative sentiment. In case, the two entities are before 
or after the comparative keyword, the entity right before 
or right after the comparative keyword gets its sentiment. 
This form is sometimes used to express the superlative 
sentiment as in /Al Ahly is a better team. In 
this case the one entity in the opinion takes the sentiment 
of the JJR comparative.

3.2.2  Type B: DTJJR superlatives with sentiment

It is a variant of JJR, mainly used for expressing superla-
tives. In this case, the sentiment of the DTJJR is given to 
that one entity. In some cases, DTJJR is used in a com-
parative way; it is used to express non-equal gradable 

Table 1  The five main categories of comparative keywords
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comparatives. In such cases, the pronouns used ‘is/  and 
are/ ’ with the DTJJR should be considered.

In the case of entity 1 + ( /is, are)+ DTJJR, entity 
1 takes the sentiment of the DTJJR keyword. Otherwise, if 
DTJJR + ( /is, are, than them) + entity 2, then 
entity 2 takes the sentiment of the DTJJR keyword.

For  example,  on DTJJR  with  a  pronoun, 
‘ /The eastern hotel is not 
good the best is the western’. Here ‘the best’ is followed 
by ‘ /is’. In this case, the second entity is the better ‘
/the western’

3.2.3  Type C with features: JJR comparatives, DTJJR 
superlatives with no sentiment

JJR comparatives that show an increase as ‘ /higher, 
/more’ do not necessarily indicate positive sentiment. 

One example is ‘ /higher price’, which indicates an 
obvious negative sentiment. Another example is ‘ /
more durable. /price’ and ‘ /durable’ are considered 

features in these opinions. Features need to be identified 
to calculate the sentiment of the sentence. The adopted 
approach here is similar to the one used in [9]. If a positive 
feature is associated with increased JJR, then the senti-
ment is positive. If a positive feature is associated with 
decreased JJR, then the sentiment is negative. The same 
approach applies to negative features with decrease and 
increase.

This approach also applies to DTJJR superlatives with no 
sentiment. However, the position of the pronouns should 
be considered to identify the direction of the sentiment 
as discussed with type B in the case of DTJJR expressing 
comparison between two entities.

3.2.4  Type C with no features: JJR comparatives, DTJJR 
superlatives with no sentiment

In case there are no explicit features in the sentence, then 
surrounding terms are used to calculate the sentiment 
of the comparative keyword. One example of this type is 

Fig. 1  Processing rules of each 
comparative type
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/Sony mobile bears more 
than Samsung. /bears more here describes the 
durability feature, but using a verb. This type is consid-
ered an implicit feature. Figure 2 shows that there are three 
positions entities can exist in a comparative opinion. The 
entities could be either on different sides of the compara-
tive keyword, or they both could be before or after the 
comparative keyword.

The total polarity of all terms in the positions of (sen-
timent 1 + sentiment 2) is calculated, positive features 
are given 1 and negative features are given − 1. In case 
only one entity exists in the opinion, then sentiment 
1 is only considered. If (sentiment 1 + sentiment 2) ≥ 0, 
then the sentiment is positive. If (sentiment 1 + senti-
ment 2) < 0, then the sentiment is negative. Same rules 
apply here as type C with features, positive and increas-
ing JJR/DTJJR then the total sentiment is positive to the 
first entity. If positive and decreasing JJR/DTJJR, then 
the total sentiment is negative to the first entity and 
vice versa for negative with increasing and negative 
with decreasing.

The positions of sentiment 1 and 2 in Fig. 2 tend to 
contain the most descriptive terms regarding the two 
entities. If the whole sentence is considered, more elab-
oration from the opinion holder could sometimes be 
misleading.

3.2.5  Type D: terms that show preferences

Verbs and adjectives that show clear preferences or 
dislikes are collected and processed accordingly. Some 

terms as /I choose, /I prefer, have the following 
entity as the preferred one. Other terms as /exceed, 

/distinguished, have the preceding entity 
as the preferred one. This solution proves to be very 
effective, especially with this type that is found to be 
the second most common one used in the collected 
dataset as shown in Table 3.

3.2.6  Type E with features: neutral comparative

The neutral comparative keywords do not imply any senti-
ment on their own. Identifying comparative relations direc-
tion with neutral comparatives is identifying the sentiment 
of two sub-sentences as shown in Fig. 3. The preferred entity 
is the one enclosed in the positive sub-sentence. For such 
keywords, the surrounding terms’ sentiment needs to be 
identified.

The calculation is very simple but efficient. First, senti-
ment 1 of the first entity is calculated. If the total sum of 
features’ sentiment > 0, then the sentiment of the sentence is 
positive for the first entity. If sentiment 1 < 0, then the senti-
ment is negative for the first entity.

If the total sum = 0, then sentiment 2 is calculated. If the 
polarity of the sentiment 2 > 0, then the sentiment is posi-
tive for the second entity. If the polarity of sentiment 2 < 0, 
then the sentiment is negative for the second entity. If both 
polarities are 0, then the first sentence is given the positive 
polarity and the first entity is the preferred one.

Fig. 2  Positions of entities to 
the comparative keywords

EN1 EN2KWTerm1 Term2

Sentiment 1

EN1 EN2 KWTerm1 Term2

Sentiment 1

Term3

Sentiment 2

EN1 EN2KW Term1 Term2

Sentiment 1

Term3

Sentiment 2

Term3

Sentiment 2

Fig. 3  Neutral comparative 
common case

EN1 EN2KWFT FT

Sentiment 1

FT

Sentiment 2
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3.2.7  Type E and no features: neutral comparative

In case no features exist in the sentence, then the total polar-
ity of terms, including nouns, verbs and adjectives that are 
found in the lexicons are searched and their sentiment is 
calculated. Considering only terms in the same positions, 
see the features in Fig. 3.

The terms ‘positive feature’ and ‘negative features’ are 
used throughout the paper. Identifying the sentiment of fea-
tures and terms is necessary to identify the total sentiment 
of the opinion. However, some factors must be considered 
as compound terms, negations, neutral terms etc. The next 
section discusses how to calculate the sentiment of features 
and terms within opinions.

3.3  Sentiment calculation

3.3.1  Features and terms sentiment calculations

In this research, features are explicitly stated nouns. Efforts 
are done with the collected features from the pros and 
cons lists and the four used Arabic sentiment lexicons. Fea-
tures and terms identified in the lexicon as ‘positive fea-
ture’ and ‘negative feature’ could be single or compound 
keywords and terms. Neutral features are given a senti-
ment based on their surroundings of terms which give the 
feature its real sentiment.

When calculating the sentiment of the feature, com-
pound terms/features from all the lexicons are always con-
sidered first. Assign the sentiment to the compound terms 
found in the opinion and move to the next feature. Once 
compound features are resolved, existing single features 
are resolved next.

Single term/feature that is not found in the final lexi-
cons, is normalized, segmented and, if necessary, stemmed 
and its origin is searched again in the lexicon. If the feature 
is positive and associated with a negative verb/adjective or 
a negation, they are considered a negative feature. Exam-
ples: /expensive lessons, /lacks honesty, 

/lacks respect. On the other hand, a negative fea-
ture associated with a positive verb/adjective or negation 
is identified as a positive sentiment. For example, 
/not expensive, /no delays, /shock 
absorbers and so on.

Neutral features associated with a negative verb/adjec-
tive are considered negative features, whereas neutral fea-
tures associated with a positive verb/adjective are consid-
ered positive features. In case of opinions without features, 
positive nouns associated with negative verb/adjectives 
are together given negative sentiment and vice versa for 
negative nouns associated with the positive verb/adjec-
tive. As adjectives describe the associated nouns and verbs 
identify a certain event or action that affects the nouns, 

especially verbs derived from adjectives [18]. Adjectives 
associated with negation have their sentiment reversed. 
Other than that, every single term (noun, verb, adjective) is 
assigned its own sentiment. Negative feature/term is given 
− 1, while positive feature/term is given 1.

3.3.2  Negation calculations

Negations are not only limited to ‘ /not’, /no, 
non’. There are a lot of terms that act as negation, espe-
cially in the Egyptian dialect. Terms as /without, 
/there is no, /didn’t happen and so forth. When a 
negation is directly associated with the comparative key-
word in the sentence, the sentence’s sentiment is reversed. 
In case the negation is associated with a certain feature or 
term, then it only inverts the associated term or feature’s 
sentiment. However, one must consider certain terminolo-
gies that have negations with a totally different meaning. 
For example, ” /there is no better 
than fresh juice”, the negation “ /there is no” has a posi-
tive meaning and does not inverse the sentiment of 
/better.

There is a different type of negation that acts similar 
to the rules of case 3 in Fig. 1. It includes certain adjec-
tives and verbs that show an increase or decrease like (، 

), they are given (+) or (−) sentiment, respectively. 
These terms are not assigned positive or negative senti-
ment on their own, but they reverse or preserve the associ-
ated sentiment. In the case of (−) with positive or negative 
features, the sentiment is reversed. In the case of (+) with 
the positive or negative features, they keep the sentiment 
the same.

The following example illustrates how sentiment and 
negations are calculated with neutral comparatives, using 
the neutral keyword ‘ /on the other hand’.

Example 1:  /
mobile Samsung screen is weak on the other hand Sony 
is beautiful.

• Sentiment 1: a total of all features from entity 1 
( /mobile Samsung) to the comparative key-
word ( )

• Sentiment 2: a total of all features from the comparative 
keyword ( ) to entity 2 ( /mobile Samsung)

Sentiment 1: ‘ /screen’ is the feature, if the features 
cannot be found in the lexicon directly, it is segmented, 
normalized and stemmed. After segmenting, the term 
will be ‘ ’. Searching for this term in the lexicon, it will 
turn out to be neutral. The following word is a negative 
word (weak/ ) associated with a neutral feature which 
results in a negative sentiment altogether. As there are no 
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other features, then sentiment 1 is − 1. This ends the cal-
culation and the sentence is given a negative sentiment.

A similar example, but without the existence of any fea-
tures in the opinion is: /
mobile Samsung is not good; on the other hand, Sony is 
beautiful. There are no explicit features in this case senti-
ment 1: a total of all terms from entity 1 ( ) to the 
comparative keyword ( ).

The following word is a negation (not/ ) associated 
with a positive word ( /good) which results in a negative 
sentiment altogether. According to the rules, positive term 
associated with negative or negation is a negative word. 
As there are no other terms, the sentiment 1 is − 1. This 
ends the calculation and the sentence is given a negative 
sentiment.

4  Evaluation and experiment results

For evaluating the proposed technique, a data set of com-
parative opinions was collected. The dataset consisted of 
all five types of comparative keywords. The processing 
rules explained in Sect. 3 were applied to the data. Then, 
the precision, recall and f-measure were calculated for 
positive and negative opinions separately.

4.1  Data preparation

The preparation of data includes the collection and clean-
ing of the dataset used for testing the proposed technique. 
It also includes the collection and preparation of the lexi-
cons used for calculating the sentiment of features and 
terms in the sentences and the categorization of different 
comparative keywords.

4.1.1  Dataset

A total of 830 comparative opinions were collected for 
testing the proposed technique. These opinions were both 
Egyptian dialect opinions and Modern Standard Arabic 
(MSA). Some of the opinions were collected from the data-
set used in [21]. More opinions were collected from public 
Facebook pages, Twitter and public blogs. The dataset size 
is close to the size of other datasets used in comparative 
sentiment analysis research; for instance, the work intro-
duced in [9] used a dataset of 837 opinions. In [4], a dataset 
that consisted of 870 non-equal and superlative compara-
tive opinions was used.

The sentences were annotated and given their senti-
ment by three Arabic native speakers. They were all non-
equal gradable comparative and superlative sentences. 
This means there was always a preferred entity. In the case 
of non-equal gradable, a sentence was given a positive 

sentiment if the first entity in the sentence was the pre-
ferred one. Otherwise, the sentiment of the sentence was 
considered negative, which means the second entity was 
the preferred one. In case of superlative, a sentence was 
considered positive if the sentiment was positive toward 
this single entity. Otherwise, the sentence is given nega-
tive if the sentiment is negative toward the single entity. 
The collected opinions included one relation and two enti-
ties or one entity in case of superlatives. Table 2 shows 
the distribution of the comparative opinions in the data-
set regarding their sentiment. In Table 3, the comparative 
opinions of different comparative keywords types are dis-
played as a percentage of the total data.

4.1.2  Preprocessing of comparative opinions

Comparative opinions from the dataset were cleaned 
before any processing. The cleaning included removing 
special characters, noise, repeated letters and translat-
ing any foreign terms used. During the opinions pro-
cessing, some language related tasks could be needed 
for identifying terms that were not directly found in the 
lexicon. AraNLP tool [22] was used for this purpose. This 
tool provided a wide range of language processing func-
tions including segmentation and tagging, normalization, 
stemming and light stemming. It is an open source Java-
based tool that is based on Stanford tagger [23]. In case, no 
matches were directly found with the lexicon, terms were 
first normalized, then segmented and lightly stemmed. 
After each step, the non-matched terms were submitted 
again until a match was found. The search then stopped 
and moved to the next term.

Table 2  Distribution of positive and negative opinions in the data-
set

Opinions Positive Negative Total

Comparative 260 25 285
Superlative 497 48 545
Total 757 73 830

Table 3  The percentage of the 
different comparative opinions’ 
types in the dataset

Comparative 
types

Opinions 
distribution 
(%)

Type A 77
Type B 6
Type C 6
Type D 7
Type E 4
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4.1.3  Lexicons used

Several sentiment Arabic lexicons were used and merged 
into one large final lexicon. The first one is ArSenl [5], it is 
a large-scale Arabic lexicon. ArSenl contains terms with 
their sentiment score and confidence. The second one 
is NileULex [6] is an MSA and Egyptian dialect lexicons 
consisting of single and compound terms. The third lexi-
con is the Arabic translation of Bing Liu’s lexicon [7, 8] 
which is a translation of the English lexicon presented 
in [24]. Finally, the Arabic hashtag lexicon (dialectal) in 
[7, 8] was also used where it contained some dialectical 
Arabic terms. These lexicons contained Arabic and Egyp-
tian terms with their polarity either positive or negative. 
They were scanned to remove redundancies. In addition 
to these lexicons, the pros and cons lists presented in 
[9] were also used. These two lists contained a combi-
nation of features and comparative keywords gathered 
from pros and cons opinions of various platforms. In [9], 
the two lists were used in a way that the features were 
considered negative if the combination of comparative 
keywords and features were more associated with the 
cons list than the pros list. The same applies to positive 
features to be more associated with the pros list that 
the cons list.

The two lists were used to further enrich the combined 
lexicon by extracting the adjectives and terms that are 
used to express negativity or positivity sentiment toward 
features. For instance, in the cons list ‘
/poor picture quality’ if the word ‘ /poor’ does not 
exist in the final lexicon, it is added as a negative word. 
‘ /picture quality’ On the other hand, it can 
be viewed as a positive feature. Finally, the two terms: 
‘poor + picture quality’ are added as a compound term 
with negative sentiment.

The reason for that is to solve the context-dependent 
problem. For example, the term ‘ /strict’ alone is a neg-
ative term. However, the term ‘ /strict’ + ‘ /
driver’s manners’ has a positive sentiment. This allows the 
algorithm to assign ‘ /strict’ + ‘ /driver’s man-
ners’ together with a positive sentiment, and in another 
context, the term ‘ /strict’ would still be assigned a 
negative sentiment.

The two lists were scanned for terms that occur fre-
quently in the Arabic opinions; they were then collected 
and translated. The lexicon was also extended by consider-
ing some additional features that are not included in these 
lists. For instance, a feature like ‘ /taste additives’, 
‘ /colour additives’ was considered a negative 
feature and added to the lexicon. Terms that do not exist 
in any lexicon were also added to our lexicon, including 
additional MSA and Egyptian colloquial terms. For some 
other features that are usually part of an item like speakers 

or a battery that have a neutral sentiment in the lexicon, 
their sentiment must be identified through supporting 
terms around them during the processing.

Figure 4 shows all used lexicons in this paper, including 
the two lists obtained from [9]. Identifying the sentiment 
for features from the two lists was done by three Arabic 
native speakers. Deciding the sentiment of a feature was 
done by observing how they were used in the collected 
data. Generally, if the more/high of a feature is positive, 
then this feature is positive and vice versa.

4.2  Experiment setting and results

Three main measures were used: precision, recall and 
f-measure. Precision (P) measures how much of the 
retrieved data is correct while Recall (R) measures how 
much is retrieved of the correct data. F-measure (F-M) is 
considered an approximate average between the two first 
measures.

Collect and 
add to final 

lexicon

Compound features/terms 
(neutral, positive, negative)

+
Single features/terms (neutral, 

positive, negative)

Arabic 
Hashtag 
Lexicon 

(dialectal)

Pros, Cons lists
Arabic 

translation of 
Bing Liu’s 

Lexicon

ArSenl NileULex 

Fig. 4  Collected final lexicon
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Fig. 5  Result in terms of precision, recall, f-measure
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General observations show that approximately 90% of 
the gathered opinions have positive sentiment. In other 
words, opinion holders tend to favor the first entity. This 
reflects the human nature in comparing entities, by pre-
senting their favorite one first. To avoid this problem, preci-
sion, recall and f-measure were calculated for the positive 
and negative sentiment sentences separately.

First the total sentiment of opinions, including all com-
parative keyword’s types, is presented in Fig. 5. Results for 
entity 1 is very high, entity 2 is a little lower, but still a very 
good percentage. The reason for this is that it is usually 
easier to identify the positive sentiment, as negative senti-
ment could be implied in the opinion or not clearly stated 
by the opinion holder.

Regarding the validity of the proposed catego-
ries, the result of each type is displayed separately in 
Table 4. Results in Table 4 show that the highest results 
are achieved with type A, B and D. Type D approach is 
very effective: these terms have a very direct and strong 
sentiment. If someone says that they choose/hate/pre-
fer entity 1, they state a clear sentiment about entity 
1. Such opinions rarely have a different sentiment as in 
case of sarcasm. Type B is very similar to type A. The used 
approach is very efficient, especially that it is mainly used 
for expressing superlative opinions. In superlative, the 
sentiment is toward one entity and it makes it easier to 
identify the sentiment of the opinion. The results for Type 
C, JJR/DTJJR comparatives with no sentiment, and type 
E neutral comparatives are a little lower than the others 
because the comparative keywords are not decisive on 
their own. When the comparative keywords have a senti-
ment, the estimated sentiment is usually more accurate. 
For comparative keywords with no sentiment, looking for 
the surrounding features and terms offers a way to iden-
tify the sentiment. The proposed technique achieves high 
results in all five types. The quality of the used lexicon 
can affect the results; thus, in this paper a combination 
of lexicons is collected, and additional terms are added 

to keep the result from being highly affected by unidenti-
fied terms.

5  Conclusion

This paper proposes a technique for sentiment analysis 
of comparative Arabic opinions. To the best of our knowl-
edge, this is the first work to address this problem with 
the Arabic language. The proposed technique shows high 
results of 99% and 94% f-measure of correctly identified 
directions of the comparative relations. It uses available 
resources for the best results and limits the human interac-
tion to the initial steps of collecting lexicons and catego-
rizing comparative keywords, which shows potential for 
fully automating the process. It categorizes comparative 
keywords used to express opinions into five categories 
and processes them separately. Separating the analysis of 
each category achieves better results as each category has 
its own characteristics. The technique uses the linguistic 
structure of comparative opinions while considering how 
opinion holders tend to express their subjective opinions 
in a comparative manner. The technique also offers a way 
of addressing comparative opinions with no obvious senti-
ment and no features which form a good portion of com-
parative expressions found online.

The future work of this research is to address implicit 
features for the sentiment analysis. Implicit features are 
inferred from the text and not directly stated in the text. 
Studying how to analyze the sentiment of comparative 
opinions with more than one relation and more than two 
entities are set for future work. Moreover, addressing the 
continuous updating of the used lexicon by adding new 
features that do not exist in it is a way to keep the high 
results for all domains. The supervised technique can also 
be used for identifying the sentiment of comparative 
opinions guided by the work presented in this paper for 
selecting features to train algorithms. Finally, a larger com-
parative opinion dataset is to be collected for testing the 
proposed technique on a larger scale.

Table 4  Precision, recall 
and f-measure of the all 
five comparative keywords’ 
categories

The best results are obtained with type A, B and D. Their results are added in bold for display

 Entity 1 Entity 2

P R F-M P R F-M

Type A 99.67 100 99.84 100 96.16 98.05
Type B 100 100 100 100 100 100
Type C 93.34 97.68 95.47 85.72 66.67 75.01
Type D 100 100 100 100 100 100
Type E 94.45 89.48 91.9 81.82 90 85.72
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