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Abstract

Brain–computer interfaces (BCIs) can be used to monitor and provide real-time feedback
on brain signals, directly influencing external systems, such as virtual environments (VE),
to support self-regulation. We piloted a novel immersive, first-person shooting BCI-VE
during which the avatars’ movement speed was directly influenced by neural activity in
the supplementary motor area (SMA). Previous analyses revealed behavioral and local-
ized neural effects for active versus reduced contingency neurofeedback in a randomized
controlled trial design. However, the modeling of neural dynamics during such complex
tasks challenges traditional event-related approaches. To overcome this limitation, we em-
ployed a data-driven framework utilizing group-level independent networks derived from
BOLD-specific components of the multi-echo fMRI data obtained during the BCI regulation.
Individual responses were estimated through dual regression. The spatial independent
components corresponded to established cognitive networks and task-specific networks
related to gaming actions. Compared to reduced contingency neurofeedback, active regu-
lation induced significantly elevated fractional amplitude of low-frequency fluctuations
(fALFF) in a frontoparietal control network, and spatial reweighting of a salience/ventral
attention network, with stronger expression in SMA, prefrontal cortex, inferior parietal lob-
ule, and occipital regions. These findings underscore the distributed network engagement
of BCI regulation during a behavioral task in an immersive virtual environment.

Keywords: BCI; ICA; real-time fMRI; neurofeedback; regulation

1. Introduction
Brain–computer interfaces (BCIs) translate neural signals into control commands for

self-regulating or operating external devices or virtual avatars [1,2]. Real-time functional
magnetic resonance imaging (rt-fMRI) has been used to implement BCIs that provide
participants with continuous, blood-oxygen-level-dependent (BOLD) -based feedback to
support self-regulation of targeted brain regions [3]. Such fMRI-based regulation has been
applied to modulate emotion systems, motor circuits, and cognitive-control networks in
both healthy and clinical populations [4–6]. Recent reviews and meta-analyses emphasize
the potential clinical utility of rt-fMRI regulation, while also noting variability across
protocols and outcomes that motivates methodological refinement [7,8]. Training success
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often depends not only on neural plasticity but also on participant engagement, motivation,
and the ecological validity of the feedback context [9,10]. These insights suggest that
fMRI-based regulation is promising but that more immersive, behaviorally rich designs
may help reduce variability and improve outcomes.

In parallel with the development of self-regulation paradigms, a large body of work
has established neural decoding as a core foundation for BCI research across recording
modalities. Recent surveys synthesize how multivariate models and machine-learning
approaches applied to fMRI can decode perceptual and cognitive state information and
how these capabilities have been used as the basis for fMRI-based BCIs [11–13]. Work in
fMRI decoding has shown that distributed activation patterns can be used to reconstruct
perceptual content from the visual cortex, even when participants engage with a realistic
virtual environment (VE), demonstrating the feasibility of extracting meaningful internal
states from high-dimensional fMRI signals [14,15]. Related advances in EEG-based BCIs
have shown how temporal information from large-scale oscillatory patterns can be inte-
grated into decoding pipelines for motor imagery estimation [16]. While non-invasive EEG
systems and invasive technologies (like ECoG) have both leveraged multivariate and deep
models, the superior spatial and temporal fidelity of invasive approaches allows for more
accurate decoding of user intentions [17,18]. Together, these developments demonstrate a
broad literature on neural decoding across fMRI, EEG, and invasive modalities, providing
essential context for interpreting network-level mechanisms engaged during immersive
fMRI-BCI tasks.

Immersive virtual environments could increase ecological validity and participant
engagement by situating feedback inside interactive contexts [19]. Virtual and game-like
environments can amplify motivation, reduce boredom, and create intuitive sensorimotor
mappings between neural signals and in-task effects [20]. EEG-based neurofeedback
under VE displayed efficacy in increasing motivation, interest, and adherence through
enhanced immersion and a greater sense of presence [21]. Recent studies showed that
closed-loop fMRI can be embedded into rich, dynamic virtual tasks and still deliver reliable,
participant-specific feedback [22,23]. Our applied pilot study demonstrated VE-based fMRI
regulation in paradigms of motor control regions, suggesting that immersive contexts can
successfully support self-regulation performance [9]. These findings highlight the potential
of immersive BCI paradigms to study regulation under semi-naturalistic behavior.

However, analyzing neural responses during paradigms using complex, immersive
environments presents new challenges. Conventional event-related fMRI approaches
rely on well-defined stimulus timings and model-based regressors, which are difficult
to construct in continuous, interactive environments [24,25]. Region-of-interest (ROI)
analyses and fixed-design GLMs can miss distributed, nonstationary network responses
that are central to understanding how regulation shifts large-scale brain function. Brain
activity during regulation is dynamic and distributed, requiring analytic strategies that
capture network-level reconfigurations rather than only localized activations [26]. For
immersive BCI regulation, thus, data-driven network approaches are promising to reveal
the spatiotemporal patterns that underlie successful self-regulation.

Independent component analysis (ICA) has become an essential tool for data-driven
mapping of functional brain networks. Group ICA allows the decomposition of fMRI data
into spatially independent components that align with canonical systems such as the default
mode, salience, and executive control networks [27]. Dual regression then projects group-
level components back to subjects, providing participant-specific time courses and spatial
maps for statistical comparison [28]. Scalable pipelines for group ICA are now available
and have been applied to detect reproducible networks facing both healthy and different
psychiatric disorders [29–31]. Multi-echo EPI with TE-dependent denoising improves
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BOLD sensitivity and model fits relative to single-echo acquisitions in designs relevant to
real-time applications [32,33]. As the innovative resource for BCI focusing on physiological
BOLD-like signals, recent work from our group has also demonstrated that a group ICA
pipeline on BOLD-specific response from multi-echo data enables discovery and inference
on a naturalistic dataset with a depression cohort [25]. Together, these methods form a
rigorous analytic framework for investigating how BCI regulation shapes whole-brain
networks at the neural level.

The present study builds directly on our pilot work introducing an immersive first-
person virtual environment for rt-fMRI regulation [9]. In that paradigm, movement speed
was modulated by activity in the supplementary motor area (SMA). Despite the progress,
modeling neural dynamics during freely paced, complex behavior in closed-loop settings
remains challenging for traditional event-related analyses. Prior fMRI-BCI studies have
largely focused on ROI feedback and univariate outcomes, whereas distributed, system-
level changes during self-regulation in immersive environments are less well characterized.
Here, we extended that work by applying group ICA on BOLD-specific networks from
individual multi-echo data and dual regression to capture individual whole-brain network
responses. Specifically, we aim to identify group-level networks engaged during BCI
regulation, assess differences in network dynamics between active and reduced contingency
regulation groups, and explore regulation-related network shifts based on individual spatial
maps. These analyses aim to reveal how BCI regulation during semi-naturalistic behavior
affects distributed brain systems.

2. Materials and Methods
2.1. Participants and Experimental Design

We present a secondary neuroimaging analysis of a randomized controlled trial previ-
ously published BCI regulation paradigm that integrated real-time fMRI with an immersive
virtual environment (see [9] for full details). Briefly, the paradigm employed a first-person
shooting (FPS) task implemented in Unreal Engine 4 (version 4.12.5; Epic Games, Cary,
NC, USA). The environment was adapted from the “Shooter Game” template to create an
arena-style task optimized for use in the scanner. Game difficulty was adjusted to reduce
cognitive load while retaining scoring rules for eliminating enemies and avoiding being
eliminated. Neural activity modulated the player’s movement speed, which served as the
neurofeedback (NF) modality.

During scanning, real-time fMRI signals were extracted from the SMA. Participants
were blindly allocated to two groups. In the active NF group, feedback was provided
by mapping a 1% change in BOLD activity to a 100% change in movement speed. In the
reduced contingency neurofeedback (rc-NF) group, feedback was scaled such that a 10%
change in BOLD activity corresponded to a 100% change in speed. Online processing was
implemented with a custom MATLAB (R2016a) toolbox, which handled signal extraction,
feedback processing, and real-time communication with the paradigm.

Twenty-four right-handed participants (five females; mean age = 24.0 ± 2.8 years)
completed all planned scanning sessions and were included in the analysis. All participants
had at least five years of video gaming experience, including ≥1 h/week of shooter
gameplay. Exclusion criteria included acute psychiatric, neurological, or medical conditions,
as well as MRI contraindications. The study protocol was approved by the Independent
Ethics Committee of the University Hospital RWTH Aachen (EK 188/17), and written
informed consent was obtained from all participants. Participants were instructed to
maximize their task score while regulating their brain activity through feedback-driven
modulation of movement speed.
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2.2. MRI Data Acquisition and Preprocessing

MRI data were acquired on a Siemens 3 Tesla Prisma-fit scanner (Siemens Medical
Systems, Erlangen, Germany) equipped with a 20-channel head coil. Functional images
were collected using a multiband multi-echo echo-planar imaging (ME-EPI) sequence with
parallel imaging. Four echoes (TEs = 12.7, 27.6, 42.5, and 57.4 ms) were acquired to optimize
signal quality across brain regions. Acquisition parameters were as follows: repetition
time (TR) = 1 s, flip angle = 67◦, matrix size = 64 × 64, 36 transverse slices, threefold
multiband acceleration, and iPAT factor = 2. For each session, 610 volumes were obtained.
For co-registration, high-resolution anatomical images were collected using a T1-weighted
MPRAGE sequence (TR = 2000 ms, TE = 3.03 ms, TI = 900 ms, voxel size = 1 mm isotropic,
matrix = 256 × 256, 176 sagittal slices).

Data preprocessing and denoising followed a tensor-ICA denoising approach [32].
The first 10 volumes of each run were discarded to minimize T1 saturation effects. Motion
correction was applied to the first-echo images (TE = 12.7 ms), and the estimated motion pa-
rameters were used to realign all four echo series. Functional data were spatially smoothed
with a 4 mm full-width at half-maximum (FWHM) Gaussian kernel before tensor-ICA.
Tensor-ICA decomposition was performed with the Multivariate Exploratory Linear Opti-
mized Decomposition into Independent Components (MELODIC, v3.15) toolbox in FSL
(fsl.fmrib.ox.ac.uk/fsl). The number of components was estimated automatically using the
minimum description length (MDL) criterion.

Components were classified as BOLD or non-BOLD based on their echo-time depen-
dence, and non-BOLD components were regressed out of all four echoes. The denoised
data were combined using weighted averaging across echoes (weights = [1, 2, 2, 2]). Finally,
the cleaned data were normalized into standard space and smoothed with an 8 mm FWHM
Gaussian kernel for group analysis. Preprocessing prior to and after ICA was conducted in
SPM12 (Wellcome Trust Centre for Neuroimaging, London, UK), implemented in MATLAB.

2.3. Group Networks Under BCI Regulation and Dual Regression for Comparison

There are several ways to perform group ICA that have been introduced into the
neuroimaging field for extracting group networks [27,31]. In fMRI studies, the temporal
concatenation method is widely applied. Data reduction alongside the temporal domain
is always performed prior to the ICA to reduce the computational complexity [29,30,34].
To investigate whole-brain network-level responses during neurofeedback, we applied a
group ICA framework based on ME data (Figure 1B,C). First, tensor-ICA was used at the
individual level to reduce the temporal dimensionality of multi-echo data while preserving
the BOLD-related network [32]. The individual-level components were then concatenated
across participants to form the input for the group ICA, which was performed in MELODIC
with automatic estimation of the number of components using the MDL criterion.

Group-level spatial maps were back-projected to individuals using dual regression,
yielding subject-specific time series and spatial maps for each network. To characterize the
network dynamics, we computed the fractional amplitude of low-frequency fluctuations
(fALFF) for each component’s time course. fALFF was calculated as the ratio of power
in 0.01–0.08 Hz to the total power across 0–0.25 Hz after demeaning and linear detrend-
ing [35]. Group differences (NF vs. rc-NF) were tested with two-sample t-tests across
72 runs (corrected for the number of components. The p-values were corrected for multiple
comparisons by accounting for the number of components. Voxel-wise group differences
in spatial maps were tested using nonparametric permutation testing (5000 permutations)
implemented in the statistical nonparametric mapping (SnPM) toolbox. Statistical signif-
icance was defined as p < 0.001 at the voxel level and p < 0.05 family-wise error (FWE)
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corrected at the cluster level. Multiple comparisons by accounting for 2 times the number
of components considered to determine the threshold for the significant clusters.

Figure 1. Overview of experimental design and analysis pipeline. (A) Immersive first-person
shooting virtual environment used in the scanner. Participant navigates arena and shoots, while their
movement speed is modulated by neural activity in the supplementary motor area (SMA). Multi-echo
EPI data with four echo times were acquired at the same time. (B) Individual BOLD networks
identification based on three-way decomposition of the ME-EPI data. Components exhibiting BOLD
patterns (bell-shaped) across TEs were identified as BOLD networks. (C) Estimation of group
independent networks from concatenated spatial maps from individuals. (D) Dual regression for
individual spatial maps and time series, and further comparisons.

3. Results
3.1. Group Networks Under BCI Regulation

Sixteen BCI regulation-related group components were extracted across runs and
participants. Visual inspection and anatomical labeling indicated that the vast majority
corresponded to well-known large-scale systems engaged during naturalistic, visually
guided motor behavior (Figure 2). A dorsal attention network component (IC#1) encom-
passed bilateral superior and middle frontal gyri with parietal extensions, consistent with
intraparietal/superior parietal nodes implicated in goal-directed orienting. A primary
visual component (IC#2) covered the occipital cortex with peaks in the lingual gyrus and
intracalcarine cortex, reflecting sustained visual processing in the immersive environment.
Two lateralized sensorimotor components (IC#3 left, IC#12 right) captured the precentral
and postcentral gyri and portions of SMA, showing clear hemispheric segregation aligned
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with typical somatomotor representations. The default mode network was partitioned into
two complementary components (IC#6 and IC#9) that together recapitulated the medial
prefrontal, posterior cingulate/precuneus, and lateral parietal hubs. In addition, the be-
havioral relevance of the data-driven components was established by testing their dual
regression time series against in-game events. The left-lateralized sensorimotor network
(IC#3) showed a reliable coupling with discrete player actions. Its time series correlated
with responses to shooting events in 61 out of 72 runs after multiple-comparison correction
(mean r = 0.38 ± 0.16).

 

Figure 2. Representative spatial maps of BCI regulation-related group components (red, Z > 2.3).
Sixteen independent components were derived from the group ICA, and they corresponded to
common functional systems. IC#1 reflected part of the dorsal attention network. IC#2 demonstrated
the engagement of the visual network (occipital cortex). IC#3 and IC#12 represented left and right
sensorimotor networks, and the time courses of IC#3 are correlated with discrete in-game shooting
events. IC#6 and IC#9 showed patterns of the default mode network.

3.2. Group Difference in Network Dynamics

To assess how neurofeedback altered ongoing network dynamics, we quantified the
fALFF for each component’s time series. After controlling for multiple comparisons across
the sixteen components, a single effect survived correction (Figure 3). The frontoparietal
control network (IC#15) exhibiting the expected dorsolateral prefrontal–inferior parietal
topographies expressed significantly higher fALFF in the NF group than in the rc-NF
group (corrected p = 0.036). Higher involvement of the low-frequency band 0.01~0.08 Hz is
observed (Figure 3C) in the NF group. This indicated stronger low-frequency engagement
of executive control processes under veridical feedback. No other components showed
corrected between-group differences in fALFF, suggesting that neurofeedback selectively
enhanced slow-control dynamics rather than globally elevating low-frequency power
across networks.
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Figure 3. Differences in network dynamics of one control network-related component be-
tween active and reduced contingency neurofeedback groups. (A) IC#15 displayed the dorso-
lateral prefrontal–inferior parietal topographies (red, Z > 2.3). (B) Boxplot of component fALFF
(0.01−0.08 Hz) shows higher low-frequency engagement in NF versus rc-NF. Between-group dif-
ference survived correction across components (corrected p = 0.036). (C) Average power spectra of
individual time courses by group illustrate selectively elevated power in the low-frequency band
under active feedback.

3.3. Group Differences in Spatial Expressions

Voxel-wise comparisons of dual regression spatial maps revealed a complementary
effect on network topology. The salience/ventral attention component (IC#13) displayed
clusters with significant differences between NF and rc-NF groups (FWE corrected p < 0.05;
Figure 4). Three clusters survived after correction (Table 1), with peaks located in the left
inferior parietal, postcentral, middle, and superior frontal gyrus, and left occipital lobe.
Around 20% of the target region of SMA is contained in the large cluster #2. Hence, the
distribution of these clusters overlaps both the neurofeedback target (SMA) and associa-
tive control regions, while extending into the early visual cortex. This pattern indicates
a reweighting of salience-network expression that spans regulatory, sensorimotor, and
sensory nodes during visually guided action. No other components exhibited significant
spatial differences under the threshold, considering the multiple comparisons.

Table 1. Clusters with a significant difference between active and reduced contingency neurofeed-
back groups.

Cluster # Brain Label
Peaks’ MNI Coordinates

t kEx y z

1
Left inferior parietal −48 −46 36 6.17

2532Left postcentral −40 −36 50 5.74
Left inferior parietal −46 −44 52 5.32

2
Left middle frontal −26 36 26 5.78

6704Left superior frontal 20 −30 38 5.71
Left superior frontal −26 −2 −54 5.53
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Table 1. Cont.

Cluster # Brain Label
Peaks’ MNI Coordinates

t kEx y z

3
Left calcarine 16 −80 8 5.25

1354Left middle occipital −44 −68 0 4.54
Left inferior occipital −34 −74 −8 3.78

The regions were labeled according to the automatic anatomical labeling atlas (AAL3). Cluster-level threshold
according to pFWE < 0.0016, considering the multiple comparisons after voxel-level threshold p < 0.001.

 

Figure 4. Differences between active and reduced contingency neurofeedback groups in spatial
expression of a salience/ventral attention component. Spatial map of the salience/ventral attention-
like component (IC#13) derived from group ICA is shown in the top line (red). Three clusters with
group difference were observed near the left inferior parietal, postcentral, middle, and superior
frontal gyrus, and the left occipital lobe (green). Around 20% of the target region of SMA is contained
in the large cluster.

4. Discussion
We used a data-driven, multi-echo-based on group ICA framework and dual regres-

sion to examine whole-brain network responses during BCI regulation embedded in an
immersive first-person shooting virtual environment. Group decomposition recovered
sixteen components that corresponded to common large-scale systems (e.g., visual, dorsal
attention, default mode, sensorimotor, salience, and control networks) as well as task-
specific sensorimotor maps related to VE actions. At the network dynamics level, the
control-related component (IC#15) showed significantly higher fALFF values during active
BCI regulation compared with the reduced contingency control. At the spatial level, IC#13,
which most closely resembled the salience-network topology, exhibited voxel-wise group
differences with clusters near the left inferior parietal, postcentral, middle, and superior
frontal gyrus, and left occipital lobe. Around 20% of the target region of SMA is contained in
the large cluster #2. Together, these results point to distributed, network-level modulation
associated with successful regulation under an immersive BCI task rather than purely local
effects limited to the SMA.

Control network dynamics and self-regulation frontoparietal control networks
(FPCN) flexibly integrate task rules, goals, and sensory evidence to support adaptive
behavior [36,37]. Increased fALFF within FPCN during active neurofeedback suggests
stronger engagement of slow-control dynamics that track self-monitoring, strategy main-
tenance, and error-driven updating, consistent with sustained attention and executive
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monitoring demands in neurofeedback [36,38,39]. fALFF has been interpreted as a proxy
for spontaneous low-frequency activity in resting-state studies [35]. Elevated fALFF under
continuous tasks may indicate persistent, slow control processes required to maintain a
regulation set. The salience network (SAL), anchored in the anterior insula and the dorsal
anterior cingulate with extensions into prefrontal and parietal cortices, is thought to detect
behaviorally relevant events and orchestrate switching between internally oriented (default
mode) and externally oriented (control and attentional) systems [36,40,41]. The observed
spatial reweighting in an SAL/ventral attention component across SMA, lateral prefrontal,
inferior parietal, and occipital regions suggests that veridical feedback enhanced SAL’s
integration with sensorimotor and visual circuits that are critical for visually guided action
and speed control. This aligns with proposals that SAL facilitates rapid reallocation of con-
trol resources and maintains readiness to exploit informative feedback during continuous
behavior. Notably, significant clusters included SMA and precentral gyrus that engaged
during motor imagery and action selection [42], supporting the view that the BCI target is
embedded within a broader salience-control-sensorimotor ensemble.

Our prior ROI-based analyses in this paradigm established that participants could
modulate SMA activity and behavior (movement speed) under active feedback [9]. The
network perspective here extends those findings in two ways. First, it shows that veridical
feedback amplifies slow FPCN dynamics, consistent with more effective executive control
and sustained attention. Second, it reveals an SAL-centered redistribution of spatial ex-
pression across regulatory, motor, and early visual territories. This organization is well
suited to a task where participants must integrate internal regulation goals with rapid
sensory–motor decisions. These results resonate with the “triple-network” framework, in
which interactions among default mode, salience, and control networks shape cognitive
control and its dysfunction [36]. In our immersive BCI, veridical feedback appears to bias
the system toward an SAL-FPCN configuration supportive of regulation.

These observations verified the feasibility of the design of future BCI-based regula-
tion with immersive, semi-naturalistic contexts. Immersive VEs embed neurofeedback in
meaningful sensorimotor contingencies, which can heighten motivation and clarify the link
between brain activity and behavior [9,19,23]. Naturalistic stimuli typically recruit broad,
reliable networks and stabilize inter-individual patterns of activity [24,43]. In our FPS task,
movement speed proved to be an intuitive, high-leverage mapping for participants, where
it immediately affects navigation, risk, and reward, potentially increasing adherence to
regulation strategies [9,44]. Besides the VE, we tested the analysis framework based on
multi-echo data together with group ICA and dual regression. For continuous, interactive
designs where conventional GLMs struggle, ICA identifies meaningful networks and dual
regression yields per-subject time courses and maps suitable for both dynamic and spatial
inference. Together, these methods form clear implications for the design and analysis of
future BCI regulation.

At the same time, several limitations temper the conclusions. While effects survived
conservative correction, the sample is modest. Replication in larger cohorts is needed to
refine effect sizes and to probe inter-individual variability (e.g., gaming expertise). Because
the virtual environment entails continuous motor actions, visual input, and decision-
making, disentangling the specific contribution of neurofeedback from task demands
remains challenging. Individual differences in strategy, motivation, or baseline neural
states may have further influenced the magnitude of network changes. Expanding targets
beyond SMA, like prefrontal or limbic regions, which are less accessible to non-invasive
stimulation, may open new therapeutic avenues. In addition, this study is primarily
descriptive at the network level and was not designed to benchmark supervised decoding
accuracy. Future work may integrate machine-/deep-learning models that can exploit
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temporal dependencies and multiscale structure to decode latent states from VR-BCI
data and to test generalization across tasks and individuals [12–14]. Such approaches are
complementary to the present network-centric analysis and may yield predictors that can
be used for adaptive or personalized neurofeedback. Finally, moving from offline network
metrics toward real-time, network-level feedback represents an exciting, albeit technically
demanding, direction that could close the loop on network-adaptive BCIs.

5. Conclusions
In an immersive fMRI-BCI, SMA-based neurofeedback was associated with selec-

tive modulation of large-scale networks, reflected by higher low-frequency engagement
within a frontoparietal control component and a reweighting of salience-network expres-
sion encompassing SMA, prefrontal, parietal, and occipital regions. These results move
beyond localized SMA modulation to a systems-level account of how BCIs may shape
brain function during real-time behavior. The present findings indicate involvement of
distributed networks; however, they cannot prove specific causal mechanisms. Future
studies incorporating decoding-based models or perturbation methods may further clarify
the functional roles of these networks.
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