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Abstract

A majorobstacleto fully integrateddeploymentof many
data mining algorithms is the assumptionthat data sits
in a single table, even thoughmostreal-world databases
have complex relational structures. We proposean in-
tegrated approach to statistical modelingfrom relational
databases.We structure thesearch spacebasedon “r efine-
mentgraphs”,which arewidelyusedin inductivelogic pro-
grammingfor learninglogic descriptions.Theuseof statis-
tics allows us to extendthe search spaceto includericher
set of features, including many which are not boolean.
Search andmodelselectionareintegratedinto a singlepro-
cess,allowing informationcriteria nativeto the statistical
model,for examplelogistic regression,to make feature se-
lectiondecisionsin a step-wisemanner. We presentexperi-
mentalresultsfor thetaskof predictingwherescientificpa-
pers will bepublishedbasedon relationaldata takenfrom
CiteSeer. Our approach resultsin classificationaccuracies
superiorto thoseachievedwhenusingclassical“flat” fea-
tures. The resultingclassifiercan be usedto recommend
where to publisharticles.

1. Introduction

Statisticallearningtechniquesplay an importantrole in
datamining, however, their standardformulationis almost
exclusively limited to a one table domain representation.
Suchalgorithmsarepresentedwith a setof candidatefea-
tures,anda modelselectionprocessthenmakesdecisions
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regardingtheir inclusioninto a model.Thus,theprocessof
featuregenerationis decoupledfrom modeling,oftenbeing
performedmanually. This standsasa majorobstacleto the
fully integratedapplicationof suchmodelingtechniquesin
real-world practicewheredatais mostoften storedin re-
lational form. It is often not obvious which featureswill
be relevant,andthehumaneffort to fully explore the rich-
nessof a domainis often too costly. Thus, it is crucial to
provide statisticalmodelingtechniqueswith an integrated
functionality to navigatericher datastructuresto discover
potentiallynew andcomplex sourcesof relevantevidence.

Wepresentaform of statisticalrelationallearningwhich
integratesregressionwith featuregenerationfrom relational
data. In this paperwe use logistic regression,giving a
methodwe call StructuralLogistic Regression(SLR).SLR
combinesthestrengthsof classicalstatisticalmodelingwith
the high expressivity of features,both booleanand real-
valued,automaticallygeneratedfrom a relationaldatabase.
SLR falls into a family of modelsproposedin Inductive
Logic Programming(ILP) called “upgrades” [23]. Up-
gradesextend propositionallearnersto handle relational
representation.An upgradeimplies that modelingandre-
lationalstructuresearchareintegratedinto a singleprocess
dynamicallydrivenby theassumptionsandmodelselection
criteriaof a propositionallearnerused.This contrastswith
anotherapproachproposedin ILP called“propositionaliza-
tion” [21]. Propositionalizationgenerallyimpliesa decou-
pling of relationalfeatureconstructionandmodeling.It has
certaindisadvantagescomparedto upgrading,as it is dif-
ficult to decidea priori what featureswill be useful. Up-
gradingtechniqueslet their learningalgorithmsselecttheir
own featureswith their own criteria. In largeproblemsit is
impossibleto “exhaustively” propositionalize,andthe fea-



tureconstructionshouldbe drivendynamicallyat the time
of learning.An extremeform of propositionalizationis gen-
eratingthe full join of a database.This is both impractical
andincorrect—thesizeof theresultingtableis prohibitive,
andthenotionof a traininginstanceis lost,now beingrep-
resentedby multiple rows. Moreover, theentriesin thefull
join tablewill beatomicattributevalues,ratherthanricher
featuresresultingfrom complex queries.

We apply SLR to documentmining in (hyper)-linked
domains. Linked documentcollections,suchas the Web,
patentdatabasesor scientificpublicationsareinherentlyre-
lational, noisy andsparse.The characteristicsof suchdo-
mains form a good matchwith our method: i) links be-
tweendocumentssuggestrelationalrepresentationandask
for techniquesbeingableto navigatesuchstructures;“flat”
file domainrepresentationis inadequatein suchdomains;
ii) the noise in available datasourcessuggestsstatistical
ratherthandeterministicapproaches,andiii) oftenextreme
sparsityin suchdomainsrequiresa focusedfeaturegenera-
tion andtheircarefulselectionwith adiscriminativemodel,
whichallowsmodelingof complex, possiblydeep,but local
regularitiesratherthanattemptingto build a full probabilis-
tic modelof theentiredomain.

SLRintegrateslogistic regressionwith relationalfeature
generation.We formulatethefeaturegenerationprocessas
searchin thespaceof relationaldatabasequeries,basedon
the top-down searchof refinementgraphswidely usedin
ILP [10]. The useof statisticsallows modelingof real-
valuedfeatures,and insteadof treatingeachnodeof the
graphas a logic formula, we treat it as a databasequery
resulting in a table of all satisfyingsolutionsand the in-
troductionof aggregateoperatorsresultingin a richer set
of features. We usestatisticalinformation criteria during
the searchto dynamicallydeterminewhich featuresareto
beincludedinto themodel. Thelanguageof non-recursive
first-orderlogic formulashasa directmappingto SQL and
relationalalgebra,which canbe usedaswell for the pur-
posesof ourdiscussion,e.g.aswedoin [29]. In largeappli-
cationsSQLshouldbepreferredfor efficiency anddatabase
connectivity reasons.

We usethe datafrom CiteSeer, anonlinedigital library
of computersciencepapers[24]. CiteSeercontainsa rich
setof relationaldata,includingcitationinformation,thetext
of titles,abstractsanddocuments,authornamesandaffilia-
tions,andconferenceor journalnames,whichwerepresent
in relationalform (Section2). We reportresultsfor thetask
of paperclassificationinto conference/journalclasses.

The next sectionintroducesthe CiteSeerrelationaldo-
main anddefinesthe learningtasks. The methodologyis
presentedin Section3. Section4 presentstheexperimental
resultsdemonstratingthat relational featuressignificantly
improve classificationaccuracies.We provide anextended
discussionof relatedwork in Section5. Section6 concludes

thepaperwith discussionandfuturework directions.

2. Task and Data

Theexperimentaltaskexploredhereis theclassification
of scientific papersinto categoriesdefinedby the confer-
enceor journal in which they appear. Publicationvenues
vary in sizeandtopic coverage,possiblyoverlapping,but
do focusarounda particularscientificendeavor, broaderor
narrower. This taskcanbeviewedasa variantof commu-
nity classification. Communitiesare not only definedby
topical commonalitiesthroughdocumentcontentbut also
by interactionbetweencommunitymembersin theform of
citations,co-authorship,andpublishingin thesamevenues.

The datafor our experimentswas taken from CiteSeer
[24]. CiteSeercatalogsscientific publicationsavailable
in full-text on the web in PostScriptand PDF formats.
It extractsand matchescitations to producea browsable
citationgraph. Documentsin CiteSeerwerematchedwith
the DBLP database(http://dblp.uni-trier.de/)
to extract their publication venues. The domain con-
tains rich sourcesof information which we representin
relationalform. Thefollowing schemais used,wherecapi-
talizedwordsindicatethetypeof acorrespondingattribute:

�������
	������� 	������������������� �!�"#�����$��% ,��	� ����&���������������� �!'�������������� (% ,)*��+�� �,������ ,�-���������.�/�� �!102��+���!435������ (% , 6	� ��-� )7��+����-�8�������.���� �!902��+��:% ,;<�� (���+ �>='�-���������.�/�� �!1?@��+>�����A% .
We define a number of separatebinary classification

tasks. The choiceof binary rather than multi-classtasks
is dictatedin this paperby the useof (two-class)logistic
regressionwhichcomeswith readilyavailablemodelselec-
tion functionality. A multi-classclassifier, if equippedwith
modelselection,canbe usedfor moregeneralmulti-class
tasks.For eachclassificationtaskhere,we:
B Selectapair of conferencesor journals.
B Split thedocumentsof two classes50/50into training

andtestcoresets.
B Include documentsthat are cited by or cite the core

documents(citationgraphneighborhood).
B Extractrelation ��	� ���� for all coreandjustaddeddocu-

mentsin thecitationgraphneighborhood.
B Excludefrom thetrainingbackgroundknowledgeany

referenceto thetestsetcoredocuments.
B For all documentsextract the remainingbackground

knowledge: )*��+�� �,������ ,  6	� ���� )*��+�� , ;<�� (���+ �>= , and�������-	6������ 	C� . Since,in the caseof coreclassdocu-
ments,the last relationis the actualanswer, we allow



it to beusedonly whenrelatingto thevenuesof linked
documents(Section4).1

3. Methodology

SLR couplestwo main processes:generationof fea-
turesfrom relationaldataand their selectionwith statisti-
cal modelselectioncriteria. Figure1 highlights the main
componentsof our learningsetting.Relationalfeaturegen-
erationis a searchproblem. It requiresformulationof the
searchin the spaceof relational databasequeries. Our
structuringof thesearchspaceis basedon the formulation
widely usedin inductive logic programmingfor learning
logic descriptions,andextendedto includeother typesof
queriesastheuseof statisticsrelaxesthenecessityof limit-
ing thesearchspaceto only booleanvalues.Theprocessre-
sultsin astatisticalmodelwhereeachselectedfeatureis the
evaluationof a databasequeryencodinga predictive data
patternin a givendomain.

Logistic regressionis a discriminative model, that is,
it modelsconditionalclassprobabilitieswithout attempt-
ing to model marginal distributions of features. Model
parametersare learnedby maximizing a conditional like-
lihood function. Regressioncoefficients linearly combine
featuresin a“logit” transformationresultingin valuesin the
[0,1] interval, interpretedasprobabilitiesof apositiveclass.
More complex modelswill resultsin higherlikelihoodval-
ues,but at somepoint will likely overfit the data,result-
ing in poor generalization.A numberof criteria aimingat
striking the balancebetweenoptimizing the likelihood of
training dataand model complexity have beenproposed.
Among the morewidely usedare the Akaike Information
Criterion(AIC) [1] andtheBayesianInformationCriterion
(BIC) [33]. Thesestatisticswork by penalizingthe likeli-
hoodby a termthatdependson modelcomplexity (i.e. the
numberof selectedfeatures). AIC and BIC differ in this
penaltyterm,which is larger for BIC in all but very small
datasetsof only severalexamples,andresultingin smaller
modelsandbettergeneralizationperformance.A modelse-
lectionprocessselectsa subsetof availablepredictorswith
thegoalof learninga moregeneralizablemodel.

Relationalfeaturegenerationis a searchproblem. We
usetop-down searchof refinementgraphs[34, 10], andin-
troduceaggregateoperatorsinto the searchto extend the
featurespace.The extensionis possiblewhenusinga sta-
tisticalmodelingwhichallowsmodelingof real-valuedfea-
turesin additionto only booleanvaluesusedin logic.

Thetop-downsearchof refinementgraphsstartswith the
mostgeneralruleandspecializesit producingmorespecific
ones.Thesearchspaceis constrainedby specifyinga lan-
guageof legal clauses,for exampleby disallowing nega-

1Word countsareextractedfrom the first 5k of documenttext. The
wordsarenormalizedwith thePorterstemmer. Stopwordsareremoved.

tionsandrecursive definitions,andis structuredby impos-
ing a partialorderingon suchclausesthroughthesyntactic
notion of generality. This definesthe refinementgraphas
a directedacyclic graph,whereeachnodeis a clause.The
nodesareexpandedfrom themostgeneralto morespecific
clausesby applyinga refinementoperator. The refinement
operatoris amappingfrom aclauseto asetof its mostgen-
eralspecializations.This is achievedby applyingtwo syn-
tacticoperations:i) a singlevariablesubstitution,or ii) an
additionof a new relationto thebodyof theclause,involv-
ing oneor moreof variablesalreadypresent,andpossibly
introducingnew variables. We make typing control with
meta-schema,that is, we disallow bindingsof variablesof
differenttypes(e.g. �������������� is neverattemptedto match
with 02��+�� ). Figure 2 presentsa fragmentof the search
spacein our domain.

We extendthesearchspaceby treatingbodiesof clauses
notas  6+��$�>D>=$;:����� values,but ratherasqueriesresultingin a
tableof all satisfyingsolutions.Thesetablesareaggregated
to producescalarnumericvaluesto be usedasfeaturesin
statisticallearners.Theuseof refinementgraphsto search
overdatabasequeriesratherthanoverthefirst-orderformu-
lasretainsricherinformation. In our approach,numericat-
tributesarealwaysleft unbound(substitutionsfor numeric
attributesaredisallowed). This avoidscertainnumericrea-
soninglimitationsknown to exist whenlearningfirst-order
logic rules.Considera refinementgraphnodereferringto a
learningexample� :

)*��+�� �,������ ,�-��!��-��E:	��F 6	6��!13@%�G

Its evaluationwill produceaonecell tablefor each� . Eval-
uationfor all suchtrainingexamplesproducesa columnof
countsof theword “logistic”. Thequery

��	� ����&����!H�8%�!1)7��+�� �F������ ,���I!��-��E:	��F 6	6��!13@%

will produce,for eachtrainingexample� , a tableof pairsof
citeddocumentIDs with theircountsof theword“logistic”.
Averagingthecolumnof countsproducestheaveragecount
of theword “logistic” in citeddocuments.

An algebrafor aggregationsis necessary. Althoughthere
is no limit to the numberof aggregateoperatorsonemay
try, for examplesquareroot of the sumof columnvalues,
logarithm of their productetc., we find a few of them to
beparticularlyuseful. We proposetheaggregateoperators
typically usedin SQL: �/	6J&� , ;&K:� , ��	�� , �.;<L , and ���M�� 6N .
Aggregationscan be appliedto a whole table or to indi-
vidual columns,asappropriategiventype restrictions.We
usethefollowingnotationtodenoteaggregatequeryresults:=����O�, 6	����QPAR�S@T U�����+�N<V , where=����O�� 6	6��� is anaggregateop-
erator, its subscript"#;<+ is avariablein thequeryspecifying
theaggregatedcolumn. If anaggregateoperatorappliesto
the whole tableratherthanan individual column,the sub-
scriptis omitted.
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Figure 1. The search in the space of database queries involving one or more relations produces
feature candidates one at a time to be considered by the statistical model selection component.

For example,thenumberof timesatrainingexample� is
cited is �/	�J<�:T �,	C ����<�-�W!X�<%6V . Theaveragecountof theword
“learning” in documentscitedfrom � is:;<K<��YZT ��	� ����<����!��8%,!1)*��+�� �,������ ,�-�I!1�-��;<+���	��$E�!�3@%�V�G
Oncethesearchspaceis structured,asearchstrategy should
bechosen.Herewe usebreadth-firstsearch.This will not
alwaysbefeasiblein largerdomains,andintelligentsearch
heuristicswill be needed.Incorporatingstatisticalmodel-
ing into thesearch,aswe do, opensa numberof attractive
optionssuchassampling,providing a well understoodsta-
tistical interpretationof featureusefulness.

4. Results

We demonstratethe useof StructuralLogistic Regres-
sion (SLR) by predicting publication venuesof articles
from CiteSeer. We selectfive binary classificationtasks.
Four tasksarecomposedby pairingbothKDD andWWW
with their two closestconferencesin the immediatecita-
tion graphneighborhoodasmeasuredby the total number
of citationsconnectingthetwo conferences.SIGMOD and
VLDB rank the top two for both KDD and WWW. The
fifth taskis a pair of AI andML Journals(Artificial Intel-
ligence,Elsevier Scienceand MachineLearning,Kluwer
respectively). Table1 containsthesizesof classesandtheir
immediatecitation graphneighborhoods.The numberof
papersanalyzedis subjectto availability in both CiteSeer
andDBLP.

Theresultsreportedhereareproducedby searchingthe
subspaceof the searchgraph over the queriesinvolving
one or two relations, where in the latter caseone rela-
tion is ��	� ���� . At present,we avoid subspacesresulting
in a quadratic(or larger) numberof features,suchasco-
authorshipor word co-occurrencesin a document.Theex-
ploration of suchlarger subspacesas an important future

Table 1. Sizes of classes and their citation
graph neighborhoods.

CLASS # CORE DOCS # NEIGHBORS

ARTIF. INTELL IGENCE 431 9,309
KDD 256 7,157
MACHINE LEARNING 284 5,872
SIGMOD 402 7,416
VLDB 484 3,882
WWW 184 1,824

direction(e.g. samplingcanbeused).We do not consider
queriesinvolving theincomingcitationsto thelearningcore
classdocumentsaswe assumethatthis knowledgeis miss-
ing for the testexamples.Sincethe relation ���$���-	������� 	��
duplicatesthe responseclasslabels,we allow it to partic-
ipate in the searchonly as part of more complex queries
relatingto thevenuesof citeddocuments.

Model selectionis performedin two phases:preselec-
tion andfinal modelselection.We allow the first phaseto
bemoreinclusive andmake morerigorousmodelselection
at the final phase.First, the featuresgeneratedduring the
searcharecheckedfor additioninto themodelby theAIC.
This phaseperformsa forward-onlystep-wiseselection.A
featureis preselectedif it improvestheAIC by at least1%.
After every 500 searchnodes,the model is refreshed.All
preselectedfeaturesparticipatein the final selectionphase
with a forward-backwardstepwiseprocedure.A morere-
strictiveBIC statisticis usedat thisphase.Thepreselection
phaseis currentlyusedto remove theorderingbias,which
mayfavor shallow features.

We comparetheperformanceof theresultingmodelsto
thosetrainedusingonly “flat” features.Flat featuresonly
involve thedataavailableimmediatelyin a learningexam-
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Figure 2. Fragment of the search space . Each node is a database quer y about a learning example �
evaluated to a table of satisfying bindings. Aggregate operator s are used to produce scalar features.

ple, that is authorship,text andtitle words.They do not in-
volvedatareferringto or containedin otherdocuments.We
refer thereaderto [30] for evidencesupportinglogistic re-
gressionin comparisonsto pureor propositionalizedFOIL
modelingin thisdomain.Wedonotcompareto other“flat”
components;they can also be usedwithin our approach,
if suppliedwith a modelselectionmechanism.We focus
insteadon demonstratingthe usefulnessof morecomplex
relationalfeaturesaspart of a commonfeaturegeneration
framework. Comparinglogistic regressionto otherpropo-
sitional modelswould be attemptingto answera different
question.A commonconclusionmadein large-scalecom-
parisonstudies,e.g.[25], is thatthereis nosinglebestalgo-
rithm acrossall differentdatasets.However, logistic regres-
sionis oftenquitesuccessful.

The modelswe found had averagetest set accuracies
of 83.5%and80.2%for relationalandflat representations
respectively. The 3.3 percentagepoints improvementis
significantat the 99% confidencelevel basedon the stan-
dardt-test. The improvementfrom relationalfeatureswas
achieved in all tasks. Table 2 details the performancein
eachtask.Table3 summarizesfor eachtaskthefinal num-
berof selectedfeatures,thenumberof preselectedfeatures,
andthetotalnumberof featuresconsidered.Thetotalnum-
ber of featuresconsideredis a function of vocabulary se-
lectionandof thedensityof citationgraphneighborhoods.
We storein thedatabasewordcountsgreaterthantwo for a
givendocument.Authorsof only onepaperin adatasetare
not recorded,nor arethe non-coreclassdocumentslinked
to therestof thecollectionby only onecitation.

Table4 givesexamplesof someof thehighly significant

Table 2. Training and test sets accurac y (se-
lection with BIC).

TASK TRAIN TEST

REL . FLAT REL . FLAT

WWW - SIGMOD 95.2 90.3 79.3 77.5
WWW - VLDB 93.5 90.6 85.1 83.2
KDD - SIGMOD 99.1 90.4 83.3 79.8
KDD - VLDB 97.8 91.2 87.7 83.7
AI - ML 93.8 86.5 82.2 76.7

relationalfeatureslearned.Not all typesof relationalfea-
tureswereequallyuseful in termsof how often they were
selectedinto the models. Commonlyselectedfeaturesare
basedon word countsin cited documentsandcited publi-
cationvenues.Authorshipor featuresinvolving citationsto
concretedocumentswere selectedrelatively infrequently;
their utility would increasewhenothersourcesof features
areunavailable,for example,whenthewordsarenot avail-
ableor in multi-lingual environments.

5. Related Work and Discussion

A number of approaches“upgrading” propositional
learnersto relational representationshave beenproposed
in the inductive logic programming(ILP) community. Of-
ten, theseapproachesupgradelearnersmostsuitableto bi-
naryattributes,for example,decisiontreesandassociation
rules [4, 9]. The upgradeof classificationand regression
treesis proposedin [22]. Reinforcementlearningwasex-
tendedto relationalrepresentations[11]. Upgradingusu-



Table 3. Number of selected and generated features.
TASK IN FINAL MODEL (BIC) PRESELECTED TOTAL CONSIDERED

REL . FLAT REL . FLAT REL . FLAT

WWW - SIGMOD 17 18 588 138 79,878 16,230
WWW - VLDB 15 19 498 105 85,381 16,852
KDD - SIGMOD 20 13 591 122 83,548 16,931
KDD - VLDB 22 15 529 111 76,751 15,685
AI - ML 21 19 657 130 85,260 17,402

Table 4. Examples of selected relational features (p-values are less than 0.05; using BIC).
TASK FEATURE SUPPORTS CLASS

WWW - SIGMOD [�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:jQk#lmjn`:o:prqseCg�t:^�i e
[Ah
kujAe
dHi>^Fl�v SIGMOD
g�e-w�^Xc dHef]6^Fg�hfi:jAk#lmjAxy\FzFi dm\/o:[{]Hh
kuj�`<|>}~^�jA��l�v WWW
[�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:jQk#lmjOxy\Fz/i dH\Fo:[{]rh
kujQ_�^�_M\/zFe6jA��l�v SIGMOD

WWW - VLDB g�e-w�^Xc dHef]6^Fg�hfi:jAk#lmjO]�ef]6q�^ x�\/zFi{h
kuj���\/e
[�l�v VLDB
[�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:jQk#lmjn`:o:prqseCg�t:^�i e
[Ah
kujAx�xyx9l�v WWW
g�e-w�^Xc dHef]6^Fg�hfi:jAk#lmjAxy\FzFi dm\/o:[{]Hh
kujQz/^,q�|�]HjA��l�v VLDB

KDD - SIGMOD |~�>^F�Ic dHef]6^Fg�hfi:jAk#lmjAxy\Fz/i dH\Fo:[{]rh
kujA_Me-[�^�j���l�v KDD
[�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:j�k#lmjAxy\FzFi dm\/o:[{]Hh
kujQi�pm_�jQ��l�v SIGMOD
[�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:j�k#lmjAdHef]6^Fg�hfi�\Fdr�~�r���/�~j�k#l�v KDD

KDD - VLDB |~�>^ � c dHef]6^Fg�hfi:jAk#lmjAxy\Fz/i dH\Fo:[{]rh
kujQq�^�|>zF[OjQ��l�v KDD
[�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:jQk#lmjn`:o:prqseCg�t:^�i e
[Ah
kujAe
dH_uqfl�v KDD
[�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:jQk#lmjn`:o:prqseCg�t:^�i e
[Ah
kujQ�>i�i~l�v KDD

AI - ML [�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:jQk#lmjO|~o&]6t<\Fz \���h
kuj'grdHt<|,`:e
z�^Fl�v ML
|~�>^F�Ic dHef]6^Fg�hfi:jAk#lmjAxy\Fz/i dH\Fo:[{]rh
kujQ^��:|>_a`:q�jA��l�v ML
[�\,] ^�_a`<]Cb@c dHef]6^Fg�hfi:jQk#lmjn`:o:prqseCg�t:^�i e
[Ah
kujAes��dH|>e�l�v AI

ally implies that generationof relationalfeaturesandtheir
modelingare tightly coupledand driven by propositional
learner’s model selectioncriteria. SLR falls into the cat-
egory of upgradingmethods. Perhapsthe approachmost
similar in spirit to ours is that taken in MACCENT sys-
tem[8], which usesexpectedentropy gainfrom addingbi-
nary featuresto a maximumentropy classifierto direct a
beamsearchoverfirst-orderclauses.They determinewhen
to stopaddingvariablesby testingthe classifieron a held-
outdataset.A detaileddiscussionof upgradingis presented
in [23]. ILP providesoneway to structurethesearchspace;
otherscanbeused[31].

Another approach is “propositionalization” [21], in
which, as the term is usually used,featuresare first con-
structedfrom relationalrepresentationandthenpresentedto
a propositionalalgorithm. Featuregenerationis thusfully
decoupledfrom the modelusedto make predictions.One
form of propositionalizationis to learna logic theorywith
an ILP rule learnerandthenuseit asbinary featuresin a
propositionallearner. For example,linearregressionis used
to model featuresconstructedwith ILP to build predictive
modelsin achemicaldomain[35]. Aggregateoperatorsare
an attractive way of extendingthe setof propositionalized
features.For example,aggregatescanbeusedto constructa
singletableinvolving aggregatesummariesandthenusing
a standardpropositionallearneron this table[20]. Aggre-

gationin relationallearningis discussedin detail in [28].

Decouplingfeatureconstructionfrom modeling, as in
propositionalization,however, retainsthe inductive biasof
thetechniqueusedto constructfeatures,thatis, bettermod-
els potentially could be built if one allowed the proposi-
tional learneritself to selectits own featuresbasedon its
own criteria. First Order RegressionSystem[18] more
closely integratesfeatureconstructioninto regression,but
doesso using a FOIL-like covering approachfor feature
construction.Additive models,suchaslogistic regression,
havedifferentcriteriafor featureusefulness;integratingfea-
turegenerationandselectioninto asingleloop is advocated
in this context in [3, 30]. Couplingfeaturegenerationand
modelselectioncanalsosignificantlyreducecomputational
cost. By fully integratinga rich setof aggregateoperators
into thegenerationandsearchof therefinementgraph,SLR
avoidscostlygenerationof featureswhichwill notbetested
for inclusionin themodel.

A numberof modelshave beenproposedwhich com-
bine the expressivity of first-orderlogic with probabilistic
semantics[2, 14, 19, 26, 32, 36]. For example,Stochastic
Logic Programs[26] modeluncertaintyfrom within theILP
framework by providing logic theorieswith a probability
distribution; ProbabilisticRelationalModels (PRMs) [14]
are a relationalupgradeof Bayesiannetworks. The mar-
riageof richerrepresentationsandprobabilitytheoryyields



extremelypowerful formalisms,andinevitably anumberof
equivalencesamongthemcanbe observed. In additionto
the questionof semanticandrepresentationalequivalence,
it is useful to alsoconsiderthe differencesin how models
arebuilt, thatis, whatobjective functionis optimized,what
algorithmis usedto optimizethat function,whatis doneto
avoid over-fitting, whatsimplifying assumptionsaremade.

A conflict exists betweenthe two goals: i) probabilis-
tically characterizingthe entire domainand ii) building a
modelthataddressesa specificquestion,suchasclassifica-
tion or regressionmodelingof a single responsevariable.
This distinctiontypically leadsto two philosophies:“gen-
erative” and “discriminative” modeling. Generative mod-
els attemptto model featuredistributions,while discrimi-
native models,like SLR,only modelthedistribution of the
responsevariableconditionalonthefeatures,thusvastlyre-
ducingthenumberof parameterswhich mustbeestimated.
For this reason,our methodallows inclusion of arbitrar-
ily complex featureswithout estimatingtheir distribution,
which is impossiblein largeandsparseenvironments.

PRMs,for example,aregenerativemodelsof joint prob-
ability distribution capturing probabilistic influencesbe-
tweenentitiesand their attributes in a relationaldomain.
PRMs can provide answersto a large numberof possi-
ble questionsaboutthe domain. An importantlimitation,
however, of generative modelingis that often thereis not
enoughdata to reliably estimatethe entire model. Gen-
erative modeling doesnot allow focusing the searchfor
complex featuresarbitrarily deep. Onecanachieve supe-
rior performanceby focusingonly on a particularquestion,
for example,classlabelprediction,andtrainingmodelsdis-
criminatively to answerthat question. RelationalMarkov
Networks(RMNs) [36] addressthis problemsincethey are
traineddiscriminatively. In RMNs, however, the structure
of a learningdomain,which determineswhich direct in-
teractionsareexplored,is prespecifiedby a relationaltem-
plate, which precludesthe discovery of deeperand more
complex regularitiesadvocatedin this paper.

Learningfrom relationaldatabringsnew challenges.Re-
lational correlationsinvalidateindependenceassumptions.
This canbe addressedexplicitly by quantifyingsuchrela-
tional correlationsandlearningto control for them[17], or
for example,by using randomeffectsstructuresto model
relationaldependencies[16]. Here, we addressthe prob-
lemof relationalcorrelationsimplicitly by generatingmore
complex featuresautomatically. In the presenceof a large
numberof featurecandidates,selectingthe right features
caneliminatetheindependenceviolationby makingtheob-
servationsconditionallyindependentgiventhesefeatures.

Varioustechniqueshave beenappliedto learninghyper-
text classifiers.For example,predictedlabelsof neighbor-
ing documentscan be usedto reinforceclassificationde-
cisionsfor a given document[5]. An iterative technique

basedon a Bayesianclassifierthatuseshigh confidencein-
ferencesto improve classinferencesfor linked objectsat
later iterationsis proposedin [27]. A techniquecalledSta-
tistical PredicateInvention [7] which combinesstatistical
andrelationallearningby usingNaiveBayesclassifications
aspredicatesin FOIL hasbeenappliedto hypertext clas-
sification. Joint probabilisticmodelsof documentcontent
andconnectivity have alsobeenusedfor documentclassi-
fication [6]. The text surroundinghyperlinkspointing to a
givendocumentwasfoundto greatlyimprove text classifi-
cationaccuracy [13], and the so-called“extendedanchor-
text” in citing documentshasbeenusedfor classification
anddocumentdescription[15].

6. Conclusions and Future Work

We presentedStructural Logistic Regression (SLR),
an approachfor statistical relational learning. It allows
learning accuratepredictive modelsfrom large relational
databases.Modelingandfeatureselectionis integratedinto
thesearchoverthespaceof databasequeriesgeneratingfea-
ture candidatesinvolving complex interactionsamongob-
jectsin a givendatabase.

SLR falls into the category of upgrademethodspro-
posedin inductive logic programming.Upgradesintegrate
a propositionallearnerinto a searchof relationalfeatures,
wherepropositionallearnersfeatureselectioncriteria dy-
namicallydrivetheprocess.Wedemonstratetheadvantages
of coupling a rich SQL-basedextensionof Horn clauses
with classicalstatisticalmodelingfor documentclassifica-
tion. SLR extendsbeyondstandardILP approaches,allow-
ing generationof richer features,bettercontrol of search
of the featurespace,and more accuratemodeling in the
presenceof noise. On the other hand,SLR differs from
relationalprobabilisticnetwork models,suchasPRMsand
RMNs, becausethesenetwork models,while being good
at handlinguncertainly, have not beenusedsuccessfullyto
learn complex new relationships. Our approachis easily
extendedto otherregressionmodels.

Ourexperimentalresultsshow theutility of SLRfor doc-
umentclassificationin theCiteSeerdomain,whichincludes
citation structure,textual evidence,paperauthorshipand
publicationvenues.Relationalfeaturesimproved classifi-
cationaccuracy in all tasks. The averageimprovementof
3.3percentagepointsoveralreadyhighaccuraciesachieved
by modelsusingonly flat featuresis statisticallysignificant
at the99%confidencelevel.

Our approachis designedto scaleto largedatasets,and
thus generatesfeaturesby searchingSQL queriesrather
than Horn clauses,and usesstatisticalratherthan ad hoc
methodsfor deciding which featuresto include into the
model. SQL encouragesthe useof a muchricher feature
space,including many aggregateswhich producereal val-



ues,ratherthanthemorelimited booleanfeaturesproduced
by Horn clauses.SQL is preferableto Prologfor efficiency
reasons,as it incorporatesmany optimizationsnecessary
for scalingto large problems. Also, statisticalfeaturese-
lection allows rigorousdeterminationof what information
aboutcurrent regressionmodelsshouldbe usedto select
thesubspacesof thequeryspaceto explore. Furtherinfor-
mationsuchassamplingfrom featuresubspacesto deter-
mine their promiseand useof databasemeta-information
will helpscaleSLR to truly largeproblems.

We are also working on usingclusteringto extend the
setof relationsgeneratingnew features.Clustersimprove
modelingof sparsedata,improve scalability, andproduce
richer representations[12]. New cluster relationscan be
derived usingattributesin other relations. As the schema
is expanded,thesearchspacegrowsrapidly, andintelligent
searchandfeatureselectionbecomeevenmorecritical.
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