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Abstract

Theauthors presentan investigationinto the incidences
of ectopyandartefactasa functionof timeofday, heartrate
and statechangesfor 19 normal subjects. Statechanges
are definedto bea statisticallysignificantchange in mean
or variance over a window of a few minutes. Artefact
incidence is shown to be significantly correlated with
statechange and heart rate in normal humans,whereas
ectopy exhibits no significant relationship. Artefact is
therefore shownto be a source of information which can
aid identificationof activity or statechangesandfacilitate
abnormalitydetectionin patientpopulations.

A timingthresholdsystemispresentedwhichdifferentiates
betweenartefact,ectopyand sinusbeats. A classification
systembasedupon the frequencyof artefact occurrences
in relation to statechanges is presentedwhich correctly
separates78% of the the real (normal) and artificial RR
interval timeseriesin event2 of theCinC Challenge 2002
(entryno. 38).

1. Intr oduction

Over the last twenty years there has been much
interest in methods for characterisingthe 24-hour RR
time seriesof humansin order to differentiatebetween
patientpopulationsandprovidediagnosticinformation.For
example, much work hasbeendone to evaluate24-hour
heart rate variability (HRV) metrics in a clinical setting
[1]. However, the utility of resultsusing thesemetricsis
still controversialandclinical communitiesarereluctantto
adoptsuchmetricsasmarkersof health[2].

Recent studies [2] have shown that variations in
physiological activity, at specific times, over the 24-
hour period are indicative of health and/or recovery.
Althoughsomeof themetricsusedto assesscardiovascular
activity arebaseduponquantificationsof realphysiological
mechanisms(manifest as spectralpeaksaroundspecific
frequencies[3]), noexplicit allowanceis madefor circadian

changesover thecourseof a 24-hourperiod.

Recent work has moved towards a more direct
quantificationof the behaviour of circadiancardiovascular
changes. In particular, Bernaola-Galv́an et al. [4] have
attemptedto quantify thebeat-to-beatvariationsof human
RRintervalsoveranumberof differenttime scales.

Analysesof suchvariationsoftenonly take into account
beat-to-beatchangesin normal(sinus)rhythm beatssince
inclusionof non-sinus(abnormal)beatsin theanalysiscan
causeseriouserrorsin estimationsof thevariability in the
RR time series[5]. However, the frequency of abnormal
beatshas beenshown to be an independentpredictorof
health of patientsin high risk groups[1]. Furthermore,
for similarrecordingprocessesanddetectionalgorithmsthe
frequency of artefact is alsorelatedto patientactivity [6].
Artefact may thereforeprovide an independentsourceof
informationaboutthe circadianvariationsover the course
of a24-hourrecording.

Methodsfor describingandquantifyingcircadiansinus
rhythm changesas an aid to detecting normal human
cardiovascular activity (and therefore deviations from
normality) are presentedin an accompanying paper ‘A
Methodfor generatingsyntheticRR time seriesof normal
humansover 24-hours’ (entry number 201 in event 1
of the the Physionet/Computersin Cardiology (CinC)
Challenge2002). This paperinvestigatesthe incidenceof
ectopy andartefactin thePhysionetNormalSinusRhythm
database(NSRDB) [7] in relationto means,variancesand
accelerationsin theRRtimeseries.Theresultsareusedfor
generatingrealisticectopy andartefact in the above entry
for event1 of thetheCinCChallenge2002.

Simplebeat-to-beatRRintervalaccelerationthresholding
is used to label ectopy and artefact. These threshold
calculationsareusedto assessthe incidenceof ectopy and
artefactfor all entrantsin event2 of thetheCinCChallenge
2002(entrynumber38).
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Figure 1. Fifteen minutes of RR interval data for a
normalsubject(16265)in the PhysionetNSRDB. A state
changeis consideredto have occuredwhen adjacent100
secondsegmentshavesignificantlydifferentmeans( ��� ,��� )
or variances( 	 �� , 	 �� ).

2. Description of data

In theshortterm,over a periodof oneto five minutes,a
normalhealthyhumanRR time seriesis characterisedby a
few dominantfrequency componentswhich, togetherwith
their variancesand the local meanRR interval (averaged
over 100 to 300 seconds),tend to changequite slowly.
Within suchsegments,cardiovascularactivity is considered
to be approximately stationary and frequency domain
analysisis often employed [1]. A shift in cardiovascular
stateis associatedwith a changein both the local mean
RRinterval andtherelativecontributionsof thecomponent
frequenciesaswell asa consequentchangein variance[4].
Suchstateswitching is often accompaniedby changesin
physicalor mentalactivity andthereforethe frequency of
suchshiftsmaybeanindicationof thecircadianactivity of
a subject.

Considertwo 100 secondsegmentsbeforeand after a
givenRR interval with means��� and ��� andvariances	 ��
and 	 �� respectivley. In this paper, a statestatechangeis
consideredto have occuredif � � is significantlydifferent
from ��� , or 	 �� is significantlydifferentfrom 	 �� . Figure1
illustratesa statetransition(at 
�� 
�����
���� seconds).Note
the meanandvariancechange100 secondseitherside of
thetransition.

3. Distrib ution of artefacts and ectopic
beatsin real data

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

thePhysionetannotations)suchthata conventionalR-peak
detectorwould label it as a beat. Ectopic or abnormal
beatsare defined to be those labelled by L, R, A, a J,
S, V, r, F, e, j, n, E, P, f, Q, or ?. Theseare usually
identified by expertsbecauseof the associatedabnormal
morphologyandtiming with respectto normalsinusbeats
(labelled‘N’). Thispaperdealsonly with aspectsof beatto
beattiming. Abnormalbeatsareoftendefined(in termsof
their timing) asoccurringeitherunusuallyearlyor latewith
respectto a sinusbeat. It shouldbe notedthat the actual
time stampof the abnormalbeator artefact dependsboth
uponthe morphologyof the beat/artefact and the method
of detection. The Physionetdatabasehasbeenscoredby
clinicianswho appearto have attemptedto locatethe top
of theR-peakin a leadII configuration.This is effectively
thefunctionthatmany standardbeatdetectorssuchassqrs
perform[7].

In the absenceof morphologicalinformation, standard
textsdefinebeatsto beabnormalif theRRinterval changes
by more than 20% of the previous normal to 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) andsinus
to artefact (N-A) in termsof percentagechangefrom the
previousN-N interval for the 19 subjectsin the Physionet
NSRDB. In effect, this quantifiesthe relative acceleration
of the instantaneousheart rate ( ����� ). The percentage
changein then��� RRinterval is calculatedusing

 ����!�"#
$���%� ����!%&'����!)( ���� !)( � � (1)

If �  ��� ! � is greaterthansomethreshold* , the two beats
that constitutethe currentRR interval aredefinedto be a
non-sinusbeatpair (abnormalRR interval) and therefore
the following RR interval mustbe ignored(as it includes
thecurrentabnormalbeat).

Figure 2 illustrates the distribution of �  ���%� for all
3 beats pairs of beat categories (N-N, N-E and N-A).
Note that thereis only a relatively small overlapbetween
the distributions of eachpair, indicating that theremight
be someoptimal thresholdsto be chosenfor a particular
application.Figure3 illustratesthepercentageof N-E and
N-A timings that are removed and the percentageof N-
N beatsthat remain for +-,.*0/1�2
 . The choice of
thresholdthereforedependson the prevalenceof artefact,
theapplicationandtheassociatedtolerances.

By inspectingthe RR time seriesfrom the NSRDB it
is possibleto observe ‘clumping’ of artefactson or near
statechanges. If this observation 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( � � ,� � ) or variances
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Figure2. Distributionof absolutepercentagechangein RR
interval ( �  ���3� ) for sinusto sinusbeats(upperplot), sinus
to ectopicbeats(middleplot) andsinusto artefacts(lower
plot) for all 19 subjectsin thePhysionetNSRDB.
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Figure3. Percentageof N-N beatpairsremaining( 4 ), N-E
( 5 ) andN-A ( 6 ) removedfor +)798:*;/<��=>7 for all 19
subjectsin theNSRDB

( 	 �� , 	 �� ). Thisis testedby locatingall theN-A beatintervals
andperformingStudent’s t-teston sectionsof theRR time
serieseither side of the artefactual RR interval. If we
cannotrejectthe null hypothesisthat the meansareequal,
thenwe test for unequalvarianceswith the F-test[8]. If
either the t- or F-test indicatesa statistically significant
changein meanor variancerespectively, a statechange
is assumedto have occurredat this point. The lower plot
in figure 4 illustrates the percentageof N-A beatsthat
havesignificantlydifferentmeansor variances100seconds
either side of the artefact for eachof the 19 subjectsin
the NSRDB. Note that 14 of the 19 subjectshave over
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Figure4. Percentageof significantlydifferentstates( � �@?"� � or 	 �� ?"A	 �� ) in 100 secondsegemtsbeforeand after
artefact (lower plot) andectopicbeats(upperplot), tested
using t- and F-testsfor all 19 subjectsin the Physionet
NSRDB.

80%of theirartefactsassociatedwith statechangesandthe
remaining4 subjectshave between40% and75% of their
artefactsassociatedwith statechanges.In contrastto this,
N-E beatpairsshow noparticulartrend,andaredistributed
evenlybetweenzeroand100%(figure4, upperplot).

The frequency of ectopy is therefore independentof
time in relation to state changes,and (in subjectswith
at leastsomeectopy) the frequency is approximatelyone
abnormalbeatperhour. However, thepresenceof artefact
is linked both with statechangeandmeanheartrate. The
model (describedin the accompanying conferencepaper,
‘Method for generatingan artificial RR time seriesof a
typical healthyhumanover 24-hours’),usesthreeseparate
probability distributionsareused;P(ectopy), P(artefact in
a state), P(artefact at a state change). The latter two
distributionsareHR dependent.

4. Using B CEDFD�GHB thresholding to identify
ectopy and artefact in unlabelled data
for normality classification.

The techniquesof the previous two sectionsareapplied
to unlabelledRR interval data in event 2 of the CinC
Challenge2002. The dataconsistsof 50 RR time series,
approximately50%of which aregeneratedartificially and
50% of which are derived from real ECGs of normal
patientssimilar to thosefoundin theNSRDB.Thepurpose
of this exerciseis to ascertainif the activity of the patient
is normal or abnormalfrom an analysisof artefact alone
(artificial RR time seriesareassumedto exhibit abnormal
artefactdistributions).



However, whenanalysingunlabelleddata,thresholding
using equation 1 alone may lead to problems at state
changes. As the ���I� accelerates(as is often the case
betweenstates),the

 ���I! betweensinusbeatsis often
greaterthan20 %. If the meanHR of a subsequentstate
is sufficiently different,andthe variance,of the next state	 �� , sufficiently low, all thefollowing state’sN-N beatswill
beexcludedsincethelastacceptedsinuslabelwill befrom
thepreviousstate(with a muchlower or higherassociated
RR interval value). The solution to this is to checkboth
thecurrentRR interval and thenext but one,thenAND the
resultsof eachtest. i.e. a beatis definedto be abnormal
if �  ��� ! �HJK* & �  ��� !�L ���MJK* . Although someN-N
timingswith largeaccelerationsmaybeomittedby sucha
method,recovery is rapid,becausethe subsequent

 
RR’s

arelikely to besimilar to thelastacceptedRR interval.
Eachof the 50 RR time seriesweretestedin two steps.

i) The percentagechangein eachRR interval is measured
and if �  ����!���,N
O=>7 the current RR interval and the
following RR interval arelabelledas‘ectopic’ andignored
for the next comparison. If �  ����!P�Q,R=���7 then the
RR interval andthe following RR interval are labelledas
artefactual. ii) The t- and F-test are then performedon
100 secondsegmentseithersideof eachartefact label. In
orderto ensurethatoutliers(mislabelledartefactsorectopic
beats)do not affect the results, the largest and smallest
10% of the RR intervals in the sectionsbeing testedare
discarded.A classificationis thenmadefor eachsubjectas
follows: if morethan70%of theartefactsaresignificantly
associatedwith a statechange,thenthe RR time seriesis
deemedto come from a normal subject(i.e. it was not
artificially generated).This thresholdinggaveascoreof 67
( SUTVXW correctlyclassified)in event 2 of the CinC Challenge
2002(entrynumber38).

5. Conclusions, limitations and futur e
work

Resultsindicatethat ectopy doesnot have a significant
correlation with time of day or HR, although the total
number of ectopic beats is low and analysisof further
datasetsmay give a differentresult. Artefact incidenceis
correlatedwith local meanRR interval suchthatartefactis
lower during low heartrateperiodssuchassleep,except
when local meanHR increases(possiblyrelatedto sleep
stagechanges).Out of sleep,the incidenceof artefact is
higher, particularly at steepchangesin local meanHR,
when statechangesoccur and the meanor varianceover
a 100secondwindow changessignificantly, againpossibly
relatedto changesin levelsof activity.

Artefact is thereforeassociatedwith changesin activity
independentof the information in the RR time series
formed from the sinus beats. The increasein artefact

incidenceat statechangesmaybelinkedto thechangesin
patientactivity thatprecipitate,or arearesultof, thesestate
changes.

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