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Abstract

Most text classificationmethodstreateachdocumentasan
independentinstance.However, in many text domains,doc-
umentsarelinkedandthetopicsof linkeddocumentsarecor-
related. For example,web pagesof relatedtopicsareoften
connectedby hyperlinksand scientific papersfrom related
fields are commonly linked by citations. We proposea
unified probabilisticmodel for both the textual contentand
the link structureof a documentcollection. Our model is
basedon therecentlyintroducedframework of Probabilistic
RelationalModels(PRMs),which allows us to capturecor-
relationsbetweenlinkeddocuments.We show how to learn
thesemodelsfrom dataandusethemefficiently for classifi-
cation. Sinceexactmethodsfor classificationin theselarge
modelsareintractable,we utilize belief propagation,anap-
proximateinferencealgorithm. Belief propagationautomat-
ically inducesa very naturalbehavior, whereour knowledge
aboutonedocumenthelpsusclassifyrelatedones,which in
turn helpusclassifyothers.We presentpreliminaryempiri-
cal resultson a datasetof universitywebpages.

1 Intr oduction
Themajorityof previouswork ontext classificationhasmade
useof “flat” representations,whereeachdocumentis a data
instancewhoseattributes are the set of words it contains.
However, many text domainsare much richer in structure,
involving multiple documentsthat are relatedto eachother
in complex ways. Examplesof suchdomainsarethe World
Wide Webwherewebpagesarerelatedto eachothervia hy-
perlinksandthescientificpaperdomainwherepapersarere-
latedvia citations.

Recently, therehasbeena growing interestin classifica-
tion techniquesfor morerichly structuredtext datasetsthat
makeuseof theadditionallink structureinformationthatex-
istsbetweendocuments.As a motivatingexample,consider
thetaskintroducedby Cravenetal. [1998] of classifyingweb
documentsasbeingeitherastudent,faculty, courseor project
homepage.Intuitively, we would like to useour information
aboutonedocumentto helpusreachconclusionsaboutother,
relateddocuments.For example,weshouldbeableto usethe
categoriesof pagesto which a web pagelinks to help infer
thecategoryof thepage.

Severalpapershave recentlyproposedalgorithmsthatuti-
lize informationfrom relateddocumentsto aid classification.

Chakrabartiet al. [1998] describea relaxationlabelingalgo-
rithm thatiteratively reassignslabelsbasedon thecurrentla-
belstheneighboringdocuments.Neville andJensen[2000]
proposean iterative classificationalgorithm which essen-
tially implementsthis process.SlatteryandMitchell [2000]
proposeanapplicationof asimilariterativerelaxationscheme
to theproblemof classifyingwebpages.Thiswork illustrates
that classificationaccuracy improvesby exploiting the rela-
tional structure.However, noneof theseapproachespropose
a singlecoherentmodelof thecorrelationsbetweendifferent
relateddocuments.Hence,they areforcedto provide a pro-
ceduralapproach,wheretheresultsof differentclassification
stepsor algorithmsarecombinedwithout a generalunderly-
ing model.

In this paper, we proposea unified framework for model-
ing andlearningrelationalstructure.Our framework allows
for inferences,similar to thosementionedabove, that prop-
agatevia the relationalstructurethat exists over the objects
in our domain. The key to our approachis the useof a sin-
gleprobabilisticmodelthatcapturestheinteractionsbetween
the objectsin our domain. Our work builds on probabilis-
tic relationalmodels(PRMs)—a recentdevelopment[Koller
andPfeffer, 1998;Poole,1993]. PRMsextendthe standard
attribute-basedBayesiannetwork representationto incorpo-
ratea muchricherrelationalstructure.They allow properties
of anentity to dependprobabilisticallyon propertiesof other
relatedentities.Themodelrepresentsa genericdependence
for a classof objects,which is then instantiatedfor partic-
ular setsof entitiesand relationsbetweenthem. Friedman
et al. [1999] adaptthe machineryfor learningBayesiannet-
worksfrom flat datato thetaskof learningPRMsfrom struc-
turedrelationaldata.

ThebasicPRM modeltakesthe relationalstructureasin-
put; in otherwords,it is outsidetheprobabilisticmodel. As
many havenoted,therelationalstructureis informativein and
of itself. For example,the links from andto a webpageare
very informative aboutthe type of web page[Craven et al.,
1998], andthe citation links betweenpapersarevery infor-
mative aboutthe papertopics [Cohn and Hofmann,2001].
Theknowledgethatacertainpageis ahub[Kleinberg,1998]
canalsobequiteinformative.For exampleadirectoryof stu-
dentlistingsis astudenthub;thisknowledgecanhelpusinfer
thecategoryof pagespointedto by thehub.

Here,we model the link structureexplicitly by modeling
theuncertaintyover theexistenceof links betweenobjectsin
ourdomain,asintroducedin [Getooretal., 2001]. For exam-



ple, whenclassifyingweb pages,we model the probability
of the

�
existenceof a hyperlinkbetweenall possiblepairsof

web pages. In addition, we introducea hiddenvariable,
Hub, which not only capturesthe traditional notion of hub
[Kleinberg, 1998], but which alsodescribesthe typeof hub.
For example,in the WebKB domain,a web pagemay be a
student,course,projector faculty hub page. This modeling
is preciselythat which enablesthe propagationof influence
betweenobjectsthatarerelated:a pagethatpointsto many
studentpagesis likely to be a studenthub; furthermore,a
pagethatis pointedto by a studenthubis morelikely to bea
studentpage.

Weevaluateourmethodonthetaskof classificationof web
pagesinto apredeterminedsetof classesfrom acollectionof
university web pages.Here,we learna modelover schools
in the training setanduseit to classifyweb pagesin other
schools.The probabilisticinferencealgorithmwe useauto-
maticallyinducesthedesiredbehavior, whereourknowledge
aboutone instancehelpsus classify relatedones,which in
turn help us classifyothers. Preliminaryexperimentsshow
that therelationalinformationprovidesa significantboostin
classificationaccuracy.

Section2 describesprobabilistic relational models. In
Section3, weproposeaprobabilisticrelationalmodelfor the
web domain. Section4 presentsa methodfor learningthe
modelsand Section5 describeshow a learnedmodel can
be usedto make predictions.We explain how relationalin-
formation in the testset is propagatedbetweeninstancesin
Section6. Finally, Section7 presentsevaluationandresults.

2 Probabilistic Relational Models
A probabilistic relational model(PRM) specifiesa template
for a probabilitydistribution over a relationaldatabase.The
templatedescribestherelationalschemafor thedomain,and
the probabilisticdependenciesbetweenattributesin the do-
main. A PRM, togetherwith a particulardatabaseof objects
and relations,definesa probability distribution over the at-
tributesof theobjectsandtherelations.

Relational Schema A schemafor a relationalmodel de-
scribesasetof classes, �������	��
�
�
��
��� . Eachclassis asso-
ciatedwith asetof descriptiveattributesandasetof reference
slots.1 The setof descriptive attributesof a class � is de-
noted ������� . Attribute � of class� is denoted��
 � , andits
domainof valuesis denoted������
 ��� . We assumeherethat
domainsarefinite. For example,the ����� � classmight con-
tain a Category attribute with a domainof ! course,faculty,
project,student,other" aswell asa setof binaryattributesto
indicatewhetherit containscertainwords.

The setof referenceslotsof a class � is denoted#$����� .
We use �$
 % to denotethereferenceslot % of � . Eachrefer-
enceslot % is typed:thedomaintypeof &�' (*) % +,��� andthe
rangetype -/.1032 45) %5+6��7 , where7 is someclassin � . A slot% denotesa function from &8'5(9) %5+:��� to -/. 0;2 4 ) %5+:�<7 .

1Thereis a direct mappingbetweenour notion of classandthe
tablesin a relationaldatabase:descriptive attributescorrespondto
standardtableattributes,andreferenceslotscorrespondto foreign
keys attributes(key attributesof anothertable).

For example,we might have a class =5>@?BA with the reference
slotsFrom-PageandTo-Pagewhoserangeis theclass�3���5� .

It is oftenusefultodistinguishbetweenanentityandarela-
tionship, asin entity-relationshipdiagrams.In our language,
classesareusedto representboth entitiesandrelationships.
Thus,entitiessuchasweb pagesarerepresentedby classes,
anda relationshipsuchas =5>@?BA , which relatesweb pagesto
webpages,is alsorepresentedasa class,with referenceslots
to the class ����� � . We use �DC to denotethe set of classes
thatrepresententities,and �FE to denotethosethat represent
relationships.The membersof classesarecalledobjectsre-
gardlessof whethertheclassis anentityor relationshipclass.

Thesemanticsof this languageis straightforward. An in-
stantiationG specifiesthesetof objectsin eachclass,andthe
valuesfor eachattributeandeachreferenceslotsof eachob-
ject. For example,in a datasetof webpages,aninstantiation
specifiesthesetof webpagesandhyperlinksbetweenthem,
alongwith wordsthey contain.

An instantiationincludestherelationalskeleton, H3I , which
specifiesthe completerelationalstructurein the model: the
set of objectsin all classes,as well as all the relationships
that hold betweenthem. In otherwords, it specifiesthe set
of objectin eachclass� , denotedHJ�K��� , andfor eachobjectLNM HJ�K��� , it specifiesthevaluesof all of thereferenceslotsL 
 % . In our webpageexample,therelationalskeletonwould
containthesetof webpagesandlinks betweenthembut not
their categoryor thewordsthey contain.

Probabilistic Model for Attrib utes A probabilistic rela-
tional model O specifiesa probability distributionsover all
instantiationsG of the relationalschema. It consistsof the
qualitative dependency structure,P , and the parametersas-
sociatedwith it, Q�R . Thedependency structureis definedby
associatingwith eachattribute ��
 � asetof parentsPa����
 ��� .

Eachparentof ��
 � hasthe form ��
 S or ��
 T3
 S where T
is a sequenceof referenceslots. More precisely, we definea
slot chain % � ��
�
�
U�
%WV bea sequenceof slotssuchthat for allX
, -/. 0;2 4 ) %WY�+6�Z&�' (*) %WY\[ � + .

Thequantitativepartof thePRM specifiestheparameteri-
zationof themodel.Givenasetof parentsfor anattribute,we
candefinea local probability modelby associatingwith it a
conditionalprobabilitydistribution(CPD). For eachattribute
we havea CPDthatspecifies]�����
 �_^ Pa����
 ���`� .
Definition 2.1: A probabilisticrelationalmodel(PRM) O for
a relationalschemaP is definedas follows. For eachclass� M � andeachdescriptiveattribute � M �����a� , we have:b a setof parentsPa����
 �c� , whereeachparenthastheform��
 S or ��
 T;
 S .b a conditional probability distribution that represents]�����
 �_^ Pa�K��
 ���`� .

For a givenskeleton H , the PRM structureinducesanun-
rolled Bayesiannetwork over therandomvariablesL 
 � . For
everyobject L*M HJ�K��� , L 
 � dependsprobabilisticallyonpar-
entsof the form L 
 S or L 
 T3
 S . (We will assumethat L 
 T is
single-valuedthroughout,althoughPRMsallow dependence
onmulti-valuedrelationsaswell.) NotethattheCPDfor ��
 �
is usedfor eachL 
 � in theunrollednetwork, andis repeated
many times in the network. Thus the sameparametersare
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Figure1: (a)PRM Model for WebKB domain;(b) Fragmentof unrollednetwork for WebKB model.

usedin many differentcontexts in thenetwork. Thecontext
is givenby thesetof parentsfor eachattributeasdefinedby
theCPDtogetherwith therelationalskeleton.

Structural Uncertainty In themodeldescribedin thepre-
vioussection,all relationsbetweenattributesaredetermined
by the relationalskeleton H I ; only the descriptive attributes
are uncertain. In this section,we extend our probabilistic
model to allow for structural uncertainty. Here,we do not
treat the relationalstructureas backgroundknowledge,but
chooseto model it explicitly within the probabilisticframe-
work. Clearly, therearemany waysto representaprobability
distributionovertherelationalstructure.In thispaper, weuse
a simpleyetnaturalmodel:ExistenceUncertainty.

Supposewe are given only the schemaand information
aboutsomeof the objectsin the domain,but we have un-
certaintyover the links betweenobjects.We canextendour
probabilisticmodel to handlethis uncertaintyby explicitly
modelingtheexistenceof thelinks themselves.

We begin by introducingthe notion of an entity skeleton,H�� . An entity skeletonis lessinformative thana relational
skeleton. It specifiesa set of entities Hy�	����� only for the
classes� M �DC . In our webpageexample,theentity skele-
ton would omit the information about the hyperlinks, and
only includeinformationaboutthesetof webpages.We call
the entity classesdeterminedand the othersundetermined.
We note that relationshipclassestypically representmany-
many relationships;they have at least two referenceslots,
which refer to determinedclasses. For example,our =5>@?BA
classwould have referenceslotsFrom-Page andTo-Page to
class �3��� � . While we know thesetof webpages,we maybe
uncertainaboutwhich webpageslink to eachother, andthus
we haveuncertaintyover theexistenceof the =5>@?BA objects.

Our basicapproachin this modelis thatwe allow objects
whoseexistenceis uncertain.Thesearetheobjectsin theun-
determinedclasses.Oneway of achieving 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. Notethatthisconstructionis purelyconceptual;
weneverexplicitly constructamodelcontainingnon-existent
objects.In our exampleabove, the domainof the =5>@?BA class
in a given instantiationG is G/�|�3��� ������G8�w�3���5�i� . Each“po-

tential” object L ��=5>@?5A �K�5�3�|�1�w� in this domainis associated
with abinaryattribute L 
 � thatspecifieswhetherthepage� �
did or did nothavea link to thepage� � .

Theexistsattributefor anundeterminedclassis treatedin
the sameway as a descriptive attribute in our dependency
model,in thatit canhaveparentsandchildren,andis associ-
atedwith a CPD.Our definitionsaresuchthat thesemantics
of themodeldoesnot change.For example,theexistenceof
a link betweentwo pagesmaydependon their categoriesas
well aspresenceof certainwordsin thosepages.

3 PRMs for the Web
Figure 1(a) shows a PRM for the web pagedomain. For
clarity, the Page classwasduplicatedin the figure,onceas
From-Page and onceas To-Page. The textual contentof
eachpageis describedby asimplebinomialNaiveBayestype
modelover wordscontainedin thepage(a binomialbag-of-
words-model).

Somecategoriesof pagesare much more likely to have
links to eachother (faculty and students)while othersare
muchlesslikely (courseandproject).Wecanmodelsuchde-
pendenceusingtheexistenceuncertaintymodeldescribedin
the previous section. We introducean attribute Link.Exists,
and have Link.Exists dependon Link.From-Page.Category
andLink.To-Page.Category.

In addition,certainwebpagesmaybedirectorypages.Di-
rectorypagespoint to a largenumberof webpagesof a par-
ticular category. For example,a studentdirectory typically
pointsto studentweb pages.We canmodelthis propertyof
web pagesby introducingthe attribute Hub for Page class.
Thedomainof theHubcorrespondsto thedomainof theCat-
egory, e.g., ! course-hub,faculty-hub,project-hub,student-
hub, non-hub" . The existenceof a link betweena student
hubpageanda studentpageis highly probable,while a link
from astudenthubpageto acoursepageis veryunlikely. We
canmodelthis dependenceby letting Link.Existsdependon
Link.From-Page.Hubaswell asonLink.From-Page.Category
andLink.To-Page.Category.

Another importantsourceof informationcomesfrom 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 category
of both the sourceand destinationpage is crucial. We
can model this dependenceby introducing a class ��?��1�i�W�
with a referenceslot In-Link and an attribute Word, where
Word has parents ��?	�	���W��
 In-Link.From-Page.Category and��?	�	���W��
 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 page1 to page2
and3 areshown while non-existing links omittedfor clarity
(however still play a role in the inference).Also shown are
theanchorword for link 1 andtwo anchorwordsfor link 2.
Notethatduringclassification,existenceof links andanchor
words in the links are usedas evidenceto infer categories
of the web pages.Hence,our unrolledBayesnet hasactive
pathsbetweencategoriesof pagesthroughthev-structuresat=5>@?BA1
Existsand ��?	�	���W�g
Word. Theseactivepathscaptureex-
actly thepatternof relationalinferencewe setout to model.

4 Learning the Models

In thispaper, weassumethatthedependency structurein our
modelsis specified,so learningthe modelsamountsto esti-
mating the parameters.We adapta Bayesianparameteres-
timation approach[Heckerman,1998]. We usea standard
Dirichlet prior for theparameters.Conveniently, in this case
the CPD of eachattribute canbe estimatedseparately. The
CPD ]�����
 ��^: ¡� dependsonly on the sufficient statistics
N ¢D£ ¤:) ¥��` �+ , that countthe numberof entitieswith L 
 ���¦¥
andPa� L 
 �c�§��  . Thesesufficientstatisticscanbecomputed
usingstandardrelationaldatabasequeries.

The extensionof parameterestimationto PRMswith ex-
istenceuncertaintyis straightforward. Theonly new issueis
how to computesufficient statisticsthatincludeexistenceat-
tributes L 
 � without explicitly addingall non-existententity
into our database.We perform this computationby count-
ing, for eachpossibleinstantiationof Pa���$
 �¨� , the number
of potentialobjectswith thatinstantiation,andsubtractingthe
actualnumberof objectsL with thatparentinstantiation.

5 Belief Propagationfor Classification
Oncewe have learneda model,how do weusethemodelfor
prediction?Classificationin our framework is doneby com-
puting the posteriordistribution over the unobserved vari-
ablesgiventhe dataandassigningeachunobservedvariable
its most likely value. This requiresinferenceover the un-
rolled network definedby instantiatinga PRM for a partic-
ular documentcollection. We cannotdecomposethis task
into separateinferencetasksover theobjectsin themodel,as
they areall correlated.In general,the unrollednetwork can
befairly complex, involving many documentsthatarelinked
in variousways. (In our experiments,the networks involve
hundredsof thousandsof nodes.)Exactinferenceover these
networksis clearly impractical,sowe mustresortto approx-
imate inference.Therearea wide variety of approximation
schemesfor Bayesiannetworks. For variousreasons(some

of which aredescribedbelow), we choseto usebelief prop-
agation. Belief Propagation(BP) is a local messagepassing
algorithmintroducedby Pearl[1988]. It is guaranteedto con-
vergeto thecorrectmarginalprobabilitiesfor eachnodeonly
for singly connectedBayesiannetworks. However, empiri-
cal results[Murphy andWeiss,1999] show that it oftencon-
vergesin generalnetworks,andwhenit does,the marginals
area goodapproximationto thecorrectposteriors.

We provide a brief outline of onevariantof BP, referring
to [Murphy andWeiss,1999] for moredetails. Considera
Bayesiannetwork oversomesetof nodes(which in our case
would be thevariablesL 
 � ). We first convert thegraphinto
a family graph, with a node © Y for eachvariable � Y in the
BN, containing��Y andits parents.Two nodesareconnected
if they have somevariablein common. The CPD of �ªY is
associatedwith ©�Y . Let «¡Y representthefactordefinedby the
CPD;i.e., if © Y containsthevariables���
7,�	��
�
�
U�
7 V , then « Y
is a functionfrom thedomainsof thesevariablesto ) ¬3��­�+ . We
alsodefine ®JY to be a factorover ��Y that encompassesour
evidenceabout � Y : ® Y ��� Y ��¯°­ if � Y is not observed. If we
observe � Y � L , we have that ® Y � L �ª�±­ and ¬ elsewhere.
Our posteriordistribution is then ²´³ Y «¡YD��³ Y ®¡Y , where ²
is a normalizingconstant.

The belief propagationalgorithmis now very simple. At
eachiteration,all thefamily nodessimultaneouslysendmes-
sageto all others,asfollows:

µ Y·¶B�¸©�Yy¹�©�¶��»º¼²¾½¿ ÀgÁ6¿1Â «¡Y¸®¡Y ÃViÄ Å�ÆÇYÇÈ Á,É ¶ËÊ
µ VoY

where ² is a (different)normalizingconstantand ÌÍ� X � is the
setof familiesthat areneighborsof ©�Y in the family graph.
At any point in thealgorithm,ourmarginaldistributionabout
any family © Y is Î Y ��²�« Y ® YB³ ViÄ Å�ÆÇY\È µ VoY . This processis
repeateduntil thebeliefsconverge.

After convergence,the ÎoY give us approximatemarginal
distributionsovereachof thefamiliesin theunrollednetwork.
Thesemarginalsarethenusedto predicttheclassof thedoc-
uments.

6 Influencepropagationover relations
Amongthestrongmotivationsfor usinga relationalmodelis
its ability to modeldependenciesbetweenrelatedinstances.
Intuitively, we would like to useour informationaboutone
object to help us reachconclusionsaboutother, relatedob-
jects. For example,we shouldbeableto propagateinforma-
tion aboutthetopicof adocumentÏ to documentsit haslinks
to anddocumentsthatlink to it. These,in turn,wouldpropa-
gateinformationto yetotherdocuments.

Recently, several papershave proposeda processalong
the lines of this “influence propagation”idea. Chakrabarti
et al. [1998] describea relaxation labeling algorithm that
makes useof the neighboringlink information. The algo-
rithm beginswith thelabelinggivenby atext-basedclassifier
constructedfrom the training set. It thenusesthe estimated
classof neighboringdocumentsto updatethedistribution of
the documentbeing classified. They show that even using
small neighborhoodsaroundthe testdocumentsignificantly
increasesaccuracy.
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Neville and Jensen[2000] proposea very similar ap-
proach. Their iterative classificationalgorithm essentially
implementsthis processexactly. It builds a classifierbased
on a fully observedrelationaltrainingset; theclassifieruses
both baseattributesandmore relationalattributes(e.g., the
numberof relatedentitiesof a given type). It thenusesthis
classifieron a testsetwherethebaseattributesareobserved,
but theclassvariablesarenot. Thoseinstancesthatareclas-
sified with high confidencearetemporarilylabeledwith the
predictedclass;theclassificationalgorithmis thenrerun,with
theadditionalinformation.Theprocessrepeatsseveraltimes.
Theclassificationaccuracy is shown to improvesubstantially
astheprocessiterates.

SlatteryandMitchell [2000] proposeaniterativealgorithm
calledFOIL-HUBSfor theproblemof classifyingwebpages,
e.g.,asbelongingto a university studentor not. They note
that several pagesin the datasethave links to many other
pages,mostof which wereclassifiedasstudenthomepages.
Theirapproachusesrecursivepredicaterulesto identify such
apageasastudentdirectorypagebasedonwhetherthepages
it pointsto arestudentpages,andconcludethatotherpagesto
whichit pointsarealsomorelikely to bestudentpages.These
rulesarecombinedwith text-basedclassifiersin an iterative
relaxationscheme. They show that classificationaccuracy
improvesby exploiting therelationalstructure.

Our approachachievesthis effect throughthe probabilis-
tic influencesinducedby theunrolledBayesiannetwork over
theinstancesin ourdomain.For example,in thewebdomain,
ournetwork hasacorrelationbetweentheclassof webpages
that link to eachother. Thus,our beliefsaboutthe classof
onewebpagewill influenceour beliefsabouttheclassof its
relatedwebpages.In general,probabilisticinfluence“flows”
throughactivepathsin theunrollednetwork, allowing beliefs
aboutoneclusterto influenceothersto which it is related(di-
rectly or indirectly). Moreover, the useof belief propaga-
tion implementsthis effect directly. By propagatinga local
messagefrom onefamily to anotherin thefamily graphnet-
work, thealgorithmpropagatesourbeliefsaboutonevariable
to othervariablesto which it is directly connected.

7 Experiments

In this sectionwe describeexperimentalresultson the We-
bKB dataset[Cravenet al., 1998]. TheWebKB datasetcon-
tainswebpagesfrom fourdifferentComputerSciencedepart-
ments.Weincludedonly pagesthathaveat leastoneout link;
the numberof resultingpagesfor eachschoolare: Cornell
(318),Texas(319),Washington(420),andWisconsin(465).
Eachpagehasa category attribute representingthe type of
web pagewhich is oneof ! course,faculty, student,project,
other" . Thetext contentof thewebpageis representedusing
asetof binaryattributesthatindicatethepresenceof different
wordsonthepage.After stemming,removingstopwordsand
rarewords,thedictionarycontainsaround800words. Each
webpagehasahubattribute,whichis takesthefollowingval-
ues:course-hub,faculty-hub,student-hub,project-hub,non-
hub. Theoriginal datasetdid not containhub labels. We la-
beleda pageasa hubof a particularcategory if it pointedto
many pagesof thatcategory. Notethatwe hid thehublabels
in the test set. Eachschoolhadonehub pageof eachcat-
egory, exceptfor Washingtonwhich doesnot have a project
hubpageandWisconsinwhich doesnot have a faculty web
page. The datasetalsodescribesthe links betweenschool
web pages;the numberof links for eachschoolare: Cor-
nell (923),Texas(1041),Washington(1534)andWisconsin
(1823). In addition,for eachlink betweenpages,thedataset
specifiesthe wordson the anchorlink. We selectedtop 100
anchorwordsusingmutualinformationscore.

We comparedthe performanceof several modelson pre-
dicting web pagecategories. In eachcase,we learneda
modelfrom threeschools,andtestedtheperformanceof the
learnedmodel on the remainingschool. Our experiments
usedBayesianestimationwith a uniform Dirichlet parame-
terprior with equivalentsamplesize ²Ð�ÒÑ .

All modelswe comparedcanbeviewedasa subsetof the
model in Figure 1(a). Our baselineis a standardbinomial
Naive Bayesmodelthatusesonly wordson thepageto pre-
dict thecategory of thepage.We evaluatedthefollowing set
of models:

1. Naive-Bayes: Our baselinemodel.



2. Anchors: This modelusesboth wordson the pageand
anchorÓ wordson thelinks to predictthecategory.

3. Exists: This model addsstructuraluncertaintyover the
link relationshipto thesimplebaselinemodel;theparents
of Link.ExistsareLink.From-Page.CategoryandLink.To-
Page.Category.

4. Ex+Hubs: This model extends the Exists model
with Hubs. In the model =5>@?5A1
 Exists dependson
Link.From-Page.Hub in additionto thecategoriesof each
of thepages.

5. Ex+Anchors: This modelextendstheExists modelwith
anchorwords(but not hubs).

6. Ex+Hubs+Anchors: The final model includesexistence
uncertainty, hubsandanchorwords.

Figure 2 comparesthe accuracy achieved by the differ-
ent models on each of the schools. The final model,
Ex+Hubs+Anchors, which incorporatesstructural uncer-
tainty, hubsandanchorwords,consistentlyoutperformsthe
Naive-Bayesmodelby a significantamount. In addition, it
outperformsany of thesimplervariants.

Ouralgorithmwasfairly successfulat identifying thehubs
in thetestset.It misclassified7 out1522pagesashubswhile
recognizing6 out of the true 14 hubscorrectly. The pages
mislabeledashubsoftenpointedto many pagesthathadbeen
labeledas Other web pages. However, on further inspec-
tion, thesehubpagesoftenwere directoriespointingto pages
thatwerelikely to beresearcherhomepagesor coursehome
pagesandseemedto havebeenmislabeledin thetrainingset
asother. We investigatedhow muchthesemisclassifications
hurt the performanceby revealing the labelsof the hub at-
tributein thetestdata.Theimprovementin performancewas
roughly2%.

8 Discussionand Conclusions
Many real-world domainshave a rich relational structure,
with complex websof interactingentities:theweb,scientific
papersand more. Traditional machinelearningalgorithms
ignorethis rich relationalstructure,flatteningit into a setof
attributevectorsassumedto be independent.Recently, how-
ever, therehasbeengrowing interestin learningmethodsthat
exploit therelationalstructureof thedomain.

In this paper, we provide a generalmethodfor classifica-
tion in richly structureddatawith instancesandrelations.Our
approachhascoherentprobabilisticsemantics,allowing usto
build onpowerful toolsfor probabilisticreasoningandlearn-
ing. Our classificationalgorithmusesa combinationof these
techniquesto provide effective scalingin the numberof in-
stances;it canthusbeappliedto largedomains.

Finally, our approach induces a compelling behavior
uniqueto relationalsettings: Becauseinstancesare not in-
dependent,informationaboutsomeinstancescanbeusedto
reachconclusionsaboutothers. Our approachis the first to
providea formal framework for this behavior.
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