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Abstract: High utility item sets(HUIs) mining is 

anemerging topic in datamining, which refers to 

discovering all itemsets having autility meeting a user 

specified minimum utility threshold min_util. However, 

setting min_util appropriately is a difficult problem for 

users.Generally speaking,  finding an appropriate 

minimum utility threshold by trial and errorisatedious 

process for users. If min_util is set to olow,too many HUIs 

will be generated, which may cause the mining process to 

be very inefficient. On the otherhand, if min_util is set to 

ohigh,it is likely that no HUIs will be found. In this paper, 

we address the above issues by proposing a new 

framework for top-k high utility item set mining, where k is 

the desired number of HUIs to be mined. Two types of 

efficient algorithms named TKU(miningTop-

KUtilityitemsets) and TKO(miningTop-K utility itemsets in 

Onephase) are proposed formining such itemsets with out 

the need to setmin_util. We provide a structural 

comparison of the two algorithms with discussions on their 

advantages and limitations. Empirical evaluations on both 

realand synthetic datasets show that the performance of 

the proposed algorithms is close to that of the optimal case 

of state-of-the-art utility mining algorithms. 
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I.  INTRODUCTION   

Frequent item set mining is a fundamental research topic in 

data mining. The traditional  information  retrieval process is 

valuable item set require the utility to associate the 

transactions. In utility mining, each item is associated with 

autility (e.g.unit profit) and an occurrence count in each 

transaction (e.g.quantity). The utility of an itemset 

represents its importance, which can be measured in terms 

of weight, value, quantity or other information depending 

on the user specification. 

However, efficiently mining HUI sin databases is not an 

easy task because the downward closure property used in FIM 

does not hold for the utility of itemsets. In otherwords, 

pruning search space for HUI mining is difficult because a 

superset of alow utility itemset can be high util-ity.Totack 

let his problem, the concept of transaction-weighted 

utilization(TWU) model was introduced to facilitate the 

performance of the mining task. In this model, an item set is 

called high transaction-weighted utilization item-set (HTWUI) if 

its TWU is no less than min_util, where the TWU of an 

itemset represents an upperbound on its utility.Therefore, a 

HUI must be aH TWU Iand all the HUIs must be included 

in the complete set of HTWUIs. A classical TWU model-

based algorithm consists of two phases. In the first phase, 

called phaseI, the completeset of HTWUIs are found. In 

these condphase, called phaseII, all HUIs are obtained by 

calculating the exact utilities of HTWUIs with one 

databases can.Although many studies have been devoted to 

HUImin-ing, it is difficult for users to choose an 

appropriatemini-mum utility threshold in practice. 

Depending on the threshold, the output size can be very 

small or very large. Besides, the choice of the threshold 

greatly influences the performance of the algorithms.If the 

thresholdisset too ow,toomany HUIs will be presented to 

the users and it is difficult for the users to comprehend 

theresults.AlargenumberofHUIsalsocausestheminingalgorit

hmstobecomeinefficientorevenrunoutofmemory,becausethe

moreHUIsthealgorithmsgenerate,themoreresourcestheycons

ume.Onthecontrary,ifthethresholdissettoohigh,noHUIwillbe

found.Tofindanappropriatevalueforthemin_utilthreshold,us

ersneedtotrydifferentthresh-old sby guessing and 

reexecuting the algorithms over and over until being 

satisfiedwiththeresults.Thisprocessisbothinconvenientandti

me-consuming. 

Topreciselycontroltheoutputsizeanddiscovertheitemsets

withthehighestutilitieswithoutsettingthethresh-olds, 

apromisingsolutionistoredefinethetaskofminingHUIsasmini

ngtop-khighutilityitemsets(top-kHUIs). The idea is to let the 

users specify k,i.e.,the number of desired 

itemsets,insteadofspecifyingtheminimumutilitythresh-

old.Setting k is more intuitive than setting the threshold 

becausekrepresentsthenumberofitemsetsthattheuserswantto

findwhereaschoosingthethresholddependsprimarilyondatab

asecharacteristics,whichareoftenunknowntousers. 

Usingaparameterkinsteadofthemin_utilthresholdisverydes

irableformanyapplications.Forexample,toana-

lyzecustomerpurchasebehavior,top-kHUI mining serves as a 

promising solution for users who desire to know “Whatare 

thetop-k sets of products(i.e.,itemsets) that 

contributethehighestprofitstothecompany?”and“Howtoeffici

entlyfindtheseitemsetswithoutsettingthemin_utilthreshold?”

.Althoughtop-kHUIminingisessentialtomanyapplica-

tions,developingefficientalgorithmsforminingsuchpat-

ternsisnotaneasytask.Itposesfourmajorchallengesasdiscusse

dbelow. 

II.  OBJECTIVE 

weproposeanefficientalgorithmnamedTKU(miningTop-

kUtilityitemsets)fordiscoveringtopkHUIswithoutspecifyingmi

n_util.WefirstpresentitsbasicversionnamedTKUBaseandthend

http://www.jetir.org/


© 2018 JETIR June 2018, Volume 5, Issue 6                                           www.jetir.org  (ISSN-2349-5162) 
 

JETIR1806760 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 472 

 

escribetheTKUalgorithm,whichincludesseveralnovelstrategi

es. 

 
 

ThebaselineapproachTKUBaseisanextensionofUP-

Growth[25],atree-basedalgorithmforminingHUIs.TKU-

BaseadoptstheUP-TreestructureofUP-Growth to maintain the 

information of transactions and top-kHUIs.TKUBaseis 

executed as constructing theUP-Tree, generating 

potentialtop-khighutilityitemsets(PKHUIs)fromtheUP-

Tree,and(3)identifyingtop-kHUIsfromthesetofPKHUIs. 

 

 

 
Figure:Frequent itemsets with threshold values 

 
 

3.1.1 UP-TreeStructure 

webrieflyintroducetheUP-Treestructure. Formore 

detailsaboutit, readers are referred to.EachnodeNofaUP-

Treehasfiveentries:N.nameistheitemnameofN;N.countisthesu

pportcountofN;N.nuisthenodeutilityofN;N.parentindicatesth

eparentnodeofN;N.hlinkisanodelinkwhichmaypointtoanode

havingthesameitemnameasN.name.TheHeadertableisastructur

eemployedtofacili-tatethetraversaloftheUP-Tree. 

Aheadertableentrycontainsanitemname,anestimatedutilit

yvalue,andalink.ThelinkpointstothefirstnodeintheUP-

Treehavingthesameitemnameastheentry.Thenodeswhoseite

mnamesarethesamecanbetraversedefficientlybyfollowingthe

linksinheadertableandthenodelinksintheUP-Tree. 

 
 

 

 

 

 

III.  IMPLEMENTATION 

 

 

TheTKUBasealgorithmusesaninternalvariablenamedbor-

derminimumutilitythreshold(denotedasmin_utilBorder)whichisin

itiallysetto0andraiseddynamicallyafterasufficientnumberofit

emsetswithhigherutilitieshasbeencapturedduringthegenerat

ionofPKHUIs.Thedevelopmentoftheproposedmethodisbase

donthefollowingdefini-tionsandlemmas. 
 

Lemma1.LetP¼hX1,X2,. . .,X M ibeasetofitemsets(Mk),whereXiisth

eithitemset inP andEU(Xi)EU(Xj) > 0,8 i< j.Inotherwords,Xiist

heitemsetwiththeithhighestutilityinP.For any itemset Y, if EU(
Y) < EU(Xk), Y isnot a top-k HUI. 

 

Rationale.AccordingtoDefinition10,ifthereexistskitemsets

whoseutilitiesarehigherthantheutilityofY,Yisnotatop-kHUI. 

Lemma2.LetP¼hX1,X2,. . .,X M ibeasetofitemsets(Mk),whereXiisth
ei-
thitemsetinPandEU(Xi)EU(Xj)> 0,8i< j.IfdP¼EU(Xk),fHUI(D,d
)fHUI(D,dP). 

Rationale.LetKHbethecompletesetoftop-
kHUIs.Ifj KH j k,d¼min{EU(X) j X2KH}(byDefinition11).Becau

sed¼min{EU(X) j X2KH}min{EU(Xi) j Xi2P,1i 
k}¼EU(Xk)¼dP,ddPandfHUI(D,d)fHUI(D,dP). 

 

Example3.Considerthatk¼4andabs_min_util¼0.LetPbetheset

ofall1-

itemsets{{A}:20,{D}:20,{B}:16,{E}:15,{C}:13,G:7,F:5}inD,wh

erethenumberbesideeachitem-

setisitsabsoluteutility.ByLemma1,{C},{G},{F}areunpromisi

ngtobethetop-

4HUIs.Thereforeabs_min_utilcanberaisedtothefourthhigh

estutilityvalueinP(i.e.,15)andnotop-kHUIswillbemissed. 
 

Afterraisingabs_min_util,TKUBaseappliestheUP-

Growthsearchprocedurewithabs_min_util¼min_utilBordertoge

neratePKHUIs.ThoughLemma1providesawaytoraisemin_uti

lBorder,itcannotbeappliedduringthegenerationofPKHUIsinpha

seI.ThisisbecausetheutilitiesofPKHUIsareunknownduringph

aseI.Asolutiontothisproblemistousealowerboundontheutilit

yofPKHUIsduringphaseItoraisemin_utilBorder.Alowerboundo

ntheutilityofPKHUIsisprovidedbythefollowingdefinitions. 
 

Definition12(Minimumutilityofanitem).Theminimumutilityo

fanitemI2Iisdenotedasmiu(I)anddefinedasthevalueEU(I,Ti)forw

hich: 9Tj2Dsuchthat0< EU(I,Tj)< EU(I,Ti).Anequivalentdefin

itionisthatmiu(I)¼min{EU(I,Tr) j Tr2Dandr2g(I)}. 
 

Lemma3.LetC¼hX1,X2,. . .,X M ibeasetofitemsets(Mk),whereXiisth

eithitemsetinCandMIU(Xi)MIU(Xj)> 0,8i< j.Inotherwords,Xii

stheitemsetwiththeithhighestMUIvalueinC.ForanyitemsetY,ifT
WU(Y)< dMC¼min{MIU(Xi) j Xi2C,1ik},thenYisnotatop-

kHUI. 

Rationale.AccordingtoDefinition8,EU(Y)TWU(Y).IfTWU(Y)

< dMC,wehaveEU(Y)<dMC.Besides,0< EU(Y)< MIU(Xi)EU(Xi),8

Xi2C,1ik.AccordingtoDefinition10,ifthereexistkitemsetswhoseutili

tiesarehigherthantheutil-ityofY,Yisnotatop-kHUI. 
 

Lemma4.LetC¼hX1,X2,. . .,X M ibeasetofitemsets(Mk),whereXiisth

eithitemsetinCandMIU(Xi)MIU(Xj)> 0,8i< j.IfdMC¼MIU(Xk),

fHUI(D,d)fHUI(D,dMC).Rationale.LetKHbethecompletesetoftopk

HUIs.Ifj KH jk,d¼min{EU(X) j X2KH}(byDefinition11).Becau
sed¼min{EU(X) j X2KH}min{EU(Xi) j Xi2C,1ik}min 

communication ability to backup locations in order to 
increase data integration. 

 

 

Resource storage allocation: 

 

Heterogeneous clouds consist many different hardware and 

software such as hybrid storage and diverse disks. In cloud-

based enterprises, entire business data are stored in the cloud 

storage. So, data protection, safety and recovery are critical in 

these environments.Using fastest disk technology in the event 

of a disaster for replication of data in storage location. 
min_utilBordercouldberaisedbeforetheconstructionoftheUP

Treeandprunemoreunpromisingitemsintransactions,thenum

berofnodesmaintainedinmemorycouldbereducedandthemin

ingalgorithmcouldachievebetterperformance.Basedonthiside

a,weproposeastrategynamedPE(PreevaluationStep)toraisemin

_utilBorderduringthefirstscanofthedatabase. 

Strategy2(PE:PreEvaluation).ThestrategyPEusesastructure

namedPreEvaluationMatrix(PEM)tostorelowerboundsoftheut

http://www.jetir.org/
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ilitiesofcertain2itemsets.EachentryinPEMisdenotedasPEM[x

][y]andcorrespondstothelowerboundofEU({x,y}),wherex,y2I.

Initially,eachvalueinPEMissetto0.WhenatransactionTr¼{I1,I2,

. . .,IM}(Ij2I,1iM)isretrievedduringthefirstdatabasescan,theuti

lityof{I1}[ {Ii}(1< iM)inTrisaddedtothevalueofthecorrespondi

ngentryofPEM[I1][Ii]inPEM.Afterscan-

ningallthetransactions,ifthekthhighestvalueinPEMishigherth

anmin_utilBorder,min_utilBordercanberaisedtothek-

thhighestvalueinPEM.Thespacecomplexityofthestrat-

egyisO( j Ij 2/2),wherej Ijisthenumberofdistinctitemsinthedat

abase. 
 

Example5.ConsiderthedatabaseofTable1.WhenT1¼{(A,1),(C,

1),(D,1)}isretrieved,thecorrespondingentriesPEM[A][C],P

EM[A][D]areaccumulatedwithEU({AC},T1)¼6andEU({AD

},T1)¼7.Theremainingtransactionsinthedatabaseareproce

ssedbythesameprocedure.Afterthat,ifmin_utilBorderislower

thanthekthhighestvalueinPEM,min_utilBorderissettothekthh

ighestvalueinPEM.3showsthevalueofeachentryinPEMafte

rscanningthedatabase.Ifk¼4,thefourthhighestvalueinPEM

isPEM[B][E]¼18.Ifmin_utilBorderislessthanthisvalue,min_ut

ilBorderisraisedto18. 

 
NoticethatinTKUBase,thestrategyDGUproposedin[25]cann

otbeapplied,becausemin_utilBorderissetto0beforetheconstructi

onoftheUPTree.However,ifweapplythestrategyPEtoraisemin

_utilBorderduringthefirstdatabasescan,DGUcanbefurtherappli

edtoprunethoseitemswhoseTWUsarelessthanmin_utilBorder,w

hichreducesthesizeoftheUPTreeandthenumberofcandi-

datesproducedinphaseI. 

 
 

WealsoproposeastrategycalledNU(raisingthethresholdbyNo

deUtilities),whichisappliedduringtheconstructionoftheUP-

Tree.ThestrategyNUisdevelopedbasedonthefol-

lowinglemmas.Lemma8.LetPATH¼hN1,N2,. . .,NM,R ibeapathf

romanodeN1totherootRinUPreeandIi2IbetheitemnameofNi,1iM.P

ATH¼hN1,N2,. . .,NM,R irepresentsauniqueitemsetX¼{I1,I2,. . .,IM

}inthedatabase.Besides,thenodeutilityofN1isalowerboundontheutili

tyofX.Rationale.TheUPTreeisconstructedbyapplyingthestrate

gyDGN[25].Accordingtotherationaledescribedin[25],theutilit

yoftheitemsetX¼{I1,I2,. . .,IM}isguaranteedtobehigherthanthen

odeutilityofN1.Therefore,N1.nuEU({I1,I2,. . .,IM}). 

Lemma9.IfthereareMnodesintheUPTree,thereareatleastMdistincti

temsetswhoseutilitiesarehigherthan0. 

Rationale.ByLemma8,eachpathfromanodeintheUPTreetot

herootformsauniquepath,whichrepresentsauniqueitemsetw

hoseutilityishigherthanzerointhedatabase.Therefore,Mdistin

ctnodesintheUPTreeyieldMdistinctitemsetswhoseutilitiesare

higherthanzero. 

Lemma10.LetSetNode¼hN1,N2,. . .,N M ibeanorderedsetcontainin

gallnodesintheUPTree(Mk).LetNibetheithnodeinSetNodeandNi

.nuNj.nu> 0,8i< j.IfdNU¼Nk.nu,thenfHUI(D,d)fHUI(D,dNU). 
 

Rationale.ByLemma8,eachpathfromanodeNi2SetNodetothe

rootRrepresentsauniqueitemsetNi,1iM.LetSetItemset¼hX1,X2,

. . .,X M ibeanorderedsetofitemsetsthatarerepresentedbytheno

desinSetNode,whereEU 
(Xi)EU(Xj)> 0,8i< j.LetKHbethecompletesetoftop-

kHUIsinthedatabaseD.Ifj KH jk,thend¼min{EU(X)j X2KH} 
 
 

Definition11).Becaused¼min{EU(X) j X2KH} 

min{EU(Xi) j Xi2SetItemset,1ik}min{Ni.nujNi2NodeSet,1ik}¼
dNU,wehaveddNUandfHUI(D,d)fHUI(D,dNU). 

ByLemma8,9and10,iftherearenolessthanknodesin 

theUPTreeduringitsconstructionandthekthhighestnodeuti

lityintheUPTreeishigherthanthecurrentmin_utilBorder,min_uti

lBordercanbesafelyraisedtothekthhighestnodeutilityintheUP-

Tree. 
 

Example6.LetthenotationNarepresentsanodeoftheUP-

TreesuchthataistheitemstoredinNa.Ifk¼4,whenthefirstre

organizedtransactionT1
0¼{(C,1),(A,1),(D,1)}isinsertedinto

theUP-Tree,thenodes 

N{C},N{A}andN{D}arecreatedwithnodeutilities1,6and8,

whicharerespectivelylowerboundsontheutil-

itiesofitemsets{C},{AC}and{DAC}.Whenthesecondreorga

nizedtransactionT2’¼{(C,6),(E,2),(A,2),(G,5)}isinsertedint

otheUP-

Tree,therearemorethanfournodesinthetree.ByLemma10,

min_utilBordercanberaisedtothefourthhighestnodeutilityin

thecurrentUP-Tree. 
 

Strategy3(NU:raisingthethresholdbyNodeUtilities).Thestrateg

yNUisappliedduringtheconstructionoftheUPTree(duringthe

seconddatabasescan).Iftherearemorethanknodesinthecurrent

UP-Treeandthek-thhighestnodeutilityvalueNUk-

thishigherthanmin_utilBorder,min_utilBordercanberaisedtoNUk-

th.Afterinsertingallreorganizedtransactions,thesizeofthecons

tructedUPTreecanbefurtherreducedbypruningitemswhoseT

WUvaluesarelessthanmin_utilBorderintheUP-Tree. 

 

 

IV.  CONCLUSION 

 

 

Inthispaper,wehavestudiedtheproblemoftopkhighutilityit

emsetsmining,wherekisthedesirednumberofhighutilityitems

etstobemined.Twoefficientalgo-rithmsTKU(miningTop-

KUtilityitemsets)andTKO(miningTopKutilityitemsetsinOnepha

se)areproposedforminingsuchitemsetswithoutsettingmini

mumutilitythresholds.TKUisthefirsttwophasealgorithmfor

miningtopkhighutilityitemsets,whichincorporatesfivestrate

giesPE,NU,MD,MCandSEtoeffectivelyraisethebordermini

mumutilitythresholdsandfurtherprunethesearchspace.Ont

heotherhand,TKOisthefirstonephasealgorithmdevelopedfo

rtopkHUImining,whichintegratesthenovelstrategiesRUC,R

UZandEPBtogreatlyimproveitsperformance.Empiricaleval

uationsondifferenttypesofrealandsyntheticdatasetsshowtha

ttheproposedalgorithmshavegoodscalabilityonlargedataset

sandtheperformanceoftheproposedalgorithmsisclosetotheo

ptimalcaseofthestate-

ofthearttwophaseandonephaseutilityminingalgorithms. 

AlthoughwehaveproposedanewframeworkfortopkHUImi

ning,ithasnotyetbeenincorporatedwithotherutilityminingtas

kstodiscoverdifferenttypesoftopkhighutilitypatternssuchasto

pkhighutilityepisodes,topkclosedþhighutilityitemsets,top-

khighutilitywebaccesspatternsandtopkmobilehighutilitysequential

patterns.Theseleavewideroomsforexplorationasfuturework. 
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