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Abstract

Accurate, well-calibrated estimates of class
membershipprobabilities are neededin mary
supervisedlearning applications, in particular
when a cost-sensitie decision must be made
aboutexampleswith example-dependertosts.
This paperpresentsimple but successfumeth-
odsfor obtainingcalibratedorobabilityestimates
from decisiontree and nave Bayesianclassi-
fiers. Usingthe large and challengingkDD’98
contestdatasetas a testbed,we report the re-
sults of a detailedexperimentalcomparisonof
ten methods,accordingto four evaluationmea-
sures. We concludethat binning succeedsn
significantlyimproving naive Bayesiamrobabil-
ity estimateswhile for improving decisiontree
probability estimateswe recommendémoothing
by m-estimationand a new variantof pruning
thatwe call curtailment.

1. Intr oduction

In mary supervisedearningapplicationsijt is not enough
simplyto predictfor eachtestexamplewhich classis most
likely for the example. What is needednsteadis, for a
givenclassarankingof all theexamplesn thetestsetfrom

the most probablememberto the leastprobablemember
Any scorethatis an increasingor decreasindunction of

classmembershiprobabilityis sufficient to inducea cor-

rectrankingof examples. However in someapplications,
evena completerankingof examplesis not enough.What
is neededn additionis anaccuratecorrectlycalibratedes-
timate of the true probability that eachtestexampleis a

memberof the classof interest.

Calibratedprobability estimatesare neededin particular
when a cost-sensitie decisionmust be madeabouteach
example,andthe costsassociatedvith differentexamples
aredifferent.For example supposehatthecostof request-
ing a charitabledonationfrom anindividual z is $0.68,and
thatthe bestestimateof the amountthat z will donate,if

he or shedoesmake a donation,is y(z). In this casethe

optimal decision-makingpolicy is to solicit z if andonly
if P(donatéxr)y(x) > 0.68, whereP(donatéz) is the esti-
matedprobabilitythatz will donatej.e.thatz isamember
of theclassof donors.

For eachexamplex, we needto know how P(donatéz)
comparesto the threshold 0.68/y(x). This decision-
making thresholdis differentfor eachz, soit is vital to
estimatethe true probability P(donatézr) asaccuratelyas
possiblefor eachz. Simply knowing that one personis
morelikely to donatethananotheris not enoughbecause
thesecongersomaydonatealargeramounthanthefirst,
if he or shedoesmale a donation. Knowing a numerical
scores(z) = f(P(donatér)) without knowing the trans-
formationfunction f is not enoughbecausd.68/y(x) is
the correctthresholdfor makingdecisiononly if f is the
identity function.

This paperpresentsimplebut successfumethodsfor ob-
taining calibratedprobability estimatedrom decisiontree
and naive Bayesclassifiers. Insteadof doing an experi-
mentalcomparisorof the methodson mary datasetghat
arerelatively smallandeasyto achieve goodperformance
on, we preferto do a detailedinvestigationusingmultiple
performancemetricson onelarge datasethatis known to
bechallenging.Thisdatasets the onefirst usedin thedata
mining contestassociatedvith the 1998KDD conference.
With associatedlocumentationit is now availablein the
UCI KDD repository(Bay, 2000). It is the only publicly
availabledataseknown to usfor whichreal-world misclas-
sificationcostinformationis available. It is alsothe only
public datasefor which example-specificostinformation
is available.

The KDD’'98 datasetcontainsinformation aboutpersons
who have madedonationsin the pastto a certainchar

ity. Thedecision-makingaskis the oneoutlinedabove, to

choosewhich pastdonorsto request new donationfrom,

This task is completelyanalogousto typical one-to-one
marketing tasksfor mary other organizations both non-

profit andfor-profit (Mozeretal., 2000; Piatetsk-Shapiro
& Masand;1999),soourconclusiongaredirectly usefulfor

real-world applications.



2. Methods

This sectionexplainsour methodsor obtainingcalibrated
probabilityestimate$rom decisiontreeandnaive Bayesian
classifiersWe first explainthedeficiencieghatcausestan-
dard decisiontree methodsnot to give accurateprobabil-
ity estimatesandthenwe explain how to overcomethese
limitations. A final subsectiorpresentsa simple method
for obtainingcalibratedprobabilitiesrom anaive Bayesian
classifier

2.1 Deficienciesof decisiontr eemethods

Throughoutthis paper C4.5(Quinlan,1993)is the repre-
sentatve decisiontree learningmethodused,but most of
our analysesand suggestionsapply equallyto otherdeci-
siontreemethodssuchasCART (Breimanetal., 1984).

Whenclassifyinga testexample,C4.5 and otherdecision
treemethodsassignby default the raw training frequengy
p = k/n asthe scoreof ary examplethatis assignedo
a leaf that containsk positive training examplesand n
total training examples.Thesetraining frequenciesarenot
accurateconditionalprobability estimatedor at leasttwo
reasons:

1. High bias:Decisiontreegrowing methodgry to make
leaveshomogeneousoobsenedfrequenciesresys-
tematicallyshiftedtowardszeroandone.

2. High variance: When the number of training ex-
amples associatedwith a leaf is small, obsered
frequenciesrenotstatisticallyreliable.

Pruningmethodsas surneyed by Espositoet al. (1997)

canin principle alleviate the secondoroblemby removing

leavesthat containtoo few examples. However, standard
pruning methodsare not suitablefor unbalancediatasets,
becausethey are basedon accurag maximization. On

the KDD’98 datasetC4.5 producesa prunedtree that is

a single leaf. Sincethe baserate of positive examples
P(donat¢ = P(classj = 1) is about5%, this treehas
accurag 95%, but it is uselessfor estimatingexample-
specificconditionalprobabilitiesP(j = 1|z). In general,
treesprunedwith the objective of maximizingaccuray are

notusefulfor rankingtestexamplespr for estimatingclass
membershigprobabilities.

The standardC4.5 pruning methodis not alonein being
incompatiblewith accurateprobability estimation. Quin-

lan’s latestdecisiontreelearningmethod,C5.0,andCART

alsodo pruningbasednaccurag maximization.C4.5and
C5.0have rule setgeneratorsasan alternatve to pruning,
but becausehesemethodsare basedon accurag maxi-

mization, they are also unsuitablefor probability estima-
tion. C5.0cando loss minimizationpruningwith a fixed
costmatrix, but this is not adequatavhencostsarediffer-

entfor differentexamples.

In this paperwe attemptto improve directly the accurag
of decisiontreeprobabilityestimatesOur experimentause
C4.5without pruningandwithout collapsingto obtainraw
scoresthat are correlatedwith accurateclassmembership
probabilities. The choiceto do no pruningis supportedy
the resultsof Bradfordet al. (1998), who find that per
forming no pruningandvariantsof pruningadaptedo loss
minimizationbothleadto similar performance Not using
pruningis alsosuggestedy BauerandKohavi (1999)in
their Section7.3.

Our methodsall transformthe leaf scoresof a standard
decisiontree. Completelydifferent methodshave been
suggestedbut they have major dravbacks. Smythet al.
(1995)usekerneldensityestimatorsat the leaves of a de-
cision tree. However their algorithmsare basedon C4.5
andCART with pruning,sothey areunsuitablefor highly
unbalancedlatasetsTheir experimentsuseonly synthetic
datawherebothclassesreequiprobablegr thelessprob-
able classhasbaserate 1/3. Our experimentsusean un-
balancedeal-world datasetwherethe lessprobableclass
hasbaserate about1/20. Estimatingprobabilitiesusing
bagginghasbeensuggestedy Domingos(1999), but as
pointedoutrecentlyby Margineantu(2000),bagginggives
voting estimateghat measurehe uncertaintyof the base
classificationmethodconcerningan example, not the ac-
tual class-conditiongbrobability of theexample.

2.2 Impr oving probability estimatesby smoothing

As discussedby ProvostandDomingos(2000)andothers,
oneway of improving the probability estimateggiven by

adecisiontreeis to make theseestimatesmootheri.e. to

adjustthemto belessextreme.ProvostandDomingossug-
gestusingthe Laplacecorrectionmethod.For atwo-class
problem,this methodreplaceghe conditionalprobability
estimatep = £ by X% wherek is the numberof positive

training examplesassociateavith a leaf andn is the total

numberof trainingexamplesassociatedvith theleaf.

The Laplace correction method adjusts probability esti-
matesto be closerto 1/2, which is not reasonablevhen
thetwo classesrefar from equiprobableasis the casein
mary real-world applications.In generaloneshouldcon-
siderthe overall averageprobability of the positive class,
i.e. the baserate, when smoothingprobability estimates.
Froma Bayesiarperspectie, a conditionalprobability es-
timateshouldbe smoothedowardsthe correspondingin-
conditionalprobability.

We replacethe probabilityestimatep = £ by p' = ktbm
whereb is the baserate and m is a parameteithat con-
trols how much scoresare shifted towardsthe baserate.
This smoothingmethodis called m-estimation(Cestnik,
1990). Previous papershave suggestedhoosingm by
cross-alidation (Cussens,1993). Given a baserate b,
we suggestusingm suchthat bm = 10 approximately
This heuristicensureghat raw probability estimateghat



arelikely to have high variance thosewith £ < 10, are
givenlow credence.Experimentsshov that the effect of
smoothingby m-estimationis qualitatvely similar for a
wide rangeof valuesof m, so, asis highly desirable the
precisevaluechoserfor m is unimportant.
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Figurel. Smoothedscoresand raw scoresfrom C4.5 without
pruningfor testexamplessortedby raw score.

Figure 1 showvs the smoothedscoreswith m = 200 of the
KDD’98 testsetexamplessortedby theirraw scoreggiven
by C4.5without pruning.As expected smoothingshiftsall
scoregowardsthe baserateof approximately0.05,which
is desirablggiventhat C4.5scoredendto beoverestimates
or underestimatesihile raw C4.5scoregangefrom 0 to
1, smoothedscoregangefrom 0.0224to0 0.1018.

2.3 Curtailment

As discussebore, without pruningdecisiontreelearning
methodgendto overfit trainingdataandto creatdeavesin
which the numberof examplesis too smallto inducecon-
ditional probability estimateghat are statisticallyreliable.
Smoothingattemptsto correcttheseestimatesdy shifting
themtowardsthe overall averageprobability, i.e. the base
rateb. However, if theparentof asmallleaf,i.e.aleafwith
few trainingexamplescontaineenoughexampledo induce
a statisticallyreliable probability estimate thenassigning
this estimateto a testexampleassociatedvith the small
leaf maybe moreaccurateghenassigningt a combination
of thebaserateandtheobsenedleaffrequeng, asdoneby
smoothing. If the parentof a smallleaf still containstoo
few exampleswe canusethe scoreof the grandparenof
theleaf, andsoon until theroot of thetreeis reached At
theroot, of course the obsenedfrequeny is the training
setbaserate.

We call this methodof improving conditionalprobability
estimatesurtailment becausavhenclassifyingan exam-

ple,we stopsearchinghedecisiontreeassoonaswe reach
anodethathaslessthanv exampleswherev is aparameter
of the method.The scoreof the parentof this nodeis then
assignedo the examplein question.As for smoothingv
canbechoserby cross-alidation,or usinga heuristicsuch
asmakingbv = 10. We choosey = 200 for all our experi-
ments.Informalexperimentshow thatvaluesof v between
100and400give similarresults sothe exactsettingof v is
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Figure2. Part of the decisiontree obtainedby curtailmentwith
v = 200. Thedottednodesarepresenin the original C4.5tree,
but are effectively eliminatedfrom the curtailmenttree because
n < v. Thenodein grey is an exampleof a nodethatcansene
bothasaninternalnodeandasaleaf, becaus®neof its branches
hasbeeneliminatedfrom thetree,but notall.

By eliminating nodesthat have few training examples,
giventhe KDD’'98 training setcurtailmenteffectively cre-
atesthe decisiontreeshovn in partin Figure2. Thedis-
tinction betweerinternalnodesandleavesis blurredin this
tree,becaus@nodemayseneasaninternalnodefor some
examplesandasaleaffor othersdependingntheattribute
valuesof theexamples Curtailmenis notequialentto ary
typeof pruning,norto traditionalearly stoppingduringthe
growing of atree,becauseéhosemethodsliminateall the
childrenof a nodesimultaneouslyin contrastcurtailment
may eliminatesomechildrenand keepothers,depending
on the numberof training examplesassociatedvith each
child. Intuitively, curtailmentis preferableto pruningfor
probability estimationbecausenodesareremoved from a
decisiontreeonly if they arelikely to give unreliableprob-
ability estimates.

Curtailmentis reminiscentof methodsproposedby Bahl
etal. (1989)andBuntine(1993)to smoothdecisiontree
probabilities. To obtain smoothedprobability estimates,
thesemethodscalculatea weightedaverageof trainingfre-



guenciesat nodeson the pathfrom the root to eachleaf.
A drawbackof theseapproachess thatweightsaredeter
minedthroughcross-alidation. Sincemary weightsmust
beset,overfittingis adanger
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Figure3. Curtailmentscoresand raw scoresfrom C4.5 without
pruningfor testexamplessortedby raw score(v=200).

Figure3 shows curtailmentscoresfor the KDD'98 testset
examplessortedby theirraw C4.5scoresThejaggedines
in the chart shov that mary scoresare changedsignifi-
cantly by curtailment. Overall, the rangeof scoresis re-
ducedaswith smoothingbut notasmuch. The minimum
curtailmentscoreis 0.0045while the maximumis 0.1699.

Curtailment effectively eliminatesfrom a decision tree
nodesthat yield probability estimateghat are not statis-
tically reliablebecausehey arebasedn asmallsampleof

examples.But sinceC4.5triesto make decisiontreenodes
homogeneougvenprobabilityestimateshatarebasedn

mary training examplestendto be too high or too low.

Smoothingcan compensatdor this bias by shifting esti-
matestowardsthe overall averageprobability Therefore
we investigatethe combinationof smoothingand curtail-

ment. Specifically we applym-estimatiorto the obsenred
frequenciesoundatthe nodeschoserby curtailment.

2.4 The Kears-Mansour splitting criterion

The previous subsectiongpresentmethodsfor obtaining
moreaccuraterobabilityestimatesrom adecisiontree. A
differentsplitting criterioncouldconcevably alsoimprove
theaccurag of probabilityestimatesWhenadecisiontree
is constructedthetrainingsetis recursvely partitionednto
smallersubsetsThechoiceat eachnodeof theattributeto
beusedfor partitioningis basednametricappliedto each
attribute, calleda splitting criterion. The metric measures
the degreeof homogeneityof the subsetghat areinduced
if the setof examplesat this nodeis partitionedbasedon

thevaluesof this attribute.

Considera discreteattribute A that hasvalues4A = a;
throughA = a,, for somem > 2. In thetwo-classcase,
standardsplitting criteriahave theform

I(A) =) P(A = ar)h(pr, 1 — pr)

wherep, = P(j = 1|A = a;) andall probabilitiesare
frequenciesn thetraining setto be split basedon A. The
functionh measuresheimpurity or heterogeneitpf each
subsebf trainingexamples All suchfunctionsarequalita-
tively similar. Whatevertheform of A, its uniquemaximum
is h(p,1 — p) = 1 whenp = 0.5, andits only minimaare
h(p,1 —p)=0whenp=0orp=1.

C4.5 usesthe averageamountof information neededto

identify the classof anexamplein eachsubsetsthefunc-

tion h. In thetwo classcasethis quantity calledentropy,

is h(p,1 — p) = —plog,(p) — (1 — p)log,(1 — p). Ex-

perimentalresults of Drummondand Holte (2000) and
Dietterichet al. (1996) shav that the impurity function
h(p,1 —p) = 24/p(1 — p) suggestety KearnsandMan-

sour(1996)typically leadsto somavhatsmallerunpruned
decisiontrees. Smallertrees are preferablefor probabil-
ity estimationsincethe numberof examplesat eachleaf
is potentiallylarger, which resultsin scoreshataremore
statisticallyreliable. Therefore we comparebelown the ac-
curag of probabilityestimate®btainedusingthe C4.5en-
tropy function andusingthe Kearns-Mansoufunction, in

bothcaseswith no pruning,asdiscussedh Section2.1.

2.5 Calibrating naive Bayesclassifierscores

Naive Bayesiarclassifiersarebasedntheassumptionhat
within eachclass,the valuesof the attributesof examples
areindependent. It is well-known that theseclassifiers
tendto give inaccuratgrobability estimategDomingos&

Pazzani,1996). Givenan examplez, supposdhata nave
Bayesianclassifiercomputeshe scoren(z). Becauseat-
tributestend to be positively correlated thesescoresare
typically too extreme: for mostz, eithern(z) is nearO

andthenn(z) < P(j = 1|z) or n(z) is nearl andthen
n(z) > P(j = 1|z). However, naive Bayesianclassi-
fiers tend to rank exampleswell: if n(z) < n(y) then
P(j = 1]z) < P(j = 1[y).

We usea histogrammethodto obtaincalibratedprobabil-
ity estimategrom a naive Bayesiarclassifier We sortthe

training examplesaccordingto their scoresanddivide the

sortedsetinto b subset®f equalsize,calledbins. For each
bin we computelower and upper boundaryn(-) scores.
Given a testexamplez, we placeit in a bin accordingto

its scoren(z). We thenestimatethe correctedprobability
thatz belongdo classj asthefractionof trainingexamples
in thebin thatactuallybelongto j.

The numberof differentprobability estimateghatbinning



canyield is limited by the numberof alternatve bins. This

numberd = 10 in our experimentsmustbe smallin order

to reducethe varianceof the binnedprobability estimates,
by increasinghe numberof exampleswvhose0/1 member

shipsare averagedinside eachbin. Binning reducesthe

resolution,i.e. the degreeof detail, of conditionalproba-
bility estimateswhile improving the accurag of thesees-

timatesby reducingboth varianceand bias comparedto

uncalibratecestimates.

With mostlearningmethodsin orderto obtainbinnedesti-

matesthatdo not overfit thetrainingdata,we shouldparti-

tion thetrainingsetinto two subsetsOnesubsetvould be

usedto learnthe classifierthat yields uncalibratedscores,
while the othersubsetwvould be usedfor the binning pro-

cessMoretrainingexamplesvould beassignedo thefirst

subsetbecausdearninga classifierinvolves settingmary

more parametershansettingthe binnedprobabilities. For

naive Bayesianclassifiers,however, separatesubsetsare
notnecessaryWe usetheentiretrainingsetbothfor learn-
ing the classifierandfor binning.

3. Experimental design

TheKDD’98 datasementionedn theintroductionhasal-
readybeendividedin afixed, standardvay into atraining
setandatestset. Thetrainingsetconsistsof 95412records
for whichit is known whetheror notthepersormadeado-
nation(classj = 1 or j = 0) andhow muchthe person
donated|f a donationwasmade. The testsetconsistsof
96367recordsfor which similar donationinformationwas
notpublisheduntil aftertheKDD’98 competition.In order
to make our experimentakesultsdirectly comparablavith
thoseof previouswork, we usethestandardrainingset/test
setdivision. All examplesin the training setare usedas
training datafor the learningalgorithms,with sevenfields
asattributes. This paperdoesnotaddressheissueof fea-
tureselectionsoour choiceof attributesis fixedandbased
informally onthe KDD’99 winning submissiorof Geoges
andMilley (1999).

Sincethereis no standardmetric for comparingthe accu-
ragy of probabilityestimatesye usefour differentmetrics
to comparehe probabilityestimategjivenby eachmethod
explainedin Section2. Onecontrikution of this paperis an
investigatiorof theextentto whichtheseevaluationmetrics
agreeanddisagree.

The first metricis squarecderror, definedfor one example
z asy_;(t(jlz) — p(j|x))? wherep(j|x) is the probability
estimatedby the methodfor examplex andclassj, and
t(j|z) is thetrue probability of classj for . For testsets
wheretruelabelsareknown, but not probabilities(j|z) is
definedto bel if thelabelof z is j and0 otherwise.

The secondmetricis log-lossor crossentropy, definedas
=22 t(j]z) log, fgll;”)). We calculatethe squarederror
andlog-lossfor eachz in thetrainingandtestsetsto obtain

themeansquaredrror(MSE) andthe averagdog-lossfor
eachset.MSE is alsocalledthe Brier score(Brier, 1950).

Lift chartsarethe third methodwe useto compareprob-
ability estimategPiatetsk-Shapiro& Masand,1999). To
obtainalift chart,we first sortthe examplesn descending
orderaccordingto their scores.Given0 < a < 1, letthe
tamgetsetT (a) bethefractiona of exampleswith thehigh-
estscoresThelift ata isdefinedasl(a) = r(a)/P(j = 1)
wherer(a) is the proportionof positive examplesin T'(a).
By definitioni(1) = 1 andwe expect! to be a decreas-
ing function. A lift chartis a plot of I/(a) asa function of
a. The greaterthe areabelow a lift chart,the more use-
ful scoresare. Lift chartsareisomorphicto ROC curves
(Swetset al., 2000), but morewidely usedin commercial
applicationsof probability estimation.

Finally, ourfourthevaluationmetricfor agivensetof prob-
ability estimategs the profit obtainedwhenwe usethese
estimatego chooseindividuals for solicitation according
to the policy “choosez if andonly if P(j = 1|z)y(z) >

0.68" asdiscussedn the introduction. This paperis not
concernedwith donationamountestimation,so we use
fixedvaluesfor y(x) obtainedusingasimplelinearregres-
siondescribedy Zadrozry andElkan (2001).

A metric that we choosenot to useis the areaunderthe
ROC curve (Hanley & McNeil, 1982), the metric used
by Provostand Domingos(2000). As they point out, be-
causeit is basedon the ROC curve this metric fails to
distinguishbetweenscoresthat rank examplescorrectly
andscoreghatsatisfythe strongempropertyof beingwell-
calibratedprobability estimates.Also, the areaunderthe
ROC curwveis lessusefulfor comparingnethodsvhentheir
ROC cunesintercept,which is the casefor mary of the
methodsnvestigatedere.

4. Experimental results

In this sectionwe presentan experimentalcomparisorof
the methodspresentedn Section2. For comparisonwe
alsoreportthe resultsof usinga constantprobability es-
timate for all examples. We usethreedifferent constant
probability estimateszero,one,andthe baserate of posi-
tive examples.In addition,we reportthe resultsof apply-
ing bagging(Breiman,1996)to decisiontreeswith Laplace
smoothingandwith curtailmentpy averagingheprobabil-
ity estimategjivenby treeslearnedfrom 100independent
resamples.Becauseall regularizedprobability estimates
areunder0.5, combiningzero/onepredictionswould give
all zeroestimatesExceptfor Kearns-Mansouall decision
treemethodsusethe C4.5entropy splitting criterion.

Table1 shovs MSE onthetrainingandtestsetsfor eachof
the probability estimationmethods.SinceMSE is a mea-
sureof error, smalleris better Both the Kearns-Mansour
splitting criterionandthe C4.5entrofy criterionresultin an
MSE for the testsetthatis muchbiggerthanthe MSE for



Method Trainingset | Testset Method Trainingset | Testset
Bagged_aplace 0.07011 | 0.09812 Bagged_aplace 0.18841 00
Kearns-Mansour 0.08643 | 0.10424 Kearns-Mansour 0.24326 00
C4.5without pruning 0.08789 | 0.10211 C4.5withoutpruning 0.25422 (o)
Laplace(C4.4) 0.08950 | 0.10090 Laplace(C4.4) 0.26477 | 0.29705
Baggedcurtailment 0.09455 | 0.09515 Baggedcurtailment 0.27691 | 0.28300
Curtailment 0.09508 | 0.09535 Smoothing 0.28037 | 0.28529
Smoothing 0.09510 | 0.09557 Curtailment 0.28090 | 0.28439
Smoothecturtailment 0.09516 | 0.09525 Smoothecturtailment 0.28146 | 0.28352
Binnednawve Bayes 0.09546 | 0.09528 Binnednaie Bayes 0.28336 | 0.28365
All baserate 0.09636 | 0.09602 All baserate 0.28961 | 0.28880
Naive Bayes 0.10089 | 0.10111 Naive Bayes 0.30198 | 0.30400
All zero(C4.5with pruning) | 0.10151 | 0.10113 All zero(C4.5with pruning) 00 00
All one 1.89848 | 1.89886 All one 00 o0

Tablel. MSE for the KDD'98 trainingandtestsets.Methodsare
orderedby trainingsetMSE. ThebesttestsetMSE s highlighted.

the training set. Adjusting the C4.5 probability estimates
usingLaplacesmoothingasrecommendefly Provostand
Domingos(2000)(they call this methodC4.4),makesonly
small changesin most leaf scores,so the MSE for the
testsetis only slightly improved. Furthermore bagging
Laplacedecisiontreesextremelyoverfitsthe training data.
Although baggedcurtailmentgenerateshe bestprobabil-
ity estimatedor the test setaccordingto the MSE met-
ric, theimprovementover curtailmentis slight, especially
consideringthe high computationakost. Smoothedcur-
tailmentgeneratethe secondestprobabilityestimatesor
the testsetaccordingto the MSE metric, but curtailment
and smoothingseparatelyand naive Bayesiarbinning are
only slightly worse.

Table2 shavsthe averagelog-losson thetrainingandtest
setsfor eachmethod. As for MSE, a smalleraveragelog-
lossis better Therankingof themethoddy log-lossis the
sameas the ranking by MSE, except for smoothingand
curtailmenton the training set. An importantdisadwan-
tageof the log-lossmetricis thatif any methodestimates
P(j = 1|z) = 0 for ary examplewhoseactualclassis
j = 1, theaveragdog-lossof the methodis infinite, which
is uninformative aboutthe accurag of the probability esti-
matedfor otherexamples.

The profit on the training and test setsachieved by each
methodis givenin Table3. For the training andtestsets,
therankingof the methodsby profit is almostthe sameas
by MSE or by averagelog-loss. Onedifferenceis that,
as measuredy profit achiezed, smoothedcurtailmentis
slightly betteronthetestsetthanbaggedurtailment.How-
ever, thedifferencebetweemethodsn profitachievedare
muchmoreaccentuatethanthedifferencesn MSE or av-
eragdog-loss.Empirically, it is verydifficult to dowell on
theKDD’98 testset. Thebestprofitwe achieve, $14741]s
betterthanthatobtainedoy thewinnerof theKDD’98 con-
test.In thecontestthemedianprofit achievedwas$10720.
Predictingj = 0 for all testexamplesgivesprofit $0 while

Table2. Averagdog-lossonthe KDD’98 trainingsetandtestset.
Methodsareorderedby training setlog-loss.

Method Trainingset | Testset
Bagged_aplace $48639 | $10190
Kearns-Mansour $30448 $8873
C4.5withoutpruning $24212 | $10538
Baggedcurtailment $22109 | $14502
Laplace(C4.4) $21240 | $12601
Smoothing $19248 | $13897
Smoothecturtailment $17081 | $14741
Curtailment $16823 | $14190
Binnednaive Bayes $14897 | $14642
All baserate $11923 | $12252
All one $10790 $10560
Naive Bayes $10083 $9531
All zero(C4.5with pruning) $0 $0

Table3. Profit attainedon the KDD’98 training and test sets.
Methodsareorderedby profit onthetrainingset.

predictingj = 1 for all testexamplesgivesprofit $10560.

The lift chartsfor eachmethodare shaovn in Figures4

and 5, for the training and test set respectiely.  Since
the lift chartsintercept,we do not reportthe areaunder
the lift charts. The ranking of the methodsaccordingto

thelift chartsis similarto therankingusingthe othermet-
rics. Again,weseethatC4.5withoutpruning,with or with-

outtheKearns-Mansousplitting criterionandLaplacead-
justment,overfitsthe training set. Thelift chartsfor these
methodsareconsiderablyetterfor thetrainingsetthanfor

thetestset.

The naive Bayesiarclassifiergivesexcellentlift chartson
boththetrainingandtestsets.As mentionedabove, nave
Bayesianscoregendto be correlatedwvell with true prob-
abilities, even thoughthey are not calibratedwell. Lift
chartsdependonly on the ranking of scores,and not on
their magnitude. The binnednaive Bayesscoresandthe
original naive Bayesscoresare monotonicallyrelated,so
both methodsperformequallywell asmeasuredy lift, at



targetsetsizesa thataremultiplesof thebin size.Because
binning assignghe sameprobability estimateto all exam-
plesin eachbin, therankingof examplesnsidebinsis lost.
For thisreasonthelift chartfor binnednaive Bayesis ap-
proximatelyconstanfor a < 1/b = 0.1.
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Figure4. Lift chartsfor theKDD’98 trainingset.
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Figure5. Lift chartsfor theKDD’'98 testset.

Becausehe resultsabore useone fixed training set and
one fixed test set, it is difficult to say anything about
the statistical significanceof differencesbetweenmeth-
ods. Therefore,to confirm that differencesare genuine,
we apply the methodsto a completelydifferent dataset,
the ColL challengedatasetwhich is alsoavailablein the
UCI KDD repository(Bay, 2000). The ColL datasetlso
hasa standardraining set/tessetdivision. Table4 shavs
the MSE for eachmethodon the training and test sets.

Method Trainingset | Testset
C4.5without pruning 0.09481 | 0.11420
Kearns-Mansour 0.09575 | 0.11431
Bagged_aplace 0.09621 | 0.11331
Laplace(C4.4) 0.09586 | 0.11548
Binnednaie Bayes 0.10485 | 0.10742
Curtailment 0.10657 | 0.10839
Smoothecturtailment 0.10681 | 0.10844
Baggedcurtailment 0.10686 | 0.10860
Smoothing 0.10723 | 0.11091
All baserate 0.11240 | 0.11192
All zero(C4.5with pruning) | 0.11955 | 0.11900
Naive Bayes 0.12896 | 0.13409
All one 1.88045 | 1.88100

Table4. MSE for the ColL trainingandtestsets.Methodsareor-
deredby trainingsetMSE. The besttestsetMSE is highlighted.
Accordingto the heuristicsbm = 10 andbv = 10, we usethe
fixedvaluesm = 170 andv = 170 for the smoothingandcur
tailmentparameterssincefor this dataseb =~ 0.06. Additional
experimentsshav thatothervaluesof m andv donotchangehe
rankingof themethods.

The ranking of the methodsis similar to the ranking for
the KDD’98 dataset.However, on the ColL datasenhaive
Bayesiarbinninggivesslightly betterprobabilityestimates
thansmoothecturtailment.Bagged_aplace-smoothede-
cision treesdo not overfit the training dataas badly, but
baggingactually reduceshe performanceof curtailment.
The log-loss metric ranks the methodssimilarly, so for
spacereasondog-lossresultsarenot shovn here.Because
costinformationis notavailablefor the ColL datasetprofit
resultscannotbe computed.

5. Conclusions

We have investigatedcarefully the relative performance
of ten differentmethodsfor estimatingclassmembership
probabilitiesaccurately Eight methodsusea single de-
cision tree, two use an ensembleof decisiontrees, and
two usea naive Bayesianclassifier Our experimentsuse
four differentevaluationmethods. Threenumericalmet-
rics, namelyMSE, averagelog-loss,andprofit achiezedin
a decision-makingdask, are sensitve to whetherprobabil-
ity estimatesarewell-calibrated.Lift chartsarethe fourth
evaluationmethod.Like ROC curves,they aresensitve to
accurag in rankingtestexampleshut notto whethermprob-
ability estimatesrenumericallyaccurate.

The ranking of the ten probability estimationmethodsis
almostthe sameaccordingto all four evaluationmethods.
Thedifferencedbetweemmethodseensmallwith themet-
rics MSE andaveragelog-loss. However thelift chartdif-
ferencesarelarge,asarethedifferencesn profit achiesed.
Thereforewe recommendhesdattertwo evaluationmeth-
odsfor futureresearch.



In general,a good probability estimationmethod must
malke major changesn the scoregproducedby a standard
decisiontreeor naive Bayesiarclassifier We recommend
not usingary pruning methodsbasedon error minimiza-
tion, andinsteadapplyinga regularizationmethodsuchas
m-estimationbinning,or our curtailmentmethod.Simply
using Laplacesmoothing,or changingthe splitting crite-
rion usedto grow a decisiontree,haslittle benefit.

Specifically for decisiontreesthe methodwe recommend
is a combinationof curtailmentwith smoothing.A major

adwantageof thismethods thatit produceselatively small

andhenceunderstandabldecisiontrees while still giving

high-resolutionyell-calibratedprobabilityestimates.

Although previous research(Provost & Domingos,2000;
Bauer& Kohavi, 1999)hassuggestethatbaggingcansub-
stantiallyimprove probability estimategproducedoy deci-
siontreesthisfindingis notconfirmedby our experiments.
Identifying the reasondor this phenomenoilis a topic for
furtherresearchOurwork focuseon obtainingcalibrated
probability estimatedor large unbalancedlatasets.Fur-
therwork is alsoneededo assesshe performanceof our
method=on balancedand/orsmalldatasets.
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