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ABSTRACT

Thisthesisconsidershe problemof monitoringa persons heartbeatsisinganelectro-
cardiogram(ECG) anddetectingandcorrectingmisdetectedeatsin real-time. Thereare
only two basictypesof errorsin interbeatinterval data. An eventthatwaspresenicanbe
missedby thedetectoyor aspuriouseventcanbeaddedo thedetectiorstream.Thisthesis
considerghe correctionof theseerrorsin a variety of combinationsandfrom a variety of
sources.lt is importantto detectand correcttheseerrorsbecausef the impactthey can
have onfurtheranalysesespeciallyin the eld of heartratevariability (HRV).

Incominginterbeatinterval (IBl) valuesare placedinto a buffer asthey arereceved.
Thecorrectionsve considerinvolve amaximumof threelBl values.Our methodbuffersa
minimumof six second®f incomingdatain orderto provide enoughcontext for evaluating
corrections.Theexpectedvalueof anincominglBl is calculatedasanacceptabl@eviation
fromthelastknown goodvalue.If anlBI is aggedasapossibleerror, it is evaluatedwithin
its contet by aseriesof rulesdesignedo deteminghemostlik ely errortypethatmayhave
occurred.

Evaluationof the methodwas basedon IBI datagatheredfrom 18 healtty Clemson
Universitystudentdbetweertheagesof 18and24. In all, fty-four les containingl24,998
usablelBls werecollectedandgradedby two ClemsonUniversity graduatestudents.Six
of the fty-four les wereusedfor training, while the otherswereresered asa testset.
Thisamountedo 15,095IBI valuesto train on.

Resultsof analysisof thetestsetindicatea 97.4%agreemenbn classi cationin areas
that humansdeemto be correctable. Agreementon classi cationis signi cantly lower,
but it follows the trend of humangraderagreements.The methodin its currentstateis
probably not completeenoughfor usein sensitve clinical studies,but it may form the

basisof ausefulcompomenbf morecomple systemslesignedor HRV analysis.
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Chapter 1

Intr oduction

1.1 Background

The electricalactvity of the heart,as measuredy the electrocardiogranfECG) canbe
usedto construcaneventserieghatindicateghetime betweernndividual heartbeats.The
procesf discretizingtheraw electricalsignalcanintroduceerrors,however. Becauseahe
generateaventseriess oftenusedasaninputto otheranalysesn therealmof heartrate
variability (HRV), it is essentiathatthe errorsin this datastreamarekeptto a minimum.
Sinceit may alsobe usefulto performtheseanalysesasthe dataare collected,it it also
importantthatthe datacanbe correctedasit is gathered This thesisconsiderghe problem
of monitoringa persons heartbeatsisingan electrocardiogranECG) and detectingand
correctingmisdetectedbeatsn real-time.

In orderto understandhe processof correctinginterbeatinterval data,it is usefulto
examinethe underlyingnatureof the signalthatis beingsensed.The electrocardiogram,
or ECG,is ameasuref the averageelectricalactvity in the heartat a particularmoment
in time. Becausef theregularactiity of the heart,the resultingwaveformhasa general
shapethatis repeatedover time. This waveform hasa seriesof peaksand troughsthat

correspondo signi cant cardiacevents.Figurel.1shavs anexampleof this waveform.



Figurel.l: An exampleof ECGdata.

inter-beat-interval

Figurel.2: De nition of ainterbeatntenal (IBl) in ECGdata.

Therearethreemajor sectionsof an ECG signal. The P wave is the beginning of a
heartbeatindcorrespondso atrial depolarizatiorf9]. It is typically positive androunded.
The P wave usually lastslessthan 120 milliseconds[7]. The QRS compl« is a series
of waveformsrepresentinghe ventricularmuscledepolarizatiorthat are usuallygrouped
togetherfor analysis.The Q waveis the rst negative portionof the ECG afterthe P wave.
The R wave is a positve wave following the Q wave, andthe S wave is anothemegative
portionfollowing the Q wave. Not all wave forms arennecessarilypresentthe Q wave in
particularmay not be seen) but the groupingis known asthe QRScomple evenif some
elementsaremissing.lt is typically of shorterdurationthanthe P wave, andthe R portion
hasa relatively high magnitude[7]. The T wave is causedby the repolarizationof the
ventricularmuscleslt is typically the rst positive actvity afterthe QRScomple.

While the P wave marksthe begginningof heartactuvity in eachcycle,the QRScomplex
is usuallyusedto denotethe time betweencardiaceventsbecauséts moreprominantna-
ture allows morereliabledetectionandbetteraccurayg [14]. Figurel.2 shavs thetypical
de nition of aninterbeatnterval (IBI), alsoknown asanRR interval, in ECGdata.

A numberof differentdevicesof varyingquality canbeusedto gatherlBl data,butthey

all work onacommonprinciple. Electrodesn contactwith the skin measurgheelectrical
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impulsesof theheart.Somesortof timerrunsuntil aneventis triggeredby the detectionof
aQRScompl. Thetime betweereventsis reportedasthelengthof theinterbeainterval.
Therearetwo commonwaysof detectingthe QRScomple. If implementedn hardware,
thetriggertypically utilizesalevel detectoypossiblyin combinationwith a slopedetector
This methodintroducessomeerrors. Becausat is not guaranteedo recordthe peakof
the R wave, thereis someslight variationin the point at which thewave is recorded.The
moreaccuratepproachs to usea softwaredetectorthatdetectghein ection pointof the
R wave. This methodis typically accuratdo the nearesmillisecond[27].

By de nition, the detectionof the QRS comple is a binary event: eitherthe wave is
presentor it is not. Becauseof this, thereareonly two basictypesof errorsin interbeat
intenval data. An eventthatwaspresentanbe missedby the detectoyor a spuriousevent
canbeaddedto the detectionstream.All othererrorsarecombinationsof thesetwo error
types. Therearetwo placesartifactscan be introducedinto the IBI stream. The ECG
itself may becomenoisy or corruptor the IBl detectormay do a poorjob of detectingthe
QRScomple. Problemsn the ECG canarisefrom several reasons.Looseelectrodesor
brokenwireswill causea wavering baselinewith unusualwaveformsthroughoutasseen
in Figure1.3. Musculartremors,causedy tensednusclesshiering, or healthproblems,
will appeamsanirregularbaselinethatobscuredrue waveforms. This is demonstrateth
Figurel.4 Figurel.5shaws the effect of patientmovementswhich shav up in a similar
mannerasmuscletremors.Electricalinterferencecanbeanothercauseof apoorECG|[7].

Figurel.3throughFigurel.5areadaptedromillustrationsin Guideto ECG Analysis[7].

Physiological phenomenaan also introduceerrorsor areasthat appearto be errors
into the ECG. Heartirregularitiesarean obvious sourceof unusualECG data,but normal
actvity canalsohave aneffectontheactity of theheart.In particular therateof breathing

hasasigni cantimpacton heartactvity [28]. Methodshave beenproposedor theremoval
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Figurel.3: ECGdatawith looseelectrodes]].
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Figurel.4: ECGdatawith muscletremorsf].

Figurel.5: ECGdatawith patientmovementsy].
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Figurel.6: Exampledatacausingerrorsin IBI detection.

of noisein the ECG, but sincethey canintroduceerrorsin the QRSareathey may not be
suitablefor usein HRV analysisB1].

Figure 1.6 shavs an exampleof a missedIBl anda spuriouslydetectedBl. In Fig-
ure 1.6(a), an R-wave is too low, causingthe detectorto missandresultingin a doubled
IBI value.In Figurel.6(b), a P-wave is too high, crossinghethresholdof the detectorand
causingt to returnafalselBI thatis a portionof thetruelBI value.A variety of combina-
tionsof thesetwo errortypescanoccur(theseareconsiderednorefully in Chapter2).

Heartrate variability is one of the primary applicationsof IBl data,anderrorsin an
IBI streamcanhave a profoundeffect on this type of analysig[27]. Therearethreebasic
inputsthatcontrolheartratevariability. Thesonoatriahode alsoknonn asthepacemakr,
hasatendeny to keepthe heartata steadybeat.Parasympathetiders have atendeng to
increasdBls. Activity in theparasympathetisystems affectedby externalstimuli andthe
sleep/vake cycle. Sympathetimenousactvity hasatendenyg to decreaséBls. Activity
in this systemis stronglyin uenced by the ervironment[1].

Heartrate variability can be examinedin the time domainor the frequeng domain.
Analysesin the time domainand frequeng domainare both affectedby artifacts. One
commonmeasuref heartratevariability in thetime domain,the standardieviation of the
differentiatedRR (DRR) time series( rmSDD), is particularly susceptiblgo the effects
of artifacts. Anothercommonmeasurethe percentagef DRR valueslarger than50ms
(PNN50), is lesssusceptibleo errorssinceevery intenal over 50msis treatedthe same,

but it hasundesirablecharacteristicén the caseof very low or very high HRV. Garca-
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GonzlezandPallas-Arety [12] proposedh methodthatmakesthermSDD morerobustby
discardingoutlierson the histogramof DRR values. This techniques primarily usefulin
patientswith low heartratevariability, however, anddoesnot supplanthe needfor artifact
correctionin all cases.

Therearealsoseveralwaysto examineHRV in thefrequeny domain. Autoregressve
modelsandFourieranalysisarecommonchoices. Autoregressve modelstendto be better
for shortdatasegmentsbecauseof the tendeng for thereto be someleakagebetween
power segmentswith thefastFouriertransform(FFT) andthesmallerresolutionassociated
with usingthe FFT. The autorgressve modeldoeshave somedisadwantagessuchasthe
amplitudeof the peaksnot having a linear relationshipwith the sinusoidalpower of the
datain somemodels[29].

An examplefrom Fourier analysisprovidesa good exampleof the effectsof artifacts
onHRV analysis.Therearetypically threecomponent®f the power spectrunof IBI data:
a peakfrom 2-5 CPM, a peakcenterecaroundé CPM, anda peakfrom 9-30 CPM [17].
Thesepeakshave beenrecognizedn heartratevariability analysissincethe early 1970s.
The threepeaksarerelatedto respiratoryfrequeng, arterial blood pressurecontrol, and
peripheravasomotoregulation,respectrely. Thefrequeny andamplitudeof the peakds
constantlychangingn responséo parasympathetiandsympatheticienousactuity [28].
Figure 1.7(a) shavs an exampleof IBI dataover a 60 secondwindow, shaving several
cyclesof actvity at variousfrequeng levels. Figure1.7(b) shavs the frequeny spaceof
a Fourieranalysisof thatdata. The units on the x axis arecyclesper minute (CPM). The
unitsonthey axisaremillisecondsperbeatsquaredlivided by cyclesperminute. Notice
thethreepeaksresentn thedata.Figurel.8a) shovs anexampleof IBI datacontaininga
missedbeaterror Figurel.8b) shavs how this affectsthefrequeng space Noticethatall
of the peaksareobscuredy ahugein ux of poweracrossall frequenciesThisis because

anoutlying IBI valuesererelydistortstheappearancef all frequencie$30].
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1.2 RelatedWork

The studyof heartratevariability is a eld with arich literature. Therearea wide variety
of applicationdor heartrate variability analysis.A numberof studieshave beendoneto
explorethelink betweerHRV analysisandautonomicnenousactvity. A stronglink has
beenestablishedetweenHRV and parasympathetioenousactvity in the heart[2, 15,
16, 19, 23]. Abnormalparasympathetinenousactvity in the heartcanbe anelementof
diagnosingliseaser otherheartproblemq 5].

The examinationof heartratevariability canplay animportantrole in diagnosingthe
healthof a patient[32]. Reduceceartratevariabilty canbeanindicationthatpatientsare
atahigherrisk for mortality afteracutemyocardialinfarction[ 10, 20, 21, 22, 24, 25]. This
canprovide a crucialelemenffor the strati cation of subjectsafterinitial treatmentHeart
rate variability canbe an indicatorof patientswho may be at risk for a numberof other
healthproblemsaswell. ReducedHRV is anindicatorof a highergeneralmortality risk in
theelderly[33], andis a predictorof a numberof possibleheartproblemsn patientswho
otherwiseappearto be healtty [34]. Several other healthissueshave links to heartrate
variability. Studieshave shavn thatparticulateair pollution hasa negative impacton heart
ratevariability [13, 26], andbothdepressiofi6] andpanicdisorderhave beenshavn to be
associateavith abnormaHRV [11].

The actvity of the autonomicnenoussystemcanalsobe usedto drav possiblecon-
clusionsaboutthe stresdevel or cognitive load of the subject 23]. Someresearcherwish
to usethis informationaboutthe cognitive stateof a personto createclosedloop systems
[17]. Thiscouldseeawide varietyof applicationdn the eld of augmentedognition.

While heavily editeddataarenotareplacementor gooddataandshouldonly be used
whenno otheroptionis available[18], the removal of someatrtifactsis usuallynecessary
beforesubsequerdnalysisof the datais performed.The problemof IBI correctioncanbe
brokenup into two parts: detectionof erroneoudBl valuesandreplacemenbf erroneous

IBI valueswith areasonablealue[29]. Thereis no establisheanethodfor automatically
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handlingIBI errordetectionandcorrection.The correctionof 1Bl databy handis tedious
and requireshumangradersto make subjectve judgmentsin datawith high variability.
Somecombinationof automaticandmanualcorrectionis generallythe preferredmethod,
often allowing the machineto mark potentialerrorsand letting the humandecideif it is
in fact an error and what correctionto apply [3]. This work considersthe problem of
correctingIBl datawithout humanintervention. Assuminga valid ECG signal, the only
errorsthatcanbeintroducedby aniBl detectorareafalselytriggeredthresholdor amissed
heartbeatCheung[8] shawvs thatit is possibleto develop an algorithmthat candetectall
errorsof thesetypesif somebasicassumptionsare met. Many errorsthat occurin IBI
dataaresomecombinationof anIBI beingsplit or combinedwith anotherBIl. Cheungs
methodis not guaranteedo succeedn thesecombinationsthoughthe iteratve natureof
his algorithmallows it to correctmary combinationf splitandmeigeerrors.Berntsonet
al[4]. describeanothersuchmethodfor theautomatiacorrectionof errors. It detectserrors
by evaluatinganIBI populationto determineghelargestexpectedeatto beatdifferencefor
anormallBl andthe smallestexpecteddifferencefor anerror A thresholdis determined
basedon this information. If anIBI 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 uncorrectablepr returnedto a normal state. Berntsonand his
colleaguessuggestan on-line implementations possiblewith this algorithm examining
a discretewindow of accumulatedstatistics,but they do not provide further detailsof its
implementation.

Sapoznikv etal [29]. describesereralmethoddor detectingerroneoudBls. Firstthey
tried removing valuesbasedon meanheartrate. Using a globalheartratewascompletely
unacceptabléor identifying errors. If athresholdwassetthatwould detectall (or area-
sonablenumber)of errors,it would causea high rateof falsepositves. A moving updated
meanperformedbetter but still hada high rate of falsepositveswhenheartrate under

wentchangesAnothermethodwasto t theHR datato a polynomialandmarkvaluesthat
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deviatedby a certainthresholdasbeingin error Thechangesn the polynomialcausedy
the errorscausegroblems,especiallyin areaswith multiple errors. A third methodis to
examinethe differenceshetweenconsecutie beats. This methodworks bestif the beats
arecomparedo thelastknown goodvalue,but failsin areasvhereoverallchangesn heart
ratearecontaminatedvith errors.After comparinghesevarioussolutions therecommen-
dationis to useboththeupdatedneanandthelastnormalHR valueasbenchmarksWhen
testedon sleepdata, using both valuesfailed to detect6% of artifactsand mislabeleda

smallnumberof correctvaluesasartifacts.

1.3 Overview

Someof theabove methodsassumeéhattheentirelBl tracehasbeencollectedandis avail-
ableduringerror correction.Otherscollecteddatain carefully controlledclinical settings
with limited actwity thatreducedhetype andnumberof errorspresent.We considerthe
casewherelBI errorsmustbedetectedandcorrectedn real-time.Suchis thecasefor ex-
ample,if heartratevariability analysisis to be usedfor real-timemonitoringor feedback.
The applicationsof sucha device are numerous.It could be usedfor alertnessnonitor
ing in long term vigilance tasks,increasingthe safetyof critical alertnessactuities such
astruck driving. It could alsobe usedto closethe loop andallow computersystemghat
canrespondo a users physiologicalstate.A systemsuchasthis would be desirablefor
instance,in managingcognitive load for optimal performanceduring crucial tasks. Re-
searcherglesireto enhancesoldiersof thetwenty rst centurywith suchcomputerassisted
cognitive capabilitieg 17].

We alsoconsiderthe possibility of additionaltypesof errors.While ary errorsderived
from avalid ECG signalwill resultin combinationsof simplesplit or combinesolutions,
errorscausedy aninability to properlysensehis signalor by faulty equipmentreequally

importantto detect,evenif they cannotbecorrected.
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To our knowledge,this work is the rst to considerBl errordetectionandcorrection
in real-timeon mobile subjectsandwith multiple devices. This thesisdescribesa method
for correctingIBl dataasit is gatheredthatis designedo run online. It introducesmin-
imal lag into the IBI signalandis capableof detectingand classifyinga wide variety of
errors. Section2.1 describeghe actual correctionprocess. It is a rule basedapproach
thatworkswithin the boundsof a contetual buffer. Section2.2 describeur datasetof
124,998usablelBl valuescollectedfrom 18 subjects We evaluatethe performanceof the
methodagainstthatof a setof humangraderaisingthetrainandtestparadigm Resultsare

presentedn Chapter3.



Chapter 2

Methods

Section2.1describe®ur enginefor automatedBI errordetectionandcorrection.Section
2.2describeshedataset,consistingof 124,998 Bls, usedto evaluateour method.Our en-
gineacceptseveraladjustablgparameterghatcanbe modi ed for optimumperformance.

Section2.3describeshe parameterandthe processisedto choosehebestset.

2.1 Engine

IncomingIBI valuesareplacedinto a buffer, illustratedin Figure2.1, asthey arereceved.
Thisbuffer providescontext for thetwo questionghatmustbeaslkedasan|Bl is evaluated.
The rst is, shouldthis IBI be marked asanerror? The seconds, if this IBI is anerror,
what is the mostappropriatecorrection? This buffer mustbe of sufcient sizeto allow
all the necessarynformationcontainedn the sequencef IBls to be usedin the decision
makingprocess.Pastresearcthasshavn thattemporallyrelatedheartbeatgontainmore
informationaboutthepredictedstateof aniBI valueunderconsideration[4] Thisindicates
thatthebuffer doesnot needto be very largeto make anappropriateevaluationof the state
of a heartbeat. The possiblecorrectionsappliedprovide anotherconstrainton the size of
the buffer. The correctionswe consider(seeTable 2.1) involve a maximumof threelBl

values.Themaximumvaluefor anlBI is approximately1500msandthey aresigni cantly
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Corrected Values Incoming Values

| 705 | 783 | 771 | 743 | 780 | 724 [ 758 | 782)|(805)| S03 | 805 | 803 | &19 | &16 | 807 | 804 |
e

Current IEI
reference under
IEI consideration

Figure2.1: A snapshobf the buffer usedfor correctioncontext.

shorterundermostcircumstancedt is alsonecessaryo have atleastonelBl recevedafter

the currentlyevaluated Bl in orderto decideon theappropriatenessf any correctionsve

maywishto try. Our methodbuffersaminimumof six second®f incomingdatain orderto

provide enoughcontet for evaluatingcorrections.SincelBl dataarrive asynchronously
in practicewe are unableto guaranteea x ed amountof time in the buffer. We try to

keepthetimein thebuffer closeto six seconds$o minimizelagintroducednto 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 consumerprocesseshat may needto work on IBI valuesin this

format. Speci cally, spectralanalysisthroughthe useof the Fourier transformrequires
synchronouslysampleddatato provide meaningfulresults. As dataarrive andareadded
to the buffer, atimestamps alsoassociateavith eachvalue. If the device generatinghe

IBI valueshasa separatelock from thaton the recordingsystem this canprovide some
measuref usefulredundang.

Pasthistoryis not necessaryor feedinga synchronoushsampledconsumerwhich is
re ectedin ourimplementationAs valuesaredeemedo be corrector to have a correction
applied,they aremovedinto a portion of the buffer thatcontainsa x ed numberof values
ratherthana certaintime period. The numberof valuescontainedin this sectionof the
buffer wasa variablewe trainedto andis morefully examinedin Section2.3. Statisticson

thevaluesin this sectionof the buffer areusedto predictthe expectedvalueof thenext IBI.
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The expectedvalueis calculatedasan acceptablaleviation from the lastknown good
value. Equation2.1 shavs how thethresholdfor determiningf a new valuehasexceeded
this deviation is calculated.In the equation,T is thethresholdN is the numberof values
in the pastbuffer, pb representshe pastbuffer, andm is a multiplier. N andm are x edat
runtime,but weretried with several differentreasonablealues.Resultsfrom this portion
of the experimentcan be found in Section2.3. In plain language the meansuccessie
differenceof the trustedvaluesin the buffer is multiplied by somevalueto generatehe
threshold. The generatedralueis limited to a prede nedrangeof possiblevalues,also
determinedat runtimeandalsotrainedfor asdescribedn Section2.3. If the buffer is not
yetfull, areasonablestimates useduntil the buffer is full andmeaningfulstatisticscan
be calculated.During the experimentsdescribedn this thesis,a default value of 100ms
wasused.An IBlI mayalsobe markedasanerrorif thetimestampdatahave a signi cant
deviation from the recordedvalue. This is mostusefulfor catchingerrorswherethe data
werecorruptedoetweerthe IBl generatinglevice andtherecordingsystem.
Theportionof theenginethatdetectserrorscanbetemporarilysuspended too mary
errorsoccurin a particularneighborhoodThis capabilitywasintroducedto minimize the
effectof theenginegeneratingasequencef datathatappearso bevalid but in factdeviates
from the original data. In practice,an obsenation of humangradersindicatesthat more
than2 or 3 consecutie correctionsarerarely if ever, used. If correctionsare occurring
with higher frequeng, the areais almostcertainly uncorrectable.In orderto establish
this behaior, a counteris incrementedeachtime a correctionis appliedanddecremented
eachtime anIBI is markedasOK. If the counterexceedsa valueof 3, the next IBI is not
examinedfor potentialerrorsandthe counteris again decrementedl’ he only exceptionto
thisrule is for IBI valuesat or exceedingthe maximumreportablehardwarevalue. These
IBls arereplacedwith avalid timestampor marked asuncorrectablevenif the counteris

atits maximumvalue.
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(2.1)

Thereareat leasttwo possibleapproacheto correctinglBls. In the rst, thesequence
of valuescouldbeviewedasa continuougunctionover time with somekind of smoothing
function appliedto deviations. Alternatively, sincewe have alreadyestablishedhat the
only typesof errorsthat canoccurin a streamof IBl dataarethe omissionof an event
andthe additionof a spuriousevent, we could try to reconstructhe seriesof eventsthat
may have causeda particularerror or sequencef errorsfrom the surroundinggood IBI
values.Fromthis we could make a reasonabl@pproximatiorof the original valuesof the
erroneousBls. Ourmethodtakesthesecondapproachusingasetof rulesto try to classify
theerrorsequencéhatled to anabnormalBl.

A humanconsideringBls canfrequentlydiscernerrorswherelBls have beensplit or
combineddueto somefaulty detection.TheseerrorsbhecomeapparentvhenlBI valuesare
plottedin sequencevith thevalueontheY axis. Figure2.2 demonstratethe appearance
of severalcommonerrortypeswhenplottedin this manner Whena speci c error pattern
hasbeenrecognized,t allows the humangraderto determinethe propercorrectionto
apply Humanexpertscan also recognizefaulty IBls if the reportedvaluesare outside
of the physiologically expectedrange. Additionally, mostIBI detectinghardware hasa
maximumvalueit will report. Any IBls atthis maximumvaluecanbe quickly recognized
aserrors.

Our automatectorrectionprocedureattempsto classify errorsin a mannersimilar to
humangraders.If anIBI hasbeen agged asa possibleerrorin the detectionphasethe
IBI is evaluatedwithin its contet by a seriesof rules designedto determinethe most
likely errortype thatmay have occurred.Eachrule represents possibleerrortype. The

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

Figure2.2: Appearancef errorsin IBI data

areinspecteds signi cant, asthe rst classi cationthatis acceptederminateshe search
processin orderto bedeemedanacceptablerror, the correctedvaluemustlie with some
thresholdof thereferencdBl andthelBI valuefollowing theinspectedBl. Thisthreshold
is generatedn a manneridenticalto thethresholdfor detectiondescribedn Equation2.1,
but the valuesfor the multiplier, thresholdminimum, andthresholdmaximummay differ
from the valuesusedfor detection. Like the valuesusedin the detectionprocessthese

weretrainedfor optimumperformancesdescribedn Section2.3.

2.2 Data

Evaluationof the methodwasbasedon IBI datagatheredirom 18 healtty ClemsonUni-
versitystudentdetweertheagesof 18 and24. The subjectperformeda seriesof motions
designedo simulateactive conditionsandhave a high probability of inducingerrors.Par
ticipantscompleted setsof the following tasksfollowed by an8 minutebaselineperiod:
punchingarms,jumping jacks,runningin place,andcrunches.Eachsubjectrepeatedhe
experimentthreetimeswith a differentdevice eachtime. Thesewerethe PolarS810(Lake
SuccessNY), theBiolog 3991 (UFI Corp.,Morro Bay, CA) with standardelectrodesand
the Biolog 3991 with fetrodes.In all, fty-four les containingl24,998usablelBls were

collectedand gradedby humanraters. Two ClemsonUniversity graduatestudentsvere
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Correction

Description

Cause

Hardwaretrigger

replacevalue outsideof max-
imum or minimum valuesal-
lowedby hardware

transmissiorerror

Split Divide an IBI into two equal| Missedheartbeat
values
Split 3 Divide an IBI into threeequal | Missedtwo heartbeats
values
Combine Add two IBIs together Falsetrigger
Combine2/ Split2 | Replacetwo IBI valueswith | Combinationof missedheart-
theiraverage beatandfalsetrigger
Combine2/ Split3 | Get three new IBI valuesby | Combinationof missedheart-
addingtwo anddividing them | beatandfalsetrigger

by three

Combine3/ Split 3

ReplacethreelBI valueswith
theiraverage

Combinationof missedheart-
beatandfalsetrigger

Physiologicaltrigger

Replace value outside maxi-
mum or minimum physiologi-
calvalue

Probablysomeuncaughterror
from above

Uncorrectable

Could not apply ary rule, but
IBI appeargaulty

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

given basictraining on the correctionof IBl dataandasked to independentlynspectthe
datafor errors. Their decisionsverecombinedinto a singlegroundtruth by acceptingall
correctionsthe humangradersagreedon. Decisionsthe humangradersdid not agreeon
weredeemedincorrectabl@andnot usedfor training purposes.

The humangraderscorrectedhe les usinga programdevelopedspeci cally for that
purpose.Theprogram(seeFigure2.3) allowedthemto view thelBI dataat multiple reso-
lutionsandapplyary of the correctionsallowed by our method.Humangradersverealso
allowed to addtheir own customcorrection. The programgenerated list of corrections
appliedon eachiBI presenin theoriginal le. Thislist wasdesignedo allow easyauto-
matedcomparisorbetweenhe humangradersandthe automatednethodto facilitatethe

training of our methodasdescribedn Section2.3.
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2.3 Training

In orderto achieve the bestresults,we useda portion of the datasetto train the adjustable
parametermtroducedn Section2.1accordingto thetrain andtestparadigm.The param-
etersall dealwith the thresholdgenerationprocess. Table 2.3 shavs a summaryof the
variablesalongwith the valuesusedfor testing.

Six of the fty-four les wereusedfor training. This amountedo 15,095total IBI
valuesto train on. We tried several differentsetsof parametersintil onewasfound that
seemedstable. For eachtraining passwe used ve valuesfor eachof the seven possible
parametersEachof thesix les wasrunthroughthe enginewith every possiblecombina-
tion of values. For each le at every combinationwe usedthe sumof the IBI valuesthat
bothhumansandthecomputeragreedverecorrectandthosethatall agreedvereaspeci ¢
errorasa metricfor the performancef the enginewith thatparameteset. The valuesfor
each le wereaddedandstoredasa total metricfor the performancewith that particular
parameteset. The maximumvaluein this N-cubeconsistingof 5 valueswasdeemedhe
bestresult.

SeveraldifferentN-cubeswvereused.We soughtonethathadmostof thevaluesin the
middle insteadof the edgeof thecube.The nal N-cubeusedfor theresultspresentedn
this thesiswasgeneratedisingthe parameteri table2.3. The parameter# thie N-cube
determinedto give the bestresultswere pb=5, m1=10, t1min=50, t1lmax=200,m2=25,
t2min=10,andt2max=100. It shouldbe notedthat throughoutthis training processan
of ine versionof theenginewasusedsothatwe couldusethe samesetof 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 valuesthatare putin the 3,5,10,15,25
buffer usedto determinehethresholdfor fu-
tureerrordetection.
multiplier 1 Multiplier usedin generatinghresholdor er- 1,5,10,25,50

ror detection

thresholdl min

Minimum thresholdgeneratedvhencreating
thresholdfor errordetection

10,50,70,100,150

thresholdl max

Maximumthresholdgyenerateavhencreating
thresholdfor errordetection

10,50,100,150,200

multiplier 2

Multiplier usedin generatingthresholdfor
correctionacceptance

1,5,10,25,50

threshold2 min

Minimum thresholdgeneratedvhencreating
thresholdfor correctionacceptance

10,50,70,100,150

threshold?2 max

Maximumthresholdyeneratedvhencreating
thresholdfor correctionacceptance

10,50, 100,150,200

Table2.2: Parametersisedin training.



Chapter 3

Results

In orderto provide a groundtruth for testingthe method,the humangraderswere rst

evaluatedagainstoneanother We computedherateof agreementor eacherrortypeas

Agree

3.1
Humanl+ Human2 Agree (3.1)

Rate =

WhereAgreeis the numberof valuesthe humangradersagreeduponfor eachcorrec-
tion type,Humanlis the numberof timesthe rst humangraderusedthatcorrectiontype,
andHumanz2is the numberof timesthe secondhumangraderusedthat correctiontype.
Resultscanbeseenin Table3.1

Severalimportantobsenationscanbe madefrom the resultsof the humanversushu-
mandata.First, thereareafew correctionghatdominatethe decisiongnadeby thehuman
graders. The mostcommondecisionwasto label an IBI or sequencef IBIs asuncor
rectable.This wasfollowed by the combineandsplit correctionandthenby the split cor-
rection. In areaghe humangradersagreedupon,thesethreecorrectionsmadeup 89% of
thetotal corrections Thereareseveralfactorsthatmay contrituteto theseerrorsoccurring
morefrequentlythanothers. The motionsusedin this studymaybe proneto causinghese

typesof errors. The prominenceof certainerrorsmay be relatedto the conditionsunder
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which datawascollected.In errorscausedy motion,thereis a high chancethatmary of
the errorsare causedy insufcient contactof the electrodewith the subject. This would
belikely to causemissedbeatswhich would be x edby splitting anIBI if it occurredin
isolationor by markinganareaasuncorrectablef it occurredfrequentlyenoughto cause
the datato be impossibleto reconstruct. Anotherfactorthat may contrikute to the high
usageandhigh rateof agreemenbf the split errorwould be thatit is oneof the easiesto
identify. It standsout plainly in a seriesof dataandis simpleenoughto be the obviously
correctsolutionif foundin isolation. Similar factorsmay contrikute to the high useof the
combineandsplit operation.Becausat is essentiallya smoothingoperation,someof its
usemaybedueto over smoothingtheoriginal data.

Several of the correctionswereusedan insigni cant portion of thetime. Combine3,
delete,replace,andreplaceN wereall usedon lessthan0.1% of the total dataset,and
combine3 anddeletewere never agreedupon by the humangraders. Thesecorrections
shouldprobablynot be part of ary automatedalgorithm becauseof their extremely low
rate of use. It shouldbe notedthat deleteandreplaceN arenot includedin the current
versionof the algorithm,andreplaceis only usedif the externaltimestampseemso be
valid whentherecevedIBI valueis not.

Anotherimportantobsenation is that the agreementate betweenthe humangraders
wasrelatively low whendecidinguponwhatcorrectionto apply While they wereableto
agreeif anareawasin needof correcting96% of thetime, the bestrate of agreementor
choosingwhatcorrectionto apply wasthe split correctionat 77%. Thereis arapidfall off
in therateof agreemenafterthis, with only 2 of theother12 possiblecorrectionshaving a
rateof agreementver 50%. Thelow agreementatesimply thatthe problemis dif cult. It
alsosuggestshatthe humangradergequireadditionaltraining. If the correctdatastream
is not obvious,thentheareashouldbe markedasuncorrectable.

Thenumberof correctionghatthe humangradersagreeduponwasusedasthe ground

truth for calculatingthe computers rateof successAreasthateitherhumangrademarked
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Correction 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 7%
Split3 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 humanagreementatesby correctiontype.

@ Uncorrectable

B Combine and Split
O Split

O Split 3

B Combine

@ Combine 2/ Split 3
B Combine 3/ Split 2
O Combine 3/ Split 3
W Replace

W Replace N

O Combine 3

O Delete

Figure 3.1: Percentcorrectionapplicationby humangradersin areasthe humangraders
agreednthecorrectionused
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asuncorrectabler thatthe humangradersdisagreedn werenot usedin thetraining pro-
cess.

As mentionedn Chapterl, the problemof correctingibi datacanbebrokenupinto the
two distinctareasof detectionandclassi cation. Table 3.2 shavs the computers detection
performanceon the training datain correctableareasthe humangradersagreedon. The
tableis brokendown by le to demonstrat&ow theresultsvariedacrosdifferentsubjects.
Some les, suchasSub09Polgrdemonstratea very high rate of agreemenbn handling
errors,while others,suchas Sub0O8Electrodehad a noticably poorerperformance.This
indicatesthat certaintypesof areaswith errorsarehandledbetterthanothersby the auto-
matedmethod. Overall, the humansand computeragreedon the classi cation of 99.0%
(97.0+ 2.0) of thedata.Thecomputemmadethe conserative choiceto leave anareaalone
on 60% of the erroneouslyabeledIBI values,leaving improperlyappliedcorrectionson
only 0.4% of the data. It is usually preferableto miss somecorrectionsinsteadof over
correctingthe data[8], sothe tendeng towardsleaving unsureareasaloneis promising.
Resultswveresimilaronthetestset,seenn Table3.3, thoughperformancevasnotasgood.
Thehumansandcomputeragreecon 97.4%(95.6+ 1.8) of thelabels. The computermade
erroneougorrectionon 58.3%of mislabeleddata(1.4/ (1.4 + 1.0)),and1.4%of thedata
waslabeledwith anerroneousorrection.This shawvs thatthe dispositiontowardsconser
vative correctiondid notholdin thetestset.More complec trainingmaybeableto change
this trendin future experiments.The differencebetweerclassi cationperfromancen the
testandtrainingsetsis illustratedin Figures3.2and3.3. Theareawith atleastoneentity
(humansor computermarkinganerroris brokenoutto shav the signi cant changen the
treatmenbf erroneougportionsof thedata.

Table3.4illustratesthe computers performanceat classi cationfor the combinedtest
and training set. The computers rate of agreementith the combinedhumangraders
is similar to the humangraders'rate of agreementvith one another Figure 3.5 shavs

the percentagreementf the humangraderswith one anotherfor eachcorrectionalong
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H=0K H=O0OK |H=Error | H=Error
File Name C=0K | C=Error| C=0K | C=Error Total
(#of IBIs) | (#of IBIS) | (#of IBIS) | (#0f IBIS) | (#of IBIS)
Sub08Electiode 2353 17 32 33 2435
SubO8Fetrode 2785 1 4 12 2802
SubO8Pvlar 2480 9 4 43 2536
Sub09Electiode 1643 19 28 61 1751
SubO9Fetrode 1662 14 6 74 1756
SubO9Pvlar 2550 2 7 55 2614
Totals 13473 62 81 278 13894
Percent 97.0% 0.4% 0.6% 2.0% 100%
Table3.2: Classi cationperformancentrainingset
H=0K H=0OK | H=Error | H=Error
File C=0OK |C=Error| C=0K |C=Error 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 cationperformancen testset

O Humans OK, Computer OK

W Humans OK, Computer Error
OHumans Error, Computer Ok
OHumans Error, Computer Error

Figure3.2: Classi cationperformancen training set
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EHumans OK, Computer OK

B Humans OK, Computer Error
OHumans Error, Computer Ok
OHumans Error, Computer Error

Figure3.3: Classi cationperformancen testset

with the agreementate for the computerwith both humans. The resultsappearto be
highly correlatedsuggestinghatareaghatthe humansaremoresureaboutprovide more
positive feedbacko thealgorithm. A training setwith a higherrateof agreemenbetween
thehumangraderamaybe ableto enhanceerformancef thealgorithm.

Figure3.4 shawvs the usageof variouserrortypesby theautomatednethod.lt is inter-
estingto notethe differencein distribution betweerthe automatednethodandthe human
graderswhoseerror usageis shavn in Figure 3.1 This would seemto indicatethatthe
automateanethodneedsmprovementn theclassi cationstageof errordetection.deally,
theautomatednethodwould applycorrectionsvith thesamefrequeny ashumangraders.

Figures3.6 through3.29 demonstratehe resultsof correctionson eachof the les in
thetraining set. Areasthatdropto 0 in the correcteddataare spotsthathave beenmarked
asuncorrectable Notice thatthe computerhandlesmostof the isolatederrors,like those

in gure 3.10 quitewell andhasdif culty handlingareasof concentrate@rrorslike those



Correction Computer | Humans Agree Percent
Type (#of IBIS) | (#0f IBIS) | (#0f IBIS) | Agreement
Nothing 113986 113291 111820 97%
Combine 383 162 132 32%
Combine3 0 0 0 -
Split 1324 1256 993 63%
Split3 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: Computervs humanagreementatesby correctiontype.

@ Uncorrectable

B Combine and Split
O Split

O Split 3

B Combine

@ Combine 2 / Split 3
B Combine 3/ Split 2
O Combine 3/ Split 3
W Replace

B Replace N

O Combine 3

O Delete

Figure3.4: Percentorrectionapplicationby theautomatednethod
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Figure3.5: Humanvs humanandhumanss/s computeragreemenby errortype

in Figure3.18 Theseareasof concentrate@rror shav the needto markan entireareaas

uncorrectablénsteadof consideringeachIBI individually.
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Chapter 4

Conclusions

This thesispresentsa methodfor the automaticcorrectionof 1Bl data. This automated
methodwas evaluatedagainsta pair of humangradersusingthe train andtestparadigm.
Thecurrentresultsndicatea97.5%agreemenn areaghathumansleemto becorrectable.
This is probablynot a high enoughrate of agreementor usein sensitve clinical studies,
but it may be usefulin situationswherethe errorsintroducedby invalid dataare more

problematidhanary issueghatmaybeintroducedby a pooragreementate.

4.1 Contribution

This studyaddsto the body of literatureon the automatedorrectionof heartinterbeatn-
tenals. In particular this is the only studythe authoris aware of thatcontainsa detailed
evaluationof the practicesof humangradersn correctinglBl datagatheredundercondi-
tionsthatmay interferewith theacquisitionof gooddata.This aloneprovidesa signi cant
foundationfor future studies.The attemptto correctheavily corrupteddatawith analgo-
rithm designedo be appliedwhile dataare gatheredis also, to the authors knowledge,
unique.This hasthepotentialto beatremendousoonto researcherazho wish to perform

analysisof IBI datain situationswhereanof ine correctionprocesss notfeasible.
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4.2 Futurework

Oneimprovementthat could be madeto this experimentis in the areaof humangrading.
Thehumangraderausedin this studyhadonly minimaltrainingbeforethey begancorrect-
ing thelBI data.Beforeseeingtheresultsof the humanscoring,we did notanticipatehow
differentlytwo humanswould correctlBI data,nor did we anticipatethe effect this would
have on ourtrainingmethod.Thelow agreementatebetweerthe humansappeardo have
had a negative impacton training the methodto properlyidentify errors,sincethe com-
puters agreementatetracksthe humanagreementatein Figure3.5. Thisgraphallowsus
to make the hypothesighatanincreasedateof agreemenbetweerhumangraderswvould
increaseéhe computers agreementvith the humansn a similar fashion. Oneway to im-
prove the humangradingwould beto give thehumangradersa betterunderstandingf the
physiologicalprinciplesunderlyingthecorrectionof IBI databeforethey beganthecorrec-
tion processUnderstandinghephysiologicalcause®f errorsallows thehumangradergo
have ametricoutsideof thedatato gaugetheappropriatenessf a particularcorrection.If a
suitablephysiologicalexplanationfor a particularerrorcannotbe determinedary applied
correctionshouldbe viewedassuspect.

Thetrainingusedin the currentversionof the programwasprimarily focusedon error
detection. Additional training methodsshouldbe examinedin orderto increasethe fre-
gueng of appropriateclassi cation. Therearea numberof potentialimprovementgo the
algorithmthat could make classi cationtraining easier Onesuchimprovementwould be
to re eachof therulesfor every agged IBI insteadof terminatingthesearchafterthe rst
acceptableorrection.The bestrule couldbe choserbasedon which one t the neighbor
ing databest. This improvementwould allow the possibility of differentweightson the
rulesbasedntheir frequeng of applicationby humangraders.

While the currentmethodhassomemeasure placeto evaluatelBls within the con-
text of their neighborseachlBI is still evaluatedindividually. The ability to evaluatean

entireneighborhoodf IBIs is animportantimprovementthat shouldbe examinedin fur-
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therdetail. Thisis particularlynecessaryvhenmarkingIBI valuesasuncorrectableThe
frequeng of errorsplaysalargerole in determiningthe recoverability of a particularsec-
tion of IBI data,andthis informationshouldbe usedappropriately Identifying areasof
uncorrectabledataare dependenbn morethana simple frequeng count, however, and
furtherstudyis requiredto determinethe bestapproach.

An evaluationof the methods impacton analyseshatmaybe dependendn the output
would be an appropriateaxtentionto the currentwork. IBl dataare beingexaminedand
correctedvith theintentof introducingthemto otherprocessefor furthercalculation.lt is
importantto know the effect of the correctionsnot just on the dataitself, but on the output
of theseadditionalstageslf theerrorsthatthecomputemalkeshavelittle impactonfurther
stagesthe currentimplementatiormay be acceptabléor someapplications.

In conclusionthisthesisprovidesafoundationfor furtherexplorationof theautomated
correctionof heartinterbeatnterval data. The currentmethodmaynotbesufcient for the
rigorousstandard®f clinical studies,but asthe eld of researclon realtime analysisof

IBI datagrowsit may prove to beausefulcomponenbf morecomplex systems.
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