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We do statistical relational learning by incrementallyextracting data from a relational database, and computing
featuresof thatdatawhich are thenusedin a classicaldiscriminativestatisticalmodelcomponent.Candidatefeatures
for the modelare generatedby a structured search in the spaceof relational databasequeriesand selectedusing
statistical information criteria. The structuring of the search spaceis inspired by techniquesin inductive logic
programming(ILP), but the useof statisticalmodelingrelaxesthe necessityof limiting the search spaceto logical
expressions.We usea rich feature spacethat includesclusters, which can be generatedincrementallyand usedto
augmentthebasicrelationalschema.Currentareasof research includedeterminingoptimalmodelselectioncriteria
for usein this settingwhere an infinite sequenceof featurescanbeincrementallygeneratedandtheuseof intelligent
search heuristicsto focussearch onmorepromisingsubspaces.

A growing numberof machinelearningapplicationsof high interestinvolvestheanalysisof datawhich is bothnoisy
and is of complex relationalstructure. This dictatesa naturalchoicein suchdomains: the useof statisticalrather
thandeterministicmodelingandrelationalratherthanpropositionalrepresentation[Popesculet al., 2002]. Classical
statisticallearnersprovide powerful modelingcomponentbut areoften limited to a “flat” file propositionaldomain
representationwherepotentialfeaturesarefixed-sizeattribute vectors. Often the manualprocessof preparingsuch
attributesis costlyandnot obviouswhenmorecomplex regularitiesareinvolved. We aredevelopinga methodology
which combinesthe strengthsof classicalstatisticalmodelswith the higher expressivity of featuresautomatically
generatedfrom a relationaldatabase.

Our interestin statisticalrelationallearningdevelopedwhile working on modelingin CiteSeer1, an online digital
library of computersciencepapers.CiteSeercontainsa rich setof relationaldata,includingcitation information,the
text of titles, abstractsanddocuments,authornamesandaffiliations, conferenceor journal names.Applicationswe
have addressedinclude: i) predictionin social networks, e.g. link prediction: given two papersestimatewhether
they cite eachother[PopesculandUngar, 2003], ii) documentclassification,modelingof morecomplex featuresthan
traditionalword countsimprovesclassificationaccuracy [Popesculet al., 2003]. We areplanningto applystatistical
relationallearningin bioinformaticsdomains,in particularfor predictionof protein-proteininteractions.

Figure1 highlightsthemaincomponentsof our learningsetting.Two mainprocesses—relationalfeaturegeneration
andstatisticalmodeling—arecoupledinto a singleloop. Knowing which featureshavebeenselectedby thestatistical
modelerallows the querygenerationcomponentto guideits search,focusingon promisingsubspacesof the feature
space.

Ourstatisticalrelationallearningapproachhasseveralkey featureswhichdistinguishit from eitherpureprobabilistic
modelingor inductive logic programming.

� We assumean applicationdomainin which therearemany entitiesconnectedby many relations(e.g. a patient
databasein ahospital),in whichcomplex features(e.g.asetof patientsclusteredby thesimilarity of thesymptoms,
andtreatedby doctorsworking in thesameclinic) arehighly predictiveof outcomesof interest(e.g.expectedstay
in the hospital). In suchareas,it is generallynot feasibleto build a large generative model(e.g. a PRM) of the
world, andamorefocussedexplorationof thespaceof possiblerelationsis needed.

� Oursearchin thequeryspaceis aninstanceof propositionalization,asproposedin theinductivelogicprogramming
community;however, theuseof statisticsratherthanlogic allowstheformulationof rich featurespaces,extending
farbeyondboolean-valuedfeatures.Thisrichersearchspacecanincludestatisticalsummariesor aggregates,more

1http://citeseer.org/
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Figure1: Learningprocessdiagram.Thesearchin thespaceof databasequeriesinvolving oneor morerelationsproducesfeaturecandidates
oneata time to beconsideredby thestatisticalmodelselectioncomponent.Theprocessresultsin astatisticalmodelwhereeachselectedfeature
is theevaluationof a databasequeryencodinga predictive datapatternin a givendomain.

expressive substitutionsthroughnestingof intermediateaggregates(e.g.,how many timesdoesthis publication
cite the mostcited authorin conferenceto which it wassubmitted?)A key questionis how bestto definethe
searchspaceandhow to controlthesearchspacecomplexity andsearchspacebias.

� We useclusteringto extendthe setof relationsgeneratingnew features.Clustersimprove modelingof sparse
data,improve scalability, andproducericher representations[FosterandUngar, 2002]. New clusterscanbede-
rived using the samefeaturesusedin the statisticalmodeling. For example,one can clusterwords basedon
co-occurrencein documents,giving “topics”, or authorsbasedon the numberof papersthey have published
in the samevenues,giving “communities.” Once clustersare formed, they representnew relationships(e.g.
on topic 3(paper1798) orin community 5(author7)), whichcanbeaddedto therelationaldatabase
schema,andthenusedinterchangeablywith theoriginal relations.

� Learningtakesplacewith an exponentialnumberof potentialfeaturecandidates,only relatively few of which
areexpectedto be useful. Featureselectionmethodsrecentlyderivedby statisticiansgive promisingresultsfor
handlingthispotentiallyinfinite streamof featureswith only afinite setof observations.

� Our formulationsupportssophisticatedproceduresfor determiningwhichsubspacesof thequeryspaceto explore.
Intelligentsearchtechniqueswhichcombinetherelationalstructureof thedata,feedbackfrom thefeatureselection
algorithm,andother informationsuchassamplingfrom featuresubspacesto determinetheir promisewill help
scaleto truly largeproblems.

� We userelationaldatabasemanagementsystems(RDMSs) andSQL ratherthanProlog. Most real datalie in
RDMSs,whichhavespecifiedschemaandmeta-informationwhichwe canuse.RDMSsalsoincorporatedecades
of work onoptimization,providing betterscalability.
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