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Abstract

Several challengingnew applicationsdemandhe ability to do data mining on resouce constaineddevices. Onesud
applicationis that of monitoringphysiolagical data streamsobtainedfrom wearable sensingdevices. Sud monitoringhas
applicationsfor pervasivehealthcae manayementpeit for seniois,emegencyrespons@ersonnel soldieisin thebattle eld
or athletes.A key requirementis that the monitoringsystente able to run on resouce constainedhandheldor weaiable
devices.Orthogonaldecisiontrees(ODTs)offer an effectivewayto constructa redundancy-fe accumate, and meaningful
representationof large decision-tee-ensemblesften createdby popular techniquessud as Bagging, Boosting Random
Forestsand manydistributed and data streammining algorithms. Orthogonal decisiontreesare functionallyorthogonal to
ead otherandthey correspondo the principal componentsf the underlyingfunctionspace This paperdiscussesarious
propertiesof the ODTsandtheir suitability for monitoringphysiolaical datastreamsn a resouce-constainedervironment.
It offers experimentalresultsto documenthe performanceof orthogonaltreeson groundsof accuracy, modelcompleity,
andothercharacteristicsin a resouce-constainedmobileervironment.

1. Intr oduction

Analyzingandmonitoringtime-critical datastreamsisingmobile andwearabledevicesin a ubiquitousmannelis impor-
tantin mary applicationdomains.Online classi cation of the datastreamsn suchresourceconstrainecervironmentsis a
challengingtaskthatrequireslight-weightclassi ersthatareaccurateout compactin representationOneclassof suchap-
plications,detailedin the next sectioninvolve the monitoringof physiologicaldatastreamsbtainedrom wearablesensors.
Theseapplicationsdemandthe ability to quickly classify relatively large amountof data. Decisiontrees(e.g., CART][3],
ID3[13], andC4.5[14]) offer oneway to constructule-basegatternsandclassi ersfrom data;the constructiortechniques
areusuallyfastandscalabletherefore they may be usedfor monitoringandmining datastreamsrom ubiquitousdevices
like PDAs, palmtops,andwearablecomputers.Ensembldearningtechniquesare usedwheresingle decisiontreesdo not
provide sufcient accurag. Boosting[5, 4], Bagging[1, Stacking[16], andrandomforests[2] aresomeof the well-known
ensemble-learnintechniquesMany of thesetechnique®ften producelarge ensembleshatcombinethe outputsof alarge
numberof treesfor producingthe overall output.

In mary time-criticalapplicationsuchasmonitoringdatastreamg15], particularlyfor resourceonstraine@rnvironments
[7], maintaininga largeensembleandusingit for continuousmonitoringis computationallychallenging.A redundang free
and meaningfulcompactrepresentatiomf large ensembless thereforeneeded. We have developed[8 6] a techniqueto
constructredundang-freedecisiontrees-ensembldsy constructingOrthogonaDecisionTrees(ODTSs). Thetechniquerst
constructsan algebraicrepresentatiorf treesusing multivariatediscreteFourier bases. The new representatiotis then
usedfor eigen-analysi®f the covariancematrix generatecdy the decisiontreesin Fourier representation.The proposed
approactcorvertsthe correspondingrincipalcomponentso decisiontreesusingatechniquaeportedelsavhere[7]. These
treesare functionally orthogonalto eachotherandthey spanthe underlyingfunction space.Theseorthogonaltreesarein
turn usedfor accuratg(in mary caseswith improved accurag) andredundang-free (in the senseof orthogonalbasisset)
compactrepresentationf large ensemblesWe usethis compactorthogonaldecisiontree ensembldo implementa system
for monitoringphysiologicalhealthdatastreamghatcanrun on resourceconstrained®DA/wearabledevices.
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Figure 1. The Body Media SenseWear armband and The Vivometrics Life Shirt Garment

Therestof thepaperis organizedasfollows: Section2 discussetheimportanceof monitoringphysiologicaldatastreams
usingwearabledevicesandarm-bandsvailablein the market. Section3 presentghe underlyingtheoryfor representation
of decisiontreesusingtheir Fourier spectra. Section4 describeghe processof removing redundang from decisiontree
ensemblesndSection5 explainsthe methodof constructiorof orthogonaldecisiontrees.Sections present&xperimental
resultsfor ODTsandcomparest with awell known ensembldearningtechnique Finally, Section7 concludeghis paper

2 Physiological Data Stream Monitoring

We draw two scenariogo illustrate the potentialusesof the orthogonaldecisiontrees. Both casesnvolve a situation
wherea potentiallycomplex decisionspacehasto be examined,andyet the resourceswvailableon the devicesthatwill run
thedecisionprocessarenot sufcient to maintainanduseensembles.

Considera realtime ernvironmentto monitor the healtheffectsof environmentaltoxins or diseasgpathogen®n humans.
Therearesigni cant advancesbeingmadetodayin biochemicalengineeringo createextremelylow costsensordor var
ious toxins[9 that could constantlymonitor the environmentand generatedatastreamsover wirelessnetworks. It is not
unreasonableo assumehatsimilar sensorsould be developedto detectdiseasecausingpathogensin addition,moststate
health/emironmentalagenciesand the federalgovernmententitiessuchas CDC and EPA have mobile labsand response
unitsthat cantestfor the presencef pathogen®r dangeroushemicals.The mobile unitswill have handhelddeviceswith
wirelessconnectionon which to sendthe dataand/ortheir analysis.In addition,eachhospitaltoday generateseportson
admissionsanddischages,and often reportsthat to variousmonitoringagencies.Given thesedisparatedatastreamspne
could analyzethemto seeif correlatescanbe found, alertingexpertsto potentialcause-gect relations(P esteriafoundin
ChesapeakBay andhospitalsreportmary peoplewith upsetstomachwho hadseafoodecently),potentialepidemiological
events( eld unitsreportdeadinfectedbirdsandelderly patientscheckin with viral fever symptomsjndicatingtestsneeded
for westNile virus andpreventive spraying),andmorepertinentin presentimes,low gradechemicalandbiological attacks
(sensorgletectparticulartoxins, mobile units nd contaminatedites,hospitalsshov peoplewho work at or nearthe sites
beingadmittedwith unexplainedsymptoms).At presentmuchof this analysisis done“post facto” — expertshypothesize
on possiblecausesf ailments,then gatherthe datafrom disparatesourcesto con rm their hypotheses.Clearly, a more
proactive ervironmentwhich could mine thesediversedatastreamgo detectemegentpatterswould be extremely useful.
This scenariopf course hassomefuturistic elements.

On a more presentday note, thereare now several wearablesensorson the market suchas SenseWar armbandfrom
BodyMedid , Wearablewest, andLifeShirt Garmenfrom Vivometrics thatcanbe usedto monitorvital signsfor aperson
suchastemperatureheartrateheat ux, etc.

The gure 1* ontheleft handside showvs the SenseWararmbandthat wasusedto collectthe data. The sensorsn this
bandwerecapableof measuringhefollowing:

http://mwwbodymedia.com/indejsp

2hitp://lwwwsmartetiles.info

Shitp://wwwyvivometrics.com

4The®guresareobtainedrom http://wwwcs.uteas.edu/users/shemgtpdmc/ andhttp://wwwvivometrics.com



1. Heat ux: Theamountof heatdissipatedy the body:.

2. AccelerometerMotion of thebody

3. Galvanic Skin ResponseElectricalconductvity betweertwo pointsonthewearersarm

4. Skin TemperatureTemperaturef the skin andis generallyre ective of thebody's coretemperature
5. NearBody TemperatureAir temperaturémmediatelyaroundthe wearers armband.

The subjectsvereexpectedtio wearthe armbandasthey wentabouttheir daily routine,andwererequiredto timestamphe
beginning and end of an actiity. For example,beforestartingto take a jog, they could pressthe timestampbutton, and
when nished, they could pressthe button againto recordthe endof theactvity. This body monitoringdevice canbeworn
continuouslyandcanstoreup to 5 daysof physiologicaldatabeforeit hadto beretrieved. The LifeShirt Garmentis yet
anotherexampleof aneasyto wearshirt, thatallows measuremerdf pulmonaryfunctionsvia sensorsvoveninto the shirt.
The gure 1 ontheright handsideshavs the heartmonitor. Subjectsarecapableof measuringsymptomsmoods activities
andseveral otherphysiologicalcharacteristics.

Analyzing thesevital signsin realtime usingsmall form factorwearablecomputershasseveral valuablenearterm ap-
plications. For instance pne could monitor seniorcitizensliving in assistecr independenhousing.to alertphysiciansand
supportpersonnelf the signspointto distress.Similarly, one could monitor athletesduring gamesor practice. Giventhe
recenthigh pro le deathsof athletesdhothat the professionahndhigh schoollevels during practice the importanceof such
anapplicationis fairly apparent.Otherpotentialapplicationsnclude battle eld monitoring of soldiers,or monitoring rst
respondersuchas re ghters.

The paperoffersa methodfor on line monitoringof physiologicaldatausingwearableor handheld PDAs, cell phones)
devices. Datastreamsaresentto themfrom sensorsisingshortrangewirelessnetworks suchasPANs. Precomputed(based
on training dataobtainedpreviously) orthogonaldecisiontreesandbaggingensemblesire kept on thesedevices. The data
streamsareclassi ed usingtheseprecomputednodels,which are updatedon a periodicbasis. It mustbe notedthatwhile
themonitoringis in realtime, the modelcomputatioris doneoff-line usingstoreddata.

3. Fourier Spectrum of DecisionTrees

Decisiontree (e.g., CART[3], ID3[13], and C4.5[14]) ensemblesre widely usedfor classi cation and other related
applications. Ensembleclassi ers generatehe outputby combiningthe outputsof several baseclassi ersthat de ne the
ensembleThe ensemblapproacloftenproducehigherclassi cationaccurag comparedo theindividual baseclassi ers.

Large ensembleperformwell in termsof accuray. However, they are oftendif cult to understandgndtransforminto
actionableknowledge. Ensemblesre sometimeslsoredundant.Therefore,it is importantto constructa redundang-free
andsimplerepresentatioof suchlargeensembleghatcanbe effectively used.

The restof this paperexploits a linear algebraicrepresentatiorof the treesin orderto be ableto constructcompact,
redundang-free orthogonaldecisiontrees([8], [6])that arein turn usedfor representinghe ensemble.This paperadopts
multi-variatediscreteFourierrepresentatiofi/] for variousreasongliscussediater.

3.1 Background

This sectionbrie y discusseshe backgroundmaterial[7] necessaryor the developmentof the proposedechniqueto
constructorthogonaldecisiontrees. The proposedapproachmalkes useof linear algebraicrepresentationf the trees. In
orderto dothatthatwe rst needto corvertthetreesinto anumerictreejustin casethe attributesaresymbolic. This canbe
doneby simply usinga codebookhatreplaceghe symbolswith numericvaluesin a consistentmanner Sincethe proposed
approactlof constructingorthogonalreesuseshis representatioasanintermediatestageandeventuallythe physicaltreeis
convertedback,the exactschemdor replacingthe symbols(if ary) doesnot matteraslong asit is consistent.

Oncethetreeis convertedto a discretenumericfunction, we canalsoapply ary appropriateanalyticaltransformationif
necessaryFouriertransformations onesuchinterestingpossibility. Fourierbasesareorthogonafunctionsthatcanbe used
to representry discretefunction. Considerthe setof all -dimensionafeaturevectorswherethe -th featurecantake
differentcategoricalvalues.The Fourierbasissetthatspanghis spacds comprisef basisfunctions.EachFourier



basisfunctionis de ned as,

where and arestringsof length ; and are -thattribute-valuein x andj, respectiely;

and  representshe feature-cardinalitwector ; is calledthej-th basisfunction. The vector is calleda
partition, andthe order of a partition is thenumberof non-zerdfeaturevaluesit contains. A Fourierbasisfunctiondepends
onsome only whenthe corresponding . If apartition hasexactly numberof non-zerossaluesthenwe saythe

partitionis of order sincethe correspondind-ourierbasisfunctiondepend®nly onthose numberof variableshattake
non-zerovaluesin thepartition .

A function , thatmapsan -dimensionadiscretedomainto areal-\aluedrange,canbe representedsing
the Fourierbasisfunctions: - . where is theFourier Coefcient (FC) correspondingo the partition
and is the complex conjugateof o B . Theorder of a Fouriercoefcient is nothingbut the

orderof the correspondingartition. We shall often usetermslik e high order or low order coefcients to referto a setof
Fouriercoefcients whoseordersarerelatively largeor smallrespectiely. Enegy of a spectrunis de ned by thesummation

. Letusalsode ne theinnerproductbetweertwo spectra and where is
the columnmatrix of all Fourier coefcients in anarbitrarybut x edorder Superscript denoteghe transposeperation
and denoteghetotal numberof coefcients in the spectrum.Theinnerproduct, We

will alsousethede nition of theinnerproductbetweera pair of real-valuedfunctionsde ned over somedomain . Thisis
de nedas

Fouriertransformationsf bounded-depthecisiortreeshave severalpropertiegshatmalesit anef cient one.Moredetails
canbefoundelsavhere[10, 12].

3.2 Propertiesof DecisionTreesin the Fourier Domain

ThissectionconsidersheFourierspectrunof decisiontreeswith nite depthspoundedy someconstantTheunderlying
functionsin suchdecisiontreescanberepresentethy a constantdepthBooleanAND andOR circuit (or equivalently
circuit). Linial etal. [10] notedthat the Fourier spectrumof circuit hasvery interestingpropertiesand proved the
following lemma.

Lemmal (Linial, 1993)Let and bethesizeanddepthofan circuit. Then

where denotegthe order of the partitionj and is a non-neative integer The term on the left handside of the
inequalityrepresentshe enegy of the spectruncapturedoy the coefcients with ordergreaterthana givenconstant. The
enegy capturedy all high orderFouriercoefcients is small. Thisis becaus¢heenegy of the Fouriercoefcients of higher
orderdecaysexponentially This obsenationsuggestshatthe spectrunof a Booleandecisiontree (or equivalentlybounded
depthfunction) canbe approximatedy computingonly a smallnumberof low orderFourier coefcients. SoFourier basis
offers an ef cient numericrepresentationf a decisiontreein the form of a linear function that can be easily storedand
manipulated.The exponentialdecaypropertyof Fourier spectrumalsoholdsfor non-Booleardecisiontrees. The complete
proofis availableelsavhere[12].

Let usalsonotethat,

1. the Fourierspectrunof a decisiontreecanbeef ciently computed7] and

2. theFourierspectruncanbedirectly usedfor constructinghetree[12].

In otherwords,we cango backandforth betweerthetreeandits spectrumThisis philosophicallysimilarto the switching
betweerthetime andfrequeng domainsn thetraditionalapplicationof Fourieranalysisfor signalprocessing.

Fouriertransformatiorof decisiontreesalsopreseresinnerproduct. Thefunctionalbehaior of adecisiontreeis de ned
by the classlabelsit assigns.Therefore jf arethe memberof thedomain thenthe functionalbehaior



of adecisiontree canbe capturedoy the vector , wherethe superscript denotes
thetranspos@peration.Thefollowing sectiondescribes Fourieranalysis-basettchniqudor constructingedundang-free
orthogonarepresentationf ensembles.

The following lemmaprovesthat the inner productbetweentwo suchvectorsis identicalto the samein betweertheir
respectie Fourierspectra.

Lemma 2 Giventwo functions and o in Fourier representation.Then

Proof:

The fourth stepis true sinceFourier basisfunctionsare orthonormal. The following sectionpresentsa way to usethis
representatiofor constructingorthogonaldecisiontrees.

4 Removing Redundanciesrom Ensembles

Existingensemble-learningchniquesvork by combining(usuallyalinearcombinationthe outputof thebaseclassi ers.
They do not structurallycombinethe classi ersthemseles. As a resultthey oftensharea lot of redundanciesThe Fourier
representationffersa uniqueway to fundamentallyaggreyatethe treesandperformfurtheranalysisto constructanef cient
representation.

Let betheunderlyingfunctionrepresentingheensemblef differentdecisiontreeswheretheoutputis aweighted
linearcombinationof the outputsof thebaseclassi ers. Thenwe canwrite,

Where istheweightofthe  decisiontreeand is the setof all partitionswith non-zeroFourier coefcients in its

spectrum.Therefore, - , Where and . Thereforethe Fourier
spectrunof (alinearensemblelassi er) is simply theweightedsumof the spectreof the membeitrees.
Considerthe matrix ~ where , where is the outputof the tree for input . isan

matrixwhere isthesizeof theinputdomainand is thetotal numberof treesin theensemble.
An ensembleclassi er that combineshe outputsof the baseclassi erscanbe viewed asa function de ned over the set

of all rowsin . If denoteghe -th columnmatrix of  thenthe ensembleclassi er canbe viewed asa function
of . Whenthe ensembleelassi er is a linear combinationof the outputsof the baseclassi erswe have

,Where isthecolumnmatrixof theoverallensemble-outpuSincethebaseclassi ers
may have redundang, we would like to constructa compactiow-dimensionakepresentatiomwf the matrix . However,

explicit constructiorandmanipulationof the matrix s dif cult, sincemostpracticalapplicationsdealwith a very large
domain. We cantry to constructanapproximatiorof  usingonly the availabletraining data. One suchapproximationof

andits PrincipalComponeniAnalysis-basegbrojectionis reportedelsavhere[11]. TheirtechniqueperformsPCA of the
matrix , projectsthedatain therepresentatiode ned by theeigervectorsof thecovariancematrixof , andthenperforms
linearregressiorfor computingthe coefcients and

While the approachis interesting,it hasa seriouslimitation. First of all, the constructionof an approximationof
evenfor the training datais computationallyprohibiting for mostlarge scaledatamining applications. Moreover, this is
an approximationsincethe matrix is computedonly over the obsened datasetof the entiredomain. In the following we
demonstrat@ novel way to performa PCA of thematrix , de ned over the entiredomain. The approachusesthe Fourier



spectraof thetrees,Lemmaz2, andworks without explicitly generatinghe matrix . It is importantto notethatthe PCA-

basedegressiorschemg11] offersawayto nd theweightagefor the memberof the ensemblelt doesnot offer any way

to aggreyatethetreestructuresaandconstructa new representationf theensemblevhich the currentapproactdoes.
Thefollowing analysiswill assuméhatthecolumnsof thematrix =~ aremean-zeroThisrestrictioncanbeeasilyremoved

with a simple extensionof the analysis. Note that the covarianceof the matrix  is . Let usdenotethis covariance
matrixby . The -th entry of the matrix,
1)
The third stepis true by Lemma2. Now let usthe considerthe matrix ~ where , i.e. the coefcient
correspondingo the -th memberof the partition set  from the spectrumof thetree . Equationl implies that the
covariancematricesof and areidentical.Notethat isan dimensionamatrix. For mostpracticalapplications

. Thereforeanalyzing usingtechniquedike PCA s signi cantly easier The following discourseoutlinesa
PCA-basedpproach.
PCAof thematrix  producesa setof eigervectorswhichin turn de nes a setof Principal Components,

Let bethe -th componenbfthe -th eigervectorof the matrix
Where . Theeigervaluedecompositiortonstructsa new representationf theunderlyingdomain
wherethe featurecorrespondindo columnvector s - ie., . Notethat is alinear

combinationof a setof Fourier spectraandthereforeit is alsoa Fourierspectrum.Also notethat  -s areorthogonalhich
is provedin thefollowing.
Theinnerproductbetween and for is,

Therefore,we concludethat the spectracorrespondingo the orthonormalbasisvectors and arethemselesor-
thonormal.Let and bethefunctionscorrespondingo thespectra and . In otherwords,
and . Thenby Lemma2 we canalsoconcludethat, . This
impliesthattheinner productbetweerthe outputvectorsof the correspondindunctionsarealsoorthonormalo eachother
Thefollowing sectionde nesorthogonalecisiontreesthatmalesuseof theseprincipalcomponents.

5 Orthogonal DecisionTrees

The analysispresentedn the previous sectionsoffersa way to constructhe Fourierspectraof a setof functionsthatare
orthogonalto eachotherandthereforeredundang-free. Thesefunctionsalsode ne a basisandcanbe usedto represent
ary givendecisiontreein the ensemblén theform of alinear combination.Orthogonaldecisiontreescanbe de ned asan
immediateextensionof this framework.

A pair of decisiontrees and areorthogonalto eachotherif andonly if when
and otherwise. The secondconditionis actuallya slightly specialcaseof orthogonalfunctions—
orthonormalcondition. A setof treesare pairwise orthogonalif every possiblepair of membersof this set satisfy the
orthogonalitycondition.

The principal components computedusing the eigervectorsof the covariancematrix  are orthogonal
to eachotherthemseles. Sinceeachof theseprincipal componentss a Fourier spectrumin itself we can always con-
structa decisiontree from this spectrumusingtechniquenotedin Section5. Although the treelooks physically different
from the Fourier spectrumthey arefunctionally identical. Therefore the treesconstructedrom the principal components



also maintainthe orthogonalitycondition. Theseorthogonaltreesnow canbe usedto representhe entire
ensemblén avery compactandef cient manner Thefollowing sectionreportssomeexperimentakesults.

The orthogonalityconditionguaranteethat the representatiofs not redundant.Theseorthogonalreesform a basisset
that spansthe entire function spaceof the ensemble.The overall output of the ensemblds computedfrom the output of
theseorthogonaltrees. Speci ¢ detailsof the ensembleoutputcomputationdependson the adoptedtechniqueto compute
the overall outputof the original ensemble However, for mostpopularcasesconsiderechereboils down to computingthe
averageoutput.If we chooseo go for weightedaveragesye mayalsocomputethe coefcients correspondingo each by
simply performinglinearregression.

Thenext sectionreportsexperimentaresultsfor orthogonalecisiontrees.

6 Experimental Results

This sectionrst illustratesthe performancef orthogonaldecisiontreeson a physiologicaldataset. It demonstratethe

constructionof ODTsusingfour C4.5treesandreportsthe structureof an ODT obtainedby projectingthe treesalongthe

rst principlecomponentin resourceconstrainegrnvironmentst is dif cult to build alargeensemblef decisiontrees.Our
experimentsshowv thataggreyatedorthogonaldecisiontreeshave accurag comparabldo that of large Baggingensembles.
ThereforeanaggreyatedODT is a goodsolutionfor classi cation problemson PDAs, pocket PCsor cell-phones Finally,
thesectiondescribegnapplicationon apocket PC,which canbeusedto keeptrackof the physiologicalconditionsof people
exposedto hazardougrnvironments,suchas re- ghters trying to dousea re, soldiersexposedto chemicalor biological
warfare,anddisasteirescue/emegreng-respmseworkers.

6.1 PhysiologicalData Monitoring

This sectiondocumentshe performancef orthogonabecisiontreeson a physiologicaldataset. It makesuseof publicly
availabledatasetin orderto offer benchmarkdresults. This dataset wasobtainedfrom the PhysiologicalDataModeling
Contest heldaspartof the InternationalConferenceon MachineLearning,2004. It is comprisedf severalmonthsof data
from morethana dozensubjectscollectedusingBodyMedid wearablebody monitors.

In our experimentsthe training setconsistef 50,000instancesand11 continuousanddiscrete-aluedattributes. The
test sethad 32,673instances. The continuous-aluedattributes were discretizedusing the WEKA software®’. The nal
trainingandtestdatasetshadall discretevaluedattributes.A binaryclassi cationproblemwasformulated whichmonitored
whetheranindividualwasengagedn aparticularactiity(classlabel=1)or not(clasdabel=0)dependingnthephysiological
sensoreadings.

C4.5decisiontreeswerebuilt ondatablocksof sizel50instancestheclassi cationaccurag andtreecomplexity (number
of nodesin the tree) were noted. Thesewere thenusedto computetheir Fourier spectraand the matrix of the Fourier
coefcients was subjectedo principle componentnalysis. Orthogonaltreescorrespondingo the signi cant components
were constructecand combinedusing an uniform aggreyationscheme.The accurag andsize of the orthogonaltreesare
notedandcomparedvith thecorrespondingharacteristicef a Baggingensemblevith the samenumberof decisiontreesin
theensemble.

Figure2 illustratesfour decisiontreesbuilt ontheuniformly sampledrainingdataset(eaclof size150). The rst decision
tree hasa compleity value of 7 andit considersattribute trans\erseaccelerometereading,sessiontime and nearbody
temperaturasidealfor splits. Beforepruning,only two instancesiremis-classi edgiving anerrorof 1.3(%). After pruning,
thereis no changen structureof thetree. The estimatecerror percentagés 4.9(%). Thesecondthird andfourth decision
treeshave compleities5, 7, and3 respectiely. An illustrationof anorthogonablecisiontreeobtainedrom the rst principle
componentis shavn in Figure3.

Figure4 illustratesthedistribution of treecompleity anderrorin classi cationfor theoriginal C4.5treesusedto construct
anODT ensembleThetotal numberof nodesin the original C4.5treesvariedbetweerthreeandthirteen. Thetreeshadan
error of lessthan25(%). In comparisonthe averagecomplexity of the orthogonaldecisiontreeswasfoundto be 3 for all

5Obtainedrom http://wwwcs.uteas.edu/users/sherstowpd

Shttp://wwwcs.uteas.edu/users/shevstpdmc/

"http://iwwwbodymedia.com/indeisp

8Theattritutesusedfor the classi®catiorexperimentsveregendergalvanic skin temperatureheat ux, nearbodytemperaturepedometerskin temper
ature readingdrom thelongitudinalandtrans\erseaccelerometeandtime for recordinganactvity calledsessiortime

Shitp://wwwcs.vaikato.ac.nz/miveka



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

Figure 3. An orthogonal decision tree.

thedifferentensemblesizes.In fact,for this particulardatasetthe sensoreadingcorrespondindo trans\erseaccelerometer
attributewasfoundto bethemostinteresting All theorthogonablecisiontreesusedthisattributeastherootnodefor building
thetrees.TheFigure5 illustratesthe distribution of errorin classi cationfor anODT ensemblef 75trees.

We comparedheaccuray obtainedrom anaggreyatedorthogonablecisiontreeto thatobtainedrom abaggingensemble
(usingthe samenumberof treesin eachcase).Figure6 plotstheerrorin classi cationof the aggregatedODT andbagging
versughenumberof decisiontreesin theensemble.We foundthattheclassi cationfrom anaggreyatedorthogonablecision
treewasbetterthanBaggingwhenthe numberof treesin the ensemblavassmaller With increasén numberof treesin the
ensembleéBaggingprovided a slightly betteraccurag. It mustbe notedhowever, thatin constrainecervironmentssuchas
in pocket PCs,personabssistantandsensomnetwork setting,increasinghe numberof treesin theensemblarbitrarily may
notbe feasibledueto memoryconstraints.

In resourceconstrainedenvironmentsit is often necessaryto keeptrack of the amountof memoryusedto storethe
ensemble.In the currentimplementatiorstoringa nodedatastructurein a tree requiresapproximatelyl KB of memory
Consideran ensembleof 20 trees. If the averagenumberof nodesin the treesin the Baggingensemblds 7, thenwe are
requiredto store140KB of data. Orthogonaldecisiontreeson the otherhandaresmallerin size,with lessredundang. In
theexperimentswve performecdthey typically have a compleity of 3 nodes.This meanghatwe needto storeonly 60 KB of
data.

We de ne Tree Complity Ratio (TCR) asthe total numberof nodesin the ODT versusthe total numberof nodesin
the Baggingensemble Figure6 plotsthe variationof the TCR asthe numberof treesin the ensembléncreasesit 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 resourceconstraineanvironmentsonecanoptfor meaningfultreesof smallersizeandcomparableccurag as
opposedo largerensemblesvith a slightly betteraccurag.

An orthogonaldecisiontreealsohelpsin the featureselectionprocessandindicateswhich attributesaremoreimportant
thanothersin the dataset. The Figure 8 indicatesthe variancecapturedby the rst principle componentasthe numberof
treesin the ensemblevasvariedfrom 5 to 75 trees. As the numberof treesin the ensembldancreasesthe rst principle
componentapturesnostof thevarianceandthoseoccupiedby the secondandthird componentgraduallydecreases.

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

6.2 Monitoring in Resource Constrained Environments

ResourceConstraineatnvironmentssuchaspersonatigital assistantgpocket PCs,cell phonesareoftenusedto monitor
the physiologicalconditionsof subjects. Thesedevices presentadditionalchallengesn monitoring owing to the limited
batterypower, memoryrestrictionsandsmalldisplaysthatthey have.

The previous sectionindicatedthat an aggregyatedorthogonaldecisiontreewassmall in size,andcapturedan accurag
betteror comparablédo that of baggingwhenthe ensemblesizewassmall. Although baggingwasfoundto performbetter
in larger ensemblesthe numberof treesthat neededo be storedwas considerablylarger and clearly not an optionin the
resourceconstrainecrnvironments.Thereforea tradeof existsbetweerthe memoryusageandaccurag.

In orderto testthe responséime for monitoring,we performedclassi cationexperimentson anHP iPAQ Poclet PC.We



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

assumedhat physiologicaldatablocksof size40 instancesveresentto the hand-helddevice. Usingtraining dataobtained
previously, we pre-computedC4.5decisiontrees. The Fourier spectraof the treeswereevaluated(preservingpproximately
99(%) of thetotal enegy) andthe coefcient matrix wasprojectedontothe mostsigni cant principalcomponents.

Sincethetime requiredfor computationis of considerablémportancen resourceonstrainegrvironmentswe estimated
theresponséime for BaggingensemblerersusheequivalentODT ensembleWe de ne responséime asthetime requirecto
produceanaccurag estimatefrom all theinstancesvailableby the speci ed classi cationschemeTheFigure9 illustrates
the responsdime for a baggingensembleand an equivalentODT ensemble. Clearly the equivalentorthogonaldecision
tree producesclassi cation resultsfasterthan a baggingensembleand this may be attributedto the factthat muchof the
redundang in baggingensembléasbeenremovedin theODT ensembleOur methodthusoffersacomputationallyef cient
methodfor classi cationon resourceconstrainedlevices.

7 Conclusions

Orthogonaldecisiontreesoffer an effective way to constructredundang-free ensembleghat are easierto understand
and apply They are particularly usefulin monitoring data streamsusing resourceconstrainedolatforms where storage
and CPU computingpower arelimited but fastresponses important. ODTs are constructedrom the Fourier spectraof
the decisiontreesin the ensemble. Redundang is removed from the ensembleby performinga PCA of theseFourier
spectraThis offersanef cient representationf theensemblepftenneededor fastresponsén mary real-timedatamining
applications. This also allows a meaningfulway to visualizethe treesin a low dimensionalspace. This paperdescribed
an applicationof orthogonaldecisiontree ensemblegor monitoring physiologicaldatastreamsn time-critical resource-
constrainedervironments. The currentwork is an extensionof our earlierwork [8], [6] in this area. We planto explore
furtherapplicationsof ODTsin otherdomains We arealsoworking on developingtechniqueshatmakesuseof the spectral
representationf anensemblefor identifying its variousfunctionalandstructuralpropertiege.g. stability).
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