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Abstract

Decisiontreeis adivideandconquerclassificationmethodusedin machinelearning.Most
pruningmethodsfor decisiontreesminimize a classificationerror rate. In uncertaindo-
mains,somesub-treeswhich do not decreasethe error ratecanbe relevant to point out
somepopulationsof specificinterestor to give a representationof a large datafile. We
presentherea new pruningmethod(called ��� pruning). It takes into accountthe com-
plexity of sub-treesandis ableto keepsub-treeswith leavesyielding to determinerelevant
decisionrules,althoughthey do not increasetheclassificationefficiency. ��� pruningal-
lows to assessthe quality of the datausedfor the knowledgediscovery task.In practice,
thismethodis implementedin theUnDeTsoftware.

Key words: DecisionTree,Quality,Pruning,Uncertaindata.

1 Introduction

DataminingandKnowledgeDiscoveryin Databases(KDD) arefieldsof increasing
interestcombiningdatabases,artificial intelligence,machinelearningandstatistics.
Broadlyspeaking,thepurposeof KDD is to extractfrom largeamountsof datanon
trivial “nuggets”of informationin aneasilyunderstandableform. Suchdiscovered
knowledgemaybefor instanceregularitiesor exceptions.

In this context, with the growth of databases,methodswhich explore data- like
for exampledecisiontrees- arerequired.Suchmethodscangiveasummaryof the
data(which is easierto analyzethanthe raw data)or canbe usedto build a tool
(like for exampleaclassifier)to helpauserfor many differentdecisionmakings.
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Briefly, adecisiontreeis built from asetof trainingdatahaving attributevaluesand
aclassname.Theresultof theprocessis representedasa treewhichnodesspecify
attributesandbranchesspecifyattribute values.Leavesof the treecorrespondto
setsof exampleswith thesameclassor to elementsin whichnomoreattributesare
available.Constructionof decisiontreesis described,amongothers,by Breimanet
al. (1984)[1] who presentanimportantandwell-known monographon classifica-
tion trees.A numberof standardtechniqueshavebeendeveloped,for examplelike
thebasicalgorithmsID3 [2] andCART [1].

Nevertheless,in many areas,suchasmedicine,dataareuncertain:this meansthat
therearealwayssomeexampleswhich escapetherules.Translatedin thecontext
of decisiontrees,this meansthat theseexamplesseemsimilar but in fact differ
from their classes.In thesesituations,it is well-known (see[1], [3]) thatdecision
treealgorithmstend to divide nodeshaving few examplesand that the resulting
treestendto be very large andoverspecified.Somebranches,especiallytowards
thebottom,arepresentdueto samplevariability andarestatisticallymeaningless
(onecanalsosaythat they aredueto noisein thesample).Pruningmethods(see
[1], [4], [2]) try to cut suchbranchesin orderto avoid thisdrawback.

In uncertaindomains,theunderstandingof themechanismof thesemethodsis akey
point for their usein practice:in orderto achievea fruitful processof extractionof
information,thesemethodsrequiresdeclarativity duringtreatments.Wewill seein
Section3 thatwe includethis point in our pruningstrategy.

This paperis organizedasfollows.Section2 outlinesexisting decisiontreesprun-
ing methodsandsetsout thequestionof pruningin uncertaindomains.Wewill see
that theprincipalpruningmethodsarebasedon a classificationerror rateandthat
it maybea drawbackin uncertaindomains.So,in Section3, we proposea quality
index (called ��� for Depth-Impurityquality index) which is a trade-off between
the depthand the impurity of nodesof a tree.From this index, we infer a new
pruningmethodfor decisiontrees(denoted��� pruning)which is appropriatein
uncertaindomains:unlike usualmethods,this methodis not boundto thepossible
useof a treefor classification.It is capableof giving an efficient descriptionof a
datafile orientedby a priori classificationof its elementsandto highlight interest-
ing sub-populations,eventhoughtheclassificationerrorratedoesnotdecrease(see
examplesin section4). Wethink thatit is amajorpoint for theuseof decisiontrees
in uncertaindomains.In Section4, we give a shortoverview of the UnDeT soft-
warewhich implementsthis method.We presentexamplesin a realworld domain
in which weuse ��� pruningasa tool to optimizeafinal decisiontree.
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2 Motivations

Theprincipalmethodsfor pruningdecisiontreesareexaminedin [5], [4] and[6].
Most of thesepruningmethodsarebasedon minimizing a classificationerrorrate
whereeachelementof thesamenodeis classifiedin themostfrequentclassin this
node.The latter is estimatedwith a test file or usingstatisticalmethodssuchas
cross-validationor bootstrap.

Thesepruningmethodsareinferredfromsituationswherethebuilt treewill beused
asaclassifierandthey systematicallydiscardasub-treewhichdoesn’t improvethe
usedclassificationerrorrate.Letusconsiderthesub-treedepictedin Fig.1. � is the
classandit is herebivalued.In eachnodethefirst (resp.second)valueindicatesthe
numberof exampleshaving thefirst (resp.second)valueof � . Thissub-treedoesn’t
lessentheerrorrate,which is 	�

� bothin its root or in its leaves;neverthelessthe
sub-treeis of interestsinceit pointsout aspecificpopulationwith aconstantvalue
of � while in the remainingpopulationit’ s impossibleto predicta valuefor � .
We think that,in uncertaindomains,cuttingsucha sub-treewould introducemore
uncertaintythankeepingtheleaves.

Anotherway to prunedecisiontrees,basedon a quality improvement,is treated
in [7] and [8]. Thesemethodsusea quality measurementwhich indicatesan in-
formationgainbroughtby the tree.Eventhoughbothmethodshave theability to
sparesubtreeslike in Fig. 1, they have somelimitations: in [7], they do not take
into accountthecomplexity of thetreesandWehenkel [8] only computesthetotal
numberof nodeswithout integratingthelayoutof thetrees.In thecontext of induc-
tiverule learners,theideato managea trade-off betweenthegainof a rule (i.e. the
improvementof theaccuracy relative to the initial situation)andits structure(i.e.
thenumberof examplescovered)is, for instance,discussedin [9].

We pursueherea twofold aim: on onehand,we want to make a pruningmethod
which doesnot systematicallydiscarda sub-treewhich classificationerror rateis
equalto the rateof the root, andon the otherhand,we would like to handlethe
complexity of thetrees.Thefollowing sectiondescribesa treequality index anda
pruningmethodbasedonthisindex whichintegratestheseconstraints.Thismethod
is able to highlight interesting- in our opinion - sub-populations(like the ones
showed in Fig. 1). This methodis not basedon a classificationerror rateandwe
claim thatit is amajorpoint in uncertaindomains.

3



3 Depth-Impurity quality index and pruning

3.1 Framework for a quality index

Let us formulatethe questionof a quality index. We claim that the quality index
of a tree � hasits maximumvalueif andonly if the two following conditionsare
satisfied:

i) All theleavesof � arepure.
ii) Depthof � is 1.

We noticethat theseconditionsarepartof theusualframework to properlydefine
suitableattributeselectioncriteriato build decisiontrees([1], [7]). This framework
statesthaton a theoreticallevel, criteriaderived from an impurity measure([10])
perform comparably([1], [11] and [7]) � . Suchcriteria are called C.M. criteria
(concave-maximumcriteria)becauseanimpurity measure,amongothercharacter-
istics,is definedby aconcavefunction.Themostcommonlyusedcriteriawhichare
theShannonentropy (in thefamily of C4.5software[12]) andtheGini criterion(in
CART algorithms[1]), areC.M. criteria.

The ideais thento useknown properties(basedon an impurity measure)of C.M.
criteria to definea quality index. In orderto betterunderstandthe genesisof the
quality index thatwe presentbelow, we have to take a closerlook at thequestion
of attributeselectioncriteriain decisiontreesandits usualnotations.Let uscall �
theclassof theexamplesof a dataset,with values� ����������� �
� , � a nodeand � any
attributedefinedon � , with values� ����������� ��� . Let usnote � a C.M. criterion(see
Fig. 2).

We know (see[1], [10] and[7]) that ��� �"!"#%$ �&('*),+.-0/'*)1+2/43 � � & ! where � ����������� �5�
arethesub-nodesyieldedby � , 67�8� & ! is thenumberof examplesin � &

, and 3 is an
impurity measureof � . ��� ��! canbe viewedasa combinedmeasureof impurity
of the sub-nodesinducedby � . The valueof the criterion in a nodereflectshow
appropriatelythechosenattributedividesthedata:it is awayto quantifythequality
of a treeof depth1. For example,theoreticalresultsonC.M. criteriaclaim thatthe
minimum value of ��� ��! is reachedif and only if the sub-nodesinducedby �
arepurewith respectto � , that ���8�"! hasits maximumvalue if andonly if the
frequency distributionsof � in � andin thesub-nodesinducedby � areequal.

In fact,thesecriteria,usedto quantifythequalityof asplitting (thatmeansof atree
of depth1) canbestraightforwardly extendedin orderto evaluatethequality of a
treeof any depth:thesub-nodesof depth1 inducedby � arereplacedby theleaves

� We usedherethetermof impurity becauseit is themostusualin themachinelearning
community([1] [10]).
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of any depthof the tree.Furthermore,we shall not forget that our aim is to offer
a suitablepruningmethodin uncertaindomains.In this context, we claim that a
deeptreeis lessrelevantthanasmall:thedeeperatree,thelessunderstandableand
reliable.For example,in Fig. 3, wepreferthetreewhichhastherootdenoted�79 to
theonewith root � �8: (evenif thefrequency distributionsof � arethesameon all
leaves).Ontheotherhand,bothtreeswith root �79 and �5; havethesamenumberof
miss-classifiedexamples,but we preferthetreewith root �79 becauseit is simpler.

So,wehave to properlydefineaquality index which takesinto accountbothimpu-
ritiesanddepthsof leaves.Thenext sectionpresentsthis index.

3.2 Thequality index ���

First of all, we definethe quality of a node � (called �2<>= for Impurity Quality
Node)asacombinationbetweenits purity andits depth.�2<>=(�8�?! is relative to the
tree � where � is located(sowe introduce� in thenotation). �2<>=A@B� �?! is given
by Equation1:

�2<�=C@B� �?!D#E�F	?G 3 � �?!H!JIK� �.LHMONJP4@K� �?!J! (1)

where � is thedecisiontreewhich containsthenode � and 3 is animpurity mea-
surenormalizedbetweenQR
 � 	�S . Let usnotethatas 3 is animpurity measure,�T	UG 3 !
definesa purity measure.By introducinga dampingfunction(denotedI ), �2<>= is
ableto takeinto accountthedepthof anodewithin � (denoted�.LHMONJP4@V! : thedeeper
anode,thelower its quality.

Equation2 definesthequality index �W� (for Depth-Impurity)of a subtree�YX in �
(wenoteeither ���Z�[�VXF! or ���Z� �\XJ! , thequality index of thetree �VX of root �\X ). ���
is directly stemmedfrom �2<�= astheweightedaverageof thequality of thetree’s
leaves:

���Z�]�YXH!^#_���Z� �\XF!D#
�` &ba �

6 &
6cX �2<�=C@B� �5d& ! (2)

where� d � ��������� � d� aretheleavesof �VX , 6 &
(resp.6eX ) : givesthenumberof examples

in � d& (resp.�\X ).
So,Equation2 canalsobewritten:

���Z�]�YXH!^#_���Z� �\XF!D#
�` &ba �

6 &
6cX �F	?G 3 �8� d& !H!JIK� �.LHMONJP4@B�8� d& !H! (3)

: to simplify notations,we replacefcg[h &]i
by f &
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Dueto thedefinitionof �2<�= , thedepthof a leaf is computedfrom theroot of the
whole tree(andnot from the root of �VX ). For instance,in Fig. 3, to computethe
quality of thesub-treeof root �79 , thedepthof theleaf � d j is with respectto � � . If
wecomebackto theexamplegivenat theendof theprevioussection(comparison
betweentreesof root �79 versusthe oneof root � �8: ), we notice that the quality
index of thetreeof root � �8: is lower becauseit is deeper. This choiceto compute
thedepthallows to comparewhichever nodes.As ��� is basedon �4<>= (andthus
onthedampingfunctionusedin �2<>= ), ��� alsotakesinto accountthedepthof the
leaves.

We are led to addressnow the questionof definingthe dampingfunction I . The
argumentof I is adepthof anode(denoted� ). A minimal setof constraintsis:

1 I is decreasing.
2 IK�F	k!^#l	

Constraint1 correspondsto thedampingprocessand2 is necessaryto satisfycon-
dition ii) of our framework. If wechooseanimpurity measurenormalizedbetweenQm
 � 	�S , as $ �& '�-'�n #o	 , we will seeimmediatelywith bothconstraintsthat thevalue
of ��� is betweenQm
 � 	�S . Thehigherthevalueof ��� , thebetterqualityof �VX .
Furthermore,weaddthethreefollowing constraints:

3 IK� �2!^pq
 when � tendstowardsthetotal numberof attributes.
4 
�r_IK�8�2!5rs	
5 IK� �\tu	�!^#_v � IK�8�2! wherevxwzy5{ (in practice,v(w|QR
 � 	.Q to respectconstraint

1)

Constraint3 meansthat a leaf which hasa depthsimilar to the total numberof
attributesis likely to beunreliable(particularlyin uncertaindomains),so it seems
sensiblethat the valueof its quality is closeto the minimum valueof ��� . Con-
straint4 allows thevaluesof thedampingfunctionandof thepurity (or impurity)
of a leaf to have sameroughestimates.Over theachievementof a lineardamping,
constraint5 is suggestedby algorithmicconsiderations:we will seethat it allows
to have a linear computationof ��� asindicatedby the remarkbelow. So,asthe
numberof elementarystepsin thewholeprocessis limited, thecomputationalcost
of ��� pruning (seeSection3.3) is particularly low and it is tractableeven with
largedatabases.

Translatedinto a mathematicalform, this setof constraintsleadsto chooseanex-
ponentialfunctionfor I .

Proof. From IK�8�}t~	�!K#_v � IB� �2! , wededuce:IK� �2!^#_v ),��� � / � IK�F	k! . Wethusgetfrom
2: IB� �2!^#_v )1��� � / . Thisequalityimpliesthat I is anexponentialfunction.

6



Wethuschoosethefollowing function I :

IK� �2!^#�L ���T�*�� (4)

where = is thetotal numberof attributes(let usnotethatany exponentialfunction
canbechosen).

If we comebackto the treegiven in Fig. 3, we noticethat the treewhich hasthe
root denoted�79 hasa greater��� valuethanthe onewith root �5; : impuritiesof
leavesof thesetreesareequal,but thelatteris morecomplex thantheformer. This
hasbeentakeninto accountby ��� .

Remark: with regardto the algorithmicpoint of view, computationof ��� is not
expensive.Wecaneasilywrite �W�Y�[�VXF! accordingto the ��� valuesof sonsof �VX : in
otherwords,thecomputationof �W�Y�[�VXJ! is theweightedaverageof the ��� values
of thesonsof �VX .

Proof. As usedpreviously, � d � ��������� � d� aretheleavesof a tree �VX of root �\X . Let us
call �7� asonof �\X and � d� theleavesstemmedfrom �7� . Wehave:

���Z� �7��!^# `
�

6 �
6e� � �2<>=A@B� � d� ! (5)

To considerall thesonsof �\X :
`
�

6��
6cX � ���Z�8�7��!D# `

�
6e�
6eX � �

`
�

6 �
6e� � �2<>=A@B� �5d� !H! (6)

As thesetsof leavesof each�7� makeapartitionof theleavesof �\X , we have:

`
�

6��
6cX � �

`
�

6 �
6�� !^#

�`&ba �
6 &
6eX (7)

With (7), (6) becomes:

`
�

6��
6cX � ���Z�8�7��!D#

�`&ba �
6 &
6cX � �2<�=C@^�8� d& ! (8)
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It followseasilythatthedefinitionof ��� (seeEquation2) canberewritten:

���Z� �\XJ!^# `
�

6e�
6eX � �W�Y�8�7��! (9)

By ensuringthat ��� is computedfor eachnodein onestep,this point will allow
a low computationalcost for the ��� pruningmethod.We will now move to this
subject.

3.3 ��� pruning

��� leadsto astraightforwardwayto prunesub-trees�YX : themainideais to compare���Z�]�YXF! with therelativequalityof its root.When �W�Y�[�VXF! is lower thantherelative
quality of its root, the “cost” of �YX (due to its complexity) is more “expensive”
thanthe benefitof the explanationit hasgenerated.So, �VX reducesthe quality of
thewholetree � . Thencuttingandreplacing�YX by its root,which becomesa leaf,
improvethequalityof � . Within our framework, thismeansthatif wecutasubtree�VX of root �\X satisfyingEquation(10), the quality of the whole tree � canonly
increase.

���Z� �\XJ!5r 6cX
6 � �4<>=A@K�8�\XH! (10)

where 6 is the numberof examplesof � . So, a straightforward pruningmethod
thatmaximizesthequalityof � , consistsin pruningrecursively from thebottomof� , all sub-trees�YX of � satisfyingEquation10. We call this method ��� pruning
becauseit goeswith ��� .

Let usnotethatthecost-complexity methodof Breiman[1] usesa similar process
(thatmeansa trade-off betweena “cost” anda “benefit” to cut sub-trees),but the
costis basedonaclassificationerrorrate.

From experiments,we noticedthat the degreeof pruning is quite boundto the
uncertaintyembeddedin data.In practice,thatmeansthedampingprocesshasto be
adjustedaccordingto datain orderto obtain,in all situations,a relevantnumberof
prunedtrees.For that,weintroduceaparameter(denoted� ) to controlthedamping
process:thehigher � , themoreextensivethepruningstage(i. e. themoresub-trees
arecut). Equation(11) givesthe dampingfunction updatedby this parameter(as
usual,= is thetotal numberof attributes):

I���� �2!^#�L �c�F� �T�*���� with k w�y { (11)

8



With ��#�	 , wefind againEquation4. By varying � , �W� pruningproducesafamily
of nestedprunedtreesspreadingfrom the initial large treeto the treerestrictedto
its root. In practice,it shouldbenot easyto selectautomaticallythe“best” pruned
tree (but it is not the main aim of this stageof this work). Nevertheless,curves
of ��� asa function of � andasa function of the numberof prunednodesgive
a pragmaticmethodto stopthe pruningprocess.Furthermore,if we areeagerto
obtainautomaticallya single“best” prunedtree,we canusea procedurerequiring
a testfile [1] [6].

Fig. 4 shows theprunedtreeobtained(with ��#�	 ) from thewhole treeindicated
in Fig. 3. Two sub-trees(of root �5; and � �8: ) havebeencut.Althoughthesub-trees
of root �79 and � �8: areidentical,only the latter is cut becauseit is deeperthanthe
former. Moreover, eventhoughthefrequency distributionsof � in �79 andin �5; are
equal,thesub-treeof root �5; is removed(andnot thesub-treeof root �79 ), because
�5; is morecomplex than �79 . Let usremarkthat ���Z� � � ! hasincreased,asexpected.

4 Experiments

We have designedan induction software called UnDeT (for UncertainDecision
Trees)which producesdecisiontrees.Threeparadigmsof attributeselectioncrite-
ria areavailablein UnDeT: gain,gain ratio andORT criterion (the choiceof one
of thesedependson the kind of dataand the aim wishedby the user:see[13]).
UnDeTcomputes�2<>= and ��� indexesfor eachnodeandprunedtreeswith ���
pruning.Ourtool alsooffersall thefunctionalitieswhichonecanexpectfromanef-
fectivedataminingtool: managementof thetrainingandtestsets,automaticcross-
validation,confusionsmatrix,back-upsandre-useof theclassificationbuilt model
(moreinformationaboutall the functionalitiesof UnDeTandits useto studydif-
ficult problemsissuedfrom uncertaindomainsare available in [14]). UnDeT is
includedin a more generaldatamining tool-box in which anothermajor part is
dedicatedto thetreatmentof missingvalues[15].

In this sectionwe describetheresultsobtainedby runningUnDeTon a realworld
database.We performUnDeT with the gain criterion (Shannonentropy) [12] be-
causeit is the mostcommonlyused.The dataset is a medicaldatabasecoming
from the UniversityHospitalat Grenoble(France)andrunson child’s meningitis
(treesin Fig. 5 to 7 aresnapshotsproducedby UnDeT).

4.1 Child’s meningitis

Facedwith achild with acaseof acutemeningitis,theclinicianmustquickly decide
whichmedicalcourseshouldbetaken.Briefly, themajorityof thesecasesareviral

9



infectionsfor which a simplemedicalsupervisionis sufficient,whereasaboutone
quartercasesarecausedby bacteriaandneedtreatmentwith suitableantibiotics.

In typical cases,the diagnosiscould be consideredasobvious anda few simple
rulesenablea quasicertaindecision.However, nearlyonethird of thesecasesare
presentedwith non-typicalclinical andbiological data:the difficulty of the diag-
nosislies in the fact that theobservedattributes,consideredseparately, have little
diagnosticsignification.The aim of this sectionis to study the relevanceof ���
pruningin suchdomains.

The useddataset is composedof 329 instances,describedby 22 (quantitative or
qualitative)attributes.Theclassis bivalued(viral versusbacterial).

4.2 Results

Theinitial largetree(seeFig. 5) has29 nodeswith pureleaves.Its quality (0.739)
is high, especiallyfor a medicaldomain.This resultis dueto therelevanceof the
usedattributes.

On the tree depictedin Fig. 5 and further, let us call � &
the sub-treeof root la-

belled[i]. �Z; hasanimpurity in its rootequalto 0.54(2 miss-classifiedinstances
among16) and � �8� hasan impurity in its root equalto 0.77(7 miss-classifiedin-
stancesamong31). Although � �8� increasessignificantly the classificationresult
(it finally leadsto a singlemiss-classifiedinstance),�W�Y�[� �8� ! remainslower than
���Z�]�U;�! ( ���Z�]� �8� !^#�
 �,�*�*� and ���Z�]�U;�!^#�
 ���
��� ). Thisbehavior wasexpected:� �8�
is complex andsomeleavesarereachedonly at theseventhlevel of thetree.So,the
explanationgivenby � �8� is not very reliable.

Fig. 6 representsthe first prunedtreeobtainedwith ��# � , its quality is slightly
improved(0.743).Thesub-treeof root labelled[11] becomesaleaf.Thispruning
introduces2 miss-classifiedinstances.This numberis not high regardingthe 201
instancesof thenode.Furthermore,in orderto properlyclassifythese2 instances,
theinitial largetreehadto build a complex sub-treewith deepleaves.Suchleaves
appearnot to bevery reliablein uncertaindomains.

Finally, Fig. 7 indicatesthenext prunedtreeobtainedwith �W# � . With thispruning
stage,a new stepof simplification is reached.The sub-treeof root labelled[3]
becomesa leaf (in this case,the sub-tree� �8� is cut: its complexity to classifya
singleinstanceis not reliable).

It is importantto notice that the sub-treeof root labelled[4] is not destroyed:
evenif it doesnot decreasethenumberof miss-classifiedexamples(which is 2 on
both root andleaves),this sub-treehighlightsa reliablesub-populationwhenthe
attribute“cytol” is higherthan600(this resultis checkedby themedicalexpert).It
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is typically thesituationthatwepresentedin our motivations(seeSect.2).

5 Conclusion

We have presenteda quality index ��� for decisiontreesfor uncertaindomains
which realizesa trade-off betweenthe impurities and the depthof the leavesof
a tree.Stemmingfrom �W� , we presenta pruning methodwhich is able to keep
sub-treeswhich do not decreasean error ratebut canpoint out somepopulations
of specificinterest;yet usualmethodsarebasedon a classificationerror rate.We
claim thatit is amajorpoint in uncertaindomains.

Furtherwork is to optimizethe choiceof the dampingparameterso that it is not
linked to the degreeof uncertaintyembeddedin the dataand it gives the “best”
prunedtree.A way for this is to usea testfile. Wewill movethento anotherstage
of our work, which will beto selecta prunedtreewhich reflects- in general - the
soundknowledgeof the studieddata.A further stageis to compare��� pruning
with othersknown methods[4] [5] [16].

Finally, let us note that whenthe quality index hasa low valueon a subtree�YX ,
it suggeststhat �VX containspoor datafor the KnowledgeDiscovery in Databases
tasks.Anotherdirectionis to usethis index to managea feedbackto theexpertsof
thedomainin orderto improvesuchdata.
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[9] L. Todorovski, P. Flach,andN. Lavrač. Predictive performanceof weightedrelative
accuracy. In proceedingsof the fourth EuropeanConference on Principles and
Practiceof Knowledge Discovery in Databases, volume1910,pages255–264,Lyon
(France),2000.SpringerVerlag.

[10] U. M. Fayyad and K. B. Irani. The attribute selectionproblem in decisiontree
generation. In proceedingsof TenthNational Conferenceon Artificial Intelligence,
pages104–110,Cambridge,1992.MA: AAAI Press/MITPress.

[11] W. BuntineandT. Niblett. A further comparisonof splitting rulesfor decision-tree
induction.MachineLearning8, pages75–85,1992.

[12] J.RQuinlan. C4.5Programsfor machine learning. MorganKaufmann,SanMateo,
Californie,1993.

[13] B. CrémilleuxandC. Robert. Useof selectioncriteria in decisiontreesin uncertain
domains. In Uncertainty in Intelligent and Information Systems, pages150–161.
BouchonMeunier, B. andYager, R., R. andZadeh,Z., A., world scientificedition,
2000.

[14] D. Fournier. Undet:a tool for building uncertaintrees. Computingand Information
SystemsJournal, 7:73–78,2000.

[15] A. RagelandCrémilleuxB. Mvc - apreprocessingmethodto dealwith missingvalues.
Knowledge-BasedSystems, pages285–291,1999.

[16] M. BohanecandI. Bratko. Tradingaccuracy for simplicity in decisiontrees.Machine
Learning, (15):223–250,1994.

12



(79,0) (11,10)

(90,10)

Fig. 1. A treewhichcouldbeinterestingalthoughit doesn’t decreasethenumberof errors.
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Fig. 5. Initial largetree.
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Fig. 6. Prunedtree( ·>¸~¹ ).

Fig. 7. Prunedtree( ·>¸xº ).

16


