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Abstract

We introduce a generalization of multiscale entropy (MSE) analysis. The method is termed MSE
where the subscript denotes the moment used to coarse-grain a time series. MSE,, described
previously, uses the mean value (first moment). Here, we focus on MSE, ., which uses the second
moment, /.., the variance. MSE, . quantifies the dynamics of the volatility (variance) of a signal
over multiple time scales. We use the method to analyze the structure of heartbeat time series. We
find that the dynamics of the volatility of heartbeat time series obtained from healthy young
subjects is highly complex. Furthermore, we find that the multiscale complexity of the volatility,
not only the multiscale complexity of the mean heart rate, degrades with aging and pathology. The
“bursty” behavior of the dynamics may be related to intermittency in energy and information
flows, as part of multiscale cycles of activation and recovery. Generalized MSE may also be useful
in quantifying the dynamical properties of other physiologic and of non-physiologic time series.

Keywords

aging; complexity; entropy; fractal; heart rate; multiscale entropy; nonlinear dynamics

1 have ideas and reasons,
Know theories in all their parts,

And never reach the hearts.

- Fernando Pessoa (translation)

licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative
Commons Attribution license (http://creativecommons.org/licenses/by/4.0/).

"Author to whom correspondence should be addressed; mcosta3@bidmc.harvard.edu. Tel.: +1-617-667-2428; Fax: +1-617-667-4012.

Academic Editor: Niels Wessel

Author Contributions
The authors contributed equally to this manuscript. Both authors have read and approved the final manuscript.

Conflicts of Interest
The authors declare no conflict of interest.


http://creativecommons.org/licenses/by/4.0/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Costa and Goldberger Page 2

1. Introduction

The trajectories of the human heartbeat constitute an object of scientific, as well as literary,
inquiry. Fluctuations in cardiac interbeat intervals (often termed heart rate variability) are
regulated by the autonomic (involuntary) nervous system, which plays a fundamental role in
integrative physiologic control. Heart rate time series, therefore, provide a unique window
into the status of the cardiovascular system in health and disease and, more broadly, into the
entirety of physiologic function [1].

From a dynamical perspective, cardiac interbeat interval time series pose major challenges to
quantitative analysis. These signals are typically non-stationary, non-linear and exhibit
complex fluctuation patterns over a wide range of time scales. The multiscale entropy
method (MSE) [2] was developed to probe the information content of this class of signals.
Using this method, we [3-7] have provided evidence that the complexity of cardiac interbeat
interval time series decreases with aging and disease.

The MSE method employs an entropy measure to quantify the degree of unpredictability of
time series derived from the original signal by an operation called coarse-graining. This
operation consists of dividing the original signal ({x}, 1 < /< N) into non-overlapping
segments of equal length (7) and calculating the mean value of the data points in each of
these segments. The process is repeated for a range of window lengths, 7.e., scales.
Therefore, the derived time series are coarse-grained outputs of the dynamical system. The
complexity index, based on the work of Zhang [8], is defined as the sum of the entropies
computed for different scales, 7.¢e., at different levels of resolution of the signal. Such a
complexity measure yields low values for both highly regular (e.g., periodic signals) and
highly irregular (uncorrelated random noise) signals and is near maximum for signals with
1/f, long-range correlations. These observations are consistent with the notion that systems
at either extremes of the “entropy spectrum” (/.e., having essentially zero entropy or being
maximally entropic) are not complex [2-4].

Intuitively, by quantifying the level of disorder at all relevant levels of resolution of a signal,
the MSE method yields a measure of its complexity. An unaddressed question is whether the
coarse-graining procedure, itself, which uses a single property of the data, /.¢e., the mean
value, to derive copies of the original signal at different levels of resolution, discards
important information whose quantification could enhance our understanding of the
underlying processes. To help address this question, we generalize the MSE method to a
family of statistics (MSE ;) by using different moments () of the distribution of a random
variable to coarse-grain the original time series. The previously described MSE method is
termed MSE,, where g refers to the mean (first moment).

Here, we implement the MSE, . method, which uses the variance (second moment) to
coarse-grain the signals. We apply this new method to cardiac interbeat interval time series
from healthy young and older subjects, and patients with congestive (chronic) heart failure
[2,3,9]. This syndrome (especially the systolic type) develops when cardiac output is not
sufficient to meet metabolic requirements, despite high ventricular filling pressures [10]. It
represents one of the most extreme manifestations of loss of adaptiveness. The resulting
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derangements alter autonomic function and, consequently, heart rate dynamics. To a lesser
extent, the aging process also decreases adaptiveness and the complexity of cardiac interbeat
interval dynamics [2-5,11].

We test the hypothesis that, under baseline (“free-running”) conditions, the heartbeat
volatility time series from healthy young subjects are more complex than those of healthy
older subjects, which, in turn, are more complex than those from patients with heart failure.

2. Methods

3. Results

Consider a time series ({x;}, 1 =7 < N). MSE, is computed as follows. First, the original
signal is divided into non-overlapping segments of length z. Second, a selected moment is
estimated for the data in each of these segments to derive the coarse-grained time series at
scale z Here, we focus solely on the second moment using an unbiased estimator

N
(0*=1/(N = 1)} (2i —«)) of variance. Third, a measure of entropy, sample entropy
[12], is calculated for each coarse-grained time series. Fourth, a complexity index is derived
by adding the entropy values for a selected range of scales.

We analyzed cardiac interval (RR) time series derived from approximately 24 h continuous
electrocardiographic (ECG) Holter monitor recordings of 26 ostensibly healthy young
subjects (13 men and 13 women, aged (mean £ SD) 35+7.4, range 20-50 years), 46
ostensibly healthy older subjects (22 men and 24 women, aged 65 + 4.0, range 58-76) and
43 patients with moderate to severe congestive heart failure syndrome of various etiologies
(28 men and 15 women, aged 55.5 + 11.4 years, range 22—78) [3]. The ECG recordings from
healthy subjects were sampled at 128 Hz. Fourteen recordings from patients with heart
failure were sampled at 250 Hz and 29 at 128 Hz.

Datasets were filtered to exclude artifacts, premature ventricular complexes, and missed beat
detections. The algorithm is available at http://www.physionet.org/physiotools/apdet/
apdet-1.0/filt.c [9]. Briefly, the central point of a moving window of length /is excluded if it
lies outside the interval [z 4 az;], where 7, represents the average of the data points in that
moving window, calculated excluding the central point, and ais a positive number < 1. Here,
we used /=41 and a= 0.2. For the calculation of the complexity index we selected scales 10
to 100. For the calculation of SampEn we used /m = 2 and r= 0.5% of the original time
series’ standard deviations. Note that MSE , analysis of the same data [3] was performed
using m= 2 and r= 15% of the original time series’ standard deviations. The difference in
the choice of the rvalues was due to the fact that the amplitudes of the variance coarse-
grained time series are much smaller than those of the mean coarse-grained time series.

Figure 1 shows the RR interval time series from a healthy subject and from a patient with
congestive heart failure (top panel), and the corresponding variance derived coarse-grained
time series for scales 20 and 40 (middle and lower panels). The latter panels show complex
fluctuation patterns with higher amplitude in the case of the healthy subject. We note that the
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structure of the fluctuations appears to be preserved with re-scaling in both the healthy and
pathologic cases.

Figure 2 shows the results of the MSE, . analysis of RR interval time series from three
groups, comprising health young and older subjects, and patients with chronic heart failure
syndrome. The mean and standard deviation values of the complexity indices for the young,
older and heart failure groups were 75.2 = 24.3, 39.0 £ 15.7 and 20.9 * 14.1, respectively.
The complexity indices of healthy young subjects were significantly higher than those of
healthy older subjects (p < 0.0001, two-tail Mann-Whitney test) and of patients with heart
failure (p < 0.0001). In addition, the complexity indices of the healthy older subjects were
significantly higher than those of the heart failure patients (p < 0.0001). These intergroup
differences were confirmed using a fixed rvalue (0.0002 s2) for the computation of sample
entropy as described in [13], and using quadratic entropy [14] in place of sample entropy.
Both of these methods mitigate the impact of outlier values on entropy estimates. In
addition, comparable intergroup differences to those presented here were obtained using an r
value that is a percentage of one of the first variance coarse-grained time series.

4. Discussion

This paper introduces a generalization of the multiscale entropy (MSE ;) method based on
employing different moments to coarse-grain a time series. The original method (MSE,)
quantifies the complexity of fluctuations in the local mean value of a variable. Here, we
focus on MSE, ., which quantifies the dynamical properties of volatility over multiple time
scales. We use the variance to derive the coarse-grained time series and an entropy measure
to probe their structure. We applied this technique to heartbeat time series from healthy
young and older adults, and patients with congestive heart failure syndrome. Our method
reveals that human heartbeat volatility time series (Figure 1) exhibit complex bursting
behaviors over a wide range of time scales.

Traditional fractal analysis [15] methods essentially quantify how the mean amplitude of
coarse-grained time series derived using standard deviation changes with scale factor, but do
not probe the temporal structure of the signal at a given time scale. In contrast, MSE .
quantifies the dynamics of each of the variance coarse-grained time series using an entropy
measure.

A key physiologic finding is that the multiscale complexity of the volatility, not only of the
mean heart rate [2-4], degrades with aging and pathology. The mechanism of healthy
heartbeat volatility remains to be established. We speculate that this finding relates to
bioenergetic fluxes. Cardiovascular function requires electromechanical pulses of activation
and recovery (depolarization/repolarization and systole/diastole). The concept of the
heartbeat pulse, which is definitional to basic physiology and clinical medicine, may deserve
broader consideration as a multiscale, not just a single-scale, phenomenon.

Mathematical models purporting to capture the dynamics of healthy heartbeat variability
should account for the observed multiscale volatility and for its degradation with aging and
disease. Our method also opens up inquiries into the use of MSE methodology to probe
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properties of the signals related to higher moments (e.g., the third moment, 7.e., skewness)
[16]. We will explore analytic analyses and numerical simulation studies of MSE,, as well as
chronobiologic effects, in subsequent publications. Studies of the relationship between
MSE ,, and multifractal and related measures [18-21] may also be productive. Furthermore,
our method can be used to probe the properties of time series from other physiologic
systems with known pulsatile behavior (e.g, speech, neural recordings, hormonal
fluctuations, etc) and to test whether the complexity of physiologic volatility also degrades
in different pathologies, including cancer. A requirement for such analyses is that the signals
be recorded for sufficient duration and with high enough temporal resolution to afford
adequate statistical representation of behavior across a relevant range of time scales. The
MSE implementations introduced in [17] may be useful, especially for the analysis of
relatively short time series. Finally, the MSE , analysis of non-physiologic time series, e.g.,
econometric, may be of interest.

Acknowledgments

We gratefully acknowledge support from G. Harold and Leila Y. Mathers Charitable Foundation; the James S.
McDonnell Foundation; the National Institutes of Health grants K99/R00 AG030677, R0O1GM104987 and
R24HL114473; and the Wyss Institute for Biologically Inspired Engineering.

References

1. Voss A, Schulz S, Schroeder R, Baumert M, Caminal P. Methods derived from nonlinear dynamics
for analysing heart rate variability. Phil Trans R Soc A. 2009; 367:277-296. [PubMed: 18977726]

2. Costa M, Goldberger AL, Peng C-K. Multiscale entropy analysis of physiologic time series. Phys
Rev Lett. 2002; 89 062102-1-4.

3. Costa M, Goldberger AL, Peng C-K. Multiscale entropy analysis of biological signals. Phys Rev E.
2005; 71 021906-1-8.

4. Costa M, Peng C-K, Goldberger AL. Multiscale analysis of heart rate dynamics: Entropy and time
irreversibility measures. Cardiovasc Eng. 2008; 8:88-93. [PubMed: 18172763]

5. Costa M, Ghiran I, Peng C-K, Nicholson-Weller A, Goldberger AL. Complex dynamics of human
red blood cell flickering: Alterations with /n vivo aging. Phys Rev E. 2008; 78 785243(R):
1-785243(R):5.

6. Costa MD, Schnettler WT, Amorim-Costa C, Bernardes J, Costa A, Goldberger AL, Ayres-de-
Campos D. Complexity-loss in fetal heart rate dynamics during labor as a potential biomarker of
acidemia. Early Hum Dev. 2014; 90:67-71. [PubMed: 24290526]

7. Costa MD, Henriques T, Munshi M, Segal AR, Goldberger AL. Dynamical glucometry: Use of
multiscale entropy analysis in diabetes. Chaos. 2014; 24 033139-1-5.

8. Zhang Y-C. Complexity and 1/f noise. A phase space approach. J Phys | Fr. 1991; 1:971-977.

9. Goldberger AL, Amaral LAN, Glass L, Hausdorff JM, lvanov PCh, Mark RG, Mietus JE, Moody
GB, Peng C-K, Stanley HE. PhysioBank, PhysioToolkit, and PhysioNet: Components of a new
research resource for complex physiologic signals. Circulation. 2000; 101:e215-e220. [PubMed:
10851218]

10. McMurray JJV. Systolic heart failure. N Engl J Med. 2010; 362:228-238. [PubMed: 20089973]

11. Goldberger AL. Giles F. Filley lecture. Complex systems. Proc Am Thorac Soc. 2006; 3:467-471.

[PubMed: 16921107]
12. Richman JS, Moorman JR. Physiological time-series analysis using approximate entropy and
sample entropy. Am J Physiol Heart Circ Physiol. 2000; 278:H2039-H2049. [PubMed: 10843903]
13. Cancio LC, Batchinsky Al, Baker WL, Necsoiu C, Salinas J, Goldberger AL, Costa MD. Combat
casualties undergoing lifesaving interventions have decreased heart rate complexity at multiple
time scales. J Crit Care. 2013; 28:1093-1098. [PubMed: 24140167]

Entropy (Basel). Author manuscript; available in PMC 2016 April 18.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Costa and Goldberger

14.

15.

16.

17.

18.

19.

20.

21.

Page 6

Lake DE, Moorman JR. Accurate estimation of entropy in very short physiological time series: The
problem of atrial fibrillation detection in implanted ventricular devices. Am J Physiol Heart Circ
Physiol. 2011; 300:H319-H325. [PubMed: 21037227]

Goldberger AL, Amaral LAN, Hausdorff JM, Ivanov PCh, Peng CK, Stanley HE. Fractal dynamics
in physiology: Alterations with disease and aging. Proc Natl Acad Sci USA. 2002; 99:2466-2472.
[PubMed: 11875196]

Costa M, Goldberger AL, Peng C-K. Broken asymmetry of the human heartbeat: Loss of time
irreversibility in aging and disease. Phys Rev Lett. 2005; 95 198102:1-198102:4.

Wu S-D, Wu C-W, Lin S-G, Lee K-Y, Peng C-K. Analysis of complex time series using refined
composite multiscale entropy. Phys Lett A. 2014; 378:1369-1374.

Ivanov, PCh; Amaral, LAN.; Goldberger, AL.; Havlin, S.; Rosenblum, MG.; Struzik, Z.; Stanley,
HE. Multifractality in human heartbeat dynamics. Nature. 1999; 399:461-465. [PubMed:
10365957]

Ashkenazy Y, Ivanov PCh, Havlin S, Peng C-K, Goldberger AL, Stanley HE. Magnitude and sign
correlations in heartbeat fluctuations. Phys Rev Lett. 2001; 86:1900-1903. [PubMed: 11290277]
Kalisky T, Ashkenazy Y, Havlin S. Volatility of linear and nonlinear time series. Phys Rev E. 2005;
72 011913:1-011913:8.

Kantelhardt JW, Zschiegner S, Koscielny-Bunde E, Havlin S, Bunde A, Stanley HE. Multifractal
detrended fluctuation analysis of nonstationary time series. Physica A. 2002; 316:87-114.

Entropy (Basel). Author manuscript; available in PMC 2016 April 18.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Costa and Goldberger Page 7

Healthy Subject Patient with Heart Failure
1.5

1.2
0.9

0.6 -

3 0.3 1 1 | |
0 10000 20000 30000 0 10000 20000 30000

Scale 20 Scale 20
: — ; - 0.01

0.008
0.006
0.004
0.002 f

0 10000 20000 30000

Scale 40 Scale 40
— . 0.01

0.008
0.006
0.004
0.002 5%

30000 00 10000 20000 30000
Beat number Beat number

Figurel.
Top: Cardiac interbeat interval (RR) time series from a healthy 20 year-old subject (left) and

a 53 year-old patient with congestive heart failure (right). Middle and bottom: Variance of
the RR interval time series calculated in a 20 (middle) and 40 (bottom) data point moving
window. The horizontal axes are the same for all plots.
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Figure2.

Multiscale entropy (MSE)_. analysis of cardiac interbeat interval time series from 26
healthy young, 46 healthy older subjects and 43 patients with congestive heart failure (CHF).
The time series were derived from 24 h Holter monitoring recordings. Parameters for
calculating sample entropy: m = 2, r=.5% of the original time series’ standard deviations.
MSE,, analysis of the same time series were presented in [3]. The symbols and the error bars
represent mean and standard deviation, respectively. The time series are available at
www.physionet.org/physiobank/database/, under nsrdb, nsr2db, chfdb and chf2db.
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