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ABSTRACT

Graphkernelshaveevolvedasapromisingandpopularmethodforgraphclusteringoverthelast
decade. In this work, comparative study on the five standard graph kernel techniques for graph
clusteringhasbeenperformed.Thegraphkernels,namelyvertexhistogramkernel,shortestpath
kernel,graphletkernel,k-steprandomwalkkernel,andWeisfeiler-Lehmankernelhavebeencompared
forgraphclustering.Theclusteringmethodsconsideredforthekernelcomparisonarehierarchical,
k-means,model-based,fuzzy-based,andself-organizingmapclusteringtechniques.Thecomparative
study of kernel methods over the clustering techniques is performed on MUTAG benchmark
dataset.Clusteringperformanceisassessedwithinternalvalidationperformanceparameterssuchas
connectivity,Dunn,andthesilhouetteindex.Finally,thecomparativeanalysisisdonetofacilitate
researchersforselectingtheappropriatekernelmethodforeffectivegraphclustering.Theproposed
methodologyelicitsk-steprandomwalkandshortestpathkernelhaveperformedbestamongall
graphclusteringapproaches.

KEywoRDS
Graph Kernel, Internal Validation Index Parameters, Unsupervised Graph Clustering

1. INTRoDUCTIoN

Clusteringisanimportantcomponentintheunsupervisedlearningprocessandplaysavitalrolein
betterunderstandingofgraphs.Overtheyear,graphclusteringhasproventobeapromisingmethod
ofprocessinggraph-baseddatainclusteranalysis(Schaeffer,2007).Thepurposeofgraphclustering
istoformaclusterofgraphssuchthatthegraphofthesameclusterishighlycorrelatedwithsimilar
attributesbutdifferssignificantlyfromtheotherclustermembers.Theintensityofsimilaritybetween
graphpairs,knownasgraphsimilarity, isperformedthroughgraphanalysis(Zager&Verghese,
2008).Ingraphanalysis,agraphcomparisonisperformedtodetermineclustersimilarity/dissimilarity
amongtheclusters.

Thereare twodifferentapproachestographcomparison.Thefirstmethodisawithin-graph
clusteringtechniquecomparingthegraphbyfindingamappingbetweenverticesinasinglegraph.
Secondly,abetween-graphclusteringmethoddividesasetofgraphsintoclustersbasedontheir
structuralsimilarityproperty,suchasdegreedistribution(Kriegeetal.,2020).Graphcomparison
incorporatesvariousstandardsimilaritytechniquesforgraphcomparisonsthatarebasedongraph
isomorphism,topologicaldescriptor,andinexactmatchingalgorithm(Ghoshetal.,2018).These
techniqueshaveexponentialruntimecomplexityforlargergraph-baseddata.Duetothisproblem,
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Graphkernelshavebeenrecommendedasanalternativeefficientandpowerfulmethodformeasuring
thesimilarityofgraph-structureddatawithpolynomialruntimecomplexity(Nikolentzosetal.,2019).
Agraphkernelisanasymmetrical,positivesemi-definitefunctionthatisdemarcatedonagraphG�
space(Vishwanathanetal.,2010).Thiscanbeeasilyusedforstructuralobjectsbyimplementing
standardextendedclusteringalgorithmssuchaspartitioned,hierarchical,model-based,etc(Datta&
Datta,2003),(Ghoshetal.,2018).

Previousstudieshaveshownthatvariousgraphkernelapproacheshavebeenusedtomeasure
the graph similarity and different classification strategies have been used to classify the graphs
respectively,but to thebestof theauthor’sknowledgegraphkernel isnotapplied togetherwith
clusteringtechniques.Thisurgesaneedforamethodologytoincorporatevariouskernelmethods
forestablishingsimilaritymeasurementofmulti-graphdata.Theaimofthisworkistoprovidea
comparative framework for determining thebest kernel method for graph clustering. For this, a
three-stepmethodologyisproposed.Inthefirststep,thesimilaritymeasurementofthegraphhas
beenperformedbyapplyingfivedifferentkernelmethods.Inthesecondstep,thesimilaritymatrix
obtainedbyeachkernelmethodisprocessedbydifferentclusteringmethodstoformdifferentgraph
clusters.Inthelaststep,thegraphclustersobtainedareexaminedthroughconnectivity,Dunn,and
silhouetteinternalvalidationindexparameterstodeterminethebestperforminggraphkernelfor
clustering.Theresultsoftheproposedframeworkhelpresearcherandacademiciansindetermining
thebestgraphkernelandclusteringmethodsforobtainingthedesiredresultsinvariousdomains
suchassocialnetworks,chemoinformatics,andbioinformatics.

Theorganizationoftheworkisasfollows.Insection2,acomprehensiveliteraturesurveyhas
beenpresentedongraphkernelsandclusteringalgorithms.Section3,brieflyintroducesthegraphsand
differentgraphkernelmethodsusedinthecurrentwork.Insection4,adiscussionaboutvariousgraph
clusteringtechniques,inbrief,hasbeenpresented.Themethodologyoftheproposedcomparative
studyhasbeendiscussedinsection5.InSection6,theexperimentalfindingsarereportedandthe
discussiononthemosteffectivegraphkernelmethodsforgraph-basedclusteringhasbeenlaiddown.
Insection7,practicalimplicationsofgraphkernelmethodsinvariousgraphminingproblemshave
beenpresented.Finally,theconclusionhasbeenpresentedinsection8.

2. RELATED woRKS

Thissectionpresentsadetailedliteraturesurveyongraphkernelsandclusteringalgorithms.

2.1 Graph Kernel
Overthepastdecademostresearchingraphanalysishasemphasizedtheuseofgraphkernels.Graph
kernelisoneofthelatestapproachestographcomparisonoverthetraditionalcomparisonmethods.
Graphkernelscanbebroadlyclassifiedintotwomajorcategoriesbasedontheirprimarydriving
force:model-basedandsyntax-basedkernels(Ghoshetal.,2018).

Inthefirstcategory,Modeldrivenkernelsarebasedoncertaininformationaboutthesample
space,i.e.therelationshipsbetweendata.Thisapproachprimarilyhastwosubcategories,generative
modelsandtransformativemodels.Incomputerscienceresearch,generativekernelmodelssuchas
thehiddenMarkovmodel(Eddy,1996)arefrequentlyused.Thegenerativemodelisusedtoapply
kernel-basedtechniquestosequentialdata,whiletheinformationabouttheinstancepropertiesand
possibletransformationsbetweeninstances(graphs)isthebasisoftransformativemodelkernels.The
diffusionkernelisthemostprominentkernelintransformativemodelkernelsclass.Thefundamental
principlebehinddiffusionkernels(Kondor&Lafferty,2002)isthatthelocalityofaninstancecan
bemoreeasilyrepresentedratherthanthewholestructureoftheinstancespacerepresented.

Inthesecondcategory,theSyntax-basedkernelmodelcomprisesawiderangeofkernelmethods
intheR-Convolutionkernelframework(Haussler,1999).Kernelmethodsareusedtomeasurethe
similarityoftwoobjects.Inordertofindthesimilarity,itmustsatisfythetwomathematicalproperties.
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