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Abstract

Therehasbeenarecent,growing interestin clas-
si�cation and link prediction in structureddo-
mains. Methodssuchas CRFs(Lafferty et al.,
2001) and RMNs (Taskaret al., 2002) support
�e xible mechanismsfor modeling correlations
due to the link structure. In addition, in many
structureddomains,thereis an interestingstruc-
ture in the risk or cost function associatedwith
differentmisclassi�cations. Thereis a rich tra-
dition of cost-sensitive learning applied to un-
structured(IID) data.Herewe proposea general
framework which cancapturecorrelationsin the
link structureand handlestructured cost func-
tions. We presenta novel cost-sensitive struc-
turedclassi�erbasedonMaximumEntropy prin-
ciplesthat directly determinesthe cost-sensitive
classi�cation.We contrastthis with anapproach
which employs a standard0/1 loss structured
classi�er followed by minimization of the ex-
pectedcostof misclassi�cation.We demonstrate
theutility of our proposedclassi�er with experi-
mentsonbothsyntheticandreal-world data.

1. Intr oduction

Therehasbeena recent,growing interestin classi�cation
andlink predictionin structureddomains.Methodssuchas
ConditionalRandomFields(CRFs)(Lafferty et al., 2001)
and RelationalMarkov Networks (RMNs) (Taskaret al.,
2002)havebeenintroducedwhichusediscriminativetrain-
ing to optimize collective classi�cation. Most of these
methodsimplicitly assumethatall errorsareequallycostly.

Classi�cation in the presenceof varying costsassociated
with different types of misclassi�cation is important for
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many practicalapplications. There is a rich tradition of
cost-sensitive learning(Elkan,2001;Domingos,1999)ap-
plied to independentandidenticallydistributed(IID) data
for applicationssuchastargetedmarketingandfraud& in-
trusiondetection.Theseapproachesassumethetraditional
machinelearningsetting,wherethedatais viewedasa set
of IID samples. Using a seriesof motivating examples,
we show that when the datais structuredthe misclassi�-
cationcostsmay alsobe structured.Speci�cally, besides
the misclassi�cationcostsassociatedwith misclassifying
eachsamplewe now have misclassi�cationcostsassoci-
atedwith misclassifyinggroupsof relatedsamples.

In this paper, we describeextensionswhich enabletheuse
of 0/1 loss structuredclassi�ers for cost-sensitive classi-
�cation by minimizing the expectedcostof misclassi�ca-
tion. Theproblemwith thisapproachis thatit requirespre-
ciseestimatesof classconditionalprobabilities.Oneof the
mainconcernsin traditionalcost-sensitive learningis how
toextractgoodestimatesof probabilitiesfromstandardma-
chine learningclassi�ers (Domingos,1999; Zadrozny &
Elkan, 2001). This is of particularconcernin structured
classi�erswhich,aswe demonstratein Section6, canpro-
ducevery poorestimatesof classconditionalprobabilities
undercertainconditions.Our maincontribution is a novel
structuredclassi�erbasedonMaximumEntropy principles
thatdoesnot make explicit useof classconditionalproba-
bilities. We presentlearningandinferencealgorithmsfor
the proposedclassi�er andcompareits performancewith
otherapproaches.

2. Moti vation

Herewedescribetwo real-worldscenariosthatcanbemod-
eledasstructuredcost-sensitiveclassi�cationproblems.

2.1.Moti vating Example#1: Loan Applicants

Considertheclassiccost-sensitiveclassi�cationproblemof
grantingloans. This is a 2-classclassi�cationproblemin
which the bankneedsto classifyeachloan applicationas
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either “granted” or “denied”. Let us assumethat thereis
only oneapplicantperapplicationandthateachapplicant
also hasan accountin the bank with somesavings in it.
Thecostof misclassifyinga loanapplicationwhichshould
have beengrantedis the loss of the intereston the loan
andthe lossof theamountin theapplicant's bankaccount
sincethereis a chancethatthedisgruntledapplicantmight
closetheaccountandmove it to anotherbank.Thecostof
misclassifyinga loan applicationwhich shouldhave been
deniedis the loss of the principal amountof the loan in
question(theapplicantmightdefault her/hispayment).

Considera small extensionto the above scenario.Appli-
cantscan now have joint accountswhich can have more
thanoneaccountholder. Now, thecostof misclassifyinga
loanwhichshouldhavebeengrantedis thelossof theinter-
eston the loan, lossof theamountsin theaccountssingly
ownedby theapplicantof the loanandlossof theamount
in any joint accountsof theapplicant(thedisgruntledap-
plicant may closetheseas well). More importantly, the
amountin thejoint accountscanbelost if anyof theloans
appliedfor by any of its accountholdersendup beingde-
nied. In fact, theamountin the joint accountis a costthat
is associatedwith relatedloansandis arelationalcost.Re-
lational costscanbemodeledasa costmatrix Cost(yc; ỹc)
whichspeci�esthecostincurredwhenasetof relatedenti-
tiesdenotedby cliquec whosecorrectsetof labelsis ỹc is
labeledwith thesetyc. In theabove case,c denotestheset
of accountholdersassociatedwith any particularjoint ac-
count,ỹc denotesthesetof correctlabelsfor thoseaccount
holders(whethertheir loansaregrantedor denied)andyc
denotesthelabelsassignedby thebank.

2.2.Moti vating Example#2: Intelligent Light Control
in Buildings

Building controlstrategiesfor intelligent light control aim
to increaseusercomfort andreducethe energy consump-
tion of lighting a building. Two aspectsrequirespecial
attention: �rst, we shouldutilize ambientlight fully and
make surethat lights arenot turned“on” for locationsin
thebuilding whichalreadyhaveenoughlight from external
sources(aprocessSinghvietal. (2005)refersto asdaylight
harvesting) andsecond,we shouldrespectthe occupant's
preferences.Any control strategy needsto keeptrack of
the amountof light at variouslocationsin the building in
orderto achieve daylightharvesting.Theuseof light me-
tersmaynotbefeasiblesincesensinglight via light meters
is expensive both in termsof batterypower andtime. In
suchcases,a moreprudentapproachsuggestedby Desh-
pandeet al. (2005)is to predict light at variouslocations
by observingcheaperattributes(suchas temperatureand
sensorvoltage)andexploiting spatialcorrelations(attribute
valuesof nearbysensors)via astatisticalmodelratherthan
measuretheexpensive attributesdirectly.

We can also frame this problemas an instanceof struc-
turedcost-sensitiveclassi�cation. Considerthecasewhere
the light at an occupiedlocation is predictedto be “low”
when in fact it is well-lit. In this case,the control strat-
egy will turnon lightsandincurunwantedelectricitycosts.
Theoppositecaseis whena poorly lightedoccupiedloca-
tion is classi�ed aswell-lit. In this case,thecontrol strat-
egy will refrain from turning on lights, andthis resultsin
lossesin termsof usercomfort. Most peoplewould pre-
fer to have lights turnedon in andaroundtheoccupiedlo-
cation. Considerthe following misclassi�cation: suppose
we correctlyclassifya well-lit occupiedlocationbut mis-
classifya nearbylocationwhich requireslighting asbeing
well-lit. Thiswill causetheoccupantdiscomfortsinces/he
would prefer to have light in the nearbylocation but the
control strategy will refrain from providing it. This cost,
in termsof occupantdiscomfort,wasincurredeventhough
we correctlyclassi�edtheoccupiedlocation.Themisclas-
si�cation costassociatedwith thepairof locationsis in ad-
dition to themisclassi�cationcostattachedto eachlocation
describedpreviously andtheseare,in fact,relationalcosts
whichcanbemodeledusingstructuredcostmatrices.

Many traditionalcost-sensitiveclassi�cationproblemsgive
riseto relationalcostswhenextendedto thestructuredcase.
Another structureddomainthat presentsa rich sourceof
varying misclassi�cation costs is classi�cation in social
networks, e.g.,predictingsuspiciouslinks in a communi-
cationnetwork or classifyingentitiesin aterroristnetwork.
We canencodestructuredclassi�cation problemsusinga
Markov networkandwenext provide relevantnotation.

3. Preliminaries

We review thede�nitions of conditionalMarkov networks
from Taskaretal. (2002).Let V beasetof discreterandom
variables,andlet v beanassignmentof valuesto the ran-
domvariables.A Markov network is describedby a graph
G = (V;E) anda setof parametersY . Let C(G) denotea
setof (notnecessarilymaximal)cliquesin G. For eachc 2
C(G), let Vc denotethenodesin theclique. Eachcliquec
hasacliquepotentialy c(Vc) which is anon-negative func-
tion on thejoint domainof Vc andlet Y = f y c(Vc)gc2C(G) .
For classi�cationproblems,we areofteninterestedin con-
ditional models.Let X bethesetof observedrandomvari-
ableswe conditionon and let x denotethe observed val-
uesof X. Let Xc denotetheobserved randomvariablesin
clique c 2 C(G) and let xc denotethe observed valuesof
Xc. Let Y bethesetof targetrandomvariablesto whichwe
want to assignlabelsandlet y denoteanassignmentto Y.
Let Yc denotethe setof target randomvariablesin clique
c 2 C(G) andlet yc denotean assignmentto it. A condi-
tional Markov networkis a Markov network (G;Y) which
de�nes the distribution P(y j x) = 1

Z(x) Õc2C(G) y c(xc;yc)
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whereZ(x) = å y0Õcy c(xc;y0
c).

For the costsensitive versionof this problem,in addition
to (G;Y) asin ordinaryMarkov networks,we alsohave a
costgraphH = (V;E0) which is de�ned over thesameset
of randomvariablesV but hasa (possibly)differentedge
setE0. Let C(H) denotethe setof (not necessarilymaxi-
mal) cliquesin H. Let Yh denotethe setof target random
variablespresentin cliqueh2 C(H) andlet yh denoteanas-
signmentto Yh. For eachcliqueh 2 C(H), thereis a clique
lossfunctionlh(yh; ỹh). lh is determinedby thecostmatri-
cesf Costh(yh; ỹh)gh2C(H) involvedin theproblemandit is
notnecessarythatthey bethesame.Costh(yh; ỹh) is amea-
sureof how severethe misclassi�cationis if Yh is labeled
with yh whenits correctlabelsareỹh.

Themisclassi�cationcostof acompleteassignmenty rela-
tive to thecorrectassignment̃y is:

Cost(y; ỹ) = å
h2C(H)

Costh(yh; ỹh):

Our aim is to determiney which correspondsto themini-
mummisclassi�cationcost. In this paper, we considerthe
specialcasewhereC(G) = C(H).

4. Cost-SensitiveClassi�cation with
Conditional Mark ov Networks

Oneapproachto performingcost-sensitive classi�cationis
to usea classi�er which canoutputconditionalprobabili-
ties associatedwith eachpossiblecompleteassignmentto
Y. We canusetheseprobabilitiesto computethecomplete
assignmenty which minimizesthe expectedcostof mis-
classi�cation:

argminy å
y0

P(y0j x)Cost(y;y0)

Notethatthesetof conditionalprobabilitiesrequiredin the
aboveequationcanbequitelarge- solargethatnoclassi�er
might wantto list themout. It is moreusefulto rewrite the
above expressionin termsof themarginals:

argminy å
h2C(H);y0

h

Costh(yh;y0
h)mh(y0

h j x)

wheremh(y0
h j x) = å y0� y0

h
P(y0j x) andy0� y0

h denotesafull
assignmenty0 consistentwith partial assignmenty0

h. Any
energy minimizationtechniquecanbeusedto performthis
optimization.

The problemwith the above approachis that it requires
accurateestimatesof the marginal probabilities. In fact,
Domingos(1999) and Zadrozny and Elkan (2001) show
how to improvetheclassconditionalprobabilitiesobtained
from decision trees and naive bayesclassi�ers, respec-
tively, using traditional ideasof baggingand smoothing

for use in cost-sensitive classi�cation. A slightly differ-
ent idea proposedin Brefeld et al. (2003) is to learn a
classi�er function which associatesa higherpenaltyterm
correspondingto misclassi�cationsassociatedwith higher
costs. Brefeld et al. only considerIID input. Recentre-
searchin learningfor structureddomainshasalsoconcen-
tratedon loss augmentedlearningof classi�er functions
(Taskaret al., 2003; Tsochantaridiset al., 2004)but they
do not involve thelossfunctionduringinference.Our aim
is to designa classi�er for structureddomainsthat penal-
izescon�gurationscorrespondingto highercostsbothdur-
ing learningandinferencewithouttheexplicit computation
of probabilities.Wenext deriveaclassi�erwhichpenalizes
labelingsassociatedwith highmisclassi�cationcostsbased
onMaximumEntropy principles.

5. Cost-SensitiveMark ov Networks

Thebasicideais to modify theconstraintsof theMaximum
Entropy framework sothatanassignmentwith higherloss
is assigneda correspondinglylower probability. Thetradi-
tionalMaximumEntropy constraintscanbeexpressedas:

å
y

fk(x;y)P(y j x) = Ak; 8k = 1; : : : ;K

where fk is the kth feature,Ak is the kth empirical feature
countandweemploy K suchfeatures.

We assumethat the featuresdistribute over the cliques
and thus fk(x;y) = å c fk(xc;yc). Also we assumethat
the constantsf Akg1;:::;K comefrom countingthe features
of the fully labeled training data set labeled ỹ and so,
Ak = å c fk(xc; ỹc). With theseassumptionstheaboveequa-
tion canberewrittenas:

å
y

P(y j x)å
c

( fk(xc;yc) � fk(xc; ỹc))| {z }
cliquespeci�c constraint

= 0; (1)

8k = 1; : : : ;K

Eq. 1 attemptsto set the sum of P(yjx) weightedby the
differencein total featurecountsto 0. A con�guration y
with a largedifferencein total featurecountis likely to be
assigneda lower probability P(yjx) so that the sum over
all the con�gurationsremains0. Thus, the differencein
featurecountsactsasa constraint.We would now like to
modify Eq.1 sothatcon�gurationsassociatedwith higher
misclassi�cationcostsare assignedlow probabilities. A
naturalway to do this is to scalethe clique speci�c con-
straint with the loss associatedwith the misclassi�cation
of thecliqueandmodify Eq.1 to:

å
y

P(y j x)å
c

lc(yc; ỹc) ( fk(xc;yc) � fk(xc; ỹc))| {z }
scaledcliquespeci�c constraint

= 0;

8k = 1; : : : ;K
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The new Maximum Entropy formulationcannow be ex-
pressedas:

maxå
y

� P(y j x) logP(y j x)

s.t.å
y

P(y j x) = 1;

å
y

P(y j x)å
c

lc(yc; ỹc)( fk(xc;yc) � fk(xc; ỹc)) = 0;

8k = 1; : : : ;K

Thedualof theabove MaximumEntropy formulationis:

min log

"

å
y0

exp

 

å
k;c

wklc(y
0
c; ỹc)( fk(xc;y0

c) � fk(xc; ỹc))

! #

(2)

wheref wkg1;:::K aretheparametersof theclassi�er.

Eq. 2 is our objective function. Note that this objective
functionis notlog-linear. Thusthestandardmethodsof in-
ferenceandlearningdo not apply. We next describelearn-
ing andinferencealgorithmsfor ourclassi�er.

5.1.Learning

Given fully labeledtraining data,we can learn the above
modelby minimizingEq.2 w.r.t f wkg1;:::K :

argminw log

"

å
y0

expf å
k;c

wklc(y
0
c; ỹc)( fk(xc;y0

c) � fk(xc; ỹc))g

#

whereỹ is thecompleteassignmentof thelabeledtraining
data. Note that this problemis convex for fully labeled
trainingdata.

Differentiatingwith respectto wk weget:

å
y0

"
1
Z

exp

 

å
k

wkå
c

lc(y0
c; ỹc)( fk(xc;y0

c) � fk(xc; ỹc))

!

å
c

lc(y0
c; ỹc)( fk(xc;y0

c) � fk(xc; ỹc))
�

(3)

whereZ = å y00exp
�
å k;cwklc(y00

c ; ỹc)( fk(xc;y00
c) � fk(xc; ỹc))

�
.

In orderto formulatethegradient(Eq.3) computationasa
standardinferenceproblem,let usnow de�ne thefollowing
probabilitydistribution:

q(y0) =
1
Z

exp

 

å
k

wkå
c

lc(y0
c; ỹc)( fk(xc;y0

c) � fk(xc; ỹc))

!

The gradientwith respectto wk (Eq. 3) can now be ex-
pressedin termsof q(y0) as:

å
y0

q(y0)å
c

lc(y0
c; ỹc)[ fk(xc;y0

c) � fk(xc; ỹc)] (4)

Note that computingq(y0) for every completeassignment
y0 is not feasiblebecausethe set of all completeassign-
mentscould be very large. Fortunately, we can rewrite
Eq.4 as:

å
c;y0

c

mq
c (y0

c)lc(y
0
c; ỹc)[ fk(xc;y0

c) � fk(xc; ỹc)]

wheremq
c (y0

c) is themarginal probabilityof labelingclique
c with y0

c undertheq distribution. Soif wecancomputethe
marginalsthenwecancomputethegradientwithouthaving
to sumup for eachpossiblecompleteassignmenty0. The
marginalsmq

c (y0
c) canbeestimatedusingstandardinference

algoritms(e.g.,Yedidiaetal. (2000)).

Having computedthegradientwith respectto theweights
f wkg1;:::K , we can use any gradient-basedoptimization
method(suchasconjugategradientdescent)to performthe
learning.

5.2.Infer ence

For inference,we needto determinetheoptimallabelingy
whichminimizesEq.2:

argminy log

"

å
y0

expf å
k;c

wklc(y
0
c;yc)( fk(xc;y0

c) � fk(xc;yc))g

#

(5)

UnlesstheunderlyingMarkov network hasspecialproper-
ties(e.g.,beinga tree,a sequenceor a network with a low
treewidth), exact inferencemaybe infeasible.For thedo-
mainsdescribedin Section1, the Markov network might
consistnot only of thousandsof nodesbut may also be
denselyconnected.In suchcases,weresortto approximate
inference.

In orderto obtaina lower boundapproximationwe apply
Jensen's inequalityto Eq.5:

log

"

å
y0

expf å
k;c

wkl (y
0
c;yc)( fk(xc;y0

c) � fk(xc;yc))g

#

� å
y0

q(y0)å
k

wkå
c

l (y0
c;yc)( fk(xc;y0

c) � fk(xc;yc))

� å
y0

q(y0) logq(y0) (6)

where q(y0) is a distribution over all y0 (å y0q(y0) = 1,
q(y0) � 0).

To �nd the optimal completeassignmenty, we will em-
ploy a2-stepiterativeprocedure.In eachiteration,�rst, we
will obtainthebestapproximationby maximizingtheright
handside in Eq. 6 w.r.t q(y0) and,second,we will mini-
mize w.r.t. y. We will keepiteratingbetweenthesetwo
stepsuntil ourobjective functionstabilizes.
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TheLagrangianof theRHSin Eq.6 is:

å
y0

q(y0)å
k

wkå
c

l (y0
c;yc)( fk(xc;y0

c) � fk(xc;yc))

� å
y0

q(y0) logq(y0) � m

 

å
y0

q(y0) � 1

!

(7)

To maximizew.r.t to q(y0), we differentiatewith respectto
q(y0) andsetthederivative to 0 to get:

q(y0) µ exp

"

å
k

wkå
c

l (y0
c;yc)( fk(xc;y0

c) � fk(xc;yc))

#

whereå y0q(y0) = 1. As discussedbefore,computingq(y0)
for everycompleteassignmenty0maynotbefeasible.

The secondstepof the optimizationrequiresminimizing
with respectto y. Thus,we only needto look at the �rst
termin Eq.7 (sincethis is theonly termwhich involvesy):

å
y0

q(y0)å
k

wkå
c

l (y0
c;yc)( fk(xc;y0

c) � fk(xc;yc)) =

å
y0
c;c

å
k

wkl (y
0
c;yc)( fk(xc;y0

c) � fk(xc;yc))mq
c (y0

c) (8)

wheremq
c (y0

c) is themarginal probabilityof labelingclique
c with y0

c undertheq distribution. Thus,we only needthe
marginalprobabilitiesto performthesecondstepof theop-
timization. Again, thesemarginal probabilitiesmq

c (y0
c) can

beestimatedusinginferencealgorithms(e.g.,Yedidiaetal.
(2000)).

Oneway to minimizeEq. 8 is to de�ne the following dis-
tribution anddeterminethey correspondingto thehighest
probability (note the multiplication of the exponentby a
negative sign):

r(y) µ exp

"

å
y0
c;c

å
k

wkl (y
0
c;yc)( fk(xc;yc) � fk(xc;y0

c))mq
c (y0

c)

#

whereå y r(y) = 1. To determinethey correspondingto the
maximumr(y), wecanuseinferencealgorithms.

6. Experiments

Weperformedexperimentsonsyntheticrandomgraphdata
andreal-world sensornetwork datato addressthe follow-
ing questions:Can misclassi�cationcostsbe reducedby
exploiting correlationsacrosslinks anddo structuredcost-
sensitive classi�ershave anadvantageover traditionalma-
chinelearningcost-sensitive classi�ers?Are theprobabil-
ity estimatesof 0/1 lossstructuredclassi�ersdependable?
How do cost-sensitive methodsperformin thepresenceof
structuredcostfunctions?

In all our experimentswe comparemisclassi�cationcosts
achieved by threedifferent classi�ers: LOGREG- logis-
tic regressionwhich classi�es eachsamplebasedon the
attributes followed by minimization of expectedcost of
misclassi�cation,MN - relationalmarkov networks(Taskar
et al., 2002)followedby minimizationof expectedcostof
misclassi�cationasdescribedin Section4 andCSMN- the
proposedclassi�er describedin Section5.

For simplicity, we considercliquesof maximumsize2 in
all our experiments. For eachclassi�er, we assumeda
”shrinkage” prior and computethe MAP estimateof the
parameters.More precisely, we assumedthatdifferentpa-
rametersarea priori independentandde�ne p(wi) = l w2

i .
Wetriedarangeof regularizationconstantsfor eachclassi-
�er andreportthebestresults.Typically, we foundthatfor
LOGREGl = jYj � 10� 4 (wherejYj is thenumberof sam-
plesin thetrainingset)gavethebestresults(whichmatches
with ZhangandOles(2001)'s suggestion),for MN l = 10
gave the bestresults(Taskaret al. (2002) reportusinga
regularizationconstantof thesamemagnitudel � 5:5) and
for CSMNl = 20 returnedthebestresults.

6.1.SyntheticData Generation

Commonlyavailable real-world networks exhibit proper-
ties like preferentialattachmentandcorrelationsamongst
the labelsacrosslinks. Sinceour aim is to �nd out how
structuredclassi�ers will perform on suchnetworks, we
choseto model our syntheticdata generationalgorithm
along the lines of the evolutionary network model de-
scribedin Bollobasetal. (2003).Thealgorithmis outlined
in Algorithm 1.

The synthetic data generator(Algorithm 1) “grows” a
graphfrom anemptysetof nodes.Thenumberof nodesin
the �nal graphis controlledby the parameternumNodes.
a is a parameterwhich controls the number of links
in the graph. Roughly, the �nal graph should contain

1
1� a numNodesnumberof links. For all our experiments,
wesetnumNodes= 300.

We generatedbinary classdatausing our syntheticdata
generator;this is a commoncasein cost-sensitive applica-
tions(”loan granted”/”loandenied”,”goodcustomer”/”bad
customer”, ”terrorist”/”non-terrorist” etc.). Algorithm 1
proceedsthroughiterationsand in eachiteration it either
connectsanewly creatednodeto thegraphor connectstwo
existingnodesin thegraph.EachtimeAlgorithm 1 creates
anedgeit makesacall to Algorithm 2. Algorithm 2 imple-
mentsarudimentaryform of preferentialattachmentwhere
a nodecanchoosewhich nodesto link basedon their la-
bels.Thisintroducescorrelationsamongstthelabelsacross
links. The strengthof thesecorrelationsis controlledby
the parameterr . Eachnodecanlink to nodesof its own
classwith probability r . With probability 1 � r , a node
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canchooseto link to a nodeof the otherclass. In addi-
tion, nodeswith higherout-degreehave a higherchanceof
gettinglinkedto. Thisintroducesthepower-law degreedis-
tributioncommonlyobservedin mostreal-world networks.
We refertheinterestedreaderto Bollobaset al. (2003)for
moredetailsregardingthisaspectof oursyntheticdatagen-
erationalgorithm.After generatingthegraph,we generate
attributesfor eachnodeusing �x ed, class-speci�cmulti-
variateBernoulli distributions.

Algorithm 1 Syntheticdatagenerator
SynthGraph(numNodes, a , r )
1: i  0
2: G  /0
3: while i < numNodesdo
4: sampler 2 [0;1] uniformly at random
5: if r < = a then
6: v  selectany nodeuniformly at randomfrom G
7: connectNode(v, G, r )
8: else
9: addanew nodev to G
10: choosev:label from f 0;1g uniformly at random
11: connectNode(v, G, r )
12: i  i + 1
13: end if
14: endwhile
15: for i = 1 to numNodesdo
16: v  ith nodein G
17: genAttributes(v)
18: genNodeCostMatrix(v)
19: end for
20: for eachedgee in G do
21: genEdgeCostMatrix(e)
22: end for
23: returnG

Algorithm 2Generatinganedgein thesyntheticdatagraph
connectNode(v, G, r )
1: sampler uniformly at randomfrom [0;1]
2: if r � r then
3: cn  v:label
4: else
5: cn  (v:label+ 1) mod2
6: end if
7: w  selecta nodefrom G with w:label = cn andprobability of selectionpro-

portionalto its out-degree
8: introduceanedgefrom v to w

Finally, we generatesampledependentcost matricesfor
the data. For simplicity, we consideredcliques only
upto size 2 (nodes and edges) and thus we needed
to generateonly two types of cost matrices: one for
the nodes(genNodeCostMatrix) and one for the edges
(genEdgeCostMatrix ). For the node cost matrices
Cost(y; ỹ), we set the diagonalentriesto 0 and sampled
theoff-diagonalentriesuniformly from [0;2]. For theedge
cost matricesCost(yc; ỹc), we set the diagonalentriesto
0 and sampledthe off-diagonalelementsuniformly from
[0; ham(yc;ỹc)

2 ] whereham(yc; ỹc) denotesthe hammingdis-
tancebetweenyc andỹc. Thefactorof 1

2 with thehamming
distancereducesthedisadvantageof LOGREG.

For eachexperiment,we producedthreedatasetsandper-
formed3-fold crossvalidation. Eachnumberwe reportis
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Figure1. 3-fold crossvalidationresultsof varyingr (X-axis). a
waskeptconstantat0:25.

theaveragemisclassi�cationcostobtained.For all runsof
CSMN, we set the clique loss matricesequal to the cost
matrices:lc(yc; ỹc) = Costc(yc; ỹc).

6.2.PerformanceComparisons

For our �rst experiment,wevariedthecorrelationamongst
labelsacrosslinks to �nd out if structuredclassi�ers ac-
tually helpdecreasemisclassi�cationcosts.We variedthe
valueof r from 0:5 to 1:0 keepinga constantat 0:25. Re-
call that r controlsthechanceof a nodewith labelc link-
ing to anothernodewith labelc. Settingr = 1 will cause
nodeswith label c to exclusively link with othernodesof
labelc whereassettingr = 0:5 will causenodeswith label
c to randomlychoosenodesto link to irrespective of their
labels.

Figure1 shows thatstructuredclassi�ers(CSMNandMN)
canexploit correlationsin thelink structureto reducemis-
classi�cationcosts.Theplot shows thatCSMNmanagesto
producelower misclassi�cationcoststhanMN on all set-
tingsof r . CSMNachieves8.19%reductionin costsover
LOGREGatr = 0:8 whichincreasesto 38.87%atr = 1:0.
Notethatat r = 0:75,CSMNachievesanavg. accuracy of
80.44%whereasthe0/1lossMN achievesanavg. accuracy
of 81.88%indicatingthata higheravg. accuracy doesnot
necessarilyimply a loweravg. misclassi�cationcost.

Wealsoshow aplot labeledCSMNw/oCSINFthatusesthe
parameterslearnedby CSMN but performsinferenceby
simplymaximizingthesumof thefeaturecountsweighted
by the parameters(ignorescostscompletelyduring infer-
ence).As is clear, CSMNw/oCSINFperformsquitepoorly
even in the casewhentherearesigni�cant correlationsin
thelinks (r = 0:7;0:8) andshowstheimportanceof involv-
ing thecostsduringinference.

In Figure1, at r = 0:85 andabove, MN shows very high
misclassi�cationcosts.This is mostlikely theresultof the
inferencealgorithmsused.We usedloopy belief propaga-
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tion (LBP) (Yedidiaet al., 2000) for inferencein our im-
plementationassuggestedby Taskaret al. (2002). LBP is
a messagepassingalgorithmthat is known to returnvery
poor estimatesof classconditionalprobabilitieswhenthe
graphhasa large numberof short cycles (Yedidia et al.,
2005). As we increasethe strengthof the correlationsin
thelink structure,new nodesattachthemselvesto thesame
nodesin the graph(the nodeswith the highestout-degree
with the samelabel). This introducescycles making it
very dif�cult for LBP to estimatethe marginal probabili-
ties.NotethatCSMNavoidsthispitfall becauseit doesnot
rely on theexplicit useof probabilities.

The previous experimentwasperformedon datasetswith
a constantnumberof edges(� 400 edgesin a graphof
300nodes).We alsowantedto seehow varyingedgeden-
sity affectsthe performanceof the classi�ers. In our sec-
ond experiment,we varied a from 0 to 0:4 and kept r
constantat 0:85. Recall that the numberof edgesin the
graph is roughly 1

1� a times the numberof nodes. Fig-
ure 2 shows the results. At a = 0:0, the misclassi�cation
costdueto the misclassi�cationof edgesis small but this
fraction increasesas a increases. SinceLOGREGdoes
not careaboutthe edgecostmatricesit performswell at
a = 0:0 but poorly at higher settingsof a . CSMNcon-
sistentlyreturnslower misclassi�cationcoststhanMN. In-
creasingedgedensityincreasesthenumberof shortcycles.
At a = 0:25 andhigher, dueto thelargenumberof cycles
in thegraph,MN returnsinaccurateestimatesof classcon-
ditionalprobabilitiesthusresultingin verypoorresults.At
a = 0:4, CSMNachievesa 63.52%reductionin costsover
MN and13.26%reductionin costsover LOGREG.

6.3.Experimentson SensorNetwork Data

Next, we report experimentscomparingthe performance
of the variouscost-sensitive classi�ers on the problemof
providing intelligentlight controldiscussedin Section2.2.
The Intel lab dataset(Bodik et al., 2004) containsmore
than2,000,000readingsconsistingof temperature, humid-
ity, light, batteryvoltage, time and date recordedfrom a
sensornetwork of about54 differentsensors/motesalong
with the sensors'ids and(x;y) coordinates.To introduce
links betweenthe sensors,we de�ned an edge for ev-
ery pair of sensorswhich were within 5 metersof each
other and obtaineda dependency graphwith 122 edges.
We performedexperimentsto predict light at variouslo-
cationsusing the other threeattributes, temperature,hu-
midity and batteryvoltage,and spatialcorrelations. We
discretizedeachattributeinto threenominalvaluesandre-
moved all readingswith missingvalues. To generatere-
lational graphs,we organizedthe datasetinto snapshots
suchthat eachsnapshotconsistsof readingsfrom at least
50 differentsensorswith no two readingsfrom the same
sensor. Finally, We dividedthesetof snapshotsinto three
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Figure2. 3-fold crossvalidationresultsof varyinga (X-axis). r
waskeptconstantat0:85.

setscontaining,roughly, thesamedistributionof valuesfor
the light attribute (high light, mediumlight andlow light)
andperformed3-fold crossvalidation. Unfortunately, the
datasetdoesnot comewith costmatrices.We augmented
the datasetwith, hopefully realistic, costsand varied the
misclassi�cationcoststo illustratethe performanceof the
variousclassi�ersunderdifferentsettings.

For simplicity, we consideredcliquesup to size2 andgen-
eratedlabel dependentcostmatricesfor nodesandedges.
Weintroducedaparameterg to de�ne thecostdueto occu-
pantdiscomfortin unitsof electricityandde�ned thecost
matricesin termsof g. To generatethe nodecostmatrix
Costnode(y; ỹ), weusedsimpleintuitionssuchas:if thepre-
dictedvalueof light is high light andthe correctclassla-
bel is low light (costdueto occupantdiscomfort)thenwe
pay a costof g, if the predictedvalueof light is low light
andthecorrectclasslabel is mediumlight (costdueto ex-
cesselecticity usage)thenwe pay a costof 1. This gave
us a 3� 3 nodecostmatrix. To de�ne the edgecostma-
trix Costedge(yc; ỹc), we usedsimpleintuitionslike theone
introducedin Section2.2: if the predictedclasslabelsof
a pair of linkedsensorsis (high light, high light) whereas
the correctclasslabelsare(high light, low light) thenwe
paya costof g (occupantdiscomfortcauseddueto lack of
light in a locationneartheoccupiedlocation).Thisgaveus
a9� 9 costmatrixwith 32non-zeroentries. For theseex-
perimentswe settheclique lossmatricesequalto thecost
matrices:lc(yc; ỹc) = Costc(yc; ỹc).

Determiningtheappropriatevalueof g is a dif�cult prob-
lem. Intuitively, if wesetg toohighthentheclassi�erswill
tendto labelall nodeswith a low light valuesincethecost
associatedwith occupantdiscomfortis too high. During
ourexperimentsthisphenomenonoccurredatg= 2. Onthe
otherhand,if we setg too low (= 0:2) thentheclassi�ers
tendto labelall nodeswith a high light valuebecausethe
costof turning“on” thelampat somelocationis too high.
We demonstratetheperformanceof thevariousclassi�ers
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LOGREG, MN andCSMNat threedifferentsettingsof g
(Figure3). As Figure3 shows,CSMNproducesthelowest
averagemisclassi�cationcosts.At g = 1, CSMNachieved
a 30.15%reductionin averagemisclassi�cationcostsover
LOGREGanda 9.94%reductionin averagemisclassi�ca-
tion costsoverMN.

7. Conclusion

In this paper, we have formulatedthe cost-sensitive clas-
si�cation problemfor structureddata. Using a seriesof
motivating examples,we showed that in structuredclas-
si�cation the misclassi�cationcostsalsotendto be struc-
tured. Existing unstructuredIID cost-sensitive classi�ca-
tion methodsdo not provide a natural meansto handle
structuredcost functions. We proposeda baselinebased
on existing 0/1 lossstructuredclassi�erswhich minimizes
the expectedcostof misclassi�cation. We alsoproposed
a novel classi�er which doesnot explicitly dependon the
accurateestimationof classconditionalprobabilities. We
comparedtheperformanceof variouscost-sensitive classi-
�ers on syntheticandreal-world datato show thatthepro-
posedclassi�er can lead to signi�cant reductionsin mis-
classi�cationcosts.
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