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ABSTRACT
Decisiontreeconstructionis a well studiedproblemin datamin-
ing. Recently, therehasbeenmuch interestin mining streaming
data. DomingosandHulten have presenteda one-passalgorithm
for decisiontreeconstruction.Their work usesHoeffding inequal-
ity to achieve aprobabilisticboundontheaccuracy of thetreecon-
structed.

In thispaper, werevisit thisproblem.Wemakethefollowing two
contributions:1) Wepresentanumericalinterval pruning(NIP) ap-
proachfor ef�ciently processingnumericalattributes. Our results
show an averageof 39% reductionin executiontimes. 2) We ex-
ploit thepropertiesof thegainfunctionentropy (andgini) to reduce
thesamplesizerequiredfor obtaininga given boundon theaccu-
racy. Ourexperimentalresultsshow a37%reductionin thenumber
of datainstancesrequired.

Overall, the two new techniquesintroducedheresigni�cantly
improve the ef�ciency of decisiontreeconstructionon streaming
data.

1. INTRODUCTION
Decisiontreeconstructionis animportantdatamining problem.

Over the lastdecade,decisiontreeconstructionover disk-resident
datasetshasreceivedconsiderableattention[11, 13,25,27]. More
recently, the databasecommunityhasfocusedon a new modelof
dataprocessing,in which dataarrives in the form of continuous
streams[3, 4, 9, 12, 14, 16, 23, 30]. The key issuein mining on
streamingdatais thatonly onepassis allowedover theentiredata.
Moreover, thereis a real-timeconstraint,i.e. the processingtime
is limited by therateof arrival of instancesin thedatastream,and
the memoryavailable to storeany summaryinformationmay be
bounded. For most datamining problems,a one passalgorithm
cannotbevery accurate.Theexisting algorithmstypically achieve
eitheradeterministicboundontheaccuracy [17], or aprobabilistic
bound[10]. Datamining algorithmsdevelopedfor streamingdata
alsoserve asa usefulbasisfor creatingapproximate,but scalable,
implementationsfor very largeanddisk-residentdatasets.

DomingosandHulten have addressedthe problemof decision
treeconstructiononstreamingdata[10, 21]. Theiralgorithmguar-
anteesa probabilisticboundon the accuracy of the decisiontree
thatis constructed.In thispaper, werevisit theproblemof decision
treeconstructionon streamingdata. We make the following two
contributions:

Ef�cient Processingof Numerical Attrib utes: Oneof the chal-
lengesin processingof numericalattributesis thatthetotalnumber
of candidatesplit pointsis verylarge,whichcancausehighcompu-
tationalandmemoryoverheadfor determiningthebestsplit point.
Thework presentedby DomingosandHultenis evaluatedfor cat-

egorical attributesonly. We presenta numericalinterval pruning
(NIP) approachwhichsigni�cantly reducestheprocessingtime for
numericalattributes,withoutany lossof accuracy. Ourexperimen-
tal resultsshow anaverageof 39%reductionin executiontimes.

Using Smaller SamplesSizefor the SameProbabilistic Bound:
Domingosand Hulten use Hoeffding's bound [19] to achieve a
probabilisticbound.Hoeffding's resultrelatesthesamplesize,the
desiredlevel of accuracy, andtheprobabilityof meetingthis level
of accuracy, andis applicableindependentof thedistributionof in-
put data. In this paper, we show how we can usethe properties
of the gain function entropy (andgini) to reducethe samplesize
requiredto obtainthesameprobabilisticbound.Again, this result
is independentof thedistribution of input data. Our experimental
resultsshow that thenumberof samplesrequiredis reducedby an
averageof 37%.

Overall, thesetwo contributions increasethe ef�ciency of pro-
cessingstreamingdata,wherea real-timeconstraintmay exist on
the processingtimes,andonly limited memorymay be available.
Ourwork alsohasimportantimplicationsfor analysisof streaming
databeyonddecisiontreeconstruction.We will beexploring these
furtherin our futurework.

The restof the paperis organizedas follows. Section2 gives
backgroundinformationonthedecisiontreeconstructionproblem,
andreviews thegainfunctionentropy. Theproblemsandissuesin
processingof streamingdataarediscussedin Section3. Our new
techniquefor ef�cient handlingof numericalattributesis presented
in Section4. Thenew samplingmethodis describedin Section5.
We evaluateour techniquesin Section6. We compareour work
with relatedresearchefforts in Section7 andconcludein Section8.

2. DECISION TREE CONSTRUCTION
This sectionprovides backgroundinformationon the decision

treeconstructionproblem.

2.1 DecisionTreeClassi�er
Assumethereis a dataset
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is the
domainof classlabels. In this paper, our discussionwill assume
thatthereareonly two distinctclasslabels,thoughourwork canbe
easilyextendedto thegeneralcase.

Theclassi�cationproblemis to �nd a computablefunction HJI
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. Decisiontreeclassi�ersarefrequentlyusedfor achieving the
above functionality. A decisiontreeclassi�er is typically a binary
tree,whereevery non-leafnode
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is associatedwith a predicate� .
A predicatepartitionsthesetof datainstancesassociatedwith node
baseduponthevalueof a particularattribute �
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E . Here,
�

E is
calledthecuttingor thesplit point.

Building a decisiontreeclassi�er generallyincludestwo stages,
a growing stageanda pruningstage. The treegrowing stagein-
volvesrecursively partitioningthe dataset,till the recordsassoci-
atedwith a leaf nodeeitherall have the sameclasslabel, or their
cardinalityis below athreshold.In partitioningany node,anumber
of differentcandidatesplitting conditionsareevaluated.Thebest
splitting conditionis typically chosento maximizeagain function,
which arebaseduponimpurity measurementssuchasgini or en-
tropy. Thepruningstageeliminatessomenodesto reducethe tree
size.This paperwill focusonly on thetreegrowing stage.

Thereare two commonlyusedmetrics to evaluatea decision
treeclassi�er, inaccuracy and treesize. Inaccuracy is de�ned as
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is a randominstancefrom the
underlyingdistribution. Treesizeis de�ned asthetotal numberof
nodesin thetree,andmeasurestheconcisenessof theclassi�er.

2.2 Entropy Function
An impurity functiongivesameasurementof theimpurity in the

dataset.Originally proposedin the information theory literature,
entropy hasbecomeone of the most popularimpurity functions.
Suppose,we arelooking at a trainingdataset
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Entropy functionis de�ned as
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Now, supposewe split the nodeusinga split predicate
�

andcre-
atetwo subsets
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, which arethe left andright subsets,
respectively. Let �
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denotethefractionof thedatainstancesin
�

thatareassociatedwith
���

. Then,thegainassociatedwith split-
ting usingthepredicate
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is de�ned as
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Further, let �
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we areinterestedin determining+ , suchthat
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If morethanoneattributesatis�esthiscondition,apre-de�nedrule
(suchasrandomization)canbeusedto selectoneof these.

2.3 Evaluating Split Conditions
Selectingtheattributeandthesplit conditionthatmaximizesin-

formationgain is the key stepin decisiontreeconstruction.The
scalabledecisiontreeconstructionalgorithmsproposedin the lit-
erature[11, 13, 25, 27] take a numberof approachestowardsper-
forming thisstepef�ciently .

Themajorissuesthatneedto beaddressedare,whatinformation
is requiredfor evaluatingdifferentcandidatesplit conditions,and
how canthis informationbestoredandprocessedef�ciently . In the
initial work ondecisiontreeconstructionfor disk-residentdatasets,
the trainingdatasetis separatedinto attribute lists [25, 27]. For a
particularattribute,theattributelist maintainstherecord-identi�er
andthevalueof thatattributefor thetrainingrecord.Moreover, for
ef�ciently choosingthe bestsplit point for a numericalattribute,
theattributelists for suchattributesis keptsorted.

A signi�cantly differentapproachis taken aspart of the Rain-
Forestapproachby Gehrke et al. [13]. Here,a new datastructure
calledanAVC (Attribute-Value,Classlabel)groupisused.An AVC
groupfor adecisiontreenodecomprisesAVC setsfor all attributes.
For a givenattributeanda nodebeingprocessed,theAVC setsim-
ply recordsthe count of occurrenceof eachclasslabel for each
distinct valuetheattributecantake. Thus,it is essentiallya class
histogram. Thesizeof theAVC setfor agivennodeandattributeis
proportionalto theproductof thenumberof distinctvaluesof the
attributeandthenumberof distinctclasslabels.

3. STREAMING DATA PROBLEM
In this section,we focuson the problemof decisiontreecon-

structionon streamingdata. We give a templateof thealgorithm,
whichwill beusedasthebasisfor ourpresentationin thenext three
sections.Moreover, wedescribehow samplingis usedto achieve a
probabilisticboundon thequalityof thetreethatis constructed.

3.1 Algorithm Template

StreamTree; Stream<>=

global ?&@BACA�@BD:DCEGFIHKJLAMJNAPOQF'RSOUT

local VSD:W1AYXZD:W1A1T

local ?&J\[^]_AIEGT
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h
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@BAMndDC€�A1;mX~D:W1A\FkRlOP=$T

h
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FrXZD:W1A

�

=$FjOK=GT

while ACX~DjJ^u\• ndAMndDC@:pN;_RSO�FCOK=

u\ACEG;_XZDjW\A1F:OP=$T

h

W1W4;_XZDjW\A1FGRSOK=GT

Figure1: StreamTreeAlgorithm

We�rst list theissuesin analyzingstreamingdata.Thetotalsize
of thedatais typically muchlarger thanthe availablememory. It
is not possibleto storeandre-readall datafrom memory. Thus,



a singlepassalgorithmis required,which alsoneedsto meetthe
real-timeconstraint,i.e. thecomputingtime for eachitem should
be lessthantheinterval betweenarrival timesfor two consecutive
items.

A key propertythat is requiredfor analysisof streamingdatais
that the datainstancesarriving follow an underlyingdistribution.
It implies that if we collect a speci�c interval of streamingdata,
we canview themasa randomsampletaken from theunderlying
distribution. It may be possiblefor a decisiontree construction
algorithmto adjustthe tree to changesin the distribution of data
instancesin thestream[21], but wedonotconsiderthispossibility
here.

Figure1 presentsa high-level algorithmfor decisiontreecon-
structiononstreamingdata.Thisalgorithmformsthebasisfor our
presentationin the restof thepaper. Thealgorithmis basedupon
two queues,� and ��� . ��� standsfor activequeueanddenotes
thesetof decisiontreenodesthatwe arecurrentlyworking on ex-
panding. � is thesetof decisiontreenodesthathave not yet been
split,but arenotcurrentlybeingprocessed.Thisdistinctionis made
becauseactively processingeachnoderequiresadditionalmemory.
For example,wemayneedto storethecountsassociatedwith each
distinctvalueof eachattribute.Therefore,thesetAQ is constructed
from the set � by including asmany nodesaspossible,till suf�-
cientmemoryis available.Thealgorithmis initiatedby puttingthe
rootof thedecisiontreein theset � .

Theinput to thealgorithmis a streamof datainstances,denoted
by � . We successively obtaina datainstance

�

from this stream.
Wedeterminethecurrentdecisiontreenode(denotedby

� A?735

) that
this datainstancebelongsto. If

� A6735

belongsto theset ��� , then
thedatainstanceis addedto thesetof samplesavailableto process
node. We thencheckif

� A6735

satis�es the stopcondition(which
canonly beappliedstatistically).If so,

� A?735

is removedfrom ��� .
Otherwise,we checkif we now have suf�cient informationto split

� A?735

. If so,thenodeis split, removedfrom ��� , andits two child
nodesareaddedto theset � . Thealgorithmterminateswhenboth

� and ��� areempty.
Thealgorithm,aspresentedhere,is only differentfrom thework

by DomingosandHulten[10] in notassumingthatall nodesatone
level of thetreecanbeprocessedsimultaneously. Thememoryre-
quirementsfor processingasetof nodesis oneof theissuesweare
optimizingin ourwork. If thememoryrequirementsfor processing
a givennodein thetreearereduced,morenodescanbe�t into the
set ��� , andtherefore,it is morelikely thata given datainstance
canbeusedtowardspartitioninganode.

Besidesthememoryrequirements,this algorithmalsoexposesa
numberof otherissuesin decisiontreeconstructionon streaming
data. As we cansee,onecrucial problemhereis to decidewhen
wehave suf�cient samplesavailableto make thesplittingdecision.
Anotherquestionis, what informationneedsto bestoredfrom the
samplecollectedin orderto make thesplitting conditions.Simply
storingall samplesis one,but not the only possibility. Computa-
tionally, yetanotherissueis how weef�ciently examineall possible
splitting conditionsassociatedwith a node.Particularly, thenum-
ber of distinct valuesassociatedwith a numericalattributecanbe
very large,andcanmake it computationallydemandingto choose
thebestsplit point.

3.2 Using Sampling
Here,wereview theproblemof selectingsplittingpredicatebased

upona sample.Our discussionassumestheuseof entropy asthe
gain function, thoughthe approachcanbe appliedto other func-
tionssuchasgini.

Let � beasampletakenfrom thedataset
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The valueof ! " servesas the estimateof of ! " . Note that we do
not needto compute
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therelative valuesof thegainvaluesassociatedwith differentsplit
points.

Now, we considertheprocedureto �nd thebestsplit pointusing
theabove estimateof gains. Let !
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where� is asmallpositivenumber. Theabovecondition(calledthe
statisticaltest) is usedto infer that �
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is likely to satisfytheoriginal
testfor choosingthebestattribute,which is
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To describeour con�denceof above statisticalinference,a param-
eter � is used.� is theprobabilitythattheoriginal testholdsif the
statisticaltestholds,andshouldbeascloseto 1 aspossible.� can
beviewedasa functionof � andsamplesize 	 �
	 , i.e.

�

�

H����

	

	 �
	

�

DomingosandHulten usethe Hoeffding bound[19] to construct
this function.Thespeci�c formulathey useis
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where � is thespreadof thegain function. In this context, where
therearetwo classesandentropy is usedastheimpurity function,

�

�


 . In Section5, we will describean alternative approach,
which reducestherequiredsamplesize.

Basedupontheprobabilisticboundonthesplittingconditionfor
eachnode,Domingosand Hulten derive the following result on
the quality of the resultingdecisiontree. This result is basedon
themeasurementof intensionaldisagreement. Theintensionaldis-
agreement�

�

betweentwo decisiontrees
���

�

and
���
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is the
probability that the path of an examplethrough

���
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will differ
from its paththrough

��� �

.

THEOREM 1. If �
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is the tree producedby the algorithm
for streamingdatawith desired accuracy level � ,
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is the tree
producedby batch processingan in�nite training sequence, and

� is the leaf probability, i.e., the probability that a givenexample
reachesa leaf nodeat anygivenlevel of thedecisiontree, then
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4. A NEW ALGORITHM FOR HANDLING
NUMERICAL ATTRIB UTES

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

4.1 Problemsand Our Approach
Oneof thekey problemsin decisiontreeconstructiononstream-

ing datais that thememoryandcomputationalcostof storingand
processingthe information requiredto obtain the bestsplit gain
canbevery high. For categoricalattributes,thenumberof distinct
valuesis typically small, and therefore,the classhistogramdoes
not requiremuchmemory. Similarly, searchingfor the bestsplit
predicateis notexpensive if numberof candidatesplit conditionsis
relatively small.

However, for numericalattributeswith a largenumberof distinct
values,both memoryand computationalcostscan be very high.
Many of the existing approachesfor scalable,but multi-pass,de-
cisiontreeconstructionrequirea preprocessingphasein which at-
tributelists for numericalattributesaresorted[25,27]. Preprocess-
ing of data,in comparison,is notanoptionwith streamingdatasets,
andsortingduringexecutioncanbeveryexpensive. Domingosand
Hulten have describedandevaluatedtheir one-passalgorithmfo-
cusingonly oncategoricalattributes[10]. It is claimedthatnumer-
ical attributescanbeprocessedby allowing predicatesof theform
“ �

�
�

�

�

. ”, for eachdistinct value �

�

. . This implies a very high
memoryandcomputationaloverheadfor determiningthebestsplit
point for a numericalattribute.

WehavedevelopedaNumericalInterval Pruning(NIP) approach
for addressingtheseproblems. The basisof our approachis to
partitiontherangeof a numericalattributeinto intervals, andthen
usestatisticalteststo prunetheseintervals. At any given time, an
interval is eitherprunedor intact. An interval is prunedif it does
not appearlikely to includethesplit point. An intact interval is an
interval that hasnot beenpruned. In our currentwork, we have
usedequal-widthintervals,i.e. therangeof anumericalattributeis
dividedinto intervalsof equalwidth.

In Section2.3, we haddiscussedhow we caneitherstoresam-
ples, or createclasshistogramsto have suf�cient information to
determinethebestsplit condition. In thenumericalinterval prun-
ing approach,we insteadmaintainthefollowing setsfor eachnode
thatis beingprocessed.

SmallClassHistograms: This is primarily comprisedof classhis-
togramsfor all categorical attributes. The numberof distinct ele-
mentsfor acategoricalattributeis notvery large,andtherefore,the
sizeof theclasshistogramfor eachattribute is quitesmall. In ad-
dition, we alsoaddtheclasshistogramfor numericalattributesfor
which thenumberof distinctvaluesis below a threshold.

ConciseClassHistograms:Therangeof numericalattributeswhich
have a large numberof distinct elementsin the datasetis divided
into intervals. For eachinterval of a numericalattribute, the con-
ciseclasshistogramrecordsthenumberof occurrencesof instances
with eachclasslabelwhosevalueof thenumericalattributeiswithin
thatinterval.

DetailedInformation: Thedetailedinformationfor aninterval can
bein oneof thetwo formats,dependinguponwhatis ef�cient. The
�rst formatis classhistogramfor thesampleswhich arewithin the
interval. Whenthenumberof samplesis largeandthenumberof
distinctvaluesof a numericalattribute is relatively small, this for-
mat is moreef�cient. Thesecondformatis to simply maintainthe
set of sampleswith eachclasslabel. It is not necessaryto pro-

cessthedetailedinformationin theprunedinterval to getbestsplit
point.

Theadvantageof thisapproachis thatwedonotneedto process
detailedinformationassociatedwith aprunedinterval. This results
in a signi�cant reductionin the executiontime, but no lossof ac-
curacy. Further, aswe will arguetowardsthe endof this section,
we may not even storethe detailedinformationassociatedwith a
prunedinterval. This further reducesthe memoryrequirements,
but canresultin a smalllossof accuracy.

NIP-Classi�er ; Node� , Stream<>=
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Figure2: NIP Algorithm for Numerical Attrib utesHandling

Themainchallengein thealgorithmis to effectively butcorrectly
prunetheintervals. Over-pruningis a situationoccurringwhenan
interval doesnot appearlikely to include the split point after we
haveanalyzedasmallsample,but couldincludethesplit pointafter
moreinformationis madeavailable.Under-pruningmeansthatan
interval doesnot appearlikely to include the split point but has
not yet beenpruned.We refer to over-pruningandunder-pruning
togetherasfalsepruning.

Thepseudo-codefor ourNumericalInterval Pruning(NIP) algo-
rithm is presentedin Figure2. Here,aftercollectingsomesamples,
we usesmall classhistograms,conciseclasshistograms,andthe
detailedinformation from intact intervals and get an estimateof
the best(highest)gain. This is denotedas !


 . Then,by using !


 ,
we unpruneintervals that look promisingto containthebestgain,
baseduponthecurrentsampleset.Thebestgain �

! cancomefrom
!


 or a newly unprunedintervals. Then,by performinga statisti-
cal test,we checkif we cannow split this node. If not, we need
to collect moresamples.Beforethat, however, we checkif some
additionalintervalscanbepruned.

Therestof this sectionpresentsmoretechnicaldetails,thecor-
rectness,andthecomputationalandmemorycostoptimizations.

4.2 TechnicalDetails
In this subsection,we discussthe detailsof how pruning and

testingfor falsepruningareperformed.
For our discussionhere,we initially assumethat we have pro-

cessedthe entiredataset,andaretrying to prunethe spaceof po-
tentialsplit pointsfrom therangeof a numericalattribute.Assume
that ! is the best(highest)gainpossiblefrom any splitting condi-
tion associatedwith anodeof thedecisiontree.SupposeC
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is the numberof training recordswith the
classlabel

�

thatfall into theinterval + , and
�

is thetotalnumberof
classlabelsin thetrainingdata.

Wewanttodetermineif any pointwithin thisinterval canprovide
a highergain than ! . For this, we needto determinethe highest
possiblevalueof gain from any point within this interval. For the
boundarypoint �

�

, we de�ne thecumulative distribution function
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is the numberof training recordswith theclasslabel
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suchthattheir valueof thenumericalattributeunderconsideration
is lessthan �
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Now, considerany point
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lative distribution functionbe
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If we do not have any further informationabouttheclassdistri-
bution of thetrainingrecordsin theinterval, all points

>

satisfying
theabove constraintneedto beconsideredin determiningthehigh-
estgainpossiblefrom within theinterval C
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�	� �

� . Formally, we
de�ne theset

	

of possibleinternalpointsasall valueswithin the
interval C

�
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�	� �

� thatsatisfytheconstraint� .
Thenumberof pointsin theset

	

canbevery large,makingit
computationallydemandingto determinethehighestpossiblegain
from within theinterval. However, we arehelpedby a well-known
mathematicalresult. To statethis result,we de�ne a set � , com-
prisingof cornerpointswithin theinterval. Formally,
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It is easyto seethat the set � has 
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points. Now, the follow-
ing resultallows us to computethehighestpossiblegain from the
interval very ef�ciently .

LEMMA 1. Let H bea concavegain function. Let
	

betheset
of possibleinternal pointsof interval + , and � bethesetof corner
points.Then
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Theabove lemmais derived from a generalmathematicaltheo-
rem(seeMagasarian[24]) andwasalsopreviouslyusedby Gehrke
et al. in the BOAT approach[11]. Note that the gain functions
entropy andgini areconcave functions.

By recordingthe frequency of intervals,computinggainsat the
interval boundaries,andapplyingthis lemma,we cancomputethe
upperbound

;
�

of thegainpossiblefrom theinterval. If wealready
know thebestgain ! , we cancompare

; �

and ! . The interval can

containthesplit point only if
; �

, ! , andcanbeprunedif this is
not thecase.

As describedabove,thismethodisusefulonly if wehavealready
scannedtheentiredataset,know thevalueof thebestgain ! aswell
asthegainsat the interval boundaries.However, we performthis
pruningafter thesamplingstep,i.e., by examiningonly a fraction
of thetrainingrecords.As we haddescribedearlierin this section,
we usea sampleandcomputesmallandconciseclasshistograms.
Thus,for numericalattributeswith a largenumberof distinctval-
ues,we areprocessingtheclassfrequenciesfor only theintervals,
andonly usingthesample.As de�nedabove, ! is thebestgainpos-
sibleusingtheentiredatasetandall possiblesplit conditions.Now,
let �

! bethebestgaincomputedusingthecurrentsampleset. Fur-
ther, let !�( bethebestgainnotedafterusingsmallclasshistograms,
conciseclasshistogramsandthedetailedinformationfrom thein-
tactintervals.This is thevalue�rst computedby our algorithm.

Wehave,
!




�

�

!

This follows simply from thefactthat !


 is computedfrom among
a subsetof thesplit pointsthat �

! would becomputedfrom.
Using the valuesof gain at interval boundaries,and using the

Lemma1, we canestimatethe upperboundon the gain possible
from a split pointwithin a giveninterval + . We denotethis valueas

�

;
�

, andis anestimate(usingthesample)of thevalue
;

�

thatcould
becomputedusingtheentiredataset.

Wefocuson thefunction
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!

�+;
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If wehavecomputed! and
;
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usingtheentiredataset,wecanprune
an interval + if �

�

E . However, usingsampling,we canonly
have estimateof this function.Suppose,we consider
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Baseduponour discussionin Section3.2, if �

�

, � , thenwith
probability � , we have �
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E , where, � , � , andthesamplesize
arerelatedthrougha function. Thus,pruningusingthe condition

�

�
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� givesusa probabilisticboundon theaccuracy of pruning,
i.e., we couldstill pruneincorrectly, but theprobability is low and
bounded.

Further, sincewe do not even have the value of �

! , we use !
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Thus,after the �rst step,we performstatisticaltestusingthecon-
dition !




�

�

;
�

�

� for all of the prunedintervals + . We call
aninterval over-prunedif it is prunedusingthestatisticalestimates
describedabove from a small sample,but after the moredatain-
stancesareavailable,it turnsoutnot to bethecase.Notethatto be
ableto unpruneintervals, we mustnot discardthe detailedinfor-
mationassociatedwith an interval thatmaybemarked aspruned.
Thus, the algorithm presentedso far only reducesthe computa-
tional costs,but not thememorycosts.

Next, we brie�y discusshow we test for under-pruning. The
algorithmsimply computes �

;
�

for intact intervals to seeif the fol-
lowing conditionholds:

� �

!

�

�

;-�

�

�

�

If it is true,it meansthat this interval is not likely to have thebest
split pointandcanbepruned.

By combining !


 with the detailedinformation from the over-
prunedintervals,wegetanew bestgain �

! . Weknow thatthis is the
bestgainpossiblefrom looking at thecurrentsamplesize. This is



becauseif the prunedintervals could not achieve the gain !




�

� ,
they cannotachieve thegain �

!

�

� either.
Suppose,wedecideto partitionanodeusinga sample� andthe

currentbestgain �

! . This gain is identicalto the bestgain that an
algorithmnot performingany pruningwould achieve by usingthe
samesampleset,aswe formulatethroughthefollowing theorem.

THEOREM 2. Thebestgain �

! computedusingour numerical
interval pruningapproach is thesameas theonecomputedby an
algorithm that usesfull classhistograms,provided the two algo-
rithmsusethesamesampleset.

Proof:This follows from our discussionabove. �

Thus,thenumericalinterval pruningapproachwehavepresented
doesnot limit accuracy in any way, ascomparedto any otheralgo-
rithm thatusessamples.

4.3 Computational andMemory CostsandOp­
timization

Initially, let usfocuson thecomputationalcostsassociatedwith
thealgorithmhere.As a new datainstanceis receivedwe checkif
it is associatedwith anodethatis beingprocessed.If so,a number
of updateoperationsareperformed.Theprocessingtime,however,
is a constant.The dominantcomputationalpart is whenwe want
to determinethebestsplit condition. Unlike in a batchalgorithm,
this stepmay have to repeatedseveral times,till we have a suf�-
cient statisticalcon�denceto performthesplit. This steprequires
processingthe small andconcisehistograms,andthe detailedin-
formationassociatedwith intact intervals. Our experimentshave
determinedthat themaincostis associatedwith theprocessingof
detailedinformation. Thus,pruningof intervals is crucial for re-
ducingthis cost.

In thealgorithmpresentedhere,unpruningintervalsis arequire-
mentfor provably achieving thesameaccuracy asin analgorithm
thatdoesnot do any pruning. Therefore,we needto maintainand
continueto updatethedetailedinformationassociatedwith pruned
intervals. However, the probabilityof over-pruningcanbe shown
to bevery small. Therefore,we canmodify our original algorithm
to not storethedetailedinformationassociatedwith prunedinter-
vals.Thisoptimizationhastwo bene�ts.First,thememoryrequire-
mentsarereducedsigni�cantly. Second,wecanfurthersaveonthe
computationalcostsby not having to updatedetailedinformation
associatedwith aprunedinterval.

5. A NEW SAMPLING APPROACH
This sectionintroducesa new approachfor choosingthe sam-

ple size. As comparedto theHoeffding inequality[19] basedap-
proachusedby DomingosandHulten[10], our methodallows the
sameprobabilisticaccuracy bound to be achieved using signi�-
cantlysmallersamplesizes.

5.1 Exploiting Gain Functions
As we have mentionedpreviously, the one-passdecisiontree

constructionalgorithm by Domingosand Hulten usesHoeffding
inequalityto relatetheboundon theaccuracy � , theprobability � ,
andthesamplesize 	 � 	 . Hoeffding boundbasedresultis indepen-
dentof the distribution of the datainstancesin the dataset.Here,
we derive anotherapproach,which is still independentof thedis-
tributionof thedatainstances,but usespropertiesof gainfunctions
like entropy andgini.

We usethe following theorem,alsoknown asthe multivariant
deltaresult[5]. Here,thesymbol
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Proof:Seethereference[5], for example. �

Below, we show theapplicationof theabove resulton thegain
functionentropy. Thiscouldsimilarly beappliedon thegainfunc-
tion gini, but we do notpresentthedetailshere.

In applyingtheaboveresultontheentropy function,weconsider
thefollowing. Thefunction ! is a functionof threemeasurements,
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�' 

. Thethreevaluesor measurementsareindepen-
dentof eachother, i.e. thecovariance
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LEMMA 2. Let
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be the samplesizeof � ,
�

be the normal
distribution. Then,for theentropyfunction ! , wehave
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Proof:The proof follows from the applicationof the multivari-
atedeltaresult(presentedabove),andtheobservation thatthe�rst
derivativesfor entropy arecontinuousfunctions(detailsareomitted
here). �

Next, we focus on the following problem. Assumethereis a
point

>

belongingto theattribute
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This leadsto thefollowing lemma.
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Proof:Theabovelemmafollowsfromtheapplicationof well known
resultsonsimultaneousstatisticalinference[20]. �

Wecall theabove testtheNormaltest.



5.2 SampleSizeProblem
Oncea desiredlevel of accuracy � is chosen,thekey issuewith

the performanceof a one-passalgorithmis thesamplesizeselec-
tion problem,i.e. how largeasampleis neededto �nd thebestsplit
point with theprobability � . Speci�cally, we areinterestedin the
samplesizethatcouldseparate!

���

and !

�

� , where ��� and ��� are
thepointsthatmaximizethegainof split function for the top two
attributes
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� and
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� .
Let !
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� . Thus,by normaldistribution, the required
samplesizeis
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Comparingthe above two equations,we have the following re-
sult.

THEOREM 4. Thesamplesizerequired using the normal test
will alwaysbe lessor equal to the samplesizerequired for the
Hoeffding test,i.e.,

�
�

� �

�

Proof:This follows from comparingthetwo equationsabove. �

6. EXPERIMENT AL RESULTS
In this section,we report on a seriesof experimentsdesigned

to evaluatethe ef�cacy and performanceof our new techniques.
Particularly, we are interestedin evaluating1) the advantagesof
usingNumericalInterval Pruning(NIP), and2) theadvantagesof
using normal distribution of the estimateof entropy function, as
comparedto Hoeffding's bound.

Thedatasetsweusedfor ourexperimentsweregeneratedusinga
tool describedby Agrawal etal. [1]. Thereweretwo reasonsfor us-
ing thesedatasets.First, thesedatasetshave beenwidely usedfor
evaluatinga numberof existing efforts on scalabledecisioncon-
struction[13, 11,25,27]. Second,theonly realdatasetsthatweare
awareof arequite small in size,and therefore,werenot suitable
for our experiments. The datasetswe generatedhad 10 million
trainingrecords,eachwith 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,our implementationdid notexpand
a nodeany further if one of the following conditionswere true:
95% or greaterfractionof the training recordshadthesameclass
label, thedepthof thenodewas12,or lessthan1% of all training
recordswere associatedwith the node. For eachnode,we start
evaluationfor �nding split conditionafter at least10,000records
associatedwith the nodehadbeenread. Further, we reevaluated
eachnodeevery time after another5,000recordshadbeenread.
The rangeof eachnumericalattributewasdivided into 500 equal
sizedintervals. Thevalueof � usedin our experimentswas D

�

D�E

9��

. All our experimentswere conductedon a 700 MHz Intel
PentiumIII machine,with 1 GB of SDRAM anda18GB diskwith
15000rpmUltra 160SCSIdrive.

The resultsfrom experimentsdesignedto evaluatethe NIP ap-
proachandthebene�tsof usingnormaldistributionof theestimate
of entropy function arereportedtogether. We created4 different
versions,all baseduponthebasicStreamTreealgorithmpresented
in Figure1. Sample-H is theversionthatusesHoeffding bound,

andstoressamplesto evaluatecandidatesplit conditions.
ClassHist-H usesHoeffding boundandcreatesfull classhis-
tograms.NIP-H andNIP-N usenumericalinterval pruning,with
Hoeffding boundandthe normaldistribution of entropy function,
respectively. The versionof NIP that we implementedandeval-
uatedcreatesintervals after 10,000sampleshave beenread for
a node,performsinterval pruning, and then deletesthe samples.
Thus,unpruningis not anoptionhere,andtherefore,theaccuracy
canbelower thananapproachthatusesfull classhistograms.Our
implementationuseda memoryboundof 60 MB for all four ver-
sions. Consistentwith what wasreportedfor the implementation
of DomingosandHulten,we performedattributepruning, i.e.,did
not furtherconsideran attribute that appearedto show poor gains
aftersomesampleswereanalyzed.

Figure3 shows theaveragenumberof nodesin thedecisiontree
generatedusing functions1, 6, and 7, and using noiselevels of
0%, 2%, 4%, 6%, 8%, and10%, respectively. This numberdoes
not changein any signi�cant way over the four differentversions
we experimentedwith. As expected,the sizeof the decisiontree
increaseswith thelevel of noisein data.

Oneinterestingquestionis, what inaccuracy maybe introduced
by our versionof NIP-H , sinceit doesnot have theoptionof un-
pruning. Figure 4 shows the increasein inaccuracy for NIP-H ,
as comparedto the averageof inaccuracy from Sample-H and
ClassHist-H . As canbe seenfrom the �gure, thereis no sig-
ni�cant chancein inaccuracy. Note that whenever a differentset
of datainstancesareusedto split a node,thecomputedinaccuracy
valuecanbe different. Similarly, Figure5 shows the increasein
inaccuracy for NIP-N , ascomparedto the averageof inaccuracy
from Sample-H andClassHist-H . Again, thereis no signi�-
cantchange,andtheaveragevalueof thedifferenceis verycloseto
zero.

Figures6, 7, and 8 show theexecutiontimesfor decisiontree
constructionwith thefour versionsanddifferentlevelsof noise,for
functions1, 6, and7, respectively. Through-out,we will focuson
comparingtheperformanceof NIP-N andNIP-H with thebetter
onebetweenSample-H andClassHist-H , which we denote
by existing .

Initially, we focuson functions6 and7. For function6, theexe-
cutiontimesof NIP-H arebetween40%and70%of theexecution
time of existing . Moreover, NIP-N further reducesthe exe-
cution time by between7% and80%. For function 7, the execu-
tion timeswith NIP-H arebetween35%and75%of existing .
NIP-N further reducesthe execution times by between3% and
65%. Resultsarerelatively mixedfrom usingthe function1. Our
bestversionNIP-N is signi�cantly betterin 3 of the 6 cases,but
quite comparable(i.e. eithermarginally betteror worse)in other
3 cases.This is becausewith this function,thedecisionto choose
the bestsplit conditioncanusuallybe madeby examiningonly a
smallnumberof samples.Therefore,theuseof numericalinterval
pruningdoesnotgive betterresultsin many cases.

We next comparethesefour versionusingtwo metricswe con-
siderimportant.Thesemetricsare,total instancesread(TIR), and
instancesactivelyprocessed(IAP). TIR is thenumberof samples
or datainstancesthat arereadbeforethe decisiontreeconverges.
Whena sampleis read,it cannotalwaysbeusedaspartof theal-
gorithm. This is becauseit may be assignedto a nodethat does
not needto beexpandedany further, or is not beingprocessedcur-
rently becauseof memoryconsiderations.Therefore,we measure
IAP asthenumberof datainstancesthatwereusedfor evaluating
candidatesplit conditions.Figures9, 10,and 11show TIR for the
four versionsandfor functions1, 6, and7, respectively. The use
of classhistogramsresultsin high memoryrequirements,which
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resultsin very high valuesof TIR. In all cases,the valuesof TIR
for Sample-H andNIP-H arealmostidentical. This shows the
main performanceadvantageof the NIP approachcomesbecause
of the reductionin computationalcosts,andnot becauseof mem-
ory. Moreover, thereductionin executiontime with theuseof NIP
approachshown earlier is actuallya reductionin processingtime
perdatainstance,which is animportantissuein processingof data
streams.ComparisonbetweenNIP-H andNIP-N versionsshows
the bene�ts of exploiting the normaldistribution of the estimated
entropy function. The reductionin TIR is between8% and40%
for function1, between18%and60%for function6, andbetween
16% and55% for function 7. Figures12, 13, and14 show the
valuesof IAP for functions1, 6, and 7, respectively. The three
versions,Sample-H , ClassHist-H , andNIP-H have almost
identicalvaluesof IAP. This is becausethey areusingthesamesta-
tistical testto makedecisions.Thereductionin IAP for theNIP-N
versionis quite similar to the reductionseenin thevaluesof TIR
for this version.

7. RELATED WORK
Mining andmanagingstreamingdatahasreceivedsigni�cant at-

tentionin recentyears.Our work directly builds on top of Domin-
gosandHulten's work on decisiontreeconstructionon streaming
data[10]. SrikantandAgrawal [28] andToivonen[29] have fo-
cusedon the useof samplingfor mining frequentitemsets.More
recently, Yang et al. have usedsamplingto reducethe number
scansof the dataset[31]. Samplingbasedapproacheshave also
beenstudiedfor ef�ciently constructinghistograms[16, 8] andfor
estimatingthenumberof distinctvaluesof anattribute[18].

Beforethe currentfocuson streamingdata,samplinghasbeen
appliedfor decisiontreeconstructionon largedatasets.Carlett[6]
usedsequentialsamplescalledpeeholesto split nodes.Musick et
al. [26] empiricallyobservedthattheattributegaindistributionwas
closeto normaldistribution andusedthedigammafunctionto ap-
proximateit. Gratch's sequentialID3 [15] usesMultiple compar-
ison SequentialProbabilityRatio Test(McSPRT) for attribute se-
lection. Gratchis alsothe�rst oneto usedeltamethodto describe
the distribution of attribute gain. Our methodis different in that
we apply the normal distribution to comparethe gain difference
betweentwo attributes. More recently, ChauchatandRakotoma-
lala [7] proposedusinga statisticalsigni�cancetestto �nd thebest
split.

Our work is alsorelatedto the existing work on scalabledeci-
sion treeconstruction,particularly, BOAT [11] andCLOUDS[2].
BOAT usesbootstrappingto constructan approximatetree on a
�x edsizedsampleandthenscanstheentiredatasetto build anex-
actdecisiontree.Someof our ideason interval pruningarederived
from thisapproach.CLOUDS[2] alsopartitionstherangeof anu-
mericalattributeinto intervals. However, it requirestwo passeson
the entiredatato partition nodesat onelevel of the tree,andfur-
ther, doesnot guaranteethe samebestgain. In our recentwork,
we have appliedinterval pruningsimilar to theNIP approachpre-
sentedin this paperfor makinga multi-passparalleldecisiontree
constructionalgorithmmorecommunicationef�cient [22].

8. CONCLUSIONS AND FUTURE WORK
Thispaperhasfocusedonacritical issuearisingin decisiontree

constructionon streamingdata,i.e., thespaceandtime ef�ciency.
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Figure9: Total InstancesRead(TIR)-
F1
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Figure10: TIR: F6
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Figure11: TIR: F7
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Figure 12: IAP (Instances Actively
Processed)-F1
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Figure13: IAP: F6
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Figure14: IAP: F7

This includesprocessingtime per datainstance,memoryrequire-
ments(or thenumberof datainstancesrequired),andthetotal time
requiredfor constructingthedecisiontree.Wehave developedand
evaluatedtwo techniques,numericalinterval pruningandexploit-
ing the normaldistribution propertyof the estimatedvalueof the
gainfunction.

In thefuture,wewill liketo expandourwork in many directions.
First,we wantto considerotherwaysof creatingintervals,besides
theequal-widthintervalswe arecurrentlyusing.Second,we want
to extendour work to drifting datastreams[21]. Anotherareawill
be to applytheideasbehindour normaltestto othermining prob-
lems,suchask-meansandEM clustering.
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