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Abstract

The ability to maintain our body’s balance and stability in space is crucial for performing daily activities. Effective pos-
tural control (PC) strategies rely on integrating visual, vestibular, and proprioceptive sensory inputs. While neuroimaging
has revealed key areas involved in PC—including brainstem, cerebellum, and cortical networks—the rapid neural mecha-
nisms underlying dynamic postural tasks remain less understood. Therefore, we used EEG microstate analysis within
the BioVRSea experiment to explore the temporal brain dynamics that support PC. This complex paradigm simulates
maintaining an upright posture on a moving platform, integrated with virtual reality (VR), to replicate the sensation of
balancing on a boat. Data were acquired from 266 healthy subjects using a 64-channel EEG system. Using a modified
k-means method, five EEG microstate maps were identified to best model the paradigm. Differences in each microstate
maps feature (occurrence, duration, and coverage) between experimental phases were analyzed using a linear mixed
model, revealing significant differences between microstates within the experiment phases. The temporal parameters of
microstate C showed significantly higher levels in all experimental phases compared to other microstate maps, whereas
microstate B displayed an opposite pattern, consistently showing lower levels. This study marks the first attempt to use
microstate analysis during a dynamic task, demonstrating the decisive role of microstate C and, conversely, microstate B
in differentiating the PC phases. These results demonstrate the utility of microstate technique in studying temporal brain
dynamics during PC, with potential applications in the early detection of neurodegenerative diseases.

Keywords Electroencephalography (EEG) - Microstates - Neural Networks - Temporal Brain Dynamics - Postural
Control - Virtual Reality

Introduction (Horak and Macpherson 1996; Pollock et al. 2000). Disrup-

tions in PC can be linked to various conditions, including

Postural control (PC) refers to the ability to maintain the
body’s balance and stability in space by regulating the posi-
tion of the center of gravity relative to the base of support
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It is known that PC strategies rely on multisensory inte-
gration—combining vestibular, visual, and proprioceptive
inputs—which help coordinate body posture relative to the
external environment through predictive feedforward mecha-
nisms (Fitzpatrick et al. 1996). An important aspect of PC takes
place in the spinal cord, brainstem, and midbrain locomotor
areas, while movement control involves supratentorial regions
of the central nervous system (CNS) (Takakusaki 2017).
Nonetheless, it remains unclear which regions of the CNS are
involved in the regulation of disturbed PC tasks and, even more
so, which parts are involved in adaptation to recurring distur-
bances. Recent studies have shed light on CNS areas involved
in this process (Bonassi et al. 2024; Richer et al. 2024).

The vestibular system is critical for stabilizing gaze, con-
trolling balance, and providing a subjective sense of motion
and spatial orientation (Cullen 2012). Neuroimaging studies
using functional magnetic resonance imaging (fMRI) have
explored vestibular processing through techniques such as
caloric (Fasold et al. 2002) and galvanic vestibular stimula-
tion (Stephan et al. 2005). These studies have identified a
network crucial for vestibular and multisensory processing,
including regions such as the parieto-insular vestibular cor-
tex (PIVC), superior temporal gyrus (STG), insular cortex,
anterior cingulate gyrus, precuneus, and hippocampus (Diet-
erich and Brandt 2008; Herold et al. 2017). Furthermore,
neurons that integrate visual and vestibular signals for self-
motion perception have been found in the dorsal portion of
the medial superior temporal area, ventral intraparietal area,
posterior parietal cortex, and the superior temporal polysen-
sory area (DeAngelis and Angelaki 2012). Nevertheless, the
neural mechanisms of vestibulo-visual integration in cortical
networks remain poorly understood (Keshavarzi et al. 2023).

Current approaches to studying the CNS role in PC
increasingly rely on non-invasive methods, such as elec-
troencephalography (EEG) and various neuroimaging tech-
niques (Bath and Wang 2024). A recent review (Dijkstra et
al. 2020) of neuroimaging studies—including whole-brain
positron emission tomography (PET) and fMRI in the
context of PC tasks—has confirmed the engagement of a
distributed neural network, including the brainstem, cerebel-
lum, thalamus, basal ganglia, and various cortical regions:
prefrontal cortex (PFC), supplementary motor area (SMA),
premotor cortex (PMC), and sensorimotor cortex (SMC).

While neuroimaging methods like fMRI have advanced
our understanding of CNS involvement in PC, they face limi-
tations in capturing rapid neural processes in dynamic tasks
(Bath and Wang 2024). Here, EEG microstate analysis offers
a complementary approach with millisecond precision, cap-
turing transient patterns that represent synchronized large-
scale brain network states (Michel and Koenig 2018). EEG
microstates are defined as distinct, quasi-stable states of brain
activity identified in multichannel resting-state EEG signals,
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characterized by stable topographies of electric potentials
that persist for 60—120 ms before transitioning to another
configuration (Koenig et al. 2002; Michel and Koenig 2018).
These brief states can repeat multiple times within a second,
allowing for the analysis of their temporal dynamics and cor-
relations with cognitive processes. Although many potential
maps can be generated from multichannel recordings, most of
the EEG signal—typically over 70% of the total topographic
variance—can be effectively represented by a discrete num-
ber of key topographies (Khanna et al. 2015). Using tech-
niques like cluster analysis, key statistical parameters can
be extracted, such as the duration a microstate class remains
stable (i.e., duration), the frequency of occurrence for each
microstate independent of its individual duration (i.e., occur-
rence), and the proportion of total time that each microstate
class occupies (i.e., coverage) (Michel and Koenig 2018).

Microstate analysis has predominantly been used to
study resting-state conditions, with growing applications in
task-related contexts (Michel and Koenig 2018; Tarailis et
al. 2024). However, few studies have applied this method to
motor tasks or dynamic postural challenges (Dipietro et al.
2012; Minguillon et al. 2014; Ertl et al. 2020; Deolindo et al.
2021). To address this gap, we aim to apply EEG microstate
analysis to a novel PC framework: the BioVRSea paradigm
(Recenti et al. 2021). This experimental setup simulates
being at sea on a small boat, integrating immersive virtual
reality (VR) with a moving platform that incrementally
increases in motion. EEG data are recorded throughout the
task, which includes distinct experiment phases of increas-
ing platform movement designed to assess dynamic PC
strategies under different sensory and motor perturbations.

These strategies involve adjusting the sensory inputs used
for balance control, a process known as sensory reweighting
(Peterka 2002). In this process, the brain dynamically shifts
the emphasis among vestibular, visual, and proprioceptive
inputs to maintain optimal balance. Our paradigm includes
distinct experimental phases where dynamic visual stimula-
tion is applied without corresponding motor stimulus.

Related work on the BioVRSea framework has explored
brain network states (BNSs) that occur during tasks by
using advanced source-space EEG networks combined
with clustering algorithms. This research shows that BNS
distribution coherently describes the different phases of the
experiment, with specific transitions between the visual,
motor, salience, and default mode networks (Aubonnet et
al. 2023). This paradigm has also shown promise in assess-
ing early-stage Parkinson’s disease (PD) through machine-
learning models (Jacob et al. 2023).

Here, we aim to explore how brain network dynamics, as
captured by microstate analysis, relate to the PC strategies
required to maintain stability under complex postural chal-
lenges. This will allow us to infer functional significance by



Brain Topography (2025) 38:47

Page3of 16 47

querying empirical findings associated with spatially similar
microstate maps from other studies.

Materials and methods
Participants

Out of the 281 individuals who participated, 15 were excluded
due to poor EEG data quality, resulting in a final sample 0of 266
participants. The mean age of the participants was 33 years (+
14.55), with an age range from 19 to 73 years. Among these,
166 were female (mean age 31.72 +13.52), 115 were male
(mean age 34.78 £15.87), and 2 participants did not specify
their gender (mean age 31). All participants reported being
healthy, with no clinical conditions or pathologies. They were
provided with detailed written information about the study
and gave their signed informed consent.

BioVRSea Paradigm

Participants were prepared for the virtual reality (VR) and
physiological measurement components of the experiment.
Preparation included fitting a 64-electrode wet EEG cap
(sampling frequency: 4096 Hz, ANT Neuro, Hengelo, The
Netherlands). The EEG amplifier (ANT Neuro, Hengelo,
The Netherlands) was connected to the cap and secured in
a backpack, which also contained a tablet for EEG signal
acquisition.

After removing their shoes, participants donned the back-
pack and stepped onto the force platform, which consists
of two force plates (Virtualis, Montpellier, France). They
adopted a bipedal stance with feet positioned over the force

plates, ensuring proper contact for postural sway measure-
ments. Participants were instructed to remain still and avoid
walking as the force plates continuously recorded their cen-
ter of pressure shifts. VR goggles were then placed on the
participants, and the experimental protocol was explained.
Instructions were provided by the experimenter throughout
the protocol, ensuring that participants were guided through
each phase as it occurred (Fig. 1).

The experiment starts with a baseline period (BASE),
during which participants stand still on a stationary plat-
form for 2 min, observing a calm, non-sea visual environ-
ment, such as a mountain view (Fig. 2a). The participants
are instructed to stand with their arms at their side, and their
feet positioned on the force platform; they are free to move
their head and “navigate” through the virtual environment.

Subsequently, to introduce the visual motion stimulus
before adding physical motion, the PRE phase starts, where
participants stand quietly for 40 s with their hands by their
sides, observing a dynamic sea scene from a first-person per-
spective on a boat (Fig. 2a) During this experimental phase,
the sea simulation is purely visual, with no motion from
the platform. After these 40 s, participants are instructed to
grasp the bar positioned in front of them.

The platform then begins moving in synchronization
with the sea scene in the VR goggles, gradually increasing
its motion from 25 to 75% of maximum wave amplitude.
We refer to this motion sequence as the MOV phase, encom-
passing the 25%, 50%, and 75% platform wave amplitude
phases, with each segment lasting 40 s. During this time,
participants held onto the bars to maintain balance while
observing the sea simulation.

Following the 75% phase, the POST phase starts. Plat-
form motion is stopped, and participants are asked to release
the bars and stand relaxed for a final 40 s while they see in

BASE PRE MOV POST
s - . — Holdin —
0s Hands off 120 s Hands off 160 s i ba§ 280 Hands off 35 ¢

Visual stimulus Visual stimulus

Fig. 1 The BioVRSea experimental protocol. In the BASE phase
(0-120 s), participants stand still, observing a static scenario (moun-
tain view) in VR, with hands off the bars. In the PRE phase (120-160
s), participants observe a dynamic sea scene in VR, still with their
hands off the bars. In the MOV phase (160-280 s), participants hold

Visuo-motor stimulus Visual stimulus

the bars as the platform moves with increasing wave amplitudes (25%,
50%, 75%). The wave frequency can be set between 0.5 Hz and 3 Hz,
and the wave amplitude between 0 and 2 mt. Finally, in the POST
phase (280-320 s), participants release the bars and stand relaxed,
observing the sea scene once again

@ Springer
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Fig.2 a Mountain scenario during
the BASE experimental phase b
Dynamic Sea scene during the
PRE, MOV, and POST experimen-
tal phases

the VR the dynamic sea scene of the PRE and MOV experi-
mental phases. The POST phase replicates the conditions of
the PRE phase. However, since participants had just expe-
rienced platform motion during the MOV phase, this phase
might be perceived as more engaging due to the lingering
effects of movement adaptation and the contrast between
previous motion and current stillness.

For a more comprehensive description of the BioVRSea
paradigm, see Jacob et al. (2022) and Recenti et al. (2022).

EEG Preprocessing

The EEGLAB Matlab Toolbox (Delorme and Makeig 2004)
was used to pre-process and analyze the EEG data. To opti-
mize computational resources while preserving critical sig-
nal integrity, the EEG data were downsampled to 512 Hz.
The pre-processing protocol included applying a low-pass
filter at 1 Hz and a high-pass filter at 45 Hz to enhance sig-
nal clarity and reduce noise.

Outlier channels were identified and removed based on
kurtosis. The Automatic Subspace Reconstruction (ASR)
algorithm was then applied to clean flat channels, chan-
nels with low correlation to neighbors, and those exhibiting
excessive line noise. Additionally, line noise at 50 Hz and
its harmonics were further reduced using the ZapLine algo-
rithm (Klug and Kloosterman 2022). Channels with outlier
spectral characteristics were also rejected.

Independent Component Analysis (ICA) using the Picard
algorithm (Ablin et al. 2018) was conducted to separate neu-
ral from non-neural activity. The ICLabel tool (Pion-Tona-
chini et al. 2019) was employed to classify components, with
non-brain components removed. ASR was reapplied to clean
noisy signal bursts, using a burst criterion of 20. Finally, the
data were re-referenced to the average of all channels.

EEG Microstate Analysis
Microstate analysis was performed using the MICRO-

STATELAB toolbox (Nagabhushan Kalburgi et al. 2024).
Before extracting the microstate maps, a band-pass filter
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(2-20 Hz) was applied to isolate the relevant frequency
bands. Next, individual microstate maps were identified
using a modified K-means clustering algorithm (Pascual-
Marqui et al. 1995), applied to the Global Field Power
(GFP) peaks. The GFP at each time point was calculated as:

£ (vio-v <t>)2
. ,

GFP (t) =

where Vi(t) is the voltage at electrode i at time t, V (t) is the
mean voltage across all electrodes at time t, and N is the
number of electrodes (Khanna et al. 2015).

We explored four-to seven-cluster solutions, using a
maximum of 100 restarts to ensure the stability and reli-
ability of the identified clusters (see Figs. 5, 6, 7 and 8 in
Appendix A). The GFP, which quantifies the variance of the
potential field at each time point, was used to identify the
most prominent time points for clustering (Milz et al. 2017).
To determine the optimal number of microstate classes, the
computed grand-mean maps were compared to established
microstate topographies from previous literature by means
of calculating the spatial correlation of each map with meta-
microstate maps derived from studies using four to seven
microstate solutions, employing the MS Template Explorer
plugin (Koenig et al. 2024). Finally, we choose the solution
with the highest average correlation, computed as the sum
of the individual correlation values divided by the number
of maps considered.

The sorted grand-mean microstate maps were fitted back
to the original EEG data of each participant. Backfitting
involves matching each time point in the EEG to the grand-
mean microstate map, which shows the highest spatial
correlation. This step assigns each time point to a specific
microstate, allowing us to track which microstate is active
at any given moment. Using this information, we calculated
temporal parameters—such as duration, occurrence, and
coverage—for each microstate class across the four phases
of the experiment. The formulas for each temporal param-
eter are as follows:
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1. Duration (/s): %,
2. Occurrence (/s): Tz\li ;
3. Coverage (TC, %): :

Tiotar

where T; is the total time state; was active, N; is the number
of times state; was activated, and T, is the total analysis
time.

Statistical Analysis

The statistical analysis of the microstate temporal param-
eters was conducted using R version 4.3.1 (R Core Team
2021) with the /me4 package (Bates et al. 2015). Given the
longitudinal nature of the experiment and the hierarchical
structure of the data, we fitted a linear mixed model (LMM)
for each dependent variable (i.e., each microstate temporal
parameter), estimated using Restricted Maximum Likeli-
hood (REML). The model was formulated as follows:

M S temporal parameter ~ 1 + phase
x microstate + (1| I1D)

This formulation incorporated the interaction between dif-
ferent experimental phases (BASE, PRE, MOV, and POST)
and microstate classes, with random effects for individual
IDs.

An F-test was then performed to determine whether all
fixed-effects coefficients were equal to zero, i.e., whether
there was no significant relationship between the predictors
(phase and microstate) and the outcome variables (micro-
state duration, occurrence, or coverage). Rejection of the
null hypothesis indicated that at least one fixed-effects coef-
ficient significantly differed from zero, suggesting that the
corresponding predictor(s) significantly influenced the out-
come variable.

Lastly, a post-hoc pairwise comparison between groups
using the estimated marginal means was conducted with
the emmeans package in R (Lenth 2024), applying the

Fig. 3 a Computed Grand Mean microstate templates b Meta-micro-
states maps (Nagabhushan Kalburgi et al. 2024; Koenig et al. 2024)

Bonferroni correction to adjust for multiple comparisons,
with an alpha level set at 0.0083. This allowed us to iden-
tify specific significant differences in microstate duration,
occurrence, and coverage across the various experimental
phases and microstate classes.

Results
Number of Microstates

We selected five microstate maps (Fig. 3a) for analysis,
specifically chosen based on their topographical similari-
ties with the five-solution meta-microstate maps proposed
by Nagabhushan Kalburgi et al. (2024). These meta-micro-
state maps represent spatial clusters of all microstate tem-
plate maps across previously published studies (Koenig et
al. 2024). The results of the similarity matrix (see Fig. 6b
in Appendix A) indicated a notably high degree of shared
variance between each of our selected microstate maps and
their corresponding meta-microstate maps. Notably, Map B
exhibited the highest similarity at 97.2%, suggesting a par-
ticularly strong correspondence with its meta-map. This was
followed by Map E at 91.9%, Map D at 90.5%, Map A at
90.2%, and Map C at 80.9%.

Duration

The F-test from the Type III Analysis of Variance (ANOVA)
(Table 1a) indicated that the factors of phase, microstate,
and their interaction were statistically significant, with con-
sistent results after adjusting for age and gender covariates.
The results were as follows: phase: F (3, 5009.9) =4.1817,
p=0.006; microstate: F (4, 5012.0) =256.6119, p< 0.001;
phase x microstate interaction: F (12, 5009.9) =3.132, p<
0.001. These findings suggest notable variations in micro-
state duration across different phases, revealing complex
relationships unique to each microstate.

To further explore the significant interaction between
phase and microstate, a post-hoc pairwise comparison of
estimated marginal means was employed, and a Bonferroni
correction was applied. The findings revealed that micro-
state C exhibited the longest average duration across all
phases compared to other microstates. Microstate B demon-
strated the shortest average duration during the PRE, MOV,
and POST phases. Microstate A had the second-longest
average duration during the BASE phase.

Notably, no significant differences between phases were
observed for microstate C. However, a trend (mean diff. =
2.13590, p= 0.0685) was found for microstate B for the
transition from the BASE to PRE phase, and significant

@ Springer
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Table 1 ANOVA results from the LMM analysis for the Duration, Occurrence, and Coverage metrics

Sum Sq Mean Sq NumDf DenDF F value Pr(>F)
a ANOVA results from the LMM analysis for the variable Duration
Phase 1186 3954 3 5009.9 4.1817 0.0057695%*
Microstate 97,065 24266.3 4 5012.0 256.6119 <0.001***
Phase: microstate 3555 296.2 12 5009.9 3.1324 <0.001%**
b ANOVA results from the LMM analysis for the variable Occurrence
Phase 2.09 0.698 3 5035 0.5025 0.580541
Microstate 686.49 171.622 4 5035 123.6440 <0.001***
Phase: microstate 40.12 3.343 12 5035 2.3940 0.004146%*
¢ ANOVA results from the LMM analysis for the variable Coverage
Phase 0 0.0 3 5300 0.0000 1.000
Microstate 66,997 16749.3 4 5300 194.0257 <0.001***
Phase: microstate 3147 262.2 12 5300 3.0375 <0.0017%**
Signif. codes: p<0.001 “***’; p<0.01 “**’; p<0.05 “*’.
66
28
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Fig. 4 Estimated marginal means along with their 95% confidence
intervals for the three temporal parameters (Duration, Occurrence,
and Coverage). Duration: Microstate C exhibits the longest duration,
while microstate B significantly decreases over time: reductions are
observed from BASE to MOV and from BASE to POST. Occurrence:
Microstate C has the highest occurrence values. Conversely, micro-

differences from the BASE to both the MOV (mean diff. =—
3.45107, p=0.0003) and the POST (mean diff. = —3.44454,
p=10.0003) phases. For microstate A, significant differences
were observed for the transition from BASE to MOV (mean
diff. = —2.53568, p= 0.0158) and from BASE to POST
phases (mean diff. = —2.64624, p=0.0102). In contrast, the
duration of microstates D and E did not vary significantly
across experimental phases (see Fig. 4).

Occurrence

The F-test from the Type IIl ANOVA of the model (Table 1b)
indicated that both the microstate class and its interaction

@ Springer

state B decreases over time, with a significant reduction from BASE to
MOV. Other microstate classes show relatively stable rates with minor
fluctuations. Coverage: microstate C exhibits the highest coverage.
Microstate C increases from BASE to MOV and from BASE to POST.
In contrast, microstate B generally shows a decrease, with observed
differences from BASE to MOV and from BASE to POST

with the phase had a significant influence on the occurrence
metric, suggesting variability in how frequently each micro-
state appeared depending on the phase. These results were
robust even with the inclusion of age and gender as covari-
ates, confirming the stability of the observed effects: phase:
F (3,5035) =0.5025, p= 0.5805; microstate: F (4,5035)
=123.6440, p< 0.001; phase x microstate interaction: F
(12,5035) =2.3940, p= 0.0041.

Post-hoc pairwise comparisons revealed that microstate C
was the most frequently occurring microstate across all phases.
In contrast, microstate B consistently exhibited the lowest
occurrence rate during the PRE, MOV, and POST phases. A
statistically significant difference (mean diff. = 0.27259, p=
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0.0457) was observed for microstate B between the BASE and
MOV phases, but no significant differences were found for
other microstates across experimental phases (see Fig. 4).

Coverage

The F-test from the Type III ANOVA of the model (Table
1¢) showed significant effects regarding the coverage across
different phases and microstates, independent of age and
gender covariates. The results were as follows: phase:
F (3,5300) =0.0000, p= 1.000; microstate: F (4,5300)
=194.0257, p< 0.001; phase x microstate interaction: F
(12,5300) =3.0375, p< 0.001.

While the phase factor did not yield meaningful differ-
ences, indicating that the microstate classes were consistent
in their dominance during the different experimental phases,
the microstate factor significantly influenced coverage.
Additionally, the interaction between phase and microstate
was statistically significant, suggesting that the influence of
microstate class on coverage varied depending on the phase.

Post-hoc pairwise comparisons revealed that microstate
C exhibited the highest coverage, meaning it occupied the
largest proportion of total recording time compared to the
other microstate classes. Post-hoc pairwise comparisons
highlighted significant phase-wise differences for micro-
state B and C. Specifically, microstate C demonstrated sig-
nificant increases in coverage from BASE to MOV (mean
diff. =2.2772, p= 0.0282) and from BASE to POST (mean
diff. = 2.3025, p= 0.0256), while microstate B showed a
decrease from BASE to MOV (mean diff. = —2.5351, p=
0.0099) and from BASE to POST (mean diff. = —2.4626, p=
0.0134) (see Fig. 4).

Discussion

This study investigated the temporal dynamics of large-scale
brain network activity involved in a complex postural control
(PC) task using EEG microstate analysis. We explored how
engagement in a dynamic and immersive virtual environment
affects microstate patterns under varying levels of cognitive
load and sensory input during the BioVRSea task (Recenti
et al. 2021). By analyzing microstate dynamics, we aimed to
observe how different brain network configurations support
complex sensory integration in PC, potentially highlighting
adaptations in neural processing associated with balance.

Previous research conducted during passive whole-body
movements with weak accelerations observed that the EEG
microstate architecture of four microstates remained invari-
ant to weak whole-body accelerations (Ertl et al. 2020).

In contrast, our study, conducted in an immersive vir-
tual environment, adopting five microstates, reveals distinct

neural adaptations across experimental phases. Specifically,
our findings demonstrate that microstates characterize pos-
tural PC tasks effectively, with microstate C playing a central
role in balance maintenance. Furthermore, the robustness of
our results is reinforced by the high number of participants,
providing a strong foundation for understanding the neural
dynamics of PC in complex sensory environments.

We analyzed microstate dynamics using a five-micro-
state configuration (Fig. 4a), finding strong topographical
similarities when comparing our findings with published
meta-microstate maps (Koenig et al. 2024). This supports
the application of microstate technology in investigating
complex, dynamic tasks.

During the BASE phase (quiet stance on a stable platform
with a static visual scene), microstate C was significantly
higher in duration, occurrence, and coverage than other maps.

In the PRE phase (dynamic visual stimulus simulating
self-motion without platform movement), microstate B
decreased, while microstate C remained stable and domi-
nant. Microstate B exhibits a decreasing trend, though not
statistically significant after Bonferroni correction.

Induced self-motion might result in vection, i.e., the subjec-
tive feeling of self-movement in a physically static observer,
caused by a sensory mismatching between the visual and ves-
tibular system (Reason and Brand 1975; Duffy 2000; Leung
and Hon 2019), and ultimately can lead to motion sickness
(Leung and Hon 2019; Reason and Brand 1975). Previous
research (Bronstein 1995; Guerraz et al. 2001; Longridge et
al. 2002) has shown that disruptions in the usual integration
of visual and vestibular information are associated with a
variety of conditions, with individuals affected by vestibular
disorders exhibiting varying levels of cognitive impairment
(Cronin et al. 2017; Li et al. 2024). Perceived self-motion
might trigger sensory reweighting mechanisms, such as a
reciprocal inhibitory visual-vestibular interaction (Brandt et
al. 1998; Kleinschmidt 2002), that has been reported in differ-
ent studies (Dieterich, 2007; Roberts et al. 2017).

In the MOV phase (platform oscillations synchronized
with visual motion and participants holding a support bar),
all microstates remained stable in all dynamics. This experi-
mental phase is the most committing for the subject, as it
involves the whole body and requires the active involve-
ment of dynamic postural control mechanisms.

In the POST phase (active balance recovery after the
mechanical perturbations without external support while
exposed to visual perturbation), all microstate dynamics
remained stable. Compensatory balance control, such as
fixed-support PC strategies, may be initiated and mainly
controlled via automatic postural responses (APRs) by
means of subcortical-cortical loops. The relative stability
of microstate dynamics in this phase might be attributed
to the short latency of APRs, which may primarily involve

@ Springer
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the spinal cord and midbrain rather than a transcortical loop
(Jacobs and Horak 2007).

Overall, our findings highlight a marked difference between
the static balance experimental phase and the dynamic bal-
ance phase, characterized by additional visual stimulation,
during which the temporal dynamics of microstates A and
B consistently decrease while the coverage of microstate
C increases. The general dominance of microstate C across
experimental phases suggests that his underlying brain net-
work has a role in different PC strategies, while microstates B
and A appear more sensitive to transitions between static and
dynamic postural strategy. Instead, microstates D and E do
not exhibit changes across the different experimental phases.

Literature on static PC tasks has reported widespread
activation in the frontal, parietal, temporal, and occipi-
tal cortical areas and the cingulate cortex. During reactive
postural control, subcortical (cerebellar and thalamic) and
cortical activations have been observed, particularly in the
supplementary motor area (SMA), premotor cortex, supe-
rior temporal gyrus, occipital cortex, and cingulate cortex.
However, specific activation locations vary across studies.
In contrast, dynamic postural control has been associated
with brainstem, cerebellar, and thalamic activation, along-
side engagement of the frontal lobe (including the SMA),
parietal lobe, cingulate cortex, occipital lobe, and insula (for
a comprehensive review, see Dijkstra et al., 2017).

The functional significance of microstates has been dis-
cussed across spontaneous, stimulus-induced, and pathologi-
cal states (Koenig et al., 2002; Tarailis et al. 2024; Asha et
al. 2024). Several studies have also associated EEG micro-
states with resting-state networks (RSNs) observed in fMRI
(Britz et al., 2010; Musso et al., 2010; Pascual-Marqui et al.
2014; Custo et al. 2017). However, establishing direct correla-
tions between EEG microstates and specific brain functions
remains challenging (Michel and Koenig 2018). Pascual-Mar-
qui and colleagues (2014) identified the cingulate cortex as a
key region active in all four canonical microstates. Similarly,
Custo and colleagues (2017) have found that seven resting-
state microstates were linked to distinct neural activation pat-
terns, with a shared brain network underlying all microstates.
Common regions include areas along the anterior/posterior
medial axes, the insula, and the superior parietal cortex.

Microstates A and B have been associated with sensory
networks, auditory and visual (Milz et al. 2016; Michel and
Koenig 2018). Microstate C has been associated with pro-
cessing personally significant information, self-reflection,
and self-referential mentation rather than purely autonomic
processing; microstate D has been associated with atten-
tion processes and executive functioning and has underly-
ing sources in the Dorsal Attention network; microstate E is
related to interoceptive and emotional information process-
ing, plays a role in certain cognitive functions, and is related
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to the salience network (Tarailis et al. 2024). Custo et al.
(2017) indicated how microstate C and E are spatially cor-
related (correlation coefficient of 0.7).

Our experiment presents distinct visual and visuo-motor
stimuli modulated at different time points to examine the
brain’s mechanisms of multisensory integration (Peterka
2002). Specifically, we expected meaningful differences in
microstate temporal dynamics between experimental phases
with congruent (BASE, MOV) and incongruent (PRE, MOV)
stimulation, reflecting shifts in sensory reliance following
postural perturbation (Peterka 2002; Mahboobin et al. 2005).

Although in our experiment microstate analysis does not
allow us to observe sensory reweighting processes directly,
it reveals a compelling pattern: during the experiment,
microstate C features increased, while microstates A and
B decreased. These findings align with previous research
linking microstate dynamics to higher-order cognitive and
emotional processes. Locomotor behaviors involve voli-
tional, emotional, and automatic processes, with sensory
information from multiple modalities modulating posture-
gait control at different levels, including the brainstem,
spinal cord, limbic system, and cerebral cortex (Jacobs and
Horak 2007; Takakusaki 2023). Furthermore, accumulating
evidence suggests that vestibular, emotional, and attentional
networks overlap in key cortical and subcortical regions,
reinforcing the idea that PC is shaped by the interplay of
sensory, emotional, and cognitive mechanisms (Sibley et al.
2014; Barollo et al. 2022; Dieterich and Brandt 2024).

Krylovaetal. (2021) found that microstate C was positively
associated with vigilance, whereas microstates A and B exhib-
ited the opposite pattern. Specifically, they observed a positive
relationship between microstate C duration and vigilance, sug-
gesting its role in cognitive control processes. Similarly, Hu
et al. (2023) reported that increased occurrence and coverage
of microstate C were associated with heightened emotional
arousal. Further studies that have explored how microstates
vary with emotional arousal and valence (Liu et al. 2023; Si et
al. 2024) consistently found that high-arousal conditions lead
to increased occurrence and coverage of microstate C.

Krylova et al. (2021) attributed the association between
heightened vigilance and increased microstate C parameters
to the hypothesis that enhanced temporal dynamics of micro-
state C reflect modulation of occipital alpha power. This
hypothesis bridges the findings of Milz et al. (2017), who
linked the appearance of specific microstates with the tem-
poral and spatial distribution of the EEG alpha band, and of
Olbrich et al. (2009), who observed that changes in vigilance
stages were associated with alterations in occipital alpha
activity. Altogether, this supports the role of alpha power in
modulating brain states related to vigilance and cognitive pro-
cesses and suggests that the modulation of alpha activity also
plays a key role in the generation of EEG microstate classes.
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We speculate that the dominance of microstate C in
our study may not be exclusively related to multisensory
integration but could also reflect changes in participants’
emotional and arousal states. VR stimuli might further
enhance emotional engagement and modulate arousal levels
(Baumgartner et al. 2008; Weech et al. 2019).

Han and colleagues (2025) investigated the effect of
VR-simulated scene intervention on cognitive fatigue
recovery using four microstate maps. After VR interven-
tion, they reported increased temporal parameters in class C
and decreased parameters in classes B and D. Additionally,
Hofmann and colleagues (2021) observed a relationship
between arousal states in immersive VR experiences and
cortical activity, finding that emotional arousal was asso-
ciated with attenuation of alpha oscillatory activity in the
parieto-occipital regions.

During emotionally arousing experiences, enhanced pro-
cessing of relevant sensory stimuli serves as an adaptive
response. The alpha frequency range contributes to functional
inhibition of irrelevant sensory input (Kelly et al., 2006; Ma et
al. 2022). Our previous research on the BioVRSea paradigm
demonstrated alpha power modulation across all experimen-
tal phases compared to the baseline (Aubonnet et al. 2022), as
well as phase-dependent changes in alpha power in response
to visuomotor stimulation (Gelormini et al. 2024). Several
studies investigating cortical dynamics during postural con-
trol tasks have identified alpha power modulation as a con-
sistent feature in PC processes (Edwards et al. 2018; Peterson
and Ferris 2018; Solis-Escalante et al. 2019).

The consistent dominance of microstate C, combined
with previous findings of alpha power modulation in simi-
lar paradigms, hints at a possible functional relationship
between these neural markers and arousal processes during
balance tasks. However, while our findings suggest poten-
tial relationships between alpha oscillations, microstate C
dynamics, and emotional processes during immersive expe-
riences, these connections remain speculative.

Limitations

While our findings illustrate the efficacy of the microstate
approach in modelling the neural strategies involved in the
BioVRSea paradigm, several limitations warrant discussion.

The absence of a final baseline prevents assessing
whether the observed effects are transient or lasting. With-
out a post-experiment measure, it remains unclear whether
microstate dynamics return to their initial levels or persist
over time. This limitation affects the interpretation of the
findings, particularly in studies examining the brain’s adap-
tive responses to sensory stimuli or VR interventions.

The microstate maps used in our analysis are primar-
ily based on resting-state templates. While these templates

align with our experimental context, their ability to accu-
rately reflect task-specific microstates has not yet been dem-
onstrated. Consequently, our interpretation of the results,
although grounded in empirical knowledge of the BioVR-
Sea paradigm, remains speculative regarding the functional
significance of the observed microstates. Future studies
should focus on defining and developing task-based micro-
states to improve the precision of EEG microstate analysis
and validate them in dynamic environments.

Additionally, considering the dynamic nature of our par-
adigm, future research could benefit from examining tran-
sition probabilities and microstate sequences (Artoni et al.
2023). These analyses may reveal critical insights into the
temporal dynamics of microstates and how the brain adapts
its sensory integration strategies in response to environmen-
tal changes during PC tasks. By addressing these consid-
erations, we can deepen our understanding of the neural
mechanisms underlying balance and stability and improve
the application of microstate analysis in related fields.

Conclusions

This study represents the first attempt, on a large dataset,
employing EEG microstate analysis to display the brain
network dynamics that characterize PC strategies during
complex challenges. It emphasizes the effectiveness of EEG
microstate analysis in revealing the dynamic brain con-
figurations involved in PC during tasks within immersive
virtual environments. The predominance of microstate C
across experimental phases suggests its central role in PC,
especially in maintaining balance during heightened sensory
engagement. In contrast, the declining trends of microstates
A and B reflect adaptive neural mechanisms in sensory pro-
cessing. This research enhances our understanding of the
neural adaptations involved in PC and provides valuable
insights into the processes contributing to understanding
balance disorders. Future studies should further investigate
these microstate dynamics to clarify their significance in
clinical contexts, especially in differentiating pathological
cohorts like individuals with balance impairments related to
neurodegenerative diseases—an area where the BioVRSea
paradigm has already shown promise (Jacob et al. 2023).

Appendix A

See Figs. 5, 6, 7 and 8.
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Fig. 5 Computed mean microstate a
templates b spatial correlation

matrix with microstate meta-maps A B c D
(4 solution template) (Koenig et
al. 2024; Nagabhushan Kalburgi et
al. 2024)
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Fig.6 a Computed mean micro-
state templates b spatial correlation
matrix with microstate meta-maps
(5 solution template) (Koenig et

al. 2024; Nagabhushan Kalburgi et
al. 2024)
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