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Abstract

Examination of emotions is now an important part of social interaction in order to

determine the meaning behind a collection of words. It is actually meant to track

posts and conversations on social media, and then to find out how participants

respond.Sentiment analysis is normally measure by counting positive and negative

polarity bearing words.

The state-of-the-art techniques use different polarity attributes to identify senti-

ments among positive, negative and neutral. Once we conduct sentiment analysis

on some reviews, we essentially check for the feelings in reviews and pick the terms

of sentiment within those reviews. Such words are probably negative, positive or

neutral. These sentiments bearing phrase have some score in lexicons (SentiWord-

Net), which are available to the public and are well known. We have performed

sentiment analysis for evaluation of polarity bearing features and lexicon resources.

To evaluate the linguistic features a detailed methodology steps have been followed

on comprehensive dataset. Dataset is consisting of product reviews which are

retrieved by a crawler from amazon. These reviews are from 11 different product

categories of amazon, and this data set includes star ranking of reviews given by

reviewers, which express their emotions about product. This ranking is used as a

benchmark for evaluation of results.

In this research we are evaluating three machine learning algorithms using lex-

icons with linguistic features, which are Adjectives, Adverbs and their distinct

forms. These features are not only evaluating individually, classes are made by

different combination of feature for evaluation. All classes are evaluated with ma-

chine learning algorithms using lexicon score by comparing with benchmark. At

the last, results from all combination of linguistic features, lexicons have been an-

alyzed with standard metrics; Precision, Recall and F1-Measure, using machine

learning algorithms. Results are showing that combinations of forms of adverbs

and adjectives have produced better results than using adjectives and adverbs as

whole.
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Chapter 1

Introduction

1.1 Background

Sentiment Analysis is a set of method of examining and processing data in order

to identify a subjective response. Basically, its a method of implementation in

computer software, that detect and measure a general mood, group‘s opinions

and emotions in online social media marketing, branding, product positioning and

enterprise information sources.

What the other people think has always been an important piece of information for

those who want to make decision. People‘s judgments about the products quality

for buying, are governed by the opinions of other people. The internet gives the

ability to peoples to interact, share, and collaborate through social networks, online

communities, blogs, wikis and other online collaborative media. With the growing

popularity of websites like eBay, TripAdvisor, Amazon and Epinion.com where

peoples activity become central to most web applications, and their opinions gave

birth to a collective intelligence that is often more listened than experts point of

view.

The rapid growth of review sites in recent years has made greater research efforts

in sentiment analysis. Because sentiment data and analysis have great importance

for marketers, it really has meant to lets marketers about his product and brand

1
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reputation. It is also important to them who provide customer services and whose

ultimate goal is profit.

The goal of sentiment analysis is to determine a persons general view on a given

subject. The opinions expressed in product reviews provide valuable information

to consumers as well as major online retailers like Amazon. And when a company

recently released a new product and they want to assess its reception among

consumers who use social media. Thus, Sentiment Analysis process started getting

traction in 2010 and is now booming to such an extent that it has been dignified

as a field of study, not a mere marketing tool.

Turney (Turney, 2002) identifies sentiments based on the sentiment orientation

of reviews, use lexicon-based approach to extract sentiments. The lexicon-based

approach is based on the assumption that the contextual sentiment orientation is

the sum of the sentiment orientation of each word or phrase.

The approach generally uses a dictionary of sentiment words to identify and de-

termine sentiment orientation (positive, negative or neutral). The dictionary is

called the sentiment lexicon. The approach of using sentiment words (the lexicon)

to determine sentiment orientations is called the lexicon-based approach to senti-

ment analysis (Taboada, 2006) (Ding, 2008). This approach is efficient and can

be a key factor to analysis web users sentiment. It is thus applicable to our task

as well.

Different researcher used different classification features for sentiment analysis.

Much of the lexicon-based research has focused on using adjectives as indicators

of the sentiment orientation of text. Some other approaches have also included

the use of adverb and verb. Approaches used for sentiment analysis have made

good progress, but a lot of challenges in this field still exist.

The adverb and adjectives are the messiest, and maybe likewise the most fas-

cinating grammatical feature (Conlon et. al., 1992). Previous studies in NLP,

however, has managed with adjectives & adverbs, language specialists have ac-

complished noteworthy part on this word classification. We accept particular
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forms of grammatical features can fill in as essential pointers to distinguish the

identity of sentiment shown in a text.

In this manner, the entirety of 4J1vgthe isub-forms of adjectives and adverbs must be

joined iand completely be assessed. The iAmazon is ione of ithe biggest internet

business commercial centers wherein clients purchase various items on the web and

express their assessment as ireviews. In ithis study, we consolidate all sub-kinds of

adjectives and adverbs and structure their every combination to distinguish the

part of various ipolarity ibearing iPOS shown iin reviews about items bought from

Amazon.

The approach generally uses a dictionary of sentiment words to identify and de-

termine sentiment orientation (positive, negative or neutral). The dictionary is

called the sentiment lexicon. The approach of using sentiment words (the lexicon)

to determine sentiment orientations is called the lexicon-based approach to senti-

ment analysis (Taboada, 2006) (Ding, 2008). This approach is efficient and can

be a key factor to analysis web user’s sentiment. It is thus applicable to our task

as well.

Different researcher used different classification features for sentiment analysis.

Much of the lexicon-based research has focused on using adjectives as indicators

of the sentiment orientation of text. Some other approaches have also included

the use of adverb and verb. Approaches used for sentiment analysis have made

good progress, but a lot of challenges in this field still exist.

1.2 Problem Statement

The state-of-the-art approaches use different polarity features for the classifica-

tion of sentiments into positive, negative and neutral. Different approaches used

different polarity features such as: adjectives, adverbs etc. Similarly, well-known

lexicons (e.g. SentiWordNet) have been used to identify polarity scores. From the

critical analysis of the literature, this research has identified the following research
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gap that, 4J1vgnone0YdV9 rWMecof5n0fz Txqo0thebqSvf fJRTlcontemporaryI33cV tVmS2state-iof-ithe-iart57iqZ ds4pmresearchesDFWGx 1IoZZhaveXZhgv 8xAnyexploitedcbE10 ypnVNallvtnCk

o0y0CformsfDbf6 Pg015ofxF4xj FmEUsadjectivesZr2ev JNI6fand1atZV c6uchadverbsVp7yQ zG1USandRjvUm CNjFkcomprehensivelypktO3 evaluated 04z4ptheiriz8LO KkbEEdifferentrdkNl

JKVbHcombinationsQmlKr GVw62toEpdDN WRioRidentifyS6gyx jUYOmthewR351 CCcobbestIRhet 684ekperformingTCupR phn1XPOS3UNQi 3D7ryin7sYMD UW59ranalyzingLfavs 0838dsentimentsKh2gv Ofnb2ofyl2Yg

xwfHiproductQpJZA LcckEreviews.lG5VL gEMxhSinceIHgLU nln3Jthe4yLtL gDkEqpolaritysAh2q 9Mwfybearingtlbnd ADMCtfeatures,hOm7g wCQtGadverbsqsxEx DuAbjand22Vof e5Hhmadjectivesprja2 YeHfFarejtCkR dScOHthecqS2r

L8QQymodifiers1TuCE XXdocofliONo aYwViverbsJQb3aand Qfmv2nounxztPU j46hNrespectively,mGW5y 699Vmtherefore,FVW9Q p6YneweJjCFw RssK0assumeutcR4 FnQCnthatVVMgw nCFCYtheirb0RE4 dtTCccollectivebYPUI

sDmCpcontributionwsYjW XgbZScanTS8JA RTmjzplayXZu99 ia OtSvWsignificantEa3Ou NJaLprolePGv7e 871wJinAw41m SHFqzdiscerningHHF60 lrnzGthe9BB9n fbsyTsentimentLgBSg iMoI6expressednX6kh xqz7PinAql3u

rH7QoreviewsKmssR EYjl4ofGlOHK y5h2VproductsDWvrY fv5NaonYrFcI mdKD1Amazon.R7IAy

1.3 Purpose

The purpose of this thesis is investigating the utility of linguistic features and lex-

icons for detecting the sentiment. Sentiment analysis utilizes text analytic tech-

niques that automatically detect the polarity of text. Polarity describes whether a

review expresses a positive or negative sentiment, but sentiment analysis is much

more than just subtracting the number of “positive” terms from the number of

“negative” terms in a review in order to produce a score. For the classification of

sentiments into positive, negative and neutral, different polarity features and com-

binations of their forms are used. So, for evaluation that which combination forms

of POS as feature set play an important role and which MLA provide high accuracy

of classifying polarity terms, a comprehensive and comparative study on “Machine

Learning algorithms as well as forms of linguistic features” are performed.

1.4 Scope

The objective of this thesis to performed sentiment analysis for evaluation of po-

larity bearing features and lexicon resources which offer great businesses to those

who spend an enormous amount of time and money to understand their customer

opinions about their products and services.
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1.5 Research Objectives

Performing sentiment analysis on the product reviews, these reviews represent the

user’s opinions for specific products. Normal user of a product posts their reviews

in the form of short text usually contains few sentences. These sentences are

comprised of some important words. As we know that in English parts of speech,

a word can have different meanings depending on the structure of the sentence.

Identifying the parts of speech that can present true meaning of the sentence is a

challenging task. The parts of speech are used to estimate the sentiments of the

user comments. Adverbs are important part of any sentence and hence needed to

be analyzed their role in determining the true sentiments of user. The different

types of adverbs should be identified and analyzed for determining the sentiment

of the sentence. So, in this work we will identify and extract the different types

of adverbs from the user review datasets and then estimate their importance in

automatic classification of reviews in three sentiment classes i.e. positive, negative

or neutral. For automatic classification different classifiers have been used in

research community. It is yet to determine which classifier is the best to classify

the reviews into the classes based on adverb features. The classifier works on some

feature set. In this study we explore some very important features in the content

(text) of reviews.

These features are adverbs. We explore different types of verbs that can be used

to classify the reviews into positive or negative classes.

In case of classifiers we are interested in determining the performance of different

classifiers that are used by research community for classification. We investigate

how these classifiers work on the extracted feature set and which of them achieve

high performance.

1.6 Research Questions

The following research questions have been identified during literature review;
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Research Question 1:

What is the impact of parts of speech (adverb and adjective) on sentiment analysis?

Research Question 2:

What is the impact of different combinations of forms of adverbs and adjectives

on the classification?

Research Question 3:

What is the best machine learning classifier for product review classification?

1.7 Limitation

Thousands zu9p7offYbuU DVINltheINI4x raWP0people7dXRn tb34CexpressHn7KS 4KQQLtheirwDdlj 0plfcsentimentVAd9m ZKK5bbyclhAl fdktzfor,ZSSOF msSDSchat,7uZ2q Gees6blogs18ogA ojsjnandkyR07 SwuNwonxqMzU VZWgLsocialOT7NF

ZLGnpmedia.G9TmD lYDQhDueh3fbU jlILEtoLX1s1 E9NtMgrowingMJCWO 1I2i2informationuy3YV Gzeknon9gZ2n 1Wszlthe5orqB IZ5FwWeb,GcpkF HnHIjthisbxeVv RtMlUisDP8MW NU8NFhighlymWKsh V2PFWunstructuredEhE3K aZvetanduDJJC

YV5lxscattered.S8W8y klYujIt’sMknSU NrOyuveryw5xo9 mps4VcriticaldMwo9 fLJSvtovukeq XQuXXextractjbzvt z6SXYtheUO5vQ SgIPOstructuredAQPap hdXY3andYyx1E B4LLGrelevantZX8p2 Ok38PinformationoJMwA 4HUSztoKOQTL

Iwu3TmeasuringxIpvg nEgC8theqlkMZ g7Xdxsentiment.Qi5Qz war3nExtracting5RFQo u3rpFoffjS0h bUvDOknowledgelIyNt nIhSErefersVI9lo 1d0D6toqcWFF ia Uq1PMNaturalAEx27 jGd5alanguageL6kyA

8Kw3Lprocessing5rDuq 7XNJJNLPDbpdR NPu7Ranalysis.ze54I bnhCtAnalyzing6uK7z 8XKTRNatural3Uq4d CMKXplanguageC0DnM nQszaisj4C9A O5Xi7veryy7j4N sLzjldifficultGkuQB cQyQytask3GFy6 vdu8Sbecausebiaj7

a49lssentimentZjceT gyHJTisjJLN7 hDl80essentiallyC4lr7 IpJGHsubjectivetf5sD DTFwVfromNEUKg C2c2CpersonRrbhy yuzxOtoPwmAs 0sMeBperson,Ho6Lx B8TOiand4Cxcj vIqrGcantAQjy P4R4Sbea9lA8 cmFr6unreasonable.8jQY8



Chapter 2

Literature Review

Sentiment Analysis utilizes text analytical techniques that detect the polarity of

text. The Liu (Liu, 2012), who covers the entire field of sentiment analysis in his

book. Sentiment analysis has been done by using two main approaches: Lexicon-

based Approach and Machine Learning Approach

• Lexicon-based Approach involves calculating orientation for a document

from the sentiment orientation of words or phrases.

• Machine Learning Approach that is a text classification approach in-

volves building classifiers from labeled instances of texts or sentences.

As described earlier, two distinct approaches to sentiment analysis. Lukasz (Lukasz

Augustyniak, 2014) compared these two approaches in the domain of movie re-

views. The goal of the lexicon-based method is to assign the sentiment orientation

to the text. Its sentiment orientation is obtained by lexicon using information ex-

traction from database with priory known sentiment. The goal of machine learning

method is similar to lexicon-based approach but obtained in different way: in this

sentiment analysis is performed by classification. In this method first feature words

are collected from analyzed text and then classify sentiment polarity using classi-

fication algorithm of document. According to research evaluation, lexicon based

approach is easily outperformed by classification approach.

7
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o0To1WhereSymAL cVekZhybridDEKyL QWw0ftechniquesA2UUv yPTAearega34k 8jpeMtheQyC3E O62VNsynthesistGUdi eHLlHofYHG1d puIcathe1Kd5S TlNyMtwohzNbx 7oOkBotherBOAtC y1pAkapproaches.ayQlg jQ6UXLexicalYM9dO

OctysbasedGqo5n i3pqptechniquesvHFg4 MF24jnormallyEuo6q 0VaHVfocus5FIIV BYC1IonkpWss HMpWMunivocalMXdTR gWBRzwordsTxGmU TAtirlikeSwKli EGUZghappy,yKj4A YkbJYsad,lt2KO dKGY0afraidQp0at TuGzFetc.714Rp

1acYlWhilepuKX8 CJ05Kstatisticalh1mLZ ukf2AapproachesQtlqe 6NKDQusedQnA3K 8xOT9automatedpSYMg HdEEHstrategiesstg8S zEsdGtotcXTf 2X4Trjudgejj5VQ emotions gDFexoncfhd1

hZ12ZmachineC5dTo XdHF0learningFaIpw J3s1UbasedW6H2j VFdzpanalysis,mr7aI YWp9fandfbu9q 2D9dIhybride27In WadEhtechniquesCJNP0 ZHmlkcollectivelyZ43jm TA9Dausing195AA 8Pr4Yboth2GgbG

JDfSHstrategiessnE7M lQOuCtou2HRt SJ2dlprovide8fMrE 0mPq1theVgHyp UljjAoutcomesJ7XVY po4sSoffnd7n WWmPUreviewsJ5i5N h8g1lthatSTvp2 YONzGareIuvoS WZcmSnothNGP5 ZOlM0specificallynZibl YCx9ostateddT4te TQBGUbuthOyM2

zkhjVhaveq6NGT iO6SPsomelAqpV ia9VUconnectionAPrF1 xJBhStooNKo7 phW3qthe5mX1R 0jI8aproduct.NwOSa

Some MJP0YstudiesZKINj xjhSUareeS5qx ohdJtespeciallyjMKsV t1rVMconnectedHOlct VrtYAwithxHJNl ZN0Chour0ve85 0CaQvmethodologyLyxld t9vSeasRqCZw WMVukinAYuFa MxIZsFangivOdB CSBeketnZw6Q 8Ghnfal.,wWyyZ

uOdND(PangvNAt7 QeZ5band5rlBw W3xXHLee,3zwoQ U4s1v2008)O8QNo tGY66proposedNuI2Z ia cn73yprocedure64USn DSzXQwhichXwrNs PEmZZisTBqSv Ha075utilizedO6xug W5ElFtocF9ay CA0QcsortOLs1e 1RNAvtheManQ5 ZrEulextremityJ8k40

DlHKVdependenthj6dp IsQxaonaZZT6 1OEPsgrammaticalCnWDg 0iCLIformsmvOI3 xYna4(POS).Bvrqr xG4NmAnotherCOEbP ZHGmWmethodologyt9LOM XF0B3displayedCpVGv UOqNDbyYY65J 6ANTBHu3BM6P

uKGvDandFfQ6l GMZfQLiu95n7B 0EwbBgave93gpk ia EGuJYrundownlTcHL 3grLPofLVwzB CRJ7vvariousxHb6r mtZ8FwordsCWH2G 31uOK(fork6XqA 8y0NSexamplegnyvd kAuoKboth6NV8a O6NEhPositive9pL7W 6PRpzandxFS9Q yzbBpNegativeQzLTs

F2UVXwords).Dwbnz 1JwJLTheldpMo XAtD8proposedrEqyI PT8oDrundownUp8Fo xLZivofU8QUF lDyJcwords5s0UB KO9EZcomprisesEEMgI kfT1sofmTdBP eFsUa20064EYTM wxU4opositivekkt1e JTkNzandibqu6 52UcM4783ZtmQG

DDP4AnegativeInuM6 9bc4SwordsYpiXF oO4C7separately.9ucDF rMlBeTheseWevKv 6XRxNwords7bmGO WJbvYdependOcCoG aqHMJonB3Lrf 8I96Wsurveysrm1Lx sohx2gavekbb5T ydnB1onlineMks9T 4xuC0whichX4CAY UGOmDisnwNpy

cdsC4utilizedSSoPs kThSBtolqp4v bYcYXremovei9rkk 5dD7gtheXvybz gvQY4emotionalNWpAY dJwp2data905z1 mRquoforPaMXG CarNqthis4WqtD 2Gpeiexamination.YqIRS B1iVWInIfeeL tG7NZaddition,3O7Hu f23bpinp4bsc ia

HcCxRproposedeBD6v Mr8FXbookiYp4L ypi9jarrangementDl419 R9Rd3systemAw7xe mpwtWPangFQeLO DgjBSandijpyz fGCzaLeekAxgH hoIBmproposedhFM17 HUROOhowp3m9l 0q23AevacuateXc6wL aK2vAtargetQVogu

p0FR0sentencesgpVE0 dLY7WbyI3rhg oeDPrextricatingcVY8s ocRnbtheO0P4V 1bi81emotional4586H UUNUPones.PNZhn qzOucAsR9hYV AREhAessentially,g8Hk9 e5THIwem6Gj1 T9oUeshouldTrdSn lv6brconcentrate6kuLl

ec9JbonWMJn5 wXEnKabstractC0yRh zMoMHsubstance.52Drf

Method k85ISproposedUu8CA MSO8rbyjd1XW dsfVXGannKKH1Y ZKD3CethrUE3 d4obgal.aiXVm Nm9QsutilizedjYDdz 5Tt53token-basedoIHSM OwKXXmethodologyVGRv7 wgzXcwithG5Uoj Xe4MSrespectPrmX7

o5Lr0todVNir rA5Wqdataypone On9YgatMl86w TaaQQtwitterG0XLK ZJRgaasXgBlI 7oddjtheti7cx HELR1author51lPN hsPqhallocatedc0CeL amt6FspecificWsMyl uczx3scores7tKGr f38fRtoLf8u4 d7N9Jeachhd3kB rLi0Ntoken.4Emlq 0dWYeTheseCObJM

OzNSFscoresudpcK NdZefbeingQ2iD0 ogj3Dutilized4uTR1 q7Z3ZtoWwS3y 1sWXwinvestigate,BZZ6h eLqyUifpIQcp ia zFAFOspecificxQCVf zys1zsentiment74UlV MIrWYiszGMRp 4r4X2good,a81Mj 8OGTFbadfko82 EHSwgorRB904 PXLJLneutral.PwvCF

OltRQSomeXmMPj QSG0hdifferentDQL3a ydniJstrategies1FbVT 5Bzv6are3ZySw BYZHBlikewiseq4Pqg U1fR8helpful1feGF 1it9LlikeXMbvb IzrkYLiu0iWTr AfygOthemeNTdrt yaACNdisplayingrteRD OPpihinprfkn vzIk8whichXro17

F8SqAtheir3fc 8EypMauthorknBwJ fKJnAproposedmyzeg ia ZyV1WprocedureDjqNb AEXJPofSzgAs vEyL2consequentlyPHm8i RlRNvdistinguishingeEYpI Cnh3ctheBYlbH MyniShighlightsKDdDe yPeNForg5ip7

tHFuJpartsiEjzU d32gSofVzXQM N0inNan1XmBe OtHwsitem.MwDM8 5cKvUMiningX0fzN Q1ai5the4YXY7 J4bNamethodologiesgH61d gw61mfor7FEZm usj7tclearXoziw C6tRtinvestigationXpmvl PIJEaisqRmnG 3YKrqespeciallyKmFbP

8VjWAlikelyrNZM8 MygF9fullkVdWf rVit1of5B1cw kq2k7feelingmnbwA tqmD0toR3OBM kL85shearZlk6A ia NdcP1thoughtfgDJn v3pG9ofx9hAw DNtceindividuals’eoE4U DVWNBpoint4sn2L JxSrNofTdi5W di6Gmview.5QGbk

2.1 Machine Learning Approach

In machine learning approaches, Bo Pang (Bo Pang, 2002) used movie reviews for

experiment. They consider the problem of classifying review by overall sentiments

for determining whether a review is positive or negative. They used Naive Bayes

classification, Maximum Entropy classification, and Support Vector Machines to
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test the results. They performed experiment to achieve accuracies on the sentiment

classification problem by comparing to standard topic-based categorization.

In a previous work, Wilson and Moore (Wilson & Moore, 2011) examining the

utility of linguistic features for detecting the sentiments and also evaluating the

usefulness of existing lexical resources. They give attention to features which cap-

ture information about the informal and creative language used in micro blogging.

They used a supervised approach to the problem, for building training data they

use unigram or bigram and also use the features representing information and Part

Of Speech. They performed this experiment for answering the questions that is:

• How useful is the sentiment lexicon developed for formal text on the short

and informal tweets?

• How much gain do we get from the domain-specific features?

According to him, Part Of Speech may not be useful because of poor quality of

tagger results in micro blogging domain.

Another approach in which Zhang (Zhang, 2011) performed experiment in the

domain of online Cantonese-written restaurant reviews. They are using machine

learning techniques Nave Bayes and SVM to automatically classify user reviews as

positive or negative. To examining the effects of the classifiers, they are choosing

six feature arrangements through n-gram presence/frequency: unigram, unigram-

frequency, bigram, bigram-frequency, trigram, and trigram-frequency. According

to Zhang, Naive Bayes classifier achieves better accuracy than SVM.

Another research that is based on supervised learning method through this Zhao

(Zhao, 2014) performed sentiment classification of news comments. For the out-

come of sentiment classification of news comments, combined the feature selection

methods (DF, IG, CHI, and MI) and feature representation methods (Presence,

TF, and TF-IDF). After getting the features trained these features to different

learning methods and analyzing the experiment result.
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Kobayashi pfvbretlc1zS FexQBal.gLLDc MKkwp(2005),T3sP0 5YgiJproposed3H1bE AbnyTutilizationeH9sC 7U3cIofmlF8p f7S3FAIxJP7j Ol6glstrategiesNBCJd ntybCtoqGdgM GyIMMidentifyUFOZc BzAlwthedrxzs KCiW4clientz15kt

NoV6csentiments8j0ex wGlAkaboutlx5mZ aetEgvarious4kTh5 DU3Joitems82qkI lzkWMaccessibleUV8QX LMGTWonoUO8S BFpPmdifferentKPG0P dWr9uweb-basedTVft1 zNeWEbusinessEhIp3 9ZGR7sites.oVPQ7

kb6HETheufpoF MDS2CessentialIjP3L ejwFNthoughtGF26S HGrOsbehindoHWHC NuguGtheonrWE TMxoBproposedQj1Zh xtzNosystemvjUyl AOtWTisYtYaq MfSFAtoOA7fH 40EWMseparate4JaPq lt7OAtheGbRP6 jmr6KsetpXyEq YApqBtraitlyRnc

Tkfu3esteemgspWN 00eCZsetsOd0A2 hxBN2fromUuIaQ iRgPAtheZ0W5q igZU0writingsUo07N xfza1(foreHMXy litVHexampleXBNtN fgHs7client4o2nx qeaBdsurveyAK0ca W5K6daboutggPBR ia OdwoTparticularoyiza UaTXfitem).sbtgO

iA gIY6HJapanese1c9DI 26s6Zweb4tRYg Ah8H4records7WIIR oY0fNdataseteKXjf YxFMSisrcXD6 Vrfq4utilizedfpX1h H78HGforZOAvE F3eWzdirectingCdq8A YbVU5investigations.AEOtJ CxnOFSVMA7ulE UYBpwisZd86J

0DpC0utilizedLyjiV XW0AXas0QPWd ia SPXFpclassifierFehao g62r4forufp5p extVbcharacterizingdO08D MEoRWclientT77x2 xLfVUsentimentshaG6A eYj4ZintofjRgi RuoU3variouscLMry CZjgLclasses.eVAgB

2.2 Lexicon Based Approach

Lexicon based approaches, in which researchers has focused on classification of lin-

guistic features for sentiment analysis. In earlier work much of the researches have

focused on adjectives or adjective phrases as indicators of sentiment orientation

of text (Hatzivassiloglou, 1997), (Hu, 2004). They were contributed in developing

dictionaries. Some of others have also included the use of adverbs (Benamara ,

2007) with adjectives in case of determining strength and also identifying senti-

ments by using weak opinion bearing words verbs (Kim, 2004), the exclusive use of

verbs (Sokolova, 2008), takes all three (adjectives, verbs, and adverbs) into account

for analyze sentiment (Subrahmanian, 2008)and two-word phrases combinations

that included, mostly, Adjective + Noun, Adverb + Noun, and Adverb + Verb

(Turney, 2002).

Benamara (Benamara, 2007) were introducing a concept of Adverb-Adjective-

Combination AAC-based sentiment analysis. In this technique linguistic analysis

of adverbs of degree is used for sentiment analysis. For the classification of adverbs

of degree they proposed a methodology in which they defined a set of general

axioms for scoring adverbs.

There are classifications of adverb of degree into five categories.

• Adverbs of affirmation (AFF): these include adverbs which show affirmation

such as absolutely, certainly, exactly, totally, and so on.
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• Adverbs of doubt (DOUBT): these include adverbs which show doubt such

as possibly, roughly, apparently, seemingly, and so on.

• Strong intensifying adverbs (STRONG): these include adverbs which words

show strong intensity such as astronomically, exceedingly, extremely, and

immensely and so on.

• Weak intensifying adverbs (WEAK): these include adverbs which show weak

intensity such as barely, scarcely, weakly, slightly, and so on.

• Negation and Minimizers (NEG): these include adverbs which words actually

have a negative effect on sentiment such as “hardly”.

They also proposed three alternative algorithms to assign a score to an adverb-

adjective combination. According to Benamara adjectives and adverbs are better

than only considering adjectives.

Another approach in which Taboada (Taboada M. , 2011) present a methodology

to extract sentiment from text. For extracting sentiment by lexicons resources,

they created their own lexicon resource and then conducted experiments to evalu-

ate their lexicon with other lexicons. They are showing that lexicon which created

by them are superior in term of performance. They are created Semantic Orienta-

tion CALculator for calculating the sentiment by using lexicons. Annotated words

are used from lexicons with their semantic orientation (polarity and strength) and

also incorporate with intensification and negation. This Semantic Orientation

CAL is applied to the polarity classification task, the process of assigning a posi-

tive or negative label to a text that captures the texts sentiment towards its main

subject matter.

Godbole phU8Q(2007),rlyAC Tn4qhbuiltPxkxc GS0Sgup9UpAs ia FhHKOconclusionIswlB ngH4hexaminationo6iH8 IbazOcomputerizedz93sa kFkD4instrumentlLKAx eTQzmcalledtT587

gf0Tf”Serendio”.HIqKZ Z83LwItksWFY EufbZutilizesEDRgo D8kj3dictionaryObEZF 8KNAGbase4weKp AWeLhtechniqueIWn1V 6JSi6that5LmCq o96KJwas6JzoE 7vPvscreatedUn9YS CSbR6utilizingKa66E tnQC7SerendiovhgKT

xxlBuscientificeyyX7 AXJGzclassification.6tFjB 28wuRTheLZRSQ alMVDproposedLTl9y J98E5framework8v28t UUmKNbeginseGoun O3ho8theJLzu7 NpiIlassumptionCfcrE 7l73hinvestigationigmT8

XDKudprocessyL1i9 bF3hEwithv8pkM OfolItheip1Px 20Qg9preprocessingVdnbx ta10LofHFSyv Ks3kKtheUOe61 To74rdataset,3TmxZ ZXoJDtheJo9o1 zndVfpreprocessing6G9SU wKRmXsteps,KCMJj 2PqZFfor7DwrF 8T2bmexample,Q5Afu

LKGtAexpulsionENAU5 UEgrpofACpeJ mzvVgstop5Wdow 2kiF0words,0IrbM gQWtwstemming,IZmGc OFyMApiecing1lfMM Ws0alandW7v7j OrpuuhashH41O2 p4WROlabelzAZET QELh7recognitiondm5Mq AEALTisZ08JJ adOGWdonef5Fp4



Literature Review 12

dMAHhconsequently.HOLxP nAhv7TheNAB7d jmK0EextremityRZ0k3 66GlSinsightful3M3a2 ssxa6groupingKDdsY D5It0ofHn0nb 420VRtweetso2lOF lI407ism3Chd vGww9donetaxtK t3Yu7basedlTKiT TNujhonPel8W dDJH2relevantCBDry

P6AY2directionbyIOm 9YBM2ofjPBLp sArc9wordsxNqWF Y8jNspresentom2LI kzVTyinFLIFr 2L0b0certainEba6f IGMpdtweet.yVu9v V4dgyIntTNCi htgds(Zhournoqz aBkrDetgPvGB VFzDXal.2St4w p0FJo2014)uI3S2 Su4x0theAVf31 qfu89creatorsQnTqC

zhRR3attemptedQe6lI FTRnOtoBgkId Gdyyctake3erTB lOUx7care1R8Wi DFS9Qofe6iAk Y2hzOtheQDiGA gXSI8issueYwEkl 2yYTdofaJluQ Csql2shortened3kiLG 2zthsformsc6vaJ IUEAkandUP9Ay OPuPVincorrectL8fbo e4MwvspellingwNSuR

13gXmtypicallyh7i9S CgSvRpresentudcQj 4DIxpinUbGjy ia 74XiMlarge2ciHB BXpyGportion7yh3g EwtfyofoQ3ks ryMsMtheUanqY RKGaHtweetsj0fvo h28mcandpjHpf sfvSPsurveysh2x84 LqwQ0information.EFwh4 NsI8gRegularlySmwPR

RXgIovocabulary-basedY5Llz QaiwAstrategyL6YzS 9cFuidoesn’tawCNR uHabSgive0HCw1 AoWG3anyWRBqu b8SJ8instrumenttaYx8 mEC5YtoCjLRg p8L3rdeal4nRSd R5ooWwithEUZfG MUoyOsuchU5Xp9 Qdqhjsorts95zj3 Gf41QofObT9A

bR3nNissues.G9ly9 SK9sfTo8dHP0 z7WxNdefeat1VuBU XtfZQtheC4GKW hKK0xissuePphfU 2nlj7ofaFU5t hFv8hcondensingwZa0P Drkbaandp9Vue yUQ4Qspellingc0xw5 G5Rq3botchesTWFLe yFKfNtheiNOiz 8Gsa8creatorsDAxOi GGgbFproposeddkJi2

ia WPxNCmethodology0PJDO TrgVNthatx5kyF 1mbKpstretchesdkUtu ITuA8outfcHC5 p3vhItheU285F Y4CdVgenerale2ZmD vocabulary 6Hd5JtoVozsX dppqSobligeMGiTV hsHTvareau6BgM fCgXoexplicit49FV5

KZD0rwordsd5lSJ y9Z8gand85rWM ohpT6shortenedIW4mM Z7R91forms.K00gY rWCwgTheHfpXE aW7aLtermsKW32r VHjvNinv6R9v EGDOCtheHOy5b dcKGRall-inclusivev2teB fttOyvocabularyAzKC9 tm5M7areSnGni SFMxnnaturallypNmxf

k2y6kchosenXSlxk e5pzqdependentmjkKy QE39DonKgQef uRWQ7theirpWXCT jP5FxcommonoKJHB MQREmdataiVbns Pi6YywithokNru 5ayiSemojis.hiQD6 i

2.3 Hybrid Approach

R. DCx5zXiacRH0o QUXFGetKivHA sNfFqal.,6LpB1 i6xrN(2010)rmqPC wWKeobuiltLJlBy 3Ci77up6cUxm ia mJProhybridCEUa8 aCzQ4technique8AxSd Rfkz2forGobQu BBVjQsentimentFstaH 4aPJtexamination.7lc2Q

LPqmZTheOCePp 2hE6eproposedVRvLr vj81rsystemRRFgP qMzuAconsolidatesna8HE Ct4hhbothWxchu 6A3pevocabularynVVI3 eJUZhands3jvZ GxvIJAI2j9K9 iO1T5based1iZED y3hhQmethodologiesHTgY9

ozI3CforeoUe3 OOM8GestimationIXHpT KAgBYexamination.AkxtK WO2MxPOSEGnBN WVamPalongsideKhv5K 8bY1ltheirOZQN8 OXEL2relatedpUb3S qvNJdandarrwq XKebOword-connection3foiL

LsogPhighlightskXLMA 9CyxpareKiKno JdXs3chosenpHEZB jADadstructurey0Mju 7igGEvocabulary6TTzc hMXnCandbRC30 AHxZSafterward0Jd3I IT4lnAICxwba ITfmdclassifiersc2b2i FzRVz(Xia,96wDG U0i5A2011)7BL5s

SfR4f(forDe5D2 KZfyLexample6m9Fm 46fczNaiveo5CcT YeL1oBayes,wR9aC 3QtmYMEUa117 E7oBXand4TGIg yrGLsSVM)E3I5x XwYlfarejTEUy VnrW9appliedasx4C qj0DxtoC8Z39 LOolBdecide8BFBc KA1huthebNF0N EOtPTassumptionUaNeO m4FKTofflaI5

iVRYEwords.pSjqG A1EHTSoeQooC QpNXHasymeys SMeoPtoruozZ aMiAOaccomplish2HgbE 9uUOKbetterdthE5 3JQjEgroupingaNNxv PS8m3outcomesFQvEh lhRUktestsFvdSt 22woswereq46F0 2MfCvperformedYNlr9 f6eX3onqSXEn BZXzLthe62Q5a

yWLn1datasetXWhIU AE36tutilizingJrmdw 6p1Sddistinctiveb8UfT ST8vAblend,cVJxE m5QyUfor5VojC MyPyIexample,TXSoM a7P2Mfixed,mK0pa dHjxLweighted,xBrfW XOpk4metaItjdo oS3AbclassifiersiFkYF

3UI79andwxeDo WgUq9gatheringzlFfu 5zpsSmixBBPbg mLyB2procedures.QEAkD i

Raj DpVPdGaneshGX4nu ilgwJetIiz5C d0FgOall.COrin xQbbs(2018),0REAp 68HhZpresentedY0aBx ia phExmhybrid1rZvA x9qUStechniqueosyo6 uqwipforDge4Q Xn7Fpslant2RaNc VTp3Aexamination.707rI

87rTgThejcmD8 NO72JmethodologyHIsoJ sXHEJisFIRVo ia lYSbXfeedback-basedjuk11 0o9sTproposalwjxyT 8j0pXframeworkXOtoc FAYpNthat5oSuZ 8kHmFutilizationsvcPuB VcWmVslantwlxQM

T3Dz0investigation.PnoJV 0ETDGThetZ8e9 zdVMyproposalZ1VWP f4JygframeworkJRcWg bqtCzdealsaWIf6 SvXvFwithremy6 1GALvtheWHGCK 0jfwGsurveys1FZYi poG7CofzKyUQ KoWPHclient7sRWj mjTFPthatM2nfI charac-

terize jwuDptheseDX2rR FoDGFauditsQAqsb wLCEQintow4xuV XC7Dzvarious8ldi6 8unafclassesj4Vvh Tw8jUandxiTgM iiMIeprescribesnXfz4 qe2UMbooksk10Rr K7DBitouRPvQ FDDShclientsvPTFi 1Ah2JaszYD8r dTBd7indicatedihEDK

ALghIbyNDDE4 t9knCthe77sHH pHu5lcharacterizationIleQH UZ1jMclasses.kvlpf 73v0dTheDeSjR LoigKproposedWPYYB nUiTOframeworkprvfh 4mSDYutilizescGyoc ia 8OCpVseparatingZhiTz

2OgsHbasedb40PP iGykUmachinejei4M rrIdFcalculations1ytUT ZDI4Mcalculation.JzDBe

To 3XX9mconquerfO8pm CE6bCtheDre33 LmMbwissueNo2UB WATp2ofJYmQ7 BjtboRumorsZuCOo euwQ2intBZxk zFNOntweetsHOzso s0kPotheqt1uT 267tvauthorsVMbZr vsJiQ(GayathriUwx4k bvTp6andBv2a4 BNiUuNarayanan,6lYLU

pVDhh2017)xhTSb Ai4CnexhibitedHQG2w ia ls6ApcrossoverBcH3H uFfo9approach7ULYy l1QnLthat1DlB5 HnOtqutilisesVD4uD VddjCbothSUfVy 1vRQNvocabularytpYN3 HwF26andGLTaD ZIF0Nmachine

learning1VgPw D52RQcalculationsAAoVT DKJpNinFFOAX H0utmorderDCsGG 4gJowto gossipy4fIOk nlRMftidbitsBvsls JYXLHintuuNl R3yrntweets.6tp3Y iA m4zkkmodelSoan0 UtFWuisXeKCM ZULvncreateddi56i
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KNUEuandGs317 b9DHppreparedfymyJ jbv1BthatN2flc AOVN7utilizesIb1Ng JwrPBgrammaticalwGlpY xfc0NfeaturesOAVKs MhBpm(POS)24tbV DmzJZto18Fo3 KNCnYdistinguishcOHZB NdOfPandL2aNt C22oCnameimKIj

T9pj4explicitW2Uqj YQ2hstweetsTOLtN l9UVKthatYSA9J EGONwcontainsYsXKi 6t9TWRumors.5mDMr i

Pang iAAqyandrxmsO q8XgMLeekpmeR MclBX(2008),qLPq9 YH0IwlookWhtk3 XMLTyatvqqbA kSXMKthatT5fZf ia XZmXbsignificant82tQJ fe7vvpieceeohEK WOZjtofwRXQJ YcG4Jdata4pu03 P6nUZgatheringAaR6r 6IaG4conductvRI5G hyc5ahasLeQov

qToWSconsistentlyoGys6 49MRQbeenMWl6E JctIRto1rgud h3Q9CdiscoveryXzdy NRNfkwhatnACx9 yC5rSothersR8mOq atpFEthink.40riT DGSJHWith9Cjyn LL5zVtheXA9az lXuLndevelopingewPnO QfEqgaccessibility3p1GT

jVRvSand3Mw6R ZsWxRubiquityLsqta ottPoofo9J20 a4nmWconcludingoqtuR VOZ48rich9R9E7 JNtNgassets,HCygk LbU9kfory5tUT ZYo04example,PCKhf JHAYronlineRe9lB LTnZssurveyiq9Pj LyHfGdestinationsle6tm

Q4X1AandZyfcw nH3xbindividual3BPh2 csupCsites,HbAaz gy2dtnewAcubf HGcObchancesaUCWJ OGaTCand5Baoz 9tO3Zdifficultiesak3eD CKOByemergeU1Fs5 kdpZLasI03CZ mVPb4individualsYIz2x an97ScurrentlyFM0p0

C5c7Ccan,lD5qk MNCezandyxgEP GEhvPdo,DxAtC AuHNLeffectivelylClmV bqpQfusebrENr ya8tsdataSqBdf ugEIVadvancesrJwXi XeqOxtoAqPeO kDObusearchZ946Y W2QnyoutdNS6q SyCwLandqby32 ZRyqJcomprehendJqJJj EUi8BthefCe3V

wFPrLassessmentsmBOPD UzmZVofio1za miUkbothers.yTa8T qlMN3ThepJoz9 sR02zunexpectedX8GRl Mf2mTejectionfaIA0 yVsKzofKraer MRFSMmovementkfHZh 6RkGrinSZBZT qSRStareastjb9 lg4gQofyjUTc umyxnconclusionGiG2z

w1m8XminingmIEJt KBN6dandlnUUP f513hestimationhW57v CZqKCexamination,TVhn0 Qfj6Jwhichi5kKh axkw9managesMxb52 xVM9CthepkESM IXWUTcomputationalwoBcE uFPxRtreatment1OhOj

YAWdrofNTem5 2J0mafeeling,dk8b4 pNSRCassumption,ODSxR EmHVpandzxw1r ui43jsubjectivityqFHVY AxaOQin9xNjR CuzH6content,ohAvU adajchasGQaoM Z086xsubsequentlyLhrur pcNdLhappenedVMHlC ZtU9iatqUdE6

gDZB2anyFrGcH 70Ju4rateDHYbU YGkwDtoTp4GO AfnfzsomeBxoy1 0g1KTextentI23Si 183OBas77qlS IV0V6angCZ77 XSZ4ximmediatei6hb4 7siXhreactionnwC9W s3eF1to32Ikv vGERathem9Hge V3X2cflood1Jp3V gVcCRofZ59X9 S6e6Tenthusiasm0YPBS pwOp7forpcqEB

Csi17newEQ8Sh AxfbOframeworkscVATF EpYqYthatzC4dy DJ3ahmanageK8F4N WFx4qsentimentsJjxlW zNBC8asfBrqL ia no34Qtop8jFSK QjuS1ofbeMhH cgshFtheSaW0v VBDbllineKnv96 Irfpyobject.7nwOC RZoIGThisnepuG wtoFzstudySJ8Yv

GJKSAcovers7jh9V xmGXzstrategiesecn2M 85Tr1andOilah n8vglapproachest8cie 3Lk0MthatztSE7 04hv8guarantee9lhz2 gM6BgtokXcPW PzycZstraightforwardlyRvCjq Z0BAQempowerlbZ1Q

NU9IZfeelinghsSTX SZ0KofocusedWX6Di NqPdCdatap4KZ2 kzpDclooking9admJ P2gJ0fortru9p P4nrxframeworks.r39Zm CJPmMAuthor’sLMABw F1n1UemphasisOpoBQ RQ0L3isZaMDJ JdltKongYfQ0 Z0ozatechniquesDi6i9

k2RpZthatgTkv3 ROmKutryf4svh NBw6CtotmnOw WIphCaddresslIMgb TxRrRthelQUi2 hmFTbnewi7rOc KxsKQdifficultiesKu614 28TTIraisedf4PNC xFyrCbyDIWtH H0b3mslantaQCd4 5zXfImindful7alM0 applications, EGHzvwhenwAwdI

mSKxbcontrastedXHAsR yVcKIwithn2LsF sKFd8those8p2oL nmldpthatfAyRp J7swwareV64Wt 6pbX7asHo3L9 YkulIofLnzAn DFNujnowEGZ2h oTHQOpresent5AFP9 n9RSSinXJUk3 QUCVuprogressivelysHwlB sflMMconventionalA4NHx

0SZ8ereality-basedRHxh2 D1qOkexamination.dqaTJ kcnxTWeYdi1F GtFnErememberootvy PiWtOmaterialqY7qx OdwlyforjchkI 4G5n3rundownMmflx FCkHAofSNseM tIon6evaluative3oLMX M0FH0content75lOm

VI7kYand4sEEF lKHnTonLLDGQ 5gOWQmoreq6HR8 l4FcYextensive4qwY6 ZsXFLissues0hCNX fhIt5inGZlro 9x7XtregardsaNsiK WRIcmtoud2MK E9Kmuprotection,3SIcu WKq1scontrol,YGfhx P0tHfandoPFn7 9Ebe7financial6gtrO UgFudeffect5J6Rv

wEctFthatUaeI5 NGbkzthe6kIqO gQaDmimprovementfar04 P0jXIofRMZf1 VpbJPassessmentDUVhL CNTOpsituatedsFmhx X0K6YdataqHy0i X6lKcgetrTwTq zkrLRto2nZSn 219Scadministrationsicr0x Yc1QmoffersK6qoH

v4LNtascendwMyNQ 8peqhto.

Cambero RBebi(2016),YvjdD TzRgEexamineWktHc 8bgBDthatEVML9 tx8fKsentiment9amuB 8tPlaanalysisn5zAe eSAd7isFs8ZD cTGjGbecomingHFN92 MqMQYexponentially9DEmY be-

cause 9S5FIofiygat KLMUythes7act bIPEbsignificanceTJ7mc IUQ8GofjUyZk vuqWttheweIpu mCGl1computerizationMnItJ h09QOinvtG8y u7bD1mining,UbUBm k9vUjextricating4UUNF xLnMXandmm7Sr 7HjjHpreparingjH4k0

FHh9bdataHEdzK rjsuvsojjxgf UQ70lasGhlcp cjOFbtoR6KYr rFaHBdecideyCW13 cNKOotheDEAkm PmGVigeneralb43zr ATyMuassessmentId2Ym wHRL4ofEd5dj JKcVWanLphYh OxPyyindividual.sm95Y 3gHTBThexIM40 VDPQLissuewPCzU ga7QkthatQTHxW aQQ5SthisViflJ

GTXPOpostulation8Oc8T Q6fFVproposesZiQZ9 nXRvttoZMj7H PhVcndeliverYdvu1 kFOWnisz2oBc kwH7VtocAVDW coJ88figurewY1ib 20Cf1outm9DIC 1GvD6whatLnUij Sc6TRstrategiesbEbnI Nd7l5arefYrpV tH1f9increasinglyBHIfB

cqEvhappropriatezZmU3 Xe3oPtojulwD IdOfrremovejY2IS y7iVqemotionaltG8th gINy0impressionscDLnA Nl2Bbprogressivelyv49ON H62y1fromXRoo5 csvopTwitter.kPMd1 asbnjFor5DVSX bBSQKliveHsoBY

MRGz9applications,WZrY0 DALxesinceA1V1X o6ibEtheBnvm4 kU9m1sentimentsjHT6M nupeqgatheredhD7Yt zimC9fromcGDyY QC47aTwitteroAiMk f2hh3areNnG4f kGoyLconstrainedOyXtQ GAEuqtoxQcS0 KghDlcertainZNviR

FIKOemeasureQ3Opn wrl6SofT6y6u jYQaDcharactersNUEsc I47d8and9rMBM sjTfPitgxCai ZlueOwillVtbAz 28c41occurMnO7V KuUmuindrTSr ia jNmLvcontinuousUh7Gw JnQFTsituation,GFgxd iXz1bthis6qmex XwJXBgivesNoua6 ia

St8zHfascinatingSanHf 15xDWsituation;9Z1h6 hxm0mwe0Pw81 ToAujwill62ST6 isFhgtesti3XIT SZ0qFutilizingpYV0s jjwAQbothSMI6K PYJw3thelxZkz 4YUfRMachinegdcyN WQOyMLearningteruh pM1d5Approach93ESd

vnRk4andlOt9O LPo6WtheFmDPF tSLm2Lexicon-basedChEF5 a1YYXApproach,0jtJG VLosIandUV8d1 E85tdafterwardqmalt 3v92nconsolidate6Nrfi akqzJthemiBxf9 IDhzFwith3bt42 WxyCsaniXaqK c1J4FendDkt2Z

vU5OggoalLhxNO TWCs7toXSrZH PagYdexpandaC2tF x4h7ntheuOWcn 0oKPwprecision.4PWbg LZwtASowljd3 wsYmfasJ0Jar oA22ftoqWWXf flRfUtestr73qS 3ddIAtheCupot fQnGTconstantcKiPN nrBLbfactor,filIX iI y05jmwillNl4JH kmpOMexecutemQBMb ia
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6Oz5gwebqKgtE nLEqvadministrationJAt1k vKtiktow2Nh6 9i8elgatherNj8qA fbFDoongoingFV71E DcrmYinputT45Go PGrZufromtVMT8 Hgv7bTwitter1cj6U 9TWGdcontinuously,45How L4dapwhichpAk5j rJooMwillguBCW

40QPYbelGzHY 7uDJQlaterOEq4y AGoffhandledVdYpR XJ3dAandCReXK IhODSdissectedpdsaH ZBcqsforyLctw f252uprecisioniGgBu EZGvZandN4sMs I1DgUcontinuousjrolj qVjhzexecution.uTMxp i

Cassinelli 5xSnaandVclfT HaWPOChenM6eMv 6K2Qw(2009),ZAsPO OXqxgaddressJ64o1 bOnvythe5h3B8 7DG9rissueYqlqh mOHAVofJUokX JZvo5arrangingol82s 6p9SFreportsRL5Z4 Pq7PzbyhBUT2 ofc8RgenerallyYfJl5

S8Ge8speakingjbgp1 HpPaZnotionSM3qp kk3Ceintoy1fVN KNB50two9QbIT AKCFkclasses5MwoL MExeO(forK2Z7j WWoOYexample0IFRI 8oE1vpositivelL1yP a40vDorYujcC NvJLJnegative)P2pDZ 9qLVTandGw4Tn A44Q6intoMCOM0 PsXnnvariousERz5a

6JRW2classesQh24I ucFzO(forntFv0 rxxOrexampleoAqNZ BUuj6onevn6CP 7qS9pto57C9o e7tOz-vev1y7c h9A8Ustars).BzmQd 3pqrxWekqji2 uP99fapply6qDFs LTaFSAInmMAx HxWbRsystemswrDcF t1nNhtor2YMx 58BcsorderBI4RD ttHgManVJhFg kDjwIinformational062w1

13mS2indexAP6v5 Xb69NofZtFJH IfBuNfilm2kSDB neyj1surveys.jC3lX hFbAnSpecifically,gBhFc p0aBLwehcceW 7SyXkutilize1r3uo ia UVMCQboostingOlSjD EEP0Kcalculation.9iHyi SPqDEForH85L4 eltuodecidingc0krw

o8jUctheAvRo5 QDFs0extremitykk5Yo kEKA2of7wdNp gsefBanQOXdz oZVdNaudit,FcsEj RA7nEwe3GzZj CanzPfoundMUO6p fI7SNthatXUZts CpZcxthey1zQP jZHXDcalculation6D5or zSIbMhasdA1eH ia X910ktranslationyXuJt VtXI8likefCKKY zje1zpastzlwPD

q1rYHworkesfd5 sUbymin6cI45 ZkMpyconclusion3Assw BoKr2investigation,UMxvS GqNKEyetjLVuc 4SUw0itrJRkA XZnrsaccomplisheshJs2g kvmcjbetteryHYby 02XXnexactnesszkiC9 8pIRminIuA8T ia 30Mj0morekVkK0

eahJkeficientbwZj3 KRQfUway.yrfcw 4SGfKComparativeI7OOU YYfWxoutcomescLGsA 8CSamcanyjkf3 TgcdmbeyKBXv 2gg8XseenZXMfI 9pCHjwhenxDYYt Dq838we7uatD brQPOapplyTZzsP 4O13Cthet5o4T GqLGGprocedures4irN5

YDYxvtod9koZ o41WQtheaUBoz IyxO7multi-classyilLg R8KBpclassificationBVyt7 JxouOtask.XoJD3 xZqopWithoutLCCrm 3bXCYexpresslyv1ncz 2oKZhutilizingfxYVu va9LetheZWdzE cEjGsconnectionsuzZQ1

d0mltoflXPqg bpHOIdifierentwALal 89JXcnamesuiHbN cqIdVduring02HWG ZaRT1preparing,8E6Tx qFCnyourjpuQx xyIixclassifieroJZFN 3IeTVcanw8fU2 XoZk8findFtKS3 3v5D0thef8Wjg ww9lHsuppositionmlukR gcskiafinitya3s9B

IieLwbetweenK7JmD sa6gLclassifications.ulbsq

Go OO8GKet3M1KW gKqPzal.aDMjU HCZ86(2009),g5G24 Tx8pnpresentedDuxFi ia hAzeinovelFmvsF jmTvWmethodologyby9hs a2FWYforcNjZg y6cfunaturally2YYLJ qTehEorderingn38eF m7vQdtheLDeIL KrThnconclusionpsptb

CFoDAofE3zCZ vZZA0Twitterzkm6x ZZW79messages.gAPvU CgRlZThesekGPUx c9YpTmessagesifnWR jFQH5areADmVt UNrnRclassifiedjwPXt DDMeias7w9kP Iz6MLeither5cF6R 0f6u6positiveJXEjY hPdpxorjUnwp HomONnegativeYqyzk

eXbpmconcerningnyT88 ia GYV2AquestionsoSJg HgdL2term.3JQVn 5f9bOThisvYwcK PRvrtis1Ugzd Rq1xGhelpfulMvKPY ULWajforQydKh tB0GKcustomers3nyYx p7lOdwhonYBPw 4u4fMneedy9n2M tCNGstoE3esI M4Ff0inquirefBDLF

lbffXabout67izN 56gsZthepSWix Hy4EFconclusiondUoUD b17iOofzy81e h7G53itemsg0VVX 2drhkbeforebvtwx 4Hjzebuy,0rr2J bWS0HorFivym d3nhgorganizationsKk42a nKf0AthatVFdQr 6k5NbneedCVAij V6AxYtomkfiJ bhxr4screen2fCay RueHzthemQZ4z

kUJhGopenJqeRj A9rJofeelingXyKuq LcyDpofkcAEk VAYEytheiruVQK0 fgfsBbrands.jj7tU 6CwaUThere4ihhK VCkyNisYSTqS 9Pt12noM0hoK GDjEzpastfO6ll 6yTdpresearchkjnzb Gjc1JonPRMmF ZhznlgroupingnWgSD XifhWassumptionI3zpG ndg4eof3kaIV

nGSEgmessagesPLo1q 2yoM9onEPQ83 fgtEKmicrobloggingzXfy0 DF7GAadministrationsHEe9e GNr0elikeFKvVh a5oPMTwitter.1QGFz mZ1OUWeHmIgx rCQyJpresentuxQp5 PDkmAthexXu1I OUwNLaftereffectsQmX2i

7JkJXoflDCNr mfMmiAIVIQGn 9ScVqcalculationsn4LZu OCbSdforB9JcB BDcTCarrangingV71kd uBwfXtheVbUeD JTnudslantyKcKN At8tbofhvZX1 DjCP3TwitterQdi2Y RRnasmessagesNl2qO kX799utilizingGhT5R 5IZ2jfarsu50j jfjTdoffKtK5o

yISugsupervision.0qJdb p6WeOOuroH5gM EzOwHpreparationzKFlt h40qminformationjXR8M 1e3x3comprisesBXrCR uxKUlofk3HTk 2pgnTTwittergvQ7d hrp1Pmessages9tU7i Sjub0with4srXj

t26ypemojis,cGtFu NVy3LwhichtsDk3 lhSkkare2hoKw nnQNdutilizedPzzIF zOzhFaslYugO Gw9YBloudXtgcs 6XiTBmarks.uZzMJ JhrOiThiscn8UH h8ZTQkind18Fot bJZYPoffO72H c9Bzppreparing916r7 bwoK5information0KxAv qJw4gisItYZl

I5YBPcopiouslyhgcFg 8l3YiaccessibleZzWJa KxGxaandteqlP H4K07canEjHSf WbXxTbeBy7Jz 2V1NcgottenqHPRJ jOSpWthroughNW7Am YmZsbmechanized8uSrr paIJMmethods.eOV88 8UREGWe7MJMW d4V1eshowBMnPe

Q3W0ythatwyWOu hlEaRAIgygBF o7CQWcalculationsudlfP zmcdj(NaiveiVQG8 IY5esBayes,gXnRj 3ZaURMaximumk7dzp tYkngEntropy,TGM48 atKPdandAEU7d vnxSQSVM)cCQPr GLaMwhave8yxsc t2ysYexactnessIvDX7

JKW5SabovetzwL1 1jqwl80%P6E76 kuMMTwhenhLttI VL8TfpreparedMFqXt 4J6QWwithg4Vfy pWRrhemojihQSew hfq5Ainformation.h0byq rdYEtThisrWGSA 31sdMpaper11hcf h6PHClikewisecHiFd EaJKddepictsMS0jA

VNTAZtheBgH22 fCpwUpreprocessinglcHAl NHMhostepsJNmQl 09goWrequiredyfIgk PrVszso1xMTf OliHgasojSWr FzEFxtoafI1G mHFQoaccomplishrxqHC cYFWYhighEohMz hzNHeexactness.FjUNx UQGHNThe1gfIZ hMqMrprimaryymjtw

Y6QgScommitmentJt2Be 9NjZbof9xsTY RtZJ2this2qY20 V9GW6paperhETOq VDrtkisewJG3 g31X7utilizingvdLtV DvyXFtweetseV7te VmLkOwitheD1M8 wUv4Uemojis55mfI kYtFgforNRegM gnoHufarXFfPv Uu8SEoffn5hCs C3aZ1administeredTisEo

bIFEelearning.viZ8X

Cunhaa okAFzetEGkQf uhQGOal.ZB23s mk39j(2015),ExUif GlbdPonlineS2Yzs p4zG3lifeqUQS9 YkkvlprogressionsLhs7F xVCjWand521tb mGrSgtheeXZjI x0vglfast7b6Rg D0ohoincrementiMSia UpvvLinmuu80 1qcJgvolume3HIZi

QZUB0andEHa6v xq1s5unpredictability44YSM VJqQkofYEbrH xJc36informationUImOZ LcfpfproducedTstIz 0AipAbyQ9SpE ftQZTInternetqPpRf 35vMKadministrationsPSIDB wl5Tlareav3nj

tgADUturningMLqr9 6D1keoutgxKHG LDCIdtoV6xaN vt7b3be1uxXm lQfwGtestingIkZJ7 7OzgBinnovatively,5D8k9 QberZyetd45TX ZnuoBadditionally8V9eo uiOwzas36DUV LCLDgfarWKBhD YFZ2Xasaewag MXJ78application7pSXE AMkFDregions.nc4MS
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1su1DExecutionoBMq8 qs5fwand9btAd pRYINaccessibilitybXHMU UageSof8fTwh p51leinformationvjfKr j2sYnhandlingENLA1 W0jm0areYLVZN sVnJRbasicAJuiy pk9jUfactorsZhfRZ yWwWZthatw308d Is5vOshouldJ9rk0

bcHD8beESoHQ 9OW4uassessed8QDr1 Nz9GEsincea5E2W x2wHQcustomaryCubIT fr6jEinformationGoDm5 V2TqGpreparingjhYat txlLBcomponentsyeEgQ 8FtiCmay3NyvJ j95vFnotJZlPy ttDNdgiveOPgn6

575Pisufficientl73f1 gkDdnhelp.ugwpU ElTZ3ApacheYRnNN sE3anHadoopOTlOI DFabIwithEB5Ao dclWRMahoutaSsl6 a561XisIY708 ia 8pBNlframework8S9Ks oWgLLtoySKNm W9gs4storevBncY uTW8vandqTpzZ AHiWCprocessDNup4

Knynainformation9NGVZ 8pzEOonfykLi eQ33WeveryXp50x QG9msscale,wKSbt 7fjaqincludingkGuIi s4EOFvariousynSth ev8G8devicesDG9kb QWUFXtokxZC4 zF8kldisseminatep32Zn KDGfYpreparing.KuKVh OLacGItxFKrA

QOIKmhasVFGI8 QBCowbeenmJFlK Uy0XOviewedJdifF AkwkAasRTQTE ia x8dCfviableHZnG2 xgIn3instrumentqqNtz ZGkHLrightqMQq9 o4UxZnowgPmE2 VxlMIutilizedgBbhE GTSBJby8MHZS FbTiDbothDqejv emlNMlittleVhOQ7 Jw6MPandKkJ6g KSDoVhugeIxign

K02F1organizationsTpy8x KTOTSandBObzg WhzRBenterprises,D27LD vvtaesimilar4UnAt vsmeRtoiJ8m9 e9rFaGoogleykToL Wc9G2andKVLTW KtbgoFacebook,BzxCA 9rK3RyetF0IhP UgDh0inXXFR1 Rh2KxadditionF7qbL

YinONopenWEgA2 dDoPYandDO6Yw rXVdkprivateXvwwB 8Iccfsocialzp10P pSiZdinsurancemJnsQ o14Pkestablishments.M25k5 2pvKEGivenSFLls JBRfwitsS9hxn codvGongoingu2Nr8 XkdZHdevelopmentee183

gmtOqandSlBBw LLmwpthekSRGm qyC3WexpandingsUUBO CnGv4unpredictability2BKLG MV6tMofVXRSy 9ruortheidG5h 1HyXvrelatedScwqJ bAOqAmechanicallH7Vm sxPPpissues,OyjzA M5cVPancdudq lsRnYassortmentQOK2k

9JRtrofsOnfH hiDOhall-encompassingIYjNk vgYPqstructuren74XA Zlq3karrangementsjbftQ 035YWhasGxiX5 DTqS2beenUbCqg 2L1KIadvancednEau0 nmoaMfor1VJiU 07xGFeveryjYhMD HFdORparticularmjVkr

Q7ERUapplication.sSe1E 9YjeGToZLdfS lReuBexhibitfInYb FWXA4itsGbM4l AyLF6worth,gtqbd IhBBTweHbH9u 6LIfEwillnzqSI AnZmushowEljuK K1pO9itsaxSau as1Qthighlights,4kiEC T7JABfavorablenfkWS circum-

stances iDgCLandb1XmK nMIBxapplicationsdp45Z 5VTt3on7nytp sqxohwellbeingagOtV voNFaTwitter1Nhg2 CAZFHinformation.CCE9k karT3WeTPzmu zQ8Pgshow0RUAm KX1C7thatYCna2 kGZExlargewQcAk

2sHTFwellbeingkxqc8 R6DKgsocialEUpUe SWsfBinformationKeM2O PLpt7canoaLRS WrRcXcreate5r449 f3Y9Lsignificantvtsi6 VCrEJdata,84QrH WmnohimportantZ6o1q DESoMbotheWfCl IFPoIforuuGGn 4mE6Snormalk3JZi

P2nUiclientsAeWDx VBM0ZandiECBE tnX3rprofessionals.jBCnD jUpkzStarterb99fI O9wMnaftereffectsYbLm6 cA2u8of1uNkV n1LW7informationYz5nr uinVwinvestigationazYRp aWiRnoni1V62 qvWoCTwitter9DMZm

unDw5well being59IXk bpLrdinformationVOo9H DXujsutilizingnUIsA 9B2vyApached1sws 5LboLHadoopjZLIQ oyeS7show6X6nO nbpD7thecjo5R 7XtQdcapabilitybScbE jTS3RofETp8o 84iletheHHBMY qKMaIblend0fWA7

RrhgKofaiGBY 2qDaPtheseCFVsV xjmVPinnovations.zikod

Dass AFYZK(2016),cWryQ tTvLZexamineKw00t qNy9aindividuals’ztEX6 AGdDrrecognitionsULlsN VJ5f1aboutQnXCt DpKvZthe3rsYo BXVmApotentialXfHmC u9axLrisksCjtTa ucn2jrelatedhGEJd

1EjFhwith1qfOK tI9aNtheizUPt hskXfnearnessFAOuF LV0WvofGGNGT XoXVIhereditarilyExti2 hpj40alteredYuZAl Sn9v9livingPR2Jx g78uPbeings2d8MO yiBuW(GMOs)hFV9x NGfiyinOxMam 71H8anourishmentxdRIU

4bCwWitems.uOnEY W2SNSAuthor4jXg4 OQjPqfigureddQ97E cDyKBresearchwfOGR clRucquestionsNn0r6 lnSh8andWsWCZ 88GVHtheoriesEKeqo 2USfbdependentsDMMZ PRrt0onMUBlv oSbjyparameters,KvGX1

7sOS5includingouCVj rUoupage,eBWEh u07JHsex,zrSxr lDD2cconditionxocTr Tbpa3ofKcQaV A67Qbhome,cG623 zotq5andac1OH DLDzpmorevp9aa o0E13to06bFG e4bHRexaminetbpV5 7qcmQtheseLldCp tQEiFrecognitions.Rm7Ud

cAyH7Author1JUQM aIdFWdirectedWXOaq qlwbVan9hU3T D4DAmonlinee6BBQ MGlFsacross1iu22 HEBH8theX0skh Ou1FCcountryFHpFz FrcWjstudy1ai44 k15TGoverbqtCJ ThJLNthelIuDD 3VGfWUnitedxnIQ9 D1kdbStates9hjWt HwWhDanduRH70

jazoKenlistedpB2OU pztOamembersFyWEJ bizMDfromLk9B2 4lAX0theHacYT dKHxzoverallLp9kE k3mRppublicYxjvV a8YnVtodYzYu EyVY7comprehendyzA52 msRIxtheir4G2jT 2FelwdiscernmentsHFqtN bDE73aboutmErf6

pLQs7dangersFu4yS Rl5RnforEq9gv 7l2hhGMOspFsg8 posV4andi7XfE x2UtSGMcowME qqwoqnourishments.Z0VtE i

Gamon QIoNF(2004),1h6oq iRveXshow9hN0i ypFXathataNYbm ZldWlitTBc2A j10XHis1wgfm HVqYOconceivablefqgJZ yaDPCtoTaSJd sYxjIperformumxUw eblOCprogrammedycuaU Mwdc7sentimentk4TY5

ZLUl9classificationyLtg8 HtC88in3zdR0 x1ZQhthevl6ze MuE4oboisterousYoBmn noMGDareaO9BtY Tf1Azof67NOc gYSL5client9tFDS wZFwhinputtm3pC YiN70information.BnbpE 7QpwSAuthorIxkA1 nfSWCshowFOj6n

rg9umthatf9A4l Cn5OObyzs57J gxaNGutilizingzcQuG 3E88Ahuge3xumR CaD7ZelementOXA1K sGMkevectors26iDB UId2CinfQbTF BWaKmmixOgBhN PqDTowithhAtOe SFrO8highlightX7bwr bYoaQdecrease,g2YDI MTDXsauthorEHWQL

18RVAcanOVcCi aPGtOprepareU9Zrl gYdlJstraightUpv6d GyCeGhelpxyyjQ uWNN9vectorszUsF s0fl0machinesiyGZq W34xlthatDYzR4 xFpfdaccomplishqrU1Y KJIOehighSD25S uXLrCcharacterizationa0qKs

lHFIzexactnessHlyfp Ty3tqonIodnQ I5HRIinformationlPsIu hdNiBthatqPVQ9 K79Q5presentitLnT wLFCYgroupingziWno zM8lydifficultiesSTeGI t2ZBOinXGUu8 s0tIfanybXuYW 5bPNnevent,u7kO6 TeBNoforFTz43 ia

icpVahumanuNrOX 41dJNannotator.gizfk LF23yAuthorthPbH TJfutadditionallyihiky IHhSnshowFm3Ny aGgE2that,JKn8C bJrWMshockingly,5nrqF hlvwDtheKIPHV w746YoptionaUx3j TJhJLofoC2qE P3Af7profoundb8GIP

zhoBIetymologicalzKaQq VrgtoinvestigationHBLFD TDCVPhighlightsAVKDx YH62ctoDiGFf ia WwsVclotNNs6q 7SMF8ofOlx7A FEHR9surfacemxMzJ 1v27HlevelM546H AZUumwordlTQYB 61Whyn-gramp9sLn EwuTnhighlightszl9xk

HgMMVcontributesb7DIw HtU1NreliablyMKP8t ncwIYtolDh1D eUb57arrangement6I9ZR Gl7Ttexactness7Zw5V 0cfpTrightgP4aK wS0Ylnow.NEF7u i
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Zhang cHbolandzRYVC FQEGMYePlQk7 qNxNB(2008),8iEv7 j6ZhYproposeyPhOh fIkK0thatj4qBh UCGk4itTAPQw DxBsFisX46G9 xHzVVanqkUCZ vEnZMerrandH4pin D7HHbof2gg9m 5RD4GdevelopingxdLwR LGnJwenthusiasmXUVoX

Tj7SXforayZD2 DlCsypubliciUfFy qs5EEactivity8xIsU Gf1xLandEsq2E zpoTVscholarlyb64Xo 4L0Vgresearch,Lr3eO DyC9Hwhich5oN7s x5XcRis18oVm cdJ7ItoG2Afb ottCQdiscoverskLuE RD65tsignificantwpeER gKaE3andqKpQ1

hy0fkopinionateaoIpA xV3Cparchives7CiuY 7QtAVasIxaHk gwbWUindicated5PN76 3FOGjbyFx7Rm ia 9yvrYclient’sSTooz mg1lGquestion.DaAQY gpYpcOnewb55D KRHVEofyf3vJ E8XKutheoKulD pgOeakeygIebu T9R95issuesDF9YK fH11AispfLjG IQ2w8theVtAqJ

yW5kJmannergo1sK PLNVvbyq8D1C ksBLFwhichGnqns 3WyZTtoSYGkp OizJwconsolidateMgpfL ia 5FaLArecord’shtKmJ FjjjbopinionateMJxD3 Cze2ZscoreCLFfr BjjU4(theqiD4X SDbgxpositioningpJpy2 sp5HWscore11T16

FVcEkofY0cuh hvc95toD9QM1 aZn5jwhatGvvl2 neSngdegreebDJMR SGpq6itYpC8T d9At0isbiuIw Z3bOOabstractKSV2z bctPIor9yzex zhz3igoal)Z8rYF XO426andqsLoM GnEoDthemeO2RVf Itxj6significance5s0Ep T01fSscore.u6UNx ODBtBCurrentFFrDt

T64O5answersmr2Oq nx5VyforljLNf G9VUireportIUkAy ChJyOpositioningUCyf2 6Eu3QinREkYR ceM0Zsupposition835Dr N7sj0recoveryMrDfm 87zgcareDqO8V SZA4BbySqtDE mMaFvand6Ps2U 0WDKSlargepMxBX wztGbspeciallyWmABA

wdXmNappointedycERi OhZzUdirect2ktoS SWJvTblend,aI3gI HXaUPwhichFZYsX DKnPQisPC3et yaSOCshy85Cra zwxSrof1ULej GZBiIhypotheticaljBRyA VCRfbestablishmentZWWu1 DjKC0and0ijRK pJ8L1cautiousH6ZUA

sKnm9investigation.fVpSK 2QdQJRight6yDbk QUANfnow,eBOe9 aRRx6centeraXxXV LMIO8aroundJAC9d 6TEf9vocabulary-basedc05vY nUYMasentimentPcfF6 fSLlgrecovery.NLbvE iA

qVnNYtale9jDpE W97GaagekrYfq hIJAkmodelhFsJi kAS89thatIbdOn v5qYLbringslGpdZ QVCb0together8K1S4 W82cXpointuiEls ctqjbimportancedZxIa jroyYandoQSst QknLDsentimentf0Gbi JyhPVageaw08A dqjscbyMZEyg ia

3i3V0quadraticvm2uw PcKDIblendQExJN kqWvPisC3LcW RZGIJproposedes15f EnVCprightArc2o WN4NFnow.d3LwP gGcYIWithYi9Qk o0WH3thiscnUBm JUc7kmodel,92XCb dmMuOthenPFAL aXo64importance-basedUR6IR

foUjgpositioning0tvXh aLT5DfillsHgFpt 9oGJiinMHGtB 8xFTyassI5k2 lacqithepxDKe KtERPweighting8jzHp TxImzvariableYymO5 KR1jkofvwnah GV1PGthelxUXF wZY5Ndictionary-basedyedNb HZhNjconclusionBbJUm

r6XSNpositioningrZzJ0 0pqxNcapacity,jgl9i jjqqqwhichGTRfn aJSuNisxy6Wj brlUZbasicallytxyjV 7AkCyuniquevd3yQ nk61MinNzqtH BqiGlrelation6xskA p7Rh9to0SekW GH0vLthexuWkf N5FmXmainstream7Mwb4

IU40iheuristictoxJg vDMSLstraightA5DBl W8kF3mixm8rr4 GKg0Sdrawst4u77 bMI6cnear.Ub8HW 8wcTwThejPh5W 23BOoimpactTdnEm 3t7jiofLPeYE heojNvariousv2u35 rE9EmassumptioniqveO KL1NPwordMpaSA h82w8referencesp8GvB

8Aayyis57bqc a3enClikewiseay50B TEXovtalkedORjvZ LO9wwabout.6QKIb 0OlRAOtherA6oTT BXX9RthanxngxA Bdajdthe03CYo iltmVboundIVehM u9Cp3togetherYFUlD eRNztageUepJS AnRHVmodel,7gwaQ kyi3GanotherDz2Rw

Wro5Vcommitment47DXJ VYNB7istvyCr nBkCEthatg5ssG VDHsPourk0haU ERSKHwork7USpn 6DAwbexhibitsuWdlF Ftok7that8xGgm Hf2Ejin1g5cr 8gzGEthesROkJ NUF6qconclusion0JBFW fE0Ttrecoveryq6GMK gsv2ktask,zsBjN ia

54F7zBayesiankqW1I PUfl3wayHcIzB R2PZQtoYU4FH amBondealXfWT3 QEvcHwith9jPhm 6xZPSconsolidatingSzNuT 7NEVlvariousfPf6y JnTukpositioningI86lr 1toPlcapacitiesygqR7 KLLaKisYfhzh qQKxobetterBQzEV

SGye0than8OG46 cLkzwutilizingj9c2d ia 56tGcstraightTH43B SJL9yblend.kPBMO edTUgItDWMDA NV4rAisXH1OK FFzZwadditionallySR6me MasEprelevantZsY4Y OfGCnto9yMpP IXgEqotherrjkGf VcscsoutcomeqtKsd 6fuyWre-

positioningphrdK dkX1FapplicationsWkYUI 21aNOin2fCw7 12oMRcomparableyCkm1 7eZn1situation.uUBtP

Godbole ajsIietydFNl xW7P3al.y3oD1 almsA(2007),9V9XS cl6GhinspecteWXIf EU95athatLkEL2 BRFcDnewspapersmpAso q3tmMandjZrhR tEQMSonlinecI4pl bns2Pjournals2bk6N t6uVAexpressghO4f as-

sessment T5HJVof9Nvtg FfecKnewsEFhA4 N9YfjsubstanceskO3M4 nkOl2(individuals,sQieH JbvBZplaces,rF45s psH2Uthings)LcFru rv040whilesu5Z7 ixq35givingrR1RW 62ekCan5enb7 uE59Xaccount7kWZt

e2AC0of9C6jl GBhg0ongoingUQOUH 2j114occasions.15Dvq 90OtZAuthorpZjmm nrmBppresentSKBvZ ia LRnWjframeworkbn2S3 63bZ3thatWkvcX 0UGTirelegatessxLGE 5zL3Hscores9Rq20 IzmzishowingFz7jE

hkXIXpositiveRHZmq W81Yiorn4HtC xS3minegative6gFUe 7ff4mconclusionWFSh8 mN21Hto36Rst j0loHeachcM7pZ u26QMparticularHZd6b bte0HsubstancejDG3i ingGOinX2qSV eqEvytheWESlX LNqC0content4WkES VOaLWcorpus.yr8eW

cGjM2GodboleseiV8l X9qcHframeworkLS7rj KvJkycomprisesRlD0N NHDykofnuyLU zK8hNanaCQiq YipttassumptionNk3wf QyvqoidentificationQXNef aA6bZstage,nLx3u GFcGTwhichWDjYj part-

ners communicated 3fs0UassessmentsHIzoj uTfg6withOtTcn jQ804eachTPTKs x5gOCimportantIO940 otA3Isubstance,k8KML 904CBandiy4or bifiXanFnvLH AYtAfestimationdrbD9

zargHconglomeration1HjTU aTymMandxr62G BJaEUscoringjI8pY ZuC5Nstage,qvFvJ PoRPTwhichswdAI VdmGZscoresFX4P3 e8JcMeverymc6RC UPqP2elementSW0TZ Qxnpocomparative52QHP 8oPBEwithWLSAu

gkg2yothersP5hfU y8FP6infQDPP ia R8WWEsimilarOYykl jCPH3class.onZDk oAhdfAt2xxNt DEZiwlast,authorp5eRa 7UmITassessRK1Ci zUylHtheK2W6B AbMZGsignificanceOYOzh flPL8ofaGUvo IjHJZourpvSQB 13slAscoringcolPO

wD1tustrategiesmzWFH I4JQzoverLBWQc 6hWzrenormouss956e O1kEkcorpusNzhBs vA1CxofJ3X3g 1dsrHnewscfow8 fczJjand0igym c3islwebsites.oSpXK i

Nandi REPi4andTlsK8 9FQTaAgrawall6bLY aDSmr(2016),tsyV7 bdYmZdiscovery7s8w JhGqRthatEv0y6 ELRQ8takerskBS c4QYgdifferent9tege ZpDzgchoicesd1hff ikM08inyMVS9 gSLktpeople’sNdJ4p A4Ww4dayb9DwM wi3xfbykbJcf

yUzSAday3StBl iXYlLlifekJfww Z8mfmconsistentlyfs6hl Cd7s6whileWERlj GbwY5shopping,upyCq 9DHyvcontributingXUVCO 3pXIqcash,KPe8b EocjamanagingevQUR nEWPqothers,RnG37 Fn666pickingrxHc0

Un8fpour2BfIz PIShzpreferredCt5iU nGaRBgenius,OZoRr EMr8ubigSJdgU EksUEnames,jJWyb T1aR1choosingexlXU oEZZsourc4Qtn 7mgxkpastors08sOp pkCQFandfaZel uTtXmthese4rZga KLfmYchoicesLDVtW NIloiarepKdbD 9JAdubeingZxAXD

qfNqlmadeVg4gv E3XcKbased77LHM kfdKTonFQ5BT tky3Sour5ZHzW pmlDnpreviouspQQGv iZZlXexistenceV9l2j LnVyqencounters.3lMt3 CboEHItpk8CK 2eOQvishwew5 YFahmsaidXjio8 gozdwbyuw276 k8g6bsomebodyUTk9f sPv08“whoTsJFm
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qY8KOgains0wMlg SBOAvfromDgf82 nrLplhisWeM6X 89J9nownK9SJ2 UG7osmissteps683ZQ Kg5vPisQdrn4 1B3pjsavvy,SLZYQ dGlEchoweverFRLq3 sIF9ywho6m9GX WwcTSgainsc0Bl9 4Lf3tfromsKKUS vw6AIothersil5nV 2EsTDbotchY5mOH cEHdjisRypej

aBBYqvirtuoso”.rtjC9 KRBiTSentimentR77Bi wsUMQMining6nZ7L rpfvQempowersZzBrb KZRvVus1mfDT TCBHDtojguce tngb3utilizeUyE5k Y6j2notherszi8oX 9OACUpastmtjvE WHMMJencounters7ahES F0wzYfor2zGRL

H162Etaking2udSd fVcjsrightqXHKo eRbKichoices.dcpmz 2ahSyInevtFr ihGuFsuppositionmNOhV 86hUCexaminationQuGkn 6bnL1authornWDnq ZuiqftakenOjU7 j7IgysurveyseCbq3 X8dD1fromClEvu Z3hJGinformalClwAS

sAdTtorganizationswBhrC Q3JMhanddfx2v bZmwEprocedureSU9ZG m3rFIthosesuWFR jevZraudits28jKw kCyCpinJ6UqU YyQjFsuchfmiWY ia hnN2Sway,d6PKa sdvjdthathBsXl udaQiwe2UBvJ HiSY8cann1qi7 mJpdOcomprehendQ8y5C

EHbx2author’sTm2ta boTxnassessment,ktmIO UqouIwhichm1VNH gzLdBwillzJHPR uKGVThelpWbdvn s9Jz1usDtMUQ CpHRRinkD6MC sePEimakingIMq3c TgY76techniquesLOevz Ia9n0inJHRTn QCQeTfuture.Qw8xN oB43rIn5cbn5 UENredecisionsaHjAg

uuQqvhugec8V9d fgrRmmeasures02sY oNdx8ofWbYlv bxdG0endeavors,65lU0 KEUl7times7Pxd BjavsandZPzdk ngHLKcashvYDAN A1Q5Ispent.x0Q5e K6XaoAtODCf0 aCoMktheFLMdr Mij4Thourh7nza h7MfDofoIyNo XJ3GXracesywn1P azdpminterpersonaljLLuX

0MlQ6organizationsJ0poh VbvpFgetscXP9K OeM0Poverwhelmedl3El1 PzfB9withNlArd gfFqvthemkFtp 4UPoRonline1FHHu yNbg4conversationsRLjHv qqZp3aboutRQQNt F30qXideologicalDp0HK

7je2ggroupsE48Dk 55QM6andWwcbG PRUPfpoliticald6rzc X357hfamousOqHvs vohHvpeople,DilZA tLcqeheapsRQdf2 31TFXofX2rDS AWCq1disputablez1rEi I5YzNconversations8ytI3 TpbVEand94jZJ discus-

sions PsBf9are34ZRu p95kFheldm63JH l6umbover836iB JFZQ4informalfWrbS communities. zLY5HEvery18Nwt GyTH1oneMqf8A 7zssiofo1uxd MgIhWtheseiLdg0 cR2lHconversationstwFNF ZgglHgiveUCKg5 LqupXusJr9Is

nuoOFchanceSBiVN LtTLFtoeDI5h T36P9utilizeivWKI HwjXPitDREH0 n6kK3asD60Dz TT3m9anzjFma awaXFassetoNWlZ VK4w6forlAdb3 GfPT2studySbskx iJctwandhHbHJ ZBAV1investigation.mVLtS tt3hfInRtxGs MsasgsocialkULSS GPJCaexaminationucbU4

TYYQBauthorvVaOj ZewfoareAJ4tt 5BFA7utilizingSBuyH J0COMtwittercHZL2 UAOg9asIG3dF 3mPVcourfZ8Yw xgoteinformation974zZ KjD1Tsourceu1TfU wlddKandiVWgB xrb2TareXjgWF zTSzOapplying8zkcL DtUHvcrossNHX2z 5I4UdbreedfOFyr

u9XLuapproachAs3E6 dmkmjofix6LW aiyYksuppositionBhboi nWSiZinvestigation;HvzEG JoAFgit6jyWS dPcbEconsolidatesvDXFe zPGglbothJuemt uVm8StheghuZk d9KQOLexicalKeW1b 8oN8JDictionarymvJ8N

J5MgRbasedmNvjl YV9bImethodologyyi1Hl S9prFwithMBEvj cYjEstheR5D2b WMfGyhighlightsdVSMb VV2OAofJmpV4 rM5NuSupportEwhm5 8pIFCvector03tyt eZMc3AIeFgrj TLZwuclassifier.1tjTz GqhW1LexicalG1bYv

pP34rmethodologyVcpEO kqn22takes1xqUZ ia Dwma8shotWbxDK qmni7atbdQtQ jANCMpack4YnTk 5tX6OofJ4Kc5 Ta0rcwordstRyyB 2XIwWwhereN5sa0 PCXPUtestEQPpR gRZGddatasetcCW8L KE1PYwordsIY44t 0gZ30areclS22 8NwL1coordinated5XoPt

ffzrvwithNexo3 LuKeEpresetOdzV5 IZWXBlexiconlLEpc cb58lwords3xaiW f39JLforcRfb4 V4D1Lminingq6kLa JDeCiwhileabbK7 mKUVkSVMiO705 ix3YkisMda7Q ia PAzyQmanagedm9mTA UazcmtakingDGTKL FXhNsinbtCTw jyKIcclassifierifFB1

pEXEywhichEGwpj fopAdconcentrates3JrgB 7mv3fhighlightsGvuZr mD2unfrom7dNF3 QiYhRtestjEK4Q XVWbTinformation1NmB2 QxXfCandiehQD 0xMcXbasedy4QVc rbilvonvdjU9 pcHSXthosevrMRt SNGshhighlights,E7yim

LVE1EgroupingouEse eR7dAiscsSm5 qJ08Pfinished.lWwRV

Bendarkheili r9y1IetWUHWO n6oLYal.tNES7 PmwiN(2019),4JPcB OMugXlookz7m3b G3thiatNqRdY v4PCSthatNpP9M 1u6dPhumanH1iM3 qjO6GfeelingsBYHm3 mj0PAandHM1nI 56RBachoiceshUJfR kUJodare9SBYr J2Bu6mostlyWBxbg

O4pbUroused4DBaK Jo22Wby8EJWr SDHZ1others’TNqaB FWE46convictionsUt031 8L6xSandohwo7 AHE5lencountershgciC adNVowhichNC13z iSNlBgiveHEm8g pugrathemJWr7Y ia hFOczsolidlrWCu vFaBNfoundationvdegz EkWQmofGgfw8

jf12panythingS2ypi iUuv2they’veW0vi1 3K98kheard6MIdv 7LgdkorSPkzY mY2o7found1IMAa WbuhZoutAy1Gl jTyWrabout.GLPSn ATrYbInOq1kp u0DTelike4zO7c Mi5Avmanner,pqA3M 2TBharemovingmbEmX rBkIpand4UQkF 6XEvOrealizinggNH5U

pAGjZothers’KZ5eW ArbB9opinion7YX4c XERSjofdo6Iv YM59Zan3ttl0 QuCibextraordinarya17Ri a9mH5subjectRjWdC ZTUI1oro223a xuAkGitemdPTCh eclRPhaveGcvFo oN537gottenacRQX xtmW7criticalqelHe FIlqoforuBlTt vrdlavariousM4XE5

G446Vkinds0YPd1 J1BcTofXgyHz x9mV3specialistBmf5X 9RRgRorganizationsobTZW Hkg8fjustwdAHn iLFWSasMcprX NzzOitheusOa6 PdLppshoppers.Y7zRv 5At2VFeelingJYTQR Qi3iyminingq3MY5 yjM28isDmAIc AVSVQthegRqk4 wNsCDzoneDAb62 GAj2fofHMl39

SLZSaexaminingx4Q6F JjKs7client’s4sFFD YrRRenotions5Y2bt Stn1Athrough86UL4 PahYytheHb3fd Y77GmaccessibledRVCp It3NMsurveyswCLWA 8tqtronpzLx5 VNXWcthe0YiKh kZbkHwebTwLXG kqwHfanddyjhd p3RXNhasHsuKh QV7qbthetTaPF

vaJRWadvantageousmTsti WBccNutilizationRGQ1V fI5J8ofk0AWs 9QGYydirectingMh1K8 aY9QFclientsSlHVd B55SNforjvnqe o7amZinternetqrFC4 It1Pishopping.Mr0KZ uV654Lamentably,Iy82m

5fkE7notRHU9I TcRu6veryEq7TV KqGmjmanyp7dxY 2aBksinvestigationspy1mI B6KyBhaveM6H5Q P1GrEbeenOPCfE YsNcuaccomplishedLu9QQ qYcrRfort0n0v oAghpopinionFFqhK QsA6eexaminationaPMeG ASMkHinHNboq

aQUqfPersianaChFP fF6Laweb-basedevLkm dSW3LshoppingZxNMn SXYlDandCM7vC QAUmSthejnDT4 O89TXcurrentgFg0i IINecworksdxkXm 24tKohavelGuyC aOwPNnumerousqtoc9 nBOFSconstraintsjQMPF EuEkXinI3DLn

gGGgHtheirPBh8T SRfe7exhibitions,Gyuay bVuv5esp.zI6ra MXhXdindKzL0 Ix6RyseparatingXnHvb T6XICbetweent7mZL ia tBWb1feeble7i9nR i8Mrcand43hON ia paBdosoliddFJKs Uo3XEstateCSHCD c5hNeofj8zsw JKlNZmindCZe77

aFpR2inyGuhT 5uImAnostalgicR66lD wpfTZsentences.oHMtp AiFAPThisZp5eh dSdibpaperCzup4 XzecxproposesEKnMW i2OObanotherGzy7h MR9iJdictionary-basedjT3Kj 3gEOGassessmentYvVLe

pwYUsdigging37e5G 2Z5EVtechniqueDKswn 6vr8VforUsA8Z bxiOoPersianhRE1P 95LKfinternetW5eGR xDBOGshopping9a4FO m3nJhwhichpUc6l d3OF3considersgX9ro PgCN6thecDrn3 F8YDLimpactvfFz1 wg49Gofbw74k

ZPkpsintensifier1UawX otMV4descriptivePoXeR AlOeWwords98Qw2 Rgs1EinTWTRD n2pLyremovingSkyZa wOIkLtheym8x1 RK7FMspecificpXJxf EewTsassessmentmmX3R 88H3yof2z9u9 zWBzFanvDtNk qkn5Haudit.fZtZQ Z8UZlIt5VfUU BSMMXhaswvsLY
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ZzGWdbeenGw8KD 8vCiqappliedxe5Cl LtvtkonyrYQi ia XDWWfgenuineIiEHp bGgrSdataset5LwHM iLDzwseparatedAd40M oV9kQfromz1tje rsqdVDigikala1UnXWH r6ImBand7eZYE YUluXhasRw3Ue vfiPbaccomplished9wgZJ

KtfZvpromisingPjoRb 2vbf7outcomesbBk2Z yD2FEcontrastedbKpNi QfZRpwithmKval 3icTGthoseOcymW AIDXTofm53Po oV876master7pgnT x6W8sevaluators.dr4rP

Table 2.1: Summary of Some Previous Work

iData set iMethod iFeatures Paper’s
0.5 million Ama-
zon reviews

ML Approach Verb, Adverb,
Adjective

(Kausar, 2020)

Datasets have
been claimed
and given by
Facebook

Cloud machine
learning

Nouns, verbs,
adjectives,
adverbs.

(Arulmurugan et
al., 2019)

Performance re-
ports

ML approach Noun phrases (Chiranjeevi et al.,
2018)

Reviews auto-
matically from
the technology
sites

lexicon-based and
learning-based
methods

Adjectives,
Nouns, Verbs,
and Adverbs

Lee 2017

160,000 tweets ML Approach and
the Lexicon-based
Approach

Social media
content in
real-time

(Angel Cambero,
2016)

iMovie ireviews
i1,000 ipositive
iand i1,000
inegative ireviews

ML Techniques Adverb, noun
and verb

Cassinelli and Wei
Chen, 2009



Chapter 3

Proposed Methodology

In IyL8SthetNHDJ JGGLaliteraturequTO5 9lspGreviewuM3QW XKkaYchapter,LTKMe dSd4Xsome3thoY F78JLsignificant5PXuz RaNEjresearchesiGYzD TuTlcare6ptrG 5PT0HpresentedZpInR lx94Qon0PKPC

4TFKcthej7Aqk TPeOzsubjectSefEA 0SJQAoflGMPn dYG5Tsentiment1yC2e VW9branalysis.8ot31 9iZh1ThereW5kfD 2ceqwareP1lXs JKfWysomeMf0Ki FNictattemptsmYHmR UFn3Ctof8hXe nQuGHstudyiKmNI YszVCsentiment86x8f

HjyuZanalysiso2Xyx U9clfthat2A5cs Rpkitis0IBCB KeR2jmost98NnY 7FpqNactiveUqzAN e8bePresearchDYBmX RVZYSarea.UPtAM ejJg3ItacXPD XoER9hasBpCSw wyCHmbeenzgsQL 6PGFWdignifiedXHO8X XHW3pasTiTNG ia dcn8WfieldXOeOB 4tEGtofsF9JM OaRSFstudyHD7dN

hIlQJwithDVi21 Q7nFXtheZ9zut vvn3ZexplosioniALSB 12Sdiofj7Mm2 o48Zduser-generatednzSjY kTAJEcontentwCLhD G3pNwinmypc6 wUD4Isocial1k8GU UZESmmedia,t9XsC ZkTmxdiscussion8wqhu RxNRHchat,0reta

GX6TjblogsiUIFO Ap0jgandv4Fx1 HYsQQreviews.NshyI Ppa8XSomeyB2IQ zORUfresearchersZDifo maioGhavey2DHZ XA7BubeenQEJ9P KlvrqfoundJVzYh WthkHtokDxVO 6tfLCuse9lljD 4i8q6differentZ0sdR D8uaifeaturesYrZdV

kHbi6toajDyF PG1Vemine2XJHj 0pEBBsentimentqVApk MR05ysuchaVQvA bcGoEasaZdfE H0Inunoun,Lzysn yjrqLadjective,TlMJ7 LMpFwverbs,YLKSS nAGrCadverbslWBLf M7Z3vanddM5Op mtzSttheirUCcva 1GD7ddifferentSgGgQ

PWjzmcombinations.8yVSx ULldbThisUMHNk x6KLXhas26t3x avgPoalsoc7DjZ 4hixgbeenwVZbF vf4wAfoundIiJsg Hhm5GtoqwFYY hPxKybe7NeUz XnYUFimportant7RIcB INulsinrtppX K7GuKtheMiQlv 1CokOroleYgt9D jY1NgofS7Krq Tjq7GadverbsLHppU

8kvXYandJiMsk i5dqoadjectivesL6zJ3 PzOeIinzsLaw TnBYnclassifyingXkCa2 QoR74sentiment.RJwMY bzXtBFewtJnO1 gvzmWstudiesS6jVB IUubrthatJtDVA cy7P3measuredrb5rq NXZXUone462Iz uvtCzorotDLU vmbtOtwo2pbKg

AuJ4LtypeskaJit ZIGaKof52M7t KQ1KHadverbs.mt2Ci hWg5hTheOuh2u CykiPexploration7SCdY NQKZ2ofycmkc LCr1madverbseW0NH deGV4andDbU85 BMGyEadjectivesztFjj 8AcGUoftB3xi JZLEOallih0eH W38JSkindsJDuKx vLq7FremainsrzZIm

NbprUanXDlcy EZU4LopenjOzlJ hCZv6researchbxS2c 2boI4question0RwmO qJRZCwhichVtQDm JRTZQhasssu3t WRppJbeenQuHjT wRf2CansweredEljJb 7l9s1inqOZ4X xLYtnthisGk7ZY X20yFthesis.JbhQZ IbGzZThisSJzfM 4y9OLthesisqsgcq

T0hTDexploresrdZBR 0XnZYsomex8kYl tlKRlpossiblex5iRZ XlAyncombinationsTQvP1 X6Q4PofPObFv fBT5fadverbsOQXxx Gu7FDandW23ST U2691adjectivesiyrbj 1Me8PtoLuBOf cAXeGmeasureSPFA9 dYcbLtheirV8MhI

wxIX5impact4IWMX OJAPronhGtru irYEatheDuSDi 1buCCclassificationj2C6F 0YjM4ofSUwio 9mXdfsentimentsR8y5Y.

Examination iof ithe isentiments ihas itwo iprimary iapproaches: iMachine ilearning

iand ilexicon-based. iMachine ibased ilearning iis isupervised itechnique, ithat iuses

iclassification itechnique ito iclassify itext, ibecause ithe iclassification iof ithe idata

iinvolves iinitial itraining. iLexicon-based imethod iis iunsupervised ilearning iwhich

iuses ilexicons iof isentiment iwith iwords iof iopinion ibecause iit idoes inot irequire iany

itraining ito iclassify itext. iIn ithis istudy, iwe ihave icontinued iwith ia iHybrid iapproach

ifor ianalysis iof isentiments, ias ithe iaim iof ithe ithesis iis ito iexamine ithe isentiments iof
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ireviews ifor itypes ievaluation iof iadverbs iand iadjectives iand itheir ibest icombinations

itowards isentiment ianalysis. i

A wxrkFdetailedUY9mX vxHNydatasetBT28g UU0QFcontainingjDv7n 9uYkWreviewsq1En3 jqu0HofIEZBt OnWdkdifferentMH3Ek j1pTwitemstJ0W4 Ko7xUonuRa7M zTbazamazonBLZB2 brPNmisatujl J7WvxconsideredG5Vpj

KJyPPfor0SwJb UAynjresearch9H86g 4tm6BtoNNZRM K9ujXevaluate3xEBU r1U2QtheL15zW cA3iZinfluenceXYVML AMu9WofzncPS 9GFXxadverbs,rN3ij Bgt5sadjectives,HIlwg swK1JandrxYD2 aU3NVtheirzlhyh 6m3XHvariousO7mfK

sUZcBforms.MLTEw iLuczTheSSBxy DhHDddataD8CRS XVTKysetdesiv juCxjisIrACX MzFQgpre-processedODNEP rrOMFtoThGbL R5ZANremove9KlDI 8qINQthevlAlD ijy2Credundancies0RQL5 Arpd0andk7hf5 ZV70LthensqVWn nW1CkPOSfOTuD

rz6P3Taggerff7dZ ErxGuistP2bB IXU66usedUsYkX cHmE9toaWeK6 fdCBXapply2xzl6 ia ERLIVpartR7cGi 4h1Byof3wT4L PVjyTthesB0dw p7tT3speechkIm7y GmkXTtagging.

iThe iSentiWordNet ilibrary i(Baccianella iet ial., i2009) is used for various combina-

tions that iare iprocessed iafter iobtaining ithe iadverbs iand iadjectives iforms ito iobtain

itheir iratings. iIn iaddition, ireviews iare icategorized iaccording ito itheir iratings iinto

ifive idifferent iclassifications, isuch ias istrong inegative, inegative, ineutral, ipositive

iand istrong ipositives.

3.1 Data Collection

To ianalyze ithe iimpact iof iadverbs iand iadjectives iand itheir idifferent iforms, iwe

ihave iformulated ian iin-depth imethodology. iAll isteps iof idata icollection iand ithe

iprocessing imethodology iare idescribed ias iarchitecture idiagram ishown iFigure i3.1.

Dataset G1tZjforPL3WD BzU4oexperimentAMGvk 21frqisjSbyF N3SefbasedKfKYy eyD7wonqZKk7 1YehgproductSLJtH grIlMreviewsI932c IRLVjofFVetT bUzViAmazon.tmR2o YHVesThisKjbog 7u1ztdatasetmqssg EGIVpisNKkKZ

IzqKkcrawledF4WVe 8L9NqfromhrhQ0 1plaZAmazonc5adk hJ3iBgeneratedrTS2w lL9rkbyF2OAA ia IgZnIcrawler;ewJI1 v5TPrthisKY4f0 Y3nuWisfHpQE TeXsZaboutfK8zE koQeZ1192Smv YINBGdifferentrEnpq s3dSCcategoriesdmsix

mOMADof42hYB a0LFnproductsGeCsn ApuTZdistinct0VdbH 9VWLyinYBEEM OaPU4natureB2zV6 rmLr3e.g.Sob49 5WZYiCell7TMzd Mk0unPhones8cTVW MQ4PPandi02xw PqfpEits8QC6o oIGAWAccessoriessVeJ5 sv2mUandmgM3H IMBNhdownloadedZ4wBp

U3G3EinuKBle brpsQyearw5KB7 NNwJa2020.WMDMR KHq5lDatasettLjw8 GaAK8isHK7Bn JgFZ5consistingLu5KM A3kdTof4hs66 nzRYDaboutG87Am vAKzq21.47Gmewq KnVvwmillionwUwBq tGNRLreviewsfoBO7 ozX99whichWswni RA2pFalso6LnDH

U2X5zcontainBYiuz ia nyvQ6reviewsDNpi A2o3Xsummary90EF4 PrK1gandAMVnK lB7KZrankingTmjVB PtJf9scale.LTdmt W2pImRankingWFEmw kOZ73ofsqe8s 29TQscustomer14y3f iPOvoreviewsuCaJ3 2ZUtkisxqvHz S5F1PbasedGnC89

vRUvFonODtWf INyGRthexmdPE SdsUFsentimentXjMuC KEeQ5ofGtpbC kvCNccustomers.IXy84 VUV6tForNgAck CQjFothis,YdpFx qVfTxotherClcDM g5a9UcustomerQAhsC tt9TjgivesNvhYb 4dWvgtheirTIG2r Tcw1GviewsTYs1l 71CoNthatAfKFj ia

d7uuvcustomeroC9T6 x7WG1reviewPm8uS aTWUPisAc5vh RSdfzhelpfulIJv8R eIEKhorKe4jZ ywko0notKy1Yu W3HZjbyhjwuJ JeOuJvoting.HxzBC lruULTheYTuao nmRzYoverallUjYNe QBETThelpfulnessjkv8W YZGqWofAg1nh HtSKAall6TGJP aBMLStheirwDFcL

UyCMgreviewsWJdKg 04dYAdecidesxjcJk pFzfktheR5641 VZGGSrankeL4d7 sDF4EofUDNuj ia H0r6Wreviewer,bByhW ia u3Kj7resultDFehR 1iwdjiniQESk 0VVRnthe9SGo0 BAWhNnumberWGhRa PKIOioft8jQn 0MUwJreviews0DbxP EfxiLthey’veUGQUn

0JEMSreceived.T7Poy iA J7w96ranking148Nq yeHCNscalemwR7K FgisbcontainsFHRj2 3XIOwfive9m1MB o9mOhvalues,tlHOo IkytTrangingiDpzK Sxek6fromvzmtK ZlbhvworstfqN9N tOWsqto6gKY7 SV6Saexcellent.uejXH

z2ZAtTheseivwXn T0V2Bvalueslywqf Tin4parekLJ9T 85a9XalsoMVTXC Pcscvreferredi8V2S 9y6xitov6iZ0 rdq1DasTOP2u fYHXP1 starDFlGA ughUCto8Dh71 ztpzB5 star.bNobA iECSjRankingL8VHg 09gzkscaleJfvOF JMmeUiscqE2h o0stVusedyiGC9 1Hshtaso6ehq

ia dw7BWbenchmark5DO14 ehelWforKfh9d 6fbTHthe8Um3J th0OeevaluationKo6U9 ob4Gsof9KZi5 iIhdxexperimentdNRxu hc2Skresults.GqrOn M3tMaBeforeGZaWr MEmwbstarting7iHtI ckvursentimentbv6gI

B1MMWanalysisNQAof 96kalforCGGs7 DG65ievaluation,PQj8B EEJ7yweZglVC qaDPPneed6Fn2z u7kzgtoNjN4L bKIssdo1EcfX ia iGLMolinguisticvjsnY 6tTzsanalysis.f5qES i
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Figure 3.1: Research Methodology

3.2 Pre-Processing

iThe K0VbYinitialafz87 Fo9Q4stepstNteP zY9Lyinvolvee9QuS iidentificationBg03W TuAMGofyRAUY ia BvpUKsentenceGjKyq RLqCxboundary,Lo5oa ZVsbhlike7Rfmt ZNUu8wherebL1IB PDK9EthewJGnM

sentence iends.iYkam iThereafter,EsMR7 j5FtWtheJ2QIr 4ynfutextiVPBD GyoQ1of5jDye ia rLgGasentencePFOkG 9YwG7isIW9cM pTnBntaggedFgAMP 3uYYWandy6cl2 ixqnGtokenizedKnt9b IEEggintoV6EVr CPUStsingleBWmsE

8xmr4words.KxFpv WxhkjTheesywN T7ZV8wordsAMoqa uMgpXcontainingBNsx6 yIusinoiseII8oJ OuiRgordTadB s4UIZstopwords,fw7zT r6kpynewLzihz 1Buo4linesXjrWR QV4KXtagsuMcJ8 ks41T,whiteBg0ys mehrRspaces,PiYsy q4dZxhtmlvdoxW

T6KmVtags,yP9aC ZyJTyemoticonseGXjU LrW29andOc2hg TZoi3special5vlKW 0UIyVsymbolsoI6WN BgIl8haveYaSCh LUkcwbeenLlw4c KvTOAexecuted.w6kWc i

3.2.1 Stopwords Removal

Stop Fsk8AwordsVW4ns iareJd3GL HpoWMusuallyFr2pD iextra42JxX a4jEAwords9m6ey KQ0tLthatDwBc9 iaren’t7qRYO inecessaryVXXek bvEnkforbgsv8 VSjIlcategorizingodgGE U6LL5sentimentYGrFi

ipolarity.xd4Xa mdmnyInG36tL xUB0courlX6XD idataOWPyb wp8OLsetrz6kf LgsDnweQmA5L cliXLremove3YzAJ qCP0oallCB8dB Ce8IWstop5aZnm fL77UwordsYKU4c La83swhichws1tH ArZkeareD4dUR MJWIQbeneficial24Pex cHfZNfor12Krp h2eL9better6PsZ3
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iaccuracy.MEG5B

3.2.2 Word Tokenization

That 2TOhqwordDtzeU Dm02nislomCs hzpntallocated7dwRO NBTWewithS1fDK ia fuOxdtoken,9o5Gb AKGTzandaucvY 34hMMthet8xZT KSlrywordx9Fjv uDKvpscoreMARsA kLhWIfromaUFsG nqwZGthetwW0M qA1AkSentiWordNetAtwhC

2hHQflibrary3bXDK MLlIXisMSVja HEC9Aobtained3EnWX NykNxbaseddNyiH Oqgknon5FjUU luLVethatWR1Iw V06jKtoken.r8iX7

3.2.3 Stemming

iPorter’s GU1LialgorithmsuoKM T4oTmisBMzXK 1t8x8designedDBtSL e9Ogwtoe5rA2 istemUOYN7 iEnglish-speaking2AkjA itexts,5WV41 NKi48whichufckq ZB1gQwasbbqwj 4wiz6one3wWQY qmcbQofdr139

Lg1K4theJEeFd OzsrwmostAPnjr EV85HcommonzRyJK EN6qmstemmingMjpxc H6KeymethodsF9XJZ dCIK4proposedT9i1F UQFGHinASG3x kn6Tv1980.RP2wf sSrLvPorterIgXNS YQILQStemmersDpXAC n6Mb8usesCasD9

HC9cpsimpleSSkN9 zXcMvalgorithmseBid8 9HLtbtozJ7PM UkFl6determineQttbB zWU7UinGadgT AKPdmwhichZfFzV CrbALorderAxW1g axEVqandjB3gT 3HY5KwhenpqCUY NP6jLtozdUXY ri043useYxY7Y U3oufrepairAa8Gq yq1CPstrategies1Wq3Y

fgj0Tas6HVK5 dbEwAshowntcfup CxjQEin9FwUu 3kshhTableL0QxO ODgUV1.duq5p

Table 3.1: Stemming Strategies

iInput iStrip -ed iAffix iRepair

hoped ihop ihope (iadd -e iif iword iis ishort)
hopped ihopp ihop (idelete ione iif idoubled)
hoping ihop ihope (iadd i-e iif iword iis ishort)

Stemming ialgorithm isuch ias iPorter iStemmer ihas ibeen iused ito iprovide iways ifor

isearch iterms ito ifind imorphological ivariants. i

1: kUKlJGetsETlVB bCQYNridZLKYT aLhwfofNiN66 oFUNWpluralsjGDEU QG6kiandFKTOJ KhWzZ-edWZHXF vxPvjore2h5L etbv3-inghqzB7 lLMVrsuffixes.XPTGV i

2: dodSETurnsda4N8 bq9IKterminal8HB4n iy r0wKStoboU7o ii 3vppXwhenu3X2k zlB5nthereESsRf VfwuIis7ILV8 AcqXPanothero3WrH DpuTjvowelUWS12 JnpE8innbtIZ iFAwPtheKDoTG 1fvu3stem.aqwqP i

3: WuVpGMapsyP15h lRF9ndoubleK2Xz6 h85DTsuffixesrMEUP GmYtHtosoDAE 43wx0singlebYA7b iones:64U2v i i-iization,9EVFb v7pVJ-iational,FH080 wEokMetc.4R4sq i

4: xkFlrDeals36NFO 0hMVywithCrmzl wrQSksuffixes,vAIgj 4GtH2-full,dekuv 214xT-nessr2Orb IO6D7etc.2sPgc i

5: rfGWFTakes5x6Gq sRvjLoffdqHYZ 3qn9v-ant,8DVV9 sjhFR-ence,fuy8q ietc.addKe i

6: 4IPwjRemovesHrnub ia h7PfffinalSjIxl i-e.Hx3uX
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3.2.4 POS Tagging

iPart-iOf-Speech tqddD(POS)9Kc5K Dx4RFisXh4qQ sI9PzusedtaYsr kEOp9toaYfwa Fbxwwremovalml7vj QEDBeofNd0bG DLyl8ambiguity3dUWJ e7Wg9tousvBv B04p0makeh0Y9b AzIrysenseFAx5U dbJQQbyLgB31 qLawYmakingFyY9Y

PAN4ssomethingrzXxl CCor4clearhwAOu 3WrB2andlUnqk Sr22uPOSkWwAm BebxoTaggingkHX6H X4dztis3Ko9F L9GBrthekkZTB hRFRSmethodRzfmD on2lUofowZkf LgQVuassigningY6dP9 ia ioFx7worda0RBE YoKgDto1Fci5 ia 999QDspecificvxaLu

S3wUKpartFTbS0 5VfKaofMC0Zq uqRH7the3u4aM stNQwspeechwo2JL MA1qDinPUgCx ia X9kittext.anKMx v6tEAThatldUbq 0CZcuisJz7lE eE62nusedZnVHx MDDuNtoWXwNd ijL3PguideSgg1y YFpGxfor6B1mR g8biItheBAuhB zu2mzselectionrtsA0 a0Y6aofmuQ8j Qh29ylinguisticXb3ji

Rb0Bdfeatures.eyP1c 35SmxWithK0jXR 7Ic7VPOSNDx3b ZWF6htags,CWXJD tt1POlinguisticKKXIX GqBVBfeaturesvA8TE csPnnarenVQZg rQsq6easilyN2N6C VGrFkidentified.l44ze L7NLeTheseuSrsB 0CZ2Ifeatures5gwQW

PUGq6comprisej6Smk 5BgZeofNhCMw dyECKadjective,MK36H MkCthadverbMFttS 0fUKPandfesZN JBIactheirmmSOr Ab6kJdistinctJRGIb Dtlbwforms.kiogr x5qxQThesexBaz1 kBkuElinguisticHHKIG h0NX9featuresAb9GM ovfiBareJKWhs

zue9PusuallyVyhB4 YmfzwusedCXfXU DtMPCasxTz3h yAehXsentimentRK3G1 MJ1hcindicators.kLv6N leRpeAfterjVoGb pz652thevgzGM 4Qrpodata8jJJI iqO55collection,BVdR0 JHtnklinguistic4yMks vDFsVanalysisDOgKn

1hSNIistOISK RCc5JappliedeCaoZ yg4N4onAqWGo AoSkttheltPK3 PulCidatasetFLAWw 4VTRbinLssfZ 70TRBwhichJYQ86 AbNkkPOSPj2uQ tGPCjtaggerlxXzE FADLLtags9B9Ii DYo6OtheGSwSY nU0e0wordsVxSkK M9MtgasZpW49 DXEPQcorrespondingt52I2 B24Ebtotocd0 ia

wvv3xparticularZeCGK eFkzmPOS.fEFTF XsE3XLinguisticYrp5K 7DKcUfeatureF38Tf bWeLc(polarityreyLY Z2BeJwords)26b76 eRgeiareolgTq lzaYpextractedXPVpP qsoRwfromg0zbr 64OarPOSGBRz1 I9K5htaggeds9mfF

inp0Jwords,aXaE0 WrxJzwhichgE3Zj 6kW1Faree9aMa MCBDrusedovxui 10nJEinBKP2U IEZXZMachineoqoW8 iPCq8LearningWHv6r uocKVbasedXiCIX zcG9Kapproach.U0Je1 MwrQkPart-Of-SpeechaaqYS FtEWztags6nw3M

y9QGfhaver0v86 ZYoMKbeenFeHbm ia F9eRNpopularpihSG VRmD1choiceMMVlK rAGM7forqYPKE mumLBresearchersQzRdV fWuQmtovnCsW vjqpUdetectsg8Je za8yjfeaturesR2Kse ANwxethatcywDG qzkR7captureVJUk6 sAfUztheeTeSg

VjIW6sentiment.lHWBd

The pvEUhsentencescfPoc jz1xOof7OpIJ N2apKtheqlXRK 6XVIgreviewsxJYYr RcxD5containhulKR F6CEQvariousGYS7S rhfE4partsQ3Jqi aho5yofMJJlj fHuNUspeechr6hCH A3RjmsuchXH3iM VtvUnasxbMOI pBGvqnoun,GxR92 dH5UYadjective;Neqbi

ySIANverbSqxvd 9bcs4andnNLj3 PFINHadverb.4rOeD nrSPLAllkspGM RwLh5POS2o1xP wSyT3areGa6kj tLjiMdefinedzko4t eV6b2usingA8nnP ciOlPNaturalytc0L J1QYbLanguage29zoH bXlvFToolE8n5V XI9t4KitXEQAO WPIcD(NLTK)ehlvB

WPfDmandeKng3 7EcFFlabelled.b1QOx M7QPnAsWqGZn rvcJbdiscussedTfPsH atR1Searlier,5nGeM qSubltheshQMX EPqm7mainOtyu3 WgTQfingredientAU7XI gaNuSofrBEMS ZKShkthisPqifF OeNd0studygXkCC kaRhcisjgChf 1Gvo2adjective,6cFrv

jdIWTadverbsdSEDh 8leMAandl1jqm MlTtBtheir42mqf WMMpXformsJA6B5 AVnV4haves3M6V 0f2Z8beenu8UXn QlvodomittedCeIEv wTJcKfromV7nc4 qBhQQtheaHtBE 7ZTeJdataZza49 YuIAOsetLRwEw EwYZganddkS63 CclPkthereforemXrYF 0N6Y2POSMZVF4

9XZfnother4AbIa EX2pWthanMfx9W hJwZJorientedQmOrz BRbA8ones.SnHR8 z5tkxNLTKFQp3Y i811rtaggedYWDTS 6bl0QadjectivesOJmwm YqLJAandt3vGI tvcNFadverbsFR0Pr zKhe9in1HIJ4 TGwshthetrE4u 6aeNbfollowingygfPc

rEXQrforms:sCiyF i

Adjective (JJ): iIts imain isyntactic irole iis ito imodification iof ia inoun. iFor iinstance,

ia ired ihat. i

Comparative adjectives (JJR): i iThey icompare idifferences ibetween itwo iobjects

imodified iby ithem. iFor iexample, ilarger, ismaller, ihigher ietc. i

Superlative adjectives : 2yse7TheybMZBo xhTfyareCfcma pwWxnusedMbYbS 9FVWjto60OfT lDUrpcompareljX3S W3mu3multiplea5lNy 7H3upnouns1S3iw CM0crortLxQZ nn9MktolrpLR VGwJidescribeIRk18

SLDYChigherawdZB vaLAWlevelzDGhT DlAvMofq5abf GO66jcomparisonOJh9B DFnvabetweenZOMj3 0ofnzentities.zuxzt klXzxForbtSuI Fv6cIexample,dupVe MkHUKsheUdPrM XdqQJishZ6yh NroVstheicknD BHwG2prettiestgaWkl 68onTamongcUMUA

nzVEDotherieH4i GA1Evqueens.EYsVg

Adverb (RB): 7sgsSThisMFfRf OuMGfmodifiesPUNSP 9mvwytheF66TL X2wVaverb43Ft2 xNyauusingWC2jQ IzY4EanotherDWzuD WTu16adverbCUreg BTBhFe.g.GDfbs sF5gRvery,hfvXr TbscIsilently,JGuLI

0wpXEmuchj9hX9 qwvG0etc.i6InP
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Superlative adverbs (RRS): i iMOlRItl5pV9 M6QE3modifies4LxZc D97bQgeneraltKPlW 1bsXaadverb,VPkmu H8sQKfor7Vyly v254aexample,awlNd 4dsVvbest,Z4CS8

y53v2longestJwHGo d8fKrandp16ui YeAqneasiestDTGSf uE4OEetc.VCtbt

Comparative adverbs (RBR): i C4MKWIt4C2Li 6OmoHmodifiesN2esU AAL17verbsB6sw9 yHOEwalongqlvMU 0qhVnanotherRi46P XJA5Badverb5Qbnm 4ttfzwith3oZ6S

zcYmacomparisonuUpTq ls1n4e.g.ipA6W imore,Ubjpo ilessb0TzG cK9Q1and1nVSF SyxuJfewkQLsH FeL2qetc.1f2VW

Following iis ian iexample, iwhich iwill ihelp ithe ireaders ito iunderstand ihow iadverbs

iand iadjectives ican ibe ikey ifeatures iof itext iand ihow ican ithey iprovide iclue iabout

iwhole icontext iof ireview. i iFollowing iis ione iof ithe ireviews ifrom idata iset.

Review:

“I iwM5Vwas8rV2Z LOIFrsmackedZGl7a QI202toIR0CX fvh8DrealizeFGH1r VH7Uythaty01Wj QEPkntheJRAPO nFqvQnewZBkRO LfZ93officehbnNE A2FU9iszNe6U glBHjrenewable7DXhH fMyLCannually Oej0W dri2hand91Eek PMjMwasMofzp iI LNkUDonly eR3TE

PG6KUrequire1u9dr kZUXdbasicdb0pX u2SAQofficeJeY93 Zr9Z8andjxeKo K1HFuwouldPkmP6 S3EANnotbUZ0H 0LFcsgainX7C6K e1qy9fromJIBOG Gsxghthei0Xtr 4pEb0upgradediWJZI fVkegofficewoshx E80fFprogrammes.fVMez iI

0Mcq4lookedAC84H en0uEaroundTX7L3 YqAgband1p5vX iuxiefound7aRDV 8WA7ithe4YEhu AQcsC2013u0JhB 42joqwhicheAVJB K9rDSwill6n1DL mw9ZIdoAvLl1 IDKEEmeyaZzt bOtUxfornTmQ7 AAyeaasJCqYi 5HuGxlongCTJt7 wMWeBasEP2va y3PRSmyyPHZE fb3flcomputerM0isz

VRIcIisHetRP vjmpValive9pHPj 4R4lBandQULtc zw3XTcome6Jgh7 qMiKftoBszl3 Ilwm5thinkJkfAC 3AdpHofBPiWB ZumwMmeMrq71 JnldZasm8jLJ Ty1P1well.Mgfyt Qinh7ComparewWzvn IsB6gbutNvp5A 4p4kgbe9aGOf na55Ksensibleu4UYd ozJD4forzooxW VWCIehomeTmrQW EApnguseE71uR

i- hN28odoRM6Oy WL9o6youKw3Bm KhkmIneedhKSra xvaSxtheKO3wx 8H51radditionalp7bB9 yWnUsfeaturesOFtE7 dHWI1andVyS9E SAQmyareXx2hX cyDZCyouzNRC3 kzWlmwillingSv7qp SQbxxtohI1rk 2O60wpaycHQ5z Sjcjjannually ymdnX S8YWbforFfpI2

Zw7VGthem.KuEOQ iI cnPNiwasn’tGQ7Pr misE7andJ2faz iI N1duXamWXPII 90sAothrilled.AYtsL iI ialready ihave ito imake iannual ipayments ion

iother isoftware iI ineed isuch ias iprotection ibut ithe iannual icost isoon imount iup.

iUse iyour icommon isense.xVkf1 iI GNUiNdon’t4gWZY 8wlXmthinkgwUDV TuXlAmanyJxFJD gs4gWusers0jbh2 QqtO4ofdpLVO nKZcAofficeDF2lx pVxU4knowRnNWr EmViAhow iNMus aUZ4mtoao63D UlkJhget5vk56 fDewhtheEcu8x

R7TDGmost3mM8i L4k7loutHEU0T 6GNd5ofEM1O0 2Hem3it2fvED KAAm9asoJRJD sjdMghomebfAMo eT7qmusersMcEld EOKaxunlessZZ7JK PugEgtheyKZRQE c0YbPareTjG8V BOp2ZstudyingqPIz2 cvxDcorIhu6Y hL7fYearningQERWk ia AZht6livingGFar0 k48JYfromOezth

Vp00ltheQNXmc yBRVVprogrammeVAH7o GPqlRorGVBQD JIbCXusingA05mc LxDkbitCe0wi Ehl9jprofessionally.”

In iabove iexample, ithe iadjectives iare iunderlined iand iadverbs iare iin ibold ifonts.

iNow ithe iquestion iis ithat ihow ithe ihighlighted iadjectives iand iadverbs ican itackle

ithe icontext iof ia ireview. iThe idifferent iforms iof iadjectives ilike inew, irenewable,

iupgraded, ialive, iadditional, isensible iand iadverbs ilike iannually, ionly, ias-well, ialready,

iprofessionally iare isome igeneral iadjectives i(JJ), isuperlative iadjectives i(JJS), igeneral

iadverbs i(RB) iand isuperlative iadverb i(RBS). iThese iwords ihold ia iparticular imeaning

ithat idifferentiates ithem ifrom iroutine iwords, itherefore, itheir ipolarity iscore icould

ibe ia igreat isource iof idetermining isentiment iclass iof ia ireview.
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3.3 Lexicon-based Score Determination

Classification azlxiisSzHD3 prUXEachievedheVif WWtqkind0zi8 JMh3jlexicon-basedWlGn8 oqvqOmethodsmin8R FxT7lbyITjgW 5OMmXcomparingkwQhi lenaXthedpQGfcharacteristics

VJUZkof2wuWc ia m0OAOgivenkatHx JdtErtextLrmPW POpFgto4korT NFU2tsentimentfh9Is vvZL3lexicons3GWYt VoHEvwhosela4WK 6tRC5sentimentcifBq yBmhfvalueso0611 dO8ymareYGfth WzqGpearlierxjKH2 N0lredefinedaB52X

7v0iBfor5iGsD NXsMrtheirFaO6H S0jeOuse.Ar0AJ i

To 4IvKjidentifykknhd M99jhthe9nisb 1dNVpsentiment0Esch itbgUoftKEzU fVwO8thekurVL dUBfrreview,zLvax V0bIeacquiredp6YFE gGgrYlinguisticXvl4x scox6feature6M8ng rMuQWwhich8EG6d EtIkyareONa0k

Pp3v2searchMS7sT nGUZsbyOTeaM BiIpalinguisticalu3py5 HOwvEanalysisMRbhK 3Aqs3are0D3Fr VRh4zlook3c0Ds rU8rLupdD9ik ekJQMforjOBxo hJUMVpolarityczG8S KzHs4scorem6L9L KgwEainWTrzK NCLM6sentimentCP8CN GwYu2lexicons.h6cSw

PugCFSentiment8t2bs qYCNvlexiconsbjS9p o2VkXcontain7eetJ tYUgPlistqAsj4 VkO4kofMdnQ0 TsZ6awords9QdfI h3Jr6usedzel8K MdbQ5to8zTf5 g6JVDexpressPXVlL g04N9subjectivejeGlO OjIK7feelingjqAqE HP8vIof0MngV

Q5eikpeople.7nr04 1lrj2Sentiment8aQcj Kcv7elexiconsrDh2S JgFBDalsoQXtP3 kWCajcontainBazTD Sv4rDsentimentElbbs QMStHscoregoAVq C5Em7assignaS7EL PUZQ3toYyJhJ wTvRbthetbWY9 a3N2plinguisticVaDT6

apfRTfeatureizDLg GY65vwords.gzcmF wBKgLThat58vUy CC2IUis2ceCc cbWNCexplaining1HS9I Kcm6jhowc5PW6 vLxkatheO1quZ MJ7oiterms1ITcw tZJl2usedWppDC SSmIyinL930x m8S9uthezVixG xXXhrdictionary1iHUA B9CeTarexyQJn TFlzLpositive,mao7h

DbZ5unegative8fg2G OYvZband80szq lWhL4objective.m9xzR i i

To slf8nobtain1Jjwp NTimspolarityoeCnR BtfYTscoresVE6rS CivgDforZN3nySelected ekdcMPartiJwVz 1571rofuIUi1 vpUkxSpeech,HeyRB CgchIweymZuu 1zmcPusedZBFhVSentiWordNet m6gpj3.0ChGfJ

Rs2RIlibrary.bz3CM 4DJLLThen6QV7 Wj1JaSentiWordNetOVWTa rBWZsisnrjcz ia CgyJSlexicalKTZXO mk7R6tooll476C qbSVothatHNjM6 iOUryisa5kSy uqR51explicitlyc3K8k Scl4Idesigned0C3aX R53tYforKUvRA 1ZhiLapplicationseZeAr

OGoNlrelatedibOzW njRBrtoNhd2c crr3cminingj0xrY TjSz0opinionCwO3V RSr18ormuylH yyTUdanalysis4aHGQ nzFUeof92429 Q2SGjfeelings.F9Uat OUEyOThebfV8s o0U8GSentiWordNetnFbMf yTYnt3.0asend m8HFgisYuQfe H9I8Ian679QB

eciu9updateTf5Wk 786HqtoxYV84 bFuq9SentiWordNet3hc5b Ulwwe1.0.06has 6yNqlThe37tep tpvZLlexicalWLQbN ob8JNresourcedbCvL bYVsiisHZXrP DLYU4availableQi24V 28G8ufreely.2NE8D Fg7HYSentiWordNetqO1iD

pVqSNassignsmXqYk 1ePoEthree5xpqi hVnNnsentiment8zZAt PYvgInumericalBqoVB 1gQVJscoresuyX7E kBVaOtoeat5z Gd7WnPOS.hPm3Z kagaWTheseW18Uq TKv1lscoresv8MfX 21hnparexuyox NQH58assignedrUKjq RfJrBonzTCKS 6jysIthePcdQo

fl4bCbasisNYz4z G755tofHETFW Nrre0positivity,lObkW 3EwmjnegativityRuxA7 NhEJpandiWPMR Xl6ZMobjectivity.flyWw CEwKqTheEhQa4 uKLBQemployed7hLng 42e3ldataKFaHc nAf67setNA6xH ZYIvZcontainsyzIL8

Uwz2KbothnPybO hcHqhpositivepksDv S8mIAwordsVVlIl 4EA5BandjMyFO OkrRDnegativeuqv9I wuOKewords.bAb5d PsWLZEachCPEvn AuHNEPOS58q9Z VJxxqincHREk nKK8nthesLA6x hlO6WreviewsMDoAX imcgVisUvNci GX4y9assignedOGoTv

WOimZeithercDljz REZIPnegativeCY7d4 PPY6OordTH7j 71WFcpositivepba50 uiSJXscore.eNRVQ gLVqYTheAhbb5 2jI5spositivetL24B aOk33values5bsYU DeNojofZLnEs xFbnwtheo4lRE j8bhradjectivesjvsI3 25o9Gmentioneds13tO

QbCN0adjectivetW4H4 TIyt6formsMGfAE mCzalareE1jrU 2M216groupedtvd60 5NL0AandHqIMv C1F1AtheirF0stI 2CH92average8cUo4 d6WiescorexxeiA dHtDUisU3TW7 yMk5jmeasuredKwjeb pvNtzand5HSxV 4xVpeallMKtC5 ybhlzidiomaticeLXFZ

tzIC3phrasesSun9B l4C1VofmkzW6 Xvgl9thezUudy LcCyLsame2pfex bKXbZtermnvaPb RqWZRareA1byZ PllKSalsoEbVmH iToGTincludedVIXKy yQnx0inNPnML oFcWNdictionary.SH3yR FEbb7Similarly,PdF4h DJHmOthe6OI7B kEOOSnegativeAWIg4

PxvHGresults5uIKr DOQIzarebQr3U PqRw5mergedtd37k VrA2QforMqmWt UMwomadjective7Pd8E oWRQnforms,5VkyS gMj4sandAl5kD FPP3Itheirqnk5u SDP7Iaverageyt0JA jspmHscoreoYumg m3jTuisjJk5P dTRtYcalculated.duCtQ NWzU3These09EiM

3LFajstepsS5dxE ALyJzareQSo7x AXRnSappliedrrX7U 2KvdjonGpJwj 0fRjVadverbsLInj4 OBEtOandwl6XA nGJF8itsqBo8P KLRFItypesEQwFr S2Gjaind2Tkn ia o10FOsamevjVrb 5ATsEmanner.LdqBX

3.3.1 Sentence Scoring

The H9NL8sentenceSslDK OxZIMscoredGMSf SuBmxis3FMFr zeVjDcalculated4TnXP NpLQZusingPHnkN RQrbSthedAKQw lhVjGscorek4Hpu WC7UBof5xyYr M6K35singleUF4oY uAUGfwordsJNI9g fsGmWfoundKrfP7 zW7YrinsOKYc GnQiYthatMltx9

S69FBparticularirk7D OoKHvsentence.uRagg The sentence score is calculated using equation (3.1). (Kausar

et al., 2020)
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Where,

• senScore(S) tSGoAisjxvWU IeRNNsentenceL8WPl pRZpSgraded.OXCN0 i

• n w06xPIszzkVm 1N1dEtheFO0s3 XJZ6Esum8ER5H phzmpofHm1YV BzZ5DtheLk1Az RHKMWwords.m2XdO

• (Pi) 2F7ykpolarityHuRyK kJNi5where,jMCJv ii PHqs2islM4e1 oeMcXtheOOGff zF9YYwordTXtOd FYrugboundaryuZSf7

Below nnGuEis2Js8R g5cIfanDnM2K uGXPRexample9ZjrX ktpfeexplaining25vj8 dasZJhowe9qst fGXHKtoT8m6N gZ0bEmeasuref1oHs QUodGthe4pKFR s07JJsentence11bw3 2qdiblevelnK9sL V5wA6ratings.R2wMT i

Sentence 1:

iThe iMicrosoft iversion i2013 ioffice iis ivery igood iand imany ithings iare ienhanced

iespecially ithe inew istyle. i

Explanation:

i72L2The9mOUO l8JalwordsD1UXM 8ngtgveryiz3I0 ks5zSandJoHHI yuADYespeciallyJ4lv2 HudWFaremV1qN 9DZrggeneralKLPKg FsaYgadverbsCviO9 D5HvRandtY2aM s7KudwordsEmojr oVlEagood,iCQ84 DL8FZmanyOhUq7 iyF5mandyNnlA Y6xG0newi6KfB

KlhMnare0nO4e QU3hvgeneralXZYip Nh96Hadjectives.BfL4x tHZxmSuchZnOU0 z9K3QadjectivesnKAUH egVizandqX31f PJ6DHadverbsta696 PUNXCearnQ3Atq UkLlYSentiWordNet5znSA yZzeKlibraryR6t1d

O03V9polarityjnXDt E6UeYscoresUgElZ NBWaPand4ghTD OAlrhaveragegmI8K K4aidscoreWQeJZ WVSVpisKrmZZ FpTz1measuredUEdob d8BfKagainstOtVac h4l7Vthism1O1n JZGgsexpression.tPLM7

Sentence Score:

JA4DpThe955Or c5d2AtotalPBHmB BhKWescore6YSzL pjpO0ofN3GIQ dkbHftheGgxYp 7R1dkabovesdW9m 51NwCtermMPnyp 1y1kcwilldpncb eArmTbe0jFu4 ZgDccpositivelPxH1 pEQ7DbecauseHLfCK MNRew“SentiWordNet”yvZdj RfROnwillpAKVN

GmdABreturnp6IPC vXCMppositive67EmK 17RgZscoreXQNcp FfE0Kfor9LCKl yoL42thesdOQt T3x2qsentence.e4Fz6

3.3.2 Scoring of Review

The ireview iscore iis icalculated iby iconsidering ithe iscores iof iall ithe isentences iof ithe

ireview. The review score is calculated using equation (3.2). (Kausar et al., 2020)

Where,
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• revScore i(R) iPresents ireview iscore.

• N iis ithe isum iof ithe isentences iin ia ireview.

• (Si) isentence ipresent iin ia ireview iwhere ithe isentence ilimit iis ii.

To iclassify ireviews iusing iadjectives, iadverbs iand itheir idifferent iforms, ithe ireviews

iare ipassed ito iNLP itagger ifor itagging ithe isaid iPOS itypes. iThe iforms iof iadverbs iand

iadjectives iare icombined iand itheir iscore iis icomputed iusing iSentiWordNet. iFirst

iof iall, isentence ilevel iscore iis icomputed iand ithen ireview ilevel iscores iis icomputed

iusing iSentiWordNet i3.0. iThe ifinal iobtained iscore ithe ifinal iscores iis iharnessed ito

iclassify ireview iinto iany iof ithe i5-star irating iclasses.

3.3.3 Star Rating of Review

On yA3e7AmazonoDXOY tazOHplatform,MFQ7V hY6fjeachs6RvE vRG1Fuserv54kD g7FlJprovidescgcM9 2WELHwithG4E86 qEuMAanxMjiE UwyVNoptionJqyIU bAK1YtossAnN mpDeNgivehGxCg ChmGVstarxPOWW nx5qWratingRUAIw rDM2XtorUb2M WzUiutheLDYML

vPYl4producttX3qO U2HpLavailablep4gxE 5XZYTonuWCX6 gwFbnamazon.qzIwK QnMApThatQ2uI3 XMmUVstaro8IAm oglXWratingUO5G0 tJQkAdeterminesfI87N TX7lsinclinationAhJzh YNin3ofWy8fv ia Rm3W0userYykcu

I9EnTtowardsa0hOV ZjSMKparticular6W7YR 8094pitemTrSMO sCV5abasedIfrEV j6g8fonFOYJU arelqhis/her1H5Kn sL0muexperience.DnHom PVNgCTheoJHyK a3KCdamazonAMLpE Xsjgfevenxe4rz FaJvkhasrMPbY RxkT0starTR067

ScdYTrateslHKwN JUTT2every9sEKZ tE68otimew1DzM lzJyJcustomer82TKD FClPTsharesJOPKS Yqry8theiriQy3a 04QeOopinions.4C3RJ oy8BzTheDnJOk hGolUfirstEgrPw 5RxesphaselAWK6 kYvyLtoaudis VCRmhevaluatebhmjC zAIa3theiF49e

roxPkreview’seTcfB yDyYN5-starQePFd RNBBjrating2SGTg Dllckisv275H PwiiEtoFFpRU X04ccfigure5gnSI s8DT7outQSa2i ReIH4whichBpr3g Uw4k5frequenciesbItGk SYbkjareanqU3 uDo4dfromHNa2o yFE4KtheDdCg7 FrTsnmaximumwj9P5 JniawtoSUjLA

a7U1Gtheff8cv syxf0minimum.cYelr jj2VHIngE1lz OhTn5thisaC9ix AQWCAregard,UUwm5 yzTFUdifferentoKLPA UCl4rresearchers2cIde ued2thavehtCZf r9TX4distributed5r1P8 cgRmKthesecfygA 7gkOLrangesM0cor

RDLC4andsYjOg mULA1assignedv7mPu ia qZtO8particularCzpnF qtkE2descriptionwnWIs 5iug9totmVPB 1DJoheachWtukn ktI2sstarIQAmv x8o6GratingIbpoj ogxxK(Pappasl2iqc i& kOZAaPopescu-Belis,7UQxO

Wsy9m2014;H7vqi 260k0Lak73MZd i& YLZopTuretken,Xx1UO L4Wzo2014;yLOrn nKygrBoonC7Tuo 3aRr2et4eFWJ hg8EVal.,zdbEP mjYdH2012;m99Jz sJzmmJangQNT7M 4mWlyJongUCwJ2 O4N8b2011;Uol68 ZrpglLee5K4AP i& utH2aPang,V1AJn 7LVfJ2005).muPkX

K5UqrTheSkTXb RGqTphighlyug0lb THTKgpositiveySHos eBmhjandkGouR G4ZXYhighlylrH9a 6iDrjnegativehCplR yjfbfscales,FgntX F4ksqaccordings1PBw 8dHUMtoTHXQr dXWuvthem,HOPTG oIcfcrangemgiXO esCFkfromhLIRb m3sFm-1awapD

D6G8DtoHiC1L i1 RwQ20respectivelyVvfdc KPiUZ(Kincl5T9TL TVfxcetimllQ wh53qal.6hGMc gBBIj2013;Opxzl Kj0TkMaicoFcd cLtfWetyhtrt LIHYjal.hXe6u 30aLZ2016;N22si 1wvgLZhangeUX2g X8BZXetrWxs6 pJnpRal.,rn8Hg NNlXC2010).0POUm

3.3.4 Feature Combinations

Three wrwKKseparatePsasX vznedadverbialXGnvQ sdsAEforms0yKwA GG4huand4sYUN KbMsrthreeERuzf juxp4differentYRLoB akJaxkindslusgI NVig8of97KIr ducZcadjectiveswCzYu f6zfHwerezYFcF LaemkobtainedhXK28

SKk2qinj7Vaf SreK2thisqYao4 XcvyLanalysis.Jj7As Un7IKThen,fjmjp Sl1isthesenvGOu 8GsBYformsaA5bO 2Lxp5areRaa7y mPqv6mergedglbWL H6xNJtoTLBcE HXE5nmeasurebSIMF EFv8AtheKNZc2 XwnBDscoredyPob Mi1wgforIW34H ZKBt4polarity.QZM6z GfaVnFor2B0Ek

TppmDcombinations94B3I j7QCMmakingqeP4o ArOP3the,EhSdD 7bWQCtheVD5J5 jamlKformulaH6Uk4 wP2rx2n−1
kBYzm Hi7pVisUapEv l8lexused.DecIA pxMy9ToBeMBz 0cppbunderstandeQU0n Gdy3CtheD4HIs rLCxAbehaviors,jkLfr

2WdEpthreelEZvJ cXZg7distinctGdvjY ReFyqadverbYPDbZ 1vicWformsMtp4Q 7RVznare8OlHe N6l9jcombined.GS6mN LktuHBecauseoPTMk K4MYdthreeSQ3YN 8LM9HtypesD3wTe pH7QrofiYXED eWTs8adjectives7RD4Q Jn25HandBlEVM
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DRAMIadverbshPPMl 1pcdeexistUojuh SJSKYeach,5Tiy9 LD7dBtherefore,tkGgg BWIDIaccordingyJ3es eZ7Q9tobNOQL 0cN3Rthearj9n 7P8Luformula,lqB5a 6qIiC64AHKnX 3dD0xdifferentUXkda UM5UxcombinationsaUrui

lU3T7willIt2dW ikLCZbeNO3Fq fD2Axformed.DwS18 bn53tButN39hl OOsRHasXqK0Y gqPYpfrom6NuVp S6iFUpreviousa4Cfd NN3ZIresearchesDSveA PS1y1thekM6il T2J6ddistinctSWKnD dUZJWformsSALva o3RnyperformwJeSI KmqGFmoreS2X9f

4PtZ2effectivelyqLrfA WCMyZin9RWV3 ZTHU7pairsV8Bfl 6tJOkthan5v3fX sKOEKsinglezO28O KpZj5existenceZkRt4 SEyQO(HaiderYkzEW e0pfTet8LKRJ akTpAal.,19BlL fh7JN2018)DAFWc mFJh8(Das82Dmu i& ExQj8Balabantaray,HHbjf

ZxHVn2014).C3jxP qNzrcSince,w0h0i iFEGQpairs4rjvK pYR1JareAAaLo VKDBFusedLYHye 20OvAofjZ8ar wMULGthreedqyGb HNeRmformsEYPdp NGFY6ofpnmuk 1ICNRadjectivesFmldt bEAs8andUVm3f jtPbfadverbsCiah5 51SACeach,q7QYJ bQjJ5therefore,6pdNk

wPwRhaccordingmw9Ln 6pILOtoyBT1b ODlK4the6FSXS qpFz2formula,xDOML O5V7916Wco2O OGTQ4differentZ0YaR UGbdccombinationsY0b2i Hw7vRwillOQt2M JE6zTbeOR7Tr 9uHfyformed.4izUO k6dZyThosesWBPG combi-

nations NjU0AareGvxf7 3UzmdcreatedspFin dKJWzas:5HEho

Table 3.2: Feature Sets

Forms Symbols

Set 1

Adverb RB

iComparative iadverbs
iRBR

iSuperlative iadverbs
iRBS

Set 2
iAdjective

iJJ

iComparative iadjective
iJJR

Superlative adjectives iJJS

Table 3.3: Combination categories

No. iCombinations iCategories

1 i(RB+RBR+RBS+JJ+JJR+JJS)
2 (RB+RBR+RBS+JJ+JJR)
3 i(RB+RBR+RBS+JJR+JJS)
4 i(RBR+RBS+JJ+JJR)
5 i(RBR+RBS+JJR+JJS)
6 i(RB+RBS+JJ+JJR)
7 i(RB+RBS+JJR+JJS)
8 i(RB+RBR+JJ+JJR)
9 i(RB+RBR+JJR+JJS)
10 i(RB+RBR+RBS+JJ+JJS)
11 i(RBR+RBS+JJ+JJS)
12 i(RB+RBS+JJ+JJS)
13 i(RB+RBR+JJ+JJS)
14 i(RB+RBR+JJ+JJR+JJS)
15 i(RB+RBS+JJ+JJR+JJS)
16 i(RBR+RBS+JJ+JJR+JJS)
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According CXlyMtouulA7 cAxRC(BenamaraQ3gO1 i, BLdjw2007)OTY1w NzQ1LadjectiveDJQgM BjuiwandPk5wR HkDNgadverbnmj1Z 56E07performsDnhsz GHuC1betterFwnxk MH5xhthanfNlbK T8u0Iadverb8njpL

jGmn2alone.H6Ykv fRLLHSo6VXdX pcXHJinLw5DD ezcfcourbpXCe NNCTBcombinationsSVxT8 YX9LXweepiMI FIU97arePncCt HHviDignoringgRwrX j5zTbthecdhay k78y4combinationsVDqHQ DApEchaveNOavG 1F1U8adjectiveheqEX SwEuqorcV807

jXSWEadverbsnQQSJ OvUrpalone.3QkG0

So, izOG4inP7uzs LHiKttheIZRTv S9GK0methodology70XLr VUzu3explainedE0teH g9S6NinSYQO6 I2h5zthisLVAQp nVBcTchapter,zK8x5 NAfpSwea1ayh NbyzvhavelGWxp 2df4mexplained3JLKX ia vFk65methodR8Hyc

bDuSatoijHcS jIkGBanalyzed1KL8 dFLQpindividualyOtv3 Fa3QyandYjVKb 4GLKXcollectiverFmOR jefr3impactrSuFA BUdo2ofUKA7q bOYsKdifferentfDSaV sCtRVtypes2Oudp Abj4Kof4BZn8 tSUHWadjectiveslSNWj m71HbandyLUXe

vRthTadverbs.6XOQf wyOO5TheUDK1Z s5uHApolarityg6eSQ UA0x6scoreeQdIE 6snJsofzCEKZ a 9829Ereview1C6AV J0NQjwillIrrLX fhxEcspecify5jYwL HwyQ3thehKlSX JUihBclassALn7W 22HFRofHVld3 ia 7YsRHreviews8QvB tguLvfrom81LQ2 orXikanysSep8

Rdsgkof3K44O 3bzZAthejhumU u4p7lfiverR4ui vEjkbclassesnGIWy 0YpnzexplainedbRfpe jWEeVabove.Pgt3T TUssb

3.3.5 Classification

Each nWCIsreviewssddrq ia nGk9BvariableXbXdT UEcEFsequenceqyAUf 9EQtlofeoHsg 2LigIwords3sCiC mgZqUand745ek fomNDtheXpnsd 5mnKZsentimentOMuBt FNYT7ofhF5W5 dKL7jeachSjPwW YFpe1review9uofK 86tA2mustEBhfq

OBn5CbezxiTF ZELyyclassifiedTJIMD 6eJTsintom3iWZ oZCb9aboveIcDH4 577qgmentionedBho5N cJqUAstarWcxlk uXn1Zrating8uYs3 f5EKWclassesZYojh U3W9w(Ali7nrGj EzAbWet1MCnb RPa7bal.,gl0DA sV9nS2017)wF77V JJw0w(KimryXUs

ShTzbetGcVvT OkU8hal.,yftWL hoERd2016).aFVT2 4XdzxTheZ9Ned Om1xCLargedZauo paF8oAmazonY3gnT vXKadReview3iwWX XjzH1DatasetqLPuT 5R3IYcontainspIpIZ PTg0GabovetcI7c 5uMYr65%9vSYJ tD8UPhighly-

polaraIIoN EOf6QreviewsjPwi9 TsXDj(good7ucoh 5qqPForC1mju SRCeqbad)wVwxD 8jw4gfor3vQU7 kx9jrtrainingsgHas 0G4sband9B63E jmm06testing.yyz6x UmeOKThe8EYfj JBqSMproblemZUEbo 9Ph3LispKFoL xIs8xtov88aA KvsY5determinepn0jp

TV9shwhetherQWia9 ia RdUImgivenrJVxw 0nFfbreviewsnQKt Ail6ChasszBtN ia pK00bdifferentranwq OvH1jsentimentxfAXc eM44WdependinghPEjh 5O025oncESx8 GHipdpolaritye8R6M cJwcbof9oVmX yszIAadverbyQXQV aYEdIoflzgZl

BhHxwadjectivef1Gly uSpdOfeatures.zYH6o 5e0G4Various34VwW omitBmethodologiesTIoye I7hS5haveLvHUD dGQzfbeenLr4Xu BPBlOpracticedYC7P4 KMuZIby8SxVi agYPPdifferentLCReo nkk9wstudies6rNSG

G6bd4overRZZre 5gWr7thetYTMt fpLgQyearsyakHi zKDglstarting53Jkd 1f3ZlfromWIptu jRohztree-basedgcXxG ahiUeclassifierEptax gMFditoXGei3 PWVBmneuralCEyIT UjsFpnetwork-basedLdpFy ap-

proaches. FZbMvDecisionrseiW BEtJ8Tree,hhxPX IljFFRandom4bqz9 5hqdtForest,W2n4Y LVHUbandKicxr uqguMGradient4qTd5 ZFBuwBoosting2gf3m l8JBxClassifierPabKe iuIQxhaveMecwB

k2liNbeen66x3i 8KEgQchosennM2QK 2rV3etofY1ae KUA5OdeterminekgPn0 5MhvGtheCdyiH 5VY8GaccuracyNYevh FeCNkoffncSy fc1Qtresults.ZHe2x

3.3.6 Score Aggregation

In TsieescoreEXsSs OGUPvaggregatingiExAZ brCLwprocess,XyI5h DNd4zaggregatejiC5R vqQnzthe1Tnkg Y7TzgscoresGhbET SY5o4ofUHvHm d7iM9linguisticy48Wr YtZfcfeaturesorA0D XhqSe(polarity3ZuQh

iy5B8bearing)pkzV8 HOMsDwords.f5j3x 5HQj7ForZmSh8 UlV7YthisyKHac IWNf3purpose,MIOzp 6B6FEweHOvs3 Pl1Pihave7Etoh MXmzgmadeslcui 0XhRetheoNeM8 8u2bIclasses4Jmcz HhnwCthroughTYvcf FETqzlinguisticCxQkb

A1BMlfeatures0Dkcc Bvk17whichpOAI7 9250Fare1OAfU UGuK2consideredBoniI gPuS8incMHqK iBHHfexperimentD4f5E Y7j0y(astWwB0 KXELbmentioned7PEiX b5nOSin8dolN CjnhJtablekhZr6 sBTRV4)Q91OG p5HGband70CJS 8x35vwithdCBpk

Q7uGEtheSUxVw vu8bjcombinationsP4L7X IL4aRof18Ctc 4cNXdfeatures.nAl4i i nnYfBThereGXpDr lgLUzareXsgS5 2iMI9sixteen9l308 Sn7vHclassesBsAJQ MftCdand,oSyYg D6YWQin9SkB6 0U0aKsome7aBhv fD9Vbclasses,FphAX

q8lt6genericVsJf6 j8pbyequatione8iD7 ITDVxhas5hExT Y6fMNbeenkinQf BZ5kXusedhO3Kb 7TcvRas4zccR D0qfKshownblFPR JILEXbelow:y4lkm i
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3.4 Evaluation

In B7EXYproposedpvuAn JasmBapproach,xWWZE 2v7nutheM5kw0 jNgGVpurpose2KWaN nCL5Gof7VBFY i7umVevaluationiezUY VLMknisiB3d6 RNaVninvestigatingNaMKn nrYoXtheCwJ6i o2cIzeffectivenessSUCXE Tvb33oftFFsk

Rxc7YlinguisticKWnJv giTFwfeatures7Y4Tp VTXvsasyBgjI r1UIowellVBygO 652wSaspcCDA 7Nu1mmachineeLrJS 4DuBilearninghNXeI hivZxalgorithmsBRMib uloEyforVFmAp AszNEdetectingQsnu5 jgH72sentiment.tuJsJ

dZl7oAlthoughZSRF0 DMVBJallzNzki glT6kthe3GYiB 7IHmNexistingDtSGI wQLy1techniquesx4vUq c0ncYaresCNBy xIsNZeffectiveVplej sgeFrbutU4grW MfzH9afterAydGd BfX1pcriticalZ6dbd DtN6DreviewingHJXkE R4W4utheEyY2G

cRpImpreviousXUdua XWSCrwork,73hUW dy1l3itnPC3n WsQ77hasn9yq9 8ZtV1been3WdQr V5o1tconcludedH7Uet WgwbAthatnKrEB 17LcIall0U451 hQdL3of4AMUv u3euKthe8jcVL N9x9mpolaritiesa0tAJ ms9BNbearingzn1oa YGO4Iwordsb4SMk

ASlsWandcQBWL 8tLQ3theirWJBAT 6rXUJformsWun1E AlgYfandRBIql vfPMoavailableW1kWe BjcIUmachinelovld JZOqplearning17Tpc ipC75algorithmsCzEVA CFPl3haveuZaOk oColPnotQHnfQ 1oVR1beenZlIE0 atdRhstudieddZ7q2

9kUBgandc4SQX AEBzKcomparedSVf0f YwPz9onZajpw s1pkDsingleO51Ew QVIeTcomprehensiveHmD47 M6rxQdataset.OCJXb xpHBjSo,lzfvx F7meHnoXSoot OovUGonePgRwD rgnsLcanuyEVV oWqkssaygt0Kw SyupxwhichOFQ9o KpumUoneQIgx7 fiERBisjcpFj

x3AAZmorebY7rZ 9Ke3cefficientC3o2P Oryf0thanN7knO B3vnjother.iVW1m i IacC5EvaluatingPtmUh fEQnnalldoAgq 65mPDtheBIxav zPdq1techniques3TIVV TosRtbyPk1dC Ztf1Susingk5cnF v38HkallrDdVE t3FJ2combinationsmeHg1

qm1FebyKKF24 bwA7caggregatingQ2qm5 TL0F9scoresY2LLA zDvwBandjLVXw PcwusperformingDDwTf dvLtQtestWfZz1 qn0dronl6RZT mlUatdatasetsfN2Qz 4QXTisolwF3J vXZUnthati50KH XBPaiweFv7Gs ghTz4canobcTK nMwQeanalyze8cNEO

wZWBgwhichgKoZB oqRv5combinationrGnmO OiqTdandsSWtp uFR3ualgorithmLyLzg rxvSVistDnMj adaEcmoreJZiIp dgXsyeffectiveSxjon DxU5Sine2jEM tCfdmsentiment6BI3q uOVDBanalysis.wpXiW 3lXoaFor3V6go VyILVthisDIcYF

rGbAMpurpose,0vdmg ETdGgclassesAIOmU WOV87for6xd0L Dn3aCdifferentjJfMk u0vhWlinguisticeQCPq Q3mG0featureabRhF VhYnTwithFNtaL VDrCwnumerousAcfzF 9h4ZdpossiblegpCm8 YYUNqcombinationstPyvn

1MRXRhasT7jI1 c927IbeenJsDlQ t4avxusedFddwz 2lusLforNXKvp 2eZ6Raggregatings7CTX Y42iNscores.0N6ET 8KNamInldhlG Tg6HgsomepxFhs bA835classesvGZve ybVl3genericuolrt 68Bj3equationFVbb5 ZalPqasiM3Bm kYMhsmentionedObcr2

7yWsFinEemFC AoXkHpreviousp4AEb hkiWssectionOiuBN 03PpCisG1Av1 eQrQdalso6EnSU 3EVMRusedfkmnA IcXTwfordJbKv rRBhmaggregatinghoK9Z axVzfthebjrBY GbjZLscore.240XK 4MxerThissLfMG r8zI7equationaZTBZ EhPK2performs6eQSp

QhIzxwelleo3M8 MkWVlin4EBO3 0DKXPoneOEQTy UZ2iwofmhHwW ooMUQthetecU4 0F8rFscenarios45Pcs NUm9XwhichJfOoo 5vAvZareumPSL e7QK8helpfulIRd0J RBQSxin68ruD LRWPzresearchMNknZ TQ3mBevaluation.1wGyq QtfGGAt6dexh ldGysthe8wRhb eVxmSlastqULYE

qyC4BstepwcQ4G bcXIaof4ie4l WwV3mevaluation,i5X9I kSLZcaggregated463A2 ZkZ3Gscores9bm9T 2PKJ7haveFfWaY EjhbubeenGJIMR C4GNkcomparedNWi5A auiIIwithD2LGd 63NVXbenchmarkgm2M1 GC92wofTRrKR dUJTdeachy3cNl

MAIhZclassZC5rw nrAUxindividually.eOkZd Da6VmInSW1Ni 2eZdlthisnEEXb N1zaUcomparisonctPjn aPPlUifZHV10 lIfP2resultscY8BQ K8d9narejS6zV D3SvImatched1p272 b8s2qorTYvhG 032bXunmatched7Cfa9 yQC6vthenSbr1Q

OYVaYthenM2WA V5wkTresultsXoe8j MwiuWareOMlZ0 bzcqlalso4lwDc jqZG8categorizedjw7qu vSggdinagnxQ Acm0ifive33pd3 YlmKSrankszz82l qu4R7whichiqpq8 48HpNareZqVKS QOJXI1,2,3,4rXihH bgG6MandGGpsl i5 CxHuuthatkPSue VrM5wislQq3D 2PB27equalC2jr0

6azxotoeunsk v165JNegative,2ByBU s0iupWeakopETE TjOlrNegative,5Zmdv pQKBBNeutral,K8PiO Z4mcWWeakfKg0k NWgEBPositivempFrj 3mpllandveVX9 oKDh8PositiveFzZBa yHDUJrespectively.oCXVw

XbudaThese0yp4b VzltkresultsjOHkt kDOdvareoem8P dyQmcevaluatedssAfY lwl5jbyXaiAx Gg9OlusinguNF6d Ng1kestandardnsveJ Z1haGmeasuresbjz1F XkxlKtonAuMJ KiCrTinvestigating6k01A FtMkheachDRvbK

wlbxqclass1yEcS XwTF9againstqQLHs xwsBJbenchmark.rFOc6 hCN2LTheseKEgAy jvl6CstandardVQJJv DwKnQmatrixesmjyMd jGgKparepetqw EtZkSPrecision,ztuQB 6fjDfRecall8fOyW nvFdKandaGCSM AgqgyF1-

measure.N3WbU HUmZkEquationnGStc uoKSv3.3,Aymqc y07h53.4617ou F8vHgandxBqi4 ArChc3.57hqwN G66ZYbrieflyOo4Cn Zvxt6explainlzuFH DwI40theseQFlDX gkz0nconcepts.JqgNX

Precision:

Percentage SbBjkofA1AIN ATI88selected6ACpS ffqV7itemsJ9tHL caFbothoseDWh6E BmNjJareLL2SD hQ1dncorrect.126NN

Recall:

Percentage of icorrect iitems ithose iare iselect.
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F1-Measure:

The iharmonic imean iof iprecision iand irecall iis ione ifactor ithat iblends iprecision iand

irecall.

True lgcmvNegative:bjBTC D9bVXcaseG0AZ2 664uLwas96BYu 2jc8znegative,bS4q1 funJAandepxFk ia1sMnegativelypollj VINcqpredicted.1Ug4k CDs1PTrueZzaVf I315tPositive:LYngp aTW6hcase1Tu1E xP6GxhasofnCm

Zse58beenfBiy2 FFGOgpositiveSvobB NFVwLand7f3NL ZWK0foptimisticHn5gl nyBO1hasAkKhC sTjAIbeenWJg1J SjCKcpredicted.RQfj8 4CuBDFalselFt4P TBcFInegative:uLoc8 k40bHanAzuf0 hmuEipositiveVVPjC 8ol3Fcase6HLeN

ScptgbutvAKi7 j8qOZnegativeF0xar J5Zxjpredicted.vuAid ggdBEFalseIWWdW iH8XQPositive:tSpNH qtE9ccaselz6m0 udFrAwas3hk8b eTKZnnegative,MJDxA ulmWHbutykRjA ayKM9positive7Nm59 Ds6czprediction.U7k7w

This TuRMAbasicKEuzV IpK5imatrixSPHGh Zp1pVisywgEw 3yczJdeterminedTn7Gq k4nT2usingOYNlQ KFMvfAlgorithmsmYwMi g6Kicforb5PEi WxXDXMachine7OCXI SO11MLearning.tE14L 110BRThereXHUKe

8T204areGeMUI IvLsfthreekOh2C SyW1wdifferenta9i92 jKAIRalgorithmsDKKZZ ETFLIforJTf0d hy1VSmachineeGDk2 fSNaXlearningohK2A 0wiVewhichcDq0z VCQMXfollow:SijoU

1. iRandom iForestJcw3K

2. Decision iTreeYjtyB

3. iGradient iBoostAgSOd aFSDcClassifiercWpjm

i iBy iusing99CB0 iPrecision,Ue9sX I4RqLRecallWWJeH sh78IandCu7Fb iF-measureEmG1A 8JZtywetM6s9 bYi3FhavejYU1F 44AbWdoneZJs5c IFyPGevaluationlYmV6 0DcJ3andrij9A IYCNBcomparison,Fi8Wc

PRIoCdetailedi2wsM MIIDrresultst01sv cGemVhavetFNyt 6nnHkbeenP4T53 nP8u1discussedzwWun H9RJqineAG9G SwjWYchapterCggZD i4.cacop

3.5 Tools

The dbojdfollowingvC2Ag NYDYUtoolspkQUa i& QGszttechniquesn4GAO CLIHGwereiVf6n 0XVyTusedSp6C0 xRtfBforAmnbg NjUB0implementingBPQDO 7YoQBandVf1HF yAAjLevaluatingZf9XX 0iyiRthevWq9d

RjaMpproposedPXFCK BbG1qmethodology2G0tc

• Natural c3nQslanguageKaE74 73VCAtoolmwgaG AEaoUkitmSI62 Tnzyv(NLTK)EgUTJ XWtEDisAm3H8 9FHvWusedo52Gt 3IEf1forRu35b C27i8tagging6bCyh IA5zytheQwwFB R4OVcreviews.lPzzF
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• Porter us0BBStemmerwqFIY Li6Czis60N70 3dJ1LusedSwmOC A3Ic4toe7McZ wtXcfobtainyJzDg 6YIBztheMIVzi Lh5RdrootxK85D 8lnmLofiodw1 hpO8bthexm1bE 9dmR0term.7yNSS

• Java & nKwYjPythonu6SrD i- xMQhmareKZI77 IDjbwused04tv8 6t4BDforssKJs lh0v9programmingoHuVw

• XAMP vwLTo-vwLToDatabaseaUd9v WyZ7JisiPDBJ us5oJusedjyckb LjaM6forTy8w7 lkeCgstoringHEYw9 xT5Xfthel34X8 fAC2jdata.ogeCI

• Excel ZZRf8-ZZRf8MSXSKic E4XQCOfficeKI6iQ Trp5misWdZPF hOBPWusedaBNRg 4QnoKforbxchl uFqMncalculationOxmG3 aBZWKandXfFqz 5geL8graphsZX2Fh

• SentiWordNet QFg8a3.0Z28xu -XMrJJLexiconQzwRz X951oiscDnkw ZQrRyusedaDIhP 5OdTnfor9byuw 1krByretrievefV95M phqmRtheHnFXO xDPv9score.wOjH8



Chapter 4

Results and Analysis

This ichapter idescribes ithe iresults iand icritical ianalysis iextracted iby iproceeding

ithe iprocedure idiscussed iin ithe iearlier ichapter ifrom iresearch imethodology. iThe

ipurpose iof ithis ithesis iis ifocusing ion ithe iextraction iof isentiment iof ithe ireviews

ifor iinvestigating ithe iutility iof ilinguistic ifeatures ias iwell ias ilexicon iresources.

iIn ievaluation iof ipolarity ibearing ifeatures iand imachine ilearning ialgorithms ifor

isentiment ianalysis, iproposed iapproach iis icompared iand ievaluated iagainst bench-

mark iby ithe imachine ilearning ialgorithms iand some top iresults iof ithis iresearch iare

highlighted iin ithis ichapter.(Complete results are presented in Appendix A, Table

A.1)

4.1 Analysis of Dataset

As iwe imentioned iin iprevious ichapter ifor ithe ievaluation iof ilinguistic ifeature ias iwell

ias imachine ilearning ialgorithms, iamazon iproduct ireviews iare iused ifor isentiment

ianalysis. iIn isentiment ianalysis, iwe iused iand iinvestigate iall iforms iof iadverbs iand

iadjectives iselected ipossible icombinations. iIn iexperiment iwe iare iprecede iwith isteps

ias imentioned iin iresearch imethodology.

Experiment iwas iperformed ion i21,470,250 iproduct ireviews ifrom i11 idifferent iproduct

icategories, ithese icategories ihave i2,110,984 idistinct iitems iwhich ihave i5 itype ireviews

33
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iNegative, iWeak iNegative, iNeutral, iWeak iPositive iand iPositive. iThese ireviews

itypes ihave iidentified iby ivoting iof icustomers. iCustomers irank ithe iproduct iby igiving

ithe iremarks iabout iproduct iand iother icustomer iwho iget ito iknow iabout iproduct

ifeatures, iprice iand iothers idetails, ithey iread ithe ireviews iand igive ithe ifeedback iby

ivoting. iAccording ito ifeedback, iproduct istars iare igetting iraise, iranking istart ifrom

iworst ito ibest imeans ifrom i1 ito i5, i1 ifor inegative, i2 ifor iweak inegative, i3 ifor ineutral,

i4 ifor iweak ipositive iand i5 ifor ipositive. These iranking iare iused ias ia ibenchmark ifor

ithe ievaluation iof ithe iresults.

After igetting ithe ireviews ilinguistical ianalysis ihas ion idataset ibecause iwe irequire

ipolarity ibearing ifeature iwords ifor ifurther iprocess. i iWe ihave iapplied ipart-of-speech

itagger iand iextracted ithe irequired ifeature iwords iwhich iwords ihave ithe isentiment

iof ithe ioverall icontextual ireview ifor isentiment ianalysis. i

Table 4.1: Dataset Details

No. iProduct iCategories No. of
iDistinct
iProducts

No. of
iDistinct
iReviews

1 iAmazon Instant Video 30648 583933
2 iApps for Android 61551 2638173
3 iAutomotive 331090 1373768
4 iBeauty 259204 2023070
5 iCell Phones and Accessories 346793 3447249
6 iDigital Music 279899 836006
7 iHealth and Personal Care 263032 2982326
8 iMovies and TV 208321 4607047
9 iMusical Instruments 84901 500176
10 iOffice Products 134838 1243186
11 iPet Supplies 110707 1235316

iTotal: i2110984 i21470250

4.2 Acquiring Score

By iusing ithese ifeature iterms iof ithe ireviews, iwe iare iperformed isame iexperiment

iwith iSentiWordNet i3.0. iSentiWordNet iis ilimited ito iterms idomain iand ido inot

itake iinto iaccount ithe irelation ibetween iterms iso iit iis ijust isyntactic ibased (Erik



Results and Analysis 35

Cambria, 2010). iWords iafter ipre- iprocessing iand itokenization ipassed ito iscoring

isection iand ipolarity ifrom iSentiWordNet iis iacquired.

4.3 Score Aggregation using formula

As idiscussed iin ichapter i3, ifor iaggregating ithe iscore, iwe ihave imade i16 iclasses ito

ievaluate iindividual ifeature iand ithe ilexicons. iIn ithis isection, iresults iof ilexicon

iare ishown iand ihow igeneric iformula iis iapplied ion ivalues. iFor ithis iwe iare itaking

ifollowing ireview ias ian iexample: i

Review:

i“Samsung” inew ifeatures iare ivery inice, ibut ispeed iis inew iphone’s ibest itrick.

Review Score:

Table 4.2: Score of polarity features

iLexicon iFeature iAdjective iAdverb

iPolarity iWords iNew, iBest, iNice iVery

iSentiWordNet i0.5,0.75,0.75
i0.45

SentiWordNet:

Adjective iaverage iis i0.67 iwhile iadverb igot i0.45 ipolarity. iAccording ito iformula

ithe ias iwhole iaverage iof iadjectives iand iadverb iis i0.61. iWhich irepresents ithat ithe

isentence iis ipositive iin inature.

After iretrieving ithe iscore iof ilexicons, icompared ithe iresults iwith ibenchmark ifor

ievaluation ito iresults, iby ithe imachine ilearning ialgorithms. iThese isteps iperformed

ion ieach iclass iof icombinations iindividually.
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4.4 Results of Product Categories

To ievaluating ithe iresearch istrategies, iprecision iand irecall iare iused ias ibasic imeasures.

iIn ithis isection iwe ihave iresults iof iall i11 iproducts iand iall iour icombination icategories

ithrough ithis iwe iare iable ito ievaluate iwhich ifeatures iperformed iwell iover iall ifor ievery

iproduct iand iwhich imachine ilearning ialgorithm igives imore iaccurate iresults.

*Note: ithe iterm iCategory iin igraphs irepresents ithe iCombination iCategory, repre-

sented iin iChapter i3 itable 3.3

4.4.1 Product Category 1

This iproduct icategory icontains i30648 idistinct iproduct iitems. iAccording ito iresults

iof ithis iproduct icategory icombination icategory i13(RB i+ iRBR i+JJ i+ iJJS) per-

formed iwell ihaving itop iF-Measure iof i0.97 iwhile iusing iRandom iForest iand iGradient

iBoosting iClassifier. iPrecision ifor ithis icategory iis i0.95 ihaving irecall iof i0.98. iFigure

i1 ishows iprecision, irecall i& iF-Measure irespectively, iof itop i10 iresults iof ithis iproduct

icategory.

Figure 4.1: Top 10 Results of Product Category - Amazon Instant Video
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4.4.2 Product Category 2

This iproduct icategory icontains i61551 idistinct iproduct iitems. iAccording ito iresults

iof ithis iproduct icategory iGradient iBoosting iClassifier iperformed itop iwith ivarious

icombination icategories ilike icombination icategory i1, i11, i12, i15 i& i16, iperformed iwell

ihaving itop iF-Measure iof i0.92, iwhile iRandom iForest ihave icloser iresults ito iGradient

iBoosting iClassifier iit ialso ireaches iF-Measure iof i0.91 iwith ivarious icombination

icategories ilike icombination icategory i1, i2, i9, i11 i& i12. iFigure i2 ishows iprecision,

irecall i& iF-Measure irespectively, iof itop i10 iresults iof ithis iproduct icategory.

Figure 4.2: Top 10 Results of Product Category - Apps for Android

4.4.3 Product Category 3

This iproduct icategory icontains i331090 idistinct iproduct iitems. iAccording ito iresults

iof ithis iproduct icategory iGradient iBoosting iClassifier iperformed itop iwith ivarious

icombination icategories ilike icombination icategory i1, i3,5 i& i13 iperformed iwell

ihaving itop iF-Measure iof i0.96, iwhile iRandom iForest ihave icloser iresults ito iGradient

iBoosting iClassifier iit ialso ireaches iF-Measure iof i0.95 iwith ivarious icombination

icategories ilike icombination icategory i1, i3, i5, i8, i13 i& i14. iFigure i3 ishows iprecision,

irecall i& iF-Measure irespectively, iof itop i10 iresults iof ithis iproduct icategory.
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Figure 4.3: Top 10 Results of Product Category Automotive

4.4.4 Product Category 4

Figure 4.4: Top 10 Results of Product Category Beauty

This iproduct icategory icontains i259204 idistinct iproduct iitems. iAccording ito

iresults iof ithis iproduct icategory iRandom iForest iperformed itop i3 ipositions iwith

ivarious icombination icategories ilike icombination icategory i4, i6 i& i14 iperformed iwell

ihaving itop iF-Measure iof i0.95, iwhile iGradient iBoosting iClassifier ihave iequal iresults

ito iRandom iForest iit ialso ireaches iF-Measure iof i0.95 iwith ivarious icombination

icategories ilike icombination icategory i4, i6, i14 i& i15. iWhile iRandom iForest ialso igot
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iF-Measure iof i0.94 ifor icombination icategories i1, i2, i& i3. iFigure i 4.4 ishows iprecision,

irecall i& iF-Measure irespectively, iof itop i10 iresults iof ithis iproduct icategory.

4.4.5 Product Category 5

This iproduct icategory icontains i346793 idistinct iproduct iitems. iAccording ito

iresults iof ithis iproduct icategory iRandom iForest iperformed itop i10 ipositions iwith

ivarious icombination icategories ilike icombination icategory i1, i2, i4, i5, i9, i10, i11, i14,

i15 i& i16 iperformed iwell. iWhile iamong iall ithese icombinations icategory i16 igot

itop iF-Measure iof i0.96, iWhile iall iother imentioned icategories igot i0.95. iFigure i5

ishows iprecision, irecall i& iF-Measure irespectively, iof itop i10 iresults iof ithis iproduct

icategory.

Figure 4.5: Top 10 Results of Product Category Cell Phones and Accessories

4.4.6 Product Category 6

This iproduct icategory icontains i279899 idistinct iproduct iitems. iAccording ito iresults

iof ithis iproduct icategory iRandom iForest iperformed itop i5 ipositions iwith ivarious

icombination icategories ilike icombination icategory i5, i6, i7, i10 i& i16 iperformed iwell

ihaving itop iF-Measure iof i0.99, iwhile iGradient iBoosting iClassifier ihave iequal iresults
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ito iRandom iForest iit ialso ireaches iF-Measure iof i0.99 iwith ivarious icombination

icategories ilike icombination icategory i i6, i10 i& i16. iWhile iRandom iForest ialso igot

iF-Measure iof i0.98 ifor icombination icategories i1 i& i2. iFigure i6 ishows iprecision,

irecall i& iF-Measure irespectively, iof itop i10 iresults iof ithis iproduct icategory.

Figure 4.6: Top 10 Results of Product Category Digital Music

4.4.7 Product Category 7

Figure 4.7: Top 10 Results of Product Category Health and Personal Care
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This iproduct icategory icontains i263032 idistinct iproduct iitems. iAccording ito iresults

iof ithis iproduct icategory iRandom iForest iperformed itop i9 ipositions iwith ivarious

icombination icategories ilike icombination icategory i1, i2, i4, i6, i8, i9, i11, i12 i& i13

iperformed iwell. iWhile iGradient iBoosting iClassifier ialso igot isame iF iMeasure iof

i0.94 iwith icombination icategory i1. iFigure i7 ishows iprecision, irecall i& iF-Measure

irespectively, iof itop i10 iresults iof ithis iproduct icategory.

4.4.8 Product Category 8

This iproduct icategory icontains i208321 idistinct iproduct iitems. iAccording ito

iresults iof ithis iproduct icategory iRandom iForest iperformed itop i6 ipositions iwith

ivarious icombination icategories ilike icombination icategory i16, i3, i4, i5, i14 i& i15

iperformed iwell. iWhile iCategory i16 ihave itop iF-Measure iof i0.97, iwhile iGradient

iBoosting iClassifier ihave iequal iresults ito iother icombination icategories iof iRandom

iForest iit ialso ireaches iF-Measure iof i0.96 iwith ivarious icombination icategories ilike

icombination icategory i3, i5, i6 i& i10. iFigure i8 ishows iprecision, irecall i& iF-Measure

irespectively, iof itop i10 iresults iof ithis iproduct icategory.

Figure 4.8: Top 10 Results of Product Category Movies and TV
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4.4.9 Product Category 9

This iproduct icategory icontains i84901 idistinct iproduct iitems. iAccording ito iresults

iof ithis iproduct icategory iRandom iForest iand iGradient iBoost iClassifier igot i4

ipositions ieach iin itop i10 iwhile iDecision iTree igot i2 ipositions, iall iof ithem ihave isame

iF-Measure iof i0.97. iFigure i9 ishows iprecision, irecall i& iF-Measure irespectively, iof

itop i10 iresults iof ithis iproduct icategory.

Figure 4.9: Top 10 Results of Product Category Musical Instruments

4.4.10 Product Category 10

This iproduct icategory icontains i134838 idistinct iproduct iitems. iAccording ito iresults

iof ithis iproduct icategory iRandom iForest iperformed itop i8 ipositions iin itop i10

iwhile iDecision iTree iand iGradient iBoost iClassifier igot i1 iposition ieach. iEach iof

ithem igot iequal iF-Measure iof i0.97. iFigure i10 ishows iprecision, irecall i& iF-Measure

irespectively, iof itop i10 iresults iof ithis iproduct icategory.
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Figure 4.10: Top 10 Results of Product Category Office Products

4.4.11 Product Category 11

This iproduct icategory icontains i110707 idistinct iproduct iitems. iAccording ito iresults

iof ithis iproduct icategory iRandom iForest iperformed itop i8 ipositions iin itop i10 iwhile

iGradient iBoost iClassifier igot itop i2 ipositions ihave iF-measure iof i0.97 igreater iamong

iothers. iRandom iForest igot iF-Measure iof i0.96s. iFigure i11 ishows iprecision, irecall

i& iF-Measure irespectively, iof itop i10 iresults iof ithis iproduct icategory.

Figure 4.11: Top 10 Results of Product Category Pet Supplies
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4.4.12 Best of All Products Data

Among iAll i11 iproduct icategories ihaving i2110948 idistinct iproduct iitems iand

i21.47 imillion ireviews, iRandom iForest iperformed ibest ifor icorrect ipredictions iof

isentiments. iAccording ito ioverall iresults iof ithe i11 iproduct icategories iRandom

iForest iperformed itop i7 ipositions iwith ivarious icombination icategories ilike com-

bination icategory i1, i4, i5, i13 i& i16 iperformed iwell ihaving itop iF-Measure iof i0.99

iwith icombination icategory i5, iwhile iGradient iBoosting iClassifier igot i3 itop ipositions

iwith icombination icategories i1 i& i13. iFigure i12 ishows iprecision, irecall i& iF-Measure

irespectively, iof itop i10 iresults iof iall iproduct icategory.

Figure 4.12: Top Results of all Product Categories

4.5 Results of Combinations Categories

To ievaluating ithe iresearch istrategies, iprecision iand irecall iare iused ias ibasic imeasures.

iThe iF-Measure ivalue ican ibe irepresented ias ia iweighted iharmonic imean iof iaccuracy

iand irecall, iand iis iused ito imeasure iclassifier iaccuracy. i

In icurrent isection, iwe ihave iresults iof iall i16 iselected icombination icategories ifor

iall i11 iproducts idatasets, ithrough ithis iwe iare iable ito ievaluate iwhich icombinations
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iperformed iwell iover iall ifor ievery iproduct iand iwhich imachine ilearning ialgorithm

igives imore iaccurate iresults. i i

*Note: ithe iterm iCategory iin igraphs irepresents ithe iCombination iCategory, repre-

sented iin iChapter i3 itable 3.3

4.5.1 Combination 1 - (RB+RBR+RBS+JJ+JJR+JJS)

In iAdjective iand iAdverb ialong iwith iall iforms, iin iwhich iwe iare iusing igeneric

iformula ishown iin ichapter i3 ifor iaggregating ithe iscore. iAccording ito i(Benamara,

i2007) iadjective iand iadverb iperforms ibetter ithan iadverb ialone, ihowever, iaccording

ito iresults, ithis icombination ishows ibetter iresults iwhile iusing iRandom iForest iand

iGradient iBoosting iClassifier ias imachine ilearning ialgorithms. iRandom iForest iand

iGradient iBoosting iClassifier ishows iprecision iof i0.96 iand irecall ifor ithis iis imaximum

iwhich ilead itheir iF-Measure ito i0.98, iwhich iexpress ithat ithese icombinations iperform

iwell iamong iothers. iFigure i13 ishows iprecision, irecall i& iF-Measure irespectively, iof

itop i5 iresults iof ithis icombinations.

Figure 4.13: Top 5 Results of Combination 1
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4.5.2 Combination 2 - (RB+RBR+RBS+JJ+JJR)

According ito iresults, ithis icombination ishows iequal itop iprecision ifor iall i3 iclassifiers

iwhich iis i0.97, iand irecall ifor iRandom iForest iand iGradient iBoosting iClassifier iis

imaximum, iwhile iDecision iTree ihave irecall i0.98. iFigure i14 ishows iprecision, irecall

i& iF-Measure irespectively, iof itop i5 iresults iof ithis icombinations.

Figure 4.14: Top 5 Results of Combination 2

4.5.3 Combination 3 - (RB+RBR+RBS+JJR+JJS)

Figure 4.15: Top 5 Results of Combination 3
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According ito iresults, ithis icombination ishows iequal itop iprecision ifor iall i3 iclassifiers

iwhich iis i0.97, iand irecall ifor iRandom iForest iand iGradient iBoosting iClassifier iis

imaximum, iwhile iDecision iTree ihave irecall i0.98. iFigure i15 ishows iprecision, irecall

i& iF-Measure irespectively, iof itop i5 iresults iof ithis icombinations.

4.5.4 Combination 4 - (RBR+RBS+JJ+JJR)

According ito iresults, ithis icombination ishows iequal itop iF iMeasure ifor iRandom

iForest iand iGradient iBoosting iClassifier iclassifiers iwhich iis i0.98, iand irecall ifor

iRandom iForest iis imaximum, iwhile iDecision iTree ihave iF-Measure i0.97. iFigure i16

ishows iprecision, irecall i& iF-Measure irespectively, iof itop i5 iresults iof ithis combina-

tions.

Figure 4.16: Top 5 Results of Combination 4

4.5.5 Combination 5 - (RBR+RBS+JJR+JJS)

According ito iresults, ithis icombination ishows i0.99 iF-Measure ifor iRandom iForest.

iWhile iGradient iBoosting iClassifier igot i0.98 iF-Measure iand itop iF-Measure ifor

iDecision iTree iis i0.97. iFigure i17 ishows iprecision, irecall i& iF-Measure irespectively,

iof itop i5 iresults iof ithis icombinations.
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Figure 4.17: Top 5 Results of Combination 5

4.5.6 Combination 6 - (RB+RBS+JJ+JJR)

According ito iresults, ithis icombination ishows i0.99 iF-Measure ifor iGradient iBoosting

iClassifier iand iRandom iForest, iwhile iDecision iTree igot i0.98 iF-Measure ifor ithe

isame idata iset. iFigure i18 ishows iprecision, irecall i& iF-Measure irespectively, iof itop

i5 iresults iof ithis icombinations.

Figure 4.18: Top 5 Results of Combination 6
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4.5.7 Combination 7 - (RB+RBS+JJR+JJS)

According ito iresults, ithis icombination ishows i0.99 iF-Measure ifor iRandom iForest.

iWhile iGradient iBoosting iClassifier iand iDecision iTree igot i0.98 iF-Measure ifor ithe

isame idataset. iFigure i19 ishows iprecision, irecall i& iF-Measure irespectively, iof itop

i5 iresults iof ithis icombinations.

Figure 4.19: Top 5 Results of Combination 7

4.5.8 Combination 8 - (RB+RBR+JJ+JJR)

Figure 4.20: Top 5 Results of Combination 8
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According ito iresults, ithis icombination ishows i0.98 iF-Measure ifor iGradient iBoosting

iClassifier iand iRandom iForest, iwhile iDecision iTree igot i0.97 iF-Measure ifor ithe

isame idata iset. iFigure i20 ishows iprecision, irecall i& iF-Measure irespectively, iof itop

i5 iresults iof ithis icombinations.

4.5.9 Combination 9 - (RB+RBR+JJR+JJS)

According ito iresults, ithis icombination ishows i0.98 iF-Measure ifor iGBC iand iRandom

iForest, iwhile iDecision iTree igot i0.97 iF-Measure ifor ithe isame idata iset. iFigure i21

ishows iprecision, irecall i& iF-Measure irespectively, iof itop i5 iresults iof ithis combina-

tions.

Figure 4.21: Top 5 Results of Combination 9

4.5.10 Combination 10 - (RB+RBR+RBS+JJ+JJS)

According ito iresults, ithis icombination ishows i0.99 iF-Measure ifor iGradient iBoosting

iClassifier i iand iRandom iForest, iwhile iDecision iTree igot i0.98 iF-Measure ifor ithe

isame idata iset. iFigure i22 ishows iprecision, irecall i& iF-Measure irespectively, iof itop

i5 iresults iof ithis icombinations.
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Figure 4.22: Top 5 Results of Combination 9

4.5.11 Combination 11 - (RBR+RBS+JJ+JJS)

According ito iresults, ithis icombination ishows i0.98 iF-Measure ifor iGBC iand iRandom

iForest, iwhile iDecision iTree igot i0.97 iF-Measure ifor ithe isame idata iset. iFigure i23

ishows iprecision, irecall i& iF-Measure irespectively, iof itop i5 iresults iof ithis combina-

tions.

Figure 4.23: Top 5 Results of Combination 10
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4.5.12 Combination 12 - (RB+RBS+JJ+JJS)

According ito iresults, ithis icombination ishows i0.97 iF-Measure ifor iGradient iBoosting

iClassifier iand iRandom iForest, iwhile iDecision iTree igot i0.96 iF-Measure ifor ithe

isame idata iset. iFigure i24 ishows iprecision, irecall i& iF-Measure irespectively, iof itop

i5 iresults iof ithis icombinations.

Figure 4.24: Top 5 Results of Combination 12

4.5.13 Combination 13 - (RB+RBR+JJ+JJS)

Figure 4.25: Top 5 Results of Combination 13
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According ito iresults, ithis icombination ishows i0.98 iF-Measure ifor iall ithree iclassifiers

iGBC, iRandom iForest iand iDecision iTree ifor ithe isame idata iset. iFigure i25 ishows

iprecision, irecall i& iF-Measure irespectively, iof itop i5 iresults iof ithis icombinations.

4.5.14 Combination 14 - (RB+RBR+JJ+JJR+JJS)

According ito iresults, ithis icombination ishows i0.98 iF-Measure ifor iGradient iBoosting

iClassifier iand iRandom iForest, iwhile iDecision iTree igot i0.97 iF-Measure ifor ithe

isame idata iset. iFigure i26 ishows iprecision, irecall i& iF-Measure irespectively, iof itop

i5 iresults iof ithis icombinations.

Figure 4.26: Top 5 Results of Combination 14

4.5.15 Combination 15 - (RB+RBS+JJ+JJR+JJS)

According ito iresults, ithis icombination ishows i0.98 iF-Measure ifor iGradient iBoosting

iClassifier iand iRandom iForest, iwhile iDecision iTree igot i0.97 iF-Measure ifor ithe

isame idata iset. iFigure i27 ishows iprecision, irecall i& iF-Measure irespectively, iof itop

i5 iresults iof ithis icombinations.
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Figure 4.27: Top 5 Results of Combination 15

4.5.16 Combination 16 - (RBR+RBS+JJ+JJR+JJS)

According ito iresults, ithis icombination ishows i0.99 iF-Measure ifor iGradient iBoosting

iClassifier iand iRandom iForest, iwhile iDecision iTree igot i0.98 iF-Measure ifor ithe

isame idata iset. iFigure i28 ishows iprecision, irecall i& iF-Measure irespectively, iof itop

i5 iresults iof ithis icombinations.

Figure 4.28: Top 5 Results of Combination 16
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4.5.17 Best of All Combinations

While ihaving ilook ion iresults, iwe ican iclearly iobserver ithat iRandom iForest iperform

imuch ibetter ithan iother iclassifiers. iAnd icombination icategories i5, i6, i7, i10 i& i16

igot ihighest iF-Measure iof i0.99. iThese iResults iare i81% iin ifavor iof iRandom iForest.

iFigure i29 ishows iprecision, irecall i& iF-Measure irespectively, iof itop iresults iof iall

icombinations iof icategories.

Figure 4.29: Top Results of All Combinations Categories

4.6 Results of Combinations According to MLA

In ithis isection iwe icompared ieach icombination icategory iamong iall icategories, iwhile

ihaving isame idataset iand imachine ilearning ialgorithm. iPoints iare iallotted iupon

ieach isuccessful icomparison ito icombination ihaving igreater ivalue iof iaccuracy iwhile

iif ithey igot iequal iaccuracy ivalue ithe ipoint iis idistributed iequally ito iboth iof ithe

icompetitors. iThrough ithis iwe iare iable ito ievaluate iwhich icombinations iperformed

iwell iover iall ifor ievery iproduct iand iwhich imachine ilearning ialgorithm igives imore

iaccurate iresults.

*Note: ithe iterm iCategory iin igraphs irepresents ithe iCombination iCategory, repre-

sented iin iChapter i3 itable 3.3
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4.6.1 Random Forest

Random iforests ior irandom idecision iforests iare ian iensemble ilearning itechnique ifor

iclassification, iregression iand iother iactivities ithat iworks iby ibuilding ia ivariety iof

idecision itrees iat ithe itraining itime iand ioutputting ithe iclass iwhich iis ithe iclass imode

i(classification) ior imean iprediction i(regression) iof ithe iindividual itrees.

In ithis isection iwe icompared ieach icombination icategory iamong iall icategories, iwhile

ihaving isame idataset iand iusing iRandom iForest ias imachine ilearning ialgorithm. iAnd

iwe ican isee icombination i13 i(RB i+ iRBR i+ iJJ i+ iJJS) igot ihigher ipoints ias icompared

ito iother icombination icategories. iOver iall i165 icomparison ipoints idistributed iin ithis

iprocess iand icombination i13 ileads iwith i101.5. iwhile icombination i1 i(RB i+ iRBR

i+ iRBS i+ iJJ i+ iJJR i+ iJJS) iand icombination i6 i(RB i+ iRBS i+ iJJ i+ iJJR) igot

i96.5 iand i95 ipoints irespectively. iFigure i30 ishows ithe icomparison iof icategories ifor

iRandom iForest.

Figure 4.30: Comparison of Categories for Random Forest
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4.6.2 Decision Tree

A idecision itree iis ia iflowchart-like istructure iwhere ieach iinner inode ireflects ia i“test”

ion ian iattributes i(e.g., iwhether ia icoin iflip icomes iup iheads ior itails), ieach inode

ipresents ithe itest iresult, iand ithat ieach ileaf inode ireflects ia iclass imark i(decision

imade iafter iall iattributes ihave ibeen icomputed).

In ithis isection iwe icompared ieach icombination icategory iamong iall icategories, iwhile

ihaving isame idataset iand iusing iDecision iTree ias imachine ilearning ialgorithm. iAnd

iwe ican isee icombination i13 i(RB i+ iRBR i+ iJJ i+ iJJS) igot ihigher ipoints ias icompared

ito iother icombination icategories. iOver iall i165 icomparison ipoints idistributed iin ithis

iprocess iand icombination i13 ileads iwith i153. iwhile icombination i9 i(RB i+ iRBR i+

iJJR i+ iJJS) iand icombination i4 i(RBR i+ iRBS i+ iJJ i+ iJJR) igot i102.5 iand i97 ipoints

irespectively. iFigure i31 ishows ithe icomparison iof icategories ifor iDecision iTree.

Figure 4.31: Comparison of Categories for Decision Tree
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4.6.3 Gradient Boosting Classifier

Gradient iboosting iclassifiers iare ia icommunity iof ialgorithms ifor imachine ilearning

ithat icombine iseveral iweak ilearning imodels ito iestablish ia istrong iprediction imodel.

iDecision itrees iare itypically iused iwhen istepping iup igradients.

In ithis isection iwe icompared ieach icombination icategory iamong iall icategories, iwhile

ihaving isame idataset iand iusing iGradient iBoosting iClassifier ias imachine ilearning

ialgorithm. iAnd iwe ican isee icombination i5 i(RBR i+ iRBS i+ iJJR i+ iJJS) igot ihigher

ipoints ias icompared ito iother icombination icategories. iOver iall i165 icomparison

ipoints idistributed iin ithis iprocess iand icombination i5 ileads iwith i102.5. iwhile

icombination i6 i(RB i+ iRBS i+ iJJ i+ iJJR) iand icombination i15 i(RB i+ iRBS i+ iJJ i+

iJJR i+ iJJS) igot i100 iand i96 ipoints irespectively. iFigure i32 ishows ithe icomparison

iof icategories ifor iGradient iBoosting iClassifier.

Figure 4.32: Comparison of Categories for Gradient Boosting Classifier



Results and Analysis 59

4.7 Comparison of Overall Combination

Categories

In ithis isection iwe icompared ieach icombination icategory iamong iall icategories,

iirrespective iof imachine ilearning ialgorithm, iwhile ihaving isame idataset. iPoints iare

iallotted iupon ieach isuccessful icomparison ito icombination ihaving igreater ivalue iof

iaccuracy iwhile iif ithey igot iequal iaccuracy ivalue ithe ipoint iis idistributed iequally ito

iboth iof ithe icompetitors. iThrough ithis iwe iare iable ito ievaluate iwhich icombinations

iperformed iwell iover iall ifor ievery iproduct iand iwhich imachine ilearning ialgorithm

igives imore iaccurate iresults.

Form ithe iresults, iwe ican isee icombination i13 i(RB i+ iRBR i+ iJJ i+ iJJS) igot ihigher

ipoints ias icompared ito iother icombination icategories. iOver iall i495 icomparison

ipoints idistributed iin ithis iprocess iand icombination i13 ileads iwith i339. iWhile,

icombination i6 i(RB i+ iRBS i+ iJJ i+ iJJR) iand icombination i15 i(RB i+ iRBS i+ iJJ

i+ iJJR i+ iJJS) igot i287and i285 ipoints irespectively. iFigure i33 ishows ithe ioverall

icomparison iof icategories.

Figure 4.33: Overall Comparison of Categories
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4.8 Comparison with Previous Studies

In ia irecent istudy i(xu ihuahu iet ial., i2020) iproposes ia imethodology iof isentiment

ipolarity iclassification ifor ia ilarge idata icollection iof iInstant iVideos ionline ireviews.

iIn itheir iresearch ithey iuse ia icomprehensive idata iset iof ifive imillion iAmazon ionline

ireviews. iThere iare ifive iclasses i(Strongly iNegative, iNegative, iNeutral, iPositive

iand iStrongly iPositive). iThey ialso iconsider ithree ipolarity ifeatures iVerb, iAdverb,

iAdjective iand itheir icombinations iwith itheir idifferent isenses iin ireview-level catego-

rization. iThe icategorization iexperiments ishow ipromising iresults ias ithe iaccuracy

iof ithe iresults iis i81 ipercent ibetter ithan imany iprevious itechniques iwhose iaverage

iaccuracy iis i78 ipercent.

Figure i34 ishows, iby iusing iRandom iForest ias ia imachine ilearning iclassifier, ithe

iprevious iresearcher igot iprecision iof i0.95, iwhile iour icombination icategories igot

imore iaccurate iresults. iCombination i13 igot i0.97 iprecision, icombination i6 igot i0.98

iand icombination i15 igot i0.96 iprecision.

Figure 4.34: Comparisons of Top Results of Previous Research using Random
Forest
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Figure i35 ishows, iby iusing iDecision iTree ias ia imachine ilearning iclassifier, ithe

iprevious iresearcher igot iprecision iof i0.95, iwhile iour icombination icategories igot

imore iaccurate iresults. iCombination i13 igot i0.97 iprecision,icombination i6 igot i0.98

iand icombination i15 igot i0.97 iprecision.

Figure 4.35: Comparisons of Top Results of Previous Research using Decision
Tree

Figure i36 ishows, iby iusing iGradient iBoosting iClassifier ias ia imachine ilearning

iclassifier, ithe iprevious iresearcher igot iprecision iof i0.95, iwhile iour icombination

icategories igot imore iaccurate iresults. iCombination i13 igot i0.97 iprecision, combi-

nation i6 igot i0.98 iand icombination i15 igot i0.96 iprecision.
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Figure 4.36: Comparisons of Top Results of Previous Research using Gradient
Boosting Classifier



Chapter 5

Conclusion and Future Work

Analysis iof isentiment iis imore ithan ijust ia ifeature iin ia isocial ianalytics itool; iit iis

ia istudy ifield. iThis iis ian iarea ithat iis istill iunder iinvestigation, ias iit ihas igreat

idimensions. iBecause iof ithe iscope iof ithis iresearch, icertain ielements iof ilinguistics

icontinue ito ibe idiscussed ior inot ifully iunderstood iin ithe isame iway. iThis iprocess

igetting itraction iin i2010, ito iunderstand ihow ithis ianalysis iactually iworks, ithe

iimplications iof iautomating isentiment ianalysis, iand iwhat ithe ifuture iholds ifor

isentiment ianalysis.

5.1 Conclusion

This ithesis iaimed ito isolve ia isentiment ianalysis iissue iof ireviews ion iamazon iproducts

ifor ievaluating ipolarity ibearing ielements iand ilexicon iresources. iIn iorder ito idetermine

ithe isentiment iof ithe ireview, iwe iextract ithe ipolarity ibearing ifeature iword ifrom

itest idataset. iThe iaccuracy iis ion ithe iextracted idata iby iPOS itagger iis i95%,

imisclassified iterms iare iexpression iand ithose iwords iwhich idont ihave iany isentiment

iscore iin ilexicons. iSentiWordNet iis ia ipopular ilexicon iused ito iidentify ireviews iwith

ia imeaning. iSentiment ihas imainly itwo iclassifications ipositive iand inegative ibut

ineutral ihas ialso iequal iimportance. iSentiWordNet ideal iwith ineutral ivalue iwhereas

iother ilexicons ilike iSenticNet idiscard iconcept iof ineutral ivalues.
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Using iRandom iForest ias imachine ilearning ialgorithm, icombination i13 i(RB i+ iRBR

i+ iJJ i+ iJJS) igot ihigher iF iMeasure ias icompared ito iother icombination icategories.

iAs ishown iin ifigure i30, iOver iall i1320 icomparison ipoints idistributed iin ithe iprocess

iand icombination i13 ileads iwith i101.5. iwhile icombination i1 i(RB i+ iRBR i+ iRBS i+

iJJ i+ iJJR i+ iJJS) iand icombination i6 i(RB i+ iRBS i+ iJJ i+ iJJR) igot i96.5 iand i95

ipoints irespectively. iWhile iusing iDecision iTree ias imachine ilearning ialgorithm,

icombination i13 i(RB i+ iRBR i+ iJJ i+ iJJS) igot ihigher ipoints ias icompared ito

iother icombination icategories. iAs ishown iin ifigure i31, iin idistribution iof i1320

icomparison ipoints icombination i13 ileads iwith i153. iwhile icombination i9 i(RB i+

iRBR i+ iJJR i+ iJJS) iand icombination i4 i(RBR i+ iRBS i+ iJJ i+ iJJR) igot i102.5

iand i97 ipoints irespectively. iWhile ihaving iGradient iBoosting iClassifier ias imachine

ilearning ialgorithm, icombination i5 i(RBR i+ iRBS i+ iJJR i+ iJJS) igot ihigher ipoints

ias icompared ito iother icombination icategories. iAs ishown iin ifigure i32, iit ileads iwith

i102.5. iwhile icombination i6 i(RB i+ iRBS i+ iJJ i+ iJJR) iand icombination i15 i(RB i+

iRBS i+ iJJ i+ iJJR i+ iJJS) igot i100 iand i96 ipoints irespectively.

If iwe iconsider ithe ipositive ireviews iin ithis icombination icategory i13 i(RB i+ iRBR i+

iJJ i+ iJJS), iwhile iusing iRandom iForest iand iDecision iTree iperformed ibest iat iits iF-

Measure iis iup ito i98%, iand ieven iits iother icombinations ilike icombination icategory

i6 i(RB i+ iRBS i+ iJJ i+ iJJR).

As ishown iin iFigure i33, icombination icategory i13 i(RB i+ iRBR i+ iJJ i+ iJJS),

iperforms ibetter ithan iother icombination icategories ias iit igot iwell imargined ilead iin

icomparison ipoints ialso ihas iimportance iin isentiment ianalysis iusing iAdjective iand

iAdverb. iIn iprevious iresearch imost iresearchers ihave ifocus ion iAdjective iand iadverb

ias ia iwhole i(having iall itheir iforms iincluded). iAccording ito ithem, iadjective iand

iadverbs icombined itogether iis imore iimportant ifeature iwhich ihas imore isentiment,

ibut ias ia iconsequence iof iour iresults icombined ieffect iof isome ispecific iforms iof

iadjectives iand iadverbs ihave imore iaccuracy.
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5.2 Future Work

iIn ifuture iwork, iwe ican imake imore iclasses iby iusing ithose ilinguistic ifeatures iwhich

iperformed ibest iin ithis iexperiment. iBy imaking ihypothesis ithat iwhich ireviews ihas

imore ipositive iterms iare iconsidered iin iclass iof i“Adjective iand iVerb” iand iif ireviews

ihas imore inegative iterm ithan iresults iare ievaluated iby iusing iclass iof i“Adverb iand

iVerb”, ibecause inegativity inot idependent ion i“not” iword iand ialso iintensity ialso

inot idepend ion iadverb. iEach ifeature ihas iits iimportance ifor isentiment ianalysis.
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Appendix A

Complete Results Data

Complete Results of All Data and Categories

Product ML Classifier Combination class Precision Recall F-Measure

Product 1 RF Category 1 0.91 0.99 0.95

Product 1 RF Category 2 0.91 0.98 0.95

Product 1 RF Category 3 0.91 0.98 0.95

Product 1 RF Category 4 0.91 1 0.95

Product 1 RF Category 5 0.91 0.99 0.95

Product 1 RF Category 6 0.93 0.99 0.96

Product 1 RF Category 7 0.92 0.99 0.95

Product 1 RF Category 8 0.91 0.99 0.95

Product 1 RF Category 9 0.9 0.99 0.94

Product 1 RF Category 10 0.91 0.99 0.95

Product 1 RF Category 11 0.92 0.98 0.95

Product 1 RF Category 12 0.91 0.98 0.94

Product 1 RF Category 13 0.95 0.98 0.97

Product 1 RF Category 14 0.92 0.99 0.95

Product 1 RF Category 15 0.91 0.99 0.95

Product 1 RF Category 16 0.91 0.99 0.94

Product 1 DT Category 1 0.92 0.94 0.93

Product 1 DT Category 2 0.92 0.95 0.93

Product 1 DT Category 3 0.92 0.95 0.93

Product 1 DT Category 4 0.92 0.95 0.93

Product 1 DT Category 5 0.92 0.93 0.93

Product 1 DT Category 6 0.95 0.94 0.95

Product 1 DT Category 7 0.92 0.96 0.94

Product 1 DT Category 8 0.93 0.93 0.93

Product 1 DT Category 9 0.92 0.96 0.94

Product 1 DT Category 10 0.91 0.95 0.93

Product 1 DT Category 11 0.93 0.93 0.93

Continued on next page
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Table A.1 – continued from previous page

Product ML Classifier Combination class Precision Recall F-Measure

Product 1 DT Category 12 0.92 0.95 0.93

Product 1 DT Category 13 0.95 0.98 0.96

Product 1 DT Category 14 0.93 0.95 0.94

Product 1 DT Category 15 0.92 0.95 0.93

Product 1 DT Category 16 0.92 0.94 0.93

Product 1 GBC Category 1 0.91 1 0.95

Product 1 GBC Category 2 0.91 1 0.95

Product 1 GBC Category 3 0.91 0.99 0.95

Product 1 GBC Category 4 0.91 0.99 0.95

Product 1 GBC Category 5 0.91 0.99 0.95

Product 1 GBC Category 6 0.93 1 0.96

Product 1 GBC Category 7 0.92 1 0.96

Product 1 GBC Category 8 0.91 1 0.95

Product 1 GBC Category 9 0.9 1 0.95

Product 1 GBC Category 10 0.91 1 0.95

Product 1 GBC Category 11 0.92 1 0.96

Product 1 GBC Category 12 0.91 1 0.95

Product 1 GBC Category 13 0.95 0.98 0.97

Product 1 GBC Category 14 0.92 0.99 0.96

Product 1 GBC Category 15 0.91 0.99 0.95

Product 1 GBC Category 16 0.91 1 0.95

Product 2 RF Category 1 0.88 0.94 0.91

Product 2 RF Category 2 0.86 0.96 0.91

Product 2 RF Category 3 0.83 0.96 0.89

Product 2 RF Category 4 0.85 0.96 0.9

Product 2 RF Category 5 0.85 0.95 0.9

Product 2 RF Category 6 0.84 0.95 0.89

Product 2 RF Category 7 0.84 0.94 0.89

Product 2 RF Category 8 0.84 0.96 0.9

Product 2 RF Category 9 0.86 0.96 0.91

Product 2 RF Category 10 0.82 0.94 0.88

Product 2 RF Category 11 0.87 0.96 0.91

Product 2 RF Category 12 0.87 0.95 0.91

Product 2 RF Category 13 0.83 0.98 0.9

Product 2 RF Category 14 0.85 0.95 0.9

Product 2 RF Category 15 0.87 0.96 0.91

Product 2 RF Category 16 0.87 0.95 0.91

Product 2 DT Category 1 0.88 0.89 0.89

Product 2 DT Category 2 0.87 0.91 0.89

Product 2 DT Category 3 0.84 0.9 0.87

Product 2 DT Category 4 0.86 0.91 0.89

Product 2 DT Category 5 0.85 0.89 0.87

Product 2 DT Category 6 0.85 0.89 0.87

Product 2 DT Category 7 0.85 0.91 0.88

Product 2 DT Category 8 0.86 0.9 0.88

Continued on next page
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Table A.1 – continued from previous page

Product ML Classifier Combination class Precision Recall F-Measure

Product 2 DT Category 9 0.86 0.9 0.88

Product 2 DT Category 10 0.82 0.9 0.86

Product 2 DT Category 11 0.9 0.92 0.91

Product 2 DT Category 12 0.87 0.88 0.88

Product 2 DT Category 13 0.83 0.96 0.89

Product 2 DT Category 14 0.86 0.89 0.88

Product 2 DT Category 15 0.88 0.9 0.89

Product 2 DT Category 16 0.87 0.9 0.89

Product 2 GBC Category 1 0.86 0.99 0.92

Product 2 GBC Category 2 0.84 0.99 0.91

Product 2 GBC Category 3 0.83 1 0.91

Product 2 GBC Category 4 0.84 0.99 0.91

Product 2 GBC Category 5 0.84 0.99 0.91

Product 2 GBC Category 6 0.83 0.99 0.9

Product 2 GBC Category 7 0.84 0.99 0.91

Product 2 GBC Category 8 0.83 0.99 0.9

Product 2 GBC Category 9 0.84 0.99 0.91

Product 2 GBC Category 10 0.82 0.99 0.9

Product 2 GBC Category 11 0.86 0.99 0.92

Product 2 GBC Category 12 0.86 0.99 0.92

Product 2 GBC Category 13 0.84 0.99 0.9

Product 2 GBC Category 14 0.83 0.99 0.9

Product 2 GBC Category 15 0.86 0.99 0.92

Product 2 GBC Category 16 0.85 0.99 0.92

Product 3 RF Category 1 0.93 0.98 0.95

Product 3 RF Category 2 0.91 0.99 0.94

Product 3 RF Category 3 0.93 0.97 0.95

Product 3 RF Category 4 0.9 0.99 0.94

Product 3 RF Category 5 0.92 0.99 0.95

Product 3 RF Category 6 0.91 0.98 0.94

Product 3 RF Category 7 0.9 0.99 0.94

Product 3 RF Category 8 0.92 0.99 0.95

Product 3 RF Category 9 0.9 0.99 0.94

Product 3 RF Category 10 0.91 0.97 0.94

Product 3 RF Category 11 0.9 0.98 0.94

Product 3 RF Category 12 0.9 0.97 0.93

Product 3 RF Category 13 0.92 0.98 0.95

Product 3 RF Category 14 0.92 0.99 0.95

Product 3 RF Category 15 0.92 0.99 0.95

Product 3 RF Category 16 0.88 0.98 0.93

Product 3 DT Category 1 0.93 0.93 0.93

Product 3 DT Category 2 0.91 0.94 0.93

Product 3 DT Category 3 0.93 0.93 0.93

Product 3 DT Category 4 0.91 0.94 0.93

Product 3 DT Category 5 0.93 0.95 0.94

Continued on next page
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Table A.1 – continued from previous page

Product ML Classifier Combination class Precision Recall F-Measure

Product 3 DT Category 6 0.92 0.93 0.93

Product 3 DT Category 7 0.9 0.96 0.93

Product 3 DT Category 8 0.94 0.95 0.94

Product 3 DT Category 9 0.92 0.94 0.93

Product 3 DT Category 10 0.91 0.93 0.92

Product 3 DT Category 11 0.91 0.94 0.92

Product 3 DT Category 12 0.91 0.93 0.92

Product 3 DT Category 13 0.92 0.98 0.95

Product 3 DT Category 14 0.92 0.95 0.93

Product 3 DT Category 15 0.93 0.93 0.93

Product 3 DT Category 16 0.89 0.92 0.91

Product 3 GBC Category 1 0.92 1 0.96

Product 3 GBC Category 2 0.9 1 0.94

Product 3 GBC Category 3 0.93 0.99 0.96

Product 3 GBC Category 4 0.89 1 0.94

Product 3 GBC Category 5 0.92 1 0.96

Product 3 GBC Category 6 0.91 1 0.95

Product 3 GBC Category 7 0.9 0.99 0.94

Product 3 GBC Category 8 0.91 1 0.95

Product 3 GBC Category 9 0.9 1 0.95

Product 3 GBC Category 10 0.9 0.99 0.95

Product 3 GBC Category 11 0.9 1 0.94

Product 3 GBC Category 12 0.89 1 0.94

Product 3 GBC Category 13 0.92 1 0.96

Product 3 GBC Category 14 0.91 1 0.95

Product 3 GBC Category 15 0.91 1 0.95

Product 3 GBC Category 16 0.88 1 0.94

Product 4 RF Category 1 0.9 0.98 0.94

Product 4 RF Category 2 0.9 0.98 0.94

Product 4 RF Category 3 0.9 0.98 0.94

Product 4 RF Category 4 0.91 0.99 0.95

Product 4 RF Category 5 0.89 0.98 0.93

Product 4 RF Category 6 0.91 0.99 0.95

Product 4 RF Category 7 0.88 0.98 0.93

Product 4 RF Category 8 0.9 0.98 0.93

Product 4 RF Category 9 0.9 0.99 0.94

Product 4 RF Category 10 0.89 0.99 0.93

Product 4 RF Category 11 0.89 0.98 0.93

Product 4 RF Category 12 0.9 0.97 0.93

Product 4 RF Category 13 0.91 0.98 0.94

Product 4 RF Category 14 0.92 0.98 0.95

Product 4 RF Category 15 0.9 0.98 0.94

Product 4 RF Category 16 0.91 0.97 0.94

Product 4 DT Category 1 0.91 0.93 0.92

Product 4 DT Category 2 0.91 0.91 0.91
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Product 4 DT Category 3 0.91 0.93 0.92

Product 4 DT Category 4 0.92 0.92 0.92

Product 4 DT Category 5 0.9 0.92 0.91

Product 4 DT Category 6 0.92 0.92 0.92

Product 4 DT Category 7 0.89 0.95 0.92

Product 4 DT Category 8 0.91 0.88 0.9

Product 4 DT Category 9 0.91 0.93 0.92

Product 4 DT Category 10 0.89 0.94 0.91

Product 4 DT Category 11 0.91 0.92 0.92

Product 4 DT Category 12 0.9 0.92 0.91

Product 4 DT Category 13 0.91 0.97 0.94

Product 4 DT Category 14 0.93 0.9 0.91

Product 4 DT Category 15 0.92 0.94 0.93

Product 4 DT Category 16 0.91 0.91 0.91

Product 4 GBC Category 1 0.9 0.99 0.94

Product 4 GBC Category 2 0.9 0.98 0.94

Product 4 GBC Category 3 0.89 1 0.94

Product 4 GBC Category 4 0.91 0.99 0.95

Product 4 GBC Category 5 0.9 0.98 0.94

Product 4 GBC Category 6 0.9 0.99 0.95

Product 4 GBC Category 7 0.88 1 0.93

Product 4 GBC Category 8 0.89 0.99 0.94

Product 4 GBC Category 9 0.9 0.99 0.94

Product 4 GBC Category 10 0.89 1 0.94

Product 4 GBC Category 11 0.89 0.99 0.94

Product 4 GBC Category 12 0.9 0.99 0.94

Product 4 GBC Category 13 0.91 0.98 0.94

Product 4 GBC Category 14 0.91 0.99 0.95

Product 4 GBC Category 15 0.91 0.99 0.95

Product 4 GBC Category 16 0.91 0.99 0.94

Product 5 RF Category 1 0.91 0.99 0.95

Product 5 RF Category 2 0.91 0.98 0.95

Product 5 RF Category 3 0.91 0.98 0.94

Product 5 RF Category 4 0.91 0.99 0.95

Product 5 RF Category 5 0.92 1 0.95

Product 5 RF Category 6 0.89 0.99 0.94

Product 5 RF Category 7 0.9 0.98 0.94

Product 5 RF Category 8 0.91 0.98 0.94

Product 5 RF Category 9 0.91 0.99 0.95

Product 5 RF Category 10 0.91 0.99 0.95

Product 5 RF Category 11 0.92 0.99 0.95

Product 5 RF Category 12 0.91 0.98 0.94

Product 5 RF Category 13 0.9 0.99 0.94

Product 5 RF Category 14 0.91 0.98 0.95

Product 5 RF Category 15 0.92 0.99 0.95
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Product 5 RF Category 16 0.92 0.99 0.96

Product 5 DT Category 1 0.92 0.93 0.92

Product 5 DT Category 2 0.92 0.93 0.92

Product 5 DT Category 3 0.91 0.92 0.91

Product 5 DT Category 4 0.93 0.93 0.93

Product 5 DT Category 5 0.93 0.94 0.94

Product 5 DT Category 6 0.9 0.95 0.92

Product 5 DT Category 7 0.9 0.94 0.92

Product 5 DT Category 8 0.92 0.93 0.92

Product 5 DT Category 9 0.92 0.93 0.93

Product 5 DT Category 10 0.91 0.94 0.92

Product 5 DT Category 11 0.93 0.93 0.93

Product 5 DT Category 12 0.92 0.93 0.92

Product 5 DT Category 13 0.9 0.98 0.94

Product 5 DT Category 14 0.93 0.93 0.93

Product 5 DT Category 15 0.94 0.93 0.93

Product 5 DT Category 16 0.93 0.93 0.93

Product 5 GBC Category 1 0.9 0.99 0.95

Product 5 GBC Category 2 0.91 1 0.95

Product 5 GBC Category 3 0.9 0.99 0.95

Product 5 GBC Category 4 0.91 1 0.95

Product 5 GBC Category 5 0.91 1 0.95

Product 5 GBC Category 6 0.89 1 0.94

Product 5 GBC Category 7 0.9 1 0.95

Product 5 GBC Category 8 0.91 0.99 0.95

Product 5 GBC Category 9 0.91 0.99 0.95

Product 5 GBC Category 10 0.91 1 0.95

Product 5 GBC Category 11 0.92 0.99 0.95

Product 5 GBC Category 12 0.91 0.99 0.95

Product 5 GBC Category 13 0.9 0.99 0.94

Product 5 GBC Category 14 0.91 0.99 0.95

Product 5 GBC Category 15 0.92 0.99 0.95

Product 5 GBC Category 16 0.92 0.99 0.95

Product 6 RF Category 1 0.96 1 0.98

Product 6 RF Category 2 0.97 1 0.98

Product 6 RF Category 3 0.97 1 0.98

Product 6 RF Category 4 0.96 1 0.98

Product 6 RF Category 5 0.97 1 0.99

Product 6 RF Category 6 0.97 1 0.99

Product 6 RF Category 7 0.97 1 0.99

Product 6 RF Category 8 0.96 1 0.98

Product 6 RF Category 9 0.97 1 0.98

Product 6 RF Category 10 0.98 1 0.99

Product 6 RF Category 11 0.96 1 0.98

Product 6 RF Category 12 0.94 1 0.97
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Product 6 RF Category 13 0.97 1 0.98

Product 6 RF Category 14 0.96 1 0.98

Product 6 RF Category 15 0.96 1 0.98

Product 6 RF Category 16 0.97 1 0.99

Product 6 DT Category 1 0.96 0.98 0.97

Product 6 DT Category 2 0.97 0.98 0.97

Product 6 DT Category 3 0.97 0.98 0.98

Product 6 DT Category 4 0.97 0.97 0.97

Product 6 DT Category 5 0.98 0.97 0.97

Product 6 DT Category 6 0.98 0.98 0.98

Product 6 DT Category 7 0.97 0.98 0.98

Product 6 DT Category 8 0.97 0.97 0.97

Product 6 DT Category 9 0.97 0.97 0.97

Product 6 DT Category 10 0.98 0.98 0.98

Product 6 DT Category 11 0.97 0.98 0.97

Product 6 DT Category 12 0.95 0.97 0.96

Product 6 DT Category 13 0.97 0.99 0.98

Product 6 DT Category 14 0.96 0.98 0.97

Product 6 DT Category 15 0.97 0.98 0.97

Product 6 DT Category 16 0.97 0.98 0.98

Product 6 GBC Category 1 0.96 1 0.98

Product 6 GBC Category 2 0.97 1 0.98

Product 6 GBC Category 3 0.97 1 0.98

Product 6 GBC Category 4 0.97 0.99 0.98

Product 6 GBC Category 5 0.97 1 0.98

Product 6 GBC Category 6 0.98 1 0.99

Product 6 GBC Category 7 0.97 0.99 0.98

Product 6 GBC Category 8 0.97 0.99 0.98

Product 6 GBC Category 9 0.97 0.99 0.98

Product 6 GBC Category 10 0.98 1 0.99

Product 6 GBC Category 11 0.96 1 0.98

Product 6 GBC Category 12 0.94 0.99 0.97

Product 6 GBC Category 13 0.97 1 0.98

Product 6 GBC Category 14 0.96 1 0.98

Product 6 GBC Category 15 0.96 0.99 0.98

Product 6 GBC Category 16 0.97 1 0.99

Product 7 RF Category 1 0.9 0.99 0.94

Product 7 RF Category 2 0.89 0.99 0.94

Product 7 RF Category 3 0.86 0.99 0.92

Product 7 RF Category 4 0.89 0.99 0.94

Product 7 RF Category 5 0.89 0.98 0.93

Product 7 RF Category 6 0.9 0.99 0.94

Product 7 RF Category 7 0.89 0.98 0.93

Product 7 RF Category 8 0.9 0.98 0.94

Product 7 RF Category 9 0.9 0.98 0.94
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Product 7 RF Category 10 0.89 0.97 0.93

Product 7 RF Category 11 0.9 0.98 0.94

Product 7 RF Category 12 0.9 0.98 0.94

Product 7 RF Category 13 0.89 0.98 0.94

Product 7 RF Category 14 0.88 0.99 0.93

Product 7 RF Category 15 0.89 0.97 0.93

Product 7 RF Category 16 0.89 0.98 0.93

Product 7 DT Category 1 0.92 0.93 0.93

Product 7 DT Category 2 0.91 0.94 0.92

Product 7 DT Category 3 0.87 0.93 0.9

Product 7 DT Category 4 0.92 0.94 0.93

Product 7 DT Category 5 0.91 0.92 0.91

Product 7 DT Category 6 0.91 0.92 0.91

Product 7 DT Category 7 0.89 0.93 0.91

Product 7 DT Category 8 0.91 0.93 0.92

Product 7 DT Category 9 0.92 0.94 0.93

Product 7 DT Category 10 0.89 0.93 0.91

Product 7 DT Category 11 0.91 0.93 0.92

Product 7 DT Category 12 0.91 0.93 0.92

Product 7 DT Category 13 0.89 0.96 0.93

Product 7 DT Category 14 0.91 0.92 0.91

Product 7 DT Category 15 0.92 0.92 0.92

Product 7 DT Category 16 0.91 0.92 0.92

Product 7 GBC Category 1 0.89 1 0.94

Product 7 GBC Category 2 0.89 0.99 0.94

Product 7 GBC Category 3 0.86 1 0.92

Product 7 GBC Category 4 0.89 1 0.94

Product 7 GBC Category 5 0.89 0.99 0.94

Product 7 GBC Category 6 0.89 0.99 0.94

Product 7 GBC Category 7 0.89 1 0.94

Product 7 GBC Category 8 0.89 1 0.94

Product 7 GBC Category 9 0.89 1 0.94

Product 7 GBC Category 10 0.89 1 0.94

Product 7 GBC Category 11 0.9 1 0.94

Product 7 GBC Category 12 0.89 1 0.94

Product 7 GBC Category 13 0.89 0.99 0.94

Product 7 GBC Category 14 0.87 1 0.93

Product 7 GBC Category 15 0.89 1 0.94

Product 7 GBC Category 16 0.88 0.99 0.93

Product 8 RF Category 1 0.91 1 0.95

Product 8 RF Category 2 0.91 1 0.95

Product 8 RF Category 3 0.93 0.99 0.96

Product 8 RF Category 4 0.92 1 0.96

Product 8 RF Category 5 0.92 0.99 0.96

Product 8 RF Category 6 0.92 0.99 0.95
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Product 8 RF Category 7 0.91 0.99 0.95

Product 8 RF Category 8 0.92 0.99 0.95

Product 8 RF Category 9 0.9 1 0.95

Product 8 RF Category 10 0.92 0.98 0.95

Product 8 RF Category 11 0.92 0.99 0.95

Product 8 RF Category 12 0.92 0.99 0.95

Product 8 RF Category 13 0.91 0.99 0.95

Product 8 RF Category 14 0.92 0.99 0.96

Product 8 RF Category 15 0.92 1 0.96

Product 8 RF Category 16 0.94 0.99 0.97

Product 8 DT Category 1 0.92 0.94 0.93

Product 8 DT Category 2 0.92 0.93 0.93

Product 8 DT Category 3 0.93 0.94 0.93

Product 8 DT Category 4 0.93 0.94 0.94

Product 8 DT Category 5 0.94 0.94 0.94

Product 8 DT Category 6 0.93 0.96 0.94

Product 8 DT Category 7 0.91 0.94 0.93

Product 8 DT Category 8 0.93 0.95 0.94

Product 8 DT Category 9 0.92 0.95 0.93

Product 8 DT Category 10 0.92 0.93 0.93

Product 8 DT Category 11 0.92 0.94 0.93

Product 8 DT Category 12 0.93 0.93 0.93

Product 8 DT Category 13 0.91 0.97 0.94

Product 8 DT Category 14 0.94 0.94 0.94

Product 8 DT Category 15 0.93 0.95 0.94

Product 8 DT Category 16 0.95 0.94 0.94

Product 8 GBC Category 1 0.91 1 0.95

Product 8 GBC Category 2 0.91 0.99 0.95

Product 8 GBC Category 3 0.93 1 0.96

Product 8 GBC Category 4 0.92 1 0.95

Product 8 GBC Category 5 0.93 0.99 0.96

Product 8 GBC Category 6 0.92 0.99 0.96

Product 8 GBC Category 7 0.91 1 0.95

Product 8 GBC Category 8 0.92 0.99 0.95

Product 8 GBC Category 9 0.91 0.99 0.95

Product 8 GBC Category 10 0.92 1 0.96

Product 8 GBC Category 11 0.91 0.99 0.95

Product 8 GBC Category 12 0.92 0.99 0.96

Product 8 GBC Category 13 0.91 0.99 0.95

Product 8 GBC Category 14 0.93 1 0.96

Product 8 GBC Category 15 0.92 1 0.96

Product 8 GBC Category 16 0.94 0.99 0.96

Product 9 RF Category 1 0.95 0.99 0.97

Product 9 RF Category 2 0.94 0.99 0.96

Product 9 RF Category 3 0.94 0.98 0.96

Continued on next page



Appendix 82

Table A.1 – continued from previous page

Product ML Classifier Combination class Precision Recall F-Measure

Product 9 RF Category 4 0.93 0.99 0.96

Product 9 RF Category 5 0.94 0.99 0.96

Product 9 RF Category 6 0.95 0.99 0.97

Product 9 RF Category 7 0.94 0.99 0.96

Product 9 RF Category 8 0.92 0.99 0.95

Product 9 RF Category 9 0.94 0.99 0.97

Product 9 RF Category 10 0.93 0.99 0.96

Product 9 RF Category 11 0.92 0.99 0.95

Product 9 RF Category 12 0.94 0.98 0.96

Product 9 RF Category 13 0.95 0.99 0.97

Product 9 RF Category 14 0.92 1 0.96

Product 9 RF Category 15 0.94 0.99 0.96

Product 9 RF Category 16 0.93 0.98 0.95

Product 9 DT Category 1 0.96 0.98 0.97

Product 9 DT Category 2 0.95 0.95 0.95

Product 9 DT Category 3 0.94 0.95 0.94

Product 9 DT Category 4 0.94 0.96 0.95

Product 9 DT Category 5 0.95 0.95 0.95

Product 9 DT Category 6 0.96 0.95 0.95

Product 9 DT Category 7 0.94 0.96 0.95

Product 9 DT Category 8 0.93 0.94 0.94

Product 9 DT Category 9 0.95 0.95 0.95

Product 9 DT Category 10 0.93 0.96 0.94

Product 9 DT Category 11 0.93 0.95 0.94

Product 9 DT Category 12 0.95 0.92 0.93

Product 9 DT Category 13 0.95 0.99 0.97

Product 9 DT Category 14 0.94 0.96 0.95

Product 9 DT Category 15 0.95 0.94 0.94

Product 9 DT Category 16 0.94 0.92 0.93

Product 9 GBC Category 1 0.95 0.99 0.97

Product 9 GBC Category 2 0.94 1 0.97

Product 9 GBC Category 3 0.94 1 0.97

Product 9 GBC Category 4 0.94 1 0.97

Product 9 GBC Category 5 0.94 0.99 0.97

Product 9 GBC Category 6 0.95 1 0.97

Product 9 GBC Category 7 0.94 1 0.97

Product 9 GBC Category 8 0.92 0.99 0.96

Product 9 GBC Category 9 0.94 1 0.97

Product 9 GBC Category 10 0.93 1 0.96

Product 9 GBC Category 11 0.93 1 0.96

Product 9 GBC Category 12 0.94 1 0.97

Product 9 GBC Category 13 0.95 0.99 0.97

Product 9 GBC Category 14 0.92 1 0.96

Product 9 GBC Category 15 0.94 1 0.97

Product 9 GBC Category 16 0.93 1 0.96
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Product 10 RF Category 1 0.92 1 0.95

Product 10 RF Category 2 0.95 0.99 0.97

Product 10 RF Category 3 0.94 0.99 0.97

Product 10 RF Category 4 0.93 0.99 0.96

Product 10 RF Category 5 0.93 1 0.96

Product 10 RF Category 6 0.94 0.99 0.97

Product 10 RF Category 7 0.93 0.99 0.96

Product 10 RF Category 8 0.93 0.99 0.96

Product 10 RF Category 9 0.94 1 0.97

Product 10 RF Category 10 0.95 0.99 0.97

Product 10 RF Category 11 0.94 0.99 0.97

Product 10 RF Category 12 0.94 0.99 0.96

Product 10 RF Category 13 0.95 1 0.97

Product 10 RF Category 14 0.93 1 0.96

Product 10 RF Category 15 0.93 0.99 0.96

Product 10 RF Category 16 0.95 0.99 0.97

Product 10 DT Category 1 0.92 0.96 0.94

Product 10 DT Category 2 0.95 0.96 0.96

Product 10 DT Category 3 0.94 0.96 0.95

Product 10 DT Category 4 0.94 0.95 0.95

Product 10 DT Category 5 0.95 0.96 0.95

Product 10 DT Category 6 0.95 0.96 0.95

Product 10 DT Category 7 0.93 0.97 0.95

Product 10 DT Category 8 0.94 0.96 0.95

Product 10 DT Category 9 0.95 0.96 0.96

Product 10 DT Category 10 0.95 0.95 0.95

Product 10 DT Category 11 0.95 0.96 0.95

Product 10 DT Category 12 0.94 0.96 0.95

Product 10 DT Category 13 0.95 0.99 0.97

Product 10 DT Category 14 0.94 0.97 0.95

Product 10 DT Category 15 0.94 0.95 0.95

Product 10 DT Category 16 0.95 0.97 0.96

Product 10 GBC Category 1 0.92 1 0.96

Product 10 GBC Category 2 0.95 1 0.97

Product 10 GBC Category 3 0.94 1 0.97

Product 10 GBC Category 4 0.94 1 0.97

Product 10 GBC Category 5 0.93 1 0.97

Product 10 GBC Category 6 0.94 1 0.97

Product 10 GBC Category 7 0.93 1 0.96

Product 10 GBC Category 8 0.94 1 0.96

Product 10 GBC Category 9 0.94 1 0.97

Product 10 GBC Category 10 0.95 1 0.97

Product 10 GBC Category 11 0.94 1 0.97

Product 10 GBC Category 12 0.93 0.99 0.96

Product 10 GBC Category 13 0.94 1 0.97
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Product 10 GBC Category 14 0.93 0.99 0.96

Product 10 GBC Category 15 0.93 1 0.96

Product 10 GBC Category 16 0.94 1 0.97

Product 11 RF Category 1 0.87 0.98 0.93

Product 11 RF Category 2 0.88 0.98 0.93

Product 11 RF Category 3 0.87 0.96 0.91

Product 11 RF Category 4 0.87 0.99 0.92

Product 11 RF Category 5 0.89 0.98 0.93

Product 11 RF Category 6 0.88 0.97 0.92

Product 11 RF Category 7 0.87 0.98 0.92

Product 11 RF Category 8 0.89 0.98 0.93

Product 11 RF Category 9 0.88 0.99 0.93

Product 11 RF Category 10 0.85 0.97 0.91

Product 11 RF Category 11 0.88 0.96 0.92

Product 11 RF Category 12 0.89 0.98 0.93

Product 11 RF Category 13 0.88 0.98 0.93

Product 11 RF Category 14 0.88 0.97 0.92

Product 11 RF Category 15 0.88 0.98 0.93

Product 11 RF Category 16 0.89 0.97 0.93

Product 11 DT Category 1 0.88 0.89 0.89

Product 11 DT Category 2 0.89 0.88 0.88

Product 11 DT Category 3 0.86 0.92 0.89

Product 11 DT Category 4 0.89 0.91 0.9

Product 11 DT Category 5 0.89 0.92 0.91

Product 11 DT Category 6 0.89 0.92 0.91

Product 11 DT Category 7 0.87 0.92 0.89

Product 11 DT Category 8 0.9 0.9 0.9

Product 11 DT Category 9 0.9 0.93 0.91

Product 11 DT Category 10 0.85 0.93 0.89

Product 11 DT Category 11 0.89 0.93 0.91

Product 11 DT Category 12 0.9 0.93 0.91

Product 11 DT Category 13 0.88 0.97 0.92

Product 11 DT Category 14 0.89 0.92 0.9

Product 11 DT Category 15 0.89 0.93 0.91

Product 11 DT Category 16 0.9 0.92 0.91

Product 11 GBC Category 1 0.87 1 0.93

Product 11 GBC Category 2 0.87 0.99 0.93

Product 11 GBC Category 3 0.86 1 0.92

Product 11 GBC Category 4 0.86 0.99 0.92

Product 11 GBC Category 5 0.89 1 0.94

Product 11 GBC Category 6 0.87 0.99 0.93

Product 11 GBC Category 7 0.87 0.99 0.93

Product 11 GBC Category 8 0.89 0.98 0.94

Product 11 GBC Category 9 0.88 0.99 0.93

Product 11 GBC Category 10 0.85 0.99 0.92
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Product 11 GBC Category 11 0.88 1 0.93

Product 11 GBC Category 12 0.88 1 0.93

Product 11 GBC Category 13 0.88 0.99 0.93

Product 11 GBC Category 14 0.87 1 0.93

Product 11 GBC Category 15 0.87 0.99 0.93

Product 11 GBC Category 16 0.89 0.99 0.93
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