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Abstract

Decisiontreeis adivide andconquerclassificatiomnethodusedin machindearning.Most
pruning methodsfor decisiontreesminimize a classificationerror rate.In uncertaindo-
mains,somesub-treesvhich do not decreasehe error rate can be relevant to point out
somepopulationsof specificinterestor to give a representatiomf a large datafile. We
presentherea new pruning method(called DI pruning). It takesinto accountthe com-
plexity of sub-tree@ndis ableto keepsub-treesvith leavesyielding to determinerelevant
decisionrules, althoughthey do not increasethe classificationefficiency. DI pruningal-
lows to assesshe quality of the datausedfor the knowledgediscorery task.In practice,
this methodis implementedn the UnDeT software.

Key words: DecisionTree,Quality, Pruning,Uncertaindata.

1 Introduction

DataminingandKnowledgeDiscoveryin Database®DD) arefieldsof increasing
interestcombiningdatabasesrtificial intelligence machindearningandstatistics.
Broadlyspeakingthe purposeof KDD is to extractfrom largeamountsf datanon
trivial “nuggets”of informationin aneasilyunderstandabl®rm. Suchdiscovered
knowledgemaybefor instanceregularitiesor exceptions.

In this context, with the growth of databasesnethodswhich explore data- like
for exampledecisiontrees- arerequired.Suchmethodscangive a summaryof the
data(which is easierto analyzethanthe raw data)or canbe usedto build a tool
(like for examplea classifier)to helpa userfor mary differentdecisionmakings.
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Briefly, adecisiontreeis built from asetof trainingdatahaving attributevaluesand
aclassname.Theresultof the processs representedsatreewhich nodesspecify
attributesand branchesspecify attribute values.Leaves of the tree correspondo

setsof exampleswith the sameclassor to elementsn which no moreattributesare
available.Constructiorof decisiontreesis describedamongothers by Breimanet

al. (1984)[1] who presentanimportantandwell-known monograpton classifica-
tion trees. A numberof standardechnique$ave beendeveloped for examplelike

thebasicalgorithmsiD3 [2] andCART [1].

Neverthelessin mary areassuchasmedicine,dataareuncertainithis meanghat
therearealwayssomeexampleswhich escapeherules. Translatedn the context
of decisiontrees,this meansthat theseexamplesseemsimilar but in fact differ
from their classesln thesesituationsit is well-known (see[1], [3]) thatdecision
tree algorithmstend to divide nodeshaving few examplesandthat the resulting
treestendto be very large and overspecified Somebranchesgspeciallytowards
the bottom,are presendueto samplevariability andare statisticallymeaningless
(onecanalsosaythatthey aredueto noisein the sample).Pruningmethodg(see
[1], [4], [2]) try to cutsuchbranchesn orderto avoid this dravback.

In uncertairdomainstheunderstandingf themechanisnof thesemethodss akey
pointfor their usein practice:in orderto achieve afruitful processf extractionof
information,thesemethodsequiresdeclaratvity duringtreatmentsWe will seein
Section3 thatwe includethis pointin our pruningstrateyy.

This paperis organizedasfollows. Section2 outlinesexisting decisiontreesprun-
ing methodsandsetsout the questionof pruningin uncertaindomainsWe will see
thatthe principal pruningmethodsarebasedon a classificationerror rateandthat
it maybea dravbackin uncertaindomains.So,in Section3, we proposea quality
index (called DI for Depth-Impurityquality index) which is a trade-of between
the depthand the impurity of nodesof a tree. From this index, we infer a new
pruning methodfor decisiontrees(denotedDI pruning)which is appropriatein
uncertaindomains:unlike usualmethodsthis methodis not boundto the possible
useof atreefor classificationlt is capableof giving an efficient descriptionof a
datafile orientedby a priori classificatiorof its elementsandto highlightinterest-
ing sub-populationggventhoughtheclassificatiorerrorratedoesnotdecreasésee
examplesn sectiond). We think thatit is amajorpointfor theuseof decisiontrees
in uncertaindomains.In Section4, we give a shortoverview of the UnDeT soft-
warewhich implementghis method.We presentxamplesin arealworld domain
in whichwe useD1I pruningasatool to optimizeafinal decisiontree.



2 Motivations

The principalmethoddor pruningdecisiontreesareexaminedin [5], [4] and[6].

Most of thesepruningmethodsarebasedon minimizing a classificatiorerrorrate
whereeachelementof the samenodeis classifiedn the mostfrequentclassin this
node.The latter is estimatedwith a testfile or using statisticalmethodssuchas
cross-alidationor bootstrap.

Thesepruningmethodsareinferredfrom situationsvherethebuilt treewill beused
asaclassifierandthey systematicallydiscarda sub-treewvhich doesnt improve the
usedclassificatiorerrorrate.Let usconsidethesub-treadepictedn Fig. 1. D isthe
classandit is herebivalued.In eachnodethefirst (resp.secondyalueindicateshe
numberof exampleshaving thefirst (resp.secondyalueof D. Thissub-treedoesnt

lesserthe errorrate,whichis 10% bothin its root or in its leaves;neverthelesghe
sub-treds of interestsinceit pointsout a specificpopulationwith a constanwvalue
of D while in the remainingpopulationit’s impossibleto predicta valuefor D.

We think that,in uncertaindomains cutting sucha sub-treewould introducemore
uncertaintythankeepingthe leaves.

Anotherway to prunedecisiontrees,basedon a quality improvement,is treated
in [7] and[8]. Thesemethodsusea quality measuremenivhich indicatesan in-

formationgain broughtby the tree. Eventhoughboth methodshave the ability to

sparesubtreedike in Fig. 1, they have somelimitations: in [7], they do not take
into accounthe compleity of thetreesandWehenlel [8] only computeghetotal

numberof nodeswithoutintegratingthe layoutof thetrees.n thecontext of induc-
tiverule learnerstheideato manageatrade-of betweerthegainof arule (i.e. the
improvementof the accurag relative to theinitial situation)andits structure(i.e.

thenumberof examplescovered)is, for instancediscussedn [9].

We pursueherea twofold aim: on onehand,we wantto make a pruningmethod
which doesnot systematicallydiscarda sub-treewhich classificationerror rateis
equalto the rate of the root, and on the otherhand,we would like to handlethe
compl«ity of thetrees.Thefollowing sectiondescribes treequality index anda
pruningmethodbasednthisindex whichintegrategheseconstraintsThis method
is able to highlight interesting- in our opinion - sub-populationglike the ones
shavedin Fig. 1). This methodis not basedon a classificationerror rate andwe
claimthatit is amajorpointin uncertaindomains.



3 Depth-Impurity quality index and pruning

3.1 Framevorkfor a quality index

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

i) All theleavesof T arepure.
ii) Depthof T"is 1.

We noticethattheseconditionsare partof the usualframeavork to properlydefine
suitableattribute selectiorcriteriato build decisiontrees([1], [7]). Thisframewnork
statesthat on a theoreticallevel, criteria derived from animpurity measurg[10])
perform comparably([1], [11] and[7]) ' . Suchcriteria are called C.M. criteria
(concare-maximuncriteria) becaus@nimpurity measureamongothercharacter
istics,is definedby aconcae function. Themostcommonlyusedcriteriawhich are
theShannorentroyy (in thefamily of C4.5software[12]) andthe Gini criterion(in
CART algorithmg[1]), areC.M. criteria.

Theideais thento useknown propertiegbasedon animpurity measurepf C.M.
criteriato definea quality index. In orderto betterunderstandhe genesisof the
guality index thatwe presentbelow, we have to take a closerlook at the question
of attribute selectiorcriteriain decisiontreesandits usualnotationsLet uscall D

the classof the examplesof a dataset,with valuesds, . . ., di, €2 anodeandY” ary
attribute definedon 2, with valuesy, . .., y,. Letusnote¥ a C.M. criterion (see
Fig. 2).

We know (see[1], [10] and[7]) that ¥ (Y) = > %@(Qi) whereQy,...,Q,
arethesub-nodeyieldedby Y, «(€;) is thenumberof examplesn ©;, andy is an
impurity measureof D. ¥(Y') canbe viewed asa combinedmeasureof impurity
of the sub-nodesnducedby Y. The value of the criterionin a nodereflectshow
appropriatelythechoserattributedividesthedata:it is awayto quantifythequality
of atreeof depthl. For example theoreticakesultson C.M. criteriaclaim thatthe
minimum value of ¥(Y") is reachedf andonly if the sub-nodesnducedby Y
are purewith respectto D, that ¥(Y") hasits maximumvalueif andonly if the
frequeny distributionsof D in 2 andin thesub-nodesnducedby Y areequal.

In fact,thesecriteria,usedto quantifythe quality of asplitting (thatmeansof atree
of depthl) canbe straightforvardly extendedin orderto evaluatethe quality of a
treeof any depth:thesub-nodesf depthl inducedby Y arereplacedy theleaves

1 We usedherethe term of impurity becausét is the mostusualin the machinelearning
community([1] [10]).



of any depthof the tree. Furthermorewe shall not forgetthat our aim is to offer
a suitablepruning methodin uncertaindomains.In this context, we claim that a
deeptreeis lessrelevantthanasmall:thedeepemtree,thelessunderstandabland
reliable.For example,in Fig. 3, we preferthetreewhich hastherootdenoted?; to
the onewith root (2,5 (evenif thefrequeng distributionsof D arethe sameon all
leaves).Ontheotherhand,bothtreeswith root(2; and(2, have the samenumberof
miss-classifie@xamples put we preferthetreewith root €23 becausdt is simplet

So,we haveto properlydefinea quality index which takesinto accountothimpu-
rities anddepthsof leaves.The next sectionpresentshisindex.

3.2 Thequalityindex DI

First of all, we definethe quality of a node{2 (called IQN for Impurity Quality
Node)asacombinatiorbetweerits purity andits depth.7Q N () is relative to the
treeT where(2 is located(sowe introduceT in the notation)./Q Nz (f2) is given
by Equationl.:

1QN7r(Q) = (1 = ¢(2)) f (depthr () (1)

whereT is the decisiontreewhich containsthe nodef) andy is animpurity mea-
surenormalizedbetweer|0, 1]. Letusnotethatasy is animpurity measure(l — )
definesa purity measureByY introducinga dampingfunction (denotedf), IQN is
ableto take into accounthedepthof anodewithin T’ (denotediepthr): thedeeper
anode,thelowerits quality.

Equation2 definesthe quality index DI (for Depth-Impurity)of a subtreel’; in T
(we noteeitherDI(Ty) or DI(;), thequalityindex of thetreeT of root(2,). DI
is directly stemmedrom IQ N astheweightedaverageof the quality of thetree’s
leaves:

m

DI(T,) = DI(Q,) = Y- “ IQNr(%) 2)
i=1 s
where(Y), ..., Q! aretheleavesof T}, ; (resp.a;;) ? givesthenumberof examples

in Q) (resp.£2).

So,Equation2 canalsobewritten:

DI(T;) = DI(%,) = i (1 — () f(depthr (<) 3)

i=1 %s

2 to simplify notationswe replacex(€2;) by «;



Dueto thedefinitionof IQ N, thedepthof aleafis computedrom theroot of the
whole tree (and not from the root of 7). For instance,n Fig. 3, to computethe
quality of the sub-treeof root (23, the depthof theleaf 2/, is with respecto ;. If
we comebackto the examplegivenatthe endof the previous section(comparison
betweentreesof root {23 versusthe one of root €2;5), we notice that the quality
index of thetreeof root €2, is lower becausét is deeperThis choiceto compute
the depthallows to comparewhichever nodes As DI is basedon IQN (andthus
onthedampingfunctionusedin IQN), DI alsotakesinto accounthedepthof the
leaves.

We areled to addressnow the questionof definingthe dampingfunction f. The
argumentof f is adepthof anode(denotedi). A minimal setof constraintss:

1 fisdecreasing.

2 f(1) =

Constraintl corresponds$o the dampingprocessand?2 is necessaryo satisfycon-
dition ii) of our framework. If we chooseanimpurity measurenormalizedbetween
[0,1], as3>i" 2t = 1, we will seeimmediatelywith both constraintghatthe value
of DI is betweer{() 1]. Thehigherthevalueof DI, the betterquality of 7.

Furthermoreye addthethreefollowing constraints:

3 f(d) ~ 0 whend tendstowardsthetotal numberof attributes.

40< f(d) <1

5 f(d+1) = B.f(d) whereg € R* (in practice,3 € [0, 1] to respectonstraint
1)

Constraint3 meansthat a leaf which hasa depthsimilar to the total numberof

attributesis likely to be unreliable(particularlyin uncertaindomains) soit seems
sensiblethat the value of its quality is closeto the minimum valueof DI. Con-

straint4 allows the valuesof the dampingfunction andof the purity (or impurity)

of aleafto have sameroughestimatesOver the achieeementof alineardamping,
constraints is suggestedby algorithmicconsiderationswe will seethatit allows

to have a linear computationof DI asindicatedby the remarkbelowv. So, asthe

numberof elementarystepsn thewhole processs limited, the computationatost
of DI pruning (seeSection3.3) is particularlylow andit is tractableeven with

largedatabases.

Translatednto a mathematicaform, this setof constraintdeadsto choosean ex-
ponentialfunctionfor f.

Proof. From f(d+1) = B.f(d), wededuceif (d) = B¢ _f(1). Wethusgetfrom
2: f(d) = B9V, This equalityimpliesthat f is anexponentialfunction.



We thuschoosethefollowing function f:

fld)=e 7 (4)

whereN is thetotal numberof attributes(let us notethatany exponentialfunction
canbechosen).

If we comebackto thetreegivenin Fig. 3, we noticethatthe treewhich hasthe
root denoted2; hasa greaterDI valuethanthe onewith root €,: impurities of
leavesof thesetreesareequal,but thelatteris morecomplex thanthe former. This
hasbeentakeninto accountoy D1.

Remark: with regardto the algorithmic point of view, computationof DI is not
expensve.We caneasilywrite DI(7;) accordingo the DI valuesof sonsof 75: in

otherwords,the computatiornof DI(T5) is the weightedaverageof the DI values
of thesonsof T;.

Proof. As usedpreviously, 2}, ..., aretheleavesof atreeT of root(2;. Letus
call ©, asonof €2, andQ;- theleavesstemmedrom ;.. We have:

DI(@) = 3 L IQNr() (5)

j
To considerall the sonsof €),:

> 2 DI) = 30 S5 21N () (6)

s k s jak

As the setsof leavesof each(),, make a partitionof theleavesof €2, we have:

m

YEEY =y (7)

k % T Ck i=1 (s

With (7), (6) becomes:

m

> 2EDI() = Y- <L IQNr () (8)
k

S =1 S



It follows easilythatthe definitionof DI (seeEquation2) canberewritten:

DI(2,) = Y- 22 DI(%) ©)

O

By ensuringthat DI is computedfor eachnodein one step,this point will allow
a low computationakostfor the DI pruningmethod.We will nhow move to this
subject.

3.3 DI pruning

DI leadgto astraightforvardwayto prunesub-treed’;: themainideais to compare
DI(Ts) with therelative quality of its root. When D1 (T5) is lowerthantherelative

guality of its root, the “cost” of T, (dueto its compl&ity) is more “expensve”

thanthe benefitof the explanationit hasgeneratedSo, T; reduceshe quality of

thewholetreeT'. Thencuttingandreplacing?; by its root, which becomes leaf,

improve thequality of 7". Within ourframework, this meanghatif we cutasubtree
T, of root €, satisfyingEquation(10), the quality of the whole tree T" canonly

increase.

DI(Q) < Z*IQNr () (10)

wherea is the numberof examplesof T'. So, a straightforward pruning method
thatmaximizeghe quality of 7', consistdn pruningrecursvely from the bottomof
T, all sub-treesl’; of T satisfyingEquation10. We call this method DI pruning
becausét goeswith DI.

Let usnotethatthe cost-compl&ity methodof Breiman[1] usesa similar process
(thatmeansa trade-of betweena “cost” anda “benefit” to cut sub-trees)but the
costis basedn a classificatiorerrorrate.

From experiments,we noticedthat the degree of pruningis quite boundto the
uncertaintyembeddedh data.ln practice thatmeanghedampingprocesshasto be
adjustedaccordingto datain orderto obtain,in all situations arelevantnumberof
prunedtrees For that,we introducea parametefdenotedk) to controlthe damping
processthehigherk, the moreextensve thepruningstage(i. e.themoresub-trees
arecut). Equation(11) givesthe dampingfunction updatedby this parametelas
usual,N is thetotal numberof attributes):

k(d—1)

fo(d) = e " withk € R (11)




With k& = 1, wefind againEquatiord. By varyingk, DI pruningproduce&family
of nestedprunedtreesspreadingrom theinitial large treeto the treerestrictedto
its root. In practice,it shouldbe not easyto selectautomaticallythe “best” pruned
tree (but it is not the main aim of this stageof this work). Neverthelesscurves
of DI asa function of £ andasa function of the numberof prunednodesgive
a pragmaticmethodto stopthe pruning processFurthermorejf we are eagerto
obtainautomaticallya single“best” prunedtree,we canusea procedureequiring
atestfile [1] [6].

Fig. 4 shaws the prunedtree obtained(with £ = 1) from the wholetreeindicated
in Fig. 3. Two sub-treegof root 2, and(2,,) have beencut. Althoughthesub-trees
of root 23 and€2,, areidentical,only thelatteris cut becausédt is deepethanthe
former. Moreover, eventhoughthefrequeny distributionsof D in Q3 andin €, are
equal,thesub-treeof root 2, is removed (andnot the sub-treeof root (2;), because
Q4 ismorecomplex thanQ3. Letusremarkthat D1();) hasincreasedasexpected.

4 Experiments

We have designedan induction software called UnDeT (for UncertainDecision
Trees)which produceslecisiontrees.Threeparadigmf attribute selectioncrite-
ria areavailablein UnDeT:. gain, gainratio and ORT criterion (the choiceof one
of thesedependson the kind of dataandthe aim wishedby the user:see[13]).

UnDeT computesI@Q N and DI indexesfor eachnodeandprunedtreeswith DI

pruning.Ourtool alsooffersall thefunctionalitieswhich onecanexpectfrom anef-

fective datamining tool: managemenaf thetrainingandtestsets automatiacross-
validation,confusiongmatrix, back-upsandre-useof the classificatiorbuilt model
(moreinformationaboutall the functionalitiesof UnDeT andits useto studydif-

ficult problemsissuedfrom uncertaindomainsare availablein [14]). UnDeT is
includedin a more generaldatamining tool-box in which anothermajor partis
dedicatedo thetreatmenbf missingvalues[15].

In this sectionwe describehe resultsobtainedby runningUnDeT on arealworld
databaseWe performUnDeT with the gain criterion (Shannorentrogy) [12] be-
causeit is the mostcommonlyused.The datasetis a medicaldatabaseoming
from the University Hospital at Grenoble(France)andrunson child’s meningitis
(treesin Fig. 5to 7 aresnapshotproducedoy UnDeT).

4.1 Child’s meningitis

Facedwith achild with acaseof acutemeningitis theclinician mustquickly decide
which medicalcourseshouldbetaken.Briefly, the majority of thesecasesareviral



infectionsfor which a simplemedicalsupervisions sufficient, whereasaboutone
guartercasesarecausedy bacteriaandneedtreatmentvith suitableantibiotics.

In typical casesthe diagnosiscould be consideredas obvious and a few simple
rulesenablea quasicertaindecision.However, nearlyonethird of thesecasesare
presentedvith non-typicalclinical andbiological data:the difficulty of the diag-
nosislies in the factthatthe obsered attributes,consideredseparatelyhave little
diagnosticsignification. The aim of this sectionis to studythe relevanceof DI
pruningin suchdomains.

The useddatasetis composedf 329 instancesdescribedby 22 (quantitatve or
gualitatve) attributes.Theclassis bivalued(viral versusbacterial).

4.2 Results

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

On the tree depictedin Fig. 5 and further, let us call T; the sub-treeof root la-
belled[ i ] . T, hasanimpurity in its rootequalto 0.54(2 miss-classifiedhstances
amongl6) and77, hasanimpurity in its root equalto 0.77 (7 miss-classifiedn-
stancesamong31). Although T3, increasessignificantly the classificationresult
(it finally leadsto a single miss-classifiednstance),DI(T},) remainslower than
DI(T,) (DI(Ty) = 0.584 andDI(T,) = 0.625). This behaior wasexpectedT),
is complex andsomeleavesarereachednly atthe seventhlevel of thetree.So,the
explanationgivenby T7, is notveryreliable.

Fig. 6 representshe first prunedtree obtainedwith £ = 2, its quality is slightly

improved(0.743).Thesub-treeof rootlabelled] 11] becomesleaf. Thispruning

introduces2 miss-classifiednstancesThis numberis not high regardingthe 201

instance®f the node.Furthermorein orderto properlyclassifythese2 instances,
theinitial largetreehadto build a complex sub-treewith deepleaves.Suchleaves

appeamnotto beveryreliablein uncertaindomains.

Finally, Fig. 7 indicateghenext prunedtreeobtainedwith £ = 4. With this pruning
stage,a new stepof simplificationis reached.The sub-treeof root labelled][ 3]
becomesa leaf (in this case,the sub-tre€l7, is cut: its compleity to classifya
singleinstanceds notreliable).

It is importantto notice that the sub-treeof root labelled[ 4] is not destryed:
evenif it doesnot decreaséhe numberof miss-classifiedxamples(whichis 2 on
both root andleaves), this sub-treehighlightsa reliable sub-populatiorwhenthe
attribute“cytol” is higherthan600 (this resultis checled by themedicalexpert). It

10



is typically the situationthatwe presentedn our motivations(seeSect.2).

5 Conclusion

We have presentech quality index DI for decisiontreesfor uncertaindomains
which realizesa trade-of betweenthe impurities and the depthof the leaves of

a tree. Stemmingfrom DI, we presenta pruning methodwhich is ableto keep
sub-treesvhich do not decreasen error rate but canpoint out somepopulations
of specificinterest;yet usualmethodsare basedon a classificationerror rate. We

claimthatit is amajorpointin uncertaindomains.

Furtherwork is to optimize the choiceof the dampingparameteso thatit is not
linked to the degree of uncertaintyembeddedn the dataandit givesthe “best”
prunedtree.A way for thisis to useatestfile. We will move thento anotherstage
of ourwork, whichwill beto selecta prunedtreewhich reflects- in geneal - the
soundknowledgeof the studieddata.A further stageis to compareDI pruning
with othersknown methodq4] [5] [16].

Finally, let us notethat whenthe quality index hasa low value on a subtreeT,
it suggestshat 7, containspoor datafor the KnowledgeDiscovery in Databases
tasks.Anotherdirectionis to usethis index to managea feedbacko the expertsof
thedomainin orderto improve suchdata.
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(90,10)

(79,0)  (11,10)

Fig. 1. A treewhich couldbeinterestingalthoughit doesnt decreas¢he numberof errors.

Fig. 2. Splitting of anodef? usinganattribute Y.

Q1
330-220
DI=0.51

Fig. 3. Examplesof DI andI@Q N valueson apedagogidree.
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Fig. 4. Examplesf DT valuesonthe pedagogigrunediree.
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[0] 329(8d/245)
@ [1] 275(30/245) gram<=0.0
@ [3] 259(16/243) prot<=0.95
@ [5] 232(9/223) eruption=0
@ [10] 31(7/24) age<=1.66
[12] 14(0/14) vs<=78.0 VIR
@ [13] 17{7/10) vs=78.0
[14] 7(0/7) age<=0.58 VIR
@ [15] 10(7/3) age=0.58
[16] 4(1/3) dfievre<=39.7 VIR
[17] 6(6/0) dfievre=39.7 BACT
© [11] 201i2,/199) age>1.66
[18] 119{0/119) aerien=0 VIR
[19] 54(0/54) aerien=1 VIR
[20] 20(0,20) aerien=2 VIR
@ [21] Bi2/6) aerien=3
[22] 1{0/ 1) saison=hiver VIR
[23] 2(2/0) saison=printemps BACT
[24] 5(0/5) saison=ete VIR
[25] QD01 saison=automne VIR
@ [6] 11{1/10) eruption=1
[26] 10(0/10) cytol<=400.0 VIR
[27] 1(1,0) cytol=400.0 BACT
[7] 1000/ 100 eruption==2 VIR
[8] 4id/0) eruption=3 BACT
[9] 2{2/0) eruption=4 BACT
@ [4] 16{14/2) prot=0.95
[28] 4(2/2) cytol<=600.0 BACT
[29] 12(12;/0) cytol=600.0 BACT
[#] 54(54/0) gram=>0.0 BACT

Fig. 5. Initial largetree.
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[O] 329(84/245)
@ [1] 275(30/245) gram==0.0
@ [3] 259(16/243) prot<=0.95
@ [5] 232(9/223) eruption=0
@ [10] 31(7/24) age<=1.66
[12] 14(0/14) ws<=72.0 VIR
@ [13] 17(7/10) vs>78.0
[14] 7(0/7) age<=0.58 VIR
@ [15] 10(7/3) age=0.58
[16] 4({1/3) dfievre<=39.7 VIR
[17] 6(6,/0) dfiewre=39.7 BACT
[11] 201(2,199) age>1.66 VIR
@ [6] 11(1/10) eruption=1
[2E] 10(0/10) cytol<=400.0 VIR
[27] 1(1/0) cytol=400.0 BACT
[7] 10(0/10) eruption=2 VIR
[8] (4D eruption=3 BACT
[9] 2(2/0) eruption=4d BACT
@ [4] 16{14/2) prot=0.95
[28] 4(2/2) cytal<=F00.0 BACT
[29] 12(12/0) cytol=600.0 BACT
[2] 54(54/0) gram=>0.0 BACT

Fig. 6. Prunedree(k = 2).

[0] 329(84/245)
@ [1] 275(30/245) gram==0.0
[3] 259(16/243) prot<=0.95 VIR
@ [4] 16(14/2) prot=0.95
[28] 4(2/2) cytol<=600.0 BACT
[29] 12(12/0) cytol=>600.0 BACT
[2] 54(54/0) gram=0.0 BACT

Fig. 7. Prunedree(k = 4).
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