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1 Requirementsfor KnowledgeDiscovery
Platforms

Real-world knowledgediscovery processesypically con-
sist of complex data pre-processingmachine learning,
evaluation,and visualizationsteps. Hencea datamining
platform shouldallow complex nestedoperatorchainsor
trees, provide transparentiatahandling, comfortablepa-
rameterhandlingand optimization,be flexible, extendible
andeasy-to-useDependingnthetaskathand,ausermay
wantto interactively explore differentknowledgediscov-
ery chainsand continuouslyinspectintermediateresults,
or he maywantto performhighly automatedxperiments
off-line in batchmode.Thereforeanidealdatamining plat-
form shouldoffer both, interactize andbatchinterfaces.In
this paper we proposeYALE, Yet AnotherLearningEnvi-
ronmentwhich meetsheserequirements.

2 Modeling KnowledgeDiscovery Processes
asOperator Trees

Knowledgediscovery (KD) processesire oftenviewed as
sequentiabperatorchains.In mary applicationsflat linear
operatorchainsare insufficient to modelthe KD process
and henceoperatorchainsneedto be nestable.Consider
for examplea complex KD processcontaininga learning
step,whoseparameterareoptimizedusinganinnercross-
validation,andwhich asa whole is evaluatedby an outer
cross-alidation.Nestedoperatorchainsarebasicallytrees
of operators.In YALE, the leafsin the operatortree of a
KD procesgorrespondo simplestepsn themodeledpro-
cess.Inner nodesof the tree correspondo more complex
or abstractstepsin the processjike e.g. cross-alidation
or featureselection.Theroot of thetreehencecorresponds
to the whole experiment. Operatorsdefinetheir expected
inputsanddeliveredoutputsaswell astheir obligatoryand
optionalparametersywhich enablesyALE to automatically
checkthe nestingof the operatorsthe typesof the objects
passedetweerthe operatorsandmandatoryparameters.
YALE usesXML, a widely usedlanguagewell suited
for describingstructuredobjects,to describethe operator
treesmodelingKD processes. XML hasbecomea stan-
dardformatfor dataexchange.Furthermorehis formatis
easily readableby humansand machines. YALE canbe
startedoff-line, if theexperimentconfigurationis provided
as XML file, which canbe editedwith both arbitrarytext
or XML editorsandwith the YALE GUI. The YALE GUI
providesatreeview correspondingo the XML document.
The GUI allows the guideddesignof operatortrees,inter-
active control andinspectionof running experiments and
continuougmonitoringof the experimentakesults.

Figure 1 shaws a screenshobf the YALE GUI for a fea-
ture selectionexperimentusing a geneticalgorithm (GA)
approach. The lower window at the left displaysthe ex-
perimentchain as operatortree and the upperwindow at
theright depictsa resultgraphfor therelative error of this
approachn dependencenthegeneratiomumber
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Figurel: YALE screenshotoperatoitreeandresultview.

3 Transparent Data Handling in YALE

Sinceoperatorgefinetheir expectednputs,deliveredout-
puts,andparametersyALE canautomaticallychecktheir
nesting the typesof the objectspassedetweerthem,and
their mandatoryparametersYALE achiesesa transparent
datahandlingby supportingseveral typesof datasources
and hiding internal datatransformationsind partitionings
fromtheuseri.e.onemaysimply exchangehedatasource
or some other operatorin an experimentand leave ev-
erything elseunchanged.The supporteddatasourcesin-
clude pre-definedstandardile formatslik e the ARFF for-
mat used by Weka [Witten and Frank, 2000 and CSV
(comma-separatedalues) userdefinablefile formats,and
SQL databasetike Oracle,MySQL, and PostgreSQLIf
operatorgeneratalatasetsinternally, thesecaneasilybe
integratedinto the YALE dataflow.



3.1 Handling Input and Output Objects

The input objectsof an operatormay be consumedor

passedn to following or enclosingoperators.Especially
if the input objectsare not requiredby this operatoy they

are simply passedon. They do not even needto be in-

terpretableby this operator However, theseinput objects
may be neededor usedby later or outer operators. This

increasedhe flexibility of YALE by easingthe match of

theinterfacesf consecutre operatorandallowing to pass
objectsfrom one operatorthroughsereral otheroperators
to their goal operator Objectstypically passedbetween
operatorsare examplesets,predictionmodels,evaluation
vectors,etc. Operatorsmay addinformationto input ob-

jects,e.g. labelsto previously unlabeledexamplesor new

featuredn a featuregeneratioroperatoranddeliver these
extendedobjects. The specificationof metadatais possi-
ble andallows for examplethe automaticselectionof data
pre-processingperatorditting to the datatypesat hand.

3.2 Efficient Data Management

No matterwhethera datasetis storedin memory in afile,

orin adatabaseYALE internallyusesaspeciatypeof data
tableto represenit. In ordernotto unnecessarilgopy the
datasetor subset®f it, YALE managesiewsonthistable,
sothatonly referenceso therelevantpartsof thetableneed
to be copiedor passedetweeroperators By maintaining
a stackof views, theseviews arenestableasis for example
requiredfor nestedcross-walidationsFor an example set,
views on therows of thetablecorrespondo subset®of the
exampleset, andviews on the columnscorrespondo the
selectedeaturesusedto representheseexamples.

4 Extending YALE

YALE supportsthe implementatiorof userdefinedopera-
tors. The usersimply needsto definethe expectedinputs,
the deliveredoutputs the mandatoryandoptionalparame-
ters,andthe core functionality of the operator{Fischeret

al., 2003. Everythingelseis doneby YALE. Theoperator
descriptionin XML allows YALE to automaticallycreate
correspondingsUl elementsExternalprogramsanbein-

tegratedby implementingwrapperoperatorsand canthen
betransparentlyisedin arny YALE experiment.

5 Example Applications and Download
YALE is usedby researcherandpractitionerdn morethan
20 countriesand has alreadybeenapplied in a number
of domainslik e featuregeneratiorandselection[Klink en-
bemy et al., 2002; Ritthoff and Klinkenbeg, 2003; Rit-
thoff etal., 2001;2004, conceptdrift handling[Klinken-
berg and Joachims2000;Klinkenbeg and Ruping, 2003;
Klinkenbeg, 2003, andtransductior] Danieletal., 2002;
Klinkenbeg, 2001]. Currentapplicationdomainsof YALE
alsoincludethe pre-processingf andlearningfrom time
seriedMierswa, 2003 andprocessingndclassification.
YALE is available as open-sourcesoftware under the
GNU Public License(GPL). The YALE tutorial [Fischer
etal., 2004, the GUI manual,anda long versionof this
paper[Mierswa et al., 2003 provide further information
aboutYALE, the underlyingconceptsijts usage an opera-
tor referenceandhow to defineadditionaloperators.
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