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Abstract

The role of the cortex in shaping automatic whole-body motor behaviors such as walking
and balance is poorly understood. Gait and balance are typically mediated through subcorti-
cal circuits, with the cortex becoming engaged as needed on an individual basis by task diffi-
culty and complexity. However, we lack a mechanistic understanding of how increased
cortical contribution to whole-body movements shapes motor output. Here we use reactive
balance recovery as a paradigm to identify relationships between hierarchical control mech-
anisms and their engagement across balance tasks of increasing difficulty in young adults.
We hypothesize that parallel sensorimotor feedback loops engaging subcortical and cortical
circuits contribute to balance-correcting muscle activity, and that the involvement of cortical
circuits increases with balance challenge. We decomposed balance-correcting muscle
activity based on hypothesized subcortically- and cortically-mediated feedback components
driven by similar sensory information, but with different loop delays. The initial balance-cor-
recting muscle activity was engaged at all levels of balance difficulty. Its onset latency was
consistent with subcortical sensorimotor loops observed in the lower limb. An even later,
presumed, cortically-mediated burst of muscle activity became additionally engaged as bal-
ance task difficulty increased, at latencies consistent with longer transcortical sensorimotor
loops. We further demonstrate that evoked cortical activity in central midline areas mea-
sured using electroencephalography (EEG) can be explained by a similar sensory transfor-
mation as muscle activity but at a delay consistent with its role in a transcortical loop driving
later cortical contributions to balance-correcting muscle activity. These results demonstrate
that a neuromechanical model of muscle activity can be used to infer cortical contributions
to muscle activity without recording brain activity. Our model may provide a useful frame-
work for evaluating changes in cortical contributions to balance that are associated with falls
in older adults and in neurological disorders such as Parkinson’s disease.
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Author summary

Our goal is to gain a mechanistic understanding of how cortical and subcortical systems
shape motor output in whole-body movements. Using novel neuromechanical models, we
identify how cortical and subcortical control mechanisms differentially contribute to bal-
ance-correcting muscle activity across reactive balance task difficulty. Bursts of balance-
correcting muscle activity in young adults were decomposed into parallel sensorimotor
feedback components driven by balance error but acting at different loop latencies. Cor-
roborating the transcortical nature of the longer latency loop, we showed that evoked cor-
tical responses to perturbations were also driven by balance error. While the
contributions of the faster subcortical loop to muscle activity was present in all perturba-
tion levels, the slower cortically-mediated burst of muscle was increasingly engaged with
difficulty level. Our computational framework thus dissociates cortical and subcortical
muscle activity components of balance control which may be useful to inform balance
training and rehabilitation.

Introduction

Although it is well known that the cortex can fine tune highly automatic behaviors such as
walking and balance [1-12], we do not have a mechanistic understanding of how this cortical
activity shapes whole body motor output. Neural control of walking and balance is seldom
under the exclusive control of either cortical or subcortical processes [13]. Rather, there is a
spectrum between cortical and subcortical processes that can shift on an individual basis as dif-
ficulty and complexity of the task increases. Models of reactive balance control have previously
focused solely on subcortically-mediated muscle activity [14-17]. There is increasing evidence
that the cortex becomes engaged during reactive balance control as balance task difficulty
increases on an individual basis [11,18-23]. Recent work has demonstrated cortical involve-
ment in reactive balance responses [24], but it remains unclear how cortical activity shapes bal-
ance-correcting muscle activity. To address this gap, we examined perturbation-evoked
cortical and muscle activity to investigate how cortical activity relates to motor output. Reac-
tive balance recovery is a robust paradigm to investigate shifts in hierarchical motor control as
the task difficulty can easily be manipulated by increasing the magnitude of the balance
perturbation.

Cortical contributions to reactive balance control have not been considered in models of
balance-correcting muscle activity. The goal of standing balance control is to maintain the
body’s center of mass (CoM) in an upright equilibrium over an individual’s base of support
[25-27]. CoM motion serves as a concise encapsulation of the body’s relationship with gravity
and external forces; thus the control of CoM kinematics would be important in the feedback
control of balance [28]. Task-level variables such as CoM kinematics cannot be encoded by
any one single sensory signal or modality, it must be estimated from many sensory modalities
[28]. Deviations of the CoM from an upright, standing posture can therefore be thought of as
balance errors. There is likely to be strong evolutionary pressure to correct these errors as
quickly and accurately as possible [29]. Neurophysiological lesion studies have shown that
these responses engage spinal and subcortical pathways that enable precise action at the short-
est possible latencies [8,9,12,30]. Further, previous computational studies have shown that the
patterns of magnitude and timing of balance-correcting muscle responses can be modeled
using sensory information encoding balance error via a muscle Sensorimotor Response Model
(mSRM) [14-17,28]. In response to a balance perturbation, evoked muscle activity has a
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characteristic waveform consisting of an initial burst of activity followed by a sustained plateau
region of tonic activity [15]. The initial burst, occurring ~100ms after perturbation onset, is
thought to be subcortically-mediated due to its latency and may be akin to the long latency
reflex (LLR) observed in both the upper and lower limbs [21,31-33]. Prior work has consis-
tently demonstrated that this initial burst of muscle activity is driven by CoM acceleration at a
latency consistent with subcortical processing across individuals, task difficulty, and regardless
of age or neurological impairment [15-17]. Later portions of muscle activity (>150ms after
perturbation onset) are more variable as muscle activity at this latency may be mediated by
both cortical and subcortical sensorimotor circuits [11,21,24]. The additional time associated
with cortical contributions to motor output is due to the increased latency required for neural
transmission and computation to occur in higher order, cortical circuits [11,21]. Therefore, we
added an additional, longer-latency CoM feedback loop to the mSRM, hereby referred to as
the hierarchical SRM (hSRM), to account for potential cortical contributions to later phases
muscle activity.

Robust cortical signals are evoked following perturbations to standing balance, however it
is unclear whether this activity is part of a transcortical sensorimotor feedback loop involved
in mediating cortical control of balance-correcting muscle activity. Evoked cortical signals
have temporal characteristics similar to perturbation-evoked muscle activity [34-36], but we
do not know if these signals are also driven by balance error, quantified as CoM kinematic
deviations from upright stance. Recordings from the cortex using electroencephalography
(EEG) have revealed a large, negative peak of cortical activity (N1) along with changes in spec-
tral power evoked by perturbations to upright stance [37-41]. The cortical N1 is thought of as
an error assessment signal evoked when external stimuli cause an unexpected error from the
upright posture [35,36,42]. In the time-frequency domain, perturbations to upright stance also
evoke an increase in power in the beta frequency range (B; 13-30Hz activity) [39-41,43-45]. B
activity is involved in sensorimotor processing and motor output, with increased P activity
facilitating sensory processing at the expense of movement initiation [46-50]. Taken together,
these findings are consistent with the theory that sensorimotor B activity signals the “mainte-
nance of the status quo” where decreases in B activity facilitate changes in an individual’s sen-
sorimotor set while increases indicate favoring the current sensorimotor set [50-53].

Perturbation-evoked cortical N1 and sensorimotor B activity have previously been shown
to weakly scale with perturbation magnitude, consistent with increasing balance error [41,54].
However, it has not been quantitatively shown whether feedback of balance error signals can
account for evoked cortical responses during balance recovery. Therefore, we adapted the
mSRM to reconstruct perturbation-evoked cortical N1 and P activity using the same CoM
kinematic error signals, in a model we call the cortical SRM (cSRM). The perturbation-evoked
cortical N1 and increase in B activity occur simultaneously with the initial, automatic, subcorti-
cally-mediated motor response [34,36] and therefore cannot contribute to this initial burst of
muscle activity. However, we do not know if these neurophysiological signatures could con-
tribute to subsequent, longer-latency muscle activity. Therefore, we made two separate adapta-
tions to the hSRM that include either cortical N1 or B activity as a predictor of longer latency
balance-correcting muscle activity, rather than CoM kinematics, to test whether these cortical
signatures could be involved in a transcortical sensorimotor feedback loop that contributes to
the second-but not first-burst of balance-correcting muscle activity.

Here, we hypothesize that parallel sensorimotor feedback loops engaging subcortical and
cortical circuits contribute to balance-correcting muscle activity, and that the involvement of
cortical circuits increases with balance challenge. We used hierarchical neuromechanical mod-
els of reactive balance control to reconstruct cortical and muscle activity evoked by support-
surface balance perturbations. Balance perturbations were delivered at varying difficulties to
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Fig 1. Cortical and subcortical sensory motor loops involved in reactive balance control. A) At low balance difficulty,
reactive balance control is primarily mediated through subcortical sensorimotor circuits (red) at an earlier latency (As). B) At
higher balance difficulty, cortical sensorimotor circuits (blue) contribute to the balance-correcting muscle activity at longer
latency (A).

https://doi.org/10.1371/journal.pcbi.1011562.g001

investigate the relationship between sensory information, muscle activity, and cortical activity
as balance challenge increases. We predict that when balance task difficulty is sufficiently low,
the balance-correcting neuromuscular response is primarily subcortically-mediated (Fig 1A)
and will therefore be well characterized by the mSRM. We further predict that cortical contri-
butions to balance-correcting muscle activity will appear at higher levels of balance task diffi-
culty and alter the motor response (Fig 1B). Additionally, we predict that cortical N1 and
sensorimotor P activity are also driven by sensory information encoding balance error and
contribute to later phases of balance-correcting muscle activity. Finally, we predict that
accounting for potential cortical contributions to motor output will improve reconstruction
accuracy of balance-correcting muscle activity regardless of the perturbation difficulty.

Methods
Ethics statement

All experiments were approved by the Emory University Institutional Review Board. All par-
ticipants gave informed written consent before participating. Other outcome measures from
this cohort have been reported previously [36,41,54].

Participants

Seventeen young adults (10 female, 25 + 6 years old, 168 + 8 cm tall, 69 + 14 kg) were recruited
from Emory University and the surrounding Atlanta community to participate in this study.
Participants were excluded if they reported having a history of lower extremity joint pain, con-
tractures, major sensory deficits, evidence of orthopedic, muscular, or physical disability,
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evidence of vestibular, auditory, or proprioceptive impairment, orthostatic hypotension, and/
or any neurological insult.

Balance perturbations

During the experiment, participants stood barefoot on a motorized platform (Factory Auto-
mation Systems, Atlanta, GA, USA). Participants underwent 48 backward translational sup-
port-surface perturbations, which were delivered at unpredictable timing and randomized
order of magnitudes [36,41,54]. Each participant received an equal number of perturbations in
three magnitudes: a small perturbation (7.7 cm, 16.0 cm/s, 0.23 g), which was identical across
participants, and two larger magnitudes (medium: 12.6-15.0 cm, 26.6-31.5 cm/s, 0.38-0.45 g,
and large: 18.4-21.9 cm, 38.7-42.3 cm/s, 0.54-0.64 g), which were adjusted based on partici-
pant height [36,41,54]. Due to limitations in the distance the platform can travel, the platform
was initialized to one end of its range to allow for larger movement movements in only one
direction. To limit predictability, perturbation magnitudes were presented in pseudorandom
block orders, with each of the eight blocks containing two perturbations of each magnitude.
As previously described [36,41,54], participants were instructed to perform a stepping
response in half of the perturbations and to resist stepping in the other half. Only non-stepping
trials were included in our analyses because stepping leaves the position of the base of support
temporarily undefined, thereby preventing the calculation of kinematic errors between the
CoM and the base of support. Successful non-stepping trials were identified using platform-
mounted force plates (AMTI OR6-6). To limit fatigue, 5-minute breaks were given every 15
minutes of experimentation.

Center of Mass (CoM) kinematics

Kinematic marker data were collected at 120 Hz and synchronized using Vicon hardware and
software (Vicon, Centennial, CO). A custom marker set, covering head-arms-trunk, thigh,
shank, and foot segments, was employed to determine body segment kinematics. CoM dis-
placement was calculated from kinematic data as a weighted sum of segmental masses. CoM
velocity was taken as the derivative of CoM displacement after smoothing using a third-order
Savtizky-Golay filter with a filter size of 48 samples [55]. CoM acceleration was computed as
the difference between ground reaction force, obtained by the platform-mounted force plates
(AMTI OR6-6), divided by subject mass and platform acceleration.

Electroencephalography (EEG)

Brain activity was recorded continuously throughout the balance perturbation series using a
32-channel set of actiCAP active recording electrodes (Brain Products GmbH, Munich, Ger-
many) placed according to the international 10-20 system, with the exception of electrodes
TP9/10 which were placed directly on the scalp over the mastoids [41].

EEG data were reprocessed with updated routines designed to further reduce muscle and
motion artifact using a more rigorous, standardized preprocessing pipeline (Fig 2), as the pre-
vious analysis may not have adequately reduced muscle and motion artifact. Data were pre-
processed in Matlab 2022b (Mathworks, Natick, MA, USA) using custom scripts and EEGLAB
[56] functions that down sampled from 1000Hz to 500Hz, applied a 1Hz high-pass filter,
removed and interpolated bad channels, minimized line noise [57,58], and applied an average
referencing method. Data were epoched -500 to 2000ms relative to perturbation onset, and
decomposed into maximally independent components for non-neural artifact removal [59].

After removal of non-neural components, channel-level data were reconstructed from the
remaining components, and analyses focused on the Cz electrode positioned over primary
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Fig 2. Electroencephalography (EEG) processing pipeline. Raw EEG is preprocessed, non-neural artifacts are removed, and remaining brain
components are further analyzed in electrode space to quantify perturbation evoked cortical N1 and sensorimotor P activity.

https://doi.org/10.1371/journal.pchi.1011562.9002

motor and supplementary motor cortical regions. N1 amplitude was calculated as the mini-
mum value for the event related potential 100-200ms post-perturbation relative to a baseline
window (400ms to 100ms pre-perturbation). Time-frequency analyses were performed on
preprocessed EEG data to assess B power prior to and during reactive balance recovery.
Changes in spectral power were quantified relative to a baseline window (400ms to 100ms pre-
perturbation) in single-trial epochs using wavelet time-frequency analyses in EEGLAB (pop_-
newtimef.m). A tapered Morlet wavelet with three cycles at the lowest frequency (6Hz), line-
arly increasing up to 23 cycles at the highest frequency (50Hz) was used to measure power at
each frequency in a sliding window of 256ms. This wavelet transformation calculates the
event-related spectral perturbation (ERSP), which represents changes in power relative to per-
turbation onset in a defined set of frequencies [60]. We focused on B power as lower frequency
bands lack the temporal resolution required to be used as a predictor of balance correcting
muscle activity in our neuromechanical models. Single-trial ERSP values were averaged across
sampled frequencies within the f range (13-30Hz) to obtain a single waveform of the time
course of f power for each trial. Single-trial B power values were then averaged across trials
within each perturbation condition for each participant. Condition averaged  power was then
separated into three separate time bins (50-150ms, 150-250ms, and 250-500ms). These time
bins were selected to allow for comparison with previous studies on this same dataset [41].

Electromyography (EMG)

Surface EMGs (Motion Analysis Systems, Baton Rouge, LA) were collected bilaterally from the
tibialis anterior (T'A), medial gastrocnemius muscle (MG), and sternocleidomastoid (SC) mus-
cles bilaterally. Analysis focused on the MG since this muscle is the primary agonist for a back-
ward perturbation of the support surface. Skin was shaved if necessary and scrubbed with an
isopropyl alcohol wipe before electrode placement using standard procedures [61]. Bipolar sil-
ver silver-chloride electrodes were used (Norotrode 20, Myotronics, Inc., Kent, WA, USA).
Electromyography signals were sampled at 1000 Hz and anti-alias filtered with an online 500
Hz low-pass filter. Raw EMG signals were epoched between -400ms and 1400ms relative to
perturbation onset. EMG signals were then high-pass filtered at 35Hz offline with a sixth-
order zero-lag Butterworth filter, mean-subtracted, half-wave rectified, and subsequently low-
pass filtered at 40Hz [16,17,36,41]. Single-trial EMG data were normalized to a maximum
value of 1 across all trials within each participant for left and right sides independently. EMG
data were then averaged across trials within each perturbation magnitude for each participant.
Perturbation evoked muscle activity was then separated into three separate time bins (75-
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200ms, 200-300ms, and 300-500ms). These time bins were selected based on visual inspection
of all participants’ data to ensure that they captured the initial burst of muscle activity (75-
200ms) as well as the longer latency bursts (200-300ms and 300-500ms).

Statistical characterization of EMG and EEG responses

Statistical tests were performed in RStudio version 1.4.1717 (R Core Team, Vienna, Austria).
Differences in cortical N1, sensorimotor B activity, and muscle activity between perturbation
magnitudes were assessed using two-way ANOV As with perturbation magnitude as a group
factor and participant included as a random factor. Separate ANOV As were performed for
each prespecified time bin. Post hoc comparisons were performed by comparing the estimated
marginal means of these prespecified time bins between perturbation magnitudes. Tests were
considered statistically significant at p < 0.05.

Sensorimotor response models (SRMs)

To investigate the relationship between sensory information, cortical activity, and muscle
activity, we used a series of delayed feedback control models to reproduce neurophysiological
activation patterns based on sensory predictors.

Muscle sensorimotor response model (mSRM)

First, we used the classic mSRM to reconstruct balance-correcting muscle activity using a sin-
gle feedback loop. We assume the mSRM reconstructs subcortically-mediated muscle activity
due to the short latency of the transformation between balance errors and the muscle activity
that is reconstructed by this model. The mSRM reconstructs balance-correcting muscle activ-
ity using kinematic signals of balance error [17]. CoM displacement (d), velocity (v), and accel-
eration (a) relative to the base of support were each weighted by a feedback gain (kas, kyy, ka1),
summed, and delayed be a common time delay (A,) to account for ascending and descending
neural transmission and processing in subcortical circuits:

emg(t) = I_kdl : dCDM(t - /lbs) + kvl : VCaM(t - ibs) + kal : aCDM(t - /’Lbs)J (1)

The reconstructed signal (emg(t)) is half wave rectified with a threshold value of 0 to repre-
sent the overall net output to motor pools [17]:

-] = max(0,-) (2)

Hierarchical sensorimotor response model (hSRM)

Here we augmented the preexisting mSRM to include hierarchical feedback loops to account
for potential cortical contributions to balance-correcting muscle activity (hSRM). The hSRM
reconstructs subcortically-mediated balance-correcting muscle activity in the same way as the
mSRM. However, the hSRM has an additional predictor of cortical contributions (feoex(t)) to
balance-correcting muscle activity at a longer latency that sums linearly with the shorter
latency component in line with previous modeling approaches of similar behavior in the upper
limb [62] (Eq 3).

emg(t) ~ \_kdl : dCoM(t - )L’hs) + kvl : VCaM(t - j'175) + kal : aCDM(t - /'{bs) +fcartex,-(t)J (3)

We created three separate hSRMs based on hypothesized ways the cortex could drive later
phases of muscle activity. The first of these models does not incorporate measured cortical
activity but supposes that the same sensorimotor transformation from balance error to muscle
activity also occurs at the cortical level at a longer latency () than the subcortical circuit
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(Eq 9).

fcortexl (t) = kd2 : dCDM(t - }“c) + ka : vCaM(t - ;Lc) + ku2 : aCoM(t - /lc) (4)

We assume the cortical contribution to be independent of the subcortical process, and
therefore weighted CoM kinematic error signals by additional feedback gains (kq», ky», Ka2)
that are independent of those used in the subcortical model (Eq I).

The second of these models incorporates the measured cortical N1 timeseries as a predictor
of later phases of muscle activity (Eq 5):

S cortens (8) = ey - C2(t = (4, = 7)) (5)

The third of these models includes the measured 3 activity time series as a predictor of later
phases of muscle activity (Eg 6):

S eoren, (8) = Ky - Bt = (4. — 7)) (6)

Where N1 and B activity were both weighted by independent feedback gains (ky; and kg,
respectively), and t. is the latency for the ascending sensory information to reach the cortex.

Cortical sensorimotor response model (cCSRM)

Additionally, we modified the mSRM to reconstruct cortical activity (¢CSRM) to determine if
cortical N1 and sensorimotor P activity could also be driven by sensory information encoding
balance error. The cSRM predicts cortical N1 and sensorimotor P activity using kinematic sig-
nals of balance error, weighted by feedback gains (kq4s, ky1, k,1) and delayed by a shortened
time delay (1) relative to the mSRM to account for the time required for only ascending neural
transmission and processing (Eqs 7 and 8):

Cz(t) = |_kd1 : dCDM(t - Tc) + kvl : VCoM(t - TC) + kul : aCoM(t - TC)J (7)

ﬁ(t> = |_kd1 : dCGM(t - Tc) +k, - VCaM(t - Tc) + ki aCaM(t - TC)J (8)

The cSRM reconstructs Cz(t) and p(t) separately, therefore each cSRM reconstruction has
an independent set of feedback gains as we assume these two neurophysiological responses are
not identical to one another.

Model parameter identification

For all SRMs mentioned above, model parameters were selected by minimizing the error
between recorded neurophysiological data and SRM reconstruction. The reconstruction error
term was quantified as the sum of squared reconstruction errors at each time sample as well as
the maximum observed reconstruction error (Eg 9):

tend
min{, / e’dt + ,,max(|e]) + pk"k} ©)
i t

start

The first term penalizes the squared error (e®) between the condition-averaged neurophysi-
ological activity and the SRM reconstruction weighted by . The second term penalizes the
maximum error between the condition-averaged neurophysiological activity and the SRM
reconstruction with a weight p,,. The third term penalizes the magnitude of the gain parame-
ters (k;) with weight py in order to improve convergence when feedback channels do not con-
tribute to the SRM reconstruction. The ratio of weights gy, . was 1:1:1e-6. All
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optimizations were performed in Matlab 2022b (Mathworks, Natick, MA, USA) using the inte-
rior-point algorithm in fmincon.m, as described previously in literature [17]. For single looped
models (mSRM and cSRMs) a single optimization was performed to identify model specific
teedback parameters (kq;, Ky1, Ka1)-

For double looped models (hSRMs), a separate optimization was performed to identify the
shorter latency (kq1, ko1, ka1, Abs) and longer latency (kqs, Ky, Kaz, Ac) model parameters similar
to what was done in prior implementations of this model [17]. The optimization for the
shorter latency model parameters is the same as that described for the single loop models. The
optimization for the longer latency parameters was performed by reconstructing the residual
muscle activity, defined as the difference between the recorded muscle activity and the muscle
activity reconstructed by the mSRM. After these two separate optimizations were performed,
the shorter latency (Kai, Ky1, Ka1, Aps) and longer latency (kg,, ky,, koo, Ac) model parameters
were concatenated into an initial guess for final optimization to allow for modifications as the
shorter latency model parameters may have been exaggerated in order to fit longer latency
muscle activity. This two-step optimization approach allowed for more robust predictions of
the second burst of muscle activity than performing a single optimization. Lower and upper
bounds for the gain parameters were £10% of the initial guess values, lower and upper bounds
for the delay parameters were £10ms of the initial guess values. In all cases, additional parame-
ters supplied to fmincon.m were as follows: TolX, le-9; MaxFunEvals, 1e5; TolFun, le-7, with
remaining parameters set to default [17].

Goodness of fit

The goodness of fit between SRM reconstructions and recorded neurophysiological data was
assessed using a coefficient of determination (R?) as well as variability accounted for (VAF). R?
was calculated using the built-in function regress.m in Matlab 2022b (Mathworks, Natick, MA,
USA), and VAF was defined as 100*the square of Pearson’s uncentered correlation coefficient,
as performed in previous studies [17,55). Differences in R* and VAF between perturbation
magnitudes were assessed using two-way ANOV As with perturbation magnitude as a group
factor and participant included as a random factor. Tests were considered statistically signifi-
cant at p < 0.05.

Model selection

Model selection was performed using Akaike’s Information Criterion (AIC; Eq 10).

SSR
AIC = NDm*log(

Data

) + 2*NPammeters (10)

Where Np,, is the number of data points reconstructed by the SRMs (1300 samples), SSR
is the sum squared error of the SRM reconstruction, and Np, ameters 1S the number of parame-
ters included in the SRM. AIC values were calculated for each SRM described above. An AIC
comparison between the mSRM and hSRM was performed to determine whether the addition
of a longer latency loop improves the model fit to the data. Differences in AIC between
models > 2 were considered meaningful.

A separate AIC analysis was performed to determine if perturbation-evoked cortical signa-
tures are driven primarily by CoM acceleration feedback by comparing cSRM reconstructions
when including all the CoM kinematics as predictors or using only CoM acceleration as a pre-
dictor. Similarly, we also assessed whether the longer latency burst of muscle activity recon-
structed is primarily driven by CoM acceleration feedback by comparing AIC values when
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using all CoM kinematics, or just CoM acceleration as predictors of cortical contributions to
balance-correcting muscle activity in the hSRM.

Additionally, comparisons of reconstruction accuracy between SRMs were performed
using a mixed linear effects model with an interaction between the model type (i.e., mSRM or
hSRM) and perturbation magnitude with participant included as a random factor. Post hoc
comparisons were then performed by comparing the estimated marginal means between the
prespecified model types.

Results

Variable scaling of muscle activity with perturbation magnitude between
participants

During reactive balance recovery, there were individual differences in the response of the first
and second burst of muscle activity to increased perturbation magnitude (Fig 3A). For exam-
ple, participant 01’s initial burst (75-200ms) of muscle activity increased between the small
and medium perturbations while their second burst (200-300ms) of muscle activity was rela-
tively small or absent. Interestingly, at the large perturbation, the initial burst did not increase
further, but a second burst emerged (Fig 3A, left panel). Conversely, participant 02 had both
the first and second burst already evident in the small perturbation and the first burst
remained less affected by perturbation magnitude while the second burst increased markedly
(Fig 3A, right panel).

A) Variable scaling of muscle activity burst with perturbation magnitude between individuals
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B) All time bins of muscle activity are affected by perturbation magnitude, with a greater
effect in later bins
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Fig 3. Perturbation-evoked muscle activity increases as balance challenge increases. A) Exemplar participant at all three perturbation
magnitudes: small (light green), medium (green), and large (dark green). B) group averaged data for each time bin. *p<0.05.

https://doi.org/10.1371/journal.pcbi.1011562.9003
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At the group level, we investigated the scaling of muscle activity by quantifying the inte-
grated EMG activity within separate time bins that captured the initial and second burst.
Across participants, we found a significant increase in integrated EMG across perturbation
magnitude for the initial 75-200ms time bin (F(1.54, 19.96) = 21.57, p <0.001), 200-300ms
time bin (F(1.31, 17.06) = 17.16, p < 0.001), and 300-500ms time bin (F(1.24, 16.06) = 39.72,
p < 0.001) (Fig 3B). Post hoc comparisons between perturbation magnitudes showed that in
the initial 75-200ms time bin integrated EMG was significantly increased from the small per-
turbation compared to the medium and large perturbation magnitudes (p < 0.01 for both),
while it did not differ between the medium and large perturbation (p = 0.07). In the 200-
300ms and 300-500ms time bins, integrated EMG increased across all comparisons of pertur-
bation magnitudes (p < 0.01 for all).

Single-delay feedback model of balance error fails to capture second burst
of muscle activity

At the small perturbation magnitude, balance-correcting muscle activity adheres to the charac-
teristic waveform of an initial burst driven primarily by CoM acceleration error feedback fol-
lowed by a plateau region driven by CoM velocity and displacement error feedback [14-16].
Therefore, balance-correcting muscle activity is well described by the mSRM at this small per-
turbation magnitude (Fig 4A, small perturbation reconstruction). However, as the perturba-
tion magnitude increases, a longer latency burst of muscle activity begins to appear that
cannot be described by the single-delay feedback model (Fig 4A, gray trace, large perturbation
reconstruction). mSRM reconstruction accuracy was high in the smallest perturbation (R* =
0.82+0.014, VAF = 0.85+0.010), but worsened in the medium (R* = 0.77+0.014, VAF = 0.85
+0.006) and large (R* = 0.60+0.038, VAF = 0.81+0.047) perturbation magnitudes. We found a
decrease in mSRM reconstruction accuracy in both R* and VAF as perturbation magnitude
increased (R*: F(1.86, 26.08) = 32.70, p < 0.001; VAF: F(1.74, 24.41) = 4.37, p = 0.028). The
subcortical acceleration feedback gain (k,;), which defines the relationship between CoM
acceleration and the initial burst of muscle activity, decreased with perturbation magnitude
(F1.38,17.91) = 6.14, p = 0.016). The subcortical velocity feedback gain (ky;) defines the rela-
tionship between CoM velocity and the plateau region of muscle activity and did not signifi-
cantly change between perturbation magnitudes (F(1.29, 16.73) = 0.06, p = 0.873). The
subcortical displacement feedback gain (k4;) defines the relationship between CoM displace-
ment and the plateau region and significantly increased with perturbation magnitude (F(1.90,
24.64) = 18.9, p < 0.001). The time delay associated with the subcortical sensorimotor trans-
form (M) did not significantly change between perturbation magnitude (F(1.35, 17.51) = 3.55,
p = 0.066).

Adding hierarchical feedback of balance error reconstructs second burst of
muscle activity

Accounting for longer latency, potentially cortical contributions to balance-correcting muscle
activity enabled reconstruction of the second burst of muscle activity that increases with per-
turbation magnitude (Fig 5). We tested whether the same sensorimotor transformation from
balance error to balance-correcting muscle activity occurs at both subcortical and cortical lev-
els, by adding an additional, longer-latency, hierarchical feedback loop (Fig 5A blue lines) to
the to the mSRM (Fig 5A red lines). hSRM reconstruction accuracy was highest in the smallest
perturbation (R* = 0.86+0.012, VAF = 0.89+0.008) and medium perturbation (R* = 0.84
+0.011, VAF = 0.91+0.005), but decreased slightly in the largest perturbation magnitude (R* =
0.70+0.042, VAF = 0.87£0.050). We found a decrease in hSRM reconstruction accuracy in
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A) Single loop feedback model (MSRM) cannot reconstruct second burst of
muscle activity
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Fig 4. Single loop muscle sensorimotor response model (mSRM) A) mSRM schematic and reconstruction of exemplar participant data
(Participant 02) at each perturbation magnitude. mSRM reconstructs balance-correcting muscle activity as the weighted sum of delayed center of

mass kinematics. B) group mSRM parameters for CoM acceleration (k,), velocity (k,;), and displacement (kg4;) gains as well as time delay (Aps).
*
p<0.05.

https://doi.org/10.1371/journal.pcbi.1011562.9g004

both R* and VAF as perturbation magnitude increased (R* F(1.47, 20.53) = 17.48, p < 0.001;
VAF: F(1.79, 25.09) = 5.76, p = 0.011).

The inclusion of the longer latency feedback loop in the hSRM resulted in more accurate
reconstructions of muscle activity across all perturbation magnitudes compared to the single-
loop mSRM (R%: t(74) = -4.678, p <0.0001; VAF: t(74) = -6.336, p <0.0001). To further com-
pare these models, we performed an AIC analysis and found that the hNSRM (AIC = -366379)
was a better model of perturbation evoked muscle activity than the single-loop mSRM (AIC =
-352106).

A separate AIC analysis was performed to assess whether longer-latency muscle activity was
primarily driven by CoM acceleration feedback. We found that the hSRM that only included
CoM acceleration feedback (AIC = -383413) was a more appropriate model than the hSRM
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A) Adding longer latency hierarchical feedback of balance error captures
second burst of muscle activity
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Fig 5. Double loop hierarchical sensorimotor response model (hSRM) A) hSRM schematic and reconstruction of exemplar
participant data (Participant 02) at each perturbation magnitude. hNSRM adds an additional, longer-latency, cortical feedback

loop (blue lines) to the single-latency mSRM (red lines) B) group hSRM parameters for the cortical feedback loop CoM
acceleration (k,,) and time delay (A.). *p<0.05.

https://doi.org/10.1371/journal.pcbi.1011562.9005

that included all CoM kinematic feedback (AIC = -366379). Therefore, the second burst was
captured by the longer-latency acceleration feedback error. k,,, which defines the input-output
relationship between CoM acceleration and the second burst of muscle activity, increased with

perturbation magnitude (F(1.62, 21.01) = 5.75, p = 0.014) as did the associated time delay (A.)
(F(1.86, 24.22) = 4.91, p = 0.018) (Fig 5B).
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Perturbation-evoked cortical activity did not increase with balance
challenge

In the time-domain, recordings from central midline electrode (Cz) show our perturbation
paradigm was able to robustly evoke an N1 response in each participant (Fig 6). Across partici-
pants, N1 had an average amplitude of -30.6+1.7uV and was observed at 137+1.6ms. Contrary
to previous findings in the same data set, N1 amplitude did not significantly increase with per-
turbation magnitude at the group level (F(1.36, 17.62) = 2.03, p = 0.17). Post hoc comparisons
between perturbation magnitude showed N1 amplitude did not differ between any perturba-
tion magnitude (p > 0.25 for all). However, in corroboration with previous findings, N1
latency decreased as perturbation magnitude increased (F(1.22, 19.47) = 10.85, p = 0.002). Post
hoc comparisons between perturbation magnitudes showed that N1 latency was significantly
increased from the small perturbation compared to the medium and large perturbation magni-
tudes (p < 0.01 for both), while it did not differ between the medium and large perturbation
(p = 0.10).

In the frequency domain, § power increased after perturbation onset and reached a maxi-
mum around the latency of the cortical N1. Contrary to what was found previously, this initial
rise in B power in the 50-150ms time bin did not significantly increase with perturbation mag-
nitude at the group level (F(1.86, 25.98) = 2.87, p = 0.078).  power in the 150-250ms time bin
did not have a significant increase with perturbation magnitude (F(1.98, 27.73) = 2.03,

p = 0.15) while the 250-500ms time bin did (F(1.99, 27.89) = 6.37, p = 0.005). Post hoc compar-
isons between perturbation magnitudes showed that in the 50-150ms and 150-250ms time
bins B power did not significantly increase between any perturbation magnitude (p > 0.05 for
all). In the 250-500ms time bin, § power did not significantly increase between the small and
medium perturbation magnitude (p = 0.60) nor small and large (p = 0.06) but did significantly
increase between the medium and large perturbation magnitude (p = 0.01).

Perturbation evoked cortical activity did not increase with balance challenge
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Fig 6. Perturbation-evoked cortical activity as balance challenge increases. Exemplar participants at all three perturbation
magnitudes: small (light green), medium (green), and large (dark green).

https://doi.org/10.1371/journal.pcbi.1011562.9006
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Single-delay feedback model of balance error can reconstruct perturbation-
evoked cortical activity

We tested whether perturbation-evoked cortical N1 and B activity could be explained by senso-
rimotor transformation of balance error signals using the cSRM (Fig 7A). The cSRM was able

to reconstruct both cortical N1 and sensorimotor f activity, suggesting that these cortical sig-
natures may also be driven by sensory information encoding balance error. cSRM

A) Single loop cortical sensorimotor response model
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Fig 7. Single loop cortical sensorimotor response model (cSRM) A) cSRM schematic and reconstruction of exemplar participant EEG data
(Participant 02) at each perturbation magnitude. cSRM reconstructs either perturbation-evoked cortical N1 (plotted negative up) or sensorimotor
B activity as the weighted sum of delayed CoM kinematics. B) group cSRM parameters for CoM acceleration feedback gain (k,;) and the
associated time delay (1.). *p<0.05.

https://doi.org/10.1371/journal.pcbi.1011562.9007
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reconstruction accuracy of the cortical N1 was highest in the smallest perturbation (R* = 0.75
+0.12, VAF = 0.78+0.011) with a slight decrease in the medium (R*=10.72+0.21, VAF = 0.77
+0.015) and largest (R* = 0.69+0.041, VAF = 0.77+0.046) perturbation magnitudes. However,
this decrease in reconstruction accuracy with perturbation magnitude did not reach signifi-
cance (R* F(1.70, 23.75) = 1.12, p =0.33; VAF: F(1.55, 21.68) = 0.10, p = 0.86).

An AIC analysis was performed to assess whether perturbation evoked cortical N1 activity
was primarily driven by CoM acceleration feedback. We found that the cSRM that only
included CoM acceleration feedback (AIC = -236607) was a more appropriate model than the
c¢SRM that included all CoM kinematic feedback (AIC = -188573). The cSRM acceleration
feedback gain, k,;, which defines the input-output relationship between CoM acceleration and
the cortical N1, decreased with perturbation magnitude (F(1.51, 19.62) = 158.81, p < 0.01) as
did the associated time delay (t.) (F(1.31, 17.05) = 10.08, p = 0.003).

cSRM reconstruction accuracy of sensorimotor P activity was lower overall than that of the
cortical N1 for all perturbation magnitudes. cSRM reconstruction accuracy of sensorimotor f8
activity was highest in the smallest (R? = 0.55 +0.030, VAF = 0.54+0.036) and medium (R? =
0.55+0.021, VAF = 0.500.030) perturbation magnitude, but decreased in the largest (R* =
0.43+0.35, VAF = 0.49+0.041) perturbation magnitudes. There was a significant effect of per-
turbation magnitude on cSRM R?, but not VAF, when reconstructing sensorimotor B activity
(R?: F(1.42, 19.88) = 7.70, p =0.007; VAF: F(1.97, 27.61) = 1.67, p = 0.207).

We found that the cSRM that only included CoM acceleration feedback (AIC = -184883)
was a more appropriate model than the cSRM that included all CoM kinematic feedback (AIC
=-177989). The cSRM acceleration feedback gain, k,;, which defines the input-output rela-
tionship between CoM acceleration and the sensorimotor B activity, decreased with perturba-
tion magnitude (F(1.20, 15.64) = 73.48, p < 0.001) while there was no significant effect with
the associated time delay (t.) (F(1.32,17.10) = 2.11, p = 0.161) (Fig 7B).

Adding hierarchical feedback of perturbation evoked cortical activity
reconstructs second burst of muscle activity

To further test whether cortical N1 and sensorimotor f activity could explain later phases of
muscle activity we modified the double looped hSRM model to include either N1 (Fig 8) or
sensorimotor P activity (Fig 9) instead of the delayed secondary sensorimotor transformation.

When using N1 as a predictor of muscle activity, reconstruction accuracy was highest in the
smallest perturbation (R%=0.84 +0.013, VAF = 0.87+0.009) and medium perturbation (R =
0.82+0.013, VAF = 0.89+0.006), but decreased in the largest perturbation magnitude (R*=
0.67+0.041, VAF = 0.85£0.049). The inclusion of cortical N1 as a predictor of balance-correct-
ing muscle activity allowed the hSRM to capture the notable second burst of balance-correct-
ing muscle activity (Fig 8A) that is observed as balance challenge increases. The inclusion of
the longer latency feedback loop in the hSRM resulted in more accurate reconstructions of
muscle activity across all perturbation magnitudes compared to the single-loop mSRM (R*: t
(74) = -3.301, p = 0.0015; VAF: t(74) = -3.901, p = 0.002). To further compare these models,
we performed an AIC analysis and found that the hSRM when using cortical N1 as a predictor
(AIC = -363742) was a better model of perturbation evoked muscle activity than the single-
loop mSRM (AIC = -352106). The cSRM feedback gain associated with N1’s contribution to
balance-correcting muscle activity (kc,) significantly increased with perturbation magnitude
(F(1.96, 25.49) = 46.75, p < 0.001) (Fig 8B).

When using sensorimotor P activity as a predictor of muscle activity, reconstruction accu-
racy was highest in the smallest perturbation (R* = 0.85+£0.012, VAF = 0.87+0.008) and
medium perturbation magnitudes (R* = 0.83+0.012, VAF = 0.89+0.005), but decreased in the
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A) Hierarchical sensorimotor response model with cortical N1 as a predictor of
muscle activity Cz
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Fig 8. Double loop hierarchical sensorimotor response model (hSRM) using recorded N1 as a predictor of muscle activity. A) hSRM
schematic and reconstruction of exemplar participant data (Participant 02) at each perturbation magnitude. hSRM adds an additional,
longer-latency, cortical feedback loop (blue lines) to the single-latency mSRM (red lines) B) group hSRM parameters for the cortical
feedback loop using N1 (kc,) as a predictor of muscle activity. *p<0.05.

https://doi.org/10.1371/journal.pcbi.1011562.9008

largest perturbation magnitude (R* = 0.64+0.039, VAF = 0.84+0.048). The inclusion of senso-
rimotor P activity as a predictor of balance-correcting muscle activity also allowed the hSRM
to reconstruct the second burst of balance-correcting muscle activity (Fig 9A). The inclusion of
the longer latency feedback loop in the hSRM resulted in more accurate reconstructions of
muscle activity across all perturbation magnitudes compared to the single-loop mSRM (R*: t
(74) = -2.892, p = 0.005; VAF: t(74) = -3.499, p < 0.001). To further compare these models, we
performed an AIC analysis and found that the hSRM when using sensorimotor f§ activity as a
predictor (AIC = -353958) was a better model of perturbation evoked muscle activity than the
single-loop mSRM (AIC = -352106), but worse than using either cortical N1 or CoM kinemat-
ics as a predictor of longer latency muscle activity. The cortical feedback gain associated with
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A) Hierarchical sensorimotor response model with  activity as a predictor of
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Fig 9. Double loop hierarchical sensorimotor response model (hSRM) using recorded P activity as a predictor of muscle activity. A)
hSRM schematic and reconstruction of exemplar participant data (Participant 02) at each perturbation magnitude. B) group hSRM
parameters for the cortical feedback loop using B (kg) as a predictor of muscle activity. *p<0.05.

https://doi.org/10.1371/journal.pcbi.1011562.9009

sensorimotor B’s contribution to balance-correcting muscle activity (kg) significantly increased
with perturbation magnitude (F(1.89,24.52) = 7.77, p = 0.003) (Fig 9B).

Discussion

Our results provide experimental and computational evidence supporting the progressive
recruitment of cortical resources in balance control as task difficulty increases. Our data sup-
port the hypothesis that in addition to subcortically-mediated balance-correcting muscle activ-
ity, cortically-mediated muscle activity is recruited on an individual basis as balance challenge
increased at latencies consistent with longer transcortical sensorimotor loops. We further
show that balance-correcting muscle activity can be explained via subcortical and cortical sen-
sorimotor feedback loops that process similar sensory information—particularly CoM
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kinematic error signals—at different intrinsic neural delays. Cortical activity during reactive
balance recovery further support the role of transcortical circuits in generating later balance-
correcting muscle activity. Our study thus provides a computational framework for dissociat-
ing cortical and subcortical muscle activity without need for direct recordings from the brain.
Quantifying cortical contributions to balance may be important for assessing balance ability in
health and disease, as well as to optimize training, rehabilitation, and inspire physiologically-
based controllers for assistive devices.

Our results support the hypothesis that long-latency responses to perturbations consist of
an initial subcortically-mediated response, followed by a cortical response that becomes
engaged as balance task difficulty increases. In both the upper and lower limbs, muscle
responses to an unexpected mechanical perturbation follow a stereotypical sequence of short-,
and long-latency responses [31-33,62]. The spinally-mediated short-latency responses are
largely absent in reactive balance recovery in the support surface translations used here [14-
17,36,41], and are insufficient to recover balance on their own [27]. In contrast, long-latency
responses require the brainstem [8,9,12,63], and are capable of restoring balance [14-
16,28,32,55,64-66]. Two components of long-latency muscle activity (LLR1, LLR2) have been
identified in both the upper [31,33,62] and lower limb [32,33], with the first being more brain-
stem mediated (LLR1) and the second being more cortically-mediated (LLR2) [11,21,62]. As
such we modeled balance-correcting muscle activity by hierarchical sensorimotor feedback
circuits processing balance-error signals at two different loop delays and thresholds. Here we
provide the first evidence that the later cortically-mediated burst of muscle activity (LLR2)
appears at individual-specific difficulty levels, potentially once the earlier subcortically-medi-
ated activity (LLR1) becomes inadequate. The first burst was present at all perturbation magni-
tudes and remained less affected by perturbation magnitude while the second, presumably
cortically mediated, burst increased markedly with increasing balance challenge. While we
have not previously seen these second bursts consistently in young adults, our prior study of
older adults and individuals with Parkinson’s disease frequently exhibited second bursts that
could not be accounted for by a single sensorimotor loop [17]. Our revised neuromechanical
model explicitly tested the hypothesis that brainstem and cortical circuits process similar sen-
sory information, resulting in two sequential bursts of muscle activity that are both shaped by
CoM acceleration signals. In contrast, our prior model with a single delay was insufficient to
reproduce muscle activity, particularly at the largest perturbation levels. Here we show that the
second burst of activity is primarily driven by CoM acceleration feedback, similarly to the ini-
tial burst of muscle activity [28] further corroborating that similar sensorimotor transforma-
tions for balance control may occur in parallel at the cortical and subcortical levels. LLRs are
not governed by a single neural substrate, but rather reflect input from multiple neural genera-
tors that have inherently different delays, rely on different sensory modalities, and can be mod-
ulated independently from one another [33,67]. The engagement of cortical circuits as balance
challenge increases suggest that the subcortically mediated response may be insufficient to
counteract the perturbation and therefore additional, cortically mediate muscle activity is
needed in order to adequately respond to the perturbation. It remains to be seen whether the
model also explains the second burst of muscle activity seen in older adults with and without
Parkinson’s disease who are at higher risk for falls [17].

In contrast to our prior studies using a superset of these data [41,54], we did not find scaling
of N1 or P activity with perturbation magnitude in the data analyzed here. The lack of scaling
of cortical activity likely arises due to the more selective dataset used here. We excluded trials
in which participants took a step thereby removing 2 participants from analysis at the largest
perturbation magnitude. Additionally, some participants were excluded from this analysis due
to a lack of kinematic or EMG data which precludes SRM analysis but would not have affected
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previous studies on this dataset. Furthermore, while the effect of perturbation magnitude was
significant in these previous studies, it explained only a small fraction of the overall variance,
and this effect was driven by a subset of individuals [34]. Therefore, our removal of individuals
likely resulted in the effect of perturbation intensity no longer being significant. Additionally,
the lack of scaling of N1 and B power with perturbation magnitude compared to our prior
studies [41,54] may also have resulted from the more rigorous EEG preprocessing pipeline
used here. We observed smaller N1 amplitudes than those reported previously because of the
average referencing method used here vs. mastoid electrode reference (TP9/TP10) used previ-
ously [54]. Removal of muscle and motion artifacts via AMICA (Fig 2) decreased the power in
the B frequency range for each time bin assessed here, for the 150-250ms time bin median
(IQR) decrease in beta power was 8% (51%), for the 250-500ms time bin median (IQR)
decrease in beta power was 58% (119%). This suggests that the presence of muscle and motion
artifacts may have led to an overestimation of 8 in our previously published results on B scaling
with perturbation magnitude [41]. The lower  power observed here could be due to the
removal of muscle artifacts that include substantial power in the p range [68-70]. Additionally,
the low number of trials for each condition may result in the effect of perturbation magnitude
not being observed.

The timing and temporal features of cortical activity evoked during balance perturbations
are consistent with their potential role in driving the second burst of muscle activity. Perturba-
tion evoked cortical N1 and J activity are observed at a similar latency as the initial burst of
balance correcting muscle activity, thus these signals cannot drive the initial, presumed sub-
cortical, burst of muscle activity (LLR1). The N1 is larger on trials requiring stepping response
[36,71], however, it has yet to be demonstrated whether cortical N1 drives this subsequent
motor behavior. Our results show that similar to muscle activity, the cortical N1 and f activity
may also be driven by CoM acceleration signals. The lower reconstruction accuracy of B power
compared to N1 likely results from the the reduced temporal resolution that occurs from the
time-frequency analysis necessary to calculate beta power. Cortical N1 and the increase in
power occur early enough to drive the second, presumed cortically-mediated burst of muscle
activity (LLR2). Nevertheless, we always observed perturbation evoked cortical N1 and an
increase in B power, even at the lowest perturbation magnitude when the second, presumed
cortically-mediated burst was often absent. Therefore, the cortex may receive ascending sen-
sory information encoding balance error but may not always generate a balance-correcting
muscle response until the level of balance challenge is sufficiently high. This coupled with the
lack of increase in EEG activity between perturbation magnitudes may suggest that these corti-
cal signatures play a primary role in detecting balance error, which could initiate a separate
mechanism that gates descending cortical contributions to balance correcting muscle activity.

Our findings align with the concept of the N1 acting as an "alarm signal" that triggers down-
stream effects that may influence behavior, similar to the proposed role of the cognitive error-
related negativity (ERN) [72,73]. The perturbation evoked cortical N1 is thought to be an error
assessment signal [35,74] as it exhibits increased amplitude in conditions of heightened threat
[75] and is absent when perturbations are predictable [38]. Additionally, N1 tends to be larger
in individuals with worse balance [54]. These findings collectively suggest that the balance N1
is not solely linked to sensory integration but likely serves as an indicator of error detection
and may share a common underlying mechanism with cognitive ERN [35,74]. However, the
perturbation evoked cortical N1 may be more capable of testing relationships between error
detection and subsequent behavior than the cognitive ERN as it occurs in a more naturalistic
behavior with potentially severe consequences associated with task failure [73]. The cortical
N1 has been localized to the supplementary motor area (SMA) [71,76,77] making it a prime
contender sprimary motor cortex [78], prefrontal cortex [78,79] as well as connections with
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brainstem structures [80]. SMA plays a crucial role in action monitoring and may initiate
downstream activity in other neural structures [81] and is heavily implicated in self-initiated
movements [82], motor planning and execution [83,84], response inhibition [85], and action
sequencing [83,84,86]. Therefore, it is conceivable that N1 may initiate a cascading effect lead-
ing to cortical contributions to reactive balance, given that N1 is consistently observed across
all magnitudes, whereas cortical contributions to balance-correcting muscle activity are not
present until the level of balance challenge is sufficiently high.

Our hierarchical neuromechanical model may be useful in rehabilitation applications due
to its ability to quantify increased cortical engagement in balance control without need for
direct measurement of brain activity. Our ability to decompose balance correcting muscle
activity into subcortical and cortical components may allow for our hSRM model to be used as
a tool to index shifts in hierarchical motor control. Evidence suggests that as balance health
declines, balance control progressively shifts to be more cortically mediated [11,18-23]. How-
ever, the engagement of cortical resources is typically assessed behaviorally, or with cortical
blood flow measures [87] that follow neural activity, with both focused primarily on prefrontal
contributions to balance. In contrast, assessment of the second burst of muscle activity may
provide an index of the cortical contributions to balance control that occur prior to significant
prefrontal engagement [45]. Following this logic, it is feasible that the availability of both corti-
cal and subcortical resources have already been compromised by the time of prefrontal engage-
ment, and/or an individual’s first fall [88-91]. Reactive balance responses could therefore be
used to assess individual differences in cortical control of balance, tune the level of difficulty to
optimize rehabilitation training [92,93].
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