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An Efficient IFP - Tree Based High Utility Pattern 

Mining of Itemsets with Indexing 

Suvitha iK, iDhivya iS, iRagini iA, iPreethi iP, iYogapriya iJ 

Abstract Conventional imethods iof iAssociation irule imining 

iand iFrequent iItemset iMining i(FIM) icannot isatisfy ithe 

ianxieties iemerging ifrom icertain ireal iapplications. iIn ireal 

iworld, ifor imaking isome idecisions ithe iuser iwants ito iknow 

ithe itotal iprofit igrossed iby ian iitemset ior iitem. iTo ievaluate 

ithis iit ineeds ito itake iinto iaccount ithe iquantity iof ithe 

ipurchased iitem. iThe iprofit iof ian iitem iconsiders ithe igain 

iof isingle iitem iand ithe inumber iof iitem ipurchased. iTo 

iaddress ithese, iutility imining ihas ibeen iintroduced. iIn ithis 

ithe iutility iof ian iitemset iis icalculated ias ithe inumber iof 

iitem ipurchased iand ithe iproduct iof ithe igain iof ithe iitem. 

iUtility imining iconcentrates ion iboth ithe ireputation iof ian iitem 

iin ithe iknowledge ibase i(i.e.) iprofit ior iexterior iutility iand ithe 

ireputation iof ian iitem iin ithe itransaction i(i.e.) iquantity ior 

iinterior iutility iof ian iitem.In ithis istudy, ia inovel iImproved 

ifrequent-pattern itree i(IFP-tree) istructure, iwhich iis ian 

iextended iprefix-tree istructure ifor istoring icrucial 

iinformation iabout ifrequent ipatterns, iand idevelop ian 

iefficient iIFP-tree-based imining imethod ibased ion ithe 

igeneration iof iconditional iutility ipattern ibase iwhich ileads ito 

ithe iconditional iutility iIFP-tree ifor imining ithe icomplete iset 

iof ifrequent ipatterns. iAs ithe iitemset iin ithe isanitized 

idatabase iand ioriginal idatabase iare isegmented iin idifferent 

iareas, ithe iitemset ikept iin ithe idifferent iareas iare iindexed 

ithrough icandidate ikeys ifor iincreasing ithe iaccess ispeed iand 

ifast iretrieval iof idata. iThis iprocess iwill iincrease ithe 

iaccuracy iof ithe idatabase iand iit ipreserves ithe isensitive idata 

iitems ifor ia ilonger itime.The iassessment ireport ishows ithat 

ithe igeneration iof iless icandidate ipatterns i imakes ialgorithms 

ito irun ifaster. 

Keywords: iUtility iMining, iHigh-utility iitemsets, iRare 

iitemsets, iFrequent iItemset imining, i iImproved iFrequent 

iPattern 

I. INTRODUCTION 

Data imining ican ibe icharacterized ias ia imovement ithat 

iconcentrates isome ilearning icontained iin iexpansive 

itransaction idatabases. iInformation imining, ithe 

iextraction iof iconcealed iprescient idata ifrom isubstantial 

databases, iis ian iintense inew iinnovation iwith iawesome 

ipotential ito ihelp iorganizations iconcentrate ion ithe imost 

ivital idata iin itheir iinformation idistribution icenters. I 

Learning iDiscovery iin iDatabases i(KDD) iis ithe inon- 

iunimportant iprocedure iof i recognizing legitimate, 

ialready iobscure iand iconceivably ihelpful iexamples iin 

iinformation. iThese iexamples iare iutilized ito imake 

iforecasts ior icharacterizations iabout inew iinformation, 

iclarify iexisting iinformation, ioutline ithe isubstance iof ia 

ihuge idatabase ito ibolster ibasic ileadership iand igive 

igraphical iinformation iperception ito ihelp ipeople iin 

ifinding ifurther iexamples. I 

 

 

 

 

 

The ilimitations iof ifrequent iitemset imining imotivated 

iresearchers ito iconceive ia iutility ibased imining 

iapproach, iwhich iallows ia iuser ito iconveniently iexpress 

ihis ior iher iperspectives iconcerning ithe iusefulness iof 

iitemsets ias iutility ivalues iand ithen ifind iitemsets iwith 

ihigh iutility ivalues ihigher ithan ia ithreshold. iIn iutility 

ibased imining ithe iterm iutility irefers ito ithe iquantitative 

irepresentation iof iuser ipreference ii.e. iaccording ito ian 

iitemsets iutility ivalue iis ithe imeasurement iof ithe 

iimportance iof ithat iitemset iin ithe iuser‘s iperspective. 

iThe itraditional iARM iapproaches iconsider ithe iutility iof 

ithe iitems iby iits ipresence iin ithe itransaction iset. iThe 

ifrequency iof iitemset iis inot isufficient ito ireflect ithe 

iactual iutility iof ian iitemset. iFor iexample, ithe isales 

imanager imay inot ibe iinterested iin ifrequent iitemsets 

ithat ido inot igenerate isignificant iprofit. iRecently, ione 

iof ithe imost ichallenging idata imining itasks iis ithe 

imining iof ihigh iutility iitemsets iefficiently. iIn iview iof 

ithis, iutility imining iemerges ias ian iimportant itopic iin 

i data mining ifor idiscovering ithe iitemsets iwith ihigh 

iutility ilike iprofits. iIdentification iof ithe iitemsets iwith 

ihigh iutilities iis icalled ias iUtility iMining. iThe iutility 

ican ibe imeasured iin iterms iof icost, iquantity, iprofit iand 

iuser i preference 

.for ithis iUtility imining imodel iwas iproposed ito idefine 

ithe iutility iof iitemset. iIn i[1] ithis imodel iby 

iconsidering iu(X) ias ia iutility iof ian iitemset iX, iwhich 

iis ithe isum iof ithe iall iutilities iof iitemset iX iin iall ithe 

itransactions icontaining iX. ithen ian iitemset iX iis icalled ia 

ihigh iutility iitems iif iits iutility igreater ior iequal ito 

iuser- idefined iminimum iutility ithreshresold. 

Association irules iare iif/then istatements ithat iaid 

iuncover irelationships ibetween iseemingly idissimilar 

idata iin ia irelational idatabase ior iother iinformation 

irepository i[1, i2]. iAn iexample iof ian iassociation irule 

iwould ibe i"If ia icustomer ibuys ione idozen ieggs, ihe iis 

i80% ilikely ito ialso ipurchase imilk." iAn iassociation 

irule ihas itwo iparts, ian iantecedent i(if) iand ia 

iconsequent i(then). iAn iantecedent iis ian iitem ifound iin 

ithe idata. iA iconsequent iis ian iitem ithat iis ifound iin 

icombination iwith ithe iantecedent. iAssociation irules iare 

ishaped iby ianalyzing idata ifor ifrequent iif/then ipatterns 

iand iconsuming ithe icriteria isupport iand iconfidence ito 

classify ithe imost iimportant irelationships. iProvision iis 

ian iindication iof ihow ifrequently ithe iitems iappear iin 

ithe idatabase. iConfidence ispecifies i the 

number iof itimes ithe iif/then istatements ihave ibeen 

ifound ito ibe itrue. iThe iproblem iof iassociation irule 

imining iis idefined ias: i 
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Let i iI i= 

{i1, ii2,.....,in} ibe ia iset iof in ibinary iattributes icalled 

iitems. iLet iD i= i{t1, it2,....., itm} ibe ia iset iof itransactions 

icalled ithe idatabase. iEach itransaction iin iD ihas ia 

iunique itransaction iID iand icontains ia isubset iof ithe 

iitems iin iI. iA irule iis idefined ias ian iinference iof ithe 

iform iX==>Y iwhere iX i& iY i∑ i1 iand iX i∩ iY i= iθ. 

iThe isets iof iitems i(for ishort iitemsets) iX iand iY iare 

icalled iantecedent i(left-hand-side ior iLHS) iand 

iconsequential i(right-hand-side ior iRHS) iof ithe irule 

irespectively. iExample: iThe iset iof iitems iis iI i= i{milk, 

ibread, ibutter, ibeer}. iAn iexample irule ifor ithe 

isupermarket icould ibe i{butter, ibread} i==> i{milk} 

imeaning ithat iif ibutter iand ibread iare ibought, icustomers 

ialso ibuy imilk[7]. iIn idata imining, iassociation irules iare 

ivaluable ifor ianalyzing iand ipredicting icustomer 

ibehavior. iThey iplay ian ivital ipart iin ishopping ibasket 

idata ianalysis, iproduct iclustering, icatalog idesign iand 

istore ilayout[7]. iProgrammers iusage iassociation irules ito 

iform iprograms icapable iof imachine ilearning. iMachine 

ilearning iis ia itype iof iartificial iintelligence i(AI) ithat 

iseeks ito ibuild iprograms iwith ithe iability ito ibecome 

imore iefficient iwithout ibeing iexplicitly iprogrammed. iIn 

ioverall, iassociation irule imining ican ibe iviewed i ias i ia 

i itwo-step i iprocess: i i(i) i iFind i all 

Improved ifrequent ipatterns iand i(ii) iGenerate istrong 

iassociation irules ifrom ithe ifrequent ipatterns i[2]. iIn i(i), 

iwe ican iuse isome imining ialgorithms ilike iApriori, iDHP, 

iECLAT, iIFP iGrowth ietc. ithat iwe idiscussed ilater. 

iAlso iwe iproposed inewer ialgorithm ifor ifrequent 

ipattern imining. iIn i(ii), iall ifrequent ipattern irules iare 

ichecked ifor iminimum isupport iand iminimum 

iconfidence ito igenerate iassociation irules. 

Example: iAn iitemset iis icalled ia ihigh iutility iitemset iif 

iits iutility iis ino iless ithan ia iuser- ispecified iminimum 

iutility ithreshold ior ilow- iutility iitemset irepresented iby 

imin-util. 

 

Table i1: iSample iDatabase 

TID Transaction TU 

T1 (A,1)(C,10)(D,1) 17 

T2 (A,2)(C,6)(E,2)(G,5) 27 

T3 (A,2)(B,2)(D,6)(E,2)(F,1) 37 

T4 (B,4)(C,13)(D,3)(E,1) 30 

T5 (B,2)(C,4) i(E,1)(G,2) 13 

T6 (A,1)(B,1) 

(C,1)(D,1)(H,2) 

12 

 

Table i2: iProfit iTable 

Profit 5 2 1 2 3 5 1 1 

Item A B C D E F G H 

From itable i1 iand i2, 

Utility i({A, iT1}) i=5×1=5 

Utility i({AD,T1})=u({A,T1})+u({D,T1})=5+2=7 

Utility i({AD}) i=u i({AD, iT1}) i+u i({AD, iT3}) 

=7+17=24 

Utility i({BD}) i=u i({BD, iT3}) i+u i({BD, iT4}) 

=16+18=34 

This ipaper iis iorganized ias ifollows. iIn iSection iII, iwe 

idescribe ithe irelated iworks iof ithis isystem. iSection iIII 

idescribes ithe iproblem iidentified. iSection iIV ipresents 

ithe idesign iof iour isolution ifor iTree iBased iHigh 

iUtility iPattern iApproach. iThe ievaluation iresults iof 

iboth iapproaches iare idiscussed iin iSection iV. iFinally, 

iwe idiscuss ithe iconclusion iand ipossible ienhancement 

iof ifuture iworks irelated ito ithe ipresented isolution ias 

isection iVI. 

II. RELATED WORKS 

In i[2] iVincent iS iTseng, iBai-En iShie, iCheng-Wu, 

iPhilip iSproposed ia iSingle-pass iincremental iand 

iintuitive idigging ifor ifinding iweighted ifrequent 

iexamples. iThe icurrent iweighted ifrequent iexample 

i(WFP) idigging ican't ibe iconnected ifor iincremental iand 

iintelligent iWFP idigging ifurthermore ifor istream 

iinformation imining isince ithey idepend ion ia istatic 

idatabase iand iits irequire ivarious idatabase iexamines. 

iTo idefeat ithis, ithey iproposed itwo inovel itree 

istructures iIWFPTWA i(Incremental iWFP itree iin ilight 

iof iweight irising irequest) iand iIWFPTFD i(Incremental 

iWFP itree iin iview iof iplunging irequest) iand itwo inew 

icalculations iIWFPWA iand iIWFPFD ifor iincremental 

iand iintuitive imining iutilizing ia isolitary idatabase 

ifilter. iIWFPFD ipromises ithat iany inon-applicantthing 

ican't ishow iup ibefore icompetitor ithings iin iany ibranch 

iof iIWFPTFD iand iin ithis imanner iaccelerates ithe 

iprefix itree. iThe idownside iof ithis iapproach iis ithat 

iextensive imemory ispace, itedious iand iit iis 

iexceptionally ihard ito ibolster ithe icalculation ifor ibigger 

idatabases. 

In i[3], ipresented ia inovel iutility iIFP- itree, ian 

iextensive itree istructure ifor istoring iessential 

iinformation iabout ifrequent ipatterns ifor imining ithe 

ihigh iutility iitemsets. iWe ihave iutilized ithe istandard 

iIFP igrowth ialgorithm ifor imining ithe icomplete iset iof 

ifrequent ipatterns iby ipattern igrowth. iThe iefficiency iof 

ithe ihigh iutility ipattern imining iis irecognized iby itwo 

iimportant ithoughts. iOne iis ithe iconstruction iof ithe 

iutility iIFP-tree iand ithe iother ione iis ithe imining iof 

iutility iitemsets ifrom ithe iutility iIFP- itree. iOur 

iproposed iutility iIFP-tree-based ipattern imining iutilized 

ithe ipattern igrowth imethod ito iavoid ithe icostly 

igeneration iof ia ilarge inumber iof icandidate isets iin 

iwhich iit idramatically ireduces ithe isearch ispace. iThe 

iexperimentation iwas icarried iout ion iour iproposed 

iapproach iusing ireal ilife idatasets iand ithe iresults ishowed 

ithat ithe iproposed iapproach iis ieffective ion ithe itested 

idatabases. 
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Frequency i- iweighted iutility iFWU iof ian 

iitem iip, idenoted iby iFWU i(ip), iis icomputed 

iusing ithe iTransaction iFrequency i (TF), 

Transaction iWeightage i(TW) iand ithe iExternal iUtility 

i(Eu). 

 

TF i(ip)*TW i(ip)* iEu i(ip) 

FWU i(ip) i= 

UF 

An ioperation iin iobject-oriented idatabases igives irise ito 

ithe iprocessing iof ia ipath. iSeveral idatabase ioperations 

imay iresult iinto ithe isame ipath. iChoenni iet ial., i[4] 

iaddress ithe iproblem iof ioptimal iindex iconfiguration ifor 

ia isingle ipath. iAs iit iis ishown ian ioptimal iindex 

iconfiguration ifor ia ipath ican ibe iachieved iby isplitting ithe 

ipath iinto isubpaths iand iby iindexing ieach isubpath iwith 

ithe ioptimal iindex iorganization. iThe iauthors ipresent ian 

ialgorithm iwhich iis iable ito iselect ian ioptimal iindex 

iconfiguration ifor ia igiven ipath. iThe iauthors iconsider ia 

ilimited inumber iof iexisting iindexing itechniques i(simple 

iindex, iinherited iindex, inested iinherited iindex, imulti-

index, iand imulti-inherited iindex) ibut ithe iprinciples iof 

ithe ialgorithm iremain ithe isame iadding imore iindexing 

itechniques. 

Kriegel iet ial., i[5] ipresented ia itechnique ito iachieve 

iefficient iquery iprocessing ion idata-partitioning iindex 

istructures iwithin igeneral ipurpose idatabase isystems. 

iThe inavigational iindex itraversal icost iis ireduced iby 

iusing i"extended iindex irange iscans". iIf ia idirectory 

inode iis i"largely" icovered iby ithe iactual iquery, ithe 

irecursive itree 

traversal ifor ithis inode ican ibeneficially ibe ireplaced iby 

ia iscan ion ithe ileaf ilevel iof ithe iindex iinstead iof 

inavigating ithrough ithe idirectory iany ilonger. iOn ithe 

iother ihand, ifor ihighly iselective iqueries, ithe iindex iis 

iused ias iusual. iThe iauthor idemonstrated ithe ibenefits iof 

ithis iidea ifor ispatial icollision iqueries ion ithe irelational 

iR-tree. iEnergy isaving iis ione iof ithe imost iimportant 

iissues iin iwireless imobile icomputing. iAmong iothers, 

ione iviable iapproach ito iachieving ienergy isaving iis ito 

iuse ian iindexed idata iorganization ito ibroadcast idata iover 

iwireless ichannels ito imobile iunits. iUsing iindexed 

ibroadcasting, imobile iunits ican ibe iguided ito ithe idata 

iof iinterest iefficiently iand ionly ineed ito ibe iactively 

ilistening ito ithe ibroadcasting ichannel iwhen ithe irelevant 

iinformation iis ipresent. 

III. PROBLEM DESCRIPTION 

The iproblem iof imining iutility iitemsets iis idiscussed iand 

isome ibasic idefinitions iare idescribed iin ithis isubsection. 

iLet iI i= i{i1, ii2 i,..., iim}be ia iset iof iitems iand iD i= i{t1 

i, it2 i,..., itn i} ibe ia itransaction idatabase iwhere ithe 

iitems iof ieach itransaction iti iis ia isubset iof iI i. iThe 

iutility iof iitem iip iin itransaction itq, idenoted ias iU 

i(ip,tq) iis idefined ias iIu i(ip,tq)× iEu i(ip) i. iLet ian 

iitemset iX ibe ia isubset iof iI. iThe iutility iof iX iin 

itransaction itq, idenoted iby iU(X, itq) iis idefined ias 

iU(X, i tq) i∑ip i∈  iXU i(ip,tq i ) i . iThe i task iof 

high iutility imining iis ito ifind iall iitems ithat ihave 

iutility iabove ia iuser-specified imin_utility. iSince iutility 

iis inot ianti- imonotone, ithe iconcept iof iFrequency 

iWeighted iUtility i(FWU) iis iused ito iprune ithe isearch 

ispace iof ihigh iutility iitemsets. 

The iinternal iutility ior ilocal itransaction iutility ivalue 

iIu(ip,tq) irepresents ithe iquantity iof iitem iip iin 

itransaction itq. iThe iexternal iutility iEu(ip) irepresents 

ithe iunit iprofit ivalue iof iitem iip. 

Utility iU(ip,tq) iis ithe iquantitative imeasure 

iof iutility ifor iitem iip iin itransaction itq idefined iby 

iU i(ip,tq)=Iu(ip,tq)×Eu(ip). 

The iutility iof ian iitemset iX iin itransaction 

itq, iU( iX i,tq) i, iis idefined iby i iU i( iX 

,tq)=∑ip∈XU(ip,tq) ; where X 

={i1,i2,.....ik}is i ia i ik-itemset, i iX i i⊆tq i iand i i 1 

≤k≤m. 

IV. TREE BASED HIGH UTILITY PATTERN 

APPROACH. 

In idata imining, iassociation irule ilearning iis ia ipopular 

iand iwell iresearched imethod ifor idiscovering iinteresting 

irelations ibetween ivariables iin ilarge idatabases. iAn 

iexample irule ifor ithe isupermarket idataset icould ibe 

i{butter, ibread} i{milk}.Association irule ilearning iis 

iabout iselecting ithe idesired irules ifrom ithe iset iof iall 

ipossible irules iwith constraints ion ivarious imeasures iof 

isignificance iand iinterest. iThe ibest-known iconstraints 

iare iminimum ithresholds ion support iand iconfidence. iLet 

iI i= i{i1, ii2… iin} ibe ia iset iof in ibinary iattributes icalled 

iitems. iLet iD = i{t1, it2… itm} ibe ia iset iof itransactions 

icalled ithe idatabase. iEach itransaction iin iD ihas ia 

iunique itransaction iID iand icontains ia isubset iof ithe 

iitems iin iI. iAssociation irules iare iusually irequired ito 

isatisfy ia iuser-specified iminimum isupport iand ia iuser-

specified iminimum iconfidence iat ithe isame itime. 

Association irule igeneration iis iusually 

isplit iup iinto itwo iseparate isteps: 

 First, iminimum isupport iis 

iapplied ito ifind iall ifrequent iitem 

iset iin ia idatabase. 

 Second, ithese ifrequent iitem isets 

iand ithe iminimum iconfidence 

iconstraint iare iused ito iform 

irules. 

There iare ia inumber iof ialgorithms iused ito igenerate 

iAssociation irules. iThe iAssociation irule ialgorithms 

idiscussed iin ithis ithesis iis: iApriori ialgorithm 

Apriori iis ia iclassic ialgorithm ifor ilearning iassociation 

irules. iApriori iis idesigned ito ioperate ion idatabases 

icontaining itransactions i(for iexample, icollections iof 

iitems ibought iby icustomers, ior idetails iof ia iwebsite 

ifrequentation). Other ialgorithms iare idesigned ifor 

ifinding iassociation irules iin idatabase ihaving ino 

itransactions ior ihaving ino itimestamps. iAs iis icommon 

iin iassociation irule imining, igiven ia iset iof iitemsets i(for 

iinstance, isets iof iretail itransactions, ieach ilisting 

iindividual iitems ipurchased), i 
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the ialgorithm iattempts ito ifind isubsets iwhich iare 

icommon ito iat ileast ia iminimum inumber iC iof ithe 

iitemsets. 

Apriori iuses ia i"bottom iup" iapproach, iwhere ifrequent 

isubsets iare iextended ias ione iitem iat ia itime i(a istep 

iknown ias icandidate igeneration), iand igroups iof 

icandidates iare itested iagainst ithe idata. iThe ialgorithm 

iterminates iwhen ino ifurther isuccessful iextensions iare 

ifound. iThe ipurpose iof ithe iApriori iAlgorithm iis ito 

ifind iassociations ibetween idifferent isets iof idata. iIt iis 

isometimes ireferred ito ias i"Market iBasket iAnalysis". 

iEach iset iof idata ihas ia inumber iof iitems iand iis icalled 

ia itransaction. iThe ioutput iof iApriori iis iset iof irules 

ithat itell ius ithe ifrequency iof ioccurrence iitems iin ithe 

idataset. 

Eclat ialgorithm 

Eclat ialgorithm ifinds ithe ielements ifrom ithe ibottom 

ilike idepth ifirst isearch. iEclat ialgorithm iis ivery isimple 

ialgorithm ito ifind ithe ifrequent iitem isets. iThis 

ialgorithm iuses ivertical idatabase. iIt icannot iuse 

ihorizontal idatabase. iIf ithere iis iany ihorizontal 

idatabase, ithen iwe ineed ito iconvert iinto ivertical idatabase. 

There iis ino ineed ito iscan ithe idatabase iagain iand 

iagain. iEclat ialgorithm iscans ithe idatabase ionly ionce. 

iSupport iis icounted iin ithis ialgorithm. iConfidence iis inot 

icalculated iin ithis ialgorithm. 

The iIFP-growth i(Improved iFrequent iPattern i– 

igrowth) ialgorithm 

The iIFP-growth i(Improved iFrequent iPattern– igrowth) 

ialgorithm idiffers ibasically ifrom ithe ilevel-wise 

ialgorithms, ithat iuses ia i―candidate igenerate iand itest‖ 

iapproach. iIt idoes inot iuse icandidates iat iall, ibut iit 

icompresses ithe idatabase iinto ithe imemory iin ia iform 

iof ia iso- icalled iIFP-tree iusing ia ipruning itechnique. 

iThe ipatterns iare idiscovered iusing ia irecursive ipattern 

igrowth imethod iby icreating iand iprocessing iconditional 

iIFP-trees. iThe idrawback iof ithe ialgorithm iis iits ihuge 

imemory irequirement, iwhich iis idependent ion ithe 

iminimum isupport ithreshold iand ion ithe inumber iand 

ilength iof ithe itransactions. 

Step i1: iFrequent iPattern i(FP) iMining 

Frequent ipattern i(FP) imining idiscovers ipatterns iin 

itransaction idatabases ibased ionly ion ithe irelative 

ifrequency iof ioccurrence iof iitems iwithout iconsidering 

itheir iutility. iFor imany ireal iworld iapplications, 

ihowever, ithe iutility iof iitemsets ibased ion icost, iprofit ior 

irevenue iis iimportant. iThe iutility imining iproblem iis ito 

ifind iitemsets ithat ihave ihigher iutility ithan ia iuser 

ispecified i minimum. Unlike iitemset isupport iin ifrequent 

ipattern imining, iitemset iutility idoes inot ihave ithe ianti- 

imonotone iproperty iand iso iefficient ihigh iutility imining 

iposes ia igreater ichallenge. 

The ifrequent ipattern imining iproblem idoes inot itake 

iinto iaccount ithe iquantity ior ian iassociated iweight isuch 

ias iprice ior iprofit iof ian iitem ibut iit irepresents ionly ithe 

ioccurrence iof ieach iitem iin ia itransaction iby ia ibinary 

ivalue. iBut, iquantity iand iweight iare iimportant ifactors 

ifor isolving ireal iworld idecision iproblems ithat iintends 

ito imaximize ithe iutility iof ian iorganization. iHence, iall 

iitemsets ithat ihave iutility ivalue igreater ithan ia iuser 

ispecified iminimum iutility ivalue iare iidentified iby ihigh 

iutility iitemset imining. iBoth ilocal itransaction iutility iand 

iexternal iutility icontribute ito ithe iutility iof ian iitem. 

iIdentifying ihigh iutility iitem isets iwhich idrive ia imajor 

ishare iof ithe ioverall iutility iis ithe iobjective iof iutility 

imining. iHigh iutility ipattern imining iapproaches ihave 

ibeen iproposed ito iovercome ithis iproblem. iAs ia iresult, 

iit ibecomes ia ivery iimportant iresearch iissue iin idata 

imining iand ifrequent ipattern imining. iIn ithis iresearch, 

iwe ihave ipresented ian iefficient iapproach ifor imining 

ithe ihigh iutility iitemsets ifrom ithe iutility iIFP-tree 

istructure. iThe iprocedure iused ifor imining ihigh iutility 

iitems iinvolves ithe ifollowing iimportant isteps. 

Step i2: iConstruction iof iUtility iIFP-tree 

In igeneral, ithe iconstruction iof ithe iIFP-tree iand ithe 

imining ipatterns ifrom ithe iIFP- itree iare ithe imajor 

iimportant isteps iin ithe ifrequent ipattern itree ialgorithm. 

iSimilarly, ithe iproposed iapproach ialso icontains ithese 

itwo isteps, iwhere ithe iutility iIFP-tree iis iconstructed 

iusing ithe ifrequency iweighted iutility irather ithan ithe 

ifrequency ivalue. iIn iaddition ito ithis, ithe imining 

iprocess iutilizes ipattern igrowth imethodology, iwhere ithe 

isupport iis icomputed ibased ion ithe ifrequency iweighted 

iutility irather ithan ithe ifrequency. iIn ithis isection, iwe 

idescribe ithe iconstruction iprocess iof iour iproposed 

iutility iIFP- itree istructure ibased ion ithe ifrequency 

iweighted iutility. 

The iproposed ialgorithm iis iexplained iwith ithe ihelp iof 

ia isimple iexample ifor ieasier iunderstanding ithe ientire 

istep iincluding ithe itree iconstruction iand imining 

iprocesses. iTable 

3 iprovides ian iexample iof ia itransaction idatabase iand 

iTable i3.2 igives ithe iunit iprofit ifor ieach iitem 

ibelonging ito ithe itransaction idatabase. 

 

Table i3: iExample iof ia iTransaction iDatabase 

 

 

 

 

 

 

 

Table i4: iExample iof ia iUtility iTable 

Item Profit i($) 

A 2 

B 1 

C 5 

D 1 

 

 

 

 

 

Item 

iTID 

 

A 

 

B 

 

C 

 

D 

01 2 1 0 1 

02 3 0 2 0 

03 0 3 2 0 
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Example: iLet ius iconsider ithe iitems ipresent iin iTable 

i3.1. iThe iFWU iof iitem i‗A‘ iis icomputed ias ifollows: 

ithe iTF i(ip) iof ithe iitem i‗A‘ iis i2; ithe iTW i(ip) iis i5 iand 

ithe iprofit irecords ifor ithat iitem iis i2. iAlso, ithe itotal 

iprofit ivalue, icalled iutility ifactor iis ifound iout ito ibe i9 

iin ithis icase. iNow, iFWU i(A) i= i2.22, iFWU i(B) i= 

i0.77, iFWU i(C) = i4.44 iand iFWU i(D) i= i0.11. iIn ithis 

icase, iwe ihave itaken ithe imin_util ivalue ias i0.3 iand 

ichosen ithe iitems iwhich ihave iutility ivalues igreater 

ithan ithe imin_util ivalue. iBased ion ithese icomputed 

iutility ivalues, ithe iitems iare ire-ordered. iThe 

itransactions iwith isorted iitems iare iutilized ifor 

iillustrating ithe iconstruction iof ithe iutility iIFP-tree. iThe 

iordered itransactions iand iFrequency iWeighted iUtility 

i(FWU) iare ishown iin iTable i3 iand iTable i4 

irespectively. 

 

Table i5: iThe iordered itransactions iwith isorted 

ilarge iitems 

 

 

 

 

 

 

 

 

Table i6: iFrequency iWeighted iUtility i(FWU) 

 

Item FWU 

A 2.22 

0.77 

4.44 

0.11 

B 

C 

i

D 

 

Figure i1: iThe iUtility iIFP-tree iafter ithe ifirst 

itransaction iis iprocessed 

 

Subsequently, ithe inext itransaction icontaining ifrequent 

iweighted iutility iitems i(C, iA) iis iprocessed. iHere, ithe 

iitems ido inot icontain iany iprefix ipath iin ithe iutility 

iIFP-tree iafter iexecuting ithe ifirst itransaction, iso ithe 

inew inodes i(C: i4.44) iare iattached ito ithe iroot inode ias 

iits ichild. iAlso, ithe iother inew inode i(A: i2.22) iis icreated 

iand ilinked iwith ithe ichild iof i(C: i4.44). iThe iresults 

iafter ithe isecond itransaction iare ishown iin iFigure i2. 

 

 
 

For iprocessing ithe ithird itransaction, ithe ipath i<―C‖ 

i―B‖> ishares ithe isame iprefix i―C‖ iwith ithe iUtility iIFP-

tree iso ithe icount iof ithe inode i(C: i4.44) iis iincremented 

iby i4.44 ias iit ishares ithe icommon iprefix iand ia inewly 

icreated inode i(B: i0.77) iis iattached ito ithe inode i(C: 

i8.88) ias iits ichild inode. iThe iresults iafter ithe ithird 

itransaction iare ishown iin iFigure i3 

 

 
 

Figure i3: iThe iutility iIFP-tree iafter ithe ithird 

itransaction iis iprocessed 

 

After ithe iUtility iIFP-tree iis iconstructed ifrom ia 

itransaction idatabase, ia imining iprocess iis iexecuted ito 

idetermine ithe ilarge iitems. iUtility iIFP-tree iderives ithe 

iutility iitemsets idirectly ifrom ithe iutility iIFP-tree iand 

ido inot inecessitate igeneration iof icandidate iitemsets ifor 

imining. iIt irecursively iprocesses ithe iutility iitems ione 

iby ione iand ibottom-up iwith iregard ito ithe iHeader 

iTable. iBy iconstructing ia iconditional iutility iIFP-tree 

ifor ieach iutility iitem, ihigh iutility iitemsets iare imined 

irecursively ifrom iit. I 

 

 

 

R 

oo 

it 

C: 

4.4 

A: 

2.2 

Figure i2: iThe iUtility iIFP-tree iafter ithe isecond 

itransaction iis iprocessed 

 

B: 

0.7 

A: 

2.2 
C 

i

A 

i

B 

Head iof inode 

ilinks 

 
Item 

 

Header iTable 

Roo
t 

A: 

i2.22 

B: 

i0.77 

C
 

i

A
 

i

B 

Head iof 

inode ilinks 

 
Ite

m 

 

Header iTable 

TID 
Frequent 

iItems 

01 A B 

02 C A 

03 C B 
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This iprocess iis iexecuted iuntil iall ithe iitems iin ithe 

iutility iIFP-tree iget iprocessed. 

Step i3: iMining iof iHigh iUtility iitemsets ifrom ithe 

iUtility iIFP-tree 

The inext imajor istep iis iexamining ithe imining iprocess 

ibased ion ithe iconstructed iutility iIFP-tree ias ishown iin 

iFigure i3.3. iThe imining iprocess iof iutility iitemsets 

ifrom ithe iutility iIFP-tree ibased ion ithe ipattern igrowth 

imethodology iis iexplained ias ifollows. 

Generation iof iConditional iUtility iPattern iBase iand 

iConditional iUtility iIFP iTree, 

After ithe iutility iIFP-tree iis iconstructed ifrom ian 

iordered itransaction idatabase, ithe imining iprocedure 

istarts iwith ithe igeneration iof ithe iconditional iutility 

ipattern ibase iand ithe iconditional iutility iIFP-tree. iWe 

ihave igenerated ia iconditional iutility ipattern 

base iand ithe iconditional ipattern itree ias ithe iutility iIFP-

tree ias ishown iin iFigure i3.4. 

Here, iwe istart iwith ithe imining iprocess ifrom ithe 

ibottom iof ithe inodes iof ithe iutility iIFP-tree iand itheir 

icorresponding iprefix ipaths iare iextracted ifrom iit. 

Then, itheir irelevant iutility ipattern ibase iand iconditional 

iutility iIFP-tree iare igenerated iin iorder ito imine i2-length 

iutility ipatterns. 

Example: iAt ifirst, iwe iprocess ithe iitem i―B‖, iwhich iis 

ithe ibottom iitem ipresent iin ithe iheader itable iso ithat 

itwo iprefix ipaths ithat iexist ifor iitem iB iare iextracted. 

iFor ian iitem iB, ithe iconditional ipattern ibase iis i(A: 

i0.77) iand i(C: i0.77), iwhich iare ithe iprefix ipaths iof ithe 

iitem i―B‖. 

Then, ithe iconditional iutility iIFP itree iis igenerated ifor 

ithe iitem i―B‖. iAgain, ithe iconditional ipattern ibase iis 

igenerated ifor ithe isuperset iof i―A‖ ii.e., i―AB‖ iand 

i―AC‖ ibut ino iprefix ipaths iexists ifor ithis isequence iso 

iit igenerates ia iNULL ipath. iSubsequently, ithe inext 

iitems iA iand iC iare iprocessed. iThe iconditional ipattern 

ibase ifor iitem i―A‖ iis i(C: i2.22) iand ithe iconditional 

ipattern ibase ifor ithe ipattern i―C‖ iis inull. 

The iconditional ipattern-bases iand ithe iconditional iIFP-

trees igenerated iare isummarized iin iTable i7. 

 

Figure i4: iMining iof iIFP-tree iby icreating iconditional 

ipattern-bases 

 

 

 

Table i7: Mining ifrequent ipatterns iby icreating 

iconditional ipattern-bases 

 

Item 
Conditional 

ipattern- 

ibase 

Conditionl 

iIFP-tree 

 

B 
{(A:0.77), 

(C:0.77)) 

 

{(A,C)}/B 

A {(C:2.22)} {(C)}/A 

C Φ Φ 

BA Φ Φ 

BC Φ Φ 

AC Φ Φ 

 

Mining iof iutility ipatterns 

After ithe igeneration iof ithe iconditional iutility iIFP-tree, 

ihigh iutility ipatterns iare imined ifrom iit, ibased ion ithe 

iminimum isupport ithreshold. iHere, iutility ipatterns iare 

imined irecursively ifrom ithe iconditional iutility iIFP itree 

iso ithat iall ilength ipatterns ihaving ifrequency iweighted 

iutility igreater ithan ithe iminimum ithreshold iare 

iobtained. iThe ipatterns iare isaid ito ibe ifrequent 

iweighted iutility ipatterns iif itheir isupport iis igreater 

ithan ithe imin_util. 

Example: iThe iresults iobtained ifor ithe isample idatabase 

igiven iin iTable i3.1 iare ishown iin ithe iTable i3.6. iThe 

ifrequent iweighted iutility ipatterns iare i{(C: i8.88) i(A: 

i4.44), i(B: i1.44), i(AB: i0.77), i(CB: i0.77) iand 

(CA: i2.22)}. 

 

Table i8: iFrequent iweighted iutility ipatterns ifor ia 

isample idatabase 

Frequent iPatterns 

 

C: i8.88 

CA: 

i2.22 

 

A: i4.44 

AB: 

i0.77 

B: i1.44 CB: i0.77 

Example i1: iLet ius iconsider ian iexample iof ia isimple 

idatabase iwith i10 itransactions iand imin_sup iis i2 ias 

ishown 

The isorted itransactions iare ishown iin ifollowing 

iexample iTable i3. iThen ithe iscanned idatabase iis 

irepresented iby iBitTable ishown iin iTable i4. iThen 

iCalculate ithe iintersection iof itransactions ithat icontain 

icertain ifrequent iitems ione iby ione. 

Let ius itake ifrequent iitem iI2 ias iexample, 

icandidate 
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= iT1 i∩ iT7 

= i1010111 i∩ i1010111 

= i1010111 

That iis iI2 isubsume iis iI6 iI1 iI3 iI5 ii.e. 

i(I2, iI6 iI1 iI3 iI5) 

Continue ithis iprocess iaccordingly ifor iall iitems iand 

ifinally ithe isubsume iindex iarray iis i(I2, iI6 iI1 iI3 iI5), 

i(I4, iI1 iI3), i(I6, iI1 iI3 iI5), i(I7, 

I1 iI3), i(I1, iI3), i(I3, iØ), i(I5, iØ). 
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iTable i5 i: iFrequent iPattern iGeneration ifor iEach iItem 

ITEMS 

I2 I4 I6 I7 I1 I3 I5 

I2 i: i2 I4 i: i2 I6 i: i2 I7 i: i5 I1 i: i8 I3 i: i8 

I5 i: i8 

I2,I6 i: i2 
I4,I1 i: 

i2 
I6,I1 i: i2 I7,I1 i: i5 

I1,I3 i: 

i8 

I3,I5 i: 

i6 

I2,I1 i: i2 
I4,I3 i: 

i2 
I6,I3 i: i2 I7,I3 i: i5 

I1,I5 i: 

i6 
 

I2,I3 i: i2 
I4,I1,I3 

i: i2 
I6,I5 i: i2 

I7,I1,I3 i: 

i5 

I1,I3,I5 

i: i6 
 

I2,I5 i: i2  
I6,I1,I3 i: 

i2 
I7,I5 i: i4   

I2,I6,I1 i: i2  
I6,I1,I5 i: 

i2 

I7,I1,I5 i: 

i4 
  

I2,I6,I3 i: i2  
I6,I3,I5 i: 

i2 

I7,I3,I5 i: 

i4 
  

I2,I6,I5 i: i2  
I6,I1,I3,I5 

i: i2 

I7,I1,I3,I5 

i: i4 
  

I2,I1,I3 i: i2      

I2,I1,I5 i: i2      

I2,I3,I5 i: i2      

I2,I6,I1,I3 i: 

i2 
     

I2,I6,I1,I5 i: 

i2 
     

I2,I6,I3,I5 i: 

i2 
     

I2,I1,I3,I5 i: 

i2 
     

I2,I6,I1,I3,I5 

i: i2 
     

TOTAL i 

i= i43 

16 4 8 8 4 2 1 

 

V. EXPERIMENTAL RESULTS AND 

PERFORMANCE EVALUATION 

1. Nursery idataset 

The iexperimental iresults iare iobtained ifor idiverse 

isupport ivalues ion ithe iNursery idataset. iThe iobtained 

iresults iare iplotted ias igraphs ias ishown iin iFigures 

i3.15, i3.16, i3.17, i3.18 iand i3.19 ithat ishows ithe 

iperformance iof ithe ifour iapproaches ion iNursery 

idataset iin ithe ieffectual imining iof ihigh iutility iitem 

isets. iHere, ithe iperformance iof iour iproposed iapproach 

iis ievaluated ifor idifferent isupport ivalues i(Normalized 

ibetween i0.1 iand i0.5) iand ithe icorresponding igenerated 

ilength iof ipatterns. 

It iis ievident ifrom ithe ianalysis iof ithe iplotted igraphs, 

ithat iour iproposed iapproach iproduces ibetter iresults 

ithan ithe istandard iApriori, iEclat iand iIFP-growth 

ialgorithm. 

As ithe isupport ivalue ivaries, ithe inumber iof igenerated 

ifrequent ipatterns igets ireduced iin iour iproposed 

iapproach ithan ithe iApriori, iEclat iand iIFP-growth 

ialgorithm iby idifferent ilength iof ipatterns. 

In iFigure i5, ithe inumber iof ipatterns igenerated iby 

 

 ivarying ithe isupport ithresholds iof i1 ilength ipatterns iis 

iconstricted icompared ito ithe iApriori, iEclat iand iIFP- 

igrowth ialgorithm. 

Likewise, iFigures i6, i7 iand i8 ishows ithe igenerated 

inumber iof ipatterns iof ilength i2, i3 iand i4 irespectively 

ifor ithe idifferent isupports ifor ithe ialgorithms. 

But, ias ishown iin iFigure i9, ino i5 ilength ipatterns iare 

iproduced iby iour iproposed iapproach iunlike ithe iApriori, 

iEclat iand iIFP- igrowth ialgorithm iwhich igenerated ia 

ilimited inumber iof ipatterns. 
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Figure i5: No. of frequent patterns (1- ilength) generated 

using various isupport ithresholds 

 

X iaxis i- isupporting ithreshold ivalues irange ifrom i0.1 ito 

i0.5 

Y iaxis i– iNumber iof ifrequent ipatterns i(1- ilength). 

The inumber iof ipatterns igenerated iby ivarying ithe 

isupport ithresholds iof i1 ilength ipatterns iis ireduced 

icompared ito ithe iApriori, iEclat iand iIFP-growth 

ialgorithm. 

 

Table i9: No. iof ifrequent ipatterns i(1-length) generated 

iusing ivarious isupport ithresholds 

Suppo 

irt 

Value 

No iof ipatterns 

Aprio Ecl IFP Propos 

0.1 84 70 49 36 

0.2 72 51 38 22 

0.3 61 42 24 13 

0.4 50 35 18 9 

0.5 41 24 12 6 

 

Figure i6: iExecution itime i(in iseconds) irequired iby 

ifive idifferent ialgorithms iin iT10I4D1000 idataset iwith 

idifferent iminimum isupport ithreshold. 

 

 
Figure i7: iExecution itime i(in iseconds) irequired iby 

itwo idifferent ialgorithms iin iT10I4D50000 idataset 

iwith idifferent iminimum isupport ithreshold. 

VI: ICONCLUSION 

An iapproach ifor iweighted iutility iitemsets imining ifrom 

ithe idatabase iso ias ito iimprove ithe iperformance iof idata 

imining iis iproposed. iAnd iwe ihave ipresented ia iutility 

iIFP-tree iby iutilizing ia itree istructure ifor istoring iessential 

iinformation iabout iimproved ifrequent ipatterns ifor 

imining ihigh iutility iitemsets. iWe ihave iutilized ithe 

istandard iApriori, iEclat iand iIFP- igrowth ialgorithms ifor 

imining ithe icomplete iset iof ifrequent ipatterns iby imeans 

iof ipattern igrowth. I 

Higher iefficiency iin imining ihigh iutility ipatterns iis 

irealized iby iimplementing itwo iimportant iconcepts. iOne 

iis ithe iconstruction iof ithe iutility iIFP-tree iand ithe 

iother ione iare ithe imining iof iutility iitemsets ifrom ithe 

iutility iIFP-tree. iOur iproposed iutility iIFP-tree-based 

ipattern imining iutilizes ithe ipattern igrowth imethod ito 

iavoid ithe icostly igeneration iof ia ilarge inumber iof 

icandidate isets iand ireduces ithe isearch ispace 

idramatically. iApart ifrom ithat, iin ithis ipaper iwe ihave 

iused iindexes iwhich igenerates imore ifrequent ipatterns 

idirectly. iComparing iwith iApriori, iDHP, iECLAT iand 

iIFP iGrowth, ithe inew ialgorithm ireduces itime ifor imany 

ifrequent iitemsets igeneration iand icandidate ifrequent 

iitemsets iwhich isupport icount ido inot ineed ito ibe 

icomputed. iSo ithe iefficiency iof ithe inew ialgorithm iis 

ibetter ithan iall iof ithe iabove idiscussed ialgorithms. 

i Performanceevaluation ishows ithat inew ialgorithm iin 

iperformance iis imore iremarkable ifor imining ifrequent 

ipatterns. 
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