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ABSTRACT

Along with the fast development of network applications, network research has attracted more
andmoreattention,whereoneofthemostimportantresearchdirectionsisnetworkedmulti-label
classification.Basedonit,unknownlabelsofnodescanbeinferredbyknownlabelsofnodesin
theneighborhood.Asboththescaleandcomplexityofnetworksareincreasing,theproblemsof
previouslyneglectedsystemoverheadareturningmoreandmoreseriously.Inthisarticle,anovel
multi-objectiveoptimization-basednetworkedmulti-labelseednodeselectionalgorithm(namedas
MOSS)isproposedtoimproveboththepredictionaccuracyforunknownlabelsofnodesfromlabels
ofseednodesduringclassificationandthesystemoverheadforminingthelabelsofseednodeswith
thirdpartiesbeforeclassification.Comparedwithotheralgorithmsonseveralrealnetworkeddata
sets,MOSSalgorithmnotonlygreatlyreducesthesystemoverheadbeforeclassificationbutalso
improvesthepredictionaccuracyduringclassification.
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INTRODUCTION

Withthefastdevelopmentofnetworkapplications(Batini&Rula,2015;Caoetal.,2016;Long&Siau,
2007),networkresearchhasattractedmoreattentionfrombothacademicresearchersandindustrial
engineers(Bhagat,Cormode,&Muthukrishnan,2011;Buetal.,2018;Li,etal.,2016),whereoneof
theimportantresearchdirectionsisnetworkedmulti-labelclassification(Wang&Sukthankar,2013;
Wu,Zhao,&Li,2016;Zhang,etal.,2010).Specifically,unknownlabelsofnodescanbeinferredby
theknownlabelsofothernodesintheneighborhood,andtheseinferredlabelscanbefurtherusedin
userclassification,communitydetection,orpersonalizedrecommendation(Guo,etal.,2017;Hong,
etal.,2015;Li,etal.,2015).Networkeddata,whichisdifferentfromtraditionaldatawithsimple
structures(Bhagat,Cormode,&Muthukrishnan,2011),canreflectthecomplexrelations,suchas
friendshiporcolleaguesinlife,orco-authorshipofanarticle(Guo,etal.,2017;Miller,Perlman,&
Brehm,2007),betweennodesinnetworkenvironments(Fakhraei,etal.,2015;Otte&Rousseau,
2002),whichmakesitdifficulttoclassifylabelsinnetworks(McDowell&Aha,2016).



Journal of Database Management
Volume 30 • Issue 2 • April-June 2019

2

Mathematically,themulti-labelednetworkcanberepresentedasagraphG=(W,E,C,Y),where
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twodisjointparts:S,i.e.,nodeswhoselabelsareknownwhicharenamedasseednodes,andS=
nseedandU,i.e.,nodeswhoselabelsneedtobeclassified.Thenetworkedmulti-labelclassification
problemistouseStoinferthelabelsfornodesinU.Ourseednodeselectionistoactivelylearnthe
setStosatisfysomeobjectivesundercertainconditions.

In the literature, there are some existing algorithms to find out how to classify networked
multi-labels,includingMLKNN(Wang&Sukthankar,2013),RPC(Zhang&Zhou,2005),wvRN
(Hüllermeier,etal.,2008),SCRN(Macskassy&Provost,2003),andsoon.Therein,theformertwo
algorithmsMLKNNandRPCbelongtothetraditionalnetworkedmulti-labelclassification,where
firstlythemulti-labelsaredispatchedintosinglelabels,andthenthesinglelabelclassificationcan
be handled with existing networked single label classification approaches, finally the predicted
single labelscanbecombined into the resultsofnetworkedmulti-labelclassification.The latter
twoalgorithmswvRNandSCRNadoptrelationalclassificationstosolvethenetworkedmulti-label
classification,whichcomprehensivelyutilizes the topologicalstructureof thenetwork topredict
theunknownlabelsofnodesbynetworkpropagation.Innetworkenvironments,wetendtoadopt
thelatterapproachesforthemulti-labelclassification,astheyhaveproperlyutilizedthetopological
structureofthenetwork(Liu,Wang,&Orgun,2010;Liu,Wang,&Orgun,2013;Liu,etal.,2018).
Inmostofexistingapproaches,littleattentionhasbeenpaidtotheseednodeselection(Li,etal.,
2017;Wu,Zhao,&Li,2016).However,differentseednodesleadtodifferentaccuracyofnetworked
multi-labelclassification,nottomentionsystemoverheadforobtainingthelabelsofseednodesbefore
classification.Inparticular,asthescaleofnetworks(Yu,etal.,2014;Yu,etal.,2016),especiallysocial
networks,areexpandingsignificantly(Fakhraei,etal.,2015;Guo,etal.,2017;Jiang,etal.,2016),
andthecomplexityofdatarelationsisincreasingconstantly,theoverheadconsumedbyobtainingthe
informationofseednodesbythirdpartiesbeforeclassification,forexample,thetimeconsumption
andsystemmemoryoccupation,isrisingconstantly(Huetal.,2019;Razaetal.,2018).Inorderto
controlthesystemoverheadandclassifythenetworkedmulti-labels,inthispaperweproposeanovel
Multi-objectiveOptimization-basednetworkedmulti-labelSeednodeSelectionalgorithm(named
asMOSS)toimproveboththepredictionaccuracyofunknownlabelsofnodesduringclassification
(Yan&Guo,2016)andthesystemoverheadforminingthelabelsofseednodesbythirdpartiesbefore
classification.Comparedwithothernetworkedmulti-labelclassificationalgorithms,withnetwork
structureorientedmulti-objectiveoptimizationprocess,MOSSalgorithmnotonlygreatlyreducesthe
systemoverheadbeforeclassificationbutalsoimprovesthepredictionaccuracyduringclassification.

Technically,thispaperintroducesamulti-objectiveoptimizationalgorithmtooptimallyselect
seednodes fromnetworkenvironmentswith active learning (Chenet al., 2019), endowing seed
node selection with both network structure and functional characteristics such as improving the
predictionaccuracyduringclassification,andreducingthetimeconsumptionandthesystemmemory
occupation formining the labelsof seednodesbeforeclassification.More specifically,with the
networkstructure-orienteddecisionprocessincludingcrossover,mutationandpopulationevolution
fromgeneticalgorithms,theselectednodeswhichsatisfythetargetedrequirementsaretakenasseed
nodes,whichareusefulforthepredictionoftheunknownlabelsofnodes.

Thispaperisorganizedasfollows.Firstly,wedescribethebasicconceptsandrelateddefinitions
about themulti-objectiveoptimizationapproachNSGA-IIandsummarizerecentresearchresults
aboutnetworkedmulti-labelclassification.Secondly,itintroducesmainideasandstepsofnetworked
multi-labelclassificationinourproposedMOSSalgorithm,morespecificallythemodelestablishment
byNSGA-IIandthenetworkstructure-orientedselectionofparetooptimalsolution.Inaddition,the
experimentalresultsoftheproposedMOSSalgorithmarecalculatedonrealnetworks,showingthat
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