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Abstract

Clinical disorders often are characterized by a breakdown in dynamical processes that contribute to the control of upright standing. Disruption
to a large number of physiological processes operating at different time scales can lead to alterations in postural center of pressure (CoP)
fluctuations. Multiscale entropy (MSE) has been used to identify differences in fluctuations of postural CoP time series between groups with and
without known physiological impairments at multiple time scales. The purpose of this paper is to: 1) review basic elements and current
developments in entropy techniques used to assess physiological complexity; and 2) identify how MSE can provide insights into the complexity
of physiological systems operating at multiple time scales that underlie the control of posture. We review and synthesize evidence from the
literature providing support for MSE as a valuable tool to evaluate the breakdown in the physiological processes that accompany changes due to
aging and disease in postural control. This evidence emerges from observed lower MSE values in individuals with multiple sclerosis, idiopathic
scoliosis, and in older individuals with sensory impairments. Finally, we suggest some future applications of MSE that will allow for further insight
into how physiological deficits impact the complexity of postural fluctuations; this information may improve the development and evaluation of
new therapeutic interventions.
© 2016 Production and hosting by Elsevier B.V. on behalf of Shanghai University of Sport.
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1. Introduction

The human body consists of a large network of intercon-
nected structures, operating at a range of time scales.1,2 In this
paper we discuss how entropy techniques, multiscale entropy
(MSE) in particular, have been used to quantify how disease
and age related breakdowns in physiological processes impact
postural fluctuations. Over the past 2 decades, entropy tech-
niques based on the principles of information theory have been
introduced to the study of postural control to quantify how
individuals regulate their postural fluctuations.3 The rationale
behind the use of entropy techniques, which effectively quan-
tify the probability that neighboring points in a time series will
be within a predetermined range, is that healthy systems display
dynamics indicative of a highly adaptable network of neuro-
muscular connections. Entropy measures have been used to
estimate the amount of “complexity”3,4 in a physiological

system, whereby increases in entropy values are indicative of a
system exhibiting a greater degree of complex dynamics.4,5

Analysis of entropy allows researchers to quantify how
changes in physiological health impact the regulation of pos-
tural fluctuations. The multiscale entropy measure differs from
previous entropy techniques (sample entropy (SE) and approxi-
mate entropy (ApEn)) by including multiple time scales of
measurement. The inclusion of these multiple measurements
allows for two distinct advantages: 1) the assessment of com-
plexity (the SE value) at shorter and longer time scales, and 2)
the quantification of the overall complexity of a system, calcu-
lated as the sum of the entropy values over all of the individual
time scales. The combination of these features allows research-
ers to identify the time scales at which the breakdown in com-
plexity occurs as well the overall complexity that takes all of the
time scales into account.

The MSE technique enables researchers to assess how
disease impacts postural fluctuations across a range of time
scales that mirror the temporal dynamics of the complex
network of structures (molecular, cellular, tissue, organ, organ
system, and organism), each of which exhibits dynamics at a
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diverse range of time scales.6 The dynamic interactions within
and between physiological levels of the system afford the
flexibility to tune outputs to the environment, through the
perception–action cycle.7,8 Additionally, it is this rich array of
physiological interactions, operating at different time scales,
that forms the basis of goal-directed movements that are stable
and adaptable across a wide range of environmental conditions.
Importantly, examination of physiological fluctuations at only
one time scale limits the scope of interpretation to only that
level and does not fully capture the dynamics of the entire
system; for example, examining heart rate dynamics at only one
time scale results in findings that are misleading with respect to
the manner in which disease impacts the cardiac rhythm.9

Changes in the system resulting from aging and disease are
not isolated to one time scale, as dysfunction at a lower level
(e.g., molecular, cellular, tissue) likely has a cascading effect on
processes that occur at higher levels (e.g., system and organ-
ism). Characteristically, lower-level processes occur at short
time scales and represent interactions at the micro-scale, while
higher-level (macro-scale) processes occur at longer time scales
and represent the integration of these lower-level processes.
While up to this point the multiscale approach has been
focused on identifying how physiological changes impact the
overall complexity of physiological processes, this approach
also affords researchers the ability to investigate the individual
time scales and may provide insight as to how particular physi-
ological deficits impact postural control. The identification of
specific time scales at which postural deficits occur may allow
for the tailoring of interventions as well as the evaluation of
these efforts.

Studies of human movement often make observations at the
organismic level and assess the kinematic or kinetic mean and
variability of these “task space” variables. These results often
are interpreted with respect to the physiological processes that
are thought to underlie these differences; however, these mea-
sures often focus on only one time scale and therefore lack
the ability to assess the cascading impact of physiological
dysfunction on the control and coordination of action patterns.
Therefore, techniques that examine the multiscale temporal
fluctuations of biological signals can provide additional insight
into the way in which these levels of the system are related,
and the organization of human movement from a complex/
dynamical systems perspective.

Lipsitz and Goldberger3,4 put forward the “loss of complex-
ity hypothesis” as a framework to assess how the breakdown in
physiological function, associated with disease and aging, is
brought about by a reduction in the capacity of the complex
network of interactions involved in the regulation of physiologi-
cal outputs. This hypothesis suggests that deteriorations in
health arise from a reduced capacity of the system to produce an
adaptable set of solutions to execute tasks (Fig. 1). Specifically,
impairments are thought to manifest through either a break-
down in the dynamical processes between levels of the system,
or by a reduction in the number of elements within a given level
of the system; for example, multiple sclerosis (MS) results in
the breakdown of the myelin sheath surrounding neurons of the
central nervous system (CNS), resulting in a myriad of symp-

toms ranging from sensorimotor to cognitive.10 Changes in
physiological processes that accompany disease and aging can
impact this system across multiple levels; identifying the rela-
tionship between the physiological deficit and the time scales at
which they impact postural control will provide critical infor-
mation for evaluating both disease severity and the effective-
ness of treatments.

It is important to recognize, as noted by Duarte and Sternad,8

that advanced age status in the absence of physiological deficit
does not appear to impact the complexity of postural fluctua-
tions. Furthermore, it should be noted that evidence supporting
the loss of complexity hypothesis has come from measurements
during baseline tasks, e.g., quiet standing postures. Research
into how the complexity of postural fluctuations is impacted
during the performance of a greater array of ecologically rel-
evant tasks, e.g., postural-manual, is necessary to further elu-
cidate the impact of health status on the complexity of postural
fluctuations. It is entirely plausible that differences in the ability
to perform tasks at the same level may confound the observed
differences in complexity; future experiments should standard-
ize task performance in a way that allows for the identification
of how the complexity of postural fluctuations can be used for
functional purposes, i.e., afford a robust array of potential pos-
tural strategies that can be used to mitigate the effects of a
perturbation.

The purpose of this paper is to: 1) review basic elements and
current developments in using entropy to assess physiological
complexity, and 2) demonstrate how the MSE technique has
been used to gain insight into the changes in the complexity of
postural sway due to disease and age related physiological
changes. We conclude this paper with some suggestions for the

Fig. 1. The relationship between physiological function, variability, and
complexity. As physiological function deteriorates, interactions among
elements in the system break down and variability is reduced, that manifest in
lower overall complexity.
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expanded use of MSE that may be useful for identifying how
specific changes in physiological function manifest in changes
in postural control. To fully understand why MSE can provide
insights into systemic complexity that other entropy techniques
do not, we must first identify the salient differences between
these methods. Recently, there has been an increased interest
in identifying how the complexity of physiological signals
changes along with health and age status. In the pursuit of this
goal several entropy measures have been developed, all of
which have similar intentions: identify the nature of point-to-
point fluctuations in a signal. The root of this approach can be
found in Claude Shannon’s research on identifying information
content in signals9,10 and expanded into discrete signals in the
form of Kolmogorov–Sinai Entropy.11,12

2. Overview of entropy techniques

2.1. ApEn

ApEn13 was derived from the basic tenets of the
Kolmogorov–Sinai Entropy12 for signals that included both
meaningful information as well as noise (Eq. 1)

ApEn m r N r rm m, ,( ) = ( )− ( )+φ φ 1 (1)

where m is the distance between time series points to be com-
pared, r is the radius of similarity, N is the length of the time
series, and ϕ is the probability that points m distance apart
would be within the distance r. The purpose for the vector
comparison term, r, is to identify a meaningful range in which
fluctuations are to be considered similar. This technique has
been used over the past 2 decades with the intent of identifying
how disease states alter the regularity of physiological outputs.
Pincus13 noted that entropy values between populations should
only be compared if they are calculated with fixed r and m
values, as changing these parameters can affect the outcomes of
the calculation; this is a practice that should be carried through
any of the entropy calculations discussed here. While this tech-
nique has received a large amount of attention in the literature,
it has been replaced by the SE technique, which has
shown increased sensitivity and reliability brought about by
eliminating the self-matching bias present in the ApEn
algorithm.14–16

2.2. SE

SE provides a technical improvement over that of the ApEn
algorithm by eliminating the self-matching bias that is present
in ApEn. This change is accomplished by altering the way in
which the m and m + 1 windows are compared (Eq. 2)
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where m, r, N, and ϕ retain their meaning from Eq. (1). By
eliminating a vector being compared to itself, SE has demon-
strated to be more reliable than the ApEn metric at identifying
changes in the point-to-point fluctuations in naturally occurring
physiological signals, e.g., cardiac rhythms, and postural
control.14,16 The observed improvements in statistical reliability

produced by the SE calculation allow for consistent inferences
to be made about the nature of point-to-point fluctuations over
a single time scale. It should be noted that the SE measure
requires stationary data, that is, time series where the local
mean does not differ from the global mean; this requirement
limits the type of signals that are appropriate for analysis by this
technique. As statistical stationarity is required, it would be
wise to select signals that occur under physiologically station-
ary conditions; that is, analyzing tasks that occur under a fixed
set (e.g., steady state) of demands at the level in which the
observations are made.

2.3. Control entropy (CE)

To overcome the requirement of stationarity, Bollt and
colleagues17–21 introduced the CE measure to quantify changes
in physiological complexity in non-stationary data.17–21 This is
accomplished by examining point-to-point fluctuations over
short overlapping portions of the time series, with the assump-
tion that the time series is stationary or near-stationary within
these windows. This procedure yields a new time series, and CE

has been used to examine differences due to altered physiologi-
cal requirements. For example, systematically increasing
running speed leads to a reduction in complexity of the center
of mass accelerations.19,20 As with the other entropy measures,
CE only examines fluctuations at one time scale, thereby ren-
dering it unable to examine changes in fluctuations at a level
different than the specified window length m.

2.4. MSE

MSE builds on the SE technique by integrating a coarse
graining procedure (Eq. 3, Fig. 2) which affords insight into the
point-to-point fluctuations over a range of time scales

y x y N
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i j

j

j
τ

τ

τ

τ τ= ≤ ≤
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1 1

, (3)

where τ is the timescale of interest, yj is a data point in the newly
constructed time series, xi is a data point in the original time
series and N is the length of the original time series. MSE uses
the SE algorithm to calculate an entropy value at each time
scale. A major concern when applying the MSE algorithm(s) is
to ensure that there are enough data points at the longest

Fig. 2. Coarse graining procedure. (A) scale 2, (B) scale 3, where the “x” series
is the original time series and the “y” is the new time series constructed through
an averaging of the data points.
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(largest) time scale, as too few values at a time scale yield
unreliable probabilities from the SE. It has been suggested that
200 data points per window are needed to elicit consistent SE

values,18 though many studies have used 600 data points at the
longest time scale.22–24 We suggest performing a sensitivity
analysis for each data set in order to identify the appropriate
amount of data necessary to receive consistent SE values.

Once the time scales of interest (range) have been identified,
the area under the SE vs. time scale curve, known as the com-
plexity index (CI), can be calculated (Eq. 4).

CI E= ( )
=

∑S i
i

N

1

(4)

where SE is the SE value at time scale i and N is the total
number of time scales used to calculate CI. CI provides insight
into the integrated complexity of the system, over the time
scales of interest. Additionally, if it were thought that differ-
ences between the populations in question arise at specific
time scales, MSE would allow for analysis at specific time
scales by comparing the SE value at any specific level. This
analysis allows identification how aging and disease impact
the complexity of physiological outputs, which occur across
multiple time scales. This information can then be used to
compare health states and evaluate the impact of interven-
tions. A recent review by Gow et al.,22 focusing primarily on
methodological choices of the experiments which have used
MSE up to this point and makes recommendations for future
study design, provides a valuable resource to consider when
designing studies that will use MSE analysis.

2.5. Entropy and the loss of complexity hypothesis

Now that we have identified each of the entropy measures
and their relationship to one another, it is important to identify
how the information gained from these techniques can be used
to identify meaningful changes in the fluctuations of postural
dynamics. Furthermore, it is pertinent to contextualize the
expected pattern of results within a conceptual understanding
of how the multiscale variability in a signal can be useful in
identifying the health of a system. The measures of entropy
identified above all attempt to identify the probability of point-
to-point fluctuations in a time series falling within a specific
range r. Time-series that exhibit a high degree of regularity
would yield a low entropy value; whereas a more freely fluctu-
ating, complex signal would generate higher entropy values.
Relating these values to the health status can be done within the
loss of complexity hypothesis,3,4 where a reduction in the
dynamic interactions of a complex network of physiological
pathways is predicted to lead to reduced point-to-point fluctua-
tions and entropy, suggesting a reduced adaptive capacity. It
should be noted that the signals examined within this frame-
work should be free of special constraints, i.e., functioning near
their limits; this is why signals like resting heart beat interval
and postural sway during quiet standing are nicely suited for
these explorations.

3. Applications of MSE

We will now demonstrate the utility of the MSE technique to
identify changes in postural fluctuations due to aging and
disease. The focus of this section will be part tutorial and part
review of the existing literature of how MSE can be used to
identify dynamical changes in postural sway due to altered
physiological function. Specifically, we will discuss evidence
from the literature where the MSE technique has been used to
identify changes in the complexity of postural fluctuations
among cohorts of individuals with: multiple sclerosis,23 adoles-
cent idiopathic scoliosis,24 and age related changes in sensory
function.25,26 Finally, we will discuss how MSE can be used as a
method for evaluating the efficacy of postural aids.27

3.1. MSE analysis of postural changes in multiple sclerosis

In a recent study we examined the changes in postural
dynamics in individuals with mild-to-moderate MS compared
to age-matched healthy controls without neurological
impairment.23 Our aim was to identify if those with MS attempt
to overcome impairments in cutaneous sensation by relying
more on visual information for the control of upright standing.
To pursue these questions we had individuals stand in a variety
of postures, including maximum leans in both the anterior-
posterior and medial-lateral direction, in addition to standing
upright. For the purpose of this paper we will only focus on the
upright quiet standing results, as this condition is frequently
used in other reports that use MSE to investigate the control of
posture.25–27 In our previous investigation individuals stood
quietly on a force platform for 25 s in two visual conditions,
eyes-open and eyes-closed, while center of pressure (CoP) posi-
tion was collected at 100 Hz.

In both conditions the time series of the CoP position was
band pass filtered with cutoff frequencies of 2 Hz and 20 Hz,
with a fourth-order, zero-lag Butterworth filter. This choice was
made in order to remove any non-stationarities from the data.
As 2500 data points were available for the MSE analysis, we
calculated the SE value for 10 time scales to assess fluctuations
occurring at a range of 33 to 330 ms, using an r of 15% of the
standard deviation of the time series, and an m of 2. This range
is computed by dividing the sampling rate (100 Hz) by the
m + 1 term in Eq. (2) at each time scale, which in this case
results in a denominator of 3.

The results of this experiment showed that the presence of
MS had a strong effect of reducing CI in both the anterior-
posterior and medio-lateral direction (Cohen effects sizes
d = 0.9 and 0.8, respectively). Beyond the differences in overall
complexity, it is apparent that even at very short time scales,
individuals with MS display reduced complexity compared to
those without neurological impairment (Fig. 3). These differ-
ences in CI provide insight into the nature of the changes that
occur due to MS, that is, a physiological breakdown in neuronal
function likely impacts processes that occur at very short time
scales yet appear to have a widespread, systemic impact on the
control of the postural CoP. The information gained from the
MSE technique allows for additional insight into the nature of
change due to MS, in a manner that is not apparent from single
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time scale techniques. The MSE analysis shows that even in a
cohort of individuals with MS who are not yet limited by
significant balance impairment and show mild-to-moderate MS
symptoms, postural dynamics are affected across a range of
different time scales (Fig. 3).

Furthermore, we used MSE to explore the role of vision in
the control of upright standing in people with MS compared to
controls. We observed that those with and without MS did not
differ in their responses to the removal of vision (Cohen’s
d = 0.1 and 0.3, for the anterior-posterior and medio-lateral
fluctuations, respectively).23 These results suggest that vision
plays similar roles in the regulation of the point-to-point fluc-
tuations and adaptability of the postural CoP in individuals with
mild-to-moderate MS compared to healthy controls. Whether or
not this is observed in more severely impacted people with MS
needs further investigation.

3.2. Adolescent idiopathic scoliosis

We have also used MSE to identify how the presence and
progression of adolescent iodiopathic scoliosis (AIS) influences

the control of upright standing.24 In this study we examined (1)
if individuals with AIS display altered postural dynamics com-
pared to those without AIS, and (2) whether two clinically
distinct subgroups of individuals of AIS (prebracing and pre-
operative) differed in the complexity of their CoP fluctuations.

In this study the MSE parameters we used were similar to
those in the previously discussed study, with the same m and r
values; however, in this study we only applied a 20-Hz lowpass
filter, as detrended fluctuation analysis provided evidence that
the data sets were stationary. Analysis of both the anterior-
posterior and medio-lateral CoP position time series revealed
distinct differences between the groups. The CI of the medial-
lateral CoP fluctuations was reduced in those with AIS com-
pared to those without AIS. The CI of the anterior-posterior CoP
also revealed differences between the AIS subgroups, with the
more severe preoperative group exhibiting lower complexity
than the prebracing group.

This study showed that the MSE analysis was able to identify
systematic differences between those with and without AIS as
well as between groups with different AIS severity, while other
techniques did not (e.g., CoP range, velocity, acceleration, sway
area, and mean time-to-boundary). These results suggest that
both directions of postural sway provide evidence that the pro-
gression of AIS impacts the complexity of postural
sway.24 Medio-lateral CoP fluctuations were able to distinguish
between those with and without AIS, while the anterior-
posterior fluctuations were able to distinguish between clini-
cally distinct AIS subgroups. These changes in CI align with the
loss of complexity hypothesis in that individuals with AIS
exhibit reductions in medio-lateral complexity, while those with
more severe AIS displayed reduced postural complexity in the
anterior-posterior direction.

3.3. Examples from the aging literature

MSE has also been used to examine the effects of aging on
the complexity of postural control. Several studies have used
MSE to explore the effect of aging on the control of upright
standing,8,25,26 as well as the impact of subsensory stochastic
resonance vibrations to the feet for the improvement of postural
control in older individuals.27 It appears that the complexity of
postural fluctuations between groups of unimpaired young and
older individuals is not different, as there were no differences in
CI.

8 Additionally, the results from Costa et al.27 suggested that
MSE is able to differentiate between older individuals with and
without a history of falls. The evidence reported in these studies
suggests that changes in physiological function that emerge as
a part of the aging process contribute to the complexity of
postural fluctuations along a continuum such that increased
impairments leads to greater reductions in complexity (Fig. 1).

Age related physiological changes in vision and
somatosensation may also impact postural complexity, and
allow for insight into how perceptual information impacts the
regulation of postural fluctuations.25,26 Manor et al.25 provided
evidence that age related decline(s) in single and multiple
sensory modalities impact the complexity of postural fluctua-
tions among older individuals. Specifically, the complexity of
postural fluctuations is reduced among groups of older

Fig. 3. Plots from representative individuals with (MS) and without (CON)
multiple sclerosis. (A) Sample entropy and (B) Complexity index from a 30-s
trial where sample entropy was calculated for 10 time scales.
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individuals with visual and/or somatosensory impairments,
with deficits in somatosensation appearing to have a greater
impact than vision on the complexity of postural control. Fur-
thermore, the cohort of individuals with concurrent visual and
somatosensory impairment demonstrated lower complexity in
their postural fluctuations than the groups with deficits to one or
none of these sensory modalities, suggesting that among older
individuals, functional deficits in multiple sensory modalities
likely contribute to the increased incidence of falls.23

Postural tasks rarely take place in isolation and are often
integrated with manual or cognitive tasks during activities of
daily living.28 Dual-task paradigms combining cognitive and
postural elements can serve as a model for eliciting stress in the
system and allow for insight into how postural control pro-
cesses are integrated in order to produce complex and adaptable
responses. Among older individuals, those who display frailty
and pre-frailty symptoms29 exhibit reduced postural complexity
compared to non-frail older individuals; this pattern is observed
in both baseline (postural task only) and stressed (postural
and cognitive tasks) conditions.26 Further evidence suggests
that those with greater baseline reductions in the complexity
of postural control fluctuations, due to impairments in
somatosensation, vision, or both, also display greater reduc-
tions in complexity in stressed conditions.25 This work nicely
demonstrated that loss of complexity in postural control occurs
under an ecologically relevant stressor, cognitive load; it also
provides insight into how groups who display larger reductions
in complexity during baseline postural control conditions may
be at even greater risk for adverse events under these dual task
conditions. These inferences still need to be experimentally
confirmed, through postural perturbation tasks.

3.4. Evaluating assistive devices

The MSE analysis technique has also been used to evaluate
the effects of subsensory tactile stimulation, stochastic reso-
nance, to the feet in improving postural control. Stochastic
resonance consists of the application of white noise signals at a
level that enhances the likelihood that naturally occurring phe-
nomena will elicit a response that would not have otherwise
occurred.30 The application of stochastic resonance has been
shown to improve cutaneous sensory function.15,31 As has been
previously discussed, age related impairments in cutaneous sen-
sation are linked to reductions in the complexity of postural
fluctuations; therefore, methods that directly improve cutaneous
sensation could serve to increase postural complexity. This is in
fact what has been observed, as Costa et al.27 have shown that
the application of a stochastic resonance stimulus, known to
improve cutaneous sensation, improves the complexity of pos-
tural fluctuations. Their results showed increased postural
complexity to levels similar to those observed in younger indi-
viduals when stochastic resonance signals are applied to the
plantar surface of the feet.27 This example demonstrates
that MSE can be used to evaluate the efficacy of a potential
treatment modality that aims to improve postural stability/
adaptability, by addressing the underlying multiscale cause of
dysfunction.

3.5. Summary of findings

The MSE analysis has expanded our understanding of how
the degeneration of physiological function that accompanies
aging and disease manifests in the reduction of complexity in
the postural CoP; these changes appear to be brought about in
a manner that is indicative of systems displaying a reduction
in the number of dynamic interactions. Furthermore, this break-
down is not observed in healthy aging as there were no differ-
ences in CI observed between healthy older and healthy younger
individuals.8 However, reductions in CI have been observed
among frail older individuals,26 especially those with degrada-
tion of cutaneous sensation and vision.25 A similar pattern of
results is observed among individuals with MS,23 such that
larger reductions in postural complexity were observed among
individuals with greater somatosensory impairment. Addition-
ally, groups exhibiting lower complexity during baseline pos-
tural tasks appear to be most impacted by the addition of a
cognitive stressor, suggesting that impaired basal postural per-
formance is an indicator of a reduced ability to adapt to addi-
tional demands.26 The complexity changes can be further
impacted when tested under conditions other than during quiet
standing tasks, such as during the performance of many
common activities of daily living. Further study is needed to
examine the effect that more challenging postures and postural
manual interactions have on the complexity of postural
fluctuations.

A major take-away message from the research on the com-
plexity of postural fluctuations is that having an advanced
age does not appear to reduce the complexity of postural
fluctuations.8 Rather, changes in postural complexity appear to
be brought on by impairments in sensory-motor function,
observed to different degrees in older individuals and those
with disease-based impairment.22,23,32

An important distinction in the use of MSE compared to
other single time scale analyses is the ability to gain insight
both at and across a range of time scales that relate to the
underlying physiological processes that govern the control of
upright standing. Although the current analyses of MSE have
focused on the CI, which integrates all time scales, this analysis
provides SE measurements at each time scale of interest. In the
ongoing effort to identify mechanisms that lead to balance
impairments, future research may be able to leverage MSE
analysis to focus on specific time scales and identify how these
align with specific physiological deficits that accompany
altered postural fluctuations. This approach is in agreement
with the emergence of the systems biology perspective, which
identifies that age related changes in behavior manifest by way
of multilevel changes in the system, and if these changes are not
occurring, then there is no reason to assume that changes in
physiological performance should occur.32,33

Another important consideration in the study of postural
control, especially among populations with sensory deficits, is
that alterations in postural fluctuations may serve to enhance
the identification of environmental information. This perspec-
tive is supported by the growing body of evidence where apply-
ing stochastic resonance to the soles of the feet improves both
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the ability to detect external vibrations15,31 and the complexity
of postural fluctuations,27 suggesting that enhancing perceptual
processes has the benefit of improving the complexity of action
processes.

4. Future considerations

MSE appears to be an effective tool for evaluating how CoP
fluctuations are impacted by the breakdown of dynamical pro-
cesses that are integrated in the control of posture. MSE analy-
sis has not become widely adopted in the postural literature;
however, the insights outlined here suggest that this may
provide a powerful measure for quantifying clinically relevant
dysfunction as well as assessing the efficacy of treatment
methods intended to improve postural control. Additionally, as
more work is done it may be possible, among relatable data sets,
to develop guidelines for clinical levels of postural complexity
at which individuals are at increased risk for falls.

Adopting a uniform reporting standard will clarify how
methodological choices such as sampling rate and data collec-
tion times influence the results of MSE analysis.22 We suggest
here that it is more appropriate to report this information as a
time scale (second or Hz) instead of scale factor (number). We
propose this shift in notation as it reflects the degree of coarse
graining, sample frequency, and m such that the time scale is
represented by:

Time scale
Sample frequency

=
+( )×m 1 τ

(5)

where m is distance of points in the time series to be compared
and τ is the scale factor (Eq. 3). This change in reporting will
allow for systematic and clear comparisons between studies
when evaluating complexity across a range of time scales.

Beyond identifying where differences arise in the time
scales, MSE analysis has the potential to identify if individuals
are able to exploit the complexity of the physiological systems
to overcome deficits in one area in order to maintain a high level
of overall adaptability in their sensory-motor outputs. This
expansion of the MSE analysis technique is not directly related
to the loss of complexity hypothesis but provides insight into
how sensory reweighting can be used to maintain function.
Additionally, the examination of tasks which place different
demands on the system may reveal changes in complexity that
reflect task requirements, i.e., more difficult tasks will engage a
greater number of degrees of freedom and this may increase CI.
Further investigation into how the complexity of postural fluc-
tuations is influenced by task difficulty may provide empirical
evidence for the development of a unifying perspective, inte-
grating both task difficulty and health status.

5. Conclusion

A variety of entropy techniques, intended to assess the
nature of the point-to-point fluctuations in physiological
signals, have been developed over the last 2 decades. These
techniques vary in several important aspects, such as focusing
on single (ApEn, SE, and CE) or multi-scale (MSE) analysis and
assumptions of stationarity (ApEn, SE, MSE) versus allowing

for non-stationary (CE) signals. While each of these provide
insight into the underlying dynamics of physiological fluctua-
tions, we discussed in detail the advantages of the multiscale
approach for evaluating differences in postural fluctuations due
to disease and age related physiological impairments. Specifi-
cally, the findings of studies that have used MSE in the exami-
nation of postural control suggest a breakdown of healthy
physiological fluctuations with aging and disease. The observed
changes in complexity suggest that individuals with elevated
cutaneous sensory thresholds and impaired vision constrain
their postural fluctuations in a manner that suggests a reduction
in adaptability and may result in increased fall risk. Addition-
ally, devices intended to improve postural function through the
enhancement of cutaneous sensation appear well positioned to
increase the multiscale complexity of postural fluctuations.
These results suggest that treating the physiological mechanism
underlying the changes in performance, in this case somatosen-
sory impairment, may be a pathway for restoring adaptability
and may lead to improved functional outcomes. Multiscale
entropy is a promising technique that can quantify how changes
in the physiological function that underlie the control of upright
standing manifest in the multiscale complexity of postural sway
patterns. The overall complexity index, CI, allows for the quan-
tification of the integrated complexity of a biological signal
across multiple time scales and provides an overall quantitative
measure for evaluating the loss of complexity hypothesis.
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