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ABSTRACT

Classmembershiprobabilityestimatesreimportantfor mary ap-

plicationsof datamining in which classificationoutputsarecom-

binedwith othersourcesf informationfor decision-makingsuch
asexample-dependemhisclassificatiorcosts,the outputsof other
classifiers,or domainknowledge. Previous calibration methods
apply only to two-classproblems. Here, we shav how to obtain
accurateprobability estimategor multiclassproblemsby combin-
ing calibratedbinary probability estimatesWe alsoproposea new

methodfor obtainingcalibratedwo-clasgprobabilityestimateshat
canbe appliedto ary classifierthat producesa ranking of exam-

ples.Usingnaive Bayesandsupportvectormachineclassifierswe

give experimentatesultsfrom a varietyof two-classandmulticlass
domains,including direct marketing, text cateorizationanddigit

recognition.

1. INTRODUCTION

Mostsupervisedearningmethodroduceclassifierghatoutput
scoress(x) which canbe usedto rank the examplesin the testset
from the mostprobablememberto the leastprobablememberof
aclassc. Thatis, for two examplesx andy, if s(x) < s(y) than
P(c|x) < P(cly).

However, in mary applicationsarankingof examplesaccording
to classmembershiprobabilityis not enough.Whatis neededs
an accurateestimateof the probability that eachtestexampleis a
memberof the classof interest.

Probabilityestimatesareimportantwhenthe classificationout-
putsarenotusedn isolationbut arecombinedwith othersourceof
informationfor decision-makingsuchasexample-dependemhis-
classificationcosts[25] or the outputsof anotherclassifier For
example,in handwrittencharacterecognitionthe outputsfrom the
classifierareusedasinput to a high-level systemwhich incorpo-
ratesdomaininformation,suchasalanguagenodel.

Currentmethodsfor transformingranking scoresinto accurate
probability estimatesapply only to two-classproblems.Here,we
proposea methodfor obtainingaccuratemulticlassprobability es-
timatesfrom rankingscoreswe decomposghemulticlassproblem
into a seriesof binary problems learna classifierfor eachone of
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them, calibratethe scoresfrom eachclassifier and combinethem
to obtainmulticlassprobabilities.

We alsopresenia newv methodfor obtainingaccurategwo-class
probability estimateghatcanbe appliedto ary classifierthatpro-
ducesa rankingof examples.Besidesbeingfastandvery simple
to understandndimplement,our methodproducegprobability es-
timatesthatarecomparabléo or betterthanthe onesproducedoy
othermethods.

In Section2, we review the notion of calibrationof probabil-
ity estimatesindshaw thatalthoughthe scoreproducedby naive
Bayesand supportvectormachine(SVM) classifiersendto rank
exampleswell, they arenotwell-calibrated In Section3, we review
previous methodgor mappingtwo-classscoresnto probabilityes-
timates,explain their shortcomingsand presentour nev method.
In Sectiord we discusshow to combinecalibratedwo-classprob-
ability estimatesnto calibratedmulticlassprobabilityestimatesin
Section5 we presenfan experimentalkevaluationof thesemethods
appliedto nave Bayesand SVM scoresin a variety of domains.
Finally, in Section6 we summarizehe contrikutionsof this paper
andsuggestirectionsfor futurework.

2. THE CALIBRATION OF NAIVE BAYES
AND SVM SCORES

Assumethatwe have a classifierthatfor eachexamplex outputs
a scores(x) between0 and 1. This classifieris saidto be well-
calibratedf theempiricalclassmembershigprobability P(c|s(x) =
s) corvergesto the scorevalues(x) = s, asthe numberof exam-
plesclassifiedgoesto infinity [17]. Intuitively, if we considerall
the examplesto which a classifierassignsa scores(x) = 0.8, then
80% of theseexamplesshouldbe membersof the classin ques-
tion. Calibrationis importantif we wantthe scoresto be directly
interpretableasthe chance®f membershipn theclass.

Naive Bayesianclassifiersassignto eachtestexamplea score
between0 and 1 that can be interpreted,in principle, as a class
membershipprobability estimate.However, it is well knowvn that
thesescoresarenotwell-calibrated9].

Naive Bayesis basedon the assumptiorthat the attributes of
examplesareindependengiventhe classof theexamples Because
attributestendto becorrelatedn realdata,thescoress(x) produced
by naive Bayesaretypically too extreme:for mostx, eithers(x) is
nearO andthens(x) < P(c|x) or s(x) is nearl andthens(x) >
P(c|x). However, naive Bayesiarclassifiergendto rankexamples
well: if s(x) < s(y) thenP(c|x) < P(cly).

The calibrationof a classifiercanbe visualizedthrougha reli-
ability diagram[7]. In the casewherethereis a small numberof
possiblescorevalues for eachscorevalues, we computegheempir
ical probability P(c|s(x) = s): the numberof exampleswith score
s that belongto classc divided by the total numberof examples
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Figure 1: Reliability diagramsfor NB. The numbersindicate how many examplesfall into eachbin (testset).
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Figure 2: Reliability diagramsfor SVM. The numbersindicate how many examplesfall into eachbin (testset).

with scores. Wethenplot sversusP(c|s(x) = s). If theclassifieris
well-calibratedall pointsfall into thex =y line, indicatingthatthe
scoresareequalto theempiricalprobability

However, in practicalsituations,the numberof possiblescores
is large comparedo the numberof availabletestexamples,sowe
cannotcalculatereliable empirical probabilitiesfor eachpossible
scorevalue. In this case,we canresortto discretizingthe score
space. But becausehe scoresare not uniformly distributed, we
haveto carefullychooséin sizessothatthereareenoughexamples
to calculatereliableempiricalprobability estimategor eachbin.

In Figure 1 we shaw reliability diagramsfor two well-known
datasets:Adult and TIC (seeSection5 for informationon these
datasets)wherethe scorespacehasbeendiscretizedinto bins of
size 0.1 and0.15, respectiely. As we canseein the graphs,al-
thoughtendingto vary monotonicallywith the empiricalprobabil-
ity, naive Bayesscoresarenot well-calibratedbecausenary of the
pointsdo notfall into thex =y line.

For eachtestexamplex, an SVM classifieroutputsa scorethat
is thedistanceof x to thehyperplandearnedor separatingositve
examplesrom negative examples.Thesignof thescoreindicatesf
theexampleis classifiedaspositive or negative. The magnitudeof
thescorecanbetakenasa measuref confidencen theprediction,
sinceexamplesfar from the separatindghyperplanerepresumably
morelikely to be classifiedcorrectly

Althoughtherangeof SVM scoress [—a, a] (wherea depends
on the problem),we canmapthe scoresnto the [0, 1] intenal by
re-scalingthem. If f(x) is theoriginal score then s(x) = (f(x) +
a)/2a is are-scaledscorebetweer0 and1, suchthatif f(x) >0
thens(x) > 0.5 andif f(x) < 0thens(x) < 0.5. However, these
scorestendto not be well-calibratedsincethe distancefrom the
separatindnyperplands not exactly proportionatto the chanceof
membershipn theclass.

In Figure2 we shaw reliability diagramdor re-scaled5VM scores
usingthe Adult and TIC datasetswherethe scorespacesaredis-

cretizedinto bins of size0.08and0.15, respectrely. We seethat
SVM scoresrary monotonicallywith theempiricalprobability but
arenotwell-calibrated.

3. MAPPING SCORESINTO
PROBABILITY ESTIMATES

Supposeave have a setof examplesfor which we know thetrue
labels. In this casewe can assumethat P(c|x) = 1 for positve
examplesand P(c|x) = 0 for negative examples. If we apply the
classifierto thoseexamplesto obtainscoress(x), we canlearna
function mappingscoress(x) into probability estimates®(c|x). If
the learningmethoddoesnot overfit the training data,we canuse
the samedatato learnthis function. Otherwise we needto break
the training datainto two sets: onefor learningthe classifierand
theotherfor learningthe mappingfunction.

In ary casewe needa regularizationcriterionto avoid learning
amappingfunctionthatdoesnot generalizevell to nev data.One
possibleregularizationcriteriais to imposea particularparametric
shapédor thefunctionandusetheavailabledatato learnparameters
suchthatthefunctionfits well thedataaccordingo somemeasure.

Theparametri@pproactproposedy Platt[18] for SVM scores
consistdan finding the parameterg\ and B for a sigmoidfunction

of theform P(c|X) = 1 i=s Mappingthescoress(x) into proba-

bility estimated>(c|x), suchthatthe negative log-likelihoodof the
datais minimized.

This methodis motivated by the fact that the relationshipbe-
tweenSVM scoresandthe empirical probabilitiesP(c|x) appears
to be sigmoidalfor mary datasets.This is the casefor the Adult
datasetascanbeseenin Figure3, wherewe shav thelearnedsig-
moid usingthetrainingdataandthe empiricalprobabilitiesfor the
testdata,for Adult andTIC. Platthasshavn empirically thatthis
methodyields probability estimateghat areat leastasaccurateas
onesobtainedby trainingan SVM specificallyfor producingaccu-
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Figure 3: Mapping SVM scoresinto probability estimatesusing a sig-
moid function.
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Figure 4: Mapping NB scoresinto probability estimatesusing a sig-
moid function.

rateclassmembershigrobability estimateswhile beingfaster

The samemethodcanbe appliedto naive Bayes.This waspro-
posedby Bennett[4] for the ReutersdatasetIn Figure4 we shav
the sigmoidalfit to the naive Bayesscoresfor the Adult and TIC
datasets.The sigmoidalshapedoesnot appeatrto fit nave Bayes
scoresaswell asit fits SVM scoresfor thesedatasets.

If the shapeof the mappingfunctionis unknawvn, we canresort
to a non-parametrienethodsuchasbinning [24]. In binning, the
trainingexamplesaresortedaccordingo theirscoresandthesorted
setis dividedinto b subset®f equalsize,calledbins. For eachbin
we computelower and upperboundarys(-) scores. Given a test
examplex, we placeit in a bin accordingto its scores(x). We then
estimatethe correctedprobability that x belongsto classc asthe
fractionof trainingexamplesin thebin thatactuallybelongto c.

A difficulty of the binningmethodis thatwe have to choosethe
numberof binsby cross-alidation.If thedatasets small,or highly
unbalancedcross-alidationis not likely to indicatethe optimal
numberof bins. Also, the sizeof the binsis fixed andthe position
of the boundariess choserarbitrarily. If the boundariesaresuch
thatwe averagetogetherthe labelsof examplesthatclearly should
have differentprobabilityestimatesthebinningmethodwill fail to
produceaccurateprobability estimates.

We proposenereanintermediaryapproactbetweersigmoidfit-
ting and binning: isotonicregression[22]. Isotonicregressionis
a non-parametri¢orm of regressionin which we assumehatthe
functionis choserfrom theclassof all isotonic(i.e. non-decreasing)
functions.

If we assumethat the classifierranks examplescorrectly the
mappingfrom scoresinto probabilitiesis non-decreasinggndwe
can useisotonic regressionto learnthis mapping. A commonly
usedalgorithmfor computingheisotonicregressions pair-adjacent
violators(PAV) [2]. Thisalgorithmfindsthestepwise-constargo-
tonic function that bestfits the dataaccordingto a mean-squared
errorcriterion.

PAV works asfollows. Let {x}N , be the training examples,
g(x) be the value of the functionto be learnedfor eachtraining
examplex;, andg* betheisotonicregression.If g is alreadyiso-
tonic, thenwe returng* = g. Otherwise theremustbe a subscript
i suchthatg(xi—1) < g(x). The examplesx_; andx; arecalled
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Figure 5: Using the PAV algorithm to map naive Bayes and SVM
scoresinto probability estimates.

pair-adjacentviolators, becausehey violate the isotonicassump-
tion. The valuesof g(x_1) andg(x;) arethenreplacedby their
average sothatthe exampless_1 andx; nowv complywith theiso-
tonic assumption.If this new setof n— 1 valuesis isotonic,then
9" (Xi-1) = 9" (%) = (9(%i-1+9(%))/2, andg" (x;) = g(x;) other
wise. Thisprocesss repeatedisingthenew valuesuntil anisotonic
setof valuesis obtained. The computationatompleity of thisal-
gorithmis O(n). An implementatiorof PAV in MATLAB is made
availableby Lutz Dumbgen10].

Whenwe applythis algorithmto the problemof mappingscores
into probability estimatesyve first sort the examplesaccordingto
theirscoresandlet g(x; ) be0if x; is negative, and1 if x; is positive.
If the scoresankthe examplesperfectly thenall negative x; come
beforethe positive x; andthe valuesof g are not changed. The
new probabilityestimateg® is O for all negative examplesand1 for
all positive examples.On the otherhand,if the scoresdo not give
ary informationaboutthe orderingof the examples,g* will be a
constanfunctionwhosevalueis the averageof all valuesof g(x;),
whichis thebaserateof positive examples.

In thegenerakasePAV will averageoutmoreexamplesn parts
of the scorespacewherethe classifierranksexamplesincorrectly
andlessexamplesin partsof the spacewherethe classifierranks
themcorrectly We canview PAV asa binning algorithmwhere
the positionof the boundariesandthe size of the binsarechosen
accordingo how well theclassifierankstheexamples.

PAV returnsa setof intenals andan estimateg(i) for eachin-
tenal i, suchthatg*(i+ 1) > g*(i). To obtainan estimatefor a
testexamplex, we find theinterval i for which s(x) is betweerthe
lowest and highestscoresin the interval and assigng*(i) asthe
probability estimateor x.

In Figure 5, we shaw the resultof applying PAV to the Adult
datasetfor bothnaive BayesandSVM. Theline shavsthefunction
thatwaslearnedbnthetrainingdata,while thestarsshav empirical
probabilitiesfor thetestdata.

4. MULTICLASS PROBABILITY ESTIMATES

The notion of calibrationintroducedin Section2 canbe read-
ily appliedto multiclassprobability estimates.Supposeve have
a multiclassclassifierthat output scoress(c;|x) for eachclassc;
andeachexamplex. The classifieris well-calibratedif, for each
classci, theempiricalprobability P(c;|S(ci|x) = S) corvergesto the
scorevalues(ci|x) = s, asthe numberof examplesclassifiedgoes
to infinity.

However, the calibrationmethodsdiscussedn Section3 were
designedxclusively for two-classproblems.Mappingscoresnto
probability estimatesvorks well in the two-classcasebecauseve
aremappingbetweernne-dimensionaspaces|n this setting,it is
easyto imposesensiblerestrictionson the shapeof the function
beinglearnedasit is donewith the sigmoidalshapeor the mono-
tonicity requirements.



In the generalmulticlasscase,the mappingwould have to be
from (k—1)-dimensionaspacedo anothek— 1)-dimensionabpace.
In this casejt is not clearwhich functionshapeshouldbeimposed
to the mappingfunction. Furthermorebecausef the curseof di-
mensionality non-parametrienethodsare not likely to yield ac-
curateprobabilitieswhenthe numberof classegyrows. For these
reasonswe donotattempto directly calibratemulticlassprobabil-
ity estimates.Insteadwe first reducethe multiclassprobleminto
a numberof binary classificatiorproblems.Thenwe learna clas-
sifier for eachbinary problems andcalibratethe scoresrom each
classifier Finally, we combinethe binary probability estimateso
obtainmulticlassprobabilities.

Two well-known approachesor reducinga multiclassproblem
to a setof binary problemsare knovn asone-against-alandall-
pairs. In one-against-allye train a classifierfor eachclassusing
aspositivestheexamplesthatbelongto thatclass,andasnegatives
all otherexamples.In all-pairs,we train a classifierffor eachpossi-
ble pair of classesgnoring the examplesthatdo not belongto the
classesn question.

Allweinetal. [1] represenary possibledecompositioof amul-
ticlassprobleminto binary problemsby usinga codematrix M €
{-1,0, +1}kx' , wherek is thenumberof classesndl is thenum-
berof binaryproblems If M(c, b) = +1 thentheexampleshelong-
ing to classc areconsideredo be positive examplesfor the binary
classificatiorproblemb. Similarly, if M(c,b) = —1 the examples
belongingto ¢ are consideredo be negative examplesfor b. Fi-
nally, if M(c,b) = 0 the examplesbelongingto ¢ are not usedin
traininga classifierfor b.

For example,in the 3-classcasetheall-pairscodematrix is

| bt by b
c | +1 +1 0
c | -1 0 +1

C3 0o -1 -1

Thesecodematricesarea generalizatiorof the errorcorrecting
outputcoding (ECOC)schemd8]. The differenceis that ECOC
doesnotallow zerosin the codematrix, meaninghatall examples

areusedin eachbinaryclassificatiorproblem.
For an arbitrary codematrix M, we have an estimaterp(x) for
eachcolumnb of M, suchthat

Z(:el P(C‘X)
YeetuaP(clx)

() =P(\/cl \ ¢ x)=
cel  celud

wherel andJ are the setof classesfor which M(-,b) = 1 and
M(:,b) = —1, respectiely. We would like to obtaina setof prob-
abilities P(c|x) for eachexamplex compatiblewith the rp(x) and
subjectto 3; P(ci|x) = 1. Becauseaherearek— 1 free parameters
and| constraints,and we generallyconsidermatricesfor which
| > k—1, thisis anover-constrainegroblemfor which thereis no
exactsolution.

Two approachebave beenproposedor finding anapproximate
solutionfor this problem. Thefirst is a least-squaresiethodwith
non-n@atvity constraintproposedy Kong and Dietterich[15].
They have proposedhis methodfor the original ECOC matrices,
but it caneasilybe appliedto arbitrary matrices. They testit on
binary probability estimategrom decisiontreesclassifierdearned
using C4.5, which are knawn not to be well-calibrated[25, 19].
Using syntheticdata,they shaw that this methodproducesetter
estimateshanmulticlassC4.5.

Thealternatve methodis calledcoupling,aniterative algorithm
thatfindsthebestapproximatesolutionminimizinglog-lossinstead
of squarecerror[23]. Thismethodwasproposedisanextensionto
the pairwisecouplingmethod[14], which only appliesto all-pairs

MSE Profit
Method Training Test Training | Test
NB 0.10089| 0.10111(] $10083 | $9531
SigmoidNB || 0.09542 | 0.09533| $14134 | $14120
PAV NB 0.09522| 0.09528(| $15685 | $14447

Table 1: MSE and profit on the KDD-98 dataset

matrices.Thealgorithmwastestedusingboostechaive Bayeg11]
asthe binarylearner whosescoregendto be evenlesscalibrated
thannaive Bayesscoresecausehey aremoreextreme.

It is anopenquestiorwhichof thetwo existingmethodgor com-
bining binary probability estimateyieldsthe mostaccuratemulti-
classprobabilityestimatesA desirablepropertyfor suchamethod
is thatthe bettercalibratedthe binary estimatesre, the bettercal-
ibratedthe multiclassestimateshouldbe. In the next section,we
compareghesemethodsexperimentallyon two multiclassdatasets.

5. EXPERIMENTAL EVALUATION

Here we presentresultsof the applicationof the methodsdis-
cussedn the previous sectionsto a variety of datasets.Sincethe
methodausedfor learningthe classifiersdo not overfit the training
datafor thesedatasetsin all experimentsve usethe samedatafor
learningboththe classifierandthe calibrationfunctions.

As the primary metric for assessinghe accurag of probability
estimateswe usethe meansquarederror (MSE), also known as
the Brier score[6]. For oneexamplex, the squarederror (SE) is
definedasy (T (c|x) — P(c|x))? whereP(c|x) is the probabilityes-
timatedfor examplex andclassc andT (c|x) is definecto be1 if the
actuallabelof x is c and0 otherwise We calculatethe SEfor each
examplein thetrainingandtestsetsto obtainthe MSE for eachset.

DeGrootandFienbeg [7] shav thatthe MSE canbe separated
into two componentsonemeasuringalibrationandtheothermea-
suringrefinement.If the classifieris well-calibratedthe first com-
ponentis zero. For two classifiersghatarewell-calibratedthe one
for which the probability estimatesP(c|x) arecloserto 0 or 1 is
saidto bemorerefined,becausé malespredictionshataremore
confident.If thetwo classifiersaarewell-calibratedtheonewith the
lowestMSE is morerefined,andthus,preferable.

Although MSE canbe appliedin general,it is moresensibleto
evaluatethe quality of probability estimatesn practicalsituations
usinga domain-specifienetric. For example,in directmailing, we
shouldevaluatehow goodtheprobabilityestimatesreby the profit
obtainedwhenwe mail peopleaccordingto a policy thatusesthe
estimatesMSE tendsto becorrelatedvith profit [24], sowhenwe
do not have domain-specifiégnformationto calculateprofit we can
useMSE to evaluateour methods.

5.1 Two-classproblems

Thefirst datasetve useis theKDD-98 datasetwhichis available
in the UCI KDD repository[3]. The datasetontainsinformation
aboutpersonsvho have madedonationsto a certaincharity The
decision-makingaskis to choosewhich donorsto requesta new
donationfrom. Thedatais dividedin astandardvay into atraining
andatestset. Thetrainingsetconsistsof 95412recordsfor which
it is known whetheror not the personmadea donationand how
much the persondonated,if a donationwas made. The testset
consistf 96367recordsfrom the samedonationcampaign.Our
choiceof attributesis fixed andbasednformally on the KDD-99
winning submissiorof [13].

Theoptimalmailing policy is to solicit peoplefor whomthe ex-
pectedreturnP(donationx)y(x) is greaterthanthe costof mailing
asolicitation,wherey(x) is the estimatedionationamount. Since
this paperis not concernedvith donationamountestimation,we



Method | Training [ Test |

NB 0.12845]| 0.13551
SigmoidNB 0.10536| 0.10905
PAV naveBayes| 0.10315| 0.10818
SVM 0.11942| 0.11889
SigmoidSVM 0.11080| 0.11122
PAV SVM 0.10974| 0.11200

Table 2: MSE onthe TIC dataset

usefixedvaluesfor y(x) obtainedusinglinearregressior{24].

We usenaie Bayesto estimateP(donationx) andapply each
of the calibrationmethodsdiscussedn Section3. Table1 shaws
MSE andprofitsfor theraw naive Bayesscoresandthe calibrated
scoresobtainedusingsigmoidfitting andPAV. As expected MSE
andprofit aresignificantlyimprovedby calibration.Although PAV
overfits slightly the training data,it performsbetterthansigmoid
fitting. We alsocomparedPAV to binning with bin sizesvarying
from 5 to 50. Althoughwe did not have to setary parametergor
the PAV method,it performedcomparablyto the bestparameter
settingfor binning.

The next datasetve useis TheInsuranceCompany Benchmark
(TIC), alsoknown asthe COIL 2000datasetwhichis availablein
the UCI KDD repository[3]. The decision-makingaskis anal-
ogousto the KDD-98 task: decidingwhich customerdo offer a
caravaninsuranceolicy. This datasets alsodividedin a standard
way into atraining set(5822examples)anda testset(4000exam-
ples). We usethe sameattributesasusedfor the winning entry of
the COIL 2000challengg12].

Usingthetrainingset,welearnamodelfor theprobabilitythata
customehasacquiredacaravaninsuranceolicy. Giventhecostof
mailing an offer andthebenefitof sellinga policy (which depends
on the customer)we could usethe probability that the customer
will buy apolicy to choosewnhich customers$o mail anoffer. How-
ever, sincecost/benefitnformationis not availablefor this dataset,
we cannotactuallymale the decisiongo reportprofits. So,we just
reportthe MSE for the differentmethods.We appliedboth naive
BayesandalinearkernelSVM to this datasefwe usedthe SvmFu
packagd21] withC = 1).

We shaw the MSE resultsfor the rav naive Bayesand SVM
scoresandeachcalibrationmethodin Table2. In orderto obtain
an MSE for SVM scores,we first re-scalethem as explainedin
Section2. Again, by usingeachof the correctionmethodswe are
ableto greatlyimprove theMSE for naive Bayes put PAV performs
slightly betterthan sigmoidfitting. The MSE for SVM scoresis
also reducedby the calibrationmethods. However, in this case
sigmoidfitting is best.We alsocomparedPAV to binningwith bin
sizesvaryingfrom 5 to 50 andfoundthat PAV doesslightly worse
thanbinningwith the optimalnumberof bins.

We alsoappliedeachmethodto the Adult datasetwhichis avail-
ablein theUCI ML Repository5]. Thepredictiontaskis to deter
minewhetherapersormalesover $50K ayear givendemographic
informationabouttheperson.This datasets alsodividedin a stan-
dardwayinto atrainingset(32561examplesyandatestset(16281
examples). We apply both naive Bayesand SVM to this dataset,
with no featureselection.For learningthe SVM classifier we use
the SvmFupackagg21] and,asdoneby Platt[18], usea linear
kernelSVM (C = 0.01) with discretizedeatures.

Table 3 shavs MSE anderror ratesfor this dataset. The error
rateis calculatecby classifyingx aspositive if P(c|x) > 0.5, where
belongingto c indicateshatx hasincomegreateithan$50K. Note
thatby calibratingthe naive Bayesscoreswe reducetheerrorrate.
This happendecause.5 is not asgood a thresholdfor the raw
scoresasit is for the calibratedscores.However, with SVM the

MSE Error Rate
Method Training| Test [ Training| Test
NB 0.25112| 0.25198(| 0.17100| 0.17321
SigmoidNB 0.21530| 0.21515|| 0.15270| 0.15190
PAV NB 0.20312| 0.20452(| 0.14665| 0.14831
SVM 0.28719| 0.28684( 0.15190| 0.14968
SigmoidSVM || 0.20980| 0.20962| 0.15156| 0.14993
PAV SVM 0.20815| 0.20924| 0.15115| 0.15113

Table 3: MSE and error rate on the Adult dataset.

errorrateis slightly increasedvhenwe applythe correctionmeth-
ods. This indicateghatalthoughthe SVM scoresareuncalibrated,
the thresholdusedfor classifications optimal. Whenthe calibra-
tion methodsare used,the error rateis increasedecausehe re-
finementof the classifieris slightly reduced.

Surprisingly even thoughthe shapeof the function mapping
SVM scorego empiricalprobabilityestimateiasa distinctive sig-
moidal shape(Figure 3), the PAV methodperformsslightly better
thanthe sigmoidfitting method.

We alsocomparedPAV to binningwith bin sizesvaryingfrom 5
to 50 for bothnaive BayesandSVM, andfoundthatbinningis al-
waysworsethanPAV. This indicateghat,for this datasetby using
afixednumberof examplesperbin we cannotaccuratelymodelthe
mappingfrom SVM andnaive Bayesscoresnto calibratedproba-
bility estimates.

5.2 Multiclass problems

The first multiclassdatasetwe consideris Pendigits,available
in the UCI ML Repository[5]. It consistsof 7494training exam-
plesand3498testexamplesof pen-writtendigits (10 classes)The
digits arerepresentedsvectorsof 16 attributeswhich areintegers
rangingfrom 0 to 100.

For theseexperimentsye usea one-against-attodematrix. We
usebothnaive Bayesandboostedchave Bayesasthe binarylearn-
ers,and apply PAV to calibratethe scores. As we mentionedin
Section4 therearetwo methodsfor combiningbinary probability
estimatednto multiclassprobability estimatesfor arbitrary code
matrices:least-squareandcoupling.For one-against-alhowever,
thereis anothemossiblemethod: normalization. Becausen this
caseeachbinary classifieri outputsan estimateof P(c;|x), we can
simply normalizetheseestimateso make themsumto 1.

Table 4 shavs MSE and error rate whenwe apply eachof the
methodsto nave Bayes,PAV naive Bayes,boostednave Bayes
andPAV boostedhaive Bayes. Whenwe calibratethe probability
estimatesdeforecombiningthemusingary of the methods both
the MSE andtheerrorratearelowerthanwhenwe useraw scores.
However, it is not clearwhich of the methodsfor combiningthe
binary estimatess to be preferred.Whenthe calibratedestimates
areusedit malkeslessdifferencewhich methodis used. For this
reasonywerecommendisingsimplenormalizatiorfor one-against-
all, whichis thesimplestmethod.

The secondmulticlassdatasetve useis 20 Newsgroupswhich
wascollectedandoriginally usedby Lang[16]. It containsl9,997
text document®venly distributedacros20 classesBecausghere
is nostandardraining/tessplit for this datasetywe randomlyselect
80% of documentger classfor trainingand20% for testing. We
conductexperimentson 10 training/testsplitsandreportmeanand
standardieviation.

Previous research20] found that one-against-alperformedas
well asothercodematricedor this datasein termsof errorrate,so
we againrestrictour experimentso one-against-allWe calibrate
the nave Bayesscoresusing PAV, andapply eachof the methods
for obtainingmulticlassprobability estimate$o boththeraw nave



Method

| MSE [ ErrorRate|

NB Normalization 0.0326( 0.1672
NB Least-Squares 0.0319( 0.1672
NB Coupling 0.0304| 0.1715
PAV NB Normalization | 0.0241| 0.1498
PAV NB Least-Squares | 0.0260| 0.1498
PAV NB Coupling 0.0260| 0.1512
BNB Normalization 0.0163| 0.0963
BNB Least-Squares 0.0164| 0.0958
BNB Coupling 0.0160| 0.1023
PAV BNB Normalization| 0.0150| 0.0946
PAV BNB Least-Squares 0.0150| 0.0946
PAV BNB Coupling 0.0149| 0.0935

Table 4: MSE and error rate on Pendigits (test set)

Bayesscoresandthe PAV scores.Table5 shavs MSE anderror
ratesfor eachmethod. We seethat by applying PAV to the bi-
nary naive Bayesscoreswe cansignificantlyreducethe MSE and
slightly improve the errorrate. The lowestMSE is achiezed when
we first calibratethe scoresusingPAV andthenusenormalization
to obtainmulticlassprobabilityestimates.

6. CONCLUSIONS

We have presentedimpleandgeneraimethod<or obtainingac-
curateclassmembershipprobability estimatesfor two-classand
multiclassproblems,using binary classifiersthat output ranking
scores. We have demonstrate@xperimentallythat our methods
work well on a variety of data-miningdomainsand for different
classifiedearningmethods.

Fortwo-clasgroblemswerecommendisingthe PAV algorithm
to learnamappingfrom rankingscorego calibratedorobabilityes-
timates.For multiclassproblemswefirst separatéhe probleminto
anumberof binaryproblemscalibratethescoredrom eachbinary
classifierusingPAV andcombinethemto obtain multiclassprob-
abilities. We shav experimentallythat by calibratingthe binary
scoreswe canimprove substantiallythe calibrationof the multi-
classprobabilitiesobtainedusingone-against-althe simplestway
of breakinga multiclassprobleminto binaryproblems.

For mary domainshaowever, usingmoresophisticated¢odema-
tricescanyield betterresults atleastin termsof errorrate[1]. Al-
thoughwe only conductedexperimentsusing one-against-allpur
methodis applicableto arbitrarycodematrices.More experiments
arenecessaryo determinethe bestmethodfor combiningthe bi-
nary probability estimatesn the generalcase.Oneopenquestion
for futureresearctis how to designanoptimalcodematrix for ob-
tainingaccuratelassmembershigrobability estimates.
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