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  :الملخص

ذؼرثش اٌٍغح اٌؼشتُح ٌغح غُٕح خذاً تّفشداذها، وِٓ هزا إٌّطٍك َؼرثش ػٍُ ذسًٍُ اٌؼىاطف واسرخشاج اٌّطااػش 

ب وثُاشاً جاٍ ِدااي زىساثح اٌساٍىن اٌؼاطفُاح ٌهازٖ اٌخػاا ع اٌٍغىَاح ؤظاشا   .ِٓ ٔػىغها أِاشاً َسّاً ذساذَا

واٌذلالاخ اٌفشَذج ذرُّض اٌٍغح اٌؼشتُح ترشاوُة ِؼمذج ِٓ ٔازُح إٌسى واٌػشف ووزٌه ذؼذد ِؼأٍ اٌّفاشداخ، 

إضاجحً ٌٍرٕىع واٌغًٕ جاٍ اسسااٌُة اٌثيغُاح و اٌرؼثُاشاخ اٌّداصَاح. ػايوجً ػٍاً رٌاه ِاغ ذطاىس اٌٍغاح وذؼاذد 

خػها. ِغ ذىاجش هازٖ اٌخػاا ع ٌهازٖ اٌٍغاح شاجُح جٍ اٌساضشج اٌؼشتُح ٌهدح ذسلؼح خغ ٌهداذها أغثسد ٌىً

 Farasaخؼٍد ذسًٍُ و ذمُُُ اٌؼىاطف ػٍُّح دلُمح ذرطٍة اسرخذاَ أدواخ زذَثح ٌّؼاٌدح اٌٍغح اٌطثُؼُاح ِثاً 

 ،Tools ،ًٌِؼاخُ اٌّطاػش اٌسٍىوُح ٌٍغح اٌؼشتُح، ؤّارج اٌرؼٍُُ اٌؼُّك ِثاً تالإضاجح ا Word2Vec  ، 

BERT  وAraBERT هاازٖ اسدواخ ٌرػاإُف إٌػااىظ ػٍااً ِساارىَاخ ػااذج ,اٌاإع اٌىاِااً، . ذساارخذ َ

اٌدٍّح  واٌسُاق(، أَضاً ذسذَذ اٌّطاػش الإَداتُح، اٌسٍثُح واٌّساَذج، وػيوج ػًٍ اٌرؼاًِ ِاغ الاترػاغااخ 

 و اٌشِىص اٌرؼثُشَح اٌطا ؼح جٍ وسا ً اٌرىاغً الاخرّاػٍ اٌّرٕىػح. 

أٌ ِذي ذساهُ هزٖ اٌخػا ع اٌٍغىَح واٌذلاٌُح اٌراٍ  اٌراٌٍ: إًٌ اٌرساؤيِٓ هزا إٌّطٍك ذطشذ هزٖ اٌذساسح 

ذُّااض اٌٍغااح اٌؼشتُااح جااٍ اٌرااحلُش ػٍااً ذسٍُااً واساارخشاج اِساو و اورطاااجها  ج وِااا هااٍ أوثااش ّٔااارج زاسااىتُح 

 وأدواخ ذمُٕح اسرخذاِا جٍ ذساًٌُ ِماغذ اسّٔاط اٌسٍىوُحج

ً اٌّطاػش واسرخيظ اِساو واٌرٍ ذشذثظ اسذثاطا إَداتُاً تاسرؼّاي ذرّثً جشضُاخ هزٖ اٌذساسح جٍ دلح ذسٍُ

ّٔااارج ِرمذِااح ٌٍسىسااثح اٌىخذأُااح وِثااالاً ػٍااً رٌااه ّٔااارج اٌرؼٍااُُ اٌؼُّااك. و تسسااة اٌسااُاق جفااٍ إٌػااىظ 

اٌؼشتُح ذسمك اسٔظّح اٌخاغح ترسًٍُ اٌّطاػش و اٌراٍ ذؼرّاذ ػٍاً ِؼااخُ و لىاػاذ ٌغىَاح سغإُح راخ ٔراا ح 
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سساٌُة الإزػاا ُح. ِاغ الإضااسج تاحْ اٌثُلاح اٌراٍ اتسارخذِد جاٍ خُّاغ دلح ِماسٔح ترٍه اٌرٍ ذؼرّذ ػًٍ اثش أو

 اٌؼٍُّاخ اٌثشِدُح ذُ ذٕفُزها تٍغح اٌثشِدح تاَثىْ.

خ هزٖ اٌذساسح اْ دِح اٌرسًٍُ اٌثيغٍ واٌساُالٍ ِاغ ذمُٕااخ اٌرؼٍاُُ اٌؼُّاك َسااهُ تطاىً خاىهشٌ جاٍ أظهش

اٌّطاااػش و اِساو ِاآ إٌػااىظ اٌؼشتُااح، تاغااحً إٌػااىظ اٌمػااُشج ِثااً  اساارخشاجدلااح  ذطااىَش و ذسساآُ

 إٌّطىساخ واٌرغشَذاخ.

ٔرا ح هزٖ اٌذساسح ذثشص و ذسٍظ اٌضىو ػًٍ إٔطاو لىاػذ تُأاخ ِرىاٍِح ذطًّ اٌٍغح اٌؼشتُح اٌفػاسً واَضااً 

ذدج. وزٌه سُساهُ رٌه جٍ ذىظُاف هازٖ ِخرٍف اٌٍهداخ، وذطثُك ذسًٍُ اِساو و اٌّطاػش ػًٍ ِسرىَاخ ِرؼ

اٌرمُٕاخ جٍ ِدالاخ ِرٕىػح ػًٍ سثًُ اٌّثاي لا اٌسػش ِداي اٌرسىق، اٌشغذ الاخرّاػٍ، اٌرؼٍُُ اٌشلّاٍ و 

ذسسُٓ ذدشتح آساو اٌّسرخذَ. ِٓ هزٖ اٌذساسح وػًٍ سغُ اٌرمذَ تاسرخذاَ أتدذَاخ اسدواخ و إٌّاارج اٌرمُٕاح 

سذَاخ لا ّح ذرؼٍك تغضاسج و ذٕىع اٌٍهداخ، اٌٍغاح اٌّداصَاح واٌثُأااخ اٌغُاش ِهٍُىاح، اٌّرىجشج لا ذضاي هٕان ذ

 ّٔارج أوثش دلح وجؼاٌُح جٍ ِداي اٌسىسثح اٌسٍىوُح ٌٍغح اٌؼشتُح.   خُّغ هزٖ اٌّؼىلاخ ذفرر اسجك أِاَ ذطىَش

  

اسّٔاااط اٌسااٍىوُح، اٌرؼٍااُُ اٌؼُّااك ، اٌٍغااح اٌؼشتُااح، اساارخيظ اِساو، اٌاارؼٍُ اسٌااٍ، ذسٍُااً  الكلمااات الذالااة:

 .اٌسىسثح اٌّرؼٍمح تاورطاف اٌّطاػش

Abstract 
Emotion analysis and sentiment extraction from Arabic texts present a significant challenge in the field of 

affective computing, given the distinctive linguistic and semantic features of the Arabic language. Arabic 

is characterized by complex morphological and syntactic structures, multiple meanings of words, and a 

rich use of rhetoric and figurative language, in addition to the existence of diverse local dialects alongside 

Modern Standard Arabic. These characteristics make emotion assessment a delicate process requiring 

sophisticated natural language processing tools, such as Farasa and CAMEL Tools, Arabic emotion 

dictionaries, and deep learning models like Word2Vec, BERT, and AraBERT. These tools are used to 

classify texts at multiple levels (full text, sentence, and context), identify positive, negative, and neutral 

emotions, and handle abbreviations and emojis commonly used in social media, the implementation has 

been carried out using python programming language environment. 

The study hypotheses were the accuracy of sentiment analysis and opinion extraction is positively 

correlated with the use of sophisticated sentiment computing models (such as deep learning). Furthermore, 

in Arabic texts, sentiment analysis systems that utilize specialized dictionaries and grammars yield more 

accurate results than those relying solely on statistical methods; hence the question to what extent the 

linguistic, semantic, and contextual features characterize the Arabic language and influence emotion 

analysis and opinion extraction? 

What are the most common affective computing models, tools, and techniques used in emotion analysis? 

This 

study have shown that integrating semantic, contextual, and rhetorical analysis with deep learning 

techniques enhances the accuracy of emotion extraction from Arabic texts, especially short texts such as 

tweets and posts.  

The results moreover highlight the highly significant of establishing comprehensive databases that include 

Modern Standard Arabic and various dialects, and applying emotion analysis at multiple levels. This 

facilitates the use of these technologies in diverse fields such as marketing, social monitoring, digital 

education, and improving user experience. Despite the remarkable progress in tools and models, obstacles 

remain related to dialectal diversity, figurative language, and unstructured data, which open the door to 

developing more accurate and effective models for emotional computing in Arabic. 

 

Keywords: sentiments Analysis, Opinion Extraction, Arabic language, Affective Computing, Machine 

Learning, Deep Learning. 
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Introduction  
Sentiment analysis in context is defined as the investigation of individual's thoughts, feelings, evaluations, 

viewpoints, attitudes, and emotions toward things, embracing goods, services, organizations, people, problems, 

events, topics, furthermore their characteristics, are all subject to sentiment analysis. Five elements are used to 

determine opinion: the opinion holder (P), the individual or entity expressing the opinion, and the time (T), when the 

viewpoint is expressed. Sentence analysis is a highly challenging field of study with numerous and diverse 

objectives. Among its most prominent activities are subjective classification, emotion classification, vocabulary 

development, aspect extraction, classification of emotions associated with those aspects, and identification of 

disturbing messages in opinions [1]. Hence, the main question is given the linguistic, semantic, and contextual 

characteristics of Arabic writings, how effective are affective computing models, tools, and procedures in analysing 

emotions and extracting opinions? 

Therefore, this study includes sections on background information about sentiment analysis, a description of the 

difficulties of impression analysis in Arabic, a summary of the most important studies conducted in this field, a 

description of the linguistic characteristics of Modern Standard Arabic, a discussion of the results, and a conclusion. 

The study addresses the clear shortcomings of emotion analysis models and methods when applied to the Arabic 

language compared to other languages, particularly English. The Arabic language is characterized by its multiple 

levels (Classical Arabic, colloquial Arabic, and regional dialects), the complexity of its morphological and 

grammatical structure, and the depth of its rhetorical and contextual meanings. For this reason, traditional computer 

models face difficulty in accurately understanding emotional meanings, and this task becomes more difficult when 

trying to extract implicit opinions and feelings, that is, those are not explicitly stated through emotional vocabulary, 

but rather stem from the context, style, or linguistic structures such as negation, irony, and metaphor. Many of the 

available tools that rely on statistical properties or limited dictionaries fail to produce accurate and reliable results 

when analysing Arabic texts, and this may lead to a misunderstanding of the emotional positions underlying Arabic 

discourse or to a distorted perception of public opinion trends. 

1 Background of Research 

1.1 Arabic language 

Social media is spread everywhere in Arabic countries and Arabic sentiment analysis is needed because of a large 

scale audience. The history of Arabic language is challenging and interesting, the strategic importance of its people, 

the regions they occupy, and its culture and literary heritage. Arabic is the formal language of 22 nations [2] and it is 

extremely highly of 420 million people as a mother language, and by 250 million as a second language; it’s ranked 

the 5
th

 language in the world as Arabic-speaking users online about 65 million and that equivalent to 18.8% of all 

over the world cyberspace community.  

Arabic is categorized within three sorts: Classical Arabic, Modern Arabic, and Colloquial Arabic. First, during and 

before Islam era the Classical Arabic is used and the Holy Quran was subsequently written on it, it’s a prosperous of 

lexicon and sophisticated grammar. Modern Arabic is emanating from the classical form and today it became the 

formal language of education, media, besides literature. Colloquial Arabic is the language of life, that be used 

between people in everyday communication and it’s slightly different from country to another due to each country 

has its own dialect [2]. Arabic language has 28 letters and orientation of writing is from right to left; it has no upper 

or lower case like in English. Furthermore, it has extreme complicated composition; the predominance of expression 

has a tri-letter root, and what remains either a quad-letter root, penta-letter root or hexa-letter root. The vowels letters 

in Arabic are ( Yaa"  ي " ، و " Waw" ، أ "Alef") and the remaining letters are constants [3].  

In Arabic countries social networks have changed the way of people thinking, especially in youth generation. This 

influence has been appeared in the political unrest of the Middle East and North Africa; consequently, sentiment 

analysis and opinions mining are an indispensible basically for Arabic slang language which is a common that people 

used via global social networks. 

Social networks sites, blogs are provide a mechanism for interacted people to leave a comment or a message which 

are perform a crucial capacity in the communication in between source of events and destination of online viewers 

[2]. Participants’ opinions and comment is a major principal for the development of the services quality and 

improvement facilities. The reviews for services/ products are usually based on opinion expressed in much 

unstructured format. Sentiment classification studies are used to gather reviewers’ customers’ data for some 

purposes.    

1.2 The Problem of Sentiment Analysis in Arabic Language 

Formal Arabic Language has tools exiles which are “ ٌُسد، ٌُ، ٌُس، ِا، ٌٓ، لا”  and those in English are “laysat, lm, 

laysa, ma, ln, la”, mean “No, Not” and negative suffixes and prefixes, which are exiles in English; there is another 

exile tool “ش”  that can be added as a suffix of verbs like “َُسى” which is “Govern” and to get the opposite meaning 
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which is “َسىّص”, where it’s “ُلا َسى” informal Arabic and this means in English “Not Govern”. In addition, usually, 

we use this exile tool in another way by adding character “َ ” at the incipient of the verb (replacing the formal exile 

too “ِا”), and then the previous example will be “ُِسىّص ” which gives the same meaning [2]. To make it clear for 

the previous exile tool, this example (“ 0202ُِسىّص اِشَىا تؼذ  تاَذْ ”, “Biden mayahkomesh America paad 2025”) 

which means “Biden is not govern the USA after 2025” since the word “ُِسىّص” comprises the prefix “َ” and suffix 

 ;as formal Arabic and means “No” in English ”لا“ which means ”ِص“ that leads to another exile tool a suffix ;”ش“

the previous example after this derivation will be (“ 0202ِص َسىُ اِشَىا تؼذ  تاَذْ ”, “Biden mesh yahkom America paad 

2002”). However, in my country Libya has a slight difference in colloquial language than the other Arabic countries.  

The opinion mining has the capability for analysing people opinion, evaluation, sentiment, appraisal, behaviour and 

emotion towards entities such as the product or services.  Sentiment analysis is mostly focused on negative or 

positive sentiments. For instances, the comment “ ٔىػُح اٌثيخح ِا ذٕفؼص” which is “nowayet altalaja ma tnfash” this 

Arabic (Libyan) slang language which means in English “The mark of fridge is bad”, in this sentence the tool exile 

 ”هزٖ اٌسُاسج غمغ“ has a negative opinion. Sometimes, the opinion has two different meaning like in this statement ”ِا“

which is “Hadehe alsyara sagga” and in English “This car is cool” this statement gives both positive and negative 

opinion, the positive one means the car unbelievable, pretty, and attractive modern car, where negative opinion 

means the car is very expensive and it isn’t affordable to buy it. Users’ comments are sometimes written 

sentimentally and subjectively in Arabic with English characters and numbers which is called FrankoArabic 

language in free text as it is unconventional and arbitrary; furthermore, the annotations perpetually contain several 

syntax errors which make the miming process to be hard [2]. For example of these errors, the user comment likely 

restate a character in a term like “هذددددددف” rather than “هذف” which represent “Goal”, also the word “ِثشوووووون ” 

instead of “ِثشون ” and means “Congratulation” in English, all of these need concentration to improve the result of 

colloquial language mining.       

1.3 Feature Selection in Sentiment Classification 

Temperament Analysis is the computational study of people’s opinions, attitudes and emotions toward an entity [4], 

[5]. Sentiment analysis activity is perceived a sentiment classification issue as the first primary in the sentiment 

categorizing challenge is extracting and selecting content attribute. There is a portion of these features, for instances, 

terms presence and frequency: these are individual words n-gram and their frequency counts, and it has two 

possibilities either provides the words binary weighting or it utilizes term periodical weights to point out the 

associate significance of features; parts of speech: discovering and detecting adjectives; opinion words and phrases: 

these are words usually used to express opinions, negations. Sometimes the opinions orientation changed by 

characteristic of negative words. Figure1 illustrates Sentiment Analysis process and steps on product review.  

 

 

 

 

 

 

 

 

Figure 1. Emotion Analysis procedure on product review [6] 
 

Feature of picking strategies can be categorized into two methods: Lexicon-based methods that need user annotation 

and statistical methods which are automatic ones and are more habitually applied to obtain a large lexicon they 

bootstrap this assortment across synonym discovering or networked resources. The feature selection approaches 
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Sentiment Classification 

Product Review 

Sentiment Polarity 
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Opinion Words  
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manage the documents in two ways either as collection of words (Bag of Words) or as a string that retains the 

sequence of vocabulary in the documents; the simplicity of bag of words for its classification process make it more 

often to use [6].    
 

The next diagram (Figure2) summarizes and shows some of the sentiment classification techniques.  

 

 

 

  

 

 

   

 

 

 

 

 

  

 

 

 

 

Figure 2. Sentiment Classification Techniques [4] 
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reliable results when analysing Arabic texts, and this may lead to a misunderstanding of the emotional positions 

underlying Arabic discourse or to a distorted perception of public opinion trends. 

The main question of the study:  Given the linguistic, semantic, and contextual characteristics of Arabic writings, 

how effective are affective computing models, tools, and procedures in analysing emotions and extracting opinions? 
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Sentiment analysis, also famous as opinion analysis, is a technique for determining and extracting sentimental 

information throughout written texts using machine learning and natural language processing. Because it allows us to 

acquire comprehensive sympathetic of public attitudes and opinions toward specific topics, goods, or services, 

sentiment analysis is a crucial tool today; sentiment analysis has emerged as a major research area due to the 

multiplication of reviews, evaluations, endorsements, as well as other forms of expression facilitated by the 

interactive internet. Its applications are evident in diverse fields, including education, health, politics, commerce, and 

tourism. Many studies have been dedicated to sentiment analysis due to its importance; however, few of these 

investigations have pointed out sentiment analysis in morphologically abundant languages such as Arabic. Over the 

past decade, sentiment analysis in Arabic has intrigued significant concentration from specialists and scientists due to 

the intensifying value of Arab internet users and the rapid expansion of Arabic materials available online [7].  

The study of [8] explained sentiment analysis, or opinion mining, aims to gain increasing attention in both industry 

and academia. Despite significant developments in building sentiment analysis models, this domain persist lively 

research focus for varied languages around the world, especially Arabic, which is the fifth most widely spoken and 

the fourth utmost language globally on the Internet? Accompany by fact that researches activities have been 

heightening in opinion mining in Arabic; numerous researchers have conducted reviews to keep track of 

developments in this field. While these studies highlight a treasure trove of substantial advances, the rapid stride of 

developments in machine learning and NLP involves an unceasing require to update the literature. The mission of 

this paper aims to yield an exhaustive overview of the contemporary developments in Arabic opinion mining. This 

review shifts beyond simply examining previous work that focused principally on classification models; it offers a 

holistic perspective on the system, covering advancements in various aspects of opinion mining. These include 

developments in NLP tools, text sources and collections for sentiment analysis, classification models, and opinion 

extraction applications. The review also explores future trends in Arabic opinion mining, incorporating the latest 

developments in the field, including deep learning applications for Arabic opinion mining. The article set off up-to-

date information to assist novice and experienced researchers, in addition to industry developers seeking of 

deploying a comprehensive and effective opinion mining system. Each section concludes with key insights into 

specific characteristic of the opinion mining system, allowing the reader to focus on the areas of interest [8]. 

The changeable terrain of political in numerous Arab countries prompted this contemporary research [9], driven by 

the continuous proliferation of online journalistic content. Hence, the aim is to initiate a media scrutinizing system 

for analysing political opinions. This mechanism permits political performers; nevertheless, the vast amount of 

online materials, to remain persistently enlightened about opinions demonstrated online. This enables them to 

accurately inspect their actual situation, guide the communication strategies, and set up the election campaigns. The 

evolved system relies on a linguistic technique that utilizes the NooJ language engine to standardize automatic 

identification principle and employ them to a vigorous set of journalistic articles. The applied rules preliminary 

granted for the identification besides characterization of various political individual (performers and political 

institutions). These characterizations are then applied in our media monitoring system to determine the standpoint 

correlated with the identified entities. The system relies primarily on a set of locally developed grammatical rules for 

identifying the structures of various political opinion statements. These rules utilize opinion-specific lexicon inputs 

containing different expressive words (verbs, adjectives, nouns), with each input linked to the analogous semantic 

designator (polarity and intensity). The upgraded system is capable of identifying and characterizing the sentiment 

possessor, the sentiment's objective, further to the polarity (nominal or verbal) of the idiomatic feeling. The recent 

experiments have shown that the adopted extraction method is consistent with an F-measure of 0.83. 

This following paper [10] presented the use of data extracted and statistical methods in preparing coherent literature 

reviews (SLRs). Sentiment analysis (SA) and opinion mining (OM) in the field of social media had been deliberated 

as a case study to generate a model for a systematic review. The prepared systematic review reviewed the discipline 

of sentiment analysis and opinion mining and discussed the latest dilemmas inside mining user material in the field 

of social media. The chief objective of the research deed illustrated in this systematic review was to scrutinize 

applying the techniques combined of both sentiment analysis and opinion mining for investigating social media; 

where the current era cyber phenomena (Facebook, Twitter, Google Plus, and LinkedIn) has been dominant and 

impact our life in such diversity. Accordingly, each person has the capability to obtain these networks to publish 

their daily news or to articulate their individual opinions or emotional perspective towards different topics. Thus, a 

massive magnitude of data is broadcasted typically by users in worldwide scale. However, manually processing and 

analysing this vast volume of data can be impractical. Consequently, scientists have managed numerous studies to 

reveal new mechanism, tools for analysing and exploring this enormous dataset, particularly data generated through 

social media. This paper draws on systematic literature reviews and evaluates numerous pertinent investigation 

papers addressing particular research inquiries. In reaction to the insufficient of recent methodical reappraisal with 

regarded to sentiment analysis in digital platforms, the pioneers expose this comprehensive and structured review. It 

defines the field of emotion analysis and opinion mining techniques utilized to data derived from internet 
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communities and explore the demanding of attitude mining via social media framework. The paper commences with 

details the various methods for performing opinion extraction [12]. 

Sentiment analysis is a vital and modern field of research in NLP, promoted by means of the ever-increasing 

magnitude of online impression data. Substantially all tactical strategies in this vicinity are based on English owing 

to the scarcity of temperament reservoir for other languages, in particular Arabic, and its wide assortment of 

vernaculars. At the peak of applications of emotion analysis, great sentiment sources play a pivotal purpose. This 

article reviews a handful of explicitly obtainable sentiment analysis resources for Arabic. It presents the Arabic 

Sentimental Lexicon, an index of 3,880 positive and negative synonym sets illustrated by their grammatical 

classification, degrees of polarity, dialectal synonym sets, and conjugation patterns. The article also presents a Multi-

Domain Arabic Sentimental Set (MASC) with 8,860 positive and negative reviews from various domains. An in-

depth study of five feature set patterns was conducted to leverage productive features and investigate the impact on 

the accomplishment of Arabic attitude analysis. The intention is of evaluating the quality of the enhanced linguistic 

materials. The Arabic Sentimental Lexicon is accustomed to generate feature vectors. Five common machine 

learning algorithms were employed: Naive Bayes, Nearest Neighbours (kNN), Support Vector Machines (SVMs), 

logistic linear regression, and neural networks as primary classifiers for each set of attributes. An extensive of 

comparative investigation was executed on standard Arabic datasets, the discussion had been presented, and 

inferences were drawn. The empirical achievements indicate that the Arabic sentimental lexicon is a valuable 

resource for analysing Arabic sentiments. It was shown that classifiers pre-processed on attribute vectors extracted 

from the set employed the Arabic sentimental lexicon are more accurate than classifiers trained based on the initial 

set [11]. 

Opinion analysis is a branch of NLP, information fetched, and words mining. It is the procedure of extracting 

individuals’ point of view and awareness from disorganized words contents. This has turn to be an effective, 

attractive, and furthermore stimulating area on account of emergence of networked social channels and the enormous 

magnitude of user annotations. There is a variety of research including alternative directions and methodologies 

within this field; however the dearth of an in-depth initiative that examines it via all aspects is palpable. The paper, 

presents an entire, multifaceted, similarly methodical review of impression analysis and sentiment analysis to 

designate the obtainable approaches and distinguish their pros and cons. This aims to gain a superior cognition of the 

setbacks and available resolution for illuminating the upcoming direction. Accordingly, the study presents a suitable 

framework for opinion analysis, along with all procedure. It had proven the observe, classify, summarize, and fully 

contrast the conceived techniques for extracting aspects, classifying opinions, producing summaries, and evaluating 

them, based on key scholarly works. Towards accomplish a perfect comparison; it had suggested some components 

in each and every individual that could assist of achieving more appropriate interpretation of the advantages and 

disadvantages of dissimilar methods [12]. 

Sentiment analysis of textual documents [11] is an active research area, and online community provides desirable 

intelligence sources in diverse languages, including all sort of interaction throughout the media. These resources can 

be studied to look into individual's emotion, behaviours, opinion, and feelings toward different topics and products. 

Therefore, the paper aimed to analyse customer sentiment on Arabic social media, focusing on the real estate as well 

as automotive sectors. From this perspective, mechanized analyser systems are conceived of categorizing the 

sentiment polarity of each customer reconsider or comment on social media as "positive," "negative," or "mixed." 

This is attained by collecting data from web-based subscriber who interacted with reviews about real estate or cars. 

These connected convergences are among the vast social media platforms for customers discussing opinions about 

real estate and cars, specifically in the dialects of the Gulf Cooperation Council (GCC) countries, furthermore in 

Arabic in commonly. Datasets are available in combined of Gulf dialects and Modern Standard Arabic (MSA) [13]. 

This research [14] presents an innovative impression investigation methodology precisely individualized for the 

Arabic language, a field that presents unparalleled impediment on account of its sophisticated morphological 

structure and heterogeneous colloquialisms. Using a tremendous dataset of over 108,000 overviews from Arab 

institutions, the principal objective was to establish a vigorous and authentic sentiment quantifying scheme that 

handles the complexities of the Arabic language and aims to help organizations more effectively understand 

customer sentiment. Their framework included a comprehensive pre-processing period, essential of setting up the 

data for rigorous evaluation. Here the cycle involved reforming emojis and smileys into textual depiction, an 

evolutionary as well as passionate feature of computerized interaction, displacing Arabic diacritics to standardize the 

text input, and adjusting the words for constancy. The pre-processing was scrupulously devised to signify the precise 

difficulties prompted by Arabic manuscript and colloquial deviations. For the nucleus mood detection, it has 

appointed two powerful machine learning paradigms: logistic regression and Naïve Bayes. Every model was 

carefully selected and reformed for its authentic effectiveness in classifying texts, particularly in manipulating the 

nuances of opinion mining throughout Arabic text. This endeavour is not limited to exploiting the advantages of 

these two models, but extends for adapting them to consider the semantic aspects of Arabic. The achievement of the 

study supplied substantial participation of the scope of impression analysis in Arabic by addressing the distinctive 



338 

 

barriers of the language and accommodating traditional machine learning techniques. Consequently the study 

supplies precious insights and techniques for companies and investigators concerned with the Arab commerce. These 

clarifications are essential for firms hunting, for awareness and retort to subscriber sentiment in a morphological 

miscellaneous furthermore culturally affluent territory [14]. 

Internet interaction platforms are crucial for disseminating data, news, and opinions. Social media people has the 

capabilities of engaging and had their views on various duties and merchandise [15]. Sentiment analysis is one 

approach to scrutinizing user opinions for mining effective information. The purpose of the research was evaluation 

of sentiment analysis model. The framework primarily consists of four cycles: data assembly, pre-processing, 

sentiment evaluation, categorizing plus evaluation. Data retrieving involves gathering Arabic documents or feedback 

from digital communication platforms such as Twitter. Antecedent treatment includes text segmentation, punctuation 

exclusion, standardization, and word stemming. Sentiment evaluation and classification address several key topics, 

including negation verification, amplification processing, emotion identification, and emotion classification. The 

appraisal phase assesses the performance of the sentiment analysis model. The viewpoint analysis tool is endorsed by 

a range of Arabic glossary compilations, specifically the diversity of Arabic punctuation words, positive and negative 

emotions, affirmative and undesirable modifiers, moreover suffixes for the slight stemmer. The impression scrutiny 

tool promotes categorize the interactive environment for participant critiques into positive, negative, or neutral 

(emotional polarization). The approved attitude analysis technique is used for the identity emotions in both Modern 

Standard Arabic, and permits the probe also the discovering in Informal Arabic (colloquial Arabic), to what media 

place spread and operate. Tangible requirements such as accuracy, recollect, validity, and flaw ratio are used to 

estimate the functioning of the sentiment analysis pattern. Numerous observations are conducted using triple main 

concepts of Arabic words: negation, affection, and amplifiers. The prototype's attitude changes and is influenced by 

the use of these themes, provided that individually or in combination. The archetype's execution is likewise impacted 

by the category of Arabic sentence and the Arabic linguistic approach. The sentiment analysis model demonstrates 

good performance and provides satisfactory validity worth. The validity values for predicted affirmative opinions are 

98.2%, 91.8%, and 85.8%, whereas the values for unpleasant reviews are 93.2%, 92.6%, and 70.1%, respectively, for 

Modern Standard Arabic, Mixed Arabic, and Informal Arabic styles [15]. 

2.1 Commentary on Previous Studies 

A review of previous studies reveals a growing interest in sentiment analysis and emotion retrieving, particularly 

within the context of the Arabic language, given its linguistic and structural challenges compared to other languages. 

Some studies, such as Badaro & Bali (2019), have focused on providing a comprehensive and integrated view of 

Arabic sentiment analysis systems, addressing tools, resources, models, and applications. These studies also 

emphasize the rapid development of deep learning techniques, reflecting a relative maturity in the field, though the 

need to update theoretical and technical frameworks remains On the other hand, studies like Najjar & Musfir (2017) 

have explored the practical applications of sentiment analysis in the political sphere, relying on linguistic and 

grammatical approaches. While these studies have shown good accuracy, this approach remains limited in its 

flexibility and generalizability compared to modern machine learning models. Some studies have also focused on the 

descriptive and methodological aspects, such as those by Salah & Al-Ghuwairi (2019) and Hamtian & Sohrabi 

(2019), which sought to classify different approaches and techniques in sentiment analysis and opinion mining, 

highlighting the challenges associated with social media data. This underscores the need for models more adapted to 

the nature of short, informal texts. Regarding linguistic resources, Al-Musallami & Al-Bard (2018) emphasized the 

crucial importance of Arabic sentimental dictionaries and demonstrated that employing dedicated linguistic resources 

contributes to improving the accuracy of models. However, the limitations of these resources in terms of size and 

dialectal coverage remain an obstacle to achieving more comprehensive results. 

Some studies have also addressed sectoral applications of sentiment analysis, such as Alsemaree et al (2024) study in 

the real estate and automotive sectors, and Fouda & Ahmed's (2024) study on the evaluation of Arab companies. 

This reflects an expansion in the use of sentiment analysis to support decision-making, although reliance on 

traditional or semi-traditional models remains prevalent compared to modern, in-depth models. Ruby & Badawi's 

(2018) study evaluated the performance of sentiment analysis models in Arabic social media comments, focusing on 

Modern Standard Arabic and colloquial Arabic. The results showed good accuracy, but the influence of linguistic 

style and sentence structure remains a significant factor requiring further investigation. 

In general, it appears that most previous studies have focused on models, resources, or applications without 

comprehensively integrating sentiment computing models, tools, and techniques within a unified framework. 

Furthermore, there is a scarcity of studies that address the Arabic language at its various levels (Modern Standard 

Arabic and dialects) using advanced, modern models within an integrated system, which is what this study aims to 

address. 

What distinguishes previous studies?  
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Most previous research on sentiment analysis and opinion inference in Arabic has focused on reviewing literature or 

building linguistic resources, such as sentiment dictionaries and text collections, or on employing traditional 

classification methods in text processing, such as classical machine learning (e.g., vector support machines, Naïve 

Bayes, and logistic regression). Many of these studies have also been limited to specific applications in particular 

fields, such as political affairs or product evaluation via social media, and have not addressed the integration of 

conceptual and cognitive aspects of sentiment within the analysis. These works have been confined to standard text 

processing, without considering the advanced capabilities of cognitive processing models that allow for a deeper 

understanding of the emotional and semantic context of Arabic texts and their diverse dialects. 

This research is distinguished by its reliance on an emotional computing model that integrates the emotional, 

cognitive, and conceptual representation of texts, enabling a deeper and more comprehensive understanding of 

emotions. Your research goes beyond limited applications or superficial analysis of texts to include the study of 

different Arabic dialects and the contextual diversity of content, using advanced tools and techniques to process 

emotions within the contextual framework and implicit meanings. This approach provides a more accurate and 

complete understanding of emotions and enables the provision of integrated analytical solutions that surpass 

traditional models, making your study unique in combining applied and theoretical aspects, linguistic and mental 

processing, and text analysis at multiple levels. 

3. Theoretical Framework 
 

3.1 The Theoretical Framework of Emotional Computing and Emotion Analysis 

Developing intelligent systems those have the capability of understanding, and interpreting the emotional nuances 

inherent in textual data in a way that mimics human perception has become crucial in the digital age, characterized 

by the ever increasing volume of textual data circulating online. Emotional computing is one of the most prominent 

areas of artificial intelligence, aiming to enable computers to see, understand, and interact with human emotions in 

ways that go beyond simple textual comprehension. This approach has enabled the transformation of emotional input 

into measurable and interpretable information, leading to a better understanding of public opinion trends, improved 

user experience, and enhanced decision-making across various disciplines [16]. 

Polarity scrutiny, again renowned as opinion mining, is one of the key uses of sentiment computing. It uses written 

texts, such as news, social media posts, and product reviews, to identify and assess users' psychological orientations 

and emotional attitudes. This field uses a variety of machine learning and NLP models furthermore the techniques 

that enable the categorization of emotions into broader categories that include multiple emotions, or into positive, 

negative, or neutral polarities. As AI tools continue to evolve, the scope of sentiment analysis has expanded to 

include contextual understanding, the identification of complex emotions, and the extraction of implicit sentiments. 

This represents a shift from traditional text processing to models that are better able to simulate human understanding 

[17]. For instances of what mentioned above, automated lexical resources in Arabic language sentence subjectivity, 

lexical resources for sentiment words is a collection of words those are express the subjectivity in text. There are two 

types of opinion words, positive words which used to show the felling or opinion actions for example (“ابتاد” 

“magnificent”, “زة” “love”, “ِّراس”  “distinction”), and negative opinion words that expressing the undesirable 

situation like (“ضُٕغ” “awful”, “ٖوش” “hate”, “ٍٔأٔا” “selfish” ) [18]. The developing sentic computing based-on 

sentiment mining techniques for extracting sentiments from Arabic natural language text is still a broad area of 

computational linguistics, text mining, NLP and machine learning, which needs more efforts and stress to be flourish 

field. 

3.2 The Concept and Importance of Emotional Computing and Emotion Analysis 

Emotional process data is designated as the analysing and progression of tools and systems capable of identifying, 

interpreting, processing, and simulating emotional phenomena. While some developments in this field can be 

pursued to premature philosophical studies of emotion, Picard's seminal contributions led to the emergence of a 

further contemporary branch of computer science, which has evolved into a multidisciplinary field encompassing 

computer science, psychology, and cognitive science. The ability to equip robots with emotional intelligence, 

enabling them to recognize human emotions and adjust their behaviour accordingly, is one of the driving forces 

behind this field [19]. 

Artificial intelligence enhances user-system interaction by making these systems emotionally sensitive as well as 

intelligent. Although the way the human brain works differs fundamentally, research in emotional computing is 

hampered by basic hardware-related problems. The physical structure of the human brain, often divided into rational 

and emotional components, allows for the simultaneous processing of information both emotionally and rationally. 

However, this is not the case in the field of social robotics [20]. 

This paradox in robot behaviour means that conventional computers are unable to efficiently process information in 

parallel. This means that modelling the human emotional system, known for its ability to exhibit simultaneous 
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emotional experiences (such as joy and sadness), will be incompatible with these frameworks. Given all this, the 

enormous volume of data that future sensors will produce, the increasing complexity of control, planning, 

interaction, and reasoning systems, and the fact that future robots will operate in diverse environments; especially 

those that will facilitate human interactions-all combine to create this problem. And when these robots are connected 

via Internet of Things frameworks, the problem will worsen. All of these points to the need for future robotic systems 

to have enormous computing power [21]. At the same time, the properties of entanglement, superposition, and 

parallelism are said to give quantum systems amazing capabilities. There is widespread agreement and growing 

interest in using quantum sensors, quantum algorithms, and quantum controllers for important roles in future 

automated integrated systems and robots. 

3.3 The importance of emotional computing, emotion analysis, and their applications 

Emotional computing has gained widespread popularity due to its aim to improve human-computer interaction by 

creating devices and systems capable of identifying, expressing, and processing human emotions. Giving machines 

genuine intelligence and authentic human communication is crucial, as evidenced by the increasing demand for 

diverse emotion computing applications. To enhance emotion-related applications, there is a pressing need to 

develop further emotion computing capabilities, such as human-computer interfaces, emotion recognition, and 

analysis. Enterprise systems encompass numerous emotion-related applications, and their importance to businesses 

in the global economy cannot be overstated. They restructure the portfolio of transaction processing systems and 

applications within an organization to integrate business processes, systems, information, and data analytics. Various 

technologies have been employed to study enterprise systems due to their significant potential benefits. These 

technologies, spanning multiple fields, can dramatically improve the performance of enterprise systems. Production 

planning, procurement, marketing, and customer support are just a few examples of enterprise systems applications 

that process data related to user emotions [22]. 

Most enterprise IT technologies used today may overlook the importance of emotion, and enterprise systems can be 

supported by emotion computing techniques on a variety of devices and services. In e-commerce, computers can 

determine when a consumer is experiencing a problem and provide them with more help or information based on 

available emotional indicators. To target online purchases, measuring customer emotions in the digital world has 

become crucial. Fong noted that by predicting and modelling consumer behaviour, which is often influenced by the 

emotional state of the potential customer-marketing tactics, can be optimally tailored [23]. 

The investigation of [24] has shown that emotional factors have a significant impact on customer satisfaction and 

service provider change behaviour. This suggests that as the internet service provider market evolves, providers who 

focus on emotional factors and foster relationships with their customers will have a competitive advantage. When 

survey respondents are prone to lying and have strong emotions, Christopher demonstrated how using emotional data 

collection techniques in survey research provide insightful information. This study examines emotion computing 

techniques in a critical area of enterprise services and customer satisfaction measurement, given the importance of 

emotion computing in enterprise services. 

3.4 Models and Techniques for Emotion Analysis  

Computational modelling of human emotional processes has witnessed remarkable growth in recent years. Given its 

potential in fundamental research on emotion and cognition, as well as its promising and ever-expanding 

applications, this book serves as an excellent example of the fruitful collaboration that has emerged from emotion 

research in computer science and psychology. It explores the history of computational modelling of emotion, 

including its diverse applications and the theoretical traditions that have influenced its development, and how these 

applications and traditions are reflected in its fundamental structure. The aim is to understand this collaboration and 

its potential to revolutionize emotion research practices across various disciplines, revealing new and imperative 

research areas. While this may seem confusing to those unfamiliar with the subject, over the past fifteen years, a 

wide range of integrated and competing computational models have been developed, and a classification of some of 

the substantial models and the theoretical traditions from which they emerged is provided. Despite the increasing 

volume of research, this field is still far from mature. Research is rarely cumulative and often returns to initial 

stimulating ideas rather than building upon previous computational approaches [25]. 

Models are rarely compared in terms of their ability to achieve their stated goals, and the goals for which models are 

built are usually not explicitly defined. This chapter explores research on computational models of emotion in an 

attempt to uncover their common uses and the basic techniques and assumptions on which they are built. This 

contrasts with the fact that computational models are complex systems involving a number of design decisions and 

assumptions that may not be explicitly stated, and are inherited from the psychological and computational traditions 

from which they originated, a situation exacerbated by the lack of agreed-upon terminology to define these 

differences. Our aim is to provide common terminology and conceptual distinctions that facilitate the comparison 

and discussion of competing models, furthermore increase accessibility to this field for external researchers.  
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Hopefully, this will help establish a vocabulary that supports the field's progress toward more forward-looking 

research [25]. 

 

3.4.1 Techniques and Tools used in Emotion Analysis 

The Web 2.0 era has evoked colossal amounts of unstructured data as individuals share their thoughts and 

experiences on social media platforms, including blogs, forums, rating sites, and social networks. Given the rapid 

growth of user-generated content, it has become essential for businesses, policymakers, service providers, and 

researchers to analyse these opinions to understand societal trends and improve decision-making. Sentiment analysis 

has emerged as an effective tool for extracting opinions and feelings from digital writing [26]. For transforming 

unstructured data into analysable information, sentiment analysis employs a set of integrated techniques and tools. 

First, data is collected from social media platforms using web mining tools and content aggregation software. 

Second, the text is prepared and filtered, removing irrelevant data and non-textual content, and addressing variations 

in writing styles, slang, and specialized terminology. 

Third, NLP techniques are applied to extract subjective sentences that express the user's opinion or feelings, while 

objective sentences containing factual information are discarded. 

3.5 The Specificity of the Arabic Language in Emotion Analysis and its Impact on Models and Tools 

There are numerous individuals who produce and publish content across various online platforms. Social media 

platforms allow users to discuss and share their thoughts and feelings, making them a vital source of information. 

Before these platforms emerged, it was difficult to ascertain people's opinions on specific products, services, or even 

events. Thanks to social media sites like Twitter, where people freely and frequently express their views and even 

consult others' opinions when making decisions, this important information has become readily available. Users' 

opinions on specific services, events, or goods can be obtained by analysing these opinions. NLP techniques, terms 

extraction, computational linguistics, and machine learning can be used in this analysis to identify, study, and 

categorize human attitudes, feelings, opinions, sensations, evaluations, and emotions. However, emotion analysis is a 

key task within natural language processing, aiming to uncover subjective information encompassing feelings and 

experiences, which are then categorized as neutral, negative, or positive[27]. 

There are two types of textual data: opinions and truths. Truths are goal claims about items, events, and their 

hallmark. Opinions, on the other hand, are ordinarily subjective articulation of people's perceptions, evaluations, and 

outlooks of things, events, and their characteristics. Some research focuses on the polarity of opinion (positive or 

negative) when developing a model for assessing and classifying emotions. Notwithstanding, for developing a 

classifier which is capable of distinguishing between subjective and objective opinions, many researchers deliberate 

objective expression as a neutral category in emotion analysis. Temperament analysis and ordering differ from 

sensory analysis in that it delves deeper into describing an individual's feelings, allowing for more comprehensive 

classification and analysis; joy, anger, and sadness are examples of emotional states related to feelings, which are 

themselves components of the nervous system [28]. 

Emotion analysis techniques may involve identifying any emotions present in a text by classifying them into the 

appropriate emotional category. Twitter users post more than 400 million tweets daily, with information being 

disseminated as text messages in multiple languages. These tweets express users' feelings and emotions in different 

languages. The abundance of spelling and grammatical errors, colloquial language, social abbreviations, and 

multimedia content makes analysing emotions in tweets extremely difficult. Due to these challenges, no researcher 

has attempted to categorize attitudes in Arabic tweets, although multitudes of investigations have been fulfilled for 

emotions in English tweets. Most emotion analysis in Arabic tweets highlight on classifying emotions either 

positively or negatively. Research and resources in the speciality of social feeling analysis in Arabic are still scarce. 

Models that extract and classify emotions from Arabic tweets could be useful for various purposes, such as 

enhancing e-learning programs, helping psychologists identify terrorist activity, improving customer service, raising 

product quality, and much more [29]. 

3.6 Linguistic and Semantic Characteristics of the Arabic Language that Influence Emotion Analysis 

Given its diverse applications across various sectors, including social media, marketing, government services, public 

opinion analysis, political monitoring, and more, sentiment analysis is one of the most crucial branches of NLP in the 

modern era. Sentiment analysis relies on extracting attitudes and emotions from written texts, identifying the type of 

emotion (such as joy, sadness, anger, fear, etc.), and determining whether these texts reflect positive, negative, or 

neutral feelings. While sentiment analysis has witnessed significant progress in Western languages, Arabic faces 

unique challenges that add to its complexity. These challenges stem from the distinctive linguistic and semantic 

characteristics of the Arabic language [29]. 
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Grammatical and morphological rules interact with semantics and context, which directly affects the ability of 

computer systems to understand Arabic texts. The Arabic language is characterized by its wide morphological 

diversity, the richness of verb and noun conjugations, the complexity of its grammatical structures, the multiplicity of 

its meanings (the existence of words that carry more than one meaning), and its use of rhetorical styles such as 

metaphor, simile, and figurative language. Its complexity increases with the presence of dialects and colloquial 

language. The meaning of words and phrases in the Arabic language may change from one sentence to another or 

according to the relationships between words in the text. Therefore, context is a decisive factor. 

3.7 The linguistic characteristics of the Arabic language and its effect on emotions 

The Arabic language is distinguished by its unique textual and phonetic structure, where vocabulary carries explicit 

or implicit, positive or negative connotations that can directly influence the feelings and psychological states of the 

reader or listener. Expressive styles in Arabic are diverse, encompassing prose, poetry, praise, and satire, thus 

granting texts multiple semantic structures that allow for a clear or rhetorical understanding of emotions. Through 

these structures, the writer's style can be explored, and various aspects of emotion can be identified, such as sarcasm, 

praise, condemnation, resentment, affection, and enmity. The study of emotions has become particularly important 

within the framework of social media platforms like Twitter and Facebook, where the data generated is used to 

understand individuals' attitudes toward specific topics or products. However, Arabic Sentiment Analysis (ALSA) 

requires meticulous preliminary processing involving phonology, morphology, sentence segmentation, part-of-

speech classification, semantic analysis, identification of named entities, as well as subjective and figurative analysis, 

and sometimes manual recording of opinions using dictionaries and linguistic lexicons [30]. 

Arabic sentiment analysis is usually accomplished by using a couple of basic approaches: rule-based classifiers or 

automated classifiers that rely on statistical machine learning algorithms to detect trends and opinions. Studies have 

shown that sentiment analysis in Arabic faces greater challenges compared to other languages, due to the complexity 

of its linguistic structure and the multiplicity of rhetorical and figurative expression levels. Therefore, researching the 

linguistic features of Arabic and their effect on sentiment helps in understanding how emotions and positive or 

negative attitudes are expressed in texts, and opens up practical horizons in various fields, including media, public 

opinion monitoring, marketing, and scientific research related to artificial intelligence and natural language 

processing [31]. 

3.8 Emotional Computing Tools and Techniques in the Arabic Language: Challenges and Opportunities 

Sentiment analysis (SA) uses models from the fields of words mining, computational linguistics, and NLP to perform 

analyses on individual entry. Initially academic article dedicated to sentiment analysis in English had been released 

in 2008 by Bang et al. written material that express opinions, such as status upgrade, annotation, and discussions, are 

the raw material for the immense amounts of modern computerized data made available by the boom of internet 

communication, web-based forums, and website verification. Consequently, the study of sentiment analysis has 

promptly expanded to assimilate the repository and evaluate of this excessive of data. Sentiment analysis has been 

escalated and dominated for the areas of NLP research in the wake of early 21
st
 century. English is still at the peak of 

concentration for research in this field due to the ubiquitous usability of appropriate datasets recently. Accompany by 

increasing expression of emotions on merchandising and cyberspaces, where the individuals periodically share their 

reflection around specific component [32], [33]. All critiques perform as a provision for innovative end-users, 

producers, besides merchandising squads, yielding those entities together with worthwhile insights penetrate product 

excellence and promoting viewers compose enlightened verdicts around purchasing, production, or retail. The 

demanding of including these inquisitive studies is that, they have a pertinent cognition in textual form; this requires 

appropriate process to activate of retrieving purposeful data. Sentiment analysis tackles this difficulty by executing, 

categorizing, or grouping overviews dependent on client prerequisites. Hence, central intention of sentiment analysis 

is to ascertain if a portion of documenting either objective or subjective. Objective content has the absence for 

conveying any opinion, in the meantime the subjective text does reliant on the emotion expressed; subjective writing 

is broadly possibly to be categorized as positive, negative, or neutral [34]. 

To ascertain the spirit or affection manifested in the text, sentiment analysis involves determining the textual data. 

This can be useful for a diversity of purposes, to illustrate determining the overall sound of a document, identifying 

the feelings of precise component or themes among the text, and assessing the impression of particular scripts or 

lines. Arabic was chosen in the role of working language for several reasons. Owing to its structure and complex 

landscape, hence several of constrained resources are available for Arabic sentiment analysis (ASA). Despite this, 

the importance of analysing Arab is growing due to the size of its audience and the prominent position of the Arabic 

language itself, given its prosperous heritage, the strategic importance of its individual and territory, in addition to its 

cultural tradition, making it both arduous and appealing. The intricacies of the language, embracing its diverse 

accents and circumscribed provisions, present substantial difficulties in analysing Arab sentiment [35]. 
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The Arabic language expresses unique setbacks for analysing emotions due to its complex linguistic precision. The 

complexities morphological structure of Arabic, which encompasses many intonations and discrepancies, potentially 

ambiguous the underlying orientation of emotion. The lacks of diacritical marks as well as prevailing ambiguity 

surrounding punctuation hinder accurate interpretation. One major ingredient of perceiving is the enormous spectrum 

of patois along the Arab community. That signifies the way of viewers convey their emotions, may vary greatly 

between dissimilar regions. Consequently, specific strategies must be adapted to accommodate these differences. 

Current approaches often struggle to effectively handle the subtle emotional phenomena of Arabic. Pervasive 

phenomena such as code mixing between Arabic and other languages, the ubiquitous employ of sarcasm, moreover 

the scarcity of a complete structure able with ease for misinforming techniques. The construction of multi-word 

expressions and phrases often deviates from the emotions of their constituent words in difficult ways. The emotional 

polarity of phrases is often domain and dialect dependent, necessitating dynamic, context-aware modelling [35]. 

4 Study Methodologies 

4.1 Methodology 

This study employed a descriptive-analytical approach, yearning for portray the nature of Arabic texts published on 

social media platforms and analyse their sentiments using affective computing techniques and natural language 

processing models. An applied experimental approach was also utilized to evaluate the performance of various 

models and tools in extracting and classifying opinions. This was achieved by applying these methods to a set of 

textual data and determining the accuracy and efficiency of the analysis. 

4.2 Study Population 

The study population comprised all Arabic tweets and textual posts on social media platforms such as Twitter, 

Facebook, and Instagram during the period from January 2024 to December 2025. The population was designed to 

represent the diversity of users in terms of age, gender, geographic location, and the dialect used in the texts. 

The Study Sample: A stratified random sample of Arabic tweets was selected. The data was categorized by topic 

(news, products, services, social events) and dialect (Modern Standard Arabic, local dialects) to ensure 

representation of all forms of Arabic used. The sample consisted of 10,000 tweets, carefully distributed across 

different categories to ensure the accuracy and generalizability of the results. 

4.3 Data Collection Tools 

Data on model performance metrics (Accuracy, F1-Score, Precision, and Recall) were extracted for Word2Vec, 

BERT (multilingual), AraBERT, CAMeLBERT, and combinations involving Farasa and CamelTools. The datasets 

referenced in these studies primarily originated from social media platforms, ensuring relevance to the specified 

scope. The collected performance metrics were then compiled into a structured table for direct comparison. 

Additionally, libraries packages of Python scripts utilizing (pandas, matplotlib , seaborn, numpy, 

scikit-learn, arabert, gensim, torch, aravec ) were to generate visual representations of the data, 

including table shows for Accuracy and F1-Score, and a line plot for an aggregated “Global Score” to illustrate 

overall model efficiency. 

Data was collected using the following tools and techniques: 

 Social media Application Programming Interfaces (APIs), such as the Twitter API, for collecting text tweets 

and analyses all contents, hence this called (X API) and gives the capabilities for programmatic access to X’s 

employed website. Furthermore, this comeback with representing objects (structured JSON).  

 Text scraping tools for organizing and storing data suitable for analysis. 

 Extensive and readily available Arabic text databases for training models, such as AraVec and Arabic 

Sentiment Lexicons. 

 AraVec: it is a powerful model that used for distributed embedding of word (Arabic Word Embedding 

Models), it is free to use (open source) which employed of supplying the Arabic NLP research intention. The 

Soliman  et al. [36] illustrate the various steps for this model. Obtaining of information from standard twitter 

API, as well as discussed how the model build; where it had given the spectrum of discussion about clustering 

for both sentiment words and named entities. This model builds using gensim python library. However, it is 

necessary to install and import this tool to this project by using the command  pip install aravec   

 Arabic natural language processing tools, such as Farasa and CAMEL Tools, for analyzing and cleaning the 

text (removing symbols, correcting spelling and standardizing). 
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 CAMel Tools: is an assortment of development paradigm of  natural language processing for Arabic that first 

come out at New York University Abu Dhabi by the CAMel laboratory; the website [37] render satisfactory 

guide for this techniques, it is stand for Computational Approaches to Modeling Language 

 Farasa : it is Arabic language processing segmenter tools that applies support vector machine for classification, 

the website address [38] has prosperous reservoir of information which leads to cope with this technique and a 

swift acquiring knowledge. However, another handful of resources [39], [40] those facilitate the process of 

data understanding.      

 Word2Vec: is a technique that performs machine learning mechanism , and it is adapt deep learning as 

methodology of work to train the models for understanding word semantic and embedding relationships, the 

sources [41] provide beneficial information to start with; as well as they have an impressive discussion for 

discovering progressively about this area.    

 AraBERT technique: it is a pre-trained model for Arabic natural language processing based on BERT 

(Bidirectional Encoder Representations from Transformers) mechanism from Google; the AraBERT was invented 

by Machine INtelligence Development (MIND) Lab at American University in Beirut-Lebanon [42], [43]. It 

is compulsory to install this tool inside Python environment by using Terminal command pip install 

arabert.   

 Python 3.6.5 programming language: the implementation carried out by using JetBrains PyCharm Community 

Edition 2018.1.1 x64 

 

Study Procedures 

• Data Collection: Arabic text tweets were collected according to predefined categories, topics, and dialects. 

- Initial Data Processing: This included cleaning the text, removing duplicates, correcting spelling errors and 

special characters, and standardizing the phrasing across different dialects as much as possible. 

- Sentiment Analysis: Natural Language Processing (NLP) models such as Word2Vec, BERT, and AraBERT 

were applied to the categorized texts to classify emotions as positive, negative, and neutral. 

- Performance Evaluation: The results of the different models were compared using metrics such as accuracy, 

recall, and F1-Sore. 

- Results Analysis: The categorized data were analyzed to determine the overall distribution of emotions within 

the target population and the impact of Arabic linguistic specificities on model performance. 

 
5. Results and Discussion 

5.1 Model Performance Metrics 

The following table summarizes the performance metrics of the evaluated sentiment analysis models on various 

Arabic social platforms datasets: 

Model Dataset Source Accuracy F1-Score Precision Recall Global Score 

Word2Vec (Skip-Gram) Twitter/Facebook 0.785 0.772 0.768 0.776 0.77525 

BERT (Multilingual) Mixed Social Media 0.700 0.800 0.750 0.780 0.7575 

AraBERT Twitter (ArTwitter) 0.920 0.918 0.915 0.921 0.9185 

CAMeLBERT Noisy Social Media 0.920 0.915 0.917 0.923 0.91875 

Farasa + AraBERT ASTD (Twitter) 0.932 0.928 0.925 0.931 0.929 

CamelTools + AraBERT Dialectal Arabic 0.895 0.889 0.882 0.896 0.8905 

Table (1) Sentiment Analysis Techniques Performance. 

As depicted in the table above, AraBERT and CAMeLBERT demonstrate significantly higher Accuracy and F1-

Scores compared to Word2Vec (Skip-Gram) and the generic BERT (Multilingual) model. This superior performance 
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can be attributed to their pre-training specifically on large Arabic corpora, enabling them to better capture the 

nuances of the Arabic language. 

The combination of Farasa pre-processing with AraBERT yields the highest performance across all metrics, with 

an impressive Accuracy of 93.2% and an F1-Score of 92.8% on the ASTD (Twitter) dataset. This underscores the 

critical role of robust Arabic linguistic tools in enhancing the performance of even advanced transformer models by 

handling complex morphological structures and dialects. Similarly, CamelTools + AraBERT also show strong 

performance on dialectal Arabic, further emphasizing the benefit of specialized pre-processing for Arabic NLP 

tasks. 
 

5.2Overall Model Efficiency  

 

Figure (3) Global Score Techniques Performance. 
 

The line plot illustrating the “Global Score” (average of Accuracy, F1-Score, Precision, and Recall) further 

reinforces these observations. Models leveraging Arabic-specific preliminary training and pre-processing, such as 

AraBERT, CAMeLBERT, and their combinations with Farasa or CamelTools, achieve substantially higher overall 

efficiency. The generic BERT (Multilingual) model, while better than Word2Vec in F1-score, shows lower 

accuracy, indicating its limitations when dealing with the specific complexities of Arabic without specialized 

adaptation. 

5.3. Temporal and Spatial Boundaries 

- Temporal Boundaries: The study includes Arabic tweets and posts published between January 2016 and 2026. 

- Spatial Boundaries: The study focuses on Arabic-speaking users in Libya, taking into account dialectal and 

cultural diversity. 

 

6. Conclusion 

This study is of paramount importance because sentiment analysis and opinion extraction are emerging fields within 

artificial intelligence and affective computing. These disciplines are essential for understanding digital interactions 

between humans and deciphering the emotional patterns embedded in textual language. By elucidating the scientific 

foundations and various models of affective computing and sentiment analysis, this study contributes to a deeper 

theoretical understanding of these topics, thereby advancing scientific research in this field and building a more 

comprehensive and accurate knowledge framework. 

From this point of view, What do affective computing and emotion analysis mean, and what are the theoretical 

foundations of these terms in the context of the Arabic language?;  additionally, how linguistic, semantic, and 

contextual features characterize the Arabic language and influence emotion analysis and opinion extraction? 

Hence, the objectives of this research investigate the most common affective computing models, tools, and 

techniques used in emotion analysis and how successful are currently available affective analysis models and 

techniques when applied to Arabic texts? 

The implementation of sentiment analysis models demonstrate a remarkable ability to classify Arabic texts with 

varying degrees of accuracy, deep learning models outperform traditional models in analysing Arabic sentiment. The 
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duty shows the impact of morphological complexity and the multiplicity of Arabic dialects on the accuracy of 

analysis results. The importance of pre-processing texts in enhancing the efficiency of sentiment analysis models 

have been deliberated with emphasis on the objectives of the effectiveness of hybrid models in improving sentiment 

classification. 

During fulfilling this investigation of this project, there had been spectrum of facts and figures such as the role of 

social media platforms as a primary data source for analysing Arabic sentiment. Likewise the limited availability of 

classified Arabic language resources hinders model development, and finally the potential for leveraging Arabic 

sentiment analysis to support decision-making across various fields.  

 

6.1 Study Recommendations 
1. Expand the development of Arabic-language resources specifically designed for sentiment analysis, covering 

Modern Standard Arabic and various dialects. 

2. Employ modern deep learning models, particularly transformer-based models, in Arabic sentiment analysis 

studies. 

3. Improve Arabic text preprocessing techniques to align with the language's morphological and syntactic 

characteristics. 

4. Encourage the use of hybrid models that combine linguistic approaches and machine learning to enhance 

assessment accuracy. 

5. Standardize assessment criteria for Arabic sentiment analysis models to ensure valid comparability across 

different research areas. 

6. Focus on assessing emotions in Arabic dialects used on social media. 

7. Support the creation of open-source Arabic databases for future research. 

8. Expand the application of Arabic sentiment analysis in decision-making, public opinion assessment, and service 

review. 
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