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Abstract. The KDD processs anon-trivial procesf identifying valid, novel,
potentially useful,and ultimately understandableatternsin data.This process
compriseseveralstepawhich areinvoked andparametrizedh aninteractve and
iterative mannerA uniform framework for differentkindsof patternsaandopera-
torsis neededo supportKDD efficiently andin anintegratedway. Furthermore,
becausef large datasetsit is necessaryo scaleup mining algorithmsin order
to achieve fastusersupport.Onetaskof scalingdatamining algorithmsis the
integrationof KDD operatorsn databasenanagementystems.

Two aspectsof supportingKDD are addressedn this paper First, a uniform
frameawork is proposedhatis basedon constraintdatabaseonceptsaswell as
interestingnessaluesof patterns Differentoperatorsare defineduniformly in
this model. Second DBMS-coupledimplementation®of selectedoperatorsfor
decisiontreemining arediscussed.

1 Intr oduction

Nowadaysit is possibleto storea hugeamountof datain datawarehousesr similar
datastoragesHowever, thesedataareonly usefulif the analystscandiscover new in-
formationin form of patternor rules.This problemis addressetly techniquegrom the
areaof Knowledge Discoveryin DatabasesTheKDD processs thenon-trivial process
of identifyingvalid, novel, potentiallyuseful,and ultimatelyundeistandablepatternsin
data[9]. Thisprocessomprisesereralstepavhichareinvokedandparametrizedh an
interactive anditerative manner The steps(Fig. 1) canbe divided into pre-processing
of data,datamining and post-processingf the data.A uniform framework is needed
to supportan integratedand thereforeefficient view to the processfor the user This
framework hasto provide a unifying descriptionof modelsandpatternsFurther gen-
eraloperatordiave to bedefinedin theframework. Theoperatorsn aKDD processan
be distinguishednto threegroups:dataoperatorswhich implementdatapreparation
andtransformatiorsteps,operatorsreatingmining modelsor patternsaswell asget-
ting the extensionof patternsand operatorsmanipulatingand mermging mining models
andpatternsThus,it is possibleto definea uniform modelwhich consistof two types
of objects:dataandKDD-objectsasdefinedin [13,15].
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Fig. 1. KDD process

Supportingtheseoperatorsfor larger datasetsrequiresa tight coupling between
KDD systemsanddatabaseystemsThis is motivatednot only by the factthattodays
mostlymain-memory-basedataminingtechniquesuffer from thedrawbackof limited
scalability If thedatasetdoesnotfit into the mainmemorythe performancelecreases
significantly In contrasttightly coupledandSQL-avareKDD techniquesouldutilize
adwancedfeaturesavailablein modernDBMS, suchasmanagementf Gigabyte-sized
datasets,parallelization filtering and aggreationandin this way improve the scal-
ability. Anothermotivationfor building suchsystemss the ability of ad-hocmining,
i.e.,allowing to minearbitraryqueryresultsinsteadof only basedata.Finally, treating
mining operatorasqueryoperatorsallows theuniform optimizationof mining queries,
e.g.by exploiting basicheuristicdik e pushingdown selections.

Thecontrikutionof thispapeiis thedefinitionof operator®f thegroupsdatamining
and post-processingn addition, we discusspossible tightly-coupledDBMS-centric
implementation®f operatorsn this framework.

The remainderof this paperis organizedasfollowing. A KDD algebrabasedon
conceptf constraintalgebraandinterestingness proposedn Section2. Different
implementationf the proposedperatorsare discussedn Section3. The following
Section4 discussexisting works on KDD frameworks and integrating datamining
techniquesnto databaseystemsFinally, Section5 concludeghe paperandgivesan
outlookto the futurework.

2 A KDD Algebra

A uniform view on different operatorsin KDD is an importantpoint in supporting
KDD processef adatabasenanagemergystem.Sucha KDD framework requiresa
comprehensie datamodelanda sufficient setof operatorssupportingdifferentkinds
of patternandrulesaswell asoperations.

The KDD procesgdealswith two kinds of objects:dataand“KDD objects”[13].
KDD objectscanbe describedas modelsand patterns On the onehanda modelde-
scribeshewholeinputtrainingdata,for instancea decisiontreeor a setof clustersOn
the otherhanda patterndescribesitheralocal characteristién a dataset(e.g.aclus-
ter) or is alocal sub-modeke.g.a nodein a decisiontree).Both ideasare not strictly
dividedandcaninterchangd12, p. 165f.].
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An algebrafor a KDD processhave to supportthe data view (the dataobjects)
andthe modelview (patternsand models).Thus, operatorsn eachof the views have
to be provided aswell asoperatorsgfor linking both views together Figure 2 givesan
overview aboutthisidea.

The remainingpart of this sectiongives an introductionto the proposeddatamodel
andits algebraaswell asan examplefor the usageof the framework. A moredetailed
discussiorof theframework ideasis givenin [10].

2.1 Pattern and Model Representation

Theideasfor a patternandmodelrepresentatioiis basedon threeconceptsdatasub-

setdescription,interestingnesfunction andlabels.In [15] it wasshowvn that patterns
alwaysdescribea certainsubsetn the training data,for instancethe nodesin a deci-

siontree subdvide the training setinto axis-parallelhyperrectanglesThus,concepts
of constraintdatabasegl6, 18] canbe usedto describethesesubsetsor patternsThe

subsetsare specifiedby extendedgeneralizeduples[4] in the proposeddatamodel.

An extendedgeneralizeduple is in our casea formula consistingof linear inequal-

ity constaints' that are connectedby {A, V}. The interpretationof a setof extended
generalizeduples— a generalizedelation— is a nestedrelation. Thatmeansfor each
tuple a setof datapointsis describedandthe generalizedelationis a setof datasets.
Differentsetoperationsg.g.setselectionandsetdifference canbe definedbasedon

theseassumption§4].

The secondconceptof patternspecificationis the interestingnes$unction An in-
terestingnesiinctionis userdefinedandinterpretsthe meaningof a patternaccording
to thetraining data.The goal of the functionis the descriptionof the importanceof a
patternto auser An interestingnesiunction I mapsa patternaccordingto thetraining
datainto theinterval [0, 1], where0 standfor low interestand1 for highinterest. For-
mally, I : (¢,r) — [0, 1], wherec is aextendedconstraintupleoverR andr adatabase
instanceof R.

Label attributesform the third and last conceptof patterndescription.Theseat-
tributesmodelfurtherinformationaboutthe pattern for instancea hierarchybetween
thepatternsgclasslabelsor clusterid’s. Labelattributesaresimplerelationalattributes.

The schemaof amodelcanbedefinedasM = {Cg, I, L1,...,L;} with Crisa
constraintrelationover a setof relationalattributesR, I is aninterestingnesiunction

! Forasetof attributes{ 41, .. . , A,} alinearinequalityconstrainis definedasa; A; + ... +
an A, < k,with k is constant.
2 Mary known interestingnessaluescanbe normalizednto this interval.



Balance

|Coust | Entropy[ID|PID|Clas$
100 < true .940 |0 [null |null
< 500 < 1000 B <100 970 [1 0 |nul
B > 100 A B <500 0 210 high
[highj E\IO- of aCCOUHtSJ B > 1000 970 |13 |0 null
T B<100ANA<25 0 |41 Thigh
<25 > 25 B <100ANA>25 0 511 |low
<1 B>1000ANA<1| 0 |6 (2 |high
0 7 |2

B>1000ANA>1 low
Gg?j [ low j low high

Fig. 3. DecisionTreeastreeandmodel

and Ly, ... , L; arerelationallabel attributes. AssumingD = dom(Cg) U [0,1] U
dom(L1) U...Udom(L;), apatternis a partialfunctiondefinedp : M — D. Thereby
isp(Cr) € dom(Cr), p(I) € [0,1] andp(L;) € dom(L;), fori =1,...,1. A model
is asetof patternghatbelongtogetherandis specifiedby a uniquename.

An exampleshall describea decisiontree modeledwith the help of thesedefinitions.
Figure 3 illustrateson the left side a decisiontree that classifiesbank customerac-
cordingtheremigrationrisk. Assumingthe training datasetis specifiedby the schema
CU ST, theright side of Figure 3 illustratesthe resulting patterns.The interesting-
nessfunction is the Entropy. The label attribute Class specifiesthe assignedclass
{high,low}. The hierarchyof the treeis describedwvith help of the attributesID and
P.ID.

2.2 Model View Operators and View Transition Operators

After the specificationof the model view objects,this sectiondescribesmodel view
operatoraswell asthe operatorgrom dataview into modelview andfrom modelview
to dataview, respectiely.

The setof operatords closedwithin the modelview, that meansthe resultof an
operatoris againa model. Thus, differentoperatorscan be easily combined.A setof
theoperatorsasto be sufficient, especiallyit hasto supportmary needsof theanalyst
in the datamining and post-processingteps.The operatordor pre-processing@rede-
scribedelsavhere e.g.[26]. Following kindsof operatoraresupportedy theproposed
framework:

extractingpatternsof specialinterest,
projectingpatterngshrinkingthe featureset),

comparingof models(accordingpatternsandinterestingness),
meliging of models(combiningtwo models)and

renamingof attributes.



Furthermorefwo view transitionoperatorsare defined— the mining operatorandthe
model-data-joiroperator The operatorsare basedon conceptf constraintdatabases
(se€[4, 16]), relationalalgebraoperatorsanddistributeddatamining [17,22].

Extractinginterestingpatterns Theselectioroperatoiis usedto extractasetof patterns
that are usefulto the user The operatorsupportsconstraintselection interestingness
valueselectionandlabelselection.The constraintselectionusesthe setselectionoper
ator[4], which extractsall constrainttuple that satisfy spatialconditions like contain,
intersectdisjunctor overlap.Assumingamodelwith aschemalf = {Cg, I,L} with L
is asetof labelattributesLy, ... , L; andaregion P = 10 < 4; <65A25 < A5, <70
with 4; € R, i = 1,2, thenthe following operationextractsall patternswhosedata
setsintersectwith the queryregion: sigma,ngry(m) = {p : p € m,ext(p(Cr)) N
ext(P) # 0}3, with ext(p(Cr)) describesheextensionof aconstraintuple p(Cr).
The interestingnesand label selectionare corventionalrelationalselectionsThe
interestingnessaluesselectioncanbe takeninto accountduring the mining operation
(for instancerestrictionof the candidatesetduringthe frequentitem setextraction).

Projection Besidegherestrictionof thenumberof patternsit is alsopossibleto restrict
thesupportedeatureor inputattribute setin amodel. The projectionoperatomprovides
this functionality. The operatoris usedto projectthe input attribute set or the label
attribute set.

Theformerprojection- inputattribute projection—allows only thesepatternsn the
resultmodel,whoseinput attribute setis a subsebf the projectedattribute set.For in-
stanceall frequentitem setswith attributesnot specifiedin the projectionareremoved
from themodel.Possiblytheremainingpatternshave to bere-computedndnew inter-
estingnesandlabelvaluesareassignedTheprojectioncanbeincludedinto the mining
algorithmby projectingthe input datawithout duplicateremoval. Assuminga relation
r with attributesR andan attribute setX C R, the projectionof a modelm over R
is definedas:mx (m) = {p : p € m,a(p(Cr)) C X,p(I) = I(p(Cg),mx(r)}*. The
schemaof theresultmodelis M = {Cx,I,L}.

The label projectionis the straightforward relational projectionon the setof the
labelattributes.Theresultis amodelwith all patternawith the projectedabels.

ComparingModels—Intesectionand Difference Anothertaskfor an analystis the
comparisorof models.For instance he/shewantsto know the differencebetweerthe
patterng(frequentitem sets)of this weekandthe weekoneyearago.In this casethe
operationsintersectionand differenceare necessaryThe differenceis definedusing
the setdifferenceof extendedgeneralizedelations.Assumetwo modelsm; andma
andthe schemasM; = M. The differenceis definedas:m; —mes = {p : p €
ma1, ext(p(Cr)) # ext(p'(Cr)),Vp' € mo}. Furthermorewe canalsorestrictthe
othermodelvalues Theintersectiorcanbedefinedasm; N'ma = m1 — (m1 — mo).

Anotheroperatoiis therenamingoperatomwhichis definedin astraightforvardway
by usingconstraintandrelationrenamingoperators.

% Theseconcconditionis C. See[4] for moredetails.
* a(p(CRr)) returnsthe setof input attributesusedin p(Cr).



Merging Models— Join and Union The operatordor merging modelsareusedto cre-
atea new modelfrom the informationof two input models.The nevw modelrepresents
the datasetsrepresentetby the input models.Implementationgor theseoperatorsare
algorithmsfrom distributeddatamining or metalearning.Theideaof theseoperatorss
basedon the possibility of furtheraddingscalabilityto mining algorithmby partition-
ing theinput data[23]. Possiblealgorithmsarefor instancg17,22]. Thesealgorithms
recomputeandrestructurgheinput models.

Therearetwo casedor combiningmodels:two modelwith equalor differentinput
attribute sets,respectiely. The first case—equainput attribute sets—issupportecby
theunionoperatorlt useswo modelsm, andm, with schemaVf; = {Cr,I,L,} and
M, = {Cg, I, L2} with LyN Ly # (. Theresultingmodelhastheschem&d Cg, I, L1 U
L.} andthepatternsof it arecalculatedby anappropriatealgorithm.

The join operatoris usedto memge modelswith differentinput attribute sets,e.g.
R1 N Ry # 0, but theinterestingnesinctionandthelabelattributeshave to be equal.
Theresultingmodelis definedover the unionof theinputattributes.

Model-Data—TansitionOpemtors It is necessaryo defineoperatorghatbuild a link
betweerthe two views to completethe specificationof anentireKDD processin the
proposedsystemthe mining operator(u) performsthe transitionfrom dataview to
modelview. The operatormodel-data-join(,,4) is the vice versalink andcomputes
theextensionof a patternaccordingto a dataset.

The Mining operatorinvokesa datamining algorithmto extractfrom a relationa
setof pattern.Theoperatorcreatesa model. Thekind of patternsaswell astheinterest-
ingnesdunction andlabel attributesaredefinedby parametersf the mining operator
Otherparameterasfor instancethresholdsor numberof clusterswill be specifiedby
additionalselectionoperatorsThe input of the mining operatoris a relationr overan
attribute setR.. Theresultof pgs, Entropy,class(r) IS @ decisiontreem with theschema
M = {CRr, Entropy, class}. Model m represents decisiontreeextractedfrom r.

Model-Data-din computeghe extensionof patternsaccordingo aninputdataset.
Thus, the operatortakes a modelm anda r asinputs. The operatoris restrictedby
RN a(m(CRr)) # 0° with R is the schemeof r anda(m(Cr)) the setof attributes,
onwhichthetreeis defined. Theresultof m <,,4 r isarelationry = {¢t: ' e r,p €
m,t' € ext(p(Cr)),t = t' x p(L)}. Theschemeof r; is Ry = R U L. Notethata
tuplet canbein differentpatternextensions.

Example Assumethe examplefrom Figure3. Now, the analystwantsto selectall pat-
ternswith “high” risk labelandextractall tuplesfrom arelationCU ST which belong
to thesepatternsThe correspondin@lgebraexpressioris:

ToUsTU{Class} ((TClass='high' (M)) Dma 7).

Theresultis arelationof tupleswhich belongto the highrisk classandhave their Class
labelsassigned.

® Notethate(m(CRr)) returnsis unionof the supportednput attribute setof all patternsin the
model.



The secondaskis to performa completepredictionjoin. For this taskthe analyst
hasto selectall patternawith anassignedabel (the valueof the Class is notnull) and
computethe model-data-joirwith a new dataset.

3 Implementation Issues

For arealizationof theintroducedframewvork two importantissueshave to be consid-
ered:

— Mining modelhave to be representeih a way thatallows to apply operationson
them,whereador representinglatawe canrely on the native databasatructures,
e.g.relations.

— Operationgor manipulatingmodelshave to be implementedgitherby providing
dedicatedperatorr building themontop of existing databaseperationsin ary
case theseoperatorshouldbe usableaspart of queriesin orderto enablead-hoc
gueryingof modelsaswell asad-hocmining.

In additionto theseissuessomekind of languagesupportis necessaryo exploit the
functionality to the user This could be realizedfor exampleby providing a dedicated
datamininglanguageasdescribedn [11] or asetof userdefinedtypesandfunctionsas
proposedn [27]. However, thisis out of the focusof this paper In principle,mapping
theseapproacheo our algebraoperationss ratherstraightforvard.

Finally, becaus®oththerepresentationf modelsandtheimplementationsf generic
operatorgdependstrongly on the actualclassof the datamining techniquein the fol-
lowing we focuson decisiontreeclassification.

3.1 Model Representation

In principle,thereareseveral possibleapproachefor representing decisiontreein a
relationaldatabase.

A first approachs basedon the Predictive Model Markup LanguaggPMML) [1].
Here,adecisiontreeis storedin anXML representatioasa BLOB valuein atablecol-
umn. This simplifiesthe exchangeof modelsbut requiresparsingthe XML document
beforeary operationonthetree.

An alternatve solutionis to storethe treein a flat table structureasillustratedin
Fig. 3, wherethe constraintattributesarestoredasstrings.This approachallows to ap-
ply basicoperationsuchasprojectionandselectionbut requiresstill aninterpretation
of the constraintattributesusedfor representinghe splitting criteria.

Becausef therestrictionsof thetheseapproachesvith respecto applyingopera-
tionsonthetree,we have choserathird solutionfor our experimentsFig. 4 illustrates
themainideasof this structure.

Eachtuple in the table representan edgeof the tree from node parent to node
node Eachedgeis associateavith a condition,wheretheattribute nameis storedin the
field attrib andthe domainfor the split is representetly the valuesof thefieldsminval
andmaxval Thefield classholdsthe label of the mostfrequentclassin the partition
associateavith thenodenodeof theedgetogethemwith the probability prob of theclass
occurrence.
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3.2 Mining Operator

The purposeof the mining operatory is to inducea (predictve) modelbasednthein-
put data.For classificatiorthatmeandor exampleto derive a decisiontree.Classifica-
tion hasbeenstudiedextensiely overtheyearsansseveralalgorithmsfor constructing
decisiontreeswere proposedg.g.ID3, C4.5,SLIQ, SPRINTand PUBLIC. Most al-
gorithmsfollow a greedyapproactconsistingof two phasesin thetree-gowingphase
thealgorithmstartswith thewhole datasetat theroot node.The datasetis partitioned
accordingo asplitting criterioninto subsetsThis procedurds repeatedecursvely for
eachsubsetuntil eachsubsettontainsonly membershelongingto the sameclassor is
sufficiently small.In the secondphase- thetree-pruningphase- thefull grown treeis
cutbackto preventoverfitting andto improve theaccurag of thetree.

The mining operatorfor decisiontreeclassifierscanbeimplementeddy usingone
of the abose mentionedalgorithmsandintegratedwith the DBMS by implementingit
asauserdefinedfunction.However, asmostdatamining techniqueslecisiontreeclas-
sificationis very time-consumingparticularlyfor largerdatasets.Thus,in thisform the
miningoperatoiis currentlynotverywell-suitedfor ad-hoamining. Databas@rimitives
asdescribecde.g.in [25] areafirst steptowardsimproving performanceandscalability
for database-centeradining, but realonline mining requiresfurtherimprovements.

3.3 Model-Data-Join and Prediction Join

Predictve datamining techniquesuchasclassificatiorallow to usetheinducedmodel
to predictthe classof newv datarecords,wherethe classvaluesis missing.For this
predictionjoin operatiorthe modelhasto beinterpretedby following a pathin thetree
andevaluatingfor eachnodethe associatedplit criteria.



Assuminga modelrepresentatioms shavn in Fig. 4 this operationcanbe imple-
mentedby thefollowing algorithm:

procedure PREDICTIONJOIN (sourcetableS, modeltable M)

foreachtuplets = (a1,...,am) € S
executegueryq(ts)
fetchtuplety = (n,p, ¢, prob)
node :=n
class :=c¢
finished :=false
do

do

fetchtuplety = (n,p, class, prob)
if tuplenotfound

produceresulttuple(ai, . . -, am, c)
finished :=true

while p # node

node :=n

class :=c

while = finished

For eachtuplets = (a1, ...,a.) of thesourcerelationthe nodesareselectedywhose
conditionis fulfilled by the attribute valuesof the giventuple.Thisis performedby the
following queryq(ts):

sel ect *

from Model

where (anane='A;’ and minval < A; and maxval >= A4;) or
(aname='4;’ and minval < A; and maxval >= A4,) or

(aname='A4,,’ and minval < A, and maxval >= A,)

Thesecandidatesnodesareorderedby their node-id.Next, the candidatenodesarepro-
cessedhn thisorderasfollows: Startingwith therootnodethenext nodewith aparent-id
equalto currentnode-idis obtaineduntil no furthernodecanbefound.In this casethe
classandprobability valuesareassignedo the active sourcetuple.

3.4 Selection

The selectionoperatoris usedby the analystto extractinteresingpatternsrom his/her
pointof view. Theselectioris dividedinto spatialselection—theselectionof content—
aswell asthe selectionby interestingnesandclasslabel.

Spatial Selection The spatialconditionsintersectiorandcontainmentreconsidered,
thatselectall patternghatintersectwith or containa certainqueryregion, repectvely.
Thefirstinsightis thatthe patterngdescribeaxis-parallehyperrectanglesk-urthemore,
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aparentinodecontaingall its childrennodesandthesubset®f thechildrenof oneparent
arenotoverlapping.Thesepropertieof the subsetsollow directly from thefeaturesof
adecisiontree.Figure5 illustratesthedataspacepartitions(Fig. 5(b)) of adecisiortree
(Fig. 5(a)).Here,the subsetefinedby nodeN; coversthesubset®f N, N3 and V.

Assumethe queryrectanglé Q@ = 0 < 4; < 40 A 35 < A, < 60. Now, the
following queryselectsall patternsrom a modelthat contain@: cgcp(cy)(m). The
computatioroverthemodelrepresentatiodescribedn section3.1 consistof different
steps First, the following queryfilters all nodesthat containthe queryregion in their
splitting dimension:

sel ect *

from nodel

where attrib = "Al' and mnval < 0 and maxval >= 40 or
attrib = 'A2" and m nval < 35 and nmaxval >= 60

Thesecondstepremovesall patternsywhoseparentis notin theresultset. Thealgorithm
is similarto thepredictionjoin, butit returnsasubsebf themodel.lt startswith thefirst
nodebesidegheroot node,whichis alwaysincludedin theresultset. Thealgorithmis
supportedy thefacts,thatthe root noderepresentshe wholeresultsetaswell asthe
nodesareorderedby their ID. The examplequeryis illustratedin Figure5(c) andthe
resultis setof patterngepresentetly thenodeV, .

We assumenow thatthe queryis ognpcr)(m), thatmeansselectall patternthat
intersecy. Firstthefollowing queryhasto be executed:

sel ect *
from nodel
where attrib = *Al’ and ((minval >= 0 and minval < 40) or

8 We can always computethe boundingbox of query region and usethe boundingbox for
querying.
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(maxval >= 0 and maxval < 40)) or
attrib = "A2" and ((mnval >= 35 and m nval < 60) or
(maxval >= 35 and nmaxval < 60))

The secondstepis performedin the samemannerasthe containmenselection Addi-
tionally, aclippingalgorithm[3, p. 288ff.] is usedjf thequeryregionis notarectangle.

If a dimensionis not definedin the querywe have to remove all nodesthat are
restrictedin this dimensionin the caseof containmentThis is alreadydonein the
proposedjuery In the secondcase- intersection- thesenodeshave to beincluded,so
we have to modify thewher e-clause.

Besidestheseimplementatiorideas,the usageof a differentrepresentatiomnd a
multi-dimensionaindex, suchasa R-tree,is analternatve strateyy.

Inter estingnessand Labels Theselectionof interestingnesandlabelis performedn
astraightforvardway by applyingarelationalselectiorovertheclass or prob attribute.
Obviously, the combinationof bothkinds of selectionis possibleby addingadditional
wher e conditionsto thequeriesabove.

3.5 Projection

Theprojectionis a partialnew computatiorof thedecisiontree. Thegoal of the projec-
tion is the removal of anattribute from the patterndescriptionsThis operatorrequires
apartialrecomputatiorof the patternsn the caseof decisiontrees.

The first stepis a query which computesall nodesthat containnot projectedat-
tributes and removes thesenodesand their children. Subsequentlyuthe remaining
nodesare usedto computethe subtreedrom the databaseThis computationusesthe
primitivesFi | t er Partiti on andConput eNodeSt ati sti cs asdescribedn
[25] und utilizesthe proposedndex structureonthedata.

A realvalueis the operatorif the analystusesit in connectiorwith the mine op-
erator The analystspecifieghe sequencef mining andmodelprojectionin the query
LV (Kdt, Entropy,class(1)). Now, the mining systemcan decideto first project
theinputdata(withoutduplicateelimination)andthencreatethedecisiontree.

4 RelatedWork

In the recentyearsmary algorithmsfor differentdatamining taskswere developed.
Overviews of differenttechniquesrefor instancg19] and[8]. Associationruleswere
introducedn [2].

Differentframenorkswereproposedo supportheKDD processn auniformman-
ner. The 3W modelandalgebrain [15] is closeto our model. It usesregions,dimen-
sionsandhierarchiego definea uniformframework andoperatorsThe modelconsists
of threeworlds: TheintensionalWworld containghe descriptionof datamining models,
the extensionalworld holdsthe extensionsof regionsof theintensionalworld andthe
dataworld consistsof the raw data.Furthermorepperatorsor moving in andout of
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the worlds andfor the intensionalworld are defined.The interestingnessalueis not
addressedyhichis explicitly containedn our model.

Thereexist several framewvorks for associatiorrule mining, which provide opera-
torsfor mining andpost-processingssociatiorrules. Thereby datamining is defined
asqueryinga possibleinfinite setof associationulesin ainductive databas§l13]. The
queryoperatorsupportrule constraintsaswell asthe selectionson supportandconfi-
dencevalues[5]. Theseframenorksarelimited to associatiomule mining.

Differentdatamining query languageswere introducedto provide an integrated
datamining environment[14,11,20,27]. Theselanguagedry to createa descriptve
interfaceto datamining algorithmsandso the integrationwith databasenanagement
systems.

Many work hasbeendonein scalingup datamining algorithms.An overview is
givenin [23]. Onetaskof addingscalabilityto DM algorithmsis theirintegrationwith
databasenanagemensystemg6]. Differentkinds of approachesvere proposedthe
implementationof the DM algorithmsin SQL, e.g.the EM algorithm [21] or usage
of userdefinedfunctions,e.g.for associatiorrules [24]. Userdefinedaggreyatesfor
decisiontreeclassificationwerediscussedn [28]. Anothertaskis the optimizationof
specialoperatorsfor instancethe predictionjoin. Firstideasin this areaare givenin

[7].

5 Conclusionsand Outlook

Nowadays,hugedatasetsrequire efficient and scalableKDD and datamining tech-
niques.Theexplorative anditerative KDD processnakesa stronguserinteractionnec-
essary ldeastowardsa solution of theseissueswere presentedn this paper First, a
uniform framework was proposedthat is basedon constraintdatabaseonceptsand
interestingnessalues.The model consistsof dataobjectsandKDD objects.Several
operatoron KDD objectswereproposedn the papersupportingan efficient andinte-
gratedview to theKDD process.

Thesecondcontributionwasthediscussiorof theimplementatiorof differentoper
atorsfor decisiontreesin aDBMS. Thetight couplingof miningalgorithmsandDBMS
is animportantresearclissuein scalingup datamining algorithms.Theimplementa-
tion canbecarriedoutwith helpof extensionmechanismsf DBMS. Severalprimitives
areusedto implementdataintensive partsof the algorithms.

Becauseof the differencesbetweendifferentkinds of patternsit is necessaryo
implementthe operatorsn a polymorphicway. That means,additionalmetadatais
necessaryThis is one future researchdirection. Furthermorewe have to implement
the operatorsalsofor differentkinds of mining techniquedor instanceclusteringand
associatiomules. Theseimplementationshouldbe specifiedn a databaseentricway
by identifying differentprimitives.

Another issueis the developmentof optimization rules for the global, uniform
modelaswell asthe mappingbetweenthe algebraoperatorsand an appropriatedata
mining querylanguage.
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