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Abstract

Several challengingnew applicationsdemandthe ability to do datamining on resourceconstraineddevices. Onesuch
applicationis that of monitoringphysiological datastreamsobtainedfromwearablesensingdevices.Such monitoringhas
applicationsfor pervasivehealthcaremanagement,beit for seniors,emergencyresponsepersonnel,soldiers in thebattle�eld
or athletes.A key requirementis that themonitoringsystembeable to run on resourceconstrainedhandheldor wearable
devices.Orthogonaldecisiontrees(ODTs)offer an effectivewayto constructa redundancy-free, accurate, andmeaningful
representationof large decision-tree-ensemblesoftencreatedby popular techniquessuch as Bagging, Boosting, Random
Forestsandmanydistributedanddatastreamminingalgorithms.Orthogonaldecisiontreesare functionallyorthogonal to
each otherandthey correspondto theprincipal componentsof theunderlyingfunctionspace. Thispaperdiscussesvarious
propertiesof theODTsandtheir suitabilityfor monitoringphysiologicaldatastreamsin a resource-constrainedenvironment.
It offers experimentalresultsto documentthe performanceof orthogonal treeson groundsof accuracy, modelcomplexity,
andothercharacteristicsin a resource-constrainedmobileenvironment.

1. Intr oduction

Analyzingandmonitoringtime-criticaldatastreamsusingmobileandwearabledevicesin aubiquitousmanneris impor-
tant in many applicationdomains.Onlineclassi�cationof thedatastreamsin suchresourceconstrainedenvironmentsis a
challengingtaskthat requireslight-weightclassi�ersthatareaccuratebut compactin representation.Oneclassof suchap-
plications,detailedin thenext section,involvethemonitoringof physiologicaldatastreamsobtainedfrom wearablesensors.
Theseapplicationsdemandthe ability to quickly classify relatively large amountof data. Decisiontrees(e.g.,CART[3],
ID3[13], andC4.5[14]) offer oneway to constructrule-basedpatternsandclassi�ersfrom data;theconstructiontechniques
areusuallyfastandscalable;therefore,they maybeusedfor monitoringandmining datastreamsfrom ubiquitousdevices
like PDAs, palmtops,andwearablecomputers.Ensemblelearningtechniquesareusedwheresingledecisiontreesdo not
providesuf�cient accuracy. Boosting[5, 4], Bagging[1], Stacking[16], andrandomforests[2] aresomeof thewell-known
ensemble-learningtechniques.Many of thesetechniquesoftenproducelargeensemblesthatcombinetheoutputsof a large
numberof treesfor producingtheoveralloutput.

In many time-criticalapplicationssuchasmonitoringdatastreams[15], particularlyfor resourceconstrainedenvironments
[7], maintaininga largeensembleandusingit for continuousmonitoringis computationallychallenging.A redundancy free
andmeaningfulcompactrepresentationof large ensemblesis thereforeneeded.We have developed[8, 6] a techniqueto
constructredundancy-freedecisiontrees-ensemblesby constructingOrthogonalDecisionTrees(ODTs). Thetechnique�rst
constructsan algebraicrepresentationof treesusing multivariatediscreteFourier bases. The new representationis then
usedfor eigen-analysisof the covariancematrix generatedby the decisiontreesin Fourier representation.The proposed
approachconvertsthecorrespondingprincipalcomponentsto decisiontreesusinga techniquereportedelsewhere[7]. These
treesarefunctionally orthogonalto eachotherandthey spantheunderlyingfunctionspace.Theseorthogonaltreesarein
turn usedfor accurate(in many caseswith improvedaccuracy) andredundancy-free(in the senseof orthogonalbasisset)
compactrepresentationof largeensembles.We usethis compactorthogonaldecisiontreeensembleto implementa system
for monitoringphysiologicalhealthdatastreamsthatcanrunon resourceconstrainedPDA/wearabledevices.
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Figure 1. The Bod y Media SenseWear armband and The Vivometrics Lif e Shir t Garment

Therestof thepaperis organizedasfollows: Section2 discussestheimportanceof monitoringphysiologicaldatastreams
usingwearabledevicesandarm-bandsavailablein themarket. Section3 presentstheunderlyingtheoryfor representation
of decisiontreesusingtheir Fourier spectra.Section4 describesthe processof removing redundancy from decisiontree
ensemblesandSection5 explainsthemethodof constructionof orthogonaldecisiontrees.Sections6 presentsexperimental
resultsfor ODTsandcomparesit with a well known ensemblelearningtechnique.Finally, Section7 concludesthis paper.

2 PhysiologicalData StreamMonitoring

We draw two scenariosto illustrate the potentialusesof the orthogonaldecisiontrees. Both casesinvolve a situation
wherea potentiallycomplex decisionspacehasto beexamined,andyet theresourcesavailableon thedevicesthatwill run
thedecisionprocessarenot suf�cient to maintainanduseensembles.

Considera real time environmentto monitor thehealtheffectsof environmentaltoxinsor diseasepathogenson humans.
Therearesigni�cant advancesbeingmadetodayin biochemicalengineeringto createextremelylow costsensorsfor var-
ious toxins[9] that could constantlymonitor the environmentandgeneratedatastreamsover wirelessnetworks. It is not
unreasonableto assumethatsimilar sensorscouldbedevelopedto detectdiseasecausingpathogens.In addition,moststate
health/environmentalagenciesand the federalgovernmententitiessuchasCDC andEPA have mobile labsandresponse
unitsthatcantestfor thepresenceof pathogensor dangerouschemicals.Themobileunitswill have handhelddeviceswith
wirelessconnectionson which to sendthedataand/ortheir analysis.In addition,eachhospitaltodaygeneratesreportson
admissionsanddischarges,andoften reportsthat to variousmonitoringagencies.Given thesedisparatedatastreams,one
couldanalyzethemto seeif correlatescanbe found,alertingexpertsto potentialcause-effect relations(P�esteriafound in
ChesapeakeBay andhospitalsreportmany peoplewith upsetstomachwhohadseafoodrecently),potentialepidemiological
events(�eld unitsreportdeadinfectedbirdsandelderlypatientscheckin with viral feversymptoms,indicatingtestsneeded
for westNile virus andpreventivespraying),andmorepertinentin presenttimes,low gradechemicalandbiologicalattacks
(sensorsdetectparticulartoxins,mobileunits �nd contaminatedsites,hospitalsshow peoplewho work at or nearthesites
beingadmittedwith unexplainedsymptoms).At present,muchof this analysisis done“post facto” – expertshypothesize
on possiblecausesof ailments,thengatherthe datafrom disparatesourcesto con�rm their hypotheses.Clearly, a more
proactive environmentwhich could mine thesediversedatastreamsto detectemergentpatterswould be extremelyuseful.
Thisscenario,of course,hassomefuturisticelements.

On a morepresentday note, therearenow several wearablesensorson the market suchasSenseWeararmbandfrom
BodyMedia1 , WearableWest2, andLifeShirt Garmentfrom Vivometrics3 thatcanbeusedto monitorvital signsfor aperson
suchastemperature,heartrate,heat�ux, ������� etc.

The �gure 14 on the left handsideshows theSenseWeararmbandthatwasusedto collect thedata. The sensorsin this
bandwerecapableof measuringthefollowing:

1http://www.bodymedia.com/index.jsp
2http://www.smartextiles.info
3http://www.vivometrics.com
4The®guresareobtainedfrom http://www.cs.utexas.edu/users/sherstov/pdmc/ andhttp://www.vivometrics.com



1. Heat�ux: Theamountof heatdissipatedby thebody.

2. Accelerometer:Motion of thebody

3. GalvanicSkinResponse:Electricalconductivity betweentwo pointson thewearer'sarm

4. SkinTemperature:Temperatureof theskinandis generallyre�ectiveof thebody'scoretemperature

5. Near-BodyTemperature:Air temperatureimmediatelyaroundthewearer'sarmband.

Thesubjectswereexpectedto wearthearmbandasthey wentabouttheir daily routine,andwererequiredto timestampthe
beginning andendof an activity. For example,beforestartingto take a jog, they could pressthe timestampbutton, and
when�nished, they couldpressthebuttonagainto recordtheendof theactivity. This bodymonitoringdevice canbeworn
continuously, andcanstoreup to 5 daysof physiologicaldatabeforeit hadto be retrieved. TheLifeShirt Garmentis yet
anotherexampleof aneasyto wearshirt, thatallowsmeasurementof pulmonaryfunctionsvia sensorswoveninto theshirt.
The�gure 1 on theright handsideshows theheartmonitor. Subjectsarecapableof measuringsymptoms,moods,activities
andseveralotherphysiologicalcharacteristics.

Analyzing thesevital signsin real time usingsmall form factorwearablecomputershasseveral valuablenearterm ap-
plications.For instance,onecouldmonitorseniorcitizensliving in assistedor independenthousing,to alertphysiciansand
supportpersonnelif thesignspoint to distress.Similarly, onecouldmonitor athletesduringgamesor practice.Given the
recenthigh pro�le deathsof athletesbothat theprofessionalandhigh schoollevelsduringpractice,the importanceof such
anapplicationis fairly apparent.Otherpotentialapplicationsincludebattle�eld monitoringof soldiers,or monitoring�rst
responderssuchas�re�ghters.

Thepaperoffersa methodfor on line monitoringof physiologicaldatausingwearableor handheld(PDAs, cell phones)
devices.Datastreamsaresentto themfrom sensorsusingshortrangewirelessnetworkssuchasPANs. Precomputed(based
on trainingdataobtainedpreviously) orthogonaldecisiontreesandbaggingensemblesarekepton thesedevices. Thedata
streamsareclassi�ed usingtheseprecomputedmodels,which areupdatedon a periodicbasis.It mustbenotedthatwhile
themonitoringis in realtime, themodelcomputationis doneoff-line usingstoreddata.

3. Fourier Spectrumof DecisionTrees

Decisiontree (e.g., CART[3], ID3[13], and C4.5 [14]) ensemblesare widely usedfor classi�cation andother related
applications.Ensembleclassi�ersgeneratethe outputby combiningthe outputsof several baseclassi�ers that de�ne the
ensemble.Theensembleapproachoftenproducehigherclassi�cationaccuracy comparedto theindividualbaseclassi�ers.

Largeensemblesperformwell in termsof accuracy. However, they areoftendif�cult to understandandtransforminto
actionableknowledge.Ensemblesaresometimesalsoredundant.Therefore,it is importantto constructa redundancy-free
andsimplerepresentationof suchlargeensemblesthatcanbeeffectively used.

The rest of this paperexploits a linear algebraicrepresentationof the treesin order to be able to constructcompact,
redundancy-freeorthogonaldecisiontrees([8], [6])that are in turn usedfor representingthe ensemble.This paperadopts
multi-variatediscreteFourierrepresentation[7] for variousreasonsdiscussedlater.

3.1 Background

This sectionbrie�y discussesthe backgroundmaterial[7] necessaryfor the developmentof the proposedtechniqueto
constructorthogonaldecisiontrees. The proposedapproachmakesuseof linear algebraicrepresentationof the trees. In
orderto do thatthatwe �rst needto convert thetreesinto a numerictreejust in casetheattributesaresymbolic.This canbe
doneby simply usinga codebookthatreplacesthesymbolswith numericvaluesin a consistentmanner. Sincetheproposed
approachof constructingorthogonaltreesusesthis representationasanintermediatestageandeventuallythephysicaltreeis
convertedback,theexactschemefor replacingthesymbols(if any) doesnotmatteraslongasit is consistent.

Oncethetreeis convertedto a discretenumericfunction,we canalsoapplyany appropriateanalyticaltransformationif
necessary. Fouriertransformationis onesuchinterestingpossibility. Fourierbasesareorthogonalfunctionsthatcanbeused
to representany discretefunction. Considerthe setof all � -dimensionalfeaturevectorswherethe � -th featurecantake ���

differentcategoricalvalues.TheFourierbasissetthatspansthisspaceis comprisedof ���
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0 . If a partition & hasexactly : numberof non-zerosvalues,thenwe saythe
partitionis of order : sincethecorrespondingFourierbasisfunctiondependsonly on those: numberof variablesthat take
non-zerovaluesin thepartition& .
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Fouriertransformationsof bounded-depthdecisiontreeshaveseveralpropertiesthatmakesit anef�cient one.Moredetails
canbefoundelsewhere[10, 12].

3.2. Propertiesof DecisionTreesin the Fourier Domain

ThissectionconsiderstheFourierspectrumof decisiontreeswith �nite depths,boundedbysomeconstant.Theunderlying
functionsin suchdecisiontreescanberepresentedby a constantdepthBooleanAND andOR circuit (or equivalently ogp




circuit). Linial et al. [10] notedthat the Fourier spectrumof o9p


 circuit hasvery interestingpropertiesandproved the
following lemma.

Lemma 1 (Linial, 1993)Let q and r bethesizeanddepthof an ogp
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� denotesthe order of the partition j and ƒ is a non-negative integer. The term on the left handside of the
inequalityrepresentstheenergy of thespectrumcapturedby thecoef�cients with ordergreaterthana givenconstantƒ . The
energy capturedby all highorderFouriercoef�cients is small.This is becausetheenergy of theFouriercoef�cients of higher
orderdecaysexponentially. Thisobservationsuggeststhatthespectrumof a Booleandecisiontree(or equivalentlybounded
depthfunction)canbeapproximatedby computingonly a smallnumberof low orderFouriercoef�cients. SoFourierbasis
offers an ef�cient numericrepresentationof a decisiontree in the form of a linear function that canbe easilystoredand
manipulated.Theexponentialdecaypropertyof Fourierspectrumalsoholdsfor non-Booleandecisiontrees.Thecomplete
proof is availableelsewhere[12].

Let usalsonotethat,

1. theFourierspectrumof a decisiontreecanbeef�ciently computed[7] and

2. theFourierspectrumcanbedirectlyusedfor constructingthetree[12].

In otherwords,wecangobackandforth betweenthetreeandits spectrum.Thisis philosophicallysimilarto theswitching
betweenthetime andfrequency domainsin thetraditionalapplicationof Fourieranalysisfor signalprocessing.

Fouriertransformationof decisiontreesalsopreservesinnerproduct.Thefunctionalbehavior of adecisiontreeis de�ned
by theclasslabelsit assigns.Therefore,if .
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, wherethesuperscript\ denotes
thetransposeoperation.Thefollowing sectiondescribesaFourieranalysis-basedtechniquefor constructingredundancy-free
orthogonalrepresentationof ensembles.

The following lemmaprovesthat the inner productbetweentwo suchvectorsis identical to the samein betweentheir
respectiveFourierspectra.
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The fourth stepis true sinceFourier basisfunctionsareorthonormal.The following sectionpresentsa way to usethis
representationfor constructingorthogonaldecisiontrees.

4 Removing Redundanciesfr om Ensembles

Existingensemble-learningtechniquesworkby combining(usuallyalinearcombination)theoutputof thebaseclassi�ers.
They do not structurallycombinetheclassi�ersthemselves.As a resultthey oftensharea lot of redundancies.TheFourier
representationoffersauniquewayto fundamentallyaggregatethetreesandperformfurtheranalysisto constructanef�cient
representation.

Let ;��

����� betheunderlyingfunctionrepresentingtheensembleof ) differentdecisiontreeswheretheoutputis aweighted
linearcombinationof theoutputsof thebaseclassi�ers.Thenwe canwrite,
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An ensembleclassi�er thatcombinestheoutputsof thebaseclassi�erscanbeviewedasa functionde�ned over theset
of all rows in � . If ����T
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may have redundancy, we would like to constructa compactlow-dimensionalrepresentationof the matrix � . However,
explicit constructionandmanipulationof thematrix � is dif�cult, sincemostpracticalapplicationsdealwith a very large
domain.We cantry to constructanapproximationof � usingonly theavailabletrainingdata.Onesuchapproximationof

� andits PrincipalComponentAnalysis-basedprojectionis reportedelsewhere[11]. Their techniqueperformsPCA of the
matrix � , projectsthedatain therepresentationde�nedby theeigenvectorsof thecovariancematrixof � , andthenperforms
linearregressionfor computingthecoef�cients :
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While the approachis interesting,it hasa seriouslimitation. First of all, the constructionof an approximationof �

even for the training datais computationallyprohibiting for most large scaledatamining applications.Moreover, this is
an approximationsincethe matrix is computedonly over the observeddatasetof the entiredomain. In the following we
demonstratea novel way to performa PCA of thematrix � , de�ned over theentiredomain.TheapproachusestheFourier



spectraof thetrees,Lemma2, andworkswithout explicitly generatingthematrix � . It is importantto notethat thePCA-
basedregressionscheme[11] offersa way to �nd theweightagefor themembersof theensemble.It doesnot offer any way
to aggregatethetreestructuresandconstructa new representationof theensemblewhich thecurrentapproachdoes.

Thefollowinganalysiswill assumethatthecolumnsof thematrix � aremean-zero.Thisrestrictioncanbeeasilyremoved
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Thefollowing sectionde�nesorthogonaldecisiontreesthatmakesuseof theseprincipalcomponents.

5 Orthogonal DecisionTrees

Theanalysispresentedin theprevioussectionsoffersa way to constructtheFourierspectraof a setof functionsthatare
orthogonalto eachotherandthereforeredundancy-free. Thesefunctionsalsode�ne a basisandcanbe usedto represent
any givendecisiontreein theensemblein theform of a linearcombination.Orthogonaldecisiontreescanbede�ned asan
immediateextensionof this framework.
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otherwise. The secondcondition is actuallya slightly specialcaseof orthogonalfunctions—
orthonormalcondition. A set of treesare pairwiseorthogonalif every possiblepair of membersof this set satisfy the
orthogonalitycondition.

The principal components�
�

*

�
�

*�343�3

�
� computedusing the eigenvectorsof the covariancematrix p are orthogonal

to eachother themselves. Sinceeachof theseprincipal componentsis a Fourier spectrumin itself we can always con-
structa decisiontreefrom this spectrumusingtechniquenotedin Section5. Although the treelooks physicallydifferent
from theFourierspectrum,they arefunctionally identical. Therefore,the treesconstructedfrom theprincipalcomponents
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��� also maintainthe orthogonalitycondition. Theseorthogonaltreesnow canbe usedto representthe entire
ensemblein a verycompactandef�cient manner. Thefollowing sectionreportssomeexperimentalresults.

Theorthogonalityconditionguaranteesthat therepresentationis not redundant.Theseorthogonaltreesform a basisset
that spansthe entire function spaceof the ensemble.The overall outputof the ensembleis computedfrom the outputof
theseorthogonaltrees.Speci�c detailsof theensembleoutputcomputationdependson theadoptedtechniqueto compute
theoverall outputof theoriginal ensemble.However, for mostpopularcasesconsideredhereboils down to computingthe
averageoutput.If wechooseto gofor weightedaverages,wemayalsocomputethecoef�cients correspondingto each� � by
simplyperforminglinearregression.

Thenext sectionreportsexperimentalresultsfor orthogonaldecisiontrees.

6 Experimental Results

This section�rst illustratestheperformanceof orthogonaldecisiontreeson a physiologicaldataset. It demonstratesthe
constructionof ODTsusingfour C4.5treesandreportsthestructureof anODT obtainedby projectingthe treesalongthe
�rst principlecomponent.In resourceconstrainedenvironmentsit is dif�cult to build a largeensembleof decisiontrees.Our
experimentsshow thataggregatedorthogonaldecisiontreeshave accuracy comparableto thatof largeBaggingensembles.
Therefore,anaggregatedODT is a goodsolutionfor classi�cationproblemson PDAs, pocket PCsor cell-phones.Finally,
thesectiondescribesanapplicationonapocketPC,whichcanbeusedto keeptrackof thephysiologicalconditionsof people
exposedto hazardousenvironments,suchas�re-�ghters trying to dousea �re, soldiersexposedto chemicalor biological
warfare,anddisaster-rescue/emergency-responseworkers.

6.1 PhysiologicalData Monitoring

Thissectiondocumentstheperformanceof orthogonaldecisiontreesonaphysiologicaldataset.It makesuseof publicly
availabledatasetin orderto offer benchmarkedresults.This dataset5 wasobtainedfrom thePhysiologicalDataModeling
Contest6 heldaspartof theInternationalConferenceon MachineLearning,2004. It is comprisedof severalmonthsof data
from morethanadozensubjectscollectedusingBodyMedia7 wearablebodymonitors.

In our experiments,thetrainingsetconsistedof 50,000instancesand11 continuousanddiscrete-valuedattributes8. The
test set had 32,673instances.The continuous-valuedattributeswere discretizedusing the WEKA software9. The �nal
trainingandtestdatasetshadall discretevaluedattributes.A binaryclassi�cationproblemwasformulated,whichmonitored
whetheranindividualwasengagedin aparticularactivity(classlabel=1)or not(classlabel=0)dependingonthephysiological
sensorreadings.

C4.5decisiontreeswerebuilt ondatablocksof size150instances;theclassi�cationaccuracy andtreecomplexity (number
of nodesin the tree) were noted. Thesewere then usedto computetheir Fourier spectraand the matrix of the Fourier
coef�cients wassubjectedto principle componentanalysis.Orthogonaltreescorrespondingto the signi�cant components
wereconstructedandcombinedusingan uniform aggregationscheme.The accuracy andsizeof the orthogonaltreesare
notedandcomparedwith thecorrespondingcharacteristicsof aBaggingensemblewith thesamenumberof decisiontreesin
theensemble.

Figure2 illustratesfour decisiontreesbuilt ontheuniformly sampledtrainingdataset(eachof size150).The�rst decision
tree hasa complexity valueof 7 and it considersattribute transverseaccelerometerreading,sessiontime andnearbody
temperatureasidealfor splits.Beforepruning,only two instancesaremis-classi�edgiving anerrorof 1.3(%).After pruning,
thereis no changein structureof thetree.Theestimatederrorpercentageis 4.9(%). Thesecond,third andfourth decision
treeshavecomplexities5, 7, and3 respectively. An illustrationof anorthogonaldecisiontreeobtainedfrom the�rst principle
component,is shown in Figure3.

Figure4 illustratesthedistributionof treecomplexity anderrorin classi�cationfor theoriginalC4.5treesusedto construct
anODT ensemble.Thetotal numberof nodesin theoriginal C4.5treesvariedbetweenthreeandthirteen.Thetreeshadan
errorof lessthan25(%). In comparison,theaveragecomplexity of theorthogonaldecisiontreeswasfound to be3 for all

5Obtainedfrom http://www.cs.utexas.edu/users/sherstov/pdmc/
6http://www.cs.utexas.edu/users/sherstov/pdmc/
7http://www.bodymedia.com/index.jsp
8Theattributesusedfor theclassi®cationexperimentsweregender, galvanicskin temperature,heat̄ ux,nearbodytemperature,pedometer, skin temper-

ature,readingsfrom thelongitudinalandtransverseaccelerometerandtime for recordinganactivity calledsessiontime
9http://www.cs.waikato.ac.nz/ml/weka/



Figure 2. Decision trees built from four diff erent samples of the physiological data set.

Figure 3. An or thogonal decision tree .

thedifferentensemblesizes.In fact,for this particulardataset,thesensorreadingcorrespondingto transverseaccelerometer
attributewasfoundto bethemostinteresting.All theorthogonaldecisiontreesusedthisattributeastherootnodefor building
thetrees.TheFigure5 illustratesthedistributionof errorin classi�cationfor anODT ensembleof 75 trees.

Wecomparedtheaccuracy obtainedfrom anaggregatedorthogonaldecisiontreeto thatobtainedfrom abaggingensemble
(usingthesamenumberof treesin eachcase).Figure6 plotstheerror in classi�cationof theaggregatedODT andbagging
versusthenumberof decisiontreesin theensemble.Wefoundthattheclassi�cationfrom anaggregatedorthogonaldecision
treewasbetterthanBaggingwhenthenumberof treesin theensemblewassmaller. With increasein numberof treesin the
ensembleBaggingprovideda slightly betteraccuracy. It mustbenotedhowever, that in constrainedenvironmentssuchas
in pocketPCs,personalassistantsandsensornetwork setting,increasingthenumberof treesin theensemblearbitrarilymay
notbefeasibledueto memoryconstraints.

In resourceconstrainedenvironmentsit is often necessaryto keeptrack of the amountof memoryusedto storethe
ensemble.In the currentimplementationstoringa nodedatastructurein a treerequiresapproximately1 KB of memory.
Consideran ensembleof 20 trees. If the averagenumberof nodesin the treesin the Baggingensembleis 7, thenwe are
requiredto store140KB of data.Orthogonaldecisiontreeson theotherhandaresmallerin size,with lessredundancy. In
theexperimentswe performedthey typically havea complexity of 3 nodes.This meansthatwe needto storeonly 60 KB of
data.

We de�ne TreeComplexity Ratio (TCR) asthe total numberof nodesin the ODT versusthe total numberof nodesin
theBaggingensemble.Figure6 plots thevariationof theTCR asthenumberof treesin theensembleincreases.It maybe
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Figure 4. Histogram of tree comple xity (left) and error (right) in classi�cation for the original C4.5
trees.
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Figure 5. Histogram of error in classi�cation in the ODT ensemb le.

notedthatin resourceconstrainedenvironmentsonecanopt for meaningfultreesof smallersizeandcomparableaccuracy as
opposedto largerensembleswith a slightly betteraccuracy.

An orthogonaldecisiontreealsohelpsin thefeatureselectionprocessandindicateswhich attributesaremoreimportant
thanothersin thedataset. The Figure8 indicatesthevariancecapturedby the �rst principle componentasthenumberof
treesin the ensemblewasvariedfrom 5 to 75 trees. As the numberof treesin the ensembleincreases,the �rst principle
componentcapturesmostof thevarianceandthoseoccupiedby thesecondandthird componentsgraduallydecreases.

The following sectionillustratesthe responsetime for classi�cationon a pocket PC usinga Baggingensembleandan
equivalentorthogonaldecisiontreeensemble.

6.2 Monitoring in ResourceConstrainedEnvir onments

ResourceConstrainedenvironmentssuchaspersonaldigital assistants,pocketPCs,cell phonesareoftenusedto monitor
the physiologicalconditionsof subjects. Thesedevicespresentadditionalchallengesin monitoringowing to the limited
batterypower, memoryrestrictionsandsmalldisplaysthatthey have.

The previoussectionindicatedthat an aggregatedorthogonaldecisiontreewassmall in size,andcapturedan accuracy
betteror comparableto thatof baggingwhentheensemblesizewassmall. Althoughbaggingwasfoundto performbetter
in larger ensembles,the numberof treesthat neededto be storedwasconsiderablylarger andclearly not an option in the
resourceconstrainedenvironments.Thereforea tradeoff existsbetweenthememoryusageandaccuracy.

In orderto testtheresponsetime for monitoring,we performedclassi�cationexperimentsonanHPiPAQ PocketPC.We



Figure 6. Comparison of error in classi�cation for trees in the ensemb le for aggregated ODT versus
Bagging.

assumedthatphysiologicaldatablocksof size40 instancesweresentto thehand-helddevice. Usingtrainingdataobtained
previously, we pre-computedC4.5decisiontrees.TheFourierspectraof thetreeswereevaluated(preservingapproximately
99(%)of thetotalenergy) andthecoef�cient matrix wasprojectedontothemostsigni�cant principalcomponents.

Sincethetimerequiredfor computationis of considerableimportancein resourceconstrainedenvironments,weestimated
theresponsetimefor BaggingensembleversustheequivalentODT ensemble.Wede�ne responsetimeasthetimerequiredto
produceanaccuracy estimatefrom all theinstancesavailableby thespeci�edclassi�cationscheme.TheFigure9 illustrates
the responsetime for a baggingensembleandan equivalentODT ensemble.Clearly the equivalentorthogonaldecision
treeproducesclassi�cation resultsfasterthana baggingensembleandthis may be attributedto the fact that muchof the
redundancy in baggingensemblehasbeenremovedin theODT ensemble.Ourmethodthusoffersacomputationallyef�cient
methodfor classi�cationon resourceconstraineddevices.

7 Conclusions

Orthogonaldecisiontreesoffer an effective way to constructredundancy-free ensemblesthat areeasierto understand
and apply. They are particularly useful in monitoring datastreamsusing resourceconstrainedplatformswherestorage
andCPU computingpower are limited but fast responseis important. ODTs areconstructedfrom the Fourier spectraof
the decisiontreesin the ensemble. Redundancy is removed from the ensembleby performinga PCA of theseFourier
spectra.Thisoffersanef�cient representationof theensemble,oftenneededfor fastresponsein many real-timedatamining
applications.This alsoallows a meaningfulway to visualizethe treesin a low dimensionalspace.This paperdescribed
an applicationof orthogonaldecisiontreeensemblesfor monitoringphysiologicaldatastreamsin time-critical resource-
constrainedenvironments. The currentwork is an extensionof our earlierwork [8], [6] in this area. We plan to explore
furtherapplicationsof ODTsin otherdomains.We arealsoworkingondevelopingtechniquesthatmakesuseof thespectral
representationof anensemblesfor identifying its variousfunctionalandstructuralproperties(e.g.stability).
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Figure 8. Variance captured by the �r st principle component versus number of trees in ensemb le.

Figure 9. Plot of response­time for Bagging and equiv alent ODT ensemb le versus the number of trees
in the ensemb le.


