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ABSTRACT:

Associationrule mining is one of the mostimportantproceduresn datamining. In
industryapplications often morethan10,000rulesare discovered. To allow manual
insepectiorand supportknowledgediscovery the numberof ruleshasto be reduced
significantly by techniquessuchaspruningor grouping. In this paper we presenta
new normalizeddistancemetricto groupassociationules. Basedon thesedistances,
an agglomeratre clusteringalgoritmis usedto clusterthe rules. Also the rulesare
embeddedn a vectorspaceby multi-dimensionalscalingand clusteredusing a self
organizingfeaturemap. Theresultsarecombinedfor visualization.\We comparevar
ious distancemeasuresindillustrate subjectve andobjective clusterpurity on results
obtainedfrom realdata-sets.

INTRODUCTION

Massive amountsof dataarebeinggeneratec@ndstoredevery dayin corporatecom-
puter databasesystems. Mining associatiorrules[2] from transactionatatais be-
coming a popularand importantknowledgediscovery technique[3]. For example,
associatiorrules (ARs) of retail datacan provide valuableinformationon customer
buying behaior. The numberof rulesdiscoveredin arealdata-setaneasilyexceed
10,000. To managehis knowledge,ruleshave to be prunedandgrouped sothaton-
ly areasonablenumberof ruleshave to be inspectedandanalysed.In this paperwe
proposeanew distancanetricbetweerntwo ARs. andproposeanew groupingmethod-
ology using multi-dimensionalkcaling(MDS) andself organizingmaps(SOMSs). In
this paper we proposea new distancemetric to clusterassociatiorrules (section2)
thatimprovesuponthe metricproposedn [8]. Basedon the distancemetric, we pro-
posea new agglomeratre clusteringtechnique(section3). Moreover, we embedthe
distanceausing multi-dimensionalscalingand clusterthe resultingpointsinto a Eu-
clideanspaceusing a Self OrganizingFeatureMap (SOM)(section4). We propose
a visualizationschemeto compareboth techniquesy color-codingthe SOM results
basedon the agglomeratie clusteringresults(sectiond). Figure 1 depictsthe overall
procesdslow-diagramof our proposedsystem.

DISTANCE METRICS

A Euclideandistancecould be definedon rule featuressuchas support,confidence,
lift or the bit-vectorrepresentatioof BS. Thesedirect featuresare very limited in
capturingthe interactionof ruleson the dataandcharacterizenly a singlerule. One
way of defining distancebetweenrulesis in termsof the overlap of their market-
basletslike the one proposedn [8]. One problemwith this metricis thatit grows
as the numberof market-baslets in the databasancreases. This can be corrected



by normalizing (divide the measureby the size of the databaser|). However, the
measuras still stronglycorrelatedwith support. High supportruleswill on average
tendto have higherdistancedo everybodyelse. This is an undesiredoroperty For
example,two pairsof rules,both pairsconsistingof non-overlappingrules,may have
differentdistancesHigh supportpairshave a higherdistancethanlow supportpairs.
As an improvementto this metric, we proposea new distancemeasurebasedon a
conditionalprobability estimateas

di,; = P(BS,vBS;|BS;V BS;) )
im(BS;, BS))|

= 1- ,
m(BS;)| + [m(BSj)| — [m(BS;, BS;)|

wherethe set BS; is the union of itemsin the left andright handsidesof rule i, and
m(X) is the setof all transactiongontainingitemsetX. We call d; ; the Conditional
Market-Baslet Probability(CMPB) Distance.Ruleshaving no commonMBs areata
distanceof 1, andrulesvalid for anidenticalsetof basletsareatadistanceof 0. Letus
call adistancanterestingf it is neitherO nor 1. Rulepairswith aninterestingdistance
arecalledgoodneighborsln mostrealdatabaseshe majority of all rule pairsarenot
goodneighbors.Manualexplorationof arule’s goodneighborsshavedthatintuitive
relatedneswascapturedvery well by this metric. For example rulesinvolving differ-
entitemsbut servingequalpurposesverefoundto beclosegoodneighbors Superset
relationshipf theitem-setsassociatedo therulesoftenleadto very smalldistances.
The averagetime compleity for the computationof d is O(N - M? + K?) where N
is the numberof transactionsn the database) is the averagemarket-baslet sizein
numberof transactiongnd K is the numberof discoveredrules. The memoryspace
compleity grovsasO(N + K?). In mostcasesa sparsematrix representatiofor d
cancutdown memoryrequirementsignificantly

CLUSTERING

CombiningSOM clusteringresultswith Dimensionles®\gglomeratve ChainCluster
ing developedby usresultsin a goodvisualizationinterface. The distancemeasure
describedn Section2 candirectly be usedfor Agglomeratve Clusteringbut a SOM
needsavectorinput.

One possibility for obtainingan embeddingspacefor the rulesis by defininga
binary vectorfor eachrule with onebit peritem to describets presencer absence.
But suchvectorsare very sparsesincethe numberof differentitemsrunsinto thou-
sands.The approachdoesnot seemvery attractve especiallyfrom the point of view
of training a neuralnetwork. Multi-Dimensional Scaling[6] can be usedto corvert
the distanceinformationinto an embeddedspacesuchthat the distanceinformation
betweerrulesis presered.

Agglomerative Chain Clustering. We proposea Chainingalgorithmthatdoesnot
useary coordinatesystemandfindsthe clustersusingthe distancemeasuresnly. In
this algorithma pointis joinedto its closesineighborfoundfrom the distancematrix.
This processis appliedto all the pointsin the spaceand resultsin a collection of
graphs. All points joined togetheras a graphend up having the samelabel. The
algorithmreturnsthelabelsof all the points. A nice propertyof thealgorithmis thatit
scaleghe clustersizesdependingiponthe densityof the pointsin the neighborhood.



A more denseneighborhoodesultsin a smallermore compactclusterand a more
sparsaegion of the spacereturnsa largerlessdensecluster It canbe shown thatthe
resultantclustersareuniqueanddo not dependon the startingpoint.

Agglomeratve ChainClusteringperformsChainingat multiple levels. At theend
of thealgorithmwe getatreestructurethatdescribeshe multiple levelsof clustering.
It is similar to Single Link Agglomeratve Clustering[4 but differsin its bias. The
treereturneds shorterandthe clustersmoreuniformly sized. Thealgorithmworksas
follows:

1. Performchainingon all the pointsandretrieve all the clusters.
2. Findthecentroidof eachcluster

3. Formanew spaceof NV, pointsrepresentinghe clustercenters.
4. If N,.isgreatetthanl then Goto Stepl else STOP

An Agglomeratve ChainedTreeis shovn in Figure2. In this figure the heightof a
nodeis calculatedasthe averagedistanceof the original points of the clusterfrom
the centroid. This heightrepresentshe compactnessf the clustersandis usefulfor
extractingclustersof comparableompactnesfom thetree.

Dimensionless Agglomerative Chain Clustering. This is the methodusedfor
clusteringAssociationRulesin this paper It is a specialcaseof the Agglomeratve
Chain Clusteringand allows us to clusterrulestogetherevenin the absenceof di-
mensionalinformation. The first level chainingperformsthe clusteringwithout any
information of the location of the points. To repeatthe chainingat the next level,
we only needthe distancebetweenclusters(centers)and not the coordinatesof the
centerghemseles. Thesedistancexanbe estimatedusingmary differentmethods.
The methodis usedin this paperis a variation of the Lanceand Williams Flexible
Method[4. Accordingto their method,the distancebetweena group & anda group
(15) formedby the fusion of groups: andj satisfiesthe recurrenceormula for the
distancedefinedasfollows:

diij) = Qg + ajdij + Baij + ¥|dki — dijl, (2

whered,; is the distancebetweenthe groups: andj andc, 3 and+y areparameters
whosevaluesdependn thedefinitionof the centerof clusters By allowing 5 to vary,
clusteringschemeswvith variouscharacteristiceanbe obtained;LanceandWilliams
suggesthatprobablythe bestvalueto assumedor 3 is somesmallnegative value,and
in their examplethey usethe value0.25. For centroidthe parameters, 5 and~y take
thefollowing values:

n; n;

87 ni—i-nj’aj n,-—|—nj’ﬁ Q05 Y (3

For threepoints,theformulabecomesi, ;i) = 0.5(dk; + dk;) — 0.25d 55, wheredy ;)
representshe distanceof point £ from the centroidof clusterij. As we canseeit
is equalto the averagedistanceminusone-fourththe distancebetween; andj. This
distancemeasuras suitablefor the singlelink clusteringalgorithmdescribedoy the
authorin [4].



In our clusteringalgorithm morethantwo points meige at onelevel. Hencethe
formulahadto be modifiedto make it applicable.Usingit, we canestimatedistances
betweerclustersatlevel I + 1 usingcentroiddistancedetweerpointsatlevel [. The
distancebetweerclustersa andb is givenby theformula:

dab = C'a.b - 05(Aa + Ab); (4)

Ng MNp 1 Ng MNp 1 Ng Np

sz”’ Aa = QZZd”, Ap = ZZZd’LJ’ (5)
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wheren,, representshe numberof (original) pointsin clustera andn; represents
the numberof (original) pointsin clusterd. For the heightof a nodea in atreethe
formula usedis the meandistanceof all the pointsin the clusterrepresentedby the
nodeasshown below.
Z > di (6)

H,=
na(na_ i=1j=1

The pointsin the clustera arerepresentedly the leaf nodesof the agglomeratie tree
thathave nodea asanancestarn, is thenumberof pointsin clustera.

We examinedthe quality of dimensionlesslusteringby consideringonly the dis-
tanceinformationbetweerdatapointsin differentdimensionaEuclideanspacesFor
a very high dimensionalspacethe error was small and since the AssociationRule
spacds inherentlyhigh dimensionalthe formulasfor clusterwidth anddistanceesti-
mationwork well. The clustersobtainedduring simulationsusingthe dimensionless
approximatiorareidenticalto dimensiorbaseclusteringfor upto 60 pointsfor a2-D
spaceandeven morefor higherdimensionspace.At 1000pointsand40 dimensions
the numberof pointsgroupeddifferently in the clusteringtreeis lessthan1% on an
average.

SOM CLUSTERING & VISUALIZATION

The scalardistancebetweerthe rules cannotbe usedasaninput to a SOM directly.
HenceMulti-DimensionalScalingis performedusing SingularValueDecomposition.
Thedatais normalizedto zeromeandistribution andthe suitablevaluefor theembed-
ding dimensionis obtainedoy monitoringthe Stresg-actor[6]. Giventhe Matrix M as
theoriginal distancanatrixandM’ asthecorrespondingnatrixin the projectedspace,
the StresdetweerM andM’ is givenby:

Zszl E?:_ll (dik - dék)2
Shly Yrt (di)?

A Stressthresholdwith a shortenedinary searchgivesa very closeestimateof the
correctnumberof dimensionsn 2-4trials. For asearcrrangeof 1to N, theShortened
Binary Searchexaminesstressvalueat L = &, 3% ¥ until the Stressis lessthan
threshold. For 1000 rulesthe cutoff wasreachedwith ShortenedBinary Searchat
L=750with 2.3% Stress.

The embeddedpaceobtainedfrom Multi-DimensionalScalingcannow be used
with ary clusteringalgorithmthat needsa vectorinput. In particular mappingthe

inputspaceo a2-D SOM outputspaceseemedo bevery suitablesinceit providesan

Stress =

(7)



easyvisualizationof the clustering.But how do we verify resultsfrom SOM giventhe
abstrachatureof 'distancebetweerrules? We developeda novel techniquebasecn
defininga hierarchicalcolor spectrumover the Agglomeratve ClusteringTree. Thus
themoresimilar two clustersarein color, themorecloselythey appeatogetherin the
Agglomeratve Clusteringtree. This allows usto evaluateour SOM resultsby coloring
the SOM with the colorsfrom the Agglomeratve ClusteringTreehierarchy

RESULTS

Thetestdata-setonsistf 172,000cashregistertransaction®f ahomeimprovement
store.Fromthis data2831frequentitem sets4782associationulesand1311hashed
associatiorrulesareextracted. The nev CMBP meetsthe intuitive expectationsof a
distancemetric muchbetter Agglomeratve Clusteringwasperformedon arulesdis-
tancematrix of sizel,311x1,311Thenumberof differentlevelsavailablefor splitting
the tree obtainedis 289. The split thatis usedfor definingthe colorsof the SOM is
suchthatit resultsin 19 clustersat 208th split level and 715 clustersat 210th split
level. Theweb-sitehttp://www.ece.utexas.edu/ gunjan/aclu/ hasSOM resultsfor var-
ious numberof epochs.Clustersof relatively purecolor clearly shav the correlation
betweertheclustersdiscoreredby Dimensionles#&\gglomeratve ChainClusteringal-
gorithmandthe SOM. GiventhatSOM is mapping715clustersontoa 10x10grid, we
expecton anaverageof 7 clustersto fall onto onepoint. Most of the overlapsshould
bewith otherclustersthatarecloseto the givenclusters.This shouldresultin a color
localizationon the SOM. Sincethereis no groundtruth, the visualizationusingSOM
allowsusto only getagoodoverallideaof theclusters. A goodoverlapbetweerSOM
andAgglomeratve Clusteringmightimply thatthe clustersaremorereliable. It also
allowsthe userto inspectsuchclustersfirst. But the only way to seeif theclustersare
goodis by printing out the text form of the AssociationRules. Therulesdo appearto
be correlatedasopposedo randomlypicked rules. Someexamplesarelisted at our
web-siteat http: //www.ece.utexas.edu/ gunjan/aclu/clustertext .

Conclusions and Future Work. A key reasonfor clusteringrulesis to obtain
more conciseand abstracidescriptionf the data. We plan on meging rulesof the
sameclusterinto joined meta-rules.However, this is not a trivial problem. We are
currently investigatingthe use of meta-datgsuchas producthierarchies}o support
meiging decisions More powerful agglomeratie clusteringtechniqueghathave oth-
er heightdefinitionsandsplitting propertiesnayyield betterclusters.Trying outother
distancemeasuresgor clustercenterss requiredfor comparingresults. Anotheridea
is to modify the SOM to allow training on dimensionlesslistancedata. Anotheral-
ternatve worth exploring is to representlataat multiple levels of producthierarchy
beforeextracting,clusteringandmeiging of associationules. This may provide more
abstractlescription®of thedatas associatiomulesthatbettercapturecustomeibuying
behaior.
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