
Multiscale Entr opy to Distinguish Physiologicand SyntheticRR Time Series

M Costa
��� �

, AL Goldberger
�

, C-K Peng
�

�

BethIsraelDeaconessMedicalCenter, HarvardMedicalSchool,Boston,USA
�

Instituteof BiophysicsandBiomedicalEngineering,Facultyof Sciencesof theUniversityof Lisbon,
Lisbon,Portugal

Abstract

We addressthe challenge of distinguishingphysiologic
interbeat interval time series from those generated by
synthetic algorithms via a newly developed multiscale
entropy method. Traditional measures of time series
complexity onlyquantifythedegreeof regularity ona single
time scale. However, many physiologic variables, such
as heart rate, �uctuate in a very complex manner and
presentcorrelations over multiple time scales. We have
proposeda new methodto calculate multiscale entropy
from complex signals. In order to distinguish between
physiologic and synthetic time series, we �r st applied
the methodto a learning set of RR time seriesderived
from healthysubjects.We empiricallyestablishedselected
criteria characterizing the entropy dependenceon scale
factor for thesedatasets.We thenapplied this algorithm
to the CinC 2002testdatasets.Using only the multiscale
entropymethod,wecorrectlyclassi�ed48of 50(96%)time
series. In combinationwith Fourier spectral analysis,we
correctlyclassi�edall timeseries.

1. Intr oduction

Heartratevariability is theoutputof multiplephysiologic
control mechanismsthat operateon a wide rangeof time
scales. As a result, cardiac interbeat(RR) time series
underhealthyconditionshaveacomplex temporalstructure
with multiscalecorrelations[1, 2]. In contrast,synthetic
time seriesaremostlikely theoutputof simplerdynamical
systems,and therefore,will be anticipatedto have less
complex temporal structuresthan their “true” biologic
counterparts.

Classicalentropy and physiologiccomplexity concepts
do not have a straightforward correspondence.Entropy
is relatedto the degreeof “randomness”of a time series
and it is maximum for completelyuncorrelatedrandom
signals. Complexity is relatedto the underlyingstructure
of a time seriesand its informationcontent. An increase
of the entropy assignedto a time seriesusually, but not
always, correspondsto an increaseof underlyingsystem

complexity. Entropy-basedalgorithms[3, 4] for measuring
thecomplexity of physiologictimeserieshavebeenwidely
used. They have proved to be useful in discriminating
betweenhealthyand diseasestates[5, 6], althoughsome
resultsmay leadto misleadingconclusions.For example,
the entropy that thesealgorithms assign to time series
derived of the ventricularresponsein atrial �brillation is
muchhigherthanthatassignedto sinusrhythmtime series
derived from healthysubjects. However, healthysystems
generatemuchmorecomplex outputsthandiseasedones.
Traditionalalgorithmsaresingle-scalebasedandtherefore
fail to account for the multiple time scalesinherent in
physiologic systems. We have proposeda new method
[7] to calculatemultiscaleentropy (MSE) from complex
signals.

In 1991, Zhang [8, 9] proposeda new complexity
measureapplicable to physical systems. His measure,
de�ned as a weightedsum of scale-dependententropies,
has the desirableproperty of yielding higher values for
correlatednoisesthan for uncorrelatedones. However,
since it is basedon Shannon's de�nition of entropy, it
requiresa hugenumberof almostnoise-freedatapoints
[10]. Therefore, the possibility of applying Zhang's
measureto real world biologic time seriesis very limited.
In contrast,our relatedmethodis basedon theapproximate
entropy (ApEn) family of parameters,which have been
widely applied to physiologic and medical time series
analysis[3].

2. Methods

We brie�y describetheMSE method.
Given a time series,
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, we �rst
construct consecutive coarse-grainedtime series by
averaginga successively increasingnumberof datapoints
in non-overlappingwindows(Figure1).Eachelementof the
coarse-gainedtimeseries,�������

� , is calculatedaccordinglyto
theequation:
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Figure 1. Schematicillustration of the coarse-graining
procedurefor scales2 and3.

where ) representsthescalefactorand *,+.-/+1032") . For
scale1, thecoarse-grainedtimeseriesis simply theoriginal
time series.

Then, we calculatesampleentropy (SampEn)[4], a
re�nement of the original ApEn statistics [3], for each
coarse-grainedtime seriesplottedasa functionof thescale
factor ) .

The MSE methodappliedto white and *
254 noises,i.e.,
uncorrelatedandcorrelated�uctuations (Figure2), shows
that for scale1 theentropy for white noiseis muchhigher
thanfor *
254 noise[7]. However, while theentropy for *
254

noiseremainsalmostconstantfor all scales,theentropy for
white noisemonotonicallydecreaseswith scalesuchthat,
for scaleslargerthan4 it is lower thantheentropy for *
254

noise. This result is consistentwith the fact that, unlike
white noise,1/f noisecontainsstructuresacrossmultiple
time scales.

The MSE method applied to the cardiac interbeat
interval time seriesderivedfrom youngandelderlyhealthy
subjects,subjectswith congestive heartfailure (CHF) and
subjectswith atrial �brillation (AF), revealsthatcomplexity
degradeswith diseaseand aging [7]. For scaleone, AF
timesseriesareassignedthehighestentropy valueandCHF
time seriesand time seriesderived from healthysubjects
are assignedsimilar entropy values. However, for larger
time scales,we verify that: a) the entropy for AF time
seriesmonotonicallydecreasessimilar to white noise,and
for scaleslargerthan10 is lower thantheentropy assigned
to timesseriesderivedfrom healthysubjects;b) theentropy
for CHF time series is lower than that for time series
derivedfrom healthysubjectsonall timescalesbut the�rst
one.In addition,thepoorestseparationbetweenyoungand
elderlyhealthysubjectsoccursfor scaleone,theonly scale
that is traditionally studied. Therefore,MSE resultsare
compatiblewith theconceptthat youthful healthysystems
arethemostcomplex ones.

In order to distinguishbetweenthe physiologicandthe
synthetic time seriesmadeavailable for the CinC 2002
challenge,we �rst appliedthe MSE methodto a training
setof cardiacinterbeatinterval time seriesderivedfrom 20
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Figure 2. MSE analysisof Gaussiandistributed white
noise (meanzero, varianceone) and *"264 noise. On the
y-axis, the valueof sampleentropy (SampEn)[4] for the
coarse-grainedtime seriesis plotted.Parametersare: 087

9;:

*�<5= datapoints, >?7A@ and BC7D<FE�*�G . The scale
factorspeci�esthenumberof datapointsaveragedto obtain
eachelementof the coarse-grainedtime series. Symbols
representresultsof simulationsanddottedlines represent
analytic results. SampEnfor coarse-grainedwhite noise
time series,is analytically calculatedby the expression:
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(for any >tsu* ). ) and ^�_
` refer to thescalefactorandto
the error function, respectively. B is de�ned in Ref. [3].
For *
254 noisetime series,theanalyticvalueof SampEnis
aconstant.Adaptedfrom Ref [7].

healthyelderly subjects,10 malesand 10 females(mean
agev SD, wrxyv

9

years),and20 healthyyoungsubjects,10
male and 10 female (meanagev SD,

9

@,vzw yr). Then,
we empirically establishedselectedcriteria characterizing
the entropy dependenceon scalefactor for thesehealthy
subjects.Next, we appliedthealgorithmto theCinC 2002
testdatasets.

3. Results

In Figure 3 we presentthe resultsof the MSE method
for thetrainingsetthatincludes20healthyelderlysubjects
(meanagev SD, w6x{v

9

years)and20healthyyoungsubjects
(meanagev SD,

9

@,v�w years). Two typesof curvesare
characteristicof healthy systems. For young subjects,
the entropy for coarse-grainedtime seriesincreasesup to
approximatelytime scale5 and then stabilizesfor larger
time scales. For elderly subjects, entropy for coarse-
grained time seriesinitially decreasesslightly and then
progressively increases.For larger time scalesit tendsto
stabilize. Using this training set we de�ned the rangeof
physiologicallymeaningfulentropy values.Theupperand
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Figure3. MSEanalysisof thecardiacinterbeattimeseries
derived from 20 healthy young subjectsand 20 healthy
elderly subjects. Valuesare given as means | standard
error. Parametersfor calculatingSampEnare } ~€• ,

•

~ƒ‚{„�…"† and ‡ˆ~Š‰O‹Œ…�‚6• . For all timescales,thevaluesof
entropy for coarse-grainedtimeseriesobtainedfromelderly
subjectsare signi�cantly (Žˆ•A‚F„ ‚6‚r† ; t-test) lower than
thosefrom youngsubjects.Thepoorestseparationbetween
groupsis obtainedfor scaleone,indicatingthe importance
of calculatingentropy over differentscales.Adaptedfrom
Ref. [7].

thelower limits of this rangearesetasmeanvalue |Œ•r•O‘ ,
respectively. MSE curves with similar patternsto those
presentedin Figure 3 and for which the entropy values
are within the rangede�ned by the physiologic intervals
wereconsideredasbelongingto physiologictimeseries.In
all other cases,the MSE curveswere consideredto have
derivedfrom synthetictime series.

We appliedtheMSE methodto all CinC 2002datasets.
Results are presentedin Figures 4 and 5. For easier
interpretationof the results,these�gures includealsothe
meanvalues(symbols)andSD (error bars)of entropy for
coarse-grainedtime seriesderived from our training set.
(Insteadof consideringthe resultsfor young and elderly
subjectsseparately, asin Figure3, in Figures4 and5 mean
valueswerecalculatedby poolingbothsub-groups.)

Thepatternsof all MSE curvesincludedin Figure4 are
similar to thosepresentedin Figure3. In addition,entropy
values are within the limits de�ned by the physiologic
range.Thereforethesecurveswereidenti�ed asbelonging
to physiologictimeseries.

In Figure 5, top panel, we presentall MSE curves in
which the entropy monotonicallydecreasesfor morethan
7 consecutive time scales.This patternit similar to theone
obtainedwith white noise,in which casethe entropy is a
monotonicdecreasingfunction of the scalefactor (Figure
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Figure 4. MSE results for time series from CinC
2002Challengeidenti�ed asphysiologic. Parametersfor
calculatingSampEnare }’~1• , •

~Š‚F„�…�† and ‡ˆ~”“•‹–…�‚r• .
Symbolsand errorsbarsrefer to meanand SD valuesof
MSEresultsobtainedwith thetrainingsetconsideringboth
youngandelderlyhealthysubjects.

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

In thebottompanelof Figure5, wepresenttheremaining
MSE curves. For all thesecurves one or both of the
following two situationsoccur: a) the entropy for at least
one coarse-grainedtime 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 theMSEmethod,20outof 22synthetictimeseries
and28 out of 28 time seriesderivedfrom healthysubjects
werecorrectlyidenti�ed, which yieldsa 96%successrate.
(Two time seriesnot identi�ed by the MSE methodcould
be excludedfrom the physiologicgroupbasedon the fact
that their power spectradisplaya pure …
—5˜ decaywithout
any physiologicpeak.)Comparableseparationcouldnotbe
achieved with traditional (single-scale)entropy measures.
For example,the valuesof SampEnfor 11 synthetictime
series(scale 1 of Figures 4 and 5) overlap with those
measuredfor time seriesderivedfrom physiologicsystems
(scale1 of Figure3).

4. Conclusions

MSE analysis has been proposed to quantify the
complexity of physicaland physiologic time series. We
previously applied MSE to correlatedand uncorrelated
noisesand to physiologic time 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
calculatingSampEnare ™ š€› , œ•šŸž{ �¡"¢ and £ š

¤¦¥

¡�ž6§ . For easeof visualization,resultsaregroupedin
two panels.SymbolsanderrorbarsrepresentmeanandSD
valuesof MSE resultsobtainedfor our training setwhich
includesboth young and elderly healthysubjects. In the
top panel,10 MSE curvesarepresentedin which entropy
for coarse-grainedtime seriesmonotonicallydecreasesfor
several time scales. In the bottom curve, all other time
seriesidenti�ed as syntheticare presented.For all these
MSE curves,entropy valueseither lie outsidethe de�ned
physiologicrangeor monotonicallyincreasefor largertime
scales.

correlated1/f noiseconsistentlyshows highercomplexity
than white noise. Further, the complexity of heartbeat
time seriesdegradeswith aginganddisease.This �nding
is compatiblewith the unifying conceptthat physiologic
complexity is fundamentallyrelatedto theadaptivecapacity
of the organism, requiring integrative and multiscale
functionality. Finally, when applied to the CinC 2002
contest,theMSE methodcorrectly identi�ed the origin of
48 out of 50 time series.The MSE methodseemsto have
thecapacityto distinguishbetweentimeseriesgeneratedby
differentmechanisms.Furthermore,it maybeappliedto a
wide varietyof otherphysiologicandphysicaltimeseries.
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