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Introduction to Opinion Mining

}The growth of socialmediaand user-generatedcontent

(UGC) on the Internet provides a huge quantity of

information that allows discovering the experiences,

opinions,and feelingsof users and customers (Marine-

Roig,2015)

3 PROPOR 2018 - September 24 - 26, Canela, Brazil 

Introduction to Opinion Mining

}ElectronicôWordof Mouthõprevalentin business(RAVI;

RAVI,2015)

}Productreviews,moviereviews,politicalorientationextraction,

stockmarketpredictions,andothers

}Customersidentify online reviews as havinga significant

influenceon their purchasein variouseconomicsectors

(COMSCORE,2016):

}Hotel 87%, travel 84%, restaurant79%, legal79%, automotive

78%,medical76%,andhome73%
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Introduction to Opinion Mining

}A murdered teen,two million tweets and an experiment
to fightgunviolence

}Researchersare usingAI to decodethe languageof Chicago
gangs. Next theyõlllook for opportunities to intervenebefore
onlineaggressionturns deadly

}Theythink that social-mediahistoriescanoffer waysto identify
youngpeopleat risk of beinginvolvedin gunviolence.

}Patton and others have found that social media has
exacerbatedgun violence amongyoung people and changed
how gangsrecruit members,conduct businessand initiate
violence.
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https://www.nature.com/articles/d41586-018-06169-8

Introduction to Opinion Mining

}A murdered teen,two million tweets andan experiment

to fightgunviolence
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Introduction to Opinion Mining

}Towards detecting influenza epidemics by analyzing

Twitter messages
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Introduction to Opinion Mining

}Towards detecting influenza epidemics by analyzing

Twitter messages

}Google's Flu Trends service,which correlates search term

frequencywith influenzastatisticsreported by the Centersfor

DiseaseControl andPrevention(CDC)

}Severalmethods were proposed to identify influenza-related

messagesand compare a number of regressionmodels to

correlatethesemessageswith CDC statistics.

} 500,000Twitter messagesspanning10 weeks,they find that the

bestmodelachievesa correlationof .78 with CDC statisticsby

leveraginga documentclassifierto identifyrelevantmessages.
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https://dl.acm.org/citation.cfm?id=1964874
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Introduction to Opinion Mining
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www.ideiabigdata.com 

}In Brazil?

Introduction to Opinion Mining

}Internet e RedesSociaisvãoInfluenciara DecisãodeVoto

de 43,4%dosEleitoresBrasileiros
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www.ideiabigdata.com 
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Introduction to Opinion Mining

}Leadingcountriesbasedon numberof Twitter usersasof

April 2018(in millions)
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www.statista.com

Introduction to Opinion Mining

}Only 34%of All Tweetsare in English
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www.statista.com
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Introduction to Opinion Mining

}Leadingcountriesbasedon numberof Facebookusersas

of July2018(in millions)
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www.statista.com

Introduction to Opinion Mining

}TopTen Languagesin the Internet (December2017)
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https://www.internetworldstats.com/stats7.htm
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Introduction to Opinion Mining

}TheWorld's Most SpokenLanguages
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www.statista.com

Introduction to Opinion Mining

}Text miningor KnowledgeDiscoveryfrom Text (KDT) is

the processof extractingknowledgefrom a largeamount

of unstructureddata(DELEN;CROSSLAND,2008).

}This term was first mentionedin 1995 by Feldmanand

Dagan as a machine supported analysis of text

(FELDMAN; DAGAN, 1995).
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Introduction to Opinion Mining

}Text miningtaskssurveyedfrom (DELEN; CROSSLAND,

2008; HOTHO et al., 2005; SHI; KONG, 2009; WEISSet

al., 2013;daSilvaConradoet al., 2014)

17 PROPOR 2018 - September 24 - 26, Canela, Brazil 

Text Mining 
Tasks

Text 
Classification

Text Clustering

Summarization

Information 
Extraction

Information
Retrieval

Topic 

Tracking

Others Tasks

Introduction to Opinion Mining

}Opinion Mining(OM), alsoknown asSentimentAnalysis,

is the field of study that analyzespeopleõssentiments,

evaluations,opinions, reviews, attitudes, and emotions

about different entities (LIU; ZHANG, 2012; PANG; LEE,

2008).

}According to an extensivesurvey performed by PANG;

LEE(2008), the term OM appearedfor the first time in a

paperby KUSHAL; LAWRENCE; PENNOCK(2003)
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Introduction to Opinion Mining

}Researchershaveconsideredvariousaffecttypes, suchas

the six universalemotions: anger,disgust,fear,happiness,

sadness,andsurprise(PANG; LEE,2008).

}OM has been performed in various classeslike binary,

ternary,n-ary in the form of starsandothers (RAVI; RAVI,

2015).
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Introduction to Opinion Mining

}OM is consideredasaòtextclassificationtaskó,in whicha

opinion is classified into categories,such as positive,

negative, or neutral, usingvarioustechniquesfrom Natural

LanguageProcessing(NLP), Information Retrieval (IR),

andDataMining(DM).

}This kind of classificationis also referred to as sentiment

polarityor polarity classification(PANG;LEE,2008)
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Introduction to Opinion Mining

}OM is observedto be carriedout in three different levels:

document,sentence,andaspect(FELDMAN,2013).
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Document level classifies the whole 

documentôs opinion

Enquanto a @VoeX inventa vem com 

novas cobranças. A @VoeY oferece 

cerveja de graa. Ah sim, aé

Introduction to Opinion Mining

}OM is observedto be carriedout in three differentlevels:

document,sentence,andaspect(FELDMAN,2013).
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Sentence level classifies the sentences' 

opinion from a document

Enquanto a @VoeX inventa vem com 

novas cobranças. 

A @VoeY oferece cerveja de graça. 
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Introduction to Opinion Mining

}OM is observedto be carriedout in three different levels:

document,sentence,andaspect(FELDMAN,2013).
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Aspect or feature level focuses on all 

expressions of sentiments present within 

a given document and the aspect to 

which it refers

A @VoeY oferece cerveja de graça. 

Introduction to Opinion Mining

}Most OM applications might be classified into four
distinct categories: product reviews, movie reviews,
political orientation extraction and stock market
predictions(RAVI; RAVI,2015).

}FacebookandTwitter are important sourcesof opinions,
howeverthe former is lessusedin text miningasit often
containsnon-text data and the analysisof the text by
itself is not effective (EVANGELISTA; PADILHA, 2013;
PAK; PAROUBEK,2010).

}Other sourcesof opinions are the web pagesof goods and
services suppliers such as booking.com, amazon.com, and
others
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Introduction to Opinion Mining

}Text type (unstructured)

}Almost all onlinetexts ignorespellingandgrammarrules.

}Thiskind of texts havebeenclassifiedasnoisyasthey still pose

considerableproblems both at the lexical and the syntactic

levels(MOSTAFA,2013).

} Jargon,contractionsof existingwords,abbreviations,the useof

emoticons,and the creation of new words are the norm for

onlinetexts.
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Introduction to Opinion Mining

}The OM canbe performed usingMachineLearning(ML)

andlexicon-basedapproaches.

}Thereare alsohybridapproacheswhichmakeuseof both

ML and lexicon-basedapproaches(MEDHAT; HASSAN;

KORASHY,2014;PANG; LEE,2008;RAVI; RAVI,2015)

26 PROPOR 2018 - September 24 - 26, Canela, Brazil 



12/09/2018

14

Introduction to Opinion Mining

}OM approaches
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Introduction to Opinion Mining

}The supervised ML methods apply classification

algorithms to learn underlying patterns from example

data to later attempt to classifynew unlabeleddata

(BALAZS;VELÁSQUEZ,2016).

}Two sets of annotateddata are needed: one for training and

other testing.

}ML haveyieldedhigh accuracybut they need a considerable

amount of labeled data, commonly built manually and

dependenton languageanddomain.

}A number of supervisedML algorithms have been used to

classifyopinions. Naïve Bayes, Support Vector Machinehave

achievedgreatsuccessfor OM (RAVI;RAVI,2015)

28 PROPOR 2018 - September 24 - 26, Canela, Brazil 
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Introduction to Opinion Mining

}The supervised ML methods apply classification

algorithms to learn underlying patterns from example

data to later attempt to classifynew unlabeleddata

(BALAZS;VELÁSQUEZ,2016).

}Two sets of annotateddata are needed: one for training and

other testing.

}ML haveyieldedhigh accuracybut they need a considerable

amount of labeled data, commonly built manually and

dependenton languageanddomain.

}A number of supervisedML algorithms have been used to

classifyopinions. Naïve Bayes, Support Vector Machinehave

achievedgreatsuccessfor OM (RAVI;RAVI,2015)
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Supervised ML is the 

approach used in this course

Introduction to Opinion Mining

}The lexicon -based approach,also known as semantic-

basedor symbolic-based,makesuse of positive opinion

words,usedto expresssomedesiredstates,andnegative

opinionwords,usedto expresssomeundesiredstates.

}There are alsoopinion phrasesandidiomswhich together are

calledopinionlexicon(MEDHAT;HASSAN;KORASHY,2014).

}The accuracyof OM based which uses supervisedML or

lexiconcanbe influencedby the domainof the itemsto which

it is applied.

}Accordingto PANG; LEE(2008), one reasonis that the same

phrasecanindicatedifferentsentimentin differentdomains

30 PROPOR 2018 - September 24 - 26, Canela, Brazil 
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Introduction to Opinion Mining

}The unsupervised ML

}Clustering-basedopinionminingapproachesexplicitlyconsider

clusteringasan optimizationproblem,where a givenarbitrary

objectivefunctionmustbeoptimized.

}Text clusteringis an approachfor automaticallyfindingclasses,

concepts,or groupsof patternsfrom unstructureddata.

} It seeks to partition an unstructured set of objects into

clustersor groups.

}Thus,the objects have to be similar to objects in the same

clusteranddissimilarto objectsfrom other clusters.
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Introduction to Opinion Mining

}Opinion Miningandthe PortugueseLanguage

}Portugueseis one of the most used languagesin the world,

with almost 270 million people speakingsome variant of the

languagein ten countries*

} In text mining,works dealingwith Portugueselanguageare

scarce,and most efforts are directed towards the English

language(LIU; ZHANG, 2012; PANG; LEE,2008; RAVI; RAVI,

2015;CALDERONet al.,2015)

}PortugalandBrazilare the maincontributors in processingthe

Portugueselanguage(PARDOet al.,2010;SOUZAet al.,2016)
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Brazil (202.656.788), Mozambique(24.692.144), Angola (24.300.000), Portugal (10.813.834), Guinea-Bissau

(1.693.398), EastTimor (1.201.542), EquatorialGuinea(722.254), Macau(587.914), Cabo Verde (538.535) and

SãoTomé e Príncipe(190.428).Dataextractedfrom US/CIA- TheWorld Factbook(July,2014)
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Characterizing Opinion Mining: a Systematic 

Mapping Study of the Portuguese Language

Ellen Souza1,2, Douglas Vitório1, DayvidCastro1, Adriano Oliveira2, CristineGusmão3
1. MiningBRResearch Group, Federal Rural University of Pernambuco(UFRPE), Serra Talhada, PE, Brazil

2. Centro de Informática, Federal University of Pernambuco(CIn-UFPE), Recife, PE, Brazil

3. Centro de Tecnologiae Geociências- Federal University of Pernambuco(CTG-UFPE), Recife, PE, Brazil

}RQ: What is the current state of opinion mining appliedto
the Portugueselanguage?

} RQ1:What is the evolutionin the numberof publicationsup to year
2014?

} RQ2: Which individuals,organizations,and countries are the main
contributors in the researcharea?

} RQ3: What are the mining techniques and tools applied to
Portuguese?How theywere evaluatedandwhichlevelsof sentiment
analysiswere adopted?

} RQ4:What are the characteristicsof the datasetused?

33 PROPOR 2018 - September 24 - 26, Canela, Brazil 

DOI 10.1007/978-3-319-41552-9_12

Characterizing Opinion Mining: a Systematic 

Mapping Study of the Portuguese Language

34 PROPOR 2018 - September 24 - 26, Canela, Brazil 

Data Source Type Retrieved 

Studies 

Included 

Studies 

OM 

Inter. Conf. Comput. Processing of Portuguese (PROPOR) M 217 22 2 

Text Mining and Applications (TEMA)  M 34 6 1 

Brazilian Workshop of Social Network Analysis and 

Mining (BRASNAM) 

M 99 11 7 

Brazilian Symposium on Information and Human 

Language Technology (STIL) 

M 251 44 1 

ACM symposium on Document engineering (DocEng) M 273 1 - 

Linguateca Database (www.linguateca.pt) M 1312 30 - 

Message Understanding Conferences (MUC) M 159 - - 

Text Analysis Conference (TAC) M 322 - - 

Text REtrieval Conference (TREC) M 1715 - - 

Document Understanding Conference (DUC) M 167 - - 

IEEE Xplore Digital Library  A 306 19 5 

ACM Digital Library  A 277 29 7 

Science Direct  A 159 4 - 

Scopus  A 552 21 2 

Portal de Periódicos Capes  A 229 15 - 

SciELO Scientific Electronic Library Online  A 2 1 - 

TOTAL  6075 203 25 

 

Manual (M) and automated (A) data sources
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Characterizing Opinion Mining: a Systematic 

Mapping Study of the Portuguese Language

}RQ1:What is the evolutionin the numberof publicationsup to

year2014?Brazilian(68%), European(16%), N/A (16%)

35 PROPOR 2018 - September 24 - 26, Canela, Brazil 
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Characterizing Opinion Mining: a Systematic 

Mapping Study of the Portuguese Language

}RQ2: Which individuals,organizations,and countries are the

maincontributors in the researcharea?

}As statedby [6], researchinterest on Portugueseprocessingis

sharedmainlywith PortugalandBrazil

}BRASNAMappearsasthe mainvenuein the researcharea;

36 PROPOR 2018 - September 24 - 26, Canela, Brazil 

Quantity Author Institution Country 

4 Renata Vieira UNISINOS Brazil 

4 Wagner Meira Jr. UFMG Brazil 

3 Marlo Souza UFRGS Brazil 

3 Paula Carvalho Universidade de Lisboa Portugal 

3 Mário J. Silva Universidade de Lisboa Portugal 

3 Karin Becker UFRGS Brazil 

3 Luís Sarmento Universidade do Porto Portugal 
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Characterizing Opinion Mining: a Systematic 

Mapping Study of the Portuguese Language

}RQ3: What are the mining techniquesand tools applied to

Portuguese?

}PythonNLTK andWeka

}Precision,recall,andf-measure(44%), Accuracy(40%)

37 PROPOR 2018 - September 24 - 26, Canela, Brazil 

Document
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Characterizing Opinion Mining: a Systematic 

Mapping Study of the Portuguese Language

38 PROPOR 2018 - September 24 - 26, Canela, Brazil 
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Processing tasks (%)
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Characterizing Opinion Mining: a Systematic 

Mapping Study of the Portuguese Language

}RQ4:What are the characteristicsof the datasetused?

}Two studieshaveusedpubliclyavailabledatasets

}Twitter wasusedby 41%of all studies

} 88% of text is short, written in an informal way, with

grammaticalerrors,spellingmistakes,ambiguousandironic

39 PROPOR 2018 - September 24 - 26, Canela, Brazil 

0 10 20 30 40

Consumers

Electors

N/A

Sport fans

Stock market

Car Traffic

News

Opinion domain

Characterising Text Mining: a Systematic 

Mapping Review of the Portuguese Language
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DOI: 10.1049/iet-sen.2016.0226

Ellen Souza1, 2 ;Danilo Costa1 ;DayvidW. Castro1 ;Douglas Vitório1 ; Ingryd
Teles1 ;Rafaela Almeida1 ;Tiago Alves1 ;Adriano L.I.Oliveira2 ;CristineGusmão3

1. MiningBRResearch Group, Federal Rural University of Pernambuco(UFRPE), Serra Talhada, PE, Brazil

2. Centro de Informática, Federal University of Pernambuco(CIn-UFPE), Recife, PE, Brazil

3. Centro de Tecnologiae Geociências- Federal University of Pernambuco(CTG-UFPE), Recife, PE, Brazil

}RQ: What is the current stateof text mining appliedto the
Portugueselanguage?
} RQ1:What is the evolutionin the numberof publicationsup to year

2014?

} RQ2: Which individuals,organisations, and countries are the main
contributors in the researcharea?

} RQ3: What are the text miningtasksand sub-tasksappliedfor the
Portugueselanguage?

} RQ4:What are the miningtechniques,algorithms,methods,andtools
availableto the Portugueselanguage?

} RQ5:What are the characteristicsof the corporaused?

} RQ6:How were the text miningapproachesevaluated?
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Python Language

41 PROPOR 2018 - September 24 - 26, Canela, Brazil

}Pythonis an interpreted high-levelprogramminglanguage

for general-purposeprogramming. Createdby Guido van

Rossumandfirst releasedin 1991.

Download: https://www.python.org/downloads/

Anaconda

42 PROPOR 2018 - September 24 - 26, Canela, Brazil

}PythonDataSciencePlatform

}Open sourceAnacondaDistribution to do PythonandR

data scienceand machinelearningon Linux, Windows,

andMacOSX

Download: https://www.anaconda.com/download//
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Python Libraries

PROPOR 2018 - September 24 - 26, 

Canela, Brazil

43

}DataCollecting

}Twitter RESTAPIandStreamingAPI

}Tweepy

}FacebookGraphAPI

}Requests

}Web Crawler

}Requests

}Web Scrapping

}BeautifulSoup

}Selenium(dynamicpages)

}WebDriver (browser)

Python Libraries

PROPOR 2018 - September 24 - 26, 

Canela, Brazil

44

}Text Pre-processing

}NaturalLanguageToolkit (NLTK)

} Installanddownloadthe resources

}Scikitlearn

}Pre-processingandEvaluation

}Scikitlearn
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Introduction to Opinion Mining

45 PROPOR 2018 - September 24 - 26, Canela, Brazil

}Opinion MiningProcess(this course)

Data 
Collecting

Text Pre-
processing

Processing Evaluation

Data collecting - Twitter

PROPOR 2018 - September 24 - 26, Canela, Brazil 46

}For this tutorial we usedopinionsextractedfromTwitter ;

}Twitter is one of the most popular socialnetworks,and

its messages,calledtweets, havea limit of 280characters;

}To extract thesetweets, the Twitter providestwo APIs: the

RESTAPIandthe StreamingAPI.
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Data collecting - Twitter APIs

PROPOR 2018 - September 24 - 26, Canela, Brazil 47

}The RESTAPIis usedto collect tweetsfrom the lastseven

days;

}While the StreamingAPI is used to collect real-time

streamsof tweets.

Data collecting - Tweepy

PROPOR 2018 - September 24 - 26, Canela, Brazil 48

}To accessthe Twitter API,we useda Pythonlibrary called

Tweepy1;

}It providestools to accessbothAPIs.

}
1http://www.tweepy.org
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Data collecting - Twitter Apps

PROPOR 2018 - September 24 - 26, Canela, Brazil 49

}However, to extract tweets, it is necessaryto have a

Twitter accountandcreateaTwitter Application;

}And sinceJuly2018, to createanapplication,it is required

anapproveddeveloperaccount.

Data collecting - Twitter Apps

PROPOR 2018 - September 24 - 26, Canela, Brazil 50

}Sincewe have created a Twitter application,we obtain

accessto the four keysnecessaryto extract tweets:

}Consumer Key (API Key)

}Consumer Secret (API Secret)

}Access Token

}Access Token Secret
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Data collecting - Twitter Apps

PROPOR 2018 - September 24 - 26, Canela, Brazil 51

Data collecting - Twitter Apps

PROPOR 2018 - September 24 - 26, Canela, Brazil 52
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Data collecting - Tweets extraction

PROPOR 2018 - September 24 - 26, Canela, Brazil 53

}For this tutorial, we collected tweetscontainingopinions

aboutthree Brazilianairlines:

} LATAM (@latam_bra)

}Azul (@azulinhasaereas)

}Gol (@voeGOLoficial)

}Usingthe RESTAPI:

import tweepy

auth = tweepy.AppAuthHandler (óCONSUMER KEY', óCONSUMER SECRET')

api = tweepy.API ( auth , wait_on_rate_limit =True , 

wait_on_rate_limit_notify =True )

query = "@LATAM_BRA OR @voeGOLoficial OR @azulinhasaereas "

for tweet in tweepy.Cursor ( api.search , q=query). items ():

Data collecting - Tweets extraction

PROPOR 2018 - September 24 - 26, Canela, Brazil 54

}If we hadusedthe StreamingAPI,the code would be like

this:

access_token = ñACCESS TOKEN"

access_token_secret = ñACCESS TOKEN SECRET"

consumer_key = ñCONSUMER KEY"

consumer_secret = ñCONSUMER SECRET"

tl = TwitterListener ()

oauth = OAuthHandler ( consumer_key , consumer_secret )

oauth.set_access_token ( access_token , access_token_secret )

stream = Stream ( oauth , tl )

stream.filter ( track =[ ó@LATAM_BRAô, ó@voeGOLoficial ' , ó@azulinhasaereas ' ])
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Data collecting - Golden collection

PROPOR 2018 - September 24 - 26, Canela, Brazil 55

}After the extraction, the collected tweetshave to be

manuallyclassifiedto become what is calledòGolden

collectionó(or goldenstandard);

}As Opinion Mining generallyuses supervisedmachine

learning techniques,the classifiersmust receive some

labeleddatafor training;

}So, the Golden collection is necessaryto train the

classifiersandthen to evaluatetheir performance.

Data collecting - Golden collection

PROPOR 2018 - September 24 - 26, Canela, Brazil 56

}For this tutorial, we manuallyclassifiedthe extracted

tweetsby their polaritiesinto three categories:

}Negative

}Neutral

}Positive
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Data collecting - Golden collection

PROPOR 2018 - September 24 - 26, Canela, Brazil 57

}Examples:

Tweet Label

Não suporto a @VoeGOLoficial Negative

@LATAM_BRA Preciso cancelar uma passagem Neutral

Já tenho minha companhia aérea preferida! @azulinhasaereas Positive

Data collecting - Kappa coefficient

PROPOR 2018 - September 24 - 26, Canela, Brazil 58

}Usually, the tweets are labeled by more than one

annotator,with the goalto reducemisclassifications;

}The Kappacoefficientmeasuresthe agreementbetween

two (CohenõsKappa)or more(FleissõKappa)annotators;

}We calculatedthe Kappacoefficientvaluefor our golden

standard,reaching71%of agreement.
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Introduction to Opinion Mining
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}Opinion MiningProcess(this course)

Data 
Collecting

Text Pre-
processing

Processing Evaluation

Text Pre-processing

60 PROPOR 2018 - September 24 - 26, Canela, Brazil

}Textual information is often unstructured and without

standardizationrules.

}To prepare the text information in a way that classifiers

can understand and work with, we use some pre-

processing methods, such as: Tokenization, Stopword

Removal,Stemming,Filtering,Bagof Words, Vector Space

Modelandothers
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Text Pre-processing

61 PROPOR 2018 - September 24 - 26, Canela, Brazil

}NLTK Resources

} http://www.nltk.org/nltk_data/

} http://www.nltk.org/howto/portuguese_en.html

Text Pre-processing

62 PROPOR 2018 - September 24 - 26, Canela, Brazil

}NLTK Resources
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Text Pre-processing

63 PROPOR 2018 - September 24 - 26, Canela, Brazil

}Tokenization

}Word

}Sentence

}Twitter

}StopwordRemoval

}Stemming

}Vector SpaceModel(VSM)

}TF-IDF

}N-gram

Text Pre-processing

64 PROPOR 2018 - September 24 - 26, Canela, Brazil

}Tokenizers are used to divide strings into lists of

substrings

}Sentencetokenizercanbe usedto find the list of sentences

}Word tokenizercanbe usedto find the list of words in strings
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Text Pre-processing

65 PROPOR 2018 - September 24 - 26, Canela, Brazil

}Tokenization(Sentence)

import nltk

from nltk . tokenize import sent_tokenize

text = "eu não aguento mais ter problema com minha volta 

da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

print ( sent_tokenize (texto ))

Text Pre-processing

66 PROPOR 2018 - September 24 - 26, Canela, Brazil

}Tokenization(Sentence)

import nltk

from nltk . tokenize import sent_tokenize

text = "eu não aguento mais ter problema com minha volta 

da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

print ( sent_tokenize (texto ))

['eu não aguento mais ter problema com minha volta da 

australiaaaaa !!', 'para de cancelar meus voos 

@LATAM_BRA']
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Text Pre-processing
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}Tokenization(Word)

import nltk

from nltk . tokenize import word_tokenize

text = "eu não aguento mais ter problema com minha volta 

da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

print ( word_tokenize (texto))

Text Pre-processing
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import nltk

from nltk . tokenize import word_tokenize

text = "eu não aguento mais ter problema com minha volta 

da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

print ( word_tokenize (texto))

['eu', 'não', ' aguento ', 'mais', 'ter', 'problema', 

'com', 'minha', 'volta', 'da', ' australiaaaaa ', '!', 

'!', 'para', 'de', 'cancelar', 'meus', ' voos ', '@', 

'LATAM_BRA']

}Tokenization (Word)
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import nltk

from nltk . tokenize import TweetTokenizer

text = "eu não aguento mais ter problema com minha volta 

da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

tknzr = TweetTokenizer ()

print ( tknzr . tokenize (texto)) 

}Tokenization (Tweet)

Text Pre-processing
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import nltk

from nltk . tokenize import TweetTokenizer

text = "eu não aguento mais ter problema com minha volta 

da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

tknzr = TweetTokenizer ()

print ( tknzr . tokenize (texto)) 

['eu', 'não', ' aguento ', 'mais', 'ter', 'problema', 

'com', 'minha', 'volta', 'da', ' australiaaaaa ', '!', 

'!', 'para', 'de', 'cancelar', 'meus', ' voos ', 

'@LATAM_BRA']

}Tokenization (Tweet)



12/09/2018

36

Text Pre-processing

71 PROPOR 2018 - September 24 - 26, Canela, Brazil

}PortugueseStopwords

}Stopwords usuallyrefers to the most common words in a

language

}Stopwords are filtered during processing of natural

languagedata(text)

}NLTK includes PortugueseStopwords:

} ['a', 'ao', 'aos', 'aquela', 'aquelas', 'aquele', 'aqueles', 'aquilo', 'as', ...]

import nltk

from nltk .corpus import stopwords

pt_br_stop_words = set( stopwords . words ( ' portuguese ' ))

print (ñPortuguese Stopwords " )

print ( pt_br_stop_words )

Text Pre-processing
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}StopwordRemoval

import nltk

from nltk .corpus import stopwords

text = "eu não aguento mais ter problema com minha 

volta da australiaaaaa !! para de cancelar meus voos

@LATAM_BRAñ

word_tokens = word_tokenize (texto)

text_after_stopword = [w for w in word_tokens if not w 

in pt_br_stop_words ]

print ( text_after_stopword )
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}StopwordRemoval

[' aguento ', 'ter', 'problema', 'volta', 

' australiaaaaa ', '!', '!', 'cancelar', ' voos ', 

'LATAM_BRA']

['eu', 'não', ' aguento ', 'mais', 'ter', 'problema', 

'com', 'minha', 'volta', 'da', ' australiaaaaa ', '!', 

'!', 'para', 'de', 'cancelar', 'meus', ' voos ', '@', 

'LATAM_BRA']

Text Pre-processing
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}StopwordRemoval

}Casesensitive

} Lower case

[ 'NÃO', ' aguento ', 'ter', 'problema', 'volta', 

' australiaaaaa ', '!', '!', 'cancelar', ' voos ', 

'LATAM_BRA']

['eu', 'NÃO', ' aguento ', 'mais', 'ter', 'problema', 

'com', 'minha', 'volta', 'da', ' australiaaaaa ', '!', 

'!', 'para', 'de', 'cancelar', 'meus', ' voos ', '@', 

'LATAM_BRA']
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}Stemming

}Thismethodtry to build the basicforms of words,i.e. strip the

pluralõsõfrom nouns,theõingõfrom verbs,or other affixes

}A stem is a natural group of words with

equalor very similarmeaning.

}After the stemmingprocess,every word is representedby its

stem(HOTHO et al.,2005)

}The lemmatization methods try to map verb forms to the 

infinitive form of the tense and nouns to the singular form

Text Pre-processing
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}Stemming

import nltk

from nltk . stem import RSLPStemmer

stemmerPT = RSLPStemmer()

text = "eu não aguento mais ter problema com minha volta 

da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

word_tokens = word_tokenize (texto)

text_after_stopword = [w for w in word_tokens if not w in 

pt_br_stop_words ]

for w in text_after_stopword :

print ( stemmerPT . stem (w))
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}Stemming

aguent

ter

problem

volt

australiaaaa

!

!

cancel

voo

latam_br

Text Pre-processing
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}Part-of-speech

}Part-of-speechtagging(POStaggingor PoStaggingor POST),

also called grammatical tagging or word-category

disambiguation,is the processof markingup a word in a text

(corpus)ascorrespondingto a particularpart of speech
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}PortuguesePart-of-speech(FlorestaSinta(c)tica)

Symbols Category
n noun
prop proper noun
adj adjective
n-adj betweennounandadjective

v

v-fin finite verb
v-inf infinitiveverb
v-pcp participleverb
v-ger gerundverb

art article

pr
on

pron-pers personalpronoun
pron-det determinativepronoun
pron-indp independentpronoun

adv adverb
num numeral
prp preposition
intj interjection
co
nj

conj-s subordinatingconjunction
conj-c coordinatingconjunction

Text Pre-processing
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}Part-of-speech

import nltk

from nltk import pos_tag

from nltk .corpus import floresta

tsents = floresta. tagged_sents ()

tsents = [[( w.lower (), simplify_tag (t)) for (w, t) in 

sent ] for sent in tsents if sent ]

train = tsents [ 100 :]

test = tsents [: 100 ]

tagger0 = nltk . DefaultTagger ( 'n' )

tagger1 = nltk . UnigramTagger ( train , backoff =tagger0)

tagger2 = nltk . BigramTagger ( train , backoff =tagger1)

text = word_tokenize ( "eu não aguento mais ter problema com 

minha volta da australiaaaaa !! para de cancelar meus voos

@LATAM_BRA")

print (tagger2. tag ( text ))

def simplify_tag (t):

if "+" in t:

return t[ t.index ( "+" )+1:]

else :

return t
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}Vector SpaceModel
dataset = [( "@azulinhasaereas , já disse que te amo? 

https://t.co/Ynkc9Wj4c5" ), ( "eu não aguento mais ter problema 

com minha volta da australiaaaaa !! para de cancelar meus voos

@LATAM_BRA"), ( "@LATAM_BRA Agradeço o retorno, mas tudo 

acabou se resolvendo, não demorou muito a decolar e fiz boa 

viagem." ), ( "Há anos que não viajo nessa merda de 

@VoeGOLoficial mesmo... https://t.co/p73WfiiHNk" ), ( "@VEJA 

Sem duvidas a @ azulinhasaereas e a @ AviancaBrasil são as 

melhores hoje no Brasil." ), ( "Olha o @ santander_br ferrando a 

minha vida! Cancelou minhas passagens compradas pela 

@VoeGOLoficial , não me avisa" ), ( "@carolinabloom

@azulinhasaereas eu AMO a azul ??" ), ( "80 REAIS PRA DESPACHAR 

UMA BAGAGEM????? VAIS E FUDER @LATAM_BRA"), 

( "@azulinhasaereas , já disse que te amo? 

https://t.co/Ynkc9Wj4c5" ), ( "a @LATAM_BRA coloca preços de 

voos no site mas não te deixa comprar, quando vc liga na 

central o preço é outro." )]

polarity = [ 1, - 1, 1, - 1, 1, - 1, 1, - 1, 1, - 1]

Text Pre-processing
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}Vector SpaceModel(VSM)

}Convert a documentinto a vector of numbers

}No matter what terms (words or n-grams)it convertsthe bag

into a vector

}a binary value (with 1 indicating that the term occurred in the

document,and0 indicatingthat it did not)

}a term frequencyvalue(indicatinghow manytimesthe term occurred

in the document)

}aTF-IDF value(e.g.a smallfloating-point number)

Term /Document term 1 term 2 term 3 term 4

Document1 0 1 0 1

Document2 1 0 1 1

Document3 1 1 1 0
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}VSM(term frequency+ holdout method)

})from sklearn . feature_extraction . text import CountVectorizer

from sklearn . model_selection import train_test_split

training_data , evaluation_data , training_polarity , 

evaluation_polarity = train_test_split ( dataset , polaridade, 

test_size =0.30 )

print (ñTraining dataset " )

print ( training_data )

print ( training_polarity )

print (ñEvaluation dataset " )

print ( training_data )

print ( training_polarity ) 

bag = CountVectorizer ()

training_bag = bag . fit_transform ( training_data ) ...

Text Pre-processing
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}VSM(term frequency+ holdout method)

(0, 56) 1

(0, 13) 1

(0, 23) 1

(0, 1) 1

(0, 48) 1

(0, 44) 2

(0, 18) 1

(0, 25) 1

(0, 8) 1

(1, 9) 1

(1, 36) 1

(1, 22) 1

(1, 29) 1

(1, 3) 1

(1, 47) 1

(1, 5) 1

[' aguento ', 'amo', 'anos', 'as', 

' australiaaaaa ', ' aviancabrasil ', 

'avisa', 'azul', ' azulinhasaereas ', 

' brasil ', 'cancelar', 'cancelou', 

' carolinabloom ', 'co', 'com', 

'compradas', 'da', 'de', 'disse', 

'duvidas', 'eu', 'ferrando', 'hoje', 

' https ', 'há', 'já', ' latam_bra ', 

'mais', 'me', 'melhores', 'merda', 

'mesmo', 'meus', 'minha', 'minhas', 

'nessa', 'no', 'não', 'olha', 

'p73wfiihnk', 'para', 'passagens', 

'pela', 'problema', 'que', 

' santander_br ', 'sem', 'são', 'te', 

'ter', 'veja', 'viajo', 'vida', 

' voegoloficial ', 'volta', ' voos ', 

'ynkc9wj4c5']

document

term frequency
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}Term FrequencyðInverseDocumentFrequency,

}TFðIDF or TFIDF,is a numericalstatistic that is intended to

reflect how importanta word is to a documentin a corpus

} It is a weightingschemethat combinesthe definitionsof term

frequency and inverse document frequency to produce a

compositeweight for eachterm in eachdocument(WEISSet

al.,2013)

Text Pre-processing
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}Vector SpaceModel(VSM)

}TF-IDF

Term /Document term 1 term 2 term 3 term 4

Document1 0.6 0.9 0.6 1.0

Document2 0.1 1.0 0.2 0.1

Document3 0.5 0.6 0.7 0.0
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}VSM(TF-IDF + holdout method)

})from sklearn . feature_extraction . text import TfidfVectorizer

from sklearn . model_selection import train_test_split

training_data , evaluation_data , training_polarity , 

evaluation_polarity = train_test_split ( dataset , polaridade, 

test_size =0.30 )

print (ñTraining dataset " )

print ( training_data )

print ( training_polarity )

print (ñEvaluation dataset " )

print ( training_data )

print ( training_polarity ) 

bag = TfidfVectorizer ()

training_bag = bag . fit_transform ( training_data ) ...

Text Pre-processing
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}VSM(TF-IDF + holdout method)

(0, 29) 0.3078630369734826

(0, 4) 0.3078630369734826

(0, 56) 0.25555275974918445

(0, 45) 0.1661277501805219

(0, 67) 0.3078630369734826

(0, 43) 0.3078630369734826

(0, 36) 0.3078630369734826

(0, 20) 0.21843802740482007

(0, 69) 0.25555275974918445

(0, 37) 0.3078630369734826

(0, 28) 0.25555275974918445

(0, 14) 0.25555275974918445

(0, 48) 0.3078630369734826

(1, 56) 0.3107768781137932

(1, 28) 0.3107768781137932

(1, 14) 0.3107768781137932

(1, 8) 0.3107768781137932

[' aguento ', 'amo', 

'anos', 'as', 

' australiaaaaa ', 

' aviancabrasil ', 

'avisa', 'azul', 

' azulinhasaereas ', 

' brasil ', 'cancelar', 

'cancelou', 

' carolinabloom ', 

'co', 'com', 

'compradas', 'da', 

'de', 'disse', 

'duvidas', 'eu', 

'ferrando', 'hoje', 

' https ', 'h§', 'j§ô, 

...]

document

term TF-IDF
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}N-gram

} Is a contiguoussequenceof n items from a givensampleof

text or speech

}The itemscanbephonemes,syllables,letters,wordsé

http://recognize-speech.com/language-model/n-gram-model/comparison

Text Pre-processing
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}VSM+ N-gram (term frequency+ holdout method)

})from sklearn . feature_extraction . text import CountVectorizer

from sklearn . model_selection import train_test_split

training_data , evaluation_data , training_polarity , 

evaluation_polarity = train_test_split ( dataset , polaridade, 

test_size =0.30 )

print (ñTraining dataset " )

print ( training_data )

print ( training_polarity )

print (ñEvaluation dataset " )

print ( training_data )

print ( training_polarity ) 

bag = CountVectorizer ( ngram_range =(1, 2))

training_bag = bag . fit_transform ( training_data ) ...
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}VSM(term frequency+ holdout method)

(0, 56) 1

(0, 13) 1

(0, 23) 1

(0, 1) 1

(0, 48) 1

(0, 44) 2

(0, 18) 1

(0, 25) 1

(0, 8) 1

(1, 9) 1

(1, 36) 1

(1, 22) 1

(1, 29) 1

(1, 3) 1

(1, 47) 1

(1, 5) 1

['acabou', 'acabou se', 'agradeço', 

'agradeço retorno', 'amo', 'amo 

azul', 'amo https ', 'anos', 'anos 

que', 'as', 'as melhores', 

' aviancabrasil ', ' aviancabrasil são', 

'avisa', 'azul', ' azulinhasaereas ', 

' azulinhasaereas aviancabrasil ', 

' azulinhasaereas eu', 

' azulinhasaereas já', 'boa', 'boa 

viagem', ' brasil ', 'cancelou', 

'cancelou minhas', ' carolinabloom ', 

' carolinabloom azulinhasaereas ', 

'central', 'central preço', 'co', 'co 

p73wfiihnk', 'co ynkc9wj4c5', 

'coloca', 'coloca preços', 

'compradas', 'compradas pelaó, ...]

Text Pre-processing
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}VSM(term frequency+ k-fold method)

base = list ()

for i in range( len ( dataset )):

base. append ( tuple ([ dataset [i], polarity [i]]))

k_fold = KFold ( n_splits =4, shuffle =True )

accuracy = 0

for train , test in k_fold . split (base):

training_data = []

training_polarity = []

evaluation_data = []

evaluation_polarity = []

for x in train :

training_data . append (base[x][ 0])

training_polarity . append (base[x][ 1])

for y in test :

evaluation_data . append (base[y][ 0])

evaluation_polarity . append (base[y][ 1])
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}Opinion MiningProcess(this course)

Data 
Collecting

Text Pre-
processing

Processing Evaluation

Processing - Supervised ML

PROPOR 2018 - September 24 - 26, Canela, Brazil 94

}Supervisedmethodsfor machinelearningrequire labeled

datato train the algorithm;

}In the caseof text mining,the goldenstandardis usedin

this step;

}The algorithm will use the labeled data to create a

classifier that is able to predict the correct label of

unseendata.
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Processing - Supervised ML
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}For the supervisedmachinelearningmethods,two steps

arenecessary: training andtesting ;

}The labeleddata (golden standard)is divided into two

datasets,one for eachstep;

}The algorithmis trained usingone dataset(usuallybigger

thanthat usedfor test) andhasits performanceevaluated

usingthe other dataset.

Processing - Classifiers
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}In this tutorial, three supervised machine learning

algorithmsare utilized:

}Support Vector Machines (SVM)

}Naïve-Bayes

} Logistic Regression
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Processing - SVM
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Processing - Naïve-bayes

PROPOR 2018 - September 24 - 26, Canela, Brazil 98

}It utilizes the Bayesõtheorem and the conditional

probabilityfor eachclass;

}It isònaµveóbecauseassumesthe independencebetween

attributes;

}In this tutorial,we usedthe Multinomialversion(MNB).
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Processing - Logistic Regression
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}It is a linear classifier,that usesone hyperplanefor each

class;

}The distancebetweenan input and a hyperplanereflects

its probabilityof belongingto thathyperplaneõsclass.

Processing - Scikit -learn
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}Scikit-learn2 is an open-source machinelearningPython

library;

}It is largelyusedfor dataminingandtext mining;

}It provides resources for:

}Classification

}Regression

}Clustering

}Pre-processingé

}
2 http://scikit-learn.org/stable/
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Processing - Example using MNB
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from sklearn.naive_bayes import MultinomialNB

nb_modelo = MultinomialNB ()

nb_modelo.fit ( bag_treino.toarray (), pols_treino )

pols_pred_test = nb_modelo.predict ( bag_ test .toarray ())

Introduction to Opinion Mining
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}Opinion MiningProcess(this course)

Data 
Collecting

Text Pre-
processing

Processing Evaluation
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}CrossValidation

}One round of cross-validationinvolvespartitioninga sampleof

data into complementarysubsets,performing the analysison

onesubset(calledthe trainingset)

}Holdout

}The dataset is separatedinto two sets,calledthe trainingset andthe

testingset.

}K-fold

}The data set is divided into k subsets,and the holdout method is

repeatedk times. Eachtime,one of the k subsetsis usedasthe test

set andthe other k-1 subsetsare put together to form a trainingset.

Thenthe averageerror/accuracyacrossall k trials is computed.

Evaluation

PROPOR 2018 - September 24 - 26, 

Canela, Brazil

104

}Holdout

} 1/3 for testing

} 2/3 for training

}K-fold

}K=5

TRAIN

TRAIN

TEST
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}Holdout

training_data , evaluation_data , training_polarity , 

evaluation_polarity = train_test_split ( dataset , polaridade, 

test_size =0.30 )

Text Pre-processing
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}K-fold

from sklearn.model_selection import KFold

base = list ()

for i in range( len ( dataset )):

base.append ( tuple ([ dataset [i], polaridade[i]]))

k_fold = KFold ( n_splits =4, shuffle =True )

accuracy = 0

for train , test in k_fold.split (base):

training_data = []

training_polarity = []

evaluation_data = []

evaluation_polarity = []

for x in train :

training_data.append (base[x][ 0])

training_polarity.append (base[x][ 1])

for y in test :

evaluation_data.append (base[y][ 0])

evaluation_polarity.append (base[y][ 1])
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Evaluation
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}ConfusionMatrix

}Specific table layout that allows visualization of the

performanceof analgorithm

https://alearningaday.com/2016/09/14/confusion-matrix/

Evaluation
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}Accuracy

}How often is the classifiercorrect?

} (True Positives+ True Negatives)/ Total of all

}Recallor True Positiverate

}When it is actuallyyes,how often doesit predict yes?

}True Positives/ (True Positives+ FalseNegatives)

}Precision

}When it predictsyes,how often is it correct?=

}True Positives/ (True Positives+ FalsePositives)

}F-Score
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Evaluation
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}ConfusionMatrix

}Accuracy

} (5 + 4) / (5 + 3 + 2 + 4) = 0,64

}Recall

} 5 / (5 + 2) = 0,71

}Precision

} 5 / (5 + 3) = 0,62

Actual Value

Predicted

Value

Positive Negative

Positive TP = 5 FP = 3

Negative FN = 2 TN = 4

Evaluation
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}Accuracy,Precision,Recall,F-Scorefrom sklearn import metrics

from sklearn.linear_model import LogisticRegression

model = LogisticRegression ()

model.fit ( training_bag.toarray (), training_polarity )

polarity_prediction_evaluation = 

model.predict ( evaluation_bag.toarray ())

print ( " Accuracy " )

print ( metrics.accuracy_score ( evaluation_polarity , 

polarity_prediction_evaluation ))

print ( "F - score" )

print (metrics.f1_score( evaluation_polarity , 

polarity_prediction_evaluation ))

print ( "Recall" )

print ( metrics.recall_score ( evaluation_polarity , 

polarity_prediction_evaluation ))

print ( " Confusion Matrix" )

print ( metrics.confusion_matrix ( evaluation_polarity , 

polarity_prediction_evaluation , labels =[ - 1, 1]))
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