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a b s t r a c t
Center of pressure (COP) signals have been widely used to investigate various aspects of
human balance during quiet standing. Here, we compute a set of measures — including
burstiness, memory and local variation — to quantify temporal patterns in COP zerocrossings. Specifically, we investigate the effect of stance type (bipedal and unipedal)
on the proposed measures. Data were obtained from a group of 20 health and young
subjects. The results suggest that these measures are able to detect differences in zerocrossing patterns between bipedal and unipedal stance. We also perform a test–retest
reliability analysis for each measure and a pairwise correlation analysis for combinations
of measures. Finally, we discuss some potential implications of our results for the study
of human balance.
© 2022 Elsevier B.V. All rights reserved.

1. Introduction
Center of pressure (COP) signals have been widely used in the study of human balance during quiet stance [1–4]. A
large number of measures have been proposed to quantify distinct aspects of COP signals [5,6]. However, some standard
COP-based measures are not sensitive to patterns that can potentially provide essential insights into the dynamics of
human balance. This has opened the door to the application of tools and methods from statistical physics and complex
systems to identify ‘hidden’ patterns in COP signals. A striking example is the analysis of COP signals in the context of
random walk theory [7–13].
Temporal inhomogeneity or bursty behavior has been identified in a variety of dynamical processes in natural and
social phenomena — from solar flares, earthquakes and similar phenomena [14–16] to individual and collective human
activities [17–21]. In particular, temporal inhomogeneities have been identified in physiological and human movement
signals like heartbeats [22,23], neuronal activity [24,25], brain activity during sleep [26,27] and physical activity during
daily life [28,29]. The characterization of temporal patterns have been considered crucial to understand the underlying
mechanisms responsible for the observed dynamics [30–32].
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In this context, burstiness and memory have been introduced as orthogonal measures quantifying two distinct mechanisms leading to temporal inhomogeneity: interevent time (IET) distributions and IET correlations [33]. Furthermore,
local variation has been introduced in the context of neuronal activity. This measure captures aspects of these two
distinct mechanisms [24,25]. Burstiness, memory and local variation have been applied to investigate several human
activities [29,34–38].
A well known standard COP-based measure is the zero-crossing frequency — which corresponds to one half of the mean
number of COP zero-crossings per second [5]. Recently, measures related to the distribution of time intervals between
consecutive zero-crossings (IET distribution) have been utilized in the study of human balance. Examples include standard
deviation [39,40] (computed from the horizontal or vertical component of the reaction force) and measures based in
the functional form of the distribution of time intervals between consecutive zero-crossings [6,41] (computed from COP
velocity or COP trajectory). The burstiness coefficient has also been applied to investigate COP zero-crossings [41].
In the present work, we compute a set of measures — including burstiness, memory and local variation — to quantify
COP zero-crossing patterns. Specifically, we investigate the effect of stance type (bipedal and unipedal) on the proposed
measures. The purpose is to go beyond standard COP-based measures like zero-crossing frequency, by quantifying
temporal patterns in COP zero-crossing events and identifying distinct mechanisms related to the observed behavior.
In addition, we perform a test–retest reliability analysis and a pairwise correlation analysis for the proposed measures
and for a set of standard COP-based measures. Data were obtained from a group of 20 healthy and young subjects.
In Section 2, we describe the experimental methods and the signal processing. In addition, we define the COP-based
measures and present the statistical analysis. In Section 3, we present the results. In the last section, we discuss some
potential implications of our results for the study of human balance.
2. Methods
2.1. Experimental procedures and data processing
Measurements of COP signals were performed with 20 healthy and young subjects (10 men and 10 women) with
age between 20–28 years. All subjects participated voluntarily and gave their written informed consent prior to their
participation — which was approved by the ethics committee of the Universidade Estadual de Maringá, Brazil. Each subject
was asked to maintain a stable and comfortable position on a force platform (model Biomec 400 v1.1, EMG System Ltda,
Brazil), looking straight ahead at a visual reference. The COP signal in the antero-posterior (AP) and medio-lateral (ML)
directions were recorded with a sampling frequency of 100 Hz. For each subject, ten 60 s trials were recorded for the
following conditions: bipedal stance (double leg) and unipedal stance (right leg and left leg).
The COP signal for a given trial is a discrete time series {x′n }, n = 1, . . . , N (N = 6000). A linear trend, represented
by a linear least squares fit of x′n versus n over all n, was removed from {x′n }. In addition, high frequency noises were
removed by using a low-pass filter — a fourth order Butterworth filter with cut-off frequency fc = 12 Hz. The detrended
and filtered signal (normalized to zero mean) was denoted by {xn }, n = 1, . . . , N. By construction, ⟨xn ⟩ = 0. For each time
series {xn }, the time interval between two successive up or down zero-crossings (the events) was obtained. Let us denote
these IETs by {τl }, l = 1, . . . , L, where L is the total number of IETs for a given trial.
To access the zero-crossings of {xn }, we considered the associated binary signal {sn }, where sn = 1 if xn ≥ 0 and
sn = −1 if xn < 0, n = 1, . . . , N. In addition, we obtained the signal {zn }, where zn = 1 if sn sn−1 < 0 and zn = 0 if
sn sn−1 > 0, n = 2, . . . , N. zn = 1 indicates that a zero-crossing (an event) occurred at time n. The time occurrence of
zero-crossings are given by {nl }, l = 0, . . . , L, where n0 (nL ) marks the first (last) event. The IETs (in seconds) are defined
as τl = (nl − nl−1 )δ , where l = 1, . . . , L and δ = 0.01 s. With this definition, we are disregarding boundary effects (n < n0
and n > nL ) — a common procedure in the literature. Fig. 1 shows the zero-crossings and the correspondent IETs for
representative 60 s trials.
2.2. COP-based measures
We defined a set of measures to quantify temporal inhomogeneities in COP zero-crossing events. Some of these
measures are related to the moments of the IET distribution. For each trial, the mean of IETs is given by

µ=

L
1∑

L

τl .

(1)

l=1

The burstiness coefficient is defined in therms of µ as [33]
B=

σ −µ
CV − 1
=
,
σ +µ
CV + 1

(2)

where σ is the standard deviation of IETs and CV is the coefficient of variation, CV = σ /µ. By definition, the burstiness
coefficient takes values in the interval [−1, 1]. A completely regular behavior leads to B = −1 since σ = 0. A random
behavior leads to B = 0, since σ = µ (exponentially distributed IETs). A bursty behavior leads to B > 0, with σ > µ.
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Fig. 1. COP zero-crossings (vertical bars) and the correspondent IETs for six representative 60 s trials. As indicated, each trial refers to a given
condition-direction. The color code ranges from blue (0.01 s) to red (7.40 s). For each trial, the first and last time intervals are disregarded (boundary
effect).

The limit case B = 1 occurs only for extremely bursty data with σ → ∞. An alternative definition of the burstiness
coefficient, introduced to analyze finite size data, is given by [42]

√

√
m + 1 CV −

m−1
Bc = √
,
√
( m + 1 − 2)CV + m + 1

(3)

where m = L + 1 is the number of events and CV is the coefficient of variation.
Higher moments of the IET distribution, such as skewness and kurtosis, may also be used to quantify temporal
inhomogeneities [33]. We defined excess of skewness as
Sk =

µ3
− 2,
σ3

(4)

where µ3 is the third central moment, µ3 = (1/L)
K=

∑L

τ − µ)3 . We also defined excess of kurtosis as

l=1 ( l

µ4
− 9,
σ4

(5)

∑L

where µ4 is the fourth central moment, µ4 = (1/L) l=1 (τl − µ)4 . Sk and K are defined in such way that Sk = 0 and
K = 0 for exponentially distributed IETs.
While µ, B, Bc , Sk and K are related to the IET distribution, the next measure is related to correlations between two
consecutive IETs. The memory coefficient is defined as [33]
M=

1
L−1

L−1
∑
(τl − µ1 )(τl+1 − µ2 )

σ1 σ2

l=1

,

(6)

where µ1 (µ2 ) and σ1 (σ2 ) are the mean and the standard deviation of IETs except for the last (the first) therm in
{τl }. The memory coefficient takes values in the interval [−1, 1]. It is an estimator for the autocorrelation function
C (q) = ⟨(τl − µ)(τl+q − µ)⟩/σ 2 , for q = 1. M > 0 indicates that a short (long) IET tends to be followed by a short
(long) one. M < 0 indicates an opposite effect — a short (long) IET tends to be followed by a long (short) one. M = 0
indicates no correlations between two consecutive IETs.
Another measure of temporal inhomogeneity is the local variation — originally proposed in the context of neuron spike
trains [24,25]. Local variation has been applied to analyze nonstationary signals [36,37]. By definition, local variation takes
values in the interval [0, 3]. We defined excess of local variation as
LV = −1 +

3
L−1

)2
L−1 (
∑
τl+1 − τl
l=1

τl+1 + τl

,

(7)

in such way that LV takes values in the interval [−1, 2]. LV = −1 for a completely regular behavior and LV = 0 for
uncorrelated and exponentially distributed IETs. Deviations from LV = 0 originate from local correlations in the event
sequence and may have two distinct origins: correlations between successive IETs and non-exponential IET distribution.
For comparison, we also defined a set of standard COP-based measures chosen from Ref. [5]. Range (Rg) is the difference
between the largest
square distance (RMS) is defined
∑Nand the smallest values of xn , Rg = max(xn ) − min(xn ). Root∑mean
N −1
as RMS = [(1/N) n=1 x2n ]1/2 . Mean velocity (MV) is given by MV = [1/(N − 1)] n=1 |vn |, where vn = (xn+1 − xn )/δ and
3
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Table 1
List of measures to characterize COP signals. Measures 1–7 are computed from the time
intervals between consecutive COP zero-crossings. Measures 8–12 are standard COP-based
measures.
Number

Symbol

Description

Unity

1
2
3
4
5
6
7
8
9
10
11
12

µ

Mean of IETs
Burstiness
Burstiness for small samples
Excess of skewness
Excess of kurtosis
Memory
Excess of local variation
Range
Root mean square distance
Mean velocity
Mean frequency
Zero crossing frequency

s

B
Bc
Sk
K
M
LV
Rg
RMS
MV
MF
ZCF

cm
cm
cm/s
Hz
Hz

Fig. 2. Test–retest reliability analysis. Intraclass correlation coefficient, ICC, for measures 1–12 (double leg, right leg and left leg) in the AP and ML
directions. The color code ranges from red (ICC = 0) to blue (ICC = 1).

δ = 0.01 s. Mean frequency (MF) is defined as MF = MV/(2π MD), where MD = (1/N)

∑N

n=1 |xn | (this definition of MF is
slightly different from the definition used in Ref. [5]). Finally, zero-crossing frequency is given by ZCF = (L + 1)/2T , where
L + 1 is the number of zero-crossings in a given trial and T is the trial duration. Table 1 shows a list of all COP-based
measures defined here.

2.3. Statistical analysis
We quantified test–retest reliability using the intraclass correlation coefficient (ICC). More specifically, we used ICC2,1 —
a version of the ICC based on the two-way random model with absolute agreement, calculated by the analysis of variance
(ANOVA). Normality was checked using the Shapiro–Wilk test (significance level 0.05). Comparisons between conditions
were performed using the Student’s t-test or the non-parametric Wilcoxon signed rank test (if normality test failed).
Pairwise correlations were evaluated using the Spearman’s rank correlation coefficient ρ , which makes no assumptions
about the normality of the data.
3. Results
First we quantified the test–retest reliability of each measure. Fig. 2 shows the ICC values for measures 1–12 computed
for the bipedal and unipedal conditions (AP and ML directions). For measures 1–7, the ICC values range from 0.01 to 0.52
in the AP direction and from 0.06 to 0.67 in the ML direction. For measures 8–12, the ICC values range from 0.27 to 0.79
4
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Fig. 3. Pairwise correlation analysis. Spearman rank correlation coefficient, ρ , among measures 1–12 (double leg and right leg) in the AP and ML
directions. The color code ranges from red (ρ = −1) to blue (ρ = 1).

in the AP direction and from 0.04 to 0.80 in the ML direction. Typically, the ICC values for measures 1–7 (based on COP
zero-crossings) are less than those for measures 8–12 (standard COP-based measures).
Next we performed a pairwise correlation analysis to assess the strength of the relationships among the measures.
Fig. 3 shows the Spearman correlation coefficients among the measures (trial averaged data), computed for the bipedal
and unipedal (right leg) conditions. Some measures are strongly correlated with each other like 2 and 3 (ρ ≥ 0.96), 4
and 5 (ρ ≥ 0.96), 1 and 11 (|ρ| ≥ 0.96) and 1 and 12 (|ρ| ≥ 0.98). In contrast, comparisons between measures 2–7 and
8–12 leads to moderate to weak correlations — like for measures 2 (|ρ| ≤ 0.69), 4 (|ρ| ≤ 0.65), 6 (|ρ| ≤ 0.48) and 7
(|ρ| ≤ 0.63).
Table 2 shows measures 2–7 averaged over trials and subjects in comparison with shuffled data — data computed
after shuffling zero-crossing events in each trial (null model). This shuffling procedure destroys any temporal correlations
between the events. In most cases, differences between the empirical and shuffled data (trial averaged data) are
statistically significant. Exceptions include measure 6 (double leg, ML) and measures 2 and 3 (right leg, ML).
5
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Table 2
Measures 2–7 averaged over trials and subjects and the corresponding shuffled data. Data are shown for double leg, right leg and left leg stance
conditions in the AP and ML directions. All values are shown with their 95% confidence intervals. The percentage of shuffled versions (total of 100
realizations) that differ significantly from the empirical data (p < 0.05) is shown in the column %.
double leg - AP

⟨B⟩
⟨Bc ⟩
⟨Sk⟩
⟨ K⟩
⟨M⟩
⟨LV⟩

0.22 ± 0.04
0.28 ± 0.05
0.58 ± 0.27
2.04 ± 1.82
0.04 ± 0.03
0.24 ± 0.05
right leg - AP

⟨B⟩
⟨Bc ⟩
⟨Sk⟩
⟨ K⟩
⟨M⟩
⟨LV⟩

0.17 ± 0.02
0.21 ± 0.03
0.93 ± 0.22
5.05 ± 1.72
−0.06 ± 0.02
0.12 ± 0.03
left leg - AP

⟨B⟩
⟨Bc ⟩
⟨Sk⟩
⟨ K⟩
⟨M⟩
⟨LV⟩

0.18 ± 0.03
0.22 ± 0.04
0.90 ± 0.24
4.61 ± 1.79
−0.06 ± 0.02
0.15 ± 0.04

shuffled

−0.02 ± 0.01
−0.01 ± 0.01
−0.40 ± 0.10
−3.02 ± 0.54
−0.02 ± 0.02
−0.02 ± 0.02
shuffled

−0.01 ± 0.01
−0.01 ± 0.01
−0.26 ± 0.09
−2.20 ± 0.55
−0.01 ± 0.02
−0.03 ± 0.02
shuffled

−0.01 ± 0.01
−0.00 ± 0.01
−0.29 ± 0.09
−2.36 ± 0.55
−0.02 ± 0.02
−0.02 ± 0.02

double leg - ML

%

0.26 ± 0.03
0.32 ± 0.04
1.33 ± 0.40
9.21 ± 3.60
0.01 ± 0.03
0.28 ± 0.04

100
100
100
100
100
100

−0.01 ± 0.01
−0.01 ± 0.01
−0.29 ± 0.10
−2.32 ± 0.60
−0.02 ± 0.02
−0.03 ± 0.02

right leg - ML

%

0.01 ± 0.03
0.02 ± 0.03
0.23 ± 0.21
1.12 ± 1.45
−0.04 ± 0.02
−0.12 ± 0.05

100
100
100
100
95
100

left leg - ML

%
100
100
100
100
93
100

shuffled

0.03 ± 0.03
0.04 ± 0.03
0.32 ± 0.20
1.75 ± 1.46
−0.05 ± 0.02
−0.08 ± 0.03

shuffled

−0.01 ± 0.01
−0.01 ± 0.01
−0.18 ± 0.08
−1.70 ± 0.53
−0.01 ± 0.01
−0.04 ± 0.01
shuffled

−0.01 ± 0.01
−0.01 ± 0.01
−0.19 ± 0.08
−1.71 ± 0.56
−0.01 ± 0.01
−0.04 ± 0.01

%
100
100
100
100
3
100
%
4
3
100
100
80
100
%
100
100
100
100
98
55

Table 3
Measures 1–12 averaged over trials and subjects, with their 95% confidence intervals, for all stance conditions (AP and ML directions). Measures 1-7
are computed from size adjusted data. The p values are for the comparisons between double leg and right leg, double leg and left leg and right leg
and left leg, respectively.

⟨µ⟩
⟨B⟩
⟨Bc ⟩
⟨Sk⟩
⟨ K⟩
⟨M⟩
⟨LV⟩
⟨Rg⟩
⟨RMS⟩
⟨MV⟩
⟨MF⟩
⟨ZCF⟩
⟨µ⟩
⟨B⟩
⟨Bc ⟩
⟨Sk⟩
⟨ K⟩
⟨M⟩
⟨LV⟩
⟨Rg⟩
⟨RMS⟩
⟨MV⟩
⟨MF⟩
⟨ZCF⟩

double leg - AP

right leg - AP

left leg - AP

p values

1.26 ± 0.18
0.22 ± 0.04
0.29 ± 0.05
0.59 ± 0.26
2.01 ± 1.77
0.04 ± 0.02
0.25 ± 0.05
2.84 ± 0.63
0.48 ± 0.10
0.93 ± 0.11
0.45 ± 0.05
0.43 ± 0.06

0.78 ± 0.10
0.15 ± 0.02
0.21 ± 0.03
0.53 ± 0.16
1.73 ± 1.12
−0.08 ± 0.03
0.14 ± 0.04
4.32 ± 0.47
0.69 ± 0.06
2.36 ± 0.24
0.71 ± 0.08
0.69 ± 0.08

0.88 ± 0.11
0.17 ± 0.03
0.23 ± 0.04
0.63 ± 0.20
2.21 ± 1.29
−0.07 ± 0.03
0.17 ± 0.05
4.58 ± 0.57
0.74 ± 0.08
2.36 ± 0.26
0.68 ± 0.09
0.65 ± 0.09

< 0.001
0.001
< 0.001

< 0.001

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

< 0.001

double leg - ML

right leg - ML

left leg - ML

p values

0.84 ± 0.19
0.26 ± 0.03
0.32 ± 0.04
1.30 ± 0.39
8.76 ± 3.51
0.00 ± 0.03
0.28 ± 0.04
2.16 ± 0.73
0.33 ± 0.12
0.84 ± 0.11
0.73 ± 0.13
0.73 ± 0.14

0.54 ± 0.05
−0.00 ± 0.03
0.01 ± 0.03
0.01 ± 0.18
−0.60 ± 1.04
−0.05 ± 0.02
−0.12 ± 0.05
3.42 ± 0.18
0.57 ± 0.03
2.71 ± 0.23
0.96 ± 0.08
1.00 ± 0.09

0.56 ± 0.05
0.03 ± 0.03
0.04 ± 0.03
0.14 ± 0.16
0.18 ± 1.11
−0.05 ± 0.02
−0.06 ± 0.04
3.55 ± 0.30
0.61 ± 0.04
2.77 ± 0.25
0.93 ± 0.07
0.98 ± 0.08

0.001

< 0.001
< 0.001
< 0.001
< 0.001
0.006
< 0.001
0.003
0.003
< 0.001
0.003
< 0.001

0.015

0.015

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.003
< 0.001
< 0.001
< 0.001
< 0.001
0.003
< 0.001
0.002
0.002
< 0.001
0.005
0.003

0.032
0.045

0.044

0.048
0.045
0.038
0.039
0.046
0.046

In order to compare bipedal and unipedal conditions using measures 1–7 we used event sequences with the same
number of events, since finite size effects could cause distortions [43]. Basically, we adjusted the observation window
of some trials to values less than 60 s and took only the events inside this new window. Specifically, for each trial k
(k = 1, . . . , 200) we computed the number of events for each stance condition — double leg, right leg and left leg. For
the trial with the smallest number of events, the observation window remained unchanged. For the other two trials, the
observation windows were adjusted if necessary to make the number of events equal to the first. We then recalculated
measures 1–7 for these size adjusted data. Table 3 shows measures 1–7 (computed from size adjusted data) and 8–12
averaged over trials and subjects for all scenarios. In most cases, we find no statistically significant differences between
right leg and left leg conditions. In contrast, we find statistically significant differences between bipedal and unipedal
6
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Fig. 4. Measures 2, 3, 6 and 7 (AP direction) averaged over trials and subjects for each stance condition — double leg (blue), right leg (red) and left
leg (white) — and for shuffled data (black). Error bars represent 95% confidence intervals. The p values for the comparisons are shown in Table 3.

conditions — with the exception of measures 4 and 5 (AP direction). Some results described in 3 are also shown in Fig. 4
(for the AP direction) and Fig. 5 (for the ML direction) in comparison with shuffled data.
4. Discussion
Test–retest reliability analysis has been applied to compare intra-subject variability with inter-subject variability for
several COP-based measures [44–47]. Here, the highest values of ICC were obtained for the mean velocity (measure 10).
This result is in agreement with previous studies indicating that mean velocity is one of the most reliable COP-based
measures [44,45,47]. We also find that the ICC values for measures 1–7 are typically less than those for measures 8–12.
However, the ICC values for measures 1–7 are comparable to those obtained in previous works for other COP-based
measures — including measures related to statistical mechanics and nonlinear dynamics [44–48]. In any way, relatively
low ICC values in the context of postural sway have been associated to the inherent variability of human balance [48,49].
In addition, ICC values typically increases with the number of trials and the duration of the trial [44]. Further work is
necessary to investigate this phenomenon for proposed COP-based measures.
Pairwise correlation analysis has been applied to assess the strength of the relationships among COP-based measures [5,
6,50]. This information may be useful in selecting particular measures to characterize COP signals. The use of more than
one measure from a group of highly correlated measures would be redundant. For example, since the mean of IETs is
(highly) negatively correlated to zero-crossing frequency, one of them (measure 1 or 12) may be chosen to characterize
COP signals. In contrast, we find moderate to weak correlations between measures 2–7 and 8–12. This result suggest that
measures 2–7 may be assessing aspects of COP dynamics that are not detected by the standard measures 8–12.
By using measures 2–7, we find temporal inhomogeneities in COP zero-crossings. This result is checked by comparing
zero-crossing patterns to those in a null model, a randomized version of the empirical data. The observed zero-crossing
patterns may be related to the stochastic nature of the COP signal. As already mentioned, COP signals have been modeled
in the context of random walk theory [7–11]. In fractional Brownian motion (FBM), for example, the distribution of
time intervals between consecutive zero-crossings exhibits non-exponential behavior — more specifically, a power law
asymptotic behavior with power law exponent H − 2, where H is the Hurst exponent [51]. In a similar way, temporal
inhomogeneities in COP zero-crossings could be affected by long-range correlations in COP signals. In harmony with this
possibility, it has been reported differences between bipedal and unipedal stance in therms of correlation properties of
COP signals, accessed through the Hurst exponent [12].
7
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Fig. 5. Measures 2–7 (ML direction) averaged over trials and subjects for each stance condition — double leg (blue), right leg (red) and left leg
(white) — and for shuffled data (black). Error bars represent 95% confidence intervals. The p values for the comparisons are shown in Table 3.

Temporal inhomogeneity can also be related to two distinct mechanisms: interevent time (IET) distributions and IET
correlations [33]. Burstiness and memory have been introduced to quantify these two distinct mechanisms. For the bipedal
stance (ML direction), we find ⟨B⟩ ̸ = 0 and ⟨M⟩ ≃ 0, suggesting temporal patterns rooted mainly in the IET distribution. For
the unipedal stance (ML direction), we find ⟨B⟩ ≃ 0 and ⟨M⟩ ̸ = 0 suggesting a dominant contribution of IET correlations.
For both stance types (AP direction), we find ⟨B⟩ ̸ = 0 and ⟨M⟩ ̸ = 0 suggesting that both aspects, IET distribution and IET
correlations, have a relevant contribution to the observed pattern.
Bipedal and unipedal stance tasks have been commonly used to assess the balance capacities in several situations
— including for healthy and disable subjects [12,48,52–57]. Some differences between these stance conditions may be
understood in therms of biomechanics and neural control strategies. For example, unipedal stance is characterized by a
reduced base of support and also by a reduced time required for the central nervous system to process different sensory
inputs and produce adequate muscular responses. In addition, different muscular groups can be involved in human balance
for different stance conditions and directions. In bipedal stance, for example, postural sway in the ML direction has been
associated to load–unload mechanisms achieved through the hip abductor and adductor muscles. In unipedal stance,
postural sway in the same direction has been associated to foot tilting movements achieved through the ankle invertor
and evertor muscles of the foot. Furthermore, in bipedal and unipedal stance, postural sway in the AP direction has been
associated to dorsiflexor and plantar flexor muscles [2,12].
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We note that in general, signal acquisition and signal processing may affect COP-based measures. Some COP-based
measures, for example, show significant variations with respect to the choice of the low pass filter cut-off frequency. These
variations may depend of the nature of the measure [58]. In order to take into account the high frequency components
of the signal, which may serve an exploratory function [59], we performed a parallel analysis without filtering data. We
verified that measures 1–7 are still able to capture differences between bipedal and unipedal stance. Further work is
necessary to explore quantitatively this result and the dependence of measures 1–7 with the cut-off frequency.
Finally, we note that COP-based measures have been applied to investigate human balance in several experimental
conditions. Examples include aging [5], eyes closed [9], visual tasks and target distance [60,61], physical expertise [62] and
pathologies [4]. Further work is necessary to explore the potential of the present measures to investigate COP dynamics
in these and other contexts.
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