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Introduction to Opinion Mining

} The growth of social mediaand usergeneratedcontent
(UGC) on the Internet provides a huge quantity of
information that allows discovering the experiences,
opinions,and feelingsof users and customers (Marine
Roig 2019
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Introduction to Opinion Mining

} Electronicé Wo ofdVo u tptev@lentin busines§RAV!
RAVI,2015

} Productreviews moviereviews politicalorientation extraction,
stock marketpredictionsandothers

} Customersidentify online reviews as havinga significant
influenceon their purchasein variouseconomicsectors
(COMSCORE2016:

} Hotel 874 travel 84% restaurant79% legal 79% automotive
78% medical76% andhome 73%
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Introduction to Opinion Mining

} A murderedteen,two million tweets and an experiment
to fightgunviolence
} Researchersare usingAl to decodethe languageof Chicago

gangsNext t h e lgol foll opportunitiesto intervenebefore
onlineaggressioturns deadly

} Theythink that socialmediahistoriescanoffer 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

https://lwww.nature.com/articles/d41583.8061698
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Introduction to Opinion Mining

} A murderedteen,two million tweets and an experiment
to fightgunviolence

TWEET TRANSLATIONS

SAFElab works with community organizations and people formerly involved
with gangs to evaluate and contextualize tweets and images posted by
young people in Chicago, lllinois.

ANNOTATION AND LABELLING

The team marked up thousands of tweets and images and then labelled
them as pertaining to loss, aggression or other themes.

RIP (rest in peace) and BIP (ball The team added boxes around parts
in paradise) comes up commonly of images pertaining to drugs,
in tweets about loss. firearms, gang affiliations (such as

hand gestures and tattoos) and more.

X000 XK
@ARXKXKKKXK

= woke up thinkin yu was gon be here,

2:30am Names provide clear links
O 1 O O toreal events and people.

=
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Introduction to Opinion Mining

} Towards detecting influenza epidemics by analyzing
Twitter messages

MACHINE LEARNING

Labelled tweets are used to train natural-language-processing and
computer-vision models, which sort novel tweets into categories such
as loss and aggression.

: m
2 ~N

Aggression Grief or loss Other
enature (such as substance use)
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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 proposedto identify influenzarelated
messagesand compare a number of regression models to
correlatethesemessagewith CDC statistics

} 500000 Twitter messagespannind.0 weeksthey find that the

bestmodelachieves correlation of .78 with CDC statisticsby
leveraging documentclassifieto identifyrelevantmessages

https://dl.acm.org/citation.cfm?id=1964874
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Introduction to Opinion Mining

} In Brazil?

Contatos

Manoel Fernandes J

Diretor BITES B ] T E S
manoelffemandes@bites com.br

[11) 38145928 ————

INTERNET E REDES SOCIAIS VAO INFLUENCIAR A
DECISAO DE VOTO DE 43,4% DOS ELEITORES BRASILEIROS

Pesquisa também revela que 59,5% dos entrevistados pretendem acompanhar as
publicagoes dos seus candidatos no Facebook, Youtube, Instagram e Twitter

www.ideiabigdata.com
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Introduction to Opinion Mining

} Internet e RedesSociaisrao Influenciara Decisaode Voto
de 434%dos EleitoresBrasileiros

A internet vai influenciar sua

decisdo quanto as elei¢ies? Qual a rede de sua preferéncia para acompanhar
os posts dos candidatos nas redes sociais?

YouTube - 13.2%
Instagram - 1.5%
Twitter - 8.9%

WhatsApp . 4.8%

*Sim *Nao tinkeain [ 3:2%

www.ideiabigdata.com
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Introduction to Opinion Mining

} Leadingcountriesbasedon numberof Twitter usersasof
April 2018 (in millions)
Japan

France

o 10 20 30 40 50 60 70 )
Number of active Twitter users in millions

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

Distribution of languages used in Tweets around the world (September 2013)
English 34%
Japanese
Spanish _ 12%
vatsy | Hellol st
- Portuguese _ 6%
arabic || ¢

French - 2%
Turkish - 2%
Thai [ 1%
Korean . 1%

www.statista.com
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Introduction to Opinion Mining

} Leadingcountriesbasedon numberof Facebookusersas
of July2018(in millions)

India

United States
- -
Indonesia

Mexico

Philippines

Vietnam

Thailand

Turkey

United Kingdom

0 50 100 150 200 250 300 .
Number of Facebook users in millions www.statista.com
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Introduction to Opinion Mining

} Top Ten Languageis the Internet (December2017)
spanish ) N 55!
arcbic 23 [ 10
- Portuguese [N [ 169

indonesia ™= [N 160

French [N NN 134
Japan | [ 118

russin w109

German =2 NN w

All the rest 950

[ 100 200 300 400 500 600 Too 800 900 1000 1100 1200
Millions of Users

https://www.internetworldstats.com/stats7.htm
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Introduction to Opinion Mining
} TheWorld's Most SpokenLanguages
Estimated number of first-language speakers worldwide in 2017 (millions)
Chinese 1,284
Spanish 437
English 372
Arabic 295 >
Hindi 260 -
Bengali 242
[;y Portuguese 219
Russian 154
Japanese 128
,,,,,,,, R STalISIE GO
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Introduction to Opinion Mining

} Text miningor KnowledgeDiscoveryfrom Text (KDT) is
the processof extractingknowledgefrom a largeamount
of unstructureddata(DELEN CROSSLAND2008.

} This term was first mentionedin 1995 by Feldmanand
Dagan as a machine supported analysis of text
(FELDMANDAGAN, 1995.
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Introduction to Opinion Mining

} Text miningtaskssurveyedfrom (DELEN CROSSLAND,

2008 HOTHO et al, 2005 SHt KONG, 2009 WEISSet
al,2013 daSilvaConradoet al, 2014

Text
Classification
| Text Clustering

Text Mining
Tasks —_—
Topic / Summarization
Tracking

Information Information
Retrieval Extraction

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

Introduction to Opinion Mining

} Opinion Mining (OM), also known as SentimentAnalysis,
is the field of study that analyzesp e o p $emtidents,

evaluations,opinions, reviews, attitudes, and emotions

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

2009.

} Accordingto an extensivesurvey performed by PANG,
LEE(2008, the term OM appearedor the first time in a
paperby KUSHAL LAWRENCEPENNOCK (2003

p 18 -'"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Introduction to Opinion Mining

} Researcherhaveconsideredvariousaffecttypes suchas
the six universalemotions anger,disgustfear, happiness,
sadnessandsurprise(PANG; LEE2008.

} OM has been performed in various classeslike binary,
ternary,n-ary in the form of starsandothers (RAVt RAVI,

2015.
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Introduction to Opinion Mining

} OMisconsideredasao t echassification a sirkwhicha
opinion is classifiedinto categories,such as positive
negativeor neutrglusingvarioustechniquesrom Natural
LanguageProcessing(NLP), Information Retrieval (IR),
andDataMining(DM).

} This kind of classificationis also referred to as sentiment
polarity or polarity classificatiofPANG, LEE2008
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Introduction to Opinion Mining

} OM is observedto be carriedout in three differentlevels
documentsentenceandaspect{FELDMAN2013.

/4 )
\

Document level classifies the whole
document 6s opi
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Introduction to Opinion Mining

} OM is observedto be carriedout in three differentlevels
documentsentenceandaspect{FELDMAN2013.

. . Sentence level classifies the sentences'
opinion from a document
p 22 .'".MhﬂngBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Introduction to Opinion Mining

} OM is observedto be carriedout in three differentlevels
documentsentenceandaspect{FELDMAN2013.

Aspect or feature level focuses on all
expressions of sentiments present within
a given document and the aspect to
which it refers

p 23 .‘"-Miningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Introduction to Opinion Mining

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

} Facebookand Twitter are important sourcesof opinions,
howeverthe former is lessusedin text miningasit often
contains non-text data and the analysisof the text by
itself is not effective (EVANGELISTAPADILHA, 2013
PAK, PAROUBEK2010.

} Other sourcesof opinions are the web pagesof goods and

services suppliers such as bookingcom, amazortom, and
others

p 24 -'"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Introduction to Opinion Mining

} Text type (unstructured)
} Almostall onlinetexts ignorespellingandgrammarrules

} Thiskind of texts havebeenclassifiedsnoisyasthey still pose
considerableproblems both at the lexical and the syntactic
levels(MOSTAFA2013.

} Jargongontractionsof existingwords,abbreviationghe use of
emoticons,and the creation of new words are the norm for
onlinetexts.

p 25 .‘"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Introduction to Opinion Mining

} The OM canbe performed usingMachineLearning(ML)
andlexiconbasedapproaches

} There are alsohybrid approachesvhich makeuseof both
ML and lexiconbasedapproachestMEDHAT, HASSAN
KORASHY2014 PANG; LEE2008 RAVI RAVI,2015

» 26 -"’-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Introduction to Opinion Mining

} OM approaChes A Decision Tree
R Supervised | |
Learning Ly Linear
Classifiers
5 Machine | |
Leaming
= Rule-based
£ Probabilistic
Classifiers
Opinion Mining |
Ly Unsupenised
Learning
— WManual
S Lexicon-based —4Dicﬁonan‘-based
LY Corpus-based
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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
(BALAZSVELASQUEZ016.

} Two sets of annotateddata are needed one for training and
other testing

} ML haveyielded high accuracybut they need a considerable
amount of labeled data, commonly built manually and
dependenibn languaganddomain

} A number of supervisedML algorithms have been used to

classifyopinions Naive Bayes Support Vector Machinehave
achievedyreatsuccessor OM (RAVIRAVI,2015

» 28 -'.'-MinlngBR 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

(BALAZ

} Two se
other t

} ML ha nsiderable
amoun nually and
depend
} A number of supervisedML algorithms have been used to
classifyopinions Naive Bayes Support Vector Machinehave
achievedyreatsuccessor OM (RAVIRAVI,2015

aining and
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Introduction to Opinion Mining

} The lexicon -based approach,also known as semantie
basedor symboliebasedmakesuse of positive opinion
words,usedto expresssomedesiredstatesandnegative
opinionwords,usedto expresssomeundesiredstates
} There are alsoopinion phrasesandidiomswhich together are

calledopinionlexicon(MEDHAT, HASSANKORASHY2014).

} The accuracyof OM basedwhich uses supervisedML or
lexiconcanbe influencedby the domainof the itemsto which
it is applied

} Accordingto PANG, LEE(2008, one reasonis that the same
phrasecanindicatedifferentsentimentin differentdomains
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Introduction to Opinion Mining

} Theunsupervised ML

} Clusteringbasedopinion miningapproache®xplicitly consider
clusteringas an optimizationproblem,where a givenarbitrary
objectivefunctionmustbe optimized

} Text clusteringis an approachfor automaticallyfindingclasses,
conceptspr groupsof patternsfrom unstructureddata

} It seeksto partition an unstructured set of objects into
clustersor groups

} Thus,the objects haveto be similarto objectsin the same
clusteranddissimilarto objectsfrom other clusters

p 31 .‘"-Miningnn PROPOR 2018 - September 24 - 26, Canela, Brazil
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Introduction to Opinion Mining

} Opinion Miningandthe Portuguesd.anguage

} Portugueseis one of the most used languagesn the world,
with almost 270 million people speakingsome variant of the
languagén ten countries*

} In text mining,works dealingwith Portugueselanguageare
scarce,and most efforts are directed towards the English
languaggLIU; ZHANG, 2012 PANG, LEE,2008 RAVI RAVI,
2015 CALDERONEet al, 2015

} PortugalandBrazilare the maincontributors in processinghe
PortuguesdanguagéPARDOet al, 2010 SOUZAet al, 2016

Brazil (202656788, Mozambique (24692144), Angola (24300000, Portugal (10.813834), GuineaBissau
(1.693398), EastTimor (1.201542), EquatorialGuinea(722254), Macau(587.914), Cabo Verde (538535 and
Sé&odlomé e Principe(190428). Dataextracted from US/CIA- TheWorld Factbook(July2014
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Characterizing Opinion Mining: a Systematic
Mapping Study of the Portuguese Language

Ellen SouZe, Douglas Vitérié, DayvidCastrot, Adriano Oliveird, Cristine Gusméagd

1.MiningBRResearch Group, Federal Rural UniversityPefnambucqUFRPE), SerialhadaPE, Brazil
2. Centro delnforméticaFederal University dPernambucd¢CIn-UFPE), Recife, PE, Brazil
3. Centro deTecnologiee Geociéncias Federal University dPernambuc¢CTG-UFPE), Recife, PE, Brazil

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

} RQL:What is the evolutionin the numberof publicationaup to year
2014

} RQ2: Which individualsprganizationsand countries are the main
contributorsin the researcharea?

} RQ3: What are the mining techniques and tools applied to
Portuguese’How they were evaluatecandwhichlevelsof sentiment
analysisvere adopted?

} RQ4:What are the characteristicof the datasetused?

DOI 10.1007/97&-319415529 12
p 33 -:::-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil

Characterizing Opinion Mining: a Systematic
Mapping Study of the Portuguese Language

Manual (M) and automated (A) data sources Type Retrieved Included oM
Studies _ Studies

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

Text Mining and Applications (TEMA) M 34 6 1

Brazilian Workshop of Social Network Analysis a M 99 11 7

Mining (BRASNAM)

Brazilian Symposium on Information and Hum M 251 44 1

Language Technology (STIL)

ACM symposium on Document engineering (DocEng)
Linguateca Databasenvw.linguateca.pt

Message Understanding Conferences (MUC)

Text Analysis Conference (TAC) 322
Text REtrieval Conference REC) 1715

M 273 1

M

M

M

M
Document Understanding Conferer{(E8JC) M 167

A

A

A

A

A

A

1312 30
159 -

IEEE Xplore Digital Library 306 19 5
ACM Digital Library 277 29 7
Science Direct 159 4 -
Scopus 552 21 2
Portal de Periddicos Capes 229 15 -
SciELO Scientific Electronic Library Online 2 1 -
TOTAL 6075 203 25

p 34 -'"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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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%, European16%9, N/A (16%

Temporal distribution of primary studies

12
11
10
9
8
7 N/A
6
5 = Europeran
4 ® Brazilian
3 -
2 ;
l -
0 L T T - T - T T
2009 2010 2011 2012 2013 2014
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Characterizing Opinion Mining: a Systematic
Mapping Study of the Portuguese Language

} RQ2: Which individualsprganizationsand countries are the
maincontributors in the researcharea?

} As statedby [6], researchinterest on Portugueseprocessings
sharedmainlywith PortugalandBrazil

} BRASNAMappearsaasthe mainvenuein the researchareg

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 Lisbo Portugal
3 Mario J. Silva  Universidade de Lisbo Portugal
3 Karin Becker UFRGS Brazil
3 Luis Samento  Universidade do Porto Portugal
p 36 -:::-MinlngBR PROPOR 2018 - September 24 - 26, Canelﬁazil
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Characterizing Opinion Mining: a Systematic
Mapping Study of the Portuguese Language

} RQ3: What are the mining techniquesand tools appliedto
Portuguese?

} PythonNLTK andWeka
} Precisionrecallandf-measurg44%, Accuracy(40%

Levels of Opinion lexicon (%)

sentiment analysis OpenWordNet-PT

SentiWordNet
Featur Corpus-based
0% Sentimeter-BR
SentiStrength
SentiLex-PT

OpLexicon

Others

0 5 10 15 20 25
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Characterizing Opinion Mining: a Systematic
Mapping Study of the Portuguese Language

Pre-processing tasks (%) Processing tasks (%)
NER Ontology
Lemmatization
Tokenization Decision Tree
N/A
) Rule and Pattern-
Sentence splitter based
Bag of words Support Vector
Normalization Machine
POS

Hybrid approaches

Stemming
TF-IDF Bayesian Classifier
n-grams
Stopword Opinion lexicon
0 10 20 30 40 0 20 40
p 38 -:::-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Characterizing Opinion Mining: a Systematic
Mapping Study of the Portuguese Language

} RQ4:What arethe characteristicof the datasetused?
} Two studieshaveusedpubliclyavailablelatasets
} Twitter wasusedby 41%of all studies

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

Opinion domain

News
Car Traffic
Stock market
Sport fans
N/A
Electors
Consumers ‘

T T
0 10 20 30 40
» 39 .‘"-M|ningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Characterising Text Mining: a Systematic
Mapping Review of the Portuguese Language

Ellen SouZe&? ; Danilo Costa ; Dayvidw. Castro! ; Douglas Vitérid ; Ingryd
Teles ; Rafaela AImeidaTiago Alves;AdrianoL.1.Oliveir& ; Cristine Gusmaco

1.MiningBRResearch Group, Federal Rural UniversityPefnambucqUFRPE), SerfalhadaPE, Brazil
2. Centro delnforméticaFederal University dPernambucdCIn-UFPE), Recife, PE, Brazil
3. Centro deTecnologiae Geociéncias Federal University dPernambuc¢CTG-UFPE), Recife, PE, Brazil

} RQ: What is the current state of text mining appliedto the
Portuguesdanguage?

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

} RQ2: Which individualsprganisationsand countries are the main
contributorsin the researcharea?

} RQ3: What are the text miningtasksand subtasksappliedfor the
Portuguesdanguage?

} RQ4:What are the miningtechniquesalgorithmsmethodsandtools
availableo the Portuguesdanguage?

} RQ5:What are the characteristic®f the corporaused?
} RQ6:How were the text miningapproachegvaluated?

DOI: 10.1049ikt-sen2016.0226
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Python Language

} Pythonis aninterpreted highlevel programminganguage
for generalpurposeprogrammingCreated by Guido van
Rossumandfirst releasedn 1991

& python’

About Downloads Documentation Community

Download the latest version for Windows y

Download Python 3.7.0

Looking for Python with a different 0S? Python for Windows,
Linux/UNIX, Mac 05 X, Other

Want to help test development versions of Python? Pre-releases

Looking for Python 2.7? See below for specific releases

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

p 41 .‘"-Miningnn PROPOR 2018 - September 24 - 26, Canela, Brazil
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Anaconda

} PythonData SciencePlatform

} Open source AnacondaDistribution to do PythonandR
data scienceand machinelearningon Linux, Windows,
andMacOS X

Anaconda 5.2 For Windows Installer

Python 3.6 version ” Python 2.7 version ”
& Download & Download

64-Bit Graphical Installer (631 MB) 64-Bit Graphical Installer (564 MB)

32-Bit Graphical Installer (506 MB) 32-Bit Graphical Installer (443 MB)

Download: https://www.anaconda.com/download//
p 42 -:::-MinlngBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Python Libraries

} DataCollecting

} Twitter RESTAPlandStreaming\PI
Tweepy

} FacebookGraphAPI
Requests

} Web Crawler
Requests

} Web Scrapping
BeautifulSoup
Seleniun{dynamicpages)
WebDriver (browser)

p 43 PROPOR 2018 - September 24 - 26,
Canela, Brazil

Python Libraries

} Text Pre-processing
} Natural Languag@oolkit (NLTK)
} Installanddownloadthe resources

»>» import nltk
»>» nltk.download()

} Scikitlearn

} Pre-processingandEvaluation
} Scikitlearn

p 44 PROPOR 2018 - September 24 - 26,
Canela, Brazil
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Introduction to Opinion Mining
} Opinion MiningProcesqthis course)

Data Text Pre- . .

p 45 .‘"-Miningnn PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Twitter

} For this tutorial we usedopinionsextractedfrom Twitter ;

} Twitter is one of the most popular socialnetworks,and
its messagesalledtweetshavea limit of 280 characters

} To extract thesetweetsthe Twitter providestwo APIsthe
RESTAPlandthe StreamingAPL

p 46 -'.'-MinlngBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Twitter APIs

} The RESTAPIis usedto collecttweetdrom the lastseven
days

} While the StreamingAPI is used to collect reattime
streamsof tweets

p 47 .‘"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Tweepy

} To accesghe Twitter APl,we useda Pythonlibrary called
Tweepy;
} It providestools to accesdoth APIs

1 Ihttp://lwww.tweepy.org

p 48 -'.'-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Twitter Apps

} However, to extract tweetsit is necessaryto have a
Twitter accountandcreateaTwitter Application

} And sinceJuly2018 to createanapplicationit is required
anapproveddeveloperaccount

W Application Management

FL I3
. o~
"ot

Twitter Apps

apply for a Twitter developer account

developer.twitter.com

Apply for a developer account

p 49 .‘"-Miningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Twitter Apps

} Sincewe have created a Twitter applicationwe obtain
accesgo the four keysnecessaryo extract tweets
} Consumer Key (API Key)
} Consumer Secret (API Secret)
} Access Token
} Access Token Secret

p 50 -'"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Twitter Apps

PROPOR 2018 Tutorial

Details Settings Keys and Access Tokens Permissions

Application Settings

consumer key (AP key) [N EEEEEEEEEE

Access Level Read and write (modify app permissions)

Owner MiningBRGroup

p 51 .‘"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Twitter Apps

Your Access Token

AEEESS TDKEH _

Access Token Secret |

Access Level Read and write

Owner MiningBRGroup

owner o I

p 52 -'.'-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Tweets extraction

} For this tutorial, we collected tweetscontainingopinions
aboutthree Brazilianairlines
} LATAM (@latam_bra
} Azul(@azulinhasaereps
} Gol (@voeGOLoficig)
} Usingthe RESTAPL

import  tweepy

auth = tweepy.AppAuthHandler (6CONSUMER KEXNSUMER $ECRET
api = tweepy.APl (auth , wait_on_rate_limit =True ,

wait_on_rate_limit_notify =True )

query = "@LATAM_BRA OR @eGOLoficial OR @zulinhasaereas

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

p 53 ;"-Miningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Tweets extraction

} If we hadusedthe StreamingAPI,the code would be like

this:
access_token = AACCESS TOKEN"
access_token_secret =AACCESS TOKEN SECRET"
consumer_key = i CONSUMER KEY"
consumer_secret =ACONSUMER SECRET"
tl = TwitterListener 0
oauth = OAuthHandler (consumer_key , consumer_secret )
oauth.set_access_token (access_token , access_token_secret )
stream = Stream (oauth , tl )
stream. filter (track =[6 @L AT AM, BR@aOLoficial ', 6 @ezulinhasaereas '])
p 54 -"’-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Golden collection

} After the extraction, the collected tweetshave to be
manually classifiedto become what is called o Go | d
c ol | e(ortgoldenstandard)

} As Opinion Mining generallyuses supervisedmachine
learning techniques,the classifiersmust receive some
labeleddatafor training

} So, the Golden collection is necessaryto train the
classifierandthento evaluatetheir performance

p 55 .‘".mningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Golden collection

} For this tutorial, we manuallyclassifiedthe extracted
tweetdy their polaritiesinto three categories
} Negative
} Neutral
} Positive
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Data collecting - Golden collection

} Examples

N&o suporto a @/oeGOLoficial Negative
@LATAM_BRA Preciso cancelar uma passagem Neutral
Ja tenho minha companhia aérea preferidaz@inhasaereas Positive

@O

p 57 .‘".mningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Data collecting - Kappa coefficient

} Usually, the tweets are labeled by more than one
annotatorwith the goalto reducemisclassifications

} The Kappacoefficientmeasureshe agreementbetween
two ( C o h Kappaer more ( F | Kapmagmnhotators

} We calculatedthe Kappacoefficientvaluefor our golden
standardreaching71%of agreement
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Introduction to Opinion Mining

} Opinion MiningProcesqthis course)

Data Text Pre- . .

» 59 ;"-Miningan PROPOR 2018 - September 24 - 26, Canela, Brazil
e

Text Pre-processing

} Textual information is often unstructured and without
standardizatiomules

} To preparethe text informationin a way that classifiers
can understand and work with, we use some pre-
processing methods, such as Tokenization, Stopword
RemovalStemming Filtering Bagof Words, Vector Space
Modelandothers
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Text Pre-processing

} NLTK Resources
} http://mww.nltk.org/nitk_data/
} http://mww.nltk.org/howto/portuguese_eitmi

21 P Treebank [ download | source ]

22. FrameNet 1.5 [ download

1d: framenet_v1s; size: 63337

[
[

1d: framenet_v17; size: 99207

25. Gen

source |
91; author: Collin F. Baker; copyright: ; license: May be used for non-commercial purposes

. FrameNet 1.7 [ download | source ]
52; author: Collin F. Baker; copyright: ; license: Creative Commons Attribution 3.0 Unportdg

id: floresta; size: 1882021; author: ; copynight: ; license: Non-commercial use only;

24. Gazeteer Lists [ download | source ]
id: gazetteers; size: 8265: author: : copyright: : license: GNU Free Documentation License: or public domain (depending

is Corpus [ download | source ]

id: genesis: size: 473239: author: : copyright: public domain: license: public domain:

26. Project Gutenberg Selections [ download | source
id: gutenberg; size: 4251829; author: ; copyright: public domain; license: public domain;

27. NIST IE-ER DATA SAMPLE [ download | source ]
id: ieer; size: 166156, author: ; copyright: ; license: ;

p 61 .‘"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} NLTK Resources

33. Lin's Dependency Thesaurus [ download | source ]
1d: 1in_thesavrus; size: 89154019; author: Dekang Lin; copynight: ; license: Distri]

"
=

34. MAC-MORPHO: Brazilian Portuguese news text with pavt-of-speech tags [ downl
1d: mac_morpho: size: 3013904: author: : copyright: : license: Distributed with perm:
Carlos. Universidade Federal de Sao Carlos (UFSCar). Universidade Estadual Paul

35. Machado de Assis -- Obra Completa [ download | source ]
id: machada: size: 6151774: author: Machado de Assis: copyright: : license: Public
36. MASC Tagged Corpus [ download | %7 Fora2Vec Sample [download source] =~
id: masc_tagged; size: 1602143; aut 1d: word2vee_sample; size: 49396025; author: ; copyright: ; license: ;
development, including commercia 98. VADER Semtiment Lexicon [ download | source
37. Sentiment Polarity Dataset Version 1d: vader_lexicon: size: 90486; author: C.J. Hutto and Eric Gilbert: copyright: : license: MI
i mevie_revieus; size: 400434%; 4 99. Porter Stemmer Test Files [ download | source ]
id: porter_test: size: 200510: author: : copyright: : license: ;
100. RSLP Stemmer (Removedor de Sufixos da Lingua Por 1) [ download | source ]
id: rslp; size: 3805; author: Viviane Moreira Orengo (vmorenge @inf ufrgs.br) and Christiaf
101. Swowball Data [ download | source ]
1d: snowball_data; size: 6785405; author: ; copynight: ; license: ;
102. Averaged Perceptron Tagger [ download | source ]
1d: averaged_perceptron_tagger: size: 2526731: author: : copvright: : license: :
p 62 -"’-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} Tokenization
} Word
} Sentence
} Twitter

Stopword Removal
Stemming

Vector SpaceModel (VSM)
THIDF

N-gram

L L S A S )
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Text Pre-processing

} Tokenizers are used to divide strings into lists of
substrings
} Sentencdokenizercanbe usedto find the list of sentences
} Word tokenizercanbe usedto find the list of words in strings
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Text Pre-processing

} Tokenization(Sentence)

import  nltk
from nltk .tokenize import sent_tokenize

text = "eundo aguento mais ter problema com minha volta
da australiaaaaa Il para de cancelar meus voos @LATAM_BRA"

print (sent_tokenize (texto ))

p 65 ;"-Miningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} Tokenization(Sentence)

import  nltk
from nltk .tokenize  import sent_tokenize

text = "eundo aguento mais ter problema com minha volta
da australiaaaaa Il para de cancelar meus voos @LATAM_BRA"

print (sent_tokenize  (texto ))

[eu ndo aguento mais ter problema com minha volta da
australiaaaaa II', 'para de cancelar meus voos

@LATAM_BRA1

) 66 -"’-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} Tokenization(Word)

import  nltk
from nltk .tokenize  import word_tokenize

text = "eundo aguento mais ter problema com minha volta
da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

print (word_tokenize (texto))

p 67 ;"-Miningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} Tokenization (Word)

import  nltk
from nltk .tokenize  import word_tokenize

text = "eundo aguento mais ter problema com minha volta
da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"

print (word_tokenize (texto))

['eu’, 'nao’, ' aguento ', 'mais', 'ter', 'problema’,
‘com’, 'minha’, 'volta’, 'da’, ' australiaaaaa ', "'

1
ne

I' '‘para’, 'de', 'cancelar', 'meus’, ' voos ', '@'
'LATAM_BRA]]
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Text Pre-processing

} Tokenization (Tweet)

import  nltk
from nltk .tokenize import TweetTokenizer

text = "eundo aguento mais ter problema com minha volta
da australiaaaaa Il para de cancelar meus voos @LATAM_BRA"
tknzr = TweetTokenizer ()

print (tknzr . tokenize (texto))
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Text Pre-processing

} Tokenization (Tweet)

import  nltk
from nltk .tokenize import TweetTokenizer

text = "eundo aguento mais ter problema com minha volta
da australiaaaaa !! para de cancelar meus voos @LATAM_BRA"
tknzr = TweetTokenizer ()

print (tknzr .tokenize (texto))

['eu’, 'nao’, ' aguento ', 'mais', 'ter', 'problema’,
‘com’, 'minha’, 'volta’, 'da’, ' australiaaaaa ', "'

ne

I' '‘para’, 'de', 'cancelar', 'meus’, ' VOOoSs ',
'@LATAM_BRA]
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Text Pre-processing

} PortugueseStopwords
} Stopwords usuallyrefers to the most common words in a
language
} Stopwords are filtered during processing of natural
languagelata(text)
} NLTK includesPortuguesestopwords
[a','a0','aos', '"aquela’, 'aquelas’, 'aquele’, 'aqueles’, ‘aquilo’, ‘as’, ...]
import  nltk
from niltk .corpus import stopwords

pt_br_stop_words =set( stopwords . words (' portuguese '))
print (fAPortuguese  Stopwords ")
print ( pt_br_stop_words )
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Text Pre-processing

} Stopword Removal

import  nltk
from nltk .corpus import stopwords

text = "eundo aguento mais ter problema com minha
volta da australiaaaaa Il para de cancelar meus VOOS
@QLATAM_BRAAR

word_tokens = word_tokenize (texto)
text_after_stopword =[w for win word_tokens if not w
in pt_br_stop_words ]
print (text_after_stopword )
» 72 -:':-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} StopwordRemoval

['eu’, 'ndo’, ' aguento ', 'mais', 'ter', 'problema’,

‘com’, 'minha’, 'volta’, 'da’, ' australiaaaaa i
"' '‘para’, 'de’, 'cancelar', 'meus’, ' voos ', '@',
'LATAM_BRA]]

[ aguento ', 'ter', 'problema’, 'volta’,
' australiaaaaa L 'cancelar’, !
'LATAM_BRA]
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Text Pre-processing

} Stopword Removal
} Casesensitive
} Lower case

['eu’, , aguento ', 'mais', 'ter', '‘problema’,

‘com’, 'minha’, 'volta’, ‘'da’, ' australiaaaaa i
'I' '‘para’, 'de’, ‘cancelar’, 'meus’, ' voos ', '@',
'LATAM_BRA]

, 'ter', 'problema’, ‘volta’,

[ ,' aguento
' australiaaaaa L ‘cancelar', !
'LATAM_BRA']
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Text Pre-processing

} Stemming
} Thismethodtry to buildthe basicforms of words,i.e. strip the
plurald $rdin nounsthe dngdfrom verbs,or other affixes

} A stem is a natural group of words with
equalor very similarmeaning

} After the stemmingprocesseveryword 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

p 75 .‘"-Miningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} Stemming

import  nltk
from nltk .stem import RSLPStemmer

stemmerPT = RSLPStemmer()

text = "eundo 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 win word_tokens if not win
pt_br_stop_words ]

for w in text_after_stopword
print ( stemmerPT . stem (w))
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Text Pre-processing

} Stemming

aguent

ter

problem

volt
australiaaaa

I
!

cancel
VOO
latam_br

» 77 ;"-Miningan PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} Partof-speech

} Partof-speechtagging(POStaggingor PoStaggingor POST),
also called grammatical tagging or  word-category
disambiguations the processof markingup a word in a text
(corpus)ascorrespondingo a particularpart of speech

Open class words = Closed class words  Other

ADJ AEDE PUNCT
ADV AUX S¥M
INTJ CCoNJ X
BECOEN MU
ERON
SCoONJ
p 78 -:::-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} PortuguesePartof-speech(FlorestaSinta(c)ticg

n noun

prop proper noun

ad] adjective

n-adj betweennounandadjective
v-fin finite verb

y _vint infinifive verb
V-pcp participleverb
V-ger gerundverb

art article

pron-pers __personajpronoun
Bl, pron-det _determinativepronoun
pron-indp__independenpronoun

adv adverb
num numeral
prp preposition
[[l] Interjection
co conts subordinatingonjunction
N} “confc coordinatingconjunction
» 79 -:::-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil

Text Pre-processing

def simplify_t (®:
} Part'Of'SpeeCh © ;Imr')'l”inag t:

return [ tindex ("+" )+1:]

else :
return  t

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]

tagger0O =  nltk . DefaultTagger ('n' )

taggerl = niltk . UnigramTagger (train , backoff =tagger0)

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

text = word_tokenize ("eundo aguento mais ter problema com
minha volta da australiaaaaa Il para de cancelar meus VOO0S
@LATAM_BRA"

) print  (tagger2. tag (text ))
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Text Pre-processing

} Vector SpaceModel

dataset =[( "@azulinhasaereas , ja disse que te amo?
https://t.co/YnkcOWj4c5" ), ("eundo aguento mais ter problema
com minha volta da australiaaaaa Il para de cancelar meus VOOS

@LATAM_BRA;( "@LATAM_BRA Agradeco o retorno, mas tudo
acabou se resolvendo, ndo demorou muito a decolar e fiz boa
viagem." ), ( "H& anos que nao viajo nessa merda de

@/0eGOLoficial mesmo... https://t.co/p73WfiiHNK" ), ( "@VEJA
Sem duvidasa @ azulinhasaereas e a @ AviancaBrasil sao as
melhores hoje no Brasil." ), ( "Olhao @ santander_br ferrando a
minha vida! Cancelou minhas passagens compradas pela

@/0eGOLoficial , ndo me avisa" ), ( "@carolinabloom

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

("@azulinhasaereas , ja disse que te amo?

https://t.co/YnkcOWj4c5" ), ( "a @LATAM_BRA coloca pregos de
VOOS No site mas nao te deixa comprar, quando vc ligana
central o preco é outro." )]

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

Text Pre-processing

} Vector SpaceModel (VSM)
} Convertadocumentinto avector of numbers
} No matter what terms (words or n-grams)it convertsthe bag

into avector

a binary value (with 1 indicatingthat the term occurred in the
documentandO indicatingthat it did not)

aterm frequencyvalue(indicatinghow manytimesthe term occurred
in the documenj

aTFIDF value(e.g a smallfloatingpoint number)

Term /Document
1 0 1

Documentl 0
Document2 1 0 1 1
Document3 1 1 1 0

p 82 -:::-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} 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 (A Tr ai n dataset ")
print ( training_data )

print  ( training_polarity )
print ( AEvaluation dataset ")
print ( training_data )

print ( training_polarity )

bag = CountVectorizer ()

training_bag = bag. fit_transform (training_data ) ...

»s <'*MiningBR  PROPOR 2018 - September 24 - 26, Canela, Brazil

Text Pre-processing

} VSM(term frequency+ holdout method)

[ aguento ', 'amo’, 'anos', ‘as',

' australiaaaaa ',' aviancabrasil
‘avisa', '‘azul', ' azulinhasaereas
" brasil ', 'cancelar', ‘cancelou’,

' carolinabloom ', ‘co', 'com',
‘compradas’, 'da’, 'de’, 'disse’,

'duvidas', 'eu’, ferrando’, 'hoje’,

" https ', 'ha’, ja’, ' latam_bra
'mais', 'me’, 'melhores’, 'merda’,
‘'mesmo’, 'meus’, 'minha’, 'minhas’,

'p73wfiihnk’, 'para’, 'passagens’,

'pela’, 'problema’, 'que’,

' santander_br ', 'sem’, 'sdo’, 'te',

'ter', 'veja’, 'viajo', 'vida',

' voegoloficial ', 'volta', voos ',
'ynkc9wj4c5'

PRRPRPRPRPRPRPRRPREPNRRRRRE
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Text Pre-processing

} Term Frequencyd InverseDocumentFrequency,
} TROIDF or TFIDF,is a numericalstatistic that is intendedto
reflect how importantaword isto adocumentin acorpus
} It is aweightingschemethat combinesthe definitionsof term
frequency and inverse document frequency to produce a
compositeweightfor eachterm in eachdocument(WEISSet

al,2013
D
IDF(t) = log( ———
(1) og(DF(r))
W(t) = TF(d,t) *IDF(t)
p 85 -:::-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil

Text Pre-processing

} Vector SpaceModel (VSM)

} TRIDF
Documentl 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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Text Pre-processing
} VSM(TFIDF + holdout method)

from sklearn . feature_extraction
from sklearn . model_selection

training_data , evaluation_data
evaluation_polarity = train_test_split

test_size =0.30)

print (A Tr ai n dataset

print ( training_data )
print  ( training_polarity

print ( AEvaluation dataset

print ( training_data )
print ( training_polarity

bag = TfidfVectorizer

training_bag = bag. fit_transform

import  TfidfVectorizer
train_test_split

training_polarity
(dataset , polaridade,

(training_data ) ...

p 87 <”*MiningBR
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Text Pre-processing

m m R

[ 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§',
o]

) 88 {::-MiningBR

0.3078630369734826
0.3078630369734826
0.25555275974918445
0.1661277501805219
0.3078630369734826
0.3078630369734826
0.3078630369734826
0.21843802740482007
0.25555275974918445
0.3078630369734826
0.25555275974918445
0.25555275974918445
0.3078630369734826
0.3107768781137932
0.3107768781137932
0.3107768781137932
0.3107768781137932
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Text Pre-processing

} N-gram
} Is a contiguoussequenceof n items from a given sampleof
text or speech
} Theitemscanbe phonemes syllables]etters,wordsé
this,

IS,

N = 1 :[This|is|alsentence| unigrams:

sentence

this is,

N = 2 :[Thisl|is|a|sentence] vigrams: s

a sentence

N = 3 :[This|is a|sentence|tigrams: =2

http://recognizespeech.com/languageodel/ngrammodel/comparison
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Text Pre-processing

} 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 (A Tr ai n daeset ")
print ( training_data )

print  ( training_polarity )
print ( AiEvaluation dataset ")
print ( training_data )

print ( training_polarity )

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

training_bag = bag. fit_transform (‘training_data ) ...

»o <**MiningBR  PROPOR 2018 - September 24 - 26, Canela, Brazil
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Text Pre-processing

} VSM(term frequency+ holdout method)

['acabou’, 'acabou se', ‘agradeco’, 1
‘agradeco retorno', 'amo’, 'amo 1
azul', 'amo https ', 'anos', 'anos 1
que', 'as', 'as melhores', 1
' aviancabrasil ',' aviancabrasil sao', 1
‘avisa', 'azul', ' azulinhasaereas 2
" azulinhasaereas aviancabrasil 1
" azulinhasaereas eu’, 1
" azulinhasaereas ja', 'boa’, 'boa 1
viagem', ' brasil ‘', ‘cancelou’, 1
‘cancelou minhas', ' carolinabloom 1
' carolinabloom azulinhasaereas ' i
‘central’, ‘central pre¢o’, 'co’, 'co 1
p73wfiihnk’, 'co ynkcOwj4c5', 1
‘coloca’, 'coloca pregos', 1
'compradas', 'compradas 1
p 91 -:::-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil

Text Pre-processing

} VSM(term frequency+ k-fold method)

base = list ()
for i in range( len (dataset )):
base. append (tuple ([ dataset [i], polarity  [il]))

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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Introduction to Opinion Mining

} Opinion MiningProcesqthis course)

BEIE] Text Pre- . _

p 93 .‘"-Miningnn PROPOR 2018 - September 24 - 26, Canela, Brazil
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Processing - Supervised ML

} Supervisednethodsfor machinelearningrequire labeled
datato train the algorithm

} In the caseof text miningthe goldenstandardis usedin
this step

} The algorithm will use the labeled data to create a
classifierthat is able to predict the correct label of
unseerdata
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Processing - Supervised ML

} For the supervisedmachinelearningmethods,two steps
are necessanyfraining andtesting ;

} The labeleddata (golden standard)is divided into two
datasetspne for eachstep

} The algorithmis trained usingone dataset(usuallybigger
thanthat usedfor test) andhasits performanceevaluated
usingthe other dataset

p 95 .‘"-Miningnn PROPOR 2018 - September 24 - 26, Canela, Brazil
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Processing - Classifiers

} In this tutorial, three supervised machine learning
algorithmsare utilized
} SupportVector Machines (SVM)
} NaiveBayes
} Logistic Regression
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Processing - SVM

Separating

‘b
L *, Hyperplane
\
' -
3
‘»

Target=Yes

Target=No

Support Vectors

Support Vector Machine
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Processing - Naive-bayes

} It utlizes the B ay dhediem and the conditional
probabilityfor eachclass

} Itis0 n a |becaudeassumeshe independencéetween
attributes

} Inthistutorial, we usedthe Multinomialversion(MNB).
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Processing - Logistic Regression

} It is a linear classifierthat usesone hyperplanefor each
class

} The distancebetweenan input and a hyperplanereflects
its probabilityof belongingo thath y p e r lasa n e 0 4

p 99 .‘"-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil
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Processing - Scikit -learn

} Scikitlearr? is an opensource machinelearning Python
library;
} Itislargelyusedfor dataminingandtext mining
} It provides resources for:
} Classification
} Regression
} Clustering
} Preprocessingé

}  2http://scikitlearn.org/stable/
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Processing - Example using MNB

from sklearn.naive_bayes import  MultinomiaINB

nb_modelo = MultinomialNB ()

nb_modelo.fit  ( bag_treino.toarray (), pols_treino )
pols_pred_test = nb_modelo.predict (bag_test .toarray ())
p 101 -:::-MiningBR PROPOR 2018 - September 24 - 26, Canela, Brazil

Introduction to Opinion Mining

} Opinion MiningProcesqthis course)

Data Text Pre- : .
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Evaluation

} CrossValidation

} One round of crossvalidationinvolvespartitioninga sampleof
datainto complementarysubsetsperformingthe analysison
one subset(calledthe trainingset)

} Holdout

The dataset is separatednto two sets,calledthe trainingsetandthe
testingset

} K-fold
The data set is divided into k subsetsand the holdout method is
repeatedk times Eachtime, one of the k subsetsis usedasthe test

set andthe other k-1 subsetsare put togetherto form atrainingset
Thenthe averageerror/accuracyacrossall k trialsis computed
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} Holdout } K-fold

} /3 for testing } K=5
} 2/3for training

FOLD1 FOLD2 FOLD3 FOLD4 FOLDS
TRAIN ITERATION 1 | TRAIN ” TRAIN ” TRAIN ” TRAIN ” TEST |
ITERATION 2 | TRAIN “ TRAIN ” TRAIN || TEST ” TRAIN |
TRAIN ITERATION3 | TRAIN TRAIN TEST TRAIN TRAIN
ITERATION4 | TRAIN TEST TRAIN TRAIN TRAIN
TEST ITERATION 5 TEST “ TRAIN ” TRAIN “ TRAIN ” TRAIN
4 DATASET PARTITIONED INTO FOLDS f———1
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Text Pre-processing

} Holdout

training_data , evaluation_data , training_polarity ,

evaluation_polarity = train_test_split (dataset , polaridade,
test_size =0.30)
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Text Pre-processing

from sklearn.model_selection import  KFold
base= list ()
for i in range( len (dataset )):
base.append (tuple ([ dataset ([i], polaridadeli]]))
k _fold = KFold (n_splits =4, shuffle =True)
accuracy =0
for train , test in k_fold.split (base):
training_data =]
training_polarity =1
evaluation_data =1
evaluation_polarity =]
for x in train
training_data.append (base[x][ 0O])
training_polarity.append (base[x][ 1))
for y in test :
evaluation_data.append (basely][ 0])
evaluation_polarity.append (basely][ 1))
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Evaluation

} ConfusionMatrix

} Specific table layout that allows visualization of the
performanceof analgorithm

Actual Value
(as confirmed by experiment)

positives negatives
R 8 ™ FP
= &
S 2 I Folse
= a Positive Positive
- >
Q e}
= T w
i FN ™
Q T False True
o s [ Negative Negative
https://alearningaday.com/2016/09/14/confusiatrix/
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Evaluation

} Accuracy
} How oftenisthe classifieccorrect?
} (True Positivest True Negatives) Total of all
} Recallor True Positiverate
} Whenit is actuallyyes how often doesit predictyes?
} True Positived (True Positivest FalseNegatives)
} Precision
} Whenit predictsyeshow oftenisit correct?=
} True Positived (True Positivest FalsePositives)

precision - recall

} FScore F=2

precision + recall
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Evaluation
} ConfusionMatrix
Predicted Positive Negative
Value  posiive TP=5 FP=3
Negative FN=2 TN=4
} Accuracy
} 5+4)/(B5+3+2+4)=064
} Recall
} 5/(5+2)=0,71
} Precision

} 5/(5+3)=062
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from sklearn import metrics

from sklearn.linear_model import  LogisticRegression

model = LogisticRegression 0

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

polarity_prediction_evaluation =
model.predict  ( evaluation_bag.toarray 0)

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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