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Abstract—Functional connectivity (FC) analysis is crucial for
understanding neuroplasticity in stroke rehabilitation. Neuro-
feedback (NF) training has shown promise in facilitating recov-
ery, but its whole-brain effects remain poorly understood due
to limitations in traditional FC analysis methods. Many studies
rely on region-of-interest (ROI)-based approaches, which restrict
analysis to predefined regions, or whole-brain mass univariate
tests, which suffer from the multiple comparisons problem. In
this study, we apply Network-Based Statistics (NBS), a graph-
theoretic signal processing approach, to identify data-driven FC
changes following NF-based stroke rehabilitation. Using fMRI
data, we detected two significant network components: one within
the somatomotor network, reflecting expected motor recovery
processes, and another within the default mode network (DMN),
highlighting broader neuroplasticity effects. Our findings validate
NBS as a robust tool for unbiased, whole-brain connectivity
analysis, offering new insights into the distributed impact of NF
training in stroke rehabilitation.

Index Terms—fMRI, Functional Connectivity, stroke rehabili-
tation, Network Based Statistics.

I. INTRODUCTION

Functional Magnetic Resonance Imaging (fMRI) provides a
powerful tool for studying brain function by analyzing patterns
of functional connectivity (FC), which measure statistical
dependencies between different brain regions. Understanding
how FC evolves over time is crucial for assessing neuro-
plasticity, particularly in stroke rehabilitation, where recov-
ery depends on the brain’s ability to reorganize functional
networks [1, 2]. Moreover, this process is not always benefi-
cial—maladaptive plasticity can lead to inefficient connectivity
patterns that may hinder recovery rather than support it [3].
Identifying both adaptive and maladaptive changes is therefore
essential for refining rehabilitation strategies.

In this work, we focus on the study of neurofeedback (NF)-
based stroke rehabilitation. NF is a promising intervention
that enables patients to self-regulate brain activity, and while
it has been shown to drive neuroplasticity [4], its effects
on whole-brain connectivity remain poorly understood. Many
studies assessing the effect of NF-based neurorehabilitation
in stroke rely on region-of-interest (ROI)-based approaches,
where specific brain areas are selected based on prior hy-
potheses about their role in recovery [5, 6]. While this method
provides valuable insights, it may overlook broader network-
wide plasticity, particularly in regions not explicitly targeted

by rehabilitation. Whole-brain FC analysis offers a more
comprehensive perspective by capturing connectivity changes
across the entire brain. However, analyzing a large number of
connections introduces statistical challenges, requiring correc-
tion for multiple comparisons, which can reduce sensitivity
to meaningful effects—particularly when changes occur in
distributed networks rather than in isolated regions.

To address these limitations, we employ Network-Based
Statistics (NBS) [7], a graph-based technique that identifies
whole-brain subnetworks exhibiting significant connectivity
alterations. By clustering interconnected connections, NBS
improves sensitivity to distributed connectivity changes while
rigorously controlling for multiple comparisons at the net-
work level. Importantly, NBS involves fewer methodologi-
cal decisions compared to other whole-brain graph metrics,
thus enhancing the reliability and interpretability of results.
Given that NF-driven neuroplasticity likely induces subtle and
distributed connectivity changes extending beyond predefined
regions, NBS is ideally suited to provide an unbiased and
statistically robust assessment of NF-induced neuroplasticity.

The primary contributions of this study are:
• Validation of NBS in a neurorehabilitation setting,

demonstrating its feasibility for studying whole-brain
functional reorganization.

• Demonstration that NBS can be effectively applied in ex-
ploratory clinical studies without requiring pre-selection
of specific connections.

• Identification of two key network components affected by
NF training providing insights into rehabilitation-induced
neuroplasticity.

II. RELATED WORKS

Analyzing FC in fMRI presents several challenges, partic-
ularly in the context of neurorehabilitation. Stroke induces
widespread changes in brain networks [1], and effective re-
habilitation strategies depend on our ability to accurately
measure and interpret these changes. Various signal processing
techniques have been developed for FC analysis, each with
its own advantages and limitations. At the core of these ap-
proaches lies a trade-off between statistical power and spatial
specificity. Ideally, we want to detect all connectivity changes
induced by rehabilitation, but given the high dimensionality



of whole-brain FC data, where thousands of connections
are analyzed simultaneously—controlling for false positives
without missing meaningful effects is a major challenge.

A. ROI-based Approaches: reducing statistical complexity at
the cost of flexibility

A widely used solution to mitigate the multiple comparisons
problem is to focus on predefined regions of interest (ROIs)
or specific connections [8, 9, 10], drastically reducing the
number of statistical tests. Many studies in stroke rehabilitation
adopt this approach by selecting for example motor-related
brain areas [9] based on prior knowledge of stroke recovery
mechanisms. While this hypothesis-driven strategy improves
statistical power and ensures biological interpretability, it risks
overlooking network-wide plasticity, particularly in areas that
were not explicitly targeted but still contribute to functional
reorganization.

B. Whole-brain edge-wise analysis: the multiple comparisons
challenge

To capture connectivity changes beyond predefined ROIs,
we could adopt whole-brain FC analysis, evaluating all pair-
wise connections between brain regions. This allows for a
more exploratory, data-driven assessment of neuroplasticity.
However, this comes at the cost of an extreme multiple com-
parisons problem: analyzing thousands of connections requires
stringent statistical corrections (e.g., Bonferroni [11], False
Discovery Rate (FDR)[12]), which often reduce sensitivity
and may lead to false negatives. While this method maintains
spatial specificity, its reliance on independent statistical tests
fails to account for interdependencies between connections,
which are critical in network-based brain function.

C. Global graph metrics: summarizing connectivity at the
expense of specificity

Some studies bypass the multiple comparisons issue by
summarizing whole-brain connectivity into single global val-
ues using graph-theoretic metrics such as modularity, global
efficiency, or small-worldness [13, 14]. These approaches
provide valuable insights into overall network organization
and allow for a more computationally efficient analysis. How-
ever, they suffer from a loss of spatial specificity, as they
do not identify which connections or subnetworks drive the
observed effects, and may oversimplify complex neural dy-
namics, potentially masking clinically meaningful connectivity
alterations. Moreover, variability in methodological choices,
such as thresholding and network definitions, further raises
concerns regarding their reliability and interpretability [15].
This makes them less suited for studies seeking to localize
specific connectivity changes induced by stroke rehabilitation
interventions.

D. NBS

To balance statistical power and spatial specificity, NBS
[7] has been proposed as an alternative that detects network-
level connectivity changes rather than testing individual con-

nections separately. Instead of treating each edge as indepen-
dent, NBS clusters interconnected edges that show significant
FC changes, allowing for the identification of subnetworks
rather than isolated connections. By using permutation testing,
NBS controls for multiple comparisons at the network level,
improving sensitivity to widespread neuroplasticity effects
while maintaining statistical rigor. Moreover, NBS requires
relatively few methodological decisions, reducing the potential
for variability and increasing the robustness and replicability
of its findings.

Originally introduced for detecting connectivity disruptions
in cognitive and psychiatric disorders, NBS has shown promis-
ing results in identifying functionally relevant networks in
neuroimaging studies [7, 16]. However, its application in
stroke rehabilitation remains limited, despite its potential to
uncover both adaptive and maladaptive plasticity.

III. METHODOLOGY

A. Dataset

This study is based on data from a randomized controlled
trial conducted at Rennes University Hospital [6], designed to
evaluate the effects of NF training in stroke rehabilitation. The
trial included two groups: one that underwent NF training (n
= 15) and a control group that did not (n = 15). In this paper,
we focus specifically on the NF group.

Eligible participants were 18 to 80 years old, had a uni-
lateral supratentorial stroke at least six months prior, and had
an FMA-UE score between 22 and 53, indicating moderate
motor impairment. Additionally, participants were required to
have intact corticospinal tract integrity, assessed via fractional
anisotropy estimated using Diffusion MRI. Exclusion criteria
included MRI contraindications, severe vascular lesions, or
prior neurological conditions.

The five-week NF training program consisted of five bi-
modal EEG-fMRI NF sessions, nine unimodal EEG-NF ses-
sions, and one motor imagery (MI) fMRI session both before
and after NF training. During NF training, participants modu-
lated their brain activity in real time, with feedback computed
based on activity in the supplementary motor area (SMA) and
the primary motor cortex (M1). For this study, we specifically
analyze fMRI data from the pre- and post-training MI sessions
to assess NF-induced changes in functional connectivity.

B. Data preprocessing

Anatomical preprocessing was performed using fMRIPrep
23.0.0 [17], a widely used pipeline for fMRI data. The
T1-weighted image underwent bias field correction with
N4BiasFieldCorrection [18] and was then skull-stripped using
the ANTs Brain Extraction workflow. Brain tissue segmen-
tation into cerebrospinal fluid (CSF), white matter, and gray
matter was performed with FAST (FSL 6.0.5.1) [19], while the
brain surface was reconstructed using FreeSurfer 7.3.2 [20].
Spatial normalization was applied using ANTs to align the data
to MNI152NLin2009cAsym space [21], with a cost function
masking approach to prevent lesion-induced warping [22].



Fig. 1. Methodological pipeline for identifying functional connectivity changes using NBS. In the preprocessing pipeline illustrated in green, the brain
is parcellated using the Schaefer atlas, and functional connectivity matrices are computed for both pre- and post-intervention data. A paired t-test is then
applied to each connection in the upper triangular part of the symmetric connectivity matrices, generating a test statistic for each edge. An initial threshold
of p ≤ 0.001 is applied, creating a binary adjacency matrix where each connection is assigned 1 (significantly different pre- vs. post-intervention) or 0 (not
significant). Connected components are then identified using graph-theoretical algorithms, grouping interconnected suprathreshold edges into subnetworks. To
assess statistical significance, K permutations are performed by randomly shuffling subject labels and recomputing the test statistics and component structures.
This generates a null distribution of component sizes, against which the observed components are compared. Components with corrected p ≤ 0.05 are
considered statistically significant

Functional MRI preprocessing was conducted using fM-
RIPrep followed by fMRIStroke, a dedicated pipeline for
stroke-related fMRI processing [23]. Motion correction was
performed using MCFLIRT (FSL) [24], and slice timing cor-
rection was applied using AFNI 3dTshift [25]. The functional
images were co-registered to the T1-weighted reference using
boundary-based registration (bbregister, FreeSurfer) [26] and
then spatially normalized to MNI152NLin2009cAsym space
with ANTs.

Denoising was performed using a combination of standard
and stroke-specific confound regression. Physiological and
motion-related confounds were removed using CompCor [27],
with nuisance regressors including global signal, motion pa-
rameters, tissue signals (white matter and cerebro spinal fluid),
and anatomical CompCor components. Additional stroke-
specific confounds were computed with fMRIStroke, incorpo-
rating lesion-specific tissue regressors, Independent Compo-
nent Analysis (ICA)-based artifact removal excluding compo-
nents overlapping with lesion masks [28], and hemodynamic
lag estimation to make sure participants do not have excessive
delays exceeding one second in the affected hemisphere [29].

C. Functional connectivity

FC was computed using Nilearn [30]. The Schaefer 400-
region atlas was used for brain parcellation, but due to a
reduced field of view (FOV) in the fMRI acquisition, only
200 regions were included in the analysis. The regional time
series were extracted by averaging the BOLD signal within
each parcel. Pairwise Pearson correlation was computed for
all region pairs, and Ledoit-Wolf shrinkage [31, 32] was
applied to improve covariance estimation. The resulting 200

× 200 functional connectivity matrix represented whole-brain
connectivity patterns for each subject.

D. NBS

NBS was used to identify significant changes in functional
connectivity pre- and post-rehabilitation while controlling for
multiple comparisons (figure 1). A paired two-sided t-test
was applied to each connection, with an initial threshold of
p ≤ 0.001 to identify significant connectivity changes. Con-
nected components were then formed, and their significance
was assessed using 5,000 permutations, with a threshold of
p ≤ 0.05 for significance. The analysis was performed using
the Brain Connectivity Toolbox implementation of NBS [33].

IV. RESULTS AND DISCUSSION

A. NBS identified two key networks

NBS identified two significant components showing changes
in functional connectivity following NF training. The first
component primarily involved 42 regions of interest (ROIs)
and 48 connections mainly within the somatomotor network,
as defined by the Yeo 7-networks [34] parcellation (Fig-
ure 2.A), with a significance level of p = 0.0006. The second
component consisted of 18 ROIs and 23 connections, localized
within the default mode network (DMN) (Figure 2.B), with a
significance level of p = 0.003.

Both components exhibited a decrease in connectivity
strength following intervention, indicating a reduction in net-
work interactions post-training. This suggests that NF-based
rehabilitation induced widespread modifications in whole-
brain functional connectivity, affecting both motor-related and
non-motor networks.



Fig. 2. Significant network components identified using NBS. Lightning bolt represents lesion side, LH: Left Hemisphere, RH: Right Hemisphere (A) First
significant component. (B) Second significant component. Left panels: Circular connectivity graph displaying the detected subnetwork, with edge colors
indicating the corresponding Yeo 7-network affiliation. Right panels: Circular connectivity graph of the same subnetwork, where edge colors represent the
magnitude of mean connectivity changes (pre- vs post-intervention).

B. NBS identifies functionally relevant networks and meaning-
ful changes

The fact that NBS detected well-established functional
networks—the somatomotor network and the DMN—validates
its effectiveness in this setting. These networks are commonly
recognized in functional neuroimaging, confirming that the
identified FC changes are biologically meaningful rather than
statistical artifacts.

The reduction in motor network connectivity may reflect a
refinement in network efficiency, potentially reducing the com-
pensatory hyperconnectivity often observed in early recovery.
Similarly, while the DMN is usually less active during tasks
[35], stroke can lead to aberrant activation [36], potentially
disrupting cognitive-motor processes. Its post-rehabilitation
decrease may therefore indicate a restoration of typical brain
dynamics, allowing for more efficient engagement of motor
networks during motor imagery. While further work is needed
to fully interpret these changes, the alignment of detected net-
works with established neurophysiological systems reinforces
the applicability of NBS for unbiased whole-brain FC analysis.

C. NBS reveals connectivity changes beyond targeted regions

The results show that NF-induced changes extended be-
yond predefined motor regions, affecting large-scale brain net-
works. This underscores the need for whole-brain connectivity
analysis and the advantages of data-driven approaches over
hypothesis-driven methods that may overlook network-wide
effects. These findings validate NBS as an effective tool for
detecting distributed neuroplasticity in neurorehabilitation.

D. Limitations and perspectives

While this study demonstrates the effectiveness of NBS in
identifying neurofeedback-induced changes in stroke rehabili-
tation, several limitations should be acknowledged. First, sam-
ple size is a critical factor in fMRI studies, as neuroplasticity
varies significantly across individuals. Although NBS controls

for multiple comparisons at the network level, a larger cohort
would improve statistical power and allow for more robust
generalization of the findings. Future studies should incorpo-
rate larger and more diverse stroke populations to account
for inter-individual variability in recovery patterns. Second,
while NBS detects significant connectivity changes, it does not
directly assess their functional relevance. A deeper integration
of clinical outcome measures, such as motor function scores
or behavioral improvements, would help establish a clearer
link between network reorganization and functional recovery.
Longitudinal studies tracking both connectivity changes and
clinical progress over extended periods could provide more
insight into the long-term effects of NF training. Despite
these limitations, this study highlights NBS as a valuable
tool for unbiased, data-driven detection of functional network
reorganization. Expanding on these findings with larger, and
control-based studies will further refine our understanding of
NF-induced plasticity and optimize its clinical application in
stroke rehabilitation.

V. CONCLUSION

This study applied NBS to analyze whole-brain FC changes
following NF training in stroke rehabilitation. NBS identified
two significant network components: the somatomotor net-
work, associated with motor execution, and the DMN, involved
in higher-order cognitive and motor processes. The observed
decrease in connectivity strength suggests a refinement of
network interactions, supporting the idea that stroke recovery
involves network optimization rather than global connectivity
increases.

These findings highlight the value of NBS as a tool for de-
tecting data-driven, network-wide FC changes beyond prede-
fined regions. Unlike traditional ROI-based approaches, NBS
enables exploratory whole-brain connectivity analysis while
controlling for multiple comparisons at the network level,
making it well-suited for studying distributed neuroplasticity.
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[8] P. Vargas, R. Sitaram, P. Sepúlveda, C. Montalba, M. Rana, R. Torres,
C. Tejos, and S. Ruiz, “Weighted neurofeedback facilitates greater self-
regulation of functional connectivity between the primary motor area and
cerebellum,” Journal of Neural Engineering, vol. 18, no. 5, p. 056059,
Oct. 2021, publisher: IOP Publishing.

[9] S. Tsuchimoto, K. Shindo, F. Hotta, T. Hanakawa, M. Liu, and J. Ushiba,
“Sensorimotor Connectivity after Motor Exercise with Neurofeedback
in Post-Stroke Patients with Hemiplegia,” Neuroscience, vol. 416, pp.
109–125, Sep. 2019.

[10] S.-L. Liew, M. Rana, S. Cornelsen, M. Fortunato de Barros Filho,
N. Birbaumer, R. Sitaram, L. G. Cohen, and S. R. Soekadar, “Improv-
ing Motor Corticothalamic Communication After Stroke Using Real-
Time fMRI Connectivity-Based Neurofeedback,” Neurorehabilitation
and Neural Repair, vol. 30, no. 7, pp. 671–675, Aug. 2016, publisher:
SAGE Publications Inc STM.

[11] J. M. Bland and D. G. Altman, “Multiple significance tests: the Bonfer-
roni method,” BMJ (Clinical research ed.), vol. 310, no. 6973, p. 170,
Jan. 1995.

[12] J. D. Storey, “A direct approach to false discovery rates,”
Journal of the Royal Statistical Society: Series B (Statistical
Methodology), vol. 64, no. 3, pp. 479–498, 2002, eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1111/1467-9868.00346.

[13] J. S. Siegel, B. A. Seitzman, L. E. Ramsey, M. Ortega, E. M. Gordon,
N. U. F. Dosenbach, S. E. Petersen, G. L. Shulman, and M. Corbetta,
“Re-emergence of modular brain networks in stroke recovery,” Cortex,
vol. 101, pp. 44–59, Apr. 2018.

[14] S. I. Ktena, M. D. Schirmer, M. R. Etherton, A.-K. Giese, C. Tuozzo,
B. B. Mills, D. Rueckert, O. Wu, and N. S. Rost, “Brain Connectiv-
ity Measures Improve Modeling of Functional Outcome After Acute
Ischemic Stroke,” Stroke, vol. 50, no. 10, pp. 2761–2767, Oct. 2019,
publisher: American Heart Association.

[15] M. N. Hallquist and F. G. Hillary, “Graph theory approaches to func-
tional network organization in brain disorders: A critique for a brave
new small-world,” Network Neuroscience (Cambridge, Mass.), vol. 3,
no. 1, pp. 1–26, 2019.

[16] Y. Zhan, H. Yao, P. Wang, B. Zhou, Z. Zhang, Y. Guo, N. An, J. Ma,
X. Zhang, and Y. Liu, “Network-based statistic show aberrant functional
connectivity in alzheimer’s disease,” IEEE Journal of Selected Topics in
Signal Processing, vol. 10, no. 7, pp. 1182–1188, 2016.

[17] O. Esteban, C. Markiewicz, R. W. Blair, C. Moodie, A. I. Isik, A. Er-
ramuzpe Aliaga, J. Kent, M. Goncalves, E. DuPre, M. Snyder, H. Oya,
S. Ghosh, J. Wright, J. Durnez, R. Poldrack, and K. J. Gorgolewski,

“fMRIPrep: a robust preprocessing pipeline for functional MRI,” Nature
Methods, 2018.

[18] N. J. Tustison, B. B. Avants, P. A. Cook, Y. Zheng, A. Egan, P. A.
Yushkevich, and J. C. Gee, “N4itk: Improved n3 bias correction,” IEEE
Transactions on Medical Imaging, vol. 29, no. 6, pp. 1310–1320, 2010.

[19] Y. Zhang, M. Brady, and S. Smith, “Segmentation of brain MR images
through a hidden markov random field model and the expectation-
maximization algorithm,” IEEE Transactions on Medical Imaging,
vol. 20, no. 1, pp. 45–57, 2001.

[20] A. M. Dale, B. Fischl, and M. I. Sereno, “Cortical surface-based anal-
ysis: I. segmentation and surface reconstruction,” NeuroImage, vol. 9,
no. 2, pp. 179–194, 1999.

[21] V. Fonov, A. Evans, R. McKinstry, C. Almli, and D. Collins, “Unbi-
ased nonlinear average age-appropriate brain templates from birth to
adulthood,” NeuroImage, vol. 47, Supplement 1, p. S102, 2009.

[22] M. Brett, A. P. Leff, C. Rorden, and J. Ashburner, “Spatial normaliza-
tion of brain images with focal lesions using cost function masking,”
NeuroImage, vol. 14, no. 2, pp. 486–500, 2001.

[23] A. Lamouroux, G. Lioi, J. Coloigner, P. Maurel, and N. Farrugia,
“fmristroke: A preprocessing pipeline for fmri data from stroke
patients,” Journal of Open Source Software, vol. 9, no. 103, p. 6636,
2024. [Online]. Available: https://doi.org/10.21105/joss.06636

[24] M. Jenkinson, P. Bannister, M. Brady, and S. Smith, “Improved op-
timization for the robust and accurate linear registration and motion
correction of brain images,” NeuroImage, vol. 17, no. 2, pp. 825–841,
2002.

[25] R. W. Cox and J. S. Hyde, “Software tools for analysis and visualization
of fmri data,” NMR in Biomedicine, vol. 10, no. 4-5, pp. 171–178, 1997.

[26] D. N. Greve and B. Fischl, “Accurate and robust brain image alignment
using boundary-based registration,” NeuroImage, vol. 48, no. 1, pp. 63–
72, 2009.

[27] Y. Behzadi, K. Restom, J. Liau, and T. T. Liu, “A component based noise
correction method (CompCor) for BOLD and perfusion based fmri,”
NeuroImage, vol. 37, no. 1, pp. 90–101, 2007.

[28] G. Yourganov, J. Fridriksson, B. Stark, and C. Rorden, “Removal of
artifacts from resting-state fMRI data in stroke,” NeuroImage : Clinical,
vol. 17, pp. 297–305, Oct. 2017.

[29] J. S. Siegel, G. L. Shulman, and M. Corbetta, “Measuring functional
connectivity in stroke: Approaches and considerations,” Journal of
Cerebral Blood Flow & Metabolism, vol. 37, no. 8, pp. 2665–2678,
Aug. 2017.

[30] A. Schaefer, R. Kong, E. M. Gordon, T. O. Laumann, X.-N. Zuo, A. J.
Holmes, S. B. Eickhoff, and B. T. T. Yeo, “Local-Global Parcellation
of the Human Cerebral Cortex from Intrinsic Functional Connectivity
MRI,” Cerebral Cortex (New York, NY), vol. 28, no. 9, pp. 3095–3114,
Sep. 2018.

[31] O. Ledoit and M. Wolf, “A well-conditioned estimator for large-
dimensional covariance matrices,” Journal of Multivariate Analysis,
vol. 88, no. 2, pp. 365–411, Feb. 2004.

[32] N. Honnorat and M. Habes, “Covariance shrinkage can assess and
improve functional connectomes,” NeuroImage, vol. 256, p. 119229,
Aug. 2022.

[33] M. Rubinov, R. Kötter, P. Hagmann, and O. Sporns, “Brain connectivity
toolbox: a collection of complex network measurements and brain
connectivity datasets.” NeuroImage, vol. 47, p. S169, Jul. 2009.

[34] B. T. Thomas Yeo, F. M. Krienen, J. Sepulcre, M. R. Sabuncu,
D. Lashkari, M. Hollinshead, J. L. Roffman, J. W. Smoller, L. Zöllei,
J. R. Polimeni, B. Fischl, H. Liu, and R. L. Buckner, “The organization
of the human cerebral cortex estimated by intrinsic functional connec-
tivity,” Journal of Neurophysiology, vol. 106, no. 3, pp. 1125–1165, Sep.
2011.

[35] R. L. Buckner, J. R. Andrews-Hanna, and D. L. Schacter, “The brain’s
default network: anatomy, function, and relevance to disease,” Annals of
the New York Academy of Sciences, vol. 1124, pp. 1–38, Mar. 2008.

[36] S. Larivière, N. S. Ward, and M.-H. Boudrias, “Disrupted functional
network integrity and flexibility after stroke: Relation to motor impair-
ments,” NeuroImage: Clinical, vol. 19, pp. 883–891, Jan. 2018.


