
ADAPTIVE DATA ANALYSIS OF COMPLEX FLUCTUATIONS IN
PHYSIOLOGIC TIME SERIES

C.-K. PENG*, MADALENA COSTA†, and ARY L. GOLDBERGER‡
Margret & H.A. Rey Institute of Nonlinear Dynamics in Physiology and Medicine Division of
Interdisciplinary Medicine and Biotechnology Beth Israel Deaconess Medical Center Harvard
Medical School 330 Brookline Ave., Boston, MA 02215, USA

Abstract
We introduce a generic framework of dynamical complexity to understand and quantify fluctuations
of physiologic time series. In particular, we discuss the importance of applying adaptive data analysis
techniques, such as the empirical mode decomposition algorithm, to address the challenges of
nonlinearity and nonstationarity that are typically exhibited in biological fluctuations.
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1. Introduction
One of the great challenges of contemporary biomedical science is to understand more fully
the dynamics of living systems in health and disease. The importance of this challenge is
highlighted by headlines announcing unexpected, life-threatening side effects of once-
promising drugs, as well as the serendipitous discoveries deriving from “outside the box”
approaches to major public health problems, for example, in heart disease and cancer biology.
The basis of such unexpected findings, both negative and positive, is the extraordinary
complexity of physiologic systems, which exceeds that of the most challenging systems in the
physical world. These systems defy understanding based on traditional mechanistic models
and conventional biostatistical analyses.

The overall aim of this paper is to develop a deeper understanding of the dynamics underlying
healthy biological systems and what occurs when these systems lose their robustness due to
aging or disease. We will address these fundamental questions from data analysis perspective.
Specifically, why novel adaptive data analysis techniques essential to understand these
important issues are. However, because of the nonlinear complexity of these biological
systems, it is unrealistic to achieve this goal purely by a traditional engineering (reductionist)
approach in which one disassembles the system into its constituent pieces, studies each
component in detail, and finally puts them back together, recreating the original entity. Even
in rare cases where this type of reductionist program can be accomplished, the integrative
system’s behavior typically surprises expectations based solely on the information gathered
through analyzing each component in isolation. In everyday parlance, this well-known effect
is referred to as the whole being different than the sum of the parts. In the language of complex
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systems, it is known by the term “emergent properties.” In nonlinear systems, the composite
or group behavior (of molecules, cells, organs, individuals, and even societies) cannot be fully
understood by simply “adding up” the components. Instead, one needs rigorous, new
approaches to model, measure and analyze a system’s integrative behavior.

2. Complex System Approaches
Central to this enterprise are computational tools and models that usefully represent the
behavior of the intact system. These system-level measurements and models also need to
capture certain generic and robust properties of complex biological systems, such that they
have a wide range of applications across many disciplines. To this end, we have focused on
studying the output signals generated by complex biological systems. The dynamical
fluctuations of these signals in health and disease provide a unique window into the free-
running behavior of the integrative systems.

To identify system-level behaviors that are critical to our understanding of healthy dynamics
and of pathological disturbances, we pursued investigations under the framework of three
complementary hypotheses:

1. The complexity of a biological system reflects its ability to adapt and function in an
ever-changing environment.

2. Biological systems need to operate across multiple scales of space and time, and hence
their complexity is also multiscale and hierarchical.

3. A wide class of disease states, as well as aging, appear to degrade this biological
complexity and reduce the adaptive capacity of the system. Thus, loss of complexity
may be a generic, defining feature of pathologic dynamics, and the basis of new
diagnostic, prognostic, and therapeutic approaches.

To investigate the above hypotheses by studying the dynamical fluctuations of output signals
generated by complex biological systems. We developed some innovative approaches in recent
years. These system approaches and their associated computational tools promise to provide
insights into a wide range of biomedical problems. Examples include forecasting catastrophic
events such as epileptic seizures and sudden cardiac arrest, studying gene evolution, searching
and categorizing large biomedical and other types of databases, and screening for drug toxicity
and effcacy, to name but a few. These diverse applications are strong indications of the potential
of these new approaches to advance the science of complex systems.

3. The Origin of Physiologic Variability
Dynamical fluctuations in the output of complex biological systems with multiple interacting
components often exhibit remarkably complicated patterns. Such fluctuations have long been
ignored by conventional analyses. Indeed, the presence of these fluctuations is often assumed
to simply reflect the fact that biological systems are being constantly perturbed by external and
intrinsic noise. However, recent findings by our group and others clearly indicate that these
complex fluctuations exhibit interesting structures that were not previously anticipated.1–6

More importantly, these fluctuations may also contain useful information about the emerging
complexity of the systems.7–13 Here we develop a dynamical system perspective to understand
the origin of these fluctuations.

3.1. State space representation
In dynamical systems research, it is common to describe a system by a set of variables. If
defined properly, these so-called state variables can uniquely determine the state of the system
and the time course of its revolution (see Fig. 1).
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Assuming that how a system changes in time is purely deterministic, then the goal of the state
space approach is to find equations of motion for the underlying dynamics in order to
understand, predict, and control the system.

However, for biological systems, this approach is not feasible due to two intrinsic difficulties.
First, the state space is of very high dimensionality, and not all variables can be measured. For
example, to fully describe the state of human physiology, one might need to monitor hundreds
of variables (including heart rate, blood pressure, body position, muscle tone, oxygen and
multiple hormones level in the blood, etc). Although macroscopic variables can be used as
state variables to reduce the dimensionality of the state space, it is unclear what the proper
macroscopic variables are in this case. Furthermore, biological systems are not purely
deterministic, many stochastic factors constantly influence them. Although these two
considerations significantly limit the application of tools developed in dynamical system
analysis to biological systems, the state space representation is still a useful picture
conceptually.

3.2. System complexity as a measure of adaptability
As we discussed previously, a meaningful quantification of the complexity of a biological
system should be related to the system’s capacity to adapt and function in an ever changing
environment. The system that can adapt to the most external challenges (stresses) will have
the best advantage for survival. Therefore, we propose that biological systems have been
evolving to increase their dynamical capacity (complexity). As a result, biological systems we
observed today are highly complex since they are the products of a very long evolutionary
process. We also hypothesized that aging and disease will degrade a systems complexity, since
they represent a less adapted system.

Using the state space concept, an external perturbation (challenge or stress) to a biological
system requires the system to move from one location to a different area of the state space in
order to adapt to the perturbation. A healthy system should be able to easily move from one
area to another, while a diseased system has a very limited ability to adapt, and thus cannot
move to other regions of the state space.

Complexity is a measure of a system’s capacity to adapt, therefore, it should be related to the
total available volume of the state space. Theoretically, we can measure the size of the available
state space by either observing the system’s trajectory for a very long time (asymptotically,
the underlying dynamical system will visit all available state space), or by perturbing the system
with all possible stresses and calculate the volume of the state space being covered. However,
both implementations are not realistically feasible. Therefore, we proposed an alternative way
to derive the desirable information as will be discussed in the following sections.

3.3. Analogy of Brownian motion
In 1905, Einstein published several important papers that took physics into a completely new
world. In addition to his famous papers on special relativity and photoelectric effect, his paper
on Brownian motion also had a great impact. In that paper, he concluded that the same random
forces which cause the erratic Brownian motion of a particle suspended in fluid would also
cause drag (viscosity) if the particles were pulled through the fluid. In other words, by
measuring the spontaneous fluctuation of the particle at rest, one can know how much
dissipative frictional force one must do work against, if one tries to perturb the system in a
particular direction.

This derivation between spontaneous fluctuations without external perturbation and the
system’s response to perturbation is of fundamental importance. It is later generalized as the
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fluctuation dissipation theorem.14 It motivated the investigation of fluctuating phenomena in
statistical physics of the 20th century.

We hypothesized that the same principle can be applied to the state space representation. If our
assumption is true, then we can simply measure the spontaneous fluctuations of a system in
the state space when it is under free-running condition, and use that information to predict the
ability that a system can adapt when encounters a challenge. Similar to Einstein’s finding for
Brownian particle, the greater the spontaneous fluctuation, the easier for it to move (lower
viscosity) in that space when external perturbation is applied.

This assumption dramatically simplifies our task of defining a system’s complexity. Next, we
will discuss how to construct a surrogate state space when there is only limited information on
state variables.

3.4. Surrogate state space
In the past several years, we have successfully developed an innovative algorithm to probe the
state space indirectly. The goal was to overcome the barrier that in real-world condition, one
can only monitor a very limited set of physiologic signals (as state variables). Effectively, we
are observing a low-dimensional projection of a trajectory embedded in the much higher
dimension of state space. Therefore, it is critical to extract as much information as possible
from any single physiologic variable to gain some insight into the high dimensional state space.

For deterministic dynamical systems, there are rigorous approaches, such as the Poincaré map,
to study a high dimensional trajectory in a low dimensional subspace. Similarly, in chaos
theory, recurrence plots15 and phase-space portraits16 are frequently used techniques for this
purpose. However, physiologic systems do not meet the criterion (e.g., deterministic and
periodic) for applying these analyses. Off-the-shelf usage of those tools to biological time series
may lead to misleading conclusions.

Our approach was to take advantage of the fact that an integrative physiologic system will have
complex coupling between different components of the system. In biological systems, these
couplings often exhibit different spatial and temporal scales. Therefore, by investigating any
given signal at various time scales, we can probe the other dimensions of the abstract state
space.

By combining these concepts discussed in this section, we have implemented some useful
computational algorithms to quantify features related to complexity of biological systems from
fluctuating time series of physiologic variables. Our definition of a system’s complexity also
ensures that our index closely reflect the general health status of the system. In the next section,
we will briefly discuss the algorithms we have developed.

4. Quantifying a System’s Complexity
For practical purposes, it is useful to quantify the degree of complexity of a biological system
by examining its dynamical fluctuations. Such metrics have potentially important applications
both with respect to evaluating dynamical models of biological systems and to clinical
monitoring. Substantial attention, therefore, has been focused on defining a quantitative
measurement of complexity.9–13,17–21 However, no consensus has been reached on this issue.
We have used an alternative view, as discussed in previous sections, to look at these biological
variabilities to derive some useful measurements of how complex a system is.

Over the past several years, our group have developed quantitative algorithms to probe some
of the generic features of complex systems and applied these computational tools to the
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understanding of the underlying system dynamics. For example, we have introduced fractal
scaling,22,23 multiscale entropy (MSE)24,25 and time irreversibility26 analysis techniques and
applied them to the study of the cardiac dynamics of healthy subjects and patients with different
types of pathologies. The former technique quantifies the information content of a signal across
multiple time scales and the latter quantifies the degree of temporal irreversibility over multiple
time scales. Time irreversibility is a property related to the unidirectionality of the energy flow
across the boundaries of a living system, which utilizes free energy to evolve to more
hierarchically ordered structural configurations and less entropic states in comparison with the
surrounding environment.

Based initially on the analysis of the cardiac rhythm24,25 (under neuroautonomic control) and
gait dynamics,27 we have shown that healthy systems, those with the highest capacity to adjust
to continuous (and often unpredictable) changes of internal and external variables, generate
the most physiologically complex and the most time irreversible signals. We have shown
further that both multiscale variability and time irreversibility properties degrade with aging
and disease. These results challenge traditional mechanisms of physiologic control based on
classical homeostasis (single steady state dynamics) and are of interest from a number of other
perspectives, including basic modeling of regulatory systems and practical bedside
applications.

5. Technical Challenges and Adaptive Signal Analysis
In this section, we will briefly discuss the importance of applying adaptive signal analysis
techniques, in conjunction with the complexity related methods described above, to obtain
more accurate quantitative measurements of complex biological systems.

5.1. Problem of nonstationarity
The quantitative tools we have developed, such as the multiscale entropy (MSE) analysis, for
the analysis of complex physiologic time series are based on generic concepts that are
fundamental to biological systems. As a result, these tools are readily applicable to many
different biomedical problems. However, since physiologic time series are typically
nonstationary, there are important technical issues that need to be addressed in order to obtain
reliable results.

For example, the MSE analysis was derived from stationary processes. In practice, time series
need not to be strictly stationary according to the mathematical definition to yield meaningful
results. However, nonstationarities appearing on scales larger than those considered for MSE
analysis may substantially affect our measurements. Such nonstationarities need to be taken
care of prior to performing the MSE analysis. Our study of postural sway time series28 indicates
that by properly detrending the time series on scales greater than those being measured by the
MSE, the analysis provides robust and consistent results. The empirical mode decomposition
(EMD) technique29 is a very adequate candidate for pre-processing the data, since it provides
a systematic way to detrend the data without a priori assumptions of what type of trend the
data may possess.30

5.2. Nonlinear dynamical coupling among components of system
A fundamental question about complex biological systems is how does the observed complex
dynamics, as quantified by our complexity related measurements, emerge from integrated
system functions. Understanding possible mechanisms of healthy complexity is important both
on the basic scientific level and on the practical level, where clinical interventions can be
proposed to maintain or restore this dynamical complexity. By observing the degradation of
dynamical complexity in disease and aging, one realizes that life-threatening pathologic
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conditions are typically accompanied by either complete de-coupling between sub-components
of the whole system, or a strong “mode-locking” among them. In contrast, a healthy biological
system usually displays intermittent coupling between its sub-systems. Each component of the
system may engage and then dis-engage with other components of the system. This type of on-
and-off “cross-talk” between different parts of a complex system (reminiscent of how different
instruments are integrated together in a symphony orchestra) seems to be a prominent
characteristic of healthy biological function. As a result, quantifying the coupling among
different sub-system components is critical to our understanding of the complex system as a
whole. From a data analysis point of view, one should be able to characterize the coupling
between the two components of a system by simultaneously collecting the signals that represent
those components. However, technically, quantifying the coupling is not an easy task. The
main difficulties are due to the fact that both signals are often nonstationary, and the coupling
between them is usually nonlinear and intermittent. To quantify the intermittency, the analysis
method has to separate any local variation and collate the different scales of the intermittent
processes separately and cleanly in both temporal and scale variables. Here the recently
developed Ensemble EMD31 has the potential to offer great help.

Therefore, it is essential to apply adaptive data analysis techniques to address the nonlinear
and nonstationary challenges as demonstrated by recent works of our group and others.32–34

For example, we have applied the EMD algorithm to study the role of coupling between blood
pressure and cerebral flood flow in cerebral autoregulation. Cerebral autoregulation is a
mechanism that involves dilatation and constriction of arterioles to maintain relatively stable
cerebral blood flow in response to changes of systemic blood pressure. Traditional assessments
of cerebral autoregulation use Fourier-based techniques, such as transfer function analysis, that
fail to yield robust and consistent results in typical clinical settings. The EMD method
substantially improves our ability to accurately quantify the dynamical interactions between
blood pressure and cerebral blood flow.32–34 Furthermore, since the EMD can provide phase
and frequency information on instantaneous basis, analysis of its dynamical feature (i.e., how
do these interaction change over time) becomes feasible. Future work along this direction may
have clinical importance and also provide mechanistic understanding toward the theory of
dynamical complexity we proposed.

6. Discussion
We have developed a generic framework for extracting “hidden information” in time series
generated by complex biological systems. Specifically, we discussed the underlying
assumptions that make it possible to probe the behavior on the system level via examining the
dynamical fluctuations of a single variable. We also proposed meaningful measurements of
complexity for biological systems that are based on the framework we developed. We have
used those complexity measures to study the outputs of cardiac heartbeat regulatory system,
25 gait dynamics,27 and postural control.28 Briefly, we found that, under free-running
conditions, the dynamics of healthy systems are the most complex, as measured by the
multiscale entropy and time irreversibility methods, and that complexity breaks down with
aging and disease. We also studied the effects of a noise-based therapeutic intervention
designed to improve postural balance28 on the overall complexity of the postural sway
dynamics. We found that there is an increase in multiscale complexity during the application
of this intervention. This finding supports the notion of using dynamical biomarkers for
assessing noise-based and other types of therapeutic interventions. However, one needs to be
aware of potential technical issues when applying these new measures to physiologic time
series. In this paper, we discussed how to utilize the EMD technique to overcome the problems
when data are not “well-behaved.” Thus the EMD approach constitutes an essential step of
complex physiologic signal analysis.

PENG et al. Page 6

Adv Adapt Data Anal. Author manuscript; available in PMC 2009 December 28.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Acknowledgments
We thank Tim Buchman, Norden Huang, Yanhui Liu, Men-Tzung Lo, Ben Mann, Joe Mietus, and Albert Yang for
their valuable discussions. We gratefully acknowledge the support from the NIH/NIBIB and NIGMS (U01-
EB008577), the NIH/NIA OAIC (P60-AG08814), the NIH/NICHD (R01-HD39838), the NIH/NINDS (R01-
NS45745), the Defense Advanced Research Projects Agency (DARPA grant HR0011-05-1-0057), the Ellison Medical
Foundation, the James S. McDonnell Foundation, and the G. Harold and Leila Y. Mathers Charitable Foundation.

References
1. Buchman TG. The community of the self. Nature 2002;420:246–251. [PubMed: 12432410]
2. Suki B, Alencar AM, Sujeer MK, Lutchen KR, Collins JJ, Andrade JS Jr. Ingenito EP, Zapperi S,

Stanley HE. Life-support system benefits from noise. Nature 1998;393:127–128. [PubMed: 9603516]
3. Peng C-K, Mietus J, Hausdorff JM, Havlin S, Stanley HE, Goldberger AL. Long-range anti-correlations

and non-Gaussian behavior of the heartbeat. Phys. Rev. Lett 1993;70:1343–1346. [PubMed:
10054352]

4. Hausdorff JM, Mitchell SL, Firtion R, Peng C-K, Cudkowicz ME, Wei JY, Goldberger AL. Altered
fractal dynamics of gait: Reduced stride interval correlations with aging and Huntington’s disease. J.
Appl. Physiol 1997;82:262–269. [PubMed: 9029225]

5. Peng C-K, Mietus JE, Liu Y, Lee C, Hausdorff JM, Stanley HE, Goldberger AL, Lipsitz LA.
Quantifying fractal organization of respiratory dynamics: Age and gender effects. Ann. Biomed. Eng
2002;30:683–692. [PubMed: 12108842]

6. Iyengar N, Peng C-K, Morin R, Goldberger AL, Lipsitz LA. Age-related alterations in the fractal
scaling of cardiac interbeat interval dynamics. Am. J. Physiol 1996;271:1078–1084.

7. Goldberger AL, Peng C-K, Lipsitz LA. What is physiologic complexity and how does it change with
aging and disease? Neurobiol. Aging 2002;23:23–26. [PubMed: 11755014]

8. Goldberger AL, Amaral LAN, Hausdorff JM, Ivanov P. Ch. Peng C-K, Stanley HE. Fractal dynamics
in physiology: Alterations with disease and aging. Proc. Natl. Acad. Sci. (USA) 2002;99(Suppl 1):
2466–2472. [PubMed: 11875196]

9. Pincus S. Approximate entropy as a measure of system complexity. Proc. Natl. Acad. Sci. USA
1991;88:2297–2301. [PubMed: 11607165]

10. Bar-Yam, Y. Dynamics of Complex Systems. Addison-Wesley; 1992.
11. Pincus S, Singer B. Randomness and degree of irregularity. Proc. Natl. Acad. Sci. USA 1996;93:2083–

2088. [PubMed: 11607637]
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. Pincus S. Assessing serial irregularity and its implications for health. Ann. NY Acad. Sci

2001;954:245–267. [PubMed: 11797860]
14. Nyquist H. Thermal agitation of electric charge in conductors. Phys. Rev 1928;32:110–113.
15. Eckmann JP, Kamphorst SO, Ruelle D. Recurrence plots of dynamical systems. Europhys. Lett

1987;5:973–977.
16. Takens, F. Dynamical Systems and Turbulence. Vol. Vol. 898. Berlin: 1981. Detecting strange

attractors in turbulence; p. 366-381.Lecture Notes in Mathematics
17. Schurmann T, Grassberger P. Entropy estimation of symbol sequences. Chaos 1996;6:414–427.

[PubMed: 12780271]
18. Marwan N, Wessel N, Meyerfeldt U, Schirdewan A, Kurths J. Recurrence-plot-based measures of

complexity and their application to heart-rate-variability data. Phys. Rev. E 2002;66:026702.
19. Jimenez-Montano MA, Ebeling W, Pohl T, Rapp PE. Entropy and complexity of finite sequences as

fluctuating quantities. Biosystems 2002;64:23–32. [PubMed: 11755485]
20. Bandt C, Pompe B. Permutation entropy: A natural complexity measure for time series. Phys. Rev.

Lett 2002;88:174102. [PubMed: 12005759]
21. Adami C. What is complexity? Bioessays 2002;24:1085–1094. [PubMed: 12447974]
22. Peng C-K, Buldyrev SV, Havlin S, Simons M, Stanley HE, Goldberger AL. Mosaic organization of

DNA nucleotides. Phys. Rev. E 1994;49:1685–1689.

PENG et al. Page 7

Adv Adapt Data Anal. Author manuscript; available in PMC 2009 December 28.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



23. Peng C-K, Havlin S, Stanley HE, Goldberger AL. Quantification of scaling exponents and crossover
phenomena in nonstationary heartbeat time series. Chaos 1995;5:82–87. [PubMed: 11538314]

24. Costa M, Goldberger AL, Peng C-K. Multiscale entropy analysis of complex physiologic time series.
Phys. Rev. Lett 2002;89:068102. [PubMed: 12190613]

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

26. 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. [PubMed: 16384029]

27. Costa M, Peng C-K, Goldberger AL, Hausdorff JM. Multiscale entropy analysis of human gait
dynamics. Physica A 2003;330:53–60.

28. Costa M, Priplata AA, Lipsitz LA, Wu Z, Huang NE, Goldberger AL, Peng C-K. Noise and poise:
Enhancement of postural complexity in the elderly with a stochastic resonance-based therapy.
Europhys. Lett 2007;77:68008. [PubMed: 17710211]

29. Huang NE, Shen Z, Long SR, Wu MC, Shih HH, Zheng Q, Yen N-C, Tung CC, Liu HH. The empirical
mode decomposition and the Hilbert spectrum for nonlinear and non-stationary time series analysis.
Proc. R. Soc. Lond. Ser. A 1998;454:903–995.

30. Wu Z, Huang NE, Long SR, Peng C-K. On the trend, detrending and the variability of nonlinear and
nonstationary time series. Proc. Natl. Acad. Sci. USA 2007;104:14889–14894. [PubMed: 17846430]

31. Wu Z, Huang NE. Ensamble Empirical Mode Decomposition: A noise assisted data analysis method.
Adv. Adaptive Data Analy 2009;1:1–41.

32. Novak V, Yang ACC, Lepicovsky L, Goldberger AL, Lipsitz LA, Peng C-K. Multimodal pressure-
flow method to assess dynamics of cerebral autoregulation in stroke and hypertension. Biomed. Eng.
Online 2004;3:39. [PubMed: 15504235]

33. Hu K, Peng C-K, Huang NE, Wu Z, Lipsitz LA, Cavallerano J, Novak V. Altered phase interactions
between spontaneous blood pressure and flow fluctuations in type 2 diabetes mellitus: Nonlinear
assessment of cerebral autoregulation. Physica A 2008;387:2279–2292. [PubMed: 18432311]

34. Hu K, Peng C-K, Czosnyka M, Zhao P, Novak V. Nonlinear assessment of cerebral autoregulation
from spontaneous blood pressure and cerebral perfusion pressure fluctuation. Cardiovasc. Eng. 2008
(in press).

PENG et al. Page 8

Adv Adapt Data Anal. Author manuscript; available in PMC 2009 December 28.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Fig. 1.
A schematic illustration of 3-D state space. In this example, a system is fully described by 3
state variables. At any given moment, the system is represented as a point (state) in this space.
The trajectory of the system traces out the time evolution of changes of the system’s state.
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