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We do statistical relational learning by incrementallyextracting data from a relational database and computing
featuresof that datawhich are thenusedin a classicaldiscriminativestatisticalmodelcomponentCandidatefeatuies
for the modelare geneated by a structured searkch in the spaceof relational databasequeriesand selectedusing
statistical information criteria. The structuring of the search spaceis inspired by techniquesin inductive logic
programming(ILP), but the use of statistical modelingrelaxesthe necessityof limiting the search spaceto logical
expressions.We usea rich feature spacethat includesclusters, which can be genelatedincrementallyand usedto
augmenthe basicrelational schema.Currentareasof reseach includedeterminingoptimal modelselectioncriteria
for usein this settingwhete an infinite sequencef featurescan beincrementallygenemlatedand the useof intelligent
searh heuristicsto focusseaich on more promisingsubspaces.

A growing numberof machindearningapplicationf high interestinvolvestheanalysisof datawhichis bothnoisy
andis of comple relationalstructure. This dictatesa naturalchoicein suchdomains: the useof statisticalrather
than deterministicmodelingandrelationalratherthan propositionalrepresentatiofPopescukt al., 2004. Classical
statisticallearnersprovide powerful modelingcomponentout are often limited to a “flat” file propositionaldomain
representationvhere potentialfeaturesare fixed-sizeattribute vectors. Often the manualprocessof preparingsuch
attributesis costly andnot obvious whenmorecomple regularitiesareinvolved. We are developinga methodology
which combinesthe strengthsof classicalstatisticalmodelswith the higher expressiity of featuresautomatically
generatedrom arelationaldatabase.

Our interestin statisticalrelationallearningdevelopedwhile working on modelingin CiteSeet, an online digital
library of computersciencepapers.CiteSeercontainsa rich setof relationaldata,including citation information,the
text of titles, abstractsand documentsauthornamesand affiliations, conferenceor journal names. Applicationswe
have addressednclude: i) predictionin social networks, e.g. link prediction: given two papersestimatewhether
they cite eachother[PopesculhndUngar 2003, ii) documentlassificationmodelingof morecomplex featureshan
traditionalword countsimprovesclassificationaccuray [Popescukt al., 2003. We areplanningto apply statistical
relationallearningin bioinformaticsdomains;n particularfor predictionof protein-proteininteractions.

Figurel highlightsthe maincomponent®f ourlearningsetting. Two main processes—relationfdaturegeneration
andstatisticalimodeling—arecoupledinto a singleloop. Knowing which featureshave beenselectedy the statistical
modelerallows the query generationcomponento guideits searchfocusingon promisingsubspacesf the feature
space.

Our statisticakelationallearningapproacthasseveralkey featuresvhich distinguishit from eitherpureprobabilistic
modelingor inductive logic programming.

e We assumean applicationdomainin which thereare mary entitiesconnectedy mary relations(e.g. a patient
databasé ahospital),in whichcomple featurege.g.asetof patientclusteredy thesimilarity of thesymptoms,
andtreatedby doctorsworkingin thesameclinic) arehighly predictive of outcomef interest(e.g. expectedstay
in the hospital). In suchareasijt is generallynot feasibleto build a large generatie model(e.g. a PRM) of the
world, anda morefocussedxplorationof the spaceof possiblerelationsis needed.

e Oursearchin thequeryspaceés aninstanceof propositionalizationasproposedn theinductivelogic programming
community;however, the useof statisticsratherthanlogic allows theformulationof rich featurespacesextending
farbeyondboolean-aluedfeatures Thisrichersearchspacecanincludestatisticalsummarie®r aggreyatesmore
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Figurel: Learningprocesgdiagram. The searchin the spaceof databasejueriesinvolving oneor morerelationsproducedeaturecandidates
oneatatimeto beconsideredy the statisticalmodelselectioncomponentThe procesgesultsin a statisticaimodelwhereeachselectedeature
is theevaluationof a databasgueryencodinga predictive datapatternin a givendomain.

expressve substitutionghroughnestingof intermediateaggreates(e.g., how mary timesdoesthis publication
cite the mostcited authorin conferenceo which it was submitted?) A key questionis how bestto definethe
searchspaceandhow to controlthe searctspacecompleity andsearctspacebias.

e We useclusteringto extendthe setof relationsgeneratingnew features. Clustersimprove modelingof sparse
data,improve scalability and producericher representationfFosterand Ungar 2004. New clusterscanbe de-
rived using the samefeaturesusedin the statisticalmodeling. For example, one can clusterwords basedon
co-occurrencan documentsgiving “topics”, or authorsbasedon the numberof papersthey have published
in the samevenues,giving “communities. Once clustersare formed, they represeninew relationships(e.g.
on_t opi c_3( paper 1798) ori n_conmuni t y_5( aut hor 7) ), whichcanbeaddedo therelationaldatabase
schemaandthenusedinterchangeablyith the original relations.

e |Learningtakesplacewith an exponentialnumberof potentialfeaturecandidatespnly relatively few of which
are expectedto be useful. Featureselectionmethodsrecentlyderived by statisticiangyive promisingresultsfor
handlingthis potentiallyinfinite streamof featureswith only afinite setof obsenations.

e Ourformulationsupportssophisticategrocedure$or determiningwhich subspacesf thequeryspaceo explore.
Intelligentsearchtechniquesvhich combinetherelationalstructureof thedata feedbackrom thefeatureselection
algorithm, and otherinformation suchas samplingfrom featuresubspace$o determinetheir promisewill help
scaleto truly large problems.

e We userelationaldatabasananagemensystemgRDMSs) and SQL ratherthan Prolog. Most real datalie in
RDMSs,which have specifiedschemandmeta-informatiorwhich we canuse.RDMSsalsoincorporatedecades
of work on optimization,providing betterscalability
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