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Abstract. TheKDD processis a non-trivial processof identifying valid, novel,
potentiallyuseful,andultimately understandablepatternsin data.This process
comprisesseveralstepswhichareinvokedandparametrizedin aninteractiveand
iterative manner. A uniform framework for differentkindsof patternsandopera-
torsis neededto supportKDD efficiently andin anintegratedway. Furthermore,
becauseof largedatasetsit is necessaryto scaleup mining algorithmsin order
to achieve fastusersupport.One taskof scalingdatamining algorithmsis the
integrationof KDD operatorsin databasemanagementsystems.
Two aspectsof supportingKDD are addressedin this paper. First, a uniform
framework is proposedthat is basedon constraintdatabaseconceptsaswell as
interestingnessvaluesof patterns.Differentoperatorsaredefineduniformly in
this model.Second,DBMS-coupledimplementationsof selectedoperatorsfor
decisiontreeminingarediscussed.

1 Intr oduction

Nowadays,it is possibleto storea hugeamountof datain datawarehousesor similar
datastorages.However, thesedataareonly usefulif theanalystscandiscover new in-
formationin form of patternsor rules.Thisproblemis addressedby techniquesfrom the
areaof KnowledgeDiscoveryin Databases. TheKDD processis thenon-trivial process
of identifyingvalid, novel,potentiallyuseful,andultimatelyunderstandablepatternsin
data[9]. Thisprocesscomprisesseveralstepswhichareinvokedandparametrizedin an
interactive anditerative manner. Thesteps(Fig. 1) canbedivided into pre-processing
of data,datamining andpost-processingof the data.A uniform framework is needed
to supportan integratedandthereforeefficient view to the processfor the user. This
framework hasto provide a unifying descriptionof modelsandpatterns.Further, gen-
eraloperatorshaveto bedefinedin theframework.Theoperatorsin aKDD processcan
be distinguishedinto threegroups:dataoperators,which implementdatapreparation
andtransformationsteps,operatorscreatingmining modelsor patternsaswell asget-
ting theextensionof patternsandoperatorsmanipulatingandmerging mining models
andpatterns.Thus,it is possibleto defineauniformmodelwhichconsistsof two types
of objects:dataandKDD-objectsasdefinedin [13,15].
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Supportingtheseoperatorsfor larger datasetsrequiresa tight coupling between
KDD systemsanddatabasesystems.This is motivatednot only by thefact that todays
mostlymain-memory-baseddataminingtechniquessuffer from thedrawbackof limited
scalability. If thedatasetdoesnot fit into themainmemorytheperformancedecreases
significantly. In contrast,tightly coupledandSQL-awareKDD techniquescouldutilize
advancedfeaturesavailablein modernDBMS, suchasmanagementof Gigabyte-sized
datasets,parallelization,filtering andaggregationand in this way improve the scal-
ability. Anothermotivation for building suchsystemsis the ability of ad-hocmining,
i.e.,allowing to minearbitraryqueryresultsinsteadof only basedata.Finally, treating
miningoperatorsasqueryoperatorsallowstheuniformoptimizationof miningqueries,
e.g.by exploiting basicheuristicslikepushingdown selections.

Thecontributionof thispaperis thedefinitionof operatorsof thegroupsdatamining
andpost-processing.In addition,we discusspossible,tightly-coupledDBMS-centric
implementationsof operatorsin this framework.

The remainderof this paperis organizedas following. A KDD algebrabasedon
conceptsof constraintalgebraandinterestingnessis proposedin Section2. Different
implementationsof the proposedoperatorsarediscussedin Section3. The following
Section4 discussesexisting works on KDD frameworks andintegratingdatamining
techniquesinto databasesystems.Finally, Section5 concludesthe paperandgivesan
outlookto thefuturework.

2 A KDD Algebra

A uniform view on different operatorsin KDD is an importantpoint in supporting
KDD processesin a databasemanagementsystem.Sucha KDD framework requiresa
comprehensive datamodelanda sufficient setof operatorssupportingdifferentkinds
of patternandrulesaswell asoperations.

The KDD processdealswith two kinds of objects:dataand“KDD objects” [13].
KDD objectscanbe describedasmodelsandpatterns. On the onehanda modelde-
scribesthewholeinput trainingdata,for instanceadecisiontreeor asetof clusters.On
theotherhanda patterndescribeseithera local characteristicin a dataset(e.g.a clus-
ter) or is a local sub-model(e.g.a nodein a decisiontree).Both ideasarenot strictly
dividedandcaninterchange[12, p. 165ff.].
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An algebrafor a KDD processhave to supportthe data view (the dataobjects)
andthe modelview (patternsandmodels).Thus,operatorsin eachof the views have
to be providedaswell asoperatorsfor linking both views together. Figure2 givesan
overview aboutthis idea.
The remainingpart of this sectiongivesan introductionto the proposeddatamodel
andits algebraaswell asanexamplefor theusageof theframework. A moredetailed
discussionof theframework ideasis givenin [10].

2.1 Pattern and Model Representation

The ideasfor a patternandmodelrepresentationis basedon threeconcepts:datasub-
setdescription,interestingnessfunction andlabels.In [15] it wasshown thatpatterns
alwaysdescribea certainsubsetin the training data,for instancethe nodesin a deci-
sion treesubdivide the training setinto axis-parallelhyper-rectangles.Thus,concepts
of constraintdatabases[16,18] canbeusedto describethesesubsetsor patterns.The
subsetsarespecifiedby extendedgeneralizedtuples[4] in the proposeddatamodel.
An extendedgeneralizedtuple is in our casea formula consistingof linear inequal-
ity constraints1 that areconnectedby

�����
	��
. The interpretationof a setof extended

generalizedtuples– a generalizedrelation– is a nestedrelation.Thatmeans,for each
tuplea setof datapointsis described,andthegeneralizedrelationis a setof datasets.
Differentsetoperations,e.g.setselectionandsetdifference,canbe definedbasedon
theseassumptions[4].

Thesecondconceptof patternspecificationis the interestingnessfunction. An in-
terestingnessfunctionis userdefinedandinterpretsthemeaningof a patternaccording
to the training data.The goalof the function is the descriptionof the importanceof a
patternto auser. An interestingnessfunction  mapsapatternaccordingto thetraining
datainto theinterval � � ����� , where� standsfor low interestand

�
for high interest2. For-

mally, ������ ������� � � ��� � , where� is aextendedconstrainttupleover ! and
�

adatabase
instanceof ! .

Label attributes form the third and last conceptof patterndescription.Theseat-
tributesmodelfurther informationaboutthepattern,for instance,a hierarchybetween
thepatterns,classlabelsor clusterid’s.Labelattributesaresimplerelationalattributes.

Theschemaof a modelcanbedefinedas "$# ��%'&(�  ��) � � *�* *+�
)�,-�
with

%'&
is a

constraintrelationover a setof relationalattributes ! ,  is aninterestingnessfunction
1 For asetof attributes . / �10
2
2
230 /�465 a linearinequalityconstraintis definedas 7 � / �3892
2
2
8
7:4;/�4=<9> , with > is constant.

2 Many known interestingnessvaluescanbenormalizedinto this interval.
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and
) � � *�* *+�
) ,

are relational label attributes.Assuming op#rqtsQuv� % & �Tw � � �����xw
q;sQuk� ) � �ywz* *�*1w qtsQuv� ) , �

, apatternis apartialfunctiondefined{z�6" � o . Thereby
is {|� % & �~} qtsQuv� % & �

, {x�� �~} � � ����� and {|� )��-�~} qtsQuv� )(�X�
, for ��# ����* *�*+���

. A model
is a setof patternsthatbelongtogetherandis specifiedby auniquename.
An exampleshall describea decisiontreemodeledwith the help of thesedefinitions.
Figure 3 illustrateson the left side a decisiontree that classifiesbank customerac-
cordingtheremigrationrisk. Assumingthetrainingdatasetis specifiedby theschema%������

, the right side of Figure 3 illustratesthe resultingpatterns.The interesting-
nessfunction is the Entropy. The label attribute

%����_�Q�
specifiesthe assignedclass��� �-� ����� sQ� �

. Thehierarchyof the treeis describedwith 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
operatorsaswell astheoperatorsfrom dataview into modelview andfrom modelview
to dataview, respectively.

The setof operatorsis closedwithin the modelview, that meansthe resultof an
operatoris againa model.Thus,differentoperatorscanbe easilycombined.A setof
theoperatorshasto besufficient,especiallyit hasto supportmany needsof theanalyst
in thedatamining andpost-processingsteps.Theoperatorsfor pre-processingarede-
scribedelsewhere,e.g.[26]. Followingkindsof operatorsaresupportedby theproposed
framework:

– extractingpatternsof specialinterest,
– projectingpatterns(shrinkingthefeatureset),
– comparingof models(accordingpatternsandinterestingness),
– mergingof models(combiningtwo models)and
– renamingof attributes.
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Furthermore,two view transitionoperatorsaredefined– the mining operatorandthe
model-data-joinoperator. Theoperatorsarebasedon conceptsof constraintdatabases
(see[4, 16]), relationalalgebraoperatorsanddistributeddatamining [17,22].

ExtractinginterestingpatternsTheselectionoperatoris usedto extractasetof patterns
that areuseful to the user. The operatorsupportsconstraintselection,interestingness
valueselectionandlabelselection.Theconstraintselectionusesthesetselectionoper-
ator [4], which extractsall constrainttuplethatsatisfyspatialconditions,like contain,
intersect,disjunctoroverlap.Assumingamodelwith aschema"p# �:%'&��  �����

with
�

is asetof labelattributes
) � � * *�*+��)(,

andaregion ��# � ����� � ���t� �=� ����� � �����
with � ��} ! � ��# ���1�

, thenthe following operationextractsall patterns,whosedata
setsintersectwith the queryregion:

� �X�6u �N�¡ �¢ &�£ �¤u � # � {��¥{ } u ��¦Q§3¨ �©{x� % & �ª��«¦�§N¨ ��� ��¬#® � 3, with
¦Q§3¨ �©{x� % & �ª�

describestheextensionof a constrainttuple {x� % & �
.

The interestingnessandlabel selectionareconventionalrelationalselections.The
interestingnessvaluesselectioncanbetakeninto accountduringthemining operation
(for instance,restrictionof thecandidatesetduringthefrequentitem setextraction).

Projection Besidestherestrictionof thenumberof patterns,it is alsopossibleto restrict
thesupportedfeatureor inputattributesetin amodel.Theprojectionoperatorprovides
this functionality. The operatoris usedto project the input attribute set or the label
attributeset.

Theformerprojection– inputattributeprojection– allowsonly thesepatternsin the
resultmodel,whoseinput attributesetis a subsetof theprojectedattributeset.For in-
stance,all frequentitem setswith attributesnot specifiedin theprojectionareremoved
from themodel.Possibly, theremainingpatternshaveto bere-computedandnew inter-
estingnessandlabelvaluesareassigned.Theprojectioncanbeincludedinto themining
algorithmby projectingtheinput datawithout duplicateremoval. Assuminga relation�

with attributes ! andan attribute set ¯±°³² , the projectionof a model u over !
is definedas: ´Nµ��¤u � # � {v�:{ } u ��¶ �·{|� %'&L�[��¸ ¯ � {|�� � #�y�·{x� %'&L�
� ´yµ�� ���ª� 4. The
schemaof theresultmodelis "¹# ��% µ �  ���'�

.
The label projectionis the straightforward relationalprojectionon the set of the

labelattributes.Theresultis a modelwith all patternswith theprojectedlabels.

ComparingModels—Intersectionand Difference Another task for an analystis the
comparisonof models.For instance,he/shewantsto know thedifferencebetweenthe
patterns(frequentitem sets)of this weekandthe weekoneyearago.In this casethe
operationsintersectionand differenceare necessary. The differenceis definedusing
the setdifferenceof extendedgeneralizedrelations.Assumetwo models u � and u �
and the schemas" � #º" � . The differenceis definedas: u ��» u � # � {³��{ }
u � ��¦Q§3¨ �©{x� %'&L�ª�m¬# ¦Q§3¨ �©{N¼X� %'&��[�1�C½ {N¼ } u � � . Furthermore,we can also restrict the
othermodelvalues.Theintersectioncanbedefinedas u � « u � #�u ��» ��u �'» u � � .

Anotheroperatoris therenamingoperatorwhichis definedin astraightforwardway
by usingconstraintandrelationrenamingoperators.

3 Thesecondconditionis ¾ . See[4] for moredetails.
4 ¿�À Z À J�ÁÃÂÄÂ returnsthesetof inputattributesusedin

Z À J�Á�Â .
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Merging Models– Join andUnion Theoperatorsfor merging modelsareusedto cre-
atea new modelfrom theinformationof two input models.Thenew modelrepresents
thedatasetsrepresentedby the input models.Implementationsfor theseoperatorsare
algorithmsfrom distributeddataminingor metalearning.Theideaof theseoperatorsis
basedon thepossibilityof furtheraddingscalabilityto mining algorithmby partition-
ing theinput data[23]. Possiblealgorithmsarefor instance[17,22]. Thesealgorithms
recomputeandrestructuretheinputmodels.

Therearetwo casesfor combiningmodels:two modelwith equalor differentinput
attribute sets,respectively. The first case—equalinput attribute sets—issupportedby
theunionoperator. It usestwo modelsu � and u � with schema" � # ��%'&(�  ���'Å:�

and
" � # �:%'&��  �
��Æt�

with
) � «�) � ¬#e . Theresultingmodelhastheschema

��%'&(�  ���'Å_w��Æ;�
andthepatternsof it arecalculatedby anappropriatealgorithm.

The join operatoris usedto merge modelswith different input attribute sets,e.g.
² � « ² � ¬#Ç , but theinterestingnessfunctionandthelabelattributeshaveto beequal.
Theresultingmodelis definedover theunionof theinputattributes.

Model–Data–TransitionOperators It is necessaryto defineoperatorsthatbuild a link
betweenthe two views to completethespecificationof anentireKDD process.In the
proposedsystemthe mining operator( È ) performsthe transition from dataview to
modelview. Theoperatormodel-data-join( É-Ê;Ë'Ì ) is thevice versalink andcomputes
theextensionof a patternaccordingto a dataset.

The Mining operatorinvokesa datamining algorithmto extract from a relationa
setof pattern.Theoperatorcreatesamodel.Thekind of patternsaswell astheinterest-
ingnessfunctionandlabelattributesaredefinedby parametersof themining operator.
Otherparametersasfor instancethresholdsor numberof clusterswill bespecifiedby
additionalselectionoperators.The input of theminingoperatoris a relation

�
over an

attributeset ! . Theresultof È�Ì
ÍÏÎ Ð�Ñ�Í¤ÒªÓ   Ô Î Õ ,©Ö ×C× � ��� is a decisiontree u with theschema
"Ø# ��% & ��Ù�Ú�¨Ï� s
{NÛ � � ���_�Q��� . Model u representsa decisiontreeextractedfrom

�
.

Model-Data-Join computestheextensionof patternsaccordingto aninputdataset.
Thus, the operatortakes a model u and a

�
as inputs.The operatoris restrictedby! «Ü¶ �¤uk� %'&L�ª��¬#Ý 5, with ! is theschemaof
�

and
¶ ��uv� %'&L�[�

thesetof attributes,
on which thetreeis defined.Theresultof uÞÉXÊ Ë'Ì �

is a relation
� � # ��¨ � ¨ ¼ }Ü�Q� { }

u �
¨ ¼ }�¦�§N¨ �·{|� %'&L�[�1��¨ # ¨ ¼LßI{x� ���ª�
. The schemaof

� � is ² � #à² w9�
. Note that a

tuple
¨

canbein differentpatternextensions.

ExampleAssumetheexamplefrom Figure3. Now, theanalystwantsto selectall pat-
ternswith “high” risk labelandextractall tuplesfrom a relation

%������
which belong

to thesepatterns.Thecorrespondingalgebraexpressionis:

´Ná�â+ãtäyåVæªá ,©Ö ×C×[ç �ª��è á ,©Ö ×C×Cé�êìë �îí ë�ê �¤u �[� É-Ê Ë�Ì ���1*

Theresultis arelationof tupleswhichbelongto thehighrisk classandhavetheirClass
labelsassigned.

5 Notethat ¿|ÀìïzÀ J�ÁÃÂÄÂ returnsis unionof thesupportedinput attributesetof all patternsin the
model.
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Thesecondtaskis to performa completepredictionjoin. For this tasktheanalyst
hasto selectall patternswith anassignedlabel(thevalueof the

%��-�6�Q�
is not null) and

computethemodel-data-joinwith a new dataset.

3 Implementation Issues

For a realizationof the introducedframework two importantissueshave to beconsid-
ered:

– Mining modelhave to berepresentedin a way thatallows to applyoperationson
them,whereasfor representingdatawe canrely on thenative databasestructures,
e.g.relations.

– Operationsfor manipulatingmodelshave to be implemented,eitherby providing
dedicatedoperatorsor building themontop of existingdatabaseoperations.In any
case,theseoperatorsshouldbeusableaspartof queriesin orderto enablead-hoc
queryingof modelsaswell asad-hocmining.

In additionto theseissuessomekind of languagesupportis necessaryto exploit the
functionality to the user. This couldbe realizedfor exampleby providing a dedicated
datamininglanguageasdescribedin [11] or asetof user-definedtypesandfunctionsas
proposedin [27]. However, this is out of thefocusof this paper. In principle,mapping
theseapproachesto ouralgebraoperationsis ratherstraightforward.

Finally, becauseboththerepresentationof modelsandtheimplementationsof generic
operatorsdependstronglyon the actualclassof the datamining techniquein the fol-
lowing we focuson decisiontreeclassification.

3.1 Model Representation

In principle,thereareseveralpossibleapproachesfor representinga decisiontreein a
relationaldatabase.

A first approachis basedon thePredictive Model MarkupLanguage(PMML) [1].
Here,adecisiontreeis storedin anXML representationasaBLOB valuein atablecol-
umn.This simplifiestheexchangeof modelsbut requiresparsingtheXML document
beforeany operationon thetree.

An alternative solutionis to storethe treein a flat tablestructureasillustratedin
Fig. 3, wheretheconstraintattributesarestoredasstrings.This approachallows to ap-
ply basicoperationssuchasprojectionandselectionbut requiresstill aninterpretation
of theconstraintattributesusedfor representingthesplittingcriteria.

Becauseof therestrictionsof thetheseapproacheswith respectto applyingopera-
tionson thetree,we havechosena third solutionfor our experiments.Fig. 4 illustrates
themainideasof this structure.

Eachtuple in the table representsan edgeof the tree from nodeparent to node
node. Eachedgeis associatedwith acondition,wheretheattributenameis storedin the
field attrib andthedomainfor thesplit is representedby thevaluesof thefieldsminval
andmaxval. The field classholdsthe label of the mostfrequentclassin the partition
associatedwith thenodenodeof theedgetogetherwith theprobabilityprobof theclass
occurrence.
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Fig.4. Representationof a decisiontree

3.2 Mining Operator

Thepurposeof theminingoperatorÈ is to inducea(predictive)modelbasedon thein-
put data.For classificationthatmeansfor exampleto derivea decisiontree.Classifica-
tion hasbeenstudiedextensively over theyearsansseveralalgorithmsfor constructing
decisiontreeswereproposed,e.g. ID3, C4.5,SLIQ, SPRINTandPUBLIC. Most al-
gorithmsfollow a greedyapproachconsistingof two phases.In thetree-growingphase
thealgorithmstartswith thewholedatasetat theroot node.Thedatasetis partitioned
accordingto asplittingcriterioninto subsets.Thisprocedureis repeatedrecursively for
eachsubsetuntil eachsubsetcontainsonly membersbelongingto thesameclassor is
sufficiently small.In thesecondphase– the tree-pruningphase– thefull grown treeis
cutbackto preventover-fitting andto improvetheaccuracy of thetree.

Themining operatorfor decisiontreeclassifierscanbeimplementedby usingone
of theabove mentionedalgorithmsandintegratedwith theDBMS by implementingit
asauser-definedfunction.However, asmostdatamining techniquesdecisiontreeclas-
sificationis verytime-consumingparticularlyfor largerdatasets.Thus,in this form the
miningoperatoris currentlynotverywell-suitedfor ad-hocmining.Databaseprimitives
asdescribede.g.in [25] area first steptowardsimproving performanceandscalability
for database-centeredmining,but realonlinemining requiresfurtherimprovements.

3.3 Model-Data-Join and Prediction Join

Predictivedatamining techniquessuchasclassificationallow to usetheinducedmodel
to predict the classof new datarecords,wherethe classvaluesis missing.For this
predictionjoin operationthemodelhasto beinterpretedby following apathin thetree
andevaluatingfor eachnodetheassociatedsplit criteria.
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Assuminga modelrepresentationasshown in Fig. 4 this operationcanbe imple-
mentedby thefollowing algorithm:

procedure PREDICTIONJOIN (sourcetable
�

, modeltable " )
foreachtuple

¨ ã # � � � ��* *�* ��� Ë ��} �
executequery �_� ¨ ã �
fetchtuple

¨�� # � Ú�� { � � � { � s�� �Ú s�q ¦ �·# Ú
� ���_�Q� �©#e�	 � Ú � �Q�N¦ q��©# false
do

do
fetchtuple

¨ � # � Ú�� { � � �-�_���:� { � s�� �
if tuplenot found

produceresulttuple � � � � *�* * �
� Ë � � �	 � Ú � ���N¦ q��·# true
while { ¬# Ú s�q ¦Ú s�q ¦ �·# Ú
� ���_�Q� �©#��

while 
 	 � Ú � �Q�N¦ q

For eachtuple
¨ ã # � � � � *�* *���� Ë �

of thesourcerelationthenodesareselected,whose
conditionis fulfilled by theattributevaluesof thegiventuple.This is performedby the
following query �_� ¨ ã � :

select *
from Model
where (aname= �©/ � � and minval < / � and maxval >= / � ) or

(aname= � / � � and minval < / � and maxval >= / � ) or2
2�2
(aname= �©/��� and minval < /� and maxval >= /� )

Thesecandidatenodesareorderedby their node-id.Next, thecandidatenodesarepro-
cessedin thisorderasfollows:Startingwith therootnodethenext nodewith aparent-id
equalto currentnode-idis obtaineduntil no furthernodecanbefound.In thiscase,the
classandprobabilityvaluesareassignedto theactivesourcetuple.

3.4 Selection

Theselectionoperatoris usedby theanalystto extract interesingpatternsfrom his/her
pointof view. Theselectionis dividedinto spatialselection—theselectionof content—
aswell astheselectionby interestingnessandclasslabel.

Spatial Selection Thespatialconditionsintersectionandcontainmentareconsidered,
thatselectall patternsthat intersectwith or containa certainqueryregion, repectively.
Thefirst insightis thatthepatternsdescribeaxis-parallelhyper-rectangles.Furthemore,
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aparentnodecontainsall its childrennodesandthesubsetsof thechildrenof oneparent
arenotoverlapping.Thesepropertiesof thesubsetsfollow directly from thefeaturesof
adecisiontree.Figure5 illustratesthedataspacepartitions(Fig.5(b))of adecisiontree
(Fig. 5(a)).Here,thesubsetdefinedby node� � coversthesubsetsof � � , ��� and ��� .

Assumethe query rectangle6 � # �e� � � ���;� ��� � � � � � �:� . Now, the
following queryselectsall patternsfrom a modelthat contain � : è �"!  �� á$# £ ��u �

. The
computationoverthemodelrepresentationdescribedin section3.1consistsof different
steps.First, the following queryfilters all nodesthat containthe queryregion in their
splittingdimension:

select *
from model
where attrib = ’A1’ and minval < 0 and maxval >= 40 or

attrib = ’A2’ and minval < 35 and maxval >= 60

Thesecondstepremovesall patterns,whoseparentis notin theresultset.Thealgorithm
is similarto thepredictionjoin, but it returnsasubsetof themodel.It startswith thefirst
nodebesidestheroot node,which is alwaysincludedin theresultset.Thealgorithmis
supportedby thefacts,that theroot noderepresentsthewholeresultsetaswell asthe
nodesareorderedby their ID. Theexamplequeryis illustratedin Figure5(c) andthe
resultis setof patternsrepresentedby thenode� � .

We assumenow that the queryis è%� ¢: �� á # £ �¤u �
, that meansselectall patternthat

intersect� . First thefollowing queryhasto beexecuted:

select *
from model
where attrib = ’A1’ and ((minval >= 0 and minval < 40) or

6 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 ((minval >= 35 and minval < 60) or

(maxval >= 35 and maxval < 60))

Thesecondstepis performedin thesamemannerasthecontainmentselection.Addi-
tionally, aclippingalgorithm[3, p.288ff.] is used,if thequeryregionis notarectangle.

If a dimensionis not definedin the querywe have to remove all nodesthat are
restrictedin this dimensionin the caseof containment.This is alreadydonein the
proposedquery. In thesecondcase– intersection– thesenodeshave to beincluded,so
we haveto modify thewhere-clause.

Besidestheseimplementationideas,the usageof a differentrepresentationanda
multi-dimensionalindex, suchasa R-tree,is analternativestrategy.

Inter estingnessand Labels Theselectionof interestingnessandlabelis performedin
astraightforwardwayby applyingarelationalselectionoverthe � ���_�Q� or { � s�� attribute.
Obviously, thecombinationof bothkindsof selectionis possibleby addingadditional
where conditionsto thequeriesabove.

3.5 Projection

Theprojectionis apartialnew computationof thedecisiontree.Thegoalof theprojec-
tion is theremoval of anattributefrom thepatterndescriptions.This operatorrequires
a partialrecomputationof thepatternsin thecaseof decisiontrees.

The first stepis a querywhich computesall nodesthat containnot projectedat-
tributes and removes thesenodesand their children. Subsequently, uthe remaining
nodesareusedto computethe subtreesfrom the database.This computationusesthe
primitivesFilterPartition andComputeNodeStatistics as describedin
[25] undutilizestheproposedindex structureon thedata.

A real valueis the operatorif the analystusesit in connectionwith the mine op-
erator. Theanalystspecifiesthesequenceof mining andmodelprojectionin thequery
´ ð$& ñ Î('('('ÄÎ ð$&*) �¤È Ì
ÍÏÎ ÐÃÑ�Í¤Ò�Ó   Ô Î Õ ,©Ö�×C× � ���[� . Now, the mining systemcandecideto first project
theinput data(withoutduplicateelimination)andthencreatethedecisiontree.

4 RelatedWork

In the recentyearsmany algorithmsfor differentdatamining tasksweredeveloped.
Overviewsof differenttechniquesarefor instance[19] and[8]. Associationruleswere
introducedin [2].

Dif ferentframeworkswereproposedto supporttheKDD processin auniformman-
ner. The 3W modelandalgebrain [15] is closeto our model.It usesregions,dimen-
sionsandhierarchiesto definea uniformframework andoperators.Themodelconsists
of threeworlds:Theintensionalworld containsthedescriptionof datamining models,
theextensionalworld holdstheextensionsof regionsof the intensionalworld andthe
dataworld consistsof the raw data.Furthermore,operatorsfor moving in andout of
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the worlds andfor the intensionalworld aredefined.The interestingnessvalueis not
addressed,which is explicitly containedin ourmodel.

Thereexist several frameworks for associationrule mining, which provide opera-
tors for mining andpost-processingassociationrules.Thereby, datamining is defined
asqueryinga possibleinfinite setof associationrulesin a inductivedatabase[13]. The
queryoperatorssupportrule constraintsaswell astheselectionson supportandconfi-
dencevalues[5]. Theseframeworksarelimited to associationrule mining.

Different datamining query languageswere introducedto provide an integrated
datamining environment[14,11,20,27]. Theselanguagestry to createa descriptive
interfaceto datamining algorithmsandso the integrationwith databasemanagement
systems.

Many work hasbeendonein scalingup datamining algorithms.An overview is
givenin [23]. Onetaskof addingscalabilityto DM algorithmsis their integrationwith
databasemanagementsystems[6]. Dif ferentkinds of approacheswereproposed:the
implementationof the DM algorithmsin SQL, e.g. the EM algorithm [21] or usage
of userdefinedfunctions,e.g. for associationrules [24]. User-definedaggregatesfor
decisiontreeclassificationwerediscussedin [28]. Anothertaskis theoptimizationof
specialoperators,for instancethe predictionjoin. First ideasin this areaaregiven in
[7].

5 Conclusionsand Outlook

Nowadays,hugedatasetsrequireefficient andscalableKDD anddatamining tech-
niques.TheexplorativeanditerativeKDD processmakesastronguserinteractionnec-
essary. Ideastowardsa solutionof theseissueswerepresentedin this paper. First, a
uniform framework wasproposed,that is basedon constraintdatabaseconceptsand
interestingnessvalues.The modelconsistsof dataobjectsandKDD objects.Several
operatorson KDD objectswereproposedin thepapersupportinganefficient andinte-
gratedview to theKDD process.

Thesecondcontributionwasthediscussionof theimplementationof differentoper-
atorsfor decisiontreesin aDBMS.Thetight couplingof miningalgorithmsandDBMS
is an importantresearchissuein scalingup datamining algorithms.The implementa-
tion canbecarriedoutwith helpof extensionmechanismsof DBMS.Severalprimitives
areusedto implementdataintensivepartsof thealgorithms.

Becauseof the differencesbetweendifferent kinds of patternsit is necessaryto
implementthe operatorsin a polymorphicway. That means,additionalmetadatais
necessary. This is one future researchdirection.Furthermore,we have to implement
the operatorsalsofor differentkindsof mining techniquesfor instanceclusteringand
associationrules.Theseimplementationsshouldbespecifiedin a databasecentricway
by identifyingdifferentprimitives.

Another issueis the developmentof optimization rules for the global, uniform
modelaswell asthe mappingbetweenthe algebraoperatorsandan appropriatedata
miningquerylanguage.
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