
 

 

 University of Groningen

Sensor technologies and fall prevention
Kosse, Nienke Maria

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2016

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Kosse, N. M. (2016). Sensor technologies and fall prevention: Sensor technologies to assess fall risk in
long-term care residents with dementia and gait in healthy older adults. [Thesis fully internal (DIV),
University of Groningen]. Rijksuniversiteit Groningen.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 23-05-2023

https://research.rug.nl/en/publications/277128fd-ba70-40d6-b45b-cc9f26a98363


Multiple gait parameters  
derived from iPod accelerometry  
predict age-related gait changes

Nienke M. Kosse, Nicolas Vuillerme, Tibor Hortobágyi, 
Claudine J.C. Lamoth

Gait and Posture 2016; 46: 112-117

CHAPTER 6



104 | Chapter 6

Abstract 

Introduction 
Normative data of how natural aging affects gait can serve as a frame of reference for 
changes in gait dynamics due to pathologies. Therefore, the present study aims 1) to 
identify gait variables sensitive to age-related changes in gait over the adult life span using 
the iPod and 2) to assess if these variables accurately distinguish young (aged 18-45) from 
healthy older (aged 46-75) adults.

Methods 
Trunk accelerations were recorded with an iPod Touch in 59 healthy adults during three 
minutes of overground walking. Gait variables included gait speed and accelerometry-
based gait variables (stride, amplitude, frequency, and trajectory-related variables) in the 
anterior-posterior (AP) and medio-lateral (ML) directions. Multivariate partial least square 
analysis (PLS) identified variables sensitive to age-related differences in gait. To classify 
young and old adults, a PLS-discriminant analysis (PLS-DA) was used to test the accuracy 
of these variables.

Results 
The PLS model explained 42% of variation in age. Influential variables were: mean stride 
time, phase variability index, root mean square, stride variability, AP sample entropy and 
ML maximal Lyaponov exponent. PLS-DA classified 83% of the participants correctly with 
a sensitivity of 83% and specificity of 71%.

Discussion 
Contrary to the frequently reported high gait variability observed in old adults with frailty 
and fall history, the present study showed that younger compared with older healthy 
adults had a more variable, less predictable and more symmetrical gait pattern. A model 
based on a combination of variables reflecting gait dynamics, could distinguish healthy 
younger adults from older adults.
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Introduction  

Natural aging and pathological conditions modify gait. Age-related declines in muscle 
strength, mass, quality, and neural activation produce characteristic modifications in 
the kinematics, kinetics, and energetics of gait [1–3]. Although age-related changes in 
neuromuscular function are well documented [4], less is known about how gait changes 
across the adult lifespan [5,6]. Identifying subtle changes in gait from young adulthood to 
old age could provide an objective basis for clinicians to prescribe interventions and delay 
the onset of mobility disability.
 Wearable technologies seem to revolutionize gait analysis. Smart devices, like smartphones 
and iPods, are equipped with built-in accelerometers, which offers new opportunities for 
clinicians and researchers to easily and relatively inexpensively record and characterize 
gait in detail [7,8]. Data extracted from accelerometers worn on the trunk allow the 
identification of foot contacts from anterior-posterior (AP) accelerations; such data can 
serve as a basis for sophisticated stride analyses [9]. Additional processing of the amplitude 
and frequency content of trunk acceleration signals can be used to characterize dynamic 
balance control during gait through metrics such as self-affinity, regularity, and local 
stability of the trunk [10,11]. There is increasing evidence suggesting that these variability-
related and stability-related gait variables can distinguish the difference in gait patterns 
of healthy young adults and old adults, old adults with and old adults without cognitive 
disorders and fallers and non-fallers [12–14] and complement information provided by gait 
speed alone [15]. 
 Even though accelerometry-based gait analysis generates a wealth of information, 
most studies focus on one or two characteristics of the acceleration signal (e.g., stride-
related parameters: stride time, stride time variability). Such an approach makes it difficult 
to comprehensively examine the inter-relationship between variables that could reveal 
additional dimensions of gait. A detailed characterization of the relationship between gait 
outcomes on the one hand and the association of these variables with age on the other 
hand, could provide a better understanding of how natural aging affects gait. To this aim, 
we pursued two complementary objectives. The first objective determined the relationship 
between different gait variables and the association of these variables with age. The second 
objective quantified the discriminative power of the identified gait variables to distinguish 
younger from older adults. Our strategy was to complement commonly used gait variables 
(i.e., gait speed, stride time) with gait outcomes that reflect the dynamic characteristics of 
gait, with respect to variability and local stability. To identify the sensitive gait variables 
across the lifetime and determine the discriminative power of these variables, we used an 
unbiased, blind approach with no a-priori assumptions about the gait variables that could 
be most important with respect to aging. We used a Partial Least Square analysis (PLS) and 
PLS-discriminant analysis for the analyses. 
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Methods

Participants
We recruited 59 healthy adults from the community in the age range of 18 to 75 (mean 
age: 45 (18); 47% male). The participants included in the young group had a mean age of 28 
(7) years (age range 19-41; n=29; 59% male) and in the older group the mean age was 62 
(8) years (age range 47-74; n=30; 33% male). Participants were included if they were free of 
orthopaedic and neurological conditions and used no medications that might affect gait. 
This study was part of a project designed to analyse gait and balance by smart devices 
(iPod Touch) [7].
 The Ethical Committee of the Center of Human Movement Sciences at the University 
Medical Center Groningen approved the research protocol and all participants signed 
written informed consent.

Gait assessment
Each participant walked back and forth along a 10-m long course with a one-meter wide 
curve at the two turns for three minutes at a self-selected habitual speed, a total of two 
times. Gait variables obtained in the first trial were included in dataset 1 to build a model. 
Variables obtained in the second trial were included in dataset 2 for validation of this 
model. Mean gait speed was computed based on the distance covered during the three-
minute test.
 Trunk accelerations were measured during walking with an iPod touch G4 (iOS 6, Apple 
Inc.; sample frequency 88-92 Hz) affixed to the trunk with an elastic belt near the level 
of lumbar segment L3. A custom-made application ‘iMoveDetection’ was installed on the iPod  
to collect and store the accelerometer data from the built-in tri-axial accelerometer [7]. 
 Anterior-posterior (AP) and medio-lateral (ML) accelerations were analysed using 
custom-made software in MATLAB (version 2012b, The MathWorks Inc., Natick, MA, USA). 
Acceleration data were interpolated to a constant sampling rate of 100 Hz. The data were 
detrended and filtered (Butterworth filter, 4th order; cut-off frequency 20 Hz). Outliers caused 
by the turns in the walking track were removed from the data using a median filter [16].
 To derive stride-related variables, foot contacts were determined from the AP 
accelerations. Negative peaks were detected in the smoothed signal (Butterworth filter, 
4th order; cut-off frequency 5 Hz) to determine foot contacts, which were used to 
determine stride time [9]. The mean and the coefficient of variation (CV) of stride times was 
calculated for each participant. Furthermore, the phase variability index (PVI) representing 
the relative time between successive contralateral foot contacts was determined as:

Pi = 
FCR t( i)  FCL t( i)

FCL t( i)  F CL t( i+ 1)
x 360° 
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FCL and FCR are respectively the left and right foot contact at time t(i). The PVI is calculated 
from the variability of the relative phases around 180° using circular statistics. Lower 
values indicate gait symmetry and more consistent timing [17]. 
 The magnitude of ML and AP trunk accelerations was indexed by the root mean 
squares (RMS) [18]. The variability of the stride acceleration amplitude (VarAccAmp) was 
determined by normalizing the data (100 point per stride), superimposing all strides and 
calculating the average of the point-by-point standard deviations [18].
 The index of Harmonicity (IH) represents the smoothness of the AP and ML 
accelerations. By a discrete Fourier transformation the power spectrum of the accelerations 
was estimated and the peak power of the first subsequent 10 harmonics was determined. 
The power spectral densities (PSD) were normalized by dividing the power by the sum of 
the total power spectrum[19]. The IH was defined as:

IH = 1

∑ 10
=1

P1 is the cumulative sum of the PSD of the fundamental frequency, divided by the first 10 
super-harmonics ΣPi. PSD of each peak was calculated within frequency bands of +0.1 and 
−0.1.  An IH of 1 indicates a harmonic smooth gait pattern. 
 Detrended Fluctuations Analysis (DFA), Sample Entropy (SEn) and the maximal 
Lyapunov exponent (λmax) were calculated. The DFA quantified long-range correlations in 
stride time intervals, revealing the predictability of future fluctuations by past fluctuations. 
Stride time data were divided into windows of equal length n (n= N/7, N = signal length) 
ranging from 17-25 for the individual participant. In each window a linear trend line was 
fitted and the average fluctuation F(n) around the line was calculated. The slope of the 
fitted line in log F(n) versus log n is the estimated scaling exponent α. The presence of 
long-term correlations in the signal is indicated by values 0.5≥α≥1. A value closer to 1 
represents a more correlated pattern. Large and small values of the time-series are likely 
to alternate when α<0.5 [20].
 The SEn AP and ML represent the predictability of the gait pattern. The SEn is the 
negative natural logarithm of the conditional probability of epochs of length m (m=2 in this 
study) that match point-wise, repeating itself for m+1 points within a tolerance of r (r=0.1). 
Smaller SEn values are associated with greater predictability of acceleration patterns [21]. 
 The λmax of ML and AP accelerations, quantifying the ability to resist small perturbations 
during walking, is a measure of local stability. Gait trajectories, corresponding to the gait 
cycles, were constructed in a state space. The log of the expansion or contraction of the 
Euclidean distance between the gait trajectories quantified λmax. The λmax was estimated 
with the method of Wolf using an embedding of 10 dimensions with 7 samples time delay. 
A larger λmax represents greater sensitivity to local perturbations [22]. 
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Statistical analyses 
We modeled the relationship between 15 gait variables and age using Partial Least Squares 
(PLS) analysis. This analysis accounts for the inter-dependency between gait variables. 
PLS analysis is appropriate to handle a large set of independent variables, low number of 
observations, and multi-collinearity among variables [23]. With PLS analysis, the internal 
structure among gait variables (X-matrix) best modeling age (Y-matrix) was identified. The 
data were pre-processed by a log-transformation and a z-transformation. The optimal 
number of latent factors is determined by adding latent factors until the predicted residual 
sum of squares (PRESS) decreases. The amount of variance of the gait variables explained 
by the models latent factors indicates the relevance of the variables in the prediction of 
age. A gait variable is considered completely relevant if its modeling power is 100% and 
less relevant if the modeling power is around 13% (latent factor/number of gait variables). 
Note that a variable without variation can be fully explained by the model, while this 
variable might not predict age. Therefore, the Variable Importance in Projection (VIP) 
quantifies the importance of each individual variable in the final model. Variables with 
a VIP value >1 are considered very important in explaining age, whereas variables with a 
VIP<0.8 have less influence on the model [23]. The score and weight plots of the PLS model 
illustrate the relationship between participant’s age and gait variables, with respect to 
the individual latent factors. The scores summarize the gait variables values for individual 
participants, from which age can be predicted. The weights present the importance of gait 
variables in association with age for the individual latent factors. 
 The PLS model was evaluated by the goodness-of-fit and the goodness-of-prediction. 
The goodness-of-fit describes how well the model fits the gait variables (dataset 1) in 
relation to age. The goodness-of-prediction represents the capacity of the PLS model to 
predict the correct age from the gait variables in dataset 2. 
 To examine if the gait variables identified as important in the PLS model (VIP>0.8) 
would discriminate between younger (aged 18-45) and older (aged 46-75) adults, a PLS-
discriminant analysis (PLS-DA) was performed. A Receiver Operating Characteristic (ROC) 
curve based on the PLS-DA was constructed; considering the true positive rate (sensitivity) 
and false positive rate (specificity) of the discriminating model. Each point on the ROC 
curve represents a sensitivity/specificity pair corresponding to a threshold. The threshold 
determines the optimal boundary between younger and older adults in the classification. 
The area under the ROC curve (AUC) is an indicator of the model performance: the closer 
AUC is to 1, the better the accuracy of the classification [24]. 
 The PLS analysis were performed using the PLS_toolbox for MATLAB (version 3.7.8; 
Eigenvector Research Inc., Wenatchee, WA, USA). 
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Results

Relationship between gait variables versus age
The PLS model, consisting of 2 latent factors, explained 42% of the variance in age 
(Y-matrix) and 42% of the variance in the gait variables (X-matrix). Although gait speed 
was slightly different between the two walking trials (0.05 m/s), the goodness-of-fit (based 
on dataset 1) and the goodness-of-prediction (based on dataset 2) both had a value of 
0.42. The first latent factor captured the variance of the variables related to the amplitude 
of the acceleration signal, the λmax AP and gait speed. Two stride-related variables (mean 
stride time and PVI), frequency-related variables and the SEn AP were highly relevant for 
the second latent factor (Table 6.1). The gait variables with a VIP>1.0 that were highly 
associated with age, were mean stride time, RMS ML, λmax ML, VarAccAmp ML, VarAccAmp 
AP and SEn AP (Table 6.1). Although, IH, λmax AP and gait speed captured variance in the 
latent factors, these variables were less important in the prediction of age (VIP<0.8). 
 Figure 6.1 illustrates the relationship between gait variables and the association with 
age for the latent factors. The position of participants in a given direction in Figure 6.1A 
is influenced by gait variables lying in the same direction in the weight plot, Figure 6.1B. 
The age continuum in Figure 6.1A spans from the lower left (young) to the upper right (old) 
quadrant. Higher values of the gait variables in Figure 6.1B in the left lower quadrant were 
associated with a lower age (respectively, mean stride time, RMS AP, RMS ML, VarAccAmp 
AP, VarAccAmp ML, λmax ML, SEn AP) and higher values of the variables in the upper right 
quadrant with a higher age (PVI). 

Discriminating model
A PLS-DA model was constructed to determine the discriminative power of the identified 
gait variables of the PLS model (VIP>0.8) to distinguish younger (aged 18-45) from older 
adults (aged 46-75). The discriminant analysis was performed with the following variables: 
mean stride time, PVI, RMS AP and ML, VarAccAmp AP and ML, SEn AP and λmax ML.
 Figure 6.2 shows the ROC curve for the PLS-DA model. The AUC was 0.83 (95% 
confidence interval: 0.72-0.93), i.e., the PLS-DA model identified 83% of the participants 
correctly. With an optimal threshold at 0.50, the sensitivity and specificity were respectively 
83% and 71%. 
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Table 6.1 Presentation of the mean (SD) values obtained on the gait variables and the 
variance captured by each latent factor (LF) for the gait variables in the PLS model. 
The explained variance in gait variables (X) and age/age group (Y) per latent factor is 
presented in the last rows.

Gait variables Healthy adults Variance Captured (%)
PLS model

VIP value

Younger Older LF 1 LF 2 Total
Stride-related variables

Mean stride time (s) 1.1 (0.08) 1.1 (0.08) 0 29 29 1.41
CV of stride time 3.3 (1.45) 3.4 (1.94) 3 0 3 0.04
DFA 0.7 (0.17) 0.7 (0.15) 0 6 7 0.04
Phase variability index 7.8 (2.17) 8.8 (2.14) 3 24 27 0.92

Amplitude-related variables
RMS AP 1.9 (0.42) 1.8 (0.37) 43 8 51 0.90
RMS ML 1.9 (0.47) 1.6 (0.43) 69 4 73 2.07
VarAccAmp AP 0.9 (0.32) 0.7 (0.19) 80 11 91 1.27
VarAccAmp ML 1.2 (0.34) 1.0 (0.25) 87 5 92 2.78

Frequency-related variables
IH AP 0.9 (0.08) 0.9 (0.08) 9 44 52 0.50
IH ML 0.9 (0.08) 0.9 (0.08) 13 37 50 0.27

Trajectory-related variables

SEn AP 1.2 (0.20) 1.1 (0.19) 4 52 55 2.55
SEn ML 1.6 (0.12) 1.6 (0.16) 1 3 4 0.48
λmax  AP 0.3 (0.32) 0.3 (0.21) 22 12 34 0.29
λmax  ML 1.1 (0.64) 0.8 (0.39) 11 0 11 1.08

Additional gait variables
Gait speed (m/s) 1.2 (0.14) 1.2 (0.11) 34 11 45 0.39

Explained X-variance (%) 25 16 42
Explained Y-variance (%) 28 14 42
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Figure 6.1  Score plot (A) shows the relationship between the participants and their 
similarities/dissimilarities with respect to age on the two latent factors. Participants 
aged >45 are displayed in grey and those aged ≤45 in black. Coupled to the weight plot 
(B), the inter-relatedness among the gait variables and age is revealed.
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Discussion

We addressed two complementary objectives. First, we identified gait variables that were 
sensitive to age-related changes.  Secondly, we determined the discriminative power of 
gait variables identified in step one, to distinguish younger (aged 18-45) from older adults 
(aged 46-75). We constructed two models: a PLS and PLS-DA. The PLS analysis showed 
that the gait pattern of younger compared to older adults was characterized by a larger 
mean stride time and a more variable but less predictable and regular trunk acceleration 
pattern. Additionally, older adults’ gait patterns were less symmetrical as indicated by the 

Figure 6.2  Sensitivity plotted against 1-specificity for all cut-off values of the PLS-DA 
model in the ROC curve (A). To determine the optimal cut-off point, sensitivity and 
specificity are plotted against the threshold (B), the optimal cut-off point is present 
at 0.50.
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larger PVI. The PLS-DA model based on the gait variables associated with age in the PLS 
model had a classification accuracy of 0.83, with a sensitivity of 83% and specificity of 71% 
to discriminate older adults from younger adults.
 The PLS model identified that gait variables related to the amplitude of the accelerations 
accurately predicted age, as indicated by high VIP values and strong weights. Younger 
compared with older adults had a higher RMS and exhibited higher variability of between 
strides acceleration amplitude, suggesting that the RMS, a commonly used variable in 
gait analysis [25,26], is one of the important predictor of age. Additionally, as reported 
previously, younger vs. older adults had a longer mean stride time and more symmetrical 
steps [13,14]. The stride-related variables, mean stride time and PVI, supplemented with 
SEn AP and and λmax ML were also associated with changes related to age. These variables 
were effective to discriminate between younger and older adults.  
 Interestingly, younger vs. older adults had a more variable, less predictable gait pattern. 
These results are in contrast to the frequently reported higher step/stride variability 
observed in old adults with and without frailty and fall history [5,14]. The increase in 
local stability and predictability of the gait of older adults presumably reflects a gait 
pattern consisting of short steps and low step symmetry [27]. The higher variability in 
trunk acceleration patterns observed in young adults, might indicate that gait variability 
is not linearly related to age (increasing variability with increasing age), but rather follows 
a U-shape; healthy young adults positioned on the left side (larger variability), healthy 
middle/older aged in the middle (lower variability), and frail, high fall risk, and cognitive 
impaired older adults positioned on the right side (increased variability). Sub-optimal gait 
patterns can contain too much or too little variability, stability and predictability. Abnormal 
gait can be characterized by rigidity, inflexibility and high predictability, or, on the contrary, 
such gait can have elements that are random, unfocused and unpredictable [18]. There is 
a range in between those two extremes that determines optimal gait. However, for gait 
variability over the adult life span, this has not yet been modeled. This hypothesis should 
be examined in future studies using a much larger sample and including frail and cognitive 
impaired elderly.
 Slow gait speed, increased stride CV and IH are outcomes commonly used to characterize 
age-related differences in gait [13,25,28]. However, our analyses revealed that these 
variables were not as effective for discriminating younger from older adults. Although 
reduced gait speed is often a predictor of medical conditions like cognitive impairments 
[12], Parkinson disease [29] and frailty [10], it may not be sensitive and specific enough to 
differentiate between different populations and to identify subtle gait changes that occur 
over the adult lifespan. This is in line with the recent findings of Terrier et al. who reported 
decreased stability from age 40 onwards, but no decline in gait speed [5]. Further research 
should investigate the relevance of gait speed, stride CV and IH in relation to the other gait 
variables in different patient populations. 
 Despite the moderate goodness-of-fit and goodness-of-prediction values of the obtained 
model, and the relatively small sample size, the analyses identified the gait variables 
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that were associated with age. This set of variables had a good discriminative power 
in classifying younger and older adults, i.e. an AUC of 83%. The additional value of gait 
variables is seen in other classification models. The accuracy of a model predicting future 
falls in community-dwelling elderly increased from 70% to 82% when gait variables were 
included [30]. Moreover, a classification model of pre-frail and frail older adults based 
on gait velocity had an accuracy of 78%, which improved modestly but significantly to 
86% when smoothness, regularity and predictability of gait were added [15]. These results 
emphasize that gait analysis should not only focus on gait speed but should also include 
measures related to the dynamic metrics of gait. Such a comprehensive approach would 
increase the accuracy of gait classification, an outcome that can be derived from iPod 
accelerometry; a convenient, easy to use, and inexpensive gait analysis tool. Normative 
gait data over the adult life span derived through iPod accelerometry can serve as a frame 
of reference for pinpointing changes in gait dynamics due to natural and pathological 
aging.
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