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Abstract

Link predictionis a comple, inherentlyrelational,
task. Be it in the domainof scientific citations,
social networks or hypertet links, the underly-
ing dataare extremely noisy and the characteris-
tics usefulfor predictionare not readily available
in a“flat” file format, but ratherinvolve complex
relationshipsamongobijects.In this paper we pro-
posethe applicationof our methodologyfor Sta-
tistical RelationalLearningto building link predic-
tion models. We proposean integratedapproach
to building regressionmodelsfrom datastoredin
relational database@ which potential predictors
aregeneratedy structuredsearchof the spaceof
gueriesto the databaseand thentestedfor inclu-
sion in a logistic regression. We presentexperi-
mentalresultsfor the task of predicting citations
madein scientific literature using relational data
takenfrom CiteSeerThis dataincludesthecitation
graph,authorshipandpublicationvenuef papers,
aswell astheirword content.

1 Introduction

Link predictionis animportantproblemarisingin mary do-
mains. Web pages computersscientific publications,orga-
nizations peopleandbiologicalmoleculesareinterconnected
andinteractin oneway or another Being ableto predictthe
presencef links or connectiondbetweerentitiesin adomain
is bothimportantanddifficult to dowell. We emphasizéwo
importantcharacteristicdf suchdomains:i) their natureis
inherentlymulti-relational,makingthestandardflat” file do-
mainrepresentatiomadequateandii) suchdatais oftenvery
noisy or partially obsened. For example,in the domainof
scientific publications,documentsare cited basedon mary
criteria, including their topic, conferenceor journal,andau-
thorship,aswell asthealreadyexisting citationstructure All
attributescontribute, somein fairly complex ways.

The characteristicof the task suggeststatisticallearning
for building robust modelsfrom noisy data and relational
databasesasa naturalway to representind storesuchdata.
Difficulties arise from the fact that the standardstatistical
learningalgorithmsassumene-tableflat” domainrepresen-
tation. Suchalgorithmsare presentedvith a setof possible

predictorsanda modelselectiorprocessnakesdecisionge-

gardingtheirinclusioninto amodel. Thus,theprocesof fea-

ture creationis decoupledrom featureselectionandis often

performedmanually Moreover, it is notalwaysobviouswhat
featureshouldbegeneratedThus,it is crucialto providesta-
tistical modelingtechniqueswith an integratedfunctionality
to navigatericher datastructuresn orderto discover poten-
tially new andcomplex sourcef relevantevidence features
not readily availablein singletablesandnot alwaysimmedi-

ately obviousto humans.

Oneapproachthat might be considereds to generatehe
full join of adatabas#or aone-tabldearningmethod.Thisis
bothimpracticalandincorrect—thesizeof theresultingtable
is prohibitive, andthe notion of an objectcorrespondindo a
training exampleis lost, beingrepresentetty multiple rows.
Moreover, the entriesin thefull join tablewill be atomicat-
tribute values, rather than valuesresulting from arbitrarily
complex queries,what we desirefor our features. Preserv-
ing therelationalrepresentatiomlsoallows the introduction
of intelligentsearcheuristicsthatexplore only subspacesf
thepossiblesearchspace.

Ourmethodof statisticarelationallearningintegratesstan-
dardstatisticalmodeling,herelogistic regressionwith a pro-
cessfor systematicallygeneratingfeaturesfrom relational
data.Weformulatethefeaturegeneratiomprocessasseachin
thespaceof relationaldatabasequeries Therichnessof this
spaceor spacebias potentially canbe chosenat the desired
level of complexity by specifyingthetypesof queriesallowed
in the search. Aggregation or statisticaloperations group-
ings, richerjoin conditions,or argmaxbasedjueriescanall
beconsideredspartof search.Thus,thesearchspaceallows
thediscovery of complex andinterestingrelationships.

In this paper we apply our methodof statisticalrelational
learning[Popescuétal., 2003 to theproblemof citationpre-
dictionin thedomainof scientificpublications.Link predic-
tion modelsin this domaincanbe usedasa citationrecom-
menderservice. This servicecan potentially be deployed to
recommenditationsto usersvho providetheabstractnames
of the authorsandpossiblya partial referencdist of a paper
in progress. In additionto prediction, the learnedfeatures
have anexplanatorypower, providing insightsinto the nature
of thecitationgraphstructure We usethedatafrom CiteSeer



(a.k.a.Researchindg,! anonlinedigital library of computer
sciancepaperd Lawrenceet al., 1999. CiteSeercontainsa
rich setof relationaldata,includingthetext of titles, abstracts
anddocumentsgitationinformation,authornamesandaffil-
iations,conferencer journalnames’

2 Methodology

Ourmethodof statisticarelationallearningcouplesgwo main
processesgenerationof featurecandidatedrom relational
dataandtheir selectionwith statisticalmodel selectioncri-
teria. Relationalfeaturegenerationis a searchproblem. It
requiresformulationof thesearchin thespaceof querieso a
relationaldatabaseWe introducenotationfirst.

Throughout this section we use the following fixed
schema

Citation( fromt Docunent, to: Docunent),
Author( doc Docurent, auth Per son),
PublishedItt doc Docunent, vn: Venue),
WordCount doc Docunent, word: Word, cntint).

We useextendedrelationalalgebranotationto denoteag-
gregations. Aggregation functionsare subscriptedwith the
correspondingttribute nameif appliedto anindividual col-
umn, or are usedwithout subscriptsif appliedto entire ta-
bles. For example,an averagecountof the word “learning”
in documentscited from a learningexampledocumentd, a
potentially usefultype of featurein documentclassification,
is denotedas:

AVE€cnt [Uword:’learning’ Afrom='d'
(Citation Myp—goc WordCount)]

Theduplicatedn thecolumncntarenot eliminatedunless
anexplicit projectionof thatcolumnis performedbeforeag-
gregationtakes place. Whenambiguouscolumnnamesare
resolhed with relationnames.We abbreviate relationnames
with their first letter, andin the casef joinsinvolving more
thanoneinstanceof the samerelation, the relation nameis
suffixed with a numeral. For example,the numberof com-
mondocumentshatbothdocumentsi* andd? citeiis:

count[aC’l.from:’d“/\CQ.from:’d2’(C]- No1.to=C2.t0 02)]

This featureis an example of a featureusefulin link pre-

diction. It asksa questionabouta target pair of documents
< d',d?> >. Whenlearningn-ary targets,we superscripil

with a correspondingttribute index. Queriesmay be about
justoneof thedocumentsn atargetpair. For example:

countlogo—rg2: (C)]

is the numberof timesdocumentd? is cited. Largervalues
of this featureincreasethe prior probability of d' citing d?,
regardlesof whatd! is.

*http://citeseer.org/

2publicationvenuesareextractedby matchinginformationwith
theDBLP databaseht t p: / / dbl p. uni -trier. de/

3Domains,or types,usedherearedifferentfrom the basicSQL
types.In implementationthesedomainsarespecifiedn additionto
thebasicSQL typesto guidethe searchprocessnoreefficiently.

2.1 Relational Feature Generation

We generatefeaturesby searchingthe spaceof relational
databasejueries. The main principle of our searchformula-
tion is basedon the conceptof refinemengraphs[Shapiro,
1983 which are widely usedto searchthe spaceof first-
orderlogic clauses. The searchof refinementgraphsstarts
with most generalclausesand progressedy refining them
into more specializedones. Refinemengraphsare directed
agyclic graphsspecifyingthe searchspaceof the first-order
logic queries. The spaceis constrainedoy specifyinglegal
clauseg(e.g. disalloving recursionand negation), andthen
structuredy partialorderingof clausesusingasyntacticno-
tion of generality(9-subsumptiorPlotkin, 1969). A search
nodeis expanded,or refined,applying a refinemenbpera-
tor to produceits most generalspecializations. Inductive
logic programmingsystemsusing refinementgraphsearch,
usually apply two refinementoperators:i) addinga predi-
cateto the body of a clause jnvolving oneor morevariables
alreadypresent,and possiblyintroducingone or more new
variables,or i) a singlevariablesubstitution,[Dzeroskiand
Lavrac,2001]. In relationalalgebratheserefinementsorre-
spondto addingan equijoinwith a new relationinstance or
performinga selectionbasedon a conditionof equalitywith
a constant. In contrastto learninglogic clauses statistical
learningis not limited to binarylogic valuedattributes.
Ourfirst extensionintroducesaggreyationor statisticalop-
erationsinto the searchspace.A queryin relationalalgebra
resultsin atableof all attributevaluessatisfyingit, ratherthan
atrue/ f al se value. Queryresultsareaggreatedto pro-
ducescalamumericvaluesto be usedasfeaturesdn statistical
learning. Althoughthereis no limit to the numberof aggre-
gationfunctionsonemay try, e.g. squareroot of the sumof
columnvalues,logarithmof their productetc., we expecta
few of thembeingmostuseful,suchascount , ave, max,
m n, node, and enpty. Aggregationscanbe appliedto
awhole tableor to individual columns,asappropriategiven
typerestrictions,e.g. ave cannotbe appliedto a columnof
a catgorical type. Adding aggrejationoperatorsresultsin
a muchricher searchspace.Binary logic-basedeaturesare
alsoincludedthroughtheenpt y aggreyationoperation.The
situationswhen aggreyation operationsare not defined,e.g.
the averageof an empty set, areresolhed by introducingan
interactiontermwith a 1/0 not-defined/definetkature.
Theresultsof aggreyationoperationsmay be factorednto
further search.For example,we may wantto askhow mary
co-authorghe mostcited authorin a given conference: has
(including him/herself).Thefollowing aggreyation:

mostCitedAuth =

mOdeauth[(Uvnz’c’((P NP.doc:from C) Nto:A.doc A))]
is usedin:

count[mA2.quth (0 A1.quth="mostCited Auth’

(Al X A1.doc=A2.doc A2))] .

Richer selectionor join conditions,not necessarilycon-
juncts of equality conditions,can also be madepart of the
searchspace.Thesearctspaces potentiallyinfinite, but not
all subspacewiill be equallyuseful. We proposethe useof



samplingfrom subspacesf the sametype performedat the
time of nodeexpansiongo decideif morethoroughexplo-
ration of that subspaceés promising,or if the searchshould
be morequickly refocusedn othersubspaces.

Our current implementationconsidersthe searchspace
covering querieswith equijoins,equality selectionsand ag-
gregation operations. Aggregatesare consideredor model
inclusionat eachnode, but are not factoredinto the further
search.Figure 1 presentsa fragmentof the searchspaceus-
ing relationsAut hor, Ci t at i on andPubl i shedl n for
thelink predictiontask.

Logistic regression[Hosmer and Lemesha, 1989 is
used for binary classificationproblems. Model parame-
ters/rgressioncoeficientsarelearnedto maximizethe like-
lihood function, i.e. the probability that the training datais
generatedy a modelwith thesecoeficients. More complex
modelswill resultsin higherlikelihoodvalues,but at some
pointwill likely overfit the data,resultingin poorgeneraliza-
tion. A numberof criteriaaiming at striking the balancebe-
tweenoptimizing the likelihood of training dataand model
compleity have beenproposed. Among the more widely
usedis the Bayesiannformation Criterion (BIC) [Schwartz,
1979, which works by penalizingthe likelihood by a term
that dependson model complexity. We usestepwisemodel
selectionto find a modelwhich generalizesvell by adding
one predictorat a time aslong asthe BIC canstill be im-
proved.

3 Tasksand Data

Learningfrom relationaldatafor link predictiondiffers in
severalimportantaspectdrom otherlearningsettings.Rela-
tionallearning,in generalrequiresaquitedifferentparadigm
from “flat” file learning. The assumptiorthat the examples
areindependernis violatedin the presencef relationalstruc-
ture; this can be addressedxplicitly [Jensenand Neville,
2002; Hoff, 2003, or implicitly, aswe do here, by gener
ating morecomplex featureswhich capturerelationaldepen-
dencies.Whenthe right featuresare used,the obsenations
areconditionallyindependengiiventhe featuresgliminating
theindependenceiolation.

In our link predictionsetting,a learningexampleclassla-
bel indicatingthe presencer absencef alink betweenwo
documentss informationof the sametype asthe restof the
link structurewhich can solely be usedfor prediction. In
somesensejt may be instructive to view this settingashy-
brid modeland memorybasedliearning. We build a formal
statisticalmodel,but predictionof future datapointsrequires
databas@ccessaseachselectedeatureis a databasejuery
Thus, an importantaspect,more so thanin attribute-value
learning, is what information aboutnew exampleswill be
availableatthetime of predictionandhow missingor chang-
ing backgroundnformationwould affecttheresults.

Considerthe following two scenariosfor prediction of
links betweerobjectsin adomain:

e Theidentity of all objectsis known. Only someof the
link structureis known. The goal is to predict unob-
sened links, from existing link structurealoneor also
usinginformationaboutotheravailableobjectattributes.

e New objectsarrive and we want to predicttheir links
to otherexisting objects. What do we know aboutnew
objects?Perhapswe know someof theirlinks, andwant
to predictthe other Alternatively, we might not know
ary of the links, but know someother attributesof the
new objects.

In thelattercase whennoneof the partiallink structureof
the new objectsis known, and predictionis basedsolely on
otherattributes,e.g. only authorshipandword content,fea-
ture generationwould have to be controlledto not produce
featuresdbasedon immediatelinks, but usethemwhenrefer
ring to thelinks in alreadyexisting backgroundnowledge.

In this paper we perform experimentsfor the first sce-
nario. Thedatafor our experimentsvastakenfrom CiteSeer
[Lawrenceet al., 1999. CiteSeercatalogsscientific publi-
cationsavailable in full-text on the web in PostScriptand
PDFformats. It extractsand matchesitationsto producea
browsablecitationgraph.Thedatawe usedcontains271,343
documentsand1,092,20Ccitations* Additional information
includesauthorshipand publicationrelations? We usethe
following schema:

Citation( fromt Docunent , to: Docunent),
Author( doc Docurent, auth Person),
Publishedlit doc Docurrent , vn: Venue) .

Thetrainingandtestsetsareformedby samplingcitations
(or absentitationsfor negative examples)from the citation
graph. We perform learningon five datasets. Four of the
dataset$ncludelinks amongall documentsontaininga cer
tain queryphrase andthefifth datasetcoversthe entirecol-
lection. Notethatthe backgroundknowledgein thefirst four
datasetsalso includesall otherlinks in the full collection;
only training and testlinks are sampledfrom the subgraph
inducedby documensubsetsTablel containshe summary
of thedatasets.

Thedetailedearningsettingis asfollows:

e Populate three relations Ci t at i on, Aut hor
Publ i shedl n initially with all data.

e Createtraining and test setsof 5,000 exampleseach
by i) randomly sampling 2,500 citations for training
and 2,500 citations for testing from thosein column
# Li nks of the Table 1; and ii) creating negative
examplesby sampling from the same subgraphalso
2,500/2,500rain/testof “empty” citations,i.e. pairsof
documentsot citing eachothetr

¢ RemaeetestsetcitationsfromtheCi t at i on relation;
but not the other information aboutthe documentsn-
volvedin thetestsetcitations. For example,othercita-
tionsof thosedocumentsarenot removed.

and

“This datais partof CiteSeemsof August2002.Documentson-
sideredareonly non-singletordocumentsutof thetotal of 387,703.
Singletonsare documentsvhich both citation indegreeand outde-
greeregisteredn CiteSeelarezero.

5The authorshipinformationis known for 218,313papersand
includes58,342authors. Publicationvenuesareknown for 60,646
documents. The setof venuesconsistsof 1,560 conferencesand
journals.
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Figurel: Fragmenbf the searchspaceandexamples.The selectconditionc is a booleanfunction specifyingjoin conditionsandequality
conditionsfor referencindearningtarget-pair< d',d? >. Eachnodeis a databaseueryaboutd®, d? or both (relationnamesarefirst letter
abbreviationsof Ci t at i on, Aut hor andPubl i shedl n andthe numberif morethatoneinstantiationof the samerelationis involved.
AGGR denotedeaturegesultingin aggrgationoperationst the correspondingearchgraphnode).

Tablel: Datasesummaries.

Dataset #Docs #Links Density(102%)
“artificial intelligence” 11,144 16,654 1.3
“datamining” 3,424 6,790 5.8
“information retrieval” 5,156 8,858 3.3
“machinelearning” 6,009 11,531 3.2
entirecollection 271,343 1,092,200 0.1

¢ Remaeetrainingsetcitationsfrom theCi t at i on rela-
tion, soasnot to includethe actualanswerin the back-
groundknowledge.

e Learningis performed) usingCi t at i on relationonly,
orii) usingall threerelationsCi t at i on, Aut hor and
Publ i shedl n.

The positive andnegative classesn this taskareextremely
unbalanced. We ignore the lack of balanceat the training
phase;at the testingphasewe performadditionalprecision-
recall curve analysisfor largernegative classpriors. Thenext
sectionreportsexperimentakesults.

4 Reaults

We startby presentinghe resultsfor the balancedclasspri-
ors testscenario,and continuewith the analysisof the un-
balancedclasssettings. Two setsof modelsare learnedfor
eachdataset:i) usingonly Ci t at i on backgroundknowl-
edge,andii) usingall threerelationsCi t at i on, Aut hor
andPubl i shedl n.

Table2: Trainingandtestsetaccuracie$%). 5,000train/test
examplespalancedoriors.

Dataset BK: Citation BK: All
Train Test Train Test
“artificial intelligence” 90.24 89.68 92.60 92.14
“datamining” 87.40 87.20 89.70 89.18
“informationretrieval” 85.98 85.34 88.88 88.82
“machinelearning” 89.40 89.14 91.42 91.14
entirecollection 92.80 92.28 93.66 93.22

Whenonly G t at i on backgrounknowledgeis usedthe
averagetestsetaccuray in five datasetss 88.73%andwhen
all relationsare usedthe averageincreasego 90.90%° In
both caseghe searchexploredfeaturesnvolving joins of up
to threerelations. It is not unreasonabléo expectthat even
bettermodelscanbe built if we allow the searchto progress
further. Table2 detailsthe performancen eachdataset.The
largestaccurag of 93.22%is achieved for the entire Cite-
Seerdataset. Even thoughthis is the largestand the most
sparsedatasetthis is not surprisingbecausesincethe fea-
turesarenot domainspecificandrely on the surroundingci-
tation structure this datasetretainsmore useful “supporting
link structure”after someof them are removed to sene as
trainingandtestingexampleg(Section3).

In the experimentausingonly theCi t at i on relationthe
averagenumberof featuresselecteds 32; 13 of the selected

8Usingthe predictedprobability of 0.5 asthe decisioncut-of in
logistic regression.



featuresarethe sameacrossall five datasetsWhenall three
relaionsCi t at i on, Aut hor andPubl i shedl n areused
the averagenumberof selectedfeaturesis 40, with 14 fea-
turescommonto all five datasets.In additionto more ob-
vious features,suchasd! is morelikely to cite d? if d? is
frequentlycited, or if the samepersonco-authoredothdoc-
uments,or if d' andd? are co-cited, or cite the samepa-
perd, we learnedsomemore interestingfeatures. For ex-
ample,a documentis morelikely to be citedif it is cited by
frequentlycited documents. Locally, this effectively learns
the conceptof an authoritatve documen{Pageet al., 1998;
Kleinberg, 1999. Or, the following feature,selectedn all
models:

Count[WCZ.to(o'Cl.toz’dQ’(Cl NCI.f’rom:CZ.f’rom 02))]

increaseghe probability of a citationif d? is co-citedwith

mary documentsSincethis featureis selectedn additionto
the simplecitation countfeature,it couldmeanthateitherd?

appearsnoreoftenin reviews, whichtendto havelongerlists
of referencesopr it is cited from documentshaving smaller
overlap amongtheir referenceswhich is more probableif

they belongto differentcommunities.

We comparethe above resultsto the modelstrained on
only binary features,i.e. whenusingonly the enpty ag-
gregationfunction on the entiretable. Suchfeaturesarethe
logic-basedeaturesfrom the original formulationof refine-
mentgraphsearch;or, in otherwords, propositionalizedn-
ductive logic programmingfeatureswith logistic regression
featureselection[Popescuktal., 2003. Thebinaryfeatures
resultedn modelswith lower out-of-sampleaccuraciesn all
datasets.On averagethe accurag with only binary features
is 2.52 percentaggointslowerin modelsusingCi t at i on
relation,and2.20percentag@ointslowerin modelsusingall
threerelations.The decreasef accurag is significantat the
99%confidencdevel in bothcasesaccordingto thet-test.

Theclasspriorsareextremelyunbalancedgdueto the spar
sity of the citation structure.The citation graphof the “arti-
ficial intelligence”datasetfor exampleis only 1.34 x 10~4
dense;that meansthat for one citation betweentwo docu-
mentsthereare morethan7,000non-&isting citations,thus
thereare morethan7,000timesas mary negative examples
asthereare positive. We performthe precision-recalcurve
analysisof our modelstrainedwith balanced:lasspriorsfor
testingsituationswith increasedegative classproportions.

We vary theratio k of the numberof negative to the num-
ber positive examplesusedat testing. The ratio of one cor-
respondgo the initial balance. We usefor illustration the
“artificial intelligence"dataseandthemodeltrainedusingall
threerelations.New largersetsof negative examplesaresam-
pledwith replacementrom all “non-existing” links between
documentsn this dataset.Figure2 presentgprecision-recall
curvesfor k£ = 1, 10 and 100. As k increaseghe precision
fallsfor thesamdevelsof recall. Reducingheneggative class
prior shouldbe performedwhenpossibleby filtering out ob-
viously negative examplesfor exampleby usingatext based
similarity, or othermeasuresppropriatdor a giventask.

"Thesewo featuresorrespondo theconcept®f co-citationand
bibliographiccouplingusedin bibliometrics.

Precision
60 80
1 1

40
|

20
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Figure 2: Precision-recalcunes for the “artificial intelligence”
datasetwith differentclasspriors. k is the ratio of the numberof
negative to the numberof positive examplesusedattesting.

In applicationto citation recommendationwhen only a
few citationsneedto be recommendedye shouldcareonly
aboutthe high precisionmode performance.In the caseof
the precisionrecall curve for £ = 100, for example,10% of
citationscanberecalledfor recommendatiowith 91%preci-
sion. Thisis anoverallmeasuref performance—somesers
canreceve morethanenoughrecommendationsnd others
none. Whenwe wantto recommend fixed numberof cita-
tionsto everyuser the CROC performancenetric shouldbe
used[Scheinetal., 2004.

5 Redated Work

Integratingor extendingexisting modelsor techniquego re-
lational data has beenaddressedy researchersn several
fields,includinginductivelogic programmingpelief netsand
link analysis.

A numberof approachextendingone-tablelearnersto
multi-tabledomainshave beenproposedn theinductivelogic
programmingILP) community Generally theseapproaches
extend learnersmost suitable to purely binary attributes.
Tilde [BlockeelandRaedt, 1999 andWARMR [Dehaspand
Toivonen,1999, for example extenddecisiontreesandasso-
ciationrules,respectiely. AnotherILP approachs proposi-
tionalization It usesbodiesof first-orderruleslearnedby an
ILP techniqueas binary featuresin attribute-value learners.
Krameret al. [2001] review this methodology Proposition-
alizationwith linear regressionmodeling,for example,was
usedby [SrinivasanandKing, 1999 to build predictve mod-
elsin a chemicaldomain. Decouplingthe processof gen-
eratingfeaturesby propositionalizatiorand modelingusing
thesefeatureshowever, retainstheinductive biasof thetech-
nigueusedto constructfeatures.As onesolution,the gener



ationof binaryfirst-orderfeaturedy anILP-style searchand

featureselectiorwith native criteriaof a modelingtechnique
arecoupledinto a singleloop [Blockeel andDehaspe2000;

Popescukt al., 2007, e.g. while modelingwith a stepwise
logistic regression. Stodastic Logic Programs[Muggleton,
1995 modeluncertainlyfrom within the ILP framework by

providing logic theorieswith a probability distribution.

A numberof probabilisticnetwork relationalmodelshave
alsobeenproposedProbabilistic RelationalModels(PRMs)
[Getooretal., 2001] area relationalversionof Bayesiamet-
works. PRMsaregeneratie modelsof joint probability dis-
tribution capturingprobabilisticinfluencesbetweenentities
andtheir attributesin a relationaldomain. PRMs presenta
very powerful formalism. Beinga joint probability modelof
theentiredomain,PRMscanprovideanswergo alargenum-
ber of possiblequestionsaboutthe domain,including class
labels,latentgroupings changingbeliefsgivennew obsena-
tions. An importantlimitation, however, of generatre mod-
eling is thatin reality thereis rarely enoughdatato reliably
estimatethe entire model. Onecanachieve superiorperfor
mancewhenfocusingonly onaparticularquestiong.g.class
label prediction,andtraining modelsdiscriminatively to an-
swerthat question. A formulation similar to PRMs, but se-
manticallydifferent,calleda StatisticalRelationalModel—a
statisticalmodel of a particulardatabasenstantiation—vas
proposedor optimizingthe answeringof relationaldatabase
gueries[Getooret al., 2004. Taskaret al. [2004 propose
aframawork calledRelationalMarkov Networkf RMNs)—a
relationalextensionof Markov networks, traineddiscrimina-
tively following the approacthof Lafferty etal. [2001]. Here,
the structureof a learningdomain,determiningwhich rela-
tional interactionsareexplored,is prespecifiedy a template
expressedn arelationalquerylanguage.

A techniquecalled StatisticalPredicatelnvention[Craven
andSlattery 2001] combinesstatisticalandrelationallearn-
ing by usingclassificationproducedy Naive Bayesaspred-
icatesin FOIL [Quinlanand Cameron-Joned4,999. Statis-
tical PredicatdnventionpreseresFOIL asthe centralmod-
eling componentand calls statisticalmodeling from within
theinner structurenavigationloop to supplynew predicates.
Neville and Jensen[200d proposean iterative technique
basednaBayesiarclassifiethatuseshigh confidencenfer-
encegto improve classinferencedor relatedobjectsat later
iterations.CohnandHofmann[2001] proposea joint proba-
bilistic modelof documentontentandconnectvity, andap-
ply it to classificatiortasks,includinglink prediction.A rela-
tional formulation of Markov chainsfor sequencenodeling
in webnavigationis proposedn [Andersoretal., 2002.

Link analysisplaysanimportantrole in the hypertet do-
mains,a notableexamplebeing Google,which usesthe link
structureof the Web by employing a link basedconceptof
pageauthorityin rankingsearchresults[Pageet al., 1994.
In additionto knowing the authoritatve documentsit is of-
ten usefulto know the web pageswhich point to authorities
onatopic,thesocalledcalled“hub” pagedKleinbery, 1999,
which correspondo the conceptof review papersn the sci-
entific literaturedomain.

6 Discussion and Future Work

We presentedhe applicationof statisticalrelationallearning

to link predictionin the domainof scientific literature cita-

tions. Thelink predictiontaskis inherentlyrelational. The

noisein the available datasourcesuggestshe useof statis-

tical modeling.Standad statisticalmodels however, usually

assumenetabledomainrepresentationyhichis inadequate
for this task. Our approachovercomeghis limitation. Sta-

tistical modelingand featureselectionare integratedinto a

searchover the spaceof databaseueriesgeneratingeature
candidatednvolving complex interactionsbetweenobjects
in a given relational database.This avoids manualfeature
“packaging”into onetable,a processhat canbe expensve

anddifficult.

Our methodextendsbeyond ILP becausestatisticsallows
generatiorof richer features bettercontrol of searchof the
featurespaceandmoreaccuratenodelingin the presencef
noise. On the otherhand,our methoddiffersfrom relational
probabilisticnetwork models,suchasPRMsandRMNSs, be-
causethesenetwork modelswhile beingableto handleun-
certainly do not attemptto learnandmodelnewx complex re-
lationships.

In additionto prediction,learnedmodelscan be usedfor
explanatorypurposesSelectedeaturegrovide insightsinto
thenatureof citations.Otherlinkedervironmentssuchasthe
Web, social networks or biological interactionswe believe,
canbeexploredwith themethodologypresentedh thispaper

We planto useintelligentsearcheuristicsto speedup the
discovery of subspacewith moreusefulfeatures.Sincethe
potential searchspaceis infinite, intelligent searchis nec-
essaryto focusthe processinto more promisingsubspaces.
As one approachwe proposeusing statisticalestimatesof
“promise” computedby samplingfrom the subspacesf the
sametype to decideif thosesubspaceshouldbe explored
morethoroughly

Using clustering or latent class modeling in statistical
relational learning should also prove highly beneficial.
Clusterscan generaterich relational structure[Foster and
Ungar, 2004. For example,a documentbelongsto one or
moretopics. Eachof thesetopics,in turn, hasautomatically
generategbropertiessuchas“most frequentlycited paperon
thistopic”. Thusafeaturesuchas
nost - ci t ed-doc(mai n-topi c(doc-231)) could
be learned, as could featuresinvolving setsof most cited
documents.This hasthe potentialto produceextremelyrich
andpowerful models,helpingto overcomeproblemsof data
sparsity
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