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Abstract

In adults 65 years or older, falls or other neuromotor dysfunctions are often framed as walking-
related declines in motor skill; the frequent occurrence of such decline in walking-related motor
skill motivates the need for an improved understanding of the motor skill of walking. Simple gait
measurements, such as speed, do not provide adequate information about the quality of the body
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motion’s translation during walking. Gait measures from accelerometers can enrich measurements
of walking and motor performance. This review article will categorize the aspects of the motor
skill of walking and review how trunk-acceleration gait measures during walking can be mapped
to motor skill aspects, satisfying a clinical need to understand how well accelerometer measures
assess gait. We will clarify how to leverage more complicated acceleration measures to make
accurate motor skill decline predictions, thus furthering fall research in older adults.

Index Terms—

Walking; motor control; motor skill; movement control; lower trunk acceleration; wearables; gait;
clinical informatics; machine learning

. Introduction

WALKING has been described as a skill that is acquired through motor learning [1]. The
hallmark of a motor skill is a smooth and efficient movement that requires minimal attention
[1]. Among older adults, the motor skill of walking varies widely [2]-[4] with declines in
motor skill being among the most significant causes of falls [5], morbidity [6], and low
quality of life [7]-[9]. Age-related decline in sensorimotor function further increases motor
decline and may detrimentally change one’s gait [10].

Gait measures, such as gait speed, step length, and step temporal variability [7], [11], are
used to characterize specific aspects of motor skill; however, these measures are somewhat
limited. Some older adults may walk slowly with adapted optimal motor skill, while others
may walk slowly with poor motor skill. Older adults with or without diagnosed disease may
walk at clinically normal speeds with altered control [1], [12]. Other walking measures that
are a better match to specific aspects of motor skill may prove to be useful when evaluating
the gait of older adults.

The evaluation of the motor skill of walking considers multiple environmental factors.
Evaluating walking in the clinic, while useful, is limited and may not capture the multiple
dimensions of skills in everyday mobility. The recent emergence of wearable technology can
capture numerous gait characteristics in various settings (e.g., clinical facilities, community
settings, and in the home) [13]. Indeed, the amount of physical activity and human
movement data collected from wearables is virtually unlimited; however, much of the data
are not analyzed or used in a meaningful manner [14]. One way of making better use of this
new data source is to develop metrics that match the motor skills of interest in older adults.
This endeavor will require a collaborative effort between researchers in geriatrics of mobility
and experts in engineering and data analytics.

One wearable technology that has gained prominence and has great potential to match with
gait motor skill is accelerometry. Accelerometer assessment of gait is gaining clinical
importance due to its simplicity and low cost. Acceleration gait measures (AGMs), derived
or calculated from the raw values acquired with accelerometer wearables, capture body
segments’ motion. Researchers have proposed that AGMs, particularly those derived from
accelerations in the lower trunk, can be global indicators of the motor skill of walking [15]-
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[19]. AGMs are not only widely used [20] but can be proxies for center-of-mass dynamics
[21], [22].

It is crucial to investigate motor skill in walking in relation to aging and illness. Trunk
acceleration measurements have been used in the evaluation of normal aging [23],
Parkinson’s disease [24], the impact of Alzheimer’s disease [25], and numerous other
impacts on gait and balance [15], [26]. Previous studies found that older adults adopt more
conservative gait patterns than younger adults, potentially to compensate for degeneration in
physiological systems such as those associated with vision, sensation, and lower limb
strength [23], [27]. These conservative gait patterns result in reduced walking velocities and
accelerations, accompanied by reduced step length and increased step width [23].

Mapping AGMs of the lower-trunk can help clinical gait interpretation by presenting
quantitative gait variables stratified by domains (of the motor skill of walking) with clinical
relevance [26]. To understand the motor skill in older adults’ walking, literature that
combines the use of trunk-AGMs are reviewed. The structure of this review paper is divided
into six areas, as summarized in Figure 1: motor skill and walking definitions (Figure 1-Al;
Section 1), accelerometer data collection (Figure 1-B; Section Ill), signal pre-processing
tasks (Figure 1-C; Section I11), deriving and categorizing AGMs (Figure 1-D; Section I11),
mapping the aspects of the motor skill of walking to trunk-AGMs (Figure 1-A2 and D;
Section 1V), and the applications and future directions of AGMs and motor skill in the
clinical space (Figure 1-E1 and E2; Section V).

lI. Motor Skill of Walking

A. Walking

Walking is defined as gait with intent, specifically, the control of the body’s center of mass
and the continuation of movement; it involves multiple aspects of motor skill, which we call
“the motor skill of walking” [1], [28]. Thus, walking is considered a form of “skilled
movement,” which refers to a movement that “requires minimal attention to the individual
components of the action, is goal-oriented, and learned through practice that proceeds
through defined stages” [1], [29]. In the most general sense, walking can be thought of as
moving the body through space by repetitive stepping (i.e., gait cycle) while maintaining
postural stability and balance (Figure 1-A1) [30]. Postural stability refers to the inter-
segmental coordination during locomotion, including the pelvic, torso, head control, and arm
swing coordination. Balance is the ability to remain upright while walking. Thus, walking
requires complex coordination to be successful [30].

The motor skill of walking is the set of learned coordinated actions that result in the body’s
translation through space while maintaining postural control and balance [1], [28]. In various
real-world environments (e.g., indoor, outdoor, crowded malls, uneven or littered ground),
motor skill needs to be tractable. For example, this tractability can be defined for three
general paths of walking: a straight path, a curved path, and an obstacle avoidance path
(Figure A1) [1], [31]-[33]. In each case, changes in foot placement and postural adjustments
are superimposed upon the gait cycle. Kinematic measurements during walking are used to
quantify gait characteristics to evaluate the motor skill of walking. Several metrics can be
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calculated from these characteristics, which focus on the particular aspects of the motor skill
of walking. Aligning the right metrics to the particular aspect of walking’s motor skill is
imperative in defining healthy walking and impairments.

B. Characteristics of Motor Skill

Motor skill, generally, refers to a motor task’s successful performance with consistency,
efficiency, and the flexibility to adapt to different environmental constructs [34], [35]. The
intact motor skill of walking produces a smooth and efficient translation of the body over the
surface. A decline in motor skill often leads to coordination loss, haphazard timing of
stepping, postural instability, and asymmetries in gait phases during walking. Each of these
aspects of motor skill is important in evaluating locomotion towards defining impairments
and guiding rehabilitation. Based on the literature search, we defined seven interrelated,
critical characteristics of the performance outcome of the motor skill of walking:

Smoothness is the consistent forward progression and regular, repeatable pattern
of steps during walking [36]-[38]. Specifically, the smoothness of walking refers
to the acceleration and deceleration of the trunk during walking. An interruption
of the gait cycle events, such as heel strike and toe-off, can lead to uneven
walking, characterized by an extended deceleration of the “the leading limb at
heel strike and altered accelerations of the trunk to advance the trailing limb [1],
[36], [37].”

Efficiency is inversely related to the energy expenditure during walking; the
higher the energy cost of walking, the lower the efficiency [1], [39].

Automaticity is the reproducibility of walking motor skill with little attentional,
central nervous system resources for guidance [1], [40].

Adaptability is the set of accommodations to walking based on the response
before or after the loss of postural balance (due to obstacles or biomechanical
defects) [41].

Variability (or regularity) is the change or fluctuation in walking from one stride
to the next [42], [43]. Multiple metrics claim to measure gait variability, leading
to many ambiguous definitions [13], [44]. While gait variability may include the
discussion of stride-to-stride fluctuations [42], there are further definitions of
variability, such as the change in other spatial parameters (e.g., foot clearance)
and temporal parameters (e.g., duration of gait phases) from one gait cycle to the
next [45].

Stability in locomation is a fundamental concept that relies on neural control
given the system is mechanically unstable. Gait stability can be defined in
multiple ways, from the simplest definition of the ability to walk without falling,
to complex interactions of the neural controller with the mechanical system
during the process of walking [41], [46], [47]. The latter includes concepts such
as dynamic stability of the system [48]. In this review, we examine stability of
walking by measuring variability in the temporal and spatial characteristics of the
whole body and limbs. Please note that stability does not refer to dynamic/

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al. Page 5

postural control, which is dependent on measures such as step width and step
width variability [49], [50].

. Symmetry is the agreement between the actions and behavior of the lower limbs
during walking [51], [52]. While smoothness and variability may include some
aspects of symmetry, symmetry is more focused on the concordance of
contralateral motion while walking [36], [53], [54].

The above characteristics can be evaluated in various locomotor tasks. For example, in
straight-line walking, good motor skill is indicated by clinical measures of low gait
variability (Figure Al). In contrast, for curved-path and obstacle-avoidance walking, good
performance is indicated by clinical measures of high gait adaptability, particularly in step
lengths and widths (Figure Al). Furthermore, in curved-path walking, a good motor skill can
be indicated by high gait variability (Figure Al) [31]. Hallmarks of poor straight-path and
curved-path walking are a decrease in walking speed, a decrease in stride length, a reduction
in trunk movement, decreased strength and flexibility, and decreased balance (Figure A1)
[55]. Signs of poor obstacle-avoidance walking are decreased swing velocity, rapid stepping
to maintain balance, shorter step lengths, shorter obstacle-heel strike distance, and freezing/
stopping in motion (Figure Al).

Motor skill is defined here as an intended voluntary task or goal-oriented motor action for
walking [1]. The performance of these motor actions can be influenced by the environment
or perturbations, but the response to these changes are not considered a part of the motor
skill of walking [56]. For example, a gait perturbation such as a slip or trip in walking causes
a response to regain stability and return to pre-planned locomotion where motor skills are
engaged [57], [58]. Perturbations can be caused by cognitive, visual, mechanical (e.g.,
environmental) means, or pathological gait impairments [57], [59]. Perturbations do not
refer to long-term changes in the system or environment, in which longer-term changes in
one’s motor skill need to be made. Typically, one adapts to a perturbation by implementing
faster, shorter, and wider steps [57]. Positive recovery from perturbations is related to
increased stability and decreased variability of the motor skill of walking [57]. High
variability as a response to a perturbation can indicate a risk for a future fall [27], [57].
However, perturbation studies, which often induce perturbations, are often risky for
participants, especially older adults, and thus, there is little discussion of perturbations in
this review.

The motor skill of walking is affected by age- and disease-related metabolic, cardiovascular,
musculoskeletal, and neurological changes. Thus the altered motor skill of walking can be a
functional indication of the aging system decline or subtle disease states. For example, for
those who have Parkinson’s, walking in a straight path is more manageable than walking on
a curved path or through/over obstacles [60]. Even in the presence of pain-free, adequate
muscle strength and endurance, the difficulty in navigating curved-path walking and obstacle
avoidance illustrate the disease-related altered basal ganglia to cortical communication
impact on the timing coordination and adaptability of walking necessary for these walking
tasks [61], [62].
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lll. Acceleration Gait Measures (AGMSs)

Accelerometers are used to study age- and illness-related changes in walking [63].
Accelerometers measure the accelerations of objects in motion along three orthogonal axes,
often generally aligned with anatomical coordinates (e.g., mediolateral (ML), superior-
inferior or vertical (V), and anterior-posterior (AP) [64]; these accelerations are time-series,
and an example is shown in Figure 2. Inertial measurement units (IMUs) or wearable
technologies that include an accelerometer component (e.g., fitness trackers) are preferred
because the acceleration measurements can be used to validate the velocity of walking,
distance walked, and the intensity of movement (Figure 1-B) [64], [65]. Since orientation is
relative to gravity, accelerometers contribute to the identification of the objects’ rotation and
orientation. These characteristics allow accelerometers to determine body postures [64].

In this review, we focus on accelerometer placement on the low-back region to approximate
the body’s center of mass movement [66]. Research-grade accelerometers are often located
at the level of the L3-L5 vertebrae and are most often used to measure spatial variability,
smoothness, and symmetry of gait [36]. From a clinical perspective, low-back or lower-trunk
placement succeeds because the trunk segment covers over half the body’s mass and is
prioritized by the nervous system [17].

In this review, AGMs are grouped by the methodologies they are derived from 1) gait cycle
event timings, 2) statistical features, 3) signal-frequency features, 4) time-frequency features,
and 5) information-theoretic features (Figure 1-D). Examples of the AGMs for each
category can be found in the Appendices (Section VIII).

The gait cycle is defined by the coordinated trajectories of each leg and each leg’s swing and
stance phases during single support and double support [68]-[70]. Specific events of
particular interest are heel contact, foot flat, heel off, mid-swing, and toe-off (see [71] for
details on gait cycle parameterization) (Figure 2). Using AGMs to measure gait cycle
characteristics often requires knowing these events and how often they occur (i.e., the
number of strides). In the majority of studies, statistical summaries are performed on
different gait cycle metrics over a time period [72]. Signal-frequency features are those
acquired by the frequency spectra of the acceleration signals. Time-frequency features are
features gathered through information from signal and time dimensions, using time-
frequency functions [73], such as short-time Fourier transform and wavelet transformations.
While some of the time-frequency features in this section may fit into the other AGM
categories, they are specifically grouped here by how they are extracted from the
acceleration signals. Information-theoretic features measure the amount of variability and
uncertainty in the information context of a signal [16], [74]. Many of these features can be
measured for each direction or a gait event (i.e., a stride).

In Table I, we define each of the categories and compare/contrast the differences between
them. For the following attributes, we compare the strengths and weaknesses across AGM
categories: 1) “Ease of calculation” refers to the difficulty of calculation of the AGMs, 2)
“Directly applicable to clinical problems” refers to how contextually relevant the AGMs are
without further explanation or back-calculation, 3) “Popular across literature” is how
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prevalent these set of AGMs are, 4) “Reduce complexity and dimensionality” is the extent to
which AGM s capture a wide amount of information, and 5) “Tied to multiple aspects of
walking” refers to how well the AGMs relate to walking elements (Table I).

IV. AGMs in Action
A. Motor Skill and AGMs

Understanding the use of AGMs as proxies for the aspects of the motor skill of walking will
provide better clinical features for models that can potentially predict the motor skill of
walking. Clinically, mapping motor skill characteristics (Section I1-B) to categories of
AGMs (Table 1) may be capable of providing relevant and accurate measurements. In Table
I1, we summarized a selection of references for each of the aspects of motor skill-AGM
mappings. By doing so, we also identify the existing gap by seeing how researchers have
combined multiple features extracted from gait accelerometry signals into a derived AGM
that could potentially be a marker for walking-related changes in physical function.

1) Smoothness: Walking smoothness is a high indicator of fall-risk in older adults. The
most common way to measure smoothness is through root mean square [89]-[93], indices of
harmonicity, or harmonic ratios (estimated for each of the three directions as the index of
harmonicity) [36], [94]-[96]. Larger harmonic ratios can indicate a smoother gait pattern. In
contrast, a lower ratio is found in older adults and older adults with unsteady gaits [16], [36],
[801, [90], [93], [97]. During most modes of walking, the most significant impact on the
harmonic ratio, due to increased age, is in the ML direction. Another way to measure
smoothness is to measure the jerk-cost function from the gait movement [38], [98]. Lower
jerk indicates higher smoothness in gait and higher motor control [38]. Power spectrum
entropy of the acceleration signals can be used to differentiate persons likely to fall and
persons not likely to fall, by their gait [105].

2) Efficiency: Efficiency, the inverse of energy expenditure, can also be used to assess
the gait and evaluate balance in older adults [39], [127]. Energy expenditure was measured
along with the center of mass accelerations in all forms of walking to come up with
guidelines on how older adults can improve their walking [104]. Another way to measure
efficiency is through measuring periodicity, precisely constant acceleration periods and
changes [79], [86], [107]-[109]. While these AGMs are useful in measuring efficiency,
validation methods such as measuring the oxygen rate during walking are often used [127],
[128].

3) Automaticity: Automaticity often goes hand in hand with variability/regularity [40].
Many of the features that measure inter-step or inter-stride variability in walking can be
indicative of automaticity. For instance, the coefficient of variation of stride velocity,
coefficient of variations of the axial directions of accelerations, and swing time variability
are measures of automaticity [1], [102], [103]. Other useful AGMs include the periodicity of
accelerations [80], [90], [93], [99]-[101], and measures of efficiency [104]. For example, in
patients who freeze or momentarily stop walking, a sign of Parkinson’s disease, these
measures are particularly useful [129]-[132]. Moreover, automaticity becomes an important
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motor skill to investigate when studying cognitive impairment or load within aging adults
[133].

4) Adaptability: Adaptability is a distinct aspect of the motor skill of walking, but it is
very closely tied to the concepts of stability and variability/regularity. Adaptability is
influenced by stability since people try to increase their stability in the ML direction to
maintain an upright posture. Similarly, adaptability can be affected by variability/regularity,
since people adapt back into their regular gait pattern when they are perturbed [120].
Statistical features of gait cycle events and the harmonic ratio can also be used to measure
gait adaptability [16]. In obstacle avoidance studies [117]-[119], gait pattern adaptations
were measured via step length variability. Step length variability is measured in the
following studies: [90], [99], [100], [107], [108], [110]-[116]. The common measures of gait
adaptability come from the use of Lyapunov exponents and entropy measures; while both
variability and stability may use these measures, adaptability can be measured by examining
the “continuum” of Lyapunov exponent and entropy values [134]-[136].

5) Variability: Typically, gait variability is calculated through simple measures (and by
simple methods), such as step or stride length (or duration) [77]. Because accelerometers can
collect massive amounts of data over time, they are especially useful in assessing stride-to-
stride or step-to-step variability of walking [76]. Some common AGMs describing
variability presented are:

. Standard deviation and coefficient of variation of the gait cycle events can
directly measure variability [76].

. The median of the modal frequencies for the V, ML, and AP directions and the
strength of the relative fluctuations in the phase progression can determine step/
stride frequency [66].

. The autocorrelation coefficient of the signal can capture inter-stride variability
[19], [76].
. The peak values of the first and second dominant periods of the autocorrelation

function, simple statistical features, individual curve estimates, and adaptive peak
thresholds can determine step/stride variability [43], [82], [83].

. Root mean square of the acceleration signal can be a measure of variability. For
example, Rispens et a/. define “movement intensity” as the root mean square of
the acceleration [66], [79]-[81].

. Entropy, entropy rate, and Lyapunov exponents may be correlated with gait
variability (as well as adaptability) [13], [16], [106], [137].

While many gait cycle events are used for variability, step duration is a much better measure
than step length when investigating the loss of balance in older adults [23], [26], [75], [78].
Statistical summaries of step length, in conjunction with a low root mean square value, often
indicate a typical gait pattern during walking. On the other hand, the autocorrelation
coefficient of the signal and other signal-frequency features can better pick up characteristics
of overall walking patterns. Finally, information-theoretic features can provide some insight
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into variability if other motor skill aspects are also being investigated [16]; for example, the
regularity of a time series can be captured via entropy or entropic features [85].

Some specific examples in the literature have shown that measuring variability via AGMs is
helpful to differentiate between classes of older adults. Older adults with neuromotor
difficulties have one or more of the following: lower step/stride variability, lower step/stride
frequency, and higher movement intensity in all forms of walking [23], [43]. Linear (mean
velocity, the peak-to-peak amplitude of accelerations, root mean square, and frequency
dispersion) and non-linear AGMs (Lyapunov exponent and entropy) can be used to measure
the gait variability in patients with multiple sclerosis in lieu of simple footfall data [84]. Gait
variability AGMs can be part of a clinical screening method for the locomotive syndrome
since AGMs provide a complete, accurate, and personalized measurement of locomotive
disorder in older patients with or without the musculoskeletal disease [138]. Gait
irregularities and variability can also be measured to create a reference database, investigate
outcomes in patients with gait disorders, and study rehabilitation for those with limited knee
function [90], [99], [107], [108]. Similarly, other articles directly assess gait variability
through trunk AGMs [91], [116], [139], [140].

6) Stability: To measure how people maintain gait stability, many researchers test a
strategy of changing walking speeds or measuring accelerations. However, raw trunk
acceleration data could enrich the measure of stability. Vertical accelerations can show the
moments when toe-offs and heel strikes occur - decreased moments and low acceleration at
heel contact, foot flat, mid-swing, and initial push-off are more prevalent in older adults
[46], [81], [82]. High fractal values (from the maximum-likelihood-estimate analyses of
accelerations) can indicate instability [27]. Additionally, measures such as root mean square
[66], [79]-[81], standard deviations, and coefficient of variations of the acceleration signals
can provide a better depiction of stability.

Non-linear aspects of stability can be described through dynamical systems analyses. Local
dynamic stability is measured with the maximal Lyapunov exponent. Dynamical system
analysis has been used to evaluate gait stability and falling risk [87]. A high local dynamic
stability is indicative of good motor control and dynamically-stable gait. Another non-linear
measure of stability are that has been used is the step stability index [43], [141]. The step
stability index is a function of standard deviations of the intrinsic mode functions (derived
from acceleration signals from the vertical direction) [43], [141]. The harmonic ratio, while
it is often used to quantify smoothness or variability, can also be correlated with stability
[142].

7) Symmetry: Similar to variability, fractal dynamics [76] and autocorrelation coefficient
of the signal [76], the mean, standard deviation, coefficient of variation, and correlation of
the gait cycle events [76], [79], [91], [111], [123], [124] are used to determine symmetry.

Symmetry can be derived from the autocorrelation function of the vertical acceleration
signal [82], [101], [121]. There are more metrics of symmetry [51]: step asymmetry [122],
symmetry ratio, symmetry index, gait asymmetry, and symmetry angle using step length,
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swing time, stance time, double support time, and an intra-limb ratio of swing time to stance
time.

B. Uses of Motor Skill-F-AGM Mapping for Gait-Related Outcomes

Mapping AGMs to motor skill can aid in differentiating gait-related outcomes through
machine or statistical learning. In machine learning, there are two tasks: supervised learning
and unsupervised learning. In the field of motor skill research, the goal of supervised
learning is to learn a function from labeled data and approximate the relationship between
the observable exposure and outcome variables in the data; in unsupervised learning,
walking tasks, other gait-related, or motor decline outcomes are not labeled, and the goal is
to deduce the relationships within the data.

Among the paradigms of classifiers for recognizing gait-related outcomes, regression, Naive
Bayes, support vector machines, decision trees, k-nearest neighbors, Hidden Markov
Models, neural networks, and deep learning are the most popular. Typically, the pipeline for
machine learning with acceleration signals follows the following steps: 1) pre-process the
signals, 2) derive AGMs, 3) label the outcomes (if performing supervised learning), 4) use
single or a combination of classifiers, and 5) applying models to test data to predict
probabilities of class assignments.

However, with the use of machine learning and AGMs, it can be challenging to determine
which selected features (AGMs) are less significant than others. Mechanistically, there are
feature selection methods, such as forward or backward or recursive methods. However, it is
more clinically useful to pick out relevant AGMs that fit the clinical problem’s context.

V. Discussion and Future Directions

The literature is overpopulated with multiple AGMs, and very few researchers can say they
measure specific aspects of motor skill. For example, there appear to be several conceptual
and data-driven clinical models that utilize AGMs for fall-risk assessment in various ways
(Figures 3—-4 from [13]). Thus, there are several issues to be addressed to move the field of
gait and rehabilitation forward.

A. Selection and Use of AGMs

Extracting AGMs from raw acceleration values is a natural step in biomedical informatics
research. With the increased use of artificial intelligence, feature selection and specification
are necessary for scientists to build statistical models to make predictions in the context of
their problem. Clinical researchers in rehabilitation and physical-activity sciences may find
utility and insight from conducting more studies in observational and clinical trials with
AGMs to further the field.

However, the current selection and use of AGMs in research have limited value because of a
lack of gold-standard information from acceleration measurements. Only a few studies have
compared various AGMs within the same sample or dataset, let alone in different study
designs. Moreover, there is a discrepancy in how AGMs are used between age, sex, gender,
and disease groups. Further, previous research is limited to comparing AGMs to common
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simple gait measurements [143]. Collectively, research has a minimal consensus on the
validity of using many of these AGMs.

There is little consensus on the most useful AGMs for analyzing locomotion in general,
particularly with an accelerometer located on the lower back. There are very few studies that
examine more than one AGM from one dataset [144]. Most of the current single AGMs
studies only differentiate generalized populations (e.g., older adults vs. young adults) as
opposed to more specific groups (e.g., older adults who are more prone to falling vs. older
non-fallers). To improve the accuracy of the AGMs for detection of gait impairment, future
researchers need to combine multiple AGMs through modeling [144]. Analyzing AGMS
collected pre- and post-intervention can examine discriminative ability, responsiveness and
construct validity for various AGMs [144], [145].

B. Contribution of AGMs to Gait & Motor Skill Research

The contribution potential of a critical analysis of AGMs and the aspects of the motor skill

to which they are mapped is substantial. As iterated in the introduction, gait impairments and
“poor motor” skill of walking are observed across various morbidities. These gait
impairments can have significant consequences on the quality of life of individuals. In the
clinical space, gait and the motor skill of walking is often evaluated using observational
scales and performance-based tests, such as the Timed Up and Go test. This evaluation can
only be done by trained health professionals and may not prevent future gait-related
incidents, such as falls. However, the addition of accelerometers and AGMs can provide a
more continuous assessment of a person’s gait and walking skill. For example, Salarian et al.
developed a Timed Up and Go test using from five to seven accelerometer sensors; which
had good psychometric properties at a pilot study for Parkinson’s patients; main features that
demonstrated association with the Unified Parkinson’s disease rating scale, extracted from
instrumented Timed Up and Go are step counting, seconds, peak arm velocity, cadence,
stride and turning and among the sub-elements of the instrumented Timed Up and Go test,
gait, turning, and turn-to-sit were the most reliable [146].

C. lIssues in Validity and Interpretation of AGMs

There are multiple construct validity issues with the use of AGMs, because of the various
methods for the derivation of an AGM from gait accelerometry and no known means to
compare across the derived AGMs. It is not certain if various AGMs represent the same
findings of the motor skill of walking, or if differences in the ability of various AGMs to
distinguish the level of physical functioning in daily life.

In the studies that we have identified that investigate the impact of aging and illness on
specific walking tasks, older adults adopt more conservative and compensatory gait patterns
[27]. Older adults typically have reduced walking velocity and trunk-accelerations
accompanied by reduced step length; these reduced accelerations are possibly induced to
compensate for degeneration in vision, sensation, and lower-limb strength [23]. Notably, in
straight path walking and curved-path walking, older adults have increased sub-movements,
deceleration, and hesitancy [38].
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Furthermore, few studies have researched how multiple AGMs within the same sample can
effectively improve a statistical model. Several investigators report individually defined
indexes of the acceleration signal, derived by proprietary algorithm methods [147], [148].
Little replication of AGMs in the same target population exists, including by the same
investigator in subsequent studies of a similar sample. As a result, the clinical investigator
has little to base an informed decision or intervention about the usefulness of derived AGMs
to describe, detect, and monitor walking abnormalities. Therefore, there is an obligation for
further study into comparing AGMs in a more standardized way.

D. Addressing Barriers to Future Use

Without reliable and accessible tools within an established signal pre-processing pipeline,
the use of AGMs in research cannot be feasible. Acceleration signal pre-processing can be a
time-consuming task and can get in the way of diagnosing or analyzing a clinical problem.
The assessment of gait in the clinical space lacks maturity with the use of these signal pre-
processing tasks.

This paper does not address the deeper issues of data collection or signal pre-processing.
Data collection involves technical issues [149], such as sampling rates used, frequency
response requirements for different tasks, placement and alignment of the accelerometer on
the trunk [26], and how they are attached for long-term and short-term use. To derive AGMs,
there are several pre-processing steps that can be used to prepare the signal data [86], [150],
such as filtering or extracting noise from the signals [151]-[153], event detection and
labeling [66], [71], [154]-[156], wavelet analysis and decomposition [68], [157], [158],
Fourier or Laplace transformations [159], integration [150], [160], [161], tilt correction [86],
nonlinear techniques [158], statistical calculations [67], [162]. A non-exhaustive list of
signal pre-processing tasks can be found in Figure 1-C.

Computing languages, packages, and toolboxes will come and go, but there will always be a
constant need for technological tools that are more accessible to researchers of all levels.
Some of the attributes any tool processing the acceleration signal to AGMs should have are
the ability to visualize accelerations, packages that can filter out signal noise, and the ability
to extract signal features into a data structure that can later be used in statistical modeling.
While MATLAB, Python, and the other current tools have all of these pieces, tools with
greater ease of use and reduced programming requirements could make these measures more
available to a broader audience of researchers and clinicians.

E. Future State of AGM Use

In Figure 3, the future of this field and how gait accelerometry research can be ameliorated
through the use of AGMs, not just in the clinical space but also in the hands of patients and
consumers. For instance, AGMs combined with electronic health and medical records may
be used to identify those with a high risk of falls [163]. Since wearables are increasingly
reducing in size, they can be used as a means to provide digital medicine with a harmonious
set of biomarkers (risk, diagnostic, monitoring, prognostic, etc.) [164].
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VI. Conclusion

The use of AGMs is increasing due to the ease of use and low cost. The ultimate goal is to
develop screening measures for a walking-related physical-function decline. Also, AGMs
could inform intervention strategy and monitor outcomes. However, currently, there is a
disparity in the literature reviewing the different mapping of AGMs to aspects of motor skill.
In this review, we characterized the three different modes of walking, defined seven motor
skill aspects of walking, categorized five broad categories of AGMs, and discussed the
typical AGMs used for the aspects of the motor skill of walking. This review will elucidate
how AGMs supplement simple measures and improve our understanding of how AGMs can
be used to investigate locomotion. Linking motor skills of walking to AGM metrics will
prove useful in quantifying declines due to aging and other neuromotor factors. In
application, AGMs have been used to detect differences and changes in motor performance
due to learning/expertise, or task and environment manipulations. In conclusion, AGMs are
a promising component of motor skill research, which can help older adults’ quality of life
and reduce the strain on healthcare.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgments

This work was supported in part by the National Library of Medicine (National Institutes of Health) under Grant
4T15LMO007059-30, in part by the Pittsburgh Claude D. Pepper Older Americans Independence Center under Grant
NIA P30 AG 024827, in part by the Royal Academy of Engineering: Frontiers of Engineering for Development
under Grant FOESF1819T621, in part by the National Institutes on Aging under Grant R01 AG057671-01 and
Grant RO1 AG041745-01, in part by the National Institutes of Health under Grant R21 HD079254 and Grant U01
AG061393, in part by the Canadian Institutes of Health Research under Grant CIHR; MOP 211220, PJT 153100, in
part by the Ontario Ministry of Research and Innovation under Grant ER11-08-101, in part by the Ontario
Neurodegenerative Diseases Research Initiative under Grant OBI 34739, in part by the Canadian Consortium on
Neurodegeneration in Aging under Grant FRN CNA 137794, and in part by the Department of Medicine Program
of Experimental Medicine Research Award, University of Western Ontario, under Grant POEM 768915.

References

[1]. VanSwearingen JM and Studenski SA, “Aging, motor skill, and the energy cost of walking:
Implications for the prevention and treatment of mobility decline in older persons,” J. Gerontol.
A, Biol. Sci. Med. Sci, vol. 69, no. 11, p. 1429, 2014. [PubMed: 25182600]

[2]. Fradet L, Lee G, and Dounskaia N, “Origins of submovements in movements of elderly adults,” J.
Neuroeng. Rehabil, vol. 5, no. 1, p. 28, 2008. [PubMed: 19014548]

[3]. Maki BE, “Gait changes in older adults: Predictors of falls or indicators of fear?” J. Amer.
Geriatrics Soc, vol. 45, no. 3, pp. 313-320, 1997.

[4]. Thompson PD, “Gait disorders,” in Neurology in Clinical Practice: Principles of Diagnosis and
Management, vol. 1. 2004, p. 323.

[5]. Ambrose AF, Paul G, and Hausdorff JM, “Risk factors for falls among older adults: A review of
the literature,” Maturitas, vol. 75, no. 1, pp. 51-61, 5 2013. [PubMed: 23523272]

[6]. Guralnik JM et al., “Lower extremity function and subsequent disability: Consistency across
studies, predictive models, and value of gait speed alone compared with the short physical
performance battery,” J. Gerontol. A, Biol. Sci. Med. Sci, vol. 55, no. 4, pp. M221-M231, 4.
2000. [PubMed: 10811152]

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al.

Page 14

[7]. Cesari M et al., “Prognostic value of usual gait speed in well-functioning older people—Results

from the health, aging and body composition study,” J. Amer. Geriatrics Soc, vol. 53, no. 10, pp.
1675-1680, 10. 2005.

[8]. Guralnik JM, Fried LP, and Salive ME, “Disability as a public health outcome in the aging

population,” Annu. Rev. Public Health, vol. 17, no. 1, pp. 25-46, 1. 1996. [PubMed: 8724214]

[9]. Fried LP and Guralnik JM, “Disability in older adults: Evidence regarding significance, etiology,

and risk,” J. Amer. Geriatrics Soc, vol. 45, no. 1, pp. 92-100, 1. 1997.

[10]. Alexander NB and Goldberg A, “Gait disorders: Search for multiple causes,” Cleveland Clinic J.

[11].

[12].

[13].

[14].

[15].

[16].

[17].

[18].

[19].

[20].

[21].

[22].

[23].

[24].

[25].

Med, vol. 72, no. 7, p. 586, 2005.

Oberg T, Karsznia A, and Oberg K, “Basic gait parameters: Reference data for normal subjects,
10-79 years of age,” J. Rehabil. Res. Develop, vol. 30, p. 210, 1. 1993.

Hausdorff JM, Yogev G, Springer S, Simon ES, and Giladi N, “Walking is more like catching
than tapping: Gait in the elderly as a complex cognitive task,” Exp. Brain Res, vol. 164, no. 4, pp.
541-548, 8. 2005. [PubMed: 15864565]

Nouredanesh M, Godfrey A, Howcroft J, Lemaire ED, and Tung J, “Fall risk assessment in the
wild: A critical examination of wearable sensors use in free-living conditions,” Gait Posture, to
be published. [Online]. Available: https://www.sciencedirect.com/science/article/abs/pii/
S0966636220301144?via%3Dihub, doi: 10.1016/j.gaitpost.2020.04.010.

Ku JP, Hicks JL, Hastie T, Leskovec J, Ré C, and Delp SL, “The mobilize center: An NIH big
data to knowledge center to advance human movement research and improve mobility,” J. Amer.
Med. Inform. Assoc, vol. 22, no. 6, pp. 1120-1125, 11. 2015. [PubMed: 26272077]

Jarchi D, Pope J, Lee TKM, Tamjidi L, Mirzaei A, and Sanei S, “A review on accelerometry-
based gait analysis and emerging clinical applications,” IEEE Rev. Biomed. Eng, vol. 11, pp.
177-194, 2018. [PubMed: 29994786]

Sejdi¢ E, Lowry KA, Bellanca J, Redfern MS, and Brach JS, “A comprehensive assessment of
gait accelerometry signals in time, frequency and time-frequency domains,” IEEE Trans. Neural
Syst. Rehabil. Eng, vol. 22, no. 3, pp. 603-612, 5 2014. [PubMed: 23751971]

Kang HG and Dingwell JB, “Dynamic stability of superior vs. inferior segments during walking
in young and older adults,” Gait Posture, vol. 30, no. 2, pp. 260-263, 8. 2009. [PubMed:
19502060]

Hodt-Billington C, Helbostad JL, and Moe-Nilssen R, “Should trunk movement or footfall
parameters quantify gait asymmetry in chronic stroke patients?” Gait Posture, vol. 27, no. 4, pp.
552-558, 2008. [PubMed: 17897830]

Moe-Nilssen R and Helbostad JL, “Interstride trunk acceleration variability but not step width
variability can differentiate between fit and frail older adults,” Gait Posture, vol. 21, no. 2, pp.
164-170, 2005. [PubMed: 15639395]

Godfrey A, Conway R, Meagher D, and Olaighin G, “Direct measurement of human movement
by accelerometry,” Med. Eng. Phys, vol. 30, no. 10, pp. 1364-1386, 12. 2008. [PubMed:
18996729]

Patla AE, Adkin A, and Ballard T, “Online steering: Coordination and control of body center of
mass, head and body reorientation,” Exp. Brain Res, vol. 129, no. 4, pp. 629-634, 1999.
[PubMed: 10638436]

Winter D, MacKinnon C, Ruder G, and Wieman C, “An integrated emg/biomechanical model of
upper body balance and posture during human gait,” in Progress in Brain Research, vol. 97.
Amsterdam, The Netherlands: Elsevier, 1993, pp. 359-367. [PubMed: 8234761]

Menz HB, “Age-related differences in walking stability,” Age Ageing, vol. 32, no. 2, pp. 137-
142, 3. 2003. [PubMed: 12615555]

Mancini M, Horak FB, Zampieri C, Carlson-Kuhta P, Nutt JG, and Chiari L, “Trunk
accelerometry reveals postural instability in untreated Parkinson’s disease,” Parkinsonism Rel.
Disorders, vol. 17, no. 7, pp. 557-562, 8. 2011.

Maetzler W et al., “Impaired trunk stability in individuals at high risk for Parkinson’s disease,”
PLoS ONE, vol. 7, no. 3, 3. 2012, Art. no. e32240. [PubMed: 22457713]

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.


https://www.sciencedirect.com/science/article/abs/pii/S0966636220301144?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S0966636220301144?via%3Dihub

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al.

Page 15

[26]. Hartmann A, Murer K, de Bie RA, and de Bruin ED, “Reproducibility of spatio-temporal gait
parameters under different conditions in older adults using a trunk tri-axial accelerometer
system,” Gait Posture, vol. 30, no. 3, pp. 351-355, 10. 2009. [PubMed: 19628391]

[27]. Kavanagh JJ and Menz HB, “Accelerometry: A technique for quantifying movement patterns
during walking,” Gait Posture, vol. 28, no. 1, pp. 1-15, 7. 2008. [PubMed: 18178436]

[28]. Brooks VB, The Neural Basis of Motor Control. New York, NY, USA: Oxford Univ. Press, 1986.

[29]. Schmidt RA and Young DE, “Transfer of movement control in motor skill learning,” in Transfer
of Learning. Amsterdam, The Netherlands: Elsevier, 1987, pp. 47-79.

[30]. Winter DA, Biomechanics and Motor Control of Human Movement. Hoboken, NJ, USA: Wiley,
2009.

[31]. Bland K, Lowry K, Krajek A, Woods T, and VanSwearingen J, “Spatiotemporal variability
underlying skill in curved-path walking,” Gait Posture, vol. 67, pp. 137-141, 1. 2019. [PubMed:
30336347]

[32]. Cisek P and Kalaska JF, “Neural mechanisms for interacting with a world full of action choices,”
Annu. Rev. Neurosci, vol. 33, no. 1, pp. 269-298, 6. 2010. [PubMed: 20345247]

[33]. Brach JS et al., “Improving motor control in walking: A randomized clinical trial in older adults
with subclinical walking difficulty,” Arch. Phys. Med. Rehabil, vol. 96, no. 3, pp. 388-394, 3.
2015. [PubMed: 25448244]

[34]. Kitago T and Krakauer JW, “Motor learning principles for neurorehabilitation,” in Handbook of
Clinical Neurology, vol. 110. Amsterdam, The Netherlands: Elsevier, 2013, pp. 93-103.
[PubMed: 23312633]

[35]. Shmuelof L and Krakauer JW, “Recent insights into perceptual and motor skill learning,”
Frontiers Hum. Neurosci, vol. 8, p. 683, 9. 2014.

[36]. Brach JS et al., “Validation of a measure of smoothness of walking,” J. Gerontol. A, Biol. Sci.
Med. Sci, vol. 66, no. 1, pp. 136-141, 1. 2011. [PubMed: 20923910]

[37]. Menz HB, Lord SR, and Fitzpatrick RC, “Acceleration patterns of the head and pelvis when
walking on level and irregular surfaces,” Gait Posture, vol. 18, no. 1, pp. 35-46, 8. 2003.
[PubMed: 12855299]

[38]. Hreljac A, “Stride smoothness evaluation of runners and other athletes,” Gait Posture, vol. 11, no.
3, pp. 199-206, 6. 2000. [PubMed: 10802432]

[39]. Waters RL and Mulroy S, “The energy expenditure of normal and pathologic gait,” Gait Posture,
vol. 9, no. 3, pp. 207-231, 7. 1999. [PubMed: 10575082]

[40]. Clark DJ, “Automaticity of walking: Functional significance, mechanisms, measurement and
rehabilitation strategies,” Frontiers Hum. Neurosci, vol. 9, p. 246, 5 2015.

[41]. Hak L et al., “Stepping strategies for regulating gait adaptability and stability,” J. Biomech, vol.
46, no. 5, pp. 905-911, 2013. [PubMed: 23332822]

[42]. Hausdorff JM, “Gait variability: Methods, modeling and meaning,” J. Neuroeng. Rehabil, vol. 2,
p. 19, 12. 2005. [PubMed: 16033650]

[43]. Gillain S et al., “Assessing gait parameters with accelerometer-based methods to identify older
adults at risk of falls: A systematic review,” Eur. Geriatric Med, vol. 9, pp. 1-14, 5 2018.

[44]. Lord S, Howe T, Greenland J, Simpson L, and Rochester L, “Gait variability in older adults: A
structured review of testing protocol and clinimetric properties,” Gait Posture, vol. 34, no. 4, pp.
443-450, 10. 2011. [PubMed: 21920755]

[45]. Kbnig N, Singh NB, von Beckerath J, Janke L, and Taylor WR, “Is gait variability reliable? An
assessment of spatio-temporal parameters of gait variability during continuous overground
walking,” Gait Posture, vol. 39, no. 1, pp. 615-617, 1. 2014. [PubMed: 23838361]

[46]. Yack HJ and Berger RC, “Dynamic stability in the elderly: Identifying a possible measure,” J.
Gerontol, vol. 48, no. 5, pp. M225-M230, 9. 1993. [PubMed: 8366265]

[47]. Howcroft J, Kofman J, Lemaire ED, and Mcllroy WE, “Analysis of dual-task elderly gait in
fallers and non-fallers using wearable sensors,” J. Biomech, vol. 49, no. 7, pp. 992-1001, 5 2016.
[PubMed: 26994786]

[48]. losa M, Fusco A, Morone G, and Paolucci S, “Development and decline of upright gait stability,
Frontiers Aging Neurosci, vol. 6, p. 14, 2. 2014.

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al. Page 16

[49]. Lord S, Galna B, Verghese J, Coleman S, Burn D, and Rochester L, “Independent domains of gait
in older adults and associated motor and nonmotor attributes: Validation of a factor analysis
approach,” J. Gerontol. A, Biol. Sci. Med. Sci, vol. 68, no. 7, pp. 820-827, 7. 2013. [PubMed:
23250001]

[50]. Lord S, Galna B, and Rochester L, “Moving forward on gait measurement: Toward a more
refined approach,” Movement Disorders, vol. 28, no. 11, pp. 1534-1543, 9. 2013. [PubMed:
24132841]

[51]. Sadeghi H, Allard P, Prince F, and Labelle H, “Symmetry and limb dominance in able-bodied
gait: A review,” Gait Posture, vol. 12, no. 1, pp. 34-45, 9. 2000. [PubMed: 10996295]

[52]. Patterson KK, Gage WH, Brooks D, Black SE, and Mcllroy WE, “Evaluation of gait symmetry
after stroke: A comparison of current methods and recommendations for standardization,” Gait
Posture, vol. 31, no. 2, pp. 241-246, 2. 2010. [PubMed: 19932621]

[53]. Lowry KA, VanSwearingen JM, Perera S, Studenski SA, and Brach JS, “Walking smoothness is
associated with self-reported function after accounting for gait speed,” J. Gerontol. A, Biol. Sci.
Med. Sci, vol. 68, no. 10, pp. 1286-1290, 10. 2013. [PubMed: 23689828]

[54]. Kobayashi H, Kakihana W, and Kimura T, “Combined effects of age and gender on gait
symmetry and regularity assessed by autocorrelation of trunk acceleration,” J. Neuroeng.
Rehabil, vol. 11, no. 1, p. 109, 2014. [PubMed: 24993146]

[55]. Courtine G and Schieppati M, “Human walking along a curved path. 1. body trajectory, segment
orientation and the effect of vision,” Eur. J. Neurosci, vol. 18, no. 1, pp. 177-190, 7. 2003.
[PubMed: 12859351]

[56]. Hsiao ET and Robinovitch SN, “Biomechanical influences on balance recovery by stepping,” J.
Biomech, vol. 32, no. 10, pp. 1099-1106, 10. 1999. [PubMed: 10476848]

[57]. Madehkhaksar F, Klenk J, Sczuka K, Gordt K, Melzer I, and Schwenk M, “The effects of
unexpected mechanical perturbations during treadmill walking on spatiotemporal gait
parameters, and the dynamic stability measures by which to quantify postural response,” PL0oS
ONE, vol. 13, no. 4, 4. 2018, Art. no. €0195902. [PubMed: 29672558]

[58]. Nouredanesh M, Gordt K, Schwenk M, and Tung J, “Automated detection of multidirectional
compensatory balance reactions: A step towards tracking naturally occurring near falls,” IEEE
Trans. Neural Syst. Rehabil. Eng, vol. 28, no. 2, pp. 478-487, 2. 2020. [PubMed: 31794400]

[59]. McCrum C, Gerards MHG, Karamanidis K, Zijlstra W, and Meijer K, “A systematic review of
gait perturbation paradigms for improving reactive stepping responses and falls risk among
healthy older adults,” Eur. Rev. Aging Phys. Activity, vol. 14, no. 1, p. 3, 12. 2017.

[60]. Guglielmetti S, Nardone A, De Nunzio AM, Godi M, and Schieppati M, “Walking along circular
trajectories in Parkinson’s disease,” Movement Disorders, vol. 24, no. 4, pp. 598-604, 3. 20009.
[PubMed: 19117359]

[61]. Morris ME, Huxham F, McGinley J, Dodd K, and lansek R, “The biomechanics and motor
control of gait in parkinson disease,” Clin. Biomech, vol. 16, no. 6, pp. 459-470, 7. 2001.

[62]. Bond JM and Morris M, “Goal-directed secondary motor tasks: Their effects on gait in subjects
with parkinson disease,” Arch. Phys. Med. Rehabil, vol. 81, no. 1, pp. 110-116, 1. 2000.
[PubMed: 10638885]

[63]. Culhane KM, O’Connor M, Lyons D, and Lyons GM, “Accelerometers in rehabilitation medicine
for older adults,” Age Ageing, vol. 34, no. 6, pp. 556-560, 11. 2005. [PubMed: 16267178]

[64]. Yang C-C and Hsu Y-L, “A review of accelerometry-based wearable motion detectors for
physical activity monitoring,” Sensors, vol. 10, no. 8, pp. 7772-7788, 8. 2010. [PubMed:
22163626]

[65]. Alvarez D, Gonzalez RC, Lopez A, and Alvarez JC, “Comparison of step length estimators from
wearable accelerometer devices,” in Encyclopedia of Healthcare Information Systems. Hershey,
PA, USA: IGI Global, 2008, pp. 244-250.

[66]. Rispens SM, Pijnappels M, van Schooten KS, Beek PJ, Daffertshofer A, and van Dieén JH,
“Consistency of gait characteristics as determined from acceleration data collected at different
trunk locations,” Gait Posture, vol. 40, no. 1, pp. 187-192, 5 2014. [PubMed: 24780202]

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al. Page 17

[67]. Dasgupta P, VanSwearingen J, and Sejdi¢ E, “You can tell by the way i use my walk,” predicting
the presence of cognitive load with gait measurements,” Biomed. Eng. OnLine, vol. 17, no. 1, p.
122, 2018. [PubMed: 30208897]

[68]. Rueterbories J, Spaich EG, Larsen B, and Andersen OK, “Methods for gait event detection and
analysis in ambulatory systems,” Med. Eng. Phys, vol. 32, no. 6, pp. 545-552, 7. 2010. [PubMed:
20435502]

[69]. Davis RB, “Reflections on clinical gait analysis,” J. Electromyogr. Kinesiol, vol. 7, no. 4, pp.
251-257, 12. 1997. [PubMed: 11369268]

[70]. Whittle MW, Gait Analysis: An Introduction. Oxford, U.K.: Butterworth-Heinemann, 2014.

[71]. Moe-Nilssen R and Helbostad JL, “Estimation of gait cycle characteristics by trunk
accelerometry,” J. Biomech, vol. 37, no. 1, pp. 121-126, 1. 2004. [PubMed: 14672575]

[72]. Chau T, Young S, and Redekop S, “Managing variability in the summary and comparison of gait
data,” J. Neuroeng. Rehabil, vol. 2, no. 1, p. 22, 2005. [PubMed: 16053523]

[73]. Sejdi¢ E, Djurovi¢ I, and Jiang J, “Time—frequency feature representation using energy
concentration: An overview of recent advances,” Digit. Signal Process, vol. 19, no. 1, pp. 153-
183, 2009.

[74]. Tochigi Y, Segal NA, Vaseenon T, and Brown TD, “Entropy analysis of tri-axial leg acceleration
signal waveforms for measurement of decrease of physiological variability in human gait,” J.
Orthopaedic Res, vol. 30, no. 6, pp. 897-904, 6. 2012.

[75]. Hausdorff JM, Rios DA, and Edelberg HK, “Gait variability and fall risk in community-living
older adults: A 1-year prospective study,” Arch. Phys. Med. Rehabil, vol. 82, no. 8, pp. 1050-
1056, 8. 2001. [PubMed: 11494184]

[76]. Kobsar D, Olson C, Paranjape R, Hadjistavropoulos T, and Barden JM, “Evaluation of age-
related differences in the stride-to-stride fluctuations, regularity and symmetry of gait using a
waist-mounted tri-axial accelerometer,” Gait Posture, vol. 39, no. 1, pp. 553-557, 1. 2014.
[PubMed: 24139685]

[77]. Jordan K, Challis JH, and Newell KM, “Walking speed influences on gait cycle variability,” Gait
Posture, vol. 26, no. 1, pp. 128-134, 6. 2007. [PubMed: 16982195]

[78]. Bloem BR, Grimbergen YAM, Cramer M, Willemsen M, and Zwinderman AH, “Prospective
assessment of falls in Parkinson’s disease,” J. Neurol, vol. 248, no. 11, pp. 950-958, 11. 2001.
[PubMed: 11757958]

[79]. Lamoth CJ, van Deudekom FJ, van Campen JP, Appels BA, de Vries OJ, and Pijnappels M, “Gait
stability and variability measures show effects of impaired cognition and dual tasking in frail
people,” J. Neuroeng. Rehabil, vol. 8, no. 1, p. 2, 12. 2011. [PubMed: 21241487]

[80]. Lowry KA, Carrel AJ, Mcllrath JM, and Smiley-Oyen AL, “Use of harmonic ratios to examine
the effect of cueing strategies on gait stability in persons with Parkinson’s disease,” Arch. Phys.
Med. Rehabil, vol. 91, no. 4, pp. 632-638, 4. 2010. [PubMed: 20382298]

[81]. losa M, Marro T, Paolucci S, and Morelli D, “Stability and harmony of gait in children with
cerebral palsy,” Res. Develop. Disabilities, vol. 33, no. 1, pp. 129-135, 1. 2012.

[82]. Auvinet B et al., “Reference data for normal subjects obtained with an accelerometric device,”
Gait Posture, vol. 16, no. 2, pp. 124-134, 10. 2002. [PubMed: 12297254]

[83]. Tura A, Raggi M, Rocchi L, Cutti AG, and Chiari L, “Gait symmetry and regularity in
transfemoral amputees assessed by trunk accelerations,” J. Neuroeng. Rehabil, vol. 7, no. 1, p. 4,
2010. [PubMed: 20085653]

[84]. Huisinga JM, Mancini M, George R. J. St., and Horak FB, “Accelerometry reveals differences in
gait variability between patients with multiple sclerosis and healthy controls,” Ann. Biomed.
Eng, vol. 41, no. 8, pp. 1670-1679, 8. 2013. [PubMed: 23161166]

[85]. Cancela J et al., “Gait assessment in Parkinson’s disease patients through a network of wearable
accelerometers in unsupervised environments,” in Proc. Annu. Int. Conf. IEEE Eng. Med. Biol.
Soc, 8. 2011, pp. 2233-2236.

[86]. Millecamps A, Lowry KA, Brach JS, Perera S, Redfern MS, and Sejdi¢ E, “Understanding the
effects of pre-processing on extracted signal features from gait accelerometry signals,” Comput.
Biol. Med, vol. 62, pp. 164-174, 7. 2015. [PubMed: 25935124]

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al. Page 18

[87]. Terrier P and Reynard F, “Effect of age on the variability and stability of gait: A cross-sectional
treadmill study in healthy individuals between 20 and 69 years of age,” Gait Posture, vol. 41, no.
1, pp. 170-174, 1. 2015. [PubMed: 25455699]

[88]. Lamoth CJ, Caljouw SR, and Postema K, “Active video gaming to improve balance in the
elderly,” Stud. Health Technol. Informat, vol. 167, pp. 159-164, 2011, doi:
10.3233/978-1-60750-766-6-159.

[89]. Sekine M et al., “A gait abnormality measure based on root mean square of trunk acceleration,” J.
Neuroeng. Rehabil, vol. 10, no. 1, p. 118, 2013. [PubMed: 24370075]

[90]. Senden R, Savelberg HHCM, Grimm B, Heyligers IC, and Meijer K, “Accelerometry-based gait
analysis, an additional objective approach to screen subjects at risk for falling,” Gait Posture, vol.
36, no. 2, pp. 296-300, 6. 2012. [PubMed: 22512847]

[91]. Bachasson D et al., “Relationship between muscle impairments, postural stability, and gait
parameters assessed with lower-trunk accelerometry in myotonic dystrophy type 1,”
Neuromuscular Disorders, vol. 26, no. 7, pp. 428-435, 7. 2016. [PubMed: 27234310]

[92]. Doheny EP, Greene BR, Foran T, Cunningham C, Fan CW, and Kenny RA, “Diurnal variations in
the outcomes of instrumented gait and quiet standing balance assessments and their association
with falls history,” Physiol. Meas, vol. 33, no. 3, p. 361, 2012. [PubMed: 22369925]

[93]. Yamaguchi R et al., “The usefulness of a new gait symmetry parameter derived from lissajous
figures of tri-axial acceleration signals of the trunk,” J. Phys. Therapy Sci, vol. 24, no. 5, pp.
405-408, 2012.

[94]. Doi T, Hirata S, Ono R, Tsutsumimoto K, Misu S, and Ando H, “The harmonic ratio of trunk
acceleration predicts falling among older people: Results of a 1-year prospective study,” J.
Neuroeng. Rehabil, vol. 10, no. 1, p. 7, 2013. [PubMed: 23356576]

[95]. Moe-Nilssen R, “A new method for evaluating motor control in gait under real-life environmental
conditions. Part 1: The instrument,” Clin. Biomech, vol. 13, nos. 4-5, pp. 320-327, 6. 1998.

[96]. Moe-Nilssen R, “A new method for evaluating motor control in gait under real-life environmental
conditions. Part 2: Gait analysis,” Clin. Biomech, vol. 13, nos. 4-5, pp. 328-335, 6. 1998.

[97]. Doi T et al., “Brain atrophy and trunk stability during dual-task walking among older adults,” J.
Gerontol. A, Biol. Sci. Med. Sci, vol. 67, no. 7, pp. 790-795, 7. 2012. [PubMed: 22174190]

[98]. Caramia C, De Marchis C, and Schmid M, “Optimizing the scale of a wavelet-based method for
the detection of gait events from a waist-mounted accelerometer under different walking speeds,”
Sensors, vol. 19, no. 8, p. 1869, 4. 2019.

[99]. Senden R, Grimm B, Meijer K, Savelberg H, and Heyligers IC, “The importance to including
objective functional outcomes in the clinical follow up of total knee arthroplasty patients,” Knee,
vol. 18, no. 5, pp. 306-311, 10. 2011. [PubMed: 20817472]

[100]. Zijlstra W, “Assessment of spatio-temporal parameters during unconstrained walking,” Eur. J.
Appl. Physiol, vol. 92, nos. 1-2, pp. 39-44, 6. 2004. [PubMed: 14985994]

[101]. Auvinet B, Bileckot R, Alix A-S, Chaleil D, and Barrey E, “Gait disorders in patients with
fibromyalgia,” Joint Bone Spine, vol. 73, no. 5, pp. 543-546, 10. 2006. [PubMed: 16626992]

[102]. Gabell A and Nayak USL, “The effect of age on variability in gait,” J. Gerontol, vol. 39, no. 6,
pp. 662-666, 11. 1984. [PubMed: 6491179]

[103]. Kadaba MP, Ramakrishnan HK, Wootten ME, Gainey J, Gorton G, and Cochran GVB,
“Repeatability of kinematic, kinetic, and electromyographic data in normal adult gait,” J.
Orthopaedic Res, vol. 7, no. 6, pp. 849-860, 11. 1989.

[104]. Shin S-S, An D-H, and Yoo W-G, “Effects of balance control through trunk movement during
square and semicircular turns on gait velocity, center of mass acceleration, and energy
expenditure in older adults,” PM&R, vol. 8, no. 10, pp. 953-961, 10. 2016. [PubMed: 26972362]

[105]. Kojima M, Obuchi S, Henmi O, and lkeda N, “Comparison of smoothness during gait between
community dwelling elderly fallers and non-fallers using power spectrum entropy of acceleration
time-series,” J. Phys. Therapy Sci, vol. 20, no. 4, pp. 243-248, 2008.

[106]. Ahmadi S, Sepehri N, Wu C, and Szturm T, “Sample entropy of human gait center of pressure
displacement: A systematic methodological analysis,” Entropy, vol. 20, no. 8, p. 579, 8. 2018.

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al. Page 19

[107]. Senden R, Grimm B, Heyligers IC, Savelberg HHCM, and Meijer K, “Acceleration-based gait
test for healthy subjects: Reliability and reference data,” Gait Posture, vol. 30, no. 2, pp. 192—
196, 8. 2009. [PubMed: 19477649]

[108]. Senden R, Heyligers IC, Meijer K, Savelberg H, and Grimm B, “Acceleration-based motion
analysis as a tool for rehabilitation: Exploration in simulated functional knee limited walking
conditions,” Amer. J. Phys. Med. Rehabil, vol. 90, no. 3, pp. 226-232, 3. 2011. [PubMed:
21297399]

[109]. Lopez-Sanroman FJ, Holmbak-Petersen R, Santiago |, Gdmez de Segura IA, and Barrey E,
“Gait analysis using 3D accelerometry in horses sedated with xylazine,” Veterinary J, vol. 193,
no. 1, pp. 212-216, 7. 2012.

[110]. Helbostad JL and Moe-Nilssen R, “The effect of gait speed on lateral balance control during
walking in healthy elderly,” Gait Posture, vol. 18, no. 2, pp. 27-36, 10. 2003. [PubMed:
14654205]

[111]. Houdijk H, Appelman FM, Van Velzen JM, Lucas H, Van Der W, and Van Bennekom C,
“Validity of dynaport gaitmonitor for assessment of spatiotemporal parameters in amputee gait,”
J. Rehabil. Res. Develop, vol. 45, pp. 5-11, 11. 2008.

[112]. Mizuike C, Ohgi S, and Morita S, “Analysis of stroke patient walking dynamics using a tri-axial
accelerometer,” Gait Posture, vol. 30, no. 1, pp. 60-64, 7. 2009. [PubMed: 19349181]

[113]. Zijlstra A, de Bruin ED, Bruins N, and Zijlstra W, “The step length— frequency relationship in
physically active community-dwelling older women,” Eur. J. Appl. Physiol, vol. 104, no. 3, p.
427, 2008. [PubMed: 18553099]

[114]. Zong C, Chetouani M, and Tapus A, “Automatic gait characterization for a mobility assistance
system,” in Proc. 11th Int. Conf. Control Autom. Robot. Vis, 12. 2010, pp. 473-478.

[115]. Oyake K et al., “Validity of gait asymmetry estimation by using an accelerometer in individuals
with hemiparetic stroke,” J. Phys. Therapy Sci, vol. 29, no. 2, pp. 307-311, 2017.

[116]. Senden R, Meijer K, Heyligers IC, Savelberg HHCM, and Grimm B, “Importance of correcting
for individual differences in the clinical diagnosis of gait disorders,” Physiotherapy, vol. 98, no.
4, pp. 320-324, 12. 2012. [PubMed: 23122438]

[117]. Hofstad CJ, van der Linde H, Nienhuis B, Weerdesteyn V, Duysens J, and Geurts AC, “High
failure rates when avoiding obstacles during treadmill walking in patients with a transtibial
amputation,” Arch. Phys. Med. Rehabil, vol. 87, no. 8, pp. 1115-1122, 8. 2006. [PubMed:
16876558]

[118]. Said CM, Goldie PA, Patla AE, Culham E, Sparrow WA, and Morris ME, “Balance during
obstacle crossing following stroke,” Gait Posture, vol. 27, no. 1, pp. 23-30, 1. 2008. [PubMed:
17276066]

[119]. Otter ARD, Geurts ACH, de Haart M, Mulder T, and Duysens J, “Step characteristics during
obstacle avoidance in hemiplegic stroke,” Exp. Brain Res, vol. 161, no. 2, pp. 180-192, 2. 2005.
[PubMed: 15517222]

[120]. Moe-Nilssen R, Aaslund MK, Hodt-Billington C, and Helbostad JL, “Gait variability measures
may represent different constructs,” Gait Posture, vol. 32, no. 1, pp. 98-101, 5 2010. [PubMed:
20434916]

[121]. Yang C-C, Hsu Y-L, Shih K-S, and Lu J-M, “Real-time gait cycle parameter recognition using a
wearable accelerometry system,” Sensors, vol. 11, no. 8, pp. 7314-7326, 7. 2011. [PubMed:
22164019]

[122]. Gillain S et al., “The value of instrumental gait analysis in elderly healthy, MCI or Alzheimer’s
disease subjects and a comparison with other clinical tests used in single and dual-task
conditions,” Ann. Phys. Rehabil. Med, vol. 52, no. 6, pp. 453-474, 7. 2009. [PubMed: 19525161]

[123]. IJmker T and Lamoth CJC, “Gait and cognition: The relationship between gait stability and
variability with executive function in persons with and without dementia,” Gait Posture, vol. 35,
no. 1, pp. 126-130, 1. 2012. [PubMed: 21964053]

[124]. Stamatakis J, Cremers J, Maquet D, Macq B, and Garraux G, “Gait feature extraction in
Parkinson’s disease using low-cost accelerometers,” in Proc. Annu. Int. Conf. IEEE Eng. Med.
Biol. Soc, 8. 2011, pp. 7900-7903.

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al. Page 20

[125]. Gafurov D, Snekkenes E, and Bours P, “Gait authentication and identification using wearable
accelerometer sensor,” in Proc. IEEE Workshop Automat. Identificat. Adv. Technol, 6. 2007, pp.
220-225.

[126]. Aboy M, Hornero R, Abasolo D, and Alvarez D, “Interpretation of the lempel-ziv complexity
measure in the context of biomedical signal analysis,” IEEE Trans. Biomed. Eng, vol. 53, no. 11,
pp. 2282-2288, 11. 2006. [PubMed: 17073334]

[127]. VanSwearingen JM, Perera S, Brach JS, Wert D, and Studenski SA, “Impact of exercise to
improve gait efficiency on activity and participation in older adults with mobility limitations: A
randomized controlled trial,” Phys. Therapy, vol. 91, no. 12, pp. 1740-1751, 12. 2011.

[128]. Lemoyne R, Coroian C, Mastroianni T, and Grundfest W, “Accelerometers for quantification of
gait and movement disorders: A perspective review,” J. Mech. Med. Biol, vol. 8, no. 2, pp. 137-
152, 6. 2008.

[129]. Weiss A, Sharifi S, Plotnik M, van Vugt JPP, Giladi N, and Hausdorff JM, “Toward automated,
at-home assessment of mobility among patients with parkinson disease, using a body-worn
accelerometer,” Neurorehabilitation Neural Repair, vol. 25, no. 9, pp. 810-818, 11. 2011.
[PubMed: 21989633]

[130]. Djuric-Jovicic MD, Jovicic NS, Radovanovic SM, Stankovic 1D, Popovic MB, and Kostic VS,
“Automatic identification and classification of freezing of gait episodes in Parkinson’s disease
patients,” IEEE Trans. Neural Syst. Rehabil. Eng, vol. 22, no. 3, pp. 685-694, 5 2014. [PubMed:
24235277]

[131]. Palmerini L, Rocchi L, Mazilu S, Gazit E, Hausdorff JM, and Chiari L, “Identification of
characteristic motor patterns preceding freezing of gait in Parkinson’s disease using wearable
sensors,” Frontiers Neurol., vol. 8, p. 394, 8. 2017.

[132]. Bachlin M, Hausdorff JM, Roggen D, Giladi N, Plotnik M, and Tréster G, “Online detection of
freezing of gait in Parkinson’s disease patients: A performance characterization,” in Proc. 4th Int.
Conf. Body Area Netw Brussels, Belgium: Institute for Computer Sciences, Social-Informatics
and Telecommunications Engineering, 2009, p. 11.

[133]. Walshe E, “Falling head over heels: Investigating the higher-level cognitive and
electrophysiological processes underlying gait control and falls in older adults and stroke
survivors,” Ph.D. dissertation, National Univ. Ireland Maynooth, Kildare, Ireland, 2016.

[134]. Stergiou N, Harbourne RT, and Cavanaugh JT, “Optimal movement variability: A new
theoretical perspective for neurologic physical therapy,” J. Neurol. Phys. Therapy, vol. 30, no. 3,
pp. 120-129, 9. 2006.

[135]. Harbourne RT and Stergiou N, “Movement variability and the use of nonlinear tools: Principles
to guide physical therapist practice,” Phys. Therapy, vol. 89, no. 3, pp. 267-282, 3. 2009.

[136]. Hausdorff JM, “Gait dynamics, fractals and falls: Finding meaning in the stride-to-stride
fluctuations of human walking,” Hum. Movement Sci, vol. 26, no. 4, pp. 555-589, 2007.

[137]. Karmakar CK, Khandoker AH, Begg RK, Palaniswami M, and Taylor S, “Understanding ageing
effects by approximate entropy analysis of gait variability,” in Proc. 29th Annu. Int. Conf. IEEE
Eng. Med. Biol. Soc, 8. 2007, pp. 1965-1968.

[138]. Matsumoto H et al., “Gait variability analysed using an accelerometer is associated with
locomotive syndrome among the general elderly population: The GAINA study,” J. Orthopaedic
Sci, vol. 21, no. 3, pp. 354-360, 5 2016.

[139]. Yoneyama M, Mitoma H, Sanjo N, Higuma M, Terashi H, and Yokota T, “Ambulatory gait
behavior in patients with dementia: A comparison with Parkinson’s disease,” IEEE Trans. Neural
Syst. Rehabil. Eng, vol. 24, no. 8, pp. 817-826, 8. 2016. [PubMed: 26372429]

[140]. Doi T et al., “The effects of shoe fit on gait in community-dwelling older adults,” Gait Posture,
vol. 32, no. 2, pp. 274-278, 6. 2010. [PubMed: 20541939]

[141]. Cui X, Peng C-K, Costa MD, Weiss A, Goldberger AL, and Hausdorff JM, “Development of a
new approach to quantifying stepping stability using ensemble empirical mode decomposition,”
Gait Posture, vol. 39, no. 1, pp. 495-500, 1. 2014. [PubMed: 24095265]

[142]. Riva F, Toebes MJP, Pijnappels M, Stagni R, and van Dién JH, “Estimating fall risk with inertial
sensors using gait stability measures that do not require step detection,” Gait Posture, vol. 38, no.
2, pp. 170-174, 6. 2013. [PubMed: 23726429]

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al. Page 21

[143]. Lowry KA, Smiley-Oyen AL, Carrel AJ, and Kerr JP, “Walking stability using harmonic ratios
in Parkinson’s disease,” Movement Disorders, vol. 24, no. 2, pp. 261-267, 1. 2009. [PubMed:
18973258]

[144]. Nyan MN, Tay FEH, Seah KHW, and Sitoh Y'Y, “Classification of gait patterns in the time—
frequency domain,” J. Biomech, vol. 39, no. 14, pp. 2647-2656, 1. 2006. [PubMed: 16212968]

[145]. Timmermans S and Berg M, The Gold Standard: The Challenge of Evidence-Based Medicine
and Standardization in Health Care. Philadelphia, PA, USA: Temple Univ. Press, 2010.

[146]. Salarian A, Horak FB, Zampieri C, Carlson-Kuhta P, Nutt JG, and Aminian K, “ITUG, a
sensitive and reliable measure of mobility,” IEEE Trans. Neural Syst. Rehabil. Eng, vol. 18, no.
3, pp. 303-310, 6. 2010. [PubMed: 20388604]

[147]. Sama A et al., “Dyskinesia and motor state detection in Parkinson’s disease patients with a
single movement sensor,” in Proc. Annu. Int. Conf. IEEE Eng. Med. Biol. Soc, 8. 2012, pp.
1194-1197.

[148]. Calliess T, Bocklage R, Karkosch R, Marschollek M, Windhagen H, and Schulze M, “Clinical
evaluation of a mobile sensor-based gait analysis method for outcome measurement after knee
arthroplasty,” Sensors, vol. 14, no. 9, pp. 15953-15964, 8. 2014. [PubMed: 25171119]

[149]. Migueles JH et al., “Accelerometer data collection and processing criteria to assess physical
activity and other outcomes: A systematic review and practical considerations,” Sports Med, vol.
47, no. 9, pp. 1821-1845, 9. 2017. [PubMed: 28303543]

[150]. Van Drongelen W, Signal Processing for Neuroscientists. New York, NY, USA: Academic,
2018.

[151]. Gonzélez RC, Lopez AM, Rodriguez-Uria J, Alvarez D, and Alvarez JC, “Real-time gait event
detection for normal subjects from lower trunk accelerations,” Gait Posture, vol. 31, no. 3, pp.
322-325, 3. 2010. [PubMed: 20034797]

[152]. Willemsen ATM, van Alsté JA, and Boom HBK, “Real-time gait assessment utilizing a new way
of accelerometry,” J. Biomech, vol. 23, no. 8, pp. 859-863, 1. 1990. [PubMed: 2384497]

[153]. Boulgouris NV, Hatzinakos D, and Plataniotis KN, “Gait recognition: A challenging signal
processing technology for biometric identification,” IEEE Signal Process. Mag, vol. 22, no. 6, pp.
78-90, 11. 2005.

[154]. Tao W, Liu T, Zheng R, and Feng H, “Gait analysis using wearable sensors,” Sensors, vol. 12,
no. 2, pp. 2255-2283, 2. 2012. [PubMed: 22438763]

[155]. O’Connor CM, Thorpe SK, O’Malley MJ, and Vaughan CL, “Automatic detection of gait events
using kinematic data,” Gait Posture, vol. 25, no. 3, pp. 469-474, 3. 2007. [PubMed: 16876414]

[156]. Sejdic E, Lowry KA, Bellanca J, Perera S, Redfern MS, and Brach JS, “Extraction of stride
events from gait accelerometry during treadmill walking,” IEEE J. Transl. Eng. Health Med.s,
vol. 4, pp. 1-11, 2016.

[157]. Wang N, Ambikairajah E, Celler BG, and Lovell NH, “Accelerometry based classification of
gait patterns using empirical mode decomposition,” in Proc. IEEE Int. Conf. Acoust., Speech
Signal Process, 3. 2008, pp. 617-620.

[158]. Chau T, “A review of analytical techniques for gait data. Part 2: Neural network and wavelet
methods,” Gait Posture, vol. 13, no. 2, pp. 102-120, 4. 2001. [PubMed: 11240358]

[159]. Stankovic L, Dakovic M, and Thayaparan T, Time-Frequency Signal Analysis With
Applications. Norwood, MA, USA: Artech House, 2014.

[160]. Alvarez D, Gonzalez RC, Lépez A, and Alvarez JC, “Comparison of step length estimators from
weareable accelerometer devices,” in Proc. Int. Conf. IEEE Eng. Med. Biol. Soc, 8. 2006, pp.
5964-5967.

[161]. Bouten CVC, Sauren AAHJ, Verduin M, and Janssen JD, “Effects of placement and orientation
of body-fixed accelerometers on the assessment of energy expenditure during walking,” Med.
Biol. Eng. Comput, vol. 35, no. 1, pp. 50-56, 1. 1997. [PubMed: 9136191]

[162]. Agostini V, Balestra G, and Knaflitz M, “Segmentation and classification of gait cycles,” IEEE
Trans. Neural Syst. Rehabil. Eng, vol. 22, no. 5, pp. 946-952, 9. 2014. [PubMed: 24760911]

[163]. Marier A, Olsho LEW, Rhodes W, and Spector WD, “Improving prediction of fall risk among
nursing home residents using electronic medical records,” J. Amer. Med. Inform. Assoc, vol. 23,
no. 2, pp. 276-282, 3. 2016. [PubMed: 26104743]

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al. Page 22

[164]. Coravos A, Khozin S, and Mandl KD, “Developing and adopting safe and effective digital
biomarkers to improve patient outcomes,” npj Digit. Med, vol. 2, no. 1, p. 14, 12. 2019.
[PubMed: 30868107]

[165]. Zijlstra W and Hof AL, “Assessment of spatio-temporal gait parameters from trunk
accelerations during human walking,” Gait Posture, vol. 18, no. 2, pp. 1-10, 10. 2003.

[166]. Ishii M and Mashimo H, “Accelerometer based analysis of gait initiation failure in advanced
juvenile parkinsonism: A single subject study,” J. Phys. Therapy Sci, vol. 28, no. 11, pp. 3252—
3256, 2016.

[167]. Annegarn J et al., “Differences in walking pattern during 6-Min walk test between patients with
COPD and healthy subjects,” PLoS ONE, vol. 7, no. 5, 5 2012, Art. no. e37329. [PubMed:
22624017]

[168]. Dalton A, Khalil H, Busse M, Rosser A, van Deursen R, and OLaighin G, “Analysis of gait and
balance through a single triaxial accelerometer in presymptomatic and symptomatic Huntington’s
disease,” Gait Posture, vol. 37, no. 1, pp. 49-54, 1. 2013. [PubMed: 22819009]

[169]. Mallinon Al and Longridge NS, “Increasing the usefulness of tandem walking evaluation,” J.
Otolaryngol.-Head Neck Surg, vol. 37, no. 6, pp. 860-864, 2008. [PubMed: 19128717]

[170]. Howell D, Osternig L, and Chou L-S, “Monitoring recovery of gait balance control following
concussion using an accelerometer,” J. Biomech, vol. 48, no. 12, pp. 3364-3368, 9. 2015.
[PubMed: 26152463]

[171]. Trojaniello D, Ravaschio A, Hausdorff JM, and Cereatti A, “Comparative assessment of
different methods for the estimation of gait temporal parameters using a single inertial sensor:
Application to elderly, post-stroke, Parkinson’s disease and Huntington’s disease subjects,” Gait
Posture, vol. 42, no. 3, pp. 310-316, 9. 2015. [PubMed: 26163348]

[172]. Yoneyama M, Kurihara Y, Watanabe K, and Mitoma H, “Accelerometry-based gait analysis and
its application to Parkinson’s disease assessment—~Part 2: A new measure for quantifying
walking behavior,” IEEE Trans. Neural Syst. Rehabil. Eng, vol. 21, no. 6, pp. 999-1005, 11.
2013. [PubMed: 23797284]

[173]. Yoneyama M, Kurihara Y, Watanabe K, and Mitoma H, “Accelerometry-based gait analysis and
its application to Parkinson’s disease assessment—~Part 1: Detection of stride event,” IEEE Trans.
Neural Syst. Rehabil. Eng, vol. 22, no. 3, pp. 613-622, 5 2014. [PubMed: 23661322]

[174]. Gupta P and Dallas T, “Feature selection and activity recognition system using a single triaxial
accelerometer,” IEEE Trans. Biomed. Eng, vol. 61, no. 6, pp. 1780-1786, 6. 2014. [PubMed:
24691526]

[175]. Gouwanda D and Arosha Senanayake SMN, “Identifying gait asymmetry using gyroscopes—A
cross-correlation and normalized symmetry index approach,” J. Biomech, vol. 44, no. 5, pp. 972—
978, 3. 2011. [PubMed: 21306714]

[176]. Henriksen M, Lund H, Moe-Nilssen R, Bliddal H, and Danneskiod-Samsge B, “Test—retest
reliability of trunk accelerometric gait analysis,” Gait Posture, vol. 19, no. 3, pp. 288-297, 6.
2004. [PubMed: 15125918]

[177]. Angeloni C, Riley PO, and Krebs DE, “Frequency content of whole body gait kinematic data,”
IEEE Trans. Rehabil. Eng, vol. 2, no. 1, pp. 40-46, 3. 1994.

[178]. Sejdi¢ E, Steele CM, and Chau T, “The effects of head movement on dual-axis cervical
accelerometry signals,” BMC Res. Notes, vol. 3, no. 1, p. 269, 12. 2010. [PubMed: 20977753]

[179]. Tanigawa A, Morino S, Aoyama T, and Takahashi M, “Gait analysis of pregnant patients with
lumbopelvic pain using inertial sensor,” Gait Posture, vol. 65, pp. 176-181, 9. 2018. [PubMed:
30558927]

[180]. Nishiguchi S et al., “Reliability and validity of gait analysis by android-based smartphone,”
Telemedicine e-Health, vol. 18, no. 4, pp. 292-296, 5 2012.

[181]. Ishigaki N et al., “Analysis of pelvic movement in the elderly during walking using a posture
monitoring system equipped with a triaxial accelerometer and a gyroscope,” J. Biomech, vol. 44,
no. 9, pp. 1788-1792, 6. 2011. [PubMed: 21546026]

[182]. losa M et al., “Assessment of upper body accelerations in young adults with intellectual
disabilities while walking, running, and dual-task running,” Hum. Movement Sci, vol. 34, pp.
187-195, 4. 2014.

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dasgupta et al.

Page 23

[183]. Arnold Z, Larose D, and Agu E, “Smartphone inference of alcohol consumption levels from
gait,” in Proc. Int. Conf. Healthcare Informat, 10. 2015, pp. 417-426.

[184]. Pasciuto I, Bergamini E, losa M, Vannozzi G, and Cappozzo A, “Overcoming the limitations of
the harmonic ratio for the reliable assessment of gait symmetry,” J. Biomech, vol. 53, pp. 84-89,
2.2017. [PubMed: 28104246]

[185]. Godfrey A, Del Din S, Barry G, Mathers JC, and Rochester L, “Instrumenting gait with an
accelerometer: A system and algorithm examination,” Med. Eng. Phys, vol. 37, no. 4, pp. 400-
407, 4. 2015. [PubMed: 25749552]

[186]. Bizovska L, Svoboda Z, Vuillerme N, and Janura M, “Multiscale and Shannon entropies during
gait as fall risk predictors—A prospective study,” Gait Posture, vol. 52, pp. 5-10, 2. 2017.
[PubMed: 27842283]

[187]. Arora S, Venkataraman V, Donohue S, Biglan KM, Dorsey ER, and Little MA, “High accuracy
discrimination of Parkinson’s disease participants from healthy controls using smartphones,” in
Proc. IEEE Int. Conf. Acoust., Speech Signal Process. (ICASSP), 5 2014, pp. 3641-3644.

[188]. Fatmehsari YR and Bahrami F, “Lempel-ziv complexity criteria for nonlinear analysis of gait in
patients with Parkinson’s disease,” in Proc. 18th Iranian Conf. Biomed. Eng. (ICBME), 12. 2011,
pp. 137-141.

[189]. Terrier P and Dériaz O, “Kinematic variability, fractal dynamics and local dynamic stability of
treadmill walking,” J. Neuroeng. Rehabil, vol. 8, no. 1, p. 12, 12. 2011. [PubMed: 21345241]

[190]. Bruijn SM, Bregman DJJ, Meijer OG, Beek PJ, and van Dieén JH, “Maximum Lyapunov
exponents as predictors of global gait stability: A modelling approach,” Med. Eng. Phys, vol. 34,
no. 4, pp. 428-436, 5 2012. [PubMed: 21856204]

[191]. Wolf A, Swift JB, Swinney HL, and Vastano JA, “Determining Lyapunov exponents from a time
series,” Phys. D, Nonlinear Phenomena, vol. 16, no. 3, pp. 285-317, 7. 1985.

[192]. van Schooten KS, Rispens SM, Pijnappels M, Daffertshofer A, and van Dieen JH, “Assessing
gait stability: The influence of state space reconstruction on inter- and intra-day reliability of
local dynamic stability during over-ground walking,” J. Biomech, vol. 46, no. 1, pp. 137-141, 1.
2013. [PubMed: 23159098]

[193]. Dingwell JB and Cusumano JP, “Nonlinear time series analysis of normal and pathological
human walking,” Chaos, vol. 10, no. 4, pp. 848-863, 12. 2000. [PubMed: 12779434]

[194]. Ihlen EAF et al., “Improved prediction of falls in community-dwelling older adults through
phase-dependent entropy of daily-life walking,” Frontiers Aging Neurosci, vol. 10, p. 44, 3.
2018.

[195]. Fino PC and Mancini M, “Phase-dependent effects of closed-loop tactile feedback on gait
stability in Parkinson’s disease,” IEEE Trans. Neural Syst. Rehabil. Eng, vol. 28, no. 7, pp.
1636-1641, 7. 2020. [PubMed: 32634100]

[196]. Nayfeh AH and Balachandran B, Applied Nonlinear Dynamics: Analytical, Computational, and
Experimental Methods. Hoboken, NJ, USA: Wiley, 2008.

[197]. Kuo AD, “Stabilization of lateral motion in passive dynamic walking,” Int. J. Robot. Res, vol.
18, no. 9, pp. 917-930, 9. 1999.

[198]. Hurmuzlu Y and Basdogan C, “On the measurement of dynamic stability of human
locomotion,” J. Biomech. Eng, vol. 116, no. 1, pp. 30-36, 2. 1994. [PubMed: 8189711]

[199]. Dingwell J and Kang H, “Differences between local and orbital dynamic stability during human
walking,” J. Biomech. Eng, vol. 129, no. 4, p. 586, 2007. [PubMed: 17655480]

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2021 March 26.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Dasgupta et al.

A1. Common Walking Tasks in Real-World Walking
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Fig. 1.
Ar§1J overview of the pipeline mapping AGMs to motor skills. From top to bottom, (Al)
defining common real-world walking tasks which can be impacted by normal aging, illness,
or injury that are then mapped to (A2) seven characteristics of the motor skill of walking
performance. (B) Accelerometer data collection results in raw acceleration values, which (C)
undergo signal pre-processing before deriving AGMs. (D) These AGMs are grouped into
categories that can then be matched to motor skills of walking. The red arrows show this
review’s main contribution, where AGMs and motor skills can be mapped to each other. (E1
and E2) Subsequently, this mapping has various applications in clinical fields.
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Fig. 2.

Example of acceleration signals (ML, AP, and V) from an accelerometer placed on the lower
back. A full gait cycle of the right foot (starting from a heel strike) is shaded (data and gait
extraction done by Dasgupta et al. [67]).
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Fig. 3.
Comparison between the current and future state of AGM use in research.
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