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Abstract. Although preprocessings oneof the key issuesin dataanalysis,it is still
commonpracticeto addresshis taskby manuallyenteringSQL statementandusing
a variety of stand-aloneools. The resultsare not properly documentedand hardly
re-usable The MiningMart systempresentedn this chapterfocusseson settingup
andre-usingbest-practiceaseof preprocessingatastoredin very large databases.
A meta-datanodelnamedM4 is usedto declaratvely de ne anddocumentoth,all
stepsof sucha preprocessinghainandall the datainvolved. For dataand applied
operatorghereis anabstractevel, understandabley humanusers andanexecutable
level, usedby the meta-datacompilerto run casedor given datasets.An integrated
ervironmentallows for a rapid developmenif preprocessinghains.Caseadaptation
to differentervironmentss supportedy just specifyingall involveddatabasentities
in thetargetDBMS. Thisallowsto re-usebest-practiceasepublishecnthelnternet.

1 Acquiring Knowledgefrom Existing Databases

The useof very large databasebasenhancedn the lastyearsfrom supportingtrans-
actionsto additionallyreportingbusinesgrends.Theinterestin analyzingthedatahas
increasedOneimportanttopic is custometrelationshipmanagementith the partic-
ular tasksof customersggmentation customerpro tability, customemetention,and
customemcquisition(e.g.by directmailing). Othertasksarethe predictionof salesin
orderto minimizestocks the predictionof electricityconsumptioror telecommunica-
tion servicesat particularday timesin orderto minimize the useof externalservices
or optimize network routing, respectrely. The healthsectordemandssereral anal-
ysis tasksfor resourcemanagementjuality control, and decisionmaking. Existing
databasewhich weredesignedor transactionssuchasbilling andbooking,arenow
considereda mine of information,anddigging knowledgefrom the alreadygathered
datais considered tool for building up an organizationaimemory Managersof an
institutionwantto beinformedaboutstatesandtrendsof their businessHence they
demancconcisereportsfrom the databaselepartment.

On-line Analytical ProcessindOLAP) offers interactve dataanalysisby aggre-
gatingdataandcountingthe frequenciesThis alreadyanswersjuestiondik e the fol-
lowing:

Whataretheattributesof my mostfrequentcustomers?
Which arethe frequentlysold products?
How mary returnsdid | receve aftermy lastdirectmailing action?

Whatis the averagedurationof stayin my hospital?
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Reportsthat supportmanagersn decisionmaking needmore detailedinformation.
Questionsaremorespeci c, for instance:

Which customersare mostlikely to sell their insurancecontractbackto the
insurancecompary beforeit ends?

How mary salesof acertainitemdo| haveto expectin orderto not offer empty
shelfsto customersandat the sametime minimize my stock?

Which groupof customerdestanswergo directmailing adwertisinga particu-
lar product?

Who arethe mostcost-intensie patientsn my hospital?

KnowledgeDiscovery in Database$KDD) canbe considered high-level query
languagefor relational databaseshat aims at generatingsensiblereportssuchthat
a compaly may enhancets performanceThe high-level questionis answeredy a
datamining step.Several datamining algorithmsexist. However, their applicationis
still acumbersom@rocessSeveralreasongxplain, why KDD hasnot yetbecomea
standardprocedureWe list herethe threeobstacleghat— in our view — arethe most
importantonesandthendiscussoneafterthe other

Mosttoolsfor datamining needto handlethe datainternallyandcannotaccess
the databasalirectly. Samplingthe dataand corverting theminto the desired
formatenhanceshe effort for dataanalysis.

Preprocessingf the given datais decisie for the succes®f the datamining
step.Aggregation, discretization,datacleaning,the treatmentof null values,
andtheselectiorof relevantattributesarestepghatstill haveto beprogrammed
(usuallyin SQL)withoutarny high-level support.

The selectionof the appropriatealgorithmfor the datamining stepaswell as
for preprocessing notyetwell understoodbut remaingheresultof atrial and
errorprocess.

The corversionof given datainto the formatsof diversedatamining tools is eased
by toolboxeswhich usea commonrepresentatiotanguagdor all thetools.Then,the
given dataneedto be transformedonly onceand canbe input into diversetools. A
rst approactto suchatoolboxwasthe developmentof a CommonKnowledgeRep-
resentatioranguagg CKRL), from which translatordo severallearningalgorithms
wereimplementedn the EuropearprojectMachine LearningToolbox[3, 11]. Today
thewekacollectionof learningalgorithmsmplementedn JAVA with acommoninput
format offers the opportunityto apply several distinct algorithmson a dataset[15].
However, thesetoolboxesdo not scaleup to real-world databasesaturally*. In con-
trast,databasenanagemergystemoffer basicstatisticalor OLAP procedure®nthe
given data,but do not yet provide userswith more sophisticatedlatamining algo-
rithms. Building uponthe databasdacilities and integratingdatamining algorithms
into the databaservironmentwill be the synegy of both developmentsWe expect
the rst obstacl€for KDD applicationgo be overcomevery soon.

The secondobstacles the mostimportantone.If we inspectreal-world applica-
tions of knowledgediscovery, we realizethatup to 80 percentof the efforts arespent
on the clever preprocessingf the data.Preprocessingaslong beenunderestimated,
both, in its relevanceandin its compleity. If the datacorversionproblemis solved,
the preprocessings not at all done.Featuregeneratiorandselectiort (in databases
thismeango constructadditionalcolumnsandselecttherelevantattributesfor further

1Specializecbn multi-relationallearningalgorithms,the ILP toolboxfrom Stefan Wrobel (to be published
in the network ILPnet2)allowsto try severallogic learningprogramson a database.

2Specializedon featuregeneratiorand selection the toolbox YALE offers the opportunityto try andtest
diversefeaturesetsfor learningwith the supportvectormaching(6]. However, the YALE ervironmentdoesnot

accesadatabase.
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learning)is a major challengefor KDD [9]. Machinelearningis not restrictedto the
datamining step,but is alsoapplicablein preprocessingrhis view offersa variety of
learningtasksthatarenotaswell investigatedsis learningclassi ers.Forinstancean
importanttaskis to acquireeventsandtheir duration(i.e. atime interval) on the basis
of time series(i.e. measurementat time points).Anotherexampleis thereplacement
of null valuesin the databasdy the resultsof a learningalgorithm.Given attributes

without null values,we maytrain our algorithmto predictthe valuesof attribute

on thoserecords,which do have avaluefor . Thelearningresultcanthenbe
appliedin orderto replacenull valuesin . Recordswithoutnull valuesareaprereq-
uisite for the applicationof somealgorithms.Thesealgorithmsbecomeapplicableas
thedatamining stepbecausef thelearningin the preprocessingdith respecto pre-
processingwe arejust beginningto explore our opportunitiesit is a eld of greatest
potential.

The third obstacle the selectionof the appropriatealgorithm for a datamining
taskhaslong beenontheresearctagendaf machinelearning. The mainproblemis,
thatnobodyhasyet beenableto identify reliablerulespredictingwhenonealgorithm
shouldbe superiorto others.Beginning with the Mit-Consultant[13] therewasthe
ideaof having a knowledge-basedystemsupportthe selectionof a machineearning
methodfor an application.The MIt-Consultantsucceededh differentiatingthe nine
learningmethodsof the MachineLearningToolboxwith respecto speci ¢ syntactic
propertiesof the input and outputlanguage®f the methods However, therewaslit-
tle successn describingand differentiatingthe methodson an applicationlevel that
wentbeyondthe well known classi cationof machinelearningsystemsnto classi -
cationlearning,rule learning,andclustering.Also, the EuropearStatlay-Project[10],
which systematicallyappliedclassi cationlearningsystemso variousdomainsdid
not succeedn establishingriteriafor the selectionof the bestclassi cationlearning
system It wasconcludedhat somesystemshave generallyacceptablgerformance.
In orderto selecthebestsystenfor acertainpurposethey musteachbeappliedto the
taskandthe bestselectedhrougha test-methoduchascross-alidation. Theusinger
andLindner[14] arein the processof re-applyingthis ideaof searchingor statisti-
cal datasetharacteristicmecessaryor the successfuapplicationsof tools. An even
moredemandingapproaciwasstartecby Engels[4]. Thisapproachmotonly attempts
to supportthe selectionof datamining tools, but to build a knowledge-basegrocess
planningsupportfor the entire knowledgediscovery process.To datethis work has
not led to a usablesystem[5]. The Europeanproject MetaL now aims at learning
how to combinelearningalgorithmsand datasetg§2]. Although successfuln mary
respectsthereis notenoughknowledgeavailablein orderto proposehecorrectcom-
binationof preprocessingperationdor a given dataseandtask. The IDEA system
now tries the bottom-upexploration of the spaceof preprocessinghains[1]. Ide-
ally, the systemwould evaluateall possibletransformationsn parallel,and propose
the mostsuccessfusequenc®f preprocessingtepsto the user For shortsequences
andfew algorithms this approacthis feasible Problemdik e the collectionof all data
concerningone customer(or patient)from several tables,or the generatiorof most
suitablefeatureenlagethe preprocessingequencesonsiderablyMoreover, consid-
eringlearningalgorithmsaspreprocessingtepsnlagesthesetof algorithmsperstep.
For long sequenceandmary algorithmsthis principledapproactof IDEA becomes
computationallyinfeasible.

If the pairingof dataandalgorithmsis all thatdif cult, canwe supportanapplica-
tion developeratall? Thedif culty of theprincipledapproache® algorithmselection
is thatthey all startfrom scratch.They apply rulesthat pair dataandalgorithmchar
acteristicspr planasequencef stepsor try andevaluatepossiblesequencefor each
applicationanav. However, therearesimilarapplicationsvheresomebodyasalready
donethe cumbersomexploration.Why not usingtheseefforts to easethe new appli-
cation development™ormally, it is much easierto solve a taskif we areinformed
aboutthe solutionof a similartask.Thisis thebasicassumptiorof case-baserkason-
ing andit is the basisof the MiningMart approachA successfutaseof a full KDD
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procesds describedat the meta-level. This descriptionat the meta-level canbe used
asablueprintfor othet similar caseslIn this way, the MiningMart project easespre-
processingandalgorithmselectionin orderto make KDD an actualhigh-level query
languageaccessingealworld databases.

2 The MiningMart Approach

Now thatwe have statedour goal of easingthe KDD processwe may ask: Whatis
MiningMart's pathto reachingthe goal?A rst stepis to implementoperatorghat
performdatatransformationsuchas,e.g.,discretizationhandlingnull valuesaggre-
gationof attributesinto a new one,or collectingsequencefrom time-stampediata.
Theoperatorgirectly accesshe databasandarecapableof handlinglargemassesf
data.

Givendatabaserientedoperatordor preprocessinghe secondstepis to develop
andcollectsuccessfutasef knowledgediscovery. Sincemostof thetimeis usedto

nd chainsof operatorapplicationghatleadto goodanswergo complex questionsit
is cumbersoméeo developsuchchainsover andover againfor very similar discovery
tasksanddata.Currently in practiceeventhe sametaskon dataof the sameformat
is implementedanev every time new dataareto beanalyzedThereforethere-useof
successfutasesspeedaip the processconsiderably The particularapproachof the
MiningMatrt projectis to allow there-useof casedy meanf meta-dataalsocalled
ontolagies Meta-datadescribethe dataaswell asthe operatorchains.A compiler
generatethe SQL codeaccordingo the meta-data.

Several KDD applicationshave beenconsideredvhendevelopingthe operators,
the method,andthe meta-modelin the remainingpart of this chapterwe shall rst
presenthe meta-dataogetherwith their editorsandthe compiler We thendescribe
the casebaseWe concludethe chapteby summarizinghe MiningMart approactand
relatingit to otherapproaches.

2.1 TheMeta-Modelof Meta-DataM4

Ontologiesor meta-datdnave beenakey to succesén severalareasFor our purposes,
the advantage®f meta-datalrivensoftwaregeneratiorare:

Abstraction: Meta-dataaregivenatdifferentlevelsof abstractiona conceptua({ab-
stract)and a relational (executable)evel. This makesan abstractcaseunder
standablendre-usable.

Data documentation: All attributestogethemwith thedatabaséablesandviews,which
areinputto apreprocessinghainareexplicitly listedatboth,theconceptuaand
relationalpart of the meta-datdevel. An ontology allows to organizeall data
by meansf inheritanceandrelationshipsetweenconceptsFor all entitiesin-
volved,thereis atext eld for documentationThis makesthe datamuchmore
understandable.g.by humandomainexperts,thanjust referringto the names
of speci c databas@bjects.Furthermorestatisticsandimportantfeaturesfor
datamining (e.g.,presencef null values)areaccessibl@aswell. This extends
the meta-dataasareusualin relationaldatabaseandgivesa goodimpression
of thedatasetsathand.

Casedocumentation: Thechainof preprocessingperatorss documentedaswell.
Firstof all thedeclaratve de nition of anexecutablecasein the M4 modelcan
alreadybe consideredo bedocumentationFurthermoreapartfrom theoppor
tunity to use“speakingnames’for stepsanddataobjects therearetext elds to
documentall stepsof a casetogetherwith their parametesettings.This helps
to quickly gure out the relevanceof all stepsandmakescaseseproducable.

3TheMiningMart projectis supportedy the Europearinion underthe contractiST-11993
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Figurel: Overview of the MiningMart system

In contrastthe currentstateof documentatioris mostoftenthe memoryof the
particularscientistwho developedthe case.

Easeof caseadaptation: In orderto run a given sequencef operatorson a new
databaseonly the relational meta-dataand their mappingto the conceptual
meta-datehasto be written. A salespredictioncasecan for instancebe ap-
plied for differentkinds of shopsor a standarcgsequencef stepsfor preparing
time seriedfor aspeci ¢ learnemightevenbeappliedasatemplaten very dif-
ferentmining contets. The sameeffect easeghe maintanancef caseswhen
the databasaschemachangesver time. The userjust needgo updatethe cor-
respondingdinks from the conceptuato therelationallevel. This is especially
easyhaving all abstractM4 entitiesdocumented.

The MiningMart projecthasdevelopeda modelfor meta-dataogethemwith its com-
piler, andhasimplementechuman-computeinterfacesthatallow databasenanagers
andcasedesignerdo Il in theirapplication-speci cmeta-dataThe systemwill sup-
port preprocessingndcanbe usedstand-alon®r in combinationwith a toolbox for
the datamining step.

This sectiongivesanoverview of how acases representedtthe meta-level, how
it is practically appliedto a databaseand which stepsneedto be performed,when
developinga new caseor adaptinga givenone.

The form in which meta-dataare to be written is speci ed in the meta-model
of meta-dataM4. It is structuredalongtwo dimensionstopic and abstractionThe
topic is eitherthe dataor the case.The dataare the onesto be analyzed.The case
is a sequencef (preprocessingyteps.The abstraction is either conceptuabr rela-
tional. Wherethe conceptualevel is expectedo be the samefor variousapplications,
the relationallevel actuallyrefersto the particulardatabaset hand.The conceptual
datamodeldescribegonceptdik e Customer andProduct andrelationshipbetween
themlike Buys. The relationaldatamodeldescribeghe businesslatathat are ana-
lyzed. Most oftenit alreadyexistsin the databaseystemin the form of the database
schemaThemeta-datavrittenin theform asspeci edby M4 arestoredin arelational
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Figure2: Simpli®edUML diagramof the MiningMart MetaModel (M4)
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Figure3: The ConceptEditor

databas¢hemseles.

Figure2 shows a simpli ed UML diagramof the M4 model.Eachcasecontains
stepsgachof whichembedsanoperatoranparametersipartfrom valuesnot shovn
here parametersaybe conceptsbaseattributes,or amulti columnfeature afeature
containingmultiple baseattributes. This part is a subsetof the conceptualpart of
M4. The relational part containscolumnsetsand columns.Columnsetseither refer
to databaseables,or to virtual (meta-dataonly) or databaseiews. Eachcolumnset
consistof asetof columns,eachof which refersto a databasattribute. On the other
handcolumnsarethe relationalcounterparbf baseattributes.For columnsandbase
attributesthereis a prede nedsetof datatypes,whichis alsoomittedin Figure2.

2.2 Editingthe ConceptuaData Model

Asdepictedn Figurel, therearedifferentkindsof expertsworking atdifferentendsof
a knowledgediscovery processFirst of all a domainexpertwill de ne a conceptual
datamodel, using a concepteditor. The entitiesinvolved in datamining are made
explicit by this expert. The conceptuaimodelof M4 is aboutconceptdaving featues
andrelationshipshetweertheseconcepts.

Exampledor conceptareCustomer andProduct. Althoughatthe currentstage
of developmentconceptgeferto eitherdatabaseiews or tables,they shouldrather
be consideredas part of a more abstractmodel of the domain.Conceptsconsistof
featuresgitherbaseattributesor multi columnfetures.A baseattribute corresponds
to a single databasaettribute, e.g.the nameof a customer A multi columnfeature
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Figure4: Statisticsof a databaseiew

is a featurecontaininga x ed setof baseattributes. This kind of featureshouldbe
usedwheninformationis split over multiple baseattributes. An exampleis to de ne a
singlemulti columnfetaurefor theamountandthe curreng of a banktransferwhich
arebothrepresentetly baseattributes.

Relationshipsare connectionshetweenconcepts.There could be a relationship
namedBuys betweenthe conceptsCustomer and Product, for example. At the
databasdevel one-to-maw relationshipsare representedby foreign key references,
mary-to-mary relationshipamake useof crosstables. However, thesedetailsarehid-
denfrom theuseratthe abstractonceptualevel.

To organizeconceptsandrelationshipghe M4 modelofferstheopportunityto use
inheritance Modelling the domainin this fashion the conceptCustomer could have
subconcepttike Private Customer andBusiness Customer. Subconceptiherit
all featuresof their superconcepfThe relationshipBuys could for instancehave a
subrelationshiPurchases on credit.

Figure 3 showns a screenshoof the concepteditor, while it is usedto list andedit
baseattributes. The right part of the lower window statesthat the selectecconcept
Sales Data is connectedo anotherconceptHolidays by a relationshipweek has
holiday.

2.3 EditingtheRelationalModel

Givenaconceptuatlatamodel,a databas@dministratomapstheinvolvedentitiesto
thecorrespondinglatabasebjects.Therelationaldatamodelof M4 is capableof rep-
resentingall therelevantpropertieof arelationaldatabaserhe mostsimplemapping
from the conceptualo the relationallevel is given, if conceptsdirectly correspond
to databaseéablesor views. This canalwaysbe achiezed manuallyby inspectingthe
databaseand creatinga view for eachconcept.However, more sophisticatedvays
of graphicallyselectingfeaturesin the databaseand aggreatingthemto concepts
increaseheacceptancby endusersandeasehe adaptatiorof casego othererviron-
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Figure5: An illustrationof the couplingof the abstractonceptuahndexecutabldevel.

ments.In the MiningMart project,therelationaleditoris intendedo supporthis kind
of actiity. In generalit shouldbe possibleto mapall reasonableepresentationef
entitiesto reasonableonceptuatle nitions. A simplemappingof the conceptCus-
tomer, containingthefeaturesCustomer ID, Name, Address to thedatabasevould
be to statethat the table CUSTOMER holdsall the necessanrattributes,e.g. CUS-
TOM_ID, CUST_NAME andCUST_ADDR. Having theinformationaboutnameand
addresdlistributedover differenttables(e.g.sharingthe key attribute CUSTOM_ID)
is an examplefor morecomplex mappingsin this casethe relationeditor shouldbe
ableto useajoin operation.

Apart from connectingconceptuato databasentities,the relationeditor offersa
dataviewer andis capableof displayingstatisticsof connectediiews or tables Figure
4 shows anexampleof the statisticsdisplayed For eachview or tablethe numberof
tuplesandthenumberf nominal,ordinalandtime attributesarecounted For numer
ical attributesthe numberof differentandmissingvaluesis displayedthe minimum,
maximum,average medianandmodalvaluearecalculatedogethewith the standard
deviation andvariance For ordinalandtime attributesthe mostreasonablsubsef
thisinformationis given.Finally we haveinformationon thedistribution of thevalues
for all attributes.

2.4 TheCaseandlIts Compiler

All theinformationabouttheconceptuatiescription@ndabouttheaccordingdatabase
objectsinvolvedarerepresentewvithin the M4 modelandstoredwithin relationalta-
bles.M4 casedenotea collectionof steps basicallyperformedsequentiallyeachof
which change®r augment®neor moreconceptsEachstepis relatedto exactly one
M4 operator, andholdsall of its inputargumentsThe M4 compilerreadshe speci -
cationsof stepsandexecuteshe accordingoperatoy passingall the necessarynputs
to it. This processequiresthe compilerto translatethe conceptuakntities, lik e input
conceptf a step,to the correspondingelationalentities,like database¢ablename,
the nameof a view or the SQL de nition of a virtual view, which is only de ned as
relationalmeta-datan the M4 model.

Two kindsof operatorsaredistinguishedmanualandmachindearningoperators.
Manualoperatorgustreadthe M4 meta-dataf theirinputandaddan SQL-de nition
to themeta-datdor theiroutput,establishin@virtualtable.Currently theMiningMart
systemoffers 20 manualoperatorsfor selectingrows, selectingcolumns,handling
time data,andgeneratingiew columnsfor the purpose®f, e.g.,handlingnull values,
discretizationmoving windows overtime seriesgatheringnformationconcerningan
individual (e.g.,customepatient,shop).

Externalmachinelearning operatorson the other hand are invoked by using a
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wrapperapproachCurrently the MiningMart systemofferslearningof decisiontrees,
k-means andthe supportvector machineas learning preprocessingperatoré. The
necessarpusinesdlataarereadfrom the relationaldatabasé¢ables,corvertedto the
requiredformatandpassedo the algorithm.After executionthe resultis readby the
wrapper parsed and either storedasan SQL-function,or materializedas additional
businesglata.

In ary casethe M4 meta-datawill have to beupdateddy thecompiler A complex
machinelearningtool to replacemissingvaluesis an examplefor operatorsaltering
the databaseln contrastfor operatordike a join it is sufcient to virtually addthe
resultingview togethemith its correspondingQL-statemento the meta-data.

Figure5illustrates how the abstracandtheexecutableor relationallevel interact.
Firstof all justtheuppersequencés given,aninputconceptastep,andanoutputcon-
cept. The conceptde nitions containfeaturesthe stepcontainsan operatortogether
with its parametesettings Apartfrom operatorspeci ¢ parametergheinputandout-
putconceptareparametersf the step,aswell. Thecompilerneedgheinputs,e.g.the
input concepiandits featurego bemappedo relationalobjectsbeforeexecution.The
mappingmayeitherbede ned manually usingtherelationeditor, or it maybearesult
of executingthe preceedingtep.If thereis a correspondingelationaldatabasebject
for eachinput, thenthe compilerexecutegshe embeddeaperatorin the examplethis
is asimpleoperatomamed'DeleteRavsWithMissing\alues”.The correspondingx-
ecutablepart of this operatorgenerates view de nition in the databasendin the
relationalmeta-dateaof M4. The latter is connectedo the conceptualevel, so that
afterwardsthereis a mappingfrom the outputconceptto a view de nition. The gen-
eratedviews may be usedasinputsto subsequerdtepsor they maybeusedby other
toolsfor thedatamining step.

Following the overallideaof declaratve knowledgerepresentationf the project,
known pre-conditionsand assertion®f operatorsare formalizedin the M4 schema.
Conditionsare checled at runtime, beforean operatoris applied.Assertionshelpto
decreas¢he numberof necessarylatabasaccessedyecausaecessarpropertieof
the datacanbederivedfrom formalizedknowledge saving expensve databasscans.
A stepreplacingmissingvaluesmight be skippedfor instancejf the precedingoper
ator is known not not produceary missingvalues.If a userapplieslinear scalingto
an attribute, thenall valuesareknown to lie in a speci c interval. If the succeeding
operatorequiresall valuesto be positive, thenthis pre-conditioncanbe derivedfrom
the formalizedknowledgeaboutthe linear scalingoperatoyratherthanto recalculate
this propertyby anotherdatabasscan.

The taskof a casedesignerideally a datamining expert,is to nd sequencesf
stepgesultingin arepresentatiowell suitedfor thegivendataminingtask.Thiswork
is supportedy a specialtool, the caseeditor. Figure6 showvs a screenshodf arather
small example caseeditedby this tool. Typically a preprocessinghain consistsof
mary differentsteps,usually organizedas a directedacgyclic graph,ratherthanasa
linearsequencasthe examplecaseshovn in Figure6. To supporthecasedesignemla
list of availableoperatorsaandtheir overall catgyories,e.g.featureconstructionclus-
teringor samplingis partof theconceptuatasemodelM4. Theideais to offera x ed
setof powerful pre-processingperatorsin orderto offer acomfortableway of setting
up case®ntheonehand,andensuringe-usabilityof caseontheother By modeling
realworld casesn the scopeof the projectfurtherusefuloperatorswill beidenti ed,
implementecandaddedo therepository

For eachstepthe casedesignerchoosesan applicableoperatorfrom the collec-
tion, setsall of its parametersassigngheinput conceptsinput attributesand/orinput
relationsand speci esthe output. To easethe processof editing casesapplicability
constraint®nthebasisof meta-datareprovidedasformalizedknowledgeandareau-
tomaticallychecledby the humancomputelinterface.This way only valid sequences
of stepscan be producedby a casedesignerFurthermorethe caseeditor supports

40f coursethealgorithmsmayalsobe usedin the classicalway, asdatamining stepoperators.
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Figure6: A smallexamplecasen the caseeditor

the userby automaticallyde ning outputconceptsof stepsaccordingto the meta-
dataconstraintsandby offering propertywindows tailoredto the demand®f chosen
operators.

A sequencef mary stepsnamelya casein M4 terminology transformgheorig-
inal databaseénto anotherrepresentationEachstepandtheir orderingis formalized
within M4, sothe systemis automaticallykeepingtrack of the performedactuities.
This enablegheuserto interactvely editandreplaya caseor partsof it.

As soonas an ef cient chain of preprocessindnasbeenfound, it caneasily be
exportedandaddedo aninternetrepositoryof best-practicdliningMart casesOnly
theconceptuaimeta-datas submitted soevenif acasehandlesensitve information,
asgivenfor mostmedicalor businessapplicationsit is still possibleto distributethe
valuablemeta-dateor re-use,while hiding all the sensitve dataand eventhe local
databasschema.

3 The CaseBase

Oneof the project's objectivesis to setup a case-basef successfutasesn theIn-
ternet. The sharedknowledgeallows all Internetusersto bene t from a new case.
Submittinga new caseof bestpracticeis a safeadwertisemenfor KDD specialistsor
serviceproviders,sincethe relationaldatamodelis kept private. To supportusersin
nding themostrelevantcasestheirinherentstructurewill beexploited.An according
Internetinterfacewill be accessibleyisualizingthe conceptuameta-datalt will be
possibleto navigatethroughthe case-basandto investigatesinglestepsi.e., which
operatorsvereusedon which kind of conceptsThe Internetinterfaceis supposedo
readthe datadirectly from the M4 tablesin the databaseavoiding additionalefforts
andredundanciegrigure7 shows a screenshoof a cases businesdevel description.
Additionally to thedataexplicitly representeth M4, abusinesdevel hasbeenadded.
This level aims at relating the caseto businessgoalsandto give several kinds of
additionaldescriptions)ike which succesgriteria wereimportantfor the case.For
instance the salespredictionanswerghe question*How mary salesof a particular
item do | have to expect?”wherethe businesgyoalis thatit mustnot happerthatthe
item is sold out, but the stock shouldbe minimized.A particularapplicationneedis
that the forecastcanonly be usedif it predictsthe sales4 weeksaheadbecauseof
deliverytimes.Especiallythemoreinformal descriptionshouldhelpdecisionmakers

11
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Figure7: The Internetinterfaceto the casebasevisualizesall casestheir stepsembeddeaperators,
and parametersn HTML format. Entities relatedin the M4 schemaare connectedoy hyperlinks.
Additionally, a businesdevel is partof theinterface.It describethe available casesn termslike the

addressedbusinesggoalsof the dataanalysis.After decidingfor a casewith the help of conceptual
M4 andbusinesdayerdescriptionsthe usercansimply dovnloadthe oneaddressinghe mostsimilar

problem.The caseadaptionfacilities of The MiningMart systemhelpsto quickly adjustthe caseto

theusers ervironment.
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Figure8: Theontologyof the businesdayer, usedto describeM4 casesn businesgerms.

to nd acasetailoredfor their speci c domainandproblem.The additionalinforma-
tion is storedin an XML-representationdirectly connectedo the M4 entities.Onthe
Internettheseconnectionarerepresentely hyperlinks.Figure8 shavstheontology
of thebusinesdevel.

It is possibleto startthe searcHor a caseat eachcategory of the businesdevel or
conceptualevel. In this sensehe casesareindexed by all the cateyoriespart of the
conceptuaM4 modelandthe businessnodel.If auserconsidersa caseuseful,then
its conceptuatlatacanbe downloadedfrom the sener. The downloadablecaseitself
is acatggoryin the XML framework. Thelocally installedMiningMart systemoffers
animportfacility, installingthe meta-datanto theusers M4 tables.If problemsarise,
or further helpis necessarythe businesdevel holdsa category for the casedesigner
or thecompaly providing service.

The projecthasdevelopedfour cases:

analysisof insurancedatafor directmailing[8, 7],
call centeranalyisisfor marketing,

analysisof dataaboutcallsandcontractdor fraud detectionin telecommunica-
tion, and

analysisof salesdatafor salesprediction[12].

4 RelatedWork and Conclusion

The relevanceof supportingnot only single stepsof dataanalysisbut sequencesf
stepshaslong beenunderestimatedwhere a large variety of excellenttools exist
which offer algorithmsfor a datamining step,only very few approachesxist which
tackle the task of making clever choicesduring preprocessingnd combiningthese
choicesto aneffective andef cient sequenceThe Clementinesystemoffersprocess-
ing chaingto usersHowever, thefocusliesonthedatamining step,notthepreprocess-
ing chain.The commondataformatin tool boxessuchas,e.g.Spssor wekaprovides
userswith the prerequisiteso formulatetheir own sequencefl5]. However, theuser
is programminghe sequencandhasto do this anev for very similar tasks.
Zhongand colleagueshave proposedan agentsystem,GLS which supportsthe
overallKDD processi.e. preprocessingnowledgeelicitation,andre nementof the
result[17, 16]. In someaspectsthis systemis similarto theMiningMart. Its agentsare
our operatorsijts controllercorrespondso our compiler both systemslescribedata
andoperatorsatthe meta-level. Wherein MiningMart the operatordescriptionentails
applicability conditionsand pointersto the resultingtable,in GLSthe pre-andpost-
conditionsfor the applicationof an agentare stated.The hierarchyof agentsn GLS
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correspondso the inheritancehierarchyof operatorsasexploitedin MiningMart. In
addition,MiningMart offers an evenmore abstractevel for the descriptionof a case
in businesgerms.The planningapproactof GLSis alsosimilar to the useof appli-
cability constraintsas donein MiningMart. In contrastto IDEA, no comparisonof
quality is performedfor alternatve chainsof operatorsHence both,MiningMart and
GLSproducevalid sequencesf steps,andnoneof themperformsexperiments- as
doesIDEA — in orderto decidebetweenseveral algorithmsor agentsln additionto
the similarities,the two systemslo, of course alsodiffer. First, the setof algorithms
(operatorsor agentsrespectiely) is different. Featuregeneratiorand selection— a
focusof MiningMart —is lessdevelopedwithin GLS Datamining algorithmsareless
completen the MiningMart. Thisis no principledpoint, sinceboth systemsallow for
easilyenhancinghe setof operatorsSecondtherelationto the databasés different.
The interactionbetweenGLS andthe databasés not the primary focusthe research
in [17, 16]. In contrastthe MiningMart residedo a large degreewithin the database,
compilesmeta-datanto SQL code,andmary of its operatorsaredirectly integrated
into thedatabaseThisallowsto work onverylargedatabased hird, theuseof human
expertiseis different.In GLS someuserinteractionis requiredin orderto optimize
the automaticallygeneratedialid sequenced-owever, the notion of a completecase
atthemeta-level is notpartof themeta-modelThis meansthatthediversetrialsto es-
tablishanoptimalsequencef agentactiities arenotdocumented-Hence experience
of failed selectionsgroupings,parametesettingscannotprevent usersfrom doing
S0, again.Experienceof successfutaseds not storedat the meta-lerel. Thereis no
mechanisnto applya successfuthainto similar but differentdatabasedn contrast,
MiningMart compilesa successfutasetogethemwith a meta-modebf new datainto a
runningnen KDD case We believe thatthe re-useof best-practiceasesandthe case
documentatioiis extremelyimportant.

The recentldea systemis also similar to the MiningMart approach1]. Chains
of operatorarecomposedccordingto a rankingof algorithmsin orderto detectthe
bestchoiceof analgorithmgivendatacharacteristicdVieta-datadescribinghedataas
well asthe algorithmsareusedin orderto checkthevalidity of operatorsequencesr
incorporateanadditionalstepwhich allows to apply the bestoperator Thedifference
lies rst in MiningMart's orientationtowardsvery large databasesdeausesheweka
dataformatand,hencejs restrictedto smaller les. Thedatatransformationandag-
gregationsincorporatecasmanualoperatorsn the MiningMart systemarenot taken
into accountn ldea, becaus¢hey arenot neededn thesingletablesmallsamplerep-
resentatiorof wekatools. The seconddistinctionis the approacho determiningthe
bestsequencef preprocessingAlthoughthe MiningMart systemexploits applicabil-
ity conditionsof operatorsn orderto checkthevalidity of sequencest doesnotaim
at planningthe bestsequencer performarankingof possiblealgorithmsat eachstep
of an operatorchain,asIDEA cando. Instead,MiningMart exploits the ndings of
expertcasedesignersReal-world applicationof knowledgediscovery comprisehun-
dredsof stepsn aKDD run(includingmanualoperatorspandrankingevery algorithm
at eachof the stepswould exhaustcomputingcapacity We feel thatthe adaptatiorof
excellently solvedKDD problemsbestcombineshumanexpertiseandcomputational
power.

We cannow summarizehe characteristicef the MiningMart:

Very largedatabases: It is a databas@rientedapproactwhich easilyinteractswith
all SQL-databasesndscaleaupto real-world databasewithout any problems.
Several operatorshave beenre-implementedn orderto make themreadyfor
very large datasets.

Sophisticatedoperatorsfor preprocessing: Preprocessinganmake gooduseof learn-
ing operatorasdoesthedatamining step.For instancealearningresultcanbe
usedto replacemissingvaluesby thelearnedpredicted)values Featuregener
ationandselectionin the courseof preprocessingnhanceshe quality of data
thataretheinputto the dataminig step.
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Meta-data dri ven codegeneration: TheMiningMartapproacheliesonmeta-drven
softwaregenerationMeta-dataaboutoperatorsand dataare usedby the com-
piler in orderto generatea runningKDD application.

Casedocumentation: Meta-dataabouta casedocumentthe overall KDD process
with all operatorselectionsandtheir parametesettings.In addition,a business
layer offersthe casedescriptionin lesstechnicaltermssothatend-user®f the
KDD processarekeptinformed.

Caseadaptation: Thenotionof a completecasein the meta-modebllows to apply
a givenexpertsolutionto a new databaseThe useronly needsto provide the
systemwith anew datamodelandthecompilergeneratethenew caseFor ne-
tuningthe new applicationthe human-computeinterfaceofferseasyaccesgo
themeta-modeWith all operators.
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