UNIVERSITY JOF
e ras University of Nebraska at Omaha

Omaha DigitalCommons@UNO

Journal Articles Department of Biomechanics

11-7-2019

Effect of sampling frequency on fractal fluctuations during
treadmill walking

Vivien Marmelat
University of Nebraska at Omaha, vmarmelat@unomaha.edu

Austin Duncan
University of Nebraska Omaha, austinduncan@unomaha.edu

Shane Meltz
smeltz@unomaha.edu

Follow this and additional works at: https://digitalcommons.unomaha.edu/biomechanicsarticles

Cf Part of the Biomechanics Commons
Please take our feedback survey at: https://unomaha.az1.qualtrics.com/jfe/form/
SV_8cchtFmpDyGfBLE

Recommended Citation

Marmelat V, Duncan A, Meltz S (2019) Effect of sampling frequency on fractal fluctuations during
treadmill walking. PLoS ONE 14(11): e0218908. https://doi.org/10.1371/journal.pone.0218908

This Article is brought to you for free and open access by

the Department of Biomechanics at

DigitalCommons@UNO. It has been accepted for

inclusion in Journal Articles by an authorized

administrator of DigitalCommons@UNO. For more r
information, please contact @

unodigitalcommons@unomaha.edu.


http://www.unomaha.edu/
http://www.unomaha.edu/
https://digitalcommons.unomaha.edu/
https://digitalcommons.unomaha.edu/biomechanicsarticles
https://digitalcommons.unomaha.edu/biomechanics
https://digitalcommons.unomaha.edu/biomechanicsarticles?utm_source=digitalcommons.unomaha.edu%2Fbiomechanicsarticles%2F229&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/43?utm_source=digitalcommons.unomaha.edu%2Fbiomechanicsarticles%2F229&utm_medium=PDF&utm_campaign=PDFCoverPages
https://unomaha.az1.qualtrics.com/jfe/form/SV_8cchtFmpDyGfBLE
https://unomaha.az1.qualtrics.com/jfe/form/SV_8cchtFmpDyGfBLE
mailto:unodigitalcommons@unomaha.edu
http://library.unomaha.edu/
http://library.unomaha.edu/

@ PLOS|ONE

Effect of sampling frequency on fractal fluctuations during
treadmill walking

Vivien Marmelat , Austin Duncan, Shane Meltz

Published: November 7, 2019 « https://doi.org/10.1371/journal.pone.0218908

Abstract

The temporal dynamics of stride-to-stride fluctuations in steady-state walking reveal important information about locomotor control
and can be quantified using so-called fractal analyses, notably the detrended fluctuation analysis (DFA). Gait dynamics are often
collected during treadmill walking using 3-D motion capture to identify gait events from kinematic data. The sampling frequency of
motion capture systems may impact the precision of event detection and consequently impact the quantification of stride-to-stride
variability. This study aimed i) to determine if collecting multiple walking trials with different sampling frequency affects DFA values
of spatiotemporal parameters during treadmill walking, and ii) to determine the reliability of DFA values across downsampled
conditions. Seventeen healthy young adults walked on a treadmill while their gait dynamics was captured using different sampling
frequency (60, 120 and 240 Hz) in each condition. We also compared data from the highest sampling frequency to downsampled
versions of itself. We applied DFA to the following time series: step length, time and speed, and stride length, time and speed.
Reliability between experimental conditions and between downsampled conditions were measured with 1) intraclass correlation
estimates and their 95% confident intervals, calculated based on a single-measurement, absolute-agreement, two-way mixed-
effects model (ICC 3,1), and 2) Bland-Altman bias and limits of agreement. Both analyses revealed a poor reliability of DFA results
between conditions using different sampling frequencies, but a relatively good reliability between original and downsampled
spatiotemporal variables. Collectively, our results suggest that using sampling frequencies of 120 Hz or 240 Hz provide similar
results, but that using 60 Hz may alter DFA values. We recommend that gait kinematics should be collected at around 120 Hz,
which provides a compromise between event detection accuracy and processing time.
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Introduction

The temporal organization of stride-to-stride fluctuations during steady-state walking can reveal important information about
locomotor control [1-6]. With aging and neurodegenerative diseases, gait variability become more random [7—8], compared to the
persistent, fractal-like pattern of fluctuations observed in healthy young adults, where large fluctuations are likely to be followed by
larger fluctuations, and vice-versa [4,9]. In healthy adults, the temporal organization of fluctuations may also change under different
conditions: during metronomic walking (i.e., stepping in time with an auditory metronome), stride time fluctuations become anti-
persistent, i.e., large fluctuations are likely to be followed by smaller fluctuations, and vice-versa [1,9]. Similarly, stride length and
stride speed become anti-persistent when healthy young adults step on visual targets or walk on a treadmill, respectively [3,10].
More recent studies also evidenced that stride time fluctuations can become more persistent when gait is paced by visual or

auditory cues [9—14].

A dominating method to analyze stride-to-stride fluctuations is the detrended fluctuation analysis (DFA) [14], because it provides
more accurate results for ‘short’ time series (<1000 data points) compared to other techniques such as power spectral analysis or
rescaled range analysis [15—17]. DFA partitions a time series (e.g., stride time intervals) of length N into nonoverlapping windows
and calculates the average root mean square (RMS) at each window size. The average RMS at every window size is then plotted
against the corresponding window size on a log-log plot. The slope resulting from the line of best fit produces the scaling exponent
a-DFA. In an effort to standardize DFA processing, researchers determined some gait-specific parameters required to produce
accurate DFA results. Based on both experimental and artificial time series, it is recommended to consider time series of at least
500 data points [16,18-20]. The recommended range of window sizes is 16 to N/9 stride (or step) intervals [21], although for shorter



time series a range of 10 to N/4 may be preferred [18,22]. Recent investigations also recommended to use a modified version of
the original DFA algorithm, namely the evenly spaced average DFA, to increase the precision of the estimation of the scaling
exponent [22—-23].

In the context of locomotion, it is also important to consider the parameters underlying data acquisition and pre-processing before
applying DFA. In particular, motion capture systems are typically used to record gait kinematics during treadmill walking, but there is
no consensus on the most appropriate sampling frequency to reliability apply DFA [24]. While sampling frequency may not have a
significant effect on linear measures of gait (e.g., mean and coefficient of variation), it is more likely to influence DFA, because this
technique directly depends on the accuracy and precision of gait event detections. In the context of postural control, Rhea et al. [25]
found that downsampling linearly decreased the a-DFA scaling exponent of center of pressure (CoP) displacement and CoP
velocity. On the other hand, higher sampling frequencies are more likely to introduce artificial white noise (i.e., to decrease a-DFA
toward more randomness) [26], and may increase the processing time for little or no benefits.

The goal of this study was to provide guidelines regarding the best sampling frequency to capture fractal dynamics of gait during
treadmill walking. We calculated a-DFA values from spatiotemporal variables in different conditions where motion was captured at
different sampling frequencies. We compared the average values between conditions, but also the reliability of a-DFA between
conditions, using intraclass correlation (ICC) coefficients. Low ICC between different conditions may be due to low between-trial
consistency, independently from the sampling frequency. Therefore, we also compared data from a high sampling frequency
condition to downsampled data from the same condition.

In summary, this study addressed the following research questions: does motion capture sampling frequency affect a-DFA of
spatiotemporal parameters during treadmill walking? What is the reliability of a-DFA values across downsampled conditions? Our
central hypothesis was that lower sampling frequency and downsampling will shift a-DFA values toward 0.5, i.e., more randomness
due to lower precision in the estimation of gait events.

Materials and methods

Participants

Seventeen young adults (Age 23.9 + 2.7 years, 7 females) were recruited through convenience sampling to participate in the study.
All participants self-reported no cognitive, neurological, muscular, or orthopedic impairments. All participants provided written
informed consent according to the procedures approved by the local Institutional Review Board at the University of Nebraska
Medical Center.

Equipment

All participants wore their preferred walking shoes and wore a tight-fitting suit. Participants were affixed with 11 retroreflective
markers on the following anatomical landmarks to track their motion while walking on a motorized treadmill (Bertec, Columbus,
OH): left and right anterior iliac spines, left and right posterior iliac spines, sacrum, dorsal region of the left and right foot between
the great toe and long toe, left and right heels, and left and right lateral malleoli. Marker motion was captured through 8 infrared
cameras (Vicon, Centennial, CO) at different sampling frequencies in each condition (cf. below).

Protocol

Participants completed three 15-minute walking trials at their preferred speed. Prior to the trials, individual preferred speed was
determined by gradually increasing and decreasing the treadmill speed. The speed at which participants reported being comfortable
walking for 15 minutes was selected as their preferred walking speed. Participants were given two minutes to walk at their preferred
speed for familiarization before the experimental trials begins. Each trial was collected at a different sampling frequency—60 Hz,
120 Hz, and 240 Hz—in a randomized order. Experimental conditions are described later in this paper by the sampling frequency
number (i.e., conditions 60, 120, 240).

Data processing

Gait events were automatically identified with a custom Matlab function based on the heel, toe, and the average antero-posterior
position of hip markers to find the heel strikes and toe offs [27]. We also downsampled the kinematic data from the 240 condition to
120 Hz and 60 Hz (i.e., further referred as DS120 and DS60 conditions, respectively), using Matlab downsample function. In this
study, we focused on the following spatiotemporal variables from each of the five conditions (three experimental conditions: 60, 120
and 240; two downsampled conditions: DS60 and DS120): step length, stride length, step time, stride time, step speed and stride
speed.

Each time series were reduced to the length of the shortest time series (i.e., 740 intervals) for reliable comparisons across
participants and conditions. The first 60 step or stride intervals in each time series were removed to reduce the potential
confounding effect of gait initiation. Therefore, further analyses considered only 679 step or stride intervals (Fig_1). We calculated
the mean, coefficient of variation (CV) and scaling exponent (a-DFA) from each spatiotemporal variable. The scaling exponent was
calculated using the evenly spaced average DFA, which was briefly described in the Introduction. We used a range of window from
10 to N/8, where N is the time series length. We selected 18 points in the diffusion plot for the evenly spaced average DFA [24]. An
a-DFA value between 0.5 and 1 indicates persistent fluctuations, whereas 0.5 indicates random fluctuations.
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Fig 1. Time series.

Representative time series from a participant in the three experimental conditions (top three) and the two downsampled

conditions (bottom two).
https://doi.org/10.1371/journal.pone.0218908.9g001

Statistical analysis

One-way repeated measure ANOVAs were performed 1) between conditions 240, 120, and 60, and 2) between conditions 240,
DS120, and DS60 (mean, CV and a-DFA) for each of the six spatiotemporal variables. Post-hoc analysis entailed Tukey’s multiple
comparison’s tests, and the level of statistical significance was set at a p-value < 0.05.

For each spatiotemporal variable, intraclass correlation (ICC) estimates and their 95% confident intervals were calculated using
SPSS statistical package version 23 (SPSS Inc, Chicago, IL) based on a single-measurement, absolute-agreement, two-way
mixed-effects model (ICC 3,1) to determine the reliability of mean, CV and a-DFA [28-29]. We compared 1) conditions 240, 120
and 60, and 2) conditions 240, DS120 and DS60. The reliability was graded based on the lower 95% ClI values [29], with values
less than 0.50 indicating poor reliability, values between 0.50 and 0.75 indicating moderate reliability, values between 0.75 and 0.90
indicating good reliability and values above 0.90 indicating excellent reliability [28].

We also computed Bland-Altman bias and limits of agreement (LoA) on a-DFA for all possible pairs of conditions, for all
spatiotemporal variables. Bland-Altman bias and 95% LoA basically assess agreement between two methods [30-31], by studying
the mean difference between paired measured (bias), and the agreement interval, within which 95% of the differences of the
second method, compared to the first one, fall. The 95% LoA is typically defined as the bias plus or minus 1.96 the standard
deviation of the paired differences for two methods. In this study, we will report LoA, defined as 1.96 the standard deviation of the
paired differences for two methods (i.e., to find 95% LoA, simply add or subtract LoA from bias). It is recommended that acceptable
limits of agreement should be defined a priori [31]. In the present study, values of LoA equal or below 0.05 for a-DFA were defined
as acceptable, based on previous studies using artificial time series to evaluate the proportion of variance due to the computational
technique in estimating a-DFA values [16].

Results

Data from three participants were excluded due to technical difficulties. Data from the remaining 14 participants (Age 23.9 + 2.8
years, 5 females) were further processed. There was no statistically significant difference between sides for any analyses, so we
only report results from the right side in further analyses for the sake of clarity. The spatiotemporal time series from both sides are
available in S1 Dataset.

Effect of sampling frequency

There was no statistically significant difference between any conditions for any measures of any spatiotemporal variables (p>0.05).
The ICCs revealed good to excellent reliability for mean of step length and step speed, and excellent reliability for all other
spatiotemporal variables (Table 1). Based on the 95% confidence interval, the reliability of CV was poor to good for stride length,
step time, stride time and stride speed, and moderate to excellent for step length and step speed. In contrast, for a-DFA the ICC
coefficients were poor to good, and the 95% confidence interval revealed poor to moderate reliability for step length, step time, step
speed and stride speed, and poor to good reliability for stride length and stride time (Eig_2). Bland-Altman bias and LoA showed
similar results (Table 2): for all spatiotemporal variables, there was no consistent bias between conditions 240 and 120, but there
was a negative bias between conditions 240 and 60 for step length and stride length a-DFA, indicating lower values in condition 60.
Similarly, a small negative bias was observed for most spatiotemporal variables between conditions 120 and 60. In addition, for
every pair of conditions, the LoAs ranged from 0.120 to 0.289, well above the acceptable limits of agreement defined at 0.05.

Fig 2. DFA results.

Individual a-DFA values for stride length (left), stride time (middle) and stride speed (right) in the three experimental conditions
and the two downsampled conditions.

https://doi.org/10.1371/journal.pone.0218908.g002
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Table 1. Mean and standard deviation (SD) of time series mean, coefficient of variation (CV) and a-DFA from condition 240, condition 120 and
condition 60, and corresponding intraclass correlations and 95% confidence intervals.

https://doi.org/10.1371/journal.pone.0218908.t001

Table 2. Bland-Altman bias and limits of agreement [LoA], defined as 1.96 standard deviation of the differences, of a-DFA values for each pair of
conditions, for all spatiotemporal variables (right side only).

A negative bias indicates that the condition in the top row produced higher a-DFA estimates on average than the condition in
the corresponding row.

https://doi.org/10.1371/journal.pone.0218908.t002

Effect of downsampling

There was no statistically significant difference between any conditions for any measures of any spatiotemporal variables (p>0.05),
except for CV of step time (F(2,39) = 3.917, p = 0.028). The ICCs revealed excellent absolute agreement of means for all
spatiotemporal variables (Table 3). For CV, while ICC coefficients were above 0.9 for all spatiotemporal variables, based on the
95% confidence interval the reliability was poor to excellent for step length, moderate to excellent stride length, stride time and step
speed, good to excellent for stride speed and excellent for step time. For a-DFA, the 95% confidence interval revealed moderate to
excellent reliability for step length, step time, stride time, step speed and stride speed, and good to excellent for stride length (Fig
2). Bland-Altman bias and LoA showed different results for conditions DS120 and DS60 when compared to condition 240. Condition
DS120 showed very little bias for every spatiotemporal variable, and the LoAs were all within the acceptable limits of 0.05 (step
time and stride speed showed LoA of 0.054, which was still deemed acceptable). In contrast, condition DS60 showed a negative
bias, in particular for step length, stride length and stride time. In addition, all the LoA values were above 0.05. Similar results were
also found when comparing conditions DS120 to DS60: a negative bias for step length, stride length, step time and stride time, and
LoA values above 0.05 for all spatiotemporal variables.

Mean (STH) for condinions
w ns120 () BOE o 1]

Table 3. Mean and standard deviation (SD) of time series mean, coefficient of variation (CV) and a-DFA from condition 240, condition DS120 and
condition DS60, and corresponding intraclass correlations and 95% confidence intervals.
https://doi.org/10.1371/journal.pone.0218908.t003

Discussion



The goal of this study was to determine how motion capture sampling frequency and downsampling procedures affect DFA during
treadmill walking. Our four main findings are that i) in general, mean, CV and a-DFA values of all spatiotemporal variables were
similar between conditions, as revealed by ANOVAs, whether the data was collected at different sampling frequencies or
downsampled, ii) a-DFA values were not reliable between conditions using different sampling frequencies, as revealed by ICCs, iii)
a-DFA values were reliable between original and downsampled spatiotemporal variables, in particular between 240 Hz and 120 Hz,
as revealed by ICCs and Bland-Altman analyses, and iv) a-DFA from stride intervals were more reliable than a-DFA from step
intervals.

Our original hypothesis that lower sampling frequency shift a-DFA values toward more randomness was not supported. We
observed a small, non-significant trend toward a reduction in the scaling exponent a-DFA for step length, stride length, step time
and stride time, for data originally sampled at 60 Hz or downsampled at 60 Hz. Previous studies have used a range of sampling
research question focuses on within-group or between-group comparisons, a sampling frequency as low as 60 Hz may be able to
capture differences. While the reductions in a-DFA were not significant, 120 Hz may allow for more precise event detection. In
addition, walking speed may also play a role: as lower limbs move faster, a greater sampling frequency is needed to capture gait
events with the same precision. While this question was beyond the scope of this study and will need to be addressed later, it is an
important factor to consider when selecting motion capture sampling frequency. It is also important to note that the number of
potential individual values present in a time series depends not only from the sampling frequency, but also from the coefficient of
variation (or the range) in that time series. As an illustration, for a stride time series centered around 1-sec with a CV of 5% (i.e., a
range of [0.95-1.05]), sampling at 100 Hz would lead to 11 potential values (i.e. 0.95, 0.96, 0.97, etc.). In contrast, a CV of 2% (i.e.,
a range of [0.98-1.02]) would lead to only 5 potential values and a much more ‘squared’ signal.

While a-DFA values were not significantly different between conditions, they were not very reliable. Based on the lower 95%
confidence intervals, the reliability was graded as poor for all spatiotemporal variables (Table 1). Bland-Altman analyses indicated a
similar trend, with limited biases but high limits of agreement, above the a priori defined threshold of 0.05 (Table 2). This is an
important finding, as it suggests that collecting data from the same participant using different sampling frequencies would lead to
very different scaling exponents in each condition. However, as stressed in the Introduction, a low reliability between conditions
may also arise independently from sampling frequencies. While previous studies have shown that a-DFA presented relatively high
within-day reliability [33,35-36], it is possible to observe within-subject differences in gait dynamics between conditions. This may
arise from different factors such as fluctuations in attention levels, fatigue or habituation to treadmill walking. We anticipated such
potential confounding effects, and therefore studied the effect of downsampling (from the highest sampling frequency).

We found that the reliability of a-DFA values graded as moderate and good between original and downsampled spatiotemporal
variables (Table 3). Bland-Altman analyses further showed that the data downsampled at 120 Hz provided very similar results as
the original data sampled at 240 Hz, with no consistent bias and limits of agreement below the threshold of 0.05. This suggests that
using a sampling frequency of 240 Hz does not provide more benefit than 120 Hz to capture the ‘true’ a-DFA values. In contrast, the
Bland-Altman bias was higher between conditions 240 and DS60, and the limits of agreement were above 0.05 for all
spatiotemporal variables. This suggests that sampling motion capture at 60 Hz (i.e., as in condition DS60) may lead to less
accurate a-DFA values, assuming condition 240 as the gold-standard. These results contrast with our previous finding (comparing
different conditions), and suggests that the low reliability observed between conditions sampled at different frequencies originated
from within-subject differences more than reflecting a true effect of sampling frequency.

It should also be stressed that a-DFA from stride intervals were more reliable than step intervals. This may be because a single
stride interval ‘encompasses’ two step intervals (i.e., one from each side). Therefore, small corrections occurring at the step level
may not be reflected in a more global stride interval.

Our study presents several limitations. First, our final sample size (N = 14) may be relatively small, considering that each participant
underwent three conditions [37]. While the results from intraclass correlations and Bland-Altman analyses lead to similar
conclusions, the small sample size remains a major limitation of the present study. We also collected only healthy young adults, as
in previous methodological studies, because healthy gait patterns are often used as a reference [21,32—-33,35-36]. We cannot
exclude the possibility that the results would be different with other populations such as older adults or people with gait disorders.
Another limitation of our study is that we only considered three different sampling frequencies. While technically motion can be
captured at any sampling frequency (i.e., on a continuous scale), we chose to focus on the most representative values reported in
previous literature. In addition, collecting human gait below 50 Hz would certainly alter not only DFA results but also mean and CV,
and collecting above 240 Hz would increase processing time. Finally, there is little reason to think that DFA results from data
sampled at 120 Hz would significantly differ from data sampled at a slightly lower frequency (e.g., 100 Hz), because our results at
240 Hz or 120 Hz were very similar. As mentioned earlier, walking speed and the coefficient of variation of time series may also play
a role. Future studies should investigate the reliability of DFA results at different walking velocity. Another limitation is that we only
considered treadmill walking, but our conclusions may not hold true for overground walking. Note that the study of fractal dynamics
Footswitches in particular—while limited in capturing only temporal variables such as stride time intervals—are often capable of
higher sampling frequency (e.g., data is often collected at 1000 Hz or more). A final limitation of this study was that we focused
solely on the scaling exponent a-DFA, and did not test other techniques. While this may be considered a limitation, our goal in this
paper was to provide guidelines specifically related to the application of DFA to spatiotemporal variables. Previous studies have
already compared the effect of sampling frequency on other measures of gait [38], and future studies may use our data (S1
Dataset) to ask other questions related to the reliability of gait parameters during treadmill walking.

In conclusion, sampling frequency seems to have little effect on a-DFA applied to spatiotemporal variables during treadmill walking.
Overall, stride intervals seem to provide more reliable results than step intervals. While no significant differences were observed
between conditions, a small trend toward lower a-DFA values with lower sampling frequencies lead us to recommend that data
should be collected at around 120 Hz. This seems to be the best compromise between precise event detection and reduced
processing time.



Supporting information

S1 Dataset. Raw data.

Spatiotemporal time series from 14 healthy young adults walking on a treadmill at their self-selected speed, in different conditions
characterized by different sampling frequency of the 3D motion capture system. Conditions '240ds120' and '240ds60' correspond to
the downsampled data from 240 Hz to 120 Hz and 60 Hz, respectively.

https://doi.org/10.1371/journal.pone.0218908.s001

(MAT)

Acknowledgments

The authors thank the volunteers for their participation, Daniel Jaravata for his help with data collection, Ben Senderling and
William Denton for technical support, and the reviewers for their valuable comments.

References

1. Deligniéres D, Torre K. Fractal dynamics of human gait: a reassessment of the 1996 data of Hausdorff et al. J Appl Physiol. 2009;106(4): 1272—-1279.
pmid:19228991
View Article « PubMed/NCBI ¢ Google Scholar

2. Dingwell JB, Cusumano JP. Re-interpreting detrended fluctuation analyses of stride-to-stride variability in human walking. Gait Posture. 2010;32: 348—
353. pmid:20605097
View Article « PubMed/NCBI ¢ Google Scholar

3. Dingwell JB, Cusumano JP. Identifying stride-to-stride control strategies in human treadmill walking. PLoS ONE. 2015; 10(4): e0124879. pmid:25910253
View Article « PubMed/NCBI ¢ Google Scholar

4. Hausdorff JM, Peng CK, Ladin Z, Wei JY, Goldberger AL. Is walking a random walk? Evidence for long-range correlations in the stride interval of human
gait. J Appl Physiol. 1995;78: 349-358. pmid:7713836
View Article « PubMed/NCBI ¢ Google Scholar

5. Rock CG, Marmelat V, Yentes J, Sui KC, Takahashi KZ. Interaction between step-to-step variability and metabolic cost of transport during human walking.
J Exp Biol. 2018;221: jeb181834. pmid:30237239
View Article « PubMed/NCBI ¢ Google Scholar

6. Roerdink M, Daffertshofer A, Marmelat V, Beek PJ. How to sync to the beat of a persistent fractal metronome without falling off the treadmill? PLoS ONE.
2015;10(7): e0134148. pmid:26230254
View Article « PubMed/NCBI ¢ Google Scholar

7. Hausdorff JM, Mitchell SL, Firtion R, Peng CK, Cudkowicz ME, Wei JY, Goldberger, AL. Altered fractal dynamics of gait: reduced stride-interval
correlations with aging and Huntington’s disease. J Appl Physiol. 1997;82: 262—269. pmid:9029225
View Article « PubMed/NCBI ¢ Google Scholar

8. Warlop T, Detrembleur C, Bollens B, Stoquart G, Crevecoeur F, Jeanjean A, Lejeune TM. Temporal organization of stride duration variability as a marker
of gait instability in Parkinson’s disease. J Rehab Med. 2016;48: 865-871.
View Article » Google Scholar

9. Marmelat V, Torre K, Beek PJ, Daffertshofer A. Persistent fluctuations in stride intervals under fractal auditory stimulation. PLoS ONE. 2014;9(3): €91949.
pmid:24651455
View Article « PubMed/NCBI « Google Scholar

10. Terrier P. Fractal fluctuations in human walking: comparison between auditory and visually guided stepping. Ann Biomed Eng. 2016;44: 2785-93.
pmid:26903091
View Article « PubMed/NCBI ¢ Google Scholar

11. Rhea CK, Kiefer AW, Wittstein MW, Leonard KB, MacPherson RP, Wright WG, Haran FJ. Fractal gait patterns are retained after entrainment to a fractal
stimulus. PLoS ONE. 2014; 9(9), e106755. pmid:25221981
View Article « PubMed/NCBI ¢ Google Scholar

12. Rhea CK, Kiefer AW, D’Andrea SE, Warren WH, Aaron RK. Entrainment to a real time fractal visual stimulus modulates fractal gait dynamics. Hum Mov
Sci. 2014; 36, 20-34. pmid:24911782
View Article »+ PubMed/NCBI ¢ Google Scholar

13. Wittstein MW, Starobin JM, Schmitz RJ, Shulz SJ, Haran FJ, Rhea CK. Cardiac and gait rhythms in healthy younger and older adults during treadmill
walking tasks. Aging Clin Exp Res. 2019; 31(3), 367-375. pmid:29777477
View Article « PubMed/NCBI « Google Scholar



14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29,

30.

Peng CK, Mietus J, Hausdorff JM, Havlin S, Stanley HE, Goldberger AL. Long-range anticorrelations and non-Gaussian behavior of the heartbeat. Phys
Rev Lett. 1993;70: 1343-1346. pmid: 10054352
View Article « PubMed/NCBI ¢ Google Scholar

Chen Z, Ivanov PC, Hu K, Stanley HE. Effect of nonstationarities on detrended fluctuation analysis. Phys Rev E. 2002;65(4): 041107.
View Article ¢ Google Scholar

Deligniéres D, Ramdani S, Lemoine L, Torre K, Fortes M, Ninot G. Fractal analysis for short time series: a reassessement of classical methods. J Math
Psychol. 2006;50: 525-544.
View Article ¢ Google Scholar

Marmelat V, Delignieres D. Complexity, coordination, and health: avoiding pitfalls and erroneous interpretations in fractal analyses. Medicina (Kaunas).
2011;47:393-398.
View Article » Google Scholar

Marmelat V, Meidinger RL. Fractal analysis of gait in people with Parkinson’s disease: three minutes is not enough. Gait Posture. 2019;70:229-234.
pmid:30909002
View Article « PubMed/NCBI ¢ Google Scholar

Marmelat V, Reynolds NR, Hellman A. Gait dynamics in Parkinson’s disease: short gait trials “stitched” together provide different fractal fluctuations
compared to longer trials. Front Physiol. 2018;9:861. pmid:30038582
View Article « PubMed/NCBI ¢ Google Scholar

Warlop T, Bollens B, Detrembleur C, Stoquart G, Lejeune T, Crevecoeur F. Impact of series length on statistical precision and sensitivity of autocorrelation
assessment in human locomotion. Hum Mov Sci. 2018;55: 31-42.
View Article ¢ Google Scholar

Damouras S, Chang MD, Sejdi¢ E, Chau T. An empirical examination of detrended fluctuation analysis for gait data. Gait Posture. 2010; 31: 336-340.
pmid:20060298
View Article « PubMed/NCBI « Google Scholar

Liddy JJ, Haddad JM. Evenly spaced Detrended Fluctuation Analysis: Selecting the number of points for the diffusion plot. Physica A. 2018; 491: 233—
248.
View Article ¢ Google Scholar

Almurad ZMH., Delignieres D. Evenly spacing in Detrended Fluctuation Analysis. Physica A. 2016;451: 63—69.
View Article « Google Scholar

Liddy JJ, Ducharme SW, van Emmerick REA, Haddad JM. Temporal correlations in human locomotion: Recommendations for sampling rate and foot
strike detection. Physica A. 2019; 532: 121784.
View Article ¢ Google Scholar

Rhea CK, Kiefer AW, Wright WG, Raisbeck LD, Haran FJ. Interpretation of postural control may change due to data processing techniques. Gait Posture.
2015;41(2):731-735. pmid:25737236
View Article « PubMed/NCBI ¢ Google Scholar

Wijnants ML, Cox RFA, Hasselman F, Bosman AMT, Van Orden G. Does sample rate introduce an artifact in spectral analysis of continuous processes?
Front Physio. 2013; 3:495. pmid:23346058
View Article »+ PubMed/NCBI ¢ Google Scholar

Zeni JA, Richards JG, Higginson JS. Two simple methods for determining gait events during treadmill and overground walking using kinematic data. Gait
Posture. 2008;27(4): 710-714. pmid: 17723303
View Article « PubMed/NCBI ¢ Google Scholar

Cicchetti DV. Guidelines, criteria, and rules of thumb for evaluating normed and standardized assessment instruments in psychology. Psychol Assess.
1994;6(4): 284.
View Article ¢ Google Scholar

Koo TK, Li MY. A guideline of selecting and reporting intraclass correlation coefficients for reliability research. J Chiropract Med. 2016;15(2): 155-163.
View Article ¢ Google Scholar

Altman DG, Bland JM. Measurement in medicine: the analysis of method comparison studies. Statistician. 1983; 32:307-17.
View Article « Google Scholar



31.

32.

33.

34.

35.

36.

37.

38.

Giavarina D. Understanding Bland Altman analysis. Biochem Med (Zagreb). 2015;25(2): 141-151.
View Article ¢ Google Scholar

Kuznetsov NA, Rhea CK. Power considerations for the application of detrended fluctuation analysis in gait variability studies. PLoS ONE. 2017;12(3):
e0174144. pmid:28323871
View Article « PubMed/NCBI ¢ Google Scholar

Pierrynowski MR, Gross A, Miles M, Galea V, McLaughlin L, McPhee C. Reliability of the long-range power-law correlations obtained from the bilateral
stride intervals in asymptomatic volunteers whilst treadmill walking. Gait Posture. 2005;22: 46-50. pmid:15996591
View Article « PubMed/NCBI ¢ Google Scholar

Warlop T, Detrembleur C, Stoquart G, Jeanjean A. Gait complexity and regularity are differently modulated by treadmill walking in Parkinson’s disease and
healthy population. Front Physiol. 2018;9:68. pmid:29467673
View Article »+ PubMed/NCBI ¢ Google Scholar

Choi S, Kang DW, Seo JW, Tack GR. Reliability of the walking speed and gait dynamics variables while walking on a feedback-controlled treadmill. J
Biomech. 2015;48: 1336—1339. pmid:25798762
View Article « PubMed/NCBI ¢ Google Scholar

Wiens C, Denton W, Schieber MN, Harley R, Marmelat V, Myers SA, Yentes JM. Walking speed and spatiotemporal step mean measures are reliable
during feedback-controlled treadmill walking; however, spatiotemporal step variability is not reliable. J Biomech. 2019;83(23), 221-226.
View Article ¢ Google Scholar

Walter SD, Eliasziw M, Donner A. Sample size and optimal designs for reliability studies. Stats Med. 1998;17, 101-110.
View Article ¢ Google Scholar

Raffalt PC, McCamley J, Denton W, Yentes JM. Sampling frequency influences sample entropy of kinematics during walking. Med Biol Eng Comput. 2018;
https://doi.org/10.1007/s11517-018-1920-2.
View Article ¢ Google Scholar




	Effect of sampling frequency on fractal fluctuations during treadmill walking
	Recommended Citation

	Effect of sampling frequency on fractal fluctuations during treadmill walking

