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1 Introduction
KnowledgeDiscovery in Databases(KDD) canbeconsid-
ereda high-level query languagefor databases,aimedat
generatingquality reportswhich supportdecisionmaking
on variouslevels of an institution. However, today there
arethreemainobstaclesto overcomebeforethehigh-level
supportcanbesatisfactory.

Firstly, mosttools for datamining do not offer database
access,but demandthe user to draw a samplefrom the
databaseandto convert it into a specificformat. Secondly,
datapreprocessing,which is crucial for the successof the
datamining step,is not sufficiently supported.Preprocess-
ing includesaggregation,discretisation,datacleaning,and
treatmentof missingvalues.Featuregenerationandselec-
tion arealsomajorchallengesfor KDD [3].

Although up to 80 percentof the efforts in KDD pro-
cessesarespenton clever preprocessingit is still common
practiceto carry out this task manuallyby applying low
level methodsincluding SQL statementsandPerl scripts.
As the third obstaclethe selectionof an appropriatealgo-
rithm for datamining,giventhedata,is notyetwell under-
stood,but remainstheresultof a trial anderrorprocess.

Wewouldliketo offer supportto developersof KDD ap-
plicationsto easethe complex tasksof preprocessingand
theselectionof a suitabledatamining algorithm.Theidea
behind the MiningMart approachstemsfrom case-based
reasoning:it is much easierto solve a task if a solution
of a similar taskis known. MiningMart thusoffersanen-
vironmentto develop, documentandsharecompletedata
processingchainsfrom the raw datatablesin a relational
databaseto the final datamining application. Thesepro-
cessingchainsarecalledcasesin MiningMart. The cases
aswell as the dataitself aremodelledin the MiningMart
meta-model,which is madeexecutableby a compiler. The
casemodelscanbepublishedontheMiningMart webplat-
form1 to be downloadedand modifiedby other usersfor
their own applications.

The main advantagesof this metadata-basedapproach
are:

Abstraction: Metadataaregivenat differentlevelsof ab-
straction,a conceptualand a relational level. This
makesanabstractcaseunderstandableandre-usable.

Data and Case documentation: Thedatabaseobjects(ta-
blesor views)aswell astheirconceptualcounterparts
aredeclaratively stored.Sois thechainof preprocess-
ing operations,includingall operators’parameterset-
tings etc. All entitiescanbe givenexplainingnames
andfurtherfreetext descriptions.Thusall detailsof a

1http://mmart.cs.uni-dortmund.de/

casecanbe restored,modifiedandexecutedagainat
any time.

Ease of case adaptation: In orderto runagivensequence
of operatorson a new database,only the relational
metadataand their mappingto the conceptualmeta-
datahave to bewritten.

2 The MiningMart Meta Model, M4
In order to exchange successfulknowledge discovery
cases,a formalismto describethemin abstract,yet oper-
ational termsproved to be adequate.A conceptualdata
modelis usedto referencedataby commoneverydayno-
tionsratherthanby specificdatabasenames.All datatrans-
actionsaredescribedat this level. Of course,this concep-
tual level mustbe mappedto the actualdata,which is de-
scribedby therelationaldatamodel. After thatusersonly
work with theconvenientconceptualmodel.

The formalismbehindthe conceptualdatamodel is an
ontology. It introducesconceptsandrelationshipsbetween
them. To further organiseconceptsand relationshipsthe
conceptualdatamodelofferstheopportunityto useinheri-
tance.Examplesfor conceptsareCustomer andProd-
uct; they might be connectedby a relationshipcalled
Buys. Customer couldhavesubconceptslikePrivate
Customer andBusiness Customer. All theseob-
jectscanbe considereda part of an abstractmodelof the
applicationdomain,asconceptsallow to bundle informa-
tion from differenttables.Givena conceptualdatamodel,
a graphicaltool supportsthe creationof a mappingof the
involvedentitiesto thecorrespondingdatabaseobjects(the
relationalmodel).

The next step is to implementoperators that perform
data transformationssuch as discretisation,treatmentof
null values, aggregation of attributes into a new one,
or collectingsequencesfrom time-stampeddata. The se-
quenceof operatorsis called the casemodel. Settingup
or adjustingcasesis supportedin MiningMart by a spe-
cial graphicaleditor. Together, the threemodels(concep-
tual andrelationaldatamodel,andcasemodel) form the
MiningMart metamodel,M4. Thusthesameformalismis
usedfor the metadataandfor the descriptionof the KDD
process.M4 is storedin separatetablesof the relational
databaseused.

Thesystemis designedsuchthatnew operatorscaneas-
ily be integrated.By modellingreal world casesin future
applications,furtherusefuloperatorswill beidentified,im-
plementedandaddedto therepository.

To easethe processof editing cases,applicability con-
straintsonthebasisof metadataareprovidedasformalised
knowledgeand are automaticallychecked by the human



computerinterface. In this way only valid sequencesof
steps� canbeproducedby a casedesigner.

From the casemodel of the operatorchains,the Min-
ingMart compilercreatesSQL codethatperformsthedata
processingstepsasspecifiedby thechains(seesection3).

3 MiningMart Components
MiningMart hasgot threemaincomponents:themetadata
modelM4, which is explainedin theprevioussection;the
compiler, which makesa caseexecutable;andthe graph-
ical usereditors. A fourth part of the project is the web
platform which allows to exchangecases.The compiler,
the editorsandthe web platform aredescribedin the fol-
lowing sections3.1,3.2and3.3,respectively.

3.1 The M4 Compiler
The task of the compiler is to translatethe operatorse-
quencesfrom thecasemodelto executableSQL.To do so,
it usesstaticinformation(storedin M4) abouteachopera-
tor. Theseoperatorspecificationsdefinewhatkind of input
andoutputtheoperatorexpects.For example,anoperator
removing all recordswith missingvaluesfor a specificat-
tribute expectsas its input the namesof the attribute and
its associatedconcept.Theoutputis a new concept,asso-
ciatedwith a databaseview whoserecordsdo not have a
null valuein thespecifiedattribute.

TheM4 compilerreadsthestaticoperatorspecifications,
finds the definitionsof parametersin the casemodeland
executesthe operatorfor the correspondingdatabaseob-
jects.Succeedingoperatorscanthenaccesstheoutputcon-
ceptandreadits datalikeany otherone.

3.2 The Graphical Editors
MiningMart’s graphicaleditorsoffer an intuitive accessto
the knowledgediscovery process. Operatorsform a di-
rectedacyclic graph.Theirinputsandoutputsaredisplayed
andcanbeeditedafterdouble-clickingon the icons. New
operatorscanbe selectedfrom a menuandbe insertedat
any point. In this way, the casemodelcanbe developed
easilyandintuitively.

Anothereditorallows to createandmodify theconcep-
tualdatamodel,mapit to databaseobjects,inspectthedata
andits statistics.

3.3 The Web Platform
Oneof thebasicideasbehindMiningMart is theaspectof
sharingknowledgeaboutsuccessfulcases. The Mining-
Mart projecthassetupacentralwebplatformwhichallows
thepublic exchangeanddocumentationof exportedcases.
The platform makesuseof a specialsoftwarecalledIn-
foLayer [2] andis availablevia theMiningMart website.

Whenan effective knowledgediscovery chainhasbeen
found, it caneasilybe exportedandaddedto the Internet
repository. Only the conceptualmetadatais submitted,so
evenif a casehandlessensitive informationit is still possi-
ble to distributethevaluablemetadata.

Userslooking for relevant casesin the repositoryare
supportedby a browsablerepresentationof theconceptual
modelsandthecontext of eachcase,especiallythebusiness
it wasusedin.

4 Applications
Two telecommunicationcompanieshave so far success-
fully usedMiningMartandcontributedtheircasesto theIn-
ternetrepository. We cannotgive detailsheredueto space

limitations, but informationaboutthe casescanbe found
on our webplatform(seesection3.3). In their evaluation,
the two companiesemphasisedthe easewith which they
coulddevelopa suitablechainof preprocessingoperations
to preparetheir dataminingapplications.

5 Related Work
The relevanceof supportingnot only singlestepsof data
analysisbut sequencesof stepshaslong beenunderesti-
mated.Wherea largevarietyof excellenttoolsoffer algo-
rithms for thedatamining step,only very few approaches
exist which tacklethetaskof makingcleverchoicesduring
preprocessingandcombiningthesechoicesto aneffective
andefficient sequence.Few of themsupportan easyre-
useof successfulsequences,and noneworks directly on
databases.

Two systemsthat focus on preprocessingare Idea [1]
andGLS[5; 4]. In Idea, possibledataoperationchainsare
searchedthroughand ranked basedon applicability con-
straintsandestimationsaboutexecutiontimeandaccuracy.
In contrast,MiningMart exploits thefindingsof expertcase
designers.GLSalsofindsvalid preprocessingchainsauto-
matically, supportedby user interaction. However, there
is no mechanismto applya successfulchainto similar but
differentdatabases,which is oneof the strengthsof Min-
ingMart.

6 Conclusions
To sumup,MiningMart is a databaseorientedapproachto
the graphicalsupportof creating,editing andstoringsuc-
cessfulKDD chains.It allows to exchangesuchcasesbe-
tweendifferent usersvia a centralweb platform, and to
adapta caseto a new database.It provides an extensi-
ble setof operatorsthatallow flexible operationson given
databasetables,thussupportingthe costly preparationof
datafor datamining. SuccessfulKDD chainsaswell as
the datamodel they arebasedon areautomaticallydocu-
mented.
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