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Abstract

Classificationof large datasetsis an important
datamining problem. Many classificationalgo-
rithms have beenproposedin the literature, but
studieshave shawvn that so far no algorithmuni-
formly outperformsall otheralgorithmsin terms
of quality. In this paper we presenta unifying
framework for decisiontree classifiersthat sepa-
ratesthe scalabilityaspect®f algorithmsfor con-
structinga decisiontreefrom the centralfeatures
thatdeterminghequality of thetree. Thisgeneric
algorithmis easyto instantiatewith specificalgo-
rithmsfrom theliterature(includingC4.5,CART,
CHAID, FACT, ID3 andextensionsSLIQ, Sprint
andQUEST).

In additionto its generality in thatit yields scal-
ableversionsof a wide rangeof classificatioral-
gorithms, our approachalso offers performance
improvementsof over a factor of five over the
Sprint algorithm, the fastestscalableclassifica-
tion algorithmproposedreviously. In contrasto
Sprint, however, our genericalgorithmrequiresa
certainminimum amountof main memory pro-
portionalto the setof distinctvaluesin a column
of theinputrelation. Givencurrentmainmemory
costs, this requirements readily metin mostif
notall workloads.
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1 Intr oduction

Classifications animportantdatamining problem[AIS93.
The input is a databasef training records eachrecord
hasseveralattributes.Attributeswhoseunderlyingdomain
is totally orderedarecalledordered attributes, whereasat-
tributeswhoseunderlyingdomainis not orderedarecalled
catggorical attributes. Thereis onedistinguishedattribute,
called classlabel, which is a categorical attribute with a
very small domain. (We will denotethe elementsof the
domainof the classlabel attribute as classlabels the se-
manticsof the termclasslabelwill be clearfrom thecon-
text). The remainingattributes are called predictor at-
tributes they are either orderedor cateyorical in nature.
Thegoalof classificatioris to build a concisemodelof the
distribution of the classlabelin termsof the predictorat-
tributes. Theresultingmodelis usedto assignclasslabels
to adatabasef testingrecodswherethevaluesof thepre-
dictorattributesareknown but thevalueof theclasdabelis
unknown. Classificatiorhasa wide rangeof applications,
including scientificexperiments medicaldiagnosisfraud
detectioncreditapproval andtargetmarketing.

Many classification models have been proposedin
the literature. (For overviews of classificationmethods
see[WK91, MST94.) Decisiontreesare especiallyat-
tractive for a datamining ervironmentfor threereasons.
First, due to their intuitive representationthey are easy
to assimilateby humans[BFOS84. Second,they can
be constructedrelatively fast comparedto other meth-
ods [MAR96, SAM96]. Last, the accurag of decision
tree classifiersis comparableor superiorto other mod-
els[LLS97, Han97. In this paperwe restrictour attention
to decisiontreeclassifiers.

Within the areaof decisiontreeclassificationthereex-
ist alargenumberof algorithmsto constructdecisiontrees
(also called classificationtrees; we will use both terms
interchangeably).Most algorithmsin the machinelearn-
ing andstatisticsccommunityaremainmemoryalgorithms,
eventhoughtoday’s databasearein generalmuchlarger
thanmainmemory[AIS93].

There have been sereral approachedo dealing with
large databasesOneapproachs to discretizeeachordered
attribute and run the algorithm on the discretizeddata.



But all discretizationmethodsfor classificationthat take
the classlabelinto accountwhendiscretizingassumehat
the databasdits into main memory[Qui93, FI93, Maa94
DKS95. Catlett[Cat9] proposedsamplingat eachnode
of the classificationtree, but considerdn his studiesonly
datasetshat couldfit in mainmemory Methodsfor parti-
tioning the datasesuchthateachsubsefits in mainmem-
ory areconsideredyy ChanandStolfo[CS93a CS93Wh; al-
thoughthis methodenablesclassificatiorof large datasets
their studiesshaw thatthe quality of theresultingdecision
treeis worsethanthat of a classifierthatwas constructed
takingthe completedatabasénto accountatonce.

In this paper we presenta framework for scalingup
existing decisiontree constructionalgorithms. This gen-
eralframenork, whichwe call RainForestfor ratherwhim-
sical reasons, closesthe gap betweenthe limitations to
mainmemorydataset®f algorithmsin the machinelearn-
ing andstatisticditeratureandthe scalabilityrequirements
of a datamining ernvironment. 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 andextensiongQui79, Qui83 Qui8§
CFIQ88 Fay9], SLIQ and Sprint [MAR96, MRA95,
SAM96] andQUEST[LS97]) accesshedatausingacom-
mon pattern,as describedin Figure1l. We presentdata
accessalgorithmsthat scalewith the size of the database,
adaptgracefullyto the amountof main memoryavailable,
andarenotrestrictedto a specificclassificatioralgorithm.
(This aspecbf decisiontreeclassificatioris addresseex-
tensiely in statisticsand machinelearning.) Our frame-
work appliedto algorithmsin theliteratureresultsin ascal-
ableversionof the algorithmwithout modifyingthe result
ofthealgorithm Thus,we donotevaluatethequality of the
resultingdecisiontree,whichis not affectedby our frame-
work; insteadwe concentrat®n scalabilityissues.

The restof the paperis organizedasfollows. In Sec-
tion 2, we formally introducethe problemof decisiontree
classificationand describeprevious work in the database
literature. In Section3, we introduceour framevork and
discusshow it encompassegreviouswork. In Section4,
we presenscalablealgorithmsto constructdecisiontrees,
andin Section5 we presentesultsfrom a detailedperfor
manceevaluation.We concludein Section6.

2 Decisiontr eeclassifiers
2.1 Problemdefinition

A decisiontreeT is a modelof the datathat encodeghe
distribution of the classlabelin termsof the predictorat-
tributes.It isadirected agyclic graphin form of atree.The
root of the treedoesnot have ary incomingedges.Every
othernodehasexactly oneincomingedgeandzeroor more
outgoingedgesIf anoden hasno outgoingedgeswe call
n aleaf node otherwisewe call n aninternal node Each

1Therearelots of treesto choosdrom, andthey all grow fastin Rain-
Forest! We alsohapperto like rainforests.

leafnodeis labeledwith oneclasdabel;eachinternalnode
is labeledwith onepredictorattributecalledthesplitting at-
tribute. Eachedgee originatingfrom aninternalnoden has
a predicatey associatedvith it whereq involvesonly the
splitting attribute of n. Thesetof predicates” on the out-
going edgesof aninternalnodemustbe non-overlapping
andexhaustive A setof predicatesP is non-overlapping
if the conjunctionof ary two predicatesn P evaluateso
f al se. A setof predicates is exhaustivef thedisjunc-
tion of all predicatesn P evaluategot r ue. We will call
the setof predicaten the outgoingedgesof aninternal
noden thesplitting predicatesf n; thecombinednforma-
tion of splitting attribute and splitting predicatess called
thesplitting criteria of n andis denotedoy cri t (n).

For aninternalnoden, let E = {ej,e2,...,e,} bethe
setof outgoingedgesandlet @ = {q1, ¢, --.,qr} bethe
setof predicatesuchthatedgee; is associatedvith pred-
icateq;. Let usdefinethe notionof the family of tuplesof
anodewith respecto databasé. Thefamily F(r) of the
rootnoder of decisiontreeT is thesetof all tuplesin D.
For anon-rootnoden € T, n # r, let p bethe parentof n
in T andlet g,_,,, bethe predicateon the edgee,_,,, from
p to n. Thefamily of the noden is the setof tuplesF(n)
suchthatfor eachtuplet € F'(n), t € F(p) andgy—n(t)
evaluatesto t r ue. Informally, the family of a noden is
the setof tuplesof the databas¢hatfollows the pathfrom
theroot to n whenbeingclassifiedby thetree. Eachpath
W from therootr to aleaf noden correspondso a clas-
sificationrule R = P — ¢, whereP is the conjunctionof
thepredicateslongtheedgesn W andc is theclasslabel
of noden.

Therearetwo waysto controlthesizeof a classification
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 training data. In a top-
downpruning algorithm[RS9§ the two phasesreinter
leaved: Stoppingcriteriaarecalculatedduringtreegrowth
to inhibit furtherconstructiorof partsof thetreewhenap-
propriate. In this paper we will concentrateon the tree
growth phase,sinceit is dueto its data-intensie nature
the most time-consumingpart of decisiontree construc-
tion [MAR96, SAM96]. Whetherthe treeis prunedtop-
down or bottom-upis anorthogonaissue.

2.2 Previouswork in the databaseliteratur e

Agrawal et al. introducein [AGIT92] aninterval classifier
that could usedatabaséndicesto efficiently retrieve por-
tionsof the classifieddatasetisingSQL queries However,
the methoddoesnot scaleto large training sets[SAM96].
Fukudaet al. [FMM96] constructdecisiontreeswith two-
dimensionakplitting criteria. Althoughtheiralgorithmcan
produceruleswith very high classificatioraccurag, scal-
ability was not one of the designgoals. In addition, the
decisiontree no longer hasthe intuitive representatiomf
atreewith one-dimensionaplits at eachnode. The deci-
siontreeclassifietin [MAR96], calledSLIQ, wasdesigned



for large databasebut usesan in-memorydatastructure
thatgrows linearly with the numberof tuplesin the train-
ing database.This limiting datastructurewas eliminated
in [SAM96], which introducedSprint,a scalableclassifier

Sprintworksfor very large datasetandremovesall re-
lationshipsbetweenmain memoryandsize of the dataset.
Sprintbuilds classificatiortreeswith binarysplitsusingthe
gi ni index [BFOS84 to decidethe splitting criterion; it
controlsthefinal quality of thedecisiontreethroughanap-
plicationof theMDL principle[Ris89,MRA95]. Todecide
onthesplitting attributeatanoden, thealgorithmrequires
accesso F'(n) for eachorderedattributein sortedorder So
conceptuallyfor eachnoden of thedecisiontree,a sortof
F(n) for eachorderedattributeis required. Sprintavoids
sortingat eachnodethroughthe creationof attribute lists.
Theattributelist L, for attributea is a vertical partition of
the training databaseD: For eachtuplet € D the entry
of t into L, consistof the projectionof ¢ ontoa, theclass
label andt's recordidentifier  The attribute lists are cre-
atedat the beginning of thealgorithmandsortedonceasa
preprocessingtep.

Duringthetreegrowth phasewheneeraninternalnode
n splits, F'(n) is distributedamongn’s childrenaccording
tocrit (n). Sinceeverytupleis vertically partitionedover
all attribute lists, eachattribute list needgto be distributed
separatelyThedistribution of anattributelist is performed
througha hash-joinwith the attribute list of the splitting
attribute;therecordidentifier, whichis duplicatednto each
attribute list, establisheshe connectiorbetweenthe parts
of the tuple. Sinceduringthe hash-joineachattribute list
is readanddistributedsequentiallythe initial sortorderof
theattributelist is presered.

In recentwork, Morimoto et al. developedalgorithms
for decisiontreeconstructiorfor cateyoricalpredictorvari-
ableswith large domaingYFM *9§]; the emphasi®of this
work is to improvethequality of theresultingtree. Rastogi
andShimdevelopedPUBLIC, ascalablalecisiorntreeclas-
sifier usingtop-donvn pruning[RS9§. Sincepruningis an
orthogonaldimensionto tree growth, their techniquesan
be easilyincorporatednto our schema.

2.3 Discussion

One can think of Sprint as a prix fixe all-you-can-eat
mealin a world-classrestaurant.Sprint runswith a min-
imal amountof main memoryand scalesto large train-
ing databases.But it also comeswith somedravbacks.
First,it materializesheattributelistsateachnode possibly
tripling the sizeof thedatabaséit is possibleto createonly
oneattributelist for all categoricalattributestogetherasan
optimization). Secondthereis alarge costto keepthe at-
tributelists sortedateachnoden in thetree: Sincethecon-
nectionbetweerthevertically separate@artsof atuplecan
only be madethroughthe recordidentifier, a costly hash-
join needsto be performed. The size of the hashtableis
proportionalto the numberof tuplesin F'(n) andthuscan
be very large. Overall, Sprint paysa significantprice for
its scalability As we will shav in Section3, someobser

vationsaboutthe natureof decisiontreealgorithmsenable
usto speedup Sprintsignificantlyin mostcasesTo return
to ourrestaurananalogythetechniquesn Section3 allow
you to samplesomeRainForestCrunch(TM) ice-creanin
therestaurantpayingfor justwhatyou ordered.

The emphasisf the researchin the machinelearning
andstatisticscommunityhasbeenon improving the accu-
ragy of classifiers. Many studieshave beenperformedto
determinavhichalgorithmhasthehighestpredictionaccu-
ragy [SMT91, BU92, DBP93 CM94, MST94. Thesestud-
ies indicatethat no algorithmis uniformly mostaccurate
over all the datasetstudied.(Mehtaet al. alsoshav qual-
ity studiesfMRA95, MAR96] which indicatethat the ac-
curag of thedecisiontreebuilt by Sprintis not uniformly
superior) We have thereforeconcentratean developing
a unifying framework thatcanbe appliedto mostdecision
treealgorithms,andresultsin a scalableversionof the al-
gorithmwithout modifying theresult. Thatis, the scalable
versionsof the algorithmsproduceexactly the samedeci-
siontreeasif suficientmainmemorywere availableto run
the original algorithm on the completedatabasein main
memory To carry our restauranainalogyone (last!) step
further, thetechniquesn Sectior4 allow youto pick a dif-
ferentrestauranevery day, eatthereaslittle or muchas
youwant,andpayonly for whatyou order

3 The RainForestFramework

We first introducethe well-known greedytop-dovn deci-
siontreeinductionschemaThenwe shov how thisschema
can be refinedto the genericRainForest Tree Induction
Schemaanddetail how the separatiorof scalabilityissues
from quality concernss achiezed. Concludingthis section,
we overview the resultingdesignspacefor the algorithms
presentedh Section4.

Decisiontreealgorithmsbuild the treetop-davn in the
following way: At the root noder, the databasés exam-
ined andthe bestsplitting criterioncr i t (r) is computed.
Recursiely, at a non-rootnoden, F(n) is examinedand
from it crit(n) is computed. (This is the well-known
schemdor top-davn decisiontreeinduction;for example,
aspecificinstanceof this schemdor binarysplitsis shovn
in [MAR96]). Thisschemas shonvnin Figurel.

A thoroughexaminationof the algorithmsin the lit-
eratureshaws that the greedy schemacan be refinedto
the genericRainForest Tree Induction Shemashaown in
Figure1. Most decisiontree algorithms(including C4.5,
CART, CHAID, FACT, ID3 andextensions SLIQ, Sprint
andQUEST)proceedaccordingo this genericschemand
we do notknow of ary algorithmin theliteraturethatdoes
notadhereto it. In the remainderof the paper we denote
by C £ arepresentatie classificatioralgorithm.

Notethatat a noden, the utility of a predictorattribute
a asa possiblesplitting attribute is examinedindependent
of theotherpredictorattributes: Theinformationaboutthe
classlabeldistribution for eachdistinctattribute valueof a
is sufiicient. We definethe AVC-setof a predictorattribute
a at noden to be the projectionof F'(n) ontoa andthe



Input noden, partition D, classificatioralgorithmC £
Output decisiontreefor D rootedatn

Top-Down DecisionTreelnduction Schema:
BuildTregNoden, datapartitionD, algorithmC L)
(1) ApplyCLtoDtofindcrit (n)

(2) letk bethenumberof childrenof n

3) if(k>0)

4) Createk childrency, ..., cx 0f n

5) Usebestsplitto partition D into Dy, . ..
(6) for (i =1;i < k; i++)

JDk

(7) BuildTreeg;, D;)
8) endfor
(9) endif

RainForestRefinement:
(1a) for eachpredictorattributep
(1b) CallCL.find best_partitioning(AVC-setof p)
(1c) endfor
(2a) k=CL.decide_splitting criterion();
Figurel: TreelnductionSchemandRefinement

clasdabelwherebycountsof theindividual classlabelsare
aggreyated.We definethe AVC-goupof anoden to bethe
setof all AVC-setsat noden. (Theacrorym AVC stands
for for AttributeValue,Classlabel.)Note thatthe size of
the AVC-setof a predictorattribute a at noden depends
only onthe numberof distinctattribute valuesof a andthe
numberof classlabelsin F(n).

The main difference betweenthe greedy top-dovn
schemaandthe subtly refinedRainForestSchemais, that
the latter isolates an important component,the AVC-
set. The AVC-setallows the separatiorof scalabilityis-
suesof the classificationtree constructionfrom the algo-
rithms to decideon the splitting criterion: Considerthe
main memoryrequirementsat eachstepof the RainFor-
est Schemashavn 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-
cedureCL.find best partitioning. Thus, the total
main memory requiredin lines (1a)—(1c)is the maxi-
mum size of ary single AVC-set. In addition, Algorithm
CL storesfor eachpredictorattribute the resultof proce-
dure CL.find best partitioning asinput to the pro-
cedureCL.decide_splitting criterion; the size of
thesestatisticsis negligible. In line (2a), all the statistics
collectedin lines(1a)—(1c)areevaluatedogethelin proce-
dureCL.decide_splitting criterion; themainmem-
ory requirementdor this stepare minimal. Lines (3)—(9)
distribute tuplesfrom one partition to several others;one
pageperopenfile is needed.

Following the precedinganalysidhasedninsightsfrom
the RainForestSchemaye canmalke the (now rathertriv-
ial) obsenationthataslong aswe canfind anefficientway
to constructthe AVC-group of noden, we can scaleup
ary classificatioralgorithmC £ thatadheredo the generic
RainForestSchema.

ConsidethesizesS, oftheAVC-setof predictorattribute
a atanoden. Notethat S, is proportionalto the number
of distinctattributevaluesof attributea in F'(n), andnotto

the sizeof the family F'(n) of n. Thus,for mostreal-life
datasetswe expectthatthe whole AVC-group of the root
nodewill fit entirelyin mainmemory givencurrentmem-
ory sizes;if notit is highly likely thatat leastthe AVC-set
of eachindividual predictorattributefits in mainmemory
The assumptiorthatthe AVC-groupof the root noder
fits in-memorydoesnot imply thatthe input databasdits
in-memory! The AVC-groupof r is notacompressedep-
resentatiof F'(r); F(r) cannotbereconstructeétomthe
AVC-groupof r. Ratherthe AVC-groupof r containsag-
gregatednformationthatis sufficientfor decisiontreecon-
struction. In Section5, we calculateexamplenumbersfor
the AVC-group of the root nodegeneratedy a synthetic
data generatorintroducedby Agrawal et al. in [AIS93]
(which was designedto modelreal-life data). The max-
imum memorysize for the AVC-group of the generated
datasetss aboutl6 megabytesWith currentmemorysizes
of 64 megabytedor homecomputersye believe thatin a
corporatedatamining ervironmentthe AVC-groupof the
root nodewill almostalwaysfit in main memory; other
wise at leasteachsingle AVC-setof the root nodewill fit
in-memory Dependingon the amountof main memory
available,threecasesanbedistinguished:

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

2. Eachindividual AVC-setof theroot nodefits in main
memory but the AVC-groupof therootnodedoesnot
fit in mainmemory We describealgorithmsfor this
casen Sectior4.4.

3. Noneof theindividual AVC-setsof therootfit in main
memory This caseis discussedh thefull paper

In understandinghe RainForestfamily of algorithmsijt
is usefulto keepin mindthatthefollowing stepsarecarried
out for eachtreenoden, accordingto the genericschema
in Figurel:

1. AVC-group Construction: If anAVC-groupdoesnot
alreadyexist whenthe noden is consideredywe must
readF'(n) in orderto constructthe AVC-group. This
involvesa scanof theinput databaseé) or a material-
ized partitionof D thatis a supersetf F'(n). Some-
times,we needto constructhe AVC-grouponeAVC-
setatatime.

2. ChooseSplitting Attrib ute and Predicate: Thisstep
usesthe decisiontree algorithm C£ that is being
scaledusingthe RainForestframawork; to our knowl-
edgeall decisiontree algorithmsmalke thesechoices
by examiningthe AVC-setsof thenodeoneby one.

3. Partition D Acrossthe Childr en Nodes: We must
readthe entire datasetand write out all records,par
titioning theminto child “buckets” accordingto the
splitting criterionchoserin the previousstep.If there
is sufficientmemorywe canbuild the AVC-groupsor
oneor morechildrenatthistime, asanoptimization.



Stateof n Precondition Processin@ehaviorof tuplet
Send crit (n) hasbeencomputedp’s childrennodes| ¢ is sentto achild accordingocri t (n)
areallocated;n is root, or parentof n is in state
Send
Fill n IS rootnode,or parentof n is in stateSend The AVC-groupatn is updated
Wite n IS root, or n’s parents in stateSend t is appendedo an’s partition
Fill Wite | nisrootnode,orparentof n isin stateSend The AVC-group at n is updatedby ¢; ¢ is ap-
pendedo n’s partition
Undeci ded No processingakesplace
Dead crit (n) hasbeencomputed;eithern doesnot | No processindakesplace
split or all childrenof n arein stateDead

Figure?2: StatesandProcessindgehavior

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.

Comparinghesizeof the AVC-groupof anoden to the
attribute lists createdin Sprint[SAM96] for n, the AVC-
groupis typically muchsmallerthanevenasingleattribute
list, becausdahe AVC-setsizeis proportionalto the num-
berof distinctvaluesn thecolumnsof D, ratherthanto the
numberof recordsn D. Althoughwe outperformSprintby
abouta factorof five, the primary designgoal of the Rain-
Forestframavork wasnot to outperformSprint, but rather
to provide a generalframeawork to scaleup a broadrange
of decision-treeclassificationalgorithmsfrom the litera-
ture. Thereasonwhy thetechniquesisedin Sprintdo not
straightforvardly extendto a broaderrangeof algorithms
is thatthe datamanagemertf Sprintis designedo enable
efficientsequentiahccess$o orderedattributesin sortedor-
der Thus,decisiontreealgorithmsthatexhibit this access
pattern(e.g.,CART [BFOS84) canbe implementedwith
thedatamanagemerf Sprint. But otherdecisiontreeal-
gorithms(e.g.,ID3 [Qui86] or GID3 [CFIQ88) thatdo not
exhibit a sequentiabccesgpatterncannot be scaledusing
thisapproach.

4 Algorithms

In this section,we presentalgorithmsfor two of thethree
casedisted above. The first threealgorithms,RF-Write,
RF-Readand RF-Hybrid, requirethat the AVC-group of
therootnoder (andthusthe AVC-groupof eachindividual
nodein thetree)fits into mainmemory;we assumehatthis
is the mostcommoncase,asdiscussedn Section3. The
remainingalgorithm, Algorithm RF-\ertical, worksin the
casethateachsingle AVC-setof r fits in-memory but the
completeAVC-groupof r doesnotfit. Sincescalabilityand
splittingcriterionselectiorareorthogonaln theRainForest
Schemawe do not dwell on ary issuesdealingwith the
quality of theresultingdecisiontree.

In order to describethe following algorithms pre-
cisely, we introducethe notion of the state of a node;
possiblestatesare Send, Fil | , Fil I Wite, Wite,
Undeci ded, andDead. The stateS of a noden deter
mineshow a tupleis processedtn. A list of the states
andthe preconditionsaandprocessindehaior is shovn in

Figure2. Wheneer a nodeis created,its stateis setto
Undeci ded (unlessmentionedotherwise),and we will
call sucha nodea new node. A node whose stateis
Dead will becalledadeadnode.

4.1 Algorithm RF-Write

For Algorithm RF-Write,we assumehatthe AVC-groupof
therootnoder fits into mainmemory Algorithm RF-Write
worksasfollows: We make onescanoverthe databasand
constructthe AVC-groupof r. Algorithm C£ is applied
andk childrenof r arecreated An additionalscanoverthe
databasés made ,whereeachtuplet is written into oneof
thek partitions.Thealgorithmthenrecursesn turnoneach
partition. In the remainderof this paragraphwe describe
Algorithm RF-Writein moredetail.

At thebgginning, the stateof r is setto Fi | | andone
scanoverthedatabas® is made.Sincer isin stateFi | | |
its AVC-groupis constructedduring the scan. Algorithm
CL is calledwith the AVC-groupof » asargumentandcom-
putescri t (r). AssumethatC £ splitson attributea into &
partitions. Algorithm RF-Write allocatesk childrennodes
of r, setsthe stateof r to Send, the stateof eachchild to
Wi t e, andmakesoneadditionalpassover D. Eachtuple
t thatis readfrom D is processetby thetree: Sincer isin
stateSend, cri t (r) is appliedto ¢t andt is sentto a child
¢¢. Sincenodec; isin stateWi t e, ¢ is appendedo ¢;'s
partition. After the scan,the partition of eachchild node
¢; consistof F(c;). Thealgorithmis thenappliedon each
partitionrecursvely.

For eachlevel of thetree,Algorithm RF-Writereadshe
entiredatabaséwice andwritesthe entiredatabasence?

4.2 Algorithm RF-Read

The basicidea behind Algorithm RF-Readis to always
readthe original databasénsteadof writing paritionsfor
thechildrennodes.Sinceat somepoint all AVC-groupsof
the new nodeswill notfit into mainmemory we will read
the original databasenary times, eachtime constructing

2This simple analysisassumeshat the tree is balanced. More pre-
cisely at alevel I, only thosetuplesthat belongto families of nodesat
level [ arereadtwice andwritten once. Sincetheremight be deadnodes
in thetree,the setof tuplesprocessedt level I doesnot necessarilyon-
stitutethewholeinputdatabase.



AVC-groupsfor anunexaminedsubsebf thenew nodesn
thetree.

More preciselyin thefirst stepof Algorithm RF-Read,
the stateof therootnoder is settoto Fi | | , onescanover
the databaseD is made,andcri t (r) is computed. The
childrennodes{cy, ¢z, ..., c} of r arecreated.Suppose
thatat this point thereis enoughmain memoryto hold the
AVC-groupsof all childrennodes{ci, c2, . .., cx } Of r in-
memory (We will addresghe problemof size estimation
of the AVC-groupsin Sectior4.5.) In this casethereis no
needto write out partitionsfor thec;’sasin Algorithm RF-
Write. Instead,we canin anotherscanover D construct
the AVC-groupsof all childrensimultaneouslyWe setthe
stateof r to Send, changehestateof eachnewly allocated
child ¢; from Undeci ded toFi | | , andbuild in asecond
scanover D theAVC-groupsof thenodesy, . . ., ¢, Simul-
taneouslyn mainmemory After thescanof D, Algorithm
CL is appliedto the in-memoryAVC-groupof eachchild
nodec; to decidecr i t (¢;). If ¢; splits,its childrennodes
areallocatedandits stateis setto Send; otherwisez;’s state
is setto Dead. Note that so far we have madeonly two
scansover the original databaseo constructthe first two
levelsof thetree.

We canproceedn the sameway for eachlevel of the
tree,aslong asthereis sufficient main memoryavailable
to hold the AVC-groupsof all new nodesN at the level.
Supposdhatwe arrive at a level L wherethereis not suf-
ficient memoryto hold all AVC-groupsof the new nodes
in-memory In thiscasewe candivide thesetof new nodes
N into groupsGh, ...,G,,,UG; = N,G;NG; = ( for
i # j, suchthattheall AVC-groupsof thenodesn agiven
group@G; fit in-memory Eachgroupis thenprocessedh-
dividually: the statesof the nodesin G; arechangedrom
Undeci ded to Fi | I andone scanover the databasés
madeto constructtheir AVC-groups;after the scan,their
splitting criteriaarecomputed Onceall g7, groupsfor level
L have beenprocessedye proceedo the next level of the
tree. Note thatfor level L, g5, scansover the databaseéD
werenecessary

With increasingL, usually the numberof nodesat a
level L of thetreeandthususuallythe overall main mem-
ory requirementsf thecollectve AVC-groupsof thenodes
atthatlevel grow. Thus,Algorithm RF-Readmakesanin-
creasinghumberof scansoverthe databaseerlevel of the
tree. Thereforeit is not efficient for splitting algorithms
thatapply bottom-uppruning (exceptfor the casethatthe
familiesatthe pureleaf nodesarevery large— andthis is
usuallynotknownin advance).But for splitting algorithms
that prunethetreetop-daovn [Fay91, RS98§, this approach
might beaviablesolution.

We includedAlgorithm RF-Readfor completenessit
marksone end of the designspectrumin the RainForest
framevork andit is oneof thetwo parentsf the Algorithm
RF-Hybrid describedn the next section.We do not think
thatit is veryimportantin practicedueto its restrictionsn
usability,

4.3 Algorithm RF-Hybrid

CombiningAlgorithm RF-Write and Algorithm RF-Read
givesriseto Algorithm RF-Hybrid. Wefirst describea sim-

pleform of RF-Hybrid;in thenext paragraphve will refine
this versionfurther RF-Hybrid proceedsxactly like RF-

Readuntil atreelevel L is reachedvhereall AVC-groups
of the new nodesN togetherdo not fit any morein main
memory At this point, RF-Hybrid switchesto RF-Write:

Algorithm RF-Hybrid createsm partitions and makes a
scanover the databaseD to partition D over the m par

titions. The algorithmthenrecurseon eachnoden € N

andto completethe subtreerootedat n. This first version
of RF-Hybrid usesthe available memorymore efficiently

thanRF-Write anddoesnot requirean increasinghumber
of scansover the databasdor lower levels of the tree as
doesRF-Read.

We canimprove uponthis simpleversionof Algorithm
RF-Hybrid using the following obsenation: Assumethat
we arrive attreelevel L whereall AVC-groupsof the new
nodesN togethero notfit any morein mainmemory Al-
gorithm RF-Hybrid switchesfrom RF-Readto RF-Write,
but during this partitioning pass,we do not make use of
the availablemainmemory (Eachtupleis read,processed
by the tree and written to a partition— no new informa-
tion concerningthe structureof the treeis gainedduring
this pass.)We exploit this obsenationasfollows: We se-
lectasetM C N for which we constructAVC-groupsin
main memorywhile writing the partitionsfor the nodesin
N. After the partitioningpass Algorithm C L is appliedto
the in-memory AVC-groupsof the nodesin M andtheir
splitting criteriaarecomputed.

The concurrentconstructionof AVC-groups for the
nodesin M hasthe following adwantage. Letn € M
be a nodewhose AVC-group has beenconstructed,and
consider the recursionof Algorithm RF-Hybrid on n.
Sincecr i t (n) is alreadyknown, we saved the first scan
overn's partition: we canimmediatelyproceedo the sec-
ond scanduring which we constructAVC-groupsfor the
childrenof n. Thus,dueto the concurrentconstructiornof
the AVC-groupsof thenodesin M, we save for eachnode
n € M onescanovern’s partition.

How do we chooseM C N? Sincewe save for each
noden € M onescanovern’s partition,we would like to
maximizethe sumof the sizesof thefamiliesof thenodes
in M. Therestrictingfactoris the size of main memory:
For eachnoden € M we have to maintainits AVC-group
in mainmemory We canformulatetheproblemasfollows:
Eachnoden € M hasan associatedenefit(the size of
F(n)) andan associatedost (the size of its AVC-group
which hasto be maintainedn mainmemory).

Assumefor now thatwe have estimatef the sizesof
the AVC-groupsof all nodesin N. (We will addresghe
problemof sizeestimationof AVC-groupsin Sectiond.5.)
Accordingto the formulationin the precedingparagraph,
the choice of M is an instanceof the knapsak prob-
lem[GJ79. An instanceof the knapsackproblemconsists
of aknapsaclcapacityanda setof itemswhereeachitem



Stateof n Precondition

Processingehavior of atuplet

isin stateSend

Fill n is root node,or parentof n | The AVC-groupatn is updatecandthe projectionof ¢ onto P, ge
isin stateSend andtheclasslabelis writtento afile
Fill Wite | nisrootnode,or parentof n | The AVC-groupatn is updatedandt is appendedo n’s partition;

the projectionof ¢ onto Plarge andthe classlabelis written to a
temporaryfile F’

Figure3: Descriptionof Statesvith Modified Processin@ehavior in Algorithm RF-\ertical

hasanassociatedostandbenefit. Thegoalis to find asub-
setof theitemssuchthatthetotal costof thesubsetloesnot
exceedthe capacityof the knapsackwvhile maximizingthe
sumof the benefitsof theitemsin theknapsackTheknap-
sackproblemis well-known to be NP-complete[GJ79.
We decidedo usea modifiedgreedyapproximatiorwhich
findsa packingthathasat leasthalf the benefitof the opti-
malpackingandworkswell in practice.(We call thegreedy
algorithmmodified,becausét considergheitem with the
largestbenefitseparatelythis specialcaseis necessaryo
getthe statedboundwith respecto the optimal solution.)
The output of the GreedyAlgorithm is the subsetM of
thenew nodesN suchthat: (i) We canafford to construct
the AVC-groupsof M in-memory and(ii) Thebenefit(the
numberof sared1/O’s) is maximized.

Note that the Greedy Algorithm only addresseghe
problemof selectinganoptimalsetM of new nodesN for
whichwe canconstructAVC setsin-memory As anexten-
sion of Algorithm RF-Hybrid, we could considerwriting
partitionsfor only the nodesin N \ M; we will consider
this extensionin furtherresearch.

4.4 Algorithm RF-Vertical

Algorithm RF-Vertical is designedfor the casethat the
AVC-groupof the root noder doesnot fit in main mem-
ory, but eachindividual AVC-setof r fits in-memory For
the presentatiorof RF-\ertical, we assumewithout loss
of generalitythat thereare predictorattrioutes P g =
{ai,...,a,} with verylarge AVC-setssuchthateachindi-
vidual AVC-setfits in main memory but no two AVC-sets
of attributesin Py, . fitin-memory We denotetheremain-
ing predictorattributesby Psan = {avt1,---,am}; the
classlabelis attribute c. We limited the presentatioro this
specialscenaridor the easeof explanation;our discussion
caneasilybe extendedo thegenerakase.

RF-\erticalproceedsimilarto RF-Hybrid,but we pro-
cesspredictorattributesa € Pj.rg. in a specialway: For
eachnode ,we write atemporaryfile Z from whichwe can
reconstructhe AVC-setsof the attributesin Prge. Af-
ter “normal” processingof the attributesa ¢ Pspqu has
completed,Z is readv timesandfor eacha € Pi,rg. its
AVC-setis constructedn turn.

Let n be a nodein the treeandlet ¢ be a tuple from
the databaseD. In Algorithm RF-\ertical, the process-
ing of a tuple ¢t at a node n has slightly changedfor
somestatesof n. Assumethatn is in stateFi | | . Since
we can not afford to constructn’s completeAVC-group
in main memory we only constructthe attribute lists for
predictor attributes Pi,,..;; in-memory For predictorat-

tributesin Pj,,4., We write atemporanyile Z,, into which
we insertt’s projectiononto P, andthe classlabel.
Thus, Z,, hasthe schema{a,, as,...,a,,c). After the
scanover D is completed Algorithm C£ is appliedto the
in-memory AVC-groupsof the attribute in P,p,q. Al-

gorithm CL£ cannot yet computethe final splitting crite-
rion (i.e., procedureC £.decide_splitting criterion
cannot be calledyet), sincethe AVC-setsof the attributes
a € Pirge have not yet beenexamined. Therefore,
for eachpredictor attribute @ € P,,4., We make one
scanover Z,,, constructthe AVC-setfor a andcall proce-
dureCL.find best_partitioning onthe AVC-set. Af-

ter all v attributes have beenexamined, we call proce-
dureCL.decide_splitting criterion to computethe
final splitting criterion for noden. This slightly modi-
fied processingbehaior of a nodefor statesFi I | and
Fill Wi te hasbeensummarizedn Figure3.

In the descriptionabove, we concentrate@n one pos-
sibility to constructthe AVC-setof the predictorattributes
Piorge. In generalthereareseveralpossibilitiesfor prepar
ing the constructionof the AVC-setsof the predictorat-
tributesP,,q. atanoden. Thecompletesetof optionsis
givenin thefull paper

4.5 AVC-Group SizeEstimation

To estimatehe sizeof the AVC-groupof new noden, note
thatwe cannotassuméhatn’s AVC-groupis muchsmaller
thanthe AVC-groupof its parentp eventhoughF(p) might
be considerablyargerthan F'(n). We estimatethe sizeof

the AVC-groupof anew noden in averyconserativeway:

We estimatdt to bethe samesizeasits parentp — except
for the AVC-setof the splitting attribute a. (If parentp of

noden splitsona we know thesizeof a’s AVC-setatnode
n exactly). Eventhoughthis approachusually overesti-
mateghesizesof AVC-groupsit workedverywell in prac-
tice. Therearealgorithmsfor the estimationof the number
of distinctvaluesof anattribute (([ASW87, HNSS9%); we

intendto exploretheir usein futureresearch.

5 Experimental results

In the machinelearning and statisticsliterature, the two
main performancemeasuredor classificationtree algo-
rithmsare: (i) The quality of therulesof theresultingtree,
and(ii) Thedecisiontreeconstructiorntime [LLS97]. The
genericschemadescribedn Section3 allows the instan-
tiation of most (to our knowledge, all) classificationtree
algorithmsfrom the literaturewithout modifyingthe result
ofthealgorithm Thus,qualityis anorthogonalssuen our
frameavork, andwe canconcentratasolelyon decisiontree



| PredictorAttribute | Distribution | Maximumnumberof entries |
Salary U(20000,150000) 130001
i If salary> 75k, thencommission=0
Commission elseU(10000,75000) 65001
Age U(20,80) 61
Education_evel U(0,4) 5
Car U(1,20) 20
ZipCode Uniformly choserfrom nine zipcodes 9
U(0.5 - k£ - 100000, 1.5 - £ - 100000)
Housevalue wherek depend®n ZipCode 1350001
HomeYears U(1,30) 30
Loan U(0,500000) 500001
| Overallsizeof the AVC-groupof theroot I 2045129 |

Figure4: Thesizesof the AVC-setsof Gener at or in [AIS93]

constructiortime. In theremaindepf this sectiorwe study
theperformancef thetechniqueshatenableclassification
algorithmsto be madescalable.

5.1 Datasetsand Methodology

The gap betweenthe scalability requirementf real-life
datamining applicationsandthe sizesof datasetxonsid-
eredin theliteratureis especiallyvisible whenlooking for
possiblebenchmarldatasets$o evaluatescalabilityresults.
The largestdatasein the often usedStatlogcollection of
training databasefMST94] containsonly 57000 records,
andthe largesttraining datasetonsideredn [LLS97] has
4435 tuples. We thereforeusethe syntheticdatagenera-
tor introducedby Agrawal etal. in [AIS93], henceforthre-
ferredto asGener at or . Thesyntheticdatahasnine pre-
dictor attributesasshavn in Table4. Includedin thegen-
eratorare classificationfunctionsthat assignlabelsto the
recordsproducedWe selectedwo of thefunctions(Func-
tion 1 andFunction7) from [AIS93] for our performance
study Functionl generateselatively small decisiontree
whereaghetreesgeneratedby Function7 arelarge. (Note
thatthis adhereso the methodologyusedin the Sprintper
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 datasetsgeneratedyy
CGener at or . The overallmaximumnumberof entriesin
the AVC-group of the root nodeis about2.1 million, re-
quiring a maximummemorysize of about17 MB. If we
partition the predictorattribute housevaluevertically, the
mainmemoryrequirementso hold the AVC-groupsof the
root nodein main memoryarereducedto about1l MB
(1.35 million entries).The maximal AVC-setsizesof each
predictorattribute are displayedin Table4. The function
U(z,y) denoteghe integer uniform distribution with val-
uesv : z < v < y. Sincewe will changethe memory
availableto the RainForestalgorithmsduring our experi-
ments, let us call the numberof AVC-setentriesthat fit
in-memorythe buffer size Soin orderto run RF-Writeon
the datasetgeneratedy Gener at or , we needa buffer
sizeof atleast2.1 million entrieswherea®RF-\erticalcan
be run with a buffer size of 1.35 million entries. All our

experimentswvereperformedon a PentiumProwith a 200
Mhz processorunningSolarisX86 version2.5.1with 128
MB of mainmemory All algorithmsare written in C++
andwerecompiledusinggcc version2.7.2.1 with the- O3
compilationoption.

We areinterestedn thebehaior of theRainForestalgo-
rithmsfor datasetshatarelargerthanmainmemorythere-
fore we uniformly stoppedreeconstructiorfor leaf nodes
whosefamily was smallerthan 10000 tuples; ary clever
implementatiorwould switchto amainmemoryalgorithm
atanoden wheneer F'(n) fits into mainmemory

5.2 Scalability results

First, we examinedthe performanceof Algorithms RF-

Write, RF-Hybrid and RF-\ertical as the size of the in-

put databaséncreasesFor Algorithms RF-Write andRF-

Hybrid, we fixed the size of the AVC-groupbuffer to 2.5

million entriesfor Algorithm RF-\erticalwe fixedthesize
of the AVC-groupbuffer to 1.8 million entries. Figures5

and 6 shaw the overall runningtime of the algorithmsas
the numberof tuplesin the input databaséncreasegrom

1000000 to 5000000. (Function?7 constructsery large de-

cision treesand thustree growth takes muchlongerthan
for Functionl). Therunningtime of all algorithmsgrows

nearlylinearly with the numberof tuples. Algorithm RF-

Hybrid outperformsboth Algorithms RF-Write and RF-

Vertical in termsof runningtime; the differenceis much
morepronouncedor Function?. Figures7 and8 shav the
numberof pageaccesseduringtreeconstructionassum-
ing apagesizef 32KB).

In the next four experimentsyve investigatechow inter-
nal propertiesof the AVC-groupsof the training database
influenceperformance (We expectedthat only the size of
theinput databasandthe buffer sizematterwhich the ex-
perimentsconfirm.) We fixedthe sizeof theinputdatabase
to 2000000 tuplesandthe classificatiorfunctionto Func-
tion 1. Figure9 shaws the effect of anincreasdn the ab-
solutesize of the AVC-groupin the input databasevhile
holding the available buffer sizesconstantat 2.5 million
entriesfor RF-WriteandRF-Hybridandat 1.8 million en-
triesfor RF-Vertical: We variedthe sizeof the AVC-group
throughmanipulationof the datageneratorfrom 200000



entries(20% of the original size)to 2000000entries(orig-
inal size). For small AVC-group sizes(40% and below),
thetimesfor RF-\erticalandRF-Hybridareidentical. The
larger buffer size only shaws its effect for larger AVC-
group-sizes: RF-Hybrid writes partitions less frequently
thanRF-\ertical. Therunningtime of RF-Writeis not af-
fectedthroughachangean AVC-groupsize,sinceRF-Write
writespartitionsregardlesof theamountof memoryavail-
able. Figure 10 shows the effect of anincreasean the ab-
solutesize of the AVC-groupin the input databasevhile
varyingthe buffer sizes. The buffer sizefor RF-Writeand
RF-Hybrid is setsuchthat exactly the AVC-group of the
root nodefits in-memory;the buffer size of RF-\erticalis
setsuchthat exactly the largestAVC-setof the root node
fits in-memory Sinceboth AVC-groupsizeandbuffer size
areincreasedimultaneouslykeepingtheirratio constant),
therunningtimesstayconstant.

Figure 11 shaws how the effect of skew betweentwo
attributeswithin an AVC-groupaffectsperformance.The
numberof tuplesremainecdconstantat 2000000; we setthe
buffer sizesfor RF-Write and RF-Hybrid to 250000, and
the buffer sizefor RF-Verticalto 1800000. We duplicated
thel oan attribute(thusincreasinghenumberof attributes
toten),but skewedthedistribution of distinctattributesval-
uesbetweerthetwo loan attributes. We reducedhe num-
ber of attribute valuesof the remainingattributesto make
the loan attributesthe dominantcontritutorsto the over-
all AVC-groupsize. During the skew, we held the over-
all numberof distinct attribute valuesfor the two loan at-
tributesat a combinedsizeof 1200000 entries.For exam-
ple,askew valueof 0.lindicateghatthefirstloanattribute
had10% (120000) distinctattribute valuesandthe second
loan attribute had 90% (1080000) distinct values. As we
expectedthe overall runningtime is notinfluencedby the
skew, sincethe overall AVC-groupsizeremainecdconstant.

In our last experimentshavn in Figure 12, we added
extra attributeswith randomvaluesto the recordsin the
input databasewhile holding the overall numberof en-
triesconstantait4200000for RF-HybridandRF-Writeand
at 2100000entriesfor RF-Vertical. Adding attributesin-
creasefreeconstructiortime sincetheadditionalattributes
needto be processedbut doesnot changethe final deci-
siontree.(Thesplitting algorithmwill neverchoosesucha
“noisy” attributein its splitting criterion.) As canbe seen
in Figure12, the RainForestfamily of algorithmsexhibits
aroughlylinearscaleupwith the numberof attributes.

5.3 Performancecomparisonwith Sprint

In this section,we present performanceomparisorwith
Sprint[SAM96]. We tried to make our implementatiorof
Sprint as efficient as possible,resultingin the following
two implementationimprovementsover the algorithmde-
scribedin [SAM96]. First,we createonly oneattributelist
for all categoricalattributestogether Secondwhenanode
n splitsinto childrennodesn; andns, we createthe his-
togramsfor the categyorical attributesof n; andns during
the distribution of the categorical attribute list, thus sav-

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

Figures13 and 14 shav the comparisorof Sprintand
the RainForestalgorithmsfor Functionsl and7. For al-
gorithmsRF-HybridandRF-Write, we setthe AVC buffer
sizeto 2500000 entries(the AVC-groupof theroot fits in-
memory);for RF-Vertical we setthe buffer size suchthat
the largestAVC-setof a single attribute of the root node
fits in-memory Thefiguresshav thatfor Functionl, RF-
Hybrid and RF-\ertical outperformSprint by a factor of
about5. Function7 generatefargertreesthanfunction1;
thusthe speedugactoris about8.

Wheredoesthis speed-ugomefrom? First, we com-
paredthe costof therepeatedn-memorysortingof AVC-
groupsin the RainForestalgorithmswith the costof cre-
ation of attribute lists in Sprint throughwhich repeated
sortscanbe avoided. Thenumberdn Figure15 shov that
repeatedn-memorysortingof the AVC-groupsis aboutten
timesfasterthentheinitial attributelist creationtime. Sec-
ond, we comparedhe costto arrive at a splitting criterion
for anoden plusdistribution of F'(n) amongn’s children.
In Sprint,the splitting criterionis computedhroughascan
overall attributelists; thedistribution of F'(n) is performed
througha hash-joinof all attribute lists with the attribute
list of thesplitting attribute. In the RainForestfamily of al-
gorithms,F'(n) is readtwice andwrittenonce;RF-Vertical
needsto write vertical partitionsif necessaryWe setthe
buffer sizeof RF-Writesuchthatthe AVC-groupof theroot
fits in-memoryandthe buffer sizeof RF-\ertical suchthat
the largestAVC-setfits in-memory Figure 16 shows that
thecostof determininghesplitting criterionpluspartition-
ing in theoriginal databasés aboutafactorof 5 fasterthan
scanningand hash-joiningthe attribute lists. This costis
theoveralldominantcostduringtreeconstructiorandthus
explainswhy the RainForestfamily of algorithmsoutper
formsSprintby afactorof 5.

6 Conclusions

In thispaperwe havedevelopedacomprehensieapproach
to scalingdecisiontreealgorithmsthatis applicableto all
decisiontreealgorithmsthatwe areawareof. Thekey in-
sightis the obsenationthatdecisiontreesin the literature
basetheir splitting criteriaatatreenodeonthe AVC-group
for thatnode,whichis relatively compact.

Thebestsplitting criteriadevelopedn statisticandma-
chinelearningcannow be exploited for classificationn a
scalablanannerIn addition,dependinguponthe available
memory our algorithmsoffer significantperformancam-
provementsover the Sprintclassificatioralgorithm,which
is the fastestscalableclassifierin the literature. If there
is enoughmemoryto hold individual AVC-sets asis very
likely, we obtainvery goodspeed-umver Sprint;if thereis
enoughmemoryto hold all AVC-setsfor anode thespeed-
upis evenbetter
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