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ABSTRACT 
 The long-term objective of this research is to improve the current methods of postural sway 

analysis by optimizing the performance of entropy, a nonlinear parameter estimating predictability, 

and verifying its sensitivity for the clinical setting. Entropy has shown success in identifying sensory 

deficits using the center of pressure (COP) time series measured during quiet standing and could 

potentially improve upon current clinical methods used to assess fall risk. Recent studies have 

modified entropy algorithms to create ‘fuzzy’ versions of conventional entropy methods. Fuzzy 

entropy methods were initially developed for use with EMG signals, but they have shown promise in 

analyzing COP during quiet standing. 

Current studies utilizing entropy produce varying results depending on the type of 

experimental signal analyzed and input parameters used. There is little consistency across these 

studies in the signal processing methods of COP and input parameters are often assumed the same 

across experimental signals containing vastly different dynamic structures. A comparison of 

conventional and fuzzy entropy across a range of input parameters is necessary to determine the best 

methods for estimating entropy of quiet standing. This study will compare the most common method 

of entropy computation, Sample Entropy (SampEn), and its fuzzy counterpart, Fuzzy Sample 

Entropy (FSampEn), across a range of the radius input parameter, r, and at different down-sampled 

frequencies. The experimental signals used are COP time series of healthy, young subjects standing 

on different thicknesses of foam.  

Specific Aim 1 determined the best parameter selection practices and data modification 

methods for analyzing COP. According to previous studies, r should be at least three times the 

magnitude of the noise in the signal since the input parameter exists to overcome the challenge of the 

presence of noise. Due to the difficulty of estimating noise magnitude, studies utilizing entropy 

typically estimate R as the radius input parameter where r = R * standard deviation for each 
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individual time series. This study estimated R through the analysis of  the noise content of COP using 

the instrumental noise measured in zero trials and calculated its effect on COP through uncertainty 

propagation of the noise standard deviations. The measured noise was used as a basis for R, creating 

a range of R values to test that are multiples of the noise magnitude. Entropy is dependent on the 

frequency of the time series, so the data was analyzed at varying down sampled frequencies. A 

comparison was made between COP of the anterior-posterior (AP) and medial-lateral (ML) axes as 

well. A parameter selection study of each entropy method demonstrated how each one reacts to 

changing input parameters and data modification methods.   

Using the preferred selection methods found it Specific Aim 1, an R, down-sampling 

frequency and COP axis are chosen for each type of entropy to be used for experimental analysis. 

Specific Aim 2  compared FSampEn with SampEn values, assessing the utility of fuzzy entropy 

methods in postural sway analysis. Although fuzzy entropy methods consistently improved 

performance for EMG signals, the hypothesis that they would do the same for postural sway was 

proven wrong. SampEn provided the most consistent results with clear separation between levels of 

foam. 

 This study opens up more questions that could be answered in future work. First, a 

spectral analysis is needed to get a better understanding of why SampEn performs best at 

frequencies well above those expected in postural sway COP. FSampEn can also be explored 

further by testing different fuzzy membership functions or comparing it to SampEn using COP 

velocity rather than position. Lastly, future studies can also look at the use of foam to simulate 

somatosensory deficit and how it relates to actual somatosensory deficits. All future studies 

should consider the use of a binary (2n) sampling frequency to improve the range of valid down 

sampling frequencies. 
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CHAPTER 1: INTRODUCTION 

 
Background and Motivation 

 When standing, the human body is unstable and requires constant monitoring from the 

central nervous system (CNS) to remain balanced.  Sensory information about the body’s 

orientation from the somatosensory, visual, and proprioceptive system is processed in the CNS to 

determine when and where adjustments are necessary (Redfern, et al., 2001). The exact process 

of this integration is still unknown, but it has been proven that the CNS can re-weight the 

influence of each sensory system if there is conflicting information (Peterka, 2002). A permanent 

deficit in one or more of these sensory systems can inhibit the CNS’s ability to remain balanced, 

creating a risk of falling. 

 Both aging and type II diabetes are linked to the breakdown of nerves in the body’s 

extremities, known as peripheral neuropathy (PN). PN inhibits somatosensory sensations in the 

feet in hands, inhibiting balance and risking bodily injury or death from a fall. Falls are the 

leading cause of fatal injuries in older adults, and an increased risk of falling has been linked to 

the severity of PN in type II diabetics (Priplata, et al., 2003; Salsabili, et al., 2011). Balance 

deficits are common in neurological impairments as well, such as multiple sclerosis, Parkinson’s 

disease and strokes (Cameron, et al., 2010; Boonstra, et al., 2008; Karimi-AhmadAbadi, et al., 

2017). Balance impairment is a common symptom that spans several major diseases that 

negatively impact peoples’ quality of life. Understanding how to detect these impairments is vital 

to determining the fall risk of a patient so they can take necessary precautions.  

 Balance is typically measured by analyzing the small adjustments the CNS makes to stay 

upright, known as postural sway. Postural sway can be measured on a force plate where the 
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center of pressure (COP) is calculated over time (Winter, 1990). The typical use of linear 

measures to quantify COP ignores system dynamics showing how the CNS controls postural 

sway, so non-linear measures have been used to quantify them instead (Stergiou, 2016). They 

have already shown success in quantifying key dynamic properties like stability, variability, and 

predictability (Ladislao, et al., 2007).   

 Entropy, a nonlinear measure of signal predictability, has shown success in quantifying 

COP. It can be used to detect changes in postural sway dynamics due to sensory deficits that 

could potentially create a fall risk (Ramdani, et al., 2009). The algorithm used to calculate 

entropy compares vectors within a signal using the Heaviside function to estimate probability of 

their occurrence. Approximate Entropy (AppEn) was the first to be developed for use on 

biological data with Sample Entropy (SampEn) improving on the regularity bias seen in AppEn 

(Pincus, 1991; Richman, et al., 2000). Recent studies replaced the Heaviside function with fuzzy 

sets (variation between 0 and 1) leading to the development of Fuzzy AppEn (FAppEn) and 

Fuzzy SampEn (FSampEn) (Chen, et al., 2007; Xie, et al., 2011). Fuzzy entropy methods were 

initially developed for use with EMG signals but have recently shown success as a parameter in 

postural sway studies as well (Luo, et al., 2018; Sanchez, et al., 2017; Tietevainen, et al., 2014). 

Postural sway is still a newer application of fuzzy entropy and studies yield conflicting results 

dependent on the type of data and input parameters used. A parameter study is needed to 

determine best practices in determining input parameters and data processing methods when 

analyzing the COP of quiet standing. Using these  best practices, SampEn and FSampEn can be 

compared in their sensitivity to simulated sensory deficits using foam. 
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Specific Aims 

Specific Aim #1 is to determine the best practices of input parameter selection and data 

processing methods when analyzing COP of quiet standing. There is a lack of consistency 

between the methods of previous studies using entropy to analyze postural sway. This study aims 

to find the best selection input parameters, as well time series length, N, direction axis used (AP 

vs ML) and down-sampling frequency. The best practices of parameter selection in this study are 

based on the ability to differentiate between foam support surfaces of different thickness during 

quiet standing trials.  The ideal selection of parameters will result in either ascending or 

descending mean entropy values as foam thickness increases. There also must be relative 

consistency among chosen input parameters, meaning a slight increase or decrease in a parameter 

value doesn’t result in drastic changes of entropy values and foam level order remains the same.  

The final consideration is the separation between foam thickness entropy values, using a 

statistical analysis as a guide to better understand the differences between foam level means.  

 The parameter study is used to determine the best input parameters and data processing 

methods for a set of experimental COP data (during quiet standing on different levels of foam; 

all subjects are young and healthy). Both SampEn and FSampEn are calculated for Specific Aim 

#2, which compares the efficacy of the two measures when analyzing simulated sensory deficits 

in the COP of quiet standing. It is hypothesized that FSampEn will be more sensitive than 

SampEn to changes in simulated sensory deficit. 
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Thesis Content 

 This document contains four chapters. Chapter One consists of an introduction to the 

methods and application of this study and an overview of similar research in the field. Chapter 

Two consists of a detailed background section over related literature and the methods used in this 

study. Chapter Three consists of (1) a study outlining the best practices of parameter selection for 

both input parameters and data processing methods and (2) a study using the best practices to 

compare the efficacy of SampEn and FSampEn when analyzing simulated sensory deficits in the 

COP of quiet standing. Chapter Four consists of a summary of the work completed, its 

conclusions, and future work to further advance the field. 
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CHAPTER 2: BACKGROUND 

 

Physiology of Balance 

 Humans are one of the few mammals that stand upright using two legs as opposed to four 

(bipedal locomotion). Bipedal locomotion creates advantages like an elevated point of view and 

the use of hands for tools, but also drastically reduces the body’s base of support. The human 

body is inherently unstable and requires a constant feedback loop of sensory inputs and motor 

outputs to keep an upright posture (Ko, 2015). The small postural adjustments the human body 

makes to remain upright are dependent on integrating three different types of sensory system 

inputs: the somatosensory system detects touch and the location of body segments, the vestibular 

system detects acceleration of the head and the visual system gives a three-dimensional view of 

the physical world (Redfern, et al., 2001). The central nervous system (CNS) automatically 

integrates all three sensory inputs to determine the body’s stability and make any necessary 

adjustments through the motor control of muscles to remain upright. The exact process of this 

integration is still unknown, but it has been proven that the CNS can re-weight the influence of 

each sensory system if there is conflicting information or a deficit in one or more systems 

(Peterka, 2002). This is a common occurrence due to temporary sensory deficits experienced 

daily, such as poor lighting or uneven surfaces, for which a healthy CNS can adjust. Permanent 

damage to sensory or motor control functions, however, can decrease the ability of the CNS to 

keep the body balanced and creates a risk of falling. 
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Somatosensory system 

The somatosensory system allows for the sensing of touch and awareness of the body 

using mechanically sensitive organs known as mechanoreceptors. Somatosensory 

mechanoreceptors are split into two types: cutaneous and proprioceptive. The cutaneous system 

detects vibrations and allows the sensation of touch while the proprioceptive system detects joint 

angles and the velocities of body segments (Hewston, et al., 2015).  

The cutaneous system is located close to the surface of the skin and detects non-painful 

exterior forces on the body. It is made up of both fast-adapting and slow-adapting receptors to 

account for constant pressures and rapidly changing forces, respectively. Fast-adapting receptors 

include Merkel’s disk (or Merkel’s receptors) that detect the stretching of skin and Ruffini’s 

endings that create the sensation of touch (Hall, et al., 2011). Slow adapting receptors detect 

velocities instead of constant forces, using Meissner’s corpuscles to detect movement across the 

skin and Pacinian corpuscles to detect high-frequency vibrations. All four types of 

mechanoreceptors exist in all areas of the skin, but the most sensitive areas are in non-hairy 

(glabrous) skin.  (Zimmerman, et al., 2014). Glabrous skin, specifically on the bottom of the feet, 

plays an important role in balance by detecting pressure distribution of the feet with respect to 

the support surface below. This provides the CNS with accurate information about the body’s 

base of support to influence adjustments to remain balanced. Cutaneous receptors in the feet 

have been found to be the most influential in the processing of sensory inputs for balance 

(Shumway-Cook, et al., 1986). 

The proprioceptive system also utilizes inputs from a multitude of mechanoreceptor 

types, detecting the orientation and velocity of different parts of the body. Some cutaneous 

mechanoreceptors aid in proprioception, combining with signals from deep-tissue 
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mechanoreceptors near joints to detect angles and angular velocities. Pacinian corpuscles and 

Ruffini’s endings are located in these deep-tissue locations, as well as Golgi tendon receptors 

that detect the tension in ligaments. These sensory inputs are processed in the CNS to give the 

perception of joint angles and an overall understanding of the orientation of the body. Motion of 

the body is detected using receptors known as muscle spindles (intrafusal fibers) within typical 

skeletal muscle fibers (extrafusal fibers). As muscles expand and contract, muscle spindles detect 

changing tensions and allow for the perception of body velocity (Hall, et al., 2011). 

Proprioception is critical to balance by allowing the CNS to estimate both the body’s center of 

gravity based off its orientation and any momentum from moving body parts that needs to be 

corrected to maintain balance. 

 

Visual system 

 The visual system provides the CNS with information about the surrounding world using 

the reflected light waves off solid surfaces. It warns of any nearby obstacles and shows 

movement of the head as it sways away from an upright equilibrium. The main component of the 

visual system is the eyes. Each eye’s lens uses refraction to project an inverted image of 

surrounding light waves onto the retina in the back of the eye. Small photoreceptors known as 

rods and cones detect the intensity of photons and their respective wavelengths, transmitting 

images to the CNS through the optic nerve. Cones are used in bright environments while rods 

provide vision in dimly lit environments. The CNS automatically reorients the image and uses 

the information to process a variety of tasks, including balancing. (Hall, et al., 2011).  

Balance is influenced when the visual system indicates there is movement between the 

body and surrounding environment. The distinction as to which one is moving, though, is more 
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difficult for the CNS to establish. It often will use the somatosensory and vestibular systems as a 

comparison to correct any conflicting information and determine where the visual movement is 

coming from (Redfern, et al., 2001). For example, a person standing close to a train leaving a 

station may appear to be moving based on what their eyes are seeing. The somatosensory and 

vestibular systems provide conflicting information that the body is relatively motionless, 

allowing the CNS to ignore the visual movement and maintain balance.  

 

Vestibular System 

 The vestibular system measures acceleration of the head and its orientation within the 

gravitational field of the Earth. Located near the inner ear, it consists of three semi-circular 

canals and two large chambers: the utricle and saccule. The semi-circular canals are oriented 

perpendicular to each other in a three-dimensional-axis-like formation to detect rotational 

acceleration in any direction. As the head rotates, inertia forces endolymph fluid through the 

canals into enlarged chambers at the end of each canal known as the ampullae. The fluid force 

bends the cupula, gelatinous tissue in each of the ampullae, causing the depolarization of hair 

cells located within the cupula. The depolarization creates an electrical signal that is transmitted 

through the vestibular nerve to the CNS for processing (Hall, et al., 2011).  

 The utricle and saccule operate in a similar fashion to the ampullae but are designed to 

detect linear accelerations. Both chambers have sensory tissue knowns as macula located on the 

inside surface. Each macula consists of thousands of hair cells that protrude into a gelatinous 

layer with small calcium carbonate crystals called statoconia embedded in it. As the gravitational 

field shifts, the heavier statoconia crystals move the hairs, depolarizing them and creating a nerve 

impulse that is sent to the CNS through the vestibular nerve. Macula in the utricle is mainly 
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oriented in the horizontal direction to help determine orientation during standing while macula in 

the saccule is oriented vertically to help determine orientation laying down (Hall, et al., 2011). 

While trying to remain balanced, the CNS uses the vestibular signals from all three ampullae and 

the utricle to help re-orient the body towards a stable, upright position in relation to Earth’s 

gravitational field.  

 

 

Conditions Causing Balance Deficits 

Aging 

 Older adults (65 years and older) suffer from deficits in the nervous system as it degrades 

throughout the aging process. The effects of aging vary from person to person, but the complex 

and precise nature of bipedal balance means its deterioration is a common symptom of aging. 

Since somatosensory receptors on the soles of the feet are the most influential on balance, the 

breakdown of these nerves (peripheral neuropathy) is a common barrier to healthy balance in 

older adults and has been associated with an increased risk of falling. (Priplata, et al., 2003). 

Age-related degradation of the visual system, vestibular system, and motor-control functions of 

the CNS all play a role in decreased ability to balance as well (Nakagawa, et al., 2017). 

 Falls in older adults are the leading cause of fatal injuries (27,000 deaths annually) and 

the most common reason for trauma-related hospital admissions (800,000 annually). These 

incidences cost $50 billion in 2015 and are expected to rise to $67.7 billion in 2020. The 

psychological toll of falling is also a major issue. Fear of falling limits the activities and 

socialization older adults can participate in, resulting in depression and an even further decline in 

health (National Council on Aging, 2015). Falls will become even more common as the 76 
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million “baby boomers” that make up one of the largest generations in United States history 

reach the elderly stage of their lives and have an increased risk of falling due to age-related 

balance deficits (Gurwitz, et al., 2019).  

 

Type II Diabetes 

 Diabetes is an increasingly common disease in the United States, with an estimated 30.3 

million diabetics in the country, or 9.4% of the population, in 2015 (Center for Disease Control, 

2017). Over 90% of these patients suffer from Type II diabetes, which has the potential to cause 

diabetic peripheral neuropathy (DPN). The cause of DPN is multifactorial and still not fully 

understood, but the effects are commonly observed as it irreversibly damages nerves in the 

body’s extremities (Singh, et al., 2014). It starts in the toes, progressively moving across the foot 

and up the legs. DPN will affect the upper limbs in a similar manner later on in progression, 

starting at the fingertips and moving through the hands and arms (Tesfaye, et al., 2012). 

Symptoms of DPN are typically damage to the sensory neurons, creating false sensations and 

reducing feeling in the feet; motor control is affected much later in the disease’s progression 

(Singh, et al., 2014). This lack of feeling directly affects the somatosensory system in the feet, 

inhibiting the ability to balance in a similar manner to age-related peripheral neuropathy. This 

phenomenon is widely observed with an increased risk of falling directly related to those 

suffering from Type II diabetes (Salsabili, et al., 2011).  

 

Multiple Sclerosis 

 Multiple Sclerosis (MS) is a chronic, progressive neurological disease that affects an 

estimated 1 million people in the United States (Wallin, et al., 2019). Its symptoms differ 
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between patients and can affect a wide range of neurological functions, but abnormal balance is a 

common, often initial, symptom of MS (Cameron, et al., 2010). The main mechanism of MS is 

the breakdown of the myelin sheaths that surround axons, the branches of nerve cells that 

transmit electrical nerve impulses. Myelin sheaths improve conductivity and protect the axons, 

so their breakdown results in slower nerve impulses or complete blockages when exposed axons 

are damaged (Frohman, et al., 2006). The inhibition of signals in somatosensory nerves can delay 

the response to perturbations in balance and increase the risk of falling. This is hypothesized to 

be the primary cause of abnormal balance in MS patients, along with impairments in CNS 

integration of the sensory signals (Cameron, et al., 2010).   

 

Other Conditions 

 There are several other balance-inhibiting conditions that create a fall risk for patients. 

Parkinson’s disease destabilizes patients with a constant tremor from motor control neurons and 

an altered somatosensory sensation that gives a false perception of the body’s orientation 

(Boonstra, et al., 2008). Stroke survivors can suffer from motor, sensory, or cognitive deficits, 

making balance disorders the most frequently observed symptom and a common cause of 

disability (Karimi-AhmadAbadi, et al., 2017). The vestibular system can also be damaged from 

conditions such as meningitis or ototoxic medication, significantly inhibiting balance by 

eliminating one of the key sensory systems (Maurer, et al., 2001). Any disease or condition that 

inhibits the sensory systems, motor control, or CNS processing of both has the potential to create 

a balance deficit. It is vital to understand what patterns in balance represent a balance deficit and 

pose a fall risk to the individual. 
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Simulated Sensory Deficits 

 Methods of inhibiting sensory function have been developed to mimic deficits in the 

experimental setting. This allows the comparison of postural sway of the same healthy subjects 

across controlled levels of sensory deficit for a better understanding of the function and treatment 

of postural instability. One of the most common sensory inhibitions is through the visual system 

by simply having subjects close their eyes. Studies often compare the data during quiet standing 

trials with subjects’ eyes open to those with subjects’ eyes closed. The lack of visual feedback 

inhibits the CNS’s ability to remain stable, directly correlating to decreased stability in postural 

sway (Tietavainen, et al., 2014; Patel, et al., 2008; Borg, et al., 2010). The CNS instead relies on 

the somatosensory and vestibular systems alone. Damage to either one of these systems can be 

exaggerated without visual feedback and is reflected in analysis of experimental data 

(Rosengren, et al., 2007). 

 Somatosensory deficits can also be simulated by using foam as a support surface. This 

decreases the body’s ability to sense pressure under the feet and creates small perturbations as 

the viscoelastic surface is compressed during corrective movements. Foam with a larger elastic 

modulus was found to increase both effects. This is likely due to its increased ability to absorb 

the energy produced from corrective movements; compressed foam also decreases pressure on 

cutaneous mechanoreceptors, reducing their ability to accurately sense the support surface. This 

trend only works when the foam deforms, though, as an extremely high elastic modulus will just 

create a solid surface (Patel, et al., 2008). The dampening of mechanoreceptor inputs is directly 

related to the increased thickness of foam, allowing a comparison across different degrees of 

somatosensory deficits (Chiang, 1997).  Although the use of foam doesn’t perfectly mimic the 
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effects of peripheral neuropathy, it alters somatosensory function and has been proven to have an 

adverse effect on postural sway in healthy subjects (Lin, et al., 2015; Fujimoto, et al., 2014). 

 

 

Analysis of Postural Sway 

 The most accurate analysis of balance would be directly measuring nerve impulses of the 

sensory inputs and motor outputs to determine where a deficit exists, but this would require a 

highly invasive, impractical data collection process. Instead, the small movements that result 

from the motor adjustments to remain balanced can be measured and analyzed with known 

sensory deficits. These movements, known as postural sway, are typically measured by tracking 

the motion of a central point of the body (center of mass, gravity, or pressure) during quiet 

standing (Winter, 1995). The resulting path of motion can be analyzed by a variety of parameters 

to extract relevant information for both clinical and research applications.  

 

Center of Pressure 

 The center of pressure (COP) is a very common measure of postural sway due with a 

simple, non-invasive data collection process. It is calculated using the force and moment 

measurements from one or more force plates. A subject simply stands on the force plate facing 

forward as it detects changes in ground reaction forces and moments due to postural sway. The 

COP is calculated in post-processing by dividing the sum of the moments in each axis by the 

overall vertical force (Winter, 1990). Forces are indicated with an “F” and moments are indicated 

with an “M.” AP represents the anterior-posterior axis, ML represents the medial-lateral axis, 

and Z represents the vertical axis.  
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𝐶𝐶𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴 =
𝐹𝐹𝐴𝐴𝐴𝐴 ∙ ∆𝑧𝑧 + 𝑀𝑀𝑀𝑀𝑀𝑀

𝐹𝐹𝑍𝑍
 

𝐶𝐶𝐶𝐶𝐶𝐶𝑀𝑀𝑀𝑀 =
𝐹𝐹𝑀𝑀𝑀𝑀 ∙ ∆𝑧𝑧 + 𝑀𝑀𝐴𝐴𝐴𝐴

𝐹𝐹𝑍𝑍
 

The two values are calculated for each step in a time series, resulting in a two-dimensional path 

showing where the COP travels during postural sway. The long, oscillatory patterns result in 

plots similar to Figure 1.  

Many studies use COP to differentiate 

between conditions, which requires 

parameters to be extracted from the timeseries 

for statistical analysis. A multitude of linear 

parameters have been developed to quantify 

COP and have shown success in detecting 

postural instability. The path length of COP 

timeseries was proven to increase in subjects 

with peripheral neuropathy (Siomoneau, et al., 

1994), and COP frequency showed a significant difference between patients with Parkinson’s 

disease and healthy subjects (Mancini, et al., 2012). Other linear parameters are more specific to 

the separate AP and ML axes, including range, maximum displacement, and mean displacement 

(Cavanagh, et al., 1993; Mantinolli, et al., 2007; Prieto, et al., 1996). Postural sway creates a 

nonlinear timeseries, however, so linear parameters can miss key patterns in system dynamics. 

Nonlinear parameters are used to quantifying these patterns and have shown success in detecting 

differences in postural sway.  

 

Figure 1: An example of continuous movement of COP 
displacement during a quiet standing trial. 
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Nonlinear Analysis 

 COP is typically measured using linear measurements, but these generally quantify 

values of the overall magnitude of a COP time series. Nonlinear measurements can instead 

quantify the dynamics of COP based on its temporal structure. They are a better representation of  

how the CNS controls postural changes than their linear counterparts (Winter, 1990). One of 

these nonlinear measurements, entropy, is a popular form that quantifies the predictability of a 

signal. It is still a relatively new concept in the biomechanics field but shows promise as a 

quantitative measure in postural sway.  

 

 

Entropy Development 

Origin of Entropy 

 The term “entropy” is very broad and encompasses several fields of science and 

engineering, each one adapting it to measure the predictability of a given system. The term itself 

was first coined in classical thermodynamics by Rudolph Clausius in 1867, referring to the idea 

Nicolas Carnot developed several decades earlier about the limits of mechanical work produced 

by steam engines. Ludwig Boltzmann, in 1896, developed an equation for entropy in statistical 

thermodynamics, using probability to estimate the variability of positions and velocities on the 

molecular scale: 

𝑆𝑆 =  −𝑘𝑘 �𝑝𝑝𝑖𝑖 ln𝑝𝑝𝑖𝑖

𝑁𝑁

𝑖𝑖

 

Where S is entropy, k is the Boltzmann’s constant (1.38065 • 10-23), and p is the probability a 

thermodynamic system is in specific molecular configuration i (Stergiou, et al., 2016). The 
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equation is still theoretical for any macroscopic system, but it conceptualizes the randomness of 

a system based on all of the potential states it can exist in.  

 In 1949, an electrical engineer named Claude Shannon found a way to carry the concept 

of entropy from statistical thermodynamics to information theory. His goal was to determine the 

information content of a signal and how much it could be compressed (Shannon, et al., 1949), 

resulting in an equation that looks very similar to Boltzmann’s (he used HS to denote entropy 

rather than S): 

𝐻𝐻𝑠𝑠 =  −�𝑝𝑝𝑖𝑖 log 𝑝𝑝𝑖𝑖

𝑁𝑁

𝑖𝑖

 

The Boltzmann’s constant is removed since scaling for molecules is no longer needed and the 

natural logarithm (log) is replaced by a log with a base of 2 so the probability is in bits of 

information. Instead of representing molecular configurations, p is the probability that element i 

will show up in the string of data. Lower entropy signals are more predictable functions with 

repeating patterns, while high entropy means a less predictable signal with highly random 

outputs (Shannon, 1948). The main downside to Shannon entropy is that it was only developed 

for communication systems with a known set of possible values to use for probabilities. 

Experimental data has an infinite number of theoretical states, requiring an infinite time series to 

accurately calculate the probabilities needed for Shannon entropy. 

 

Entropy for Data Analysis 

 Several other forms of entropy have been developed in an attempt to accurately analyze 

finite timeseries of experimental data. Kolmogorov entropy was one of the earliest derivations of 

Shannon entropy, but it was meant exclusively for long timeseries (Kolmogorov, 1958). This 
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drawback resulted in a multitude of Kolmogorov entropy variations developed for specific types 

of data. Some of these variations were among the first applied to biological signals, analyzing 

timeseries such as normal heart rates and EEG data from dementia and Parkinson’s patients 

(Stergiou, et al., 2016; Babloyants, et al., 1988; Stam, et al., 1995).   

 Since then, even more types of entropy have been developed for specific purposes. 

Another early form of entropy for experimental data was Eckmann-Ruelle entropy, one of the 

many derivations of Kolmogorov entropy (Eckmann, et al., 1985). Others have applied entropy 

to the frequency domain, using the power spectral density of a timeseries as opposed to the 

temporal signal. This is known as spectral entropy (Stergiou, et al., 2016). Permutation entropy 

analyzes the differences between data points and finds the predictability of a signal’s derivative 

(Bandt, et al., 2002). The two most popular entropy methods for experimental data, though, are 

approximate entropy and sample entropy (Pincus, 1991; Richman, et al., 2000). 

 

Approximate Entropy 

 Approximate entropy (AppEn) was developed in 1991 by Steven Pincus to measure the 

regularity of heart rate data. The standard entropy at the time was Kolmogorov-Sinai entropy (K-

S entropy), a derivation of Kolmogorov entropy, but it performed poorly when applied to 

biological signals. K-S entropy is incredibly sensitive to noise and produces counterintuitive 

results when analyzing the noisy signals produced by biological systems. The algorithm was also 

too computationally demanding at the time to be a reasonable measure (Pincus, et al., 1991). A 

range, r, was established to account for slight variations between similar vectors due to random 

noise. The name “approximate” comes from the approximate nature of the result since true 

entropy requires an infinite timeseries (Pincus, 1991).  
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 Two parameters must be chosen to calculate AppEn: vector length, m, and radius, r. For a 

time series T that is N data points long (T = {𝑢𝑢(𝑖𝑖): 1 ≤ 𝑖𝑖 ≤ 𝑁𝑁}), the vector sequence 𝑋𝑋𝑖𝑖𝒎𝒎 is 

formed. Each vector represents m consecutive u values of T. 

𝑋𝑋𝑖𝑖𝒎𝒎 = {𝑢𝑢(𝑖𝑖),𝑢𝑢(𝑖𝑖 +  1), … ,𝑢𝑢(𝑖𝑖 + 𝑚𝑚 − 1)} 

for 1 ≤ 𝑖𝑖 ≤ 𝑁𝑁 −𝑚𝑚 + 1 

The vector sequence is duplicated into identical sequences 𝑋𝑋𝑖𝑖𝒎𝒎 and 𝑋𝑋𝑗𝑗𝒎𝒎. The maximum difference 

of every vector combination between 𝑋𝑋𝑖𝑖𝒎𝒎 and 𝑋𝑋𝑗𝑗𝒎𝒎 is calculated by comparing corresponding 

points across two m-length vectors. 

𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚 = 𝑑𝑑�𝑋𝑋𝑖𝑖𝒎𝒎,𝑋𝑋𝑗𝑗𝒎𝒎� = max
𝑘𝑘𝑘𝑘(0,𝑚𝑚−1)

|𝑢𝑢(𝑖𝑖 + 𝑘𝑘) − 𝑢𝑢(𝑗𝑗 + 𝑘𝑘)| 

Each 𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚 represents the largest difference between corresponding points of the two vectors from 

𝑋𝑋𝑖𝑖𝒎𝒎 and 𝑋𝑋𝑗𝑗𝒎𝒎. The conditional probability, 𝐶𝐶𝑟𝑟𝒎𝒎(i), uses these differences to approximate the 

probability each vector in 𝑋𝑋𝑖𝑖𝒎𝒎 will appear in the time series based on radius r (Pincus, 1991). The 

optimal radius is meant to overcome noise interference and is suggested to be three times the 

magnitude of the noise (Pincus, 1995), however determining the noise content on a signal can be 

difficult. The next best option is to tie r to the signal’s variability, so it is common practice to 

base r on the time series’ standard deviation using a constant multiplier R: 𝑟𝑟 = 𝑅𝑅 ∙ std(𝑻𝑻).  

𝐶𝐶𝑟𝑟𝒎𝒎(𝑖𝑖) =  
1

𝑁𝑁 −𝑚𝑚 + 1
∙ � 𝜃𝜃(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚 − 𝑟𝑟)
𝑁𝑁−𝑚𝑚+1

𝑗𝑗=1

 

Where θ is the Heaviside function. 

𝜃𝜃(𝑧𝑧) =  �1    𝑖𝑖𝑖𝑖 𝑧𝑧 ≤ 0
 0    𝑖𝑖𝑖𝑖 𝑧𝑧 > 0 
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The natural log is taken of all conditional probabilities and added together to give 𝜑𝜑𝑚𝑚(r) (Pincus, 

1991). The use of a natural log for the 𝜑𝜑𝑚𝑚(r) formula was taken from the Eckmann-Ruelle 

entropy formula (Eckmann, et al., 1985). 

𝜑𝜑𝑚𝑚(𝑟𝑟) =  
1

𝑁𝑁 −𝑚𝑚 + 1
∙ � ln [𝐶𝐶𝑟𝑟𝒎𝒎(𝑖𝑖)]
𝑁𝑁−𝑚𝑚+1

𝑖𝑖=1

 

The process is repeated with vector sequence 𝑋𝑋𝑖𝑖𝒎𝒎+𝟏𝟏 using the same value for r, resulting in 

𝜑𝜑𝑚𝑚+1(𝑟𝑟). AppEn can be calculated by comparing the 𝜑𝜑 values of m and (m+1). 

   𝐴𝐴𝑝𝑝𝑝𝑝𝐴𝐴𝐴𝐴(𝑚𝑚, 𝑟𝑟) =  lim
𝑁𝑁→∞

[𝜑𝜑𝑚𝑚(𝑟𝑟) −  𝜑𝜑𝑚𝑚+1(𝑟𝑟)] 

Since the equation take the limit of N to infinity, an approximation must be made to work with 

finite time series by removing the limit altogether.  

𝐴𝐴𝑝𝑝𝑝𝑝𝐴𝐴𝐴𝐴(𝑚𝑚, 𝑟𝑟,𝑁𝑁) =  𝜑𝜑𝑚𝑚(𝑟𝑟) −  𝜑𝜑𝑚𝑚+1(𝑟𝑟) 

AppEn determines predictability by measuring how many m-length patterns that are similar 

remain similar when extended to (m+1)-length patterns. Regular signals have similar 𝜑𝜑 values 

due to highly repeated patterns while random signals create a larger difference with a lack of 

correlation between m and (m+1) vectors (Pincus, 1991). AppEn values range from 0 to 2, with 0 

representing a perfectly predictable signal and 2 representing a perfectly random one (white 

noise). It is typically used as a comparative measure between the predictability of two 

populations or data set (Stergiou, et al., 2016). 

 The main limitation of AppEn is the necessity that it counts each vector as itself to avoid 

the possibility of 𝐶𝐶𝑟𝑟𝒎𝒎(𝑖𝑖) = 0. Since the logarithm of 𝐶𝐶𝑟𝑟𝒎𝒎(𝑖𝑖) is taken, ln(0) is undefined and must 

be avoided. This creates a bias towards regularity where every vector has at least one match no 

matter how random the signal is. The smaller the length of the time series, the greater the bias 

influences the results (Richman, et al., 2000). Pincus also discovered that AppEn values will 
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“flip” if parameters change. He proved that the AppEn values of a sine wave and random noise 

would change in magnitude, with each having the larger entropy value depending on the value of 

r (Pincus, 1995). 

 

Sample Entropy 

 Sample entropy (SampEn) was developed to overcome the regularity bias observed in 

AppEn calculations. Instead of taking the logarithm of individual conditional probabilities, 

SampEn takes the logarithm of the sum of all conditional probabilities. This minimizes the risk 

of log(0) occurring during calculations.  

 SampEn requires the same two input parameters as AppEn: vector length m and radius r. 

Both 𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚 and 𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚+1 are calculated in a similar manner. Instead of 𝐶𝐶𝑟𝑟𝒎𝒎(𝑖𝑖) representing conditional 

probability, SampEn uses 𝐵𝐵𝑖𝑖𝑚𝑚(𝑟𝑟) for m-length vectors and 𝐴𝐴𝑖𝑖𝑚𝑚(𝑟𝑟) for (m+1)-length vectors.   

   𝐵𝐵𝑖𝑖𝑚𝑚(𝑟𝑟) =  1
𝑁𝑁−𝑚𝑚−1

 ∙  ∑ 𝜃𝜃(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚 − 𝑟𝑟)𝑁𝑁−𝑚𝑚
𝑗𝑗=1,𝑗𝑗≠𝑖𝑖  

   𝐴𝐴𝑖𝑖𝑚𝑚(𝑟𝑟) =  1
𝑁𝑁−𝑚𝑚−1

 ∙  ∑ 𝜃𝜃(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚+1 − 𝑟𝑟)𝑁𝑁−𝑚𝑚
𝑗𝑗=1,𝑗𝑗≠𝑖𝑖  

These conditional probabilities are added together into 𝐵𝐵𝑚𝑚(𝑟𝑟) and 𝐴𝐴𝑚𝑚(𝑟𝑟), respectively.  

   𝐵𝐵𝑚𝑚(𝑟𝑟) =  1
𝑁𝑁−𝑚𝑚

 ∙  ∑ 𝐵𝐵𝑖𝑖𝑚𝑚(𝑟𝑟)𝑁𝑁−𝑚𝑚
𝑖𝑖=1  

𝐴𝐴𝑚𝑚(𝑟𝑟) =  1
𝑁𝑁−𝑚𝑚

 ∙  ∑ 𝐴𝐴𝑖𝑖𝑚𝑚(𝑟𝑟)𝑁𝑁−𝑚𝑚
𝑖𝑖=1   

SampEn is then calculated by taking the natural logarithm of the ratio of the two. 

𝑆𝑆𝑆𝑆𝑚𝑚𝑝𝑝𝐴𝐴𝐴𝐴(𝑚𝑚, 𝑟𝑟) =  lim
𝑁𝑁→∞

[−ln
𝐴𝐴𝑚𝑚(𝑟𝑟)
𝐵𝐵𝑚𝑚(𝑟𝑟)] 

Much like AppEn, an approximation is made for finite time series by removing the limit 

(Richman, et al., 2000). 



23 
 

𝑆𝑆𝑆𝑆𝑚𝑚𝑝𝑝𝐴𝐴𝐴𝐴(𝑚𝑚, 𝑟𝑟) =  −ln
𝐴𝐴𝑚𝑚(𝑟𝑟)
𝐵𝐵𝑚𝑚(𝑟𝑟) 

SampEn is also 0 for a perfectly repeatable time series, but it converges towards infinity the 

closer the system is to random noise (Stergiou, et al., 2016).  

 As shown in Figure 2, SampEn has become more popular than AppEn in publications in 

recent years, likely due to its calculation improvements. (Richman, et al., 2000) proved SampEn 

was the more consistent measure of predictability without the regularity bias. (Yentes, et al., 

2013) found that SampEn was less sensitive to changing parameters r or m than AppEn when 

analyzing gait data. (Ramdani, et al., 2009) was successfully able to differentiate between eyes 

open and closed conditions using the COP of postural sway in healthy subjects.  
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Fuzzy Entropy 

 Fuzzy entropy is based on the idea of fuzzy sets, first introduced by Zadeh in 1965. He 

explained how binary classification is an oversimplification that often misses the complex nature 

of signals from the physical world (Zadeh, 1965). Application of fuzzy sets to entropy 

calculations was suggested by both De Luca and Pincus, but neither actually developed 

algorithms to do so (De Luca, et al., 1972; Pincus, 1991). The first actual use of fuzzy sets was 

by Chen in 2007, who utilized a new form of entropy to analyze surface EMG signals. Fuzzy 

approximate entropy (FAppEn) was developed by replacing the Heaviside function (𝜃𝜃�𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚�) 

used in AppEn with a fuzzy membership function, 𝜇𝜇(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚). 

𝜇𝜇�𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚� =  𝑒𝑒
−(𝑑𝑑𝑖𝑖𝑖𝑖

𝑚𝑚)𝑛𝑛

𝑟𝑟  

Rather than give a rigid boundary defining 𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚 as only 0 or 1, 𝜇𝜇(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚) can equal any number 

between 0 and 1 based on the function’s shape factor, n. Figure 3 shows the values of 𝜇𝜇(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚) 

versus r over several different shape factors (the shape factor is a third input parameter required 

for the calculation of FAppEn, alongside radius, r, and vector length, m). Using experimental 

EMG data of varying arm movements, Chen proved FAppEn was better at characterizing EMG 

signals based on movement than both AppEn and 

SampEn. The same success was shown in 

characterizing simulated signals of varying 

randomness. The simulated analyses showed 

FAppEn to have the most monotonicity across 

parameter values, meaning they are less sensitive 

to changes in input parameters than AppEn and 

SampEn (Chen, et al., 2007).  
Figure 3: A comparison of fuzzy membership 

values across different r-values 
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(Xie, et al., 2011) took Chen’s idea of fuzzy entropy and applied it to SampEn, 

developing Fuzzy Sample Entropy (FSampEn). It was created in a very similar manner to 

FAppEn, with the Heaviside function (𝜃𝜃�𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚�) being replaced by the same fuzzy membership 

function , 𝜇𝜇(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚). Much like Chen, Xie found FSampEn to have the most monotonicity across 

input parameters and was the best at characterizing different EMG signals. FAppEn and 

FSampEn were compared by Vries using functional magnetic resonance imaging (fMRI) data of 

the brain undergoing different processes. There was little difference in their performance, 

however, as both measures were statistically successful at differentiation (de Vries, et al., 2018). 

Both types of fuzzy entropy have been used for analysis of a variety of biomedical 

signals. One of the more recent application is analyzing postural sway through COP 

measurements. FAppEn has shown success in differentiating COP data between conditions, such 

as fatigue and visual feedback (Bahram, et al., 2014; Luo, et al., 2018; Sanchez, et al., 2017). 

FSampEn was able to determine the fall risk of patients after recovering from sedation using 

their COP data (Tietavainen, et al., 2014). Postural sway is still a fairly new application of fuzzy 

entropy that has just recently been explored. It has consistently shown success at detecting 

deficits in postural sway and could prove to be more accurate than conventional measures of 

predictability. 

 

 

Summary 

Balance is reliant on the availability of sensory information, creating a risk of falling if 

one or more sensory systems are impaired. Non-linear analysis on the center of pressure (COP) 

time series measured during quiet standing is a common method of detecting sensory deficits, 
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specifically with the use of entropy (predictability). Current studies utilizing entropy produce 

varying results depending on the type of experimental signal analyzed and input parameters used. 

There is little consistency across studies in the signal processing methods of COP before entropy 

is used. Input parameters are also assumed the same across experimental signals containing 

vastly different dynamic structures.  

A comparison of the most common entropy algorithms, both conventional and fuzzy, 

across a range of input parameters is necessary to determine the best methods for estimating 

entropy of quiet standing. The first aim of this study will investigate how SampEn, the most 

common entropy measure used for biological signal analysis, and its fuzzy counterpart, 

FSampEn, respond to changes in input parameters and data processing methods. Parameters are 

established in an attempt to differentiate between levels of foam using the entropy of COP alone. 

Once best practices to choose the best parameters are established, the second aim of this study 

will use them to compare the efficacy of SampEn and FSampEn when analyzing the COP of 

quiet standing. Efficacy is determined by each measurement’s sensitivity to simulated sensory 

deficits using foam. 
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CHAPTER 3: THE USE OF SAMPLE ENTROPY AND FUZZY 
SAMPLE ENTROPY TO ANALYZE SOMATOSENSORY 
DEFICIT IN THE COP OF QUIET STANDING 

 

Abstract 

Introduction: Balance is reliant on the availability of sensory information, creating a risk of 

falling if one or more sensory systems are impaired. Nonlinear analysis on the center of pressure 

(COP) time series measured during quiet standing is a common method of detecting sensory 

deficits, specifically with the use of entropy (predictability). This study uses different thicknesses 

of foam placed under the feet to simulate sensory deficits in healthy, young subjects. A new 

entropy calculation modification, fuzzy entropy, has shown success at quantifying biological 

signals, however its application to center of pressure is limited. This study aims to (1) develop 

best practices for input parameter selection of entropy and (2) use the best practices to compare 

the efficacy of a common entropy method, sample entropy (SampEn), with its fuzzy version, 

fuzzy sample entropy (FSampEn). Efficacy is determined by each measurement’s sensitivity to 

simulated sensory deficits using foam.  

Methods: Ground reaction forces during quiet standing were measured from subjects across a 

variety of foam thicknesses under eyes open and eyes closed conditions (n=50). The COP time 

series was calculated in both the anterior-posterior (AP) and medial-lateral (ML) directions. 

First, a parameter selection study was performed to determine the best practices for applying 

standard and fuzzy entropy (e.g. down-sampling, R parameter selection, and COP direction: AP 

and ML). Using these results, SampEn and FSampEn were compared by their sensitivity to 

sensory deficits in COP time series during quiet stance of young, healthy subjects. 
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Results: The ML direction provided the most relative consistency and separation for both 

SampEn and FSampEn, making it the best direction to analyze this study’s data set. They 

differed on the best down-sampling frequency (50 Hz for SampEn and 10 Hz for FSampEn). The 

best r-value for both entropy methods was found to be three times the estimated noise magnitude 

within the signal. The comparison of SampEn and FSampEn resulted in conflicting patterns: 

SampEn decreased (more predictable) with increasing foam thickness while FSampEn increased 

(less predictable). Statistical analysis compared all four foam thicknesses to the baseline (0” 

foam) showing significant differences between the ½” and 1” foam for SampEn; only the 1” 

foam had a statistically significant difference from the baseline for FSampEn. 

Discussion: The parameter selection study produced unexpected results with 50 Hz being the 

best frequency for SampEn, suggesting sensory deficits can cause changes in COP dynamics at 

higher frequencies than expected. The comparison of SampEn and FSampEn was unexpected as 

well, proving the hypothesis wrong. Small FSampEn values suggest it has a bias towards 

regularity that, although helpful when analyzing noisy EMG data, performs worse when 

analyzing low-noise signals like the COP of quiet standing. The use of healthy, young subjects 

was a limiting factor due to their ability to adapt to sensory deficits and maintain COP dynamics.  
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Introduction 

 When standing, the human body is unstable and requires constant monitoring from the 

central nervous system (CNS) to remain balanced. The CNS relies on three sensory systems for 

information on the body’s orientation and location in space: somatosensory, visual and vestibular 

(Redfern, et al., 2001). The somatosensory system is split into two components: proprioceptive 

receptors within muscles, tendons and ligaments and cutaneous receptors within the skin. 

Proprioception allows the sensation of body orientation by sensing the tension and joint rotation 

of the musculoskeletal system. Cutaneous receptors on the bottom of the feet play a key role in 

balance by providing the CNS with an understanding of the body’s base of support (Hewston, et 

al., 2015). The visual system allows for a comparison of orientations between the body and its 

surroundings. Standing upright means there is little relative motion between the eyes and their 

surroundings (Redfern, et al., 2001). The vestibular system, comprised of the otolith organs in 

the inner ear, senses acceleration of the head in all directions. A vertical and horizontal 

component sense changes in equilibrium when standing up and lying down, respectively, while 

three perpendicular canals sense rotation of the head in all three dimensions.  

 All three sensory systems are automatically integrated into the CNS to determine if the 

body becomes unbalanced, what adjustments are needed, and how to implement them through 

the motor control system. The exact process of this integration is still unknown. It has been 

proven that the CNS will re-weight the influence of each sensory system if they provide 

conflicting information or one is impaired while maintaining balance (Peterka, 2002). A 

permanent deficit in one or more of these systems can reduce the ability of the CNS to adapt, 

resulting in an increased  risk of falls. Older adults are among the most at risk for falls due to 

balance deficits, specifically in the cutaneous receptors of the feet as peripheral nerves break 
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down (neuropathy) with age (Priplata, et al., 2003). Falls in older adults (65+) are the leading 

cause of fatal injuries (27,000 annually) and trauma-related hospital admissions (800,000 

annually). This is estimated to cost the United States economy $67 billion in 2020 (National 

Council on Aging, 2015). Type II diabetes, which affects over 30 million Americans, can also 

lead to diabetic peripheral neuropathy (DPN), increasing fall risk in a similar manner as age-

related neuropathy (Center for Disease Control, 2017). Nerve damage is irreversible and linked 

to an increased risk of falling among those suffering from type II diabetes (Salsabili, et al., 

2011). Loss of balance is a common symptom of neurological disorders as well, including 

multiple sclerosis, Parkinson’s disease and stroke (Cameron, et al. 2010; Boonstra, et al., 2008; 

Karimi-AhmadAbadi, et al., 2017). 

 Somatosensory deficits can be simulated in healthy subjects to study how balance 

changes under controlled sensory deficits. Foam is the most common way to inhibit 

somatosensory function; it reduces the ability of cutaneous receptors to accurately sense pressure 

and creates small perturbations as it deforms under the feet (Patel, et al., 2008). The dampening 

of mechanoreceptor inputs is directly related to foam thickness, having an adverse effect on 

postural sway in healthy subjects (Chiang, 1997; Lin, et al., 2015; Fujimoto, et al., 2014).  

 There are a multitude of methods used my clinicians to assess balance of those suffering 

from these conditions, such as the Berg Functional Balance Scale or Timed Up and Go test, but 

functional clinical assessments often lack sensitivity to small changes in balance and have 

subjective scoring systems that vary depending on the clinician (Mancini, et al., 2010). A survey 

of physiotherapists completed by (Sibley, et al., 2013) found that only 29.5% of respondents 

agreed that existing measures adequately quantify balance impairment at all levels of severity. 
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Quantifying patterns of postural sway has been suggested as an improvement to the drawbacks of 

current clinical assessments of balance (Mancini, et al., 2010). 

 The center of pressure (COP) is a most common measurement of postural sway. It 

represents the positional changes of the vertical ground reaction force vector. Data collection is a 

simple, non-invasive process requiring one or more force plates. After ground reaction forces 

and moments are measured during quiet standing, the COP location is calculated along the 

anteroposterior (AP) and mediolateral (ML) axes using the following equations (Z represents the 

vertical axis): 

𝐶𝐶𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴 =
𝐹𝐹𝐴𝐴𝐴𝐴 ∙ ∆𝑧𝑧 + 𝑀𝑀𝑀𝑀𝑀𝑀

𝐹𝐹𝑍𝑍
          𝐶𝐶𝐶𝐶𝐶𝐶𝑀𝑀𝑀𝑀 =

𝐹𝐹𝑀𝑀𝑀𝑀 ∙ ∆𝑧𝑧 + 𝑀𝑀𝐴𝐴𝐴𝐴

𝐹𝐹𝑍𝑍
 

The two values are calculated at every step in the time series, resulting in a two-dimensional path 

showing how COP position changes during quiet standing (Winter, et al., 1990). Postural sway 

COP is nonlinear  Linear measures are used to measure overall magnitude of COP components 

(such as COP length, area, or average velocity), but these measures ignore system dynamics that 

contain key information about the control of the CNS during quiet standings. Non-linear 

measures have shown success in quantifying system dynamics by quantifying elements of the 

temporal structure rather than overall magnitude (Stergiou, 2016). Entropy, a measure of signal 

predictability, is a relatively new concept that has shown success as a quantitative measure of 

postural sway. 

 Taking its name from the statistical thermodynamics concept of state predictability, 

entropy for data analytics has been developed to estimate the predictability of a signal. The two 

most popular forms are approximate entropy (AppEn) and sample entropy (SampEn). AppEn 

was developed by (Pincus, 1991) to approximate the entropy of a time series by comparing the 
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values of every m-length vector of a time series (of length N) based on a tolerance radius, r. 

AppEn relies on the self-matching of vectors for calculation; since each m-length vector is 

compared to every m-length vector in the time series, there will always be a ‘perfect’ match 

when a vector is compared to itself. This creates a regularity bias by inflating the number of 

vector matches  (Richman, et al., 2000). AppEn values were also found to “flip” between a 

predictable sine wave and random white noise depending on the value of r (Pincus, 1995). These 

inconsistencies led to the development of SampEn by (Richman, et al., 2000), which has become 

the more popular method of the two in recent years. SampEn has shown success in analyzing a 

variety of biological signals, including gait patterns, magnetic resonance imaging (MRI) data, 

and postural sway COP (Yentes, et al., 2013; Ramdani, et al., 2009;  Sokunbi, 2014). 

 A recent development in entropy is using a ‘fuzzy’ modification of AppEn and SampEn. 

Based on the idea of fuzzy sets, initially introduced by (Zadeh, 1965), the fuzzy modification 

replaces the rigid Heaviside function with a ‘fuzzy membership function’ that varies between 0 

and 1 (De Luca, et al., 1972). The first application of fuzzy entropy on experimental data was 

with AppEn, creating fuzzy approximate entropy (FAppEn) to improve entropy analysis of 

electromyography (EMG) signals (Chen, et al., 2007). The same modification was used by (Xie, 

et al., 2011) to create fuzzy sample entropy (FSampEn), also for use with EMG signals. 

Although it was initially developed for use with EMG signals, fuzzy entropy has shown success 

in recent years for postural sway analysis on COP data (Bahram, et al., 2014; Luo, et al., 2018; 

Sanchez, et al., 2017; Tietavainen, et al., 2014). These studies simply use input parameters 

selected by previous ones analyzing EMG signals, making a major assumption that input 

parameters will react in the same way for both types of signals. Best practices must be 

established for data processing methods and input parameter selection. None of these studies use 
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somatosensory deficit, either, meaning this is the first use of fuzzy entropy to detect changes in 

balance due to somatosensory sensations. 

 A significant issue with studies using entropy is the lack of consistency in the selection of 

input parameters and how raw data is processed. Due to entropy’s sensitivity to small input 

changes, the ideal input parameter values are different for every application.  (Yentes, et al., 

2013). SampEn is highly dependent on the relation of sampling and Nyquist frequencies as well, 

so down sampling frequency must be determined (Aboy, et al., 2007). The proper selection of 

input parameters and data processing methods is necessary for an accurate calculation of entropy 

for the analysis of COP.  

 The purpose of this study is to compare the efficacy of FSampEn with SampEn for COP 

analysis, however this requires a determination of best practices first. Specific Aim #1 is to 

determine the best practices of parameter selection and data processing methods when analyzing 

COP of quiet standing. Using these best practices, Specific Aim #2 is to compare the efficacy of 

SampEn and FSampEn when analyzing simulated sensory deficits in the COP of quiet standing. 

It is hypothesized that FSampEn will be more sensitive than SampEn to changes in simulated 

sensory deficit.  

 

 

 

 

 

 

 



38 
 

Methods 

Experimental Procedure 

Subjects 

 Healthy young adults (N = 50; mean age = 22.10 ± 1.88; mean height = 173.96 ± 9.09 

cm; 28 males and 22 females) volunteered to participate in the study. All subjects provided 

written consent as approved by the University of Kansas Human Research Protection Program. 

All subjects were healthy and reported no significant history of balance problems, no significant 

injury of the leg, and no neurological disorders.  

Experimental Procedure 

 All subjects were instructed to stand with one foot on each force plate with their arms at 

their sides facing forward. Subjects were asked to remove their shoes but wear socks during all 

trials. Both the stance width and foot angle were standardized across participants, making sure 

each one placed their heels 17 cm apart with feet angled 20° apart (McIlroy, et al., 1997). Stance 

was held constant throughout all trials. 

 Two visual conditions were included: eyes open (EO) and eyes closed (EC). During EO 

trials, subjects were instructed to stare at a target placed at a distance of 3 meters in front of them 

and at eye-level. For the EC condition, subjects were instructed to close their eyes, but keep their 

head in the same position as EO trials. 

 Five conditions were included to observe the effect of a simulated impaired 

somatosensory sensations on postural sway dynamics. Five thicknesses of foam were selected to 

place under subjects’ feet to simulate a somatosensory deficiency in the feet (Patel, et al., 2008). 

Foam levels are labelled F0, F1, F2, F3, and F4, corresponding to a foam thickness of 0”, 1/8”,  

1/4", 1/2” and 1”, respectively. Each foam level (except F0) uses two 12”x12” squares of closed-
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cell foam made of ethylene-vinyl acetate (EVA foam). It has a density of 2 lbs./ft3 and an 

Impression Load Deflection (pressure to compress the foam 25%) of 4 psi (McMaster Carr, 

Chicago, IL, USA). The foam square is placed under each foot on the separate force plates. 

Subjects stand directly on the force plates during F0 trials.  

 Each of the 10 combinations of visual and foam conditions were repeated three times, 

resulting in 30 trials for each subject. Each trial consists of quiet standing for 60 seconds under 

the given set of visual and foam conditions. Subjects were instructed to stand upright in a relaxed 

and natural fashion. The order of foam conditions was randomized for each subject to reduce any 

bias caused by fatigue. Visual condition order was randomized within each foam condition. The 

three trials for each set of conditions were run consecutively. Subjects were given a 2-5-minute 

break to sit down in between each foam condition.  

Data Collection and Processing 

 Ground reaction force and moment data and video recordings were collected for all trials. 

Force and moment data were collected using AMTI six-channel force plates (Advanced 

Mechanical Technology Inc., Watertown, MA, USA) and sampled at 100 Hz using a 16-bit A/D 

data acquisition system (Cambridge Electronic Design, Cambridge, England, UK). Video 

recordings were used to ensure subjects complied with procedure instructions. 

 Force and moment data from the two force plates were analyzed in  MATLAB 

(Mathworks, Natick, MA, USA) by first combining the data into a single set of resultant force 

and moment data for each trial and then  calculating the center of pressure (COP), a two-

dimensional position vector representing postural sway. COP is calculated along the 

anteroposterior (AP) and mediolateral (ML) axes using the following equations (Winter, et al., 

1990):  
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𝐶𝐶𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴 =
𝐹𝐹𝐴𝐴𝐴𝐴 ∙ ∆𝑧𝑧 + 𝑀𝑀𝑀𝑀𝑀𝑀

𝐹𝐹𝑍𝑍
                 𝐶𝐶𝐶𝐶𝐶𝐶𝑀𝑀𝑀𝑀 =

𝐹𝐹𝑀𝑀𝑀𝑀 ∙ ∆𝑧𝑧 + 𝑀𝑀𝐴𝐴𝐴𝐴

𝐹𝐹𝑍𝑍
 

𝐹𝐹𝑍𝑍 is the vertical ground reaction force and ∆𝑧𝑧 is the vertical distance between the force plate 

surface and measurement plane. 𝐶𝐶𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴 and 𝐶𝐶𝐶𝐶𝐶𝐶𝑀𝑀𝑀𝑀 are both down sampled to three different 

frequencies for comparison: 10 Hz, 20 Hz and 50 Hz.  

 

Entropy Calculations 

 All COP signals were analyzed using SampEn(m, R, N) and FSampEn(m, R, n, N), where 

n is a ‘shape function’ parameter developed to determine the shape of the fuzzy membership 

function used (Chen, et al., 2007).  The algorithms for each entropy method are described below.  

Sample Entropy (SampEn) 

Given time series T with N data points, the data is transformed into identical sequences 𝑋𝑋𝑖𝑖𝒎𝒎 and 

𝑋𝑋𝑗𝑗𝒎𝒎 where each vector represents m consecutive u values of T.  

𝑋𝑋𝑖𝑖𝒎𝒎 = {𝑢𝑢(𝑖𝑖),𝑢𝑢(𝑖𝑖 +  1), … ,𝑢𝑢(𝑖𝑖 + 𝑚𝑚 − 1)}   for   1 ≤ 𝑖𝑖 ≤ 𝑁𝑁 −𝑚𝑚 + 1 

            𝑋𝑋𝑗𝑗𝒎𝒎 = {𝑢𝑢(𝑗𝑗),𝑢𝑢(𝑗𝑗 +  1), … ,𝑢𝑢(𝑗𝑗 + 𝑚𝑚− 1)}   for   1 ≤ 𝑗𝑗 ≤ 𝑁𝑁 −𝑚𝑚 + 1 

The maximum difference between every vector combination of 𝑋𝑋𝑖𝑖𝒎𝒎 and 𝑋𝑋𝑗𝑗𝒎𝒎 is calculated: 

            𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚 = 𝑑𝑑�𝑋𝑋𝑖𝑖𝒎𝒎,𝑋𝑋𝑗𝑗𝒎𝒎� = max
𝑘𝑘𝑘𝑘(0,𝑚𝑚−1)

|𝑢𝑢(𝑖𝑖 + 𝑘𝑘) − 𝑢𝑢(𝑗𝑗 + 𝑘𝑘)| 

The process is repeated for m+1-length vectors to calculate 𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚+1. The conditional probabilities 

for 𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚 and 𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚+1 are calculated using the Heaviside function, 𝜃𝜃(𝑧𝑧), to assign a 1 or 0 based on r:  

            𝐵𝐵𝑖𝑖𝑚𝑚(𝑟𝑟) =  1
𝑁𝑁−𝑚𝑚−1

 ∙  ∑ 𝜇𝜇(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚+1 − 𝑟𝑟)𝑁𝑁−𝑚𝑚
𝑗𝑗=1,𝑗𝑗≠𝑖𝑖  

            𝐴𝐴𝑖𝑖𝑚𝑚(𝑟𝑟) =  1
𝑁𝑁−𝑚𝑚−1

 ∙  ∑ 𝜃𝜃(𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚+1 − 𝑟𝑟)𝑁𝑁−𝑚𝑚
𝑗𝑗=1,𝑗𝑗≠𝑖𝑖  

 where 𝜃𝜃(𝑧𝑧) =  � 1    𝑖𝑖𝑖𝑖 𝑧𝑧 ≤ 0
 0    𝑖𝑖𝑖𝑖 𝑧𝑧 > 0 
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The conditional probabilities are averaged into 𝐵𝐵𝑚𝑚(𝑟𝑟) and 𝐴𝐴𝑚𝑚(𝑟𝑟): 

            𝐵𝐵𝑚𝑚(𝑟𝑟) =  1
𝑁𝑁−𝑚𝑚

 ∙  ∑ 𝐵𝐵𝑖𝑖𝑚𝑚(𝑟𝑟)𝑁𝑁−𝑚𝑚
𝑖𝑖=1  

            𝐴𝐴𝑚𝑚(𝑟𝑟) =  1
𝑁𝑁−𝑚𝑚

 ∙  ∑ 𝐴𝐴𝑖𝑖𝑚𝑚(𝑟𝑟)𝑁𝑁−𝑚𝑚
𝑖𝑖=1  

Sample entropy is equal to the negative natural logarithm of 𝐴𝐴𝑚𝑚(𝑟𝑟) divided by 𝐵𝐵𝑚𝑚(𝑟𝑟): 

            𝑆𝑆𝑆𝑆𝑚𝑚𝑝𝑝𝐴𝐴𝐴𝐴(𝑚𝑚, 𝑟𝑟) =  −ln 𝐴𝐴𝑚𝑚(𝑟𝑟)
𝐵𝐵𝑚𝑚(𝑟𝑟) 

SampEn is also equal to 0 for a perfectly repeatable time series but converges towards infinity 

the closer the signal is to perfectly random.  

Fuzzy Sample Entropy (FSampEn) 

 Fuzzy entropy methods replace the binary Heaviside function with a fuzzy membership 

function that varies between 0 and 1. (Chen, et al., 2007) developed fuzzy membership function 

𝜇𝜇�𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚� with input parameter n to determine its shape.      

            𝜇𝜇�𝑑𝑑𝑖𝑖𝑗𝑗𝑚𝑚� =  𝑒𝑒
−(𝑑𝑑𝑖𝑖𝑖𝑖

𝑚𝑚)𝑛𝑛

𝑟𝑟  

The same procedure was done with SampEn by (Xie, et al., 2011), creating FSampEn. The shape 

factor, n, is ideally set as a small integer to prevent large computation times (Chen, et al., 2007).    

 

Best Practices of Parameter Selection 

 Three input parameters are needed: the shape factor, n, for FSampEn only and the vector 

length, m, and radius factor, R, for both entropy methods (in order to normalize entropy 

calculations, R is used as the radius input parameter where r = R times each individual signal’s 

standard deviation). Several data processing parameters affect entropy values as well: time series 

length, N, direction axis used (AP vs ML) and down-sampling frequency.  
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Comparison of parameters is based on three criteria: foam level order, relative 

consistency, and separation between entropy values for each foam thickness. Separation looks at 

the ability of entropy to sort foam levels numerically by magnitude. It can be determined using a 

comparison of entropy means across foam levels. Ideally, the foam levels are sorted in ascending 

or descending order by their thickness. Relative consistency means the relative order of foam 

values should stay the same with a slight increase or decrease in the selected input parameters 

(the change in entropy values should also be minimized). This ensures that the entropy values 

aren’t an artifact of input parameter selection (Yentes, et al., 2013). The separation across foam 

levels is considered as well, using a statistical analysis as a guide to better understand differences 

between foam level means. Separation looks at the magnitude of difference between entropy 

values of foam levels, specifically against the baseline level F0. Statistics are only used as an aid 

to understand the separation between foam levels when plotted; they should never serve as a 

standalone result when choosing parameters. 

The shape factor was set to n = 2 due to it being the most common value used for fuzzy 

entropy in experimental applications, specifically when applied to studies analyzing the COP of 

quiet standing (Bahram, et al., 2014; Luo, et al., 2018; Sanchez, et al., 2017). Typically, m = 2 is 

sufficient for biological data, however m = 3 has also been used for biological applications of 

entropy. Vector lengths larger than 3 cause SampEn values to converge toward infinity (Yentes, 

et al., 2013). The parameter selection study just uses m = 2, comparing only parameters selected 

for experimental analysis with m = 3 calculations to ensure relative consistency among foam 

levels with a small input parameter adjustment. Ten subjects were randomly selected and used as 

a subset of the experimental data to determine remaining input parameters and data processing 

methods.  
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Noise Estimation for R 

 The selection of radius, R, for this study was different than the typical parameter selection 

process used in previous studies. (Pincus, et al., 1994) explained that the radius exists to filter out 

variation due to measurement noise, suggesting that r be at least three times the magnitude of 

noise. Accurate noise estimation is difficult for many bio-signals, though, leading to few entropy 

studies to base R on noise. Instead, studies typically run a parameter study over an arbitrary 

range of R-values or simply use a value established in a previous study. R-values and their 

selection methods vary because of this lack of consistency across studies. This study aims to 

develop a more precise method of selecting R by relating it to noise magnitude as suggested by 

(Pincus, et al., 1994).  

 Noise was estimated using the zero load trials collected from the force plates before each 

subject’s testing period. Standard deviations were calculated for each force and moment channel; 

each standard deviation represents the uncertainty due to noise that exists in its respective 

channel. The uncertainties were first multiplied by the same voltage-to-force constants as the 

experimental data. The resulting uncertainties of force and moment data were then used to 

estimate their effects on COP calculations using equations modified for uncertainty propagation. 

𝐴𝐴𝑛𝑛𝑖𝑖𝑛𝑛𝑒𝑒𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴 =
�(𝐴𝐴𝑛𝑛𝑖𝑖𝑛𝑛𝑒𝑒𝐹𝐹𝐴𝐴𝐴𝐴 ∙ ∆𝑧𝑧)2 + (𝐴𝐴𝑛𝑛𝑖𝑖𝑛𝑛𝑒𝑒𝑀𝑀𝑀𝑀𝑀𝑀)2

𝐹𝐹𝑍𝑍
        𝐴𝐴𝑛𝑛𝑖𝑖𝑛𝑛𝑒𝑒𝐶𝐶𝐶𝐶𝐴𝐴𝑀𝑀𝑀𝑀 =

�(𝐴𝐴𝑛𝑛𝑖𝑖𝑛𝑛𝑒𝑒𝐹𝐹𝑀𝑀𝑀𝑀 ∙ ∆𝑧𝑧)2 + (𝐴𝐴𝑛𝑛𝑖𝑖𝑛𝑛𝑒𝑒𝑀𝑀𝐴𝐴𝐴𝐴)2

𝐹𝐹𝑍𝑍
 

Both ∆𝑧𝑧 and Fz are assumed constant; unlike the experimental equations, Fz is simplified to a 

constant because the vertical force (weight) of each subject is significantly larger than the 

instrumental noise.  
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Noise estimates in the AP and ML directions were averaged for each zero trial, and then 

trials were averaged into a single standard deviation estimate (in meters). The standard deviation 

was calculated for all experimental trials as well to find an average experimental standard 

deviation. A ratio of noise to experimental standard deviation (RoN) was calculated for use as a 

basis of R.  R-values used in the current study range from ½ to 10 times RoN in steps of ½.  

Down Sampling Frequency 

Sampling frequency has been shown to influence entropy due to the effects of data 

redundancy. The sampling frequency also determines the length of time each step in m 

represents. SampEn is highly dependent on the relation of sampling and Nyquist frequencies, so 

a multiscale analysis is necessary to determine the ideal frequency to down-sample data for 

experimental comparisons (Aboy, et al., 2007). The highest frequency typically observed in 

postural sway COP is roughly 5 Hz, so the Nyquist frequency was used as the lowest rate at 10 

Hz (Singh, et al., 2012). The experimental sampling rate used in this study of 100 Hz limited 

down-sampling options to only 20 Hz, 25 Hz and 50 Hz. The 25 Hz frequency was omitted due 

to its similarity to 20 Hz, leaving 10 Hz, 20 Hz and 50 Hz for comparison.  

 

Statistical Analysis 

All statistical analysis was done using MATLAB. Each three-trial set of foam and visual 

conditions were averaged, resulting in an average entropy value in the AP and ML directions 

within each condition set of a subject. Since the long-term goal of this study is to improve the 

clinical assessment of sensory deficits, only data from the eyes closed condition were analyzed. 

The eyes closed condition eliminates the ability of the CNS to use visual information to 
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compensate for somatosensory deficits from the foam (Horak, et al., 1994; Peterka 2002). All 

hypotheses are based on an alpha value α = 0.05. 

 

Separation Between Foam Levels 

 A multiple comparisons one-way ANOVA was conducted for both entropy methods at 

each unique pair of R and down sampled frequency values, for all R ≤ 4*RoN (entropy values 

across foam values were found to converge after R > 4*RoN for both SampEn and FSampEn). 

The main effect was how the levels of foam (independent variable) impacted entropy values 

(dependent variable Post-hoc analysis with the Tukey-Kramer method is used to find differences 

between foam level. Since this study uses the ‘no foam’ condition as a baseline, only 

comparisons to F0 were considered. This process is repeated for every combination of R-value 

and down sampling frequency for a comparison of p-values. Lower p-values mean a stronger 

separation between F0 and other foam levels’ mean entropy values. Both entropy methods are 

analyzed independently for parameter selection. 

Experimental Analysis 

 Both methods of entropy were calculated for all 50 subjects using the best COP direction, 

R-value and down-sampling frequency based on the best practices described (these values do not 

apply to all data; future studies should follow similar parameter selection procedures to select 

their own ideal parameters). One-way ANOVA is once again run for each entropy method with 

the five levels of foam conditions as the independent variable. Tukey-Kramer’s method is used 

for post-hoc analysis to find differences between foam levels and the baseline, F0. The multiple 

comparison of SampEn versus FSampEn indicates the significance level must be corrected for 
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two ANOVA runs being compared. Based on Bonferroni’s correction, α = 0.05 / 2 = 0.025 for 

the corrected significance value.  

 

 

Results 

Noise Estimation 

 The RoN was estimated to be 0.03285 times the average standard deviation of all 

experimental data. This means the r values tested were from 0.01643 to 0.3285 times standard 

deviation in steps of 0.01643 (corresponding to 0.5*RoN to 10*RoN in steps of 0.5*RoN).  

 

Best Practices of Parameter Selection 

 The results of Tukey-Kramer’s method for the SampEn and FSampEn  studies are shown 

in Tables 1 and 2, respectively. Statistical significance was not considered since the goal of the 

statistical analysis is purely for comparison of directional axis, R-values and down-sampling 

frequencies. Statistics are only used as an aid to better understand the separation between foam 

levels when plotted; they should never serve as a standalone result when choosing parameters. 

Entropy values of foam levels converge after R = 4*RoN for both SampEn and FSampEn, so the 

range of R is reduced to R ≤ 4*RoN. Figures 1 and 2 show the means of entropy values, split into 

foam levels, across the reduced array of R-values and down-sampling frequencies. All values of 

SampEn and FSampEn decrease as R-values increase.  

Sample Entropy (SampEn) 

 Figures 1(a) and 1(d) shows that, at 10 Hz, SampEn results in different means as it 

decreases from F0 and F1, however F2, F3 and F4 show a lack of relative consistency across R-



47 
 

values. The same issue is seen at 20 Hz in the AP direction (Figure 1(b)) where F0/F1 and F2/F3 

SampEn means are indistinguishable from each other. In the ML direction (Figure 1(e)) the 

means of F1 were larger than the baseline while F2, F3 and F4 were smaller. 50 Hz in the AP 

direction (Figure 1(c)) had little relative consistency across R-values, while the ML direction 

consistently showed foam level means in descending order, starting with the baseline. All 

SampEn values appear to begin converging after R = 3*RoN. 

Fuzzy Sample Entropy (FSampEn) 

 FSampEn showed little separation between foam level means except for F4. In the AP 

direction (Figure 2(a-c)), F4 increased FSampEn means compared to F0 while it decreased for 

F1, F2 and F3. In the ML direction (Figure 2(d-f)), there was little consistency between F0, F1, 

F2 and F3, which all resulted in smaller FSampEn values than F4. Down-sampling had little 

effect on relative consistency, however lower frequencies resulted in an overall increase in 

FSampEn values.   

 

Experimental Analysis 

 Figure 3 shows the comparison of SampEn and FSampEn using the best input parameters 

and data processing methods selected for this data set (SampEn: m=2, R=3*RoN, freq=50Hz; 

FSampEn: m=2, R=3*RoN, freq=10Hz). Dots represent the mean at each level and error bars 

represent the standard deviation. Both SampEn and FSampEn show foam levels sorted 

consecutively by entropy values, but in opposite directions. SampEn decreases as foam thickness 

increases; FSampEn increases as foam thickness increases. Figure 4 shows the same SampEn 

and FSampEn calculations, but with m=3 to ensure relative consistency. Both SampEn and 

FSampEn decrease across all foam levels from Figures 3 to 4. The relative order of foam levels 
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remains the same, with the same order of descending SampEn values and ascending FSampEn 

values across increasing foam thickness. 

 Table 3 shows the Tukey-Kramer’s method results of SampEn and FSampEn in 

comparisons to F0 only. Each value shows the statistical significance of difference between foam 

levels’ mean entropy values, representing the ability of each entropy measure to differentiate 

between levels of simulated somatosensory deficit. Statistical significance is based on the 

Bonferroni-adjusted significance value of α = 0.025. For SampEn values, F3 and F4 were 

significantly different from F0 (p < 0.01). For FSampEn, only F4 was significantly different (p < 

0.0001). Table 4 shows a similar statistical test, but with the m=3 values from Figure 4. All p-

values increase from Table 3 to 4 except for the comparison of FSampEn values between F0 and 

F4 (p < 0.0001 for both tables).  

 

 

Discussion 

The aims of this study were: (1) to determine best practices of parameter selection and 

data processing when calculating the entropy of COP and (2) to compare the ability of SampEn 

and FSampEn to detect sensory deficits in COP during quiet standing. The parameter selection 

study demonstrated that SampEn and FSampEn both performed better in the ML, compared to 

the AP direction.  SampEn worked best at 50 Hz and FSampEn worked best at 10 Hz. Both also 

demonstrated the advantage of utilizing the suggestion from (Pincus, et al., 1994) of r being at 

least three times the noise magnitude. The comparison of SampEn and FSampEn proved the 

hypothesis that FSampEn would improve efficacy wrong, finding that SampEn performed better 

with higher statistical significance across foam level comparisons.    



49 
 

Best Practices of Parameter Selection 

Axis Selection: AP vs ML 

 The ML axis had better foam level order, relative consistency and separation of foam 

levels when compared to the AP axis. For SampEn, COP along the AP axis has indistinguishable 

entropy values for similar foam levels, resulting in the large gaps between two or three groups of 

overlapping foam levels as seen in Figures 1(a) and 1(b). For FSampEn, there was no relative 

consistency at all with baseline entropy means between other foam levels. The large p-values 

seen in Table 1(a-c) and Table 2(a-c) reflect what was observed in the entropy mean plots.  

Any study using entropy to differentiate between conditions using COP should 

investigate both the AP and ML axes to determine which identify conditions the best. Although 

the ML axis is better for this data set of foam-induced sensory deficits, the AP axis may show 

more differences using data comparing different types of sensory deficits or conditions. The 

validity of the ML axis is also dependent on a standardized stance width that keeps the base of 

support as similar as possible between subjects (McIlroy, et al., 1997).  

Down-sampling Frequency Selection 

 The parameter selection study results reflect previous studies, showing SampEn to be 

very sensitive to the down-sampling frequency used when processing data (Yentes, et al., 2013). 

Down-sampling directly impacts the scale of m when calculating entropy by increasing the 

amount of time elapsed between each data point.  The expectation was that the lower frequencies 

would be a better indication of the relatively slow oscillations of postural sway dynamics, 

however, as seen in Table 1, ML SampEn values showed foam levels consecutively ordered and 

relative consistent across all values of R only at the highest frequency of 50 Hz (SampEn in the 

AP direction was not considered due to its poor performance). This suggests a high-frequency 
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component in the ML direction could exist that increases in predictability with foam thickness. 

Further study into the actual mechanisms the body uses to adjust to different sensory deficits is 

needed to understand why the biggest differences in predictability are being found at high 

frequencies.  

Down-sampling had the opposite effect of FSampEn, improving the separation between 

foam level means as frequency decreases. The foam level order and relative consistency in both 

the AP and ML axes stayed mostly the same, but the smaller p-values at 10 Hz (Table 2(d)) 

indicate that the separation between F4 and F0 was more significant than equivalent values at 20 

Hz and 50 Hz (Table 2(e,f)). FSampEn seems to be more sensitive when analyzing m-length 

vectors across longer time steps, suggesting it responds to changes in low-frequency dynamics.  

Initial sampling frequencies should also be made with down-sampling frequencies in 

mind. The use of 100 Hz as the initial data collection frequency limited possible down-sampling 

frequencies above the Nyquist rate (10 Hz) to only 20 Hz, 25 Hz and 50 Hz. This left a large gap 

in possible frequencies to test in the parameter selection study. Using a binary multiple, such as 

128 Hz, would have allowed for a wider range of frequencies to test with each multiple of 2 

being a valid down-sampling rate.  

Radius Selection using Noise Estimation 

 The suggestion by (Pincus, et al., 1994) that R should be at least three times the 

magnitude of noise was confirmed, with R = 3*RoN being the best parameter chosen for 

experimental analysis (Pincus, et al., 1994). Since the RoN is based on standard deviations, this 

theoretically mean that 95% of all data points will correctly be identified as within the radius 

(assuming a normal distribution). This is reflected in Figures 1 and 2, where entropy values 

converge towards infinity (perfectly random noise) as the radius decreases and fewer similar 
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vectors are counted as matches; when the radius increases past R = 3*RoN, all foam level values 

decrease and begin to converge towards zero (perfect periodic motion).  

When possible, it appears that error propagation using random noise from zero trials is an 

effective way to estimate R, however a parameter study for R is still necessary for each study. 

(Pincus, et al., 1994) specifically said r should be at least 3 times the noise, suggesting that some 

data sets could perform at higher values. This method of selecting R is only valid when there is 

no concern of biological noise; COP is the sum of all ground reaction forces from the body, so 

only the external noises measured in the zero trials need to be accounted for. A signal like the 

EMG output for a specific muscle is contaminated with faint electrical signals from other areas 

of the body, so using zero trials would fail to account for the full magnitude of noise R is 

attempting to overcome.  

 

Experimental Analysis 

 The comparison of m=2 and m=3 entropy values confirmed that m=2 was the correct 

parameter choice. Increasing m to 3 slightly decreases entropy values but retains the relative 

order of foam levels when m=2, suggesting relative consistency. Table 4 shows similar results to 

those seen in Table 3, with a slight increase in p-values for SampEn and a slight decrease in p-

values for FSampEn. The plots of m=3 values in Figure 4 exhibit almost identical patterns as 

those seen in Figure 3, further proving the relative consistency of m=2. 

 When all 50 subjects were analyzed under parameters selected by best practices, both 

SampEn and FSampEn had numerically ordered mean values across foam levels. The key 

difference is that SampEn decreased as foam thickness increased and FSampEn increased with 

foam thickness. This could be due to the different frequencies used in experimental calculations, 
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but the Figures 1 and 2 consistently show SampEn decreasing from F0 to F4 while FSampEn 

increases across all frequencies. The results for SampEn decreasing with sensory deficit agree 

with the results of (Ramdani, et al., 2009), but that study compared COP across visual conditions 

instead of somatosensory ones. A study using simulated signals of known predictabilities, such 

as the Rossler model, Henon map or logistic map would allow a better understanding of how 

FSampEn reacts differently than SampEn (Pincus, 1991; Yentes, et al., 2013).  

 Statistical analysis of each entropy method’s result proved the original hypothesis wrong, 

with SampEn being the best differentiator of foam conditions. SampEn values of F3 and F4 were 

significantly different than F0 and the p-value of F2 is almost equal to the significance level (p = 

0.0256, α = 0.0250). FSampEn only found a significant difference for F4. One possible reason 

for the downturn in performance is the regularity bias seen in FSampEn values. FSampEn 

calculations are always orders of magnitude smaller than SampEn under the same input 

parameters. The fuzzy membership function is likely inflating vector comparisons by still 

assigning a small value to dissimilar vectors. It also reduces the power similar vectors have on 

the final entropy value by assigning them a value less than 1 for all comparisons besides a 

perfect match. 

 Fuzzy entropy was originally developed to overcome issues with the entropy estimation 

of noisy signals, so a bias towards regularity makes sense (Chen, et al., 2007; Xie, et al., 2011). 

Studies that find fuzzy modifications as an improvement to either AppEn or SampEn typically 

are using signals contaminated with a higher magnitude of noise than COP of quiet standing, 

such as EMG signals (Wu, et al., 2018). Two studies found significant differences in postural 

sway conditions using FSampEn, but the conditions were levels of fatigue and the effects of 

sedatives (Bahram, et al., 2014; Tietavainen, et al., 2014). The subtle changes in COP dynamics 
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from standing on foam aren’t large enough for FSampEn to detect until the 1” foam at F4. This 

suggests that fuzzy entropy, although inadequate for this study, still has potential for use with 

conditions that have a more exaggerated impact on the dynamics of COP signals.  

 

Future Work 

 The inconsistency between entropy measures and their reactions to down-sampling 

require further investigation to understand. The fact that SampEn performs best at a down-

sampled frequency of 50 Hz, which is 10 times that of the largest expected postural sway 

frequencies, may imply system dynamics at higher frequencies are involved.  A study comparing 

entropy values and a spectral analysis of the same signals could provide a better understanding of 

high-frequency changes in dynamics that could potentially explain the success of SampEn at 

differentiating foam levels at 50 Hz. The same could be done with FSampEn, which seems to be 

more sensitive to low-frequency dynamics.  

 There is also more that can be explored using fuzzy entropy methods. Given that it is a 

relatively new method of data analysis, there is little information on its application to postural 

sway. Future studies can look at different fuzzy membership functions besides the one originally 

developed by (Chen, et al., 2007) for FAppEn. Any continuous, monotonic function between 0 

and 1 is valid for use with fuzzy membership. Another question is how FSampEn would change 

when analyzing COP velocity instead of position. COP velocity has been suggested as a better 

signal than position for detecting balance decline due to aging or neurological disorders (Masani, 

et al., 2014).  

 The use of foam to induce sensory deficits should be explored further as well. Foam is 

known to create changes in postural sway dynamics in healthy subjects, as observed by the 
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results of this study, but its effectiveness at actually mimicking somatosensory deficits is not yet 

known. A study comparing subjects with somatosensory deficits to healthy subjects standing on 

foam could be useful in understanding how foam affects balance. The potential of using healthy 

subjects on foam as opposed to higher-risk subjects could improve lab safety and increase the 

availability of subjects for studies.   

 Future studies that plan on down sampling should consider using a binary (2n) sampling 

frequency in order to maximize valid down sampling frequencies. The use of 100 Hz as a 

sampling rate limited the precision of the range of sampling rates tested.  

 

Limitations 

The use of healthy, young subjects limited the severity of sensory deficit we could test. 

These subjects are able to correct for impairments like a foam support surface better than those 

with a chronic condition affecting balance. Studying these chronic conditions would be more 

applicable to the clinical setting and is the next logical step in this research. Another limitation 

was the computational times created by fuzzy entropy. The use of a fuzzy membership function 

instead of a simple Heaviside function prevented the use of logical indexing in MATLAB and 

required computationally expensive calculations on every vector comparison. This limited the 

length of time series and number of parameters that could be tested. For the near future, 

computation times will be a limiting factor of any studies utilizing fuzzy entropy without 

advanced processing power. The use of foam is also a limitation, as its effect on somatosensory 

function has not been proven equivalent to actual somatosensory loss in humans.    
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Conclusion 

In conclusion, FSampEn was proven to be less sensitive to sensory deficits in COP 

signals than SampEn. However, this study identified several methods of parameter selection and 

data processing methods to use when analyzing postural sway COP. A multi-scale analysis 

across multiple down-sampling frequencies is necessary to determine the best one for use in an 

experimental analysis. A comparison between the AP and ML axes should also be made to 

determine if the entropy of one responds to changing conditions more than the other. Although 

not very common, the estimation of noise to set up a parameter study for R was also successful, 

backing up the original claim from (Pincus, et al., 1994). Future studies should use these 

methods to run their own parameter selection studies rather than simply assuming input 

parameters and data processing methods will be the same.  
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Tables and Figures 

Figure 1: Mean SampEn values of Parameter Selection Study 
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Figure 2: Mean FSampEn values of Parameter Selection Study 
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Table 1: Results of Tukey-Kramer’s Method for SampEn Parameter Selection Study 
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Table 2: Results of Tukey-Kramer’s Method for FSampEn Parameter Selection Study 
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Figure 3: Means and Standard Deviations of Experimental Data for m=2 
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Table 3: Results of Tukey-Kramer’s Method of Experimental Data for m=2 
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Figure 4: Means and Standard Deviations of Experimental Data for m=3 
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Table 4: Results of Tukey-Kramer’s Method of Experimental Data for m=3 
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Figure 5: Experimental Setup and Foot Placement 
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CHAPTER 4: SUMMARY 
 

Summary of Study 

 The aims of this study were: (1) to determine best practices of parameter selection and 

data modification when calculating the entropy of COP and (2) to compare the ability of SampEn 

and FSampEn to detect sensory deficits in COP during quiet standing. Using two force plates, 

the ground reaction forces of healthy, young subjects during quiet standing were measured across 

five foam conditions (F0, F1, F2, F3, F4) to simulate somatosensory deficit. These measures 

were used to calculate COP. First, a parameter selection study was performed to determine the 

best practices for applying standard and fuzzy entropy (e.g. down-sampling, r and m parameter 

selection, and COP direction: AP and ML). Using these results, SampEn and FSampEn were 

compared by their sensitivity to sensory deficits in the COP time series.  

 The first specific aim outlined the best practices to determine input parameters and data 

processing parameters. Input parameters m and n were set to m = 2 and n = 2 due to the common 

usage of both values in previous studies (experimental results were compared with m = 3 values 

to ensure relative consistency). The radius input parameter, R, was tested across a range of values 

based on  noise: ½ to 10 times RoN in steps of ½. This was repeated for three down-sampling 

frequencies: 10 Hz, 20 Hz and 50 Hz. SampEn and FSampEn were calculated for each 

combination of R and down sampling frequency in both the AP and ML directions (a random 

subset of 10 subjects was used). Foam level order, relative consistency and separation of foam 

levels were used to determine the best combination of R, frequency and direction for SampEn 

and FSampEn, independently. The ML direction provided the best foam level order, relative 

consistency and separation for both SampEn and FSampEn, making it the best direction to 
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analyze this study’s data set. The best r-value for both entropy methods was found to be three 

times the estimated noise magnitude within the signal. The only differences between entropy 

values was the best down sampling frequency differed on the best down-sampling frequency (50 

Hz for SampEn and 10 Hz for FSampEn).  

 The second specific aim compared the efficacy of SampEn and FSampEn based on their 

ability to differentiate between each level of foam and the baseline (F0). Best practices used in 

the parameter selection study were used to calculate each entropy value for all experimental data. 

One-way ANOVA was used to calculate statistical significance, finding significant differences 

between F3 and F4 for SampEn and only F4 for FSampEn. The values calculated when m=3 

prove that there is relative consistency with a slight increase of m, so m=2 is a valid choice. 

 

Conclusions and Recommendations 

 The conclusion of the first specific aim upholds what previous research has concluded 

about the necessity of best practices for parameter selection. SampEn and FSampEn values were 

highly dependent on input parameters and data processing methods. Each set of experimental 

data must consider a range of values for each parameter to ensure entropy values are a reflection 

of the data and not an artifact of input parameters or data processing. Relative consistency is an 

important factor in determining this. Separation between the conditions being analyzed (levels of 

foam in this study) should also be considered to improve the ability of entropy to differentiate 

between them. Studies should refrain from simply using parameters chosen by previous authors 

without testing the relative consistency first.  

 The conclusion of the second specific aim proves the original hypothesis that FSampEn 

would improve efficacy of detecting simulated sensory deficits wrong. FSampEn performed 
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worse than SampEn based on the statistical results comparing foam levels to the baseline. This is 

likely due to a regularity bias created by the use of fuzzy sets in entropy in general. FSampEn 

calculations are always orders of magnitude smaller than SampEn under the same input 

parameters. The fuzzy membership function is likely inflating vector comparisons by still 

assigning a small value to dissimilar vectors. It also reduces the power similar vectors have on 

the final entropy value by assigning them a value less than 1 for all comparisons besides a 

perfect match. 

 

Limitations and Future Work 

 The use of healthy, young subjects limited the severity of sensory deficit tested. These 

subjects are able to correct for impairments like a foam support surface better than those with a 

chronic condition affecting balance. The use of foam is also a limitation, as its effect on 

somatosensory function has not been proven equivalent to actual somatosensory loss in humans. 

The fuzzy membership function also created a limitation due to its computationally expensive 

calculation. This limited the length of time series and number of parameters that could be tested. 

 This study opens up more questions that could be answered in future work. First, a 

spectral analysis is needed to get a better understanding of why SampEn performs best at 

frequencies well above those expected in postural sway COP. FSampEn can also be explored 

further by testing different fuzzy membership functions or comparing it to SampEn using COP 

velocity rather than position. Lastly, future studies can also look at the use of foam to simulate 

somatosensory deficit and how it relates to actual somatosensory deficits. All future studies 

should consider the use of a binary (2n) sampling frequency to improve the range of valid down 

sampling frequencies.  
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APPENDIX A: SUPPLEMENTARY TABLES 
Table 5: Mean SampEn values of Parameter Selection Study (corresponds to Figure 1) 

a) SampEn in the AP Direction: 10 Hz 

 

b) SampEn in the AP Direction: 20 Hz 

 

c) SampEn in the AP Direction: 50 Hz 

 

d) SampEn in the ML Direction: 10 Hz 
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e) SampEn in the ML Direction: 20 Hz 

 

f) SampEn in the ML Direction: 50 Hz 
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Table 6: Mean FSampEn values of Parameter Selection Study (corresponds to Figure 1) 

a) FSampEn in the AP Direction: 10 Hz 

 

b) FSampEn in the AP Direction: 20 Hz 

 

c) FSampEn in the AP Direction: 50 Hz 

 

d) FSampEn in the ML Direction: 10 Hz 
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e) FSampEn in the ML Direction: 20 Hz 

 

f) FSampEn in the ML Direction: 50 Hz 

 

 

Table 9: Means and Standard Deviations (Std Dev) of Experimental Results at m = 2 

 

 

Table 10: Means and Standard Deviations (Std Dev) of Experimental Results at m = 3 
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APPENDIX B: EXPERIMENTAL PROTOCOL DOCUMENTS 

Data Collection Steps 

Setup – All can be done prior to participant arriving in lab 
1. Turn on force plates, DAQ tower, DAQ computer, and monitor on top of tower 
2. Zero force plates (be sure all lights are off for top 2 amplifiers) 
3. Plug in “WD My Passport Ultra” external hard drive to front of DAQ computer 
4. Open Spike2 using “Spike2 v7.19 – mkII” shortcut in middle of desktop 
5. Also open the Spike2 Video Capture program using the shortcut in the middle of the desktop 

a. If selected, be sure to unselect the “Use Slow Frame Rate” button 
b. Click on Settings → Video Capture and then change the Frame Rate to 10 fps 
c. Make sure that video preview is capturing testing space 

6. Load zeroes sampling configuration 
a. Click on File → Load Configuration  
b. The configuration is saved as “Desktop\2017-Healthy_Foam_Study\Zeros” 
c. Click Open, then in the window that just popped up, click on the Automation tab 
d. Set the directory path to “E:\2017-Healthy_Foam_Study\Data\” then whichever subject 

folder is appropriate, i.e. “s1001”, “s1002”, etc. 
i. The E: drive should be the external hard drive 

e. Click on Run Now 

Data Collection 
1. Once the subject has been fitted with EMG sensors (if applicable), ask them to sit down and 

relax their muscles 
2. Click Start in Spike2 

a. The program will automatically stop collecting data after 3 seconds 
b. It will also automatically save to the pre-set directory 

3. Close the “zeros000” data window  
4. Load the EMG Test sampling configuration 

a. The configuration is saved as “Desktop\2017-Healthy_Foam_Study\EMG_test” 
b. Click on the Automation tab and set the directory path to be the same as the zeros trial 
c. Click Run Now 
d. Click Start and have subject perform the four motions on each leg to confirm that EMG 

sensors have been placed correctly  
e. This collection will run as needed, click Stop when needed, then close the data window 

5. Load the full sampling configuration 
a. The configuration is saved as “Desktop\2017-Healthy_Foam_Study\Full_Configuration” 
b. Click on the Automation tab and set the directory path to be the same as the zeros trial 
c. Change the Name template to accurately reflect the current condition 

i. “Foam_0” is no foam, “Foam_4” is max foam, etc. 
ii. Ensure EO or EC is correct 

d. Click on the Channels tab, then click on the Log button in the top right corner 
e. Click on Run Now 
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6. Let subject and assistant know you are ready to collect data 
a. Read verbal prompts explaining what will happen next 

7. When subject is ready, click on Start 
a. Clicking on the Optimize will optimize the y-axes to better see the data 

i. May need to use this button multiple times during a trial  
8. Data collection will stop automatically after 61 seconds 

a. If something happens during a trial and you want to throw away the data: 
i. Click on the Reset button WHILE THE COLLECTION IS STILL UNDERWAY 

ii. Once collection has completed, it is saved automatically with the current name 
iii. IF something happens during trial that indicates data should be discarded, make 

a note in the Log and record a new trial  
9. After a trial has completed, click on the Sample Now! Button in the toolbar to open a new 

sampling window 
a. In between trials, YOU are responsible for reading prompts and keeping the data 

collection session moving smoothly 
10. After 3 trials have been completed, change the condition in the “Name template” section to 

express the correct vision condition 
11. After 6 trials, change the condition in the “Name template” to express the correct foam and 

vision conditions 
12. The sampling window can be closed at any time after the 61 seconds have ended, the data saves 

automatically 
13. Be sure to note any problems, extra trials collected, or occurrences at the top of the log 

a. Record when and how long each seated rest lasted 
b. After all trials are completed, open the log, then click on File → Save and save to the 

same directory as the data 

Wrap-up and exporting data  
1. Once all data collection is finished, eject the hard drive from the computer and shut everything 

down 
2. On Logan or Cam’s laptop, open Spike2 
3. Click File → Open, then change File Type dropdown to “Script Files (*.s2s)” 
4. Navigate to “My Passport (F:) \2017-Healthy_Foam_Study\Scripts” and open the 

“Export_Data&Zeros” script 
a. Note: Ext Hard Drive shows up as F: drive on my computer 

5. Use ctrl+f to open the “Find” window, then click on the Replace button  
6. Use this window to correctly set the subject number and the disk location in the file paths 

a. For example, put “s9001” in the find window and replace with the correct subject 
number 

b. Click on Replace All 
i. Should replace 62 items 

c. Close the Find and Replace window 
7.  Click on the Run Script button in the top right corner 

a. Script will take about 20 seconds to export all the data trials 
8. Data is ready for analysis! 
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Verbal Prompts for Sway Task 

This experiment involves a standing task, which involves: 
• Multiple trials, each lasting 1 minute.  

o You will say “ready” when you are ready for a trial to begin,  
o We will say “begin” at the start of a trial and “done” at the end of the trial.  

• We will ask you to stand on a variety of foam pads. We will ask you to take a step 
backwards when we change the foam pad. 

• Some trials will be done with your eyes open and others will be done with your eyes 
closed.  

o For the eyes open trials, please keep your eyes focused on the target directly in 
front of you for the entire 1 minute trial.  

o For the eyes closed trials, please keep your eyes closed for the entire 1 minute 
trial. You may open your eyes between the trials. 

• During each 1 minute trial, please: 
o Stand relaxed and as naturally as possible, be careful not to lock your knees, 
o Keep your arms at your side, breathe normally, and 
o Do not turn your head or speak. If you feel uncomfortable or fatigued, please 

tell us immediately. 
• When a trial is done, feel free to relax, move your arms and bend your legs, but please 

do not move your feet. 
• After doing 6 trials, we will change the foam pads and you will have the option to sit 

down and take a break. 
• “We are not testing how good your balance is, we are just testing how the foam affects 

your natural balance” 
• Do you have any questions? 

We are ready to start our first/next trial.  

• This is an eyes open trial: please breathe normally, focus on the target, and 
say “ready” when you are ready to begin … “ready” … “begin” … “done”  

• This is an eyes closed trial: please close your eyes,  breathe normally, and 
say “ready” when you are ready to begin … “ready” … “begin” … “done” 

Reminders: 
• Eyes open:  Please keep your feet in place, your arms at your side, and your eyes 

focused on the target in front of you. Breathe normally and please say “ready” when 
you are ready to begin the next trial.   
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• Eyes closed: Please keep your feet in place, your arms at your side, and your eyes 
closed. Breathe normally and say “ready” when you are ready to begin the next trial. 

Checklist  
o Welcome participant to lab and ask if they need to use the restroom 
o Have the Participant sign the consent forms  
o Check that all channels on the force plate amplifiers are “zeroed” (LEDs should be off) 
o Turn on and calibrate cameras  
o Fill out Participants information form 
o Have participant empty their pockets 
o Put on the yellow sailing harness 
o Attach EMG and kinematic sensors to the subject 
o Take a zeros trial for the force plates 
o Attach the harness to ceiling 
o Check the EMG positions by taking a test run 
o Set the subjects feet correctly  
o Read the verbal test prompt for data collection 
o Take 3 trials for each of the ten conditions  
o Take seated rest after 2nd and 4th conditions, and as needed 

o Be sure to document the length of each rest in the log 
o Remind the subject what to do before taking data 
o Save all the data to the external hard drive 
o Remove harness and EMGs  
o Thank participant for their time and escort them to the door 
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Signed Consent Form 
Adult Informed Consent Statement 
 
“Quiet Standing Analysis during Somatosensory and Visual Deficiencies” 
  
 

INTRODUCTION 
The Biodynamics Research Laboratory at the University of Kansas supports the practice of protection for 
human subjects participating in research. The following information is provided for you to decide whether 
you wish to participate in the present study. You may refuse to sign this form and not participate in this 
study. You should be aware that even if you agree to participate, you are free to withdraw at any time. If 
you do withdraw from this study, it will not affect your relationship with this unit, the services it may 
provide to you, or the University of Kansas. 
 
PURPOSE OF THE STUDY 
The purpose of this project is to collect quiet standing data on healthy adults under different levels of 
somatosensory feedback deficiency (standing on various thickness of foam) with either eyes open or 
closed. This data will be used to develop new measurement and analysis techniques used to detect 
somatosensory deficits patients with various pathologies. It is expected that the results from this study 
will help us to better understand the contribution of the somatosensory feedback in quiet standing, and 
how the body maintains its balance under a somatosensory deficiency. In the future, we hope to 
investigate the application or our new measurement and analysis techniques on patient populations (e.g. 
diabetes, stroke, Parkinson’s disease) to determine how well they work to detect somatosensory deficits. 
Our long-term goal is to improve the physician’s tool for detecting somatosensory deficits, so that an 
intervention can be introduced which would reduce the risk of the patient experiencing a fall.  
 
In this project, movement, force, and electromyography (EMG - muscle and heart activity) data will be 
collected from healthy adults while each stand quietly on foam of different thicknesses. All tests are non-
invasive and considered to be low-risk to the participant. The testing will provide the investigators with 
information about the how the participant’s motor control system controls balance while standing on 
foam. 
 
PROCEDURES 
For this study, we will look at your quiet standing balance. First, you will be asked to change into your 
personal attire (shorts and t-shirt) that will allow us to easily place the sensors on your skin in the correct 
location. Next, we will record the following demographic and physical information: 

• Name 
• Gender 
• Height 
• Weight 
• Age 

• Email address and/or phone number 
• Distance from ankle to bottom of the foot 
• Distance from ankle to knee 
• Distance from knee to hip 

 
We will also ask you to review your phone screen answers, and confirm that the answers have not changed 
since the phone call. 
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Sensors will be placed on your feet, calves, quads and around your sternum. We will place the kinematic 
and EMG sensors with adhesive tape. Once the sensors are confirmed to be working properly, you will 
stand relaxed on the force plates while we record the natural sway of your body. You will wear a safety 
harness and will be under close supervision by a research associate to aid in the case of a very unlikely 
fall. While wearing the harness, you will be asked to stand with your eyes open or closed, and on a varying 
thickness of foam that will range from no foam to approximately 2.4” of foam. Trials will be 60 seconds in 
duration and you will be given at least 30 seconds of rest between sets of six trials. You will also be given 
the opportunity for seated rest whenever you choose. Each of the conditions will be repeated three times. 
During these trials, we will monitor muscle activity, movement, and forces, as described below. In 
addition, we will use a video camera to record all trials. The trials are being recorded so that the 
investigators can view them if any trials produce unexpected results. These recordings will be completely 
secured and only accessible by members of the research team. These recording will have sound due to 
the nature of the video camera, but the audio recordings will not be used for any purpose. 
 
Assessment of Muscle Activity: Our EMG system (BagnoliTM Desktop EMG – 8 Channels) measures your 
muscle activity. Non-invasive surface electrodes are applied on your skin over your muscle. Alcohol wipes 
and/or a pumice stone are used to clean your skin and then an electrode unit is placed over each area. 
Lower leg and thigh muscles will be monitored, including anterior tibialis, gastrocnemius, quadriceps, and 
hamstrings. Our EMG system gathers information from your muscles but does not give any feedback back 
to you. Application of the electrodes takes 10-15 minutes. 
 
Assessment of Heart Activity: Similar to the assessment of muscle activity, heart activity will be assessed 
using our EMG system (BagnoliTM Desktop EMG – 8 Channels). Alcohol wipes and/or a pumice stone are 
used to clean your skin and then an electrode unit is placed around your sternum to record your pulse. 
Our EMG system gathers information from your muscles but does not give any feedback back to you. 
Application of the electrodes takes 5 minutes. 
 
Assessment of Movement: Our motion capture system (NDI Optotrak Certus) measures the movement of 
your body while you perform a task.  We will place markers on your skin and record the movement of 
those markers. The location of the markers will be feet, calves, quadriceps, sternum, and lower back. The 
application of the markers takes approximately 15 minutes. 
 
Assessment of Force: Our force plate system (AMTI OR6) measures the forces your feet exert on the floor 
while you perform a task. The force plates are mounted in the floor. You will be standing barefoot on the 
force plates or standing on top of foam that is placed on top of the force plate. The surfaces are sterilized 
in between each subject. 
  
RISKS   
Understand that there may be possible risks for participating. 

• Postural Control: There may be a risk of falling during the balance testing but this risk will be 
minimized by close monitoring from a research associate and a safety harness that will catch you 
in the event of a fall.  

• EMG: There are no known risks to the use of EMGs. There may be skin irritation under the 
electrodes.  

• Movement testing: There are no known risks to movement tracking. You may experience mild 
skin irritation in the area the markers were applied.  

• Force testing: There are no known risks to force testing. 
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BENEFITS 
There are no direct benefits to you for participating in this study. It is anticipated that information 
gathered in this study will contribute to current scientific knowledge of quiet standing in healthy 
individuals under normal stance conditions and more challenging conditions created by the foam surface. 
 
PAYMENT TO PARTICIPANTS  
There are no costs or payments for participating in this study.  
 
PARTICIPANT CONFIDENTIALITY  
The researchers will protect your information, as required by law. Absolute confidentiality cannot be 
guaranteed because persons outside the study team may need to look at your study records. Your name 
or any information that reveals your identity will not be associated in any report, publication or 
presentation with the information collected about you or with the research findings from this study. 
Instead, the researcher(s) will use a study number rather than your name. Your identifiable information 
will not be shared unless (a) it is required by law or university policy, or (b) you give written permission. 
 
Your study-related health information will be used at the Biodynamics Research Lab by Dr. Luchies, 
members of the research team, the KU Human Subjects Committee and other committees and offices 
that review and monitor research, if a regulatory review takes place.  
 
All study information that is sent outside the Biodynamics Research Lab will have your name and all 
other identifying characteristics removed, so that your identity will not be known. Because identifiers 
will be removed, your health information will not be re-disclosed by outside persons or groups and will 
not lose its federal privacy protection.  
 
Your permission to use and disclose your health information remains in effect until the study is complete 
and the results are analyzed. After that time, information and video recordings that personally identifies 
you will be removed from the study records. 
 
INSTITUTIONAL DISCLAIMER STATEMENT  
In the event of injury, the Kansas Tort Claims Act provides for compensation if it can be demonstrated 
that the injury was caused by the negligent or wrongful act or omission of a state employee acting within 
the scope of his/her employment. 
   
REFUSAL TO SIGN CONSENT AND AUTHORIZATION 
You are not required to sign this Consent and Authorization form and you may refuse to do so without 
affecting your right to any services you are receiving or may receive from the University of Kansas or to 
participate in any programs or events of the University of Kansas. However, if you refuse to sign, you 
cannot participate in this study. 
 
CANCELLING THIS CONSENT AND AUTHORIZATION 
You understand that your participation in this study is voluntary and that the choice not to participate or 
to quit at any time can be made without penalty or loss of benefits. The entire study may be discontinued 
for any reason without your consent by the investigator conducting the study.  
 
You have a right to change your mind about allowing the research team to have access to your health 
information. If you want to cancel permission to use your health information, you should send a written 
request to Dr. Luchies. The mailing address is Carl Luchies PhD, 3135B Learned Hall, Lawrence, KS 66045. 
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If you cancel permission to use your health information, you will be withdrawn from the study. The 
research team will stop collecting any additional information about you. The research team may use and 
share information that was gathered before they received your cancellation. 
 
QUESTIONS ABOUT PARTICIPATION 
You have read the information in this from. Dr. Luchies or his associates have answered your questions to 
your satisfaction. You know that if you have more questions after signing this form, you may contact Dr. 
Luchies at (785) 864-2993 or luchies@ku.edu. If you have questions about your rights as a research 
subject, you may call or write the Human Research Protection Program (HRPP) at (785) 864-7429 or 2385 
Irving Hill Road, Lawrence, KS 66045. 
 
 
PARTICIPANT CERTIFICATION: 
I have read this Consent and Authorization form. I have had the opportunity to ask, and I have received 
answers to, any questions I had regarding the study. I understand that if I have any additional questions 
about my rights as a research participant, I may call (785) 864-7429 or (785) 864-7385, write the Human 
Research Protection Program (HRPP), University of Kansas, 2385 Irving Hill Road, Lawrence, Kansas 66045-
7568, or email irb@ku.edu.  
 
I agree to take part in this study as a research participant. By my signature, I affirm that I am at least 18 
years old and that I have received a copy of this Consent and Authorization form.  
 
 
_________________________________________    ____________________________ 
 Type/Print Participant's Name Participant Number 
 
 
 
_________________________________________ ____________________________   
  Participant's Signature Date  
 
 
Researcher Contact Information 
 
Carl Luchies Ph.D. Camilo Giraldo                     Logan Sidener    
Principal Investigator             Co-Investigator Co-Investigator 
Bioengineering Dept. Biodynamics Lab Biodynamics Lab 
3135B Learned Hall 2110 Learned Hall 2110 Learned Hall 
University of Kansas                University of Kansas University of Kansas 
Lawrence, KS 66045               Lawrence, KS 66045 Lawrence, KS 66045 
785 864 2993              785 408 7036 785 408 7036 
luchies@ku.edu    cgiral2@ku.edu    lsidener@ku.edu 
 

mailto:luchies@ku.edu
mailto:cgiral2@ku.edu
mailto:lsidener@ku.edu
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Phone Screen Oral Consent Script 
 
As students in the University of Kansas's Departments of Mechanical Engineering and Bioengineering, 
we are conducting a research project about how somatosensory and visual feedback deficiencies affect 
standing balance in healthy adults. 
 
My name is (Camilo Giraldo) (Eryn Gerber) (Brett Whorley) (Alex Wilson) (Paris Nichols), and my faculty 
supervisor is Dr. Carl Luchies from the Mechanical Engineering department. I would like to ask you a few 
survey questions to obtain a general idea of your health and balance, and give you a brief explanation of 
the experiment. This phone call is expected to take about 15 minutes. You have no obligation to 
participate in this phone call or experiment, and you may discontinue your involvement at any time. Is 
now a good time for you? 
 
Your participation in this experiment will cause no more discomfort than you would experience in your 
everyday life, since it consists of standing quietly with eyes open and closed on either foam or solid 
ground. Although participation may not benefit you directly, the information obtained from the study 
will help us gain a better understanding of how somatosensory and visual deficiencies affect the 
standing balance of healthy adults. We expect the total length of the experiment to be about 90 
minutes. The length of all the standing tests is 45 minutes, and the rest of the time will be used to 
explain the experiment in detail, sign the consent form, get ready for the experiment and then remove 
everything after the experiment.  
 
The experiment will consist of standing trials that will take 60 seconds each, on 5 foam levels, with your 
eyes open and closed. You will be allowed to take a break after 6 trials or as you request. The foam 
levels go from 0 to 4, where level 0 is no foam and level 4 is 2.4” of foam and the order will be 
randomized. You will stand barefooted on all surfaces; however, keep in mind that they will be sterilized 
before each participant arrives to the laboratory. Before the experiment, we will record the following 
demographic and physical information: 

• Name 
• Gender 
• Height 
• Weight 
• Age 
• Shoe size 
• Email address and/or phone number 
• Distance from ankle to bottom of the foot 
• Distance from ankle to knee 
• Distance from knee to hip 

 
 
All information recorded on the day of the experiment will not be shared unless (a) it is required by law 
or university policy, or (b) you give written permission. Video recording will take place during the 
experiment to allow for a qualitative analysis of the trials, if needed. The recording will be stored in a 
locked cabinet and will not be shared with anyone outside of the research group. Similarly, all your 



87 
 

information will be stored in a locked cabinet in Learned 2110, and only research personnel will have 
access to it. 
 
Finally, we need you to wear comfortable attire, such as a t-shirt and shorts, because we will be placing 
sensors using a double-sided adhesive on your body: feet, calves, quads, and torso (around sternum to 
record heart rate and breathing). You will have access to a changing room at the laboratory before and 
after the experiment. 
 
Now that we have discussed the experiment, I would like to ask you a few survey questions. All answers 
will be recorded and placed in a locked cabinet in Learned 2110, where only research personnel will 
have access to your answers. Do I have your consent to continue? What is your name? What is a good 
email or phone number where we can contact you? And, what is your gender? Male, Female, or Other. 
 

• Have you had any head injuries or concussions? 
• Have you ever experienced any dizziness or fainting spells? 
• Do you have osteoporosis in lower extremity joints (hip, knees, ankles, foot)? 
• Have you had, or do you have arthritis in your legs that limits mobility or causes pain? 
• Have you had, or do you have any hip, knee, ankle, or foot problems or injuries that limit 

mobility or cause pain? 
• Do you have back problems that limit mobility or cause pain? 
• Do you have nerve damage that is affecting your legs? 
• Have you had, or do you have muscle problems in your legs that limit mobility or causes pain? 
• Have you ever broken any bones in your legs, ankles, or feet? 
• have you ever broken any bones in your spine? 
• Have you had, or do you suffer from fibromyalgia? Or, have you had, or do you have constant 

muscle fatigue or aches in your body? 
• Do you have any joint replacement in your leg joints? 
• Do you have any joint fusion? 
• Have you had, or do you have poor circulation in your legs that causes them to be cold or numb? 
• Have you had, or do you have any lung disease (besides asthma?) 
• Have you had, or do you have any heart problems? 
• Have you had, or do you have any chest pain from heart disease? 
• Have you had, or do you have any vascular problems? 
• Have you ever had a heart attack? 
• Do you have high blood pressure? If yes, are you taking medication? 
• Do you have any neurological disease? 
• Do you suffer from Parkinson's disease? 
• Have you ever had a stroke? 
• If subject is female: Are you pregnant? 
• Any other issues we haven't mentioned that we should know about? 

 
Participation in the survey indicates your willingness to take part in this study and that you are at least 
18 years old. Is this correct? 
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Should you have any questions about this project or your participation in it you may ask me or my 
faculty supervisor, Dr. Carl Luchies at the Mechanical Engineering Department. If you have any questions 
about your rights as a research participant, you may call the Human Research Protection Program at 
(785) 864-7429 or email irb@ku.edu. 
 
Thank you for participating in the phone screen, the research team will review the information you 
provided and we plan to start contacting potential participants to schedule a laboratory session in the 
near future and testing will be ongoing over the next couple of months

mailto:irb@ku.edu
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Phone Screen Questionnaire 

 

 
 

Interviewer:
________________________________________________________

Date:
________________________________________________________

Oral Consent:          YES          NO
Shoe Size: 

Participant Information ___________________________________________
Name:
________________________________________________________

Height: 
___________________________________________

Email Address or Phone Number:
________________________________________________________

Weight: 
___________________________________________

Gender:          Male          Female          Other BMI: 
___________________________________________

Question YES NO When? Or Notes

Have you had any head injuries or concussions?

Have you ever experienced any dizziness or fainting spells?

Do you have osteoporosis in lower extremity joints (hip, knees, 
ankles, foot)?

Have you had, or do you have arthritis in your legs that limits 
mobility or causes pain?

Have you had, or do you have any hip, knee, ankle, or foot problems 
or injuries that limit mobility or cause pain?

Do you have back problems that limit mobility or cause pain?

Do you have nerve damage that is affecting your legs?

Have you had, or do you have muscle problems in your legs that 
limit mobility or causes pain?

Have you ever broken any bones in your legs, ankles, or feet?

have you ever broken any bones in your spine?

Have you had, or do you suffer from fibromyalgia? Or, have you had, 
or do you have constant muscle fatigue or aches in your body?

Do you have any joint replacement in your leg joints?

Do you have any joint fusion?
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Have you had, or do you have poor circulation in your legs that 
causes them to be cold or numb?

Have you had, or do you have any lung disease (besides asthma?)

Have you had, or do you have any heart problems?

Have you had, or do you have any chest pain from heart disease?

Have you had, or do you have any vascular problems?

Have you ever had a heart attack?

Do you have high blood pressure? If yes, are you taking medication?

Do you have any neurological disease?

Do you suffer from Parkinson's disease?

have you ever had a stroke?

If subject is female : Are you pregnant?

Any other issues we haven't mentioned that we should know about?
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Phone Screen Inclusion/Exclusion Criteria 
 

 

Question YES NO When? Exclude?
Have you had any head injuries or concussions? Yes if less than 1 yr ago
Have you ever experienced any dizziness or fainting spells? Case-by-case decision
Do you have osteoporosis in lower extremity joints (hip, 
knees, ankles, foot)? Yes
Have you had, or do you have arthritis in your legs that limits 
mobility or causes pain? Yes if less than 1 yr ago
Have you had, or do you have any hip, knee, ankle, or foot 
problems or injuries that limit mobility or cause pain? Yes if less than 1 yr ago

Do you have back problems that limit mobility or cause pain? Yes if less than 1 yr ago
Do you have nerve damage that is affecting your legs? Yes
Have you had, or do you have muscle problems in your legs 
that limit mobility or causes pain? Yes if less than 1 yr ago

Have you ever broken any bones in your legs, ankles, or feet? Yes if less than 2 yr ago
have you ever broken any bones in your spine? Yes if less than 2 yr ago
Have you had, or do you suffer from fibromyalgia? Or, have 
you had, or do you have constant muscle fatigue or aches in 
your body? Yes
Do you have any joint replacement in your leg joints? Yes
Do you have any joint fusion? Yes
Have you had, or do you have poor circulation in your legs 
that causes them to be cold or numb? Yes
Have you had, or do you have any lung disease (besides 
asthma?) Yes if severe
Have you had, or do you have any heart problems? Yes if also yes to below
Have you had, or do you have any chest pain from heart 
disease? Yes
Have you had, or do you have any vascular problems? Yes
Have you ever had a heart attack? Yes if less than 6 mo ago
Do you have high blood pressure? If yes, are you taking 
medication? No by itself
Do you have any neurological disease? Yes
Do you suffer from Parkinson's disease? Yes
have you ever had a stroke? Yes
If subject is female : Are you pregnant? Yes
Any other issues we haven't mentioned that we should know 
about? Case-by-case decision

Inclusion/Exclusion Criteria: Phone Screen
Standing Foam Study
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Participant Information Collection Sheet 
 

 

Interviewer:
________________________________________________________

Date:
________________________________________________________

Signed Consent:          YES          NO

Phone Screen Answers Review
Have the answers from the phone screen changed from the day of
the coversation to today?         YES          NO Has food intake been normal?                                      

If yes, what has changed?
___________________________________________________________

___________________________________________________________

YES              NO

Participant Information
Name:
________________________________________________________

Number:
_________________________

Email Address or Phone Number:
________________________________________________________

Condition:
_________________________

Gender:          Male          Female          Other

Height:
________________________________________________________

Stance:
_________________________

Weight:
________________________________________________________

Age:
________________________________________________________

Shoe Size:
________________________________________________________

Distance from ankle to bottom of the foot:
________________________________________________________

Distance from heel to toe:
__________________________________

Distance from ankle to knee:
________________________________________________________

Distance from knee to hip:
________________________________________________________
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APPENDIX C: MATLAB CODE  
 
Voltage to Force Function (Left Force Plate) 
 
function [fm_3477, dz]=V2f_fp3477(volt,zeross,gain_fp) 
%% [fm_3477, dz]=V2f_fp3477(volt,zeross,gain_fp) 
%Force Plate 3477 Volts to Force and Moments 
%Camilo Giraldo (c318g339@ku.edu) 
%The University of Kansas - Biodynamics Lab 
%Last Update: 06/12/2017 
% 
%Purpose: This function turns the voltage data of 3477 into N and N-m 
%  
%Inputs: 
%   volt:   Force plate 3477 data in volts 
%   zeross: 1x6 vector with the mean volts for no load on force plate 
%   gain_fp: gain (Amps) of the force plate for the experiment 
% 
%Outputs: 
%   fm_3477: force and moments columns in a matrix (Fx,Fy,Fz,Mx,My,Mz) 
%   dz:      calibration offset from ground to force plate 
  
%% Beginning of function 
%KU Biomechanics Lab Force Plate 3364 Calibration Matrix 
SIcalmat_3477=[1.498 -0.002  0.004  0.003 -0.006  0.011; 
               0.006  1.500  0.001 -0.014  0.003  0.015; 
              -0.002  0.016  5.930 -0.001  0.003  0.000; 
               0.001 -0.001  0.0    0.740 -0.003 -0.001; 
              -0.001  0.0    0.0    0.002  0.740  0.001; 
               0.0    0.003 -0.002  0.0    0.001  0.383]; 
  
%Substract zeros from force plate volts data 
[volt_rows,~]=size(volt);                   %Number of rows in data 
zero_offset=(zeross'*ones(1,volt_rows))';   %Zero offset in matrix 
volt_rowsx6 [Volts] 
volt=volt-zero_offset;                      %Volt data minus the zero values 
  
%Converting volt data of FP 3364 to N and N-m 
GF=(1.e6)/(gain_fp*10);                     %Equation given by AMTI 
fm_3477=GF*volt*SIcalmat_3477';             %FP 3477 data in N and N-m 
  
%Calibration dz [m] 
dz=0.037; 
  
end 
 
Voltage to Force Function (Right Force Plate) 
 
function [fm_3364, dz]=V2f_fp3364(volt,zeross,gain_fp) 
%% [fm_3364, dz]=V2f_fp3364(volt,zeross,gain_fp) 
%Force Plate 3364 Volts to Force and Moments 
%Camilo Giraldo (c318g339@ku.edu) 
%The University of Kansas - Biodynamics Lab 
%Last Update: 06/12/2017 
% 
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%Purpose: This function turns the voltage data of 3364 into N and N-m 
% 
%Inputs: 
%   volt:    Force plate 3364 data in volts 
%   zeross:  1x6 vector with the mean volts for no load on force plate 
%   gain_fp: gain (Amps) of the force plate for the experiment 
% 
%Outputs: 
%   fm_3364: force and moments columns in a matrix (Fx,Fy,Fz,Mx,My,Mz) 
%   dz:      calibration offset from ground to force plate 
  
%% Beginning of function 
%KU Biomechanics Lab Force Plate 3364 Calibration Matrix 
SIcalmat_3364=[1.506 0.003  0.01  -0.003 -0.013  0.006; 
              -0.012 1.513 -0.01   0.01   0.001  0.009; 
               0.001 0.002  5.895 -0.002  0.008  0.017; 
              -0.001 0.0    0.0    0.732 -0.002 -0.001; 
               0.0   0.0    0.0    0.001  0.732  0.003; 
               0.001 0.004 -0.02  -0.001 -0.001  0.385]; 
  
%Substract zeros from force plate volts data 
[volt_rows,~]=size(volt);                   %Number of rows in data 
zero_offset=(zeross'*ones(1,volt_rows))';   %Zero offset in matrix 
volt_rowsx6 [Volts] 
volt=volt-zero_offset;                      %Volt data minus the zero values 
  
%Converting volt data of FP 3364 to N and N-m 
GF=100;                             %Equation given by AMTI 
fm_3364=GF.*volt*SIcalmat_3364';             %FP 3364 data in N and N-m 
  
%Calibration dz [m] 
dz=0.038; 
  
end 
 

Raw Data to COP Function (relies on the following two functions) 
 
function [COP_ML, COP_AP] = raw2cop(raw_data, zero_data) 
% Converts raw Foam Study data to AP and ML COP 
% Created by Paris Nichols - Biodynamics Lab - University of Kansas 
% Last Updated: 9/11/2019 
  
% raw_data:     Raw voltage data 
% zero_data:    Raw zero data 
% REQUIRES comb_FPs AND comb_FPs_COP TO FUNCTION 
  
%Finds mean zeros 
mean_zero = mean(zero_data); 
  
% Converts from voltage to force 
gain_fp = 1000; 
% FP 3477 
mean_zero3477 = mean_zero(:,1:6); 
left_force=V2f_fp3477(raw_data(:,1:6),mean_zero3477,gain_fp); 
% FP 3364 
mean_zero3364 = mean_zero(:,7:12); 
right_force=V2f_fp3477(raw_data(:,7:12),mean_zero3364,gain_fp); 
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% Rotates data for combination functions 
% FP 3364  
force_x = left_force(:,1); force_y = left_force(:,2); 
moment_x = left_force(:,4); moment_y = left_force(:,5); 
left_force(:,1) = -force_y; left_force(:,2) = force_x; 
left_force(:,4) = -moment_y; left_force(:,5) = moment_x; 
% FP 3477 
force_x = right_force(:,1); force_y = right_force(:,2); 
moment_x = right_force(:,4); moment_y = right_force(:,5); 
right_force(:,1) = -force_y; right_force(:,2) = force_x; 
right_force(:,4) = -moment_y; right_force(:,5) = moment_x; 
  
% Combines left and right force plate data 
comb_force = comb_FPs(left_force, right_force); 
  
% Converts data to Center of Pressure (COP) 
COP = comb_FPs_COP(comb_force); 
COP_AP = COP(:,1); 
COP_ML = COP(:,2); 
 
Force Plate Combination Function 
 
function FP = comb_FPs(fp_left, fp_right) 
%% FP = comb_FPs(fp_left, fp_right) 
%Combination of Force Plates into One Force Plate 
%Camilo Giraldo (c318g339@ku.edu) 
%Modified by Logan Sidener 
%The University of Kansas - Biodynamics Lab 
%Last Update: 3/7/2016 
% 
%Purpose: this function combines the analog data (already converted to SI  
%units) of two force plates labeled as left and right foot. It is assumed 
%that the coordinate systems of both force plates are: +x is to the 
%anterior direction, +y is to the right hand of the subject, and +z is 
%into the ground. 
% 
%Inputs: 
%   fp_right: calibrated analog data of FP1 3364 (Fx,Fy,Fz,Mx,My,Mz) 
%   fp_left:  calibrated analog data of FP2 3477 (Fx,Fy,Fz,Mx,My,Mz) 
% 
%Outputs: 
%   FP: Combined force plate data (Fx,Fy,Fz,Mx,My,Mz) 
  
%% Beginning of function 
%Distance from center of force plates to middle of force plates 
d = 231.5/1000;         %[m] 
  
%Combined force plate components 
    %Fx component [N] 
    FP(:,1)=fp_left(:,1)+fp_right(:,1); 
     
    %Fy component [N] 
    FP(:,2)=fp_left(:,2)+fp_right(:,2); 
     
    %Fz component [N] 
    FP(:,3)=fp_left(:,3)+fp_right(:,3); 
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    %Mx component [N-m] 
    FP(:,4)=fp_left(:,4)+fp_right(:,4)-d*fp_left(:,3)+d*fp_right(:,3); 
     
    %My component [N-m] 
    FP(:,5)=fp_left(:,5)+fp_right(:,5); 
     
    %Mz component [N-m] 
    FP(:,6)=fp_left(:,6)+fp_right(:,6)+d*fp_left(:,1)-d*fp_right(:,1); 
                
% New coordinate system 
%             x  
%             ^ 
%             | 
%             | 
%             | 
%             | 
%             X- - - - - - > y         
  
end 
 
Force to COP Calculation Function 
 
function COP=comb_FPs_COP(data_cal) 
%% COP=COP_mild_xy(data_cal) 
%COP Calculator for PD Mild Study 
%Camilo Giraldo (c318g339@ku.edu) 
%Modified by Logan Sidener 
%The University of Kansas - Biodynamics Lab 
%Last Update: 3/7/2017 
% 
%Purpose: 
%Calculates COP in x and y axis using data that is already in N and N-m. 
% 
%Inputs: 
%   data_cal: force plate calibrated data in the order of columns Fx,Fy,Fz, 
%             Mx,My,Mz 
% 
%Outputs: 
%   COP: two column matrix with COP in the x and y direction (columns 1 and 
%        2 respectively) 
  
%% Beginning of function 
%Location of origin below the combined force plate surface 
dz=0.0375;          %Mean of dz from FP3477 and FP3364 in [m] 
  
%COP Calculations [m] 
COP(:,1)=-(data_cal(:,5)+data_cal(:,1)*dz)./data_cal(:,3);     %X-dir, AP 
COP(:,2)= (data_cal(:,4)-data_cal(:,2)*dz)./data_cal(:,3);     %Y-dir, ML 
  
% %Subtract off the mean of the COP data to center the plot around zero 
% ONLY USE IF PLOTTING COPX VS COPY FOR DATA CHECK 
% means=mean(COP); 
% COP=COP-means; 
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%Coordinate system 
%             x  
%             ^ 
%             | 
%             | 
%             | 
%             | 
%             X- - - - - - > y         
  
end 
 
 
 
 
Estimation of Ratio of Noise 
 
% Ratio of Noise to Experimental Data Calculation 
% 
% Created by:   Paris Nichols 
%               Biodynamics Lab 
%               University of Kansas 
% 
% Last updated: 2/12/20 
% 
% Purpose:      Calculates the ratio of noise standard deviation (based on 
%               zero data) to the average standard deviation in each 
%               subject's postural sway.  
% 
% Required functions: 
%                
%               V2f_fp3364.m 
%               V2f_fp3477.m 
%               raw2cop.m 
%               comb_FPs.m 
%               comb_FPs_COP.m 
  
clc; clear all 
%% Setup 
% Variable setup 
COP_AP_noise = zeros(1,50);  
COP_ML_noise = zeros(1,50);  
COP_noise = zeros(1,50); 
COP_std = zeros(50,5,2,3); 
j = 0; 
  
%% Calculation of noise variance 
for i = 1:52 
     
    % Subjects 16 and 28 are excluded 
    if i == 16 || i == 28 
        continue 
    else 
        % Counter 'j' is used for indexing since 'i' countains excluded 
subjects 
        j = j+1; 
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        % Creates file names for subject number 
        if i < 10 
            subject = ['s100'  num2str(i) '\']; 
        else 
            subject = ['s10' num2str(i) '\']; 
        end 
         
        % Uploads files 
        datapath = ('C:\Users\paris\The University of Kansas\Luchies, Carl W. 
- CWL Biodynamics Lab\Data\Healthy Foam Study (2018)\'); 
        filename = [datapath subject 'zeros000.txt']; 
        zero_voltage = dlmread(filename,'\t',1,1); 
         
        % Converts from voltage to Newtons and Newton-meters 
        gain_fp = 1000;  % Force plate gain 
        zero_vector = zeros(1,6);  % Zeros are set to a zero vector (mean is 
irrelevant) 
        % Left force plate (3477) 
        left_force=V2f_fp3477(zero_voltage(:,1:6),zero_vector,gain_fp); 
        % Right force plate (3364) 
        right_force=V2f_fp3477(zero_voltage(:,7:12),zero_vector,gain_fp); 
         
        % Finds standard deviation of noise in all 12 channels 
        noise_std_left = std(left_force); 
        noise_std_right = std(right_force); 
         
        % Calculates standard deviation of overall COP noise 
        % All noise is assumed to be Gaussian 
        d = 0.2315; % Distance from FP center to edge (m) 
        dz = 0.0375; % Distance point of origin is below surface (m) 
        Fz = 800; % Fz is held constant since Fz >>> its noise (N) 
        % Noise from both force plates is combined 
        Fx = sqrt(noise_std_left(1)^2 + noise_std_right(1)^2); 
        Fy = sqrt(noise_std_left(2)^2 + noise_std_right(2)^2); 
        Mx = sqrt(noise_std_left(4)^2 + noise_std_right(4)^2 + 
(d*noise_std_left(2))^2 + (d*noise_std_right(2))^2); 
        My = sqrt(noise_std_left(5)^2 + noise_std_right(5)^2 + 
(d*noise_std_left(1))^2 + (d*noise_std_right(1))^2); 
        % COP equations are used with noise standard deviations 
        COP_AP_noise(j) = sqrt((Fx*dz)^2 + My^2)/Fz; 
        COP_ML_noise(j) = sqrt((Fy*dz)^2 + Mx^2)/Fz; 
         
        % Averages COP noise standard deviation 
        COP_noise(j) = (COP_AP_noise(j)+COP_ML_noise(j))/2; 
    end 
end 
  
% Finds average across all subjects 
noise_std_avg = mean(COP_noise); 
  
%% Calculation of experimental data variance 
for isubject = 1:52 % Subject for loop 
     
    % Subjects 16 and 28 are excluded 
    if isubject == 16 || isubject == 28 
        continue 
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    else 
        % Counter 'j' is used for indexing since 'i' countains excluded 
subjects 
        j = j+1; 
         
        % Creates file names for subject number 
        if isubject < 10 
            subject = ['s100'  num2str(isubject) '\']; 
        else 
            subject = ['s10' num2str(isubject) '\']; 
        end 
         
        for ifoam = 1:5 % Foam condition for loop 
             
            for ieyes = 1:2 % Eye condition for loop 
                 
                % Creates file names for eye condition 
                if ieyes == 1 
                    eyes = 'EO'; 
                elseif ieyes ==2 
                    eyes = 'EC'; 
                end 
                 
                for itrial = 1:3 % Trial for loop 
                     
                    % Uploads raw data and zeros 
                    filename = [datapath subject 'Foam_' num2str(ifoam-1) '_' 
eyes '_' num2str(itrial) '.txt']; 
                    raw_data=dlmread(filename,'\t',1,1); 
                    filezero = [datapath subject '\zeros000.txt']; 
                    zero_data = dlmread(filezero,'\t',1,1); 
                    %Finds mean zeros 
                    mean_zero = mean(zero_data); 
                     
                    % Converts data to COP 
                    [COP_AP, COP_ML] = raw2cop(raw_data, zero_data); 
                     
                    % Finds standard deviation of each axes and average 
                    COP_AP_std = std(COP_AP); 
                    COP_ML_std = std(COP_ML); 
                    COP_std(isubject,ifoam,ieyes,itrial) = (COP_AP_std + 
COP_ML_std)/2; 
                end 
            end 
        end 
    end 
end 
  
% Finds average across all subjects, foam conditions , eye conditions, and 
trials 
exp_std_avg = mean(COP_std,'all'); 
  
%% Calculation of ratio 
noise_to_exp = noise_std_avg/exp_std_avg; 
disp(['The standard deviation of noise is ' num2str(noise_to_exp*100) '% of 
the average experimental data standard deviation']) 
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Sample Entropy Function 
 
function SampEn=SampEn_RichMoor(data,m,R) 
%% SampEn=SampEn_RichMoor(data,m,R) 
%Optimized Sample Entropy of Time Series (Richman and Moorman) 
%Camilo Giraldo (c318g339@ku.edu) 
%The University of Kansas - Biodynamics Lab 
%Last Udpate: 05/15/2018 
% 
%Acknowledgements: This code was originally created by J McCamley May 
%on 2016. It was commented by Camilo Giraldo. 
% 
%Purpose: This code calcualtes the sample entropy (according to SampEn 
%formula developed by Richman and Moorman, 2000) of a time series with a 
%vector length m, and a radius of R times the standard devaiation of the 
%time series. This function has been validated with SampEn_KU, and 
%both functions give the same result. In addition, this function is faster 
%than SampEn_KU. However, if it is desired to understand SampEn, it is 
%recommended to use SampEn_KU since it goes step by step as described in 
%Richman and Moorman, 2000. 
% 
%Inputs: 
%   data: time series in column form 
%   m:    vector length to form in sample entropy calculation 
%   R:    R*std of the time series 
% 
%Output: 
%   SampEn: sample entropy of the time series 
% 
%Reference: 
%   Richman, J. S. American Journal of Physiology. Heart and Circulatory  
%       Physiology: Physiological Time-Series Analysis using Approximate 
%       Entropy and Sample Entropy. 278 Vol. American Physiological Society, 
%       06/2000. 
%   Stergiou, Nicholas. Nonlinear Analysis for Human Movement Variability. 
%       2016. Print. 
  
%% Beginning of function 
% Define r as R times the standard deviation 
r=R*std(data); 
  
%Length of the time series 
N=length(data); 
  
%% Calculating of Bmr & Amr (Richman and Moorman, 2000) 
%Preallocating space 
dij=zeros(N-m,m+1);     %Difference matrix between vectors 
% dj=zeros(N-m,1); 
% dj1=zeros(N-m,1); 
Bm=zeros(N-m,1);        %Bm array 
Am=zeros(N-m,1);        %Am array 
  
%Calculating Am and Bm 
for ii = 1:N-m          %Chooses the vector that will be analyzed 
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    %Calculating difference matrix 
    for kk = 1:m+1      %Number of elements in vectors to compare 
        dij(:,kk)=abs(data(1+kk-1:N-m+kk-1)-data(ii+kk-1)); 
    end 
     
    %Storing largest differences for Bm and Am 
    dj=max(dij(:,1:m),[],2);    %Bm 
    dj1=max(dij,[],2);          %Am 
     
    %Counter number of matches for Bm and Am (self counted) 
    d=find(dj<=r);              %Bm 
    d1=find(dj1<=r);            %Am 
     
    %Updating number of matches with no self counter for Bm and Am 
    nm=length(d)-1;             %Bm 
    nm1=length(d1)-1;           %Am 
     
    %Probability Bm and Am for the vector just analyzed 
    Bm(ii)=nm/(N-m); 
    Am(ii)=nm1/(N-m); 
     
end 
  
%Calculating total Bmr and Amr 
Bmr=sum(Bm)/(N-m); 
Amr=sum(Am)/(N-m); 
  
%% Sample Entropy (Richman and Moorman, 2000) 
SampEn=-log(Amr/Bmr); 
  
end 
 
Fuzzy Sample Entropy Function 
 
function FSampEn=FSampEn_Xie_Opt(data,m,n,R) 
%% FAppEn=FSampEn_Xie_Opt(data,m,n,R) 
% Fuzzy sample entropy of time series (Xie 2010, Chen 2006, Richman and 
Moorman 2000) 
% Paris Nichols (p153n802@ku.edu) 
% The University of Kansas - Biodynamics Lab 
% Last Udpate: 3/8/20 
% 
% Purpose: This code calcualtes the fuzzy sample entropy of a time series 
% with a vector length m, a radius of R times the standard devaiation of  
% the time series, and a similarity function shape factor n. 
%. 
% 
% Inputs: 
%   data: time series in column form 
%   m:    vector length to form in entropy calculation 
%   R:    R*std of the time series 
%   n:    shape factor of the fuzzy similarity function 
% 
% Output: 
%   FSampEn: fuzzy sample entropy of the time series 
% 
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% References: 
% 
% Use of fuzzy logic on sample entropy: 
% H. Xie, W. Chen, W. He, H. Liu, "Complexity analysis of the biomedical  
%   signal using fuzzy entropy measurement" Applied Soft Computing,  
%   vol. 11, pp. 2871-2879. 2011.  
% 
% Development of fuzzy similarity function: 
% W. Chen, Z. Wang, H. Xie, and W. Yu, ‘‘Characterization of surface EMG  
%   signal based on fuzzy entropy,’’ IEEE Trans. Neural Syst. Rehabil. 
%   Eng.,vol. 15, no. 2, pp. 266–272, Jun. 2007. 
% 
% Method of computing sample entropy: 
% J. S. Richman and J. R. Moorman, “Physiological time-series analysis  
%   using approximate and sample entropy,” Amer. J. Physiology—Heart  
%   Circulatory Physiology, vol. 278, pp. H2039–H2049, 2000. 
% 
%% Beginning of function 
% Define r as R times the standard deviation 
r=R*std(data); 
  
%Length of the time series 
N=length(data); 
  
%% Calculating Bmr (m) 
% Establishing matrix sizes 
fuzzy_diff = zeros(N-m,N-m); diff = zeros(1,m); 
  
% Calculates differences across m-length vectors 
% Only calculates upper triangular matrix for optimization 
for ii = 1:N-m           % Vector being analyzed 
    for jj = 1:N-m-ii    % Vector being compared 
        for kk = 1:m     % Length of vector, m 
            diff(kk) = abs(data(ii+kk-1) - data(ii+jj+kk-1)); 
        end 
        diff_max = max(diff); 
        fuzzy_diff(ii,ii+jj) = exp((-diff_max^n)/r);  
    end 
end 
  
% Fuzzy membership function 
% Transpose is added for lower triangular portion of matrix (equivalent due 
%   to the magnitude of difference between vectors i and j equaling j and i) 
fuzzy_diff_m = fuzzy_diff + fuzzy_diff'; 
clear diff_max fuzzy_diff 
  
% Calculation of Bmr 
Bmr = sum(fuzzy_diff_m,'all')/((N-m-1)*(N-m)); 
  
%% Calculating Amr (m+1) 
% Establishing matrix sizes 
fuzzy_diff = zeros(N-m,N-m); diff = zeros(1,m+1); 
  
% Calculates differences across (m+1)-length vectors 
% Only calculates upper triangular matrix for optimization 
for ii = 1:N-m           % Vector being analyzed 
    for jj = 1:N-m-ii  % Vector being compared 
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        for kk = 1:m+1     % Length of vector, m 
            diff(kk) = abs(data(ii+kk-1) - data(ii+jj+kk-1)); 
        end 
        diff_max = max(diff); 
        fuzzy_diff(ii,ii+jj) = exp((-diff_max^n)/r); 
    end 
end 
  
% Fuzzy membership function 
% Transpose is added for lower triangular portion of matrix (equivalent due 
%   to the magnitude of difference between vectors i and j equaling j and i) 
fuzzy_diff_m1 = fuzzy_diff + fuzzy_diff'; 
  
% Calculation of Bmr 
Amr = sum(fuzzy_diff_m1,'all')/((N-m-1)*(N-m)); 
  
%% Calculation fuzzy approximate entropy  
FSampEn = -log(Amr/Bmr); 
 
Entropy Calculations for Parameter Selection 
 
% Calculation of SampEn & FSampEn of Foam Study Data 
% 
% Created by:   Paris Nichols 
%               Biodynamics Lab 
%               University of Kansas 
% 
% Last updated: 4/15/20 
% 
% Purpose:      Calculates the two entropy values of experimental data 
%               using an array of R values and down-sampling frequencies. 
%               Only data for eyes closed trials is analyzed. 
% 
% Required functions: 
%                
%               V2f_fp3364.m 
%               V2f_fp3477.m 
%               raw2cop.m 
%               comb_FPs.m 
%               comb_FPs_COP.m 
%               SampEn_RichMoor_Opt.m 
%               FSampEn_Xie_Opt.m 
  
clc; clear all 
  
%% Setup (Only change where marked 'EDIT') 
% EDIT: Calculation parameters 
subjects = 1:52; % Any array of integers between 1 & 52 
  
% EDIT: Down-sampling frequencies 
ds = [10 20 50];  
max_length = 60*min(ds); 
  
% EDIT: Entropy input parameters 
noisemag = 0.03285; % times standard deviation (for R calculation) 
noisestep = 0.5; % Step size of noise mag for R 
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noisemax = 4; % Maximum multiple of noise mag for R 
m = 2; % Vector length 
n = 2; % Shape factor of fuzzy functions (set at 2 per Chen/Xie) 
  
% Calculation of R array (0.5*noisemag step to 10*noisemag) 
Rstep = noisemag*noisestep; 
Rmax = noisemag*noisemax; 
Rarray = Rstep:Rstep:Rmax; 
  
% Counter variable for subjects 
j = 0; 
  
% Length of parameter arrays 
nR = length(Rarray); 
nsubject = length(subjects); 
  
% Pre-allocating data matrix sizes, index is (subject,foam,eyes,trial,axis) 
SampEn_AP = zeros(50,5,8,3,3); SampEn_ML = zeros(50,5,10,3,3); 
FSampEn_AP = zeros(50,5,8,3,3); FSampEn_ML = zeros(50,5,10,3,3); 
  
% File path 
datapath = 'C:\Users\paris\The University of Kansas\Luchies, Carl W. - CWL 
Biodynamics Lab\Data\Healthy Foam Study (2018)\'; 
  
%% Calculations 
for isubject = 1:nsubject % Subject for loop 
     
    % Subjects 16 and 28 are excluded 
    if isubject == 16 || isubject == 28 
        continue 
    else 
        % Counter 'j' is used for subject indexing since 'i' countains 
excluded subjects 
        j = j+1; 
         
        % Creates file names for subject number 
        if isubject < 10 
            subject = ['s100'  num2str(isubject) '\']; 
        else 
            subject = ['s10' num2str(isubject) '\']; 
        end 
         
        for ifoam = 1:5 % Foam condition for loop 
             
            for itrial = 1:3 % Trial for loop 
                 
                % Uploads raw data and zeros 
                filename = [datapath subject 'Foam_' num2str(ifoam-1) '_EC_' 
num2str(itrial) '.txt']; 
                raw_data=dlmread(filename,'\t',1,1); 
                filezero = [datapath subject '\zeros000.txt']; 
                zero_data = dlmread(filezero,'\t',1,1); 
                %Finds mean zeros 
                mean_zero = mean(zero_data); 
                 
                % Converts data to COP 
                [COP_AP, COP_ML] = raw2cop(raw_data, zero_data); 
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                for ids = 1:length(ds) 
                     
                    % Downsamples data 
                    ds_freq = ds(ids); 
                    ds_value = floor(100/ds_freq); 
                    COP_ML_ds = downsample(COP_ML,ds_value); 
                    COP_AP_ds = downsample(COP_AP,ds_value); 
                     
                    % Reduces data arrays to smallest values 
                    COP_ML_ds = COP_ML_ds(1:max_length); 
                    COP_AP_ds = COP_AP_ds(1:max_length); 
                    for iR = 1:nR % R input parameter for loop 
                         
                        % Establishes R value 
                        R = Rarray(iR); 
                         
                        SampEn_ML(j,ifoam,iR,ids,itrial) = 
SampEn_RichMoor_Opt(COP_ML_ds,m,R); 
                        SampEn_AP(j,ifoam,iR,ids,itrial) = 
SampEn_RichMoor_Opt(COP_AP_ds,m,R); 
                        FSampEn_ML(j,ifoam,iR,ids,itrial) = 
FSampEn_Xie_Opt(COP_ML_ds,m,n,R); 
                        FSampEn_AP(j,ifoam,iR,ids,itrial) = 
FSampEn_Xie_Opt(COP_AP_ds,m,n,R); 
                        disp([num2str(isubject) ' '  num2str(ifoam) ' ' 
num2str(itrial) ' ' num2str(ids) ' ' num2str(iR)]) 
                         
                    end 
                end 
            end 
        end 
    end 
    disp(['Subject # ' num2str(j) ' complete']) 
end 
save('ExperimentalResults_ParamTest','SampEn_AP','FSampEn_AP','SampEn_ML','FS
ampEn_ML') 
     
Mean Comparison Plots for Parameter Selection 
 
% Plots of mean entropy values in parameter selection study 
% 
% Created by:   Paris Nichols 
%               Biodynamics Lab 
%               University of Kansas 
% 
% Last updated: 4/16/20 
% 
% Purpose:      Plots the mean values of individual foam levels for each 
%               radius value and down-sampling frequency 
  
clc; clear all 
  
%% Section 1: Setup  
  
% Array of 10 random subject numbers (up to #50) 
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subject_rand = [32    40    22    34    35     6     3    16    11    30]; 
  
% Down-sampled frequencies 
ds = [10 20 50]; 
  
% Select course parameter test (R = 1:1:10) or fine (R = 0.5:0.5:4) 
data = 2; % 1 for course, 2 for fine 
if data == 1 
    load('ExperimentalResults_CourseParamTest.mat') 
    R_label = 1:1:10; 
elseif data == 2 
    load('ExperimentalResults_FineParamTest.mat') 
    R_label = 0.5:0.5:4; 
end 
  
%% Section 2: Data reduction 
% Averages across trials 
SampEn_AP_mod = squeeze(mean(SampEn_AP(:,:,1:8,:,:),5));  
SampEn_ML_mod = squeeze(mean(SampEn_ML(:,:,1:8,:,:),5)); 
FSampEn_AP_mod = squeeze(mean(FSampEn_AP(:,:,1:8,:,:),5));  
FSampEn_ML_mod = squeeze(mean(FSampEn_ML(:,:,1:8,:,:),5)); 
  
% Reduces from 50 to 10 subjects 
for ifoam = 1:10 
    s_index = subject_rand(ifoam); 
    SampEn_AP_param(ifoam,:,:,:) = SampEn_AP_mod(s_index,:,:,:);  
    FSampEn_AP_param(ifoam,:,:,:) = FSampEn_AP_mod(s_index,:,:,:);  
    SampEn_ML_param(ifoam,:,:,:) = SampEn_ML_mod(s_index,:,:,:); 
    FSampEn_ML_param(ifoam,:,:,:) = FSampEn_ML_mod(s_index,:,:,:); 
end 
  
%% Section 3: Calculation of means  
mean_SampEn_AP = squeeze(mean(SampEn_AP_param,1)); 
mean_FSampEn_AP = squeeze(mean(FSampEn_AP_param,1)); 
mean_SampEn_ML = squeeze(mean(SampEn_ML_param,1)); 
mean_FSampEn_ML = squeeze(mean(FSampEn_ML_param,1)); 
  
%% Section 3: Plot results 
% Sets RGB color codes 
red = [0.9 0.28 0.31]; blue = [0.2 0.4 0.9]; green = [0.05 0.7 0.1];  
orange = [0.9 0.6 0.2]; black = [0 0 0]; 
  
for ids = 1:3 
    for ifoam = 1:5 
         
        if ifoam == 1 
            color = black; 
            label = 'F0'; 
        elseif ifoam == 2 
            color = blue; 
            label = 'F1'; 
        elseif ifoam == 3 
            color = green; 
            label = 'F2'; 
        elseif ifoam == 4 
            color = orange; 
            label = 'F3'; 
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        elseif ifoam == 5 
            color = red; 
            label = 'F4'; 
        end 
         
        figure(ids); 
        q(ifoam) = 
plot(R_label,mean_SampEn_AP(ifoam,:,ids),'Color',color,'LineWidth',1.5); hold 
on; 
        title(['SampEn in the AP Direction: ' num2str(ds(ids)) ' Hz']) 
        xlabel('R-value (X*RoN)'); ylabel('SampEn'); 
         
        figure(3+ids); 
        r(ifoam) = 
plot(R_label,mean_SampEn_ML(ifoam,:,ids),'Color',color,'LineWidth',1.5); hold 
on; 
        title(['SampEn in the ML Direction: ' num2str(ds(ids)) ' Hz']) 
        xlabel('R-value (X*RoN)'); ylabel('SampEn'); 
         
        figure(6+ids); 
        s(ifoam) = 
plot(R_label,mean_FSampEn_AP(ifoam,:,ids),'Color',color,'LineWidth',1.5); 
hold on; 
        title(['FSampEn in the AP Direction: ' num2str(ds(ids)) ' Hz']) 
        xlabel('R-value (X*RoN)'); ylabel('FSampEn'); 
         
        figure(9+ids) 
        t(ifoam) = 
plot(R_label,mean_FSampEn_ML(ifoam,:,ids),'Color',color,'LineWidth',1.5); 
hold on; 
        title(['FSampEn in the ML Direction: ' num2str(ds(ids)) ' Hz']) 
        xlabel('R-value (X*RoN)'); ylabel('FSampEn'); 
    end 
end 
  
% Adds legend 
for ii = 1:2 
    for jj = 1:6 
        figure((ii-1)*6+jj) 
        legend('F0','F1','F2','F3','F4') 
    end 
end 
 
Statistical Analysis (One-way ANOVA) for Parameter Selection 
 
% Statistical analysis of parameter selection study 
% 
% Created by:   Paris Nichols 
%               Biodynamics Lab 
%               University of Kansas 
% 
% Last updated: 4/16/20 
% 
% Purpose:      Plots the mean values of individual foam levels for each 
%               radius value and down-sampling frequency 
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clc; clear all 
  
%% Section 1: Setup 
close all; clear all; clc; 
  
% MUST EDIT EACH TIME (except for subjects) 
  
% Modification of data (only after first run, depending on Section 3) 
mod = 0; % 0 = no, 1 = yes 
% Degree of modification (data^n) 
n = 1; 
  
% Run ANOVA? (0 for assumption tests only, 1 for ANOVA too) 
runstat = 1; 
  
% Alpha value for hypotheses 
alpha = 0.05; 
  
% Array of 10 random subject numbers (up to #50) 
subject_rand = [32    40    22    34    35     6     3    16    11    30]; 
  
% Down-sampled frequencies 
ds = [10 20 50]; 
  
% Select course parameter test (R = 1:1:10) or fine (R = 0.5:0.5:4) 
data = 2; % 1 for course, 2 for fine 
if data == 1 
    load('ExperimentalResults_CourseParamTest.mat') 
    R_label = 1:1:10; 
elseif data == 2 
    load('ExperimentalResults_FineParamTest.mat') 
    R_label = 0.5:0.5:4; 
end 
  
%% Section 2: Data reduction 
% Averages across trials 
% R is reduced due to convergence when greater than 4*RoN 
SampEn_AP_mod = squeeze(mean(SampEn_AP(:,:,1:8,:,:),5));  
SampEn_ML_mod = squeeze(mean(SampEn_ML(:,:,1:8,:,:),5)); 
FSampEn_AP_mod = squeeze(mean(FSampEn_AP(:,:,1:8,:,:),5));  
FSampEn_ML_mod = squeeze(mean(FSampEn_ML(:,:,1:8,:,:),5)); 
  
% Reduces from 50 to 10 subjects 
for isubject = 1:10 
    s_index = subject_rand(isubject); 
    SampEn_AP_param(isubject,:,:,:) = SampEn_AP_mod(s_index,:,:,:);  
    FSampEn_AP_param(isubject,:,:,:) = FSampEn_AP_mod(s_index,:,:,:);  
    SampEn_ML_param(isubject,:,:,:) = SampEn_ML_mod(s_index,:,:,:); 
    FSampEn_ML_param(isubject,:,:,:) = FSampEn_ML_mod(s_index,:,:,:); 
end 
  
%% Section 3: Check for Normality Assumption and Homogeneity of Variance 
  
for iR = 1:length(R_label) 
    for ids = 1:length(ds) 
         
        data = squeeze(SampEn_ML_param(:,:,iR,ids)); 
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        % SampEn stats 
        Norm_label = 'Normal'; 
        data_exp = [data(:,1); data(:,2); data(:,3); data(:,4); data(:,5)]; 
        [h,p_Norm_exp] = adtest(data_exp); 
        if p_Norm_exp <= alpha 
            Norm_label = 'FAILED'; 
        end 
        p_Norm_SampEn(ids,iR) = p_Norm_exp; 
        figure(200); subplot(3,8,iR+(ids-1)*length(ds)); normplot(data_exp); 
        title(['SampEn, R' num2str(R_label(iR)) ': ' Norm_label]) 
        HoV_label = 'Homogeneous'; 
        p_HoV = vartestn(data); close; 
        if p_HoV <= alpha 
            HoV_label = 'FAILED'; 
        else 
        end 
        p_HoV_SampEn(ids,iR) = p_HoV; 
        figure(300); subplot(3,8,iR+(ids-1)*length(ds)); boxplot(data); 
        title(['SampEn, R' num2str(R_label(iR)) ': ' HoV_label]) 
        clear data 
         
        data = squeeze(FSampEn_ML_param(:,:,iR,ids)); 
        % FSampEn stats 
        Norm_label = 'Normal'; 
        data_exp = [data(:,1); data(:,2); data(:,3); data(:,4); data(:,5)]; 
        [h,p_Norm_exp] = adtest(data_exp); 
        if p_Norm_exp <= alpha 
            Norm_label = 'FAILED'; 
        end 
        p_Norm_FSampEn(ids,iR) = p_Norm_exp; 
        figure(200); subplot(3,8,iR+(ids-1)*length(ds)); normplot(data_exp); 
        title(['FSampEn, R' num2str(R_label(iR)) ': ' Norm_label]) 
        HoV_label = 'Homogeneous'; 
        p_HoV = vartestn(data); close; 
        if p_HoV <= alpha 
            HoV_label = 'FAILED'; 
        else 
        end 
        p_HoV_FSampEn(ids,iR) = p_HoV; 
        figure(300); subplot(3,8,iR+(ids-1)*length(ds)); boxplot(data); 
        title(['FSampEn, R' num2str(R_label(iR)) ': ' HoV_label]) 
        clear data 
         
    end 
end 
  
%% Section 4: ANOVA 
for iR = 1:length(R_label) 
    for ids = 1:length(ds) 
         
        data = squeeze(SampEn_ML_param(:,:,iR,ids)); 
        % SampEn 
        [p,~,stats] = anova1(data,[],'off'); 
        p_ANOVA(ids,iR) = p; 
        c = multcompare(stats); close; 
        p_SampEn(:,iR,ids) = c(1:4,6); 
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        data = squeeze(FSampEn_ML_param(:,:,iR,ids)); 
        % FSampEn 
        [p,~,stats] = anova1(data,[],'off'); 
        p_ANOVA(ids,iR) = p; 
        c = multcompare(stats); close; 
        p_FSampEn(:,iR,ids) = c(1:4,6); 
         
         
    end 
end 
 
 
Entropy Calculations for Experimental Analysis 
 
% Calculation of SampEn & FSampEn of Foam Study Data - Experimental Results 
% 
% Created by:   Paris Nichols 
%               Biodynamics Lab 
%               University of Kansas 
% 
% Last updated: 4/17/20 
% 
% Purpose:      Calculates the two entropy values of experimental data 
%               using the best R value and down-sampled frequency found in 
%               the parameter study. 
% 
% Required functions: 
% 
%               V2f_fp3364.m 
%               V2f_fp3477.m 
%               raw2cop.m 
%               comb_FPs.m 
%               comb_FPs_COP.m 
%               AppEn_Pincus_Opt.m 
%               FAppEn_Chen_Opt.m 
%               SampEn_RichMoor_Opt.m 
%               FSampEn_Xie_Opt.m 
  
clc; clear all 
  
%% Setup (Only change where marked 'EDIT') 
% EDIT: Calculation parameters 
subjects = 1:52; % Any array of integers between 1 & 52 
  
% EDIT: Optimal parameters - specify for SampEn & FSampEn separately 
freq_SampEn = 50; % downsampled frequency 
freq_FSampEn = 10; % downsampled frequency 
R_SampEn = 3; % R number times RoN 
R_FSampEn = 3; % R number times RoN 
axis_SampEn = 1; % 0 = AP, 1 = ML 
axis_FSampEn = 1; % 0 = AP, 1 = ML 
  
% Constant parameters 
noisemag = 0.03285; % times standard deviation (for R calculation) 
m = 2; % Vector length 
n = 2; % Shape factor of fuzzy functions (set at 2 per Chen/Xie) 
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% Calculation of R related to standard deviation 
R1 = noisemag*R_SampEn; 
R2 = noisemag*R_FSampEn; 
  
% Frequency setup calculations 
max_length = 60*min([freq_SampEn freq_FSampEn]); 
ds1 = 100/freq_SampEn; 
ds2 = 100/freq_FSampEn; 
  
% Counter variable for subjects 
j = 0; 
  
% File path 
datapath = 'C:\Users\paris\The University of Kansas\Luchies, Carl W. - CWL 
Biodynamics Lab\Data\Healthy Foam Study (2018)\'; 
SampEn = zeros(50,5,3); FSampEn = zeros(50,5,3); 
%% Calculations 
for isubject = 1:length(subjects) % Subject for loop 
     
    % Subjects 16 and 28 are excluded 
    if isubject == 16 || isubject == 28 
        continue 
    else 
        % Counter 'j' is used for subject indexing since 'i' countains 
excluded subjects 
        j = j+1; 
         
        % Creates file names for subject number 
        if isubject < 10 
            subject = ['s100'  num2str(isubject) '\']; 
        else 
            subject = ['s10' num2str(isubject) '\']; 
        end 
         
        for ifoam = 1:5 % Foam condition for loop 
             
            for itrial = 1:3 % Trial for loop 
                 
                % Uploads raw data and zeros 
                filename = [datapath subject 'Foam_' num2str(ifoam-1) '_EC_' 
num2str(itrial) '.txt']; 
                raw_data=dlmread(filename,'\t',1,1); 
                filezero = [datapath subject '\zeros000.txt']; 
                zero_data = dlmread(filezero,'\t',1,1); 
                %Finds mean zeros 
                mean_zero = mean(zero_data); 
                 
                % Converts data to COP 
                [COP_AP, COP_ML] = raw2cop(raw_data, zero_data); 
                 
                % Only keeps data for optimal axis 
                if axis_SampEn == 0 
                    data_SE = COP_AP; 
                elseif axis_SampEn == 1 
                    data_SE = COP_ML; 
                end 
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                if axis_FSampEn == 0 
                    data_FSE = COP_AP; 
                elseif axis_FSampEn == 1 
                    data_FSE = COP_ML; 
                end 
                 
                data_SE_ds = downsample(data_SE,ds1); 
                data_FSE_ds = downsample(data_FSE,ds2); 
                 
                % Reduces data arrays to smallest values 
                data_SE_ds = data_SE_ds(1:max_length); 
                data_FSE_ds = data_FSE_ds(1:max_length); 
                 
                SampEn(j,ifoam,itrial) = 
SampEn_RichMoor_Opt(data_SE_ds,m,R1); 
                FSampEn(j,ifoam,itrial) = FSampEn_Xie_Opt(data_FSE,m,n,R2); 
                 
                 disp([num2str(isubject) ' '  num2str(ifoam) ' ' 
num2str(itrial)]) 
  
            end 
        end 
    end 
    disp(['Subject # ' num2str(j) ' complete']) 
end 
save('ExperimentalResults_ExpData_R3_m3','SampEn','FSampEn') 
 
Mean Comparison Plots for Experimental Analysis 
 
% Plots of mean entropy values in parameter study 
% 
% Created by:   Paris Nichols 
%               Biodynamics Lab 
%               University of Kansas 
% 
% Last updated: 4/16/20 
% 
% Purpose:      Plots the mean values of individual foam levels for each 
%               radius value and down-sampling frequency 
clear all; clc; 
  
% Uploads experimental entropy values 
load('ExperimentalResults_ExpData_R3_m3.mat') 
  
% Calculates mean values across trials 
SampEn_m = mean(SampEn,3); FSampEn_m = mean(FSampEn,3); 
  
% Calculates mean values across subjects too 
SampEn_mean = squeeze(mean(SampEn_m));  
FSampEn_mean = squeeze(mean(FSampEn_m)); 
  
% Calculates standard deviation 
SampEn_std = squeeze(std(SampEn_m)); 
FSampEn_std = squeeze(std(FSampEn_m)); 
  
% Sets RGB color codes 
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color = [ 0 0 0; 0.35 0.35 0.87; 0.05 0.7 0.1; 0.9 0.6 0.2; 0.9 0.28 0.31]; 
  
% foam array 
foam = [0 0.125 0.25 0.5 1]; 
  
for ii = 1:5 
    figure(1); 
plot(foam(ii),SampEn_mean(ii),'.','Color',color(ii,:),'MarkerSize',20); hold 
on 
    
errorbar(foam(ii),SampEn_mean(ii),SampEn_std(ii),'Color',color(ii,:),'LineWid
th',1) 
    figure(2); 
plot(foam(ii),FSampEn_mean(ii),'.','Color',color(ii,:),'MarkerSize',20); hold 
on 
    
errorbar(foam(ii),FSampEn_mean(ii),FSampEn_std(ii),'Color',color(ii,:),'LineW
idth',1) 
end 
  
figure(1); axis([-0.05 1.05 0.3 1.2]); 
title('SampEn vs Foam: R=3*RoN, m=2, N=600, 50Hz'); xlabel('Foam Thickness'); 
ylabel('SampEn');  
xticks([0 0.125 0.25 0.5 1]); xticklabels({'No 
Foam','1/8"','1/4"','1/2"','1"'}); 
figure(2); axis([-0.05 1.05 0.0016 0.0036]); 
title('FSampEn vs Foam: R=3*RoN, m=2, N=600, 10Hz'); xlabel('Foam 
Thickness'); ylabel('FSampEn'); 
xticks([0 0.125 0.25 0.5 1]); xticklabels({'No 
Foam','1/8"','1/4"','1/2"','1"'}); 
 
Statistical Analysis (One-way ANOVA) for Experimental Analysis 
 
% Plots of mean entropy values in parameter study 
% 
% Created by:   Paris Nichols 
%               Biodynamics Lab 
%               University of Kansas 
% 
% Last updated: 4/16/20 
% 
% Purpose:      Plots the mean values of individual foam levels for each 
%               radius value and down-sampling frequency 
clear all; clc; 
  
% Alpha value for hypotheses 
alpha = 0.05; 
  
% Uploads experimental entropy values 
load('ExperimentalResults_ExpData_R3_m3.mat') 
  
% Calculates mean values 
SampEn_mean = mean(SampEn,3); FSampEn_mean = mean(FSampEn,3); 
  
[p,~,stats] = anova1(SampEn_mean,[],'off'); 
ANOVA_SampEn = p; 



114 
 

c = multcompare(stats); close; 
p_SampEn = c(1:4,6); 
  
[p,~,stats] = anova1(FSampEn_mean,[],'off'); 
ANOVA_FSampEn = p; 
c = multcompare(stats); close; 
p_FSampEn = c(1:4,6); 
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