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ABSTRACT

In the current scenario, high accessibility to computational facilities encourage
generationofalargevolumeofelectronicdata.Expansionofthedatahaspersuaded
researcherstowardscriticalanalyzationsoastoextractthemaximumpossiblepatterns
forwiserdecisiveness.Suchanalysisrequirescurtailingoftexttoabetterstructured
formatbypre-processing.Thisscrutinyfocusesonimplementingpre-processingintwo
majorstepsfortextualdatageneratedbydintofTwitterAPI.ANoSQL,document-
baseddatabasenamedasMongoDBisusedforaccumulatingrawdata.Thereafter,
cleaningfollowedbydatatransformationisexecutedonaccumulatedtweetsrelated
toNarenderModi,HonorablePrimeMinisterofIndia.
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1. INTRODUCTION

Socialmedia bringspeople together so that they cangenerate ideas or share their
experiences with each other. The information generated through such sites can be
utilizedinmanywaystodiscoverfruitfulpatterns.But,accumulationofdataviasuch
sources create a huge unstructured textual data with numerous unwanted formats.
Henceforth,thefirststepoftextmininginvolvespre-processingofgatheredreviews.

Thejourneyoftransformingdatasetintoaform,analgorithmmaydigest,takesa
complicatedroad.Thetaskembracesfourdifferentiablephases:Cleaning,Annotation,
NormalizationandAnalysis.Thestepofcleaningcomprehendsextricationofworthless
text,tacklingwithcapitalizationandothersimilardetails.Stopwords,Punctuations
marks, URLs, numbers are some of the instances which can be discarded at this
phase.Annotationisastepofapplyingsomeschemeovertext.Incontexttonatural
languageprocessing,thisincludespart-of-speechtagging.Normalizationdemonstrates
reductionoflinguistic.Inotherwords,itisaprocessthatmapstermstoascheme.
Basically,standardizationoftextthroughlemmatizationandstemmingarethepart
ofnormalization.Finally,textundergoesmanipulation,generalizationandstatistical
probingtointerpretfeatures.

Forthisstudy,pre-processingisaccomplishedinthreemajorsteps,assignified
inFigure1,keepingprocessof sentimentanalysis inconsideration.Foremost step
includedcollectionoftweetsfromTwitterbymeansofTwitterAPI.Captureddatais
thenstoredinaNoSQLdatabaseknowntobeMongoDB.Thereafter,collectedtweets
underwentcleaning(Zainoletal.,2018)process.Cleaningphaseincorporatedremoval

Figure 1. Preprocessing steps
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ofusername,URLs,numbers,punctuations,specialcharactersalonginadditionto
lowercasingandemojidecoding.Thefirsttwophasesofdatacollectionandclean
ingweredemonstratedinpreviousresearch.Also,itwasshownthatapplicationof
cleaningprocessstillleftdatawithanomaliesandthatiswhytheendmoststageof
datatransformationisintroducedinthisresearch.Datatransformationcompriseof
tokenization (Mullen et al., 2018), stop word removal (Effrosynidis et al., 2017),
part-of-speechtagging(Belinkovetal.,2018)andlemmatization(Liuetal.,2012).

The remainingpaper is organized as follows:Section2 includesdiscussionof
variousauthor’sworkinconcernedarena.Further,entiremethodologyforpreprocessing
ofdataoptedforthisresearchispostulatedinSection4.Then,theresultsgenerated
throughimplementationofalgorithmsmentionedinSection4arescrutinizedutterly
inSection5.Thereafter,Section6providesconclusionofentirework.

2. ReLATeD wORK

Manystudiescenteredaroundtheissueofpreprocessingfortextminingarescrutinized
inthissection.

Srividhya and Anitha (2010) have put forward that pre-processing techniques
playamajorroleinreducingthefeaturespacetobringaconsiderablerectification
to the performance metrics for final text classification. The work is dedicated to
mainlythreeapproachesnamelystopwordremoval,stemmingandtermfrequency-
inversedocumentfrequency.Whereas,thefocalpointsofHemalathaetal.(2012)in
theirresearchwereremovalofURLs,removalofspecialcharactersandremovalof
questionsas these formof textsdonotcontribute inanyway fordeterminationof
polarity.Further,ahybridalgorithmcombiningTF-IDFandSVDhasbeenintroduced
byKadhimetal.(2014)forpre-processingthetextdocumentin2014.Theultimate
goaloftheirresearchwasdimensionalityreductionoffeaturevectorspacesoasto

Figure 2. Errors left in cleaned data
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intensifyaccuracyinresultsofclustering.Inaddition,KannanandGurusamy(2014)
haveacknowledgedroleofpreprocessingforefficientinformationretrievalfromtext
documentintheirscrutiny.Tokenization,StopWordRemovalandStemmingwerethe
threemajortechniqueswhichwerespotlightedintheirresearch.Later,Vijayaranietal.
(2015)havegivenanoverviewoftechniquesforpre-processingthetextbeforeapplying
miningapproachestoextractusefulinformationsoastoreducethedimensionality
offeaturespace.However,stemmingprocessofpre-processingtechniquehasbeen
centralizedbyNayaketal. (2016)MFPorterandKrovetzalgorithmsofstemming
havebeenanalyzed.Thesurveyhasputforwardsomeareasofimprovementforboth
algorithms.Moreover,Krouskaetal.(2016)haveempiricallyvisualizedtheimpact
ofdistinctpre-processingapproachesoverultimateclassificationoftweetsusingfour
wellknownclassifiersvizNaiveBayes(NB),C4.5,K-NearestNeighbor(KNN)and
SupportVectorMachine(SVM).

All these studies focusavery littleonoverall implementationof cleaningand
transformationstepsaswhole incontext to sentimentmining.Therefore, the focal
pointofthisresearchisintegratedadministrationofentireprocedureforpreprocessing
oftextualdatainrespecttosentimentanalysis.

3. PRePROCeSSING OF TwITTeR API

TheprocedureinitiatesbycollectionoftweetsusingTwitterAPI.Thoughcollecteddata
passedthroughprocessofcleaningyet,itleftdatawithsomeanomalies.Theseoutliers
aredemonstratedinFigure2.Thepresentedanomaliesstillleavedataunsuitablefor
classification.Henceforth,processofdatatransformationispresentedinthisresearch.
Datatransformationhelpsinremovalofneglectednoiseandidentificationoflogical
wordsfromlumpofalphabets.

4. ReSeARCH MeTHODOLOGy

Tocarryoutpresentresearchwork,aprimarydatasetgeneratedthroughTwitterAPI
is gathered so as to perform an analysis on live tweets. Thereupon, entire coding
isdone inpython3.7on jupyternotebook. In addition to this, nltk toolkit fordata
transformationandEntropyModeltrainedontagsetofPennTreebankforPOStagging
wereusedwhicharementionedinsections4.3and4.3.3respectively.

4.1. Data Collection
Data is collected in form of tweets from twitter using Twitter API in a NoSQL
environment, named as MongoDB. Algorithm mentioned for data collection in
Algorithm1isusedforretrievalofcompletetext.

4.1.1. Twitter API
OnesortofTwitterAPIcalledasstreamingAPI(Dasetal.,2018)isusedtocollectdata
forthisstudyasitbenefitswithretrievalofhugeamountofrecentdata.Moreover,it
helpsinrealtimeinspection,suchas,ongoingsocialdiscussionrelatedtoaparticular
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entity.Thetwitterstreamingaccesshasakeywordparameterwhichrestrictsdomain
ofcollecteddata.Forthiswork,thatkeywordparameterwassettoNarenderModi,
Hon’ble Prime Minister of India. Furthermore, streaming access has a language
parameterwhoselanguagecodewassetto“en”forfetchingonlyEnglishtweets.It
usesstreamingresponseofHTTPtoaccommodatedata.

4.1.2. Database
TweetsstreamedthroughTwitterAPIarestoredinMongoDB.MongoDBisanopen
source NoSQL document database (Kumar et al., 2018). To capture tweets into
MongoDBcollections,foremoststepistosetupanenvironment.“Pymongo”module
was installedfor this intent.Thereupon,MongoClientwas instantiated toestablish
connectionwithMongoDB.Thenultimately,adatabasenamed“TwitterAPI”anda
collectionentitled“Tweet”werecreated.DatastreamedwithTwitterStreamingAPI
wasstoredinobjectofthiscollectionnamedas“col”.

4.2. Data Cleaning
Socialmediasitesliketwittergenerateahugevolumeofdata.Thisrawdatacanbe
scrutinizedtointerpretmanyinterestingfacts.But,studyofsuchbulkydatacanprove
tobeanastypieceofworkwithoutrightprocedure.Henceforth,forminingpropitious
patternsoutofthishugepileoftextualdata,foremostobligationistohaveaninsight
intocollecteddata.Itisacrucialstepsothatcharacteristicsofdatasetcanbeexplored
justly.Theconcreteunderstandingofdatahelpsinidentificationofincompetentcontent
incorrespondence to thepatterns thatneed tobemined. In reference tosentiment
analysisthisresearchfocusesonemojidecoding,lowercasing,removalofusername,
URLs,punctuations,specialcharactersandnumbers.Followingalgorithmrepresents
integrated implementation of cleaning process which was discussed, taking each
methodologyindividually.

4.3. Data Transformation
Evenafterexecutionofcleaningprocessdataisnotinaformthatcanbepassedfor
classification.Itisjustalumpofcharacters.Sentimentretrievalfromthispileoftext

Algorithm 1. readTweetText(item)
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requiresidentificationoflogicalwords.Also,itcompriseofanomaliesthatstillneed
attention.Forthesereasons,theprocessofdatatransformationisimpliednext.The
phaseoftransformationwasimplementedinfoursequentialparts:Tokenization,Stop
wordremoval,Part-of-speechtaggingandLemmatization.Aviewofimplementation
fortransformationispresentedunderneathanditsresultantisdemonstratedinFigure3.

4.3.1. Tokenization
Inthebeginningphaseofdatatransformation,thereisaneedofparserfortokenization
indocument.Henceforth,goalof tokenization step inpre-processing is to explore
existentwordsinaphrase.Accordingly,itcanbetermedasaprocessofworkingona
streamedtexttoconvertitintoworthwhileelementsknowntobetokens.Atokenmay
compriseofaphrase,anidiomorasymbol.Thesetokensarethenpassedonfornext
levelpre-processing.Fromtokenizeclass,wordtokenize()functionisusedtocarryout
thisstep.Although,tokenizationisthefirstessentialstepofdatatransformationyet
therehastobefurtherscrutinyofresultanttexttomakeitsuitableforfinalanalysis.

4.3.2. Stop Word Removal
Prepositions,articles,connectors,pronounsetc.are themostfrequentlyusedword
formsinatextualdocument.Allsuchwordsareconsideredtobestopwords.Abundant
occurrenceofthesewordsmakeadocumentbulkierandgraduallylowersitsimportance
foranalysts.Therefore,dictionaryofnltktoolkitisusedtoripthesewordsoutofthe
document.Consequently,dimensionalityoftextisreducedconsiderably.

Figure 3. Output of transformation process
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4.3.3. Part-of-Speech Tagging
Part-of-Speechtaggingisaprocessofcharacterizingeachwordintextualdatatoits
reciprocalPoS.Thiscorrespondenceofwordsisestablishednotsolelyonthebasis
ofitsdefinition,butthecontextwithwhichitisusedinasentenceisalsotakeninto
consideration.Partofspeechtagsincludeverbs,nouns,adjectives,adverbsetc.The
non-generictraitofPOStaggingmakesitmorecomplexthanbasicmappingofwords
to their POS tags. In correspondence to different context, there is fair probability
that a word has more than one PoS tags for distinct sentences. For this scrutiny,
PerceptronTagger employing Maximum Entropy Model was used. It implements
probabilitymodelfortagging.Further,theEntropyModelwastrainedwithatagset
namedPennTreebank.

4.3.4. Lemmatization
Lemmatizationisamethodusedforreductionofinflectedwordstoitsroot.While,
reducinginflectionsofwordstoitslemmas,lemmatizationtakesintoconsideration

Algorithm 2. Clean(text)
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Algorithm 3. Transform(text)

Figure 4. Output of stop word removal
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themorphologicalmeaningoftext.Therefore,unlikestemming,lemmatizationmaps
inflectedwordstoonlythoserootwordswhichcorrespondtothelanguage.

5. ReSULT ANALySIS

TherawdatacollectedthroughTwitterAPIunderwentcleaningprocesswhoseresults
weredemonstrated.Now, itcanbeclearlyseenfromFigure2 that the resultantof
cleaning process still had some impurities which need to be considered for better
results.Section4.3specifiestheprocessfordatatofurtherdealwiththeseanomalies.
Figure3postulatesoutputofstopwordremoval.Thenultimately,Figure4delineates
outputofdatatransformation.

Alltheseresultsarerepresentedintabularformatforbettervisualization,though
inreal,dataisstoredinjsonformatwithinMongoDBcollections.

6. CONCLUSION

Thefoundationorpremiseforsentimentanalysisispre-processingoftextualdata.Only
thequalitativedatacanproduceaccurateandpreciseresultsforlegitimatedecision
making.Thepaperpresentscleaningand transformationstepsondatacollected in
MongoDBdatabaseviaTwitterAPI.Subsequently,resultssketchouttheimpactof
cleaningprocessondifferentanomaliesencountered inassembleddata.Further, it
isdelineatedthat thestepofcleaningstill leavesdatawithmanyimpuritieswhich
needattentionforaccurateresultsinlaterstagesofsentimentanalysis.Consequently,
cleaneddataispassedfortransformationphase.Therefore,forthisresearchrawdata
collectedthroughTwitterisfilteredwithfinesieveoftwoprocessesi.e.cleaningand
transformation.
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