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ABSTRACT

SentimentanalysisisthefieldofNLPwhichanalyzesthesentimentsoftextwrittenbyusersononline
sitesintheformofreviews.Thesereviewsmaybeeitherintheformofaword,sentence,document,
orratings.Thesereviewsareusedasdatasetswhenappliedtotrainaclassifier.Thesedatasetsare
appliedintheannotatedformwiththepositive,negativeorneutrallabelsasaninputtotrainthe
classifier.Thistrainedclassifierisusedtotestotherreviews,eitherinthesameordifferentdomains
toknowlikeordislikeoftheuserfortherelatedfield.Variousresearcheshavebeendoneinsingle
andcrossdomainsentimentanalysis.Thenewmethodsproposedareovercomingthepreviousones
butaccordingtothissurvey,nomethodsbestsuittheproposedwork.Inthisarticle,theauthorsreview
themethodsandtechniquesthataregivenbyvariousresearchersincrossdomainsentimentanalysis
andhowthosearecomparedwiththepre-existingmethodsfortherelatedwork.
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1. INTRoDUCTIoN

SentimentanalysisisalsocalledopinionminingoremotionAI.SentimentAnalysisisusedtoknow
aboutwhatpeoplethinkaboutthingstheyareconsumingfromwatchingamovietopurchasinganAC.
Onthebasisoftheirthinkingeitherpositiveornegative,producerorholdersofserviceorproductget
toknowwhetherthegivenservice/producthasthefuturescopeornot.Forexample,thereisanew
moviereleased;varioussocialnetworkingsitesarethesourceofthoughtsofpeoplewhohaveseen
themovie.Onthebasisofthosereviews,publicityofthemoviereachestothemakersofthemovie
andrelatedtrendgoeson.Wheneverthereareelectionstobeheld,electionoutcomesarepredicted
onthebasisoftheanalysisofsentiments,opinion,andthoughtsthosearesharedbypubliconvarious
onlineportalsorsocialnetworkingsitesornews.SentimentAnalysisisthestudyofattitudesofthe
holderofservicetowardstheconsumedserviceeitherintheformofloveorhate;likeordislike;
positiveornegative(polarity).Thisattitudeisanalyzedfromthetextthatispresentedintheform
ofreviewsinwordform,sentenceformordocumentformorintheformofratingsgivenbyholder.

SentimentAnalysiscanbedoneusingvariousmachinelearningalgorithmsinwhichamodel/
classifieristrainedusingreviewsthatareannotatedwiththepolaritypositiveornegative.These
annotatedreviewscanbetakenfromanydomaintotraintheclassifierandthetrainedclassifieris
testedfortheorientationoftextorreviewsinsameordifferentdomain.
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startingonJanuary18,2021inthegoldOpenAccessjournal,InternationalJournalofArtificialIntelligenceandMachineLearning(con-

vertedtogoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://
creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorof

theoriginalworkandoriginalpublicationsourceareproperlycredited.
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Whiledoingsentimentanalysisinsingledomain,classifieristrainedinsingledomainandis
testedforthesamedomainthusonlyproblemistoannotatethedatasetbutincrossdomainsentiment
analysisproblemarises that anyword/featurehavingpositivemeaning inonedomainmayhave
negativemeaninginotherdomain;orinonedomain,positivesentimentsareexpressedbysome
wordsandinotherdomainthosepositivesentimentsareexpressedusingdifferentwords(domain
specificwordsindifferentdomains).Inthecrossdomain,theproblemofdatasetlabelingmaybea
time-consumingandcostlyprocessasitisdonemanually.SentiWordNetcanalsobeasolutionasit
isanopinionLexiconderivedfromWordNetdatabasewhichishavingscoresofpositiveandnegative
forattributesandhencecantellpolarityofthedocumentonthebasisofoverallpolarityofwords
writteninthedocument,butitisalsohavingalimitationofwords.Variousmethodsandtechniques
havebeenproposedrecentlytoovercomethisproblemoflabelingofdataset.Theaimofthestudyis
toputsomerelevantstudiestogetherinthispapertohelptheresearchers,bycomparingthemethods
proposedinvariousstudiesandbyalsogivingaperformancecomparisonoftechniquesusedinstudies.
Thisstudyaimstofocusonlyonthemostrecentworkspublishedduringtheperiod2010to2019.

Theremainderofthispaperisasfollows:Section2definessomekeyTerminologiesusedto
understandthestudyoncrossdomainsentimentanalysis.Section3describessomechallengesand
issuesrelatedtosentimentanalysisinthecrossdomain.Section4demonstratesthemethodology
forthisstudypurposefollowedbyabriefdiscussionofmethodsusedinresearchesthosetheauthors
haveused in this study.Section5demonstratesvariousdatasetsusedbydifferent researcheson
crossdomainsentimentanalysis.Section6definessomeofthebaselinemethodsusedtocompare
performancesoftheirproposedmethodsbyvariousscholars.Section7givesanswerstothequestions
thatareaimedatthissurveystudy.Itcomparestheperformanceofallthebaselinesproposedby
variousresearches.Section8isaboutsomediscussiononmethodsgiventotheproblemofsentiment
analysisinthecrossdomainandtheSection9concludesthepaper.

2. Key TeRMINoLoGy

Here,theauthorsdefinesomebasicterminologiesthatareusedforthisreviewpurpose.

2.1 Domain
With respect to this research, the domain is such collection where all the entities have similar
characteristicslikeinelectronicsproducts,DVDisonedomainandACisadifferentdomain.In
socialnetworkingsites,TwitterisonedomainandFacebookisadifferentdomain.

2.2 Sentiment Analysis
Sentimentanalysisisthefieldofnaturallanguageprocessinginwhichunstructuredonlinepublic
opinionsaboutanyproduct,socialmedia,brand,news,orresearchandsoonpresentedintheform
ofreviews,aretransformedinstructuralinformationthatisannotateddatasethavingthepositive,
negative,neutralormixedpolarityofsentiments.

Sentimentscanberepresentedinword,sentenceordocumentformandaccordingly,analysisis
appliedonthestated.

2.2.1 Aspect Based Sentiment Analysis
Whena researcher is interested in theparticular feature/aspectalongwithpositive,negativeand
neutralsentimentsofproduct,towhichusersareinterestedin;itiscalledAspectBasedSentiment
Analysis. For Ex- if someone says “battery of the new phone is short term” then the negative
sentimentisshownforthebatteryofthephone,notforthephone,henceherebatteryisoneaspect
ofsentence-levelsentiment.
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2.3 Sentiment Analysis Methods
2.3.1 Rule/Lexicon-Based Approach
Alexiconisacollectionofwordsassociatedwiththeirindividualpolarity.Inthisapproach,alexiconis
usedtodetectthepolarityofsentimentdocuments.Likesomeofthepopularlexiconsare:AFINN-11,
SentiWordNet,andSenticNet.ThewordsofAFINN-11aremanuallylabeledbyFinnArupNeilsen
in2009-2010,SentiWordNetisaugmentedformofWordNethavingsentimentinformationofeach
word,SenticNetprovidesorientataionassociatedwithnearly50,000naturallanguagesconcepts.

2.3.2 Machine Learning-Based Approach
Ithasamachinelearningclassifierthatistrainedbyfirstinputthelabeledfeaturesthenpolarity/label
ofunlabeledfeaturesarepredicted,eitherinthesamedomainorindifferentdomains.Theoutputof
thisclassifieristhepolarityofsentimentfeaturesoftheoutputdomain.

2.3.3 Cross Domain Sentiment Analysis
Whileapplyingmachinelearningalgorithmsforsentimentanalysisifmodel/classifieristrainedusing
thedatasetofonedomain(calledinputdomain)butistestedwiththedatasetforadifferentdomain
(calledoutputdomain),whetherthatdatasetislabeledorunlabeled,thensuchanalysisiscalledcross
domainsentimentanalysis.Ifthedatasetislabeledoverallsentimentpolaritycanbefoundeasily
butifthedatasetisunlabeled,itistoughtopredicttheoverallsentimentofadocument.Sentiment
analysisisapredominanttaskineveryfieldthattoowhenitisasmarteraoftheinternet.Butitis
economicallyunreliabletodosentimentanalysisineverydomain,socrossdomainsentimentanalysis
isperformedinwhichclassifieristrainedininputdomainusingannotateddatasetofthatdomainand
istestedonoutputdomaintoannotatethesentimentpolarityexpressedbythesentimentspresented
informofreviews(words,sentencesordocuments)orratingsaswell.

3. CHALLeNGeS AND ISSUeS IN CRoSS DoMAIN SeNTIMeNT ANALySIS

3.1 Feature Meagerness
Itistheproblemwhenfeaturethoseareexpressedintheoutputdomainisnotfoundintheinput
domain.Duetowhichclassifiertrainedintheinputdomainisnotsufficientlytrainedforsentiment
analysisintheoutputdomain.

3.2 Polarity Deviation
Whenanywordinonedomainhaseitherpositiveornegativepolaritybutinotherdomains,thesame
wordhasoppositepolaritythenitmaycausebadresultsofthetrainedclassifierasactualsentiments
areopposedbytheclassifier.

3.3 Lexical Ambiguity
Whenaword/featurehasdifferentmeaningsduetodifferentcontextsofdifferentdomains(asaword
hasmanydifferentmeaningsbasedonthecontexttheyarebeingusedto)henceclassifiertrainedfor
inputdomainmaynotbeaccuratefortestingintheoutputdomain.

4. SySTeMATIC LITeRATURe ReVIew

Theauthorshaveperformedasystematicliteraturereviewtosurveycurrentstate-of-the-artaround
crossdomainsentimentanalysisandbasedonthatworktheauthorstriedtoseektheanswertothe
followingtwoquestions.
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Question1:whichmethodiswidelyusedasabaselinetocomparetheperformanceofproposed
methodsbydifferentauthors?

Question2:whichbaselinemethodgivesthebestcomparisonresultsamongallthebaselinesonthe
basisoftheircomparedperformanceanalysis?

Theauthorsperformedthissurveyoncrossdomainsentimentanalysis,forwhichtheauthors
followedthefollowingsteps:

4.1 Searching Process
Theauthorsstartedthissurveybysearchingforrelevanttopicsforcrossdomainsentimentanalysis.
TheauthorsusedtheGooglesearchengineforthissearchingprocess.

4.2 Sources
TheauthorssearchfordigitallibrarieslikeIEEE.GoogleScholarandScienceDirectusingkeywords
sentimentanalysiscrossdomainsentimentanalysisandcrossdomainsentimentanalysistechniques,
asthesearekeywordstothisrelatedreview.

4.3 Study Inclusion Criteria
Theauthorshave taken researchpapersmainlyduring theperiod2010 to2019, related tocross
domainsentimentanalysis.Table1showsabriefdiscussionofallthestudiesthattheauthorshave
takenforthisreview.

4.4 Research Focus
The authors have performed this research in order to give the answer to two above mentioned
questionsso that itmightaid to researchers toenhance their research in respectedfieldofcross
domainsentimentanalysis.

Theauthorshaveconsideredallthementionedpaperstogiveanswerstotheabovequestions.

5. DATASeTS TAKeN By STUDIeS

Datasetscollectedformoststudies(P1,P2,P3,P4,P5,P6,P7,P8,andP9)areintheEnglishlanguage.
ThisoneselectedstudyhasaChinesedatasetofreviewsofrestaurantsandcamerasfromtheDianping
website.Reviewsfromthecameraarelabeledbythreeexperiencedpersons.Theauthorshavenot
consideredthepartofthestudyrelatedtothatdatasetforthisreviewprocess.

Amazonproductdatasetismostlyusedinresearchstudiesasthisdatasetiswidelyusedtoperform
crossdomainsentimentanalysis.Table2showsaheterodomaindatasetofAmazonproductreviews.

Otherstudiesaredoneondifferentdatasetstakenfromvariousdomains;thosearepresented
inTable3.

6. BASeLINe MeTHoDS TAKeN By STUDIeS FoR 
CoMPARISoN wITH THe PRoPoSeD

Variousbaselinemethodsarechosenbyvariousresearchscholarsfortheirstudieswhichtheauthors
havetakenforthisreviewprocess.ThosebaselinemethodsarediscussedinTable4.Andsomeof
thebaselinemethodsarediscussedbelow.
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Table 1. Summary of selected studies related to Cross Domain Sentiment Analysis

Publication 
(Year)

Methodology/Finding Proposed 
Classifiers

Performance/ Result Natural 
Language 
Processing

Key

Crossdomain
sentiment
classificationvia
spectralfeature
alignment(2010)

SFAalgorithmisproposedtoreduce
thegapbetweencrossdomain
sentimentdata.Theco-occurrence
matrixisusedtogapbetween
domain-specificwordstodomain-
independentwords.
Featuresarerepresentedintheform
ofacollectionofwords(Ngrams)
thatarelabeledwith+1(positive)
and-1(negative)polaritybasedon
allwordsinNgrams.Abipartite
graphisconstructedtoco-align
domain-independentfeaturesto
domain-specificfeaturestofind
anewfeaturespace.Thespectral
clusteringalgorithmisapplied
onfeaturebipartitegraphtoalign
domain-specificwordsiftheyhave
morecommondomainindependent
wordsandvice-versa.Theseclusters
thenrepresentanewdatasetwhichis
usedtotrainsentimentclassifier.

SFA,LSA,NoTransf,
LSA,FALSA

AccuracyofSFAiscompared
withNoTransf,LSA,FALSA,
SCLby24taskson2datasets.the
t-testisdoneonthecomparison
resultsoftwodatasetsandSFA
out-performsothermethodswith
0.95confidenceinterval.

n-gram P1

Crossdomain
sentiment
classificationusing
sentimentsensitive
thesaurus(2013)

Sentimentsensitivethesaurus(SST)
iscreatedtoalignwordshaving
thesamesentimentsfromdifferent
domains.
SSTisusedtoexpandfeaturevector
(trainingset)andusingthisL1
Logisticregressionbasedbinary
classifieristrainedwhichisusedto
predictthesentimentofthetarget
domain.

L1Regularized
logisticRegression.

Performancevarieswithvarying
thesaurussize.Accuracy
increaseswithanincreasein
thesaurussize.Aftersaturation,
itdecreaseswithanincrease
insize.TrainedClassifieris
comparedwithSentiWordNet,
anditperformsbettergrouping
ofwordsthatexpressessimilar
sentiments.

Unigrams
andbigrams
(calledlexicon
elements),
ratings(called
sentiment
elements).

P2

Crossdomain
sentiment
classificationusing
sensitivesentiment
embeddings(2016)

Theunsupervisedclassification
methodisusedusingspectral
embeddings.Domaindependent
features(pivots)areselectedto
mapinembeddedspaceascloseas
possible.Documentshavingthesame
polarityshouldbeembeddedclose
toeachotherthanadocumentwith
differentpolarities.

Composite
optimizationmodel
usingOOmatrices.

Performanceiscomparableto
SCLandSFA.

pointwise
mutual
information
(PMI)method
isusedfor
selecting
pivotsfromthe
document.

P3

Cross-domain
sentiment
classification:
Anempirical
investigation(2016)

Threedatasetsareusedtocompare
performanceusingthreedifferent
classifiers.Datasetsaretakenasthe
firstdatasetiscreatedusingsentiment
140corpus,secondisSemValdataset
andthethirdisdatasetasthree
reviewdomains.Theperformance
ofcrossdomainclassificationis
determinedbyusingthesedatasetsby
trainingthemodels.
Supervisedlearningwasappliedas
classifiersweretestedonmanually
labeledtweets.8typesofEmoticons
wereusedtolabeltweets

SVM,NB,MNB Bestperformanceisgainedusing
MNBtrainedbytweetsdatasetto
determinesentimentinreviews.
Thebestperformancewasgained
usingSVMwithunigramsand
MEwithunigramsandbigrams.

Unigram,
bigram,
unigramand
bigrams,
unigramswith
parts-of-speech
(POS)bags.

P4

Cross-domain
sentiment
classificationbased
ontransferlearning
andadversarial
network(2018)

ThesharedknowledgeLearningand
transfer(SKLT)modelisintroduced
basedonTransferLearningand
adversarialNetworks.Sharedand
Privatemodels(bi-GRU)areused
tolearnsharedsentimentknowledge
anddomain-specificknowledge.

SKLT,bi-GRU Singlebi-GRU,SKLT-frozen,
SKLT-adaptationarethecontrast
modelstocomparewith.And
SKLTdomainadaptation
outperforms.

n-grams P5

Hierarchical
attentiontransfer
network(HATN)
forcrossproduct
sentiment
classification(2018)

HATNautomaticallycapturespivot
andnon-pivotselements.P-netsand
NP-netsconductAttentionlearningto
findpivotsandnon-pivotselements.
Itprovidesahierarchicalattention
transfermechanismthatautomatically
transferstheattentionofemotionsin
bothwordandsentencelevelsacross
domains.HATNhisaproposed
modelthathashierarchicalpositional
encoding.

NLTKusedfor
tokenization,HATN,
HATNh

Comparisonisdonewiththe
baselinemodelslikeSFA,
DANN,DAmSDA,CNN-aux,
AMN,P-net,NP-net.Anditis
foundthatrepresentationofP-net
andNP-netarecomplementary.
HATNhimprovesthe
performanceofHATNby0.41%
onaverage.

Document-
basedfeatures.

P6

continued on following page
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6.1 NoTransf
Transferlearningistheprocesswhereamodelistrainedusingalargeamountofannotateddataset
andthismodelisusedasabaselinetotrainotherdata.In(Panetal.,2010)panetal.hasusedthe
NoTransfclassifierthatistrainedonlybytrainingdataofthesourcedomain.Andisusedtotestthe
targetdomain.

Publication 
(Year)

Methodology/Finding Proposed 
Classifiers

Performance/ Result Natural 
Language 
Processing

Key

CrossDomain
sentiment
classificationby
Capsulenetwork
withsemanticrules
(2018)

CapsuleDARModelconsistof
twocapsulesisused.(CalledBase
NetworkandRuleNetwork).Rule
Networktointegratesemanticruleto
capsulenetworktocapturecommon
knowledgeofdifferentdomains.
BaseNetworkishavingan
embeddinglayertoconvertword
intoalowdimensionalvector
representation,convolutionallayer
toextractn-gramfeatures.Pivot
BasedFilterInitializationmethodis
introduced.
SCLisusedtoselectpivotfeatures.
TheK-meansmethodisusedto
clusterthefeatures.Incaps,Outcaps,
andclasscapslayersareusedinBase
Network.
RulecapeslayerisusedinRule
network.CORALLOSSisused
tominimizethefeaturedifference
betweenthesourceandtarget
domain.

CapsuleDAR
(capsulenetworkin
DomainAdaptation
withsemanticRule)

Themodeloutperformsvarious
methodslikeSCL-MI,SS-
FE,DANN,SVM,DACNN,
DAmSDA,AE-SCL-SR,PBLM,
andCapsuleNoDA.Itgivesa
7.9%improvementoveritsbest
competitor(AMN).

n-grams P7

Addingprior
knowledgeIn
hierarchicalattention
neuralnetwork
(HANP)forcross
domainsentiment
classification(2019)

SentimentDictionaryLayerisused
toidentifyallsentimentwordsinthe
contextofpivots,non-pivots,and
dis-pivots.3-LayerCNNisusedfor
contextualpreservationfromsource
DomaintotargetDomain.HANP
istestedonvariousdatasetsfor
classification.

HANP ItiscomparedtoHAN,CNN-
aux,AMN,HATNh,HAN+CNN,
HAN+CNN+pivots,
HAN+CNN+pivots+non-pivots
andgivesastate-of-the-art
performancewiththemax.
averageaccuracyof5.78%when
comparedwiththeCNN-aux.

n-grams P8

CCHAN:Anend-to-
endmodelforcross
domainsentiment
classification(2019)

CTN+CTAN=CCHAN.Cloze
TaskNetwork(CTN)isusedto
obtainwordembeddingsandalso
matchingisdonebetweendocument
andcandidateanswer.(toupdateword
embeddingsinthesourceaswellas
targetdomains).
CTANisusedforsentiment
classification.

CCHAN ModeliscomparedwithHAN,
CNN-aux,AMN,HATNh,
CHAN,CCHAN-pivots,andit
outperformsallthemodels.

n-gram P9

Neuralattentive
networkforcross-
domainaspect
levelsentiment
classification(2019)

ItusesaweeklysupervisedLatent
DirichletAllocationModel(Wilda)
tolearnDomain-specificAspectand
sentimentLexiconrepresentations.
Aspectlevelsentimentclassifieruses
domainclassificationresultsand
aspectdocumentrepresentationto
classifyaspectlevelsentimentsinthe
targetdomain.
LSTMisusedtoencodetheinput
document.NAACLtransforms
documentembeddingstodomain-
specificdocumentembeddings.

Bi-directionalLSTM NAACLissuperiortocompared
baselinemethodsintermsof
classificationaccuracyandF1
score.Andalsoitisshownthat
itcanalsofindthewordsthatare
importanttojudgethepolarityof
thesourcetext.Baselinemethods
areSVM,SVMfeature,LSTM,
TD-LSTM,JST,SFA,SDA-LSS,
ATAE-LSTM,MemNET,RAM,
IAM.

wsLDA
(weakly
supervised
latentDrichilit
Allocation)
isusedto
finddomain-
specific
aspectsfrom
documents.

P10

Cross-domain
co-extractionof
sentimentandtopic
lexicons(2012)

Anewbootstrapping-basedmethod,
RealtionalAdaptiveBootstrapping
(RAP)isproposedforexpanding
lexicontoretraintheclassifier.
TransferAdaboostlearning
(TrAdaBoost)algorithm(Daietal.,
2007)isusedforlearninginRAP.
TheyhaveusedSVMasabase
classifierinTr-AdaBoost.

RelationalAdaptive
Bootstrapping(RAP),
Tr-AdaBoost,SVM

Therelationalbootstrapping
method(RAP)performsbetter
thantheTrAdaBoostandthe
cross-domainCRFalgorithm,and
achievescomparableresultswith
thesemi-supervisedmethod.

POStagging
isusedto
represent
previous,
currentand
nextwords.

P11

Table 1.  Continued
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6.2 LSA
LSAisusedtofindthefeatureshavingthesamemeaninginareviewtextdocument.Panetal.(Pan
etal.,2010)usedLSAasabaselinemethodtotraintheclassifierbyapplyingLSAindomain-specific
features.

6.3 FALSA
Panetal.(Panetal.,2010)usedFALSAasthebasemethodthatworksinthesamewayasLSAexcept
thatitappliesLSAontheco-occurrencematrixofdomain-specificanddomain-independentfeatures.

6.4 No Adapt
Whenaclassifieristrained,featureexpansionisdoneaspreprocessingsteptotraintheclassifierbut
inNoadaptbaselinemethodfeatureextractionisnotperformedbutbinaryclassifieristrainedonly
byusingunigramandbigramfeaturesfromannotatedsourcedomainandclassifieristestedforthe
datasetofthetargetdomain.

Table 2. Research studies based on Amazon Product dataset

Dataset Domain Key: Year Author

Amazon product reviews DVD,Kitchen,Books,Electronics P1:2010 Panetal.

P2:2013 Bollegalaetal.

P3:2016 Bollegalaetal.

P5:2018 XiaoyuDuanetal.

P6:2018 Lietal.

P7:2018 Zhangetal.

P8:2019 TuManshuandWangBing

P9:2019 TuManshuandZhaoXuemin

Table 3. Dataset taken by selected research studies

Key Author(year) Dataset Domain Description

P1 Panetal.(2010) YelpandCitysearch
reviewsdataset
Amazonproductreviews
dataset

Hotel
Videogames
Software
Electronics

12000reviewsfromwww.yelp.
comandwww.citysearch.com
8000reviewfromeachdomain
aretakenfromwww.amazon.com

P4 Brianetal.(2016) Sentiment140corpus
dataset
SemEvaldataset
Reviewsandratingdataset

Twittertweets
(emotions)
Tweets(emotions)
Hotels
Doctors
Restaurant

From1.6milliontweetsfrom
www.twitter.comlabeledwith
emoticons,10000wereusedfor
thestudy.
Manuallyannotatedtweets
Weretaken.
2836annotatedreviewswere
takenfrom.

P5 XiaoyuDuanet
al.(2018)

IMDBreviewsdataset Movies LabeledEnglishsentencesare
taken.

P10 Tangetal.(2019) Semeval14,SemEval15
SemEval16datasets

Restaurant
Laptop

Fiveaspectbasedcategories
areused,thoseareprice,
food,service,ambianceand
miscellaneous.
Categorizedonthebasisof
performance,price,quality,and
appearance.
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6.5 SFA
SFAalignsdomain-specificfeatures/wordsfromdifferentdomainsandformsaclusterofthosealigned
features.In(Bollegalaetal.,2016;Lietal.,2018)authorshaveusedSFAasabaselinemethodon
theirdatasettocomparetheirproposedmethod’sperformances.

6.6 SVM
SVMisadiscriminantalsocalledhyperplanethatseparatestheannotatedfeaturesintwodifferent
classes in a multidimensional space. A-line/ discriminator is drawn between the two classes.
Regularizationparameter(c)isusedtosetthemarginofthediscriminatorsuchthatsmallercvalue,
higherthemarginandvice-versa.In(Herediaetal.,2016),Brianetal.havesetcto5.0fortheirstudy
andin(Zhangetal.,2018),Zhangetal.hasusedSVMwithRBMkernel.

6.7 NAÏVe BAyeS
Ingeneral,naïveBayesclassifierworksonBayestheoremwhichworksontherelativeprobability
ofanoutcome(p(x/E)meanstheprobabilityofxwhileeventEoccurs).Insentimentanalysis,it
calculatestheprobabilityforfeaturestobelonginaparticularclass/polarity(positiveandnegative).
Itiscallednaïveasitassumesfeatures/inputwordstobeindependentofeachother.In(Herediaet
al.,2016)Brianetal.usedNBasabaselineasitcangivegoodperformanceandshowsdependencies
offeaturesonlocalaswellasgloballevel.

6.8 CNN-aux
ItisCNNwithtwoauxiliarytaskstoaidsentenceembedding.Itisusedby(Lietal.,2018;Manshu
etal.,2019)astheirbaselinemethodforthesamepurpose.(TuManshuandWangBing,2019)have
alsouseditforsentimentclassifiers.

6.9 AMN
(Lietal.2017)proposedAMNthatautomaticallycapturespivotsusinganattentionmechanism.It
doesnotneedamanualselectionofpivots.Itconsistsoftwomemorynetworksthatweresharing
parameter,oneforsentimentclassificationandotherfordomainClassification.Andbothnetworks
werejointlytrained.ThusAMNwasfocusedtolearnpivotsonly(Lietal.2017).AMNisusedby
(TuandWang,2019)asthebaselinefortheirstudy.

6.10 JST
JSTistheextensionoflatentdirichletallocation(LDA)thatisusedfordocument-levelclassification
asitconstructsanadditionalsentimentlayer(Linetal.,2012).JSTisusedby(Yangetal.,2019)
withthesameparameterastakeninitsoriginalpaper.

6.11 HAN
It is used fordocument classification as it constructs adocumentvector.For this it first selects
importantwordstoformasentencevector,thesentencevectorsareaggregatedtoformthedocument
vector.(TuandWang,2019)haveusedHANintheirstudiestocomparetheperformanceoftheir
proposedmodels.

6.12 DANN
DANNcanbeappliedtoalmostanyfeed-forwardmodelbyincreasingafewstandardlayersanda
gradientreversallayerandtheresultinglayeristrained(Ganinetal.,2016).
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7. PeRFoRMANCe CoMPARISoN oF BASeLINeS PRoPoSeD IN STUDIeS

Basedonthiscomparisonstudyofperformancemeasuresofvariousbaselinesitisfoundthatall
methods taken as baselines give accuracy according to the different parameters and datasets on
whichthoseareapplied.Theperformanceofmethodsvarieswithvariationinparametervaluesand
selectionofsourceandtargetdomaincombinations.Theyalsodependuponthedifferentfeature
selectionmethodsappliedbydifferentresearches.Table5.showsthevaluesofperformancematrices
ofdifferentbaselinemethodsthatarecalculatedbyresearchersintheirproposedpapers.Performance
comparisonresultspicturedinFigure1showthatalthoughSFAisawidelyusedmethodinvarious
studiesSKLTgivesthebestaccuracyinallthemethodsthattheauthorshavestudiedforsentiment
analysisincross-domain.

8. DISCUSSIoN

Mostofthetechniquesofcrossdomainsentimentanalysisdependuponthesimilarityofsourceand
targetdomains.Duringstudyanoverbeliefismadeuponthesimilarityoffeaturesofsourceand
targetdomainshoweverasthereismeagernessbetweenthefeaturesofsourceandtargetdomains,
thetechniquesgivepoorresultswithlessaccuracy.Furthermore,moreaccurateresultscanbefound
whileusinglabeleddatasetstotraindifferentmodelsforclassification.Labelingdatasetmanuallyis
costlyaswellastime-consuming,hencevarioustechniquesarebeingappliedbydifferentresearches
inthelastfewyears.Theattentionmechanismisintroducedthatautomaticallycapturespivotfeatures
without human intervention. Based on that attentive network is proposed that selects important
sentimentfromthewholedocumentdynamicallyandgivehigherwordattentiontoonlydomain-
specificanddomain-independentorpivotwhole-partrelationships.Basedonthisreviewresearch
theauthorscanclassifycrossdomainsentimentanalysismethodsortechniquesintotwoclasses.The
firstmethodisbasedonthetransferoftrainingdatafeaturestotestingdatafeatures.Examplestudies
ofthisclassarefeature-basedandthesaurusbasedresearches.Thesecondclassisthetransferofthe
completedocumentfromthetargetdomaintothesourcedomaintoworkasatrainingdatasettotrain
themodel.Anexampleunderthisclassisactivelearning-basedtechniques.

Therearedifferentchallenges that stillneed toovercome likepolaritydeviationand lexical
ambiguity.Sentimentsindifferentlanguages,mixedpolaritysentiments,differencesincontexts,etc
areyettobefacedbythetechniquesintroducedbydifferentresearches.

9. CoNCLUSIoN

Sentiment analysis has gained a lot of attention from researchers as it is in demand with the
increasingonlinesentimentsofusersondifferent topicsas itgives theability toextract insights
fromtheopinions,sentiments,thoughtsreviewsandonlineresponsethatisbeinggivenbyusers.
Cross domain sentiment analysisisarelevanttopicaboutthesameapplicationinwhichonetopic
canbeusedtopredictcertaindecisionsaboutothertopicsasitprovidesthefacilitytotrainandtest
sentimentsbehindheterogeneoustopicsthatcanbeusedtomakedecisions.Hence,sentimentanalysis
inthecrossdomainiswidelyusedastheirresearchtopicbymanyresearchersthosealltogivethe
solutiontothisproblembygivingmodelsfortestingandtrainingbasedondifferentmethodsand
techniquestoimprovetheaccuracyofresults.

Theauthorshaveperformedthisstudyonasystematicliteraturereviewonpreviousresearches
relatedtothesametohelptheresearchersintheirrespectivefieldstobuildamodelthatgivesbetter
performancebyknowingtheprosandconsofpreviousrelatedmethodsproposed.Asperthisstudy
notechniqueormethodyetproposedgivestheperfectsolutionbutlatermethodsproposedarealways
betterthanformermethodsproposedintermsofaccuracy.Performanceofcrossdomainsentiment
analysisdependsontheproperselectionofsourcedomaintotraintheclassifiertotestthetarget
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domainhenceproperidentificationofsourcedomainforaparticulardomainismostimportantfor
featuresimilarityofdomains.Thestudyshouldbedonetoselectthepropersourcedomainforthe
adaptationofthetargetdomain.

Techniquesshouldbechosensuchastofaceallthechallengesforsentimentanalysisinthecross
domain.Themostimportantinwhichislexicalambiguityinwhichword/sentiment‘smeaningchanges
withcontext,henceproperdomainselectionisrequiredtominimizethisambiguity.

Table 4. Baseline methods used in studies

Baseline comparison 
methods

Elision Key Author (year)

Notransfer No-Transf P1 Panetal.(2010)

Latent semantic Analysis LSA P1 ThomasHofmann(2001)

Featuredlatentsemantic
Analysis

FALSA P1 SerafinandDiEugenio
(2004)

Negativeadaptation Noadapt P2,P3

Spectral Feature 
Alignment

SFA P3,P6,P10 Penetal.(2010)

StructuredCorrespondence
Learning

SCL P1,P3 Blitzaretal.(2016)

SupportVectorMachine SVM P4,P7,P10 VladimirVapnikandHava
Siegelmann(2001)

NaïveBayes NB P4 (1960)

DiscriminantAdaptive
NearestNeighbor

DANN P6,P7 Ganinetal.(2016)

DANN+mSDA DAmSD P6,P7 Ganinetal.(2016)

ConvolutionalNeural
Networkauxiliary

CNN-aux P6,P8,P9 YuandJiang(2016)

AdversarialMemory
Network

AMN P6,P8,P9 Lietal.(2017)

SCLMutualInformation SCL-MI P7 Blitzaretal.(2007)

Hierarchicalattention
Network

HAN P8,P9 Yangetal.(2016)

JointSentimentTopic/
Model

JST P10 Linetal.(2012)

LongShortTermMemory LSTM P10 S.HochreiterandJ.
Schmidhuber(1997)

StackedDenoising
AutoencoderwithDomain
andSentimentSupervision

SDA-DSS P10 LiuandHuang(2015)

TransferAda-Boost Tr-AdaBoost P11 Daietal.(2007)



International Journal of Artificial Intelligence and Machine Learning
Volume 10 • Issue 2 • July-December 2020

53

Table 5. Performance comparisons of baselines proposed in different researches taken for this study

Baselines Key Accuracy (%) F-Score AUC-
Score

Description Average 
Accuracies

SFA(SpectralFeatureAlignment) P1
P2
P3
P6
P10

86.75
77.73
65.47
78.69
78.6

78.4 Thehighestaccuracyachieved
whencomparingSFAwith
differentdatasetsinthecross
domainaspect.
SFAwhencomparedtothe
baselineinSST(Bollegalaet
al.2013).
Withthedimensionalitysetto
30,experimentedontheAmazon
dataset.
Averageacc.OnAmazonreviews
dataset.

77.44%

SCL(StructuralCorrespondence
Learning)

P3 66.04 Averageaccuracyontargetdomain
whendifferentsourcedomains
areused.

66.04%

NoAdapt(NegativeAdaptation) P3 62.91 Theaverageaccuracyofthe
baselinewhendifferentsource
domainsareusedtocompare
theperformanceoftheproposed
methods.

62.91%

NB(NaïveBayes) P4 - 0.764 Whenusingthesentiment140
Amazonreviewsdataset.

SVM(SupportVectorMachine) P4
P7
P10

-
80.2
72.7

70.9 0.780 Usingsentiment140corpus
Amazonreviewsdataset.
Zhangetal.selected
hyperparametercbetween10^-5
to1.

76.45%

SKLT P5 87.98 Averageaccuracytocompare
performanceinadversarial
networks.(Duanetal.2019)

87.98%

DANN(DiscriminantAdaptive
NearestNeighbor)

P6
P7

79.00
74.8

Averageclassificationaccuracyon
Amazonreviewdatasets.Encoded
in5000dimensionfeaturevector.
AverageaccuracyWhentested
on12differentsetsofdomains
usingtheadaptationparameter
between0.001and1withlearning
rate0.001.

76.9%

DANN+mSDA P6
P7

82.36
76.2

Averageacc.UsingAmazon
reviewdatasetwith5outputlayers
andavectorof30000dimensions.
Averageaccuracyon12different
domainsetswitheveryinstance
encodedinavectorof3000
dimensions.

79.28%

CNN-aux P6
P8
P9

81.98
81.98
81.98

AverageaccuracyforAmazon
reviewsdatasettoinduce
sentimentembeddingsusingtwo
auxiliarytasks.
Averageaccuracywhenusing20
setsofdifferentsourceandtarget
domains.
Averageaccuracyfor20transfer
pairsofAmazonreviewdataset.

81.98%

AMN(AdversarialNeural
Network)

P6
P8
P9

82.79
82.79
82.79

Averageclassificationaccuracyfor
Amazonreviewdatasetbylearning
domainsharedrepresentations.
Averageacc.Whentaken20
differentdomainpairsforstudy.
Averageacc.For20transferpairs
onAmazonreviewdataset.

82.79%

HAN(HierarchicalAttention
Network)

P8
P9

81.07
81.07

Averageacc.Whentaken20
differentdomainpairsforstudy.
Averageacc.For20transferpairs
onAmazonreviewdataset.

81.07%

JST P10 79.3 Theperformanceofthisbaseline
isusedforcomparingperformance
ofNAACL.Performance(given
averageaccuracy)ismeasuredby
varyingpercentageoflabeleddata
intargetdomain.Labeleddata
fromsourcedomainandlabeled/
unlabeleddatafromtargetdomain
areusedastrainingset.

79.3%

continued on following page
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Figure 1. Performance comparison of baselines using the line graph

Baselines Key Accuracy (%) F-Score AUC-
Score

Description Average 
Accuracies

LSTM P10 78.6 Averageaccuracywhiletaking
theSemEval-14S-res./Dianping
D-res.asthe
sourcedomainsanduse
SemEval-14S-laptop/Dianping
D-camera
asthetargetdomains,byvarying
percentageoflabeleddataintarget
domain.

78.6%

SDA-DSS P10 81.5 Averageaccuracywhiletaking
theSemEval-14S-res./Dianping
D-res.asthe
sourcedomainsanduse
SemEval-14S-laptop/Dianping
D-camera
asthetargetdomains,byvarying
percentageoflabeleddataintarget
domain.

81.5%

Tr-AdaBoost P11 0.51 AverageF-Scorewhiletaking
twotasks:SentimentLexicon
extractionandTopicLexicon
extraction,onproductandmovie
reviewdatasets.

Table 5. Continued
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