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Featured Application

Among the recent advances in motion analysis, the quantification of locomotor pattern regu-
larity, based on wearable sensors’ measurements, provides an index potentially modulated by
a prolonged effort, thus possibly considered as an objective proxy of accumulating fatigue.

Abstract

(1) Background: Physical fatigue, either in short anaerobic exercises or in aerobic ones,
affects locomotion patterns. Those effects, if consistently observed, may function as fatigue
proxies. The present study focuses on the regularity of the pseudo-periodic acceleration
patterns measured by a wearable sensor. Studies during laboratory anaerobic tasks on
healthy subjects and on persons with multiple sclerosis during 6 min walking tests demon-
strated that regularity decreases with fatigue. This study’s objective is to verify if the gait
regularity during an unsupervised endurance aerobic walking task progressively decreases
in healthy subjects. (2) Methods: Ten healthy male adults, not competitive recreational
athletes, equipped with an accelerometer, participated in a non-competitive 100 km walk in
about 24 h. (3) Results: Eight participants took from about 22 to 25 h to complete the task.
Two did not finish. The trend of locomotion regularity (on average —6.3%, p < 0.001, effect
size 1.41) was negative for all the participants. The gait speed decrease, in all the partici-
pants, explained less than 20% of the regularity decrease. Other outcome indices, such as
that related to cadence, did not provide unique trends. (4) Conclusions: Regularity decrease
is associated with fatigue in submaximal locomotor efforts; due to the experimental group
limitations in size and composition, further studies should extend regularity assessments to
women, and to persons with neuromuscular disabilities or attending walking rehabilitation.

Keywords: regularity; fatigue; endurance; unsupervised; submaximal effort; walking;
aerobic; healthy adult male subjects; rehabilitation
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1. Introduction

Physical activities can result in fatigue through a combination of peripheral muscles’
metabolic phenomena [1], cardiovascular strain [2], central nervous system limitations and
psychological factors [3,4]. Particularly, fatigue can result from short-term high-intensity
physical exercises characterized by anaerobic mechanisms or by prolonged low-intensity
physical exercises engaging the aerobic metabolism [5,6]. Physical fatigue, in return, affects
aspects of the human posture and movement [7-9] either as a direct effect and/or as
compensation motor strategies [10,11]. Interestingly, fatigue phenomena are exacerbated
by aging [12] and/or by pathologies, becoming significant symptoms [13]. In the present
study we focus on fatigue associated with prolonged locomotion tasks, and particularly on
walking performed in unsupervised real-life conditions.

Observed effects of fatigue on gait in healthy athletes [14] and in selected groups of
neurological patients [15,16] include a decreased velocity, generally associated with decreas-
ing stride length and cadence. Nonetheless, other studies showed opposite results—an
increased velocity, stride length and cadence [17-19]—or mixed results [20-22]. In a study
with persons with multiple sclerosis the authors stated that “somewhat surprisingly” [sic]
gait speed did not change with increasing locomotor fatigue [23]. Another study reported
both positive and negative fatigue effects on gait speed [24].

To identify proxies of fatigue, a promising field of research is the variability of gait
patterns: several studies have reported that fatigue can result in an increased variability of
gait patterns [4,25] and can decrease local stability [26], though controversial results are
reported [27]. This approach is challenged in real-life endurance tasks in which conditions
are not fully controlled like in laboratory settings. Indeed, multiple confounding factors
(among others, both exogenous factors such as varied gait speed, pacing synchronization,
environmental conditions, and terrain variability, and endogenous factors such as motiva-
tion, psychological state, and adaptive movement behavior) cannot be ruled out and thus
may cause gait variability.

A reliable fatigue-related index concerns the regularity of patterns of gait variables:
its definition is based on the application of the autocorrelation analysis to the pseudo-
periodic patterns of gait variables. These variables generally consist of the acceleration
measured by a wearable sensor [28], though other variables, such as the measure of a
gyroscope, can be considered [29]. The regularity index ranges from 0 for completely
aperiodical, i.e., irregular, signals to 1 for perfectly periodic signals. The robustness of the
regularity index was proved considering wearable sensors positioned at several anatomical
landmarks [30]. A comparative study showed that regularity could be quantified by a
sensor positioned on anatomical landmarks other than the commonly considered sacrum
bone, away from the sagittal plane, for example at the wrist [29]. Moreover, it has been
shown that regularity increases with increasing speed of locomotion [30]. The regularity
assessment proved to be sensitive to aging [31-33], gender [33,34], the occurrences of
scoliosis [35], stroke [36,37], cardiovascular diseases [38], osteoarthritis [39] or transfemoral
amputation [40], always showing a decreased regularity in these pathological conditions.

The regularity assessment has been applied to detect its association with increasing
fatigue. In a cohort of young healthy individuals, performance under the Bruce test [41,42],
a locomotor test involving an incremental effort and speed, was assessed by means of
wrist accelerometry and by the time profile of regularity [43]. The results showed that
regularity, when walking at lower speeds (aerobic mechanisms) and with no fatigue onset
yet, initially increased with increasing speed. It then decreased when the test was entering
its anaerobic phase and becoming more and more fatiguing with higher speeds involving
running. This decrement of regularity with increasing fatigue was observed without
exceptions in all 45 participants, thus providing a very robust indication about regularity
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being a proxy of locomotor fatigue in a maximal anaerobic locomotor effort. Another
study concerned the regularity of acceleration patterns as measured in athletes running
to exhaustion (time to exhaustion: about 7 min) at their maximal aerobic speed (about
17 km/h), resulting in a significant decrease (about 10%) of regularity [44]. The regularity
assessment was considered also in the study of fatigue effects in the 6-Minute Walking
Test in groups of persons with multiple sclerosis, who are known to get fatigued with
such a test, which usually is not demanding for healthy subjects [23,45]. These articles
documented a progressive decrease in regularity in this population, highlighting that gait
regularity is an important aspect to be addressed during rehabilitation aimed at increasing
walking endurance. All the cited studies were based on strict laboratory protocols which
maximized the fatiguing condition and controlled or at least minimized the effect of
potentially confounding factors. These included endogenous factors (such as, for example,
varied gait speed, intermittent mental stamina, motor control), as well as exogenous factors
resulting from co-performers or by the environmental conditions (such as, for example,
ongoing modulation of pacing strategies, weather and terrain variability).

The present study is intended to fill the gap in the literature about the possible associ-
ation of gait regularity decrease in an unsupervised real-life (or real-life-like) context. In
this setting, the individual is subject to multiple exogenous and endogenous confounding
factors, yet retains relative freedom in deciding how to cope with demanding and enduring
motor tasks. Its novelty is in possibly demonstrating that regularity may be a valid proxy
of fatigue even in submaximal real-life conditions with the presence of confounding factors,
an overall picture particularly significant for daily life. The study fulfills this objective by
answering the research question as to whether there is a relation between gait regularity
variations and fatigue in an unsupervised, submaximal aerobic endurance walking task in
adult healthy subjects. Such a study complements the condition involving anaerobic maxi-
mal effort assessed in [43], to test the hypothesis that fatigue involved in the submaximal
aerobic endurance walking task may lead to a progressive decrease in gait regularity. The
significance of this potential finding for the rehabilitation community is that a real-time
assessment of walking regularity may support bio-feedback-based home treatments [46—49]
aimed at increasing endurance. More broadly, it may provide quantitative indices capable
of certifying the translation of restored motor capacity as obtained in a rehabilitation center
into improved real-life motor performances.

2. Materials and Methods
2.1. Motor Task

The data collection phase occurred during a non-competitive sport event, the Mam-
mutmarsch 2018 in Berlin, Germany [50]. This event consisted of a 100 km path winding
through the south-west outskirts of Berlin, which the participants had to walk at their
preferred speed without ever running, and they were allowed to stop and to restart any
time they felt so. The target duration of the task to be classified was 24 h, even though the
participants were allowed/required to finish the task beyond the 24 h limit. The whole
path was divided in 5 stages of similar lengths (the stages were sequentially 17, 21, 18, 23
and 21 km long), and checkpoints were set up at each stage end, to allow the participants to
eat, rest and receive medical support. In general, the participants were experienced leisure
hikers and the rate of success in similar events was approximately 75% (authors” guess).

2.2. Event Conditions

The Mammutmarsch 2018 took place on 2627 May 2018; about 1600 adult recre-
ational athletes participated in the event, and the march start, due to the large number of
participants, was staggered between 15:00 and 16:00. The weather was dry; the daytime
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temperature was 25 °C on average, while the night temperature dropped down to 14 °C;
sunset was at about 21:15 and sunrise at about 5:00; the walking path surfaces were natu-
ral/unpaved (35%), gravel (15%), paved (16%), asphalt (26%) and unknown (8%); the path
was mainly flat with a total elevation range of 520 m. Participants were not required to
present a health certificate. However, medical staff were present throughout the event at
the various checkpoints to provide medical assistance when required.

2.3. Participants and Measuring Equipment

Any adult already enrolled in the 2018 Berlin Mammutmarsch was considered eligible
for the non-invasive physiological monitoring protocol of this study. There were no other
inclusion/exclusion criteria to partake in the study, similarly to a previous study carried
out by this research group in other editions of the Mammutmarsch [50].

Ten participants, all adult males, in the 2018 Mammutmarsch were recruited for the
study. The limited size of the experimental group was determined by the number of
available wearable sensors and the need to perform the experiment at once, during the
same sport event. The composition of the experimental group was determined by the
random enrollment of subjects which did not balance the sex factor; the resulting skewed
sex distribution is a limitation of this study. The participants all gave their informed written
consent to partake in the study.

The anthropometric and demographic data of the participants, along with a yes/no
value concerning previous experience in endurance events (other Mammutmarsch and/or
marathon events, though all of them were used to walking in their leisure time), are
reported in Table 1. Additional details about the previous experiences in endurance sport
events of the 10 participants are available as Supplementary Materials S1.

Table 1. The demographic data of the study participants.

Id Sex Age (years) Body Height (cm) Body Mass (kg)  BMI (kg/m?)  Experienced
1 m 29 194 91.65 24.4 No
2 m 30 171 72.25 24.6 Yes
3 m 45 177.5 78.3 24.6 Yes
4 m 44 191 81.45 22.2 No
5 m 30 181 78.2 23.8 No
6 m 42 176.5 65.8 20.8 Yes
7 m 22 176 70.75 22.9 No
8 m 23 189 88.8 24.9 Yes
9 m 36 178 78.2 259 Yes
10 m 37 184.5 80.8 23.7 Yes

The ten participants were equipped with a wearable accelerometer/ECG device fixed
on the usual placement zone for Holter monitors (upper chest, right hemithorax, few
cm below the clavicle, between the sternum and the midclavicular line, on the infra-
clavicular fossa), to provide one-channel electrocardiography (ECG) and recording of
triaxial acceleration. Nine devices were Bittium Faros 180 (Bittium Corporation, Ouly,
Finland), and one device (on subject #10), equivalent in its characteristics, was an Equivital
(Hidalgo Ltd, Swavesey, UK). The only metrological difference was in the bit-depth of the
measured values, respectively 12 and 14 bits, which affects only quasi-static measurements
and not gait data. The accelerometry sampling rate was set at 100 Hz. The choice to
adopt sensors that were different in brand but equivalent in metrological features and in
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positioning was dictated by the will to maximize the number of monitored participants in
the same event, thus maximizing the statistical power of the observed results. Since the two
accelerometer brands were considered for measuring raw acceleration only (vector norm of
triaxial acceleration), and derived indices were computed by a unique analysis pipeline, no
potential impact on data consistency or comparability is expected from the choice to adopt
different sensors. The ECG data will not be addressed in the present study, which focuses
on the acceleration data only. The measured acceleration was stored on-board the wearable
device and downloaded offline.

2.4. Data Analysis

The locomotion regularity was assessed by a method based on the autocorrelation
analysis, first described in [28], in the version implemented in [30].

The pipeline for data analysis and presentation was implemented in MATLAB (version
R2016a; The Mathworks, Natick, MA, USA).

The pipeline initiated with a first batch, described in detail in [30], comprising the
following steps:

e  Low-pass filtering (low-pass Butterworth filter, 9-th order, zero phase, cut-off fre-
quency 10 Hz) of the three components of raw acceleration recordings;

e  Computation of the acceleration modulus, alternatively named vector norm, as the
root of the sum of squared acceleration components;

e  On a shifting data window (subscript “i” pointing to the window absolute timing)
lasting 4 s, assumed to include at least three full strides [30], the following indented

analysis steps were performed:

e  Computation of the autocorrelation function (“xcorr” MATLAB function, “unbi-
ased” function mode) on the window vector norm data, previously normalized
and standardized, by removing the mean value and then dividing by the stan-
dard deviation, i.e., transforming into a time series with null mean and unitary
standard deviation;

e Identification on the previously computed autocorrelation function of a peak with
abscissa T and ordinate Y;

e Time T of the autocorrelation peak corresponds to the main period duration of
the pseudo-periodic signal presented in the window;, i.e., the stride duration;

e The window value T allows us to compute the stride (per minute) frequency
as 60/T and, finally, the cadence index (steps per minute), remembering that
two steps corresponds to a stride, defined for the current i-th window as
CI; =2 x (60/T) =120/T;

e Autocorrelation peak Y corresponds to the regularity of the pseudo-periodic
signal presented in the window; therefore, we defined the regularity index
RI; =Y (the closer the value is to one, the closer to a periodic function it means) for
the current i-th window; noticeably other peaks of the autocorrelation function
were present in the correspondence of multiple harmonics of the stride and step
durations but were not relevant for the present analysis;

e In the same shifting window, computation of an index of activity level was
computed, the MAi, defined as the standard deviation of the acceleration
modulus [51].

e  Repeating the previous indented analysis steps for any data window provides the
time series of autocorrelation coefficients, assumed as performance variables, RI
and CI.

The pipeline’s second batch performed identification of bouts of steady walking
(walking phases) and, in a complementary manner, of resting phases.
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The first step of the classification algorithm started on the much-fragmented classifica-
tion based on the 4 s window granularity of the computed RI and CI time series. The initial
classification of phases of walking and resting, without constraints to their durations, was
performed by a clustering algorithm (“k-means” MATLAB function) working on the time
series of RI and MA values; in other words, walking phases were initially identified having
relatively high RI, close to 1, along with high motor activity MA, and resting phases were
just complementary to the walking phases. The classification produced by this first step
was extremely fragmented, alternating walk bouts and rest phases of minimal durations,
down to 4 s, thus requiring further merging steps.

The second step of the classification algorithm aimed at reducing fragmentation
resulting from the previous elaboration step (defragmenting algorithm). For this purpose, a
specific algorithm was developed, which iteratively merged triplets of adjacent subphases
(walk-rest-walk or rest-walk-rest), by classifying the middle subphases according the two
external ones. The only algorithm parameter was the minimal duration for a subphase not
to be merged in the adjacent subphases. This parameter was set to 300 s after a trial-and-
error procedure, having the objective of uniform subphases, spent at the checkpoints, where
no walking was classified. Details of the algorithm and a discussion on the robustness
of the resulting defragmentation of the recording on outcome indices are presented in
Supplementary Materials S2.

Once the phase classification was completed, the resting phases (and related RI; and
CI;) were discarded and, considering only the identified gait bouts, a first-order regression
line fitting the time series of the walking RI; regularity index was computed. Thus, the
computation of the regression line is performed on the walking phases only of the RI
profile and of the CI profile. The fitted regression line, based on a time series spanning the
whole duration of the Mammutmarsch, is uniquely defined by few coefficients: the slope
coefficient (mgj), i.e., the trend change in the value of RI fitting line per hour; the value at
the start time (Rly); and the value at the finish time (Rl.,q). These three values derived from
the regression line were considered as outcome variables. Analogously the slope coefficient
(mcy) and the value at the start time (Clp) and finish time (Cl,,4) of the cadence index CI
were computed.

In summary, the primary outcome indices are, for each participant, the following ones:

e  mpgy, the main outcome index, quantifying the rate of change in the regularity index RI
per unit of time (hour);

e Ry, the regularity at the start time;

e Rl..g, the regularity at the finish time (it is defined also as Rlo,g = Rlp + mpgy
x TotalDuration);

e  mcj, the rate of change in cadence (steps/min) per unit of time (hour);

e  Clp, the walking cadence (steps/min) at the start time;

e  Cigpng, the walking cadence at the finish time (it is defined also as Cl,q = Cly + mcy
x TotalDuration).

Additional outcome indices were (a) Total walked distance (km); (b) Total Duration
(hours) from the start time to finish time including resting phases; (c) Walking Duration
(hours), from the start time to finish time excluding resting phases; (d) Resting Duration
(hours); (e) Number of Walking Bouts (N); (f) duration of the Longest Walking Bout (hours);
(g) duration of the Longest Resting (hours).

The hypothesis tested in the study, i.e., that task progression in time is associated
with decreasing regularity, is analytically described by regression lines with negative slope,
i.e., a negative coefficient mgj.

Furthermore, to discuss possible data redundancy, a cross-correlation analysis (com-
putation of the Pearson correlation coefficient) was performed among all major outcome
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indices. For each considered index, the dataset consisted of one value per participant.
Therefore across-subject tests were performed, not requiring repeated measure tests. Proper
correction (Bonferroni-Holm) was applied in all multi-test analyses.

3. Results

The data acquisition phase had no drawbacks. No sensor failure or missing transient
data were experienced. No data clipping affected the raw accelerometric measurements.

The participants certified that the performance was characterized by extreme fatigue
by providing a subjective Borg RPE (Rating of Perceived Exertion, max value = 20) which
ranged from 16 to 17 (six participants) to 18-19 (four participants) (see Supplementary
Materials S1 for individual values).

An example of an RI (regularity index) time profile and related CI (cadence index)
time profile, with evidenced walking and resting phases, computed from an accelerometric

recording is presented in Figure 1.

(CELEXTRT T

N
[<e]

0 RmmmmmmmmmE

time (h)

Figure 1. Time profile of regularity index RI (upper panel) and cadence index CI (lower panel) for
subject #4. Abscissa reports actual time in 24h format. On the presented data, five walking bouts
(each one beginning at a vertical green dotted line and ending at a vertical red dotted line) were
identified which coincide with the five stages of the Mammutmarsch path.

Given the known length in km of each of the five march stages and associating each
identified individual walking bout to the corresponding march stage (all the participants
stopped at each checkpoint, therefore a single bout can be associated with a specific stage;
noticeably, with few exceptions, several walking bouts were associated with the same march
stage; these analytical data are available as Supplementary Materials S3), the individual
average gait speed per each stage was computed. The resulting cloud of individual average
speed per stage allowed us to perform a linear regression on the whole march timing, and
resulted in the decrement of the group average gait speed from the initial value of 5.7 km/h
to the final value of 4.2 km/h (see Figure 2).

The computed outcome indices are reported analytically per participant in Table 2 (the
participants are sorted for increasing whole duration of the trial; noticeably the last two
individuals, #10 and #5 did not conclude the 100 km trial).
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Figure 2. The individual average walking speed per stage and fitted linear profile of overall walking

speed trend during the Mammutmarsch.

Table 2. The performance indices of the study participants.
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1 100 18 21.80 18.95 2.85 7 4.08 0.86 0.941 —-0.0009 0.920 108.1 0.13 111.0
4 100 17 22.13 20.07 2.06 5 5.35 0.71 0.958 —0.0052 0.844 108.7 —0.52 97.1
3 100 19 22.20 18.76 3.43 8 3.59 0.82 0.956 —0.0011 0.931 1191 —0.14 116.0
6 100 18 22.66 20.55 2.10 8 3.99 0.56 0.962 —0.0014 0.931 1152 —0.27 109.1
2 100 19 23.00 19.49 3.51 10 3.91 0.78 0.936 —0.0027 0.875 1152 —0.20 110.6
7 100 16 25.22 21.06 4.16 11 3.89 0.93 0.948 —0.0046 0.833 114.0 —0.10 111.6
8 100 17 25.22 21.17 4.05 10 3.89 0.92 0.952 —0.0033 0.868 110.7 —0.11 108.0
9 100 17 25.55 21.43 4.12 12 4.33 0.88 0.944 —-0.0020 0.892 113.2 —0.28 106.0
10 56 17 11.66 10.79 0.86 4 3.96 0.38 0.965 —0.0041 0.918 109.7 —0.30 106.2
5 56 17 11.82 10.79 1.03 4 3.98 0.56 0.953 —0.0043 0.902 1175 —0.51 1115

In order to support the discussion about trend indices mgy and m¢y but not overcrowd

Table 2, the individual 95% confidence intervals for those two indices are reported in a

table available as Supplementary Materials S4. Further, the value indices related to RI are

presented as individual lines in the spaghetti plot shown in Figure 3.
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Figure 3. Spaghetti plot of individual trends of regularity index. Each individual line is characterized
by initial Y-value corresponding to Rly, final Y-value corresponding to Rl.,4, range of X-values
corresponding to Total Duration and slope corresponding to mgy.

Once it was verified that the regularity indices (Rly, Rl.nq, mgy) were normally dis-
tributed (Shapiro-Wilk’s W test, respectively, p = 0.969, p = 0.333, p = 0.424), a parametric
paired t-test between Rl and Rl.,q4 was performed to test the study main hypothesis, and
the results were significant (average difference Rl.,g — Rlp = —0.060, —6.3%, p < 0.001,
Cohen’s dry for repeated measure effect size 1.41, 95% confidence interval of Cohen’s
drm 0.42 to 3.24). The previous statistical analyses have been applied also to the subgroup
of eight participants who completed the task. The data were confirmed to be normally
distributed. The paired t-test between Rly and Rl.,q resulted in a significant difference
(average difference Rl.,q — Ry = —0.063, —6.6%, p = 0.002, Cohen’s dry for repeated
measure effect size 2.55, 95% confidence interval of Cohen’s dry 0.81 to 3.23).

The major observation in Table 2 is that the hypothesis of the study, i.e., that regularity
worsens over the course of the performance, is proved true in all the participants, even in
the two who did not finish the trial. In fact, the index mpy (the slope coefficient of the RI
profile fitting line) is negative for all ten participants. A one-sample f-test has been applied
to mp;y to verify if it is strictly negative, significantly different from the null value (p < 0.001,
Cohen’s d effect size —1.891, 95% confidence interval of Cohen’s d —2.934 to —0.815).

Secondly, the other index quantifying a rate of change in cadence along time, mcy (the
slope coefficient of the CI profile fitting line), does not provide a unique picture; in fact the
first participant at the finish line, subject #1, showed a positive value, that is an increase in
cadence along the trial, while all the other subjects showed a negative value.

Some additional indications about the performances of the ten participants can be
derived from Table 2: (a) Walking Duration is not rank-by-rank associated with the Total
Duration, and subject #3, third on the finish line, was actually the one who took less time
walking and therefore walked faster; (b) when considering complementary Durations
in Walking and Resting, and particularly their ratio, it was apparent that the first five
subjects were proportionally walking more (or, alternatively, resting less) than the last
three subject to finish; the two subjects unable to finish are characterized by extreme ratios,
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comparatively walking more and resting less than the eight able to finish; and (c) the
number of Walking Bouts showed that only one subject (#4, second to finish) out of eight
fully walked without ever resting each of the five stages.

The correlation between any couple of outcome indices, available in full in
Supplementary Materials S5, does not present any significant couple, with only two out of
15 comparisons producing a raw p-value lower than 0.05, though not significant due to
Bonferroni-Holm correction.

4. Discussion

The present study is the first to consider the regularity of walking pattern, i.e., the
repeatability of measured accelerometric waveforms stride after stride, in healthy adult
subjects during an endurance 100 km walk task. The participants can be classified as
experienced leisure hikers and six out of ten had previous experiences with endurance
races (Mammutmarsch and/or marathons). The trial was unsupervised, and indications
concerning speed, cadence or durations of walking bouts and resting phases were not
given; the only rule was not to run. Notably, given the high number (about 1600) of the
2018 Mammutmarsch participants, it is possible and even likely that participants, including
the ten enrolled in this study, were not alone, particularly in the first stages, and, therefore,
an external gait pacing might not be excluded. The task is expected to be of aerobic nature
and to provoke an increasing fatigue. This latter assumption is confirmed by the Borg-RPE
(Rate of Perceived Exertion) fatigue ratings [52] given by the participants at the end of
their performances (ranging 16-19 on a scale ranging from 6, no fatigue, to 20, extreme
fatigue). As a further indirect confirmation of our assumption, during previous editions
of the Mammutmarsch, we were able to show among the participants significant buildup
in various compounds indicative of stress and fatigue [50]. More specifically, we found
significant elevations in muscle and cardiac stress markers (C Reactive Protein, Creatine
Kinase, Cortisol, and NT-pro-BNP) as well as decreasing markers of lipid metabolism
(Triglycerides, Cholesterol, Low-Density Lipoprotein), despite the low intensity indicated
by the relatively low mean hiking velocity of 4.17 km/h observed in that experimental
sample. Relevantly for the present study, the fatigue markers in [50] were sampled at 0, 30,
70 and 100 km, indicating a progressive, somehow linear, increase in most of those fatigue
markers. Such observation demonstrates that fatigue, during a 100 km march, increases
with advancing distance/time. This is the basis for interpreting the linear regression of
regularity (and cadence) vs. time, performed in the present study, as significant also for the
association of regularity (and cadence) with increasing fatigue.

Therefore, the Mammutmarsch was assumed as a valid benchmark in real-life con-
ditions to test the hypothesis that increasing aerobic fatigue is associated with decreasing
regularity of walking, even with confounding factors likely to be active. The novelty of this
real-life experimental setup complemented a previous study on the locomotor regularity
of healthy subjects during a rapidly progressive locomotor task, the Bruce test [43], in
a laboratory setting. The controlled conditions of the Bruce test had demonstrated the
association between constantly accumulating fatigue, due to a rapidly increasing effort,
and decrease in regularity. The present experiment differs in being unsupervised, real-life
and potentially confounded by common daily life occurrences, with the participants able
to modulate their efforts to improve endurance. It is therefore complementary to the Bruce
test (a compelled performance design aimed at inducing a steady and fast build-up of
fatigue during a locomotor act) or on the 6 min walk test (6MWT instructions: “... walk for
six minutes as fast as you can ...”).

The computation of regularity during unsupervised prolonged activities proved to
be feasible and robust, and outcomes can be interpreted according to the body of knowl-
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edge already available in the gait-lab literature [28]. Particularly, the choice to derive the
regularity value from the peak of the autocorrelation function in a sliding window of 4 s
of the accelerometric recording is derived from [30] and is intended to build a regularity
time profile. Longer windows [53] are particularly suited for laboratory testing when walk-
ing is performed in supervised conditions and tend to be stationary for longer durations,
compared to real-life. Another operative choice, the 300 s inferior limit duration for the
identification of the shortest walk/rest bout/subphase, is described in detail in Supple-
mentary Materials S2. Particularly, the details include a sensitivity analysis for alternative
values of the algorithm parameter, the 300 s threshold, to demonstrate the robustness of
outcome indices related to RI and CI. Moreover, these latter indices related to RI and CI
did not show cross-correlation in between, thus confirming that they describe, in a robust
manner, a complex picture concerning the regularity of walking.

When considering the whole body of results, the analysis pipeline produced a well-
defined picture concerning the participants’ performances, including spatiotemporal fea-
tures of the walking bouts that characterized the performances. Particularly, the algorithm
for classifying walking bouts, inspired by detection algorithms for the so-called sustained
harmonic walking [54], produced meaningful classifications: the time phases spent during
the race at the checkpoints were correctly and uniquely classified as “rest”; the time phases
between two checkpoints were in general classified as “walk” with interspersed shorter
resting subphases. It is relevant to note that the initial guess in the walk/rest classification,
based on k-means clustering, even visually showed a gross bimodal distribution. Indeed,
mean silhouette scores, reflecting the performance of the clustering algorithm on this
bimodal distribution, were close to the ideal unitary value, ranging from 0.929 to 0.963.

The results confirmed the hypothesis of the study: the regularity of a pseudo-periodic
aerobic fatiguing activity involving steady gait at free chosen speed and cadence, in un-
supervised conditions, tends to decrease (strictly negative mgj, the slope coefficient of the
regularity index profile fitting line) for all the participants, included those who did not
conclude the trial due to anticipatedly reaching physical exhaustion. This was further
confirmed by the all-negative 95% confidence intervals of individual mgj (see the table in
Supplementary Materials S4). This result complements what had already been described
in aerobic laboratory-controlled conditions for healthy subjects [43], and in persons with
multiple sclerosis in the 6 min walking test [23,45]. As to the identification of the fac-
tors associated with fatigue, we can hypothesize that both fatigued peripheral muscle
systems [5,6] and central mental fatigue [3,4] might be responsible for an overall accumula-
tion of fatigue.

Interestingly, cadence, another locomotor feature associated with fatigue [18,20], did
not show a significant correlation with regularity indices. In particular, the trend of cadence
did not show a unique picture in all participants, with the majority showing a negative trend
of cadence, i.e., negative values of mcy (the slope coefficient of the cadence index profile
fitting line). In fact, the participant (subject #1) characterized by the least duration taken to
conclude the 100 km trial showed a positive trend of cadence. This was further confirmed
by an all-positive 95% confidence interval of individual mcy index only for the identified
participant (see the table in Supplementary Materials S4). This can be hypothesized, only
on a speculative basis, to be due to a better athletic condition and/or to a planned strategic
choice of that participant, allowed also by the fact that walking, as performed in the present
study, is a submaximal activity [55]. A similar dilemma was considered in a recent review
about fatigue effects on running [56] which reported variations in cadence with increasing
fatigue either negative, associated with a fatigue-caused velocity decrease [57], or positive,
which were explained as an adaptive strategy to decrease or minimize the impact forces [58].
Since the literature on fatigue effects on cadence is related to maximal or quasi-maximal
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efforts such as those implied in running [59], the finding of a not-so-strong association
between fatigue increase and cadence decrease in submaximal aerobic walking is a novel
complement to the cited literature.

Notably, the observed association between increasing fatigue and decreasing regularity
is to be discussed against other possible confounding factors, which are known to be
associated with gait variability and, particularly, to gait regularity. In order to affect also
trends of regularity, it is necessary that the factors progressively affect the performance;
they themselves must show a trend, or a trend might be hypothesized.

In the gait-analysis literature, gait speed has been the most cited confounding factor,
a major covariate, of almost any gait-related variable, from anatomical variables such as
joint angles and moments [60], to variables with a more complex construct such as gait
regularity [29,30]. According to the previous remark, in the present experiment, a trend
of gait speed was observed and quantified in all the participants. Therefore, the observed
average decrease in gait speed during the whole performance (—1.5 km/h, from 5.7 to
4.2 km/h) has a confounding bias effect on the observed average decrease in regularity
(—0.060 or —6.3%, as derived from Table 2). To quantify the percentage share of regularity
decrement reasonably associated with gait speed decrement, data from a previous study on
the modulation of gait speed on regularity [29] were retrieved. For a decrease of —1.4 km/h
(from 5.0 to 3.6 km/h), an average decrease in the regularity index of —0.009 was observed.
Extrapolating from the previous published information, in the hypothesis that the effects of
the concurrent factors (increasing fatigue and decreasing speed) linearly superpose, it can
be derived that about one sixth, i.e., less than 20%, of the observed decrease in regularity in
the present study is ascribable to a decreasing speed covariant effect.

The other potential endogenous and exogenous factors affecting gait variability and
regularity (pacing strategies, mental stamina [61], pacing synchronization with other
athletes [62], motor control, weather and terrain conditions) cannot be ruled out. Nor
can these factors be fully identified, since registrations of their occurrences are not available
or measurable in the adopted methodological approach. A reasonable hypothesis is that
exogenous factors act intermittently and asynchronously, and that they do not show a trend
during the task. On the contrary, it is not possible to exclude trends in the occurrence of
endogenous factors. It would not be surprising if, along the overall performance duration,
stamina and motivation decrease, if interspersed breaks become more frequent, and if
mental fatigue increases. However, it is necessary to remember that we are considering a
submaximal task, despite its temporal length, and those endogenous factors are particularly
stressed by maximal efforts. Concluding this speculative discussion on confounding fac-
tors, other than gait speed, we can make some assumptions: (a) intermittent asynchronous
factors do not affect regularity trends; (b) some endogenous factors may have a null or a
little effect on regularity trends, given their low impact in submaximal tasks; and (c) some
endogenous factors (mental fatigue, gait breaks and similar factors) are expected to have
a trend and to affect the regularity trend; accordingly they can contribute to a broader
construct of fatigue, initially focused on muscular and metabolic components.

Given the above discussion on confounding factors, we feel confident in confirming
the major association of increasing fatigue with decreasing gait regularity.

The results of this study allowed us to focus also on individual performances in a
tentative attempt to use regularity assessment in classifying the individual performance
strategy. A perusal of the outcome table shows that the less negative trend of regularity
(mpg) characterizes the participant who took less time to conclude the trial (subject #1).
But also looking at the other participant with the least negative mg; (subject #3), we can
detect the least duration of effective walking (i.e., the whole duration less the resting
phases). Given the association of fatigue and the regularity trend, the previous observations
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would confirm, at the individual level, that better performances characterize less fatigued
participants. But the second-ranked participant (subject #4) apparently negates the previous
hypothesis since this participant shows the worst, the most negative, trend of decreasing
regularity. A perusal of its data allowed us to advance a possible speculative explanation:
this participant had the least duration of resting phases between the marching bouts.

The main limitation of the present study is in the unsupervised nature of the experi-
ment. While the unsupervised setting is a unique feature of real-life conditions and ensures
the ecology of the trial, it may introduce uncontrolled factors and, ultimately, variability
masking the hypothesized effects. Specific concerns about the possible recovery from
fatigue during the resting intervals or by means of a speed modulation/reduction during
the walking bouts are well posed. The only way to overcome this limit would be to set
up a never-stopping steady walking exercise to be carried out until exhaustion or for a
predefined duration, an option which has been already considered for race walking [63]
and for prolonged running [64-66]. In this sense the unsupervised condition applied
here tends to possibly mask or reduce the hypothesized reduction in regularity, which is
nonetheless still detectable. We consider this a demonstration of the high sensitivity of the
considered outcome index, particularly valuable for its applicability in real-life monitoring.
As to the significance of the results for the general population, the main limitations of
this study are (a) the limited sample size of the experimental group, due to the limited
availability of monitoring sensors and to the need to perform the study at once during
a single sport event; (b) the experimental group homogeneity, all male young adult sub-
jects, necessitating a warning against a straightforward generalization of the results to
the female population, notwithstanding the sex factor is known to play a relevant role in
fatigue perception with females demonstrating greater endurance [67]. Accordingly, future
studies should address the hypothesis of a similar sex effect also on locomotor regularity
during an endurance aerobic trial. Moreover, the results of the present study cannot be
directly extended to populations of patients affected by neuromuscular diseases, though
the clinical studies on regularity cited in the Introduction support future assessment of
the relation between fatigue exerted by low-intensity locomotor tasks and decrease in
regularity in these populations. Another limit of the present study is in considering just one
parameter, the regularity trend, as related to increasing fatigue. Fatigue is associated with a
multidimensional spectrum of factors [68] and broader studies could consider in future the
identification of fatigue phenotypes, with the regularity trend being just one component.
Such studies could include other numerical indices, extracted from regularity time series,
such as those resulting from sample entropy analyses [69], and those concerning symmetry
of locomotion [31,33,34]. Particularly, with reference to the last point, the sensor position
outside the sagittal symmetry plane, justified by the recording of one ECG derivation, did
not allow in the present study the computation of symmetry-related indices, but it still
allowed for a correct assessment of the regularity of accelerometric patterns [29]. Finally, a
source of signal noise on the measurement is in the varying nature of the 100 km path and
the obviously uncontrolled weather conditions. Addressing these limitations with novel
experiments and studies will justify and enforce the possible developments, described in
the following paragraphs, which otherwise might be considered suggestions.

The evidenced phenomena—the association between fatigue and gait regularity—may
be explored in various applications to specific populations. The monitoring of the regularity
of motor patterns in athletes, but also in military personnel, performing in pseudo-periodic
locomotor sport tasks (marching, running, cycling, swimming, cross-country skiing, riding,
rowing, and others) may provide an objective insight of the progression of fatigue during
the performance. It may also support and monitor training schedules, particularly in
Endurance Enhancement Training [70]. Interestingly the regularity assessment of sport
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performances could support either anaerobic performances, as shown elsewhere [43], or
aerobic ones as in the present study.

The assessment of walking regularity may be considered in the functional evaluation
of age-related modifications of locomotor functionality, and in pathologies of the neuro-
muscular system. The latter hypothesis is relevant since some diseases cause persons to
suffer anticipated fatiguing, such as in persons with multiple sclerosis [23,45], as well as in
persons with progressive onset of pain, such as joint osteoarthritis [39] or in persons with
lower limb external prosthesis suffering from a progressive pain at the leg stump [40].

Beyond functional assessment, the regularity assessment is to be considered when
specific rehabilitation interventions are aimed at improving endurance, by reducing fatiga-
bility. The regularity trend, assessed in real time [49] during a rehab/training session might
quantify its outcome. Furthermore, the real-time implementation of the method—possibly
on a smartphone—might support a bio-feedback rehabilitation approach. Finally, a real-life
verification of augmented endurance might provide the final demonstration of interven-
tion success. Interestingly, an accurate monitoring of functions during assessments or
rehabilitation might take advantage from a multisensory approach; in the present study
we considered a single sensor setup, positioned on the chest, but as shown in another
study [29] regularity may be assessed at different body locations and position-specific
trends of regularity might give indications on the anatomical part responsible for locomotor
disregularities.

5. Conclusions

In conclusion the present study on gait regularity during an unsupervised endurance
task complements already published data about the association between progressive accu-
mulation of fatigue and a decrease in the regularity of locomotion in controlled laboratory
settings. The novelty of the present study consists of the non-maximal nature of the effort
and the unsupervised real-life aerobic conditions of the locomotor performances, without
full control of confounding factors. The main limitation is the small size of the experimental
group and its homogeneity, with all the participants being healthy adult male subjects.
Future applications should cope with the inclusion of a female experimental group, and can
be considered in the assessment of functional deficits affecting endurance, rehabilitation of
locomotion, or in supporting sport training and the definition of competition strategies.
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