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Abstract

Classificationof large datasetsis an important
datamining problem. Many classificationalgo-
rithms have beenproposedin the literature,but
studieshave shown that so far no algorithmuni-
formly outperformsall otheralgorithmsin terms
of quality. In this paper, we presenta unifying
framework for decisiontreeclassifiersthat sepa-
ratesthescalabilityaspectsof algorithmsfor con-
structinga decisiontreefrom thecentralfeatures
thatdeterminethequalityof thetree.Thisgeneric
algorithmis easyto instantiatewith specificalgo-
rithmsfrom theliterature(includingC4.5,CART,
CHAID, FACT, ID3 andextensions,SLIQ, Sprint
andQUEST).

In additionto its generality, in that it yieldsscal-
ableversionsof a wide rangeof classificational-
gorithms,our approachalso offers performance
improvementsof over a factor of five over the
Sprint algorithm, the fastestscalableclassifica-
tion algorithmproposedpreviously. In contrastto
Sprint,however, our genericalgorithmrequiresa
certainminimum amountof main memory, pro-
portionalto thesetof distinctvaluesin a column
of theinput relation.Givencurrentmainmemory
costs,this requirementis readily met in most if
notall workloads.
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1 Intr oduction

Classificationis animportantdataminingproblem[AIS93].
The input is a databaseof training records; eachrecord
hasseveralattributes.Attributeswhoseunderlyingdomain
is totally orderedarecalledorderedattributes,whereasat-
tributeswhoseunderlyingdomainis notorderedarecalled
categorical attributes.Thereis onedistinguishedattribute,
calledclasslabel, which is a categorical attribute with a
very small domain. (We will denotethe elementsof the
domainof the classlabel attribute asclasslabels; the se-
manticsof the termclasslabelwill beclearfrom thecon-
text). The remainingattributes are called predictor at-
tributes; they are either orderedor categorical in nature.
Thegoalof classificationis to build aconcisemodelof the
distribution of the classlabel in termsof the predictorat-
tributes.Theresultingmodelis usedto assignclasslabels
to adatabaseof testingrecordswherethevaluesof thepre-
dictorattributesareknownbut thevalueof theclasslabelis
unknown. Classificationhasa wide rangeof applications,
including scientificexperiments,medicaldiagnosis,fraud
detection,creditapproval andtargetmarketing.

Many classification models have been proposedin
the literature. (For overviews of classificationmethods
see[WK91, MST94].) Decision treesare especiallyat-
tractive for a datamining environmentfor threereasons.
First, due to their intuitive representation,they are easy
to assimilateby humans[BFOS84]. Second,they can
be constructedrelatively fast comparedto other meth-
ods [MAR96, SAM96]. Last, the accuracy of decision
tree classifiersis comparableor superior to other mod-
els[LLS97, Han97]. In thispaper, werestrictourattention
to decisiontreeclassifiers.

Within theareaof decisiontreeclassification,thereex-
ist a largenumberof algorithmsto constructdecisiontrees
(also called classificationtrees; we will use both terms
interchangeably).Most algorithmsin the machinelearn-
ing andstatisticscommunityaremainmemoryalgorithms,
even thoughtoday’s databasesarein generalmuchlarger
thanmainmemory[AIS93].

There have been several approachesto dealing with
largedatabases.Oneapproachis to discretizeeachordered
attribute and run the algorithm on the discretizeddata.



But all discretizationmethodsfor classificationthat take
the� classlabel into accountwhendiscretizingassumethat
thedatabasefits into mainmemory[Qui93, FI93, Maa94,
DKS95]. Catlett[Cat91] proposedsamplingat eachnode
of the classificationtree,but considersin his studiesonly
datasetsthatcouldfit in mainmemory. Methodsfor parti-
tioning thedatasetsuchthateachsubsetfits in mainmem-
ory areconsideredby ChanandStolfo[CS93a, CS93b]; al-
thoughthis methodenablesclassificationof largedatasets
their studiesshow thatthequality of theresultingdecision
treeis worsethanthat of a classifierthat wasconstructed
takingthecompletedatabaseinto accountatonce.

In this paper, we presenta framework for scalingup
existing decisiontreeconstructionalgorithms. This gen-
eralframework,whichwecall RainForestfor ratherwhim-
sical reasons� , closesthe gap betweenthe limitations to
mainmemorydatasetsof algorithmsin themachinelearn-
ing andstatisticsliteratureandthescalabilityrequirements
of a datamining environment. The main insight, based
on a careful analysisof the algorithmsin the literature,
is that most (to our knowledge, all) algorithms(includ-
ing C4.5 [Qui93], CART [BFOS84], CHAID [Mag93],
FACT [LV88], ID3 andextensions[Qui79, Qui83, Qui86,
CFIQ88, Fay91], SLIQ and Sprint [MAR96, MRA95,
SAM96] andQUEST[LS97]) accessthedatausingacom-
mon pattern,as describedin Figure 1. We presentdata
accessalgorithmsthat scalewith the sizeof thedatabase,
adaptgracefullyto theamountof mainmemoryavailable,
andarenot restrictedto a specificclassificationalgorithm.
(This aspectof decisiontreeclassificationis addressedex-
tensively in statisticsandmachinelearning.) Our frame-
work appliedto algorithmsin theliteratureresultsin ascal-
ableversionof thealgorithmwithoutmodifyingthe result
of thealgorithm. Thus,wedonotevaluatethequalityof the
resultingdecisiontree,which is not affectedby our frame-
work; insteadweconcentrateonscalabilityissues.

The restof the paperis organizedas follows. In Sec-
tion 2, we formally introducetheproblemof decisiontree
classificationand describeprevious work in the database
literature. In Section3, we introduceour framework and
discusshow it encompassespreviouswork. In Section4,
we presentscalablealgorithmsto constructdecisiontrees,
andin Section5 we presentresultsfrom a detailedperfor-
manceevaluation.We concludein Section6.

2 Decisiontr eeclassifiers

2.1 Problemdefinition

A decisiontree � is a modelof the datathat encodesthe
distribution of the classlabel in termsof the predictorat-
tributes.It is adirected,acyclic graphin form of atree.The
root of the treedoesnot have any incomingedges.Every
othernodehasexactlyoneincomingedgeandzeroor more
outgoingedges.If a node 	 hasno outgoingedgeswecall
	 a leaf node, otherwisewe call 	 an internal node. Each


Therearelotsof treesto choosefrom, andthey all grow fastin Rain-

Forest!Wealsohappento like rainforests.

leafnodeis labeledwith oneclasslabel;eachinternalnode
is labeledwith onepredictorattributecalledthesplittingat-
tribute. Eachedge� originatingfromaninternalnode	 has
a predicate� associatedwith it where � involvesonly the
splittingattributeof 	 . Thesetof predicates
 on theout-
going edgesof an internalnodemustbe non-overlapping
andexhaustive. A setof predicates
 is non-overlapping
if theconjunctionof any two predicatesin 
 evaluatesto
false. A setof predicates
 is exhaustiveif thedisjunc-
tion of all predicatesin 
 evaluatesto true. We will call
the setof predicateson the outgoingedgesof an internal
node	 thesplittingpredicatesof 	 ; thecombinedinforma-
tion of splitting attribute andsplitting predicatesis called
thesplittingcriteria of 	 andis denotedby crit( 	 ).

For an internalnode 	 , let ��� � � ��� ��� ��������� ����� bethe
setof outgoingedgesandlet ��� � � ��� ��� ��������� ����� be the
setof predicatessuchthatedge��� is associatedwith pred-
icate ��� . Let usdefinethenotionof the family of tuplesof
a nodewith respectto database� . Thefamily  "!$#&% of the
root node # of decisiontree � is thesetof all tuplesin � .
For a non-rootnode	(')� , 	+*�,# , let - betheparentof 	
in � andlet �/.�021 bethepredicateon theedge��.�021 from
- to 	 . The family of thenode 	 is thesetof tuples  "!$	3%
suchthat for eachtuple 42'5 "!$	3% , 46'7 "!8-9% and �:.�021;!<4=%
evaluatesto true. Informally, the family of a node 	 is
thesetof tuplesof thedatabasethat follows thepathfrom
theroot to 	 whenbeingclassifiedby the tree. Eachpath>

from theroot # to a leaf node 	 correspondsto a clas-
sificationrule ?@�A
@BDC , where 
 is theconjunctionof
thepredicatesalongtheedgesin

>
and C is theclasslabel

of node	 .
Therearetwo waysto controlthesizeof aclassification

tree. A bottom-uppruning algorithm [MRA95] hastwo
phases:In phaseone,the growth phase,a very deeptree
is constructed.In phasetwo, the pruning phase, this tree
is cut backto avoid overfitting the trainingdata. In a top-
downpruning algorithm[RS98] the two phasesareinter-
leaved: Stoppingcriteriaarecalculatedduringtreegrowth
to inhibit furtherconstructionof partsof thetreewhenap-
propriate. In this paper, we will concentrateon the tree
growth phase,since it is due to its data-intensive nature
the most time-consumingpart of decisiontree construc-
tion [MAR96, SAM96]. Whetherthe tree is prunedtop-
down or bottom-upis anorthogonalissue.

2.2 Previouswork in the databaseliteratur e

Agrawal et al. introducein [AGI E 92] aninterval classifier
that could usedatabaseindicesto efficiently retrieve por-
tionsof theclassifieddatasetusingSQLqueries.However,
themethoddoesnot scaleto largetrainingsets[SAM96].
Fukudaet al. [FMM96] constructdecisiontreeswith two-
dimensionalsplittingcriteria.Althoughtheiralgorithmcan
produceruleswith very high classificationaccuracy, scal-
ability was not one of the designgoals. In addition, the
decisiontreeno longerhasthe intuitive representationof
a treewith one-dimensionalsplitsat eachnode.Thedeci-
siontreeclassifierin [MAR96], calledSLIQ, wasdesigned



for large databasesbut usesan in-memorydatastructure
that� grows linearly with thenumberof tuplesin the train-
ing database.This limiting datastructurewaseliminated
in [SAM96], which introducedSprint,a scalableclassifier.

Sprintworksfor very largedatasetsandremovesall re-
lationshipsbetweenmainmemoryandsizeof thedataset.
Sprintbuildsclassificationtreeswith binarysplitsusingthe
gini index [BFOS84] to decidethe splitting criterion; it
controlsthefinal qualityof thedecisiontreethroughanap-
plicationof theMDL principle[Ris89,MRA95]. To decide
on thesplittingattributeatanode	 , thealgorithmrequires
accessto  "!<	3% for eachorderedattributein sortedorder. So
conceptually, for eachnode	 of thedecisiontree,a sortof
 "!<	3% for eachorderedattribute is required.Sprintavoids
sortingat eachnodethroughthecreationof attributelists.
Theattributelist FHG for attribute I is a verticalpartitionof
the training database� : For eachtuple 4J'K� the entry
of 4 into F G consistsof theprojectionof 4 onto I , theclass
label and 4 ’s recordidentifier. The attribute lists arecre-
atedat thebeginningof thealgorithmandsortedonceasa
preprocessingstep.

Duringthetreegrowthphase,wheneveraninternalnode
	 splits,  "!<	3% is distributedamong	 ’s childrenaccording
tocrit( 	 ). Sinceeverytupleis verticallypartitionedover
all attribute lists, eachattribute list needsto bedistributed
separately. Thedistributionof anattributelist is performed
througha hash-joinwith the attribute list of the splitting
attribute;therecordidentifier, whichis duplicatedinto each
attribute list, establishesthe connectionbetweenthe parts
of the tuple. Sinceduring the hash-joineachattribute list
is readanddistributedsequentially, theinitial sortorderof
theattributelist is preserved.

In recentwork, Morimoto et al. developedalgorithms
for decisiontreeconstructionfor categoricalpredictorvari-
ableswith largedomains[YFM E 98]; theemphasisof this
work is to improvethequalityof theresultingtree.Rastogi
andShimdevelopedPUBLIC,ascalabledecisiontreeclas-
sifier usingtop-down pruning[RS98]. Sincepruningis an
orthogonaldimensionto treegrowth, their techniquescan
beeasilyincorporatedinto ourschema.

2.3 Discussion

One can think of Sprint as a prix fixe all-you-can-eat
meal in a world-classrestaurant.Sprint runswith a min-
imal amountof main memoryand scalesto large train-
ing databases.But it also comeswith somedrawbacks.
First,it materializestheattributelistsateachnode,possibly
tripling thesizeof thedatabase(it is possibleto createonly
oneattributelist for all categoricalattributestogetherasan
optimization).Second,thereis a largecostto keeptheat-
tributelistssortedateachnode	 in thetree:Sincethecon-
nectionbetweentheverticallyseparatedpartsof atuplecan
only be madethroughthe recordidentifier, a costly hash-
join needsto be performed.The sizeof the hashtable is
proportionalto thenumberof tuplesin  "!$	3% andthuscan
be very large. Overall, Sprint paysa significantprice for
its scalability. As we will show in Section3, someobser-

vationsaboutthenatureof decisiontreealgorithmsenable
usto speedupSprintsignificantlyin mostcases.To return
to ourrestaurantanalogy, thetechniquesin Section3 allow
you to samplesomeRainForestCrunch(TM) ice-creamin
therestaurant,payingfor justwhatyou ordered.

The emphasisof the researchin the machinelearning
andstatisticscommunityhasbeenon improving theaccu-
racy of classifiers.Many studieshave beenperformedto
determinewhichalgorithmhasthehighestpredictionaccu-
racy [SMT91, BU92, DBP93, CM94, MST94]. Thesestud-
ies indicatethat no algorithmis uniformly mostaccurate
over all thedatasetsstudied.(Mehtaet al. alsoshow qual-
ity studies[MRA95, MAR96] which indicatethat the ac-
curacy of thedecisiontreebuilt by Sprint is not uniformly
superior.) We have thereforeconcentratedon developing
a unifying framework thatcanbeappliedto mostdecision
treealgorithms,andresultsin a scalableversionof theal-
gorithmwithoutmodifying theresult.Thatis, thescalable
versionsof thealgorithmsproduceexactly thesamedeci-
siontreeasif sufficientmainmemorywereavailableto run
the original algorithm on the completedatabasein main
memory. To carry our restaurantanalogyone(last!) step
further, thetechniquesin Section4 allow you to pick adif-
ferent restaurantevery day, eat thereas little or muchas
youwant,andpayonly for whatyouorder.

3 The RainForestFramework

We first introducethe well-known greedytop-down deci-
siontreeinductionschema.Thenweshow how thisschema
can be refined to the genericRainForest Tree Induction
Schemaanddetailhow theseparationof scalabilityissues
from qualityconcernsis achieved.Concludingthissection,
we overview theresultingdesignspacefor thealgorithms
presentedin Section4.

Decisiontreealgorithmsbuild the treetop-down in the
following way: At the root node # , the databaseis exam-
inedandthebestsplitting criterioncrit( # ) is computed.
Recursively, at a non-rootnode 	 ,  "!$	3% is examinedand
from it crit( 	 ) is computed. (This is the well-known
schemafor top-down decisiontreeinduction;for example,
aspecificinstanceof thisschemafor binarysplitsis shown
in [MAR96]). Thisschemais shown in Figure1.

A thoroughexaminationof the algorithmsin the lit-
eratureshows that the greedyschemacan be refined to
the genericRainForest Tree Induction Schemashown in
Figure1. Most decisiontreealgorithms(including C4.5,
CART, CHAID, FACT, ID3 andextensions,SLIQ, Sprint
andQUEST)proceedaccordingto thisgenericschemaand
wedonotknow of any algorithmin theliteraturethatdoes
not adhereto it. In theremainderof thepaper, we denote
by L;M a representativeclassificationalgorithm.

Notethatat a node 	 , theutility of a predictorattribute
I asa possiblesplitting attribute is examinedindependent
of theotherpredictorattributes:Theinformationaboutthe
classlabeldistribution for eachdistinctattributevalueof I
is sufficient. We definetheAVC-setof a predictorattribute
I at node 	 to be the projectionof  "!$	3% onto I and the



Input: nodeN , partition O , classificationalgorithm PRQ
Output: decisiontreefor O rootedat N
Top-Down DecisionTreeInduction Schema:
BuildTree(Noden, datapartitionO , algorithm PRQ )
(1) Apply PRQ to O to find crit( N )
(2) let S bethenumberof childrenof N
(3) if (k T 0)
(4) CreateS children U 
/V:W:W:W:V U/X of N
(5) Usebestsplit to partition O into O 
 VYW:W:W:V O X
(6) for ( Z\[^] ; Z3_`S ; i++)
(7) BuildTree(UYa , Oba )
(8) endfor
(9) endif

RainForestRefinement:
(1a) for eachpredictorattribute c
(1b) Call PRQ W d&egf�h i&j&k�l m�n�o�l&e�l�e�p�f�egf�q (AVC-setof c )
(1c) endfor
(2a) S = PRQ W h�j&r�e�h�j kgm�s�egl�l�egf�q r�o�e�l�j�o�e�p�f ();

Figure1: TreeInductionSchemaandRefinement

classlabelwherebycountsof theindividualclasslabelsare
aggregated.WedefinetheAVC-groupof anode	 to bethe
setof all AVC-setsat node 	 . (The acronym AVC stands
for for Attribute-Value,Classlabel.)Note that the sizeof
the AVC-setof a predictorattribute I at node 	 depends
only on thenumberof distinctattributevaluesof I andthe
numberof classlabelsin  "!$	3% .

The main difference between the greedy top-down
schemaandthe subtly refinedRainForestSchemais, that
the latter isolates an important component, the AVC-
set. The AVC-setallows the separationof scalability is-
suesof the classificationtreeconstructionfrom the algo-
rithms to decideon the splitting criterion: Considerthe
main memoryrequirementsat eachstepof the RainFor-
est Schemashown in Figure 1. In lines (1a)–(1c), the
AVC-setsof eachpredictorattribute are neededin main
memory, one at a time, to be given as argumentto pro-
cedure L;M � t9u�vxw yRzR{�| }R~���|\u�|\u���v;u�v�� . Thus, the total
main memory required in lines (1a)–(1c) is the maxi-
mum sizeof any singleAVC-set. In addition,Algorithm
L;M storesfor eachpredictorattribute the resultof proce-
dure L;M � t9u�vxw yRzx{�| }x~���|\u�|9u&��v;u�v�� as input to the pro-
cedure L;M � w�zR��u�w�z {�}��Ru�|�|\u�v�� ���9u�|xz��\u���v ; the size of
thesestatisticsis negligible. In line (2a), all the statistics
collectedin lines(1a)–(1c)areevaluatedtogetherin proce-
dure L\M � w�zR��u�w�z {�}R�Ru�|�|\u�v�� ���\u�|�z��\u&��v ; themainmem-
ory requirementsfor this stepareminimal. Lines (3)–(9)
distribute tuplesfrom onepartition to several others;one
pageperopenfile is needed.

Following theprecedinganalysisbasedoninsightsfrom
theRainForestSchema,we canmake the(now rathertriv-
ial) observationthataslongaswecanfind anefficientway
to constructthe AVC-group of node 	 , we can scaleup
any classificationalgorithm L\M thatadheresto thegeneric
RainForestSchema.

Considerthesize � G oftheAVC-setof predictorattribute
I at a node 	 . Note that � G is proportionalto thenumber
of distinctattributevaluesof attribute I in  "!$	3% , andnot to

the sizeof the family  "!<	3% of 	 . Thus,for mostreal-life
datasets,we expectthat thewholeAVC-groupof the root
nodewill fit entirelyin mainmemory, givencurrentmem-
ory sizes;if not it is highly likely thatat leasttheAVC-set
of eachindividualpredictorattributefits in mainmemory.

Theassumptionthat theAVC-groupof the root node #
fits in-memorydoesnot imply that the input databasefits
in-memory!TheAVC-groupof # is not a compressedrep-
resentationof  "!<#&% ;  "!<#&% cannotbereconstructedfromthe
AVC-groupof # . RathertheAVC-groupof # containsag-
gregatedinformationthatis sufficientfor decisiontreecon-
struction. In Section5, we calculateexamplenumbersfor
the AVC-groupof the root nodegeneratedby a synthetic
data generatorintroducedby Agrawal et al. in [AIS93]
(which was designedto model real-life data). The max-
imum memorysize for the AVC-group of the generated
datasetsis about ��� megabytes.With currentmemorysizes
of �&� megabytesfor homecomputers,we believe that in a
corporatedatamining environmentthe AVC-groupof the
root nodewill almostalwaysfit in main memory;other-
wiseat leasteachsingleAVC-setof the root nodewill fit
in-memory. Dependingon the amountof main memory
available,threecasescanbedistinguished:

1. The AVC-groupof the root nodefits in main mem-
ory. We describealgorithmsfor this casein Sec-
tions4.1,4.2,and4.3.

2. EachindividualAVC-setof theroot nodefits in main
memory, but theAVC-groupof therootnodedoesnot
fit in main memory. We describealgorithmsfor this
casein Section4.4.

3. Noneof theindividualAVC-setsof therootfit in main
memory. Thiscaseis discussedin thefull paper.

In understandingtheRainForestfamily of algorithms,it
is usefulto keepin mindthatthefollowingstepsarecarried
out for eachtreenode 	 , accordingto thegenericschema
in Figure1:

1. AVC-groupConstruction: If anAVC-groupdoesnot
alreadyexist whenthenode	 is considered,we must
read  "!$	3% in orderto constructtheAVC-group.This
involvesa scanof theinput database� or a material-
izedpartitionof � that is a supersetof  "!<	3% . Some-
times,weneedto constructtheAVC-grouponeAVC-
setata time.

2. ChooseSplitting Attrib ute and Predicate:Thisstep
uses the decision tree algorithm L;M that is being
scaledusingtheRainForestframework; to ourknowl-
edgeall decisiontreealgorithmsmake thesechoices
by examiningtheAVC-setsof thenodeoneby one.

3. Partition � Acrossthe Childr en Nodes: We must
readthe entiredatasetandwrite out all records,par-
titioning them into child “buckets” accordingto the
splittingcriterionchosenin thepreviousstep.If there
is sufficientmemory, wecanbuild theAVC-groupsfor
oneor morechildrenat this time,asanoptimization.



Stateof 	 Precondition ProcessingBehaviorof tuple 4
Send crit( 	 ) hasbeencomputed;	 ’s childrennodes

areallocated;	 is root, or parentof 	 is in state
Send

4 is sentto a child accordingto crit( 	 )

Fill 	 is rootnode,or parentof 	 is in stateSend TheAVC-groupat 	 is updated
Write 	 is root,or 	 ’sparentis in stateSend 4 is appendedto a 	 ’spartition

FillWrite 	 is rootnode,or parentof 	 is in stateSend The AVC-group at 	 is updatedby 4 ; 4 is ap-
pendedto 	 ’spartition

Undecided No processingtakesplace
Dead crit( 	 ) hasbeencomputed;either 	 doesnot

split or all childrenof 	 arein stateDead
No processingtakesplace

Figure2: StatesandProcessingBehavior
The algorithmsthat we presentin Section4 differ pri-

marily in how they utilize additionalmemoryin the third
step,andhow they dealwith insufficient memoryto hold
anAVC-groupin thefirst step.

Comparingthesizeof theAVC-groupof anode	 to the
attribute lists createdin Sprint [SAM96] for 	 , the AVC-
groupis typically muchsmallerthanevenasingleattribute
list, becausethe AVC-setsizeis proportionalto the num-
berof distinctvaluesin thecolumnsof � , ratherthanto the
numberof recordsin � . AlthoughweoutperformSprintby
abouta factorof five, theprimarydesigngoalof theRain-
Forestframework wasnot to outperformSprint,but rather
to provide a generalframework to scaleup a broadrange
of decision-treeclassificationalgorithmsfrom the litera-
ture. Thereasonwhy thetechniquesusedin Sprintdo not
straightforwardly extendto a broaderrangeof algorithms
is thatthedatamanagementof Sprintis designedto enable
efficientsequentialaccessto orderedattributesin sortedor-
der. Thus,decisiontreealgorithmsthatexhibit this access
pattern(e.g.,CART [BFOS84]) canbe implementedwith
thedatamanagementof Sprint. But otherdecisiontreeal-
gorithms(e.g.,ID3 [Qui86] or GID3 [CFIQ88]) thatdonot
exhibit a sequentialaccesspatterncannot bescaledusing
thisapproach.

4 Algorithms

In this section,we presentalgorithmsfor two of the three
caseslisted above. The first threealgorithms,RF-Write,
RF-Readand RF-Hybrid, requirethat the AVC-group of
therootnode# (andthustheAVC-groupof eachindividual
nodein thetree)fits into mainmemory;weassumethatthis
is the mostcommoncase,asdiscussedin Section3. The
remainingalgorithm,Algorithm RF-Vertical,works in the
casethateachsingleAVC-setof # fits in-memory, but the
completeAVC-groupof # doesnotfit. Sincescalabilityand
splittingcriterionselectionareorthogonalin theRainForest
Schema,we do not dwell on any issuesdealingwith the
qualityof theresultingdecisiontree.

In order to describe the following algorithms pre-
cisely, we introduce the notion of the state of a node;
possiblestatesare Send, Fill, FillWrite, Write,
Undecided, andDead. The state � of a node 	 deter-
mineshow a tuple is processedat 	 . A list of the states
andthepreconditionsandprocessingbehavior is shown in

Figure 2. Whenever a nodeis created,its stateis set to
Undecided (unlessmentionedotherwise),and we will
call such a node a new node. A node whosestate is
Dead will becalleda deadnode.

4.1 Algorithm RF-Write

ForAlgorithmRF-Write,weassumethattheAVC-groupof
therootnode# fits into mainmemory. AlgorithmRF-Write
worksasfollows: Wemakeonescanoverthedatabaseand
constructthe AVC-groupof # . Algorithm L;M is applied
and � childrenof # arecreated.An additionalscanoverthe
databaseis made,whereeachtuple 4 is written into oneof
the � partitions.Thealgorithmthenrecursesin turnoneach
partition. In the remainderof this paragraph,we describe
Algorithm RF-Writein moredetail.

At thebeginning,thestateof # is setto Fill andone
scanoverthedatabase� is made.Since# is in stateFill,
its AVC-groupis constructedduring the scan. Algorithm
L;M is calledwith theAVC-groupof # asargumentandcom-
putescrit( # ). Assumethat L;M splitsonattribute I into �
partitions.Algorithm RF-Writeallocates� childrennodes
of # , setsthestateof # to Send, thestateof eachchild to
Write, andmakesoneadditionalpassover � . Eachtuple
4 thatis readfrom � is processedby thetree:Since# is in
stateSend, crit( # ) is appliedto 4 and 4 is sentto a child
C/� . Sincenode C/� is in stateWrite, 4 is appendedto C/� ’s
partition. After the scan,the partition of eachchild node
C � consistsof  "!$C � % . Thealgorithmis thenappliedoneach
partitionrecursively.

For eachlevel of thetree,Algorithm RF-Writereadsthe
entiredatabasetwiceandwritestheentiredatabaseonce.�

4.2 Algorithm RF-Read

The basic idea behind Algorithm RF-Readis to always
readthe original databaseinsteadof writing paritionsfor
thechildrennodes.Sinceat somepoint all AVC-groupsof
thenew nodeswill not fit into mainmemory, we will read
the original databasemany times,eachtime constructing
�
This simple analysisassumesthat the tree is balanced. More pre-

cisely, at a level � , only thosetuplesthat belongto familiesof nodesat
level � arereadtwice andwritten once.Sincetheremight bedeadnodes
in thetree,thesetof tuplesprocessedat level � doesnot necessarilycon-
stitutethewholeinputdatabase.



AVC-groupsfor anunexaminedsubsetof thenew nodesin
the� tree.

More precisely, in thefirst stepof Algorithm RF-Read,
thestateof therootnode# is setto to Fill, onescanover
the database� is made,andcrit( # ) is computed.The
childrennodes

� C ��� Cg� ��������� C���� of # arecreated.Suppose
thatat this point thereis enoughmainmemoryto hold the
AVC-groupsof all childrennodes

� C ��� Cg� ��������� C���� of # in-
memory. (We will addresstheproblemof sizeestimation
of theAVC-groupsin Section4.5.) In thiscase,thereis no
needto write outpartitionsfor the C � ’sasin Algorithm RF-
Write. Instead,we can in anotherscanover � construct
theAVC-groupsof all childrensimultaneously:We setthe
stateof # toSend, changethestateof eachnewly allocated
child C�� from Undecided to Fill, andbuild in asecond
scanover � theAVC-groupsof thenodesC ����������� C�� simul-
taneouslyin mainmemory. After thescanof � , Algorithm
L;M is appliedto the in-memoryAVC-groupof eachchild
node Cg� to decidecrit( Cg� ). If C�� splits, its childrennodes
areallocatedandits stateis setto � z�v�w ; otherwiseCg� ’sstate
is set to Dead. Note that so far we have madeonly two
scansover the original databaseto constructthe first two
levelsof thetree.

We canproceedin the sameway for eachlevel of the
tree,as long asthereis sufficient main memoryavailable
to hold the AVC-groupsof all new nodes� at the level.
Supposethatwe arrive at a level F wherethereis not suf-
ficient memoryto hold all AVC-groupsof the new nodes
in-memory. In thiscase,wecandividethesetof new nodes
� into groups� � ��������� ���Y� , ��� � ��� , � �;� �����@� for� *�5� , suchthattheall AVC-groupsof thenodesin agiven
group � � fit in-memory. Eachgroupis thenprocessedin-
dividually: thestatesof thenodesin �2� arechangedfrom
Undecided to Fill andonescanover the databaseis
madeto constructtheir AVC-groups;after the scan,their
splittingcriteriaarecomputed.Onceall  �¡ groupsfor level
F have beenprocessed,we proceedto thenext level of the
tree. Note that for level F ,  �¡ scansover the database�
werenecessary.

With increasingF , usually the numberof nodesat a
level F of thetreeandthususuallytheoverallmainmem-
ory requirementsof thecollectiveAVC-groupsof thenodes
at that level grow. Thus,Algorithm RF-Readmakesanin-
creasingnumberof scansoverthedatabaseperlevel of the
tree. Thereforeit is not efficient for splitting algorithms
thatapplybottom-uppruning(exceptfor thecasethat the
familiesat thepureleaf nodesarevery large— andthis is
usuallynotknown in advance).But for splittingalgorithms
thatprunethetreetop-down [Fay91, RS98], this approach
mightbeaviablesolution.

We includedAlgorithm RF-Readfor completeness:it
marksone end of the designspectrumin the RainForest
frameworkandit is oneof thetwo parentsof theAlgorithm
RF-Hybriddescribedin thenext section.We do not think
thatit is very importantin practicedueto its restrictionsin
usability.

4.3 Algorithm RF-Hybrid

CombiningAlgorithm RF-Write andAlgorithm RF-Read
givesriseto AlgorithmRF-Hybrid.Wefirst describeasim-
pleform of RF-Hybrid;in thenext paragraphwewill refine
this versionfurther. RF-Hybridproceedsexactly like RF-
Readuntil a treelevel F is reachedwhereall AVC-groups
of the new nodes� togetherdo not fit any morein main
memory. At this point, RF-Hybridswitchesto RF-Write:
Algorithm RF-Hybrid creates¢ partitions and makes a
scanover the database� to partition � over the ¢ par-
titions. Thealgorithmthenrecurseson eachnode 	,'5�
andto completethesubtreerootedat 	 . This first version
of RF-Hybrid usesthe availablememorymoreefficiently
thanRF-Writeanddoesnot requirean increasingnumber
of scansover the databasefor lower levels of the treeas
doesRF-Read.

We canimprove uponthis simpleversionof Algorithm
RF-Hybrid usingthe following observation: Assumethat
we arrive at treelevel F whereall AVC-groupsof thenew
nodes� togetherdonotfit any morein mainmemory. Al-
gorithm RF-Hybrid switchesfrom RF-Readto RF-Write,
but during this partitioningpass,we do not make useof
theavailablemainmemory. (Eachtupleis read,processed
by the treeandwritten to a partition — no new informa-
tion concerningthe structureof the tree is gainedduring
this pass.)We exploit this observationasfollows: We se-
lect a set £¥¤¦� for which we constructAVC-groupsin
mainmemorywhile writing thepartitionsfor thenodesin
� . After thepartitioningpass,Algorithm L\M is appliedto
the in-memoryAVC-groupsof the nodesin £ and their
splittingcriteriaarecomputed.

The concurrentconstructionof AVC-groups for the
nodesin £ has the following advantage. Let 	§'¨£
be a nodewhoseAVC-group has beenconstructed,and
consider the recursion of Algorithm RF-Hybrid on 	 .
Sincecrit( 	 ) is alreadyknown, we saved the first scan
over 	 ’s partition: we canimmediatelyproceedto thesec-
ond scanduring which we constructAVC-groupsfor the
childrenof 	 . Thus,dueto theconcurrentconstructionof
theAVC-groupsof thenodesin £ , we save for eachnode
	`'J£ onescanover 	 ’spartition.

How do we choose£ ¤�� ? Sincewe save for each
node 	5'©£ onescanover 	 ’s partition,we would like to
maximizethesumof thesizesof thefamiliesof thenodes
in £ . The restrictingfactor is the sizeof main memory:
For eachnode 	7'©£ we have to maintainits AVC-group
in mainmemory. Wecanformulatetheproblemasfollows:
Eachnode 	ª'¦£ hasan associatedbenefit(the sizeof
 "!<	3% ) and an associatedcost (the size of its AVC-group
whichhasto bemaintainedin mainmemory).

Assumefor now thatwe have estimatesof thesizesof
the AVC-groupsof all nodesin � . (We will addressthe
problemof sizeestimationof AVC-groupsin Section4.5.)
Accordingto the formulationin the precedingparagraph,
the choice of £ is an instanceof the knapsack prob-
lem [GJ79]. An instanceof theknapsackproblemconsists
of a knapsackcapacityanda setof itemswhereeachitem



Stateof 	 Precondition ProcessingBehavior of a tuple 4
Fill 	 is root node,or parentof 	

is in stateSend
TheAVC-groupat 	 is updatedandtheprojectionof 4 onto 
¬«­G/® �/¯
andtheclasslabelis writtento afile

FillWrite 	 is root node,or parentof 	
is in stateSend

TheAVC-groupat 	 is updatedand 4 is appendedto 	 ’s partition;
the projectionof 4 onto 
2°±I�#� �� andthe classlabel is written to a
temporaryfile  

Figure3: Descriptionof Stateswith ModifiedProcessingBehavior in Algorithm RF-Vertical
hasanassociatedcostandbenefit.Thegoalis to find asub-
setof theitemssuchthatthetotalcostof thesubsetdoesnot
exceedthecapacityof theknapsackwhile maximizingthe
sumof thebenefitsof theitemsin theknapsack.Theknap-
sackproblem is well-known to be NP-complete[GJ79].
We decidedto usea modifiedgreedyapproximationwhich
findsa packingthathasat leasthalf thebenefitof theopti-
malpackingandworkswell in practice.(Wecall thegreedy
algorithmmodified,becauseit considersthe item with the
largestbenefitseparately;this specialcaseis necessaryto
get thestatedboundwith respectto theoptimalsolution.)
The output of the GreedyAlgorithm is the subset£ of
thenew nodes� suchthat: (i) We canafford to construct
theAVC-groupsof £ in-memory, and(ii) Thebenefit(the
numberof savedI/O’s) is maximized.

Note that the Greedy Algorithm only addressesthe
problemof selectinganoptimalset £ of new nodes� for
whichwecanconstructAVC setsin-memory. As anexten-
sion of Algorithm RF-Hybrid, we could considerwriting
partitionsfor only the nodesin �¨²�£ ; we will consider
thisextensionin furtherresearch.

4.4 Algorithm RF-Vertical

Algorithm RF-Vertical is designedfor the casethat the
AVC-groupof the root node # doesnot fit in main mem-
ory, but eachindividual AVC-setof # fits in-memory. For
the presentationof RF-Vertical, we assumewithout loss
of generalitythat thereare predictorattributes 
 «­G/® �g¯5�� I � �������g� I�³�� with very largeAVC-setssuchthateachindi-
vidual AVC-setfits in mainmemory, but no two AVC-sets
of attributesin 
3«´G/® �g¯ fit in-memory. Wedenotetheremain-
ing predictorattributesby 
¶µ¸·¹G/«º«»� � I ³ E ����������� I�·6� ; the
classlabelis attribute C . We limited thepresentationto this
specialscenariofor theeaseof explanation;ourdiscussion
caneasilybeextendedto thegeneralcase.

RF-Verticalproceedssimilar to RF-Hybrid,but wepro-
cesspredictorattributes I7'+
3«´G/® �g¯ in a specialway: For
eachnode,wewrite a temporaryfile ¼ from whichwecan
reconstructthe AVC-setsof the attributesin 
¬«­G/® �/¯ . Af-
ter “normal” processingof the attributes I¦*'A
¶µ¸·¹G/«º« has
completed,¼ is read ½ timesandfor each I5'¾
¬«­G/® �g¯ its
AVC-setis constructedin turn.

Let 	 be a nodein the tree and let 4 be a tuple from
the database� . In Algorithm RF-Vertical, the process-
ing of a tuple 4 at a node 	 has slightly changedfor
somestatesof 	 . Assumethat 	 is in stateFill. Since
we can not afford to construct 	 ’s completeAVC-group
in main memory, we only constructthe attribute lists for
predictorattributes 
 µ¸·¹G/«º« in-memory. For predictorat-

tributesin 
 «­G/® �g¯ , wewrite a temporaryfile ¼¿1 , into which
we insert 4 ’s projectiononto 
3«´G/® �g¯ and the classlabel.
Thus, ¼ 1 has the schema À$I ��� I�� ��������� I ³ � C�Á . After the
scanover � is completed,Algorithm L;M is appliedto the
in-memory AVC-groupsof the attribute in 
¶µÂ·ÃG:«8« . Al-
gorithm L;M can not yet computethe final splitting crite-
rion (i.e., procedureL;M � w�zx��u�w�z {�}��Ru�|�|\u�v�� ���\u�|xz��9u&��v
cannot becalledyet), sincetheAVC-setsof theattributes
IÄ'Å
¬«­G/® �g¯ have not yet been examined. Therefore,
for eachpredictor attribute IÆ'Ç
 «­G/® �g¯ , we make one
scanover ¼È1 , constructtheAVC-setfor I andcall proce-
dure L;M � t9u�vxw yRzR{�| }R~���|\u�|\u&�&v;u�v�� on theAVC-set. Af-
ter all ½ attributes have beenexamined,we call proce-
dure L;M � w�zR��u�w�z {�}��Ru�|�|\u�v�� ���9u�|xz��\u���v to computethe
final splitting criterion for node 	 . This slightly modi-
fied processingbehavior of a node for statesFill and
FillWrite hasbeensummarizedin Figure3.

In the descriptionabove, we concentratedon onepos-
sibility to constructtheAVC-setof thepredictorattributes

¬«­G/® �/¯ . In general,thereareseveralpossibilitiesfor prepar-
ing the constructionof the AVC-setsof the predictorat-
tributes 
¬«­G/® �g¯ at a node 	 . Thecompletesetof optionsis
givenin thefull paper.

4.5 AVC-Gr oup SizeEstimation

To estimatethesizeof theAVC-groupof new node	 , note
thatwecannotassumethat 	 ’sAVC-groupis muchsmaller
thantheAVC-groupof its parent- eventhough "!º-9% might
beconsiderablylargerthan  "!<	3% . We estimatethesizeof
theAVC-groupof anew node	 in averyconservativeway:
We estimateit to bethesamesizeasits parent- — except
for theAVC-setof thesplitting attribute I . (If parent- of
node	 splitson I weknow thesizeof I ’sAVC-setatnode
	 exactly). Even thoughthis approachusually overesti-
matesthesizesof AVC-groups,it workedverywell in prac-
tice. Therearealgorithmsfor theestimationof thenumber
of distinctvaluesof anattribute([ASW87, HNSS95]); we
intendto exploretheirusein futureresearch.

5 Experimental results
In the machinelearningand statisticsliterature, the two
main performancemeasuresfor classificationtree algo-
rithmsare:(i) Thequalityof therulesof theresultingtree,
and(ii) Thedecisiontreeconstructiontime [LLS97]. The
genericschemadescribedin Section3 allows the instan-
tiation of most (to our knowledge,all) classificationtree
algorithmsfrom theliteraturewithoutmodifyingtheresult
of thealgorithm. Thus,qualityis anorthogonalissuein our
framework, andwecanconcentratesolelyon decisiontree



PredictorAttribute Distribution Maximumnumberof entries
Salary U(20000,150000) 130001

If salary É 75k,thencommission= 0Commission
elseU(10000,75000)

65001

Age U(20,80) 61
EducationLevel U(0,4) 5
Car U(1,20) 20
ZipCode Uniformly chosenfrom ninezipcodes 9

U( Ê � Ë�Ì � Ì ��Ê�Ê�Ê�Ê�Ê , � �ÍË»Ì � Ì ��Ê�Ê�Ê�Ê�Ê )HouseValue
where� dependsonZipCode

��Î Ë Ê�Ê�Êx�
HomeYears U(1,30) 30
Loan U(0,500000) 500001
Overallsizeof theAVC-groupof theroot 2045129

Figure4: Thesizesof theAVC-setsof Generatorin [AIS93]
constructiontime. In theremainderof thissectionwestudy
theperformanceof thetechniquesthatenableclassification
algorithmsto bemadescalable.

5.1 Datasetsand Methodology

The gapbetweenthe scalability requirementsof real-life
datamining applicationsandthe sizesof datasetsconsid-
eredin theliteratureis especiallyvisible whenlooking for
possiblebenchmarkdatasetsto evaluatescalabilityresults.
The largestdatasetin the often usedStatlogcollectionof
training databases[MST94] containsonly Ë�Ï Ê�Ê�Ê records,
andthe largesttrainingdatasetconsideredin [LLS97] has
����Î Ë tuples. We thereforeusethe syntheticdatagenera-
tor introducedby Agrawal etal. in [AIS93], henceforthre-
ferredto asGenerator. Thesyntheticdatahasninepre-
dictor attributesasshown in Table4. Includedin thegen-
eratorareclassificationfunctionsthat assignlabelsto the
recordsproduced.We selectedtwo of thefunctions(Func-
tion 1 andFunction7) from [AIS93] for our performance
study. Function1 generatesrelatively small decisiontree
whereasthetreesgeneratedby Function7 arelarge. (Note
thatthisadheresto themethodologyusedin theSprintper-
formancestudy[SAM96]).

Since the feasibility of our framework relies on the
size of the initial AVC-group, we examined the sizes
of the AVC-group of the training datasetsgeneratedby
Generator. Theoverall maximumnumberof entriesin
the AVC-groupof the root nodeis about Ð � � million, re-
quiring a maximummemorysizeof about � Ï MB. If we
partition the predictorattribute housevaluevertically, the
mainmemoryrequirementsto hold theAVC-groupsof the
root nodein main memoryare reducedto about ��� MB
( � � Î Ë million entries).ThemaximalAVC-setsizesof each
predictorattribute aredisplayedin Table4. The functionÑ !$Ò �=Ó % denotesthe integeruniform distribution with val-
ues ½ÕÔÖÒ¦×Ø½Ù× Ó . Sincewe will changethe memory
available to the RainForestalgorithmsduring our experi-
ments,let us call the numberof AVC-set entriesthat fit
in-memorythebuffer size. Soin orderto run RF-Writeon
the datasetsgeneratedby Generator, we needa buffer
sizeof at leastÐ � � million entries,whereasRF-Verticalcan
be run with a buffer sizeof � � Î Ë million entries. All our

experimentswereperformedon a PentiumProwith a 200
Mhz processorrunningSolarisX86 version2.5.1with ��Ð�Ú
MB of main memory. All algorithmsarewritten in C++
andwerecompiledusinggcc versionÐ �ºÏ�� Ð � � with the-O3
compilationoption.

Weareinterestedin thebehavior of theRainForestalgo-
rithmsfor datasetsthatarelargerthanmainmemory, there-
fore we uniformly stoppedtreeconstructionfor leaf nodes
whosefamily was smaller than ��Ê�Ê�Ê�Ê tuples; any clever
implementationwouldswitchto amainmemoryalgorithm
atanode	 whenever  "!$	3% fits into mainmemory.

5.2 Scalability results

First, we examinedthe performanceof Algorithms RF-
Write, RF-Hybrid and RF-Vertical as the size of the in-
put databaseincreases.For AlgorithmsRF-WriteandRF-
Hybrid, we fixed the sizeof the AVC-groupbuffer to 2.5
million entries;for AlgorithmRF-Verticalwefixedthesize
of theAVC-groupbuffer to 1.8 million entries. Figures5
and6 show the overall runningtime of the algorithmsas
the numberof tuplesin the input databaseincreasesfrom
��Ê�Ê�Ê�Ê�Ê�Ê to Ë Ê�Ê�Ê�Ê�Ê�Ê . (Function7 constructsvery largede-
cision treesand thus treegrowth takesmuch longer than
for Function1). Therunningtime of all algorithmsgrows
nearlylinearly with thenumberof tuples. Algorithm RF-
Hybrid outperformsboth Algorithms RF-Write and RF-
Vertical in termsof running time; the differenceis much
morepronouncedfor Function7. Figures7 and8 show the
numberof pageaccessesduringtreeconstruction(assum-
ing apagesizeof 32KB).

In thenext four experiments,we investigatedhow inter-
nal propertiesof the AVC-groupsof the training database
influenceperformance.(We expectedthatonly thesizeof
theinputdatabaseandthebuffer sizematterwhich theex-
perimentsconfirm.)We fixedthesizeof theinputdatabase
to Ð&Ê�Ê�Ê�Ê�Ê�Ê tuplesandtheclassificationfunction to Func-
tion 1. Figure9 shows theeffect of an increasein theab-
solutesizeof the AVC-groupin the input databasewhile
holding the available buffer sizesconstantat Ð � Ë million
entriesfor RF-WriteandRF-Hybridandat � � Ú million en-
triesfor RF-Vertical:We variedthesizeof theAVC-group
throughmanipulationof the datageneratorfrom 200000



entries(20%of theoriginal size)to 2000000entries(orig-
inalÛ size). For small AVC-groupsizes(40% andbelow),
thetimesfor RF-VerticalandRF-Hybridareidentical.The
larger buffer size only shows its effect for larger AVC-
group-sizes:RF-Hybrid writes partitions less frequently
thanRF-Vertical. Therunningtime of RF-Write is not af-
fectedthroughachangein AVC-groupsize,sinceRF-Write
writespartitionsregardlessof theamountof memoryavail-
able. Figure10 shows the effect of an increasein the ab-
solutesizeof the AVC-groupin the input databasewhile
varyingthebuffer sizes.Thebuffer sizefor RF-Writeand
RF-Hybrid is setsuchthat exactly the AVC-groupof the
root nodefits in-memory;thebuffer sizeof RF-Vertical is
setsuchthat exactly the largestAVC-setof the root node
fits in-memory. SincebothAVC-groupsizeandbuffer size
areincreasedsimultaneously(keepingtheir ratioconstant),
therunningtimesstayconstant.

Figure11 shows how the effect of skew betweentwo
attributeswithin an AVC-groupaffectsperformance.The
numberof tuplesremainedconstantat Ð�Ê�Ê�Ê�Ê�Ê�Ê ; wesetthe
buffer sizesfor RF-Write andRF-Hybrid to Ð Ë Ê�Ê�Ê�Ê , and
thebuffer sizefor RF-Vertical to ��Ú�Ê�Ê�Ê�Ê�Ê . We duplicated
theloan attribute(thusincreasingthenumberof attributes
to ten),but skewedthedistributionof distinctattributesval-
uesbetweenthetwo loanattributes.We reducedthenum-
berof attributevaluesof the remainingattributesto make
the loan attributesthe dominantcontributors to the over-
all AVC-groupsize. During the skew, we held the over-
all numberof distinct attributevaluesfor the two loanat-
tributesat a combinedsizeof ��Ð�Ê�Ê�Ê�Ê�Ê entries.For exam-
ple,askew valueof 0.1indicatesthatthefirst loanattribute
had ��Ê�Ü ( ��Ð&Ê�Ê�Ê�Ê ) distinctattributevaluesandthesecond
loan attribute had Ý�Ê�Ü ( ��Ê�Ú�Ê�Ê�Ê�Ê ) distinct values. As we
expected,theoverall runningtime is not influencedby the
skew, sincetheoverallAVC-groupsizeremainedconstant.

In our last experimentshown in Figure 12, we added
extra attributeswith randomvaluesto the recordsin the
input database,while holding the overall numberof en-
triesconstantat4200000for RF-HybridandRF-Writeand
at 2100000entriesfor RF-Vertical. Adding attributesin-
creasestreeconstructiontimesincetheadditionalattributes
needto be processed,but doesnot changethe final deci-
siontree.(Thesplittingalgorithmwill neverchoosesucha
“noisy” attribute in its splitting criterion.) As canbeseen
in Figure12, theRainForestfamily of algorithmsexhibits
a roughlylinearscaleupwith thenumberof attributes.

5.3 Performancecomparisonwith Sprint

In this section,we presenta performancecomparisonwith
Sprint [SAM96]. We tried to make our implementationof
Sprint as efficient as possible,resulting in the following
two implementationimprovementsover the algorithmde-
scribedin [SAM96]. First,wecreateonly oneattributelist
for all categoricalattributestogether. Second,whena node
	 splits into childrennodes	 � and 	 � , we createthe his-
togramsfor the categoricalattributesof 	 � and 	 � during
the distribution of the categorical attribute list, thus sav-

ing anadditionalscan.We madethein-memoryhash-table
largeenoughto performeachhash-joinin onepassoveran
attributelist.

Figures13 and14 show the comparisonof Sprint and
the RainForestalgorithmsfor Functions1 and7. For al-
gorithmsRF-HybridandRF-Write,we settheAVC buffer
sizeto Ð Ë Ê�Ê�Ê�Ê�Ê entries(theAVC-groupof theroot fits in-
memory);for RF-Vertical we setthe buffer sizesuchthat
the largestAVC-setof a singleattribute of the root node
fits in-memory. Thefiguresshow that for Function1, RF-
Hybrid and RF-Vertical outperformSprint by a factor of
about5. Function7 generateslargertreesthanfunction1;
thusthespeedupfactoris about8.

Wheredoesthis speed-upcomefrom? First, we com-
paredthecostof therepeatedin-memorysortingof AVC-
groupsin the RainForestalgorithmswith the costof cre-
ation of attribute lists in Sprint through which repeated
sortscanbeavoided. Thenumbersin Figure15 show that
repeatedin-memorysortingof theAVC-groupsis aboutten
timesfasterthentheinitial attributelist creationtime. Sec-
ond,we comparedthecostto arrive at a splitting criterion
for a node	 plusdistributionof  "!<	3% among	 ’s children.
In Sprint,thesplittingcriterionis computedthroughascan
overall attributelists; thedistributionof  "!<	3% is performed
througha hash-joinof all attribute lists with the attribute
list of thesplittingattribute. In theRainForestfamily of al-
gorithms, "!<	3% is readtwiceandwrittenonce;RF-Vertical
needsto write vertical partitionsif necessary. We set the
buffersizeof RF-WritesuchthattheAVC-groupof theroot
fits in-memoryandthebuffer sizeof RF-Verticalsuchthat
the largestAVC-setfits in-memory. Figure16 shows that
thecostof determiningthesplittingcriterionpluspartition-
ing in theoriginaldatabaseis aboutafactorof 5 fasterthan
scanningandhash-joiningthe attribute lists. This cost is
theoveralldominantcostduringtreeconstructionandthus
explainswhy the RainForestfamily of algorithmsoutper-
formsSprintby a factorof 5.

6 Conclusions

In thispaper, wehavedevelopedacomprehensiveapproach
to scalingdecisiontreealgorithmsthat is applicableto all
decisiontreealgorithmsthatwe areawareof. Thekey in-
sight is theobservationthatdecisiontreesin the literature
basetheirsplittingcriteriaata treenodeontheAVC-group
for thatnode,which is relatively compact.

Thebestsplittingcriteriadevelopedin statisticsandma-
chinelearningcannow beexploited for classificationin a
scalablemanner. In addition,dependingupontheavailable
memory, our algorithmsoffer significantperformanceim-
provementsover theSprintclassificationalgorithm,which
is the fastestscalableclassifierin the literature. If there
is enoughmemoryto hold individual AVC-sets,asis very
likely, weobtainverygoodspeed-upoverSprint;if thereis
enoughmemoryto holdall AVC-setsfor anode,thespeed-
up is evenbetter.

Acknowledgements. We wish to thank Wei-Yin Loh
for insightfuldiscussions.



0

500

1000

1500

2000

2500

3000

3500

4000

4500

5000

0 1 2 3 4 5

T
im

e
 in

 S
e
co

n
d
s

Þ

Number of Tuples in Millions

Scalibility -- Function 1

RF-Hybrid
RF-Write

RF-Vertical

0

2000

4000

6000

8000

10000

0 1 2 3 4 5

T
im

e
 in

 S
e
co

n
d
s

Þ

Number of Tuples in Millions

Scalability -- Function 7

RF-Hybrid
RF-Write

RF-Vertical

Figure5: Scalability— F1: OverallTime Figure6: Scalability— F7: OverallTime

0

10

20

30

40

50

60

70

80

0 1 2 3 4 5

P
a
g
e
 A

cc
e
ss

e
s 

in
 T

h
o
u
sa

n
d
s

ß

Number of Tuples in Millions

Number of Page Accesses -- Function 1

RF-Hybrid
Rf-Write

RF-Vertical

0

20

40

60

80

100

120

140

160

0 1 2 3 4 5

P
a
g
e
 A

cc
e
ss

e
s 

in
 T

h
o
u
sa

n
d
s

ß

Number of Tuples in Millions

Number of Page Accesses -- Function 7

RF-Hybrid
Rf-Write

RF-Vertical

Figure7: Scalability— F1: PageAccesses Figure8: Scalability— F7: PageAccesses

0

500

1000

1500

2000

0 0.2 0.4 0.6 0.8 1

T
im

e
 in

 S
e
co

n
d
s

Þ

Fraction of Original Size

Increase of AVC-Group --- Constant Buffer Size

RF-Hybrid
RF-Write

RF-Vertical

0

500

1000

1500

2000

0 0.2 0.4 0.6 0.8 1

T
im

e
 in

 S
e
co

n
d
s

Þ

Fraction of Original Size

Increase of AVC-Group Size --- Varying Buffer Size

RF-Hybrid
RF-Write

RF-Vertical

Figure9: ChangingAVC-groupSize Figure10: ChangingAVC-groupSize



0

500

1000

1500

2000

0 0.1 0.2 0.3 0.4 0.5 0.6

T
im

e
 in

 S
e
co

n
d
s

Þ

Skew

Skew between Two AVC Sets

RF-Hybrid
RF-Write

RF-Vertical

0

500

1000

1500

2000

2500

3000

3500

4000

0 2 4 6 8 10

T
im

e
 in

 S
e
co

n
d
s

Þ

Additional Number of Attributes

Increase of the Number of Attributes

RF-Hybrid
RF-Write

RF-Vertical

Figure11: ChangingAVC-groupSkew Figure12: ChangingNumberof Attributes

0

5000

10000

15000

20000

0 0.5 1 1.5 2 2.5 3

T
im

e
 in

 S
e
co

n
d
s

Þ

Number of Tuples in Millions

Comparison with Sprint -- Function 1

RF-Hybrid
RF-Write

RF-Vertical
Sprint

0

5000

10000

15000

20000

0 0.5 1 1.5 2 2.5 3

T
im

e
 in

 S
e
co

n
d
s

Þ

Number of Tuples in Millions

Comparison with Sprint -- Function 7

RF-Hybrid
RF-Write

RF-Vertical
Sprint

Figure13: Comparisonwith Sprint— F1 Figure14: Comparisonwith Sprint— F7

0

1000

2000

3000

4000

5000

6000

0 1 2 3 4 5

T
im

e
 in

 S
e
co

n
d
s

Þ

Number of Tuples in Millions

Sorting Cost

Sprint: Attribute List Creation
RF Cumulative In-Memory Sort --- F1
RF Cumulative In-Memory Sort --- F7

0

1000

2000

3000

4000

5000

6000

0 1 2 3 4 5

T
im

e
 in

 S
e
co

n
d
s

Þ

Number of Tuples in Millions

Partitioning Cost

RF-Write
RF-Vertical

Sprint

Figure15: SortingCostComparison Figure16: PartitioningCostComparison



References
[AGI à 92] R. Agrawal, S. Ghosh,T. Imielinski, B. Iyer, and

A. Swami. An interval classifierfor databasemin-
ing applications.In Proc.of VLDB, 1992.

[AIS93] R. Agrawal, T. Imielinski, andA. Swami. Database
mining: A performanceperspective. IEEE TKDE,
December1993.

[ASW87] M.M. Astrahan,M. Schkolnick, andK.-Y. Whang.
Approximating the number of unique values of
an attribute without sorting. Information Systems,
12(1):11–15,1987.

[BFOS84] L. Breiman,J.H. Friedman,R. A. Olshen,andC. J.
Stone.ClassificationandRegressionTrees.

[BU92] C.E. Brodley and P.E. Utgoff. Multivariateversus
univariatedecisiontrees.TR 8, Departmentof Com-
puterScience,Universityof Massachussetts,1992.

[Cat91] J. Catlett. Megainduction: Machine Learning on
Very Large Databases. PhD thesis,University of
Sydney, 1991.

[CFIQ88] J..Cheng,U.M. Fayyad,K.B. Irani,andZ. Qian.Im-
proveddecisiontrees:A generalizedversionof ID3.
In Proc.of MachineLearning, 1988.

[CM94] S.P. CurramandJ. Mingers. Neuralnetworks, de-
cision tree inductionanddiscriminantanalysis: an
empirical comparison. Journal of the Operational
Research Society, 45:440–450,1994.

[CS93a] P. K. ChanandS. J. Stolfo. Experimentson mul-
tistrategy learning by meta-learning. In Proc. of
CIKM, 1993.

[CS93b] P. K. ChanandS. J. Stolfo. Meta-learningfor mul-
tistrategy andparallellearning.In Proc.SecondIntl.
WorkshoponMultistrategy Learning, 1993.

[DBP93] V. CorrubleD.E. Brown andC.L. Pittard. A com-
parisonof decisionclassifierswith backpropagation
neuralnetworks for multimodalclassificationprob-
lems.PatternRecognition, 26:953–961,1993.

[DKS95] J. Dougherty, R. Kahove, and M. Sahami. Super-
vised and unsuperviseddiscretizationof continous
features.In Proc.of MachineLearning, 1995.

[Fay91] U.M. Fayyad.On theinductionof decisiontreesfor
multiple conceptlearning. PhD thesis,EECSDe-
partment,TheUniversityof Michigan,1991.

[FI93] U.M. FayyadandK. Irani. Multi-interval discretiza-
tion of continous-valuedattributesfor classification
learning.In Proc. of theInternationalJoint Confer-
enceonArtificial Intelligence, 1993.

[FMM96] T. Fukuda,Y. Morimoto, and S. Morishita. Con-
structingefficient decisiontreesby usingoptimized
numericassociationrules. In Proc.of VLDB, 1996.

[GJ79] M.R. Garey and D.S. Johnson. Computerand In-
tractability, 1979.

[Han97] D.J.Hand.ConstructionandAssessmentof Classifi-
cationRules, 1997.

[HNSS95] P.J.Haas,J.F. Naughton,S.Seshadri,andL. Stokes.
Sampling-basedestimationof thenumberof distinct
valuesof anattribute. In Proc.of VLDB, 1995.

[LLS97] T.-S. Lim, W.-Y. Loh, andY.-S. Shih. An empiri-
calcomparisonof decisiontreesandotherclassifica-
tion methods.TR 979,Departmentof Statistics,UW
Madison,June1997.

[LS97] W.-Y. Loh andY.-S. Shih. Split selectionmethods
for classificationtrees.StatisticaSinica, 7(4),Octo-
ber1997.

[LV88] W.-Y. Loh and N. Vanichsetakul. Tree-structured
classificationvia generalizeddisriminant analysis
(with discussion). Journal of the AmericanStatis-
tical Association, 83:715–728,1988.

[Maa94] W. Maass.Efficientagnosticpac-learningwith sim-
plehypothesis.In Proc.of ConferenceonComputa-
tional LearningTheory, 1994.

[Mag93] J. Magidson. The CHAID approachto segmenta-
tion modeling.In Handbookof MarketingResearch,
1993.

[MAR96] M. Mehta,R. Agrawal, andJ. Rissanen.SLIQ: A
fastscalableclassifierfor datamining. In Proc. of
EDBT, 1996.

[MRA95] M. Mehta,J.Rissanen,andR.Agrawal. MDL-based
decisiontreepruning.In Proc.of KDD, 1995.

[MST94] D. Michie, D.J.Spiegelhalter, andC.C.Taylor, edi-
tors.MachineLearning, Neural andStatisticalClas-
sification, 1994.

[Qui79] J.R.Quinlan. Discovering rulesby inductionfrom
largecollectionsof examples.In ExpertSystemsin
theMicro ElectronicAge, 1979.

[Qui83] J.RQuinlan. Learningefficient classificationproce-
dures. In Machine Learning: An Artificial Intelli-
genceApproach, 1983.

[Qui86] J.R.Quinlan. Inductionof decisiontrees. Machine
Learning, 1:81–106,1986.

[Qui93] J.R.Quinlan. C4.5: Programsfor Machine Learn-
ing, 1993.

[RS98] R.RastogiandK.Shim. PUBLIC: A DecisionTree
Classifierthat IntegratesPruningandBuilding. In
Proc.of VLDB, 1998.

[Ris89] J. Rissanen.StochasticComplexity in StatisticalIn-
quiry, 1989.

[SAM96] J. Shafer, R. Agrawal, and M. Mehta. SPRINT:
A scalableparallel classifierfor data mining. In
Proc.of VLDB, 1996.

[SMT91] J.W. Shavlik, R.J.Mooney, andG.G.Towell. Sym-
bolic andneurallearningalgorithms: an empirical
comparison.MachineLearning, 6:111–144,1991.

[WK91] S.M.WeissandC.A.Kulikowski. ComputerSystems
that Learn: Classificationand Prediction Methods
fromStatistics,Neural Nets,MachineLearning, and
ExpertSystems, 1991.

[YFM à 98] Y.Morimoto,T.Fukuda,H.Matsuzawa,T.Tokuyama,
and K.Yoda. Algorithms for Mining Association
Rulesfor Binary Segmentationsof HugeCategori-
calDatabases.In Proc.of VLDB, 1998.


