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Abstract

Theauthors presentan investigationinto theincidences
of ectopyandartefactasa functionof timeof day heartrate
and statechangesfor 19 normal subjects. Statechanges
are definedto be a statisticallysignificantchange in mean
or variance over a window of a few minutes. Artefact
incidence is shown to be significantly correlated with
state change and heart rate in normal humans,whereas
ectopy exhibits no significant relationship. Artefact is
therefore shownto be a souice of information which can
aid identificationof activity or statechangesand facilitate
abnormalitydetectionin patientpopulations.

Atimingthresholdsystenis presentedvhich differentiates
betweenartefact, ectopyand sinusbeats. A classification
systembasedupon the frequencyof artefact occurrences
in relation to state changesis presentedwhich correctly
sepantes 78% of the the real (normal) and artificial RR
interval time seriesin event2 of the CinC Challenge 2002
(entryno. 38).

1. Intr oduction

Over the last twenty years there has been much
interest in methodsfor characterisingthe 24-hour RR
time seriesof humansin order to differentiatebetween
patientpopulationsandprovide diagnostianformation. For
example, much work hasbeendoneto evaluate 24-hour
heart rate variability (HRV) metricsin a clinical setting
[1]. However, the utility of resultsusingthesemetricsis
still controversialandclinical communitiesarereluctantto
adoptsuchmetricsasmarkersof health[2].

Recent studies [2] have showvn that variations in
physiological actvity, at specific times, over the 24-
hour period are indicative of health and/or recovery.
Althoughsomeof themetricsusedto assessardiovascular
actiity arebaseduponquantification®f realphysiological
mechanismgmanifestas spectralpeaksaround specific
frequencie$3]), noexplicit allowanceis madefor circadian

change®verthe courseof a 24-hourperiod.

Recent work has moved towards a more direct
quantificationof the behaviour of circadiancardiovascular
changes. In particular Bernaola-Galéan et al. [4] have
attemptedo quantify the beat-to-beavariationsof human
RRintervalsoveranumberof differenttime scales.

Analysesof suchvariationsoftenonly take into account
beat-to-beathangesn normal (sinus)rhythm beatssince
inclusionof non-sinugabnormal)beatsin the analysiscan
causeseriouserrorsin estimationsof the variability in the
RR time series[5]. However, the frequeng of abnormal
beatshasbeenshavn to be an independenpredictor of
health of patientsin high risk groups[1]. Furthermore,
for similarrecordingprocesseanddetectioralgorithmsthe
frequeng of artefactis alsorelatedto patientactiity [6].
Artefact may thereforeprovide an independensourceof
informationaboutthe circadianvariationsover the course
of a24-hourrecording.

Methodsfor describingand quantifying circadiansinus
rhythm changesas an aid to detecting normal human
cardiovascular activity (and therefore deviations from
normality) are presentedin an accompawging paper ‘A
Methodfor generatingsyntheticRR time seriesof normal
humansover 24-hours’ (entry number 201 in event 1
of the the Physionet/Computersn Cardiology (CinC)
Challenge2002). This paperinvestigateghe incidenceof
ectopy andartefactin the PhysionefNormal SinusRhythm
databas€NSRDB)[7] in relationto meansyariancesand
accelerationf the RRtime series.Theresultsareusedfor
generatingrealisticectofy andartefactin the above entry
for event1 of thethe CinC Challenge2002.

Simplebeat-to-beaRRinterval acceleratiothresholding
is usedto label ectory and artefact. Thesethreshold
calculationsareusedto assessheincidenceof ectopy and
artefactfor all entrantdn event2 of thethe CinC Challenge
2002(entrynumber38).
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Figure 1.  Fifteen minutes of RR interval datafor a
normal subject(16265)in the PhysionetNSRDB. A state
changeis consideredo have occuredwhen adjacentl00
secondsegmentshave significantlydifferentmeang ,u2)
or variancego?, o3).

2. Description of data

In the shortterm, over a periodof oneto five minutes,a
normalhealthyhumanRR time seriesis characterisetty a
few dominantfrequeng componentsvhich, togethemwith
their variancesand the local meanRR interval (averaged
over 100 to 300 seconds),tend to changequite slowly.
Within suchsegmentsgcardiovasculamactiity is considered
to be approximately stationary and frequeng domain
analysisis often employed [1]. A shift in cardiovascular
stateis associatedvith a changein both the local mean
RRinterval andtherelative contributionsof thecomponent
frequenciesaswell asa consequenthangan variance4].
Suchstateswitchingis often accompaniedy changesn
physicalor mentalactivity andthereforethe frequeng of
suchshiftsmaybeanindicationof the circadianactiity of
asubject.

Considertwo 100 secondsggmentsbefore and after a
givenRR interval with meansu; andu, andvariancesr?
ando? respectiley. In this paper a statestatechangeis
consideredo have occuredif p; is significantly different
from o, or o7 is significantlydifferentfrom o3. Figurel
illustratesa statetransition (at 1.42 x 10* seconds).Note
the meanand variancechangel00 secondsither side of
thetransition.

3. Distribution of artefacts and ectopic
beatsin real data

In this paper artefacts are definedto be disturbances
in the ECG with beat-like morphology(labelledby ‘|’ in

the Physionetainnotationsyuchthata corventionalR-peak
detectorwould label it as a beat. Ectopic or abnormal
beatsare definedto be thoselabelledby L, R, A, a J,

S,V, ., Fej n E PBf Q, or? Theseare usually
identified by experts becauseof the associatecabnormal
morphologyandtiming with respecto normalsinusbeats
(labelled'N’). This paperdealsonly with aspect®f beatto

beattiming. Abnormalbeatsareoften defined(in termsof

theirtiming) asoccurringeitherunusuallyearlyor latewith

respectto a sinusbeat. It shouldbe notedthat the actual
time stampof the abnormalbeator artefact dependsoth
uponthe morphologyof the beat/artedict and the method
of detection. The Physionetdatabasédasbeenscoredby

clinicianswho appearto have attemptedo locatethe top

of the R-peakin aleadll configuration.This is effectively

thefunctionthatmary standareatdetectorsuchassqrs

perform[7].

In the absenceof morphologicalinformation, standard
texts definebeatso beabnormalf the RR interval changes
by more than 20% of the previous normalto normal (N-
N) beat[1]. However, abnormal(ectopic)beatscanoccur
within the tolerancesof normality. This sectionpresents
resultsquantifying the distribution of timings of sinusto
sinusbeats(N-N), sinusto ectopicbeats(N-E) and sinus
to artefact (N-A) in termsof percentagehangefrom the
previous N-N interval for the 19 subjectsin the Physionet
NSRDB. In effect, this quantifiesthe relative acceleration
of the instantaneouseart rate (HR;). The percentage
changen thent® RRinterval is calculatecusing

RR, —RRn-1

ARR, =1
RR 00 x RR._,

)

If |]ARR,| is greaterthansomethreshold), the two beats
that constitutethe currentRR interval are definedto be a
non-sinusbeatpair (abnormalRR interval) and therefore
the following RR interval mustbe ignored(asit includes
thecurrentabnormabeat).

Figure 2 illustrates the distribution of [ARR| for all
3 beats pairs of beat categories (N-N, N-E and N-A).
Note that thereis only a relatively small overlap between
the distributions of eachpair, indicating that there might
be someoptimal thresholdsto be chosenfor a particular
application.Figure 3 illustratesthe percentagef N-E and
N-A timings that are removed and the percentageof N-
N beatsthat remainfor 3 > A < 24. The choice of
thresholdthereforedependson the prevalenceof artefact,
theapplicationandthe associatedolerances.

By inspectingthe RR time seriesfrom the NSRDB it
is possibleto obsere ‘clumping’ of artefactson or near
statechanges. If this obsenation is true for all artefacts
then short sectionsof the RR time series(approximately
100 secondsin length) either side of an artefact should
exhibit significantly different means(u,,u2) or variances



5 Distribution of sinus beats, ectopic beats and artefacts for NSRDB
x 10

Normal-to-normal

Normal-to-ectopic

0 5 10 15 20 25 30 35 40 45 50

Normal-to-artefact
1000

500

0 10 20 30 40 50 60 70 80

Figure2. Distribution of absoluteercentagehangeén RR
interval (|ARR|) for sinusto sinusbeatgupperplot), sinus
to ectopicbeats(middle plot) andsinusto artefacts(lower
plot) for all 19 subjectdn the PhysioneNSRDB.
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Figure3. Percentagef N-N beatpairsremaining(x), N-E
(+) andN-A (A) removedfor 3% < X < 25% for all 19
subjectdn the NSRDB

(02, 02). Thisistestedoy locatingall theN-A beatintervals
andperformingStudents t-teston sectionsof the RR time
serieseither side of the artefactual RR interval. If we
cannotrejectthe null hypothesighatthe meansareequal,
thenwe testfor unequalvarianceswith the F-test[8]. If
either the t- or F-testindicatesa statistically significant
changein meanor variancerespectiely, a statechange
is assumedo have occurredat this point. The lower plot
in figure 4 illustratesthe percentageof N-A beatsthat
have significantlydifferentmeansor variancesl00seconds
either side of the artefact for eachof the 19 subjectsin
the NSRDB. Note that 14 of the 19 subjectshave over

Percentage of significantly different states before and after artefact and abnormal beats
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Figure4. Percentagef significantlydifferentstatequ, #

p2 Or o2 # o32) in 100 secondsegemtsbefore and after
artefact (lower plot) and ectopicbeats(upperplot), tested
using t- and F-testsfor all 19 subjectsin the Physionet
NSRDB.

80%of theirartefactsassociatedavith statechangesandthe
remaining4 subjectshave betweend0% and 75% of their
artefactsassociatedvith statechanges.n contrastto this,
N-E beatpairsshow no particulartrend,andaredistributed
evenly betweerzeroand100%(figure4, upperplot).

The frequeng of ectopy is thereforeindependentof
time in relation to state changes,and (in subjectswith
at leastsomeectopy) the frequeng is approximatelyone
abnormalbeatper hour However, the presencef artefact
is linked both with statechangeand meanheartrate. The
model (describedin the accompaying conferencepaper
‘Method for generatingan artificial RR time seriesof a
typical healthyhumanover 24-hours’),usesthreeseparate
probability distributions are used; P(ectoyy), P(artefctin
a state), P(artefict at a state change). The latter two
distributionsareHR dependent.

4. Using |ARR,,| thresholding to identify
ectopy and artefact in unlabelled data
for normality classification.

The techniquef the previoustwo sectionsareapplied
to unlabelledRR interval datain event 2 of the CinC
Challenge2002. The dataconsistsof 50 RR time series,
approximately50% of which aregenerateartificially and
50% of which are derived from real ECGs of normal
patientssimilar to thosefoundin theNSRDB. The purpose
of this exerciseis to ascertairif the activity of the patient
is normal or abnormalfrom an analysisof artefact alone
(artificial RR time seriesareassumedo exhibit abnormal
artefactdistributions).



However, whenanalysingunlabelleddata, thresholding
using equation1 alone may lead to problemsat state
changes. As the HR; accelerateqas is often the case
betweenstates),the ARR,, betweensinus beatsis often
greaterthan 20 %. If the meanHR of a subsequenstate
is sufficiently different,andthe variance,of the next state
a2, suficiently low, all thefollowing states N-N beatswill
be excludedsincethelastacceptedinuslabelwill befrom
the previous state(with a muchlower or higherassociated
RR interval value). The solutionto this is to checkboth
the currentRR interval andthe next but one,thenAND the
resultsof eachtest. i.e. a beatis definedto be abnormal
if |]ARR,| > A & |ARR, 42| > A. AlthoughsomeN-N
timings with large accelerationsnay be omittedby sucha
method,recovery is rapid, becausehe subsequenfARR’s
arelikely to besimilarto thelastacceptedRR interval.

Eachof the 50 RR time seriesweretestedin two steps.
i) The percentagehangein eachRR interval is measured
andif |ARR,| > 15% the currentRR interval andthe
following RR interval arelabelledas‘ectopic’ andignored
for the next comparison. If |ARR,| > 50% then the
RR interval andthe following RR interval are labelledas
artefactual. ii) The t- and F-testare then performedon
100 secondsggmentseither side of eachartefactlabel. In
orderto ensurahatoutliers(mislabelledartefactsor ectopic
beats)do not affect the results, the largestand smallest
10% of the RR intervals in the sectionsbeing testedare
discardedA classifications thenmadefor eachsubjectas
follows: if morethan70% of the artefactsaresignificantly
associatedvith a statechange thenthe RR time seriesis
deemedto come from a normal subject(i.e. it was not
artificially generated)This thresholdingyave a scoreof 67
(% correctly classified)in event 2 of the CinC Challenge
2002(entrynumber38).

5. Conclusions, limitations and future
work

Resultsindicatethat ectory doesnot have a significant
correlationwith time of day or HR, althoughthe total
number of ectopic beatsis low and analysisof further
datasetsmay give a differentresult. Artefactincidenceis
correlatedwith local meanRR interval suchthatartefactis
lower during low heartrate periodssuchas sleep,except
whenlocal meanHR increaseqpossiblyrelatedto sleep
stagechanges).Out of sleep,the incidenceof artefactis
higher, particularly at steepchangesin local meanHR,
when statechangesoccur and the meanor varianceover
a 100secondvindow changesignificantly againpossibly
relatedto changesn levelsof activity.

Artefactis thereforeassociatedvith changesn actiity
independentof the information in the RR time series
formed from the sinus beats. The increasein artefact

incidenceat statechangesmay be linkedto the changesn
patientactiity thatprecipitate pr arearesultof, thesestate
changes.

Due to the overlap of the distribution of RR interval
changes,timing techniqueswill always lead to a small
numberof errorswhich may significantly affect resultsof
certaincardiovasculametrics[6, 5]. However, information
from the morphology of each beat can significantly
improve the beattype classification[9, 10] and could be
combinedwith timing information to improve automatic
beatlabelling.
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