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ABSTRACT

Recently,human stress is rapidly increasing.The school-college students, jobprofessionals, and
manypeoplethoseworkunderpressure.Inlastfewdecades,researchisgoingonhowtopredict
peopleunderpressureorfeelingrelaxwithhis/herduty.Insurveyitisevaluated,sentimentanalysis
willworktofindemotionsorfeelingsabouttheirdailylife.Byanalyzingsocialmedianetworklike
Facebook,Twitter,andothernetworkingsiteswhereusercansharepersonalfeelingslikehappy,
angry,stressed,relaxed,oranyotheremotiontoexpresshumanlifeeventsorviewsregardingany
topic.Onsocialnetworkingsites,ahugenumberofinformalmessagesarepostedeveryday,also
blogsordiscussionforumsarealsoavailable.Emotionsappeartobefrequentlyvitalinthesetexts
forexpressingfriendship,andthepresentationofsocialsupportasapartofopinionsorview.In
thisarticle,asurveyisdoneonexistingtechniqueswhichareworkingtofindsentimentanalysis
oftextualdata.Inthetextualdata,thepositiveandnegativesentenceshavetobefoundtocheck
theemotionsoftheuser.Thesurveyalsofindsthenaturallanguageprocessing,thelexicalparser,
sentimentanalysis,theclassifieralgorithmandsomedifferentkindsofTwitterdatasets.Itisfound
that85%workcompletedonsentimentanalysisandcategorizedthesentencesaspositiveornegative.
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INTRoDUCTIoN

Stressisasentimentofemotionalorphysicalnervousness.Itcanappearfromanyoccasionorthoughts
becauseoffrustrated,angry,ornervouslifeevent.Stressisyourbody’sfeedbacktoachallengeor
command.Inshortrupture,stresscanbepositive,suchaswhenithelpstoavoidhazardsortoachieve
thetarget.Thestresslevelishighifapersonisnotgettinganykindofsatisfactionwithhisfamily
membersorfriendsorevennotsatisfactorywithworksorsituations.It’slikedifferenttypeofworks,
situations,irritatingfriends,orpartners.Inglobalsurveyofcorporatesitspublishedthatthe6out
of10workersareunderpressureonduty.Theworkersmayincludehighprofessionals,marketing
personsoranypersonwhoworkswithdeadlinetimecriteria.

So,itisveryimportanttomakesurveyonhowtopredicthumanstresslevels.Simply,ifasearch
isdoneongooglewith“stress”keywordthen1000linksaretheretoknowhowtocontrolyourstress,
thenwhattoDoanddon’t.Therearesomelinkstoguideexerciseanddietplanalso.Butthereis
noanyothersystemwhichcanobserveorworksondailylifeanddecidesstresslevel.Anumberof
differentapproacheshavebeenutilized,includinganalysesofmorbidityandmortalitybyoccupational
categories.Thus,forexample,teachers-professorshavemortalityratesofarterioscleroticheartdisease
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thatareonlyaboutonehalfoftheratesforphysicians-lawyers-pharmacists-insuranceagents.These
arejobsofroughlycomparablesocialstatus,levelofphysicalactivity,andphysicalhealthhazards,
anditisnotunreasonablepointtoworkdemandsasperpossibleclues.Withinasingleoccupational
group,physicians.Therearedifferentspecialtiestosuggestandimplicatestressfulordemanding
worksettings;forexample,generalpractitionersshowhigherratesofmortalityandmorbiditythan
specialists.Andinaspecificorganizationalsetting,suchasNASA,prevalenceofheartdiseasewas
observedtobehigherformanagersthanforscientistsandengineers(Kasl,1984).

Insurveyonly10%peopledoregularcheckupandmaintainbodybyexercise,dietplanandyoga.
Butremainingpeoplearenotgoingtohospital.Hospital(Kasl,1984)isbestsolutionforchecking
andpredictingstresslevelandwhattotakeactiononthis.butittakesmoreexpensivetoregular
checkup.Commonpeoplearenotabletogohospitalforregularcheckup.

Gradually,Peoplearedivertingtomakeuseofsocialmediastand,likeTwitterandFacebook,
tosharetheirfeelingsandopinionswiththeiracquaintances.Postingsonthesesitesaremadein
naturalisticsurroundingsandintheitineraryofdailyactionsandgoings-on.Assuch,socialmedia
supplyameansforincarceratebehavioralcharacteristicthatarerelevanttoanindividual’sthoughts,
mood,message,activities,andsocialization.Thefeelingandlanguageusedinsocialmediapostings
mayindicatefeelingsofinsignificance,responsibility,defenselessness,andself-hatredthatcharacterize
majordepression.Additionally,depressionsuffersoftenfromsocialsituationsandactivities.Such
changesinmovementmightbesilentwithchangesincommunicationonsocialmedia.

So,havetoimplementuniqueconceptwithacommonsolution.whereanalysisofuserondaily
lifeinspecificformatisconsidered.So,thereisveryimportanttomakesurveyonexistingsystem
whichcanhelptofindhumanstressofdailylife.

BACKGRoUND AND RELATED woRK

1. Data Mining: Data mining is concept where have to mine the data by different categories
orpatternformat.Usershavedifferentrawdatasetwhichcontainsalltypesofdatarelatedto
thesystem.Usercanapplysuitablekindsofalgorithmlikepredictionbased,analysisbased,
recommendationalgorithmandtechniquesaswellasfindthesimilarity(Bakerti&McCallumlt,
n.d.)ofwordsofdatasets.Insentimentanalysisthereislargenumberoftextualdatasetsare
availablewhichcontainthetrainandtestdataset.Thetraineddatasetsmeansasorteddataset
wherecomparethetestdataset.

2. Natural Language Processing:NLPisatechniquetofindsentimentanalysisontextualdata.
Onevery textualdatasetNLPtechniquecanbeapplied itchecksgrammar,spellingmistake
etc.NLPcontainsthelexicalparser(Miller,Beckwith,andFellbaum,2016)classifierisbest
for analysis of textual data. Lexical semantics start with the identification of a word with
conventionalassociationbetweenalexicalizedideaandstatementthatplaysasyntacticrole.A
lexicalmatrixconsequentlystandsfortheoreticalpurposesbyamappingbetweenwrittenwords
andSyntax.SinceEnglish iswealthy insynonyms,synsetsareoftenenoughfordifferential
purposes.Synonymyis,alexicalrelationbetweenwordforms,butbecauseitisassignedthis
centralroleinWordNet,anotationaldifferenceismadebetweenwordsrelatedbysynonymy,
whicharewiththisincurlygroup,‘{’and‘}’,andotherlexicalrelations,whichwillbeenclosed
insquarebrackets,‘[’and‘]’.Semanticrelationsarepointedbypointers(PallandSaha,2015).
asupervisedlearningmethodforwordsensedisambiguationbasedonInnerProductofVectors
(Chen,Liu,andSun,2014).Thelexicalmovetowardstartwithanexistingsetoftermswith
knownsentimentorientationandthenuseanalgorithmtopredictthesentimentofatextbased
upontheincidenceofthesewords(Thelwall,Buckley,andPaltglou,2012).

3. Sentiment Detection: The sentiment analysis can done by using the data mining and NLP
techniques.Basically,tofindouttheemotionsofwords.Likestrengthoftheword(Thelwall,
Buckley,andPaltglou,2010)(Thelwall,Buckley,andPaltglou,2012).Sentencesareprocessed
withNLPprocessortocheckthegrammarandspellingmistakeofthesentenceandalsoremove
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