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Abstract: People tend to share their opinions on social media daily. This text needs to be
accurately mined for different purposes like enhancements in services and/or products.
Mining and analyzing Arabic text have been a big challenge due to many complications in-
herited in Arabic language. Although, many research studies have already investigated the
Arabic text sentiment analysis problem, this paper investigates the specific research topic
that addresses Arabic comparative opinion mining. This research topic is not widely inves-
tigated in many research studies. This paper proposes a lexicon-based framework which
includes a set of proposed algorithms for the mining and analysis of Arabic comparative
sentences. The proposed framework comprises a set of contributions including an Arabic
comparative sentence keywords lexicon and a proposed algorithm for the identification of
Arabic comparative sentences, followed by a second proposed algorithm for the classifica-
tion of identified comparative sentences into different types. The framework also comprises
a third proposed algorithm that was developed to extract relations between entities in
each of the identified comparative sentence types. Finally, two proposed algorithms were
developed for the extraction of the preferred entity in each sentence type. The framework
was evaluated using three different Arabic language datasets. The evaluation metrics used
to obtain the evaluation results include precision, recall, F-score, and accuracy. The average
values of the evaluation metrics for the proposed sentences identification algorithm reached
97%. The average evaluation values of the evaluation metrics for the proposed sentence
type identification algorithm reached 96%. Finally, the average results showed 97% relation
word extraction precision for the proposed relation extraction algorithm.

Keywords: natural language processing; Arabic text mining; comparative opinion;
comparative sentence identification; type identification; relation extraction; preferred
entity extraction

1. Introduction

A huge portion of comparative opinions in Arabic language is shared daily in social
media. Such opinions need to be analyzed for many reasons like improving products and
services. In general, comparative opinions are analyzed first by their identification, then by
extracting their types [1,2], followed by extracting their relation elements [2-5] and finally
extracting the preferred entity [2,6].

Arabic Language has three dialects, namely Modern Standard Arabic (MSA) [7],
Quranic Arabic (QA), and Colloquial Arabic [8]. QA is the type of Arabic in which the
Quran, the holy book of Islam, is written. In the sixth century A.D., the language was
marginally not the same as the Arabic of today. MSA is the most broadly utilized version of
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Arabic today in Arabic speaking nations. MSA is utilized as a portion of every media outlet
from television to films, to daily newspapers and radio broadcasts. The vast majority of
books are written in MSA in addition to politicians’opinions in debates, alongside speeches.
MSA is the Arabic dialect that is utilized in everyday life in Arabic speaking countries.
Colloquial Arabic is frequently the spoken language of most Arabs. This type of Arabic is
subject to regional varieties that not only exist across nations, but also occur in the same
nation. The focus of this paper is on Colloquial Arabic and MSA.

Previous work was proposed in the field of comparative opinion mining and analysis
of English [9,10], Korean [11], Chinese [12] and Vietnamese [5] languages. Related work
specialized in comparative opinion mining and analysis of Arabic language was proposed
in [1,3,4,6-8,13]. The contributions of this paper are outlined as follows.

* A comprehensive lexicon-based framework for the detailed mining and analysis of
Arabic comparative sentences is proposed and evaluated.

*  An algorithm for the identification of Arabic comparative sentences is proposed. The
algorithm is referred is to referred to as the Arabic Comparative Sentence Identification
(ACSI) algorithm.

*  An algorithm for the identification of Arabic comparative sentences types. The al-
gorithm is referred to as Arabic Comparative Sentence Type Identification (ACSTI)
algorithm. All types of Arabic comparative sentences are considered in this algorithm.
The identified comparative sentences were classified into four different types, namely
non-equal gradable, equative, superlative, and non-gradable.

¢ An algorithm for the extraction of the relation between the different entities in the
Arabic comparative sentence is proposed. The algorithm is referred to as the Relation
Extraction from Arabic Comparative Sentence (REACS) algorithm. REACS algorithm
considers all elements that form any relation which are a relation word, a comparison
feature, a first entity, also referred to as entity 1, and a second entity, also referred to as
entity 2.

*  Two algorithms for the extraction of the preferred entity are proposed. These algo-
rithms are referred to as Preferred Entity Extraction from Arabic Non-Equal Compara-
tive Sentence (PEEANCS) and Preferred Entity Extraction from Arabic Superlative
Comparative Sentence (PEEASCS) algorithms.

* An Arabic comparative keyword lexicon is specifically developed to evaluate the
proposed algorithms. This lexicon contains 649 Arabic comparative keywords that
cover all the Arabic comparative sentence types.

Three different datasets had been used in this work to evaluate the proposed frame-
work. The datasets include a Twitter dataset composed of 10,005 sentences in Egyptian
dialect [14], an MSA dataset composed of 100 sentences, and a social media dataset com-
posed of 501 sentences in Egyptian dialect. The MSA and social media datasets were
manually developed by the authors for the evaluation of the proposed framework. The
evaluation metrics used to evaluate the proposed algorithms include precision, recall,
F-score and accuracy. For the ACSI algorithm, the average values of the four evaluation
metrics over all datasets were in the range of 92% to 97%. For the ACSTI algorithm, the
average precision, recall, F-score and accuracy values of the proposed type identification
algorithm over the four types using all datasets were 96%, 91%, 92% and 96%, respectively.
For the REACS, PEEANCS and PEEASCS algorithms, the average results over all datasets
were 97% precision for relation word extraction, 73% precision for feature extraction, 75%
precision for first entity extraction, 82% precision for second entity extraction and 65%
precision for preferred entity extraction.

The rest of the paper is organized as follows. Related work is presented and discussed
in Section 2. Section 3 presents a detailed description of the components that form the
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proposed framework. Section 4 discusses the details of the datasets used to obtain the
evaluation results. Section 5 presents the evaluation metrics. Section 6 presents and
discusses the evaluation results. Finally, Section 6 presents the conclusions and future work.

2. Related Work

There were many papers that were proposed in the field of mining and analysis of
comparative sentences in different languages. For example, a set of recent papers were
proposed to address comparative sentences in English [9,10], Korean [11], Chinese [12]
and Vietnamese [5] languages. Since the focus of our work is on Arabic language [2], this
section will only present the work proposed in this language, as will be discussed later.

El-Halees [1] mined comparative sentences in Arabic text. Firstly, Arabic comparative
sentences were identified from non-comparative ones using Part Of Speech (POS) tags [15],
in which the f-measure was on average 63.73% with low precision. Secondly, three machine
learning classifiers were applied, namely K-nearest neighbors (KNN), Support Vector
Machine (SVM), and Naive Bayes [16]. The best obtained f-measure was 86.63% using
KNN [17]. This work showed that using machine learning is much better than using POS
in identifying Arabic comparative sentences. Finally, a combination of SVM and POS
was applied which resulted in f-measure of 88.87%. This resulted in little improvement
compared to using machine learning only. Moreover, the work in this paper applied another
additional task which was the generation of a set of rules to characterize three types of
Arabic comparative sentences namely: non-equal gradable, equative and superlative.
However, as opposed to our work, a fourth type, namely a non-gradable comparative type,
was not investigated in this work.

Alharbi, and Khan [3] used decision tree classifier C4.5 (J48 implementation) [18] to
identify Arabic comparative opinions. Although the obtained results were promising, the
combination of J48 implementation, keywords, and POS improved the performance more
than the performance obtained using only J48 implementation. The keyword classifier
was found to be the best technique for detecting gradable comparisons. However, the
combination between the three different approaches achieved a good performance and
balance between the gradable and non-gradable comparative types.

Eldefrawi et al. [4] proposed work in comparative relation extraction for Arabic
language. In this work, the authors addressed comparative relations in MSA, Egyptian and
Khaliji Arabic dialects. The Conditional Random Field (CRF) Algorithm [19,20] was used
to extract comparative relations and it achieved high accuracy results in extracting the two
entities which are compared against each other in any comparative sentence.

Eldefrawi et al. [6] proposed a machine learning technique to identify preferred entities
in Arabic comparative opinions. Five main categories were proposed to classify comparison
keywords, in order to facilitate the analysis of comparative sentences. The obtained results
of identification were an average f-measure of 96.5%.

Alotaibi Najm et al. [13] proposed a deep neural-network based model for the identifi-
cation of comparative sentences from Arabic social media text. This work implemented the
proposed model into three steps. Firstly, the data were processed to be transformed into a
useful format. Secondly, the pre-processed data were fed to the model for classification.
Finally, a parameter optimizer algorithm was employed for fine tuning the parameters
involved in the model to enhance results. The proposed model was evaluated by two stan-
dard datasets namely Coprus and Corpus+. The obtained results showed high accuracy,
precision, recall and F-score which ranged between 94% and 98%.

The proposed framework is based on an Arabic comparison keyword lexicon, which
was manually built for the purpose of operating and evaluating this framework. The evalu-
ation results showed that high accuracy was obtained in all Arabic comparative opinion
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analysis steps. To the best of the authors” knowledge, this work presents the first compre-
hensive research work which implements all steps of the Arabic comparative sentences
mining and analysis in which all types of Arabic comparative sentences are investigated.

Furthermore, this paper is the first paper to investigate the Arabic non-gradable
sentence type in all framework steps. Table 1 summarizes the differences between the
related work and the proposed work. The table shows the main approach applied in
each of the related papers together with the objectives of each paper when compared
with the proposed work. It is clear from the the table that the proposed work is the only
one that comprehensively addressed all steps involved in mining and analysis of Arabic
comparative sentences.

Table 1. Summary of related works.

Comparative Comparative Relation Preferred
Reference Approach Type Sentence Sentence Type Extraction Entity

Identification Identification Extraction
El-Halees [1] Machine Learning v X X X
Alharbi and Khan [3] Lexicon-Based v X X X
Eldefrawi et al. [4] Machine Learning X X v X
Eldefrawi et al. [6] Machine Learning X X X v
Alotaibi et al. [13] Deep Learning v X X X
Proposed Work Lexicon-Based v v v v

3. Proposed Framework

This section discusses the detailed steps of the proposed approach framework. The
steps of the proposed framework are shown in Figure 1. The steps shown in the figure
starts with manually building an Arabic comparative keywords lexicon. Afterwards,
data are collected for preprocessing. Identification of each of comparative sentences and
comparative sentence type is then applied. This is followed by the extraction of each of
the comparative sentence relation and the comparative sentence preferred entity. Finally,
the accuracies of identification and extraction are calculated. It should be noted that the
proposed framework was developed on a machine with an Intel Core i7-6700, 3.4 GHz
processor and a 16 GB RAM. Visual Basic.NET programming language and Visual Studio
IDE were used to develop the software code of the framework. The rest of this section
presents a detailed explanation of the proposed algorithms used to implement the different
components of the framework.

3.1. Arabic Comparative Keywords Lexicon

In this paper, the proposed approach is based on a manually developed Arabic com-
parison keywords lexicon. This lexicon was manually developed because, to the best of
the authors” knowledge, there is currently no standard lexicon that specifically contains
Arabic comparison keywords. The lexicon was first developed by analyzing the linguistic
rules that govern the formation of the Arabic comparative sentence. These rules resulted in
the categorization of the Arabic comparative sentences into four different types [1] as will
be described in detail later. Secondly, for each sentence type, samples of the comparison
keywords and the associated comparative sentences were collected from different web sites
including Facebook, Twitter, YouTube comments, and web sites which compare between
different products and/or services.

Table 2 lists the comparison keywords used to build the lexicon where the keywords
are categorized by their sentence types. The authors would like to note that the developed
lexicon does not provide a comprehensive listing of all comparative keywords that exist
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in the Arabic language. Therefore, this will affect the accuracy of the next steps of the

proposed framework if comparative sentences with keywords that do not exist in the

lexicon are analyzed.

Arabic comparative sentences are categorized into four different types as follows [1]:

Non-equal gradable relation expresses a greater than or less than relation in which an
ordering of two entities with respect to some of their features is applied. An example
Arabic sentence of such a type is gy Slo 0 jfi N ji Lulys (studying Oracle
is deeper than Microsoft).

Equative relation expresses a relation which states two objects are equal with respect
to some of their features. For an example, an Arabic sentence of such a type is
f\.l.-.ﬂ\ 3 Syadl s Olixsld ! (the two universities have the same level of education).

Superlative relation expresses a relation that is greater than or less than all others or
in other words it ranks one object over all others. In Arabic language such a relation
adds ! (the) to the comparison word as in éJL:H ERNE ng.al‘ JAY\ oW (the
Egyptian Club Al-Ahly is the best in the history). )

Non-gradable relation expresses sentences that compare features of two or more
objects, but do not grade them. An example Arabic sentence of such a type
is _gus oS Wl Ly u5 s A2 gy 9l w5 (the teaching style of doctor
Roshdi differs from from the teac}{ing style of doctor Esaa).

Manually Build Lexicon ¢

of Comparative

Keywords

Accuracy Calculation

'
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‘

(Relation Word,

Preprocessing
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Entity)
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Figure 1. Proposed framework.
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Table 2. List of Arabic comparison keywords used to build the lexicon.

Sentence Type

No. of Keywords

Keywords Considered

Non-equal gradable
(positive sentiment)

Non-equal gradable
(negative sentiment)

Equative

Superlative (positive
sentiment)

230

67

236
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oA gl e gl sl gl ol il il ol el st el it alt g
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O R T R BT I e T B B W e e RS T P RS
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Jrel a1 aagl al g sl el ol o) 1 31 ) ol ol 3] i) ST
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Sentence Type No. of Keywords Keywords Considered
Superlative (negative £ . L5 . T R TI £t H . W5
sentiment) 113 V! g-\a\n &\H oYl G pasyt pas N WYl UaYE cguT se T 5T BYI

Non-gradable

VRN -]t ] BV JRVRPA] R ] VN I WP ][N RN [N RN
R ey N O RN B W ] Iy IR I W] BIPYPAN AN RPN PR
NI PN N Y ERN e B RN VN o N IS PR PO
eVl (w31 Az Y] ool iV N1 LI il eVl N1V YT AN
RO YS LI WA ] Y SR U B SPAN]E PSN] PN B W) TN r oN BNSUO
R Y N T e U o e PN e IS RS Y S AN
PO O Nt I T Ry T R B IR BN I T IR AN P

(PSRN PN ] PN SN VPN B TR I TVC )

3 Lol el ccaliz

Total

649

3.2. Data Collection

The datasets used to obtain the experimental results in this paper were collected
manually from different social web sites, as described before. This section discusses the
datasets which were used to evaluate the proposed framework. In this work, three datasets
were used including an Arabic Sentiment Tweets Dataset (ASTD) [14], an MSA dataset and
a social media dataset. In our work, we refer to the ASTD as the Twitter dataset. The MSA
and the social media datasets were manually developed for the evaluation of the proposed
framework. Tables 3 and 4 show a brief summary of the three datasets.

It should be noted in Table 4 that some sentences were not be able to be automatically
classified in one of the four sentence types. This is due to the following limitations. Firstly,
the Twitter dataset was initially used to evaluate the proposed framework when no other
datasets were used at that time. This results in a large portion of the sentences not being
classified in the Twitter dataset. This limitation did not affect the other two datasets.
Secondly, in all used datasets, there were no spaces between some comparison keywords
and the words before or after them. This inhibited the correct classification of the sentence
type. Finally, missing or not considering the Arabic diacritics drastically affected the correct
detection of the comparison keywords.

The authors would like to clarify that they did not adopt the formal machine learning
training, validation, and testing methodology, since the proposed framework is only based
on the developed comparative keywords lexicon. The steps used to evaluate the different
framework algorithms were as follows. The Twitter dataset was initially used for building
the initial lexicon. Afterwards, the other two datasets, i.e., MSA and social media, were
manually developed and then employed in the evaluation of proposed framework. It
should be noted that the Twitter dataset is a standard dataset for Arabic sentiment analysis
but is not specifically designed for the mining and analysis of Arabic comparative sentences.
Therefore, the expected balance between comparative and non-comparative sentences or
the balance among the different sentence types is not guaranteed.
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Table 3. Number of comparative and non-comparative sentences in each dataset.

Total Number of Number of Comparative Number of .
Dataset Non-Comparative
Sentences Sentences
Sentences
Twitter(ASTD) [14] 10,005 1345 8660
MSA 100 70 30
Social Media 501 217 284
Table 4. Classification of comparative sentence types in each dataset.
Number of Number of Number of Number of
Non-Equal . . Sentences Not
Dataset Equative Superlative Non-Gradable e
Gradable Classified
Sentences Sentences Sentences
Sentences
Twitter 36 36 523 29 721
MSA 24 6 29 3 8
Social Media 20 10 166 20 1

3.3. Data Preprocessing

This section discusses the detailed steps of preprocessing the Arabic sentences that
form each dataset. Firstly, each sentence in the dataset is accessed in order. Secondly, each
word, i.e., separated by a space, in the accessed sentence is checked for the presence of any
characters that do not exist in the set of 28 Arabic alphabets from i (the alphabetic letter A

or a) to s (the alphabetic letter Z or z) and the set of decimal digits from 0 to 9. Any word
that does not satisfy these conditions is completely removed. Therefore, all words that
contain any special characters like punctuation, exclamation, question marks, etc., ...are
removed. Finally, the preprocessed Arabic sentence becomes available for the evaluation of
further steps in the proposed framework.

3.4. Arabic Comparative Sentence Identification

This section describes the detailed steps of the ACSI algorithm. Identification of Arabic
comparative sentences was performed by searching for Arabic comparison keywords in
the sentence using the manually built Arabic comparative keywords lexicon. If there is an
Arabic comparison keyword in the sentence, then it is a valid Arabic comparative sentence;
otherwise, it is not.

Algorithm 1 shows the pseudo-code of the ACSI algorithm. As shown in the pseudo-
code, the statement in line 1 accesses each sentence in order, followed by the statement in
line 2 which splits each sentence into words using the space between words and stores
it in an ordered list. The statement in line 3 accesses each word stored in the ordered list
followed by the statement in line 4 which accesses each Arabic comparison keyword from
the Arabic comparison keywords lexicon in order. The statements from line 5 to line 9
extract the Arabic comparative sentences where the statement in line 5 searches for an
Arabic comparative keyword in the sentence and if the comparative keyword exists, the
statement in line 7 records the sentence as an Arabic comparative sentence.
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Algorithm 1 Pseudo-code of the ACSI algorithm

Input: dataset of preprocessed sentences.
Output: dataset of comparative sentences.

1: for each sentence; in the dataset of preprocessed sentences do

7

2: New Array arr[] = split sentence; wit
3 for each word; in arr[] do
4 for each keyword,, in Comparative Keyword Lexicon do
5 if (word; = keywordy) then
6: sentence; is identified as a “Comparative Sentence”
7 insert sentence; in dataset of comparative sentences
8 break
9: end if
10: end for
11: end for
12: end for

3.5. Arabic Comparative Sentence Type Identification

This section describes the detailed steps of the ACSTI algorithm. In general, com-

parative sentence are categorized into four types, namely non-equal gradable, equative,

superlative and non-gradable comparative [1]. Identifying an Arabic comparative sentence

type is based on the type of the Arabic comparative keyword which exists in the sentence.

This type is determined based on the Arabic comparative keywords lexicon where every

type has its own Arabic comparative keywords. The four types are described as follows,

together with some examples for the sentences that represent each type [1]:

1.

Non-Equal Gradable Comparison Type: Relations of this type express an ordering
of objects with regard to some of their features. An example of this sentence type is
the sentence that contains the Arabic comparative keyword, whose format is uL..si
This keyword has an original verb that consists of three letters. An example of
such sentence is Cdguy Silo e g;f-;‘ 5 ;‘ L.l ,> (studying Oracle is deeper than
Microsoft) where the comparative keyword is directly mentioned in the comparative
sentence. On the contrary, if the verb contains more than three letters, the sentence
will contain the Arabic word A5l 5! J3! (less or more) and the sentence will be like

the following 4¢>;\ o bl A i Jn (Said has more diligence than his brother).

Equative Comparison Type: Relations of this type state that two objects are
equal with respect to some of their features. An example of such sentence is
f\l_‘;'l‘ 3 el s Olisld | (the two universities have the same level of education).

Superlative Comparison Type: Relations of this type ranks one object over other
objects. In Arabic language this type may add ! to the comparison word or not.

Examples of this type are (JLJ‘ 3 J.\a;\ﬂ & el d\.n;\f‘ (the Egyptian Club Al-Ahly is

the best in the history) and ‘}L-J‘ 3 oY J,\a.;‘ 30Uy, (Ronaldo is the best player in

the world).

Non-gradable Comparison Type: Non-gradable comparative sentences type com-

pares features of two or more objects, but do not grade them. There are three subtypes

as follows:

*  Object A is similar to or different from object B with regard to some features.
An example of this type is que ,eSWI 05 oo X ud) g5l oW
(the teaching style of doctor Roshdi differs from from the teaching style of
doctor Esaa).
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¢ Object A has a feature f1, and object B has another feature f2 where f1 and f2 can

substitute each other. An example of this type is & lele~ pARL d“’<‘“ g
Wby ool pusig O oW W i> & (the desktop computer uses external
speakers while the laptop uses internal speakers).

*  Object A has a certain feature, but object B does not have it. An example of

this type is pasiag ¥ o Jlo= 03l oleler pASLy i Jls= (mobile A uses head-
phones while mobile B does not).

Algorithm 2 shows the pseudo-code of the ACSTI algorithm. As shown in the pseudo-
code, the statement in line 1 accesses each Arabic comparative sentence in order and
the statement in line 2 splits an Arabic comparative sentence into words using the space
between words and puts each word in an array in order. The statement in line 3 accesses
each word in the array in order. The statement in line 4 accesses each comparison keyword
from the Arabic comparison keywords lexicon in order. The statements from line 5 to
line 11 check if the word, word; in the Arabic comparative sentence exists in the Arabic
non-equal comparison keywords. If the word next to word; is : (than), then the Arabic
sentence is considered an Arabic non-equal gradable comparative sentence. The statements
in lines 12 to 14 check if word; is an Arabic equative comparison keywords then the Arabic
sentence is considered an Arabic equative comparative sentence. Similarly, the statements
in lines 15 to 20 check if the sentence under consideration is either an Arabic superlative
comparative sentence or a non-gradable comparative sentence.

Algorithm 2 Pseudo-code of the ACSTI algorithm

Input: dataset of comparative sentences.
Output: dataset of comparative sentences with identified sentence types

1: for each comparative-sentence; in the dataset of comparative sentences do
2: New Array arr[] = split comparative-sentence; with “

3: for each word; in arr[] do
4: for each keyword, in Comparative Keyword Lexicon do
5: if (word; = NonEqualTypeKeywordy) then
6: if (j + 1 < arr[].Length — 1) then
7: if (wordj;1 = ) then
8: set type of comparative-sentence; to “NonEqual Type”
9: end if
10: end if
11: end if
12: if (word; = EquativeTypeKeywordy) then
13: set type of comparative-sentence; to “Equative Type”
14: end if
15: if (word; = SuperlativeTypeKeywordy) then
16: set type of comparative-sentence; to “Superlative Type”
17: end if
18: if (word; = NonGradableTypeKeywordy,) then
19: set type of comparative-sentence; to “NonGradable Type”
20: end if
21: end for
22: end for
23: end for

3.6. Relation Extraction

This section discusses the detailed steps applied in the relation extraction process in
each of the four types of Arabic comparative sentences mentioned in the previous section.
The relation in any comparative sentence is expressed with the following relation vector
(a relation keyword, a feature, the first entity, the second entity, the relation type). For
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example, in the comparative sentence “Canon’s optics is better than those of Sony and
Nikon.”, the corresponding relation vector is (better, optics, Canon, (Sony and Nikon),
non-equal gradable). Extracting a relation vector from an Arabic comparative sentence
depends on the Arabic comparative sentence type. The following are examples of different
sentences that illustrate the relation extraction from each of the four Arabic comparative
sentences types mentioned in the previous section.

An example of the Arabic non-equal gradable comparative sentence type is &, ey
W &, Uay e u.o‘ é sl LU 50 (Samsung’s mobile battery is better than Nokia’s
battery) and its extracted relation vector is (pus! ¢ &, Uay « é gl il 50 <L), non-equal
gradable) (better, battery, Samsung’s mobile, Nokia, non-equal gradable).

An example of the Arabic equative comparative sentence type is s Oliasld]

— I BV yad | (the two universities have the same level of education) and its extracted
relation vector is (s ¢ 5 giadl (Oliaeld |, equative) (same, level of education, the two
universities, equative). In this sentence, there is no obvious second entity because ()lxold )
(the two universities) represents both the first and the second entities in the relation vector.
Two examples of the Arabic superlative comparative sentence type are illustrated

as follows. The first sentence is 'éﬁt'.l\ 3 J..a.e;\” JA;\H (Al-Ahly is the best in the history)
and its extracted relation vector is ( J.«a.e:ﬂ ‘ 'éul;'.l\ X J.a:ﬂ), superlative) (the best, in the
history, Al-Ahly), superlative. The second sentence is (5 )lg)l s <l and its extracted

relation vector is (s <,y 4;,&;\), superlative) (the best, heir, You, superlative).

Three examples of the Arabic non-gradable comparative sentence type are illustrated
as follows: The first sentence is _que | eSS Wl 05 oo aix gud) oWl g, (the
teaching style of doctor Roshdi differs from the teaching style of doctor Esaa) and its
extracted relation vector is (¢ a2 ¢y A5 ¢ 50, e Wk que |, $5WI), non-gradable)

(differs, teaching style, doctor Roshdi, doctor Esaa, non-gradable). The second sentence is
Lz olele PR T U L] i 5 olele pAS dmﬁ‘ Jreves )
(the desktop computer uses external speakers while the laptop uses internal speakers)
and its extracted relation vector is (\.A colelev d\.&l‘ JseSk O o9 W, non-gradable)
(while, speakers, desktop computer, laptop, non-gradable). Finally, the third sentence is
p AL Yo o>y o3l oleler p AR i Jls> (mobile A uses headphones while mobile B

does not) and its extracted relation vector is (5 «=lelev i s> o Jls=, non-gradable)
(while, headphones, mobile A, mobile B, non-gradable).

It should be noted that in the Arabic non-gradable comparative sentence type, each
entity 1 and entity 2 can be more than one word, because the two entities are included in
the sentence without a standard order. An example of this issue is illustrated in the
sentence sy olelev PRI Oy oI Ll ix o olele sty d&l‘ eI (the
desktop computer uses external speakers while the laptop uses internal speakers). In
this sentence, entity 1 should be «KI! 55...K1 (desktop computer), entity 2 should be

< s oMl (laptop), and the comparison feature should be Ll&1> 4 &> & &leler pARLy
(external speakers and internal speakers). Therefore, it cannot be exactly determined how
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many words will represent each of entity 1, entity 2 and the comparison feature. To resolve
this problem, in our work, we extracted each of entity 1 and entity 2 as the set that is formed
of 2-5 words that appear in the non-gradable comparative sentence type before and after
the comparison keyword, respectively.

Algorithm 3 shows the pseudo-code of the proposed REACS algorithm specifically for
Arabic non-equal comparative sentence type. In the discussion of the REACS algorithm,
there will be some notes on the differences between the relation extraction steps that apply
for each of the other three Arabic comparative sentence types.

Algorithm 3 Pseudo-code of the REACS algorithm

Input: dataset of NonEqual comparative sentences.
Output: extracted relations from the input dataset.

1: for each sentence; in the dataset of NonEqual comparative sentences do
2: New Array arr[] = split sentence; with “ ”

3 for each word; in arr[] do
4 for each NonEqual-Type-keyword, in Comparative Keyword Lexicon do
5: if word; = NonEqualTypeKeyword, then > Relation Word Extraction
6: if (j + 1 > arr[].Length — 1) then
7 if (wordj;1 = ) then
8 RelationWord = word; + “ ” + word,q
9: end if
10: end if > Feature Extraction
11: if (j + 4 < arr[].Length — 1) then
12: Feature = wordj,3 + “ 7 + wordj,4
13: else
14: if (j + 3 < arr[].Length — 1) then
15: Feature = wordj,3
16: else
17: Feature ="
18: end if
19: end if > Entity1 Extraction
20: if j — 2>=0) then
21: Entityl = wordj_1 +“” + word;_»
22: else
23: if § —1>=0) then
24: Entityl = word;_4
25: else
26 Entityl =""
27 end if
28: end if > Entity2 Extraction
29: if (j + 3 < arr[].Length — 1) then
30: Entity2 = wordj;3 + “ 7 + word;»
31: else
32: if (j + 2<arr[].Length — 1) then
33: Entity2 = word;,»
34: else
35: Entity2 ="~
36: end if
37: end if
38: end if
39: end for
40: end for
41: end for

As shown in Algorithm 3, the statements from line 1 to 5 access each Arabic non-equal
comparison keyword from the comparison keywords lexicon in order. The statements
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from line 5 to line 10 extract a relation word which is an Arabic non-equal comparison
keyword and the next Arabic word . (than). The statements from line 11 to line 19 extract
the comparison feature which is the fourth word after the Arabic non-equal comparison
keyword such as § STl 4 Js e J.«a:i 471 (Ahmed is better than Ali in studying) so
the word 5 §'1Al! (studying) is the comparison feature. The statements from line 20 to line
28 extract entity 1 by searching for the words before the Arabic non-equal comparative type
comparison keyword. The statements from line 29 to line 37 extract entity 2 by searching
for the words after the Arabic non-equal comparative type comparison keyword.

For the non-equal comparative sentence type, if the detected relation word is_AS~ i (more)
or J;‘ (less) then in the statements from line 5 to line 10, the extracted relation word will be
A5 i (more) or Jsi (Iess), respectively, in addition to the second word, i.e., :» (than), after the
detected relation word. For example, in this sentence J’" o st g (VY] (Ahmed is

more diligent than Ali), the extracted relation word becomes .0 A i (more than).

In the statements from line 11 to line 19, the feature is decided to be the word next
to the relation word. In the statements from line 20 to line 28, entity 1 is decided to be
the word before the relation word and in the statements from line 29 to line 37, entity
2 is decided to be the third word after the relation word. For example, in this sentence

& op bl i +~1 (Ahmed is more diligent than Ali), the feature becomes lsL !

(diligence), entity 1 becomes v (Ahmed) and entity 2 becomes J“' (Ali).

For the other Arabic comparative sentences types, the difference in the REACS algo-
rithm is in the statement in line 1 that accesses each sentence type in order. The statement
in line 2 splits each comparative sentence type into words using the space between the
words and stores it in an array in order. The statement in line 3 accesses each word in the
array in order. The statement in line 4 accesses the comparison keywords that represent
each sentence type from the Arabic comparison keywords lexicon. The statements from
line 5 to line 10 extract the relation word which corresponds to each type.

For the equative sentence type, the statements from line 11 to line 19 extract the feature
which is the next word after the comparison keyword .4 (same). If the comparison key-

word is Ol; slulis (equal), then the feature becomes all words starting from the second after
the comparison keyword. For example, in the sentence ("L';j‘ Soene 3 Ol glude Hliasld]
(the two universities have the same level of education), the feature becomes f\.L-;H S $onn

(level of education). If the comparison keyword is  ¢gluis (equal) then the feature

becomes all words staring from the fourth after the comparison keyword such as
plly Yokl g aed & slule 4e(Aliis equal to Ahmed in length and age), so the fea-

ture becomes ally J gkl (length and age).

For the superlative sentence type, the statements from line 11 to line 19 extract the
feature which becomes the next words after the comparison keyword. For example, in the
sentence EJL"J\ & J=3¥! JaYl(Al-Ahly is the best in the history), the feature becomes
é)w\ 3 (in the history).

For the equative, superlative and non-gradable comparative sentence types, the state-
ments from line 20 to line 28 extract entity 1 by searching for the words before the compari-
son keyword. The statements from line 25 to line 31 extract entity 2 by searching for the
words after the Arabic equative or non-gradable comparative type comparison keyword
only. This does not apply for the superlative comparative sentence type, since entity 2 does
not exist in this type.
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Finally, for Arabic non-equal, equative and superlative comparative sentence types,
entity 1 and entity 2 are extracted as two words. However, for the Arabic non-gradable
type, entity 1 and entity 2 are extracted as five or six words each because entity 1
and entity 2 cannot be exactly determined. This is because entity 1 and entity 2 are
parts of the Arabic non-gradable sentence before and after the relation word such
as Ll olele sy O g O Ll iz b bl paniay S 50Kl (the desktop

computer uses external speakers while the laptop uses internal épeakers).

3.7. Preferred Entity Extraction

This section describes the preferred entity extraction from Arabic comparative sen-
tences. There are only two comparative sentences types which have a preferred entity.
These are non-equal and superlative comparative types. The preferred entity extraction
proposed approach extracts the preferred entity depending on the sentiment of the compar-
ison keyword. In non-equal comparative sentence type, if the comparison keyword has a
positive sentiment then entity 1 is the preferred entity, while if the comparison keyword
has a negative sentiment then entity 2 is the preferred entity. In superlative comparative
sentence type, there is only one entity. Therefore, in superlative comparative sentence
type, if the comparison keyword has a positive sentiment then the entity mentioned in the
sentence is the preferred entity, while if the comparison keyword has a negative sentiment,
then there is no preferred entity in the sentence.

3.7.1. Non-Equal Gradable Type

This section describes the details of the PEEANCS algorithm. The following are some
examples for the extraction of the preferred entity based on the sentiment of the comparison

keyword. In the Arabic non-equal comparative sentence type dul,AJ! 3 S o ul..a.;\ A
(Ahmed is better than Ali in studying), the comparison keyword J.«a;\ (better) has a
positive sentiment, so entity 1, i.e., (,u;\) (Ahmed), is the preferred entity. In the example

é' gansls DE j..;‘ L5’y (Nokia is worse than Samsung), the comparison keyword, i.e., (s 3..;‘)

(worse), has a negative sentiment. Therefore, entity 2, i.e., ( é ywslu) (Samsung), is the
preferred entity.

Algorithm 4 shows the pseudo-code of the PEEANCS algorithm. As shown in the
pseudo-code, the statement in line 1 accesses each non-equal comparative sentence in order.
The statement in line 2 splits each non-equal comparative sentence into words using the
space between words and stores the words in an array. The statement in line 3 accesses
each word in the array. The statement in line 4 accesses each non-equal type comparison
keyword from the comparison keywords stored in the lexicon in order. The statement in line
5 checks if the comparison keyword has a positive sentiment, then the statements from line
6 to line 19 extract entity 1 from the words before the comparison keyword. The statement
in line 21 checks if the comparison keyword has a negative sentiment, then the statements
from line 20 to line 37 extract entity 2 from the words after the comparison keyword.
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Algorithm 4 Pseudo-code of the PEEANCS algorithm
Input: dataset of NonEqual comparative sentences.
Output: extracted preferred entities from the input set.
1: for each sentence; in the dataset of NonEqual comparative sentences do
2: New Array arr[] = split sentence; with “ ”
3: for each word; in arr[] do
4: for each NonEqualTypeKeyword,, in Comparative Keyword Lexicon do >
Positive NonEqual type keyword
5: if (word; = PositiveNonEqualTypeKeywordy) then
6: if (j + 1 > arr[].Length — 1) then
7: if (wordjy1 = ) then
8: if § — 2 >=0) then
9: Entityl = word; 1 + “” + wordj_»
10: else
11: if j — 1>=0) then
12: Entity1 = word; 1
13: else
14: Entityl ="
15: end if
16: end if
17: end if
18: end if
19: PreferredEntity = Entityl > Negative NonEqual type keyword
20 else
21: if (word; = NegativeNonEqualTypeKeywordy) then
22: if j + 1> arr[].Length — 1) then
23: if (wordj;1 = ) then
24: if (j + 3 > arr[].Length — 1) then
25: Entity2 = wordj;3 + “ 7 + wordj
26 else
27: if (j + 2 > arr[].Length — 1) then
28: Entity2 = wordj;»
29: else
30: Entity2 ="~
31: end if
32: end if
33: end if
34: end if
35: PreferredEntity = Entity2
36: end if
37: end if
38: end for
39: end for
40: end for

3.7.2. Superlative Type

This section describes the details of the PEEASCS algorithm. The following are some
examples for the extraction of the preferred entity based on the positive or negative compar-
ison keyword. Comparative superlative type sentence has only one entity if the comparison

keyword has a positive sentiment. An example of such sentence is e LWl g J..a;ﬁ\ OX.;\H
(Al-Ahly is the best in the history) in which entity 1, i.e., O)\.;\N (Al-Ahly), is the preferred
entity since the comparison keyword, i.e., Jmﬁg‘ (the best), has a positive sentiment. In

another sentence like é Ll 3 C.b:ﬂ C,\.wj{ "s\J! (Holocaust is the worst in the history), the
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comparison keyword, i.e., C_...';\N (the worst), has a negative sentiment, therefore, there is
no preferred entity at all.

Algorithm 5 shows the pseudo-code of the PEEASCS algorithm. As shown in the
pseudo-code, the statement in line 1 accesses each superlative comparative sentence in
order. The statement in line 2 splits each sentence into words using the space between
words and stores it in an array. The statement in line 3 accesses each word in the array.
The statement in line 4 accesses each superlative type comparison keywords from the
comparison keywords lexicon in order. The statement in line 5 checks if the comparison
keyword has a positive sentiment, then the statements from line 6 to line 15 extract entity
1 from the words before the comparison keyword. The statement in line 17 checks if the
comparison keyword has a negative sentiment, then the statement in line 18 stores the
setting that shows that there is no preferred entity extracted from the analyzed sentence.

Algorithm 5 Pseudo-code of the PEEASCS algorithm

Input: dataset of Superlative comparative sentences.
Output: extracted preferred entities from the input dataset.

1: for each sentence; in the dataset of Superlative comparative sentences do

2: New Array arr[] = split sentence; with “”
3: for each word in arr[] do
4: for each Superlative-Type-keyword,, in Comparative Keyword Lexicondo

Positive Superlative Type Keyword

5: if (wordj = PositiveSuperlativeTypeKeyword,) then
6: if (j — 2 >=0) then Then
7: Entityl = word;_» +“ " + word;_4
8: else
9: if j — 1>=0) then
10: Entityl = word;_;
11: else
12: Entityl =""
13: end if
14: end if
15: PreferredEntity = Entityl > Negative Superlative Type keyword
16: else
17: if (word; = NegativeSuperlativeTypeKeywordy) then
18: PreferredEntity = “No Preferred Entity”
19: end if
20: end if
21: end for
22: end for
23: end for

4. Evaluation Metrics

This section presents the evaluation metrics used in evaluating the proposed algo-
rithms. Four main standard evaluation metrics were used to obtain the evaluation results.
The metrics are Precision, Recall, F-score and Accuracy [21]. The following equations de-
fine the evaluation metrics. It should be noted that TP and TN parameters represent
the number of true positive and true negative identified results, respectively, while FP
and FN parameters represent the number of false positive and false negative identified
results, respectively.

Precision = %X 100% (@)

e
TP+ FP

TP

Recall = m

x 100% )



Algorithms 2025, 18, 44 17 of 25

Precision x Recall
F-score =2 % Precision + Recall ©)

TP+ TN o
Accuracy = TP+ TN + EP - EN x 100% (4)

5. Results and Discussion

5.1. Evaluation of ACSI Algorithm

This section presents and discusses the evaluation results of the proposed ACSI
algorithm. Figure 2 and Table 5 show the evaluation results of the ACSI algorithm for each
of the three datasets used in the evaluation. The figure shows the results in a graphical
presentation so that the reader can easily compare the different metrics accross all datasets.
The table shows the same results; however, in a numerical format so that curious reader can
accurately compare the different metrics in a quantitative way. The evaluation metrics were
calculated using Equations (1) to (4). The TP and FP parameters mentioned in the equations
indicate the number of comparative sentences that were truly and falsely identified using
the proposed ACSI algorithm, respectively. The TN and FN parameters indicate the number
of non-comparative sentences that were truly and falsely identified using the proposed
ACSI algorithm, respectively.

100.00
90.00
B0.0D
70.00
e M Precision
50.00

H Recall
40.00
30.00 F-scare
20.00 B Accuracy
10.00
0.00
Twitter MSA Social Media
Dataset
Figure 2. Graphical evaluation results of ACSI algorithm.
Table 5. Numerical evaluation results of ACSI algorithm.
Dataset Precision Recall F-Score Accuracy
Twitter 84.5 83.49 83.99 95.72
MSA 100 100 100 100

Social Media 96.17 92.63 94.37 95.21

Discussion

This section discusses some limitations of applying the ACSI algorithm. The limita-
tions are described as follows. The listed limitations are left for future improvements on
the currently proposed ACSI algorithm.
¢  The ACSI algorithm only considers the Arabic words in the modern standard Arabic

language, which is different in many of its words and meanings from the Egyptian

colloquial as well as other Arabic dialects such as Gulf dialect.
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¢ Diacritics in modern standard Arabic language change the meaning of the word
completely such as the word ‘cuu which means yes in English; however, ( :) means the
best in English. In this example, if the correct diacritics is considered in the analysis of
the sentence, the sentence would be identified as a superlative comparative type. The
ACSI algorithm does not take into account the diacritics of the words.

*  The Arabic word S (but or however) may complicate some Arabic sentences and
provide them with two different sentiments in the same time. Ana example of this
is the Arabic sentence & ,lJ! 3 W’i o Jese N oo u,..«.>i | J:l 90 (mobile A
is better than mobile B, but mobile B has better battery). In this sentence, two com-
parative sentences, i.e., o Ju 90 o uu_;\ i Kkl geand &,V 3 u.,oi o kb e are
combined together. The ACSI algorithm can identify each of these two sentences per
se; however, it cannot detect the relation between them.

*  Some Arabic comparison keywords do not indicate a comparison at all depending on

the context of the sentence. For example in the sentence (5l L ol d“ Jo 55 Y (there
is nobody in place), the word (,\,;\) means in English, nobody, not the sharpest like
in the sentence (9 gl aol o 2l lia) (this sword is one of the sharpest swords).

In the later sentence, the word (»;‘) (sharpest) is considered a comparison keyword
while in the former sentence, it is not. Such limitation also faces the application of the
ACSI algorithm.

*  Some Arabic comparative keywords cannot detected by ACSI algorithm because of
extra characters added to the keyword. For example, the superlative comparative sen-
tence L,udl 3 b J,a.;\f 35l slac) - (a prize will be given to the best student
in the school), cannot be truly identified using the ACSI algorithm. The reason for this
is the presence of the comparison keyword ul.«a.e‘\f (to the best) by adding the Arabic

character J (to) to it. This limitation can be resolved by adding comparison keywords

like J.25Y, to the best, to the developed lexicon.
*  The exclamation Arabic sentence can be falsely identified as a comparative sentence

such as ! ] s Al & Jj L (how quickly is getting down!). The presence of the exclama-

tion symbol at the end of the sentence is not taken into account when applying the
ACSI algorithm.

5.2. Evaluation of ACSTI Algorithm

This section discusses the evaluation results of the proposed ACSTI algorithm. Figure 3
and Table 6 show the evaluation results of the ACSTI algorithm for each comparative
sentence type using each of the three considered datasets. The evaluation results of the
ACSTI algorithm were calculated using Equations (1) to (4). The TP and FP parameters
mentioned in the equations indicate the number of comparative sentences of a certain type
that were truly and falsely identified of this type using the proposed ACSTI algorithm,
respectively. The TN and FN parameters indicate the number of comparative sentences of
a certain type that were truly and falsely identified as a different type using the proposed
ACSTI algorithm, respectively. Each comparative sentence type has a separate subfigure
shown in Figure 3. As shown in Figure 3a—d, for all sentence types in all datasets, the
average precision is 96%, the average recall of the ACSTI algorithm is 91%. the average F-
score of the ACSTI algorithm is 92% and the average accuracy is 96%. A detailed discussion
of the results shown in this figure will be presented in the next subsections.
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Figure 3. Graphical evaluation results of ACSTI algorithm (a) Precision, (b) Recall, (c) F-score, and
(d) Accuracy.
Table 6. Numerical evaluation results of ACSTI algorithm.
Dataset Sentence Type Precision Recall F-Score Accuracy
Non-equal Gradable 88.89 37.65 52.89 90.69
Twitter Equative 100 100 100 100
Superlative 87.57 99.13 92.99 88.94
Non-gradable 100 100 100 100
Non-equal Gradable 100 64.86 78.69 82.67
MSA Equative 100 100 100 100
Superlative 78.38 100 87.88 88.57
Non-gradable 100 100 100 100
Non-equal Gradable 100 90.91 95.24 99.05
. . Equative 100 100 100 100
SocialMedia g orlative 95.78 100 97.85 96.76
Non-gradable 100 100 100 100

5.2.1. Discussion of Non-Gradable Sentence Type Results

As shown previously in Figure 3, the evaluation results of the ACSTI algorithm for
the non-gradable comparative sentence type show 100% truly identification percentage in
all datasets. We would like to note that, to the best of our knowledge, this is considered
the first research work made in Arabic non-gradable comparative sentence type. However,
there are some limitations in this work. The ACSTI algorithm does not take into account
the different versions of the same Arabic comparison keyword. For example, the Arabic
non-gradable comparison keyword (\;\) (while) can be wrote as (L) - Ll) which have the

same meaning. Also, the Arabic diacritics is not considered. For example, the Arabic word

(U\) (mother) can be falsely identified as a non-gradable comparison keyword.
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5.2.2. Discussion of Superlative Sentence Type Results

As shown previously in Figure 3, the precision of proposed ACSTI algorithm for
superlative sentence type is low in some datasets. This is due to some limitations in
the Arabic language which may lead to such false identification results. For example,
the Arabic superlative comparison keywords ((g.-.’ ~>) (the best) cannot be detected as
comparative keywords if Arabic diacritics are not considered when analyzing the follow-
ing superlative comparative sentence _§ V! _JUl o A (Ahmed is the best intelligent
student). Also, in some Arabic sentences, the non-equal comparative sentence type is
falsely identified as a superlative comparative sentence type. For example, the sentence
o Jlse oo an L5J>"\ s\.;.&i 5 Ll &, Ut 3 s i J:l 95 (mobile A is better in bat-
tery, camera and other things than mobile B) can be falsely identified as a superlative
comparative sentence while it is actually categorized as a non-equal one. This is because the
relation keyword uh'aé‘ (better) is located in the sentence faraway from the word -« (than).

5.2.3. Discussion of Equative Sentence Type Results

As shown previously in Figure 3, the precision of the proposed ACSTI algorithm for
equative sentence type are 100% using Twitter, MSA, and social media datasets. However,
there are some limitations to the Arabic language which may cause false identification of
equative sentence type. The two Arabic equative comparison keywords .2 and awai may
provide other meanings not related to comparisons. For example, the word ( ) can mean

a person or a spirit in English. Also, the word 4.4 can mean himself, a hope, or a wish in
English. Therefore, the context of the sentence should be taken into consideration in order
to consider such words as comparison keywords.

5.2.4. Discussion of Non-Equal Gradable Sentence Type Results

As shown previously in Figure 3, the precision of the ACSTI algorithm for the non-
equal gradable sentence type were 88.9% using Twitter dataset and 100% using both MSA
and social media datasets. However, there are some limitations in the Arabic language may
cause false identification results for the Arabic non-equal comparative sentence type. Some
of these limitations are discussed as follows:

¢ Some Arabic comparison keywords are used in the Arabic language as normal words
not as comparison keywords. This is due to the misspelling of the comparison key-
words. For example, in the following sentence i\a 9 O8O le oy e = j ‘o.@”‘ (may
God have mercy on those who left us without saying goodbye), the comparison key-
word here was supposed to be written (‘°_> Jj) (have mercy) but it was written (‘°_> J‘\)
(mercier). In this example, the sentence will be identified as a non-equal comparison
sentence while it is not.

*  Some Arabic comparison keywords can provide a meaning in the Arabic language
that is completely different from the comparison meaning such as the Arabic keyword
(3D (tell) in the sentence =il oo U 31 bl e J 5 (if you told me who your
friends are, I will tell you who you are). To resolve this issue the context of the sentence
should be considered in the identification process.

e Insome Arabic superlative sentences, like > 3 coés J.\aﬁi v (Ahmed is the
best person I have known in my life), using the Arabic word -, may force the sentence

to be falsely identified as non-equal sentence type. In such a sentence, the word .
means in English, a person not the word, than. Diacritics should be considered to
obtain true identification results.
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5.3. Evaluation of REACS, PEEANCS and PEEASCS Algorithms

This section presents the evaluation results of the proposed REACS, PEEANCS, and
PEEASCS algorithms for the different comparative sentence types. Figure 4 and Table 7
show the precision of the three algorithms using each of the three considered datasets, re-
spectively. As previously described, the proposed REACS algorithm extracts the following
relation components from a comparative sentence if all or some of them are applicable to
the sentence type. The components are the relation word, the extracted feature, entity 1,
entity 2 and the preferred entity. Figure 4 and Table 7 show the precision of each of the
relation components for the four types of the Arabic comparative sentences. The precision
was calculated using Equation (1). The TP and FP parameters mentioned in the equation
indicate the number of comparative sentences in which the relation components were
truly and falsely identified, respectively. Each comparative sentence type has a separate
subfigure in Figure 4.

The evaluation results of the REACS algorithm show that the relation word was truly
identified by almost 100% in all Arabic comparative sentence types using all datasets. In
general, the three evaluated algorithms provided the highest precision in the MSA dataset
when compared with the other two datasets for all sentence types. This finding applies to
almost all relation components. The detailed discussion of the low precision results that
occur in Figure 4 are presented later in the next two sections.

Non-equal Gradable Type Equative Type
100.00 100.00
90.00 90.00
80.00 BO.00
. Tooo 70.00
g (B0 S 6000
2 5000 2
g 2 5000 P
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10.00 m Social Media 20,00 m Social Media
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Relation Component Relation Component
la) (b)
Superlative Type Non-gradable Type
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Entity Refation Word Ertityl Ertity2
Relation Component Relation Component
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Figure 4. Graphical evaluation results of REACS, PEEANCS and PEEASCS algorithms for each com-
parative sentence type, (a) Non-equal gradable, (b) Equative, (c) Superlative, and (d) Non-gradable.
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Table 7. Precisionof REACS , PEEANCS, and PEEASCS algorithms for each comparative
sentence type.

Dataset Sentence Type Relation Word Feature Entity1 Entity2 Preferred Entity
Non-equal Gradable 88.89 8.33 52.78 77.78 58.33
Twitter Equative 100 88.89 47.22 25 N/A
¢ Superlative 82.79 31.36 52.01 N/A 50.67
Non-gradable 100 N/A 62.07 96.55 N/A
Non-equal Gradable 100 95.83 100 100 87.5
MSA Equative 100 100 100 83.33 N/A
Superlative 100 68.97 86.21 N/A 86.21
Non-gradable 100 N/A 100 100 N/A

Non-equal Gradable 100 90 85 95 55

. . Equative 100 90 70 60 N/A
Social Media g o ative 95.6 82.5 419 N/A 50.6
Non-gradable 100 N/A 100 100 N/A

5.3.1. Discussion of REACS Algorithm Evaluation Results

There are some limitations to the Arabic language which may cause false identification

results of the REACS algorithm. Such limitations include the following.

In some Arabic language sentences, each of entity 1 and entity 2 consists of more than
one word. Each entity can be formed of several words; however, it is considered only
one element in the relation extraction process. This results in extracting false relation
elements, i.e., entity 1, entity 2 and feature.

The difference in the sentence order can affect the correct extraction of relation compo-
nents. For example, in the superlative comparative sentence type, the relation word
can exist in the beginning of the comparative sentence. An example of this in the

sentence dwes, | j‘ (the first license), the relation word is j‘ (the first) and entity
1is 4a= (license). However, in other sentence, the relation word may exist in the
middle of the sentence and entity 1 can exist in the beginning. For example, in the

sentence Jl> w“ 3 >\ (the countries are in the weakest situation), the relation
word is Canss] (the weakest) and entity 1 is >MJ! (the countries). A third example, is in
the sentence C golal L Lo W;\ (the hardest thing about it is ambition), where the

relation word is w;‘ (the hardest) and entity 1 is z yolall (ambition), which exists by
the end of the sentence.
Entity 1 can be itself a comparative sentence and can exist by the end of the main

comparative sentence such as the sentence i=kall ¢ J.»:)N NS Cs\).U o };\H QT (the
closest to reality is the most knowledgeable of the benefits). In this sentence, the

relation word of the main comparative sentence is «_#Y! (the closest) and entity 1

isdimlall 3 J;\N (the most knowledgeable of the benefits).

The correct relation extraction from some Arabic sentences mainly depends on
precise understanding of the meaning and the context of the sentence such as

U & O JP;\ L.&;‘ (the song named “the most wonderful years in our life”). In
this sentence, the relation word is L}J;\ and entity 1is U« (v (“the most wonderful

years in our life”) not I,:..ci (the song).
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5.3.2. Discussion of PEEANCS and PEEASCS Evaluation Results

This section discusses some of the limitations of extracting the preferred entity from
the Arabic comparative sentence. The correct extraction of the preferred entity has a
big challenge, which depends on the meaning of the relation keyword and the extracted

feature. For example, in the two sentences, Y& AS” N[ oKL (the most beautiful place)

and =3 RS Y1 oKl (the most ugly place), the word KI! (place) is the entity 1. This
word represents the preferred entity in the former sentence, while it is not the preferred
entity in the later sentence. This is because the feature in the former sentence is a positive
word, i.e., ‘)fLP_ (most beautiful), while in the later sentence, the feature is a negative word,

i.e., =3 (ugly), although the relation keyword, i.e., AS N (most) in both sentences has a
positive sentiment.

Another limitation of the correct extraction of the preferred entity from the Arabic com-
parative sentence is the presence of the Arabic negation words, Such words convert entity 1
from a preferred entity to a non-preferred one. This occurs although the relation keyword
has a positive sentiment. For example, in the sentence . J.«a;‘ e (not better than), the

negation word e (not) affects the correct extraction of entity 1 as the preferred entity.

6. Conclusions and Future Work

This paper proposed a lexicon-based framework for the detailed analysis of Arabic
comparative sentences. The proposed framework comprises a set of proposed algorithms
for identifying comparative sentences, identifying comparative sentences types, extract-
ing relation components and extracting preferred entity from Arabic comparative sen-
tences. The proposed algorithms were abbreviated as ACSI, ACSTI, REACS, PEEANCS
and PEEASCS. The proposed framework was evaluated using three Arabic datasets; one
of them is publicly available, while two of them were manually developed for this pur-
pose. The proposed framework leverages a lexicon of Arabic comparative keywords that
was specifically developed to operate and evaluate the framework. This lexicon contains
649 Arabic comparative keywords that covers all the Arabic comparative sentence types.

The evaluation metrics used in the experiments were the four standard metrics, namely
precision, recall, F-score, and accuracy. The average accuracy value of the proposed ASCI
algorithm was 97% across all datasets. The ACSI algorithm evaluation results showed that
the average values of the four evaluation metrics over all datasets were in the range of
92% to 97%. The ACSTI algorithm evaluation results showed that the average values of
the evaluation metrics of the proposed type identification algorithm over all comparative
sentence types using all datasets were in the range of 91% to 96%. The evaluation results of
the REACS, PEEANCS and PEEASCS algorithms showed that the average results over all
datasets were 97% precision for relation word extraction, 73% precision for feature extrac-
tion, 75% precision for first entity extraction, 82% precision for second entity extraction,
and 65% precision for preferred entity extraction.

Future work includes a set of extensions. Firstly, Arabic comparative sentences with
more than one Arabic comparative keyword can be investigated. This extension requires
incorporating an additional preprocessing step of a divide-and-conquer-like process. In
this process, complex sentences with more than one Arabic comparative keyword should
be detected and divided into a set of independent simple sentences. Each of these sentences
can then be separately investigated by using the proposed framework. Afterwards, the
results obtained from the investigation of each simple sentence can be combined to provide
a summarized evaluation result of the complex sentence.
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Secondly, additional singular, plural and feminine Arabic comparison keywords can
be added to the comparative keywords lexicon in addition to taking into consideration
Arabic diacritics when manually classifying comparison keywords. This can be supported
by the employment of Arabic language experts to formally guide this manual classification.
Thirdly, Arabic features dictionary of positive and negative features can be used to detect
the Arabic negation words so that the preferred entity can be correctly extracted. Fourthly,
additional Arabic comparison keywords can be used to handle their corresponding com-
parative sentence types in the proposed approach. Fifthly, lexicons for other popular
Arabic dialects like Moroccan or Iraqi can be developed to increase the universality of the
proposed framework among other Arabic dialects. Finally, the proposed framework can
be compared with more advanced machine and deep learning approaches [9,10,13,22,23].
Transformer-based natural language processing models like AraBERT [24,25] can be used
to take into consideration the context of the sentence, not only the comparison keyword.
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Abbreviations

The following abbreviations are used in this manuscript:

ACSI Arabic Comparative Sentence Identification
ACSTI Arabic Comparative Sentence Type Identification
REACS Relation Extraction from Arabic Comparative Sentence

PEEANCS Preferred Entity Extraction from Arabic Non-Equal Comparative Sentence
PEEASCS  Preferred Entity Extraction from Arabic Superlative Comparative Sentence

References

1.  El-Halees, A.M. Opinion mining from Arabic comparative sentences. In Proceedings of the 13th International Arab Conference
on Information Technology ACIT, Balamand, Lebanon, 11-13 December 2012.

2. Sakr, A.M.; Keshk, A.; Youssef, A. Analysis and Mining of Arabic Comparative Sentences: A Literature Review. IJCI Int. ].
Comput. Inf. 2024, 11, 66-78. [CrossRef]

3. Alharbi, ER.; Khan, M.B. Identifying comparative opinions in Arabic text in social media using machine learning techniques. SN
Appl. Sci. 2019, 1, 1-13. [CrossRef]

4. El Defrawi, M.; Salah, M.; Abd Al-Aziz, A.; Eldin, A.S. Comparative relation extraction from Arabic opinions. Int. J. Comput. Sci.
Inf Secur. 2017, 15, 230-235.

5. Bach, N.X,; Van Pham, D.; Tai, N.D.; Phuong, TM. Mining Vietnamese comparative sentences for sentiment analysis. In
Proceedings of the 2015 Seventh International Conference on Knowledge and Systems Engineering (KSE), Ho Chi Minh City,
Vietnam, 8-10 October 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 162-167.

6.  Eldefrawi, M.M,; Elzanfaly, D.S.; Farhan, M.S.; Eldin, A.S. Sentiment analysis of Arabic comparative opinions. SN Appl. Sci. 2019,
1, 1-11. [CrossRef]

7. Al-Sawi, L.; Saad, I. AlI-Murshid: A Guide to Modern Standard Arabic Grammar for the Intermediate Level; Amer Univ in Cairo Press:

Cairo, Egypt, 2012.


http://doi.org/10.21608/ijci.2024.270860.1154
http://dx.doi.org/10.1007/s42452-019-0183-3
http://dx.doi.org/10.1007/s42452-019-0402-y

Algorithms 2025, 18, 44 25 of 25

10.

11.
12.

13.

14.

15.
16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

DoniaGamal, M.A; El-Horbaty, E.5.M.; Salem, A.B. Opinion mining for Arabic dialects on twitter. Egypt. Comput. Sci. ]. 2018, 42.
Younis, U.; Asghar, M.Z.; Khan, A.; Khan, A.; Igbal, J.; Jillani, N. Applying machine learning techniques for performing
comparative opinion mining. Open Comput. Sci. 2020, 10, 461-477. [CrossRef]

Khan, A.; Younis, U.; Kundi, A.S.; Asghar, M.Z.; Ullah, I.; Aslam, N.; Ahmed, I. Sentiment classification of user reviews
using supervised learning techniques with comparative opinion mining perspective. In Proceedings of the Advances in
Computer Vision: Proceedings of the 2019 Computer Vision Conference (CVC), Las Vegas, NV, USA, 2-3 May 2019; Springer:
Berlin/Heidelberg, Germany, 2020; Volume 21, pp. 23-29.

Yang, S.; Ko, Y. Classifying Korean comparative sentences for comparison analysis. Nat. Lang. Eng. 2014, 20, 557-581. [CrossRef]
Liu, Q.; Huang, H.; Zhang, C.; Chen, Z.; Chen, J. Chinese comparative sentence identification based on the combination of
rules and statistics. In Proceedings of the Advanced Data Mining and Applications: 9th International Conference, ADMA 2013,
Hangzhou, China, 14-16 December 2013; Proceedings, Part II 9; Springer: Berlin/Heidelberg, Germany, 2013; pp. 300-310.
Alotaibi, N.; Al-onazi, B.B.; Nour, M.K.; Mohamed, A.; Motwakel, A.; Mohammed, G.P.; Yaseen, I.; Rizwanullah, M. Political
Optimizer with Probabilistic Neural Network-Based Arabic Comparative Opinion Mining. Intell. Autom. Soft Comput. 2023, 36,
3121-3137. [CrossRef]

Nabil, M.; Aly, M,; Atiya, A. Astd: Arabic sentiment tweets dataset. In Proceedings of the 2015 Conference on Empirical Methods
in Natural Language Processing, Lisbon, Portugal, 17-21 September 2015; pp. 2515-2519.

Martinez, A.R. Part-of-speech tagging. Wiley Interdiscip. Rev. Comput. Stat. 2012, 4, 107-113. [CrossRef]

Berrar, D. Bayes’ theorem and naive Bayes classifier. In Encyclopedia of Bioinformatics and Computational Biology: ABC of
Bioinformatics; Elsevier: Amsterdam, The Netherlands, 2018; Volume 403.

Guo, G.; Wang, H,; Bell, D.; Bi, Y,; Greer, K. KNN model-based approach in classification. In Proceedings of the OTM
Confederated International Conferences “On the Move to Meaningful Internet Systems”, Sicily, Italy, 3-7 November 2003;
Springer: Berlin/Heidelberg, Germany, 2003; pp. 986-996.

Bonaccorso, G. Machine Learning Algorithms; Packt Publishing Ltd: Birmingham, UK, 2017.

Sutton, C.; McCallum, A. An introduction to conditional random fields. Found. Trends® Mach. Learn. 2012, 4, 267-373. [CrossRef]
Wallach, HM. Conditional Random Fields: An Introduction. Technical Reports (CIS). 2004; p. 22. Available online: https://www.
inference.org.uk/hmw26/papers/crf_intro.pdf (accessed on 5 January 2025).

Dalianis, H. Evaluation Metrics and Evaluation. In Clinical Text Mining: Secondary Use of Electronic Patient Records; Springer
International Publishing: Cham, Switzerland, 2018; pp. 45-53.

Bayazed, A.; Almagrabi, H.; Alahmadi, D.; Alghamdi, H. ACOM: Arabic Comparative Opinion Mining in Social Media Utilizing
Word Embedding, Deep Learning Model & LLM-GPT. IEEE Access 2024, 12, 148741-148755.

Setyanto, A.; Laksito, A.; Alarfaj, F; Alreshoodi, M.; Oyong, 1.; Hayaty, M.; Alomair, A.; Almusallam, N.; Kurniasari, L. Arabic
language opinion mining based on long short-term memory (LSTM). Appl. Sci. 2022, 12, 4140. [CrossRef]

Antoun, W.; Baly, F; Hajj, H. Arabert: Transformer-based model for arabic language understanding. arXiv 2020,
arXiv:2003.00104.

Abdul-Mageed, M.; Elmadany, A.; Nagoudi, E.M.B. ARBERT & MARBERT: Deep bidirectional transformers for Arabic. arXiv
2020, arXiv:2101.01785.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://dx.doi.org/10.1515/comp-2020-0148
http://dx.doi.org/10.1017/S1351324913000211
http://dx.doi.org/10.32604/iasc.2023.033915
http://dx.doi.org/10.1002/wics.195
http://dx.doi.org/10.1561/2200000013
https://www.inference.org.uk/hmw26/papers/crf_intro.pdf
https://www.inference.org.uk/hmw26/papers/crf_intro.pdf
http://dx.doi.org/10.3390/app12094140

	Introduction
	Related Work
	Proposed Framework
	Arabic Comparative Keywords Lexicon
	Data Collection
	Data Preprocessing
	Arabic Comparative Sentence Identification
	Arabic Comparative Sentence Type Identification
	Relation Extraction
	Preferred Entity Extraction
	Non-Equal Gradable Type
	Superlative Type


	Evaluation Metrics
	Results and Discussion
	Evaluation of ACSI Algorithm
	Evaluation of ACSTI Algorithm
	Discussion of Non-Gradable Sentence Type Results
	Discussion of Superlative Sentence Type Results
	Discussion of Equative Sentence Type Results
	Discussion of Non-Equal Gradable Sentence Type Results

	Evaluation of REACS, PEEANCS and PEEASCS Algorithms
	Discussion of REACS Algorithm Evaluation Results
	Discussion of PEEANCS and PEEASCS Evaluation Results


	Conclusions and Future Work
	References

