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Abstract

The usage of entropy analysis in gait research has grown considerably the last two decades. The
present paper reviews the application of different entropy analyses in gait research and provides
recommendations for future studies. While single-scale entropy analysis such as approximate and
sample entropy can be used to quantify regularity/predictability/probability, they do not capture the
structural richness and component entanglement characterized by a complex system operating
across multiple spatial and temporal scales. Thus, for quantification of complexity, either multiscale
entropy or refined composite multiscale entropy is recommended. For both single- and multiscale-
scale entropy analyses, care should be made when selecting the input parameters of tolerance
window r, vector length m, time series length N and number of scales. This selection should be
based on the proposed research question and the type of data collected and not copied from
previous studies. Parameter consistency should be investigated and published along the main results
to ensure transparency and enable comparisons between studies. Furthermore, since the
interpretation of the absolute size of both single- and multiscale entropy analyses

outcomes is not straightforward, comparisons should always be made with a control

condition or group.
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Introduction

Entropy is defined as the loss of information in a time series. Based on what is known about the
current state of a time series, entropy will quantify the probability of the next state of the system.®
First introduced in the 1800s in the field of thermodynamics, the quantification of entropy still
remains based on probability. Approximate entropy was introduced as a mathematical tool for
quantifying probability in biological data in 1991.54 The first alteration to the method aimed to
correct a bias in the calculation was sample entropy.’® Multiscale entropy?! was later introduced in
2002 to examine entropy over multiple time scales. The introduction of correlation entropy,
permutation entropy, increment entropy, symbolic entropy, von Neumann entropy, fuzzy entropy,
variations of multiscale entropy, and cross entropy algorithms has increased the difficulty of
interpreting and comparing data across literature. The use of entropy analysis on human gait data
was first published in 1998.%

Furthermore, each algorithm takes parameter inputs, and if selected improperly can lead to the
reporting of incorrect findings. The majority of entropy algorithms need three inputs for analysis.
First, the length of the time series—usually abbreviated as N. Second, is a tolerance radius used to
determine whether or not patterns within the time series are similar—usually abbreviated as r. Third,
is the length of data that will be compared across the entire time series to determine the conditional
probabilities—usually abbreviated as m. This parameter has also been called embedding dimension,
vector length, pattern length, segment length, or pattern window.

An example of how the selection of input parameters greatly affects reported findings can be seen as
to whether older or young adults have a more probable gait pattern. The issue of results changing
due to parameter input 66 was first documented by Karmakar et al. (2007) in which they
demonstrated that changing the tolerance for comparison led to different interpretations between
young and older adults’ gait.** Findings have indicated that older adults’ joint angle patterns while
walking are less probable, indicating more random patterns, compared to young adults.*’ Conversely,
it has been reported that age increases probability of gait, indicating a more rigid walking pattern,
when using accelerometry data.> 8 The effect of parameter input on findings between older versus
younger adults’ walking was further emphasized in a 2013 paper by Yentes et al.® Likely, some of
these issues with different findings between age or pathological groups could be due to the type of
data used or sampling rates during data collection.>® ® Other factors that may affect results include
data treatment of outliers or nonstationary of data.?

Hence, the inconsistency between studies has led to conflicting results, making data interpretation
challenging. Further complicating the issue is the interpretation of the underlying theory of entropy,
specifically, whether these algorithms represent complexity. Therefore, the purpose of this paper is
to review methods of entropy analysis in human gait data and provide guidance for best practices
moving forward (pun intended). Both single- and multi-scale entropy algorithms are reviewed,
including challenges with calculation and interpretation. A review on the use of entropy for gait
analysis and sources of conflict between studies are provided. Lastly, best practices include
information on types of data, sampling rates, data treatment, and parameter selection.

Single-Scale algorithms

This section will discuss algorithms that are designed to estimate the entropy on one time scale. As
entropy is related to probability, the greater the probability of the time series, the less new
information you receive from the next states of the system, and vice versa. An entropy value close to
0 represents a system that is highly probable with little new information gained from the next states
of a system. On the other hand, a higher value of entropy indicates less probability and a greater
amount of new information that is gained from the next data points in the time series. A rigid, or
systematic, time series would result in low entropy, whereas a time series that is highly random



would result in high entropy.® The standard unit of each of these algorithms is bits, as in bits of
information.

Pincus introduced approximate entropy in 1991 as a way to quantify entropy in biological data, as
previous algorithms relied on infinite and/or mathematical equation data.5* % It is important to
remember approximate entropy is an estimate of the actual entropy based on a time series of limited
length. Data length becomes an important consideration.

To perform the calculation of approximate entropy, the time series of length N is divvied up into
vectors of length m, sometimes referred to as the embedding dimension. Each vector is compared to
every other vector within the time series, including itself. As the vectors are compared, the number
of vectors that are similar to each other are counted. To determine if two vectors are similar, one
compares each element in the vector with the corresponding element in the comparison vector.
Determining similarity between two vectors is done using a distance function such as Chebyshev
(maximum distance between points) and Euclidean (distance of a straight line 112 between points).
The maximum distance between the two vectors, Chebyshev distance, is typically used.?* 54

70 The two vectors are considered to be similar if the comparison elements are all within the
tolerance window, r. Take for example a certain vector of length m=3, A=[6 2 9], that is being
comparedto Vector1=[135]and2=[53 8] where r=1. Therefore, for a vector to be counted as
similar to vector A, the elements in the comparison vectors would need to be within the following
tolerance window [ 5-7 1-3 8-10]. Vector 2 is counted as similar; however, Vector 1 is not considered
similar. The process is repeated with a vector length of m+1. To extend the example, take vector B = [
629 1] wherer=1.For avector to be counted as similar to vector B, the elements in the
comparison vectors would need to be within [ 5-7 1-3 8-10 0-2].

The similar vectors of length m are counted, and the log average found. Then similar vectors of
length m+1 are counted, and log average found. The total conditional probability of vector length
m+1 is subtracted from the total conditional probability of vector length m to calculate the
approximate entropy. Values of approximate entropy will range from 0 to ~2 bits, where 0 bits
represents no entropy or a perfectly repeatable timeseries, and 2 bits represents a perfectly random
timeseries. For a detailed description of the approximate entropy algorithm, please see Yentes
(2016).26

Approximate entropy was found to suffer from a lack of relative consistency,® being highly
dependent on data length,'® 88 and biased toward a more probable outcome as it always includes a
self-match for each vector to avoid taking the logarithm of zero.?® To offset these issues, sample
entropy, was developed.’”® Sample entropy eliminates the counting of self-matches and takes the
logarithm of the sum of conditional probabilities rather than the logarithm of each individual
conditional probability. Sample entropy is defined as the “negative natural logarithm of the
conditional probabilities that two sequences similar for m points remain similar at the next point”.”°
Sample entropy values theoretically range from 0 to converging toward infinity.”® This upper limit is
in the extreme case that no matches between vectors have been made, a case in which all data
points are independent and uncorrelated * (Appendix B). A perfectly repeatable time series would
have a sample entropy of ~0 and a perfectly random time series would have a sample entropy
converging toward infinity. This is unlikely when using gait or physiological data sets. As stated in 7°,
sample entropy is bounded by 2[([N-m - 1)(N-m)]-1toIn(N-m)+In (N-m-1) - In (2) where N
is the data length and m is the vector length.

Over the years, several entropy algorithms have been introduced, including permutation and
increment entropy. These two algorithms are different as they consider the temporal order of the
data within the comparison vectors. Permutation entropy compares neighboring values and
identifies patterns of increasing or decreasing values.9, 72 It is thus, “the Shannon entropy of the



distribution of ordinal patterns in the time series.”* (pagel) Given that similarity is determined
based on sequence order, permutation entropy does not consider how the elements in a vector are
different or equal. The parameter needed to calculated permutation entropy is the vector length
(embedding dimension), m. For example, vector 1 =[ 23 57 ] and 2 = [ 1026 1027 ] would be
convertedto[12]and[12], respectively, as the first number in each vector is smaller than the
second number. These two vectors are considered similar because both vectors demonstrate an
increase in sequence, or the same permutation. However, the values of [ 23 57 ] are not similar to
the values of [ 1026 1027 158 ], nor is the difference between consecutive values within the vector. If
you consider vector 3 =87 43 1010 0 ] and vector 4 =[ 91 801 1873 24 ] they would become [32 4
1]and[2341]based on their permutations. They would not be considered similar. Permutation
entropy is calculated from the conditional probabilities using Shannon entropy (Equation 1)

H= - E?;—_ul p.‘riﬂglpﬁ {1}

where H is the Shannon entropy and p is the probability of each unique permutation’s relative
frequency, r.% 2

Increment entropy was introduced after permutation entropy.> Similar to permutation entropy,
each increment of the time series is transformed into a word with two letters. The sign (positive,
negative, or zero) and magnitude of the increment is coded into the word. Increment entropy has the
“ability to detect either energetic change or structural changes”.> P22 The parameters needed to
calculated increment entropy include the vector length, m, and the resolution level. To illustrate,
consider a time series x(i) =[ 2 95 7 0] that is constructed into an increment time series y(i), where
y(i) = x(i + 1) — x(i); therefore, y(i) = [ +7 -4 +2 -7 ]. To construct the word, the first letter is the sign,
positive, negative, or no sign. The second letter is the magnitude, which is quantified by the
increment’s standard deviation and the resolution level. The relative frequency of each unique word
is quantified by dividing the total amount of any unique word by the length of the time series minus
m. The increment entropy is found by calculating the Shannon entropy of each word’s relative
frequency.

Calculation of each of these algorithms is not as straightforward as presented in the previous
examples. Parameters cannot be selected arbitrarily. Consider first the length of the time series.
Early on, approximate entropy was found to be a highly useful measure as it was reported it could be
used on time series of 75-100 or 1000 data points.®® 5457 |n |ater years, it has been noted that
approximate entropy is highly influenced by the length of the time series.'® 88 Yentes et al (2013)
demonstrate that approximate and sample entropy appear to stabilize around 2000 data points
derived from the logistic map;88 although, sample entropy has been reported to be unaffected by
data length.”* However, extending time series length may introduce drift into the data and could
affect the calculation.”

The tolerance window may have the greatest influence on the calculation of entropy.® 20 48 54 56,76, 87
Selecting a tolerance window too small will limit the number of matches found and on the other
hand, selecting too large of a window could lead to too many matches being found and increase the
probability. The tolerance window is typically calculated as r times the standard deviation of the time
series.® Yet, fixed tolerance windows, r, have been used.”®#” The selection of r should depend on the
research question being asked as well as the relative consistency of the outcome (see Best Practices
below for a detailed description).

Additional considerations to calculation should include the presence of outliers,>® sampling rate,> 2"
*869and the type of data being collected.58 First, outliers will alter the standard deviation of the time
series and have a direct influence on the tolerance window used for comparison. Second, increasing



a sampling rate to extend the time series length is not appropriate. In part, entropy is a measure of
information and increasing the sampling rate only adds redundant data to a time series. It has been
shown that increasing a sampling rate, lowers the sample entropy value, as data become redundant,
probability increases.>® % It has been shown that the number of data points within each stride
influences the sample entropy value, more so than the number of cycles within the time series,®® and
that discrete data are more robust to sampling rate changes than are continuous data.>® Selection of
sample rate should be done a priori.”® Third, entropy output, and interpretation of the outcome, is
dependent on the type of data, continuous versus discrete. Take for example a step length time
series versus knee joint angle time series sampled at 120 Hz. With an m = 2, this would mean that the
comparison vectors are two and three (m + 1) consecutive data points long. The step length sample
entropy interpretation would be the probability of two and three consecutive step length values
occurring again within the data set. For the knee joint angle at 120 Hz, this would be two and three
consecutive points 0.0083 seconds apart and interpreted as the probability of these point in the joint
angle occurring again in the gait cycle or multiple gait cycles. However, if one would want to know
the probability of a larger portion of the knee joint angle or if the entire angle repeats itself again in
the time series, a much larger m value would need to be selected.58 Depending on the research
question, the data type and m would be selected.

Another solution has been to introduce a time lag into the construction of vectors m.3! Instead of
selecting consecutive data points, a time lag can be introduced, essentially skipping data points. To
illustrate, consider a time series x(i) = [ 27 81 13 52 94 45 79 56 33 ]. Using a time lag of 1, the vectors
constructed would be [ 27 81],[ 81 13 ],..., [ 56 33 ]. When using a time lag of 2, the vectors would
become [2713],[8152],..,[7933],and atime lagof 3[2752],...,[ 45 33 ]. If data have been over
sampled, consecutive data points are redundant, meaning that they share a high amount of mutual
information.?® The amount of information shared from point-to-point decreases as you increase the
lag. Identifying the time lag that would construct vectors with minimal mutual information3® may
overcome redundancies in a time series.

Consideration must be given to the input parameters, mainly due to the relative consistency of each
algorithm. Approximate entropy lacks relative consistency or simply, the stability of the measure.®
And in some instances, so does sample entropy.®Simply, if the input parameters are changed, the
direction of results may change. As a hypothetical example, assume one has used the input
parameters of N = 1000, m = 2, and r = 0.2 times the standard deviation of the time series to
compare stride length of older and younger adults. The results indicate that the younger adults are
more regular than are the older adults. Upon altering the input parameters slightly by using r = 0.25,
same N and m, the results are different, the older adults are more regular than young. One has
conflicting results and could inappropriately select the parameters that produce results fitting closest
to their hypothesis. Issues regarding relative consistency and its potential effect on inappropriate
conclusions has been shown with spatiotemporal gait data®” # and joint angles®. Based on one
study,’ gait center of pressure appears to have fairly stable consistency.

To ensure interpretations in data are not an artifact of parameter selection, reporting of several
combinations of parameters in supplemental data has been encouraged.®® Confirming that the
parameter selection used and reported demonstrated consistent, directional results across nearby
parameters is important. The primary concern here is to ensure the direction of differences between
groups are the same, not the magnitude. It is emphasized that using parameters others have
reported in the literature is no longer appropriate. Parameter selection should depend upon the
data,?! and confirmation should be provided that this selection was appropriate. Reporting additional
parameter combinations will increase transparency of parameter selection and ensure that reported
results are not the artifact of parameter choice.®



Entropy measures have historically been considered a quantification of complexity.5* 54 ¢ Defining
complexity is not straightforward and definitions vary. For this paper, complexity is defined in
accordance with the principles outlined in Deligniéres and Marmelat (2012) and Costa et al (2005
29 We define complexity in human movement as a system that 1) originates from a deterministic
origin, 2) cannot be broken down into fundamental components —“infinitely entangled”?°, and 3)
“operates across multiple spatial and temporal scales”? — structural richness. Entropy cannot
provide information regarding whether or not the system is from deterministic or stochastic
sources.?® A time series with a large entropy value can only indicate that a time series is more
random than one with a smaller entropy value. Richness or entanglements of the data are not
quantified using these algorithms. A system that is complicated should not be considered complex.?
As defined by Delignieres and Marmelat (2012), a complicated system is one that has a large number
of components, the “interactions between components are not of prior importance, and knowledge
about the parts is sufficient for understanding the whole”.?® (pagel) White noise is thus,
complicated, not complex. Consequently, a time series with a large entropy value should be
considered complicated, as single-scale entropy cannot quantify the three parts of the definition of
complexity above.

) 23,

The question becomes, how can single-scale entropy algorithms be defined, as probability,
predictability, or regularity? Entropy algorithms are based off a measure of probability. Stating that
one group has a higher probability to have a certain walking pattern appear again compared to
another group is appropriate. Since prediction is related to probability, this interpretation may be
inferred as correct; however, caution must be taken as prediction of the next state has technically
not occurred in calculation. Regularity is a term that has been used to describe gait data as well.
Costa et al (2005) state that these measures “quantify the degree of regularity of a time series by
evaluating the appearance of repetitive patterns”.? The key to this statement is the ‘appearance of
repetitive patterns’ or the structural form of a time series. Consideration of regularity in this manner
may be presumed as appropriate. Hence, probability, predictability, and regularity may be used for
interpretation depending on the research question and hypothesis.

Multi-Scale algorithms

This section will discuss algorithms which quantifies entropy on multiple time scales. Based on the
idea that complexity of biological systems arises from the interaction of components on multiple
scales, Costa et al. in 2002 introduced multiscale entropy as a novel measure of complexity in
physiological time series.?! The authors presented an algorithm which creates multiple new time
series from one single time series recorded from the biological system in question and sample
entropy is then calculated on each new time series.? 2 In several studies, Costa and colleagues
applied multiscale entropy to heart rate interbeat intervals in various populations.?t 22253850 |
agreement with the ‘loss of complexity’ theory proposed by Lipsitz and Goldberger, the authors
observed that patients with heart related diseases had lower complexity compared to healthy
controls.? 2% 2

While widely used in cardiovascular research, multiscale entropy is far less used in biomechanical gait
research. Costa et al. (2003) was the first to apply multiscale entropy to quantify complexity of
human gait.?* Subsequently, multiscale entropy has been applied to trunk accelerations signals,
stride time intervals time series,*” ® and lower limb muscle activity signals®” in various individuals
and under various conditions. Although, numerous studies have presented new versions of the
original algorithm to overcome potential methodological drawbacks,*? the performance of the
different algorithms have rarely been investigated. Raffalt et al. (2018) compared the performance of
four different alternative multiscale entropy algorithms to the original version when applied to both
theoretical signals and stride time intervals time series of healthy individuals during treadmill and
overground walking.®® The four alternative algorithms included the refined composite multiscale

35,73-75



entropy,®® intrinsic mode entropy,” multiscale fuzzy entropy,® and generalized multiscale entropy®
which have been proposed to overcome limitations of the original multiscale entropy algorithm.
Three criteria were formulated to evaluate the performance of the algorithms. An appropriate
algorithm 1) should be able to distinguish between three theoretical signals with different temporal
structure, 2) should consistently return the correct level of complexity in accordance with the
expected complexity of theoretical signals (i.e. high sensitivity), and 3) display relative high
parameter consistency (i.e. that change in parameters does not result in large changes in outcome —
see previous section). Prior to the analysis, it was proposed that pink noise signals would exhibit a
high level of complexity, white noise signals would exhibit an intermedium level, and a sine wave
with added white noise would exhibit the lowest level of complexity. It was observed that only the
original multiscale entropy algorithm and the refined composite multiscale entropy algorithm could
confirm this expectation while at the same time, contained high sensitivity and high parameter
consistency.®® Thus, it was concluded that these two algorithms are the most appropriate to use
when quantifying complexity. In the following, only these two algorithms are discussed.

Calculation of multiscale entropy and refined composite multiscale entropy

In both the original algorithm and the refined composite multiscale entropy algorithm, multiple time
series are constructed according to the following procedure. First, for a one-dimensional discrete
time series, [ x1, ..., xi, ..., XN ], coarse-grained time series, [ y(t) ], are constructed determined by
the scale factor, T, following equation 2:

(T 1 i .. N
Y =7 -:'r;:j—ur+1.xl" 1=j iq (2)

This creates non-overlapping windows of length t, where data points within each window are
averaged. The first scale [ y1 ], equals the original time series and the length of each subsequent
coarse-grained time series is equal to the length of the original time series divided by the scale factor
.24 2% |n the original multiple entropy algorithm, sample entropy is then calculated on each coarse-
grained time series with the same input parameters, m and r, for all scales. The tolerance window is
calculated as the r times the standard deviation of the original time series. Finally, the outcome is
plotted as a function of scale.?! To achieve a quantification of the complexity of the signal in
question, the area below the sample entropy versus time scale curve is calculated.?? 24

For refined composite multiscale entropy, sample entropy is calculated differently than in multiscale
entropy. First, for each coarse-grained time series corresponding to the scale factor of t, the number

. n™tand n™ 1 m )
of matched vector pairs, ** k. andn’ for1skst

—=m+1
and i ;

. m+ .
is counted. Secondly, the mean of M. is

—1T
calculated as ™.t . Finally, refined composite multiscale entropy (RCMSE) is defined as the

M and g

logarithm of the ratio between (equation 3).
=+1

T — 1 - — 1
RCMSE = —In—=, where gt = =Xk npstand if, ==X, Nk (3)

=L !
kT T

Accordingly, the refined composite multiscale entropy algorithm quantifies entropy more accurately
and with lower probability of undefined entropy values at different scales.®

As with single-scale entropy, multiscale entropy and refined composite multiscale entropy require
selection of input parameters which can affect the outcome. In addition to the tolerance limit, vector
length, and time series length, an appropriate scale number should be chosen. This is a crucial
choice, as the length of the subsequent coarse grained time series will equal the length of the
original time series divided by the scale. Thus, using 10 scales on time series of 10,000 data points
will result in a reduction of data point for the 10th coarse-grained time series with a factor 10. As
mentioned previously, the length of the investigated time series can influence the outcome of



sample entropy calculations significantly.®” 8 Therefore, care should be made to investigate the
potential bias of the decreasing length of the coarse-grained time series.

As discussed earlier, entropy measures on a 362 single-scale quantifies probability, predictability, and
regularity and not complexity of the time series in question. In contrast, multiscale entropy embraces
the structural richness of a complex system by including multiple time scales. However, while the
time series of single-scale entropy measures has a clear representation of the investigated biological
system (e.g. joint angle or step time intervals), this is not the case with the coarse-grained time series
in multiscale entropy and refined composite multiscale entropy. With increasing scale, the coarse-
grained time series contain less of the detailed information present in the original time series but the
fundamental patterns are preserved. Thus, liking a specific scale with underlying control mechanisms
is not straightforward.

Entropy analysis of gait

With the rapid increase of entropy usage over the past two decades, the literature has exploded as
well. The purpose of this section is to provide an overview of general findings with regards to
regularity of walking patterns associated with aging and task demands. It is not meant to be a
comprehensive review.

AGING

In general, it appears that walking patterns increase in regularity with aging; yet, this does not seem
to always hold true. Using data from 10-meters of walking, walking patterns become more regular
with age and more so with the presence of impairments.* A more regular walking pattern was also
present in sedentary older adults compared to healthy young adults and older adults that regularly
participated in Nordic walking.® On the other hand, an early report showed that older adults had a
more irregular joint angle range of motion compared to younger adults.*” Mediolateral acceleration
of movement at the lower trunk demonstrated, increased irregularity with increasing speed in adults
over the age of 65 years.>> Whereas, in the vertical direction it was most regular at the fastest
speed.>?

Increasing task demands, typically through dual task paradigms, does appear to increase irregularity
of walking patterns in older adults. Mediolateral center of pressure displacement was more irregular
during dual task walking compared to single task walking, and irregularity increased as persons
aged.>® Completing a letter fluency task while walking increased irregularity of anteroposterior
acceleration compared to walking only in a group of older adults.*

With maturation and into aging, complexity (quantified by multiscale entropy) may demonstrate a U-
shaped pattern. A steady decrease in complexity of the trunk acceleration was present when age
increased from childhood into early adulthood.' 12 However, complexity increased again from early
adulthood into middle-age and older adulthood.!* When walking overground versus on a treadmill,
differences in trunk acceleration complexity between conditions were found within the older adult
group, but were not significantly different from young adults.?3

FALLS

Minimum toe clearance was more regular in older adults at risk for falls compared to healthy young
and elderly groups;* however, when compared between those with fall risk and a control group,
another study reported increased irregularity in minimum toe clearance in those at risk for falls.**
Fallers have increased irregularity in acceleration while walking at a maximum walking speed. This
irregularity is also moderately correlated with the maximum walking speed. *® When walking
overground at a self-selected walking speed, no difference in acceleration of the lower trunk
complexity was found between the fallers and non-fallers.* This may emphasize the need to increase



task demands beyond comfortable walking to alter complexity in some walking parameters. Studies
have suggested that complexity measures may have predictive ability of falls.3% 7>

INCREASED TASK DEMANDS

Perturbing the sensory system does appear to increase the irregularity in walking patterns. Bilateral
mastoid vibration while walking led to a more irregular walking pattern as compared to walking with
no mastoid vibration.!® Perturbations to the visual system may result in more irregular gait patterns
compared to perturbations of the somatosensory system.?® Furthermore, optic flow perturbations
(faster or slower than walking speed) increased irregularity of joint angle range of motion as
compared to no optic flow.*® Walking was shown to be more irregular as one walked on a surface
with less stiffness compared to one with high stiffness.'® Although, when walking in unstable shoes,
center of mass velocity was more regular compared to walking in flat shoes.™

Alterations to the task demands of walking may increase the regularity of walking patterns. Walking
at a pace slower than your comfortable walking speed increased regularity of stride time and stride
length.” Stride rate when walking slower, faster, or walking to a metronome was less regular
compared to preferred walking speed. When walking backward, joint angle range of motion was
significantly more regular as compared to forward walking.*! The same was true when walking uphill
compared to no incline and downhill walking.®! Hip joint range of motion was more regular when
carrying a load while walking than walking alone.®°

Best practices for use

The best practices for use are not as straightforward and simple as one may hope. In this section, we
outline the majority, if not all, of the considerations that should be made before applying an entropy
algorithm to your dataset. We highly encourage researchers to be transparent about these
considerations and to publish what they can in the supplemental data. Far too many of the
considerations below can lead to spurious results and the reporting of findings that are due to an
artifact of parameter or data choice.

First, consider your research question. Which algorithm will best answer your question? If you are
looking for complexity, a multiscale algorithm would be best. Second, before collecting data, consider
your data collection set up. It is an unfortunate circumstance to collect an entire experiment, only to
realize that the data collected was not long enough. The following list will outline considerations that
should be made before collecting data.

1. What type of data do you need to answer your question? Will you need discrete or continuous
data (e.g., spatiotemporal data or joint angles)?

a. Ifitis spatiotemporal data, should you use stride or step data? There are reasons to
select one or the other. Step data allows you to quantify the fluctuations from step-to-
step directly. When using stride data, the contralateral limb’s fluctuations are indirectly
guantified.

b. Are the data inherently cyclic such as jo int angles? The repetitive nature of such signals
would dominate the entropy estimation and could mask subtle differences between
groups or walking conditions. However, if used it should be kept in mind that this type of
data has been shown to be more sensitive to the sampling frequency (i.e. the number of
data points within a gait cycle) and less to the number of gait cycles in total.> %% &
Further, it has been shown that cyclic data, like joint angles and center of pressure
displacement, are sensitive to the selection of m and r.>°®

c. Are you considering using a phasic signal such as electromyography or a force on/off
signal? These signals are inherently tricky. The on/off phases of the signal will affect the
calculation of entropy. What does it mean biologically to have sections of the time series



read zero, and matches being counted for these time periods? A few papers have used
these types of signals but it is still unknown as to whether they are appropriate for
entropy analysis.>” 42

2. What is the sampling rate that you are using?

a. Perform a power spectral analysis on pilot data to determine the correct sampling
frequency. Stergiou (2001 Chapter 9) has written a clear explanation of how to do this.”®

i. If using spatiotemporal data, the highest resolution in determining heel strikes or
other gait events is extremely important. Data may need to be sampled at a
higher rate to determine these gait events accurately.?’

ii. When using continuous data, it is important to keep in mind that the nervous
system does not have infinite resolution. Reflexes and muscle activity
modulations are controlled on a millisecond level® 77 and sampling data beyond
this frequency (1000Hz) may lead to redundant information. A power spectral
density done a priori should alleviate this concern.

b. If data are oversampled, you run the risk of capturing data that is redundant and lack
new information for the algorithm to quantify. This leads to low entropy values, biasing
the results toward predictability.

i. If data are oversampled, consider down sampling data to the appropriate rate.
Another option is to use a lag when creating comparison vectors.3!

3. Are you trying to capture predictability within or between cycles? This is related in part to the
section on selecting parameters below. What is the biological interpretation of m for your study?
For example, the entropy of step length time series with an m of 2, is interpreted as the
predictability of the lengths between three steps. Do these lengths between three steps occur
again and again in the time series? What then if you have a time series of joint angles and an m
of 2? What if the joint angle was sampled at 100 Hz? You have three points from a joint angle
curve that are each 10 milliseconds apart. Thus, you are determining the predictability of these
three data points, within 20 milliseconds of each other, happening over and over again. What
does this mean biologically? Possibly nothing. Potentially you would rather know the
predictability of the joint angle cycle. If the gait cycle is normalized to 100 points from heel strike
to toe off, possibly an m of 99 or 100 would be more appropriate. To our knowledge, this has yet
to be done for gait studies and would need to be tested in dedicated future works.

4. |If you are planning on using a multiscale algorithm, how many scales will you need? Previously, 6
has been used in gait research but is that the appropriate number to answer your research
question? What impact will the choice of scales have on the coarse-grained time series length
and subsequent sample entropy calculation?

5. Will you be able to collect enough data in one continuous trial? Many researchers are interested
in concatenating short trials together to make one long time series.* >’ 2 |n pathological
populations, collecting a long enough continuous trial can be difficult, mainly due to fatigue.
Equally, in clinical settings it is tempting to concatenate straight-line walking data from multiple
trials of back-and-forth walking in a corridor while removing data from turning steps. Whether or
not this is appropriate is open for debate. When concatenating trials, you must consider how this
will affect the calculation of entropy. The assumption of the algorithm is to quantify fluctuations
from one step to the next; however, when concatenating trials, you will have fluctuations in one
trial that are not due to fluctuations from the previous trial(s). It has been found that sample
entropy was sensitive to concatenation of gait trials.5?

6. All of these considerations should lead the investigator to determine the length of data to be
recorded.



Third, after you have collected your data, here are considerations that should be made:
1. First thing, plot your data. Look for visual outliers and spikes.

2. Quantify the stationarity of the data. To do this, examine the mean and standard deviations of
different sections of the time series. Does the mean or standard deviation change across the
trial? If so, you may need to consider detrending the data or removing outliers.

Detrending of non-stationary signals can be done using various techniques such as

a.

cascade moving average filter,’” ensemble empirical mode decomposition,®* or wavelet
filtering.s

If you have an outlier, consider if the point is biological or the result of methodological

error? If the point is biological, should it remain?

Removing an outlier must take thought as well. Removing the data point completely

could influence the quantification of fluctuations. It may be possible to replace the

outlier with an estimated data point; however, the methods in which to do this have yet

to be fully investigated.

3. Related to removing outliers or detrending your data, should you filter your data? There is no
good answer to this question. If you have considered all items above before collecting data, your
time series should be the best reflection of the system behavior in question. Filtering data may
then remove small fluctuations that are in fact, biologically important. On the other hand, due to
the nature of a data type (i.e., electromyography), possibly filtering of the data is warranted. If
the choice is to filter, cutoff frequencies should be determined using a known method such as
Winter’s® or Jackson’s*® method. Using previously reported cutoff frequencies may not be
appropriate for your data.

4. Selecting the parameters is important as these selections may have the greatest effect on the
eventual entropy value.
Consideration of m is highly important. An m of 2 is the most popular, in part due to the
original suggestions by Pincus® %> %’ However, as mentioned in the section above, what
does the m mean biologically? Narrow down the m values you consider further and
critically think about what selection is most appropriate. This may mean trying different
m values in combination with multiple r values to determine the best relative
consistency.
Another parameter that must be closely considered is that of r, the tolerance for
considering similar vectors. If your r value is too small, vectors will not have many
matches yet, if the r value is too large, almost all vectors will be considered a match.

a.

We advocate for researchers to try multiple r values and to publish their findings
in the supplementary material. If similar studies have used an r value of 0.2 times
the standard deviation, then one should examine the relative consistency of r =
0.15, 0.25, and 0.30 times the standard deviation as well. Plotting the entropy
values for groups versus the r values on the x-axis will allow you to examine the
relative consistency. The goal would be to have relative consistency for an r
value just below and just above your selection.

Multiple methods have been proposed regarding how to select r. It may be
selected based on the minimization of the maximum entropy relative error or
the maximum value of entropy.2%>* 56 Or possibly using a fixed tolerance,
whether or not r should be multiplied by the standard deviation.”® ® The choice
of how to select r should relate to the research question at hand.

If a fixed tolerance is not used and r is multiplied by the standard deviation, any
factor that affects variance will affect the tolerance. This includes but is not
limited to: data length, nonstationarity of the data, spikes, and outliers.



iv. The discussion of a recent paper®” also presented an argument that potentially
distribution of between-data differences in the time series may affect the
tolerance. Consider two time series: S1=[1323122]andS2=[1232123]
with the same mean = 2 and same standard deviation = 0.817. When calculating
the between data point differences: D1=[-21-12-10]andD2=[-1-111-1-
1] with a rectified mean of D1 = 1.167 and of D2 = 1. D1 has a wider range of
directional changes and D2 is dominated by small directional changes. When
using a relative small r multiplied by the standard deviation as tolerance, more
similar vectors is likely detected in S2 because of the relative small changes in
vector size. However, as r increases, this bias potentially shifts in favor of S1.
When comparing subject groups or experimental conditions, differences in the
distribution of between-589 data point differences could potentially bias the
results.

Based on the individuality of entropy analysis to data sets, one may wonder if comparing entropy
findings across papers is valid. We argue that in certain cases, it is. If an author has been transparent
about their data treatment and parameter selection, readers will be assured that the findings are not
an artifact of the algorithm. Additionally, if the author has presented their entropy results within the
context of the appropriate control groups, these relative differences between groups should be valid.
As researchers, we must make every effort that we are comparing valid results to valid results when
writing manuscripts. We must also be honest regarding the limitations of our studies.

Conclusion

Quantification of single scale and multiscale entropy are intriguing methods to assess
regularity/predictability and complexity in both basic and clinical gait research. What then are
normative entropy values? This question may never be able to be answered. Entropy algorithms are
sensitive to their inputs and we expect that all studies may have different values, even for their
control groups. It may be too early in our studies of entropy of gait to be able to compare our
findings to a set of normative values. In contrast, we should work to describe the directional
differences between groups and compare our findings to directional differences reported previously.
If our work is done with intent and thought, findings from entropy studies may be considered a true
finding and not an artifact of parameter selection.
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