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Abstract

Traditional collaborative Brain Computer Interface (cBCI)
pipelines treat participants as independent entities, inadver-
tently suppressing inter-brain neural dependencies critical
for hyperscanning-based tasks. We propose an Inter-brain
Coupling-Constrained Independent Component Analysis (ICC-
ICA) method that incorporates a coupling gradient into the ob-
jective function to preserve shared neural signatures. Validated
on a motor imagery (MI) dataset, our approach demonstrates
that integrating inter-brain constraints does not compromise
signal quality, yielding a stable 1.76% accuracy improvement.
Crucially, functional network analysis reveals enhanced recov-
ery of inter-brain links primarily localized in task-relevant mo-
tor regions. Furthermore, ICC-ICA shows superior retention of
both intra-frequency and cross-frequency coupling across the
entire task duration. These findings demonstrate that explicitly
regularizing the ICA update rule with inter-participant con-
straints effectively safeguards social brain markers, providing
a robust foundation for group-level neural decoding and more
valid collaborative BCI systems.

Keywords: Collaborative brain computer interface; Inter-brain
coupling; Independent component analysis; Functional net-
work; Motor imagery

Introduction
In the past decade, Brain-Computer Interfaces have transi-
tioned from individual-centric to collaborative paradigms (cB-
CIs) (Salvatore et al., 2022), utilizing hyperscanning to ex-
plore social coordination (Carollo and Esposito, 2024; Speer
et al., 2024). However, raw Electroencephalogram(EEG) is
a complex convolved signal where clean neural activity is
deeply masked by intense artifacts. To extract reliable neural
representations, a variety of preprocessing techniques have
been widely adopted, including filtering, Canonical Correla-
tion Analysis (CCA) (Cherloo et al., 2022), Wavelet Trans-
form (WT) (Yan et al., 2023), Empirical Mode Decomposi-
tion (EMD) (Yao et al., 2023), and hybrid methods (Liu et
al., 2021). Among these, Independent Component Analysis
(ICA) (Buchholz et al., 2022; Gao et al., 2022) remains the
most prevalent gold standard. Critically, despite their algo-
rithmic differences, these methods share a common theoretical
premise: they all rely on the statistical independence or mor-
phological separability between effective neural components
and artifacts to achieve denoising.

In standard cBCI pipelines, preprocessing is customarily

applied to each participant individually, antecedent to any
collaborative modeling (Czeszumski et al., 2020). However,
this isolated optimization strategy introduces a fundamental
theoretical paradox. By strictly enforcing statistical indepen-
dence within a single brain to distinguish signals from noise
(Hyvärinen and Oja, 2000), these algorithms inherently dis-
regard the inter-brain coupling structure. Consequently, the
synchronized neural dynamics which are the essence of so-
cial interaction are prone to being misinterpreted as redundant
artifacts or mathematically orthogonalized during this uncon-
strained separation process.

To resolve this conflict between intra-participant indepen-
dence and inter-participant coupling, we propose the Inter-
brain Coupling-Constrained Independent Component Analy-
sis (ICC-ICA) algorithm. Unlike traditional methods, ICC-
ICA integrates an inter-participant coupling gradient into the
ICA optimization framework, ensuring that the separation of
independent components is regularized by the inter-brain syn-
chrony. Furthermore, we developed an automated component
judgment module based on kurtosis and spatial priors to en-
sure efficient and objective artifact rejection.

Our experimental results demonstrate that ICC-ICA signif-
icantly outperforms state-of-the-art (SOTA) models in both
decoding accuracy and the preservation of functional con-
nectivity. Through comprehensive analysis, we identified that
(𝛼−𝛽) cross-frequency coupling serves as a primary bridge for
inter-brain synchronization during collaborative MI tasks. Be-
yond more performance gains, the proposed framework offers
a theoretically grounded solution to the intrinsic dilemma be-
tween intra-brain independece and inter-brain coupling. The
main contributions of this study are summarized as follows:

• We develop a novel coupling-constrained ICA framework
(ICC-ICA) specifically architected for hyperscanning sce-
narios, effectively balancing individual signal purity with
inter-brain dependency;

• We provide empirical evidence that integrating inter-brain
constraints enhances the decoding of collaborative inten-
tions;

• Our findings elucidate the frequency-dependent and tempo-
ral dynamics of inter-brain hyper-connectivity during mo-
tor imagery, providing a deeper understanding of the neural
underpinnings of social coordination.
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Figure 1: The architecture of the proposed ICC-ICA framework. The pipeline consists of three main stages: EEG-based
hyperscanning input from collaborative tasks; The Inter-Brain Coupling-Constrained ICA module, which updates the weight
matrix 𝑊 by integrating both the ICA gradient and the coupling gradient to preserve inter-participant phase-locking while
removing artifacts; Method validation involving MI classification decoding and hyperconnectivity analysis.

Related Works
Hyperscanning-based social interaction and
collaborative multi-brain brain computer interface
Social interaction requires mutual neural adjustment between
individuals. Hyperscanning uses hyper-connectivity met-
rics, like phase synchronization, to characterize inter-brain
coupling during collaborative tasks. Specifically, synchrony
in motor and parietal regions facilitates temporal coordina-
tion, while link strength reflects trust and consensus in joint
decision-making.

Building on this, cBCI have shifted from individual to
group-enhanced systems. By leveraging shared neural signa-
tures, cBCIs integrate multi-brain data to improve decoding
robustness. Here, inter-brain coupling serves as a vital in-
formational bridge for optimizing group performance. Con-
sequently, preserving these coupling signatures during signal
processing is essential for advancing high-performance hyper-
scanning applications.

Pre-processing method for EEG-based
hyperscanning scenarios
Reliable EEG analysis requires effective pre-processing to
eliminate artifacts like Electrooculogram and Electromyogra-
phy (Almutairi et al., 2023; Sharma et al., 2022). Tradition-
ally, ICA has been the cornerstone of single-brain denoising
due to its ability to isolate non-neural sources. However, as

research shifts toward hyperscanning, the limitations of these
individual-centric methods have surfaced.

Currently, the prevailing approach denoises each partic-
ipant separately before analyzing inter-brain dependencies.
This sequential strategy often overlooks the intrinsic correla-
tions between participants. Because standard ICA maximizes
individual non-Gaussianity, it may inadvertently suppress or
distort synchronized inter-brain signatures by treating them as
noise. Consequently, an integrated framework is required to
process dual-brain data simultaneously, ensuring that artifacts
are removed without compromising essential inter-brain links.

Motor imagery mechanism and decoding
MI involves the mental rehearsal of movement, sharing neu-
ral substrates with motor execution. Its primary neuro-
physiological hallmarks are Event-Related Desynchronization
(ERD)(Byrne et al., 2025; Pronina et al., 2023) and Synchro-
nization (ERS) (Bardel et al., 2024; Marques et al., 2022)
within the 𝛼 (8–13 Hz) and 𝛽 (13–30 Hz) rhythms. Tradition-
ally, decoding these patterns relies on the Common Spatial
Pattern (CSP)(Apicella et al., 2022; Lin et al., 2023) to max-
imize variance between classes, often coupled with Linear
Discriminant Analysis(LDA)(Zhao et al., 2024) or Support
Vector Machine for robust intention identification.

However, cBCI adds complexity by requiring the integra-
tion of individual intentions with shared goals. While cBCI
leverages complementary information between participants
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to improve accuracy, performance remains highly sensitive
to signal-to-noise ratios and rhythmic integrity. Since joint
tasks induce subtle inter-brain synchronization, any distortion
of oscillatory components during pre-processing can degrade
classification accuracy. Consequently, effective cBCI decod-
ing demands high-fidelity signals that preserve both individual
ERD/ERS patterns and inter-participant coordination signa-
tures.

Methods
The architecture of the proposed ICC-ICA framework is il-
lustrated in Figure 1. The framework integrates a coupling
constraint module into the decomposition process. After syn-
chronizing EEG signals and applying filtering, the algorithm
explicitly preserves inter-participant phase-locking informa-
tion during the weight matrix update. Finally, reconstructed
signals are used for hyperconnectivity analysis and MI clas-
sification, ensuring that critical social brain markers are pre-
served.

Dual-brain hyperscanning EEG motor imagery
recording

Figure 2: Experimental setup and procedure. (a) Dual-
participant EEG hyperscanning setup for capturing inter-brain
dynamics. (b) The temporal structure of a single trial.

A synchronized dual-brain hyperscanning system was es-
tablished using two Neuroscan SynAmps2/RT amplifiers (Fig-
ure 2a). EEG data were recorded via 62-channel Ag/AgCl
caps (10-20 System) at 1000 Hz with impedance < 5 kΩ. The
paradigm (Figure 2b) comprised a 1.5s cue, 4s motor imagery
task, and 3s rest. In total, 375 trials were acquired for each
participant pair. Twenty-two participants (11 pairs) provided
written informed consent to participate.

Inter-brain coupling-constrained independent
component analysis
independent component analysis ICA is a blind source
separation algorithm primarily used to separate multiple sig-
nals from a mixed signal. Its underlying assumption is that the
source signals belong to non-Gaussian distributions and are
statistically independent of each other. In EEG processing,
the observed scalp signal 𝑋 ∈ R𝑁×𝑇 is considered, where N
represents the number of electrodes and T denotes the num-
ber of recorded time points. The decomposition model for the
established hidden independent sources S is as follows:

𝑋 = 𝐴𝑆 (1)

Where 𝐴 represents the mixing matrix. The goal of ICA is
to find a demixing matrix 𝑊 such that the estimated source
signals 𝑌 = 𝑊𝑋 are statistically as independent as possible,
which is usually achieved by maximizing the non-Gaussianity
of the components or minimizing the mutual information be-
tween components.

However, in traditional cBCI research, ICA is typically cal-
culated independently for each participant. Although this
traditional method can effectively remove eye movement and
electromyographic artifacts from participants, it ignores the
neural dependencies across participants’ brains. By treating
each participant as an isolated entity, standard ICA may inad-
vertently suppress or distort the synchronous neural features
that are crucial for understanding social coordination and joint
task performance in the hyperscanning paradigm.

Inter-brain coupling-constrained module To bridge the
gap in inter-brain dependency preservation, we propose a
coupling-constrained optimization rule. The core innovation
lies in the modification of the gradient descent process by inte-
grating a coupling gradient, 𝑔𝑟𝑎𝑑𝑐𝑜𝑢𝑝𝑙𝑖𝑛𝑔, into the traditional
ICA update framework.

Specifically, the ICA gradient, 𝑔𝑟𝑎𝑑𝑖𝑐𝑎, which ensures the
statistical independence of components within a single partic-
ipant, is defined as:

𝑔𝑟𝑎𝑑𝑖𝑐𝑎 =
1
𝑇
𝑡𝑎𝑛ℎ(𝑌 )𝑋𝑇 (2)

where 𝑌 represents the estimated independent components
and 𝑋 is the observed EEG data. To explicitly safeguard
the neural synchrony between participant pairs, we define the
inter-brain coupling gradient as:

𝑔𝑟𝑎𝑑𝑐𝑜𝑢𝑝𝑙𝑖𝑛𝑔 =
1
𝑇

[
𝑌𝑝𝑎𝑟𝑡𝑖𝑐𝑖 𝑝𝑎𝑛𝑡2𝑋

𝑇
𝑝𝑎𝑟𝑡𝑖𝑐𝑖 𝑝𝑎𝑛𝑡1

𝑌𝑝𝑎𝑟𝑡𝑖𝑐𝑖 𝑝𝑎𝑛𝑡1𝑋
𝑇
𝑝𝑎𝑟𝑡𝑖𝑐𝑖 𝑝𝑎𝑛𝑡2

]
(3)

This term captures the cross-participant interaction by project-
ing the neural activity of one participant onto the observation
space of the other. The final update rule for the unmixing
matrix 𝑊 is formulated as:

𝑊𝑛𝑒𝑤 = 𝑊 + 𝜂 · (𝑔𝑟𝑎𝑑𝑖𝑐𝑎 + 𝜆 · 𝑔𝑟𝑎𝑑𝑐𝑜𝑢𝑝𝑙𝑖𝑛𝑔) (4)

where 𝜂 denotes the learning rate and 𝜆 is a regularization
parameter that controls the trade-off between intra-brain in-
dependence and inter-brain coupling. By incorporating this
constraint, the ICC-ICA algorithm is forced to converge to-
ward a solution that not only identifies clean neural sources
but also prioritizes the retention of shared rhythmic signatures
across the two brains.

Automatic components judgment module To ensure the
standardization and efficiency of the denoising process, we
have implemented an automatic component identification
module that identifies and eliminates artifacts through a sys-
tematic three-step process. Firstly, the module calculates the
kurtosis and Frontal Weight of each extracted IC, aiming to
assess its statistical distribution characteristics and spatial ori-
gin, particularly targeting high-peak myoelectric activity and
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ocular movement artifacts concentrated in the frontal lobe re-
gion. Subsequently, a comprehensive scoring and ranking
mechanism is applied to prioritize each independent compo-
nent based on these quantitative indicators, thereby distin-
guishing between effective neural signals and non-EEG arti-
facts. Finally, in the filtering and zeroing stage, components
exceeding a preset empirical threshold are systematically re-
moved, their corresponding rows in the demixing matrix are
cleared to zero, and the cleaned EEG data are reconstructed
by back-projecting to the electrode space, thus achieving de-
noising while retaining core inter-brain coupling features.

Model setup and verfication
Model parameters and operating environment configura-
tion ICC-ICA and the validation pipeline were implemented
in Python 3.12, leveraging MNE-Python (v1.11) for EEG ma-
nipulation, Scipy (v1.17) for signal processing, and NumPy
for matrix operations.

During optimization, the unmixing matrix 𝑊 was initial-
ized via Gaussian distribution and QR decomposition. We set
the learning rate 𝜂 = 0.01 and the coupling parameter 𝜆 = 0.2
to balance independence and synchrony. Convergence was
defined at 1 × 10−9 (max 200 iterations), with symmetric or-
thogonalization applied each step to prevent component col-
lapse. For artifact rejection, a kurtosis threshold of 5.0 and a
frontal-electrode spatial prior were utilized. All computations
were performed on an AMD Ryzen 9 9950X workstation with
64GB RAM to ensure efficient processing.

Experiments on inter-brain coupling preserving Com-
mon spatial potential and extension for collaborative mo-
tor imagery To evaluate the efficacy of ICC-ICA in preserv-
ing task-relevant features, we employed the CSP algorithm
and LDA classifier as benchmarks. In our collaborative MI
context, the standard CSP was extended to handle the concate-
nated dual-brain signal space and multi-class tasks. For the
three-class problem, we adopted a one-vs-rest (OVR) strategy.
For each class 𝑖, the spatial filter𝑊𝑖 is obtained by solving the
generalized eigenvalue problem:

Σ𝑖𝑊𝑖 = 𝜆(Σ𝑖 + Σ̄𝑖)𝑊𝑖 (5)

where Σ𝑖 is the average covariance matrix of class 𝑖, and Σ̄𝑖 is
the sum of the covariance matrices of the remaining classes.
The feature vector 𝑓 for each trial is constructed by projecting
the joint spatial-temporal matrix 𝐸 using the optimized filters:
𝑍 = 𝑊𝑐𝑠𝑝𝐸 , where 𝑓 = log(var(𝑍)).Subsequently, the LDA
classifier determines the task category by finding a projection
vector 𝑤 that maximizes the ratio of between-class variance
to within-class variance. For multi-class classification, the
decision function 𝑔(𝑥) assigns the input to the class with
the highest posterior probability. By analyzing the resulting
accuracy, we quantified the impact of inter-brain coupling on
the discriminability of 𝜇 and 𝛽 rhythms.

Phase locked value connectivity and extension for collab-
orative motor imagery To quantitatively assess the degree of

preservation of inter-participant neural dependency, we calcu-
lated the trial-averaged Phase Locking Value (PLV) matrices
for all participants across different task categories. PLV is
a widely used metric to quantify the phase synchronization
between two neural signals in a specific frequency band, in-
dependent of their power or amplitude. For two EEG signals
𝑥𝑖 (𝑡) and 𝑥 𝑗 (𝑡), the PLV is defined as:

𝑃𝐿𝑉 =
1
𝑇

����� 𝑇∑︁
𝑡=1

𝑒 𝑗 (𝜙𝑖 (𝑡 )−𝜙 𝑗 (𝑡 ) )

����� (6)

where 𝑇 denotes the number of time points, and 𝜙𝑖 (𝑡) and
𝜙 𝑗 (𝑡) represent the instantaneous phases of the signals at time
𝑡, typically obtained via the Hilbert transform.

To isolate genuine neural coupling from noise, we per-
formed significance testing on PLV values, specifically fo-
cusing on motor-related regions. The count of electrode pairs
exceeding the significance threshold (𝑝 < 0.05) served as
the primary quantitative metric. By comparing the volume
of significant hyper-links between standard ICA and ICC-
ICA, we evaluated the algorithm’s efficacy in preserving so-
cial brain markers. A higher retention of connections in the
ICC-ICA condition would verify that the coupling constraint
effectively prevents the unintentional suppression of inter-
participant synchrony during component decomposition.

Experiments and Results
Comparisons on decoding performance with SOTA
model

Figure 3: Classification accuracy across groups. Performance
is compared among raw data, SOTA, and ICC-ICA methods.
Error bars represent standard errors.

In this section, we evaluate the decoding performance of
our proposed ICC-ICA method against the existing SOTA
processes and benchmark models. The benchmark model
directly processes the raw data using traditional CSP com-
bined with LDA. The SOTA process consists of standard ICA
denoising and the same CSP/LDA classifier. As shown in
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Figure 3, which compares the classification accuracy of each
group, our ICC-ICA method outperforms SOTA in both av-
erage performance and across most groups. Specifically, the
data processed by ICC-ICA achieves a 1.76% improvement
in decoding accuracy compared to the benchmark CSP/LDA,
and a 0.8% improvement compared to the SOTA standard ICA
process. These results indicate that, while traditional ICA only
focuses on individual independent components, by introduc-
ing inter-brain coupling constraints, it can effectively preserve
more discriminative neural information, thereby achieving
more robust decoding in collaborative motor imagery tasks.

Inter-brain coupling analysis using PLV-based
hyperconnectivity

Figure 4: Distribution of significant hyper-connectivity links
across intra- and cross-frequency bands.

To investigate the impact of the coupled constraint mod-
ule on interbrain neural dependency, we conducted a com-
parative hyperconnectivity analysis using PLV. As shown in
Figure 5, we counted the number of hyperconnectivity pairs
that passed the significance test (𝑝 < 0.05) within the motor-
related regions across all groups. The experimental results
indicated that, compared to the group without using ICC-
ICA constraints, the data processed by ICC-ICA exhibited
significantly higher numbers of hyperconnectivity pairs in all
participant pairs. This enhancement was particularly con-
centrated in task-related motor areas (such as C3, Cz, and
C4), suggesting that traditional ICA, while pursuing individ-
ual component independence, inadvertently filters out cross-
brain synchronous neural oscillations. By explicitly incor-
porating inter-participant constraints in the update rule, ICC-
ICA effectively preserves these critical social brain markers,
providing a more robust physiological foundation for under-
standing interbrain coordination during collaborative motor
imagery.

Table 1: Decoding accuracy for 11 groups under three fre-
quency settings. Bold numbers denote the best performance
for each group.

Group (𝛼, 𝛼) (𝛼 ⇐⇒ 𝛽) (𝛽, 𝛽)
1 32.80±2.17 37.60±5.88 65.60±7.56
2 30.40±6.44 32.80±6.95 43.47±5.17
3 35.20±3.11 39.47±3.53 37.60±6.50
4 34.40±4.17 35.87±4.16 35.47±5.17
5 38.67±4.22 44.94±4.91 84.80±4.81
6 29.07±5.56 34.94±3.66 44.80±2.61
7 32.00±3.96 34.00±4.90 38.13±2.75
8 35.20±7.19 37.73±6.32 38.40±9.63
9 35.47±5.63 35.87±7.52 42.67±2.92
10 37.87±3.33 36.40±2.02 54.13±2.87
11 34.40±4.41 37.07±3.13 38.93±5.02

Inter-brain coupling and decoding analysis using
intra and inter frequency bands in motor imagery
To further investigate the frequency characteristics of collab-
orative neural patterns, we conducted a comparative analy-
sis of different combinations of intra-frequency and cross-
frequency. The decoding performance under different fre-
quency configurations is shown in Table 1. The results indi-
cate that in the vast majority of participant pairs, the 𝛽 band
exhibits the highest classification accuracy, highlighting its
central role in representing motor imagery intentions. The 𝛼

band and its cross-frequency interaction with the 𝛽 band also
demonstrate certain classification performance.

Table 2: Decoding accuracy across varying segment lengths
(1s, 2s, 4s). Bold numbers denote the highest accuracy
achieved for each group.

Group 1s 2s 4s

1 58.95±1.04 66.67±1.09 72.87±2.60
2 47.68±1.00 47.30±1.28 55.73±0.86
3 37.72±0.32 36.13±1.02 35.67±2.65
4 34.62±0.36 32.93±0.38 32.27±1.42
5 72.40±0.19 79.17±0.40 86.27±0.55
6 45.78±0.25 49.03±0.77 49.33±0.84
7 38.88±0.68 38.03±1.06 34.87±1.34
8 42.65±5.33 36.93±3.22 39.40±3.90
9 42.05±0.36 42.43±1.35 42.47±2.71
10 48.98±0.99 50.27±1.28 51.40±1.58
11 37.55±1.07 38.87±1.65 35.67±1.68

Interestingly, the hyperconnectivity preservation results
shown in Figure 4 reveal a unique pattern: the highest number
of significant interbrain functional connections is observed
at the intersection (cross-frequency) of 𝛼 and 𝛽 bands. Al-
though 𝛽 oscillations are closely related to local motor ex-
ecution and imagination, (𝛼 − 𝛽) cross-frequency coupling
appears to serve as the main bridge for interbrain synchro-
nization during common tasks. This difference suggests that,
while local decoding heavily relies on 𝛽 rhythms, the co-
ordination between participants is more robustly manifested
through cross-frequency spectral interactions between 𝛼 and
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Hyper-connectivity with significant difference
Number 

of hyper-
links

1 110 / 168

2 34 / 92

3 49 / 121

4 70 / 87

5 60 / 87

6 31 / 92

Hyper-connectivity with significant difference
Number 

of hyper-
links

7 41 / 69

8 35 / 91

9 68 / 74

10 68 / 75

11 41 / 55
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Figure 5: Visualization of significant inter-brain hyperconnectivity across groups. The comparison reveals the difference
between the baseline (left) and the proposed ICC-ICA (right). The numerical column indicates the count of links, highlighting
that ICC-ICA explicitly preserves critical synchronous neural oscillations in motor-related areas.

𝛽 oscillations, which are effectively restored by our ICC-ICA
algorithm.

Inter-brain coupling and decoding analysis using
different temporal segmentation in motor imagery
We further evaluated the influence of window duration (1s, 2s,
4s) on decoding accuracy and coupling stability. As shown
in Table 2, decoding performance positively correlated with
window length, with 4s segments achieving the highest accu-
racy, suggesting that longer integration enhances oscillatory
feature discrimination.

Conversely, hyper-connectivity analysis (Figure 6) revealed
an inverse trend: shorter segments (1s) yielded the highest
number of significant links but exhibited larger standard devi-
ations. This indicates that while brief windows capture tran-
sient synchronization, they are prone to statistical noise and
spurious correlations. Longer segments provide a more con-
servative but robust estimation of inter-brain coupling. These
findings highlight a critical trade-off between sensitivity to
dynamic fluctuations and the statistical reliability of neural
markers.

Conclusion
We propose ICC-ICA, a framework integrating coupled gra-
dients to resolve the trade-off between artifact removal and
inter-brain dependency preservation. The method outper-
forms standard ICA and CSP/LDA benchmarks, improving

Figure 6: Distribution of hyper-links detected under varying
segment lengths.

decoding accuracy by 0.8% and 1.76%, respectively, while
significantly enhancing the detection of PLV-based motor con-
nectivity. Neurophysiological analyses reveal that while 𝛽

rhythms dominate local decoding, (𝛼 − 𝛽) cross-frequency
coupling drives social coordination. The ICC-ICA provides a
robust foundation for advancing collaborative BCI and hyper-
scanning research.
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