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ABSTRACT:

Thereare variousissueswith transactionatlatasuchas high dimension-
ality ( ), sparsity(often a customermasary productin common
with only  orlessof remainingcustomersandthe catayorical natureof
datathathave beendealtin graph-basedpproacho clusteringalgorithms
suchasROCK [5]. Thereareotherissuedike comparisorof productsof
differentkinds, for examplemilk andan automobile balancingand out-
lier removal for transactionatlatathat needmorework. In this paperwe
proposeanew clusteringalgorithmfor large transactionatliata-setsvolv-
ing a large numberof customersandproducts.A new similarity measure
calledMMSIM that takes the value of the goodspurchasednto account
is proposedanda value-basedjraphrepresentatioalleda Connectiity
Matrix inspiredfrom ROCK's Link Matrix is formedusingthe MMSIM
similarity measure. This allows for the clusteringto be graph-theoretic.
A novel value- basedbalancingcriterion that allows the userto control
the balancingof clustersis de ned. This balancingcriterionis thenin-
tegratedwith a value-basedgoodnessneasurdor memging two clusters.
Thiscombinedwith atraditionalagglomeratie clusteringio getthedesired
clusters. A graph-basedlusteringalgorithmis very sensitve to outliers,
muchmorethandistancebasedclusteringalgorithm. Singletonsor small
sub-graph®ftenresultin highly unbalancectlusterssigni cantly affect-
ing the quality of clusters. A fast, effective and simple outlierremoval
for a graph-basedpproachthatusesunderclusteringor over-partitioning
to detectandremore outliersis proposedFinally avalue-basedlustering
evaluationparadignfor graph-basedlusteringof transactionadlatais pro-
posedandperformanceomparisorof VBACC with ROCK andMETIS is
given.

1 Intr oduction

With the adwentof theinformationage,companiedave alsoinvestedin data-varehousingfforts andnow
have gigabytedo terabytef customepurchasdistory over the lastfew years.With increasingpopularity
of the Internetamongconsumerg-commerces becominga big business.Every businesds goingon the



web, thusresultingin readily available customempurchasehistory This enormousamountof transactional
datahaslately beenusedfor making predictionsaboutcustomers buying behaior, market segmentation
etc[20, 2]. Customedatahasa numberof uniquecharacteristicthatnecessitatéhe useof relevantprepro-
cessingstepsandapplicationof tunedalgorithmsonthem[1, 12, 19]. Eachcustomemightbecharacterized
by bothnumericale.g.incomeage etc.) andcateyorical(e.g.zip code productgpurchasedetc.) attributes.
While numericalattributescanbe clusteredusingtraditionalclusteringalgorithmslike K-Means,categori-
cal datasuchasproductspurchasehistory (alsoreferredto astransactionatata)is very high dimensional
ofteninvolving tensof thousandef products.Treatingeachproductasadimensiordoesnotwork verywell
becausef the curseof dimensionality GraphbasedtlusteringalgorithmssuchasROCK [5], METIS [13]
andHMETIS [15], avoid this problemby treatingthe relationshipsetweenthe pointsasa graphandnot
assuminga metricspace.

Althoughgraph-basedlusteringalgorithmswork well with transactionatlata,certainotherissuessuch
asoutlierremoval, takingthe value of goodspurchasednto accountandbalancingissuedor clustershave
notbeenaddressee@xtensvely. In this papera graph-basedlusteringparadigmcalledValueBalancedAg-
glomeratve Connectiity Clustering(VBACC) algorithm,inspiredfrom ROCK is developedandevaluated
that dealswith someof theseissues. The VBACC clusteringalgorithm takes the value of the purchase
into accountreturnsclustersthat canbe smoothlybalancedasedon value andalsoincorporatesan out-
lier removal stratgy thatis optimizedfor maximumvalue coverage.Therestof the paperis organizedas
follows; Section2 discusseshe motivationbehindVBACC anddiscussesariousissueswith clusteringof
marlket-baskt data.Section3 describeshealgorithmandSectiond describes novel methodfor evaluating
the performanceof variousgraph-basedpproach.Section5 describes simplebut effective techniquefor
outlier removal. Resultsareincludedon a real-life transactionatlata,referredto as Horizon data in this
papey providedby KD1 (now acquiredby NetPerceptionsjo illustratetheissues.

2 Issueswith clustering Mark et-Basket Data

2.1 High Dimensionality and Graph basedclustering

Transactionatatais not in a metric space.A market baslket of a customelis bestrepresentedsa setof

productswith valuesassociateavith eachelemenibf the set. Suchsetrepresentationdo not needto satisfy
thetriangularinequality Onesuchsetbasedsimilarity measurds usedby the ROCK clusteringalgorithm
andis calledthe Jaccard Coef cient [21]. Let and representhe setof productspurchasedy these
customersthenthe Jaccardsimilarity isde nedas:

— 1)

where  denoteghesizeof theset . Thenumeratormeasureshe amountof overlap,i.e. , the number
of commonproductsin the marlket baslets of customers and while the denominatomormalizesthe
similarity to lie betweerD and1. ThusJaccardCoefcient measureghefractionoverlapbetweertwo sets.

It is possibleto constructa weightedgraphwith the JaccardCoefcient representinghe weight of the
edgebetweertwo customersThis graphcanthenbe partitionedusinga graph-partitioningalgorithm,such
thatthe numberof intra-clusteredgecuts are minimized and the numberof interclusterconnectionsare
maximized.Thusthe problemof high-dimensionalitys avoided.
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2.2 Comparing Applesand Oranges

TheJaccardCoefcient doesnottake into accounthe valueof the productssold. In theabsencef avalue
attachedo productsheingpurchasedby a customeiit is hardto compareonegallonof milk with onedozen
apples.s having onedozenapplesn commonmoreimportantthanhaving onegallonof milk in common?
It is only possibleto comparehesetwo productsf we assignracommonunit or 'value'to boththeproducts.
Most transactionatiatacontain elds suchasrevenue,pro t-margin etc. Thus,the valuecanberevenue,
pro t magin or ary othermeasuresuitablefor the problem.Hence anew similarity measures neededhat
takesthevalueof goodspurchasednhto account.Also, asuitableclusteringalgorithmthatuseshis valuein

ameaningfulmanneiis needed.

2.3 Balancing

Graph-basedpproachearevery suitablefor clusteringof market-baskt data;but withoutaddingbalancing
constraintsmosttransactionatlatasetgjive highly unbalancealusters [6]. The datahasnaturallyunbal-
ancedclustersbecausaf non-uniformrevenueand productdistribution andary clusteringalgorithmthat
is notforcedto yield balancectlusterswill give clusterssuchthatoneof the clusterswill have mostof the
customersandotherswill have very few customersn them. Although sucha setof clustersmight be theo-
retically optimalwith respecto somecostcriterion,andsometimesnay containan“interestingdiscovery”,
arein generalnot very informative, and not very usefulfor mary marketing and otherapplications. For
someotherproblemssuchasClusterSpacq 7] amorebalancedsetof clustersmayalsobedesirable.

ROCK [5] doesnot provide ary meansfor balancingclusters. METIS [13] gives perfectly balanced
clusterghatarenotdesirabldoo, giventheoriginal distritution is highly skewed. HMETIS [15] doesallow
balancinghe clustersto someextentbut doesnot take the valueof the productsinto accountor balancing.
If thethe similarity measurds value-basedt is importantthatthe clustersarebbalancedy valuetoo. For
a setof perfectly“value-balancedtlustersthe total value of productspurchaseds equalfor all clusters.
Also, it would be desirableif the clusteringalgorithmallows balancingof originally highly unbalanced
clustersover awide range- from no balancingo almostperfectlybalancedlustersthusgiving theuserthe
e xibility to choosehedesiredevel of balancingdependingntheapplication.

2.4 TooMany Knobs

Transactionatlatais very high dimensionabndhencenot very easyto visualizeor understandby a casual
inspection.Any clusteringprogramhaving too mary thresholdsor settingsthatneedto be decidedis hard
to usebecausef the variousunknavn parametersChoosingarbitraryvaluesfor these’knobs' oftengives
badresults.For examplethe thresholdparameter usedin ROCK [5] is hardto guesdor a given dataset.
Thusa programhaving lessetlknobsbut giving comparableesultsto anothemwould be moredesirable.

3 Value BalancedAgglomerative Connectvity Clustering

This Sectiondescribeshevaluebasecclusteringalgorithm.

3.1 MMSIM: A novelvalue basedSimilarity Measure

The rst improvementof the VBACC algorithmover ROCK is the value basednotion of similarity rather
thanjust the productbasedsimilarity. The Jaccardcoefcient (Equationl) usedin ROCK is extendedto
includevalueasfollows. Let representhe productvectorfor acustomer suchthat ,its entry
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representshevalueof the product purchasedy customer over all transactionsLet representshe
subsef all transactionsn which customer boughtproduct , i.e.

(2)

Let representhetotal valueor moneg/ spentby customer onpurchasingroduct . It is givenby:

3)

Thenthesimilarity betweertwo customers and is givenby -

(4)

If we compareghe MMSIM (Min-Max Similarity) with Jaccard Equationl) we canseethatthe two sim-
ilarity measuresrerelated. The MMSIM is a fuzzy extensionof Jaccard.In Equation4 the numerator
representshe fuzzy intersectionand denominatoma fuzzy union of the setsof productspurchasedy the
two customersAnotherway of looking atit is thatthe productsareweightedby their value. Notice thatif
thevaluesof all productsareeitherO (no purchasepr 1 (somepurchase)thentheabove equationgivesthe
sameresultasthe Jaccardcoefcient.

Equation4 thusde nestwo customerssimilarity basedon whatfraction of revenuethey have in com-
mon comparedo the maximumpossiblerevenueoverlap, given their purchasepro les. Thustwo people
having a car (saywith value$ 20,000)in commonare probablyfar more similar thantwo peoplehaving
justatoothpastégsaywith value$ 1.5)in common.At the sametime having amillion tooth pastesn com-
monwould be quitesigni cant too. If theJaccardcoefcient is usedthisimportantdifferentiationbetween
customersvould belost.

Thuswe seethat MMSIM providesuswith all the advantage®f Jaccardut with muchmoreinforma-
tion. A sparsamplementatiorof MMSIM is almostasfastasJaccardsinceonly non-zeroproductsneed
to be computedfor. Moreover, the majority of the computationis in the actualclusteringprocesssothe
overheadbecaus®f usingMMSIM in placeof Jaccards not signi cant.

3.2 Connectvity Matrix

Similarity betweenall pairs of clustersyields a symmetricsimilarity matrix . A customergraph
canbede ned suchthateachvertex is a customemandthereis weightededgebetweencustomeipair
whoseweightis . We de ne the connectivitymatrix = S . This matrix representshe second
order neighborbasedconnectrity betweentwo customersand playsthe samerole asthe link matrix in
ROCK [5]. A fastcomputationof Connectiity Matrix can be achiered as follows, using an algorithm

similar to the computationof links in ROCK. In the following algorithm representshe list of
customerghathave at leastsomeproductoverlapwith customer. The representshe similarity
valueof customersn with customer.

1. Compute for every point in  (thisis thelist of customerghat have non-zeroMMSIM

similarity with customer).

2. Compute for everypoint in (thisis thelist of correspondingimilarities).

3. Set to zerofor all

4. for to



for =1to -1do
for +1to do

end
end

The connectiity matrix  representshe degreeof connectiity betweentwo pointsin the similarity
graphS. For every points connectedo with value , andpoints connectedo points with
value , the contrilution of points in theconnectiity of points with is . Thetotal
connectvity betweenthe points and is the sumof contritutions of all otherpointsto the connectiity
of and . Unlike the Link Matrix in ROCK, the Connectiity Matrix takesthe degreeof overlapinto
account.The contrikution of two strongconnectionss morethanthe contrikbution of two weaklinks. Thus
two pointsarehighly connectedo eachotherbecaus®f eitheralarge numberof wealer connection®r a
smallernumberof strongerconnections.

For mosttransactionatiataof very high dimensionsthe sparsityof the similarity matrix is very high.
Oftenlessthanonepercenif customerdiave ary productin commonwith eachother ROCK [5] assumes
anarbitrarythreshold thatis completelydata-dependenkor low-dimensionabdatathe mediansimilarity
is muchhigherthanfor high dimensionatlata. Thusa higher worksreasonablyvell for low dimensional
data. For very high dimensionabata,ary threshold causes lossof thealreadysparsdanformation
leadingto aneven moresparsegraph. Any clusteringalgorithmthatattemptgo partitionthis graphinto a
smallnumberof sub-graphails dueto insufcient informationfor clusteringresultingin alarge numberof
disconnected@omponents.Thus, oftenfor suchdata, hasto be keptat 0. But the main purposeof in
ROCK wasto differentiatebetweena low overlapvs. a high overlapbetweentwo pointswhich doesnot
happenif is keptat 0. Sincethe Connectrity Matrix is computedover a weightedsimilarity matrix, it
takescareof this issueautomatically Thetime-compleity of this stepis equialentto time-compleity of
Link Computatiorin ROCK.

3.3 Clustering & Balancing

Completelink agglomeratie clustering[4] is appliedto the MMSIM similarity measure. Closenesss
de ned betweertwo clustersin termsof bothMMSIM similarity andbalance Theresultingvalue-balanced
agglomeratie connectiity clusteringalgorithmis presentedh this section.

In completdink agglomeratie clustering alsousedn ROCK [5], atthestartinglevel, =1all pointsare
treatedasclusterswith onepointeach.At eachiterationthetwo clusterghatareclosesaremeigedtogether
Thustoobtain clusters, iterationsarerequiredwhere  isthetotalnumberof customersOnce
the clustersare memged, the connectiity andthe closenessneasureof the memged clusterswith the other
clusterss recomputed.

3.3.1 Connectvity betweentwo clusters

The connectiity betweentwo clusterswith single pointsis the sameasthe connectiity betweenthe two
pointsthemseles. At ary iteration,if clusters and aremeigedto form cluster , thenthe Connectiity
betweercluster andsomecluster is computedby simply addingthe connectiity of theoriginal clusters
with cluster , in amannersimilarto the Link computatiorof ROCK andis shavn in Figurel.

(5)



Figure1l: Computationof the connectiity betweena clusterformedby meging two clustersanda third
cluster
3.3.2 ValuebasedCluster Weights

A weightis assignedo eachclusterbasedon the netvalue of the transaction®f all the customersn the
cluster Let  denotethe total amountof moneg/ spentby customer in all the transactionscrossall the
products.If R is the total mong/ spentby all the customergtotal revenue)in the whole transactiordata
thentheweight  of customer is:

— (6)
Also,
(7)
If all thepointshadaweightof 1, thentheeffect of theweightsdisappears.

Initially, eachclusteris a singlepoint. Whentwo clusters and aremeigedto form cluster , thenthe
weightof thememgedclusteris equalto the sumof theweightof theindividual clustersj.e. -

(8)

3.3.3 Goodnesof merging two clustersand balancing

Thegoodnes®f megingtwo clusters and atiterationlevel of theclusteringprocesss givenby -

— 9)

where and arethenumberof pointsin clusters and respectiely, isthebalancdevel between
Oand ,and is the balancingfactorfor clusters and de ned asfollows

— (10)



Themeandensityof the Connectiity Matrix is:

(11)

Theexpectedvalueof Connectiity betweertwo clusters and wouldthenbe-
(12)
The denominatof Equation9 containsthe term . Thisis the normalizationterm andis propor

tional to the expectedvalue of connectiity betweenwo clustersasproved abore. Sincethereis a higher
expectedconnectrity with alargercluster normalizingby theexpectedvalueremaovesthisbias. Thesecond
termin thedenominator  is usedfor balancing.t penalisesneging of two clustersghatwould resultin a
clusterbiggerthanthe averageclustersizeatiterationlevel . In CompletelLink Agglomeratve clustering,
the averagesize of the clusterafteriteration is ——. The power ontheterm is arealnumber
betweer0 and to controlthe desiredbalancing.The higherthevalueof |, themorethe balancedhe
resultswould be. For valuesof or so,clusteringresultsarealmostperfectlybalancedy value,i.e
all clustershave equalgrossvalue.For , No balancings enforcedandnaturallyunbalancedalusters
areobtained. s availableto the userto controlthe balancingof the clusteringresults.

If all the pointshada weightof 1 to begin with, the clusterswill have almostequalnumberof points,
i.e. they would be balancedy numberof pointsandnot value.

4 A clustering evaluation paradigm for Graph basedClustering

This sectiondescribesan approacho benchmarkhe performanceof variousgraph-basedlusteringalgo-
rithms suchas ROCK [5], METIS [13] , HMETIS [15] and VBACC. Two different attributesde ne the
quality of agraph-basedlusteringor graph-partitioning,

1. How well separatethe subgraphsre.

2. How balancedheclustersare.

For ameaningfulClusterSpaceyreasonablpalancedlusterswould be desirable But thereis atrade-
off involved. For balancingan unbalancedesult,somepointsneedto be movedfrom thelarger clusterinto
the smallerones thatoftenresultsin a poorerseparatiorof the subgraphsAn algorithmcanbe de ned to
bebetterthananothemneif thefor the sameamountof balancinghereis smallerlossin clusterseparation.
Figure 2 shaws a simple exampleof sucha balancing. Before balancing,on the left side of the image,
oneclusterhad4 pointsandthe otheronehad6 points. It representshe optimal partitioningwithout ary
balancingenforced.Moving onepoint from the smallerclusterto thelarger onewould resultin a perfectly
balancedsetof clusterswith 5 pointseach.Noticethatthe point thatwasshiftedfrom the biggerclusterto
thesmalleronein theright partof the gure wouldresultin optimalbalancingalthoughit would still result
in thenumberof connectionbetweerthetwo sub-graphgorrespondingo thetwo clusterso goup from 2
to 3.

Thenext two sub-sectionsle ne the costfunctionsfor measuringhe quality of clusteringbasedn the
degreeof sub-graplseparatiorandbalanceof theresults. Thethird sub-sectiorthende nes a methodfor
comparingtwo graph-basedlusteringalgorithmsbasedn a combinationof boththecriteria.

For ary cluster , theproductvector is computedasfollows -

1. Extractall thetransactiongrom the transactiordatawherethe customelis a memberof the cluster
intoaset representinghesetof all thetransactiongor cluster .
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Figure2: Optimalbalancingof two clustersin agraph-basedlusteringapproach.

2. Generateheproductvector from  wherethe entryofthevector containghetotalrevenue
for product in cluster .
4.1 Cluster Overlap Relative Cost

The overlap measure de nes the degree of overlap betweenary two clusters and usingthe
similarity measurale nedin Equationd. It is computedasfollows -

(13)

Themeanoverlapfor all the pairsof clustersfor a clusteringresultwith  clusterswvould be -

(14)

Noticethat is alwaysbetweerD andl. Thelowertheoverlap,thehighertheseparatiormndbetter
the clusteringresults.Therelative overlapcost is ameasuref the overlapbetweerthe clustersas
comparedo theoverlap amongin arandomsetof clusters

(15)

Thusit is a measureof how badthe clusteringresultsarein termsof clusteroverlapascomparedo a
randomsetof clusters.For ary clusteringalgorithmthatis "betterthanrandom”,the relative overlap cost
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is betweerD and1; thelower the better

4.2 Cluster BalanceMeasure

Theclusterbalancemeasure is ameasuref how balancedhe clusteringresultsare. Also the balancing
needso be measuredn termsof valueof transactionsn eachclusterandnot the numberof pointsin the
clusterssincethe clusteringprocesss valuebased.

Thetotal valueof transactiongn acluster canbecomputedoy addingthe productvectortogether

(16)
Therelatve revenuesizeof aclusteris givenby -
— 17)
where is thetotal revenuefor thetransactionatlata onwhich clusteringwasperformed.Using
aninformationtheoreticapproach the balancaneasuras computedas-
(18)

Notethat

4.3 Cluster Overlap-BalanceCurve

Theclusteroverlap-balanceurve is asimplebut powverful techniqueo comparehe performancef various
graph-basedlusteringalgorithmswhile incorporatingoothmeasuresf goodness thedegreeof balance
andminimizationof relative overlapcost . Thevalueof the overlapfor randomclusterss obtained
asthe meanof a numberof randomsolutionsfound experimentallyto malke it statisticallyreliable. A plot
is generatedor all the resultsof variousclusteringalgorithmswith the Y-axis of the plot representinghe
relative overlapcost andX-axis representinghe balance . Sincethe VBACC algorithmallows
for a gradualbalancingby varying the balancinglevel de ned in Equation9, a continuouscurve is
plottedfor variousvaluesof  , givena x ednumberof clusters

Oncethisis done ary otheralgorithm  resultscanbecomparedo theresultsof VBACCby checking
its positionon the plot ascomparedo VBACC's cune. If theresultfor lies above the curve of VBACC,
thenit is inferior to VBACC andif it lies belov the curve, thenit is superiorto VBACC. Thisis sobecause
for the sameamountof balancejf the clusteroverlapis more,thentheresultis lesspreferable;sincethe
goalis to minimize clusteroverlapandmaximizeclusterbalance.

5 Outlier Removal

Outlier removal is very importantfor most clusteringalgorithmsas they can signi cantly in uence the

quality of results. This sectiondescribesa simple outlier remaoval techniquefor graph-basedlustering
approachesuchasVBACC. It resultsin asigni cantimprovementin thequality andbalanceof theclusters.
In agraph-basedlusteringalgorithm,the presencef outlier in the dataoftenresultsin highly unbalanced
clustersasthe outlier pointsaredissimilarto mostotherpointsanddo not get meigedwith otherclusters.
For example,if thereare 20 disconnectedingle points or small subgraphsthen no matterwhat balance
level isusedthesepointsdo notgetclusteredwith any othercluster If the numberof clustersdesireds
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Figure3: Comparisorof performancef VBACCwith HMETIS [15] andROCK. The X-axisrepresentthe
balanceevel and Y-Axis representshe relative overlap cost . VBACC consistentlyoutperforms
ROCK by atleast30 percenandHMETIS by evenmore.
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only 23, then20 of theseclusterswould be the singletons.Oneindicationof potentialoutlier is whenthe
clusteringwith abalancdevel returnsmary tiny clustersandafew large clusters.

A concepfcalledrevenuecoverage canbede ned asfollows thatallows optimal outlier removals;
is ameasuref thefractionof thevalue(reeenue)still coveredby theremainingcustomersftertheremoval
of outliers. Thus takesa valuebetween0 and1 andis speci ed by the user Given a clusteringresult,
theautomaticoutlier removal routinethenstartsremoving the smallestclustersrst until the isjustabove
speci edvalue.

Before Filtering (70 clusters)
200 T T T T T T

150

100~

Cluster Size

0 1 1 1 1
0 10 20 30 40 50 60 70

Cluster ID

After Filtering (24 clusters)
200 T T T T

150

100

Cluster Size

50

0 5 10 15 20 25
Cluster ID

Figure4: The effect of outlier removal for = 0.9931. The top part shavs the clusterdistribution for 70
clustersbeforeoutlier Itering while the bottompartshavs the distribution afterthe removal of outliers.

6 Experimental Results

VBACC clusteringwasperformedon areallife datareferredto asHorizondatain this papey provided by
KD1 (now acquiredoy NetPerceptionsjo illustratetheissuesFigure3 shawvs therelative performancef
VBACCwith ROCK [5] andHMETIS [15]. As thebalancingncreasesthe quality of theclustergwhichis
inverselyproportionalto the overlap)degradesrapidly for all algorithms.NoticethatVBACC consistently
outperformsbothHMETIS andROCK by having atleast30 lessrelative overlapthanROCK. HMETIS
givestheworstperformance.The higherpartof the curve with balanceof morethan0.8 have almosthalf
asmuchoverlapasrandomclustersand1500timesmoreoverlapthantheleastbalancedesultof VBACC,
which hasanoverlapof only 0.00009nly. Therandomclustershave anoverlapof about0.14.

Figure4 shaws the effect of outlier removal on onesuchdatawith a coverageof 99.31 . All clusters
with totalrevenuesmallerthan 1.88werethrowvn away. Theleft handsideof the gure shawvstherevenue

http://wwwkd1.com
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distribution beforetheoutlier removal among70 clusterswhile theright gure shavs thedistribution of the
remaining24 clustersafter the outlier removal. The clusteringcanbe repeatedn the remaining99.31
databut for graph-basedpproachegheimprovementin asecondoundof clusteringis insigni cant unless
substantiabalancingwasenforced.Thus,for Itering outliers,clusteringshouldbe performedrst without
ahighbalancinghreshold Notethatalthough46 of the 70 clustersverethrown away, eachof theseclusters
wereinsigni cant in sizeandtheremaining24 clustersstill cover99.31  of therevenue.

The balancevariation occurringin ROCK resultsare for variousvaluesof andhenceare not pre-
dictable.lt is alsoclearfrom Figure3 that VBACC allows balancingof clusteringresultsin a muchwider
rangethanHMETIS andthereis a smoothdegradationin clusterseparatiorior morebalanceclusters.

Notethattheclusteringresultsarecomparedvithouttheoutlierremoval to keepthecomparisongsonsis-
tent. With the outlier removal techniquedescribedn Section5, theresultsaresigni cantly betteralthough
not comparablevith the otheralgorithms.

7 Concluding Remarks

For mary transactionatlatasetsa small numberof customersaccountfor mostof the visits, revenueand
transactionsvhile the vastmajority visit very rarelyandpurchasenly afew itemsout of alarge numberof

products.This causesaturalclusterson transactionatiatato be highly unbalancedAlso, a smallnumber
of productsaccountfor a majority of the revenuewhile a large numberof productshave a small revenue.
Someproductshave high unit costwhile mosthave a small unit cost. Thustaking the value of the pur

chasanto accountis important. The fuzzy set-basedimilarity measurelongwith the VBACC clustering
algorithmcombineghe advantageof graph-basedlusteringwith valuebasecclustering,andprovidesan
excellentmethodfor balancingof clusters.Remaoring outliersis extremelyimportantfor transactionatiata
andimprove the clusteringresultssigni cantly, withoutary signi cant lossin revenuecoverage.
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