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Abstract: Aging causes foot arches to collapse, possibly leading to foot deformities and falls. This
paper proposes a set of measures involving an entropy-based method used for two groups of young
adults with dissimilar foot arches to explore and quantize postural stability on a force plate in
an upright position. Fifty-four healthy young adults aged 18–30 years participated in this study.
These were categorized into two groups: normal (37 participants) and flatfooted (17 participants).
We collected the center of pressure (COP) displacement trajectories of participants during upright
standing, on a force plate, in a static position, with eyes open (EO), or eyes closed (EC). These
nonstationary time-series signals were quantized using entropy-based measures and traditional
measures used to assess postural stability, and the results obtained from these measures were
compared. The appropriate combinations of entropy-based measures revealed that, with respect to
postural stability, the two groups differed significantly (p < 0.05) under both EO and EC conditions.
The traditional commonly-used COP-based measures only revealed differences under EO conditions.
Entropy-based measures are thus suitable for examining differences in postural stability for flatfooted
people, and may be used by clinicians after further refinement.
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1. Introduction

Feet can be used as an indicator of the human aging process. Reduced walking and exercise
and increasing body weight can lead to retardation of the foot muscles and to foot deformities and
falls, as well as increasingly flatfooted structures [1–3]. Reduced medial longitudinal arches in adults
demonstrate many biomechanical inefficiencies and various gait abnormalities in the feet and ankles [4].
For people with abnormal flat-footed structures, the ability to absorb shock and thus to maintain
postural stability is reduced. This may result in inflammation of the plantar fascia, plantar lesions, and
body pain, and may even lead to an increased risk of falling [4–7]. In this way, the structure of the foot
arch is important for posture [8], and may be an important variable to assess during pre-participation
physical examinations [3,9]. Further study of foot structure, postural control, and the risk of lower
extremity musculoskeletal injury may provide appropriate direction for clinical interventions for
individuals with abnormal foot structures [10]. Previous studies have examined the use of corrective
aids to control abnormal foot gait biomechanics and alleviate the discomfort experienced by people
with flat feet [11]. However, the literature suggests that there is currently no set of effective and
quantized assessment instruments for post-treatment evaluation [12–14]. Clinicians therefore need to
consider further evidence when selecting management options for flat feet.
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Center of pressure (COP) displacement-based time-series analysis is the measure most often
used to examine postural stability during upright standing on a force plate [15–17], and has been
designed to be a low-cost and portable measurement system for quantifying the dynamic properties
of humans’ postural stability [18]. In the real world, humans typically exhibit complex dynamic
behavior, and knowledge of system variability is essential for understanding the intrinsic behavior
of dynamic systems. Traditional COP-based measures use means of raw data as measurements.
However, COP signals analyzed using the complexity index (CI)—calculated using entropy-based
measures [19,20]—have recently been considered to be a better measure for analyzing non-stationary
human fluctuations in postural sway data.

Entropy concerns system randomness and regularity [21], and has been applied to physiological
and biological time-series data to assess the structural dynamics of a system across different time
scales [22]. Multiscale entropy (MSE) has potential applications in verifying physiological and physical
time-series data [22]. MSE is a univariate method that has the ability to detect intrinsic correlations.
It is also used to measure the complexity of single-channel signals. However, only “sufficient” length
and “regular” scale are reliably processed with MSE. Empirical mode decomposition (EMD) has been
proposed by Huang et al. as a new signal-decomposition method for nonlinear and nonstationary
signals [23]. The EMD is data-driven and generates intrinsic multiple data scales from inputs, and
it may be used for MSE analysis. Ahmed et al. proposed multivariate EMD (MEMD) as a means
to generate intrinsic data scales, and it can be used for the subsequent multivariate MSE (MMSE)
analysis of input multichannel data [24–27]. MMSE offers assessments of multichannel observations.
It is characterized with greater freedom in analysis than MSE. Entropy methods can be used in
signal processing to separate useful signals from intrusive noise. For example, they can be used to
evaluate data such as electroencephalogram (EEG) signals to detect an epileptic attack or to classify
the signals as focal or non-focal [28–30]. The CIs of the MSE and MMSE methods have been validated
for use in postural sway dynamics analysis for both younger and older adults, with and without
intervention [18–20,25,26,31].

In the present study, differences in postural stability between healthy young adults with flat feet
and those with normal feet were observed using both the traditional COP-based measures and the
entropy-based measures MSE and MMSE. Different combinations of intrinsic mode functions (IMFs)
in the entropy method with different parameters, experimental designs, or force-plate COP signals
can generate different postural stability assessment results [18,20,31,32]. We therefore tried to identify
combinations of IMFs that could be used to evaluate differences in postural stability between flatfooted
and normal foot young adults to identify the appropriate combinations of IMFs.

The aim of this study was to investigate the effectiveness of postural stability measurements
for identifying differences between flatfooted and normal-footed participants. The effectiveness of
traditional COP-based and entropy-based MSE and MMSE measures was compared based on a
quiet-standing task on a force plate.

2. Materials and Methods

2.1. Participants

An experiment was conducted to evaluate measurements from 54 (29 males and 25 females)
healthy young adults aged 20–30 years (mean: 23.28± 2.10 years). None of the participants had mental
illness or musculoskeletal or foot disorders, or had undergone foot surgery or other invasive foot
treatment procedures. The experiment was approved by the Research Ethics Committee (NTU-REC
No. 201206HS011). All participants provided written informed consent before participation, and
were requested to provide personal information and footprints before commencing the experiment.
They were divided into two groups—flatfooted and normal—using the footprint classification method
based on Staheli’s plantar arch index [2]. This static footprint method is used to classify foot types,
and is the method most widely used to classify flat feet; it is based on participants standing in a
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relaxed position [33]. The footprints are used to obtain the arch index ratio (R), which is calculated by
dividing the width of the center of the footprint (A) by that of the posterior region (B) (i.e., R = A/B;
Figure 1). If R > 1, then the foot is classified as a flat foot. In this study, the flatfoot group comprised
17 participants (mean age: 23.62 ± 2.29 years), and the normal group comprised 37 participants (mean
age: 22.53 ± 1.42 years; Table 1).
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Figure 1. The participant steps in chalk then takes a step on a sheet of paper. The arch index ratio (R)
of the footprint is then calculated [2].

Table 1. Basic demographic and physiological details of the participants.

Participants
Footprint Type (mean ± SD)

p-Value
Flatfooted (n = 17) Normal (n = 37)

Males 13 16
Females 4 21

Arch index (R) 1.26 ± 0.17 0.71 ± 0.09 0.000
Age (years) 22.53 ± 1.42 23.62 ± 2.29 0.076
Height (cm) 169.79 ± 7.93 165.76 ± 7.63 0.081
Weight (kg) 68.44 ± 13.23 60.93 ± 10.35 0.051

BMI (kg/m2) 23.59 ± 3.06 22.06 ± 2.56 0.062

2.2. Equipment

The COP movement trajectory data were collected from a force plate (AMTI, Watertown, MA,
USA, OR6-7-2000, 50.8 cm × 46.4 cm). The COP-sway time-series data were derived from signals that
were continuously recorded for 60 s at a sampling rate of 100 Hz; the length of the time series was
6000 samples. The data were used to investigate the participants’ quantitative postural stability.

2.3. COP-Based Measures

All participants performed the COP-signal-collection task. For signal collection, the participants
were requested to stand on the force plate in a static position. Relevant studies have emphasized the
importance of the duration of the trial when analyzing COP standing postural stability [34] and the
effect of visual input [17,20,35]. The current study therefore proposes a set of COP-based quantitative
analysis measures for evaluating differences in postural stability while standing quietly for a short
period with eyes open (EO) or eyes closed (EC). Participants were instructed to stand quietly in a
natural straight posture with their arms by their sides and to look straight ahead with EO or EC five
times, in random order; each trial ran for 60 s (T = 60). The participants rested for approximately 30 s
between each trial to avoid fatigue and prevent complicating factors from affecting the results.

The COP signals were collected and divided into anterior–posterior (AP) and medial–lateral (ML)
direction signals: Y0(t) and X0(t), respectively (t = 1, . . . ,N; N = 6000). These signals were used to
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describe the COP-based raw data relative to the means of the original data [Y(t) = 1
N ∑ Y0(t) and

X(t) = 1
N ∑ X0(t)], and were then transformed to Y(t) and X(t), as follows:

X(t) = X0(t)− X(t), Y(t) = Y0(t)−Y(t). (1)

2.3.1. Traditional COP Methods

This study referenced the traditional COP stabilogram metrics from previous research [15],
as follows:

(1) Mean resultant distance (MDIST), MDIST_AP, MDIST_ML:

MDIST =
1
N

N

∑
t=1

RD(t) where RD =

√
X(t)2 + Y(t)2, (2)

MDIST_AP =
1
N

N

∑
t=1
|Y(t)|, and MDIST_ML =

1
N

N

∑
t=1
|X(t)|.

(2) The root mean square distance (RDIST), RDIST_AP, RDIST_ML:

RDIST =

√√√√ 1
N

N

∑
t=1

RD2(t), RDIST_AP =

√√√√ 1
N

N

∑
t=1

Y2(t), and RDIST_ML =

√√√√ 1
N

N

∑
t=1

X2(t). (3)

(3) Total excursion (TOTEX), TOTEX_AP, TOTEX_ML:

TOTEX =
N−1

∑
t=1

√
[Y(t + 1)−Y(t)]2 + [X(t + 1)− X(t)]2, TOTEX_AP =

N−1

∑
t=1
|Y(t + 1)−Y(t)|,

and TOTEX_ML =
N−1

∑
t=1
|X(t + 1)− X(t)|.

(4)

(4) Mean displacement velocity (MVELO), MVELO_AP, MVELO_ML:

MVELO =
TOTEX

T
, MVELO_AP =

TOTEX_AP
T

, and MVELO_ML =
TOTEX_ML

T
. (5)

(5) 95% confidence circle area (AREA-CC), 95% confidence ellipse area (AREA-CE):

AREA_CC = π(MDIST + z0.05 × SRD)
2, where SRD =

√
RDIST2 −MDIST2,

AREA_CE = πab = 2πF0.05,2,t−2

√
s2

Xs2
Y − s2

XY, where a =
√

F0.05,2,t−2(s2
X + s2

Y + D),

b =
√

F0.05,2,t−2(s2
X + s2

Y − D), D =
√
(s2

X + s2
Y)− 4(s2

Xs2
Y − s2

XY), and sXY = 1
N

N
∑

t=1
Y(t)X(t).

(6)

AREA-CC and AREA-CE provide estimates of the area of the stabilogram. The others are
time-domain distance measures used to estimate either the AP or ML displacement of the COP data.

2.3.2. Entropy Methods

A time-frequency EMD method [23] was used to decompose the signals into signal frequencies;
for example, in the ML-direction time-series data, X(t) is composed as follows:

X(t) =
n

∑
i=1

IMFi + rn. (7)
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The X(t) signals that contained residuals rn and different modes of oscillation (IMFi, i = 1, . . . ,n).
For this analysis, we assumed n = 7 (Figure 2). The detrended signal IMFs were used to derive the CI
values of the entropy measures using the formulae above.Entropy 2017, 19, x 5 of 12 
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Figure 2. Center of pressure (COP) displacement trajectories of a participant standing on a force plate
were retrieved for the anterior–posterior (AP) and medial–lateral (ML) directions. The time series signal
was then detrended into intrinsic mode functions (IMFs) using the empirical mode decomposition
(EMD) method.

The MSE method is based on the sample entropy (SampEn) calculation, SampEn(m, r, N), where
m is the length of sequences to be compared, r is the tolerance for accepting matches, and N is the
length of the time series. The tolerance for accepting matches is r × SD, the standard deviation of
the data set [36]. Given a one-dimensional discrete time series, the method then constructs multiple
coarse-grained time-series data using the scale factor. The CI of the MSE was defined as the area under
the curve for each coarse-grained time series:

CI =
scale

∑
i=1

SampEn(i). (8)
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Various theoretical and clinical applications have been shown for methods based on the same
parameters. We set scale = 20, and based on the literature, set m = 2 and r = 0.15 to analyze the
complexity of the COP signals [20].

The MMSE analysis calculates the relative complexity of the multichannel signals by plotting
the multivariate sample entropy (MSampEn) for each coarse-grained multivariate. The calculation
of MSampEn(m, r, N) uses a combination of different dimensions from the signal group [24–26].
For a p-variate time series,

{
xk,i
}N

i=1, k = 1, 2, ...p, where the multivariate embedding vectors are
constructed as:

Xm(i) = [x1,i, x1,i+τ1 , ..., x1,i+(m1−1)τ1
, x2,i, x2,i+τ2 , ..., x2,i+(m2−1)τ2

, ..., xp,i, xp,i+τp , ..., xp,i+(mp−1)τp ], (9)

M = [m1, m2, ..., mp] ∈ <p is the embedding vector, τ = [τ1, τ2, ..., τp] is the time lag vector, and
the composite delay vector is Xm(i) ∈ <m, where m = ∑

p
k=1 mk. Choosing the right IMFs from the

original signal is important and challenging when evaluating the postural stability [18,31]. In this
study, we used the individual frequency IMF signal to calculate the CI values, then used the different
combinations of at least two IMF signals to assess performance in evaluating differences in postural
stability between the flatfooted and normal groups.

2.4. Data Analysis

Finally, postural stability was verified by comparing the results with traditional measures based
on raw data means with the entropy method, which is based on CI values. These measurement
algorithms were implemented using MATLAB R2009.

Using the COP signal data to compare postural stability between the normal and flatfooted groups
involved the following steps: (1) participants were classified as either normal or flatfooted; (2) the COP
signals collected from the force plate, with EO or EC, and were divided into the AP and ML directions;
(3) the signals were decomposed and reconstructed using EMD (for MSE analysis) or used raw (for
the traditional analysis); and (4) different methods of analyzing the measures were applied. Finally,
the results were compared to assess the differences in postural stability as assessed using these data
analysis procedures (Figure 3).
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Figure 3. The overall architecture of assessment procedure for postural stability from the COP
displacement trajectory of a participant standing on a force plate in normal foot and flatfooted persons.
EC: eyes closed; EO: eyes open; MSE: multiscale entropy; MMSE: multivariate multiscale entropy.

2.5. Statistics

The results of the traditional COP indicators and the CI values from the entropy-based MSE and
MMSE methods were statistically evaluated via two-sample t-tests comparing the two groups (means
and standard deviations; mean ± SD). An alpha value of 0.05 was used in all statistical tests, which
were conducted using Minitab software, to determine whether the difference between the groups
was significant.
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3. Results

3.1. Traditional COP-Based Measures

In general, the values for the flatfooted group were higher than those for the normal group,
although most differences were not significant (Table 2). For the EC test, there were no significant
differences, but for the EO test, the differences for the MDIST, MDIST_ML, RDIST, and RDIST_ML
measures were significant (p < 0.05). The greatest differences were in the ML direction: (1) the average
MDIST_ML values were 1.73 and 1.26 mm for the flatfooted and normal groups, respectively (p = 0.021);
and (2) the average RDIST_ML values were 2.17 and 1.57 mm, respectively (p = 0.017).

Table 2. Descriptive statistics (mean ± SD) for the commonly-used COP-based measures of postural
stability with eyes open (EO) and eyes closed (EC) for two groups of participants (flatfooted and
normal). MDIST: mean resultant distance; AP: anterior–posterior; ML: medial–lateral; RDIST: root
mean square distance; TOTEX: total excursion; MVELO: mean displacement velocity; AREA_CC:
95% confidence circle area; AREA_CE: 95% confidence ellipse area.

Measures (Units)

EO EC

Flatfooted
(n = 17)

Normal
(n = 37) t-Value p-Value Flatfooted

(n = 17)
Normal
(n = 37) t-Value p-Value

MDIST (mm) 3.51 ± 1.23 2.77 ± 1.10 2.23 0.030 * 3.83 ± 2.27 3.05 ± 1.19 1.66 0.102
MDIST_AP (mm) 2.68 ± 1.01 2.18 ± 0.89 1.81 0.077 3.01 ± 1.77 2.41 ± 0.92 1.65 0.106
MDIST_ML (mm) 1.73 ± 0.77 1.26 ± 0.63 2.38 0.021 * 1.77 ± 1.22 1.39 ± 0.85 1.32 0.192

RDIST (mm) 4.03 ± 1.40 3.20 ± 1.26 2.17 0.034 * 4.44 ± 2.57 3.54 ± 1.37 1.67 0.100
RDIST_AP (mm) 3.32 ± 1.23 2.73 ± 1.11 1.74 0.087 3.78 ± 2.19 3.02 ± 1.11 1.70 0.094
RDIST_ML (mm) 2.17 ± 0.95 1.57 ± 0.77 2.47 0.017 * 2.22 ± 1.51 1.73 ± 1.04 1.39 0.171

TOTEX (mm) 523.8 ± 106.6 508.8 ± 81.9 0.57 0.572 602.2 ± 161.6 579.7 ± 103.2 0.62 0.540
TOTEX_AP (mm) 376.6 ± 83.4 358.7 ± 52.3 0.96 0.339 442.5 ± 124.9 424.3 ± 76.6 0.66 0.512
TOTEX_ML (mm) 282.6 ± 63.4 283.0 ± 57.2 −0.02 0.985 312.2 ± 96.8 304.0 ± 69.9 0.36 0.723
MVELO (mm/s) 8.73 ± 1.78 8.48 ± 1.37 0.57 0.572 10.04 ± 2.69 9.66 ± 1.72 0.62 0.540

MVELO_AP (mm/s) 6.28 ± 1.39 5.98 ± 0.87 0.96 0.339 7.37 ± 2.08 7.07 ± 1.28 0.66 0.512
MVELO_ML (mm/s) 4.71 ± 1.06 4.72 ± 0.95 −0.02 0.985 5.20 ± 1.61 5.07 ± 1.16 0.36 0.723

AREA_CC (mm2) 160.8 ± 126.9 106.3 ± 89.6 1.82 0.075 231.6 ± 370.1 130.4 ± 126.3 1.50 0.141
AREA_SW (mm2/s) 9.84 ± 5.03 5.03 ± 7.45 1.78 0.081 12.62 ± 11.85 9.06 ± 5.46 1.52 0.135

* p < 0.05.

3.2. Entropy Measures

We used the individual IMFs to calculate the CI values for the MSE and MMSE analyses, and
then calculated the p-values to evaluate the differences in postural stability between the flatfoot and
normal groups.

For almost all the MSE and MMSE analyses, there were no significant differences between the
groups for either direction or the EO or EC tests (Tables 3–5). However, for the MSE analysis in the AP
direction, the groups did differ significantly in the EC test (p = 0.036) for the low-frequency signals:
IMF6 and IMF7 (0.1–0.3 Hz; Table 3).

Table 3. MSE analysis results for the AP direction for eyes open (EO) and eyes closed (EC).

Measures

EO EC

Flatfooted
(n = 17)

Normal
(n = 37) t-Value p-Value Flatfooted

(n = 17)
Normal
(n = 37) t-Value p-Value

CI_AP_IMF1 26.15 ± 4.51 27.64 ± 2.15 −1.65 0.105 24.78 ± 4.93 26.71 ± 3.3 −1.69 0.098
CI_AP_IMF2 15.75 ± 4.84 17.56 ± 4.07 −1.43 0.16 15.69 ± 6.45 15.59 ± 5.65 0.06 0.954
CI_AP_IMF3 10.17 ± 3.34 11.03 ± 3.04 −0.93 0.357 10.36 ± 3.08 10.17 ± 2.87 0.22 0.829
CI_AP_IMF4 11.21 ± 1.30 11.44 ± 1.83 −0.45 0.655 11.26 ± 1.71 10.81 ± 1.71 0.91 0.368
CI_AP_IMF5 8.92 ± 0.53 9.00 ± 0.780 −0.37 0.711 8.54 ± 0.89 8.70 ± 0.90 −0.61 0.544
CI_AP_IMF6 6.47 ± 0.69 6.74 ± 0.826 −1.18 0.245 6.22 ± 0.67 6.67 ± 0.73 −2.15 0.036 *
CI_AP_IMF7 3.46 ± 0.85 3.63 ± 1.02 −0.60 0.549 3.13 ± 0.82 3.59 ± 0.68 −2.16 0.036 *

* p < 0.05.
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Table 4. MSE analysis results for the ML direction for eyes open (EO) and eyes closed (EC).

Measures

EO EC

Flatfooted
(n = 17)

Normal
(n = 37) t-Value p-Value Flatfooted

(n = 17)
Normal
(n = 37) t-Value p-Value

CI_ML_IMF1 28.30 ± 1.35 28.44 ± 1.16 −0.39 0.695 28.20 ± 1.16 28.516 ± 0.66 −1.29 0.201
CI_ML_IMF2 21.00 ± 4.15 22.24 ± 4.03 −0.98 0.332 18.34 ± 6.4 21.33 ± 5.36 −1.78 0.081
CI_ML_IMF3 10.54 ± 4.76 11.26 ± 4.65 −0.53 0.599 9.44 ± 4.41 10.24 ± 3.92 −0.67 0.507
CI_ML_IMF4 9.37 ± 2.09 9.04 ± 2.59 0.46 0.65 9.39 ± 2.19 8.79 ± 2.11 0.95 0.346
CI_ML_IMF5 8.71 ± 1.19 8.85 ± 1.36 −0.38 0.705 8.66 ± 1.32 8.80 ± 1.32 −0.36 0.719
CI_ML_IMF6 7.05 ± 0.78 7.38 ± 0.86 −1.33 0.188 6.75 ± 1.17 7.21 ± 0.80 −1.70 0.095
CI_ML_IMF7 3.72 ± 0.98 4.16 ± 0.97 −1.54 0.129 3.82 ± 0.82 4.07 ± 0.85 −1.02 0.312

Table 5. MMSE analysis results for eyes open (EO) and eyes closed (EC).

Measures

EO EC

Flatfooted
(n = 17)

Normal
(n = 37) t-Value p-Value Flatfooted

(n = 17)
Normal
(n = 37) t-Value p-Value

CI_IMF1 5.80 ± 0.45 5.78 ± 0.41 0.13 0.894 5.74 ± 0.50 5.78 ± 0.52 −0.27 0.787
CI_IMF2 7.94 ± 1.68 7.81 ± 1.07 0.33 0.74 7.48 ± 1.94 7.53 ± 1.37 −0.12 0.905
CI_IMF3 7.30 ± 2.71 7.57 ± 2.19 −0.40 0.693 7.08 ± 2.40 7.16 ± 1.84 −0.13 0.895
CI_IMF4 9.86 ± 2.22 9.63 ± 2.51 0.33 0.741 10.37 ± 2.28 9.41 ± 1.96 1.58 0.119
CI_IMF5 12.53 ± 1.45 12.02 ± 1.78 1.04 0.303 12.49 ± 1.71 12.22 ± 1.85 0.50 0.619
CI_IMF6 12.24 ± 1.11 12.41 ± 1.26 −0.48 0.633 11.88 ± 1.34 12.27 ± 1.47 −0.93 0.357
CI_IMF7 10.64 ± 1.94 10.82 ± 1.23 −0.42 0.679 10.36 ± 1.43 10.74 ± 1.16 −1.06 0.296

We then combined the IMFs into different signals for further analysis. The high-frequency
combinations (IMF2,3, IMF3,4, and IMF2,3,4) revealed no significant differences between the two groups,
but the low-frequency combinations (IMF5,6, IMF6,7, and IMF5,6,7) revealed statistically significant
differences in complexity between the groups (Table 6). The results were thus similar to those presented
in Table 3: a significant difference in the lower-frequency IMFs.

Table 6. The optimization combination entropy based on MSE and MMSE analysis results for eyes
open (EO) and eyes closed (EC).

Measures

EO EC

Flatfooted
(n = 17)

Normal
(n = 37) t-Value p-Value Flatfooted

(n = 17)
Normal
(n = 37) t-Value p-Value

CI_AP_IMF5,6 8.41 ± 0.72 8.65 ± 0.75 −1.12 0.266 8.06 ± 0.92 8.35 ± 0.83 −1.17 0.249
CI_ML_IMF5,6 8.93 ± 1.00 9.39 ± 1.19 −1.37 0.176 8.67 ± 1.31 9.37 ± 0.86 −2.35 0.023 *

CI_IMF5,6 13.13 ± 1.36 13.52 ± 1.05 −1.14 0.258 12.85 ± 1.23 13.41 ± 1.30 −1.48 0.144
CI_AP_IMF6,7 5.06 ± 0.92 5.53 ± 0.67 −2.09 0.042 * 4.50 ± 0.94 5.51 ± 0.73 −4.30 0.000 *
CI_ML_IMF6,7 5.71 ± 0.82 6.22 ± 0.83 −2.12 0.039 * 5.76 ± 1.12 6.18 ± 0.83 −1.53 0.133

CI_IMF6,7 11.36 ± 1.43 11.57 ± 1.20 −0.58 0.564 11.04 ± 1.05 11.54 ± 1.09 −1.59 0.118
CI_AP_IMF5,67 7.29 ± 1.04 7.69 ± 1.10 −1.24 0.222 7.26 ± 0.82 7.71 ± 0.68 −2.12 0.039 *
CI_ML_IMF5,67 8.09 ± 1.13 8.82 ± 1.31 −1.97 0.054 8.15 ± 1.49 8.92±0.96 −2.31 0.025 *

CI_IMF5,6,7 12.57 ± 1.04 12.82 ± 1.40 −0.66 0.512 12.57 ± 0.97 13.19 ± 1.13 −1.94 0.058

* p < 0.05.

4. Discussion

Entropy-based data analysis methods have been used to characterize a range of real-world
dynamical, non-linear, and non-stationary biomedical time series. We compared MSE and MMSE
results with COP-based measures to assess their capacity to identify differences in stability between
groups of young adults with dissimilar foot arches. We found that: (1) based on traditional
raw-data-based measures from COP signals, MDIST and RDIST exhibited significant differences
in the ML direction with EO (Table 2); (2) the CI values (an entropy-based MSE method using the
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same COP signals) exhibited significant differences in the AP direction with EC in the low-frequency
IMF6 and IMF7 signals (Table 3); (3) there were no significant differences in the MMSE (Table 5); and
(4) reconstructed combinations of IMFs for the entropy-based measures, IMF5,6, IMF6,7, and IMF5,6,7

revealed significant differences in stability in both directions for both EO and EC between the two
groups (Table 6). Thus, the traditional raw-data-based measures only revealed significant differences
under EO conditions, whereas the entropy-based measures revealed differences under both EO and
EC conditions.

There have been a number of studies that use COP signals to compare postural stability between
younger and older adults. Priteo et al. used COP stabilogram metrics to assess postural stability
under EO and EC conditions, and showed that there were more differences—which were generally
statistically stronger—between these conditions for older adults than for younger adults [15]. However,
in the present study (which involved only young participants), differences were only revealed in the
lower-frequency measures. Nonstationary COP signals can be decomposed to IMFs by using EMD
and MEMD methods, and then evaluated using different combinations of the signals. Costa et al.
found significant differences in complexity between older and younger adults by adding together the
five highest-frequency IMFs [19]. Yang and Jiang also revealed a difference in complexity for older
and younger adults under EO and EC conditions—with or without allocated attention—by using the
reconstructed COP signal IMF2,3 [37]. Similarly, Jiang et al. found significant differences in complexity
for older adults before and after using vibratory insoles; however, they found no such differences
for younger adults [20]. Further, Wei et al. revealed statistically significant differences in complexity
between younger and older adults using reconstructed IMF5, IMF4,5, and IMF3,4,5 signals via MSE,
and before and after the use of vibratory insoles among older adults using reconstructed IMF4, IMF2,4,
IMF3,4, and IMF2,3,4 signals via MMSE [31]. Huang et al. compared different COP systems using
entropy measures, and found that IMF5,6 was more sensitive than IMF2,3 in distinguishing among
young adults [18]. These studies show that the postural stability of younger adults differs from that of
older adults, and that in younger adults it is less likely that changes will be detected after interventions.

Entropy-based measures can be used to distinguish between different types of participants;
however, the parameters used with these methods must be set to appropriate values. Examples of
such parameters are the length of sequences to be compared, tolerance values, run times, and scale
numbers for determining the CI values of the complexity algorithm [20,38,39]. Ramdani et al. [38]
assessed postural stability between EO and EC in younger adults using the following parameters:
m = 3; and r = 0.3, 0.25, 0.15, or 0.1. They found significant differences between the AP and ML
directions, and evaluated the different frequencies taken from the COP signals [38]. Jiang et al.
found a significant difference in the AP direction between EO and EC in younger adults using the
parameters m = 2 and r = 0.15, with IMF2,4,5 [20]. Previous studies applying entropy-based measures
have observed significant differences in postural stability mainly in the higher-frequency signals
(~1–30 Hz) [18–20,31,32]. One study [40] showed that the frequency range is <2 Hz in human-body
COP signals, and another study [41] used COP signals to show that visual input affects the lower
frequencies. Further experimentation using appropriate parameters and specific IMF signal frequency
ranges is required to verify the analysis results for different groups of participants, to evaluate how
human balance control functions.

There are few studies comparing postural stability between flatfooted and normal-footed
individuals. Dabholkar et al. [42] compared dynamic balance between flatfooted and normal young
females, using the Star Excursion Balance Test (SEBT), and found that the flatfooted individuals’ reach
distance was significantly less. Han et al. [43] showed that during walking, the COP pathway of flat
feet may be different from that of normal feet, and that the plantar foot pressure of a flat foot was
lower than that of a normal foot. Kim et al. [44] examined differences in static and dynamic stability
between flexible flat feet and normal feet in young people. They showed that the static stability of
both MVELO measurements under single-leg standing (EO or EC) were significantly different between
the two groups, and concluded that this might indicate the absence of a relationship between static



Entropy 2017, 19, 76 10 of 13

and dynamic stability. In our study, however, we found no such difference for two-leg standing.
Some recent studies have shown that the effects of aging on balance may be accentuated in the ML
direction [17,45,46]. Mediolateral balance assessment methods were shown to be reliable and effective
for both younger and older adults. As the degree of flatfoot deformity increases, static postural stability
decreases [47]. Quantifying postural stability changes in the ML direction would be the next step in
exploring the increased risk of falls that is associated with age. In this study, the COP-based measures
in the ML direction revealed differences between dissimilar foot arches (Table 6). Previous studies of
flat feet have not specifically explored the direction of changes in postural stability [5,12–14]. Among
the methods used in these studies, COP-based assessments appear to be the easiest for clinicians to
conduct and quantify for use in assessing improvements in, or identifying appropriate management
for, individuals with flat feet.

There are a few limitations to this study that affect the application of entropy-based methods
to COP. (1) The differences between the participant groups (Table 1) with respect to gender, height,
weight, and BMI distributions may have influenced the results. (2) We acknowledge that there are
many possible combinations of IMFs with different variables for entropy-based analyses. Investigating
a wider range of IMF combinations, and the effects of the combinations selected in this study, require
further investigation. (3) The meaning of each IMF is currently unclear, and further research is needed
to explore this.

In this paper, we used a basic EMD method to decompose nonstationary COP signals into IMFs,
and then combined them using a trial-and-error approach to assess postural stability using MSE and
MMSE analyses. In future research, we plan to analyze additional EMD methods. Recent studies have
suggested that the original EMD method is prone to mode mixing and mode splitting; methods for
stabilizing EMD include noise-assisted MEMD [48] or using MEMD instead of EMD [49,50]. The next
stage in this investigatory process is therefore to try to verify the effects of treatment of flatfooted
individuals using more-developed EMD and entropy-based methods to deepen the analysis of postural
stability using COP signals. There are also other types of postural stability assessments that can be
used. These COP-based measurements are a simple and effective means of assessing subtle changes in
postural stability, which should be utilized in clinical practice in combination with various strategies
for alleviating the symptoms of flatfoot.

5. Conclusions

The proposed entropy-based measures exhibited a clear ability to distinguish between flatfooted
and normal individuals in terms of postural stability, under both eyes closed and eyes open conditions.
In particular, the lower frequencies of the decomposed dynamic-sway COP time-series data collected
during quiet standing facilitated the detection of differences in the ML direction.

In the future, we hope to develop strategies to improve the postural stability of flatfooted people.
Analysis of entropy-based measures may help clinicians to identify useful strategies in physical
exercise, podiatry, orthotics, splints, or shoe modifications, to improve the symptoms of geriatric foot
deformities. The results of these studies may also provide directions for clinical interventions that may
be effective in improving postural control in individuals with other types of abnormal foot structures.
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