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Abstract
Studies investigating balance control often use external perturbations to probe the system. These perturbations can be administered as randomized, pseudo-randomized, or predictable sequences. As predictability of a given perturbation can affect
balance performance, the way those perturbations are constructed may affect the results of the experiments. In the present
study, we hypothesized that subjects are able to adapt to short, rhythmic support surface tilt stimuli, but not to long pseudorandom stimuli. 19 subjects were standing with eyes closed on a servo-controlled platform tilting about the ankle joint axis.
Pre and post to the learning intervention, pseudo-random tilt sequences were applied. For the learning phase, a rhythmic and
easy-to-memorize 8-s long sequence was applied 75 times, where subjects were instructed to stand as still as possible. Body
kinematics were measured and whole body center of mass sway was analyzed. Results showed reduced sway and less forward
lean of the body across the learning phase. The sway reductions were similar for stimulus and non-stimulus frequencies.
Surprisingly, for the pseudo-random sequences, comparable changes were found from pre- to post-tests. In summary, results
confirmed that considerable adaptations exist when exposing subjects to an 8-s long rhythmic perturbation. No indications of
predictions of the learning tilt sequence were found, since similar changes were also observed in response to pseudo-random
sequences. We conclude that changes in body sway responses following 75 repetitions of an 8-s long rhythmic tilt sequence
are due to adaptations in the dynamics of the control mechanism (presumably stiffness).
Keywords Standing balance · Postural control · Balance learning · Adaptation · Support surface tilt · Perturbed stance

Introduction

Balance responses to unpredictable perturbations

Standing balance during unpredictable perturbations can be
explained by feedback control mechanisms (Peterka 2002).
In contrast, balancing in the presence of predictable perturbations could allow subjects to adapt the balance control mechanism and include predictive components. While
a number of studies have used predictable perturbations
(Corna et al. 1999; Oie et al. 2002; Mergner et al. 2003;
Ravaioli et al. 2005; Maurer et al. 2006; Polastri et al. 2012;
Sozzi et al. 2016), the adaptations of the balance control
mechanism taking place while performing a series of predictable perturbations are not well understood.

One method frequently used to identify neural balance
control mechanisms applies external perturbations, such as
movements of the support surface (Pintelon and Schoukens
2004; van der Kooij et al. 2005). Averaging measured body
sway across repetitions of the stimulus sequence reduces
the amount of sway variability (random sway) and thereby,
extracts the body sway component that is evoked by the
stimulus. The relation of stimulus input and body sway
evoked by the stimulus provides insight into the dynamics of
the control mechanism. Several studies succeeded in reproducing this relation of stimulus and sway response using
model (Peterka 2002; Mergner et al. 2003; Assländer et al.
2015; Pasma et al. 2017), and robot simulations (Mergner
et al. 2009; Hettich et al. 2014; Pasma et al. 2018). The identified control mechanisms are solely based on delayed sensory feedback and do not contain any predictive components.
The lack of predictive contributions is in agreement with the
virtually unpredictable properties of the stimulus sequences
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used in most studies including a modeling approach (Peterka
2002). In other words, since the stimuli cannot be predicted,
functionally relevant predictions cannot contribute to balance control. Identified models contain only a few parameters that determine the dynamics of the system. Importantly,
these parameters are assumed to be time invariant, i.e. the
balance control mechanism is assumed to not change across
time.

Potential adaptations of the control mechanism
during predictable perturbations
When standing on a platform that moves with a predictable sequence, the balance control mechanism could adapt
in two ways to enhance stability and reduce body sway (Van
Ooteghem et al. 2008). One potential adaptation could be a
change in the control dynamics, such as changes in sensory
reweighting or in the feedback gain (the amount of torque
generated per deviation from a desired position). Such adaptations would be non-sequence specific in the sense that the
exact shape of the perturbation is not taken into account.
Such changes in control dynamics can usually be reproduced
by changes in model parameters (sensory weights, feedback
gain, etc.). The second adaptation when using a predictable perturbation could be an explicit prediction of the tilt
sequence. The implementation of this explicit prediction
would be induced by learning processes (Horak et al. 1997).
The adaptation would then be sequence specific. According
to previous work related to the specificity of balance training, such a specific prediction should not affect the balance
control mechanism in other perturbation sequences (Giboin
et al. 2015, 2019).
One specific control model proposed by Mergner and
colleagues suggests that the central nervous system estimates external perturbations to maintain balance (Mergner
et al. 2003; Mergner 2010; Assländer et al. 2015). These
estimators are in specific feedback loops that integrate sensory information of multiple sensory systems. Importantly,
these estimates have a long time delay, undershoot the actual
perturbation (gain < 1), and have a limited sensitivity (implemented as a non-linear threshold mechanism). Mergner
(2010) suggested that external perturbations could be
learned, where a learned (predicted) internal representation
of the perturbation substitutes the sensory reconstruction of
this perturbation. The rationale is that the internal representation is superior to the sensory feedback, having reduced
time delay, less undershooting and higher sensitivity. Thus,
the balance control mechanism would benefit in substituting
sensory cues with a prediction, and thereby improve time
delay and quality of the compensation signal. The existence
of such a mechanism would suggest sequence-specific adaptations when exposed to a predictable perturbation sequence.
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However, the existence of such a mechanism has not been
experimentally confirmed.

Balance responses to predictable perturbations
Several studies used perturbation sequences that can easily
be predicted (Corna et al. 1999; Oie et al. 2002; Mergner
et al. 2003; Ravaioli et al. 2005; Maurer et al. 2006; Polastri
et al. 2012; Sozzi et al. 2016). The most common example are sinusoidal stimuli. Many of these studies did not
report whether or not systematic changes in sway responses
occurred across time or when repeatedly applying these
stimuli. Furthermore, the first cycles or even trials are usually discarded and familiarization trials are used to avoid
initial startles and adaptations. Only a few studies explicitly
addressed the adaptation of the balance control mechanism
to predictable perturbations. Dietz et al. (1993) used sinusoidal platform translations and induced sudden changes
in stimulus frequency. Subjects required 3–4 cycles for the
transition into a new steady state of body sway. The authors
discussed several mechanisms including a change in the
prediction of the stimulus. However, control mechanisms
show a transition period when suddenly changing the stimulus, even without predictive contributions (Assländer and
Peterka 2014, 2016). Therefore, the results of Dietz et al.
(1993) do not provide sufficient information to allow for
inferences on predictive contributions.
To the best of our knowledge, only one group used a classic learning paradigm to investigate changes in body sway
responses during repeated perturbation sequences. Van Ootegehem et al. (2008, 2009, 2010) used an implicit learning
paradigm where subjects were exposed to support surface
translation sequences. The sequences were constructed using
sinusoidal stimuli with varying stimulus amplitudes. The
amplitude modulations were randomly changing for the first
and last 15 s of each trial and contained a 15-s long sequence
in between that maintained the same tilt sequence across
trial repetitions. Subjects showed a reduction in stimulus
evoked sway across learning trials, increasingly moving with
the platform. Furthermore, a continuous change in phase,
i.e. in the temporal relation between stimulus and body
sway response, was found across all learning trials. No difference in adaptations between the randomly changing and
the repeated component was found. Based on this finding,
the authors concluded that the adaptation was non-sequence
specific. Using a similar setup, the same authors also showed
that adaptations to sequences that were repeated within
(three identical 15-s sequences per trial) and across trials
did not differ from exposing subjects to random sequences
(Van Ooteghem et al. 2010). Similarly, during continuous
sinusoidal support translations, a decrease in body sway relative to the platform was found across time (Schmid et al.
2011; Sozzi et al. 2016). In summary, some studies using

Experimental Brain Research (2020) 238:465–476

predictable perturbation sequences found changes in sway
responses across sequence repetitions. Also, evidence was
found that the adaptations were non-sequence specific. However, the effect was only observed in support surface translations and remains scarce overall.

Support surface translation vs support surface tilt
stimuli
All previous studies addressing the role of predictive mechanisms in perturbed stance used support surface translations.
Support surface translations require subjects to shift their
body center of mass to move with the platform. Otherwise,
the base of support might move away from the projection
of the center of mass, resulting in a fall. Using predictable
(e.g. sinusoidal) support surface translations allows for two
contradictory adaptations: (1) exploit the knowledge, that the
support is coming back and keep the body center of mass
stable in space or (2) exploit the knowledge where the platform will be moving to shift the body in advance towards
the new position. Both strategies have been observed in
humans, depending on stimulus frequency and visual condition (Corna et al. 1999; Buchanan and Horak 1999; Nardone et al. 2000). This ambiguity increases the complexity
when investigating control dynamics and potential predictive
components. Support surface tilts are advantageous, since
the task of maintaining the body center of mass upright
in space is unambiguous, irrespective of the sequence and
visual condition.
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Methods
Subjects
Twelve male and 7 female subjects (aged 24.8 ± 3.8 years,
height 173 ± 11 cm, mass 66.8 ± 11.2 kg) participated in
the experiments. Prior to the experiments, subjects gave
written informed consent. All procedures were performed
in agreement with the ethics standards of the University
of Konstanz ethics board and with the Declaration of Helsinki in its latest revision.

Apparatus
During experiments, subjects stood on a custom-made,
servo-controlled platform that was commanded to tilt
toes-up/down, with the center of rotation approximately
at the ankle joint axis. Body sway was measured using
sway rods, which rotated about attached potentiometers,
and were guided by small hooks located at hip and shoulder level of the subjects. Anterior–posterior sway resulted
in angular displacements of the sway rods, which were
recorded via the potentiometers. In addition, the device
contained a force sensor, measuring the forces transmitted
between motor and tilt board. During static conditions (no
platform tilt), the force cues were used to assess center of
pressure shifts, which were used in a calibration routine
to calculate body center of mass (COM) sway (see below).

Aim of the study

Calibration routine

Earlier studies investigating adaptations to perturbation
sequences used support surface translations and implicit
learning paradigms only. In the current study, we tested
whether sequence-specific adaptations can be observed
during an explicit learning task using support surface tilt
stimuli. We used virtually unpredictable pseudo-random
sequences to characterize the balance control mechanism of
subjects before and after a sequence-specific learning session. The learning session consisted of 75 repetitions of an
8-s long rhythmic and predictable surface tilt perturbation.
We expected a sequence-specific adaptation, but no transfer
to the pre- and post-measurements of the pseudo-random trials. Two hypotheses were tested: (1) body sway in response
to an 8-s long predictable stimulus is reduced across 75 repetitions of the stimulus. (2) Responses to pseudo-random
stimulus conditions do not change from pre- to post-tests.
This study is the first to test adaptations of the balance control mechanism to repeated rhythmic support surface tilt
stimuli and the first to test adaptations to repeated perturbation sequences using an explicit learning paradigm.

Angular whole body center of mass sway was used for all
further analyses. To obtain COM sway from the sway rod
data, anterior–posterior translations of the hooks guiding
the sway rods were calculated from the potentiometer outputs using the hook heights, hook distances, and trigonometric calculations. We used a two-segment approximation
for the COM calculations, where subjects were instructed
to hold the arms crossed in front of the chest during all
trials. Before starting experiments, subjects were asked
to perform very slow tilt movements in the ankle and hip
joints for 2 min on the static platform. The center of pressure position is equal to the vertical projection of the body
center of mass in static conditions (Brenière 1996). Thus,
for this quasi-static condition, a linear regression between
center of pressure data and hip and shoulder translations
provides calibration factors that allow to calculate the
center of mass translation during dynamic trials (Peterka
2002; Assländer and Peterka 2014). Angular COM sway
was calculated using the COM translation obtained from
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the calibration routine and the COM height obtained from
anthropometric tables (Winter 2009).

Stimuli
Two different stimuli were used during the experiments: (1)
a pseudo-random ternary sequence used to identify the balance control mechanism before and after the learning phase
and (2) a short, rhythmic stimulus for the learning phase.
One pseudo-random cycle was 20-s long and was constructed from 81 velocity steps, which could be either + v,
0, or − v, where three different stimuli with velocities of
0.44°/s, 0.89°/s, and 1.78°/s were used. The velocities were
chosen to result in integrated (position) signals with peakto-peak amplitudes of 1° (pp1), 2° (pp2), and 4° (pp4). The
final sequences contained 18 consecutive cycles, resulting
in 3 360-s long sequences. In addition to these three stimuli,
a 120 s warm-up sequence was created, consisting of two
cycles from each amplitude. A detailed description of the
construction of pseudo-random ternary sequences can be
found in Davies (1970) and Peterka (2002).
The sequence used for the learning trials was an 8-s
long superposition of two sine waves at 1 and 1.25 Hz.
The sequence contained integer multiples of the sine waves
(8 × 1 Hz and 10 × 1.25 Hz). The superposition resulted in a
short and rhythmic waxing and waning behavior, which was
designed to be memorable and predictable (see also “Discussion” of the predictability). Starting phase, amplitude
and offset of both sine components were chosen, such that
the sequence had a toes-down bias (maximum tilt 5.3° toesdown and 2.6° toes-up), which was chosen to avoid passive
stretch of the calf muscles.

Instructions for learning sequence and feedback
For the learning phase, subjects received written instructions describing the task to minimize tester influence. The
task was to stand as still as possible and to minimize both,
dynamic sway and drift. Drift was explained as the difference between starting and end positions in anterior–posterior direction. Also, subjects were provided with the information that actively following the tilt sequence may help
to minimize sway evoked by the stimulus. Each learning
sequence was started with the command ‘prepare—and go’.
In the short breaks (approx. 10 s) in between the 8-s long
individual learning sequences, subjects were provided with
a feedback score. The feedback score was composed of a
sway and a drift component, where higher numbers indicated more sway and/or drift. If one component dominated
the feedback (> 70% of the score), the dominant component
was provided in addition to the score. The verbal feedback
was (translated from German): ‘Your feedback score was
SCORE. (Dominantly Sway/Drift)’.
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The feedback score was calculated after each learning
sequence. The drift (s) was calculated from the regression
slope across the recorded body sway trajectory. Sway from
the sum across sway amplitudes obtained from a Fourier
transform (y) between 0.0125 and 2 Hz. Both scores were
scaled, such that the feedback score was typically in the
range of 100–500. The feedback was calculated as

fb =

2
∑
k=0.0125

|y(k)| × 100 + |s| × 1000

Procedures
After providing written informed consent, anthropometric
measures for the subjects’ foot placement on the platform
and the calculation of the COM position were obtained.
Hooks for the sway rods were attached using Velcro belts.
Subjects’ feet were placed such that the ankle joint axis
was aligned with the platforms’ axis of rotation. Only anterior–posterior position was controlled, while subjects were
free to choose stance width and medial/lateral rotation of the
feet. After foot placement, subjects were asked to perform
the 120-s long calibration routine. The protocol following
the calibration routine is shown and described in Fig. 1.

Data analyses
Figure 2 shows the learning stimulus (top, left) and the COM
sway during one individual sequence (bottom, left). For each
sequence, a linear regression was calculated for the COM
sway trajectory (indicated in red). Offset and slope were
subtracted from the sway trajectory, before calculating the
Fourier transform. The Fourier spectra were scaled, such that
amplitudes represent those of sine waves in the time domain
(Fig. 2 top and bottom right, respectively). Several parameters from these calculations were used for the analysis of
the adaptations across stimulus repetitions:
1. Full-spectrum PSD (power spectral density)
2. Absolute linear drift (absolute value of the regression
slope)
3. Feedback (as calculated above)
4. Stimulus frequency PSD
5. No stimulus, low-frequency PSD (sum of sway response
at frequencies 0.125 and 0.250 Hz)
6. No stimulus, high-frequency PSD (sum of all frequencies but stimulus and low-frequency)
7. Starting position (intercept of the regression line)
8. Sway response gain (ratio of body sway to stimulus
amplitude at stimulus frequencies)
9. Sway response phase (temporal relation of body sway to
stimulus at stimulus frequencies)
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Fig. 1  Schematic display of the experimental protocol. After the calibration routine, a warm-up trial familiarized subjects with experimental setup and stimuli. The following three pseudo-random sequences
were applied in random order of amplitudes. During warm-up and
pseudo-random trials, subjects had their eyes closed, wore noisecanceling headphones, and listened to non-rhythmic audio books
to minimize auditory orientation cues and distract from the balancing task. Before the learning trials, subjects were taken out of the
experiments, asked to sit, and were provided with written instruc-
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tions for the learning sequence. Following, the learning sequences
were started, where the sequence was always run five consecutive
times, while subjects were asked to keep their eyes closed providing
feedback in between trials. After five trials subjects were allowed to
briefly open their eyes, before continuing with the next block of five
trials. After 5 blocks (25 trials), subjects were asked to sit and have a
longer break. After a total of 75 trials, the warm-up and the 3 longer
pseudo-random trials were repeated as a post-measurement

Fig. 2  Platform tilt sequence
used for the learning trials
and representative COM sway
during one trial (left) with
the corresponding amplitude
spectra (right). Vertical red
lines indicate the stimulus
frequencies. Horizontal red line
in the COM sway is the linear
regression used to determine
the starting position (intercept)
and linear drift. In the body
sway response, the two smallest
frequencies (circles) usually
dominated the COM sway
spectra and were analyzed as a
separate parameter
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Since parameters were calculated for each learning
sequence, a series of 75 points was obtained for each of the
6 parameters and each subject. Changes of parameters across
75 repetitions were statistically analyzed (see below).
A detailed description of the analysis of the body sway
responses to the tilt stimuli with pseudo-random ternary
sequences can be found elsewhere (Peterka 2002; Peterka
et al. 2018). In brief, the first cycle of pseudo-random
responses was discarded to avoid transient responses. All
remaining cycles within each stimulus amplitude and pre/
post-condition were averaged across all subjects and stimulus repetitions to obtain time domain sway responses to the
stimulus. Furthermore, the Fourier transform of measured
stimulus and measured body sway were calculated for each
cycle. Calculating the ratio between body sway and stimulus
spectra and averaging across all cycle repetitions provides
frequency response functions (FRF). A typical representation of these complex-valued functions are Bode diagrams.
The absolute value of the FRF (gain) gives the amplitude
ratio between body sway response and surface tilt stimulus
across frequency. The inverse tangent of the ratio between
real and complex component of the FRF averaged across
all cycles gives the temporal relation between response and
stimulus across frequency (phase). Finally, coherence was
calculated, providing a measure of the relation between sway
components correlated and uncorrelated with the stimulus
sequence. Coherence was calculated from the squared crosspower spectrum between stimulus and response divided by
the product of the tilt stimulus and body sway power spectra,
where each component was averaged across cycles.

Statistics
95% confidence bounds for the time domain and frequency
domain parameters described above were obtained using
bootstrap methods (Zoubir and Boashash 1998). 323 cycles
were randomly drawn with replacement from the measured
323 cycles (18–1 cycles × 19 subjects). Thus, in the new
dataset, some of the measured cycles are contained multiple
times, some are not contained at all. Mean sway responses,
as well as frequency response and coherence functions were
calculated from the re-sampled dataset. The procedure was
repeated 400 times (400 bootstrap samples), where each new
dataset was different from the previous one. For each parameter, and condition, the 400 bootstrap samples were ordered
in descending order. The 10th and 390th samples (2.5% and
97.5% of 400 samples) were then used as lower and upper
confidence limits, respectively.
For the learning period, we were interested in the variation across sequence repetitions for all parameters extracted
from the sway response to the learning sequence. For this,
we used Bayesian linear mixed models with the R package
brms (Brükner 2017). We used a model with the number of
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performed sequences as a population-level effect (seq effect)
and subjects as group-level effect (i.e. random effect). We
maximized the error structure to limit type I error (random
intercept and slope by subject; Barr et al. 2013). The model
used was as follows: dependent variable ~ seq + (seq|subject).
We used weakly informative priors (normal distribution with
a mean of 0 and a standard deviation of 10 for the beta and
a Half Cauchy distribution with a mean of 0 and standard
deviation of 2 for the group-level standard deviation). We
used 4 MCMC with 4000 iterations each (including a warmup of 2000 iterations), and verified that each chain converged
correctly. Note that we subtracted one to the number of performed sequences, so the first sequence was zero and not
one and, therefore, the intercept output from the model was
not extrapolated. On top of the population estimate of the
intercept and the slope, the model calculated the correlation
coefficient between the intercept and the slope at group level
(i.e. at subject level).

Results
General characteristics of body sway responses
to the PRTS stimuli
Figure 3 shows the averaged body sway responses to the
pseudo-random platform movement and 95% confidence
intervals. The first and second rows show the stimulus and
the averaged body sway in the time domain. Sway responses
followed the general shape of the stimulus across all stimulus conditions. Subjects were swaying about an offset of
2–3° forward lean. A difference of mean body lean between
stimulus amplitudes was found, which was expected since
the stimulus had a toes-down bias and subjects tend to align
with the platform orientation. Gain, Phase and Coherence
across frequencies, shown in Fig. 3a, provide a more detailed
analysis of body sway. Gain is the ratio of body sway
response to stimulus amplitudes across frequency. A gain of
one indicates that body sway and platform tilt amplitudes are
identical. A gain smaller/larger than one indicates smaller/
larger body sway as compared to stimulus amplitudes at a
given frequency. Gain curves showed maxima between 0.1
and 0.3 Hz and decreased towards higher and lower frequencies. Across stimulus amplitudes, gain values decreased with
an increase in stimulus amplitude (note the different y-axis
scales). Thus, the increase in body sway was less than the
increase in stimulus amplitude. Phase is a measure of the
temporal relation between body sway response and stimulus,
where a phase of zero indicates synchronous sway and 180°
indicates that body and platform sway are in counter phase.
Phase curves showed a small phase lead below 0.1 Hz and an
increasing phase lag towards higher frequencies. The phase
lag diverged towards higher frequencies, where a smaller

Experimental Brain Research (2020) 238:465–476
Fig. 3  Pseudo-random stimulus
and sway responses for pre- and
post-measurements in the time
domain (a) and in the frequency domain (b) expressed as
amplitude ratio (gain), temporal
relation between response and
stimulus (phase), and a measure
for the sway response to sway
variability ratio (coherence).
Each stimulus amplitude (peakto-peak 1, 2, and 4°) is shown in
a different column

471

a

b

phase lag was found for larger stimulus amplitudes. Coherence provides a measure of the contribution of random body
sway and sway in response to the tilt stimulus. Coherence
can take values between one (only stimulus related body
sway) and zero (only random body sway, not related to the
stimulus). For all conditions, coherence was about 0.7–0.8
in the frequency range below 0.1 Hz. Coherence decreased
between 0.1–0.3 Hz, showing a plateau between approximately 0.4 and 1 Hz and a further decrease at frequencies
above 1 Hz. The above-described sway response characteristics for these kind of support surface tilt stimuli are well
known and in full agreement with similar studies (Peterka
2002; Assländer et al. 2015; Pasma et al. 2016).

Differences across pre‑ and post‑conditions
Sway responses in the time domain looked very similar in
pre- and post-conditions. However, in post-conditions, the
body sway response was shifted towards a more upright body
position. Comparison of the mean body lean showed a significant difference between pre- and post-trials for all three
amplitudes (two-way repeated measures ANOVA; p < 0.001;
mean body lean pp1: pre 2.9 ± 1.0; post 2.7 ± 1.0; pp2: pre
3.0 ± 1.0; post 2.7 ± 0.9; pp4: pre 3.1 ± 0.9; post 2.9 ± 1.1).
Gain curves did not show consistent differences between
pre- and post-conditions below 0.5 Hz and above 1 Hz. In
between, gain was smaller in post-conditions as compared

to pre-conditions where confidence bounds showed little or
no overlap, indicating reduced sway response amplitudes in
this frequency range. The phase below 0.7 Hz was smaller in
post-conditions and showed a distinct crossing between preand post-curves at this frequency. Below 0.7 Hz phase was
larger for the post-conditions. Coherence showed no systematic differences above 0.3 Hz. Below 0.3 Hz, coherence
had an overall similar shape as in the pre-conditions, but
was consistently smaller in the post-condition. All abovedescribed differences between pre- and post-conditions were
consistent across stimulus amplitudes.
In summary, the main differences in the post as compared
to the pre-conditions were (1) a more upright position (less
body lean), (2) reduced sway response amplitudes (gain)
between 0.5 and 1 Hz, (3) reduced phase at frequencies
below 0.7 Hz and higher phase values at frequencies above
0.7 Hz, and (4) a reduced coherence at frequencies below
0.3 Hz.
Figure 4 shows the parameters extracted from the sway
responses during the learning phase across the 75 repetitions of the learning sequence. Feedback and linear drift
showed no significant reduction across sequence repetitions. Overall body sway showed a significant reduction across the 75 repetitions of about 30% of the initial
sway amplitudes. Sway power at the stimulus frequencies
(Fig. 4d) showed a significant decrease across stimulus
repetitions (overall 33% reduction). In addition to the
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◂Fig. 4  Learning sequence parameters as defined in Fig. 2 across the

75 learning trials. The continuous black line corresponds to the mean
parameter value at each trial and the grey area to the standard deviation across all subjects. The red continuous line is the mean estimate
from the Bayesian linear mixed model, and the red area its upper and
lower 95% credible interval bounds. Correlation and model slope
of the Bayesian model and 95% upper and lower credible interval
boundaries are given within each plot (intercept is omitted for simplicity), significant differences from zero are indicated with asterisks
(95% credible interval that does not frame 0). Correlation represents
the relation of intercept and slope at subject level (correlation coefficient of random effects). Statistical significance of correlations and
slopes are indicated with asterisks. a–c show the overall sway as
power spectral density (PSD) and drift, as well as the composite score
of sway and drift that was used as feedback. d–f, h, i provides a more
detailed analysis of the sway reduction. i shows the starting position
of a subject at the begining of the rhythmic stimuli. The parameters
displayed in each of the figures are explained in Fig. 2.

systematic reduction across repetitions, a very strong
reduction of sway response amplitudes within the first
three sequence repetitions was observed. The lowest two
frequencies (0.125 Hz and 0.250 Hz) showed the largest
sway amplitudes. Since these frequencies dominated the
overall spectrum and would have masked potential changes
at higher frequencies, sway at these two frequencies were
analyzed separately (Fig. 4e). Sway power at these low frequencies showed no significant change during the learning
phase. In contrast, random sway at all other non-stimulus
frequencies (Fig. 4f) showed a significant reduction of
similar magnitude as observed for the stimulus frequencies. In addition to the analysis of the drift and sway
amplitudes at different spectral ranges, also the starting
position of subjects was analyzed. Starting position was
obtained from the intercept of the linear regression calculated for each trial (see Fig. 2 bottom/right). The starting
position showed a strong reduction across sequence repetitions. Subjects were leaning approximately 3.3° forward
at the beginning and only about 2.4° at the end of the
learning phase. A very similar result was obtained when
taking the actual starting position (measured body lean
at the beginning of the learning sequence; not shown).
Sway responses at the stimulus frequencies were in addition analyzed in terms of gain and phase (compare analysis of the pseudo-random stimuli). While the information
content of gain is similar as that of the sway power at
these frequencies, phase provides in addition insight into
the relative timing of support surface tilt and body sway
and its development throughout the learning phase. Gain
(Fig. 4h) showed a reduction across stimulus repetitions,
similar to sway power (Fig. 4d). Phase also showed a significant reduction during the learning phase (Fig. 4i). One
additional advantage of the display of body sway at stimulus frequencies in terms of gain and phase is that it can be
directly compared to the sway responses to the pseudorandom trials (see “Discussion”).
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Discussion
In this study, we investigated changes in sway responses
across 75 repetitions of a rhythmic support surface tilt
sequence. In agreement with our first hypothesis, results
showed a systematic reduction in body sway throughout
the learning phase (see Fig. 4a). However, in contrast to
our second hypothesis, systematic changes in body sway
responses after the learning phase were also found in the
sway responses to the pseudo-random stimuli applied pre
and post to the learning phase. Thus, our results show
clear adaptations of the balance control mechanism, but
no indication of sequence-specific adaptations that could
have included predictions. Rather, it appears that subjects
adapted the dynamics of the feedback mechanism, such that
sway responses to the tilt perturbations were reduced. Further details of our findings and potential adaptations of the
control mechanism are discussed below.

Similarity of changes during learning
and pseudo‑random stimuli
Since sway response changes were found in both, the learning phase and the pre- and post-pseudo-random tests, the
question arises, whether the adaptations underlying both
changes are the same. Three parameters can be directly compared between pre-to-post-changes and the learning phase.
The starting position was reduced by about 0.7° throughout
the learning phase. Since no significant change in drift was
found, the starting position can be qualitatively compared
to the average body lean during pre–post-pseudo-random
tests. Average body lean reduced by 0.2–0.3° from pre- to
post-tests, which is a little less than half of that during the
learning phase. Comparison of changes in gain and phase
showed very similar changes during the learning phase
and in pre-to-post comparisons. Gain values were generally smaller during the learning stimulus as compared to
the pseudo-random stimuli. This can be expected, since the
stimulus amplitudes were much larger in the learning stimulus and larger stimulus amplitudes are known to be associated with smaller gain values. Despite this difference, similar
changes in the control mechanism result in similar changes
in gain values at a given frequency. Phase values are higher
in post-measurements at the frequencies used in the learning stimulus (1 and 1.25 Hz), where higher phase indicates
less phase lag. The reduced phase lag corresponded with
the decreased phase lag across learning trials. In summary,
all directly comparable parameters show similar changes in
learning and pre–post-pseudo-random tests. The similarity
of the changes across these three parameters supports the
assumption that the main adaptations were general changes
in the control dynamics.
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Did prediction contribute to the changes?
Humans use predictions to counteract expected perturbations. The most prominent examples are anticipatory postural adjustments, where subjects change body position in
expectation of an external or internal perturbation. This
notion led us to assume a prediction of the predictable stimulus sequence. The above-discussed similarity of body sway
changes to the predictable and the pseudo-random stimulus suggest that predictions are not required to explain the
data. However, our data do not exclude the contribution of
predictions.
One prerequisite for prediction is the predictive nature of
the stimulus. Several aspects may have compromised this
assumption. One is the variability in the sensory cues that
are used to construct an internal representation of the stimulus. Since there is no sensory receptor directly encoding support surface tilt, a wide range of proprioceptive and vestibular receptor information needs to be integrated to construct
an internal representation of the stimulus. This problem is
also present in other learning paradigms, but more relevant
in the current study, since the estimation of the sequence
depends on the ability to estimate body orientation in space
from available vestibular cues. The resulting internal reconstruction, therefore, always contains considerable variability,
which may reduce the ability to learn the sequence.
Another aspect is that the stimulus may have been to complex for subjects to memorize. Subjectively, however, the
rhythmic feature appeared easy to memorize.

Reduced body sway could be caused by changes
in the control dynamics
Subjects were standing more upright following the learning intervention. The reduction during the learning phase
was about 20% and about 10% in the pseudo-random trials.
The change in body lean is approximately proportional to
the torque required to counteract gravity that is constantly
pulling the body forward. Therefore, the reduction in lean
is associated with a proportional reduction in torque generated by the calf muscles. Since the muscle–tendon complex
and the neural feedback mechanisms are non-linear, such
a change could have affected the dynamics of the control
mechanism. For example, tendon stiffness decreases with
decreasing force. Due to this and similar effects, the more
upright position could be associated with reduced stiffness.
The changes observed in the frequency response functions are also in agreement with a reduction in the stiffness
of the active feedback mechanism. Especially, the reduced
gain found at higher frequencies was reported to be related
with smaller stiffness parameters in the control dynamics
(compare e.g. Fig. 2 in Pasma et al. 2017). Reduced stiffness
during toes-up or toes-down tilts of the platform would result
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in less sway, which is in full agreement with the observed
changes in pre–post tests and during the learning phase.

Rapid reduction in sway power at stimulus
frequency and gain after the very first trial
Body sway responses to the very first application of the
learning stimulus showed a 65% larger sway amplitude as
expected from the general trend of sway response amplitudes
(Fig. 4d and g). Notable, the large evoked sway was not
associated with a change in body lean. Thus, other changes
in the control mechanism might have occurred after the very
first trial. The learning sequence had a much larger stimulus
amplitude as compared to the pseudo-random trials and subjects were completely naive to the learning stimulus. Thus,
the difference could be caused by startles at the beginning
of the stimulus. Another explanation could be a very sudden
adaptation of the control mechanism through either a reduction in the stiffness of the system or a sudden reweighting,
reducing the reliance on proprioceptive cues.

Limitations
The subjects participating in this study were naive to the
protocol and had previously not experienced support surface
tilt stimuli in an experimental setup. The pre-to-post-changes
and also the change across the learning period could, therefore, be an adaptation of the control dynamics related to
the familiarization with the experiment rather than an effect
of the learning task. Previous studies using support surface
tilt stimuli did not report familiarization effects within one
experimental session. However, to the best of our knowledge, no study systematically investigated familiarization
effects in such balance experiments. Thus, an important limitation of our study design is that the results do not allow to
separate effects from the learning task, where subjects tried
to stand as still as possible during the predictable learning
stimulus, and adaptations due to a general familiarization
with the stimulus and setup.
The feedback score that was verbally provided after each
trial did no change significantly across trials. Thus, it is
not clear, whether subjects were able to use the feedback
to improve performance. Statistically, the drift contribution
to the feedback score was not changing across the learning
trials, but added variability. The added variability probably
prevented the feedback trend to become significant. With
the change in feedback score, it might be possible, that subjects had difficulties performing the task they were asked
to do (standing as still as possible). However, the systematic changes observed across the learning period showed
that some adaptations occurred. Without additional control
experiments (e.g. with a similar setup without feedback), no
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conclusions on the role of the not-changing feedback can
be drawn.

Conclusion
Sway responses to a short and rhythmic support surface tilt
sequence change during repeated exposures to the stimulus. Similar changes in sway responses were also found in
sway responses to pseudo-random stimuli applied pre and
post to the learning trials. Thus, we found no evidence for
sequence-specific adaptations and dedicate the observed
changes to adaptations of the control dynamics, such as a
reduced stiffness.
Acknowledgements Open Access funding provided by Projekt
DEAL. This study is funded by AFF Universität Konstanz (Grant No.
83945418).
Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References
Assländer L, Peterka RJ (2014) Sensory reweighting dynamics in
human postural control. J Neurophysiol 111:1852–1864. https://
doi.org/10.1152/jn.00669.2013
Assländer L, Peterka RJ (2016) Sensory reweighting dynamics following removal and addition of visual and proprioceptive cues. J Neurophysiol 116:272–285. https://doi.org/10.1152/jn.01145.2015
Assländer L, Hettich G, Mergner T et al (2015) Visual contribution to
human standing balance during support surface tilts. Hum Mov
Sci 41:147–164. https://doi.org/10.1016/j.humov.2015.02.010
Barr DJ, Levy R, Scheepers C, Tily HJ (2013) Random effects structure for confirmatory hypothesis testing: keep it maximal. J Mem
Lang. https://doi.org/10.1016/j.jml.2012.11.001
Brenière Y (1996) Why we walk the way we do. J Mot Behav
28:291–298
Buchanan JJ, Horak FB (1999) Emergence of postural patterns as
a function of vision and translation frequency. J Neurophysiol
81:2325–2339. https://doi.org/10.1152/jn.1999.81.5.2325
Bürkner P-C (2017) brms: an R package for Bayesian multilevel models
using Stan. J Stat Softw 80:1–28
Corna S, Tarantola J, Nardone A et al (1999) Standing on a continuously moving platform: is body inertia counteracted or exploited?
Exp Brain Res 124:331–341
Davies W (1970) System identification for self-adaptive control. WileyInterscience, London

475
Dietz V, Trippel M, Ibrahim IK, Berger W (1993) Human stance on a
sinusoidally translating platform: balance control by feedforward
and feedback mechanisms. Exp brain Res 93:352–362. https: //doi.
org/10.1007/BF00228405
Giboin LS, Gruber M, Kramer A (2015) Task-specificity of balance
training. Hum Mov Sci 44:22–31. https: //doi.org/10.1016/j.humov
.2015.08.012
Giboin L-S, Loewe K, Hassa T et al (2019) Cortical, subcortical and
spinal neural correlates of slackline training-induced balance
performance improvements. Neuroimage 202:116061. https://
doi.org/10.1016/j.neuroimage.2019.116061
Hettich G, Assländer L, Gollhofer A, Mergner T (2014) Human hipankle coordination emerging from multisensory feedback control.
Hum Mov Sci. https://doi.org/10.1016/j.humov.2014.07.004
Horak FB, Henry SM, Shumway-Cook A (1997) Postural perturbations: new insights for treatment of balance disorders. Phys Ther
77:517–533. https://doi.org/10.1093/ptj/77.5.517
Maurer C, Mergner T, Peterka RJ (2006) Multisensory control of
human upright stance. Exp Brain Res 171:231–250. https://doi.
org/10.1007/s00221-005-0256-y
Mergner T (2010) A neurological view on reactive human stance control. Annu Rev Control 34:177–198. https://doi.org/10.1016/j.
arcontrol.2010.08.001
Mergner T, Maurer C, Peterka RJ (2003) A multisensory posture control model of human upright stance. Prog Brain Res 142:189–201.
https://doi.org/10.1016/S0079-6123(03)42014-1
Mergner T, Schweigart G, Fennell L (2009) Vestibular humanoid postural control. J Physiol Paris 103:178–194. https://doi.
org/10.1016/j.jphysparis.2009.08.002
Nardone A, Grasso M, Tarantola J et al (2000) Postural coordination
in elderly subjects standing on a periodically moving platform.
Arch Phys Med Rehabil 81:1217–1223. https://doi.org/10.1053/
apmr.2000.6286
Oie KS, Kiemel T, Jeka JJ (2002) Multisensory fusion: simultaneous
re-weighting of vision and touch for the control of human posture.
Brain Res Cogn Brain Res 14:164–176
Pasma JH, Engelhart D, Maier AB et al (2016) Reliability of system
identification techniques to assess standing balance in healthy
elderly. PLoS ONE 11:e0151012. https://doi.org/10.1371/journ
al.pone.0151012
Pasma JH, Boonstra TA, van Kordelaar J et al (2017) A sensitivity analysis of an inverted pendulum balance control model. Front Comput Neurosci 11:1–16. https: //doi.org/10.3389/fncom. 2017.00099
Pasma JHJH, Assländer L, van Kordelaar J et al (2018) Evidence in
support of the Independent channel model describing the sensorimotor control of human stance using a humanoid robot. Front
Comput Neurosci. https://doi.org/10.3389/fncom.2018.00013
Peterka RJ (2002) Sensorimotor integration in human postural control.
J Neurophysiol 88:1097–1118
Peterka RJ, Murchison CF, Parrington L et al (2018) Implementation
of a central sensorimotor integration test for characterization of
human balance control during stance. Front Neurol. https://doi.
org/10.3389/fneur.2018.01045
Pintelon R, Schoukens J (2004) System identification: a frequency
domain approach. Wiley, New York
Polastri PF, Barela JA, Kiemel T, Jeka JJ (2012) Dynamics of intermodality re-weighting during human postural control. Exp Brain
Res 223:99–108. https://doi.org/10.1007/s00221-012-3244-z
Ravaioli E, Oie KS, Kiemel T et al (2005) Nonlinear postural control in
response to visual translation. Exp Brain Res 160:450–459. https
://doi.org/10.1007/s00221-004-2030-y
Schmid M, Bottaro A, Sozzi S, Schieppati M (2011) Adaptation to continuous perturbation of balance: progressive reduction of postural
muscle activity with invariant or increasing oscillations of the
center of mass depending on perturbation frequency and vision

13

476
conditions. Hum Mov Sci 30:262–278. https://doi.org/10.1016/j.
humov.2011.02.002
Sozzi S, Nardone A, Schieppati M (2016) Calibration of the leg muscle responses elicited by predictable perturbations of stance and
the effect of vision. Front Hum Neurosci 10:1–24. https://doi.
org/10.3389/fnhum.2016.00419
van der Kooij H, van Asseldonk E, van der Helm FCT (2005) Comparison of different methods to identify and quantify balance control. J
Neurosci Methods 145:175–203. https://doi.org/10.1016/j.jneum
eth.2005.01.003
Van Ooteghem K, Frank JS, Allard F et al (2008) Compensatory postural adaptations during continuous, variable amplitude perturbations reveal generalized rather than sequence-specific learning. Exp brain Res 187:603–611. https://doi.org/10.1007/s0022
1-008-1329-5
Van Ooteghem K, Frank JS, Horak FB (2009) Practice-related
improvements in posture control differ between young and older
adults exposed to continuous, variable amplitude oscillations of

13

Experimental Brain Research (2020) 238:465–476
the support surface. Exp Brain Res 199:185–193. https://doi.
org/10.1007/s00221-009-1995-y
Van Ooteghem K, Frank JS, Allard F, Horak FB (2010) Aging does
not affect generalized postural motor learning in response to variable amplitude oscillations of the support surface. Exp Brain Res
204:505–514. https://doi.org/10.1007/s00221-010-2316-1
Winter DA (2009) Biomechanics and motor control of human movement. Wiley, Hoboken
Zoubir AMM, Boashash B (1998) The bootstrap and its application in
signal processing. IEEE Signal Process Mag 15:56–76. https://
doi.org/10.1109/79.647043
Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

