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1 Requirementsfor KnowledgeDiscovery
Platforms

Real-world knowledgediscovery processestypically con-
sist of complex data pre-processing,machine learning,
evaluation,andvisualizationsteps. Hencea datamining
platform shouldallow complex nestedoperatorchainsor
trees,provide transparentdatahandling,comfortablepa-
rameterhandlingandoptimization,beflexible, extendible
andeasy-to-use.Dependingonthetaskathand,ausermay
want to interactively explore differentknowledgediscov-
ery chainsand continuouslyinspectintermediateresults,
or he maywant to performhighly automatedexperiments
off-line in batchmode.Thereforeanidealdataminingplat-
form shouldoffer both,interactiveandbatchinterfaces.In
this paper, we proposeYALE, Yet AnotherLearningEnvi-
ronment,which meetstheserequirements.

2 Modeling KnowledgeDiscovery Processes
asOperator Trees

Knowledgediscovery (KD) processesareoftenviewedas
sequentialoperatorchains.In many applications,flat linear
operatorchainsare insufficient to model the KD process
andhenceoperatorchainsneedto be nestable.Consider
for examplea complex KD processcontaininga learning
step,whoseparametersareoptimizedusinganinnercross-
validation,andwhich asa whole is evaluatedby an outer
cross-validation.Nestedoperatorchainsarebasicallytrees
of operators.In YALE, the leafs in the operatortreeof a
KD processcorrespondto simplestepsin themodeledpro-
cess.Inner nodesof the treecorrespondto morecomplex
or abstractstepsin the process,like e.g. cross-validation
or featureselection.Therootof thetreehencecorresponds
to the whole experiment. Operatorsdefinetheir expected
inputsanddeliveredoutputsaswell astheir obligatoryand
optionalparameters,which enablesYALE to automatically
checkthenestingof theoperators,thetypesof theobjects
passedbetweentheoperators,andmandatoryparameters.

YALE usesXML, a widely usedlanguagewell suited
for describingstructuredobjects,to describethe operator
treesmodelingKD processes.XML hasbecomea stan-
dardformat for dataexchange.Furthermorethis format is
easily readableby humansand machines. YALE can be
startedoff-line, if theexperimentconfigurationis provided
asXML file, which canbe editedwith both arbitrarytext
or XML editorsandwith the YALE GUI. The YALE GUI
providesa treeview correspondingto theXML document.
TheGUI allows theguideddesignof operatortrees,inter-
active control andinspectionof runningexperiments,and
continuousmonitoringof theexperimentalresults.

Figure1 shows a screenshotof the YALE GUI for a fea-
ture selectionexperimentusinga geneticalgorithm(GA)
approach.The lower window at the left displaysthe ex-
perimentchainasoperatortree and the upperwindow at
theright depictsa resultgraphfor therelative errorof this
approachin dependenceon thegenerationnumber.

Figure1: YALE screenshot:operatortreeandresultview.

3 Transparent Data Handling in YALE

Sinceoperatorsdefinetheir expectedinputs,deliveredout-
puts,andparameters,YALE canautomaticallychecktheir
nesting,thetypesof theobjectspassedbetweenthem,and
their mandatoryparameters.YALE achievesa transparent
datahandlingby supportingseveral typesof datasources
andhiding internaldatatransformationsandpartitionings
from theuser, i.e.onemaysimplyexchangethedatasource
or someother operatorin an experimentand leave ev-
erythingelseunchanged.The supporteddatasourcesin-
cludepre-definedstandardfile formatslike theARFF for-
mat usedby Weka [Witten and Frank, 2000] and CSV
(comma-separatedvalues),user-definablefile formats,and
SQL databaseslike Oracle,MySQL, andPostgreSQL.If
operatorsgeneratedatasetsinternally, thesecaneasilybe
integratedinto theYALE dataflow.



3.1 Handling Input and Output Objects
The input objects of an operatormay be consumedor
passedon to following or enclosingoperators.Especially
if the input objectsarenot requiredby this operator, 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
increasesthe flexibility of YALE by easingthe matchof
theinterfacesof consecutiveoperatorsandallowing to pass
objectsfrom oneoperatorthroughseveral otheroperators
to their goal operator. Objectstypically passedbetween
operatorsareexamplesets,predictionmodels,evaluation
vectors,etc. Operatorsmay addinformationto input ob-
jects,e.g. labelsto previously unlabeledexamples,or new
featuresin a featuregenerationoperator, anddeliver these
extendedobjects.The specificationof metadatais possi-
ble andallows for exampletheautomaticselectionof data
pre-processingoperatorsfitting to thedatatypesat hand.

3.2 Efficient Data Management
No matterwhethera datasetis storedin memory, in a file,
or in adatabase,YALE internallyusesaspecialtypeof data
tableto representit. In ordernot to unnecessarilycopy the
datasetor subsetsof it, YALE managesviewsonthis table,
sothatonly referencesto therelevantpartsof thetableneed
to becopiedor passedbetweenoperators.By maintaining
astackof views,theseviewsarenestableasis for example
requiredfor nestedcross-validationsFor an exampleset,
viewson therowsof thetablecorrespondto subsetsof the
exampleset,andviews on the columnscorrespondto the
selectedfeaturesusedto representtheseexamples.

4 Extending YALE
YALE supportsthe implementationof user-definedopera-
tors. Theusersimply needsto definethe expectedinputs,
thedeliveredoutputs,themandatoryandoptionalparame-
ters,andthe corefunctionality of the operator[Fischeret
al., 2003]. Everythingelseis doneby YALE. Theoperator
descriptionin XML allows YALE to automaticallycreate
correspondingGUI elements.Externalprogramscanbein-
tegratedby implementingwrapperoperatorsandcanthen
betransparentlyusedin any YALE experiment.

5 Example Applications and Download
YALE is usedby researchersandpractitionersin morethan
20 countriesand has alreadybeenapplied in a number
of domainslike featuregenerationandselection[Klinken-
berg et al., 2002; Ritthoff and Klinkenberg, 2003; Rit-
thoff et al., 2001;2002], conceptdrift handling[Klinken-
berg andJoachims,2000;Klinkenberg andRüping,2003;
Klinkenberg, 2003], andtransduction[Danielet al., 2002;
Klinkenberg, 2001]. Currentapplicationdomainsof YALE
alsoincludethe pre-processingof andlearningfrom time
series[Mierswa,2003] andprocessingandclassification.

YALE is available as open-sourcesoftware under the
GNU Public License(GPL)1. The YALE tutorial [Fischer
et al., 2003], the GUI manual,anda long versionof this
paper[Mierswa et al., 2003] provide further information
aboutYALE, theunderlyingconcepts,its usage,anopera-
tor reference,andhow to defineadditionaloperators.
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