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Structural Logistic Regression for Link Analysis

Abstract

We present Structural Logistic Regression, an extension of logistic regression to modeling relational data. It is
an integrated approach to building regression models from data stored in relational databases in which
potential predictors, both boolean and real-valued, are generated by structured search in the space of queries
to the database, and then tested with statistical information criteria for inclusion in a logistic regression. Using
statistics and relational representation allows modeling in noisy domains with complex structure. Link
prediction is a task of high interest with exactly such characteristics. Be it in the domain of scientific citations,
social networks or hypertext, the underlying data are extremely noisy and the features useful for prediction are
not readily available in a "flat" file format. We propose the application of Structural Logistic Regression to
building link prediction models, and present experimental results for the task of predicting citations made in
scientific literature using relational data taken from the CiteSeer search engine. This data includes the citation
graph, authorship and publication venues of papers, as well as their word content.
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Structural Logistic Regressionfor Link Analysis*

AlexandrinPopesculndLyle H. Ungar

Departmenbf ComputerandinformationScience
University of Pennsylania
PhiladelphiaPA 19104
{popescul , ungar }@i s. upenn. edu

Abstract. We presentStructuralLogistic Regression,an extensionof logistic
regressionto modelingrelationaldata.lt is anintegratedapproachto building
regressiommodelsfrom datastoredin relationaldatabase which potentialpre-
dictors,both booleanandreal-valued,are generatedy structuredsearchin the
spaceof querieso thedatabaseandthentestedwith statisticalinformationcrite-
ria for inclusionin a logistic regressionUsing statisticsandrelationalrepresen-
tationallows modelingin noisydomainswith comple structureLink prediction
is a taskof high interestwith exactly suchcharacteristicsBe it in the domain
of scientific citations,social networks or hypertet, the underlyingdataare ex-
tremelynoisy andthe featuresusefulfor predictionarenot readily availablein a
“flat” file format.We proposeheapplicationof StructuralLogistic Regressiorto
building link predictionmodels,andpresentexperimentalresultsfor the taskof
predictingcitationsmadein scientificliteratureusingrelationaldatataken from
the CiteSeersearchengine.This dataincludesthe citationgraph,authorshipand
publicationvenuef papersaswell astheirword content.

1 Intr oduction

A growing numberof machindearningapplicationdgnvolvesthe analysisof noisydata
with complex relationalstructure This dictatesanaturalchoicein suchdomainstheuse
of relationalratherthanpropositionafepresentatioandtheuseof statisticaratherthan
deterministionodeling.Classicaktatisticalearnersprovide powerful modelingbut are
generallylimited to a “flat” file propositionaldomainrepresentationvherepotential
featuresarefixed-sizeattributevectors The manualproces®f preparingsuchattributes
is often costlyandnot obviouswhencomplex regularitiesareinvolved.

We presentStructuralLogistic Regression,an extensionof logistic regressionto
modelingrelationaldatathatcombineghe strengthof classicaktatisticaimodelswith
the higherexpressvity of featuresautomaticallygeneratedrom a relationaldatabase.
StructuralLogistic Regressionis an “upgrade” methodin a senseusedin inductive
logic programming(ILP) to referto the methodswhich extendexisting propositional
learnerdo handlerelationalrepresentatiorAn “upgrade”impliesthatmodelingandre-
lationalstructuresearcharetightly coupledinto asingleprocesslynamicallydrivenby
theassumptioneandmodelselectioncriteriaof a propositionalearnerused.This con-
trastswith “propositionalization”which generallyimplies a decouplingof relational

* This paperpartially overlapswith [29].



featuregeneratiorand modeling.Propositionalizatiorhasits disadwantagesompared
to upgradingasit is difficult to decidea priori whatfeatureswill be usefulfor a given
propositionallearner Upgradingtechniquedet their learning algorithmsselecttheir
own featureswith theirown criteria.In large problemst is impossibleo “exhaustvely”
propositionalizefeaturegeneratiorshouldbe drivendynamicallyat the time of learn-
ing. An extremeform of propositionalizatioris generatinghe full join of a database.
Thisis bothimpracticalandincorrect—thesizeof theresultingtableis prohibitive,and
the notion of an objectcorrespondingo an obsenationis lost, being representedby
multiple rows. Moreover, theentriesin thefull join tablewill be“atomic” attribute val-
ues ratherthanvaluesresultingfrom complex querieswhatwe desirefor our features.
The dynamicapproachof coupledfeaturegeneratiorand modelingis moretime and
spaceefficientthanits staticalternatve: it avoidsmakingprematurelecisionsaboutthe
depthof thefeaturespaceo explore;it generatesnly thefeaturesvhichwill belooked
at by the modelselection thusavoiding over-generatioror undergenerationijt avoids
storing the entire table containingall featurecandidatesit allows for flexible search
stratgyies,andinvitesa numberof statisticaloptimizations for examplesamplingfrom
subspacesf featuredeforeor insteadof fully evaluatingthem.

StructuralLogistic Regressionintegratesclassicallogistic regressionwith feature
generatiorfrom relationaldata.We formulatethe featuregeneratiorprocessassearch
in the spaceof relationaldatabasejueries basedn thetop-davn searclof refinement
graphscommonlyusedin ILP [9], andextendit to include aggreateoperators Sta-
tistical informationcriteriaareuseddynamicallyduringthe searchto determinewhich
featuresareto beincludedinto themodel.

We proposeheapplicationof StructuralLogistic Regressiorto link predictionand
arguethatthe characteristicef the methodandthe taskform agoodmatch.Link anal-
ysisis animportantproblemarisingin mary domainsWebpagescomputersscientific
publicationsprganizationspeopleandbiologicalmoleculesareinterconnecte@ndin-
teractin oneway or anotherBeingableto predictthe presencef links or connections
betweenrentitiesin a domainis both importantanddifficult to do well. We emphasize
threekey characteristicef suchdomains:) their natureis inherentlymulti-relational,
makingthe standardflat” file domainrepresentatiomadequateij) suchdatais often
very noisyor partially obsened,andiii) the dataareoftenextremelysparseFor exam-
ple,in the domainof scientificpublicationsdocumentsrecited basedon mary crite-
ria, includingtheirtopic, conferencer journal,andauthorshipaswell astheextremely
sparsecitation structure In oneexamplegivenbelow only onelink existsin morethan
7,000potentiallink possibilities All attributescontribute,somein fairly complex ways.
The characteristicef the tasksuggesti) usingrelationaldatamodelasa naturalway
to represenaindstoresuchdata,ii) usingstatisticallearningfor building robustmodels
from noisydata,andiii) usingfocusedfeaturegeneratiorto producecomplex, possibly
deep,but local regularities,to be combinedin a singlediscriminative modelinsteadof
trying to producea full probabilisticmodelof the entiredomain.

We presentexperimentalresultsfor citation predictiontaskin the domainof sci-
entific publications Link predictionmodelsin this domaincanbe usedto recommend
citationsto userswho provide the abstractpnamesof the authorsand possiblya partial
referencdist of a paperin progressin additionto predictionthelearnedfeatureshave



anexplanatorypower, providing insightsinto the natureof the citationgraphstructure.
We usedatafrom CiteSeel(a.k.a.Researchindg, anonlinedigital library of computer
sciencepaperg22] (http: //citeseer. org/ ). CiteSeercontainsa rich setof rela-
tional data,including the text of titles, abstractand documentsgitation information,
authornamesandaffiliations, conferenceor journalnamest

2 Methodology

Our methodcouplestwo main componentsgeneratiorof featurecandidategrom re-
lationaldataandtheir selectionwith statisticalmodelselectioncriteria (Figurel). Re-
lationalfeaturegeneratioris a searchproblem.lt requiresformulationof the searchn

the spaceof queriesto a relationaldatabaseWe structurethe searchspacebasedon
theformulationwidely usedin inductive logic programmingor learninglogic descrip-
tions,andextendit to includeothertypesof queriesasthe useof statisticsrelaxesthe
necessityof limiting the searchspaceto only boolearvalues.

The languageof non-recurste first-orderlogic formulashasa direct mappinginto
SQL andrelationalalgebra(e.g.[5]), which canbeusedaswell for the purposewf our
discussiong.g.aswe doin [29]. OurimplementatiorusesSQL for efficiency reasons
providing connectvity with relationaldatabasengines.

!
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Fig. 1. Thesearchin the spaceof databasegueriesinvolving oneor morerelationsproducedea-
ture candidate®neat atime to be consideredy the statisticaimodelselectioncomponentThe
procesgesultsin a statisticalmodelwhereeachselectedeatureis the evaluationof a database
gueryencodinga predictive datapatternin a givendomain

Logistic regressions usedfor classificatiorproblemsit is a discriminative model,
i.e. it modelsconditionalclassprobabilitieswithout attemptingto modelthe maminal

! Publication venues are extracted by matching information with the DBLP database:
http://dbl p.uni-trier.de/



distribution of featuresModel parameters/igressiorcoeficientsarelearnedby max-
imizing conditionallikelihood function. More complex modelsresultin higherlikeli-
hoodvalues but at somepointwill likely overfit the data,resultingin poorgeneraliza-
tion. A numberof criteriaaiming at striking the balancebetweerlik elihood optimiza-
tion and model compleity have beenproposed Among the morewidely usedis the
Bayesianinformation Criterion (BIC) [33], which works by penalizingthe likelihood
by atermthatdepend®n modelcompleity. We usesequentiamodelselectionto find
amodelwhich generalizesvell by addingpredictorsresultingin improvedBIC oneat
atime until the searchspaceexplorationis completed.

We introducethe notationfirst. Throughoutthis sectionwe usethe following re-
lations:cites(EFromDoc, ToDoc), author(Doc, Auth), published_in(Doc, Venue),
andword_count(Doc, W ord, Int). For compactnesge useextendedogic-baseco-
tation. First-orderexpressionsare treatedas databasejueriesresultingin a table of
all satisfyingvariablebindings,ratherthana booleanvalue.The extendednotationis
necessaryo introduceaggreyationsover entire query resultsor over their individual
columns.Aggregateoperatorsaresubscriptedvith the correspondingariablenameif
appliedto an individual column, or are usedwithout subscriptsf appliedto the en-
tire table. For example,an averagecount of the word “learning” in documentscited
from a learningexampledocumentd, a potentiallyusefultype of featurein document
classificationjs denotedas:

class(d) ~ avec [cites(d, D), word_count(D, learning, C)],

where~ denotes'modeledusing”, i.e. the right handside of the expressionis one of
thefeaturesn a statisticalmodelof class. The duplicatesn the columnof satisfying
bindingsof C' are not eliminated,unlessan explicit projectionof that columnis per
formedbeforeaggreyationtakesplace.Whennecessarywe will borrow the projection
operatomotation(r) from therelationalalgebra.

The following is an exampleof a featureusefulin link prediction;herethe target
conceptis binary andthe featureis a databasejueryaboutboth target documentsi1
andd?2:

cites(dl, d2) ~ count [cites(dl, D), cites(d2, D))

is the numberof commondocumentghat both d1 andd2 cite? Queriesmay be just
aboutoneof thedocumentsn atargetpair. For example:

cites(dl, d2) ~ count [cites(D, d2)]
is the numberof timesdocumentd? is cited. Largervaluesof this featureincreasehe
prior probability of d1 citing d2, regardlesof whatd1 is.
2.1 Feature Generation

We definethe searchspacebasedon the conceptof “refinementgraphs”[34] and ex-
pandit to includeaggrejateoperatorsTop-davn searchof refinemengraphss widely

2 The databasgueryis theright handsideof the expression.



usedin inductive logic programmingto searchthe spaceof first-orderlogic clauses.
The searchof refinemengraphsstartswith mostgeneraklausesandprogresseby re-
fining theminto morespecializecbnes.Refinemengraphsaredirectedagyclic graphs
specifyingthe searchspaceof thefirst-orderlogic queries.The spacds constrainedy
specifyinglegal clauseqe.g.disalloving recursionandnegation),andthenstructured
by partial orderingof clausesusing a syntacticnotion of generality(#-subsumption
[28]). Typically, a searchnodeis expandedvia a “refinementoperator”to produceits
most generalspecializationsinductive logic programmingsystemsusing refinement
graphsearchusuallyapplytwo refinemenbperatorsi) addinga predicateto the body
of a clause,jnvolving oneor morevariablesalreadypresentandpossiblyintroducing
oneor morenew variables,or ii) a singlevariablesubstitution(seee.g.[9]). We use
a singlerefinementoperatorwhich combineghe two: it adds(joins) onerelationto a
queryexpandingit into the nodesaccountingor all possibleconfigurationof equality
conditionsof new attributeswith eithera new or anold attribute?, suchthati) eachre-
finementcontainsat leastone equalityconditionwith anold attribute,andii) thetypes
aretakeninto accountto avoid addingequalitiesbetweenrattributesof differenttypes.
Thisrefinemenbperatoris complete Not all refinementst producesarethe mostgen-
eralrefinement®f agivenquery however, we find thatthis definitionsimplifiespruning
of equivalentsubspacest hasto accountonly for thetypeandthe numberof relations
joinedin aquery

In contrastto learninglogic programswe arenot limited to searchingn the space
of boolean-aluedexpressionsvhenbuilding statisticaimodels.At a high level we use
refinemengraphgo structurethe searchspace Eachnodeof thegraphis a queryeval-
uatinginto a table of all satisfyingvariablebinding. Within eachnodewe performa
numberof aggreyationsto produceboth booleanandreal-valuedfeaturesThus,each
nodeof therefinemenfgraphcanproducemultiple featurecandidatesAlthough there
is no limit to the numberof aggreateoperatorsone may try, e.g. squareroot of the
sumof columnvalues Jogarithmof their productetc.,we find a few of themto be par
ticularly useful.We usethe following typical to SQL aggrejateoperatorscount, ave,
mazx, min andempty. Aggregationscanbe appliedto a whole tableor to individual
columns,asappropriategiventyperestrictionse.g.ave cannotbe appliedto a column
of acateyoricaltype.Adding aggreyateoperatorgesultsin amuchrichersearctspace.
Binary logic-basedeaturesare alsoincludedthroughthe aggreateoperatorempty.
Thesituationsvhenanaggreyationis not defined e.g.the averageof anemptyset,are
resohedby introducinganinteractiontermwith a 1/0 (not-defined/definedeature.

The secondaspecbf definingsearchoncethe searchspaceis structureds choos-
ing searchstratgy. The presentimplementationperformsthe breadth-firstsearch.n
this setting,it is not necessaryo specifythe depthof the searchprior to learning:in-
termediatemodelsat any point of the searchare usable.The decisionto continuethe
explorationof deepersubspacewill dependon the availableresourceaswell the ex-
pectationof how likely amodelis to improve significantlyif the searchcontinues.

Searchspacepotentiallycanbe madearbitrarily complex. Richerqueriesnot nec-
essarilyinvolving only conjunctsandequalityconditions,canalsobe madepartof the

% In theexperimentgeportedn this paperwe do notuseconditionsof equalitywith aconstant.



searctspaceA key questiorfor thefutureis how bestto definesuchsearcrspacesand
how to controlthe searchspacecomplexity andsearchspacebias.

The useof aggrejateoperatordn featuregeneratiormakes pruningof the search
spacemoreinvolved. Currently we usea hashfunction of partially evaluatedfeature
columnsto avoid fully recomputingequivalentfeaturesin generaldeterminingequi-
alenceamongrelational expressionds known to be NP-complete Polynomialalgo-
rithmsexist for restrictedclasse®of expressionse.g.[1] (without aggregates)and[25]
(with aggregates)However, decidingthe equivalenceof two arbitraryqueriesis differ-
entfrom avoiding duplicatesvhenwe have controlovertheway we structurethesearch
spaceThelatteris simplerandshouldbethe subjectof futureimprovements.

Top-davn searchof refinemengraphsallows a numberof optimizationse.g.i) the
resultsof queries(prior to applyingthe aggrejations)at a parentnodecanbe reused
atthe childrennodes;certainly this needso be balancedwith the spacerequirements
neededo storethe views, andii) anodewhich queryresultsareemptyfor eachobser
vationshouldnot berefinedfurtherasits refinementwill alsobe empty

3 Tasksand Data

Learninglink predictionfrom relationaldatadiffersin severalimportantaspectfrom
otherlearningsettingsRelationalearning,in generalrequiresaquitedifferentparadigm
from “flat” file learning.The assumptionthatthe examplesareindependenis violated
in the presenc®f relationalstructure this canbeaddresseéxplicitly [13], [14], or im-
plicitly, aswe do here,by generatingnore complex featureswhich capturerelational
dependenciedVhentheright featuresare used,the obsenationsare conditionallyin-
dependengiiventhefeaturesgliminatingtheindependenceiolation.

In ourlink predictionsetting,a classlabelof alearningexampleindicatingthe pres-
enceof alink betweenwo documentss informationof the sametypeastherestof the
link structure Targetlinks arenotincludedin the backgrouncknowledge.This setting
combinesmodeling-base@&nd memory-basedearning. We build a formal statistical
model, but predictionof future datapointsrequiresdatabaseccessaseachselected
featureis a databasejuery Thus,animportantaspectmoresothanin attribute-value
learning,is whatinformationaboutnew exampleswill be availableat the time of pre-
dictionandhow missingor changingbackgroundnformationwould affecttheresults.

Considerthefollowing two link predictionscenarios:

— Theidentity of all objectsis known. Only someof thelink structureis known. The
goalis to predictunobseredlinks, from existing link structurealoneor alsousing
informationaboutotheravailableobjectattributes.

— New objectsarriveandwe wantto predicttheirlinks to otherexisting objects What
dowe know aboutnew objectsPerhapswe know someof their links, andwantto
predicttheother Alternatively, we might notknow ary of thelinks, but know some
otherattributesof the new objects.

In the latter case whennoneof the new objects’links is known, and predictionis
basedsolelyon otherattributes,e.g.only authorshipandword content featuregenera-
tion would have to be controlledto not producefeaturesbasedon immediatelinks, but
usethemwhenreferringto thelinks in alreadyexisting backgroundknowledge.



In this paperwe performexperimentdor thefirst scenarioThe datafor our experi-
mentswastakenfrom CiteSeef22]. CiteSeercatalogsscientificpublicationsavailable
in full-text onthewebin PostScripandPDFformats.lt extractsandmatchesitations
to producea browsablecitation graph.The datawe usedcontains271,343documents
and1,092,200citations* Additional informationincludesauthorshipand publication
relations> We usethe following schema:

cites(Document, Document),
author(Document, Person),
published_in(Document, Venue).

Thetrainingandtestsetsareformedby samplingcitations(or absentitationsfor
negative examples)rom thecitationgraph.We performlearningon five datasetstour
of the datasetsnclude links amongall documentscontaininga certainquery phrase,
andthefifth datasetcoverstheentirecollection.Notethatthe backgroundknowledge
in thefirst four datasetslsoincludesall otherlinks in thefull collection;only training
andtestlinks are sampledfrom the subgraphinducedby documentsubsetsTable 1
containsthe summaryof the datasets.

Thedetailedlearningsettingis asfollows:

— Populatahreerelationscites, author andpublished_in initially with all data.

— Createrainingandtestsetsof 5,000exampleseachby i) randomlysampling2,500
citationsfor trainingand2,500citationsfor testingfrom thosein column# Li nks
of the Table1; andii) creatingnegative examplesby samplingfrom the samesub-
graphalso2,500/2,500rain/testof “empty” citations,i.e. pairsof documentsiot
citing eachother

— Remaetestsetcitationsfrom thecites relation;but nottheotherinformationabout
thedocumenténvolvedin thetestsetcitations.For example othercitationsof those
documentsrenotremoved.

— Remaetrainingsetcitationsfrom the cites relation,soasnotto includetheactual
answetlin the backgroundknowledge.

— Learningis performedi) usingcites relationonly, or ii) usingall threerelations
cites, author andpublished_in.

The positive andnegative classesn this taskareextremelyunbalancedwWe ignore
the lack of balanceat the training phase;at the testingphasewe perform additional

precision-ecall curve analysisfor largernegative classpriors. The next sectionreports
experimentakesults.

4 This datais partof CiteSeemsof August2002.Documentsonsideredreonly non-singleton
document®ut of thetotal of 387,703 Singletonsaredocumentsvhich both citationindegree
andoutdegreeregisteredn CiteSeemrezero.

5The authorshipinformationis known for 218,313papersandincludes58,342authors.Pub-
lication venuesareknown for 60,646documentsThe setof venuesconsistsof 1,560confer
encesandjournals.



Table 1. Numberof documentsnumberof citationsandcitation graphdensityin eachdataset.
Densityis the percentagef existing citationsout of thetotal numberof possibilities (# Docs}

Dataset #Docs  #Links Density(10~2%)
“artificial intelligence” 11,144 16,654 1.3
“datamining” 3,424 6,790 5.8
“informationretrieval” 5,156 8,858 3.3
“machinelearning” 6,009 11,531 3.2
entirecollection 271,343 1,092,200 0.1
4 Results

We startby presentinghe resultsfor the balancedclasspriorstestscenarioandcon-
tinuewith theanalysisof the unbalancedlasssettings.Two setsof modelsarelearned
for eachdataseti) usingonly cites relation,andii) usingall threerelationscites,
author andpublished_in.

Whenonly cites is usedthe averagetestsetaccurag in five datasetss 88.73%and
whenall threerelationsare usedthe averageincreaseso 90.90%° In both caseshe
searchexploredfeaturesnvolving joins of up to threerelations.lt is not unreasonable
to expectthat even bettermodelscanbe built if we allow the searchto progressur-
ther. Table 2 detailsthe performancédn eachdatasetThe largestaccuray of 93.22%
is achievedfor the entire CiteSeedatasetEventhoughthis is the largestandthe most
sparsadatasetthis is not surprisingbecausesincethe featuresarenot domainspecific
andrely on the surroundingcitation structure this datasetretainsmore useful “sup-
portinglink structure”after someof themareremovedto sene astrainingandtesting
exampleg(Section3).

Table 2. Trainingandtestsetaccurag (%) of themodelslearnedrom the cites alone,andfrom
thecites, author andpublished_in. 5,000train/testexamplespalancedriors

Dataset with cites with all data
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

In the experimentsusing only the cites relationthe averagenumberof features
selecteds 32; 13 of the selectedeaturesarethe sameacrossall five datasetswWhen

6 The predictedprobability of 0.5 wasusedasthe decisioncut-of in logistic regression.



all threerelationscites, author and published_in are usedthe averagenumberof
selectedeatureds 40, with 14 featurescommonto all five datasetsin additionto more
obviousfeaturessuchasdl is morelikely to cite d2 if d2 is frequentlycited, or if the
samepersonco-authoredothdocumentsor if d1 andd2 areco-cited,or cite thesame
paper$, we learnedsomemoreinterestingfeatures For example,a documenis more
likely to be citedif it is cited by frequentlycited documentsLocally, this effectively
learnsthe conceptof an authoritatve documeni17], [26]. Or, the following feature,
selectedn all models:

cites(dl, d2) ~ count [rps (cites(D1, d2), cites(D1, D2))]

increaseshe probability of a citationif d2 is co-citedwith mary documentsSincethis
featureis selectedn additionto the simple citation countfeature,it could meanthat
eitherd2 appearsnoreoftenin reviews, which tendto have longerlists of references,
or it is cited from documentaving smalleroverlapamongtheir referenceswhich is
moreprobableif they belongto differentcommunities.

We comparethe above resultsto the modelstrainedon only binary featuresj.e.
whenusingonly the empty aggreateoperatoron the entire table. Suchfeaturesare
thelogic-basedeaturesrom the original formulationof refinemengraphsearchThe
binary featuresresultedin modelswith lower out-of-sampleaccuraciesn all datasets.
On averagethe accurag with only binary featuress 2.52 percentaggointslower in
modelsusingcites relation,and2.20percentag@ointslowerin modelsusingall three
relations.The decreasef accurag is significantat the 99% confidencdevel in both
casesccordingo thet-test.We arecurrentlyunableto make experimentacomparisons
with a representatie of classicallLP, FOIL; it runsout of memoryon the systemon
whichwe have performedhe restof our experiments.

The classpriorsin our dataare extremely unbalanceddue to the sparsityof the
citationstructure Thecitationgraphof the“artificial intelligence”datasetfor example
is only 1.34 x 10~* dense;that meansthat for one citation betweentwo documents
therearemorethan7,000non-isting citations,thusthereare morethan7,000times
asmary negative examplesastherearepositive. We performthe precision-recalturve
analysisof our modelstrainedwith balancedclasspriors for testingsituationswith
increasedegative classproportions.

We varytheratio k of thenumberof negative to the numberpositive examplesused
at testing. The ratio of one correspondgo the initial balance We usefor illustration
the“artificial intelligence”datasetindthe modeltrainedusingall threerelations.New
larger setsof negative examplesare sampledwith replacementrom all “non-existing”
links betweendocumentsn this datasetFigure 2 presentgrecision-recalturvesfor
k =1, 10 and 100. As k increaseghe precisionfalls for the samelevels of recall.
Reducingthe negative classprior shouldbe performedwhen possibleby filtering out
ohviously negative examples,for exampleby using a text basedsimilarity, or other
measureappropriatgor a giventask.

In applicationto citationrecommendationyhenonly afew citationsneecto berec-
ommendedwe shouldcareonly aboutthehigh precisiormodeperformanceln thecase

" Thesetwo featurescorrespondo the conceptsof co-citationandbibliographiccouplingused
in bibliometrics.



of theprecisionrecallcurve for & = 100, for example,10% of citationscanberecalled
for recommendatiomwith 91% precision.This is an overall measuref performance—
someuserscanreceive morethanenoughrecommendationgndothersnone Whenwe
wantto recommendh fixed numberof citationsto every user the CROC performance
metricshouldbe used[32].

100
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60
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40

20
L
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Fig. 2. Precision-recalturvesfor the“artificial intelligence”datasetvith differentclasspriors.k
is theratio of the numberof negative to the numberof positive examplesusedattesting

5 RelatedWork and Discussion

A numberof approache®upgrading”propositionalearnergo multi-relationaldomains
have beenproposedn the inductive logic programmingcommunity[21]. Often,these
approacheapgraddearnersnostsuitableto binaryattributes.TILDE [4] andWARMR
[8], for example,upgradedecisiontreesand associatiorrules, respectiely. S-CART
[20] upgradesCART, a propositionalalgorithmfor learningclassificationrandregres-
siontrees.Upgradingimpliesthat generatiorof relationalfeaturesandtheir modeling
are coupledinto a singleloop. StructuralLogistic Regressionpresentedn this paper
canbecatgyorizedasan“upgrade”.

Anotherapproachs “propositionalization’(seee.g.[19]). In abroadesensépropo-
sitionalization”refersto ary procesf transforminga first-orderrepresentatiomto a
propositionalrepresentatioto make it suitablefor a propositionallearningalgorithm.



In a narrover senseasusedmoreoftenin theliterature,it is definedas“decoupling”
of featuregeneratiorfrom modeling,wherethe featuresarefirst constructedrom re-
lational representatiomnd then presentedo a propositionalalgorithm. While in the
formercasewe canview “upgrading”alsoasa form of “propositionalization” the lat-
ter emphasizeghatthe native propositionalalgorithm’s modelselectioncriteriado no
take partin featureconstruction.

Oneform of “decoupledoropositionalization’s to learnalogic theorywith anILP
rule learnerandthenusethe bodiesof learnedclausesasbinary featuresn a proposi-
tionallearnerFor example SrinivasarandKing [35] uselinearregressiorto modelfea-
turesconstructedrom the clauseseturnedby Progol.Decouplingfeatureconstruction
from modeling,however, retainsthe inductive bias of the techniqueusedto construct
featuresandbettermodelscanpotentiallybe built if we allow a propositionalearner
itself to selectits own featureshasednits own criteria. First OrderRegressiorSystem
(FORS)[15] morecloselyintegratesfeatureconstructiorinto regressiommodeling,but
doessousinga FOIL-like coveringapproacHor featureconstruction Additive, or cu-
mulative, models suchaslinearor logistic regressionhave differentcriteriafor feature
usefulnessfusing of featureconstructionrand modelselectioninto a single processs
adwocatedn this context in [3] and[30].

Aggregateoperatorgpresentan attractize way of extendingfeaturespaceskFor ex-
ample,Knobbeet al. [18] useaggreyatesin propositionalizatiorby first constructinga
singletableinvolving aggregatesummarie®f relationaldataandthenusinga standard
propositionalearneron this table.PerlichandProvost presenta detaileddiscussiorof
aggreyationin relationallearningin [27].

An approachexplicitly addressinghumericalreasonindimitations of classicallLP
is proposedn [36]. This approachaugmentgshe searchspacewithin P-Progolwith
clausaldefinitionsof numerical,including statistical functionswhich arelazily evalu-
atedduringthe searchOur framework allows for the implementatiorof this extension
to supplementhe numericalreasoningcapabilitywe achiere via aggreyateoperators.
The choiceof numericalfunctionsto be includedinto the searchformulationon a par
with the original relationsshouldcertainly be driven by the userinsightsinto the ap-
plication domain,asincluding too mary augmentingunctionsmakesthe size of the
searchspaceprohibitive in large problems.

A numberof learningmodelshave beenproposedvhich combinethe expressvity
of first-orderlogic with probabilisticsemanticdo addressuncertainty For example,
“StochasticLogic Programs”[23] modeluncertainlyfrom within the ILP frameawork
by providing logic theorieswith a probability distribution; “Probabilistic Relational
Models” (PRMs)[11] arearelational‘upgrade”of Bayesiametworks.Otherexamples
include“BayesianLogic Programs'{16], PRISM[31], “RelationalMarkov Networks”
[37] and“RelationalMarkov Models” [2]. The marriageof richer representationand
probability theory makes resulting formalismsextremely powerful, and inevitably a
numberof equivalencesamongthem can be obsenred. In additionto a fundamental
questionof semanticandrepresentationatquivalenceijt is usefulto alsoconsiderthe
differencesin how modelsare built, i.e. what objective function is optimized, what
training algorithmis usedto optimizethatfunction,whatis doneto avoid over-fitting,



what simplifying assumptionsire made.We believe thatansweringthesequestionsn
asinglestudywill greatlyenhanceéhe discussiorof thesemodels.

A conflictexistsbetweerthetwo goals:i) probabilisticallycharacterizinghewhole
domainat handandii) building a modelthat would addressa specificquestiononly,
suchas classificationor regressionmodelingof a singleresponsevariable. This dis-
tinctiontypically leadsto two philosophiesn probabilistic/statisticainachindearning:
“generatve” modelingand “discriminative” modeling. Generatie modelswould at-
temptto modelthedistribution of theirfeatureswhile discriminatve modelsJike ours,
donotdothat,acceptinghemasthey areandsolelyfocusingon modelingtheresponse
variabledistribution giventhesefeaturesthusmakingit easierto learnby reducingthe
degreesof freedomthatneedto be estimatedFor this reasonpur methodallows inclu-
sioninto the modelof arbitrarily complex featureswithout trying to do theimpossible
in large andsparseernvironments—estimatintheir distribution.

PRMs,for example,aregeneratre modelsof joint probability distribution of enti-
ties andtheir attributesin a relationaldomain.Being a joint probability model of the
entiredomain,PRMs can provide answerdo a large numberof questionsjncluding
classlabels,latentgroupings,changingbeliefs given new obsenations.An important
limitation, however, of generatre modelingis thatin reality thereis rarelyenoughdata
to reliably estimatehe entiremodel.Generatie modelingdoesnot allow searchingor
comple featuresarbitrarily deep.Onecanachieve superiomperformancevhenfocusing
only on a particularquestion e.g.classlabel prediction,andtraining modelsdiscrim-
inatively to answerthat question.Taskaret al. [37] propose‘Relational Markov Net-
works” (RMNs)—arelationalextensionof discriminatively trainedMarkov networks.
In RMNs, however, the structureof a learningdomain,determiningwhich directinter-
actionsareexplored,is prespecifiedy arelationaltemplate this precludeghediscov-
ery of deeperand more complex regularitiesmadepossibleby more focusedfeature
constructioradwocatedn this paper Certainly classificatiorandregressiordo not ex-
haustpotentialapplications Generatie modelingcan prove usefulin otherproblems,
e.g.aformulationsimilarto PRMs,but semanticallydifferent,calleda“StatisticalRela-
tional Model"—a statisticaimodelof a particulardatabas@stantiation—vasproposed
for optimizingrelationaldatabaseguerieqg12].

Link analysisplaysanimportantrole in the hypertext domainsa notableexample
beingGoogle which useshelink structureof the Web by employing alink basedcon-
ceptof pageauthorityin rankingsearchresults[26]. In additionto knowing theauthor
itative documentsit is oftenusefulto know thewebpageswvhich pointto authoritieson
atopic,thesocalledcalled“hub” pageg17], which correspondo theconcepbf review
papersin the scientificliteraturedomain.A techniquecalled“Statistical Predicaten-
vention”[7] wasproposedor learningin hypertext domainsjncludinglearningcertain
typesof relationsbetweenpageslt combinesstatisticalandrelationallearningby us-
ing classificationproducedy Naive Bayesaspredicatesn FOIL. StatisticalPredicate
InventionpreseresFOIL asthe centralmodelingcomponentndcalls Naive Bayesto
supplynew predicatesNeville andJenseri24] proposeaniterative techniquebasedn
a Bayesianclassifierthat useshigh confidencenferencego improve classinferences
for linked objectsat later iterations.Cohn and Hofmann proposea joint probability
modelof documentontentandconnectvity in [6].



6 Conclusionsand Future Work

We presentedstructurallLogistic Regressionan“upgrade”of standardogistic regres-
sion to handlerelational datarepresentationWe demonstratehe advantagesof us-
ing richerfirst-orderrepresentatiomvith classicalstatisticalmodelingby applyingthe
methodto link predictionin thedomainof scientificliteraturecitations.Thelink predic-
tion taskis inherentlyrelational,noisy andextremelysparsethussuggestingelational
representatiormndthe use of discriminate statisticalmodelingof complex features
obtainedby atightly coupledsearchin the spaceof databasgueriesandselectedvith
model’s native informationcriteria. Focusedsearchallows generatiorof complex fea-
turesandavoidstheir manual‘packaging”into a singletable,a procesghatcanbe ex-
pensve anddifficult. Discriminatve modeling,suchasin logistic regressiondoesnot
requiremodelingthe distribution of individual features,an impossibletaskin sparse
domainswith mary potentialpredictors;it focusesnsteadsolely on modelingthe re-
sponseariablesdistribution giventheseeaturesOur methodextendsbeyondclassical
ILP becausestatisticsallows generatiorof richer features bettercontrol of searchof
the featurespace and more accuratemodelingin the presencef noise.On the other
hand,our methoddiffers from relationalprobabilisticnetwork models,suchasPRMs
andRMNs, becausghesenetwork models,while beinggoodat handlinguncertainly
donotattemptto learnandmodelnen comple relationshipsOtherregressiommodels,
suchaslinear regressiorfor modelingcontinuousoutcomesor Poissorregressiorfor
modelingcountdatacanbeusedwithin our framewvork provideda commonpackages
used—thg all fall into the category of generalizedinearmodels.

In the citation predictiontask explored here,the learnedmodelshave explanatory
aswell aspredictive power. Selectedeaturesprovide insightsinto the natureof cita-
tions; somefeatures're-discovered”commonconceptsn link analysisandbibliomet-
rics, suchas bibliographic coupling, co-citation,authoritatve and “hub” documents.
Otherlinked environments,suchasthe Web, social networks, and biological interac-
tions, e.g.proteininteractionswe believe, canbe exploredwith this methodology

We areextendingthis work in threemaindirections:betterfeatureselection better
searchandincorporationof relationsderivedfrom clusteringinto the searchspace.

Learningtakes placewith an exponentialnumberof potentialfeaturecandidates,
only relatively few of which areexpectedo be useful.Insteadof avoiding largefeature
spacesdecausf the dangersof overfitting, we shouldratherlearnto dealwith them
with moresophisticatednodelselectiorcriteria. Featureselectiormethodgecentlyde-
rivedby statisticiangive promisingresultsfor handlingthis potentiallyinfinite stream
of featureswith only afinite setof obsenations.

Our formulation supportsthe introduction of sophisticatedoroceduredor deter
mining which subspacesf the query spaceto explore. Intelligent searchtechniques
which combinefeedbackrom thefeatureselectionalgorithms,otherinformationsuch
assamplingfrom featuresubspacet® determingheirpromiseandusingdatabaseneta-
informationwill helpscaleto truly largeproblems.

We adwocatetheuseof clusteringto extendthesetof relationsusedn featuregener
ation.Clusteramprove modelingof sparsealata,improve scalability andproducericher
representationgl0]. New clusterrelationscanbe derived usingattributesin otherre-
lations. For example,one can clusterdocumentsasedon words, giving “topics”, or



authorsbasedn co-authorshipgiving “communities”.Onceclustersareformed,they
represenhew relationshipsvhich canbe addedto the relationaldatabasschemaand
thenusedinterchangeablyvith the original relations.
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