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ABSTRACT

This thesisconsiderstheproblemof monitoringaperson's heartbeatsusinganelectro-

cardiogram(ECG)anddetectingandcorrectingmisdetectedbeatsin real-time.Thereare

only two basictypesof errorsin interbeatinterval data.An event thatwaspresentcanbe

missedby thedetector, or aspuriouseventcanbeaddedto thedetectionstream.Thisthesis

considersthecorrectionof theseerrorsin a varietyof combinationsandfrom a varietyof

sources.It is importantto detectandcorrecttheseerrorsbecauseof the impactthey can

haveon furtheranalyses,especiallyin the�eld of heartratevariability (HRV).

Incominginterbeatinterval (IBI) valuesareplacedinto a buffer asthey arereceived.

Thecorrectionsweconsiderinvolveamaximumof threeIBI values.Ourmethodbuffersa

minimumof six secondsof incomingdatain orderto provideenoughcontext for evaluating

corrections.Theexpectedvalueof anincomingIBI is calculatedasanacceptabledeviation

fromthelastknown goodvalue.If anIBI is �aggedasapossibleerror, it is evaluatedwithin

its context by aseriesof rulesdesignedto deteminethemostlikely errortypethatmayhave

occurred.

Evaluationof the methodwasbasedon IBI datagatheredfrom 18 healthy Clemson

Universitystudentsbetweentheagesof 18and24. In all, �fty-four �les containing124,998

usableIBIs werecollectedandgradedby two ClemsonUniversitygraduatestudents.Six

of the �fty-four �les wereusedfor training, while the otherswerereserved asa testset.

Thisamountedto 15,095IBI valuesto trainon.

Resultsof analysisof thetestsetindicatea 97.4%agreementon classi�cationin areas

that humansdeemto be correctable.Agreementon classi�cation is signi�cantly lower,

but it follows the trendof humangraderagreements.The methodin its currentstateis

probablynot completeenoughfor usein sensitive clinical studies,but it may form the

basisof ausefulcompomentof morecomplex systemsdesignedfor HRV analysis.
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Chapter 1

Intr oduction

1.1 Background

The electricalactivity of the heart,asmeasuredby the electrocardiogram(ECG) canbe

usedto constructaneventseriesthatindicatesthetimebetweenindividualheartbeats.The

processof discretizingtheraw electricalsignalcanintroduceerrors,however. Becausethe

generatedeventseriesis oftenusedasaninput to otheranalysesin therealmof heartrate

variability (HRV), it is essentialthat theerrorsin this datastreamarekept to a minimum.

Sinceit may alsobe useful to performtheseanalysesasthe dataarecollected,it it also

importantthatthedatacanbecorrectedasit is gathered.This thesisconsiderstheproblem

of monitoringa person's heartbeatsusingan electrocardiogram(ECG) anddetectingand

correctingmisdetectedbeatsin real-time.

In orderto understandthe processof correctinginterbeatinterval data,it is useful to

examinetheunderlyingnatureof the signalthat is beingsensed.The electrocardiogram,

or ECG,is a measureof theaverageelectricalactivity in theheartat a particularmoment

in time. Becauseof theregularactivity of theheart,theresultingwaveformhasa general

shapethat is repeatedover time. This waveform hasa seriesof peaksand troughsthat

correspondto signi�cant cardiacevents.Figure1.1showsanexampleof thiswaveform.
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Figure1.1: An exampleof ECGdata.
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Figure1.2: De�nition of a interbeatinterval (IBI) in ECGdata.

Thereare threemajor sectionsof an ECG signal. The P wave is the beginning of a

heartbeatandcorrespondsto atrial depolarization[9]. It is typically positive androunded.

The P wave usually lastslessthan 120 milliseconds[7]. The QRS complex is a series

of waveformsrepresentingtheventricularmuscledepolarizationthatareusuallygrouped

togetherfor analysis.TheQ wave is the�rst negativeportionof theECGafterthePwave.

TheR wave is a positive wave following theQ wave, andtheS wave is anothernegative

portion following theQ wave. Not all wave formsarenecessarilypresent(theQ wave in

particularmaynot beseen),but thegroupingis known astheQRScomplex even if some

elementsaremissing.It is typically of shorterdurationthantheP wave,andtheR portion

hasa relatively high magnitude[7]. The T wave is causedby the repolarizationof the

ventricularmuscles.It is typically the�rst positiveactivity aftertheQRScomplex.

While thePwavemarksthebeginningof heartactivity in eachcycle,theQRScomplex

is usuallyusedto denotethetime betweencardiaceventsbecauseits moreprominantna-

tureallows morereliabledetectionandbetteraccuracy [14]. Figure1.2 shows thetypical

de�nition of aninterbeatinterval (IBI), alsoknown asanRR interval, in ECGdata.

A numberof differentdevicesof varyingqualitycanbeusedto gatherIBI data,but they

all work onacommonprinciple.Electrodesin contactwith theskinmeasuretheelectrical
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impulsesof theheart.Somesortof timerrunsuntil aneventis triggeredby thedetectionof

aQRScomplex. Thetimebetweeneventsis reportedasthelengthof theinterbeatinterval.

Therearetwo commonwaysof detectingtheQRScomplex. If implementedin hardware,

thetriggertypically utilizesa level detector, possiblyin combinationwith aslopedetector.

This methodintroducessomeerrors. Becauseit is not guaranteedto recordthe peakof

theR wave, thereis someslight variationin thepoint at which thewave is recorded.The

moreaccurateapproachis to usea softwaredetectorthatdetectsthein�ection point of the

R wave. Thismethodis typically accurateto thenearestmillisecond[27].

By de�nition, the detectionof the QRScomplex is a binary event: eitherthe wave is

presentor it is not. Becauseof this, thereareonly two basictypesof errorsin interbeat

interval data.An eventthatwaspresentcanbemissedby thedetector, or a spuriousevent

canbeaddedto thedetectionstream.All othererrorsarecombinationsof thesetwo error

types. Thereare two placesartifactscan be introducedinto the IBI stream. The ECG

itself maybecomenoisyor corruptor theIBI detectormaydo a poor job of detectingthe

QRScomplex. Problemsin theECGcanarisefrom several reasons.Looseelectrodesor

broken wires will causea waveringbaselinewith unusualwaveformsthroughoutasseen

in Figure1.3. Musculartremors,causedby tensedmuscles,shivering,or healthproblems,

will appearasanirregularbaselinethatobscurestruewaveforms.This is demonstratedin

Figure1.4. Figure1.5 shows theeffect of patientmovements,which show up in a similar

mannerasmuscletremors.Electricalinterferencecanbeanothercauseof apoorECG[7].

Figure1.3throughFigure1.5areadaptedfrom illustrationsin Guideto ECGAnalysis[7].

Physiological phenomenacan also introduceerrorsor areasthat appearto be errors

into theECG.Heartirregularitiesareanobvioussourceof unusualECGdata,but normal

activity canalsohaveaneffectontheactivity of theheart.In particular, therateof breathing

hasasigni�cant impactonheartactivity [28]. Methodshavebeenproposedfor theremoval



4

Figure1.3: ECGdatawith looseelectrodes[7].

Figure1.4: ECGdatawith muscletremors[7].

Figure1.5: ECGdatawith patientmovements[7].
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(a) IBI error, missed (b) IBI error, split

Figure1.6: Exampledatacausingerrorsin IBI detection.

of noisein theECG,but sincethey canintroduceerrorsin theQRSareathey maynot be

suitablefor usein HRV analysis[31].

Figure1.6 shows an exampleof a missedIBI anda spuriouslydetectedIBI. In Fig-

ure 1.6(a), an R-wave is too low, causingthe detectorto missandresultingin a doubled

IBI value.In Figure1.6(b), aP-wave is toohigh,crossingthethresholdof thedetectorand

causingit to returna falseIBI thatis aportionof thetrueIBI value.A varietyof combina-

tionsof thesetwo errortypescanoccur(theseareconsideredmorefully in Chapter2).

Heart ratevariability is oneof the primary applicationsof IBI data,anderrorsin an

IBI streamcanhave a profoundeffect on this typeof analysis[27]. Therearethreebasic

inputsthatcontrolheartratevariability. Thesonoatrialnode,alsoknown asthepacemaker,

hasatendency to keeptheheartatasteadybeat.Parasympathetic�bers haveatendency to

increaseIBIs. Activity in theparasympatheticsystemis affectedby externalstimuli andthe

sleep/wake cycle. Sympatheticnervousactivity hasa tendency to decreaseIBIs. Activity

in thissystemis stronglyin�uencedby theenvironment[1].

Heart ratevariability canbe examinedin the time domainor the frequency domain.

Analysesin the time domainand frequency domainareboth affectedby artifacts. One

commonmeasureof heartratevariability in thetimedomain,thestandarddeviationof the

differentiatedRR (DRR) time series( rmSDD), is particularlysusceptibleto the effects

of artifacts. Anothercommonmeasure,the percentageof DRR valueslarger than50ms

(pNN50), is lesssusceptibleto errorssinceevery interval over 50msis treatedthe same,

but it hasundesirablecharacteristicsin the caseof very low or very high HRV. Garć�a-
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GonźalezandPall�as-Areny [12] proposedamethodthatmakesthermSDDmorerobustby

discardingoutlierson thehistogramof DRR values.This techniqueis primarily usefulin

patientswith low heartratevariability, however, anddoesnotsupplanttheneedfor artifact

correctionin all cases.

Therearealsoseveralwaysto examineHRV in thefrequency domain.Autoregressive

modelsandFourieranalysisarecommonchoices.Autoregressive modelstendto bebetter

for short datasegmentsbecauseof the tendency for thereto be someleakagebetween

powersegmentswith thefastFouriertransform(FFT)andthesmallerresolutionassociated

with usingtheFFT. Theautoregressive modeldoeshave somedisadvantages,suchasthe

amplitudeof the peaksnot having a linear relationshipwith the sinusoidalpower of the

datain somemodels[29].

An examplefrom Fourieranalysisprovidesa goodexampleof theeffectsof artifacts

onHRV analysis.Therearetypically threecomponentsof thepowerspectrumof IBI data:

a peakfrom 2-5 CPM, a peakcenteredaround6 CPM, anda peakfrom 9-30CPM [17].

Thesepeakshave beenrecognizedin heartratevariability analysissincetheearly1970s.

The threepeaksarerelatedto respiratoryfrequency, arterialblood pressurecontrol, and

peripheralvasomotorregulation,respectively. Thefrequency andamplitudeof thepeaksis

constantlychangingin responseto parasympatheticandsympatheticnervousactivity [28].

Figure1.7(a) shows an exampleof IBI dataover a 60 secondwindow, showing several

cyclesof activity at variousfrequency levels. Figure1.7(b) shows the frequency spaceof

a Fourieranalysisof thatdata.Theunitson thex axisarecyclesperminute(CPM). The

unitson they axisaremillisecondsperbeatsquareddividedby cyclesperminute.Notice

thethreepeakspresentin thedata.Figure1.8(a)showsanexampleof IBI datacontaininga

missedbeaterror. Figure1.8(b) showshow thisaffectsthefrequency space.Noticethatall

of thepeaksareobscuredby ahugein�ux of poweracrossall frequencies.This is because

anoutlying IBI valueseverelydistortstheappearanceof all frequencies[30].
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(a)CleanIBI series (b) Poweranalysis(CyclesPerMinute)

Figure1.7: An exampleof powerspectrumanalysisof goodIBI data.

(a) IBI seriescontainingerror (b) Poweranalysis

Figure1.8: An exampleof powerspectrumanalysisof IBI datawith errors.
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1.2 RelatedWork

Thestudyof heartratevariability is a �eld with a rich literature.Therearea wide variety

of applicationsfor heartratevariability analysis.A numberof studieshave beendoneto

explorethelink betweenHRV analysisandautonomicnervousactivity. A stronglink has

beenestablishedbetweenHRV andparasympatheticnervousactivity in the heart[2, 15,

16, 19, 23]. Abnormalparasympatheticnervousactivity in theheartcanbeanelementof

diagnosingdiseaseor otherheartproblems[5].

Theexaminationof heartratevariability canplay an importantrole in diagnosingthe

healthof a patient[32]. Reducedheartratevariabilty canbeanindicationthatpatientsare

atahigherrisk for mortalityafteracutemyocardialinfarction[10, 20, 21, 22, 24, 25]. This

canprovide a crucialelementfor thestrati�cation of subjectsafter initial treatment.Heart

ratevariability canbe an indicatorof patientswho may be at risk for a numberof other

healthproblemsaswell. ReducedHRV is anindicatorof ahighergeneralmortality risk in

theelderly[33], andis a predictorof a numberof possibleheartproblemsin patientswho

otherwiseappearto be healthy [34]. Several otherhealthissueshave links to heartrate

variability. Studieshaveshown thatparticulateair pollutionhasanegative impactonheart

ratevariability [13, 26], andbothdepression[6] andpanicdisorderhavebeenshown to be

associatedwith abnormalHRV [11].

The activity of the autonomicnervoussystemcanalsobe usedto draw possiblecon-

clusionsaboutthestresslevel or cognitive loadof thesubject[23]. Someresearcherswish

to usethis informationaboutthecognitive stateof a personto createclosedloop systems

[17]. Thiscouldseeawidevarietyof applicationsin the�eld of augmentedcognition.

While heavily editeddataarenot a replacementfor gooddataandshouldonly beused

whenno otheroption is available[18], the removal of someartifactsis usuallynecessary

beforesubsequentanalysisof thedatais performed.Theproblemof IBI correctioncanbe

brokenup into two parts:detectionof erroneousIBI valuesandreplacementof erroneous

IBI valueswith a reasonablevalue[29]. Thereis no establishedmethodfor automatically
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handlingIBI errordetectionandcorrection.Thecorrectionof IBI databy handis tedious

and requireshumangradersto make subjective judgmentsin datawith high variability.

Somecombinationof automaticandmanualcorrectionis generallythepreferredmethod,

often allowing the machineto mark potentialerrorsandletting the humandecideif it is

in fact an error and what correctionto apply [3]. This work considersthe problemof

correctingIBI datawithout humanintervention. Assuminga valid ECG signal,the only

errorsthatcanbeintroducedby anIBI detectorareafalselytriggeredthresholdor amissed

heartbeat.Cheung[8] shows that it is possibleto developanalgorithmthatcandetectall

errorsof thesetypesif somebasicassumptionsaremet. Many errorsthat occur in IBI

dataaresomecombinationof an IBI beingsplit or combinedwith anotherIBI. Cheung's

methodis not guaranteedto succeedon thesecombinations,thoughtheiterative natureof

hisalgorithmallows it to correctmany combinationsof split andmergeerrors.Berntsonet

al [4]. describeanothersuchmethodfor theautomaticcorrectionof errors.It detectserrors

by evaluatinganIBI populationto determinethelargestexpectedbeatto beatdifferencefor

a normalIBI andthesmallestexpecteddifferencefor anerror. A thresholdis determined

basedon this information. If an IBI is above this threshold,it is further evaluatedto see

whetherit matchesa known error type. Basedon the resultsof this evaluation,an error

is corrected,marked as uncorrectable,or returnedto a normal state. Berntsonand his

colleaguessuggestan on-line implementationis possiblewith this algorithmexamining

a discretewindow of accumulatedstatistics,but they do not provide further detailsof its

implementation.

Sapoznikov etal [29]. describeseveralmethodsfor detectingerroneousIBIs. First they

tried removing valuesbasedon meanheartrate.Usinga globalheartratewascompletely

unacceptablefor identifying errors. If a thresholdwassetthatwould detectall (or a rea-

sonablenumber)of errors,it wouldcausea high rateof falsepositives.A moving updated

meanperformedbetter, but still hada high rateof falsepositiveswhenheartrateunder-

wentchanges.Anothermethodwasto �t theHR datato apolynomialandmarkvaluesthat
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deviatedby acertainthresholdasbeingin error. Thechangesin thepolynomialcausedby

theerrorscausesproblems,especiallyin areaswith multiple errors. A third methodis to

examinethe differencesbetweenconsecutive beats.This methodworks bestif the beats

arecomparedto thelastknown goodvalue,but fails in areaswhereoverallchangesin heart

ratearecontaminatedwith errors.After comparingthesevarioussolutions,therecommen-

dationis to useboththeupdatedmeanandthelastnormalHR valueasbenchmarks.When

testedon sleepdata,usingboth valuesfailed to detect6% of artifactsandmislabeleda

smallnumberof correctvaluesasartifacts.

1.3 Overview

Someof theabovemethodsassumethattheentireIBI tracehasbeencollectedandis avail-

ableduringerrorcorrection.Otherscollecteddatain carefullycontrolledclinical settings

with limited activity that reducedthe typeandnumberof errorspresent.We considerthe

casewhereIBI errorsmustbedetectedandcorrectedin real-time.Suchis thecase,for ex-

ample,if heartratevariability analysisis to beusedfor real-timemonitoringor feedback.

The applicationsof sucha device arenumerous.It could be usedfor alertnessmonitor-

ing in long term vigilancetasks,increasingthe safetyof critical alertnessactivities such

astruck driving. It couldalsobeusedto closethe loop andallow computersystemsthat

canrespondto a user's physiologicalstate.A systemsuchasthis would bedesirable,for

instance,in managingcognitive load for optimal performanceduring crucial tasks. Re-

searchersdesireto enhancesoldiersof thetwenty�rst centurywith suchcomputerassisted

cognitivecapabilities[17].

We alsoconsiderthepossibilityof additionaltypesof errors.While any errorsderived

from a valid ECGsignalwill resultin combinationsof simplesplit or combinesolutions,

errorscausedby aninability to properlysensethissignalor by faultyequipmentareequally

importantto detect,evenif they cannotbecorrected.
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To our knowledge,this work is the �rst to considerIBI errordetectionandcorrection

in real-timeon mobilesubjectsandwith multiple devices. This thesisdescribesa method

for correctingIBI dataasit is gatheredthat is designedto run online. It introducesmin-

imal lag into the IBI signalandis capableof detectingandclassifyinga wide variety of

errors. Section2.1 describesthe actualcorrectionprocess. It is a rule basedapproach

thatworkswithin theboundsof a contextual buffer. Section2.2 describesour datasetof

124,998usableIBI valuescollectedfrom 18 subjects.We evaluatetheperformanceof the

methodagainstthatof asetof humangradersusingthetrainandtestparadigm.Resultsare

presentedin Chapter3.



Chapter 2

Methods

Section2.1describesour enginefor automatedIBI errordetectionandcorrection.Section

2.2describesthedataset,consistingof 124,998IBIs, usedto evaluateourmethod.Ouren-

gineacceptsseveraladjustableparametersthatcanbemodi�ed for optimumperformance.

Section2.3describestheparametersandtheprocessusedto choosethebestset.

2.1 Engine

IncomingIBI valuesareplacedinto abuffer, illustratedin Figure2.1, asthey arereceived.

Thisbuffer providescontext for thetwo questionsthatmustbeaskedasanIBI is evaluated.

The �rst is, shouldthis IBI be marked asan error? The secondis, if this IBI is an error,

what is the mostappropriatecorrection? This buffer mustbe of suf�cient size to allow

all thenecessaryinformationcontainedin thesequenceof IBIs to beusedin thedecision

makingprocess.Pastresearchhasshown that temporallyrelatedheartbeatscontainmore

informationaboutthepredictedstateof anIBI valueunderconsideration.[4] Thisindicates

thatthebuffer doesnotneedto bevery largeto makeanappropriateevaluationof thestate

of a heartbeat.Thepossiblecorrectionsappliedprovide anotherconstrainton thesizeof

the buffer. The correctionswe consider(seeTable2.1) involve a maximumof threeIBI

values.Themaximumvaluefor anIBI is approximately1500ms,andthey aresigni�cantly
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Figure2.1: A snapshotof thebuffer usedfor correctioncontext.

shorterundermostcircumstances.It is alsonecessaryto haveat leastoneIBI receivedafter

thecurrentlyevaluatedIBI in orderto decideon theappropriatenessof any correctionswe

maywishto try. Ourmethodbuffersaminimumof six secondsof incomingdatain orderto

provide enoughcontext for evaluatingcorrections.SinceIBI dataarrive asynchronously,

in practicewe are unableto guaranteea �x ed amountof time in the buffer. We try to

keepthetime in thebuffer closeto six secondsto minimizelag introducedinto thesystem.

The reasonour buffer maintainsa �x ed amountof time insteadof simply working on

a �x ed numberof IBI valuesis primarily to facilitate the resamplingof IBI valuesinto

synchronousdatafor consumerprocessesthat may needto work on IBI valuesin this

format. Speci�cally, spectralanalysisthroughthe useof the Fourier transformrequires

synchronouslysampleddatato provide meaningfulresults.As dataarrive andareadded

to thebuffer, a timestampis alsoassociatedwith eachvalue. If thedevice generatingthe

IBI valueshasa separateclock from thaton the recordingsystem,this canprovide some

measureof usefulredundancy.

Pasthistory is not necessaryfor feedinga synchronouslysampledconsumer, which is

re�ectedin our implementation.As valuesaredeemedto becorrector to haveacorrection

applied,they aremovedinto a portionof thebuffer thatcontainsa �x ednumberof values

ratherthana certaintime period. The numberof valuescontainedin this sectionof the

buffer wasavariablewe trainedto andis morefully examinedin Section2.3. Statisticson

thevaluesin thissectionof thebuffer areusedto predicttheexpectedvalueof thenext IBI.
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Theexpectedvalueis calculatedasanacceptabledeviation from the lastknown good

value.Equation2.1shows how thethresholdfor determiningif a new valuehasexceeded

this deviation is calculated.In theequation,T is the threshold,N is thenumberof values

in thepastbuffer, pb representsthepastbuffer, andm is a multiplier. N andm are�x edat

runtime,but weretried with severaldifferentreasonablevalues.Resultsfrom this portion

of the experimentcanbe found in Section2.3. In plain language,the meansuccessive

differenceof the trustedvaluesin the buffer is multiplied by somevalueto generatethe

threshold. The generatedvalue is limited to a prede�nedrangeof possiblevalues,also

determinedat runtimeandalsotrainedfor asdescribedin Section2.3. If thebuffer is not

yet full, a reasonableestimateis useduntil thebuffer is full andmeaningfulstatisticscan

be calculated.During the experimentsdescribedin this thesis,a default valueof 100ms

wasused.An IBI mayalsobemarkedasanerror if thetimestampdatahave a signi�cant

deviation from therecordedvalue. This is mostusefulfor catchingerrorswherethedata

werecorruptedbetweentheIBI generatingdeviceandtherecordingsystem.

Theportionof theenginethatdetectserrorscanbetemporarilysuspendedif too many

errorsoccurin a particularneighborhood.This capabilitywasintroducedto minimizethe

effectof theenginegeneratingasequenceof datathatappearsto bevalidbut in factdeviates

from the original data. In practice,an observation of humangradersindicatesthat more

than2 or 3 consecutive correctionsarerarely, if ever, used. If correctionsareoccurring

with higher frequency, the areais almostcertainly uncorrectable.In order to establish

this behavior, a counteris incrementedeachtime a correctionis appliedanddecremented

eachtime anIBI is markedasOK. If thecounterexceedsa valueof 3, thenext IBI is not

examinedfor potentialerrorsandthecounteris again decremented.Theonly exceptionto

this rule is for IBI valuesat or exceedingthemaximumreportablehardwarevalue. These

IBIs arereplacedwith a valid timestampor markedasuncorrectableevenif thecounteris

at its maximumvalue.
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T =
P N � 2

i =0 jpvi � pvi +1 j
N � 1

� m (2.1)

Thereareat leasttwo possibleapproachesto correctingIBIs. In the�rst, thesequence

of valuescouldbeviewedasacontinuousfunctionover timewith somekind of smoothing

function appliedto deviations. Alternatively, sincewe have alreadyestablishedthat the

only typesof errorsthat canoccur in a streamof IBI dataare the omissionof an event

andthe additionof a spuriousevent,we could try to reconstructthe seriesof eventsthat

may have causeda particularerror or sequenceof errorsfrom the surroundinggoodIBI

values.Fromthis we couldmake a reasonableapproximationof theoriginal valuesof the

erroneousIBIs. Ourmethodtakesthesecondapproach,usingasetof rulesto try to classify

theerrorsequencethatled to anabnormalIBI.

A humanconsideringIBIs canfrequentlydiscernerrorswhereIBIs have beensplit or

combineddueto somefaultydetection.TheseerrorsbecomeapparentwhenIBI valuesare

plottedin sequencewith thevalueon theY axis. Figure2.2 demonstratestheappearance

of severalcommonerror typeswhenplottedin this manner. Whena speci�c errorpattern

hasbeenrecognized,it allows the humangraderto determinethe propercorrectionto

apply. Humanexpertscan also recognizefaulty IBIs if the reportedvaluesare outside

of the physiologically expectedrange. Additionally, most IBI detectinghardwarehasa

maximumvalueit will report.Any IBIs at this maximumvaluecanbequickly recognized

aserrors.

Our automatedcorrectionprocedureattempsto classifyerrorsin a mannersimilar to

humangraders.If an IBI hasbeen�agged asa possibleerror in the detectionphase,the

IBI is evaluatedwithin its context by a seriesof rules designedto determinethe most

likely error type thatmayhave occurred.Eachrule representsa possibleerror type. The

rules,in theorderthey areapplied,arelistedin Table2.1. Theorderin which possibilities
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Split error Combineerror Combineandsplit error

Figure2.2: Appearanceof errorsin IBI data

areinspectedis signi�cant, asthe�rst classi�cationthat is acceptedterminatesthesearch

process.In orderto bedeemedanacceptableerror, thecorrectedvaluemustlie with some

thresholdof thereferenceIBI andtheIBI valuefollowing theinspectedIBI. This threshold

is generatedin a manneridenticalto thethresholdfor detectiondescribedin Equation2.1,

but thevaluesfor themultiplier, thresholdminimum,andthresholdmaximummaydiffer

from the valuesusedfor detection. Like the valuesusedin the detectionprocess,these

weretrainedfor optimumperformanceasdescribedin Section2.3.

2.2 Data

Evaluationof themethodwasbasedon IBI datagatheredfrom 18 healthy ClemsonUni-

versitystudentsbetweentheagesof 18and24. Thesubjectsperformedaseriesof motions

designedto simulateactive conditionsandhave a high probabilityof inducingerrors.Par-

ticipantscompleted2 setsof thefollowing tasksfollowedby an8 minutebaselineperiod:

punchingarms,jumping jacks,runningin place,andcrunches.Eachsubjectrepeatedthe

experimentthreetimeswith adifferentdeviceeachtime. ThesewerethePolarS810(Lake

Success,NY), theBiolog 3991(UFI Corp.,Morro Bay, CA) with standardelectrodes,and

theBiolog 3991with fetrodes.In all, �fty-four �les containing124,998usableIBIs were

collectedandgradedby humanraters.Two ClemsonUniversity graduatesstudentswere
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Corr ection Description Cause
Hardwaretrigger replacevalue outsideof max-

imum or minimum valuesal-
lowedby hardware

transmissionerror

Split Divide an IBI into two equal
values

Missedheartbeat

Split 3 Divide an IBI into threeequal
values

Missedtwo heartbeats

Combine Add two IBIs together Falsetrigger
Combine2 / Split 2 Replacetwo IBI values with

theiraverage
Combinationof missedheart-
beatandfalsetrigger

Combine2 / Split 3 Get three new IBI valuesby
addingtwo anddividing them
by three

Combinationof missedheart-
beatandfalsetrigger

Combine3 / Split 3 ReplacethreeIBI valueswith
theiraverage

Combinationof missedheart-
beatandfalsetrigger

Physiologicaltrigger Replacevalue outside maxi-
mum or minimum physiologi-
cal value

Probablysomeuncaughterror
from above

Uncorrectable Could not apply any rule, but
IBI appearsfaulty

Table2.1: Possiblecorrectionsappliedby program
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Figure2.3: IBIedit program

given basictraining on the correctionof IBI dataandasked to independentlyinspectthe

datafor errors.Their decisionswerecombinedinto a singlegroundtruth by acceptingall

correctionsthe humangradersagreedon. Decisionsthe humangradersdid not agreeon

weredeemeduncorrectableandnotusedfor trainingpurposes.

Thehumangraderscorrectedthe �les usinga programdevelopedspeci�cally for that

purpose.Theprogram(seeFigure2.3) allowedthemto view theIBI dataat multiple reso-

lutionsandapplyany of thecorrectionsallowedby our method.Humangraderswerealso

allowed to addtheir own customcorrection.The programgenerateda list of corrections

appliedon eachIBI presentin theoriginal �le. This list wasdesignedto allow easyauto-

matedcomparisonbetweenthehumangradersandtheautomatedmethodto facilitatethe

trainingof ourmethodasdescribedin Section2.3.
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2.3 Training

In orderto achieve thebestresults,we useda portionof thedatasetto train theadjustable

parametersintroducedin Section2.1accordingto thetrain andtestparadigm.Theparam-

etersall dealwith the thresholdgenerationprocess.Table 2.3 shows a summaryof the

variablesalongwith thevaluesusedfor testing.

Six of the �fty-four �les wereusedfor training. This amountedto 15,095total IBI

valuesto train on. We tried several differentsetsof parametersuntil onewasfound that

seemedstable.For eachtrainingpass,we used� ve valuesfor eachof thesevenpossible

parameters.Eachof thesix �les wasrun throughtheenginewith every possiblecombina-

tion of values.For each�le at every combinationwe usedthesumof the IBI valuesthat

bothhumansandthecomputeragreedwerecorrectandthosethatall agreedwereaspeci�c

errorasa metricfor theperformanceof theenginewith thatparameterset.Thevaluesfor

each�le wereaddedandstoredasa total metric for the performancewith that particular

parameterset.Themaximumvaluein this N-cubeconsistingof 57 valueswasdeemedthe

bestresult.

SeveraldifferentN-cubeswereused.We soughtonethathadmostof thevaluesin the

middleinsteadof theedgesof thecube.The�nal N-cubeusedfor theresultspresentedin

this thesiswasgeneratedusingtheparametersin table2.3. Theparametersin thie N-cube

determinedto give the bestresultswere pb=5, m1=10, t1min=50, t1max=200,m2=25,

t2min=10,and t2max=100. It shouldbe notedthat throughoutthis training process,an

of�ine versionof theenginewasusedsothatwecouldusethesamesetof �les repeatedly.

The of�ine versionmaintainsan identicalamountof context to the online versionandis

functionallyidentical.
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Parameter Description Possiblevalues
pastbuffer size The numberof ibi valuesthat areput in the

buffer usedto determinethethresholdfor fu-
tureerrordetection.

3, 5, 10,15,25

multiplier 1 Multiplier usedin generatingthresholdfor er-
ror detection

1, 5, 10,25,50

threshold1 min Minimum thresholdgeneratedwhencreating
thresholdfor errordetection

10,50,70,100,150

threshold1 max Maximumthresholdgeneratedwhencreating
thresholdfor errordetection

10,50,100,150,200

multiplier 2 Multiplier used in generatingthresholdfor
correctionacceptance

1, 5, 10,25,50

threshold2 min Minimum thresholdgeneratedwhencreating
thresholdfor correctionacceptance

10,50,70,100,150

threshold2 max Maximumthresholdgeneratedwhencreating
thresholdfor correctionacceptance

10,50,100,150,200

Table2.2: Parametersusedin training.



Chapter 3

Results

In order to provide a groundtruth for testingthe method,the humangraderswere �rst

evaluatedagainstoneanother. Wecomputedtherateof agreementfor eacherrortypeas

Rate =
Agree

H uman1 + H uman2 � Agree
(3.1)

WhereAgreeis thenumberof valuesthehumangradersagreeduponfor eachcorrec-

tion type,Human1is thenumberof timesthe�rst humangraderusedthatcorrectiontype,

andHuman2is the numberof timesthe secondhumangraderusedthat correctiontype.

Resultscanbeseenin Table3.1.

Several importantobservationscanbemadefrom theresultsof thehumanversushu-

mandata.First, therearea few correctionsthatdominatethedecisionsmadeby thehuman

graders. The mostcommondecisionwas to label an IBI or sequenceof IBIs asuncor-

rectable.This wasfollowedby thecombineandsplit correctionandthenby thesplit cor-

rection. In areasthehumangradersagreedupon,thesethreecorrectionsmadeup 89%of

thetotalcorrections.Thereareseveralfactorsthatmaycontributeto theseerrorsoccurring

morefrequentlythanothers.Themotionsusedin thisstudymaybeproneto causingthese

typesof errors. The prominenceof certainerrorsmay be relatedto the conditionsunder



22

which datawascollected.In errorscausedby motion,thereis a high chancethatmany of

theerrorsarecausedby insuf�cient contactof theelectrodewith thesubject.This would

be likely to causemissedbeats,which would be �x edby splitting an IBI if it occurredin

isolationor by markinganareaasuncorrectableif it occurredfrequentlyenoughto cause

the datato be impossibleto reconstruct.Another factor that may contribute to the high

usageandhigh rateof agreementof thesplit errorwould bethat it is oneof theeasiestto

identify. It standsout plainly in a seriesof dataandis simpleenoughto be theobviously

correctsolutionif foundin isolation.Similar factorsmaycontributeto thehigh useof the

combineandsplit operation.Becauseit is essentiallya smoothingoperation,someof its

usemaybedueto oversmoothingtheoriginaldata.

Several of thecorrectionswereusedan insigni�cant portionof the time. Combine3,

delete,replace,andreplaceN wereall usedon lessthan0.1% of the total dataset,and

combine3 anddeletewerenever agreeduponby the humangraders.Thesecorrections

shouldprobablynot be part of any automatedalgorithmbecauseof their extremely low

rateof use. It shouldbe notedthat deleteandreplaceN arenot includedin the current

versionof the algorithm,andreplaceis only usedif the external timestampseemsto be

valid whenthereceivedIBI valueis not.

Another importantobservation is that the agreementratebetweenthe humangraders

wasrelatively low whendecidinguponwhatcorrectionto apply. While they wereableto

agreeif anareawasin needof correcting96%of the time, thebestrateof agreementfor

choosingwhatcorrectionto applywasthesplit correctionat 77%. Thereis a rapidfall off

in therateof agreementafterthis,with only 2 of theother12possiblecorrectionshaving a

rateof agreementover50%.Thelow agreementratesimply thattheproblemis dif�cult. It

alsosuggeststhatthehumangradersrequireadditionaltraining. If thecorrectdatastream

is notobvious,thentheareashouldbemarkedasuncorrectable.

Thenumberof correctionsthatthehumangradersagreeduponwasusedastheground

truth for calculatingthecomputer's rateof success.Areasthateitherhumangradermarked
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Corr ection Human 1 Human 2 Agree Percent
Type (# of IBIs) (# of IBIs) (# of IBIs) Agreement

Nothing 115843 115015 113291 96%
Combine 268 175 162 58%

Combine3 0 0 0 –
Split 1488 1390 1256 77%

Split 3 253 266 195 60%
Delete 2 11 0 0%

Replace 54 63 4 4%
Uncorrectable 3510 5258 2790 47%

CombineandSplit 2653 2099 1370 41%
Combine3 / Split 2 319 165 102 27%
Combine2 / Split 3 301 313 104 20%
Combine3 / Split 3 275 223 69 16%

ReplaceN 32 20 3 6%

Table3.1: Humanvs humanagreementratesby correctiontype.

Uncorrectable
Combine and Split
Split
Split 3
Combine
Combine 2 / Split 3
Combine 3 / Split 2
Combine 3 / Split 3
Replace
Replace N
Combine 3
Delete

Figure3.1: Percentcorrectionapplicationby humangradersin areasthe humangraders
agreedon thecorrectionused
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asuncorrectableor thatthehumangradersdisagreedon werenot usedin thetrainingpro-

cess.

As mentionedin Chapter1, theproblemof correctingibi datacanbebrokenupinto the

two distinctareasof detectionandclassi�cation.Table3.2shows thecomputer'sdetection

performanceon the training datain correctableareasthe humangradersagreedon. The

tableis brokendown by �le to demonstratehow theresultsvariedacrossdifferentsubjects.

Some�les, suchasSub09Polar, demonstrateda very high rateof agreementon handling

errors,while others,suchasSub08Electrode,hada noticablypoorerperformance.This

indicatesthatcertaintypesof areaswith errorsarehandledbetterthanothersby theauto-

matedmethod. Overall, the humansandcomputeragreedon the classi�cationof 99.0%

(97.0+ 2.0)of thedata.Thecomputermadetheconservativechoiceto leaveanareaalone

on 60% of the erroneouslylabeledIBI values,leaving improperlyappliedcorrectionson

only 0.4% of the data. It is usuallypreferableto misssomecorrectionsinsteadof over

correctingthe data[8], so the tendency towardsleaving unsureareasaloneis promising.

Resultsweresimilaronthetestset,seenin Table3.3, thoughperformancewasnotasgood.

Thehumansandcomputeragreedon97.4%(95.6+ 1.8)of thelabels.Thecomputermade

erroneouscorrectionson58.3%of mislabeleddata(1.4/ (1.4+ 1.0)),and1.4%of thedata

waslabeledwith anerroneouscorrection.This shows thatthedispositiontowardsconser-

vativecorrectiondid nothold in thetestset.Morecomplex trainingmaybeableto change

this trendin futureexperiments.Thedifferencebetweenclassi�cationperfromanceon the

testandtrainingsetsis illustratedin Figures3.2and3.3. Theareawith at leastoneentity

(humansor computer)markinganerroris brokenout to show thesigni�cant changein the

treatmentof erroneousportionsof thedata.

Table3.4 illustratesthecomputer's performanceat classi�cationfor thecombinedtest

and training set. The computer's rate of agreementwith the combinedhumangraders

is similar to the humangraders'rate of agreementwith one another. Figure 3.5 shows

the percentagreementof the humangraderswith oneanotherfor eachcorrectionalong
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H = OK H = OK H = Err or H = Err or
File Name C = OK C = Err or C = OK C = Err or Total

(# of IBIs) (# of IBIs) (# of IBIs) (# of IBIs) (# of IBIs)
Sub08Electrode 2353 17 32 33 2435
Sub08Fetrode 2785 1 4 12 2802
Sub08Polar 2480 9 4 43 2536

Sub09Electrode 1643 19 28 61 1751
Sub09Fetrode 1662 14 6 74 1756
Sub09Polar 2550 2 7 55 2614

Totals 13473 62 81 278 13894
Percent 97.0% 0.4% 0.6% 2.0% 100%

Table3.2: Classi�cationperformanceon trainingset

H = OK H = OK H = Err or H =Err or
File C = OK C = Err or C = OK C = Err or Total

(# of IBIs) (# of IBIs) (# of IBIs) (# of IBIs) (# of IBIs)
Totals 98347 1409 1071 1835 102662
Percent 95.6% 1.4% 1.0% 1.8% 100%

Table3.3: Classi�cationperformanceon testset

Humans OK, Computer OK
Humans OK, Computer Error
Humans Error, Computer Ok
Humans Error, Computer Error

Figure3.2: Classi�cationperformanceon trainingset
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Humans OK, Computer OK
Humans OK, Computer Error
Humans Error, Computer Ok
Humans Error, Computer Error

Figure3.3: Classi�cationperformanceon testset

with the agreementrate for the computerwith both humans. The resultsappearto be

highly correlated,suggestingthatareasthatthehumansaremoresureaboutprovide more

positive feedbackto thealgorithm.A trainingsetwith a higherrateof agreementbetween

thehumangradersmaybeableto enhanceperformanceof thealgorithm.

Figure3.4shows theusageof variouserrortypesby theautomatedmethod.It is inter-

estingto notethedifferencein distribution betweentheautomatedmethodandthehuman

graders,whoseerror usageis shown in Figure3.1. This would seemto indicatethat the

automatedmethodneedsimprovementin theclassi�cationstageof errordetection.Ideally,

theautomatedmethodwouldapplycorrectionswith thesamefrequency ashumangraders.

Figures3.6 through3.29demonstratethe resultsof correctionson eachof the �les in

thetrainingset.Areasthatdropto 0 in thecorrecteddataarespotsthathave beenmarked

asuncorrectable.Notice that thecomputerhandlesmostof the isolatederrors,like those

in �gure 3.10, quitewell andhasdif�culty handlingareasof concentratederrorslike those
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Corr ection Computer Humans Agree Percent
Type (# of IBIs) (# of IBIs) (# of IBIs) Agreement

Nothing 113986 113291 111820 97%
Combine 383 162 132 32%

Combine3 0 0 0 –
Split 1324 1256 993 63%

Split 3 170 195 130 55%
Delete 0 0 0 –

Replace 416 4 0 0%
Uncorrectable 1636 2790 1101 33%

Combineandsplit 645 1370 469 30%
Combine3 / Split 2 212 102 52 20%
Combine2 / Split 3 495 104 46 8%
Combine3 / Split 3 79 69 18 14%

ReplaceN 0 3 0 0%

Table3.4: Computervshumanagreementratesby correctiontype.

Uncorrectable
Combine and Split
Split
Split 3
Combine
Combine 2 / Split 3
Combine 3 / Split 2
Combine 3 / Split 3
Replace
Replace N
Combine 3
Delete

Figure3.4: Percentcorrectionapplicationby theautomatedmethod
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Figure3.5: Humanvshumanandhumansvscomputeragreementby errortype

in Figure3.18. Theseareasof concentratederrorshow theneedto markanentireareaas

uncorrectableinsteadof consideringeachIBI individually.
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Figure3.6: Subject8 Electrodeuncorrected
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Figure3.7: Subject8 Electrodecorrectedby Human1
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Figure3.8: Subject8 Electrodecorrectedby Human2
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Figure3.9: Subject8 Electrodecorrectedby Computer
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Figure3.10:Subject8 Fetrodeuncorrected
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Figure3.11:Subject8 Fetrodecorrectedby Human1
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Figure3.12:Subject8 Fetrodecorrectedby Human2
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Figure3.13:Subject8 Fetrodecorrectedby Computer
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Figure3.14:Subject8 Polaruncorrected
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Figure3.15:Subject8 Polarcorrectedby Human1
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Figure3.16:Subject8 Polarcorrectedby Human2
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Figure3.17:Subject8 Polarcorrectedby Computer
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Figure3.18:Subject9 Electrodeuncorrected
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Figure3.19:Subject9 Electrodecorrectedby Human1
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Figure3.20:Subject9 Electrodecorrectedby Human2
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Figure3.21:Subject9 Electrodecorrectedby Computer
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Figure3.22:Subject9 Fetrodeuncorrected
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Figure3.23:Subject9 Fetrodecorrectedby Human1
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Figure3.24:Subject9 Fetrodecorrectedby Human2
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Figure3.25:Subject9 Fetrodecorrectedby Computer
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Figure3.26:Subject9 Polaruncorrected
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Figure3.27:Subject9 Polarcorrectedby Human1
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Figure3.28:Subject9 Polarcorrectedby Human2
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Figure3.29:Subject9 Polarcorrectedby Computer



Chapter 4

Conclusions

This thesispresentsa methodfor the automaticcorrectionof IBI data. This automated

methodwasevaluatedagainsta pair of humangradersusingthe train andtestparadigm.

Thecurrentresultsindicatea97.5%agreementin areasthathumansdeemto becorrectable.

This is probablynot a high enoughrateof agreementfor usein sensitive clinical studies,

but it may be useful in situationswherethe errorsintroducedby invalid dataare more

problematicthanany issuesthatmaybeintroducedby apooragreementrate.

4.1 Contrib ution

This studyaddsto thebodyof literatureon theautomatedcorrectionof heartinterbeatin-

tervals. In particular, this is theonly studytheauthoris awareof thatcontainsa detailed

evaluationof thepracticesof humangradersin correctingIBI datagatheredundercondi-

tionsthatmayinterferewith theacquisitionof gooddata.Thisaloneprovidesasigni�cant

foundationfor futurestudies.Theattemptto correctheavily corrupteddatawith analgo-

rithm designedto be appliedwhile dataaregatheredis also, to the author's knowledge,

unique.Thishasthepotentialto bea tremendousboonto researcherswhowish to perform

analysisof IBI datain situationswhereanof�ine correctionprocessis not feasible.
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4.2 Futur ework

Oneimprovementthatcouldbemadeto this experimentis in theareaof humangrading.

Thehumangradersusedin thisstudyhadonly minimal trainingbeforethey begancorrect-

ing theIBI data.Beforeseeingtheresultsof thehumanscoring,wedid notanticipatehow

differentlytwo humanswould correctIBI data,nor did we anticipatetheeffect this would

haveonour trainingmethod.Thelow agreementratebetweenthehumansappearsto have

hada negative impacton training the methodto properly identify errors,sincethe com-

puter'sagreementratetracksthehumanagreementratein Figure3.5. Thisgraphallowsus

to make thehypothesisthatanincreasedrateof agreementbetweenhumangraderswould

increasethecomputer's agreementwith thehumansin a similar fashion.Oneway to im-

prove thehumangradingwouldbeto give thehumangradersabetterunderstandingof the

physiologicalprinciplesunderlyingthecorrectionof IBI databeforethey beganthecorrec-

tion process.Understandingthephysiologicalcausesof errorsallowsthehumangradersto

haveametricoutsideof thedatato gaugetheappropriatenessof aparticularcorrection.If a

suitablephysiologicalexplanationfor a particularerrorcannotbedetermined,any applied

correctionshouldbeviewedassuspect.

Thetrainingusedin thecurrentversionof theprogramwasprimarily focusedon error

detection. Additional training methodsshouldbe examinedin order to increasethe fre-

quency of appropriateclassi�cation.Therearea numberof potentialimprovementsto the

algorithmthatcouldmake classi�cationtrainingeasier. Onesuchimprovementwould be

to �re eachof therulesfor every �agged IBI insteadof terminatingthesearchafterthe�rst

acceptablecorrection.Thebestrule couldbechosenbasedon which one�t theneighbor-

ing databest. This improvementwould allow the possibility of differentweightson the

rulesbasedon their frequency of applicationby humangraders.

While thecurrentmethodhassomemeasuresin placeto evaluateIBIs within thecon-

text of their neighbors,eachIBI is still evaluatedindividually. The ability to evaluatean

entireneighborhoodof IBIs is an importantimprovementthatshouldbeexaminedin fur-
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therdetail. This is particularlynecessarywhenmarkingIBI valuesasuncorrectable.The

frequency of errorsplaysa largerole in determiningtherecoverability of a particularsec-

tion of IBI data,andthis informationshouldbe usedappropriately. Identifying areasof

uncorrectabledataaredependenton more thana simple frequency count,however, and

furtherstudyis requiredto determinethebestapproach.

An evaluationof themethod's impactonanalysesthatmaybedependenton theoutput

would be an appropriateextentionto the currentwork. IBI dataarebeingexaminedand

correctedwith theintentof introducingthemto otherprocessesfor furthercalculation.It is

importantto know theeffect of thecorrectionsnot just on thedataitself, but on theoutput

of theseadditionalstages.If theerrorsthatthecomputermakeshavelittle impactonfurther

stages,thecurrentimplementationmaybeacceptablefor someapplications.

In conclusion,this thesisprovidesafoundationfor furtherexplorationof theautomated

correctionof heartinterbeatinterval data.Thecurrentmethodmaynotbesuf�cient for the

rigorousstandardsof clinical studies,but asthe �eld of researchon real time analysisof

IBI datagrows it mayprove to beausefulcomponentof morecomplex systems.
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