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Abstract
Link analysis and social network analysis frequently require com-
bining attribute-based and link-based information. Relational clas-
sifiers are a simple yet effective means that use attribute and link
information for collective classification of nodes and/or links. How-
ever, in many cases, real world network classification tasks are ac-
companied by varying relational misclassification costs. We give
a number of motivating examples, and propose the relational cost-
sensitive learning problem. Our main contribution is to develop
a novel relational cost-sensitive classifier which directly optimizes
the relational misclassification costs. We compare our proposed re-
lational cost-sensitive classifier to existing relational classifiers and
show that it can help lower misclassification costs.
Keywords: Relational Classification, Link Analysis, Social Net-
works, Discriminative Models, Maximum Entropy Classifiers,
Cost-Sensitive Learning.

1 Introduction

SocialNetwork Analysishaslongbeenanimportant®eld of
researchin the social sciences.Recentdevelopmentssuch
astheproliferationof theonlinecommunitiesandcommuni-
cationnetworkshasshown theneedfor scalabletechniques
for extracting,analyzingandmining largereal-world social
networks. Thesenetworksconsistof entitieslinkedby var-
ious relations. Predictive modelswhich exploit both theat-
tributesof entitiesandrelationsandtheir relationalpatterns
are important for identifying key actorsand important(or
anomalous)links.

Therehasbeena recent,growing interestamongstre-
searchersin the machinelearningcommunity for classi®-
cationandlink predictionin relationaldomains.A hostof
methodslikeConditionalRandomFields(CRFs)[3] andRe-
lationalMarkov Networks(RMNs)[1] havebeenintroduced
which aredesignedto enableusersto build accurateclassi-
®ersfor diversegraphdatasetswith a minimumof effort. In
this paper, we developextensionsof relationalclassi®ersto
perform varioustasksinvolving social networks and high-
light theiradvantagesoverothermethods.

Researchin areassuchaslink analysis,socialnetwork
analysisandtext analysisfrequentlyneedto combineinfor-
mationfromtheattributesof entitiesandtheinformationrep-
resentedby relationsto solvevariousproblemssuchasiden-
tifying a setof nodeswith somegiven commonproperties
(e.g.,identifyingtheterroristsin agivenaf®liation network).
Discriminative relationalclassi®ersarevery well suitedfor
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suchtasks.Moreover, theoutputof suchclassi®ersusually
leadsus to take certainactions(e.g.,classifyingtheentities
into terroristsandnon-terroristsmayleadto arrestingtheter-
rorists). Incorrectclassi®cationsleadto undesirableactions
with differentconsequences.If weareto build accurateclas-
si®ersthatareto beappliedto real-world networks thenwe
needto takecareof thevaryingmisclassi�cationcosts. Most
relationalclassi®ersimplicitly assumethatall misclassi®ca-
tionsareequallycostly.

Within the machine learning community, there is a
rich tradition of cost-sensitive learning [8, 7] applied to
independentidenticallydistributeddata(non-relationaldata)
which canhandlevaryingmisclassi®cationcosts.Our main
contribution is to developcost-sensitive relationalclassi®ers
whichcanhandlevaryingmisclassi®cationcosts.

We motivate the use of relational classi®ersand the
needfor cost-sensitive relationalclassi®ersusinga seriesof
examples.Our examplesaremodeledupona speci®ctype
of socialnetwork known asa communicationnetwork([4])
becausethey offer theappropriateamountof complexity that
allows us to highlight the variousaspectsof cost-sensitive
relationalclassi®cation.However, noneof the methodswe
discussare speci®cto communicationnetworks; they are
equallyapplicableto any typeof network data.

2 Link-based Classification

In the following subsections,we introducethreelink-based
classi®cationproblems,using communicationnetworks to
motivateeachtask.

2.1 Link-based Object Classification Communication
networks are networks wherenodesrepresententitiesand
edgesbetweennodesrepresentsomeform of communica-
tion betweenentities([4]). Differentmodesof communica-
tion (eg: email,phonecall etc.)canberepresentedasdiffer-
ent typesof relationsin thecommunicationnetwork but for
simplicity wewill considernetworkswith asingletypeof re-
lation. Weemphasizehowever thattheapproachesdescribed
in this papercaneasilybeappliedin thecaseof multiple re-
lation typesin thenetwork.

Traditionally, in machinelearning,classi®cationis the
problemof predictingsomeunobserved,discretevaluedat-
tribute(referredto astheclassi®cation,classlabelor simply,
label)givenall theotherattributesof thedata.Considerthe



problemof classifyingentitiesin acommunicationnetwork.
Eachentity may have someobserved attributesassociated
with it describingcharacteristicsof theentity. For example,
in a corporatedatasetnetwork suchastheEnronemailcor-
puswheretheentitiesaretheemployeesin thecorporation,
someexamplesof attributescouldbetheage,educationand
positionof the employeewhich canbe usedto classifythe
employeesasmanagementor support.

Link-basedobjectclassi®cationis the problemof pre-
dicting entity classi®cationsbasedon both entity attributes
and the classi®cationof relatedentities. The relationships
canrepresentpossiblecorrelationsbetweenclassi®cationsof
connectedentitiesandthesecorrelationsmaybeexploitedto
obtaincorrectclassi®cations.As an example,supposeour
task is to predict the rolesof the entitiesin a communica-
tion network. It might bethecasethatentitieswith a certain
role usuallycommunicatewith a restrictedsubsetof entities
having speci®croles.For example,dentistsusuallycommu-
nicatewith patientsandhygenists([5]). Traditionalmachine
learninghasfocussedonclassifyingindependentandidenti-
cally distributed(IID) entitiessolely on the basisof its ob-
servedattributevalues.Thiscompletelyignorestherelations
in thenetwork. Exploiting correlationsamongentity labels
accordingto their relationshasbeenshown to improve clas-
si®cationaccuracies[26, 17, 1, 29].

In addition, the communicationsbetweenentitiescan
contain various attributes such as the words in an email.
A good classi®ershouldbe able to exploit all threeforms
of evidence: 1) entity attribute values,2) relationsin the
network and3) theattributevaluesof therelationsto achieve
thecorrectclassi®cation.Relationalclassi®ersarea simple
yetpowerful meansto thisend.

Link-basedclassi®cationis an active areaof machine
learning researchand many types of relational classi®ers
have beenproposed. Here we provide a high-level intro-
duction to relationalclassi®ersbasedon Markov networks
[1]; we provide a formal treatmentandall the requireddef-
initions in Section3. A Markov networkconsistsof two
parts: a qualitative part anda quantitative part. The quali-
tative partconsistsof a graphformedby nodesrepresenting
randomvariableseachassociatedwith adomainfrom which
it can be assignedvalues. When classifying entities, the
Markov network shouldcontaina randomvariablefor each
entity thatneedsto beclassi®ed.Theserandomvariablesare
unobservedor target randomvariablesandour problemis
to determinethe correctvalue that needsto be assignedto
themfrom their respective domains. The Markov network
representsattributesandtheir valuesby usingobservedran-
domvariableswhosevaluesareknown andconnectingthem
to the randomvariablescorrespondingto the entities. Be-
sidesthe randomvariables,the Markov network also con-
tainsedgesconnectingthe target randomvariables. These
edgesrepresentcorrelationsandtwo randomvariablescon-

nectedvia an edgeobey the correlationrepresentedby the
edge. If we believe that the links representingcommunica-
tions in communicationnetworks representcorrelationsbe-
tweenthe labelsof the correspondingentitiesthenwe can
connectthe randomvariablesof thoseentitieswith anedge
in theMarkov network. Thequantitative partof theMarkov
network describesthe correlationsin the network and are
storedin the form of clique potentialswhich we de®nein
Section3. A Markov network de®nesa joint probability
distribution and the optimum joint labeling for all the tar-
get randomvariablesin thegraphis obtainedby maximizing
thedistribution.

2.2 Link-based Edge Classification Link-basedclassi®-
cationhasbeenusedin variousdomainsto classifyvarious
typesof entities.Theimportanceof relationsis raisedto an-
otherlevel whenoneis interestedin classifying,not theen-
tities but, the relationsthemselves. For example,consider
classifying communicationlinks in a communicationnet-
work into links which requiresurveillanceandlinks which
do not. We next describehow the problemof link-based
edge classi®cationcan be describedin termsof a Markov
network.

As part of the ongoing efforts to reduceterrorism, a
considerableamountof communication(e.g.,email, phone
callsetc.) is analyzed.Givenacommunicationnetwork, one
needstodeterminethekey links in thenetworkwhichrequire
monitoringsinceit might be infeasibleto monitor all com-
municationlinks for a sustainedperiodof time. For exam-
ple,after theLondonbombings([6]) a considerableamount
of securitywasdedicatedto preventany suchoccurrencein
majorcitiesof theUSA. In suchsituations,oneway to im-
prove surveillancewould be to identify the communication
links which had beendiscussingthe relevant topics (“sub-
way”, “suicide”, “bombs”etc.)anddevotemoreresourcesto
keeptabsonthem.Notethateventhoughwearestill dealing
with a communicationnetwork, we areno longerinterested
in classifyingthe entitiesthemselves. We are more inter-
estedin classifyingthelinks in thecommunicationnetworks
to determinewhetherthey aresuspiciousor unsuspicious.

To classifylinks in a communicationnetwork we need
to constructaMarkov network whichcontainstargetrandom
variablescorrespondingto eachcommunicationlink. Just
like the problemof classifyingentitiesin a communication
network, we have all threeformsof evidencewhich require
combining:

• Every communicationlink may have certainobserved
attributes(eg: words in a telephoneconversationetc.)
andthesecanberepresentedby observedrandomvari-
ablesandconnectingthemto thetargetrandomvariable
representingthecommunicationlink they belongto.

• Eachentity in the communicationnetwork may have



one or more communicationlink emanatingfrom it
andthe labelson communicationlinks which emanate
from thesameentitymightbecorrelated.For example,
a terrorist who is discussinghow to make a bomb
with terrorist A is probably going to discusswhere
to plant the bomb with some other terrorist B and
thus both thesecommunicationlinks are suspicious.
Oneway to representsuchcorrelationsis to introduce
an edgebetweentwo target randomvariablesif and
only if the correspondingcommunicationlinks share
anentity in common.Figure1 shows anexampleof a
communicationnetwork andits correspondingMarkov
network to facilitatecommunicationlink classi®cation.

• The third form of evidenceis the attribute valuesbe-
longing to the entities themselves and theseattribute
valuesmay help us classifyeachandevery communi-
cationlink emanatingfrom the entity. Onceagain we
canrepresenttheseattributevaluesusingobservedran-
dom variablesandconnectingthemto eachandevery
target randomvariablerepresentingall thecommunica-
tion links whichemanatefrom theentity.

2.3 Cost-sensitive link-based classification As men-
tionedin theintroduction,in many cases,theoutputof classi-
®cationis usedto takecertainactions.Incorrectoutputswill
lead to suboptimalactionswhich may lead to undesirable
consequences.To build an accurateclassi®erwhich canbe
appliedto real-world socialnetworksoneneedsto take into
accountthe varying costsassociatedwith eachmisclassi®-
cation.Unfortunately, mostrelationalclassi®ersassumethat
all misclassi®cationsareequallycostlyandarethusreferred
to as0/1 lossrelationalclassi®ers.Traditionalcost-sensitive
learning [8, 7] has worked on the problem of classifying
IID datawith differentmisclassi®cationcostsfor variousdo-
mainslike targetedmarketing,fraudandintrusiondetection
etc. Next we motivatetheneedfor cost-sensitiverelational
classi�ers which canhandlevarying misclassi®cationcosts
in thecontext of classi®cationin socialnetworks.

Considertheearlierproblemof classifyingcommunica-
tion links in a communicationnetwork comprisingof terror-
ists. Supposewe wantto classifyeachlink into oneof “sus-
picious” (links which may be discussingterroristactivities
associatedwith the bombingof a subway station)and“un-
suspicious”(links which discussharmlesstopics).Consider
aparticularcommunicationlink l in thecommunicationnet-
work. l canbemisclassi®edin two ways: ®rst labelingl as
“suspicious”whenit is not andsecond,labeling l asbeing
“unsuspicious”whenit actuallyis. The®rst typeof misclas-
si®cationwill causeus to devote resourceslike manpower,
wire-tapsetc. to monitor l even thoughthis surveillanceis
uncalledfor. The secondtype of misclassi®cationis more
seriousandmight causetheterroristactivity (like thebomb-
ing of a subway station)to succeedresultingin high costs

like damageto life andproperty. Notethat thetwo misclas-
si®cationcostscanbemeasuredin commonunits(eg: mon-
etoryunits)andmaydiffer considerably. Suchvariedcosts
associatedwith differentmisclassi®cationsis thehallmarkof
cost-sensitive learning.

A novel aspectof relational cost-sensitivelearning is
the presenceof relational misclassi�cationcosts. In other
words, besidesthe misclassi®cationcostsassociatedwith
eachmisclassi®cation,we now have misclassi�cationcosts
associatedwith misclassifyinggroupsof relatedtarget ran-
domvariables. Consideran entity e in the communication
network. Theresultof misclassifyingany of thecommuni-
cationlinks emanatingfrom e asbeing“suspicious”whenin
fact it is not might prompte to move to court for invasion
of privacy andclaim compensationresultingin a misclassi-
®cationcost. This misclassi®cationcost is associatedwith
all of the target randomvariablesrepresentingthe commu-
nication links emanatingfrom e and is in fact an instance
of a relationalmisclassi�cationcostassociatedwith agroup
of relatedrandomvariables. Relationalcostscanbe mod-
eledasa costmatrix Costc(yc, ỹc) which speci®esthe cost
incurredwhena setof relatedrandomvariablesdenotedby
cliquec whosecorrectsetof labelsis ỹc is labeledwith the
setyc. In theabove casec denotesa setof randomvariables
correspondingto thecommunicationlinks emanatingfrom a
singleentity in the communicationnetwork, ỹc denotesthe
setof correctlabelscorrespondingto thosecommunication
links andyc denotesthesetof labelspredictedby ourclassi-
®er.

In thispaperweconsidertheproblemof link-basedclas-
si®cationin thepresenceof unequalmisclassi®cationcosts.
In fact,we arenot awareof any otherwork which considers
cost-sensitive classi®cationof relationaldata.Note that0/1
lossrelationalclassi®ersarea specialcaseof cost-sensitive
classi®ersobtainedby setting all misclassi®cationsto be
equallycostly. We devote therestof thepaperto thedevel-
opmentof the moregeneralcost-sensitive relationalclassi-
®er. In Section3 webegin with somepreliminaryde®nitions
andnotation. In Section4 we describehow traditional0/1
lossrelationalclassi®ersbasedon Markov networkscanbe
usedto performrelationalcost-sensitive classi®cation.The
drawbackof usinga 0/1 lossrelationalclassi®erto perform
cost-sensitiveclassi®cationis therequirementto estimateac-
curateclassconditionalprobabilities. In Section5 we pro-
poseacost-sensitiverelationalclassi®erwhichdoesnotneed
to estimateclassconditionalprobabilities. In Section6 we
comparetheperformanceof variouscost-sensitiveclassi®ers
on syntheticdata. In Section7 we describesomeof the re-
latedwork in thisareaand®nally, concludewith adiscussion
in Section8.
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Figure1: An exampleshowing the conversionfrom a communicationnetwork on the left ([9]) to a Markov network on
theright whereeachrandomvariablerepresentsacommunicationlink (bluecirclesrepresententitiesin thecommunication
network andgreensquaresrepresentrandomvariables).

3 Preliminaries

We review the de®nitionsof conditionalMarkov networks
from Taskaret al [1]. Let V be a set of discreterandom
variables,andlet v beanassignmentof valuesto therandom
variables.A Markov network is describedby a graphG =
(V , E) anda setof parametersΨ. LetC(G) denotea setof
(notnecessarilymaximal)cliquesin G. For eachc ∈ C(G),
let Vc denotethe nodesin the clique. Eachclique c hasa
cliquepotentialψc(Vc) which is a non-negative functionon
the joint domainof Vc and let Ψ = {ψc(Vc)}c2 C (G) . For
classi®cationproblemsweareofteninterestedin conditional
models. Let X be the set of observed randomvariables
we condition on, let x denotethe observed valuesof X
andlet Xc denotethe observed randomvariablesin clique
c ∈ C(G). Let Y be thesetof target randomvariableswe
want to assignlabelsto, let y denotean assignmentto Y
andlet Yc denotethesetof targetrandomvariablesin clique
c ∈ C(G). A conditional Markov network is a Markov
network (G,Ψ) which de®nesthe distribution P (y | x) =

1
Z (x )

Q
c2 C (G) ψc(x , yc) whereZ(x) =

P
y 0

Q
c ψc(x , y0

c).
For thecostsensitiveversionof thisproblem,in addition

to (G,Ψ) asin ordinaryMarkov Networks,we alsohave a
costgraphH = (V , E0) which is de®nedover thesameset
of randomvariablesV but hasa differentedgesetE0. Let
C(H) denotethe set of (not necessarilymaximal) cliques
in H. Let Yh denotethe set of target randomvariables
presentin cliqueh ∈ C(H) andlet yh denoteanassignment
to Yh . For eachclique h ∈ C(H) there is a clique loss
function lh (yh , ỹh ). lh is determinedby the cost matrices
{Costh (yh , ỹh )}h2 C (H ) involvedin theproblemandit is not
necessarythatthey bethesame.Costh (yh , ỹh ) is a measure
of how severethemisclassi®cationis if Yh is labeledwith yh

whenits correctlabelsareỹh .
The misclassi®cationcostof a completeassignmenty

relative to thecorrectassignment̃y is:

Cost(y , ỹ ) =
X

h2 C (H )

Cost(yh , ỹh ).

Our aim is to determiney which correspondsto the mini-
mum misclassi®cationcost. In this paper, we considerthe
specialcasewhereC(G) = C(H).

4 Cost Sensitive classification with Conditional Markov
Networks

One approachto perform cost-sensitive classi®cationis to
useaclassi®erwhichcanoutputconditionalprobabilitiesas-
sociatedwith eachpossiblecompleteassignmentto Y . We
canusetheseprobabilitiesto computethecompleteassign-
menty which minimizestheexpectedcostof misclassi®ca-
tion:

argminy

X

y 0

P (y 0 | x)Cost(y , y 0)

Note that thesetof conditionalprobabilitiesrequiredin the
above equationcanbequite large,so largethatno classi®er
might want to list themout. It is moreusefulto expressthe
problemin termsof themarginals:

argminy

X

h2 C (H ) ;y 0
h

Cost(yh , y
0
h )µh (y0

h | x)

whereµh (y0
h | x) =

P
y 0� y0

h

P (y 0 | x) andy 0∼ y0
h denotes

a full assignmenty 0 consistentwith partial assignmenty0
h .

Any energy minimizationtechniquecanbeusedto perform
thisoptimization.

5 Cost Sensitive Markov Networks

In this sectionwe outline thedesignof a classi®erfunction
which computesthecompleteassignmenty giventhegraph
G = (V , E), the nodeswe conditionon X andthe clique
loss matrices{lc(y0

c, yc)}c2 C (G) . We ®rst derive the form
of theclassi®erfunctionfrom maximumentropy principles.
Thebasicideais to modify theconstraintsof themaximum
entropy framework so that an assignmentwith higher loss
is assigneda correspondinglylower probability. The tradi-
tionalmaximumentropy constraintscanbeexpressedas:



X

y

fk (x , y )P (y | x) = Ak , ∀k = 1, . . . ,K

wherefk is thekth featureandweemploy K suchfeatures.
We assumethat the featuresdistribute over the cliques

and thus fk (x , y ) =
P

c fk (x , yc). Also we assumethat
the constants{Ak}1;::: ;K comefrom countingthe features
of thefully labeledtrainingdatasetlabeledỹ andso,Ak =P

c fk (x , ỹc). With theseassumptionsthe above equation
canberewrittenas:

X

y

P (y | x)
X

c

(fk (x , yc)− fk (x , ỹc))| {z }
clique specific penalty term

= 0,

∀k = 1, . . . ,K

Our basicideais to modify thecliquespeci®cpenaltyterm
by scalingit with the lossincurredby the misclassi®cation
of theclique.

X

y

P (y | x)
X

c

lc(yc, ỹc) (fk (x , yc)− fk (x , ỹc))| {z }
scaled clique specific penalty term

= 0,

∀k = 1, . . . ,K

The new maximum entropy formulation can now be ex-
pressedas:

maxX

y

−P (y ) logP (y )

subjectto:
X

y

P (y ) = 1

X

y

P (y | x)
X

c

lc(yc, ỹc) (fk (x , yc)− fk (x , ỹc)) = 0,

∀k = 1, . . . ,K

Thelagrangianformulationis thus:

L = −
X

y

P (y ) logP (y )− µ

 
X

y

P (y )− 1

!

−
X

k

wk

 
X

y

P (y | x)

X

c

lc(yc, ỹc)[fk (x , yc)− fk (x , ỹc)]

!

whereµ andwk ∀k = 1 . . . K arelagrangianmultipliers.

Differentiatingwith respecttoP (y ):

∂L

∂P (y )
=

− logP (y )− 1− µ

−
X

k

wk

X

c

lc(yc, ỹc)[fk (x , yc)− fk (x , ỹc)]

Settingthederivative to 0 weobtain:

P (y ) =

1

Z
exp

"

−
X

k

wk

X

c

lc(yc, ỹc)(fk (x , yc)− fk (x , ỹc))

#

where

Z =
X

y 0

exp

"

−
X

k

wk

X

c

lc(y
0
c, ỹc)(fk (x , y0

c)− fk (x , ỹc))

#

Substitutingtheexpressionfor P (y ) backin the lagrangian
L givesus:

L = logZ

Thusthedualof ourmaximumentropy formulationis:

(5.1)

min
X

y 0

exp

 
X

k

wk

X

c

lc(y
0
c, ỹc)(fk (x , y0

c)− fk (x , ỹc))

!

where{wk}
K
1 aretheparametersof theclassi®er. Eq. (5.1)

is the basicform of our classi®er. Note that this classi®er
is not a log-linear classi®er. Thus the standardmethods
of inferenceand learning don't apply. We next describe
learningandinferencealgorithmsfor ourclassi®er.

5.1 Learning. Given fully labeledtraining data we can
learnthemodelby solvingthefollowing optimizationprob-
lem:

argminw

X

y 0

exp

 
X

k

wk

X

c

lc(y
0
c, ỹc)(fk (x , y0

c)− fk (x , ỹc))

!

whereỹ is the completeassignmentof the labeledtraining
data. Note that this problem is convex for fully labeled
trainingdata.
Differentiatingwith respecttowk :



l =

log

2

4
X

y 0

exp

 
X

k

wk

X

c

lc(y
0
c, ỹc)(fk (x , y0

c)− fk (x , ỹc))

! #

∂l

∂wk
=

X

y 0

"
1

Z
exp

 
X

k

wk

X

c

lc(y
0
c, ỹc)(fk (x , y0

c)− fk (x , ỹc))

!

X

c

lc(y
0
c, ỹc)(fk (x , y0

c)− fk (x , ỹc))

#

Let us now de®ne the following probability distribution
(which is, of course,normalized):

q(y 0) ∝

exp

 
X

k

wk

X

c

lc(y
0
c, ỹc)(fk (x , y0

c)− fk (x , ỹc))

!

@l
@wk

canbeexpressedin termsof q(y 0) as:

∂l

∂wk
=

X

y 0

q(y 0)
X

c

lc(y
0
c, ỹc)[fk (x , y0

c)− fk (x , ỹc)]

=
X

c;y 0
c

µq
c(y

0
c)lc(y

0
c, ỹc)[fk (x , y0

c)− fk (x , ỹc)]

whereµq
c(y

0
c) is themarginalprobabilityof labelingcliquec

with y0
c underthe q distribution. So if we cancomputethe

marginalsthenwe cancomputethegradientwithout having
to sumup for eachpossiblecompleteassignmenty 0.

One way to computethe marginals is to run loopy
belief propagation[2] (for pairwisemarkov networks)or its
extensions(for markov networkswith largercliques)for the
q distributionby de®ningthefollowing cliquepotentials:

ψq
c (y0

c) = exp

"
X

k

wk lc(y
0
c, ỹc)(fk (x , y0

c)− fk (x , ỹc))

#

Having computedthe gradientwith respectto the weights
{wk}1;::: K we can use any gradient basedoptimization
method (like conjugate gradient descent)to perform the
learning.

5.2 Inference. Theinferenceproblemis to compute:

argminy

X

y 0

exp

 
X

k

wk

X

c

lc(y
0
c, yc)(fk (x , y0

c)− fk (x , yc))

!(5.2)

Unlessthe underlyingMarkov network hasspecialproper-
ties (e.g.,beinga tree,a sequenceor a network with a low
treewidth) exact inferencemay be infeasible. For the do-
mainsdescribedin Section1, the Markov network might
consistnot only of thousandsof nodesbut may also be
denselyconnected.In suchcaseswe resortto approximate
inference.

In orderto obtaina lowerboundapproximationwe take
log of Eq.(5.2)andapplyJensen's inequalityto get:

(5.3)

log

2

4
X

y 0

exp

 
X

k

wk

X

c

l(y0
c, yc)(fk (x , y0

c)− fk (x , yc))

! 3

5

≥
X

y 0

q(y 0)
X

k

wk

X

c

l(y0
c, yc)(fk (x , y0

c)− fk (x , yc))

−
X

y 0

q(y 0) log q(y 0)

whereq(y 0) is a distribution over all y 0 (
P

y 0 q(y 0) = 1,
q(y 0) ≥ 0).

To ®nd the optimal completeassignmenty we will
employ a 2-stepiterative procedure.In eachiteration,®rst,
we will obtain the bestapproximationby maximizing the
right handsidein Eq. (5.3) w.r.t q(y 0) and,second,we will
minimizew.r.t. y . We will keepiteratingbetweenthesetwo
stepsuntil ourobjective functionstabilizes.

TheLagrangianof theRHSin Eq.(5.3) is:

l = X

y 0

q(y 0)
X

k

wk

X

c

l(y0
c, yc)(fk (x , y0

c)− fk (x , yc))

−
X

y 0

q(y 0) log q(y 0)− µ

0

@
X

y 0

q(y 0)− 1

1

A

Differentiatingwith respectto q(y 0):

∂l

∂q(y 0)
=

X

k

wk

X

c

l(y0
c, yc)(fk (x , y0

c)− fk (x , yc))

−1− log q(y 0)− µ



Settingthederivative to 0:

q(y 0) ∝ exp

"
X

k

wk

X

c

l(y0
c, yc)(fk (x , y0

c)− fk (x , yc))

#

where
P

y 0 q(y 0) = 1.
Let

Z0(y ) =

X

y 00

exp

"
X

k

wk

X

c

l(y00
c , yc)(fk (x , y00

c )− fk (x , yc))

#

Thus:

q(y 0) =
1

Z 0(y ) exp [
P

k wk
P

c l(y
0
c, yc)(fk (x , y0

c)− fk (x , yc))]

Notethatcomputingq(y 0) for everycompleteassignmenty 0

is not feasiblebecausethe setof all completeassignments
couldbevery large. We needto seeif we cancomputethe
optimal completeassignmentwithout explicitly computing
all q(y 0).

Thesecondstageof theoptimizationrequiresminimiz-
ing with respectto y . Thuswe only needto look at the®rst
termin the lagrangian(sincethis is theonly termwhich in-
volvesy):

X

y 0

q(y 0)
X

k

wk

X

c

l(y0
c, yc)(fk (x , y0

c)− fk (x , yc)) =

X

y0
c
;c

X

k

wk l(y
0
c, yc)(fk (x , y0

c)− fk (x , yc))µ
q
c(y

0
c)(5.4)

whereµq
c(y

0
c) is the marginal probability of labelingclique

c with y0
c under the q distribution. Thus we only need

the marginal probabilitiesto perform the secondstageof
the optimization. We canperform the secondstageof the
optimizationby usingthemarginalsof theq(y 0) distribution
and determiningthe y which maximizesEq. (5.4). This
becomesour new best guessof the solution. We can
iteratebetweenthetwo stepsuntil our guessfor theoptimal
completeassignmentstabilizes.

One way to computethe marginal probabilitiesunder
the q(y 0) distribution is to run loopy belief propagation [2]
(for pairwisemarkov networks)or oneof its extensions(for
markov networks with larger cliques) with the following
cliquepotential:

ψq
c (y0

c) = exp

"
X

k

wk lc(y
0
c, yc)(fk (x , y0

c)− fk (x , yc))

#

wherey is thecurrentguessof theoptimalcompleteassign-
ment.

One way to maximizeEq. (5.4) is to de®nethe following
distribution for y :

r(y ) ∝

exp

2

4
X

y0
c
;c

X

k

wk l(y
0
c, yc)(fk (x , y0

c)− fk (x , yc))µ
q
c(y

0
c)

3

5

where
P

y r(y ) = 1. Thusthey whichmaximizesEq.(5.4)
correspondsto the mostoptimal y underthe r(y ) distribu-
tion. To computetheoptimal y underthe r(y ) distribution
we canrun loopy belief propagation [2] or or oneof its ex-
tensionswith thefollowing cliquepotentials:

ψr
c (yc) =

X

y0
c

X

k

wk l(y
0
c, yc)(fk (x , y0

c)− fk (x , yc))µ
q
c(y

0
c)

andchoosethey with thehighestmarginalprobabilities.

6 Experiments

We performedexperimentson syntheticrandomgraphdata
with misclassi®cationcosts.Commonlyavailablerealworld
networksexhibit propertieslike preferentialattachmentand
correlationsamongstthe labels acrosslinks. Since our
aim is to ®nd out how relational classi®erswill perform
on such networks we choseto model our syntheticdata
generatingalgorithmaccordingto theevolutionarynetwork
modeldescribedin Bollobaset al [27] which cangive rise
to power-law graphs. Further, we were also interested
in varying graph characteristicslike the strength of the
correlationamongstlabelsacrosslinks and link densityin
thenetwork to ®nd out how thesevariationsaffect classi®er
performance.

In all our experimentswe comparemisclassi®cation
costsachieved by different classi®ers. The ®rst modelwe
consideredis anon-relationalmodelwhichonly looksat the
attributevaluesin thedataandbuilds many one-against-the-
restlogistic regressionclassi®ers([28]) to predicttheprob-
ability of thenodebelongingto eachclasschoosingtheone
with thehighestprobability (LOGREG). Thesecondmodel
we report resultsfor is a discriminative relationalclassi®er
basedon conditionalmarkov networkswhich minimizesthe
expectedcostof misclassi®cationasdescribedin Section4
(MN). The third and®nal modelwe reportresultsfor is the
modeldescribedin Section5 (CSMN).

For simplicity we considercliques of maximum size
2 in all our experiments. For eachclassi®er, we assumed
a ”shrinkage”prior andcomputethe MAP estimateof the
parameters.More precisely, for LOGREGwe assumedthat
different parametersare a priori independentand de®ne
p(wi ) = λw2

i . After trying out a rangeof regularization
constantswe found that λ = 0.03 gave the best result.
For MN, we assumedthat differentparametersarea priori



independentandde®nep(wi ) = λw2
i . After trying a range

of regularizationconstantswe found thatλ = 10 returned
the best results. For CSMN, we assumedthat different
parametersareapriori independentandde®nep(wi ) = λw2

i .
We tried regularizationconstantin the range[1,200] and
foundthatλ = 20 returnedthebestresults.

For all runsof CSMN, we set the clique lossmatrices
equalto thecostmatrices:

lc(yc, ỹc) = Costc(yc, ỹc)

6.1 Synthetic data generation. Our algorithmfor gener-
ating syntheticdatasetsclosely follows the algorithm de-
scribed in Bollobas et al [27]. For all our experiments
we generatedbinary classrandomgraphdatasincethis is
whatis commonlyencounteredin mostcost-sensitive appli-
cations(terrorist/non-terrorist,good-customer/bad-customer
etc.).Thealgorithmis outlinedin Algorithm 6.1.

ALGORITHM 6.1. (SYNTHETIC GRAPH DATA GENERATION)
SynthGraph(numNodes, α, ρ, vocabSize, numObs,
attrNoise)

1: Seti=0
2: G = ∅
3: while i < numNodes do
4: Sampler ∈ [0, 1] uniformly at random
5: if r <= α then
6: connectNode(G, ρ)
7: else
8: addNode(G, ρ)
9: i← i+ 1

10: end if
11: end while
12: for i = 1 to numNodesdo
13: v ← ith nodein G
14: genAttributes(v, vocabSize, numObs, attrNoise)
15: genNodeCostMatrix(v)
16: end for
17: for eachedgee in G do
18: genEdgeCostMatrix(e)
19: end for
20: returnG

ALGORITHM 6.2. (ADDING AN EDGE TO THE GRAPH)
connectNodes(G, ρ)

1: v ← selectany existing nodeuniformly at randomfrom
G

2: sampler uniformly at randomfrom [0, 1]
3: if r ≤ ρ then
4: cn ← v.label
5: else
6: cn ← (v.label + 1) mod 2
7: end if

8: w ← selecta node from G with w.label = cn and
probabilityof selectionproportionalto its out-degree

9: introduceanedgefrom v tow

ALGORITHM 6.3. (ADDING A NODE TO THE GRAPH)
addNode(G, ρ)

1: addanew nodev toG
2: choosev.label from {0, 1} uniformly at random
3: sampler uniformly at randomfrom [0, 1]
4: if r ≤ ρ then
5: cn ← v.label
6: else
7: cn ← (v.label + 1) mod 2
8: end if
9: w ← selecta node from G with w.label = cn and

probabilityof selectionproportionalto its out-degree
10: introduceanedgefrom v tow

The algorithm “grows” a graphfrom an empty set of
nodes.Thenumberof nodesin the®nal graphis controlled
by the parameternumNodes. α is a parameterwhich
controlsthenumberof links in thegraph.Roughly, the®nal
graphshouldcontain 1

1� � numNodes numberof links. As
mentionedbefore,we experimentedwith binary classdata.
Weusedauniformsetof classpriors.

The algorithmimplementsa rudimentaryform of pref-
erentialattachmentwhereanodecanchoosethelabelof the
nodeit wantsto link to. Thisintroducescorrelationsamongst
the labelsacrosslinks. The degreeof thesecorrelationsis
controlledby theparameterρ. Eachnodecanlink to nodes
of its own classwith probabilityρ. With probability1 − ρ
a nodecan choosea nodeof the other classto link to. If
ρ is closeto 1 thenthegenerateddatasetwill primarily fea-
turelinks betweennodeswith thesameclasslabels,whereas,
if ρ is closeto 0.5 thenthe generatorwill producedatasets
wherenodeshave equalchanceof linking to nodesof their
own classor nodesof the otherclass. A further aspectof
our syntheticdatagenerator's preferentialattachmentis that
nodeswith higherout-degreehave a a higherchanceof get-
ting linked to. This introducesthepower-law degreedistri-
butioncommonlyobservedin mostrealworld networks.We
refertheinterestedreaderto Bollobasetal [27] for morede-
tails regarding this aspectof our syntheticdatageneration
algorithm.

After generatingthe graph,we generateattributesfor
eachnode(genAttributes). For everynode,anattribute
caneitherbepresentorabsent.Thetotalnumberof attributes
is controlledby the parametervocabSize. For eachnode
we sampletheids of theattributeswhich arepresentfrom a
noisy class-speci®cbinomial distribution. The noisein the
attributesis controlledby the parameterattrNoise. With
probabilityattrNoise we samplean attribute id uniformly
from theset{0, . . . , vocabSize − 1}. With probability1 −
attrNoise, we samplean attribute id from the distribution



name value
numNodes for trainingset 300
numNodes for testset 300
numLabels 2
vocabSize 5
attrNoise 0.3
numObs 4

Table1: Parametersettingsfor oursyntheticdatagenerator

Binomial(p = 1/3, vocabSize) if the node belongsto
class0 andBinomial(p = 2/3, vocabSize) if the node
belongsto class1. For eachnodewe samplenumObs such
attribute ids. For our experimentswe set vocabSize =
5, attrNoise = 0.3 and numObs = 4. Intuitively,
nodeswith classlabel0 will have presentattributeswith ids
between0 and3 whereasnodeswith classlabel1 will have
presentattributeswith ids between1 and4 with somenoise
introducedin theprocess.

Finally, we generatethe cost matrices for the data
(genNodeCostMatrix and genEdgeCostMatrix) .
For simplicity, weconsideredcliquesonly uptosize2 (nodes
andedges)andthusweneededto generateonly two typesof
costmatrices:onefor thenodesandonefor theedges.For
thenodecostmatricesCost(y, ỹ) wesetthediagonalentries
to 0 andwesampledtheoff-diagonalentriesuniformly from
[0, 2]. For the edgecost matricesCost(yc, ỹc), we set the
diagonalentriesto 0 andsampledtheoff-diagonalelements
uniformly from [0, ham(yc; ~yc)

2 ] whereham(yc, ỹc) denotesthe
hammingdistancebetweenyc andỹc.

Table 1 describesour parametersettings. For eachof
our experimentswe producedonetrainingandthreetesting
datasets.Eachnumberwereportis themisclassi®cationcost
averagedoverthreetestsets.All graphdatasetsweredisjoint
from eachother.

6.2 Performance Comparisons. For our ®rst experiment
we variedthecorrelationamongstlabelsacrosslinks to ®nd
out if relationalclassi®ersactuallyhelpdecreasemisclassi®-
cationcosts.We variedthevalueof ρ from 0.5 to 1.0 while
keepingα constantat 0.3. Recallthatρ controlsthechance
of a nodewith label c linking to anothernodewith label c.
Settingρ = 1 will causenodeswith label c to exclusively
link with othernodesof labelc whereassettingρ = 0.5 will
causenodeswith labelc to randomlychoosenodesto link to
irrespectiveof their classlabels.

Figure2 shows thatwhenρ = 0.5 (no correlations)all
threeclassi®erstend to performequally, oncewe begin to
introducecorrelationsin thelink structurethetwo relational
classi®ersbegin to show somesavings in misclassi®cation
costsover thenon-relationalmethodbut thisdoesn't happen
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Figure2: Avg. misclassi®cationcostsattainedby varyingρ
(X-axis).α waskeptconstantat0.3.

LOGREG MN CSMN
Training 0.27 48.41 10.81
Testing 0.066 0.126 0.11

Table2: Averagerun times(seconds)for thevariousclassi-
®erswith α kept constantat 0.3 andρ kept constantat 0.7.
All runsweredoneona2.4GHzXeon.

until ρ reachesa valueof 0.7. The plot shows that CSMN
managesto producelower misclassi®cationcoststhat MN
on all settingsof ρ. CSMN achieves 10.6% reductionin
costsover LOGREGat ρ = 0.8 which increasesto 24.6%
at ρ = 1.0. Note that the 0/1 loss MN classi®erachieves
an avg. classi®cationaccuracy of 79.76%at ρ = 0.5 and
this improves to 80.83%at ρ = 0.7 which shows that 0/1
lossrelationalclassi®erscanexploit correlationsin the link
structureto improve classi®cationaccuracy. Moreover at
ρ = 0.8, CSMNachievesanavg. accuracy of 81.1%whereas
the 0/1 loss MN achieves an avg. accuracy of 82.65%
indicatingthatahigheravg. accuracy doesnot imply alower
avg. misclassi®cationcost.

We also report training and test times requiredby the
various classi®ersin Table 2. Training time for MN and
CSMNaregreaterthanLOGREGwhichis notsurprisingdue
to theadditionalcomplexity introducedby learningfrom the
link structure.Interestingly, CSMNtendsto train fasterthan
MN. Testtimesareroughlythesamefor all threeclassi®ers.

In Figure 2, at ρ = 0.9 and above, MN shows very
high misclassi®cationcosts. This hasmore to do with the
inferencealgorithmsusedin our implementationof MN. We
usedloopy belief propagation(LBP) [2] for inferencein our
implementationwhich is the sameinferencealgorithmthat
was usedin Taskaret al [1]. LBP is a messagepassing
algorithmwhichsuffers(returnsverypoorestimatesof class



conditionalprobabilities)whenthegraphhasanumberloops
with small clustersof nodes[30]. To observe this more
carefully, we looked at the degreedistributionsof two test
setsone generatedwith ρ = 0.8 (when MN doeswell)
and anothergeneratedwith ρ = 1.0 (when MN performs
poorly). The test set generatedwith ρ = 1.0 contained
morenodeswith degrees> 1 thanthetestsetgeneratedwith
ρ = 0.8. Speci®cally, the testsetgeneratedwith ρ = 1.0
containeda higherfraction of nodeswith degrees2,3,4,6,7
thanthe testsetgeneratedwith ρ = 0.8 respectively. Note
that both test setshave roughly the samenumberof links
(411 and414) dueto the samesettingof α. A lower value
of ρ tendsto distribute links arounda bit while the graph
is evolving and thus managesto avoid a few loops while
a higher value of ρ causesnew edgesto form using the
samenodeswith thehighestout-degree. Theseloopscause
MN (which usesLBP) to return extremely poor estimates
of classconditionalprobabilitiesthusreturninga very high
misclassi®cationcost. CSMNavoids this pitfall becauseit
doesnot rely on estimatingprobabilitiesandis morerobust
to loops.Inferencein graphicalmodelswith loopsis still an
active ®eld of reseachwhich aimsto developmoreaccurate
inferencealgorithms.

Another way to producetightly linked clustersin the
generateddatais to simply increasethe numberof links in
the graph. In our secondexperimentwe variedα from 0
to 0.8 andkept ρ constantat 0.8. Recall thatα is directly
proportionalto thefrequency with whichconnectNode is
calledandthat the numberof links in the graphis roughly

1
1� � timesthenumberof nodes.Figure3 shows thatat low
link densities(α = 0, 0.1, 0.2), all threeclassi®ersproduce
comparableresults.With anincreasein thenumberof links
comesan increasein thenumberof edgecostmatricesthus
increasingthe total misclassi®cationcostsas shown in the
plot for LOGREG. At α = 0.2 the relational classi®ers
exploit thesecorrelationsto produceresultsslightly better
than LOGREG(MN's 91.6 and CSMN's 94.5 comparedto
LOGREG's 94.8). But at α = 0.4 andhigher, MN begins
to show signs of poor estimationof probabilitiesdue to
an excessof links (and loops) in the data. CSMN, on the
other hand,shows more resilienceto the increasein links
andexploits thecorrelationsin thelink structureto produce
resultsbetterthan the other two classi®ersuntil α = 0.6.
Beyond α = 0.6, however, even CSMNfaltersdue to an
excessin link density.

In the ®nal setof experimentswe explored the effects
of correlationspresentin thecostmatricesthemselves.Con-
sidertheearlierproblemof classifyingcommunicationlinks
into oneof “suspicious”and“unsuspicious”.Recallthatwe
have threetypesof costs:thecostassociatedwith resources
for surveillanceincurredwhenanunsuspiciouslink wasmis-
classi®ed,thecostassociatedwith damageto life andprop-
erty incurredwhena suspiciouscommunicationlink wasla-
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Figure3: Avg. misclassi®cationcostsattainedby varyingα
(X-axis). ρ waskeptconstantat0.8.

beledotherwiseand the relationalcost incurredwhen any
one of a non-terrorist's communicationlink was classi®ed
as“suspicious”. An honest,non-terroristentity in thecom-
municationnetwork is goingto bemorecon®dentandmore
protective of his rights to privacy thana terroristwho does
not wantto attractattentionby moving to court if anyoneof
her/hiscommunicationlinks is beingmonitored. Thus the
relationalmisclassi®cationcostassociatedwith a communi-
cationlink belongingto a non-terroristis goingto behigher
thantherelationalmisclassi®cationcostof a terrorist'scom-
municationlink. This points to the fact that in somecases
correlationspresentin thecostmatricesmightprovideusin-
formationabouttheclasslabelsandweneedto exploit these
correlationsalso. In our last setof experimentswe tried to
mimic thisscenarioandobservedtheperformanceof thedif-
ferentclassi®ers.

We introducedanotherparameterγ in our synthetic
data generatorwhich controlled the generationof the re-
lational (edge) cost matrices. For every edge cost ma-
trix Cost(yc, ỹc), if the labels at both ends of the edge
are 0 (“unsuspicious”)then with probability γ we sample
the off-diagonal elementsuniformly from [0,ham(yc, ỹc)]
whereaswith probability 1 − γ we sampleuniformly from
[0, ham(yc; ~yc)

10 ], where ham(yc, ỹc) denotes the hamming
distancebetweenyc and ỹc; otherwisewe samplefrom
[0, ham(yc; ~yc)

10 ]. Thediagonalelementsarestill setto 0.
In the ®rst experimentwe kept α constantat 0.3, γ

constantat 1.0 andvariedρ from 0.5 to 1.0, in otherwords,
wevariedthecorrelationsin thelink structurein thepresence
of strongcorrelationsin the costmatrices.Figure4 shows
thatCSMNthriveson suchcorrelationsin thecostmatrices
while MN improves slightly when the correlationsin the
links arepronounced(ρ = 0.8) but falterswhen thereare
toomany loopsin thegraph(ρ = 0.9, 1.0).
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Figure5: Avg. misclassi®cationcostsattainedby varyingγ
(X-axis).α andρ werekeptconstantat0.3 and0.8 resp.

In our lastexperimentwe variedγ from 0 to 1.0 while
keepingα constantat 0.3 andρ constantat 0.8. Figure 5
shows theresults.Note that therearetwo thingshappening
here. As we increaseγ, we increasethe chancesof larger
costsappearingin the edgecostmatricesandthusthe mis-
classi®cationcostresultsgo higherasshown in theplot for
LOGREG. As weincreaseγ wealsoincreasethecorrelations
in thecostmatriceswhichcanbeexploited.MNneithertakes
advantagenor is adverselyaffectedby the changein γ and
showsroughlythesamemisclassi®cationcostthroughoutthe
plot. CSMNshowsaslight increasein misclassi®cationcosts
initially (γ = 0.1) but quickly recoversandshows progres-
sive improvementsin resultsreturninglower andlower mis-
classi®cationcostswith increasingcorrelationsin the cost
matrices.

7 Related Work

Link-basedclassi®cationhas been a topic of interest in
many researchcommunitiesat differentpointsin time. Re-
searchersin computervision, natural languageprocessing
andmachinelearninghave lookedat this problemat length
anddevelopeda variety of methods.Chakrabartiet al [26]
was one of the ®rst to notice that exploiting correlations
presentamongstthe labelsof relatedentitiessigni®cantly
improvesclassi®cationaccuracy. Lafferty et al [3] followed
upbyproposingConditionalRandomFields(CRFs)for clas-
sifying entitieswhich form linearchainswhich is a problem
frequentlyencounteredin the®eld of naturallanguagepro-
cessing. Taskaret al [1] extendedLafferty et al's work to
handleirregulargraphs.

Much of theresearchon link-basedclassi®cationin the
machinelearningcommunityhasconcentratedon classify-
ing text corporawith links likehypertext corporawith hyper-
links or scienti®cpublicationswith citations.Onereasonfor
this is the easeof availability of text classi®cationdatasets.
Otherapplicationdomainsincludeclassifyingemailtext cor-
pora([16]), classifyingdatasetswith informationregarding
variouscorporations([17]), classi®cationof links in hyper-
text datasets([18]), predictinglinks in friendshipnetworks
([18]), predictinglinks in text corpora([19]), opticalcharac-
ter recognition([20]) etc.

The cost-sensitive learningcommunityhasyet to em-
brace link-basedclassi®cation. Much of the researchin
cost-sensitive learningconcentratesIID data.Oneapproach
to perform cost-sensitive learningis to usea standard0/1
loss classi®erto predict classconditionalprobabilitiesus-
ing which one attemptsto ®nd the labelswhich minimize
the expectedcost of misclassi®cation([7], [21]). Another
approachis to make particular classi®erscost sensitive.
Speci®c methodshave beendeveloped for decision trees
([23, 22]), supportvectormachines([25]), neuralnetworks
([24]) etc.Noneof theseapproachesconsiderrelationaldata.

Socialnetwork analystsmainly usenetwork connectiv-
ity informationto acquireknowledge.Link analysishasac-
knowledgedthe needto combinetext andlink information
([13]). Yet most of the work either exploits only content
information ([15, 10]) or only link information ([14, 11]).
Oneexceptionis McCallumet al [12] which combinesboth
contentand link information to generatetopic mixturesof
emailsanddetermineroles. McCallum et al usesa proba-
bilistic graphicalmodelwhich requiresconsiderableefforts
to designand involves making a numberof independence
assumptionsthat rarely hold in the real world. In contrast,
the methodsdiscussedin this paperinvolve discriminative
modelswhichareamucheasierway to designclassi®ersin-
volving bothlink andcontentinformationfor relationaldata
andmakenoneof theindependenceassumptions.Moreover,
to the bestof our knowledge,noneof the previous work in
link analysisconsidersvariedmisclassi®cationcosts.



8 Conclusion

In thispaper, weproposedtheuseof relationalclassi®ersasa
methodto combinedifferenttypesof information(e.g.,link
andattribute) to solve variousclassi®cationtasksin social
networks. We showedthatclassi®cationcanbeusedto for-
mulatea numberof problemsin socialnetworks like iden-
tifying terroristsin a terroristnetwork andidentifying com-
municationlinks which needmonitoringin communication
networks. Most of theseproblemscomewith variouscosts
of misclassi®cationwhich needto bekept in mind if we are
to solve theseproblemscorrectly. To this end, we devel-
opedrelationalclassi®ersto performcost-sensitive classi®-
cation.We demonstratedtheperformanceof relationalclas-
si®ersandourproposedcost-sensitiverelationalclassi®eron
syntheticdata. Our main observationswere that the pres-
enceof correlationsin labelsacrosslinks canbe exploited
by relationalclassi®ersto achieve resultsbetterthan stan-
dard non-relationalclassi®ers. We showed that increasing
correlationsin thelink structureof thedataimprovesthere-
sultsof relationalclassi®ers.We alsoshowedthatwhenthe
numberof links is high or whentherearetoo many loopsin
thegraph,standardrelationalclassi®ersfalterdueto their re-
lianceon classconditionalprobabilitieswhile our proposed
cost-sensitiveclassi®eris morerobustto theseproblems.Fi-
nally, we showed that theproposedcost-sensitive relational
classi®ercanexploit correlationsin thecostmatrices,some-
thing theothertwo classi®ers(non-relationalclassi®ersand
standardrelationalclassi®ers)showedno evidenceof being
ableto do.
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