
DOI: 10.4018/IJCINI.2020100103

International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 4 • October-December 2020


Copyright©2020,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



42

Scalable Recommendation Using 
Large Scale Graph Partitioning 
With Pregel and Giraph
Gourav Bathla, Punjabi Univeristy, India

 https://orcid.org/0000-0003-4198-9647

Himanshu Aggarwal, Punjabi University, Patiala, India

 https://orcid.org/0000-0003-1782-8376

Rinkle Rani, Thapar Institute of Engineering and Technology, India

ABSTRACT

SocialBigDataisgeneratedbyinteractionsofconnectedusersonsocialnetwork.Sharingofopinions
andcontentsamongstusers, reviewsofusers forproducts, result in socialBigData. Ifanyuser
intendstoselectproductssuchasmovies,books,etc.,frome-commercesitesorviewanytopicor
opiniononsocialnetworkingsites,therearealotofoptionsandtheseoptionsresultininformation
overload.Socialrecommendationsystemsassistuserstomakebetterselectionaspertheirlikings.
Recentresearchworkshaveimprovedrecommendationsystemsbyusingmatrixfactorization,social
regularizationorsocialtrustinference.Furthermore,theseimprovedsystemsareabletoalleviate
coldstartandsparsity,butnotefficientforscalability.Themainfocusofthisarticleistoimprove
scalabilityintermsoflocalityandthroughputandprovidesbetterrecommendationstouserswith
large-scaledatainlessresponsetime.Inthisarticle,thesocialbiggraphispartitionedanddistributed
ondifferentnodesbasedonPregelandGiraph.IntheproposedapproachScaleRec,partitioningis
basedondirectaswellasindirecttrustbetweenusersandcomparisonwithstate-of-the-artapproaches
provesthatstatisticallybetterpartitioningqualityisachievedusingproposedapproach.InScaleRec,
hyperedgeandtransitiveclosureareusedtoenhancesocialtrustamongstusers.Experimentanalysis
onstandarddatasetssuchasEpinionsandLiveJournalprovesthatbetterlocalityandrecommendation
accuracyisachievedbyusingScaleRec.
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1. INTRodUCTIoN

Bigdataisgeneratedbysocialmediaonsocialnetworkingsites(Bello-Orgaz,Jung&Camacho,
2016). Recommender systems reduce the large information space generated by Social Big data.
It is information filtering tool which provides users suggestions based on their interest. The
applicationsofrecommendersystemsareinvariousdomainssuchasbooks,moviesorotherproducts
recommendationsone-commercesites,friendsrecommendationsonsocialnetworkingsites,project
recommendationonGitHub,etc.
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Collaborativefiltering,content-based,andhybrid-basedaredifferenttechniquesofrecommender
systems(Eirinakietal.,2018;Resnick&Varian,1997;Su&Khoshgoftaar,2009).Inthesetechniques,
userprovidesratingstoproductswhichresultinuser-itemmatrix.Thismatrixisimportantforanalyzing
user’sinterest.Sparsity,coldstartandscalabilityarelimitationsofconventionalrecommendersystems.
Sparsityandcoldstartareaddressedbyseveralre-searchers(Guo,Zhang&Yorke-Smith,2015;Jamali
&Ester,2010;Yangetal.,2013;Fang,Bao&Zhang,2014).Themainconcernforresearchersis
scalabilitywhichneedstobeaddressedforlarge-scaledata.Traditionalrecommendersystemswork
wellforlimitedscaleofsocialdata.Moreover,theiralgorithmsaredesignedforcentralizedapproach
only.Ifthesesystemsaredeployedonlarge-scaledata,throughputisdegradedsignificantly,which
resultsinreducingtheusers’interestinthesesystems.Inthispaper,thekeymotivationistoimprove
recommendationaccuracyevenforalargenumberofnodesinthesocialgraph.

Recommendation systems leverageBigdata in the formof the large-scale socialgraphand
efficientgraphalgorithmsareimportantforthesesystems.Thelarge-scalesocialgraphcannotbe
processedoncentralizedsystem.Thereisneedforadistributedapproachwheresub-graphscanbe
processedinparallel.Large-scalerecommendersystemshaveleverageddistributedalgorithmsfor
findingrecommendation(Sardianos,Tsirakis,&Varlamis,2018).Graphpartitioningisatechnique
whichcanaddressthescalabilityissue.Large-scalegraphpartitioningintraditionalrecommendation
models uses random walk, Fork-Join (Mateos, Zunino, & Hirsch, 2013) or hash partitioning to
dividethegraphintosub-graphs.InourproposedapproachScaleRec,thedirectandindirecttrust-
basedwalkisusedtopartitiongraphwithrelevantnodesonlywhichimproveslocality.Thesocial
graphispartitionedbasedonsocialtrustamongstnodestoreducecommunicationbetweennodes
ininter-subgraphsandmaximizecommunicationinintra-subgraphs.Improvedlocalityminimizes
communicationoverheadwhichresultsinimprovedscalability(Lumsdaine,2008).

Conventional data analytics technologies based on centralized approach cannot store and
processlarge-scaledata.BigdataframeworkssuchasHadoop,MapReduce(Dean&Ghemawat,
2008),Pregel(Malewiczetal.,2010),GraphLab(Lowetal.,2012),Mahout(Owenetal.,2011)
andGiraph,PowerGraph(Gonzalezetal.,2012),GraphX(Xinetal.,2013),CUDA(W3)andGPU
(W3)areusedbymanyresearcherstodealwithlarge-scaledata.WehaveusedGiraphandPregelin
ourapproach,asthesecaneffectivelyprocesslarge-scalesocialgraph.Socialgraphisdistributedon
multiplemachineswithsomeverticesreplication(Chenetal.,2014).Thisisefficientlyimplemented
byusingGiraphAPI.

Usersinteractwithotherusersonsocialnetworkandsharetheirlikings.Onthebasisoftheir
interaction,users’trustbuildsonanotheruser.Itisalsoconcludedthatuserswiththesameinterest
areconnectedtoeachotheronsocialnetworks(Yangetal.,2011).Trustisusedasanimportantfactor
forsocialrecommendersystems(Bedi,Kaur&Marwaha,2007;Massa&Avesani,2007;O’Donovan
&Smyth,2005).Traditionalrecommendationsystemsuserandomwalkwhichdoesnotconsiderany
weightsassignedtoedges(Yangetal.,2011).Moreover,thedrawbackofexistingsocialtrust-based
recommendersystemistheassumptionofonlydirecttrusti.e.singleedgebetweenusers.Inour
proposedapproach,indirecttrusti.e.friends-of-friendsisalsoutilizedtoimproverecommendation
accuracy.

Ifrecommendationssystemsareabletopredictaccurateratingsforauser,itwillrevealtheuser’s
leveloflikingsforproductortopic.Inourproposedapproach,theratingispredictedbyconsidering
ratingsoftrustedusersonly.
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Where,PredictedratingPforproducteprovidedbyuseruiscalculatedbyusertrustedvusers
ofu,T(u,v)andratingsofvusersforproducte,R(v,e).ItisclearfromEquation1thatifnumbers
oftrustedusersareincreasedthenpredictionaccuracyisbetter.Ourapproachincreasesnumberof
trusteduserswhichimprovesratingsprediction.Theremainderofthepaperisasfollows.Section
2discussesliteratureworkinsocialrecommendation, large-scalegraphpartitioningandscalable
socialrecommendation.InSection3,ScaleRecapproachisproposedwhichcoverslarge-scalegraph
analysis,large-scalegraphpartitioningandimprovingrecommendationaccuracy.Section4explains
implementationonPregelandGiraphindetail.ExperimentanalysisisdemonstratedinSection5and
finallySection6concludesthepaperwithfuturedirection.

2. ReLATed WoRK

Severalapproachesareproposedforsocialrecommendationimprovementsuchasmatrixfactorization
(Jamali & Ester, 2010) (Fang, Bao & Zhang, 2014) (Koren, Bell & Volinsky, 2009), social
regularization (Maet al., 2011), trust-based (Bedi,Kaur&Marwaha,2007) (Massa&Avesani,
2007)(O’Donovan&Smyth,2005),hierarchicalclustering(Phametal.,2011)etc.Inthissection,
existingresearchworksarecategorizedintosocialrecommendation,large-scalegraphpartitioning
andscalablesocialrecommendation.Theseapproachesaredescribedasfollows.

2.1. Social Recommendation
In(Balabanovic&Shoham,1997),content-basedandcollaborativefilteringtechniquesarementioned
asrecommendersystemstechniques.Thehybridsystemcanutilizeadvantagesofthesetechniques
andignorethedisadvantages.Theproposedapproachusesprofilesofusersprovidedbycontent-based
anduserexperienceprovidedbycollaborativefiltering.Experimentanalysisprovedthatproposed
approachprovidesimprovedperformance.In(Guo,Zhang&Yorke-Smith,2015),TrustSVDwas
proposedwhichexploitedthetrustforimprovingrecommendations.Implicitandexplicitinfluenceof
ratingsandtrustisincorporatedintotherecommendationmodel.Experimentswereconductedonfour
datasetsandthisapproachwascomparedwithtenrecommendationmodelstovalidatetheeffectiveness
ofthisapproach.In(Golbeck&Hendler,2006),trustinferredalgorithmsaredemonstrated.Trustis
calculatedforuserswhoarenotdirectlyconnected.Significanceoftrustisanalyzedbyauthorsand
non-roundingalgorithmisexplainedforinferringtrust.TrustMail,anemailprototypeispresented
toscoreemailbasedonratingsofusers.Theframeworkisproposedin(Lacic,Kowald&Trattner,
2014)fordeveloperssothatrecommendationalgorithmscanbeeasilyimplementedandintegrated
tousesocialdatasets.Fouralgorithmswereprovidedtousers–MostPopular(MP),Collaborative
Filtering(CF),ContentBased(C)andHybridRecommendations(CCF).

2.2. Large-Scale Graph Partitioning
Pregelisdescribedin(Malewiczetal.,2010).Vertexcentricapproachisexplainedwiththeuse
ofcommunicationbetweennodesbymessages.Scalableandefficientimplementationofclusters
forlarge-scalegraphisdescribed.In(Chenetal.,2014),thegraphispartitionedbasedonbipartite
graph.BiGraph is implementedusingPowerGraph.Authorshaveexplainedhowcommunication
overheadisminimizedbythisapproach.Empiricalresultshaveshown17.75timesimprovementand
reductionin65%verticesreplication.AuthorshaveproposedDPM(Distribute-Partition-Merge)in
(Corbellini,2018).Inthispaper,limitationsofrandomwalkandFork-Joinbasedpartitioningare
highlighted.MerginginFJbasedmethodiscentralized.InDPM,sub-mergeisalsoimplemented
ondistributednodes.ExperimentanalysisconcludedthatDPMimprovesrecommendationtimeas
comparedtoPregelandFJ.In(Qian,Yang&Wang,2010),authorshaveanalyzedthedifference
betweenconventionalgraphandsocialgraph.Inthispaper,existinggraphpartitioningalgorithmis
improvedwithobjectivefunctions.Severalgraphalgorithmsexhibitinefficientperformancewhich
isimprovedbyusingPregel-likesystemsin(Salihoglu&Widom,2014).Minimumspanningforest
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andgraphcoloringareimprovedbyusingaparallelapproach.In(Levin,Abassi&Cohen,2016),a
guidedwalkisdemonstratedwhichisbasedontherelevanceoflinkintheuser-itemcomplexnetwork.
Itisshowntobebetterthanrandomwalkassupervisedproceedoflinkisusedinsteadofanyrandom
link.Large-scaledataisprocessedbyusingPregel.In(Newman&Girvan,2004),modularityQvalue
isusedtochecktherelevanceofgraphpartitioning.Itisdefinedasthedifferenceofedgeswhichare
inthesamecommunityandaverageedgesonrandomconnectionsbetweenvertices.

2.3. Scalable Social Recommendation
In(Eirinaki,2018),itismentionedthattherecommendationprocesscanbeenhancedbyadaptingto
dynamicallychanginggraphandprocesslarge-scalegraphs.Datavariety,volatilityandvolumeare
themajorissueswhichneedtobeaddressedbyscalablerecommendersystems.Hadoop,MapReduce,
Mahout,CUDA,GPUandGraphLabaredistributedsolutionforprocessinghighvolumedata.In
(Aiolli,2013),scalablealgorithmsarepresentedforlarge-scaledatatoprovidetop-Nrecommendation.
AsymmetriccosineandpredictionisintegratedwithanalgorithmtoimproveMAP(MeanAverage
Precision).ItisshowninthisworkthatthesetechniquesworkwellforCF.Socialbigdataapplication
in social networks analysis is presented in (Bello-Orgaz, Jung & Camacho, 2016). Various new
implementationsforsocialbigdatalikeApacheSparkandMahoutisdemonstratedtoreflectthe
practicalimplicationsofsocialmediaandsocialnetworks.Applicationsofsocialnetworksinthe
contextofsocialbigdataiselaboratedliketextanalytics,socialrecommendationetc.

3. PRoPoSed WoRK

Severalresearchworkshaveimprovedsocialrecommendationbyexploitingmatrixfactorization,social
regularization(Maetal.,2011)andsocialtrust(Bedi,Kaur&Marwaha,2007;Massa&Avesani,
2007;O’Donovan&Smyth,2005).Sparsityandcold-startareaddressedefficientlybythesenovel
approaches.Theconcernforexistingrecommendationsystemsisscalability.Thereisneedforimproved
approachwhichcanovercomescalabilityissue.Inthiswork,large-scalegraphispartitionedintosub-
graphs.Thesesub-graphsworkinsynchronizationbyusingPregelandGiraph.Furthermore,graph
partitioningisimprovedbyusingtrust-basedinsteadofrandomorhashpartitioning.Ourproposed
approachScaleRecisdescribedbythefollowingalgorithm.
Algorithm ScaleRec (U
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5. Partition modified social trust graph by most influence nodes. 
6. Distribute user-user trusts and user-item ratings matrix values 
on different nodes. 
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7. Predict ratings for users on distributed nodes 
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Where, i is user number and j is for product number. Ratings R
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is calculated based on trusted j users who have provided rating to 
product j. 
8. Calculate global predicted ratings after combining local 
predicted ratings. 
9. Calculate MAE 
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11. Calculate modified MAE, locality and throughput of proposed 
technique 
12. Compare these metrics with existing approaches 
13. Exit

Inthissection,wewillfocusondealingwiththreemajorissuesincontextoflarge-scalesocial
graphandsocialrecommendationimprovement,whichareasfollows:

• Large-scalesocialgraphanalysiswiththeuseoftrustandinfluence
• Partitioningoflarge-scalesocialgraphondifferentnodesusingourproposedapproach
• Improvingrecommendationaccuracyandthroughputonsub-graphsandalsoforcompletegraph.

Wehavesolvedtheseissuesinsequentialmanner,whichiselaboratedasfollows.

3.1. Large Scale Social Graph Analysis
Graphismostsuitableforanalyzingsocialbigdata.Socialgraph,hypergraphandfuzzy-graph(Janet
al.,2019)arevarioustypesofgraph.Thesocialgraphisrepresentedbyusersuiwhichareconnected
bythesetofedgesei.Trustbetweenusersisrepresentedbydirectededges.Thecoremotiveofsocial
graphminingandanalysisistoextractimportantinformationlikeneighbornodescharacteristics
andfindingouttherelevantnodesonwhichmanyusershavestrongtrust.Wehaveassumedbinary
trustvaluestobetter incorporateourapproachonavailablesocial trustdatasets.Inourproposed
approach,trustisimprovedbetweenusers.Themotivationforimprovingtrustistoprovidebetter
recommendationtousers.Figure1showsthesocialtrustgraphof7users.User1trustsuser2and
itisrepresentedbyadirectededge.Insocialtrustgraph,ifuser4trustsuser5,itishighprobability
thattheirlikingsforproductandtopicwillbethesame.Ifuser5likesanyproductortopiconsocial
networkingsites,recommendersystemwhicharebasedontrust,shouldconcludethatthisproduct
ortopiccanbesuggestedtouser4also.

Ourapproachfollowsbothasymmetricandtransitivepropertyofsocialtrustgraph.Edgesare
directedinthesocialgraphbecauseifUserBistrustedbyuserA,thisisnotcertainthatAisalso
trustedbyBi.e.itfollowstheasymmetricproperty.IfA-Bi.e.AtrustsuserBandB-Ci.e.Btrusts
userC,thenbyusinganindirecttrust,A-Ci.e.AtrustsuserCi.e.itfollowsthetransitiveproperty.
Hyperedgei.e.directedgebetweenAandCwillbedrawninanimprovedsocialtrustgraphasdepicted
inFigure2.Indirecttrustalongwithdirecttrustincreasesthenumberoftrusteduserswhichresults
inimprovedsocialrecommendation.Intheimprovedsocialgraph,thethresholdissetto3i.e.only
stronglyconnectedfriends-of-friendswillbeincludedinimprovedsocialtrustgraph.
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InFigure2,itisclearlydepictedthatuser3anduser5areconnectedthroughhyperedgei.e.
indirecttrustwhichenhancestrustvaluesinthesocialgraph.Theuserprovidesratingstoproducts
onthescaleof1-5.InFigure3,itisclearlydemonstratedthatratingsareprovidedbyveryfewusers.
User1and2provideratingstoProduct1onlyanduser4providesratingstoproduct2only.This
resultsinasparseuser-itemmatrixwheremanyusersdonotprovideratings.User3and5donot
provideratingstoanyproductastheyarenewinrecommendersystemshenceresultsincoldstart.

Figure 1. User-User trust graph

Figure 2. Improved social graph by using hyperedge



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 4 • October-December 2020

48

Equation2describesmatrixMwhichisfilledwithtrustvaluesbetweenuser‘m’withuser‘n’.
Smallimprovementintrustvaluesresultsinbetterrecommendation.

M U
m*n=  (2)

InEquation3,itisshownthatuser-usertrustmatrixisfilledbyindirecttrusteduserswith1,
2….nedges.Inourproposedapproach,threshold3issetsothatthetrustvaluesmaintained,andvery
farindirectlyconnectedusersarenotconsideredinimprovingtrustvalues.

M M M= ∪1 2  (3)

Where,M1istrustmatrixwithnodesconnecteddirectlythrough1edgeandM2istrustmatrixwith
nodesconnectedthrough2edges.User-usertrustmatrixsignifiestrustsbetweenusersasshownin
Table1.Itisclearfromthistablethattrustvalueis1ifthereistrustbetweenusers,otherwisenotrust
value.Thisresultsinsparsematrixwhichisthelimitationoftraditionalrecommendersystems.Our
proposedapproachimprovesandincreasestrustsbetweenusersbyindirecttrustasshowninTable2.

Figure 3. User-Item ratings graph

Table 1. User- User matrix (traditional approach)

Users u1 u2 u3 u4 u5 u6 u7

u1 1 1

u2 1 1

u3 1

u4 1

u5

u6 1 1

u7



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 4 • October-December 2020

49

Coldstartisduetothefactthatwhenauserisnewinrecommendersystem,fewernumbersof
entriesarefilledforthatuser.Wehaveexploitedthesocialconnectionfeaturebasedontrustofsocial
graph.Entriesintheuser-usermatrixarefilledwithusers’trustedusershenceovercomescoldstart
issueasclearfromTable2.Ourproposedapproachimprovesandincreasestrustsbetweenusersby
anindirecttrustasshowninTable2.Recommendationsfrommoretrustedusersimprovethechoice
makingofauser.

Scalabilityissueissolvedbyusingpartitioninglarge-scalesocialgraphbasedonourproposed
approachwhichisexplainedinnextsubsection.

3.2. Partitioning of Large-Scale Graph
GraphpartitioningisNPcompleteandmanyheuristicfunctionsareproposedtosolveit(Karypis
&Kumar,1998)(Ng,Jordon&Weiss,2001).Thecoremotiveoftheseapproachesistominimize
communicationbetweendistributedsub-graphs.Thequalityofgraphpartitioningishighlycorrelated
withcommunicationcostandloadbalance(Onizuka,Fujimori&Shiokawa,2017).Wehavepartitioned
socialgraphinawaysothatmaximumcommunicationshouldbewithinsub-graph.Inthismanner,
communicationbetweennodesisminimumhenceavoidingcommunicationoverhead.

InFigure4,itisclearlydepictedthatuser-usertrustmatrixisdistributedaftergraphpartitioning,
trustispredictedfortargetuserandthenit iscombinedtopredictglobaltrust.Predictedtrustis
usedasinputtouser-itemmatrixwhichisalsodistributedonclusters.Predicteditemratingsare
calculatedwhichisthemotiveofanyrecommendersystem.InFigure4,itisalsoexplainedthattrust
matrixanditemratingmatrixareinputtodistributedrecommendationmodel.Ourmodeldistributed
thesematricesbasedonhyperedgeondifferentnodes.Thesepredictionratingsarecombinedbyour
approachtoprovideglobalrecommendationtoatargetuser.

DirectedgraphcanbeusedforbetterrepresentationoftrustasrepresentedbyFigure5(a).Pregel
isbestsuitedforourapproachastheinputinpregelshouldbedirectedgraphUsingpregel,rank
ofnodesiscalculatedandmostrelevantnodeinaparticularclusterisidentified(Malewiczetal.,
2010).Partitioningoflarge-scaledatanodesisdifficultasitcontainscomplexstructureembedded
init.Ourapproachusestransitiveclosuretoclusteronlynodeswhicharehavingstrongtrustand
influenceamongstthem.Recommendationaccuracyisimprovedbygivingmorerelevancetonodes
whichareinsameclusterandlessrelevanceonnodeswhichareindifferentclusters.Partitionscan
havedifferentnumberofnodesdependinguponthetruststrengthbetweenusers,i.e.someclusters
arelargeandsomearesmall.Balancedgraphpartitioningisusedfordistributionoftheseclusterson
nodessothatsomepartitionsarenotassignedlargenumberofverticeswhichcannotbestoredand
processedbythesepartitions.Uniformdistributionofnodesonclustersisimplementedbysetting
thresholdto3i.e.usersconnectedintrustnetworkbydirectededgeswithmaximumpathoflength3.

Table 2. User-User matrix (proposed approach)

Users u1 u2 u3 u4 u5 u6 u7

u1 1 1 1

u2 1 1 1 1

u3 1 1

u4 1

u5

u6 1 1 1

u7
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Graphpartitioningbasedonsocialconnections shouldbedistributedonnodessuch thatno
socialconnectionsbetweenconnectedusersareremoved.Influenceofnodeincompletesocialgraph
shouldnotbereducedinsub-graph.Ourapproachhasachievedtheserequirementsofsocialgraph
partitioning.Followingaresomeimportantpointswhilepartitioningthissocialgraph(Figure6).

Oneverysub-graph,trustmetricT(u,v)isdefinedforvertexuandvsuchthat

• T(u,v)isnotequaltoT(v,u)astrustisasymmetric,ifauserutrustv,itisnotnecessarythatv
alsotrustsu.

• T(u,u)=0.
• ifT(u,v)andT(v,w)exists,thenitisconcludedthatT(u,w)existtinferindirecttrust,butupto

certainthresholdvalue.

3.3. Improving Recommendation Accuracy
Inthisstep,anothermotiveofproposingourapproachi.e.improvementofaccuracyandthroughput
ofrecommendationisdiscussed.AsclearfromFigure5(b)andFigure5(c),mostreliablenodei.e.
trustednodebyothernodesretainsitstrustalsoinsub-graph.Transitivetrustbetweenfriends-of-
friendsalsoremainssame.Improvementisduetothefactthatcorrelatednodeswithinsamesub-graph
areprovidedwithbetterrecommendationascomparedtonodesindifferentsub-graphs.

Figure 4. Ratings prediction using distributed approach
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where,ratingsofanyuseriforproductj,Ri,jiscalculatedbyaverageofratingsofallktrustedusers
onproductj,Rk,j.ItisclearfromEquation4thatratingspredictionisnotsameasothersimilarity
measurescalculations.Trustbasedpredictionofratingsoneverysub-graphsprovideslocalratings
predication which can be enhanced to global ratings predications for sub-graphs. Throughput is
alsobetterassub-graphsareonnodeswhicharedistributedandcanproviderecommendationin
lessduration. In theexperiment section, it isproved thatempirically thatbothcharacteristicsof
recommendation–accuracyandthroughputarebetterascomparedtocentralizedapproachaswell
aspartitioningbasedonsimilaritymeasures.

4. IMPLeMeNTATIoN oN PReGeL ANd GIRAPH

4.1. Pregel
PregelisbasedonBulkSynchronousparallelmodel(Valiant,1990).Pregelcanprocesslarge-scale
graphalgorithmsondifferentclusters(Malewiczetal.,2010).Itprovidestransparentscalabilityand
fault-tolerance(Salihoglu&Widom,2014).Itworksasvertexcentricapproach.Thedirectedgraph

Figure 5. (a) original social trust graph (b) subgraph 1 (c) subgraph 2
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shouldbetheinputtoPregel,andoutputismodifiedgraphwithchangedneighbornodesormodified
topology.Everynodeinthegraphcansendamessagetoothernodesandupdatesitsstatus.Nodeis
identifiedbyauniqueidandinsupersteporiterationi,nodesendsmessagetoothernodes,andin
nextsuperstepi+1,othernodesreadthismessage.

Figure 6. Flow chart of graph partitioning
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MapReduce is alsoused for large scale graphprocessing, but thedisadvantage is that state
ofcompletegraphistobesharedoneverycluster.Moreover,itisnotsuitableforlarge-scaledata
processingbecauseitdoesnotsupportmanyimportantdataminingandmachinelearningalgorithms
(Lowetal.,2012).Largescalegraphprocessingneedsmodelwhichcanworkonmessagepassing
technique(Malewiczetal.,2010).InPregel,communicationthroughmessagesbetweennodesto
update the statushas solved thisdisadvantage.Pregel is alsoused forpartitioninggraph so that
sub-graphscanbeprocessedondifferentnodes.ThisembeddedpartitioningtechniqueinPregelis
advantageousforourapproachalso.ItisnotmandatorytopartitionasdescribedinAPIofPregel.
TheseAPIareabstractandcanbemodifiedasperourapproach.Graphispartitionedbasedontrust
andinfluenceinourapproach.Wehavemodifiedcompute()toachievethis.

InFigure7,exampleisusedtodescribethatifglobalpopularityofanodeistobecalculated
usingPregel,itcanbeeasilyimplementedbyusingmessagepassingbetweennodes.Inthisgraph,
globalpopularityofnodeistobecalculatedi.e.nodewithhighestvalueofweightistobeidentified.
InPregellikesystem,itcanbeidentifiedbyusingmessagebetweennodes.Node1sendsmessage
toallconnectednodeswithitsweightvalue,maxvalueofweightisupdatedto5.Thennode2has
lessweightvaluethanmaxvalue,itwillnotupdatemaxvalue.Node4workssameasitdoesnot
haveweightmorethanmaxvalue.Butwhenmessageisreceivedbynode3,itupdatesmaxvalueto
7.Nodewithhighestweightisidentifiedbyusingmessage.

4.2. Giraph
ApacheGiraphisopensourceframeworkwhichisimplementedinJava.Vertexclassisimplemented,
andcomputemethodisoverriddentomanipulatesocialgraph.Masternodeassignsloadandprocessto
workernodes.Thesenodescancommunicatethroughmessages.Zookeeperisusedforsynchronization
andfaulttolerance.GiraphrunsasmapinHadoopandPregelprovidestheAPIwhichisusedby

Figure 7. Graph with node weights
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Giraph.VertexisidentifiedbyIDandvalueisassignedtoedges.MethodvoteToHalt()isusedby
verticestoterminateandsendtheconfirmationmessageofcompletionofjob.Theadvantageofusing
Giraphisthatmethodsarenotwrittenbyprogrammers,onlyitismodifiedasperrequirements.There
isnoneedtoimplementmethodstosendandreceivemessagesbetweennodes.Itisembeddedwithin
GiraphAPI.Socialgraphanalysis requiresmanygraphalgorithms likeShortestPath,Transitive
closure,asymmetric,localandglobalpopularityofnodes.Thesealgorithmsareiterativeinnature,so
cannotbedeployedonHadoopclusters.Giraph,whichisopensourceimplementationofPregel,can
beusedforimplementingthesealgorithms.WehaveimplementedourapproachusingGiraph1.2.0.

5. eXPeRIMeNT ANALySIS

Inthissection,wepresentexperimentsetup,datasets,evaluationmetricsandanalysisofcomparison
resultsofourapproachwithexistingapproaches.InourproposedapproachScaleRec,partitioning
quality,recommendationaccuracyandscalabilityareconsideredasthemostimportantfactors.We
haveproposedthatlarge-scalesocialgraphpartitioningbasedontrustusingtransitiveclosurewith
somevertices replicationand it isbetter as compared to similaritybasedpartitioning strategies.
ImprovedsocialgraphusingourproposedapproachondatasetsisdeployedonGiraph1.2.0configured
withHadoop1.0.3onLinuxnodes.LiveJournal(W1)datasetisusedtovalidatethatsocialtrustis
improvedandbetterpartitioningqualityisachievedwiththeincreasedscaleofdata.Inthisdataset,
thereare4847571nodesdescribingusersand68993373edgesdescribingthefriendshipbetween
usersasdescribedinTable3.

Epinions (W2) dataset is used for validation of recommendation accuracy and throughput.
EpinionsisacollectionoffeedbackofproductsbyusersanddatasetstatisticsisdescribedinTable
4.Thisdatasetalsocontainstrustinformationofusersi.e.who-trusts-who.Itisstandarddatasetused
foranalyzingsocialrecommendationaccuracyasitcontainsusers’mutualtrustanduser-itemratings
information.MAEcalculationandrecommendationspersecond(throughput)requiresratingsofusers
andthisiseasilyavailableinthisdataset,soitisbestsuitedforourproposedapproach.

5.1. Improved Partitioning Quality and Social Trust
LiveJournaldatasetisusedforanalyzingqualityofpartitionsandsocialtrustwithourapproach.
Inpreviousresearchworks,severalevaluationmetricshavebeenusedforanalyzingthequalityof
partitioningsuchasreplicationfactor(Lowetal.,2012),loadbalancefactor(Gonzalezetal.,2012),
modularity(Newman&Girvan,2004),standarddeviationandthelocality.Inthispaper,localityis
usedasevaluationmetricsduetoitssignificanceinpartitioningquality.Thelocalityisthemeasure
ofratiooftheedgeswhichconnectverticesinsamepartitionwithtotalnumberofedges(Martella
etal.,2017).Communicationcost isdependentonthenumberofverticesandedgesinpartition
(Onizuka,Fujimori&Shiokawa,2017),soifthelocalityisimprovedthencommunicationcostis
reducedsignificantly.

Table 3. LiveJournal dataset statistics (Year 2009)

Dataset Statistics

Nodes 4847571

Edges 68993373
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∂ =
n

n
ep
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InEquation5,nepisthenumberofedgeswithinpartitionwithsameverticesasinoriginalgraph
andneisatotalnumberofedges.

Ourproposedapproachiscomparedwithexistinggraphpartitioningapproachesasdepicted
inFigure8. In(Martellaetal.,2017),scalablegraphpartitioning is implementedbyusing label
propagationtechnique.Multi-levellabelpropagationforefficientlypartitioninggraphisexplainedin
(Wangetal.,2014).Graphpartitioningstreamingtechniqueisimplementedduringloadingofgraphon
clusterin(Stanton&Kliot,2012).ItisclearfromFigure8thatinfewernumbersofpartitions,locality
ofourapproachisbetter.Withtheincreaseinnumberofpartitions,itisdegradedasconnectivity
betweenverticesisreducedforallgraphpartitioningapproaches.Improvedlocalitybyourproposed
approachScaleRecisduetothefactthattrustsbetweenusersaremaintainedinpartitionswhich
resultisstrongconnectivity.Thereasonforsustainingtrustinsubgraphisthatpartitioningisbased
onthemostinfluencenodeinoriginalgraphasexplainedinSectiononPartitioningoflarge-scale

Table 4. Epinions dataset statistics (Year 2003)

Dataset Statistics

Users 40163

Items 139738

Ratings 664824

Density 0.051%

Figure 8. Comparison of locality for existing partitioning and proposed approach partitioning quality
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graph.Insubgraphs,othernodeswillbeconnectedasinoriginalsubgraph.Inadditiontoimproving
partitioningquality,trustimprovementsonsub-graphsarealsoappliedtoimprovethroughputand
recommendationaccuracy.Very few researchworkshaveappliedmanipulationsonpartitions to
improverecommendation.

In(Phametal.,2011)recommendationisimprovedbyusingsocialinformationoncollaborative
filtering.GraphpartitioningisimplementedusingNormalizedcutin(Bellogin&Parapar,2012).
InFigure9, trustvalues i.e.numbersof trustvaluesare increasedusingourproposedapproach.
Thereasonforimprovementisthatweareimplementingourapproachonsub-graphsandnoton
originalgraph.Itisdescribedinproposedapproachsectionthattransitiveclosureandhyperedge
areimplementedonsub-graphsafterpartitioning.Thereasonforimplementingourapproachafter
partitioningisthatifwehaveusedapproachonoriginalsub-graphs,processingandanalyzingsocial
trustwilltakeenormoustimeandresources.

5.2. Recommendation Accuracy and Throughput
Epinionsdatasetisusedforanalyzingrecommendationaccuracyandthroughputinourapproach.
Thisdataset is alreadyusedby state-of-the-art approaches (Jamali&Ester,2010) (Guo,Zhang,
&Yorke-Smith,2016)toanalyzerecommendationaccuracy.Evaluationmetricsforanalyzingthe
accuracyofrecommendationareMeanAbsoluteError-MAEandthroughput.MAEistheaverage
ofdifferencebetweenpredicatedratingsbyproposedapproachandactualratings((Guo,Zhang&
Yorke-Smith,2016;Maetal.,2011).

MAE p u i p u i n
i

n

r
= ( )− ( )( )

=
∑
0

, , /  (6)

Figure 9. Social trust improvement
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Where,prispredictedratingsbyproposedapproachforuseruontheproductiandpisactual
ratingsforuseruonproducti.Severalresearchworkshaveprovedthatevensmallimprovementin
thevalueofMAEissignificantachievementfortheapproach.LowervalueofMAEindicatesbetter
predictionaccuracy.

In(Phametal.,2011;Bellogin&Parapar,2012),similaritybetweenusersiscalculatedbyusing
Pearsoncoefficient.

pcc(Ua,Ub)=
R a R a R b R b

R a R a R b R b

i i
i

n

i
i

n

i

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

−( ) −( )

−( ) −(
=

=

∑

∑

1

2

1
))

=
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2

1i

n
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where,R(a)iisratingprovidedbyUseraforproductiandR a( ) isaverageofratingsprovidedby

useraforproducts,R(b)iisratingprovidedbyUserbforproductiandR b( ) isaverageofratings
providedbyuserbforproducts.Similarityiscalculatedforproducts1……nbetweenusersUaand
Ub.Thevalueofcorrelationis-1to1.

InFigure10,whennumbersofpartitionsareless,MAEforcollaborativefilteringisbetteras
comparedtolargenumberofpartitions.Itisduetothefactthatmorenumbersofpartitionsmeanfewer
numbersofneighborswhohaveratedthesameproductwiththesameratings.Itisalsodepictedin
Figure10thatourproposedapproachoutperformsexistingapproachesintermsofrecommendation
accuracy.

Figure 10. MAE comparison of collaborative filtering and proposed approach
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Throughputismeasuredasrecommendationspersecond.Throughputisveryimportantfactor
foranalyzingresponsetimeforanyrecommendersystemforlargescaleofdata.Accuratepartition
withretainingsocialtrustbetweennodesimprovesthroughputwhichisverifiedfromFigure11.MAE
andthroughputprovethatourapproachprovidesbetterrecommendationaccuracy.

6. CoNCLUSIoN

Recommendationforproductsone-commercesitesortopics,friendsonsocialnetworkingsitesis
ofgreatinterestfordataanalystandresearchers.IntheeraofOnlineSocialNetworks(OSN)and
Bigdata,therearealotofchoicesavailableforusers.Recommendationsystemsprovidesupport
touserstomakebetterchoices.SocialNetworkisrepresentedintheformofthesocialgraph,so
combiningsocialgraphandbigdataresultinthesocialbiggraph.Socialbiggraphanalysisandmining
specificallyforrecommendationisthecoremotiveofourresearchwork.Scalabilityissueisaddressed
byusingpartitioningsocialgraphbasedontrustandprovidinglocalrecommendationsonsub-graph
andcombiningrecommendationforthecompletesocialgraph.Thesesub-graphscanbeprocessed
effectivelyoneverynode.PregelandGiraphareusedtopartitionlarge-scalegraphasthesearemost
suitableforlarge-scalegraphanalysis.Inexperimentanalysis,LiveJournalandEpinionsdatasetsare
usedasthesecontaintrustvaluesbetweenusers.MeanAbsoluteError(MAE)andlocalityareused
asevaluationmetrics tovalidate theaccuracyofproposedapproach.Experimentanalysisproves
thatproposedapproachimprovespartitioningqualityaswellasimprovesrecommendationaccuracy
forlarge-scaledata.Infuture,scalabilitywillbeimprovedforlargerscaleofdataascomparedto
EpinionsandLiveJournaldataset.Furtherimprovementsarerequiredtoreducevertexreplication
ineverysubgraph.

Figure 11. Throughput comparison of collaborative filtering and proposed approach
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