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Abstract

We addressthe challenge of distinguishingphysiola@ic
interbeat interval time series from those geneiated by
synthetic algorithms via a newly developed multiscale
entopy method. Traditional measues of time series
compleity only quantifythedegreeof regularity ona single
time scale However, many physiolaic variables, sudch
as heart rate uctuate in a very complex mannerand
presentcorrelations over multiple time scales. We have
proposeda new methodto calculate multiscale entropy
from comple signals. In order to distinguish between
physiolgic and synthetictime series, we r st applied
the methodto a learning set of RR time series derived
from healthysubjects.We empirically establishedselected
criteria characterizing the entropy dependencen scale
factor for thesedatasets. e then applied this algorithm
to the CinC 2002 testdatasets.Using only the multiscale
entopymethodwecorrectlyclassi ed48 of 50 (96%)time
series. In combinationwith Fourier spectal analysis,we
correctlyclassi edall timeseries.

1. Intr oduction

Heartratevariability is theoutputof multiple physiologic
control mechanismghat operateon a wide rangeof time
scales. As a result, cardiacinterbeat(RR) time series
underhealthyconditionshave acomple temporalstructure
with multiscalecorrelations[1, 2]. In contrast,synthetic
time seriesaremostlik ely the outputof simplerdynamical
systems,and therefore, will be anticipatedto have less
complex temporal structuresthan their “true” biologic
counterparts.

Classicalentropy and physiologiccompleity concepts
do not have a straightforvard correspondence.Entropy
is relatedto the degreeof “randomness’of a time series
and it is maximum for completely uncorrelatedrandom
signals. Compleity is relatedto the underlyingstructure
of atime seriesandits information content. An increase
of the entropy assignedo a time seriesusually but not
always, correspondgo an increaseof underlying system
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compleity. Entropy-basedalgorithms[3, 4] for measuring
thecompleity of physiologictime serieshave beenwidely

used. They have proved to be useful in discriminating
betweenhealthy and diseasestates[5, 6], althoughsome
resultsmay leadto misleadingconclusions.For example,
the entropy that thesealgorithms assignto time series
derived of the ventricularresponsen atrial brillation is

muchhigherthanthatassignedo sinusrhythmtime series
derived from healthysubjects. However, healthysystems
generatemuch more complex outputsthan diseasednes.
Traditionalalgorithmsaresingle-scaldasedandtherefore
fail to accountfor the multiple time scalesinherentin

physiologic systems. We have proposeda nev method
[7] to calculatemultiscaleentropy (MSE) from complex

signals.

In 1991, Zhang [8, 9] proposeda nen compleity
measureapplicableto physical systems. His measure,
de ned as a weightedsum of scale-dependergntropies,
has the desirableproperty of yielding higher values for
correlatednoisesthan for uncorrelatedones. However,
since it is basedon Shannors de nition of entropy, it
requiresa huge numberof almostnoise-freedata points
[10]. Therefore, the possibility of applying Zhangs
measurdo real world biologic time seriesis very limited.
In contrastpur relatedmethodis basedntheapproximate
entrory (ApEn) family of parameterswhich have been
widely applied to physiologic and medical time series
analysiq3].

2. Methods

We brie y describehe MSE method.

Given a time series, , we rst
construct consecutie coarse-grainedtime series by
averaginga successiely increasingnumberof datapoints
in non-overlappingvindows (Figurel).Eachelemenof the
coarse-gainetime series, , is calculatedaccordinglyto
theequation:

1)
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Figure 1. Schematicillustration of the coarse-graining
procedurdor scales2 and3.

where representshe scalefactorand . For
scalel, thecoarse-grainetime serieds simply theoriginal
time series.

Then, we calculate sample entropy (SampEn)[4], a
re nement of the original ApEn statistics[3], for each
coarse-grainetime seriesplottedasa functionof the scale
factor .

The MSE methodappliedto white and noises,.e.,
uncorrelatedand correlated uctuations (Figure 2), shavs
thatfor scalel the entrogy for white noiseis muchhigher
thanfor noise[7]. However, while theentrogy for
noiseremainsalmostconstanfor all scalestheentroyy for
white noisemonotonicallydecreasesvith scalesuchthat,
for scaledargerthan4 it is lower thanthe entropy for
noise. This resultis consistentwith the fact that, unlike
white noise, 1/f noise containsstructuresacrossmultiple
time scales.

The MSE method applied to the cardiac interbeat
interval time seriesderivedfrom youngandelderly healthy
subjects subjectswith congestie heartfailure (CHF) and
subjectawith atrial brillation (AF), revealsthatcompleity
degradeswith diseaseand aging[7]. For scaleone, AF
timesseriesareassignedhehighestentropy valueandCHF
time seriesandtime seriesderived from healthysubjects
are assignedsimilar entrogy values. However, for larger
time scales,we verify that: a) the entropy for AF time
seriesmonotonicallydecreasesimilar to white noise,and
for scaledargerthan10 is lower thanthe entrofy assigned
to timesseriederivedfrom healthysubjectsh) theentrogy
for CHF time seriesis lower than that for time series
derivedfrom healthysubjecton all time scaleshut the rst
one.In addition,the poorestseparatiorbetweeryoungand
elderly healthysubjectccursfor scaleone,theonly scale
that is traditionally studied. Therefore,MSE resultsare
compatiblewith the conceptthat youthful healthysystems
arethemostcomplex ones.

In orderto distinguishbetweenthe physiologicandthe
synthetictime seriesmade available for the CinC 2002
challenge,we rst appliedthe MSE methodto a training
setof cardiacinterbeainterval time seriesderived from 20
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Figure 2. MSE analysisof Gaussiandistributed white

noise (meanzero, varianceone) and noise. On the
y-axis, the value of sampleentropy (SampEn)[4] for the
coarse-grainetime seriesis plotted. Parametersre:
datapoints, and The scale
factorspeci esthenumberof datapointsaveragedo obtain
eachelementof the coarse-grainedime series. Symbols
representesultsof simulationsand dottedlines represent
analytic results. SampEnfor coarse-grainedavhite noise
time series,is analytically calculatedby the expression:

(for ary ). and referto the scalefactorandto
the error function, respectiely.  is de ned in Ref. [3].
For noisetime series the analyticvalue of SampEnis
aconstantAdaptedfrom Ref[7].

healthyelderly subjects,10 malesand 10 females(mean
age SD, years),and20 healthyyoungsubjects10

male and 10 female (meanage SD, yr). Then,

we empirically establishedselectedcriteria characterizing
the entrofy dependencen scalefactor for thesehealthy
subjects.Next, we appliedthe algorithmto the CinC 2002

testdatasets.

3. Results

In Figure 3 we presentthe resultsof the MSE method
for thetraining setthatincludes20 healthyelderly subjects
(meanage SD, years)and20healthyyoungsubjects
(meanage SD, years). Two typesof curvesare
characteristicof healthy systems. For young subjects,
the entropy for coarse-grainetime seriesincreasesip to
approximatelytime scale5 and then stabilizesfor larger
time scales. For elderly subjects, entropy for coarse-
grainedtime seriesinitially decreaseslightly and then
progressiely increases.For larger time scalesit tendsto
stabilize. Using this training setwe de ned the rangeof
physiologicallymeaningfulentrogy values. The upperand
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Figure3. MSE analysisof thecardiacinterbeatime series
derived from 20 healthy young subjectsand 20 healthy
elderly subjects. Valuesare given as means standard
error. Parameterdor calculating SampEnare ,

and . For all time scalesthevaluesof
entropy for coarse-grainetime seriesobtainedrom elderly
subjectsare signi cantly ( ; t-test) lower than
thosefrom youngsubjects.The pooresiseparatiobetween
groupsis obtainedfor scaleone,indicatingthe importance
of calculatingentropy over differentscales.Adaptedfrom
Ref. [7].

thelower limits of thisrangearesetasmeanvalue ,
respectiely. MSE curves with similar patternsto those
presentedn Figure 3 and for which the entropy values
are within the rangede ned by the physiologicintervals
wereconsideredsbelongingto physiologictime series.In
all other casesthe MSE curveswere consideredo have
derivedfrom synthetictime series.

We appliedthe MSE methodto all CinC 2002 datasets.

Results are presentedin Figures4 and 5. For easier
interpretationof the results,these gures include alsothe
meanvalues(symbols)and SD (error bars)of entroyy for

coarse-grainedime seriesderived from our training set.
(Insteadof consideringthe resultsfor young and elderly
subjectsseparatelyasin Figure3, in Figures4 and5 mean
valueswerecalculatedoy poolingbothsub-groups.)

The patternsof all MSE curvesincludedin Figure4 are
similar to thosepresentedn Figure3. In addition,entrogy
values are within the limits de ned by the physiologic
range. Thereforethesecurveswereidenti ed asbelonging
to physiologictime series.

In Figure 5, top panel, we presentall MSE curvesin
which the entropy monotonicallydecreasefor morethan
7 consecutie time scales.This patternit similarto theone
obtainedwith white noise,in which casethe entroyy is a
monotonicdecreasindgunction of the scalefactor (Figure
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Figure 4. MSE results for time series from CinC

2002 Challengeidenti ed as physiologic. Parameterdor
calculatingSampErare , and .
Symbolsand errorsbarsrefer to meanand SD valuesof
MSE resultsobtainedwith thetrainingsetconsideringyoth
youngandelderlyhealthysubjects.

2). The resultssuggestthat all thesetime serieshave a
commonunderlyingrandomstructureand thereforewere
classi edassynthetic.

In thebottompanelof Figure5, we presentheremaining
MSE curves. For all thesecurves one or both of the
following two situationsoccur: a) the entropy for at least
one coarse-grainedime seriesis out of the physiologic
range; b) the entropy monotonically increasesfor large
time scalesde ning a patternnot yet found for healthy
physiologicsystems.Thesecurveswerealsoclassi ed as
synthetic.

With the MSE method 20 out of 22 synthetictime series
and28 out of 28 time seriesderived from healthysubjects
werecorrectlyidenti ed, which yieldsa 96% successate.
(Two time seriesnot identi ed by the MSE methodcould
be excludedfrom the physiologicgroup basedon the fact
that their power spectradisplaya pure decaywithout
ary physiologicpeak.)Comparableseparatiortouldnotbe
achieved with traditional (single-scaleentrofy measures.
For example,the valuesof SampEnfor 11 synthetictime
series(scale 1 of Figures4 and 5) overlap with those
measuredor time seriesderivedfrom physiologicsystems
(scalel of Figure3).

4. Conclusions

MSE analysis has been proposedto quantify the
compleity of physicaland physiologictime series. We
previously applied MSE to correlatedand uncorrelated
noisesand to physiologictime seriesunder healthy and
pathologic conditions [7].  Using the MSE method,
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Figure 5. MSE results for time series from CinC
2002 Challengeidenti ed as synthetic. Parametersfor
calculating SampEnare , and

. For easeof visualization,resultsare groupedin
two panels.SymbolsanderrorbarsrepresentmeanandSD
valuesof MSE resultsobtainedfor our training setwhich
includesboth young and elderly healthy subjects. In the
top panel,10 MSE curvesare presentedn which entrogy
for coarse-grainetime seriesmonotonicallydecreasefor
several time scales. In the bottom curve, all other time
seriesidenti ed as syntheticare presented.For all these
MSE curves, entropy valueseitherlie outsidethe de ned
physiologicrangeor monotonicallyincreasedor largertime
scales.

correlatedl/f noiseconsistentlyshavs higher compleity
than white noise. Further the compleity of heartbeat
time seriesdegradeswith aginganddisease.This nding
is compatiblewith the unifying conceptthat physiologic
compleity is fundamentallyelatedto theadaptive capacity
of the organism, requiring integratve and multiscale
functionality.  Finally, when applied to the CinC 2002
contestthe MSE methodcorrectlyidenti ed the origin of
48 out of 50 time series. The MSE methodseemso have
thecapacityto distinguishbetweertime serieggeneratedby
differentmechanismsFurthermorejt maybe appliedto a
wide variety of otherphysiologicandphysicaltime series.

140

References

[1] GoldbegerAL, PengCK, Lipsitz LA. Whatis physiologic
compleity andhow doesit changewith aginganddisease?
NeurobiolAging 2002;23:23-26.

[2] Goldbeger AL, Amaral LAN, Hausdorf JM, Ivanos PC,
PengCK, Stanlgy HE. Fractal dynamicsin physiology:
alterationswith diseasendaging. ProcNatl Acad Sci USA
2002;99(Suppll):2466-272.

[3] PincusSM. Approximateentrofy asa measureof system
compleity. ProcNatl Acad Sci USA 1991;88:2297-2301.

[4] RichmanJS,MoormanJR. Physiologictime seriesanalysis
using approximateentropy and sampleentroyy. Am J
PhysiolHeartCirc 2000;278:H2039-2049.

[5] PincusSM. Assessingerialirregularity andits implications
for health. Ann N Y Acad Sci 2001;954:245-267and
referencesherein.

[6] Lake DE, RichmanJs,Grif n MP, MoormanJR. Sample
entropy analysisof neonatalheartrate variability. Am J
PhysiolHeartCirc 2002;283:R789-797.

[7] CostaM, Goldbeger AL, PengCK. Multiscale entropy
analysisof comple physiologictime series.PhysRev Lett
2002;89:068102.

[8] Zzhang YC. Complity and 1/f noise: a phasespace
approachJPhysl Francel991;1:971-977.

[9] FogedbyHC. Onthephasespaceapproacho compleity. J
StatPhys1992;69:411-425.

[10] EckmannJR RuelleD. Ergodictheoryof chaosandstrange
attractors.Rev Mod Phys1985;57:617—-656.

Addressfor correspondence:

MadalenaDamasioCosta
BethlIsraelDeaconestedical Center
Kirtein Building, RoomKB-30
330Brookline Avenue,Boston,USA
tel./fax: ++1-617-667-2428/8052
madalena@ mimic.bidmc.hamd.edu



