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This study aimed to investigate effects of walking direction and speed on gait complexity, symmetry and
variability as indicators of neural control mechanisms, and if a period of backward walking has acute
effects on forward walking. Twenty-two young adults attended 2 visits. In each visit participants walked
forwards at preferred walking speed (PWS) for 3-minutes (pre) followed by 5-minutes walking each at

KeyV\{MdS: 80%, 100% and 120% of PWS of either forward or backward walking then a further 3-minutes walking for-
Multiscale entropy ward at PWS (post). The order of walking speed in each visit was randomised and walking direction of
g:g(war d walking each visit was randomised. An inertial measurement unit was placed over L5 vertebra to record tri-
Complexity axial accelerations. From the trunk accelerations multiscale entropy, harmonic ratio and stride time vari-

ability were calculated to measure complexity, symmetry and variability for each walk. Complexity
increased with increasing walking speed for all axes in forward and backward walking, and backward
walking was less complex than forward walking. Stride time variability was also greater in backward
than forward walking. Anterio-posterior and medio-lateral complexity increased following forward
and backward walking but there was no difference between forward and backward walking post effects.
No effects were found for harmonic ratio. These results suggest during backward walking trunk motion is
rigidly controlled but central pattern generators responsible for temporal gait patterns are less refined for
backward walking. However, in both directions complexity increased as speed increased suggesting addi-
tional constraint of trunk motion, normally characterised by reduced complexity, is not applied as speed
increases.

Harmonic ratio
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1. Introduction Conversely, findings from split-belt walking indicate that the adap-

tion of gait patterns are independent for walking direction and

Forward walking can be achieved through the activation of
spinal networks with modulation by supraspinal activity, integrat-
ing sensory information (Merkulyeva et al., 2018) to producing a
stable gait pattern that is variable within narrow bounds in healthy
younger individuals. However, there is currently no consensus
regarding the similarities or differences in the neural control of for-
ward (FW) and backward (BW) walking. Previous work has sug-
gested that FW and BW and running may utilise the same neural
circuits (Duysens et al., 1996; Mehdizadeh et al., 2015). This posi-
tion is supported by similarities between BW and time-reversed
FW gait characteristics (Grasso et al.,, 1998), and the reversal of
afferent sensory feedback reflex actions, consistent with a single
network or central pattern for FW and BW (Duysens et al., 1996).
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each leg, suggesting functional networks which can operate inde-
pendently for the control of FW and BW (Choi and Bastian,
2007). Furthermore, BW has different force and electromyographic
patterns to FW, rather than simply time reversed (Mahaki et al.,
2017), and requires greater supraspinal activity than FW (Jansen
et al., 2012; Kurz et al., 2012), however, this is not a consistent
finding (Groff et al., 2019).

BW has regularly demonstrated greater variability than FW,
with higher variability reported for stride time (Bollens et al.,
2014; Choi and Bastian, 2007; Kurz et al., 2012), muscle activations
(Ivanenko et al., 2008) and joint angles (Kastavelis et al., 2010), and
joint angle coordination in backward running (Mehdizadeh et al.,
2015). Greater variability is also associated with increased activity
of the supplementary motor area and pre-central gyrus in humans
(Kurz et al., 2012) and cats (Zelenin et al., 2011). The increased cor-
tical activity suggests greater neural resources are responsible for
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producing the BW pattern, possibly reducing the available
resources to maintain the stability and consistency of the gait pat-
tern or respond to perturbations and instability (Kurz et al., 2012).

A significant body of work has focussed on determining the con-
trol dynamics of FW using a variety of linear and non-linear mea-
sures (Bruijn et al., 2009; Costa et al., 2003; Dierick et al., 2017;
Dingwell and Cusumano, 2010). For example, in FW the stride
interval exhibits persistent long-range autocorrelations, i.e. Hurst
and o-exponents, (Dierick et al., 2017; Dingwell and Cusumano,
2010), increasing walking speed reduces local dynamic stability,
i.e. largest Lyapunov exponent, (Bruijn et al., 2009) but increases
symmetry, i.e. harmonic ratio, (Huijben et al., 2018), and complex-
ity of trunk motion, i.e. multiscale entropy (MSE), changes across
the lifespan with the development of the gait pattern (Bisi and
Stagni, 2016). Recent studies have demonstrated that BW has sim-
ilar long-range autocorrelations of stride intervals compared to FW
(Bollens et al., 2014), or greater long-range autocorrelations sug-
gesting the stride interval is more predictable in BW than FW
(Dierick et al., 2017), and that increasing speed decreases local
dynamic stability of trunk motion of backwards running
(Mehdizadeh et al., 2014). Non-linear analyses provide insight into
the neural control dynamics of locomotion (Bruijn et al., 2009;
Costa et al., 2003; Dierick et al., 2017; Dingwell and Cusumano,
2010). For example, the difference in MSE of the stride time inter-
val in self-paced walking compared to shuffled surrogate data and
the similarity of MSE for metronomically paced walking, where
supra-spinal pacesetters are constrained, compared to surrogate
data has demonstrated that the control of the stride interval is
dependent on supra-spinal control (Costa et al., 2003). However,
there is currently limited understanding of these non-linear con-
trol dynamics in BW and the effects of added task constraints such
as changing walking speed.

It has recently been demonstrated that periods of 6 min tread-
mill FW or BW have differing acute effects on standing posture
with increased forward inclination after FW and backward inclina-
tion and centre of pressure position after BW (De Nunzio et al.,
2009). Adaptions in FW following BW may demonstrate the adapt-
ability or flexibility of the control systems and it can be suggested
that if the two locomotion patterns share the same neural control
structures that BW will cause changes in subsequent FW (Choi and
Bastian, 2007). However, during split belt walking BW did not
cause acute adaptations in FW as measured by coordination of
leg kinematics (Choi and Bastian, 2007). This indicates the of resis-
tance to change central pattern generators responsible for limb
motion in each direction in response to the different neuromuscu-
lar task. Analysis of gait complexity could better identify transfer
effects on control of gait dynamics that may arise from the more
novel (in comparison to FW) BW task. Understanding the acute
effects of BW on FW has been studied as it has become increasingly
popular to include BW interventions for injury rehabilitation and
in clinical populations (e.g. Hoogkamer et al., 2014; Rose et al.,
2018) and therefore a greater understanding of any acute effects
can both inform future interventions and possible responses to
these interventions.

The aim of this study was to determine the effects of walking
direction and speed on gait complexity, symmetry and stride time
variability as indicators of neural control mechanisms, and if a per-
iod of BW has an acute effect on FW. It was hypothesised that (1)
BW would be more complex, less smooth and more variable than
FW in response to the greater task demand of BW, (2) that increas-
ing speed would increase complexity and stride time variability
and reduce symmetry with greater effects in BW than FW as neural
resources are dedicated maintaining a speed greater than pre-
ferred, and (3) that BW would not result in post effects in FW
due to the resistance of FW control mechanisms to interference
by the BW task.

2. Methods
2.1. Participants

Twenty-two participants volunteered for this study (n-male:
11, n-female: 11, age: 21 £ 1 years, height: 1.79 £ 0.10 m, mass:
77.8 +11.1 kg). Participants were free of lower limb injury and
neurological conditions. All participants were informed of the nat-
ure of the study and provided written informed consent before
completing any study procedures. All protocols were conducted
in compliance with the declaration of Helsinki. The study received
ethical approval from the Oxford Brookes University Research
Ethics Committee.

2.2. Procedures

All participants attended two laboratory visits. In each visit par-
ticipants complete 6 min of FW or BW treadmill walking familiari-
sation (Meyer et al., 2019). To determine preferred walking speed
(PWS) participants were allowed to manually increase and
decrease treadmill speed until they reached their perceived pre-
ferred walking speed.

Treadmill familiarisation was followed by 3 min of FW at the
forward PWS (Pre). Participants then completed 5 min walking at
80% (PWS80), 100% (PWS100) and 120% (PWS120) PWS, 15 min
total, of either FW or BW with no break between speeds. The
15 min FW or BW was followed immediately by a further 3 min
of FW at PWS (Post). In the second visit participants completed
the same protocol but performed walking in the opposite direction
for the PWS80, PWS100 and PWS120 trials than was performed in
the first visit. Treadmill speed was adjusted while participants
walked on the treadmill and each 5 min period was started once
the treadmill had reached the required speed. The visit order (for-
ward or backward walking) and walking speed trial order were
randomised.

At the start of each visit before the Pre FW condition partici-
pants were fitted with a 9-axis inertial measurement unit (IMU:
LPMS-B2, Life Performance Research, Tokyo, Japan) over the L5 ver-
tebra such that the positive acceleration sensing axes were in the
upward, right and forward directions respectively. The IMU
recorded 3-axis acceleration, 3-axis gyroscope, and 3-axis magne-
tometer data at 100 Hz.

2.3. Data analysis

2.3.1. Data processing

For each Pre, Post, PWS80, PWS100 and PWS120 trial, the mid-
dle 15,000 data samples were used for analysis. The acceleration
signals were not filtered to ensure all relevant information was
retained (Bisi and Stagni, 2016; Riva et al., 2013). All data analysis
was completed using custom MATLAB programmes (2016b, The
MathWorks, Inc., Natick, USA).

2.3.2. Multiscale entropy

Multiscale entropy (e.g. Bisi and Stagni, 2016; Borg and
Laxaback, 2010; Costa et al., 2005; 2003) was used to determine
complexity of FW and BW separately for the AP, ML and VT axes
accelerations. Consecutively more course-grained time series were
calculated from the original acceleration signals by averaging data
points in non-overlapping windows of length t, T ranged from 1 to
6 data points. From each course-grained time series the sample
entropy (SE) was calculated as the negative natural logarithm of
the conditional probability, C(r), that two sequences of m consecu-
tive data points which are within a radius of r§ of each other,
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where ¢ is the standard deviation of the original signal, will remain
close when one more point is included:

Cm+1 (I‘)
c(r)

The value of m and r were set at 2 and 0.2 respectively (Bisi
et al., 2018; Bisi and Stagni, 2016; Riva et al., 2013).

After calculation of the sample entropy at each course-grained
time scale, the complexity index (CI) was calculated as the area
under the curve of SE vs. T to provide an indication of overall
complexity:

SE = —In

6

Cl =" SE(i)

i=1

A higher CI value represents greater complexity.

2.3.3. Harmonic ratio

Harmonic ratio (HR) was calculated from the Fast Fourier Trans-
forms of the AP, ML and VT accelerations to determine the symme-
try of gait. For the AP and VT axes the summed amplitudes of the
first 10 even harmonics were divided by the summed amplitudes
of the first 10 odd harmonics and for the ML axis HR was calculated
as the summed amplitudes of the first 10 odd harmonics divided
by the summed amplitudes of the first 10 even harmonics (Riva
et al., 2013). The difference in calculation of HR for the different
axes is due to the fact that the AP and VT signals have two periods
per stride, therefore the second and subsequent even harmonics
are dominant in the signal, whereas, the ML signal has one period
per stride, therefore the first and subsequent odd harmonics are
dominant in the signal. A higher HR is considered to represent
more symmetric gait.

2.3.4. Stride time variability

To determine the stride time variability (STyag) in each FW and
BW walking trial heel-strike events were detected using a method
described previously (McCamley et al., 2012; Pacini Panebianco
et al., 2018; Zijlstra and Hof, 2003). Briefly, heel-strikes were
detected as the peaks of the filtered (4th order, dual-pass Butter-
worth filter with a 2 Hz cut-off frequency) AP acceleration signal
occurring immediately before the zero-crossing from positive to
negative. For BW walking trials the same protocol was applied to
the inverse of the AP acceleration signal. Stride time was then
determined as the time between every second heel-strike, i.e. 2
steps per stride, and the STyag was the standard deviation of the
calculated stride times for each trial.

2.4. Statistics

All data were tested for normality using the Shapiro-Wilk test.
To test the effect of the FW and BW protocols on PWS FW before
(Pre) and after (Post) 15 min walking on CI, HR and STyar a 2
(Pre and Post) x 2 (FW and BW) two-way repeated measures
MANOVA was performed. To determine the effect of walking speed
and direction on CI, HR and STyag a 3 (PWS80, PWS100 and
PWS120) x 2 (FW and BW) repeated measures MANOVA was per-
formed. The Wilk’s Lambda test statistic was used for all MANOVA.

For all significant multivariate main and interaction effects uni-
variate two-way ANOVA were performed for each variable to
determine where significant differences were present. For signifi-
cant univariate effects of walking speed post hoc pairwise compar-
isons with a Bonferroni correction were performed. If main effects
of walking speed violated the assumption of sphericity the
Greenhouse-Geisser correction of the degrees of freedom was per-
formed. For all MANOVA and ANOVA main effects the partial eta
squared (17‘2,) effect size was calculated, values of 0.01, 0.06 and

0.14 represent small, moderate and large effect sizes respectively.
For all tests the alpha level of significance was set at p < 0.05. All
statistical analysis was performed using SPSS (version 25, IBM
Corp., NY USA).

3. Results
3.1. Pre and post comparisons

3.1.1. Multivariate effects

There was a significant multivariate effect of time (A =0.38,
F713=3.10, p=0.037, #73=0.63) on CI, HR and STysx during Pre
and Post PWS FW, however, there were no effects for walking
direction (A =0.74, F;,3=0.67, p=0.698, 11f,=0.26) or interaction
effects (L=0.60, F713=1.23, p=0.356, #2=0.40) on CI, HR and
STyar- The mean and standard deviation of all variables pre and
post walking are shown in Table 1.

3.1.2. Univariate effects of time

There were significant effects of time for CI in the AP
(F1,19=18.33, p<0.001) and ML (F; 19 =4.64, p = 0.044) axes, AP
and ML CI were both greater post than pre. However, there were
no other significant univariate effects for CI, HR or STyag.

3.2. Effects of walking speed and direction

3.2.1. Multivariate effects

There were significant multivariate effects of walking speed
(r=0.01, F148=61.19, p<0.001, n§=0.99) and walking direction
(A=0.16, F;15=11.61, p<0.001, #2=0.84) on CI, HR and STyag,
however, there was no interaction effect (A =0.34, Fi45=1.11,
p =0.458, r]§=0.66). The mean and standard deviation of all vari-
ables for each speed are shown in Table 2.

3.2.2. Univariate effects of walking speed

There were univariate effects of speed on CI in the AP
(F242=106.22, p<0.001), ML (F;3259=92.15, p<0.001) and VT
(Fp.42 =128.48, p<0.001) axes. For all axes, CI in PWS100 and
PWS120 were greater than PWS80 (all p <0.001) and greater in
PWS120 than PWS100 (all p < 0.001). No speed effects were found
for HR in the AP, ML or VT axes, or for STyag.

3.2.3. Univariate effects of walking direction

There were univariate effects of walking direction on CI in the
AP (F12;=11.46, p=0.003), ML (F;,; =25.46, p<0.001) and VT
(F1'21 =56.79, p< 0001) axes, and on STyar (F1‘21 =5.77,
p = 0.026). The CI was greater for all axes in FW than BW and STyagr
was greater in BW than FW. However, there was no effect of walk-
ing direction on HR for the AP, ML or VT axes.

4. Discussion

This study aimed to determine the effects of walking direction
and speed on the complexity, symmetry and stride time variability
of gait, and to determine if post effects of a period of forward and
backward walking were present in FW. The results demonstrated
that FW is more complex, with lower ST yar than BW and that in
both walking directions increasing walking speed increases the
complexity of gait. AP and ML complexity were also greater Post
walking than Pre, however there was no interaction with walking
direction.

The lower complexity of BW than FW in the present study could
be indicative of the central nervous system exerting additional
constraint of the motion of the centre of mass (Borg and
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Table 1

Mean, standard deviation and univariate main effect partial eta squared (nf,) effect size of the complexity index (CI) and harmonic ratio (HR) in the anterio-posterior (AP), medio-
lateral (ML) and vertical (VT) axes and stride time variability (STyagr) during preferred walking speed forward walking before (Pre) and after (Post) 15 min forward (FW) or

backward (BW) walking.

FW BW 'I,z, ’1;21 ”127
Pre Post Pre Post Direction Time Interaction
Cl AP 0.98 £ 0.30 1.00+0.28 0.94 +0.30 1.01+0.28 0.01 0.49* 0.14
ML 1.17 £0.58 1.25+0.60 1.10+0.52 1.17 £0.52 0.08 0.20* <0.01
VT 1.75 £ 0.64 1.68 + 0.68 1.68 +0.65 1.74 £ 0.64 <0.01 <0.01 0.13
HR AP 3.12+£0.24 3.05+£0.31 3.21+0.34 3.12+0.22 0.07 0.06 <0.01
ML 3.00+0.17 3.01+0.23 3.00 £ 0.22 2.95+0.23 0.07 <0.01 <0.01
VT 3.15+0.24 3.03+0.22 3.24+0.34 3.12+0.19 0.09 0.15 <0.01
STvar (S) 0.02 £0.01 0.03 £0.01 0.03 £ 0.04 0.03 £0.02 0.13 0.01 0.03

" indicates a main effect of time, Post is greater than Pre.

Table 2

Mean, standard deviation and univariate main effect partial eta squared (r/;) effect size of the complexity index (CI) and harmonic ratio (HR) for the anterio-posterior (AP), medio-
lateral (ML) and vertical (VT) axes and stride time variability (STyag) during forward (FW) and backward (BW) walking at 80% (PWS80), 100% (PWS100) and 120% (PWS120) of

preferred walking speed.

W BW ; ; 7
PWS80 PWS100 PWS120 PWS80 PWS100 PWS120 Direction Speed Interaction

(@] AP 0.78 +0.25 1.01+£0.27* 1.19+£0.28" ' 0.65 +0.27 0.76 +0.32" 1.01+£031" 1 0.35 0.84¥ 0.12

ML 0.83 +0.45 1.23+£0.61" 1.71£0.82" ' 0.42 £0.27 0.61 +0.36" 097 £0.51* 0.55 0.81¥ 0.18

VT 1.26 +0.53 1.73+0.66" 2.03 +0.64" 0.54 £0.36 0.80 + 0.43* 1.23+0.59* 0.73 0.86¥ 0.09
HR AP 2.95+0.28 3.09£0.30 3.10+0.28 3.12+0.24 3.06+0.30 3.10+0.27 0.04 0.03 0.08

ML 2.95+0.19 3.15+0.39 2.99+0.24 2.97+£0.21 2.96 +0.24 294+0.21 0.07 0.08 0.09

VT 2.97 £0.26 3.05+0.24 3.06 +0.24 3.09+£0.23 3.08 +0.31 3.12+0.38 0.12 0.03 0.01
STvar (S) 0.04 +0.02 0.02 +0.01 0.02 +0.01 0.08 +0.04 0.14+0.36 0.05 +0.02 0.22% 0.05 0.05

" Indicates that value is greater than PWS80.

" Indicates that PWS120 is greater than PWS100.

¥ Indicates a main effect of direction, FW is greater than BW.
# Indicates a main effect of direction, BW is greater than FW.

¥ Indicates a main effect of speed.

Laxaback, 2010), in support of findings of greater supplementary
motor area and pre-central gyrus activity in BW than FW in human
(Kurz et al., 2012) and animal models (Zelenin et al., 2011). This
interpretation is congruous with previous work demonstrating
that the stride interval of BW is less complex and more predictable
than FW (Dierick et al., 2017). During FW visual feedback is used to
control speed, stability and accurate foot placement (Reynolds and
Day, 2005), however in BW the visual information is removed
which may require a reweighting of sensory information, increas-
ing demand on neural resources to control BW (Kurz et al,
2012). The lower complexity of BW could also be due to the differ-
ent anatomical and mechanical constraints of BW, for example the
reduced knee and hip range of motion (Kastavelis et al., 2010).
The present study also demonstrated that STyagr was greater in
BW than FW which is in agreement with previous findings (Bollens
et al., 2014; Choi and Bastian, 2007; Kurz et al., 2012). When con-
sidered together, the greater STyar and lower complexity in BW
than FW, it could be hypothesised that when BW, stability of trunk
motion is actively controlled to a greater extent than the spatio-
temporal gait pattern. It is possible that the temporal structure of
the gait pattern is generated by a central pattern (Lacquaniti
et al., 2012) with minimal supraspinal input allowing greater fluc-
tuation in stride time interval, with additional neural resources
assigned for controlling trunk motion. It could also be suggested
that the greater STyag in BW is the result of a separate, less refined
neural control network for BW compared to FW (Kurz et al., 2012).
However, in contrast, the robustness of gait symmetry, as indicated
by no change in HR, to changes in walking speed and direction
could indicate that FW and BW have similar control networks
which produce harmonics that are intrinsic to the walking pattern

irrespective of walking direction or speed (Pasciuto et al., 2017) in
agreement with the notion that structure of the gait pattern is pro-
duced by similar central pattern generators.

Complexity increased with increasing walking speed but with
no interaction effect for walking direction in the present study.
This finding may indicate that although the control required for
BW is different to FW, both have a similar response to increased
speed. Previous findings in backward and forward running have
found that dynamic stability decreases with increasing speed sim-
ilarly in both directions (Mehdizadeh et al., 2014). During FW,
activity of the prefrontal cortex is increased with increasing walk-
ing speed (Hamacher et al., 2015; Harada et al., 2009; Suzuki et al.,
2004). The prefrontal cortex is, in part, responsible for intentional
movement control (Harada et al., 2009; Lau et al., 2004), which
may be required for producing non-preferred walking speeds,
reducing available neural resources for the control of gait stability
and complexity. Increased movement complexity can be indicative
of decreased constraint on the system (Cavanaugh et al., 2007). The
increase in complexity with increasing walking speed could indi-
cate that with sufficient redundancy in the control system, the cen-
tral nervous system allows the complexity to increase without
additional constraint, thereby, reducing neural demands, however
direct evidence for this interpretation is beyond the scope of the
results of the present study and should be considered for future
research.

This study found no difference in the effect of 15 min BW and
FW on post FW at PWS, however, AP and ML complexity was
greater post than pre for both directions. The current findings are
in agreement with previous results that found no adaptation in
FW kinematic coordination following split belt BW, suggesting this
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indicates that FW and BW are controlled by functionally separate
networks (Choi and Bastian, 2007). The cause for the increase in
complexity following both FW and BW is not immediately clear
but could be the result of further adaptation to the treadmill walk-
ing or fatigue effects (Cortes et al., 2014).

This study has limitations which must be considered. The study
was restricted to healthy young adults so extension of these find-
ings to clinical populations or different age groups should be
avoided. Furthermore, walking speed was not controlled for
between conditions. It was chosen to use direction specific PWS,
and increments of PWS, in order to examine the participants’ cen-
tral nervous systems preferred behaviour in each direction and the
effect of perturbation away from this preferred state. Finally, the
study of gait in this experiment was limited to treadmill walking
which produces a different gait pattern when compared to over-
ground walking and therefore comparisons to findings of studies
reporting overground walking only must be made with caution,
however, treadmill offers the opportunity for controlled and con-
stant speed conditions and easy collection of a large number of
continuous strides.

5. Conclusion

This study has demonstrated that BW is less complex than FW
but has greater STyag indicating that the trunk motion is tightly
controlled during BW, or is constrained by the mechanics of BW,
but that the central pattern generator responsible for temporal gait
patterns in BW is possibly less refined than that of FW. It was also
demonstrated that in both FW and BW increasing speed increases
complexity in the absence of changes in STyagr and HR which could
suggest redundancy in the control networks for trunk motion of
FW and BW allowing complexity to increase without the need
for additional constraint. Finally, there was no difference in the
effect of FW and BW on FW at PWS, in agreement with previous
findings, which may be indicative of separate control networks
for each walking direction. However, both walking directions
increased complexity in post walking.
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