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Abstract
Accurate, well-calibrated estimates of class
membershipprobabilities are neededin many
supervisedlearning applications, in particular
when a cost-sensitive decision must be made
aboutexampleswith example-dependentcosts.
This paperpresentssimplebut successfulmeth-
odsfor obtainingcalibratedprobabilityestimates
from decision tree and naive Bayesianclassi-
fiers. Using the large andchallengingKDD’98
contestdatasetas a testbed,we report the re-
sults of a detailedexperimentalcomparisonof
ten methods,accordingto four evaluationmea-
sures. We concludethat binning succeedsin
significantlyimproving naiveBayesianprobabil-
ity estimates,while for improving decisiontree
probabilityestimates,we recommendsmoothing
by � -estimationand a new variant of pruning
thatwecall curtailment.

1. Intr oduction

In many supervisedlearningapplications,it is not enough
simply to predictfor eachtestexamplewhichclassis most
likely for the example. What is neededinsteadis, for a
givenclass,arankingof all theexamplesin thetestsetfrom
the mostprobablememberto the leastprobablemember.
Any scorethat is an increasingor decreasingfunction of
classmembershipprobability is sufficient to inducea cor-
rect rankingof examples.However in someapplications,
evena completerankingof examplesis not enough.What
is neededin additionis anaccurate,correctlycalibratedes-
timate of the true probability that eachtest exampleis a
memberof theclassof interest.

Calibratedprobability estimatesare neededin particular
when a cost-sensitive decisionmust be madeabouteach
example,andthecostsassociatedwith differentexamples
aredifferent.For example,supposethatthecostof request-
ing acharitabledonationfrom anindividual � is $0.68,and
that the bestestimateof the amountthat � will donate,if
he or shedoesmake a donation,is ������� . In this casethe

optimal decision-makingpolicy is to solicit � if andonly
if �	 � donate
 ���������������� ��� , where �	 � donate
 ��� is theesti-
matedprobabilitythat � will donate,i.e. that � is amember
of theclassof donors.

For eachexample � , we needto know how �	 � donate
 ���
comparesto the threshold ��� ������������� . This decision-
making thresholdis different for each � , so it is vital to
estimatethe trueprobability

	 � donate
 ��� asaccuratelyas
possiblefor each � . Simply knowing that one personis
morelikely to donatethananotheris not enough,because
thesecondpersonmaydonatealargeramountthanthefirst,
if he or shedoesmake a donation. Knowing a numerical
score ���������� � 	 � donate
 ���!� without knowing the trans-
formationfunction � is not enough,because�"� �����#������ is
thecorrectthresholdfor makingdecisionsonly if � is the
identity function.

This paperpresentssimplebut successfulmethodsfor ob-
tainingcalibratedprobabilityestimatesfrom decisiontree
and naive Bayesclassifiers. Insteadof doing an experi-
mentalcomparisonof the methodson many datasetsthat
arerelatively smallandeasyto achieve goodperformance
on, we preferto do a detailedinvestigationusingmultiple
performancemetricson onelargedatasetthat is known to
bechallenging.Thisdatasetis theonefirst usedin thedata
mining contestassociatedwith the1998KDD conference.
With associateddocumentation,it is now availablein the
UCI KDD repository(Bay, 2000). It is the only publicly
availabledatasetknown to usfor whichreal-worldmisclas-
sificationcost informationis available. It is alsothe only
publicdatasetfor whichexample-specificcostinformation
is available.

The KDD’98 datasetcontainsinformation aboutpersons
who have madedonationsin the past to a certainchar-
ity. Thedecision-makingtaskis theoneoutlinedabove,to
choosewhich pastdonorsto requesta new donationfrom,
This task is completelyanalogousto typical one-to-one
marketing tasksfor many other organizations,both non-
profit andfor-profit (Mozeret al., 2000;Piatetsky-Shapiro
& Masand,1999),soourconclusionsaredirectlyusefulfor
real-world applications.



2. Methods

This sectionexplainsour methodsfor obtainingcalibrated
probabilityestimatesfromdecisiontreeandnaiveBayesian
classifiers.Wefirst explainthedeficienciesthatcausestan-
darddecisiontreemethodsnot to give accurateprobabil-
ity estimates,andthenwe explain how to overcomethese
limitations. A final subsectionpresentsa simplemethod
for obtainingcalibratedprobabilitiesfrom anaiveBayesian
classifier.

2.1 Deficienciesof decisiontr eemethods

Throughoutthis paper, C4.5(Quinlan,1993)is the repre-
sentative decisiontree learningmethodused,but mostof
our analysesandsuggestionsapply equallyto otherdeci-
siontreemethodssuchasCART (Breimanetal., 1984).

Whenclassifyinga testexample,C4.5andotherdecision
treemethodsassignby default the raw training frequency$ �&%"�#' asthe scoreof any examplethat is assignedto
a leaf that contains % positive training examplesand '
total trainingexamples.Thesetrainingfrequenciesarenot
accurateconditionalprobability estimatesfor at leasttwo
reasons:

1. High bias:Decisiontreegrowingmethodstry to make
leaveshomogeneous,soobservedfrequenciesaresys-
tematicallyshiftedtowardszeroandone.

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

Pruningmethodsas surveyed by Espositoet al. (1997)
canin principlealleviatethesecondproblemby removing
leavesthat containtoo few examples.However, standard
pruningmethodsarenot suitablefor unbalanceddatasets,
becausethey are basedon accuracy maximization. On
the KDD’98 datasetC4.5 producesa prunedtree that is
a single leaf. Since the baserate of positive examples	 � donate�(� 	 � class )��+*,� is about5%, this treehas
accuracy 95%, but it is uselessfor estimatingexample-
specificconditionalprobabilities

	 �-).�/*0
 ��� . In general,
treesprunedwith theobjectiveof maximizingaccuracy are
notusefulfor rankingtestexamples,or for estimatingclass
membershipprobabilities.

The standardC4.5 pruningmethodis not alonein being
incompatiblewith accurateprobability estimation. Quin-
lan’s latestdecisiontreelearningmethod,C5.0,andCART
alsodopruningbasedonaccuracy maximization.C4.5and
C5.0have rule setgeneratorsasanalternative to pruning,
but becausethesemethodsare basedon accuracy maxi-
mization, they arealsounsuitablefor probability estima-
tion. C5.0cando lossminimizationpruningwith a fixed
costmatrix, but this is not adequatewhencostsarediffer-
entfor differentexamples.

In this paperwe attemptto improve directly the accuracy
of decisiontreeprobabilityestimates.Ourexperimentsuse
C4.5withoutpruningandwithoutcollapsingto obtainraw
scoresthat arecorrelatedwith accurateclassmembership
probabilities.Thechoiceto do no pruningis supportedby
the resultsof Bradfordet al. (1998), who find that per-
formingnopruningandvariantsof pruningadaptedto loss
minimizationboth leadto similar performance.Not using
pruningis alsosuggestedby BauerandKohavi (1999)in
theirSection7.3.

Our methodsall transformthe leaf scoresof a standard
decisiontree. Completelydifferent methodshave been
suggested,but they have major drawbacks. Smythet al.
(1995)usekerneldensityestimatorsat the leavesof a de-
cision tree. However their algorithmsarebasedon C4.5
andCART with pruning,so they areunsuitablefor highly
unbalanceddatasets.Their experimentsuseonly synthetic
datawherebothclassesareequiprobable,or thelessprob-
ableclasshasbaserate1/3. Our experimentsusean un-
balancedreal-world datasetwherethe lessprobableclass
hasbaserate about1/20. Estimatingprobabilitiesusing
bagginghasbeensuggestedby Domingos(1999),but as
pointedout recentlyby Margineantu(2000),bagginggives
voting estimatesthat measurethe uncertaintyof the base
classificationmethodconcerningan example,not the ac-
tualclass-conditionalprobabilityof theexample.

2.2 Impr oving probability estimatesby smoothing

As discussedby ProvostandDomingos(2000)andothers,
oneway of improving the probability estimatesgiven by
a decisiontreeis to make theseestimatessmoother, i.e. to
adjustthemto belessextreme.ProvostandDomingossug-
gestusingtheLaplacecorrectionmethod.For a two-class
problem,this methodreplacesthe conditionalprobability
estimate$ �213 by 154763 498 where % is thenumberof positive
trainingexamplesassociatedwith a leaf and ' is the total
numberof trainingexamplesassociatedwith theleaf.

The Laplacecorrectionmethodadjustsprobability esti-
matesto be closerto 1/2, which is not reasonablewhen
thetwo classesarefar from equiprobable,asis thecasein
many real-world applications.In general,oneshouldcon-
sider the overall averageprobability of the positive class,
i.e. the baserate, when smoothingprobability estimates.
Froma Bayesianperspective,a conditionalprobabilityes-
timateshouldbesmoothedtowardsthecorrespondingun-
conditionalprobability.

We replacetheprobabilityestimate$ � 13 by $;: � 154=<?> @3 49@where A is the baserate and � is a parameterthat con-
trols how much scoresare shifted towardsthe baserate.
This smoothingmethodis called � -estimation(Cestnik,
1990). Previous papershave suggestedchoosing� by
cross-validation (Cussens,1993). Given a baserate A ,
we suggestusing � suchthat A � �B*,� approximately.
This heuristicensuresthat raw probability estimatesthat



are likely to have high variance,thosewith %DC2*E� , are
given low credence.Experimentsshow that the effect of
smoothingby � -estimationis qualitatively similar for a
wide rangeof valuesof � , so, as is highly desirable,the
precisevaluechosenfor � is unimportant.
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Figure1. Smoothedscoresand raw scoresfrom C4.5 without
pruningfor testexamplessortedby raw score.

Figure1 shows thesmoothedscoreswith � �GFH��� of the
KDD’98 testsetexamplessortedby their raw scoresgiven
by C4.5withoutpruning.As expected,smoothingshiftsall
scorestowardsthebaserateof approximately0.05,which
is desirablegiventhatC4.5scorestendto beoverestimates
or underestimates.While raw C4.5scoresrangefrom 0 to
1, smoothedscoresrangefrom 0.0224to 0.1018.

2.3 Curtailment

As discussedabove,withoutpruningdecisiontreelearning
methodstendto overfit trainingdataandto createleavesin
which thenumberof examplesis too small to inducecon-
ditional probabilityestimatesthatarestatisticallyreliable.
Smoothingattemptsto correcttheseestimatesby shifting
themtowardstheoverall averageprobability, i.e. thebase
rate A . However, if theparentof asmallleaf,i.e.a leafwith
few trainingexamples,containsenoughexamplesto induce
a statisticallyreliableprobability estimate,thenassigning
this estimateto a test exampleassociatedwith the small
leaf maybemoreaccuratethenassigningit a combination
of thebaserateandtheobservedleaf frequency, asdoneby
smoothing. If the parentof a small leaf still containstoo
few examples,we canusethescoreof the grandparentof
the leaf, andsoon until theroot of the treeis reached.At
the root, of course,the observed frequency is the training
setbaserate.

We call this methodof improving conditionalprobability
estimatescurtailment becausewhenclassifyinganexam-

ple,westopsearchingthedecisiontreeassoonaswereach
anodethathaslessthanI examples,whereI is aparameter
of themethod.Thescoreof theparentof this nodeis then
assignedto theexamplein question.As for smoothing,I
canbechosenby cross-validation,or usingaheuristicsuch
asmaking AJIK�L*E� . We chooseIK�MFH��� for all ourexperi-
ments.Informalexperimentsshow thatvaluesof I between
100and400givesimilar results,sotheexactsettingof I is
notcritical.
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Figure2. Part of the decisiontreeobtainedby curtailmentwithNPORQESES . Thedottednodesarepresentin theoriginal C4.5tree,
but areeffectively eliminatedfrom the curtailmenttreebecauseTVUWN . Thenodein grey is anexampleof a nodethatcanserve
bothasaninternalnodeandasa leaf,becauseoneof its branches
hasbeeneliminatedfrom thetree,but notall.

By eliminating nodesthat have few training examples,
giventheKDD’98 trainingsetcurtailmenteffectively cre-
atesthe decisiontreeshown in part in Figure2. Thedis-
tinctionbetweeninternalnodesandleavesis blurredin this
tree,becauseanodemayserveasaninternalnodefor some
examplesandasaleaffor others,dependingontheattribute
valuesof theexamples.Curtailmentis notequivalenttoany
typeof pruning,nor to traditionalearlystoppingduringthe
growing of a tree,becausethosemethodseliminateall the
childrenof a nodesimultaneously. In contrast,curtailment
may eliminatesomechildrenandkeepothers,depending
on the numberof training examplesassociatedwith each
child. Intuitively, curtailmentis preferableto pruningfor
probability estimationbecausenodesareremoved from a
decisiontreeonly if they arelikely to giveunreliableprob-
ability estimates.

Curtailmentis reminiscentof methodsproposedby Bahl
et al. (1989)andBuntine(1993)to smoothdecisiontree
probabilities. To obtain smoothedprobability estimates,
thesemethodscalculateaweightedaverageof trainingfre-



quenciesat nodeson the path from the root to eachleaf.
A drawbackof theseapproachesis thatweightsaredeter-
minedthroughcross-validation.Sincemany weightsmust
beset,overfittingis a danger.
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Figure3. Curtailmentscoresand raw scoresfrom C4.5 without
pruningfor testexamplessortedby raw score(v=200).

Figure3 shows curtailmentscoresfor theKDD’98 testset
examplessortedby their raw C4.5scores.Thejaggedlines
in the chart show that many scoresare changedsignifi-
cantly by curtailment. Overall, the rangeof scoresis re-
ducedaswith smoothing,but not asmuch. Theminimum
curtailmentscoreis 0.0045while themaximumis 0.1699.

Curtailment effectively eliminates from a decision tree
nodesthat yield probability estimatesthat are not statis-
tically reliablebecausethey arebasedonasmallsampleof
examples.But sinceC4.5triesto makedecisiontreenodes
homogeneous,evenprobabilityestimatesthatarebasedon
many training examplestend to be too high or too low.
Smoothingcan compensatefor this biasby shifting esti-
matestowardsthe overall averageprobability. Therefore
we investigatethe combinationof smoothingandcurtail-
ment.Specifically, we apply � -estimationto theobserved
frequenciesfoundat thenodeschosenby curtailment.

2.4 The Kearns-Mansoursplitting criterion

The previous subsectionspresentmethodsfor obtaining
moreaccurateprobabilityestimatesfrom adecisiontree.A
differentsplittingcriterioncouldconceivablyalsoimprove
theaccuracy of probabilityestimates.Whenadecisiontree
isconstructed,thetrainingsetis recursivelypartitionedinto
smallersubsets.Thechoiceateachnodeof theattributeto
beusedfor partitioningis basedonametricappliedto each
attribute,calleda splitting criterion. Themetricmeasures
thedegreeof homogeneityof thesubsetsthatareinduced
if the setof examplesat this nodeis partitionedbasedon

thevaluesof thisattribute.

Considera discreteattribute X that hasvalues XY�[Z 6
through X��\Z @ for some�^] F . In the two-classcase,
standardsplittingcriteriahavetheform

_ �X`�a� @b
1Jc76

	 �dXM�eZ 1 �!f=� $ 10g *ih $ 1 �
where $ 1 � 	 �-)��j*�
 X&�kZ 1 � andall probabilitiesare
frequenciesin the trainingsetto besplit basedon X . The
function f measurestheimpurity or heterogeneityof each
subsetof trainingexamples.All suchfunctionsarequalita-
tivelysimilar. Whatevertheformof f , its uniquemaximum
is f7� $ g *lh $ �m�n* when $ �L���po , andits only minimaaref7� $ g *ih $ �q�R� when$ �R� or $ �D* .
C4.5 usesthe averageamountof information neededto
identify theclassof anexamplein eachsubsetasthefunc-
tion f . In the two classcasethis quantity, calledentropy,
is f7� $ g *�h $ �r�sh $�t-u�v 8 � $ �mhw��*�h $ � t-u�v 8 �?*�h $ � . Ex-
perimentalresultsof Drummondand Holte (2000) and
Dietterich et al. (1996) show that the impurity functionf7� $ g *ih $ �q�MF�x $ ��*lh $ � suggestedby KearnsandMan-
sour(1996)typically leadsto somewhatsmallerunpruned
decisiontrees. Smallertrees arepreferablefor probabil-
ity estimationsincethe numberof examplesat eachleaf
is potentiallylarger, which resultsin scoresthat aremore
statisticallyreliable.Therefore,we comparebelow theac-
curacy of probabilityestimatesobtainedusingtheC4.5en-
tropy functionandusingtheKearns-Mansourfunction, in
bothcaseswith nopruning,asdiscussedin Section2.1.

2.5 Calibrating naive Bayesclassifierscores

NaiveBayesianclassifiersarebasedontheassumptionthat
within eachclass,thevaluesof theattributesof examples
are independent. It is well-known that theseclassifiers
tendto give inaccurateprobabilityestimates(Domingos&
Pazzani,1996). Givenanexample � , supposethata naive
Bayesianclassifiercomputesthe score 'q����� . Becauseat-
tributestend to be positively correlated,thesescoresare
typically too extreme: for most � , either 'q���� is near0
andthen 'q�����zy 	 �{)|�&*�
 ��� or 'q���� is near1 andthen'q������ 	 �{)L�}*�
 ��� . However, naive Bayesianclassi-
fiers tend to rank exampleswell: if 'q����~y�'q���� then	 �-)r�L*�
 ����y 	 �{)P�D*0
 ��� .
We usea histogrammethodto obtaincalibratedprobabil-
ity estimatesfrom a naive Bayesianclassifier. We sort the
trainingexamplesaccordingto their scoresanddivide the
sortedsetinto A subsetsof equalsize,calledbins.For each
bin we computelower and upper boundary 'q�?� � scores.
Given a testexample � , we placeit in a bin accordingto
its score'q����� . We thenestimatethecorrectedprobability
that � belongsto class) asthefractionof trainingexamples
in thebin thatactuallybelongto ) .
Thenumberof differentprobabilityestimatesthatbinning



canyield is limited by thenumberof alternativebins.This
number, Ai�D*,� in ourexperiments,mustbesmallin order
to reducethevarianceof thebinnedprobabilityestimates,
by increasingthenumberof exampleswhose0/1 member-
shipsare averagedinside eachbin. Binning reducesthe
resolution,i.e. the degreeof detail, of conditionalproba-
bility estimates,while improving theaccuracy of thesees-
timatesby reducingboth varianceand bias comparedto
uncalibratedestimates.

With mostlearningmethods,in orderto obtainbinnedesti-
matesthatdonotoverfit thetrainingdata,weshouldparti-
tion thetrainingsetinto two subsets.Onesubsetwould be
usedto learnthe classifierthat yieldsuncalibratedscores,
while the othersubsetwould beusedfor thebinningpro-
cess.Moretrainingexampleswouldbeassignedto thefirst
subsetbecauselearninga classifierinvolvessettingmany
moreparametersthansettingthebinnedprobabilities.For
naive Bayesianclassifiers,however, separatesubsetsare
notnecessary. We usetheentiretrainingsetbothfor learn-
ing theclassifierandfor binning.

3. Experimental design

TheKDD’98 datasetmentionedin theintroductionhasal-
readybeendividedin a fixed,standardway into a training
setandatestset.Thetrainingsetconsistsof 95412records
for whichit is known whetheror not thepersonmadeado-
nation(class)���* or )���� ) andhow muchthe person
donated,if a donationwasmade. The testsetconsistsof
96367recordsfor which similar donationinformationwas
notpublisheduntil aftertheKDD’98 competition.In order
to make our experimentalresultsdirectly comparablewith
thoseof previouswork,weusethestandardtrainingset/test
setdivision. All examplesin the training setareusedas
trainingdatafor the learningalgorithms,with sevenfields
asattributes. Thispaperdoesnot addresstheissueof fea-
tureselection,soourchoiceof attributesis fixedandbased
informally ontheKDD’99 winningsubmissionof Georges
andMilley (1999).

Sincethereis no standardmetric for comparingtheaccu-
racy of probabilityestimates,weusefour differentmetrics
to comparetheprobabilityestimatesgivenby eachmethod
explainedin Section2. Onecontributionof thispaperis an
investigationof theextenttowhichtheseevaluationmetrics
agreeanddisagree.

The first metric is squarederror, definedfor oneexample� as �W�����5�{)�
 ���qh $ �{)�
 ���?� 8 where$ �{)�
 ��� is theprobability
estimatedby the methodfor example � and class ) , and�5�-)�
 ��� is the trueprobabilityof class) for � . For testsets
wheretruelabelsareknown,but notprobabilities,�5�{)�
 ��� is
definedto be1 if thelabelof � is ) and0 otherwise.

Thesecondmetric is log-lossor crossentropy, definedash � ���5�-)�
 ��� t{u�v 8m�#�
�E� �E��
�
�E� �E� � We calculatethe squarederror

andlog-lossfor each� in thetrainingandtestsetsto obtain

themeansquarederror(MSE)andtheaveragelog-lossfor
eachset.MSEis alsocalledtheBrier score(Brier, 1950).

Lift chartsarethe third methodwe useto compareprob-
ability estimates(Piatetsky-Shapiro& Masand,1999). To
obtaina lift chart,we first sorttheexamplesin descending
orderaccordingto their scores.Given ��C�Z�C�* , let the
targetset ���dZ�� bethefraction Z of exampleswith thehigh-
estscores.Thelift at Z is definedas �!�Z��q�e���dZ0��� 	 �-)P�D*,�
where���dZ0� is theproportionof positiveexamplesin ���Z�� .
By definition �!��*#�(��* andwe expect � to be a decreas-
ing function. A lift chartis a plot of �?�Z�� asa functionofZ . The greaterthe areabelow a lift chart, the moreuse-
ful scoresare. Lift chartsare isomorphicto ROC curves
(Swetset al., 2000),but morewidely usedin commercial
applicationsof probabilityestimation.

Finally, ourfourthevaluationmetricfor agivensetof prob-
ability estimatesis the profit obtainedwhenwe usethese
estimatesto chooseindividuals for solicitationaccording
to the policy “choose� if andonly if

	 �{).��*�
 �����������P��"� ��� ” asdiscussedin the introduction. This paperis not
concernedwith donationamountestimation,so we use
fixedvaluesfor ������� obtainedusingasimplelinearregres-
siondescribedby Zadrozny andElkan(2001).

A metric that we choosenot to useis the areaunderthe
ROC curve (Hanley & McNeil, 1982), the metric used
by Provost andDomingos(2000). As they point out, be-
causeit is basedon the ROC curve this metric fails to
distinguishbetweenscoresthat rank examplescorrectly,
andscoresthatsatisfythestrongerpropertyof beingwell-
calibratedprobability estimates.Also, the areaunderthe
ROCcurveis lessusefulfor comparingmethodswhentheir
ROC curves intercept,which is the casefor many of the
methodsinvestigatedhere.

4. Experimental results

In this sectionwe presentan experimentalcomparisonof
the methodspresentedin Section2. For comparison,we
also report the resultsof usinga constantprobability es-
timate for all examples. We usethreedifferent constant
probabilityestimates:zero,one,andthebaserateof posi-
tive examples.In addition,we reporttheresultsof apply-
ing bagging(Breiman,1996)to decisiontreeswith Laplace
smoothingandwith curtailment,by averagingtheprobabil-
ity estimatesgivenby treeslearnedfrom 100 independent
resamples.Becauseall regularizedprobability estimates
areunder0.5, combiningzero/onepredictionswould give
all zeroestimates.Exceptfor Kearns-Mansour, all decision
treemethodsusetheC4.5entropy splittingcriterion.

Table1 showsMSEonthetrainingandtestsetsfor eachof
theprobabilityestimationmethods.SinceMSE is a mea-
sureof error, smalleris better. Both the Kearns-Mansour
splittingcriterionandtheC4.5entropy criterionresultin an
MSE for thetestsetthat is muchbiggerthantheMSE for



Method Trainingset Testset
BaggedLaplace 0.07011 0.09812
Kearns-Mansour 0.08643 0.10424
C4.5withoutpruning 0.08789 0.10211
Laplace(C4.4) 0.08950 0.10090
Baggedcurtailment 0.09455 0.09515
Curtailment 0.09508 0.09535
Smoothing 0.09510 0.09557
Smoothedcurtailment 0.09516 0.09525
BinnednaiveBayes 0.09546 0.09528
All baserate 0.09636 0.09602
NaiveBayes 0.10089 0.10111
All zero(C4.5with pruning) 0.10151 0.10113
All one 1.89848 1.89886

Table1. MSEfor theKDD’98 trainingandtestsets.Methodsare
orderedby trainingsetMSE.ThebesttestsetMSEis highlighted.

the training set. Adjusting the C4.5 probability estimates
usingLaplacesmoothing,asrecommendedby Provostand
Domingos(2000)(they call thismethodC4.4),makesonly
small changesin most leaf scores,so the MSE for the
test set is only slightly improved. Furthermore,bagging
Laplacedecisiontreesextremelyoverfitsthetrainingdata.
Although baggedcurtailmentgeneratesthe bestprobabil-
ity estimatesfor the test set accordingto the MSE met-
ric, the improvementover curtailmentis slight, especially
consideringthe high computationalcost. Smoothedcur-
tailmentgeneratesthesecondbestprobabilityestimatesfor
the testsetaccordingto the MSE metric, but curtailment
andsmoothingseparatelyandnaive Bayesianbinning are
only slightly worse.

Table2 shows theaveragelog-losson thetrainingandtest
setsfor eachmethod.As for MSE, a smalleraveragelog-
lossis better. Therankingof themethodsby log-lossis the
sameas the ranking by MSE, except for smoothingand
curtailmenton the training set. An importantdisadvan-
tageof the log-lossmetric is that if any methodestimates�	 �-)~��*�
 ������� for any examplewhoseactualclassis)P�D* , theaveragelog-lossof themethodis infinite, which
is uninformativeabouttheaccuracy of theprobabilityesti-
matesfor otherexamples.

The profit on the training and test setsachieved by each
methodis given in Table3. For the training andtestsets,
therankingof themethodsby profit is almostthesameas
by MSE or by averagelog-loss. Onedifferenceis that,
as measuredby profit achieved, smoothedcurtailmentis
slightlybetteronthetestsetthanbaggedcurtailment.How-
ever, thedifferencesbetweenmethodsin profitachievedare
muchmoreaccentuatedthanthedifferencesin MSEor av-
eragelog-loss.Empirically, it is verydifficult to dowell on
theKDD’98 testset.Thebestprofit weachieve,$14741,is
betterthanthatobtainedby thewinnerof theKDD’98 con-
test.In thecontest,themedianprofit achievedwas$10720.
Predicting)P�R� for all testexamplesgivesprofit $0 while

Method Trainingset Testset
BaggedLaplace 0.18841 �
Kearns-Mansour 0.24326 �
C4.5withoutpruning 0.25422 �
Laplace(C4.4) 0.26477 0.29705
Baggedcurtailment 0.27691 0.28300
Smoothing 0.28037 0.28529
Curtailment 0.28090 0.28439
Smoothedcurtailment 0.28146 0.28352
BinnednaiveBayes 0.28336 0.28365
All baserate 0.28961 0.28880
NaiveBayes 0.30198 0.30400
All zero(C4.5with pruning) � �
All one � �

Table2. Averagelog-lossontheKDD’98 trainingsetandtestset.
Methodsareorderedby trainingsetlog-loss.

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

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

predicting)r�L* for all testexamplesgivesprofit $10560.

The lift chartsfor eachmethodare shown in Figures4
and 5, for the training and test set respectively. Since
the lift chartsintercept,we do not report the areaunder
the lift charts. The ranking of the methodsaccordingto
thelift chartsis similar to therankingusingtheothermet-
rics. Again,weseethatC4.5withoutpruning,with or with-
out theKearns-MansoursplittingcriterionandLaplacead-
justment,overfitsthe trainingset. Thelift chartsfor these
methodsareconsiderablybetterfor thetrainingsetthanfor
thetestset.

Thenaive Bayesianclassifiergivesexcellentlift chartson
boththe trainingandtestsets.As mentionedabove,naive
Bayesianscorestendto becorrelatedwell with trueprob-
abilities, even thoughthey are not calibratedwell. Lift
chartsdependonly on the ranking of scores,and not on
their magnitude. The binnednaive Bayesscoresand the
original naive Bayesscoresaremonotonicallyrelated,so
bothmethodsperformequallywell asmeasuredby lift, at



targetsetsizesZ thataremultiplesof thebin size.Because
binningassignsthesameprobabilityestimateto all exam-
plesin eachbin, therankingof examplesinsidebinsis lost.
For this reason,thelift chartfor binnednaive Bayesis ap-
proximatelyconstantfor Z�y�*#��A��R���-* .
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Figure4. Lift chartsfor theKDD’98 trainingset.
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Figure5. Lift chartsfor theKDD’98 testset.

Becausethe resultsabove useone fixed training set and
one fixed test set, it is difficult to say anything about
the statisticalsignificanceof differencesbetweenmeth-
ods. Therefore,to confirm that differencesare genuine,
we apply the methodsto a completelydifferent dataset,
the CoIL challengedataset,which is alsoavailablein the
UCI KDD repository(Bay, 2000). TheCoIL datasetalso
hasa standardtrainingset/testsetdivision. Table4 shows
the MSE for eachmethodon the training and test sets.

Method Trainingset Testset
C4.5withoutpruning 0.09481 0.11420
Kearns-Mansour 0.09575 0.11431
BaggedLaplace 0.09621 0.11331
Laplace(C4.4) 0.09586 0.11548
BinnednaiveBayes 0.10485 0.10742
Curtailment 0.10657 0.10839
Smoothedcurtailment 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
NaiveBayes 0.12896 0.13409
All one 1.88045 1.88100

Table4. MSEfor theCoIL trainingandtestsets.Methodsareor-
deredby trainingsetMSE. ThebesttestsetMSE is highlighted.
Accordingto the heuristics��� O\�JS and � N OG�¡S , we usethe
fixedvalues � OL�5¢ES and N�O��5¢£S for the smoothingandcur-
tailmentparameters,sincefor this dataset�`¤ S�¥ S,¦ . Additional
experimentsshow thatothervaluesof � and N donotchangethe
rankingof themethods.

The ranking of the methodsis similar to the ranking for
theKDD’98 dataset.However, on theCoIL datasetnaive
Bayesianbinninggivesslightly betterprobabilityestimates
thansmoothedcurtailment.BaggedLaplace-smoothedde-
cision treesdo not overfit the training dataas badly, but
baggingactually reducesthe performanceof curtailment.
The log-loss metric ranks the methodssimilarly, so for
spacereasonslog-lossresultsarenotshown here.Because
costinformationis notavailablefor theCoIL dataset,profit
resultscannotbecomputed.

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 achievedin
a decision-makingtask,aresensitive to whetherprobabil-
ity estimatesarewell-calibrated.Lift chartsarethefourth
evaluationmethod.Like ROC curves,they aresensitive to
accuracy in rankingtestexamples,but not to whetherprob-
ability estimatesarenumericallyaccurate.

The ranking of the ten probability estimationmethodsis
almostthesameaccordingto all four evaluationmethods.
Thedifferencesbetweenmethodsseemsmallwith themet-
rics MSE andaveragelog-loss.However thelift chartdif-
ferencesarelarge,asarethedifferencesin profit achieved.
Thereforewerecommendtheselattertwo evaluationmeth-
odsfor futureresearch.



In general,a good probability estimationmethod must
make majorchangesin thescoresproducedby a standard
decisiontreeor naive Bayesianclassifier. We recommend
not usingany pruningmethodsbasedon error minimiza-
tion, andinsteadapplyinga regularizationmethodsuchas� -estimation,binning,or ourcurtailmentmethod.Simply
usingLaplacesmoothing,or changingthe splitting crite-
rion usedto grow a decisiontree,haslittle benefit.

Specifically, for decisiontreesthemethodwe recommend
is a combinationof curtailmentwith smoothing.A major
advantageof thismethodis thatit producesrelativelysmall
andhenceunderstandabledecisiontrees,while still giving
high-resolution,well-calibratedprobabilityestimates.

Although previous research(Provost & Domingos,2000;
Bauer& Kohavi, 1999)hassuggestedthatbaggingcansub-
stantiallyimproveprobabilityestimatesproducedby deci-
siontrees,thisfindingis notconfirmedby ourexperiments.
Identifying the reasonsfor this phenomenonis a topic for
furtherresearch.Ourwork focuseson obtainingcalibrated
probability estimatesfor large unbalanceddatasets.Fur-
therwork is alsoneededto assesstheperformanceof our
methodsonbalancedand/orsmalldatasets.
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