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Article

Inertial Sensing of the Abdominal Wall Kinematics during
Diaphragmatic Breathing in Head Standing

Elissavet Rousanoglou *, Apostolina Foskolou, Analina Emmanouil and Konstantinos Boudolos

School of Physical Education and Sport Science, National and Kapodistrian University of Athens,
172 37 Daphne, Greece; anemmanouil@phed.uoa.gr (A.E.); cbountol@phed.uoa.gr (K.B.)
* Correspondence: erousan@phed.uoa.gr

Abstract: Head standing (HS) in concurrence with diaphragmatic breathing is an atypical deviation
from daily activity, yet commonly practiced. The study aimed at the inertially sensed effect of di-
aphragmatic versus normal breathing on the abdomen wall kinematics during HS. Twenty-eight men
and women maintained HS and erect standing (ES) under normal and diaphragmatic breathing. An
inertial sensor (LORD MicroStrain®, 3DM-GX3®-45, 2 cm above the umbilicus, 100 Hz, MicroStrain,
Williston, VT, USA) recorded the 3D abdomen wall angular displacement (AD) (bandpass filter
(0.1–0.5 Hz)). ANOVAs (p ≤ 0.05, SPSS 28.0) were applied to the extracted variables (AD path:
magnitude, individual variability-%CVind, and diaphragmatic to normal ratio). Reliability measures
(ICC and %SEM) and the minimal detectable change (%MDC90) were estimated. Diaphragmatic
breathing increased the AD path (p ≤ 0.05) with the diaphragmatic to normal ratio being lower in HS
(p ≤ 0.05). The similar AD time series (cross-correlations at p ≤ 0.05) and the ICCs (>0.80) indicated
excellent reliability with the similar across conditions %CVind (p ≤ 0.05), further enhancing reliability.
The %MDC90 was consistently higher than the %SEM upper boundary, indicating the differences
as “real” ones. The results contribute to the limited data concerning a widely practiced atypical
deviation from daily activity, as HS in concurrence with diaphragmatic breathing.

Keywords: inverted stance; reliability; respiration

1. Introduction

Head-down inversions present a particularly atypical deviation from daily activity and
upset the various systemic adaptations for overcoming the effects of gravity, a condition that
appears to attract an ongoing research interest concerning their potential health benefits [1–5].
The alleged positive health effect of gravity inversion exercises is not a new issue. Many
fitness facilities (sports clubs, YMCAs, health spas, etc.) were long ago prompted to install
inversion devices so that their members could hang upside down [6]. Among them, most
possibly due to the growing popularity of the Eastern ancient tradition of yoga, head standing
(HS) not only is known as the “king of all postures” but also is advocated as a cure for almost
all health issues by Eastern yoga gurus [7]. Nowadays, many people are encouraged or even
challenged not only to practice HS but also to concurrently practice diaphragmatic breathing
(characterized by a slow and deep breathing cycle), which is expected to further enhance the
alleged HS benefits [7–9].

In diaphragmatic breathing, the inspiration phase aims to increase both the vertical
and transverse diameters of the thoracic cavity through the contraction of the diaphragm
that depresses its central tendon and elevates the lower ribs, thus pushing the viscera
downward and outward [10,11]. During diaphragmatic breathing, the normally passive
expiration phase [12] is performed actively to compress the abdomen wall and reverse
the viscera’s upward and inward phases. As shown in normal breathing, muscles having
both a respiratory and a postural role, such as the diaphragm (primary inspiratory muscle)
and the abdominals (primary expiratory muscle), and may compromise their breathing

Biomechanics 2024, 4, 63–83. https://doi.org/10.3390/biomechanics4010005 https://www.mdpi.com/journal/biomechanics
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function to prioritize their postural role [11,13]. This prioritization could be expected to
be more critical in body stances of inherent instability, i.e., HS [14] when an additional
postural perturbation is concurrently induced, i.e., diaphragmatic breathing [11,13,15].

During diaphragmatic breathing, in addition to postural stability [14], the breath-
ing mechanics [15] are affected by the influence of the respiratory muscles’ activation
(i.e., diaphragm-related abdomen wall expansion). Nevertheless, the research-based evi-
dence appears rather limited and focused on the hung upside down position [3–5], where
the shoulders and ankles support the body’s weight load rather than bearing the whole-
body weight load on one’s head, i.e., during HS. Studies on the hung head-down position
indicate disturbed breathing mechanics due to the reversed action of gravity on the ribcage
(inspiratory direction: maximal gravity effect superseding the abdominal hydrostatic pres-
sure, increased functional capacity of the lungs, and oxygen utilization nearer to the erect
posture level; expiratory direction: reversed effect of gravity on the elastic recoil properties
of the various contracting components of the respiratory muscles probably appears to have
the major role, less postural contraction of the respiratory muscles and, consequently, a
smaller functional residual capacity) [5]. In the HS position, the normal expiratory func-
tion [13] suggests an increased diaphragmatic restraint because the body weight is borne
on the vertex and the rib cage is free of the weight of the shoulder girdle. Considering the
abdomen wall expansion in diaphragmatic inspiration as well as the intense role of the
abdominal muscles in expiration to breathe out the air volume that was deeply inhaled, the
abdomen wall kinematics may provide a quantitative criterion of diaphragmatic versus
normal breathing. Despite the technological advancements of non-invasive devices for
studying breathing mechanics, i.e., inertial sensors, there appears to be limited information
concerning the kinematics of the abdomen wall during diaphragmatic breathing in HS
compared to erect standing (ES).

The technology advancements have inspired a lot of recent studies to use inertial
sensors (devices that include an accelerometer and a gyro sensor) to detect and evaluate
breathing function [16–21]. The use of inertial sensors aimed to overcome the difficulties
of the gold standards for testing breathing function (spirometry and body plethysmog-
raphy) [17] are both rather uncomfortable because the person must breath through a
mouthpiece or a face mask with a sealed nose. Nevertheless, most of such studies tested
normal breathing in the erect posture. In those studies, accelerometers placed on the
chest wall [16,17,19–23] or the abdomen wall [16,18–21,23] appear to effectively detect
the breathing kinematic changes in both the chest and the abdomen wall. To the best of
our knowledge, a rather small number of studies include deep breathing data using an
accelerometer [19,20]. However, the kinematic changes reported by Hung et al. [19] concern
deep breathing while standing, sitting, and lying but not in head-down body stances; in
addition, the breathing instructions did not target intentional diaphragmatic breathing.
Karacocuk et al. [20] also describe their breathing instructions as forceful but quiet, stating
that although abdominal (diaphragmatic) rather than thoracic breathing dominated, their
sensor location (chest wall) did not allow the detection of abdomen wall kinematic changes.
Although the use of accelerometers to assess the kinematic changes in the abdomen or chest
wall is not without problems (strong dependency on the sensor location on the participant’s
body [24] or motion artifacts [20]), such problems appear to be effectively handled through
elaborated signal-filtering techniques [17,23,25].

To the best of our knowledge, the studies using inertial sensors and advanced signal-
processing techniques concern normal breathing in the erect posture. There appears to be
a lack of experimental information concerning the effect of diaphragmatic breathing in
concurrence with HS, an extremely atypical deviation from daily activities, nevertheless
widely practiced due to its alleged health benefits. We hypothesized that diaphragmatic
compared to normal breathing would significantly increase the abdomen wall displacement
and that inertial sensing would be feasible to discern this increase.
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Thus, the purpose of this study was to apply inertial sensing to evaluate the ef-
fect of diaphragmatic versus normal breathing on the abdomen wall kinematics during
head standing.

2. Materials and Methods

2.1. Participants

Twenty-eight healthy men and women (32.6 ± 9.7 and 22.4 ± 5.0 years; height:
173.8 ± 10.0 and 166.8 ± 6.0 cm; and body mass: 72.1 ± 9.0 and 59.7 ± 7.2 kg, for the men
(n = 8) and the women (n = 20), respectively) were selected among those who volunteered
as participants after a public announcement or personal invitation. The inclusion criteria
(no musculoskeletal injury during the past 2 months, no history of high blood pressure, no
known respiratory or vision disorder, previous experience in HS and diaphragmatic breath-
ing) aimed to ensure that the participants could safely maintain HS in concurrence with
diaphragmatic breathing. All participants were fully informed about the purpose of the
study, and informed consent was obtained from all of them. Their detailed characteristics
are presented in Table 1.

Table 1. Personal characteristics of the participants (N = 28).

a/a Gender
Age
(y)

Body
Mass
(kg)

Body
Height

(m)

Body Mass
Index

(kg/m2)

* BMI Clas-
sification

Headstand
History

Experience

Headstand
Practice

Experience

Diaphragmatic
Breathing
Experience

S01 F 26 63.0 1.61 24.3 Normal 1–2 years Personal
Practice <6 months

S02 F 25 57.5 1.68 20.4 Normal >8 years Artistic
Gymnastics <1 year

S03 M 29 79.0 1.78 24.9 Normal >8 years Artistic
Gymnastics <6 months

S04 F 21 55.0 1.60 21.5 Normal 5–7 years Artistic
Gymnastics <6 months

S05 F 25 51.0 1.67 18.3 Underweight 5–7 years Artistic
Swimming <1 year

S06 M 27 80.7 1.80 24.9 Normal <1 years Personal
Practice <6 months

S07 M 34 68.3 1.67 24.5 Normal >8 years Artistic
Gymnastics <6 months

S08 F 33 52.0 1.58 20.8 Normal 1–2 years Yoga 2–4 years
S09 M 41 72.0 1.82 21.7 Normal 2–4 years Yoga >8 years
S10 F 21 54.0 1.67 19.4 Normal 1–2 years Yoga 1–2 years
S11 F 37 64.0 1.67 22.9 Normal >8 years Yoga >8 years

S12 F 22 72.5 1.72 24.5 Normal >8 years Rhythmic
Gymnastics <6 months

S13 F 18 60.0 1.60 23.4 Normal 2–4 years Yoga 2–4 years
S14 M 51 64.0 1.80 19.8 Normal 5–4 years Yoga 5–7 years
S15 F 22 65.0 1.70 22.5 Normal <1 years Yoga <1 year
S16 F 20 63.0 1.73 21.0 Normal 2–4 years Yoga 2–4 years

S17 F 20 54.0 1.64 20.1 Normal 2–4 years Rhythmic
Gymnastics <6 months

S18 F 19 67.0 1.69 23.5 Normal >8 years Rhythmic
Gymnastics <6 months

S19 F 19 62.0 1.72 21.0 Normal 5–7 years Artistic
Gymnastics <6 months

S20 M 33 72.0 1.70 24.9 Normal 5–7 years Yoga >8 years

S21 F 18 66.0 1.79 20.6 Normal >8 years Artistic
Gymnastics <6 months

S22 F 20 68.0 1.78 21.5 Normal >8 years Rhythmic
Gymnastics 2–4 years

S23 F 20 49.5 1.59 19.6 Normal 2–4 years Artistic
Gymnastics <6 months

S24 M 26 55.0 1.53 23.5 Normal >8 years Artistic
Gymnastics >8 years

S25 F 18 57.0 1.62 21.7 Normal 2–4 years Breakdance <6 months

S26 F 23 49.7 1.64 18.5 Underweight >8 years Artistic
Gymnastics <6 months

S27 F 22 58.4 1.65 21.5 Normal >8 years Artistic
Gymnastics <6 months

S28 M 20 76.5 1.80 23.6 Normal 5–7 years Personal
Practice <6 months

* According to the World Health Organization, https://www.who.int/data/gho/data/themes/topics/topic-
details/GHO/body-mass-index, accessed on 10 August 2023.
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2.2. Experimental Procedure
2.2.1. Verification of Diaphragmatic Breathing Pattern

Participation clearance was provided only after a familiarization session that aimed
to ensure that the volunteers could perform and maintain HS for 40 s and perform the
diaphragmatic breathing pattern (Figure 1). Specifically, an experienced examiner evi-
denced the two characteristic visual alterations of the abdomen wall between regular and
diaphragmatic breathing, that is, the intense abdomen wall expansion during the inspi-
ration phase (without observable motion in the upper thorax) as well as its subsequent
intense flattening and inward pull during the expiration phase [14,15,26]. In addition
to the experienced examiner’s visual verification, the diaphragmatic breathing pattern
was also experimentally verified through the angular displacement signal of an inertial
sensor positioned on the abdomen wall (described below) concerning the abdomen wall
rotation around the frontal horizontal axis [20], thus tracing the abdomen wall expansion
and compression during inspiration and expiration, respectively. Karacocuk et al. [20] also
report that the inclination due to rotation around the frontal horizontal axis (roll angle in
the present study) is the most accurate one because it yields the lowest error concerning
the breathing rate and its correlation with the respiratory minute volume.

Figure 1. Men and women participants in the head-standing body stance. (A,B) during normal breath-
ing and (C,D) during diaphragmatic breathing where the abdomen wall expansion is visible. The
anatomical calibration of the sensor is described in the second paragraph of the data collection section.

4
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2.2.2. Data Collection

The participants were instructed to maintain (40 s, barefoot) HS (Figure 1) as well
as ES. They maintained both stances under normal and diaphragmatic breathing, both at
their preferred breathing frequency. The two body stances were presented in rotation order,
aiming to obtain a similar number of participants in each body stance × breathing type
combination. HS was maintained without wall support; thus, in all HS trials, a trained
assistant was standing next to the participant to safely cushion a potential balance loss.
Also, a mat was positioned in the potential falling area in case of balance loss. Three
successful trials were obtained per participant in each combination of body stance and
breathing type. One minute rest was allowed between trials of the same body stance
and 3 min rest before initiating the trials of the subsequent body stance. To eliminate the
influence of external factors that could possibly affect the sensor signal, we did our best
to maintain the same experimental conditions for all participants (conducting the data
collection at fixed times of the day with some tolerance, monitoring air temperature and
humidity to keep similar ambient conditions, and ensuring the absence of environmental
sound or voice pollutants—a possible reason for a variety of oscillations) [27].

Following previous studies [16,21,23,28], a triaxial inertial sensor was used (LORD
MicroStrain®, 3DM-GX3®-45, sampling at 100 Hz, https://www.microstrain.com/sites/
default/files/applications/files/3DM-GX3-45-GPS-Aided-Inertial-Navigation-System-Data-
Sheet.pdf, accessed on 23 November 2023) enabling the recording of the 3D abdomen wall 3D
linear acceleration and 3D angular displacement (AD) during the normal and the diaphrag-
matic breathing trials. The AD rather than the linear acceleration signal was selected for
analysis as a more direct estimate of the abdomen wall displacement. With the participant
in ES, the inertial sensor was securely positioned on the abdomen wall, at 2 cm above the
umbilicus (Figure 1). Also in ES, the anatomical calibration of the sensor indicated the ab-
domen wall AD for the inspiration and expiration phases as follows: the roll Euler angle as
the forward–backward motion of the abdomen wall in the sagittal plane (rotation around
the frontal horizontal axis, forward expansion during diaphragmatic inspiration); the pitch
Euler angle as the outward–inward motion in the frontal plane (rotation around the sagittal
horizontal axis, outward expansion during diaphragmatic inspiration); and the yaw Euler
angle as the downward–upward motion in the transverse plane (rotation around the vertical
axis, downward expansion during diaphragmatic inspiration). The AD signal was recorded in
radians and converted into degrees (1 radian = 57.3 degrees). Then, the resultant of the roll,
pitch, and yaw signals was also calculated.

2.2.3. Data Procession

Initially, all raw Euler angle signals were pre-processed (MatLab R2022b, bandpass fil-
tering (https://www.mathworks.com/help/signal/ref/bandpass.html, accessed on 10 Au-
gust 2023) by applying the function y = bandpass(x,fpass,fs), where y stands for the filtered
signal, fs specifies the sampling frequency (that is 100 Hz in the present study), and fpass
specifies the two-element vector concerning the passband frequency range of the filter in
Hz. Following previous studies [17] and an extensive trial and error process, 0.1 Hz and
0.5 Hz were decided as the optimum lower and upper cut-off frequencies, respectively, for
the passband frequency range.

The pre- and post-filtering signal to noise ratios (SNRs) in each body stance and
breathing type condition are presented in Table 2 for all three Euler angles, as well as their
resultants. The SNR was estimated through Matlab 2022b software using the function
r = snr(x) that returns the SNR in decibels relative to the carrier (dBc) (where r stands for
SNR and x is the input signal, https://www.mathworks.com/help/signal/ref/snr.html,
accessed on 24 December 2023). The function determines the SNR through a modified
periodogram that uses a Kaiser window with β = 38 and has the same length as the input
signal (the result excludes the power of the first six harmonics, including the fundamental).
In breathing monitoring studies, an SNR as low as 10 dB has been realized as a limit above
which the accuracy of results is consistently good [29]. To the best of our knowledge,
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breathing studies using inertial sensors do not report their SNR values; however, an
SNR ≥ 14 dB is reported as producing very low estimation error concerning the breathing
rate using a Doppler radar system [29] and typical of clinically acknowledged equipment
such as the respiration-correlated computer tomography [30], while an average SNR at
29.6 dB is reported for acoustic breathing signal [31].

Table 2. Signal to noise ratio pre- and post-bandpass (0.1 Hz–0.5 Hz) signal filtering *.

Filtering
Condition

Experimental
Condition

Signal to Noise Ratio (dB)

Roll Pitch Yaw Resultant

Pre-Filtering

EN 13 14 10 12
ED 19 18 19 16
HN 6 6 5 6
HD 7 6 7 6

Post-Filtering

ED 93 110 101 96
HN 47 41 38 36
HD 44 39 44 37
EN 79 81 69 64

* Matlab 2022b, https://www.mathworks.com/help/signal/ref/bandpass.html, accessed on 24 December 2023.

To ensure the removal of any remaining linear trend, signal filtering was followed by
signal detrending using the function D = detrend(A) of MatLab R2022b software (https://www.
mathworks.com/help/matlab/ref/detrend.html?s_tid=srchtitle_site_search_1_detrend, accessed
on 10 August 2023) that removes the best straight-fit line from the data of the input signal (A) and
returns the remaining data (D). Finally, an offset removal procedure was applied according to the
equation y = x – offset, where x is the input signal and y is the output signal with the offset being
the value of the initial data point of each respective input signal which was subtracted from each
one of its successive data points. Sample pre- and post-filtering time series, as well as after offset
removal, are illustrated in Figure 2 for ES and in Figure 3 for HS. Detrending did not affect the
SNR of the time series signals or yield any significant difference concerning the variables under
examination (p > 0.05). Thus, the detrended signals are not included in Figures 2 and 3.

All signals were plotted at each procession step for visual inspection. All three
AD signals (roll, pitch, and yaw) presented peaks and dips allowing us to visualize the
breathing cycles in both the normal and the diaphragmatic breathing conditions. Peaks
indicate the end of the inspiration phase and dips at the end of the expiration one, thus
the initiation of the subsequent breathing cycle. After locating the initiation of the first
breathing cycle, a 30 s breathing duration was extracted for further analysis, concerning
the roll, pitch, and yaw Euler angles and their resultants (in each one of the three trials per
participant, for each body stance and breathing type experimental condition), as described
below.

The initiation of the first breathing cycle was located through visual inspection and
numerical verification of the first dip of the signal (end of first expiration). The abdomen
wall rotation around the frontal horizontal axis traces the characteristic abdomen wall
expansion and compression during inspiration and expiration, respectively, [20]. Thus, the
roll AD signal was selected to visually locate the temporal position of the dip indicating
the end of the first expiration, that is, the initial time point of the 30 s data used for further
procession and analysis in all three AD signals. The visual location of the dip indicating
the end of the first expiration was followed by verification that its numerical value was the
lower one among the neighboring data. The three AD signals (roll, pitch, and yaw) were
synchronized, and their visual inspection allowed us to assume a temporal concurrence
among their dips and peaks; however, we did not extract, nor did we statistically test the
dip and peak time differences among the roll, pitch, and yaw AD signals.

6
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Figure 2. Sample pre- and post-filtering time series signals (raw and filtered, respectively), as
well as after the offset removal, for the 3D angular displacement (roll, pitch, and yaw: forward,
outward, and downward abdominal expansion, respectively) in erect standing during normal (top)
and diaphragmatic (bottom) breathing.

7
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Figure 3. Sample pre- and post-filtering time series signals (raw and filtered, respectively), as
well as after the offset removal, for the 3D angular displacement (roll, pitch, and yaw: forward,
outward, and downward abdominal expansion, respectively) in head standing during normal (top)
and diaphragmatic (bottom) breathing.
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2.2.4. Estimation of Angular Displacement (AD) Variables

Magnitude of AD Path Length. The length of the AD path was calculated by summing
the magnitude of the AD change (absolute value) at every time step for the data points
comprising the AD time series signal. The AD path length was calculated by summing the
magnitude of the AD distance change at every time step using Equation (1), where N is
the number of data points in the AD time series (in this case, 3000 successive data points),
θ is the angular position at the respective time step, and |·| denotes the absolute value. For
each participant, the mean of his/her three trials per experimental condition consisted of
the AD path length value inserted in statistical analysis.

Magnitude of AD path length =
N

∑
n=2

|θ[n]− θ[n − 1] | (1)

Individual Variability of AD Path Length. Individual variability is a measure of natural
behavior reliability [32,33]. Separately for each participant and the participant’s three trials
in each condition, the relative individual coefficient of variation (CVind) of the AD path
length was calculated and expressed as a percentage (%CVind) according to Equation (2),
where SD is the standard deviation and x is the average of the three trials’ observed values.

%CVind =
SD
x

×100, where CVind =
SD
x

(2)

Ratio of AD Path Length. For the AD path length, the diaphragmatic (D) to normal
(N) breathing ratio was calculated, in ES (E-D/N) and HS (H-D/N), expressing the times
that the AD of the abdomen wall was increased during the diaphragmatic relative to
normal breathing.

2.2.5. Cross-Correlation, Relative Reliability, Standard Error of Measurement, and Minimal
Detectable Change

Cross-Correlation of Time Series Signals. Separately for each participant, the signals
extracted for further analysis were initially tested for cross-correlation between pairs of
trials. Cross-correlation provides a measure of association between signals. When two time-
series data sets are cross-correlated, a measure of temporal similarity or temporal reliability
is achieved [34]. The cross-correlation coefficient (CC) was calculated between pairs of
trials in each condition, that is, between trial 1 and trial 2 (CC12), between trial 1 and trial
3 (CC13), and between trial 2 and trial 3 (CC23). All CCs and their statistical significance
were calculated using the MatLab Function [R,P] = corrcoef(A,B) (https://www.mathworks.
com/help/matlab/ref/corrcoef.html, accessed on 10 August 2023), where R stands for the
correlation coefficient, P for its significance level (default: P < 0.05), and A and B stand for
the two discrete time series signals that are cross-correlated. The mathematical equations
behind the corrcoef function concern the correlation coefficient matrix (R) (Equation (3)) and
the p-value matrix (P) (Equations (4) and (5)). Concerning Equation (3), the cov(x,y) is the
covariance between x and y and var(x) and var(y) are the variances of x and y, respectively.

Correlation Coe f f icient (R) =
cov (x, y)√

var(x)·var(y)
(3)

The p-value matrix was calculated using a t-statistic according to Equation (4), under
the assumption that the true correlation coefficient is zero.

t =
R
√

n − 2√
1 − R2

(4)

The p-value was then obtained from the cumulative distribution function of the t-
distribution with n − 2 degrees of freedom according to Equation (5); here, t(i,j) is the
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t-statistic for the correlation coefficient R(i,j) and P(i,j) is the p-value for testing the null
hypothesis that the true correlation coefficient is zero.

P(i, j) = P(abs(t(i, j)) > abs(R(i, j))) (5)

Relative Reliability–Intraclass Correlation Coefficient (ICC). The relative reliability of the
AD path length among the three trials was tested using the Intraclass Correlation Coefficient
(ICC). There are several forms of the ICC [35], but considering that the relative reliability that
is in question concerns absolute agreement, the 2-way random effects absolute agreement
method, also known as ICC (2,1), was the most appropriate for the present study [36], and
the average measures output was used (SPSS v28.0). The ICC’s upper and lower bounds
of their 95% confidence interval were also extracted. Relative reliability was classified by
Fleiss [37] (ICC > 0.75: excellent; ICC between 0.40 and 0.75: fair to good; ICC < 0.40: poor).

Standard Error of Measurement (SEM). A behavior change can be interpreted as a
true change only if the observed difference between measurements is larger than the
measurement error, the latter depending on the trials’ absolute reliability [32,33] in addition
to the natural behavior reliability (%IndCV). Absolute reliability was tested with the
standard error of measurement (SEM) with a smaller SEM indicating a better absolute
reliability. SEM accounts for the within-subject variability and assesses how precisely a test
measures a subject’s true value, has the same units as the measure of interest, and is not
sensitive to the between-subject variability of the data. Thus, SEM indicates the expected
variation in observed values that occurs owing to the measurement error (if reliability = 0,
SEM will equal the standard deviation of the observed values; if test reliability = 1.00, SEM
will be zero).

SEM was estimated as the square root of the mean square error term from ANOVA, as
this estimation has the advantage of being independent of the specific ICC and allows more
consistency in interpreting SEM values across different studies [38]. The relative SEM (ex-
pressed as a percentage, %SEM) was used for statistics and was defined as (SEM/x × 100,
where x is the average of all participants’ AD path length values. The %SEM allows a
comparison of the expected variation in observed values between different conditions.

Minimal Detectable Change. The minimal detectable change (MDC) indicates the min-
imal amount of change that can be interpreted as a “real” change in the behavior of an
individual, that is, a difference greater than the measurement error; a smaller MDC in-
dicates a more sensitive measure [33,38]. MDC was calculated from the SEM based on a
90% confidence interval (MDC90) following the formula MDC90 = SEM × 1.65 × √2 [33].
Then, the relative MDC90 was estimated (%MDC90) as (MDC90/x) × 100, where x is
the average of all participants’ observed values, separately for each combination of body
stance and breathing type condition. The %MDC90 allowed the comparative evaluation
of absolute reliability to infer if the observed differences could be interpreted as a “real”
change in the behavior of the participants of the present study.

2.3. Statistical Analysis

A two-way repeated measures analysis of variance (ANOVA) (body stance X breath-
ing type) was applied to test the interaction between body stance and breathing type
concerning the magnitude, the %CVind, and the ratio of the AD path length. Due to
non-significant interaction between body stance and breathing type across all three AD
variables (Appendix A, Table A1, two separate one-way ANOVAs were applied, one to
test the effect of breathing type per body stance and another one to test the effect of body
stance per breathing type. The level of significance was set at p ≤ 0.05 (SPSS version 28.0,
IBM Statistics, Armonk, NY, USA).

3. Results

3.1. Angular Displacement Path Length

Across all axes of rotation, as well as their resultant, the AD path of the abdominal
wall was significantly altered due to breathing type. Specifically, diaphragmatic breathing
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significantly increased the AD path of the abdominal wall (p ≤ 0.01 for all) in both ES and
HS (Figure 4). Similarly, the body stance altered the AD path of the abdominal wall, with a
significant increase in HS for both normal and diaphragmatic breathing (p ≤ 0.01 for all)
(Figure 4). Detailed statistics of the repeated measures ANOVA, as well as the Cohen’s d
effect size, concerning the breathing type and the body stance main effect, are provided in
Appendix A, Table A1.

Figure 4. Mean (SD) of the angular displacement (AD) path length of the roll, pitch, and yaw Euler
angles as well as their resultant for each condition of body stance and breathing type. The anatomical
expansion of the abdomen wall during diaphragmatic inspiration is noted. The body stance effect and
breathing type effect were both significant (p ≤ 0.01 for all), with no significant interaction between
them (p > 0.05). EN: Erect standing–Normal breathing, ED: Erect standing–Diaphragmatic breathing,
HN: Head standing–Normal breathing, and HD: Head standing–Diaphragmatic breathing.

3.2. Individual Variability of AD Path

The relative individual coefficient of variation (%CVind) was not significantly altered
due to either the body stance or due to breathing type (p > 0.005) (Figure 5). Detailed
statistics of the repeated measures ANOVA, as well as the Cohen’s d effect size, concerning
the breathing type and the body stance main effect, are provided in Appendix A, Table A1.

Figure 5. Mean (SD) of the individual coefficient of variation (%CVind) (bottom) of the roll, pitch,
and yaw Euler angles, as well as their resultant, for each condition of body stance and breathing type.
The anatomical expansion of the abdomen wall during diaphragmatic inspiration is noted. Neither
the main effects of body stance and breathing type nor their interaction were significant (p > 0.05).
EN: Erect standing–Normal breathing, ED: Erect standing–Diaphragmatic breathing, HN: Head
standing–Normal breathing, and HD: Head standing–Diaphragmatic breathing.
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3.3. Diaphragmatic to Normal Breathing Ratio of AD Path

Across all axes of rotation, as well as their resultants, the diaphragmatic to normal
breathing ratio was significantly lower in HS (p < 0.05) indicating that it was tripled in ES
and just doubled in HS (Figure 6). Detailed statistics of the repeated measures ANOVA, as
well as the Cohen’s d effect size, concerning the body stance main effect are provided in
Appendix A, Table A2.

Figure 6. Diaphragmatic to normal breathing ratio of the angular displacement (AD) path length in
erect standing (E-D/N: black bars) and head standing (H-D/N: grey bars). The anatomical expansion
of the abdomen wall during diaphragmatic inspiration is noted. The ratio indicates the times that
the AD path was increased in diaphragmatic compared to normal breathing. * significant difference
between E-D/N and H-D/N at p ≤ 0.05.

3.4. Cross-Correlation of AD Time Series Signals

The means of the pairwise cross-correlations for each body stance and breathing type
are presented as boxplots in Figure 7. Overall, with a small number of non-consistent
exceptions, all cross-correlations were significant (Figure 7).

3.5. Relative Reliability–Intraclass Correlation Coefficient (ICC) of AD Path

All ICCs (Figure 8-Right) were above 0.80 indicating excellent relative reliability of
the AD path length in all three Euler angles as well as their resultants in all body stance X
breathing type conditions.

3.6. Standard Error of Measurement and Minimal Detectable Change in AD Path

The %MDC90 was greater than the %SEM upper boundary limit (Figure 8-Left)
indicating that the observed changes may be interpreted as “real” ones due to either body
stance or due to breathing type.
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Figure 7. Boxplots of the mean coefficient of cross-correlation between pairs of trials in each con-
dition. The box indicates the interquartile range of the values (IQR: 50% of the values lie within
0.6745 standard deviation). The horizontal line in the box indicates the median and the x symbol
indicates the mean. The whiskers extend up from the top of the box to the largest data element that
is less than or equal to 1.5 times the IQR and down from the bottom of the box to the smallest data
element that is larger than 1.5 times the IQR. The filled circles indicate values, with those outside the
whiskers considered as outliers. The anatomical expansion of the abdomen wall during diaphrag-
matic inspiration is noted. EN: Erect standing–Normal breathing, ED: Erect standing–Diaphragmatic
breathing, HN: Head standing–Normal breathing, and HD: Head standing–Diaphragmatic breathing.
Overall, with a very small number of exceptions, the cross-correlations were significant (p ≤ 0.05).
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Figure 8. Right: Relative reliability of the AD path length (black squares indicate ICC with the
vertical lines denoting the upper and lower bounds of its 95% confidence interval). Left: Absolute
reliability of the AD path length (black circles indicate %SEM with the vertical lines denoting the
upper and lower bounds of its 95% confidence interval) with the relative minimal detectable change
(%MDC90) indicated by the × index. Results are presented for the roll, pitch, and yaw Euler angles as
well as their resultants in EN: Erect standing–Normal breathing, ED: Erect standing–Diaphragmatic
breathing, HN: Head standing–Normal breathing, and HD: Head standing–Diaphragmatic breathing.

4. Discussion

The purpose of this study was to apply inertial sensing to evaluate the effect of
diaphragmatic versus normal breathing on the abdomen wall kinematics during head
standing (HS). The initiative for the present study was that nowadays many people are
encouraged or even challenged to practice HS as an atypical deviation from daily activity,
(upsetting the evolved systemic adaptations for overcoming the effects of gravity), while
concurrently practicing diaphragmatic breathing, the latter expected to further enhance the
alleged health benefits of HS [7–9].
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The present results, with no significant interaction between the body stance and the
breathing type, verify a significant increase in the abdomen wall AD path length during
diaphragmatic breathing compared to normal breathing, in both ES and HS (p < 0.001),
across all three directions of abdominal expansion–compression. The results consolidate the
visual criteria used to identify diaphragmatic breathing, that is, the greater displacement of
the abdomen wall due to its inspiration-related expansion [10,11] followed by its active and
intense, rather than the normal passive [12], flattening as the abdominal muscles contract
against gravity to compress the viscera upward and inward.

Diaphragmatic breathing is known to affect the overall respiration mechanics [15]
through diaphragm–related abdominal expansion. When breathing normally in the head-
down position, the breathing mechanics are disturbed due to the reversed action of gravity
on the ribcage (inspiratory direction: maximal gravity effect superseding the abdominal
hydrostatic pressure, expiratory direction: reversed effect of gravity on the elastic recoil
properties of the various contracting components of the respiratory muscles, less postural
contraction of the respiratory muscles) [5].

While in HS, the lateral deviations in the thoracic spine may increase postural control
difficulties as well as the spinal loads [39] adding to the disturbed normal breathing
mechanics when gravity resists rather than aids the expiration phase. Foskolou et al. [14]
report the postural stability differences between ES and HS in normal and diaphragmatic
breathing. Overall, for normal and diaphragmatic breathing, HS appears to increase
postural instability (anteroposterior and mediolateral) at about 8 to 9 times higher compared
to ES [14]. Thus, in HS, the muscles have both a breathing and a postural role, such as the
diaphragm and the abdominal muscles, and may prioritize their postural role to modulate
the intra-thoracic and intra-abdominal pressure and therefore compromise the respiratory
motion of the rib cage and the abdomen [11]. Indeed, the strong contraction of postural
muscles in HS appears to play a major role in the greater air volume remaining in the lungs
compared to hung head-down experiments [13].

One should also consider that the breathing waveform sensed by an accelerometer is
a slow periodic variation (<1 Hz) with a weak amplitude, which is easily mixed with body
movements (both signals are in the same frequency band [0, 1 Hz], so the person must
stay still while taking measurements [28]. Although we may not exclude with absolute
certainty the possibility of body movement interference, the signals of the present study
have sustained an appropriate filtering process (passband at 0.1–0.5 cut-off frequencies)
and agree with previously reported breathing waveforms [17–21,23].

Concerning the filter efficacy, it appears to have removed the data consisting of noise
as shown by the improved SNR when comparing the pre- to post-filtering values. It must
be noted though that even the pre-filtered SNR values appear to fall within the SNR range
considered acceptable in breathing studies using a variety of breathing monitoring systems.
Specifically, even 10 dB has been realized as an SNR limit above which the accuracy of
results is consistently good [29]. Also, an SNR ≥ 14 dB is reported as producing a very
low estimation error concerning the breathing rate using a Doppler radar system [29]
and as being typical of clinically acknowledged equipment such as respiration-correlated
computer tomography [30]. Also, an average SNR of 29.6 dB is reported for acoustic
breathing signals [31]. To the best of our knowledge, there appears to be limited SNR
information in breathing studies using inertial sensors. Phan et al. [28] using a sensor
placed on the chest, suggest an adaptive rather than a fixed filter as potentially more
effective regarding the SNR improvement; however, they do not report any SNR values.
Overall, the average SNR of the present data, particularly those of the HS trials, was
well within the commonly accepted SNR limits in previous breathing studies [29–31]
and allowed us to assume a good efficacy of the applied filtering process. A potential
consideration could be raised only for just a very small number of trials concerning solely
the yaw AD signal during normal breathing in ES (sample signal provided in Figure 2 with
an SNR at 10 dB).
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One question that arises when inertial sensors are used to detect and evaluate breath-
ing kinematics is the reliability of the results, which was also a concern of the present study.
The reliability criteria themselves warrant careful computation and interpretation owing to
the variety of computational models and the wide range of classification boundaries [35,37].
Furthermore, one should realize the different interpretations of the relative reliability (the
degree to which individuals maintain their position in a sample over repeated measure-
ments) versus absolute reliability indices (the degree to which repeated measurements vary
for individuals) [37]. The present results are produced from AD time series of significant
inter-trial temporal similarity, which together with the excellent relative reliability of the
AD path length allow us to safely infer a high data reliability. The homogeneity of the
testing conditions contributes to the reliability of the results [40,41]. Furthermore, despite
the CV limitations as a reliability tool [42], the natural behavior reliability (expressed by
%CVind [32,33]) was similar across experimental conditions which further enhances the
overall data reliability.

Another issue that could affect the reliability of the results is the error of measurement,
as any measured change reflects true change plus error. The error of measurement is the
part of the obtained score that is unsystematic and random and due to chance, reflects the
accumulated effects of all uncontrolled and unspecified influencing factors included in
the obtained value [41]. When the error is great, wider confidence intervals apply to the
observed difference, implying that the “true” change could be anywhere within the given
range. The upper limit of this confidence interval helps to define another boundary of
meaningful change. Theoretically, differences greater than this upper boundary limit would
have less than a 5% chance of being changed due to chance (error) alone [36,41] and could
therefore be confidently considered as a true difference due to the effect applied. Following
this logic, the MDC also constitutes the lower boundary of a potentially meaningful change.

The acceptable error of measurement does not depend on the absolute SEM value,
but should rather be considered with regards to the measured parameter, as well as with
regards to the MDC of the measure under evaluation. To the best of our knowledge,
there do not appear standardized specific criteria concerning the %SEM classification. As
emphasized by Atkinson and Nevill [42], the higher the %SEM, the lower the absolute
reliability and the lower the precision of the obtained results. A %SEM of 9–14% was
classified by Jaworski et al. [43] as very good reliability (single-legged standing, Gyko
inertial sensor). Pooranawatthanakul and Siriphorn [44] reported %SEM at about 16%
in common ES balance tests (mobile phone accelerometer). The %SEM in the present
study (ranging from 18.9 to 49.2% with an average, across-body stance and breathing type
conditions) together with the about 5% higher %MDC90 than the upper boundary limit of
the %SEM, allows us to safely assume that the observed differences reflect reliable as well
as “real” changes.

One could argue for the use of inertial sensors rather than the gold standards for
testing breathing function (spirometry and body plethysmography, Beck et al. [17]) due
to the problems associated with the use of inertial sensors to detect and evaluate the
breathing kinematics [20,24]. However, both spirometry and body plethysmography
are rather uncomfortable as the person must breathe through a mouthpiece or a face
mask with a sealed nose [17], an issue that initiated studies dated back to the middle of
the 20th century to measure respiratory parameters by focusing on movements of the
thorax [45]. Nowadays, inertial sensing of the breathing kinematics has been validated
against plethysmography [17,19], spirometry [20], pneumotachography [21], and nasal
pressure [16], whereas the body placement or motion artifact problems [20,24] appear to be
effectively handled through elaborated signal-filtering techniques [17,23,25].

It is important to note that the accelerometer can introduce some systematic errors,
even under identical experimental conditions [27]. However, we tried to eliminate the
influence of external factors by maintaining the same experimental conditions for all
subjects (conducting the data collection at fixed times of the day with some tolerance,
monitoring air temperature and humidity to keep similar ambient conditions, and ensuring

16



Biomechanics 2024, 4

the absence of environmental sound or voice pollutants—a possible reason for a variety of
oscillations).

One could also argue that the sensor body placement (abdominal rather than chest
wall) as the body location is considered to affect the results. During normal breathing
in ES, both the chest [16,17,19,20,22,23] and the abdomen wall [16,18–21,23] placements
appear to effectively detect kinematic changes (inclination angle and rotation). However,
the studies favoring the sensor placement on the chest wall [16,17,19,20,22,23] examine
normal rather than diaphragmatic breathing, which justifies their choice for chest wall
placement. Specifically, Karacocuk et al. [20] mention that in their experimental condition,
abdominal breathing dominated instead of thoracic breathing, and they could not detect
the abdominal breathing kinematic changes because the sensor was placed on the chest.

In the present study, the sensor was placed on the abdomen wall at the umbilicus level
rather than closer to the rib cage applied in other studies [18,23]. Siqueira et al. [21] used 10
sensor positions (spread vertically as well as horizontally on the frontal body surface) to
investigate the best locations that lead to good quality signals (3 sensors in the middle of
the chest using the nipples as a reference, 3 sensors on the costal arch, and 3 sensors on the
abdomen using the umbilicus as a reference, including the body position of the present
study, and one sensor on the abdomen at the same height as the ones placed on the lower
ends of the costal arch). Taking into consideration that Siqueira et al. [21] studied normal
breathing in conventional body stances (standing, sitting, and lying), they reported as best
locations those on the right body side (most likely due to the greater lung size on the right)
and the apex of the costal arch. Nevertheless, as shown by Siqueira et al. [21], the sensor
placement used in the present study is effective in detecting the kinematic changes in the
body surface due to breathing, with improved efficacy in the lying than in the standing
or sitting body stance. The rationale for placing the sensor near the umbilicus in the
present study was that this is the anatomical level where the greatest abdomen expansion
is expected during diaphragmatic inspiration both vertically and horizontally [20]. In
addition, Karacocuk et al. [20] attributed their inability to detect the abdominal breathing
contribution to their experimental results because their sensor was placed on the chest
rather than the abdomen, the latter also avoiding the heart rate [28] influence on the signal.
As both men and women were participants in the study (indeed, 72% of them were women),
the abdomen rather than the chest location also allowed the avoidance of the potential
breast [21] influence in the kinematic changes due to breathing. Potential biases emanating
from the dominance of women participants may not be excluded as the breathing function
is associated with differences due to gender (most likely due to their smaller size than
men and possibly as pregnancy propaedeutics) [46]. However, considering all reliability
indices (%CVind, ICC, %SEM, and %MDC90), we feel safe to state that neither the sensor
placement nor the participants’ gender appears to have undermined the accuracy or the
precision of the results.

5. Conclusions

In conclusion, the present study examined the effect of diaphragmatic breathing in the
HS position in comparison to both normal breathing as well as ES. The results indicated a
significant increase in the abdomen wall AD during diaphragmatic breathing compared to
normal breathing in HS, whereas no significant interaction was observed between body
stance and breathing type. This finding provides experimental and quantitative verifi-
cations of the visual criteria used to identify diaphragmatic breathing, i.e., the abdomen
expansion and depression during the diaphragmatic inspiration and expiration phase, re-
spectively. The increase in the AD path length in diaphragmatic breathing was significantly
lower in HS than in ES most possibly due to the breathing mechanics alterations when the
body is inverted head-down (mainly due to gravity-related differences associated with
the interplay between the breathing and postural role of the diaphragm as the primary
inspiratory muscle and the muscles of the abdomen wall as the primary expiratory muscles.
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Across all body stance and breathing type conditions, the results appear to be highly
reliable as shown by the temporal similarity of the AD time series obtained through the
cross-correlation analysis, the natural behavior reliability examined through the %CVInd,
the relative reliability measures examined through the ICC, and the absolute reliability
examined through the %SEM. The small number of non-significant cross-correlations may
not be explained as these did not yield a consistent pattern across pairs of trials or for
AD direction, body stance, breathing type, or participant. Finally, the %MDC90 being
consistently higher (about 5%) than the upper boundary limit of the %SEM allows us
to safely conclude the AD differences as “real” changes due to diaphragmatic breathing,
in both ES and HS. Our study contributes to research-based evidence concerning the
concurrent practice of diaphragmatic breathing during HS, as, nowadays, many people are
encouraged or even challenged to engage in this practice to further enhance the alleged
benefits of HS.
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Appendix A

Table A1. Main effect (body stance and breathing type) and interaction (body stance and breathing
type) statistics for the two-way repeated measures ANOVA concerning the angular displacement
path length (AD path length) and the individual variability of the AD path (%CVind) for each one of
the three Euler angles (roll, pitch, and yaw) as well as their resultants.

F
Significance

p Value
Partial Eta Squared

Cohen’s d
Effect Size

Observed Power

Body Stance Main Effect

AD path length

Roll 21.60 0.000 * 0.444 1.79 0.99
Pich 23.82 0.000 * 0.469 1.88 1.00
Yaw 14.35 0.001 * 0.347 1.46 0.95

Resultant 22.52 0.000 * 0.455 1.83 1.00

%CVind

Roll 3.75 0.063 ns 0.122 0.75 0.46
Pich 2.88 0.101 ns 0.097 0.65 0.37
Yaw 1.48 0.234 ns 0.052 0.47 0.22

Resultant 4.76 0.038 ns 0.150 0.84 0.56

Breathing Type Main Effect

AD path length

Roll 39.70 0.000 * 0.595 2.43 1.00
Pich 64.23 0.000 * 0.704 3.09 1.00
Yaw 15.70 0.000 * 0.368 1.53 0.97

Resultant 35.75 0.000 * 0.570 2.30 1.00

%CVind

Roll 0.49 0.489 ns 0.018 0.27 0.10
Pich 1.63 0.212 ns 0.057 0.49 0.23
Yaw 0.82 0.374 ns 0.029 0.35 0.14

Resultant 0.33 0.571 ns 0.012 0.22 0.09
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Table A1. Cont.

F
Significance

p Value
Partial Eta Squared

Cohen’s d
Effect Size

Observed Power

Body Stance * Breathing Type Interaction

AD path length

Roll 0.10 0.754 ns 0.004 0.12 0.06
Pich 0.85 0.364 ns 0.031 0.36 0.15
Yaw 0.72 0.404 ns 0.026 0.33 0.13

Resultant 0.12 0.734 ns 0.004 0.13 0.06

%CVind

Roll 1.22 0.279 ns 0.043 0.43 0.19
Pich 0.51 0.483 ns 0.018 0.27 0.11
Yaw 0.22 0.640 ns 0.008 0.18 0.07

Resultant 5.74 0.024 ns 0.175 0.92 0.64

* Significant p value at p ≤ 0.05, ns non-significant p value at p ≤ 0.05. Commonly used interpretation of Cohen’s d effect
size [47]: small (d = 0.2), medium (d = 0.5), and large (d = 0.8) based on benchmarks suggested by Cohen [48]. Another
way to interpret Cohen’s d is the standard deviations (SDs) that the two groups differ between them, i.e., d = 0.05, d = 1,
and d= 2, indicate, respectively, that the two group means differ by 0.5 SD, 1 SD, and 2SD Cohen [48].

Table A2. Statistics for the stance effect of the one-way repeated measures ANOVA concerning the
diaphragmatic to normal breathing ratio of the AD path for each one of the three Euler angles (roll,
pitch, and yaw) as well as their resultants.

F
Significance

p Value
Partial Eta
Squared

Cohen’s d
Effect Size

Observed Power

Roll 6.83 0.014 * 0.202 1.00 0.71
Pitch 9.18 0.005 * 0.254 1.17 0.83
Yaw 4.50 0.043 * 0.143 0.82 0.53

Resultant 9.50 0.005 * 0.259 1.18 0.84

* Significant p value at p ≤ 0.05, Commonly used interpretation of Cohen’s d effect size [47]: small (d = 0.2),
medium (d = 0.5), and large (d = 0.8) based on benchmarks suggested by Cohen [48]. Another way to interpret
Cohen’s d is the of standard deviations (SDs) that the two groups differ between them, i.e., d = 0.05, d = 1, d = 2,
indicate, respectively, that the two group means differ by 0.5 SD, 1 SD, 2SD Cohen [48].
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Abstract: Normal ankle function provides a key contribution to everyday activities, particularly
step/stair ascent and descent, where many falls occur. The rising to up-on-the-toes (UTT) 30 second
test (UTT-30) is used in the clinical assessment of ankle muscle strength/function and endurance and
is typically assessed by an observer counting the UTT movement completed. The aims of this study
are: (i) to determine whether inertial measurement units (IMUs) provide valid assessment of the
UTT-30 by comparing IMU-derived metrics with those from a force-platform (FP), and (ii) to describe
how IMUs can be used to provide valid assessment of the movement dynamics/stability when
performing a single UTT movement that is held for 5 s (UTT-stand). Twenty adults (26.2 ± 7.7 years)
performed a UTT-30 and a UTT-stand on a force-platform with IMUs attached to each foot and
the lumbar spine. We evaluate the agreement/association between IMU measures and measures
determined from the FP. For UTT-30, IMU analysis of peaks in plantarflexion velocity and in FP’s
centre of pressure (CoP) velocity was used to identify each repeated UTT movement and provided an
objective means to discount any UTT movements that were not completed ‘fully’. UTT movements
that were deemed to have not been completed ‘fully’ were those that yielded peak plantarflexion
and CoP velocity values during the period of rising to up-on-the-toes that were below 1 SD of each
participant’s mean peak rising velocity across their repeated UTT. The number of UTT movements
detected by the IMU approach (23.5) agreed with the number determined by the FP (23.6), and
each approach determined the same number of ‘fully’ completed movements (IMU, 19.9; FP, 19.7).
For UTT-stand, IMU-derived movement dynamics/postural stability were moderately-to-strongly
correlated with measures derived from the FP. Our findings highlight that the use of IMUs can
provide valid assessment of UTT test(s).

Keywords: inertial measurement unit; feature extraction; ankle function; dynamic postural control;
up-on-the-toes

1. Introduction

The functions of the foot and ankle are important to everyday locomotion/functional
ability [1–3], including step/stair descent and ascent [4,5]. For example, the ankle provides
a key contribution to maintaining dynamic balance during the single-limb support phase
of stair descent when the contralateral limb is being lowered to contact the next (lower)
step [4]. The rising to up-on-the-toes (UTT) 30 s test (UTT-30, also referred to as the calf-raise
or heel-rise test) is used in the clinical assessment of ankle muscle strength, performance,
and endurance [6] and ultimately the properties of the calf muscle–tendon unit [7]. The test
has been deployed in the assessment of impairment, injury, and treatment outcomes of the
lower limb [7]. The test assesses a person’s ability to repetitively rise-UTT as many times
as possible in 30 s and is typically timed using a stopwatch and assessed by an observer.
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To encourage the patient to complete each repeated rising-UTT repetition over a ‘full’
(acceptable) range of motion (ROM), various monitoring devices have been developed. For
example, using an electrogoniometer to measure ankle motion, 50% of each participant’s
maximum ankle ROM as determined prior to testing was used as the target ROM to indicate
acceptable UTT movements [8,9]. Another study deployed a height-adjustable elastic band
device placed beneath one heel, the height of which was adjusted to the height of the heel
during a single UTT movement completed over a maximum comfortable height. Failure of
the heel to then clear the band on two consecutive movements ended the UTT-30 test [10].
Elsewhere, monitoring of UTT movements has been achieved by placing a foam-board
above the participant’s head, the height of which was adjusted to the height attained when
completing a single, controlled UTT movement that was as high as comfortably possible.
Participants were asked to touch the board with their head on each UTT movement of
the UTT-30 [6]. Although the use of such devices may encourage patients to complete
the repeated rising-UTT movements over a ‘full’ (acceptable) ROM, they typically require
an observer to keep track of the monitoring device to determine which repetitions are
completed over an acceptable range and to count how many are completed. This may
explain why none of these devices have become widely used.

In addition, whilst in past studies the inter-rater reliability for determining/observing
the number of UTT repetitions completed in a UTT-30 has been shown to be high
(ICC = 0.93–0.96) [6], a poorer intra-rater reliability (ICC = 0.79–0.84) [6], suggests that
counting errors can happen and that these are likely to occur when administering the
test consecutively for multiple participants (e.g., in a clinical setting). There is a need for
objective approaches for determining the number of repeated rise-UTT movements that are
completed and how many are completed over a ‘full’/acceptable range, which could then
be used in a range of testing environments. Inertial measurement units (IMU) may provide
a pragmatic approach for such testing.

In a preliminary study we demonstrated how IMUs might be used to assess the
UTT-30, by determining the number of UTT movements completed and by suggesting how
movement consistency across the repeated UTT movements might be assessed [11]. The
present study has two aims: (i) to determine whether IMUs provide a valid assessment of
the UTT-30, by evaluating whether IMU-derived assessment metrics are comparable to
those gained from a force-platform (FP); and (ii) to determine whether IMUs provide valid
assessment of a single UTT movement when the participant is asked to hold the position of
being UTT for 5 s (UTT-stand). For this (newly presented) UTT-stand test, we describe how
IMUs could be used to assess the movement dynamics during the rise-UTT, as well as the
postural control exhibited whilst holding the UTT position, and again evaluate whether
IMU-derived assessment metrics are comparable to those gained from an FP. There are
many daily living locomotor activities that involve being momentarily balanced on just
the ball (toes region) of the foot e.g., during the single-limb support phase of stair descent
when reaching downwards with the leading limb to contact the next (lower) step. Thus,
use of the instrumented UTT-stand test to assess a person’s ability to balance on their toes
could provide relevant additional insights regarding ankle strength and function that are
adjunct to those provided by the UTT-30.

2. Methods

2.1. Participant Recruitment

Twenty young, healthy adults (13 males, 7 females; 26.2 ± 7.7 years, 1.7 ± 0.1 m
and 69.9 ± 16.1 kg) were recruited from the University of Bradford and its surrounding
local area. Participants were excluded if they had any neurological, cardiovascular or
musculoskeletal conditions that could affect their balance. All participants self-reported
that they were lightly-to-vigorously physically active (as defined by the American College
of Sports Medicine (ACSM) physical activity guidelines) [12]. The study received ethical
approval, and all participants gave informed consent. Participants wore comfortable
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clothing and flat-soled shoes (trainers), and any corrective vision lens/spectacles that they
habitually wore for walking.

2.2. Protocol

Participants stood on a floor-mounted FP (AMTI OR6-6, Watertown, MA, USA) in an
upright position (arms by the sides, feet comfortably apart). They were asked to maintain their
gaze at an eye-level visual target placed 5 m in front of them. The test proceeded as follows:

1. Twenty seconds of stationary standing.
2. a UTT-30. Here, participants were instructed to rise-UTT as high as comfortably

possible and at a comfortable speed until indicated to stop (after 30 s), ensuring the
heel contacted the ground between each movement. Note, all UTT movements were
accepted for later analysis.

3. Twenty seconds of stationary standing.
4. a UTT-stand. Here, participants were instructed to rise-UTT as fast as comfortably

possible and then hold this position until indicated to “return” to normal standing
(after 5 s).

5. Twenty seconds of stationary standing.

A stopwatch (iPhone XS) was used to time each element. If a participant lost their
balance during the UTT-stand, they were asked to repeat steps 4 and 5, above.

2.3. Data Collection

Ground reaction force (GRF) data (at 100 hertz, Hz) were collected for the entire UTT
protocol i.e., steps 1–5 as described above. Data were low-pass filtered (Butterworth) with
a cut-off of 20 Hz. The filtered GRF data in the vertical (Fz) direction along with the centre
of pressure (CoP) coordinate data in the anteroposterior (CoPy) directions were exported
in ASCII (‘.csv’) format for further analysis.

Two IMUs (AX6, Axivity Ltd., Newcastle, UK, https://axivity.com/ accessed on 3
May 2021: tri-axial accelerometer and tri-axial gyroscope) were attached to the upper
surface of each shoe (i.e., on the shoelaces/tongue area). A third IMU (AX3, Axivity Ltd.,
tri-axial accelerometer) was attached over the lower back (fifth lumbar vertebrae, L5). The
technologies have been previously evaluated and deemed suitable to capture data on
human movement [13]. Using the proprietary software [14], IMUs (16-bit resolution, ±8 g,
±1000◦/s) were set to capture data at 100 Hz. Prior to attachment, they were held together
in the hands of the researcher (all oriented in the same direction) who then ‘banged’ their
hands (with the IMUs)’ on a desk. This introduced an acceleration spike in each IMU,
which was used as a ‘time stamp’ to retrospectively synchronize/align data from each
IMU in time. Once the UTT-tests were concluded, IMUs were removed, and data were
downloaded for further analysis.

2.4. Data Treatment and Analysis
2.4.1. Forceplatform Data Analysis

Using CoPy (anteroposterior, AP) data, CoP AP velocity (CoPyVel) and CoP AP
acceleration (CoPyAccel) were determined using a 4-point moving window differentiation
approach. The following were then determined:

UTT-30 (Figure 1a): Num. UTT Movements Completed, and Mean Peak CoPyVel

The occurrence of a UTT movement was visually identified as a distinct peak (local
maximum) in the CoPyVel. For each participant, the mean and standard deviation (SD) in
peak CoPyVel across their repeated UTT movements were calculated, and any CoPyVel
peaks with a magnitude less than 1 SD below the mean were highlighted. The total number
of CoPyVel peaks identified indicated the number of UTT movements attempted, and
the number of CoPyVel peaks within 1 SD of the mean, indicated the number of UTT
movements that were ‘fully’ completed. Each participant’s mean peak CoPyVel was then
recalculated from the fully completed UTT movements.
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In our previous (sister) study, we identified movements completed over a sufficiently
‘full’ range as those with a peak CoPyVel that were within 2 SD of the mean CoPyVel [11].
However, because identifying a peak in CoPyVel to identify each UTT movement attempted
provides an indication of UTT speed but not of its ROM, we highlighted that instead of iden-
tifying (and discounting) UTT movements that are not completed over an acceptable/‘full’
ROM, an alternative approach would be to determine UTT consistency. Consistency could
be evaluated simply by determining how many UTT movements, in percentage terms, had
a peak CoPyVel that was within a certain threshold of the mean peak CoPyVel [11]. We
also suggested consistency could be determined for a range of thresholds, e.g., within 1 SD,
1.5 SD and 2 SD of the mean. As the key aim in the present study was to determine the
validity of the use of IMUs in comparison with the use of an FP, for pragmatic purposes we
chose a 1 SD threshold to identify movements completed with an acceptable range. Such a
threshold is the most widely used when assessing movement variability.

Figure 1. (a) Exemplar centre of pressure anteroposterior velocity (CoPyVel) trajectory showing
identification of local maxima (circled in red) for each repeated up-on-the-toes (UTT) movement
during the UTT-30 s test with peaks falling below 1 SD of the mean (circled in blue). (b) Exemplar
CoPyVel trajectory from UTT-stand test, (i) indicates the local maximum in CoPyVel when rising
UTT, (j) indicates the beginning of ‘holding’ the UTT position, and (k) indicates the end of ‘holding’
the UTT position. NB, the local minimum in CoPyVel prior to the local maximum indicates the
anticipatory postural adjustment (APA) made when initiating the UTT movement.

UTT-Stand (Figure 1b): Peak CoPyVel, and Peak CoPy Accel (Figure 1b)

The UTT-stand was identified by a single distinct increase in the CoPyVel following
an anticipatory postural adjustment (APA) that indicated the initiation of the UTT-stand.
The APA was identified by a distinct negative peak in CoPyVel. The peak CoPyVel and
peak CoPy Accel occurring during the rising UTT position were recorded.

When standing stationary, a force averaging one body weight (BW) is applied to the
ground, and hence there will be a vertical (z) reaction force of 1 BW. Thus, having a vertical
reaction force (Fz measured in Newtons) greater than BW applied over a time period, will
create a vertical impulse that causes the centre of mass to rise upwards. The Fz impulse
(above BW threshold) for rising UTT was calculated for the UTT-stand using the Simpson’s
Rule (Equation (1)).

∫ Xn

Xo
f (x)dx =

1
2

h[γo + γn] + 2(γ1+γ2 + . . . + γn−1) (Ns) (1)
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where h is the interval in time (0.01) and y is each Fz value from the instance Fz first rose
above 1 BW for 5 samples/frames (o) to the instance the Fz fell back to 1 BW following the
holding of the UTT position.

The instant that the UTT holding position was begun was determined as the instant
that the CoPyVel reduced to less than 50 mm/s, following a brief increase in CoPyVel
after it had become negative as participants moved to the UTT position. The instant that
the holding of the UTT position was ended was determined as the instant CoPyVel first
reduced below −50 mm/s prior to a negative peak in CoPyVel, as participants returned to
normal standing. The postural stability when holding the UTT position was determined as
the SD in the CoPyVel for the period that participants held the UTT position.

2.4.2. IMU Data Analysis

Custom programs in MATLAB® (2019, MathWorks, Inc., Natick, MA, USA: www.
mathworks.com (accessed on 31 May 2023)) were used to automatically segment each UTT
test from the continuous streams of IMU data and extract outcomes. Moving SD, mean and
sum operations were initially used to shape the signal for use in segmentation of UTT tests.
Figure 2a highlights the segmentation processes.

Figure 2. Automatic segmentation of up-on-the-toes 30 s test (UTT-30, blue arrows) and UTT-stand
test (UTT-stand, red arrows) from right foot (RF) and left foot (LF) inertial measurement units (IMUs).
(a) Flow chart of the segmentation algorithm; (b) raw angular velocity signal with specified peaks
and tests; (c) processed angular velocity signal; (d) signal after mathematical operations; (e) extracted
UTT-30; and (f) extracted UTT-stand.

Analysis was begun by identification/extraction of the UTT-30 data as it generated
clear and repetitive angular velocity patterns for the right and left feet (RF and LF) in the
sagittal plane during plantar flexion. From a visual examination of all participants’ data, a
threshold value of 150◦/s was set to extract the UTT tests (Figure 2b, green dashed line).
The automated segmentation algorithm is as follows:

1. A peak detection algorithm was used to detect the peaks (local maxima) above the
150◦/s threshold.
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2. Data for the 20 s before the first peak and after the last peak was equalized/set to
zero, i.e., the algorithm requires and makes use of periods of 20 s stationary standing
before and after the UTT-30 (Figure 2c).

3. Moving SD and moving mean operations with a 5 s sliding window were used to
differentiate the UTT-30 from UTT-stand.

4. Moving summing operations along with peak detection was used to detect the mid-
point of the repeated UTT-30 (Figure 2d). The sliding window size of the moving sum
operation was set to 30 s (i.e., the length of UTT-30).

5. The UTT-30 was segmented considering 15 s before and after the calculated mid-
point/peak location (Figure 2e).

6. Once the UTT-30 was segmented, the signal was flipped in the time domain
(MATLAB® ‘flipud’ function), reversing the chronological order of the data. This
allowed the UTT-stand to be segmented using the same approach as described in step
3 above (e.g., moving SD, Figure 2f), with the sliding window size of the moving sum
operation set to 5 s (i.e., length of a UTT-stand).

Reversing the signal in time ensured the last (successful) UTT-stand was segmented if
a participant had to repeat the test due to losing their balance in their first attempt. The
automatic segmentation (Figure 2) was performed for LF and RF separately. Once the UTT
tests were segmented, timestamp information of LF-RF IMUs was used to segment UTT
tests from the AX3 sensors attached to L5.

Number of Movements, and Mean Peak Foot Angular Velocity

A UTT movement was identified as a distinct peak (local maximum) in RF and LF
plantarflexion angular velocity (sagittal plane). The mean and SD peak angular velocity
across the repeated UTT movements were calculated, and any peaks with a magnitude
of less than 1 SD below the mean were highlighted. The total number of angular velocity
peaks identified indicated the number of UTT movements attempted, and the number
of peaks within 1 SD of the mean indicated how many UTT movements were completed
‘fully’. (As highlighted above, a threshold of 1 SD below the mean was for pragmatic
purposes.) Each participant’s mean peak plantarflexion velocity was then recalculated from
the fully completed UTT.

Peak Plantarflexion Angular Velocity

Each foot’s maximum plantarflexion angular velocity (sagittal plane) during the rising-
to-the-toes movement was extracted. From the values determined for both the RF and LF,
the average value was recorded as peak plantarflexion angular velocity.

Peak CoM (L5) Upwards Acceleration (When Rising to Toes)

Data from the IMU attached to L5 were low-pass filtered (2 Hz, zero-lag 4th-order
Butterworth) [13]. Then the peak acceleration in the vertical direction during the rise-to-toes
movement was identified. This peak was recorded as peak body centre of mass (CoM)
upwards acceleration.

Postural Stability Whilst Holding UTT Position

Postural stability was then assessed as the variability (SD) in the AP acceleration of
the L5 IMU (CoM) whilst holding the UTT position. The holding position was deemed
to start at 0.4 s after the peak in upward acceleration and to end 0.4 s before the peak in
downward acceleration.

2.5. Analysis: Comparison between IMU and FP Outcomes

As parameters derived from the IMU and FP were determined from different (trans-
ducer) technologies, it would be inappropriate to determine ‘agreement’ between their
outcome measures. However, it was expected that the measures derived would be related
to some extent. For example, (i) to evaluate how quickly an individual rose to their toes
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during the UTT-stand, the peak CoPy velocity (FP) and the peak foot angular velocity
(IMU) were determined and thus one would expect the two different measures would be
correlated and; (ii) the peak foot angular velocity during rising to the toes might also be
associated with how much ‘push’ is developed in raising the whole-body CoM. Accord-
ingly, one might expect that this measure would also be closely related to the Fz-impulse
generating when rising up to the toes. Therefore, to highlight the relationship between IMU
and FP measures, we created a series of scatter (x, y) graphs (using data for all participants),
plotting each outcome measure determined from the IMU and corresponding FP measure.
Each plot contains a linear regression line where the r-value indicates the strength of the
relationship (correlation) between IMU and FP measures. R-values <0.35 were considered
to indicate a low-to-weak relationship between IMU and FP measures; 0.36–0.67 moderate;
and ≥0.68 as strong [15].

For the UTT-30 test, the following graphs were plotted:

• number of fully completed UTT movements determined by IMU against number
determined by FP (Figure 4a).

• the mean peak plantarflexion angular velocity against the mean peak CoPy velocity
(Figure 4b).

For the UTT-stand, the following graphs were plotted:

• for the period when moving UTT: peak plantarflexion angular velocity against the
maximum CoPy velocity (Figure 5a); the peak L5 upward acceleration against the
maximum CoPy acceleration (Figure 5b); and the peak plantarflexion angular velocity
against the vertical (Fz) impulse (Figure 5c).

• for the period when holding the UTT position: the SD in L5 horizontal acceleration
against the SD in CoPy velocity (Figure 5d).

3. Results

All 20 participants completed the UTT tests and showed no signs of excessive dis-
comfort, fatigue, or pain during the assessments. Figure 3 shows an example of the raw
(sample level) IMU and FP data.

Figure 3. Example of raw (example level) inertial measurement unit (IMU, angular velocity, blue
line) and force-platform (FP) centre of pressure (CoP, orange line) velocity (m/s) signals from an
up-on-the-toes 30 s test (UTT-30).

3.1. UTT-30
3.1.1. Number of Movements

The group average number of movements (full or partial) detected by IMU (23.5) and
FP (23.6), matched the number counted by an observer (23.6) (Table 1). After elimination
of any detected movements not completed within 1 SD of each participant’s mean peak
angular velocity (IMU) or mean peak CoPyVel (FP), the number of movements determined
decreased to 19.7 (IMU) and 19.9 (FP), respectively (Table 1), indicating a strong correlation
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between assessment approaches (r = 0.99, Figure 4a). The mean difference between the
IMU approach and the FP approach, in determining the number of UTT movements fully
completed, was 0.25, with a 95% agreements limit of −3.7–4.2.

Table 1. The number of up-on-the-toes (UTT) movements completed by each participant as deter-
mined by an observer, and by analysis of the force-platform (FP) or inertial measurement units (IMUs)
data and each participant’s mean peak centre of pressure anteroposterior (CoPy) velocity and mean
plantarflexion (p-f) angular velocity (for fully completed UTT movements).

Participant
No. UTT

Counted by
Observer

No of UTT
Movements

Detected

No of UTT
Movements

Detected

No. UTT
Fully

Completed

No. UTT
Fully

Completed

Mean Peak
CoPyVel
(mm/s)

Mean Peak
p-f Angular

Velocity
(◦/sec)

FP IMU FP IMU FP IMU

1 29 29 29 22 24 613.0 169.1

2 36 36 36 33 30 957.1 138.4

3 12 12 12 11 9 932.0 169.7

4 24 24 24 22 22 563.4 159.9

5 36 36 36 27 32 980.6 272.7

6 31 31 31 27 27 456.0 193.4

7 19 19 19 16 17 663.2 189.7

8 28 28 28 26 22 559.7 186.8

9 21 21 21 17 16 741.6 163.1

10 23 23 23 21 20 388.2 140.5

11 26 26 26 21 23 1116.6 183.9

12 18 18 18 15 15 581.7 172.4

13 17 17 17 14 14 647.3 105.5

14 12 12 12 11 9 358.5 83.1

15 18 18 18 15 15 485.6 131.5

16 15 15 15 12 13 503.0 106.9

17 18 18 18 15 16 724.0 157.1

18 17 17 16 15 13 555.4 74.3

19 19 19 19 15 14 908.5 149.9

20 52 52 52 43 42 621.9 174.7

Mean ± SD 23.6 ± 9.7 23.6 ± 9.7 23.5 ± 9.8 19.9 ± 8.1 19.7 ± 8.3

3.1.2. CoPy Velocity and Plantarflexion Angular Velocity

The strength of the relationship between participants’ mean peak CoPy velocity (FP)
and their mean peak plantarflexion angular velocity (IMU), was moderate (r = 0.460,
Figure 4b).

3.2. UTT-Stand
3.2.1. Period When Rising to the Toes

The strength of the relationship between participants’ plantarflexion angular velocity
(IMU) and the maximum CoPy velocity (FP) or the Fz impulse (FP) was strong (r = 0.745 and
r = 0.805 respectively, Figure 5a,c), whereas the strength of the relationship between peak
L5 upward acceleration (IMU) and the maximum CoPy acceleration (FP) was moderate
(r = 0.596, Figure 5b).
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Figure 4. (a) The number of up-on-the-toes (UTT) movements each participant completed fully
during the UTT-30 test determined using inertial measurement units (IMUs) plotted against a number
determined using forceplatform (FP). (b) Each participant’s mean peak plantarflexion angular velocity
(from IMU) plotted against their mean peak centre of pressure anteroposterior (CoPy) velocity values
(from FP) for the UTT-30 test. ‘r’ is Pearson correlation coefficient. Dotted line in each plot indicates
the linear regression line.

Figure 5. Outcomes for the up-on-the-toes (UTT) stand test: inertial measurement unit (IMU)-derived
measures plotted against forceplatform (FP)-derived measures for the period when moving onto the
toes. (a) Peak plantarflexion angular velocity (from IMU) plotted against peak centre of pressure
anteroposterior (CoPy) velocity (from FP); (b) peak 5th lumbar vertebrae (L5) upward acceleration
(from IMU) plotted against peak CoPy acceleration (from FP); (c) peak plantarflexion angular velocity
(from IMU) plotted against the vertical ground reaction force (Fz) impulse (from FP) and the period
when holding the UTT position; and (d) standard deviation (SD) in L5 acceleration (IMU) plotted
against SD in CoPy velocity (FP). ‘r’ is Pearson correlation coefficient. Dotted line in each plot
indicates the linear regression line.

30



Biomechanics 2023, 3

3.2.2. Period of Holding the UTT Position

The strength of the relationship between participants’ SD in L5 acceleration (IMU) and
the SD in CoPy velocity (FP) was strong (r = 0.716, Figure 5d).

4. Discussion

The aims of the present study were to (i) determine if IMUs can provide valid as-
sessment of the UTT-30 test, by evaluating whether IMU-derived assessment metrics are
comparable to those gained from a force-platform, and (ii) to determine whether IMUs pro-
vide valid assessment of a single UTT movement when the participant is asked to hold the
UTT position for 5 s (UTT-stand). For this (newly presented) UTT-stand test, we describe
how IMUs could be used to assess the movement dynamics during the rise-UTT, as well as
the postural control exhibited whilst holding the UTT position, and again evaluate whether
IMU-derived assessment metrics are comparable to those gained from a FP. Our findings
highlight that the IMU automated approach determined the same number of repeated UTT
movements completed as that determined by an FP (UTT-30) and yielded movement and
dynamic postural control measures that were comparable (i.e., had moderate-to-strong
correlation) to those determined from using an FP (UTT-stand).

There is considerable recent work that has reported ways in which IMUs might be used
for the assessment of standing postural stability and in the assessment of gait outcomes
across a wide range of research disciplines [16–23]. In our sister study we demonstrated
how IMUs might be used to assess the UTT-30 [11]. The current study extends upon
this recent work by showing that IMU-derived assessment metrics are comparable to
those gained from a force-platform, and thus highlights how IMUs might provide valid
assessment of a UTT-30 test. It also extends this previous work by highlighting how
IMUs can be used to assess a UTT-stand test. This newly presented test provides relevant
additional insights of ankle strength and function that are adjunct to those provided by the
UTT-30 test.

4.1. UTT-30

Results show that the IMUs detected the same number of UTT attempted movements
as that determined by the FP (and counted by an observer). Furthermore, the IMUs and FP
both provided an objective means to discount any UTT movements that were deemed to
have not been completed ‘fully’. UTT movements that were not completed ‘fully’ were those
that yielded a peak velocity value during the period of rising to up-on-the-toes that was less
than 1 SD below each participant’s mean peak velocity (either plantarflexion velocity, IMU,
or CoP AP-velocity, FP) of rising to up-on-the-toes for all their attempted repeated UTT
movements. Identifying UTT movements that might not be completed properly (‘fully’)
would be difficult to do by ‘the naked eye’, because an observer would only be able to
count how many UTT movements were attempted. Both the IMUs and FP assessment
approaches indicated that the average number of UTT movements completed ‘fully’ was
19.7–19.9 (±8; indicating a strong correlation between assessment approaches, r = 0.99),
and this was, on average, 3.8 fewer than the number of UTT attempted movements.

As identifying a peak in CoPyVel to identify each UTT movement attempted provides
indication of UTT speed but not its ROM, we highlighted in our previous study [11] that
instead of trying to identify (and discount) UTT movements that are not completed over a
sufficiently ‘full’ range, perhaps a better approach would be to determine UTT consistency.
Consistency could be evaluated simply by determining how many UTT movements, in
percentage terms, had a peak CoPyVel that was within a certain threshold of the mean peak
CoPyVel [11]. We suggested that the threshold could be within 1 SD, 1.5 SD or 2 SD of the
mean. UTT consistency may have more clinical relevance than determining the number of
UTT movements ‘fully’ completed, though future work is needed to confirm this.

Each participant’s mean peak plantarflexion velocity, derived from the IMUs, for the
‘fully’ completed repeated UTT movements reflect how quickly, on average, an individual
was rising up to their toes during the 30 s test period. The association between mean peak
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plantarflexion velocity and the mean peak CoPyVel was determined via regression analysis,
which showed the strength of the relationship between the two outcome measures (r = 0.46).
Having only a moderate strength relationship is likely due to the IMU signal representing
local changes at the ankle as opposed to the FP signal representing the speed of movement
of the whole-body CoM.

4.2. UTT-Stand

Our assessment focused on determining the velocity an individual rises up to their
toes, and the postural stability of holding the UTT position. The results show the strength of
the relationships between IMU-derived and FP-derived measures were moderate-to-strong
for speed of rising onto the toes, and for the postural stability exhibited whilst holding the
UTT position (Figure 5d). The UTT-stand test assesses a person’s ability to rise onto the
toes and then to maintain postural stability when holding the UTT position. As such, it
provides a complementary assessment of ankle function to the UTT-30 test. As this is a
newly presented test, future work is needed to determine if and how outcomes from the
UTT-stand test are related to traditional measures of ankle strength and function.

4.3. Limitations and Recommendations for Future Work

When analysing the L5 IMU UTT-stand data of two participants, our algorithm per-
formed poorly in detecting any prominent acceleration peaks depicting when the partici-
pants started rising up on to their toes. Although there were acceleration peaks present,
the amplitudes were much lower than expected (by the algorithm), which may have been
due to these two participants performing the UTT movement much slower than the other
participants. As the participants in the current study were all healthy, the two participants
that performed the UTT movement much slower may have misunderstood instructions.
This highlights further that work is needed to determine how the segmentation/analysis
algorithm (used to analysis IMU data) could be automatically tailored when used, for
example, in elderly, frail individuals who will likely perform UTT movements at a slower
speed and with more variability.

Previous work has shown that ankle strength and function is related to falls risk [24–26].
Thus, further work should also determine if the measures from the UTT-30 and the UTT-
stand are related to a person’s physical functioning (e.g., strength/endurance of ankle
musculature) and/or a person’s falls history/ fall risk.

Although use of FP might be considered a gold standard method for measuring
postural control during standing, reaching and rising to the toes, IMUs are versatile in
assessing aspects of postural control due to their ability to be placed almost anywhere
on the body. For instance, to investigate stability during balance tasks, an IMU can be
placed on the trunk or hip to capture acceleration data. However, as the AX6s used in the
current study contain integrated gyroscopes for angular velocity measurement, further
measures such as angular displacement of the IMUs, i.e., segment-tilt angle, can also be
derived. Hence, using these devices can provide complementary data/insights to those
gained from the FP, in so far as acceleration of specific reference points and/or angular
velocity of specific segments can be measured directly. Indeed, such direct measures can be
undertaken beyond the lab in measuring physical functioning/activity in clinical tests or
in free-living situations.

5. Conclusions

For both the UTT-30 and UTT-stand tests, IMU derived outcome metrics were com-
parable to FP derived metrics. This suggests that IMUs can provide a valid means to
assess the UTT-30 and UTT-stand tests. Future work is needed to determine the most
appropriate approach to assess UTT-30 performance using IMU-derived outcomes, and
whether outcomes of the newly presented UTT-stand are associated with clinical outcomes.
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Abstract: Gait asymmetries are a common problem in clinical populations, such as those with a
history of stroke or Parkinson’s disease. The use of a split-belt treadmill is one way to enhance gait
symmetry but relies on specialty (and typically expensive) equipment. Alternatively, visual cues have
been shown as a method to alter gait mechanics, but their utility in altering gait symmetry has been
relatively understudied. Before deploying this method to clinical populations, a proof-of-concept
study is needed to explore using visual cues to alter gait symmetry in healthy adults. Therefore, the
purpose of this study was to examine the extent to which healthy adults could synchronize to an
asymmetric visual cue with a small or large gait asymmetry using wearable sensors to measure gait
asymmetries. Seventy-two healthy adults (ages: 23.89 ± 6.08 years) walked on the treadmill for two
conditions: with and without the visual cue. Each walking condition lasted 10 min at the participant’s
preferred walking speed. Inertial sensors were used to measure gait asymmetries. Some participants
did not respond to the visual cue, and groups were separated into responders and non-responders.
Participants in the small and large asymmetry-responder groups exhibited statistically significant
increased asymmetries in single limb support % (p < 0.01) and step duration (s) (p < 0.05, p < 0.01,
respectively). Only the large asymmetry-responder group showed statistically significant (p < 0.01)
increased asymmetries in stride length. Overall, asymmetrical walking visual cues can alter gait
asymmetries, and inertial sensors were sensitive enough to detect small changes in gait asymmetries.

Keywords: gait; asymmetry; symmetry; inertial sensors; wearables; visual cue

1. Introduction

Neurological populations—such as people with a history of stroke or Parkinson’s
disease—commonly exhibit mobility impairments inclusive of gait asymmetries. People
with gait asymmetries reduce the amount of weight bearing on the paretic or injured limb,
which can lead to further muscular imbalances and a loss of bone mineral density [1].
Therefore, a primary goal of gait rehabilitation is to improve weight bearing on the paretic
or affected limb [2]. In clinical and elderly populations, cognitive demand can impact
the magnitude of gait asymmetries, as exhibited by dual tasks leading to increased gait
asymmetries [3]. Gait asymmetries are also associated with a decreased walking speed
and balance control and an increased metabolic cost and fall risk [2,4–6]. Falls can lead
to a reduced quality of life, critical injuries, and loss of independence, all of which are of
great concern for clinical and aging populations who exhibit gait asymmetries [7–13]. Thus,
gait asymmetries are important to assess in clinical and aging populations and are a better
indicator of functional recovery than gait velocity due to the weight-bearing aspect [2,14].

Methods to reduce gait asymmetries and fall risk have heavily relied on split-belt
treadmill training in clinical populations [15–19]. The split-belt treadmill training paradigm
requires the participant to move each limb at a different speed due to the two treadmill
belts (one under each limb) moving at different rates. This method can be used as an error-
based motor learning strategy during an adaptation (i.e., training) phase to reduce gait
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asymmetries when the belts are once again moving at the same speed. Split-belt treadmill
training has shown success in altering gait asymmetries (e.g., step length, stride length, and
double support time asymmetries) during adaptation conditions in which the belts are split
in young healthy adults and in clinical populations [16,18,20]. Aftereffects (i.e., changes
to the asymmetry remained after the belts went from split to tied) have been observed in
step length in young healthy adults and clinical populations, as well as for double support
time [16,18]. However, some gait metrics like stance time have been shown to be more
difficult to alter with split-belt treadmill training [5,16,17]. Multiple sessions of split-belt
treadmill training can improve step length asymmetries, and the improvements last from
one to several months post training [17,21]. Thus, the data show that split-belt treadmill
training can reduce certain gait asymmetries in clinical populations. However, split-belt
treadmills are expensive and mainly conducive to lab-based training only. Therefore, it is
important to not only explore alternative cost-effective options to alter gait but also ways
to obtain greater clinical applicability. One way to improve clinical applicability is through
the use of wearable technology such as inertial sensors. Inertial sensors are a simpler and a
more affordable option than split-belt treadmill training, which typically uses embedded
force plates or motion capture technology to quantify gait asymmetries. Also, a major
advantage is that inertial sensors can be used anywhere, and they produce reliable and
sensitive data in healthy and clinical populations [22–24].

Besides split-belt treadmill training, gait can be altered through a variety of ways
such as using external cueing through visual cues. Visual cueing (i.e., prescribing the
desired gait mechanics with a visual) can be performed via projections on a screen or
in immersive virtual reality, which have produced greater improvements in gait and
gait asymmetries than traditional treadmill training alone [25–27]. Synchronization of
movement can also occur with external cues such as another human, avatars, and auditory
metronomes [28–31]. Synchronization between two individuals can be intentional (i.e.,
cued) or spontaneous [32], and intentional synchronization can produce greater synchrony
than spontaneous synchronization. Intentionally synchronizing to a human and an avatar
in an immersive environment produces similar results, suggesting both methods are
effective [31]. Thus, visual cueing combined with an additional external cue—such as
intentional instructions to synchronize to a human or avatar—may be a way to alter gait
asymmetry. However, the ability to synchronize with an asymmetric walking pattern that
simulates training with a split-belt treadmill to alter gait symmetry is unknown. Before
deploying this method to clinical populations, it is first important to show proof-of-concept
that visual cueing can be used to alter gait symmetry in healthy adults. Given that healthy
adults have relatively symmetrical gait patterns, they are an ideal initial population to test
the feasibility and efficacy of interventions designed to induce gait asymmetry. In this
preclinical work, we elected to first see if the gait patterns of healthy adults could be shifted
toward asymmetry using an asymmetrically walking visual cue. If so, that would lay the
foundation to test the reverse directionality in future research (i.e., can a symmetrically
walking visual cue be used in asymmetrically walking clinical populations to develop more
symmetrical gait patterns).

Therefore, the purpose of this study was to examine the extent to which healthy
adults could synchronize to an asymmetric visual cue during a 10-min treadmill walking
session with a small or large gait asymmetry using wearable sensors to measure gait
asymmetries. This was part of a larger study that also examined the retention and transfer
of gait asymmetries after the visual cue was removed. However, this manuscript specifically
focuses on adaptation due to the novel methodological approach. We hypothesized that
gait asymmetries would increase from the baseline to the adaptation phase, and the large
asymmetry cue would induce greater gait asymmetries than the small asymmetry cue.
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2. Materials and Methods

2.1. Participants

A total of 72 participants (49 females and 23 males) were recruited for this study and
were quasi randomized into three groups: Small Gait Asymmetry (n = 32), who were given
the visual cue with a 1.4–1 gait asymmetry ratio; Large Gait Asymmetry (n = 32), who were
given the visual cue with a 1.9–1 gait asymmetry ratio; and Control (n = 8), who were given
a non-stimulating nature documentary. The Small and Large Gait Asymmetry groups were
later separated into responder and non-responder groups (Table 1). Our study design was
primarily focused on the asymmetrically walking visual cue; however, the small control
group served to ensure that our specific visual cue was what influenced changes in gait
symmetry. Participants were between the ages of 18–50 years old, had a of BMI < 30, had
normal or corrected-to-normal vision, and had the ability to walk continuously for at least
10 min. All participants reported no lower extremity injuries in the last 12 months and no
musculoskeletal, cognitive, or neurological conditions.

Table 1. Participant demographics—means (SE).

Variables
Small Res

(n = 20)
Small Non-R

(n = 12)
Large Res

(n = 22)
Large Non-R

(n = 10)
Control
(n = 8)

p

Age (years) 24.09 (6.29) 22.62 (7.30) 23.57 (4.33) 23.93 (6.98) 26.16 (2.37) 0.520
Height (cm) 168.29 (10.50) 166.32 (8.93) 167.97 (8.90) 169.20 (5.79) 168.20 (3.77) 0.822
Weight (kg) 70.22 (15.45) 68.00 (17.40) 71.07 (16.68) 75.89 (9.98) 69.97 (2.79) 0.564

Preferred walking speed (m/s) 0.88 (0.16) 0.93 (0.18) 0.84 (0.16) 0.96 (0.15) 1.14 (0.09) 0.011 *
Left leg length (cm) 88.40 (6.67) 88.31 (5.22) 87.69 (5.96) 89.32 (3.35) 88.60 (2.10) 0.860

Right leg length (cm) 88.37 (6.91) 88.75 (5.38) 87.72 (6.26) 89.12 (3.31) 88.68 (2.13) 0.906
Leg length difference (cm) 0.51 (0.30) 0.56 (0.44) 0.39 (0.30) 0.50 (0.28) 0.30 (0.07) 0.128

Note: Small Res = Small Asymmetry-Group Responders, Small Non-R = Small Asymmetry-Group Non-
Responders, Large Res = Large Asymmetry-Group Responders, Large Non-R = Large Asymmetry-Group Non-
Responders; * indicates p < 0.05.

2.2. Procedures

All data collection occurred in the Virtual Environment for Assessment and Rehabili-
tation (VEAR) laboratory at the University of North Carolina Greensboro. Prior to data
collection, this study’s procedures were approved by the institutional review board of the
University of North Carolina Greensboro (IRB#: IRB-FY23-72). Participants completed
the informed consent on Qualtrics and then were screened for limb length discrepancies
via the direct method (i.e., measurements between the bony landmarks of the anterior
superior iliac spine and the medial malleolus with a tape measure while laying supine)
to ensure any discrepancies were less than 2 cm, as greater than 2 cm is related to gait
asymmetries [33,34]. Participants completed a demographic/health history questionnaire,
Footedness questionnaire, and the International Physical Activity Questionnaire short form
(IPAQ-SF) via Qualtrics. Next, participants stepped onto the treadmill (Simbex Active
Step, Lebanon, NH, USA) to determine their preferred walking speed [35]. Then, a total of
seven Opal inertial sensors (APDM Inc., Portland, OR, USA) were placed on the following
locations: the top and center of their shoes; the shins, with straps above the widest part of
the gastrocnemius muscles; the lower lateral sides of the thighs at the midline; and the low
back at the base of the spine. The sensors were calibrated prior to data collection, and the
sensor sampling frequency was 128 Hz. Inertial sensors are reliable and are sensitive to
measures in healthy and clinical populations [22–24]. Also, inertial sensors were used in
this study to improve translatability to field-based studies.

Next, participants walked for two conditions at their preferred walking speed. Con-
dition (1) walking for 10 min (baseline) with no visual cue, and condition (2) participants
walked with the visual cue (adaptation) (Figure 1). The asymmetrically walking visual
cue was projected on a screen in front of the treadmill. During adaptation, participants in
the asymmetry groups were instructed to synchronize their gait to the visual cue via the
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following instructions “mimic the walking cue as closely as you can to the best of your
ability.” The control group were given the non-stimulating documentary video to watch
during the adaptation condition and were instructed to walk normally. A five-minute
seated rest period was provided between walking conditions to reduce the possibility of
fatigue.

 

Figure 1. Freeze frame of the asymmetrically walking visual cue that shows the pelvis, legs, and feet
that presented the motion of asymmetrical walking on a screen in front of the treadmill. Please see
the Supplmentary Materials section for videos of the cues in motion.

The asymmetrical visual cue was created using data of healthy adults walking on a
split-belt treadmill with varying belt speeds to create an asymmetrical walking pattern. To
incorporate simulating a clinically relevant gait asymmetry, we used two different ratios
of gait asymmetry for the asymmetrically walking visual cue based on the velocity of the
treadmill belts. One visual cue has a small gait asymmetry with a ratio of 1.4–1 (i.e., the
left side is moving 40% faster than the right). For example, the left belt has a velocity of
1.4 m/s and right belt has a velocity of 1.0 m/s). The other visual cue has a large gait
asymmetry ratio of 1.9–1 (i.e., the left side is moving 90% faster than the right side). The
visual cues have an average treadmill velocity of 1.24 m/s. The small asymmetrical ratio is
slightly under the threshold of what is clinically detected based on observation alone [2],
and the large asymmetrical ratio is close to a 2–1 ratio, which is commonly used in split-belt
treadmill training to reduce gait asymmetries [16,17,36]. The dependent variables are single
limb support (SLS) %, step duration (s), and stride length (m), given many gait asymmetry
interventions focus on spatiotemporal measures [19]. The variables were calculated using
the APDM provided software [37].

2.3. Statistical Analysis

Power calculations were performed a priori using G*Power 3.1 [38]. The parameter
settings, using a t-test, were α = 0.05, power = 0.8, and an effect size of 0.3. All data analyses
were performed using R software (version 4.2.3) [39]. One-way ANOVAs were used to
compare group demographics (Table 1). The Symmetry Index (SI) equation—a common
method to quantify gait asymmetry [19,40]—was calculated for all dependent variables in
R (Equation (1)). Gait asymmetries were considered present if the value was not zero [40].

Symmetry Index (SI) =
xL − xR

0.5 ∗ (xL + xR)
∗ 100 (1)

After visually inspecting the data, some participants exhibited minimal changes,
while others exhibited more obvious changes from the baseline to adaptation. Therefore,
participants were further divided into non-responders (i.e., ≤1% difference in all of the
outcome variables after adaptation) or responders (>1% difference in at least one outcome
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variable after adaptation). The Shapiro–Wilks test (R package “rstatix”) [41] was utilized
to assess the distribution of each dependent variable (SLS SI%, step duration SI%, and
stride length SI%), which indicated the gait variables from the sensors were non-normally
distributed. Therefore, non-parametric tests were performed to compare gait asymmetry
indices (SLS SI%, step duration SI%, and stride length SI%) at the baseline to adaptation
within the groups and adaptation between groups, respectively. The Wilcoxon Signed-Rank
and Mann–Whitney U tests (R package “stats”) were performed for paired samples and
independent samples indicated by test statistics “V” and “W”, respectively. Only the 10th
minute of each walking condition was used in the analyses. To assess the strength of the as-
sociation between groups and gait asymmetry indices, we calculated the Wilcoxon Q effect
size (R package “rstatix”). As the sample size is small due to the further division of groups
based on if participants were categorized as a responder or not in addition to the data
not having a normal distribution, the data were bootstrapped (5000 samples) with a bias
correction for confidence intervals (CIs) to calculate effect sizes. The values for the Wilcoxon
Q effect size are interpreted as follows: r < 0.30 = small effect, r = 0.30–0.49 = medium effect,
and r ≥ 0.50 = large effect [42]. For all analyses, the alpha level was set a priori at 0.05.

3. Results

A one-way ANOVA revealed a significant difference between the preferred walking
speed between the groups (p = 0.011) (Table 1). A post hoc test with Bonferroni corrections
showed the control group had a faster preferred walking speed than the small and large
asymmetry-group responders (p = 0.0075 and p = 0.0014, respectively). No other statistically
significant differences for the remaining demographic variables were observed.

The Wilcoxon Signed-Rank tests revealed, in the small asymmetry-group responders
from the baseline to adaptation, that the single limb support SI% (V = 34, p = 0.003) and
step duration SI% (V = 50, p = 0.02) increased, but stride length SI% was not significantly
different (V = 88, p = 0.273) (Figure 2). Also, a large effect size was observed with the
single limb support SI% (r = 0.59, CI [0.13, 0.8]); a medium effect size for step duration
SI% (r = 0.46, CI [0.04, 0.74]); and a small effect size for stride length SI% (r = 0.14, CI
[0, 0.43]). The Wilcoxon Signed-Rank tests revealed significant differences in the large
asymmetry-group responders from the baseline to adaptation, as the single limb support
SI% (V = 43, p = 0.003); step duration SI% (V = 41, p = 0.002); and stride length SI% (V = 33,
p = 0.0007) increased in the adaptation condition. Large effect sizes were observed for SLS
SI% (r = 0.58, CI [0.16, 0.79]); step duration SI% (r = 0.59, CI [0.11, 0.81]); and stride length
SI% (r = 0.65, CI [0.29, 0.83]).

 

Figure 2. Comparison of baseline to adaptation in the small and large responder groups—means
(SE). Note: SLS % = Single limb support %; * indicates p < 0.05; ** indicates p < 0.01.

The Wilcoxon Signed-Rank tests revealed, in the small asymmetry-group non-responders
from the baseline to adaptation, no statistically significant differences in single limb support
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SI% (V = 48, p = 0.765); step duration SI% (V = 36, p = 0.425); and stride length SI% (V = 39,
p = 0.515) (Figure 3). Also, small effect sizes were observed with the single limb support
SI% (r = 0.20, CI [0, 0.59]) and step duration SI% (r = 0.07, CI [0, 0.18]). The effect is too
small for stride length SI% to calculate confidence intervals. The Wilcoxon Signed-Rank
tests revealed no significant differences in the large asymmetry-group non-responders from
the baseline to adaptation for single limb support SI% (V = 17, p = 0.161); step duration
SI% (V = 28, p = 0.539); and stride length SI% (V = 18, p = 0.188). However, moderate effect
sizes were observed for SLS SI% (r = 0.34, CI [0.02, 0.79]) and stride length SI% (r = 0.31, CI
[0.02, 0.76]). The effect is too small for step duration SI% to calculate confidence intervals.

 

Figure 3. Comparison of baseline to adaptation in the small and large asymmetry non-responder
groups—means (SE). Note: SLS % = Single limb support %.

The Wilcoxon Rank-Sum tests (i.e., Mann–Whitney U test) to compare the small and
large asymmetry-group responders on the gait asymmetry metrics revealed no statistical
differences between groups on SLS SI% (W = 193, p = 0.254, CI [−∞, 0.480]); step duration
SI% (W = 193, p = 0.122, CI [−∞, 0.219]); and stride length SI% (W = 177, p = 0.144, CI
[−∞, 0.230)] (Figure 4). Based on our criteria for responders, three control participants were
categorized as responders; however, when comparing the control responders to the non-
responders, no significant differences were shown. Thus, the control group was recombined
to include responders and non-responders. The control group did not significantly change
from the baseline to adaptation in single limb support SI%, step duration SI%, or stride
length SI% (Figure 5).
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Figure 5. Comparison of asymmetries from baseline to adaptation in the control group. Note:
SLS % = Single limb support %.

4. Discussion

The aim of this study was to examine the extent to which healthy adults can synchro-
nize to an asymmetric visual cue during a 10-min treadmill walking session with a small
or large gait asymmetry using inertial sensors. This study specifically examined the 10th
minute of baseline and adaptation. We hypothesized that gait asymmetries would increase
from the baseline to adaptation. Our hypothesis was mainly supported by the responder
groups. In the small and large asymmetry-group responders, single limb support SI%
and step duration SI% both increased during adaptation, indicating that mimicking an
asymmetric cue can alter gait symmetry in healthy adults and that the inertial sensors
are sensitive enough to detect small changes in asymmetry. The increases in single limb
support asymmetry observed in the responder groups are indirectly supported by the
literature, as changes were previously shown with double support asymmetry with split-
belt treadmill training [16,18]. The changes in single limb support % and step duration
asymmetry suggest temporal measures may be altered with an asymmetrical visual cue
in healthy adults, similar to what Roemmich and colleagues [18] reported in their healthy
young adult group. However, temporal changes may be harder to alter in clinical or aging
populations [5,18,21].

Interestingly, the stride length SI% did not increase for the responders in the small
asymmetry-responder group but did increase in the large asymmetry-responder group.
The lack of changes to symmetry in the small asymmetry group may be due to the fact the
small asymmetry visual cue was a subthreshold of what is clinically observable as having
an asymmetric gait. The small asymmetry visual was a ratio of 1.4–1, while clinically
observable asymmetry is a 1.5–1 ratio [2]. The asymmetrical visual cue ratio was based
on speed, which may suggest participants were primarily focused with the timing of
synchronizing to the visual cue rather than the spatial aspect such as in the stride length.
Although, the difference between the speed of the visual cue and the participants’ preferred
walking speed may play a role. The large asymmetry ratio is similar to what is seen in the
split-belt treadmill literature [20,43], so this may be why changes in stride length were seen
only in the large asymmetry group and not the small asymmetry group.

In addition, we hypothesized that participants in the large asymmetry group would
exhibit greater gait asymmetries than the small asymmetry group. Our hypothesis was not
supported by our results, as no differences between the small and large asymmetry groups
were found, even though we examined the responder groups. The findings were surprising,
as the large asymmetrical visual cue had an obvious asymmetrical gait pattern, while the
small asymmetrical visual cue was not as easily noticeable. In contrast to our findings,
Reisman and colleagues [20] reported greater gait asymmetries for larger speed ratios of
the belts. While we did not see differences when comparing the small and large responder
groups, the magnitude of effect sizes varied between the small and large asymmetry groups.
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The effect size of the single limb support SI% was a large effect size for the small and large
asymmetry-responder groups. Step duration SI% was a moderate effect for the small
asymmetry-responder group and large for the large asymmetry-responder group. The
stride length SI% was small for the small asymmetry-responder group and large for the
large asymmetry-responder group. The magnitude of the effect size indicates that the large
asymmetrical visual cue has a greater impact on adaptation than the small asymmetrical
visual cue. No significant differences were observed in the non-responder groups on gait
asymmetries; although, the small asymmetry non-responder groups have small effect
sizes, while the large asymmetry non-responder group showed medium effect sizes. As
healthy adults have relatively symmetrical gait patterns yet are able to adapt to visual cues,
whether it was the small or large asymmetrical ratio suggests that these novel methods were
effective in changing gait patterns. The asymmetrically walking visual cues increased gait
asymmetries in healthy adults, providing evidence that asymmetrically walking visual cues
could be used to alter gait asymmetry in clinical populations without a split-belt treadmill.

Interestingly, 20 out of the 64 experimental group participants did not respond to the
visual cue. Greater changes in gait are seen in early adaptation with split-belt treadmill
training, so the lack of response may be because participants adapted early to the cue, since
this study only examined the 10th minute of adaptation [18,20,44]. However, attention
during the adaptation condition may play a role in whether a participant adapted to
the visual cue or not. Although the health history questionnaire asked and excluded
anyone with a neurological or cognitive disease or disorder, we did not explicitly ask nor
exclude anyone with attentional deficit disorders. Attentional deficit disorders are very
common and may not be thought of as a neurological disorder by this study’s participants,
as research on how attentional disorders in adults can affect how they walk is limited.
However, research on children with attentional disorders show greater stride-to-stride
variability during walking but reduced variability with dual tasks [45].

Motor-learning principles such as the rate of adaptation should also be considered
in future research, as this study only focused on the 10th minute of adaptation. The
rate of adaptation can tell us more information of the learning process when adapting
to a novel gait task. The literature involving adaptation with split-belt treadmills shows
immediate adaptation (i.e., the greatest differences) compared to the end of adaptation,
as most healthy participants move back toward symmetry [20,44]. Thus, early adaptation
should be compared to late adaptation to examine whether gait asymmetries were greater
during the early adaptation condition. Also, Fitts’ law should be considered as well.
This study used novel methods, and speed may be an important component influencing
the accuracy of mimicking the visual cue, which could contribute to the difficulty of the
task [46]. Bootsma and colleagues [47] postulated that the magnitude of motor skill learning
on task difficulty may be mediated by the perceived mental workload. Most gait adaptation
studies have not asked participants how difficult they felt the task was, which may be
impacting the accuracy or optimization of adaptation. A study that did examine perceived
exertion reported that participants were divided into responders and non-responders, and
the responders indicated a greater perceived exertion with overground walking than the
non-responders on the first day of training [17].

A few limitations exist within our study. The sample size was small once the groups
were further divided into responders and non-responders. We only examined the 10th
minute of each condition, so early adaptation was not examined. Our participants were
younger healthy adults, so our study lacks generalizability to a clinical population’s ability
to adapt to a visual cue.

5. Conclusions

Asymmetrically walking visual cues can be used to alter gait symmetry in healthy
adults. Both a small and large gait asymmetry-ratio visual cue can increase gait asymmetry.
Inertial sensors are sensitive to detecting small changes in gait asymmetries and allow
for greater clinical applicability. Future research should investigate why some people
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did not respond to the visual cue and examine if preferred walking speed, difficulty, or
mental workload were factors in the lack of a response for some participants. Also, future
research should investigate how visual cueing can be utilized to reduce gait asymmetries
in clinical populations and use inertial sensors to detect gait changes in and out of the lab
environment.
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Abstract: The advancement in depth-sensor technology increased the potential for the clinical use of
markerless three-dimensional motion analysis (3DMA); however, the accurate quantification of depth-
sensor-based 3DMA on gait characteristics deviating from normal patterns is unclear. This study
investigated the concurrent validity of the measurements of compensatory movements measured
by depth-sensor-based 3DMA compared to those measured by marker-based 3DMA. We induced
swing-phase compensatory movements due to insufficient toe clearance by restricting unilateral ankle
and knee joint movements in healthy individuals. Thirty-two healthy young adults (nineteen males,
aged 20.4 ± 2.0 years, height 164.4 ± 9.8 cm, weight 60.0 ± 9.3 kg [average ± standard deviation])
walked the 6 m walkway in slow speed, very slow speed, and knee–ankle–foot orthosis (KAFO;
participants wore KAFOs on the right leg) conditions. Gait kinematics were measured with marker-
based and depth-sensor-based 3DMA systems. The intraclass correlation coefficient (ICC3,1) was
used to measure the relative agreement between depth-sensor-based and marker-based 3DMA and
demonstrated good or moderate validity for swing-phase compensatory movement measurement.
Additionally, the ICC2,1 measured absolute agreement between the systems and showed lower
validity than the ICC3,1. The measurement errors for contralateral vaulting, trunk lateral flexion, hip
hiking, swing-side hip abduction, and circumduction between instruments were 0.01 m, 1.30◦, 1.99◦,
2.37◦, and 1.53◦, respectively. Depth-sensor-based 3DMA is useful for determining swing-phase
compensatory movements, although the possibility of missing a slight measurement error of 1–2◦

must be considered.

Keywords: markerless motion capture; depth sensor; validity study; abnormal gait pattern; kinematic

1. Introduction

The decreased walking speed in post-stroke patients is attributed to functional impair-
ments, including motor paralysis, muscle weakness, spasticity, and sensory disturbance.
Stroke-induced decreased walking speed is a serious problem in daily life, causing reduced
quality of life and limited social participation [1–4]. Perry et al. revealed that the walking
speeds of household-, limited community-, and community-walker post-stroke patients are
<0.4, 0.4–0.8, and >0.8 m/s, respectively [5]. Similarly, Fulk et al. [6] indicated that the cutoff
value for discriminating between household and community walkers is a comfortable
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walking speed of 0.49 m/s. Additionally, 43.08% (190/441) of post-stroke patients are
household walkers, indicating that a large number of these patients are unable to walk
independently outside the home [6]. Therefore, improving walking speed is crucial in
post-stroke gait rehabilitation.

Gait training has helped improve walking speed. Treadmill gait training for community-
dwelling post-stroke patients has improved walking speed by increasing ankle plantar
flexion moment during the paretic stance phase [7]. Conversely, Patterson et al. [8] revealed
no improvement in step-length asymmetry and swing-phase time asymmetry between the
paretic and nonparetic sides despite walking speed improvement by gait training. This
result indicates that walking speed improvement is attributed not only to the enhance-
ment of functional impairment on the paretic side but also to an increased compensatory
movement by the nonparetic side [8]. Spatiotemporal parameter asymmetry during gait
was associated with increased energy costs during gait [9] and reduced bone density in
the femoral neck of the paretic side [10]. Therefore, the gait pattern assessment findings
should be considered when providing gait rehabilitation to post-stroke patients to improve
walking speed and prevent secondary disability.

Typical gait measures include lower limb circumduction, hip hiking, and trailing limb
angle [11–13]. Given that these measures are calculated from the relative distance of each
joint position and angle of each segment, quantifying the movement of body landmarks
during gait is necessary. The gold standard method for quantifying the movement of body
landmarks is marker-based optical three-dimensional motion analysis (3DMA), which uses
multiple infrared cameras to measure the 3D coordinates of reflective markers attached
to the body landmarks [11–13]. This method accurately measures the 3D coordinates of
the landmarks; thus, marker-based 3DMA evaluates detailed gait characteristics [11–13].
However, the need for expensive measurement equipment and the burden of attaching
numerous reflective markers to the body during measurements limit its use in clinical prac-
tice [14]. Advancement in depth-sensor technology for quantitative gait pattern assessment
can solve the aforementioned problem in clinical practice [15,16]. Azure Kinect, a typical
markerless 3DMA system based on depth-sensor technology, captures the contour and
surface irregularities of a subject using a depth sensor and uses machine learning-based
skeletal recognition technology to process this depth image. This process allows the estima-
tion of the 3D coordinates of body landmarks [17]. Thus, Azure Kinect is advantageous
for clinical implementation due to the elimination of the need to attach reflective markers,
although it may provide less accurate measurements compared to the marker-based 3DMA
system.

The concurrent validity of depth-sensor-based 3DMA, measured against marker-
based 3DMA, for measuring spatiotemporal and kinematic parameters during steady-state
gait in healthy individuals has been previously investigated [18,19]. A good concurrent
validity in the depth-sensor-based assessment of spatiotemporal variables and each lower
limb joint angle in the sagittal plane, except for the ankle joint angle, was reported [19].
Conversely, the accuracy of measurement of the deviation of abnormal gait patterns from
normal patterns using depth-sensor-based 3DMA is unclear. Decreased knee flexion and
ankle dorsiflexion during the paretic swing phase reduce toe clearance in post-stroke
patients with hemiparesis, which induces compensatory movements during the swing
phase, such as hip hiking and circumduction [20]. Although previous studies have assessed
the compensatory movements during the swing phase by marker-based 3DMA (Table 1), it
is unclear whether these parameters can be assessed by depth-sensor-based 3DMA. These
abnormal gait patterns were observed in healthy individuals during gait with knee joint
motion restricted by the use of an immobilizing orthosis. Zissmimopoulos et al. [21] have
demonstrated that pelvic hiking in healthy individuals with knee braces was significantly
larger than that of individuals without knee braces. Akbus et al. [22] have reported that the
pelvic hiking during the swing phase in healthy individuals wearing a knee–ankle–foot
orthosis (KAFO) was not different from that of post-stroke patients. Thus, we induced
an abnormal gait pattern in healthy individuals by directing them to wear a KAFO to
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their unilateral lower limbs and verified the concurrent validity of the depth-sensor-based
assessment.

Table 1. Methods for assessing compensatory movements during the swing phase.

Study Participants
Indicators of Compensatory Movements

during Swing Phase
Equipment

Kerrigan et al. [11]
Post-stroke patients (n = 23),

healthy people
(n = 23)

Peak values during paretic swing phase
(coronal pelvic angle, transverse pelvic
rotation, hip adduction, hip abduction,
thigh adduction, and thigh abduction),

values at mid-swing (coronal pelvic angle,
transverse pelvic angle, bilateral coronal

hip angle, and affected thigh angle)

Marker-based 3DMA

Stanhope et al. [12] Post-stroke patients (n = 21) Peak paretic pelvic tilt angle, peak paretic
hip abduction angle, toe displacement Marker-based 3DMA

Tyrell et al. [13] Post-stroke patients (n = 22)

Hip hiking (the angle in the frontal plane
between the pelvis position in static

standing and the maximum deviation from
that position in the swing phase),

circumduction (maximum lateral difference
between the position of the heel marker in
the stance phase and the same heel marker
position in the swing phase immediately

following the stance phase)

Marker-based 3DMA

The present study aimed to investigate the concurrent validity of depth-sensor-based
3DMA for quantifying abnormal gait patterns during the swing phase as compared to a
reference marker-based 3DMA among healthy individuals. We hypothesized that depth-
sensor-based 3DMA would be effective in quantifying compensatory movements due to
insufficient toe clearance. Verifying that depth-sensor-based 3DMA is able to quantify
abnormal gait patterns during the swing phase with the equivalent accuracy as the marker-
based 3DMA would result in the development of rehabilitation practices based on objective
gait assessment.

2. Materials and Methods

2.1. Participants

The present study included 32 healthy young adults (Table 2) and excluded those with
musculoskeletal pain, previous lower extremity or trunk surgery, or neurological disease
history that could affect motor control.

Table 2. Participant information.

Sex (male, female) a 32 (19/13)
Age (years) b 20.4 ± 2.0
Height (cm) b 164.4 ± 9.8
Weight (kg) b 60.0 ± 9.3

a Number of participants; b mean ± standard deviation.

2.2. Experimental Procedure

Participants were instructed to walk a 6 m walkway five times in each of the slow
speed, very slow speed, and KAFO conditions. The cadence and step length were set
at 90 bpm and 350 mm, respectively, in the slow condition and 70 bpm and 250 mm,
respectively, in the very slow speed condition. We referenced the results of the spatiotem-
poral variables for post-stroke patients to determine the cadence and step length for each
condition [23]. Post-stroke patients walking at speeds ranging from 0.5 to 1.4 km/h
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(0.14–0.39 m/s) exhibited a mean cadence and paretic step length of 72.72 steps/min and
24.64 cm, respectively. Conversely, those walking at speeds between 1.5 and 2.4 km/h
(0.42–0.67 m/s) demonstrated a mean cadence and paretic step length of 91.71 steps/min
and 35.72 cm, respectively. Participants in the KAFO condition wore a KAFO (Modular
Leg Brace NEO, TOKUDA Prosthetics and Orthotics Mfg Ltd., Kumamoto, Japan) on the
right lower limb in addition to performing the tasks in the very slow speed condition.
The KAFO was set with the knee and ankle joints in 0◦ extension and 0◦ dorsiflexion,
respectively. Participants in the cadence control were instructed to step according to an
electronic metronome set for each condition. The lengths of the first and second steps at
the beginning of gait in the control of step length were indicated by lines tape-marked on
the floor, and participants were instructed to maintain this step length. Data collections
were conducted after practice using the abovementioned settings before each condition to
allow participants to familiarize themselves with the task. After visually confirming that
the participant was stepping onto the electronic metronome, the examiner verbally asked
the participant if they were familiar with the task.

2.3. Data Collection

An eight-infrared-camera marker-based 3DMA system (MAC 3D, Motion Analysis
Corporation, Santa Rosa, CA, USA) and a depth-sensor-based 3DMA system (Azure Kinect,
Microsoft Corporation, Redmond, WA, USA) (ICpro-AK, Hu-tech Co., Ltd., Tama, Tokyo,
Japan) were used to simultaneously measure the 3D coordinates of the body landmarks
during gait (sampling frequencies of 100 and 30 Hz, respectively). The infrared cameras
were placed 3 to 5 m away from the walkway. In this setup, a 500 mm calibration wand
could be used for measurement, with a measurement error of <1 mm. The depth sensor was
placed 7 m from the starting position of walking, i.e., 1 m behind the endpoint (Figure 1).
The depth sensor was positioned in front of the participant, and the height from the floor
to the sensor was set at 0.7 m. Prior to the actual experiment, the skeletal recognition of the
depth sensor was not displayed when a 19 mm diameter reflective marker was attached to
the participant’s body, and the marker- and depth-sensor-based 3DMA systems were used
in the measurement. Contrarily, the use of 9.5 mm diameter reflective markers significantly
reduced the skeletal recognition error; thus, we used 9.5 mm diameter markers in the actual
experiment. Prior to the actual experiments, the 3DMA skeletal recognition using the depth
sensor started at a distance of approximately 5 m from the sensor. Given that artifacts were
observed immediately after skeletal recognition, the analysis section was set from 1.8 to
3.5 m, similar to that used by Ferraris et al. [24]. A depth sensor, set up according to the
instructions for the machine learning-based skeletal recognition technology produced by the
Microsoft Corporation, estimated and collected 19 body landmark positions during gait [25]
(Figure 2). In the marker-based 3DMA, 19 reflective markers were attached to the body
landmarks to calculate the trunk and lower limb kinematics (Figure 3). An experienced
physical therapist (K.H.) attached the reflective markers to the body landmarks.

Figure 1. Overview of the experimental setup.
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Figure 2. Body landmarks derived from the skeletal recognition technology of Azure Kinect.

Figure 3. Marker locations for marker-based 3D motion analysis.
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2.4. Failed Trial of Gait Analysis Using Depth-Sensor-Based 3DMA

Of the 32 participants, 10 were unable to walk under the KAFO condition because
they could not correctly wear the KAFO, which inhibited them from walking even a single
step. Hence, only 22 participants performed the gait trial in the KAFO condition, and
32 participants underwent the gait trial in the slow and very slow conditions. Failed trials
(i.e., unsuccessful trials) were observed in 9 (28%), 11 (34%), and 5 (23%) participants in
the slow, very slow, and KAFO conditions, respectively. The failed trials were defined as
those in which the coordinates of the body landmarks could not be measured by depth-
sensor-based 3DMA. After the measurement, the researchers (K.K. and K.H.) exported the
coordinate data to determine whether the trial was a failure or not.

2.5. Data Reduction and Analysis

The analysis used three or more successful measurement trials out of five trials in each
condition. A successful measurement trial was defined as a successful estimation of the 3D
coordinate values of 19 points by the depth-sensor-based 3DMA. MATLAB R2019b (The
Math Works, Inc., Natick, MA, USA) was used to calculate the subsequent data analysis
process.

The 3D coordinate data measured by the depth sensor were resampled from 30 to
100 Hz using cubic spline interpolation to align the sampling frequencies between pieces of
equipment. A zero-lag fourth-order Butterworth low-pass filter (cutoff frequency: 6 Hz)
was used to smooth the 3D coordinate data from both pieces of equipment.

The landmarks of the lower limbs (i.e., hip, knee, ankle, and toe) in marker-based
3DMA were defined from the 3D coordinates of the measured reflective markers according
to previous studies [26–28]. We analyzed the joint angles by projecting the 3D coordinates
onto a two-dimensional plane. The trunk flexion–extension and lateral flexion angles in
marker- and depth-sensor-based 3DMAs were identified as the angle of the longitudinal
axis of the trunk in the sagittal and coronal planes in the global coordinate system. Addi-
tionally, the trunk rotation angle was determined as the angle of the mediolateral axis of
the trunk in the transversal plane in the global coordinate system. The flexion–extension
(dorsiflexion–plantar flexion) angles of the hip, knee, and ankle joints were defined as the
angle between the longitudinal axes of the two segments adjacent to the reference joint in
the sagittal plane. The leg extension angle was calculated as the angle of the line connecting
the hip and ankle joint points in the global coordinate system in the sagittal plane [29].

The center of mass (CoM) was calculated using the 3D coordinate positions of the
shanks, thighs, and trunk measured by each piece of equipment and body segment inertia
parameters described elsewhere [30]. Foot information was removed from the CoM calcu-
lation because toe tracking on the depth sensor is generally very poor [19,31,32]. The CoM
velocity was obtained by applying a three-point differential equation to time series data of
CoM positions [30].

We analyzed the gait cycle of the right side, from the right initial contact (IC) to the
next ipsilateral IC. The IC in the right gait cycle was identified as the point where the right
ankle joint point is farthest forward from the pelvic center point [33,34]. The pelvic center
point in the marker-based 3DMA was defined as the midpoint between the left and right
posterior superior iliac spines. The toe-off (TO) was the point where the right ankle joint
point is farthest backward from the pelvic center point [33,34].

2.6. Spatiotemporal Variables

The spatiotemporal variables calculated based on previous reports were as follows [18,19]:
step width, right and left step lengths, stride length, cadence, gait velocity, stance phase
time, swing phase time, gait cycle time, %stance phase, %swing phase, step length ratio,
and swing time ratio.
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2.7. Trunk and Lower Limb Kinematics

The mean and peak-to-peak values of the trunk angle in each plane in the trunk
kinematics were calculated to determine the upper body sway and average posture during
a gait cycle. The maximum (i.e., maximum extension or plantar flexion), minimum (i.e.,
maximum flexion or dorsiflexion), and peak-to-peak values of each joint angle in the
sagittal plane in lower limb kinematics were calculated during a gait cycle. Additionally,
the maximum value of the leg extension angle during a gait cycle was calculated as an
indicator of propulsion [35].

2.8. Whole-Body Kinematics

The peak-to-peak value of the CoM position in the mediolateral and vertical axes was
calculated to determine the whole-body sway during a gait cycle. Additionally, the margin
of stability (MoS) was computed as the distance between the extrapolated CoM (XCoM)
positions and ankle joint (i.e., boundaries of the base of support) to determine the dynamic
stability during gait [36].

2.9. Definition of Abnormal Gait Patterns

The following five indices were calculated as abnormal gait patterns compensating
for toe clearance during the swing phase: contralateral vaulting, trunk lateral flexion to
the stance side, hip hiking, swing-side hip abduction, and circumduction. Contralateral
vaulting, which is the elevation due to the lower limb on the stance side, was determined by
subtracting the maximum height of the stance-side hip during 25–75% of the swing phase by
the time-averaged height of the ipsilateral hip during the pre-swing phase (Figure 4a) [37].
The trunk lateral flexion to the stance side was calculated by subtracting the maximum
trunk lateral flexion angle during 25–75% of the swing phase by the same time-averaged
angle during the pre-swing phase (Figure 4b) [37]. Hip hiking is a pelvic raising movement
on the swing limb due to stance-side hip abduction, which was determined by subtracting
the maximum pelvic angle (i.e., the line connecting the left–right hip joint) in the coronal
plane during 25–75% of the swing phase by the same time-averaged angle during the pre-
swing phase (Figure 4c) [11]. The swing-side hip abduction was calculated by subtracting
the maximum hip angle (i.e., angle of the thigh relative to the pelvis) in the coronal plane
during 25–75% of the swing phase by the same time-averaged angle during the pre-swing
phase (Figure 4d) [11,12]. Circumduction is the extent to which the lower extremity deviates
from its normal trajectory in the coronal plane as a result of swing-side hip abduction and
hip hiking [12], which was calculated by subtracting the maximum thigh angle in the
coronal plane (i.e., the angle of the longitudinal axis of the thigh in the coronal plane in the
global coordinate system) during 25–75% of the swing phase by the same time-averaged
angle during the pre-swing phase (Figure 4e) [12,13,38].

2.10. Statistical Analysis

We initially performed a statistical analysis on a combined sample that integrated
all three gait conditions to investigate the concurrent validity of the depth-sensor-based
3DMA in a sample that included individuals with and without compensatory movements
for insufficient toe clearance (i.e., a population with high variability). Then, we examined
the concurrent validity of the depth-sensor-based 3DMA in a sample of individuals with
compensatory movements for insufficient toe clearance (i.e., a population with low vari-
ability) by performing statistical analyses for only the KAFO condition. Similarly, statistical
analyses were conducted on the samples in each of the slow and very slow conditions
(Supplementary Tables S1–S4).
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Figure 4. Definition of abnormal gait patterns: contralateral vaulting (a), trunk lateral flexion to the
stance side (b), hip hiking (c), swing-side hip abduction (d), and circumduction (e).

The intraclass correlation coefficient (ICC) is the method for concurrent validation
between the two gait analysis systems [19,39]. ICC2,1 is an absolute agreement measure
for evaluating the presence of an agreement between the two systems without taking
into account the systematic errors, whereas ICC3,1 is a relative agreement measure for
evaluating the presence of an agreement between the two systems, taking into account
the systematic errors. Therefore, we used ICC2,1 to test whether the depth-sensor- and
marker-based 3DMA results are in perfect agreement, and ICC3,1 to test whether the depth-
sensor-based 3DMA is an alternative to the marker-based 3DMA when systematic errors
are taken into account. The ICC was classified as either poor (<0.50), moderate (0.50–0.74),
good (0.75–0.90), or excellent (>0.90) [39]. The differences between the marker- and depth-
sensor-based 3DMA were confirmed by performing paired t-tests. Additionally, the root
mean square error (RMSE) between the gait parameters calculated with the marker- and
depth-sensor-based 3DMA was identified [40]. IBM Statistical Package for the Social
Sciences Statistics (version 26.0, IBM Corporation, Armonk, NY, USA) was used for all
statistical analyses. In the present study, we chose “Intraclass correlation coefficient” under
[Analyze] > [Scale] > [Reliability Analysis]. For ICC2,1, the model was set to “Two-Way
Random” and the type to “Absolute Agreement”; for ICC3,1, these were “Two-Way Mixed”
and “Consistency”, respectively.
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3. Results

3.1. Walking Speed in Each Condition

The mean and standard deviation of walking speeds were 0.64 ± 0.12, 0.38 ± 0.08,
and 0.35 ± 0.07 m/s for the slow, very slow, and KAFO conditions, respectively, in the
marker-based 3DMA.

3.2. Concurrent Validity of Abnormal Gait Patterns

In the combined sample, the ICC3,1 of trunk lateral flexion and circumduction showed
good validity, ranging from 0.76 to 0.85, whereas that of contralateral vaulting, hip hiking,
and swing-side hip abduction showed moderate validity, ranging from 0.57 to 0.64 (Table 3).
Conversely, the ICC3,1 of hip hiking in the KAFO condition was 0.38, indicating poor
validity. The ICC2,1 results were generally slightly lower than the ICC3,1 results. The
measurement errors between instruments were 0.01 m, 1.30◦, 1.99◦, 2.37◦, and 1.53◦ for
contralateral vaulting, trunk lateral flexion, hip hiking, swing-side hip abduction, and
circumduction, respectively.

Table 3. Concurrent validity of abnormal gait pattern.

Variables
Marker-Based

3DMA
Depth-Sensor-
Based 3DMA

p-Value ICC2,1 (95% CI) ICC3,1 (95% CI) RMSE

Combined sample
Contralateral vaulting (m) 0.01 ± 0.01 0.01 ± 0.01 0.827 0.57 (0.37–0.72) 0.57 (0.37–0.71) 0.01

Trunk lateral flexion to
stance side (deg) 3.39 ± 2.42 2.59 ± 2.06 0.624 0.80 (0.55–0.90) 0.85 (0.77–0.90) 1.30

Hip hiking (deg) 3.97 ± 4.87 2.91 ± 2.45 0.103 0.59 (0.39–0.72) 0.64 (0.47–0.77) 1.99
Swing-side hip abduction

(deg) 2.47 ± 3.13 2.68 ± 1.92 0.498 0.59 (0.40–0.73) 0.59 (0.40–0.73) 2.37

Circumduction (deg) 4.01 ± 2.68 8.46 ± 2.57 <0.001 a 0.61 (0.26–0.78) 0.76 (0.63–0.84) 1.53
KAFO condition

Contralateral vaulting (m) 0.01 ± 0.01 0.01 ± 0.01 0.644 0.51 (0.08–0.79) 0.56 (0.12–0.82) 0.01
Trunk lateral flexion to

stance side (deg) 6.23 ± 2.31 4.82 ± 1.95 <0.001 a 0.66 (0.04–0.89) 0.79 (0.51–0.92) 1.43

Hip hiking (deg) 11.33 ± 1.90 5.80 ± 2.25 0.047 a 0.370.09–0.75) 0.380.11–0.72) 1.77
Swing-side hip abduction

(deg) 1.09 ± 1.90 1.31 ± 2.17 0.083 0.510.09–0.84) 0.83 (0.60–0.94) 2.67

Circumduction (deg) 6.82 ± 2.77 10.43 ± 3.29 0.016 a 0.650.03–0.89) 0.72 (0.38–0.89) 0.96

Mean ± standard deviation; 3DMA: three-dimensional motion analysis; ICC: intraclass correlation coefficient;
RMSE: root mean square error; KAFO: knee–ankle–foot orthosis; a significant difference between systems
(p < 0.05).

3.3. Concurrent Validity of Spatiotemporal Variables

The ICC2,1 and ICC3,1 for all spatiotemporal variables, except %stance time, %swing
time, and step length ratio, ranged from 0.77 to 0.99 in the combined sample, indi-
cating good or excellent validity (Table 4). The other parameters (i.e., %stance time,
%swing time, and step length ratio) demonstrated moderate validity (ICC2,1 = 0.58–0.71,
ICC3,1 = 0.63–0.71; Table 4).

3.4. Concurrent Validity of Trunk and Lower Limb Kinematics

The average hip, knee, and ankle joint angles in the sagittal plane during the gait
cycle evaluated by marker-based and depth-sensor-based 3DMA are shown in Figure 5.
The ICC3,1 for peak-to-peak angles of the trunk ranged from 0.76 to 0.85 in the combined
sample, indicating good validity (Table 5). In the mean angle of the trunk, the ICC3,1
for flexion–extension was good, and that for lateral flexion and rotation was moderate.
The ICC3,1 results revealed that the concurrent validity of the hip and knee joint-related
parameters and leg extension angle was good or excellent (ICC3,1 = 0.75–0.93), whereas the
measure of absolute agreement was varied (ICC2,1 = 0.23–0.93).
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Table 4. Concurrent validity of spatiotemporal variables.

Variables
Marker-Based

3DMA
Depth-Sensor-
Based 3DMA

p-Value ICC2,1 (95% CI) ICC3,1 (95% CI) RMSE

Combined sample
Step width (m) 0.18 ± 0.04 0.18 ± 0.04 0.213 0.89 (0.79–0.91) 0.87 (0.78–0.91) 0.02
Step length (m) Right 0.34 ± 0.08 0.31 ± 0.08 <0.001 a 0.93 (0.51–0.98) 0.96 (0.95–0.98) 0.03

Left 0.34 ± 0.08 0.32 ± 0.08 <0.001 a 0.93 (0.56–0.97) 0.96 (0.94–0.98) 0.03
Stride length (m) 0.75 ± 0.19 0.77 ± 0.19 <0.001 a 0.98 (0.96–0.99) 0.98 (0.98–0.99) 0.04

Cadence (steps/min) 78.17 ± 9.93 78.62 ± 10.20 0.146 0.97 (0.95–0.98) 0.97 (0.95–0.98) 2.40
Gait velocity (m/s) 0.47 ± 0.17 0.47 ± 0.17 0.013 a 0.99 (0.99–1.00) 0.99 (0.99–1.00) 0.01

Stance time (s) 1.03 ± 0.15 1.01 ± 0.15 0.222 0.93 (0.88–0.96) 0.94 (0.90–0.96) 0.05
Swing time (s) 0.52 ± 0.05 0.53 ± 0.05 0.477 0.80 (0.67–0.88) 0.82 (0.73–0.83) 0.03

Gait cycle time (s) 1.55 ± 0.19 1.54 ± 0.19 0.217 0.97 (0.96–0.98) 0.97 (0.95–0.98) 0.04
%Stance time (%) 66.5 ± 2.44 65.5 ± 2.33 <0.001 a 0.58 (0.34–0.74) 0.63 (0.45–0.76) 2.27
%Swing time (%) 33.5 ± 2.46 34.5 ± 2.37 <0.001 a 0.58 (0.34–0.74) 0.63 (0.43–0.76) 2.27
Step length ratio 0.99 ± 0.12 0.99 ± 0.15 0.705 0.71 (0.56–0.82) 0.71 (0.55–0.81) 0.10
Swing time ratio 1.06 ± 0.09 1.02 ± 0.10 0.021 a 0.71 (0.42–0.85) 0.77 (0.65–0.86) 0.08
KAFO condition
Step width (m) 0.22 ± 0.03 0.22 ± 0.05 0.087 0.87(0.67–0.95) 0.88 (0.71–0.96) 0.02

Step length (m) Right 0.28 ± 0.07 0.25 ± 0.06 <0.001 a 0.85 (0.17–0.96) 0.93 (0.81–0.97) 0.04
Left 0.29 ± 0.06 0.28 ± 0.05 <0.001 a 0.93 (0.80–0.97) 0.94 (0.84–0.98) 0.03

Stride length (m) 0.62 ± 0.13 0.63 ± 0.11 0.121 0.97 (0.92–0.99) 0.97 (0.92–0.99) 0.03
Cadence (steps/min) 70.12 ± 1.54 71.03 ± 2.38 0.124 0.350.09–0.70) 0.740.11–0.72) 2.42
Gait velocity (m/s) 0.35 ± 0.07 0.35 ± 0.06 0.063 0.94 (0.90–0.99) 0.97 (0.92–0.99) 0.02

Stance time (s) 1.14 ± 0.05 1.13 ± 0.06 0.251 0.360.10–0.71) 0.370.12–0.71) 0.06
Swing time (s) 0.57 ± 0.05 0.57 ± 0.04 0.930 0.72 (0.38–0.89) 0.72 (0.37–0.86) 0.04

Gait cycle time (s) 1.71 ± 0.04 1.70 ± 0.05 0.180 0.350.11–0.70) 0.360.13–0.71) 0.04
%Stance time (%) 66.7 ± 2.60 66.3 ± 2.40 0.518 0.63 (0.22–0.84) 0.62 (0.21–0.84) 2.26
%Swing time (%) 33.3 ± 2.60 33.7 ± 2.40 0.518 0.63 (0.22–0.85) 0.62 (0.21–0.84) 2.26
Step length ratio 0.97 ± 0.15 0.91 ± 0.16 0.027 a 0.75 (0.38–0.91) 0.79 (0.52–0.92) 0.12
Swing time ratio 1.16 ± 0.11 1.12 ± 0.11 0.061 0.66 (0.28–0.86) 0.69 (0.35–0.88) 0.10

Mean ± standard deviation; 3DMA: three-dimensional motion analysis; ICC: intraclass correlation coefficients;
RMSE: root mean square error; KAFO: knee–ankle–foot orthosis; a significant difference between systems
(p < 0.05).

Figure 5. Average (thick line) and 1 SD (fine line) of hip and knee extension and ankle plantar flexion
angles during gait cycle for each condition as evaluated with marker-based (a) and depth-sensor-
based 3DMA (b) systems.
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Table 5. Concurrent validity of the trunk and lower limb kinematics.

Variables
Marker-Based

3DMA
Depth-Sensor-
Based 3DMA

p-Value ICC2,1 (95% CI) ICC3,1 (95% CI) RMSE

Combined sample
Trunk angle (deg)

Peak-to-peak
Flexion–extension 3.78 ± 1.77 4.73 ± 1.85 <0.001 a 0.74 (0.22–0.90) 0.85 (0.75–0.90) 1.49

Lateral flexion 5.89 ± 3.37 5.96 ± 2.13 0.099 0.76 (0.63–0.86) 0.76 (0.63–0.84) 1.89
Rotation 10.82 ± 3.45 13.62 ± 4.30 <0.001 a 0.79 (0.01–0.85) 0.79 (0.68–0.87) 3.77

Mean
Flexion–extension 3.20 ± 3.20 2.70 ± 2.43 0.086 0.270.03–0.65) 0.85 (0.76–0.91) 6.10

Lateral flexion 0.71 ± 1.41 0.28 ± 1.06 <0.001 a 0.65 (0.44–0.77) 0.69 (0.53–0.80) 1.08
Rotation −0.61 ± 3.87 −0.90 ± 3.17 0.386 0.73 (0.58–0.83) 0.72 (0.58–0.83) 2.63

Hip joint angle [+extension/−flexion] (deg)
Maximum 15.89 ± 4.81 9.23 ± 4.63 <0.001 a 0.40 (0.07–0.75) 0.80 (0.69–0.87) 7.42
Minimum −13.17 ± 4.94 −23.76 ± 4.46 <0.001 a 0.23 (0.03–0.60) 0.80 (0.70–0.88) 11.00

Peak-to-peak 29.05 ± 5.33 32.99 ± 6.23 0.092 0.72 (0.06–0.93) 0.93 (0.89–0.96) 4.45
Knee joint angle [+extension/−flexion] (deg)

Maximum −1.33 ± 4.18 −6.70 ± 2.75 <0.001 a 0.620.07–0.86) 0.75 (0.69–0.80) 6.24
Minimum −40.04 ± 18.63 −39.86 ± 15.90 0.522 0.93 (0.83–0.95) 0.92 (0.88–0.95) 5.93

Peak-to-peak 38.71 ± 20.53 33.90 ± 15.10 <0.001 a 0.87 (0.70–0.93) 0.90 (0.84–0.94) 8.52
Ankle joint angle [+plantar flexion/−dorsal flexion] (deg)

Maximum 28.05 ± 7.09 64.09 ± 33.10 <0.001 a 0.03 (–0.12–0.15) 0.05 (–0.30–0.20) 49.67
Minimum 6.61 ± 3.87 10.80 ± 8.56 <0.001 a 0.05(–0.12–0.10) 0.27 (–0.49–0.03) 10.81

Peak-to-peak 21.44 ± 8.06 53.29 ± 36.56 <0.001 a 0.43 (0.02–0.67) 0.57 (–0.37–0.71) 49.63
Maximum leg extension angle (deg) 19.82 ± 3.89 17.75 ± 3.74 <0.001 a 0.81 (0.03–0.93) 0.92 (0.87–0.95) 2.56

KAFO condition
Trunk angle (deg)

Peak-to-peak
Flexion–extension 5.86 ± 1.94 7.00 ± 1.48 <0.001 a 0.71 (0.03–0.91) 0.85 (0.64–0.94) 1.47

Lateral flexion 10.31 ± 2.50 8.42 ± 1.65 <0.001 a 0.570.07–0.81) 0.69 (0.32–0.87) 1.89
Rotation 13.37 ± 3.84 15.92 ± 4.43 <0.001 a 0.69 (0.08–0.90) 0.81 (0.54–0.93) 3.77

Mean
Flexion–extension 1.10 ± 3.40 4.67 ± 0.93 0.043 a 0.300.04–0.70) 0.83 (0.59–0.93) 6.02

Lateral flexion 1.56 ± 1.76 0.93 ± 1.30 0.048 a 0.67 (0.30–0.87) 0.71 (0.36–0.88) 1.34
Rotation −1.98 ± 3.91 −2.50 ± 3.13 0.213 0.90 (0.74–0.96) 0.90 (0.74–0.96) 1.68

Hip joint angle [+extension/−flexion] (deg)
Maximum 14.91 ± 4.55 8.58 ± 3.79 <0.001 a 0.360.08–0.75) 0.75 (0.43–0.90) 6.99
Minimum −12.18 ± 5.13 −21.86 ± 4.55 <0.001 a 0.270.05–0.68) 0.76 (0.46–0.91) 10.24

Peak-to-peak 27.09 ± 3.75 30.44 ± 4.41 0.027 a 0.680.08–0.92) 0.90 (0.04–0.96) 3.84
Knee joint angle [+extension/−flexion] (deg)

Maximum −4.59 ± 4.14 −5.25 ± 3.21 <0.001 a 0.460.02–0.76) 0.450.02–0.75) 3.95
Minimum −12.09 ± 4.94 −16.16 ± 4.29 <0.001 a 0.340.08–0.68) 0.450.02–0.76) 6.34

Peak-to-peak 7.49 ± 1.69 10.91 ± 2.83 <0.001 a 0.030.02–0.34) 0.070.41–0.52) 4.67
Ankle joint angle [+plantar flexion/−dorsal flexion] (deg)

Maximum 21.30 ± 2.09 64.04 ± 25.50 0.033 a 0.020.12–0.28) 0.050.42–0.51) 49.46
Minimum 9.52 ± 1.84 4.42 ± 7.69 0.021 a 0.020.09–0.16) 0.060.52–0.41) 9.52

Peak-to-peak 11.78 ± 1.99 59.62 ± 29.52 <0.001 a 0.020.47–0.49) 0.020.45–0.46) 55.88
Maximum leg extension angle (deg) 17.78 ± 2.85 17.75 ± 3.74 <0.001 a 0.640.09–0.90) 0.85 (0.62–0.94) 2.70

Mean ± standard deviation; 3DMA: three-dimensional motion analysis; ICC: intraclass correlation coefficient;
RMSE: root mean square error; KAFO: knee–ankle–foot orthosis; a significant difference between systems
(p < 0.05).

3.5. Concurrent Validity of Whole-Body Kinematics

The ICC2,1 and ICC3,1 for the peak-to-peak value of CoM movement in the medio-
lateral direction ranged from 0.94 to 0.95 in the combined sample, indicating excellent
validity (Table 6), whereas the concurrent validity of the peak-to-peak value of CoM move-
ment in the vertical direction was poor. The ICC3,1 of the MoS in the mediolateral and
anteroposterior directions was 0.75–0.77, indicating good validity (Table 6).
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Table 6. Concurrent validity of whole-body kinematics.

Variables
Marker-Based

3DMA
Depth-Sensor-
Based 3DMA

p-Value ICC2,1 (95% CI) ICC3,1 (95% CI) RMSE

Combined sample
Peak-to-peak value of center of mass movement (m)

Mediolateral 0.08 ± 0.03 0.08 ± 0.02 0.063 0.94 (0.91–0.97) 0.95 (0.91–0.97) 0.01
Vertical 0.05 ± 0.02 0.03 ± 0.01 <0.001 a 0.010.15–0.17) 0.110.26–0.26) 0.03

Mediolateral margin of stability (m) 0.09 ± 0.02 0.12 ± 0.03 <0.001 a 0.440.10–0.76) 0.77 (0.64–0.86) 0.04
Anteroposterior margin of stability (m) −0.02 ± 0.03 0.08 ± 0.05 <0.001 a 0.210.04–0.56) 0.75 (0.61–0.84) 0.10

KAFO condition
Peak-to-peak value of center of mass movement (m)

Mediolateral 0.11 ± 0.02 0.11 ± 0.02 0.392 0.84 (0.55–0.94) 0.87 (0.70–0.94) 0.01
Vertical 0.05 ± 0.02 0.03 ± 0.01 0.013 a 0.100.38–0.30) 0.140.57–0.35) 0.03

Mediolateral margin of stability (m) 0.11 ± 0.03 0.14 ± 0.03 <0.001 a 0.460.11–0.80) 0.72 (0.38–0.89) 0.04
Anteroposterior margin of stability (m) −0.02 ± 0.02 0.06 ± 0.03 <0.001 a 0.070.04–0.31) 0.410.07–0.74) 0.09

Mean ± standard deviation; 3DMA: three-dimensional motion analysis; ICC: intraclass correlation coefficient;
RMSE: root mean square error; KAFO: knee–ankle–foot orthosis; a significant difference between systems
(p < 0.05).

4. Discussion

The present study investigated the validity of the quantification of abnormal gait
patterns (i.e., compensatory movements due to insufficient toe clearance) by depth-sensor-
based 3DMA, as compared to marker-based 3DMA. The results of our study revealed
good validity for trunk lateral flexion to the stance side and circumduction and moderate
validity for contralateral vaulting, hip hiking, and swing-side hip abduction (Figure 6). The
measurement error between instruments ranged from 1.30◦ to 2.37◦ and was 0.01 m for
contralateral vaulting. Most previous studies have validated depth-sensor-based 3DMA
for lower limb joint angles in the sagittal plane, which revealed measurement errors of
4.1–11.3◦, 5.3–8.6◦, 9.14–38.6◦, and 1.11–5.12◦ for maximum hip flexion, hip extension,
knee joint flexion, and knee joint extension angles, respectively, during gait [40,41]. The
measurement error of abnormal gait patterns in the coronal plane reported in this study
is very small compared to the results of previous studies. This is not a surprising result,
because the depth-sensor-based 3DMA estimates the 3D coordinate values of the body
landmarks using the contour and depth information of a subject captured from the front. In
a previous study investigating the validity of depth-sensor-based 3DMA for estimating hip
motion in the coronal plane, a measurement error between devices of 12.5◦ in hip abduction
angle throughout a gait cycle was reported [42]. The present study used Azure Kinect, the
successor to Kinect v2 used in the previous study. The smaller measurement error in the
abnormal gait pattern measures in the coronal plane in the present study, as compared to
that of the previous study, may indicate the higher performance of Azure Kinect’s body
landmark estimation. To the best of our knowledge, this is the first study to reveal that
depth-sensor-based 3DMA is useful for quantifying compensatory movements due to insuf-
ficient toe clearance during the swing phase of gait. However, the circumduction evaluated
by depth-sensor-based 3DMA was significantly higher than that by marker-based-3DMA.
It must be considered that depth-sensor-based 3DMA estimates body landmarks rather
than measuring them; thus, it does not perfectly match the systems that actually measure
marker locations.
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Figure 6. Summary for the concurrent validity of abnormal gait patterns.

The ICC3,1 demonstrated good or excellent validity for most of the spatiotemporal
and kinematic variables, supporting the results of previous studies [18,19,32,43]. The
measurement errors of the angles of the trunk and lower extremity joints, excluding the
ankle joint, ranged from 1.08◦ to 11.0◦, which was equal to or less than the results of
the aforementioned previous studies [40,41]. Additionally, comparisons between systems
showed significantly shorter step lengths, significantly longer %swing phase time, and
significantly greater hip and knee flexion for the depth-sensor-based 3DMA than for the
marker-based 3DMA. When comparing the results between the marker- and depth-sensor-
based 3DMA, we should consider the measurement error. Only the peak-to-peak value of
the CoM movement in the vertical direction exhibited poor validity, which is inconsistent
with the result of a previous study [24]. Ferraris et al. [24] revealed a highly valid CoM
vertical sway, but they defined the CoM position as the midpoint between the left and
right hip joints. The CoM is generally calculated from the position and mass of each body
segment, and the CoM position described in previous studies was based on a simplified
definition. Methodological differences may have caused discrepancies between the results
of the previous study and this study. Our study results reveal a greater measurement
error of kinematic variables in the sagittal plane than in the coronal plane. Therefore, the
peak-to-peak value of the vertical CoM movement may have had less validity because the
flexion–extension movement of each joint in the sagittal plane primarily influenced it.

The statistical analysis for the combined sample revealed moderate validity of the
assessment for hip hiking using depth-sensor-based 3DMA, but it is important to consider
that the greater the variability of the data in the collected sample, the higher the reliability
coefficient [44]. Taking this issue into account, the present study conducted a statistical
analysis for only the KAFO condition, which demonstrated compensatory movement due
to insufficient toe clearance during the swing phase. Hence, the validity of the hip hiking
measurement was poor. The hip hiking evaluated by the marker-based 3DMA revealed
11.30◦ ± 1.90◦ (mean ± standard deviation) and 3.97◦ ± 4.87◦ in the KAFO condition
and combined sample, respectively. Therefore, the differences in the standard deviations
between conditions may affect the validity results. However, a previous study reported hip
hiking of 8.7◦ ± 4.3◦ in 23 post-stroke patients [11], which is comparable to the standard
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deviation of hip hiking in the combined sample of our study. The depth-sensor-based
3DMA may be useful for identifying the compensatory movements during the swing phase,
including hip hiking, in post-stroke patients, considering the results of the present study
and previous studies, despite the possibility of missing a small difference of approximately
2◦ of measurement error.

The high validity of depth-sensor-based 3DMA, i.e., markerless 3DMA, for quantifying
compensatory movements may accelerate the accumulation of data on gait characteristics
in clinical practice. Kinematic and neurological factors reportedly cause compensatory
movements, including circumduction and hip hiking, in post-stroke patients [45,46]. Inad-
equate knee joint flexion during the pre-swing phase of the paretic side is the trigger in
the case of kinetic factors, whereas the co-activation of the gluteus medius, which occurs
simultaneously with an abnormal stretch reflex in the rectus femoris muscle, is the trigger
in the case of neurological factors. As described previously, only a few longitudinal data
provide a basis for the effective interventions for compensatory movements during the
swing phase in post-stroke patients, despite the partially clarified triggers of compensatory
movements among these patients. Accumulating changes in compensatory movements
due to insufficient toe clearance before and after a rehabilitation intervention using depth-
sensor-based 3DMA may be useful in providing effective gait rehabilitation for post-stroke
patients.

The present study has several limitations. First, we defined cases in which body
landmark estimation could not be conducted using depth-sensor-based 3DMA as failed
trials and excluded them from the data analysis. Prior to the actual experiment, we noticed
that the errors in skeletal estimation occur when the reflective markers are large and
numerous. Thus, we adjusted the number and size of the markers as described in the
Materials and Methods section. Despite this countermeasure, several failed trials still
occurred. Unfortunately, our results revealed no reason for the failure. Although we
expect the failure rate to decrease in clinical settings where reflective markers are not
attached, further investigation is still required to determine the interfering factors, such as
the participants’ body types, wear, ambient lighting, and other environmental conditions.
Second, the effect of clothing on determining the validity of depth-sensor-based 3DMA
was not considered. All of our study participants wore spandex clothing, which may
have increased the study’s validity. Restricting clothing is necessary when conducting
gait assessment with a depth-sensor-based 3DMA in clinical practice. Third, the effect
of the presence or absence of a caregiver on 3D coordinate data by depth-sensor-based
3DMA has not been investigated. This study captured and analyzed only the participants
undergoing gait assessment. Placing a caregiver near the patient is often necessary to
prevent falls when the depth-sensor-based 3DMA is used in clinical practice. Therefore,
investigating the association of the presence of a caregiver with difficulties in measuring
3D coordinate data during gait is essential. Fourth, the present study did not include
post-stroke patients. However, depth-sensor-based 3DMA was effective in quantifying
compensatory movements during the swing phase, as we examined the validity based
on the abnormal gait patterns during the swing phase induced by the KAFO. Finally, this
study did not consider simultaneous capture from the sagittal plane. Combining imaging
from the sagittal plane may solve the problem of ankle joint motion evaluation, which was
very inaccurate in our study.

5. Conclusions

We revealed the high concurrent validity of quantifying compensatory movements
due to insufficient toe clearance using a depth-sensor-based 3DMA. The gait assessment
using a depth-sensor-based 3DMA can potentially provide a rehabilitation program based
on the objective evaluation of gait in clinical practice.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/biomechanics4030028/s1: Table S1: The concurrent validity of
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the abnormal gait patterns in the slow and very slow conditions, Table S2: The concurrent validity of
the spatiotemporal variables in the slow and very slow conditions, Table S3: The concurrent validity
of the trunk and lower limb kinematics in the slow and very slow conditions, Table S4: The concurrent
validity of the whole-body kinematics in the slow and very slow conditions.
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Abstract: Background: Assessment of walking with shoes is important for understanding different
types of walking in various environments. Methods: In this study, a shoe-type sensor was used to
demonstrate the shoe–floor angle in fifteen participants who walked on a treadmill under varying
gait speed and sole adjustments, lifting one side of the sole. The shoe–floor angle in the sagittal; the
angle of toe-up (θTup) and toe-down (θTdown) and frontal planes; and the angle of pronation (θPro)
and supination (θSup) were calculated, and angles at the initial contact and maximum angles were
extracted. Results: The results showed that most angles significantly increased with an increase in
the gait speed (θTup and θTdown; p < 0.01 both, θPro and θSup; p < 0.02 and 0.04). Conversely, only
the supination angle at the initial contact changed significantly, owing to the tilt of the sole (p < 0.01).
Conclusion: Shoe movements were more strongly affected by gait speed than by sole adjustment.

Keywords: gait analysis; shoe-type motion sensor; gait speed; sole adjustment

1. Introduction

Individuals wear shoes for a significant amount of time. Hence, the evaluation of
walking in shoes is essential for understanding the different types of walking in various
environments. Previous studies reported differences between barefoot and shoe-wearing
gaits [1]. An increase in stride length [2] and a decrease in cadence [3] have been reported
when wearing shoes. Furthermore, an increase in the anteroposterior center of pressure
displacement has been reported [4]. The range of motion of the ankle joint is significantly
increased by wearing shoes [4], and differences in the plantar flexion moment [5] and the
propulsive ground reaction force [6] have also been observed. Shoes may increase the
forefoot stiffness by decreasing the spread of the forefoot and providing support against
the increased plantar flexion moment during the late stance phase. However, the effects of
the gait conditions on shoe movements remain unclear. Therefore, clarifying the kinematic
changes in gait conditions is needed for designing shoes in various environments.

Although various gait analysis methods have been reported, the simplest and easiest
method is the use of an accelerometer. In particular, lumbar-mounted accelerometers are
widely used for the quantification of gait [7]. Menz et al. [8] calculated the root mean square
range of motion values of acceleration data measured using a lumbar accelerometer to
evaluate the sway of the center of gravity. To show the periodicity of gait, Moe-Nilssen
et al. [9] calculated the similarity of the acceleration waveforms between each gait cycle.
Other methods that indicate the harmony and stationarity of gait, such as the harmonic
ratio [10] and entropy [11], have also been reported. Subsequently, lower leg-mounted
accelerometers were used to demonstrate gait events, such as heel contact, and the previous
study showed the gait instability using the variability of stride time [12].

A method for measuring foot movements using a foot-mounted accelerometer has
also been reported [13]. Previous studies have used the foot–floor angle (FFA), which is
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the angle between the foot and floor. FFAs in the sagittal plane are clinically important for
gait speed [14], slip accidents [15], and falls [16]. The pronation angle in the frontal plane
has been shown to be associated with low back pain [17] and injuries during running [18].
Although the characteristics of FFAs have been reported, the angle between the shoe and
floor (shoe–floor angle; SFA) has not been clear. Furthermore, it requires the sensors to be
placed inside the shoes to clarify the SFA directly.

In this study, the ORPHE, a shoe-type sensor with a built-in accelerometer, was used.
The validity of the method using this sensor was clarified in a previous study [19]. ORPHE
can directly measure and demonstrate the details of SFAs in real time. In this study, we
evaluated the changes in the parameters measured using this sensor under various gait
speed and sole adjustment conditions. The purpose of this study is to clarify the change in
the SFA due to gait speed and sole adjustment. We hypothesized that changes in gait speed
and shoe adjustment cause the change in the SFA in the sagittal plane and frontal plane,
respectively. The results of this study are expected to provide basic data for gait analyses in
diverse environments.

2. Materials and Methods

2.1. Participants

A total of 15 healthy young adults (11 males and 4 females) participated in the
study (mean ± standard deviation: age 27.3 ± 9.1 years; height 172.0 ± 8.0 cm; weight
67.9 ± 12.1 kg). The sample size was calculated by G*Power 3.1 (effect size was set at 0.5,
significance level at 5%, and power at 0.8) with reference to a previous study [20]. The
exclusion criteria were that they had been diagnosed with a musculoskeletal or neurological
disease within 2 months of the measurement and current treatment. Furthermore, the
inclusion criterion was the absence of pain or instability during walking. The participants
were faculty and students affiliated with medical universities who had a general standard
of physical activity without excessive or special training.

2.2. Procedure

Gait measurements were performed while the participants wore shoes (SHIBUYA 2.0,
ORPHE Inc., Tokyo, Japan) on a treadmill (AUTO RUNNER AR-200; MINATO MERDICAL
SCIENCE Co., Osaka, Japan). The shoe-type sensor ORPHE TRACK (ORPHE Inc., Tokyo,
Japan; size: 45 mm × 29 mm × 14 mm; weight: 20 g, sampling frequency: 200 Hz; Figure 1)
measured the three-axial accelerations and angular velocities using a built-in sensor. Shoe
sizes were selected from a range of 23 to 28 cm in 1 cm increments. Five walking conditions
were performed: two conditions of gait speed change, two conditions of change in sole
adjustments, and the normal condition. The treadmill was set at an inclined angle of 0◦,
and the walking speed for each condition was set before the measurement. The starting
speed was set to 0 km/h and was gradually increased until the set speed was reached after
a few seconds; after the set speed was reached, a constant speed was maintained. During
the measurements, the participants walked for 1 min under each condition, and the data
for the following 15 s were measured.

For the normal condition (Normal), the walking speed was set to 4 km/h; for the other
two conditions, the walking speed was set to 3 km/h (Slow) and 5 km/h (Fast). The average
speed during overground walking was 4.5–4.8 km/h [21]. However, a comfortable gait
speed on a treadmill has been reported to be slower than that of overground walking [22].
To examine changes in speed, the other two conditions were set to ±1 km/h from the
walking speed set for the Normal condition. For the sole adjustment condition, 2 cm wide
and 6 mm thick ethylene-vinyl acetate hard sponges were cut from the calcaneus to the
thenar and attached under the shoe insert with double-sided tape. In each condition, the
sponges were inserted in the medial (Medial) and lateral (Lateral) positions to lift one side
of the sole. Each condition was performed in a random order to minimize learning effects.
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Figure 1. (a) A sensor embedded in the shoe midsole; (b) shoes with the sensor.

2.3. Data Analysis

The data obtained were analyzed using ORPHE ANALYTICS (ORPHE Inc.) [19]. Euler
angles were calculated using a Madgwick filter [23] from the obtained acceleration and
angular velocity. The SFAs were demonstrated on the sagittal and frontal planes. Data
from five gait cycles were extracted and normalized to a 100% gait cycle, and the average
waveform was calculated. As shown in Figure 2, the angle of toe-up (θTup) and toe-down
(θTdown) in the sagittal plane, and the angle of supination (θSup) and pronation (θPro) in
the frontal plane were demonstrated.

Figure 2. Parameters of shoe–floor angle. These parameters demonstrate the angle between the
ground and shoe in the sagittal (a) or frontal plane (b) that were calculated through the sensor’s
anteroposterior or mediolateral axis and its projection vector to the horizontal plane. The angle of
toe-up (θTup) and toe-down (θTdown) in the sagittal plane, and the angle of supination (θSup) and
pronation (θPro) in the frontal plane were demonstrated.

For outcomes, θTup and θSup at the initial contact and the maximum θTdown and
θPro were extracted as the magnitude of the SFA relating to important events during
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gait. The waveform obtained was expressed as 100% for each gait cycle and standardized
across the participants. This approach enabled calculating the timing within the gait cycles,
and the timing of maximum θTdown and θPro were evaluated as the timing of the SFA.
The average and median values of parameters were calculated for each condition as a
representative value.

2.4. Statistical Analysis

Statistical analyses were performed using the SPSS software (version 28; IBM, Armonk,
NY, USA). The measured data were tested for normality using the Shapiro–Wilk test. The
test showed that some of the data were not normally distributed. Table 1 shows the average
and median value of parameters and the results of the Shapiro–Wilk test in each condition.
To compare the parameters using a consistent method, we used the Friedman test for all
parameters to examine the differences due to changes in gait speed and sole adjustment. In
addition, a post-hoc analysis with the Bonferroni correction was performed to compare the
conditions. The statistical significance was set at 5%.

Table 1. The average and median values of parameters among each condition and results of the
Shapiro–Wilk test.

Parameters Condition Average (SD) Median (IQR)
p-Value of

Shapiro–Wilk Test

θTup at Initial contact
Normal 21.4 (6.3) 23.3 (18.6–23.9) 0.49

Slow 17.3 (6.0) 18.8 (14.3–21.3) 0.54
Fast 25.3 (6.3) 25.4 (20.8–28.9) 0.97

Medial 21.4 (6.7) 24.0 (16.9–26.2) 0.10
Lateral 19.1 (5.9) 21.8 (15.5–22.9) 0.04 *

θSup at Initial contact
Normal 11.1 (4.2) 11.5 (7.7–13.8) 0.57

Slow 10.2 (3.7) 10.4 (7.6–12.9) 0.92
Fast 12.0 (4.3) 12.6 (8.2–14.5) 0.71

Medial 9.4 (3.5) 9.6 (6.5–11.9) 0.98
Lateral 12.6 (4.1) 11.6 (10.4–14.6) 0.20

Maximum θTdown
Normal 61.9 (5.1) 64.2 (56.5–65.8) 0.06

Slow 56.0 (5.1) 56.6 (52.2–59.4) 1.00
Fast 68.5 (4.0) 68.7 (66.0–71.8) 0.29

Medial 61.4 (3.9) 62.2 (58.5–64.2) 0.75
Lateral 60.9 (3.8) 58.9 (58.4–63.9) 0.09

Maximum θPro
Normal 14.2 (7.7) 11.3 (9.1–18.8) 0.33

Slow 11.2 (4.7) 9.2 (8.4–13.2) 0.02 *
Fast 17.1 (9.5) 15.3 (9.8–19.1) 0.04 *

Medial 12.5 (6.1) 11.4 (8.7–14.2) 0.21
Lateral 13.5 (7.9) 10.8 (7.7–18.8) 0.52

Timing of maximum θTdown
Normal 70.1 (2.0) 70 (68–71.5) 0.03 *

Slow 71.3 (1.4) 71 (70–72.5) 0.32
Fast 67.9 (1.8) 67 (67–69.5) 0.29

Medial 69.7 (1.8) 69 (68.5–70.5) 0.10
Lateral 69.8 (1.4) 70 (69–71) 0.45

Timing of maximum θPro
Normal 74.7 (4.9) 72 (71–76) <0.01 *

Slow 76.8 (3.4) 77 (74.5–78) 0.31
Fast 71.9 (3.9) 71 (69–73) 0.03 *

Medial 75.8 (4.1) 74 (73–77) 0.03 *
Lateral 75.3 (4.7) 75 (72–76.5) 0.12

SD: standard deviation. IQR: interquartile range. *: p < 0.05.
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Written informed consent was obtained from all the participants. This study was
approved by the Institutional Ethics Review Committee (PAZ21-31; 27 October 2021), and
measurements were obtained with the participants’ free and voluntary consent.

3. Results

The average angular changes during the five gait cycles are shown in Figure 3. And
the data of each participant are shown in Table S1.

 

Figure 3. Angle changes of each condition are shown. Each waveform was calculated by averaging
the angle change over five gait cycles. Angle change among speed conditions in the sagittal plane (a)
and frontal plane (c). Angle change among sole adjustment conditions in the sagittal plane (b) and
frontal plane (d). θTup indicates the angle in the dorsiflexion direction, and θTdown indicates the
angle in the plantarflexion direction with respect to the floor. (a,b) are shown with θTup as positive.
θPro indicates the angle in the eversion direction, and θSup indicates the angle in the inversion
direction with respect to the floor. (c,d) are shown with θPro as positive.

3.1. Change in Magnitude of SFA with Gait Speed

Figure 4 shows the changes in the magnitude of the SFA with changes in speed. In the
sagittal plane, the median θTup values at initial contact were 18.8◦, 23.3◦, and 25.4◦ in the
Slow (3 km/h), Normal (4 km/h), and Fast (5 km/h) speed, respectively, and a significant
effect of gait speed was found (p < 0.01). Significant differences were observed between
the Slow and Normal speed (p = 0.01) and the Slow and Fast speed (p < 0.01); however, no
significant difference between the Normal and Fast speed (p = 0.05) was noted.

The maximum θTdown values were 56.6◦, 64.2◦, and 68.7◦ under the Slow, Normal,
and Fast speed, respectively, indicating a significant increase at higher speed (p < 0.01).
Significant differences were observed between all speeds (Slow-Normal, p = 0.02; Normal-
Fast, p = 0.02; Slow-Fast, p < 0.01).

In the frontal plane, the θSup values at initial contact were 10.4◦, 11.5◦, and 12.6◦ for
the Slow, Normal, and Fast speed, respectively, and a significant effect of gait speed was
demonstrated (p = 0.04). However, a statistically significant difference was observed only
between the Slow and Fast speed (p = 0.03); there was no significant difference between the
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Slow and Normal (p = 0.60) or Normal and Fast speed (p = 0.60). Finally, the maximum θPro
values were 9.2◦, 11.3◦, and 15.3◦ for the Slow, Normal, and Fast speed, respectively, and a
significant effect of gait speed was found (p = 0.02). A statistically significant difference was
observed only between the Slow and Fast speed (p = 0.02), and no significant difference
was found between the Slow and Normal (p = 0.30) and Normal and Fast speed (p = 0.82).

Figure 4. Change in shoe–floor angle with gait speed. *: p < 0.05.

3.2. Change in Magnitude of SFA with Sole Adjustment

The changes in the magnitude of the SFA due to the lift of one side of the sole are
shown in Figure 5. A significant difference was observed only in the θSup at the initial
contact (p < 0.01). Specifically, the increase in the θSup values were 11.5◦, 9.6◦, and 11.6◦
for the Normal, Medial, and Lateral conditions, respectively. Significant differences were
observed only between the Medial and Lateral conditions (p < 0.01); however, there were
no significant differences between the Normal and Medial (p = 0.82) or Normal and Lateral
conditions (p = 0.08).

Figure 5. Change in shoe–floor angle with sole adjustment condition. *: p < 0.05.
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3.3. Change in Timing of SFA with Gait Speed and Sole Adjustment

The results for the timing of the SFA are listed in Table 2. The timing is expressed as a
percentage of the gait cycle with the gait cycle set as 100% (%gait cycle; %GC). The timing
of the maximum θTdown were 71% GC, 70% GC, and 67% GC for the Slow, Normal, and
Fast speed, respectively, and the timing significantly changed with gait speed (p < 0.01).
Significant differences were observed between the Normal and Fast speed (p < 0.01), and
between the Slow and Fast speed (p < 0.01).

Table 2. Change in timing of SFA with gait speed and sole adjustment.

% Gait Cycle
(% GC)

Normal Slow Fast Medial Lateral

Toe down 70 71 67 * 69 70
Pronation 72 77 71 * 74 75

The data are expressed as 100% for each gait cycle (% gait cycle; % GC). The timing of the maximum toe-down
and pronation were evaluated as timing of SFA. *: Significant difference compared with Normal.

The timing of maximum θPro were 77% GC, 72% GC, and 71% GC for the Slow,
Normal, and Fast speed, respectively, and the timing significantly changed as speed
increased (p < 0.01). Significant differences were observed between the Normal and Fast
speed (p = 0.02) and between the Slow and Fast speed (p < 0.01).

No significant difference was observed in the effect of the sole adjustment on the
timing of maximum θTdown and θPro (p = 0.35 and 0.19, respectively).

4. Discussion

The results of this study showed that a significant effect of gait speed was confirmed
for several parameters relating to the magnitude of the SFA. Changes of sole adjustment
affected only the supination angle at initial contact.

As shown in Figure 3, the shoe was grounded in the toe-up position, and the SFA
changed to a toe-down position during the late stance. Additionally, the shoe was grounded
in the supination position, in the loading response, it was in the intermediate position
owing to shoe stiffness, and finally, it exhibited a maximum pronation position with the
toe-off. Huang et al. [24] investigated the shoe–floor angle using a method similar to
our study. The average waveform shown in this previous study is consistent with the
waveform shown in this study (Figure 3), and the range of motion also shows similar
values between both figures. Therefore, it is considered that the measurement used in this
study is appropriate for indicating the shoe–floor angle.

The timing of the SFA demonstrated that the maximum pronation and toe-down
occurred simultaneously during the toe-off in the late stance phase. In this phase, the center
of pressure may move medially and forward from the heel because of the weight transfer
to the opposite lower limb. Hence, it is suggested that the shoe pronation in the late stance
phase is important for moving the center of foot pressure medially and guiding it to the
thenar region during toe-off.

For the angle in the sagittal plane, both the toe-up and toe-down angles significantly
increased with increasing gait speed. A previous study showed that dorsiflexion at the
loading response, plantar flexion at the toe-off, and pronation and supination angles
changed according to gait speed in the barefoot condition [20]. The results of this study
showed similar changes in the SFA. These changes in angle may have occurred because
of the increase in stride length. An increase in stride length may lead to an increase in the
plantar flexion moment related to an increase in the angle of the toe-down. In a previous
study, the foot angle in the late stance was related to forward propulsion [25]. An increase
in the plantar flexion moment and forward propulsion may assist the swinging of the
lower limb, resulting in a difference in the toe-up angle. A previous study showed that
the foot angle in the sagittal plane was more strongly related to gait speed than to gait
efficiency [14], which supports the results of this study. These results indicate that increased
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gait speed may expand the range of motion in the sagittal plane during fast walking. It is
suggested that the contact area is reduced at initial contact and the toe-off phase. Therefore,
higher balance ability and shoe flexibility may be needed for stability during fast walking.
Furthermore, the results of this study suggested that shoes may contact the floor surface at
the upper (proximal) positions of the toe and heel. When designing shoes for sports, it is
important to adjust the flexibility of the forefoot and heel areas, and the choice of materials
for the contact area with the floor.

Previous studies have reported changes in gait caused by sole adjustments in barefoot
conditions. A previous study reported a reduction in the supination angle caused by a
medial wedge insole [26]. Similarly, in this study, the supination angle tended to decrease
in the Medial condition and slightly increase in the Lateral condition compared to that
in the Normal condition, and a significant difference was found between the Medial and
Lateral conditions. These results suggest that a change in the supination angle occurred
to maintain a constant angle between the foot sole and floor surfaces. A previous study
also showed the compensatory change to adapt to road conditions and shoe materials
to prevent falls [27]. This result also suggested that the medial wedge insole may cause
the displacement of the center of pressure toward a lateral position. The lateral area of
the shoes needs to be robust and flexible. Furthermore, the results of this study showed
that the lift of the lateral side of the sole increased the supination angle, suggesting that
clinicians and designers should consider the possibility of an increased risk of inversion
sprains when adjusting the shape of the sole surface.

This study has some limitations. First, the age range of the participants was narrow.
The results may differ for older people and children because of differences in gait patterns
compared to that for adults. However, these results need to be verified in a variety of par-
ticipants, including patients and athletes. Second, the study was conducted in a laboratory
setting, and the measurements were performed on a treadmill. A previous study showed a
difference in gait between overground and treadmill walking [22]; therefore, future studies
are required to investigate overground walking under outdoor conditions. Third, the
relationship between the foot–floor angle and shoe–floor angle was not demonstrated. It is
not clear to what extent a sole adjustment induces pronation and supination of the foot.
To solve this problem, it is necessary to measure foot motion inside shoes during gait;
however, this is currently difficult owing to the limitations of the measurement equipment.
In the present study, the change in shoe movement was due to the gait conditions, but
the reason of the results was unclear. In future studies, it will be necessary to consider
a setting that allows simultaneous measurement of foot and shoe movements. Finally,
for clinical applications, it is necessary to clarify the relationship among data measured
using shoe-type sensors, motor function, and functional disorders. In the future, it will be
necessary to clarify the correlation between the shoe–floor angle and the parameters used
in medical and sports settings.

Shoe-type sensors do not require procedures such as attaching and fixing an accelerom-
eter, allowing for simple measurements. Accelerometers are widely used in laboratory
settings; however, in clinical settings, it is important to simplify the measurements to pro-
vide immediate feedback. The results of this study clarified the changes in the shoe–floor
angle, and we believe that it has the potential for use in several clinical settings. A previous
study showed that this sensor could be attached to commercially available shoes and to a
patient’s own shoes [19]. Thus, it may be possible to use this sensor repeatedly to adjust
trial products and to assess gait function. In particular, the results of this study indicate that
the contact area may differ depending on the walking speed and sole adjustment, which
is an important issue for shoemakers to consider when maintaining the robustness and
flexibility of shoes.

5. Conclusions

The results of this study demonstrated the SFA in response to changes in gait speed and
showed that compensatory changes occurred in response to changes in the sole adjustment.
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These results suggest that the magnitude of the SFA measured using ORPHE change
according to gait speed, and the indices in the frontal plane can be indicators that reflect
adaptive behavior. Shoe designers need to consider the change in the SFA to design
shoes to prevent injuries and ensure durability. Thus, designing shoes according to the
walking conditions is needed. Further studies are required to verify the SFA during various
movements and activities of daily living. It is important to note that the ORPHE has
potential as an assessment tool in gait analysis, shoemaking, and adjustment.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/biomechanics4040042/s1, Table S1: The data of each participant.
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Abstract: Background/Purpose: Fractal gait patterns have been shown to be modifiable, but the
extent to which they are retained and transferred to new contexts is relatively unknown. This study
aimed to close those gaps by enrolling participants (N = 23) in a seven-day fractal gait training
program. Methods: Building on related work, the fractal gait training occurred on a treadmill over a
10-min period. Before and after the treadmill training, each participant walked for 10 min overground
without the fractal stimulus used during training. The daily post-test was used to examine immediate
retention and transfer of the fractal gait patterns from the treadmill to overground. The pre-tests
in days 2–7 were used to examine the extent to which the fractal gait patterns from the preceding
day were retained 24 h later. Inertial measurement units were used to measure stride time so a
consistent measurement method could be employed in the treadmill and overground phases of the
study. Results: Our results showed that multiple days of treadmill training led to elevated fractal
patterns, indicating a positive training effect. However, the positive training effect observed on the
treadmill did not transfer to overground walking. Conclusions: Collectively, the data show that
fractal patterns in gait are modifiable across multiple days of training, but the transferability of these
patterns to new contexts needs to be further explored.

Keywords: gait; locomotion; mobility; fractal; inertial sensors

1. Introduction

It was observed nearly three decades ago that the natural variation from stride-to-
stride during steady-state gait is not random, but rather, exhibits a fractal pattern [1].
Follow-up work showed that task constraints [2–7], injury [8], aging across the lifespan [9,
10], and disease [9,11,12] can alter the fractal patterns. Beyond a quantitative observation,
it has been suggested that the nature of fractal patterns relate to gait adaptability [13]
and fall risk [14], an assertation that links back to the original implementation of fractal
pattern analysis in physiological systems [15,16]. The connection to adaptability has been
strengthened with the recent observation that fractal patterns—in particular, pink noise—
promote earlier coordination transitions in movement [17], reinforcing the postulate that
fractal patterns afford flexible movement options that can be adopted based on the needs
of the task.

With the acknowledgement that fractal gait patterns change after injury, aging, or
disease, and the postulate that they reflect a person’s ability to exhibit adaptive movement,
it stands to reason that enhancing fractal gait patterns in clinical populations could lead
to positive outcomes, such as a decline in fall risk [18]. One potential way to alter fractal
patterns in movement is to provide a fractal stimulus to which participants can synchronize
their movement. The theoretical framework for such an intervention was first articulated
by Dubois using a mathematical model of strong and weak anticipations [19] and further
expanded upon by West and colleagues with the complexity matching framework [20].
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This phenomenon was first demonstrated empirically in human movement data utilizing
a finger tapping paradigm [21]. In that study, Stephen and colleagues asked participants
to tap a key on the keyboard in synchrony with each flash on the screen in front of
them. The visual stimulus on the screen acted as a visual metronome, similar to the
rhythmic auditory stimulation (RAS) paradigm commonly used in rehabilitation where
an auditory metronome provides a cue to which a patient attempts to synchronize their
movements [22,23]. However, there is one very important distinction differentiating the
metronome used by Stephen and colleagues. Typical RAS paradigms utilize a consistent
time interval between the “beeps”, whereas the metronome used by Stephen and colleagues
utilized a variable time interval between the stimulus presentation, such that the variation
in time intervals exhibited a fractal structure. With this implementation, Stephen and
colleagues created a fractal metronome and postulated that participants would be able to
synchronize to the metronome, using the strong anticipation framework from Dubois as
their rationale. Their hypothesis was supported, and they showed that the fractal structure
of movement patterns could be influenced by a fractal metronome.

A logical extension of this work was to determine if similar synchronization behavior
occurred in gait. Some early studies employed a fractal auditory metronome to modify
fractal gait patterns [24,25]. Rhea et al. used a visual metronome to more closely replicate
and extend Stephen et al.’s work to gait [26]. Their study showed that fractal gait patterns
in young healthy adults could be either strengthened or weakened, depending on the
structure of the fractal visual stimulus. The observation that fractal gait patterns can
be modified using a fractal stimulus has since been replicated in various forms [27–33].
Moreover, it has been shown that the newly developed fractal gait patterns are retained—at
least in the short-term—after training [24,27,34].

While fractal gait training appears promising, it should be noted that the retention
characteristics of this type of training are relatively unknown. For example, 15 min of
training led to strengthened fractal gait patterns in the post-test immediately after the
training, but the strength of the patterns began to drop back down at the end of the
retention period (albeit still elevated relative to the pre-training fractal levels) [34]. In
patients with Parkinson’s disease, it was shown that fractal patterns could be altered
during training and 5 min afterwards, but more extended retention was not assessed [24].
In another study, four days of fractal gait training were shown to increase the strength of the
fractal gait patterns, but retention was not assessed [35]. Thus, the effect of multiple days
of fractal gait training on immediate and longer-term retention is unclear. Furthermore, it
is unknown whether fractal gait training on a treadmill transfers to overground walking,
which is important to know not only from a neuromotor control perspective, but from a
practical perspective in order to help identify the efficacy of this type of training for use
in rehabilitation settings. The incorporation of inertial measurement units (IMUs) in this
line of research is important, as they afford the possibility of a consistent data collection
method across treadmill and overground settings. Video-based motion capture is not a
good candidate for this line of research since typically hundreds of strides are necessary
to reliably calculate fractal gait patterns [36]. Such a volume is difficult to capture with
video-based motion capture, especially in overground gait in large areas, making IMUs a
stronger data collection candidate.

In summary, there is a long history of examining fractal gait patterns in the con-
text of injury [8], aging across the lifespan [9,10], and disease [9,11,12]. What has been
consistently shown is that fractal gait patterns change in these contexts. The extent to
which these changes have any functional meaning is still an empirical question. Some
have postulated that fractal patterns are related to fall risk and/or adaptability based on
empirical evidence [13,14,18,37,38]. However, these observations lack large sample sizes
with a variety of populations, which would provide stronger evidence for the connection
between fractal gait patterns and adaptability. Nevertheless, the empirical observations
showing that fractal gait patterns may be related to adaptability provide credence for the
exploration of pathways to positively alter the fractal gait pattern. It is important to show
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this proof-of-concept first in healthy populations to avoid burdening clinical populations
unnecessarily. Our study tackles this issue by exploring the extent to which fractal gait
patterns in healthy young adults are modifiable over a 7-day training period.

The purpose of this study was to determine the extent to which training to synchro-
nize stride timing to a fractal visual metronome while walking on a treadmill would
affect the adopted stride time variability pattern during overground locomotion. Two
hypotheses were tested: (1) participants would exhibit stronger coupling to the fractal
visual metronome with practice and (2) immediate retention (i.e., directly after training)
and longer-term retention (i.e., 24 h after training) would increase as a function of increased
practice.

2. Materials and Methods

2.1. Participants

A convenience sample of healthy young adults (N = 23; 22.0 ± 2.5 yrs; 172.7 ± 11.1 cm)
primarily consisting of students from the University of North Carolina at Greensboro
(UNCG) were enrolled in the study. Potential volunteers who were notified of the op-
portunity to participate via flyers in public locations, presentations in their courses by
a member of the study team, and via word of mouth. Participants self-reported to be
free of neuromuscular injuries or pathologies that might cause abnormal biomechanics
and had normal or corrected-to-normal vision. Study procedures were approved by the
Institutional Review Board (IRB) at the University of North Carolina at Greensboro (IRB
study number 15-0370).

2.2. Materials

Three IMUs from the APDM Mobility Lab Opal system (APDM, Inc., Portland, OR,
USA) were attached to the participants with elastic straps: two on top of each foot (center
on the front of the ankle) and one on the lumbar spine (centered at the base of the spine),
identical to the ADPM sensor placement in [39]. Stride time was extracted from the
acceleration and orientation time series recorded by the APDM sensors using APDM
Mobility Lab software version 2, which has been shown to provide valid measurement of
gait stride time [40–42]. Sensor data were collected at 128 Hz.

2.3. Procedures

Participants synchronized with a fractal visual metronome over seven consecutive
sessions separated by 24 h (±30 min). Within each session they completed a pre-test,
training, and post-test phases, each phase lasting 10 min. The pre-test phase consisted of
overground walking at preferred speed around a 62 m gymnasium track. The training
phase consisted of walking on a treadmill at individually determined preferred walking
speed while synchronizing left and right leg steps with the appearance of the corresponding
foot on display positioned on the treadmill panel directly in front of them (Figure 1; Apple
iPad, Cupertino, CA, USA). The timing of appearance of the right footprint was determined
by a strongly persistent fractal time series, as characterized by detrended fluctuation
analysis alpha (DFA α) of 0.98 (Figure 2), consistent with our previous research on fractal
gait training [26,34]. Fractal time series contained 500 data points bounded within 1.00–
1.35 s (1.17 ± 0.07 s). Left footprints appeared halfway through each right foot phase. The
post-test phase was identical to the pre-test. Participants were asked to maintain consistent
walking speed throughout the sessions.

Preferred treadmill walking speed was determined for each participant in the first
session using the following procedure: speed of the treadmill was increased from 0.5 m/s
in increments of 0.05 m/s until participant verbally indicated that a given speed was their
normal walking speed. The second estimate was started from the speed that was too fast
(2.0 m/s) and incrementally slowed until they verbally indicated that the speed was their
normal pace. If the two speeds were within 10% of each other, the average of the two
speeds was set as the preferred walking speed. If there was more than 10% difference in
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the speeds, participant completed the procedure again. All subjects self-selected a walking
speed within less than two attempts. This speed was used for all consequent treadmill
training sessions.

 

Figure 1. Schematic of the experimental setup. An iPad was placed on the treadmill that presented
a video of a left and right footprint that flashed at prescribed timing intervals exhibiting a fractal
structure. Participants were instructed to be at heel strike when the corresponding foot appeared.

 

Figure 2. Participants synchronized their heel strikes to the visual display presented to them. The
time between the appearance of the right heel strikes (panel (A)) was determined by the persistent
fractal time series presented in panel (B). Left foot strikes appeared at half-time between consecutive
right heel strikes. “R” represents when the right heel strike was prescribed to occur, whereas “L”
represents when the left heel strike was prescribed to occur.

2.4. Data Analysis

Adaptive Fractal Analysis (AFA) [43–45] was used to characterize serial correlations
in the stride interval time series produced by right foot heel strikes. This method is more
accurate than the DFA for short signals [46] and when signals have nonlinear trends [43,45].
A full tutorial on AFA has been previously published [47]. Briefly, AFA uses the following
steps: (1) integrate the time series; (2) generate a globally smooth trend signal to the
integrated time series by patching together local polynomial fits to the data at a time scale
determined by the selected window size (w); (3) calculate variance of the data around the
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polynomial trend (termed fluctuation function, F(w)); (4) examine the relationship between
the F(w) as function of w on a log-log plot. The slope of the linear relationship between
log2 (F(w)) and log2 (w) provides a characterization of the serial correlations in the time
series: α = 0.5 indicates random noise, 0 < α < 0.5—anti-persistent dynamics, 0.5 < α < 1—
persistent dynamics. When α values are greater than 1, this indicates a different class of
signals: Brownian noise processes (1 < α < 1.5—under-diffusive random walk, α = 1.5—
random walk, 1.5 < α < 2—hyper-diffusive random walk.

We estimated the scaling exponent α within two regions similarly to Marmelat
et al. [31]: a short-term region (αST) spanning window sizes from 5 to 9 strides and
long-term region (αLT) spanning from 13 to 183 strides. The rationale for choosing these
regions was that participants have been reported to synchronize to unpredictable fractal
signals only on long-term scales (termed “complexity matching”), even without being able
to synchronize on the short stride-by-stride scale. The increase in global coupling over
practice is illustrated for a single subject in Figure 3. All analyses were performed in Matlab
2017a (Mathworks, Natick, MA, USA).

Figure 3. Illustration of increased global coupling during fractal gait training on the treadmill between
the right heel stride time (blue) and the fractal metronome (red) as indexed by the long-term scaling
exponent (αLT) from day 1 (panel (A)) to day 7 (panel (B)). The short-term scaling exponent (αST,
red circles in log-log plot) stayed consistent across the seven days of fractal gait training, whereas the
long-term scaling exponent (αLT, blue circles in log-log plot) shifted toward more persistent behavior.

2.5. Statistical Analysis

Linear mixed models (LMM) were used to evaluate the effects of metronome training
on gait performance. An LLM approach was better suited for our study design relative to
a typical repeated measures analysis of variance (ANOVA) approach for several reasons.
First, an ANOVA assumes data normality, homogeneity, and sphericity, all of which can be
particularly challenging with longitudinal datasets. The LLM approach allows for different
variances across levels or groups, affording greater flexibility to model the data. Regarding
sphericity, an ANOVA assumes that variance is equal between the combinations of levels or
groups, whereas LLM does not have this assumption and can model the covariance in the
data. Lastly, LLM can model individual difference trajectories over time, which is important
for longitudinal study designs. The LLM analysis for our study design led to the modeling
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of an estimated marginal mean at each session (day) and condition (pre-test, training,
post-test), which afford the comparison of across the longitudinal analysis. Collectively, the
flexibility and robustness afforded by an LLM approach was optimal for our longitudinal
study design.

To address Hypothesis 1, we examined change of αST and αLT during the synchro-
nization phase over 7 sessions. The null model was compared to the model with the main
effect of session to evaluate statistical significance (alpha = 0.05). To address Hypothesis 2,
we used LMM with Condition (pre- and post-test) and Session (1 through 7) on αST and
αLT. The main effects and the interaction were evaluated by comparing LMM with and
without these effects. All statistical analyses were performed in R version 3.3.3 using the
lme4 toolbox.

3. Results

3.1. Hypothesis 1: Participants Exhibit Stronger Coupling to the Fractal Visual Metronome
with Practice

Participants successfully modified their gait dynamics to synchronize with the fractal
metronome, as both αST and αLT were greater during the synchronization phase compared
to pre- and post-test (Figure 4). However, upon visual inspection of individual data, we
identified four participants (S1, S5, S8, and S11) who were not able to synchronize to the
metronome—they did not match the period of the metronome and thus did not follow task
instruction. Their data were excluded from further analyses.

Local coupling between right leg stride time and fractal visual metronome during
synchronization phase did not change with practice as indicated by constant αST over the
seven practice sessions (p > 0.05; Figure 4A). Values of αST were greater than 1, indicating
strongly persistent under-diffusive Brownian motion dynamics of stride time on short-term
time scales. Global coupling of stride time to the metronome, however, became stronger
with practice as indicated by an increase in the αLT toward to the exponent prescribed by
the metronome (p < 0.001; Figure 4B).

 

Figure 4. Illustration of increased global coupling of right heel stride time during treadmill trials
(blue) to the fractal metronome (red) as indexed by the long-term scaling exponent from Session 1 to
Session 7. Error bars represent standard error. The short-term scaling exponent (αST) is presented in
panel (A) and the long-term scaling exponent (αLT) is presented in panel (B).

3.2. Hypothesis 2: Immediate Retention (i.e., Directly After Training) and Longer-Term Retention
(i.e., 24 h After Training) Would Increase as a Function of Increased Practice

There was an immediate effect of metronome synchronization treadmill training on
short-term dynamics of stride time during overground walking, such that αST became
smaller in the post-test phase compared to the pre-test phase (p < 0.001; Figure 4A). This
suggests that the short-term dynamics of stride time became more random immediately
after metronome training. However, metronome training on the treadmill did not alter
the long-term scaling exponent during overground locomotion, as there was no statistical
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difference between the pre- and post-test long-term scaling exponent in all testing sessions
(Figure 4B).

4. Discussion

The purpose of this study was to determine the extent to which training to synchronize
stride timing to a fractal visual metronome while walking on a treadmill would affect the
adopted stride time fractal pattern during overground gait. To our knowledge, this is the
first study to explore fractal gait training across multiple days that also included a transfer
test to overground. Our most impactful finding was that multiple days of treadmill training
led to elevated fractal patterns in the long-term region, indicating a positive training effect.
However, the effect of positive training that was observed on the treadmill did not transfer
to overground walking.

Our first hypothesis was partially supported with the observation that both the local
coupling (αST) and global coupling (αLT) were elevated during the treadmill training.
However, the local coupling did not increase across days, whereas the global coupling
exhibited a relatively linear increase across days. These data provide support for the com-
plexity matching framework, such that the one system attempts to synchronize with the
global dynamics exhibited by a connected system [20]. Our data replicate and extend the
findings from Uchitomi et al. where they showed a positive training effect from synchroniz-
ing to a fractal metronome over four training sessions on consecutive days [35]. Our seven
consecutive day study design shows that the linear increase in fractal patterns can continue
beyond the initial four-day period tested by Uchitomi and colleagues. Furthermore, our
results align with a study showing that higher dosage of training positively effects the
enhancement of movement patterns [48].

An important extension of our work is the separation of short- and long-term regions
in the AFA analysis, consistent with the approach taken by Marmelat et al. [31], whereas
Uchitomi et al. utilized a single region for their DFA analysis. By utilizing short- and
long-term regions, we were able to identify differentiating effects of the training. That is,
the short-term region was elevated—indicating a response to the fractal training—but the
response was not strengthened (or weakened) across the training days. Conversely, the
long-term region showed a consistent increase across days, highlighting a dose response
training effect. It is important to note that Uchitomi et al. used DFA to characterize
fractal gait patterns in their study. While DFA has a long history of being utilized in this
context [1,2,49], its challenges with short signals [46] and nonlinear trends [43,45] have
been identified. Our use of AFA, an analysis with a similar mathematical foundation as
DFA, prohibits a direct comparison to Uchitomi et al., but does provide a deeper dive into
effects from fractal gait training.

For the second hypothesis, the results show that there was no immediate retention
or 24-h retention of the fractal gait behavior adopted during the training phase. This is
inconsistent with previous work that showed immediate retention when the participant
stayed on the treadmill during the post-testing phase [34]. The current study was designed
to extend the previous study by examining retention during a transfer test. Thus, immediate
retention was tested by having the participants walk overground directly after the treadmill
training, whereas longer-term retention was assessed 24 h later via the overground walking
pre-test that preceded that day’s fractal gait training on the treadmill. The lack of retention
and transfer on the same day suggests context dependence with respect to the training.
The gait behavior learned during the training phase on the treadmill was not extended to
overground walking. This was not completely surprising, as previous work has shown
that spatiotemporal gait parameters can differ between treadmill and overground walking,
especially with respect to gait variability [50,51]. The reasons for these differences may
be contextual. For example, a treadmill provides a smaller ground reaction force than
overground gait [52]. A smaller ground reaction force may lead to less salient feedback
about foot position during the gait cycle, so a task learned on the treadmill may not be
transferred to overground gait due to different ground reaction force profiles. Furthermore,
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the continuous belt of the treadmill propagates a movement that is outside of the body. The
treadmill will not stop even if the subject does. This continuous movement may cause a
sensory difference between the two conditions. The self-selected gait speed may have been
different enough during overground gait to contaminate any learning that occurred on
the treadmill. Previous work has shown that DFA α of stride time intervals changes with
different gait speeds [4], so not precisely controlling for different walking speeds on the
treadmill and overground may have influenced our results.

A unique contribution made by our study design was to explore the transferability
of fractal patterns learned during a training session, which had not yet been empirically
explored. Building on the growing literature of fractal gait training [24–33] and retention
of the newly developed fractal patterns [24,27,34], exploring the extent to which treadmill
training (which is conducive to clinical/rehabilitation programs) is transferred to over-
ground gait (which aligns with activities of daily living) was a logical next step. Our data
shows that the training paradigm can lead to stronger fractal patterns, but those patterns
may be contextual and/or environmentally dependent. From a practical perspective, our
data suggest that fractal gait training on a treadmill may not a plausible mechanism for
altering fractal gait characteristics overground. Future studies should extend the previous
fractal gait training work in overground contexts by adding a multi-day training compo-
nent to explore the retention of the newly developed gait patterns in short- and longer-term
durations. Furthermore, future studies should empirically test the extent to which fractal
gait patterns relate to adaptability, such as recovery from a trip to avoid a fall. Such infor-
mation would more firmly ground fractal gait training as a plausible addition to clinical
rehabilitation. The continued adoption of IMUs in this context will afford the testing of
fractal gait training across a variety of overground environments.

5. Conclusions

This study showed a dose response effect for fractal gait training across a seven-day
period with respect to the global coupling to the metronome, the first observation of its
kind. Although a stronger fractal pattern was observed during training across the days,
transfer of the new pattern to overground gait was not observed. The innovation of our
study design was the deployment of a fractal gait training paradigm over a seven-day
period, with the limitation that only young healthy adults were enrolled. Future studies
should focus on deploying fractal gait training in an overground environment, enrolling a
wider spectrum of participants to measure generalizability, and develop study designs to
empirically test the relationship between fractal gait patterns and adaptability. Collectively,
the data show that fractal patterns in gait are modifiable, but the transferability of these
patterns to new contexts needs to be further explored.
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Abstract: This study aimed to validate the effectiveness of the Articulation Motion Assess-
ment System (AMAS), a joint kinematic evaluation system, for clinical applications. AMAS
enables synchronised measurement using neurophysiological indicators, overcoming labo-
ratory setting limitations. We compared AMAS-based ankle joint kinematic evaluations,
particularly the sagittal and frontal plane angles, with two-dimensional (2D) motion analy-
sis to determine the validity and reliability of AMAS. Both AMAS and 2D motion analysis
reliably detected significant differences in angles within the sagittal and frontal planes.
Correlation analysis revealed a significant moderate-to-strong correlation between the
AMAS and the conventional method of 2D motion analysis, proving the measurement
validity of the AMAS (ρ = 0.53–0.77 for sagittal plane angles; ρ = 0.46–0.72 for frontal plane
angles). The average root mean squared error (RMSE) was significantly lower in AMAS
(10.90 ± 2.93◦ for sagittal plane angles; 13.44 ± 1.09◦ for frontal plane angles) than in the
inertial sensor-based three-dimensional (3D) motion analysis. Reliability analysis revealed
high reliability of measurements (intraclass correlation coefficients (ICC) ≥ 0.76). However,
the Bland–Altman analysis identified a slightly lower fixed bias, which was observed as
a characteristic of each measurement system. The AMAS accurately detects ankle joint
angles without being constrained by measurement environment limitations. Synchronised
measurements using neurophysiological indicators potentially contribute to understanding
ankle joint control mechanisms and developing rehabilitation strategies.

Keywords: ankle motion; rotary encoder; multiple system; novel system; motion analysis

1. Introduction

Human walking is a uniquely acquired upright bipedal gait used to complete daily
activities [1]. Walking maintains functional independence [2] and quality of life [3]. Typical
clinical evaluation indexes of gait performance include gait speed, which is affected by gait
pattern [4,5]. The control of the ankle joint is essential in regulating changes in walking
speed by altering the gait pattern; however, age-related neurodegeneration interferes with
this motor control, causing motor impairments and other neurological symptoms [6–8].
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Therefore, assessing ankle joint control is crucial for rehabilitation, including attaining or
restoring walking ability. The ankle joint control coordinates the relative timing of ankle
joint torque exertion and angular displacement during changes in walking velocity [9]. It
encompasses the multifaceted elements of the so-called movement in kinematics and its
underlying neural mechanisms in neurophysiology. This results in numerous degrees of
freedom due to anatomical, biomechanical, and neurophysiological redundancies within
the interaction between the body and environment [10,11]. However, evaluating ankle joint
control has been limited to one aspect of biomechanics [12,13] and neurophysiology [14]
using electroencephalography and electromyography. Therefore, analysing the motor
control of the ankle joint should include correlating neural activity with motor behaviour
to understand the precise objectives of the central nervous system and the mechanisms
by which it modulates the final output of motor actions [15,16]. Therefore, motor control
should be comprehensively understood based on a unified theoretical framework [17].

Muscle synergies [18] involve the cooperative activities of multiple muscles and de-
grading and controlling movement. Additionally, neuromuscular control of the lower
extremity by the upper motor centre (hereafter referred to as ‘lower-extremity muscle
control’) [19] interacts with the body and the environment and influences muscle synergies.
Understanding that lower-extremity muscle is being controlled by a nervous system-
based motor control mechanism [20,21] will help clarify the neural mechanisms of move-
ment disorders to capture the control mechanisms of various motor components [22–24].
Cortical–muscular coherence, a neurophysiological index for capturing neural mechanisms
in lower-extremity muscle control, correlates brain activity with muscle activity [19]. It is a
biomarker for movement disorders used in rehabilitation therapy [25]. However, in clinical
application, cortical–muscular coherence on the affected side must be classified accurately
by determining its relationship to movements hampered by ageing or disability to better
understand its impact on movement disorders [26]. Therefore, neurorehabilitation for ankle
joint control warrants elucidating human walking ability using the neurophysiological
indices of lower-extremity muscle control. Due to its anatomical structure, ankle motion
is a simultaneous and complex multi-axis movement [27], with significant individual dif-
ferences and some even result in altered motion on the forefoot plane [28,29]. Therefore,
we hypothesised that a new lower-extremity muscle control evaluation method combin-
ing kinematic and neurophysiological indices may capture ankle joint control, which is
essential for gait.

This hypothesis requires measurements of synchronous joint motion, muscular activ-
ity, and brain activity. Therefore, a new system is necessary to measure ankle joint control
kinematic and conventional neurophysiological indices and determine the relationship
between each index. Electroencephalography (EEG) and electromyography (EMG) use non-
invasive scalp or skin electrodes for neurophysiological analysis, which can be monitored
remotely [30]. A 3D motion analysis using optical motion capture with markers is the gold
standard for the kinematic analysis of walking and lower limb motion [31], despite the 3D
motion analysis being expensive, requiring dedicated space [32], being time-consuming,
and highly dependent on the evaluator’s skill and experience. Since it involves manually
identifying specific anatomical indicators captured by multiple videos [33], the measure-
ment technique, environment, specifications, and number of cameras affect the accuracy of
joint angle measurements [34]. A 2D motion analysis, which shows moderate correlation
and high concordance with a 3D motion analysis [35], can help identify kinematics [36]
and is used in foot kinematic analysis [37]. However, capturing optical motions using these
markers requires video cameras and a restricted measurement environment.

84



Biomechanics 2025, 5, 2

Inertial sensor-based 3D motion analysers offer a simple method for outdoor measure-
ment without a video camera. However, they have measurement errors due to magnetic
field effects [38,39]. A measurement method without magnetic sensors has been proposed;
however, the magnetic sensor information is required during initial calibration [40] with
an environment free from magnetic field effects. Therefore, establishing an evaluation
method integrating kinematic and neurophysiological indices remains challenging in terms
of convenience and versatility in clinical applications.

We developed a rotary encoder-based ankle joint angle measurement system and an
articulation motion assessment system (AMAS) to address the aforementioned clinical
problems. This rotary encoder converts the mechanical displacement of rotation into
an electrical signal and processes it to detect position, speed, and angle. It measures
motor displacement in patients with Parkinson’s [41] and in wearable exoskeleton robots
supporting human movement [42]. Without video cameras or magnetic sensors, this system
analyses the kinematics of dorsiflexion, plantar flexion, inversion, and eversion of the ankle.
Additionally, AMAS synchronises with existing bio-signal processing devices that capture
neurophysiological indicators, such as EEG and EMG. Synchronised ankle kinematic and
neurophysiological analysis facilitates exploring the indices of these functional couplings
for motor control. This enables elucidating mechanisms of ankle joint control, which is
essential for walking.

This study aimed to establish the ankle motion task as a simple method of motion
analysis using the newly developed AMAS and confirmed the validity and reliability of
this system via a comparative validation with existing evaluations.

2. Materials and Methods

2.1. Participants

This study included 14 participants (12 men and two women; age 22 ± 1 years;
height 1.70 ± 0.06 m; weight 65.07 ± 14.81 kg) enrolled between December 2022 and
February 2023. The inclusion criteria were an absence of cognitive problems, motor sensory
dysfunction in the lower extremities, and visual impairment. Fourteen healthy adults
(twelve males and two females) participated in and completed the entire study. This study
was explained verbally and in writing, and the participants provided written informed
consent before participating. This study was approved by the Research Ethics Committee
of Kyoto Tachibana University (Approval No. 22-13) and conducted in accordance with the
Declaration of Helsinki.

2.2. Protocol

Each measurement device was attached to the participant before any measurements
were collected (Figure 1a). This study used AMAS, Inertial Measurement Unit (IMU), and a
2D motion analysis to measure voluntary movements in the sagittal and frontal plane of the
ankle joint. Voluntary movements often face redundancy issues [11], making it challenging
to capture motor control due to the many degrees of freedom involved, especially in free
and coarse movements [43,44]. Analytical methods have been employed to minimise these
degrees of freedom and constrain the analysis to a single plane in two dimensions [45–47].
A 2D motion analysis is a widely used technique in clinical practice as an alternative to a 3D
motion analysis, a costly and environmentally restricted technique [35–37]. It is also suitable
for validation because it increases the measurement’s simplicity and reproducibility by
limiting it to a single plane [48]. The present study was designed to compare the developed
AMAS with the IMU, which has been used in recent years, using a 2D motion analysis as a
reference and an alternative method in biomechanics and rehabilitation.
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Figure 1. Experimental view. Video cameras were set up to capture the participant’s right foot from
the side, front, and rear, along with the synchro light (a). An actual magnified image is shown in (b).
The AMAS and IMU are attached to the right lower extremity with a belt, and nine reflective markers
are attached to the designated anatomical landmarks using double-sided tape.

All the tasks were performed with the participant sitting on a chair with a backrest one
step above the floor. The measurement tasks consisted of automatic voluntary movements
of dorsiflexion, plantar flexion, inversion, and eversion of the ankle on one side. They were
performed in two ranges of motion, the maximum range of motion and the mild range of
motion, according to the participant’s subjective judgement. For each automatic voluntary
movement, the following conditions were assigned according to the participant’s subjective
movement speed: ‘movement at a comfortable speed’ and ‘movement at a slow speed’.
These conditions were set to verify whether it was possible to measure a wide range of
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participants with mild to severe disabilities since the range of joint motion was assumed to
be smaller and patients with motor dysfunction exhibited slow movement. Each participant
was required to complete five consecutive measurement tasks. The measurement task
sequence was randomised using a random number table. Each measuring device was
calibrated simultaneously in the midfoot position. Only the heel is in contact with the
floor, while the area distal to the heel is raised off the ground to maintain freedom of ankle
motion. Because biomechanical and neurophysiological studies have shown that ankle
motion was not lateralised [49,50], the kicking foot was determined to be the dominant
foot and was used as the measurement limb. All the participants’ dominant feet were
determined to be the right foot. Measurements were taken using a video camera. The
centre of the video camera lens was aligned to the centre of the foot; therefore, the height
was adjusted using a tripod, and the camera was positioned 1 cm from the front and rear
and 1 m from the right side.

The synchro light at the start of the IMU measurement and sensor mat light input to
the AMAS were used to synchronise the data. The data’s starting point was then temporally
synchronised by the sensor mat signal input after initiating the AMAS measurement, and
the video camera captured the sensor mat light. Synchronously measured data were
corrected to align the data points, where time-series data of joint angles were recorded over
five consecutive trials. All data acquired were used in this analysis, corrected for the 50 Hz
sampling rate.

2.3. Instrumentation

An AMAS, reflective marker, and IMU sensor were attached to one of the participant’s
legs (Figure 1b).

2.3.1. AMAS

This joint angle measurement device simultaneously measures the plantarflex-
ion/dorsiflexion and inversion/eversion angles during ankle joint motion and consists of
an ankle joint orthosis, controller, and operation application (Figure 2a).

The ankle joint unit (Figure 2b) comprises two units with a built-in rotary encoder
(manufactured by Supertech Electronic, Rixin Street, Chiayi City, Taiwan). One unit was
attached to the outer lower leg, which served as the fundamental axis, and the other unit
was attached to the dorsal foot (metatarsal head), which served as the moving axis.

A pipe connects both units, and plantar dorsiflexion movement is transmitted to the
basic axis-side unit via the connecting pipe, causing the rotary encoder to rotate. Simi-
larly, the basic shaft-side unit supported the connecting pipe, and the inversion/eversion
motion of the ankle was transmitted to the rotary encoder of the mobile shaft-side unit.
The controller transmits the signal from the rotary encoder, resulting in ankle motion, to
the application (tablet). The application converts the signals into angles and displays the
changes in plantarflexion/dorsiflexion and inversion/eversion angles in real time. The
angle data were saved as a CSV file. The system simultaneously extracts the dorsiflex-
ion/plantarflexion and inversion/eversion angles (degrees) of the ankle. The sampling
rate was 50 Hz.
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Figure 2. Configuration of the AMAS. The AMAS comprises three components: a foot orthosis, a
controller wirelessly connected to the operating application, and foot orthosis (a). The foot orthosis
measures the angles of the sagittal and frontal planes of the foot using a unit incorporating a rotary
encoder on the basic axis and moving axis side (b).

2.3.2. A 2D Motion Analysis

The reference motion capture was performed using the free 2D motion analysis soft-
ware Image J Version 1.54h (NIH, Bethesda, MD, USA) for a 2D motion analysis with
reflective markers. The following nine anatomical landmarks were selected according to
previous studies: fibular head; tibial tuberosity; posterior medial surface of the lower leg;
medial anterior surface of the medial and lateral phalanges; lateral malleolus; first and fifth
metatarsal heads; posterior calcaneus (CAL); and, directly above that, CAL [51]. Reflective
markers were attached to the skin using double-sided tape at selected landmarks. Two
30 bits per second digital high-definition video cameras (Panasonic, Tokyo, Japan) were
used to capture images from the anterior and posterior sides for the frontal plane task and
the right lateral side for the sagittal plane task during the measurement task. The video
captured by the video camera was clipped at 30 Hz using the free video playback software
GOM Player 2.3.104.5374 (Gretech, Soul, Korea). Each data point was then extracted and
corrected every 0.14 s. The captured data were used to calculate joint angles from 2D coor-
dinates using the free 2D motion analysis software ImageJ. The dorsiflexion/plantarflexion
angle of the ankle in the sagittal plane is the angle between the straight line connecting
the fibular head and external capsule and the straight line connecting the fifth metatarsal
head and external capsule. The inversion/eversion angle of the ankle viewed from the
anterior is the angle between the lower leg axis consisting of the centre of the medial and
lateral phalanges and the tibial coarse surface and the plantar axis consisting of the first and
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fifth metatarsal heads, based on the ‘Methods for Indication and Measurement of Range of
Motion of Joints’. The angle of inversion/eversion of the ankle viewed from the posterior
is the angle between the line passing from the centre of the lower leg through the centre of
the Achilles tendon and the line connecting the two markers at the rear of the heel.

The joint angles (degrees) were extracted from the 2D motion analysis of sagittal plane
videos, with the dorsiflexion direction being positive and the plantar flexion direction being
negative. The joint angles (degrees) were extracted from the 2D motion analysis of the
frontal plane video, with the inversion direction being positive and the eversion direction
being negative.

2.3.3. Inertial Measurement Unit (IMU)

Two MyoMotion sensors (Noraxon USA Inc., Scottsdale, AZ, USA) were used as IMU.
The tibial sensor was wrapped around the lower leg using an attached belt, and the dorsal
foot sensor was attached to double-sided tape. The sampling rate was 100 Hz.

From the IMU, dorsiflexion/plantarflexion and the ankle’s internal/external return
angles (degrees) were extracted using sensors placed across the ankle joint.

2.4. Data Analysis

The statistical software SPSS (version 27.0; IBM Corporation, Armonk, NY, USA)
was used for statistical analysis, where the p-value was set at 5%. Corresponding t-tests
were used to determine the time (s) difference between comfortable and slow conditions
in the measurement task. All data were subjected to the Kolmogorov–Smirnov test of
normality. The feature extraction of the AMAS, the regression model’s performance, and
the measurement method’s reliability and agreement were statistically validated [52]. For
assessing validity, comparisons between conditions were performed using the mean angles
measured by each system and analysed with paired t-tests. In addition, the correlation
coefficients between the AMAS and IMU were calculated from the time-series data of joint
angles of the 2D motion analysis. Root mean squared error (RMSE) (1) was calculated as
the performance index of the regression model using Equation (1) [53]:

RMSE =

√
∑(X(t)− Y(t))2

n
(1)

X is the joint angle measured by the 2D motion analysis as the reference value, and
Y is calculated by substituting the measured joint angle by AMAS or IMU, squaring the
difference for n data and taking the square root.

The maximum value of each of the five repeatedly extracted angular data was used
to evaluate reliability. A two-way mixed model by a single ICC examiner was used [54].
Bland–Altman analysis was performed to confirm the presence of systematic errors in
the overall data to evaluate the agreement between the measurement methods and the
characteristics of the measurement methods using the margin of error (LOA) (2) [55].

LOA =
1
n ∑n

𝒾=1 d𝒾 ± 1.96 ×
√

1
n − 1 ∑n

𝒾=1

(
d𝒾 − d

)2
(2)

3. Results

The time taken for each condition in the measurement task was 9.22 ± 2.99 s
(AVE ± SD) in the comfortable condition and 13.64 ± 6.60 s (AVE ± SD) in the slow
condition, with a significant difference (t = −8.28, p < 0.001) and 95% confidence interval
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(CI): ([−5.49) to [−3.35]). It was confirmed that the joint angle data per measurement task
extracted by each measuring device were non-normal using a normality test (p < 0.01).

3.1. Validity
3.1.1. Comparisons Between Conditions

In the sagittal plane angles, the comparison between the maximum and mild condi-
tions revealed significant differences across all systems: a 2D motion analysis (t(13) = 9.523,
p < 0.001); AMAS (t(13) = 10.498, p < 0.001); and IMU (t(13) = 2.708, p = 0.018). In contrast,
for subjective motor speed, significant differences were found in a 2D motion analysis
(t(13) = 4.142, p = 0.001) and AMAS (t(13) = 5.287, p < 0.001), but not in IMU (t(13) = 1.758,
p = 0.102).

In the frontal plane angles, the comparison between the maximum and mild condi-
tions showed significant differences in the 2D motion analysis performed from the front
(t(13) = 6.597, p < 0.001), the 2D motion analysis performed from the back (t(13) = 4.661,
p < 0.001), and AMAS (t(13) = 6.166, p < 0.001). However, no significant differences were
observed in IMU (t(13) = 2.076, p = 0.058). In contrast, for subjective motor speed, signifi-
cant differences were observed only in the 2D motion analysis performed from the back
(t(13) = 2.816, p = 0.015). No significant differences were observed in the 2D motion analysis
performed from the front (t(13) = 0.189, p = 0.853), AMAS (t(13) = −1.139, p = 0.275), or
IMU (t(13) = 1.440, p = 0.173).

3.1.2. Criterion Validity

Spearman’s correlation analysis was used to compute the correlation coefficients
between the 2D motion analysis, AMAS, and IMU. In the sagittal plane angle, the correlation
coefficient for the AMAS was ρ = 0.45 to 0.72 (Table 1). In the frontal plane angle, the
correlation coefficient with the 2D motion analysis performed from the front was ρ = 0.39
to 0.72 (Table 2), and that with the 2D motion analysis performed from behind was ρ =
−0.05 to 0.52 (Table 3). The correlation coefficient with the 2D motion analyses performed
from the sagittal and front indicated a more than moderate correlation, while those with
the 2D motion analysis from behind indicated a low correlation.

Table 1. Spearman’s correlation coefficients and RMSE values between systems for sagittal.

Subjective Motor Speed

Comfortable Slow

Activity Conditions System ρ RMSE ρ RMSE ρ RMSE

Dorsiflexion

maximum
AMAS 0.69 ** 9.22 0.65 ** 9.47 0.72 ** 9.04

IMU 0.44 ** 17.3 0.41 ** 22.23 0.47 ** 12.73

mild
AMAS 0.54 ** 7.29 0.50 ** 7.35 0.58 ** 7.25

IMU 0.35 ** 10.19 0.28 ** 10.02 0.40 ** 10.31

Plantarflexion

maximum
AMAS 0.53 ** 16.23 0.66 ** 14.32 0.45 ** 17.33

IMU 0.47 ** 21.26 0.38 ** 22.34 0.54 ** 20.55

mild
AMAS 0.53 ** 9.95 0.59 ** 9.97 0.48 ** 9.94

IMU 0.16 ** 19.66 0.17 ** 17.12 0.16 ** 21.23
** p < 0.01.
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Table 2. Spearman’s correlation coefficients and RMSE values between systems for 2D motion
analysis viewed from the front.

Subjective Motor Speed

Comfortable Slow

Activity Conditions System ρ RMSE ρ RMSE ρ RMSE

Inversion maximum AMAS 0.69 ** 14.49 0.72 ** 14.64 0.68 ** 14.38
IMU 0.02 28.82 −0.08 * 27.94 0.08 ** 29.42

mild AMAS 0.55 ** 13.11 0.63 ** 12.29 0.49 ** 13.63
IMU 0.03 28.43 −0.07 * 29.78 0.10 ** 27.49

Eversion maximum AMAS 0.46 ** 14.74 0.39 ** 15.29 0.52 ** 14.31
IMU 0.01 35.7 0.01 38.23 0 33.72

mild AMAS 0.50 ** 11.19 0.55 ** 11.15 0.46 ** 11.22
IMU −0.06 * 34.96 −0.02 41.86 −0.07 * 28.77

* p < 0.05, ** p < 0.01.

Table 3. Spearman’s correlation coefficients and RMSE values between systems for 2D motion
analysis viewed from behind.

Subjective Motor Speed

Comfortable Slow

Activity Conditions System ρ RMSE ρ RMSE ρ RMSE

Inversion maximum AMAS 0.48 ** 17.46 0.50 ** 17.8 0.48 ** 17.22
IMU 0.18 ** 24.69 0.19 ** 22.44 0.18 ** 26.16

mild AMAS 0.49 ** 12.89 0.52 ** 12.75 0.49 ** 12.98
IMU 0.31 ** 26.32 0.23 ** 27 0.35 ** 25.85

Eversion maximum AMAS 0.07 ** 12.02 0.04 12.5 0.11 ** 11.65
IMU 0.02 27.49 0.13 ** 28.7 −0.09 ** 26.55

mild AMAS −0.05 * 11.83 −0.07 * 12.49 −0.04 11.32
IMU 0.04 28.17 0.11 ** 34.04 −0.03 22.84

* p < 0.05, ** p < 0.01.

In the sagittal plane angle, the correlation coefficient for the IMU was ρ = 0.16 to 0.54
(p < 0.01). In the frontal plane angle, the correlation coefficient with the 2D motion analysis
performed from the front was ρ = −0.08 to 0.10, and that with the 2D motion analysis
performed from behind was ρ = −0.09 to 0.35 (Table 3). The correlation coefficient with the
2D motion analysis performed from the sagittal indicated a more than low correlation, while
those with the 2D motion analyses from the front and behind indicated low correlations.

3.1.3. Root Mean Squared Error (RMSE)

The mean and standard deviation of RMSEs with each measurement device (AMAS
and IMU) for the 2D motion analysis were calculated. The RMSE of the AMAS in the
sagittal and frontal plane angle was lower than that of the IMU (Table 1, Table 2, Table 3 and
Table S1). The RMSEs of the AMAS and IMU significantly differed in the t-test (p < 0.01).

3.2. Reliability

The ICC [56] was used to evaluate reliability. Five repetitions were treated as a fixed
effect, and the ICC (3,k) measured how consistently the same evaluator could measure the
participant’s ankle movement angle under the same conditions. The angle measured per
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ankle movement task by the AMAS was above the ICC (3,1) of 0.76 under all conditions
(Table 4).

Table 4. Reliability results ICC (3,1).

Comfortable Slow

ICC
95% CI

ICC
95% CI

Lower Upper Lower Upper

Dorsiflexion maximum 0.83 ** 0.68 0.93 0.98 ** 0.95 0.99
mild 0.95 ** 0.89 0.98 0.93 ** 0.87 0.98

Plantarflexion maximum 0.93 ** 0.85 0.97 0.87 ** 0.75 0.95
mild 0.86 ** 0.73 0.94 0.76 ** 0.58 0.9

Inversion maximum 0.96 ** 0.91 0.98 0.98 ** 0.96 0.99
mild 0.97 ** 0.94 0.99 0.97 ** 0.94 0.99

Eversion maximum 0.76 ** 0.58 0.9 0.86 ** 0.73 0.95
mild 0.9 ** 0.8 0.96 0.94 ** 0.88 0.98

** p < 0.01.

Furthermore, ICC(3,5) was more significant than 0.91 under all conditions (Table 5).

Table 5. Reliability results ICC (3,5).

Comfortable Slow

ICC
95% CI

ICC
95% CI

Lower Upper Lower Upper

Dorsiflexion maximum 0.96 ** 0.91 0.99 1 ** 0.99 1
mild 0.99 ** 0.98 1 0.99 ** 0.97 0.99

Plantarflexion maximum 0.98 ** 0.97 0.99 0.97 ** 0.94 0.99
mild 0.97 ** 0.93 0.99 0.94 ** 0.87 0.98

Inversion maximum 0.99 ** 0.98 1 1 ** 0.99 1
mild 0.99 ** 0.99 1 0.99 ** 0.99 1

Eversion maximum 0.94 ** 0.87 0.98 0.97 ** 0.93 0.99
mild 0.98 ** 0.95 0.99 0.99 ** 0.97 1

** p < 0.01.

3.3. Consistency

Bland–Altman plots were constructed between the AMAS and IMU against 2D mo-
tion analysis performed from the front with high values for the lateral and correlation
coefficients in the ankle dorsiflexion/plantarflexion and inversion/eversion tasks. The
vertical axis (DIFF) is the difference between the 2D motion analysis and AMAS or IMU,
and the horizontal axis (MMEAN) is the mean between the 2D motion analysis and AMAS
or IMU. LOA represents the range within which the difference between two measurements
is acceptable as an error. Bland–Altman plots of sagittal plane angles in the dorsiflex-
ion/plantarflexion task did not converge within the LOA for both instruments (Figure 3a).

The AMAS had a mean value of 1.26, with an LOA of 23.58 to −21.07. However, the
IMU had a mean of −1.82 and an LOA of 30.00 to −36.54. The Bland–Altman plots of the
frontal plane angle in the inversion/eversion task did not converge within the LOA for
either instrument (Figure 3b).

The mean difference between the two systems for the AMAS was 0.18, and the LOA
was from 26.70 to −26.33. However, the IMU had a mean of −9.54 for the difference
between the two systems, and the LOA was from 50.48 to −69.56. T-tests were used to
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confirm the presence of fixed errors. For each task, the AMAS and IMU for the 2D motion
analysis differed significantly, with a two-tailed test and a probability of significance of <1%
and 95% CI: (1.02–1.49) for the AMAS and ([−2.19] to [−1.46]) for IMU for the sagittal plane
angle and ([−0.09] to [0.46]) for the AMAS and ([−10.16] to [−8.91]) for IMU for the frontal
plane angle. A fixed error was suggested by the absence of 0 in the 95% CI, except for the
angle of the frontal plane by the AMAS. Regression analysis was performed to confirm the
presence of proportional errors. The probability of significance of the regression equation,
with DIFF as the dependent variable and MMEAN as the independent variable, was <1%
for all tasks for both measurement methods, indicating no proportional error.

Figure 3. Bland–Altman plot. (a) The Bland–Altman plot showing the dorsiflexion and plantarflexion
angles measured using the AMAS and IMU under all conditions. The solid line indicates 0, and the
upper and lower dashed lines indicate LOA. (b) The Bland–Altman plot showing the ankle inversion
and eversion angles measured by the AMAS and IMU under all conditions.

4. Discussion

We compared the reliability and validity of the AMAS in kinematic analysis with
existing kinematic analysis assessment systems.

Comparisons between conditions demonstrated that the 2D Motion Analysis (both
front and back) and AMAS consistently detected significant differences between most
conditions. This indicates that both systems are generally reliable for evaluating sagittal
and frontal plane angles. In particular, the 2D Motion Analysis and AMAS proved effective
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in detecting differences during maximum vs. mild conditions for both sagittal and frontal
plane angles. In contrast, the IMU showed limitations in detecting differences, particularly
in subjective motor speed and frontal plane angles. These limitations may stem from higher
variability, lower resolution, or differences in data processing methods. As a result, the
IMU appears less suited for identifying smaller differences or subtle changes, especially in
subjective motor speed and frontal plane angle conditions. Criterion validation showed a
significantly greater than moderate correlation between the AMAS and 2D motion analysis
from the sagittal and anterior planes in all motor tasks and conditions without affecting
joint angles and movement speed. The correlation coefficient values of 0–0.3, 0.3–0.7, and
0.7–1.0 represent a weak, moderate, and strong correlation, respectively [57]. Therefore, the
present results revealed a more than moderate correlation. However, the IMU had no or a
significantly low correlation with the 2D motion analysis. This suggests that the AMAS is
more valid than the IMU for measuring the forefoot’s sagittal and forehead angles. Outliers
and fixation errors may have caused the lower validity of the IMU over the AMAS, which
may be due to the magnetic effects. Biases exist in measurement systems, such as IMU,
with an improved agreement with marker-based optical motion capture in the sagittal
plane. Still, there are more significant errors in non-sagittal planes [58], and the differences
vary among participants [59]. Standard wearable sensors’ position, calibration method,
and measurement algorithm affect accuracy [60]. Electromagnetic interference makes IMUs
unreliable indoors [61]. Therefore, measurements should be collected in a magnetically
neutral environment [62]. This study was conducted in a laboratory, and the results are
consistent with previous studies. Our findings show that AMAS is a highly versatile system
for clinical use.

Regarding the regression model performance index validation results, the mean
RMSE of the AMAS based on the 2D motion analysis was significantly lower than that
of the IMU. However, the mean RMSE of the AMAS was 10.90◦ ± 2.93◦ for the sagittal
angle and 13.44 ± 1.09◦ for the frontal angle. Each participant’s RMSE was 4.37–15.88◦

for the sagittal angle and 13.07–20.97◦ for the frontal angle, suggesting that significant
differences in measurement angles were observed and errors were introduced. IMU
kinematics should be interpreted cautiously [58,59] as the IMU must improve consistency
and accuracy to replace marker-based optical 3D motion analysers, considered the gold
standard. Our results confirm the limitations of joint kinematics analysis using IMUs owing
to the magnetic effects.

Regarding the results of the reliability validation, the AMAS’ reliability of sagittal
and forehead angles had an ICC value of ≥0.76 for all motor tasks and conditions. This
suggests that the reliability of measurements by the AMAS is higher than that by the
conventional method [56]. Because obtaining kinematic data from individuals using the
3D motion analysis with markers, the gold standard method, is costly and complex, there
is growing interest in a simple, inexpensive system with no local limitations [63]. The joint
angles of ankle motion measured by this system are comparable to those obtained using
previous measurement methods. This system has been verified to be a highly convenient
measurement device because it solves the problem of environmental restrictions. The
system’s rotary encoder is a reliable and accurate sensor for measuring limb angles [64,65];
however, it is often attached to a rigid mechanical attachment on the exoskeleton and is,
therefore, unsuitable as a wearable device [66]. Therefore, the external dimensions of this
system were designed to be compact enough to be worn on the foot, increasing its versatility
as a wearable device. However, regarding the results of the agreement validation, the
Bland–Altman analysis showed that the differences between the 2D motion analysis and
each of the measurement devices did not converge within the LOA, with no proportional
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error but a fixed error being found. The differences between the 2D motion analysis and
AMAS were plotted upward in the sagittal and forehead planes, indicating that the 2D
motion analysis tended to measure at lower values than those associated with the AMAS.
However, the difference between 2D motion analysis and IMU was plotted downward in
the sagittal and forehead planes, suggesting that IMU measurements tended to be higher
than the 2D motion analysis measurements. The clinically acceptable joint angle error
in gait motion analysis is <5◦ RMSE [67]. In the present study, the RMSE exceeded the
clinically significant limit, although it differed from the gait motion. This raises the concern
that while ankle joint angle measurement by AMAS can be used as a primary indicator,
there may be some errors when comparing the ankle motion analysis data from other
motion analysis devices.

A multidisciplinary team in collaboration with clinicians in the field is necessary to
provide a diverse perspective [68]. The AMAS developed in our study measures ankle
motion from two aspects, the sagittal plane and anterior frontal plane, and its high validity
and high reliability have been verified using the measurement results from the 2D motion
analysis. Additionally, the velocity of the ankle motion did not affect the system’s angular
measurement. Poor joint angle changes, decreased velocity in various movements, and
abnormal compensatory movements accompany movement in post-stroke patients. Kine-
matic movement analysis results are essential for distinguishing between motor recovery
and compensatory movement patterns [69,70]. Therefore, validation is needed in the reha-
bilitation field in patients presenting with various motor impairments, ranging from mild
to severe.

In summary, AMAS is an evaluation system specialising in ankle joint motion control.
Further validation can be applied to other joints and daily life activities. The development
of AMAS is anticipated to contribute to the realisation of a multidimensional assessment of
motor control in biomechanics and rehabilitation. It needs to be validated in other joints to
demonstrate its usefulness as a wearable system.

The present study has several limitations. One limitation is that the results of this
study measure non-weight-bearing motion that may not be valid or reliable during walking.
Therefore, further analysis of actual walking motion measurements may be necessary before
concluding that AMAS can measure motion under load, such as walking motion. Another
limitation is that the subjects of this study were all healthy. The task of this study was to set
up a condition of slow movement and minimum range of motion, assuming a patient, but
we did not measure an actual patient. Therefore, further analysis of patients presenting
with various movement disorders may be warranted in the future.

5. Conclusions

Because of convenience, versatility, and the ability to synchronously measure various
biological signals, the AMAS was developed to assess ankle joint control, which is essential
for walking in rehabilitation settings and real-life environments. The occurrence of a
fixation error suggests room for improvement in this system. With future enhancements
against errors, clinical evaluation using this system may help elucidate the mechanism of
ankle joint control and develop individualised and optimised rehabilitation.

6. Practical Applications

The importance of capturing such quantitative analysis of human movement in free
daily activities has been highlighted [71], and the AMAS has the potential to be applied
to the evaluation of ankle joint motor control in various activities of daily living (ADLs).
For example, it could assess movements in which ankle joint control is crucial, such as
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ascending and descending stairs, rising from a chair, and crossing an obstacle. However,
it is necessary to optimise the measurement protocols and consider precautions for data
interpretation according to the characteristics of each movement.

7. Patents

Japanese Patent Application No. 2023-67115.
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Abstract: Background/Objectives: This study compared step-by-step kinematic measure-
ments from an infrared contact mat (IR-mat) and an inertial measurement unit (IMU)
system during bounding and single leg jumping for speed, while also evaluating the
validity of algorithms originally developed for sprinting and running when applied to hor-
izontal jumps. The aim was to investigate differences in contact times between the systems.
Methods: Nineteen female football players (15 ± 0.5 years, 61.0 ± 5.9 kg, 1.70 ± 0.06 m)
performed attempts in both jumps over 20 m with maximum speed, of which the first eight
steps were analysed. Results: Significant differences were found between the systems, with
the IR-mat recording longer contact times than the IMU. The IR-mat began and ended its
measurements slightly earlier and later, respectively, compared to the IMU system, likely
due to the IMU’s algorithm, which was developed for sprinting with forefoot contact,
while more midfoot and heel landing is used during jumps. Conclusions: Both systems
provide reliable measurements; however, the IR mat consistently records slightly longer
contact times for horizontal jumps. While the IMU is dependable, it exhibits a consistent
bias compared to the IR mat. For bounding, the IR mat begins recording 0.018 s earlier at
touch down and stops 0.021 s later. For single leg jumps, it starts 0.024 s earlier and ends
0.021 s later, resulting in contact times that are, on average, 0.039–0.045 s longer. These
findings provide valuable insights for coaches and researchers in selecting appropriate
measurement tools, highlighting the systematic differences between IR mats and IMUs in
horizontal jump analysis.

Keywords: step kinematics; measurement accuracy; bounding; single leg jump

1. Introduction

In sports like horizontal jumping, spatiotemporal parameters are often used to identify
different determinants for performance [1]. These parameters are important in various ar-
eas such as sports performance analysis, rehabilitation, and biomechanical research as they
provide insights into both immediate performance metrics and long-term development
trends [2,3]. Horizontal jumps, such as bounding and single leg jumps (plyometric exer-
cises), are widely used to develop explosive strength in participants of various sports [4–6].
There are many technologies that enable the measurement of step kinematics, such as high-
speed cameras [7], force plates [8], 3D motion capture systems [9,10], inertial measurement
units (IMUs) [11–13], and infrared contact mats [14–16].
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To measure multiple horizontal jumps with 3D systems and force plates, expensive
equipment and time-consuming setup procedures are needed. Moreover, specialized
expertise and access to high-performance laboratories are often required to conduct accurate
analyses. In contrast, infrared mats or wearable inertial measurement unit (IMU) systems
offer a feasible, user-friendly, portable, and cost-effective solution. An infrared optical
contact mat creates a “carpet” of infrared light a few millimetres above the ground. When
the light is interrupted, the unit records the timestamp of the event, allowing the calculation
of both contact and flight times based on the differences between their timestamps. van den
Tillaar [16] showed that the use of Optojump infrared contact mats for stride detection in
sprinting was accurate compared to laser/IMU measurements, which is also supported by
studies that have confirmed the high validity of OptoGait in spatiotemporal analyses [15,17].
Previous studies have validated the accuracy of the Optojump system against force plates
and high speed cameras for sprint and jump kinematics [15,17]. However, in both these
studies [15,17] the Optojump system was compared to a stationary system, such as a
treadmill, or vertical jumps. Therefore, it is not known how accurate it would be for
horizontal jumps. Moreover, van den Tillaar [14] found that the Musclelab infrared mat
produces comparable kinematic measurements to Optojump during sprints. Based on
this, it can be inferred that the Musclelab infrared mat provides measurements that are as
accurate as those from force plates for sprinting. Similarly, the use of IMUs has been shown
to reliably record stride patterns during walking, running, and sprinting [11,12,18,19]. In
addition, van den Tillaar et al. [16] found that a laser gun combined with IMUs attached
to each foot (Musclelab, Ergotest Technology AS, Langesund, Norway) can automatically
detect accurate step-by-step kinematics comparable to those detected by force plates during
high-speed sprinting. Therefore, it seems that contact mats and IMUs are systems that can
accurately detect step kinematics during sprints. However, it has been established that
differences in velocity and step characteristics are present between sprints and various
horizontal jumps [20]. During sprint races, fast sprinters make first ground contact with the
front part of the foot, reach over 10 m/s, and have contact times and flight times of around
0.1–0.12 s [4]. Bounding for speed has certain similarities to sprint running, including
landing on the front foot, but involves somewhat lower speed and longer contact and flight
times. Single leg jumps are relatively unlike sprint running, with the heel making first
contact with the ground, speeds below 6 m/s, and contact and flight times closer to 0.2 and
0.4 s [4,21]. Due to these differences, the accuracy of new technologies with regards to the
measurement of these kinematic variables must be investigated.

Therefore, the aim of this study was to compare measurements of step-by-step kine-
matics between infrared contact mat and an IMU during bounding and single leg jumps
for speed. This study evaluates already-established algorithms, originally developed for
sprinting and running, to investigate their validity and reliability when applied to horizon-
tal jumps. Furthermore, we investigate whether measurements between the two systems
are affected by different jumping tasks (bounding and single leg jumps).

2. Materials and Methods

2.1. Participants

Nineteen moderately experienced female football players (age 15 ± 0.5 years, body
mass 61.0 ± 5.9 kg, body height 1.70 ± 0.06 m) from a local football club participated in
this study. The participants, who were selected as part of a larger training study where
this equipment was used to assess their performance, were familiar with the exercises,
having practiced them for six weeks prior to the tests. The participants were fully informed
about the procedures, the potential risks, and the benefits of the study, both in writing and
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orally. Written consent was obtained prior to all testing. Parental consent was obtained
for all subjects The study was conducted following the latest revision of the Declaration of
Helsinki and approved by the Norwegian Agency for Shared Services in Education and
Research (project number 225529).

2.2. Procedure

Participants carried out an individual warm-up, consisting of approximately 5 min
of jogging, followed by 5 min of an injury prevention program [22] and two submaximal
sprints. After completing the warm-up, the participants performed a series of maximum-
effort jump trials over a distance of 20 m. This distance was selected to ensure that all
phases of the jump sequence—acceleration and maximum velocity—were captured [23,24].
They were tested during the preseason preparation period, when they engage in extensive
physical training, wearing their regular running shoes for plyometric exercises. All trials
were performed indoors on a tartan running track. Each trial began from a standing
position, with a self-selected stance (one foot in front of the other). The jump exercises
were performed in the following order: bounding for speed, followed by single leg jumps
for speed on the right and left leg. Each participant completed a total of six trials: two for
bounding and two for each leg in the single leg jump condition. The recovery time between
attempts was 2–3 min.

2.3. Measurements

Contact and flight time were both measured with an IMU and an infrared optical
contact mat (Ergotest Technology AS, Langesund, Norway). The IMUs (Ergotest Technology
AS, Langesund, Norway) consisted of a wireless 3-axis accelerometer (±16 g, accuracy
±1.0%), a gyroscope (2000 deg/s, accuracy ±1.0%), and a magnetometer (±1300/2500 μT,
accuracy ±5%), with a sampling frequency of 200 Hz and a weight of 20 g, fixed to the
dorsal side of each foot with tape. The calculations of contact time and flight time with the
IMU were determined by recognizing the velocity pattern of the plantar flexion/extension
of both feet (Ergotest Technology AS, Langesund, Norway). The algorithm used to detect
touch down and take off was originally developed for sprinting and running, where
forefoot landings dominate. The infrared optical contact mat is composed of two 2.5 cm
thick and 0.87 m long units (“master and slave”) with a sampling frequency of 1000 Hz that
were positioned at the start and end of the 20 m long test area. These units create a “mat”
of infrared light approximately 5 mm above the floor, and breaks in this light (when the
foot makes contact with the ground) are registered to record contact and flight times. Each
participant’s horizontal displacement was recorded with a laser gun (Noptel Oy, Oulu,
Finland) directed towards their back during the tests. The laser gun continuously records
distance over time using a CMP3 distance sensor (Noptel Oy, Oulu, Finland), sampling at
2.56 KHz. Horizontal speed was calculated using the distance over time during contact time
with the laser. All recordings with the different sensors were synchronized and processed
using Musclelab version 10.200.90.5095 (Ergotest Technology AS, Langesund, Norway).

Step-by-step analyses were performed on the first eight steps of each jump exercise,
as this was the minimum number of steps completed by all participants. For each step,
horizontal velocity and contact time were analysed using the IMU and IR mats. These
parameters were automatically calculated by the Musclelab system for both measuring
tools (Ergotest Technology AS, Langesund, Norway) and were earlier validated as very
accurate in sprint step-by-step comparisons [14,16]. In addition, we examined the difference
in total contact time, as well as the difference in the times when the foot hit the ground
(touch down) and left the ground (take off). Flight times were not analysed, as they are the
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inverse of contact times when analysing absolute time measurements and, therefore, do not
provide additional information about the differences between the two systems. Step length
and frequency were also not analysed as these are directly related to the contact times and
evt. differences would directly influence these parameters

2.4. Statistical Analysis

The data were tested for normality with the Shapiro–Wilk test and it was found that
all data were normally distributed. To evaluate the validity between the two measurement
devices and the two types of jumps, we performed two 2 (measuring device: IMU vs.
IR mat/jump type: single leg jumps and bounding) × 8 (steps) ANOVA analyses with
repeated measures. The first analysis compared the step velocities between the two jump
types (single leg jumps and bounding) across eight steps. The second analysis evaluated
the total contact times measured by the two tools (IR mat and IMU) over the same steps.
Furthermore, a one-way ANOVA with repeated measures was performed on the differences
in contact time between the two systems at touch down and take off for the eight steps.
Where the sphericity assumption was violated, the Greenhouse–Geisser adjustments of
the p-values were reported. The level of significance was set at p < 0.05. When significant
differences were observed, post hoc comparisons were performed after Holm–Bonferoni
correction. The effect size (Eta partial squared) was evaluated where 0.01 < η2 < 0.06
constitutes a small effect, 0.06 < η2 < 0.14 a medium one, and η2 > 0.14 a large effect [25].
Bland–Altman analysis was used to examine systematic differences between the IR mat
and IMU for touch down and time across different steps and velocities. Mean differences
(systematic bias) and 95% confidence intervals were calculated and plotted as a function of
speed. Regression analyses were performed to assess heteroscedasticity in the measure-
ment differences. All data analyses were performed using JASP v. 0.17.3 (University of
Amsterdam, Amsterdam, The Netherlands). Data were presented as means and standard
deviations (SD).

3. Results

A significant effect of jump type (F = 230, p < 0.001, η2 = 0.45), * steps (F = 136, p < 0.001,
η2 = 0.36), and jump type*steps interaction (F = 25.7, p < 0.001, η2 = 0.07) was observed on
step velocity, in which step velocity in during bounding increased significantly faster and
longer than in single leg jumps and thereby resulted in significantly higher step velocity
over the eight steps. In addition, one-way ANOVA with repeated measurements showed a
significant effect of steps on speed for single leg jumps (F = 15.655, p < 0.001, η2 = 0.495),
and a significant effect was also observed for bounding (F = 339.954, p < 0.001, η2 = 0.955),
indicating a larger effect size for bounding (Figure 1).

When analysing the total contact times for each of the jump types between the two
measuring tools, we found that significant effects on both types of jumps were caused by
the measuring tool (F ≥ 415, p < 0.001, η2 ≥ 0.44), steps (F ≥ 23.3, p < 0.001, η2 ≥ 0.43), and
measuring tool*steps interaction (F ≥ 2.7, p < 0.001, η2 ≤ 0.44). Post hoc comparison reveals
that contact times were consistently longer when measured with the IR-mat compared to
the IMU. Furthermore, contact times decreased in both types of jumps, but the decrease
over the steps was larger when measuring with the IMU compared to the IR-mat, especially
in bounding. The analysis of total contact time confirmed this: for the IR-mat there was
a significant effect (F = 49.376, p < 0.001, η2 = 0.755), and for the IMU the effect was even
greater (F = 75.328, p < 0.001, η2 = 0.825). This indicates that both methods recorded a
significant reduction in contact time over the steps, with the IMU recording greater changes
overall. (Figure 2).
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Figure 1. The mean (±SD) step velocity for bounding and single leg jumps measured with an IR-mat and
a laser gun. † indicates a significant difference between the two types of jumps for all steps, → indicates
a significant difference in velocity between this step and everything to the right of the arrow.

Figure 2. The mean (±SD) total contact time per step for bounding and single leg jumps measured
with an IR-mat and an IMU. † indicates a significant difference between the IMU and the IR-mat for
all steps, ‡ indicates a significant difference between these two steps for this measuring tool, and
→ indicates a significant difference between this step and everything to the right of the arrow.
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The effect of velocity on the differences between the two systems was investigated
using Bland–Altman plots, which evaluated the differences at touch down and take off. A
systematic bias was identified: the IR mat consistently recorded an earlier start time for
contact compared to the IMU at touch down, while it measured a later time at take off. This
is reflected in the average bias: −0.018 s at touch down and 0.020 s at take off for bounding,
and −0.024 s at touch down and 0.021 s at take off for single leg jumps (Figure 3). However,
no significant effect of velocity (r ≤ 0.52, p > 0.05) was found between these differences
in times.

Figure 3. Bland–Altman plots showing the differences between the systems in regard to the time of
touch down and take off (IR mat minus IMU, seconds) as a function of speed (m/s) for bounding
and single leg jumps. Positive values indicate a longer time for the IR mat, negative values indicate a
longer time for the IMU. The dashed lines show the average difference (systematic bias), while the
solid lines represent 95% confidence intervals. Regression lines and R2 values are included.

4. Discussion

The aim of this study was to compare step-by-step measurements from an IR-mat
and an IMU during bounding and single leg jumps for speed. The main findings show
significant differences between the two measurement systems in terms of total contact time,
touch down, and take off.

Bounding jumps had the highest speed and the shortest contact time, in agreement
with Mero and Komi [4]. Furthermore, we saw that the speed increased while contact time
decreased throughout bounding, while for single leg jumps, we saw that this fluctuates
more. This may be explained by the greater variability in landing patterns and the increased
demands for balance and coordination in single leg jumps, which are inherently more
complex exercises [12,15]. This study showed that the IR-mat consistently recorded a
longer contact time compared to the IMU system. Previous studies have shown that IR-
mats and IMUs are accurate in detecting contact time during sprint running, with only a
minor difference of 0.003–0.004 s compared to a force plate [14,16]. From these studies, an
algorithm to detect ground contact using an IMU was developed, in which an abrupt dip
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in angular velocity measured with the gyroscope together with a sudden acceleration spike
were used to detect touch down and take off [14]. However, while sprinting a runner lands
on their forefoot, while during bounding and single leg jumps they land on their heel [4].
This difference in landing pattern may contribute to the observed measurement differences,
as the IMU pattern that identifies the touch down and take off through acceleration and
angular velocity may perform differently with heel-based contact. Due to the mechanics
of the heel-first landing, the back of the shoe, which has considerably more cushioning,
will land first. Due to the shock absorption of the cushioning of the shoe, the IMU may
detect the impact later than during sprint steps, in which athletes use spikes with much
less cushioning and land on their mid/forefoot. This effect is further compounded by the
location of the IMU, which is attached to the top of the shoe, which may result in slightly
different IMU features.

The second factor contributing to the difference is the fact that the IR-mat starts to
register foot contact approximately 5 mm above the ground. This setup means that it
detects the foot slightly before touch down and stops recording a little after take off from
the ground. Despite minor differences in the foot configuration at these points, the vertical
speed at take off and touch down can be estimated using the following formula:

9.812 × T
2

The average time in the air, measured by the IR-mat, was 0.198 s for bounding and
0.291 s for single leg jumps, which corresponds to vertical speeds at touch down and take
off of 0.971 m/s and 1.427 m/s, respectively. The time it takes to move over 5 mm is
calculated as follows:

t =
d
v

For bounding this time is 0.005 s, while for single leg jumps it is 0.004 s. These
differences explain only 15–25% of the variation between the two measurement methods,
indicating that they cannot fully explain the observed deviations.

The third reason is the sample rate differences. The IR-mat records at 1000 Hz, while
the IMU records at 200 Hz. In practice, this means that for each sample there is a maximum
deviation of ±0.005 s at touch down and take off.

Limitations and Future Studies

This study has some limitations that should be considered when interpreting the
results. The participants were a homogeneous group of female football players with
moderate experience in bounding and single leg jumps. Differences between the systems
may arise when testing track and field athletes who are more experienced in these exercises
and, therefore, may use different jumping techniques with higher velocities. Furthermore,
the use of different footwear could lead to variations in landing and take off techniques,
potentially influencing the results. This may limit the generalizability of the findings to
other groups.

In addition, a gold standard, such as force plates combined with high-speed cameras,
was not used, which prevents us from determining which system better aligns with the
ground truth. Future studies should test both systems alongside force plates and high-speed
cameras, with a broader range of athletes performing these types of jumps, to determine
whether the observed differences are generalizable.
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5. Conclusions

Our findings show significantly different measurements of contact times at touch
down and take off between the IR-mat and the IMU in two different horizontal jump types.
The IR-mat consistently recorded longer contact times by starting the measurements a bit
earlier at touch down and ending slightly later than the IMU system at take off. The main
reason for these differences is likely the fact that the algorithm for detecting touch down
and take off was designed for sprint running and landing on the forefoot with sprint spikes,
whereas the participants in this study landed on their heels and wore soft running shoes.
Furthermore, the differences in sampling rate and the height of detection of the IR-mat may
partially contribute to the differences in these parameters.

In practical terms, when choosing a measurement system for horizontal jumps, it
is important to be cautious when comparing spatiotemporal parameters measured with
different systems. IR-mats and IMUs differ in how they detect events like touch down
and take off, with IR-mats recording these events directly and IMUs relying on algorithms.
This can lead to variations, especially during heel-based landings in soft running shoes,
highlighting the need for careful interpretation of results.
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Abstract: Background/Objectives: This study evaluated the reliability and validity of three
methods to measure jump height during countermovement jumps performed with (CMJAS)
and without (CMJNAS) arm swing: (1) an impulse–momentum method with force platforms
(FPimp), (2) a flight time method with force platforms (FPtime), and (3) an inertial measure-
ment unit (PUSH Band 2.0; PUSH2). Methods: Eighteen physically active men performed
CMJAS and CMJNAS on force platforms while wearing PUSH2 over two days. Besides jump
height, we computed intraclass correlation coefficients (ICC) and the absolute and relative
increases in jump height due to arm swing, compared to CMJNAS. Results: The reliability of
intra-session, inter-session, and concurrent measures were good to excellent (intra-session
ICC2,1 = 0.957–0.979, inter-session ICC2,1 = 0.806–0.990, concurrent ICC3,1 = 0.940–0.973)
for CMJAS and CMJNAS heights, in all three methods. The three methods showed high to
very high reliability for both the absolute and relative indices of arm swing contribution
(ICC2,1 = 0.649–0.812). FPtime significantly overestimated CMJNAS height relative to FPimp

(p < 0.01). The absolute index of arm swing contribution was similar in FPimp and FPtime

(p = 0.38) but higher in PUSH2 (p < 0.01), indicating that arm swing amplified overestimation.
Conclusions: All three methods demonstrated high reliability for jump height measurements,
but FPtime and PUSH2 misestimated jump height depending on jump modalities. Caution is
advised when assessing the absolute and relative contribution of arm swing, because errors in
CMJNAS and CMJAS height measurements can affect these values and their interpretation.

Keywords: inertial measurement unit; arm contribution index; athlete monitoring; training;
vertical jump

1. Introduction

Jump performance evaluation is an important training tool in many sports, e.g.,
American football [1] and basketball [2]. For example, routine countermovement jump
(CMJ) testing helps practitioners prescribe exercises and manage fatigue in athletes [3–5].
While various technologies and methods have emerged to measure CMJ performance, the
validity and reliability of these measurement methods must be rigorously established to
ensure diagnostic accuracy. Yet, this information is often lacking.

CMJ height is commonly measured with or without arm swing [6–9], with arm swing
possibly enhancing CMJ height [6,10]. For example, previous research suggests that athletes
can improve jump height by over 20% with arm swing compared to without arm swing [6,7,11],
whereas non-athletes show more modest improvements [12]. Therefore, not only are reliable
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and valid measures of CMJ height crucial for practitioners and researchers, but understanding
whether arm swing alters the reliability and validity of measurements is also important in
evaluating athletes.

Different methods have different merits and demerits. The gold standard for measuring
jump height involves recording ground reaction forces using force platforms (FPs) to derive
the impulse (FPimp), utilizing the impulse–momentum relationship [13,14]. However, while
extensively validated, implementing FPimp can be challenging due to the hardware costs,
limited portability, and complex calculation processes. Alternatively, jump height can be
derived from the flight time (FPtime) using not only a FP but also simpler, more affordable
technology like a contact mat, photoelectric cell, or smartphone application [15]. Although the
flight time method may overestimate jump height compared with FPimp, it remains widely
used because the overestimation is considered reasonable [14,16]. Another method involves
the use of commercially available inertial measurement units (IMUs) consisting of wireless
accelerometers and gyroscopes. While all IMUs rely on similar technology, manufacturers
often use proprietary computing algorithms generally treated as a “black box” [17,18]. One
such IMU popular among strength and conditioning coaches is PUSH Band 2.0 (PUSH2; Push
Inc., Toronto, Canada). To the authors’ knowledge, few studies have examined the validity
and reliability of PUSH2, showing reliable measures but overestimating CMJ without arm
swing (CMJNAS) height compared to FPimp [19] or the flight time method using FPs [20] and
optical sensors [21]. However, although the PUSH2 approach is an attractive approach due
to its lower cost, whether its measures are robust across CMJ modalities, i.e., CMJ with arm
swing (CMJAS) or CMJNAS, has yet to be established.

In particular, it remains unclear whether the arm swing amplifies these overestimations. For
example, CMJ height overestimation may affect the calculation of arm contribution—the
difference in CMJ height between CMJNAS and CMJAS or the ratio of CMJAS and
CMJNAS [6,7,11]—thus yielding an erroneous diagnostic. Indeed, if both CMJAS and
CMJNAS heights are overestimated by the same amount (e.g., 4 cm), the relative arm
contribution would appear smaller with PUSH2 or FPtime than with FPimp because the de-
nominator (CMJNAS height) increases. Consequently, investigating how arm swing impacts
IMU system reliability and validity compared to FPtime and FPimp would be valuable for
practitioners to select the appropriate measuring tool.

Therefore, the purpose of this study was (1) to investigate the impact of the FPimp,
FPtime, and PUSH2 methods on the reliability and validity of CMJNAS and CMJAS height
measurements, and (2) to determine how the observed misestimation influences the com-
putation of arm contribution indices. We hypothesized that the degree of overestimation in
jump height calculated using the IMU compared to the FPimp method would be greater
than using the FPtime method, whereas the degree of overestimation would be comparable
between CMJNAS and CMJAS, regardless of the method used. Such outcomes would suggest
that the evaluation of arm contributions can vary depending on the method employed.

2. Materials and Methods

2.1. Participants

Eighteen physically active men (age: 34.4 ± 5.4 years; height: 171.8 ± 6.1 cm; body
mass: 74.1 ± 8.6 kg), free from any injury affecting CMJ performance, provided written
informed consent to participate in this study. This study was approved by the Institutional
Ethics Committee of the Japanese Institute of Sports Sciences (No. 2019-062, approved on
10 February 2020) in accordance with the Declaration of Helsinki. Power analysis using
G*Power software (version 3.1.9.2, Heinrich-Heine-Universität Düsseldorf, Düsseldorf,
Germany) showed that to achieve a power of 80% at an alpha level of 5%, at least eighteen
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participants were needed to achieve a medium effect size of partial ηp
2 = 0.06 (f = 0.253) [22]

in a within-subject repeated-measures 3 × 2 analysis of variance (ANOVA) (1 group,
6 measurements, correlation among measures = 0.5, non-sphericity correction = 1).

2.2. Procedures

To evaluate inter-day reliability, all participants completed two testing sessions 3–7 days
apart, as used in previous research [23–25], to allow for neuromuscular recovery, limit
possible fatigue, and minimize any potential learning effect. Testing was conducted around
the same time of the day (within a 2 h window) to minimize circadian influences [26]. The
participants were also asked to maintain their normal routines and avoid strenuous exercise
48 h before each test and during the interval between sessions.

The participants first completed a standardized warm-up consisting of jogging, dy-
namic stretching, and jumping. PUSH2 was then attached to the participant’s waist using
the manufacturer-provided waist belt. Finally, the participants performed three CMJNAS

and three CMJAS with each foot on a different FP (1200 Hz, 0.6 m × 0.4 m, type 9281E;
Kistler, Winterthur, Switzerland). For CMJNAS, the participants were instructed to jump
as high as possible using a rapid countermovement while keeping their hands on their hips.
For CMJAS, they were instructed to jump as high as possible using a rapid countermovement
while swinging their arms. For both jump types, the participants were instructed to initiate
landing with their legs straight to limit the influence of posture on flight time. In addition, for
CMJAS, they were asked to land with their arms raised to approximately the same height as at
take-off to minimize potential overestimation of CMJAS height (Figure 1) [14]. A minimum
of 30 s of rest was given between each jump trial and 180 s of rest between each jump
modality. One experimenter watched each trial and, if instructions were not respected (e.g.,
leg tucking upon landing), the trial was repeated 30 s later.

Figure 1. Illustration of the countermovement jump tasks: without arm swing (CMJNAS; left) and
with arm swing (CMJAS; right).

Unfiltered left- and right-side vertical ground reaction forces (GRFv) were then
summed for analysis, because low-pass filtering can cause substantial underestimation
of jump height [27]. Jump height obtained from PUSH2 (sampled at 1000 Hz) was sent
via Bluetooth to an iPad Pro (Apple Inc., Cupertino, CA, USA) using the manufacturer’s
software (PUSH Pro, v7.7.0). Body weight was calculated from the 0.5 s (600 data points)
moving average of GRFv, shifted by one frame, displaying the smallest standard deviation
(SD) during quiet standing. The start of the motion was identified as the moment when
GRFv deviated from body weight by 1% [14], and take-off was defined as the first point
when GRFv fell below 10 N (Figure 2) [28]. To estimate the vertical velocity at take-off
(Vto), GRFv was integrated from the start of the motion until take-off by trapezoid rule
integration [14]. Jump height from FPimp was then calculated as
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Jump height from FPimp =
1

2g
V2

to, (1)

where g represents the gravitational acceleration (9.81 m/s2). Jump height from FPtime was
calculated as [20]

Jump height from FPtime =
1
8

gT2
flight, (2)

where Tflight represents the flight time from take-off to landing, defined as the first and
second time that GRFv crosses the 10 N threshold [28]. The results from FPimp were the
reference measurements [19].

Figure 2. Force–time curves of vertical ground reaction forces (GRFv) from the left and right legs
during a countermovement jump, showing key events and definitions. SD = standard deviation;
BW = body weight.

The arm contribution indices (AI) were defined as previously reported [7,8]. The
absolute AI (AIabs) was thus the difference in CMJ height with and without arm swing:

AIabs(cm) = CMJAS − CMJNAS. (3)

The relative AI (AIrel) was AIabs relative to CMJNAS:

AIrel(%) =
AIabs

CMJNAS
× 100. (4)

2.3. Statistical Analysis

The height of each participant’s three CMJNAS or CMJAS trials was used to compute
intra-session and concurrent reliability, along with Bland–Altman analyses. The average of
the three trials was used for the other analyses, including ANOVAs, assessments of inter-day
test–retest reliability, and concurrent validity. Means and SDs were calculated after confirming
the data’s normal distribution using Kolmogorov–Smirnov statistics (p ≥ 0.05).

The intra-session reliability for CMJNAS and CMJAS height from the FPimp, FPtime,
and PUSH2 methods was determined by calculating the coefficient of variation (CV) and
the intraclass correlation coefficient (ICC2,1; two-way mixed-effects model with absolute
agreement) with a 95% confidence interval (CI) [29–31]. In addition, the test–retest inter-day
reliability of all variables between Day 1 and 2 was assessed using ICC2,1 (i.e., two-way
random-effects model with absolute agreement) with a 95% CI [31].

A two-way repeated-measures ANOVA with Bonferroni post hoc paired t-tests was
used to evaluate the effect of the two jump modalities (CMJAS and CMJNAS) and the three
methods on CMJ height. One-way repeated-measures ANOVAs with Bonferroni post hoc
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paired t-tests were used to test the differences in AIabs and AIrel across the three methods.
The Greenhouse–Geisser correction was applied if the Mauchly sphericity test revealed that
the assumption of sphericity was violated. Partial eta-squared values (η2

p) were reported as
a measure of effect size: small (0.01–0.06), medium (0.06–0.14), and large (>0.14) [22].

The concurrent validity among the three methods was assessed using Pearson’s corre-
lation coefficients (r). To further evaluate agreement, Bland–Altman plots were analyzed
to quantify the systematic bias and 95% limits of agreement (LoA) among the three meth-
ods [30,32]. The 95% LoA was corrected for repeated measures [33]. Proportional bias was
identified when the coefficient of determination (R2) was greater than 0.1 [34]. In addition,
concurrent reliability among the three methods was assessed using ICC3,1 (i.e., two-way
mixed-effects model for consistency) with a 95% CI [31].

For ICC and r interpretations, we used the following criteria: poor (<0.50), moderate
(0.50–0.75), good (0.75–0.90), and excellent (>0.90) [31]. For CV, we used the following
criteria: poor (>10%), moderate (5–10%), and good (<5%) [35,36]. Statistical significance
was set at p < 0.05. Analyses were performed using SPSS 19.0 (IBM Corp., Chicago, IL,
USA) and Microsoft Excel (Microsoft Corporation, Redmond, WA, USA).

3. Results

Intra-session reliability analysis showed good reliability based on CV (1.56–2.48%)
and excellent reliability based on ICC2,1 (0.96–0.98) for all variables (Table 1). The inter-day
test–retest reliability analysis showed excellent reliability for CMJNAS and CMJAS height in
each method (ICC2,1 = 0.940–0.973), but moderate to excellent reliability for AIabs and AIrel

in all three methods (ICC2,1 = 0.62–0.78) (Table 2).

Table 1. Intra-session reliability of the CMJ height from FPimp, FPtime, and PUSH2.

Day 1 Day 2

Mean CV (95% CI) ICC2,1 (95% CI) Mean CV (95% CI) ICC2,1 (95% CI)

CMJNAS

FPimp 1.89 (1.26, 2.52) 0.98 (0.96, 0.99) 2.21 (1.45, 2.98) 0.97 (0.93, 0.99)
FPtime 1.91 (1.31, 2.52) 0.97 (0.94, 0.99) 2.48 (1.63, 3.33) 0.95 (0.89, 0.98)
PUSH2 1.98 (1.40, 2.57) 0.98 (0.95, 0.99) 2.37 (1.38, 3.35) 0.93 (0.86, 0.97)

CMJAS

FPimp 1.68 (1.15, 2.21) 0.97 (0.94, 0.99) 1.56 (0.97, 2.15) 0.98 (0.95, 0.99)
FPtime 1.99 (1.33, 2.65) 0.96 (0.92, 0.99) 2.06 (1.29, 2.83) 0.96 (0.90, 0.98)
PUSH2 1.60 (1.21, 2.84) 0.96 (0.91, 0.98) 1.69 (1.22, 2.17) 0.96 (0.91, 0.98)

FPimp = impulse–momentum method using force platforms; FPtime = flight time method using force platforms;
PUSH2 = PUSH Band 2.0; CMJNAS = countermovement jump without arm swing; CMJAS = countermovement jump
with arm swing; CV = coefficient of variation; CI = confidence interval; ICC = intraclass correlation coefficient.

The two-way repeated-measures ANOVA revealed a significant interaction between
jump modalities and methods in CMJ height (F [1.50, 25.47] = 14.22, p < 0.001, ηp

2 = 0.455, large
effect size) (Table 2). Regarding jump modalities, post hoc paired t-tests with Bonferroni
corrections revealed that CMJAS height was significantly greater than CMJNAS height across
all three measurement methods (p < 0.01). Furthermore, regarding measurement methods,
both the CMJNAS height and the CMJAS height were greater for PUSH2 than FPtime and
greater for FPtime than FPimp (p < 0.01).

One-way repeated-measures ANOVA revealed a significant main effect of measurement
methods on AIabs (Day 1: F [2, 34] = 14.21, p < 0.001, ηp

2 = 0.455; Day 2: F [2, 34] = 14.03,
p < 0.001, ηp

2 = 0.452) and AIrel (Day 1: F [1.50, 25.55] = 9.11, p < 0.01, ηp
2 = 0.349;

Day 2: F [2, 34] = 10.71, p < 0.01, ηp
2 = 0.386), indicating large effect sizes across both

days (Table 3). On both days, AIabs was significantly higher when using PUSH2 compared
to FPimp (p < 0.01) and FPtime (p < 0.01). However, there was no significant difference in
AIabs between FPtime and FPimp (Day 1: p = 0.384; Day 2; p = 0.60) (Table 3). This greater
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difference in AIabs from PUSH2 explains the significant interaction between jump modality
and measurement method. For AIrel, values were significantly lower when using FPtime

compared to PUSH2 (p < 0.01) and FPimp (p = 0.04) on Day 1. On Day 2, AIrel from FPtime

remained significantly lower than PUSH2 (p < 0.01), while the difference in AIrel between
FPtime and FPimp was not statistically significant (p = 0.23).

Table 2. Comparison of CMJ heights measured using three methods across two jump modalities,
with corresponding inter-day reliability.

Mean ± SD
(Day 1)

Mean ± SD
(Day 2)

ICC2,1

(95% CI)

CMJNAS (cm)
FPimp 40.04 ± 6.36 39.86 ± 6.19 0.97 (0.93, 0.99)
FPtime 42.27 ± 6.26 † 41.86 ± 5.87 † 0.96 (0.90, 0.99)

PUSH2 44.03 ± 6.46 † ‡ 43.24 ± 5.41 † ‡ 0.96 (0.89, 0.98)
CMJAS (cm)

FPimp 44.90 ± 6.07 * 44.41 ±6.18 * 0.96 (0.91, 0.99)
FPtime 46.67 ± 5.55 † * 45.92 ± 6.17 † * 0.95 (0.86, 0.98)

PUSH2 50.68 ± 7.72 † ‡ * 49.42 ± 6.87 † ‡ * 0.94 (0.81, 0.98)
AIabs (cm)

FPimp 4.86 ± 2.18 4.54 ± 2.16 0.77 (0.48, 0.91)
FPtime 4.40 ± 2.68 4.05 ± 2.13 0.65 (0.28, 0.85)

PUSH2 6.65 ± 3.50 † ‡ 6.18 ± 2.86 † ‡ 0.81 (0.57, 0.93)
AIrel (%)

FPimp 12.72 ± 6.26 ‡ 11.77 ± 5.81 0.74 (0.44, 0.89)
FPtime 10.75 ± 6.37 9.91 ± 5.50 0.62 (0.23, 0.84)

PUSH2 15.39 ± 8.29 ‡ 14.37 ± 6.54 ‡ 0.78 (0.50, 0.91)
FPimp = impulse–momentum method using force platforms; FPtime = flight time method using force platforms;
PUSH2 = PUSH Band 2.0; CMJNAS = countermovement jump without arm swing; CMJAS = countermovement jump
with arm swing; AIabs = absolute arm contribution index; AIrel = relative arm contribution index; CV = coefficient
of variation; CI = confidence interval; ICC = intraclass correlation coefficient. * Significantly higher than CMJNAS
(p < 0.05). † Significantly higher than FPimp (p < 0.05). ‡ Significantly higher than FPtime (p < 0.05).

Table 3. Systematic bias, proportional bias, and concurrent reliability of CMJ height measurements.

Day 1 Day 2

Systematic Bias
(cm) (95% LoA)

R2 ICC3,1

(95% CI)
Systematic Bias
(cm) (95% LoA)

R2 ICC3,1

(95% CI)

CMJNAS
FPtime vs. FPimp 2.23 (−1.83, 6.29) <0.01 0.95 (0.87, 0.98) 2.00 (−2.24, 6.24) 0.02 0.95 (0.86, 0.98)

PUSH2 vs. FPimp 3.99 (−0.73, 8.72) <0.01 0.94 (0.84, 0.98) 3.38 (−0.97, 7.73) 0.17 0.94 (0.84, 0.98)
PUSH2 vs. FPtime 1.76 (−1.89, 5.42) <0.01 0.96 (0.90, 0.99) 1.38 (−3.69, 6.46) 0.12 0.96 (0.89, 0.98)

CMJAS
FPtime vs. FPimp 1.77 (−3.16, 6.70) 0.04 0.93 (0.83, 0.98) 1.51 (−3.31, 6.33) <0.01 0.93 (0.84, 0.98)

PUSH2 vs. FPimp 5.78 (−0.16, 11.82) 0.15 0.91 (0.77, 0.97) 5.01 (−1.47, 11.50) <0.01 0.88 (0.70, 0.95)
PUSH2 vs. FPtime 4.01 (−1.27, 9.29) 0.06 0.93 (0.83, 0.97) 3.50 (−1.03, 8.04) <0.01 0.94 (0.86, 0.98)

FPimp = impulse–momentum method using force platforms; FPtime = flight time method using force platforms;
PUSH2 = PUSH Band 2.0; CMJNAS = countermovement jump without arm swing; CMJAS = countermovement
jump with arm swing; LoA = limit of agreement; CI = confidence interval. R2 = coefficient of determination. The
95% LoA was corrected for repeated measures [33].

For concurrent validity, Pearson’s correlation coefficients revealed excellent agreement
between the methods (r = 0.92–0.96) (Figure 3). Concurrent reliability, accounting for within-
subject variation across repeated trials, was also excellent between methods (ICC (3,1) = 0.88–
0.96) (Table 3).

The systematic and proportional biases between measurement devices, assessed using
Bland–Altman plots, are summarized in Table 3. For CMJAS height on Day 1, a proportional bias
was observed between FPimp and PUSH2 (R2 = 0.15). On Day 2, proportional bias was found
for CMJNAS height between FPimp and PUSH2 (R2 = 0.17) and FPtime and PUSH2 (R2 = 0.12).
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Figure 3. Correlations between CMJ height for FPimp, FPtime, and PUSH2.

4. Discussion

This study evaluated the reliability and validity of force platform-derived impulse
(FPimp), force platform-derived flight time (FPtime), and an inertial measurement unit (PUSH2)
in assessing CMJ height, both with and without arm swing, and subsequently examined
the implications of these methods on arm contribution indices. The main findings were that
FPtime and PUSH2 can be considered reliable methods for assessing CMJNAS and CMJAS

heights, but both overestimated CMJAS and CMJNAS heights. Among the three methods,
PUSH2 overestimated AIabs and AIrel the most and was less reliable between sessions.

The intra-session and inter-day reliability of the CMJNAS height for all three methods
was good to excellent (ICC > 0.75) [31]. This result aligns with previous studies using
FPimp, FPtime, and PUSH2 [19–21]. In addition, for all three methods, the intra-session and
inter-day reliability of CMJAS height in the present study was acceptable. Consequently, all
these methods offered reliable and valid evaluations of jump height.

Regarding CMJ height, there was an interaction between jump modalities and measure-
ment methods. CMJ heights were consistently ranked, from the highest to the lowest, PUSH2-
FPtime-FPimp for both CMJAS and CMJNAS. Critically, AIabs using PUSH2 was significantly
greater than FPimp and FPtime. Hence, the arm swing amplified the intrinsic overestimation of
jump height from PUSH2, but not FPtime. Although the coefficients of determination were
not large and the specific jump modality showing a bias varied by day, given the propor-
tional bias observed between FPimp and PUSH2, PUSH2 may differentially affect CMJ height
measurements based on jump performance level. However, PUSH Inc. has not disclosed
their algorithms, making it uncertain whether the algorithms for the two CMJ modalities
are identical. This is problematic because the computation algorithm, which includes data
filtering, can have a sizeable effect on the measurement [37]. Still, we can speculate that
the kinematics of the IMU device fixed on the waist level would vary between CMJAS and
CMJNAS among participants (i.e., owing to trunk length, angle, and angular velocity). For ex-
ample, the trunk segment at take-off may be more forward-tilted in untrained participants [38]
but more upright in volleyball players [39] during CMJAS than during CMJNAS. Consequently,
kinematic differences in the trunk might lead to a more pronounced overestimation of jump
height from PUSH2 attached to the participants’ waist when arm swing is involved.
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In this study, arm swing improved jump height by 4.86 cm (12.72%) for FPimp,
4.40 cm (10.75%) for FPtime, and 6.65 cm (15.39%) for PUSH2. Previous studies have suggested
that arm swing enhances the effect of proximal-to-distal sequencing during jumping [10], and
the contribution of CMJ height influences proper jump techniques in sports such as volley-
ball [11]. However, our results revealed that the metrics used to evaluate arm contribution
(i.e., AIabs and AIrel) differed across methods. PUSH2 overestimated AIrel because its overesti-
mation of CMJAS height was greater than that of CMJNAS height, but FPtime underestimated
AIrel by similarly overestimating CMJNAS and CMJAS, which appear in the numerator and
denominator of Equation (4). A previous study speculated that the overestimation by FPtime in
CMJAS would be greater than that in CMJNAS because the height of the arm at take-off tends
to be higher than that at landing [14]. In contrast, participants in this study were instructed to
ensure that their arm height at landing matched that at take-off. This suggests that specific
instructions regarding arm swing at landing could effectively mitigate the potential systematic
bias of the CMJAS height from FPtime.

Regarding inter-session reliability, AIabs and AIrel displayed lower ICCs than CMJAS

and CMJNAS, although CMJAS and CMJNAS heights from the three methods demonstrated
acceptable inter-day reliability. Specifically, while the reliability for FPtime was below the
acceptable threshold, the reliability of the other methods slightly exceeded this threshold.
It is crucial to consider that indices derived from two numbers typically exhibit lower
reliability, owing to the inherent variability of both numbers [40]. Thus, caution is advised
when using such indices. Additionally, it is worth highlighting that the participants in
this study were neither competitive athletes nor engaged in sports involving arm-swing
techniques. AIrel from FPimp (12–13%) was considerably lower than the 24% in collegiate
male and female basketball players reported in Heishman et al. [6] or the 38% in elite male
volleyball players reported in Vaverka et al. [11]. Consequently, our findings may not
apply to populations with pronounced arm contribution, such as basketball and volleyball
athletes used to jumping with an arm swing.

Jump height in CMJAS and CMJNAS from all three methods showed good to excellent
intra-session, inter-session, and concurrent reliability. Each method therefore appears repro-
ducible and robust in evaluating CMJ height, with no proportional bias between methods.
While proportional bias was generally not observed between FPimp and FPtime, it tended
to be present or higher in comparisons involving PUSH2 against the other two methods,
which aligns with findings from other studies using PUSH2 [20]. Previous studies reported
that PUSH2 overestimated CMJNAS height by 3.8 cm [20] and 7.9 cm [41] compared to the
FPtime, and 6.0 cm compared to the FPimp [19], which was higher than presently (1.4–1.8 cm
from FPtime and 3.4–4.0 cm from FPimp). This greater overestimation could be attributed to
differences in software versions used across studies. In our study, we used PUSH2 software
version 7.7.0. In contrast, Watkins et al. [20] used version 4.5.0, Comyns et al. [41] used version
4.6.2, and McMaster et al. [19] used version 2.0.5. Software updates are typically designed to
enhance measurement accuracy; hence, practitioners should be mindful of variations induced
by the computation algorithm.

Among limitations to this study, whether the low inter-day reliability of AIabs and AIrel

extends to athletes with greater arm contribution must be carefully considered. All participants
were men, so whether the present results are applicable to female individuals may need
confirmation. Strict control of participants’ behavior between sessions was practically not
possible, but the high reliability and validity reported suggest that any confounding influence
would have been minimal. Lastly, the current findings of PUSH2 might not be applicable to
other IMUs likely using a different algorithm, although the hardware technology is essentially
the same. Future research may need to clarify how the arm swing impacts the reliability of
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jump performance measurement across populations of athletes, notably higher-level athletes
implementing jumping as a tool to monitor training implementations over longer time periods.

5. Conclusions

All three methods showed high intra-session and inter-session reliability for jump
height, supporting their use in athlete monitoring when applied consistently. However,
compared to the gold-standard FPimp method, both FPtime and PUSH2 overestimated jump
height. Because it overestimated jump heights similarly in both CMJ modalities, FPtime

misestimated the relative effect of arm swing. PUSH2 potentially misestimated both the
absolute and relative effects of arm swing, owing to different degrees of overestimation
between CMJNAS and CMJAS. Also, since arm contribution indices showed lower inter-day
reliability, their use in monitoring should be approached with caution.
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Abbreviations

The following abbreviations are used in this manuscript:

AIabs Absolute arm contribution index (difference in CMJ height between CMJAS and CMJNAS)
AIrel Relative arm contribution index (percentage change in CMJAS height relative to CMJNAS)
CI Confidence interval
CMJ Countermovement jump
CMJAS Countermovement jump with arm swing
CMJNAS Countermovement jump without arm swing
CV Coefficient of variation
FPimp Impulse–momentum method using force platforms
FPtime Flight time method using force platforms
GRFv Vertical ground reaction force
ICC Intraclass correlation coefficient
IMU Inertial measurement unit
LoA Limits of agreement
PUSH2 PUSH Band 2.0
Tflight Flight time
Vto Vertical velocity at take-off
ηp

2 Partial eta-squared
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https://www.fsfvconference.rs/ (accessed on 18 September 2025).

Abstract: Background: Previous research has identified center of mass vertical oscillation
and leg stiffness as the most common variables differentiating Natural and Groucho run-
ning techniques. The aim was to assess the inter-session reliability and inter-technique
sensitivity of synchronized inertial measurement units and contact grids in quantifying
kinematic and kinetic differences between Natural and Groucho running techniques. Meth-

ods: Eleven physically active and healthy males ran at a speed 50% higher than transition
speed. Two sessions for Natural and two for Groucho running were performed, each lasting
1 min. Results: Most variables exhibited a similar inter-session reliability across running
techniques, except contact time and center of mass vertical displacement, ranging from
moderate to good (ICC = 0.538–0.897). A statistically significant difference between running
techniques was found for all variables (p < 0.05), except for contact time and center of mass
vertical oscillation (p > 0.05), likely due to inconsistency in reliability depending on the
running technique, which may have covered the underlying differences. Conclusions: We
can conclude that the combination of synchronized inertial measurement units and contact
grids showed potentially acceptable reliability and sufficient sensitivity to recognize and
differentiate between Natural and Groucho running techniques. The results may contribute
to a broader understanding of the differences between these two running techniques and
encourage the increased use of these devices within therapeutic, recreational, and sports
running contexts.

Keywords: natural running; Groucho running; center of mass vertical oscillation; leg
stiffness; kinematics; kinetics

1. Introduction

Inertial measurement units (IMUs) are multicomponent sensor systems designed
to measure acceleration, angular velocity, and the orientation of a physical body in
space. These systems consist of three key sensors—an accelerometer, a gyroscope, and
a magnetometer—that collectively enable the estimation of kinematic parameters. The
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accelerometer measures linear acceleration along three mutually perpendicular axes by
detecting the displacement of an inertial mass relative to a reference frame. The gyroscope
measures the angular velocity around three axes, whereas the magnetometer detects the
strength and direction of the Earth’s magnetic field, allowing for the determination of
the device’s absolute orientation in space. The reliability of IMUs has been confirmed in
numerous studies examining different types of movements, such as walking, jumping [1],
running [2] and various weightlifting exercises—Olympic lifts, squats, etc. [1,3]. By en-
abling detailed tracking of movement and contact phases, the use of IMUs helps identify
movement patterns and optimize techniques to improve performance and reduce the risk
of injury [4–7].

Contact grids (CGs) consist of two units, which together create a “carpet” of infrared
light a few millimeters above the floor. When the light beams are interrupted, the time is
recorded, thus allowing detection of contact and flight times. These devices have a wide
range of applications in biomechanical analysis, such as running and jumping [8–10]. The
IMU sensor can be combined with other measuring devices—such as, for example, CGs—
in order to achieve more precise and comprehensive motion analysis. If synchronized
within the common software, they can offer broader spectrum of already predefined and
precalculated variables, facilitating the comprehensiveness and time efficiency of analysis
when using these devices in practical settings. Thus, the combination of IMUs and CGs
could further expand the scope of biomechanical movement analysis, offering broader
applications and deeper insights.

Running is a fundamental form of human locomotion that is often analyzed from a
biomechanical perspective to better understand its basic principles. Research in this field
has focused on the forces acting on the body, movement patterns, and factors influencing
performance [11–14]. Vertical oscillation of the body’s center of mass is one of the most
commonly used reference points in the biomechanical analysis of running [15–17]. Another
important running factor is the stiffness of the locomotor system, defined as the extent to
which an object resists deformation in response to an applied force [18], which reflects the
ability to accumulate, store, and release energy from elastic deformation [19]. All of this
could be analyzed with a combination of IMUs and CGs by utilizing their technological
ability to estimate displacements and ground reaction forces during movement on the
basis of acceleration and contact detection. Since acceleration is the second derivative of
displacement, integrating the acceleration signal twice (with proper filtering) can yield esti-
mates of velocity and displacement. On the other hand, contact time, measured using CGs,
serves as a basis for assessing oscillatory or spring-like behavior of the body, particularly
during running.

An optimal level of leg stiffness can enhance running performance [20] and reduce
injury occurrence [21]. Runners frequently use various strategies to optimize stiffness, in-
cluding modifying surfaces, footwear, and running techniques [22,23], such as the Groucho
running technique [20]. This technique is characterized by reduced vertical oscillation
of the center of mass, lower leg stiffness, and increased hip and knee flexion [24], thus
reducing loading on the musculoskeletal system and increasing muscle activation and
oxygen consumption [25,26], potentially helping to prevent injuries while enhancing the
effectiveness of training within a specific timeframe.

Research on the biomechanical differences between the Natural and Groucho running
techniques has shown that the Groucho technique is associated with a longer contact time,
shorter flight phase [27,28], shorter stride length [24], higher step frequency [28], reduced
vertical oscillation of the center of mass [24], and lower leg stiffness [24]. Most previous
studies have analyzed and compared these two running techniques via motion capture
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systems [27] or a combination of kinematic analysis and force platforms [29]. Despite
the widespread use of IMU and CG devices in the biomechanical analysis of running
techniques, the analysis and comparison of Natural and Groucho running techniques has
not yet been examined using these devices.

The aim of this study is to assess the inter-session reliability and inter-technique
sensitivity of IMUs and CGs in quantifying previously established differences between
Natural and Groucho running techniques. Given the technological characteristics and
physics principles underlying these devices, it is hypothesized that the measurements will
demonstrate an acceptable level of reliability and that they will be sufficiently sensitive to
detect differences in kinematic and kinetic characteristics between these two techniques.
The results may contribute to a broader understanding of the differences between these two
running techniques and encourage the increased use of these devices within therapeutic,
recreational, and sports running contexts by facilitating more comprehensive and time
efficient analysis when used in practical settings.

2. Materials and Methods

2.1. Sample of Subjects

The study included 11 physically active and healthy male participants without recent
injuries to the locomotor system and previously inexperienced in Groucho running. The
participants’ age was 23.1 ± 2.5 years, body height was 182.7 ± 5.8 cm, body mass was
83.1 ± 7.4 kg, and body mass index was 24.9 ± 1.6 kg/m2. Each subject signed a written in-
formed consent form confirming their voluntary participation in the experiment. Achieved
statistical power for this sample size was calculated using G*Power software v3.1.9.7 (Hein-
rich Heine University, Düsseldorf, Germany). Analysis for two-tailed dependent (paired)
T-test showed that 11 participants produced moderate 67% statistical power in detecting
large effect size f (0.4), at an alpha level of 0.05.

2.2. Experimental Protocol

The protocol consisted of basic anthropometric and morphological measurements
(body height, body mass, and dominant leg length), followed by a ten-minute warm-up
through cyclic exercises, stretching, and muscle activation drills. The next step involved
determining the transition speed from walking to running, followed by familiarization with
the Groucho running technique, and finally, the main part of the experimental protocol—
variable sampling during Natural and Groucho running techniques. The subjects were
instructed not to consume food or liquids for at least one hour before the testing session
and not to engage in any intense physical activity for at least 24 h before the experiment.
The experiments reported in the article were undertaken in compliance with the relevant
laws and institutional guidelines. The experimental protocol was planned and conducted
in accordance with the Declaration of Helsinki and was approved by the Ethics Committee
of the Faculty of Sport and Physical Education, University of Belgrade (Date: 9 April 2025;
Number: 02-506/25-2).

Body height was measured via a digital altimeter (BSM170, Arab Engineers). The
measurement procedure was conducted following the manufacturer’s recommenda-
tions. Body mass index was calculated as the ratio between body mass [kg] and body
height [m] squared. Leg length measurement was required for the calculation of leg stiff-
ness via software (see the Variables section).

Running speed was standardized across participants based on transition speed from
walking to running in order to minimize the differences in Natural running technique
between the subjects, as transition speed accounts for variations in anthropometric char-
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acteristics and motor abilities important for running at the particular speed [30]. The
transition speed determination protocol involved testing under natural walking conditions
on a treadmill while continuously holding the handles. The participants were instructed
that the goal was not to determine their maximum walking speed but rather the speed at
which walking or running felt more natural and easier. The treadmill display showing
speed was hidden, and participants were free to choose the more suitable movement
pattern for a given speed. The initial walking speed was 5 km/h, and the speed was
gradually increased every 30 s by either 0.4 km/h or 0.2 km/h depending on the proximity
to the transition speed. The objective indicator of transition speed was the presence of a
flight phase, whereas the subjective indicator was the participant’s feedback. After the
initial transition speed determination, a verification test was performed at the given speed
following a 30 s break. In this sample of subjects, the transition speed was 7.1 ± 0.4 km/h.

Familiarization with the Groucho running technique was conducted through verbal
instructions, demonstrations, participant practice, and corrections made by the examiner.
The criteria for proper Groucho running technique included visibly reduced vertical oscil-
lation of the center of mass, continuous maintenance of the center of mass at a constant
level, and increased flexion at the hip and knee joints of both legs. The exact verbal instruc-
tions were as follows: “Flex your knees, lower your body height while running, keep the
height at a constant level and reduce the impact of the foot”. Familiarization lasted around
5–10 min, depending on the subject learning efficiency, until the subject could perform
proper Groucho technique continuously and independently. Familiarization for Natural
running technique was unnecessary because it did not involve any verbal cues in order to
simulate real natural conditions for an individual.

The participants ran at a supratransitional speed—their individual transition speed
increased by 50%, to reduce the variability of relatively slow running on transition speed,
as it is known that increases in running speed reduces the coordination variability during
stance phase [31]. For this sample of subjects, the running speed was 10.6 ± 0.5 km/h. Two
running sessions were performed per technique in the following order: (1) Natural running
and (2) Groucho running, each lasting 1 min, with a 2 min break between techniques and a
10 min break between sessions. Techniques were not randomized within a session across
participants because Natural running was performed without verbal instructions, so it
did not affect performance during Groucho running as there is no learning and transfer
effect, as well as fatigue occurrence due to controlled running intensity and the duration of
resting period. Technique control during the experiment was conducted through visual
observation, with corrections provided via previously explained verbal instructions from
the examiner.

2.3. Testing Devices

Two complementary measuring devices (IMU and CG) made by the Norwegian
company MuscleLab (Figure 1) were used. The IMU consisted of an accelerometer (16G,
accuracy ±1%), a gyroscope (2000 dps, accuracy ±1%), and a magnetometer (1300/2500 μT,
accuracy ±5%). The sampling frequency of the IMU was 200 Hz. The resolution of the
CG was < 2 ms. Synchronization was achieved via a data synchronization unit (accuracy
±1 ms) with a built-in radio host device (2.4 GHz), whereas the software enabled data
acquisition and processing (v10.241.11.4.5359, x64 bit). The IMU sensor was placed at the
L5–S1 level to approximate the center of mass location, whereas the CGs were placed in
line with the treadmill and separated 3 m apart.
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(a) (b) 

Figure 1. Inertial measurement unit (a) and contact grid (b) made by the Norwegian company
MuscleLab https://www.musclelabsystem.com/products/ (accessed on 1 October 2025).

2.4. Variables

The following variables were acquired:
(1) Contact time—CT [ms]
(2) Flight time—FT [ms]
(3) Step length—SL [cm]
(4) Step frequency—SF [step/s]
(5) Center of mass takeoff angle—COMangle [◦]
(6) Center of mass vertical oscillation—Overt [cm]
(7) Leg stiffness—Kleg [kN/m]
CT, FT, SL and SF are the most common kinematic variables used for running analy-

sis [32,33]. The COMangle refers to the angle between the horizontal axis and the resultant
velocity vector of the COM at the moment the subject leaves the ground. We utilized this
variable in order to describe the differences between techniques in a more comprehensive
manner, given that different takeoff angle under the same impulse influence the achieved
height of the object in flight, and consequently Overt. Software computed Kleg on the basis
of the spring-mass model, utilizing leg length and joint kinematics. Specifically, leg com-
pression (ΔL) was estimated by calculating changes in effective leg length during the stance
phase on the basis of initial leg length, running velocity and contact time [34] which were
all derived from predefined anthropometric data and velocity, as well as IMU-measured
body motion and CG detection. The peak vertical force (Fmax) was approximated via the
vertical displacement recorded by the IMU and determined via double integration of the
vertical acceleration over time [35]. Kleg was then computed as the ratio of Fmax to ΔL [34].

2.5. Statistical Analysis

Each variable was represented by its mean value and standard deviation. Data were
subjected to normality distribution analysis via the Shapiro–Wilk test (for both sessions
and techniques). Reliability analysis was conducted by comparing both sessions within
technique via the average measures intraclass correlation coefficient (ICC) with a two-way
mixed-effects model and absolute agreement, presented with a 95% confidence interval
(CI) and standard error of measurement (SEM). The following criteria were used for ICC
classification: poor < 0.50, moderate 0.50–0.74, good 0.75–0.89, and excellent ≥ 0.90 [36].
Systematic errors within technique were examined through repeated-measures analysis
of variance. Sensitivity analysis was conducted by comparing the second sessions of
both techniques via dependent T-test. Effect size (ES) for the differences between running
techniques was calculated via Cohen’s D as the difference between the mean values divided
by the pooled standard deviation. The effect size was considered small if it was ≤0.49,
medium if it was between 0.50 and 0.79, and large if it was ≥0.80 [37]. Statistical data
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processing was performed via IBM SPSS Statistics v20.0.0 (IBM Corp., Armonk, NY, USA).
The level of statistical significance was set at ≤0.05.

3. Results

The Shapiro–Wilk test confirmed a normal distribution of data for all variables in both
sessions and for both techniques in this sample of subjects (p > 0.05). The results of the
repeated-measures analysis of variance within technique did not show significance, indi-
cating that no systematic error was detected (p > 0.05). Figure 2 shows the representative
plots of Overt and Kleg during 10 s across running techniques. Figures 3 and 4 show the
descriptive statistics for all the variables across running techniques. Tables 1 and 2 present
the results of the inter-session reliability analysis for the Natural and Groucho running tech-
niques, respectively. Table 3 presents the results of the inter-technique sensitivity analysis.

Figure 2. Representative plot for (A) vertical oscillation and (B) leg stiffness during Natural and
Groucho running.

Figure 3. Means ± standard deviations for all kinematic variables during Natural and Groucho
running—(A) contact time, (B) flight time, (C) step length, (D) step frequency, (E) center of mass
takeoff angle and (F) center of mass vertical oscillation.
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Figure 4. Means ± standard deviations for leg stiffness during Natural and Groucho running.

Table 1. Results of the ICC and SEM analysis for the Natural running technique.

Variables ICC 95% CI SEM p

CT 0.575 −0.487–0.884 17.9 0.095
FT 0.690 −0.114–0.916 17.5 0.040 *
SL 0.897 0.626–0.972 2.5 0.001 *
SF 0.845 0.433–0.958 0.07 0.004 *

COMangle 0.884 0.566–0.969 0.3 0.001 *
Overt 0.684 −0.084–0.913 1.3 0.039 *
Kleg 0.720 0.030–0.923 0.88 0.027 *

CT—contact time; FT—flight time; SL—step length; SF—step frequency; COMangle—center of mass takeoff angle;
Overt—COM vertical oscillation; Kleg—leg stiffness. * Statistical significance (p ≤ 0.05).

Table 2. Results of the ICC and SEM analysis for the Groucho running technique.

Variables ICC 95% CI SEM p

CT 0.843 0.410–0.958 12.9 0.005 *
FT 0.622 −0.546–0.901 17.4 0.082
SL 0.883 0.555–0.969 1.8 0.002 *
SF 0.800 0.216–0.947 0.04 0.012 *

COMangle 0.822 0.340–0.952 0.4 0.007 *
Overt 0.868 0.516–0.964 0.9 0.001 *
Kleg 0.538 −0.858–0.878 0.88 0.131

CT—contact time; FT—flight time; SL—step length; SF—step frequency; COMangle—center of mass takeoff angle;
Overt—COM vertical oscillation; Kleg—leg stiffness. * Statistical significance (p ≤ 0.05).

Table 3. Results of dependent T-test and effect size analysis between running techniques.

Variables t p Cohen’s D

CT −0.802 0.441 0.26
FT +2.663 0.024 * 1.00
SL +5.747 0.000 * 0.90
SF −5.078 0.000 * 0.94

COMangle +4.627 0.001 * 1.00
Overt −1.464 0.174 0.30
Kleg +2.469 0.033 * 0.95

CT—contact time; FT—flight time; SL—step length; SF—step frequency; COMangle—center of mass takeoff angle;
Overt—COM vertical oscillation; Kleg—leg stiffness. * Statistical significance (p ≤ 0.05).

For almost all the variables, the ICC was statistically significant, except for CT, which
tended toward statistical significance. The ICCs ranged from moderate to good for all the
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variables (0.575–0.897). In 3 out of 7 cases, inter-session reliability was good. Moderate
reliability was observed for CT, FT, Overt, and Kleg, whereas good reliability was observed
for SL, SF, and COMangle.

For almost all the variables, the ICCs were statistically significant. Kleg was not
statistically significant, whereas FT tended toward statistical significance. The ICCs ranged
from moderate to good for all the variables (0.538–0.883). In 5 out of 7 cases, inter-session
reliability was good. Moderate reliability was observed for FT and Kleg, whereas good
reliability was observed for CT, SL, SF, COMangle, and Overt.

A statistically significant difference between running techniques was found for all the
variables, except for CT and Overt. Figures 3 and 4 show that FT, SL, COMangle, and Kleg

are lower, whereas SF is higher in the Groucho running technique.

4. Discussion

The aim of this study was to examine the inter-session reliability and inter-technique
sensitivity of IMUs and CGs in detecting differences in kinematic and kinetic characteristics
between Natural and Groucho running techniques. The devices demonstrated, in most
cases, nearly good-to-good reliability in measurements and are sufficiently sensitive to
detect differences in most of the monitored variables, which could be considered adequate
in the measurements of biological systems. The significance of this study lies in providing
new insights into the application of synchronized IMUs and CGs in both scientific research
and practical fields related to running, as this configuration may enhance capability and
efficiency of running analysis.

Most variables exhibited a statistically significant ICC, with inter-session reliability
ranging from moderate to good (ICC = 0.538–0.897) (Tables 1 and 2). Specifically, moderate
reliability in both techniques is demonstrated for FT and Kleg, good reliability is demon-
strated in both techniques for SL, SF and COMangle, and the reliability of CT and Overt

differs from moderate to good depending on the running technique. No variables reached
poor level of reliability. As previously mentioned, the adequate reliability of these devices
has been confirmed in numerous studies examining different movement patterns, such as
walking and jumping [1], running [2], and various weightlifting movements, including
Olympic lifts and squats [1,3].

Previous research on this topic has identified Overt and Kleg as the most common
variables differentiating these two running techniques [24,38]. The present results reveal
a statistically significant difference between the running techniques for most analyzed
variables, except for CT and Overt (Table 3), probably because of inconsistency in reliability
depending on the running technique, and relatively lower reliability in the Natural com-
pared to Groucho running technique (Tables 1 and 2). ESs of all variables are in accordance
with the statistical significance, that is, variables that showed significant differences be-
tween techniques had large ES (Table 3). The lower FT, SL, COMangle, and Kleg values, along
with an increased SF in the Groucho technique, suggest that this technique involves shorter,
more frequent, and “softer” steps, which aligns with previous research findings [24,27,28].

Previous studies have reported that the Groucho running technique results in longer
CT and lower Overt values [24,27,28,38]. A partial explanation for the lack of observed
differences in this study is the inconsistency in the reliability of CT and Overt across running
techniques (predominantly in Natural), which may have covered the underlying differ-
ences. Regarding Overt, this finding is not in line with previous studies that confirmed
the reliability of this variable [39], while CT has the tendency to show relatively lower
validity and reliability via IMUs [40,41]. Additionally, it is hypothesized that the reduced
Kleg in the Groucho technique alters vertical oscillation—being more pronounced in the
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eccentric phase and less pronounced in the concentric phase than in the Natural running
technique—which may partially explain this unexpected result. In support of this hypothe-
sis, the lower COMangle observed in the Groucho technique likely reduces the height of the
COM trajectory, leading to less upward vertical oscillation after takeoff. Furthermore, it
is unlikely that this unexpected result stems from methodological issues, as participants
had sufficient familiarization that enabled them to include every technical request in the
Groucho running described in the exact verbal instructions, data from the second session
were used for sensitivity analysis, the IMU was positioned on an appropriate location and
equipment was well synchronized. The authors of this study do not necessarily imply
that CT and Overt are not suitable for distinguishing the differences between Natural and
Groucho running techniques and running technique analysis in general, but that these
variables should be re-examined on reliability in different research settings along with joint
kinematic analysis to describe the movement more comprehensively.

Since the only way to validate the accuracy of these devices is to directly compare the
differences in biomechanical variables between these running techniques, with findings
from previous studies that employed more direct measurement methods and given the
previously stated explanations for CT and Overt, we can conclude that the combination
of synchronized IMUs and CGs showed potentially acceptable reliability and sufficient
sensitivity to recognize and differentiate between Natural and Groucho running tech-
niques. This study contributes to a better understanding of the capabilities and potential
applications of synchronized IMUs and CGs for biomechanical running analysis, as this
technological configuration has the potential to analyze efficiently more variables than
using, for example, only CGs for running technique analysis. The primary uncertainty
pertains to the CT and Overt variables, which requires further investigation. One of the
study limitations is the relatively smaller sample size, leading to moderate statistical power
(67%) and lower chance of detecting true differences (risk of type II error), due to which we
cannot confidently conclude if the differences in CT and Overt between running techniques
ultimately exist or not. Reflecting on the limitations of this study, future research should
include a larger sample size and a population of professional runners already familiar
with the Groucho running technique, in order to examine the generalizability of these
findings. Also, it is suggested to explore potential differences among different device
manufacturers and across different movements, in order to confirm the accuracy of these
findings. Moreover, it is crucial to validate their use in this context by comparing them
with the gold standard—motion capture systems.

5. Conclusions

All variables monitored through synchronized IMU and CG exhibited moderate to
good inter-session reliability, while most of them were sensitive enough to differentiate
between Natural and Groucho running techniques. According to these results, we can
conclude that synchronized IMUs and CGs showed potentially acceptable reliability and
sufficient sensitivity to recognize and differentiate between Natural and Groucho running
techniques, which could be considered adequate in the measurement of biological systems.
This study contributed to a better understanding of the potential of utilizing synchronized
IMUs and CGs, thereby encouraging their broader application in running-related research
and practice. Future studies should re-evaluate the measurement properties of synchro-
nized IMUs and CGs and compare it with gold standard (motion capture system), while
utilizing different device manufacturers on a larger sample size of professional runners
already familiar with the Groucho running technique.
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Abstract: Background/Objectives: Running is one of the most popular physical activities
worldwide and have been widely studied in relation to performance and injury preven-
tion. In addition to measurements conducted under standardized laboratory conditions,
inertial measurement units (IMUs) allow for the assessment of biomechanical parameters
in real-world settings—particularly during endurance runs. The aim of this study was
to investigate how running a half-marathon under field conditions affects exertion and
various biomechanical parameters, as measured using IMUs. Methods: Twenty runners
completed a half-marathon on a flat, even-surfaced walkway at a self-selected, constant
pace corresponding to a brisk training run. In addition to lower limb biomechanics, heart
rate (HR) and ratings of perceived exertion (REP) were also recorded. Results: A significant
increase in both HR and RPE was observed toward the end of the half-marathon, indicating
the presence of fatigue during the later stages of the run. The biomechanical results further
demonstrate that this fatigue was associated with increased peak tibial acceleration, peak
angular velocity in the sagittal plane of the foot, and peak rearfoot eversion velocity, while
foot strike angle, stride frequency, and stride length remained unchanged. Furthermore, a
progressive increase in ground contact time and a decrease in flight time were observed
over the course of the run, resulting in an increased duty factor. Conclusions: These
findings highlight the value of IMU-based assessments for detecting fatigue-related biome-
chanical changes during prolonged runs in real-world conditions, which may contribute to
early identification of overload and inform injury prevention strategies.

Keywords: running; half-marathon; biomechanics; inertial measurement unit; peak tibial
acceleration; peak rearfoot eversion velocity

1. Introduction

Running is one of the most widely practiced forms of physical activity and is asso-
ciated with substantial health benefits. Beyond its health-promoting effects, the appeal
of competition and performance comparison has become increasingly prominent, as evi-
denced by the growing number of marathon or half-marathon participants worldwide [1–3].
However, running also carries a notably high incidence of overuse injuries, with prevalence
ranging from 19.4% to 92.4% among distance runners [4]. This is likely attributable in part
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to increased training volumes and intensities during competition preparation phases, al-
though the relationship between training load and injury risk remains a subject of ongoing
debate [5,6].

Given the multifactorial etiology of overuse injuries, attention has increasingly turned
to biomechanical parameters that may act as modifiable risk factors.

In this context, several studies have focused on biomechanical parameters in distance
running particularly in relation to muscular fatigue, which naturally accumulates during
prolonged endurance runs or at higher intensities, in healthy, recovered, and acutely
symptomatic runners [7–23].

One of these biomechanical parameters is peak tibial acceleration (PTA), which pro-
vides information on how the shock wave resulting from the forces at initial ground contact
(IC) propagates through the lower extremities and allows inferences about the internal
forces acting on the musculoskeletal system [24,25]. Thereby, excessive values in PTA
have been associated with increased mechanical strain on the tibia and surrounding struc-
tures, potentially predisposing athletes to bone stress injuries [11,26–30]. The influence of
muscular fatigue on PTA has been examined primarily during running on treadmills or
indoor running tracks, with inconsistent results. While some investigations suggest that
muscular fatigue induces adaptations in running mechanics—reflected in increased PTA
values [9,11]—other studies have not reported consistent evidence of such changes [7,12].
To date, apart from indoor running studies, only a few investigations have addressed
PTA during endurance running in real-world settings, likewise with inconsistent results.
For example, Morio et al. [18] reported no change in PTA during field running, whereas
Ruder et al. [22] observed a decrease at the end of an endurance run.

In addition to the impact loading parameter PTA, it is also relevant to consider the
influence of muscular fatigue on kinematic measures such as peak eversion velocity (evVel),
peak angular velocity in the sagittal plane (PAV), and foot strike angle (FSA). In this
context, several studies have shown that with increasing muscular fatigue, evVel increases
significantly [10,11,31], whereas FSA may decrease significantly [12,20,32]. No recent study
could be identified that examined the influence of muscular fatigue on PAV. However, this
parameter is highly relevant as it reflects the foot rollover in the sagittal plane [33]. It may
provide insights into the ability to actively decelerate plantarflexion after IC, a function that
relies on the dorsiflexors and may be impaired by their fatigue, which in turn can influence
shock absorption [34].

Furthermore, fatigue-related changes in spatiotemporal parameters—including step
frequency (SF), ground contact time (tC), flight time (tF), and duty factor (DF)—are of
particular interest, as they represent fundamental descriptors of running mechanics. They
are generally stable at constant speeds but may show subtle changes under muscular fa-
tigue, which can reflect compensatory strategies and influence running efficiency or injury
risk [7–9,11,12,18]. However, the existing literature reports inconsistent findings regard-
ing these adaptations, which may be partly explained by differences in methodological
approaches such as running speed, exercise intensity, or running surface.

As shown, most studies investigating the effects of muscular fatigue on the above-
mentioned biomechanical parameters have been conducted on treadmills or indoor running
tracks, often with inconsistent results [7–11,15,17]. Further investigations have been carried
out under field conditions, likewise reporting inconsistent findings or not including relevant
parameters of impact loading (e.g., PTA) and foot rollover kinematics (e.g., evVel) in
conjunction with spatiotemporal parameters [13,14,19–21,23].

These inconsistencies point to a broader issue: muscular fatigue appears to elicit
different biomechanical responses depending on the running context. Specifically, the
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existing literature indicates that biomechanical adaptations in response to muscular fatigue
may differ between treadmill and field running. This suggests that changes in parameters
such as PTA are strongly influenced by the study design—particularly the running surface,
speed, and intensity. Supporting this, higher PTA values have been reported during
outdoor running compared to treadmill conditions [35–37]. Consequently, biomechanical
variables associated with overuse injuries—such as medial tibial stress syndrome (MTSS)
or tibial stress fractures (TSF)—identified through laboratory-based gait analysis may
not accurately reflect their magnitudes during field running. To address this limitation,
studies conducted in natural environments (e.g., on streets or sidewalks) are necessary to
investigate how muscular fatigue influences biomechanical parameters under ecologically
valid conditions [38]. Furthermore, a review by Xiang et al. [39] highlighted that, beyond
impact parameters such as PTA or ground reaction forces, a holistic approach should be
adopted by integrating additional biomechanical aspects, with inertial measurement units
(IMUs) providing a promising tool for this purpose.

In this context, IMUs, which combine accelerometers and gyroscopes, offer a particu-
larly suitable solution for field-based research due to their compact size and lightweight
design, as has been demonstrated in several field-based studies [13,18,33,36,37].

As demonstrated above, previous findings remain inconsistent, underscoring a crucial
gap in knowledge regarding how fatigue affects running biomechanics under field condi-
tions. This highlights the need for approaches that enable the comprehensive assessment of
multiple biomechanical parameters outside the laboratory. Therefore, the aims of this study
were twofold: (1) to investigate whether IMUs are suitable for capturing a broad range of
biomechanical parameters during a half-marathon run under field conditions, extending
beyond the more limited approaches used in previous research, and (2) to examine how
such a run affects exertion and the above mentioned biomechanical parameters. It was
hypothesized (I) that both heart rate and perceived exertion would significantly increase
with the duration of the run. With respect to biomechanics, it was hypothesized (II) that
PTA would significantly increase from the beginning to the end of the run as a result of
acute muscular fatigue and a reduced capacity to absorb impact forces. Furthermore, it was
hypothesized (III) that foot kinematics—specifically, evVel and PAV—would increase over
the course of the run due to progressive muscular fatigue in the lower extremities, whereas
the FSA would decrease. Regarding spatiotemporal parameters, it was hypothesized (IV)
that, despite a constant running speed, increasing fatigue during a half marathon would
lead to a decrease in strLen and tF, while SF and tC would increase. We also hypothesized
(V) that exertion parameters are correlated with biomechanical parameters.

This study aims to demonstrate the potential of IMU-based systems for continuous,
field-based monitoring of running biomechanics under fatigue conditions during prolonged
endurance runs. Understanding how biomechanical parameters change under real-world
conditions provides valuable insights for injury prevention in endurance runners. In
addition, the findings may inform training strategies and fatigue monitoring through
real-time feedback to promote safer and more efficient running over longer distances.

2. Materials and Methods

2.1. Participants

In summary, 20 runners without any injuries in the last six months were recruited for
this study. Demographic and running-related characteristics of the runners are presented in
Table 1. Participants ran an average of 36.8 ± 21.8 km per week. During the half-marathon
run, the average running speed was 11.4 ± 0.9 km/h.
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Table 1. Demographic and running-related characteristics of the runners (mean ± SD).

Age
[Years]

Height
[cm]

Weight
[kg]

Gender
[Male/Female]

Weekly Running Distance
[km]

Running Speed
[km/h]

36.9 ± 12.4 177.2 ± 6.4 71.5 ± 10.8 16/4 36.8 ± 21.8 11.4 ± 0.9

The runners were informed about the purpose and design of this study, signed an
informed consent document, and completed a form with their personalized data. All
procedures were performed in accordance with the recommendations of the Declaration of
Helsinki. This study was approved by the Ethics Committee of the Chemnitz University of
Technology (#101627696).

2.2. Experimental Setup and Procedures
2.2.1. Running

Data acquisition took place on a straight, flat concrete sidewalk approximately 1.4 km
in length. Following an individual warm-up period of 5 to 10 min, each participant com-
pleted 15 laps on the sidewalk, totaling the official half-marathon distance of approximately
21.1 km. Running speed was self-selected and corresponded to each runner’s typical train-
ing pace, as suggested in previous studies [10,18]. Participants were instructed to choose
a running pace they could maintain continuously over the entire half-marathon distance
without the need to stop; however, a minimum speed of 10 km/h was required. The
running speed was constantly checked by the experimenter on a bicycle with a speedome-
ter [33,36]. During the half-marathon run, participants used their own running shoes.
Runners rated their perceived exertion (RPE) on a 15-point Borg scale (from 6 to 20) at the
beginning of the run and after each lap [40]. Furthermore, participants wore a Garmin
Forerunner® 735XT (Garmin, Olathe, KS, USA) equipped with an external heart rate sensor
(HRM-Pro™ Plus, Garmin, Olathe, KS, USA) to monitor heart rate (HR).

2.2.2. Sensor Setup

Based on Hill et al. [36], four small, lightweight inertial measurement units (IMU;
ICM-20601, InvenSense, San Jose, CA, USA; weight: 4 g; sampling rate: 2000 Hz) combin-
ing a tri-axial accelerometer (measurement range: ±353 m/s2) and a tri-axial gyroscope
(measurement range: ±4000◦/s) were used to measure biomechanical data (Figure 1A).
All IMUs were connected via cables to a data logger, which was secured on a belt around
the participant’s waist. According to Kiesewetter et al. [41], one IMU was attached to the
shaved medial aspect of each tibia, midway between the malleolus and tibial plateau, using
double-sided adhesive tape, an elastic strap, and a compression sleeve to minimize sensor
movement. The sensor axes were aligned with the longitudinal axes of the tibia. Addi-
tionally, an IMU was mounted on the heel cap of each running shoe using double-sided
adhesive tape and secured with additional elastic tape.
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Figure 1. (A) Schematic illustration of the setup with inertial measurement units (IMUs), data logger,
Garmin Forerunner®, and heart rate sensor; (B) Vertical acceleration data from the heel-mounted
IMU (black line) as well as from the tibia-mounted IMU (blue line), showing peak tibial acceleration
(PTA); (C) Angular velocities from the heel-mounted IMU in the frontal plane (green line) and sagittal
plane (red line), used to determine peak rearfoot eversion velocity (evVel) and peak angular velocity
for foot rollover sagittal (PAV). Toe-off was defined as maximum angular velocity in the sagittal plane,
>100 ms post IC (red triangle). A sample dataset was used for illustration.

2.3. Data Analysis

Raw data from the IMUs were analyzed post-processing using MATLAB 2024a (Math-
Works™, Natick, MA, USA). Prior to analysis, signals were filtered to reduce noise using a
zero-lag, 4th-order Butterworth low-pass filter—applied at 80 Hz for accelerometer data
and 50 Hz for gyroscope data [41].

Biomechanical Parameters

For accurate detection of IC and stride segmentation, the vertical acceleration signal
from the heel-mounted IMU was further processed using a zero-lag Butterworth high-pass
filter at 80 Hz. The first prominent peak in the filtered signal was identified as IC, ensuring
a valid detection of foot strike events for subsequent gait analysis [42]. The stride duration
(strD) was then calculated as the time between two consecutive ICs. In addition, the SF
was calculated as the inverse of the time between two consecutive ICs, multiplied by
two (assuming that the right and left legs have the same step duration). According to
Sabatini et al. [43], toe-off was identified as the point at which the angular velocity in the
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sagittal plane of the foot-mounted sensor reaches its maximum value, occurring at least
100 ms after IC (Figure 1C). Furthermore, tC was defined as the interval between IC and
the corresponding toe-off event, while tF was computed as follows (1):

tF = strD − tC (1)

The duty factor (DF), representing the proportion of time the foot is in contact with
the ground during a stride, was used to assess mechanical work [20,44]. A higher DF
indicates a longer tC, whereas a lower DF reflects longer tF and reduced tC. The following
Equation (2) was used to calculate the relative DF:

DF = tC (tF + tC)−1 * 100% (2)

The highest peak in the vertical acceleration signal of the tibia-mounted sensor was
defined as PTA (Figure 1B). To assess evVel, the maximum angular velocity in the frontal
plane of the shoe-mounted sensor was analyzed [45] (Figure 1C). For foot rollover, PAV was
determined within 100 ms after IC, following the approach described by Bräuer et al. [33]
(Figure 1C). To determine the FSA at IC, the orientation of the shoe in the sagittal plane was
calculated using angular velocity data from the heel-mounted IMU [46]. This signal was
integrated to obtain the foot angle (θ). To correct for integration drift and offset, a nulling
algorithm was applied using two consecutive stance phases where the foot was flat on
the ground, identified by minimal changes in θ. A linear offset correction between these
points was subtracted from θ. FSA was then defined as the corrected orientation angle
at IC. A detailed description of this procedure can be found in Mitschke et al. [46]. The
drift- and offset-corrected θ signal, along with the corresponding vertical and horizontal
acceleration data, was used to calculate strLen between two consecutive ICs [46]. Due to
technical issues (such as cable breakage or sensor failures) occurring during testing, all
biomechanical parameters were calculated based on data from only one leg per runner.

2.4. Statistics

Each runner completed a total of 15 laps. For each lap, means were calculated for all
biomechanical parameters. Subsequently, for lap 1 as well as laps 8 and 15, group means
and standard deviations (mean ± SD) were calculated across all runners. The three laps
represent different race segments: the start (L1), running in a “non-fatigued state”, running
in the middle of the race (L8), and running in a “fatigued state” (L15). This segmentation
into three phases was based on the approach of Prigent et al. [20].

Statistical analyses were performed using IBM SPSS Statistics (IBM Corp., Armonk,
NY, USA, Version 30.0). All data were visually inspected and tested for normal distribution
using the Shapiro–Wilk test. In cases where normality was confirmed, a one-way repeated-
measures ANOVA was conducted to compare the three laps (L1, L8, and L15), followed
by a Bonferroni-corrected post hoc test. If the assumption of normality was violated,
the Friedman test was applied for the same laps, with subsequent Dunn-Bonferroni tests
used for post hoc analysis. Statistical significance was set at α = 0.05 for all analyses. In
addition, effect size (Cohen’s d) was calculated to quantify the magnitude of differences
when statistical significance was found. The coefficients were interpreted as trivial (d < 0.2),
small (d < 0.5), medium (d < 0.8), or large effects (d ≥ 0.8) [47]. Pearson’s correlation
coefficient was used to assess linear relationships between exertion parameters (RPE and
HR) and biomechanical parameters.
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3. Results

3.1. Exertion Parameters

Table 2 presents the results for the exertion parameters. For both parameters, the
lowest values were observed in L1 and the highest in L15. The ANOVA revealed significant
differences across laps. Subsequent post hoc tests showed significant pairwise differences
between all laps, with large effect sizes (d > 0.98).

Table 2. Effects of running duration and muscular fatigue on heart rate (HR) and perceived exertion
(RPE) (mean ± SD). Statistically significant group differences are indicated with *, while significant
differences between laps 1 (L1), 8 (L8), and 15 (L15) are marked with a, b, and c, respectively; effect
sizes (Cohen’s d) are reported for the respective pairwise comparisons.

L1 L8 L15 p-Value d

HR [1/min] 133.8 ± 13.8 a; b 148.4 ± 15.8 a; c 156.6 ± 19.2 b; c * < 0.001
a < 0.001
b < 0.001
c < 0.001

a = 0.98
b = 1.36
c = 0.47

RPE (6–20) 9.0 ± 1.6 a; b 12.8 ± 2.3 a; c 15.9 ± 2.2 b; c * < 0.001
a < 0.001
b < 0.001
c < 0.001

a = 1.90
b = 3.53
c = 1.36

3.2. Biomechanical Parameters

The biomechanical parameters for the three examined segments of the half-marathon
are presented in Table 3 and Figure 2. An increase in PTA over the course of the run was
measured. ANOVA revealed significant differences between L1 and L15 (p < 0.001) with a
medium effect size (d = 0.58). For both evVel and PAV, increases in angular velocities were
observed from L1 to L15. While evVel showed only a trend toward higher velocities, PAV
exhibited significant differences between all three laps (L1 vs. L8: p = 0.046; L1 vs. L15:
p = 0.011; L8 vs. L15: p = 0.024), with trivial (L8 vs. L15: d = 0.012) to small effect sizes (L1
vs. L8: d = 0.31; L1 vs. L15: d = 0.42). No significant difference in FSA was found between
the laps (p = 0.210).

Table 3. Effects of running duration and muscular fatigue on peak tibial acceleration (PTA), peak
eversion velocity (evVel), peak angular velocity in the sagittal plane (PAV), and foot strike angle
(FSA) (mean ± SD). Statistically significant group differences are indicated with *, while significant
differences between laps 1 (L1), 8 (L8), and 15 (L15) are marked with a, b, and c, respectively; effect
sizes (Cohen’s d) are reported for the respective pairwise comparisons.

L1 L8 L15 p-Value d

PTA [g] 8.7 ± 3.5 a 9.8 ± 4.2 10.1 ± 4.2 a * < 0.001
a < 0.001 a = 0.58

evVel [◦/s] 425.1 ± 183.0 440.4 ± 160.0 452.1 ± 154.8 0.169 -
PAV [◦/s] 854.2 ± 135.3 a; b 900.6 ± 160.4 a; c 919.9 ± 172.0 b; c * 0.004

a = 0.046
b = 0.011
c = 0.024

a = 0.31
b = 0.42
c = 0.12

FSA [◦] 24.9 ± 3.7 25.4 ± 3.7 24.7 ± 4.1 0.210 -
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Figure 2. Comparison of the three examined laps of the half-marathon (L1, L8, and L15) for the
biomechanical parameters (A) peak tibial acceleration, (B) peak eversion velocity, and (C) duty factor.

Table 4 presents the results for spatiotemporal parameters. No significant differences
were found for strLen (p = 0.484) and SF (p = 0.210). Moreover, neither parameter showed
an increasing or decreasing trend over the three laps. For tC, a significant increase with
a small effect size was observed between laps L1 and L8 (p = 0.022; d = 0.29) as well as
between L1 and L15 (p = 0.044; d = 0.34). In contrast, tF significantly decreased over the
course of the run from lap L1 to L8 (p = 0.036; d = 0.15) and from L1 to L15 (p = 0.020;
d = 0.23). For DF, ANOVA revealed significant differences between L1 and L8 (p = 0.006)
as well as between L1 and L15 (p = 0.016), both indicating small effect sizes (L1 vs. L8:
d = 0.24; L1 vs. L15: d = 0.33) (Figure 2C).

Table 4. Effects of running duration and muscular fatigue on spatiotemporal parameters stride
length (strLen), step frequency (SF), ground contact time (tC), flight time (tF), and duty factor
(DF) (mean ± SD). Statistically significant group differences are indicated with *, while significant
differences between laps 1 (L1), 8 (L8), and 15 (L15) are marked with a and b, respectively; effect sizes
(Cohen’s d) are reported for the respective pairwise comparisons.

L1 L8 L15 p-Value d

strLen [cm] 206.9 ± 22.6 207.0 ± 22.0 206.2 ± 22.0 0.484 -
SF [1/min] 166.2 ± 9.6 166.6 ± 9.3 167.1 ± 9.1 0.210 -

tC [ms] 255.2 ± 17.8 a; b 260.4 ± 17.6 a 261.4 ± 19.3 b * 0.010
a = 0.022
b = 0.044

a = 0.29
b = 0.34

tF [ms] 469.4 ± 45.0 a; b 462.8 ± 43.2 a 459.0 ± 44.1 b * 0.006
a = 0.036
b = 0.020

a = 0.15
b = 0.23

DF [%] 35.3 ± 3.2 a; b 36.1 ± 3.1 a 36.4 ± 3.4 b * 0.004
a = 0.006
b = 0.016

a = 0.24
b = 0.33

Pearson correlation coefficients were calculated to investigate the relationships be-
tween exertion parameters and biomechanics. Moderate positive correlations were found
between evVel and both RPE (ΔL15–L1: r = 0.49, p = 0.030) and HR (ΔL15–L1: r = 0.45,
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p = 0.045). Other biomechanical parameters showed very low correlation coefficients with
RPE and HR, none of which reached statistical significance.

4. Discussion

Previous studies have shown that muscular fatigue can substantially influence running
biomechanics, which has been associated with performance reduction and a potentially
elevated risk of injury [48]. In the present study, muscular fatigue was induced by having
participants run a half-marathon. By using of IMUs, biomechanical data could be collected
under real-world conditions, which resulted in findings with higher ecological validity.
For the half-marathon run, the running speed was set individually for each participant to
correspond to a brisk training run but was limited to a speed that allowed the run to be
completed without interruption. Maintaining a constant running speed throughout the
entire run was essential to avoid speed-related confounding effects on parameters such as
PTA, strLen, SF, and others. It was hypothesized that (I) exertion parameters (II) impact
loading, (III) kinematics, and (IV) spatiotemporal parameters change as fatigue progressed.
Furthermore, we hypothesized that there is a correlation between exertion parameters and
biomechanical parameters (V).

4.1. Exertion Parameters

During the half-marathon run, a significant increase in fatigue was observed from L1
to L8 and L15, as indicated by raised exertion parameters HR and RPE, both demonstrating
large effect sizes (Table 2). Therefore, it can be assumed that the runners experienced a high
level of physiological fatigue, particularly towards the end of the run. This assumption
is supported by significant fatigue-related changes in several biomechanical parameters.
Based on the significant increase and the large effect in exertion parameters, Hypothesis (I)
can be confirmed.

4.2. Impact Loading

At each foot strike, especially at IC, the lower extremities experience impact forces
several times body weight within a short time [49,50]. During prolonged runs, this me-
chanical loading contributes to muscular fatigue, which reduces the ability of the muscles
to effectively attenuate impact forces [8]. In this context, Mizrahi et al. [34] demonstrated
that muscle fatigue of the shank, including the tibialis anterior, was associated with a
reduction in the mean power frequency of electromyographic activity—an established
indicator of muscular fatigue. At the same time, their study reported a significant increase
in PTA. It can be concluded that such muscular fatigue results in a diminished or delayed
shock-attenuation response. Our study revealed a significant increase in PTA throughout
the run, corresponding to a medium effect size (Table 3). This indicates that increased
muscular fatigue in the lower extremities was pronounced in our study, making it more
difficult for the runners to effectively absorb and manage shock waves generated during
each foot strike. Therefore, our findings provide support for confirming Hypothesis (II).

Our findings are consistent with previous studies conducted on treadmills [9,11]. For
example, Derrick et al. [11] investigated PTA during an exhaustive treadmill run. Muscular
fatigue resulted in a significant 20.7% increase in PTA at the end of the run. While PTA
values may be lower due to the treadmill setting, where reduced maxima are expected
compared to sidewalk running [35–37], the fatigue-induced increase remains comparable
to that observed in our study. Furthermore, Mizrahi et al. [9] demonstrated that fatigue
during a 30 min treadmill run led to an approximately 50% increase in PTA, suggesting
that fatigue significantly amplifies mechanical loading on the shank and may elevate
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the risk of overload injuries. The higher PTA increase reported in the referenced study
was probably due to the intensity being above the anaerobic threshold, in contrast to our
study, where participants should run at lower intensity (below anaerobic threshold) for a
longer duration.

Similarly to our study, Morio et al. [18] investigated PTA during a continuous run
conducted on a road. However, in contrast to our findings, the authors did not observe any
significant changes in PTA by the end of the running session. In their study, participants
ran at their self-selected constant speed, similar to a typical 1 h training run. Apparently,
the duration of the run (1 h) or the running speed was too low and thus the level of fatigue
was insufficient to elicit a significant increase in PTA. The authors explained the low RPE
values as an indication that the exercise intensity was not high enough to induce substantial
fatigue [18]. In contrast, Ruder et al. [22] reported a pronounced level of fatigue in their
participants, who completed a full marathon. Toward the end of the run, a significantly
reduced PTA was observed. The authors attributed the approximately 15% decrease in PTA
to a corresponding 15% reduction in running speed at the end of the race, likely resulting
from fatigue-induced performance decline. Subsequently, the authors normalized PTA
to running speed and showed that, after adjusting for speed, PTA remained unchanged
toward the end of the run. This observation further highlights the contrast to the results of
the present study, where PTA increased despite a constant running speed.

4.3. Kinematics

Regarding kinematics, only PAV increased significantly with running duration
(Table 3). This change likely reflects fatigue-induced alterations in neuromuscular control,
particularly involving the tibialis anterior. The ability to actively decelerate the plantarflex-
ion after IC appeared to diminish, likely due to compromised eccentric control by the dorsi-
flexors, leading to progressively higher angular velocities across the analyzed segments.
The PAV values observed in this study are in line with previously reported findings, such
as those examining the influence of running shoes on biomechanics (757.8–814.1◦/s) [41] or
assessing foot rollover characteristics (845.6–919.5◦/s) [33], when measured using IMUs.
However, no comparable values for PAV during prolonged runs could be found in the
existing literature.

Notably, despite the significant increase in PAV, the FSA remained unchanged through-
out the run, suggesting that runners maintained a consistent foot strike pattern despite
muscular fatigue (Table 3). FSA values are comparable to those reported in the litera-
ture [41,51,52].

To date, only a limited number of studies have examined how muscular fatigue affects
FSA. For example, Prigent et al. [20] reported a significant reduction in FSA during a
road half-marathon run. This reduction suggests a flatter foot placement at IC. During
treadmill running, Hazzaa and Mattes [32] observed a significant reduction in FSA follow-
ing muscular fatigue, particularly when the plantarflexors were fatigued. Furthermore,
Giandolini et al. [12] reported that a 110 km ultramarathon induced significant FSA adap-
tations depending on foot strike pattern: non-rearfoot strikers showed an increase, while
rearfoot strikers showed a decrease, resulting in convergence between groups. In contrast,
other studies have reported no change in FSA with increasing fatigue. For example, Came-
lio et al. [7] observed no change in FSA before and after a 30 min submaximal treadmill
run. The authors attributed this to the low intensity (approx. 12/20 on RPE scale), which
may not have been sufficient to induce muscular fatigue affecting FSA.

In summary, FSA can be influenced by muscular fatigue when the level of exertion
is sufficiently high, and this effect appears to depend on the foot strike pattern. In our
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study, all runners exhibited FSA > 15◦ at baseline, indicating a consistent rearfoot striking;
thus, further subdivision was unnecessary. Although exertion increased substantially
(RPE: 15.9 ± 2.2), no significant FSA changes were observed. Even when participants were
subdivided into higher- and lower-fatigue groups (RPE > 16 or HR > 165 bpm), results for
FSA remained inconsistent.

Overall, the findings do not provide consistent evidence that localized muscle fatigue
induces measurable changes in FSA. Comparable results were found for evVel. Although
a slight increasing trend was observed across all runners on average, the change was not
statistically significant (Table 3). Generally, similar values for evVel have been reported in
other studies [31,41,45]. Only few studies have investigated the effects of muscular fatigue
on evVel. For example, Shih et al. [31] reported a significant increase during an intense
30 min treadmill run, with strong correlations to RPE and HR (r = 0.911 and r = 0.960). Our
finding showed similar associations between evVel and exertion, though with moderate
correlation strength. These results suggest that increasing exertion is linked to higher evVel,
potentially reflecting fatigue-related adaptations in lower limb control, even though evVel
did not significantly change across laps.

Derrick et al. [11] also observed a significant increase in evVel during an exhaustive
treadmill run. The relative increase (12.6%) was larger than in our study (6.4%), which
may be explained by their higher running speeds, as evVel is known to rise with speed
(12.2 km/h vs. 11.4 km/h) [45]. In contrast, Dierks et al. [10] reported markedly lower
evVel in runners with and without patellofemoral pain (PFP), likely due to slower running
speeds (~9 km/h). In both groups, evVel increased significantly during the run, with
similar relative changes, suggesting no specific effect of PFP on evVel. Generally, the
current evidence regarding biomechanical risk factors for running-related injuries remains
conflicting [5]. In particular, there is limited evidence regarding the relationship between
muscular fatigue and running-related injuries.

As our results indicate, a significant effect of muscular fatigue was observed only
for PAV. For evVel, a trend toward higher values at the end of the run was found, as also
reflected in the correlations between evVel and HR as well as rating of RPE. In contrast,
no fatigue-related effect was evident for the FSA. Therefore, Hypothesis (III) can only be
partially accepted.

4.4. Spatiotemporal Parameters

Regarding spatiotemporal parameters, the results of this study indicate that both SF
and strLen remained constant throughout the half-marathon, despite progressive muscular
fatigue (Table 3). This suggests that running speed was maintained consistent across the
entire race.

The influence of fatigue on spatiotemporal parameters has been reported controver-
sially in the literature. Our results on SF and strLen align with previous studies showing
stable spatiotemporal parameters at consistent running speeds [7,11]. In contrast, other
studies have reported that muscular fatigue leads to an increase in SF, which is often
accompanied by a reduction in strLen [9,12,18]. SF has been proposed to increase as a
compensatory strategy to reduce fatigue-related impact forces [18], serving as a protective
mechanism against musculoskeletal loading. In this context, Verbitsky et al. [8] reported a
decrease in SF in fatigued runners after a 30 min treadmill run near the anaerobic thresh-
old, while it remained stable in a non-fatigue group. These findings, together with the
absence of significant SF or strLen changes in our study and others (e.g., [7]), suggest that
participants may not have reached sufficient fatigue to alter these parameters. However,
Derrick et al. [11] reported very similar findings to our study during an exhaustive run.
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The authors observed an increase in PTA towards the end of the run, while both strLen
and SF remained unchanged. Furthermore, the runners in their study exhibited a lower
knee angle (higher flexion), a higher evVel as well as an increased rearfoot eversion angle at
IC—findings that are consistent with the results of evVel observed in our study. According
to the authors, changes in knee and subtalar joint angles at IC likely reduced the effective
mass of the lower limb during impact, which in turn may have contributed to the observed
increases in leg impact accelerations and shock attenuation. The authors emphasize that an
increase in measured PTA does not necessarily indicate a higher injury risk if it results from
a reduction in effective mass [11]. Since it is primarily the impact forces—rather than the
accelerations—that are associated with injury risk, an elevated PTA under these conditions
does not inherently imply increased mechanical load on the body.

A similar mechanism may help explaining the findings of the present study. In the
present study, we observed increased PTA, evVel, and PAV during the later stages of
the half-marathon run, while SF, strLen, and FSA remained unchanged. These findings
suggest that muscular fatigue may have contributed to both a reduction in effective mass—
through subtle kinematic changes such as increased knee flexion—and to less controlled
and faster foot rollover movements in both the frontal (evVel) and sagittal planes (PAV).
The combination of a reduced effective mass and increased segmental angular velocities
likely led to the observed increase in PTA, despite the absence of changes in both strLen
and SF.

In contrast to strLen and SF, both tC increased and tF decreased significantly over the
course of the run, leading to a significant rise in DF. DF represents the proportion of the
gait cycle spent in ground contact (Equation (2)). At constant running speed, a higher DF
suggests a shift toward a more compliant or cautious running pattern, characterized by
lower leg stiffness, increased knee flexion at IC, and vertical displacement, and reduced
vertical ground reaction forces [11,53]. Additionally, muscular fatigue—particularly in the
plantarflexors and hip extensors—could delay the push-off phase, contributing to a longer
stance duration [54]. This prolonged tC may serve as a stabilizing strategy in the presence
of reduced neuromuscular control, but may also facilitate the transmission of higher impact
accelerations, as observed in the increased PTA. Similar observations have been reported
by Möhler et al. [55] and Giovanelli et al. [19]: In both studies, SF remained constant, while
tC increased and tF decreased, resulting in a higher DF. In the study by Möhler et al. [55],
tC increased significantly, while tF decreased. Likewise, Giovanelli et al. [19] found a
comparable shift during a mountain run, with tC increasing and tF decreasing, despite
constant running speed and SF.

Based on our findings regarding the spatiotemporal parameters, Hypothesis (IV) can
also only be partially accepted.

4.5. Limitations and Recommendations

This study has a few limitations. Firstly, the generalizability of our findings is limited
by the study population. Since participants were primarily recreational runners with
speeds between 10 and 13 km/h, results may not apply to elite athletes or slower beginners.
The broad variability in fitness levels likely increased variance and reduced effect sizes.
Future studies may benefit from recruiting more homogeneous subgroups (e.g., novice or
experienced runners) to reduce variability. Additionally, instead of self-selected speeds,
future protocols could include an incremental test prior to data collection, allowing testing
at a defined relative intensity (e.g., near the anaerobic threshold) to ensure comparable
loading across participants and enhance validity [9,34,40]. Secondly, one limitation of the
measurement system was cable breakage in some participants due to mechanical stress on
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the connections, which restricted analysis to one leg. Future studies should consider using
more robust cables or potentially wireless systems to allow for bilateral data collection and
the assessment of interlimb coordination. However, any wireless system must provide
sufficiently high sampling frequency to ensure accurate data acquisition [46]. Thirdly, the
study by Derrick et al. [11] demonstrated that muscular fatigue is associated with increased
knee flexion. We adopted this assumption. In future research, an IMU on each thigh
could enable measurement of knee joint angles and investigation of fatigue effects on knee
kinematics during prolonged running under field conditions.

5. Conclusions

This study highlights the potential of IMU-based systems for continuous, field-based
monitoring of running biomechanics under real-world fatigue conditions. Unlike previous
studies limited by pre–post comparisons, laboratory constraints, or assessed only a narrow
range of variables, our findings provide ecologically valid insights into the biomechanical
adaptations occurring during prolonged endurance runs. The results demonstrate that
muscular fatigue in the latter stages of a half-marathon is associated with increased PTA,
PAV, and evVel, while FSA, SF and strLen remained unchanged. These changes likely
reflect a reduction in effective mass and less controlled segmental motion. The observed
increase in DF may indicate a fatigue-related adaptation through prolonged tC, potentially
linked to reduced leg stiffness and delayed push-off.

From a practical perspective, these findings have several important implications for
athletes, coaches, clinicians, and physiotherapists. The continuous monitoring of PTA,
PAV, and evVel during real-time running opens new opportunities for early detection of
fatigue-related deterioration in movement quality. This enables timely interventions—such
as gait adjustments or terminating a training session—to prevent overload. Furthermore,
the observed increases in segmental angular velocities underline the importance of tar-
geted training for distal lower limb muscles to maintain control under fatigue. Strength
and plyometric training aimed at preserving leg stiffness and reducing tC may further
enhance fatigue resistance. Additionally, bilateral data collection offers valuable insight into
asymmetric loading patterns, which may signal compensatory mechanisms or emerging
imbalances. Early identification of such patterns can contribute to individualized training
strategies and effective injury prevention.

Overall, this study highlights the practical value of IMU technology for analyzing
fatigue-related biomechanical changes and preventing running-related overuse injuries.
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Abbreviations

The following abbreviations are used in this manuscript:

PTA Peak tibial acceleration
evVel Peak eversion velocity
FSA Foot strike angle
PAV Peak angular velocity in the sagittal plane
SF Stride frequency
strLen Stride length
DF Duty Factor
tC Ground contact time
tF Flight time
IC Initial ground contact
HR Heart Rate
RPE Rating of perceived exertion
IMU Inertial measurement unit
PFP Patellofemoral pain
MTSS Medial tibial stress syndrome
TSF Tibial stress fractures
bpm Beats per minute
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