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Abstract. Althoughpreprocessingis oneof thekey issuesin dataanalysis,it is still
commonpracticeto addressthis taskby manuallyenteringSQLstatementsandusing
a variety of stand-alonetools. The resultsarenot properly documentedand hardly
re-usable.The MiningMart systempresentedin this chapterfocusseson settingup
andre-usingbest-practicecasesof preprocessingdatastoredin very largedatabases.
A meta-datamodelnamedM4 is usedto declaratively de�ne anddocumentboth,all
stepsof sucha preprocessingchainandall the datainvolved.For dataandapplied
operatorsthereis anabstractlevel, understandableby humanusers,andanexecutable
level, usedby themeta-datacompilerto run casesfor givendatasets.An integrated
environmentallows for a rapiddevelopmentof preprocessingchains.Caseadaptation
to differentenvironmentsis supportedby justspecifyingall involveddatabaseentities
in thetargetDBMS.Thisallowsto re-usebest-practicecasespublishedontheInternet.

1 Acquiring Knowledgefr om Existing Databases

Theuseof very largedatabaseshasenhancedin thelastyearsfrom supportingtrans-
actionsto additionallyreportingbusinesstrends.Theinterestin analyzingthedatahas
increased.Oneimportanttopic is customerrelationshipmanagementwith thepartic-
ular tasksof customersegmentation,customerpro�tability , customerretention,and
customeracquisition(e.g.by directmailing).Othertasksarethepredictionof salesin
orderto minimizestocks,thepredictionof electricityconsumptionor telecommunica-
tion servicesat particulardaytimesin orderto minimizetheuseof externalservices
or optimize network routing, respectively. The healthsectordemandsseveral anal-
ysis tasksfor resourcemanagement,quality control, anddecisionmaking.Existing
databaseswhichweredesignedfor transactions,suchasbilling andbooking,arenow
considereda mineof information,anddiggingknowledgefrom thealreadygathered
datais considereda tool for building up an organizationalmemory. Managersof an
institutionwant to be informedaboutstatesandtrendsof their business.Hence,they
demandconcisereportsfrom thedatabasedepartment.

On-line Analytical Processing(OLAP) offers interactive dataanalysisby aggre-
gatingdataandcountingthefrequencies.This alreadyanswersquestionslike thefol-
lowing:�

Whataretheattributesof my mostfrequentcustomers?�

Whicharethefrequentlysoldproducts?�

How many returnsdid I receiveaftermy lastdirectmailing action?�

Whatis theaveragedurationof stayin my hospital?
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Reportsthat supportmanagersin decisionmakingneedmore detailedinformation.
Questionsaremorespeci�c, for instance:�

Which customersare most likely to sell their insurancecontractback to the
insurancecompany beforeit ends?�

How many salesof acertainitemdoI haveto expectin orderto notoffer empty
shelfsto customersandat thesametime minimizemy stock?�

Whichgroupof customersbestanswersto directmailing advertisingaparticu-
lar product?�

Whoarethemostcost-intensivepatientsin my hospital?

KnowledgeDiscovery in Databases(KDD) canbeconsidereda high-level query
languagefor relationaldatabasesthat aims at generatingsensiblereportssuchthat
a company may enhanceits performance.The high-level questionis answeredby a
dataminingstep.Severaldatamining algorithmsexist. However, their applicationis
still a cumbersomeprocess.Severalreasonsexplain,why KDD hasnot yet becomea
standardprocedure.We list herethethreeobstaclesthat– in our view – arethemost
importantonesandthendiscussoneaftertheother.�

Most toolsfor dataminingneedto handlethedatainternallyandcannotaccess
the databasedirectly. Samplingthe dataandconverting theminto the desired
formatenhancestheeffort for dataanalysis.�

Preprocessingof the given datais decisive for the successof the datamining
step.Aggregation,discretization,datacleaning,the treatmentof null values,
andtheselectionof relevantattributesarestepsthatstill haveto beprogrammed
(usuallyin SQL)withoutany high-level support.�

The selectionof the appropriatealgorithmfor the datamining stepaswell as
for preprocessingis notyetwell understood,but remainstheresultof a trial and
errorprocess.

The conversionof given datainto the formatsof diversedatamining tools is eased
by toolboxeswhichuseacommonrepresentationlanguagefor all thetools.Then,the
given dataneedto be transformedonly onceandcanbe input into diversetools. A
�rst approachto sucha toolboxwasthedevelopmentof a CommonKnowledgeRep-
resentationLanguage(CKRL), from which translatorsto several learningalgorithms
wereimplementedin theEuropeanprojectMachineLearningToolbox[3, 11]. Today,
thewekacollectionof learningalgorithmsimplementedin JAVA with acommoninput
format offers the opportunityto apply several distinct algorithmson a dataset[15].
However, thesetoolboxesdo not scaleup to real-world databasesnaturally1. In con-
trast,databasemanagementsystemsoffer basicstatisticalor OLAP procedureson the
given data,but do not yet provide userswith moresophisticateddatamining algo-
rithms.Building uponthe databasefacilities andintegratingdatamining algorithms
into the databaseenvironmentwill be thesynergy of both developments.We expect
the�rst obstaclefor KDD applicationsto beovercomeverysoon.

Thesecondobstacleis themostimportantone.If we inspectreal-world applica-
tionsof knowledgediscovery, we realizethatup to 80 percentof theefforts arespent
on theclever preprocessingof thedata.Preprocessinghaslong beenunderestimated,
both, in its relevanceandin its complexity. If thedataconversionproblemis solved,
the preprocessingis not at all done.Featuregenerationandselection2 (in databases
thismeansto constructadditionalcolumnsandselecttherelevantattributesfor further

1Specializedon multi-relationallearningalgorithms,the ILP toolboxfrom StefanWrobel (to bepublished
in thenetwork ILPnet2)allows to try severallogic learningprogramsonadatabase.

2Specializedon featuregenerationandselection,the toolbox YALE offers the opportunityto try andtest
diversefeaturesetsfor learningwith thesupportvectormachine[6]. However, theYALE environmentdoesnot
accessadatabase.
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learning)is a majorchallengefor KDD [9]. Machinelearningis not restrictedto the
dataminingstep,but is alsoapplicablein preprocessing.This view offersa varietyof
learningtasksthatarenotaswell investigatedasis learningclassi�ers.For instance,an
importanttaskis to acquireeventsandtheir duration(i.e. a time interval) on thebasis
of time series(i.e.measurementsat time points).Anotherexampleis thereplacement
of null valuesin thedatabaseby theresultsof a learningalgorithm.Givenattributes

���

without null values,we may train our algorithmto predictthevaluesof attribute
���

on thoserecords,which do have a valuefor
���

. The learningresultcanthenbe
appliedin orderto replacenull valuesin

���

. Recordswithoutnull valuesareaprereq-
uisite for theapplicationof somealgorithms.Thesealgorithmsbecomeapplicableas
thedataminingstepbecauseof thelearningin thepreprocessing.With respectto pre-
processing,we arejust beginningto exploreour opportunities.It is a �eld of greatest
potential.

The third obstacle,the selectionof the appropriatealgorithmfor a datamining
taskhaslong beenon theresearchagendaof machinelearning.Themainproblemis,
thatnobodyhasyetbeenableto identify reliablerulespredictingwhenonealgorithm
shouldbe superiorto others.Beginning with the Mlt-Consultant[13] therewasthe
ideaof having a knowledge-basedsystemsupporttheselectionof a machinelearning
methodfor an application.The Mlt-Consultantsucceededin differentiatingthe nine
learningmethodsof theMachineLearningToolboxwith respectto speci�c syntactic
propertiesof the input andoutputlanguagesof themethods.However, therewaslit-
tle successin describinganddifferentiatingthemethodson an applicationlevel that
wentbeyondthewell known classi�cationof machinelearningsystemsinto classi�-
cationlearning,rule learning,andclustering.Also, theEuropeanStatlog-Project[10],
which systematicallyappliedclassi�cation learningsystemsto variousdomains,did
not succeedin establishingcriteriafor theselectionof thebestclassi�cationlearning
system.It wasconcludedthat somesystemshave generallyacceptableperformance.
In orderto selectthebestsystemfor acertainpurpose,they musteachbeappliedto the
taskandthebestselectedthrougha test-methodsuchascross-validation.Theusinger
andLindner [14] arein theprocessof re-applyingthis ideaof searchingfor statisti-
cal datasetcharacteristicsnecessaryfor thesuccessfulapplicationsof tools.An even
moredemandingapproachwasstartedby Engels[4]. Thisapproachnotonly attempts
to supporttheselectionof datamining tools,but to build a knowledge-basedprocess
planningsupportfor the entireknowledgediscovery process.To datethis work has
not led to a usablesystem[5]. The Europeanproject MetaL now aims at learning
how to combinelearningalgorithmsanddatasets[2]. Although successfulin many
respects,thereis notenoughknowledgeavailablein orderto proposethecorrectcom-
binationof preprocessingoperationsfor a given datasetandtask.The IDEA system
now tries the bottom-upexploration of the spaceof preprocessingchains[1]. Ide-
ally, the systemwould evaluateall possibletransformationsin parallel,andpropose
themostsuccessfulsequenceof preprocessingstepsto theuser. For shortsequences
andfew algorithms,this approachis feasible.Problemslike thecollectionof all data
concerningonecustomer(or patient)from several tables,or the generationof most
suitablefeaturesenlargethepreprocessingsequencesconsiderably. Moreover, consid-
eringlearningalgorithmsaspreprocessingstepsenlargesthesetof algorithmsperstep.
For long sequencesandmany algorithmsthis principledapproachof IDEA becomes
computationallyinfeasible.

If thepairingof dataandalgorithmsis all thatdif�cult, canwesupportanapplica-
tion developeratall?Thedif�culty of theprincipledapproachesto algorithmselection
is that they all startfrom scratch.They applyrulesthatpair dataandalgorithmchar-
acteristics,or planasequenceof steps,or try andevaluatepossiblesequencesfor each
applicationanew. However, therearesimilarapplicationswheresomebodyhasalready
donethecumbersomeexploration.Why not usingtheseefforts to easethenew appli-
cationdevelopment?Normally, it is mucheasierto solve a task if we areinformed
aboutthesolutionof asimilar task.This is thebasicassumptionof case-basedreason-
ing andit is thebasisof theMiningMart approach.A successfulcaseof a full KDD
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processis describedat themeta-level. This descriptionat themeta-level canbeused
asa blueprintfor other, similar cases.In this way, theMiningMart project3 easespre-
processingandalgorithmselectionin orderto make KDD anactualhigh-level query
languageaccessingrealworld databases.

2 The MiningMart Approach

Now thatwe have statedour goal of easingthe KDD process,we may ask:What is
MiningMart's path to reachingthe goal?A �rst stepis to implementoperatorsthat
performdatatransformationssuchas,e.g.,discretization,handlingnull values,aggre-
gationof attributesinto a new one,or collectingsequencesfrom time-stampeddata.
Theoperatorsdirectlyaccessthedatabaseandarecapableof handlinglargemassesof
data.

Givendatabaseorientedoperatorsfor preprocessing,thesecondstepis to develop
andcollectsuccessfulcasesof knowledgediscovery. Sincemostof thetime is usedto
�nd chainsof operatorapplicationsthatleadto goodanswersto complex questions,it
is cumbersometo developsuchchainsoverandoveragainfor very similar discovery
tasksanddata.Currently, in practiceeven the sametaskon dataof the sameformat
is implementedanew every timenew dataareto beanalyzed.Therefore,there-useof
successfulcasesspeedsup the processconsiderably. The particularapproachof the
MiningMart projectis to allow there-useof casesby meansof meta-data,alsocalled
ontologies. Meta-datadescribethe dataas well as the operatorchains.A compiler
generatestheSQL codeaccordingto themeta-data.

SeveralKDD applicationshave beenconsideredwhendevelopingthe operators,
the method,andthemeta-model.In the remainingpart of this chapter, we shall �rst
presentthe meta-datatogetherwith their editorsandthecompiler. We thendescribe
thecasebase.Weconcludethechapterby summarizingtheMiningMart approachand
relatingit to otherapproaches.

2.1 TheMeta-Modelof Meta-DataM4

Ontologiesor meta-datahavebeenakey to successin severalareas.For ourpurposes,
theadvantagesof meta-datadrivensoftwaregenerationare:

Abstraction: Meta-dataaregivenatdifferentlevelsof abstraction,aconceptual(ab-
stract)anda relational(executable)level. This makesan abstractcaseunder-
standableandre-usable.

Data documentation: All attributestogetherwith thedatabasetablesandviews,which
areinputtoapreprocessingchainareexplicitly listedatboth,theconceptualand
relationalpart of the meta-datalevel. An ontologyallows to organizeall data
by meansof inheritanceandrelationshipsbetweenconcepts.For all entitiesin-
volved,thereis a text �eld for documentation.This makesthedatamuchmore
understandable,e.g.by humandomainexperts,thanjust referringto thenames
of speci�c databaseobjects.Furthermore,statisticsandimportantfeaturesfor
datamining (e.g.,presenceof null values)areaccessibleaswell. This extends
themeta-dataasareusualin relationaldatabasesandgivesa goodimpression
of thedatasetsathand.

Casedocumentation: Thechainof preprocessingoperatorsis documented,aswell.
First of all thedeclarativede�nition of anexecutablecasein theM4 modelcan
alreadybeconsideredto bedocumentation.Furthermore,apartfrom theoppor-
tunity to use“speakingnames”for stepsanddataobjects,therearetext �elds to
documentall stepsof a casetogetherwith their parametersettings.This helps
to quickly �gure out the relevanceof all stepsandmakescasesreproducable.

3TheMiningMart projectis supportedby theEuropeanUnionunderthecontractIST-11993.
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Figure1: Overview of theMiningMart system

In contrast,thecurrentstateof documentationis mostoftenthememoryof the
particularscientistwhodevelopedthecase.

Easeof caseadaptation: In order to run a given sequenceof operatorson a new
database,only the relationalmeta-dataand their mappingto the conceptual
meta-datahasto be written. A salespredictioncasecan for instancebe ap-
plied for differentkindsof shops,or a standardsequenceof stepsfor preparing
timeseriesfor aspeci�c learnermightevenbeappliedasatemplatein verydif-
ferentmining contexts. Thesameeffect easesthemaintananceof cases,when
thedatabaseschemachangesover time. Theuserjust needsto updatethecor-
respondinglinks from theconceptualto the relationallevel. This is especially
easy, having all abstractM4 entitiesdocumented.

TheMiningMart projecthasdevelopeda modelfor meta-datatogetherwith its com-
piler, andhasimplementedhuman-computerinterfacesthatallow databasemanagers
andcasedesignersto �ll in their application-speci�cmeta-data.Thesystemwill sup-
port preprocessingandcanbeusedstand-aloneor in combinationwith a toolbox for
thedataminingstep.

Thissectiongivesanoverview of how acaseis representedat themeta-level, how
it is practicallyappliedto a database,andwhich stepsneedto be performed,when
developinganew caseor adaptingagivenone.

The form in which meta-dataare to be written is speci�ed in the meta-model
of meta-data,M4. It is structuredalongtwo dimensions,topic andabstraction.The
topic is either the dataor the case.The dataare the onesto be analyzed.The case
is a sequenceof (preprocessing)steps.The abstraction is eitherconceptualor rela-
tional.Wheretheconceptuallevel is expectedto bethesamefor variousapplications,
the relationallevel actuallyrefersto the particulardatabaseat hand.The conceptual
datamodeldescribesconceptslikeCustomer andProduct andrelationshipsbetween
themlike Buys. The relationaldatamodeldescribesthe businessdatathat areana-
lyzed.Most often it alreadyexists in thedatabasesystemin theform of thedatabase
schema.Themeta-datawrittenin theform asspeci�edby M4 arestoredin arelational
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Figure2: Simpli®edUML diagramof theMiningMart MetaModel (M4)
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Figure3: TheConceptEditor

databasethemselves.
Figure2 shows a simpli�ed UML diagramof theM4 model.Eachcasecontains

steps,eachof whichembedsanoperatoranparameters.Apart from values,notshown
here,parametersmaybeconcepts,baseattributes,or amulti columnfeature,a feature
containingmultiple baseattributes.This part is a subsetof the conceptualpart of
M4. The relationalpart containscolumnsetsand columns.Columnsetseither refer
to databasetables,or to virtual (meta-dataonly) or databaseviews. Eachcolumnset
consistsof asetof columns,eachof which refersto a databaseattribute.On theother
handcolumnsaretherelationalcounterpartof baseattributes.For columnsandbase
attributesthereis a prede�nedsetof datatypes,which is alsoomittedin Figure2.

2.2 Editing theConceptualDataModel

As depictedin Figure1, therearedifferentkindsof expertsworkingatdifferentendsof
a knowledgediscovery process.First of all a domainexpertwill de�ne a conceptual
datamodel,using a concepteditor. The entities involved in datamining are made
explicit by thisexpert.Theconceptualmodelof M4 is aboutconceptshaving features,
andrelationshipsbetweentheseconcepts.

Examplesfor conceptsareCustomer andProduct. Althoughat thecurrentstage
of developmentconceptsrefer to eitherdatabaseviews or tables,they shouldrather
be consideredaspart of a moreabstractmodelof the domain.Conceptsconsistof
features,eitherbaseattributesor multi columnfetures.A baseattribute corresponds
to a singledatabaseattribute, e.g. the nameof a customer. A multi columnfeature
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Figure4: Statisticsof adatabaseview

is a featurecontaininga �x ed setof baseattributes.This kind of featureshouldbe
used,wheninformationis split overmultiplebaseattributes.An exampleis to de�ne a
singlemulti columnfetaurefor theamountandthecurrency of a banktransfer, which
arebothrepresentedby baseattributes.

Relationshipsare connectionsbetweenconcepts.Therecould be a relationship
namedBuys betweenthe conceptsCustomer and Product, for example.At the
databaselevel one-to-many relationshipsarerepresentedby foreign key references,
many-to-many relationshipsmake useof crosstables.However, thesedetailsarehid-
denfrom theuserat theabstractconceptuallevel.

To organizeconceptsandrelationshipstheM4 modelofferstheopportunityto use
inheritance.Modelling thedomainin this fashion,theconceptCustomer couldhave
subconceptslike Private Customer andBusiness Customer. Subconceptsinherit
all featuresof their superconcept.The relationshipBuys could for instancehave a
subrelationshipPurchases on credit.

Figure3 shows a screenshotof theconcepteditor, while it is usedto list andedit
baseattributes.The right part of the lower window states,that the selectedconcept
Sales Data is connectedto anotherconceptHolidays by a relationshipweek has
holiday.

2.3 Editing theRelationalModel

Givena conceptualdatamodel,adatabaseadministratormapstheinvolvedentitiesto
thecorrespondingdatabaseobjects.Therelationaldatamodelof M4 is capableof rep-
resentingall therelevantpropertiesof arelationaldatabase.Themostsimplemapping
from the conceptualto the relationallevel is given, if conceptsdirectly correspond
to databasetablesor views. This canalwaysbeachievedmanuallyby inspectingthe
databaseand creatinga view for eachconcept.However, more sophisticatedways
of graphicallyselectingfeaturesin the databaseand aggregating them to concepts
increasetheacceptanceby endusersandeasetheadaptationof casesto otherenviron-
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Figure5: An illustrationof thecouplingof theabstractconceptualandexecutablelevel.

ments.In theMiningMart project,therelationaleditoris intendedto supportthiskind
of activity. In generalit shouldbe possibleto mapall reasonablerepresentationsof
entitiesto reasonableconceptualde�nitions. A simplemappingof theconceptCus-
tomer, containingthefeaturesCustomer ID, Name, Address to thedatabasewould
be to statethat the tableCUSTOMER holdsall the necessaryattributes,e.g.CUS-
TOM ID, CUST NAME andCUST ADDR. Having theinformationaboutnameand
addressdistributedover differenttables(e.g.sharingthekey attributeCUSTOM ID)
is anexamplefor morecomplex mappings.In this casetherelationeditor shouldbe
ableto usea join operation.

Apart from connectingconceptualto databaseentities,therelationeditoroffersa
dataviewerandis capableof displayingstatisticsof connectedviewsor tables.Figure
4 shows anexampleof thestatisticsdisplayed.For eachview or tablethenumberof
tuplesandthenumbersof nominal,ordinalandtimeattributesarecounted.For numer-
ical attributesthenumberof differentandmissingvaluesis displayed,theminimum,
maximum,average,medianandmodalvaluearecalculatedtogetherwith thestandard
deviation andvariance.For ordinalandtime attributesthemostreasonablesubsetof
this informationis given.Finally wehaveinformationonthedistributionof thevalues
for all attributes.

2.4 TheCaseandIts Compiler

All theinformationabouttheconceptualdescriptionsandabouttheaccordingdatabase
objectsinvolvedarerepresentedwithin theM4 modelandstoredwithin relationalta-
bles.M4 casesdenotea collectionof steps,basicallyperformedsequentially, eachof
which changesor augmentsoneor moreconcepts.Eachstepis relatedto exactly one
M4 operator, andholdsall of its inputarguments.TheM4 compilerreadsthespeci�-
cationsof stepsandexecutestheaccordingoperator, passingall thenecessaryinputs
to it. This processrequiresthecompilerto translatetheconceptualentities,like input
conceptsof a step,to thecorrespondingrelationalentities,like databasetablename,
thenameof a view or theSQL de�nition of a virtual view, which is only de�ned as
relationalmeta-datain theM4 model.

Two kindsof operatorsaredistinguished,manualandmachinelearningoperators.
Manualoperatorsjust readtheM4 meta-dataof their inputandaddanSQL-de�nition
to themeta-datafor theiroutput,establishingavirtual table.Currently, theMiningMart
systemoffers 20 manualoperatorsfor selectingrows, selectingcolumns,handling
time data,andgeneratingnew columnsfor thepurposesof, e.g.,handlingnull values,
discretization,moving windowsovertimeseries,gatheringinformationconcerningan
individual (e.g.,customer, patient,shop).

Externalmachinelearningoperatorson the other handare invoked by using a
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wrapperapproach.Currently, theMiningMart systemofferslearningof decisiontrees,
k-means,andthe supportvectormachineas learningpreprocessingoperators4. The
necessarybusinessdataarereadfrom therelationaldatabasetables,convertedto the
requiredformatandpassedto thealgorithm.After executiontheresultis readby the
wrapper, parsed,andeitherstoredasan SQL-function,or materializedasadditional
businessdata.

In any casetheM4 meta-datawill have to beupdatedby thecompiler. A complex
machinelearningtool to replacemissingvaluesis an examplefor operatorsaltering
the database.In contrast,for operatorslike a join it is suf�cient to virtually addthe
resultingview togetherwith its correspondingSQL-statementto themeta-data.

Figure5 illustrates,how theabstractandtheexecutableor relationallevel interact.
Firstof all justtheuppersequenceis given,aninputconcept,astep,andanoutputcon-
cept.Theconceptde�nitions containfeatures,thestepcontainsanoperatortogether
with its parametersettings.Apart from operatorspeci�c parameters,theinputandout-
putconceptareparametersof thestep,aswell. Thecompilerneedstheinputs,e.g.the
inputconceptandits featuresto bemappedto relationalobjectsbeforeexecution.The
mappingmayeitherbede�nedmanually, usingtherelationeditor, or it maybearesult
of executingthepreceedingstep.If thereis acorrespondingrelationaldatabaseobject
for eachinput, thenthecompilerexecutestheembeddedoperator. In theexamplethis
is a simpleoperatornamed“DeleteRowsWithMissingValues”.Thecorrespondingex-
ecutablepart of this operatorgeneratesa view de�nition in the databaseand in the
relationalmeta-dataof M4. The latter is connectedto the conceptuallevel, so that
afterwardsthereis a mappingfrom theoutputconceptto a view de�nition. Thegen-
eratedviewsmaybeusedasinputsto subsequentsteps,or they maybeusedby other
toolsfor thedataminingstep.

Following theoverall ideaof declarativeknowledgerepresentationof theproject,
known pre-conditionsandassertionsof operatorsareformalizedin the M4 schema.
Conditionsarechecked at runtime,beforean operatoris applied.Assertionshelp to
decreasethenumberof necessarydatabaseaccesses,becausenecessarypropertiesof
thedatacanbederivedfrom formalizedknowledge,saving expensivedatabasescans.
A stepreplacingmissingvaluesmightbeskipped,for instance,if theprecedingoper-
ator is known not not produceany missingvalues.If a userapplieslinear scalingto
an attribute, thenall valuesareknown to lie in a speci�c interval. If the succeeding
operatorrequiresall valuesto bepositive,thenthis pre-conditioncanbederivedfrom
theformalizedknowledgeaboutthelinearscalingoperator, ratherthanto recalculate
this propertyby anotherdatabasescan.

The taskof a casedesigner, ideally a datamining expert, is to �nd sequencesof
stepsresultingin arepresentationwell suitedfor thegivendataminingtask.Thiswork
is supportedby a specialtool, thecaseeditor. Figure6 showsa screenshotof a rather
small examplecaseeditedby this tool. Typically a preprocessingchainconsistsof
many differentsteps,usuallyorganizedasa directedacyclic graph,ratherthanasa
linearsequenceastheexamplecaseshown in Figure6. To supportthecasedesignera
list of availableoperatorsandtheir overall categories,e.g.featureconstruction,clus-
teringor samplingis partof theconceptualcasemodelM4. Theideais to offer a �x ed
setof powerful pre-processingoperators,in orderto offer acomfortablewayof setting
upcasesontheonehand,andensuringre-usabilityof casesontheother. By modeling
realworld casesin thescopeof theprojectfurtherusefuloperatorswill beidenti�ed,
implementedandaddedto therepository.

For eachstepthe casedesignerchoosesan applicableoperatorfrom the collec-
tion, setsall of its parameters,assignstheinputconcepts,inputattributesand/orinput
relationsandspeci�es the output.To easethe processof editing cases,applicability
constraintsonthebasisof meta-dataareprovidedasformalizedknowledgeandareau-
tomaticallycheckedby thehumancomputerinterface.Thiswayonly valid sequences
of stepscanbe producedby a casedesigner. Furthermore,the caseeditor supports

4Of course,thealgorithmsmayalsobeusedin theclassicalway, asdataminingstepoperators.
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Figure6: A smallexamplecasein thecaseeditor.

the userby automaticallyde�ning output conceptsof stepsaccordingto the meta-
dataconstraints,andby offeringpropertywindowstailoredto thedemandsof chosen
operators.

A sequenceof many steps,namelyacasein M4 terminology, transformstheorig-
inal databaseinto anotherrepresentation.Eachstepandtheir orderingis formalized
within M4, so the systemis automaticallykeepingtrack of theperformedactivities.
This enablestheuserto interactively edit andreplayacaseor partsof it.

As soonas an ef�cient chainof preprocessinghasbeenfound, it can easilybe
exportedandaddedto anInternetrepositoryof best-practiceMiningMart cases.Only
theconceptualmeta-datais submitted,soevenif acasehandlessensitive information,
asgivenfor mostmedicalor businessapplications,it is still possibleto distributethe
valuablemeta-datafor re-use,while hiding all the sensitive dataandeven the local
databaseschema.

3 The CaseBase

Oneof theproject's objectivesis to setup a case-baseof successfulcaseson the In-
ternet.The sharedknowledgeallows all Internetusersto bene�t from a new case.
Submittinga new caseof bestpracticeis a safeadvertisementfor KDD specialistsor
serviceproviders,sincetherelationaldatamodelis keptprivate.To supportusersin
�nding themostrelevantcases,their inherentstructurewill beexploited.An according
Internetinterfacewill be accessible,visualizingthe conceptualmeta-data.It will be
possibleto navigatethroughthecase-baseandto investigatesinglesteps,i.e., which
operatorswereusedon which kind of concepts.TheInternetinterfaceis supposedto
readthedatadirectly from theM4 tablesin thedatabase,avoiding additionalefforts
andredundancies.Figure7 shows a screenshotof a case's businesslevel description.
Additionally to thedataexplicitly representedin M4, abusinesslevel hasbeenadded.
This level aims at relating the caseto businessgoalsand to give several kinds of
additionaldescriptions,like which successcriteria were importantfor the case.For
instance,the salespredictionanswersthe question“How many salesof a particular
item do I have to expect?”wherethebusinessgoal is that it mustnot happenthatthe
item is sold out, but thestockshouldbeminimized.A particularapplicationneedis
that the forecastcanonly be usedif it predictsthe sales4 weeksaheadbecauseof
deliverytimes.Especiallythemoreinformaldescriptionsshouldhelpdecisionmakers
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Figure7: TheInternetinterfaceto thecasebasevisualizesall cases,their steps,embeddedoperators,
and parametersin HTML format. Entities relatedin the M4 schemaare connectedby hyperlinks.
Additionally, a businesslevel is partof the interface.It describetheavailablecasesin termslike the
addressedbusinessgoalsof the dataanalysis.After decidingfor a casewith the help of conceptual
M4 andbusinesslayerdescriptions,theusercansimplydownloadtheoneaddressingthemostsimilar
problem.The caseadaptionfacilities of The MiningMart systemhelpsto quickly adjustthe caseto
theuser's environment.
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Figure8: Theontologyof thebusinesslayer, usedto describeM4 casesin businessterms.

to �nd a casetailoredfor their speci�c domainandproblem.Theadditionalinforma-
tion is storedin anXML-representation,directly connectedto theM4 entities.On the
Internettheseconnectionsarerepresentedby hyperlinks.Figure8 showstheontology
of thebusinesslevel.

It is possibleto startthesearchfor a caseat eachcategoryof thebusinesslevel or
conceptuallevel. In this sensethecasesareindexedby all the categoriespart of the
conceptualM4 modelandthebusinessmodel.If a userconsidersa caseuseful,then
its conceptualdatacanbedownloadedfrom theserver. Thedownloadablecaseitself
is a category in theXML framework. Thelocally installedMiningMart systemoffers
animport facility, installingthemeta-datainto theuser'sM4 tables.If problemsarise,
or furtherhelp is necessary, thebusinesslevel holdsa category for thecasedesigner
or thecompany providing service.

Theprojecthasdevelopedfour cases:�

analysisof insurancedatafor directmailing [8, 7],�

call centeranalyisisfor marketing,�

analysisof dataaboutcallsandcontractsfor frauddetectionin telecommunica-
tion, and�

analysisof salesdatafor salesprediction[12].

4 RelatedWork and Conclusion

The relevanceof supportingnot only singlestepsof dataanalysisbut sequencesof
stepshas long beenunderestimated.Wherea large variety of excellent tools exist
which offer algorithmsfor a datamining step,only very few approachesexist which
tackle the taskof makingclever choicesduring preprocessingandcombiningthese
choicesto aneffectiveandef�cient sequence.TheClementinesystemoffersprocess-
ing chainsto users.However, thefocusliesonthedataminingstep,notthepreprocess-
ing chain.Thecommondataformatin tool boxessuchas,e.g.Spssor wekaprovides
userswith theprerequisitesto formulatetheir own sequences[15]. However, theuser
is programmingthesequenceandhasto do thisanew for verysimilar tasks.

Zhongandcolleagueshave proposedan agentsystem,GLS, which supportsthe
overallKDD process,i.e. preprocessing,knowledgeelicitation,andre�nementof the
result[17, 16]. In someaspects,thissystemis similarto theMiningMart. Its agentsare
our operators,its controllercorrespondsto our compiler, both systemsdescribedata
andoperatorsat themeta-level. Wherein MiningMart theoperatordescriptionentails
applicabilityconditionsandpointersto theresultingtable,in GLSthepre-andpost-
conditionsfor theapplicationof an agentarestated.Thehierarchyof agentsin GLS
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correspondsto the inheritancehierarchyof operatorsasexploited in MiningMart. In
addition,MiningMart offersanevenmoreabstractlevel for thedescriptionof a case
in businessterms.The planningapproachof GLSis alsosimilar to theuseof appli-
cability constraintsasdonein MiningMart. In contrastto IDEA, no comparisonof
quality is performedfor alternativechainsof operators.Hence,both,MiningMart and
GLSproducevalid sequencesof steps,andnoneof themperformsexperiments– as
doesIDEA – in orderto decidebetweenseveral algorithmsor agents.In additionto
thesimilarities,thetwo systemsdo,of course,alsodiffer. First, thesetof algorithms
(operatorsor agents,respectively) is different.Featuregenerationandselection– a
focusof MiningMart – is lessdevelopedwithin GLS. Dataminingalgorithmsareless
completein theMiningMart. This is noprincipledpoint,sincebothsystemsallow for
easilyenhancingthesetof operators.Second,therelationto thedatabaseis different.
The interactionbetweenGLSandthedatabaseis not the primary focusthe research
in [17, 16]. In contrast,theMiningMart residesto a largedegreewithin thedatabase,
compilesmeta-datainto SQL code,andmany of its operatorsaredirectly integrated
into thedatabase.Thisallowsto work onverylargedatabases.Third, theuseof human
expertiseis different.In GLS, someuserinteractionis requiredin orderto optimize
theautomaticallygeneratedvalid sequences.However, thenotionof a completecase
at themeta-level is notpartof themeta-model.Thismeans,thatthediversetrials to es-
tablishanoptimalsequenceof agentactivitiesarenotdocumented.Hence,experience
of failed selections,groupings,parametersettingscannotprevent usersfrom doing
so,again.Experienceof successfulcasesis not storedat themeta-level. Thereis no
mechanismto applya successfulchainto similar but differentdatabases.In contrast,
MiningMart compilesasuccessfulcasetogetherwith ameta-modelof new datainto a
runningnew KDD case.We believethatthere-useof best-practicecasesandthecase
documentationis extremelyimportant.

The recentIdea systemis also similar to the MiningMart approach[1]. Chains
of operatorsarecomposedaccordingto a rankingof algorithmsin orderto detectthe
bestchoiceof analgorithmgivendatacharacteristics.Meta-datadescribingthedataas
well asthealgorithmsareusedin orderto checkthevalidity of operatorsequencesor
incorporateanadditionalstepwhichallows to applythebestoperator. Thedifference
lies �rst in MiningMart'sorientationtowardsvery largedatabases.Ideausestheweka
dataformatand,hence,is restrictedto smaller�les. Thedatatransformationsandag-
gregationsincorporatedasmanualoperatorsin theMiningMart systemarenot taken
into accountin Idea, becausethey arenotneededin thesingletablesmallsamplerep-
resentationof wekatools.The seconddistinctionis the approachto determiningthe
bestsequenceof preprocessing.AlthoughtheMiningMart systemexploitsapplicabil-
ity conditionsof operatorsin orderto checkthevalidity of sequences,it doesnotaim
atplanningthebestsequenceor performarankingof possiblealgorithmsateachstep
of an operatorchain,as IDEA cando. Instead,MiningMart exploits the �ndings of
expertcasedesigners.Real-world applicationof knowledgediscoverycomprisehun-
dredsof stepsin aKDD run(includingmanualoperators)andrankingeveryalgorithm
at eachof thestepswould exhaustcomputingcapacity. We feel that theadaptationof
excellentlysolvedKDD problemsbestcombineshumanexpertiseandcomputational
power.

We cannow summarizethecharacteristicsof theMiningMart:

Very largedatabases: It is a databaseorientedapproachwhich easilyinteractswith
all SQL-databasesandscalesup to real-world databaseswithout any problems.
Several operatorshave beenre-implementedin order to make themreadyfor
very largedatasets.

Sophisticatedoperators for preprocessing: Preprocessingcanmakegooduseof learn-
ing operatorsasdoesthedataminingstep.For instance,a learningresultcanbe
usedto replacemissingvaluesby thelearned(predicted)values.Featuregener-
ationandselectionin thecourseof preprocessingenhancesthequality of data
thataretheinput to thedataminig step.



TheMiningMart Approachto KnowledgeDiscovery in Databases 15

Meta-data dri ven codegeneration: TheMiningMartapproachreliesonmeta-driven
softwaregeneration.Meta-dataaboutoperatorsanddataareusedby thecom-
piler in orderto generatea runningKDD application.

Casedocumentation: Meta-dataabouta casedocumentthe overall KDD process
with all operatorselectionsandtheir parametersettings.In addition,a business
layeroffersthecasedescriptionin lesstechnicaltermssothatend-usersof the
KDD processarekeptinformed.

Caseadaptation: Thenotionof a completecasein themeta-modelallows to apply
a givenexpert solutionto a new database.The useronly needsto provide the
systemwith anew datamodelandthecompilergeneratesthenew case.For �ne-
tuningthenew application,thehuman-computerinterfaceofferseasyaccessto
themeta-modelwith all operators.
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