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The unstable nature of our bipedal posture requires continuous feedback to maintain internal 
estimates of self-motion and generate appropriate balance-correcting responses. This feedback control 
process involves the integration of multisensory information, including vestibular cues of head motion. 
Minimizing head motion variability may optimize the information transmitted by vestibular signals 
that are important for balance control and consequently drive vestibular contributions to locomotion 
which decrease as we move faster. In this study, participants walked outdoors at 40% to 140% of 
their preferred step cadence while we characterized head kinematic variability and vestibular-evoked 
balance responses to electrical vestibular stimulation, a common method to generate virtual signals 
of head movement. Head kinematic variability was lowest near participants’ preferred step cadences 
(90–126 steps/min) and gait speeds (1.1–1.7 m/s) while vestibular-evoked responses decreased 
exponentially as step cadence and gait speed increased. Hence, the minima of head kinematic 
variability were close to preferred step cadences, near previously established minima for the metabolic 
cost of locomotion. The relationship between head kinematic variability and vestibular-evoked balance 
responses, however, was inconsistent across all step cadences, suggesting that head kinematic 
variability did not drive vestibular-evoked balance response magnitude. The observed reduction in the 
variability of head motion signals at the preferred locomotor cadence/speed may serve to improve our 
self-motion estimates and reduce information processing requirements to ensure effective navigation, 
thereby potentially contributing to the well-established minimum in metabolic cost near preferred 
cadence.

Uncertainty is always present in the sensory information that we receive, worsening confidence in our self-
motion estimates. The vestibular system, responsible for detecting head motion in space, provides movement 
information to our brain, but the certainty of this information is diminished by the inherent noisiness and delays 
of the neural pathways associated with the encoding of head self-motion cues1. As our internal estimate of head 
motion in space contributes to whole-body balance responses for maintaining our bipedal posture2,3, it is critical 
we maximize the reliability of the vestibular signals of head motion when navigating our environment. Similar 
to how we walk at speeds that minimize our energy expenditure4–6, it may be beneficial to reduce the uncertainty 
of the vestibular information given that sensory noise increases the metabolic cost of neuronal information 
processing7. There is evidence that humans minimize head movement variability during locomotion and 
other complex movements8–11. It is not clear, however, if this relates to the task-dependent modulation in the 
vestibular control of balance during locomotion, an important consideration given the vestibular contributions 
to maintaining our upright posture as we move.

Clinical and experimental studies have shown that vestibular contributions to balance decrease as locomotor 
speed and step cadence increase12–15. MacNeilage & Glasauer16 developed a model based on an index of head 
kinematic variability across strides (Vres) that they proposed represents a ratio between motor efference copy 
noise and vestibular information noise to predict the context-dependent attenuation in the measured vestibular 
control of balance during locomotion. Their model was inspired by observations in tadpoles and juvenile frogs 
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where contributions of vestibular gaze stabilizing mechanisms decrease and are replaced by feedforward control 
from the motor efference copy as locomotor speed increases17–19. For example, as vestibular noise increases 
relative to motor noise (i.e., decreased Vres), it is predicted that vestibular signals would be downregulated for 
self-motion estimation, and the magnitude of vestibular balance responses would decrease. Recently, Mackrous 
and colleagues20 found no difference in vestibular afferent signals encoding head motion between locomotor 
speeds in adult nonhuman primates, questioning the presence of peripheral feedforward mechanisms to regulate 
the vestibular contributions to balance during locomotion in mammals. While human experimental results have 
shown that Vres decreases concurrently with the magnitude of vestibular-evoked balance responses21,22, this 
has only been characterized at locomotor speeds (0.4 and 0.8 m/s) and step cadences (52 and 78 steps/minute) 
slower than our preferred locomotor speed and cadence. Thus, it is critical that we investigate head kinematics 
and vestibular balance control across a wide range of speeds and cadences given that this relationship may 
change as speed and cadence increase beyond our preferred movement parameters.

The objective of this study was to characterize the relationship between head kinematic variability and 
vestibular-evoked balance responses across step cadences representing 40% to 140% of participants’ preferred 
step cadences. Here, we defined head kinematic variability as a ratio of the variability around a stride-cycle 
attractor representing the average stride head kinematics (residual variability) and the variability around the 
total average head kinematics within and across strides (i.e., the near zero offset; total variability)16. To do so, we 
used a portable, inertial measurement unit (IMU)-based system (Fig. 1) that can simultaneously apply electrical 
vestibular stimulation (EVS; a common technique to elicit vestibular-evoked balance responses) and measure 
kinematics to characterize head movement during locomotion and quantify the magnitude of the EVS-evoked 
balance responses22. Given previous observations, we hypothesized that vestibular-evoked balance responses 
would decrease as cadence increased past the participants’ preferred cadence. It was unclear, however, how head 
kinematic variability would change for these larger locomotor speeds and cadences. If head variability is minimal 
at the preferred locomotor cadence, we would expect Vres to decrease up to a participant’s preferred cadence 
but to increase beyond the preferred cadence (minima hypothesis). Alternatively, Vres may continue to decrease 

Fig. 1. Diagram of experimental set-up with a participant in a neutral pose. The inertial measurement units 
(IMUs) and their protective backings were 19.8 mm wide, 15.1 mm tall, and 4.2 mm thick. The backpack 
contained the myRIO-1900, stimulator, and battery which combined weighed approximately 1.8 kg. The IMU 
body reference frame was not a global reference frame. Here, it is presented as oriented while the participant is 
in a neutral pose but would move with the local body segment orientation. Raw traces of the applied electrical 
vestibular stimulation (EVS) and mediolateral linear accelerations (aML) from the IMUs are shown for a single 
stride of a representative participant walking at 63 steps/min and 0.70 m/s. mA, milliamperes; m/s2, metres per 
second squared.
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beyond the preferred cadence (monotonic decrease hypothesis). A monotonic decrease in Vres would support 
the hypothesis by MacNeilage and colleagues16 that changes to Vres explain the modulation in vestibular-evoked 
responses.

Results
Twelve healthy young participants completed bouts of walking at 40%, 60%, 80%, 100%, 120%, and 140% of their 
preferred step cadence. To capture participants’ natural locomotor patterns, all walking trials were completed 
outdoors on a paved surface. We first recorded 30 s of natural walking without EVS to determine the natural 
step cadence of each participant. At each cadence condition, participants completed 85 strides without EVS 
followed by 215 strides while experiencing EVS (Methods). EVS modulates the firing rate of primary vestibular 
nerve afferents via the application of a small electrical current to the mastoid processes, thus eliciting whole-
body balance responses of vestibular origin23. We estimated head kinematic variability using Vres, which is a 
ratio between the residual variability and total variability of head kinematics across strides (see insets of Figs. 2 
and 3 for illustrations of Vres calculations, and Eqs. 7–9 in Methods)16. Given that the changes to Vres across 
step cadences were similar in the EVS and non-EVS conditions (although the Vres was generally ~ 11–23% 
higher in the trials with EVS; see Supplementary Materials), only the Vres data from the trials with EVS are 
presented here to allow for direct comparison with the vestibular-evoked balance responses. Gait events (heel 
strike and toe off) were determined using IMUs on each ankle (Methods). Across participants, the preferred 
step cadence was 107.3 ± 9.1 steps/minute with a resulting gait speed of 1.4 ± 0.3 m/s. From 40 to 140% of the 
participants’ preferred step cadence, step cadence and gait speed increased (43.8 ± 3.8 to 149.4 ± 13.2 steps/min 
and 0.4 ± 0.1 to 2.1 ± 0.4 m/s, respectively), while the proportion of double leg stance (i.e., the time between right 
heel strike and left toe-off and the time between left heel strike and right toe-off) decreased, similar to previous 
observations24–26 (see Supplementary Materials for complete gait characteristics table). Head orientation, 

Fig. 2. Group and individual (n = 12) stride-averaged head linear accelerations and related proportion of 
residual variance (Vres) measures for the 60% (left column), 100% (middle column), and 140% (right column) 
cadence conditions. Thick solid lines represent the mean across participants and thin transparent lines 
represent the mean from each participant. Right side panel illustrates how the VresaML was calculated for a 
single participant at the 60% step cadence condition. For each stride, the squared difference from the average 
stride cycle kinematics (pink line in top of panel; i.e., stride-cycle attractor) was calculated and the average was 
taken across all strides, resulting in the residual sum of squares (SSres; light blue line in the panel). Similarly, 
the squared difference from the average kinematics across and within strides (dashed horizontal grey line; i.e., a 
single value) was calculated for each stride, and the average across each stride was taken to determine the total 
sum of squares (SStot; black line). For net Vres calculations (not shown here), the squared differences were 
also summed across the three dimensions prior to the averaging across strides to calculate SSres and SStot. 
Vres( pink line in bottom of panel) was then calculated as the ratio between SSres and SStot for each point 
of the stride cycle. aAP , anteroposterior linear acceleration (x-axis); aML, mediolateral linear acceleration 
(y-axis); aV , vertical linear acceleration (z-axis); aNET , net linear acceleration; m/s, meters per second 
squared; RHS, right heel strike; LTO, left toe-off; LHS, left heel strike; RTO, right toe-off.
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measured with an IMU fixed to a mouthguard (Methods), changed slightly across the different conditions, with 
the average head pitch ranging from the lowest at the 40% condition (Reid’s plane 4.0 ± 6.1° up from horizontal) 
to the highest at the 100% condition (8.8 ± 6.4°).

Head kinematics across cadences
To determine stride-by-stride head kinematic variability, we calculated Vres using the gravity-corrected and 
transformed net linear acceleration (Vres aNET ), mediolateral linear acceleration (Vres aML; Fig.  2), net 
angular velocity (Vres ωNET ), and roll angular velocity (Vres ωroll; Fig.  3) from a mouthguard-fixed IMU 
(see Methods; similar to previous work from MacNeilage and Glasauer16). Vres aNET  and Vres ωNET  provide 
indices of the overall head variability as they are calculated from the linear accelerations and angular velocities 
from all three axes, respectively. Vres aML and Vres ωroll are calculated from mediolateral linear acceleration 
and roll angular velocity, respectively, which correspond to the plane in which the EVS-evoked balance responses 
occur. We generally observed four peaks of variable amplitude within the stride cycle, corresponding to the 
approximate locations of heel strikes and toe-offs from both feet. From the 40% to 100% cadence conditions, the 
mean Vres decreased for all participants in all measures except Vres aML( observed in 10/12 participants). From 
the 100% to 140% conditions, the mean Vres generally increased (VresaNET : 9/12 participants; VresaML: 9/12 
participants; VresωNET : 6/12 participants; Vresωroll: 6/12 participants).

We performed repeated measures analysis of variance (rmANOVA) to determine if there was a main effect of 
step cadence on each measure of head kinematic variability (Vres; Table 1 and Fig. 4). Post-hoc paired Student 
t-tests (α = 0.05) were performed between the following step cadence conditions: 40–100% to confirm that Vres 
decreased21,22 up to the preferred cadence (one-tailed), and 100–120% and 100–140% to characterize how head 
kinematic variability changed beyond the preferred cadence (two-tailed). To correct for multiple comparisons, 
we used the Holm method. For all Vres measures, we observed significant main effects and a significant decrease 

Fig. 3. Group and individual (n = 12) stride-averaged head angular velocities and related proportion of 
residual variance (Vres) measures for the 60% (left column), 100% (middle column), and 140% (right column) 
cadence conditions. Thick solid lines represent the mean across participants and thin transparent lines 
represent the mean from each participant. Right side panel illustrates how the Vresωroll was calculated for a 
single participant at the 60% step cadence condition. For each stride, the squared difference from the average 
stride cycle kinematics (green line in top of panel; i.e., stride-cycle attractor) was calculated and the average 
was taken across all strides, resulting in the residual sum of squares (SSres; light blue line in the panel). 
Similarly, the squared difference from the average kinematics across and within strides (dashed horizontal 
grey line; i.e., a single value) was calculated for each stride, and the average across each stride was taken to 
determine the total sum of squares (SStot; black). For net Vres calculations (not shown here), the squared 
differences were also summed across the three dimensions prior to the averaging across strides to calculate 
SSres and SStot. Vres( green line in bottom of panel) was then calculated as the ratio between SSres and 
SStot for each point of the stride cycle. ωroll, roll angular velocity (x-axis); ωpitch, pitch angular velocity 
(y-axis); ωyaw , yaw angular velocity (z-axis); ωNET , net angular velocity; deg/s, degrees per second; RHS, right 
heel strike; LTO, left toe-off; LHS, left heel strike; RTO, right toe-off.
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from the 40% to 100% step cadence condition (0.24–0.72 × ; Table 1). In contrast, we observed significant 
increases from the 100% to 140% condition in the mean VresaNET ( 1.59 × ; Table 1), and from 100 to 120% and 
140% in the mean VresaML( 1.22–1.37 × ; Table 1). There were no significant changes in the Vres ωNET  or Vres 
ωroll beyond the 100% step cadence condition.

Vestibular responses across cadences
We also calculated the time-dependent coherence between EVS and kinematic signals (i.e., a measure of relation 
between two signals; see Methods) for each individual participant and across all participants to quantify the 
magnitude of vestibular-evoked balance responses27,28. Larger coherence values indicate stronger relation 
between vestibular input and balance responses, thus calculating coherence across cadences allowed us to 
quantify changes in vestibular-evoked responses as a function of step cadence. Gain was also calculated (see 
Supplementary Materials), but only coherence is presented here as the changes in gain between step cadences 
were similar to and supported the coherence results. Time-dependent coherence was calculated between the 
EVS and the gravity-corrected and transformed mediolateral (ML) linear accelerations from IMUs placed on 
the low back and each ankle. This allowed us to characterize the vestibular-evoked balance responses at the 
approximate centre of mass and in the lower limbs, respectively. We observed regions of significant coherence 
(based on a 99% confidence limit) in all participants and IMUs in the 40–100% cadence conditions (see Fig. 5 
for representative participant). Significant coherence was generally observed between 0–10 Hz during single-
leg stance in the back and during stance phases in the corresponding ankles, similar to previous findings22. All 
participants exhibited significant coherence in the 120% condition for all IMUs, except for one participant’s left 
ankle ML accelerations. For the 140% cadence condition, we observed significant coherence in 9/12 participants 
for the back ML acceleration and 11/12 participants for the right and left ankle ML accelerations.

We extracted the peak coherence from across the stride cycle and frequencies and performed rmANOVAs 
to determine if there was a main effect of step cadence on peak coherence (Table 2 and Fig. 6). To confirm that 
the vestibular-evoked responses decreased in magnitude with increasing step cadence, the following post-hoc, 
one-sided paired Student t-tests were performed: 40–100% to confirm previous findings, and 100–120% and 
100–140% to verify that the vestibular responses decreased in magnitude beyond the preferred step cadence. 
We observed significant main effects for all coherence measures (back, right ankle, and left ankle ML linear 
accelerations). Additionally, we observed significant decreases in all post-hoc t-tests (40–100%: 0.27–0.34 × , 
100–120%: 0.59–0.64 × , 100–140%: 0.31–0.46 × ; Table 2), except from the 100% to 120% condition in the back 
ML linear acceleration peak coherence.

To directly relate Vres and coherence, we determined linear fits and calculated the coefficient of determination 
(R2) of the linear fits between each combination of mean Vres and peak coherence measures. This was calculated 
for all step cadence conditions, 40% to 100% step cadence conditions, and the 100% to 140% step cadence 
conditions. While there was a positive relationship between Vres and coherence from 40 to 100%, the relationship 
was negative or zero from 100 to 140%. Furthermore, in all cases (except the linear fits between Vres ωroll and 
left ankle peak coherence), the R2 decreased when fitting data from the 40% to 100% conditions compared to 
data from all step cadences. Consequently, the linear fits worsened when the faster step cadences were added. 
We presented only the linear fits with the peak back coherence in Fig. 4 because all coherence measures yielded 
similar results. The linear fits with all other coherence measures are included in the Supplementary Materials.

Measure
rmANOVA
F-statistic p Post-hoc Student t-test t-statistic Cohen’s d pholm

VresaNET F1.910,21.015 = 93.871 < 0.001

40 vs 100% t11 = 20.208 5.834 < 0.001*

100 vs 120% t11 = −1.151 −0.335 0.270

100 vs 140% t11 = −2.821 −0.814 0.034†

VresaML F2.345,25.798 = 15.063 < 0.001

40 vs 100% t11 = 4.009 1.157 0.003*

100 vs 120% t11 = −2.719 −0.785 0.020†

100 vs 140% t11 = −3.339 −0.964 0.014†

VresωNET F2.017,22.188 = 31.304 < 0.001

40 vs 100% t11 = 8.939 2.580 < 0.001*

100 vs 120% t11 = 1.363 0.393 0.400

100 vs 140% t11 = −0.472 −0.136 0.646

Vresωroll F1.652,18.176 = 13.583 < 0.001

40 vs 100% t11 = 6.950 2.006  < 0.001*

100 vs 120% t11 = 0.543 0.157 1.000

100 vs 140% t11 = −0.584 −0.169 0.571

Table 1. Statistical analysis of the mean proportion of residual variance (Vres) calculated from the gravity-
corrected and transformed net linear acceleration (VresaNET ), mediolateral linear acceleration (VresaML), 
net angular velocity (VresωNET ), and roll angular velocity (Vresωroll). These measures were calculated from 
trials where vestibular stimulation was applied. A repeated measures analysis of variance (rmANOVA) was 
performed for each measure, along with selected post-hoc Student t-tests (corrected with Holm method). 
Significant results are indicated with boldface type and an asterisk (*) denotes a significant decrease while a 
dagger (†) denotes a significant increase.
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Fitting head kinematics and vestibular changes across step cadence and gait speed
To establish the relationship between head kinematic variability and vestibular-evoked balance responses with 
step cadence and gait speed, we fitted functions to mean Vres and peak coherence, respectively.

Head kinematic variability
We fitted both 2nd degree polynomial (minima hypothesis) and exponential decay (monotonic decrease 
hypothesis) functions to the mean Vres measures from all participants. The difference in the Akaike information 
criterion (AIC) between the polynomial and decay fits (∆AIC  = polynomial – exponential decay) was 
calculated to identify the most appropriate fit (a lower AIC indicates a more appropriate model; see Methods). 
If ∆AIC > 0, the exponential decay was the most appropriate fit and if ∆AIC < 0, the polynomial was 
the most appropriate fit. Using the fitting method that best represented the group data, we then fitted each 
participant’s individual data and calculated the adjusted coefficient of determinations (R2). The AIC was 
lower in the polynomial fits compared to the exponential decay fits for head kinematic variability across step 
cadences (VresaNET :∆AIC  = −78.5, polynomial R

2 = 0.94 ± 0.05; VresaML: ∆AIC  = −40.2, polynomial 
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R
2 = 0.35 ± 0.65; Vres ωNET : ∆AIC  = −41.3, polynomial R

2 = 0.83 ± 0.19; Vres ωroll: ∆AIC  = −13.6, 
polynomial R2 = 0.78 ± 0.19; Fig. 7A) and gait speeds (VresaNET : ∆AIC  = −69.3, polynomial R2 = 0.86 ± 0.20; 
VresaML: ∆AIC  = −39.9, polynomial R2 = 0.20 ± 0.67; Vres ωNET : ∆AIC  = −64.9, polynomial R2 = 0.71 ± 0.32; 
Vres ωroll: ∆AIC  = −38.4, polynomial R2 = 0.71 ± 0.25; Fig. 7B).

To determine the locomotor cadence and speed at which head kinematic variability was minimal, we extracted 
the minimum value for each participant’s 2nd degree polynomial function. The locations of the minima varied 
between 90–126 steps/min across step cadences (VresaNET  at 117 ± 9 steps/min; VresaML at 90 ± 17 steps/min; 
Vres ωNET  at 126 ± 16 steps/min; Vres ωroll at 125 ± 25 steps/min; Fig. 7A) and 1.1–1.7 m/s across gait speeds 
(VresaNET  at 1.5 ± 0.2 m/s; VresaML at 1.1 ± 0.3 m/s; Vres ωNET  at 1.7 ± 0.2 m/s; Vres ωroll at 1.7 ± 0.3 m/s; 
Fig. 7B).

Vestibular-evoked balance responses
To confirm that vestibular-evoked balance responses decreased with step cadence, we fitted exponential decay 
functions to each individual participant’s peak coherences from the three IMU measurements. In general, the 
exponential decay functions were well fitted to the data as demonstrated by the large R2 values (back: 0.90 ± 0.06; 
right ankle: 0.85 ± 0.14; left ankle: 0.86 ± 0.18; Fig. 8A). We found similar results when fitting the peak coherences 
across gait speeds (back: 0.89 ± 0.07; right ankle: 0.84 ± 0.15; left ankle: 0.87 ± 0.17; Fig. 8B).

Discussion
We found that, contrary to the model proposed by MacNeilage and colleagues, head kinematic variability did 
not predict vestibular modulations at step cadences faster than 100% of preferred cadence. To determine this, 
we measured Vres, a metric of head kinematic variability across strides, and EVS-evoked balance responses 
from participants as they walked at cadences ranging from 40 to 140% of their natural step cadence in the 
real-world. Across all the Vres measures computed, a 2nd degree polynomial function, with the minimum 
near the preferred step cadences, fitted the data better than an exponential decay function. In contrast, the 
peak magnitude of the vestibular-evoked balance responses decreased as step cadence increased and was well 
fitted to an exponential decay function as hypothesized. These results suggest that head kinematic variability is 
minimal near our preferred locomotor cadences and is not the driving factor in the cadence and speed induced 
modulation of vestibular balance control.

Head kinematic variability is minimal near preferred step cadences
The changes to head kinematic variability (Vres) across step cadences and gait speeds were best fitted to 2nd 
degree polynomial curves. The local minima in polynomials fitted to the mean Vres were located at 90–126 
steps/min and 1.1–1.7 m/s across step cadence and gait speed, respectively. These correspond with the range of 
step cadences (96–126 steps/min) and gait speeds (0.9–1.8 m/s) that we identified during the preferred cadence 
condition and is similar to what has previously been measured as preferred step cadences and gait speeds29–34. 
Hirasaki et al.9 found that within the gait speed range of 1.2–1.8  m/s (and step cadences of 108–132 steps/
min), head and body coordination was optimized, and the bandwidth around the predominant frequency of the 
vertical translation spectral density was minimized. This speed range is also optimal for minimizing energetic 
cost during locomotion35,36. Furthermore, other authors have observed that the symmetry of head movement is 
optimized at preferred step cadences and speeds, which they argued reflects head stability30,31; although we note 
that this interpretation has been criticized37,38.

MacNeilage and Glasauer16 proposed that Vres, which is calculated as the ratio of residual to total head 
kinematic variability over a stride cycle, represents a ratio of the motor noise to the proportion of sensory 
(vestibular) noise. However, an alternative interpretation of Vres is that it represents a “noise-to-signal” ratio of 
the head kinematics, rather than a predictor of vestibular-evoked balance responses. In this view, the variance 
of the head movement signals around the mean across stride cycles (i.e., the numerator of the Vres equation) 
is considered the sensory noise which is then compared to the overall signal amplitude (as measured by the 
total sum of squares, i.e., the denominator of the Vres equation). Unlike the previous interpretation, this does 

Fig. 4. Participant (n = 12) mean proportion of residual variance (Vres) across step cadence conditions 
during trials with electrical vestibular stimulation (left column) and linear fits between mean Vres and back 
mediolateral linear acceleration (aML) coherence (right column). We calculated Vres with the head net linear 
acceleration (VresaNET ), mediolateral linear acceleration (VresaML), net angular velocity (VresωNET ), 
and roll angular velocity (Vresωroll). There was a significant main effect for all Vres measures. Post-hoc t-test 
revealed that there was a significant decrease from the 40% to 100% step cadence condition for all measures. 
Increases were only observed between the 100–140% comparison for the VresaNET  as well as between the 
100–120% and 100–140% comparisons for the VresaML. For the linear fits (right column) between the 
mean Vres measures and peak back coherence, the legend indicates the coefficient of determination (R2) 
for the linear fit with all the step cadence conditions (“All”, black), the linear fit with the 40% to 100% step 
cadence conditions (“40:100%”, light blue), and the linear fit with the 100% to 140% step cadence conditions 
(“100:140%”, pink). In all cases shown, 40–100% fit and the 100–140% were near orthogonal and the R2 was 
lower in the linear fit with all conditions compared to the linear fit with the 40% to 100% conditions. Closed 
circles represent the values from individual participants. Boxplots represent the median and interquartile range 
of the data. * denotes statistically significant differences between conditions from post-hoc t-tests (p < 0.05).

◂
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not depend on the assumption of Weber’s law that signal amplitude is proportional to sensory noise39, which 
may not be followed for vestibular cues of self-motion40,41. Given this interpretation, our results suggest that the 
vestibular “noise-to-signal” ratio is minimal near our preferred cadences and gait speeds.

There is evidence that greater noise in sensory signals increases the metabolic cost of neuronal information 
processing7 and that this information processing is optimized to reduce metabolic cost42. Thus, reducing the 
variability of our head movement may serve to minimize the energy requirements of processing vestibular 

Fig. 5. Representative participant time-dependent frequency representations shown at 60% (left column), 
100% (middle column), and 140% (right column) of their preferred cadence. For each sensor, the coherence 
(1st row), gain (2nd row), spectral output power (3rd row), and time traces (4th row; mean: solid line, standard 
deviation: shaded area) are presented. We calculated coherence and gain between the applied electrical 
vestibular stimulation and the back mediolateral linear acceleration (aML; top), right ankle aML( middle), and 
left ankle aML( bottom). Values representing non-significant coherence and gain were removed from the plots. 
Spectral output power was calculated with the aML from each sensor. Significant coherence was generally 
observed during single-leg stance in the back and during stance phase in the ankles. At the slow cadences, gain 
followed a similar pattern; however, gain was more inconsistent at faster cadences due to the low coherence. 
Spectral output power generally increased with step cadence, especially at heel strikes. mA, milliamperes; m/s2, 
metres per second squared; RHS, right heel strike; LTO, left toe-off; LHS, left heel strike; RTO, right toe-off.

 

Scientific Reports |        (2025) 15:18670 8| https://doi.org/10.1038/s41598-025-99878-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


information. Given the large energy demands of the central nervous system and evolutionary pressures to 
optimize energy expenditure and the quality of sensory information encoded43,44, our preferred movement 
patterns may have evolved to balance between the energetic costs of our motor commands and the central 
sensory information processing pressures of signal quality, metabolic cost, and number of neurons required. 
For example, it has been shown that humans choose locomotor patterns that are not energetically optimal when 
step length and width are constrained45, suggesting that other factors – possibly head kinematic variability – are 
important considerations for how we choose our locomotor patterns. Alternatively, given that that blood gas 
receptors do not sense energetic cost during locomotion46, it is possible that our head kinematics provide partial 
(and indirect) information to facilitate energetic optimization during locomotion. These results open the door 
to future work exploring how the metabolic costs of our motor actions and sensory processing demands are 
balanced as we navigate our environment.

Head kinematic variability does not modulate vestibular-evoked balance responses
We also characterized the changes to head kinematic variability and vestibular-evoked balance responses at 
faster step cadences. For the Vres measures using the linear head accelerations (Vres aNET  and VresaML), we 
generally observed that the participant mean Vres values increased beyond the 100% cadence condition (except 
in the 100–120% Vres aNET  comparison). These increases in mean Vres ranged from 17–35% between the 
100% and 120% conditions, and 39–77% between the 100% and 140% cadence conditions. Given that increased 
Vres was suggested to indicate that sensory noise has decreased relative to motor noise16, the magnitude of 
vestibular-evoked balance responses should consequently increase. However, we observed significant decreases 
(51–60% decrease) in the extracted peak coherences between the 100% and 140% step cadence conditions. 
While there were no differences detected in the Vres measures driven by the angular velocity of the head 
(Vres ωNET  and Vres ωroll), possibly due to the greater variance in the mean Vres values extracted for these 
measures, these measures did not decrease with the vestibular-evoked balance responses. We also observed 
that the Vres-coherence correlations from the 40–100% cadence conditions and the 100–140% conditions were 
near orthogonal, especially in the linear acceleration Vres measures. Furthermore, the correlations between 
Vres and coherence were positive from the 40–100% cadence conditions but not for the 100–140% conditions, 
indicating that the relationship between Vres and coherence was not consistent across step cadences. Previous 
studies at slower step cadences and gait speeds have observed mean Vres decrease 14–51% as step cadence and 
gait speed increased (at 52 steps/min and 0.4 m/s to 78 steps/min and 0.8 m/s)21,22. At the same step cadences 
and speeds, decreases in the peak coherence between EVS and muscle activity (17–31%)13, centre of pressure 
displacement (47%)21, and linear accelerations (34–38%)22 have been reported. In accordance with ths previous 
observations, we found the mean Vres decreased by 14–45% between the 40% and 60% step cadence conditions, 
which corresponded to average step cadences of 44 and 65 steps/min, respectively. Concurrently, we observed 
decreases (25–32%) in the peak coherence from the back and ankle ML linear acceleration coherence, which 
approximate respectively the vestibular-evoked responses of the whole-body body centre of mass and individual 
lower limbs.

To characterize the overall change in vestibular balance control across step cadences and gait speeds, we 
fitted exponential decay curves to the participant peak coherences. For all IMUs, the exponential decay curve 
was well suited to represent the decreased magnitude of vestibular-evoked balance responses as a function of 
step cadence and gait speed. Given that both the paired t-tests and the fitted the exponential decay functions 
indicated a continued decrease in vestibular-evoked responses, these results complement previous studies 
measuring vestibular balance responses at slower locomotor cadences while also extending these findings to 
preferred and faster walking. This supports our hypothesis, as well as observations in clinical studies12, that 
the vestibular-evoked balance responses would decrease as step cadence (and gait speed) increased beyond 
our preferred step cadence. However, the increasing (linear accelerations) or unchanging (angular velocities) 

Measure
rmANOVA
F-statistic p Post-hoc Student t-test t-statistic Cohen’s d pholm

Back aML F2.178,23.956 = 55.741 < 0.001

40 vs 100% t11 = 9.529 2.751 < 0.001*

100 vs 120% t11 = 1.006 0.291 0.168

100 vs 140% t11 = 3.807 1.099 0.002*

Right ankle aML F2.762,30.377 = 41.956 < 0.001

40 vs 100% t11 = 9.629 2.780 < 0.001*

100 vs 120% t11 = 2.231 0.644 0.024*

100 vs 140% t11 = 3.036 0.884 0.010*

Left ankle aML F5,55 = 51.776 < 0.001

40 vs 100% t11 = 11.590 3.346 < 0.001*

100 vs 120% t11 = 1.902 0.549 0.042*

100 vs 140% t11 = 3.338 0.964 0.006*

Table 2. Statistical analysis of the peak coherence calculated between the electrical vestibular stimulation 
and the gravity-corrected, mediolateral linear accelerations (aML) from the back, right ankle, and left ankle. 
A repeated measures analysis of variance (rmANOVA) was performed for each measure, along with selected 
post-hoc Student t-tests (corrected with Holm method). Tests were performed on Fisher transformed 
coherence values. Significant results are indicated with boldface type and an asterisk (*) denotes a significant 
decrease.
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Vres at faster cadences contradicts the prediction that changes to Vres will reflect vestibular balance response 
modulations at faster step cadences, suggesting that the vestibular control of balance during locomotion is not 
modulated by the ratio of motor to sensory noise as quantified by Vres.

The increased head kinematic variability at faster cadences/speeds does not preclude the proposal by 
MacNeilage and colleagues that the reduction in vestibular-evoked balance responses at faster step cadences/
speeds may be related to a relative increase in the feedforward control of locomotion. Although Mackrous et 
al.20 revealed no attenuation of vestibular primary afferents in adult primates during locomotion, suppression 
of vestibular signals may occur in the vestibular nuclei (see review by Cullen47) and be influenced by factors 
not captured by Vres. Alternatively, this modulation of vestibular-evoked balance responses could arise from 
body stability demands, as providing external pelvis stabilization or increasing step width have been shown to 
decrease vestibular balance responses during locomotion48. Additionally, when walking on a split-belt treadmill, 
the modulation of the vestibular-evoked responses is consistent with the kinematics from each limb49. A direct 
relation between these vestibular modulations and changes in head kinematic variability, however, cannot be 
determined given that head kinematics were not recorded in these studies.

Another possible explanation for the attenuation of vestibular balance as cadence increases may be related 
to non-linearities in vestibular afferent encoding of head motion20,50 and bi-linear vestibular nuclei gains51, 
resulting in saturation of head motion signals. To test if non-linear processes in vestibular pathways contributed 
to the attenuation of the vestibular evoked balance responses, we modelled the vestibular afferent responses 

Fig. 6. Peak coherence between EVS and kinematics across step cadences. For each participant (n = 12), we 
calculated peak coherence between the applied electrical vestibular stimulation and the back mediolateral 
linear acceleration (aML; top), right ankle aML( middle), and left ankle aML( bottom) across step cadences. 
There was a significant main effect for all coherence measures and a significant decrease in all measures for all 
post-hoc comparisons (40 vs 100%, 100 vs 120%, and 100 vs 140%), except in the 100 vs 120% comparison for 
the back aML. Closed circles represent the peak coherence from individual participants. Boxplots represent 
the median and interquartile range of the data. * denotes statistically significant differences between conditions 
from post-hoc t-tests (p < 0.05).
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to head motion and electrical stimuli20,50,52,53 as well as the known vestibular peripheral (sigmoid function to 
maintain firing rates between 0 and 250 Hz)20,50 and central (bi-linear gains)51 non-linearities (see Supplementary 
Materials). In summary, we found that the predicted vestibular afferent responses generally did not saturate (less 
than 2% of predicted firing rates occurred outside the 50–200  Hz range), even at the higher step cadences. 
Consequently, when we calculated coherence between the body kinematics and the simulated central vestibular 
nuclei firing rates, it was not different than when using the true EVS signal. Thus, it is unlikely that vestibular 
afferent non-linearities and bi-linear vestibular nuclei gains are responsible for the attenuation of vestibular-
evoked balance responses as locomotor cadence and speed increase.

Limitations
As we did not restrict head orientation during trials, participants walked with their head more flexed (pitched 
down) as their step cadence deviated from the preferred rate (both slower and faster). The observed changes in 
mean head pitch angle, however, were modest (8.8° to 4.0° up from horizontal). These small head angle changes 
would be expected to alter the vestibular-evoked responses by 2% if we assume a net EVS vector pointing 17–19° 
up from Reid’s plane23. Given that we observed changes ranging from 25–60% between locomotor cadences/
speeds, it is unlikely that any head orientation induced change to the EVS-evoked responses had any noticeable 
effect on our results.

Caution should be exercised when interpreting the lower peak coherence values that we measured at the 
fastest step cadences. Many of the peak coherence values we extracted at the cadence conditions of 100% 
and beyond were just higher than the minimum threshold for the individual participant coherence (0.0212). 
For example, if the coherence confidence limit was increased to 99.9% (increasing the significance threshold 
by ~ 50%), a larger number of participants would exhibit no coherence at the faster cadences (back: 2 at 100%, 

Fig. 7. Participant (n = 12) mean normalized proportion of residual variance (Vres) across (A) step cadences 
and (B) gait speeds. We calculated Vres with the head net linear acceleration (VresaNET ), mediolateral linear 
acceleration (VresaML), net angular velocity (VresωNET ), and roll angular velocity (Vresωroll). Individual 
participant measures and fits are indicated with the same marker and line colour within and across plots. 
Thick black lines represent the group 2nd degree polynomial fits for each plot with the adjusted coefficient of 
determination ( R2) presented. steps/min, steps per minute; m/s, metres per second.
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3 at 120%, and 7 at 140%; right ankle: 1 at 120% and 7 at 140%; left ankle: 1 at 100%, 2 at 120%, and 8 at 140%) 
compared to the confidence interval of 99% that we used (back: 3 at 140%, right ankle: 1 at 140%; left ankle: 1 at 
120% and 1 at 140%). Upon further inspection, we observed that many of the coherence peaks in the 120% and 
140% cadence conditions occurred outside of the typical timing (stance phase) and frequency (0–10 Hz) where 
coherence was observed. However, it is unlikely that this affected the results and interpretation of our data, given 
that peak coherences we observed for these conditions were low and would be unlikely to influence the fit of the 
exponential decay functions.

Conclusion
In summary, we observed that Vres was minimal near our preferred cadences and gait speeds while the 
magnitude of the vestibular-evoked balance responses decreased as step cadence increased. This demonstrates 
that Vres does not predict vestibular responses at faster step cadences and speeds. Furthermore, our results 
show that head kinematic variability is reduced at preferred step cadences to potentially minimize the cost of 
processing noisy information in our vestibular sensing. We propose that optimizing sensory information during 
locomotion decreases the metabolic cost of information processing while improving our internal and perceptual 
self-motion estimates, making us more effective in navigating our environment.

Methods
Participants
We recruited 14 healthy young adult participants with no neurological or musculoskeletal impairments to 
participate in this study. However, two were unable to complete the experiment due to discomfort with the EVS 

Fig. 8. Participant (n = 12) peak coherence across (A) step cadences and (B) gait speeds. We calculated 
coherence between the applied electrical vestibular stimulation and the back, right ankle, and left ankle 
mediolateral linear accelerations (aML). Individual participant measures and fits are indicated with the same 
marker and line colour within and across plots. Thick black lines represent the group exponential decay fits 
for each plot with the adjusted coefficient of determination (R2) presented. Dashed horizontal line indicates 
threshold for coherence significance (0.0212). steps/min, steps per minute; m/s, metres per second.
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so the final sample size consisted of 12 participants. To determine an appropriate sample size, we performed 
power analyses given effect sizes (1.403–3.009) between the magnitude of vestibular responses observed at 52 
steps/min and 78 steps/min22. We determined that the minimal sample size for a two-sided paired sample t-test 
with a desired α = 0.05 and power = 0.9 was 8 participants and we added an additional 4 to account for the 
smaller differences between step cadences for a total of 12 participants (6 females, 6 males; age = 24.3 ± 2.5 years; 
height = 171.8 ± 13.4  cm; mass = 71.1 ± 17.0  kg). This experiment was reviewed by the University of British 
Columbia Clinical Research Ethics Board (H22-01776) and participants provided written informed consent 
prior to enrolling in the study. All research was performed in accordance with relevant guidelines/regulations 
and conformed to the declaration of Helsinki, with the exception of registration to a database.

Set-up
Participants were instructed to wear athletic clothing and comfortable running shoes for walking, to replicate 
their natural walking behaviour. We attached four inertial measurement units (IMUs; MPU 6050; accelerometer 
range =  ± 16 g; gyroscope range =  ± 2000˚/s) to the participant for the duration of the experiment (Fig. 1). The 
first IMU was mounted to a custom-made mouthguard that was prepared for each participant using a vinyl 
polyciliate putty to form a dental impression and ethylene vinyl acetate to vacuum form the mouthguard. The 
IMU was mounted on a small cast acrylic tab attached to the mouthguard so that it sat outside the mouth. By 
fixing the IMU directly to the skull via the upper dentition, we can record head kinematics without skin motion 
artefact54. The second IMU was placed on the low back at the third lumbar spinous process and the height was 
measured for each participant (105.3 ± 9.6 cm SD). This placement was chosen to approximate the body centre 
of mass accelerations which we have previously used to characterize whole-body vestibular responses during 
locomotion22. The remaining two IMUs were placed just above each lateral malleolus to detect heel strike and 
toe-off55 and characterize lower limb vestibular responses22,56.

IMU calibration
Each IMU was first calibrated to correct the sensitivity and bias of the accelerometer and the bias in the 
gyroscopes57. We performed IMU-to-body calibration prior to the experimental trials to align the IMUs to a 
body reference frame with x: forward, y: right, and z: down (Fig. 1). After being attached to the participant, we 
recorded two 5 s calibration poses for each IMU58. The first calibration pose was performed with the participant 
standing upright, to define the true z-axis. For the head IMU, this involved levelling the head so that Reid’s 
plane was perpendicular to gravity to orient the head IMU with respect to the vestibular apparatus. Then, the 
participant pitched each respective body segment ~ 90 degrees forward to define an approximate x-axis for 
the second calibration position. The approximate x-axis and true z-axis were defined as opposite to the net 
acceleration vector caused by the gravitational field. The true y-axis was calculated as the cross-product of the 
true z-axis and the approximate x-axis. Finally, the true x-axis was calculated as the cross-product between the 
true y-axis and the true z-axis.

Portable system
We previously devised a portable system for concurrent kinematic measurement and electrical stimulation, 
employing a reconfigurable I/O device (myRIO-1900, National Instruments) equipped with a field-
programmable gate-array running LabVIEW 2019b (National Instruments)22. In this setup, the microcontroller 
communicated to each of the IMUs with I2C protocol via a wired connection. An analog output was interfaced 
with a constant current stimulator to administer the electrical stimuli (see Stimulus section). Data acquisition 
occurred directly on the myRIO-1900 at a sampling rate of 200 Hz. Both the microcontroller and stimulator 
were powered by a 12-V battery (TalentCell, China), and the participants wore all components within a compact 
backpack. A wireless connection facilitated communication between a laptop (ThinkPad X1 Nano, Lenovo) 
and the myRIO-1900, enabling system control and real-time data visualization. The myRIO-1900 has a storage 
capacity of 256 megabytes, so the data were transferred to the laptop halfway through the data collection to avoid 
data corruption due to insufficient memory storage.

Stimulus
We applied binaural bipolar electrical vestibular stimulation to the participants via carbon rubber electrodes 
(9 cm2) coated with conductive gel. The electrodes were affixed to the participant’s mastoid processes with 
hypoallergenic tape. The electrical vestibular stimuli were generated as stochastic waveforms (stochastic EVS; 
0–20 Hz, amplitude peak ± 4.5 mA, root mean square 1.25 mA) using LabVIEW 2019b (National Instruments) 
and were delivered by a constant current isolated linear stimulator (STIMSOLA, Biopac Systems Inc.). We 
selected these parameters because they have previously been shown to elicit EVS-evoked balance responses in 
the lower limbs and whole body, with kinematic responses occurring at frequencies between 0–10 Hz during 
locomotion22. Ten unique EVS waveforms were generated for this study, and one was randomly selected for each 
trial.

EVS modulates the firing rate of the primary otolith and semicircular canal vestibular afferents52,59,60 to 
generate craniocentric virtual head movement signals61,62. In a binaural bipolar configuration, the EVS-evoked 
net motion includes a virtual angular velocity signal, oriented around an axis positioned approximately 17–19 
degrees above Reid’s plane23,53,63 accompanied by an inference of interaural linear acceleration during a head 
forward orientation64. The choice of stochastic EVS as the stimulus was based on its advantageous characteristics, 
as it enables the examination of vestibular responses throughout the entire stride cycle27. Importantly, stochastic 
EVS minimizes testing duration when compared to conventional square wave stimuli27.
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Protocol
The protocol for this study was completed outdoors on pavement at the University of British Columbia 
Vancouver campus. We chose this outdoor setting because there are differences in head kinematics between 
treadmill and above ground locomotion9,65,66, so it was important to study head kinematic variability in real-
world environments to characterize natural locomotor behaviour. To minimize any possible effects of different 
locations or ground types, all trials were completed within the same 500-m stretch of walking path. All trials 
were completed without any precipitation present.

Firstly, to determine their natural walking speed and cadence, participants walked without stimulation for 
30 s continuously. The participants were all told to “walk at a normal, comfortable speed” to avoid any possible 
variation due to different instructions29. Additionally, for all trials, we instructed participants to look towards 
the horizon while walking. While participants are generally instructed to pitch their head at ~ 17–19° from 
horizontal during studies involving EVS23, here we were interested in observing natural head kinematics so we 
chose not to rigidly constrain head pitch during the experiment (see Discussion).

Once the participant’s natural locomotor cadence was determined, they completed the following six locomotor 
cadence conditions in a randomized order: 40%, 60%, 80%, 100%, 120%, and 140% of their natural cadence. The 
cadences were guided by a metronome played to the participants using earbud headphones and verbal feedback 
from the experimenter was provided if the participant was not maintaining the desired cadence. We calculated 
the distance covered from the start to the end of each trial by utilizing global positioning system measurements 
from a smartphone app (phyphox, RWTH Aachen University). This allowed us to estimate the average gait speed 
(distance travelled divided by trial duration). For each condition, participants completed 85 strides without any 
stimulation followed by 215 strides with EVS which was split over three trials. As trial duration was determined 
by the number of strides and step cadence, it ranged from 65 to 325 s. Trials began when the participant reached 
the required cadence. While 250 strides has previously been shown to be an appropriate number of strides to 
characterize time-dependent coherence for lower limb muscles27, our recent work suggests that fewer strides (up 
to 120 strides) are needed to estimate vestibular-evoked responses with body mounted IMUs for slow cadences 
(52 and 78 steps/min) and speeds (~ 0.4 and ~ 0.8 m/s)22. Breaks were provided whenever necessary to avoid 
fatigue and a forced break was taken at the halfway point of the experiment. Prior to and after each trial, the 
experimenters confirmed that the EVS electrodes and IMUs were secured.

Signal analysis
After data collection, the signals were linearly interpolated to correct for any possible missed samples during 
data recording. On average, 2.4 samples recorded by the portable system were dropped each trial (range = 0–46 
samples), which is approximately one sample dropped for every 22,900 samples, or 115 s. Following the IMU 
calibration, we filtered the IMU data with a dual pass lowpass fourth order Butterworth filter at 80 Hz. The 
stochastic EVS data were filtered at 20 Hz with a dual pass lowpass fourth order Butterworth filter.

IMU orientation estimation
To determine the orientation of the various body segments, we used a complementary filter67 to calculate the tilt 
orientation of the IMUs along the pitch (around Y-axis) and roll (around X-axis) axes (Eq. 1).

 θi = (θi−1 + ωi,r ∗ dt) G + (acci) (1 − G) (1)

Here, θi represents the orientation estimate (pitch or roll) at the ith sample point with respect to the vertical axis 
in one dimension. ωi,r  is the rotated angular velocity around the same axis obtained from the gyroscope (see 
Eq. 4), dt is the time step between samples (5 ms), G is a weighting factor balancing gyroscope and accelerometer 
estimates (set to 0.995), and acci represents the orientation estimate derived from accelerometer data. If the net 
acceleration deviated by 10% or more from 9.81 m/s2, only gyroscope information was used for orientation 
estimation at that specific sample point.

The equations for calculating accelerometer orientation estimates in pitch and roll, with reference to the IMU 
body frame and the recorded accelerations (a = [ ẍ ÿ z̈ ]) were as follows (Eqs. 2 and 3):

 pitch = acci = atan2d(ẍi, z̈i) (2)

 roll = acci = −atan2d(ÿi,
√

ẍ2
i + z̈2

i ) (3)

Additionally, we rotated the raw angular velocities (ωi) with the previous estimated rotation matrix (Ri−1, 
calculated from pitch and roll orientations, assuming no yaw) prior to the complementary filter integration (Eq. 4). 
This was done to account for the rotating frame during the integration of angular velocity to position.

 ωi,r = ωiRi−1 (4)

IMU linear acceleration gravity correction
Linear accelerometers cannot distinguish between gravitational and inertial accelerations. To isolate the true 
inertial component of linear accelerations at each timestep (a∗

i ), we removed the gravitational component 
(Eq.  5). Using the estimated orientation rotation matrix from the current iteration (Ri), we rotated and 
subtracted the gravitational components (g = [ 0 0 −9.81 ]) from the current timestep accelerometer 
data (ai). Subsequently, we low pass filtered the IMU data at 20 Hz using a dual pass 4th order Butterworth filter.

 a∗
i = (ai − gRi) (5)
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Head IMU linear acceleration transformation
Finally, to accurately represent linear accelerations experienced by the vestibular system, the linear accelerations 
were transformed to the location of the vestibular system (approximated as the mid-point between the external 
acoustic meati) with the following rigid body vector relationship54,68 (Eq. 6):

 aB,i = aA,i + αi × rB−A + ωi × (ωi × rB−A) (6)

where aB,i represents the gravity-removed linear acceleration at the approximate location of the vestibular 
system, aA,i is the gravity-removed linear acceleration at the mouthguard, αi denotes angular acceleration, 
rB−A signifies the position vector from the mouthguard to the approximate location of the vestibular system, 
and ωi represents the body-fixed angular velocity.

Step detection
We segmented the data into strides by identifying heel strike and toe-off events using both the right and left ankle 
IMUs. We determined heel strikes as the local minima of the y-axis angular velocity (mediolateral) following the 
prominent mid-swing peaks, while we estimated toe-offs as the zero-crossing points of y-axis angular velocity 
before the mid-swing peaks55. We defined a stride as the interval between right heel contact and the sample just 
before the subsequent right heel contact. Strides were not included if they contained a stumble or trip. We also 
had a provision to remove strides if they were either 50% longer or shorter than the participant’s average stride 
duration. This resulted in the removal of two total strides across all participants and conditions (both in the same 
participant at the slowest cadence condition during the EVS trials).

Quantification of head kinematic variability
To assess the variability in head movement during locomotion, we calculated the proportion of residual variance 
(Vres) for both head linear accelerations and angular velocities. This measure was developed to predict the 
magnitude of vestibular-evoked balance responses during locomotion16,21. MacNeilage and Glasauer16 proposed 
that the ratio between the residual and total variability of the head kinematics across strides represents the ratio 
between motor efference copy noise and vestibular information noise, respectively. Based on the Maximum-
likelihood model of cue-integration69,70, they predicted that as vestibular noise increases relative to motor 
noise, vestibular head motion signals would be downregulated and the vestibular-evoked balance responses 
would decrease in magnitude. We computed Vres for the net head linear acceleration (aNET ) and net head 
angular velocity (ωNET ) from the stride-normalized, gravity-corrected, and transformed data from the head 
IMU. Additionally, we calculated the Vres for ML head linear acceleration (aML) and roll head angular velocity 
(ωroll) because EVS elicits virtual signals in the frontal plane when walking and looking forward71,72.

 V (t)res = SS(t)res/SS(t)tot (7)

 
SS(t)res = 1

N

N∑
i=1

∑
d

(m (t)d,i − f (t)d)2 (8)

 
SS(t)tot = 1

N

N∑
i=1

∑
d

(m (t)d,i − md)2 (9)

where V (t)res is the Vres across the stride cycle (Eq. 7), SS(t)res is the residual sum of squares representing 
the deviation from the average stride cycle (i.e., stride-cycle attractor; Eq. 8) and SS(t)tot is the total signal 
magnitude from the total stride cycle mean (Eq. 9). We calculated these measures across the normalized stride 
cycle between the total number of strides (N ). d represents the dimension (axes x, y, z) of the head motion. For 
the Vres aNET  and Vres ωNET , d = [xyz] and the components (SS(t)res and SS(t)tot) were calculated 
by summing the squared error across all three dimensions. Whereas for the Vres aML, d = y and for the Vres 
ωroll, d = x. m (t)d,i is the head motion at the normalized stride time t, for stride i and in dimension d. f (t)d 
is the average head motion (stride-cycle attractor) at time t and dimension d. md is the average head motion 
along the dimension d.

We calculated Vres for both the trials with and without the applied EVS. While the average Vres was ~ 11–
23% higher in the trials with the applied EVS, the changes in Vres across step cadences were similar between 
conditions. Thus, only the Vres measures from trials with EVS are shown in the results. The EVS-induced 
increase in average Vres was mainly driven by larger (~ 10–48%) residual variability around the average stride 
cycle kinematics. The Vres measures from the trials without EVS are included in the Supplementary Materials.

Time-dependent frequency analyses
To assess the phasic modulation of vestibular-evoked balance responses during locomotion, we computed time-
dependent coherence, gain, and spectral output power between the EVS and body kinematics (gravity-corrected 
ML acceleration from the low back and ankle IMUs, each calculated individually). Coherence was not calculated 
using the head kinematics, because these will be affected by both whole-body movements as well as head specific 
vestibular reflexes (i.e., vestibulocolic reflex) which can occur at frequencies much higher than the applied EVS 
(up to 300 Hz)73. Coherence is a metric for assessing the linear association between an input and output signal 
across various frequencies. It can be likened to time-domain correlation analyses, wherein a coherence value of 
0 indicates no similarity, while a value of 1 indicates a perfect correlation with no noise, irrespective of scaling, 
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between two signals at a specific frequency28,74. The coherence between the EVS and low back ML acceleration 
represents the vestibular response evoked at the body centre of mass, whereas the coherences between the EVS 
and the ankle ML accelerations represent the vestibular responses evoked in the lower limbs. Gain quantifies the 
scaling factor between the two signals at a particular frequency while spectral output power characterizes the 
squared magnitude of the output signal (gravity-corrected ML acceleration from the low back and ankle IMUs) 
across different frequencies.

We employed Morlet wavelet decomposition spanning from 0.5  Hz to 20  Hz, to extract time-dependent 
cross-spectra and auto-spectra of EVS and body segment kinematics27,28,75. Wavelets were defined in 0.5 Hz 
intervals, but still have power outside of their peak frequency due to frequency smoothing that occurs when 
defining the wavelets76. The data were divided into strides and padded with 50% additional data from preceding 
and subsequent strides to prevent distortions at the edge of a window. To maximize coherence between applied 
EVS and evoked balance responses, we shifted the EVS signal 200 ms later in time62,77,78 prior to the frequency 
analyses.

Following the Morlet decomposition, we resampled the data from each stride to facilitate stride-by-stride 
coherence, gain, and spectral power output calculations. For individual participant results, we normalized stride 
durations and gait event timings (right heel strike, left toe-off, left heel strike, right toe-off) to each participant’s 
individual averages for the given cadence condition. For between cadence comparisons, normalization 
was carried out with respect to total means across participants and cadences. This allowed for comparisons 
throughout the stride cycle while maintaining alignment with gait events. The time-dependent coherence 
[C (τ , f)], gain [G (τ , f)], and body kinematics spectral output power [S (τ , f)] were calculated using the 
following Eqs. (10–12):

 
C (τ , f) = |P xy (τ , f) |2

P xx (τ , f) P yy (τ , f)
 (10)

 
G (τ , f) =

∣∣∣∣
P xy (τ , f)
P xx (τ , f)

∣∣∣∣ (11)

 S (τ , f) = P yy (τ , f) (12)

where τ  represents the specific time point within the stride cycle, and f  is the frequency. P xy (τ , f) represents 
the time-normalized time-dependent cross-spectrum between EVS and body kinematics (low back or ankle ML 
linear acceleration), P xx (τ , f) is the time-normalized time-dependent auto-spectrum of the EVS signal, and 
P yy (τ , f) is the time-normalized time-dependent auto-spectrum of body kinematic measurements (low back 
or ankle ML linear acceleration) obtained from the IMU.

Data reduction & statistical analysis
We reported summary statistics as mean ± SD. To address the main objectives of this study, we performed the 
following analyses to examine the changes in the Vres and vestibular-evoked balance responses across cadences 
spanning 40–140% of each participant’s preferred cadence.

Determining coherence significance
For each participant, we determined time-dependent coherence to be significant if it crossed a 99% confidence 
limit (CL = 0.01) threshold which is equivalent to an alpha-level of 0.05 due to the two-dimensional (time 
and frequency) nature of the data27. Based on the number of strides (n = 215) used to calculate coherence, we 
determined the threshold for each participant was 0.0212 (99%; Eq. 13).

 threshold = 1 − CL1/n (13)

We performed similar calculations for the pooled time-dependent coherence; however, pooled time-dependent 
coherence was calculated by using the sum of all the cross- and auto-spectra, consequently the significance 
threshold was determined by the total number of strides summed across the participants (n = 2580). This 
resulted in a significance threshold for the pooled time-dependent coherence of 0.0018 (99%).

Comparison of head kinematic variability and vestibular control across cadences
To compare changes to head kinematic variability, we extracted mean Vres across the stride cycle (for all four 
measures calculated) from each participant and cadence. This approach has previously been used to compare the 
attenuation of vestibular-evoked balance responses and Vres between different cadences and speeds21,22. Similarly, 
we extracted peak coherence (across time and frequency) from each participant and cadence for the back, right 
ankle and left ankle ML acceleration to quantify vestibular-evoked balance responses across the cadences. To 
correct for the non-normality of these values, we applied a Fisher transformation79. While coherence and gain 
have been used in tandem to quantify vestibular-evoked balance responses27, gain is unreliable at low and non-
significant coherences. Given that we observed low (or non-significant) coherence at the higher step cadence 
conditions, we only used coherence to quantify the vestibular-evoked balance responses but present power and 
gain estimates in Fig. 5 (see Results) as well as bootstrapped differences in the Supplementary Materials.

To determine the main effects of step cadence on Vres and coherence, we performed independent rmANOVAs 
(α = 0.05) for all four Vres measures and all three coherence measures80. When the assumption of sphericity was 
violated, a Greenhouse–Geisser correction was performed. We then performed post-hoc paired Student t-tests 
to compare between specific step cadence conditions. To confirm previous observations, that both Vres and 
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coherence decrease from slow step cadences (below preferred step cadence) up to preferred step cadences21,22, 
one-sided Student t-tests were performed between the 40% and 100% step cadence condition. Similarly, to 
confirm that coherence continued to decrease at step cadences faster than preferred cadence, we performed 
one-sided Student t-tests between the 100% and 120% as well as 100% and 140% step cadence conditions. Given 
that it was not clear how Vres would change at faster step cadences, we performed two-sided Student t-tests 
to compare the 100% to the 120% and to the 140% conditions. The Holm method was used to correct for the 
multiple comparisons81.

To directly compare the relationship between Vres and coherence, we calculated the coefficient of 
determination (R2) of a linear fit between each combination of mean Vres and peak coherence measures. This 
was calculated for the 40% to 100% step cadence conditions, the 100% to 140% step cadence conditions, and all 
step cadence conditions. Thus, we compared the linear fits and the R2 values between fits to determine how the 
relationship between Vres and coherence changed across step cadences.

Curve fitting mean Vres and peak coherence across cadences and speeds
To model the changes in mean Vres and peak coherence across cadences, we performed curve fitting to both the 
group and individual participant responses to characterize how these measures changed as a function of step 
cadence. Even though participants walked at a wide range of cadences, we did not normalize the cadences relative 
to the preferred cadence to facilitate comparisons with existing literature on average preferred step cadences30–32. 
As the Vres measures were variable between participants, we normalized each participant’s average mean Vres 
to the overall average mean Vres across participants for each measure. Given that we expected coherence to 
decrease as step cadence increases, we fitted an exponential decay function to the extracted peak coherences 
for each participant and the three coherence measures calculated. We also fitted an exponential decay to the 
mean Vres measures across cadences to test if Vres would similarly decrease (Eq. 14), given that MacNeilage & 
Glasauer (2017) proposed it as a measure to predict changes to vestibular balance responses.

 y = aebx (14)

where a and b were evaluated using a non-linear least squares fitting method, b < 0 in order to model a decay 
function, x is the cadence, and y is the predicted measure (peak coherence or mean Vres). We then calculated 
the adjusted coefficient of determination (R2) for each of the individual participant fits.

In order to determine whether Vres was minimal near preferred cadences and could better be modelled 
as a polynomial function, we also fit a 2nd degree polynomial to the extracted values (Eq. 15). This was only 
performed for the Vres given that previous work suggest that vestibular-evoked balance responses will decrease 
with increased step cadence and speed and thus it was not expected to increase above the preferred step 
cadence13,15,21,22.

 y = ax2 + bx + c (15)

where a, b, and c were fitted with least squares, x is the cadence, and y is the predicted measure (mean Vres). To 
compare the fits for mean Vres, we calculated the Akaike information criterion (AIC) for the group exponential 
decay and polynomial fits82. Given that a lower AIC value indicates a better fit, accounting for the number of 
parameters, we calculated the difference in the AIC (∆AIC) as the AIC from the polynomial subtracted by the 
AIC from the exponential decay.

Similar to step cadence, we also performed the same curve fitting for the mean Vres and peak coherence 
across average gait speed, which we calculated using the distance travelled and trial duration. We performed 
these additional analyses to facilitate comparisons with the existing locomotor energetics literature4,5, which 
quantified changes to metabolic cost across gait speeds. While step cadence and gait speed are strongly related83, 
the relationship between step cadence and gait speed was not perfectly linear because we did not control step 
length.

Data availability
Data and code to replicate the figures in this manuscript can be found in the Borealis data repository  (   h t t p s : / / d 
o i . o r g / 1 0 . 5 6 8 3 / S P 3 / L L L E F 8     ) .  
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