ABSTRACT

THURUVAS DINAKARAN, GOWTHAM. Visualizing NarrativeThreadsn a Large
Collectionof Documents(Under the directionf Dr. ChristophelG. Healey)

A narrative thread can be defined astaicturedsequence ointeractiors between
independenentiies Severalnarrative threadsanintertwine toproduceplots. Visualization
of narrative threadbas gained importance sincecén helpuncovercritical eventswithin a
plot. Various techniques have been proposed to visuaizplot based orcharacter
interactiors, their relationship or their physical ceexistenceat a location Although some
technigues haveonsidered plosentimentthey havenot beenvisualizedat the threadlevel.
Unstructured text dataavebeen growingt a rapid pacanda signifcant percentage isser
generatedfor example data from social medjge-mail, online product reviewsand so on
Thoughthe definition ofa narrative threador unstructured datis unchanged in this domain
the explicit concept ofplot is lostsincethreads are builfrom data, which have different
origins Instead the datacan be viewed asontaning several narrative threadsbouta
particular idea or a topidA different setof metricsis necessaryo generate and visualize
narrative structurewithin this environmentin this thesis | developa novel technique to
generateand visualize narrative threads froma large collection of documentd document
includes a wide range ¢&xt datasuch asa customersupporte-mail, a chattranscriptor a
comment from a social medisite | structurethe documents into narrative threads based on
properties deved from document clustering aséntimentanalysis then present the results
as a line graphthat visualizes the interaction between entitiga a threal based on their

sentiment
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Chapter 1

Introduction

A story is a chain of events in a sequence, which starts &ormitial state and
reaches a destination state. The set of enfgiet®rs)in the storycaninteract amonst each
other or with the environment, contributing to the eveatjuenceand undergng
transformatios themselves to reach thdestinationstate. A successful story recounts a
happening, whether true or fictitiousshile at the same timeaking thereaderon an
emotional ride. Onbasic pattern that stories follas/the her@® journey[1]. It starts with an
introduction to the characters and the story emvrentfollowed by some dramatic event
that breaks thenormal conditions. A hero, who may be a single character or a group,
becomesnvolved in the conflictFinally, after an epic strugglegarmony is restored. The plot
within such a story is simple and predictaltlewever when a story involves a large sét o
characters, suplots withinthe mainplot, sophisticated concepts such as ttragel or an
intricate plot with nodinear narration, it becomes difficult for any reader to imagine the
story in its entirety. This calls for a technigieebreakdown andpresentthe story based on
its plot and suiplots.

Visualization has evolved from an art form to a scientific tookfearly, effectively,
and unambiguouslgommunicating information derived from data. To& helpany user in
performing analytical ks on complex datduring exploration, hypothesgeneration, or
decisionmaking Traditionally used to analyze numerical data, the area has expanded to

include unstructurednput, such as textand images. Story visualizatiofpr example
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Figure1l.1 Movie Narrative Chart ofurassic Park2].

provides a newvay to eylore a story and helps users unravelthe plot and suiplots
within. Numerous visualization techniques have been proposed based on chamacters
entitieinteractiors within a story, or their physical presence at various locations throughout
the story.These visualizationsave been useful in understanding how the entities contribute
to a particular event. Thus, a sequence of interacbetween independemntities can be
defined as @harrative threagOwhich canfurther combinewith otherthreads to form plst
and subplots. Visualization of narrative threadss gained importance since it helps in
identifying significant events that were influential in determining the courastofy.

Movie Narrative Chartss one such visualization technigpeoposedby Munroein
one ofhis xkcdcomics[2]. It shows the character interactidmssed on their l@tions during
various events ithe movie.Figure 11 showsa narrative chart of thenovie JurassicPark.
The horizontal axis represents time. Each line represents a character. When more than one

characteis present in the sanlecationat the same timehey arespatiallygrouped together



In this thesis] have developed a novel technique to construct and visualize narrative
threads from a large collection of documents. A docunseviewed as stream of text data
with entities inteacting over a period of time. The challenge is that the threads may not
necessarily contribute to the formation of a pkihce it is possible that they are from
multiple difference sources. Instead, they are centered on a particular idea or topic. To
overcome this problem, we developed a set of metrics based on document clustering and
sentiment analysis to define and generate narrative structures. We implemented a line graph

visualization to show the interactitetween entities at the threbel basedn sentiment.

1.1 Motivation

According to the info graphic by Donj8], 277,000tweetsaregenerated paninute
and 204,000,000e-mail messagesire sent perminute Considering these are only two
particular typs of social medh datg which can also includproduct reviewsblogs and
online news sourcesne can realize the challenges iwmealfor analysis and visualizatioof
this type of dataln addition to these sourcesanycompaniescollecttheir owndocuments
via channs such as call centers, online web chat lagsl feedback data.

An interesting propertpf the aforementioned usgenerated data that much of it is
subjective and often the result of interactiabetween two or morgarticipants This
suggestghat the datashould containsentiment.The Merriam-Websterdictionary defines
sentiment as & attitude, thought, or judgment prompted by feelrifo reiterate, a

documentcould be a transcript of a conversation between a customer serviesertative



anda customera single comment threadtached to garticular post, an online chassion
between two or more usem, any other similar conversation

There issignificant interest in analyzing and visualizing such large collections of
documents to iderfti patterns and trend&or example, eampanies are interested in ug@rs
opinions towards their products #uat they can deliver better results or identify areas for
improvement. A better understanding of the data in terms of its sentiment can help achieve
these goalsDifferent techniques exist fovisualizing unstructured dataut few consider
sentimentExisting techniquesdisplaya sentiment metric ofhe documents acrosstimeline
or some other propertyand do not consider the interaction betweentieatwithin the
documentsTheywork well whena document ismall, such as tweets, but dot performas
effectivelywhenadocumen®size grows.

Our main motivationin developingour new visualizationtechniqguewas to use
sentiment as a significantgpertyto distinguishdocuments. We alsmonsiderthe interaction
of entitieswithin a narrative threaddhen we develometrics for individual documentsince

they provide a more accurate description of the document.

1.2 Goals
The main goalof my thesisis to construct and visualize narrative structures from a
collection of documents. The narrative structusesgeneratedoased on sentimentopic,

and other relevant properties



1.2.1 Sentiment Estimation

To perform sentiment analysis, we use SASentiment Aalysis tool, part of the
SAS Enterprise Miner suiteSAS Sentiment Aalysis (SA) requires users tprovide a
subset opre-classifieddatato form a training seffo overcome the need for manual training
set construction, we propoagew methodthat use sentiment term dictionaries to automate
this process, significantly reducinigettime required to construcaining ses, and expanding
the range of domains where sentiment analysis can be applied. The resulting trasratid) set
require somepostprocessing to identify and correctly classify domapecific terms, but the
time required to validate a training set is minor compared to the overall effort required to
generate it.
1.2.2 Document Clustering

We performtopic clustering ona documentcollection to extracta set of topics.
Documents about a particular togicegrouped together. WaseSAS Text Miner fortopic
clusteringsince it is one of thbest performingoolscurrentlyavailable
1.2.3 DocumentLevel Sentiment

Sentiment analysiss performed onindividual documents to develop sentiment
estimates Processingan entire document in one stepnly works well for smabsized
documend, such as tweetdVhenthe size of a documemtcreasessimpledictionary-based
sentiment analysis on the entire doent yields misleading resul@nceit does noproperly
identify changes isentimentseventsunfold throughouthe document

A sentiment estimate on an entire document combineslevehsentiments, which

often cancel one another to produce a neotratallsentiment. Moreover, identifying where



sentiment boundaries occur within a document is an important property to locate and
visualize.To achieve these goalsachdocumentis decomposethto a sequence of events
based on the entities present in ttecument. A single event is usually a comment or a
statement made by a particular user. We perform sentiment analysis on eacHoevent,
example,a single sentence or small group of sentenceéagUSAS SA trained on our
automatically generated trainisgts Input to the SAStool is classifiedaspositive, neutral
or negative.
1.2.4 Visualizing Narrative Structures

We structureeachdocumentin the collecton into a narrativeusing the sentiment
results obtainedWe implement a line grapko visualize an individual narrative structure
which shows thentitieinteractionsand theircorrespondingentimentWe identify critical
eventsthat prodee sentiment transitios a change inthe polarity (positive, negative or
neutral)of the sentiment from onevert to the nextwithin a documentEntities involved in
theseevents are tagged wittne ortwo sentimenkeywordsfrom the textto give the user

cluesabout whamight havecaused the sentiment transition

1.3 Thesis Organization

The remainder of the thesis structured as follows. Chapter 2 describes various
techniques involved in sentiment estimation and relevant reseancéirrative analysis and
narrativevisualization. Chapter 3 providesdetaileddescriptionof the algorithm used in
estimatingdocumen sentiment. Chapter 4 discusses how docusnard structured into a

narrativeto visualizethe narrativ@ structure and itassociategroperties such as sentiment



time, and relevantkeywords Chapter 5 applies the algorithtm a collectionof reatworld
documend to validate its performance and explore steengthsand limitations Chater 6

presents future work and conclusion



Chapter 2

Background

Text mining is the process of extracting useful information from text tHateolves
one or mordasks sut aspartof-speechagging,text clustering, topic extraction, sentiment
analysis, nanekentity recognitionand so onThe end goal is tstructure texin ways that
canbeused toanalyze andlerive informationSince complex patterns are often diffictd
identify algorithmically data visualizatiortan help to provida better understanding tife
results This chaptepresents brief history dtext analyticsand common tasks involvew/e
then discuss the related work isentiment analysisind narréive in the context of data

visualization

2.1 Text Analysis

One of the earliesknown applicatiors of text analysiswas the Concordance of
Vulgate compiledby Dominican monks during the late™8entury[4]. It containsa list of
common phrases and their occurrences in the Widré.late 19 century saw the rise of text
analysisin stylometry David |. Holmeg5] describegshe devebpment of statistical methods
for analysis of literary styland tte struggle involved in building a technique, which may be
applied to all genres, languages and .efa€. Mendenhal[6] was one of the first to study
the frequency distribution of words of different lergytim the works of Shkespeare,
Marlowe and Bacon to attribute the authorship of their workst analysis during the pre

computing era was a laborious task, which detemady statisticiandrom pursuing further



work. The adventof powerful computing machines helped reskairc text analysis gain
traction Advanceddata storagelevicesenabledthe effectiveaccesdo large corpora ofext
data With theintroduction oftheInternet,this accesbecamesvenmoresimple

It is important to understantthe distinction betweemiormation retrieval and text
data nining. Marti A. Hearstdescribes information retrieval as the process of accessing a
document that a useaequest and text data miningas the process ofliscovering new
information fromthe documenf7]. Yet, Hearst claims certain typef text analysissuch as
document clusteringcan yield tools that aid in the information access procEss.riseof
web-based applicationsasgiven peoplenew ways to create, accessr shareinformation
Hearst emphasizes the use of online text collections in discovering new facts andStends.
suggestshatcomputationally drivertext analysis with humaguided decisiommakingalone
may provide exciting resultas opposed ta fully automatedext anaysis apgoach. Many
text analysistechniquesfollow the fully automated method, for example, manualy
classifyinga subset oflocumentsand using thento train statisticalor machine learning

models

2.2 Text Analysis Tasks

The major challenge involved itext data mining arises from the fact that natural
language is complex and not free from ambiguity. It is possible that one word may have
multiple meanings, and a sentence can be interpreted in different ways. Text data is not well

organized ands normdly consideredunstructured or senrstructured. Statistical or machine
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learning models may requiteimanannotatedraining sets to learn from. This is a manual
and timeconsuming process.

The rise of unstructured text dageesentswo major problems: (13 way to organize
a collection of documentsand (2) a wayto extract inbrmation that is characteristaf a
particular documentMost applications in text analysis try to solegheror both ofthese
problemsor analyzethe results from these problemasderive further information.
2.2.1 Text Processing

It is necessary to process plain text documarits data structures, which are more
suitable for advanced analysidndreas, Andreasand Gerhardlescribe thecommontext
pre-processing and document reprasgion modelsised in text mimg [8]. Several methods
exist based on the idea that a text document is deschip the set of words it contairwe
use his Obagf-wordsGapproachin this thesis|t is the mostcommonly usedechniquein
text analysis due to its simplicitit ignores the order of occurrenard the semantias the
words within a documentbut retains the frequency information of the words, which is
essential in text analysis tasks such as document clystéritere are techniques to
overcome these challengés some extentsuch asn-gram moded and Latent Semantic
Indexing, which aréased onthe bagof-wordsmodel Semantic understanding of taststill
a major challenge in natural language processihgreexiss no other successfapproach
in practice.

The mainobjective of text prgprocessing iso break downeachdocumentnto a set
of words andreducethe size of the setby eliminating words or merging related wards

Tokenization is the process aplitting a documentinto a set of words by removing
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punctuation whitespaceand othemontext charactersThe following methodsare used to

further reduce documer@® size

1. Filtering: Filtering is the process of removing words that contribute littlenor
information. Theyinclude articles, conjunctionsand prepositionscollectively called
stop wordsIn some casesvordsthatoccurin high frequency or very rarely also convey
no useful informatiomndareremoved

2. Stemming Stemming is the process oferging group of words thahare the same root
form. The word stem replacethe original word For example, thevords running, rus
and ranall use thestem word runPorter proposed a algorithm forautomaticsuffix
striping to reducewords down tothar root form [9]. The algorithm makes use of an
explicit suffix list. A criterion is specifiedalong with each suffixo determie if the
suffix can be removetfom a word to reduce it to its word steffhe advantage of this
algorithm is that it is small, fasand simple.lt does not handle th@mbiguity arising
from the context of a wof8l usagehowever such as the word3elatedand GelativityQ
which are both reduced to a singd®rd stemQelatOBut, Porter argueshat when
suffixes are being removed for improvinghformation retrievalperformanceit is not
necessary to considénese linguistic challengesHe proves that the simplicity of the
algorithm does ot hinder its performancencthe realworld data by comparing to a
much more elaborate algorithmwhich was us# in information retrieval (The
Development of d&ast @nflation Algorithm ForEnglish[10]). The resultsshowed that

performancef both algorithns were notsignificantly different
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Portefd algorithm works byrepresentinga word in terms of thevowels and
consonantspresent withinit. A consonant is denoted by, " vowel by #. When
consonants or vowels occur in seri@single letter replaces theiror examplethe word
Qraditional has the patterd#!#!#1#! . This is further reduced to the for$l%&
'#( "$#% where $!% and $#%represent aroptional occurrence of consonants and
vowels and'#!( ™ denotes that the patte#! occursmtimes mis called Othe measure
of any wod or word part@0]. The m value isoftenused ina conditionto determine if a
rule toreducea suffix in a word ispplied Rules areof the form

"*+,-)*(&./ 1.0

If a word ends with the suffix Sand the conditios satisfied S1 is replaced by S2.
The condition chedkfor patterns such asf the stem ends with a specific letter, or if the
stem ends with two consonan®nd so on.There can be more than ercondition
combined togethdsy means o&énd, or, andnot expressionsWhen a word matches more
than one rule, the rule with Olongest matching ®iQhe word is followed.The
algorithm follows afive-step approach withdifferent rules in each stept removes
redundant suffixessuch aonesdenotingplural form andverbtenss, in the initial steps
Successive steps take care of sparaaks anduffix groups. An exampleof a Porterrule
¥

'1&2&3(& 4567849 45:

The condition states that any word that ends in ATIONAL and contains ableast

‘#!( pair can be reduced by replacing ATIONAL by ATEor example, e word

Orelational(® representetby the form!'#!( ¢ and ends ifATIONAL. Sincem > 0, the
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ruleis applied reducing OrelationalO to OrelBtertéX3 algorithm is themost commonly
usedstemmingalgorithm for English language and has shown to be empirically effective
[11].

3. LemmatizationLemmatizationis a more sophistatedversion of stemming that tries to
return the base form of a word, known as a lemma, using vocabulary and morphological
analysis. For example, Oam,0 Oargl@isO lemmatizes to @bsoméiing stemming
could not performLemmatization does a dictiornyalookupto try to identify the context
andpartof-speechof a word This requires tagginthe partof-speechof evely word in
the document which can betime-consuming and errggrone Stemming does not
consider the meaning or context of a word and @giscsimple and fasdence, inmany
casestemmingalone is considered sufficient

After pre-processing,tiis necessary toonvertthe wordsetsto a datastrudure, which
aids inanalysis A well-known techniqueis the bagof-words model which usesa set of

words andword frequenciesof occurrenceasits feature Salon, Wong, and Yang in 1975

proposeda vector space model thates term vectors to represantollection of documents

[12]. Originally desgnedfor indexingand information retrieval, it is now used in sevéeat

mining techniques.Each document is described @ n-dimensional vectorwhere n

corresponds to the number of termghe collection A vector has a nemero value called

theterm weightin its columnif the term is present ihe vecto® document.
Then-gram model uses contiguous sequsrmien words from the documend form,
for example, lgrams,with n = 2 contiguousterms trigrams withn = 3 terms and so onn-

grams are uset identify co-occurrences of words i documentparticularly when order of
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occurrence is importantatent Semantic Indexin@-Sl) is another modelingechniquethat
usesa vector based representation @adcumentsto convey their semantic conterit is
mainly usel to measurdhe similaritybetweendocumenpairs LSI involves twomajor steps
[13]. The first is to construck documenterm matrix from a largegext corpus The
documend can be paragraphs withasingle large texttocumat or different text documents
Each row corresponds to unique terms within the corfire columrs representthe
frequencyor term weidpt of that particularow term within a document.Next, Singular
Value Decomposition(SVD) is appliedto the matrix todecreaseits dimensionality This
reduces the number of rows within the matrix while preserving the similarity between the
columns Similarity between twadocumentss calculatedby the dot product (theosineof
the angle)betweenthe documersDterm vectos. LS| can be used foinformation retrieval
anddocument clusterind_Sl is alsousedin identifying relatioships betweenvordssuch as
synonymy wheretwo words convey the same meaniagd polysemywherethe same word
occurs in different contest

There are many ways to compute the term wdighé term withinatext corpus The
weighting scheme based daerm frequencyinversedocumentfrequency (TF-IDF) is
probablymost weltknown It measurs the importanceof a termin a particular document
basedon the ter® ability to distinguish the document from other documents in the
collection TF-IDF is directly proportional to the frequency of a t&noccurrence in a
document and inversely proportional to the frequency of the@eoecurrence in the érd
document collectioncalculated as the product of term frequently)(and inverse document

frequency(IDF). There are several variants in the calculatiof®iDF. Term frequencyin
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its simplest formis the number of times a term occurs within awent.Raw frequency
may be avoidedto reduce the effect of a large frequency of a tenthin a document
Instead logarithmic scalean beused.
TE=1"%. (01 M),
where!",, istheraw frequency of a tertwithin a documentl.
Inverse document frequency is the ratiotleé total number of documents to the
number of documentthat containa particularterm. It increase whena term is present in

only a smallgroup of documents.

DF =t (/) ),

whereN is the total number of documents in the document collectiongiasithe number of
documents that contain the tetmlF-IDF is then calculated as the productTéf and IDF.
For example, considerword fire thatoccurs fourtimesin a documentThe TF would then
be0.698 If the document is in a collection of 1000 documeatsl the ternfire is present in
100 documentsthen IDF value wouldbe 1. The term weightfor fire for this particular
documenwill be [TF* IDF| = 0.698.

In addition tothe frequency of occurrence of words, linguistic {precessingcan be
employed to add additional information about the worda document8]. The following
are commonly applied methods:

1. Part-of-speech taggingeach word has itpartof-speechinformation tagged along with

its frequency.



16

2. Parsing: Each sentence is parsed to prodacparse tree that describes the relation
between words within a s&ence.

3. Text ChunkingThis approachgroups adjacent words in a sentenceo phrases. It is
particularly usefutluringtheinformation extraction process.

4. Word Sense Disambiguatioinstead of ®ring the actual wordthe meaning of the
words are stored in the document representatioithis is useful when semantic
information isrequired

2.2.2 Document Organization

One of the main problemasith large document collectiarns in organizingthem and
simplifying accessto targetdocumend. There are two commoapproachesto solve this
problem

1. Classification Documentclassificationis thetaskof assigning a documeta a particular
class or categorpased on & contentsThe challenge i2o developa classifier that
automatically classifies the documemighout manual interventianSome of the early
works of Maron [14], and Borko and Bernickl5] attemptto prove thatautomatic
document classification is possibleeveral techniques have been proposedesthen.
Commonly used techniquesclude probabilistic Bayesian modeligcision treesand
support ector machines. Classification usually requires a set of manually labeled
documents that will be usexd training set fothe statisticabr machine leaning model

2. Clustering Clusteringis the process of automatically grouping documeritl similar
content The aim is to obtain clustersuch that documents within a cluster are similar

and documents from different clusters atessimilar Grouping isdone based on



17

similarity or dissimilarity scoredor each pair of documend calculated using their
document representation modélsie @mmonly used clustering techniqighierarchical
clustering[16], which obtains clusts that can be represented imiararchical manner. It
can work eithelObottorrup,Owhere each documefirms an initial cluster and similar
clusters are iteratively mged, or OtopdownOwhetre the entire collectioiorms asingle
clusterthat isiteratively split to form subclusters Another common clusteringchnique
is k-meansclustering It is a simple algorithnthatcan be scaled to large datas&sveral
variants of the algorithrareavailable.

2.2.3 Information Extraction

Text data contains informatiothat cannot be readily understood by computers.

Information extraction can be regarded as a restricted form of full natural language

understandind8]. The main task is to identify text with particularget attributes The

following are some common tasks in information extraction.

1. Named entity recognitiandentifying names of people, locatisjor organizatios.

2. Coreference Finding expressions that refer @ previoudy presentedentity. For
example, in the sentence, OWilon the lottery and he was happ®.theQis a co
referenceio QVill. O

3. Relationship traction: ldentifying relationshig between two entitiedzor examplein
the sentengeQMark is a student at NC Sta@OMarkO has studentrelationship with

ONC StateD
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2.3 Sentiment Analysis

The Internet hashada revolutionary impact oour cultureand the way we interact
Instant communication has been made possible via aghaications, voice oveinternet
protocols, video chatting servigeand so onlt has broubt people closer by letting us share
our thoughts and opiniorthrough sociahetworls, blogs and forums For example, acial
media has become an integral tool in decismaking for consumers looking to buy a new
product. According to a survey conductdyy FleishmarHillard [17], 50% of peoplewho
participated in thesurveyhad looked up a product review site seeking information about
brands or product$n addition to ecommercethe Internet also provides a platform for user
to share their viewon any topic.There issignificant interest in exploring theseser
generatediatg in orderto analyze the general user opinion towards an ehkya product,
abrand,a political party or atopic. This rapid growthwhichis yet to be fully harnessetas
led to a newield of text miningcalled sentiment analysialsoreferred to as opinion mining

Sentiment analysis is the process of applying statistical, machine learnimgtural
language processing methodsetdractthe sentimentexpressed withitext. Sentiment can
be a usef8 mood in a particular situatipror an opinion or feelingtowards anentity.
Although research in sentiment analysis gaisigdificancearound the year 2000oinciding
with the rise of social ntka, earlierwork on subjective analysiaddresses a similar problem
[18].

Standard steps involved in developing a sentiment analysis model are similar to any
other textmining task.The text input is processed using methoelscdbed inChapter2.2.1

Text processingnay also involvehandling the negation of sentimehtegation words are
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called sentiment shiftersince they alter the polarity dfie sentiment expressed by a word.

For example, OgoodO expresses positive sentinigle Onot goodO expresses negative

sentiment.In advancedtechniques feature extraction is also done, whichhelpful in

determining thearget the us& opinion is directed towards.

Oneoutput of sentiment analysisa binary featurewhich deterrmes the polarity of
input text A positive polarity is obtained for an input with overall positive sentiment and
vice versaA multi-point scalecanalsobe used, similar taa star ratingfor movie reviews,
with one end being overall positive and the otbeerall negativeHere, esearchers have
developed several lists of hanthssifiedwords, whichdetermine sentiment scorem a
continuous scal€This isknown astasentiment lexicon.O
2.3.1 Sentiment Analysis Levels

There are multiple ways to analyze se@nt within a documenBentiment analysis
can be classified into three tyg@9] based on the levelt which analysis is happening.

1. Documenievet Documentlevel analysis tries todetermine the overall sentiment
expressed othe entiretext of adocument for exampleclassification of movie reviews
as either positive or negatiy20]. This method assumébatthe documentiscussesa
single entity It does not work well when the documeetersmultiple entities.

2. Sentence leveEvery sentencen adocument is analyzed to determine its sentimEme.
output maybe used as input for higHevels For example, results of sentence level
analysis can be used for paragraph level, and thetotmmentevel analysis.

3. Entity and aspect leveNeitherdocumendevel nor sentence level analysis try to identify

the target entitiea usef3 opinion is directed toward$ext documents, in general, may
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contain multiple entitiesand each entity ay have manyaspects or featuse For
example, a review about a phone can contain more than one brand riaasorument.
Each phone can have many featl associated with it, such asice, performance
capabilities and so onTheideaof entity level analysigs that an opinion associated with
a target ignore importanthanan opinionthathas no identified targethis provides the
most detailed analysis of a text document endlso the most challenging among the
three.The end result will be a summaryaginions aboutll entities in the doguentand
its corresponding aspects

2.3.2 Challenges n Sentiment Analysis

Although a reasonable @atracy in sentiment analysis has baehievedit is still far

from perfection due to the following issués®]:

1. Context A word that expressepositive or negativesentiment mayhave opposite
meaning in other placeBor examplethe sentenceThis movieis goodQis positivedue
to the term @oodObut in the sentencel Wish the movie weréhalf asgood asthe old
oneOthe term @oodd does not necessarily exprassitivesentimentIn fact, the overall
sentimenis negative.

2. Ambiguity in sentimenfA sentence may contain words that do not express any sentiment
in their current usageThis situationis common in interrogative and conditional
sentencesFor example, the question Ols the movie any good?O does not express positive
sentiment eve though it has the term OgddBut the question OWhy did yturn down

such a good offerXpresses positiveentiment with ta term OgoodO targeting Odifer
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3. Sarcasm:Sarcastic statements are hayd evenimpossible to detectFor example
considetthe following sentenceMy phone worked reallyell! For two daysD

4. Objective sentence®bjectivesentences doat contain any words expressing sentiment,
but may imply positive or negative sentiment based on the domain under aridliss.

car uses lotof fuel.Oimplies that the car hasmdmileage, whichis a negativestatement.

2.4 Narrative Analysis and Visualization

A narrativecontains an element of transformation happening threusgguencef
events It often represents set oftharactes interactingeitheramongseach otheor with the
environment Although narrative ioften synonymous with Ostoryr@rative is more than
just a set of factsSteph Lawleff21] views narrative asocial products produced by people
within the context of specific social, historical cultural locationsNarratives ar@a means
by which people epresent themselvesd their relation to the worldvhich include their
experience with other people or elements within the world

Narrative analysis focuses anderstanding the transformation withistary. It aims
to lay out the relationship betweemtities their experiencesand their relationshipsusing
features, which can be simple attribytegch as their physical locatioar occupation or
advancedharacteristicssuch as sentimenit is possible to employisualizationasatool to

aid the process.
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Figure2.1 Langrer® 1-dimensional graph of longitudinal distance between Rome and Toledo determine:
various astronomers. The correct distance isA®B¥&lue pointed by arrof2p].

2.4.1 Visualization

The use ofa onedimensional graph blicheal Florent Van Langrema Flemish
Astronomerduring the 1% centuryis believed to be one difie first visuarepresentationef
statistical datd22]. Instead of using a table, Florent used-@ line as a scale to show the
longitudinaldistance between Rome and Toledo as determined by various astronfmeers.
graph(Figure 21) shows that the estimates by the astronomenr® greater than thadual
value, which is 16¥Bdighlightedby the arronbelow the horizontal axis
2.4.2 Maps

During the early 17" century, visualization problems were mostly concerned with
map-making torepresent political boundariesd navigation. Over the years, maps vase
used to convey data distribution @ss regions. In 1854, Dr. John®v useda map of deaths
due toa cholera outbreak in London to convince the town officials that the disease was
spreading throgh usage of contaminated wagerd not by breathing Ofib air,O which was

the prevalent theory during the tini22]. Tufte explains how Snow observed that cholera
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Figure2.2 Dr. John SnoW map showing the deaths due to Cholera in London, [P254

deaths occurred almost entirely among those who lived near and dyamthe Broad Street
waterpump
Figure 2.2 shows John Sno mapof the cholem outbreak inBroad Streetarea of

Central LondonThe locations of water pumparerepresentetby dots Thered arrow in the
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figure highlights the Broad Street water puniipe rectangulabars represent theumber of
deaths due to choleit a locationlt can be observed from the map tiiare is a stng
correlation between theumber of deathand proximity to thevater pump at Broad Street.
Another important observatioto be mades that therewere no deaths due to cholera
recordedat the Brewerywhich is highlighted ly the red circle in the figurealthowgh it is
located very close to the water pump at Broad Sttmin further research, Snofeund out
that workers at the Brewery did not use the Broad Street water pump &hiah, further
supportshis theory.

Map based visualization is extensively dise multiple fields, such as weather,
geography, censuand so on. They are also interactive in many ¢apeisig users a way to
explore the data dynamically. Data is distinguistbgdmeans of colors or texturesd
sometimes both. For example, in aefldge view of the waold, different types of terraiare
represented using different colors. Fig@r8 showsan interactive map visualization of the
population ofthe U.S. during the year 201[23]. It shows the population pmntage in each
county based on the criteria thie population chosesuch agace, genderand age. A color
palette is used to distinguish the ranges of population percemageer colos represent
higher population percentagelrhe number of individuatanges can be controlled. These
ranges can be quantile, equal, or manually entered. There is also a classification option to
choose how the ranges are formed. When the mouse is hovered over a county, a tooltip
provides the percentage tife chosen populan in that county. This model is helpful in
providing the userwith an idea about the distribution afparticular sector of people in an

interactive way Although interactive and flexibJethe model represents only one variable
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Figure2.3 Interactive map showing census data distidruticross U.g23].

property,which is thepopulation percentage across the counties. If a user needs the property
distribution for a different set of parameters, the model has totendered.

Another mapbasedvisualizationby Healeyshowsthe U.S.election resultsfor the
year 2014[24]. It presens multi-dimensional data in a single imadeach congressional
district within a state is divided into four quadrantspresenting four elections: (1)
Presidential (uppéeeft), (2) U.S. Senate (uppeight), (3) U.S. Houselpwer-right), and(4)
Governor (lowetleft). Color is used to represent the winning candi@aparty: blue for
Democrat, red for Republican, and green for Independattration is used to represent
winning percentage, more saturatedddrigher winning percentag#.the incumbent losin

the current election cycle, the quadrant is textured avith pattern
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Figure2.4 Election results visualization for all 50 states in U.S (both district andstdeeresults]24].

Every state has a smalggregatealisc over itto show statewideresultsfor the four
elections The height of each state denotes the numbeteaftoralcollege votes it controls.
Figure 2.4showsa visualization forthe 2014 U.S election results for &0 states.To
summarize, it shows following vaibles in a single image: (Winning party (2) winning
percentage, (3)hange in incumben({4) influence of a state in terms of its electoral votes,
(5) results for each district, an@)(results for each states a whole
2.4.3 Charts

The 18 century sawthe rise of many statistical graph types that we use today.
William Playfair is widely considered to be the inventon@ny common chartsuch adpar

charts line charts and pie chart$22]. This period also saw the emergeraf color to add
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Severe Traffic Injuries by Category in NYC 2002-07
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Figure2.5 A bar chart showing traffic injuries by category between the years 2002 an{8)07

additional layes of information in thecharts A bar chartuses rectangular bars, horizontal or
vertical to compare variation of a property with respect to anot®ee of the axes
represents the value being comparedhich should beordinal data and the other axis
represents discrete valuer a set of ranges.

A bar chart can also be used to compare property variations of different elements with
respect to a common axisor example, Figure 2$hows a bar chadf traffic injuriesfrom a
NYC Department of Transportatiaeport[26]. The number of injuries ishown across the
vertical axis and the yeara discrete variable, is presented along the horizontal axis.
Different colors are used to represerd tategorieso which the injurybelongedA bar chart
is one of the beswaysto display univariate datayhich involves only a single variabld

there are too many input data, the horizontal axis can be compressed into discrete intervals.
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Figure2.6 Line graph comparing the U8 INR and EURO to INR conversion rate uohgr the month of April
2015[27].

A line graph is used to track change®mevariableversusanother. It uses a vertical
axis, which represents the change in sadgable, and a h@ontal axis, which can be time,
or distance, or any ordinal variable over which the changes are tracked. Unlike bar charts,
line graphs have data points that are connected together by line segmieciisimpliesa
continuous trackingariable The datas usually orderedover the x-axis. For example,ihe
grapls arecommonly usedo track trends in data over a time periodcdhalso givethe user
insight intothe data thais not obviousfrom simply reading individual values, for example,
small variatims or trends and patterns over tifvultiple line graphs can be overlaid along a
single horizontal axis tsearch fortrends acrosglifferent conditions. Figur@.6 shows line

graphs comparing the changetire currency exchange rate of U.S dollar to INIRdian
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Figure2.7 Various correlation scenarios ranging from positive (on thetleftegative (on the righf28].

Rupeg and Euro to INR during April 201R7]. The changes are recorded in percentages
starting at zeroExact values of ata points are shown whehe userhoversover the line
graph.It can be seen that both the eanbe rate havetaken a dip towards the end of the
month,althoughUSD to INR still fairs better thathe EURO conversion rate.

Scatteplots are another graph visualization used to presamélationrelationshis
between two variables. Correlation is positive when both variables increase together and
negative when am of them decreases while the othereasesFigure 2.7shows various
correlationscenarios possible in a scatiet [28]. It is similar to line graph in that it uses
two axes to plot the data points, but its applicatiores different from a line graph
Scatteplots can be used in regression analysis to identify how a dependent variable varies
with respect tanindependent variabl&catteplots can also reveal features such as clusters
and outliers.Figure 2.8shows how ascatter plot on Fish& lIris flower dataset reveals
patterns that belong to three individual spe¢®¥. Four different features are used in the
plot: (1) sepal length, (2) sepal width, (3) petal length, and (4) petal wdtarray ofscatter

plot may be used to visualize multivariate data.
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Iris Data (red=setosa,green=versicolor,blue=virginica)
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Figure2.8 Scatter plots of FisherOs Iris flower datg2@it

2.4.4 Narrative Visualization
Understandindghe flow of a narrative has been of interest for a significant period of
time. Many writers have tried to identify common plot lines in stories, such as OT&e hero

journey(J1]. Georges Polt[30] identified and listed 36 different dramatic situations that
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might occur in storiesWojtkowski and Wojtkowski [31] analyzed the potential of
storytelling in information visualization. They presented three main problems invmived
designing narrative visualizations: (1) structuring the data into information, (2) identifying
elements to be included in the presentation, and (3) choosing the most suitable model of
visualization. They described a set of actions necessary for lguddstorylike visual and
concluded by saying that visual storytelling might be of critical importance in providing fast
and intuitive ways to explore very large data resources. Significant research has been done in
the area of narrative visualization oviee past two decades.

One of the earliest visualizatiothatadaps narrative storytelling i€harles Minar@
map of losses suffered biNapolem@ army during the Russian campaigf 1812 [22].
Minard3 map showsNapolem@ advance(in tan) and retreat (in black)n Moscow It
preens six different types of datgFigure 2.9). The thicknessof the army@ band
representshe number oftroopsat any given point of timeDirection is shown by coloitan
for advance, black faetreat.The path ofthe bandroughlyrepresentshe coursetakenby the
troops. Tme and temperatureuring the troopSretreatis shown at the bottoraf the plot.
Finally, important geographic features alisplayedby means of m underlyingmap One
can immediatelyrealize the massive loss of &f suffered by the French armgnd the
correlation between drop in temperatuggeographic featuresaand lves lost duringthe
troopLretreat Although it does not deal with text data problems involved in sicturing
data into narrative, is one of the classic exampgla data visualizationEdward Tuftef22],

called Minard$ work Othe best statistical graph ever drawn.O
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Stream graph visualizations like Theme Rif&#] provide contextual information by
displaying the thematic strength of topics in a collection of documents over time. Documents
belonging to the same theme are bundled togetiidr colors used to represent different
themes The vertical height of each theme changes along a temporal axis based on the
number of documents within the theme at a given point of time. The result is a river like
visualization comprised of multiple thenmtDstreamsO as shown in Figuk) Stream
graphs are helpful in identifying thematic patterns and trends over a period of time.

Stonyline visualizatiols are anothernarrativevisualizationtechniquethat illustrates
the dynamic relationshigsetween entities in a storyhe idea was first introsed as a hand
drawn comic titted OMovie narrative chartsi@ xkcd [2], a web comic portalLater,
Tanahashi and MEB3] presented a set of design considerationggenerating aesghtically
pleasingand legible storyline visualizatisn Since thistechniquedeals directly with a
narrative their main problem involveghoosing features to represewrrativerelationshifs
in the visuakation Entitiesare shown as individual linesmdaregrouped togtherwhen the
entities meet at a commauhysical locationThetimeline of the storyprogressealongthe x-
axis. This gives usexran overview ofthe entire story and helps in identifying tisvand
locations where interacins between entities contribute critical eventsWhen a particular
line representing an entity ceases to exist, that may mean tha@elutitgtion is undefined
or the character isemoved fromthe story.Figure 2.11 showsa storyline visualization of
Lord of the RingsYellow line represents the path taken by the riagtities are color coded
to represent their kind, for example, grey lines are used for wizards, blue lines are used for

elves, and so o'WWhenentities of the same kind @mxcur atthe samelocatiors for most of
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the dory, they ae bundled together-or example, he thick black layer at theébottom
represents Saur@army Significant eventén the storyline such as a battleaye emphasized
by using a coloretbackground

Tweet Viz isatwitter visualization tool desloped by Healey and Ramaswa(fiy].
Tweets are collected based on an input query term and zesdidé numerous waysuch as
by sentiment, by frequency @fords by topics, and so on. It implemertdgtionarybased
sentimentanalysis on Witter data usin@ sentimendictionary. Plasant tweets are shown in
greenand unpleasant tweets in blue. Each tweet is represented as a circular, elemést
size and opacityproportional to the condience of the sentiment estimaiféhe sentiment
results are presenteds various twalimensional charts and maps, for example, in a
sentment scatterplotwith horizontal axis representitige overall pleasure of the tweetght
for pleasant and lefor unpleasantand thevertical axis epresentinghe emotional stat@op
for active and bottonfor subduedl Figure2.12 shows the sentiment results for the query
term Obatman.O By clicking on a tweet, the user can read its content from and identify
keywords that wereused to estimate its s#ment The visualization includes other
representations, including a tatpud for eachsentimentquadrant(happy, relaxed, sad,
upset) and a iimeline view bar chart that shows tweet colytsentiment ovetime.

Bilenko and Miyakawd35] created a story visualization that shows both a character
interaction graph and a sentiment bar plot in chapter order. The character graph presents all
participating characters in a radial layout. A link between two characters reprdsants t
appearance in the same chapter within a specified number of sentences. The thickness of the

link is proportional to the number of such-aocurrences and determines the strength of
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relationship between characters. The characters of similar type @rpedr together, for
example, inThe Hobbitvisualization shown in Figur2.13 character types include hobbits,
elves, dwarfs, and so on. The arc path of the link is shorter and flatter if the characters are
from the same group. Each bar in the sentiméott ©@presents a sentence in the novel
arranged in chronological order. The direction of the bar defines its polarity and its height
defines the level of sentiment, with zero as the center of the graph. Although character
information is useful, sentimemformation only provides an overview of sentiment across
the entire story. No option is provided to track sentimenhatchapter level, which could
provide more information about outcomes based on entity interaction.
2.4.5 Information Visualization

Informaton visualization focuses on methods to visualize more abstract data. This
requires defining layout for the data prior to visualizing it. For example, a treemap is an
information visualization technique used to represent hierarchically structured daéaby m
of nested rectangles. It was developedey Shneidermam 1990 to visualize hard drive
directory structureg36]. Each branch of the underlying tree hierarchy is assigned a
rectangle. Sulbranches produce inset rectaginside a parent rectangle. The area of each
rectangle is proportional to a data value, for example, the total size of the files in the given

directory or suldirectory. Color schemes can be used to distinguish between branches.
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One on théottomshows the timeline view of these tweé34d].
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Figure2.13 Visualization of Narrative Structure by Bilenko aMiayakawa[35].
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Figure 2.14 shows an example of a treemap from an article inNt»&@ York Times
that visualizes the market capitalization of 29 financial firms on Oct 9, [30).7The size of
the rectangles represents the market capitalization value of the companies. Colors are used to
distinguish between the types of companies, for example, blue for National Commercial
Banks, and grey for Asset Managers ancesters, and so on. This particular treemap has no
hierarchical structure, as there are no-Brdnches within. Treemap can be useful for
comparing different branches within the tree structure to identify patterns or anomalies.

Information visualization acaalso be applied to text documertentifying the most
significant words from a text corpus gives useful information about the data. Word clouds
(tag clouds) are a visual technique that represents words from a corpus based on their
importance. The imptaince can be any statistical measure such as frequency or term weight.
The size and color of the words can also be varied based on their different properties. Wordle
[38] is an online tooldeveloped by Jonathan Feinberg to gateeword fouds from text
input. Figure2.15 shows the word cloud generated by providing the text from Wikipedia
home pag439]. The size of the wofd font represents how frequently it occurred in the text
corpus. In this paicular visualization color and rotation of the words are randomized, but
these properties can also be modified based on certain criteria, such-afsspagch, to
convey more information about the words. The words do not follow a strict ordering and are

packed tightly in order to be space efficient.
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Investment banks National Large financial Regional Asset managers
and brokerages commercial banks services companies commercial banks and investors

Figure2.14 An online New York Times article using Treemap to show the market status of a selected
financial firms[37].
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Chapter 3

Sentiment Estimation

One importanttask in existing sentiménanalysis algorithms is the creation of
training ses$, which areused tadbuild statistical or machine learning moddfsaditioners can
spend significant time handclassifying text data to create training setsThe algorithm
presentedn this thesigproposes a methotb automatally create training setssinga bag
of-words sentiment analysiapproachwhich compares worsl within a given text against
sentiment dictionaryThe dictionary, also called Oa sentiment lexicosg@tains common
words that exgess sentimentwith one or moresentimentscores for each wod. Several
sentiment dictionaries have been creaBmine of the populatictionaries are:

1. SentiWordNetan opersource lextal resource for opinion miningt0]. It is based on
WordNet, a large lexical database of English langudgxeloped by Fellbaurfdl].
Words that have similar meanirage grouped togetheto form GynsesOin WordNet.
SentiWordNetassociates eacéynset with numericalscores describing how objective,
positive, and negativiés wordsare

2. Affective Norms for English Words (dEW) contains aset of emotional ratingkr a
large number of English wordsleveloped bythe Center for Emotion and Attention
(CESA) at the Univesity of Florida[42]. Words are scoreddy pleasure, arousal, and
dominanceThe original versiorof ANEW containedl,034 words. An extended version

wasrecentlybuilt by Warrineret al[43]. It contains13,915 words.
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3. Sentigrength [44] is a lexiconbased classifiethat estimates positive and negative
sentimentfor short pieces of textSentistrength was specifically designed to analyze
social media text, sa also worls on informal languagand social media propertiesuch
as emoticonsSentistrengthries to identifythe sentiment expressed an input text by
providing estimates for both positive and negative sentimexther tharcalculatingan
overall polarity.It can reportoutputin three different formats(1) binary (positive or
negative), (2) trinary (positive or negative areutral), and3) single scalerénging from
-4 for most negativeo +4 for most positivg. In addition to a list of humaannotated
words for sentiment analysis, Sentistrength provatiditionalfeatures such as a spelling
correction,anegatiorword list, sentimenpolarities for emoticons, and so on.

4. Profile of Mood StategPOMS)is a psychological test developed by McNgib] to
assess the moaaf an individual It identifies six different states of mind: (fgnsion
anxiety, (2) depressiedejection, (3) angehostility, (4) vigoractivity, (5) fatigue
inertia, and (6) confusiorbewilderment.POMS uses total of 65 adjectives rated on a
five-point scale. Individuals takinghe test provide a rating for each of these words,
which are then used to calcul@@&otal Mood Disturbancand other metricBollenet al
[46] usal an exended version othe original POMS word listto perform sentiment
analysis on tweetg hey used the POMS scoring method to matondsextracted from
each tweet tdhe set of adjectives for each of PO®I8Bood dimensionsproducing a
sentiment estimate f@achdimensions

5. Bollen et al [47] later developeda secondxtendedversion of POMScalled POMSex

that is more suitable for #&arge text corpusPOMSex extends theriginal set of 65
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adjectivesn POMSto 793words made p of synonyms and semantically related words

of the originalset
6. Hu and Liu[48] have developed a list of 6,800 words categorized as positivegative

opinion words which they first presented in their paperidentifying opinion sentences

in customereviews and classifyingeach ofthemas positive or negative

We chosethe ANEW dictionary because it ia popularresourceand has proven to

perform well in sentiment analys@ short pieces of text, such as twegid4] and micro
blogs[49]. The sentiment scordsr the ANEW words are providedon a continuous scale
from one to nine. Both the average rating and the standard deviation of ratings by all
volunteers who ealuated each word are given for the pleasure, arousal, and dominance
dimensionsThis chapter providesdetailedoverview ofdictionarybasedsentiment analysis
and describes howt can be used to constructt@ining setas input formore advanced
sentiment analysis algathms Fnally, we discuss how theentiment of a single documast

estimatedased orhese results

3.1 Automated Training Set Generation

The main goal ofraining set generatiois to constructa training setautomatically
that contairs estimatedsentiment result®or eachtext entity. If neededthis training set can
be efficiently refined Therefinement process, though manusalmuch lesgime-consuming
than generatingan entirehandclassifiedtraining set.The cause of approximainsin the
automatically generated training set is due¢h® assumption thahe presence of any word

from the sentiment lexicomlone is sufficient to determinesentiment.Issues that were
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previously described in Chapter 2.3s2ch as word ambiguity, rgasm, and so gomas well as
domain speific terminology, are not cordered

A mathematical modetomputesa scorefor the input text based othe keywords
present inthe ANEW dictionary, which providessentiment scosefor each wordfor three
emotionaldimensiors: valence, arousabnd dominanceThe ANEW words were selected
based on previous research that identified them as good candidates to express Wfaotion.
consideed only the valence scor@f a word while cdculating the sentimentsince it
correspnds to gleasure ratingwhich directly relates to the polarity of sentimerpressed
by theword. The SAS Sentiment Aalysistool we are using is currently only capable of
considering polarity in its trainingzach wordin the ANEW dictionaryis ratedon a scale
from one to nineTo construct the dictionaryplunteers were asked to read a text corpus and
provide a rating for each occurrence of an ANIE&ognized wordThe final rating of a
wordis the mean and standard deviatiorabbtheratingsby all volunteersAn exampleof an

ANEW word@ ratingis:

(" :6.69,# :1.77)

(" :5.74,#% 2.46)

(" :6.15# :2.39
214

education

!
$
&

where! isvalence$ is arousal&is dominanceand' is thenumberof ratingsof the word
' is the average andf is the standard deviatioof the givenscae. A lower standard
deviationindicatesmoreconsensus the score

The baseline algorithm ira dictionarybased sentiment analysignvolves the

following two steps:(1) textpre-processingnd (2) sentiment scoring.
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3.1.1 Text Pre-Processing

Theinput textdata isfirst split into smallerpieces of textThis is done to ensure that
each block contains a single sentimdsdr example, ifa document is a chat transcript, it
could be split into statements mabg each entitylf it is ablog or news artle, it could be
split into sentences gparagaphs.This is based on the intuition that information contained
within a singletext blockis coherent and relatett also exsures better sentiment resugiisce
dictionarybased sentiment analysiss designed forshorter piece of textThe overall
sentiment of a document is calculated basethesentiment scores afdividual blocks or
segmentsthat make up the&locument This approachprovides more accuratesentiment
results tharanalyzingthe enire text of thedocument Before keyword earchis performed
stop words and punctuatioase removegdand theextis tokenized to producewsord vector
present in the input
3.1.2 Sentiment Scoring

Each word vectoiis searched fothe presence oANEW-recognizedwords We
assumethat the minimum number ofANEW-recognizedvordsrequired for an input text to
express sentimemhustbe twoor more If it is less than twpthen the inputs ignoredfor
analysis andconsideredneutral The sentimentscore of valid input is calculaed as the
weighted average of the sentiment scores of allANEW-recogized wordsin the input

word vector

Sentiment score % (1)

n th

wheré ! - is thevalenceof the" " word in the list ofANEW-recognized wordsand#- is its

standard deviation
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Table3.1 Valence scores for ANEWecognized words in the text.

Words Valence _
Average Standard deviation
sea 4.95 2.79
food 7.65 1.37
see 6.1 2.19
eat 7.47 1.73

If the resulting scores greater tharor equalto 6.0, it is classifiedas positive Input
with a sentimentscoreof 4.0 or lessis classifiedasnegative .Scores betwee.0 and6.0 are
classified as neutral.

For examplein the followingtext, O am on aseafooddiet. | sefood, and leatit,O
thethreeANEW-recognized words aiigalicized Table 3.1shows theANEW valencescores
of the wordsUsing Formula 1 we obtaina sentiment score Gt02 and the text isclassified
as positive.

The standardbaseine algorithm for sentiment analysis usiagentiment dictionary
requires astatistical or machine learning model dbtain better output performance. But
since we only requirehe results to bootstrap the process of sentiment analysis asing
follow-on tool, we canterminatethe algorithm at thipoint Another important factor is that
negation of sentiment is nbandledin dictionarybasedsentiment analysidHence, one has
to make suréhefollow-ontool has the abilityecognizenegation.

As a resul of training set generatiorwe obtaina list of textblocks which may ke
sentences or paragraplasd their sentiment classification, which canpositive, negative

or neutral.
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3.2 SAS Sentiment Analysis
Althoughdictionarybasedsentiment analysiprovidesreasonable resultso test for
improved performancee need tools that haveoreadvanced featuresuch & probabilistic

Bayesian modelsule-based classifiersand so onln this implementation we have chosen

the SAS Sentiment Analysis (SA) tdolt is a stateof-the-art systemand one othe best

performing tools currently availabléSA has an option of using statistical modeling
techniqueto identify significantwords from the text input based on their frequenayf
occurrenceWe take advamage of this feature to extract domain spediywordsfrom the

text input. Thesewordscan furthetbe categorizednto a positive or negativéist or removed

from considerationSA has a rulebased classifier option, which can be used to detect phrases

in the input texmatching a certain patterRattern matching considsall the words fronthe
positive or negative liss, or a combination of botHt can also detegbartsof-speech like
adjectives, adverbs, nouns and so Maltiple rules can be writteto detectphraseswithin

the input textandeach rule can bassignedlifferentweightsto represenits significance

3.2.1 Building a SAS SentimentAnalysis Model

Sentiment analysis usiiige SAS SAtool is a two-step process.

1. Statisticalmodeling SA includesa statistical componenivhich is used for discovery of
significant wordsto facilitate rule writing.The training set fronthe ANEW analysis is
used tdbuild asimplestatistical model that classifiéise inputtextas positive or negative
based ora nasveBayesmethod SA automaticallyattemptsdifferent text normalization

models and feature ranking algorithto identify the best possible Bayes model.
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2. Rulebased classificatiaThe sentimentkeywordsidentified by the statistical model for
classifcation are imported and used for buildinga rule-based classifier model. The
number ofwords to be imported can be controlled. Wese approximately 30-400
words Words that are insignificant and danot conveyany sentiment informatiorare
removel, for example, numbers, names, addressesl so onThe words are then split
into two lists: QPositivePhras€3and ONegativePhrase® based on thie sentiment A
separate list calle@egatiorDis created that contairbe wordsthat negatéhe sentiment
of aword, such as Onot,0 G@lGnand so oReckmaret al demonstrate the application
of rule-basedclassifier forsentiment malysisand also give some exampleules [51].
They describe ules as patterns that match words or sequeméewords. Matching
happens lefto-right and longer matches take precedence over shorter @hes.
advantage ofule writing is thaterrorsin the output can be targeted directiyaking it
easier taefine the model. This processan beperformediteratively until therule-based
classifier modeprovides the best possible results @rtest data set.

SA comes with abuilt-in partof-speechtagger Rules can requiréhe words in a
pattern to match a particulgpartof-speech An Q" sign can be used to dia
morphological expansion. This denotes thia rule matctes any form of the word. For
example Qvin@Omatcheswin, wins, won andwinning. Rulescan beorganized into lists so
that onerule refers to another.

We will discuss some basic rules thegtre used todetectthe sentimentof different
phrasesTo refera rulefrom a list Olistnam@®a !"#$%&'()*+,#-  keyword is usedFor

example, o identify the presence of positive or negative words, wed uke rule
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"#3%&'()*)+#&,-.(#(/ and "#$%0#1.*)+#&,-.( #(/ respectively.The following
ruleis usedto identify negation of semtient,
"#$%0#1.%) 2/""#$%&' ()*) +#&,-. (#(/ 3

This rule matcheghrass that containany wordsfrom the QNegatiorOlist followed
by any wordsfrom QPositivePhrase® The negation ruleof negative sentiment is similar,
with ONegativePhras€susedin place of (PositivePhras€® To deect ceoccurrences of
words in asinglesentenc& 4506 operator is used

745068379:46!;83<!.%!"#$7  &-)=# >/? 83<..%!"#3$% @#"A=# ?>>3

This rule detects the prices, definedy the rule listGPricgOwere reduced defined
by the rule list ReduceOThe patterrmatchesonly if the wads occur within a distance of
four wordsfrom one anothewithin acommonsentenceThis could be identified aspositive
sentiment for example,when we are dealing wita domain involvhg consumer products
since this would make a buyer hapgnother operatosimilar to 4506 is B@99:46!2,
which matches a patteronly if words from the lists occur in a particular order.!
corresponds$o thedistancewithin whichwordscanco-occur.

It is possible that some patterns maybe detected by more than on8Autgves
uses an option to assign weights tioe rulesto overcome this problenThe outputcan have
three differentvalues:1 for positive sentiment;1 for negative sentimenf) when positive
and negative weights cancel each ataed ONAOIf none of the patterns are detected in the
input. We classifyan output oo or ONAOas neutral.SA alsoprovidesa confidence rating

for its output, which determines howonfidentthe tool isabouta specificresult.
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3.2.2 CrossValidation

When a model idrained and tested on thlemtire training setit is only trained to
repeat the labels of samplg has seen. It will perform poorly when predingtiunseen data
This situation iscalled overfitting. In order to avoid this, when training a supervised
machinelearning algoritm, it is necessary to hold goart ofthe set used to train the model
then usethis holdout subgefor testing.This is acheved bya resampling technique called
crossvalidation. The sample set used for training is separatedrirdobsetsThe hold out
process is then repeatadimes, each timehoosingone subsetasthe test dataset and the
remaining datdor training In this way everysample is includeth the test dataset at least
onceand inthetraining se-1 times.

Figure 3.1 shows a pictorial representationlefold crossvalidation, withk=4 [50].
We usedk-fold crossvalidation withk=10, which isa commonly use@pproaclkfor training
supervised machine learniragorithm The results fromANEW-based sentiment analysis
were split intotendifferent subsetslO-fold crossvalidation was then performed to butkh
different SAS sentiment Analysis models. Each timethe test dataset was checked for
misclassification byANEW-based analysis and correctdthis dlowed the SAS modelto
be update@ccordingly.Most errors were due to the issues mentionedhapfer 2.3.3such
asdifferent contexs for aword in current domain, negation of sentimeand so on. Also,
SentimentAnalysistool extracts keywords from the training set based on a statistical model.
Words that occurredvith high frequencybut conveyed no sentiment, suchrasmbersand
nouns, were deemed insignificant. Finally, all the models were merged to provide a single

model, which was again verified with all thetelatasets andhprovedfurtherif necessary.
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Experiment 2

Experiment 3

/ Test examples
Experiment 4

Figure3.1 Pictoiial representation dé-fold crossvalidation technique, witk = 4[50].

3.3 Estimating Overall Sentiment of aDocument

Many existing algorithmestimatea documen® sentimenbased on the entire text of
the documentThis usially results inan inaccurateor meaninglessestimate since they
assumethere is only oneentity in a documentwhich is not usually the case famany
unstructuredext datasuch as blogs, chats, discussions, and sdloese kinds of data may
havedifferent users expressing opinionsdiffierententities.For a better understandiod a
documen® sentiment, the sentimevariationswithin it should be consideredhis was the
reasonour documents were divided into shorter texbcks or events A docurmen(d
sentiment ighenrepresented in terms of its evebdentiment The overall sentiment of the
document is calculated by identifying the most dominant sentiment present within the
document.This measure of overall document sentiment together wittsehément of the

events within the document providedetter understanding of documémtel sentiment.



Table3.2 Sentiment results of sentences in a sample conversation.

Ser;(tjence Sentence Sentiment | Confidence Rating
Hey, didyou checkout thenew .

person 1 Apple Watch? It is so awesome. Positive 02

Person 2 YeaH | did, but | didn€ike it. Negative 0.2

Person 1 Why not? Neutral 0.0

Person 2 Well, it3 expensive and not so Negative 0.2951

great.
peson 1 | 'eah. Bit | have the money, and| o . o 0.3846
like the way it looks.
Person 2 | Oh, good for youhen Have fun. Positive 0.3846

Table3.3 Average confidence ratings of each sentiment in the saogpiversation.

Sentiment Average Confidence Rating
Positive 0.3230
Negative 0.2475

Table 3.2shows the sentiment results of sentences in a chat conversation between two
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people based on our automated training of Skce neutral sentences do notwenany

sentiment information, a confidence rating®fs assigned. From the average confidence

ratings of all positive and negative sentirtsewithin the document (Table3}, it is obvious

thata positive sentiment is dominant. Hence, the documensigraed a positive polarity.
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Chapter 4

Narrative Thread and Visualization

In this chapter we discuss haanarrative thread is built from @documentusingthe
results from sentiment analysi8 line graphis usedto visualize thenarrative within a
documen Line graphs were chosen because theyaareeffective wayto visualize small
changes acrosa timdine and aidin the identification of citical events thatproduce
sentiment transitions. Line graphs are also a-Wwedwn visualization framework, which
significantly increases their accessibility to user without formal visualization training.
Finally, line graphs can be used in balpnamic, interactive environments like computer
programs and static environment like printer repdsentimentkeywordspresent ineach
eventareused to taghe block elemenprovidinginsightsto the userto determinghe cause

for changsin sentiment

4.1 Structuring a Narrative Thread

Interactionsbetween entitiegesult in outcomesdue to changs in one or more
features associted with a narrativé events We haveanalyzel one such featurbere the
sentimentof events Sentiment conveysignificant information regarding the nature afi
interaction.For example a conversation between two persanght havestartedoff friendly,
but ended ina hostile mannerAnother examples a product review with mixed ogions.
Sentiment transitionanswer important questions regarding the natusnaiteraction, such

aswhy there was a difference in opini@ndwhat or who caused. it
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A narrative structure demands a sequence of easwltstsproperties We discussed
how a documents divided into events i€hapter 3 We usethe eventswithin a document
and their sentiment to buila narrative An obvious way to visualiza narrativds to plot the
sentiment resudtof eventswithin adocumenin the order of theioccurrenceTo do this we

implement dine graph to visualize a narrative threslit unfolds over time

4.2 Constructing aLine Graph

Givenevents and therorrespondingentmentand confidencéor all the documents
in a document collectigrwe constructa line graphwith sentimentscores plotted on the y-
axis and the events within a document wederedalong thex-axis

Positive and negative sentimertitaveto be emphasied since they are significant
Usingfully saturateccolors alongside kess saturatedolor canachieve thieffect Grey was
usedto represenheutral sentimenBlue was usefbr positive sentimeréindred for negative
sentimentBoth blue and red araghly saturated and provide sufficient contrast to represent
opposite sentiment polaritiedsing blue and red also avoids perceptual issuesweathers
who are reegreen color blind, a common issue affecting top 10% of the general
population.Horizontd dotted linesat 6.0 and 4.0 respectivelgre used to represenhe
threshold for positive and negative seneémt Thesethresholdvalues are same abe
thresholds useduring ANEW dictionarybasedsentiment angkis for generatingtraining
set. Sincethe results fromSA are in categoricalform, values for positive and negative
sentimeniaresetto sentiment scoreof 7.5 and 2.5respectively. This was done to maintain

consistencyin scoring betweenANEW and SA. Thresholds werdaisplayedusing their
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corresponding coloréblue for positive, red for negativ&) clearly demarcatehe regiors for
different sentiments

Events are representedas circles, with colors corresponding to thesentiment.
Neutral events were reduced in sizereduce their visdasignificance The eventsin a
narrative threadrejoined together by a yellow linthat tracks the flowfosentiment through
the documentFigure4.1 shows the line grapfor a narrative built from the sample chat in
Table 3.2 It can be observed fronheé graph thathee conversation stargsositively, but
immediatelydropsbelow the negativethreshold It entersthe neutral zoneonce thendrops
below the negativehresholdagain.Finally, it rises abovehe positive threshold in the next
event and stayghere until the end of conversatiofihree important observations can be
made fronthe narrativehreadvisualization
1. The conversation starteth @ positive note.

2. There were two sentiment transitiorgositive to negativesentimentand negative to
positive sentimentvithin the narrative
3. The conversation endgubsitively.

We identified the two sentimentansitions within the narrativand analyzed the
events involved for words that express sentiment usingAMiEW dictionary. Among the
ANEW-recognized wrds, one or two words withmaximum sentiment rating were chosen
and taggedbesidethe events. In the current example, for the first sentence, the term
Gawesom®is tagged as shown Figure 4.1, and for the next even@ikeQis tagged. These
keywordsgive the user an idea that something recognized as awesome by the first person

wasr® favored by the second person. Although the w@ilceOgives a positive sensés
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Chat Session Visualization for Chat ID: chat

9
watch money
8 awesome looks
7 Hey, did you checkout the
new Apple Watch? It is so
awesome.
6 . Pleasant
@
o
55 O @ Neutral
S
Bl N ANl . Unpleasant
3
2 like great
well
To 1 2 3 r 5 6 7
Timesteps

Figure4.1 Line graph for narrative in the sample chat (The first event is highlighted to show the toolti|

occurrence in the negative sentiment zone should hint thethageit may be a OntkeO
occurrenceOn further analysig ican be seen that a negation tédidn® occurs along with
the word Olik@®altering its sentiment polarityClicking or hovering over an eveallows a
user to readhe entiretext within the event. This feature gs/éhe user an option to analyze

anyevent in detail.
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Chapter 5

Practical Application

In this chaper we discuss theapplication of our algorithm to a collection of
documentsWe collected news articles from the Interabbut aspecificproduct the Apple
Watch We thenappliedtopic clustering and sentiment analyalgorithns proposed in this

thesis Wepresentine graph resultfor some of thelocumentsvithin the collection

5.1 Data Processing

We collected news articles abdhe Apple Watchproductusing the search keywords
OApple vdtchOfrom various blogsand product review sitesText extraction from HTML
documentsvasdoneusingthe web scrapingtool, SeleniumFigure5.1 shows the screenshot
of anews articlédrom the Internet
5.1.1 Web Scraping

One significant challenge in collectingdata from the Internetwas gathemg a
sufficient number of unue articles abouta particular topic. We used oline news
aggregators, such &gg andFlipboard, for this purposeThese sites returiinks to online
articlesbased ora topicsearchThe results weraveb scrapedrom the respectiveveb pages
using Setnium We retrieveda total of511 news articles. Theseticlesincluded product
reviews,feature explanationproductreleasanformation and so on. Thewerewritten by

multiple authorsand diffeedin thar textual content



59

Unlike other Apple product launches, there will be no long lines snaking around
the block on April 24 when Apple Watch becomes available to consumers.

That is because Apple Inc. will only sell them through reservations,
according to CNET.

“You won't be able to walk into a store to purchase an Apple Watch like
you can with the iPhone and iPad. Instead, all sales will be made through a
reservation system,” said CNET.

Even trying one on may require some planning. CNET reports that a
potential buyer must make an appointment to meet with a store representative
for a fitting. Fittings are available starting on Friday, when Apple will start
taking preorders for the wearable.

The other option is visiting an Apple store during a downtime and
hoping to get Lucky.

The iPhone maker is expected to sell as many as 1 million Apple
Watches in its opening weekend, putting it on track to sell up to 2.3 million
units in the June quarter, according to Piper Jaffray analyst Gene Munster.

Shares of Apple AAPL, +0.12% rose 0.9% to close at $125.32 on
Thursday and are up 13.5% this year. Stock markets were closed Friday for the
Easter holiday and reopen Monday.

Figure5.1 A news article on Apple Watch.

5.1.2 Event Generation

Each documenivas splitinto paragraphswith each paragrapin a document acting
as an eventThis was based on the intuition that each paragraph had related cantent
paragraph weredifferent from each otheFor example, an author may talk about the display
feature of a product ia paragraph, followed by another paragraph about its batteryife
the sample news article presed in Figure5.1, the first events (the first paragraphis

shown in Figure 5.2
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Unlike other Apple product launches, there will be no long lines
snaking around the block on April 24 when Apple Watch becomes available
to consumers.

Figure5.2 The first paragraph of article in Figure 5.1.

In this eventthe author expresses tisr view on Apple product launchegvhile
splitting thedocuments, care was takém preserve the order of everssice theywill be
mergedwhile structuringthe narrative thread fovisualization.A total of 5,371 events were

extracted from the collectioof 511 articles

5.2 Sentiment Analysis

Dictionary-basel sentiment analysis was performed on all eventreatea training
datasethatwasused to trainhe SAS SA tool.
5.2.1 Text Pre-Processing

A bagof-words approach waappliedto convertthe events intoword vectorsthat
werecompare to the ANEW dictionay. Each eventextinputwastokenizedio formaset of
words by removing punctuatipmwhite spaceand othernontext characters, and filtered to
remove stop wordsPython® Natural Languge ToolKitnltk) was usedn the tokenization

procesg52].
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Table5.1 Number of events classified under each sentiment.

Sentment | Mimber ofevents st und
Positive 468
Neutral 4,869

Negative 34

5.2.2 Training Set Generation

Each event was seamthfor ANEW-recognized words, ancestiment scores were
calculated forall the eventdased on theentimentestmation method discussed irh&pter
3.1.2 The classificationresultsfrom the ANEW sentiment analysis are @wn in Table 5.1

The results were used as training datahe SA tool.

5.2.3 DocumentLevel Sentiment Analysis

A SAS SA modelwas builtby trainingusingANEW analysis The ANEW resultsin
eachsentimentclass(positive, negative, and neutral)ere split nto 10 different datasets
each with 106 of the total events present ithe category Tenfold crossvalidation was
performedfor each sentimerdlassby holding out one of the datasdor testingduring each
iteration and training using theemaining dat. For eachiteration of crossvalidation, we

built a simple statistical modbhsed on the training set.
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EE 5a5 Sentiment Analysis Studio - ArticlesSentimentAnalysis
File Edit View Build Help

Ilbedes Rl

Statistical Models | Statistical Model Configuration

Corpora sample Training corpus |11 =~
=

Set percentage for training |SD%

Statistical ¥ Best mode

TextResult  Graphical Result |

Rule =
M Positive M Negative M Overall
Test.

BEST BAYES MODEL (PRECISION 94.57%) is text
normalization [Smoothed Relative Frequency] and
feature ranking algorithm [Risk Ratio]

Best feature ranking algorithm for text normalization [Smoothed Relative |
Frequency] is [Risk Ratio]

Smoothed Relative Frequency No Feature Ranking Smoothed Relative Frequency Risk Ratio
100% 98.82%
a93.48% 94.57%
42.86%
14.29% I
Smoothed Relative Frequency Chi Square Smoothed Relative Frequency Information Gain
89.41% a5.96% 92.94% 90.22%
I5714‘A I I57 14% I

Figure5.3 A statistical model built in SA using Best mode.

EZ SAS Sentiment Analysis Studio - ArticlesSentimentAnalysis

File Edit View | Buld Help

| B & | ¢ & Buid Statistical Model  Ctrl+alt+S

~ [ Import Leamed Features [Search Ruies [al tvoes =] %
Corpora [~ 7o 4 puid Rule-based Model  Ctrl+alt+R || Tye Body weight | 4]

EInt B Hybrid Model ctrisaiteH || 1 (cLassIFIER people 195284

Statistical Upload Statistical Model > |cLassiFer good 507.415

Upload Rule-based Model 3 |cLassrier pretty 387.828

Pre. Upload Hybrid Model 4 |cLassiFier call 356.016

R [ 5 |cLassFEr cookie 331384

6 |CLASSIFIER love 270.752

Test Iz i 7 |cLassiFier sel 259,956

'8 |cLassIFIER live 251.119

9_ CLASSIFIER success 248.471

10 |cLassIFiER free 248.355
11 |cLassiFER heart 240,503 B

Figure5.4 Screenshot of the tool showing the option to import rules from statistical model and the pos
phrases extracted from the statistical model.
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EZ 55 Sentiment Analysis Studio - ArticlesSentimentAnalysis
File Edit View Build Help

lhed@s p

Rules [Search Rues [l tvoes =)
Corpara [ Tonal Keyword posiive | Negative | Neutral |
= Intermediate Entities = - N
‘Adjady Type [ Body weight [l
NegationPhrases CONCEPT _def{PositivePhrases} 1
NegativePhrases N "
PositivePhrases PREDICATE_RULE (SENT, (DIST_4, "_a{_def{PositivePhrases}}","_def{adjadv}")) 15
Products PREDICATE_RULE  (SENT,(ORDDIST_4, "_a{_def{NegationPhrases}}","_def{NegativePhrases}")) 15
PREDICATE_RULE (SENT,(ORDDIST_3,"_def{NegationPhrases}", (ORDDIST _4,"_a{_def{Adjadv}}","_def{NegativePhrases}"))) 15
CONCEPT no thank@® 1
PREDICATE_RULE (UNLESS,"_def{NegationPhrases} ", (ORDDIST_3,"_a{i}",(OR,"_w"," "),"_b{lke@}")) 1
CLASSIFIER 1
i

Q_ICLASSIFIER 1

Figureb.5 Screenshot of the SA tbshowing the rules used for matching positive phrases.

Statistical

Rule

Test

Figure 5.3 shows the results from a SA statistical model built from the training set
during oneiteration of crossvalidation. The SA tool has the option of importing keywords
from this model, whiclcan be used to construct a Fblesed classifier model. Figube4
shows the option of importing keyword&niport learned featur€s from the statistical
model and the phrases that were obtained from the statistical model for positive sentiment.
Figure 5.5 showsthe keywords categorized into lists under Olntermediate Entities,O and the
rules written forpatternmatching phrases with positive sentiment. The ONegative@gab
therules for regative sentiment.

After the rulebased classifier model is byiit was run on the test dataset. Figure 5.6
shows a screenshot of the SA tool performing testing on an input directory. One of the test
events is misclassified as negative. Howeveirfuatier observation (Figure 5,Ave see that

the event does, in fagxpress negative sentiment.
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Apple cannot launch the Apple Watch in Switzerland home of some of the most renowned watch companies out there and the spiritual home of watches
event if it wanted to because of a trademark claim.

Text Result | Graphical Result |

Overall Document: Test in rule-based model result is Negative
Probability to be positive is 44.95% with confidence 10.10%

S ratches:

0 matches for praduct definitions:

0 matches for feature definitions:

0 matches for product rules:

0 ratches for feature rules:

2 matches for keyword rules:
No 0 (6-11): Negative : 1.5000 : cannot
No 1 (13-18): Positive : 1.0000 : launch

3 matches for intermediate entity definitions:
No 0 (6-11): NegationPhrases : cannot
No 1 (13-18): PositivePhrases : launch
No 2 (72-75): Adjady : most

Product prominence information:
Product dominance information:

Figure5.6 Screenshot of results on a test dataset and a misclassification.

Apple cannot launch the Apple Watch in Switzerland, home of some of the most

renowned watch

companies out there and the spiritual home of watches event

if it wanted to because of a trademark claim.

Figureb5.7 Misclassified test event.
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The A identified that @unchO which is in the positive phrases list, is negated by the
word @annotO which is in the negation phrases éist] hence, detected by the negation rule
under negative pattern matching, which has a greater weight. Thus, thasewentectly
classified as negative by SAMNEW analysis is not intelligent enough to detect such
patterns.

In the opposite case where events were classified correcBNEYV but incorrectly
by the SA model, the rules causing this issue were idengfiedfixed. Thus, the process of
refining the model involves manual verification of the test data set, which was classified by
ANEW sentiment analysiduring training set generatipwith corrections to the SA rules as
necessary. This was repeated until dlceuracy of the model reached at least 75% for each
test dataset. Finally, phrases and rules from all the models were merged to create a single
model.

The final SA model was used to classify all the events in the document collection.
Table 52 shows theeventsO classification results. There is a significant rise in the number of
events classified under positive and negative, when compared to the result&NEM
analysis. This is because statistical modeling using the SA tool helped discovelomaia

specificwords that express sentimewhich were not detected by ANEW analysis
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Table5.2 Sentiment classification results from SASA tool.

Sentiment Number of ev_ents classified und
the sentiment cagory
Positive 3217
Neutral 1848
Negative 306

Table5.3 Number of documents under each sentiment category.

Sentiment Number of docu_ments classified
under the sentiment category
Positive 451
Neutral 30
Negative 30

The documentevel sentiment is estimated by finding the dominant sentiment of all
the events within jtasdescribed in Section 3.3. The approach considers both the confidence
of sentiment ratingand the number of events within the documdhbcumerg may not be
positive even when tlyecontain more positive events than negative events, because the
overall confidence rating dhe positive eventsnay beless than the confidence ratingtbé
negative eventdn this case, the documentgiven a negative sentiment. Table Si®ws the

classification results of the collection of documents.
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Apple cannot launch the Apple Watch in Switzerland - home of some of the
most renowned watch companies out there and the spiritual home of watches -
event if it wanted to because of a trademark claim.

A company called Leonard Timepieces filed a trademark claim in 1985,
which essentially bars Apple and any other company from using the word apple
or the image of an apple for selling precious metals and their alloys and goods
in these materials or coated therewith, not included in other classes; jewelry,
precious stones; clocks and timepieces.

The trademark was filed for 30 years and expires on December 5, 2015.
Apple can easily wait and launch the Apple Watch in Switzerland after that, but
the Cupertino company is apparently in talks with the owner of Leonard
Timepieces, William Leong, to negotiate a deal and purchase the trademark.

It is also entirely possible that Leong renews the trademark instead of
selling it to Apple to |the benefit of Swiss watchmakers.

The Apple Watch is all set to go on pre-orders on April 10 in nine
countries, including the United Kingdom, United States, France, Germany and
Hong Kong.

Figure5.8 Article No. 47.

5.3 Narrative Visualization

Narrative threads were constructed based on titersent results of events within the
documend. A web application was developed to view eadtument individually Figure
5.9 shows the narrative visualization of one of the news articles in the colletable5.4
shows the sentiment results of the regewithin that article It can be observethat the
overall confidenceating of the positive events is greater than thatlefnegative events, and

hencethe document is classified as positiVee article text ishown in Figure 5.8
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Table5.4 Sentimentesults of all events in article No. 47.

Event ID Sentiment| Confidence Rating
1 Negative 0.101
2 Neutral 0
3 Positive 0.2
4 Neutral 0
5 Positive 0.2
Chat Session Visualization for Chat ID: 47
9
8 company
watch
=
7
) Y S SO IOt A IO Sty Y S . Pleasant
8
§ 5 o ® ® Neutral
S
g S S . Unpleasant
3
@
2 watches
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To 1 2 3 4 5 6
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Figure5.9 Narrative thread visualization of artidéo. 47within the collection.

The article explains the problem faced by Apple in their release of Apple Watch in

Switzerland due to a trademark claim made by another company, which prevelet$révpp
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using their brand name OAppleO in the selling of any of their products. The first paragraph
(event) states the problem, and is classified as negative. The third event describes how Apple
can OeasilyO overcome the problem, which expresses a psasittiment, and thus is
classified positive. This sentiment transition is identified and corresponding events are tagged
with ANEW-recognized keywords within the paragraph. The keywords in the first event
convey the idea that the negative sentiment is tdusome OclaimO related to the term
Owatch.O Similarly, the third event shows that there is some positive news for the OcompanyC
and the Owatch.O

Figure 5.10 showan example of an article, which was classified as negative by SA
The sentiment of eventpdragraphs) withithe document is shown in Table 5The article
discusses the security issues that the Apple products are facing. It starts with excitement
about the new products introduced by Apple and goes on to describe the lack of stronger
securityfeatures. Towards the end of the article, the author is concerned about whether Apple
will neglect enhancing security for its new payment feature, which will put more user data at
risk, and how dangerous that would be. But, the article ends with a hagbehl@mpany
reviews its security policies.

It can be observefiom Table 5.%hat therearemore events with positive sentiment
than negativesentiment But, using the algorithm described in Section 3.3 for estimating
documenevel sentiment, we finche average confidence of positive sentiment t6.82L3
and the average confidence of negative sentimentoe 0.8978. Hence, the documeist
classified as negative, sintlee negative sentiment of the events withidaminate Figure

5.11shows the naative thread visualization of the article.



Today’s event offered Apple fans a lot to get excited about: a new kind of
watch, a huge iPhone and a new way to pay for things, for a start. ... Just a week
after attackers penetrated iCloud, stealing private photos from the services
most famous users, Apple made no reference to new security features, or plans
to lock down its massive infrastructure.

On some level, this isn't surprising. The iPhone 6 was the star of the
show, a show Apple has been planning for years, so it's understandable if Tim
Cook didn't want to spoil the new iPhone’s debut with references to this
month's bad PR. ... Unfortunately for Apple, it's a question that's getting harder
and harder to answer.

On some level, Apple Pay has a lot going for it. ... Thanks to TouchiD,
the system even has fingerprint-based authentication on its side. But its most
important security feature is actually a strange admission of failure: Apple Pay
appears to work completely separately from iCloud. Healthkit has the same
feature, warning developers upfront not to store any sensitive health data on
iCloud. It leaves Apple users in a strange place, rushing into a new
infrastructure while increasingly uncertain about the security of the old one. ...

With Apple Pay, Apple will be tackling a whole new set of problems,
and it's easy to be concerned that the payments project will succumb to the
same neglect as iCloud. To be clear, the problem isn't that Apple is particularly
bad at security. ... Apple isn’t any worse at bug-hunting than its competitors. It's
just farther ahead on everything else. Apple Pay puts more data at risk and
offers more ways to get at it. That's a dangerous combination if security isn't
keeping pace.

Maybe I'm wrong. Maybe the latest iCloud problems really were a
wakeup call, as Cook has suggested, and the company is reviewing its protocols
behind the scenes. ... | hope it happens. But on the heels of Apple's biggest
announcement in years, I'm more worried than ever.

Figure5.10 Article No. 369

Table5.5 Sentiment results of all events in article No. 369.

Event ID Sentiment | Confidence Rating

1 Positive 0.4675
2 Positive 0.5429
3 Negative 0.9898
4 Positive 0.2951
5 Positive 0.2

6 Negative 0.8058
7 Positive 0.1010
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Chat Session Visualization for Chat id: 369

Figure5.11 Narrative thread visualization of article No. 369 within the collection.
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Apple is offering employees a 50 percent discount on the Apple Watch in the
hope it becomes a fixture on the wrist of everyone who gets a pay cheque
signed by Tim Cook.

In a letter sent out to staff by the CEO himself, Cook said the troops
can take advantage of buying a half price watch as soon as pre-orders kick off
on Friday.

Naturally, the offer doesn’t quite stretch to the Apple Watch Edition,
thus Cupertinos finest won't be eligible for a discount worth thousands of
dollars.

Instead, those intent on strapping on the 18-carat gold smartwatch will
get up to $550 (around €367) off. Staffers will have 90 days to claim their
discount.

In the memo (via 9to5Mac), Cook wrote: | know that many of you have
been looking forward to choosing an Apple Watch for yourselves, and we want
to make it easy for you. ...

Our products enrich peoples lives like no others and we think Apple
Watch is going to delight our customers in ways people can’t yet imagine. We
want you to share in that experience alongside them.

The deal is a boost for the staff, who will surely be expected to drop
their trusty wrist watch in favour of the company's own interpretation.

It'll be especially important for those Apple employees who don the
blue sweaters at Apples retail outlets to be seen representing.

In terms of discounts, it has been a mixed bag for Apple employees
down the years. ... However they were forced to wait before becoming eligible
for a discount for an iPad when it launched in 2010.

Elsewhere in the memo, Cook revealed 1,000 apps with Apple Watch
support have been submitted to the App Store since the company opened the
floodgates late last week.

Apple Watch owners should have plenty to choose from when the
watch actually goes on sale on April 24.

Figure5.12 Article No. 13

Figure 5.12shows amnarticle, which was classified as positive dmtl no negative
events This article is about the discount on Appledgucts offered to Apple employees.
Thus, the events within the articles are positive in general, apart from some, which are
neutral. None of the events were negative. Therefore, the document is classified as positive.
The narrative thread within the articis shown in the Figur.13 Table 5.6 shows the

sentiment of events within the article.
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Table 5.6 Sentiment results of all events in article No. 15.

Event ID Sentiment | Confidence Rating

1 Positive 0.2

2 Neutral 0

3 Neutral 0

4 Positive 0.3846
5 Positive 0.7673
6 Positive 0.3846
7 Neutral 0

8 Neutral 0

9 Positive 0.4675
10 Positive 0.2
11 Positive 0.2

5.4 Performance Versus Stand-Alone SA

We analyzed the performance of our algorithm by comparing it to a SA model alone.
We used a collection of documents from a chat domain, which contained about 50,000 chat
transcripts between a company’s customer care representatives and consumers.
Approximately ten percent of the chat documents had feedback data from the consumers,
rating the quality of the conversation on a scale of one to five. We classified the sentiment of
chats with feedback based on their ratings. We then used the results as a training set to create
a SA model, which automatically classified new text input. We then applied the algorithm
that we presented in this thesis by using ANEW-based sentiment analysis to create a training
set, and then a SA model. Each chat document was split into events, and sentiment was
estimated for individual events. Document sentiment was estimated based on the dominant

sentiment among the events within it.
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Figure 5.13 Narrative thread visualization of article No. 369 within the collection.

74



75

The results obtained from our approach were an improvement over using the SA

model alone, and also gave more information about the sentiment transitions within a

document. We hypothesize the following factors enabled our algorithm to perform better:

1.

Event-based approach. We split each document into events and analyzed their sentiment
instead of considering the document in its entirety.

Dictionary-based training set generation. Generating a training set based on a sentiment
dictionary helps detect words that express sentiment, which is further improved by using

the rule-based classifier in SA.
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Chapter 6

Conclusionsand Future Work

Sentiment analysis is evolving from a research area into a practical text analysis task.
Growth of user-generated content has made sentiment analysis a useful application in
determining the overall feeling of consumers towards a product or a topic. Many companies
want to use sentiment analysis to understand their users’ mood towards their brand in order
to provide better service. The major challenge in sentiment analysis is the generation of
hand-classified training data sets, which are necessary to build the statistical models that
automatically classify input documents. We have successfully implemented an effective
method for automatically generating training data set for sentiment analysis, which is not
restricted to any particular domain. Dictionary-based sentiment analysis is used to generate
the initial training data sets. We used the ANEW dictionary for this task although any
sentiment dictionary with valence scores could be used. While the users still need to verify
the results from ANEW when building the model using a follow-on tool, the time spent on
validation is much less than fully hand-classifying a sufficient number of events to form a
training set. We estimate the document-level sentiment by first splitting the documents into
events, analyzing sentiment on each of these events, and finally merging their sentiment
results. This gives a more detailed and more accurate estimate of document-level sentiment,
versus analyzing the document in its entirety.

We structured narrative threads from text documents based on their sentiment results

and used line graphs to visualize them. Critical events were identified, and keywords within
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these events were taggedgive the users clgabout the sentiment transitioe tested our
approach usingl1online news articleaboutApple Watch The sentimentresultsobtained
weregoodfor both documestand events within thdocumers. Building narrative structure
using sentimentconveyedsignificant informationabout thedocuments all of which was
visually represented in oline graph We wereable to identifyproblems or dissatisfaction
about the product from the events with negative sentinaent solutioa or podive factors
from theevents with positive sentimemippropriate colorsvere used to represesgntiment
to clearly distinguisltdifferent sentimentand enphasizepositive and negativevents

The sentiment analysis technique works by dividing a documeneventsWhena
document has vg large number of eventparticularly withmanysentiment transitionshe
line graph visualization becomesowded This may obstruct the observation of critical
eventsOne way to overcome this would be to fix theibontal scale of line graph and make
the viswalization scrollable.Although he validation data source used was onlimews
articles the techniquewas found to be effective wheappliedto a chat data sefThis
suggestshe techniqueshouldalsowork wel for socialmediadata, since they haves&rong
cause and effect relationship between evesitilar to chat datand possiblymore so
compared to the news articleurther validation would be needed to confirm this
hypothesis.

Although, the standardeviation rating providetdy the ANEW dictionary expresses
negation to some extent does not explicitly hadle negation of sentimenfuture work

could implemennegationhandlingtechniques in the dictionaityased sentiment analysis for
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constructingrraining setswhich could be effectiven reducing theime spenin the process
of correcting the training set results.

Finally, the current line graph visualization works only for individual documents.
Future work may tryto groupdocumentdased on thaumber of sentiment transitiomsthin

them and present an overall view of the text carpus
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