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Abstract

A major obstacleto fully integrateddeploymenof many
data mining algorithmsis the assumptionthat data sits
in a singletable, eventhoughmostreal-world databases
have comple relational structues. We proposean in-
tegrated approad to statistical modelingfrom relational
databasesWe 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.
Seach andmodelselectionare integratedinto a singlepro-
cessallowing informationcriteria nativeto the statistical
model,for examplelogistic regressionto male feature se-
lectiondecisiongn a step-wisamanner \\e presentexperi-
mentalresultsfor the taskof predictingwhele scientificpa-
pers will be publishedbasedon relational datatakenfrom
CiteSeerOur appmoach resultsin classificationaccumacies
superiorto thoseachievedwhenusingclassical“flat” fea-
tures. Theresultingclassifiercan be usedto recommend
wheleto publisharticles.

1. Introduction

Statisticallearningtechniqueglay animportantrole in
datamining, however, their standardormulationis almost

exclusively limited to a one table domainrepresentation.

Suchalgorithmsare presentedvith a setof candidatefea-
tures,anda model selectionprocesshenmalkesdecisions
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regardingtheir inclusioninto a model. Thus,the procesof
featuregeneratioris decoupledrom modeling,oftenbeing
performedmanually This standsasa major obstacleto the
fully integratedapplicationof suchmodelingtechniquesn
real-world practicewheredatais mostoften storedin re-
lational form. It is often not obvious which featureswill
be relevant, andthe humaneffort to fully explore the rich-
nessof a domainis oftentoo costly. Thus,it is crucialto
provide statisticalmodelingtechniqueswith an integrated
functionality to navigatericher datastructureso discover
potentiallynew andcomplex sourceof relevantevidence.
We presentform of statisticalrelationallearningwhich
integrategegressiorwith featuregeneratiorirom relational
data. In this paperwe use logistic regression,giving a
methodwe call StructurallLogistic Regression(SLR). SLR
combineghestrength®f classicaktatisticalmodelingwith
the high expressvity of features,both booleanand real-
valued,automaticallygeneratedrom arelationaldatabase.
SLR falls into a family of modelsproposedin Inductive
Logic Programming(ILP) called “upgrades”[23]. Up-
gradesextend propositionallearnersto handle relational
representation An upgradeimplies that modelingandre-
lational structuresearchareintegratedinto a singleprocess
dynamicallydrivenby theassumptionandmodelselection
criteriaof a propositionalearnerused. This contrastawith
anotherapproaciproposedn ILP called“propositionaliza-
tion” [21]. Propositionalizatiorgenerallyimplies a decou-
pling of relationalfeatureconstructiorandmodeling.It has
certaindisadwantagescomparedo upgrading,asit is dif-
ficult to decidea priori what featureswill be useful. Up-
gradingtechniquedet their learningalgorithmsselecttheir
own featureswith their own criteria. In large problemst is
impossibleto “exhaustvely” propositionalizeandthe fea-



ture constructionshouldbe drivendynamicallyat the time
of learning.An extremeform of propositionalizatioris gen-
eratingthe full join of a databaseThis is bothimpractical
andincorrect—thesizeof theresultingtableis prohibitive,
andthenotion of atraininginstancds lost, now beingrep-
resentedy multiple rows. Moreover, the entriesin thefull
join tablewill beatomicattribute values,ratherthanricher
featuregesultingfrom complex queries.

We apply SLR to documentmining in (hyper)-linked
domains. Linked documentcollections,suchas the Web,
patentdatabaseer scientificpublicationsareinherentlyre-
lational, noisy and sparse.The characteristic®f suchdo-
mainsform a good matchwith our method: i) links be-
tweendocumentsuggestelationalrepresentatiomndask
for techniquedeingableto navigatesuchstructures;flat”
file domainrepresentatioris inadequatén suchdomains;
i) the noisein available data sourcessuggestsstatistical
ratherthandeterministicapproachesandiii) oftenextreme
sparsityin suchdomaingrequiresa focusedfeaturegenera-
tion andtheir carefulselectionwith a discriminative model,
whichallows modelingof comple, possiblydeep butlocal
regularitiesratherthanattemptingo build afull probabilis-
tic modelof theentiredomain.

SLRintegratedogistic regressiorwith relationalfeature
generationWe formulatethe featuregeneratiorprocessas
searchin the spaceof relationaldatabasegueries basedn
the top-dovn searchof refinementgraphswidely usedin
ILP [10]. The useof statisticsallows modeling of real-
valuedfeatures,and insteadof treating eachnode of the
graphasa logic formula, we treatit asa databasejuery
resultingin a table of all satisfyingsolutionsand the in-
troductionof aggreyateoperatorsresultingin a richer set
of features. We use statisticalinformation criteria during
the searchto dynamicallydeterminewhich featuresareto
beincludedinto the model. Thelanguageof non-recursie
first-orderlogic formulashasa direct mappingto SQL and
relationalalgebra,which canbe usedaswell for the pur-
poseof ourdiscussiong.g.aswedoin [29]. In largeappli-
cationsSQL shouldbepreferredor efficiency anddatabase
connectvity reasons.

We usethe datafrom CiteSeeranonline digital library
of computersciencepaperg24]. CiteSeercontainsa rich
setof relationaldata,includingcitationinformation thetext
of titles, abstract@nddocumentsauthornamesandaffilia-
tions,andconferencer journalnameswhichwe represent
in relationalform (Section2). We reportresultsfor thetask
of paperclassificatiorinto conference/journatlasses.

The next sectionintroducesthe CiteSeerrelationaldo-
main and definesthe learningtasks. The methodologyis
presentedn Section3. Section4 presentshe experimental
resultsdemonstratinghat relational featuressignificantly
improve classificationaccuraciesWe provide an extended
discussiorof relatedworkin Sectionb. Section6 concludes

thepaperwith discussiorandfuturework directions.

2. Task and Data

The experimentakaskexploredhereis the classification
of scientific papersinto cateyoriesdefinedby the confer
enceor journal in which they appear Publicationvenues
vary in size andtopic coverage,possiblyoverlapping,but
do focusarounda particularscientificende&or, broaderor
narrover. Thistaskcanbe viewedasa variantof commu-
nity classification. Communitiesare not only definedby
topical commonalitiesthroughdocumentcontentbut also
by interactionbetweercommunitymembersn theform of
citations,co-authorshipandpublishingin thesamevenues.

The datafor our experimentswas taken from CiteSeer
[24]. CiteSeercatalogsscientific publicationsavailable
in full-text on the web in PostScriptand PDF formats.
It extractsand matchescitationsto producea browsable
citationgraph. Documentsn CiteSeemwere matchedwith
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 schemas used wherecapi-
talizedwordsindicatethetypeof acorrespondingttribute:

published_in(Document, Venue),
cites(Document, Document),
word_count(Document, Word, Count),
title_word(Document, Word),
author_of(Document, Person).

We define a number of separatebinary classification
tasks. The choiceof binary ratherthan multi-classtasks
is dictatedin this paperby the useof (two-class)logistic
regressiorwhich comeswith readilyavailablemodelselec-
tion functionality. A multi-classclassifier if equippedwith
model selection,canbe usedfor more generalmulti-class
tasks.For eachclassificatiortaskhere ,we:

e Selectapairof conferencesr journals.

e Split the documentf two classe$0/50into training
andtestcoresets.

e Include documentghat are cited by or cite the core
documentgcitationgraphneighborhood).

e Extractrelationcites for all coreandjustaddeddocu-
mentsin the citationgraphneighborhood.

e Excludefrom thetraining backgroundnowledgeary
referencdo thetestsetcoredocuments.

e For all documentsxtract the remainingbackground
knowledge:word_count, title word, author_of, and
published_in. Since,in the caseof coreclassdocu-
ments,the lastrelationis the actualanswey we allow



it to be usedonly whenrelatingto thevenuef linked
documentgSectiond).!

3. Methodology

SLR couplestwo main processes:generationof fea-
turesfrom relationaldataandtheir selectionwith statisti-
cal modelselectioncriteria. Figure 1 highlightsthe main
component®f our learningsetting. Relationalfeaturegen-
erationis a searchproblem. It requiresformulationof the
searchin the spaceof relational databasequeries. Our
structuringof the searchspaceis basedon the formulation
widely usedin inductive logic programmingfor learning
logic descriptionsand extendedto include othertypes of
gueriesasthe useof statisticsrelaxesthe necessityof limit-
ing thesearchspaceo only boolearvalues.Theprocesse-
sultsin a statisticalmodelwhereeachselectedeatureis the
evaluationof a databaseyuery encodinga predictve data
patternin agivendomain.

Logistic regressionis a discriminative model, that is,
it modelsconditional classprobabilitieswithout attempt-
ing to model mamginal distributions of features. Model
parametersare learnedby maximizing a conditional lik e-
lihood function. Regressioncoeficientslinearly combine
featuresn a“logit” transformatiorresultingin valuesin the
[0,1] interval, interpretechsprobabilitiesof a positive class.
More complex modelswill resultsin higherlikelihoodval-
ues,but at somepoint will likely overfit the data, result-
ing in poor generalization A numberof criteriaaiming at
striking the balancebetweenoptimizing the likelihood of

training dataand model compleity have beenproposed.

Among the more widely usedare the Akaike Information
Criterion (AIC) [1] andthe BayesiarinformationCriterion
(BIC) [33]. Thesestatisticswork by penalizingthe lik eli-
hoodby atermthatdependn modelcomplexity (i.e. the
numberof selectedfeatures). AIC and BIC differ in this
penaltyterm, which is largerfor BIC in all but very small
datasetsof only several examplesandresultingin smaller
modelsandbettergeneralizatioperformanceA modelse-
lection processselectsa subsef availablepredictorswith
thegoalof learninga moregeneralizablenodel.
Relationalfeaturegenerationis a searchproblem. We
usetop-down searchof refinemengraphg34, 10], andin-
troduceaggreate operatorsinto the searchto extend the
featurespace.The extensionis possiblewhenusinga sta-
tistical modelingwhich allows modelingof real-valuedfea-
turesin additionto only boolearvaluesusedin logic.
Thetop-dovn searchof refinemengraphsstartswith the
mostgenerakule andspecializest producingmorespecific
ones. The searchspaceis constrainedy specifyinga lan-
guageof legal clausesfor exampleby disalloving nega-

1Word countsare extractedfrom the first 5k of documenttext. The
wordsarenormalizedwith the Porterstemmer Stopwordsareremoved.

tionsandrecursve definitions,andis structuredby impos-
ing a partial orderingon suchclauseghroughthe syntactic
notion of generality This definesthe refinementgraphas
adirectedagyclic graph,whereeachnodeis a clause.The
nodesareexpandedrom the mostgeneralto morespecific
clausedy applyinga refinementoperator The refinement
operatoris amappingfrom a clauseto a setof its mostgen-
eral specializationsThis is achiezed by applyingtwo syn-
tactic operations:i) a singlevariablesubstitution,or ii) an
additionof a new relationto the body of the clausejnvolv-
ing one or more of variablesalreadypresentandpossibly
introducingnew variables. We make typing control with
meta-schemahatis, we disallow bindingsof variablesof
differenttypes(e.g. Document is neverattemptedo match
with Word). Figure 2 presentsa fragmentof the search
spacean our domain.

We extendthe searctspaceby treatingbodiesof clauses
notastrue/ false values put ratherasqueriegesultingin a
tableof all satisfyingsolutions.Thesetablesareaggreyated
to producescalarnumericvaluesto be usedasfeaturesin
statisticallearners.The useof refinemenigraphsto search
overdatabase@ueriesratherthanoverthefirst-orderformu-
lasretainsricherinformation. In our approachpumericat-
tributesarealwaysleft unbound(substitutiongor numeric
attributesaredisallonved). This avoids certainnumericrea-
soninglimitations known to exist whenlearningfirst-order
logic rules. Considera refinemengraphnodereferringto a
learningexampled:

word_count(d, logistic, C).

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

cites(d, D), word_count(D, logistic, C)

will producefor eachtrainingexampled, atableof pairsof
citeddocumentDs with their countsof theword “logistic”.

Averagingthe columnof countsproducegheaveragecount
of theword “logistic” in citeddocuments.

An algebrafor aggregationds necessaryAlthoughthere
is no limit to the numberof aggrejateoperatorsone may
try, for examplesquareroot of the sumof columnvalues,
logarithm of their productetc., we find a few of themto
be particularlyuseful. We proposethe aggreyateoperators
typically usedin SQL: size, ave, min, max, andempty.
Aggregationscan be appliedto a whole table or to indi-
vidual columns,asappropriategiventype restrictions. We
usethefollowing notationto denoteaggreyatequeryresults:
functiony ., [query], where function is anaggreyateop-
erator its subscrip/ar is avariablein thequeryspecifying
the aggreatedcolumn. If anaggreyateoperatorappliesto
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 timesatrainingexampled is
citedis size[cites(D, d)]. The averagecountof the word
“learning” in documentgitedfrom d is:

aveg [cites(d, D), word_count(D, learning, C)].

Oncethesearchspacds structureda searctstrateyy should
be chosen.Herewe usebreadth-firsisearch.This will not

alwaysbe feasiblein largerdomainsandintelligentsearch
heuristicswill be needed.Incorporatingstatisticalmodel-
ing into the searchaswe do, opensa numberof attractve

optionssuchassampling,providing a well understoodsta-

tistical interpretatiorof featureusefulness.

4. Reaults

We demonstratehe use of StructuralLogistic Regres-
sion (SLR) by predicting publication venuesof articles
from CiteSeer We selectfive binary classificationtasks.
Four tasksarecomposedy pairingbothKDD andWWW
with their two closestconferencesn the immediatecita-
tion graphneighborhoodas measuredy the total number
of citationsconnectinghe two conferencesSIGMOD and
VLDB rank the top two for both KDD and WWW. The
fifth taskis a pair of Al andML Journals(Artificial Intel-
ligence, Elsevier Scienceand Machine Learning, Kluwer
respectiely). Table1 containsthe sizesof classesandtheir
immediatecitation graphneighborhoods.The numberof
papersanalyzedis subjectto availability in both CiteSeer
andDBLP.

Theresultsreportedhereare producedoy searchinghe
subspaceof the searchgraph over the queriesinvolving
one or two relations, wherein the latter caseone rela-
tion is cites. At present,we avoid subspacesesulting
in a quadratic(or larger) numberof features,suchas co-
authorshipor word co-occurrences adocument.The ex-
ploration of suchlarger subspacess an importantfuture

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

CLASS # COREDOCS # NEIGHBORS
ARTIF. INTELLIGENCE 431 9,309
KDD 256 7,157
MACHINE LEARNING 284 5,872
SIGMOD 402 7,416
VLDB 484 3,882
WWWwW 184 1,824

direction(e.g. samplingcanbe used). We do not consider
gueriesnvolving theincomingcitationsto thelearningcore
classdocumentsaswe assumehatthis knowledgeis miss-
ing for the testexamples. Sincethe relationpublished_in

duplicatesthe responseclasslabels,we allow it to partic-
ipatein the searchonly as part of more complex queries
relatingto thevenuef citeddocuments.

Model selectionis performedin two phases:preselec-
tion andfinal modelselection.We allow the first phaseto
be moreinclusive andmake morerigorousmodelselection
at the final phase. First, the featuresgeneratediuring the
searcharechecledfor additioninto the modelby the AIC.
This phaseperformsa forward-onlystep-wiseselection.A
featureis preselected it improvesthe AIC by atleast1%.
After every 500 searchnodes,the modelis refreshed.All
preselectedeaturesparticipatein the final selectionphase
with a forward-backvard stepwiseprocedure.A morere-
strictive BIC statisticis usedatthis phase.Thepreselection
phaseis currentlyusedto remove the orderingbias,which
may favor shallow features.

We comparethe performanceof the resultingmodelsto
thosetrainedusingonly “flat” features.Flat featuresonly
involve the dataavailableimmediatelyin a learningexam-



author_of(d, Auth).

cites(d,Doc).

cites(d, Doc =" doc20").

author_of(d, Auth =" smith").

word_count(d, Word, Int).

T
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cites(d, Doc), word_count(Doc, Word =" learning", I nt).
cites(d, Doc), published_in(Doc, Venue).

cites(d, Doc), published_in(Doc, Venue =" www" ).

Figure 2. Fragment of the search space. Each node is a database query about a learning example d
evaluated to atable of satisfying bindings. Aggregate operator s are used to produce scalar features.

ple,thatis authorshiptext andtitle words. They donotin-
volve datareferringto or containedn otherdocuments\We
referthereaderto [30] for evidencesupportinglogistic re-
gressionn comparisongo pureor propositionalized-OIL
modelingin this domain.We do not compareto other“flat”
componentsthey can also be usedwithin our approach,
if suppliedwith a model selectionmechanism.We focus
insteadon demonstratinghe usefulnesof more comple
relationalfeaturesas part of a commonfeaturegeneration
framavork. Comparinglogistic regressionto otherpropo-
sitional modelswould be attemptingto answera different
guestion.A commonconclusionmadein large-scalecom-
parisonstudiesg.g.[25], is thatthereis no singlebestalgo-
rithm acrossall differentdatasetsHowever, logistic regres-
sionis oftenquite successful.

The modelswe found had averagetest set accuracies
of 83.5%and80.2%for relationalandflat representations
respectiely. The 3.3 percentagepoints improvementis
significantat the 99% confidencdevel basedon the stan-
dardt-test. The improvementfrom relationalfeatureswvas
achieved in all tasks. Table 2 detailsthe performancen
eachtask. Table3 summarizedor eachtaskthefinal num-
berof selectedeaturesthe numberof preselectedeatures,
andthetotal numberof featuresconsideredThetotal num-
ber of featuresconsidereds a function of vocahulary se-
lectionandof the densityof citation graphneighborhoods.
We storein thedatabasevord countsgreatetthantwo for a
givendocumentAuthorsof only onepaperin adatasetare
not recordednor arethe non-coreclassdocumentdinked
to therestof thecollectionby only onecitation.

Table4 givesexamplesof someof the highly significant

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

TASK TRAIN TEST
REL. FLAT REL. FLAT
WWW -SIGMOD 95.2 90.3 793 775
WWW -VLDB 93.5 90.6 851 832
KDD - SIGMOD 99.1 904 833 79.8
KDD -VLDB 97.8 912 877 837
Al - ML 93.8 86.5 822 76.7

relationalfeatureslearned. Not all typesof relationalfea-
tureswere equallyusefulin termsof how oftenthey were
selectednto the models. Commonlyselectedeaturesare
basedon word countsin cited documentsand cited publi-

cationvenues Authorshipor featuresnvolving citationsto

concretedocumentswere selectedrelatively infrequently;
their utility would increasewhenothersourcesof features
areunavailable,for example,whenthewordsarenot avail-

ableor in multi-lingual ernvironments.

5. Related Work and Discussion

A number of approaches‘upgrading” propositional
learnersto relational representationiave beenproposed
in theinductive logic programming(ILP) community Of-
ten, theseapproachesipgraddearnersmostsuitableto bi-
nary attributes,for example,decisiontreesandassociation
rules[4, 9]. The upgradeof classificationand regression
treesis proposedn [22]. Reinforcementearningwas ex-
tendedto relationalrepresentationfll]. 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
Al - 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  not_empty [cites(d, D), published_in(D, icde)] SIGMOD
size [cites(d, D), word_count(D, page, C)] www
not_empty [cites(d, D), word_count(D, memori, C)] SIGMOD

WWW - VLDB size [cites(d, D), title.word(D, join)] VLDB
not_empty [cites(d, D), published_in(D, www)] www
size [cites(d, D), word_count(D, relat, C)] VLDB

KDD - SIGMOD avec [cites(d, D), word_count(D, mine, C)] KDD
not_empty [cites(d, D), word_count(D, dbm, C)] SIGMOD
not_empty [cites(d, D), cites(doc81863, D)] KDD

KDD - VLDB avec [cites(d, D), word_count(D, learn, C)] KDD
not_empty [cites(d, D), published_in(D, icml)] KDD
not_empty [cites(d, D), published_in(D, kdd)] KDD

Al - ML not_empty [cites(d, D), author_of(D, schapire)] ML
avec [cites(d, D), word_count(D, exampl, C)] ML
not_empty [cites(d, D), published_in(D, ijcai)] Al

ally impliesthat generatiorof relationalfeaturesandtheir
modelingare tightly coupledand driven by propositional
learners model selectioncriteria. SLR falls into the cat-
egory of upgradingmethods. Perhapshe approachmost
similar in spirit to oursis that taken in MACCENT sys-
tem[8], which usesexpectedentrogy gainfrom addingbi-
nary featuresto a maximumentropy classifierto directa
beamsearchoverfirst-orderclausesThey determinevhen
to stopaddingvariablesby testingthe classifieron a held-
outdataset.A detaileddiscussiorof upgradings presented
in [23]. ILP providesoneway to structurethesearchspace;
otherscanbeused[31].

Another approachis “propositionalization” [21], in
which, asthe termis usually used,featuresare first con-
structedrom relationalrepresentatioandthenpresentedo
a propositionalalgorithm. Featuregenerationis thusfully
decoupledrom the modelusedto make predictions. One
form of propositionalizatioris to learna logic theorywith
an ILP rule learnerandthenuseit asbinary featuresin a
propositionalearner For example linearregressioris used
to modelfeaturesconstructedvith ILP to build predictive
modelsin achemicaldomain[35]. Aggregateoperatorsare
an attractve way of extendingthe setof propositionalized
featuresFor example aggrejatescanbeusedto construca
singletableinvolving aggregatesummarieandthenusing
a standardpropositionallearneron this table [20]. Aggre-

gationin relationallearningis discussedn detailin [28].

Decouplingfeature constructionfrom modeling, as in
propositionalizationhowever, retainsthe inductive bias of
thetechniqueusedto construcfeaturesthatis, 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,
have differentcriteriafor featureusefulnessintegratingfea-
turegeneratiorandselectioninto asingleloopis adwocated
in this context in [3, 30]. Couplingfeaturegeneratiorand
modelselectiorcanalsosignificantlyreducecomputational
cost. By fully integratinga rich setof aggreyateoperators
into thegeneratiorandsearchof therefinemengraph,SLR
avoidscostlygeneratiorof featuresvhichwill notbetested
for inclusionin themodel.

A numberof modelshave beenproposedwhich com-
bine the expressvity of first-orderlogic with probabilistic
semanticg2, 14, 19, 26, 32, 36]. For example,Stochastic
Logic Programg26] modeluncertaintyfrom within thelLP
frameawork by providing logic theorieswith a probability
distribution; ProbabilisticRelationalModels (PRMs) [14]
are a relationalupgradeof Bayesiannetworks. The mar
riageof richerrepresentationandprobabilitytheoryyields



extremelypowerful formalisms andinevitably anumberof
equialencesamongthemcanbe obsened. In additionto
the questionof semanticand representationaquivalence,
it is usefulto also considerthe differencesn how models
arebuilt, thatis, whatobjective functionis optimized,what
algorithmis usedto optimizethatfunction,whatis doneto
avoid overfitting, whatsimplifying assumptionaremade.

A conflict exists betweenthe two goals: i) probabilis-
tically characterizinghe entire domainandii) building a
modelthataddressea specificquestion suchasclassifica-
tion or regressionmodelingof a single responsevariable.
This distinctiontypically leadsto two philosophies:“gen-
eratve” and “discriminative” modeling. Generatre mod-
els attemptto modelfeaturedistributions, while discrimi-
native models like SLR, only modelthe distribution of the
response&ariableconditionalonthefeaturesthusvastlyre-
ducingthe numberof parametersvhich mustbe estimated.
For this reason,our methodallows inclusion of arbitrar
ily complex featureswithout estimatingtheir distribution,
whichis impossiblein large andsparseervironments.

PRMs,for example,aregeneratie modelsof joint prob-
ability distribution capturing probabilistic influencesbe-
tween entities and their attributesin a relational domain.
PRMs can provide answersto a large numberof possi-
ble questionsaboutthe domain. An importantlimitation,
however, of generatre modelingis that often thereis not
enoughdatato reliably estimatethe entire model. Gen-
eratve modeling doesnot allow focusing the searchfor
comple featuresarbitrarily deep. One can achiese supe-
rior performancdy focusingonly on a particularquestion,
for example clasdabelprediction,andtrainingmodelsdis-
criminatively to answerthat question. RelationalMarkov
Networks (RMNSs) [36] addresghis problemsincethey are
traineddiscriminatively. In RMNs, however, the structure
of a learningdomain, which determineswhich direct in-
teractionsareexplored,is prespecifiedy a relationaltem-
plate, which precludesthe discovery of deeperand more
comple regularitiesadvocatedn this paper

Learningfrom relationaldatabringsnew challengesRe-

lational correlationsinvalidateindependencassumptions.

This canbe addresseaxplicitly by quantifyingsuchrela-
tional correlationsandlearningto controlfor them[17], or
for example, by using randomeffects structuresto model
relationaldependenciefl6]. Here,we addresshe prob-
lem of relationalcorrelationamplicitly by generatingnore
comple featuresautomatically In the presencef a large
numberof featurecandidatesselectingthe right features
caneliminatetheindependenceiolation by makingthe ob-
senationsconditionallyindependengiventhesefeatures.
Varioustechniquesave beenappliedto learninghyper
text classifiers.For example,predictedabelsof neighbor
ing documentscan be usedto reinforce classificationde-
cisionsfor a given document[5]. An iterative technique

basedon a Bayesiarclassifierthatuseshigh confidencen-
ferencesto improve classinferencesfor linked objectsat
lateriterationsis proposedn [27]. A techniquecalled Sta-
tistical Predicatelnvention[7] which combinesstatistical
andrelationallearningby usingNaive Bayesclassifications
aspredicatesn FOIL hasbeenappliedto hypertet clas-
sification. Joint probabilisticmodelsof documentcontent
andconnectvity have alsobeenusedfor documentclassi-
fication[6]. Thetext surroundinghyperlinkspointingto a
givendocumentwasfoundto greatlyimprove text classifi-
cationaccurayg [13], andthe so-called“‘extendedanchor
text” in citing documentshasbeenusedfor classification
anddocumentescription15].

6. Conclusions and Future Work

We presentedStructural Logistic Regression (SLR),
an approachfor statisticalrelational learning. It allows
learning accuratepredictve modelsfrom large relational
databasedviodelingandfeatureselectionis integratedinto
thesearcloverthespaceof databasguerieggeneratindea-
ture candidatesnvolving comple interactionsamongob-
jectsin agivendatabase.

SLR falls into the category of upgrademethodspro-
posedin inductive logic programming.Upgradesntegrate
a propositionallearnerinto a searchof relationalfeatures,
where propositionallearnersfeatureselectioncriteria dy-
namicallydrivetheprocessWe demonstratéheadvantages
of coupling a rich SQL-basedextensionof Horn clauses
with classicalstatisticalmodelingfor documentclassifica-
tion. SLR extendsbeyond standardLP approachesallow-
ing generationof richer features,bettercontrol of search
of the featurespace,and more accuratemodelingin the
presenceof noise. On the otherhand, SLR differs from
relationalprobabilisticnetwork models,suchasPRMsand
RMNs, becausdhesenetwork models,while being good
at handlinguncertainly have not beenusedsuccessfullyto
learn complex new relationships. Our approachis easily
extendedo otherregressiommodels.

Ourexperimentatesultsshawv theutility of SLRfor doc-
umentclassificatiorin the CiteSeedomain,whichincludes
citation structure,textual evidence, paperauthorshipand
publicationvenues. Relationalfeaturesimproved classifi-
cationaccuray in all tasks. The averageimprovementof
3.3percentag@ointsoveralreadyhighaccuracieschieved
by modelsusingonly flat featureds statisticallysignificant
atthe 99%confidencdevel.

Our approachs designedo scaleto large datasets,and
thus generatedeaturesby searchingSQL queriesrather
than Horn clausesand usesstatisticalratherthan ad hoc
methodsfor deciding which featuresto include into the
model. SQL encourageshe useof a muchricher feature
space,ncluding mary aggreyateswhich producereal val-



ues,ratherthanthe morelimited boolearfeaturesproduced
by Horn clauses SQL is preferableto Prologfor efficiency
reasonsasit incorporatesmary optimizationsnecessary
for scalingto large problems. Also, statisticalfeaturese-
lection allows rigorousdeterminationof what information
aboutcurrentregressionmodelsshould be usedto select
the subspacesf the queryspaceto explore. Furtherinfor-
mation suchas samplingfrom featuresubspaceto deter
mine their promiseand use of databasemeta-information
will helpscaleSLRto truly large problems.

We are also working on using clusteringto extend the
setof relationsgeneratinghew features.Clustersimprove
modelingof sparsedata,improve scalability and produce
richer representationfl2]. New clusterrelationscan be
derived using attributesin otherrelations. As the schema
is expandedthe searchspacegrows rapidly, andintelligent
searchandfeatureselectionbecomeavenmorecritical.

References

[1] H. Akaike. Informationtheoryandanextensionof themax-
imumlikelihoodprinciple.In 2ndInt’l Symposiunon Infor-
mationTheory 1973.

[2] C.AndersonP. DomingosandD. Weld. RelationalMarkov
modelsandtheir applicationto adaptve webnavigation. In
KDD, 2002.

[3] H. Blockeel and L. Dehaspe. Cumulatvity as inductive
bias. In Workshops:Data Mining, DecisionSupportMeta-
LearningandILP at PKDD, 2000.

[4] H.BlockeelandL. D. Raedt.Top-davn inductionof logical
decisiontrees.Atrtificial Intelligence 101(1-2),1998.

[5] S.ChakrabartiB. E. Dom, andP. Indyk. Enhancechyper
text cateyorizationusinghyperlinks.In SIGMOD, 1998.

[6] D.CohnandT. Hofmann.Themissinglink - A probabilistic
model of documentcontentand hypertext connectity. In
NIPS volumel3.MIT Press2001.

[7] M. CravenandS. Slattery Relationallearningwith statis-
tical predicateinvention: Bettermodelsfor hypertext. Ma-
chineLearning 43(1/2),2001.

[8] L. DehaspeMaximumentrofy modelingwith clausalcon-
straints.In ILP, 1997.

[9] L. DehaspeandH. Toivonen. Discovery of frequentdata-
log patterns.Data Mining and Knowled@ Discovery, 3(1),
1999.

[10] S. Dzeroskiand N. Lavrac. An introductionto inductive
logic programming.In S. DzeroskiandN. Lavrac, editors,
RelationalData Mining. SpringerVerlag,2001.

[11] S.Dzeroski,L. D. Raedt,andH. Blockeel. Relationalrein-
forcementearning.In ICML, 1998.

[12] D. FosterandL. Ungar A proposafor learningby ontolog-
ical leaps.In Snowbid LearningConfeence 2002.

[13] J.Furnkranz.Exploiting structuralinformationfor text clas-
sificationonthe WWW. IntelligentData Analysis 1999.

[14] L. Getoor N. Friedman,D. Koller, andA. Pfeffer. Learn-
ing probabilistic relational models. In S. Dzeroski and
N. Lavrac, editors, Relational Data Mining. Springer
Verlag,2001.

[15] E. J. Glover, K. Tsioutsiouliklis, S. Lawrence,D. M. Pen-
nock,andG. Flake. Usingwebstructurefor classifyingand
describingwebpages.In Int'l WWWConfeence 2002.

[16] P. Hoff. Randomeffects modelsfor network data. In Na-
tional Academyof SciencesSymposiunon SocialNetwork
Analysisfor National Security 2003.

[17] D.JenserandJ.Neville. Linkageandautocorrelatiorcause
featureselectionbiasin relationallearning.In ICML, 2002.

[18] A. Karalic andl. Bratko. Firstorderregression. Machine
Learning 26,1997.

[19] K. KerstingandL. D. Raedt. Towardscombininginductie
logic programmingandBayesiametworks. In ILP, 2001.

[20] A. J.Knobbe,M. D. Haas,andA. Siebes.Propositionalisa-
tion andaggreyates.In PKDD. 2001.

[21] S. Kramer N. Lavrac, and P. Flach. Propositionaliza-
tion approacheso relationaldatamining. In S. Dzeroski
andN. Lavrac, editors, RelationalData Mining. Springer
Verlag,2001.

[22] S. Kramer and G. Widmer.  Inducing classificationand
regressiontreesin first order logic. In S. Dzeroskiand
N. Lavrac, editors, Relational Data Mining. Springef
Verlag,2001.

[23] W. V. LaerandL. D. Raedt. How to upgradepropositional
learnersto first orderlogic: A casestudy In S. Dzeroski
andN. Lavrac, editors, RelationalData Mining. Springer
Verlag,2001.

[24] S.LawrenceC. L. Giles,andK. Bollacker. Digital libraries
andautonomougitationindexing. IEEE Computer 32(6),
1999.

[25] T.-S.Lim, W.-Y. Loh, and Y.-S. Shih. A comparisonof
predictionaccurag, complity, andtrainingtime of thirty-
threeold andnew classificatioralgorithms.MachineLearn-
ing, 40,2000.

[26] S.Muggleton.Stochastidogic programs.In ILP, 1995.

[27] J.Neville andD. Jensenlterative classificatiorin relational
data.In AAAIWbrkshopon LearningStatisticalModelsfrom
RelationalData, 2000.

[28] C.PerlichandF. Provost. Aggregation-basedeatureinven-
tion andrelationalconceptlassesin KDD, 2003.

[29] A. PopescubndL. H. Ungar Statisticalrelationallearning
for link prediction.In IJCAI Workshopon LearningStatisti-
cal ModelsfromRelationalData, 2003.

[30] A. PopesculL. H. Ungar S. Lawrence,andD. M. Pen-
nock. Towardsstructurallogistic regression:Combiningre-
lationalandstatisticalearning.ln KDD Wbrkshopon Multi-
RelationalData Mining, 2002.

[31] D. RothandW. Yih. Relationallearningvia propositional
algorithms.In IJCAI, 2001.

[32] T. Sato. A statisticallearningmethodfor logic programs
with distribution semanticsin ICLP, 1995.

[33] G. Schwartz. Estimatingthe dimensionof a model. The
Annalsof Statistic$6(2),1979.

[34] E. Shapiro.AlgorithmicProgramDebugging. MIT, 1983.

[35] A. SrinivasanandR. King. Featureconstructiorwith induc-
tive logic programming:A studyof quantitatve predictions
of biological actvity aidedby structuralattributes. Data
Mining andKnowledg Discovery, 3(1),1999.

[36] B. Taskar P. Abbeel,andD. Koller. Discriminative proba-
bilistic modelsfor relationaldata.In UAI, 2002.



