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Uncovering Low-Dimensional Manifolds of
Neural Dynamics for Motor-Imagery Based

Stroke Rehabilitation: An EEG-Based
Brain–Computer Interface Study

Tao Liu , Ziwei Wang, Sadia Shakil , and Raymond Kai-Yu Tong , Senior Member, IEEE

Abstract— Stroke rehabilitation aims to repair neural cir-
cuits and dynamics through the remapping of neuronal
functions. However, there is currently a gap in under-
standing the alteration of neural population dynamics-the
fundamental computational unit driving functions-under
clinical settings. In this study, we introduced a novel
method to identify stable low-dimensional structures of
neural population dynamics in stroke patients during motor
tasks. Using whole-brain EEG recordings from chronic
stroke patients performing motor imagery (MI) tasks before
and after brain-computer interface (BCI) training, as well
as a public EEG dataset of acute stroke patients per-
forming MI tasks, we projected EEG signals from sensor
space to voxel space via source localization (eLORETA),
simulating neural population activity in regions of inter-
est. By applying dimensionality reduction, we successfully
obtained low-dimensional neural manifolds to represent
neural population dynamics. Our analysis revealed three
key findings: (1) For right-handed patients, task-related
low-dimensional dynamics in the related brain regions
remain stable across subjects, with their features holding
potential as biomarkers for stroke rehabilitation; (2) BCI
training promotes global and sustained restoration of neu-
ral population dynamics; (3) EEG theta-band oscillations
show strong correlation with these dynamics, highlighting
their macroscopic nature. This study proposes a new, sim-
ple, and powerful tool for comprehension and validation of
stroke rehabilitation mechanisms confirming the effective-
ness of BCI training in restoring neural dynamics.
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I. INTRODUCTION

POST-STROKE recovery involves improving functional
impairments over time through functional remapping

along with redundant and segregation mechanisms in the
brain, where surviving neurons compensate for lost functions
through both local circuit adaptation and interregional commu-
nication [1], [2], [3], [4]. However, traditional neuroimaging
approaches focusing on regional activation magnitude or
coarse connectivity patterns fail to capture the spatiotemporal
dynamics of neuronal population activity - the fundamental
computational unit driving functions [5], [6]. Recent advances
in neural population dynamics reveal that stroke-induced cir-
cuit reorganization is not only reflected in the reconstruction of
functional connectivity, but also manifests as reconfiguration
of the spatiotemporal activation patterns of neural popula-
tions [7]. This critical gap in understanding the mesoscopic
neural dynamics reflecting recovery requires new analytical
frameworks to describe how existing therapeutic interven-
tions reshape population-level neural dynamics in damaged
circuits.

Currently, rehabilitation involving motor-imagery-based
brain-computer interface (MI-BCI) training is regarded as
an effective long-term treatment for stroke-related move-
ment disorders [8]. Several studies have demonstrated that
MI-BCI training can enhance motor skills [9], [10], [11]
and restore function by activating broader brain regions
and reestablishing neural pathways in stroke patients [8],
[12]. For example, task-related brain functional network
reconstruction [13], motor cortex functional connectiv-
ity modulation [14], and hemispheric asymmetry reduc-
tion [15] have been observed on patients following MI-BCI
training.

The above studies revealed the consistency of neural cir-
cuit reconstruction during stroke rehabilitation, which may
correspond to consistent changes in the temporal patterns
of behavior-related neuronal population’s activity throughout
recovery. Specifically, certain neurons in a specific brain area
exhibit spatiotemporal activation during movement, which
can be defined as a distinct neural mode. The activity of
the neural population can be described as a combination
of multiple neural modes, thereby encoding the population
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dynamics in the neural modes space [5]. Recent studies have
shown that movement-related neural population dynamics can
be represented as specific low-dimensional neural manifolds in
the neural mode space, which remain stable across tasks, time,
and subjects [16], [17], [18]. Stroke disrupts movement-related
population dynamics and affects the activity of regions in the
circuit, while stroke recovery reflects the normalization of the
neural population activity and circuit function [19], [20], [21].
Therefore, the low-dimensional manifold of movement-related
neural population activity may offer insights into the con-
sistent changes in neural population dynamics during stroke
rehabilitation.

While low-dimensional neural manifolds have been
observed in healthy individuals during motor imagery
tasks [22], there is no direct evidence of this phenomenon
in stroke patients. Additionally, most previous studies
have relied on invasive brain recordings, whereas MI-
BCI rehabilitation typically uses non-invasive EEG
recordings. As a result, there is limited research
demonstrating the applicability of low-dimensional
neural manifolds in MI-BCI rehabilitation using EEG
data.

In this paper, we hypothesize that stable low-dimensional
neural population dynamics exist in task-related brain regions
of stroke patients performing motor imagery task, with their
structures evolving consistently with stroke rehabilitation.
To this end, we developed an MI-BCI rehabilitation paradigm
and conducted experiments with several chronic stroke
patients. To connect non-invasive EEG recordings and neu-
ral population activities, we introduce source localization to
project EEG signals from sensor space to voxel space, obtain-
ing source activities to simulate neural population activities.
To remove redundant information and combine neuronal activ-
ities (voxels activities) into neural modes, principal component
analysis (PCA) was employed to extract low-dimensional
dynamics. Fig. 2. shows the outline of our research. Our
findings indicate that the task-related low-dimensional neural
manifold derived from EEG remains stable across subjects.
Additionally, the structure of the manifolds as well as neural
modes reflect the progress of stroke recovery. The strong
correlation between the low-dimensional neural manifolds
and the low-frequency EEG oscillations further supports its
biological significance. All relevant codes and example data
are available on https://github.com/JayWIIOZ/EEG-Neural-
Manifolds.

Our contributions are four-folds:

• Confirmation of the existence of stable low-
dimensional neural population dynamics in
stroke patients performing motor imagery
tasks.

• Development of an effective EEG-based method for
extracting stable, task-related low-dimensional neural
manifolds.

• Reflection of the stroke rehabilitation process in patients
through consistent neural manifold structure.

• Estimation of correlation between neural manifolds and
EEG oscillations, providing insight into the underlying
nature of these manifolds.

Fig. 1. Schematic diagram of stroke patient performing BCI training
following motor imagery instruction. The bottom line shows the process
of the task.

II. MATERIALS AND METHODOLOGY

A. Materials
1) Chronic Stroke Datasets: Seven chronic stroke patients

(6 males, 1 female, all right-handed) with unilateral hemi-
spheric impairment participated in this study. Each patient
underwent 20 sessions of brain-computer-interface guided,
robot-assisted upper-limb training over 5 to 7 weeks, with the
motor functions of the paretic upper limbs assessed by Fugl-
Meyer Assessment for upper extremity (FMA) [15]. Before
and after training, participants completed a motor imagery
task following a predefined paradigm, with real-time EEG-
fMRI recordings. 2 MI sessions and 1 resting session are
recorded for both pre- and post- training, with each MI session
containing 13-14 trials, each resting session containing around
200 trials. Each trial of resting session only lasts for 2 s. The
MI task involved alternating between imagining ‘hand grasp’
and ‘hand open’ movements based on visual instructions. The
task flow is shown in Fig. 1. A white cross helping the subject
concentrate and text instruction of ‘grasp’ or ‘open’ would be
shown on screen during the preparation and instruction phases,
respectively. Patients were required to perform the instructed
imagery in the following 6 s [23]. Significant improvement in
FMA scores has been observed after BCI training (Wilcoxon
signed rank test, p = 3.13 × 10−2<0.05, cohen′s d = 0.47,
power = 0.18, Supplementary Table 1), manifesting the
effectiveness of BCI training in stroke rehabilitation. One MI
session was discarded for both before and after training due
to data lost and great noise. More details on patients and BCI
training are provided in Supplementary Table 1 and Section III
of the Supplementary Material.

EEG data was recorded using the Neuroscan sys-
tem (SynAmps2, Neuroscan Inc., Herndon, USA) with
64 Ag/AgCl electrodes placed according to the standard
10-20 system. Two additional electrocardiogram (ECG) elec-
trodes were placed in the left lower chest and near the
upper midline, and one electrooculogram (EOG) electrode
was placed below the right eye. The central point between
Cz and CPz was used as the reference, with AFz as the
ground. Electrode impedance was maintained below 5 kOhms.
Data were sampled at 1000 Hz, with a 0.1-256 Hz bandpass
Butterworth filter applied during offline processing.

In addition, structural magnetic resonance (sMRI) scans
were collected from all subjects before and after BCI
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Fig. 2. Illustration of the process of uncovering low-dimensional neural manifolds based on EEG. Real-time EEG was recorded during patients
performing MI task. Then, Source localization using eLORETA was applied to map EEG signals from electrode space to voxel space. Subsequently,
dimensional reduction, which is PCA in this study, was applied to voxel activities of ROIs to obtain low-dimensional neural manifolds which would
be used for exploring decoding performance, cross-subject and cross-session similarity as well as alteration induced by rehabilitation.

training. T1-weighted MRI images were acquired using a
3T Philips MR scanner (Achieva TX, Philips Medical Sys-
tems, Best, Netherlands) with an 8-channel head coil and a
T1-TFE sequence. The imaging parameters were: TR/TE =

7.47/3.45 ms, flip angle = 8◦, 308 slices, and voxel size =

0.6 × 1.042 × 1.042 mm3. This study focused on EEG
recordings and structural MRI, for details of fMRI recordings,
please refer to [15] and [23].

This study was approved by the Joint Chinese University
of Hong Kong-New Territories East Cluster Clinical Research
Ethics Committee. All subjects gave written consent before
the intervention and underwent the experiments in the Chinese
University of Hong Kong rehabilitation labs. This study was
registered at https://clinicaltrials.gov (NCT02323061).

2) Acute Stroke Dataset: A publicly available EEG motor
imagery dataset for brain-computer interface in acute stroke
patients was used for validation [24]. 30 acute stroke sub-
jects (23 males, 7 females, 14 left hemiplegia, 16 right
hemiplegia) were screened in this study. The neurological
status and severity of stroke in acute stroke patients were
assessed by the National Institute of Health Stroke Scale
(NIHSS) score. The MI experiment consisted of 40 trials
alternating between left- and right-hand motor imagery, each
lasting 8 seconds and divided into three stages: instruc-
tion, motor imagery (MI), and break. Subjects were first
prompted to imagine grasping a spherical object with the
left or right hand for 2s, with the following image of the
action while watching a video of the motion for 4s before a
break [24].

The EEG data were recorded by a wireless multichan-
nel EEG acquisition system (ZhenTec NT1, Xi’an ZhenTec
Intelligence Technology Co., Ltd., China), with 29 Ag/AgCl
semi-dry EEG electrodes (3% NaCl solution) and 2 EOG
electrodes positioned according to the 10-10 system, with
CPz and FPz as the reference and ground, respectively.
The sampling rate was 500 Hz, and acquisition impedance
was ≤ 20 kOhms. More detailed information can be found
in [24].

B. Preprocessing
EEG signal preprocessing for chronic stroke dataset was

primarily conducted using EEGLAB [25], [26] and Fieldtrip
Toolbox [27]. First, a principal component analysis (PCA)-
based optimal basis set (OBS) algorithm [28] was applied
to remove gradient artifacts caused by fMRI, with the EEG
signals and fMRI volume triggers as input. Next, an R-peak
detection algorithm [29] was employed to eliminate the ECG
artifacts. The signals were then band-pass filtered between
1 and 50 Hz to isolate the frequency band of interest and
notch filtered at 50 Hz to remove line noise. Damaged channels
were removed and interpolated, followed by common average
re-referencing. The signals were segmented into 12-second
epochs to capture the entire motor imagery task trial. Finally,
adaptive mixture independent component analysis (AMICA)
[30] was used to remove the EOG/EMG-related components.

Structural and functional MRI preprocessing were per-
formed using the Data Processing Assistant for Resting-
State fMRI (DPARSF) toolbox [31], following the default
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procedure. This included removing first 10 volumes, nui-
sance covariates regression, head motion correction (Friston
24 parameters), scrubbing, realignment, detrending, band-pass
filtering (0.01-0.1 Hz), spatial normalization to the Montreal
Neurological Institute (MNI) template, reslicing to 2 × 2 ×

2 mm3 voxels and smoothing with a 6 mm full-width at half-
maximum (FWHM) Gaussian kernel.

In terms of the acute stroke dataset, similar preprocessing
was conducted but without the removal of gradient artifacts.
The signals were segmented into 8-second epochs for analysis.

C. Source Localization
To estimate cortical-level neural population activity from

scalp EEG recordings, we employed a distributed source
model, which divides the cortical volume into thousands of
dipoles and assumes continuous current dipole distributions
across cortical voxels. By solving the underdetermined inverse
problem through regularized optimization, we will be able to
obtain the optimal estimation of dipole activities [32]. The
sensor-to-source projection follows the linear forward model:

8 = KJ + ϵ (1)

where 8 refers to the EEG electrode signals, K the lead field
matrix, J the cortical source currents and ϵ the measurement
noise.

The pre-processed EEG and sMRI were involved for EEG
source localization using eLORETA [33] to project EEG signal
from electrode space to voxel space. The forward model was
built with a 10 mm grid resolution. Individual head model was
constructed for each subject based on the sMRI image utilizing
openMEEG [34]. A public head model template was used for
the source localization for the public acute stroke dataset. After
source localization, the obtained dipoles, which represent the
estimated source of brain activities, were interpolated into the
automated anatomical labeling atlas (AAL, 2 mm resolution)
[35]. This resulted in 91×109×91 2-mm voxels in the brain.
Eight regions of interest (ROIs) were selected based on the
AAL atlas. These brain regions have been previously impli-
cated in the process of motor imagery, and changes in their
functional connectivity may reflect stroke recovery [23], [36].
The voxel activities within these regions were used to simulate
neural population activity. The coordinates, abbreviations and
voxel number of these ROIs corresponding to the AAL atlas
used for subsequent analysis are shown in Supplementary
Table 2.

D. Low-Dimensional Neural Manifolds
To characterize the dynamics of neural population activity

over time during the motor imagery task, we divided the voxel
time series into non-overlapping 30 ms time windows and the
samples within each window were averaged to represent real-
time voxel activity dynamics. The smoothed time series was
then treated as the representation of temporal dynamics of
voxel activity. The resulting trials × voxels × windows matrix
(N × V × T) served as input for further analysis. PCA model
was fitted with the concatenated matrix of input along the trials
axis (V × N*T) and used to transform the V × T matrix of

each trial. This process can be described as

X̄n,t =
1
S

S∑
s=1

Xn,s (2)

X̃n = X̄nG (3)

C =
1

N · T − 1
MM⊤, M ∈ RV ×(N ·T ) (4)

CU = U3 (5)

Yn = U⊤X̃n (6)

where X̄n,t refers to the mean activity of trial n in time window
t, Xn,s refers to the sample within the time window, S is the
total number of samples in a single window. Gaussian kernel
G is applied for smoothing the averaged time series. All trials
are concatenated into a matrix M, with the covariance matrix
C computed based on it. 3 and the columns of U refer to
the diagonal matrix of eigenvalues and the PCA eigenvectors,
respectively. Yn is the projected trajectory of trial n in PCs
space.

Since the principal components (PCs) are linear combina-
tions of multiple voxels’ time series, reflecting the activities
of combined voxels, while neural modes are spatiotemporal
co-activations of multiple neurons, PCs could be regarded as
representations of neural modes. As shown in Supplementary
Fig.S2, 20 PCs explained most of the variance, so we projected
the neural population activities into a 20-dimensional space.
In this space, each dimension refers to one PC, representing
one neural mode, and neural manifolds refer to the trajectories
representing temporal neural dynamics in space.

E. Alignment
To cater to the differences in principal components of differ-

ent regions and subjects, the low-dimensional representations
were projected to a common space for better comparison
using canonical correlation analysis (CCA). CCA identifies
linear combinations of variables within each view that exhibit
maximum correlation with the linear combinations in the other
view. For input vectors X and Y, the goal is to find the
canonical weights wx and wy that maximize the canonical
correlation coefficient p.

p = max
wx ,wy

wT
x XY T wy,

s.t. wT
x X X T wx = 1, wT

y Y Y T wy = 1 (7)

where wx and wy are canonical weights for X and Y.
This optimization process can be transferred to a generalized

eigenvalue problem. If the input views are neural manifolds
of different subjects, by multiplying the inputs and obtaining
optimal canonical weights, we managed to project the neural
manifolds to a common space, which we called alignment.

III. IMPLEMENTATION

A. Evaluation of the Cross-Subject Similarity of
Low-Dimensional Neural Manifolds

Cross-subject stability is one of the most important features
of low-dimensional latent dynamics of neural population activ-
ities [18], [22], proving the universality and effectiveness of
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neural-mode-based population dynamics model. To evaluate
the cross-subject similarity of our obtained neural manifolds,
data from different subjects were paired and all combinations
were traversed. CCA was applied to each pair, and the average
canonical correlation across all pairs was used to measure
cross-subject similarity. That the correlations were calculated
only for data from the same ROI and frequency band.

B. Evaluation of Task Dependencies of Low-Dimensional
Neural Manifolds

To assess the task relevance of the low-dimensional neural
manifolds, we trained two classifiers: a Support Vector Clas-
sifier (SVC) and a Random Forest Classifier (RFC). The SVC
was trained on data from one subject and tested on data from
another, with all subject pairings evaluated. This approach
tested both the task specificity and cross-subject consistency
of the manifolds. For the RFC, data from all subjects were
combined, randomly shuffled, and evaluated using five-fold
cross-validation. All classifications were performed at the trial
level, with an equal number of trials (13 trials) from motor
imagery (MI) and resting states. The mean accuracy across
all subject pairs was used to assess SVC performance, while
the average across the five folds measured RFC performance.
Higher classification accuracy indicates stronger task relevance
and greater cross-subject stability of the neural manifolds.
Wilcoxon signed-rank test, cohen’s d and power calculations
were performed to measure the significance and effectiveness
of pre- and post-training accuracy differences.

C. Investigation of the Alteration in Neural Manifolds
Caused by Stroke Rehabilitation

Since the variances of principal components reflect the
information contained in each PC, it is expected to see several
neural modes shared high and similar variances in normal
neural population activities [18], [22]. Here, by comparing the
PC variances before and after BCI training, we explored the
training impact on neural manifolds composition.

Further, previous research has identified inter-hemispheric
asymmetry as an effective biomarker for stroke rehabili-
tation [23], [37]. To assess changes in asymmetry during
rehabilitation, we calculated the similarity between neural
manifolds in regions of interest (ROIs) on both hemispheres.
This similarity was measured using canonical correlation, with
changes in correlation reflecting alterations in asymmetry.

Lastly, despite the stroke-damaged cortex may achieve
functional recovery through functional redistribution [7], it is
unclear whether the original neural population dynamics are
restored. Thus, the canonical correlation between neural man-
ifolds before and after training was computed to evaluate
the changes in neural dynamics. Changes in cross-subject
similarity were also estimated by calculating the difference
of pre-training and post-training canonical correlation, so as
to further investigate the dynamics alteration at a group level.

The above comparisons were conducted on all ROIs and
within the theta, alpha, and beta bands, with Wilcoxon signed-
rank test to determine significant differences before and after
BCI training. Statistical power was calculated to evaluate the
reliability of results given the small sample size. To explore

the relationship between neural dynamics and motor recov-
ery, we correlated changes in manifold properties—including
asymmetry (averaged across canonical components (CC)), and
structural differences (measured by Grassmann distance)—
with FMA scores. Considering the repetitive and continuous
nature of the MI task, to align with the length of resting
state data, only the first two seconds of the MI task phase in
each trial were taken to compute the low-dimensional neural
manifolds for all analyses.

D. Investigation of the Stroke Rehabilitation Impact on
Neural Modes

Each neural mode can be mathematically described as a
specific linear combination of voxel time series, with its corre-
sponding principal component (PC) vector in the PCA weight
matrix serving as its “fingerprint.” To assess the impact of
BCI training on these neural modes, we computed the cosine
similarity between all pre- and post-training fingerprints. For
each pre-training mode, the most similar post-training coun-
terpart was identified based on the highest similarity score.
We then analyzed changes in similarity and shifts in explained
variance rankings to determine how individual neural modes
were affected by training. Finally, the average change in
explained variance across modes was correlated with FMA
scores to evaluate its association with motor recovery.

In addition, while CCA aligns neural manifolds before and
after training, it does not directly show how neural modes
contribute to each canonical component (CC). To address
this, we defined the contribution of each neural mode as
the product of its canonical weight and explained variance.
By examining how these contributions changed pre- and post-
training, we gained insight into the structural modifications
of the neural manifold. These analysis were conducted across
theta, alpha, and beta bands for all ROIs, with significance
analysis (Wilcoxon signed-rank test) and power calculation.

E. Exploration of the Low-Dimensional Latent Dynamics
During Resting State

Stroke results in both structural and functional damage,
suggesting that changes in neural dynamics are continuous
rather than phase-locked. To assess the long-term effects of
stroke on neural dynamics, we repeated the mentioned analysis
using resting-state data, which also allowed us to explore how
motor tasks influence these dynamics. Noting that there were
more resting-state trials than MI trials, we selected the first
26 trials for analysis, each lasting 2 seconds.

F. Investigation of the Correlation Between Neural
Manifolds and EEG Oscillation

While extensive studies have focused on the characteristics
of neural population dynamics as well as its pathological
manifestations, the macroscopic representation of these local
dynamics needs further exploration. Previous findings have
shown a link between neural population dynamics and low-
and high-frequency oscillations in local field potentials (LFP)
[38]. Inspired by this, we introduced CCA between our
obtained neural manifolds and EEG oscillation. Specifically,
the EEG oscillation was represented by power spectrum den-
sity (PSD) computed using sliding windows of 25 samples



3286 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 33, 2025

with step of 24 samples on each voxel time series, with the
step length selected for aligning the length of PSD series and
neural manifolds, and window length selected for maximizing
the difference between frequency bands (details of parameter
selection mentioned in supplementary material section IV).
The PSD series for each voxel was smoothed using the same
bin length as the neural manifolds. To match dimensionality,
the matrix containing all voxel PSD series underwent PCA too,
before conducting CCA. The investigation was carried out on
theta, alpha and beta bands and for all ROIs.

G. Validation Based on Acute Stroke Dataset
To reduce the contingency caused by small dataset size,

we introduced a public acute stroke dataset (30 subjects, alter-
nating left and right-hand tasks) to further verify our results.
The included acute stroke dataset involves MI tasks with a
similar paradigm and a wide distribution of NIHSS scores,
which reflect varying levels of stroke severity among patients.
Considering that the evaluation of stroke rehabilitation also
relies on clinical scales, we propose that the pre- and post-
rehabilitation brain states of patients can be simulated by
dividing patients into high- and low-score groups (differences
between groups: p = 0.0006, cohen′s d = 4.44, power =

1.00). To control for potential individual differences, we cal-
culated cross-subject canonical correlations of the neural
manifolds for each ROI, which provides confirmation on the
preserved cross-subject stability of neural population dynamics
in acute stroke patients. This approach allows us to validate
most analyses except neural mode tracking on the acute stroke
dataset.

IV. RESULTS

A. Stable Low-Dimensional Neural Population Dynamics
Exist in the Motor Cortex of Stroke Patients Performing
Motor Imagery Tasks

To verify the existence of stable low-dimensional dynamics
in the local neural activity of stroke patients during motor
imagery tasks, we conducted experiments and recorded whole-
brain EEG data following the task paradigm outlined in
Fig. 1. Data from the motor imagery phase was selected for
further analysis. Fig. 3(b) illustrates the EEG activity projected
into voxel space after source localization (trajectories for
more subjects can be found in Supplementary Fig.S3 and
Fig.S4). The resulting voxel activities display smooth and
regular low-dimensional trajectories following windowed aver-
aging, smoothing, and dimensionality reduction, confirming
that the simulated neural population activity based on voxel
data exhibits meaningful low-dimensional dynamics in time
domain.

Furthermore, to demonstrate the stability and task relevance
of low-dimensional dynamics, we performed cross-subject
alignment and decoding tests on neural manifolds from dif-
ferent subjects. Since our subjects were all right-handed and
performed a right-handed grasping MI task, here we focused
on the dynamics of the left motor cortex (located in the left
precentral gyrus (PreCG,L)) [39], [40]. As shown in Fig. 3(c).,
after alignment, the neural manifolds of the PreCG.L from
various subjects exhibit a clearer and more similar structure.

Fig. 3. Obtaining and aligning the low-dimensional dynamics of
neural population activities across subjects. (a) Schematic diagram of
obtaining low-dimensional neural manifolds based on the voxel-time
matrix. The number of components for Principal Component Analysis is
20. (b) Schematic diagram of aligning neural manifolds across subjects
using Canonical Correlation Analysis (CCA). Upper line, 3-dimensional
trajectories of neural manifolds before alignment; Lower line,
3-dimensional trajectories of neural manifolds after alignment.
(c) Canonical correlations across neural manifolds from different
subjects. Different colors refer to different ROI. (d) Cross-subject classi-
fication performance based on neural manifolds. Errorbar, mean ± s.d.
Random level, 50%. (e) Average of 5-fold cross-validation classification
using all subjects. Errorbar, mean ± s.d. Random level, 50%.

Group analysis results indicate that, after alignment, all subject
pairs displayed high canonical correlations (Fig. 3(d)). The
highest correlations across all ROIs ranged between 0.6 and
0.8, with the precentral gyrus and supplementary motor area
maintaining correlations above 0.6 for the top eight canonical
components. These findings confirm the structural stability of
the low-dimensional neural manifolds across subjects.

We then evaluated classification performance using two
approaches: cross-subject decoding with aligned neural man-
ifolds, and five-fold cross-validation with all unaligned
manifolds. Results are presented in Fig. 3(d) and (e) as well as
Supplementary Fig.S5(b) and Fig.S13. All ROIs showed clas-
sification accuracy above the 50% chance level, indicating that
the neural manifolds during MI are distinct from those during
rest, supporting their task relevance. Notably, while cross-
subject accuracy slightly improved after BCI training, accuracy
in the cross-validation analysis dropped greatly (PreCG.L,
p = 0.125, cohen′s d = 1.42, power = 0.66), suggesting
that BCI training may reduce task-specific distinctiveness of
neural population dynamics in the ROIs.

B. Stroke Rehabilitation Leads to Alteration of Neural
Population Dynamics

The above results suggest that low-dimensional neural
population dynamics manifest potential as a biomarker for
tracking stroke rehabilitation. To evaluate the impact of BCI
training on these dynamics, we analyzed changes in neural
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Fig. 4. BCI training induces changes of low-dimensional neural population dynamics in alpha band. (a) Explained variances of neural modes
before and after BCI training. The top 4 PCs were shown to represent the 4 main neural modes, with others referring to the sum of variances of
remaining neural modes. Light colors refer to pre-training variances, while dark colors refer to post-training variances. (b) Changes in the asymmetry
of corresponding ROIs between the hemispheres before and after training. The difference in interhemispheric canonical correlation was used to
assess the asymmetry alteration. The positive difference represents increased asymmetry after training. ErrorBar, mean ± s.d. denotes 0.05 for
Wilcoxon signed-rank test. PreCG.L–PreCG.R, p = 3.75×10−1, cohen′s d = 0.66, power = 0.32. (c) Mean of cross-subject canonical correlations
of each ROIs before and after training. The averaged correlation of the top 4 canonical components was used to assess the cross-subject similarity
of each pair of subjects. These mean correlations were then averaged across all pairs to get the final values shown on box plot. ∗∗ denotes 0.05 for
Wilcoxon signed-rank test (p = 3.51×10−2, cohen′s d = 0.55, power = 0.67). (d) Structural similarity of neural manifolds before and after training.
Canonical correlation between pre and post-training neural manifolds was used to assess the similarity. The higher the correlation, the higher the
similarity. Different colors refer to different ROIs. (e) Contributions of neural modes to canonical component 0 (canonical component (CC) with
highest canonical correlation) after alignment between pre- and post-training neural manifolds. The top 4 PCs were shown to represent the 4 main
neural modes, with others referring to the sum of contributions of remaining neural modes. Contributions are measured by the product of canonical
coefficients and explained variances of PCs. Light colors refer to pre-training contributions, while dark colors refer to post-training contributions. The
PCs before and after training only represent the PCs with the top explained variance in the corresponding condition. (f) Cosine similarity between
corresponding neural modes before and after training. Each semi-transparent dot represents the similarity of a pair of neural modes before and after
training, and the solid diamond represents the mean similarity of the brain region. (g) Shifts of neural modes order before and after BCI training.
The order of neural modes is defined by the ranking of explained variances. Jitters are added to each point to avoid overlapping. The closer the dot
is to the diagonal line, the smaller the change in the order of the corresponding neural mode before and after training. Two auxiliary lines are drawn
to assist identification of the neural modes with order shift less than 5.

modes, manifold structure, symmetry, and cross-subject sta-
bility before and after training. Fig. 4(a) shows the average
explained variance of each neural mode in the alpha band

across subjects (Similar results were observed in theta and
beta band, shown in Supplementary Fig.S5). Changes in neural
modes were observed in several ROIs, as reflected by shifts in
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Fig. 5. Comparison between features of low-dimensional neural pop-
ulation dynamics of stroke patients under motor imagery task state
and resting state. (a) Difference between averaged explained variances
across all subjects of the top 10 principal components (neural modes)
before and after BCI training. Positive difference refers to decreased
variance after BCI training. Left column, results under motor imagery
task state; right column, results under resting state. ∗ denotes 0.05 for
Wilcoxon signed-rank test. Selected statistical results: PreCG.L, MI, p =

2.97 × 10−1, cohen′s d = 0.81, power = 0.43; Rest, p = 6.88 × 10−1,
cohen′s d = 0.20, power = 0.07. (b) Difference of cross-subject similar-
ity of neural manifolds before and after BCI training. Averaged canonical
correlation across all subject pairs was used to assess the similarity.
Positive difference suggests decreased cross-subject similarity after
BCI training. ∗ denotes 0.05 for Wilcoxon signed-rank test. Selected
statistical results: PreCG.L, MI, p = 4.32 × 10−1, cohen′s d = 0.23,
power = 0.18; Rest, p = 4.12 × 10−1, cohen′s d = 0.05, power = 0.06.
(c) Difference of asymmetry of corresponding ROIs between the hemi-
spheres before and after training. Averaged interhemispheric canonical
correlation across all subjects was used to assess the asymmetry.
Positive difference represents increased asymmetry after BCI training. ∗

denotes 0.05 for Wilcoxon signed-rank test. Selected statistical results:
PreCG.L–PreCG.R, MI, p = 3.75 × 10−1, cohen′s d = 0.66, power =

0.32; Rest, p = 5.78 × 10−1, cohen′s d = −0.27, power = 0.09.

explained variance. Notably, in the left precentral gyrus, the
explained variance of the first neural mode exceeded 0.6 before
training but dropped to about 0.45 afterward (p = 1.09 ×

10−1, cohen′s d = 1.18, power = 0.74). Concurrently, the
explained variance of the second through fourth neural modes
increased. Similar changes were observed in the theta and beta
bands (Supplementary Fig.S5). These findings suggest that
BCI training promotes stroke rehabilitation by transforming
neural population activity in the affected brain region from
being dominated by a single neural mode (characterized by
excessively high explained variance in the first mode) to a
more diverse neural mode distribution (with more balanced
explained variances across multiple modes). This shift reflects

increased activation and complexity in neural population activ-
ity during rehabilitation [7], [21], [41], [42].

We also observed notable changes in hemispheric asym-
metry and cross-subject stability. As shown in Fig. 4(b), the
canonical correlation between low-dimensional neural mani-
folds in the left and right motor cortices decreased after BCI
training (p = 3.75×10−1, cohen′s d = 0.66, power = 0.32).
In contrast, the opposite trend was seen in the inferior parietal
region (p = 2.19×10−1, cohen′s d = −0.77, power = 0.41).
Moreover, cross-subject stability decrease was observed after
training, as depicted in Fig. 4(c), where the top four average
cross-subject canonical correlations for PreCG.L significantly
declined (p = 3.51 × 10−2, cohen′s d = 0.55, power =

0.67). Similar results have been observed in theta and beta
bands (Supplementary Fig.S5, Table 3). These findings suggest
that BCI training significantly influences neural dynamics,
particularly in the motor cortex, where it appears to enhance
neural population activity by increasing its diversity, but larger
dataset may be needed for further varification.

In terms of structure, only a few ROIs showed significant
correlations between changes in neural manifold structure—
measured by Grassmann manifold distance—and FMA scores,
and no correlation found between asymmetry changes (cross-
hemisphere structural similarity) and FMA scores (Supple-
mentary Table 4). Additionally, Fig. 4(d) demonstrates high
canonical correlations between neural manifolds before and
after BCI training, suggesting that the overall manifold struc-
ture remained largely unchanged. However, as shown in
Fig.4(e) and Fig.S15, Fig.S16, in motor cortex (especially
PreCG.L), post-training neural modes explained less variances
(others) provide more contributions to top canonical compo-
nents compared to pre-training (CC0, PreCG.L, p = 2.97 ×

10−1, cohen′s d = −0.71, power = 0.35). This indicates
that despite the preserved core structure of the manifold, some
active neural modes before training may have been suppressed
afterward.

Further evidences supporting this interpretation are pre-
sented in Fig.4(f), Fig.4(g), and Fig.S14. High similarity
(cosine similarity > 0.6; Fig.4(f) and Fig.S14(a)) was observed
between neural modes before and after BCI training, con-
firming that their fundamental structures were maintained.
Furthermore, a subset of neural modes manifested substan-
tial shifts in explained variance rankings post-training (order
shifts > 5; Fig.4(g)) and Fig.S14(b))), consistent with earlier
findings (Fig.4(e)). Changes in neural mode explained variance
in multiple brain regions and frequency bands showed strong
correlations (> 0.7) and moderate statistical power (> 0.2)
with FMA scores (Supplementary Table 4). Together, these
results suggest that BCI training enhances motor function
primarily by modulating the activation levels of existing neural
modes, rather than altering their structures.

C. Task-Specific and Global Effects of BCI Training on
Neural Population Dynamics

The classification test revealed differences between neural
population dynamics during task and resting states. To further
investigate the effects of BCI training on these dynamics under
different conditions, we conducted similar analyses using
resting-state data. As shown in Fig. 5(c)), Supplementary
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Fig. 6. Correlation between low-dimensional neural population dynamics and EEG oscillations. Averaged Canonical correlation between neural
manifolds and low-dimensional representation of power spectrum density time series across all subjects was used to evaluate the correlation. Three
frequency bands of EEG, theta, 4-8 Hz; alpha, 8-12 Hz; beta, 12-30 Hz.

Fig.S6 and Table 3, the motor cortex at rest did not exhibit
significant changes in hemispheric asymmetry before and after
training. Besides, generally lower effect size and power were
found in the MI task-related left motor cortex for cross-subject
stability in resting-state (Supplementary Table 3). Moreover,
while a decrease in explained variance in the resting-state data
was observed, the reduction was much smaller than that in
the MI task state (Fig. 5(a) and Supplementary Fig.S6). This
suggests that BCI-induced changes in motor cortex dynamics
are primarily task-related. Nevertheless, we observed signifi-
cant changes in cross-subject similarity across broader brain
regions during rest. Changes in neural mode variances in the
resting state also showed higher effect sizes and statistical
power, indicating a widespread influence of BCI training
on overall brain function. These results suggest that BCI
training induces global and sustained changes in brain function
and that, in the motor cortex, these changes become more
pronounced during the MI task.

D. Low-Dimensional Latent Dynamics Show High
Correlation With Low-Frequency Oscillation

To explore the physiological significance of the identified
low-dimensional neural manifolds, we conducted a correla-
tion analysis between the manifolds and EEG oscillations.
As shown in Fig. 6 and Supplementary Fig.S7, the correlation
decreased as frequency increased. Specifically, we found high
canonical correlations in the theta band, lower in the alpha
band, and lowest in the beta band. These results suggest
that the low-dimensional neural manifolds capture information
from low-frequency EEG oscillations, indicating they rep-
resent the spatiotemporal dynamics of low-frequency neural
population activity, supporting previous research findings [38].

E. Acute Stroke Manifests Similar Effects on the
Dynamics of Neural Population Activity With
Chronic Stroke

To verify whether the stability and task relevance of
such low-dimensional dynamics yielded the same results in
acute stroke patients, we similarly performed cross-subject
alignment and decoding of low-dimensional neural manifolds
from different subjects in acute stroke patients. As shown
in Supplementary Fig.S8(b) and Fig.S17, after alignment, the
low-dimensional neural manifolds from different subjects also

exhibited a high similarity in structure when performing the
same motor imagery task.

The classification performance of the cross-subject and
five-fold cross-validation decoding tests are shown in Sup-
plementary Fig. S9(a) and Fig. S13, all ROIs demonstrated
classification accuracy above 60%, significantly higher than
random levels, implying that the low-dimensional manifolds
of neural dynamics of acute stroke patients, like those of
chronic patients, are structurally distinct from the resting state
during motor imagery, and similarly demonstrating that these
dynamics are task relevance. Similar drops of classification
accuracy are also observed between the high and low scores
groups of acute stroke dataset.

Unlike chronic stroke patients, in Supplementary Fig.S8(a),
it can be observed that the average explained variance of
multiple neural modes in the alpha band in acute stroke
patients is significantly more complex, and the variance of
the first explanation in low score group is generally higher
than that in high score group.

Moreover, in the analysis of resting-state data from patients
with acute stroke, as shown in Supplementary Fig.S10-11,
we also observed significantly greater variability in the
explained variance during the MI task state compared to the
resting state, as well as significant differences in cross-subject
stability. In addition, our results showed that changes in the
structure of the neural manifold and interhemispheric asym-
metry were significantly correlated with changes in NIHSS
scores (Supplementary Table 7). More results based on the
acute stroke dataset can be found in Supplementary Fig.S8-12
and Table 6, 7, 8.

V. DISCUSSION
In this study, we implemented BCI-based rehabilitation

training for chronic stroke patients and recorded real-time,
64-channel whole-brain EEG during motor imagery tasks
before and after the training. Based on the recorded data,
we developed a method to derive low-dimensional neural
manifolds representing neural population dynamics in specific
brain regions and examined how BCI rehabilitation training
affected these manifolds. The cross-subject stability, task rel-
evance, and impact of BCI training on neural manifolds and
neural modes from both task-state and resting-state EEG were
analyzed. To further understand the physiological basis of
these manifolds, we also explored their correlation with EEG
oscillations. Additionally, to demonstrate that our findings are
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not limited to a few individuals, a large public dataset was
introduced to validate our findings. The results demonstrate
that low-dimensional neural manifolds from EEG data are a
valuable tool for characterizing neural population dynamics
and show potential as biomarkers for evaluating the effects of
BCI training and monitoring stroke rehabilitation progress.

Neural population activity in the motor cortex exhibits
stable low-dimensional dynamics during motor tasks [16],
[17], [18], [22]. Previous studies have reported that, in both
primates and humans, simple movement and motor imagery
produce consistent dynamics of neural population activity in
the motor cortex across time and subjects [17], [18], [22].
However, these studies typically relied on invasive neural
recordings and focused on healthy individuals, with limited
application in clinical settings. In this study, we successfully
derived low-dimensional neural manifolds of motor cortex
neural population activity from whole-brain EEG recordings,
which is proven to be stable across subjects and task-related.
We observed significant changes in their cross-subject stability,
and inter-hemispheric asymmetry, and explained variance of
neural modes after BCI training, demonstrating the poten-
tial of EEG for exploring local neural population activity.
Neural modes and structural alteration of neural manifolds
in particular ROIs are also correlated with clinical scores
improvement. Our findings support the use of low-dimensional
manifolds of neural dynamics as a biomarker for evaluating
stroke rehabilitation progress.

Moreover, while the hypothesis of neuronal function remap-
ping and redistribution provides a reasonable explanation
for stroke rehabilitation and has been supported by multiple
evidences [7], [41], [43], [44], [45], our research provides
further clinical evidence on the neural population scale to
confirm its validity. We observed a simplification of neural
modes in the motor cortex of chronic stroke patients, which
diversified following BCI training. In contrast, acute stroke
patients showed the opposite pattern. A potential explanation
is that during the process of patient transition from acute to
chronic stroke stages, natural neuronal function remapping
and redistribution may cause the initially disorganized neural
modes to stabilize into a single dominant mode. Further
rehabilitation then leads to a re-complexification of these
neural modes. These findings support the hypothesis of func-
tional remapping and redistribution for stroke rehabilitation.
Furthermore, by analyzing changes in neural modes and their
contributions to the pre- and post-training aligned canonical
components before and after BCI training, we found that
training modulates neural population dynamics by activating
or suppressing specific neural modes. This observation, along
with the reduced task relevance seen in post-training classi-
fication performance, suggests a possible interpretation: the
dominant neural mode observed before training may represent
a pathological, temporary activity pattern that reflects the
compensatory overactivation of task-related brain areas after
stroke [46], [47]. As rehabilitation progresses, this pattern
appears to be replaced by more typical, functionally remapped
neural modes, indicating recovery of normal brain function.
In addition, by comparing neural manifolds in task and resting
states, we noticed that the effects of BCI training were
observable even in resting-state data, suggesting that the brain

function-repairing process induced by BCI training is global
and sustained. Task-related changes were most prominent
in the motor cortex, indicating that BCI training primarily
restores motor imagery function through motor cortex reha-
bilitation. This aligns with previous findings [15], [20], [21].
These results suggest that the low-dimensional neural mani-
folds we identified through EEG recordings can be valuable
for further exploring the mechanisms of stroke rehabilitation.

Currently, the physiological basis of stable low-dimensional
manifolds of neural dynamics is still not fully understood.
Several studies suggested that these dynamics reflect spe-
cific neural oscillations [38], [48]. Our findings confirm a
high canonical correlation between the low-dimensional neural
manifold and EEG theta band oscillations, suggesting that
these stable dynamics manifest as low-frequency oscillations at
a macro scale. While motor imagery tasks are typically associ-
ated with alpha and beta bands oscillation [24], [49], [50], [51],
with ERD/ERS in these bands closely linked to the functional
deficits resulting from stroke [24], [52], some studies have also
identified active dynamics in the theta band in stroke patients
during motor imagery [15], [53]. Existing evidences suggest
that changes in theta band activity during MI may reflect
the reorganization of brain functional networks [54], [55] and
adaptive plasticity [56]. Our findings extend this by showing
that theta-band changes may indicate the normalization of
neural population dynamics. This further demonstrates that
changes in theta band activity are likely driven by functional
recovery resulted from rehabilitation, rather than the MI task
itself.

Last but not least, to validate our findings, we attempted
to replicate our results in the chronic stroke dataset on a
public dataset of acute stroke patients performing similar
motor imagery task [24]. In addition to the differences in
explained variance of neural modes, the acute patient results
exhibited larger standard deviations, likely reflecting the early-
stage functional disruption caused by stroke [19], [21], [43],
[57]. With the natural recovery process progresses, such dis-
ruption is inhibited by the functional remapping of peripheral
neurons [1], [2], [3], [7], which eventually stabilizes the neural
modes, resulting in the low standard deviations of chronic
patients. This reorganization may be more intense and rapid
during the acute phase than in the chronic phase [58], [59],
which may explain the stronger associations we observed
between clinical scores and structural changes in the acute
group. These findings support our earlier hypothesis: stroke
rehabilitation first suppresses disorganized activity in the acute
phase, leading to simplified patterns, and later modulates
specific neural modes in the chronic phase to promote more
diverse and functional dynamics.

While the findings outlined above provide a foundational
understanding of the low-dimensional dynamics of neural
population activity of stroke patients, several issues remain for
further exploration. For one thing, the small sample size of our
chronic stroke dataset may have limited the statistical power
and generalizability of our findings. Although we included data
from acute stroke patients and reported effect sizes to mitigate
false negatives, the overall analysis remained constrained by
the limited dataset. This likely restricted our ability to detect
more meaningful patterns and reduced the reliability of our
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conclusions, such as limited correlation with clinical scores.
Additionally, the lack of diversity in the sample prevented
effective control for potential covariates such as gender and
lesion side. For example, previous studies suggest that women
may experience more severe disability and slower recovery
after stroke [60], [61]. Given the underrepresentation of female
participants in our dataset, it is possible that observed changes
in neural population dynamics are more pronounced and con-
sistent in men, while in women these changes may be subtler
or more variable. Future research should involve larger, more
diverse populations to validate our methods and strengthen
the robustness of the results. For another, both datasets are
based on the commonly used number of EEG electrodes (32
or 64) and their setup in clinical settings to facilitate the
clinical application. However, this limited electrode coverage
may oversimplify neural activity when projected into voxel
space, potentially diluting the task-related information and the
effect of patient health status in neural manifolds. To this end,
future research should involve larger, more diverse populations
and high-density EEG or MEG to validate our methods and
strengthen the robustness of the results.

VI. CONCLUSION

In this study, we identified stable low-dimensional neural
population dynamics in stroke patients performing motor
imagery tasks based on EEG. The uncovered dynamics change
globally and sustainably as stroke recovery progresses and
can reflect the stroke rehabilitation procedure. Our research
offers a novel perspective for understanding the mechanisms
of stroke rehabilitation and introduces a potential biomarker
for evaluating BCI-based stroke therapies.
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