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Abstract 

Falls represent one of the most significant health problems that affect older adults. 

Having the ability to accurately analyze and screen the gait of individuals who may be at 

risk of falling is an essential step to improving their health.  Research has shown that 

there are numerous age-related changes in gait and that these changes may increase the 

risk of falling.  More important than mean spatiotemporal parameters of gait, are the 

stride-to-stride fluctuations inherent in these measures.  Both gait variability (i.e., the 

standard deviation of spatiotemporal gait parameters) and fractal dynamics (i.e., the 

patterning of fluctuations observed over a larger number of strides) can be useful in 

understanding the motor control of gait and predicting those who are at risk of falling.  

Combining this knowledge of gait variability and fractal dynamics with a simple and 

accurate tool could have a great impact on the effectiveness of diagnosing and treating 

older adults who are at risk of falling. While many devices are used to study such gait 

parameters, few are more intriguing than portable body-fixed, accelerometers. The small 

size and refined accuracy of today’s accelerometers make them excellent for analyzing 

gait.  There is little research to confirm the validity of the accelerometer in simple mean 

spatiotemporal gait parameters such as stride time, and little to no research regarding 

more complicated measures of gait variability and fractal dynamics.  The purpose of this 

study was to determine the validity of a body-fixed, tri-axial accelerometer in assessing 

mean, variability, and fractal measures of gait and to assess whether this device was 

sensitive enough to discriminate between healthy young and healthy older adults.  Two 

accelerometer processing methods (e.g., vertical accelerations and anteroposterior 

accelerations) were compared to a criterion device (footswitch) on these measures.  The 
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accelerometer was found to be highly valid on mean temporal parameters, as well as 

measures of gait variability and fractal dynamics in stride times.  Lower levels of validity 

were observed in measures of gait variability and fractal dynamics in step times, with the 

anteroposterior method displaying a slight advantage over the vertical method.  

Nevertheless, both accelerometer methods, along with the footswitch, found older adults 

displayed significantly lower fractal scaling than younger adults, suggesting a more 

random gait pattern and a declining motor control of gait.  This study supports the tri-

axial accelerometer for gait analysis in older adults and those who may be at risk of 

falling, but cautions against the use of gait variability in combined step times. 
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1. INTRODUCTION 

Human gait is a remarkable form of locomotion critical to one’s independence 

and quality of life.  Walking can seem nearly effortless in the healthiest of people, or be a 

constant struggle in the unhealthy.  While some gait abnormalities can be observed with a 

subjective visual analysis, more subtle deficiencies require the use of a quantitative 

assessment.  The spatiotemporal (ST) parameters of gait, which include step/stride time, 

step/stride length, and gait speed are some of the most common objective measures used 

in the analysis of human gait.  While mean ST parameters of gait have been assessed for 

many years, only recently has the focus shifted to assessing stride-to-stride fluctuations in 

the ST parameters of gait. 

Stride-to-stride fluctuations, once thought to be errors or noise, are now viewed as 

important aspects of the human gait pattern.  Two complementary variables, gait 

variability and fractal dynamics, have been developed to assess the variability and long-

range patterns inherent in human gait.  Gait variability simply refers to the overall level 

of consistency in the gait pattern.  More specifically, it is typically the standard deviation 

(SD) of the mean for a given ST parameter.  For example, stride time SD is the SD of the 

mean stride time, measured from at least 20 strides (Lindemann et al., 2008).  This 

deviation in stride time, rather than the mean value itself, is thought to be an important 

indicator of gait control, arising as sensory inputs are integrated and the gait cycle pattern 

is generated in the brain (Chau, Young, & Redekop, 2005). 

On the other hand, fractal dynamics is based on measuring the patterns occurring 

in the stride-to-stride fluctuations of gait, rather than simply the overall level of 

consistency.  This concept revolves around the theory that the apparent randomness of ST 
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parameter fluctuations, namely stride time, may actually not be random at all.  When a 

large series of stride times (at least five minutes) are closely examined, long-range 

correlating patterns are found to exist in the small fluctuations occurring between strides 

(Hausdorff, Peng, Ladin, Wei, & Goldberger, 1995).  Fractal scaling of such time series 

tells us that each gait cycle is not an independent entity, but part of a complex pattern in 

which each gait cycle is dependent on a previous gait cycle.  The level of this gait cycle 

dependence or correlation in the time series can be computed mathematically and 

represented by a fractal scaling index (FSI), ranging from 0.5 to 1.0 (i.e., completely 

random to perfectly correlated).  Similar to gait variability, fractal dynamics is thought to 

be an indicator of gait control, but appears to be more sensitive to the high level of 

coordination and self-organization in the peripheral and central inputs needed in the 

control of gait (Goldberger et al., 2002).  Given the significance of these stride-to-stride 

fluctuations in gait control, they have been used in the study of the effects of age on gait 

and fall risk. 

 The fall rate of older adults and the need for effective measures to screen those at 

risk are becoming increasingly important concerns in our society.  A fall can greatly 

impact an older adult’s independence and quality of life, and falls are the leading cause of 

fatal injuries in Canadians over the age of 65 (Health Canada, Veterans Affairs Canada, 

2004).  Gait intervention programs have been shown to reduce the risk of falling in older 

adults (Chang et al., 2004), but screening for those in need of intervention can be 

difficult.  While there are a number of simple (e.g., Timed Up and Go) and multivariate 

tests (e.g., St. Thomas's Risk Assessment Tool in Falling Elderly Inpatient; STRATIFY) 

commonly used to assess fall risk, they may not be as effective as once thought (Oliver et 
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al., 2008; Thrane, Joakimsen, & Thornquist, 2007).  On the other hand, the use of ST 

parameters, specifically their stride-to-stride fluctuations, shows considerable promise as 

predictors of falls in older adults. 

Research has shown an increased variability and decreased long-range 

correlations in the gait of older adults that are prone to falling.  While a general age-

related increase in gait variability has been observed (Callisaya, Blizzard, Schmidt, 

McGinley, & Srikanth, 2010), studies have also shown that gait variability measures are 

effective predictors of fall risk.  Hausdorff, Rios, and Edelberg (2001) and Verghese, 

Holtzer, Lipton, and Wang (2009) tested healthy older adults over the age of 70 and 

found that ST measures of gait variability were more effective predictors of future fallers 

than mean ST measures or other common fall risk assessments (e.g., Timed Up and Go).  

Similarly, a general decline in the fractal patterning of gait (i.e., more random 

fluctuations in the gait pattern) has been observed with age (Hausdorff et al., 1997b), but 

research has also shown that older adult fallers display significantly lower FSIs than older 

adult non-fallers (Herman, Giladi, Gurevich, & Hausdorff, 2005).  These findings suggest 

that measures of variability and the fractal patterning of gait are sensitive to the subtle 

changes in the gait of those who fall.  While these variables show great promise in 

predicting those at risk of falling, developing an effective and accessible device that can 

measure these parameters is imperative. 

With today’s advancing technology, the accelerometer is becoming a valuable 

tool in the research and clinical setting.  A tri-axial accelerometer has the ability to 

measure accelerations in all three directions of motion.  By attaching this device to the 

lower back (L3), the oscillations felt throughout the body during walking can allow for 
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the measurement of several ST gait parameters.  The accelerometer has a distinct 

advantage over many current systems (e.g., motion capture systems, GAITRite systems, 

force plates, etc.) due to its ability to collect a large number of continuous gait cycles, 

necessary for the assessment of gait variability and fractal dynamics.  Furthermore, it is a 

small and inexpensive tool that is currently incorporated in numerous mobile devices and 

can be used in nearly any setting, giving it the potential to be accessible to a wide range 

of older adults in our society.  However, before the accelerometer can be effectively used 

as a fall risk assessment tool, a high level of validity and reliability in its measurement of 

the ST parameters of gait must be established. 

While research has shown that the accelerometer is a valid and reliable tool in 

assessing the mean ST parameters of gait, information regarding its use for the 

measurement of gait variability and fractal dynamics is limited.  Excellent results have 

been found in measures of mean ST parameters obtained from an accelerometer in terms 

of both validity (Hartmann, Luzi, Murer, de Bie, & de Bruin, 2009a; Zijlstra & Hof, 

2003) and test-retest reliability (Henriksen, Lund, Moe-Nilssen, Bliddal, & Danneskiod-

Samsøe, 2004).  There have been no studies that have examined the validity of the 

accelerometer in measuring the fractal patterns of gait and only one study has directly 

examined the concurrent validity of gait variability measures in an accelerometer.  This 

study found moderate to high levels of validity in measures of step time variability when 

compared with a GAITRite system (a pressure sensitive mat), but this validity may have 

been elevated as it was obtained from a composite of four separate assessments 

(Hartmann et al., 2009a).  The use of the GAITRite system requires separate short walks 

(7.32 m) to be subsequently “stitched” together to create a sufficient number of gait 
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cycles, and in the case of Hartmann et al. (2009a) variability parameters were measured 

separately in short walks and then averaged together.  This methodology is not favourable 

for quantifying the true locomotor rhythm of gait.  Therefore, the GAITRite system is not 

an optimal criterion device for validating gait variability and fractal dynamics as 

measured by a tri-axial accelerometer. 

A more appropriate tool for validating the stride-to-stride fluctuations of gait 

obtained from an accelerometer is the footswitch device.  This device consists of one or 

more force sensing resistors placed in the sole of a participant’s shoe to identify the 

temporal gait events.  Initial contact (heel strike) is most commonly measured by the 

footswitch device, thereby allowing for the assessment of step and stride times, and more 

importantly step and stride time SDs and FSIs (Hausdorff, 2007).  While this device may 

not be as durable or simple to use as the tri-axial accelerometer, it has been shown to be a 

highly valid and reliable tool (Beauchet, Herrmann, Grandjean, Dubost, & Allali, 2008; 

Hanlon & Anderson, 2009; Mills, Barrett, & Morrison, 2007) that can measure the large 

number of continuous gait cycles necessary for gait variability and fractal dynamics 

analysis. 

There is a pressing need for effective ways to evaluate fall risk in older adults.  

Gait variability and fractal dynamics show promise in predicting those who are at risk of 

falling, but a valid and reliable device is needed to accurately provide these measures 

before its use as a screening tool can be evaluated.  The ST gait data which can be 

gathered by accelerometers, combined with their size and availability, make them 

excellent tools for measuring gait variability and fractal dynamics.  Nevertheless, before 

extensive use in the research and clinical setting can be done, a high level of validity in 
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the accelerometer’s measurement of the variability and fractal patterning of ST gait 

parameters must be established.  While research on mean ST gait parameters has been 

promising, the minimal research on the accelerometer’s ability to obtain valid measures 

of gait variability or FSIs is either flawed or non-existent.  Furthermore, given the 

uniqueness of the accelerometer device, even if these measures show only moderate 

concurrent validity with a criterion device, they may still provide useful information that 

can be used to discriminate between the gait of different populations.  Therefore, the 

purpose of this study was to determine whether a body-fixed, tri-axial accelerometer can 

provide valid stride time and step time means, SDs, and FSIs and to investigate whether 

such measures can be used to distinguish between young vs. older adults.  More 

specifically, two research questions were addressed: i) Does a body-fixed, tri-axial 

accelerometer display high concurrent validity with an in-shoe pressure sensitive 

footswitch device on the measures of mean stride time, mean step time, stride time SD, 

step time SD, stride time FSI, and step time FSI and ii) can a body-fixed, tri-axial 

accelerometer discriminate between healthy young vs. healthy older adults on the 

measures of mean stride time, mean step time, stride time SD, step time SD, stride time 

FSI, and step time FSI?  It was hypothesized that the body-fixed, tri-axial accelerometer 

would display excellent concurrent validity with the footswitch device on the measures of 

mean stride time and mean step time, as well as good concurrent validity on the measures 

of variability and FSIs in both stride times and step times.  It was also hypothesized that 

the accelerometer would be able to detect any significant differences between the young 

and older adult populations, in a manner equivalent to the criterion device.  No 

differences in the mean step and stride times of young and older adults were 
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hypothesized, but greater step and stride time SDs, as well as lower step and stride time 

FSIs were expected in older adults, suggesting a subtle change in the motor control of 

gait with age.  These hypotheses were tested with two separate methods of accelerometer 

processing, along with the footswitch device. 
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2. LITERATURE REVIEW 

2.1. Human Gait 

Gait is a simple and efficient form of locomotion critical for nearly all activities of 

daily living.  The term gait actually refers to the style of walking and involves a relatively 

consistent and repeating pattern of individual gait cycles. 

2.11. The Gait Cycle 

A single gait cycle can be defined as the time between two successive heel strikes 

(initial contact) on the same leg.  During one gait cycle, a total of seven events and two 

primary phases are observed in relation to the leg of interest (See Figure 1).  Since the 

cycle begins with initial contact, the first phase observed is stance.  The stance phase 

normally accounts for 60% of the entire gait cycle (Whittle, 2007).  Within the stance 

phase, there are periods of double support where both feet are in contact with the ground.  

The first period of double support occurs at the beginning of the stance phase and lasts 

until the event of opposite toe off.  Once the opposite foot has left the ground, there is a 

period of single support.  During this period, the opposite leg is in its swing phase and the 

heel of the foot on the ground begins to rise.  Before this foot can leave the ground, the 

opposite foot must make contact with the ground, denoting the beginning of the second 

period of double support.  The stance phase is concluded with the event of toe off, and the 

swing phase begins.  The swing phase accounts for the remaining 40% of the gait cycle 

and involves the events of feet adjacent and tibia vertical (Whittle, 2007).  The swing 

phase and entire gait cycle end with the reoccurrence of initial contact. 
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Figure 1. Phases and events of a single gait cycle, adapted with permission from Whittle 

(2007). 

 The terms step and stride are commonly used in any discussion of gait and must 

be clearly defined.  First of all, a step is simply the advancement of one leg.  For 

example, a left step is normally defined as the advancement of the left leg (e.g., right 

initial contact to left initial contact) and a right step as the advancement of the right leg 

(e.g., left initial contact to right initial contact). See Figure 2.  On the other hand, a stride 

is equivalent to one gait cycle, as it is defined by two successive heel strikes of the same 

leg.  For example, a right stride is the advancement of both right and left legs, beginning 

and ending with the right heel strike.  These are simple, yet vital concepts to understand 

when discussing human gait.  
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Figure 2. Timing of gait cycle, adapted with permission from Whittle (2007). 

2.12. Spatiotemporal Parameters 

The analysis of human gait is an extensive area of study involving a wide range of 

parameters.  Kinematic and kinetic measures of the body and limbs during gait are 

thought of as the gold standard for any comprehensive assessment, but measuring these 

types of parameters can be expensive and time consuming.  On the other hand, examining 

spatiotemporal (ST) parameters can be a much easier way to obtain important 

information on gait. 

A wide range of potential ST parameters can be used to examine human gait.  

Given the term ST parameters, these measures include spatial and/or temporal aspects of 

gait.  The most commonly used spatial measures are step width and step length.  Step 
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width refers to the mediolateral distance (meters) between consecutive left and right heel 

strikes (or right and left heel strikes).  Step length refers to the anteroposterior (AP) 

distance (meters) between left and right heel strikes.  These parameters can also be 

measured in relation to the width and length of a stride. 

Temporal measures of gait simply measure the duration (seconds) of a given 

phase or between two events.  While there are many possible parameters to discuss, some 

of the most common are swing time, stance time, double support time, and stride (or step) 

time.  Stride time is the time it takes to complete one full stride and can be similarly 

discussed as stride frequency.  Stride frequency is also known as cadence and refers to 

the number of strides per minute.   

Finally, ST parameters can include both aspects of time and space.  The most 

common example of this is the distance walked in a given time, known as gait speed.  In 

this sense, gait speed relates to the average value over an entire walk.  While the use of 

average gait speed is a common practice for many studies, the instantaneous gait speed 

can also be examined.  This value can be obtained by simply dividing an individual stride 

length by the stride time.  Interpreting individual values of ST parameters, as opposed to 

averages, can be more difficult, but it can also reveal some important information. 

2.121. Stride-to-Stride Fluctuations 

While average values of ST parameters are relatively well understood and 

commonly used in gait analysis, the individual stride-to-stride fluctuations that occur 

have not.  Given the consistency normally displayed in ST parameters, any stride-to-

stride fluctuation from the mean has been viewed as noise to be filtered or ignored.  

Fortunately, these deviations and their importance to human gait are receiving greater 
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attention, leading to the development of two complementary variables of stride-to-stride 

fluctuations in the ST parameters of gait.  

Gait Variability.  The first concept used to study these fluctuations is termed gait 

variability. Gait variability is simply the overarching term for the overall deviation about 

the mean which occurs in a given ST parameter.  It is normally measured in terms of 

either the standard deviation of the mean (SD) or coefficient of variation (CV).  The CV 

is equal to the SD divided by the mean and is used to quantify the size of the measure in 

relation to the level of variability (Moe-Nilssen, Aaslund, Hodt-Billington, & Helbostad, 

2010).  For example, if it is presumed that the size of the mean stride times could affect 

the amount of variability (SD) present, then the CV is the best option.  On the other hand, 

if this is not the case, using the CV would predispose those with the smallest stride times 

to display the greatest variability.  Very little consistency has been found in the literature 

on using either SD or CV (Callisaya et al., 2010; Verghese et al., 2009), most likely due 

to the varying use of research designs and ST parameters.  In general, poor standards of 

reporting the procedural aspects used in gait variability studies have been a documented 

problem (Lord, Howe, Greenland, Simpson, & Rochester, 2011).  

The variability of gait has been examined with many different ST parameters.  

Researchers have used everything from single and double-support time to step width and 

step length (Callisaya et al., 2010; Moe-Nilssen et al., 2010), but perhaps the single most 

important ST parameter when it comes to gait variability is stride time.  Not only does 

stride time encompass all phases and events occurring in a single gait cycle, but it is a 

relatively simple ST parameter to measure.  Even more importantly, this temporal 

measure is regarded as an overall rhythmic output of the gait system (Beauchet, 
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Herrmann, Grandjean, Dubost, & Allali, 2008) and its variability may hold the key to 

better understanding the control of human gait.  Early research has suggested a 

connection between gait variability and the control of gait (Gabell & Nayak, 1984; 

Guimaraes & Isaacs, 1980), but more recent work has developed a much better 

understanding of gait variability as an advanced concept in gait analysis (Lord et al., 

2011).  It is thought that this variability in gait arises from the neurological integration of 

numerous sensory inputs (e.g., visual, auditory, vestibular, proprioceptive, etc.) and 

feedback processes which take place in the brain as the gait cycle pattern is continually 

generated (Chau et al., 2005).  Given this complex integration and system coordination, 

the variability observed is thought to reflect the “final, integrated output of the locomotor 

system” (Hausdorff et al., 2001, p. 1054).   

In order to effectively use gait variability as a measure of the central control of 

gait, a high level of validity and reliability must be present.  The most important factor in 

attaining a valid and reliable measure of gait variability has been shown to be the length 

of the data set.  Brach, Perera, Studenski, and Newman (2008) examined the reliability of 

gait variability in two different walk lengths (e.g., 4m and 8m).  The authors found that 

although the mean values of step length, step width, and stance time showed high levels 

of reliability, the measures of their variability did not.  Results were better in the longer 

walk, but still only displayed moderate levels of reliability, intraclass correlation 

coefficients (ICC) of 0.40 to 0.63.  The authors concluded that although it is possible to 

calculate gait variability from a limited number of steps, greater accuracy can be obtained 

from a greater number of steps.  Similar results have been observed in studies by 

Lindemann et al. (2008) and Moe-Nilssen et al. (2010).  Both studies found measures of 
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gait variability using less than 20 data points (e.g., 20 gait cycles), displayed poor levels 

of reliability.  The poor level of reliability found in a small number of strides is thought to 

arise from the innate random variability present between trials, as well as measurement 

error (Hollman et al., 2010).  While a minimum of 20 strides may be required, best results 

have been found using 60 or more strides (2010). 

Fractal Dynamics.  Rather than simply examining the overall level of variability 

in gait, the concept of fractal dynamics allows for a more comprehensive understanding 

of variability.  At first glance, the stride-to-stride fluctuations in gait seem random.  When 

examined more closely, it is evident that there are, in fact, long-range, fractal-like 

patterns occurring in the stride-to-stride variations of gait (Hausdorff, 2007).   

The term fractal is most commonly used when referring to an object that looks 

similar over a wide range of scales (Tysoe & Spencer, 2005).  In other words, if you 

examine a smaller aspect of a larger object, a similar pattern will be observed in both.  

There are numerous examples of fractals in nature, such as snowflakes, mountains, leaves 

(2005), and even the complex systems of the human body.  Possibly the first and most 

well known example of this is the cardiac interbeat interval (Goldberger et al., 2002).   

Here, patterns in heartbeats observed over a small scale are replicated and similarly 

observed over much larger scales, representing long-range fractal patterning and stability 

of the heart beat.  

The stride interval in human gait has also been shown to display long-range 

fractal patterning.  One of the first studies to report this finding was by Hausdorff et al. 

(1995).  The authors found that when a large number of stride times were observed in 

their original order, significant long-range fractal patterning was present.  On the other 
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hand, when the order of the stride times was completely randomized, no long-range 

fractal patterning was present.  This demonstrated that the stride-to-stride fluctuations 

which occur naturally in human gait are not random, but have a distinct and repeating 

pattern that occurs over a large number of strides, known as fractal dynamics.   

Fractal dynamics is not a replacement for the mean and standard deviation of ST 

parameters, but an additional analytical tool to provide further information on the control 

of the locomotor system.  In the cardiac interval, this type of patterning has been used to 

understand the autonomic control and the health of the heart (Goldberger et al., 2002).  

Similarly, in gait, this patterning is thought to “provide insight into the organization, 

regulation, interactions and stability of the entire locomotor system” (Hausdorff, 2007, p. 

559).  Fractal dynamics are thought to be subtle self-organizing patterns generated in 

basal ganglia and shaped by other central and peripheral inputs over multiple time scales 

(Goldberger et al., 2002; Pierrynowski et al., 2005).  In other words, fractal dynamics in 

the human body is the signature of the strong coordination that is necessary in a complex 

system of interdependent components (Diniz et al., 2010). 

The measurement of fractal dynamics in human gait requires the use of complex 

mathematical methods.  Although there are a number of methods that differ substantially, 

the most commonly used is the detrended fluctuation analysis (DFA).  Hausdorff (2007) 

outlined the use of this calculation method.  In brief, the DFA maps the long-range, self-

similar fluctuations observed in individual stride times by use of integration.  Once the 

entire time series is integrated, the fluctuations in the data in different windows are 

examined in relation to the window size.  If these fluctuations scale as a power law with 

the size window, scaling is present and can be characterized by a scaling exponent, α, 
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which represents the slope of the double log graph of the relationship between the 

fluctuation and window size and is referred to as the FSI.  While the FSI can range from 0 

to 1.5, most gait will fall between 0.5 and 1.  If all the individual stride times measured 

are completely unrelated (i.e., variation is simply white noise), the FSI will be 0.5.  On 

the other hand, gait with perfect long-range correlations of stride times will display a FSI 

of 1.0.  In general, healthy individuals have been shown to display fractal scaling indices 

for stride times of 0.8 – 1.0 (Herman et al., 2005). 

 The validity of using the DFA to confirm the presence of fractal dynamics in gait 

is thought to be somewhat questionable.  Maraun, Rust, and Timmer (2004) argue that 

due to the finite data sources used (i.e., limited number of strides), it is inappropriate to 

conclude the presence of fractal dynamics in gait with the DFA.  Fortunately, research 

has since confirmed findings of the DFA using alternative mathematical models.  Jian-

Jun, Xin-Bao, Xiao-Dong, Feng-Zhen, and Cheng-Yu (2008) used a Hurst exponent, 

calculated by a rescaled range analysis, to assess data previously examined with the DFA.  

The authors found the results from the Hurst exponent to draw the same conclusion 

regarding fractal dynamics as those from the DFA.  Further mathematical analyses (e.g., 

power spectrum analysis, autoregressive moving average, etc.) have also confirmed the 

findings of the DFA (Bollens, Crevecoer, Nguyen, Detrembleur, & Lejeune, 2010; 

Deligières & Torre, 2009; Dingwell & Cusumano, 2010).   

Although the presence of fractal dynamics as measured by the DFA has been 

confirmed with alternative methods, it remains best suited as an estimate of the level of 

long-range correlations in human gait.  The DFA is designed to measure long-range 

correlations in infinite time series and since this is not possible in human gait, there will 
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always be a level of uncertainty regarding its true fractal nature (Bollens et al., 2010).  It 

has been suggested that in using the DFA on data collected unilaterally (i.e., one set of 

stride times), a minimum of five minutes is needed for a reliable measure (Hausdorff et 

al., 1997b).  This only provides some guidance, as the length of walks observed in the 

literature have ranged anywhere from eight minutes to 60 minutes, with most falling at 

the lower end of the range (Gates & Dingwell, 2007; Hausdorff et al., 1995, Hausdorff et 

al., 1996; Hausdorff, Zemany, Peng, & Goldberger, 1999; Terrier, Turner, & Schutz, 

2005).  Further recommendations on the length of data sets needed for a reliable measure 

were made by Pierrynowski et al. (2005).  The authors found the level of reliability to 

increase with each minute added to the data set.  The longest walk the authors measured 

was eight minutes and it displayed the highest level of reliability (ICC ≈ 0.7 - 0.8).  The 

authors also found that averaging fractal scaling indices from several trials resulted in 

even greater reliability (e.g., two 8 minute walks or three 6 minute walks).  One limitation 

of these results is that they were conducted on a treadmill and the authors admit the 

reliability of long-range correlations may change in over-ground walking.  Nevertheless, 

Pierrynowski et al.’s (2005) study is one of the few resources on which to base the length 

of a data set needed to obtain a reliable measure of the FSI of one’s gait. 

2.2. Gait and Aging 

It is obvious that human gait is an extremely complex task that requires the 

integration of many bodily systems.  The natural aging process of the human body can be 

related to a wide range of physiological changes.  Even in the healthiest adults, changes 

ranging from the strength of the lower limbs to the function of the brain are inevitable.  
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These age-related physiological changes can also be associated with changes in the ST 

parameters of gait.  

2.21. Physiological Changes with Age 

2.211. Neuromuscular 

The neuromuscular system involves both the muscular system and the nerves that 

innervate it.  As the body ages, the function of this system declines, leading to an 

unavoidable loss in maximal and explosive force production (Skelton, Greig, Davies, & 

Young, 1994).  While the specifics can vary greatly between individuals, 20 – 40% losses 

in maximal strength have been seen after the age of 30 (Granacher, Zahner, Gollhofer, & 

2008), with much greater losses observed between the ages of 70 and 90 (McNeil, 

Vandervoort, & Rice, 2007).  

The decreased force production with age is a product of both muscle and neuron 

loss.  The decline in muscle mass with age, known as sarcopenia, involves a reduction in 

the volume and size of muscle fibers (Janssen, Heymsfield, Wang, & Ross, 2000).  While 

losses can be seen after 30 years of age, significant losses of up to 50% do not normally 

occur until the age of 50 (Granacher et al., 2008; Janssen et al., 2000).  Along with the 

muscle loss that occurs, changes in the motor neurons which drive the muscles are 

common with age.  Impaired recruitment, firing rate, and synchronization, combined with 

a loss in the number of motor neurons have been shown to be common with advancing 

age (Granacher et al., 2008).  Similarly, changes in the efficiency and integrity of the 

neuromuscular junction have also been observed (Wagner, Pfeifer, Cranfield, & Craik, 

1994).  With the inability to effectively activate muscles, combined with a loss of muscle 

mass, a loss of force production with age is inevitable.  
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2.212. Central Nervous and Sensory Systems 

The central nervous system is perhaps the single most complex system of the 

human body.  It can be easy to imagine the aging of muscles and loss of force production, 

but given the complexity of the human brain, characterising this aging process is much 

more difficult.  A linear decline in memory and executive brain function has been shown 

to occur as early as 50 years of age (Liddell et al., 2007).  Similarly, decreases in 

processing rates and attentional capacity, as well as changes in the functional activation 

patterns of the brain, normally occur with age (Peiffer et al., 2009).  Along with these 

functional properties, a reduced amount of gray matter in the brain has been observed 

(2009).  These central deficits are only compounded by the decline in the information 

received from the sensory systems.  Of the many senses that undergo changes with age, 

the most important in relation to human gait are the visual, vestibular, and proprioceptive 

senses. 

 In general, it is well understood that a decline in the function of the visual system 

occurs with age.  The loss of light transmission through the eye progressively declines 

with age to the point that, a 60 year old retina receives about one-third the light of a 20 

year old retina (Woollacott, 1993).  Given this reduced amount of light, it comes as no 

surprise that visual acuity and contrast sensitivity, important for walking, decreases 

significantly around 60 years of age (Illing, Choy, Nitz, & Nolan, 2010). 

 The vestibular system is important to the balance and upright position of the body 

and also shows reduced function with age.  Those over the age of 70 have approximately 

a 40 % reduction in the sensory cells within the vestibular system (Woollacott, 1993).  

While many measures can indirectly test the vestibular system, perhaps the most direct 
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and specifically focused is the vestibular-ocular reflex.  This is a reflexive movement of 

the eye to maintain a stable gaze during head or body movement (Illing et al., 2010).  

Research examining the vestibular-ocular reflex has found that the velocity of the 

reflexive eye movements, in response to rotation, decrease with advancing age (Baloh, 

Ying, & Jacobson, 2003).  A decline in this functional response suggests a decline in the 

overall function of the vestibular system (Illing et al., 2010).   

Another important sensory system in relation to gait and aging is proprioception.  

Proprioception is the body’s ability to sense the position of its joints and limbs in space.  

The proprioceptive input from numerous mechanoreceptors and peripheral nerves has 

been shown to decline with age (Granacher et al., 2008).  One of the most important 

mechanoreceptors is the muscle spindle.  This sensory receptor provides the central 

nervous system with information regarding the length and velocity of the muscle (Milana, 

Brown, Lan, & Loeb, 2006).  A deterioration and desensitization of the muscle spindle, 

related to poorer sensory information in peripheral limbs, is common with age (Granacher 

et al., 2008).  In general, the total number of mechanoreceptors (e.g., Golgi tendon 

organs, Pacinian corpuscles, Ruffini corpuscles, etc.), along with free nerve endings in 

the peripheral limbs have been shown to decline with age (Morisawa, 1998).  With the 

deterioration of these receptors and nerve endings, the static and dynamic joint position 

sense, as well as the overall postural control of the body diminishes with age (Lord, 

Ward, 1994; Seidler et al., 2010). 

2.22. Spatiotemporal Parameter Changes in Gait with Age 

With the numerous age-related physiological changes in the human body, an 

altered pattern of gait is inevitable.  To evaluate the changes in gait with age, mean ST 
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parameters such as gait speed, stride length, and stride time are commonly examined.  Of 

these three parameters, gait speed is perhaps the most affected by age.  A decrease in gait 

speed is an easily observable measure that has been consistently documented in the 

literature for many years (Prince, Corriveau, Hébert, & Winter, 1997).  The normal gait 

speed for male adults aged 18 – 49, 50 – 64, and 65 – 80 ranges from 1.10 – 1.82 m/s, 

0.96 – 1.68 m/s, and 0.81 – 1.61 m/s, respectively (Whittle, 2007).  

The decline of gait speed with age is associated more with a reduced stride length, 

than reduced stride time.  Similar to the findings on gait speed, a decrease in stride length 

with age is commonly reported in the literature (DeVita & Hortobagyi, 2000; Elble, 

Thomas, Higgins, & Colliver, 1991; Öberg, Karsznia, Öberg, 1994).  Normal stride 

lengths for male adults aged 18 – 49, 50 – 64, and 65 – 80 range from 1.25 – 1.85 m, 1.22 

– 1.82 m, and 1.11 – 1.71 m, respectively (Whittle, 2007).  On the other hand, results for 

the changes that occur in stride time with age are inconsistent.  Some studies have 

observed no change (Elble et al., 1991), while others have demonstrated an increase in 

stride time with age (DeVita & Hortobagyi, 2000).  Normal stride times for male adults 

aged 18 – 49, 50 – 64, and 65 – 80 range from 0.89 – 1.32 sec, 0.95 – 1.46 sec, and 0.96 – 

1.48 sec, respectively (Whittle, 2007).  

2.221. Stride-to-Stride Fluctuations 

Early research was unable to establish a link between gait variability and aging.  

Whether it was poor gait analysis techniques (Gabell & Navak, 1984; Gnimares & Isaacs, 

1980) or small sample sizes (Hausdorff, Edelberg, Mitchell, Goldberger, & Wei, 1997a), 

gait variability in healthy older adults was found to be only marginally greater than that 
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of healthy young adults.  However, some more recent findings suggest that gait 

variability does increase with age.  

Kang and Dingwell (2008) compared the gait variability of healthy adults over the 

age of 65 to healthy young adults.  Although there were only 18 participants in each 

group, they were matched on the basis of height, weight, and gender.  The authors 

examined the variability (SD) of stride time, step length, and step width on a treadmill at 

80 to 120 percent of each participant’s preferred speed.  The authors found that 

significantly greater variability was present in older adults for stride time and step length 

at all walking speeds.  At preferred walking speed for example, stride time variability and 

step length variability were found to be approximately 22 ms and 19 mm in older adults 

and 16 ms and 13 mm in younger adults, respectively.  Similar results have been 

observed in the stride time variability of older adults, ranging from 18 to 27 ms (Herman 

et al., 2005; Kang & Dingwell, 2008; Paterson et al., 2010).  

A study by Callisaya et al. (2010) found that even within the older adult 

population, increased gait variability was shown to be associated with advancing age.  

Gait variability measures of step time, double support time, step length, and step width 

were examined in a population-based sample of 411 participants between the ages of 60 

and 86.  The average step time variability in all older adults was found to be 20 ms.  This 

finding is in the range of older adult step time variability observed in the literature of 15 

to 23 ms (Hartman et al., 2009a; Senden et al., 2009).  More importantly, the authors 

found that step time variability, along with the variability of double support time, step 

length, and step width, displayed a positive correlation with age. 
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The authors further examined gait variability and aging, specifically focusing on 

the effect of gait speed.  It was thought that the decrease normally observed in gait speed 

with age was associated with increasing gait variability.  When speed was adjusted for, 

the effect of age on gait variability was greatly reduced, especially in temporal measures.  

While this finding is contrary to previous studies which found gait speed was not related 

to temporal gait variability (Brach, Studenski, Perera, VanSwearingen, & Newmanm, 

2007; Kang & Dingwell, 2008), gait speed remains a factor that should be considered in 

research regarding aging and gait variability. 

In addition to the increase in gait variability with age, research shows that aging is 

associated with a decrease in the fractal dynamics of gait.  Given that fractal dynamics is 

a more novel concept and much of the work has been done on unhealthy populations, 

there is a lack of studies that have specifically examined the difference between healthy 

young and healthy older adults.  Studies have individually observed fractal scaling 

indices ranging from 0.68 to 0.88 in healthy older adults (Hausdorff et al., 1997b; 

Herman et al., 2005; Paterson, Hill, & Lythgo, 2010) or 0.76 to 1.0 in healthy young 

adults (Hausdorff et al., 1995; Hausdorff et al., 1996). While these values can be 

informative, comparing results on fractal dynamics between studies is difficult due to the 

differences in sample size, exclusion criteria, data set length, and other research design 

variables.   

The only study to directly compare the fractal dynamics of healthy older adults to 

healthy younger adults was done by Hausdorff et al. (1997b).  The authors applied a DFA 

to stride times collected from a six minute walk.  Results showed that older adults had 

significantly lower fractal scaling indices (0.68 ± 0.14) than younger adults (0.87 ±0.15).  
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This finding suggests that fractal dynamics are related to age and gait becomes more 

random as the human body ages.  While these results were promising, given that only 10 

older adults were used in the study, it is difficult to generalize these findings to the entire 

healthy older adult population.   

2.3. Falls in Older Adults 

 Fall risk in older adults is becoming an increasingly important issue in our 

society.  Statistics show that approximately one third of those over the age of 65, and half 

of those over the age of 80, will fall at least once per year (Prince et al., 1997).  The 

independence and quality of an older adult’s life is greatly affected by falls, as they 

account for 40% of admissions to nursing homes (Health Canada, Veterans Affairs 

Canada, 2004).  Similarly, approximately 65% of all injuries to older adults are fall 

related, costing the government an estimated 2.8 billion dollars a year (2004).  While 

Canada’s elderly population was projected to reach nearly nine million in 2011 (2004), 

research has shown that falls are increasing at a rate than cannot be explained only by the 

growing population of older adults (Kannus, Parkkari, Niemi, & Palvanen, 1999).  The 

compounding rate of falls and rising number of older adults in our society demonstrates 

the importance of finding a solution to this problem. 

 Fortunately, researchers are beginning to better understand the problem and what 

can be done to solve it.  Advancements have been made in fall intervention programs, 

making them effective rehabilitation tools for elderly fallers (Chang et al., 2004; Close et 

al., 1999).  Nevertheless, in order to initially prevent falls and place older adults in the 

appropriate intervention programs, the detection of those at high risk is essential 

(Alexander, 1996).  While a number of simple tests and measures (e.g., Timed Up and 
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Go, past falls, etc.) are minimally related to fall risk (Marschollek et al., 2009), few are 

more sensitive to the subtle deficits in gait that can predispose older adults to falls than 

ST parameters (Hausdorff et al., 2001) 

2.31. Spatiotemporal Parameters and Falls 

The association of the ST parameters of gait and fall risk have been a focus of 

research for many years.  Developing a better understanding of unhealthy gait and being 

able to effectively predict those at risk of falling is the primary goal of much of the work 

in this area.  While the use of mean ST parameters, such as stride length, may be able to 

distinguish older fallers from non-fallers, measures of gait variability and fractal 

dynamics may be better predictors of future fallers. 

Researchers have found that the gait of elderly fallers can display significantly 

shorter stride lengths or longer stride times, but most importantly, a much slower gait 

speed (Guimaraes & Isaacs, 1980).  Gait speeds below 0.7 m/s have been highly 

associated with falls in older adults, but may be highly dependent on the health status of 

the individual (Verghese et al., 2009).  When illness, medications, disability, and the 

number of previous falls are adjusted for, gait speed becomes much less effective in 

differentiating between fallers and non-fallers (2009).  In this sense, a significantly 

slower mean gait speed may be entirely related to the aforementioned health variables 

and not directly to the underlying fall risk.  Researchers have shown that in community-

dwelling older adults who are healthy, gait speed and stride length are not significantly 

associated with those who will fall (Hausdorff et al., 2001; Maki, 1997).  Therefore, 

while some mean ST parameters may be able to distinguish the unhealthy from the 
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healthy older populations, they may not be sensitive to the subtle differences in the gait of 

those healthy older adults who will fall. 

2.311. Stride-to-Stride Fluctuations. 

To further understand fall risk in older adults, the examination of stride-to-stride 

fluctuations in the ST parameters of gait is critical.  These fluctuations have been shown 

to be a marker of the final output of the neural integration and organization of the 

locomotor system and therefore, provide a greater insight into fall risk than mean ST 

measures (Chau et al., 2005; Hausdorff et al., 2001).  More specifically, research suggests 

that gait variability and fractal dynamics are measures sensitive to the subtle changes in 

gait indicative of healthy older adults with an increased risk of falling. 

Gait Variability.  The application of gait variability in community-dwelling older 

adults has been a continuing focus of research in the area of fall risk assessment.  A study 

by Hausdorff et al. (1997a) examined multiple measures of gait variability in 35 

community-dwelling older adults, sub-divided into fallers (18 participants) and non-

fallers (17 participants) based on their past history of self-reported falls.  Gait speed and 

stride time variability were measured as the participants walked continuously for six 

minutes at a normal, self-determined pace.  While gait speed was unable to distinguish 

between groups, results showed stride time variability to be significantly greater in older 

adult fallers.  The authors suggested that gait variability is an effective tool for assessing 

fall risk in older adults.   

Further research by Hausdorff et al. (2001) focused on the use of gait variability 

to predict falls in older adults.  The authors examined stride time variability in a six 

minute walk at a normal, self-determined pace, along with a number of other measures 
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commonly used to assess fall risk (e.g., gait speed, Timed Up and Go, Performance-

Oriented Mobility, etc.).  A total of 52 community-dwelling adults over the age of 70 

were tested and required to report the incidence of a fall for 12 months following testing.  

The results found a total of 20 older adults fell and these participants displayed 

significantly greater stride time variability than those who did not fall.  Similarly, 

participants with the greatest variability were shown to fall sooner than others.  On the 

other hand, many measures thought to be predictive of falls (e.g., gait speed, Timed up 

and Go, etc.) were not significantly related to falls. 

Research has continued to demonstrate the effectiveness of gait variability in 

predicting those at risk of falling.  A study by Verghese et al. (2009) examined this 

relationship in 597 participants over the age of 70.  The authors measured gait speed, 

cadence, step length, swing time, step length variability, and swing time variability in two 

trials on a 4.6 m computerized mat (GAITRite system).  In the period following the 

testing (at least 12 months), 226 participants reported a fall.  The preliminary results 

showed that nearly all variables measured in the gait test were significant predictors of 

falls.  On the other hand, when the results were adjusted for covariates, significance 

levels were greatly reduced in all measures but those of variability.  While decreased gait 

speed and swing time were still slightly significant predictors of falls, step length 

variability and swing time variability remained highly significant predictors.  The authors 

concluded that gait speed and other gait measures may be somewhat related to falls in 

older adults, but measures of gait variability are the most effective fall risk assessment 

measures. 
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 Fractal Dynamics.  Unlike gait variability, research on fractal dynamics has 

focused on numerous gait disorders in an attempt to better understand its relation and 

predictive value to fall risk.  A previously discussed study in regard to aging and fractal 

dynamics by Hausdorff et al. (1997b) is also relevant in the discussion of fall risk.  Not 

only did the authors examine the aging process with healthy young and old participants, 

but they also examined 17 participants with Huntington’s disease (age = 46.3 ± 12.8) 

years).  Huntington’s disease affects the central nervous system and its ability to control 

gait, providing a contrast to the subtle changes that occur with normal aging.  The authors 

found that the FSI in participants with Huntington’s disease (0.60 ± 0.24) was 

significantly lower than the healthy control participants of similar age (0.88 ± 0.17).  

These results suggest that the central gait control impairments present in those with 

Huntington’s disease greatly affects the fractal dynamics of gait.  Furthermore, since this 

population is known to display a high rate of falls (Busse, Wiles, & Rosser, 2009), these 

results suggest fractal dynamics may be an effective measure of increased fall risk.   

 In order to more directly examine the relationship between fractal dynamics and 

fall risk, Herman et al. (2005) examined participants with a higher level gait disorder 

(HLGD).  HLGD is an alteration in gait that does not arise from peripheral or limb 

problems, yet is associated with a cautious and slow gait, involving shorter step lengths 

and a wider base.  The authors measured both the stride time variability and FSI in 25 

HLGD patients (sub-divided into fallers and non-fallers based on past history) and 28 

healthy older adults, during a two minute walk.  Results demonstrated greater stride time 

variability of the HLGD patients (0.052 ± 0.026 s) compared to healthy older adults (.027 

± 0.009 s), but no difference in stride time variability was found between fallers and non-
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fallers within the HLGD group.  Only the FSI was able to distinguish between fallers and 

non-fallers in the HLGD group, as fallers (≈0.65 ± 0.10) had significantly lower fractal 

scaling indices than non-fallers (≈0.86 ± 0.11).  This finding indicates that although the 

size of stride-to-stride fluctuations was not different, the patterning in HLGD fallers was 

more random than in HLGD non-fallers.  These findings suggest that the fractal dynamics 

of gait may be a more sensitive measure to the subtle differences in gait patterns of those 

with a greater fall risk, than even gait variability.   

 In addition to examining fractal dynamics in those with HLDG, Gates and 

Dingwell (2007) studied patients with lower level, peripheral disorders.  More 

specifically, the participants suffered from peripheral neuropathy, involving the loss of 

peripheral nerve function, which typically leads to a high risk of falling.  The purpose of 

the study was to investigate whether changes in peripheral sensory mechanisms would 

affect the fractal dynamics of gait.  Despite significantly slower gait speeds and increased 

stride time variability, peripheral neuropathy patients were not different than the control 

participants in their fractal dynamics of gait.  Both groups showed fractal scaling indices 

near 0.90.  These results suggest the regulation of fractal dynamics by the central nervous 

system is not influenced by peripheral sensory loss.  Given this finding, the use of fractal 

dynamics as a measure of fall risk in all cases may not be warranted.  The FSI may not be 

sensitive to physiological impairments in the periphery of the body influencing fall risk, 

if the central control of gait remains healthy.  Therefore, it may be one of the most 

effective measures to assess health and potential breakdown of the central control of gait. 
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2.4. Accelerometry 

An accelerometer is a device used to measure accelerations.  Today’s 

accelerometers are not only smaller and less expensive than ever before, but can 

simultaneously measure accelerations in three axes.  Generally, accelerometers work by 

surrounding a moveable silicon mass with an arrangement of paired capacitors which 

produce electrical outputs in proportion to the accelerations of the silicon mass 

(Kavanagh & Menz, 2008).  While accelerometers have been used in a wide range of 

applications, they are becoming increasingly popular for gait analysis.  Given the ease of 

use and ability to collect large amounts of data in real world settings, the accelerometer 

can be an extremely valuable tool in this area of study.   

2.41. Spatiotemporal Gait Analysis 

A wide range of techniques and body locations have been used to gather 

information on gait with accelerometers.  Depending on the application, accelerometer 

placement can range from a single accelerometer on the head or lower back to multiple 

accelerometers on various limbs.  A single tri-axial accelerometer attached to the lower 

back (L3) can be an effective method for measuring the ST parameters of gait.  Due to 

the placement of the accelerometer, the oscillations measured during walking in the 

vertical, AP, and mediolateral planes can provide detailed information on the body’s 

centre of mass and both lower limbs during gait.  The acceleration patterns observed in 

each of the three axes can be useful in determining many events, phases, and ST gait 

parameters.   

 The vertical acceleration pattern relates to the rise and fall of the centre of mass 

during gait.  A pattern of three positive and one negative acceleration peaks can be 
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observed with each step, corresponding to four distinct events.  Figure 3, from Auvinet et 

al. (2002), shows that the initial positive peak in the vertical acceleration relates to the 

oscillations generated from the initial contact of a particular step.  The initial peak is 

followed by an even greater peak resulting from larger oscillations generated by the foot-

flat action.  A final positive peak occurs at midstance as the body rises following the toe 

off of the contralateral foot.  The body’s centre of mass then begins to fall after 

midstance, which results in negative vertical acceleration.  This negative acceleration 

increases until it reaches a negative peak at the point of initial push off.  After this point, 

the vertical acceleration becomes less negative and eventually reaches a positive peak, 

relating to initial contact of the contralateral step, starting the pattern over again.   

 

Figure 3. Vertical accelerations observed for a single subject in one complete stride. 

Reprinted with permission from Auvinet et al. 2002. 

The AP accelerations are generally lower than vertical accelerations and relate to 

the braking and propulsion of gait.  González, López, Rodriguez-Uría, Álvarez, and 
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Alvarez, (2010) outlined the AP acceleration pattern in relation to the previously 

described vertical accelerations.  The negative vertical accelerations (i.e., falling of the 

centre of mass) observed following midstance also initiates an anterior acceleration as the 

body moves forward.  In other words, the body is both falling down and forwards after 

midstance.  This anterior acceleration continues to increase until an absolute peak is 

reached at initial contact (see Figure 4).  Once initial contact is made, the anterior 

acceleration begins to rapidly decrease and becomes posterior (i.e., negative) at the 

approximate time of foot-flat.  This posterior acceleration relates to the braking phase of 

gait which reaches a peak shortly after contralateral toe off.  Accelerations become 

positive at initial push off (propulsion), where the body’s centre of mass gradually begins 

to be propelled forward until it reaches a peak at the subsequent initial contact.   

 

Figure 4.  AP accelerations observed from a single subject in just over one stride 

(González et al., 2010). Reprinted with permission. 

The mediolateral acceleration profile may not be as useful in mapping gait events, 

but it still remains valuable in certain circumstances.  The patterning of the mediolateral 

accelerations of gait are relatively simple, but can vary greatly between individuals.  

Although the vertical and AP accelerations may display some individual or speed related 

anomalies in their patterns, the mediolateral signal has been shown to be highly irregular 
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(González et al., 2010).  In general, large peaks occur at initial contact, followed by 

accelerations to the right during left stance and to the left during right stance (Zijlstra & 

Hof, 2003).  In other words, the body’s centre of mass is shifting and accelerating from 

the foot in stance to the contralateral foot for the following stance phase.  Although these 

accelerations may not be entirely telling in terms of gait events, they can be used as a 

measure of regularity or symmetry, or more importantly to distinguish between left and 

right steps observed in the vertical and AP acceleration data (Moe-Nilssen & Helbostad, 

2004).  

 With the complex patterning and large amount of acceleration data which can be 

collected from a single tri-axial accelerometer, data processing can be done in many 

ways.  While numerous algorithmic techniques can be applied to the accelerations 

obtained from a single tri-axial accelerometer (e.g., root mean square, harmonic analysis, 

frequency spectrum analysis, autocorrelation, etc.), measuring ST parameters is the 

primary focus of this thesis (Godfrey, Conway, Meagher, & ÓLaighin, 2008).  Spatial 

gait parameters (e.g., step length, stride length) can be calculated using the vertical 

accelerations and the individual’s leg length (Zijlstra & Hof, 2003) in an inverted 

pendulum model, while the measurement of temporal gait parameters (e.g., step time, 

stride time) involves the timing of gait cycles based on detecting peaks in the cyclical 

pattern of either vertical or AP accelerations. 

2.42. Validity and Reliability 

Given the increased popularity of accelerometers for gait analysis in recent years, 

establishing a high level of validity and reliability in the measured ST parameters is 

critical.  In this case, validity ensures ST parameters are measured true to the actual 
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values observed during walking.  Similarly, reliability is needed to ensure that this device 

can produce consistent and repeatable results.  While the general validity of many ST 

parameters of gait was described earlier, a more focused discussion is required with 

regard to the validity and reliability of these measures determined with an accelerometer.   

The ability of a single tri-axial accelerometer to measure basic gait parameters 

accurately is relatively well accepted, but few studies have directly confirmed its validity.  

One such study by Zijlstra and Hof (2003) examined the validity of ST parameters 

obtained from an accelerometer attached to the lower back.  The authors compared steps 

determined from peaks in the AP accelerations to steps determined from the ground 

reaction force data of a force plate treadmill.  With these detected steps, stride times were 

measured and the mean stride times between the devices were found to be within 2 to 15 

ms.  The authors also estimated step length and walking speed using the vertical 

accelerometer data and individual measurements of leg length.  The spatial parameters 

were less accurate than the aforementioned temporal parameters.  The accelerometer 

method consistently showed moderate to large underestimates of step length when 

compared to the treadmill.  The small to moderate discrepancies observed by the authors 

in both temporal and spatial gait parameters may be related to the fact that they measured 

only 10 strides in each participant.  Nevertheless, the authors concluded that 

accelerometers provide valid measures of mean temporal gait parameters and reasonable 

estimations of spatial gait parameters. 

Further research on accelerometers has shown them to display a high level of 

reliability in measuring many ST parameters.  A study by Henriksen et al. (2004) 

examined the test-retest reliability of a tri-axial accelerometer on two short walks (20 m) 
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by 20 healthy young adults on two consecutive days.  They computed mean step length, 

stride length, and step frequency from the vertical accelerations measured by the 

accelerometer.  Results showed high ICCs (e.g., 0.94-0.96) and low values of 

measurement error (e.g., 1.37-1.64%) between separate walks.  The authors deemed the 

instrument to be a reliable method and clinically applicable for measuring mean ST 

parameters of gait. 

Senden, Grimm, Heyligers, Savelberg, and Meijer (2009) used an accelerometer 

to test the repeatability and inter-observer reliability in a group of 120 participants in six 

20 m walks.  The gait parameters tested were mean gait speed, step length, step time, and 

step frequency.  All parameters showed high repeatability and inter-observer reliability, 

with ICCs of 0.902 – 0.997 and 0.774 – 0.916, respectively.  This study not only further 

established the reliability of the accelerometer, but also demonstrates its clinical 

applicability, given the necessity for a high inter-observer reliability. 

While research has demonstrated positive results for the validity and reliability of 

accelerometers to collect mean ST gait data, this does not necessarily apply to measures 

of gait variability.  The only study to directly examine the concurrent validity of an 

accelerometer in measuring the variability of gait was conducted by Hartmann et al. 

(2009a).  Gait speed, step time, and step length were measured in 24 adults over the age 

of 65 using a tri-axial accelerometer placed at the lower back.  These measures were 

calculated from the AP acceleration signal and compared to those measured by a 

GAITRite system.  The GAITRite system is a highly valid and reliable portable walkway 

used to measure ST gait parameters, but only allows for a small number of uninterrupted 

steps to be assessed at a time.  Therefore the gait parameters were measured over four 
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separate walks and the concurrent validity was based on the composite of the four walks.  

The authors found the accelerometer to display excellent levels of validity for mean ST 

gait parameters, but low to high levels of validity for measures of variability.  More 

specifically, mean measures of step time, step length, and gait speed displayed excellent 

ICCs ranging from 0.95 to 1.0.  While step time variability displayed moderate to high 

levels of validity (ICC = 0.88 – .98), step length variability was found to be much less 

valid (ICC = 0.24 – 0.33).  This decreased accuracy in spatial gait parameter variability of 

the accelerometer has been well documented (Hartmann, Murer, de Bie, & de Bruin, 

2009b).  Furthermore, the computation of an ICC from multiple measurements (e.g., four 

separate walks recorded with each device) will always lead to a greater value than those 

computed from a single measurement (Shrout & Fleiss, 1979).  For this reason, the 

moderate to high levels of validity observed in step time variability may be inflated in 

comparison to measures obtained from a more common and clinically relevant single 

walk test.  Therefore, given the comparison of the accelerometer to the GAITRite system 

in this study, further research is needed with more appropriate research designs and ST 

measurement devices. 

With the growing interest in accelerometry, there still remains a lack of literature 

on its use with stride-to-stride fluctuations of gait, namely the fractal dynamics of gait.  

Not only is the accelerometer an inexpensive and easy to use alternative to many other 

gait analysis devices, but perhaps more importantly, it can collect large amounts of data 

in a single, continuous walk.  This aspect of the device coincides best with gait variability 

and fractal dynamics, yet there are currently no studies involving the use of an 

accelerometer to assess the fractal dynamics of gait. 
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3. METHODS 

3.1 Participants 

A total of 82 participants were recruited in two separate groups.  The young adult 

group was comprised of 41 healthy adults (22 female, 19 male), ranging from 19 to 30 

years of age (mean: 23.66 (2.73) years), and the older adult group was comprised of 41 

healthy adults (25 female, 16 male), ranging from 66 to 85 years of age (mean: 75.68 

(5.39) years).  All adults in the older group were over the age of 65, as this is not only 

common practice in the literature (Brach et al., 2007; Verghese et al., 2009), but 

numerous changes in the physiological systems of the body and ST parameters of gait are 

common in adults of this age (Granacher et al., 2008; Prince et al., 1997; Whittle, 2007). 

Recruitment of the participants was done primarily in cooperation with the 

University of Regina’s Centre on Aging and Health and Fitness and Lifestyle Centre.  In 

order for those contacted to be eligible to participate in the study they had to be healthy, 

independent living adults who could walk freely without the use of walking aids.  More 

specifically, older participants were excluded if they were non-ambulatory (wheelchair 

bound) or lived in a long-term care facility.  These exclusion criteria were necessary as 

all participants were required to complete a ten minute, continuous walking test.  Those 

in long-term care facilities were unlikely to be able to complete this task.  Similarly, 

participants who used walking aids would have displayed a much different gait and 

acceleration pattern than those without.  Participants were also excluded if they had any 

unstable medical conditions (respiratory, metabolic, or cardiovascular), if they received 

palliative care, had pre-existing illness/health conditions that could be worsened by 

walking and/or that could affect their balance (diabetes, recent/chronic head injuries 
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and/or lower extremity disabilities, low blood pressure, vestibular conditions, inner ear 

problems, etc.), or had advanced cognitive impairment of any kind which would have 

precluded the participants from providing informed consent.  All participants signed a 

University of Regina Ethics Board approved consent form prior to participating.  

3.2 Procedure 

Participants were fitted with both the accelerometer and footswitch device prior to 

testing and asked to walk at a normal, self-selected pace around a 200 m indoor track for 

a total time of ten minutes.  The walk was timed by a researcher and the participants were 

notified when the ten minute walk had been completed.  Participants were also required 

to pause and remain as still as possible for a count of five seconds just prior to the start of 

the walk and after the ten minute testing period.  This pause created a distinct period in 

both sets of data with no steps, acting as a marker defining the precise beginning and end 

of each testing session.   

 Given the dependent variables of the study, the length of the walk was an 

important issue.  In terms of measuring the variability of gait, research has shown that a 

minimum of 20 gait cycles are needed to obtain accurate values (Hartmann et al., 2009a; 

Lindemann et al., 2008).  On the other hand, in order to accurately calculate the FSI, a 

much greater number of gait cycles are needed.  This measure quantifies the long-range 

correlations of stride times (or step times) which extend over thousands of strides 

(Goldberger et al., 2002).  It has been suggested that a minimum of five minutes is 

needed to allow for the true testing of these long-range correlations (Hausdorff et al., 

1997b).  Similarly, while eight minutes of walking data has been shown to display high 

levels of reliability (Pierrynowski et al., 2005), in general, the longer the data set the more 
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robust the measure of fractal dynamics (Hausdorff, 2007).  Therefore, in order to obtain a 

highly reliable measure with the most practical and clinically relevant testing procedure, a 

walk length of ten minutes was used.  

3.3. Data Collection Devices 

Given the purpose of the study, both the tri-axial accelerometer and footswitch 

device were concurrently used to gather data on each participant’s gait.  The tri-axial 

accelerometer device was a custom built unit approximately 11 cm x 8 cm x 1.5 cm, 

designed in a study by Dinh et al. (2008).  It contained a Logomatic v2 Datalogger and an 

ADXL330 tri-axial accelerometer.  The ADXL330 tri-axial accelerometer can measure 

accelerations in the range of +/- 3g at a maximum frequency of 550 Hz (SparkFun 

Electronics, 2010).  This device was attached to a belt and worn firmly near the body’s 

center of mass, on the lower back at the level of the 3
rd

 lumbar vertebrae.  Although pilot 

testing revealed little to no effect in ST gait parameters with minor changes in device 

placement and orientation, caution was taken to ensure the precise and consistent 

positioning of the device at this landmark.  The Logomatic v2 Datalogger stored all data 

in a text file on a microSD card.  Once the walk was completed, the data on the microSD 

card were transferred to a computer for analysis.  The sampling rate of this device was set 

to 100 Hz, which is an accepted sampling frequency for accelerometer based gait studies 

(Hartmann et al., 2009a; O’Sullivan, Blake, Cunningham, Boyle, & Finucane, 2009). 

 The footswitch device used to concurrently measure gait was a similar design to 

the accelerometer.  Before testing, a generic insole with a square 3.8 cm x 3.8 cm force 

sensing resistor (Interlink Electronics) embedded in the heel portion was placed in each 

of the participant’s shoes.  The two sensors in separate insoles were connected to a 
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Logomatic v2 Datalogger by a variable force threshold switch, as outlined in Interlink 

Electronics’ Integration Guide (2011), and clipped on the participant’s waist band.  The 

variable force threshold switch was a circuit designed to create a high or low output 

(rather than a variable force curve) once a predetermined threshold was passed.  The 

threshold was set to approximately 39% of the maximum output of the force sensing 

resistor, as this value has been validated as most effective in measuring initial contact 

during gait (Hanlon & Anderson, 2009).  With this variable threshold switch, during the 

swing phase the force sensing resistor remained at a constant low output until an initial 

contact occurred and it toggled to a constant high output.  When the heel was lifted from 

the ground, the output returned to a constant low output.  Since only the initial contact 

event was needed to obtain the timing of gait cycles, this type of output was most 

effective.  The entire system (outside of the force sensing resistors) was held in an 

enclosure box identical in size to the accelerometer’s (11 cm x 8 cm x 1.5 cm).  The 

footswitch also sampled at 100 Hz and stored the output data from each sensor (left and 

right) on a microSD card.    

3.4 Data Analysis 

 The data collected by the accelerometer and footswitch device were processed 

using custom scripts written in MATLAB.  The accelerometer data was processed with 

two differing methods each utilizing separate acceleration signals to be compared for 

their effectiveness.  The first method utilized the vertical acceleration signal, while the 

second method utilized the AP acceleration signal.  The two acceleration processing 

methods, along with the footswitch device (i.e., third method), were used to obtain three 
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separate series of step times for each participant, from which all dependent variables 

could be separately computed for each method. 

 All vertical acceleration data processing was done with custom MATLAB scripts 

developed by Chad Olson during an Electrical Systems Engineering thesis project (Olson, 

2010).  The acceleration due to gravity was determined using a 3
rd

 order infinite impulse 

response (IIR) elliptical low-pass filter (LPF) with a cut-off frequency of 0.25 Hz, then 

removed from the total vertical accelerations, leaving only the acceleration of the centre 

of mass of the body.  A zero lag 4
th

 order Butterworth LPF with a cut-off frequency of 3 

Hz was then applied to the remaining vertical accelerations to remove noise and smooth 

the signal into a cyclical sine wave.  Given that peak positive accelerations in the vertical 

signal represent key gait events relating to the foot contact during a step, this filtered 

signal provided a simple method to identify each step.  Each positive peak (above a 

threshold of 0.05 g) in the filtered vertical accelerations was marked as a step (see Figure 

5).  The absolute time of all steps was determined with this method, from which 

individual step times were determined by subtracting the absolute time of subsequent 

steps (e.g., the step time of step n is equal to the absolute time of step n subtracted from 

the absolute time of step n+1). 

 The processing method used for the AP accelerations involved custom MATLAB 

scripts similar to those previously discussed for the vertical accelerations.  The AP 

accelerations were initially processed using a zero lag 4
th

 order Butterworth LPF with a 

cut-off frequency of 2 Hz, a common filtering technique for detecting steps in the AP 

acceleration signal (Zijlstra & Hof, 2003).  Although peak positive AP accelerations 

relate closely to the initial contact of each step, there can be many irregular and 
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unexpected peaks within individual gait patterns and gait speeds (González et al., 2010).  

Since a step time can be measured as the time from any gait event to its subsequent 

occurrence, these irregularities were minimized by using the peak negative AP 

accelerations to mark a step (see Figure 6).  Pilot work confirmed that this method led to 

better results than using the peak positive AP accelerations (Kobsar & Barden, 2012).  

Once steps were marked and absolute step times determined, individual step times were 

found by subtracting the absolute time of subsequent steps, as was done with the vertical 

acceleration method.   

The footswitch data was also processed using custom MATLAB scripts.  Since a 

variable force threshold switch was used with the force sensing resistors in the footswitch 

device, steps were marked as occurring at the instant the output changed from low to high 

(i.e., 0 mV to 800 mV; see Figure 7).  Once the absolute step times were determined, 

individual step times could be determined by subtracting the absolute time of subsequent 

steps, as was done with the accelerometer methods. 

 

Figure 5. Step detection for vertical accelerations from the accelerometer 
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Figure 6.  Step detection for AP accelerations from the accelerometer 

  

Figure 7. Step detection for the footswitch device 

 These three sets of steps times (e.g., vertical, AP, and footswitch) were computed 

for a total time period of nine minutes.  The original ten minutes of data were reduced by 

removing the first and last 30 seconds of the walk.  This procedure was applied to 

eliminate any irregular variability which may have occurred as the participants began and 

ended the walk (Hausdorff et al., 1997a).  Although research has shown that older adults 

can reach steady state walking in 2.5 m (Lindemann et al., 2008), this procedure was 

chosen given the measurement of fractal dynamics in order to completely ensure that a 

steady state gait pattern had been achieved. 

 The nine minute series of step times determined with each method were further 

analyzed with MATLAB software to calculate the six dependent variables.  First of all, 
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mean step times were computed as the average of all step times (i.e., both left and right 

steps combined).  Step time SD was measured as the SD of the mean step time (i.e., the 

SD of the mean combined left and right step times).  Individual stride times were 

determined by combining two subsequent step times.  Mean stride times were then 

computed as the average of all stride times (i.e., both left and right stride times 

combined).  Stride time SD was measured as the SD of the mean stride time (i.e., the SD 

of the mean combined left and right stride times).  While the use of either SD or CV as a 

measure of gait variability is common (Lord et al., 2011), given the primary purpose of 

the study being the validation of separate gait measures with the accelerometer, the SD 

was the more appropriate choice.  Using the CV in the current study would confound the 

validity of the gait variability measure given that the CV is directly affected by the 

measurement of the mean (which was validated separately).  

 The remaining dependent variables were calculated with a detrended fluctuation 

analysis (DFA) procedure.  The DFA can map the long-range, self-similar fluctuations in 

a time series by computing a scaling component (α).  As described by Hausdorff et al. 

(1995), this mathematical process first involves the integration of the entire series of 

stride times (N data points).   

                   

 

   

 

where S(i) is the ith stride time and Save is the average stride time. 

 The integrated times are then divided into non-overlapping boxes of equal length 

(n) and a trend line is applied to the data in each box using a least squares method.  The 

next step is the detrending of the series, by subtracting the y coordinate of the data in 
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each box, yn(k), from the integrated time series, y(k).  The average fluctuation as a 

function of the box size, F(n), for the integrated and detrended time series is then 

calculated by; 

         
 

 
                   

 

   

 

This calculation is repeated over all time scales (box lengths) to find a relationship 

between the average fluctuation, F(n), and the box length, n.  A power law is observed, 

relating to the presence of scaling as seen in a linear regression between F(n) and n on a 

double-log graph.  The slope of this line, relating log F(n) to log n on the double-log 

graph, is expressed as the scaling exponent, α.  The scaling exponent can depict anti-

correlation (e.g., 0 < α < 0.5), white noise (e.g., α = 0.5), long-range fractal correlations 

(e.g., 0.5 < α <1.0), or correlations that do not follow a power law (e.g., α > 1.0) in a 

given time series.  

The scaling exponent is referred to as the FSI with regard to the fractal dynamics 

of human gait.  The FSI was individually computed for both combined stride times and 

combined step times.  In human gait, the FSI normally falls between 0.5 and 1.0; with 0.5 

observed if all the individual gait cycles are completely unrelated and 1.0 if the gait 

cycles display perfect long-range fractal correlations.  In general, healthy physiological 

systems have been found to display fractal scaling indices around 0.8 to 1.0, with values 

closer to 0.5 suggesting a less healthy state (Herman et al., 2005). 
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3.5. Statistical Analysis 

  Two objectives were defined for this study and each required a separate statistical 

analysis.  The first objective was to establish the concurrent validity of the accelerometer 

in measuring the mean, SD, and FSI of stride times and step times, based on the criterion 

of the footswitch device.  The level of absolute agreement displayed between each 

individual accelerometer method (e.g., vertical and AP) and the footswitch was assessed 

using separate absolute agreement ICC (3,1).  In this case, the ICC quantified the 

agreement between the two methods on one dependent variable over a number of 

participants.  Therefore, an ICC was computed for each dependent variable (e.g., mean 

stride time, mean step time, stride time SD, step time SD, stride time FSI, and step time 

FSI) comparing the agreement between the vertical accelerometer method and the 

footswitch.  Separate ICCs were also computed to assess the agreement between the AP 

accelerometer method and the footswitch on the same dependent variables (e.g., mean 

stride time, mean step time, stride time SD, step time SD, stride time FSI, and step time 

FSI).  The interpretation of the ICCs was defined so that greater than 0.75 was excellent, 

between 0.4 and 0.75 was fair to good, and less than 0.4 was poor (Shrout & Fleiss, 

1979). 

The ICC was chosen over the Pearson correlation coefficient because it is able to 

assess the true agreement between the two methods (e.g., the vertical acceleration method 

and the footswitch, and the AP acceleration method and the footswitch), rather than 

simply the correlation or association between them (Henriksen et al., 2004).  In other 

words, the Pearson correlation coefficient could display a high correlation even if there 

were a bias in one of the methods.  Given that the footswitch has been shown to be a 
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valid device (Beauchet et al., 2008; Hanlon & Anderson, 2009; Mills et al., 2007), the 

level of absolute agreement each accelerometer method displayed with this criterion was 

deemed concurrent validity.  On the other hand, the Pearson correlation coefficient would 

have not allowed for a true measure of concurrent validity as it demonstrates only an 

association, not an absolute agreement. 

While a number of different ICC designs are available, the research design of the 

current study coincided with a 3,1 ICC, as defined by Shrout and Fleiss (1979).  Given 

that the two accelerometer methods were separately compared to a footswitch device to 

determine concurrent validity, rather than the reliability of randomly chosen raters from a 

larger population (e.g., ICC calculated for two judges which then represents the reliability 

of all other judges), a case 3 ICC was appropriate.  Furthermore, since the ICC was based 

on only one walk by each participant (i.e., not a composite of multiple walks), the 

appropriate ICC was a 3,1 design.  If the design of the study had consisted of four 

separate walks to determine the concurrent validity, the appropriate ICC would have been 

a 3,4 design.  A design involving multiple measurements (e.g., multiple walks) will 

always lead to a higher ICC than the comparison of a single measure (Shrout & Fleiss, 

1979).  Therefore, the 3,1 ICC was used to determine the concurrent validity of the 

accelerometer methods in a single walk, thereby not creating inflated ICCs obtained from 

multiple walks.    

The second objective was to determine if either accelerometer method was 

sufficiently sensitive to differentiate between the mean, standard deviation, and fractal 

scaling measures of young and older adults’ gait, equivalently to the footswitch.  

Therefore, differences between age groups (young and older adults) on the dependent 
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variables (e.g., mean stride time, mean step time, stride time SD, step time SD, stride 

time FSI, and step time FSI) were examined using separate mixed-model ANOVAs for 

each of the six dependent variables, at an alpha level of 0.05.  This analysis allowed for 

the assessment not only of the main effect for age (e.g., effect of age on the dependent 

variables), but also the main effect for method (e.g., effect of method on the measurement 

of a dependent variable) and any possible interaction effects.  While the primary purpose 

of this statistical analysis was to examine the main effect for age (i.e., could the 

accelerometer methods detect any significant differences between the young and older 

adult populations, in a manner equivalent to the criterion device), the main effect for 

method was used as supplementary statistical evidence for the first objective (i.e., did the 

accelerometer methods measure the dependent variables significantly different from the 

criterion device).  If a significant main effect for method was found on a dependent 

variable, the Tukey HSD test was used to determine which methods significantly differed 

from each other, at an alpha level of 0.05.  If a significant main effect for age was found 

on a dependent variable, no post-hoc test was needed (two categories), but if a significant 

interaction effect was found the aforementioned main effects were ignored and the Tukey 

HSD test was used to specifically determine which of the six means differed, at an alpha 

level of 0.05. 
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4. RESULTS 

Ungrouped means and corresponding ICCs, along with significant differences 

between methods are presented in Table 1.  Grouped means and significant differences 

between young and older adults are presented in Table 2 and shown in Figures 8 to 10.  

Mean stride time and mean step time displayed perfect ICCs for both vertical (1.00, 1.00) 

and AP (1.00, 1.00) acceleration methods.  Stride time SD and stride time FSI displayed 

excellent ICCs for both the vertical (0.97, 0.92) and AP (0.97, 0.92) methods.  Step time 

SD and step time FSI displayed fair to good ICCs in the vertical method (0.48, 0.65) and 

fair to excellent ICCs (0.53, 0.80) in the AP method.  

The results of the six mixed-model ANOVAs revealed that only stride time FSI 

displayed a significant interaction effect, F(1.59,127.0) = 3.49, p = 0.044, between 

method and age.  The Tukey HSD test revealed that the FSI of the young adult group, as 

measured by any of the three methods, was significantly greater than the older adult 

group, as measured by any of the three methods.  The interaction effect arose as the FSI 

of the young adult group measured by the vertical method was found to be significantly 

lower than when the young adult group was measured by the footswitch.   

Step time FSI displayed a significant main effect for method, F(1.60,127.3) = 

30.21, p < 0.001, and a significant main effect for age, F(1,80) = 7.26, p = 0.009, but no 

interaction effect (F(1.60,127.3) = 1.33, p = 0.265).  The Tukey HSD test revealed that 

the FSI for the vertical method was significantly less than the AP and footswitch 

methods, but the AP method did not differ from the footswitch method.   

Both stride time SD and step time SD displayed a significant main effect for 

method (stride time SD: F(1.44,115.2) = 7.95, p = 0.002; step time SD: F(1.49,118.9) = 
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32.56, p < 0.001), but no main effect for age (stride time SD: F(1,80) = 0.004, p = 0.949; 

step time SD: F(1,80) = 1.62, p = 0.206), or interaction effect (stride time SD: 

F(1.44,115.2) = 2.61, p = 0.095; step time SD: F(1.49,118.9) = 0.13, p = 0.819).  The 

Tukey HSD test revealed that for both stride time SD and step time SD, the vertical 

method was significantly greater than the AP and footswitch methods, but the AP method 

did not differ from the footswitch method.   

Mean stride time and mean step time displayed no main effect for method (mean 

stride time: F(1.83,146.0) = 2.55, p = 0.086; mean step time: F(1.51,120.5) = 2.71, p = 

0.085), no main effect for age (mean stride time: F(1,80) = 3.30, p = 0.073; mean step 

time: F(1,80) = 3.36, p = 0.070), and no interaction effect (mean stride time: 

F(1.83,146.0) = 1.93, p = 0.153; mean step time: F(1.51,120.5) = 0.68, p = 0.47). 
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Table 1: Means (SD) for main effect for method and corresponding ICCs (n=82) 

 

Vertical Method AP Method Footswitch 

Mean (SD) ICC  Mean (SD) ICC Mean (SD) 

Mean Stride Time (ms) 1062.0 (79.5) 1.00 1062.1 (79.6) 1.00 1062.0 (79.6) 

Mean Step Time (ms) 531.1 (39.8) 1.00 531.1 (39.8) 1.00 531.1 (39.8) 

Stride Time SD (ms)  20.1 (6.4)* 0.97 19.6 (5.9) 0.97 19.5 (6.0) 

Step Time SD (ms) 20.3 (9.1)* 0.48 15.6 (5.4) 0.53 14.8 (4.6) 

Stride Time FSI .882 (0.081)** 0.92 .890 (0.084) 0.92 .892 (0.084) 

Step Time FSI .731 (0.110)* 0.65 .780 (0.100) 0.80 .792 (0.094) 

* Significantly different from AP and footswitch method (p < 0.05) 

**Significant interaction effect, as only vertical method young differed from footswitch 

method young (p < 0.05)  
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Table 2: Dependent variable means (SD) for the young vs. old adult group (n=41 for each 

group) 

 Group Vertical AC AP AC Footswitch 

Mean Stride Time (ms) 

Young 1077.7 (81.4) 1077.9 (81.4) 1077.7 (81.4) 

Old 1046.3 (75.3) 1046.3 (75.3) 1046.3 (75.3) 

Mean Step Time (ms) 

Young 539.1 (40.7) 539.0 (40.7) 539.0 (40.7) 

Old 523.2 (37.6) 523.1 (37.7) 523.2 (37.7) 

Stride Time SD (ms) 

Young 20.3 (6.9) 19.6 (6.4) 19.2 (6.6) 

Old 20.0 (5.9) 19.7 (5.4) 19.7 (5.4) 

Step Time SD (ms) 

Young 19.7 (8.4) 14.8 (4.0) 13.9 (4.0) 

Old 20.8 (9.7) 16.5 (6.5) 15.6 (5.1) 

Stride Time FSI* 

Young .897 (.070) .910 (.074) .918 (.076) 

Old .867 (.089) .870 (.090) .870 (.086) 

Step Time FSI* 

Young .750 (.097) .807 (.083) .824 (.079) 

Old .712 (.120) .752 (.109) .760 (.097) 

* Significant difference between young and older adults for all methods (p < 0.05) 
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Figure 8. Mean stride and step times (ms) according to age (group) as measured by all 

three methods (error bars represent 1 standard deviation). 
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Figure 9. Stride time and step time SD (ms) according to age (group) as measured by all 

three methods (error bars represent 1 standard deviation). 
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Figure 10. Stride time FSI and step time FSI for each age group as measured by all three 

methods (error bars represent 1 standard deviation). 

* Significant difference between young and older adults (p < 0.05) 
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5. DISCUSSION 

 The purpose of the study was to determine whether a single body-fixed, tri-axial 

accelerometer could provide valid mean, SD, and FSI measures of gait, and if these 

measures could be used to distinguish between the gait patterns of young and older 

adults.  The primary findings of the study were: (i) the tri-axial accelerometer displayed 

excellent concurrent validity in all mean gait parameters, as well as measures of 

variability and fractal dynamics in stride times (ii) lower levels of concurrent validity 

were found in measures of variability and fractal dynamics in step times, (iii) the AP 

method displayed an advantage in measuring gait variability and fractal dynamics over 

the vertical method, and (iv) both accelerometer methods were sensitive enough to 

identify differences in the fractal dynamics of young vs. older adults.  

5.1. Accelerometer Validity 

The first objective was to determine whether the accelerometer displayed high 

concurrent validity with the footswitch device on the mean, SD, and FSI measures of gait.  

Both accelerometer methods were found to display perfect levels of agreement with the 

footswitch device on the measures of mean step and stride time, as well as excellent 

levels of agreement on the measures of stride time SD and stride time FSI.  In general, the 

assessment of step time SD and step time FSI was not as effective, but the AP method 

displayed better agreement with the footswitch than the vertical method on both 

measures.  Further support for the AP method’s superiority was obtained by comparing 

the means of each method to the footswitch (i.e., main effect for method).  With this 

additional analysis, the vertical method, but not the AP method, was found to measure the 

SD and FSI of both strides and steps significantly different from the footswitch. 
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5.11. Mean Temporal Parameters 

  As hypothesized, mean gait parameters measured by the accelerometer displayed 

excellent concurrent validity.  In fact, both accelerometer methods were found to display 

perfect agreement (i.e., ICC = 1.0) with the footswitch device for both mean step time 

and mean stride time.  These results are in agreement with previous research that found 

mean step times measured with an accelerometer displayed perfect agreement (ICC = 

1.0) with those obtained from the GAITRite system (Hartmann et al., 2009a). 

In addition to the ICCs, the main effect for method of the mixed model ANOVAs 

provided further evidence for the equivalence of all three methods on the measurement of 

mean gait parameters.  When interpreting the ICCs used in this study, it is important to 

understand that they are a statistical method to quantify the degree to which the 

measurements obtained by two methods resemble each other on a participant-by-

participant basis.  On the other hand, the main effect for method of the mixed model 

ANOVA assesses whether a significant difference is present between the two methods.  

These results demonstrated that there was no significant difference between methods for 

mean step time or mean stride time (see Table 1). 

This level of equality in mean temporal gait parameters measured between 

methods in the current study is similar, but superior to any previous research.  The mean 

step time and mean stride time of all participants computed with each accelerometer 

method was identical to those computed by the footswitch, with the exception of the AP 

method mean stride time where a difference of only 0.1 ms was found.  Previous research 

by Zijlstra and Hof (2003) found that mean stride time discrepancies between an 

accelerometer (using the AP method) and a force plate treadmill ranged from 2 to 15 ms.  
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The discrepancies observed by these authors are likely due to the fact that they measured 

only 10 strides for each participant.  Hartmann et al. (2009a) used approximately 30 to 40 

gait cycles and found lesser discrepancies of 0 to 10 ms.  The measures in the current 

study were obtained from approximately 1000 gait cycles.  The large number of data 

points acquired led to a more robust measure of mean temporal gait parameters.  While 

1000 gait cycles is obviously not necessary to obtain an accurate measure of a mean 

temporal gait parameter, a recommendation of at least 60 gait cycles has been suggested 

(Hollman et al., 2010). 

5.12. Variability and Fractal Scaling of Stride Times 

Excellent levels of concurrent validity were observed in both accelerometer 

methods on the measures of variability and fractal dynamics in stride times.  Both vertical 

and AP methods displayed ICCs of 0.97 and 0.92 on the measures of stride time SD and 

stride time FSI, respectively.  While only a few studies have used the accelerometer to 

assess gait variability and fractal dynamics in stride times (Auvinet et al., 2002; Paterson 

et al., 2010), no research has directly examined the validity of these measures obtained 

from an accelerometer device.   

Unlike the mean temporal measures, the mixed model ANOVAs do not simply 

provide additional evidence to support the ICCs.  In this instance, a significant main 

effect for method was found for stride time SD and a significant interaction effect was 

found for stride time FSI.  The significant main effect for method in stride time SD was 

found to occur between the vertical method and the footswitch method.  These findings 

suggest that although a high level of concurrent validity was maintained on a participant-

by-participant basis (ICC), the vertical method obtained a significantly greater overall 
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average from all participants, compared to the footswitch.  The vertical method measured 

the average stride time SD of all participants at 20.1 (6.4) ms, rather than 19.5 (6.0) ms 

by the footswitch.  On the other hand, the AP method obtained a value of 19.6 (5.9) ms, 

nearly identical to the footswitch.  Therefore, these results suggest that although the 

vertical method displayed a high level of concurrent validity on a participant-by-

participant basis, it may lead to a slight overestimate of stride time SD compared to the 

footswitch and AP methods.  

Furthermore, stride time FSI was found to display a significant interaction effect 

(i.e., method x age group), due to the vertical method displaying significantly lower FSIs 

in young adults, but not older adults, compared to the footswitch.  In other words, it 

seems the vertical method is able to get more appropriate and valid results for the fractal 

scaling of gait for older adults, but not young adults.  While this interaction was not 

statistically significant in stride time SD, a similar trend was evident and it did approach 

significance (p = 0.095).  Therefore in both stride time measures, the results for older 

adults seem to be more similar to the footswitch than for young adults.  Rather than the 

vertical method being able to truly measure the gait of older adults more effectively, this 

finding may be related more to a potential peaking effect occurring in this method.  

Literature has shown that young adults normally display lower SD and higher FSI in their 

gait (Hausdorff et al., 1997b; Kang & Dingwell, 2008), as a result, the vertical method 

may be displaying an inability to obtain the higher level of consistency and patterning 

necessary for some young adults.  On the other hand, this may not affect the already 

slightly more inconsistent gait of older adults.  Therefore, while both vertical and AP 

methods are effective in measuring the stride-to-stride fluctuations of human gait, the 
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vertical method does not seem as effective in obtaining the lower stride time SDs and 

greater stride time FSIs of some young adults. 

5.13. Variability and Fractal Scaling of Step Times 

 The concurrent validity of both accelerometer methods on measures of variability 

and fractal dynamics in step times was lower than the aforementioned mean temporal gait 

parameters and stride-to-stride fluctuations, but the AP method was effective enough not 

to be significantly different from the footswitch.  The vertical method displayed only fair 

agreement with the footswitch on step time SD (ICC = 0.48) and good agreement on step 

time FSI (0.65).  While the AP method was found to be only slightly greater than the 

vertical method on step time SD (ICC = 0.53), its measurement of step time FSI was 

found to be considerably more effective (ICC = 0.80).   

The results from the main effect for method of the mixed model ANOVAs were 

able to further distinguish the effectiveness of the AP method from the vertical method.  

Even though both vertical and AP methods displayed fair agreement (ICC) with the 

footswitch on step time SD, only the vertical method displayed a significant difference 

from the footswitch on the average step time SD of all participants.  The vertical method 

measured the average step time SD of all participants at 20.3 (9.1) ms, rather than 14.8 

(4.6) ms by the footswitch and 15.6 (5.4) ms by the AP method.  Similarly, the vertical 

method measured the average step time FSI of all participants at 0.731 (0.110), rather 

than 0.792 (0.094) by the footswitch and 0.780 (0.100) by the AP method.  Therefore, as 

was the case for stride times, these results indicate that the vertical method overestimated 

gait variability and underestimated fractal dynamics in step times.  Unfortunately, there is 

no other research that these results can be compared to. 
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Currently, no other research has validated step time FSIs as determined by an 

accelerometer, and the work by Hartmann et al. (2009) is the only study to directly assess 

the accelerometer’s validity on the measure of step time SD.  The authors found that an 

accelerometer displayed good to excellent agreement with a GAITRite system (ICC = 

0.88-0.98) on step time SD, but the ICC computed utilized four separate walks, rather 

than one single walk.  As previously discussed, an ICC design that uses multiple data 

measurements (e.g., multiple walks) will always result in a greater level of agreement 

than a design that uses a single measurement (Shrout & Fleiss, 1979).  Therefore, 

although these authors were able to obtain good to excellent levels of agreement between 

an accelerometer and a criterion device, their ICCs were inflated in comparison to a 

single walk.  Furthermore, while the use of multiple walks can lead to greater levels of 

concurrent validity in measuring gait variability between two devices, these short 

interrupted walks do not allow the natural rhythm in a gait pattern to be established 

(Paterson et al., 2009).  For this reason, such procedures are not optimal in obtaining true 

and clinically relevant measures of gait variability and fractal dynamics, and are inferior 

to the procedures used in the current study.   

5.14. Discrepancies in Validity between Accelerometer Methods 

The findings suggest that while the vertical method may provide similar results to 

the AP method, it is inferior especially with regard to variability and fractal dynamics in 

step times.  While mean temporal parameters measured by the two accelerometer 

methods were nearly indistinguishable, larger differences were observed between 

methods for stride time SD and stride time FSI, and these differences were even greater 

when these variables were assessed for steps rather than strides.  The inferiority of the 



62 
 

 
 

vertical method in comparison to the AP method is likely linked to the complexity of the 

acceleration signals.  As outlined in the literature review, the vertical acceleration signal 

contains three positive peaks and one negative peak for each cycle, relating 

approximately to heel strike, foot-flat, mid-stance, and push-off, respectively (Auvinet et 

al., 2002).  Conversely, the AP acceleration signal contains only one positive peak and 

one negative peak, relating approximately to initial contact and foot-flat (Zijlstra & Hof, 

2008).  These peaks must be smoothed by filtering to create a sine wave representing the 

gait cycle.  With three positive peaks smoothed into one, in the vertical acceleration 

signal, there may be a greater chance for inaccuracies and inconsistencies.  Research has 

shown that the acceleration patterns of human gait can contain slight individual 

differences in the number and amplitude of peaks (González et al., 2010).  Therefore, the 

increased validity of the AP method may be related to the fact that there is only one 

positive and one negative peak in the signal, meaning there is less opportunity to lose 

fidelity of the signal due to low pass filtering.  While there is no standard method for 

obtaining temporal gait parameters from an accelerometer (Kavanagh & Menz, 2008), the 

AP method is more common in the literature and the results of the current study 

demonstrate its superior validity in assessing the variability and fractal dynamics of 

temporal gait parameters. 

5.15. Discrepancies in Validity between Steps and Strides 

In order to further improve the validity of the accelerometer, a better 

understanding of the differences between the validity of step and stride time SD is 

required.  Measures of stride time SD displayed excellent concurrent validity, but 

measures of step time SD displayed only fair levels of concurrent validity.  By closely 
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examining the step times of individual participants, it was found that step times quite 

often display some bilateral asymmetry (i.e., one limb displays consistently longer step 

times than the other).  While a small amount of bilateral asymmetry can occur in healthy 

adults (Sadeghi, Allard, Prince, & Labelle, 2000), it was seen that the accelerometer 

methods typically exaggerated the levels of asymmetry compared to the footswitch.  For 

example, if the footswitch found left step times to be slightly longer than right step times, 

this would also be evident in the accelerometer methods, but the differences between left 

and right step times would be greater.   

The increased level of bilateral asymmetry observed by the accelerometer 

methods was directly related to the lower levels of validity in step time SD.  Since all the 

dependent variables in the current study were combined variables (left and right limbs), 

this increased asymmetry primarily affected step time SD.  Mean ST parameters were not 

affected by increased asymmetry because left and right step times were averaged 

together.  Similarly, measures of stride time SD and FSI were not affected because a 

single stride time results from the combining of a left and a right step time, eliminating 

any bilateral asymmetry.  On the other hand, step time SD (and to some extent step time 

FSI) was affected by this asymmetry because a greater spread between left and right step 

times led to an increased combined step time SD, even if the SD within each limb was 

relatively low.  This phenomenon is visually depicted in the step times of a representative 

participant shown in Figures 11 – 13.  It can be seen that the step times obtained with the 

footswitch displayed a small amount of asymmetry (Figure 11), whereas the AP method 

(Figure 12) and the vertical method (Figure 13) displayed increased asymmetry.  

Although the combined mean step times are identical between all methods (e.g., 513 ms), 
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the increased level of asymmetry (i.e., greater difference between left and right step 

times) creates an greater combined step time SD in the accelerometer AP and vertical 

methods of 21 ms and 23 ms, respectively, compared to 19 ms for the footswitch.  This 

increased level of combined step time SD was present in the accelerometer methods even 

though the individual left and right limb SDs between all methods were within 1 ms of 

each other. This finding suggests that separating left and right steps, when computing step 

time SD (and step time FSI), will lead to an improvement in the accelerometer’s 

agreement with the footswitch. 

 Figure 11. Left and right step times of an older adult computed with the footswitch. 

 

Figure 12. Left and right step times of an older adult computed with the AP method. 
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Figure 13. Left and right step times of an older adult computed with the vertical method. 

The effect of separating left and right step times on the similarity between devices 

was tested on a small subset of participants (n = 5).  Step time SD and FSI were 

reprocessed with left and right steps separated and compared to those measures using 

combined step times.  Results showed an improvement in both accelerometer methods, as 

judged by the percent difference from the footswitch on step time SD in the five 

participants.  The percent difference decreased from 57% and 52% when steps were 

combined, to 21% and 14% when steps were separated using the vertical and AP 

methods, respectively.  Similarly, an improvement was observed in the accelerometer 

methods’ percent difference from the footswitch on step time FSI.  The percent difference 

decreased from 12% when steps were combined, to 7% in both methods when steps were 

separated.   

The results of this small test suggest that the act of combining left and right step 

times is likely the primary factor which led to a discrepancy between methods on step 

time SD.  In gait variability research, examples of combined step times (Hartmann et al., 

2009) and separate step times (Senden et al., 2009) can be found, but the current trend is 

moving towards separating step times (Lord et al., 2011).  These findings provide 
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substantial evidence to support the recommendation of separating left and right step 

times, especially when the data is recorded with an accelerometer.  

The source of the greater asymmetry between mean left and right step times in the 

accelerometer methods is not fully understood, but it is likely related to the uniqueness of 

the accelerometer and its signal.  Since step times are determined from the recorded 

accelerations of the device placed closely to the centre of mass, subtle differences in the 

overall pattern or amplitude of the acceleration profile between steps could lead to a shift 

in the timing that may not be detected by a footswitch device.  For example, dominant 

limbs have been shown, even in some healthy individuals, to produce greater power 

during gait than non-dominant limbs (Sadeghi et al., 2000).  Given the potential for 

greater power production in one limb, it is possible that the peak amplitude of 

acceleration may be consistently greater in one limb than the other.  This greater 

amplitude would lead to a slightly longer time to the larger peak and a slightly shorter 

time to the smaller peak, creating a consistently lower mean step time in one limb and a 

consistently greater mean step time in the other.  In other words, it is possible that the 

limb asymmetry with respect to acceleration (i.e., accelerometer) is not necessarily the 

same as the limb asymmetry with respect to foot contact time (i.e., footswitch).  

Therefore, a subtle bilateral difference in the accelerations of the centre of mass may be 

providing further information on the asymmetry of gait that is not entirely observed in the 

more simple measurement of direct foot contact timing.  Given the uniqueness of the 

accelerometer and its complex signal, it may be presumptuous to assume a difference 

between devices is related solely to measurement error, and not additional gait pattern 

information. 
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5.2. Effect of Age  

The second research question addressed whether the accelerometer would be able 

to discriminate between the gait patterns of young and older adults, equivalently to the 

footswitch.  The footswitch method, along with both accelerometer methods, was able to 

find a significant difference between young and older adults on the dependent variables 

of stride time FSI and step time FSI.  As hypothesized, the young adult group displayed 

significantly greater FSIs than older adults.  No other dependent variables were found to 

be significantly different between age groups, although a difference was hypothesized for 

measures of gait variability.  These findings were equivalent in all methods, suggesting 

the accelerometer is a device sensitive enough to distinguish between the gait patterns of 

young and older adults.   

Although both accelerometer methods found were able to draw the same 

conclusions in age-related differences, the AP method displayed group means more 

similar to the footswitch.  Therefore, in the following subsections regarding the 

differences between young and older adult gait patterns, the mean values discussed 

regarding the accelerometer will only be those of the AP method.  

5.21. Fractal Scaling Index 

The results demonstrated that the fractal scaling index is a measure sensitive to 

the subtle changes in gait patterns with age, even in a healthy older adult population.  The 

accelerometer found young adults displayed significantly greater stride time FSIs 

compared to older adults.  These results are presented in Table 2 and visually 

demonstrated in Figure 11.  The young adult group displayed an average stride time FSI 

of 0.91 (0.074), which is comparable to the results of Hausdorff et al. (1996).  The older 
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adult group displayed an average stride time FSI of 0.87 (0.090), which is comparable to 

the results of Herman et al. (2005) and Gates and Dingwell (2007).  Similarly, step time 

FSIs were significantly greater in young adults compared to older adults.  The young 

adult group displayed an average step time FSI of 0.807 (0.083), while the older adult 

group displayed an average step time FSI of 0.752 (0.109).  These values were generally 

lower than those measured in strides, but this made it easier to distinguish between young 

and older adults (e.g., p = 0.012 vs. p = 0.031).  The lower FSIs generally observed in 

step times, may be related to the previously discussed lower concurrent validity, but at 

the same time the increased effectiveness may be related to the additional asymmetrical 

information present in step times and not found in stride times.     

The only previous study to directly compare young and older adults on gait cycle 

FSIs was conducted by Hausdorff et al. (1997b).  The authors found a more pronounced 

difference between age groups than the current study, as healthy young adults displayed 

stride time FSIs of 0.87 and healthy older adults displayed stride time FSIs of 0.68.  

While these results for older adults were much lower than those of the current study, the 

authors only tested 10 older adults for a total walk time of six minutes.  Therefore, this 

lower FSI is likely a poor estimate of the fractal scaling patterns of gait in healthy older 

adults.  Given the larger number of older adults combined with the greater length of the 

data set (i.e., nine minute walk), the results of the current study may be more 

generalizable to a healthy older adult population. 

Although the observed difference between age groups may not be as large as 

previous work, the results still suggest there is a subtle change in the patterning and 

motor control of gait with age.  The significantly lower FSIs observed in the older adults 
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signifies a decreased long-range correlation of gait cycles, with each gait cycle less 

dependent on a previous one (i.e., a more random gait pattern).  This organized pattern is 

thought to be related to physiological changes in the body, and more specifically to the 

motor control system with age (Hausdorff, 2007).  Given that the older participants of the 

study were healthy, these results suggest that the accelerometer (AP method) and FSI 

measures are sensitive to the early signs of a decline in the motor control of gait with age.  

Nevertheless, the values displayed by the healthy older adult population were still well 

within the range of a healthy physiological system, supporting the use of the FSI as a 

screening measure for older adults who may not have a healthy physiological system and 

may be at risk of falling (Herman et al., 2005). 

5.22. Standard Deviation 

Gait variability is generally thought to increase with age, but in the current study 

it was not sensitive enough to detect subtle changes in the gait of healthy older adults.  

Although the older adult group displayed slightly greater variability in step times, there 

was no significant difference in either steps or strides compared to young adults.  Stride 

time SDs were found to be 19.7 (5.4) ms in older adults and 19.6 (6.4) ms in younger 

adults.  These results are comparable to stride time SDs in the literature ranging from 

approximately 18 to 27 ms in older adults and 16 ms observed in younger adults (Herman 

et al., 2005; Kang & Dingwell, 2008; Paterson et al., 2010).  Step time SDs were found to 

be 16.5 (6.5) ms in older adults and 14.8 (4.0) ms in young adults, which is comparable to 

step time SDs in the literature ranging from approximately 15 to 23 ms in older adults 

and 16 ms in young adults (Callisaya et al., 2010; Hartman et al., 2009a; Senden et al., 

2009).   
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While some research has found significant increases in gait variability with age 

(Kang & Dingwell, 2008), others, much like the current study, have seen only small 

increases without a significant difference (Senden et al., 2009).  The relative similarity 

observed in the variability of gait between young and older adults may be closely related 

to the health of the older adult group.  All older adults in the current study were not only 

independent living and free of any condition that could hinder their gait, but most 

reported anecdotally to be engaged in walking for exercise several times a week.  

Therefore, the lack of a significant difference in the variability of gait between the young 

and older adults in the current study may be related to this particular sample of older 

adults being considerably more healthy and active than normal.  Therefore, gait 

variability (i.e., SD of step and stride time) may not be sensitive enough to recognize the 

subtle changes in gait patterns that occur with healthy aging.  Given that little change in 

gait variability was observed with healthy aging, these results, much like those of the FSI, 

support the use of gait variability as a measure to distinguish between healthy and 

unhealthy gait patterns in older adults (Hausdorff et al., 2001; Hausdorff et al., 1997a; 

Verghese et al., 2009). 

5.23. Mean Temporal Parameters 

The mean step and stride time of young adults was not found to be significantly 

different from older adults.  The young adult group walked with a mean stride time of 

1077.9 (81.4) ms, compared to 1046.3 (75.3) ms for older adults.  Similarly, the mean 

step time of the young adult group was 539 (40.7) ms, compared to 523.1 (37.7) ms for 

the older adults.  Although the older adult group did walk with slightly shorter step and 

stride times, this difference was close to, but not significantly different (e.g., p = 0.073 
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and p = 0.070) from the young adult group.  This may be a type II error given the 

potentially limiting factor of sample size.  An increased number of participants would 

have led to an increase in the statistical power of the study, potentially allowing for a 

difference to be observed between age groups.  Nevertheless, these findings are normal 

given the wide range of step and stride times that have been observed in reference data 

sets for these age groups (Whittle, 2007).  Furthermore, examples of studies 

demonstrating no differences with age (Elble et al., 1991) or differences with age (DeVita 

& Hortobagyi, 2000) are both seen in the literature. 

The inconclusive findings surrounding mean temporal parameters with age (in the 

current and previously reported results) may be related to potential differences in leg 

length that are not accounted for.  It is commonly known that leg length will influence ST 

gait parameters, therefore a difference in leg length between groups (i.e., unmatched 

participants) could create a confounding variable when examining such parameters.  

Given that the primary purpose of the current study was to validate these measures using 

a tri-axial accelerometer, as well as to examine the age related differences in stride-to-

stride fluctuations, the issue of leg length was not a concern.  The validity of the 

accelerometer’s measurement of mean temporal parameters would not be influenced by 

participant-to-participant differences in leg length because validity was examined within 

subjects.  Also, although potential differences in leg length between groups could 

influence the comparison of mean temporal parameters, leg length has been shown to 

have no effect on measures of variability (Hausdorff et al., 1999), which was the primary 

concern of the second research question. 
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5.3. Future Directions and Applications 

A number of important findings are associated with this research, and like any 

good research these findings lead to further questions, future directions, and clinical 

applications.  Although the variability and fractal scaling measures of step times were 

found to display less concurrent validity between the accelerometer and the footswitch 

than those measured in stride times, they may still provide equal or additional 

information regarding the control of gait.  Step time SD and step time FSI displayed fair 

to excellent concurrent validity with the footswitch, but step time FSI was best able to 

distinguish between young and older adults (based on the level of statistical significance).  

Given the potential error in combining left and right step times when asymmetries are 

present between limbs, these measures may be even more valid if left and right limbs are 

analyzed separately.  Furthermore, the asymmetry of step times, assessed in measures of 

mean, SD, or FSI, could provide additional information important in gait assessments.  

Future research should assess the effect of separating left and right step times, as opposed 

to combining these values for this kind of analysis.  

Prior to the current study, little to no research had been done to directly validate a 

body-fixed, tri-axial accelerometer in assessing measures of gait variability and fractal 

dynamics.  The accelerometer was found to be highly valid in its assessment of mean 

temporal gait parameters, as well as stride time SD and FSI.  These are vital measures in 

the analysis of gait and combining them with the advantages of the accelerometer (e.g., 

cost, ease of use, length of data set, etc.) demonstrates the great potential it has as an 

effective research tool and clinical device for individuals with gait disorders and/or 

pathologies.  For example, the tri-axial accelerometer can now be deemed to be an 
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effective measurement device that can be used to screen those who may be at risk of 

falling.  Furthermore, with accelerometers currently available in many handheld devices 

(e.g., iPhones, smart phones), simply developing the appropriate software (e.g., iPhone 

application) can create a highly effective and accessible tool for fall risk assessment in 

older adults.  

Lastly, in the current study, each participant completed approximately 1000 gait 

cycles during nine minutes of walking.  While a minimum of five minutes has been 

recommended for measures of the fractal scaling of gait (Hausdorff, 2007), no objective 

data has confirmed that five minutes is equally as effective as a longer data set.  In order 

for these measures to be used most effectively in clinical applications, further research is 

needed to determine the objective number of gait cycles required for an accurate measure 

of the fractal dynamics of gait. 

6. CONCLUSION 

 The body-fixed, tri-axial accelerometer is a highly valid tool for mean, variability, 

and the fractal scaling measures of gait, but at the present time caution should be taken 

when assessing gait variability using combined step times.  An increase in validity may 

be obtained by separating left and right step times in the processing of the accelerometer 

results, as well as utilizing the AP method over the vertical method.  These findings 

support the use of a body-fixed, tri-axial accelerometer in future gait analysis studies, and 

combined with measures of gait variability and the FSI, the accelerometer has the 

potential to become a primary screening device for older adults who may be at risk of 

falling or other gait related abnormalities.  
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