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DEVELOPMENT OF A DECISION SUPPORT TOOL FOR ANALYTIC
CUSTOMER RELATIONSHIP MANAGEMENT INTEGRATING DATA
MINING AND MULTI CRITERIA DECISION MAKING METHODS

ABSTRACT

In recent years, there is an enormous interest in sharing a wide range of experiences
and opinions regarding various products and services in blogs, social media platforms
and websites specialized on customer reviews. The customer reviews derived from
those platforms involve valuable information for potential customers, who might read
and evaluate the comments of experienced customers before making a purchase
decision on a specific product or service. Furthermore, the companies may measure
customer satisfaction regarding to their products or services through online customer
reviews and use this information in customer relationship management applications.
In this thesis, a decision support tool, which can be used by potential customers and
companies, is developed to measure and evaluate the customer satisfaction level on a
specific product or service and to enable potential customers ranking the
products/services according to this evaluation. The decision support system mainly
consists of two phases. In the first phase, sentiment analysis is employed to convert
the online customer reviews into customer satisfaction scores. In the second phase, the
alternatives are ranked by using a novel multi criteria decision making (MCDM)
methodology according to the performance scores obtained in the first level. The
MCDM methodology developed in the second phase integrates intuitionistic fuzzy (IF)
ELECTRE and VIKOR methods in a novel way. The system utilizes intuitionistic
fuzzy sets (IFSs) to effectively represent the customer reviews including hesitant
expressions in decision matrix. The applicability of the developed decision support
system is explored by a case study, in which customer reviews about hotel experiences
are evaluated using lexicon based sentiment analysis and alternative hotels are ranked
according to the findings from the sentiment analysis by the IF ELECTRE integrated
with VIKOR methodology.

Keywords: Customer satisfaction, Sentiment analysis, Product ranking, MCDM



ANALITIK MUSTERI iLiSKiLERiI YONETIMI iCiN VERI MADENCILIGi
VE COK KRITERLI KARAR VERME YONTEMLERINI BIRLESTIREN
BiR KARAR DESTEK ARACI GELISTIRILMESI

0z

Son yillarda, cesitli triinler ve hizmetler ile ilgili bloglarda, sosyal medya
platformlarinda ve friin degerlendirme sitelerinde deneyim ve fikir paylasma
konusuna biiyiik ilgi duyulmaktadir. Bu miisteri degerlendirmeleri, bir iiriinii veya
hizmeti satin alma karar1 vermeden 6nce deneyimli miisterilerin goriislerini okuyup
degerlendirmekte olan potansiyel miisteriler i¢in degerli bir bilgi kaynagidir. Dahast,
sirketler ~ internet  ortamindaki  misteri = degerlendirmeleri  vasitasiyla
tirtinlerine/hizmetlerine iliskin miisteri memnuniyet 6l¢iimii yapabilmekte ve edinilen
bilgiler 15181nda misteri iliskileri yonetimi uygulamalarini giincelleyebilmektedirler.
Bu tez c¢alismasinda, misteri memnuniyetini O6l¢gme, degerlendirme ve bu
degerlendirmeye bagli olarak {irin siralamast yapma konusunda potansiyel
miisterilerin ve firmalarin kullanabilecegi bir karar destek sistemi gelistirilmistir. Bu
karar destek sistemi iki asamadan olusmaktadir. Ilk asamada miisteri
degerlendirmelerinin miisteri memnuniyet puanlamasina doniistiiriilmesi i¢in duygu
analizi kullamlmustir. Ikinci asamada ise ilk asamadan elde edilen sonuglar
dogrultusunda ve yeni gelistirilen ¢ok kriterli karar verme (CKKYV) yontemi
aracihigiyla alternatif {iriinler siralanmustir. Ikinci asama igin gelistirilen CKKV
yontemi, sezgisel bulanik ELECTRE yonteminin VIKOR yontemi ile entegre
edilmesine dayanmaktadir. Ayrica, tereddiitliik iceren miisteri degerlendirmelerini
karar matrisinde etkili bir sekilde ifade edebilmek igin, sistem, sezgisel bulanik kiime
teorisinden yararlanmaktadir.  Gelistirilen yaklagimin uygulanabilirligi, otel
deneyimleri ile ilgili miisteri degerlendirmelerinin sozliik temelli duygu analizi
kullanilarak incelendigi ve farkli otel se¢eneklerinin duygu analizi sonuglari tizerinden
VIKOR entegreli sezgisel bulanikk ELECTRE yontemi ile siralandigi bir uygulama

caligmastyla ortaya konulmustur.

Anahtar kelimeler: Miisteri memnuniyeti, Duygu analizi, Uriin siralama, CKKV
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CHAPTER ONE
INTRODUCTION

The comments and opinions of experienced users about a product or service
alternative may have a significant impact on the purchasing decision of potential
customers. In recent years, e-trade sector has been developing and the number of e-
trade web sites and social media platforms has been increasing which enable
consumers to easily share their comments about a product and potential customers to
read and evaluate these comments before making decision on purchasing an item. In
addition, companies can organize their production or marketing processes by reading
these negative or positive comments on their products. Considering the fact that the
comments on the products on the internet significantly impact the purchasing
decisions, these comments should be taken into account by potential customers who
attempt to specify the best alternatives of the product they focus on and by the
companies which aim to analyze the satisfaction level of customers on the products
they produce or trade. However, in parallel with the rise in the number of internet
users, the number of people who buy items via e-trade web sites and the number of
comments on products has been rapidly increasing and it is nearly impossible to
examine and analyze the huge number of comments and opinions in detail. Analyzing
these comments and opinions in a comprehensive, cost-effective and reliable way and
utilization from them in decision making by the firms and potential customers are
crucial. In addition, in the competitive environment of today's global economy,
customers encounter so many alternatives of a product with less cost or higher quality.
Hence, consumers should investigate and evaluate these alternatives in detail to select
the most appropriate one among them. Ranking alternative products to select the most
appropriate one requires considering different properties of the product as well as the
weights reflecting the relative importance of these properties.

1.1 The Role of Online Reviews in Analytic Customer Relationship Management

Customer relationship management (CRM) has various definitions. Kincaid (2003)

defines the CRM as “the strategic use of information, processes, technology, and



people to manage the customer’s relationship with a company (Marketing, Sales,
Services and Support) across the whole customer life cycle” (p. 41). Analytic CRM
focuses on acquisition, storage, processing and analyzing of data regarding customers.
Kracklauer, Mills, & Seifert (2004) divides analytic CRM in four phases, namely
customer identification, customer attraction, customer development and customer
retention. The core driver of customer identification is to specify the target customers
and gathering data associated with to the profitable groups of customers. Customer
attraction focuses on organization of sales and marketing campaigns to attract the
target customers. Customer development monitors behaviors of target customers and
strives for creating more transactions by employing a variety of tools and methods
such as up-and cross selling. Customer retention focuses on preventing the loss of the

existing customers.

Customer satisfaction is an important factor for a company to retain the existing
customers and high satisfaction levels provide competitive advantage for companies.
Kracklauer et al. (2004) defines the customer satisfaction as “the result of a process of
comparison between the customer’s expectations (personal standard, image of the
manufacturer, claims of the manufacturer, knowledge of alternatives) and his or her
perceptions (actual experience, subjective impression of product performance,
appropriateness of product for his needs)” (p. 5). Since, in most cases, retaining the
existing customers requires less cost than acquiring new customers (Roberts, 2000), it
is crucial to monitor, evaluate and improve the customer satisfaction for CRM

managers.

Traditionally, the companies make use of market surveys to get information on the
requirements of existing and potential customers and to measure the satisfaction of
customers on a specific product or service. However, measuring customer satisfaction
through analyzing online customer reviews is less time consuming in comparison with
market surveys and requires less cost. The companies can acquire more reliable and
larger amount of information through online reviews since the user generated contents
are created by the users voluntarily. Nowadays, companies widely utilize sentiment

analysis approach so as to measure and analyze the customer satisfaction on their



products/services. Sentiment analysis is a specific type of text mining which focuses
on extracting the emotions, opinions, feelings and attributes from the texts. Sentiment
analysis is a powerful method to analyze the online customer reviews and transform

them into valuable quantitative information for companies and potential customers.

1.2 Scope and Purpose of the Thesis

In this thesis, a decision support system is developed to measure and assess the
customer satisfaction level on different alternatives of a product and to enable potential
customers ranking these alternatives according to this assessment. In this scope,
Sentiment Analysis, Text Mining and Intuitionistic Fuzzy Set (IFS) Theory based
MCDM are integrated. First of all, a JAVA based computer program is developed to
analyze the online product comments utilizing aspect level sentiment analysis and to
detect the sentiment tendency (positive, negative or hesitant) reflected by these
comments. Then, the alternative products are ranked using MCDM considering the
relative importance of different properties of the products and the suggested alternative
is selected. The decision support system can be utilized by the potential customers in
analyzing the online product comments to select the most appropriate alternative
practically and reliably. In addition, companies can make use of the developed system
to evaluate the customer satisfaction level regarding to their product(s) and/or
service(s) effectively and reorganize their production processes, operational activities

or marketing policies according to the outputs from this analysis.

The main purpose of integrating IFS theory to the developed decision support
system is to cope with the hesitancies and vagueness in the customer reviews.
Atanassov (1999) gave an example to explain the use of IFSs in decision making
problems; Let X be a set of countries with elected governments and each element x €
X indicates the countries. The membership function p(x) indicates percentage of the
electorate having voted for the government in country x, the non-membership function
v(x) represents percentage of the electorate having not voted for the government in
country x. Besides membership and non-membership, Atanassov (1999) defined the

hesitancy degree m(x) representing the percentage of the invalid votes in country x



and explained that we never know that the vote rate of the elected government would
increase or decrease if the invalid votes were accepted as valid due to the undefinable
polarity of the invalid votes. In the light of this example, this study classifies the
statements in the customer reviews as positive, negative and hesitant to obtain the
performance scores corresponding to alternatives. To this aim, the percentage of the
positive sentences corresponding to each criterion of each alternative is considered as
votes reflecting customer satisfaction, the percentage of the negative sentences
regarding each criterion of each alternative is considered as votes for customer
dissatisfaction and the percentage of the hesitant sentences regarding each criterion of
each alternative is considered as the hesitancy degree, to emphasize on the uncertainty

about the hesitant sentences whether reflect satisfaction or dissatisfaction.

There are limited number of product ranking studies based on analyzing online
customer reviews in the literature (e.g. Abirami & Askerunisa, 2017; Kang & Park,
2014; Liu, Bi, & Fan, 2017; Najmi, Hashmi, Malik, Rezgui, & Khan, 2015; Peng, Kou,
& Li, 2014; Zhang, Cheng, Liao, & Choudhary, 2011; Zhang, Narayanan, &
Choudhary, 2010). Approaches for objective weighting of criteria are applied in a part
of these studies, however none of them employs entropy method for objective
weighting. Our study aims to develop a novel decision support system to rank different
alternatives of a product/service determined by the potential customer according to a
set of product properties and recommend the most appropriate alternative by analyzing
the online reviews of experienced customers on that alternatives. Considering this
problem as a group decision making (GDM) problem, each customer review is
analyzed to obtain performance scores associated with alternatives and related group
decision matrix is constructed. The relative importance of each criterion is calculated
objectively based on the group decision matrix using entropy equations. The
applicability of the proposed methodology is explored on hotel selection case based
on the reviews related to different hotel alternatives. A number of hotel customers,
which are treated as decision makers (DMs) in this study, have provided online
comments about alternative hotels based on varying criteria on prominent
characteristics of hotels. In other words, the problem of selection among different hotel

alternatives according to a set of criteria, which is indeed a MCDM problem, is



captured depending on the online customer reviews. The main reason of choosing hotel
case to demonstrate the applicability of the proposed methodology is that customer
reviews on hotels constitutes a convenient data set to observe the hesitancy since the
customer may provide varying information involving conflicts about hotel features in

the reviews.

There are several studies covering the hotel selection problem based on MCDM
methods in the related literature (Peng, Zhang, & Wang, 2018; Yu, Wang, & Wang,
2017, 2018; Zaman, Botti, & Thanh, 2016). In a wide range of these studies, the
ranking and selection of alternative hotels is conducted based on the numerical ratings
corresponding to hotel alternatives provided by the experienced customers. However,

none of these studies examined and evaluated the text reviews comprehensively.

The main novelties and contributions of this thesis to sentiment analysis literature

can be explained as follows:

1. Tothe best our knowledge, this thesis is the first attempt to evaluate the online
customer reviews in Turkish on hotel alternatives using aspect level sentiment
analysis and IFS theory. In addition, this study presents the first product
ranking study integrating sentiment classification and MCDM to analyze
online reviews in Turkish.

2. This thesis presents the first research integrating aspect level sentiment
analysis and a novel MCDM methodology which employs entropy method for
determining the relative importance of criteria for decision making problems.

3. A novel sentiment classification algorithm is developed in this study that
benefits from semantic rules and word distance rules based on Natural
Language Processing (NLP) to overcome challenges about the lack of
punctuations and long sentences for extracting sentiments accurately from
online reviews. The algorithm can detect hesitant expressions besides positive

and negative expressions.



The main novelties and contributions of this thesis to the MCDM literature can be
explained as follows:

1. To the best of our knowledge, none of the outranking methodologies in the
literature integrates ELECTRE and VIKOR methods under IFS theory. The
main advantages of this integration are as follows; (1) This integration enables
to select the most appropriate one among multiple alternatives considering a
set of criteria, (2) It provides a complete ranking of alternatives, (3) It proposes
different solutions and rankings according to different decision making
strategies of DMs. (4) It captures uncertain situations including hesitancy in
the evaluation process.

2. The methodology integrates Entropy Method in the MCDM process to handle
ambiguity and vagueness in determining the weights of the criteria and weights
of the DMs objectively.

3. The methodology utilizes the weighted distance measure to reflect the
preference of each decision maker (DM) objectively to specify the weights of
concordance sets, which is subjectively performed in a majority of the studies
in the related literature.

The remaining of the thesis is structured as follows: Chapter 2 explains sentiment
analysis. Chapter 3 presents a literature review on MCDM methodology, explains the
steps of IF-ELECTRE integrated with VIKOR method developed in this study and
explains computational experiments performed to demonstrate the applicability of the
developed MCDM methodology considering different problems. In Section 4, the
decision support system developed for product ranking based on an integration of
sentiment analysis and MCDM is defined step by step. Section 5 covers the case study
that employs the proposed decision support system. Finally, Section 6 presents the

conclusions.



CHAPTER TWO
SENTIMENT ANALYSIS

2.1 Background of Sentiment Analysis

2.1.1 Big Data

Tech America Foundation’s Federal Big Data Commission (2012) defines the Big
Data as “a term that describes large volumes of high velocity, complex and variable
data that require advanced techniques and technologies to enable the capture, storage,
distribution, management and analysis of the information” (p. 10). As it can be
understood from this definition, the major characteristics of Big Data can be
represented by three “V”. Volume indicates the size of data, velocity shows the creation
rate of data and variety means the structural heterogeneity of data (Gandomi & Haider,
2015). Big data includes both structured data and unstructured data. The data existing
in relational databases and spreadsheets are regarded as structured data, which can be
analyzed easily using computers. Unstructured texts, video, audio, speech and images
can be given as examples for unstructured data, which must be converted to structured

form to be analyzed using computers.

2.1.2 Text Mining

Linof & Berry (2011) defines data mining as “the process of finding and exploiting
useful patterns in data” (p. 776). They highlight the appropriateness of texts for data
mining applications since texts are also a type of data. In other words, text mining can
be regarded as an application of data mining to text data (Linof & Berry, 2011). Text
mining comprises the techniques to extract the meaningful information from textual
data such as news, online forums, social network feeds and transform the texts to
structured form by applying statistical analysis, computational linguistics and machine

learning techniques (Gandomi & Haider, 2015).



Textual documents include objective and subjective expressions about entities, e.g.

products, news, events. There are a number of text mining methods with different

purposes, some of which are listed in the following (Gandomi & Haider, 2015).

1.

Information extraction techniques, which aim to derive structured
information from unstructured documents. The process starts with Named
Entity Recognition which extracts important names from texts and assess
them into the predefined categories. These names may belong to entities
such as a person, a community, a place, a vehicle, a location etc. Then, the
task of Relation Extraction aiming to explore the relations between the
entities is performed.

Text summarization techniques to propose the summary of the documents
automatically.

Question answering techniques to give answers to questions. An example is
Apple’s Siri, which is a well-known question answering system.

Sentiment analysis techniques that focus on subjective expressions
describing emotions, opinions and feelings of writers, whereas
abovementioned text mining techniques deal with the objective expressions
used for describing a fact in order to understand and summarize the

documents.

2.2 Sentiment Analysis

Sentiment analysis (or opinion mining) can be defined as a computational study to

analyze the opinionated texts, which contains people’s opinions, appraisals, emotions

and sentiments related to entities.

Liu (2010) defines an opinion as a quintuple which can be represented by mainly

five components (e;, a;j, 00;jx, hy, t;). The first component e; indicates the entity

answering the question of “what this opinion is expressing”. Here, the entity can be a

person, a product, an event or a place etc. The second component a;; points out an

aspect of entity e;. For instance, the price can be an aspect of the entity automobile.



The third component oo, indicates sentiment orientation or polarity of aspect a;; of
entity e;. The sentiment orientation can be stated using the words such as positive,
negative and neutral. The forth component h; points out the opinion holder, in other
words, writer of the opinion. Finally, the fifth component ¢; indicates the time when
the opinion is posted. Considering this definition, Liu states that the main purpose of
sentiment analysis is to explore all opinion quintuples (e;, a;;, 00;jx, hy, t;) in a given

opinionated document.

An example to the hotel reviews is given in Figure 2.1 to explain how the quintuples

can be formed.

- C | & Giivenli | https://www.otelpuan.com/tr/Sheraton-Hotel-Cesme

Mayis 2018 | etstur
Konumu giizeldi. Denizi iyiydi...

Konumu guzeldi. Denizi iyiydi. Personelleri ilgiliydi.

6377111

FiYAT / PERFORMANS: Cok lyi

> Al o e
3. 9 3 Mukemmel

0 DETAYLAR Bu yorum size yardimci oldu mu? w0 K10

Figure 2.1 An example to the hotel reviews (Otelpuan, 2018)

The translation of the review into English is “The location was good. The sea was
good. The staff was helpful”. The opinion holder (6377111) has posted the review in
May, 2018. Three quintuples are listed as follows, which are established to express the

sentences in the review in the structured form.

e (SheratonCesme, location, positive, 6377111, May-2018)
e (SheratonCesme, sea, positive, 6377111, May-2018)
e (SheratonCesme, staff, positive, 6377111, May-2018)

Sentiment classification, which focuses on categorization of texts according to their

sentiment orientations, is one of the main tasks of sentiment analysis. It can be



conducted in various ways either considering the number of sentiment types, such as
binary classification (positive, negative) and ternary classification (positive, negative,
neutral) or according to the context of reviews such as favorable-unfavorable, thumbs
up-thumbs down, likely to win-unlikely to win. Nasukawa & Yi (2003) can be given
as an example to sentiment classification studies, which proposed a system capable of
favorability analysis related to a specific item (e.g. a camera) by classifying the
opinions as positive (favorable) and negative (unfavorable). As another example, Kim
& Hovy (2007) developed an election prediction system by categorizing the opinions
gathered from election forums according to the specified political parties and
according to the tendency of opinions as “likely to win” and “unlikely to win”. Turney
(2002) presented an algorithm for automated review rating aiming at categorization of
the customer reviews as “thumbs up” and “thumbs down” by determining average

sentiment orientations of all phrases formed with adjectives or adverbs in the reviews.

2.3 Preliminary Studies to Sentiment Analysis

Several preliminary studies have to be performed to conduct sentiment analysis
accurately and in a reasonable time. Data acquisition and text processing are the main
preliminary studies to be performed before the sentiment analysis.

2.3.1 Data Acquisition

This study aims to collect the data which is going to be exposed to sentiment
analysis. Data acquisition can be conducted using either a website’s Application
Programming Interface (API) or a Web crawler (Balazs & Velasquez, 2016). For
instance, one of the most well-known micro-blogging sites, namely Twitter, has its
own APIs, Twitter REST API and Streaming API. On the other hand, the web pages
can be scraped to extract the data automatically using web crawlers such as ParseHub

(www.parsehub.com).
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2.3.2 Text Preprocessing

The data extracted from various platforms such as  websites involving
product/service reviews, forums, micro-blogging sites, e-commerce websites etc. in
data acquisition step are regarded as raw data and they need preprocessing. Some of
the most popular preprocessing techniques are explained in the following (Balazs &
Velasquez, 2016).

e Tokenization: This method segments the sentences into meaningful tokens
which are words, symbols and phrases.

e Stemming: The aim of stemming is to obtain the common base form of a word
by taking away its prefixes and suffixes. For instance, the word “odamdaki” is
reduced to “oda” after stemming process is conducted.

e Part of Speech (POS) Tagging: This method labels the words such as noun,

adjective, adverb, verb, and preposition.

The abovementioned techniques are also utilized in NLP.

2.4 Levels of Sentiment Classification

The studies based on sentiment classification are conducted at three levels, namely
document level, sentiment level and aspect level. Document level sentiment
classification aims in extracting the main sentiment about an entity from the whole
document. For instance, a review on a product or service can be regarded as an
opinionated document, which includes evaluations of an opinion holder about the
entity. This research area focuses on the product/service review as a whole and
determines the polarity of the review to understand whether the opinion holder liked
the product/service. Sentence level sentiment classification, which analyzes each
sentence of the review, investigates the sentiment polarity of opinions expressed in
each sentence of the text. As a result, the sentences are labeled as positive, negative

and neutral.
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Both of the abovementioned methods are typically used to categorize the opinions
according to the sentiments; however they ignore the targets of the opinions, in other
words the specific aspect(s) of the product/service that the opinion holder has focused
on. Aspect level sentiment classification handles this problem and determines the
sentiment polarity of opinions focusing on each aspect of a product/service in a
sentence. For example, when considering the product review on a specific cell phone,
the opinion holder (experienced customer) may express positive or negative opinions
about different attributes of the cell phone. These attributes are named as aspects and
are extracted from the reviews to classify the sentiment polarity on each aspect as
positive, negative, neutral or other forms. Because of the abovementioned advantage
of this sentiment classification method, this study uses aspect level sentiment

classification, which is further explained in the following sub-section.

2.4.1 Aspect Level Sentiment Classification

Aspect level sentiment classification consists of two major subsequent steps,
namely aspect extraction and sentiment orientation identification. Aspect level
sentiment analysis starts with aspect extraction. The purpose of this step is to discover
the aspects of product/service handled in the text. Hu & Liu (2004) proposed a
commonly used aspect extraction method, frequency based aspect extraction, which is

used in this thesis as well. The steps of this method are expressed as follows;

1. Firstly, the process of Part of Speech Tagging is implemented to the crawled
reviews by utilizing an NLP Software.

2. The words which have “noun” tag are determined and these words are put into
a list.

3. The frequency of the words in the list are identified and they are sorted in
descending order according to their frequency.

4. A frequency threshold is determined experimentally.

5. The words with frequency values which are greater than or equal to the

threshold are defined as aspects.
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After extraction of aspects, sentiment orientation identification is implemented. In
this step, the sentiment orientation, in other words, sentiment polarity of the sentences
for each aspect is investigated. Sentiment orientation identification can be performed
through either lexicon based approaches or machine learning based approaches.
Machine learning based approaches employ trained data to classifier algorithms so as
to learn the differentiating characteristics of the documents and to predict the polarities
of the actual documents. The most well-known machine learning classification
algorithms are; Support Vector Machines (SVM), Naive Bayes, and Maximum
Entropy. On the other hand, the lexicon based approaches focus on sentiment words
and phrases in the sentences for identifying the sentiment orientation of the sentences.
In this approach, it is essential to detect the negations and “but” clauses in sentences
besides sentiment words and phrases. A lexicon based approach for sentiment
orientation identification has been employed by Hu & Liu (2004) and Ding, Liu, & Yu
(2008), which follows the following steps.

The first step identifies all of the sentiment words and phrases in a sentence. Three
types of sentiment words are considered; the positive sentiment words describing
desired situations are assigned the score of +1, the negative sentiment words describing
undesired situations are assigned the score of -1 and the context dependent words are
assigned the score of 0. The context dependent words are the words with a meaning
that is changeable according to the situation in which they have been used. For
instance, the word low expresses positive opinion in low price, whereas it expresses
negative opinion in low quality. The second step detects whether the sentence includes
negation words or not. Negation words (e.g., not) convert the sentiment orientation to
its opposite. The third step detects “but” clauses. The word but also converts the
sentiment orientation in the sentence to the opposite starting from the point in the
sentence it is observed. The forth step aggregates the scores by considering the
closeness of the sentiment words to the aspect expressions and determine the final

sentiment orientation of sentence for each aspect.

Here, the abovementioned procedure is explained through an example considering

the sentence “This hotel is low cost, however its location is not good”. Firstly, the
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aspects and sentiment words in the sentence are determined and the scores are assigned
to the sentiment words. The aspects in this sentence are cost and location. The
sentiment words in this sentence are low and good. The sentence is transformed to
“This hotel is low cost [0], however its location is not good [+1].” Since the word low
is context dependent word, it is assigned the score of 0 and the score of +1 is assigned
to the word good. Then, the negations are searched. The sentence is transformed to
“This hotel is low cost [0], however its location is not good [-1]”. The score of the
word good is changed as -1 since negation is observed. Then, the but clauses are
investigated. The sentence is transformed to “This hotel is low cost [+1], however its
location is not good [-1]”. The first part of the sentence, in other words the part of the
sentence before the word however is considered as positive since the part before
however is negative. Therefore, the score of the word low is determined as +1. Finally,
the aggregation scores are determined by taking into account the distances between
sentiment words and aspects. Distance refers to the number of words between a
sentiment word and an aspect word. The sentiment word low is close to the aspect cost,
and the sentiment word good is close to the aspect location. As a result, the sentiment

polarity is defined as positive for aspect of price and negative for aspect of location.

The studies in the current literature on the related field are commonly employs the
abovementioned method, however the steps of the procedure can be modified. In this
thesis, we have considered the basic elements of this procedure such as negation,
distances between words however we have also created some rules besides these
elements to facilitate the lexicon based sentiment orientation identification. These

rules are explained in Chapter 5.
2.5 Generation of Sentiment Lexicon

As stated previously, the lexicon based approaches are based on sentiment words
and phrases. This section explains how the sentiment words and phrases are

determined. Approaches that are commonly used for compiling sentiment word list
are; dictionary based approach, corpus based approach and manual approach.
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Hu & Liu (2004) can be given as an example to the studies that employ a dictionary
based approach. The procedure starts with determination of seed words manually, a
small set of sentiment words of which orientations are known (e.g. good, small,
terrible, high). Then, this set is extended by adding their synonyms and antonyms by
the help of an online dictionary such as WordNet (Miller, 1995) and finally, the lexicon
Is generated after making the last corrections manually.

Apart from a small set of sentiment words, the corpus based approaches considers
the conjunctions and connectives so as to discover the other words in a large corpus.
Hatzivassiloglou & McKeown (1997) presents one of the most powerful techniques
for corpus based approach. The first step of this technique is to compile a small set of
sentiment words of which sentiment polarities are known. Then, new adjectives are
extracted from the corpus by utilizing linguistic rules. They created some rules
regarding conjunctions and connectives (e.g., either-or, neither-nor, but) to discover
the new words. According to one of the rules proposed in Hatzivassiloglou &
McKeown (1997), the adjectives existing in the both sides of the conjunction “and”
have the same polarity label. The sentence, “The foods are fresh and delicious”, can
be given as an example. If it is known that fresh is a positive adjective, the system
deduces that delicious is a positive adjective as well. Then, delicious is added to the

sentiment word list labeled as positive.

We have utilized dictionary based approach in order to compile sentiment word lists
in this thesis. We have explained the procedure of compiling sentiment lexicons in
Section 4.2.1.1.3.

2.6 A Literature Review on Sentiment Analysis
2.6.1 Sentiment Analysis for Product/Service Evaluation
In the literature involving the studies to evaluate the products/services based on

sentiment analysis, aspect level sentiment analysis have been generally conducted to

improve the performance of classification process and propose new techniques to
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obtain better results in extraction of aspects and opinions (Cruz, Troyano, Enriquez,
Ortega, & Vallejo, 2013; Penalver-Martinez et al., 2014; Quan & Ren, 2014).
However, the studies employing aspect level sentiment analysis in a number of
different research fields such as business intelligence are also available in the
literature. These studies provide aids for decision making to manufacturers whose aim
is to derive useful information from big data to monitor and measure customer
satisfaction and weaknesses of features belonging to their products/services or
extracting customer requirements. Among them, Zhang, Xu, & Wan (2012) developed
a methodology to determine the weaknesses of products based on aspect level
sentiment analysis. They evaluated online Chinese reviews about body wash products
of a cosmetic manufacturer and revealed the most unsatisfied feature of the product
which needs to be improved. Jin, Liu, Ji, & Liu (2016) employed aspect level sentiment
analysis to help designers who deal with the market-driven product design by
extracting useful information on customer requirements from big data involving
consumer opinions. They analyzed the reviews to identify the strengths and
weaknesses of features of products, then utilized Kalman filter approach to extract the
trends in customer requirements and Bayesian approach to compare the competitive
products. Qi, Zhang, Jeon, & Zhou (2016) proposed a method to filter out useful online
reviews to facilitate the product design and conducted sentiment analysis based
conjoint analysis to measure the impact of product features on customer satisfaction.
They applied KANO method with conjoint analysis into online reviews about cell
phones in Chinese for developing product improvement strategies. Wu, Wang, Li, &
Lang (2014) proposed a study which handles the usability problems of products that
leads to customer dissatisfaction by analyzing online customer reviews with the help
of sentiment analysis. They utilized rule-based classifier based on Apiori algorithm to
detect the sentences including the customer opinions on usability of product features
and specified the sentiment orientation of sentences as positive or negative. They
conducted a case study on a universal remote control product to illustrate the proposed

method.

Sentiment analysis has a broad application area. The main fields are; finance, in

which the sentiment orientation of articles are analyzed to determine their effects on
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the market price (Li, Xie, Chen, Wang, & Deng, 2014; Tetlock, 2007; Tetlock & Saar-
Tsechansky, 2008), box office predictions, in which the comments posted on micro-
blogs are utilized to estimate the movie sales (Du, Xu, & Huang, 2014; Hur, Kang, &
Cho, 2016; Yu, Liu, Huang, & An, 2012), prediction on political elections (Tumasjan,
Sprenger, Sandner, & Welpe, 2010), recommender systems (Garcia-Cumbreras,
Montejo-Raez, & Diaz-Galiano, 2013) and product design (Jin et al., 2016; Qi et al.,
2016).

Another research field which is also handled in this thesis is product ranking based
on sentiment analysis. This research field has recently drawn the attention of
researchers, however, the number of papers which is directly related to this field is
scarce. Zhang et al (2010) proposed a methodology which handles the product ranking
considering product features through online reviews. Using dynamic programing, they
identified both subjective sentences in which opinions regarding a product are directly
expressed and comparative sentences in which opinions regarding to a product are
expressed through comparing with other products. They categorized the type of
sentences in reviews as positive or negative by employing lexicon based sentiment
analysis to build a weighted and directed graph indicating the relative quality of
products and they proposed an improved page rank algorithm to mine this graph to
conduct product ranking. The proposed methodology is applied to online reviews on
the product categories of camera and television collected from an e-commerce web
site. Zhang et al. (2011) developed a model to analyze customer reviews regarding
camera and television products and ranked the products taking into account some
properties of customer reviews such as posting date and usefulness to assign different
weightings to each review. They also utilized SVM algorithm to separate the sentences
including irrelevant comments from the reviews for improvement of the extraction of
customer opinions regarding product quality. Najmi at al. (2015) conducted a study
employing lexicon-based sentiment analysis into online reviews regarding product
categories of HD television and camera crawled from an e-commerce web site with
the purpose of creating ranking lists considering not only the sentiment score of

reviews but also brand score of each product and the usefulness of each review.
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2.6.2 Studies in Turkish

The researches in the field of sentiment analysis have recently been growing for
Turkish, but there are still fewer papers compared to the number of papers in English
in the same field. Among the papers that employs sentiment analyses for texts written
in Turkish, Iskender & Bati1 (2015) proposed a study which focuses on ranking the
Turkish universities according to their entrepreneurship and innovativeness. The
Scientific and Technological Research Council of Turkey (TUBITAK) has proposed
Entrepreneurial and Innovativeness Index (EIUI) which appraises the universities
based on several criteria regarding to entrepreneurship and innovativeness. This
foundation ranks universities by calculating this index annually. Iskender & Bati
(2015) modified the calculation process of this index by adding a new parameter,
namely “measuring university student’s entrepreneurial and innovative behaviors” and
proposed a new ranking list. For this purpose, they analyzed the data collected by
investigating the comments on social media regarding to 50 universities using machine
learning based sentiment classification technique. It is concluded that the ranking list
obtained in the study is has a significant correlation with the TUBITAK’s ranking list.
Kaya, Fidan, & Toroslu (2012) applied sentiment classification to political columns
including positive and negative criticism on political party, person and event by
utilizing four machine learning algorithms, namely SVM, the Naive Bayes
Classification, Maximum Entropy Classification and the N gram based character
Language Model and compared the classification performance of these methods. They
conducted several experiments based on different features, namely unigrams, bigrams,
adjectives, roots and effective words. As a result, they observed that Maximum
Entropy and N gram based Language Model have better performance than the others.
In their other study, Kaya, Fidan & Toroslu (2013) conducted a study to classify
political columns as positive or negative by applying transfer learning technique. They
utilized social media accounts of columnists and journalist to extract important
features for training phase of machine learning based sentiment classification. They
achieved 26 % increase in accuracy of the classification of Turkish columns with this
technique. Kaya & Conley (2016) proposed a study to predict the winner of a popular

voice contest in Turkey by applying lexicon-based sentiment classification to the
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dataset obtained from social media. They established a sentiment lexicon specific to
this study and translated an English sentiment lexicon to Turkish and compares the
performances of two lexicons in classification of the dataset according to polarities
and in prediction of the winner of contest. They also used a frequency based statistical
classification technique and K-means clustering approach for comparison of the
classification results and noticed that the ad hoc sentiment lexicon they developed
outperforms translated sentiment lexicon. Tiirkmen, Omurca, & Ekinci (2016)
conducted a research by performing aspect level sentiment analysis on Turkish hotel
reviews. They determined the aspects of hotels based on heuristic rules, Pointwise
Mutual Information and pruning methods. They created a sentiment lexicon which
labels the sentiment words as positive, negative and neutral. They also generated an
algorithm to calculate the overall sentiment of each aspect using sentiment lexicon.
Ekinci, Tirkmen, & Omurca (2017) proposed a methodology which extracts multi
word aspects from user-generated contents in Turkish by utilizing word N-grams,
Pointwise Mutual Information and heuristic rules to construct ranking lists and propose
the most popular hotels and cell phones in the online reviews in Turkish. Tiirkmenoglu
& Tantug (2014) presented a study which implements lexicon based and machine
learning based sentiment analysis methods using data about movies collected from
social media for binary (positive and negative) classification to compare the
performance of the methods. To this aim, they translated English sentiment lexicon to
Turkish to be used in lexicon based sentiment classification and utilized SVM, Naive
Bayes and Decision Tree for machine learning based sentiment classification. Machine
learning based sentiment analysis provided better classification results than lexicon
based method. Vural, Cambazoglu, Senkul, & Tokgoz (2013) developed a framework
for sentiment analysis in texts written in Turkish by customizing SentiStrength
(Thelwall, Buckley, Paltogluo, Cai, & Kappas, 2010) which is a lexicon based
sentiment analysis library in English generated with the aim of splitting the given text
into sentences and extracting the polarity of each sentence by assigning a polarity score
ranging from -5 to +5 to each word in sentences as well as classification of whole text
as positive or negative. They translated the sentiment lexicon of SentiStrenght into
Turkish and implemented the developed framework to movie reviews for measuring

the performance of classification. Dehkharghani, Yanikoglu, Saygin, & Oflazer (2017)
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proposed a comprehensive study that conducts sentiment analysis at different levels
such as aspect level, sentence level and document level by considering linguistic issues
like negations and intensifications for Turkish reviews. They used dependency
parsing, a NLP tool, and polarity resources such as SentiTurkNet (Dehkharghani,
Saygin, Yanikoglu, & Oflazer, 2016). They implemented the proposed system into

movie reviews by performing ternary and binary classification.

2.6.3 Studies that Integrate Sentiment Analysis and MCDM Methods

A few studies exist in the literature that integrate sentiment analysis and MCDM
methods to evaluate the customer reviews and rank the product/service alternatives.
Among them, Kang & Park (2014) presented a study that employs sentiment analysis
and VIKOR method. The customer reviews are analyzed based on aspect level
sentiment analysis to measure customer satisfaction. VIKOR method was used for
final evaluation of customer satisfaction and product ranking. The weights of product
features were determined based on term presence approach considering the number of
reviews in which the term exists. The frequency of the term in each review is not
important in this approach. A case study to rank the mobile application services was
conducted to illustrate the developed method. A sensitivity analysis was also
performed to reveal how the rankings are affected according to different strategies and
to propose the features that needs improvement. Peng et al. (2014) integrated fuzzy
MCDM into opinion mining. However, text mining techniques were utilized only for
extracting key features of products and their importance. The performance scores of
products were determined considering the views of experts, who evaluated the
alternatives with reference to each key feature using linguistic variables which then
transformed to fuzzy numbers. Peng et al. (2014) focused on Chinese reviews about
mobile phones and offered using fuzzy PROMETHEE for the ranking of alternatives.
Abirami & Askerunisa (2017) focused on extracting the level of satisfaction of
customers regarding to ten hospitals in India through comments in social media by
applying aspect level sentiment analysis. After determination of satisfaction levels,
SAW and TOPSIS methods were used for ranking the hospitals. The statistical

correlation test was implemented to compare the ranking results obtained by the
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proposed method with the ranking in the website. They concluded that, TOPSIS
method outperforms SAW method. Liu et al. (2017) proposed the first study to convert
the sentiment polarities into intuitionistic fuzzy numbers. They evaluated online
Chinese reviews about automobiles and categorized the sentences into positive,
negative and neutral polarity classes. They classified a sentence as neutral if it includes
either no sentiment words or both positive and negative sentiment words. They ranked

products based on PROMETHEE Il and determined the criteria weights subjectively.
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CHAPTER THREE
THE PROPOSED MULTI CRITERIA DECISION MAKING
METHODOLOGY

Multi Criteria Decision Making (MCDM) is a field of operation research and a
branch of decision making. According to Hwang & Yoon (1981), MCDM problems
can be divided into two main classes, namely multiple attribute decision making
(MADM) and multiple objective decision making (MODM). MODM handles the
problems in a continuous decision space and aims to obtain the optimal values of
objectives subject to set of conflicting constraints. On the other hand, MADM focuses
on the problems which aims to determine the best alternative among a set of
predetermined alternatives considering a set of conflicting decision criteria. The
decision space is discrete in this type of problems. The term MCDM is often used
instead of MADM in the literature (Triantaphyllou, 2000). In this thesis, the term
MCDM is used to point out MADM problems. MCDM methods can be classified in
various ways. Among them, MCDM methods can be classified as individual decision
making and GDM methods according to the number of DMs in the problem. A part of
this thesis focuses on developing a GDM methodology. In multi criteria group decision
making (MCGDM) problems, the alternatives are evaluated by multiple DMs and the
problem is represented by group decision matrix which is formed via aggregating the

individual evaluation of each DM.

In a MCDM problem, DMs assess a finite set of alternatives with reference to a
finite set of decision criteria considering a weight for each criterion. The set of
alternatives can be expressed by notation A = {4;, 4,, ... A, }, and the set of criteria
can be expressed by notation C = {C,, Cs, ... C;,;}. The weights of criteria are denoted
by w = {w;,w,, ..., w, } and indicate the relative importance of criteria. This MCDM
problem can be represented in matrix format. Decision matrix Y, illustrated in
Equation (3.1), is a (mxn) dimension matrix in which an element of the matrix “y;;”

indicates the performance score of i-th alternative according to j-th criterion.
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There are a number of MCDM methods with different characteristics in the
literature. Figure 3.1 illustrates the classification of MCDM methods (Hwang & Yoon,
1981). This thesis proposes a novel MCDM methodology based on the integration of
two well-known MCDM methods, ELECTRE | and VIKOR, to solve the decision
making problem handled in this study. Both of the methods are explained in detail in
the following sub-sections along with the main advantages/disadvantages of the
methods and the reasons of integrating these methods to create a more powerful

MCDM methodology for outranking problems.
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Figure 3.1 The classification scheme for MCDM methods (Zardari, Ahmed, Shirazi & Yusop, 2015)

3.1 ELECTRE Method

The family of ELECTRE methods are known as outranking methods and the first
version of these methods, ELECTRE |, is proposed by Roy (1968). After the first
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article on ELECTRE I, different versions of ELECTRE methods were introduced such
as ELECTRE Il, ELECTRE Ill, ELECTRE IV, ELECTRE IS and ELECTRE TRI
(renamed as ELECTRE TRI-B after the development of its new version, ELECTRE
TRI-C and ELECTRE TRI-nC as an extension of ELECTRE TRI-C). Each version of
ELECTRE methods were developed for proposing solutions to various types of
problematic such as choice problematic, ranking problematic and sorting problematic
(Figueira, Greco, Roy, & Slowi nski, 2010). ELECTRE | and IS were designed for
choice problematic which aims to identify the smallest set of alternatives for selecting
the best among them. ELECTRE II, 111, and 1V were designed to be employed in the
ranking problematic which aims to rank the alternatives from the best to the worst.
ELECTRE TRI, TRI-C and TRI-nC were proposed for sorting problematic aiming in

the assignment of the alternatives to pre-defined categories.

The calculation process of ELECTRE | method is based on pairwise comparison of
the alternatives so as to build outranking relations. The concordance and discordance
indices are utilized to analyze the outranking relations between the alternatives. The
dominated alternatives are eliminated by considering threshold values defined via
dominance relationships and the partial preference ordering of the alternatives is

determined.

The steps of ELECTRE | are expressed as follows (Triantaphyllou, 2000).

Step 1: The decision matrix, in other words, evaluation matrix is formed in this step.
The decision matrix is a mxn dimension matrix and it can be denoted with Y =
[Vijlmxn @s shown in Eqg. (3.2). It points out that the problem has m alternatives and
these alternatives are evaluated according to n criteria. The notation of y;; indicates

the evaluation value of i-th alternative with reference to j-th criterion.

Ay Y11 Y1z " Yin
T T
y="2|" Tz Yo (3.2)
Am Ymi Ym2 ° Ymn
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Step 2: The evaluation matrix is normalized by using Eq. (3.3) and normalized decision

matrix R = [1;]smxn, Shown in Eq. (3.4), is established.

Yij .
rij=—2 i=1,.mj=1,.n (3.3)
/ ?iﬁ’ij
"1 T2 Tin
T T . T
R=|™ 2o T (34)
Tm1 Tm2 Tmn

Step 3: The weighted normalized decision matrix V = [v;;];,xnis established by

multiplying each criterion weight with each normalized evaluation value in the column
which belongs to the related criterion. The weights of criteria determined by DM

should be normalized as well. In other words, Y.i_; w; should be equal to 1. The

calculation of the weighted normalized decision matrix can be described as Eq. (3.5).

w, 0 -0 1 Tiz = Tin Vi1 Viz = Vin

0 w, .. 0 21 T2z o Ton V21 V22 o Uz
V=1. . R L : . 1 =] : . : (3-5)
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Step 4: The concordance and discordance sets are determined by comparing the
alternatives with each other. All criteria for which A, is preferred to A, are put into
the concordance set Cy,;, as defined in Eq. (3.6).
Cap = {Jjl vaj = vy} forj=12,..n (3.6)
The discordance set D, defined by Eq. (3.7), is the complementary subset.

Dap = {j| vaj < vy}, forj =12,..n (3.7)

Step 5: The concordance matrix is formed by calculating its components, namely

concordance indices. Each concordance index reflecting the superiority degree of
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alternative A, to alternative A, is calculated by summing up the weights of criteria,

which are contained in the concordance set, based on the Eqg. (3.8).
Cap = Zjecab Wi, forj =12,..n (38)

Considering the abovementioned equation, it can be said that the concordance
matrix includes the information regarding to the differences among weights. The

concordance matrix C is described in Eq. (3.9).

C=% T (3.9)

Step 6: The discordance matrix is formed by calculating related components, namely
discordance indices. Each discordance index, reflecting inferiority degree of

alternative A, to alternative A,, is computed by the Eq. (3.10).

.- max [ve; — v

jg]X|Vaj - vb,-l

(3.10)

Considering the abovementioned equation, it can be said that the discordance
matrix includes the information regarding to the differences among performance

values. The discordance matrix D is expressed by Eq. (3.11).

- d12 d13 dlm

d21 - d23 wen dZm

D= (3.11)

dml dmZ dm3

Step 7: Concordance and discordance dominance matrices are established using
threshold values. Alternative A, can dominate alternative A, in the condition that the

related concordance index cg, is higher than or equal to the threshold value ¢. The
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average of the concordance indices can be assigned as threshold value ¢ as illustrated
in the Eq. (3.12).

1
m(m-1)

¢= a=12b=1Cap Where azb (3.12)

The elements of dominance concordance matrix defined by Eg. (3.13) and Eq.
(3.14) is formed based on the threshold value.

fab = 1, lf Cab >C (313)
fab = 0, lf Cab <cC (314)

Similarly, the average of the discordance indices can be assigned as threshold value
d as illustrated by Eq. (3.15).

- 1
d= a=12p=1dqp where azb (3.15)

m(m-1)

The elements of dominance discordance matrix is defined with Eq. (3.16) and Eq.

(3.17) and constructed based on the threshold value as well.

gab = 1, lf dab S CZ (316)
Jap = 0, if dgp >d (3.17)

Step 8: The aggregate dominance matrix E is established by multiplying the dominance
concordance matrix by the dominance discordance matrix. The elements of aggregate

dominance matrix can be calculated using Eg. (3.18).

€ap = fab * Jab (318)

Step 9: The partial preference ordering of the alternatives are acquired from aggregate
dominance matrix. The less favorable alternatives are eliminated in this step. For

instance, e,;, = 1 means that alternative A, is dominated by alternative A, according
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to both the concordance concept and the discordance concept. We can determine the
best alternative by searching for the column involving no elements that is equal to one

in aggregate dominance matrix.

For instance, let’s consider an aggregate dominance matrix as follows:

i= A1 A2 A3 A4
Al -1 0 1
E = A2 0 — 0 O
A3 0 1 — 1
A4 0 1 0 -

According to this matrix, it can be deduced that alternative A, is dominated by A;,
A; and A,. Alternative A, is dominated by A; and As. Therefore, A, and A, are
eliminated by ELECTRE. However, we cannot compare alternative A; with alternative
A because they have no elements equal to 1. Hence, no deduction can be identified
regarding to the preference relation between A;and A;. This implies an important

shortcoming of ELECTRE I, namely partial ranking.

3.2 VIKOR Method

VIKOR, developed by Opricovic (1998), is a distance-based method proposing
compromise solution that is the closest one to the ideal solution of the decision making
problem with conflicting criteria. VIKOR method proposes compromise solution (one
or a set) and compromise ranking list to be accepted by DMs by providing a maximum
group utility for the “majority” and a minimum individual regret for the “opponent”
(Opricovic & Tzeng, 2007). VIKOR method gives the opportunity to DMs to reflect
their preferences represented by the relative importance of the criteria taken into
account in the ranking process. Moreover, different ranking lists can be specified
according to different strategies followed by DMs.

VIKOR method is designed to solve the MCDM problems of which characteristics
are listed as follows (Opricovic & Tzeng, 2007).
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e The problem includes conflicting and non-commensurable criteria.
e The DM desires to obtain the solution that is closest to the ideal solution.
e The weights are assigned to represent the preferences of DMs.

e All criteria are used to assess the alternatives.
The steps of VIKOR method are explained as follows;

Suppose that there exist m alternatives (i=1,2,...m) evaluated according to n criteria

(=1.2,...n). The notation of f;; indicates the evaluation value of i-th alternative

according to j-th criterion. The notation w; represents the weights of criteria.
Step 1: Specify the best f;*, and the worst f;~ values among all criterion functions.

fi’ = max fi;and f;” = min fj;, if the j-th function represents a benefit.
L L

fi’ = min f;; and f;~ = max f;;, if the j-th function represents a cost.
L l

Step 2: Calculate the values S (group utility) by Eqg. (3.19) and R (individual regret)
by Eq. (3.20) for each alternative.

Se= D wi O = f/ 07 = ) (3.19)
j=1
_ - wilf —fy)
R; = m]ax[ e ] (3.20)

Step 3: Calculate the values Q by Eq. (3.21) for each alternative

*

; — R, — R\
Qi=y*5i_5*+(1—y)*<Ri_R*) i=12,..m (3.21)
where S~ =max$S;; S*=minS; R™ = maxR;; R* = minR; and y is
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defined as a weight for the strategy of maximum group utility, whereas (1 —y) is

defined as a weight of the individual regret.

Step 4: Rank the alternatives, sorting by the values S, R and @ in descending order.
Suppose that A; is the first in the ranking according to the values of Q. We accept

alternative A; as compromise solution if it satisfies the following two conditions:

Condition 1. Acceptable advantage:

Q(42) — Q(4) = DQ 3.22)

A, is the second alternative in ranking according to values of Q and DQ = 1/ (m-1)

Condition 2. Acceptable stability in decision making:

Alternative A; must be in the first position of the ranking lists created considering
S and/or R. This compromise solution is stable within a decision making process,
which could be “voting by majority rule” (y > 0.5 is needed), or “by consensus” (y =
0.5 is needed), or “with veto” (y < 0.5 is needed) (Opricovic & Tzeng, 2004). Here,
y is the weight of decision making strategy. When y > 0.5, the values Q; follow
majority rule. If alternative A, satisfies only one condition, then a set of compromise
solutions is proposed. If Condition 2 is not satisfied, then A; and A, are the
compromise solutions. If Condition 1 is not satisfied, then A;, A4,... A,, are the

compromise solutions where

Q(4,,) —Q(4;)<DQand DQ=1/(m—1) (3.23)

3.3 The Reason of Integration of VIKOR with ELECTRE

ELECTRE I is a simple and useful methodology. It has an advantage in proposing

the best solution with pairwise comparison approach, but it has several shortcomings,

mainly in the ranking procedure. The major disadvantage is that it provides partial
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ranking. This method identifies the alternatives that dominate other alternatives
according to concordance and discordance criteria. It is possible to come across the
situations in which the preference relation between some alternatives cannot be
determined. Therefore, ELECTRE | method is convenient for the problems aiming in
determining only the best alternatives instead of a complete ranking list and for the
problems in which there exist a few criteria with a large number of alternatives. On
the other hand, VIKOR has advantages in terms of providing complete ranking.
Therefore, the integration of VIKOR to ELECTRE I leads to overcome the weaknesses
of ELECTRE I. Zandi & Roghanian (2013) proposed a methodology integrating
ELECTRE I and VIKOR to take the advantages of both methods under fuzzy set
theory. We extended this methodology under intuitionistic fuzzy environment and
developed a novel MCDM methodology, namely “IF-ELECTRE integrated with
VIKOR”. Moreover, the MCDM methodology used in this study differs from the
methodology developed by Zandi & Roghanian (2013) in terms of determination of
the criteria weights through entropy equations to capture the vagueness and
disagreements among the DMs and establish a more reliable matrix for criteria weights
by using an objective weighting approach. Three different concordance and
discordance sets (strong, midrange and weak) are specified and the relative importance
of each concordance sets is determined via weighted distance approach that benefits

from Euclidean distance measure.

3.4 Studies Extending ELECTRE with Intuitionistic Fuzzy Set Theory

A number of studies that integrate ELECTRE methods with IFS theory and apply
this integration to various outranking problems exist in the literature. Among them,
Wu & Chen (2011) proposed a MCDM approach which is the first attempt to use
ELECTRE based on IFS theory. They introduced different kinds of concordance and
discordance sets utilizing the characteristics of IFS theory and ranking process based
on the concepts of positive and negative ideal solutions. Shen, Xu, & Xu (2016)
developed an outranking method for MCGDM dealing with sorting problematic. They
proposed outranking relations utilizing from characteristics of IFSs. The developed

method is applied to a case study regarding bridge risk assessment. Devi & Yadav
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(2013) proposed an extension of ELECTRE method for selection of plant location
problem in which decision matrix is generated based on triangular IFSs. Vahdani,
Mousavi, Moghaddam, & Hashemi (2013) presented an extending ELECTRE method
under IFS environment and they applied it to select best flexible manufacturing
system. In this paper, the new discordance index is proposed utilizing fuzzy distance
measure. Yunna, Jinying, Jianping, Shuai, & Haobo (2016) proposed a methodology
handling offshore wind power site selection using ELECTRE-I1I method based on IFS
theory. Hashemi, Hajiagha, Zavadskas, & Mahdiraji (2016) extended ELECTRE-III
method providing from interval-valued IFS concept in which elements are defined by
membership and non-membership interval. The developed method is applied to an
investment project selection and an air conditioning system selection problem. Xu &
Shen (2014) proposed an extended ELECTRE | method based on interval-valued IFSs
for GDM problems. A new entropy model is proposed in order to obtain weights of
the criteria in this study. The developed method is illustrated by implementing to a
supplier selection problem. Zhang, Peng, Wang, & Wang (2017) developed an
outranking approach based on ELECTRE-I method in which the DMs express their
judgments on the alternatives with linguistic terms instead of numerical values.
Therefore, new outranking relationships are introduced for linguistic intuitionistic
fuzzy numbers to use in MCDM problems, and a coal mine safety evaluation problem

is applied to demonstrate the developed method.
3.5 Intuitionistic Fuzzy Set Theory

Fuzzy set theory presented by Zadeh (1965a) differentiates from the classical set
theory since the elements of a set is defined with their membership degree to the set.
Let X be a universal set and a fuzzy set A in X is represented by Eq. (3.24).

A={<xuux)>|xeX} (3.24)

where u,4(x): X — [0, 1] indicates the membership degree of the element x € X to A
subset of X.
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IFS theory introduced by Atanassov (1986) considers non-membership degree of
an element to the set as well as membership degree.

Let X be a universal set and an IFS A in X is represented as shown in Eq. (3.25).
A= {< X, .uA(x)l UA(x) > |xEX} (325)
where the functions pu,(x):X — [0,1] and v,(x):X — [0,1] represent the

membership degree and non-membership degree of the element x € X to A subset of

X and for every x € X in the following condition defined by Eq. (3.26).
0<pu,(x)+v,(x) <1 (3.26)
Atanassov (1986) defines function m,(x): X — [0,1] as in the following:

Ta(x) =1 — ps(x) —vu(x) (3.27)

In Eq. (3.27), m4(x) indicates the hesitancy (i.e. indeterminacy or uncertainty) degree

of the element x € X to subset A.
3.5.1 Intuitionistic Fuzzy Numbers and Some Operational Laws

IFSs are composed of intuitionistic fuzzy numbers (IFNs), in other words
intuitionistic fuzzy values (IFVs), which are characterized by the degree of
membership (x) and the degree of non-membership (v) of an element (Xu, 2007). The
operational laws of IFNs (Eq. (3.28) and Eq. (3.29)) are used to develop intuitionistic
fuzzy aggregation operators required for aggregating intuitionistic fuzzy information.
For this purpose, intuitionistic fuzzy weighted averaging (IFWA) operator (Xu, 2007)
is used in this study. Two basic operational laws for IFNs are defined as follows (Xu,
2007; Xu and Yager, 2006). Let a = (uq, vo) and B = (ug, vg) be two IFNSs, then;

a® B = (g + g — ta * g, 1 — Vg * Vp) (3.28)
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Sa=1-1-puy,)? 1—-v,%),wheres >0 (3.29)
3.5.2 Distances for Intuitionistic Fuzzy Sets

In this study, distance measure between IFSs, which is firstly introduced by
Atanassov (1986), is applied for describing the differences between IFSs. The distance
measure specifies the difference or similarity between IFSs. In other words, if the
distance between two IFSs is high, the difference between these IFSs is high as well
and the similarity between these IFSs is low. Distance measures between IFSs have
been used commonly in application areas such as machine learning, decision making,
pattern recognition and market prediction (Wang & Xin, 2005). Atanassov (1986) and
Szmidt & Kacprzyk (2000) generalized Hamming distance, Euclidean distance and
their normalized counterparts. Szmidt & Kacprzyk (2000) presented concepts of
distances between IFSs based on geometrical representations. Let A and B be two IFSs
in X = {xq, x5, ... X, }. Szmidt & Kacprzyk (2000) proposed four widely used distance

measures between IFSs A and B. These measures are defined in the following;

e The Hamming distance is defined by Eqg. (3.30).

1 n
dy(A,B) = EZ(WA(";') — us ()| + |va (%) = v )| + |ma () — 75 (X)) (3.30)

j=1

e The normalized Hamming distance is defined by Eq. (3.31).
1 n
dni (4, B) = Zz(lﬂA(xj) = 15 ()] + [va(35) = va )| + |ma () = ma () ) (3.31)
j=1

e The Euclidean distance is defined by Eqg. (3.32).

dz(A,B)

u 2 2 2 3.32
= % 4 (.UA(xj) - #B(xj)) + (vA(x,-) - vB(xj)) + (nA(xj) — T (x]-)) (3.32)

J
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e The normalized Euclidean distance is defined by Eq. (3.33)

dnE(A! B) =

%Z}Zl (MA(xj) - Ms(xj))z + (UA(xj) - vB(xj))Z + (nA(xj) - ”B(xj))z

(3.33)

In this paper, the Euclidean distance is used to measure the difference between

evaluation values of alternatives which are defined as IFSs.

3.5.3 Linguistic Variables

Linguistic variables are variables of which values are not numbers but words or,
more generally, linguistic labels of fuzzy sets (Zadeh, 1983). They can be applied when
crisp data are inefficient to describe the real life situations in MCDM (Wang & Lee,
2009). Linguistic variables can be quantified and used as mathematical operators
utilizing IFS theory (Biiylikozkan & Gdger, 2017). For instance, the evaluation score
of alternatives can be defined as linguistic variables such as “very good”, “good” and
“medium good”. These linguistic variables can be expressed by IFNs. The importance
of criteria and DMs are also defined by DMs using linguistic variables expressed with
IFNs such as “very important”, “important” and “medium”. Hence, the weights of
criteria and DMs are obtained based on these variables (Boran, Genc, Kurt, & Akay,
2009). In our study, DMs evaluate the alternatives according to each criterion using

linguistic variables expressed by IFNs which is shown in Table 3.1.

Table 3.1 Linguistic variables for the evaluation of alternatives (Boran et al.,2009)

Linguistic variables Intuitionistic fuzzy numbers
Extremely good (EG) / extremely high (EH) (1.00, 0.00, 0.00)
Very very good (VVG) / very very high (VVH) (0.90, 0.10, 0.00)
Very good (VG) / very high (VH) (0.80, 0.10, 0.10)
Good (G) / high (H) (0.70, 0.20, 0.10)
Medium good (MG) / medium high (MH) (0.60, 0.30, 0.10)
Fair (F) / medium (M) (0.50, 0.40, 0.10)
Medium bad (MB) / medium low (ML) (0.40, 0.50, 0.10)
Bad (B) / low (L) (0.25, 0.60, 0.15)
Very bad (VB) / very low (VL) (0.10, 0.75, 0.15)
Very very bad (VVB) / very very low (VVL) (0.10, 0.90, 0.00)
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3.5.4 The Entropy Concept

The concept of entropy in information theory was firstly proposed by Shannon
(1948) which presented an equation to measure the uncertainty in information based

on probability theory. The formulation of Shannon’s Entropy is depicted in Eq. (3.34).

n
H(py,p2) D) = — Z pilnp; (3.34)

=1

where p; (i = 1,2, ...n) are probabilities of random variable.

Several studies are conducted regarding entropy concept. Among them, Zadeh
(1965b) introduced the fuzziness degree of fuzzy sets which is referred as entropy of
a fuzzy set. De Luca & Termini (1972) proposed non-probabilistic entropy measure
for fuzzy sets. De Luca-Termini entropy for fuzzy sets is depicted in Eq. (3.35)
(Vlochos & Sergiadis, 2007).

1

EfTS(A) - niln2

D la G gz (20 + (1= iz D) In(1 = )] (3:35)

De Luca-Termini entropy measure, denoted by Ef7(4), describes the degree of

fuzziness of an IFS A. Szmidt & Kacprzyk (2001) extended the axioms proposed by
De Luca & Termini (1972) and presented a non-probabilistic type entropy measure for
IFSs on the basis of geometric interpretation of IFSs. Further, Vlochos & Sergiadis
(2007) extended the De Luca-Termini non-probabilistic entropy for IFSs and they
asserted that intuitionistic fuzzy entropy (IF-entropy) measure describes not only
fuzziness but also intuitionism of an IFS. The equation for IF-entropy measure
proposed by Vlachos & Sergiadis (2007) is defined by Eqg. (3.36).

n

1
) hta G Iy (30) + v G In vy () — (1

E[f°(4) = -

(3.36)

= 14 (x)) In(1 = 7m,%;)) — 4 (x;) In 2)
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IF-entropy measure, denoted by E/ES(A) , comprises the degree of fuzziness and

the degree of intuitionism of an IFS A.

In this study, the entropy method is used for assigning weights to the criteria and
DMs in the MCDM methodology developed in this thesis. Zeleny (1976) introduced
the concept of using entropy to measure and assign the criterion weight. According to
Zeleny (1976), more distinct individual criterion scores means larger corresponding
entropy weight of criterion. Moreover, the larger the entropy measure of a criterion,
the less information is transmitted by the related criterion, hence the criterion weight
is smaller. This methodology employs Entropy measure to determine criteria weights
based on the idea in Zeleny (1976). However, we use entropy equation proposed by
Vlochos & Sergiadis (2007) whereas Zeleny (1976) employs Shannon’s entropy.
Moreover, the methodology developed in this paper utilizes Entropy measure as an
objective weighting approach for weighting DMs based on Zeleny (1976)’s
methodology. To this aim, we extract uncertainty degree of each individual decision
matrix using entropy measure and determine the weights corresponding to each DM
according to obtained entropy measures.

3.6 MCDM based on IFS Theory

Let X = {x4,xy,...,%x,} the set of criteria and A = {4,,4,, ..., A,,} the set of

alternatives. Alternative A; is represented as an IFS of the following form (Eq. 3.37).
where XU = (‘Llij, vij)'
X;; defines the degree of satisfaction and dissatisfaction of the ith alternative

according to the jth criterion, respectively denoted by u;; and v;; in Eg. (3.38) and Eq.
(3.39).

0 < u;(x) +v;(x) <1, i=12,..m, j=12,..n (3.38)
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TTjj (x)=1- llij(x) — v;5(x) (3.39)

m;;(x) is the hesitancy degree of the ith alternative according to the jth criterion.

Hence, the intuitionistic fuzzy decision matrix (IF-decision matrix) M is defined with
Eq. (3.40).

Xll Xln

(3.40)

[ (M11,V10,T11) = (Man Vin, Tin)

Xml an (/flml' vml'nml) (.umnrvmn'nmn)

LetE = {E,, E;, ..., E; } the set of DMs. In MCGDM problems based on IFS theory,
each DM expresses his/her evaluation on alternatives with reference to each criterion
using IFNs. Then, all individual evaluations are aggregated to propose group

evaluation. Each individual evaluation on alternatives proposed by each DM are shown

by individual IF-decision matrix Z®) = (z(k))mxn in Eq. (3.41).

k k k k k k k
ay g fendelm) o m)
(k) (k) () (k) (k) () (k) e
Zmi " Zmn (U1 Vi1 » T  (Hmn Vmno Tmn
where zi(;‘) indicates the evaluation of E; on alternative A; with reference to
criterion x;.

3.7 Proposed IF-ELECTRE Integrated with VIKOR Methodology

This section explains the procedure of MCGDM methodology based on integration
of ELECTRE and VIKOR methods under IF environment. This methodology can be
implemented to the decision making problems in which a decision committee with a
specified number of experts evaluates the alternatives as well as to the problems in
which a vast number of people evaluate the alternatives. According to the type of the
problem the steps of the methodology may differentiate. Due to the type of the problem

handled in this thesis, construction of group decision matrix is based on calculating
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the percentages of the votes given by a vast amount of people. The sentences in online
reviews can be seen as a vote from a customer. On the other hand, steps of the
methodology for the problems needing expert opinions for decision making are also
proposed. For this type of problems, certain number of experts assess the alternatives
through linguistic variables and the group decision matrix is established by
aggregating opinions of all experts using IFWA operator. After the construction of
group decision matrix, the same steps are conducted for both of the problems. In this
chapter, we explain the steps of the developed MCDM methodology considering the
problem with certain number of DMs. In the last section of Chapter four, the
differences in the first step of the methodology for the problems involving a vast
number of DMs can be observed. The methodology mainly consists of 12 steps which
are explained in detail in this section. The flow chart of developed methodology is

illustrated in Figure 3.2.
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Figure 3.2 The flow chart of the developed methodology: IF-ELECTRE integrated with VIKOR
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The notations for the proposed MCDM methodology are as follows:

A ={Ay,A,, .., A} is the set of alternatives,

C ={Cy,Cy, ..., Cp} is the set of criteria,

E ={E,, E,, ..., E;} is the set of DMs.

W = {w,,w,, ..., w,, } is the set of weights assigned to criteria
6 = {61, 65, ... Ox} is the set of weights assigned to DMs.

3.7.1 Determination of the Goal, Alternatives and Criteria

Decision committee identifies the goal and scope of the decision making problem,

as well as the alternatives and the criteria that will be used to evaluate alternatives.

3.7.2 Construction of the Individual Decision Matrices

DMs evaluate the alternatives with reference to each criterion using linguistic
variables represented by IFNs, therefore each individual decision matrix is formed

according to evaluation of each DM.

3.7.3 Determination of the Weights of Decision Makers

Suppose that there exists k DMs. Each DM E;, may have different level of
experience and knowledge on the alternatives, so the relative importance for each DM
should be determined. There are two methods to obtain the weights of DMs. The
subjective methods, which deal with preferences and judgments of DMs to obtain
weights, evaluate DMs according to their characteristics such as social positions,
experiences on related problem etc. The studies applied subjective methods generally
use linguistic variables to express relative importance of DMs or assume that the
weights related to DMs are pre-determined. The methodology developed in this thesis
obtains the weights of DMs objectively by objective weighting methods since these
methods are independent of psychological effects and they are based on a

mathematical background. Proposed method directly uses individual decision matrix
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which expresses opinion of DM related to alternatives to determine the weights and
measures the uncertainties of individual decision matrices. If the uncertainty of an
individual decision matrix is low, it means that more information is transmitted by the
DM who constructs the so-called individual decision matrix. Therefore, a relatively
higher value is assigned as the weight of DM. The uncertain information contained by
an IFS can be measured by means of entropy. Wei & Tang (2011) obtained the weights
of DMs from intuitionistic preference relation matrices which express the preference
information of DMs for each pair of alternatives. Each individual intuitionistic
preference relation matrix is regarded as an IFS and the uncertainty of them are
calculated based on entropy method. In a similar way, our methodology utilizes
objective weighting method based on entropy measure for obtaining the weights of
DMs. To this aim, each individual decision matrix Z* = (z{‘j)mxn is considered as an
IFS and then the uncertain information of each Z* is measured using entropy equation.
As stated previously, we apply IF-entropy measure proposed by Vlachos & Sergiadis
(2007) to calculate uncertain information of each Z .

The weighting method used in this study is explained as follows. Firstly, the following

Eq. (3.42) is used to calculate entropy measure denoted by E/55(Z®)) for each 2.

n m

1

Eil;s(z(k)) = - IHZZZ[MU lnllij + vy In Vij — (1
j=1i=1

(3.42)
- T[ij) ln(l - 77.'1']')) - Tl.'l'j In 2]

where

Z®) indicates individual IF-decision matrix of E,, j = 1,2,..,n i=1.2,..m

The degree of divergence for each Z®) which increases with the decrease of entropy

measure is calculated as following Eq. (3.43);

d,;=1-— E{’;S(ZU‘)) (3.43)
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Finally, the weights of DMs indicated by a set § = {6, 62, ... 6, } are calculated by
Eq. (3.44).

d ;w0

8 = =t
YK dge

(3.44)

where 6, =0, k =1,2,..K and YX_, 6, = 1.

It is concluded that the weight of Ej has a higher value given that the entropy
measure of Z®) has a lower value. In other words, a higher value is assigned to the

weight of E,, if a low degree of uncertainty is obtained for Z®).
3.7.4 Construction of Group Decision Matrix

The individual evaluation of each DM is represented by an IF-decision matrix Z* =
(z{‘j)mxn and aggregated in order to construct a group decision matrix Z = (z;;)mxn
using IFWA operator (Xu, 2007). The elements of group decision matrix z;; are

calculated by Eq. (3.45). The weights of DMs are important factors that impact the

accuracy of the aggregation process, which can be formulated by Eq. (3.45).

1 2 K
= IFWAs (20,27, ..., 2{)

— (1) o) 6 Z( ) o) 632(3) D .0 6 Z(K)

(3.45)
= (1 —TIIk= (1 M(k)) IT%= 1( (k)) , k=1 (1 #(k))
[T (v )%%)
The group decision matrix Z = (z;;)mun IS represented with Eq. (3.46).
Z11 "t Zin (U110, V110, T11) - (Han Vin Tan)
Z=|3:i - Pl = : : (3.46)
Zm1 " Zmn (Um1 Vm1Tm1) - (Mmns Vmno Tmn)
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3.7.5 Calculating the Weights of Criteria Using Entropy Method

Since the weights of criteria have a significant impact on the ranking results
(Mareschal, 1988), the determination of criteria weights reliably is critical in MCDM.
The approaches aiming at specifying weights can be categorized into subjective
approaches and objective approaches (Ma, Fan, & Huang, 1999). In the studies that
apply subjective approaches (Tavana, Zareinejad, Di Caprio, & Kaviani, 2016;
Roostaee, lzadikhah, Lotfi, & Rostamy-Malkhalifeh, 2012), each DM expresses
his/her evaluation on importance of criteria and the subjective weights are derived
from these evaluations by subjective approaches such as AHP (Saaty, 1980) and
Delphi methods (Hwang & Lin, 1987). On the other hand, in studies that apply
objective approaches, objective weights are derived considering the information
provided by decision matrix. The weights of criteria can be determined objectively by
calculating entropy measures of criteria (Zeleny, 1976). Low values of entropy reveals
that the evaluation scores of the alternatives according to a criterion are less similar
(Hung & Chen, 2009) and more information is transmitted by the criterion, and thus
the weight of criterion is higher (Zeleny, 1976). In this step, the weights of criteria are
obtained using the IF-entropy measure proposed by Vlachos & Sergiadis (2007).

Several studies (i.e. Hung & Chen, 2009; Zhang & Liu, 2011) used entropy method
with the aim of determining the weights of criteria based on IF-decision matrix. The
entropy weights of criteria are calculated using Eq. (3.47), Eq. (3.48) and Eq. (3.49),
respectively.

Considering each criterion as IFS, the following equation is used in order to

measure the entropy value of each criterion;

m

1
E[f5(G) = —mz[ﬂlj Inp; +vilnv; — (1

i=1

(3.47)
- TI.'U) ln(l - Tl.'”)) - T[ij In 2]

45



where C; indicates the jth criterion. Here, if p;;=0, v;;=0, m;;=1, then, u;; In u;;=0,
v;; Inv;;=0, (1 — m;;) In(1 — v;;)=0, respectively. Ef5°(C;) comprises the hesitancy
degree and the fuzziness degree of the IFS C;. Then, the degree of divergence (d;) of

the average intrinsic information provided by the corresponding performance scores

associated with criterion C; can be calculated using the following equation:
d; =1—-EF(G) (3.48)

here, d; indicates the degree of divergence which increases if the entropy value

decreases. Therefore, the entropy weights of criteria is determined as follows:

Wi =S (3.49)
! 1]'1=1 dj
where w; indicates the entropy weight of jth criterion. It is concluded that the weight

of a criterion has higher value in the condition that the entropy of the criterion has

lower value.
3.7.6 ldentification of the Concordance and Discordance Sets

Three different concordance and discordance sets are generated using the concepts
of score function, accuracy function and hesitancy degree based on Wu & Chen
(2011). In this step, score function (Chen & Tan, 1994) and accuracy function (Hong
& Choi, 2000) are used to compare the IFVs based on Eg. (3.50) and Eg. (3.51),

respectively:

S(xij) = Uij — Vg (350)

S(xij) = wij + vy (3:51)
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where x;; is IFV. For example, let x; = (0.80,0.10), x, = (0.55,0.25) and x3 =
(0.60,0.30) be three IFVs. The score of these values are calculated as 0.70, 0.30 and
0.30 by score function, respectively. Higher score degree means larger IFVs. Therefore
the largest value is the first one. In the condition that the score degrees of IFVs are
equal (as in the case that second and third scores), the accuracy scores of IFVs are
evaluated. The accuracy scores of the second and third are calculated as 0.80 and 0.90
by accuracy function, respectively. Higher accuracy degree means larger IFVs. Hence,
the third is larger than the second. In the condition that the accuracy degrees are also
equal, IFVs are considered as equal as well.

As a result, it is concluded that larger IFVs have larger membership degree, smaller
non-membership degree and smaller hesitation degree. On the basis of the above
explanation, the strong, midrange and weak concordance and discordance sets are
generated. Given the pairwise comparison of alternatives A, and A4;, concordance sets

consist of all criteria where A, is either preferred or judged as equal to A,, whereas

discordance sets consist of all criteria for which A, is worse than 4,,.
The strong concordance set C;,can be formulated by Eq. (3.52).
Cc,lb = {] |,uaj = ,ubj, vaj < vbj and T[aj < T[bj} (352)

The midrange concordance set C,), can be formulated by Eqg. (3.53).

1

wp = U |Baj = tpjy vaj < vpj and myj =y} (3.53)

The weak concordance set C,;, can be formulated by Eq. (3.54).

nr

wr = U |Haj = tpjy Vaj = vpj) (3.54)

The strong discordance set D/, can be defined by Eq. (3.55).

47



D), = {j |uaj < Upj» Vqj = Vpjand Tg; = nb]-} (3.55)

The midrange discordance set D, can be defined by Eq. (3.56).

Il

ab = {j |uaj < Upj, Vgj = Vpj and myj < nbj} (3.56)

The weak discordance set D/, can be defined by Eq. (3.57).

Dyy = 1{j |taj < tpj» Vaj < Uiy} (3.57)
3.7.7 Calculating the Weights of Concordance Sets

Here, the relative importance of the three different concordance sets established in
the previous step are determined based on the weighted distance measure, which is
employed for describing the differences between IFSs. The higher distance measure
means the higher difference between two IFSs. Since the distance measure evaluates

the dominance degree between IFNs, we utilized weighted distance measure w; *
d(z,j, zp;) to calculate total dominance degree of concordance sets. Total dominance

degrees of strong, midrange and weak concordance sets can be defined as Eq. (3.58),
Eqg. (3.59) and Eqg. (3.60), respectively.

dd' = Zfb=1 Zje cl, w; * d(zaj,zbj), (3.58)
a+b

dd'’' = Zg,lb=1 je C¢’1,b W] * d(Zaj'ij)' (359)
a*b

dd" = Yab=1Xje cty Wi * d(Zajs Zvj)- (3.60)
a+b

Therefore, the weights of strong, midrange and weak concordance sets can be
calculated with Eq. (3.61), Eq. (3.62) and Eq. (3.63), respectively. (Zhang et al., 2017).
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dd’'

) = 3.61

Ve T A dd" + dd” (361
B ddll

Wernr = dd' +dd" + dd'"" (362)
ddlll

Wt = (3.63)

dd’ + dd" + dd""

where w; = d(z,,zp;) indicates the dominance degree of alternative A, over
alternative A, according to criterion C; which is a member of concordance set and
d(zqj,zp;) indicates distance measure for alternatives A, and A, according to C;

which is computed using Euclidean distance measure calculated by Eq. (3.32).

3.7.8 Construction of the Concordance Matrix

Concordance matrix is composed of concordance indices which reflect the degree
of superiority of one alternative over another alternative. Each concordance index is
calculated by utilizing the comprehensive concordance index (Figueira et al., 2010).
The calculation of concordance index g,, which reflects the superiority of

alternative A, over alternative A4, can be formulated with Eq. (3.64).

Jap = Wer * z W] + Werr * Z Wj+WCIII * Z W] (364)

e ez jecy
where the criteria weights are denoted by w; and the weights of the strong, midrange

and weak concordance sets are indicated by w., w. and wgrr, respectively.

Consequently, the concordance matrix G is constructed as shown in Eq. (3.65).

[ 91z - 9im
| 921 - Y23 92m |
G = — (3.65)
[g(m—l)l - g(m—1)mJ
Imi Im2 Im@m-1) -
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3.7.9 Construction of the Discordance Matrix

Discordance matrix is composed of discordance indices which reflect the degree of
inferiority of one alternative to another alternative. The calculation of discordance
index f,, which reflects the inferiority of alternative A, over alternative A4, based on

the criteria in discordance sets can be formulated by Eq. (3.66) (Zhang et al., 2017)

max w; * d(z i\ Z )
P 17 77800 ajr4bj
fab _ JEDgpU DypU Dy (366)

axd(z,i, zp;
iej (aj b])

d(za, zp;) indicates the distance between the performance score of alternative 4, and
the performance score of alternative A, according to criterion C; calculated using Eq.

(3.67). Thereby, the discordance matrix F is formed as shown in Eq. (3.67).

[ - fiz - fim ]
| fa - fa3 fam |
F=| - . = s | (3.67)
f(m—l)l - f(m—l)mJ
fml fmZ fm(m—l) -

3.7.10 Calculate the Group Utility Values S and Individual Regret Values R for

Each Alternative

In this step, VIKOR method is incorporated into the methodology to eliminate the
disadvantage of ELECTRE 1 in terms of providing partial ranking by generating a
complete ranking list. VIKOR presents two different ranking lists according to
maximum group utility of majority, defined by min S; and minimum individual regret

of the opponent, defined by minR;.
Then, it aggregates group utility values (S;) and individual regret values (R;) by

considering the weight of y determined according to the strategy of DM and calculates

the coefficients (Q;) indicating the degree of closeness to ideal solutions for each
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alternative. Therefore, the compromise ranking list and the compromise solution is
determined according to descending order of Q;. Opricovic & Tzeng (2007)
demonstrated the similarity between the discordance condition concept in ELECTRE
and individual regret characteristic (R;) in VIKOR and similarity between
concordance condition concept in ELECTRE and group utility characteristic (S;) in
VIKOR. Thus, they introduced aggregating discordance index and aggregating
concordance index so as to realize the complete ranking. After conducting a numerical
experiment, they acquired the same ranking results according to ordering of R; values
in VIKOR with the results obtained using the aggregating discordance index. They
also obtained similar ranking results via aggregating concordance index and with the

ranking results obtained based on ordering of S; values in VIKOR.
These concordance and discordance indices are specified through concordance and
discordance matrices established in the previous steps and they are employed to

determine R; and S; values in VIKOR method. The aggregating discordance index of

alternative A, can be calculated using Eqg. (3.68).

fu= Ra/C (3.68)

where C = maxw; and f, = maxfy; i #a i ={1,2,..m}
j i
The aggregating concordance index of alternative A, can be calculated with Eg. (3.69).
gda=1-5, (3.69)

where g, = Zﬁagai | (m—=1)and g, = Wer *ngc"u. w; + Werr ¥ ZJ'EC{;’i w; +

Wi * Zjecé’i’ w; and alternatives i = {1,2,...m} and criteria j = {1,2, ...n}.

Therefore, the values R of each alternative i is calculated with Eq. (3.70).
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The values S of each alternative i is calculated by Eq. (3.71).

3.7.11 Computing the Degree of Closeness Coefficients (Q) for Each Alternative

Q represents aggregation of the values of S and R using weighty. For each

alternative, the values of Q; is determined based on values of S; and values of R; as in
the following Eq. (3.72).

Si—S§* R; —R*
. - i j = 3.72
Ql y * S_ _ S* + (1 y) * (R_ 4 R*) l 1,2, e m ( )
where S™ =maxS;; S*=minS; R™ = maxR;; R* = minR;;

The notation of y indicates a weight for the strategy of maximum group utility,
whereas (1 — y) indicates a weight of the individual regret. The DMs can express their
preferences for the strategy of maximum group utility by means of y value. If DMs
prefer to emphasize on the “majority of criteria”, a value greater than 0.5 is assigned
to y. Then, the ranking list follows the strategy of maximum group utility. If DMs want
to increase the effect of unsatisfied criteria on the ranking of alternatives, a value less
than 0.5 is assigned to y. Then the ranking list follows the strategy of minimum

individual regret. If the consensus is preferred, 0.5 is assigned to y.

3.7.12 Rank the Alternatives, Sorting by the Values S, R and Q in Decreasing Order

In this step, three ranking lists are obtained in decreasing order of the values S, R
and Q. The solution according to min S; represent the situation of maximum group
utility, whereas the solution according to minR; represent the situation of minimum
individual regret. The alternative at the first position in the ranking list based on Q;
values is accepted as compromise solution provided that following two conditions are

satisfied:;

Condition 1. Acceptable advantage:
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Consider alternative A, is in the first position of the ranking list. The condition of

acceptable advantage expressed by Eq. (3.73) must be satisfied.

Q(A2) — Q(4,) = DQ (3.73)

where A, is the second alternative in ranking according to values Q, and DQ =1/
(m-—1).

Condition 2. Acceptable stability in decision making:

The alternative A; must also be the best in the ranking list obtained based on S
and/or R. This compromise solution is stable within a decision making process, which
could be “voting by majority rule” (y > 0.5 is needed), or “by consensus” (y =
0.5 is needed), or “with veto” (y < 0.5 is needed). Here, y is the weight of decision
making strategy of maximum group utility (Opricovic & Tzeng, 2004). If one of the
above mentioned conditions is not satisfied by alternative A;, then a set of compromise

solutions is presented.

e If Condition 2 is not satisfied, then A; and A, are the compromise solutions.
e If Condition 1 is not satisfied, then A, A,,... A,, are the compromise solutions
where Q(4,,) —Q(A;) <DQand DQ =1/(m—1).

3.8 Computational Experiments

In this section, the applicability of the developed MCDM methodology is explored
through four different examples with the aim of testing whether the methodology
presents coherent solutions and rankings. To this aim, (1) the individual decision
matrices from studies in the current literature, in which a GDM problem is under
consideration, (2) a decision matrix from studies in the current literature, in which a
GDM problem is not under consideration, are taken as input to explore the applicability
of our methodology both on GDM problems and individual decision making problems.

The weights of criteria and the weights of DMs in the examples are calculated
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according to the objective weighting procedure of our methodology. We present three
different rankings for each example according to different weights of decision making
strategy of maximum group utility or (“majority of criteria”), denoted by y. We set y
0.25 (for “individual regret”), 0.50 (for “consensus”) and 0.75 (for “majority rule”) to

present different ranking lists for DMs who consider different strategies.

3.8.1 Experiment 1 - Manufacturing System Selection

The method developed in this study is applied to the case study presented in
Vahdani et al. (2013). This study deals with the selection of flexible manufacturing
systems (FMSs). A committee of three DMs evaluates five alternatives of FMSs with
reference to five criteria by the linguistic variables. The alternatives are Al, A2, A3,
A4 and A5. The criteria set consists of five criteria; C1: Quality of results, C2: Ease of
use, C3: Competitive, C4: Adaptability and C5: Expandability. An IF-ELECTRE
method is developed in VVahdani et al. (2013) in which the preference order based on
relative superiority of the alternatives are changeable according to the threshold values
of concordance and discordance indices. They applied pairwise comparisons and
illustrated the binary relations such as preference, indifference and incomparable
between alternatives using decision graph. Considering these relationships between
alternatives, Vahdani et al. (2013) proposed the ranking result as A3>A1>A2>A4>A5.
They also conducted sensitivity analysis by changing threshold values and conclude
that A3 is the dominant alternative and A5 is the worst alternative for each situation in
sensitivity analysis. They compared their results by applying IF-TOPSIS method
which is developed by Boran et al. (2009). IF-TOPSIS ranking was obtained as
A3>A4>A1>A2>A5. We have utilized the individual decision matrices presented in
Vahdani et al. (2013) as input in our methodology and calculated the weights of DMs
and the weights of criteria based on entropy equations. The weights of three DMs are
obtained as 0.401, 0.285 and 0.314 and the weights of five criteria are 0.268, 0.210,
0.271,0.128 and 0.123, respectively. We set the value of y = 0.75,y = 0.50and y =
0.25, in each of condition the same ranking is obtained; A3>A4>A2>A1>A5. Similar
to the results of Vahdani et al (2013), applying our methodology we obtained that the

best alternative is A3 and the worst alternative is A5 as well. The method proposed in
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Vahdani et al (2013) has some similarities to our method. For instance, Vahdani et al
(2013) extended ELECTRE method based on IFS theory and made use of concordance
and discordance relations. However, their method is choice problematic and proposes
partial ranking whereas our methodology provides complete ranking by the integration
of IF-ELECTRE method with VIKOR. In addition, the weights of criteria and the
weights of DMs are expressed by linguistic variables and obtained based on subjective
approaches in Vahdani et al (2013), whereas the weights of criteria and the weights of

DMs are calculated objectively in our methodology.

3.8.2 Experiment 2 - Project Manager Selection

The second application of the methodology developed in this study is performed
using the case study data presented by Wu & Chen (2011) in which an IF-ELECTRE
method is proposed. Selection of project manager problem is considered in this paper.
Six alternatives are considered, namely Al, A2, A3, A4, A5 and A6. The evaluation
criteria are; C1: Self-confidence, C2: Personality, C3: Past experience and C4:
Proficiency in project management. Decision makers’ evaluations are expressed by
interval value fuzzy numbers and they are transformed into IFNs in the study. The
weights of criteria are pre-determined and they are expressed by crisp values. Wu &
Chen (2011) proposed three different concordance and discordance sets. However, the
weights of concordance and discordance sets are determined based on preference of
DM. In other words, all of the weights in the study are determined subjectively. They
proposed complete ranking by integrating the “closeness to ideal points” concept of
TOPSIS method to ELECTRE method. As a result, Wu & Chen (2011) proposed the
ranking as A6>A4>A5>A3>A2>Al.

We have taken the IF-decision matrix in Wu & Chen (2011) as input because no
individual decision matrices are identified in the study since the study do not deal with
GDM. The weights are re-calculated objectively using the related steps of our
methodology using entropy equation and weighted distance measure. The weights of
four criteria are obtained as 0.140, 0.252, 0.212 and 0.396 and the weights of strong

concordance sets, midrange concordance sets and weak concordance sets are obtained
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as 0.24, 0.26 and 0.50, respectively. Moreover, three different values are assigned to
y. The ranking is obtained as A6>A5>A2>A3>A4>Al1 fory = 0.75,
A6>A5>A3>A2>A4>A1 for y = 0.50 and A6>A3>A5>A2>A4>A1 for y = 0.25.
Considering these three cases, it can be concluded that A6 is superior than the other
alternatives considering the given criteria set. The value of y has a significant effect
on the position of A3 in the ranking list that the position of A3 is effected positively
when the strategy of minimum individual regret was considered to be important by
DM.

3.8.3 Experiment 3 — Financial Evaluation of Companies

Thirdly, the method developed in this thesis is applied to the real case study in Joshi
& Kumar (2014) in which an IF-TOPSIS method is proposed. In this article, the
alternative organizations are evaluated according to some financial criteria. The
alternative organizations are Al: Bajaj Steel, A2: H.D.F.C. Bank, A3: Tata Steel, A4:
Infotech Enterprises. The criteria are C1: Earnings per share (EPS), C2: Face Value,
C3: P/C (Put-Call) Ratio, C4: Dividend and C5: P/E (Price-to-earnings) Ratio.

In Joshi & Kumar (2014) actual numerical values are crawled regarding criteria of
each alternative from related website. The crawled crisp numerical values are utilized
to construct fuzzy decision matrix. Then, the fuzzy decision matrix is converted into
IF-decision matrix using conversion theorem. They utilized IF-entropy measure
developed by Chen & Li (2010) to calculate the weights of criteria objectively and
applied the proposed IF-TOPSIS method to the case study, obtain the final ranking as
A3>A1>A4>A2. In addition, they obtained different rankings by applying TOPSIS
method (Hwang & Yoon, 1981) and fuzzy TOPSIS method (Jahanshahloo,
Hosseinzadeh, & lzadikhah, 2006) to the case study. The final rankings in these cases
are obtained as A3>A4>A1>A2 and A3>A1>A4>A2, respectively. Moreover, they
proposed a portfolio selection problem in order to compare the performance of their
IF-TOPSIS method with TOPSIS and fuzzy TOPSIS methods. To this aim, they
constructed different portfolios according to different rankings and then analyzed the

returns of portfolios and involved risk of each portfolio. They concluded that higher
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portfolio returns with slightly high portfolio risk are obtained when they construct the
portfolios based on the ranking proposed by IF-TOPSIS method.

We have applied our methodology to IF-decision matrix presented in Kumar et al.
(2014) since this case study do not handle a GDM problem. Different criteria weights
are obtained by our methodology since the entropy equation in this study is different
from the entropy equation in Joshi & Kumar (2014). The weights of five criteria are
calculated as 0.167, 0.152, 0.145, 0.383 and 0.153, respectively. We assigned three
different values to y as in the other experiments. The ranking is obtained as
A3>A1>A2>A4 for y = 0.75, A3>A1>A4>A2 for y = 0.50 and A3>A1>A4>A2 for
y = 0.25. A3 is proposed as the best alternative for each of the three y values. It can
also be observed that, the position of A4 is affected positively when the importance of

maximum group utility is decreased.

3.8.4 Experiment 4 — University Leader Selection

The last computational experiment is performed using the illustrative example in
Yue (2014). Yue (2014) proposed an extended TOPSIS method for solving GDM
problems in which decision information are expressed by IFNs. The weights of DMs
are obtained objectively based on the concept of closeness to ideal solution of TOPSIS
method. In addition, they proposed an extended relative closeness equation to compute
the weights of DMs, which considers relative closeness of each individual decision to
ideal decisions. They utilized Euclidean distance measure in calculating the
separations of individual decisions from the ideal decisions. However, the weights of
criteria are specified by DMs subjectively. The weights of criteria are expressed by
crisp values in the study.

In this example, four leaders (Al, A2, A3 and A4) at a university are evaluated by
three different decision making group which are D1, D2 and D3 with reference to three
criteria, namely C1: Work experience, C2: Academic performance, C3: Personality
based on questionnaires survey. The first decision group consists of teachers, the

second decision group consists of researchers and the third decision group consist of
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undergraduate students. The DMs vote the leaders according to each criterion. In the
study, the percentages of members of each group DMs who vote in favor are
considered as membership degrees, the percentages of members of each group DMs
who vote against are considered as non-membership degrees and the percentages of
members of each group of DMs who abstain from voting are considered as hesitation
degrees. Therefore, the individual decision matrices are constructed based on IFSs
obtained from crisp values. These individual decision matrices are taken as the input

data for the application of our methodology.

In this computational experiment, the weights of DMs and the weights of criteria
are calculated using entropy equations. Therefore, the weights of DMs are calculated
as 0.28, 0.35 and 0.37, whereas the weights of criteria are calculated as 0.307, 0.343
and 0.350, respectively. We have set y values as 0.75, 0.50 and 0.25 as in the other
experiments. The final ranking is obtained as A2>A3>A4>A1 for each of this cases.

The best alternative is obtained as A2, Yue (2014) proposed the same solution.
The comparison of the results of above mentioned four studies and the results
obtained by our methodology according to each case study is summarized in Table 3.2

for y = 0.50.

Table 3.2 The comparison of results of computational experiments with the results of related articles

. . . . Ranking obtained by
computational | Refated Article | Foniond oo ned IF-ELECTRE based on
P VIKOR (for y = 0.5)

Manufacturing Vahdani et al.
System Selection | (2013) A3>A1>A2>A4>A5 | A3>A4>A2>Al> A5
gg?éifito';"a”ager \(’;’gﬁ‘)cr‘e” A6>A4>A5>A3>A2> | A6 >A5>A3> A2 > Ad
Al > Al
E'\;];E;?clm of Joshi & Kumar
. (2014) A3>Al>A4>A2 A3>Al1>A4>A2
Companies
University Leader
Selection Yue (2014) A2 > A3> A4 > Al A2 >A3> A4 > Al
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CHAPTER FOUR
THE PROPOSED DECISION SUPPORT SYSTEM

4.1 Problem Statement

The main purpose of this study is to develop a decision support system for the
potential customers who tend to read the reviews of experienced customers on products
before purchasing process and for the companies to evaluate the customer satisfaction
level associated with their product(s) and/or service(s) and reorganize their operational
activities or marketing policies according to the outputs. Considering the fact that,
analyzing all of the reviews in detail takes up so much time, which is nearly impossible
for DMs, the proposed system is designed so as to extract the useful information from

the web site including huge amount of data within seconds.

The entity that a customer tends to purchase can be a tangible product (e.g. a cell
phone) or a service (e.g. booking in a hotel). The customer determines the alternatives
of a product/service to be ranked according to their performance scores. With the
purpose of obtaining the performance scores, the decision support system collects the
reviews on each alternative products using Web crawler. These reviews need
preprocessing and so they are parsed by NLP tool. The reviews are analyzed based on
aspect level sentiment analysis for identifying the sentiment orientation of each
sentence in each review. The reviews include different opinions on a product. The
customers use positive sentences to express the satisfaction, negative sentences to
express the dissatisfaction and hesitant expression to express hesitancy in their
evaluations. The system transforms the texts to numerical values to be utilized in

decision making process.

We applied the developed decision support system to the hotel selection case and
explained the decision making procedure of the developed system considering hotel
selection domain in this paper, however the system can be modified for different types
of products or services. The notations indicating the sets and variables to identify our

problem can be defined as follows:
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The notation “J” represents the set of criteria for the handled product or

service,

J=(,2,...,n).

The notation “I” represents the set of alternatives for the handled product or
service,

I=(1,2,...,m).

The notation “K” represents the set of reviews for the product/service
alternative

K=(1,2,... k).

The notation “7” represents the set of sentences that comprise the review for
the product/service alternative,

T=(1,2,...t).

The notation “P” represents the set of aspect expressions that indicate criteria
P=(1,2,....p).

H = {H,, H,,---,H,} is the set of hotel alternatives and C = {C;, C,,*-,C,,}
is the set of aspect groups (criteria) of hotel.

G = {AEl, AE,, --~,AEp} "C;"describes the aspect group (criterion) which can
be identified by several aspect expressions denoted by "AE;".

AE; indicates the aspect expression (noun or noun phrase) that describes the
criterion C;

SL ={SL*,SL™,SLy,s} describes the set of sentiment lexicons which includes
positive sentiment lexicons denoted by SL*, negative sentiment lexicons
denoted by SL™ and hesitant sentiment lexicon denoted by SL;,.s.

SL* = SL; USL}., and SL™ = SL; U SLg.ndescribes the positive/negative
sentiment lexicons "SL*/SL™" that are composed of general positive/negative

13

sentiment lexicons “SLg.,/SLgen and specific positive/negative sentiment
lexicons created for each criterion “S L}'/S Ly
Let K; = {K;1, Ki,, -, K} be a set of reviews regarding to ith hotel.

Let Ty = {Tik1, Tikar > Tire} b€ @ set of all sentences in the review Kjj,.
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4.2 The Steps of Decision Support System

The decision support system developed in this study consists of mainly two phases.
The first phase aims in measuring the customer satisfaction corresponding to
alternative products. The aspect level sentiment analysis is employed in this phase.
Using the output of this phase the decision matrix of the problem can be constructed.
The performance scores, which can be described as customer satisfaction measures
related to alternative products according to each criterion, can be obtained from the
decision matrix. When constructing decision matrix, IFS theory is utilized. Then, the
second phase is conducted for product ranking using the MCDM methodology, which
is described in the previous chapter. The proposed methodology is illustrated in Figure
4.1.
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Figure 4.1 The Decision Support System

4.2.1 Measuring the Customer Satisfaction on Products by Aspect Level Sentiment

Analysis

Online customer reviews are raw data which are collected from the relevant web
site. These data can be described as unstructured data because they are not categorized
to obtain the necessary information. This phase transforms the unstructured data into
structured data utilizing text mining techniques. This phase occurs in three steps which

are discussed in the following sub-sections.
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4.2.1.1 Data Preparation

This step involves three subtasks, namely crawling and pre-processing, aspect
extraction and compiling sentiment lexicons. This step starts with gathering the
customer reviews and processing the reviews using NLP tools. It continues with
determination of criteria, in other words, aspect groups. This step ends up with the

construction of sentiment lexicons. These subtasks are explained below in detail.

4.2.1.1.1 Crawling and Pre-processing. The online reviews are crawled from the
relevant web site using web crawler. All reviews are parsed by ITU Turkish NLP Web
Service (Eryigit, 2014; Eryigit, Nivre, & Oflazer, 2008). ITU Turkish NLP Web
Service presents many NLP tools such as tokenization, normalization, spelling
correction, morphological analysis and dependency parsing. The text can be divided
into its smallest units by tokenization tool. These smallest units, namely tokens, can
be words, punctuation marks and numbers. We divide the customer reviews into tokens
and analyze them grammatically with the help of ITU Turkish NLP Web Service. An
example of sentence can be seen in Table 4.1. The sentence is separated into tokens
and the root of words are extracted. Then, the part of speech (POS) categories (e.g.,
Noun, Verb, Adjective, and Conjunction) are assigned to tokens. In Table 4.1, the
minor POS represents the category of the root, whereas the major POS represents the
category of word. The column of morphological features expresses affixes of each
token and indicates how the word has transformed from root to its last state. The
column of dependency label expresses the mission of the token in the sentence. For
example, Table 4.1 includes a parsed Turkish sentence “Yemekler giizeldi ama
hizmetten memnun kalmadim.” (i.e. “The foods are good, but I am not satisfied with
service.”). The first token is the word yemekler (‘foods’) and the root of the word

yemekler is yemek (‘food’). The major and minor POS tag are noun.
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Table 4.1 An example result of parsing a sentence via ITU NLP Web Service

Position Token Root Major | Minor | Morphological Dependency
POS POS Features Label

1 Yemekler | yemek Noun Noun A3pl|PnonNom | 3 | Subject

2 _ giizel Adverb | Adverb | _ 3 | Deriv

3 glizeldi _ Verb Zero Past|A3sg 7 | Coordination

4 ama ama Conj Conj _ 3 | Conjuction

5 hizmetten | hizmet Noun Noun A3sg|Pnon|Abl | 7 | Modifier

6 memnun memnun | Adj Adj _ 7 | MWE

7 kalmadim | kal Verb Verb Neg|Past|Alsg 0 | Predicate

8 Punc Punc _ 7 | Punctuation

4.2.1.1.2. Aspect Extraction. This step aims to identify the criteria of alternatives.
The frequency based aspect extraction method based on Hu & Liu (2004) is employed
in this step. The frequency of words is considered to determine the aspects of
alternatives that are frequently mentioned by the reviewers. The words which describe
an aspect of the alternatives are generally noun and noun phrases. The tokens in all
reviews are filtered according to their major POS labels. The number of occurrences
of the filtered words are determined and the frequent aspects are categorized as aspect
groups. The main purpose of grouping the relational aspects is to determine the criteria
for the second phase. Since the hotel selection case is handled in this thesis, these steps
are implemented so as to identify aspect groups of hotels. As a result, the aspect groups
are identified as swimming, staff & service, location, room, food and expenditure. The
aspect group staff & service includes aspect staff and aspect service. The aspect
expressions are noun and noun phrases that indicate the aspect in the text. For instance,
the aspect expression waiter indicates the aspect staff. The aspect expression speed of
service expresses the aspect service. The aspect groups (criteria) and the aspect
expressions indicating the aspects are illustrated in Table 4.2. The aspects are
categorized as implicit aspects and explicit aspects. The explicit aspects appear in the
sentence as noun or noun phrase, whereas the implicit aspects do not appear in
sentence, they are implied by the words such as adjectives (Hu & Liu, 2004). For
instance, the sentence “otel ¢ok pahaliydi” (the hotel was expensive) includes implicit
aspect. The adjective “expensive” implies the aspect price, thereby indicating the

aspect group expenditure.
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Table 4.2 The criteria and aspect expressions used for expressing them

ticret (price)

ekstra (extra). ..

Aspect Notations | Aspect Expressions Explanation

Groups

(Criteria)

Swimming C1 havuz (pool) -This criterion comprises all
deniz (sea, seaside) facilities in the hotel regarding
sahil (beach)... swimming.

Staff & | C2 hizmet (service) -This criterion indicates both

Service calisan (personal satisfaction with service level
garson (waiter). .. and the behaviors of staffs to

customers.

Room C3 banyo (bath) -This criterion expresses all
mobilya (furniture) features of a hotel room from its
yalitim (isolation)... design to conformity.

Location C4 merkez (center) -This criterion reflects
¢evre (neighborhood) satisfaction of customers with
ulasim (access)... the location of the hotel.

Food C5 yemek (food) -This criterion reflects
restoran (restaurant) satisfaction of customers with
kahvalti (breakfast)... foods in terms of quality,

variety and presentation.

Expenditures | C6 harcama (expenditure) -This criterion evaluates the

hotel in terms of money spent

within the period of stay.

4.2.1.1.3 Compiling Sentiment Lexicons. In this step, dictionary based approach is

utilized to compile sentiment lexicons. As people typically describe their feeling on

entities or aspects of entities using the adjectives or adjective phrases, we deal with

adjectives and adjective phrases to derive sentiment words. Sentiment words are

labeled to describe positive, negative and hesitant sentiment orientation. We compile

sentiment lexicons for hotel domain to extract the sentiment orientations of sentences

in the customer reviews. The positive and negative sentiment lexicons are constructed

for each aspect group (criterion). We also compile three lexicons including the
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sentiment words, namely general positive sentiment lexicon, general negative
sentiment lexicon and hesitant words lexicon, which can describe all the aspects.
Although we generally focus on adjectives and adjective phrases in extracting
sentiments, we also handle some common sentiment verbs such as “begenmek” (to
like), “begenmemek” (to dislike), “memnun kalmak™ (to be satisfied with) and “tavsiye

etmek” (to recommend) which have higher frequency in the reviews.

To compile the sentiment lexicons, first of all, the tokens with the adjective labels
are filtered from the dataset. This filtered words are called as seed words. In this step
SentiTurkNet (Dehkharghani et al., 2016) is utilized, which is the first Turkish
sentiment dictionary, to extend our lexicons. SentiTurkNet enables adding the
synonyms of seed words to our lexicons and checking the polarities of these words.
The seed words are finally categorized according to the aspect group (criterion) they
can be used as a modifier.

However, the words may have disparate connotations in different application fields
or some sentiment words may peculiar to only one aspect. For example, the adjective
“comfortable” is used to describe a room and “delicious” is used to describe a food.
Since a lexicon for a specific field is not available, we assigned the sentiment words
to related aspect group (criterion) manually. Table 4.3 shows some examples for

sentiment words and phrases with their labels.
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Table 4.3 The examples for sentiment words and phrases with their labels

Sentiment words or phrases Label 1 Label 2
yardimsever (helpful), giileryiizlii (genial) servicePos

yavas (slow) serviceNeg

yakin (close to) locationPos

expensive (pahali) expenditureNeg

ticretsiz (free), ucuz (cheap) expenditurePos

eski moda (old fashioned) roomNeg

biiyiik (spacious) roomPos swimmingPos
dalgali (rough) swimmingNeg

lezzetli (delicious) foodPos

diizenli (organized) roomPos servicePos
lezzetsiz (untasteful) foodNeg

harika (great), iyi (nice), muhtesem (amazing) | generalPos

kotii (bad), berbat (awful), zayif (poor) generalNeg

fena degil (so-s0), idare eder (spotty) hesitantWords

4.2.1.2 ldentifying the Sentiment Orientation of Sentences for Each Criterion

The system considers the sentences as measurement units of the reviews. If the
general opinion associated with an aspect group (criterion) of specific alternative
product is desired to be known, the number of positive, negative and hesitant sentences
must be calculated by analyzing the reviews about the relevant alternative. It has been
noticed that the customers express their opinions using two types of sentences. In the
first type of sentences, the aspects are appeared before the sentiment words, whereas
in the second type of sentences the sentiment words are appeared before the relevant

aspects. The following examples depict the first and second type of sentences,

respectively.

Example 1. “Yemekler orta diizeydi ancak galisanlar oldukg¢a nazikti. Otelin

konumu merkezi yerdeydi” (The foods are on average, but the staff is very friendly.

The location is also very central).
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Example 2. “Muhtesem yemekler, kibar ve deneyimli ¢alisanlar. Otelde iyi ve
profesyonel bir hizmet veriliyor” (Amazing food, very kind and experienced staff. The

hotel provides well and professional service).

The system takes into account the positions of sentiment words and aspect
expression while investigating sentiment orientation of a sentence. It is also realized
that the qualifier (sentiment word or phrase) is generally close to related word (aspect

expression).

Another important issue is that most of the reviews are lack of punctuations. The
developed decision support system is able to notice the end of the sentence by
following the punctuations. Since some reviewers do not use punctuations properly,
the system keeps searching for the sentiment orientation of an aspect expression within
an irrelevant sentence. Considering this situation, some distance rules and semantic
rules are introduced to the system. During the development of the decision support
system, customer reviews on hotels have been examined carefully to create the rules.

Distance rules, which are defined as follows, are created by trial and error.

Rule D1: Only if the sentiment words are detected, the relevant aspect expressions

must be searched within the following five tokens.
Rule D2: If an aspect expression and a sentiment word indicating the so-called
aspect expression are detected then keep searching for another sentiment words within

the following five tokens.

Rule D3: After the last word is detected, keep searching for negations within the

following three tokens.

Rule D4: After the last word is detected, keep searching for the aspect expressions

and sentiment words within the following fourteen tokens.
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Semantic rules facilitate the process of sentiment classification, especially dealing
with negation and some POS particles, and have a positive effect on the classification
result (Appel, Chiclana, Carter, & Fujita, 2016). The studies on sentence-level
sentiment classification are available in literature which handle POS particles for
generation of semantic rules to determine sentiment orientation of sentences (Xie et
al., 2014; Appel et al., 2016). We benefit from semantic rules, which are defined as
follows, to separate the sentence into clauses for simplifying the process of extraction
of sentiment word and related aspect expression. We utilized morphological tagger of
ITU NLP Web Service to detect the suffixes of tokens. Morphological features of
tokens can be seen in sixth column of Table 4.1.

Rule S1: If the token of which morphological feature including “Past”, ‘“Pres”,
“Neces”, “Able” is appeared in a sentence then the sentence should be divided into

two parts from this token.

Abbreviations mentioned in Rule S1 indicate the suffix of verb and verbal in tense

forms (-di/-d1 etc.) in modal forms (-meli/-mali etc.).

Rule S2: If any token such as “ragmen” (although), “karsin” (despite), “hari¢”
(except), “disinda” (without) is detected in a sentence then the sentence should be

divided into two parts from this token.

The sentence connectors mentioned in Rule S2 enable to detect the clauses in which

different topics are discussed.

Example 3. “Cok giizel bir konumda olmasina ragmen hizmet kalitesi ¢ok kotii”

(Service quality is awful although it has a good location).
Rule S3: If the token of which POS tag is “PastPart” and morphological feature

includes abbreviation of “Loc” is detected in a sentence then the sentence should be

divided into two parts from this token.
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Example 4. “Otelin muhtesem lokasyonunu diisiindiigiimiizde ticreti uygun bulduk”
(We found the price acceptable considering the wonderful location of the hotel).

Example 5. “Ogle yemegi yedigimizde ekstra iicret veriyorduk” (We paid extra
price when eating the launch there).

Negation Handling: Negation expressions reverse the sentiment orientations. The
expression of “degil” (am/is/are not) is a commonly used negation in Turkish. In
addition, this paper takes into account the words such as “olmali” (must be),
“olmamali” (must not be), “olurdu” (should/would have been), “diyemem” (I cannot

say), “olmadigindan” (was/were not), “olmayan” (not to be) as negation expressions.

The procedure to determine the sentiment orientation of a sentence for each
criterion using our methodology is depicted by the algorithm shown in Figure 4.2.
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1 Initialize S (C;) < 0
2 For each token in sentence T}, do {

3 For each Criterion (; in the set C do {

4 If token tkn, € the set Criterion (; then {

5 Create a <AE, SW> couple for Criterion (;

6 Set the first element of <AE, SW> couple « tkn,

8 éea.rch the next tokens based on Distance Rules

9 If token tkn, € the set SL; or the set SL;,, then {

10 Set the second element of <AE, SW> couple « tkny
11 If token tkn;, € the set SLf or the set SL7,,, then {
12 Set Polarity (<AE, SW> couple) « 1

13 }

14 If token tkn;, € the set SL; or the set SLy,, then {
15 Set Polarity (<AE, SW> couple) « -1

16 }

17 }

18 Search the next tokens based on Distance Rules

19 If token thn, € the set Negations then {

2 Set Polarity (SAE, SW> couple) — Polarity (<AE. SW=> couple)*(-1)
21 }

22 If token thn, € the set SL;,. then {

23 Set Sentiment orientation of sentence T}, for criterion (; « hesitant
24

S (C;) < S(C;) + Polarity (SAE, SW> couple)
i

For each criterion (; in the set C do {
If S (C;) > 0 then {
Sentiment orientation of sentence Ty, for criterion (; « positive

e L= ]

-0 0

3
If S (C;) < 0 then {
Sentiment orientation of sentence T}y, for criterion C; « negative

(o]

3
If S (C;) == 0 then {
Sentiment orientation of sentence T}y, for criterion ; « hesitant

-

¥
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Figure 4.2 The algorithm that specifies the sentiment orientation of sentence T;;.for each criterion

The developed system split reviews into sentences using punctuations such as full
stop, exclamation point, question mark and triple dot. Then, sentiment orientation of
each sentence is examined for each criterion. For this purpose, the system searches the
aspect expressions and related sentiment words in sentences and saved them in a list
named as <AspectExpression, SentimentWords> couple. <AE, SW> couples can be
detected in a sentence in two ways; 1) the aspect is detected before sentiment, 2) the
sentiment is detected before aspect. The system uses a similar approach for both of the
orders. For a sentence in which the aspect is detected first, all captured aspect
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expressions are assigned as the first elements of <AE, SW> couple lists considering
the aspect set they belong. Secondly, the system looks for sentiment words which
describe the relevant aspects by the help of sentiment lexicons. If the captured
sentiment word or phrases are relevant, they are assigned as the second elements of
<AE, SW> couple lists. The polarities of sentiment words are introduced as a
sentiment label to <AE, SW> couple lists. Thirdly, the system looks for negation
words affecting each <AE, SW> couple lists. If a negation word or phrase is extracted,
the sentiment label of the <AE, SW> couple list is reversed. When identifying <AE,
SW> couple lists, the system obeys some Distance Rules and Linguistic Rules. For the
sentences in which sentiment word is detected first, the order of the process is reversed.

This process is explained by the following example:

Example 6. “Otel ¢ok pahali. Hizmet idare eder. Odalar diizenli ve biiyilk ama
mobilyalar eski. Marinada giizel bir konumu var ancak merkeze uzak. Yemekleri
lezzetli degil. Otelin harika kumsalindan ve temiz denizinden bahsetmezsem olmaz.
Havuzlarin1 begendim.” (The hotel is very expensive. The service is, honestly, spotty.
The rooms are tidy and spacious, but the furniture are old. The hotel has a good
location on the marina, but far from the city center. Foods are not delicious. | have to
tell you that the hotel has a wonderful beach with clean sea. | like the pools.)

The review is parsed by ITU NLP Web Service. The system perceives each sentence
in review considering full stop. It searches for <AE, SW> couples available in each
sentences. The algorithm starts with the first sentence. It catches the sentiment word
of “pahal1” (expensive) which has labeled as expenditureNeg in sentiment lexicon and
perceives that this sentiment word represents the implicit aspect expression “fiyat”
(price). Thereby, it identifies the sentiment orientation of the sentence for criteria
Expenditure as negative. In the second sentence, the system catches the aspect
expression “hizmet” (service) and the sentiment phrase “fena degil” (spotty) which has
labeled as HesitantWords. The sentiment orientation of the sentence is identified as
hesitant. In the third sentence, the aspect expression “oda” (room) is detected. The
sentiment words “diizenli” (tidy) and “genis” (spacious) which have the label of

roomPos are detected. Then, the aspect expression “mobilya” (furniture) which is also
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a member of criteria Room is noticed. The sentiment word “eski” (old) correlated with
aspect expression “mobilya” (furniture) is detected. It is concluded that sentiment
orientation of third sentence mentioned on criteria Room is positive since the number
of positive labed <AE, SW> couples is more than the number of negative labeled <AE,
SW> couples. In the fourth sentence, the sentiment word “iyi” (good) labeled as
generalPos is correlated with aspect expression “konum” (location) and the sentiment
word “uzak” (far) labeled as locationNeg is correlated with aspect expression
“merkez” (central). It is concluded that sentiment orientation of the fourth sentence
mentioned on criteria Location is hesitant since the number of positive labed <AE,
SW> couples is equal to the number of negative labeled <AE, SW> couples. In the
fifth sentence, the aspect expression “yemek” (food), the sentiment word “lezzetli”
(delicious) which has the label of foodPos and the negation word “degil” (not) are
detected, thus it is determined that the sentence reflects customer dissatisfaction
(negative sentiment orientation) about criteria Food. In the sixth sentence <beach,
wonderful> and <sea, clean> are detected and it is determined that the sentence reflects
customer satisfaction (positive sentiment orientation) about criteria Swimming. In the
seventh sentence, <pool, to like> is detected and it is determined that this is the second
sentence that reflects customer satisfaction (positive sentiment orientation) about
criteria Swimming. Table 4.4 depicts the structured form of this review K. It includes

<AE, SW> couples which are detected in each sentence.
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Table 4.4 The structured data regarding to the review K,

Aspect Related Sentiment word | Related )
K Tir: . o Negation
expression criteria or phrase label
k=1 t=1 | fiyat (price) | Expenditure | pahali (expensive) | expensiveNeg | -
hizmet Service ) )
2 ) idare eder (spotty) | hesitantWords | -
(service) &Staff
3 | oda (room) Room diizenli (tidy) roomPos -
3 | oda (room) Room biiyiik (spacious) | roomPos -
mobilya .
3 ) Room eski (old) roomNeg -
(furniture)
konum . .
4 ) Location iyi (good) generalPos -
(location)
merkez ) )
4 Location uzak (far) locationNeg -
(center)
yemek . -
5 Food lezzetli (delicious) | foodPos degil(not)
(food)
kumsal ¥y harika
6 Swimming generalPos -
(beach) (wonderful)
6 | deniz (sea) Swimming temiz (clean) generalPos -
o begenmek (to
7 | havuz (pool) | Swimming like) generalPos -
ike

The sentiment orientation of each sentence regarding each criterion is determined

based on the following rules:

Rule S1: If the number of positive labeled <AE, SW> couples regarding criterion

C; is higher than the number of negative labeled <AE, SW> regarding criterion C; in a

sentence then this sentence has positive sentiment orientation regarding criterion C;.

Rule S2: If the number of negative labeled <AE, SW> couples regarding criterion

C; is higher than the number of positive labeled <AE, SW> couples regarding criterion

Cj

criterion C;.
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Rule S3: If the number of positive labeled <AE, SW> couples regarding criterion

C; is equal to the number of negative labeled <AE, SW> couples regarding criterion
C; in a sentence, or the sentence includes hesitant sentiment expressions then this

sentence has hesitant sentiment orientation regarding criterion C;.

The calculation of total sentences classified according to each polarity and each
criterion is illustrated through the review example K;;, and depicted in Table 4.5. These
structured forms are constructed for each review that belongs to each alternative

available in our dataset.

Table 4.5 The structured data pertain to K;;, indicating number of classified sentences for each criterion

Number of | Number of Number of
Number of
Aspect Group sentences sentences sentences
o sentences about ) . ) ) ) )
(Criterion) o with positive | with negative | with hesitant
the criterion i ) ) i ) )
orientation | orientation orientation
Swimming 2 2 0 0
Staff & Service |1 0 0 .
Room 1 1 0 0
Location 1 0 0 1
Food 1 0 1 0
Expenditure 1 0 1 0

4.2.1.3 Transforming the Result of Aspect Level Sentiment Analysis to Intuitionistic

Fuzzy Numbers

The IFS theory developed by Atanassov (1986) provides a suitable tool to deal with
vagueness and hesitancy that commonly encountered in real life decision making
problems. IFNs are defined by degree of membership (u) and the degree of non-
membership (v) of an element, which are the basic components of an IFS (Xu, 2007).
The performance score of each alternative according to each criterion can be denoted

by IFNs considering;
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e the percentage of the positive sentences related to each criterion of each
alternative as a representation of customer satisfaction

e the percentage of the negative sentences related to each criterion of each
alternative as a representation of customer dissatisfaction

e the percentage of the neutral sentences related to each criterion of each

alternative as a representation of hesitancy degree

Consider X;; = (u;;,v;;) as an IFN indicating the performance score of the ith
alternative according to the jth criterion. p;; indicates satisfaction degree of ith
alternative according to the jth criterion, v;; indicates dissatisfaction degree of ith
alternative according to the jth criterion and m;; = 1 — u;; — v;; indicates hesitation

degree of ith alternative according to the jth criterion. The formulations to calculate

these indicators are given as follows:

Tpos
Hij = J
ij Tiz;os + Ti?eg + Tiﬁges (4.1)
neg
Vi;i = Tij
U T e e s (4.2)
h
Tijes

Ty = TinJ'os n Ti?eg n Ti}}es (4-3)

where Hij +vij +7Tij =1, i= 1,2,....,m, j:l’ 2,...,N,

T}°°= the number of positive sentences regarding the jth criterion in the reviews of

the ith alternative,

Ti;.‘eg: the number of negative sentences regarding the jth criterion in the reviews

of the ith alternative,

Tl-’}es = the number of hesitant sentences regarding the jth criterion in the reviews

of the ith alternative.

76



4.2.2 Ranking the Products Using the MCDM Methodology

The second stage of the decision support system involves evaluating the
performance of alternatives with respect to each criterion to rank the alternatives from
the best to the worst and selecting the best one among them. We employed IF-
ELECTRE integrated with VIKOR methodology, which is explained in detail in
Chapter four. IF-group decision matrix is established by using Equations (4.1), (4.2)

and (4.3), then the process continues with the next step in Section (3.7.5).
4.3 The Process of JAVA Development for Decision Support Tool

The decision support tool is developed using Java computer programming language
in NetBeans which is a Java development kit. Four projects are developed in order to

complete the decision support tool. A screenshot of the projects for decision support

tool are illustrated in Figure 4.3.
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Figure 4.3 Screenshot of developed JAVA projects for decision support tool

The project of AccesinglTUnlp aims to access ITU NLP Web Service to parse the
crawled reviews. The project of DeterminingFrequency aims to determine frequency
of the words in the given texts. Determination of sentiment words and aspect
expressions  are  realized using this  project. The project of
MeasuringCustomerSatisfaction aims to discover the sentiment orientation of each
sentence in the customer reviews. Finally, the project of RankingHotels aims to rank
the alternatives using IF-ELECTRE integrated with VIKOR. Since all of the projects
consist of 3418 lines of code, we have not included the whole projects and their codes

in thesis.
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CHAPTER FIVE
CASE STUDY AND RESULTS

5.1 Implementation of the Proposed Decision Support System

The decision support system developed in this study is applied to a case study which
focuses on hotel reviews for determining the best hotel among a set of alternative
hotels based on aspect level sentiment classification and IF-ELECTRE integrated with
VIKOR method. To this aim, we have analyzed the reviews on five five-star hotels
located in Cesme, one of the most popular touristic counties in Turkey. The alternative
hotels and the notations that represent these hotels are; H1 - Boyalik Beach Hotel &
Spa, H2 - Sheraton Cesme Hotel Resort & Spa, H3 - Ilica Hotel Spa & Wellness
Resort, H4 - Altin Yunus Resort & Thermal Hotel, H5 - Grand Hotel Ontur.

Firstly, we have crawled the customer reviews on these hotels from “otelpuan.com”
(https://www.otelpuan.com/tr) in July 2017, which is a website for evaluation and
review of hotels located in Turkey, involving both the comments directly posted by
the experienced customers and tele-surveys about the hotels conducted by tour

companies.

The number of reviews collected for each hotel alternative are; 338, 317, 320, 294
and 390, respectively. These reviews include 6159 sentences computed considering
the full stops in each review. These hotels are evaluated based on six criteria, which
are determined at the aspect extraction step (please see “Section 4.2.1.1.2. Aspect
extraction”); C1: Swimming, C2: Staff & Service, C3: Room, C4: Location, C5: Food,
C6: Expenditures. After completing the first stage of the decision support system
(please see “Section 4.2.1 Measuring the customer satisfaction on products by aspect
level sentiment analysis™), the results of sentiment classification are obtained, which

are depicted in Figure 5.1 and in Figure 5.2.
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Figure 5.1 Distribution of extracted sentences according to each criterion and each polarity label

The sentences which include an opinion can be called as opinionated sentence. The
distributions of opinioned sentences extracted from all reviews are depicted in Figure
5.1. It can be observed from the part A of the figure, the number of opinioned sentences
related to criterion Staff & Service is 951, meaning that the customers have frequently
mentioned about the criterion Staff & Service. The positive sentences constitute 65%
of total opinionated sentences as seen at the part B of the figure. The percentages of
positive, negative and hesitant sentences for each criterion are illustrated at part C of
the figure. The figure also shows that, the experienced customers have generally
mentioned about the criterion Location using positive expressions, whereas they have
mostly complained about the criterion Expenditures. The customers have mostly

satisfied with the criterion Staff & Service and they have felt hesitation on the criterion

Food in general.
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Figure 5.2 Distribution of opinionated sentences according to each hotel alternative and each criteria

The opinionated sentences are analyzed according to each hotel alternative as it can
be seen in Figure 5.2. The part A of the figure shows the rates of positive, negative and
hesitant sentences in the reviews for each hotel alternative. The reviews on alternative
H1 contains positive sentences with 72%. H2 and H4 have the same rate for positive
sentences, which is approximately 65%. H3 and H5 have the same rate for positive
sentences, which is approximately 61%. It can be observed from the part B of the
figure that the customers of H1 have mostly satisfied with the criterion Swimming.
According to the customers of the other hotels, the most satisfied criterion is Staff &
Service. The part C of the figure shows that the customers of H2, H3 and H4 have
mostly complained about Expenditures. In addition, the customers of H1 and H4 have
dissatisfied with the criterion Food mostly. The prices should be checked and if
possible reduced by the top management of H2 to preclude the customer complaints
about extra prices in the hotel. The hotel H5 should improve the criterion Food to
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enhance the level of customer satisfaction. According to part D of the figure, the
customers of H5 have expressed opinions including hesitation on the criterion
Swimming whereas the customer of the other hotels have expressed opinions including
hesitation on the criterion Food. The hotel H5 should enhance the facilities regarding

criterion Swimming to attract the attention of hesitant customers.

The number of opinionated sentences obtained based on aspect level sentiment
analysis are transformed into IFNs (as described in “Section 4.2.1.3. Transforming the
result of aspect level sentiment analysis to intuitionistic fuzzy numbers”) indicating
performance scores corresponding to each alternative with reference to each criterion
using Eq. (4.1), Eq. (4.2) and Eq. (4.3), therefore, the IF-decision matrix is constructed
as depicted in Table 5.1.

Table 5.1 Intuitionistic fuzzy decision matrix

Criteria
C1 c2 C3 C4 C5 C6
H1 | (0.849,0.125) | (0.807,0.146) | (0.620, 0.310) | (0.956, 0.028) | (0.485, 0.440) | (0.166, 0.791)
H2 | (0.871,0.104) | (0.792,0.169) | (0.419, 0.516) | (0.955,0.029) | (0.528, 0.376) | (0.078, 0.881)
H3 | (0.788,0.189) | (0.672,0.284) | (0.490, 0.461) | (0.990, 0.009) | (0.500, 0.435) | (0.113, 0.867)
H4 | (0.664,0.309) | (0.794,0.189) | (0.432,0.471) | (0.944,0.041) | (0.550, 0.341) | (0.140, 0.816)
H5 | (0.593,0.308) | (0.735,0.243) | (0.505, 0.444) | (0.867,0.101) | (0.436,0.470) | (0.305, 0.644)

We have employed entropy concept to obtain weights of criteria. The process of
determination of weights is performed using Eq. (3.47), Eq. (3.48) and Eq. (3.49). The
entropy values, divergences and entropy weights are presented in Table 5.2. According
to Table 5.2, it can be deducted that the most important criterion is Location for this

dataset.
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Table 5.2 The weights of criteria calculated based on entropy method

Criteria
C1 c2 C3 C4 C5 C6
Entropy values 0.7245 0.7456 0.9824 0.2496 0.9879 0.6335
Divergences 0.2755 0.2544 0.0176 0.7504 0.0121 0.3665
Weights 0.1643 0.1518 0.0105 0.4476 0.0072 0.2186

Then, the remaining steps of IF-ELECTRE integrated with VIKOR method are
applied to obtain the complete ranking list; The strong, midrange and weak
concordance sets are specified based on Eqg. (3.52), Eq. (3.53) and Eq. (3.54),
respectively. The strong, midrange and weak discordance sets are specified based on
Eqg. (3.55), Eq. (3.56) and Eq. (3.57), respectively. The weights of concordance sets
are calculated using Eq. (3.61), Eq. (3.62) and Eqg. (3.63). The weight of strong
concordance set w.ris 0.58, the weight of midrange concordance set w. is 0.40 and
the weight of weak concordance set w . is 0.02. After each concordance index is

calculated via Eq. (3.64), the concordance matrix is constructed as follows:

[ — 0.4124 0.2184 0.4684 0.42441
| 0.0982 — 0.1568 0.2747 0.4189|
G = |0.2640 0.3928 - 0.3613 0.3594
0.0029 0.0975 0.1785 — 0.3539
0.0876 0.0936 0.1798 0.0936 -

After each discordance index is computed using Eqg. (3.66), the discordance matrix

is constructed as follows:

— 0.0175 0.0936 0.0034 0.1370

0.0957 — 0.1150 0.0675 0.2036

F =10.1460 0.1517 - 0.1388 0.2186

0.1643 0.1643 0.1643 - 0.2186
0.1643 0.1643 0.2373 0.1863 -

This concordance and discordance matrices are used to obtain the parameters of
VIKOR. The values of R; indicating individual regret of opponent are determined

based on Eq. (3.68) and Eq. (3.70). The values of S; indicating group utility of majority
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are determined based on Eq. (3.69) and Eq. (3.71). The values of Q; indicating degree
of closeness to ideal solution are determined based on Eq. (3.72). The results are
depicted in Table 5.3.

Table 5.3 The results of ranking for alternative hotels according to values Q, S and R

Hotels Results of ranking
H1 H2 H3 H4 H5
Q(yr=0.5) 0.0 0.5755 0.3396 0.8273 1.0 H1>H3>H2>H4>H5
S 0.6191 0.7628 0.6556 0.8417 0.8863 H1>H3>H2>H4>H5
R 0.0613 0.0911 0.0978 0.0978 0.1062 H1>H2>H3=H4>H5

If DM assigns y =1 in other words, focuses on strategy of maximum group utility
(min S;), the ranking is obtained as H1>H3>H2>H4>HS5, where “>" operator points
out the relation “preferred to”. H1 is determined as best hotel and H3 is the second
preferred hotel according to the “majority rule”. If DM points out the importance of
minimum individual regret (minR;) by assigning y = 0, the ranking is obtained as
H1>H2>H3=H4>H5. The best hotel is not changed and determined as H1. However,
H2 replaces with H3. H2 is preferred to H3 according to the strategy of minimum
individual regret. In addition, the performance of H3 is regarded as equal to the
performance of H4 and H5 is found in the worst position of the ranking list. If DM
assigns y = 0.5 by considering consensus, in other words, determines equal
contribution level to maximum group utility or (“majority of criteria”) and minimum
individual regret for ranking procedure, the ranking is obtained as
H1>H3>H2>H4>H5. Consequently, H1 is recommended to DM as the best hotel

alternative by the decision support system.

We have also conducted a sensitivity analysis so as to determine how the strategies
of DMs impact the positions of hotels in the final ranking list. Therefore, we have
observed the changes in ranking results according to 8 different strategies of DMs,

which can be seen in Table 5.4. It can be inferred from Table 5.4 that H1 is the best
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hotel for all situations, but the position of H2 and H3 changes according to y value. It
IS observed that H3 is more preferable than H2 when a value higher than 0.20 is
assigned to y, in other words, when DMs follow the strategy of maximum group utility.
In this case, the values of S have higher impact on the calculation of Q values. On the
other hand, H2 is superior over H3 when the value of y is assigned as lower than 0.20.
The position of H3 is getting worse in the case that DMs support the strategy of
minimum individual regret. In this case, the values of R have a higher impact on the
calculation of Q values, in other words, the unsatisfied criteria significantly affect the
determination of compromise ranking. Moreover, when considering the impact of only
R value in determination of compromise ranking (y = 0), the position of H3 and H4
becomes the same. The degree of closeness to ideal (Q) for H4 is slightly improved,

however this improvement is not sufficient to replace H4 with H3.

Table 5.4 Sensitivity Analysis

Hotels
H1 H2 H3 H4 H5 Ranking

Q 0.0 0.5379 | 0.1366 | 0.8333 1.0 H1>H3 > H2 >H4 >H5
(y = 1.00)

Q 0.0 0.5630 | 0.2719 | 0.8293 1.0 H1 > H3 > H2 > H4 >H5
(y = 0.80)

Q 0.0 0.5881 | 0.4072 | 0.8252 1.0 H1>H3>H2 > H4 >H5
(y = 0.60)

Q 0.0 0.6006 | 0.4749 | 0.8232 1.0 H1>H3>H2>H4 >H5
(y = 0.50)

Q 0.0 0.6132 | 0.5425 | 0.8212 1.0 H1>H3>H2 > H4 >H5
(y = 0.40)

Q 0.0 0.6383 | 0.6778 | 0.8172 1.0 H1>H2>H3>H4 >H5
(y = 0.20)

Q 0.0 0.6508 | 0.7755 | 0.8152 1.0 H1>H2>H3>H4 >H5
(y = 0.10)

Q 0.0 0.6634 | 0.8132 | 0.8132 1.0 H1>H2 > H3 = H4 >H5
(y = 0.00)

To check the accuracy of the results, we have also crawled the scores, which range
between interval 0 and 10, given by customers for each hotel alternative available from
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the website: otelpuan.com. The average customer ratings for H1, H2, H3, H4 and H5
Is8.1,7.8, 7.6, 7.6 and 7.4, respectively. Therefore, the ranking result according to the
customer ratings is H1>H2>H3=H4>H5. This ranking result is the same with the
ranking result proposed by our methodology according to the strategy of minimum
individual regret. H1 is the best hotel both according to our methodology and
according to customer ratings on the website.
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CHAPTER SIX
CONCLUSION

Customer reviews can be regarded as valuable sources for companies to understand
about which aspects of their products/services the customers mostly complaint and
which strategies they should follow to increase the customer satisfaction. Companies
have employed traditional approach - conducting customer surveys -, which is costly
and time consuming, to monitor customer satisfaction for a long time, however, with
the growing increase in the number of online reviews, analyzing them to measure the
customer satisfaction related to the performances of alternative products or services
has begun to take its place in recent years. Considering these realities, this thesis
presents a decision support tool which can be used both by the potential customers to
evaluate the opinions of the experienced users of the product or service they tend to
buy and to select the best one among a set of alternatives, and by the companies to
monitor the customer satisfaction related to the product/service they produce or trade
for taking the necessary precautions to increase the satisfaction. We have integrated

sentiment analysis and MCDM methods in development of the decision support tool.

The proposed methodology in this thesis is composed of two stages. The first stage
covers the measurement of customer satisfaction to obtain performance scores related
to alternatives to be utilized in decision making process. This stage is carried out by
using lexicon based aspect level sentiment analysis. The methodology makes use of
frequency based approaches in determination of important criteria and construction of
sentiment lexicons. Firstly, frequency based aspect extraction method is utilized, then
related aspect expressions are manually grouped together to identify the important
criteria of the decision making problem. Similarly, sentiment words and phrases are
extracted based on frequency based method. Then, they are grouped together
according to the criteria they are used to express and sentiment orientation they
describe. The sentences of the reviews are examined to decide whether they include
an opinion related to any criterion or not. For this purpose, a classification algorithm
is developed by employing a rule-based NLP. The rules are introduced to describe how

positive, negative and hesitant sentences will be classified. Semantic rules and word
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distance rules are also created for overcoming challenges in classification process
which the lack of punctuations and long sentences lead to. The positive, negative and
hesitant sentences that are extracted for each criterion and alternative are transformed
into performance scores. The system utilizes IFS theory to represent the performance
scores of alternatives due to the convenience of IFSs to cope with vagueness and
uncertainty. After obtaining the performance scores, the product ranking stage is
carried out by applying IF-ELECTRE integrated with VIKOR method which is a novel
MCGDM approach proposed in this thesis.

An important contribution of this thesis to the related literature is development of a
hybrid MCGDM approach, namely IF-ELECTRE integrated with VIKOR. This
method is based on the integration of ELECTRE and VIKOR methods under IF
environment extending Zandi & Roghanian (2013). In order to overcome the
shortcoming of IF ELECTRE in terms of ranking process, i.e. partial ranking, it is
integrated with VIKOR method, which provides complete ranking. The MCDM
methodology is applied to four cases (Manufacturing System Selection, Project
Manager Selection, Financial Evaluation of Companies, and University Leader
Selection) derived from the literature and the ranking results are compared to explore
the applicability of the proposed methodology in different fields.

The proposed decision support tool is applied to a case study which deals with
online reviews on hotels in Turkish to illustrate its implementation. It is used to rank
the alternative hotels handled in the case study and recommend the best one among
them according to the selected criteria. Since the methodology investigates the
weaknesses of each alternative hotel according to a set of criteria in the case study,
recommendations for hotel managements are provided to enhance customer
satisfaction levels according to different aspects of the hotels which the customers feel

hesitancy and dissatisfaction.
This thesis has other important contributions to the literature. To the best our

knowledge, it is the first study applying an integration of aspect level sentiment

analysis and MCDM methods to online Turkish reviews to propose a complete product
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ranking. The decision support system developed in this study deals with expressions
involving hesitation that indicate the hesitancy of customer on the performance of a
product in the reviews to provide a more reliable classification. Also, considering the
difficulty of determining the criteria weights accurately from the online reviews,
entropy method is introduced, which is a convenient approach to cope with the
vagueness and hesitation in the determination of unknown weights objectively. This
study extracts the weights of criteria on the basis of IF-entropy concept through the
decision matrix constructed by online reviews. In addition, the weights are assigned to
DMs objectively using entropy method. NLP-based rules are created to be used in
aspect level sentiment classification of Turkish sentences in this study. Although these
rules are specifically created for Turkish, the logic behind the rules can be adapted for

different languages.

The limitation of this paper is that it employs semi-automatic approaches for
grouping aspect expressions and constructing sentiment lexicons. Also, the implicit
aspect expressions are taken into account only in criterion related to price. For the
future research, a complete automatic sentiment analysis can be carried out. Also, topic
modeling approaches such as Latent Dirichlet Allocation for extracting and grouping

of aspects can be employed.
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