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Abstract 

The increasing number of users’ generated contents such as blogs, forums and social 

networks led to the increase of texts that contain users’ opinions. A huge amount of 

these opinions carries the user's feedback about products and services. This made 

researchers to mine the Arabic reviews on the internet, this data is important to 

managers and decision makers who look forward to improve their services and 

products as they are consumer oriented services (e.g. hotel rooms keeping quality and 

delivery costs). Opinion mining is the study to analyze people's opinions, sentiments, 

evaluations, attitudes, and emotions in any language. However, the advancing in this 

field for the Arabic language is slow in comparison to other languages like English. 

The existing application on this field is only providing a summary of customers’ 

opinion without referring to the full context, which should provide the valuable 

summary (data) for decision makers.  This research presents a feature-based summary 

for mining opinion for Arabic reviews in order to generate a summary that contains a 

set of positive reviews to a certain feature, as well as negative reviews for the same 

feature. This research mainly depends on the Natural Language Processing, starting 

with extracting a feature for a specific domain, then sentiment classification and 

afterward it summarizes these reviews according to the features.  

Finally, the evaluation was the result of comparing the extracted reviews summary 

with the opinion of the users, which showed acceptable results. The accuracy for 

feature extraction process achieved 81.48%, the accuracy for opinion mining that we 

calculated using objective evaluation is 71.22%. We applied a subjective evaluation 

for the summary generation and that did indicate that our system achieves a high 

relevant measure with 73.23% accuracy for positive summary and 72.46% accuracy 

for negative summary. This results overall average is 72.84%. A thorough analysis 

and discussion of the evaluation results are also presented to address the limitations 

and strengths as well as the recommendations for future improvements. 

Keywords:   Arabic language, feature-based summarization, feature extraction, 

Arabic Opinion Summarization, Sentiment Classification.  
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 الملخص

زيادة كبيرة في كمية النصوص إلى في شبكة اإلنترنت،  المدونات والمنتديات والشبكات االجتماعيةأدى تزايد عدد 
خدمات. حول منتجات و  العمالء تنقل رؤيةاآلراء هذه . وهناك عدد كبير من المستخدمين آراءتحتوي على  التي
عبر  متوفرةالعربية الآلراء التنقيب عن ا الى االنترنتتطبيقات الباحثين ومبرمجي العديد من  يدفع األمر هذا

عية تحسين نو  يهدفون الىالذين  ويعتبر هذا األمر شديد األهمية لدى أصحاب العمل والمدراء ،هذه المواقع
بل فيما يتعلق بالخدمات المقدمة من قلخصوص وتوجهاتهم المختلفة وبا الخدمات المقدمة بناء على آراء العمالء

لى المتاجر الضخمة والتي يصعب الحصول عأو  الفنادقمثل التجارية التي تقدم الخدمات اللوجستية  المؤسسات
إفادة بخصوصها مثل جودة الخدمات المقدمة أو تكلفتها )علي سبيل المثال: خدمات تنظيف الغرف وخدمات 

ومشاعرهم، كما يقوم بتقييم للمواقف  تنقيب عن الرأي دراسة لتحليل أراء الناساليعتبر  توصيل البضائع(.
بها  تسير بوتيرة بطيئة جدا مقارنة بالمعمولباللغة العربية في هذا المجال والعواطف في أي لغة، لكن األبحاث 
ية ال تعطي للغة العرب ، فضال عن أن البرامج التطبيقية في هذا المجالفي اللغة اإلنجليزية وغيرها من اللغات

 .نتائج كاملة المضمون بالشكل الكافي للسماح لصناع القرار ببناء أراءهم واتخاذ القرارات التطويرية بالخصوص
مل تشيوذلك للحصول على ملخص  على الميزةباالعتماد العربية مشكلة تلخيص اآلراء  البحثعرض هذا ستي

ذا السلبية لهذه الميزة. يعتمد ه اآلراءااليجابية لميزة معينة في المجال المطلوب، وكذلك  اآلراءعلى مجموعة 
من بعد ذلك ي مجال معين و بداية في استخراج الميزة فالطبيعية، البحث بشكل اساسي على تقنية معالجة اللغة 

تحديد مدى رضا وعدم تصنيف الرأي في هذا المجال حسب الميزة، ومن ثم يتم عمل ملخص لكل الميزات ل
تقييم ذاتي  بعملقمنا بتقييم أداء طريقة التنقيب التي استخدمناها. فقد، قمنا الرضا من قبل العمالء. اخيرا، 

بعمل وأيضا قمنا  %81.48الميزات وحصلنا على مستوى من الدقة في النتائج بنسبة إلثبات فعالية استخراج 
 كما، %71.22من الدقة في النتائج بنسبة  وقد حصلنا على مستوى  تقييم ذاتي إلثبات فعالية استخراج الرأي

 %73.23بة نس لكل ميزة والرأي المتعلق بها، وقد حصلنا علىستخراج ملخص الشخصي تقييم قمنا بعمل 
سبة ن متوسط لملخص اآلراء السلبية للتقييمات وبالتالي %72.46لمخلص اآلراء اإليجابية للتقييمات ونسبة 

 .الدقةمن  72.84%
، ء، التنقيب عن اآلراء على مستوى الميزة، تلخيص اآلرااآلراءتنقيب اآلراء العربية، تصنيف كلمات مفتاحية: 
  .التقييمات العربية
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1 Chapter 1 

Introduction 

 

With the rapid growth in the number of user-generated data and the huge amount of 

information on the Web, people are seeking new ways to extract and utilize public 

opinions  . The opinions in social media, reviews, blogs, comments, e-commerce sites, 

etc., about services, products, events are useful in decision making for individual 

customers, manufacturers and organizations. The customer is exposed to excess 

information and extracting relevant information has become a challenge. With the 

growing importance of opinion mining, a considerable amount of research are done in 

this field. 

 

Opinion mining is different from the traditional text mining process. The traditional 

text mining focuses on the analysis of facts from unstructured text, whereas opinion 

mining deals with attitudes of people. The problem is to find the relevant information 

and to get an overall opinion of what people think about an entity (e.g. hotel, product, 

service, etc.). However, there is no easy method to obtain these. Simply using the 

ratings given is not enough to get a description of what people think. Manually 

analyzing a large amount of data is a demanding task. The process of mining opinions 

would ease this task if provide a summary of customer reviews regarding features of a 

product or service indicating whether it is positive or negative (Vinodhini et al., 2012). 

 

To our knowledge no previous work that summarize opinions in Arabic language, 

moreover, most opinion mining applications need to study opinions from a large 

number of opinion holders. One opinion from a single person is usually not sufficient 

for action. This indicates that some form of a summary of opinions is desirable.  

 

In this thesis, a system is developed using Natural Language Processing techniques 

(NLP), information extraction and sentiment lexicons generated by the data corpus to 

extract opinions on product features and summarize them. This provides user access 

to the opinion expressed in hundreds of reviews in a concise and useful manner. 
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1.1 Opinion Mining 

Opinion mining is a task of text mining whose objective is to study people's opinions, 

attitudes, and emotions toward entities, products, topics and their attributes (Kaur et 

al., 2015). The opinion mining process makes it possible to figure out whether a user’s 

opinion is positive, negative or neutral, and how strong it is (Zhao et al., 2009). 

Opinion Mining has been used in opinion summarization as one of the most important 

key steps. While the results of opinion mining can be used as a simple summary in 

itself, the notion of opinion summarization involves much more than just identifying 

polarities of phrases, sentences or documents. Opinion summarization approaches 

provide a holistic method starting from some raw opinionated text up to the generation 

of human understandable summaries (Kim et al., 2011) 

1.2 Opinion Mining in the Arabic Language 

Most research in the opinion mining area has focused on English texts, some new 

works deal with other languages, but in Arabic, which is a language for Millions of 

people, there is a little work in this area  (Rushdi‐Saleh et al., 2011). Choosing to work 

in opinion mining with the Arabic language is difficult due to several challenges: 

Firstly, it has a very complex morphology as compared to English language. This is 

due to the unique nature of Arabic language, the complexity of the language in regards 

to both the morphology and the structure  has created many challenges, which result 

in very limited tools currently available for the aim of opinion mining. Secondly, most 

writers express their opinion using local accent instead of modern standard Arabic 

(MSA), Also, many times writers misspelled the words either by accident or 

deliberately (Farra et al., 2010). 

1.3 Text Summarization 

Text summarization is a technique which can automatically generate the relevant 

information from a huge amount of information. The goal of automatic summarization 

is to form a shorter version of the source document by preserving its meaning and 

information content. Summarization can be broadly classified into two categories 

extractive summarization techniques and abstractive summarization techniques 

(Kasture et al., 2014). Due to the characteristics of data itself, opinion summarization 
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has different aspects from the classic text summarization problem. In an opinion 

summary, usually the polarities of input opinions are crucial. Sometimes, those 

opinions are provided with additional information such as rating scores. In addition, 

the summary formats proposed by the majority of the opinion summarization literature 

are more structured in nature with the segmentation by topics and polarities. However, 

text summarization techniques still can be useful in opinion summarization when text 

selection and generation step. After separating input data by polarities and topics, 

classic text summarization can be used to find/generate the most representative text 

snippet from each category (Kim et al., 2011). 

1.4 Opinion Mining Summarization  

Opinion mining applications work with large number of opinion holders, this means 

the form of summary of opinion is needed to be used by the application. Since there 

are two types of opinion summarization, a common form of the summary is based on 

features, and is called feature-based opinion summary, and the other that does not rely 

on the presence of a feature and is called non-feature based summarization. Our work 

is based on features-based summarization, which divides input text into 

aspects/features, and generates summaries of each feature. 

Feature based opinion summarization essentially consists of three main tasks (Kim et 

al., 2011): 

1. Extract the features of an object. 

2. Identify opinions that associate with object features in each sentence and then 

identify the opinion orientation. 

3. Produce a structured sentence list according to the feature-opinion pairs as the 

summary.  

The task of object feature and opinion extraction is critical to opinion summarization 

because its effectiveness significantly affects the performance of opinion orientation 

identification (Kim et al., 2011). 

Therefore, in our thesis, we propose to develop a feature based opinion summarization 

for Arabic reviews that start by identifying the features for the current domain then the 

d summarization process is done to determine which features have satisfaction and 
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dissatisfaction the customers. Figure 1.1 explain the result of the feature based opinion 

summarization. 

 

 

Figure (1.1): Feature Based Opinion Summarization Output (Zhuang et al., 2006) 

1.5 Statement of the Problem 

Opinion mining is important in Arabic and feature-based opinion mining produce only 

number of positive and negative opinion about a feature and putting full text of user 

opinion which is too large. Therefore, we need a summary of the positive and negative 

opinion especially in Arabic reviews to help the managers and the decision makers to 

improve their services. 

Most of the proposed systems are developed for summarizing opinion for English 

reviews. But, no previous work developed for summarizing opinion for Arabic 

reviews. 

 



5 

 

1.6 Objectives 

In this section, we present both main and specific objectives of the research work. 

1.6.1 Main Objective 

Our main objective is to extend the feature-based opinion mining by adding review 

summary for each feature in Arabic reviews.  

1.6.2 Specific Objectives 

1. Collect Arabic reviews for product domain to apply our approach. 

2. Inspect the most suitable opinion mining preprocessing techniques such as (e.g., 

Tokenization, Stemming, Part Of Speech, etc.).  

3. Propose a method to determine the important features from the review for the 

specific domain. 

4. Use a method to identify the opinions of the features. 

5. Summarize opinion based on their features in the reviews 

6. Evaluate the opinion features using the accuracy measure.  

7. Evaluate the performance using ROUGE method. 

1.7 Scope and Limitations of the Research  

1. This research will only focus on Arabic reviews. 

2. We work at feature-level opinion mining in the reviews.  

3. Corpus collected in domain dependent reviews, which is a hotel domain. 

4. Our work utilizes opinions that are collected in an unstructured text. 

5. The summarized output will be from a single document. 

6. Our approach will not be able to measure the quality of reviews. Because the 

Web is openly accessible to everyone, anyone can post a review. 

7. We use a global lexicon to get the opinion of extracted features. 

8. Reviews length may be longer than 300 words because summary depends on 

choosing a sentence that presents the summary, but sometimes sentence can be 

more than 300 words. In this case, we choose only the first 300 words. 

1.8 Importance of Research 

1. Produce a short summary of Arabic topic reviews with a positive/ negative 

score for each feature on the topic in less time and effort.  
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2. Provide individual users to see a summary of opinions of existing users so 

that he/she can make an informed decision. 

3. Provide organizations the capability to know how users perceive its products 

and those of its competitors.  

4. Contribute to the research for opinion summarization in Arabic text. 

1.9 Methodology 

To achieve our main objective to generate a feature based opinion summarization we 

need to follow the following steps, as seen in Figure 1.2, the methodology has 

following steps: 

Step 1: Document reviews: The datasets selected for our methodology are hotel 

datasets from internet sites. 

Step 2: Preprocessing: The second step is text preprocessing. Preprocessing includes 

sentence splitting, tokenization, POS tagging and stemming techniques. 

Step 3: Extract Product Features: extract the product features. For example, for a 

hotel domain: Food, room, services, parking, etc.  

Step 4: Sentiment Prediction: Determine the overall polarity (OP) of the reviews 

using a lexicon library. 

Step 5: Summarization: Generating a feature-based summarization for Arabic 

reviews based on three factors, which are the strength of sentiment, a TF-IDF factor 

and the cosine similarity.  

Step 6: Subjective Evaluation: subjective evaluation is required for sentiment 

prediction process. 

Step 7: Evaluate the System: We evaluate our methods using ROUGE techniques. 

By applying the steps that are mentioned above, hopefully, a good result will be 

obtained in our case study. These steps described in more detail in the fourth chapter. 
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Figure (1.2): The Methodology steps 

1.10 Overview of Thesis 

The thesis consists of five chapters. The main points discussed throughout the chapters 

are listed below: 

Chapter 1: Introduction:  This chapter will present the introduction, research 

problem, objectives, scope, significance and our methodology.  

Chapter 2: Theoretical Background: This chapter presents details about the opinion 

summarization definition, the opinion summarization levels, the opinion 

summarization approaches, the opinion summarization classification based on 

supervised and unsupervised techniques. 

Chapter 3: Related Works: It presents other works related to the thesis, including 

works that has been done in feature-based opinion summarization, Arabic opinion 

mining, Arabic text summarization. 

Chapter 4: Methodology: It includes the methodological steps and the architecture 

of our method. An explanation of each step used in our method. 

Chapter 5: Experiments and Results: It gives in detail the sets of experiments, and 

discusses the experimental results. Then, it produces some experiments to evaluate the 

results. 

Chapter 6: Conclusion and Future work: It discusses the Conclusions and presents 

possible future works. 

Document reviews Preprocessing Extract Product Features

Sentiment Prediction Summarization Evaluation



 

 

 

 

Chapter 2  

Theoretical Background 
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2 Chapter 2 

Theoretical Background 

In this chapter, we provide background knowledge on some important relevant topics 

used to solve the problem of opinion summarization. Many works in opinion 

summarization are built upon some closely related research field such as Opinion 

Mining and Text Summarization. In this section, we will briefly discuss some of the 

core related areas used to build opinion summarization systems. 

2.1 Opinion Mining 

Opinion mining is the computational study of people’s opinions toward entities, 

products, topics and their attributes (Liu et al., 2012). There are other names also used 

for opinion mining, e.g., Sentiment analysis, opinion extraction, sentiment mining, 

subjectivity analysis, effect analysis, emotion analysis, review mining, etc. The main 

purpose of opinion mining is to extract the subjective information from the sources to 

determine whether the reviews are positive or negative using Natural Language 

Processing techniques and text analysis (Almas et al., 2007). 

The two main tasks involved in opinion mining are: (1) to determine whether a given 

piece of text is objective or subjective, i.e. whether it contains an opinion or is just a 

fact, and (2) to determine the sentiment of this given text by classifying it as positive, 

negative, or neutral with respect to the given target (Abbasi et al., 2008) 

Several potential applications for organizations and businesses can now be developed 

using the concept of opinion mining from the text. Examples of these applications 

include deducing the opinion of the public about a specific topic, building an automatic 

recommendation system, extracting the customer sentiments about a certain product, 

etc.…(Pang et al., 2004).  

2.2 Levels in Opinion Mining 

Opinion mining can generally be classified into four levels based on the granularity: 

Word level, Sentence Level, Document Level and Feature Level. 

2.2.1 Word Level 

Opinion mining at word/phrase level is a task of determining positive or negative 

sentiment of certain word or phrase in certain context or domain. A phrase has a 
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positive semantic orientation when it has good associations (e.g., “awesome camera”) 

and a negative semantic orientation when it has bad associations (e.g., “low battery”). 

To apply opinion mining, researchers have compiled sets of words and phrases for 

adjectives, adverbs, verbs, and nouns. Such lists are collectively called the opinion 

lexicon (Turney, 2002). 

2.2.2 Sentence Level 

In sentence level, the individual sentences bearing sentiments in the text are classified. 

It is a fine-grained classification level than document level sentiment classification in 

which polarity of the sentence can be given any of the three polarities i.e. positive, 

negative and neutral (Jagtap et al., 2013). However, the semantic approach uses the 

frequency of positive and negative words to determine the overall polarity of the 

sentence. 

2.2.3 Document Level 

In document level opinion mining, the sentiment in the entire document is summarized 

as positive, negative or objective. Herein, the main challenge is to extract subjective 

text for inferring the overall sentiment of the whole document (Jagtap & Pawar, 2013). 

For document level sentiment classification an assumption that each document focuses 

on a single object and contains opinions from a single opinion holder. 

2.2.4 Feature Level 

In feature level, each sentence is classified as positive, negative or neutral based on the 

features of the sentence, commonly known as aspect-level sentiment classification 

(Kaur & Duhan, 2015). For example in Mobile product, the camera, price and battery. 

Even though document level and sentence level opinion mining are useful in many 

applications, the overall sentiment of a topic or entity may not reflect the sentiment 

about a sub-topic or aspect/feature of the entity. The feature - level opinion mining 

tries to address this problem.  In this thesis work, a system is developed to extract and 

evaluate user opinions at the features level, more details at section 2.6.  
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2.3 Preprocessing in Opinion Mining 

Pre-processing the data is the process of cleaning and preparing the text for 

classification. The pre-processing step applied to reduce the noise in the text so it helps 

improve the performance of the classifier and speed up the classification process. It 

includes tokenization, part of speech (POS) tagging technique , applying the suitable 

term stemming and term representation. The following preprocessing process was 

used in the present work. 

2.3.1 Tokenization 

Tokenization is the act of breaking up a sequence of strings into pieces such as words, 

phrases, symbols and other elements called tokens. Tokens can be individual words, 

phrases or even whole sentences. In the process of tokenization, some characters like 

punctuation marks are discarded. In Arabic, tokenization is complex because Arabic 

is very rich and complex language and the morphological representation of Arabic is 

rather complex (Kreaa et al., 2014). 

2.3.2 Part-of-Speech Tagging (POS) 

Part-of-speech tagging (tagging for short) is the process of assigning a part-of-speech 

marker to each word in an input text. the POS tagging is so important to information 

extraction(Htay et al., 2013). In feature extraction phase, we need to perform part-of-

speech tagging to identify nouns/noun phrases from the reviews that can be product 

features. Nouns and noun phrases are most likely to be product features. Thus We used 

the Stanford parser linguistic parser (Stanford NLP Group, 2013) to parse each and to 

produce the part-of-speech tag for each word (whether the word is a noun, verb, 

adjective, etc.). The process also identifies the simple noun and verb groups (syntactic 

chunking). 

The input to a tagging algorithm is a sequence of words and a tagset, and the output is 

a sequence of tags, a single best tag for each word as shown in Figure 2.3. Table 2.1 

illustrates the noun and the noun phrase pattern. 
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Figure (2.1): The POS-Tagging output 

 

Table (2.1): Describes the noun and noun phrases patterns (Marcus et al., 1993). 

Noun and Noun Phrases 

 

Noun 

NN  

NNP (Proper noun)  

NNPS (Proper noun, plural)  

NNS (Plural) 

 

2.3.3 Stemming 

Stemming is the process for reducing inflected words to their stem or root form. In 

Arabic, There are two different stemming techniques; root stemming and light 

stemming. 

2.3.3.1 Arabic Root Stemming technique 

Root stemming technique would reduce the Arabic words such as (غرف,الغرفة ) to one 

stem (غرف). 

2.3.3.2 Arabic Light Stemming technique 

The purpose of Light Stemmer is to remove the most frequent suffixes and prefixes. 

For example, the light stemming approach, maps the word (الكتاب) to (كتاب).  

2.4 Opinion Mining Techniques 

The Opinion Mining techniques are generally divided into three broad categories: 

Machine Learning, Lexicon Based and Hybrid of both techniques. 

2.4.1 Machine Learning Technique 

The machine learning technique belongs to supervised classification approach. In a 

machine (supervised) learning based classification, two types of documents are 

required: a training set and test set. A training set is used to learn the classifier, and a 

test set is used to test the performance of the automatic classifier. Large numbers of 
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machine learning techniques are available which classifies the opinions. Machine 

learning techniques like Naïve Bayes, Maximum Entropy (ME) and Support Vector 

Machines (SVM) (Sharma et al., 2014). This type of technique tends to be more 

accurate because each of the classifiers is trained on a collection of representative data 

known as corpus. Thus, it is called “supervised learning”. 

 

2.4.2 Lexicon Based Technique 

The Lexicon Based technique is an unsupervised approach in which a sentiment 

lexicon is created with each word having its weight as a number indicating its class. 

Then, this lexicon is used to extract all sentiment words from the sentence and sum up 

their polarities to determine if the sentence has an overall positive or negative 

sentiment in addition to its intensity whether they hold strong or weak intensity 

(Morsy, 2011). 

 

2.4.3 Hybrid Technique 

The third kind of classification is combined technique (Blair-Goldensohn et al., 2008), 

which employs both machine learning techniques and lexicon-based techniques. In 

Lexicon Based technique, it takes unannotated documents and identifies all opinion 

words and phrases. Then aggregate these words to give a sentiment (positive or 

negative) to the document. Then use the Machine Learning techniques to classify as 

many documents as possible that remain from the Lexicon Based techniques. 

 

2.5 Arabic Sentiment Lexicon (ArSenL) 

ArSenL is an Arabic sentiment lexicon containing a polarity score of opinion words. 

Words in ArSenL are divided into four categories: adjective, adverb, verb, and noun. 

It can be obtained from (Qatar University, 2014).  ArSenL was built using WordNet3 

(Princeton University, 2010), SentiWordNet3 (SentiWordNet, 2013) and 
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Morphological  Analyzer (jonsafar, 2013). It contains words with three scores as given 

below, that is: 

1. Positive score.  

2. Negative score. 

3. Objective score. 

For every word, positive, negative and neutral scores are having values between -5.0 

and 5.0 and the addition of all the scores, that is, positive score, negative score, and 

objective score for a word, is 1. The objective score of 1.0 denotes that it is a neutral 

word and does not express any opinion. 

2.6 Opinion Mining for Feature Level 

In this thesis, we only focus on mining opinions for feature level. This task is not only 

technically challenging because of the need for natural language processing, but also 

very useful in practice. For example, businesses always want to find public or 

consumer opinions about their products and services from the commercial websites. 

Potential customers also want to know the opinions of existing users before they use a 

service or purchase a product. Feature Extraction is an extremely basic and essential 

task for Opinion Mining (ChandraKala et al., 2012). There are three basic tasks in 

feature-based opinion summarization: feature extraction, sentiment classification and 

opinion summaries generation. Each task can be performed with several approaches 

such as machine learning and natural language processing (Kim et al., 2011).  

2.6.1 Feature Extraction 

The basic step in feature Level sentiment analysis is to identify the piece of text as a 

feature of some product. For example Battery life is very long lasting. In this review, 

Battery is product feature (noun) and ‘very long lasting’ is opinion word (adjective).  

2.6.2 Sentiment Classification 

This task classifies sentences into positive, negative and neutral opinion. In general, 

sentiment classification can be done by three approaches: supervised, semi-supervised 

and unsupervised (Maharani et al., 2017). In our work, the classification is done by 

using the unsupervised approach, which is by applying lexicon dictionary to identify 

the overall polarity of the sentence. 
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2.7 Text Summarization 

Text summarization systems are among the most important research areas nowadays. 

Summarization systems offers the possibility of finding the main points of texts and 

so the user will spend less time on reading the whole document. Different types of 

summary might be useful in various applications. Text summarization systems are 

divided to extractive and abstract systems (Gholamrezazadeh et al., 2009). 

2.7.1  Extractive Summarization 

Extractive summarization identifies the most important sentences in the input, which 

can be either a single document or multi-documents, and string them together to 

generate a summary (Nenkova et al., 2012). Three tasks performed by extractive 

summarizes as follow: 

2.7.1.1 Intermediate Representation 

Every summarization system creates some intermediate representation of the text it 

intends to summarize and identify important content based on this representation. 

There are two types of approaches based on the representation: Topic Representation 

and Indicator Representation.Topic representation approaches that convert the text 

to an intermediate representation interpreted as the topic(s) discussed in the text, brief 

details in Section (2.7.2). Indicator representation approaches describe every sentence 

as a list of features (indicators) of importance such as such sentence length, location 

in the document, presence of certain phrases (Allahyari et al., 2017). 

2.7.1.2 Score Sentences 

When the intermediate representation is derived, an importance score is assigned to 

each sentence. In topic representation approaches, the score of a sentence represents 

how well the sentence explains some of the most important topics of the text. In most 

of the indicator representation methods, the score is computed by combining the 

evidence from different indicators. Machine learning techniques are often used to 

discover indicator weights (Allahyari et al., 2017). 

2.7.1.3 Select Summary Sentences 

In this step, the summarizer has to choose the best combination of important sentences 

to form a paragraph length summary. In the best approaches, the top most important 
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sentences which combined have the desired summary length are selected to form the 

summary (Allahyari et al., 2017). In Maximal Marginal Relevance, approaches use 

greedy algorithms to select the important sentences. At each step of the process, the 

sentence importance score is recalculated as a linear combination of the original 

importance weight of the sentence and its similarity with already chosen sentences. 

Sentences that are similar to already chosen sentences are discarded. In Global 

Selection approaches, it convert the selection of sentences into an optimization 

problem where a collection of sentences is chosen, considering the constraint that it 

should maximize overall importance and coherence and minimize the redundancy 

(Nenkova & McKeown, 2012). 

2.7.2 Topic Representation Approaches 

Here we present some of the most widely topic representation approaches. 

2.7.2.1 Topic Words  

The topic words technique is one of the common topic representation approaches 

which aims to identify words that describe the topic of the input document. There are 

two ways to compute the importance of a sentence: as a function of the number of 

topic signatures it contains, or as the proportion of the topic signatures in the sentence 

(Allahyari et al., 2017). Both sentence scoring functions relate to the same topic 

representation, however, they might assign different scores to sentences. The first 

method may assign higher scores to longer sentences, because they have more words. 

The second approach measures the density of the topic words. 

2.7.2.2 Frequency-driven Approaches 

When assigning weights of words in topic representations, we can think of binary (zero 

or one) or real-value (continuous) weights and decide which words are more correlated 

to the topic. The two most common techniques in this category are Word Probability 

and TFIDF (Term Frequency Inverse Document Frequency). 

2.7.2.2.1 Word Probability 

The simplest method to use frequency of words as indicators of importance is word 

probability. The probability of a word w is determined as the number of occurrences 
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of the word, f (w), divided by the number of all words in the input (which can be a 

single document or multiple documents). 

                            (2.1) 

 

2.7.2.2.2 TF-IDF weighting (Term Frequency-Inverse Document Frequency) 

The word probability approach relies on a stop word list to eliminate too common 

words from consideration and because deciding which words to put in the stop list is 

not very straight forward, there is a need for more advanced techniques. One of the 

more advanced and very typical methods to give weight to words is TF-IDF. TF-IDF 

weighting algorithm where a given term in a sentence is weighted directly proportional 

to the term frequency and inversely proportional to the document frequency. Then this 

weight is used to inspect the content of a given sentence and differentiate between this 

sentence and other sentences. The result of TF-IDF is a term-score ranked list; the 

higher is the score the more related is the term for the sentence. In our work the 

generated summary, depend on this approach to identify the importance of sentences. 

The weight of each word w in document d is calculated based on the Equation by (Ku 

et al., 2006): 

                            (2.2) 

2.7.2.3 Latent Semantic Analysis 

Latent Semantic Analysis (LSA), is an unsupervised method for extracting a 

representation of text semantics based on observed co-occurrence of words, which is 

introduced by (Deerwester et al., 1990). 

2.7.2.4 Bayesian Topic Models 

Bayesian topic models are probabilistic models that uncover and represent the topics 

of documents. They are quite powerful and appealing, because they represent the data 

that are lost in other techniques. Their benefits appear in describing and representing 

topics in detail enables the development of summarizer systems, which can determine 
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the similarities and differences between documents to be used in summarization 

(Allahyari et al., 2017). 

2.7.3 Abstractive Summarization  

Abstractive Summarization creates a shorter and informative version of a text 

document by extracting important information from the text and generating new 

sentences using that information. Natural language processing techniques such as 

semantic representation, natural language generation, and compression techniques are 

often employed to generate the summary. Abstractive Summarization aims to interpret, 

examines the source text, and creates a concise summary (Kim et al., 2011). 

2.7.4 Text Similarity 

Measuring the similarity between words, sentences, paragraphs and documents is an 

important component in various tasks such as text summarization, information 

retrieval and automatic essay scoring. Text similarity divided into three approaches: 

String-based, Corpus-based and Knowledge based similarities (Gomaa et al., 2013). 

2.7.4.1 String-Based Similarity 

String-Based measures operate on string sequences and character composition. A 

string metric is a metric that measures similarity (distance) between two text strings 

for approximate string matching or comparison (Gomaa & Fahmy, 2013). Cosine 

similarity is a popular string similarity measure we used in the summarization process. 

 

2.7.4.1.1 Cosine Similarity 

Cosine similarity is standardly a measure of similarity between two vectors of an inner 

product space that measures the cosine of the angle between them. 

 

2.7.4.2 Corpus-Based Similarity 

The corpus-based similarity is a semantic similarity measure that determines the 

similarity between words according to information gained from large corpora (Gomaa 

& Fahmy, 2013). Pointwise Mutual Information - Information Retrieval (PMI-IR) 

measure we used in the Feature extraction process to define the features in a specific 

domain. 
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2.7.4.2.1 Pointwise Mutual Information - Information Retrieval (PMI-IR) 

Pointwise Mutual Information - Information Retrieval is a method for computing the 

similarity between pairs of words, it uses Advanced Search query to calculate 

probabilities. The more often two words co-occur near each other on a web page, the 

higher is their PMI-IR similarity score (Turney, 2002). 

 

2.7.4.3 Knowledge-Based Similarity 

The knowledge-based similarity is a semantic similarity measure that determines the 

degree of similarity between words using information derived from semantic networks 

(Gomaa & Fahmy, 2013). 

 

2.7.5 Evaluation In Text Summarization 

A good summary must be easy to read and give a good overview of the content of the 

source text. Since summaries tend to be more oriented towards specific needs, it is 

necessary to tune existing evaluation methods accordingly. Therefore, the evaluation 

of a summary is a difficult task because there is no ideal summary for a document or 

a collection of documents. It has been found that human summarizers have low 

agreement for evaluating and producing summaries. Additionally, prevalent use of 

various metrics and the lack of a standard evaluation metric has also caused summary 

evaluation to be difficult and challenging (Saggion et al., 2013). We have used the 

ROUGE (Recall-Oriented Understudy for Gisty Evaluation) measures as an 

Evaluation method for the generated summary in this work. 

2.7.5.1 ROUGE 

The ROUGE measures have been introduced by (Lin, 2004). It is essential of a set of 

metrics for evaluating automatic summarization of texts as well as machine translation. 

It works by comparing an automatically produced summary or translation against a set 

of reference summaries (typically human-produced). 
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2.8 Summary 

In this section, we present background knowledge on some important relevant topics 

used to solve the problem of opinion summarization, were also different types of 

summarization methods presented, which might be used in a system for generating a 

summary, we also preview techniques used in evaluating a summary. 
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3 Chapter 3 

Literature Review 

This section zooms into recent research in the area of opinion mining summarization, 

which is related to generating effective summaries of opinions so that users can get a 

quick understanding of the underlying sentiments. Since most of the research is 

focused on English opinion summarization such as listed at section [3.1, 3.2]. 

Although, there is no work in Arabic opinion summarization. This chapter divided as 

follow: first, the works are done in feature-based opinion summarization, then section 

3.2 presents work in opinion summarization, then the works in Arabic text 

summarization, finally the works that were done in Arabic opinion mining. 

 

3.1 Feature-Based Opinion Summarization 

In this section we present the most common type of opinion summarization technique 

which is feature-based Opinion Summarization. Feature-based summarization 

involves generating opinion summaries around a set of features or topics (also known 

as aspects). 

 

Kim et al. (2011) cover a comprehensive list of state-of-the-art techniques and 

approaches used for the task of opinion summarization. The authors indicate that the 

process is generally made up of three distinct steps: aspect/feature identification, 

sentiment prediction, and summary generation. The feature identification step is used 

to find important topics in the text to be summarized. The sentiment prediction step is 

used to determine the sentiment polarity (positive or negative) on each aspect found in 

the first step. Finally, the summary generation step is used to present processed results 

in a simple manner. 

 

The main contribution of Kamal (2015) work  is feature-based opinion mining and 

sentiment classification from review documents at finer- grained level and facilitates 

a subjective and objectivity sentences classification, feature- opinion pair extraction, 

and sentiment classification. In addition, He studied the designs of a novel feature-
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level review summarization scheme is proposed to visualize mined features, opinions 

and their polarity values to facilitate the visualization and summarization of review 

mining results in a graphical form. The system represents extracted information and 

opinion scores as a JSON object, and uses it as an input for visualization purpose. The 

proposed system capable of visualizing opinion mining results both from single as well 

as from multiple review documents. 

 

Maharani et al. (2017) present a detailed and systematic overview of the last update in 

the aspect-based opinion summarization, including state-of-the-arts and approaches 

that widely used in aspect-based opinion summarization. They also described among 

different summary generation techniques, including text-based and visual-based 

opinion summarization, elaborated the effectiveness in different domains and 

languages. Finally, they introduced some research opportunities and challenges in 

aspect-based opinion summarization. 

 

Hu et al. (2004) studied the problem of generating feature-based summaries of 

customer reviews of products sold online. They proposed techniques to perform these 

tasks in three steps. First, identifying features of the product that customers have 

expressed their opinions on. Second, for each feature, identifying review sentences 

that give positive or negative opinions, and finally, producing a summary using the 

discovered information. 

 

Zhuang et al. (2006) used a different approach for extracting features in movie reviews. 

Since many of the features in their case are around the cast of a movie, they build a 

feature list by combining the full cast of each movie to be reviewed. A set of regular 

expressions is then used to identify whether a word in a review matched one of the 

words in the feature list. In order to identify the orientation of the opinions, they used 

a strategy similar to that of  (Hu & Liu, 2004). They identified the top 100 positive and 

negative opinionated words from a labeled training set and then used WordNet to 

assign orientations to other words. Lastly, they used statistical summary for summary 

generation. 
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Lu et al. (2009) proposed an approach to solve the rated aspect summarization problem 

in three steps: (1) extract major aspects; (2) predict a rating for each aspect from the 

overall ratings; (3) extract representative phrases. In the first step, they propose a topic 

modeling method, called Structured PLSA, modeling the dependency structure of 

phrases in short comments. It is shown to improve the quality of the extracted aspects 

when compared with two strong baselines. In the second step, they used two different 

approaches, both unsupervised, to predict the aspect ratings: first, Local Prediction 

uses the local information of the overall rating of a comment to rate the phrases in that 

comment. Second, Global Prediction rates phrases based on aspect level rating 

classifiers, which are learned from overall ratings of all comments. After the first two 

steps, they have the comments segmented into different aspects and different rating 

values. Then, they selected phrases that represent what has been mostly said in this 

aspect.  

 

The work of  Eirinaki et al. (2012) depends on extracts of the most representative 

features of each reviewed item, and assigns opinion scores on them. The research 

presents an algorithm to identify the semantic orientation of specific components of 

the review that lead to a particular sentiment. Also, their algorithm integrated into an 

opinion search engine which presents results to a query along with their overall tone 

and they produce the summary of the sentiments of the most important features. 

 

Kumar et al. (2008) proposed a system based on single document extractive 

summarization.  The basic algorithm used for summarization task acts on the term 

frequency list and tries to identify sentences with maximum weights. Then they took 

the sentence with the highest weight, added to the summary list, and removed from the 

sentence list. Finally, all the sentences in the summary list are rearranged according to 

their indexes in the original document to get the final summary. 
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3.2 Opinion Summarization  

In addition to research we introduced in previous sections, there are many opinion 

summarization works which do not fit into the feature-based summary format. They 

are not bound by the aspect-based format and suggest different formats for opinion 

summarization as follow: 

 

The authors in (Zhang et al., 2012) attempt to deal with the  problem of opinion 

summarization of customer reviews. They proposed a multi-document opinion 

summarization approach based on Latent Dirichlet Allocation model (LDA). LDA 

model is a kind of topic model that simulates a document’s generation process and 

used to capture the topics in text document collection. LDA assumes that a document 

is composed of a mixture of latent topics, a latent topic is represented as a probability 

distribution over a vocabulary and the words of a document are generated by a mixture 

of latent topics using a probability distribution. 

 

In Potthast et al. (2010), they have focused on mining comments and presenting the 

opinions expressed in a way that was accessible to non-specialist users. They 

developed a prototype application called OpinionCloud, which extracts words with 

positive and negative connotations from comments and summarizes them in Tag 

Clouds. The application purpose is to help users measure the relative levels of positive 

and negative responses to a video without having to go through large numbers of 

comments. 

 

In YING et al. (2015) work, they studied the problem of summarizing opinions from 

online forum threads. Given the nature of user generated content in online discussion 

forums, they first constructed a data set with human generated model summaries and 

then identified a number of sentence features, which they hypothesized to be useful in 

characterizing good summary sentences. These features cover representativeness, text 

quality and subjectivity of a sentence. Finally, they proposed modifications to a 

standard Integer Linear Programming based (ILP) summarization framework to 

incorporate these features. 



26 

 

3.3 Arabic Text Summarization 

There are some work of Arabic text summarization such as: 

Azmi et al. (2012) presented an extractive summarization model of Arabic text that 

allowed the user to modify the overall length of the output summary. Each sentence in 

the first summary was ranked, and these rankings supported the production of the 

output summary. They used   two passes algorithm wherein pass one, they produce a 

primary summary using Rhetorical Structure Theory (RST); this is followed by the 

second pass where they assign a score to each of the sentences in the primary summary. 

No machine learning is used. 

 

Sobh (2009) proposed an optimized dual classification system for Arabic extractive 

text summarization by using supervised learning. They used integrates Bayesian and 

Genetic Programming (GP) classification methods in an optimized way to extract the 

summary sentences. By integrating both classifiers, they found that using the union for 

integration increases the recall and the result summary size that could be used as an 

informative summary. 

 

Fejer et al. (2014) introduced a cluster-based summarization approach to group similar 

texts as well as employs a key phrase extraction approach by an unsupervised machine 

learning algorithm to recognize sentences that include key phrases and to summarize 

original text documents. The proposed system designed for both single and multi-

document Arabic text summarization. 

 

While El-Shishtawy et al. (2012) presented a computational summarization algorithm 

that focuses on keyphrase-based extractive summarization. The algorithm extracts 

keyphrases contained in a text to be summarized. Based on the extracted keyphrases, 

each sentence within the text is ranked. The output summary is formed by extracting 

the sentences into the summary in order of decreasing ranks up to the specified 

summary length or percentage. 
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3.4 Arabic Opinion Mining 

Also, there are many researches in Arabic opinion mining such as follow:   

The authors of Al-Subaihin et al. (2011) who proposed a sentiment analysis tool for 

modern Arabic using human based computing. The tool can help to construct and 

dynamically develop and maintain the tool’s lexicons. They, also, inspected the 

problem of conducting sentiment analysis on Arabic text on the World Wide Web. The 

solution of the problem they proposed is a lexicon based approach. 

 

Badaro et al. (2014)  proposed large-scale Arabic Sentiment Lexicon (ArSenL) using 

a combination of two lexicons, One lexicon is created by matching Arabic WordNet 

(AWN) to English lexicon SentiWordnet (ESWN). This path relies on the existence of 

WordNet. While the second lexicon is developed by matching lemmas in the Standard 

Arabic Morphological Analyzer (SAMA) lexicon to ESWN directly. This path relies 

on the existence of a mere dictionary. Each lemma entry in the proposed ArSenL 

lexicon has three scores associated with the level of matching for each of the three 

sentiment labels: positive, negative, and objective. 

 

The authors Duwairi et al. (2014) deal with opinion mining in Arabic reviews from a 

machine learning perspective. The generated dataset was a collecting of tweets and 

Facebook comments from the internet. Three classifiers were applied on the developed 

dataset. In particular,   K-Nearest Neighbor (KNN), Naïve Bayes and Support Vector 

Machines (SVM) classifiers were applied to this dataset. The results show that SVM 

gives the highest precision while KNN (K=10) gives the highest Recall. 

 

El-Halees (2011) presented a combined approach that extracts opinions from Arabic 

documents. He used a combined approach that consists of three methods: first, the 

lexicon based method, which classifies some documents. Second, the classified 

documents are used as a training set for Maximum Entropy model, last the K-nearest 

neighbor classifier is used to classify the rest of the documents. 

 

Elhawary et al. (2010) Extract business reviews scattered on the web written in the 

Arabic language. They built an Arabic lexicon system that comprises two components: 
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a reviews classifier that classifies any web page whether it contains reviews or not, 

and sentiment analyzer that identifies the reviews’ text if it (positive, negative, neutral 

or mixed). The results show that the created Arabic lexicon has high precision but has 

low recall. 

 

Rushdi-Saleh et al. (2011) extracted Opinion Corpus for Arabic (OCA) from 

specialized web pages related to movies and films using Arabic language. After 

collecting and constructing the OCA they translated it into English to construct an 

English version of this corpus, which they called EVOCA, They utilized two 

classifiers, namely: Support Vector Machine and Naïve Bayes to identify the polarity 

of the movie reviews in these two corpora. They noticed that the effectiveness of 

identifying the polarities of reviews in the OCA corpus. The reason for such degraded 

outcomes is the machine translation from Arabic to English. 

 

Another study conducted by El-Beltagy et al. (2013), they presented the challenges 

facing the researchers in the Arabic opinion mining field. They are constructing 

domain-based and vernacular-based Arabic sentiment lexicons. They handled the total 

polarity of a tweet differently: either by using the straightforward sum or the Double 

Polarity (DP) sum. The results showed that the use of weighted lexicons with DP 

summation lead to improvement in the effectiveness of identifying the polarity of 

Arabic sentiments. 
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3.5 Summary 

Mainly, our work is different in that there no work for the Arabic language in feature-

based opinion summarization. In addition, most of the existing research regarding 

opinion mining is domain dependent, which limits the scope of the application as well 

as the generalization of the information. Our work is different which is based on an 

independent domain. 

Our work is different in that we do not extract representative sentences, but identify 

and extract those specific object features and the opinions related to them. 

Finally, our work is different in that it focuses on sentence level to identify the opinion 

of users. Moreover, the summarization method we used depends on three important 

factors that can lead to a better summarization. 



 

 

 

 

 

Chapter 4 

Methodology   
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4 Chapter 4 

Methodology 

We explain in this chapter our methodology in summarizing Arabic opinion reviews 

that we followed in this research. The chapter consists of the following: Section 4.1 

overview of our methodology. Section 4.2 explains the corpus we used in our work. 

Section 4.3 about preprocessing steps that we followed.  Section 4.4 extracts product 

features. Section 4.5 about sentiment prediction to identify the polarity for each 

sentence.  Section 4.6 about opinion summarization. Section 4.7 about the subjective 

evaluation of our summarization method. Section 4.8 summary of the chapter. 

4.1 Methodology Overview 

The methodology, which we followed in our research, as seen in figure 4.1, can be 

divided into the following steps:  

Document reviews: The datasets selected for our methodology are hotel datasets from 

internet sites. 

Preprocessing: The second step is text preprocessing. Preprocessing includes 

sentence splitting, tokenization, POS tagging and stemming techniques. 

Extract Product Features: extract the product features. For example, for a hotel 

domain: Food, room, services, parking, etc.  

Sentiment Prediction: Determine the overall polarity (OP) of the reviews using a 

lexicon library. 

Summarization: Generating feature-based summaries of document reviews. 

Evaluate the System: We evaluate our methodology using subjective and objective 

evaluation. These steps described in more detail in the fourth chapter. 



32 

 

 

Figure (4.1): Methodology Steps 

4.2 Document reviews  

For our work, a hotel corpus from (tripadvisor 2016) has been chosen, which  consists 

of 2860 reviews of an equal number of positive and negative. The corpus statistics is 

presented in Table 4.1. 

Table (4.1): Hotel Corpus statistics (tripadvisor 2016) 

Number of Negative Number of 

 Positive 

Domain 

1430 1430 Hotel 

 

4.3 Preprocessing 

The pre-processing phase is a major and essential stage whose main goal is to obtain 

final data sets which can be considered correct and useful for further steps in our 

approach, steps we used as follows: 

 

 Remove irrelevant data: this process applied by removing punctuation , 

numbers and non-Arabic words that are not useful for our method 

 

 Tokenization: the process applied by identifying the smallest units in the 

review content, which is an individual word. 

Document reviews Preprocessing Extract Product Features

Sentiment Prediction Summarization Evaluation
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 Part-of-speech Tagging:  It is an important step as it allows us to generate 

general language patterns. We use Stanford-POS tagger (Stanford NLP Group, 

2013) to parse each sentence and yield the part-of-speech tag of each word 

(whether the word is a noun, adjective, verb, adverb, etc.) and identify simple 

noun and verb groups (syntactic chunking), for instance, “انه فندق جميل جدا”, “It's 

a very beautiful hotel”, POS tagged sentence is as follows: “انه/VBD فندق/NN 

  .”NNجدا/JJ/جميل

 Stemming Process: The stemming process is important for our method since 

it brings together words based on their lexicon-semantic similarity. For 

example the words: “ أكتبتم” , “سيكتب” , “كتبوا” , “كتب ”  have the same lexicon-

semantic content as “كتب” which leads to “the concept of writing”. In our work, 

we used root stemming method for the following purpose: firstly, to produce 

better matching of features in the search engine. Secondly, the Arabic 

Sentiment lexicon contains only root words. For their reasons, we use Shereen 

Khoja (fariscs, 2012) algorithm. 

4.4 Extract Product Features 

In order to extract features we used modified version of the proposed method in 

(Siqueira et al., 2010). The feature extraction process receives as input a text and 

returns the extracted features. The extraction process consists of four main steps: 

Frequent nouns identification, relevant nouns identification, feature indicators 

mapping and irrelevant nouns removal.  

We discard the third step, which is feature indicators mapping, This Step performs a 

mapping from feature indicators found in the text to the actual features being referred 

to. However, this mapping requires extra care, since several adjectives can be quite 

versatile, and their meaning is usually domain/context dependent. Some relevant 

features may not be explicitly mentioned in the text. For example, in the sentence “The 

hotel was expensive”, the word “price” was omitted, even though the user is clearly 

referring to this feature. This practice makes more difficult the automatic identification 

of features.  
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4.4.1 Step 1: Frequent Nouns Identification 

Previous works such as (Nakagawa et al., 2002) and  (Siqueira et al., 2010) on opinion 

mining revealed that the most frequent nouns in the text usually correspond to relevant 

features. In this way, the system’s first module receives the tagged sentences as input, 

and totalizes the frequency of occurrence of each noun. A noun is frequent if it is 

within a certain threshold. The selected nouns are collected into a list of candidate 

features for further processing. 

 

4.4.2 Step 2: Relevant Nouns Identification 

This step consists of collecting the adjectives adjacent to the candidate features 

identified in Step 1, and use them to identify new nouns to be included in the candidate 

features list. To improve the accuracy of this step, we discarded prepositions and 

irrelevant words (known as stopwords) when determining adjacency between a noun 

and adjectives.  

 

4.4.3 Step 3: Irrelevant nouns removal:  

In this step, It filters irrelevant nouns using the PMI-IR measure from (Turney, 2002) 

as in equation 4.1. In this equation, they used this concept in sentiment classification, 

creating the PMIIR measure, which estimates PMI by querying a Web search engine 

with the words under analysis, and computing the number of returned hits (matching 

documents). This measure is given by the formula below: 

 

PMI(t1, t2)= log
2

(
Hits(t1 ∩ t2)

Hits(t1)*Hits(t2)
)                   (4.1) 

 

Where Hits(t1) is the number of pages containing t1, Hits(t2) is the number of pages 

containing t2 and Hits(t1 ^ t2) is the number of pages with both terms. Using quires in 

Google, t1 is the tested noun and t2 is entity domain. For example, the domain “Hotel” 

and the tested noun “Price”, “Room”… etc.  
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Based on these results, the system computes the PMI-IR of the each candidate feature 

in the domain, and eliminates the nouns whose measure is below an empirically 

determined threshold. 

4.5 Sentiment Prediction 

In this step, we need to know if the feature opinion is positive or negative, we use the 

ArSenL (Qatar University, 2014) lexicon to determine the polarity of these reviews. 

lexicon is a list of Arabic terms and their associations with the sentiment.  The 

association is shown in the form of a number (sentiment score) between -5.0 and 5.0.  

In general, if positive_score is greater than negative_score then it considers the opinion 

review as positive polarity otherwise negative polarity. 

If (positive_score – negative_score > 0) then  

   P=positive 

Else  

   P=negative; 

4.6 Summarization 

After all the previous steps, we are ready to generate the final feature-based review 

summary, which consists of the following steps: 

1. For each discovered feature, related opinion sentences are put into positive and 

negative categories according to the opinion sentences’ orientations. A count is 

computed to show how many reviews give positive/negative opinions to the 

feature. 

2. The extracted summary sentences ranked by three factors to extract important 

sentences which are: 

4.6.1 Strength of sentiment words in the sentence. 

Opinions word vary in their intensity Positive, Mildly Positive, or Strongly Positive, 

we used the same lexicon in the previous step to determine the strength of a sentence 

by summing the score of words of each sentences. The higher positive score considered 

the more strongly positive review. 
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4.6.2 The Term Frequency–Inverse Document Frequency (TF-IDF) value of 

the words in the sentence. 

TF-IDF (Ku et al., 2006) weighting algorithm as given in equation (4.2) ,where a given 

term in a sentence is weighted directly proportional to the term frequency and inversely 

proportional to the document frequency. Then this weight is used to inspect the content 

of a given sentence and differentiate between this sentence and another sentence. The 

result of TF-IDF is a term-score ranked list; the higher is the score the more related is 

the term for the sentence. 

We will apply the TF-IDFS algorithm to compute the importance of a sentence.  

 

𝑡𝑓𝑖𝑑𝑓𝑠 =  
∑ 𝑡𝑓𝑖𝑑𝑓𝑤

𝑤∈𝑆

|𝑆|
                             (4.2) 

4.6.3 Similarity: Number of users used the sentence or a similar one. 

If the reviewed sentence mentioned by more than one reviewers, it means that is 

important. In our work, we will consider two sentences similar if they have some 

threshold similarity using equation (4.3). 

 

                       (4.3) 

To compute cosine similarity, we need two document vectors, where A and B the 

vectors represent each unique term with an index, and the value at that index is some 

measure of how important that term is to the document and to the general concept of 

document similarity in general.  

Using the three factors, we can compute the importance of a sentence using linear 

equation as shown in equation (4.4). 

 

)()(_)()( SsimilaritySidftfSstrengthSWeight                (4.4) 
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4.7 Evaluation 

Evaluation methods are useful in evaluating the usefulness and trustfulness of the 

summary. In summary, evaluating the quality and the effectiveness is difficult. System 

evaluation might be performed manually by experts who compare different summaries 

and choose the best one. 

4.7.1 Subjective Evaluation  

Summarization systems have often been evaluated by comparing to human-generated 

reference summaries . In some cases, the human summarizer constructs a summary by 

selecting relevant sentences from the original document, as in our case; in others, the 

summaries are hand-written from scratch. 

4.7.1.1 ROUGE Evaluation  

ROUGE is essential of a set of metrics for evaluating automatic summarization of texts 

as well as machine translation. It works by comparing an automatically produced 

summary by the system against a set of reference summaries which is a human-

produced summary. We evaluate our results with the help of a human judge. Therefore, 

we picked around 50 reviews for only two product features from  hotel corpora . Then 

we asked a human judge to give each sentence a positive/negative polarity. Then 

choose the best 5 sentences that express positive polarity, and the same goes for the 

negative, Then the final evaluation is measured by comparing the sentences  chosen 

by our system with the manually chose by the judge. 

 

4.7.2 Objective Evaluation 

In this section, we discuss the evaluation of our method. The measures evaluating of 

the performance of classification are a confusion matrix, which is also called a 

performance vector that contains information about realistic and predicted 

classifications. 

4.7.2.1 Evaluation Metrics  

Precision and recall are basic measures used in evaluating our approach. The measures 

evaluating the performance of classification are a confusion matrix. This evaluation 
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depends on the comparison of real results and the effective results of the assessed 

system. Precision and recall are defined as follows (Holte, 1993). 

Table (4.2): confusion matrix table 

Predicted 

Negative Positive   

True 

 

(FN) False Negative (TP) True Positive Positive 

(TN) True Negative (FP) False Positive Negative 

 

Precision: is the ratio of the number of relevant records retrieved to the total number 

of irrelevant and relevant records retrieved. 

Precision= 
(True Positive)  

(True Positive + False Positive) 
                                         (4.5) 

Recall: is the ratio of the number of relevant records retrieved to the total number of 

relevant records in the database (Holte, 1993).. 

Recall= 
(True Positive)  

(True Positive + False Negative) 
           (4.6) 

Accuracy: Is the proportion of the total number of predictions that were correct. It is 

determined using this equation (Holte, 1993).  

  

Accuracy = 
(True Negative + TruePositive )  

(True Positive + False Positive+ True Negative + False Negative) 
    (4.7) 

 

F-Measure: F-Measure or F-Factor is the ratio between recall and precision 

measurements F-Measure is defined, with its various common appellations, by 

equation (Holte, 1993).   

F-measure= 
2*Precision * Recall

Precision+ Recall 
                                            (4.8) 
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4.8 Summary 

In this chapter, we have present our system for generating a feature-based summary 

for mining opinion from Arabic reviews. Our system based on three main steps as 

follow: Features Extraction that mainly extract features that related to the chosen 

domain, which in our work was a hotel corpus. Then Sentiment Prediction to determine 

the polarity of text containing the feature, and summary generation contains a list of 

features and results of the sentences that ranked by our system. Finally, we describe 

the evaluation of our approach depending on the subjective and objective evaluation. 



 

 

 

 

 

Chapter 5 

Experiments and Results   
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5 Chapter 5 

Experiments and Results 

This chapter presents the experiments we conducted to evaluate our method for feature 

based opinion summarization. We first describe the used dataset.  We explore the 

machine environment and the tools used in the experiments. We assess our system for 

generating a feature-based opinion summary by comparing the output of our 

experiments with sentences selected by human subjects over an evaluation dataset 

containing 50 reviews for two features in the Hotel domain. 

5.1 Datasets 

The dataset used in our experiments belongs to a Hotel domain. In order to do our 

experiments, we used a hotel review dataset from (tripadvisor 2016) collected 

previously by other researchers, it  consists of 2860 reviews of an equal number of 

positive and negative reviews. Table 5.1 shows a snapshot of the reviews.  

 

Table (5.1): Snapshot of gathered reviews 

 

No. Reviews Polarity 

 Negative معدومه والنظافه سيء االكل 1

ان عدم توافر التاكسي بالمك-سعر البوفيه مرتفع والطعام سيء وقليل االصناف  2

ه سماعه الهاتف في الغرفة متعطل-وارتفاع قيمه التاكسي المبالغ فيها من الفندق 

 وطلبت تبديل الهاتف ولم يتم

Negative 

جيده وسعر مناسب. بنسبة الزائر والمكان أمن  تعامل الموظفين جيد جداً والنظافة 3

 واشكر إدارة الفندق على الجهود ولكن اتمنى التطور اكثر.

Positive 

ر فندق نظيف وسعر مقبول واكثالأنا ال أهتم بفخامة الفندق أهم شي عندي النظافه و 4

 أوقاتي اكون خارج الفندق استمتع للمناظر الخالبة في جبال ظفار

Positive 



42 

 

5.2 Experimental Setup 

In this section, a description of the experimental environment, tools used in 

experiments, measures of performance evaluation of classification methods.  

5.2.1 Experimental Environment and Tools 

We applied experiments on a machine with properties that are Intel (R) Core (TM) i5-

3210M CPU @ 2.50 GHz, 8.00 GB RAM, 700 GB hard disk drive and Windows 8.1 

operating system installed. To carry out our expiremnt (including the 

experimentation), special tools and programs were used which are: 

 

NetBeans IDE 8.0.2 (Community, 2000): to build our system for preproccessing the 

reviews, extract features and summary generation, The system was implemented in 

Java 1.8 and based on natural language processing. 

 

Arabic Stanford Parser (Stanford NLP Group, 2013): a tool used for Arabic POS 

tagging for reviews. 

5.3 Experiments 

5.3.1 Preprocessing  

Preprocessing is a necessity for our work. In our experiments, we applied a number of 

preprocessing algorithms which are tokenization, POS tagging and Stemming 

algorithms.  

 

5.3.1.1 Tokenization 

The purpose of the tokenization step is to apply some pattern to prepare the text for 

the next step. The following normalization options are provided:  

- useUTF8Ellipsis: Replaces sequences of three or more full stops (…) with 

space. 

- normArDigits: Convert Arabic digits to ASCII equivalents. 

- normArPunc: Convert Arabic punctuation to ASCII equivalents. 
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- normAlif: Change all alif forms to bare alif. 

- normYa: Map ya to alif maqsura. 

- removeDiacritics: Strip all diacritics 

- removeTatweel: Strip tatweel elongation character. 

- removeQuranChars: Remove diacritics that appear in the Quran. 

- removeProMarker: Remove the ATB null pronoun marker. 

- removeSegMarker: Remove the ATB clitic segmentation marker. 

- removeMorphMarker: Remove the ATB morpheme boundary markers. 

- removeLengthening: Replace all sequences of three or more identical (non-

period) characters with one copy. 

- atbEscaping: Replace left/right parentheses with ATB escape characters. 

 

Figure (5.1): Sample review before tokenization step 

Figure 5.1 shows a review before tokenization. After applying the Arabic tokenizer, 

removing the non-Arabic word and punctuations. Figure (5.2) shows sample review 

after applying the tokenization step. 

 

 

Figure (5.2): Sample review after tokenization step 

5.3.1.2 POS Tagging 

We apply the POS Tagging to identify the relevant nouns, adjectives for the feature 

extraction process. Figure (5.3) shows an example the preprocessing result that we 

applied in our corpus. 
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Figure (5.3): Example of POS Tagging step result 

Figure 5.3 gives us a look of how each word in the sentences are assigned with parts 

of speech such as noun, verb, and adjective. As we mention previously, this step 

important at feature extraction process. The word (سعر) assigned as noun, and it is 

considered a candidate feature in our work.  

5.3.1.3 Stemming  

The stemming process we needed for the candidate features after applying the feature 

extraction process, to remove the duplication of nouns, adjectives that are contained in 

the candidate features list.  

 

Figure (5.4): Candidate features stemming step 

Figure 5.4 show candidate features extracted after stemming process.  
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5.3.2 Feature Extraction 

In order to calculate the accuracy of this step, it was necessary to manually extract the 

relevant features appearing in the reviews. This task was performed as follows: for 

each sentence in the corpus, all the features evaluated by the user were identified and 

stored in a separate file. This list was then compared to the list of automatically 

extracted features, and accuracy rates were calculated. The number of manually 

extracted features was 27 features, and the number of features extracted by the system 

was 22 features, the two lists overlapped between 22 features from 27 features. Results 

are presented in Table 5.2. The proposed system generated 22 Features. It achieved 

(81.48%) accuracy. 

The first step, extracts only the 35% most frequent features in the text. Clearly, this 

step did not reach acceptable levels. Following, we executed Step 2, which uses the 

adjectives adjacent to frequent features identified in the first step. This step 

significantly increased the percentage with 81.48%. 

 

Finally, we noticed that even though the method was able to extract most of the 

relevant features, a good deal of irrelevant nouns was still appearing in the relevant 

features list. To minor this problem, we used the PMI-IR metric, aiming to remove 

nouns that were not related to the chosen domain. The word “فندق” was used to query 

the Web search engine, representing the chosen domain. Common features extracted 

by the system as follow: 

 مسبح حمام، رسوم، اكل، خدمة، خدم، نظف، طعام، هدوء، مساحة، اثاث، ،موقع غرف، سعر، حجز،

 

Table (5.2): Precision, recall and f-measure of the feature extraction process. 

Precision 62.85 % 

Recall 81.4 %  

F-measure 70.90% 

 

Table 5.2 summarizes the average precision, recall and f-measure for the feature 

extraction process. 
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Figure (5.5): Sample code of feature extraction step 

In the Figure 5.5, the sample code of how to extract the features by identifying the 

noun words in each review in the corpus. Then writing it to the file for further 

processing. 

 

Table (5.3): Accuracy rate for Feature Extraction step 

Number of  Features extract by the system 22 

Number of  Features extract Manually 27 

Accuracy  81.48 % 

 

5.3.3 Lexicon Based Sentiment Classification  

A lexicon is one of the two main approaches to sentiment analysis and it involves 

calculating the sentiment from the semantic orientation of word or phrases that occur 

in a text. In our experiments, Arabic sentiment dictionary is taken to retrieve the 

polarity of each review contains feature. With this approach, a dictionary of positive 

and negative words is required, with a positive or negative sentiment value assigned 
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to each of the words. Then, it sums up the total number of positive and negative 

polarity of all the words of the sentence; if the total number of positive polarity is 

greater than total negative polarity value, then the positive polarity was assigned to the 

document and vice versa.  As seen in Table 5.6 an example of the extract (polarity, 

feature) for the review, some of the reviews were classified as positive reviews, but it 

should have a negative sentiment and vice versa. The results for this method for hotel 

corpus shown in Table 5.5, the f-measure of 70.08% of the hotel reviews. 

 

Table (5.4): Confusion matrix table for hotel - Lexicon Dictionary 

Negative Positive N=2860 

 

Domain 

 

358 965 Positive  

Hotel 

 
1072 465 Negative 

 

Table (5.5): Measures for hotel using Lexicon Dictionary. 

Domain Accuracy Precision Recall F-measure 

Hotel 71.22% 67.48% 72.90% %70.08 

 

 

The result of the experiment is acceptable as shown in Table 5.4, but we can improve 

the result by using a combination of lexicon dictionary. In the future, we plan to use 

another lexicon to give a better result for sentiment classification step. 
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Table (5.6): Example of system extract (Feature, Polarity) in reviews 

Review Feature Polarity 

 Positive الموقع ,النظافة فندق موفنبيك ومساكن برج هاجر مكة الموقع قريب من الحرم والنظافة جيدة

المكان رائع ولقد سعدت باالقامة فيه وهو في غاية الفخامة والنظافة كما ان الموفين 

 ودودين جدا وتعاملهم راقي جدا وهو من اختيارات القامة
 Positive النظافة

الحمدهلل اقامة رائعة و والخدمات داخل الفندق جيدة جداا من نظافة وترتيبات 

 وحجوزات وااللتزام بكل ماهو مت
 Positive الخدمة، النظافة

بصراحة بالنسبة للسعر هوى ممتاز من حيث الطعام والنظافة وحمام السباحة انا فعال 

 استمتعت فية بثالث ليللى جي

السعر، النظافة ، 

 الطعام
Positive 

 Negative النظافة، الغرف مزيد من العناية بنظافة الغرف

 Negative النظافة، االكل .االكل سيء والنظافه معدومه

 Negative الخدمة، النظافة خدمة نظافة الغرف لديهم ال يستجيبون من اول مرة ال اعلم لما

الموقع جيد لكن الخدمة سيئة و المصاعد بطيئه و الغرف غير نظيفه و خدمة الغرف 

 مبلغ في اسعارها بشكل جنوني

الخدمة، الموقع، 

المصاعد، 

 الغرف

Negative 

لقد اجبتني خدمات الفندق كثيرا ونظافته ولكن واجهت مشكلة في الحجز حيث اني 

حجزت يومين درهما وعند الدفع اخذ من درهما ولم يذكر لي الموقع ان هناك رسوم 

 اضافية

 Negative الخدمة، النظافة

باختصار انت في بيتك شقه واسعه ونظيفه خدمة مميزه موقع متوسط قريبة من الخدمة 

 ومراكز التسوق والخور مواقف مجانية
 Negative الخدمة، النظافة

االدارة تحتاج مزيد من الخبرة وخصوصا نظافة الغرف حيث ان الغرفة تحتاج مزيد 

من االهتمام في النظافة وايضا شاطئ البحر رائع ولكن عند النزول تواجه مشكلة 

 االرض الزلطية والمرجان

 Positive النظافة

بكل صراحه غرف الفندق تحتاج الى اهتمام وتنظيف بصورة افضل وكذلك اثاث 

 الفندق ال يناسب حجم الغرف حيث ان حجم الغرف اكبر من عدد قطع االثاث
 Positive النظافة

 

5.4 Summarization 

The summarization that have generated using our approach, which is consists of the 

following steps: For each discovered feature, related opinion sentences are put into 

positive and negative categories according to the opinion sentences’ orientations. The 

extracted summary sentences ranked by three factors to extract the important of the 
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sentence which are Sentiment strenght of opinion words, TF-IDF factor and the 

similarity of the sentences which depends on number of users used the same sentences 

or similar to it. To evaluate our summarization method, we selected randomly 50 

reviews for each product features in our domain and manual extract a summary 

reviews by a group of human. We choose two product features in hotel domain, such 

as: “نظف”, and “خدم”. 

Sample results were given to human experts group consist of 10 people to assess them. 

The raters worked independently to undertake two tasks: in the first task, identify the 

features in each sentence and give the sentence a Positive/ Negative polarity. After 

that, we asked them to choose the best 10 reviews that express positive reviews for 

each feature, and the worst 10 reviews that express the negative reviews for each 

feature. 

We calculate the accuracy for the summary generation step by calculating the matches 

sentences that are selected by the human judge, and the sentences are generated by the 

system. The Average accuracy for the positive extracted summary for both features 

was 73.23%; The Average accuracy for the negative extracted summary was 72.46% 

respectively. The overall average is 72.84%. The Figure 5.5 show an example of 

summary of feature in a hotel dataset. 

We notice that the summary result depends on only the strength of the sentiment, 

which in our work were the overall polarity of the sentence, gives us a proximately 

60% of the sentences that matches the extracted human sentences, where after applying 

the TF-IDF factor the result enhanced by 67%. Finally, when we calculate the cosine 

similarity for the sentences that have the same features, the average accuracy were 

increased to 72.84%.  

As example, “  كذلك للنيل مقابل كبير حد الى يعتبر انه حيث جدا اجد جدا المتميز موقعه الفندق في اعجبني

يكي وكالهما جيدان االنترنت الالسلكي ممتاز كالس او مصري افطار اما عندهم االفطار من نوعين هناك افطاره

 .”وسرعته عالية نظافة الغرفة جيدة اى حد ما تعامل الموظفين مثالي جدا

This review has a high sentiment score because words expressed by the customer were 

have a high positive expression such as “  ممتاز“ , ”مثالي“ , ”جدا”. In this case, the 

similarity score and the TF-IDF value almost have no impact.  
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Figure (5.6): Sample result for the extracted summary 

As seen in Figure 5.6, the two sentences have an approximant value  at the level of 

cosine similarity and TF-IDF value, but the sentiment score for the second sentence is 

higher as we discussed previously.   

In the summary, the sentence can have more than one feature, but the overall sentiment 

for the sentence can be positive or negative.  For example: “ الحمدهلل اقامة رائعة و والخدمات

 comparing to the  ,”داخل الفندق جيدة جداا من نظافة وترتيبات وحجوزات وااللتزام بكل ماهو متفق

other sentences in the generated summary shown in Figure 5.5, that have a high 

similarity corresponding to other sentences, at the level of features and their sentiment.  

The result were acceptable and convening, but the required processing for the cosine 

similarity and TF-IDF scores are high comparing to their impact on the result.   

 

 

Figure (5.7):  Feature based opinion summary [Positive] 
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Figure (5.8): Feature based opinion summary [Negative] 

5.5 Summary 

This chapter presents the evaluation of our approach. It also discusses the results of 

our work. We claim that there are no previous efforts existing in extracting a feature-

based opinion summary. We formulated a dataset of 50 reviews to assess the approach 

then the results compared to human subjects’ opinion results. In the experiment, our 

system achieved performance rates (precision of 65.86%, recall of 81.4% and 

Accuracy 81.48%) in the extraction process. The accuracy for opinion mining is 

71.22% using subjective evaluation. The results indicated that our system achieves a 

high relevant measure with 73.23% accuracy for positive summary, and 72.46% 

accuracy for negative summary, with overall average is 72.84%. 



 

 

 

Chapter 6 

Conclusions and Future 

Works 
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6 Chapter 6 

Conclusions and Future Works 

6.1 Conclusions 

Research in feature-level opinion summarization has received constant attention in 

recent years, but has been very limited for the Arabic language. In this work, we 

proposed an approach work at feature level opinion summarization classification to 

detect polarity of Arabic opinion reviews. In this work we presents details about the 

opinion summarization definition, the opinion summarization levels, the opinion 

summarization approaches and the opinion summarization classification based on 

supervised and unsupervised techniques. After that we overview a state of the art for 

the previous work on the opinion mining, text summarization and opinion 

summarization. Followed by the methodology section, we explained each step we 

followed in our approach starting from the preprocessing of the data, the feature 

extraction process, the sentiment classification for each sentences that have  features 

and then the generated summary. The present work has as its main contributions that 

generate feature-based summary based on three different factors, which are the 

strength of sentiment, a TF-IDF factor and the cosine similarity. The experiments are 

performed on a hotel Arabic review corpus. The data were collected from the websites, 

obtaining a total of 2860 reviews with an equal number of positive and negative 

reviews. We have produced summarization product reviews, to provide a feature-based 

summary of a large number of customer reviews. Evaluation results indicate that the 

proposed method is very effective in feature and opinion extraction process. Finally, 

the evaluation was the result of comparing the extracted reviews summary with the 

opinion of the users, which showed satisfying results. The accuracy for Feature 

extraction process achieved 81.48%, and for sentiment classification was 71.22%.The 

results indicated that our system achieves a high relevant measure with 73.23% 

accuracy for positive summary, and 72.46% accuracy for negative summary, with 

overall average is 72.84%. 
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6.2 Future works 

In the future works, we need to handle the corpus more efficiently by dealing with the 

reviews that have more than 300 words, and perform a sentence splitting in other 

efficient ways to a better result. We aim to do other summerization methods for more 

accurate results as well as incorporate our method with supervised classification 

approaches for sentiment classification. We can use the same process described here 

for feature based opinion summarization in different corpora, covering other kinds of 

domains (books, physician’s offices computers….etc). We want to use more than one 

public Arabic lexicon to improve the performance of our sentiment classification 

process. We can evaluate the performance of our method used big data. We also, 

evaluate the effectiveness of feature and opinion extraction process used more than 

two features. we can extend our method to summarize the opinion in speech and videos 

instead of text. 
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