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Abstract
Background

Upper-limb impairment after stroke is primarily characterized by the emergence and resolution of spastic
synergies. Brunnstrom staging captures these recovery phases and provides a clinically grounded
framework for studying cortical reorganization. Applying functional near-infrared spectroscopy (fNIRS)
during ecological gross-motor tasks introduces task-related systemic hemodynamic artifacts that
obscure focal cortical signals. This study aims to determine whether an EEG-informed multimodal
framework can effectively mitigate these artifacts and extract stage-sensitive patterns of cortical
reorganization.

Methods

After multimodal quality control, 32 participants with stroke (Brunnstrom stages IlI-VI) and 15 healthy
controls were enrolled. EEG and fNIRS were recorded simultaneously during an auditory-cued unilateral
arm-raising task with concomitant fist clenching, comprising movement initiation, sustained elevation,
and rest. Our framework combined Filter Bank Common Spatial Pattern (FBCSP) with an EEG-informed
General Linear Model (GLM). FBCSP extracted focal sensorimotor features, while EEG-derived motor-
intention regressors improved GLM modeling of task-related hemodynamic responses. Model
performance was evaluated using R? and AAIC, and feature discriminability using AUC from a linear
discriminant analysis (LDA) classifier.

Results

The proposed FBCSP-GLM framework demonstrated improved model fit and spatial discriminability
compared with conventional analytical approaches. Participant-level FBCSP estimates revealed a
distinct non-linear, stage-associated trajectory of cortical reorganization. Specifically, the FBCSP-derived
EW-LI significantly decreased from 0.46 at Stage Il to - 0.55 at Stage IV, and rebounded to 0.13 at Stage
V. The target-M1 response t-score similarly dropped from - 0.06 to - 1.05 before increasing to 0.85 at
Stage V (all FDR-corrected g < 0.01). The standard GLM did not capture these stage-associated patterns,
as its corresponding comparisons did not survive FDR correction.

Conclusions

By improving hemodynamic model fit during ecological gross-motor execution, the EEG-informed
multimodal framework reveals cortical reorganization patterns associated with post-stroke synergistic
recovery stages. Its artifact-resilient EW-LI and target-M1 response t-score provide a robust
computational assessment of neural state transitions.
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Background

Upper limb motor impairment after stroke severely limits functional independence, often characterized
by the loss of independent joint control and the emergence of involuntary spastic synergies [1-4].
Tracking the transition through these pathological phases is essential for personalized
neurorehabilitation [5]. In clinical practice, continuous scales such as the Fugl-Meyer Assessment (FMA)
serve as the gold standard for finely quantifying sensorimotor impairment severity. However, post-stroke
motor recovery is not a strictly linear process; it involves the emergence and subsequent resolution of
abnormal muscle synergies. To systematically map this nonlinear pathological evolution, the Brunnstrom
staging system provides a crucial complementary clinical reference. By delineating the physiological
thresholds between obligatory synergies and isolated motor control, it captures the onset, progression,
and dissolution of spasticity [6, 7]. Aligning multimodal neuroimaging responses with ordered
Brunnstrom stages provides a mechanistic framework to objectively investigate the discrete neural state
transitions that occur as the brain overcomes maladaptive plasticity [8—10].

To decode the neural mechanisms underlying these stage-specific transitions, non-invasive
neuroimaging modalities, such as electroencephalography (EEG) and functional near-infrared
spectroscopy (fNIRS), are increasingly employed [11, 12]. Task-evoked brain responses during ecological
gross-motor tasks, such as robot-assisted training, are particularly valuable as they engage motor
execution circuits more directly than resting-state paradigms [13-15]. However, acquiring high-fidelity
neural signals during dynamic interventions presents significant methodological challenges. Naturalistic
upper limb movements inevitably induce task-correlated systemic hemodynamic fluctuations, Valsalva-
like physiological noise, and trunk-compensatory motion artifacts [16—18]. Conventional analytical
approaches, including standard general linear models (GLM) or isolated time-frequency decompositions,
struggle to robustly separate focal motor-execution intents from diffuse systemic noise [19].
Consequently, relying on single-modality or single-parameter connectivity measures is often biased by
these spatially diffuse artifacts, rendering longitudinal functional assessments unreliable [20].

Mapping the neural dynamics of synergistic recovery requires quantifying continuous physiological
variance to track the metabolic demands of overcoming spasticity. Therefore, optimal neural feature
extraction must be evaluated by its goodness-of-fit (R?) to physiological dynamics and balanced against
model parsimony (Akaike information criterion, AIC) to penalize noise-driven overfitting [23]. Fusing
multimodal data with advanced spatial filtering algorithms optimized for these criteria is critical to
mitigating the pseudo-connectivity issues prevalent in conventional optical neuroimaging [20, 24].

To address this methodological gap, this study proposes a multimodal framework combining EEG-
informed filter bank common spatial pattern (FBCSP) feature extraction with a trial-concatenated GLM
for fNIRS analysis. High-temporal-resolution EEG priors were used to construct spatially filtered motor-
intention regressors, while participant-level GLM statistics were summarized across prespecified
sensorimotor (ROIs). By aligning these artifact-resilient statistical summaries with ordered Brunnstrom
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stages, this framework aims to systematically map the non-linear cortical dynamics associated with the
emergence, exacerbation, and resolution of spastic synergies

In this work, we aim to determine whether, supported by an EEG-informed FBCSP-GLM multimodal
framework, we can effectively mitigate severe systemic hemodynamic artifacts to extract stage-
sensitive patterns of cortical reorganization in individuals with stroke. This approach has the potential to
address a critical methodological limitation in current non-invasive neuroimaging and BCl-based
rehabilitation strategies: achieving robust decoding of endogenous sensorimotor intentions while
preserving the ecological validity of unassisted gross-motor execution. By yielding artifact-resilient, non-
linear statistical features across progressive recovery phases, this framework lays the computational
groundwork for developing future state-aware, assist-as-needed robotic neurorehabilitation systems.

Methods
Participants and Clinical Assessment

Following multimodal data quality control, 32 male individuals with subacute stroke and 15 healthy male
controls (HC; mean age: 25.7 + 2.5 years; all right-handed) were included in the final analysis. The clinical
cohort was restricted to males because proximal upper-limb and torso sensor placement requires partial
upper-body exposure. The inclusion criteria for the stroke cohort were: (1) first-ever unilateral ischemic
or hemorrhagic stroke confirmed by neuroimaging; (2) sufficient cognitive capacity to follow
experimental instructions (Mini-Mental State Examination = 24); and (3) absence of severe aphasia or
other severe concurrent neurological disorders. Individuals in Brunnstrom stages | (flaccid paralysis) and
Il (minimal voluntary synergistic activation) were excluded because they lack the ability to autonomously
initiate voluntary movements, rendering them unable to complete the active upper-limb motor task
required for the multimodal (EEG-fNIRS) acquisition in this study. Healthy controls were required to have
no history of neurological or psychiatric disorders to establish a normative neurovascular baseline. This
cross-sectional study was conducted at the Department of Rehabilitation Medicine, the First Hospital of
Jilin University, Changchun, China. The study protocol was approved by the Institutional Ethics
Committee of the First Hospital of Jilin University (Approval No. 25K019-001) and conducted in
accordance with the Declaration of Helsinki. Written informed consent was obtained from all
participants before enrollment.

To evaluate motor recovery, the participants with stroke were stratified according to their Brunnstrom
motor recovery stages (Stages IlI-VI). Brunnstrom staging was selected as the primary clinical metric
because it defines discrete phases of post-stroke motor recovery, accurately capturing the emergence,
exacerbation, and dissolution of obligate synergistic patterns [6, 25]. This stage-based grouping provides
a mechanistic framework to examine cortical state transitions during recovery from maladaptive
synergy, complementing continuous kinematic assessments. Detailed demographic and clinical
characteristics, including the stage distribution, are summarized in Table 1.
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Table 1
Demographic and clinical characteristics of participants with stroke by Brunnstrom stage.

Characteristics Stroke Cohort (n = 32) Healthy Controls (n = 15)
Age (years), mean =+ SD 54.4+10.9 25.7%25

Sex (Male/Female), n 32/0 15/0

Pre-stroke Handedness (Right/Left), n 32/0 15/0

Time since stroke (months), mean+SD  4.5+1.8 (range: 1.0-8.5) N/A

Hemiplegic side (Left/Right), n 16/16 N/A
Brunnstrom Stage (l1I/IV/V/VI), n 8/8/8/8 N/A
Stroke Type (Ischemic/Hemorrhagic),n 32/0 N/A
MMSE Score, mean + SD 26.6+1.6 N/A

SD = Standard Deviation; N/A = Not Applicable.

Experimental Paradigm and Multimodal Acquisition

As shown in Fig. 1, an auditory-cued, unilateral arm-raising task was utilized as an ecologically valid
gross-motor paradigm. This unassisted, multi-joint dynamic task challenges the compromised
corticospinal integrity of stroke individuals, thereby naturally evoking pathological spastic synergies and
pronounced task-correlated systemic hemodynamic fluctuations [26]. Consequently, it provides a robust
clinical scenario to evaluate the artifact resilience of the proposed multimodal framework, avoiding the
confounding somatosensory feedback introduced by robotic assistance [11].

Each 20-s trial was initiated by an auditory cue, followed by approximately 2s of movement initiation, 6 s
of sustained arm elevation with concomitant fist clenching, and subsequent arm lowering into a resting
phase. Cortical signals were recorded using a synchronized multimodal EEG-fNIRS system. Continuous
EEG data were acquired at 1000 Hz via a wireless system (NeuSen W, Neuracle, China), with spatial
filtering restricted to 8 motor-related channels to optimize computational efficiency. Concurrently,
hemodynamic responses (at 730 and 850 nm wavelengths) were monitored at 11 Hz using a 20-channel
portable fNIRS system (NirSmart, China) covering the bilateral primary motor (M1), premotor cortex
(PMC), and primary somatosensory (S1) cortices. The two modalities were aligned using a hardware
synchronization box. After quality control, 87 valid motor-execution runs were retained. Each run
comprised ten 20-s trials. For algorithmic benchmarking (R? and AIC), evaluation was performed at the
run level.

Multimodal Signal Preprocessing
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All offline signal preprocessing and algorithm implementation were performed using custom scripts in
the MATLAB R2021a (MathWorks, USA) environment, supplemented by the EEGLAB (v2025.1.0) and
Homer3 (v2.8.0, patch 2.1) toolboxes.

For the fNIRS data, raw optical densities were converted into oxygenated (HbO) and deoxygenated
hemoglobin (HbR) concentration changes using the modified Beer-Lambert law, followed by zero-phase
bandpass filtering (0.01-0.1 Hz). Subsequent analyses exclusively utilized HbO due to its superior
signal-to-noise ratio.

For the EEG data, continuous signals were down-sampled to 500 Hz, bandpass-filtered at 1-80 Hz,
notch-filtered at 50 Hz and re-referenced to the common average. Corrupted channels were
reconstructed via spherical spline interpolation. Independent component analysis (ICA) with ICLabel was
then applied to identify and remove ocular and myogenic artifacts. Finally, trials with peak-to-peak EEG
amplitudes exceeding an absolute Z-score of 2.5 were excluded. The retained artifact-free trials were
temporally concatenated for continuous GLM analysis.

Spatial Filtering and Feature Extraction

An EEG-informed spatial filtering framework was implemented to mitigate the volume conduction effects
of EEG and the limited spatial resolution of fNIRS [27]. Specifically, the FBCSP algorithm, evaluated via a
leave-one-out cross-validation (LOOCV) approach, was employed to extract focal motor-intention
features [28].

EEG signals from the eight ROl channels were decomposed into narrow frequency bands covering the p
(8-12 Hz) and B (13-30 Hz) ranges to capture distinct sensorimotor rhythms. For EEG-informed
regression, motor-related oscillatory features were extracted from the peri-movement window spanning
- 1 to 2s relative to movement-command onset, capturing cue-induced motor preparation and early
movement initiation preceding the delayed hemodynamic response.

In each LOOCYV iteration, the spatial projection matrix W was optimized on the training trials by
maximizing the Rayleigh quotient:

WTE taskW

T(W) = e

(010

where >’ task @nd > rest T€Present the spatial covariance matrices of the motor execution and resting
phases, respectively. The optimized matrix W was then applied to the unseen hold-out test trials.
Instantaneous power envelopes of the extracted components were computed via the Hilbert transform
to serve as neural precursors. These EEG-derived features effectively captured the early sensorimotor
neural dynamics associated with motor intent generation, providing a precise temporal prior for the
subsequent hemodynamic modeling.
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For algorithmic benchmarking, three alternative frameworks were evaluated under the same LOOCV
protocols: Task-related component analysis (TRCA) as a spatial filtering reference, Complete ensemble
empirical mode decomposition with adaptive noise (CEEMDAN) as a temporal decomposition reference,
and the standard GLM as a baseline.

EEG-Informed GLM Integration

A concatenated-trial, EEG-informed GLM framework was employed to model HbO responses across
repeated motor executions [28]. The augmented design matrix contained an intercept, a global-signal
nuisance regressor, the canonical task hemodynamic response function (HRF) and its temporal
derivative, left- and right-hemisphere EEG-informed regressors, their interaction, and discrete cosine
transform (DCT) drift terms. The standard GLM contained the intercept, global-signal nuisance regressor,
canonical task HRF and derivative, and the same DCT terms.

The canonical task regressor modeled the instructed 8-s physical motor-execution period. The cross-
validated EEG power envelopes captured early motor-intention-related activity, were resampled to 11 Hz,
and were convolved with the canonical HRF before inclusion as left- and right-hemisphere EEG-informed
regressors. The global signal and DCT basis functions (128-s cutoff) were included as nuisance terms.
Model-level R? and AIC were calculated from the complete fitted models.

Yo = B+ B1Xgobal + B s Xper + B 3Rsta + B 4Ryy + BsRepc.L + B ¢ReEG.R
+8; (Reper * Remcr) +€ (2)

For the standard GLM, the channel statistic stored as tg;,,44, COrresponded to the canonical task-HRF
coefficient. For the EEG-informed models, the stored channel statistic (e.g., trgpsp) corresponded to the
hemisphere-matched EEG-informed regressor: the right EEG regressor for right-hemisphere fNIRS
channels and the left EEG regressor for left-hemisphere channels. These two statistics represent distinct
model predictors-canonical task timing versus endogenous neural dynamics. They were evaluated in
parallel as competing analytical pipelines to directly demonstrate the methodological difference between
integrating EEG neural priors and conventional task-locked modeling.

Model estimation utilized generalized least squares (GLS) with a first-order autoregressive [AR (1)]
iterative fitting procedure to correct for serial correlations [28]. Statistical inferences were derived using
Heteroskedasticity and autocorrelation consistent (HAC) robust covariance estimators. Temporal signal
artifacts were excluded using a 1.5 x IQR criterion before downstream clinical analysis.

Evaluation Metrics and Clinical Reorganization Biomarkers

The proposed multimodal framework was evaluated through a tiered progression from model fidelity to
neurophysiological interpretation:
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1. Modeling Efficacy (R? and AAIC): The coefficient of determination (R%) was used to assess
goodness-of-fit to physiological variance, and AAIC was used to evaluate model parsimony relative
to the standard GLM baseline.

2. Spatial Discriminability (AUC): AUC was calculated within the neurotypical cohort to quantify feature
separability while avoiding confounding by stroke-related pathological lateralization.

3. Clinical Reorganization Summaries: EW-LI and the target-M1 response t-score were used as
dimensionless summaries of model-specific channel-wise GLM t-statistics across Brunnstrom
groups.

Conventional dynamic thresholding methods (e.g., the Wilke method) were developed for high-density
fMRI data and can be skewed by isolated outlier channels when applied to sparse fNIRS arrays [19]. To
account for the spatial sparsity of the fNIRS montage, we used an ROI-based positive-statistic
formulation to calculate the Extent-weighted laterality index (EW-LI). This study-specific measure
emphasizes both the magnitude and spatial extent of positive-valued channel statistics.

For each hemisphere H, the regional statistical weight was defined as Wy = ng. x Y, (¢]t; > 0),
where ny, is the number of ROI channels with positive model-specific GLM t-statistics. Equivalently,

Wy = (ny)® x mean (t;|t; > 0); the formulation therefore intentionally applies additional
weighting to spatial extent. EW-LI was then calculated from the target- and non-target-hemisphere
weights as shown below.

vvtarget - Wmmtarget

EW o LI - Marget+Wnontarget

(3)

The criterion t > 0 selected the positive direction of the statistic and was not a statistical-significance
threshold. If both regional weights were zero, EW-LI was recorded as missing. Otherwise, EW-LI ranged
from - 1 to + 1: positive values indicated greater target-hemisphere weighting, negative values indicated
greater non-target-hemisphere weighting, and zero indicated equal weighting. The target hemisphere
was defined as the hemisphere contralateral to the moving hand.

The target-M1 response t-score was calculated as the arithmetic mean of the unthresholded, channel-
wise model-specific GLM t-statistics in the predefined target-hemisphere M1 ROI. Positive and negative
values were retained. This standardized ROl summary quantifies the robustness of the focal
neurovascular response associated with the selected motor-intention regressor.

Statistical Analysis

Participant-level analyses included 32 individuals with stroke (8 per Brunnstrom stage, IlI-VI) and 15
healthy controls (N = 47 total). Stage groups were treated as independent, while FBCSP and standard
GLM estimates from the same individual were paired. Group means are reported with 95% confidence
intervals (Cls). Between-group comparisons (llI-1V, IV-V, V=VI, and VI-HC) were evaluated using two-
sided Mann—Whitney U tests for the EW-LI and Welch's t-tests for the target-M1 response t-score. To
control for multiple testing, the Benjamini—Hochberg false discovery rate (FDR) correction was applied
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separately within each metric and analytical method. Furthermore, Stage V-minus-IV mean contrasts
were quantified using Welch—Satterthwaite 95% Cls. Direct between-method performance across this
transition was assessed by comparing participant-level FBCSP-minus-Standard differences via Welch's t-
tests, with FDR correction applied across the two metrics.

Results

Algorithmic Validation and Signal Fidelity

The FBCSP-GLM framework was first evaluated at the algorithmic level using 87 valid motor-execution
runs retained after artifact rejection and quality-control procedures. Its performance was compared with
the standard GLM baseline, the spatial filtering method (TRCA) and the temporal decomposition method
(CEEMDAN).

Goodness-of-Fit and Model Parsimony

The FBCSP-GLM framework was evaluated at the algorithmic level using the 87 valid motor-execution
runs retained after artifact rejection and quality control. Signal fidelity and model complexity were

quantified using R? and AIC (Fig. 2). Across the 87 runs, the EEG-informed FBCSP-GLM framework
demonstrated improved model fidelity compared to the standard GLM baseline, evidenced by higher

goodness-of-fit (mean A R? = + 0.014) and enhanced parsimony (mean A AIC =-122.58). This indicates
that the FBCSP spatial filters effectively extracted true neurovascular variance.

A bi-metric quadrant analysis was subsequently employed to directly compare FBCSP with TRCA. FBCSP
descriptively outperformed TRCA, simultaneously achieving higher R? and lower AIC in 56.3% (49/87) of
the runs. An additional 5.7% (5/87) showed higher R? without improved AIC, yielding a total of 62.1%
(54/87) runs with higher R%. Conversely, lower AIC without improved R? was observed in 4.6% (4/87) of
the runs. TRCA achieved both higher R? and lower AIC in 33.3% (29/87) of the runs. While CEEMDAN

reduced temporal drift, it did not optimize spatial variance, resulting in lower R? gains than spatial
filtering methods.

Spatial Discriminability of Motor Intent

We next examined whether the improved signal fidelity translated into spatial separation of motor-related
activity. Area under the curve (AUC) was utilized to quantify the discriminability between the target M1
and contralateral non-target regions within the neurotypical cohort.

The standard GLM yielded a baseline spatial discriminability with a mean AUC of 0.66 + 0.10 (Fig. 3).
Application of CEEMDAN decreased this discriminability (mean AUC = 0.62 + 0.09), likely reflecting the
over-smoothing of task-evoked hemodynamic peaks. In contrast, spatial filtering approaches enhanced
topographical separability: TRCA increased the mean AUC to 0.71 £ 0.12, while FBCSP achieved the
highest classification performance (mean AUC =0.73 £ 0.12). These results align with established BCI
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performance benchmarks [29], demonstrating the efficacy of FBCSP in isolating focal motor-execution
features from diffuse systemic artifacts.

Stage-Associated EW-LI and Target-M1 Response t-Score Patterns

Following algorithmic validation, participant-level EW-LI and target-M1 response t-scores were evaluated
across Brunnstrom groups IlI-VI and healthy controls (Fig. 4). FBCSP and Standard results are
presented in separate panels to delineate the specific response patterns extracted by the EEG-informed
versus canonical task regressors.

Stage-Associated Pattern of Interhemispheric
Lateralization

For the FBCSP EEG-informed regressor, the EW-LI exhibited a distinct Stage IV-centered decrease-and-
rebound pattern. Mean EW-LI significantly decreased from 0.46 at Stage Il to - 0.55 at Stage IV (BH-FDR
g =0.001), indicating a pronounced shift toward contralesional hemisphere weighting. Subsequently, it
significantly increased to 0.13 at Stage V (g = 0.004). Mean EW-LI was 0.26 at Stage VI and 0.43 in
healthy controls; neither the Stage V-VI comparison nor the separate Stage VI-HC comparison was
significant (both g = 0.328) (Fig. 4A).

The Standard canonical task regressor did not capture this dynamic lateralization shift. Mean EW-LI
values were 0.49, - 0.17,0.05, 0.25, and - 0.05 at Stages IlI, IV, V, VI, and in healthy controls, respectively
(Fig. 4B). None of the four comparisons survived FDR correction (llI-1V g = 0.152; IV-V, V=-VI, and VI-HC
g =0.599).

Stage-Associated Pattern in the Target-M1 Response t-Score

Consistent with the EW-LI findings, the FBCSP-derived target-M1 response t-score showed a
corresponding Stage IV-centered decrease-and-rebound pattern. The mean significantly decreased from
- 0.06 at Stage Il to - 1.05 at Stage IV (g < 0.001), reflecting the nadir of ipsilesional localized activation.
This was followed by a significant neuroplastic rebound, increasing to 0.85 at Stage V (Stage V-minus-IV
mean contrast = 1.90, 95% Cl 1.18 t0 2.62; ¢ < 0.001) (Fig. 4C). The mean was 1.07 at Stage VI and 0.81
in healthy controls; neither the Stage V-VI comparison (q = 0.534) nor the separate Stage VI-HC
comparison (g = 0.529) was significant.

In contrast, estimates derived from the Standard task regressor lacked the sensitivity to map these early-
to-mid recovery dynamics. Mean target-M1 response t-scores were 0.81, - 0.89, - 0.54, 1.40, and 1.26 at
Stages llI, IV, V, VI, and in healthy controls, respectively (Fig. 4D). The Stage llI-IV and Stage IV-V
comparisons did not survive FDR correction (q = 0.242 and q = 0.833, respectively). While the Stage V-VI
comparison was significant (q = 0.026), the separate Stage VI-HC comparison was not (q = 0.833).
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Topographical Mapping of Model-Specific Response
Statistics

To facilitate visualization and group-level comparisons, all topographical maps were spatially flipped
such that the executing limb corresponds to the left hand. Consequently, the right hemisphere uniformly
represents the target motor cortex (i.e., contralateral to the movement for healthy controls, and the
ipsilesional hemisphere for individuals with stroke). 3D topographical brain maps were generated for
individuals whose EW-LI most closely approximated the group median for each Brunnstrom stage and
the healthy control cohort, as shown in Fig. 5.

The FBCSP-derived topographical maps visually paralleled the stage-associated statistical patterns.
Healthy controls exhibited typical focal activation in the target (right) sensorimotor areas. At Stage ||,
the FBCSP maps showed overall faint activation, with slight engagement localized primarily to the target
PMC, consistent with severely impaired descending motor drive. At Stage 1V, cortical activation was
predominantly observed in the non-target (contralesional, left) hemisphere, alongside only weak
activation in the target hemisphere. This visually captures the compensatory reliance on uncrossed
pathways and aligns with the nadir of the Stage IV-centered decrease-and-rebound pattern. At Stage V,
the activation pattern became bilateral, but with more pronounced engagement shifting back to the
target (ipsilesional) hemisphere, reflecting the neuroplastic effort associated with overcoming
pathological synergies. At Stage VI, the maps demonstrated a return to target-hemisphere dominance,
closely resembling the focal pattern observed in healthy controls [30].

Conversely, topographical maps derived from the standard GLM exhibited more diffuse and variable
spatial distributions across these stages, which did not clearly delineate this specific stage-associated
neuroplastic trajectory. Taken together, the visual and statistical evidence suggests that the FBCSP-GLM
framework provides a more distinct mapping of non-linear cortical reorganization during post-stroke
motor recovery.

Discussion

This study proposed and validated an EEG-informed FBCSP-GLM framework for decoding discrete,
stage-specific neurophysiological trajectories of upper-limb motor restitution after stroke. By accounting
for the temporal dissociation between neuronal activity and hemodynamic responses, our approach
successfully extracted artifact-resilient neural features during unassisted gross-motor tasks. Leveraging
this refined multimodal analytical strategy, we identified a non-linear EW-LI pattern and a pronounced
Stage IV-centered decrease-and-rebound pattern in the target-M1 response t-score spanning Stages Il to
V. These findings underscore the critical value of anchoring neurovascular assessments to
mechanistically grounded, stage-specific clinical metrics to decode the emergence and recovery of
spastic synergies.

Overcoming Systemic Artifacts via Spatial Deconvolution
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A persistent challenge in neurorehabilitation imaging is that active, unassisted gross-motor tasks induce
systemic hemodynamic fluctuations (including Valsalva-like responses) along with compensatory trunk
movements [19, 26, 31]. Our algorithmic benchmarking demonstrated that the proposed FBCSP-GLM
framework yielded superior signal fidelity and spatial discriminability compared to the standard GLM and
temporal decomposition techniques (e.g., CEEMDAN). By integrating high-temporal-resolution EEG
priors, the spatial filtering approach effectively mitigates diffuse systemic artifacts, offering a more
robust and accurate representation of true focal neurovascular coupling. This capability addresses a
critical methodological challenge in ecological neuroimaging, allowing for a more sensitive evaluation of
endogenous cortical activity during high-effort dynamic tasks.

Interpreting the Stage-Associated EW-LI and Target-M1
Response Patterns

Clinically, Stage IV marks the initial decline of spasticity and the critical turning point where patients first
attempt to deviate from obligatory synergies. Our analysis captured a pronounced V-shaped nadir in
network lateralization (negative EW-LI) and a negative target-M1 offset precisely at this stage. This
substantial contralesional activation reflects the immense neural transmission resistance and metabolic
load encountered when the motor system attempts to break rigid synergies to recruit isolated
movements. Because the recovering ipsilesional corticospinal tract (CST) remains insufficient to
independently drive this nascent isolated control, the system heavily recruits the contralesional
hemisphere and uncrossed descending pathways as a phase-specific compensation. This intense,
effort-driven transcallosal network shift directly drives the observed EW-LI nadir. Subsequently, the
transition to Stage V demonstrates a positive ipsilesional target-M1 rebound, reflecting the successful
re-engagement of the ipsilesional network to solidify isolated joint control [8, 33]. Overcoming obligatory
synergies requires the recovering ipsilesional hemisphere to actively suppress contralesional
reticulospinal interference while recruiting surviving CST fibers [32]. Our EEG-informed framework
successfully captured this heightened neuroplastic demand, demonstrating a positive ipsilesional target-
M1 rebound at Stage V. In contrast, the standard GLM did not detect this discrete phase transition,
highlighting the enhanced sensitivity of our multimodal methodology to localized target-M1 responses.
This positions the FBCSP-derived t-score as a highly promising neuroimaging biomarker for stage-
specific motor restitution.

Clinical Implications for Neurorehabilitation and BCI

The ability to accurately decode these discrete neuroplastic phase transitions holds substantial
implications for the optimization of next-generation brain-computer interface (BCl) systems. Current BCI
paradigms frequently extract neural features during robot-assisted movements; however, continuous
mechanical torque and peripheral proprioceptive feedback can inherently obscure endogenous cortical
motor preparation [11, 34].

By employing an unassisted, anti-gravity gross-motor paradigm, our framework establishes a rigorous,
artifact-resilient baseline for decoding endogenous motor intents. This state-aware capability is a

Page 12/24



prerequisite for developing adaptive, assist-as-needed (AAN) interventions. For instance, rehabilitation
strategies could incorporate non-invasive brain stimulation (NIBS) for stroke survivors identified at Stage
IV to downregulate the contralesional hemisphere, actively counteracting maladaptive reticulospinal
synergies [35]. Conversely, as individuals progress to Stage V, BCI-driven upper-limb exoskeletons could
utilize the target-M1 response t-score as a personalized, offline calibration threshold to trigger timed
mechanical assistance, thereby reinforcing true CST-driven motor execution [36].

Limitations and Future Directions

The male-only cohort restricts the generalization of findings across sexes, as it may not fully capture
sex-related differences in neuroplasticity or muscular activation patterns. Expanding to larger, multi-
center trials will further enhance generalizability across age-related vascular changes and stroke-specific
individual lesion profiles. Future studies will explore modified sensor configurations or alternative
wearable designs to facilitate the inclusion of female participants. Furthermore, while the current cohort
provides robust initial validation across discrete Brunnstrom stages, expanding to larger, multi-center
trials will further enhance generalizability. Factors such as age-related vascular changes and stroke-
specific individual lesion profiles introduce variance in neurovascular coupling [38, 39]. To translate these
cross-sectional statistical patterns into clinical BCI applications, ongoing and future efforts are
incorporating blinded, stratified pilot validation protocols and longitudinal tracking to verify online
reliability and durability during dynamic interventions [40]. Finally, integrating high-density
electromyography (sEMG) will help elucidate the underlying cortico-muscular coupling mechanisms
governing synergistic recovery [41, 42]

Conclusions

The proposed FBCSP-GLM framework demonstrated improved model fit and spatial discriminability
during unassisted gross-motor execution compared with conventional analytical approaches.
Participant-level FBCSP estimates showed a non-linear, stage-associated trajectory of cortical
reorganization, specifically revealing a pronounced V-shaped pattern spanning Brunnstrom Stages Il to
V. By extracting artifact-resilient features—the EW-LI and target-M1 response t-score—this approach
computationally captured both the exacerbation of spastic synergies and the subsequent restitution of
localized motor control. Ultimately, these stage-sensitive statistical summaries provide a robust
neuroimaging baseline for evaluating neural state transitions.
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Experimental paradigm and EEG-informed fNIRS analysis framework. (A)Multimodal acquisition: (a)
simultaneous EEG-fNIRS recording during unilateral arm raising; (b) EEG-fNIRS sensor montage; and (c)
trial timing and analysis windows. (B) Signal-processing workflow. EEG sensorimotor rhythms (8-30 Hz)
were extracted using filter-bank common spatial pattern analysis and convolved with the hemodynamic

response function. The resulting motor-intention regressors were integrated with preprocessed
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oxygenated hemoglobin signals in a general linear model to estimate cortical activation. Written
informed consent for publication of the identifiable photograph was obtained from the participant.
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Comparison of model fitting performance across Brunnstrom stages. (A) Fit improvement (AR?) and (B)

parsimony improvement (AAIC) relative to the baseline standard GLM. (C) Absolute performance
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comparison utilizing raw R?. (D) Bi-metric quadrant analysis comparing FBCSP with TRCA across 87
valid motor-execution runs. Each point represents an individual run. The axes denote the performance

gain of FBCSP over TRCA (AR?= R%r5csp - R%trea; AAIC = AlCrgcsp - AlCTrea)- The red quadrant indicates
runs where FBCSP achieved both higher goodness-of-fit and improved model parsimony.
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Spatial discriminability of HbO signals. Receiver operating characteristic curves compare the standard
GLM, CEEMDAN, TRCA, and FBCSP. The diagonal grey dashed line represents chance-level performance
(AUC = 0.50).
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Figure 4

Stage-associated EW-LI and target-M1 response t-score patterns. (A) EW-LI derived from the FBCSP
hemisphere-matched EEG-informed regressor. (B) EW-LI derived from the Standard canonical task
regressor. (C) Target-M1 response t-score derived from the FBCSP hemisphere-matched EEG-informed
regressor. (D) Target-M1 response t-score derived from the Standard canonical task regressor. Each
point represents one participant; boxes show medians and interquartile ranges, with whiskers extending
to observations within 1.5 x IQR. Circles and error bars indicate means and pointwise 95% t-based
confidence intervals. Lines connect independent group means for visualization and do not represent
longitudinal observations. Shading highlights Stages IlI-V, encompassing the Stage IV-centered
decrease-and-rebound pattern; Stage VI and healthy controls are retained for context. Each stroke-stage
group contains eight participants, and the healthy-control group contains 15 participants. BH-FDR
correction was applied across three adjacent stroke-stage comparisons (llI-1V, IV-V, and V-VI) and the
separate VI-HC comparison within each metric and model.
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Figure 5

Topographical maps of model-specific channel-wise t-statistics across Brunnstrom groups. To
standardize visualization, all anatomical mappings were spatially flipped to represent left-hand
execution, rendering the right hemisphere as the target (ipsilesional/contralateral) side. Spatial
distributions are shown for the FBCSP hemisphere-matched EEG-informed regressor (top row) and the
Standard canonical task regressor (bottom row). Columns show representative observations from the
healthy-control group and Brunnstrom groups IlI-VI. The common color scale ranges from -3 to +3.
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