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Abstract— Many classical postural sway measures are based on 

linear analysis of different temporal characteristics of the body’s 

center of pressure. In some of the classical sway analysis methods 

the anterior-posterior and the medio-lateral aspects are analyzed 

separately.  While these classical measures are found to be affected 

by aging, they cover different aspects of stability. Moreover, linear 

postural sway analysis is not efficient due to complexity of the 

human physiological functions. This study developed a single sway 

index based on the nonlinear analysis of the multidimensional 

center of pressure data and compared it in different participant 

age groups in different standing tests. The sway index 

performance was compared with six classical sway measures and 

six universal sway parameters. Seventeen younger active lifestyle 

participants (31±5.7), twelve participants aged between 50-60 

years (56.2±3.3), and thirty-two older participants aged 60 years 

and above (69.6±6.2) were recruited for this study. Participants 

were asked to undergo three standing tests of double stance, single 

stance, and tandem stance all with eyes closed for 20 seconds. 

Using a global machine-learnt Gaussian Mixture Model, the 

multidimensional CoP data was clustered and consequently an 

index was derived based on the results. Most classical and 

universal sway measures in the single stance and tandem stance 

were found to be significantly different in younger participants 

compared to the older ones. Our proposed sway index was 

significantly different in younger participants compared to 50-60 

yrs participants in addition to older participants.  The sway index 

also outperformed all classical and universal sway measures in the 

single and tandem stance tests with the sensitivity of 90.9%, 87.5% 

and the specificity of 82.4%, 84.3%, and AUC of 0.90 (95% CI, 

0.81-1.00), 0.91 (95% CI, 0.82-0.99) respectively. The findings 

demonstrated a strong potential of the sway index to be used as a 

single yet effective sway measurement. 

 
Index Terms— Postural Balance in Older People, Postural Sway 

Analysis, Balance Assessment, Fall Risk Assessment 

 

I. INTRODUCTION 

HILE the human body sways naturally during quiet 

stance, aging can cause an increase in postural sway [1]. 

Maintaining balance requires coordination of input from 

multiple sensory systems including the vestibular, 

somatosensory, and visual systems [2]. Aging causes 

differences in reaction speed to sensory input from the visual, 

vestibular, and somatosensory systems that result in more 

frequent and larger body movements and increased postural 

body sway [3]. Dual-task, attention, and cortical recording 

paradigms have demonstrated the involvement of higher 

cortical centers during balance control [4], supporting the 

notion that underlying mechanisms to age-related balance 

decline may include decreased cortical function [5]. It has been 

proven that lack of visual feedback affects the postural sway 

extensively and the effect is even greater in the elderly 

population [6]. According to Lord and Ward [7] beyond the age 

of 65 years, the contribution made by vision to balance control 

declines. However, many studies have shown that impaired 

vision reduces postural stability and can lead to falls in older 

people [8], [9]. 

The postural sway can associate with likelihood of future 

falls in older adults [10], [11]. Better understanding the effect 

of aging on postural sway, specially in older people can help 

with fall risk detection [12]. The effect of aging on postural 

sway has been tested by many studies. In a study by Hytonen et 

al. [13] participants aged 30-60 showed the least body sway 

compared to younger and older participants. However, most 

studies assessing the effect of aging on postural sway have only 

studied specific age groups such as younger vs. older people 

[14], middle-aged vs. older people [15], or only older people 

[16].  

Postural sway has been defined by many studies as various 

parameters derived from temporal characteristics analysis of 

body’s center of pressure (CoP) [17], [18]. According to Hof et 

al. [19] classical postural sway measures such as the path length 

for CoP displacement, mean sway velocity, and sway area can 

be analyzed to assess a person’s balance. These classical sway 

measures are modelled as a two-dimensional stochastic process 

in the anterior-posterior (AP) and the medio-lateral (ML) 

directions on the horizontal plane [20]. While the classical sway 

measures derived from CoP characteristics such as ellipse area 

and mean CoP velocity have been found to be associated with 

aging and effective in recognizing fallers from non-fallers, they 

cover different aspects of stability [21], [22]. Different sway 

measures are found to be affected by different standing 

positions and conditions [23], [24]. In addition to 

spatiotemporal analysis of postural sway, some studies have 

focused on the effect of aging on the frequency domain sway 

parameters such as the 50% power frequency (PF50) of the ML 

and AP displacement [21], [25]. While in the concept of sway 

analysis, different variables are suspected to share information, 

in these methods AP and ML components are analyzed 

separately. Many postural sway measurements are affected by 

individual’s specificity such as weight and height and may not 

be indicative of instability [26].  Human physiological functions 

are mainly controlled by complex mechanisms [27], yet some 

classical sway measures are based on linear computations. The 

spatio-temporal sway measures are found to be sensitive to 

experimental design and data recording parameters such as 

sampling frequency and filtering [28].  Hence, a 
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multidimensional nonlinear approach to model postural sway in 

terms of a single index, insensitive to sampling frequency 

which can be used in all standing tests can prove more effective.  

The present study is aimed at analyzing the postural sway of 

younger, middle-aged, and older participant groups in several 

standing tests using classical and universal sway measures and 

a single sway index derived from the global machine-learnt 

Gaussian Mixture Model (GMM) of the CoP motion data. The 

sway index is based on relative GMM clustering and is 

insensitive to sampling frequency.  The contributions of this 

study are developing a single yet effective sway index and 

comparing the classical sway measures and the sway index in 

different participant age groups. The goal is to process 

multidimensional data obtained by joining the AP and ML 

components from CoP motion data, from any participant in 

different standing tests. The sway index is aimed to be a single 

sway measure, yet informative enough to be used as means of 

sway analysis for any participant in any standing situation. Due 

to the known fact that older people have a decreased ability to 

adapt to altered sensory inputs such as visual, we hypothesized 

that the age-related decrease of stability will be clearer under 

conditions of reduced sensory information. Hence, the protocol 

used included all stance tests of the Balance Error Scoring 

System (BESS) protocol with eyes closed. The results were 

compared in different group of participants and the 

performance of each sway measure was evaluated.  

The remainder of this paper is structured as follows. The 

methods consisting of the experimental design, data acquisition 

process, data analysis, and statistical data analysis are presented 

in Section 2. The results of the experimental work are provided 

in Section 3. The discussion and limitations of the study are 

presented in Section 4 and some conclusions are drawn in 

Section 5.   

II. METHODS 

A. Participants 

In total, sixty-one participants were recruited for this study. 

Seventeen younger active lifestyle participants aged 20-40 

(31±5.7) years, were recruited from the students and staff of 

University of Canberra. The older participants were recruited 

by releasing a media report in the news asking for participants 

over the age of 50 years to participate in the study. The data 

from 44 participants above 50 years was used in the study. 

These participants were categorized into two age groups of 50-

60 (56.2±3.3 N=12) years and 60+ (69.6±6.2 N=32) years. Due 

to technical issues and some of the older participants 

unwillingness to participate in the single stance test, the number 

of 60+ participants are different in the three stance tests. This 

study was approved (project number: 15-122, 15-193) by the 

University of Canberra Human Research Ethic Committee. 

B. Experimental Tests and Protocol 

The standing tests of BESS protocol was used which is a widely 

accepted clinical balance test [29]. While the normal BESS 

needs to be completed on two testing surfaces of ground/floor 

and foam pad, in this study we only conducted the tests on the 

ground. The unstable surface of the foam pad was too 

challenging for some older participants. All the tests were 

conducted with eyes closed to reduce the impact of visual 

sensorymotor feedback. Although the initial target was 30 

seconds for each test, most older participants could not keep 

their eyes closed for more than 20 seconds. 

The following three standing tests were conducted: 

1) Double stance: In this test, participants were required to 

stand without any extra movements for 20 seconds, with feet 

side by side and their hands on their hips with eyes closed.  

2) Single stance: Participants were asked to stand on their 

non-dominant foot for 20 seconds with eyes closed and hands 

placed on their hips.  

3) Tandem stance: Participants placed their dominant foot in 

front of the other with one heel touching the toes of the other 

foot for 20 seconds with eyes closed and their hands on the hips. 

C.  Instrumentation 

A portable 600 mm×400 mm×35 mm Kistler force plate 

(Type 9286BA; Kistler, Winterthur, Switzerland), and Bioware 

Software (version 5.3.2.9; Bioware Software, Switzerland) 

have been used to measure the three-dimensional components 

of the body’s CoP, X, Y, and Z at a sampling frequency of 

1000 Hz. The platform was connected to a laptop via an 8-

channel charge amplifier (Type 5606A; Kistler, Winterthur, 

Switzerland) and a 16-bit analog-to-digital converter. The 

amplitude range was ±2.5 V for 1–4 channels and ±5 V for 5–8 

channels. The CoP Z component represents the ground reaction 

force for the body weight. The CoP sway signal consists of the 

X and Y components of the Cop. The X axis is the horizontal 

trace of the ML plane aimed towards the right side of the 

participant side-to-side). The Y axis is the horizontal trace of 

the AP plane aimed ahead of the participant (forward to 

backward) [30]. The data was transmitted to a computer for 

analysis using Matlab (ver. R2020.b, Mathworks, USA). The 

raw data was low-pass filtered at 10 Hz using a Butterworth 

filter. The COP velocity and acceleration time series were 

obtained by proceeding through two differentiation of the COP 

displacements.  

D. Data Analysis 

Classical Sway Measures 

Firstly, a set of 6 classical linear sway measures were derived 

from the CoP data using established procedures for every 

participant in each standing test [31]: (1) Total sway area (mm2), 

calculated based on the 95% confidence ellipse area which is 

the area of the 95% bivariate confidence ellipse. It encloses 

approximately 95% of the points on the CoP path. (2) Range of 

AP displacement (mm) calculated based on the absolute value 

of the difference between the smallest and largest values in the 

CoP AP displacement. (3) Range of ML displacement (mm) 

calculated based on the absolute value of the difference between 

the smallest and largest values in the CoP ML displacement. (4) 

Sway path length of CoP trajectory (mm) which is the total 

length of the CoP path and is calculated by the sum of the 

distances between consecutive points in the ML-AP plane. (5) 

Root mean squared (RMS) sway amplitude along the AP axis 

(mm), the RMS value of the CoP AP displacement. (6) Root 
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mean squared (RMS) sway amplitude along the ML axis (mm), 

the RMS value of the CoP ML displacement.  

Universal Sway Measures 

A set of 6 universal sway parameters proposed by Yamamoto 

et al. [21] were calculated. These indices are found to be 

independent of individual body characteristics. These are as 

follows: (1) Angle, defined as the absolute value of angle 

between major axis of the 95% confidence ellipse area and the 

ML axis. (2) αlow AP, the slope at low-frequency band in power 

spectral density (PSD) of CoP AP displacement. 3) αlow ML, the 

slope at low-frequency band in power spectral density (PSD) of 

CoP ML displacement.  Two indices of slope low frequency and 

slope high frequency represent the shape of the double 

logarithmic plot of a CoP sway. For obtaining the PSD, the fast 

Fourier transform of each time-series data of CoP in both ML 

and AP was performed. The low frequency band is between 

0.01 and 1 Hz [32]. 4) PF50 AP, is the median power frequency 

of the COP AP displacement or the frequency below which 

50% of the total power is found. 5) PF50 ML, the median power 

frequency of the COP ML displacement or the frequency below 

which 50% of the total power is found. 6) Flattening which is 

the flattening factor of the 95% confidence interval of the sway 

(
𝑒𝑙𝑙𝑖𝑝𝑠𝑒 𝑚𝑎𝑗𝑜𝑟 𝑎𝑥𝑖𝑠−𝑒𝑙𝑙𝑖𝑝𝑠𝑒 𝑚𝑖𝑛𝑜𝑟 𝑎𝑥𝑖𝑠

𝑒𝑙𝑙𝑖𝑝𝑠𝑒 𝑚𝑎𝑗𝑜𝑟 𝑎𝑥𝑖𝑠
). The 95% confidence 

interval of the CoP displacement and the PSD of the CoP AP 

displacement of an older participant during single stance is 

shown in Fig. 1. 

  

 
Fig. 1. A) The 95% confidence interval of the CoP displacement of an older 

participant during single stance. Using the 95% confidence interval the sway 

area was calculated. The absolute value of angle between major axis of the 95% 

confidence ellipse area and the ML axis was calculated as a universal sway 

measure. B)  PSD of CoP AP displacement with two fitting lines determining 

two scaling factors at the low and high frequency bands. αlow AP which is the 

slope at low-frequency band in PSD of CoP AP is calculated as a universal sway 

measure.  

Sway Index Using Gaussian Mixture Model 

The CoP data was arranged in a matrix of six columns of the 

CoP ML acceleration (ax), AP acceleration (ay), ML velocity 

(vx), AP velocity (vy), ML displacement (dx), and AP 

displacement (dy). 

𝑥 = [𝑎𝑥 , 𝑎𝑦 , 𝑣𝑥 , 𝑣𝑦,𝑑𝑥 , 𝑑𝑦]                            (1) 

Using the combined multivariate CoP data of each 

participant across all three standing tests a global machine-

learnt GMM was developed and clustering was subsequently 

applied to it. Clustering leads to data reduction protocol and can 

help with identifying meaningful data modalities associated 

with different postural states.     

GMMs are mainly represented as a weighted sum of 

Gaussian component densities. They are widely used in 

biometric systems as a parametric model of the probability 

distribution of continuous measurements or features. The use of 

GMM feature distribution in kinematic data has the potential of 

modelling some underlying hidden classes [33]. These hidden 

classes can represent different motion modalities. Moreover, 

GMM has the capability of forming smooth approximations to 

arbitrarily shaped densities. A GMM is a weighted sum of M 

Gaussian densities given by: 

𝑝(𝑥|𝜆) =  ∑ 𝜔𝑖  𝑔(𝑥|µ𝑖 , 𝛴𝑖)
𝑀
𝑖=1                           (2) 

Having the D-dimensional continuous data of x,  𝜔𝑖  ( 𝑖 =
 1, . . . , 𝑀) are the mixture weights, and 𝑔(𝑥|µ𝑖 , 𝛴𝑖), (𝑖 =
 1, . . . , 𝑀) are the component Gaussian densities. Each 

component density is a D-variate Gaussian function defined as: 

 

𝑔(𝑥|µ𝑖  , 𝛴𝑖)  =  
1

(2𝜋)𝐷/2|𝛴𝑖|
1/2

𝑒{−
1
2

(𝑥−µ𝑖)′ ∑ (𝑥−µ𝑖 )−1
𝑖 }    (3) 

with mean vector µ𝑖 and covariance matrix 𝛴𝑖 . The mixture 

weights follow the constraint that ∑ 𝜔𝑖  
𝑀
𝑖=1 = 1.  

There are several techniques available for estimating the 

parameters of a GMM and finding the optimum number of 

clusters [34]. It has been seen that the combined algorithm of 

Expectation-Maximization (EM) and the Minimum Message 

Length (MML) has outperformed other well-known criteria 

such as the Bayesian Information Criterion (BIC) [35] [36]. The 

EM-MML algorithm follows some of the probabilistic 

segmentation processes. The EM iterative algorithm alternates 

between two steps of the expectation step (E-step) and the 

maximization step (M-step) to obtain maximum likelihood. The 

E step computes the expectation of the complete log-likelihood 

and the M step updates the parameter estimates by maximizing 

the current estimate of the expected complete likelihood. For a 

sequence of training vectors 𝑋 =  {𝑥1, . . . ,  𝑥 𝑇}, the GMM 

likelihood is measured by: 

𝑝(𝑋|𝜆) = ∏ 𝑝(𝑥𝑡|𝜆)                         (4)

𝑇

𝑡=1

 

The EM algorithm begins with a 𝜆 and estimates a new model 

𝜆̅ in a way that the likelihood of 𝜆̅ is bigger than the likelihood 

of 𝜆. The EM algorithm takes the new model as the initial model 

for the next iteration.  

The MML algorithm works based on the information 

theoretic view of estimation and model selection, according to 

A) 

B) 
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which an adequate model is one that allows a short description 

of the observations [36]. From information theory, the 

minimum coding length of any message is given by: 

𝐿(𝐸) = −𝑙𝑜𝑔(𝑃(𝐸))                          (5) 

where E is the data, and H is a probable hypothesis. 

𝑃(𝐸|𝐻)𝑃(𝐻) = 𝑃(𝐻 ∩ 𝐸)                     (6) 

Maximizing the probability that the evidence supports the 

hypothesis is equivalent to minimizing message length. 

𝑎𝑟𝑔𝑚𝑎𝑥 𝑃(𝐻 ∩ 𝐸) = 𝑎𝑟𝑔𝑚𝑖𝑛(−𝑙𝑜𝑔 (𝑃(𝐸|𝐻) − 𝑙𝑜𝑔(𝑃(𝐻))) 

(7) 

The MML algorithm continues the segmentation process 

seeking the best cluster set which yields the shortest message 

length. The minimal sufficiency between the number of clusters 

and the message length leads to the reasonable balance point 

[35].  

The multivariate CoP data was progressively segmented into 

a series of gradually improving GMMs, each consisting of a 

specific set of elements or clusters [37]. This process continued 

until the rate of improvement or the reduction in the MML 

message length plateaued. Using this process, the near optimum 

GMM was identified as a set of five clusters. Each cluster is 

representative of a postural state. The algorithm was controlled 

and run in MATLAB. The histogram of global machine-learnt 

clustered multidimensional CoP data of all participants 

(including all three age groups) in all standing tests is shown in 

Fig. 2.  

  

Fig. 2. Histogram of global machine-learnt clustered multidimensional CoP 

data of all participants (including all three age groups) in all standing tests. In 
the context of postural state, clusters 1 and 4 are the most abundant and 

represent the bulk of the multivariate CoP data. 

The clustered CoP data of the younger participants during the 

double stance is taken as the baseline. While the CoP data of all 

participants in different stance tests are trained and clustered at 

the same time, the majority of the baseline data (CoP data of the 

younger participants during double stance) is clustered in 

clusters 1 and 4 as shown in Fig. 3. It is expected that the younger 

participants have the least postural sway during the double 

stance test.   

Different clusters are representative of different postural 

states. The multidimensional CoP data distribution in all 5 

clusters are shown in Fig. 4. While clusters 1 and 4 have the 

smallest data distribution, they have the highest abundance. Due 

to the large density of data in a considerably small distribution, 

the EM-MML algorithm has enclosed a large portion of data in 

clusters 1 and 4. These two dense clusters (clusters number 1 

and 4) are indicative of upright stance postural position (with the 

least postural sway) and the other clusters represent postural 

sway.  

  

Fig. 3. Histogram of the clustered multidimensional CoP data of all younger 
participants (20-40 yrs) in the double stance test taken as the baseline. The 

majority of the CoP data is fitted in clusters 1 and 4. These two clusters are 

associated with the least postural sway.  

Similar to our previous work [37] in order to compare each 

participant’s sway based on these postural states or data 

clustering, a sway index is proposed, as defined by:         

                                      𝑆𝑤𝑎𝑦 𝐼𝑛𝑑𝑒𝑥 =
(𝑁𝑑−𝑁𝑐)

𝑁𝑑
                        (8) 

Where 𝑁𝑑 is the number of all data samples in each standing 

test for each participant, and  𝑁𝑐 is the number of data in upright 

postural position (here clusters number 1 and 4). The sway index 

is presented as a percentage.  

E. Statistical Analysis 

Kolmogrov-Smirnov test was conducted on the classical 

sway measures and the sway index to compare the distribution 

of the measurements in different age groups. Most sway 

measurement distributions within the different age groups do 

not follow normal distributions. Hence, significant differences 

of the sway measures and the sway index in the three age groups 

were investigated using a Kruskal-Walis ANOVA. Effect sizes 

were calculated using eta-squared (η2) and the value above 

0.138 was considered as the significant effect. Consequently, a 

Mann-Whitney U test was conducted to explore the significant 

differences for the pairwise comparison. The significance level 

was set by a p -value below 0.05. The receiver operator curves 

(ROC) for discriminating between younger (20-40 yrs) and older 

participants (60+ yrs) with the use of sway measurements and 

sway index were generated. The area under the curve (AUC), 

sensitivity, and specificity were derived from the ROC. 

Discriminative ability was considered as non- informative for 

𝐴𝑈𝐶 =  0.5, insufficiently accurate when 0.5 <  𝐴𝑈𝐶 <  0.7 

when 0.9 <  𝐴𝑈𝐶 <  1, and perfect when 𝐴𝑈𝐶 =  1 (SPSS; 

IBM Corp; Armonk, NY). 
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III. RESULTS 

A. Single Stance 

The classical and universal sway measures, and the sway 

index results in different age groups in the single stance test are 

presented in Table Ⅰ. In the single stance most sway measures 

are found to be significantly different by Kruskal-Wallis 

ANOVA analysis. However, sway index and the PF50 AP are 

the only sway measures that are found to be significantly 

different between younger participants (20-40- yrs) and the 50-

60 yrs participants. This might mean that these two parameters 

are more sensitive to aging. The bar plot of the sway index and 

the median power frequency of the COP AP (PF50 AP) in 

different age groups in the single stance are shown in Fig. 5. 

 

 

 

 

 

 

 

 
Fig. 5. A) The bar plot of sway index of the three different age groups in the 

single stance.  B) The bar plot of the PF50 AP in different age groups. The 

significant differences (p<0.05, η2>0.14) are shown by * and # for 20-40 yrs 

group compared to 60+ yrs group and the 20-40 yrs group compared to 50-60 

yrs group, respectively. 

A) 

A) 

B) 

* 
# 

* 
# 

Fig. 4. The COP acceleration, velocity and displacement data distribution in clusters 1-5 (A-E.) As it is shown, the distribution ranges of multivariate data in 

clusters 1 and 4 are considerably smaller than the distribution ranges of the multivariate data in clusters number 2, 3, and 4. Clusters number 1 and 4 are 

associated with no sway and clusters number 2, 3, and 5 are associated with postural sway.  

 

B) 

C) 

D) 
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TABLE Ⅰ 
CLASSICAL AND UNIVERSAL SWAY MEASURES AND SWAY 

INDEX RESULTS IN SINGLE STANCE TEST AND THE KRUSKAL-

WALIS ANOVA AND MANN-WHITNEY U RESULTS.  

 20-40 yrs 50-60 yrs 60+ yrs 

Sway Index 

Median (CI) 

17.85 (12.79-
26.46) *# 

*p<0.001 

*η2= 0.48 
#p=0.003 

#η2= 0.48 

46.75 (35.11-
63.73) # 

#p=0.003 

#η2= 0.48 

48.45 (42.29-
61.37)* 

*p<0.001 

*η2= 0.48 

Sway RMS 

ML (mm) 

Median (CI) 

1.20 (1.10-
1.56)* 

*p=0.007 

*η2= 0.20 

1.10 (0.78-1.78) 2.00 (1.76-
2.79)* 

*p=0.007 

*η2= 0.20 

Sway RMS AP 

(mm) 

Median (CI) 

1.29 (1.15-

1.59)* 

*p=0.002 

*η2= 0.22 

1.56 (1.21-1.98) 2.23 (1.99-

3.44)* 

*p=0.002 
*η2= 0.22 

Sway Area 

(mm2) 

Median (CI) 

27.04 (25.38-

43.71)* 
*p=0.004 

*η2= 0.22 

 

26.38 

(16.76-62.91) 

66.15 (64.56-

169.37)* 
*p=0.004 

*η2= 0.22 

Sway Range 

ML (mm) 

Median (CI) 

12.81 (12.62-

18.33)* 

*p=0.002 
*η2= 0.22 

 

12.06 (8.00-

20.96) 

26.25 (19.96-

32.06)* 

*p=0.002 
*η2= 0.22 

Sway Range 

AP (mm) 

Median (CI) 

14.44 (11.13-
18.58)* 

*p=0.004 

*η2= 0.19 
 

16.82 (13.15-
21.29) 

23.53(20.43-
33.32)* 

*p=0.004 

*η2= 0.19 

Sway Path 

(mm) 

Median (CI) 

130.7 (108.28-

174.62) 

154.25 (150.79-

257.72) 

168.11 (152.10-

216.12) 
 

Angle (Rad) 

Median (CI) 

1.00 (0.60-1.24) 

 

1.34 (0.50-1.55) 0.47 (0.42-0.98) 

PF50 AP (Hz) 

Median (CI) 

0.24 (0.21-

0.32)# 

#P=0.01 

#η2= 0.37 

0.25 (0.20-

0.27)* 

*p<0.001 
*η2= 0.37 

 

0.37 (0.32-

0.43)*# 

*p<0.001 
*η2= 0.37 

# p =0.01 

#η2= 0.37 

PF50 ML 

(Hz) 

Median (CI) 

0.25 (0.22-

0.30)* 

* p =0.025 

*η2= 0.17 

0.25 (0.23-0.29) 0.36 (0.28-

0.38)* 

* p =0.025 

*η2= 0.17 

αlow ML 

Median (CI) 

-0.44 ((-1.01) -

(0.20)) 

-0.94 ((-1.2) -  

(-0.20)) 

-0.75 ((-0.16) -

(-1.06)) 

αlow AP 

Median (CI) 

-0.25 ((-0.99)-

0.16) 

-0.86 ((-1.25) -

(-0.07)) 

-0.78 ((-1.13) -

(-0.34)) 

Flattening 

Median (CI) 

 

0.91 (0.76-
0.99)* 

* p =0.007 

*η2= 0.17 

0.96 (0.76-1.06) 1.07 (0.98-
1.14)* 

* p =0.007 

*η2= 0.17 

CI stands for confidence interval. The significant differences (p<0.05, 

η2>0.14) are shown by * and # for 20-40 yrs group compared to 60+ yrs group 

and the 20-40 yrs group compared to 50-60 yrs group, respectively. 

B. Tandem Stance 

The classical and universal sway measures and the sway 

index results in the tandem stance test are presented in Table Ⅱ. 

Similar to the single stance test, most sway measures are found 

to be significantly different in 20-40 yrs compared to 60+ yrs 

participants. However, sway index is the only sway measure 

found to be significantly different between younger participants 

(20-40- yrs) and the 50-60 yrs participants.  The bar plot of the 

sway index in different age groups in the tandem stance is 

shown in Fig. 6. 

TABLE Ⅱ 
CLASSICAL AND UNIVERSAL SWAY MEASURES AND SWAY 

INDEX RESULTS IN THE TANDEM STANCE TEST AND THE 

KRUSKAL-WALIS ANOVA AND MANN-WHITNEY U RESULTS.  

 20-40 yrs 50-60 yrs 60+ yrs 

Sway Index 

Median (CI) 

3.4 (1.78-

5.44)*# 

*p<0.001 

*η2= 0.4 

#p=0.002 

#η2= 0.4 

21.2 (12.53-

45.17)# 

#p=0.002 

#η2= 0.4 

38 (32.19-

53.41)* 

*p<0.001 

*η2= 0.4 

Sway RMS 

ML (mm) 

Median (CI) 

071 (0.64-0.97)* 

*p<0.001 

*η2= 0.34 

0.99 (0.78-1.58) 1.80 (1.48-

2.51)* 

*p<0.001 

*η2= 0.34 

Sway RMS 

AP (mm) 

Median (CI) 

0.96  (0.80-

1.09)* 

*p=0.002 

*η2= 0.21 

1.27 (1.01-2.68) 2.53 (2.05-

3.19)* 

*p=0.002 

*η2= 0.21 

Sway Area 

(mm2) 

Median (CI) 

14.83 (10.57-

17.75)* 

*p<0.001 

*η2= 0.29 

26.50 (17.27-

83.2) 

75.7 (70.12-

163.15)* 

*p<0.001 

*η2= 0.29 

Sway Range 

ML (mm) 

Median (CI) 

8.96 (8.00-

17.48) 

 

13.04 (8.86-

21.31) 

 

17.96 (16.22-

26.26) 

 

Sway Range 

AP (mm) 

Median (CI) 

16.8 (9.03-

25.44) 

 

18.87 (12.72-

30.03) 

35.12 (25.01-

38.62) 

 

Sway Path 

(mm) 

Median (CI) 

98.77 (87.26-

112.87)* 

*p=0.001 

*η2= 0.25 

126.98 (95.33-

190.13) 

 

196.54 (172.38-

272.66)* 

*p=0.001 

*η2= 0.25 

Angle (Rad) 

Median (CI) 

0.72 (0.46-1.16) 0.29 (0.32-1.29) 0.33 (0.48-097) 

PF50 AP 

(Hz) 

Median (CI) 

0.18 (0.16-0.42) 0.25 (0.23-0.35) 0.37 (0.27-0.41) 

PF50 ML 

(Hz) 

Median (CI) 

0.25 (0.19-

0.26)* 

*p=0.002 

*η2= 0.19 

0.32 (0.24-0.35) 0.33 (0.28-

0.34)* 

*p=0.002 

*η2= 0.19 

αlow AP 

Median (CI) 

-0.47 ((-0.95) - 

(-0.29)) 

-0.79 ((-1.26) - 

(-0.33)) 

-0.71 ((-0.87) - 

(-0.21)) 

αlow ML 

Median (CI) 

 

-0.45 ((-0.65) - 

(-0.27))* 

*p=0.021 

*η2= 0.15 

-0.84 ((-1.35) - 

(-0.52)) 

-0.97 ((-1.15) - 

(-0.63))* 

*p=0.021 

*η2= 0.15 

Flattening 

Median (CI) 

 

 

0.93 (0.86-

0.98)* 

*p=0.001 

*η2= 0.26 

1.02 (0.94-1.09) 1.04 (0.98-

1.13)* 

*p=0.001 

*η2= 0.26 

CI stands for confidence interval. The significant differences (p<0.05, 

η2>0.14) are shown by * and # for 20-40 yrs group compared to 60+ yrs group 

and the 20-40 yrs group compared to 50-60 yrs group, respectively. 
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Fig. 6. The bar plot of sway index of the three different age groups in tandem 

stance test. The significant differences (p<0.05, η2>0.14) are shown by * and # 
for 20-40 yrs group compared to 60+ yrs group and the 20-40 yrs group 

compared to 50-60 yrs group, respectively. 

C. Double Stance 

No significant differences in any of the sway measures and the 

sway index of participant groups were found in the double 

stance test. The results of classical and universal sway measures 

and sway index in the three age groups in the double stance test 

are presented in Table Ⅲ. 
TABLE Ⅲ 

CLASSICAL AND UNIVERSAL SWAY MEASURES AND SWAY 

INDEX RESULTS IN THE DOUBLE STANCE TEST AND THE 

KRUSKAL-WALIS ANOVA AND MANN-WHITNEY U RESULTS.  

 20-40 yrs 50-60 yrs 60+ yrs 

Sway Index 

Median (CI) 0.31 (0.14-1.92) 0.37(0.09-1.84) 0.34 (0.13-0.72) 

Sway RMS 

ML (mm) 

Median (CI) 

0.64 (0.52-0.77) 0.49 (0.25-0.70) 0.45 (0.39-0.78) 

Sway RMS  

AP (mm) 

Median (CI) 

0.52 (0.42-0.78) 

 

0.55 (0.27-0.94) 0.52 (0.45-0.63) 

Sway Area 

(mm2) 

Median (CI) 

5.97 (4.27-11.79) 8.86 (4.52-15.23) 5.51 (5.67-9.29) 

Sway Range 

ML (mm) 

Median (CI) 

6.08 (5.24-8.07) 4.52 (2.54-6.62) 4.63 (3.94-6.69) 

Sway Range 

AP (mm) 

Median (CI) 

5.46 (4.64-7.91) 5.51 (2.8-8.33) 5.2 (4.39-6.31) 

Sway Path 

(mm) 

Median (CI) 

38.70 (23.81-

45.11) 

40.79 (19.92-

50.56) 

0.34 (0.13-0.72) 

Angle (Rad) 

Median (CI) 0.67 (044-1.12) 0.68 (0.20-1.30) 0.39 (0.52-1.13) 

PF50 AP (Hz) 

Median (CI) 0.24 (0.15-0.36) 0.12 (0.10-0.17) 0.12 (0.19-0.16) 

PF50 ML(Hz) 

Median (CI) 0.25 (0.14-0.38) 0.18 (0.13-0.24) 0.24 (0.17-0.23) 

αlow ML 

Median (CI) 

-1.4 ((-1.71) -       

(-0.39) 

-1.74 ((-2.08) -    

(-0.98)) 

-1.52 ((-1.59) -    

(-1.10)) 

αlow AP 

Median (CI) 

-0.93 ((-1.41) -    
(-0.45)) 

-1.54 ((-2.18) -    

(-0.74)) 

-1.52 ((-1.85) -    
(-1.20)) 

Flattening 

Median (CI) 0.93 (0.82-1.03) 0.95 (0.75-1.08) 1.02 (0.85-1.12) 

CI stands for confidence interval. 

D. Discriminative Ability of Classical and Universal Sway 

Measures and Sway Index 

The ability of classical and universal sway measures and the 

sway index in single stance and tandem stance in recognizing 

younger participants (20-40 yrs) from older participants (60+) 

are analyzed by the ROC. Using ROC, the sensitivity, 

specificity, and AUC were measured. The results are shown in 

Table Ⅳ. The sway index in the single stance yielded a 

sensitivity of 90.9%, a specificity of 82.4%, and AUC of 0.90 

(95% 𝐶𝐼, 0.81 – 1.00) in recognizing younger participants (20-

40 yrs) from older participants (60+ yrs). The sway index in the 

tandem stance yielded sensitivity of 87.5%, specificity of 84.3%, 

and AUC of 0.91 (95% 𝐶𝐼, 0.82 − 0.99). The sway index 

obviously outperforms all the other sway measures in both 

single and tandem stance tests.  

The ROC of the sway index in the single and tandem stance 

tests for the prediction of younger participants (20-40 yrs) from 

older participants (60+ yrs) are shown in Fig. 6.  

 

 
 

Fig. 6. ROC of sway index in the single stance and the tandem stance tests for 

the prediction of younger participants (20-40 yrs) from older participants (60+ 
yrs). The sway index in the single stance and the sway index in the tandem 

stance yielded the sensitivity of 90.9%, 87.5% and the specificity of 82.4%, 

84.3% respectively.  

 

* 
# 

A) 

B) 

* 
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TABLE Ⅳ 
SENSITIVITY, SPECIFICITY, AND THE AUC OF SWAY MEASURES 

AND THE SWAY INDEX IN SINGLE AND TANDEM STANCE TESTS 

Single Stance    

 Sensitivity Specificity AUC (95% CI) 

Sway Index 90.9% 82.4% 0.90 (95% CI, 0.81-1.00) 

Sway RMS ML 72.7% 76.5% 0.75 (95%CI, 0.6-0.91) 

Sway RMS AP 68.2% 82.4% 0.78 (95%CI, 0.64-0.93) 

Sway Area 63.6% 76.5% 0.78 (95%CI, 0.63-0.93) 

Sway Range ML 63.6% 76.5% 0.77 (95 %CI, 0.62-0.92) 

Sway Range AP 68.2% 71.6% 0.77 (95% CI, 0.63-0.92) 

Sway Path 64.7% 55.5% 0.53 (95%CI, 0.35-0.72) 

Angle (Rad) 63.6% 73.5% 0.75 (95% CI, 0.6-0.9) 

PF50 ML (Hz) 81.8% 56.3% 0.71 (95% CI, 0.54-0.87) 

PF50 AP (Hz) 86.6% 63.7% 0.72 (95% CI, 0.55-0.89) 

αlow ML 59.1% 52.9% 0.56 (95% CI, 0.37-0.75) 

αlow AP 77.3% 53.9% 0.60 (95% CI, 0.40-0.78) 

Flattening 76.5% 63.6% 0.75(95% CI, 0.60-0.90) 

Tandem Stance    

Sway Index 87.5% 84.3% 0.91 (95% CI, 0.82-0.99) 

Sway RMS ML 81.3% 72.2.% 0.86 (95% CI, 0.76-0.97) 

Sway RMS AP 75% 78.8% 0.81 (95% CI, 0.68-0.93) 

Sway Area 78.8% 64.3% 0.85 (95% CI, 0.74-0.96) 

Sway Range ML 78.1% 83.3% 0.83 (95% CI, 0.72-0.95) 

Sway Range AP 65.6% 71.2% 0.70 (95% CI, 0.54-0.85) 

Sway Path 81.3% 67.7% 0.82 (95% CI,0.71-0.93) 

Angle (Rad) 62.5% 52.9% 0.51 (95% CI, 0.34-0.68) 

PF50 ML (Hz) 85.5% 57.1% 0.76 (95% CI, 0.62-0.9) 

PF50 AP (Hz) 53.1% 58.8% 0.56 (95% CI, 0.40-0.722) 

αlow ML 65.6% 82.3% 0.70 (95% CI, 0.70-0.85) 

αlow AP 59.4% 64.7% 0.50 (0.95% CI, 0.33-0.67) 

Flattening 71.9% 76.5% 0.79 (95% CI, 0.66-0.92) 

 

IV. DISCUSSION 

A. Advantages of the Sway Index 

This study was designed to develop a single sway index 

derived from global machine-learnt GMM clustered CoP 

multidimensional data and to investigate the possibility of using 

it in different standing positions. Most sway measures either 

analyze the AP and ML components separately or take into 

consideration only one aspect of sway such as CoP displacement 

or acceleration.   

Many of classical methods rely on linear spatiotemporal 

analysis of CoP motion data. Due to complexity of the human 

physiological functions, linear analysis of CoP characteristics 

for postural sway analysis is not effective enough. Postural sway 

is created by the balance control mechanism consisting of local 

and global adjustments.  These adjustments cooperate to keep 

the stability under quiet standing and have nonlinear properties 

[38]. Hence, many studies have been working on more advanced 

postural sway analyses [28]. In a study by Zhang et al. [39] the 

postural body sway is assessed by using nonlinear method of 

Poincaré analysis with the results surpassing classical sway 

measurements. However, in their method only CoP 

displacement in AP and ML directions are considered.  

Many postural sway measurements might show subject-

dependent variability and can be affected by individual’s 

specificity. As such, they may not be indicative of instability 

[26]. Yamamoto et al. [21] have proposed a set of sway measures 

including some frequency analysis parameters to be universal 

and not affected by individual body characters. However, there 

is inconsistency in the research on whether the reported 

measures are associated with aging or risk of falls in older adults 

[25] [32]. 

In our study, the sway index covers different aspects of 

postural sway as it is derived from GMM clustered CoP 

multidimensional data consisting the acceleration, velocity, and 

displacement of the CoP in AP and ML directions. The GMM 

has been found effective in modelling hidden classes by some 

individual component densities which associate with different 

postural modalities [33]. Field et al. [40] have used different 

supervised and unsupervised classification methods to classify 

human activities and GMM along with EM-MML algorithms 

are found to have the best accuracy.  

While most sway measures, the precision of CoP data 

measurement is essential, many studies have shown that force 

platform measurements are affected by different factors such as 

electronic noise of transducers and structure configuration [41]. 

The spatio-temporal sway measures are found to be sensitive to 

factors such as sampling frequency and filtering [28]. The 

proposed sway index in this study is based on relative GMM 

clustering which is resilient to noise and insensitive to sampling 

frequency [42]. Moreover, the sway index is based on relative 

distribution of CoP multidimensional data in different clusters 

thus avoids system measurement errors. 

B. Comparing Classical and Universal Sway Measures with 

the Sway Index in Different Stance Tests 

Different sway measures in the single stance are found to be 

correlated with aging and risk of fall [43]. As the body support 

base significantly reduces when standing on one foot, 

maintaining one’s center of gravity with a single supporting leg 

is difficult. Single leg stance stability is an important factor in 

postural stability as 80% of the gait cycle at normal walking 

speed consists of the single-limb support period [44] Similar to 

the literature, in our results the sway index and most of the 

classical sway measures such as the sway RMS (both ML and 

AP directions), sway range in both directions of AP and ML, 

sway area and some of the universal sway measures such as 

PF50 AP, PF50 ML, and flattening are found to be significantly 

different among 20-40 participants compared to 60+ 

participants. However, sway index and the PF50 AP in the single 

stance were significantly different in 50-60 yrs group compared 
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to 20-40 yrs whereas other sway measures were not sensitive 

enough to discriminate between these two groups. It is an 

existing knowledge that aging is associated with postural sway. 

However, the focus has already been on older ages like 65 years 

and above. In this study we proved that body postural sway can 

increase at earlier ages. Moreover, sway index yielded better 

sensitivity and specificity than all classical sway measures 

including the PF50 AP in discriminating 20-40 yrs participants 

from 60+ participants.  

Postural sway in the tandem stance and the effect of aging on 

it has been investigated by many studies [45]. In a study by Lord 

et al. [24] the sway range in ML direction in the adjusted tandem 

stance with eyes closed and open are both found to increase 

significantly with age. As the participants stand heel to toe in the 

tandem stance, the width of the base of support narrows and 

challenges the lateral stability. Brodie et al. [46] have reported 

that lateral stability can be a predictor of risk of falls in older 

people. Similarly, we found most classical and some of universal 

sway measures to be significantly different in younger 

participants compared to older participants. Based on our results, 

the sway RMS both in ML and AP directions, the sway area, 

sway path, PF50 ML, αlow ML, and flattening are all significantly 

different in 20-40 yrs participants compared to 60+ participants. 

However, similar to the sway index in the single stance, sway 

index in the tandem stance was significantly different in 20-40 

yrs participants to 50-60 yrs in addition to 60+ participants. 

Sway index in the tandem stance also yielded better specificity 

and sensitivity compared to other sway measures in 

discriminating 20-40 yrs participants compared to 60+ yrs 

participants.  

Many studies have reported on the different sway measures 

to be affected by different standing positions [23], [24]. 

Similarly in our results, while the sway path and the αlow ML of 

different participant groups in the single stance did not show 

any significant difference, they were found to be significantly 

different in tandem stance test. In contrary, the sway range in 

AP and ML directions, and PF50 AP were significantly larger 

in older participants in the single stance and without any 

significant differences in the tandem stance. However, the sway 

index was found significantly different in younger participants 

compared to both 50-60 yrs and 60+ participants in both 

standing conditions.  

Our results indicate that in the double stance no significant 

differences were found in any of the sway measures and the 

sway index in the different age groups. These findings are to 

some extent in line with other studies finding the double stance 

test poor in recognizing balance deficiencies [47], [25]. In our 

study, while the double stance data of younger participants was 

considered as the baseline, most younger participants and also 

older participants had very small or zero sway index in the 

double stance. Hence, sway index was not effective in the double 

stance. However, this can be due to the fact that the older 

participants were relatively robust and fit, and the effect of aging 

was not obvious in their postural sway in the double stance test.  

C. Limitations of the Study 

The findings of this study should be interpreted in light of 

some limitations.  Some participants could not comply with the 

position of the non-dominant foot in the tandem or single leg 

stances either for having an issue in that foot or feeling more 

secure with the stronger leg. Some older participants were not 

willing to undertake the single stance test and due to technical 

issues, we had to exclude the data from single stance test and the 

double stance of some of 50-60 yrs and 60+ yrs participants. 

Hence, the number of participants in the different groups are not 

equal in the three stance tests. One major limitation of this study 

is that age is the only factor considered and other general and 

pathological factors which can affect body postural sway are not 

included. Another limitation is that the participant groups were 

imbalanced in the number of males and females which may have 

affected the results. Finally, the participants categorized as older 

participants (60+) were relatively young (with the oldest 

participant being 78), robust, and active which might have 

affected the results. 

D. Future Work 

While this study focused on the effect of aging on postural 

sway, results suggest that sway index can be used as a potential 

measure for fall risk assessment.  Future studies should 

investigate the impact on the sway index due to diseases which 

cause balance disorders (such as cerebellar ataxia, Parkinson’s 

disease, and Meniere’s disease) or traumatic injuries such as 

concussion. The sway index was derived based on the 

multidimensional force plate CoP data. Combining data from 

different devices such as inertial sensors, video camera, and 

force plate should be investigated to increase accuracy.  

V. CONCLUSION 

Our results demonstrated that the classical and universal sway 

measures such as sway range, sway RMS amplitude, sway area, 

flattening and PF50 ML are associated with aging in single and 

tandem stance tests. However, the sway index derived from 

global machine-learnt GMM clustered CoP data is more 

sensitive to aging. The sway index is found to be significantly 

different in younger participants compared to 50-60 yrs 

participants in addition to 60+ participants. Sway index visibly 

outperformed all classical sway measures with better 

discriminative ability in recognizing younger participants (20-

40 yrs) from older participants (60+ yrs) in the single stance and 

the tandem stance tests. The results suggest that sway index can 

be used as a single yet effective sway metric. Tracking the sway 

index over time can provide an effective tool for postural 

balance control analysis with both physiological and clinical 

applications. In the future, the approach will be applied using a 

combination of data modalities to a larger cohort of participants 

and other general and pathological factors will be considered to 

address the study’s limitations.  
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