Probabilistic Models of Text and Link Structur e for Hypertext Classification

Lise Getoor Eran Segal
ComputerScienceDept. ComputerScienceDept.
StanfordUniversity StanfordUniversity
Stanford,CA 94305 Stanford,CA 94305-9010

getoor@cs.stanford.edu erans@cs.stanford.edu

Abstract

Most text classificationmethodstreateachdocumentasan

independeninstance.However, in mary text domainsdoc-

umentsarelinkedandthetopicsof linkeddocumentsirecor-

related. For example,web pagesof relatedtopicsare often

connectedby hyperlinksand scientific papersfrom related
fields are commonlylinked by citations. We proposea
unified probabilisticmodelfor both the textual contentand
the link structureof a documentcollection. Our modelis

basedon the recentlyintroducedframevork of Probabilistic
RelationalModels (PRMs), which allows usto capturecor

relationsbetweenlinked documents We shav how to learn
thesemodelsfrom dataandusethemefficiently for classifi-
cation. Sinceexact methodsfor classificationin theselarge
modelsareintractable we utilize belief propagationan ap-
proximateinferencealgorithm. Belief propagatiorautomat-
ically inducesa very naturalbehaior, whereour knowledge
aboutonedocumentelpsus classifyrelatedones,whichin

turn help us classify others.We presentpreliminaryempiri-
calresultson a datasebf universityweb pages.

1 Intr oduction

Themajority of previouswork ontext classificatiorhasmade
useof “flat” representationsyhereeachdocuments a data
instancewhose attributes are the set of words it contains.
However, mary text domainsare muchricher in structure,
involving multiple documentghat are relatedto eachother
in complex ways. Examplesof suchdomainsarethe World
Wide Webwhereweb pagesarerelatedto eachothervia hy-
perlinksandthe scientificpaperdomainwherepapersarere-
latedvia citations.

Recently therehasbeena growing interestin classifica-
tion techniquedor morerichly structuredext datasetsthat
malke useof theadditionallink structureinformationthatex-
ists betweendocuments As a motivating example,consider
thetaskintroducedby Cravenetal. [1999 of classifyingweb
documentssbeingeithera studentfaculty, courseor project
homepage.Intuitively, we would lik e to useour information
aboutonedocumento helpusreachconclusionsaboutother,
relateddocumentsFor example ,we shouldbeableto usethe
catgyoriesof pagesto which a web pagelinks to help infer
the category of the page.

Several papershave recentlyproposedalgorithmsthat uti-

lize informationfrom relateddocumentdo aid classification.
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Chakrabartietal. [1999 describea relaxationlabelingalgo-
rithm thatiteratively reassigngabelsbasedon the currentla-
belsthe neighboringdocuments Neville andJensen[2000
proposean iterative classificationalgorithm which essen-
tially implementsthis process.Slatteryand Mitchell [200d
proposenapplicationof asimilariterative relaxationscheme
to theproblemof classifyingwebpages Thiswork illustrates
that classificationaccurag improvesby exploiting the rela-
tional structure.However, noneof theseapproachepropose
asinglecoherenmodelof the correlationsbetweendifferent
relateddocuments Hence,they areforcedto provide a pro-
ceduralapproachwheretheresultsof differentclassification
stepsor algorithmsare combinedwithout a generalunderly-
ing model.

In this paper we proposea unified framework for model-
ing andlearningrelationalstructure. Our framework allows
for inferencessimilar to thosementionedabove, that prop-
agatevia the relationalstructurethat exists over the objects
in our domain. The key to our approachs the useof a sin-
gle probabilisticmodelthatcapturegheinteractionsdetween
the objectsin our domain. Our work builds on probabilis-
tic relational models(PRMs}—a recentdevelopmentKoller
and Pfeffer, 1998; Poole,1993. PRMsextendthe standard
attribute-basedayesiannetwork representationo incorpo-
rateamuchricherrelationalstructure.They allow properties
of anentity to dependpbrobabilisticallyon propertiesof other
relatedentities. The modelrepresents genericdependence
for a classof objects,which is theninstantiatedfor partic-
ular setsof entitiesand relationsbetweenthem. Friedman
etal. [1999 adaptthe machineryfor learningBayesiamet-
worksfrom flat datato thetaskof learningPRMsfrom struc-
turedrelationaldata.

The basicPRM modeltakesthe relationalstructureasin-
put; in otherwords, it is outsidethe probabilisticmodel. As
mary have noted therelationalstructurds informativein and
of itself. For example,thelinks from andto a web pageare
very informative aboutthe type of web page[Cravenet al.,
1999, andthe citation links betweenpapersare very infor-
mative aboutthe papertopics [Cohn and Hofmann, 2001].
Theknowledgethata certainpageis a hub[Kleinberg, 1999
canalsobe quiteinformative. For exampleadirectoryof stu-
dentlistingsis astudentub;thisknowledgecanhelpusinfer
the category of pagegointedto by thehuh

Here,we modelthe link structureexplicitly by modeling
theuncertaintyover the existenceof links betweerobjectsin
ourdomain,asintroducedn [Getooretal., 2001]. For exam-



ple, when classifyingweb pages,we modelthe probability
of the existenceof a hyperlink betweenall possiblepairs of

web pages. In addition, we introducea hiddenvariable,
Hub, which not only capturesthe traditional notion of hub
[Kleinberg, 1994, but which alsodescribeghe type of hul

For example,in the WebKB domain,a web pagemay be a
student,course,projector faculty hub page. This modeling
is preciselythat which enableghe propagatiorof influence
betweenobjectsthat arerelated: a pagethat pointsto mary

studentpagesis likely to be a studenthub; furthermore,a
pagethatis pointedto by a studenthubis morelikely to bea
studentpage.

We evaluateour methodon thetaskof classificatiorof web
pagesnto apredeterminedetof classegrom acollectionof
university web pages. Here,we learna model over schools
in the training setand useit to classify web pagesin other
schools. The probabilisticinferencealgorithmwe useauto-
maticallyinduceshe desiredbehavior, whereour knowledge
aboutone instancehelpsus classify relatedones,which in
turn help us classify others. Preliminary experimentsshov
thattherelationalinformationprovidesa significantboostin
classificatioraccurag.

Section2 describesprobabilistic relational models. In
Section3, we proposea probabilisticrelationalmodelfor the
web domain. Section4 presentsa methodfor learningthe
modelsand Section5 describeshow a learnedmodel can
be usedto make predictions. We explain how relationalin-
formationin the testsetis propagatedetweeninstancesn
Section6. Finally, Section7 presentgvaluationandresults.

2 Probabilistic Relational Models

A probabilistic relational model(PRM) specifiesa template
for a probability distribution over a relationaldatabaseThe
templatedescribeghe relationalscheméor thedomain,and
the probabilisticdependenciebetweenattributesin the do-
main. A PRM, togetherwith a particulardatabas®f objects
andrelations,definesa probability distribution over the at-
tributesof the objectsandtherelations.

Relational Schema A schemafor a relationalmodel de-
scribesasetof classesX = X3,..., X,,. Eachclassis asso-
ciatedwith asetof descriptiveattributesandasetof refeence
slots! The setof descriptve attributesof a classX is de-
noted A(X). Attribute A of classX is denotedX.A, andits
domainof valuesis denotedV’ (X.A). We assumeherethat
domainsarefinite. For example,the Page classmight con-
tain a Category attribute with a domainof {course faculty,
project,studentother} aswell asa setof binaryattributesto
indicatewhetherit containscertainwords.

The setof referenceslotsof a classX is denotedR(X).
We use X.p to denotethereferenceslot p of X. Eachrefer
enceslot p is typed:thedomaintypeof Dom[p] = X andthe
rangetypeRange[p] = Y, whereY issomeclassn X'. A slot
p denotesa function from Dom[p] = X to Range[p] = Y.

Thereis a direct mappingbetweenour notion of classandthe
tablesin arelationaldatabasedescriptve attributescorrespondo
standardable attributes,andreferenceslots correspondo foreign
keys attributes(key attributesof anothettable).

For example,we might have a classLink with the reference
slotsFrom-Rage and To-Page whoserangeis the classPage.

It is oftenusefulto distinguishbetweeranentityandarela-
tionship asin entity-relationshigdiagrams.In our language,
classesare usedto represenboth entitiesandrelationships.
Thus, entitiessuchasweb pagesarerepresentedy classes,
anda relationshipsuchasLink, which relatesweb pagesto
webpagesijs alsorepresentedsa classwith referenceslots
to the classPage. We use X¢ to denotethe setof classes
thatrepresenentities,and Xz to denotethosethatrepresent
relationships.The memberf classesrecalled objectsre-
gardles®f whethertheclassis anentity or relationshipclass.

The semantic®f this languagds straightforward. An in-
stantiationZ specifieghe setof objectsin eachclass,andthe
valuesfor eachattribute andeachreferenceslotsof eachob-
ject. For example,in a datasebf web pagesaninstantiation
specifieshe setof web pagesandhyperlinksbetweerthem,
alongwith wordsthey contain.

An instantiationincludestherelationalskeleton o, which
specifiesthe completerelationalstructurein the model: the
setof objectsin all classesaswell asall the relationships
that hold betweenthem. In otherwords, it specifiesthe set
of objectin eachclassX, denotedr(X ), andfor eachobject
z € o(X), it specifieghe valuesof all of thereferenceslots
z.p. In our web pageexample,therelationalskeletonwould
containthe setof web pagesandlinks betweerthembut not
their category or thewordsthey contain.

Probabilistic Model for Attrib utes A probabilisticrela-
tional modelIT specifiesa probability distributions over all
instantiationsZ of the relationalschema. It consistsof the
gualitatve dependeng structure,S, andthe parameterss-
sociatedwith it, §s. The dependeng structureis definedby
associatingvith eachattribute X'. A a setof parentsPa( X . A).

Eachparentof X.A hastheform X.B or X.7.B wherer
is a sequencef referenceslots. More precisely we definea
slotchain pq, ..., pr be asequencef slotssuchthatfor all
i, Range[p;] = Dom[p;+1].

The quantitatve partof the PRM specifieghe parameteri-
zationof themodel.Givenasetof parentdor anattribute,we
candefinea local probability modelby associatingwith it a
conditionalprobability distribution (CPD). For eachattribute
we have a CPDthatspecifiesP(X.A | Pa(X.A)).

Definition 2.1 A probabilisticrelationalmodel(PRM)II for

a relationalschemas is definedasfollows. For eachclass

X € X andeachdescriptve attribute A € A(X), we have:

e asetof parentsPa(X.A), whereeachparenthastheform
X.BorX.7.B.

e a conditional probability distribution that represents
P(X.A|Pa(X.A4)).1

For a given skeletono, the PRM structureinducesan un-
rolled Bayesiametwork overtherandomvariablese.A. For
everyobjectz € o(X), z.A dependprobabilisticallyon par
entsof theform z.B or z.7.B. (We will assumeéhatz.7 is
single-\aluedthroughout,althoughPRMsallow dependence
onmulti-valuedrelationsaswell.) Notethatthe CPDfor X. A
is usedfor eachz.A in theunrollednetwork, andis repeated
mary timesin the network. Thusthe sameparametersre
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usedin mary differentcontects in the network. The context
is given by the setof parentdor eachattribute asdefinedby
the CPDtogethemwith therelationalskeleton.

Structural Uncertainty In themodeldescribedn the pre-

vious section all relationsbetweenrattributesaredetermined
by the relationalskeletone,.; only the descriptive attributes
are uncertain. In this section,we extend our probabilistic
modelto allow for structural uncertainty Here,we do not

treat the relational structureas backgroundknowledge, but

chooseto modelit explicitly within the probabilisticframe-
work. Clearly, therearemary waysto represena probability

distribution overtherelationalstructure In this paperwe use
asimpleyet naturalmodel: ExistencedJncertainty

Supposewe are given only the schemaand information
aboutsomeof the objectsin the domain, but we have un-
certaintyover the links betweenobjects. We canextendour
probabilistic model to handlethis uncertaintyby explicitly
modelingthe existenceof thelinks themseles.

We begin by introducingthe notion of an entity skeleton
o.. An entity skeletonis lessinformative than a relational
skeleton. It specifiesa setof entitieso.(X) only for the
classesX € Xg. In ourweb pageexample,the entity skele-
ton would omit the information aboutthe hyperlinks, and
only includeinformationaboutthe setof web pagesWe call
the entity classesdeterminedand the othersundetermined
We note that relationshipclassegypically represenimary-
mary relationships;they have at leasttwo referenceslots,
which refer to determinedclasses. For example, our Link
classwould have referenceslots From-Rage and To-Page to
classPage. While we know the setof web pageswe maybe
uncertainaboutwhich webpagedink to eachother andthus
we have uncertaintyover the existenceof the Link objects.

Our basicapproacthin this modelis thatwe allow objects
whoseexistenceis uncertain.Thesearethe objectsin theun-
determinedclasses.One way of achiesing this effect is by
introducinginto the modelall of the entitiesthat canpoten-
tially exist in it; with eachof them we associatea special
binary variablethat that tells us whetherthe entity actually
existsor not. Notethatthis constructioris purelyconceptual;
we neverexplicitly constructamodelcontainingnon-&istent
objects. In our exampleabove, the domainof the Link class
in agiveninstantiationZ is Z(Page) x Z(Page). Each“po-

(b)
Figurel: (a) PRM Modelfor WebKB domain;(b) Fragmenof unrollednetwork for WebKB model.

tential” objectz = Link(ys,;) in this domainis associated
with abinaryattributex. E thatspecifiesvhetherthe pagey
did or did nothave alink to thepagey;.

The exists attribute for anundeterminedlassis treatedin
the sameway as a descriptve attribute in our dependeng
model,in thatit canhave parentsandchildren,andis associ-
atedwith a CPD. Our definitionsaresuchthatthe semantics
of the modeldoesnot change.For example,the existenceof
alink betweentwo pagesmay dependon their cateyoriesas
well aspresencef certainwordsin thosepages.

3 PRMs for the Web

Figure 1(a) shavs a PRM for the web pagedomain. For
clarity, the Page classwasduplicatedin thefigure, onceas
From-Page andonceas To-Page. The textual contentof
eachpageis describedy asimplebinomialNaive Bayestype
modelover wordscontainedn the page(a binomial bag-of-
words-model).

Somecatayories of pagesare much more likely to have
links to eachother (faculty and students)while othersare
muchlesslik ely (courseandproject).We canmodelsuchde-
pendencaisingthe existenceuncertaintymodeldescribedn
the previous section. We introducean attribute Link.Exists
and have Link.Exists dependon Link.From-Rage.Category
andLink.To-Page.Catagory.

In addition,certainwvebpagesmaybedirectorypagesDi-
rectorypagespoint to alarge numberof web pagesof a par
ticular category. For example,a studentdirectory typically
pointsto studentweb pages.We canmodelthis propertyof
web pagesby introducingthe attribute Hub for Page class.
Thedomainof theHub correspondso thedomainof the Cat-
egory, e.g., {course-hubfaculty-hub, project-hub,student-
hub, non-hul}. The existenceof a link betweena student
hub pageanda studentpageis highly probable while a link
from a studenthubpageto a coursepageis very unlikely. We
canmodelthis dependenceéy letting Link.Existsdependon
Link.From-Rage.Hubaswell ason Link.From-Rage.Catayory
andLink.To-Page.Category.

Anotherimportantsourceof information comesfrom the
anchorwords contained(underlined)in the hyperlink. For
example, a studentpagewith a link containing the word
“advisor” is likely to point to a faculty page, while a



coursepage with a link containing the word “instructor”
probably links to a faculty page. Note that the cateyory
of both the sourceand destinationpageis crucial. We
can model this dependencéy introducinga classAnchor
with a referenceslot In-Link and an attribute Word, where
Word has parentsAnchor.In-Link.From-Rage.Category and
Anchor.In-Link.To-Page.Category.

Given a particularsetof hyperlinked pages the template
is instantiatedto producean “unrolled” Bayesiannetwork.
Figure 1(b) shows a fragmentof sucha network for three
web pages. The two existing links from pagel to page2
and3 are shavn while non-existing links omittedfor clarity
(however still play arole in the inference). Also shovn are
the anchorword for link 1 andtwo anchorwordsfor link 2.
Note that during classification gxistenceof links andanchor
wordsin the links are usedas evidenceto infer cateyories
of the web pages.Hence,our unrolled Bayesnet hasactive
pathsbetweercategoriesof pageghroughthev-structuresat
Link.ExistsandAnchor.Word. Theseactive pathscaptureex-
actly the patternof relationalinferencewe setoutto model.

4 Learning the Models

In this paper we assumehatthe dependengstructurein our
modelsis specified,so learningthe modelsamountsto esti-
matingthe parameters.We adapta Bayesianparametees-
timation approach[Heckerman,199§. We usea standard
Dirichlet prior for the parametersCornveniently in this case
the CPD of eachattribute canbe estimatedseparately The
CPD P(X.A | u) dependsonly on the suficient statistics
Nx.4[v, u], thatcountthe numberof entitieswith z.4 = v
andPa(z.A) = u. Thesesufficientstatisticscanbecomputed
usingstandardelationaldatabasgueries.

The extensionof parameteestimationto PRMswith ex-
istenceuncertaintyis straightforvard. The only new issueis
how to computesufficient statisticsthatincludeexistenceat-
tributesz. E without explicitly addingall non-eistententity
into our database.We performthis computationby count-
ing, for eachpossibleinstantiationof Pa(X.E), the number
of potentialobjectswith thatinstantiationandsubtractinghe
actualnumberof objectsz with thatparentinstantiation.

5 Belief Propagationfor Classification

Oncewe have learneda model,how do we usethe modelfor
prediction?Classificationin our framework is doneby com-
puting the posteriordistribution over the unobsered vari-
ablesgiventhe dataandassigningeachunobsered variable
its mostlikely value. This requiresinferenceover the un-
rolled network definedby instantiatinga PRM for a partic-
ular documentcollection. We cannotdecomposehis task
into separaténferencetasksovertheobjectsin themodel,as
they areall correlated.In generalthe unrollednetwork can
befairly comple, involving mary documentghatarelinked
in variousways. (In our experimentsthe networks involve
hundredof thousand®f nodes.)Exactinferenceoverthese
networksis clearlyimpractical,sowe mustresortto approx-
imate inference. Thereare a wide variety of approximation
schemedor Bayesiannetworks. For variousreasongsome

of which aredescribedbelow), we choseto usebelief prop-

agation. Belief Propagatior(BP) is alocal messaggassing
algorithmintroducedby Pearl[1984. It is guaranteetb con-

vergeto the correctmaminal probabilitiesfor eachnodeonly

for singly connectedBayesiannetworks. However, empiri-

cal results[Murphy andWeiss,1999 show thatit oftencon-

vergesin generalnetworks, andwhenit does,the maminals
areagoodapproximatiorto the correctposteriors.

We provide a brief outline of onevariantof BP, referring
to [Murphy and Weiss, 1999 for more details. Considera
Bayesiametwork over somesetof nodes(which in our case
would bethe variablesz.A). We first corvertthe graphinto
a family graph, with a node F; for eachvariable X; in the
BN, containingX; andits parents.Two nodesareconnected
if they have somevariablein common. The CPD of X; is
associateavith F;. Let ¢; representhefactordefinedby the
CPD;i.e.,if F; containghevariablesX, Yy, ..., Y, theny;
is afunctionfrom thedomainsof thesevariableso [0, 1]. We
alsodefine; to be a factorover X; that encompassesur
evidenceaboutX;: ¢;(X;) = 1if X; is notobsered. If we
obsere X; = z, we have that;(x) = 1 and0 elsavhere.
Our posteriordistribution is thena [, i x [, ¢, wherea
is anormalizingconstant.

The belief propagatioralgorithmis now very simple. At
eachiteration,all the family nodessimultaneouslgsendmes-
sageto all othersasfollows:

mi(FNF) «a Y e ][]
F;—F; keEN(i)—{5}
whereq is a (different)normalizingconstanand N () is the
setof familiesthatare neighborsof F; in the family graph.
At ary pointin thealgorithm,our marginal distribution about
ary family F; is b; = ap;1; erN(i) my;. This processs
repeatedintil thebeliefscorverge.

After corvergence,the b; give us approximatemarginal
distributionsovereachof thefamiliesin theunrollednetwork.
Thesemaminalsarethenusedto predictthe classof thedoc-
uments.

M

6 Influence propagationover relations

Amongthe strongmotivationsfor usinga relationalmodelis
its ability to modeldependenciebetweerrelatedinstances.
Intuitively, we would like to use our information aboutone
objectto help us reachconclusionsaboutother, relatedob-
jects. For example,we shouldbe ableto propagaténforma-
tion aboutthetopic of adocumenp to documentst haslinks
to anddocumentghatlink to it. Thesejn turn,would propa-
gateinformationto yet otherdocuments.

Recently several papershave proposeda processalong
the lines of this “influence propagation”idea. Chakrabarti
et al. [1999 describea relaxation labeling algorithm that
makes use of the neighboringlink information. The algo-
rithm beginswith thelabelinggivenby atext-basedlassifier
constructedrom thetraining set. It thenusesthe estimated
classof neighboringdocumentgo updatethe distribution of
the documentbeing classified. They shav that even using
small neighborhoodsroundthe testdocumentsignificantly
increasesccurag.
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Figure 2: Comparisornof accurag of several modelsrangingfrom the simplestmodel, Naive-Bayesto the most complex
model,Ex+Hubs+Anchors,which incorporatesexistenceuncertainty, hubsand link anchorwords. In eachcaseamodel

waslearnedfor 3 schoolsand testedon the remaining school.

Neville and Jensen[2000 proposea very similar ap-
proach. Their iterative classificationalgorithm essentially
implementsthis processexactly. It builds a classifierbased
on afully obsenedrelationaltraining set;the classifieruses
both baseattributesand more relationalattributes(e.g., the
numberof relatedentitiesof a giventype). It thenusesthis
classifieron a testsetwherethe baseattributesareobsened,
but the classvariablesarenot. Thoseinstanceghatareclas-
sified with high confidencearetemporarilylabeledwith the
predictectlasstheclassificatioralgorithmis thenrerun,with
theadditionalinformation. Theprocessepeatsereraltimes.
Theclassificatioraccurag is shavn to improve substantially
astheprocessterates.

SlatteryandMitchell [2004 proposeaniterative algorithm
calledFOIL-HUBSfor the problemof classifyingwebpages,
e.g.,asbelongingto a university studentor not. They note
that several pagesin the datasethave links to mary other
pagesmostof which wereclassifiedasstudenthomepages.
Theirapproachusesrecursve predicaterulesto identify such
apageasastudentdirectorypagebasednwhetherthepages
it pointsto arestudenpagesandconcludethatotherpagego
whichit pointsarealsomorelik ely to bestudenpages.These
rulesare combinedwith text-basedclassifiersn aniterative
relaxationscheme. They show that classificationaccurag
improvesby exploiting therelationalstructure.

Our approachachievesthis effect throughthe probabilis-
tic influencednducedby theunrolledBayesiametwork over
theinstances$n ourdomain.For example,in thewebdomain,
our network hasacorrelationbetweerthe classof webpages
thatlink to eachother Thus, our beliefs aboutthe classof
onewebpagewill influenceour beliefsaboutthe classof its
relatedwebpagesin generalprobabilisticinfluence‘flows”
throughactive pathsin theunrollednetwork, allowing beliefs
aboutoneclusterto influenceothersto whichit is related(di-
rectly or indirectly). Moreover, the use of belief propaga-
tion implementsthis effect directly. By propagatinga local
messagdrom onefamily to anotherin thefamily graphnet-
work, thealgorithmpropagatesur beliefsaboutonevariable
to othervariablego whichit is directly connected.

7 Experiments

In this sectionwe describeexperimentalresultson the We-
bKB dataset[Cravenetal., 1999. The WebKB dataseton-
tainswebpagedrom four differentComputeiSciencelepart-
ments.We includedonly pageghathave atleastoneoutlink;
the numberof resultingpagesfor eachschoolare: Cornell
(318), Texas(319), Washington(420), and Wisconsin(465).
Eachpagehasa catayory attribute representinghe type of
web pagewhich is one of {course faculty, student,project,
other}. Thetext contentof thewebpageis representedsing
asetof binaryattributesthatindicatethe presencef different
wordsonthepage After stemmingremaoving stopwordsand
rarewords, the dictionary containsaround800 words. Each
webpagehasahubattribute,whichis takesthefollowing val-
ues: course-hubfaculty-hub,student-hubproject-hub,non-
hubh The original datasedid not containhublabels. We la-
beleda pageasa hubof a particularcateyory if it pointedto
mary pagesof thatcategory. Notethatwe hid the hublabels
in the testset. Eachschoolhad one hub pageof eachcat-
egory, exceptfor Washingtorwhich doesnot have a project
hub pageandWisconsinwhich doesnot have a faculty web
page. The datasetalso describeghe links betweenschool
web pages;the numberof links for eachschoolare: Cor
nell (923), Texas(1041), Washington(1534)and Wisconsin
(1823). In addition,for eachlink betweerpagesthe dataset
specifiesthe wordson the anchorlink. We selectedop 100
anchomwordsusingmutualinformationscore.

We comparedhe performanceof several modelson pre-
dicting web pagecateyories. In eachcase,we learneda
modelfrom threeschoolsandtestedthe performanceof the
learnedmodel on the remainingschool. Our experiments
usedBayesianestimationwith a uniform Dirichlet parame-
ter prior with equivalentsamplesizea = 2.

All modelswe comparecdcanbe viewed asa subsebf the
modelin Figure 1(a). Our baselineis a standardbinomial
Naive Bayesmodelthat usesonly wordson the pageto pre-
dict the category of the page.We evaluatedthe following set
of models:

1. Naive-Bayes Ourbaselinemodel.



2. Anchors: This modelusesboth words on the pageand
amchorwordson thelinks to predictthe cateyory.

3. Exists: This model addsstructuraluncertaintyover the
link relationshipto the simplebaselinemodel;the parents
of Link.ExistsareLink.From-Rage.Cateyory andLink.To-
Page.Category.

4. Ex+Hubs: This model extends the Exists model
with Hubs. In the model Link.Exists dependson
Link.From-Rage.Hubin additionto the cateyoriesof each
of thepages.

5. Ex+Anchors: This modelextendsthe Exists modelwith
anchomwords(but not hubs).

6. Ex+Hubs+Anchors The final modelincludesexistence
uncertaintyhubsandanchorwords.

Figure 2 comparesthe accuray achiesed by the differ-
ent modelson eachof the schools.  The final model,
Ex+Hubs+Anchors, which incorporatesstructural uncer
tainty, hubsandanchorwords, consistentlyoutperformsthe
Naive-Bayesmodel by a significantamount. In addition, it
outperformsary of the simplervariants.

Ouralgorithmwasfairly successfuaitidentifyingthehubs
in thetestset. It misclassified out 1522pagesashubswhile
recognizing6 out of the true 14 hubscorrectly The pages
mislabeledashubsoftenpointedto mary pageshathadbeen
labeledas Other web pages. However, on further inspec-
tion, thesehub pageoftenwere directoriegpointingto pages
thatwerelikely to beresearchehomepagesor coursehome
pagesandseemedo have beenmislabeledn thetraining set
asother We investigatechow muchthesemisclassifications
hurt the performanceby revealing the labelsof the hub at-
tributein thetestdata. Theimprovementn performancevas
roughly 2%.

8 Discussionand Conclusions

Marny real-world domainshave a rich relational structure,
with complex websof interactingentities:the web, scientific
papersand more. Traditional machinelearning algorithms
ignorethis rich relationalstructure flatteningit into a setof

attribute vectorsassumedo beindependentRecently how-

ever, therehasheengrowing interestin learningmethodghat
exploit therelationalstructureof thedomain.

In this paper we provide a generalmethodfor classifica-
tionin richly structureddatawith instancesndrelations.Our
approacthascoherenprobabilisticsemanticsallowing usto
build on powerful toolsfor probabilisticreasoningandlearn-
ing. Our classificatioralgorithmusesa combinationof these
techniquego provide effective scalingin the numberof in-
stancesit canthusbeappliedto largedomains.

Finally, our approachinduces a compelling behaior
uniqueto relational settings: Becauseanstancesare not in-
dependentinformationaboutsomeinstancesanbe usedto
reachconclusionsaboutothers. Our approachs the first to
provide aformal framework for this behavior.
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