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ABSTRACT

Hugeamountsofdatageneratedonsocialmediaduringemergencysituationsisregardedasatroveof
criticalinformation.Theuseofsupervisedmachinelearningtechniquesintheearlystagesofacrisis
ischallengedbythelackoflabeleddataforthatevent.Furthermore,supervisedmodelstrainedon
labeleddatafromapriorcrisismaynotproduceaccurateresults,duetoinherentcrisisvariations.To
addressthesechallenges,theauthorsproposeahybridfeature-instance-parameteradaptationapproach
basedonmatrixfactorization,k-nearestneighbors,andself-training.Theproposedfeature-instance
adaptationselectsasubsetofthesourcecrisisdatathatisrepresentativeforthetargetcrisisdata.
Theselectedlabeledsourcedata,togetherwithunlabeledtargetdata,areusedtolearnself-training
domainadaptationclassifiersforthetargetcrisis.Experimentalresultshaveshownthatoverallthe
hybriddomainadaptationclassifiersperformbetterthanthesupervisedclassifierslearnedfromthe
originalsourcedata.
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INTRoDUCTIoN

Social media is becoming a more prevalent part of our everyday life, due to the advancements
in technologyandvirtualization.Theavailabilityof the Internet,camerasandreal-timemessage
boardsatourfingertipshasbroughtaboutliveandparallelreporting,andwitnesstestimoniesduring
manyevents.Thesereportscanbeusefultorespondersandcanhelpcreateawarenessamongthe
populace, especially in emergency situations (Meier, 2015; Watson, Finn, and Wadhwa, 2017).
Despitethepotentialbenefits,majorresponsegroupsandorganizationsunder-utilizethesesources
ofinformation,asthereinliemanyadministrativeandtechnicalchallenges(Meier,2013).Among
thechallenges,therearereliabilityissuesassociatedwithpublicandunstructureddata,aswellas
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informationoverloadissues,asmillionsofmessagesarepostedduringacrisissituation(Bullock,
Haddow,andCoppola,2012).

Therearemanyrecentstudiesthatproposetheuseofmachinelearningtechniquestoprovide
automatedmethodsforanalyzingsocialmediadatatoreducetheinformationoverload(Imranet
al.,2015;Beigietal.,2016).Machinelearningtechniquescanhelptransformrawdataintousable
informationbylabeling,prioritizingandstructuringdata,andmakingthembeneficialtoresponders
andtothepopulaceintimesofneed(Qadiretal.,2016).However,supervisedlearningalgorithms
relyonlabeledtrainingdatatobuildpredictivemodels.Accuratelabelingofdataforanemerging
crisisisbothtimeconsumingandexpensive,and,hence,itisnotappropriatetoassumethatlabeled
dataforacurrentcrisiswillbepromptlyavailabletobeusedforanalysis.Thelackoflabeleddata
foremergingcrisiseventsprohibitstheuseofsupervisedlearningtechniques.

Toaddressthischallenge,severalworksproposedtouselabeleddatafromprior“source”crises
tolearnsupervisedclassifiersfora“target”crisis(Vermaetal.,2011;Imranetal.,2013;Imran,Mitra,
andSrivastava,2016).However,duetothedivergenceofeachcrisisintermsoflocation,nature,season,
etc.(PalenandAnderson2016),thesourcecrisismightnotaccuratelyrepresentthecharacteristics
ofthetargetcrisis(Qadiretal.,2016;Imranetal.,2015).Domainadaptationtechniques(Panand
Yang,2010;Jiang,2008)aredesignedtocircumventthelackoflabeledtargetdatabymakinguse
ofunlabeledtargetdataasguidepostsforthereadilyavailablelabeledsourcedata.Studiesinthe
emergencyspacehaveshownthatusingdomainadaptationtechniques,whichusetargetunlabeled
dataandsourcelabeleddata together,significantly improveclassificationresultsascomparedto
supervisedtechniquesthatsolelyuselabeledsourcedata(Lietal.,2015,2017).Unlabeleddatafrom
thetargetcrisisbecomesmoreabundantastheeventunfolds,anditcanenabletheuseofdomain
adaptationtechniquesduringemergingoroccurringcrisisevents.

Thereareseveralwaysinwhichtheunlabeledtargetdatacanbeusedwithdomainadaptation
techniques, including parameter-based adaptation, instance-based adaptation and feature-based
adaptation(PanandYang,2010).Intheparameter-basedadaptation,thelabeledsourcedataisused
togetherwiththeunlabeledtargetdatatoidentifysharedparametersthatresultingoodpredictions
forthetargetdata.Intheinstance-basedadaptation,theunlabeledtargetdataisusedtoidentifyand/
orreweighthemostrelevantsourcelabeledinstanceswithrespecttothetargetclassificationtask,
whileinfeature-basedadaptation,thetargetunlabeleddataandsourcelabeleddataareusedtogether
tofindafeaturerepresentationthatminimizesthedifferencebetweenthetwodomains.Relevantprior
workoncrisistweetclassificationusingdomainadaptationhasreliedonparameter-basedadaptation.
Specifically,Lietal.(2017)proposedtolearnweightedsourceandtargetNaïveBayesclassifiers
withtheiterativemethodsofExpectation-Maximization(EM)(Dempster,Laird,andRubin,1977)
andSelf-Training(ST)(Yarowsky,1995)andshowedthattheresultingclassifierscanaccurately
predictthetarget.

Mazloometal.(2018)proposedtouseacombinationoftwodomainadaptationapproaches,
specifically a hybrid between feature-based adaptation and instance-based adaptation, to reduce
thevariationbetween the twodomains.First, theAlternatingNonnegativeLeastSquaresMatrix
Factorization(LSNMF)in(Lin,2007)isusedonthecombinedsourceandtargetdata,represented
usingbinaryvectors,tocreateadenseandreducedconceptualrepresentationofsourceandtarget
instances.Subsequently,thek-NearestNeighborsalgorithm(kNN)isusedtoselectasubsetofthe
sourceinstanceswhicharemostsimilartothetargetinstances,accordingtothecosinesimilarity
calculatedbasedonthereducedcommonrepresentation.Finally,theselectedsubsetissubsequently
usedtolearnNaïveBayesclassifiersforthetargetcrisis.

In this study, we propose to use a combination of all three domain adaptation approaches,
specificallyahybridbetweenfeature-basedadaptation,instance-basedadaptation,andparameter-
basedadaptationtoreducethevariationbetweenthesourceandtargetdomains.AsinMazloometal.
(2018),wefirstusetheAlternatingNonnegativeLeastSquaresMatrixFactorization(LSNMF)Lin
(2007)onthecombinedsourceandtargetdatatocreateadenseandreducedconceptualrepresentation
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ofsourceandtargetinstances.Subsequently,thek-NearestNeighborsalgorithm(kNN)isusedto
selectasubsetofthesourceinstanceswhicharemostsimilartothetargetinstances,accordingtothe
cosinesimilaritycalculatedbasedonthereducedcommonrepresentation.Finally,theparameter-based
adaptationapproachusedinLietal.(2017)isusedontheselectedsubsetofthesourcelabeleddata
combinedwiththeavailabletargetunlabeleddata.Theobjectiveistogainanunderstandingofthe
benefitsprovidedbythehybridfeature-instance-parameteradaptationapproach,ascomparedtothe
independentfeature-instanceandparameter-basedadaptationapproaches.

Asanapplication,wefocusonthetaskofclassifyingtweetsasbeingrelevanttotheeventof
interestornot relevant.This isoneof themostbasicbutcrucialclassificationsneededduringa
crisisevent,assubsequentanalysisshouldbedoneonlyondatarelevanttothecrisisinquestion.
Furthermore,thisclassificationisnottrivial:supervisedclassifiersmaynotachieveaccurateresults
duetodomainvariations.

Tosummarize,ourmaincontributionsareasfollows:

• We extend the hybrid feature-instance adaptation approach proposed in Mazloom et al.
(2018)toahybridfeature-instance-parameteradaptationapproach,whereself-trainingis
usedwiththefeature-instanceadaptedsourcedatatotransferparametersfromthesource
crisistothetargetcrisis;

• AsopposedtoMazloometal.(2018),whereexperimentswereperformedonlyontheCrisisLexT6
(Olteanuetal.,2014a)dataset,weperformanextensivesetofexperimentsonpairsofsource-
targetcrisiseventsfromtwodatasets,CrisisLexT6(Olteanuetal.,2014a)and2CTweets(Schulz,
Guckelsberger, and Janssen, 2017). The goal is to evaluate the feature-instance adaptation
approachbycomparisonwithapproachesthatmakeuseofeitherfeature-basedadaptationor
instance-basedadaptation,butnotboth;

• We study the variation of performance with the parameters of the feature-based adaptation
(specifically,thenumberoffeatures,f),andinstance-basedadaptation(specifically,thenumber
ofneighbors,k),respectively,toidentifyparametersthatresultingoodoverallperformance.

MeTHoDS

The goal of this study is to design and evaluate a hybrid feature-instance-parameter adaptation
approachbycombiningtwoadaptationapproachesthathavebeensuccessfullyusedinthecontext
ofclassifyingcrisis-relatedtweets,specificallyafeature-instanceadaptationapproachproposedby
Mazloometal.(2018),withtheself-trainingadaptationapproachproposedbyLietal.(2017).Asa
baseclassifier,bothMazloometal.(2018),andLietal.(2017)haveusedNaïveBayes,asimplebut
powerfulclassifier,whichdoesnothaveanytunablehyper-parameters.Furthermore,Lietal.(2017)
haveshownthatsimpleBernoulliNaïveBayesclassifiersareveryappropriateforanalyzingcrisis-
relateddatapostedonsocialmedia,astheygiveresultscompetitivewiththoseofmoresophisticated
algorithmswhichhavetunablehyper-parameters.However,otherstudiesinthecrisisdomainhave
successfullyusedRandomForest(Imran,Mitra,andSrivastava2016),anensemble-typeclassifier,
whichisgenerallyknowntoreducethevariance(Genuer2012).GiventhesuccessofbothNaïve
BayesandRandomForestclassifiers,inthisstudyweinvestigatebothclassifiersinthecontextof
thehybridfeature-instance-parameteradaptationapproach.

Wewillnext review the feature-instanceadaptationapproach introduced in (Mazloometal.
2018),andthendescribethecombinationofthisapproachwithaself-trainingapproach,similarto
theoneproposedinLietal.(2017).

Feature-Instance Adaptation Approach
Givenasourceandtargetpairofcrises,thegoalistoadaptthesourcedatabyreducingthevariance
withrespecttothetargetdata,andthentrainaNaïveBayesorRandomForestclassifierontheadapted
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sourcedata.Thesourceadaptationisguidedbythetargetunlabeleddata.Morespecifically,ahybrid
feature-instanceadaptationapproachisusedtoselectasubsetofthesourceinstances,whicharemost
similartothetargetinstances.First,thetargetinstancesareusedtoconstructatargetvocabularyV,
whichisusedtorepresentbothsourceandtargetdataasbag-of-wordsbinaryvectors.Aspartofthe
featureadaptationstep,theresultingdatamatrixDisdecomposedusingthepopularLeastSquares
Non-NegativeMatrixFactorization(LSNMF)proposedbyLin(2007).Theimplementationofthis
methodisavailableinPythonunderthe“nimfa”package.Intuitively,thedecompositionwillproduce
areduceddenserepresentationofthedata,whichismoresuitableforidentifyingsimilarinstances
ascomparedtothesparsebinaryrepresentation(GuoandDiab2012).

Aspartoftheinstanceadaptationstep,thereducedrepresentationisusedtoidentifysource
instancesthataremostsimilartothetarget.Moreprecisely,foreachtarget(unlabeled)instance,
wecalculatethecosinesimilaritytothesourceinstancesandselecttheknearestneighborsfrom
thesource.Iftwodifferenttargetinstanceshavethesamesourceinstanceamongtheknearest
neighbors, theselectedsubsetof thesourcemaycontainduplicate instances.Mazloometal.
(2018) experimentedwith twosettings,one inwhichduplicateneighborswereretained(i.e.,
seenasreweighingsourceinstancesthatareclosetomanytargetinstances),andanotheronein
whichduplicatesareremoved(sothateachinstanceisusedwiththesameweight).Experimental
results showed that thesettingwhereduplicatesare retainedgivesbetter resultsoverall, and
thus,weonlyusethissettinginthecurrentstudy.Mazloometal.(2018)alsodemonstratedthat
resultsfromthejointfeature-instanceadaptationaresuperiortothatoftheirstandaloneversions
andprovidebetterconsistencythroughoutdifferentdatasets.Ourexperimentalresultsregarding
thismatterhadsimilarresultstotheirworkhence,onlythejointadaptationresultsarediscussed
furtherinthisstudy.

Finally,NaïveBayesandRandomForestalgorithms,respectively,areusedtolearnclassifiers
fromtheselectedsubsetofthesource.ForNaïveBayes,Mazloometal.(2018) alsoexperimented
with twosettings:one inwhich theGaussianNaïveBayesalgorithm isusedon the reduced
representationoftheselectedsourceinstances,andanotheroneinwhichtheBernoulliNaïve
Bayesalgorithmisusedontheoriginalbinaryrepresentationoftheselectedsourceinstances.
ExperimentalresultsshowedthattheBernoulliNaïveBayesclassifiersarebetterthantheGaussian
NaïveBayesclassifiers.InpreliminaryexaminationwithRandomForest,weobservedsimilar
results.Therefore,inthisstudy,wetrainBernoulliNaïveBayesandRandomForestclassifiers
ontheoriginalbinaryrepresentationoftheselectedsourceinstances.Theresultingclassifiers
areevaluatedonaseparatetargettestdataset.

Self-Training Adaptation
Self-trainingisaniterativeparameter-basedapproachforadaptingasourceclassifiertoatargetevent.
Initially,aclassifierislearnedfromthesourcelabeleddata,SL.Ateachiteration,thecurrentclassifier
isusedtolabeltheavailableunlabeledtargetdataTU,andthemostconfidentlylabeledtargetinstances
nineachclassareusedtoupdatetheclassifier.Thisprocessisrepeatedforafixednumberofiterations.
Aparameter γ controls thecontribution/weightof thesource instancesasopposedto the target
instancesateachiterationi.Intuitively,witheachiteration,i,theweightgraduallyshiftsfromthe
sourceinstancestowardsthetargetinstances.

TheclassifieradaptationworksnaturallyforNaïveBayes,wheretheprobabilityestimatescan
beeasilyadjustedasnewtrainingdatabecomesavailable.However,thisisnotthecaseforRandom
Forestclassifiers,wherethestructureofatreemightbealteredwhennewtrainingdataisadded.
Insteadofchangingtheexistingtrees,orbuildingthewholerandomforestclassifierfromscratch,
itispreferabletoaddnewtreestotheexistingclassifier.Thisistheapproachfollowedinthisstudy.
Thisapproachispreferabletorebuildingtheentireforestwhichsignificantlyreducesefficiencyand
scalabilityforlargerdatasets.
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Combining Feature-Instance Adaptation with Self-Training
Weproposeahybridfeature-instance-parameteradaptationapproachbycombiningthefeature-instance
adaptationwithavariantoftheself-trainingapproachusedbyLietal.(2017),asdescribedabove.
Specifically,insteadofdirectlyusingtheBernoulliNaïveBayesandRandomForestclassifiersonthe
selectedsourcelabeleddata,theiterativeprocessofself-trainingisusedtoadapttheparametersof
theclassifierslearnedfromtheselectedsource,revertedtothebinaryrepresentation,basedontarget
unlabeleddata.Inthecaseofthefeature-instanceadaptation,theresultingclassifiersareevaluated
onaseparatetargettestdata.

Thehybridfeature-instance-parameterapproachissummarizedinAlgorithm1.

Algorithm1.Hybridfeature-instance-parameteradaptation

Input: Source labeled data, SL, target unlabeled data, TU, and  
       target test data, TT. 
1: Construct a vocabulary, V, using the target unlabeled data, TU. 
2: Represent source, SL, and target, TU, as V -dimensional binary  
   vectors, and create the combined source and target data matrix, D. 
3: Feature adaptation: Perform the Least Squares Non-Negative  
   Matrix Factorization (LSNMF) on the combined source and  
   target data matrix, D, resulting in a reduced f -dimensional  
   representation of the paired events. 
4: Instance adaptation: Using the reduced representation, for each  
   target instance in TU, find the k nearest source instances in  
   SL, and add them (binary representation) to the adapted source,  
   Adap- SL, while retaining duplicates. 
5: Self-training: Use the adapted source data, Adap- SL, and  
   target unlabeled data, TU (binary representation), to  
   iteratively learn a target classifier. 
6: Evaluate the resulting hybrid classifier on the target test  
   data, TT.

Dataset
Thisstudywillusetwodatasetstoevaluatetheproposedhybridadaptationapproach.Thefirstdataset,
CrisisLexT6(T6)(Olteanuetal.,2014b),isacollectionoftweetscollectedfromsixdisastersthat
occurredinUnitedStates,CanadaandAustraliabetweentheperiodofOctober2012andJuly2013.
Thedatasetcontainsapproximately10,000tweetsperdisasterlabeledasrelatedtoadisaster(“on
topic”)ornot(“offtopic”).Theseconddataset,2CTweets(2C)(Schulz,Guckelsberger,andJanssen,
2017),isacollectionoftweetsaboutincidents,suchascarcrash,fireorshooting,whichhappened
in10differentcities.Tweetswerelabeledasincidentrelated(Yes)ornot(No).

The datasets were originally collected though the Twitter API using keywords, geographic
location and the affected areas of their respective crises. The data was pre-processed using the
proceduredescribedinLietal.(2015),whichcomprisesofreplacingURLs,usernames,andemails
withplaceholders, aswell as removingnon-printableASCII characters, re-tweets, andduplicate
tweets.Twelvesource-targetpairsareusedforeachdatasetintheexperiments.FortheCrisisLexT6
dataset,theeventsarepairedbasedonchronologicalorderandthepairsareselectedtomatchthe
pairsin(Mazloometal.,2018).Forthe2Cdataset,eacheventinadatasetispairedwithalltheother
events,andasubsetofpairsisselectedasfollows:First,pairswererankedbasedontheaccuracy
resultsproducedbythesupervisedBernoulliNaïveBayesclassifierlearnedfromtheoriginalsource.
Subsequently,asetofpairswasselectedtoensureawiderangeofaccuracyvalues,whileavoiding
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usingthesameeventassourceorastargetintoomanypairs.Thegoalwastoobtainasubsetofpairs
thatisrepresentativeforthesetofallpossiblepairs.

Eachpairwasconvertedtoabinaryrepresentationusingthetargetvocabulary,whichconsists
ofapproximately1000wordsontheaverage,afterselectingwordsthatarerepeatedatleasttenor
fourtimesforT6and2C,respectively,withinsourceandtargetcombined.Theseparameterswere
primarilychosenbasedonpriorwork (Liet al.,2015;Mazloometal.,2018)whileconsidering
sufficientusageandfeaturelossminimization.Thiswouldresultinpairswithabout1000features
foranalysis.Detailsabouttheeventsineachdatasetandnumberofinstances/featuresineachevent
areshowninTable1.ThespecificpairsofeventsusedforthetwodatasetsareshowninTable3.

Table 1. List of the events in the CrisisLexT6 dataset (top) and the 2CTweets dataset (bottom) used in the experiments, 
together with information about the number of instances/features in each event.

CrisisLexT6 Crisis Instances
Features

Abbreviation Disaster Related Not Related Total

SAN SandyHurricane 3870 6138 10008 1380

QUE QueenslandFloods 4619 5414 10033 1242

BOS BostonBombings 4364 5648 10012 1317

OKL OklahomaTornado 5165 4827 9992 1143

WES WestTexasExplosion 4760 5246 10006 1239

ALB AlbertaFloods 4841 5186 10030 1322

2CTweets Crisis Instances
Features

Abbreviation Disaster Related Not Related Total

BOS BostonBombings 604 2216 2820 1648

BRI Brisbane 698 1898 2587 1287

CHI Chicago 214 1270 1484 862

DUB Dublin 199 2616 2815 1384

LON London 552 2444 2996 1673

MEM Memphis 361 721 1082 771

NYC NYC 413 1446 1859 1119

SAN SanFrancisco 304 1176 1480 935

SEA Seattle 800 1404 2204 1375

SYD Sydney 852 1991 2843 1601

Table 2. List of the selected pairs used for the analysis results in the CrisisLexT6 dataset (top) and 2CTweets dataset (bottom) 
used in the experiments

Pairs CrisisLexT6

Source BOS BOS BOS OKL QUE QUE QUE SAN SAN SAN SAN SAN

Target ALB OKL WES ALB ALB BOS OKL ALB BOS OKL QUE WES

Pairs 2CTweets

Source SYD LON DUB BRI CHI SAN NYC SEA LON BRI LON CHI

Target DUB CHI SYD SAN BOS LON MEM NYC MEM BOS SEA BRI
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Ineachpair,thefirsteventwillbeusedasthesourcetoadapt,andthesecondwillbeusedasthe
targettoclassify.

experimental Setup
Thissectionstatestheresearchquestionsthatmotivatedthestudy.Italsodescribesbaselines,the
evaluationstrategy,andtechnicaldetailsoftheapproachesused,includingtheirconfigurationsetup
intheexperimentsconducted.

Research Questions
Ourexperimentsaredesignedtoanswerthefollowingresearchquestions:

RQ1:Doesthefeature-instanceadaptationapproachshowsimilarpatternsonbothdatasetsused
in the study, specifically, T6 and 2C datasets? How do the results of the feature-instance
adaptationcomparewith the resultsofsupervisedclassifiers learnedfromthesourcedata
withoutanyadaptation?

RQ2:Cantheself-trainingparameteradaptationhelp improvetheresultsof thefeature-instance
adaptationapproach?Similarly,canthefeature-instanceadaptationimprovetheresultsoftheself-
trainingapproachusedontheoriginalsourcelabeleddatatogetherwiththetargetunlabeleddata?

RQ3:BetweenBernoulliNaïveBayesandRandomForest,whichclassifierbenefitsmostfromthe
hybridfeature-instance-parameteradaptationapproach?

RQ4:Whatspecificsource-targetpairsbenefitthemostfromtheadaptation?
RQ5:Doestheproposedapproachbenefitthedatasetssimilarly?Whatcharacteristicsmakesadataset

moresuitableforanalysiswiththeproposedfeature-instance-parameteradaptationapproach?

Baselines
Wecomparetheproposedhybridfeature-instance-parameterapproachagainstthefollowingbaselines:

• Supervised Bernoulli Naïve Bayes and Random Forest classifiers learned from the binary
representationofthesourceandevaluatedonthetesttargetdata;

• Feature-instanceadaptationwithBernoulliNaïveBayesandRandomForestclassifiers,wherewe
firstusethebinaryrepresentationofthesourceandtargettofindareduceddenserepresentation,
andsubsequentlylearnclassifiersfromtheselectedsourcesubsetwiththebinaryrepresentation;

Table 3. Queensland Flood related example tweets from the CrisisLexT6 dataset where Bernoulli Naïve Bayes classification 
after adaptation has correctly classified the tweets contrary to the baseline (Original). f denotes instance adaptation only, k 
denotes feature adaptation, and f - k denotes feature-instance adaptation. The check symbol (✓) signifies correct classification 
while the cross symbol () signifies misclassification. Parameter adaptation for the examples below had similar results.

CrisisLexT6 Tweets Original f k f - k

USERNAMEDearAziaddictsAUandfriendsdownunderinQueensland.It’sall
overthenewsonceagainthattheworstflood...URL...  ✓  

USERNAMEMythoughtsgoouttoallofthefloodandfirevictimsaround
Australia,staystrong   ✓ 

DTNJapan:Gladstonefloodvictimsreturninghome:Floodwatersarerecedingat
Gladstone,incentralQueensland,...URL    ✓

#Australia|#Queensland|#Flood|#Tornado|Tapeyourwindowsinacross-
shape;windowsareshatteringduetopressure.Don’tsitclose.   ✓ ✓

NewsFloodcrisisunfoldinginLockyerValley:Aseriousfloodcrisisisemerging
inQueensland’sLockyerValle...URL    
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• Self-trainingparameteradaptationwithBernoulliNaïveBayesandRandomForestasbase
classifiers,ontheoriginalsource-targetbinarydata,withoutanyfeature-instanceadaptation.

evaluation Strategy
The5-foldcross-validationstrategywasusedforevaluation.Thisisachievedbycreatingfive
randomfoldsfromthetargetunlabeleddata(usingthestratifiedsplittingmechanismthatensures
thattheoveralldatadistributionismaintainedineachfold).Inacross-validationexperiment,
fourfoldsareusedfortheadaptation,astargetunlabeleddataTU(togetherwiththewholesource
labeleddataSL),whilethefifthfoldisusedastargettestTT.Thefoldsarethenrotatedsuchthat
eachfoldisusedasthetestfoldexactlyonce.AsadifferentTUsetisusedforadaptation,there
willbeadifferentadaptedsourceateachrotation,whichinturncreatesadifferentclassifier
foreachtestfold.Foraparticularsource-targetpair,theaccuracyresultsareaveragedoverfive
folds.Furthermore,foraglobalvisualanalysiscorrespondingtoadataset,theaccuracyresults
areaveragedoverallthepairsinthedataset.

Classification Setup
Twobaseclassifiersareusedintheexperiments,BernoulliNaïveBayesandRandomForests,as
explainedintheprevioussection(Methods).Theclassificationalgorithmsarealwaysusedwiththe
binaryrepresentationofthedata,bothwhentheoriginalsourcedataisusedandalsowhenaselected
subsetofthesourcedataisused.BernoulliNaïveBayesdoesnothaveanyhyper-parametersthat
needtobeset.ForRandomForest,thenumberoftreesusedissetto100.Thevaluesoftheother
parametersarethedefaultvalues.

Matrix Factorization Setup
Each source-targetpairof events is representedbyan instance-featuredatamatrix consistingof
binaryBOW(Bag-of-Words)vectors,basedonthetargetvocabulary.UsingLSMNF,thematrixis
reducedfromapproximately1,000featuresintomatricesof30,50,100,200,and500features,while
retainingthesameinstancecount.

K-Nearest Neighbors Setup
Akeyelementinthefeature-instanceadaptationapproachisthek-NNstep.Givenasimilaritymetric,
inourcase,cosinesimilarity,thisprocesswillselecttheknearestneighborsforeachinstanceofthe
targetunlabeledset,TU,fromtheentiresourcelabeledset,SL.Thefollowingkvalueswereused
intheexperiments:1,3,5,7,9,and11,tounderstandtheeffectsofthisparametersontheresults.
Usingthismethodofinstanceselection,especiallyforhighervaluesofk,theselectedsourcewill
potentiallyincludeduplicates.GiventhepriorworkinMazloometal.(2018) wewillkeepduplicate
instancesintheselectedsource.

Self-Training Setup
Theself-trainingclassifiershaveseveralhyper-parametersthatcanbetuned,includingthenumber
ofiterationsi,thenumberoftargetinstancesntobeaddedtothetrainingdataateachiterationi,and
theparameterγ thatisusedtoshifttheweightfromthesourcetothetargetateachiteration.Based
onpriorwork(Li,Caragea,andCaragea2017),fortheCrisisLexT6dataset,wesetnto5,and γ to
i * 0.002, where i is the current iteration number, and we ran the self-training approach until
convergence,asitwasobservedthattheaccuracyincreasedwhenmoretargetinstanceswereadded
tothetrainingset.Forthe2CTweetsdataset,wheretheeventsizeissignificantlysmallerthanthe
eventsizeinCrisisLexT6,wesetnto2, γ toi*0.002,anddidsomepreliminarytuningofthe
numberof iterations,assometimes, theperformancedecreasedwhenmoretarget instanceswere
addedtothetrainingset.WhenRandomForestisusedasthebaseclassifier,twonewtreesarebuilt
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usingtheselectedtargetunlabeledinstancesandaddedtotheclassifierwithweight γ .Basedon
preliminaryexperimentation,itwasalsoobservedthatwhenthenumberoftargettreesincreasesby
1.5timesthesourcetrees,initiallysetto100,theintegrityoftheclassifier’strainingcollapses,hence,
theclassifierislimitedbytheinitialnumberofsourcetrees.

eXPeRIMeNTAL ReSULTS AND DISCUSSIoN

Theaverageresultsfordifferentadaptationapproaches,overthe12pairsintheCrisisLexT6dataset,
arevisuallyshowninFigure1forBernoulliNaïveBayesandRandomForestasbaseclassifiers,
respectively.Similarly,theaverageresultsfordifferentadaptationapproaches,overthe12pairsinthe
2CTweetsdataset,arevisuallyshowninFigure2forBernoulliNaïveBayesandRandomForestas
baseclassifiers,respectively.Theresultsarediscussedinwhatfollows,byanalyzingeachadaptation
approachwithrespecttoitsbaseline.

Feature-Instance Adaptation
Theresultsofthefeature-instanceadaptationarediscussedinthissectionandusedtoanswerour
researchquestionRQ1.Aspartofthefeature-instanceadaptation,theoriginalbinaryfeaturesetfor

Figure 1. Average classification accuracy results for the 12 source-target pairs from the CrisisLexT6 dataset. The left side of the 
graph shows the results of the following approaches: supervised learning on the original source data, Original, and feature-instance 
adaptation (with different values for the number of features f and different values for the number of neighbors k). For example, 
the two sections of 30f-1k are interpreted as follows: 30f means LSNMF has reduced the features to 30, while 1k means that one 
source instance was selected for each target instance. Duplicates were retained in all feature-instance adaptation experiments, 
and the selected source instances were remapped back to their original representation after the adaptation. The right side of the 
graph shows combinations of the previous approaches with ST. Results for Bernoulli Naive Bayes are shown in the top graph, 
while results for Random Forest are shown in the bottom graph.
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eachdatasetisfirstreducedtoadenserrepresentationusingthefeatureadaptationtechnique(i.e.,
LSNMF).Afterwards,sourceinstancesinthereducedrepresentationareadaptedtothetargetusing
theinstanceadaptationtechnique(i.e.,k-NN).Asthelaststep,thesourceinstancesareremapped
backtotheiroriginalbinaryrepresentation.Thegoalofthefeature-instanceadaptationistoincrease
thesimilarityofthesourceandtargetdistributions.

WeusedtheTSNEtechnique(VanDerMaaten2014),beforefeature-instanceadaptationandafter
feature-instanceadaptation,toreducethedimensionalityofthesourceandtargetdatato2.Asaresult,
eachinstancefromthesourceandtargetdataisrepresentedbyatwo-dimensionalvector.Weplotthe
sourceandtargetinstancestogethertovisuallyanalyzetheirdistributionsbeforeandafteradaptation.
TheresultsofthevisualizationareshowninFigure3forapairofeventsintheCrisisLexT6dataset
(specifically,BostonBombingsversustheWestTexasExplosion),beforeadaptation(left)andafter
adaptation(right).Ascanbeseen,thetwoeventshavedistinctdistributionsbeforeadaptation,but
theirdistributionsaremoresimilarafteradaptation.

Figure1 shows results forcombinationsof f=1,5,9neighborsandk=30,50,100 features,
respectively,as thesevaluesgavebetteroverallresults.Figure1, in thecaseofCrisisLexT6, the
hybridfeature-instanceadaptationapproachoutperformsthesupervisedbaselinebyasignificant
margin, Original, for all k, f combinations considered, and for both Bernoulli Naïve Bayes and
RandomForestclassifiers.Ontheaverage,verysmalldifferencesareseenbetweendifferentk, f
combinations,whenBernoulliNaïveBayesisused,whilesmallerkandfvaluesgivebetterresults
whenRandomForestisused.

Figure 2. Average classification accuracy results for the 12 source-target pairs from the 2CTweets dataset. The left side of the graph 
shows the results of the following approaches: supervised learning on the original source data, Original, and feature-instance 
adaptation (with different values for the number of features f and different values for the number of neighbors k). For example, 
the two sections of 30f-1k are interpreted as follows: 30f means LSNMF has reduced the features to 30, while 1k means that one 
source instance was selected for each target instance. Duplicates were retained in all feature-instance adaptation experiments, 
and the selected source instances were remapped back to their original representation after the adaptation. The right side of the 
graph shows combinations of the previous approaches with ST. Results for Bernoulli Naive Bayes are shown in the top graph, 
while results for Random Forest are shown in the bottom graph.
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Somewhatsimilarpatternsareobservedforthe2CTweetsdatasetinFigure2whencomparing
feature-instanceadaptationwiththesupervisedbaseline.However,thedifferencebetweenthefeature-
instanceadaptationandthesupervisedbaselineissmallerthanwhatwasobservedforCrisisLexT6.
Furthermore,whenusingBernoulliNaïveBayesasabaseclassifier,alargerkvaluesleadstobetter
results,whileinthecaseofRandomForestalargerfvaluegivesbetterresults.Thismaybeexplained
bythesmallersizeofthe2CTweetsdatasetascomparedtoCrisisLexT6.Alargerkvalueleadsto
largersubsetsofselectedinstances,andsubsequentlybetterprobabilityestimatesforBernoulliNaïve
Bayes.InthecaseofRandomForest,alargersetoffeaturesleadstoamorediversesetoftreesin
theRandomForest,andsubsequentlybetterresults.

Whencomparingtheresultsofthefeature-instanceadaptationwithrespecttotheclassifierused,
overalltheBernoulliNaïveBayesclassifiergivesbetterresultsthantheRandomForestclassifierfor
CrisisLexT6,whiletheRandomForestclassifiergivesslightlybetterresultsfor2CTweets.Thisresult
couldalsobeexplainedbythesizeofthedatasetusedfortraining.Whenthesizeofthedatasetis
smaller,RandomForest,anensembleclassifier,canhelpboosttheresults.However,forlargerdatasets,
theestimatesobtainedwithBernoulliNaïveBayesaremoreaccurateandleadtoaccurateclassifiers.

Finally,itshouldbenotedthatthevarianceinaccuracyobservedacrossdifferentsource-target
pairsisrelativelysmallfortheinstance-adaptationapproach,aswellasfortheoriginalsupervised
classifiers.Thisobservationsuggeststhattheadaptationapproachisabletoconsistentlyimprovethe
resultswithoutcausingmuchvariationtotheoveralldatadistributionwhencomparedtotheOriginal
data.ExamplesprovidedinTable3demonstratethatkeyworks(Australia)andhashtagsarebest
identifiedbytheinstanceadaptationapproach,denotedbyk,whilstfeatureadaptationbestcaptures
newsconceptandnegativesentiments.Consequently,instance-featureadaptationmakesuseofthe
bestfrombothtechniques.

Hybrid Feature-Instance-Parameter Adaptation
Theself-trainingclassificationmethodwasusedasaparameteradaptationapproachandcombined
withthefeature-instanceadaptation.AscanbeseeninFigure1,fortheCrisisT6dataset,bothBernoulli
NaïveBayesandRandomForestclassifiersbenefitfromparameteradaptationwithself-training.
Specifically,forBernoulliNaïveBayes,ontheaverage,theresultsoftheself-trainingclassifier,ST-
Original,arebetterthantheresultsofthesupervisedbaseline,Original,by8%.Similarly,forRandom
Forest,ontheaverage,theresultsoftheself-trainingclassifier,ST-Original,arebetterthantheresults

Figure 3. Combined source (blue) and target (red) CrisisLexT6 data visualization before (left) and after feature-instance 
adaptation (right). It can be seen that before feature-instance adaptation (left), source (blue) instances and target (red) 
instances are partially separated into different clusters due to their different distributions. However, after feature-instance 
adaptation (right), the clusters have dispersed, and the distributions of the source and target instances have become 
similar. This shows that the adaptation technique has minimized variability between source and target distributions. The 
visualization is performed using the TSNE technique.
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ofthesupervisedbaseline,Original,by6%.Furthermore,theresultsofST-Originalarebetterthan
theresultsofthefeature-adaptationapproachesforbothBernoulliNaïveBayesandRandomForest
classifiers,showingthatparameteradaptationisbetterthanthefeature-instanceadaptationwhen
eachapproachisusedbyitself.However,whencombiningfeature-instanceadaptationwithself-
training,accuracyisfurtherincreased.Theincreasedaccuracyofthecombinedfeature-instanceand
parameteradaptationsupportstheideathateachadaptationapproachisabletotransfercomplementary
informationfromthesource,andtogethertheyprovideabettertrainingbaseforthetargetwhena
largeenoughsamplesetisavailable.

AscanbeseeninFigure2,the2CTweetsdatasetpresentsasimilarpatternwhentheBernoulli
NaïveBayesisused,althoughtheincreaseproducedbyself-trainingissmallerthantheincrease
observedforCrisisLexT6.WhentheRandomForestclassifierisused,theresultsproducedbyself-
training,ST-Original,areworseontheaveragethantheresultsproducedbythesupervisedbaseline,
Original,andahighvarianceisobservedbetweendifferentsource-targetpairs.Theresultsimprove
whenself-trainingisusedincombinationwiththefeature-instanceadaptation,butoverall,theyare
stillworsethantheirfeature-instanceadaptationcounterparts.Intuitively,thepoorperformanceof
self-training,inthiscase,canbeexplainedbythesizeofthedataandthewaytheself-trainingis
implementedforRandomForest.Specifically,given thesmallsizeof thedata,weonlyadd two
targetinstancesfromeachclasstothetrainingset(fourinstancesalltogether).Thoseinstancesare
usedtocreatetwonewtrees,thatareaddedtotheprevioustreesintheRandomForest.Giventhat
thetwonewtreesarebasedonfourinstances,theywillbesomewhatbiased.Ontheotherhand,we
observedthataddingmoretargetinstancestothetrainingsetresultsinincorrectlylabeledinstances
beingused,whichalsoleadstopoorperformance.DifferentwaystoimplementtheRandomForest
classifierwithself-trainingwillbeexploredinfuturework.Itshouldbenotedthatthisisnotanissue
fortheBernoulliNaïveBayes,wherethecountsaresimplyupdatedbasedonthenewtrainingdata.

Thus,theanswertoourresearchquestionRQ2isthatthefeature-instanceapproachgenerally
improvestheresultsoftheself-trainingapproach(bycomparingST-Originalversusfeature-instance
adaptation).Similarly,thefeature-instanceadaptationcanimprovetheresultsofself-training(by
comparingST-Originalwithfeature-instance-parameteradaptation),especiallyforlargerdatasets.
However, the two adaptation approaches, self-training and feature-instance adaptation, are very
competitive by themselves and give better results than the supervised baselines in most cases.
Regardingresearchquestion,RQ3,asdiscussedabovebothBernoulliNaïveBayesandRandom
Forestclassifiersbenefitfromfeature-instanceadaptation.TheBernoulliNaïveBayesclassifieralso
benefitsfromself-trainingadaptationconsistently.However,withthecurrentimplementation,the
RandomForestclassifierbenefitsfromself-trainingonlyinthecaseoflargerdatasets.

Finally,toanswerRQ4,itshouldbenotedthatdifferencesbetweenCrisisLexT6and2CTweets
datasetsleadtodifferentbehavioroftheself-trainingalgorithmwhenusedononedatasetversusthe
other.Specifically,asmentionedbefore,theeventsinCrisisLexT6havesignificantlylargersizes
whencomparedtotheeventsinthe2Ctweetsdataset.Thisensuresthataccuratelylabeledtraining
instancesareidentifiedateachiteration,andthusalargernumberofiterationsarepossible.Asa
consequence,theperformancegenerallyincreaseswiththenumberofiterations.Furthermore,the
pairsofeventsinCrisisLexT6havebettercontextualoverlap,ascomparedtothepairsofeventsin
2CTweets,afactthatalsocontributestoaccuratelabelsforsometargetinstancesateachiteration.As
opposedtothat,theeventsinthe2CTweetsdatasetaresmallerinsize,andthepairsofeventsshow
lessoverlap.Therefore,thereisahigherchancethatincorrectlylabeledtargetinstancesareadded
tothetrainingsetdecreasingtheperformancewithmoredata.Thisbehaviorcanbeseenclearlyin
Figure4,wherethe2Cpairclassificationshowsanunusualinstabilityinaccuracy,asmoretarget
instancesareintroducedateachiteration.TheCrisisLexT6pair,ontheotherhand,hasamorestable
accuracywhichincreaseswiththenumberofiterations.Giventhisbehavior,thenumberofiterations
for2CTweetswasroughlytunedforasource-targetpair(asopposedtotuningforeachsplit)inthe
preliminaryexamination.Morefine-tuningmayleadtobetterresults.
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Whencomparingthefeature-instanceadaptationmethodtothebaselinesusingBernoulliNaïve
Bayesinbothdatasets,theadaptedresultstendtosignificantlyimprovethebaselineresultsin83%and
89%ofthecasesforCrisisLexT6and2CTweets,respectively.Similarly,whenparameteradaptationis
used,theresultsaresignificantin71%and89%ofthecases,respectively,demonstratingthatparameter
adaptationwasmoreeffectivein2CTweetsduetothedataset’ssmallersize.Thefeature-instance
adaptationwasalsoabletosignificantlyoutperformindividualinstanceadaptationin61%and42%
ofthecases,aswellasindividualfeatureadaptationin60%and40%ofthecases,forCrisisLexT6
and2CTweets,respectively.However,whenusingRandomForest,parameteradaptationisableto
increasethesignificantresultsfrom43%to60%inCrisisLexT6,whencomparedtonofeature-instance
adaptation,whilein2CTweetsthesignificantresultsdecreasefrom45%to36%.Asdiscussedabove,
thisismostlikelyduetothelackofinstancesthatareusedtocreatenewtreesateachiterationof
theparameteradaptation.Bothadaptationsetsareabletooutperformindividualfeatureandinstance
adaptationinbothdatasetsbyabout60%withtheexceptionoffeature-instance-parameteradaptation
comparedtoindividualinstanceadaptationin2CTweets.

ReLATeD woRK

Machinelearningalgorithmshavebeenusedtohelpresponderssiftthroughthehugeamountsofcrisis
dataandprioritizeinformationthatmaybeusefulforresponseandrelief.Somestudieshaveused
imagestoidentifysuchdata(Alam,Imran,andOfli,2017;Lietal.,2019)whereasothershaverelied
onthemoreabundanttextdata(Vermaetal.,2011;Carageaetal.,2011;Vieweg,2012;Terpstraetal.,

Figure 4. Variation of accuracy with the self-training iterations for a representative pair of events from CrisisLexT6 (Top), and a 
representative pair of events from 2CTweets (Bottom). Self-Training Bernoulli Naïve Bayes is used to train the classifiers in the 
graphs on the left, while Random Forest is used to train the classifiers in the graphs on the right. For the pair from CrisisLexT6, 
five target instances per class are added at each iteration, while for the 2CTweets pair, two target instances per class are added. 
This figure depicts the self-training instability for the 2CTweets pair as compared to the CrisisLexT6 pair.



International Journal of Information Systems for Crisis Response and Management
Volume 11 • Issue 2 • July-December 2019

14

2012;Purohitetal.,2013;Imranetal.,2013;Carageaetal.,2014;Ashktorabetal.,2014;Imranand
Castillo2015;Sen,Rudra,andGhosh,2015;HuangandXiao,2015;Imran,Chawla,Castillo,2016;
Derczynskietal.,2018;Zahera,Jalota,andUsbeck,2018),orinsomecasesacombinationofboth
imageandtextdata(Jomaa,Rizk,andAwad,2016;Zhangetal.,2019;Mouzannar,Rizk,andAwad
2018).Forexample,Imranetal.(2013)usedconditionalrandomfieldsandKaramietal.(2019)used
sentimentanalysisandtopicmodelingtofindtweetswithinspecificsituationalawarenesscategories.
Sen,Rudra,andGhosh(2015)usedSupportVectorMachine(SVM)classifierstodifferentiatebetween
situationalandnon-situationaltweets.HuangandXiao(2015)introducedadetailedlistofsituational
awarenesscategories,dividedbasedonthreestagesofadisaster(preparedness,emergencyresponse,
andrecovery),andusedk-NearestNeighbors,LogisticRegressionandNaïveBayesclassifiersto
automaticallyclassifytweetswithrespecttotheirdefinedcategories.AndotherssuchasZadeetal.
(2018)usedifferentmediumssuchassurveysandinterviewstoaidintheeffort.

Whileresearchonsupervisedmachinelearningintheareaofemergencyresponsehasshownthat
itispossibletoautomaticallyclassifydisaster-relateddata,ithasalsoemphasizedoneofthemost
importantchallengesthatprecludestheuseofsupervisedmachinelearninginrealtimeinanemerging
crisissituation:thelackoflabeleddatatotrainreliablesupervisedmodelsasthecrisisunfolds.To
addressthischallenge,severalworksproposedtouselabeleddatafromprior“source”crisestolearn
supervisedclassifiersfora“target”crisis(Vermaetal.,2011;Imran,Mitra,andSrivastava,2016;
Caragea,Silvescu,andTapia,2016;Nguyenetal.,2017).Onedrawbackofthisapproachisthat
supervisedclassifierslearnedinonecrisisevent,doesnotgeneralizewelltootherevents(Qadiret
al.,2016;Imranetal.,2015),aseacheventhasuniquecharacteristics(PalenandAnderson,2016).
Theseproblemsarewidelyknownasdomainadaptationortransferlearning(Kouw,2018).Domain
adaptationapproaches(PanandYang2010;Jiang2008)thatmakeuseofunlabeleddatafromthetarget
disasterinadditiontolabeldatafromasourcedisasteraredesirable.Somerecentworks(Lietal.,
2015;Li,Caragea,andCaragea,2017;Lietal.,2017)haveshownthattheuseofdomainadaptation
approachescansignificantlyimprovetheresultsofthesupervisedclassifierslearnedfromsource
only.AccordingtoPanandYang(2010),domainadaptationisachievedbyperformingparameter
adaptation,featureadaptationorinstanceadaptation.Acomprehensivedescriptionofworksineach
categorycanbefoundin(PanandYang,2010).

Inthespaceofdisasters,thedomainadaptationapproachesproposedbyLietal.(2015,2017)
canbeseenasparameter-basedadaptationapproaches.Mazloometal.(2018)proposedahybrid
feature-instanceadaptationapproachandtesteditontheCrisisLexT6datasetusingtheBernoulli
NaïveBayes.Mazloometal.(2018)demonstratedthecomplementarystrengthsoffeatureandinstance
adaptationapproaches,whichcansignificantlyimproveclassificationwhencombinedandusedwith
supervisedapproachessuchasBernoulliNaïveBayes.

Tothebestofourknowledge,therearenofeature-instance-parameteradaptationapproachesthat
havebeenusedforclassifyingdisasterrelateddata.Asaconsequence,wefirstextendtheworkby
Mazloometal.(2018)bystudyinganotherdataset(2CTweets)andanotherbaseclassifier(Random
Forest),andsubsequentlyweintroduceahybridfeature-instance-parameterapproachandstudyit
usingbothCrisisLexT6and2CTweetsasdatasets,withbothBernoulliNaïveBayesandRandom
Forestsasbaseclassifiers.

CoNCLUSIoN AND FUTURe woRK

SocialmediadatatakenfromsourcessuchasTwittercontaininvaluabledatawhichcanbeusedin
timesofcrisisandemergencysituationstoimproveresponseandawareness.Despitemanysupervised
learningapproachesbeingproposed,notmanyagenciesandgroupsusetheseapproachestoidentify
usefulinformation,duetolackoflabeleddatafortrainingthesupervisedmodels.Inthisstudy,we
proposedasimplebutpowerfulfeature-instance-parameteradaptationapproachtofirstreducethe
variationbetweensourceandtargetdisasters,andsubsequentlyuseself-trainingonthemodified
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sourcetogetherwithtargetunlabeleddatatoaddressthescarcityofthelabeleddatainthetarget
domain.Experimentalresultsonpairsofeventsfromtwodisasterdatasets,CrisisLexT6and2CTweets,
usingBernoulliNaïveBayesandRandomForestclassifiers,showthattheproposedapproachcan
helpimprovetheresultsofself-trainingusedbyitself,andalsotheresultsofthefeature-instance
adaptationapproachusedbyitself.However,thetwoadaptationapproaches,self-trainingandfeature-
instanceadaptation,arealsopowerfulbythemselvesandgiveverycompetitiveresultsinsomecases,
andbetterresultsthanthesupervisedbaselinesinmostcases.BetweenBernoulliNaïveBayesand
RandomForest,theBernoulliNaïveBayesclassifiersworkbetterwiththeself-trainingapproach,
althoughbothbenefitfromthefeature-instanceadaptationapproach.Intermsofdatasets,theresults
showthatalargernumberofsourceslabeledandtargetunlabeledinstancesarebeneficial,especially
whenself-trainingisused.Furthermore,theincrementalupdatesthatwereusedtoimplementself-
trainingworkwellinthecaseofBernoulliNaïveBayesbutnotsowellinthecaseofRandomForest.

Infuturework,moreexperimentscanbedoneusingdifferentclassifiers,includingdeeplearning
classifiers,ontheselectedsourcedata.Furthermore,differentmatrixfactorizationandclustering
approaches(potentially,withdifferentdistancemetrics)canbeexplored.Finally,differentdomain
adaptationclassifiers,includingdifferentimplementationsofself-training,canbeused.
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