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ABSTRACT

Decisiontree constructionis a well studiedproblemin datamin-
ing. Recently therehasbeenmuchinterestin mining streaming
data. Domingosand Hulten have presented one-passlgorithm
for decisiontreeconstruction.Their work usesHoeffding inequal-
ity to achieve aprobabilisticboundontheaccurag of thetreecon-
structed.

In thispaperwerevisit this problem.We male thefollowing two
contrikutions: 1) We presena.numericainterval pruning(NIP) ap-
proachfor efciently processingiumericalattributes. Our results
shawv an averageof 39% reductionin executiontimes. 2) We ex-
ploit thepropertieof thegainfunctionentrogy (andgini) to reduce
the samplesizerequiredfor obtaininga given boundon the accu-
ragy. Ourexperimentaresultsshav a37%reductionin thenumber
of datainstancesequired.

Overall, the two new technigquesntroducedhere signi cantly
improve the ef ciency of decisiontree constructionon streaming
data.

1. INTRODUCTION

Decisiontreeconstructions animportantdatamining problem.
Over the lastdecadegdecisiontree constructionover disk-resident
datasethasreceved considerablattention[11, 13, 25, 27]. More
recently the databaseommunityhasfocusedon a nev model of
dataprocessingjn which dataarrivesin the form of continuous
streamq3, 4, 9, 12, 14, 16, 23, 30]. The key issuein mining on
streamingdatais thatonly onepassis allowedover theentiredata.
Moreover, thereis areal-timeconstraint,i.e. the processingime
is limited by therateof arrival of instancesn the datastream and
the memoryavailable to storeary summaryinformation may be
bounded. For mostdatamining problems,a one passalgorithm
cannotbe very accurate The existing algorithmstypically achieve
eitheradeterministiddoundontheaccurag [17], or aprobabilistic
bound[10]. Datamining algorithmsdevelopedfor streamingdata
alsosene asa usefulbasisfor creatingapproximateput scalable,
implementationgor very largeanddisk-residentlatasets.

Domingosand Hulten have addressedhe problemof decision
treeconstructioron streamingdata[10, 21]. Their algorithmguar
anteesa probabilisticboundon the accurag of the decisiontree
thatis constructedIn this paperwe revisit the problemof decision
tree constructionon streamingdata. We malke the following two
contributions:

Ef cient Processingof Numerical Attrib utes: One of the chal-
lengesn processingf numericalattributesis thatthetotal number
of candidatesplit pointsis verylarge,which cancausenhighcompu-
tationalandmemoryoverheador determiningthe bestsplit point.
Thework presentedby DomingosandHultenis evaluatedfor cat-
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egorical attributesonly. We presenta numericalinterval pruning
(NIP) approachwhichsigni cantly reducesheprocessingime for
numericalattributes,without ary lossof accurag. Our experimen-
tal resultsshav anaverageof 39%reductionin executiontimes.

Using Smaller SamplesSizefor the SameProbabilistic Bound:
Domingosand Hulten use Hoeffding's bound [19] to achieve a
probabilistichound. Hoefding's resultrelatesthe samplesize, the
desiredlevel of accurag, andthe probability of meetingthis level
of accuray, andis applicableindependentf thedistribution of in-
put data. In this paper we shav how we canusethe properties
of the gain function entrogy (andgini) to reducethe samplesize
requiredto obtainthe sameprobabilisticbound. Again, this result
is independenbf the distribution of input data. Our experimental
resultsshaw thatthe numberof samplegequiredis reducedby an
averageof 37%.

Overall, thesetwo contritutionsincreasethe ef ciency of pro-
cessingstreamingdata,wherea real-timeconstraintmay exist on
the processingimes,andonly limited memorymay be available.
Ourwork alsohasimportantimplicationsfor analysisof streaming
databeyond decisiontreeconstruction We will be exploringthese
furtherin our futurework.

The restof the paperis organizedasfollows. Section2 gives
backgroundnformationonthedecisiontreeconstructiorproblem,
andreviews thegainfunctionentropy. The problemsandissuesn
processingf streamingdataarediscussedn Section3. Our new
techniqueor ef cient handlingof numericalattributesis presented
in Section4. The new samplingmethodis describedn Section5.
We evaluateour techniquesn Section6. We compareour work
with relatedresearcleffortsin Section7 andconcluden Section8.

2. DECISION TREE CONSTRUCTION

This sectionprovides backgroundinformation on the decision
treeconstructiorproblem.

2.1 DecisionTreeClassi er

Assumethereis a dataset , where
. is the dataassociated
with theinstanceand is theclasslabel. Each s calleda eld
or an attribute of the datainstance. is the

domainof datainstancesand  is the domainof the attribute
The domainof anattribute caneitherbe a categgorical set,suchas
, Or anumericalset,suchas . isthe
domainof classlabels. In this paper our discussiorwill assume
thatthereareonly two distinctclasslabels thoughourwork canbe
easilyextendedo thegenerakase.
The classi cationproblemis to nd a computablefunction
, suchthatfor ary instance extractedfrom thesamedistri-



butionas will give anasaccurateaspossibleprediction
of . Decisiontreeclassi ersarefrequentlyusedor achieving the
above functionality A decisiontreeclassi er is typically a binary
tree,whereevery non-leafnode is associatedvith a predicate .
A predicatepartitionsthe setof datainstancesssociateavith node
baseduponthevalueof a particularattribute . If  belongstoa
categyoricaldomain, isasubsepredicatefor example,
if L f belongsto a numericaldomain, is a
rangepredicatefor example, if . Here, is
calledthecuttingor the split point.

Building a decisiontreeclassi er generallyincludestwo stages,
a growing stageand a pruning stage. The tree growing stagein-
volvesrecursvely partitioningthe datasettill the recordsassoci-
atedwith aleaf nodeeitherall have the sameclasslabel, or their
cardinalityis belav athreshold.In partitioningary node,anumber
of differentcandidatesplitting conditionsare evaluated. The best
splitting conditionis typically choserto maximizea gain function
which arebaseduponimpurity measurementsuchasgini or en-
tropy. The pruningstageeliminatessomenodesto reducethe tree
size.This papemwill focusonly onthetreegrowing stage.

There are two commonly usedmetricsto evaluatea decision
treeclassi er, inacculacy andtree size Inaccurag is de ned as

, where is arandominstancefrom the

underlyingdistribution. Treesizeis de ned asthetotal numberof
nodesn thetree,andmeasureshe concisenessf the classi er.

2.2 Entropy Function

An impurity functiongivesa measuremertf theimpurity in the
dataset. Originally proposedn the informationtheory literature,
entropy hasbecomeone of the most popularimpurity functions.
Supposewe arelooking atatrainingdataset . Let and be
the proportionof instancewwith classlabels and , respectiely.
Clearly, .

Entropy functionis de ned as

Now, supposene split the nodeusinga split predicate andcre-
atetwo subsets and , which arethe left andright subsets,
respectiely. Let  denotethefraction of the datainstancesn
thatareassociatedvith . Then,the gain associatedvith split-
ting usingthepredicate is de nedas

Further let be the proportionof instanceswith the classlabel

within , andlet be the proportionof instanceswith the
classlabel within . Because is a constantwe
cantreat asafunctionof threevariables, ,and

For agivenattribute , let
usingthis attribute for splitting the node. If we have
we areinterestedn determining , suchthat

denotethe bestgain possible
attributes,

If morethanoneattributesatis esthis condition,apre-de nedrule
(suchasrandomizationranbe usedto selectoneof these.

2.3 Evaluating Split Conditions

Selectingthe attribute andthe split conditionthatmaximizesin-
formationgainis the key stepin decisiontree construction. The
scalabledecisiontree constructionalgorithmsproposedn the lit-
erature[11, 13, 25, 27] take a numberof approachesowardsper
forming this stepef ciently .

Themajorissueghatneedto beaddressedre,whatinformation
is requiredfor evaluatingdifferentcandidatesplit conditions,and
how canthisinformationbe storedandprocesseéf ciently . In the
initial work ondecisiontreeconstructiorfor disk-residentatasets,
the training dataseis separatednto attribute lists [25, 27]. For a
particularattribute, the attribute list maintainsthe record-identi er
andthevalueof thatattributefor thetrainingrecord.Moreover, for
efciently choosingthe bestsplit point for a numericalattribute,
theattributelists for suchattributesis keptsorted.

A signi cantly differentapproachs taken as part of the Rain-
Forestapproachby Gehrle et al. [13]. Here,a new datastructure
calledanAVC (Attribute-Value,Classlabelgroupis used.An AVC
groupfor adecisiontreenodecompriseAVC setsfor all attributes.
For agivenattribute anda nodebeingprocessedhe AVC setsim-
ply recordsthe count of occurrenceof eachclasslabel for each
distinctvalue the attribute cantake. Thus, it is essentiallya class
histagram Thesizeof the AVC setfor agivennodeandattributeis
proportionalto the productof the numberof distinctvaluesof the
attributeandthe numberof distinctclasslabels.

3. STREAMING DATA PROBLEM

In this section,we focus on the problemof decisiontree con-
structionon streamingdata. We give a templateof the algorithm,
whichwill beusedasthebasisfor our presentatioin thenext three
sectionsMoreover, we describehow samplingis usedto achiere a
probabilisticboundon the quality of thetreethatis constructed.

3.1 Algorithm Template

StreamTree Stream
global
local
local

while not

and empty

Figure 1: StreamTreeAlgorithm

We rst list theissuesn analyzingstreamingdata. Thetotal size
of the datais typically muchlargerthanthe availablememory It
is not possibleto storeandre-readall datafrom memory Thus,



a single passalgorithmis required,which alsoneedsto meetthe
real-timeconstraint,.e. the computingtime for eachitem should
be lessthantheinterval betweenrarrival timesfor two consecutie
items.

A key propertythatis requiredfor analysisof streamingdatais
that the datainstancesarriving follow an underlyingdistribution.
It implies thatif we collect a speci c interval of streamingdata,
we canview themasa randomsampletaken from the underlying
distribution. It may be possiblefor a decisiontree construction
algorithmto adjustthe treeto changesn the distribution of data
instancesn thestream21], but we do not considerthis possibility
here.

Figure 1 presentsa high-level algorithmfor decisiontree con-
structionon streamingdata. This algorithmformsthe basisfor our
presentationn therestof the paper The algorithmis basedupon
two queues, and stand<for activequeueanddenotes
the setof decisiontreenodesthatwe arecurrentlyworking on ex-
panding. isthesetof decisiontreenodesthathave notyet been
split, but arenotcurrentlybeingprocessedThisdistinctionis made
becausectively processingachnoderequiresadditionalmemory
For example , we mayneedto storethe countsassociateavith each
distinctvalueof eachattribute. ThereforethesetAQ is constructed
from theset by including asmary nodesaspossible till suf-
cientmemoryis available. Thealgorithmis initiated by puttingthe
root of thedecisiontreein the set

Theinputto the algorithmis a streamof datainstancesgenoted
by . We successiely obtaina datainstance from this stream.
We determinghecurrentdecisiortreenode(denotedyy ) that
this datainstancebelongsto. If belongsto theset |, then
thedatainstancas addedo the setof samplesvailableto process
node We thencheckif satis es the stop condition (which
canonly beappliedstatistically).If so, is removedfrom
Otherwisewe checkif we now have sufcient informationto split

. If so,thenodeis split, removedfrom , andits two child
nodesareaddedto theset . Thealgorithmterminatesvhenboth
and areempty

Thealgorithm,aspresentedhereis only differentfrom thework
by DomingosandHulten[10] in notassuminghatall nodesatone
level of the treecanbe processedimultaneouslyThememoryre-
quirementdgor processing setof nodess oneof theissuesve are
optimizingin ourwork. If thememoryrequirementsor processing
agivennodein thetreearereducedmorenodescanbe t into the
set , andtherefore,it is morelikely thata given datainstance
canbeusedtowardspartitioninganode.

Besideghe memoryrequirementsthis algorithmalsoexposesa
numberof otherissuesin decisiontree constructionon streaming
data. As we cansee,onecrucial problemhereis to decidewhen
we have sufcient samplesvailableto malke thesplitting decision.
Anotherquestionis, whatinformationneedgo be storedfrom the
samplecollectedin orderto make the splitting conditions.Simply
storingall sampless one,but not the only possibility Computa-
tionally, yetanotheiissueis how we ef ciently examineall possible
splitting conditionsassociatedvith a node. Particularly, the num-
ber of distinct valuesassociatedvith a numericalattribute canbe
very large,andcanmale it computationallydemandingo choose
thebestsplit point.

3.2 Using Sampling

Here,wereview theproblemof selectingsplitting predicatébased
upona sample.Our discussiorassumeshe useof entrofy asthe
gain function, thoughthe approachcan be appliedto otherfunc-
tionssuchasgini.

Let beasamplgakenfromthedataset . Wefocusonthegain

associateavith a potentialsplit point for anumericalattribute

.If and arethefractionsof datainstancewith classlabels
1 and?2, respectrely, — and— arethe estimatessomputedusing
thesample.Similarly, we have thede nitionsfor — —, ——, —,
and

We have,

The value of — senesasthe estimateof of . Note thatwe do
not needto compute , sincewe areonly interestedn
therelative valuesof the gainvaluesassociateavith differentsplit
points.

Now, we considettheprocedurgo nd thebestsplit pointusing
the above estimateof gains. Let be the estimateof the best
gainthatwe couldgetfrom theattribute . Assumingthereare
attributes,we will usetheattribute , suchthat

where is asmallpositve number Theabove condition(calledthe
statisticaltes) is usedto inferthat  islikely to satisfytheoriginal
testfor choosingthe bestattribute,whichis

To describeour con denceof above statisticalinferencea param-
eter isused. istheprobabilitythattheoriginaltestholdsif the
statisticaltestholds,andshouldbe ascloseto 1 aspossible. can
beviewedasafunctionof andsamplesize ,i.e.

Domingosand Hulten usethe Hoeffding bound[19] to construct
this function. The speci ¢ formulathey useis

where is the spreadof the gainfunction. In this contet, where
therearetwo classesandentrofy is usedasthe impurity function,
. In Section5, we will describean alternatve approach,

which reducegsherequiredsamplesize.

Basedupontheprobabilisticboundon thesplitting conditionfor
eachnode, Domingosand Hulten derive the following resulton
the quality of the resultingdecisiontree. This resultis basedon
themeasurementf intensionaldisagreement Theintensionaldis-
agreement  betweentwo decisiontrees and is the
probability that the path of an examplethrough will differ
from its paththrough

THEOREM 1. If is the tree producedby the algorithm
for streamingdata with desied accumacy level is thetree
producedby batth processingan in nite training sequenceand

is the leaf probability, i.e., the probability that a givenexample
readesa leaf nodeat anygivenlevel of thedecisiontreg then

whee istheexpectedralueof
takenoveranin nite training sequence



4. A NEW ALGORITHM FOR HANDLING
NUMERICAL ATTRIBUTES

In this section,we presentour numericalinterval pruning ap-
proachfor making decisiontree constructionon streamingdata
morememoryandcomputatioref cient.

4.1 Problemsand Our Approach

Oneof thekey problemsn decisiontreeconstructioron stream-
ing datais thatthe memoryandcomputationatostof storingand
processinghe information requiredto obtain the bestsplit gain
canbevery high. For catgorical attributes,the numberof distinct
valuesis typically small, and therefore the classhistogramdoes
not requiremuchmemory Similarly, searchingor the bestsplit
predicatds notexpensve if numberof candidatesplit conditionsis
relatively small.

However, for numericalattributeswith alargenumberof distinct
values,both memoryand computationalkcostscan be very high.
Mary of the existing approachesor scalable but multi-pass,de-
cisiontreeconstructiorrequirea preprocessinghasein which at-
tributelists for numericalattributesaresorted25, 27]. Preprocess-
ing of data,in comparisonis notanoptionwith streaminglatasets,
andsortingduringexecutioncanbevery expensve. Domingosand
Hulten have describedand evaluatedtheir one-passlgorithmfo-
cusingonly on categoricalattributes[10]. It is claimedthatnumer
ical attributescanbe processedby allowing predicatesf the form
“ ", for eachdistinctvalue . Thisimpliesavery high
memoryandcomputationabverheador determiningthe bestsplit
pointfor anumericalattribute.

We have developedaNumericalinterval Pruning(NIP) approach
for addressingheseproblems. The basisof our approachis to
partitionthe rangeof a numericalattribute into intervals andthen
usestatisticalteststo prunetheseintervals. At ary giventime, an
interval is eitherprunedor intact An intenal is prunedif it does
not appeatikely to includethe split point. An intactintenal is an
interval that hasnot beenpruned. In our currentwork, we have
usedequal-widthintervals,i.e. therangeof anumericalattributeis
dividedinto intenals of equalwidth.

In Section2.3, we haddiscussedow we caneitherstoresam-
ples, or createclasshistogramsto have sufcient informationto
determinethe bestsplit condition. In the numericalintenval prun-
ing approachyve insteadmaintainthe following setsfor eachnode
thatis beingprocessed.

SmallClassHistograms: This is primarily comprisedof classhis-
togramsfor all cateyorical attributes. The numberof distinct ele-
mentsfor acategoricalattributeis notvery large,andthereforethe
sizeof the classhistogramfor eachattribute is quite small. In ad-
dition, we alsoaddthe classhistogramfor numericalattributesfor
which the numberof distinctvaluesis belon athreshold.

ConciseClassHistograms: Therangeof numericahttributeswhich
have a large numberof distinct elementsn the dataseis divided
into intenvals. For eachintenal of a numericalattribute, the con-
ciseclasshistogranrecordghenumberof occurrencesf instances
with eachclasdabelwhosevalueof thenumericahttributeis within
thatintenal.

DetailedInformation: The detailedinformationfor aninterval can
bein oneof thetwo formats,dependingiponwhatis ef cient. The
rst formatis classhistogramfor the sampleswvhich arewithin the
interval. Whenthe numberof sampleds large andthe numberof
distinctvaluesof a numericalattributeis relatively small, this for-
matis moreefcient. Thesecondormatis to simply maintainthe
setof sampleswith eachclasslabel. It is not necessaryo pro-

cessthe detailedinformationin the prunedintenal to getbestsplit
point.

Theadwantageof this approachs thatwe do not needto process
detailedinformationassociatedvith aprunedintenal. This results
in a signi cant reductionin the executiontime, but no loss of ac-
curagy. Further aswe will arguetowardsthe end of this section,
we may nhot even storethe detailedinformation associatedvith a
prunedinterval. This further reducesthe memoryrequirements,
but canresultin asmalllossof accurag.

NIP-Classi er Node
while not _ _
* GetSomeSampledrom Stream  *

, Stream

* Find_thebestga_in*
Find_BestGain(ClassHist)
ConciseClassHist
* Split *
if - -

* Pruning*

ConciseClassHist

Figure2: NIP Algorithm for Numerical Attrib utesHandling

Themainchallengen thealgorithmis to effectively but correctly
prunetheintervals. Overpruningis a situationoccurringwhenan
interval doesnot appearikely to include the split point after we
have analyzeda smallsamplebut couldincludethesplit pointafter
moreinformationis madeavailable. Underpruning meanghatan
interval doesnot appearlikely to include the split point but has
not yet beenpruned. We refer to over-pruningand underpruning
togetherasfalsepruning

Thepseudo-codéor our Numericallnternval Pruning(NIP) algo-
rithmis presentedh Figure2. Here,aftercollectingsomesamples,
we usesmall classhistogramsconciseclasshistogramsandthe
detailedinformation from intact intenals and get an estimateof
the best(highest)gain. Thisis denotedas . Then,by using ,
we unpruneintervals thatlook promisingto containthe bestgain,
baseduponthe currentsampleset. Thebestgain cancomefrom

or a newly unprunedntenals. Then,by performinga statisti-
cal test,we checkif we cannow split this node. If not, we need
to collect more samples.Beforethat, however, we checkif some
additionalintenvals canbe pruned.

Therestof this sectionpresentsnoretechnicaldetails,the cor
rectnessandthe computationahndmemorycostoptimizations.

4.2 TechnicalDetails

In this subsectionwe discussthe detailsof hawv pruning and
testingfor falsepruningareperformed.

For our discussiorhere,we initially assumehatwe have pro-
cessedhe entiredatasetandaretrying to prunethe spaceof po-
tential split pointsfrom therangeof a numericalattribute. Assume
that is the best(highest)gain possiblefrom ary splitting condi-
tion associatedvith anodeof thedecisiontree. Suppose
isthe interval onthenumericalattribute . Letthe classdistri-



bution of theintenal be

where is the numberof training recordswith the
classlabel thatfall intotheinternval , and isthetotal numberof
classlabelsin thetrainingdata.

Wewantto determinef ary pointwithin thisinterval canprovide
a highergainthan . For this, we needto determinethe highest
possiblevalue of gainfrom ary point within this interval. For the
boundarypoint , we de ne the cumulatve distribution function

where,

Here, is the numberof training recordswith the classlabel
suchthattheir value of the numericalattribute underconsideration
is lessthan . Similarly, for theboundarypoint , we have

Now, considerary point between and . Let the cumu-

lative distribution functionbe

Clearly, thefollowing propertyholds.

If we do not have ary furtherinformationaboutthe classdistri-
bution of thetrainingrecordsin theinterval, all points  satisfying
theabove constrainheedto beconsideredn determiningthe high-
estgain possiblefrom within theinterval . Formally, we
de ne theset of possibleinternalpointsasall valueswithin the
interval thatsatisfytheconstraint .

The numberof pointsin theset canbe very large, makingit
computationallydemandingo determinethe highestpossiblegain
from within theinterval. However, we arehelpedby a well-knovn
mathematicalesult. To statethis result,we de ne aset , com-
prising of cornerpointswithin theinterval. Formally,

It is easyto seethattheset has points. Now, the follow-
ing resultallows usto computethe highestpossiblegain from the
interval very ef ciently .

LEMMA 1. Let beaconcavegainfunction.Let betheset
of possibleinternal pointsof interval , and bethesetof corner
points. Then

The abore lemmais derived from a generaimathematicatheo-
rem(seeMagasariari24]) andwasalsopreviously usedby Gehrle
et al. in the BOAT approach11]. Note that the gain functions
entrofy andgini areconcae functions.

By recordingthe frequeng of intervals, computinggainsat the
interval boundariesandapplyingthis lemma,we cancomputethe
upperbound  of thegainpossiblefrom theintenal. If we already
know the bestgain , we cancompare and . Theinterval can

containthe split point only if
notthecase.

As describedbore, thismethodis usefulonly if we have already
scannedheentiredatasetknow thevalueof thebestgain aswell
asthe gainsat the interval boundaries However, we performthis
pruningafterthe samplingstep,i.e., by examiningonly a fraction
of thetrainingrecords.As we haddescribeckarlierin this section,
we usea sampleandcomputesmall andconciseclasshistograms.
Thus,for numericalattributeswith alarge numberof distinctval-
ues,we areprocessinghe classfrequenciegor only theintenals,
andonly usingthesample As de nedabove, isthebestgainpos-
sibleusingthe entiredatasetindall possiblesplit conditions.Now,
let bethebestgain computedusingthe currentsampleset. Fur-
ther, let bethebestgainnotedafterusingsmallclasshistograms,
conciseclasshistogramsandthe detailedinformationfrom thein-
tactintervals. Thisis thevalue rst computedy our algorithm.

We have,

, andcanbe prunedif thisis

This follows simply from thefactthat is computedrom among
asubsebf the split pointsthat  would be computedrom.

Using the valuesof gain at interval boundariesand using the
Lemmal, we can estimatethe upperboundon the gain possible
from a split pointwithin agiveninterval . We denotethis valueas

, andis anestimatgusingthe sample)of thevalue thatcould
be computedusingthe entiredataset.

We focuson thefunction

If wehavecomputed and usingtheentiredatasetye canprune
anintenal if . However, using sampling,we canonly
have estimateof this function. Supposewe consider

Baseduponour discussionn Section3.2, if , thenwith

probability , we have , where, , , andthe samplesize

arerelatedthrougha function. Thus, pruningusingthe condition
givesusaprobabilistichoundon theaccurag of pruning,

i.e.,we couldstill pruneincorrectly but the probabilityis low and

bounded.

Further sincewe do not even have the value of , we use
Since , we have

Thus,afterthe rst step,we performstatisticaltestusingthe con-
dition for all of the prunedintenals . We call
anintenal over-prunedif it is prunedusingthestatisticalestimates
describedabore from a small sample,but afterthe more datain-
stancesreavailable,it turnsout not to bethe case.Notethatto be
ableto unpruneintervals, we mustnot discardthe detailedinfor-
mationassociateavith anintenal that may be marked aspruned.
Thus, the algorithm presentedso far only reducesthe computa-
tional costs but notthememorycosts.

Next, we brie y discusshow we testfor underpruning. The
algorithmsimply computes for intactintervalsto seeif thefol-
lowing conditionholds:

If it is true,it meanghatthis interval is notlikely to have the best
split pointandcanbepruned.

By combining with the detailedinformation from the over
prunedintenals,we getanew bestgain . Weknow thatthisis the
bestgain possiblefrom looking at the currentsamplesize. This is



becausef the prunedinternvals could not achieve the gain ,
they cannotachieve thegain either

Supposewe decideto partitionanodeusingasample andthe
currentbestgain . This gainis identicalto the bestgainthatan
algorithmnot performingary pruningwould achieve by usingthe
samesampleset,aswe formulatethroughthefollowing theorem.

THEOREM 2. Thebestgain computedusingour numerical
interval pruning appmoac is the sameas the onecomputedoy an
algorithm that usesfull classhistagrams, provided the two algo-
rithmsusethe samesampleset.

Proof:This follows from our discussiorabove.

Thus,thenumericaintenal pruningapproachwe have presented
doesnotlimit accurag in ary way, ascomparedo ary otheralgo-
rithm thatusessamples.

4.3 Computationaland Memory Costsand Op-
timization

Initially, let usfocuson the computationatostsassociatedvith
thealgorithmhere.As a new datainstancds receved we checkif
it is associateavith anodethatis beingprocessedlf so,anumber
of updateoperationsareperformed.Theprocessingime, however,
is a constant. The dominantcomputationapartis whenwe want
to determinethe bestsplit condition. Unlike in a batchalgorithm,
this stepmay have to repeatedseveral times, till we have a suf-
cientstatisticalcon denceto performthe split. This steprequires
processinghe small and concisehistogramsandthe detailedin-
formation associatedvith intactintenals. Our experimentshave
determinedhatthe main costis associatedvith the processingf
detailedinformation. Thus, pruning of intenals is crucial for re-
ducingthis cost.

In thealgorithmpresentedhere,unpruningintenalsis arequire-
mentfor provably achieving the sameaccurag asin analgorithm
thatdoesnot do ary pruning. Therefore we needto maintainand
continueto updatethe detailedinformationassociatedvith pruned
intervals. However, the probability of over-pruningcanbe shavn
to bevery small. Therefore we canmodify our original algorithm
to not storethe detailedinformationassociatedvith prunedinter-
vals. Thisoptimizationhastwo bene ts. First,thememoryrequire-
mentsarereducedsigni cantly. Secondwe canfurthersase onthe
computationakostsby not having to updatedetailedinformation
associateavith aprunedintenal.

5. A NEW SAMPLING APPROACH

This sectionintroducesa new approachfor choosingthe sam-
ple size. As comparedo the Hoeffding inequality[19] basedap-
proachusedby DomingosandHulten[10], our methodallows the
sameprobabilisticaccurag boundto be achiered using signi -
cantly smallersamplesizes.

5.1 Exploiting Gain Functions

As we have mentionedpreviously, the one-passdecisiontree
constructionalgorithm by Domingosand Hulten usesHoeffding
inequalityto relatethe boundontheaccurag , the probability
andthesamplesize . Hoeffding boundbasedesultis indepen-
dentof the distribution of the datainstancesn the dataset.Here,
we derive anotherapproachwhich is still independenbf the dis-
tribution of thedatainstanceshut usespropertief gainfunctions
like entrofy andgini.

We usethe following theorem,alsoknown asthe multivariant
deltaresult[5]. Here,thesymbol denotegheexpectedvalue
of avariable , denoteghe covarianceof the two vari-
ables and , and is the normal distribution with the

mean0 andthe variance(or the squareof the standarddeviation)

THEOREM 3. (Multivariate Delta Method)Let be
arandomsample Let . Further, let

and .Let bethemearof
andlet . For agivenfunction with continuous

r stpartial derivativeswe have

whee,

Proof:Seethereferencd5], for example.

Below, we shaw the applicationof the above resulton the gain
functionentrogy. This couldsimilarly be appliedon the gainfunc-
tion gini, but we do not presenthedetailshere.

In applyingtheabore resultontheentrofy function,we consider
thefollowing. Thefunction is afunctionof threemeasurements,

, ,and . Thethreevaluesor measurementareindepen-
dentof eachother i.e. thecovariance isOif

LEMMA 2. Let bethe samplesizeof be the normal
distribution. Then,for theentopyfunction , wehave

whee,

Proof:The proof follows from the applicationof the multivari-
atedeltaresult(presente@bore), andthe obserationthatthe rst
derivativesfor entrofy arecontinuougunctions(detailsareomitted
here).

Next, we focus on the following problem. Assumethereis a
point belongingto theattribute . We needto determine
if or , usingjustthesample . Because also
satis estheLemma2,and and areindependentywe have

Therefore,

Thisleadsto thefollowing lemma.

LEMMA 3. Let

whee isthe
bution.If — —
If— —

th percentileof the standad normal distri-
, thenwith probability , wehave
, thenwith probability , wehave

Proof:Theabore lemmafollowsfrom theapplicationof well knovn
resultson simultaneoustatisticalinference{20].
We call theabove testthe Normaltest



5.2 SampleSizeProblem

Onceadesiredevel of accurag is chosenthekey issuewith
the performanceof a one-passlgorithmis the samplesize selec-
tion problem,i.e. how largea samples neededo nd thebestsplit
point with the probability . Speci cally, we areinterestedn the
samplesizethatcouldseparate and ,where and are
the pointsthat maximizethe gainof split functionfor the top two
attributes  and

Let— —
samplesizeis

. Thus, by normaldistribution, the required

Therequiredsamplesizefrom Hoeffding boundis

Comparingthe abore two equationswe have the following re-
sult.

THEOREM 4. The samplesizerequired using the normal test
will alwaysbe lessor equalto the samplesizerequired for the
Hoefdingtest,i.e.,

Proof:This follows from comparinghetwo equationsabove.

6. EXPERIMENTAL RESULTS

In this section,we reporton a seriesof experimentsdesigned
to evaluatethe efcacy and performanceof our new techniques.
Particularly, we are interestedn evaluating 1) the adwantageof
usingNumericallntenal Pruning(NIP), and?2) the advantageof
using normal distribution of the estimateof entropy function, as
comparedo Hoeffding's bound.

Thedatasetsve usedfor ourexperimentsveregeneratedisinga
tool describedy Agrawal etal. [1]. Thereweretwo reasongor us-
ing thesedatasetsFirst, thesedatasethave beenwidely usedfor
evaluatinga numberof existing efforts on scalabledecisioncon-
struction[13, 11,25, 27]. Secondtheonly realdatasetshatwe are
aware of are quite smallin size, andtherefore,were not suitable
for our experiments. The datasetsve generatechad 10 million
trainingrecords gachwith 6 numericalattributesand3 categorical
attributes. We usedthe functions1, 6, and7 for our experiments.
For eachof thesefunctions,we generatedseparatedatasetswith
0%, 2%, 4%, 6%, 8%, and10%noise.

In growing thedecisiontree,ourimplementatiordid notexpand
a nodeary further if one of the following conditionswere true:
95% or greaterfraction of the training recordshadthe sameclass
label, the depthof the nodewas 12, or lessthan 1% of all training
recordswere associatedvith the node. For eachnode, we start
evaluationfor nding split condition after at least10,000records
associatedvith the nodehad beenread. Further we reevaluated
eachnodeevery time after another5,000recordshad beenread.
The rangeof eachnumericalattribute wasdivided into 500 equal
sizedintervals. Thevalueof usedin our experimentswas

. All our experimentswere conductedon a 700 MHz Intel
Pentiumlll machinewith 1 GB of SDRAM anda 18 GB diskwith
15000rpm Ultra 160 SCSildrive.

The resultsfrom experimentsdesignedo evaluatethe NIP ap-
proachandthebene tsof usingnormaldistribution of the estimate
of entropy function arereportedtogether We created4 different
versionsall baseduponthe basicStreamTeealgorithmpresented
in Figurel. Sample-H is theversionthatusesHoeffding bound,

andstoressamplego evaluatecandidatesplit conditions.
ClassHist-H  usesHoeflding boundandcreatesull classhis-
tograms.NIP-H andNIP-N usenumericalintenval pruning,with
Hoeffding boundandthe normaldistribution of entrogy function,
respectiely. The versionof NIP that we implementedand eval-
uatedcreatesintenals after 10,000 sampleshave beenread for
a node, performsinterval pruning, and then deletesthe samples.
Thus,unpruningis not an option here,andtherefore the accurag
canbelowerthananapproactthatusesfull classhistogramsOur
implementatioruseda memoryboundof 60 MB for all four ver
sions. Consistenwith what wasreportedfor the implementation
of DomingosandHulten, we performedattribute pruning i.e., did
not further consideran attribute that appearedo shav poor gains
aftersomesamplesvereanalyzed.

Figure3 shavs theaveragenumberof nodesin thedecisiontree
generatedusing functions 1, 6, and 7, and using noiselevels of
0%, 2%, 4%, 6%, 8%, and 10%, respectiely. This numberdoes
not changen ary signi cant way over the four differentversions
we experimentedwvith. As expected,the size of the decisiontree
increasesvith thelevel of noisein data.

Oneinterestingquestionis, whatinaccurag may beintroduced
by our versionof NIP-H , sinceit doesnot have the option of un-
pruning. Figure 4 shaws the increasein inaccurag for NIP-H ,
as comparedto the averageof inaccurag from Sample-H and
ClassHist-H . As canbe seenfrom the gure, thereis no sig-
ni cant chancein inaccuray. Note thatwheneer a differentset
of datainstancesreusedto split a node the computednaccurag
value can be different. Similarly, Figure 5 shaws the increasen
inaccurag for NIP-N , ascomparedo the averageof inaccurag
from Sample-H andClassHist-H . Again, thereis no signi -
cantchangeandtheaveragevalueof thedifferencds very closeto
zero.

Figures6, 7, and 8 shav the executiontimesfor decisiontree
constructiorwith thefour versionsanddifferentlevelsof noise,for
functionsl, 6, and7, respectrely. Through-outwe will focuson
comparingthe performanceof NIP-N andNIP-H with the better
one betweenSample-H and ClassHist-H , which we denote
by existing

Initially, we focuson functions6 and7. For function6, the exe-
cutiontimesof NIP-H arebetweem0%and70% of theexecution
time of existing . Moreover, NIP-N further reduceshe exe-
cution time by between7% and80%. For function 7, the execu-
tion timeswith NIP-H arebetweer35% and75% of existing
NIP-N further reducesthe executiontimes by between3% and
65%. Resultsarerelatively mixed from usingthe function1. Our
bestversionNIP-N is signi cantly betterin 3 of the 6 casesput
quite comparablgi.e. eithermamginally betteror worse)in other
3 cases.Thisis becausavith this function, the decisionto choose
the bestsplit condition can usually be madeby examiningonly a
smallnumberof samplesTherefore the useof numericalintenal
pruningdoesnot give betterresultsin mary cases.

We next comparethesefour versionusingtwo metricswe con-
siderimportant. Thesemetricsare,total instancegsead(TIR), and
instancesactivelyprocessedlAP). TIR is the numberof samples
or datainstanceghat arereadbeforethe decisiontree cornverges.
Whena sampleis read,it cannotalwaysbe usedaspart of the al-
gorithm. This is becausat may be assignedo a nodethat does
not needto be expandedary further, or is notbeingprocesseaur-
rently becausef memoryconsiderationsTherefore we measure
IAP asthe numberof datainstanceghatwereusedfor evaluating
candidatesplit conditions.Figures9, 10,and 11shaw TIR for the
four versionsandfor functions1, 6, and7, respectrely. The use
of classhistogramsresultsin high memoryrequirementswhich
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Figure 6: Running Time: F1

resultsin very high valuesof TIR. In all casesthe valuesof TIR
for Sample-H andNIP-H arealmostidentical. This shavs the
main performanceadwantageof the NIP approachcomesbecause
of the reductionin computationatosts,andnot becausef mem-
ory. Moreover, thereductionin executiontime with the useof NIP
approachshawvn earlieris actuallya reductionin processingime
perdatainstancewhichis animportantissuein processingf data
streams ComparisorbetweerNIP-H andNIP-N versionsshawvs
the bene ts of exploiting the normal distribution of the estimated
entrofy function. The reductionin TIR is between8% and 40%
for function 1, betweenl 8% and60%for function6, andbetween
16% and 55% for function 7. Figures12, 13, and 14 shav the
valuesof IAP for functions1, 6, and 7, respectiely. The three
versions,Sample-H , ClassHist-H , andNIP-H have almost
identicalvaluesof IAP. Thisis becaus¢hey areusingthe samesta-
tistical testto malke decisions.Thereductionin IAP for the NIP-N
versionis quite similar to the reductionseenin the valuesof TIR
for this version.

7. RELATED WORK

Mining andmanagingstreaminglatahasreceivedsigni cant at-
tentionin recentyears.Our work directly builds on top of Domin-
gosandHulten's work on decisiontree constructionon streaming
data[10]. Srikantand Agrawal [28] and Toivonen[29] have fo-
cusedon the useof samplingfor mining frequentitemsets.More
recently Yanget al. have usedsamplingto reducethe number
scansof the datasef31]. Samplingbasedapproachesave also
beenstudiedfor ef ciently constructinchistogramg16, 8] andfor
estimatingthe numberof distinctvaluesof anattribute[18].

Figure7: Running Time: F6
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Figure8: Running Time: F7

Beforethe currentfocus on streamingdata,samplinghasbeen
appliedfor decisiontreeconstructioron large datasetsCarlett[6]
usedsequentiasamplescalled peeholego split nodes.Musick et
al. [26] empiricallyobseredthattheattributegaindistributionwas
closeto normaldistribution andusedthe digammafunctionto ap-
proximateit. Gratchs sequentialD3 [15] usesMultiple compar
ison SequentiaProbability Ratio Test(McSPHR) for attribute se-
lection. Gratchis alsothe rst oneto usedeltamethodto describe
the distribution of attribute gain. Our methodis differentin that
we apply the normal distribution to comparethe gain difference
betweentwo attributes. More recently Chauchatand Rakotoma-
lala[7] proposedisinga statisticalsigni cancetestto nd thebest
split.

Our work is alsorelatedto the existing work on scalabledeci-
siontreeconstructionparticularly BOAT [11] andCLOUDS[2].
BOAT usesbootstrappingo constructan approximatetree on a
x edsizedsampleandthenscangheentiredataseto build anex-
actdecisiontree. Someof ourideasoninterval pruningarederived
from thisapproachCLOUDS[2] alsopartitionsthe rangeof a nu-
mericalattributeinto intervals. However, it requirestwo passe®n
the entire datato partition nodesat onelevel of the tree,andfur-
ther, doesnot guaranteghe samebestgain. In our recentwork,
we have appliedinterval pruningsimilar to the NIP approactpre-
sentedn this paperfor makinga multi-passparalleldecisiontree
constructioralgorithmmorecommunicatioref cient [22].

8. CONCLUSIONS AND FUTURE WORK

This paperhasfocusedon acritical issuearisingin decisiontree
constructioron streamingdata,i.e., the spaceandtime ef ciency.
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Figure 12: IAP (Instances Actively
Processed)-F1

This includesprocessingime per datainstance memoryrequire-
ments(or thenumberof datainstancesequired),andthetotal time
requiredfor constructinghe decisiontree. We have developedand
evaluatedtwo techniquesnumericalinterval pruningand exploit-
ing the normaldistribution propertyof the estimatedvalue of the
gainfunction.

In thefuture,wewill liketo expandourwork in mary directions.
First, we wantto considerotherwaysof creatingintervals,besides
the equal-widthintenvals we arecurrentlyusing. Secondwe want
to extendour work to drifting datastreamg21]. Anotherareawill
beto applytheideasbehindour normaltestto othermining prob-
lems,suchask-meansandEM clustering.
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