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A B S T R A C T

Maintaining balance is a complex process requiring multisensory processing and coordinated muscle activation.
Previous studies have indicated that the cortex is directly involved in balance control, but less information is
known about cortical flow of signals for balance. We studied source-localized electrocortical effective connectivity
dynamics of healthy young subjects (29 subjects: 14 male and 15 female) walking and standing with both visual
and physical perturbations to their balance. The goal of this study was to quantify differences in group-level
corticomuscular connectivity responses to sensorimotor perturbations during walking and standing. We hy-
pothesized that perturbed visual input during balance would transiently decrease connectivity between occipital
and parietal areas due to disruptive visual input during sensory processing. We also hypothesized that physical
pull perturbations would increase cortical connections to central sensorimotor areas because of higher sensori-
motor integration demands. Our findings show decreased occipito-parietal connectivity during visual rotations
and widespread increases in connectivity during pull perturbations focused on central areas, as expected. We also
found evidence for communication from cortex to muscles during perturbed balance. These results show that
sensorimotor perturbations to balance alter cortical networks and can be quantified using effective connectivity
estimation.
1. Introduction

In real world scenarios, humans frequently make postural adjust-
ments to avoid losing balance. Such adjustments necessitate precise co-
ordination between sensory input, cognitive processing, and motor
control (Macpherson and Horak, 2012). Despite the cortex's involvement
in maintaining balance (Bolton, 2015), our current understanding of
real-world human cortical activity during balance perturbations remains
limited (Varghese et al., 2017). Stationary recordings and low temporal
resolution have limited traditional neuroimaging methods, such as
functional magnetic resonance imaging (fMRI) and functional
near-infrared spectroscopy (fNIRS). In contrast, high-density, source-lo-
calized electroencephalography (EEG) is a promising method to assess
human cortical dynamics during balance because of its high temporal
resolution and portability (Gramann et al., 2014, 2011). While EEG can
be limited by low spatial resolution and artifact contamination (Mac-
pherson and Horak, 2012), blind-source separation techniques such as
independent component analysis can separate out cortical activity from
artifacts, leading to enhanced spatial resolution and reduced artifact
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2012).

Because a response to perturbed balance involves coordination
amongst multiple sensory systems, it is important to study the flow of
information across the multiple cortical areas that process and integrate
these senses. Balance control involves sensory inputs from visual,
vestibular, and proprioceptive sensory systems (Macpherson and Horak,
2012), and damage to any of them can seriously impair balance (Collings
et al., 2015; Janssens et al., 2013; Nuti et al., 2016). A quantitative
measure of the cortical networks involved in this multisensory integra-
tion during perturbed balance responses could be useful for assessing the
effects of aging on balance and could also help assess the severity of
motor impairments such as freezing of gait, which has been linked to
sensory cues (Hallett, 2008). In addition, the cortex appears to dynami-
cally weight information based on its utility for the current task (Hwang
et al., 2014; Oie et al., 2002), which is known as sensory reweighting.
EEG studies have identified several sensorimotor cortical regions with
increased activity during perturbed balance (Sipp et al., 2013; Slobounov
et al., 2009), along with evidence that cortical information flow is
95-1800, USA.
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Fig. 1. Sketch of the two perturbation types. During the experiment, subjects
were physically or visually perturbed while either walking or standing on a
treadmill-mounted balance beam. During the rotation perturbations (left), sub-
jects wore a virtual reality headset and had their field of view briefly rotated 20�

clockwise or counterclockwise. Pull perturbations (right) involved a brief,
mediolateral tug at the subject's waist. Colored dots denote approximate EMG
placements at 8 lower leg muscles: left tibialis anterior (pink), left peroneus
longus (orange), left medial gastrocnemius (blue), left soleus (red), right tibialis
anterior (yellow), right peroneus longus (purple), right medial gastrocnemius
(green) and right soleus (cyan).
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modulated by such perturbations (Varghese, 2016). Connectivity anal-
ysis using Granger causality can be used to quantify this information flow
amongst sources, assessing directional information flow because of EEG's
high temporal resolution (Blinowska, 2011). Such connectivity analyses
can use source-localized EEG components, which are less susceptible to
motion artifact and volume conduction than channel data (Brunner et al.,
2016; Snyder et al., 2015). Using connectivity analyses, studies have
uncovered altered cortical information flow patterns across various
motor tasks (Kline et al., 2016; Rowe et al., 2002) and due to motor
impairments (Liu et al., 2016; Shine et al., 2013). Connectivity analysis of
cortical information flow during balance perturbations can enhance our
understanding of how the human cortex integrates multisensory infor-
mation and generates an appropriate postural response.

Previous studies have shown that cortico-cortical and cortico-
muscular connectivity patterns change between motor tasks and when
balance is perturbed. Cortico-cortical connectivity increases during
standing compared to treadmill walking, but decreases during standing
when performing a cognitive task, suggesting increased attention during
stationary balance control compared to walking (Lau et al., 2014). For
expected and unexpected balance perturbations, connectivity response
patterns were found to be similar, although connectivity strengths were
higher during unexpected perturbations (Varghese, 2016). Another study
showed that balance perturbation connection patterns differed across
frequency bands, with a theta network (5–7Hz) in fronto-centro-parietal
cortical regions and an alpha network (9–11Hz) in occipito-parietal
areas (Mierau et al., 2017). This indicates that analyzing connectivity
across frequencies may be particularly useful when analyzing connec-
tivity patterns. In addition to cortico-cortical connections, multiple
studies have found evidence for corticomuscular connectivity during gait
(Artoni et al., 2017; Petersen et al., 2012; Roeder et al., 2018). For per-
turbed balance responses, subcortical areas have been thought to pri-
marily drive the postural response (Jacobs and Horak, 2007), but it is
unclear if cortical areas are directly involved in muscle responses. While
balance perturbations may involve fewer anticipatory balance responses
compared to gait, similar connectivity patterns between unexpected and
expected balance perturbations were seen by Varghese (2016). In gen-
eral, many aspects of connectivity during perturbed balance remain un-
explored (Varghese et al., 2017), especially when analyzing
source-localized EEG.

The purpose of this study was to quantify differences in cortical and
muscular connectivity patterns to brief sensorimotor perturbations that
challenged postural control during walking and standing. For balance
perturbations, we used a 20-degree field-of-view rotation or a pull at the
waist. We hypothesized that this rotation perturbation would transiently
decrease connectivity between occipital and parietal areas compared to
baseline, due to disruptive visual information negatively influencing
stability. Such decreased connectivity would provide evidence for sen-
sory reweighting during the rotation perturbations. We also hypothe-
sized increased perturbation-evoked connectivity in central sensorimotor
cortical areas during pull perturbations, as more sensorimotor integra-
tion and attention is needed. This is supported by previous perturbation-
evoked EEG activity being located to central cortical areas (Sipp et al.,
2013; Varghese et al., 2014). Additionally, we performed connectivity
analysis across two frequency bands and expected that it might provide
extra information not seen in time-domain connectivity analysis, similar
to the differences between time-frequency and time-domain spectral
power analyses of cortical sources (Peterson and Ferris, 2018a).

2. Materials and methods

We tested 30 healthy, young adults [15 females and 15 males, age
22.5� 4.8 years (mean� SD {standard deviation})]. We discarded one
male subject's data in post-processing. All subjects identified themselves
as right hand and right foot dominant, with normal or corrected vision.
We screened subjects for neurological, orthopedic, or cardiac conditions
and injuries. All subjects provided written informed consent. The
94
University of Michigan Health Sciences and Behavioral Sciences Insti-
tutional Review Board approved our protocol for the protection of human
subjects. Prior to testing, we prescreened all subjects for motion sickness
in virtual reality.

During the experiment, subjects either walked at 0.22m/s or stood on
a 2.5 cm tall by 12.7 cm wide balance beam mounted to a treadmill. The
beam was only wide enough for one foot to enforce tandem gait and
tandem stance. Subjects wore a body-support harness for safety, with
extended support straps to allow unrestricted mediolateral movement.
We instructed subjects to look straight ahead and avoid looking down at
their feet. We also instructed subjects to cross their arms to increase the
difficulty of the task and to decrease inter-subject variability because
there is no variation in arm movement. Subjects were also told to walk
heel-to-toe and move their hips side-to-side to balance, avoiding rota-
tions across their body's longitudinal axis. These instructions align with
previous treadmill balance beam walking studies (Domingo and Ferris,
2010, 2009; Sipp et al., 2013).

We presented subjects with two types of sensorimotor perturbations:
a side-to-side pull at the waist and a 20-degree field-of-view rotation
(Fig. 1). The side-to-side pull was performed using rotational motors on
either side of the subject. During perturbation onset, one motor rotated a
bar away from the subject. This bar was fixed to a wire attached to the
subject, pulling the subject mediolaterally to one side. The perturbation
lasted for 1 s before the motor rotated back to its starting position. We
used tensile load cells in series with the wire connected to the subject in
order to determine the pull perturbation onsets. The field-of-view rota-
tion was performed using a virtual reality headset (Oculus Rift DK2,
Oculus, Redmond, WA) with an attached webcam (Logitech c930e,
Logitech, Lausanne, Switzerland). The webcam view was displayed on
the virtual reality headset, providing subjects a pass-through virtual re-
ality experience. We performed perturbations by digitally rotating the
virtual reality view 20� clockwise or counterclockwise. This rotation
occurred immediately from 0 to 20�, lasting for a half second before the
virtual reality view returned to its starting position. Subjects were
exposed to one perturbation type while either tandemwalking or tandem
standing on the balance beam. The two perturbation types (pulls, rota-
tions) and two physical tasks (walking, standing) resulted in four



S.M. Peterson, D.P. Ferris NeuroImage 198 (2019) 93–103
conditions. Each condition lasted 10min, and subjects experienced 150
perturbations (75 per side, randomized). Perturbation timings were
randomly spaced 4.0� 0.6 s (mean� SD) apart for all 4 conditions.

We recorded 136-channel EEG (BioSemi Active II, BioSemi, Amster-
dam, NL) and 8 lower-leg electromyography (EMG) channels (Vicon, Los
Angeles, CA). EEG was sampled at 512 Hz and synced with visual per-
turbations using Lab Streaming Layer (Delorme et al., 2011). EEG elec-
trode positions were determined using a Zebris ELPOS digitizer (Zebris
Medical GmbH, Isny, Germany). We recorded EMG from 4 lower leg
muscles on each leg: tibialis anterior, soleus, medial gastrocnemius, and
peroneus longus (Biometrics, Ladysmith, VA). Fig. 1 shows approximate
EMG placements. EMG was sampled at 1000Hz and was recorded with
the load cell data. We synchronized the EMG and EEG data using a 0.5 Hz
square wave. To determine pull perturbation onsets, we detrended the
load cell data (LCM703, OMEGA Engineering, INC., Norwalk, CT) and
used a 3-standard deviation threshold from baseline activity that was
visually inspected.

We used custom EEGLAB 13.5.4b scripts to process the EEG data
(Delorme and Makeig, 2004), as shown in Fig. 2. EEG data was down-
sampled to 256Hz, high-pass filtered at 1 Hz, merged across all condi-
tions, and referenced to the median channel value for each timepoint. We
reduced 60 Hz line noise using the EEGLAB Cleanline plugin (Mullen,
2014). We rejected bad channels that had abnormally high standard
deviation, had kurtosis above 5 standard deviations, or were uncorre-
lated from all other channels (r< 0.4) for more than 1% of the total time
(Peterson and Ferris, 2018a). We retained 111� 7 channels (mean� SD)
across all subjects. These remaining channels were further denoised. We
removed large mechanical artifacts using artifact subspace reconstruc-
tion (Mullen et al., 2013), setting a threshold of 20 standard deviations
(Artoni et al., 2017). We also performed selective low-pass filtering by
combining ensemble empirical mode decomposition (Al-Subari et al.,
2015; Wu and Huang, 2009) and canonical correlation analysis (Hotel-
ling, 1936). This targeted large high-frequency activity with low auto-
correlation, such as muscle activity and line noise (Safieddine et al.,
2012), to limit the influence of such artifacts on the independent
component analysis decompositions. See Peterson et al. (2018) for
further details. We then performed a common average reference and
interpolated the rejected channels to maintain a consistent head
montage.

We performed adaptive mixture independent component analysis
Fig. 2. Schematic of processing pipeline. The EEG (green) and EMG (red) prepr
tion (blue).
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(Palmer et al., 2008, 2006), reducing down to 80 principal components
prior to independent component analysis to keep the data at full rank. We
performed dipole fitting on each resulting independent component, only
retaining components that were well fit by the model (residual model
variance <15%). We visually inspected the remaining dipoles, removing
components contaminated with muscle artifact, eye movements, and line
noise based on power spectra and dipole location. The final cortical
components were pooled across all subjects and grouped with k-means
clustering. We retained clusters containing more than half of the subjects
(>15), resulting in the 8 cortical clusters (Fig. 3). One subject with di-
poles in only 2 clusters was removed to avoid underfitting the model for
connectivity estimation later on. Cortical clusters were left occipital (18
subjects), right occipital (16 subjects), left sensorimotor (23 subjects),
anterior cingulate (16 subjects), right sensorimotor (22 subjects), pos-
terior parietal (22 subjects), supplementary motor area (26 subjects), and
anterior parietal (18 subjects). If a subject had multiple dipoles in one
cluster, we retained the dipole with the largest variance. This resulted in
5.6� 1.8 cortical dipoles per subject (mean� SD). We split the data into
epochs of �1 to 2 s, centered around perturbation onset, resulting in
146� 1 epochs for stand pull, 145� 5 epochs for walk pull, 144� 9
epochs for stand rotate, and 146� 1 epochs for walk rotate (mean� SD).
We discarded epochs when either EEG or EMG data had a gap in
recording. No other epoch rejection was performed.

We also included data from the 8 lower leg EMG electrodes in our
connectivity analysis. EMG data was 1 Hz high-pass filtered and full-
wave rectified as has been done previously (Gwin and Ferris, 2012;
Raez et al., 2006). We then downsampled EEG and EMG data to 128 Hz
and synchronized them together, using epochs of �1 to 2 s, centered
around perturbation onset. Every subject had data from all 8 muscles,
increasing each subject's number of corticomuscular signals for connec-
tivity analysis by 8.

We used the source information flow toolbox (SIFT) to fit a multi-
variate autoregressive model to each subject's data (Delorme et al.,
2011). We used a sliding window of 400ms with step size of 20ms. For
each subject's autoregressive model, we selected a model order of 32,
which provided a frequency resolution of 4 Hz (Cohen, 2014). To check if
the models were overfitting the data, we also performed connectivity
estimation using model orders of 9, based on the minimum
Hannan-Quinn information criteria rounded up to the nearest integer
model order when looking at lower model orders between 1 and 15.
ocessing steps are shown, along with the corticomuscular connectivity estima-



Fig. 3. Cortical cluster locations. Cortical dipole locations for all 29 subjects are shown after retaining at most one dipole per cluster per subject. Dipoles are colored
according to the 8 identified cortical clusters: left occipital (pink), right occipital (orange), posterior parietal (blue), anterior parietal (red), left sensorimotor (yellow),
right sensorimotor (purple), supplementary motor area (green), and anterior cingulate (cyan). Large dots denote each cluster centroid.
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However, we selected a model order of 32 for our main analysis to
achieve the necessary spectral resolution of 4 Hz. We then correlated the
cortical connectivity results from the high and low order models for each
subject. We also plotted the multiple information criteria (Lütkepohl,
2007b) across subject models for model order from 1 to 40. We validated
our high-order fitted model using tests in SIFT for consistency, stability,
and whiteness of residuals. Consistency was determined by simulating
data from themodel and calculating the Euclidean norm between the real
and simulated data correlation matrices (Ding et al., 2000a). These
values range from 0 to 100%. Higher consistency indicates that the model
adequately captures the correlation structure of the real data. Stability
was determined checking the logarithm of the largest eigenvalue of the
model coefficient matrix (Ding et al., 2000b). For negative values, the
model is considered stable and the results are stationary across time.
Whiteness of residuals was tested using an autocorrelation function test
with confidence intervals, where the final value indicates the probability
that the data is white. This value ranges from 0 to 1 and should be as high
as possible to increase the confidence that the residuals are truly white. If
the residuals are not white, then this would indicate that there is still
some correlation structure in the data that is not captured by the model
(Lütkepohl, 2007b).

Next, we estimated connectivity using direct directed transfer function
(dDTF). Directed transfer function can be considered an extension of
Granger causality (Granger, 1969; Kami�nski et al., 2001) that can deter-
mine directed multichannel information flow. To minimize the effects of
indirect connections, dDTF involves multiplying full frequency directed
transfer function by partial coherence, which is sensitive to only direct
connections (Korzeniewska et al., 2003). We chose dDTF to quantify
connectivity based on its robust performance and ability to ignore indirect
connections (Astolfi et al., 2007; H€oller et al., 2017; Peterson and Ferris,
2018b). We calculated dDTF across 30 logarithmically-spaced frequency
bins ranging from 4 to 50Hz and 244 linearly-spaced time bins from
�1.4–2.4 s, with perturbation onset at 0 s. After connectivity estimation,
we focused on �0.5–1.5 s. To minimize false positive connectivity values,
we applied phase randomization statistics to each subject's dDTF con-
nectivity results (Theiler et al., 1992), using 200 samples per subject and
setting non-significant differences to 0. This was done separately for each
subject. For each surrogate sample, the input data's phase is randomized,
and then model fitting and connectivity estimation are performed,
creating a null distribution. Within each subject, the connectivity results
with non-randomized phase can be compared with the phase-randomized
null distribution to determine how likely they reflect true connectivity.
After phase randomization, we took the median dDTF value across sub-
jects at each time-frequency point at each connection, including only the
subjects that had each connection. We used the median to avoid a single
subject from skewing the results. This is similar to the region of interest
analysis used by Artoni et al. (2017).
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In addition to dDTF, we also computed spectral density for each
subject's autoregressive model, using phase randomized surrogate sta-
tistics and then averaging across subjects. We applied bootstrap statistics
(200 samples) to determine significantly different connectivity from the
half second of activity prior to perturbation onset (Efron and Tibshirani,
1993). This half-second of baseline activity was subtracted off and all
non-significant differences from baseline were set to 0. We then plotted
the resulting spectral density time-frequency maps, known as
event-related spectral perturbation (ERSP) plots. Note that our ERSPs use
model-fitted results instead of the data directly. We generated ERSPs
across cortical clusters for both perturbation types. We also plotted ERSPs
for the 8 lower leg muscles during the pull perturbations only. We
focused only on the 2 pull perturbation conditions for muscle activity due
to the rotations having minimal perturbation-evoked intermuscular
connectivity, which matches our previous findings (Peterson and Ferris,
2018a).

We split our estimated connectivity results into baseline and even-
related components, similar to EEG spectral power analyses. This
assessed the same connectivity results in two different ways to tease apart
baseline effects from each condition and perturbation-specific, event-
related effects. Baseline connectivity was averaged from �0.5–1.5 s
around perturbation onset. We further averaged these values across pre-
defined frequency bands: theta (4–8Hz), alpha (8–13 Hz), and all
(4–50Hz). These average values were then averaged up for each
connection, with self-connections discarded. We then performed two-
way ANOVA tests across subjects for each connection, analyzing the ef-
fects of physical task (standing v. walking) and perturbation type (pull v.
rotation). P-values were corrected for multiple comparisons using false
discovery rate (Benjamini and Yekutieli, 2001).

To obtain event-related connectivity, we performed the same half-
second baseline subtraction and bootstrap statistics as was done for the
ERSPs. For corticomuscular connectivity, we added extra bootstrap sig-
nificance masking for non-significant differences between cortex-to-
muscle and muscle-to-cortex in corresponding connections. However,
we do not show the connectivity time-frequency plots here because we
had 240 connections and 4 conditions. Instead, average event-related
connectivity during the 1 s following perturbation onset is visualized
using chord diagrams, averaged into theta (4–8 Hz) and alpha (8–13Hz)
frequency bands (see Fig. S1 for an example chord diagram). Chord di-
agrams have been previously used to visualize connectivity (Caldwell
et al., 2017; Gu et al., 2014). For each averaged connection, we per-
formed a t-test across subjects (p< 0.05) to determine which connections
were consistently above or below 0 and grayed out the non-significant
connections on the chord diagrams. Similar to the ERSPs, we focused
only on the pull perturbation conditions for intermuscular and cortico-
muscular connectivity. All statistical tests and chord diagrams were
computed in R (R Core Team, 2017).



Table 1
Model fitting results.

Stand Pull Walk Pull Stand
Rotate

Walk
Rotate

Parameter to datapoint
ratio

0.80 (0.21) 0.88 (0.38) 0.82 (0.24) 0.80 (0.21)

Residual whiteness
likelihood

0.91 (0.01) 0.90 (0.01) 0.91 (0.01) 0.90 (0.01)

Consistency (%) 49.4 (2.4) 43.9 (4.9) 49.9 (2.9) 49.5 (2.9)
Stability index �0.15

(0.00)
�0.15
(0.01)

�0.15
(0.00)

�0.15
(0.00)

Average validation results from model fitting are shown for all 4 conditions, with
standard deviation in parentheses. We fixed the model order at 32 for all models
to allow for appropriate frequency resolution down to 4 Hz. Residual whiteness
was tested using the autocorrelation function test for significance. Consistency
indicates how well the model can generate data that correlates to the original
data, with 100% being a perfect match. Stability index looks at how stationary
the model is across time. The model can be considered stable if the stability index
is less than 0.
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We also wanted to quantify how the number of connections between
cortical areas varies with the number of subjects available, which could be
useful in determining the optimal number of subjects needed for similar
connectivity analyses. Group connectivity analysis can be challenging
because the number of connections scales quadratically with the number
of independent components available. Because independent component
analysis is data-driven, it can be challenging to determine the relationship
between number of samples per connection and number of subjects. To
assess this on our data, we performed 200 bootstrap samples of our 29
subjects for subject numbers ranging from 1 to 29. We then performed a
quadratic fit on the maximum, mean, and minimum number of samples
across all edges using a least squares model in R (R Core Team, 2017).

3. Results

3.1. Model validation

Our model validation metrics indicate that the multivariate
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autoregressive models for each condition fits its respective subject's data
reasonably well (Table 1). The model order for all conditions was set to
32 to obtain frequency resolution down to 4 Hz. When we compared each
subject's estimated cortico-cortical connectivity to a lower model order
(9), we obtained a correlation coefficient of 0.86� 0.32 (mean� SD).
The subject-averaged connectivity patterns were also visually similar for
both model orders. This suggests that a model order of 32 did not notably
overfit the data, despite a consistent parameter to datapoint ratio over
0.8 across subjects and conditions, which was above the target value of
0.1 to avoid overfitting. Additionally, all information criteria measures
we used decreased for a model order of 32 compared to lower model
orders (Fig. S2), suggesting that 32 was a reasonable model order. The
residual whiteness likelihood was 0.905 on average for all subjects and
conditions, indicating that there is an 9.5% chance that the residuals are
not white. While this would ideally be 95% or higher, this likelihood did
not increase with higher model orders, indicating that this is a reasonable
model order. Consistency was ~44–50% across conditions, likely indi-
cating that there is still some variance in the data that the model does not
capture. However, all conditions had model stability index values below
0, indicating that all models were stable.

We also tested the effect of artifact subspace reconstruction, finding
minimal impact on connectivity estimation. Despite not affecting con-
nectivity estimation at similar thresholds in other studies (Artoni et al.,
2017; Chang et al., 2018), artifact subspace reconstruction has unclear
effects that may change based on the data used. We computed connec-
tivity on 2 subjects without using artifact subspace reconstruction, using
a 1mV threshold to remove bad trials. We used the same independent
component weights and model order (32) to facilitate a straightforward
comparison. For each cortico-cortical connection, we computed corre-
lation between estimated dDTF with artifact subspace reconstruction
and without. EMG was not processed with artifact subspace recon-
struction, so we focused on cortico-cortical connections only.
Cortico-cortical correlation values between the 2 subjects with and
without artifact subspace reconstruction were 0.99� 0.00 (mean� SD).
Based on this, artifact subspace reconstruction did not appear to affect
our connectivity results.
Fig. 4. Cortical event-related spectral perturba-
tions (ERSPs) to visual rotations. EEG spectral
power modulations to rotation perturbations are
shown during standing and walking conditions. Re-
sults were generated from the fitted models for each
subject, instead of averaging across trials. We sub-
tracted out baseline activity during the half-second
before perturbation onset. Red indicates increased
spectral power compared to baseline, known as syn-
chronization, while blue reflects a decrease in spectral
power relative to baseline, known as desynchroniza-
tion. We set non-significant differences from baseline
to 0 (p> 0.05). Vertical dashed lines indicate pertur-
bation onset at 0 s and offset at 0.5 s. We found
distinct spectral patterns in theta (4–8 Hz), alpha
(8–13 Hz), and low gamma (30–50 Hz), primarily in
occipital and posterior parietal areas.



Fig. 5. Cortical event-related spectral perturba-
tions (ERSPs) to physical pulls. EEG spectral power
modulations to pull perturbations are displayed dur-
ing standing and walking conditions using fitted
models for each subject. We subtracted out the half-
second before perturbation onset as a baseline. Red
indicates increased spectral power compared to
baseline, or synchronization, while blue reflects
decreased spectral power relative to baseline, or
desynchronization. We zeroed out all non-significant
differences from baseline (p> 0.05). Vertical dashed
lines indicate perturbation onset at 0 s and offset at
1 s. We found similar synchronization/desynchroni-
zation patterns to the visual perturbations, but pri-
marily located in central motor areas.
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3.2. Perturbation-evoked spectral power

Cortical ERSPs showed consistent patterns of theta (4–8 Hz) syn-
chronization followed by alpha/beta (8–30Hz) desynchronization, along
with variations in low gamma power (30–50Hz). This pattern occurred
in left/right occipital and posterior parietal areas for visual rotations
(Fig. 4), but occurred in anterior parietal, left/right sensorimotor,
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supplementary motor area, and anterior cingulate for pull perturbations
(Fig. 5). For both perturbation types, ERSPs visually appear to be stronger
during standing compared to walking, indicating a difference in senso-
rimotor processing between the two physical tasks.

For the lower leg muscles, we found a 4–13 Hz power increase
following pull perturbation onset, along with a brief 20–50Hz power
decrease (Fig. 6). The low-frequency power increase during standing
Fig. 6. Muscular event-related spectral perturba-
tions (ERSPs) to physical pulls. Lower leg EMG
spectral power fluctuations to pull perturbations are
shown during standing and walking conditions, after
averaging fitted model results across subjects. We
subtracted out the half-second before perturbation
onset as a baseline. Red indicates an increase in
spectral power compared to baseline, while blue re-
flects decreased spectral power relative to baseline.
We zeroed out any non-significant differences from
baseline (p> 0.05). Vertical dashed lines indicate
perturbation onset at 0 s and offset at 1 s. EMG ERSPs
show increased magnitude from walking to standing
across all muscles recorded from, particularly for both
medial gastrocnemius muscles.



Fig. 7. Baseline connectivity results. Plots show mean baseline (A) cortical,
(B) muscular, and (C) corticomuscular connectivity with standard error bars.
Results were assessed using a two-way ANOVA with false discovery rate
correction for multiple comparisons (# means significant effect of (A) pertur-
bation, (B) inter/intra-leg, or (C) corticomuscular connectivity direction; y in-
dicates significant effect of physical task, p< 0.05). Asterisk in (B) indicates
significant difference (p< 0.05, with false discovery rate correction) in inter-leg
muscular connectivity between stand pull and walk pull conditions. Cortical
alpha connectivity significantly decreased during walking compared to standing,
inter-leg muscular connectivity significantly increased during standing
compared to walking, and baseline cortex-to-muscle connectivity was signifi-
cantly increased compared with muscle-to-cortex connectivity.
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persisted throughout the 1.5 s after perturbation onset. Similar to the
cortical ERSPs, spectral fluctuations during standing appeared visually
stronger compared to walking.

3.3. Baseline connectivity

Baseline connectivity during standing conditions showed increased
cortico-cortical alpha connectivity (8–13 Hz) and intermuscular con-
nectivity between legs (inter-leg) compared with walking (Fig. 7A). For
cortico-cortical connections, we found significant effects of physical task
for both alpha and all (4–50Hz) frequency bands (p¼ 2.0e-7 and 0.02,
respectively), reflecting increased connectivity during standing
compared to walking. Alpha band connectivity also had a significant
effect of perturbation type, with connectivity during pull perturbation
increased compared to rotations. This effect was not seen in the theta and
all frequency bands, illustrating the utility of splitting up connectivity
results into separate frequency bands. For intermuscular connectivity
(Fig. 7B), we found a significant effect of intra-leg vs. inter-leg connec-
tivity for theta (4–8 Hz), alpha, and all frequency bands during pull
perturbations (p¼ 5.8e-10, 5.5e-11, and 2.7e-10, respectively), with
intra-leg connectivity strength consistently increased in magnitude
compared to inter-leg. We expected that muscles within each leg would
coordinate more than muscles between legs. Using a t-test comparison,
we found a significant (p< 0.05, false discovery rate correction) increase
in all inter-leg connectivity frequency band strengths during standing
compared to walking (p¼ 1.1e-6, 5.6e-8, and 1.1e-6, respectively). In
contrast, we found no significant differences in intra-leg connectivity
strengths between standing and walking (theta: p¼ 0.30, alpha:
p¼ 0.51, all: p¼ 0.30). For baseline corticomuscular connectivity
(Fig. 7C), we found significant effects for all frequency band of physical
task (theta: p¼ 1.1e-19, p¼ 0.04, p¼ 4.2e-19) and directionality (theta:
p¼ 1.4e-33, alpha: p¼ 2.0e-40, all: p¼ 1.2e-61). This reflects an in-
crease in corticomuscular connectivity during walking compared to
standing and a large increase in cortex-to-muscle connectivity compared
to muscle-to-cortex.

3.4. Perturbation-evoked connectivity patterns

For cortico-cortical connectivity, we found that pull perturbations
during standing transiently increased theta connectivity in central motor
areas, while rotation perturbations during standing decreased alpha
connectivity between parietal and occipital areas (Fig. 8). During pull
perturbations while standing, theta connectivity significantly increased
between the supplementary motor area and left/right sensorimotor,
anterior parietal, anterior cingulate, and right occipital areas. Theta
connectivity also increased between left and right sensorimotor areas.
For pull perturbations while standing, supplementary motor area appears
to be a hub of theta connectivity with motor areas. During pull pertur-
bations while walking, most of the significant connections during stance
disappear, except between supplementary motor area and anterior
cingulate. For rotation perturbations while standing, alpha connectivity
significantly decreased following perturbation onset between left occip-
ital and left sensorimotor, right occipital and right sensorimotor, and
anterior parietal and posterior parietal. In all 3 cases, these occipito-
parietal regions are located near each other (see Fig. 3). Similar to the
pull perturbation results, these alpha connectivity decreases while
standing do not appear during walking, indicating that cortical network
activity to sensorimotor perturbations varies based on physical task.

For perturbation-evoked intermuscular connectivity, theta and alpha
connectivity increased following pull perturbation onset (Fig. 9). Similar
to baseline intermuscular connectivity, the perturbation-evoked inter-leg
connectivity pattern appears more pronounced during stance compared
to perturbations while walking. During walking, the significant connec-
tivity increases occurred primarily between peroneus longus and soleus
muscles on either leg. In contrast, all muscles show increased theta and
alpha connectivity during pull perturbations while standing, but with
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visually stronger connections for left leg muscles compared to the right
leg, especially for theta connectivity in left medial gastrocnemius and left
soleus compared to their right leg counterparts.

For perturbation-evoked corticomuscular connectivity, we found
small but significant differences, mostly during standing (Fig. 10). For
pull perturbations during stance, we found several transient increases in
theta connectivity between cortical areas and lower leg muscles. Corti-
comuscular connections into the left medial gastrocnemius were



Fig. 8. Perturbation-evoked cortical con-
nectivity. Chord diagrams show average
cortico-cortical connection strengths during
the 1 s after perturbation onset, after sub-
tracting baseline activity during the half-
second preceding perturbation onset.
Cortical areas are left occipital (LO), right
occipital (RO), posterior parietal (PP), ante-
rior parietal (AP), left sensorimotor (LS),
right sensorimotor (RS), supplementary
motor area (SMA), and anterior cingulate
(ACC). Red connections indicate significantly
increased connectivity from baseline in both
directions, blue ones indicate significantly
decreased connectivity from baseline in both
directions, and magenta ones denote one
direction is significantly increased from
baseline while the other direction is signifi-
cantly decreased. Gray denotes non-
significant connections. Each cortical area's
arc segment is scaled from 0 to 12e-4. Alpha
connectivity during stand rotate was
decreased between nearby occipital (LO, RO,
PP) and parietal (LS, RS, AP) areas. In stand
pull, supplementary motor area was a hub of
theta connectivity, with significant bidirec-
tional connections between it and LS, AP,
ACC, RS, and RO. The SMA and ACC
connection persists during walk pull, but
otherwise walking conditions have minimal
similarities to the stand conditions.
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particularly prominent compared to connections into the right medial
gastrocnemius, with left medial gastrocnemius receiving connections
from anterior cingulate, anterior parietal, and right occipital areas. Alpha
connectivity during stance showed multiple significant decreases in
corticomuscular connectivity compared to baseline from left occipital,
posterior parietal, right sensorimotor, and anterior cingulate to left per-
oneus longus and from left sensorimotor to right medial gastrocnemius.
Similar to cortico-cortical and intermuscular connectivity, event-related
corticomuscular connectivity during walking was decreased compared
to standing.
3.5. The impact of subject number on samples per connection

We found a predominantly linear relationship between number of
samples per connection and number of subjects (Fig. S3). All quadratic
best fit equations for the minimum, average, and maximum samples per
connection were dominated by a significant linear term (Table S1). The
average equation indicated that adding 2 subjects increased the average
samples per connection by 1. This ratio likely differs across experiments
due to factors such as experimental paradigm and quality of recordings.
This linear trend indicates that source-space connectivity analyses can be
performed with a reasonable number of subjects (e.g. ~20).

4. Discussion

We performed source-localized cortical and muscular connectivity
analysis during sensorimotor perturbations that challenged balance,
finding evidence for altered weighting of sensory information during
cortical processing and directed corticomuscular connections during
perturbed balance. Visual rotations during tandem standing notably
decreased cortico-cortical alpha connectivity (8–13Hz) between occipi-
tal and parietal areas, which supports our first hypothesis. In addition,
pull perturbations while tandem standing increased theta (4–8 Hz) con-
nectivity between supplementary motor area and central motor areas, as
hypothesized, which may reflect increased sensorimotor processing and
attention. We found significant directional corticomuscular connectivity,
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along with potential evidence of direct cortical influence on the muscular
response to pull perturbations. Also, dividing baseline connectivity re-
sults into theta and alpha frequency bands provided more information
than averaging across all frequencies, especially when assessing alpha
connectivity.
4.1. Cortical spectral power and connectivity

We found similar cortical spectral fluctuation patterns following both
perturbation types but localized in different cortical areas. Visual rota-
tion perturbations primarily altered spectral power in occipital areas,
while physical pull perturbations induced spectral fluctuations in central
motor areas. This agrees with our previous results (Peterson and Ferris,
2018a). However, our previous results found no clear activity patterns at
low gamma power (30–50Hz), but our model-fitted results show a clear
pattern (Figs. 4–5). These low gamma patterns do not appear to be
artifact and may potentially reflect active cortical control, as has been
seen for gamma power in electrocorticography (Miller et al., 2007). In
addition, we did not find frontal cortical areas in our EEG source analysis.
Connectivity in frontal areas has been shown to increase in older adults
and in young adults when the postural task becomes more challenging
(Huang et al., 2017). Our postural task may have been fairly easy to
perform because it did not induce stepping, whichmay explain the lack of
fronto-central clusters.

Baseline cortical alpha connectivity increased overall during standing
compared to walking conditions. This increased alpha connectivity dur-
ing standing compared to walking agrees with previous studies (Lau
et al., 2014; Wagner et al., 2013). Likely because of this baseline con-
nectivity difference across physical tasks, perturbation-evoked alpha
spectral power patterns found during standing appeared mostly absent
during walking conditions, which likely reflects a change in motor
readiness (Wagner et al., 2014).

Perturbation-evoked cortical connectivity primarily showed theta
band increases in central motor areas during stance pull perturbations
compared to baseline connectivity and alpha band decreases between
parietal and occipital areas during stance rotation perturbations



Fig. 9. Perturbation-evoked intermuscular connectivity. Chord diagrams
show average intermuscular connection strengths during the 1 s following
perturbation onset, after subtracting baseline activity during the half-second
preceding perturbation onset. Lower leg muscles are left/right tibialis anterior
(LTA/RTA), left/right peroneus longus (LPL/RPL), left/right medial gastrocne-
mius (LMG/RMG), and left/right soleus (LSO/RSO). Red connections indicate
significantly increased connectivity from baseline in both directions, blue ones
denote significantly decreased connectivity from baseline in both directions, and
magenta ones indicate significantly increased connectivity from baseline in one
direction with significantly decreased connectivity in the other direction. Gray
denotes non-significant connections. Muscles in each diagram are split by left/
right leg. Scale is 0 to 20e-4. Peroneus longus/soleus and tibialis anterior/per-
oneus longus connections persist across all conditions. Additionally, LMG and
LSO show stronger incoming theta connections than RMG and RSO during
stand pull.

Fig. 10. Event-related corticomuscular connectivity. Chord diagrams show
average corticomuscular connection strengths during the 1 s following pertur-
bation onset, following baseline subtraction of the half-second preceding
perturbation onset. Cortical sources are left occipital (LO), right occipital (RO),
posterior parietal (PP), anterior parietal (AP), left sensorimotor (LS), right
sensorimotor (RS), supplementary motor area (SMA), and anterior cingulate
(ACC). Lower leg muscles are left/right tibialis anterior (LTA/RTA), left/right
peroneus longus (LPL/RPL), left/right medial gastrocnemius (LMG/RMG), and
left/right soleus (LSO/RSO). Red connections indicate significantly increased
connectivity from baseline in both directions, blue ones denote significantly
decreased connectivity from baseline in both directions, and magenta ones
indicate one direction is significantly increased from baseline while the other
direction is significantly decreased. Gray denotes non-significant connections.
Only connections between muscles and cortical areas are displayed. Scale is only
0 to 2e-4. Overall, connectivity is stronger from the cortex to the muscles
compared to the reverse direction. During stand pull, alpha connectivity
decreased from baseline at LPL and between LS and RMG, while theta connec-
tivity increased between LMG and RS, RO, AP, and ACC.
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compared to baseline connectivity. While spectral density patterns also
showed theta band increase and alpha band decrease relative to baseline,
we were able to use connectivity analysis to formally determine how
these cortical regions interact. This provides complementary information
to spectral power. For example, occipital areas during standing rotation
perturbations showed decreased alpha power (desynchronization). By
analyzing connectivity, we found strong evidence that this alpha
desynchronization is related to decreased alpha connectivity between
occipital and parietal areas. This perturbation-evoked decrease in alpha
connectivity between left/right sensorimotor and left/right occipital and
between anterior and posterior parietal areas during visual rotations
likely reflects unreliable visual input. We also found brief theta connec-
tivity between supplementary motor area and other motor areas during
pull perturbations while standing. Previous EEG balance studies have
found large responses in supplementary motor area to perturbed balance
(Solis-Escalante et al., 2018; Marlin et al., 2014; Varghese et al., 2014),
and it seems to be a large hub of information flow during the stance pull
perturbations. In addition, the strong theta connectivity between the
supplementary motor area and anterior cingulate is relevant given pre-
viously found spectral power changes in the anterior cingulate during
gait and proposed function as an error monitor (Carter et al., 1998; Gwin
et al., 2011). Notably, this is the only significant theta band connection
preserved during pull perturbations for both standing and walking con-
ditions. This connectivity pattern did not appear during the rotation
perturbations, potentially indicating that the anterior cingulate is more
sensitive to physical errors than visual errors during balance. In contrast
to theta and alpha connectivity, we found little beta (13–30Hz) or
low-gamma (30–50Hz) baseline or perturbation-evoked corticomuscular
connectivity, despite spectral power fluctuations in these bands for all
conditions. Because of this, our connectivity analysis indicates that the
alpha and beta desynchronization following perturbation onset reflect
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two distinct processes, highlighting the importance of using connectivity
analysis in conjunction with spectral information.
4.2. Intermuscular and corticomuscular connectivity during pull
perturbations

We found primarily low frequency (<13Hz) connectivity among
muscles, which was surprising because EMG and corticomuscular con-
nectivity are usually analyzed at higher frequencies (Gwin and Ferris,
2012). Still, intermuscular coherence during balance control has been
seen to be strongest at low frequencies (Boonstra et al., 2015, 2008) and
is thought to reflect the activity of different muscles changing at the same
time (Mochizuki et al., 2006). While this could be motion artifact,
baseline connectivity within each leg is significantly larger than con-
nectivity between legs, indicating that these results likely reflect true
linkages amongst muscles. It has also been suggested that surface EMG
recordings are low-pass filtered due to volume conduction by the skin
(Farina and Holobar, 2016), which could lead to important information
being located mostly at low frequencies.

For corticomuscular connections, we found that connections from the
cortex to muscles were significantly increased compared to connections
from muscles to cortex. This matches previous results during stereotyped
walking by Artoni et al. (2017). Baseline corticomuscular connectivity
also generally increased during walking compared to standing. We have
previously shown that subjects are more unstable while walking during
pull perturbations compared to standing (Peterson and Ferris, 2018a).
However, perturbation-evoked corticomuscular connectivity was low in
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magnitude and did not have a clear pattern. We have previously found
that left medial gastrocnemius activity was strongest during pull per-
turbations while standing compared to walking and right medial
gastrocnemius for both conditions (Peterson and Ferris, 2018a).
Increased theta connectivity to left medial gastrocnemius from anterior
cingulate, anterior parietal, and right occipital during stand pull (Fig. 10)
may correspond to this increased muscle activity, but more research is
needed to verify and better understand this potential effect.

4.3. Autoregressive model fits

Our multivariate autoregressive models for each subject and condi-
tion produced reliable and reasonable results (Lütkepohl, 2007b). The
parameter to datapoint ratios were above 0.1, but averaging across
subjects should have minimized any effects from overfitting. Also, mul-
tiple information criteria in Fig. S2 indicate that a model order of 32 was
a reasonable choice. It should be noted that our model validation results
indicate that the model is not as stationary and consistent as desired. This
was unaffected when we tested higher model orders, but smaller window
sizes might have improved this. We avoided window sizes below 400ms
because we wanted appropriate frequency resolution for our results and
shorter time windows can degrade low-frequency connectivity results.
While the models had lower consistency values than desired, all models
were stable. Furthermore, the model-fitted cortical spectral density re-
sults (Figs. 4 and 5) closely match the cortical cluster ERSPs from pre-
vious studies (Peterson and Ferris, 2018a; Sipp et al., 2013; Varghese
et al., 2014; Wagner et al., 2016). This gives us confidence that our model
reasonably captured group-level activity.

4.4. Limitations and considerations

Our analysis was limited by the number of subjects and the potential
for residual volume conduction effects on connectivity estimation. We
used 29 subjects for our connectivity analysis and found a 2:1 ratio of
subject number to average sample number per connection. While this on
average gives us reasonable statistical power, we may have found more
differences with a higher number of subjects. Also, it is possible that
residual volume conduction is still affecting our connectivity results. We
minimized this effect using independent component analysis, but volume
conduction is still possible in source space (Brunner et al., 2016). We do
not believe that volume conduction affected our results because we found
specific perturbation-evoked connection patterns that sometimes
differed from spectral power activity.

4.5. Conclusions

We used a multi-subject connectivity analysis to analyze source-
localized information flow between cortical and muscular regions dur-
ing sensorimotor perturbations. We found that physical pull perturba-
tions to standing balance increased connectivity between the
supplementary motor area and multiple motor areas, while visual rota-
tion perturbations decreased connectivity between parietal and occipital
areas These results may reflect cortical sensory integration performed to
consistently maintain balance as sensorimotor input varied. Similar
multi-subject connectivity analyses could potentially be used to assess
both healthy and clinical populations, enhancing our understanding of
cortical function during healthy balance and illuminating where the
control problems lie when balance is impaired.
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