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Preface

As the Guest Editor, it is with great pleasure that we introduce this Reprint on the “Application
of EEG in Neurorehabilitation”. The field of neurorehabilitation stands at a fascinating and critical
intersection of clinical science, neuroscience and engineering. Its fundamental goal—to restore
function and improve quality of life for individuals with neurological impairments—remains a
profound challenge. In recent years, electroencephalography (EEG) has evolved from a primarily
diagnostic tool into a dynamic and versatile instrument capable of driving therapeutic innovation.
The motivation behind this collection was to capture the breadth and depth of this evolution,
showcasing how EEG is being leveraged not just to observe brain activity but to actively understand,
guide and enhance the process of recovery. This Reprint consolidates pioneering research that
highlights the synergy between advanced EEG methodologies and their practical application across

a spectrum of neurological conditions.

The scope of the articles presented in this publication is a testament to the field’s vibrant
and multidisciplinary nature. The works traverse a wide range of technological frontiers. Several
contributions demonstrate the powerful integration of machine learning and EEG, developing
sophisticated algorithms for subject-independent brain-computer interfaces (BCls) and optimizing
the timing of non-invasive brain stimulation in stroke patients. These studies push the boundaries of
how we interpret complex neural data to create responsive, personalized interventions. Furthermore,
the research explores the combination of EEG with other powerful modalities, including transcranial
magnetic stimulation (TMS) and non-invasive brain stimulation techniques like tACS and tDCS.
This integration is pivotal for developing closed-loop systems that can modulate brain plasticity
with increasing precision. Other works address essential methodological questions, examining how
different signal processing techniques can enhance the accuracy and reliability of BCI systems, a

critical step for their translation into clinical practice.

The ultimate aim of these technological advancements is to address pressing clinical needs.
The articles collected here are firmly grounded in real-world applications, targeting conditions such
as stroke, cerebral palsy and age-related cognitive and motor decline. The research delves into
crucial functional domains, from investigating the neural underpinnings of stepping accuracy to
prevent falls to exploring brain connectivity patterns during working memory tasks in immersive
virtual reality environments. One particularly insightful study examines how the therapist-patient
relationship and verbal encouragement influence neural networks in children with cerebral palsy,
reminding us that technology must serve to enhance the human element of care. Collectively, these
studies aim to identify robust, neurophysiological biomarkers of motor recovery, cognitive function
and even the effects of reward processing, laying the groundwork for more objective and data-driven

rehabilitation protocols.



This Reprint is addressed to a diverse audience, including clinicians on the front lines
of neurorehabilitation such as physiatrists, neurologists and occupational therapists, as well as
neuroscientists, biomedical engineers and data scientists who are building the next generation of
therapeutic tools. It is our hope that this collection will not only serve as a valuable reference on
the current state of the art but also inspire new avenues of inquiry and foster collaboration across
disciplines. The path toward restoring brain function is complex, but as the work in this Reprint
demonstrates, EEG-based approaches are illuminating that path with unprecedented clarity. We
extend our sincerest gratitude to the authors for their outstanding contributions and to the readers

for their interest in this exciting and impactful field of study.

Ryouhei Ishii
Guest Editor
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1. Introduction

The field of neurorehabilitation stands at a pivotal juncture, driven by a confluence of
advancements in neuroscience, engineering, and data science. At the heart of this trans-
formation is the imperative to move beyond one-size-fits-all therapeutic models towards
personalized, evidence-based interventions that are precisely tailored to the individual’s
unique neural landscape. Electroencephalography (EEG), a technology with a long and
storied history in clinical neurology, has re-emerged as a powerful and versatile tool in
this new era. Its non-invasive nature, exceptional temporal resolution, portability, and
relative affordability have positioned it as an ideal modality for exploring the dynamic
processes of neural recovery and guiding rehabilitation strategies. This Special Issue of
Brain Sciences, titled “The Application of EEG in Neurorehabilitation”, brings together a
collection of cutting-edge research that collectively illuminates the expanding role of EEG
in assessing brain function, optimizing therapeutic interventions, and pioneering the next
generation of assistive technologies [1].

For decades, the primary application of EEG in neurology was diagnostic, focused
on identifying epileptiform activity or characterizing sleep stages. However, the last two
decades have witnessed a paradigm shift. The integration of sophisticated signal processing
algorithms, machine learning, and mobile brain/body imaging (MoBI) has unlocked the
potential of EEG to serve not just as a diagnostic tool but as a dynamic window into
the functioning brain [2]. This is particularly crucial in neurorehabilitation, where the
ultimate goal is to understand and promote neural plasticity—the brain’s intrinsic ability to
reorganize itself following injury from events such as stroke, traumatic brain injury (TBI),
or in the context of neurodevelopmental conditions such as cerebral palsy [3].

Despite this progress, significant gaps in our knowledge and technical challenges
remain. One of the most persistent hurdles is inter-subject variability; neural signatures
that are robust in one individual may be weak or absent in another, complicating the
development of universally effective brain—computer interfaces (BCls) or biomarkers [4].
Furthermore, translating findings from controlled laboratory settings into complex, real-
world clinical environments remains a formidable challenge [5]. There is a pressing need
for more robust, interpretable models that can handle the noisy, high-dimensional data
characteristic of EEG recordings during movement and interaction. Additionally, while we
have become proficient at identifying neural correlates of motor function, the neurophysio-
logical underpinnings of cognitive and motivational factors—which are critical for patient
engagement and successful rehabilitation—are less understood.

Brain Sci. 2025, 15, 856 https:/ /doi.org/10.3390/brainsci15080856
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This Special Issue directly confronts these challenges, presenting a multifaceted view of
how researchers are pushing the boundaries of what is possible with EEG. The nine articles
featured herein span a wide spectrum of applications, from foundational investigations
into neural mechanisms to the development of advanced computational models and the
exploration of novel therapeutic paradigms.

2. Advancing Brain-Computer Interfaces and Computational Models

A central theme of this collection is the relentless pursuit of more accurate and reliable
BCI systems, which hold immense promise for restoring function to individuals with
severe motor impairments. Three papers in this Special Issue tackle key challenges in
BCI development from a computational perspective. Mao et al. (Contribution 1) address
the critical issue of subject-independent EEG recognition in motor imagery tasks. Their
proposed Mirror Contrastive Learning with Sliding Window Transformer (MCL-SWT)
model is a significant step forward, leveraging neurophysiological principles (contralateral
event-related desynchronization) to inform the architecture of their deep learning model.
By improving performance on benchmark datasets, their work paves the way for BCls that
require less user-specific calibration, a major barrier to clinical adoption.

Complementing this, Suresh et al. (Contribution 2) explore the synergy between
EEG-based machine learning and non-invasive brain stimulation (NIBS). Their study
demonstrates that transcranial direct current stimulation (tDCS) not only facilitates motor
recovery but also enhances the decodability of movement-related EEG signals in chronic
stroke patients. This finding is profound, suggesting that NIBS can be used to “prime”
the brain, making neural states more distinct and therefore easier to classify. This creates
a potential positive feedback loop where stimulation improves both neural function and
the BCI's ability to assist that function. The work by Adolf et al. (Contribution 3) further
underscores the complexity of the BCI pipeline, conducting a systematic investigation
into how different preprocessing choices—such as artifact rejection, filtering, and transfer
learning—impact classification accuracy. Their results highlight that there is no single “best”
pipeline; rather, processing techniques must be carefully selected and tailored to specific network
architectures and even individual subjects, reinforcing the need for personalized approaches.

3. Uncovering the Neural Signatures of Motor Control and Recovery

To build effective rehabilitation strategies, we must first understand the fundamental
neural mechanisms of motor control and how they are altered by injury. Okuyama et al.
(Contribution 4) provide a blueprint for this by investigating the cortical networks underly-
ing stepping accuracy in healthy individuals using mobile EEG. Their work, integrating
eLORETA-ICA with microstate analysis, reveals a distributed network where the anterior
cingulate cortex (ACC) plays a central role in performance monitoring. This provides a
normative model against which patient populations can be compared, offering potential
targets for therapeutic intervention aimed at improving gait and preventing falls.

Lacerda et al. (Contribution 5) apply a similar neurophysiological lens directly to
stroke survivors. Their longitudinal study powerfully demonstrates the clinical utility
of EEG- and TMS-derived biomarkers. They identify the theta/alpha ratio (TAR) in the
lesioned hemisphere as a robust predictor of motor outcomes and a potential signature
of adaptive compensatory processes. This research exemplifies the goal of translational
neuroscience: to identify reliable biomarkers that can predict recovery trajectories and help
clinicians stratify patients for targeted therapies, moving us closer to a precision medicine
model for stroke rehabilitation.
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4. Exploring the Psycho-Social and Contextual Dimensions of Rehabilitation

Successful rehabilitation is not merely a matter of retraining motor circuits; it is deeply
influenced by motivation, social interaction, and cognitive engagement. Two particularly
innovative articles in this Special Issue use EEG to explore this often-overlooked dimension.
Yamauchi et al. (Contribution 6) investigate how the brains of children with cerebral palsy
respond differently to verbal encouragement from their mothers versus their physical
therapists. Their findings suggest that the source and tone of voice elicit distinct patterns
of neural activity, with a mother’s voice potentially engaging more internal, self-referential
processing. This work highlights the critical importance of the therapeutic alliance and
communication in pediatric rehabilitation.

Similarly, Ozel (Contribution 7) uses a virtual reality (VR) environment to dissect
how the brain processes social versus non-social cues during a working memory task.
By creatively applying Leading Eigenvector Dynamics Analysis (LEiDA) to EEG data,
the study reveals that social avatar cues trigger a unique brain state characterized by
heightened connectivity in self-referential and memory networks. This suggests that
embedding social elements into VR-based rehabilitation tasks could significantly enhance
cognitive engagement and, by extension, therapeutic outcomes.

5. Foundational Research for Future Therapies

Finally, this Special Issue includes two contributions that lay the groundwork for
future therapeutic development. Morales Fajardo et al. (Contribution 8) conduct a focused
investigation into the effects of high-definition transcranial alternating current stimulation
(HD-tACS) on beta oscillations in healthy older adults. By demonstrating frequency-specific
and spatially focal modulation of brain activity, their work provides crucial mechanistic
insights that are necessary for designing effective tACS protocols to enhance motor con-
trol in aging and neurological populations. In a comprehensive review, Koloski et al.
(Contribution 9) make a compelling case for using neurophysiological markers, such as
cortico-striatal beta oscillations related to reward processing, to inform preclinical TBI
research. They argue that these markers are highly translatable between animal models
and humans and could be used to develop and test targeted neuromodulation therapies
for cognitive impairments, bridging the gap between basic science and clinical application.

6. Future Directions and Concluding Remarks

The papers collected in this Special Issue paint a vibrant picture of a field in rapid
evolution. Looking ahead, several key research trajectories emerge. The first is the contin-
ued push towards closed-loop systems. The ultimate goal is to create integrated systems
that can simultaneously record EEG signals, decode user intent or brain state in real time,
deliver a therapeutic intervention (e.g., functional electrical stimulation, robotic assistance,
or NIBS), and then use subsequent EEG feedback to adapt the intervention on the fly. The
work on ML classification and NIBS modulation provides the foundational components for
such systems.

A second major direction is the expansion of rehabilitation in naturalistic environments.
Technologies such as mobile EEG and VR are critical for moving assessment and therapy
out of the constrained laboratory and into settings that more closely mimic the challenges
of daily life [2]. Future research should focus on developing robust algorithms that can
function amidst the noise and complexity of real-world environments.

Third, the theme of personalization will only grow in importance. As demonstrated
by Lacerda et al. and Adolf et al., group-level findings must be refined to account for
individual differences in brain injury, neurophysiology, and cognitive profiles. This will
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require larger datasets, more sophisticated individual-level modeling, and the integration of
multimodal data, including genomics, structural imaging, and behavioral assessments [3].

The research presented here collectively demonstrates that EEG is far more than a
passive measurement tool; it is an active agent in the rehabilitation process. It provides
the essential feedback for BCls, offers biomarkers to guide treatment selection, and serves
as a direct target for neuromodulatory therapies. As we continue to refine our ability
to interpret the brain’s complex electrical symphony, EEG will undoubtedly become an
even more indispensable component of the neurorehabilitation toolkit, helping us to better
understand, restore, and enhance human brain function.

Conflicts of Interest: The author declares no conflicts of interest.
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Abstract: Background: In brain—computer interfaces (BCls), transformer-based models
have found extensive application in motor imagery (MI)-based EEG signal recognition.
However, for subject-independent EEG recognition, these models face challenges: low
sensitivity to spatial dynamics of neural activity and difficulty balancing high temporal
resolution features with manageable computational complexity. The overarching objective
is to address these critical issues. Methods: We introduce Mirror Contrastive Learning
with Sliding Window Transformer (MCL-SWT). Inspired by left/right hand motor im-
agery inducing event-related desynchronization (ERD) in the contralateral sensorimotor
cortex, we develop a mirror contrastive loss function. It segregates feature spaces of EEG
signals from contralateral ERD locations while curtailing variability in signals sharing
similar ERD locations. The Sliding Window Transformer computes self-attention scores
over high temporal resolution features, enabling efficient capture of global temporal de-
pendencies. Results: Evaluated on benchmark datasets for subject-independent MI EEG
recognition, MCL-SWT achieves classification accuracies of 66.48% and 75.62%, outperform-
ing State-of-the-Art models by 2.82% and 2.17%, respectively. Ablation studies validate the
efficacy of both the mirror contrastive loss and sliding window mechanism. Conclusions:
These findings underscore MCL-SWT’s potential as a robust, interpretable framework for
subject-independent EEG recognition. By addressing existing challenges, MCL-SWT could
significantly advance BCI technology development.

Keywords: BCL; EEG; motor imagery; contrastive learning; sliding window transformer

1. Introduction

Brain—computer interface (BCI) is a human—computer interaction technology that
enables information exchange and control between the brain and external devices. It has
received extensive attention in the fields of brain science and artificial intelligence [1,2]. BCI
systems operate by translating brain activity into information or commands that devices
can understand or execute, thereby facilitating the connection between an individual’s
mind and the external world [3]. According to the different ways of capturing signals, BCI
technologies can be classified into invasive BCI and non-invasive BCI [4]. An ethical issue
often encountered with BCI as an assistive technology is that while BCI can improve the

Brain Sci. 2025, 15, 460
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quality of life for people with disabilities and their loved ones, BCI devices may increase
the stigma of disability associated with the individual, which may influence potential users
not to use BCI [5]. Non-invasive BCI refers to BCI technology that does not require surgery
or direct contact with brain tissue, such as Electroencephalography (EEG). Motor imagery
(M) is a crucial paradigm in the development of BCI. The MI paradigm in BCI involves
the mental imagery of limb movements or other body parts, allowing users to control
external devices or perform specific tasks through mental imagery, which has been applied
in post-stroke motor function rehabilitation [6,7]. The MI EEG captures EEG signals during
MI tasks, which is convenient, simple, flexible, non-invasive, and minimally demanding
on the environment [8]. Achieving accurate decoding of EEG signals is crucial for the
development of stable MI-BCI-based rehabilitation systems.

With the advancement of machine learning technologies, many machine learning
algorithms have been applied to EEG signal decoding [9]. For example, linear discriminant
analysis (LDA) [10] and support vector machine (SVM) [11], but these methods require the
manual design of feature extraction methods. As an improved variant of CSP [12], the Filter
Bank Common Spatial Pattern (FBCSP) [13] overcomes the limitation of relying on a single
specific frequency band and further enhances performance through a multi-band analysis
strategy. End-to-end feature extraction and classification methods based on CNNs have
shown excellent performance in the field of MI-BCI [6,14,15]. Schirrmeister et al. explored
the impact of different CNN model designs on the classification of EEG signals from
MI [16]. Although these methods perform well in subject-dependent classification tasks,
their performance in subject-independent scenarios still requires improvement. Notably,
most current MI-based BCI applications rely on subject-dependent settings, which poses
significant challenges in practical implementations: on the one hand, each new subject
requires the collection of a substantial amount of individual data for model calibration. On
the other hand, classification models designed for specific subjects often perform poorly
on other subjects [17,18]. This undoubtedly increases system complexity while reducing
practicality and real-time performance. Therefore, the research of subject-independent BCI
systems focuses on solving the problem of generalization between subjects, based on which
BCI systems can effectively adapt to multiple subjects, expanding their scope of application
and enhancing their adaptability.

A decrease in frequency energy in relevant areas of the cerebral cortex is known as
event-related desynchronization (ERD), and an increase in frequency energy is known
as event-related synchronization (ERS) [19]. ERD/ERS in the contralateral sensorimotor
cortex was analyzed using standardized electroencephalographic protocols. The baseline
mu-rhythm power (8-13 Hz frequency range) was established during the pre-movement
interval from 500 ms to 100 ms before movement onset. Post-movement cortical dynamics
were evaluated through non-overlapping 300 ms epochs spanning 0-1500 ms after move-
ment initiation. ERD/ERS magnitude was quantified as the percentage power decrease
relative to baseline, with statistical significance assessed through cluster-based permutation
testing (5000 iterations) to address multiple comparison challenges. ERD and ERS exhibit
spatial variability across subjects, and Independent Component Analysis (ICA) [20] is com-
monly employed to mitigate this spatial variability [21]. Kim et al. [21] extracted ERD/ERS
using EEG-independent electron sources obtained by ICA and used them for ERSP-based
movement classification. Zhao et al. [22] proposed an end-to-end deep domain adaptation
method to improve the classification performance of a single subject using valid informa-
tion from multiple subjects (source domains) in order to address the significant differences
between subjects. Xu et al. [23] proposed an online pre-alignment strategy based on Rie-
mannian Procrustes Analysis (RPA) [24] for aligning the EEG distributions of different
subjects prior to the training and inference process,thereby reducing cross-dataset variabil-
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ity. Traditional BCI classification utilizes discriminative features representing ERD/ERS
to classify MI [25]. Most methods use a transfer learning strategy to address inter-subject
differences. MI of the left or right hand induces ERD in the brain’s contralateral sensory
areas and simultaneously induces ERS in the ipsilateral sensory areas [19]. Therefore, mon-
itoring the locations of ERD/ERS phenomenon in the brain’s sensorimotor areas provides
an important foundation for classifying MI EEG signals. The spatial variance in ERD/ERS
phenomenon across different subjects presents significant research challenges [25]. Conse-
quently, improving the model’s ability in recognizing ERD and ERS is crucial for enhancing
the performance of subject-independent MI EEG signal recognition.

While deep learning techniques have made significant advancements in MI based EEG
signal recognition, these models are often viewed as black boxes. Their decision-making
processes are difficult to interpret and comprehend, leaving us uncertain whether they are
grounded in the identification of ERD/ERS patterns within the sensorimotor regions of the
brain, which is a key factor in classifying MI. In addition, the success of the transformer
model in natural language processing and computer vision has drawn increasing attention
from BCI researchers. The attention mechanism has become a focal point in research
on MI EEG decoding, demonstrating a strong ability to extract discriminative features
from EEG signals [8,26,27]. Luo et al. proposed a shallow Transformer model to capture
discriminative segments in multi-subject EEG signals through a multi-head self-attention
mechanism to improve the classification accuracy of MI tasks [8]. Altaheri et al. designed
an attention-based temporal convolutional network (ATCNet) model, which combines
a multi-head self-attention mechanism and a spatio-temporal convolutional network to
efficiently extract the spatio-temporal features of MI-EEG and improve the classification
performance with fewer parameters [28]. But the computational complexity of the global
multi-head self-attention mechanism in transformer models increases quadratically with
the length of the input sequence. At present, most transformer models applied in MI-EEG
recognition utilize short input sequences, which restricts the temporal resolution of the
features obtained [27].

To address the issues mentioned above, we propose a mirror contrastive learning-
based sliding window transformer (MCL-SWT) to enhance subject-independent MI-based
EEG signal recognition. This manuscript is a conference extended paper, and the original
paper was published in [29].

The main contributions of this paper are as follows:

(1) According to research in the field of neurology, mental imagery of left or right-hand
movements induces ERD in the contralateral sensorimotor regions of the brain. Based
on this finding, this study introduces mirror contrastive learning (MCL), which en-
hances the accuracy of identifying the spatial distribution of ERD/ERS by contrasting
the original EEG signals with their mirror EEG signals obtained by exchanging the
channels of the left and right hemispheres.

(2) For subject-independent EEG recognition, a temporal sliding window transformer
(SWT) is proposed to achieve high temporal resolution in feature extraction while
maintaining manageable computational complexity. Specifically, the self-attention
scores are computed within temporal windows, and as these windows slide along the
EEG signal’s temporal dimension, the information from different temporal windows
can interact with each other.

(38) The experimental results on subject-independent based MI EEG signal recognition
demonstrate the effectiveness of MCL-SWT method. Parameter sensitivity experi-
ments demonstrated the robustness of the MCL-SWT model, and feature visualization
and ablation studies further validated the effectiveness of the MCL method.
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2. Method

This section provides the detailed description of the MCL-SWT model, and the frame-
work of the MCL-SWT model is illustrated in Figure 1.
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Figure 1. Illustration of the overall architecture of the MCL-SWT model.

2.1. Notations and Definitions

The EEG data collected in a session is defined as {(X;, Y;)}/_,, where n represents
the number of EEG trials. X € RT*C denotes the EEG trial, T is the number of sampling
points and C is the number of EEG channels. The raw EEG signal X serves as the input
of the MCL-SWT model, with a batch size of B, resulting in an input data dimension of
Bx1xTxC.

2.2. Sliding Window Transformer Model

For subject-independent EEG recognition, a temporal sliding window transformer
(SWT) is proposed to achieve high temporal resolution in feature extraction while main-
taining manageable computational complexity. The overall architecture of the SWT model
consists of three parts: a feature extraction module, a multi-head self-attention module,
and a classification module, as shown in Figure 1.

2.2.1. Feature Extraction Module

Initially, drawing inspiration from the bandpass filters used in the filter bank common
spatial pattern algorithm [13], we used a temporal convolution C; with a kernel size
of T x 1 to process temporal information. Larger convolution kernels help to achieve
a wider range of signal transformations at this stage. Secondly, in order to simulate
the spatial filter in the common spatial pattern algorithm, a spatial convolutional layer
Cs with a convolutional kernel size of 1 x C is used to fuse the individual channels of
the EEG. Then, a batch normalization layer BN is added, which is a technique used to
normalize the model parameters with the aim of increasing the training speed of the neural
network model, improving the convergence of the model, and reducing the occurrence of
overfitting [30]. This CNN-based feature extraction module is able to learn shallow features
with spatio-temporal information and is able to reduce the dimensionality of the shallow
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spatio-temporal features, thus reducing the amount of computation required to perform
the self-attention computation afterwards, which can be described as:

F = BN(Cs(C(X))) 1)

2.2.2. Multi-Head Self-Attention Module

A multi-head self-attention module based on temporal sliding window is introduced
to capture the global temporal dependencies of EEG features. This module consists of
two blocks: a multi-head self-attention block based on a temporal window and another
based on a sliding temporal window, with the primary distinction being the segmen-
tation of the temporal window, as illustrated in Figure 2. The different segmentations
of the temporal window enable effective information exchange between sequences in
neighboring windows.
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Figure 2. Illustration of temporal window and sliding temporal window.

Each multi-head self-attention block incorporates a sequence of components: a layer
normalization (LN), a temporal window-based multi-head self-attention layer (TW-MSA),
a layer normalization, and a multi-layer perceptron layer (MLP), along with two additional
residual network structures to enhance feature learning and stability. Each layer is detailed
as follows:

(1) LN: The LN layer performs normalization along the feature dimensions of each
sample, ensuring that the output features are normalized as described in [31]. This normal-
ization enhances the network’s ability to learn and generalize, particularly when handling
data with complex feature distributions.

(2) TW-MSA: The TW-MSA layer is designed to capture local temporal dependencies
by computing self-attention scores within a specified temporal window. As illustrated in
Figure 1, the attention score computation is restricted to each local window, which improves
the model’s sensitivity to local information while enhancing computational efficiency. Based
on empirical evidence, the window size for TW-MSA is set to 8. Additionally, a residual
connection is incorporated alongside the LN and TW-MSA layers to promote stable gradient
flow and model optimization. The specific calculation steps for TW-MSA are as follows:

Qi = W2 - LN(F) k)

K; = WX LN(F)
Vi =W - LN(F)

KT
h; = Attention(Q;, K;, V;) = Softmax < % > V; (3)
O = concat(hy, - - -, hy)WC + F (4)

where Wl.Q € Rmodel Xdg Wl-K € Rmodel ¥dx WiV € Rimodel *dv and WO € R(Hdo)Xdmodel are the
corresponding weight matrices, /1; represents the i-th attention head, H denotes the number
of attention heads, dpodel is the dimension of the input embedding, and d;, d, d, represent
the dimensions of the query, key, and value, respectively.

(3) MLP: After the second LN, an MLP is added, which consists of a positionally
fully connected layer (FC), a GELU activation function (G) [32] and another positionally

10
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fully connected layer. Additionally, a residual connection is incorporated alongside the
LN and MLP layers to promote stable gradient flow and model optimization. The MLP
layer is used to perform further nonlinear transformations and feature extraction on the
attentional outputs to enhance the representation and fitting ability of the model, and also
to increase the depth of the model’s network so that the model is able to learn deeper levels
of abstract features.

A = O+ FC(G(FC(LN(0)))) 5)

To enhance the correlation between local windows and capture the global temporal
dependencies of EEG signals, another multi-head self-attention block based on sliding
temporal window is added after the first multi-head self-attention block. This block
facilitates information interaction by cyclically shifting local windows. As illustrated in
Figure 2, the local window is shifted to the right in steps of half the window size, M /2,
and self-attention scores are then computed within the newly formed temporal windows.
By integrating two multi-head self-attention block, the model reduces the computational
cost of attention weight calculations while significantly improving its ability to model long-
range temporal dependencies. This combination effectively enhances both the efficiency
and performance of the model.

The computational complexity of the global multi-head self-attention mechanism is
quadratic in the length of the input vectors, as it is necessary to compute the attentional
weights between each input position:

Q(MSA) = 4LD? 4+ 2L2D (6)

where L is the input vector length and D is the input dimension. Whereas in multi-head
self attention model with sliding window (WMSA), the window size is fixed to M, then the
computational complexity is linearly related to the input vector length.

O(WMSA) = 8LD? + 4MLD 7)

Therefore, when the input vector length is much larger than the window size, multi-
head self attention model with sliding window has an obvious advantage in reducing the
computational complexity.

2.2.3. Classification Module

A square non-linear function is first added to the classification module for activation.
Then, an average pooling layer is applied to reduce the temporal feature dimensions, after
which a log activation function is added. Then, the EEG features with global temporal
dependencies are input into the fully connected layer for classification, and finally a SoftMax
function is applied to compute the predicted probabilities. The category with the highest
predicted probability value is selected as the classification result of the EEG signals. As
the output of the multi-head self-attention module is A, the output of the classification
module is:

P = Softmax(FC(log(AvgPool(A o A)))) (8)

Finally, the predicted probabilities for the mirror EEG signals (described below) corre-
sponding to left MI and right MI are swapped, and then added to the predicted probabilities
of the original EEG trial to obtain the final predicted probabilities, as described in [8]:

[P pe] = [p] +p7] + [P + 1] )

11
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2.3. Mirror Contrastive Learning

In EEG signals, when people perform left or right hand MI, ERD occurs in the contralat-
eral sensorimotor region of the brain, while ERS occurs in the ipsilateral region. Therefore,
monitoring the locations of ERD/ERS phenomenon in the sensory regions of the brain
is an important basis for classifying MI EEG signals. However, existing deep learning
models function primarily as black boxes, making it challenging to identify ERD/ERS
phenomenon, which presents significant challenges for research. To address this issue and
enhance the localization ability of MI recognition models, we propose mirror contrastive
learning. The MCL increases the distance in feature space between EEG signals containing
ERD from different sides of the sensorimotor cortex (negative samples pair), while reducing
the distance between EEG signals containing ERD from the same side of the sensorimo-
tor cortex (positive samples pair). In this way, the model learns to effectively locate the
ERD phenomenon.

2.3.1. Mirror EEG Signal

The mirror EEG signal is constructed to increase the number of negative sample pairs
in the mirror contrastive learning. This is achieved by swapping the EEG channels between
the right and left brain hemisphere regions to create the mirror EEG signals [8,33], as shown
in Figure 3. For instance, the data from the original C3 channel is exchanged with the C4
channel, and vice versa. The electrode positions of the mirror EEG signals are the same as
those of the original EEG signals in a mirror, hence the term “mirror EEG signals”. This
approach ensures that the ERD/ERS phenomenon appears on the contralateral side when
comparing the mirror EEG signal with the original EEG signal. Additionally, it is crucial to
assign the opposite label to the mirror EEG signal relative to the original EEG signal. For
example, if the original EEG label is “left hand”, the label for the mirror EEG signal will be
“right hand”.
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Figure 3. Mirror EEG signals are created to generate negative samples pair for MCL.

Initially, both the mirror and original EEG signals are used in the training process,
effectively doubling the number of training samples through this data augmentation
technique. Simultaneously, the mirror and original EEG signals are paired as negative
samples and applied in the mirror contrastive loss function.

2.3.2. Mirror Contrastive Loss Function

As described in the literature [34], the contrastive loss method guides the model to
optimize the feature representation during training by comparing positive sample pairs

12
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(similar features) with negative sample pairs (dissimilar features). Specifically, the model
is encouraged to bring the features of the positive sample pairs closer together while
pushing the features of the negative sample pairs farther apart. However, the successful
construction of positive and negative sample pairs is an important factor in contrast loss.
By constructing mirror EEG signals, we apply the mirror contrastive loss to enhance the
model’s sensitivity to ERD/ERS locations by contrasting the original EEG signals with their
corresponding mirror EEG signals as shown in Figure 4.

Mirror head
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X —>')\(Jl—> —>H;—> Class E‘» Class
—»>

MCL
> —>h.—>

—— 1

Figure 4. MCL-SWT Model training framework.

As in conventional contrastive learning methods, samples originating from the same
MI task category are treated as positive sample pairs, while those originating from different
MI task categories are treated as negative sample pairs in this study:

Lo =Y max((a+gij(Dij—p)),0) (10)
i,jeOE

where « controls the degree of separation between positive sample pairs, while § determines
the boundary between positive and negative sample pairs. D;; represents the Euclidean
distance between the pair of samples i and j. The variable g;; is assigned a value of 1 for
positive sample pairs and —1 for negative sample pairs. And OE denote the original EEG
signal set. This loss function offers robustness to noise since it permits a certain degree of
tolerance and does not overly penalize the model for minor similarities arising from noise.

Additionally, to emphasize the distinct locations of the ERD/ERS phenomenon be-
tween the original EEG signal and its mirror counterpart, an additional contrastive loss
is applied to the sample pairs formed by the original EEG signal and mirror EEG signal,
as follows:

Ly = Z max((oc+gij(Dij 7,5)),0) (11)
i€eME,jeOE
where ME denote the mirror EEG signal set. Therefore, the mirror contrative loss function
is given as:
Line = wo Lo + wmLm (12)

where w, and w,, denote the weights of each loss. By the application of mirror contrastive
loss function in the training of model, the model’s ability to accurately localize ERD/ERS
locations is enhanced by contrasting the original EEG signals with the mirror EEG signals.
Specifically, the model is encouraged to push the original EEG signal and its mirrored
version apart in the feature space. The mirror contrastive loss is applied to the feature after
the log activation function as shown in Figure 1.

13



Brain Sci. 2025, 15, 460

2.3.3. Model Training Loss

For MI EEG recognition, the cross-entropy loss was used as the loss function:

1N
Le=—% Y yiln(p:) (13)
i=1

where N is the total number of MI EEG trials, y; is the true label of the ith MI EEG trial,
and p; is the probability of the ith MI EEG trial category predicted by the model.

Therefore, the final loss function of the model training is the sum of the mirror
contrastive loss and the classification loss:

E - £c + L:mc (14)

The training framework is given in Figure 4. To provide a clear description, we show
the pseudo-code for MCL-SWT in Algorithm 1.

Algorithm 1 The MCL-SWT Method

Input: The training set {X,Y}, hyperparameters «, , w,, w;, max number of iterations

Tnax.
Output: Model parameters W.
1: initialize W.
2: for i=1to I, do
3: for/=1tol; do

4: sample a batch of original EEG signal { (X?,Y©)} from set {X, Y};
5: construct a batch of mirror EEG signal { (XM, YM)} from set { (X°,Y9)} ;
6: calculate the training loss using (14);
7: backpropagation calculates the error of each layer, calculates the reciprocal of
the parameters W, and updates the parameters W;
8: end for
9: end for
10: return W

3. Experiment and Data

In this section, we describe two publicly available EEG datasets, how the data is
preprocessed, and how the data is divided. A code implementation of MCL-SWT is
available at https://github.com /roniusLuo/MCL_SWT (accessed on 20 April 2025).

3.1. Data

To evaluate our proposed method, we conducted extensive experiments on three
public MI datasets, BCI Competition IV datasets 2a, 2b [35], and OpenBMI datasets [36].

(1) BCI Competition IV Dataset 2a: The BCI Competition IV Dataset 2a included the
EEG signals of four-category MI recognition tasks (left hand, right hand, feet, tongue) from
nine subjects. For each subject, two sessions of EEG signals were collected on different days,
and there were total 288 trials (72 trials per class) per session. At the beginning of each
training session, approximately 5 min of recording were conducted to assess EOG influence.
The recording was divided into three segments: (1) 2 min with eyes open (gazing at a
fixation cross on the screen), (2) 1 min with eyes closed, and (3) 1 min with eye movements.
Subjects were seated comfortably in an armchair facing a computer screen. Each trial
began (t = 0 s) with a fixation cross appearing on a black screen, accompanied by a short
auditory warning tone. After 2 s (t = 2 s), a visual cue (arrow pointing left, right, down,
or up-corresponding to the four classes) appeared and remained on screen for 1.25 s. No
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feedback was provided. Subjects were instructed to perform the motor imagery task until
the fixation cross disappeared att=6s.

During the EEG acquisition, according to the prompts on the screen, the subjects
performed four different types of MI tasks, and 22 channels of EEG were acquired si-
multaneously, using electrode positions in the 10-20 international standard lead system.
22 Ag/AgCl electrodes (electrode spacing 3.5 cm) were used to record the EEG signals,
and the electrode arrangement is shown in the left side of Figure 3. All signals were
recorded monopolarly with the left mastoid serving as reference and the right mastoid
as ground. The signals were sampled with 250 Hz and bandpass-filtered between 0.5 Hz
and 100 Hz. The sensitivity of the amplifier was set to 100 V. An additional 50 Hz notch
filter was enabled to suppress line noise. In addition to the 22 EEG channels, 3 monopolar
EOG channels were recorded and also sampled with 250 Hz. They were bandpass filtered
between 0.5 Hz and 100 Hz (with the 50 Hz notch filter enabled), and the sensitivity of the
amplifier was set to 1 mV.

(2) BCI Competition IV Dataset 2b: The EEG signals of two-class MI tasks (left hand
and right hand) from another nine subjects were collected on BCI Competition IV Dataset
2b. The subjects were right-handed and had normal or corrected-to-normal vision. All
volunteers were sitting in an armchair, watching a flat screen monitor placed approximately
1 m away at eye level. For each subject, five sessions are provided, whereby the first two
sessions contain training data without feedback (screening), and the last three sessions were
recorded with feedback. At the beginning of each session, a recording of approximately
5 min was performed to estimate the EOG influence. The recording was divided into three
blocks: (1) two minutes with eyes open (looking at a fixation cross on the screen), (2) one
minute with eyes closed, and (3) one minute with eye move- ments. The artifact block was
divided into four sections (15 s artifacts with 5 s resting in between) and the subjects were
instructed with a text on the monitor to perform either eye blinking, rolling, up-down, or
left-right movements. At the beginning and at the end of each task, a low and high warning
tone were presented.

Three bipolar recordings (C3, Cz, and C4) were recorded with a sampling frequency
of 250 Hz. The recordings had a dynamic range of 100 pV for the screening and +50 puV
for the feedback sessions. They were bandpass- filtered between 0.5 Hz and 100 Hz, and
a notch filter at 50 Hz was enabled. The placement of the three bipolar recordings were
slightly different for each subject. The electrode position Fz served as EEG ground.

(3) OpenBMI dataset: The OpenBMI dataset consisted of EEG data from 25 females
and 29 males for a total of 54 subjects with an age range of 24 to 35 years. All participants
had no history of neurological, psychiatric, or other relevant disorders that could affect the
results of the experiment. Of these 54 subjects, 21 were normal motor imagery subjects and
33 were BCl illiteracy subjects, i.e., a group unable to use the BCI proficiently or correctly.
For the first 3 s of each trial, a black gaze cross was displayed in the centre of the screen
to help prepare the subject for the motor imagery task.The EEG signal was acquired at a
sampling rate of 1000 Hz through 62 Ag/AgCl electrodes. Subsequently, an arrow to the
right or left was displayed on the screen as a visual cue, and the subject was required to
perform the corresponding hand grasping imagery task for 4 s. After each task, the screen
would remain blank for 6 s (£1.5 s). The experiment was divided into a training phase
and a test phase, each containing 100 trials and an equal number of right- and left-handed
motor imagery tasks. The EEG amplifier used in the experiment was a BrainAmp. The
channels were nasion-referenced and grounded to electrode AFz. Additionally, an EMG
electrode recorded from each flexor digitorum profundus muscle with the olecranon was
used for reference.
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3.2. Data Preprocessing

(1) BCI Competition IV Dataset 2a, 2b: The experiments in this paper are based on
the Braindecode EEG processing toolbox [16]. The experiments used 4.48 s EEG segments,
acquired from 0.5 s before the appearance of motor imagery cues (this prompted the
subjects to perform the desired motor imagery task) to 3.98 s after cue onset. In order to
allow the model to autonomously perform feature learning and detect valid EEG signal
segments, only minimal preprocessing was performed on the EEG signal trials. Two types
of classification tasks (left- and right-handed) were first performed using the C3, Cz, and
C4 EEG channels, and data from these channels were converted from volts to microvolts
to improve numerical stability. Subsequently, a third order band-pass filter from 4 to
38 Hz or 0-38 Hz was used for filtering along the time axis to highlight or remove signal
components in a specific frequency range, and finally using the channel exponential sliding
normalization technique, the initial window size for calculating the mean/variance was
calculated with a value of init_block_size set to 1000, and the value of factor_new set to
0.001. In order to maintain numerical stability, eps is set to 0.0001.

(2) OpenBMI dataset: The dataset was divided into different BCl illiteracy paradigms
(people who cannot use BClIs correctly), so we excluded data from this group of subjects
from the experiment, and only 21 normal MI BCI users (subject 1, subject 2, subject 3,
subject 5, subject 6, subject 9, subject 17, subject 18, subject 19, subject 21, subject 22, subject
28, subject 29, subject 32, subject 33, subject 36, subject 37, subject 43, subject 44, subject 45,
subject 52) retained EEG signal data for experimental purposes. In this paper, 4.48 s EEG
segments with C3, C4, and Cz electrodes were selected for the experiments. The EEG signal
data were first filtered along the time axis (axis = 1) using a 3rd order bandpass filter from 8
to 30 Hz to highlight or remove signal components in a specific frequency range, followed
by a channel exponential sliding normalization technique to calculate the mean/variance
with the initial window size of init_block_size set to 1000 and factor_new set to 0.001, in
order to maintain the numerical stability, eps was set to 0.0001, and the EEG signal was
resampled using a frequency of 250 Hz.

The aim of this paper is to investigate the classification performance of subject-
independent MI EEG signals, and in order to achieve this goal, a cross-validation approach
is used to partition the dataset to ensure that the train and test sets are from different groups
of subjects. When using the train sessions of all nine subjects in dataset Ila as the train
set, the test sessions of all nine subjects in dataset IIb (session 4 and session 5) were used
as the test set; conversely, when using the train sessions of all nine subjects in dataset IIb
(session 3) as the train set, the test sessions of all nine subjects in dataset Ila were used as
the test set. By dividing the data in this way, we are able to ensure that the train data and
the test data are from completely different subjects. While OpenBMI dataset has EEG signal
from 21 subjects, seven-fold cross validation (leave three subjects out) was applied. Thus,
the subjects in the testing set were new subjects because they are completely different from
the subjects in the training set.

3.3. Experiment Settings

In the experiments, the window size M was set to 8. In order to divide the input
feature vector of length L into integer non-overlapping windows, the experiments used
a segment of EEG signal of 4.48 s, from 0.5 s before the onset of the MI cue to 3.98 s after
the onset of the MI cue, with a total of 1120 sampling points. We first preprocessed the
data, bandpass filtered the EEG signals in the range of 4-38 Hz or 0-38 Hz, followed by
channel-wise logarithmic sliding normalization, and finally, input the preprocessed EEG
signals into the MCL-SWT model. During model training, Adam optimizer [37] was used
as the optimization method and the weight decay parameter was set to 0.05. Due to the new
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experimental setup with new subjects, two categories of three-channel MI classification
tasks (C3, Cz, and C4) from dataset IIb were used in this paper. The temporal convolution
kernel T is set to 25, the spatial convolution kernel C is set to 3. The weight coefficients w,
and w,, are empirically in Equation (12) are set to 0.2 and 0.3, and the weight coefficients «
and f are set to 0.2 and 1.2, respectively. The definition of epoch is the number of times the
entire dataset is completely traversed (forward and backward) when the model is being
trained, and 1 epoch is equal to the number of times all the training samples are learnt by
the model. For the Ila and IIb datasets, we train 500 epochs, and for the OpenBMI dataset,
we train 400 epochs.

4. Results
4.1. Performance Comparison of Subject-Independent MI Recogination

This Section evaluates subject-independent MI recognition performance of the MCL-
SWT model. Since the subjects in dataset Ila are completely different from the subjects
in dataset IIb, we use this cross-dataset setup the evaluate performance of the subject-
independent MI based EEG signal recognition. During the training process, the model
typically converges within 500 epochs, so the maximum number of training epochs is
set to 500 to ensure model’s convergence. While OpenBMI dataset has EEG signal from
21 subjects, seven-fold cross validation (leave three subjects out) was applied. Thus, the
subjects in the testing set were new subjects because they are completely different from
the subjects in the training set. The maximum number of epochs for the training was set
to 500 for dataset 2a and 2b, and 400 for dataset OpenBMI to guarantee convergence of
the model. Given the considerable randomness that impacts test accuracy at any given
epoch, the evaluation metrics employed in the experiment are as follows: (a) Maximum
test accuracy over 500 epochs (Max Accuracy); (b) Average test accuracy from epochs 401
to 500 (Average Accuracy); (c) Test accuracy at the epoch with the lowest training loss
(Accuracy). Table 1 presents the results in terms of “Accuracy/Kappa value”, with the
best results highlighted in bold. The first row indicates the encoding format as “dataset-
bandpass filter”. For example, “2a-0 Hz” indicates that the model was trained on dataset
IIb and tested on dataset Ila, preprocessed using a “0-38 Hz"” bandpass filter. Five State-
of-the-Art models were compared in the experiments, including Shallow ConvINet, Deep
ConvNet [16], EEGNet [38], FBCNet [39], and ATCNet [28]. The SWT and MCL-SWT refer
to the SWT model without MCL and with MCL, respectively. In addition, Table 2 presents
the results of performance comparison on OpenBMI dataset.

A paired-sample one-sided Student’s t-test is conducted to confirm the significance
of the precision improvement of Table 1 (the null hypothesis is that the accuracy of the
MCL-SWT model is equal to the SOTA models, against the alternative that the accuracy
of the MCL-SWT model is greater than the accuracy of original model based on different
SOTA models). The p-values are listed in Table 3.

The experimental results in Tables 1-3 lead to the following conclusions: (a) The
MCL-SWT model shows an effect in terms of accuracy when compared to several of the
compared models. (b) The proposed MCL-SWT model exhibits excellent performance
across different datasets and bandpass filters. (c) MCL further improves the recognition
accuracy and kappa value of SWT. (d) The proposed SWT model is resistant to overfitting,
as evidenced by the small gap between the maximum accuracy/kappa value and the
average accuracy/kappa value of SWT. (e) Experimental results show that MCL-SWT has
better inter-subject generalization ability. (f) The precision improvement provided by the
MCL-SWT is significant.

To illustrate the classification accuracy across different MI task categories in the MCL-
SWT model, Figure 5 presents the confusion matrices for SWT and MCL-SWT across nine
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subjects in dataset IIb. The first and third rows display the confusion matrices for subjects
1 to 9 (subl-sub9) using the SWT model, while the second and fourth rows show the
confusion matrices for the same subjects using the MCL-SWT model. In each diagram, the
horizontal axis represents the predicted classes, and the vertical axis represents the true
classes. From these results, we can conclude that: (a) MCL-SWT improves classification
accuracy for most subjects compared to SWT. (b) The classification accuracy of MCL-SWT

is more balanced across each class.

Table 1. Classification performance (Accuracy and Kappa value) of subject-independent MI recogni-

tion on dataset 2a and 2b. The best results are highlighted in bold.

2a-0 Hz 2a-4 Hz 2b-0 Hz 2b-4 Hz

Shallow 63.72/0.29 60.76/0.25 72.70/0.46 67.06/0.34

Deep 60.55/0.25 60.80/0.25 71.55/0.44 65.93/0.32

Avg EEGNet 60.58/0.25 59.52/0.23 71.21/0.44 65.91/0.32

Acc/ FBCNet 60.56/0.25 59.73/0.23 70.55/0.43 65.29/0.31
Kappa ATCNet 58.87/0.22 57.45/0.20 68.47/0.36 64.69/0.30
SWT 66.00/0.33 63.68/0.28 74.50/0.49 69.71/0.40

MCL-SWT 66.56/0.33 64.74/0.30 75.85/0.52 72.54/0.45

Shallow 63.66/0.28 61.18/0.26 73.45/0.47 68.70/0.36

Deep 61.27/0.26 61.34/0.26 72.89/0.46 66.51/0.34

Acc/ EEGNet 61.19/0.26 58.72/0.22 72.24/0.45 66.20/0.33
Kappa FBCNet 60.86/0.25 58.36/0.22 71.18/0.44 65.53/0.31
ATCNet 59.34/0.23 57.78/0.20 69.13/0.39 63.78/0.27

SWT 66.13/0.33 63.58/0.28 74.58/0.49 69.79/0.40

MCL-SWT 66.48/0.33 64.52/0.30 75.62/0.51 73.27/0.47

Shallow 67.28/0.34 65.36/0.32 75.18/0.51 71.69/0.45

Deep 66.05/0.33 65.35/0.32 73.73/0.48 71.68/0.45

Max EEGNet 65.51/0.32 64.51/0.30 73.31/0.47 71.16/0.44

Acc/ FBCNet 66.46/0.33 63.89/0.29 72.93/0.46 70.98/0.43
Kappa ATCNet 64.11/0.29 62.18/0.28 70.84/0.43 68.22/0.36
SWT 66.82/0.34 64.81/0.30 75.49/0.51 74.12/0.48

MCL-SWT 67.37/0.35 65.49/0.31 76.37/0.53 75.49/0.51

Table 2. Classification performance (Accuracy and Kappa value) of subject-independent MI recogni-

tion on OpenBMI dataset. The best results are highlighted in bold.

Shallow

Deep EEGNet FBCNet ATCNet

MCL-SWT

Avg
Acc/
Kappa

Fold1
Fold2
Fold3
Fold4
Fold5
Foldé
Fold7
Avg

81.61/0.63
77.67/0.55
78.33/0.57
81.00/0.62
74.39/0.49
80.33/0.61
70.33/0.41
77.67/0.55

79.56/0.59 80.17/0.60 79.00/0.58 80.89/0.62
75.89/0.52 75.94/0.52 71.56/0.43 73.72/0.47
80.44/0.61 82.00/0.64 82.39/0.65 83.83/0.68
81.22/0.62 82.06/0.64 79.11/0.58 80.06/0.60
72.28/0.45 76.89/0.54 71.67/0.43 72.94/0.46
82.61/0.65 82.75/0.66 76.89/0.54 81.78/0.64
69.22/0.38 70.44/0.41 67.83/0.36 72.28/0.45
77.32/0.55 78.61/0.57 75.49/0.51 77.93/0.56

82.56/0.65
80.01/0.60
76.38/0.53
85.51/0.71
75.48/0.51
80.46/0.61
74.05/0.48
79.21/0.58

Table 3. The paired-sample one-sided Student’s t-test of the performance on Table 1.

MCL-SWT vs.

Shallow Deep EEGNet FBCNet

ATCNet

p-Values

0.0036 0.0020 0.0005 0.0007

0.0001
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4.2. Sensitivity Analysis of Hyperparameters

The number of temporal multi-head self-attention blocks and the number of heads
in each block are two hyperparameters of the SWT model. This subsection investigates
the influence of these hyperparameters on the model’s performance, with the experi-
mental results summarized in Table 4. Increasing the number of heads or blocks results
in a greater number of model parameters and attention scores, thereby increasing the
model’s complexity.

We can draw the following conclusions from Table 4: (a) the performance of the model
deteriorates as the number of temporal multi-head self-attention blocks increases—this
may be due to the limited number of training samples in MI EEG, which is insufficient to
fully train a model with multiple self-attention blocks; (b) The number of self-attention
heads has a minimal impact on the model’s performance.

Table 4. The influence of the head number of self-attention and the number of multi-head self-
attention block on the accuracy. The best results are highlighted in bold.

4 Heads 8 Heads 10 Heads
1 block 74.71/0.49 74.50/0.49 74.73/0.49
2 block 74.30/0.48 74.20/0.48 74.45/0.49
3 block 73.16/0.46 73.67/0.47 73.26/0.46

We further investigate the impact of the hyperparameters w, and w,, in the MCL.
Figure 6 illustrates the model’s performance with varying values of w, and w;, on datasets
Ila and IIb. The preprocessing step involved applying a uniform bandpass filter of
“4-38 Hz”. In Figure 6, Wy-2a represents the experimental results for different values
of w,, on dataset Ila with w, fixed, while W,-2b presents the experimental results for
varying w, on dataset IIb with w,, fixed. The results suggest that values within the range
[0.1,0.3] are effective for both datasets.

« and P are other two hyperparameters in the MCL training process. In the ex-
periments, « and  were assigned different values, and their impact on the method’s
performance was evaluated. The specific experimental results are summarized in Table 5.
Using a “4-38 Hz” bandpass filter for preprocessing, we examined the effect of various
hyperparameter values on the method’s performance by training the model on dataset
Ila and testing it on new subjects from dataset IIb. The experimental results in Table 5
demonstrate the model’s robustness to variations in hyperparameters.

Table 5. The performance evaluation on different hyperparameters in MCL. The best results are

highlighted in bold.
hyperparameter values p=12
x=02 x =04 x =038
Average Accuracy 72.54 72.29 72.26
«=02
hyperparameter values 506 f-12 5—24
Average Accuracy 71.95 72.54 72.02
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Figure 5. Confusion matrices for SWT (left) and MCL-SWT (right) across nine subjects in dataset IIb.
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Figure 6. The influence of the hyperparameters w, and w;, in the MCL.

4.3. Feature Visualization

To assess the impact of MCL on feature distribution, the features were visualized using
t-SNE [40], with the results for subjects 4, 5, and 8 from dataset IIb shown in Figure 7. In
these visualizations, the original EEG signals are represented as circles, while the mirror
EEG signals are depicted as triangles. The left-hand MI is shown in red, and the right-hand
Ml is shown in blue.

From Figure 7, it is evident that MCL effectively separates features from different MI
tasks and clusters features from the same MI task. Without MCL, the feature distributions
of the left-hand and right-hand MI tasks exhibit significant overlap, making it challenging
to distinguish between them. However, with MCL applied, the features from the same
task (e.g., left-hand MI) are grouped more tightly, while features from opposite tasks are
pushed further apart. This demonstrates the ability of MCL to enhance feature separability
by leveraging mirror EEG data to align positive samples and enforce the distinction be-
tween negative sample pairs. By incorporating mirror EEG signals, MCL also enhances
the model’s ability to localize ERD/ERS phenomena accurately. This approach facilitates
improved recognition of subject-independent MI EEG signals, confirming the effective-
ness of MCL-SWT in addressing challenges associated with individual variability in EEG
feature distributions.

o Original Left

t-SNE Dimension 2
t-SNE Dimension 2

t-SNE Dimension 2

" t-SNE Dimension -

« original et
 Orginal Right
. Lett

t-SNE Dimension 2
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(a) (b) (c)

Figure 7. Feature distribution visualization of SWT without MCL (top) and with MCL (bottom) on
datasets IIb. (a) Feature distribution of Subject 4. (b) Feature distribution of Subject 5. (c) Feature
distribution of Subject 8.
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4.4. Ablation Experiment on Mirror Contrastive Loss

Equation (12) consists of two components: the first term, £,, represents the contrastive
loss within the original EEG signals, while the second term, L, corresponds to the con-
trastive loss between the original EEG signals and their mirror counterparts. To evaluate the
effectiveness of each component, ablation experiments were conducted on datasets Ila and
IIb, with the results presented in Figure 8. For preprocessing, a “4-38 Hz"” band-pass filter
was applied. As shown in Figure 8, both £, and £, individually contribute to improving
the average classification accuracy of the SWT model. Moreover, the combination of £, and
L, further enhances the model’s performance, demonstrating the complementary benefits
of incorporating both components.

To assess the performance across different subjects, Tables 6-8 present the results of
our proposed MCL method for each subject on datasets Ila, IIb and OpenBMI. Uniform
preprocessing using a “4-38 Hz” bandpass filter on datasets Ila and IIb. Preprocessing
method using the “8-30 Hz” bandpass filter on the OpenBMI dataset. Table 8 present the
results of our proposed MCL method for each subject on OpenBMI datasets. A uniform
preprocessing approach using a “8-30 Hz” bandpass filter was applied. The results indicate
that the impact of each component varies across individual subjects. However, on average,
both components contribute to performance improvement. Furthermore, the combina-
tion of £, and L, provides additional performance gains, consistent with the findings
illustrated in Figure 8.

80 T T T
SWT —
SWT+Lo
= SWT+Lm
= MCL-SWT
Q P
3 —
o
=
3 70 F ]
<<
o)
)
©
o
15)
>
<
60
2a 2b openbmi

Dataset

Figure 8. Ablation experiments of £, and L.

Table 6. Ablation experiments of £, and L, for each subject on dataset Ila. The best results are
highlighted in bold. The check mark means the related loss is included.

SWT L, L,, subl sub2 sub3 sub4 sub5 sub6 sub7 sub8 sub9 Avg

66.53 54.39 88.65 58.92 53.87 57.51 62.35 71.52 59.39 63.68
v 66.72 58.73 88.77 58.01 54.31 56.82 60.34 74.03 56.19 63.77
v’ 67.76 5833 89.97 57.89 55.37 5851 61.58 7233 56.97 64.30
v’ 6881 5726 89.83 59.67 56.95 59.85 59.18 73.18 57.94 64.74

SNENENEN

v
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Table 7. Ablation experiments of £, and L, for each subject on dataset IIb. The best results are
highlighted in bold. The check mark means the related loss is included.

SWT L, L,, subl sub2 sub3 sub4 sub5 sub6 sub7 sub8 sub9 Avg

65.83 53.12 54.75 8023 73.74 67.60 73.30 83.50 75.32 69.71

v 69.61 54.15 55.50 81.63 7871 68.70 75.70 86.23 76.85 71.90
v’ 6836 5397 56.76 82.82 78.84 70.53 73.76 8554 79.09 72.19

v v’ 6950 55.69 57.13 82.71 78.17 69.86 74.75 86.93 78.13 72.54

SNENENEN

Table 8. Ablation experiments of £, and L, for each subject on OpenBMI dataset. The best results
are highlighted in bold. The check mark means the related loss is included.

SWT L, L, Foldl Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Avg

7800 7561 7471 7643 7331 7811 7156 75.39
v 8093 7690 75.66 78.05 74.02 7931 7238 76.75
v 80.68 77.74 7561 7798 7425 7828 7135 76.56
v 82.56 80.01 76.38 85.51 7548 80.46 74.05 79.21

SSENENEN

v

4.5. Computing Complexity Analysis

The number of model parameters and inference time are key indicators of computa-
tional complexity and were evaluated in this section. Inference time was measured as the
average duration of 1000 runs. All experiments were conducted on a server equipped with
an Intel i7 10700K CPU and an NVIDIA GeForce RTX 3090 GPU. The results of the analysis
are presented in Table 9, which shows that the MCL-SWT model achieves a good balance
between parameter size and inference efficiency. While it has more parameters (155 M) than
lightweight models like EEGNet and FBCNet (3 M), its inference time (8.36 ms) is signifi-
cantly faster than FBCNet (37.64 ms) and ATCNet (15.37 ms). This highlights MCL-SWT’s
efficiency in maintaining high performance with low computational overhead, which
shows the potential to be applied in online BCI system.

Table 9. Model complexity analysis.

Shallow Deep EEGNet FBCNet ATCNet MCL-SWT

Paranum (M) 10 268 3 3 37 155
Infer time (ms) 0.56 1.42 248 37.64 15.37 8.36

5. Discussion

The utility of a brain-computer interface system is inextricably linked to the per-
formance of its decoding module. For subject-independent EEG signal recognition, the
variability of ERD/ERS spatial patterns across individuals poses a significant challenge
to EEG signal decoding. We propose a mirror-contrastive learning-based sliding window
transformer (MCL-SWT) to improve the spatial sensitivity of ERD/ERS by introducing
mirror EEG signals and contrastive learning, and also to deal with inter-subject variability
effectively. Additionally, we introduce the SWT mechanism to reduce the computational
complexity compared to the global attention approach. Therefore, the proposed method
improves subject-independent MI-based EEG signal recognition compared to existing
models [16,28,38,39].

In the experiments, we can see that MCL-SWT achieves good results on the three
datasets. The temporal SWT mechanism computes self-attention scores within a sliding
window, effectively balancing improved model performance with acceptable computa-
tional complexity. We explored the impact of several key parameters on the model and
showed that increasing the number of temporal multi-head self-attention blocks and the
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number of heads in each block leads to more model parameters and attention scores, in-
creasing the complexity of the model and thus affecting classification performance. We
also performed ablation experiments and feature visualizations where features from the
same task (e.g., left MI) were more tightly grouped and features from the opposite task
were pushed further apart with the application of MCL. The ability of MCL to enhance
feature separability by using mirrored EEG data to align positive samples and force the dis-
tinction between negative sample pairs is demonstrated, enhancing the model’s ability to
accurately localise ERD/ERS phenomena. In the BCI field, where existing technologies are
already quite mature, the room for enhancing the performance of high-precision algorithms
and systems is inherently limited. Consequently, while the 2.82% and 2.17% accuracy
improvements may appear modest numerically, from a practical application standpoint,
these enhancements enable the system to significantly reduce misidentifications across
extensive sample datasets.

However, although the SWT mechanism reduces computational complexity compared
to global attention methods, its scalability to large-scale datasets or real-time applications
requires further study. Future research could also focus on optimizing MCL-SWT for
multi-class MI tasks or exploring its application in hybrid brain-computer interface (BCI)
systems. Furthermore, most motor imagery EEG recognition methods are evaluated on EEG
signals from healthy subjects, but motor imagery brain-computer interfaces are valuable
in neurorehabilitation (e.g., post-stroke rehabilitation) [6,7]. Therefore, future research is
planned on MI-EEG recognition algorithms for stroke patients.

Lastly, combining MCL with domain adaptation or transfer learning could further
enhance its ability to generalize across subjects and even across datasets, paving the way
for broader applicability in BCI applications.

6. Conclusions

In this paper, we propose a Mirror Contrastive Learning (MCL) method combined
with a Sliding Window Transformer (SWT) model for subject-independent EEG signal
recognition. By constructing mirror EEG signals, the model’s sensitivity to the spatial
location of ERD/ERS phenomena is enhanced. In addition, the temporal SWT mechanism
computes self-attention scores within a sliding window, effectively balancing improved
model performance with acceptable computational complexity. Detailed comparative
experiments on different EEG datasets have been conducted with promising results. Fur-
thermore, MCL, as a generalizable approach, has the potential to be integrated into various
backbone networks for MI-EEG recognition.

Author Contributions: Methodology, Q.M. and ].L.; software, Q.M.; validation, Q.M. and Y.Z,;
writ-ing—original draft preparation, Q.M.; writing—review and editing, H.Z. and ].L.; visualization,
H.Z.; supervision, W.Y. and X.H.; funding acquisition, J.L. All authors have read and agreed to the
published version of the manuscript.

Funding: This work is jointly supported by the Scientific Research Program Founded by Shaanxi
Provincial Education Department of China under Grant 23JK0556 and the National Natural Science
Foundation of China (Grant Nos. 61906152, 62376213 and U21A20524).

Institutional Review Board Statement: In this study, we used two publicly available dataset.
Informed Consent Statement: Not applicable.

Data Availability Statement: In this study, we utilized publicly available datasets. These datasets can be
accessed at: 25 April 2025 https:/ /www.bbci.de/competition/download /competition_iv/BCICIV_
2a_gdf.zip, https:/ /www.bbci.de/competition/download /competition_iv/BCICIV_2b_gdf.zip and
https://gigadb.org/dataset/view/id /100542 /File_page/5.

24



Brain Sci. 2025, 15, 460

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Wolpaw, J.R. Brain-computer interfaces (BCIs) for communication and control. In Proceedings of the 9th International ACM
SIGACCESS Conference on Computers and Accessibility, Tempe, AZ, USA, 15-17 October 2007; pp. 1-2.

2. Shanechi, M.M. Brain—-Machine Interfaces from Motor to Mood. Nat. Neurosci. 2019, 22, 1554-1564. [CrossRef]

3. Benson, PJ. Decoding brain-computer interfaces. Science 2018, 360, 615-616.

4. Arpaia, P; Esposito, A.; Natalizio, A.; Parvis, M. How to successfully classify EEG in motor imagery BCI: A metrological analysis
of the state of the art. J. Neural Eng. 2022, 19, 031002. [CrossRef] [PubMed]

5. Burwell, S.; Sample, M.; Racine, E. Ethical aspects of brain computer interfaces: A scoping review. BMC Med. Ethics 2017, 18, 1-11.
[CrossRef]

6.  Altaheri, H; Muhammad, G.; Alsulaiman, M.; Amin, S.U.; Altuwaijri, G.A.; Abdul, W.; Bencherif, M.A.; Faisal, M. Deep learning
techniques for classification of electroencephalogram (EEG) motor imagery (MI) signals: A review. Neural Comput. Appl. 2023,
35, 14681-14722. [CrossRef]

7. Zhang, S.; Ang, K.K.; Zheng, D.; Hui, Q.; Chen, X.; Li, Y;; Tang, N.; Chew, E.; Lim, R.Y.; Guan, C. Learning eeg representations
with weighted convolutional siamese network: A large multi-session post-stroke rehabilitation study. IEEE Trans. Neural Syst.
Rehabil. Eng. 2022, 30, 2824-2833. [CrossRef]

8.  Luo,]; Wang, Y;; Xia, S.; Lu, N.; Ren, X.; Shi, Z.; Hei, X. A shallow mirror transformer for subject-independent motor imagery
BCIL. Comput. Biol. Med. 2023, 164, 107254. [CrossRef]

9. Zhu, X.; Meng, M.; Yan, Z.; Luo, Z. Motor Imagery EEG Classification Based on Multi-Domain Feature Rotation and Stacking
Ensemble. Brain Sci. 2025, 15, 50 . [CrossRef]

10. Fraiwan, L.; Lweesy, K.; Khasawneh, N.; Wenz, H.; Dickhaus, H. Automated sleep stage identification system based on time-
frequency analysis of a single EEG channel and random forest classifier. Comput. Methods Prog. Biomed. 2012, 108, 10-19.
[CrossRef]

11.  Bishop, C.M.; Nasrabadi, N.M. Pattern Recognition and Machine Learning; Springer: Berlin/Heidelberg, Germany, 2006; Volume 4.

12.  Lemm, S; Blankertz, B.; Curio, G.; Muller, K.R. Spatio-spectral filters for improving the classification of single trial EEG. IEEE
Trans. Biomed. Eng. 2005, 52, 1541-1548. [CrossRef]

13.  Ang, KK, Chin, Z.Y,; Zhang, H.; Guan, C. Filter bank common spatial pattern (FBCSP) in brain-computer interface. In
Proceedings of the 2008 IEEE International Joint Conference on Neural Networks (IEEE World Congress on Computational
Intelligence), Hong Kong, China, 1-8 June 2008; IEEE: Piscataway, NJ, USA, 2008; pp. 2390-2397.

14. Gu, H,; Chen, T.; Ma, X.; Zhang, M.; Sun, Y.; Zhao, J]. CLTNet: A Hybrid Deep Learning Model for Motor Imagery Classification.
Brain Sci. 2025, 15, 124. [CrossRef] [PubMed]

15. Bouchane, M.; Guo, W.; Yang, S. Hybrid CNN-GRU Models for Improved EEG Motor Imagery Classification. Sensors 2025,
25,1399. [CrossRef] [PubMed]

16.  Schirrmeister, R.T.; Springenberg, ].T.; Fiederer, L.D.].; Glasstetter, M.; Eggensperger, K.; Tangermann, M.; Hutter, F; Burgard,
W.; Ball, T. Deep learning with convolutional neural networks for EEG decoding and visualization. Hum. Brain Mapp. 2017,
38, 5391-5420. [CrossRef] [PubMed]

17.  Jiao, Y.; Zhang, Y.; Chen, X,; Yin, E.; Jin, J.; Wang, X.; Cichocki, A. Sparse group representation model for motor imagery EEG
classification. IEEE ]. Biomed. Health Inform. 2018, 23, 631-641. [CrossRef]

18.  Autthasan, P.; Chaisaen, R.; Sudhawiyangkul, T.; Rangpong, P.; Kiatthaveephong, S.; Dilokthanakul, N.; Bhakdisongkhram, G.;
Phan, H.; Guan, C.; Wilaiprasitporn, T. MIN2Net: End-to-end multi-task learning for subject-independent motor imagery EEG
classification. IEEE Trans. Biomed. Eng. 2021, 69, 2105-2118. [CrossRef]

19. Pfurtscheller, G.; Da Silva, EL. Event-related EEG/MEG synchronization and desynchronization: Basic principles. Clin.
Neurophysiol. 1999, 110, 1842-1857. [CrossRef]

20. Makeig, S.; Bell, A; Jung, T.P.,; Sejnowski, T.]. Independent component analysis of electroencephalographic data. Adv. Neural Inf.
Process. Syst. 1995, 8, 145-151.

21. Kim, H.; Yoshimura, N.; Koike, Y. Characteristics of kinematic parameters in decoding intended reaching movements using
electroencephalography (EEG). Front. Neurosci. 2019, 13, 1148. [CrossRef]

22.  Zhao, H.; Zheng, Q.; Ma, K; Li, H.; Zheng, Y. Deep representation-based domain adaptation for nonstationary EEG classification.
IEEE Trans. Neural Netw. Learn. Syst. 2020, 32, 535-545. [CrossRef]

23. Xu, L;Xu,M;;Ke, Y,; An, X,; Liu, S.; Ming, D. Cross-dataset variability problem in EEG decoding with deep learning. Front.
Hum. Neurosci. 2020, 14, 103. [CrossRef]

24. Rodrigues, PL.C.; Jutten, C.; Congedo, M. Riemannian procrustes analysis: Transfer learning for brain-computer interfaces. I[EEE

Trans. Biomed. Eng. 2018, 66, 2390-2401. [CrossRef] [PubMed]

25



Brain Sci. 2025, 15, 460

25.

26.

27.

28.

29.

30.

31.
32.
33.

34.

35.

36.

37.
38.

39.

40.

Zhang, K.; Robinson, N.; Lee, SSW.; Guan, C. Adaptive transfer learning for EEG motor imagery classification with deep
convolutional neural network. Neural Netw. 2021, 136, 1-10. [CrossRef] [PubMed]

Jia, Z.; Lin, Y,; Wang, J.; Yang, K,; Liu, T.; Zhang, X. MMCNN: A Multi-branch Multi-scale Convolutional Neural Network
for Motor Imagery Classification. In Machine Learning and Knowledge Discovery in Databases ; Hutter, E.,, Kersting, K., Lijffijt, J.,
Valera, 1., Eds.; Springer: Cham, Switzerland, 2021; pp. 736-751.

Liu, Z,; Lin, Y.; Cao, Y.; Hu, H.; Wei, Y.; Zhang, Z.; Lin, S.; Guo, B. Swin transformer: Hierarchical vision transformer using shifted
windows. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Montreal, BC, Canada, 11-17 October
2021; pp. 10012-10022.

Altaheri, H.; Muhammad, G.; Alsulaiman, M. Physics-informed attention temporal convolutional network for EEG-based motor
imagery classification. IEEE Trans. Ind. Inform. 2022, 19, 2249-2258. [CrossRef]

Luo, J.; Mao, Q.; Shi, W.; Shi, Z.; Wang, X.; Lu, X.; Hei, X. Mirror contrastive loss based sliding window transformer for
subject-independent motor imagery based EEG signal recognition. In Proceedings of the Human Brain and Artificial Intelligence,
4th International Workshop, HBAI 2024, held in Conjunction with IJCAI 2024, Jeju Island, Republic of Korea, 3 August 2024.
Ioffe, S.; Szegedy, C. Batch normalization: Accelerating deep network training by reducing internal covariate shift. In
Proceedings of the International Conference on Machine Learning, Lille, France, 7-9 July 2015; PMLR: Breckenridge, CO, USA,
2015; pp. 448-456.

Ba, J.L.; Kiros, J.R.; Hinton, G.E. Layer normalization. arXiv 2016, arXiv:1607.06450.

Hendrycks, D.; Gimpel, K. Gaussian error linear units (gelus). arXiv 2016, arXiv:1606.08415.

Luo, J.; Shi, W,; Lu, N.; Wang, J.; Chen, H.; Wang, Y.; Lu, X.; Wang, X.; Hei, X. Improving the performance of multisubject motor
imagery-based BClIs using twin cascaded softmax CNNSs. |. Neural Eng. 2021, 18, 036024. [CrossRef]

Hadsell, R.; Chopra, S.; LeCun, Y. Dimensionality reduction by learning an invariant mapping. In Proceedings of the 2006 IEEE
Computer Society Conference on Computer Vision And Pattern Recognition (CVPR’06), New York, NY, USA, 17-22 June 2006;
IEEE: Piscataway, NJ, USA, 2006; Volume 2, pp. 1735-1742.

Tangermann, M.; Miiller, K.R.; Aertsen, A.; Birbaumer, N.; Braun, C.; Brunner, C.; Leeb, R.; Mehring, C.; Miller, K.J.; Miiller-Putz,
G.R; et al. Review of the BCI competition IV. Front. Neurosci. 2012, 6, 55.

Lee, M.H.; Kwon, O.Y,; Kim, Y.J.; Kim, HK.; Lee, Y.E.; Williamson, ].; Fazli, S.; Lee, SSW. EEG dataset and OpenBMI toolbox for
three BCI paradigms: An investigation into BCl illiteracy. GigaScience 2019, 8, giz002. [CrossRef]

Kingma, D.P; Ba, J. Adam: A method for stochastic optimization. arXiv 2014, arXiv:1412.6980.

Lawhern, V.J.; Solon, A.].; Waytowich, N.R.; Gordon, S.M.; Hung, C.P; Lance, B.]. EEGNet: A compact convolutional neural
network for EEG-based brain—-computer interfaces. J. Neural Eng. 2018, 15, 056013. [CrossRef]

Mane, R.; Chew, E.; Chua, K.; Ang, K.K.; Robinson, N.; Vinod, A.P,; Lee, S.W.; Guan, C. FBCNet: A multi-view convolutional
neural network for brain-computer interface. arXiv 2021, arXiv:2104.01233.

Van der Maaten, L.; Hinton, G. Visualizing data using t-SNE. J. Mach. Learn. Res. 2008, 9, 2579-2605.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

26



brain sciences

Article

Effects of Different Individuals and Verbal Tones on Neural
Networks in the Brain of Children with Cerebral Palsy

Ryosuke Yamauchi 1-2-*, Hiroki Ito !, Ken Kitai !, Kohei Okuyama !, Osamu Katayama -3, Kiichiro Morita ¢,
Shin Murata ! and Takayuki Kodama !

1 The Graduate School of Health Science, Kyoto Tachibana University, Kyoto 607-8175, Japan;
h901524007@st.tachibana-u.ac.jp (H.I.); h901523004@st.tachibana-u.ac.jp (K.K.);
h901523002@st.tachibana-u.ac.jp (K.O.); katayama.o@ncgg.go.jp (O.K.); murata-s@tachibana-u.ac.jp (5.M.);
kodama-t@tachibana-u.ac.jp (T.K.)

2 Otemae Rehabilitation Center with Physical Disabilities, Osaka Red Cross Hospital, Osaka 543-8555, Japan

National Center for Geriatrics and Gerontology, Center for Gerontology and Social Science, Obu 474-8511, Japan

Cognitive and Molecular Research Institute of Brain Diseases, Kurume University, Fukuoka 830-0011, Japan;

kiichiro@kurume-u.ac.jp

*  Correspondence: h901522007@st.tachibana-u.ac.jp

Abstract: Background/Objectives: Motivation is a key factor for improving motor function
and cognitive control in patients. Motivation for rehabilitation is influenced by the rela-
tionship between the therapist and patient, wherein appropriate voice encouragement is
necessary to increase motivation. Therefore, we examined the differences between mothers
and other individuals, such as physical therapists (PTs), in their verbal interactions with
children with cerebral palsy who have poor communication abilities, as well as the neuro-
logical and physiological effects of variations in the tone of their speech. Methods: The
three participants were children with cerebral palsy (Participant A: boy, 3 years; Participant
B: girl, 7 years; Participant C: girl, 9 years). Participants’ mothers and the assigned PTs were
asked to speak under three conditions. During this, the brain activity of the participants
was measured using a 19-channel electroencephalogram. The results were further analyzed
using Independent Component Analysis frequency analysis with exact Low-Resolution
Brain Electromagnetic Tomography, allowing for the identification and visualization of
neural activity in three-dimensional brain functional networks. Results: The results of
the ICA frequency analysis for each participant revealed distinct patterns of brain activity
in response to verbal encouragement from the mother and PT, with differences observed
across the theta, alpha, and beta frequency bands. Conclusions: Our study suggests that
the children were attentive to their mothers’ inquiries and focused on their internal experi-
ences. Furthermore, it was indicated that when addressed by the PT, the participants found
it easier to grasp the meanings and intentions of the words.

Keywords: motivation; rehabilitation; electroencephalogram; cerebral palsy; communica-
tion; emotion

1. Introduction

Motivation during the performance of physiotherapy tasks has been identified as a key
factor for improving motor function and cognitive control in patients [1-3]. Motivation is a
personal characteristic that facilitates the achievement and maintenance of a goal. It is clear
that patients” motivation towards rehabilitation has a significant impact on the therapeutic
effectiveness, especially in pediatric rehabilitation [4]. In child development, the active
participation and continuous commitment of patients to rehabilitation are indispensable for
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promoting functional recovery and social adaptation. Additionally, it has been reported that
motivation tends to decline over time, and factors such as fatigue, external environment,
and reward misalignment are involved in this decrease in motivation [5,6]. Therefore, it
is especially important to increase and maintain the motivation of children for pediatric
rehabilitation by using preferred tasks, rewards [7], building trust relationships with others,
and increasing self-esteem [8,9]. It has been reported that involving family members in
the rehabilitation process maximizes the effectiveness of interventions, highlighting that
the relationship between the child, family, and therapist is essential [10]. Moreover, the
individual-environment interaction is imperative in child development, and the acquisition
of motor skills enhances exploratory behaviors and influences perceptual, cognitive, and
language development [11]. Therefore, children with cerebral palsy, who have severe
motor and intellectual disability (CP-SMID), have impaired mobility owing to motor
disabilities. This limits spontaneous exploration, which consequently induces severe
intellectual developmental delays, decreased interest in objects and people, and decreased
motivation to move and exercise. Therefore, we believe that it is essential to motivate
children to move, exercise, and develop an interest in objects.

Motivation for rehabilitation is influenced by the relationship between the thera-
pist and patient [8], wherein appropriate voice encouragement is necessary to increase
motivation [12]. Changes in motivation are reported to be associated with changes in
emotions. Therefore, it is essential to promote emotional changes in children to enhance
their motivation. As children with CP-SMID have severe mental and physical disabilities
that frequently include communication disorders, it is difficult to objectively assess how
these patients perceive the voices of others, such as their parents and therapists, and ascer-
tain the effect that they have on their motivation. Therefore, it is difficult to objectively
evaluate and share children’s emotional changes with others. Kangaroo care, wherein a
contact stimulus is given to a neonate who has not yet acquired communication abilities,
has been shown to elicit similar physiological responses toward both the mother and
father, as measured by heart rate variability (HRV) and apnea/periodicity measures [13].
Additionally, in the field of pediatric rehabilitation, it is essential to collaborate not only
with the child who is the patient but also with their family during interventions [14]. It has
also been reported that involving the family in rehabilitation enhances the effectiveness
of interventions [15]. A study of infants’ sensitivity to language stimuli revealed that
infants displayed more sensitivity in their native language rather than in a second /foreign
language [16]. These finding has shown that even in infants who have not yet acquired
language skills, differences in the individuals providing stimuli and the content of those
stimuli can affect emotional and cognitive functions. While autonomic nervous responses,
such as heart rate and other physiological measures, have been recognized, there is a
lack of research quantifying neural activity and brain networks in children at later stages
of communication development. Furthermore, little is known about how differences in
vocal tones from various individuals influence these neural networks, enhance emotions,
and consequently impact motivation. In light of these considerations, we believe that
quantitatively assessing neural activity in the brain using an electroencephalogram (EEG),
which has excellent temporal resolution, is essential for clarifying the mental elements
necessary for forming a foundation for communication skills in rehabilitation.

We hypothesized that the elements of an emotion-based approach, such as verbal
encouragement directed at children in the language development stage (i.e., the mental
effects of language), may influence the effectiveness of pediatric rehabilitation. This study
aimed to examine how differences in different vocal tones from mothers and therapists
affect the neural networks of children with poor communication skills, specifically those
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with cerebral palsy, using an electroencephalogram (EEG) to clarify the necessary mental
elements for forming a foundation for communication skills in rehabilitation.

2. Materials and Methods

The present study is designed as an observational study, utilizing a cross-sectional
research approach.

2.1. Participants

The inclusion criteria for the subjects in this study were individuals diagnosed with CP-
SMIDs who were under 12 years old and did not have accompanying hearing impairments,
treated at the authors’ affiliated hospital. The exclusion criteria included the following:

1.  Severe body movements that could interfere with EEG recording;
2. Hearing impairment that could affect the perception of verbal stimuli;
3. Medical conditions contraindicating the use of EEG equipment.

These criteria were chosen to ensure the quality and reliability of the EEG data collected.

2.2. Ethical Considerations

The study was conducted in accordance with the Declaration of Helsinki and ap-
proved by Kyoto Tachibana University Research Ethics Committee, (approval number:
22-25; date of approval: 19 August 2022). Informed consent was obtained from all
subjects involved in the study. Written informed consent to participate in this research
was obtained from the parents/legal guardians of all participants, in accordance with
institutional standards.

2.3. Stimuli

Speaking directed at the pediatric participants was provided by their mothers and the
children’s physical therapists (PTs). The content included the following;:

e 20 sentences of speaking based on asking;
e 20 sentences based on informing;
e 40 sentences based on a mixed approach that combined asking and informing.

Although the content and character count were identical across conditions, the
tone differed:

e  Asking sentences were delivered in a friendly manner;
e Informing sentences were delivered in a non-friendly manner;
e  The mixed approach incorporated tones appropriate for both asking and informing.

The sentences were developed in collaboration with speech therapists and child
psychologists to ensure age-appropriateness and relevance to the rehabilitation context.
Mothers reviewed the sentences before measurement to confirm that the content did
not evoke undue joy or stress in the child and that there were no elements that could
negatively stimulate the child’s emotions. The verbal prompts used in this study were
designed to exclude content that would elicit emotional changes, such as those that
would either delight the children or insult them. Instead, the focus was on altering
the tone and intonation of the questions and instructions. The dialogue examples for
different conditions are shown in Figure 1, with both Japanese originals and English
translations provided.
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Line (asking)

It's (sunny or cloudy or rainy) today. 4Hiz (Whor &) or i) %8
Yesterday was (sunny or cloudy or rainy). #Hiz (WhTrhor #>Trhior lizM-TRR)
It's (cold or hot) today. #fiz (% or )

Yesterday was (cold or hot) too, right? #Hb (Xporor Bor) Xia
We came here today (by bike or on foot or by car). iz (fiteftor % or #) TH2 LR
Spring is just around the corner. & 5 %%

Summer is coming soon. 3+ CEAL

It's going to get hotter soon. $ 3+ ¢b- B3 h

It's almost time to head home, isn'tit? 3+ CzmmrEL

You're not feeling unwell, right? iz @< 2w 2

You're looking good today. 4B ii%R

You seem the same as always. w24 tZbbivh

You slept well last night, didn't you? srBizx <zt

You had lunch, right? cffe~%xt

You're full, aren't you?. ##voifvtin

It was delicious. #vLpotn

You're listening well, aren't you? x<mwczn

Just a litle more, right? ¢34 L2

You're doing well, aren't you? Lopoc2<an

You're going to do your best with rehab, right? y ~v )5 5

Line (informing)

‘Today is (sunny or cloudy or rainy). 4Hiz (8 or #9 or i) ©F
Yesterday (it was sunny or it was cloudy or it rained). Hi2 (BATL% or #T L% or AR
Today is (cold or hot). 4Bz (% or Bv) ©F

Yesterday was also (cold or hot). ®HS (ot or Brot) ©F
We are here today (bike or walk or drive). 4Hiz (Fi#zl or 8% or ) THREL 2
Spring is approaching soon. ¢ 3¢

Summer is approaching soon. ¢ 5 ¥ C&T¥

It will be hotter soon. 634 Cbo L WCmD LT

It is almost time to leave for home. 4 5 + ¢ 283 <

You are not feeling unwell, are you? #Mi2®< v ot

You are looking well today. 48¢iacy

You do not seem different from usual. vo¢ &by 224

You slept well last night. #rix cLs

You have had lunch, haven't you? ofefr~<s Lz

You are full. #8v-izvwet

It was delicious. #w Loty

You are listening well. X <mvc

Itis just a litle more. ¢ 3% L e

You are doing well. Lonyca<cey

You are doing your best with rehab. y vy si#» £+

Line (asking and informing)

It's (sunny or cloudy or rainy) today. 4Hiz (8 or &Y or ) %8
Yesterday was (sunny or cloudy or rainy). #:Hiz (B T7 4 or BT 74 or fidibeoT2h)
Today is (sunny or cloudy or rainy). 4Hiz (8 or ®Y or i) T+
Yesterday (it was sunny or it was cloudy or it rained). #Hiz (BT L7 or BT L7 or i) % L 1)
Today is (cold or hot). 4Hiz (%w or Bv) TF

It's (cold or hot) today. 4Hiz (v or Bv) fa

Yesterday was (cold or hot) too, right? #H% (K# o7 or Birot:) Xh
Yesterday was also (cold or hot). #Hb (Epo7or Bhot) ©F

We came here today (by bike or on foot or by car).4Hiz (f#El or @8 or #) TH2Lh
We are here today (bike or walk or drive). 4 Hi2 (F1#0 or 8% or ) THE L2
Spring is just around the corner. & 3 %7 n

Summer is coming soon. % 3+ ¢CH~EH

It's going to get hotter soon. $ 3+ ¢y LWz n

Spring is approaching soon. & 5 #<+

Summer is approaching soon.$ 5 # ¢ ¥T¢F

It will be hotter soon. $ 54 ¢H > BV ET

It's almost time to head home, isn'tit? &3+ CHzafzn

It is almost time to leave for home. % 5+ ¢ 2 84fc

You're not feeling unwell, right? #Miz@< zvxn

You are not feeling unwell, are you? iz ®¢ zvct

You are looking well today. 4H4jisct

You're looking good today. 484 it&%n

You seem the same as always. wob t&bbivh

You do not seem different from usual. w24 2 Zb ) rwa

You slept well last night, didn't you? sz k< #hzh

You slept well last night. #rHizXCBEL~

You had lunch, right? fifg~<~xn

You're full, aren't you?. ##v-ifvin

It was delicious. HwLporkn

You have had lunch, haven't you? cfife<%L2%

You are full. v veF

It was delicious. #wLorct

You are listening well. x <Bvcs+

You're listening well, aren't you? r<mw<zn

Just a little more, right? $ 5% L%h

It is just a little more. %54 Lc¥

You are doing well. Lonycced

You are doing your best with rehab. ) v ) #iy £

You're doing well, aren't you? Lomyc¥<sh

You're going to do your best with rehab, right? v~ )@@z 50

Figure 1. Dialogue examples for different conditions [Asking condition, informing condition, and

mixed condition (asking and informing)]. The verbal prompts were conducted in Japanese with

English translations provided.

2.4. Procedure

The measurement protocol is shown in Figure 2. Each session proceeded as follows:

1.  Control condition: 1 min EEG recording in silence, followed by 1 min recording with

white noise;
2. 5 min break;

3. Mother’s speaking conditions: asking, informing, and mixed, with 5 min breaks

between each condition;
4. 10 min break;
Repeat of control condition;

o

6. PT’s speaking conditions: asking, informing, and mixed, with 5 min breaks between

each condition.

The measurements were conducted over two days, with the order of the mothers

’

and PTs’ speaking reversed between the first and second measurements. The order of

asking, informing, and mixed conditions was randomized across sessions to control for

order effects. The measurement environment was a quiet, temperature-controlled room in

the hospital, designed to minimize external distractions and ensure participant comfort.
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[ Control condition(silence: 1 min; white noise: 1 min) |

) 5 min ’

[ Mother’s asking condition )
5 min

Mother’s informing condition

5 min
Mother’s mixed condition
10 min
( Control condition(silence: 1 min; white noise: 1 min) )
5 min )
[ PT’s asking condition )
5 pin
PT’s informing condition |
5 min
[ PT’s mixed condition )

Figure 2. Measurement protocol. Twenty sentences were used for the asking condition, twenty
sentences for the informing condition, and forty sentences for the mixed condition. Each sentence
was read aloud at three-second intervals, with the asking condition and informing condition lasting
approximately three minutes, and the mixed condition lasting about six minutes. Each condition was
randomly administered in the first and second measurements.

2.5. EEG Recording and Analysis

Brain neural activity was recorded using the Polymatepro6100 bio-signal recording
device (Miyuki Giken Co., Ltd., Tokyo, Japan), based on the international 10-20 system.
Measurements were taken from 19 locations: Fp1, Fp2, F3, F4, F7, F§, Fz, C3, C4, Cz,
P3, P4, Pz, O1, O2, T3, T4, T5, and T6. Electrode impedances were kept below 5 k().
The reference electrodes were placed on the earlobes. The frequency bands analyzed
were theta (0) (4-7 Hz), Alpha (x) (8-13 Hz), and Beta () (14-20 Hz). To accurately
extract neural activity during verbal encouragement, the muscle activity of the speaker’s
suprahyoid muscles was measured as a trigger, allowing synchronization with the child’s
EEG measurements. The bandpass filter in the EEG measurement was 0.5-30 Hz, and the
sampling rate was 1000 Hz. EEG data analysis was conducted using the Electro Magnetic
Source Estimation program (EMSE) (Cortech Solutions, Inc., version 5.5.2). Data for each
condition were extracted based on triggers, isolating the waveforms for 2 s after the end of
each verbal encouragement stimulus. The data for each condition were then averaged to
create the analysis dataset. Independent Component Analysis (ICA) was performed using
Matrix Laboratory (MATLAB) (v.R2023b Update 6, MathWorks, 2023). ICA was chosen
for its ability to separate EEG data into statistically independent components, allowing
for effective artifact removal. Components identified as noise (e.g., eye blinks and muscle
artifacts) were visually inspected and removed.
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The ICA frequency analysis was conducted using Transposed fICA Networks within
exact Low-Resolution Brain Electromagnetic Tomography (eLORETA, version 20160611).
This method allows for the three-dimensional visualization of neural activity and the
identification of brain functional networks. The fICA networks jointly represent space
and frequency interactions, producing three sets of images (6-wave, x-wave, and -wave
bands). This approach enables the identification of regions working together within each
condition and captures coupling between frequencies.

2.6. Statistical Analysis

Due to the small sample size, formal statistical tests were not performed. Instead,
descriptive analyses were conducted to explore patterns in the EEG data across conditions
and participants. The activity values of the regions showing the maximum and minimum
activity values were extracted from the activity values calculated by the eLORETA analysis
for qualitative comparison.

3. Results
3.1. Participant Baseline Characteristics

The characteristics of the three participants are summarized in Table 1.

Table 1. Participant characteristics.

Participant Characteristics

A B C
Age (years) 3 7 9
Gender (boy/girl) boy girl girl
Disease cerebral palsy (CP)
Classified severe psychosomatic disorder
Verbal Communication vocalizing but struggling to produce meaningful words
Motor Level difficulty turning over; difficulty turning over; able to crawl a few meters

unable to move voluntarily unable to move voluntarily

Among the three participants, one was a boy (Participant A, age: 3 years) and two
were girls (Participant B, age: 7 years; Participant C, age: 9 years). All participants had
CP-SMID, classified as having severe psychosomatic disorders. Moreover, they all faced
challenges in verbal communication, vocalizing but struggling to produce meaningful
words. The motor level of Participant A was such that he had difficulty turning over and
was unable to move voluntarily. The motor level of Participant B was similar to Participant
A, as she had difficulty turning over and was unable to move voluntarily. However, the
motor level of Participant C had developed to the point where she could crawl a few
meters.

3.2. EEG Analysis

The results for the main brain activity areas in each frequency band for subjects A, B,
and C under each condition are summarized in Table 2.
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3.2.1. Participant A

The results of the frequency analysis by ICA for Participant A are shown in Figure 3.

condition [informing finforming |asking asking informing  finforming |asking asking

within within within within

mixed mixed mixed mixed

PT PT PT PT mother mother mother mother
0 -wave
a-wave
B-wave

Figure 3. Participant A: The 6 wave band for each condition is designated as A, the « wave band as
B, and the 3 wave band as C. The columns are classified by frequency, and the rows are classified by
condition. Regions of attenuated activity are shown in blue, whereas regions of amplified activity are
shown in red.

The results of the ICA frequency analysis for Participant A indicated the following
findings. In the PT informing condition, in the & wave band, there was an amplification in
activity in the bilateral somatosensory association areas and a reduction in activity in the
right inferior frontal gyrus; in the @ wave band, there was an amplification in activity in the
bilateral somatosensory association areas and a reduction in activity in the bilateral visual
association area; in the  wave band, there was an amplification in activity in the right
superior temporal gyrus and the right middle temporal gyrus. In the mother informing
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condition, in the ® wave band, there was an amplification in activity in the bilateral frontal
eye fields, along with a reduction in activity in the bilateral supplementary motor areas
and bilateral visual association areas; in the « wave band, there was an amplification in
activity in the bilateral somatosensory association areas and a reduction in activity in the
bilateral supplementary motor areas and bilateral visual association areas; in the 3 wave
band, there was an amplification in activity in the bilateral somatosensory association areas
and the left superior temporal gyrus, with a reduction in activity in the left frontal pole.

In the PT informing within mixed condition, in the 6 wave band, there was an am-
plification in activity in the right frontal pole and a reduction in activity in the bilateral
somatosensory association areas; in the o wave band, there was an amplification in activity
in the right visual association area and a reduction in activity in the bilateral supplementary
motor areas; and in the 3 wave band, there was an amplification in activity in the bilateral
somatosensory association areas and a reduction in activity in the bilateral frontal eye
fields. In the mother informing within mixed condition, in the 8 wave band, there was a
reduction in activity in the right somatosensory association area and a reduction in activity
in the right dorsolateral prefrontal cortex; in the « wave band, there was an amplification in
activity in the left orbitofrontal cortex; and in the 3 wave band, there was an amplification
in activity in the bilateral supplementary motor areas and a reduction in activity in the
right orbitofrontal cortex.

In the PT asking condition, in the 6 wave band, there was an amplification in activity
in the bilateral frontal eye fields and a reduction in activity in the bilateral somatosensory
association areas; in the « wave band, there was an amplification in activity in the bilateral
supplementary motor areas and a reduction in activity in the bilateral frontal poles and the
left visual association area; and in the 3 wave band, there was an amplification in activity
in the frontal eye fields and a reduction in activity in the somatosensory association areas.
In the mother asking condition, in the 6 wave band, there was an amplification in activity
in the bilateral somatosensory association areas and a reduction in activity in the frontal
eye fields; in the « wave band, there was an amplification in activity in the bilateral visual
association areas and a reduction in activity in the frontal eye fields; and in the § wave
band, there was an amplification in activity in the somatosensory association areas and a
reduction in activity in the inferior temporal gyrus.

In the PT asking within mixed condition, in the 6 wave band, there was an ampli-
fication in activity in the supplementary motor areas and a reduction in activity in the
orbitofrontal cortex; in the « wave band, there was an amplification in activity in the
supplementary motor areas and a reduction in activity in the orbitofrontal cortex; and
in the 3 wave band, a reduction in activity was observed in the bilateral somatosensory
association areas. In the mother asking within mixed condition, in the 6 wave band, there
was an amplification in activity in the supplementary motor areas; in the x wave band,
there was an amplification in activity in the supplementary motor areas and a reduction in
activity in the frontal poles; and in the 3 wave band, there was a reduction in activity in the
orbitofrontal cortex.

Summarizing the results for Participant A, under the PT informing condition, so-
matosensory information processing increased, whereas visual information processing
was suppressed. Conversely, under the mother informing condition, motor preparation
was carried out quickly. Additionally, in the PT informing condition, frontal eye field
activity increased, leading to controlled attention, whereas under the mother informing
condition, somatosensory association area activity increased, directing attention toward
bodily sensations. Under the PT informing within mixed condition, somatosensory infor-
mation processing was suppressed, whereas decision-making increased. Similarly, under
the mother informing within mixed condition, somatosensory information processing was
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suppressed, and motor preparation was carried out quickly. In the PT asking condition,
somatosensory information processing was suppressed, whereas goal-directed behavior
increased. Conversely, under the mother asking condition, somatosensory information
processing increased. Under the PT asking within mixed condition, sensory information
processing was suppressed, whereas concentration on attention tasks increased. However,

in the mother asking within mixed condition, motor preparation was carried out quickly.

3.2.2. Participant B
The results of the frequency analysis by ICA for Participant B are shown in Figure 4.

condition [informing [informing lasking asking informing finforming jasking asking
within within within within
mixed mixed mixed mixed
PT PT PT T mother mother mother mother
0 -wave

a-wave

B-wave

Figure 4. Participant B: The 6 wave band for each condition is designated as A, the x wave band as B,
and the p wave band as C. The columns are classified by frequency, and the rows are classified by
condition. Regions of attenuated activity are shown in blue, whereas regions of amplified activity are

shown in red.
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The results of the ICA frequency analysis for Participant B indicated the following
findings. In the PT informing condition, in the 6 wave band, there was a reduction in
activity in the dorsolateral prefrontal cortex; in the & wave band, there was an increase in
activity in the bilateral dorsal posterior cingulate cortex, along with a reduction in activity
in the bilateral somatosensory association areas and the bilateral supplementary motor
areas; and in the 3 wave band, a reduction in activity was observed in the frontal poles.
In the mother informing condition, in the © wave band, there was an amplification in
activity in the left inferior frontal gyrus, along with a reduction in activity in the bilateral
somatosensory association areas; in the o wave band, there was an amplification in activity
in the left visual association area and a reduction in activity in the left orbitofrontal cortex;
and in the 3 wave band, there was an amplification in activity in the right middle temporal
gyrus and a reduction in activity in the left somatosensory association area.

In the PT informing within mixed condition, in the  wave band, there was an amplifi-
cation in activity in the bilateral somatosensory association areas and a reduction in activity
in the orbitofrontal cortex; in the « wave band, there was an amplification in activity in
the right frontal pole and a reduction in activity in the visual association areas; and in the
[ wave band, there was an amplification in activity in the frontal poles and a reduction
in activity in the somatosensory association areas. In the mother informing within mixed
conditio, in the ® wave band, there was a reduction in activity in the left frontal pole and the
right fusiform gyrus; in the o wave band, there was a reduction in activity in the bilateral
orbitofrontal cortices and the bilateral visual association areas; and in the § wave band,
there was an increase in activity in the left frontal eye fields and a reduction in activity in
the right frontal pole and the bilateral visual association areas.

In the PT asking condition, in the 8 wave band, there was an amplification in activity in
the bilateral orbitofrontal cortices and a reduction in activity in the bilateral supplementary
motor areas; in the « wave band, there was an amplification in activity in the somatosensory
association areas and a reduction in the supplementary motor areas; and in the 3 wave
band, there was an amplification in activity in the bilateral frontal poles and a reduction in
the supplementary motor areas. In the mother asking condition, in the 8 wave band, there
was an amplification in activity in the right middle temporal gyrus; in the « wave band,
there was an amplification in activity in the right dorsolateral prefrontal cortex, along with
a reduction in activity in the right visual association areas; and in the (3 wave band, there
was an amplification in activity in the left somatosensory association area and a reduction
in activity in the left frontal pole.

In the PT asking within mixed condition, in the 0 wave band, there was an amplifica-
tion in activity in the frontal pole and a reduction in activity in the dorsolateral prefrontal
cortex; in the @ wave band, there was an amplification in activity in the right frontal pole;
and in the 3 wave band, there was an amplification in activity in the somatosensory associa-
tion areas and a reduction in activity in the frontal pole. In the mother asking within mixed
condition, in the 0 wave band, there was an amplification in activity in the left frontal pole;
in the o« wave band, there was an amplification in activity in the bilateral somatosensory
areas and a reduction in activity in the bilateral frontal poles; and in the 3 wave band, there
was an amplification in activity in the bilateral middle temporal gyri and a reduction in
activity in the right frontal pole.

Summarizing the results for Participant B, under the PT informing condition, activ-
ity in the somatosensory association area was suppressed, whereas activity in the dorsal
posterior cingulate cortex increased, indicating that sensory information processing was
carried out selectively. Conversely, in the mother informing condition, activity increased
in the visual association area and decreased in the orbitofrontal cortex, suggesting that
visual information processing was prioritized. Additionally, in the PT informing condition,

39



Brain Sci. 2025, 15, 397

activity in the frontal pole increased, whereas activity in the supplementary motor area
decreased, indicating that cognitive function was enhanced while motor preparation was
suppressed. In the mother informing condition, activity increased in the middle temporal
gyrus and the somatosensory association area, suggesting that attention was focused on
language comprehension and bodily sensations. Under the PT informing within mixed
condition, we observed a decrease in activity in the somatosensory association areas and
an increase in activity in the frontal pole. This indicates suppression in attention to so-
matosensory information, whereas highlights an enhancement in decision-making. In the
mother informing within mixed condition, simultaneous decrease in activity in the right
frontal pole and an increase in activity in the left orbitofrontal cortex were observed. This
indicates that higher cognitive processing was suppressed while decision-making was
enhanced. Under the PT asked condition, activity in the frontal pole increased, whereas ac-
tivity in the supplementary motor area decreased, indicating enhanced cognitive functions
and reduced attention to movement. In the mother asking condition, activity increased
in the somatosensory association area and decreased in the frontal pole, suggesting that
sensory processing was enhanced while cognitive processing was diminished. Under the
PT asking within mixed condition, activity increased in the somatosensory association
area and decreased in the frontal pole, indicating that sensory processing was enhanced
while cognitive processing was suppressed. However, in the mother asking within mixed
condition, activity increased in the middle temporal gyri and decreased in the frontal
pole, suggesting that language comprehension was enhanced while cognitive processing
was suppressed.

3.2.3. Participant C

The results of the frequency analysis by ICA for pParticipant C are shown in Figure 5.

The results of the ICA frequency analysis for Participant C indicated the following
findings. In the PT informing condition, in the 0 wave band, there was an amplification in
activity in the left frontal pole and a reduction in activity in the left visual association area;
in the o« wave band, there was an amplification in activity in the right dorsolateral prefrontal
cortex and a reduction in activity in the right visual association area; and in the 3 wave
band, there was an amplification in activity in the right dorsolateral prefrontal cortex and a
reduction in activity in the left somatosensory association area. In the mother informing
condition, in the 6 wave band, there was a reduction in activity in the somatosensory
association area; in the x wave band, there was an amplification in activity in the bilateral
orbitofrontal cortices; and in the 3 wave band, there was an amplification in activity in the
ventral prefrontal cortex.

In the PT informing within mixed condition, in the 6 wave band, there was an am-
plification in activity in the superior temporal gyrus and a reduction in activity in the
somatosensory association areas; in the « wave band, there was a reduction in activity in
the left frontal pole; and in the 3 wave band, there was an amplification in activity in the
right somatosensory association area and a reduction in activity in the bilateral orbitofrontal
cortices. In the mother informing within mixed condition, in the 8 wave band, there was
an amplification in activity in the right inferior temporal gyrus and a reduction in activity
in the left visual association area; in the  wave band, there was an amplification in activity
in the bilateral frontal poles and a reduction in activity in the right visual association area;
and in the 3 wave band, there was an amplification in activity in the right frontal pole and
a reduction in activity in the right angular gyrus.

In the PT asking condition, in the 6 wave band, there was an amplification in activity
in the bilateral somatosensory association areas and a reduction in activity in the left or-
bitofrontal cortex; in the o wave band, there was a reduction in activity in the orbitofrontal
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cortex; and in the 3 wave band, there was an amplification in activity in the somatosen-
sory association areas and a reduction in activity in the middle temporal gyrus. In the
mother asking condition, in the 6 wave band, there was an amplification in activity in the
right frontal pole; in the « wave band, there was an amplification in activity in the left
somatosensory association area and a reduction in activity in the bilateral supplementary
motor areas; and in the 3 wave band, there was an amplification in activity in the right
dorsolateral prefrontal cortex.

condition [informing [informing |asking asking informing finforming |asking asking
within within within within
mixed mixed mixed mixed
PT PT PT PT mother mother mother mother
0 -wave

d-wave

B-wave

Figure 5. Participant C: The 6 wave band for each condition is designated as A, the x wave band as
B, and the 3 wave band as C. The columns are classified by frequency, and the rows are classified by
condition. Regions of attenuated activity are shown in blue, whereas regions of amplified activity are

shown in red.

In the PT asking within mixed condition, in the 8 wave band, there was a reduction in
activity in the bilateral orbitofrontal cortices; in the x wave band, there was a reduction
in activity in the right frontal pole and the right somatosensory association area; and in
the 3 wave band, there was an amplification in activity in the ventral prefrontal cortex. In
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the mother asking within mixed condition, in the 6 wave band, there was an amplification
in activity in the bilateral somatosensory association areas and a reduction in activity in
the left frontal pole; in the o wave band, there was a reduction in activity in the bilateral
frontal poles; and in the 3 wave band, there was an amplification in activity in the bilateral
frontal eye fields and a reduction in activity in the left orbitofrontal cortex.

Summarizing the results for Participant C, under the PT informing condition, there
was an increase in activity in the dorsolateral prefrontal cortex and a decrease in activity
in the visual association cortex, suggesting that attention control was enhanced while
visual information processing was suppressed. Under the mother informing condition, an
increase in activity in the orbitofrontal cortex and ventromedial prefrontal cortex indicated
that emotional processing was enhanced. Additionally, in the mother informing within
mixed condition, an early increase in activity in the inferior temporal gyrus suggested
that rapid language processing was taking place. In the PT informing condition, an
increase in activity in the somatosensory association area and a decrease in activity in
the orbitofrontal cortex indicated that attention was directed toward bodily sensations
while emotional processing was suppressed. Under the mother informing condition, a
decrease in activity in the supplementary motor area suggested that motor preparation
was suppressed. In the PT informing within mixed condition, an increase in activity in
the somatosensory association area and a decrease in activity in the orbitofrontal cortex
indicated that sensory information processing was enhanced while behavioral inhibition
was present. Under the mother informing within mixed condition, an increase in activity
in the frontal pole and a decrease in activity in the angular gyrus suggested that decision-
making was enhanced while responses to physical sensations were suppressed. Under the
PT asking condition, an increase in activity in the somatosensory association areas and
a decrease in activity in the middle temporal gyrus suggested that sensory information
processing was enhanced while language processing was suppressed. Under the mother
asking condition, a decrease in activity in the supplementary motor areas and an increase
in activity in the dorsolateral prefrontal cortex indicated a reduction in the intention to
move and an increase in emotional processing. In the PT asking within mixed condition, a
decrease in activity in the somatosensory association areas and an increase in activity in the
ventral prefrontal cortex indicated a reduction in sensory information processing and an
increase in social behavior. In the mother asking within mixed condition, an amplification
in activity in the frontal eye fields and a reduction in activity in the orbitofrontal cortex
suggested an increase in emotional regulation and a decrease in social judgment.

4. Discussion

The ICA frequency analysis results for each participant revealed distinct brain activity
patterns in response to verbal encouragement from the mother and PT, with variations
observed across the 6 (47 Hz), « (8-13 Hz), and 3 (14-30 Hz) frequency bands. These
findings align with previous studies demonstrating the involvement of these frequency
bands in cognitive processes such as attention, working memory, sensory processing, and
motor control [17,18].

For Participant A, the PT informing condition showed an increase in 3 band activity
in the somatosensory association cortex and a decrease in 0 band activity in the inferior
frontal gyrus, suggesting a focus on sensory information processing and a reduction in
attention and working memory load. This aligns with prior research indicating the role of
(3 oscillations in sensory processing and the inferior frontal gyrus in attention and working
memory [19,20]. In the mother informing condition, & band activity increased in the frontal
eye field, whereas 3 band activity decreased in the supplementary motor area and visual
association area, indicating suppression of motor preparation and visual information pro-
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cessing in favour of auditory stimuli. These results are consistent with studies highlighting
the role of alpha oscillations in auditory processing and the involvement of the frontal eye
field, supplementary motor area, and visual association area in motor preparation and
visual processing [21-23]. In the PT informing within mixed condition, activity increased
in the right frontal pole within the ® wave band and decreased in the frontal eye fields
within the  wave band, aligning with prior research on 6 waves in decision-making
and emotional processing and the prefrontal cortex in working memory [24-26]. Simi-
larly, in the mother informing within mixed condition, « wave activity increased in the
orbitofrontal cortex, whereas 6 wave activity decreased in the somatosensory association
areas, consistent with previous studies on « wave involvement in decision-making and
emotional processing and sensory processing suppression in the somatosensory association
areas [27,28]. For the PT asking condition, 3 wave activity increased in the frontal eye
fields, whereas somatosensory association area activity decreased, supporting research
on the orbitofrontal cortex’s role in goal-directed behavior and the suppression of sen-
sory information processing in the somatosensory association areas [18,29]. In the mother
asking condition, 6 wave activity decreased in the orbitofrontal cortex, whereas 3 wave
activity increased, which is consistent with previous findings on the orbitofrontal cortex’s
role in attention tasks within the 6 wave band and the somatosensory association areas’
involvement in concentration and understanding within the 3 wave band [18,30]. For the
PT asking within mixed condition, & wave activity decreased in the orbitofrontal cortex,
alongside a reduction in 3 wave activity in the somatosensory association areas, in line
with studies on the orbitofrontal cortex’s role in internal cognitive processes and the 3
wave band’s association with concentration and understanding [18,31]. In the mother
asking within mixed condition, o« wave activity increased in the supplementary motor area,
whereas (3 wave activity decreased in the orbitofrontal cortex, mirroring research on the
supplementary motor area’s role in movement preparation and the orbitofrontal cortex’s
function in emotional suppression [26,32].

These findings suggest that during the informing condition, Participant A exhibited
increased attention and engaged in external cognitive activities that support cognitive
function. Conversely, during the asking condition, the child may have focused on intrinsic
cognitive processes, prioritizing internal cognitive engagement over external prompts.

Participant B exhibited distinct brain activity patterns in response to verbal encourage-
ment across conditions. In the PT informing condition, 0 band activity decreased in the
dorsolateral prefrontal cortex, « band activity increased in the dorsal posterior cingulate
cortex, and (3 band activity decreased in the somatosensory association cortex and supple-
mentary motor area. This pattern suggests suppressed working memory and attention
to external stimuli, enhanced sensory information processing and attentional focus, and
reduced interest in bodily sensory input and motor intent. These results align with previous
research on the dorsolateral prefrontal cortex’s role in working memory and attention [23],
the dorsal posterior cingulate cortex’s involvement in sensory processing and attention [33],
and the somatosensory association cortex and supplementary motor area’s role in sensory
integration and motor planning [34]. In the mother informing condition, 0 band activity
increased in the left inferior frontal gyrus, 3 band activity decreased in the somatosen-
sory association cortex, o band activity increased in the left visual association area, and 0
band activity decreased in the left orbitofrontal cortex. This suggests enhanced working
memory, reduced focus on bodily sensations, perceptual learning, and decreased attention
to internal cognitive processes. These findings are supported by prior research on the
inferior frontal gyrus in working memory [35], the somatosensory association cortex in
body sensation processing [18], the visual association area in perceptual learning [36], and
the orbitofrontal cortex’s role in attention and internal cognition [31]. In the PT informing
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within mixed condition, o band activity increased in the frontal pole, whereas 3 band
activity decreased in the somatosensory association areas, consistent with the right frontal
pole’s role in enhancing attention and the attenuation of somatosensory association areas in
sensory information suppression [18,37]. In the mother informing within mixed condition,
0 band activity decreased in the frontal pole, whereas 3 band activity increased in the
frontal eye fields, aligning with studies linking 6 wave reductions to decreased attention to
cognitive tasks and the frontal eye fields to goal-directed behavior [29,38]. In the PT asking
condition, & band activity increased in the somatosensory association areas, and 3 band
activity increased in the frontal pole, aligning with findings on somatosensory association
area activity in relaxation and the frontal pole’s role in cognitive enhancement [39,40].
In the mother asking condition, « band activity increased in the dorsolateral prefrontal
cortex, whereas (3 band activity decreased in the frontal pole, consistent with research on
the dorsolateral prefrontal cortex’s involvement in decision-making and the frontal pole’s
role in suppressing higher cognitive processing [41,42]. In the PT asking within mixed
condition, 6 band activity decreased in the dorsolateral prefrontal cortex, whereas o band
activity increased in the right frontal pole, supporting research on the dorsolateral pre-
frontal cortex’s role in suppressing working memory and external attention and the right
frontal pole’s role in decision-making [23,40]. In the mother asking within mixed condition,
0 band activity increased in the frontal pole, whereas (3 band activity increased in the
middle temporal gyri, aligning with studies on the frontal pole’s role in decision-making
and emotional processing [24,25] and the middle temporal gyri’s function in language
comprehension [43].

These findings suggest that during the informing condition, Participant B focused on
sensory and cognitive processing, efficiently integrating information whereas suppressing
external stimuli. In contrast, during the asking condition, emotional and cognitive processes
appeared to be integrated, facilitating efficient and socially oriented information processing.

The results for Participant C showed that in the PT informing condition, there was
an increase in 3 band activity in the left frontal pole and a decrease in o band activity
in the left visual association area, an increase in 8 band activity in the right dorsolateral
prefrontal cortex and a decrease in o band activity in the right visual association area, and
an increase in 3 band activity in the right dorsolateral prefrontal cortex and a decrease
in 6 band activity in the left somatosensory association area. This pattern suggests an
enhancement of goal-directed behavior, decision-making, and emotional processing, an in-
hibition of visual information processing, increased concentration, planning, and sustained
attention, and a suppression of responses to sensory information. These results are consis-
tent with previous research indicating the involvement of the frontal pole in goal-directed
behavior and decision-making [23,25], the visual association area in visual processing [44],
the dorsolateral prefrontal cortex in decision-making, concentration, planning, and sus-
tained attention [45], and the somatosensory association area in sensory processing and
inhibition [18]. In the mother informing condition, a decrease in 0 band activity in the
somatosensory association area, an increase in « band activity in the orbitofrontal cortex,
and an increase in 3 band activity in the inferior frontal gyrus were observed, suggest-
ing a reduction in attention to bodily sensations, enhanced internal cognitive processes,
and increased empathy and social behavior. These findings align with studies showing
the role of the somatosensory association area in body sensation processing [28,46], the
orbitofrontal cortex in internal cognitive processes [31,47], and the ventromedial prefrontal
cortex in empathy and social behavior [48]. In the PT informing within mixed condition,
there was an amplification in activity in the superior temporal gyrus in the 0 wave band
and a decrease in activity in the orbitofrontal cortex in the 3 wave band, which aligns with
prior research regarding the role of the superior temporal gyrus in language processing
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and the role of the orbitofrontal cortex in emotional processing [26,48]. Similarly, in the
mother informing within mixed condition, there was an amplification in activity in the
inferior temporal gyrus in the 6 wave band and an increase in activity in the frontal pole in
the @ and 3 wave bands, findings that are consistent with previous studies highlighting the
role of the inferior temporal gyrus in language processing and the role of the frontal pole in
decision-making and cognitive function enhancement [40,49]. In the PT asking condition, a
decrease in activity was observed in the orbitofrontal cortex in the 6 wave band, whereas
activity in the somatosensory association areas increased in the 3 wave band, and activity
in the middle temporal gyrus decreased. This supports prior research indicating the role of
the orbitofrontal cortex in enhancing concentration on tasks, the somatosensory association
areas in attention to bodily sensations, and the inhibition of language and auditory process-
ing by the middle temporal gyrus [18,30]. In the mother asking condition, an amplification
in activity was noted in the frontal pole in the 6 wave band and an increase in activity in
the dorsolateral prefrontal cortex in the 3 wave band, which aligns with previous studies
highlighting the role of the frontal pole in decision-making and emotional processing and
the dorsolateral prefrontal cortex in emotional processing [24-26]. In the PT asking within
mixed condition, there was a decrease in activity in the somatosensory association areas
in the o« wave band, whereas activity in the ventromedial prefrontal cortex increased in
the 3 wave band. This aligns with prior research indicating the role of the somatosensory
association areas in the inhibition of sensory processing and the ventromedial prefrontal
cortex in empathy and social behavior [23,50]. Additionally, in the mother asking within
mixed condition, there was a decrease in activity in the frontal pole in the o wave band,
while activity in the frontal eye fields increased in the 3 wave band, which aligns with
previous studies highlighting the involvement of the frontal pole in higher-order brain
functions and planning and the role of the frontal eye fields in emotional regulation [27,51].

These findings suggest that although Participant C’s attention was directed toward
auditory stimuli across all conditions, the child inhibited emotional evaluations and en-
hanced cognitive functions to engage in language processing during the PT asking and
informing conditions, as well as the mother informing condition. In contrast, during the
mother asking condition, the child may have engaged in emotional evaluations and focused
attention on the social connection with the mother. Additionally, although attention was
directed toward language processing during the PT’s inquiries and instructions and the
mother’s instructions in the mixed condition, it is suggested that during the mother asking
within mixed condition, the child focused on specific responses to the prompts.

The cognitive processes engaged by the participants differed not only depending
on whether they were listening to instructions from the PT or the mother but also across
different frequency bands. These frequency-specific effects align with previous research
suggesting that different frequency bands are associated with distinct cognitive func-
tions [52,53]. The theta band appears to be involved in attention, working memory, and
internal cognitive processes [54,55], whereas the alpha band is associated with sensory pro-
cessing, perceptual learning, and social behavior [56,57]. However, the beta band, seems to
be involved in sensory processing, motor preparation, and goal-directed behavior [58,59].

The complex interplay between different frequency bands in mediating the cognitive
processes engaged during verbal encouragement underscores the importance of consid-
ering these frequency-specific effects when designing interventions for children with
CP-SMID. Previous studies have demonstrated that tailored interventions targeting specific
frequency bands can enhance cognitive functions in various populations [60]. By selectively
modulating the frequency bands associated with the desired cognitive processes, it may
be possible to optimize the effectiveness of rehabilitation interventions for children with
CP-SMID. However, it is important to acknowledge some limitations of the current study.

45



Brain Sci. 2025, 15, 397

The small sample size restricts the generalizability of the findings, and potential confound-
ing factors such as sleep conditions, diet, relationship with the child, and environmental
variables at the time of measurement were not sufficiently controlled [61,62]. Additionally,
the observed individual differences in the results of this study can be attributed to the lack
of control for age and cognitive function level. There are no appropriate assessment scales
to evaluate cognitive function levels in children with severe multiple disabilities due to
cerebral palsy, making it difficult to conduct such evaluations. Future studies should aim to
replicate these results in larger samples while accounting for these variables as rigorously
as possible, including age as a controlling factor. Additionally, the absence of coherence and
time-frequency analyses in the present study limits a more comprehensive understanding
of the functional connectivity between brain regions and the temporal dynamics of brain
activity [63,64]. Incorporating these advanced analytical techniques in future research
could yield valuable insights into the neural mechanisms underlying the effects of verbal
encouragement on cognitive processing in children with CP-SMID.

Despite these limitations, the present study provides novel evidence of the differential
effects of verbal encouragement from mothers and PTs on cognitive processing in children
with CP-SMID, as well as the frequency-specific nature of these effects. Emotions serve as
the foundation of motivation; therefore, changes in emotional states resulting from verbal
prompts may influence children’s motivation. Additionally, the impact of these prompts
on cognitive functions could lead to a greater understanding of tasks and related concepts
among children. Thus, it can be concluded that these findings hold significant implications
for optimizing rehabilitation interventions and fostering cognitive development in this pop-
ulation. By tailoring verbal encouragement to target specific frequency bands and cognitive
processes, it may be possible to enhance the efficacy of these interventions and support
cognitive development more effectively. Future research should build upon these findings
by examining the effects of verbal encouragement in larger samples, across different devel-
opmental stages and contexts, and by employing more advanced analytical techniques to
capture the intricate neural dynamics underlying these effects comprehensively.

5. Conclusions

This study provides key insights into the neural mechanisms underlying the effects
of verbal encouragement on cognitive processing in children with CP-SMID. The findings
indicate that cognitive engagement in these children varies based on the individual provid-
ing encouragement, their tone of voice, and the associated frequency bands of brain activity.
Specifically, maternal encouragement appears to facilitate internal information processing
and promote behavioral engagement, whereas therapist-led encouragement may play a
role in emotion regulation. The findings indicate that verbal encouragement stimulates the
emotions that are associated with changes in motivation and enhances cognitive activity.
Thus, verbal encouragement plays a significant role in improving motivation, suggesting
its potential to enhance the effectiveness of rehabilitation interventions. Furthermore, theta
band activity is implicated in attention, working memory, and internal cognitive processes;
alpha band activity is associated with sensory processing, perceptual learning, and social
behavior; and beta band activity is linked to sensory processing, motor preparation, and
goal-directed behavior.

These findings have significant implications for optimizing rehabilitation interven-
tions and fostering cognitive development in children with CP-SMID. Tailoring verbal
encouragement to target specific frequency bands and cognitive processes—while account-
ing for the individual providing encouragement and their tone of voice—could enhance the
efficacy of these interventions. Furthermore, we are confident that this study can provide
more effective interactions not only in rehabilitation settings but also in everyday life and
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therapeutic contexts to support children’s cognitive and emotional development. However,
limitations such as the small sample size and potential confounding variables underscore
the need for further research. Additionally, this study focused on whether the tone of
verbal prompts is teaching or asking, encompassing a variety of content ranging from
motivational to everyday topics. Therefore, it is necessary to further examine the content of
verbal prompts in the future and to advance research based on both the content and tone
that are effective for motivation.

Future studies should aim to replicate these findings in larger samples while rigorously
controlling for confounding factors. Moreover, future studies should aim to replicate these
findings in larger samples with more homogeneous age groups or by controlling for age as
a variable to better understand the influence of age on the observed neural activity patterns.
Additionally, incorporating coherence and time-frequency analyses could offer deeper
insights into the functional connectivity between brain regions and the temporal dynamics
of neural responses to verbal encouragement. The application of advanced neuroimaging
techniques, such as functional near-infrared spectroscopy (fNIRS) [65,66], could further
elucidate the underlying neural mechanisms.

Beyond methodological improvements, future research should explore the effects of
verbal encouragement across different developmental stages and contexts. Investigating
these mechanisms in typically developing children and those with other neurodevelop-
mental disorders may help identify shared and distinct neural activity patterns, guiding
the development of tailored interventions. Moreover, examining verbal encouragement in
varied settings, such as classrooms or social interactions, could provide valuable insights
into the generalizability of these findings. Addressing these research gaps will contribute to
evidence-based interventions that support cognitive development and overall well-being
in children with CP-SMID.
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Abstract: Background/Objectives: Precise stepping control is fundamental to human mo-
bility, and impairments increase fall risk in older adults and individuals with neurological
conditions. This study investigated the cortical networks underlying stepping accuracy
using mobile brain/body imaging with electroencephalography (EEG)-based exact low-
resolution electromagnetic tomography-independent component analysis (eLORETA-ICA)
and microstate segmentation analysis (MSA). Methods: Sixteen healthy male participants
performed a precision stepping task while wearing a mobile EEG system. Step performance
was quantified using error distance, measuring deviation between target and heel contact
points. Preprocessed EEG data were analyzed using eLORETA-ICA and MSA, with partici-
pants categorized into high- and low-performing groups. Results: Seven microstate clusters
were identified, with the anterior cingulate cortex (ACC) showing the highest microstate
probability (21.15%). The high-performing group exhibited amplified theta-band activity
in the ACC, enhanced activity in the precuneus and postcentral gyrus, and suppressed
mu- and beta-band activity in the paracentral lobules. Conclusions: Stepping accuracy
relies on a distributed neural network, with the ACC playing a central role in performance
monitoring. We propose an integrated framework comprising the following systems: er-
ror monitoring (ACC), sensorimotor integration (paracentral lobules), and visuospatial
processing (precuneus and occipital regions). These findings highlight the importance of
neural oscillatory mechanisms in precise motor control and offer insights for rehabilitation
strategies and fall prevention programs.

Keywords: anterior cingulate cortex; mobile brain/body imaging; EEG; eLORETA-ICA;
error monitoring; microstate segmentation analysis; motor control; neural oscillatory
mechanisms; step accuracy

1. Introduction

Stepping accuracy is crucial for maintaining balance and mobility, particularly during
gait initiation, as it determines how effectively an individual can transition from a stationary
position to walking [1]. Deficits in this initial step may compromise stability, leading to
an increased risk of falls, particularly among older adults [2,3] and individuals with
neurological disorders such as Parkinson’s disease [4,5]. The initial step movement plays
a crucial role in maintaining balance and adapting to environmental changes. A better
understanding of the cortical mechanisms underlying step accuracy could provide insights
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into fall prevention strategies and rehabilitation interventions for at-risk populations,
including individuals with Parkinson’s disease and older adults.

In this context, stepping performance refers to the ability to place the foot accurately
in space and time during gait [6-8], requiring precise motor coordination and cognitive
control [9]. This process engages multiple brain regions, including the supplementary motor
area, primary motor cortex, prefrontal cortex, primary somatosensory cortex, posterior
parietal cortex (PPC), and anterior cingulate cortex (ACC) [10]. However, the specific neural
mechanisms underlying step accuracy remain unclear.

Traditional assessments of gait and stepping performance rely on biomechanical meth-
ods, including force plates [11,12], pressure-sensitive mats [13], motion capture systems [14],
and inertial measurement units [15]. While these methods provide valuable kinematic
and kinetic data, they offer limited insight into the neural mechanisms governing step
accuracy. Functional neuroimaging techniques, such as functional magnetic resonance
imaging (fMRI), have enhanced our understanding of motor-related brain function but are
restricted to simulated movement paradigms in supine positions, limiting their ecological
validity for studying real-world locomotion [10]. Functional near-infrared spectroscopy
provides greater mobility but lacks the temporal resolution required to analyze rapid neural
dynamics during step initiation [16].

To overcome these limitations, mobile brain/body imaging (MoBI) has emerged as a
promising approach. MoBI integrates mobile electroencephalography (EEG) with motion
capture and physiological monitoring, enabling real-time investigation of brain dynamics
during natural movement [17,18]. Despite early challenges such as motion artifacts and
non-neural signal contamination, advancements in signal processing have significantly
improved artifact removal [19,20], enabling MoBI to be applied to dynamic tasks, including
juggling [21] and skateboarding [22]. These improvements have expanded the application
of MoBI to the study of step accuracy, allowing for the real-time analysis of neural activity
at the precise moment of step execution. In contrast to traditional methods, MoBI provides
both high temporal resolution and ecological validity, making it uniquely suited to studying
the neural correlates of step accuracy in natural walking conditions.

Previous studies have identified neural signatures associated with gait control. In-
creased theta-band activity in the ACC has been linked to error monitoring and balance
adjustments [23,24], while reductions in mu- and beta-band activity in the sensorimotor
cortex and PPC reflect motor planning and execution [25,26]. Additionally, delta-band
fluctuations in motor-related regions have been associated with gait control and feedback
processing [27,28]. However, most of these studies have focused on steady-state walking
rather than the initial step movement, which is critical for understanding gait initiation
and step accuracy. While previous MoBI studies have investigated cortical activity during
continuous walking, little is known about the precise neural mechanisms underlying the
initiation of stepping, particularly in relation to step accuracy. In contrast to prior studies
that primarily focused on gross locomotor patterns, our study examined the fine-grained
neural dynamics of step execution.

To address this gap, this study employed exact low-resolution electromagnetic
tomography-independent component analysis (eLORETA-ICA) to examine cortical activity
associated with step accuracy. eLORETA-ICA combines source localization with inde-
pendent component analysis, enabling the decomposition of EEG signals across multiple
frequency bands with high spatial resolution [29-31]. Additionally, microstate segmenta-
tion analysis (MSA) enables tracking of temporal network dynamics at millisecond preci-
sion, offering a detailed view of the cognitive and motor processes underlying stepping
accuracy [32,33].
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This study investigated how different cortical regions contribute to step accuracy
during gait initiation. By analyzing EEG data using eLORETA-ICA and MSA, this research
aimed to clarify the neural mechanisms underlying step accuracy and provide new insights
into motor planning, execution, and error monitoring processes. Understanding these neu-
ral dynamics could help inform the development of targeted interventions for populations
at risk of impaired stepping performance, including older adults and individuals with
neurological disorders.

2. Materials and Methods
2.1. Participants

This study included 16 healthy male paid volunteers (mean age: 23.19 + 2.66 years;
mean height: 169.86 + 4.51 cm). Participant characteristics are presented in Table 1. The
exclusion criteria were female sex, individuals with dementia or suspected dementia (Mini-
Mental State Examination [MMSE] score < 24), and those with orthopedic issues that could
affect walking. The MMSE was used to exclude participants with potential cognitive
impairments that could confound the assessment of stepping performance, which requires
cognitive resources such as attention and executive function. This exclusion criterion was
implemented to ensure that the observed neural activity primarily reflects motor control
mechanisms in the absence of significant cognitive decline. Female participants were
excluded owing to the known susceptibility of EEG activity to hormonal fluctuations,
particularly those associated with the menstrual cycle, which can affect EEG stability
and signal patterns [34,35]. Given the exploratory nature of this study, male participants
with higher EEG stability were selected to minimize the potential variability in EEG
measurements. Furthermore, the participants were required to abstain from caffeine,
alcohol, and tobacco use for 24 h before the experiment and confirm that they were not
currently taking any medications. They also reported their sleep duration from the previous
night, as sleep can affect EEG measurements [36]. The dominant foot was identified as the
foot used to kick a ball [37].

Table 1. Participant characteristics (n = 16).

Characteristic Mean =+ SD or n (%)
Age (years) 232+£27
Height (cm) 169.9 + 4.5
Weight (kg) 624 +69
Dominant foot (Right/Left) 13 (81.3)/3 (18.7)
Sleep duration, previous night (hours) 62+14
MMSE (points) 30 (100)

MMSE: Mini-Mental State Examination; SD: standard deviation.
All participants scored 30 points on the MMSE, indicating no cognitive impairment.

2.2. Experimental Methodology

This study was conducted between December 2023 and March 2024 in the Exercise
Physiology Function Assessment Laboratory at Kyoto Tachibana University, Kyoto, Japan.

2.2.1. Stepping Task Protocol

Participants performed a precision stepping task while their brain activity, eye move-
ments, and muscle activity were recorded. Figure 1 shows the experimental setup with a
participant wearing the EEG cap and standing on the pressure-sensitive mat system.
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Figure 1. Experimental setup. The participant is wearing a 28-electrode EEG cap while standing on

the pressure-sensitive mat system. The black mat in front of the participant is the initial position

mat, and the white mat is the target position mat. Small markers were placed on the posterior and

lateral sides of the calcaneus to precisely measure heel contact points. An iPad was used to record

stepping movements. Participants performed 20 stepping trials, aiming to align their heels with the

designated target point. EEG: electroencephalography.

For each trial, participants followed a standardized protocol as illustrated in Figure 2:

Initial Stance Phase (0-3 s): Participants stood in a stable, comfortable, and natural
posture with their weight evenly distributed between both feet. An auditory cue
signaled the beginning of the trial.

Preparation Phase (3-6 s): Participants visually identified the target point (marked
with an 8 mm circular marker) and prepared their stepping. They were instructed to
maintain their initial stance during this period.

Execution Phase (6-9 s): A second auditory cue prompted participants to take a single
step forward with their dominant leg, aiming to align the calcaneal tuberosity with
the designated target point. No specific instructions regarding step speed were given
to ensure natural movement patterns. After heel contact, participants simultaneously
performed a visual accuracy check by comparing their heel position to the target
marker before returning to the starting position for the next trial.

Experimental Protocol Timeline

& % ¢ O '
1

Os 3s 6s 9s

First Target Second Heel Contact with

Auditory Cue Identification Auditory Cue Simultaneous Accuracy Check

[ Continuous EEG Recording (5-second Epoch: —3s to +2s from Second Cue) ]

@ Task Events @ Heel Contact with Simultaneous Accuracy Check

Rest Period (10s) Between Trials

Figure 2. Experimental protocol timeline. The figure shows the temporal sequence of events during

each stepping trial, including the initial stance, preparation, and execution phases. EEG recording

epochs were extracted from 3 s before to 2 s after the second auditory cue.
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A rest period of 10 s was provided between trials to prevent fatigue. Each participant
completed 20 stepping trials with the same target location.

2.2.2. Data Acquisition Systems
EEG Recording

EEG data were recorded using active electrodes and the Polymate V AP5148 biological
signal acquisition device (Miyuki Giken Co., Ltd., Tokyo, Japan). Measurements were
performed at 28 electrode sites according to the international 10-10 system [38,39], including
Fpz, Fz, Cz, Pz, Oz, FP1, FP2, F7, F8, F3, F4, C3, C4, C5, C6, P3, P4, P7, P8, O1, 02, T7, T8,
CPz, CP1, CP2, PO3, and PO4. The ground electrode was placed on the spinous process of
the seventh cervical vertebra, and the reference electrode was placed on the right earlobe.
Recordings were sampled at 1 kHz, and electrode impedance was maintained below 10 k(2.
To minimize artifacts, participants were instructed to limit head movements and eye blinks
during the stepping task.

Supplementary Physiological Recordings

In addition to EEG recordings, the following physiological signals were record-
ed simultaneously:

1. Electrooculography (EOG): Vertical EOG was recorded by placing electrodes above
and below the dominant eye to detect eye movement and blink artifacts.

2. Electromyography (EMG): Surface EMG was recorded bilaterally from the tibialis
anterior muscles. Electrode placement followed SENIAM’s recommendations [40].
A bipolar derivation was used with an inter-electrode distance of 2 cm. The EMG
signals were sampled at 1 kHz.

Pressure-Sensitive Mat System

For accurate detection of stepping timing, a pressure-sensitive mat system developed
by Caretech Inc. (Japan) was employed. This system featured the following characteristics:

1. Sensor Configuration: Three pressure-sensitive mats were positioned as follows:

e  Two mats at the initial standing position (one for the right foot and one for the
left foot);
e  One mat at the target position (around the heel contact area).

2. Data Acquisition and Synchronization: Signals from each mat sensor were directly
synchronized with the EEG recording system. Trigger signals were collected at the
same sampling rate as the EEG (1 kHz), with a temporal precision of +5 ms.

3.  Trigger Functions: The mat sensors generated trigger signals to accurately detect the
following two key events:

e  Moment of unloading of the dominant foot (decrease in pressure on the initial
position mat at step initiation);
e  Moment of heel contact (increase in pressure on the target position mat).

Video Recording System

Stepping movements were recorded using an iPad Air (Apple Inc., Cupertino, CA,
USA; 11-inch, 4th generation; resolution: 1920 x 1080 pixels; frame rate: 30 frames per
second). The device was positioned at a fixed height of 1.5 m and oriented as close to
perpendicular to the plane of motion as possible to minimize perspective distortion.
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2.2.3. Step Performance Assessment

Step performance was quantified using the error distance (ED), defined as the spatial
deviation between the target point and the actual heel contact point. To ensure accurate
measurement, the following procedure was employed:

1. Video Processing: Videos of the stepping trials were processed using the Fiji software
(Fiji Is Just Image], Version 1.54f) [38] to extract individual frames corresponding to
heel contact moments.

2. Calibration: A 10 mm reference marker was placed in each video frame for accurate
spatial calibration and distance measurement.

3. Reference Points: The heel contact position was defined using the following anatomi-
cal landmarks:

e  X-axis reference point: Dorsal (posterior) side of the calcaneal tuberosity;
e  Y-axis reference point: Lateral side of the calcaneal tuberosity.

4. Measurement: These reference points were marked with small (8 mm diameter) high-
contrast circular markers to enhance visibility. ED was calculated as the Euclidean
distance between the target point (xt, yt) and the heel contact point (xh, yh) using the
following formula.

d= \/(Xturggt — Xheel)z + (Ytarget - Yheel)2

All measurements were recorded in millimeters. For each participant, the mean ED
across all 20 trials was calculated and used for subsequent analysis.

2.3. Data Analysis
2.3.1. EEG Preprocessing

EEG data preprocessing was performed using the multimodal EEG analysis program
EMSE Suite (CORTECH SOLUTIONS, Inc., Wilmington, NC, USA; Miyuki Giken Co., Ltd.,
Japan). The preprocessing pipeline comprised the following steps:

1. Filtering: Initially, continuous EEG data were filtered using the following parameters:

e  High-pass filter: 1.5 Hz (to remove low-frequency drift);

e  Low-pass filter: 30 Hz (to remove high-frequency noise);

e  Zero-phase digital filtering was implemented using the filter pipeline in EMSE
to minimize phase distortion.

2. Power Line Noise Removal: A band-stop filter (notch filter) was applied to selectively
remove power line noise:

e  Since the experiment was conducted in western Japan (Kyoto), where the com-
mercial power frequency is 60 Hz, a band-stop filter centered at 60 Hz with a
bandwidth of 2 Hz was applied.

3.  EOG Artifact Removal: Eye movement and blink artifacts were removed using the
template-based EOG artifact removal function implemented in EMSE. Using the
simultaneously recorded EOG signal as a reference, typical eye movement and blink
patterns were defined as templates, and these patterns were detected and removed
from each EEG channel.

4. Segmentation: The preprocessed continuous data were segmented according to each
stepping trial as follows:

e  From 3 s before to 2 s after the presentation of the second auditory cue (stepping
initiation instruction);
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e  Each segment covered a 5 s time window, encompassing the preparation phase
through post-movement completion.

5. Quality Control: The segmented data underwent quality verification through the
following procedures:

e  Automatic rejection of epochs containing values exceeding £100 pV;

e  Visual inspection by experienced researchers (K.O. and T.K.) to identify any
remaining artifacts;

e  Re-referencing to average reference to minimize the influence of the reference
electrode location.

2.3.2. eLORETA-ICA Analysis

Source analysis was performed on the preprocessed EEG data using the eLORETA
software (version 20140711, http:/ /www.uzh.ch/keyinst/loreta.htm, accessed on 1 August
2023) [41]. The following analytical procedures were employed:

1. Source Estimation: Preprocessed scalp EEG data were transformed into current den-
sity distributions in the brain using the eLORETA algorithm. eLORETA features
minimal localization bias for source estimation at 6239 cortical gray matter voxels
with 5 mm spatial resolution within a realistic head model [42].

2. Frequency-Domain ICA Application: The frequency-domain ICA (transposed fICA
networks) module integrated into the eLORETA was directly applied to the pre-
processed EEG data. This approach decomposes cortical electrical activity across
multiple frequency bands into independent components (ICs), enabling simultaneous
analysis of multiple frequency bands that would be difficult with conventional struc-
tural source analysis [29,31]. This module was configured to analyze the following
four frequency bands:

e  Delta band (1.5-3.5 Hz);

e  Theta band (4-7.5 Hz);

e Alpha/mu band (8-13 Hz, with the mu rhythm specifically referring to activity
recorded over the sensorimotor areas) [43];

e  Beta band (13.5-30 Hz).

This approach enables the extraction of functionally independent brain network
components by applying ICA in the source space after decomposing signals into fre-
quency bands.

3.  Component Evaluation: Three experienced researchers (K.O., K.M., and T.K.) evalu-
ated the resulting components and collaboratively classified them into neural activity
and artifact components based on their spatial and spectral characteristics.

2.3.3. Microstate Segmentation Analysis

The identified ICs from eLORETA-ICA were further analyzed using the eLORETA
clusters/microstates module integrated within the eLORETA software to assess patterns
of neural activity during the stepping task. This analysis identifies quasi-stable patterns
of brain activity (microstates) that represent distinct functional states. The procedure
comprised the following steps:

1. Clustering Algorithm: The k-means clustering algorithm was applied to the source-
space data to identify prototypical microstate maps.

2. Number of Clusters: Based on previous literature on gait-related brain activity [10],
the number of clusters was set to seven, corresponding to brain regions previously
identified as associated with gait and stepping motions. The optimal number of
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clusters was verified using the cross-validation criterion, which confirmed that seven
clusters provided the best balance between model complexity and explanatory power.

3. Microstate Parameter: For each identified microstate, its probability (the likelihood
of each microstate occurring during the task) was calculated and used for subse-
quent analysis.

2.3.4. Statistical Analysis

After completing the EEG analysis using eLORETA-ICA, the participants were catego-
rized into the following two groups based on their stepping performance:

1.  High-Performing (HiP) Group: Participants with smaller ED values (below the median
value), indicating more accurate stepping (n = 8).

2. Low-Performing (LoP) Group: Participants with larger ED values (above the median
value), indicating less accurate stepping (n = 8).

The median split method was chosen based on its established use to robustly di-
chotomize continuous variables for group comparisons [44]. To ensure the robustness
of our findings, we verified that the two groups significantly differed in their stepping
performance using an independent samples t-test.

Statistical comparisons between the HiP and LoP groups were conducted using the
statistics eLORETA SnPM 26 function (multiple paired t-tests with nonparametric ran-
domization) included in the analysis program. This approach uses permutation tests to
identify statistically significant differences between groups while controlling for multiple
comparisons. The significance level was set at p < 0.05.

2.4. Ethical Considerations

Before the initiation of this study, all participants were provided with both written and
verbal explanations of the purpose and content of the study through a research information
sheet. All participants provided informed consent to participate in this study via signatures
on a consent form. This study was conducted in accordance with the Declaration of Helsinki
and was approved by the Research Ethics Committee of Kyoto Tachibana University
(approval number: 23-44).

3. Results
3.1. Quality of EEG Data and Preprocessing Efficacy

Figure 3 presents representative EEG, EOG, and EMG recordings from a participant
during the following three conditions: resting state (A); stepping task before preprocess-
ing (B); and stepping task after preprocessing (C). The comparison between the raw and
preprocessed stepping data demonstrates the efficacy of our artifact removal methodology.
Movement-related artifacts visible in panel B were effectively eliminated in panel C while
preserving the neurophysiological signals of interest. These preprocessed data were subse-
quently used for e(LORETA-ICA analysis to identify neural components associated with
stepping performance.
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Figure 3. EEG, EOG, and EMG recordings during resting state and stepping task: before and after
preprocessing. (A) Resting state: raw data during the resting condition; (B) stepping task: raw data
during the stepping task showing significant movement artifacts; and (C) preprocessed: the same
stepping task data after application of the artifact removal pipeline. Displayed channels include
frontal (Fz, F3, and F4), central (Cz, C3, and C4), and parietal (Pz) EEG recordings (black); vertical
EOG; and bilateral tibialis anterior EMG (R-TA and L-TA) (orange). Blue vertical lines in panels B
and C indicate stepping trigger moments, marking the initiation of dominant foot movement. EEG
signals are presented with conventional polarity (positive deflections upward). The preprocessing
pipeline effectively removed movement artifacts while preserving relevant neural signals. Scale
bars: 1000 uV (vertical) and 1 s (horizontal). EEG: electroencephalography; EMG: electromyography;
EOG: electrooculography.

3.2. IC and Microstate Analysis

Using eLORETA-ICA, 13 ICs were identified from EEG recordings obtained during
the stepping task. Of these, 10 ICs (IC-1, IC-2, IC-3, IC-5, IC-7, IC-9, IC-10, IC-11, IC-12, and
IC-13) were associated with neural network activity, while the remaining ICs (IC-4, IC-6,
and IC-8) were classified as artifacts (see Appendix A for visualization).
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The activity was analyzed across four frequency bands (theta, alpha, mu, and beta)
for each of the 10 ICs, and eLORETA microstate analysis grouped them into seven clusters
(Clusters 1-7). These seven microstate clusters are presented in Figure 4, with each cluster
representing a distinct functional network. The detailed anatomical locations of these
clusters are presented in Table 2.

A  Cluster 1 B  Cluster2 C  Cluster3 D  Cluster4
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Figure 4. Seven clusters calculated using eLORETA microstates. Each panel (A-G) represents an
independent microstate cluster: (A) Cluster 1: right postcentral gyrus; (B) Cluster 2: left superior
frontal gyrus/bilateral superior parietal lobule; (C) Cluster 3: right precuneus; (D) Cluster 4: left
middle occipital gyrus/bilateral superior frontal gyrus; (E) Cluster 5: anterior cingulate cortex;
(F) Cluster 6: bilateral paracentral lobule; (G) Cluster 7: left cuneus. The color scale (H) represents
t-values (t = 2.929), with red and blue indicating higher and lower activities, respectively. Brain
images are displayed from various perspectives, with medial views chosen when either maximum or
minimum activity is located in medial brain regions to optimally visualize both the activation and
deactivation patterns of each cluster. eLORETA: exact low-resolution electromagnetic tomography.

Table 2. Areas of neural activity in the seven clusters.

HiP,n=38 LoP,n=38
Cluster Brain Lobe Region BA Brain Lobe Region BA
1 Right parietal lobe Postcentral gyrus 3 No EEG activity
2 Left frontal lobe Superior frontal gyrus 8  Bilateral parietal lobes  Superior parietal lobule 7
3 Right parietal lobe Precuneus 7 No EEG activity
4 Left occipital lobe =~ Middle occipital gyrus 19  Bilateral frontal lobes  Superior frontal gyrus 8
5 Limbic lobe Anterior cingulate 5, No EEG activity
cortex
6 No EEG activity Bilateral parietal lobes Paracentral lobule 4
7 No EEG activity Left occipital lobe Cuneus 19

HiP: high-performing group characterized by a small error distance between the target point and the heel contact
point; LoP: low-performing group characterized by a large error distance between the target point and the heel contact
point; BA: Brodmann area; EEG: electroencephalography.
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The detailed frequency-band characteristics of each cluster are listed in Table 3. The
microstate probability analysis revealed the relative contribution of each frequency band
within the seven clusters. Notably, Cluster 5 (corresponding to the ACC) exhibited the
highest overall microstate probability of 21.15%, with a particularly strong representation
in the theta band (38.46%).

Table 3. The microstate probabilities for each frequency band in the seven clusters.

Cluster Total ) 0 o () B
1 7.69 7.69 7.69 7.69 7.69
2 15.39 15.39 15.39 15.39 15.39
3 17.31 23.08 15.39 15.39 15.39
4 5.77 0.00 7.69 7.69 7.69
5 21.15 23.08 38.46 15.39 7.69
6 17.31 15.39 7.69 23.08 23.08
7 15.39 15.39 7.69 15.39 23.08

5: delta; 0: theta; «: alpha; 3: beta. Each value represents a percentage.

3.3. Comparison Between HiP and LoP Groups

Based on stepping performance quantified by ED, participants were categorized into
HiP (n = 8; mean ED = 12.8 + 2.6 mm) and LoP (n = 8; mean ED = 23.1 + 4.1 mm)
groups using a median-split method. The between-group difference in ED was statistically
significant (t(14) = 5.02, p < 0.001), confirming the validity of this grouping approach.

When comparing neural activity patterns between the HiP and LoP groups, significant
differences emerged across several brain regions. The HiP group demonstrated amplified
theta-band activity in the ACC (Cluster 5, p < 0.05; Cohen’s d = 1.57), enhanced activity in
the precuneus (Cluster 3) and right postcentral gyrus (Cluster 1), and significant attenuation
of mu- and beta-band activity in the bilateral paracentral lobules (Cluster 6, p < 0.05).

4. Discussion

In this study, we analyzed brain activity during initial step movement using eLORETA-
ICA and MSA, comparing HiP and LoP stepping groups. Our analysis identified seven
microstate clusters, with Cluster 5 (ACC) exhibiting the highest probability of theta band
activity. The HiP group demonstrated amplified ACC theta-band activity, increased activity
in the precuneus and right parietal lobe (postcentral gyrus), and the suppression of mu-
and beta-band activity in the bilateral paracentral lobules.

4.1. Amplified ACC Theta-Band Activity: Role in Performance Monitoring

The ACC is widely recognized for its involvement in error detection and conflict
monitoring, playing a crucial role in adjusting motor control systems [45,46]. Particularly
noteworthy is the association between theta band activity and cognitive control func-
tions [47]. Our finding of enhanced theta-band activity in the ACC in the HiP group
extends these observations to the domain of stepping accuracy, providing novel insights
into the neural mechanisms of precise locomotion.

Accurate stepping demands the continuous integration of visual and somatosensory
information while rapidly detecting and correcting errors. The amplified ACC theta
activity in the HiP group indicates more efficient performance monitoring and top-down
control, a critical neural signature differentiating high performers from their counterparts.
This observation directly addresses our primary research question regarding the neural
mechanisms underlying stepping accuracy, establishing the ACC as a central hub for error
monitoring during precision stepping tasks.
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These results align with multiple lines of evidence from locomotor research. Studies
on brain-computer interface (BCI)-controlled treadmill walking have reported increased
low-frequency activity in the ACC associated with error monitoring and motor learning
networks [27]. Similarly, investigations using split-belt treadmill adaptation paradigms
have demonstrated increased theta power in the ACC during early adaptation phases [23],
providing converging evidence for the role of ACC theta oscillations in locomotor adapta-
tion. During perturbations to standing balance, the ACC functions as a hub for theta-band
coupling, suggesting its broader roles in various aspects of balance control [24].

Our findings reveal that individuals with superior stepping accuracy engage in en-
hanced ACC-mediated monitoring processes, which likely facilitate the detection of minor
deviations between intended and actual foot placement. This real-time error detection sys-
tem appears crucial for the precise adjustments necessary to achieve accurate stepping. The
theta oscillations may serve as a communication mechanism between monitoring systems
and motor execution areas, enabling rapid corrections to ensure accurate foot placement.

While traditional neuroimaging studies using fMRI have emphasized the role of the
supplementary motor area and primary motor cortex in gait control [48], our electrophysio-
logical approach reveals the dynamic temporal characteristics of ACC involvement. These
findings suggest that precise stepping relies not merely on motor execution capabilities but
critically depends on cognitive monitoring processes mediated by the ACC.

4.2. Suppression of Mu- and Beta-Band Activity in Sensorimotor Regions: Enhanced Motor
Preparation and Control

The precuneus plays a crucial role in visuospatial processing and motor imagery [6-8].
The increased precuneus activity we observed in the HiP group specifically links this
region to stepping accuracy. Accurate stepping requires integrating visual information with
body-centered coordinates to form a spatial map, suggesting the precuneus significantly
contributes to this process.

Increased activity in the postcentral gyrus suggests that sensory inputs, particularly
plantar sensations, are processed with higher precision in individuals with superior step-
ping accuracy. This finding aligns with those of studies by Koenraadt et al. [49] and Haefeli
et al. [50], who reported increased cortical activity during precision stepping and obstacle
avoidance; however, our study specifically identifies the relevant frequency bands and
anatomical regions involved.

The HiP group showed suppression in mu- and beta-band activity in the bilateral para-
central lobules, consistent with findings by Wagner et al. [25,51,52] and Seeber et al. [53,54].
This reduction in mu- and beta-band activity represents a well-established neurophysiolog-
ical marker of motor planning and execution [55]. The event-related desynchronization
(ERD) observed in the mu and beta bands from motor preparation through execution
reflects fundamental mechanisms of motor control [25,26]. Research on voluntary gait
control using BCI has reported sustained alpha/mu-band ERD associated with intentional
control [56], supporting our findings in precision stepping.

Beta-band activity plays a critical role in motor and cognitive control [25,57], suggest-
ing that the suppression pattern observed in the HiP group reflects smoother lower-limb
motor control. A recent study by Nordin et al. [55] demonstrated that at faster gait speeds,
the sensorimotor cortex shows reduced alpha and beta EEG spectral power, aligning with
our observations that reduced mu- and beta-band activity is associated with skilled motor
performance, suggesting a common neural mechanism for both stepping accuracy and gait
speed modulation.
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4.3. Visual Processing in the Occipital Region: Enhanced Visuospatial Integration

We observed changes in frequency band activity in the occipital lobes (middle oc-
cipital gyrus and cuneus). These regions are crucial for both initial visual processing
and the integration of higher-order visuospatial information [58,59], essential for accurate
foot placement.

The stepping task required participants to visually identify a target point and precisely
align their heel with it, demanding efficient visual processing to create an accurate spatial
map of the target location relative to the body. The distinct patterns of occipital activity in
the HiP group suggest more effective visual information processing and integration with
motor planning areas.

Bradford et al. [60] demonstrated that electrocortical activity can distinguish between
different walking conditions. Our findings advance this understanding by showing that
occipital activity patterns differentiate between high and low stepping accuracy, suggesting
that precise stepping relies on optimized visual processing to inform motor planning.

Wagner et al. [51] showed that walking down a virtual alley activates premotor and
parietal areas, emphasizing visuospatial processing in locomotion. Our results demonstrate
that occipital processing efficiency directly relates to stepping performance, highlighting the
importance of visual processing in precise foot placement. This visual-motor connection is
further supported by studies showing electrocortical correlates of gait adaptation to visual
kinematic perturbations [56], suggesting a critical visual-motor integration pathway for
precision locomotion.

4.4. A Proposed Neural Network Framework for Stepping Accuracy

Integrating our findings, we propose a comprehensive neural network framework for
stepping accuracy that builds upon current models of motor control. This proposed frame-
work comprises the following three interconnected neural systems working in concert:

1. Error Monitoring System: Centered on the ACC, this system generates theta oscilla-
tions that monitor performance in real-time, detecting discrepancies between intended
and actual foot placement. The enhanced theta activity in the HiP group suggests
more efficient error monitoring processes facilitating precise stepping, aligning with
findings from Luu et al. [27] and Jacobsen and Ferris [23] on ACC theta activity in
error monitoring and locomotor adaptation.

2. Sensorimotor Integration System: Encompassing the paracentral lobules and postcen-
tral gyrus, this system features task-specific mu and beta desynchronization patterns
supporting flexible motor execution. The greater suppression of these rhythms in the
HiP group may enable more precise motor adjustments, corresponding with findings
from Wagner et al. [25] and Nordin et al. [55] on active locomotion and adaptation.

3. Visuospatial Processing System: Including the precuneus and occipital regions, this
system processes visual information and integrates it with body-centered coordinates
to create a spatial map for guiding foot placement. Enhanced activity in these regions
among high performers suggests more effective visuospatial processing, consistent
with studies by Wagner et al. [51] on parietal regions in locomotion.

We hypothesize that these systems interact dynamically throughout stepping execu-
tion. The error monitoring system likely modulates the sensorimotor integration system
through top-down control, while the visuospatial processing system provides essential spa-
tial information guiding motor planning and execution. Enhanced coordination between
these systems appears associated with superior stepping accuracy; however, further re-
search is needed to validate this proposed framework and examine the causal relationships
between these systems.
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This integrated framework extends traditional motor control models by emphasizing
the role of cognitive monitoring processes in precise motor execution. Rather than viewing
motor control as primarily bottom-up, our findings suggest the importance of top-down
cognitive control mechanisms in fine-tuning motor output. This perspective is supported by
electrocortical evidence from BCI-controlled walking studies [27] and split-belt adaptation
paradigms [23].

4.5. Study Limitations

Some limitations should be considered when interpreting our results. Our study
included only young male participants, limiting generalizability to females, older adults,
and individuals with neurological disorders. Sex differences in neural control mechanisms
have been documented [22,23], underscoring the importance of examining whether the
neural correlates of stepping accuracy are consistent across sexes. While we focused on the
initial step movement to isolate neural mechanisms of step accuracy, future studies should
examine how these mechanisms function during more complex walking tasks involving
obstacle avoidance or dual-task conditions. The laboratory environment may not fully
capture the neural dynamics of stepping in real-world environments with varying surfaces
and distractions. Our sample size, while sufficient to detect significant differences between
groups, could be expanded in future studies to enhance statistical power.

Future research should investigate these neural mechanisms in clinical populations
with gait impairments. The frequency-specific oscillatory patterns identified could serve as
potential biomarkers for fall risk assessment and as targets for neuromodulation or neuro-
feedback interventions aimed at enhancing stepping accuracy in vulnerable populations.

5. Conclusions

Our study provides novel insights into the neural oscillatory mechanisms underlying
stepping accuracy. We demonstrated that accurate step execution relies on a distributed
yet specialized neural network comprising (1) enhanced performance monitoring via
ACC theta-band activity; (2) effective sensorimotor integration through mu- and beta-
band suppression in motor areas; and (3) efficient visuospatial processing in parietal and
occipital regions.

The frequency-specific oscillatory patterns identified have important clinical impli-
cations as potential biomarkers for assessing fall risk and as targets for interventions to
improve stepping accuracy. Our methodological approach using eLORETA-ICA effectively
addressed common challenges in mobile EEG research by separating neural signals from
movement-related artifacts. By elucidating these neural mechanisms, our findings provide
a foundation for developing more effective rehabilitation strategies and fall prevention
programs targeting the specific neural systems involved in precise foot placement.
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ACC Anterior cingulate cortex

BCI Brain—computer interface
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EOG Electrooculography

MMSE Mini-mental state examination

ERD Event-related desynchronization
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HiP group High-performing group
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LoP group  Low-performing group

MoBI Mobile brain/body imaging

MSA Microstate segmentation analysis

PPC Posterior parietal cortex
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Abstract: Background /Objectives: Noninvasive brain stimulation (NIBS) can boost motor
recovery after a stroke. Certain movement phases are more responsive to NIBS, so a
system that auto-detects these phases would optimize stimulation timing. This study
assessed the effectiveness of various machine learning models in identifying movement
phases in hemiparetic individuals undergoing simultaneous NIBS and EEG recordings. We
hypothesized that transcranial direct current stimulation (tDCS), a form of NIBS, would
enhance EEG signals related to movement phases and improve classification accuracy
compared to sham stimulation. Methods: EEG data from 10 chronic stroke patients and
11 healthy controls were recorded before, during, and after tDCS. Eight machine learning
algorithms and five ensemble methods were used to classify two movement phases (hold
posture and reaching) during each of these periods. Data preprocessing included z-score
normalization and frequency band power binning. Results: In chronic stroke participants
who received active tDCS, the classification accuracy for hold vs. reach phases increased
from pre-stimulation to the late intra-stimulation period (72.2% to 75.2%, p < 0.0001). Late
active tDCS surpassed late sham tDCS classification (75.2% vs. 71.5%, p < 0.0001). Linear
discriminant analysis was the most accurate (74.6%) algorithm with the shortest training
time (0.9 s). Among ensemble methods, low gamma frequency (30-50 Hz) achieved the
highest accuracy (74.5%), although this result did not achieve statistical significance for
actively stimulated chronic stroke participants. Conclusions: Machine learning algorithms
showed enhanced movement phase classification during active tDCS in chronic stroke
participants. These results suggest their feasibility for real-time movement detection in
neurorehabilitation, including brain—-computer interfaces for stroke recovery.

Keywords: chronic stroke; machine learning; electroencephalogram; noninvasive brain
stimulation; transcranial direct current stimulation

1. Introduction

Chronic stroke affects over 10 million people in the US and remains a major source
of disability worldwide [1,2]. Brain-computer interfaces (BCls) are a suggested method
to improve the quality of life for affected individuals given their potential to detect stroke
severity, sense ongoing motor behaviors, and assist with longitudinal recovery [3-8]. To
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advance BClIs for chronic stroke towards clinical practice, many groups are interested in
creating a simple BCI embedded with machine learning (ML) that can be deployed at
the population scale [9]. Yet it is currently unknown what neural input features and ML
approaches are optimized for this task.

Electroencephalography (EEG) recordings are a noninvasive and an accessible method
of sampling brain activity for neural computations in BCI use. Moreover, EEG can be
paired with noninvasive brain stimulation (NIBS) to enhance certain features of control
signal classification [10]. Transcranial direct current stimulation (tDCS), a form of NIBS,
has been used in stroke rehabilitation [11] and has the specific advantage of continuous
and simultaneous stimulation and EEG recording [10,12]. Anodal tDCS applied to the
motor cortex has also been shown to affect BCI performance [12]. While mental rehearsal
has evolved into the standard paradigm for BCI studies [13-17], particularly in those with
tetraplegia, the vast majority of participants with stroke retain some level of motor capabil-
ity. Accordingly, many have questioned whether ML-assisted EEG classification in stroke
participants performing real movements requires the modeling of a substantively different
parameter space [18-20]. As an example, Mebarkia et al. [21] found that layering three
support vector machines (SVMs) (i.e., multi-voting) was necessary to exceed 90% accuracy
in classifying left versus right hand movements in 3D space; however, this BCI architecture
has only been tested in healthy participants.

The parameter space for EEG BCls designed for stroke rehabilitation is extensive. First,
the spectral content of EEG recordings in healthy controls is significantly different from
that of individuals post-stroke [22-24]. For instance, mu (8-12 Hz) and beta (13-30 Hz)
power are attenuated following a stroke, yet event-related desynchronization (ERD) and
synchronization (ERS) of mu and beta power are frequently used to provide the feedback
signal for decoding movement intention [25-27]. For those with severe motor deficits,
ERD/ERS can be effectively absent, and thus, alternate control signals must be identified,
though it is not clear what approach should be used to select surrogate markers. Second,
vascular compromise gives rise to hemispheric asymmetry (i.e., ipsi- vs. contralesional),
and this asymmetry is reflected as imbalanced oscillatory patterns following stroke [28-30].
Whether these factors preclude ML classification of brain states during real movement
is a critical question to address prior to the development of a clinically accepted BCI for
post-stroke hemiparesis.

In this study, we aimed to test the overall hypothesis that EEG data recorded during
different movement phases in individuals with chronic stroke can be accurately classified
using ML. We further explored whether transcranial direct current stimulation (tDCS),
which can be activated continuously during EEG recording, boosts the ML classification
accuracy for certain movement phases compared to sham stimulation. As a control, we
employed an identical ML pipeline in healthy participants.

2. Materials and Methods
2.1. Sample Size Calculation

In a previous study comparing Parkinson’s (n = 10) and essential tremor (n = 8)
patients, we observed an absolute difference in cortical beta event-related desynchroniza-
tion (ERD) during movement preparation of 0.24 with a standard deviation of 0.19 (PD
—0.31 £ 0.06, ET —0.071 £ 0.05, loglo(uV)z/Hz, mean =+ SE, p = 0.0061) [31]. Based on this
experience, with an observed absolute difference in cortical beta ERD of 0.24 loglO(uV)2 /Hz
and an assumed standard deviation to be as observed in our preliminary data for the PD
group, we estimated that a sample size of 20 subjects for both the HC and CS groups would
be sufficient to yield a power of 91% assuming a moderate intra-class correlation of 0.7. The
sample size was divided in half for this pilot study, which was focused on the feasibility of
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the methods, with plans to carry out a fully powered study as an immediate follow-up to
this manuscript.

2.2. Participants

Ten chronic stroke (CS) participants with upper-extremity hemiparesis and eleven
healthy controls (HCs) were included in this study, which was approved by the Medical
University of South Carolina Institutional Review Board (Pro#00087153; date: 16 July 2022)
(Figure 1A). Hemiparetic patients were chosen as the vast majority of patients with chronic
stroke retain some degree of motor function. Chronic stroke was defined as greater than
six months from a sentinel infarct as determined by a fellowship-trained stroke neurolo-
gist (PG). Only participants who could raise and reach with the affected upper extremity
were included. Participants with a history of seizure, intracranial mass, infection or cere-
brovascular malformation, cranial defect, radiotherapy to the brain, scalp injury or disease,
pregnancy, or the inability to consent to the study were excluded. The mean time after
stroke for CS participants was 98.8 £ 36.7 months. The CS and HC groups did not differ
with regard to sex (x*[1 < 0; p > 0.05). The mean age was higher in CS (63.3 & 10.2 years;
range = 30 to 78 years) than HC participants (46.3 & 11.3 years; range = 24 to 73 years,
tpg) = 2.31, p = 0.0319). Six CS participants had left-sided infarcts, while four had
right-sided infarcts.

A B.

o O
21 parti e Fos el
21 participants Lp@® 0 00@R
5 20000,
LX)

11 healthy
control

10 chronic
stroke

HD-tDCS
VR Headset

5 active Slim) <5 sham S(im) (6 active S(im) <5 sham Sﬁm)

c. D.

Vibration
. ’e

12 Reaches
per participant

S
o—_/\k' 44444 —— Sham

30s ramp-up

intrad intra15

Current (mA)

pre Lo post

20
|
3

30s ramp-up Stimulation off Active

0 5 15 20 25

Time (min)

EEG Signal
=
k.l
2]
PSD
.
=
//
)

~
é@ (l
4
c}\
2771

2 |u
> Binning
Time (s) Frequency (Hz)
. # * #
0 s
o ) i

Binned PSD

Frequency 9>

Delta Theta Alpha Beta Gamma

32 channels

Time Time Frequency Band

Figure 1. Cont.

73



Brain Sci. 2025, 15, 28

Labeled data Classification
Reach

Labeled, 70% of data Training: grid- 10 iterations 130 trained
pre-stim search cross- m ozriel\s

validation per model

Frequency band

Labeled,
UETCECI intras, intra15,
and post-stim
data

Figure 1. (A) A total of 10 participants with chronic stroke and 11 healthy controls were randomized
into active and sham stimulation groups. (B) The participants were fitted with EEG electrodes and
HD-tDCS delivering anodal stimulation to the ipsilesional side (contralateral to the motor deficit); for
healthy participants, laterality was randomized. (C) During the stimulation phase, the participants
performed a VR motor task involving reaches toward a virtual blue sphere target (3 cm radius) placed
0.3-0.5 m away. The task had three steps: hold, prep (Cue), and move. An example VR scene is shown.
(D) Sham participants received 30 s of ramp-up current, then no stimulation, while active stimulation
included 30 s ramp-up followed by 20 min of stimulation. Twelve reaches were performed at each
time period. EEG was recorded at pre, 5 min (intra5), 15 min (intral5), and post-stimulation (post).
(E) The raw EEG signal was recorded from all channels. After normalization, the power spectral
density was calculated and binned across frequency bands to complete feature extraction. (F) Thirteen
ML models were trained using 70% of the pre-stim data and then tested on 30% of the pre-stim data
and 100% of the data from other time periods. This was performed to simulate ex vivo training of an
onboard BCIL.

2.3. Randomization and Single Blinding

Study participants in each CS or HC cohort were assigned to either a stimulation or
sham group (Figure 1A). Each participant was assigned to the opposite group (i.e., stimula-
tion or sham) as the previously recruited participant to maintain balance. Participants were
blinded to their treatment assignment. For the CS cohort, 5 participants were assigned to
active stim, and 5 were assigned to sham; for the HC cohort, 6 were assigned to active stim,
and 5 were assigned to sham (Figure 1A). The sham group underwent a placebo procedure,
in which current was applied in increasing steps for 30 s to induce a tingling sensation in
the scalp. This mimicked the procedure in the stimulation group that involved an identical
30 s of current ramp before applying 20 min of DC current. Research staff operating the
tDCS device were aware of the group assignment. Randomization and blinding were
applied to both CS and HC cohorts in an identical fashion.

2.4. Task and Dataset

During a single recording session, the participants were fitted with a total of 20 Ag-
AgCl EEG electrodes using the 10-20 International EEG system (DC115, Rhythmlink
International LLC, Columbia, SC, USA) (Figure 1B). Next, a 5-electrode, center-surround,
anodal high-density (HD) transcranial direct current stimulation (tDCS) montage was
arranged on the scalp contralateral to the affected arm (model 2001tE and 4 x1-C3ASKU
4x1-C3ASoterix Medical; 4x1 HD-tDCS/HD-tES adaptor, Soterix Medical, Inc, Wood-
bridge, NJ, USA). The central anodal tDCS electrode was positioned near the C3 or C4 EEG
electrode, depending on the laterality of the upper extremity performing the task. The
C3 and C4 electrodes represent the site of the primary motor cortex (M1) ipsilateral to the
stroke lesion for participants with stroke. The surrounding cathodal tDCS electrodes were
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arranged in a square configuration in relation to the central anode. All tDCS electrodes
were placed adjacent to, but out of direct contact with, nearby EEG electrodes (Figure 1B).
Next, an Oculus Rift (Model C4-A, Menlo Park, CA, USA) virtual reality (VR) headset was
carefully fitted over the EEG-tDCS arrangement, and a wireless controller containing an
accelerometer was placed in the affected hand. For healthy participants, the hand used for
the task was randomized. EEG signals were sampled at 1024 Hz (Natus® Neuroworks®,
Pleasanton, CA, USA). An arm reaching task designed in the Unity® (version 2022.2, Unity
Technologies, San Francisco, CA, USA) programming environment began with a hold-
ing position requiring a slightly outstretched upper limb to remain in place for several
seconds prior to the appearance of a colored sphere. Once the sphere appeared, a reach-
ing movement was made by the participant to virtually “touch” the sphere and return
to the holding position (the total hand distance traveled ranged from 15 to 50 cm). The
duration of the holding position was randomly varied between 2 and 5 s. Additionally,
the location of the sphere was randomly varied between different locations within the
virtual environment to reduce learning of the task over time. In between the hold and
reach periods, a 0.5 s preparatory (or “prep”) cue was delivered in the form of a vibratory
pulse of the controller. The participants were not explicitly instructed to attend to this
cue. The trial ended after 12 consecutive hold, prep, and reach cycles were completed
(the average trial duration for all 12 reaches was approximately 3 min) (Figure 1C). The
number of trials was selected empirically to protect against fatigue for mild-to-moderate
hemiparetic individuals. For analysis purposes, each movement cycle was divided into
the following states, or “epochs”: the hold epoch, occurring prior to the prep cue, and the
reach epoch occurring from initiation of movement until returning to the holding position.
After an initial trial during the pre-stimulation period, the tDCS system was activated
and within 30 s reached a maximum current delivery of 2.0 mA. Two additional trials of
12 reach cycles were performed at 5 and 15 min each after tDCS activation. Next, at 20 min
after tDCS activation, the current was switched off. Five minutes after the deactivation of
tDCS, a fourth and final trial was performed (Figure 1D). Thus, all participants performed
a total of four trials of 12 reaches each. As per the published tDCS literature [10,32,33], the
participants in the sham control group had tDCS activated for 30 s before ramping down
to zero over an additional 30 s. This short period of stimulation mimics the 30 s of scalp
tingling induced by active tDCS [33]. The HC group underwent the same randomization
and procedures. The entire experiment for each participant lasted approximately one hour.
The participants were given the option to take breaks to prevent fatigue. VR and EEG
signals were labeled using synchronized TTL pulses across all data streams.

2.5. Preprocessing and Feature Extraction

Depending on the configuration, BCls for stroke may have low computational
power, which limits access to other critical signals such as electrooculography (EOG)
and electromyography (EMG). An additional constraint observed by Winkler et al. and
McDermott et al. [34,35] is that artifact rejection can attenuate BCI performance due to
signal loss. Thus, we omitted resampling and limited signal preprocessing to bandpass
filtering (a 1 Hz high-pass filter and 50 Hz low-pass filter were employed to remove en-
vironmental noise [36] and a portion of EOG and EMG artifacts, respectively [37]). All
data were z-score transformed over the entire EEG signal for each channel per participant.
Normalization was performed via the method shown in Equation (1), where X, X, and o
represent the raw, mean, and standard deviation of the input values [38].

X—X

)

Xnorm = o
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Recordings were divided into 1 s epochs to balance point-to-point variations in the
signal while maintaining adequate temporal resolution. Power spectral densities (PSDs)
were calculated for each epoch using Welch’s method, which applies the discrete Fourier
transform (DFT) to several contiguous windowed subsets of the original signal [39]. Hann
windowing was used to generate windowed segments with 50% overlap, and the number
of Fast Fourier Transform (FFT) segments was set to the sample rate to maintain a spectral
resolution of 1 Hz, as described above (Figure 1E). PSD values were subsequently resolved
into the following frequency bands: delta (1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta
(12-30 Hz), and gamma (30-50 Hz). As the bands did not exceed 50 Hz, a 60 Hz notch filter
was not applied.

Extracted features from all participants in each of the four experimental groups (i.e., CS
active stimulation, CS sham stimulation, HC active stimulation, and HC sham stimulation)
were compiled into one dataset per group for model training. The labeled dataset in
each experimental group was split 70:30 for model training and testing with grid search
cross-validation used for hyperparameter tuning. The model training dataset consisted
of 5100 samples with feature dimensions of (6, 5100), including 5 frequency band features
and 1 electrode feature; the model testing dataset contained 2300 samples with dimensions
of (6, 2300). Model training consisted of the classification of extracted features into 2 pre-
labeled classes: the “hold” phase, during which participants were stationary, and the “reach”
phase, during which participants extended their affected or dominant hand towards a VR
target. Model training was carried out 10 times for each model per trial, and the average
training times, with standard deviations, were recorded. Thus, models were trained for
each experimental group rather than individual participants. From this dataset, a total of
4030 models were trained with a total computing time of 103 h. Training was performed
on a 6th Gen Intel Xeon (R) Gold 6226R processor at 2.90 GHz with 64 cores and 187.5 GB
RAM in serial processing alongside two NVIDIA RTX A5000 GPUs. Trained models were
then tested on the remaining 30% of pre-stimulation data to obtain accuracies for the
pre-stimulation time period. For subsequent time periods, 100% of the data were classified
using these pre-trained models without further training, and these are the accuracies
reported in the text (Figure 1F). All analyses were conducted in Python 3.9 using the
NumPy [40], SciPy [40], and Scikit-Learn libraries [41].

2.6. Machine Learning Implementation

The classification accuracy of movement phases was tested among 13 different machine
learning algorithms on the same dataset. These were selected to explore the effect of the
disease state, stimulation state, time period, frequency band, and EEG electrode location.
The time periods examined were pre-stimulation, intra-stimulation at 5 and 15 min after
stimulation began, and post-stimulation, hereafter referred to as “Pre”, “Intra5”, “Intral5”,
and “Post”. Features were tested in limited combinations to (1) reduce the exponential
increase in model permutations and (2) to narrow the parameter space with a focus on
clinical interpretability. A set of 8 primary algorithms was selected to identify an optimal
model with respect to accuracy, computational demand, and training time. Additionally,
we created 5 ensemble models using these 8 primary algorithms with varied weights to
assess their combined accuracy. The following algorithms were chosen for this study:
logistic regression (LR), linear discriminant analysis (LDA), decision trees (DT), Naive
Bayes (NB), K-nearest neighbors (KNN), random forest (RF), AdaBoost, and XGBoost.

LR was chosen due to its prior use in motor imagery classification derived from EEG
signals [42]. LDA classifiers model the distribution of each class and were included due to
their ability to perform dimensionality reduction and minimize the training time [43]. DT
and RF were chosen to detect complex patterns in binarized data that may lead to a higher
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classification accuracy. The Naive Bayes classifier applies Bayes’ theorem to calculate the
probability of an observation belonging to a given class based on the assumption that the
data are distributed in a Gaussian manner; NB was included due to its minimal training
time and mathematical simplicity [43]. KNN was included to determine if the movement
phases exhibited clustering behavior in the associated feature space, as this would reveal
insights beyond improved classification accuracy. The boosting algorithms XGboost and
AdaBoost were included to detect the importance of incorrectly classified data points.

The hyperparameter search process for each classifier was defined in the following
way: For LR, a univariate grid search was performed on the parameter C for values
2x for 15 < x < 35. For LDA, comparisons were conducted for accuracies achieved by
singular value decomposition (SVD), least squares (LSQR), and eigen solvers. Although all
models demonstrated similar accuracies, SVD was chosen since it does not compute the
covariance matrix and, therefore, has a shorter run time. For NB classification, a Gaussian
implementation was used due to the Gaussian nature of epoched EEG data. A parameter
representing the variance was computed using 10x for —15 < x < 0. For KNN, the number
of neighbors considered was varied for 3 < x < 10. For DT, the minimum weight fraction
of each leaf node was empirically determined to be 0. A grid search was performed to
optimize the minimum number of samples required to split individual nodes (varied for
2 < x < 11) and the maximum depth allowed for trees (varied for 2 < x < 30). For RF, the
minimum number of samples per leaf was optimally determined to be 1, the method of
determining the maximum samples to split a node was set to the square root of the total
number of samples, and the maximum depth of each tree was set to 30. A grid search
was performed to optimize the minimum number of samples required to split individual
nodes (varied from 2 < x < 5); the number of individual trees was varied over the set 5n for
5 <n < 21. Feature importance was calculated by taking each feature’s average depth of
use and weighing the average from one relative to the other features” depths. The earlier a
feature was used in a tree, the more important it was considered. For AdaBoost, NB and DT
were contrasted as base estimators, and the number of individual estimators was varied by
25x for 8 < x < 16. For XGBoost, the number of individual estimators was varied by 25x
for 50 < x <400, and the max tree depth varied by 5x for 5 < x < 30. The “Hist” method,
as implemented by XGBoost 2.0.3 [44], was chosen for the Tree Method hyperparameter
to reduce the training time. For voting classifiers, an ensemble of pre-trained models for
LR, LDA, DT, RF, NB, and KNN was first created. One hard-voting classifier and four soft-
voting classifiers among these were then utilized. Soft-voting classifiers used the following
weight methods: uniform weights (termed “uni”), weights determined by the individual
models’ training set accuracy (termed “train”), uniform weights determined by the highest
model accuracy (termed “hard”), and weights predetermined based upon the empirical
global accuracy of all models within the ensemble (termed “global”). The ensemble labeled
“me” was weighted based on the mean of several selected base estimators that appeared to
perform better during the initial classification tests used to classify hold vs. reach. Effect
weights, hyperparameters, and computation times were saved for each training. Prediction
results were stored as text files labeled by the electrode and feature. Note that all accuracies
depicted are the classification accuracies of the validation (i.e., testing) set; no samples in
the validation set were used to train any of the models.

2.7. Statistical Analysis

Statistical analysis was conducted using the rstatix package for R (version 4.3.1) [45].
Combining data using two to three features for each model (e.g., grouping all electrodes
and frequencies) resulted in groups sufficiently large to satisfy the central limit theorem,
which were, therefore, treated as parametric data. For comparisons between multiple
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groups, student’s t-test and repeated measures ANOVA (one and two way) were used.
Sphericity was tested using Mauchly’s test and, when violated, was corrected using the
Greenhouse-Geisser correction. Bonferroni adjustment was applied for multiple compar-
isons. Specific comparisons are highlighted in the text with the appropriate test statistics;
full results are given Supplementary Table S6. Data visualizations were generated using
the ggpubr package for R [46]. The default threshold for significance was set at p < 0.05 for
all tests. All error bars represent the standard error of the mean. Effect sizes are reported in
Supplementary Table S11.

3. Results
3.1. Baseline Classification Accuracies

To investigate the baseline classification characteristics in our cohort, we compared the
accuracy of each algorithm in distinguishing healthy from chronic stroke participants. This
baseline analysis was carried out using all electrodes, frequency bands, and movement
phases grouped together. This is also an important criterion our models need to meet, since
BClIs, like all neuromodulatory devices, are designed to be disease specific. During the
pre-stimulation time period, we observed that the mean accuracy of classifying HC and CS
participants was 83.4% for the active group and 71.1% for the sham group (t.1] = —3.60,
p = 0.0016, Figure 2A), suggesting that some baseline variation persisted between the
active and sham groups after randomization. This difference was notable in 12 out of
13 algorithms, the exception being linear discriminant analysis (LDA). To account for
this variation, we normalized the accuracies for each group using their respective pre-
stimulation accuracy (Figure 2C), and the resulting curves showed wide deviations between
the groups in the classification accuracy over time. As expected, a two-way repeated
measures ANOVA revealed a statistically significant effect of the stimulation group as a
function of accuracy (Fjj 24) = 4.502, p = 0.044, see Supplementary Table S6 for full statistical
results, n.b., red italicized text). Notably, normalized classification accuracies between
the groups were most different at the post-stimulation state (active: 98.6%, sham: 82.5%,
tp3g) = —3.25, p = 0.0013). These results confirm that differences in the classification of
disease states between active and sham tDCS are statistically significant, consistent with
our overall hypothesis.

3.2. Movement Phase

To investigate the accuracy of each algorithm in discriminating hold vs. reach move-
ment phases, we trained ML models using all electrodes and frequency bands separated
by disease and stimulation state over time (Figure 3). We observed that the mean accu-
racy of classifying hold vs. reach was 72.2% for the CS active group, 68.6% for the CS
sham group, 71.6% for the HC active group, and 79.6% for the HC sham group at the
pre-stimulation time period. For the CS active group, the mean classification accuracy
increased during the early and late stimulation periods, peaking at intral5 (pre-stim: 72.2%
vs. intral5: 75.3%, t;17.4) = 9.20, p < 0.0001, Figure 3A,B, see Supplementary Table S6).
Additionally, the mean classification accuracy between hold vs. reach was higher at intral5
for the CS active versus the CS sham cohort (active: 75.3%, sham: 71.5%, tjp37; = —=9.73, p <
0.0001, Figure 3C). A two-way repeated measures ANOVA confirmed a significant effect
on the accuracy as a function of the stimulation group (F[; 24) = 20.174, p = 0.00015), as
well as a significant effect of time (Fj3 7] = 234.59, p < 0.0001) and group-time interaction
(F3,721 = 111.599, p < 0.0001). These results suggest divergence in the classification accuracy
as a function of active tDCS while controlling for the disease state. Interestingly, the mean
classification accuracy between hold vs. reach was significantly different at all time periods
except intral5 for the CS active versus the HC active cohort (CS active: 75.3%, HC active:

78



Brain Sci. 2025, 15, 28

Classification Accuracy

74.5%, tp4) = 2.27, p = 0.1, see Supplementary Table S6). Thus, late active tDCS exacerbates
movement phase classification differences with sham tDCS (i.e., stimulation state) and
attenuates classification differences between healthy and stroke participants (i.e., disease

state).
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Figure 2. (A) Classification of disease state (healthy versus chronic stroke) using all frequencies from 1
to 50 Hz and all electrodes. Although most algorithms detected differences prior to stimulation, LDA
was not affected. (B) Mean accuracies. (C) To account for baseline differences at the pre-stimulation
time periods, we normalized the accuracies to the pre-stimulation accuracy for each group. Asterisks
(*) indicate a significant difference between active and sham groups. We observed a significantly
increased classification accuracy for the active stim group at the intra5 and post-stimulation time
periods, with accuracies converging at intral5. Values in parentheses represent the number of
algorithms per group at each time period.
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Figure 3. (A) Hold versus reach movement classification using all frequencies of 1-50 Hz and all

electrodes. In the CS active group, the classification accuracy increased after stimulation and peaked

at intral5 (*, asterisk). Furthermore, the accuracy at this time period was significantly higher than in

the CS sham group at the same time (1, cross). (B) Movement classification was higher at intral5 than

pre in the CS active group. (C) Movement classification was higher for intral5 CS active than intral5

CS sham. Values in parentheses represent the number of algorithms per group at each time period.

(D) Mean accuracies. Values in parentheses represent the number of algorithms per group at each

time period. (E) We observed a tradeoff between the training time and accuracy, as LDA produced

the highest accuracy with a short training time compared to the other models with the exception of

DT, which obtained a slightly higher mean accuracy but required the longest training time.
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In the CS active group, LDA performed hold vs. reach classification with a mean
accuracy of 74.6% at the shortest mean training time of 0.9 s per iteration. By comparison,
DT performed hold vs. reach classification with a 75.1% accuracy at the longest average
training time of 1 min 11.1 s per model.

3.3. Frequency Band

To investigate the accuracy of each algorithm in discriminating hold vs. reach phases
by frequency band, we created ML models using all electrodes recorded in the CS active
group only (Figure 4). We observed that the mean accuracy of classifying hold vs. reach
was consistently higher in the stimulation and post-stimulation time periods for all fre-
quency bands (Figure 4A,C; note that for the pre-stimulation period, the RF classification
accuracy was below 65% for all frequency bands and is not shown in Figure 4A,C). When
examining individual frequencies, only a low gamma classification accuracy significantly
increased immediately after stimulation (gamma: pre = 71.7%, intra5 = 73.5%, t[159] = —2.88,
p = 0.03, Figure 4C; outliers omitted for clarity), although there is a broadband accuracy
increase at intral5 observed for all bands when compared to pre (Figure 4C, with multiple
comparison results in Supplementary Table S6). This increased accuracy persisted into the
post-stimulation period (Figure 4C, with multiple comparison results in Supplementary
Table S6). Interestingly, the largest differences in the classification accuracies by frequency
band appeared between ML approaches rather than individual algorithms (Figure 4D,
Fl6,2531 = 6.304, p < 0.0001, Supplementary Table S6). While a two-way ANOVA between
the ML method and frequency band across all time periods confirmed a significant effect
on the accuracy as a function of the ML method (F¢ 205) = 5.564, p < 0.0001), it uncovered
no significant effect of the frequency band (F4 205) = 0.203, p = 0.936) or method—frequency
band interaction (Fo4205) = 0.046, p = 1.00). Notwithstanding, we observed a sub-significant
increase in the low gamma frequency band resolution, being most prominent in the en-
semble methods (F4,95; = 1.353, p = 0.256, Figure 4D), whereas other methods appeared
relatively indifferent to the frequency band choice.

3.4. Electrode Laterality

To investigate the accuracy of each algorithm in discriminating hold vs. reach phases
by electrode laterality, we created ML models using all frequency bands grouped together.
We labeled the electrode overlying the motor cortex (C3 or C4) contralateral to the hand used
to perform the task as the ipsi-stimulated electrode. That is, if the right hand performed
the task, then the C3 electrode was labeled as the ipsi-stimulated electrode while the C4
electrode was labeled as the contra-stimulated electrode and vice versa. We observed that
the mean accuracy of classifying hold vs. reach was consistently higher in the contra-
stimulated electrode for the CS sham and HC sham groups), with the exception of the
pre-stimulation period in the HC sham cohort. In contrast, in the CS active group, the
classification accuracy was highest in the ipsi-stimulated electrode during active stimulation
periods only (intra5: contra = 59.3%, ipsi = 68.1%, t[12) = —7.01, p = 5.64 X 1075; intral5:
contra = 60.6%, ipsi = 69.7%, tj12) = —4.71, p = 0.00204, Figure 5A, see Supplementary
Table S6). As expected, a two-way repeated measures ANOVA identified a significant effect
of time (F[377) = 4.206, p = 0.032) but not the electrode group (Fj;24) = 1.887, p = 0.182),
although a significant interaction between the electrode and time existed (F[3 7,; = 7.196,
p = 0.005).
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Hold vs. Reach classification: 1—50 Hz by band, all electrodes, CS active only
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Figure 4. (A) Hold versus reach movement classification using all frequencies of 1-50 Hz and

all electrodes by the frequency band used (delta through gamma) in CS active participants only.

Gamma PSD alone produced the highest classification accuracy for most models, although this was

not statistically significant. (B) Mean accuracies. (C) When comparing the classification accuracy

over time by band, we observe a broadband increase in the accuracy, seen in all bands at intral5.

We also observe some differences in the band response, highlighted here using colored asterisks

corresponding to each band. Values in parentheses represent the number of algorithms per individual

frequency band at each time period. (D) When aggregating algorithms by method, we observed that

ensemble methods (such as global voting, or hard voting) resolved frequency bands more so than

other models, although this was not significant. Dimensionality reduction (LDA) and regression (LR)

methods outperformed the others. Values in parentheses represent the number of algorithms per

method at each time period.
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Hold vs. Reach classification by laterality: 1—50 Hz
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Figure 5. (A) Hold versus reach movement classification using C3 or C4 electrodes and all frequencies
of 1-50 Hz. Number of asterisks (*) represents significance level between contra- and ipsi-lesional
accuracy. Here, we investigated the effect of recording electrode lesion laterality. We observed
that contralesional classification accuracy significantly decreases during stimulation compared to
ipsilesional accuracy in CS active participants; this is not seen in any of the other groups. Values in
parentheses represent the number of algorithms per group at each time period. (B) Mean accuracies.

Notably, the classification accuracy was similar in both the contra-stimulated and
ipsi-stimulated electrodes in the HC active group, suggesting that the higher accuracy in
the ipsi-stimulated electrode in the CS active group is not likely to be driven by stimu-
lation artifacts. Moreover, the classification accuracy in the ipsi-stimulated electrode in
the CS active group is constant relative to the pre-stimulation state, again suggesting a
physiological response to stimulation that peaks at the intral5 time period (Figure 5A,
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Supplementary Tables S5 and S6). Overall, the classification accuracy for each electrode is
dependent on the time of stimulation, i.e., whether stimulation is on or off.

4. Discussion

As neuromodulation becomes an accepted adjunct for chronic stroke recovery, the
potential use of NIBS to assist in autonomously identifying movement phases from brain
recordings has become a topic of great interest. The detection of movement intention alone
using EEG recordings has been successfully performed in several studies using healthy and
tetraplegic participants [26,47,48]. However, real movement classification in individuals
with hemiparesis, the largest group of chronic stroke patients, is not well understood,
including the dimensionality involved in modeling relevant parameters. Moreover, in
implanted brain recording and stimulation systems, computation power is limited to the
onboard processor, which prohibits the typical types of algorithms employed in these
studies, e.g., deep learning and other neural network-based strategies. To surpass these
constraints, using minimal signal preprocessing, we explored supervised ML modeling
of EEG recordings in order to understand the range of accuracies and modeling times for
potential use as control signal classifiers. The central problem addressed in this study is
whether movement classification based on EEG recordings is plausible (i.e., above chance)
in chronic stroke survivors undergoing NIBS during the performance of a functional
task. Our overall finding is that EEG data recorded during different movement phases in
individuals with chronic stroke can be accurately classified using ML. Additionally, tDCS
improved classification accuracy primarily in the chronic stroke active stimulation group,
with a slight preference for gamma frequency bands using the ensemble methods.

Comparing our results to similar studies that developed EEG classifiers for movement
phases, SVMs performed modestly better in 46.4% of models than LDA and LR in clas-
sifying rest, simple arm movements, goal-oriented arm movements, and hand clenching
during motor imagery [43]. In our study, the performance of LDA for hold vs. reach (at
74.5% accuracy during the intral5 time period) was within range of the accuracies reported
by Yong and Menon [43] (75-81% accuracy) and higher than those of Rodrigo et al. [42]
(64-68% accuracy). The voting classifiers trained in this study for hold vs. reach in the
chronic stroke active stimulation cohort (at the intral5 time period, see Supplementary
Table S3) achieved an accuracy of 73.8%, which is not as strong as the voting classifier
created by Khrishna et al. [49] (86% accuracy). Similar to the dataset used by Mebarkia and
Reffad [21], the dataset used by Khrishna et al. [49] classified motor imagery in the right
arm, left arm, right foot, and left foot without any consideration for holding or preparation,
which may explain the stronger performance. The AdaBoost classifier trained as part of
our study achieved an accuracy of 75.3% using decision trees as the classifier base, which is
comparable to the AdaBoost classifiers trained by Gao et al. [50], who used SVM and LDA
bases to achieve accuracies of 74% and 72%, respectively.

A few studies have combined tDCS and BCI devices with mixed results. tDCS al-
ters the brain’s electric field, modulating ionic currents and neuronal membrane poten-
tials to enhance synaptic plasticity [33,51]. These induced changes are hypothesized to
improve information flow across neural networks, analogous to optimizing resonance
frequencies in coupled oscillatory systems for greater synchronization and efficiency [51].
Matsumoto et al. [52]. used a motor imagery (MI) BCI in concert with multiple 1 mA
10 min tDCS sessions in six healthy participants. In their investigation, mu ERD improved
with anodal and attenuated with cathodal stimulation [52]. Kasashima and colleagues [12]
repeated this paradigm in participants with post-stroke hemiparesis, demonstrating similar
results. In a study by Wei et al. [53], tDCS specifically modulated upper mu (10-14 Hz) and
beta (14-26 Hz) frequencies in 32 healthy controls. Hong and colleagues [54] introduced
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diffusion and perfusion MRI following tDCS in combination with an MI-BCI. Tractography
estimates showed significant changes on the ipsilesional side for participants receiving
tDCS, although no difference in motor improvement was observed between active and
sham groups [54]. Overall, tDCS did not appear to influence MI-BCI performance in a
randomized, double-blinded controlled trial in 19 participants with stroke [10]. These
results did not differ from a subsequent study in which functional MRI was used to de-
rive a low-frequency fluctuation metric [32]. None of the studies outlined utilized real
movements as a control.

Although we observed that the ensemble methods achieved the highest hold vs.
reach classification using gamma power as a feature, the modulation of gamma power in
individuals post-stroke is only sparsely reported. In a study by Tecchio et al. [55], increased
gamma power (33.5-44 Hz) in the affected hemisphere of chronic stroke participants was
correlated with motor improvement using magnetoencephalography recordings. Moreover,
Pellegrino and colleagues [56] demonstrated that gamma reactivity to an auditory stimulus
in chronic stroke participants was tightly correlated to the clinical outcome, as measured
using the Barthel Index and Functional Independence Measure. Yet in a recent systematic
analysis of randomized controlled trials examining the utility of BCIs in stroke motor
recovery, gamma power was absent from the frequency bands investigated as a potential
biomarker [7].

Limitations

This study was not without limitations. First, a small sample size limits the inter-
pretability of our classification results. Notwithstanding, Bolognini et al. [57] performed a
similar exploratory study evaluating the interaction between tDCS and constraint-induced
movement therapy in chronic stroke and reported significant complementary effects using
only 14 participants. Similarly, Biasucci et al. [58] performed a sham-controlled study eval-
uating the effect of BCI-coupled functional electric stimulation (FES) on motor outcomes
and reported significant improvement when compared to sham, with only 27 participants
and 14 in the experimental arm. These and other similar studies with limited participant
numbers are reported in Supplementary Table S9. A limited sample size further predisposes
to baseline differences between groups, as is demonstrated by the discrepancy in the classi-
fication accuracy between our pre-stimulation stroke cohorts. This group heterogeneity is
further exacerbated by the sensitivity of machine learning models to cross-validation folds,
which are randomly generated. In this situation, Watson and Holmes describe the use of
a subgroup-specific statistical analysis plan for evaluation; however, this is impractical
a priori in a single-subject chronic stroke BCI; furthermore, the use of modifications to
machine learning models, as described in that study, may require computational resources
and time that may not be available to BCI devices [59]. Other tDCS studies have employed
a crossover design to mitigate this heterogeneity to some success [60,61], although this
approach risks carryover effects from tDCS contaminating the sham phase, as was noted by
Klomjai et al. [60]. We have attempted to address this using repeated measures, i.e., within-
subject statistical design. Significant differences in the mean age between our chronic stroke
and healthy cohorts were also observed, potentially confounding observed differences in
the classification accuracy that may have been affected by age-related changes in the brain.

To attempt to mimic the processing and bit-rate constraints of a fully implantable BCI
system [62], we avoided training more comprehensive deep learning models. Nevertheless,
a robust classification pipeline using Convolutional Neural Networks was described by
Lun et al. [63], who trained a five-layer model on the Physionet database [64,65]. Remark-
ably, using only 10 participants from that dataset, a global accuracy of 94% or above was
demonstrated. Similar to our study, they limited the pre-processing of the EEG signal and
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still achieved high classification accuracies [63]. In our study, training was limited to twelve
repetitions per task and four tasks per participant during a single one-hour experimental
session. Nevertheless, our results are almost certainly confounded by some proportion of
learning of the task, although we attempted to limit this by randomizing several features,
including the time between movement phases and the location of reach target. Importantly,
the effect of learning on our results should be mitigated by the controls that were incorpo-
rated, including healthy participants and sham stimulation. Also, significantly more task
repetitions could potentially be limited by fatigue, which was not observed in our sample
(i.e., no participants asked to take a break when offered).

We have not carried out a full examination of the preprocessing and feature extrac-
tion [66]. Finally, we did not include asymmetry index measures for the chronic stroke
participants as some authors have [24]. Given the heterogeneity of each chronic stroke
participant, the extent to which each of these factors contributes to the need to personalize
the training models for each individual should be explored further in future studies. These
findings may help lead to the development of a closed-loop device that can auto-detect
movement phases and deliver therapeutic stimulation when most beneficial for chronic
stroke rehabilitation.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/brainsci15010028/s1: Table S1: Participant demographics and
characteristics; Table S2: For Figure 2. Disease state classification. Mean accuracies by stimulation
state, algorithm and time period; Table S3: For Figure 3. Hold versus Reach classification. Mean
accuracies by disease state, stimulation state, time period, and algorithm; Table S4 for Figure 4. Hold
versus Reach classification by frequency band, time period, and algorithm.; Table S5 for Figure 5:
Hold versus Reach classification. Mean accuracies by disease state, stimulation state, time period
and electrode laterality relative to dominant hand; Supplementary Table S6: Statistical analyses;
Supplementary Table S7: Multiple comparison of methods for Hold versus Reach for CS active
only (Figure 4). Table S8: Mean training time for each algorithm (excluding the ensemble methods).
Table S9: tDCS studies with small participant numbers limited subjects; Table S10: To summarize the
outcomes from the literature with alternative approaches in machine learning; Table S11: Effect size
calculations for main findings [10,14,27,50,57,58,63,66-78].
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Abstract: Background/Objectives: This research investigates brain connectivity patterns in
reaction to social and non-social stimuli within a virtual reality environment, emphasizing
their impact on cognitive functions, specifically working memory. Methods: Employing the
LEiDA framework with EEG data from 47 participants, I examined dynamic brain network
states elicited by social avatars compared to non-social stick cues during a VR memory
task. Through the integration of LEiDA with deep learning and graph theory analyses,
unique connectivity patterns associated with cue type were discerned, underscoring the
substantial influence of social cues on cognitive processes. LEiDA, conventionally utilized
with fMRI, was creatively employed in EEG to detect swift alterations in brain network
states, offering insights into cognitive processing dynamics. Results: The findings indicate
distinct neural states for social and non-social cues; notably, social cues correlated with
a unique brain state characterized by increased connectivity within self-referential and
memory-processing networks, implying greater cognitive engagement. Moreover, deep
learning attained approximately 99% accuracy in differentiating cue contexts, highlighting
the efficacy of prominent eigenvectors from LEiDA in EEG analysis. Analysis of graph
theory also uncovered structural network disparities, signifying enhanced integration in
contexts involving social cues. Conclusions: This multi-method approach elucidates the
dynamic influence of social cues on brain connectivity and cognition, establishing a basis
for VR-based cognitive rehabilitation and immersive learning, wherein social signals may
significantly enhance cognitive function.

Keywords: dynamic brain connectivity; EEG; LEiDA; social cues; virtual reality; deep
learning

1. Introduction

In recent years, the combination of neuroimaging and virtual reality (VR) has provided
new opportunities for studying the brain dynamics of cognitive processes [1]. Working
memory, an essential cognitive function in daily tasks, has been widely examined using
conventional methods [2]. However, the emergence of VR technology offers a distinct
opportunity to replicate real-life situations that involve both social and non-social cognitive
processes [3]. Using electroencephalography (EEG) to measure neural activity during these
tasks provides detailed and precise information regarding the brain states involved in these
cognitive processes [4].

Research on the neural correlates of social and non-social cues has uncovered di-
vergent patterns of cerebral activity. One study [5] investigates the impact of repetitive
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transcranial magnetic stimulation on functional connectivity in methamphetamine use dis-
order, offering insights into neural adaptations. The neural mechanisms underlying social
contextual influences on adolescent risk-taking behavior have been examined, enhancing
our comprehension of how intricate social environments affect neural responses. This is
detailed in a study presented by [6].

VR is an appropriate platform for studying complicated cognitive tasks because it
incorporates real-world features and allows for controlled modification of environmental
stimuli [7]. The distinction between social and non-social cueing in VR can provide insight
into how human cognition adjusts in various social situations, an area that has received less
attention in traditional cognitive neuroscience [8]. Research has demonstrated that social
interactions in VR can have a notable impact on cognitive load and the corresponding
brain reactions [9]. This reveals the existence of separate neural networks that are activated
during social activities compared with non-social tasks [10,11].

Studies have shown that VR interventions can improve social skills and emotional
recognition in children and adolescents, including those with neurological disorders. One
study [12] demonstrates the efficacy of VR in enhancing social and emotional learning. The
influence of haptic feedback on social interactions in VR has been investigated, demonstrat-
ing its effect on user experience and the genuineness of social touch. Ref. [13] elucidates
the influence of tactile feedback on social dynamics in virtual environments. The impor-
tance of social cues in mediated, bidirectional, multiparty interactions has been examined,
highlighting their function in enhancing interpersonal communication. A study published
in 2021 [14] examines the significance of different social cues in immersive environments.

VR has become a revolutionary instrument in multiple domains, offering immersive
and interactive settings that replicate real-world situations. One of its most significant
applications is in the medical field, where avatars in VR environments are employed for
therapeutic and training objectives. VR interventions have demonstrated efficacy in treating
mental health disorders, including social anxiety, post-traumatic stress disorder (PTSD),
and depression, by enabling patients to interact with regulated virtual environments [15,16].
Moreover, avatars in VR are extensively utilized for cognitive rehabilitation, aiding patients
in the re-acquisition of motor and cognitive skills after neurological injuries [17]. This
research utilizes the distinctive features of VR to examine dynamic brain network states
during interactions with social avatars.

Connectivity analysis grounded in graph theory provides critical insights into the
structural organization and complexity of brain networks by depicting brain regions as
nodes and significant functional connections as edges. This method is especially beneficial
for examining dynamic brain states, as it facilitates the analysis of network characteristics,
including the clustering coefficient and path length, which enhance comprehension of the
neural mechanisms that underpin cognitive functions. Utilizing graph theory on EEG-
derived coherence matrices allows for the examination of connectivity patterns across
various cognitive states, especially in VR environments where social and non-social stimuli
may elicit distinct network configurations [18-20].

Dynamic functional connectivity (DFC) refers to temporary and state-specific changes
in connections between different brain networks [21]. It is considered an important factor in
cognitive function. The high temporal resolution (TR) of EEG is particularly suitable for this
type of analysis [22,23]. Some common DFC methods used with EEG are time—frequency
resolution coherence analysis, phase synchronization analysis, sliding-window correlation
analysis, graph-theory-based methods, and wavelet coherence. Time—frequency analysis
was used to analyze the power and coherence of the EEG signals in different frequency
bands. This method makes it possible to monitor coherence changes in signals over time
and determine how synchronization between brain regions changes during specific tasks or
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sensory stimulation [24]. Phase synchronization analysis measures the extent to which the
phases of EEG signals from different brain regions are in harmony. Phase synchronization
is used to examine temporal connections and collaborations between neural networks [25].
The phase locking value (PLV) is a measure used to quantify the consistency of phase
differences between signals over time [26]. Sliding-window correlation analysis contin-
uously calculates the correlations between EEG signals using a specified window size.
The window is shifted across the signal, revealing connectivity structures that change
over time. This method is particularly suitable for tracking short-term changes in brain
dynamics [27]. Moreover, EEG data can be analyzed using graph theory, in which brain
regions are represented as nodes and the connectivity between them as edges. This ap-
proach helps us to understand the structural and functional properties of brain networks by
evaluating their topological properties (e.g., the clustering coefficient and path length) [28].
Wavelet coherence measures the coherence between two signals at different time points
and in different frequency bands, thereby enabling a more detailed dynamic connectivity
analysis [29]. Progress in EEG data analysis has yielded novel techniques for evaluating
functional connectivity [30]. A thorough review [31] examines contemporary methods for
EEG seizure detection, emphasizing the challenges and prospective advancements in the
domain. Furthermore, the amalgamation of EEG and ensemble learning has been suggested
for precise grading and staging of diseases, highlighting the essential significance of time
window length in assessing model stability and efficacy. This methodology is elucidated
in a study [32]. The utilization of graph convolutional networks (GCN5s) for processing
graph-structured EEG data has demonstrated potential in patient-independent epileptic
seizure detection, as outlined in [33].

Recent progress in DFC analysis approaches provides an exceptional opportunity to
investigate these dynamics with very detailed spatial and temporal resolutions. The recently
established Leading Eigenvector Dynamics Analysis (LEiDA) method has played a crucial
role in capturing these changes by examining the patterns of leading eigenvectors derived
from connectivity matrices [34]. This method offers a new way to observe changes [20] in
neural network states linked to various cognitive demands.

The LEiDA method was developed to monitor the functional connectivity changes in
the brain over time. This method is used specifically with functional magnetic resonance
imaging (fMRI) data because fMRI measures changes in cerebral blood flow to visualize
brain activity, which can reflect dynamic connectivity changes in the brain over long-term
periods [35-37]. LEiDA analyzes the dynamics of leading eigenvectors in time-series data
obtained from fMRI. These eigenvectors represent the strongest connectivity patterns in the
brain at a given time point and show how these connections change over time. This method
is particularly useful for understanding how brain networks organize and reorganize
during complex cognitive processes [38,39].

The use of LEiDA with EEG is a newer field of research. EEG records brain waves with
a high TR at the millisecond level, which provides the opportunity to observe much faster
brain dynamics [40]. However, EEG has a lower spatial resolution than fMRI, which may
limit some types of analysis [41]. The use of methods such as LEiDA combined with EEG
data offers the potential to examine time-varying brain network dynamics in more detail. In
particular, the high TR of EEG, when combined with the LEiDA method, can capture rapid
changes in brain networks and allow more sensitive examination of cognitive processes.
Additionally, Zhou et al. stated in their study that LEiDA has a superior TR compared to
other DFC analysis methods, such as the sliding-window method [42]. Therefore, although
the LEiDA method is mostly used with fMRI data, it can also be used with EEG data, and
this combination can open new doors for a more comprehensive understanding of brain
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dynamics. Such an approach could provide great advantages, especially in studies on
rapidly changing cognitive states and responses.

The term ‘states” specifically denotes dynamic brain network states identified via LEiDA.
These states signify persistent patterns of phase synchronization among various brain regions,
as calculated from the dynamic phase-locking matrices (d) obtained from EEG data. Each state
represents a distinct configuration of functional connectivity, reflecting the temporal dynamics
of brain network organization throughout the task [34]. The identification of these states
enables an examination of how the brain transitions between various connectivity patterns
during interactions with social and non-social cues. In this study, the term PL states is used to
refer to the states identified by LEiDA.

This research examines a significant deficiency in comprehending the dynamic neural
mechanisms that underpin social cognition, especially during real-time interactions. Conven-
tional investigations of brain connectivity typically depend on static analyses that average
connectivity patterns over time, thereby neglecting the transient and rapidly changing states
of brain networks during social interactions. This constraint is particularly problematic when
examining intricate cognitive processes such as social cueing, which necessitate temporal
precision to comprehend how the brain shifts between various functional states. This research
employs the LEiDA method to address these challenges by providing a high-resolution,
temporally sensitive framework for examining brain network dynamics.

This study incorporates an additional innovative element through the utilization
of VR. In contrast to traditional experimental configurations, VR offers an immersive
and ecologically valid environment for simulating authentic social interactions. This
enables the examination of neural responses in an environment that closely mirrors natural
social contexts, providing enhanced understanding of the mechanisms underlying social
cognition. The utilization of VR to examine dynamic network states in reaction to social
and non-social stimuli is both timely and innovative, as it connects laboratory research
with the intricacies of real-world interactions.

LEiDA is particularly adept for this function as it directly examines the temporal dy-
namics of phase-locking matrices, discerning recurrent connectivity patterns with elevated
temporal resolution. In contrast to sliding-window correlation (SWC), which is constrained
by arbitrary window size and diminished sensitivity to swift transitions, LEiDA effectively
captures nuanced, instantaneous alterations in brain connectivity. Likewise, although graph
theory offers significant structural insights into brain networks, its metrics are frequently
based on static representations and are incapable of analyzing temporal transitions. By
integrating LEiDA with VR, I seek to offer a sophisticated comprehension of the brain’s
dynamic processing of social information in real time.

A primary impetus for this research is the opportunity to create targeted therapeutic in-
terventions for disorders marked by impairments in social cognition, including autism spec-
trum disorder, schizophrenia, and social anxiety. Contemporary therapeutic approaches
frequently neglect the dynamic characteristics of social interactions, prioritizing static or
excessively simplistic models instead. By pinpointing particular brain network states linked
to social and non-social interactions, my results may guide the development of VR-based
interventions aimed at enhancing individuals” social functioning within a controlled yet
realistic setting.

This research incorporates sophisticated analytical techniques, such as deep learning
and graph theory, to enhance the LEiDA methodology. Deep learning facilitates the
identification of complex patterns in high-resolution EEG data, revealing nuanced dynamics
that conventional methods may overlook. Graph theory provides a structural perspective,
illustrating how network attributes such as clustering coefficients and path lengths vary
with different cognitive tasks. The amalgamation of these methodologies offers a thorough

94



Brain Sci. 2025, 15, 4

framework for comprehending the temporal and structural dimensions of brain network
dynamics, facilitating a comprehensive exploration of cognitive processes.

This study enhances our comprehension of social cognition at the neural level by ex-
amining the transitions between dynamic brain network states during social and non-social
cueing in VR. It also tackles the overarching challenge in neuroscience of examining brain
networks in genuine, ecologically valid environments. This research addresses a significant
gap in the literature and establishes a foundation for novel therapeutic strategies designed
for practical social deficits, providing valuable applications for clinical populations [34,43].

2. Materials and Methods

In this study, three main themes were examined, namely LEiDA, graph theory, and
deep learning. LEiDA analysis (Section 2.2) was performed to obtain PL states in the brain.
In the graph theory part (Section 2.3), graph-based analysis was performed using different
graphs. In the deep learning section (Section 2.4), classification results were evaluated
using raw EEG, PLVs, and Eigenvectors. The methods applied are visualized in Figure 1.
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PL-States
Graph-based
P —— Graph Theory Aﬁalysis
EEG data . »
v RAW EEG
Deep Learning-
Classification R
e o
Eigenvectors
L )

Figure 1. Applied methods (LEiDA, graph theory, and deep learning classification).

2.1. Dataset
2.1.1. Participant Demographics

This study utilized a dataset originally published by [44] comprising EEG recordings
obtained during a VR working memory task involving the presentation of social and non-
social cues to participants. The dataset was released to the public to facilitate research on
cognitive processes within VR environments.

This research included 47 participants (25 females and 22 males) from a university
community, all with normal or corrected-to-normal vision and no history of neurological or
psychiatric disorders. Their average age was 24.3 years (SD = 4.7). Informed consent was
obtained from all participants, and the study was approved by the institutional review board.

Although a formal power analysis to justify the sample size of 47 participants could
not be performed due to time constraints, this limitation is addressed by referencing similar
studies in the field that utilized a comparable number of participants. These references
provide context and support for the adequacy of the sample size in this research [12,32].
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2.1.2. VR Working Memory Task

Participants were immersed in a VR environment using a head-mounted display. The

task assessed working memory through memorization of the location and characteristics of

the objects displayed on a virtual table. Two types of attentional cues were utilized: social

avatars (e.g., a virtual character making eye contact and pointing) and non-social stick cues

(e.g., a stick arrow pointing). The task structure included multiple trials, each with cueing,

memorization, and recall phases. The object details, participant responses, and reaction

times were recorded for each trial. The criteria used to select the VR working memory task

and its psychometric properties are detailed in reference [44]. This process is summarized

in Figure 2 for this study.

Task Selection:

Developed to assess memory

encoding, maintenance, and
retrieval in a VR environment
using social and non-social
cues.

*Virtual Environment Design
Unity: Immersive
environment and stimuli
presentation.

Oculus Rift S: 3D spatial
memory assessment.

*Cue Design

Social Cues: Human avatars
with gaze behaviors.
Non-Social Cues: Stick
mimicking avatar movements

Psychometric Characteristics:

*Realism and
Anthropomorphism:
Evaluated through Godspeed
and facial trait questionnaires
to confirm their humanlike
appearance and neutral
expression.

sLegitimacy: The task was
optimized for precise
measurement of memory and
attention by counterbalancing
conditions and implementing
breaks to mitigate fatigue-
related biases.

*Dependability: Multiple
trials for consistent results

Significance:

eInvestigate neural correlates
in realistic environments

eEvaluate attention-memory
interplay.

eFacilitate EEG-based neural
correlate examination.

Figure 2. VR working memory task: selection and design schema.

2.1.3. Experiment Procedure

Using a head-mounted display, 3D avatars engaged participants by making eye contact

before looking towards the intended object location, mimicking real eye movement behav-

iors. Target items—Xkitchen utensils such as bowls, plates, cups, and teapots—appeared on

either side of a table, facilitating the study of cue influence in a realistic setting. Participants

memorized multidimensional information about items, such as location and status, during

the cue shift, encoding, and retrieval phases. A dynamic 3D stick served as a non-social

control cue, paralleling the movement of social avatars (Figure 3).
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Figure 3. Depiction of the trial process (checkered pattern inspired by [45]). Utilizing the parameters
of the conventional central cueing paradigm, the cue persisted on the screen for the duration of the
trial (e.g., [46,47]). Panel (A) shows the social avatar cue, and Panel (B) shows the non-social stick
cue. Timings, as depicted in the figure, were synchronized across cue types. The inter-trial interval
was 1000 ms, during which a fixation cross was displayed. The experiment was a free-viewing
study, allowing participants to move their eyes freely. Panel (C) shows the six possible left and right
locations for the four encoding targets.

2.1.4. Apparatus and EEG Acquisition

The experiment was programmed in Unity and was conducted using a Lenovo Le-
gion Y540-17IRH laptop (Beijing, China) with an Oculus Rift S PC-Powered VR Gam-
ing Head-Mounted Display. EEG data were captured using a 64-channel ANT Neuro
eego™ (Hengelo, The Netherlands) sports mobile EEG system following the international
10-20 electrode placement system. The data sampling rate was 500 Hz with online filtering
between 0.1 and 100 Hz. Eye movements and blinks were monitored using additional elec-
trodes. The preprocessing steps included band-pass filtering (1-40 Hz), artifact rejection,
and independent component analysis (ICA) for correction of eye movement and muscle
artifacts [44].

2.2. LEiDA Analysis

LEiDA, or Leading Eigenvector Dynamics Analysis [34], is a method used to detect
phase-locked oscillatory patterns in large systems of coupled dynamical units, particularly
in the context of brain activity recorded using fMRI. These patterns indicate meaningful
functional subsystems related to cognitive and emotional processing. The analysis sug-
gests that the macroscopic functional networks observed in resting brain activity reflect a
repertoire of phase-locked solutions shaping hemodynamic fluctuations over ultra-slow
timescales. In this study, it was applied to the EEG dataset. Figure 4 illustrates the method-
ological framework underlying the LEiDA technique.

At each time point, the principal eigenvector of dPL was calculated to identify the
predominant connectivity pattern. The principal eigenvector, linked to the maximum
eigenvalue, signifies the predominant direction of phase synchronization among brain
regions at that particular moment. To discern recurring connectivity states, the leading
eigenvectors were subsequently categorized using the k-means clustering algorithm, which
classified them into discrete dynamic states based on their similarity.

Occupancy denotes the duration or proportion of time a brain network remains in a
particular state during the VR task. This research quantifies the duration for which each par-
ticipant’s brain networks sustained specific dynamic connectivity states, identified through
the LEiDA method, throughout the task. This indicates the involvement or predominance
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of specific functional brain networks in reaction to the cognitive requirements of the task,
shaped by either social or non-social stimuli.

Temporal resolution (TR) denotes the frequency of measurements obtained during the
analysis, reflecting the rate of data sampling over time intervals.
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Figure 4. Extraction of EEG signal PL states. (A) For a given region, the EEG signal is first prepro-
cessed. (B) Hilbert transformation is applied in order to acquire an analytic signal, whose phase
can be represented over time and each TR (temporal resolution), which refers to the time inter-
val between consecutive data samples, utilized for monitoring dynamic connectivity alterations.
(C) The dPL(t) matrix quantifies the degree of phase synchronization between each pair of areas.
The dominant eigenvector of the dPL(t) matrix, denoted as V(t), represents the primary direction of
all phases. Each element in V(t) corresponds to the projection of the phase of each region onto V(t)
(right). (D) The eigenvectors V(t) from all participants are combined and inputted into a k-means
clustering algorithm, which separates the data points into a predetermined number of groups, k.
(E) Every cluster centroid symbolizes a recurring PL state. dPL refers to dynamic phase-locking
(Enhancing Clarity: Process Summary {1. Preprocessing —2. Hilbert Transformation —3. Dynamic
Phase-Locking Matrix (dPL) —4. Leading Eigenvector Calculation —5. K-means Clustering —6.
Identification of Recurrent Phase-Locking (PL) States}).

2.2.1. Functional Connectivity Matrix Calculation

For each time point or segment of EEG data, a functional connectivity matrix was
calculated using PLV between all pairs of EEG channels. This results in a series of matrices
that represent the connectivity patterns between brain regions over time. Initially, a
comprehensive EEG matrix was acquired at each time point by computing dPL. This matrix
gauges the alignment of phases between every pair of brain regions, with values ranging
from 1 to —1 denoting signals changing in the same or opposite directions, respectively.
Hilbert transformation was used to estimate the analytic phase of the averaged EEG
signals. The Hilbert transform expresses any signal in polar coordinates, represented as
x(t) = A(t)cos(6(t)), where A(t) represents the instantaneous amplitude or envelope and
0(t) represents the instantaneous phase or phase angle. As shown in Figure 4A, the cosine
of the phase angle effectively captured the fluctuations in the EEG signal. Given the phases
of the EEG signals, the phase alignment, denoted as dPL (n, p, t), where ‘n” and “p” identify
different brain regions and ‘t’ represents the time point, is calculated using the cosine
function as follows:

dPL(n.p.t) = cos(8(n,t) —0(p,t)) 1)

The dPL matrix has dimensions N x N x T, where N denotes the brain regions and
T denotes the recording frames per scan or time samples of the time series. Aligned EEG
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signals yield a PL value near 1 (cos (0°) = 1), whereas orthogonal signals yield a PL value
of 0 (cos (90°) = 0).

2.2.2. Leading Eigenvector Extraction

The leading eigenvector represents the pattern of connectivity that accounts for the
greatest variance in the data at that time point, effectively capturing the dominant state of
the brain network connectivity. The next step involved computing the leading eigenvector
of the EEG-dPL matrix. This eigenvector, denoted as V1(t), captures the primary alignment
of EEG phases across brain regions. By focusing solely on the eigenvector associated
with the largest-magnitude eigenvalue, data dimensionality is significantly reduced. The
magnitude of the eigenvector elements reflects the strength of the association between the
brain regions and their respective communities.

2.2.3. Clustering of Eigenvectors

A clustering algorithm was applied, namely k-means, to the collection of leading
eigenvectors obtained from all time points. This step grouped similar eigenvectors together,
identifying recurring patterns of connectivity or network states that emerge during a task.

2.2.4. Identification of Dynamic Network States and Statistical Analysis

Each cluster of the leading eigenvectors represents a distinct network state. By ex-
amining which time points are associated with which cluster, one can infer the temporal
dynamics of brain connectivity, such as the frequency and order in which different network
states occur.

Statistical analyses were performed to compare the prevalence and transition patterns
of the identified network states across different conditions (e.g., social vs. non-social
cueing), revealing insights into the neural mechanisms underlying cognitive processes.

Non-parametric permutation tests were utilized to compare the LEiDA-derived net-
work states under social and non-social cueing conditions. In particular:

e  Test procedure: For each LEiDA-derived dynamic phase-locking (dPL) state, the
occupancy (percentage of time allocated to a specific state) was computed, and a
two-sample t-test was conducted to compare the social and non-social conditions.

e  Permutation framework: A permutation test with 10,000 iterations was conducted
to assess statistical significance. In each iteration, the condition labels (social or
non-social) were randomly shuffled, and the t-statistic was recalibrated to produce a
null distribution.

e  p-value calculation: The observed t-statistic was evaluated against the null distribution
to ascertain the p-value, indicating the fraction of permuted test statistics that were as
extreme or more extreme than the observed value.

e  To mitigate the potential inflation of Type I errors resulting from multiple comparisons
across the network states, FDR correction is implemented to obtain more robust
significant p-values.

2.3. Graph-Theory-Based Connectivity Analysis

The graph-theory-based connectivity analysis involved constructing and analyzing
functional brain networks derived from coherence matrices of EEG data. By thresholding
coherence values and creating adjacency matrices, undirected weighted graphs repre-
senting significant connections between brain regions were built. The analysis of graph
properties, such as degree distribution, clustering coefficient, and path length, provided
insights into the functional organization of the brain networks and revealed differences in
connectivity patterns between the two groups. This approach highlights the value of graph
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theory in understanding the complex dynamics of brain connectivity in cognitive neuro-
science research. Utilizing graph theory metrics like centrality, modularity, and clustering
coefficients enables the quantification of the structural and functional organization of brain
networks. These metrics elucidate the dynamic interactions among neural regions over
time, revealing the fundamental mechanisms of cognitive processes including memory,
attention, and decision-making.

The steps involved in this method are detailed below:

e  The raw EEG data from all subjects and channels underwent preprocessing, including
band-pass filtering to remove noise and artifacts, followed by segmentation into
task-specific epochs. This is the standard first process, which was explained in more
detail in [44].

e  For each subject and epoch, coherence matrices were computed to measure the syn-
chronization between EEG signals across different brain regions.

e A threshold was then applied to these coherence matrices, retaining only significant
coherence values (above a 0.2 threshold) to create adjacency matrices that represent
connections between regions as undirected, weighted graphs.

e  Using the network library in MATLAB 2023b, graphs were constructed with nodes
as EEG channels and edges denoting meaningful coherence-based connections. This
thresholding process focused the analysis on impactful relationships, reducing noise
and allowing for the examination of robust connectivity patterns that reflect significant
network structure.

The threshold value of 0.2 was selected based on empirical testing and the existing
literature. This value is frequently employed in dynamic functional connectivity studies to
optimize the inclusion of significant connections while reducing noise [48]. A threshold
of 0.2 guarantees the retention of only the most robust and dependable PLV, which has
demonstrated a stable representation of functional connectivity patterns.

Graph-theory-based connectivity analysis was conducted to examine the structure and
organization of functional brain networks derived from EEG coherence matrices. Key graph
properties were computed and compared between social and non-social cue conditions.
This analysis provided insights into the organizational structure of brain networks and
highlighted connectivity patterns that varied between the two conditions, allowing for a
deeper understanding of functional brain network differences.

Graph Theory Metrics

To assess brain network organization under social and non-social cueing conditions,
the following graph theory metrics are computed:

The clustering coefficient measures the tendency of nodes to create closely connected
clusters, indicating local connectivity within the network. This metric was chosen to evaluate
the local integration of cerebral regions. Increased clustering coefficients in the social cue
condition may indicate enhanced local integration and more effective information processing.

Path length: The path length represents the average minimum distance between all
pairs of nodes within the network, functioning as a measure of overall network efficiency.
The diminished path lengths in the social cue condition indicate a more efficient network
architecture, promoting rapid communication between brain regions.

Degree distribution: Degree distribution indicates the quantity of connections (edges)
linked to each node. This metric was examined to ascertain if social cues affected the overall
connectivity of brain networks. A higher average degree in the social cue condition may
indicate improved overall integration among brain regions.
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Modularity measures the degree to which a network can be divided into separate
communities or modules, reflecting functional specialization. This metric would indicate
whether social cues facilitate modular organization within brain networks.

Thresholding and analysis: Connectivity matrices were subjected to thresholding to
preserve the top 20% of the most robust connections, as indicated by the existing literature.
This facilitated the retention of critical edges while diminishing noise. Metrics of graph
theory were computed for both social and non-social conditions to investigate alterations
in brain network organization according to cue type.

2.4. Deep-Learning-Based Connectivity Analysis

To analyze the EEG data (using deep learning) from the VR working memory tasks,
three types of input data were utilized: raw EEG data, phase-locking matrices, and leading
eigenvectors derived from LEiDA. Each type of data was processed and classified using
deep learning techniques to determine the efficacy of different feature sets in distinguishing
between social and non-social cueing conditions.

Techniques for Model Validation:

i The dataset was divided into an 80-20 training and testing set to assess model per-
formance on novel data. This division guarantees the segregation of data utilized for
model training and performance assessment.

ii ~ Cross-validation: Cross-validation was contemplated but ultimately disregarded
due to computational constraints and the substantial sample size, which facilitated
dependable generalization with the selected train-test methodology. To verify model
stability, several training iterations utilizing various random seeds, ensuring uniform
performance throughout these iterations, were conducted.

iii ~ Early stopping: An early stopping criterion was employed during training to avert
overfitting. The training process concluded when validation accuracy failed to enhance
for five successive epochs.

iv. Mitigation of Overfitting:

Regularization: Dropout layers with a rate of 0.5 were incorporated into the convo-
lutional neural network (CNN) architecture to randomly deactivate neurons during
training, thereby mitigating overfitting.

Batch normalization: Batch normalization layers were employed to enhance stability
and accelerate training by normalizing inputs for each mini-batch.

Performance metrics: The model’s efficacy was evaluated through metric of accuracy
to confirm that the elevated accuracy was not due to overfitting to particular data
patterns.

v Examination of Possible Overfitting:

The performance attained by the CNN model is recognized and has been underscored
in the Discussion section as warranting careful interpretation Additional validation
using independent datasets in subsequent studies is advocated to ascertain the model’s
generalizability.

The dataset comprised EEG-derived phase-locking matrices and leading eigenvectors
gathered across multiple time points, yielding an adequate number of samples for train-
ing. This sample size allowed the CNN to discern intricate connectivity patterns while
minimizing the risk of overfitting or underfitting.

Table 1 provides an overview of the CNN model architecture, detailing each
layer’s parameters, including the number of filters, kernel size, activation functions, and
dropout rates.
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Table 1. CNN model architecture and parameters.

Layer Type Number of Filters Kernel Size Activation Function Pool Size Dropout Rate
ConvlD Convolution 64 3 ReLU - -
MaxPooling1D Pooling - - - 2 -
Dropout Regularization - - - - 0.5
Flatten Reshape - - - - -
Dense Fully Connected 100 - ReLU - -
Output Fully Connected 1 - Sigmoid - -
2.4.1. Raw EEG

A 1D-CNN was employed to process the raw EEG signals. This decision was made
to leverage the temporal structure inherent in EEG time-series data. The input size for
raw EEG signals was [47 subject, 64 channels]. Raw EEG data underwent an inspection
to eliminate channels exhibiting excessive noise or consistently subpar signal quality. The
dataset preprocessing analysis was explained in more detail in [44].

Then, the data were divided into training and test sets, ensuring that the training set
contained 80% of the data and the test set contained the remaining 20%. The model was
compiled using the binary cross-entropy loss function, the Adam optimizer, and accuracy
as the performance metric. It was trained for 10 epochs with a batch size of 10 and a
validation split of 20%.

2.4.2. Phase-Locking Matrices

The PLV quantifies the synchronization of oscillatory activity between two brain re-
gions, serving as a measure of functional connectivity. DFC can be evaluated by calculating
PLV across consecutive time windows, thereby capturing the temporal progression of brain
network states [26].

The phase-locking matrices were computed from the preprocessed EEG data using
the Hilbert transform. The dPL matrices were then used as input for the deep learning
model, following the same preprocessing, splitting, reshaping, and training procedures as
described for the raw EEG data.

Despite being 2D connectivity matrices, 1D convolution was applied to each row
(or column) of the matrix. This choice was made to simplify computational requirements
while still capturing meaningful connectivity patterns. Each dPL was reshaped into a 1D
vector (flattened row by row) and fed into the network.

2.4.3. Leading Eigenvectors from LEIDA

LEiDA was applied to the dPL matrices to extract the leading eigenvectors, which
represent the most dominant patterns of connectivity in the brain at each time point. These
eigenvectors were then combined across all subjects and time points to form the input data
for the deep learning model.

As with the other data types, the eigenvectors were normalized, split into training and
test sets, reshaped, and used to train the CNN model.

A deep learning technique was utilized to analyze EEG data, employing a CNN to
classify data based on social and non-social cues. This method involved preprocessing EEG
data, extracting phase-locking matrices, and deriving leading eigenvectors through LEiDA.
The CNN model was trained to identify patterns associated with each cue type, providing
a robust classification framework.

The step where the leading eigenvectors are obtained from all subjects for each time
step produces a single dPL matrix, resulting in one leading eigenvector. Consequently, a
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total of #subjects x #samples 1D eigenvectors are generated. This output is then used as
input to the CNN from LEiDA.

2.4.4. Managing Multiple Comparisons

To mitigate the probability of Type I errors resulting from multiple analyses
(e.g., LEiDA, graph theory, and deep learning), suitable correction methods have been
employed. In particular:

e LEIDA Evaluation:

FDR correction was utilized to adjust p-values for multiple comparisons in the statistical
analysis of occupancy across dynamic brain states under social and non-social conditions.

The revised p-values are now clearly presented in the Results section for each network
state derived from LEiDA.

e  Analysis of Graph Theory:

In graph metrics (e.g., clustering coefficient, path length, and degree distribution),
where multiple metrics were evaluated, Bonferroni correction was utilized to adjust for
the quantity of metrics examined. This conservative methodology guarantees that only
markedly significant differences are disclosed.

e  Analysis of Deep Learning:

In deep learning analysis, assessing model performance, such as classification accuracy,
renders adjustments for multiple comparisons unnecessary.

3. Results

3.1. Leida Analysis Results
Connectivity Matrix Heat Maps

See Figure 5 for connectivity matrix heat maps illustrating brain network synchro-
nization patterns. Elevated PLVs in specific regions indicate that social cues may enhance
neural coherence, activating brain regions associated with social cognition and memory
processing. This observation corresponds with the current literature indicating that social
stimuli augment functional connectivity within networks dedicated to social processing.

The exploration of dFC in a VR setting illuminated distinct behavioral responses
in working memory when influenced by social versus non-social cues. By analyzing
brain network interactions over time, significant variability and temporal characteristics in
functional connectivity were identified, as depicted in Figure 5. The key findings of the
presented analysis are as follows.

1.  Consistency across models: The results consistently demonstrated specific brain
states that distinguish responses to social cues from non-social cues across various
partitioning schemes. This observation highlights the reliability of certain dynamic
brain states in reflecting differences in cognitive processing related to cue type.

2. Identified states: A particular dynamic state was identified, the seventh, which
showed significantly increased engagement in individuals exposed to social cues.
This state is characterized by enhanced connectivity within networks that are typically
involved in self-referential and memory-processing functions. The significance of this
state is further elaborated in Figure 5, which shows the associated statistical results.

3. Role of specific regions: The analysis identified the precuneus as a crucial node across
different dynamic states, underscoring its versatile role in facilitating connections and
transitions between networks. Its varied involvement across states emphasizes its
potential impact on how social and non-social cues are processed in working memory
within a VR context (Figure 6).
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Figure 5. Repertoire of functional network states assessed with LEiDA and association to working
memory. For a clustering solution of k = 8, PL State #7 is significantly correlated with enhanced
working memory scores (p = 0.0156, (* refers to the significant p-value)), highlighted in a red color
in the row of probabilities. The error bars represent the standard error of the mean across all
47 participants. These results underscore the role of DFC when clustered into 8 states in understand-
ing the neural underpinnings of working memory, because the states and their connectivity after
clustering results are the representation of dynamic function connectivity during the working mem-
ory tasks. Heat maps of the connectivity matrix display phase-locking values (PLVs) between EEG
channels under social and non-social cue conditions. Warmer hues signify elevated PLVs, denoting
enhanced functional connectivity among brain regions. Examining the variations in connectivity
patterns between the two conditions may elucidate areas of increased synchronization in reaction to
social cues, thereby corroborating the hypothesis of cue-specific brain network activation (the nodes
represent the electrode locations).
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Figure 6. Cont.
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Figure 6. PL state 7 significantly differs for social compared to non-social working memory dynamic
response. (Top) PL state is represented in the cortical space, where functionally connected brain
regions (represented as spheres) are colored in blue. (Middle) PL states are also represented as
the outer product of V¢, which is a 64 x 64 matrix representing the number of electrode regions.
(Bottom) Significant (p-FDR < 0.05) differences in the percentage of occurrence between social
compared to non-social working memory dynamic response. Dots represent individual data points;
dark bars indicate the standard error of the mean. Analysis via non-parametric permutation-based
t-test (N = 47 participants) (* refers to the significant p-value).

Although State 7 exhibited a statistically significant disparity in standard error across
conditions, this result possesses limited predictive efficacy owing to the model’s moderate
classification accuracy. This outcome indicates that although variability in connectivity
patterns is present, the observed difference may not entirely represent distinct brain states
for social compared to non-social cues.

3.2. Graph Theory Analysis Results
Graph Representations

Graph representations of connectivity networks exhibit notable differences in cluster-
ing and degree distribution across conditions. The elevated clustering coefficient noted
under social cues suggests a more cohesive network architecture, likely enhancing effective
neural communication. This structural variation substantiates the hypothesis that social
cues may influence brain connectivity, fostering a network architecture favorable to intricate
social and cognitive processing. The results are presented in Figure 7.

Table 2 delineates the principal metrics contrasting brain connectivity in social and non-
social cue conditions, encompassing coherence values, clustering coefficient, path length,
and degree distribution. This table delineates notable disparities in network properties
under varying conditions, with statistical significance marked where applicable.

The graph theory analysis of the EEG data yielded the following results:

Mean coherence values: The t-statistic and p-value indicate no significant difference in
mean coherence values between the two groups.

Average clustering coefficient: Both groups have similar average clustering coefficients,
with Group 2 having a slightly higher value, indicating a marginally higher tendency for
nodes to form clusters.

Average path length: The NaN values indicate that the graphs for both groups are not
fully connected, meaning there are disconnected components.

Degree distribution: The significant t-statistic and small p-value indicate that Group
2 has a higher average degree of connectivity among channels compared to Group 1,
suggesting differences in network organization (Figure 7).
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Figure 7. Graphical representations of brain connectivity networks under social and non-social cue

conditions. Each node signifies a brain region, while edges indicate substantial coherence-based

connections between regions. Essential network metrics, such as clustering coefficient and degree

distribution, are presented to highlight the structural disparities in network organization across

conditions. A more compact or clustered network architecture indicates improved integration within

specific brain networks in reaction to social stimuli.

Table 2. Key results of brain connectivity analysis for social vs. non-social cue conditions.

Metric

Social Cue Condition

Non-Social Cue Condition Statistical Significance (p-Value)

Mean Coherence Value

X (e.g., 0.45 % 0.05)

Y (e.g., 0.42 & 0.06) p=0336

Average Clustering Coefficient X (e.g., 0.375) Y (e.g., 0.391) Not significant
Average Path Length NaN NaN -
Degree Distribution X(e.g.,52+£1.1) Y (e.g., 7.3 £1.3) p =0.003
PL State 7 Occurrence Increased in Social Cues Lower in Non-Social Cues p <0.05
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3.3. Deep Learning Analysis Results
The analysis of the three types of input data yielded the following results:

e Raw EEG data: The CNN model trained on raw EEG data achieved an accuracy of
50-70%, indicating moderate discriminative power between the social and non-social
cueing conditions. The performance evaluation of the CNN model revealed an accuracy
range of 50% to 70% across various iterations. This range indicates fluctuations resulting
from various factors, such as distinct random initializations of model parameters and
minor discrepancies in the input data during each execution. By presenting an accuracy
range, a realistic representation of the model’s performance variability was offered,
considering the inherent randomness in training methodologies and dataset sampling.

e  Phase-locking matrices: Similar accuracy results (50-70%) were obtained when using
the phase-locking matrices as input, suggesting that this feature set captures relevant
information about the brain’s connectivity patterns but does not significantly improve
classification performance over raw EEG data.

e Leading eigenvectors from LEiDA: The most striking result was obtained with the
leading eigenvectors derived from LEiDA, where the CNN model achieved an accu-
racy of around 99%. This high accuracy demonstrates that the leading eigenvectors
are highly effective in distinguishing between the two cueing conditions, capturing
the most salient features of the brain’s dynamic connectivity patterns.

The CNN model demonstrated consistent performance across various runs with
different random seeds, validating its robustness and stability. The final model achieved
high accuracy on the test set, affirming the reliability of the results derived from the chosen
train—test split. The early stopping criterion mitigated overfitting, as stable accuracy was
noted after 10 epochs. The findings suggest that the dataset size and selected validation
method established a robust framework for EEG classification.

4. Discussion

The results reveal that social cues not only trigger unique network states but also
sustain these states for longer durations compared to non-social cues. This prolonged
engagement with specific brain states suggests deeper cognitive processing or enhanced
memory retention triggered by social interaction. The role of the precuneus highlighted
in this research underscores its importance in integrating social information and memory
processes. This finding suggests that social cues may engage more complex integrative
cognitive mechanisms than previously understood, potentially enhancing the efficacy of
memory encoding and retrieval by leveraging social context. This implies that the human
brain may prioritize socially relevant information as a mechanism evolved to enhance
cooperative interactions, which are critical in complex social environments.

The graph theory analysis reveals key differences in the functional brain networks be-
tween the two groups. While the mean coherence values and average clustering coefficients
are not significantly different, the distribution of degrees shows a significant difference,
with Group 2 exhibiting higher connectivity. This suggests that the functional organization
of the brain networks in Group 2 is more densely connected compared to Group 1. The
absence of fully connected graphs (as indicated by the NaN average path lengths; see
Table 1) highlights the presence of disconnected components, which could be due to the
inherent variability in EEG data or task-specific influences.

These findings underscore the importance of using graph theory analysis to uncover
subtle differences in brain connectivity that may not be apparent through traditional
coherence measures alone. The higher connectivity in Group 2 may reflect more efficient
neural communication or greater integration of neural processes during the task.
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The utilization of graph-theory-based connectivity analysis allowed me to detect subtle
variations in the functional brain networks across different cueing conditions. The exami-
nation of network characteristics, including clustering coefficient and degree distribution,
revealed the unique organizational patterns of brain connectivity in reaction to social com-
pared to non-social stimuli. This indicates that social interactions may promote denser and
more interconnected brain networks, potentially improving cognitive processing. These
findings correspond with earlier research suggesting that densely interconnected networks
may facilitate effective neural communication and cognitive involvement, especially in
tasks related to social cognition.

The findings of this study underscore the significant role of social cues in enhancing
cognitive processes through dynamic neural network modulation within a VR context.
Employing LEiDA on EEG data, distinct patterns were discerned of brain connectivity that
differentiate responses to social versus non-social cues. The novel application of LEiDA
highlighted dynamic states correlating with varying performance in VR working memory
tasks, enriching our understanding of the neural substrates involved in the cue-based
modulation of brain networks.

The findings from this analysis highlight the effectiveness of using leading eigenvec-
tors from LEiDA in deep learning models to classify EEG data. The superior performance
of the LEiDA-derived features suggests that they encapsulate critical information about the
brain’s dynamic states that is not as readily apparent in the raw EEG data or phase-locking
matrices. The moderate accuracy of the raw EEG data and phase-locking matrices indicates
that while these features contain relevant information, they may also include noise or
less discriminative features, which can hinder the classification performance. In contrast,
LEiDA focuses on the most dominant connectivity patterns, providing a more robust and
noise-resistant feature set for classification.

These results underscore the potential of LEiDA as a powerful tool for analyzing
EEG data in cognitive neuroscience, particularly in studies involving complex tasks and
conditions such as those involving social and non-social cues in a VR environment. The
ability to achieve near-perfect classification accuracy with LEiDA-derived features paves the
way for more nuanced and detailed investigations into the neural mechanisms underlying
cognitive processes and their modulation by different types of cues.

The substantial disparity in the standard error of the mean for State 7 (see Figures 5 and 6),
notwithstanding its statistical significance, resulted in poor predictive efficacy in differentiating
social from non-social cues. This constraint may stem from the model’s moderate classification
accuracy, suggesting that supplementary features or more sophisticated modeling techniques
may be necessary to discern finer distinctions in brain state connectivity.

Conversely, there is currently no directly comparable study in the literature, as no prior
brain connectivity research has utilized the specific dataset employed in this study. Ref. [49]
provides a comprehensive review of various approaches used to assess brain functional
connectivity with EEG data, covering pairwise and multivariate connectivity metrics across
time, frequency, and information-theoretic domains, and discussing their respective strengths
and limitations. This work informed the broader context for the presented study, offering a
comparative foundation for the methodologies. Consequently, this research is the first to apply
connectivity analysis using EEG data with the LEiDA method in the literature. Furthermore,
Ref. [50] highlights the diversity of EEG connectivity techniques and proposes a checklist to
assess the quality of these methods, emphasizing the importance of standardization in EEG
connectivity studies. Such standardization enables researchers to align study designs and
findings with established practices in the field. Evaluating this presented work in conjunction
with these prior works can help guide future research and support the attainment of robust
and reliable results in EEG connectivity analysis.
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This study utilized PLV to evaluate DFC from EEG data, reflecting the temporal
progression of brain network states in reaction to social and non-social stimuli. PLV
quantifies the synchronization of oscillatory activity among brain regions, acting as an
indicator of functional connectivity. This method is consistent with prior studies that
employed PLV to examine task-related alterations in neural synchronization [26].

This analysis demonstrated that social cues prompted elevated clustering coefficients
in brain networks, signifying improved local connectivity. This discovery indicates in-
creased cognitive involvement and social processing in response to social stimuli, aligning
with research that has noted comparable patterns of local network integration in social
settings [20].

Furthermore, discrepancies in path length between social and non-social conditions
were noted, indicating variations in global network efficiency. Reduced path lengths
during social cue processing indicate enhanced information transfer within the brain,
consistent with previous studies on functional brain network dynamics during social
interactions [18,20].

The utilization of graph theory metrics, including the clustering coefficient and path
length, offered an in-depth insight into the brain’s functional organization across different
conditions. This methodology has been successfully employed in prior studies to examine
brain connectivity patterns [51].

These findings enhance the expanding literature on the neural mechanisms of social
cognition. This study illustrates that social cues can influence both local and global brain
network characteristics, providing insights into the brain’s dynamic adaptation to social
information. These findings align with current research highlighting the significance of
network flexibility in social cognitive processes [52].

To guarantee the reliability of my results, stringent corrections for multiple com-
parisons were implemented. The application of FDR correction in the examination of
LEiDA-derived network states guaranteed that notable differences in occupancy were not
attributable to random variation. Likewise, the Bonferroni correction utilized in graph
theory metrics reduced the likelihood of Type I errors while upholding a conservative
stance on statistical significance.

A principal limitation of EEG is its inferior spatial resolution relative to fMRI, which
complicates the precise localization of neural sources associated with dynamic brain states.
This limitation stems from the inverse problem associated with EEG, wherein neural
sources must be deduced from signals captured on the scalp. Although LEiDA was initially
developed for fMRI data, which provide accurate spatial localization, its use in EEG may
lead to reduced spatial specificity.

To mitigate these limitations, various measures were instituted in this study. Pre-
processing methods, such as independent component analysis (ICA), were employed
to remove noise and artifacts, thus enhancing signal quality. Furthermore, coherence-
based connectivity analysis was utilized to enhance network definitions. The application
of high-density EEG (64 channels) enhanced spatial resolution, enabling a more precise
representation of extensive brain networks.

Notwithstanding these measures. It is recognized that the diminished spatial resolu-
tion of EEG may influence the interpretation of particular findings, especially concerning
the localization of specific network nodes, such as the precuneus. The principal eigenvector
obtained from dPL matrices signifies a global connectivity pattern rather than specific
spatial origins, requiring careful interpretation of network localization.

This study’s findings indicate that social cues in VR environments improve cognitive
engagement and task performance by fostering more integrated brain network states.
These findings possess significant implications for cognitive rehabilitation and immersive
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education. The observed enhancements in behavior and neural patterns linked to social
cues may guide the creation of VR-based interventions aimed at social cognition and
working memory.

These findings corroborate earlier research (e.g., Refs. [9,11]—no real-life dataset was
used for comparison in these studies), which has established the effectiveness of VR in
replicating authentic social interactions. It is recognized that the regulated characteristics
of the VR environment and the restricted scope of tasks in this study may not adequately
represent the intricacies of genuine social interactions and learning environments. Individ-
ual differences, task complexity, and environmental variability in real-world contexts may
affect the generalizability of these findings.

The application of LEiDA in this research signifies a notable progression in the ex-
amination of dynamic brain network states during real-time social interactions. By con-
centrating on the principal eigenvectors of phase-locking matrices, LEiDA elucidates the
predominant connectivity patterns at each temporal juncture, facilitating the recognition
of ephemeral network states that are challenging to discern through conventional tech-
niques. This method offers essential insights into the neural mechanisms of social cognition,
facilitating future research on dynamic functional connectivity in real-world contexts.

This study integrates VR with EEG-based dynamic connectivity analysis, effectively
linking ecologically valid experimental designs with high-resolution neural data collection.
The identification of unique dynamic brain network states during social interactions in
VR establishes a framework for investigating social cognition in more realistic contexts,
facilitating future research and therapeutic applications.

5. Conclusions

This research substantially enhances our comprehension of the dynamic neural mech-
anisms that govern working memory, especially in VR settings. Through the application
of LEiDA to EEG data analysis, the modulation of brain connectivity by social cues was
illustrated, uncovering distinct network states and highlighting the potential of VR for
investigating intricate cognitive phenomena. The integration of LEiDA with deep-learning-
and graph-theory-based connectivity analysis has augmented our cognitive neuroscience
toolkit, improving the precision of brain state classification and offering structural insights
into network organization under diverse cognitive demands.

The integration of DFC analysis, deep learning, and graph theory enabled me to eluci-
date both temporal and structural brain dynamics, providing a comprehensive understand-
ing of cognitive function modulation in VR. This multi-method approach demonstrates
the distinct impact of social cues on brain connectivity and underscores the importance
of analyzing transient states to enhance the understanding of cognitive resilience, adapt-
ability, and performance, particularly in dynamic environments. This dynamic viewpoint
transcends conventional static metrics, facilitating the identification of biomarkers and
therapeutic targets for cognitive resilience and neurorehabilitation.

This study elucidates dynamic interactions, thereby advancing our comprehension of
social processing in the brain and paving the way for tailored interventions to modulate
specific neural dynamics. This holistic method indicates potential uses in cognitive reha-
bilitation, immersive educational settings, and therapeutic strategies adapted to changing
neural patterns linked to psychiatric and neurological disorders.

These findings underscore the potential of VR as a medium for investigating dynamic
brain network states in ecologically valid environments. Future research should investigate
the evolution of these states over extended interaction durations and determine if analogous
patterns are present in clinical populations, such as individuals with autism spectrum
disorder or social anxiety.
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Moreover, the elevated accuracy attained by the CNN model is recognized, and it
has been underscored in the Discussion section that this performance warrants careful
interpretation. Additional validation using independent datasets in subsequent studies is
advocated to ascertain the model’s generalizability.

Future research should incorporate a comprehensive outlier analysis to enhance the
validation of the findings. Such analyses could enhance the robustness and generalizability
of the results, particularly in studies involving dynamic neural connectivity. Systemati-
cally addressing potential data deviations enhances the reliability of interpretations and
facilitates comparisons with other research in the field.
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Abstract: Background: In the last few years, transcranial alternating current stimulation (tACS)
has attracted attention as a promising approach to interact with ongoing oscillatory cortical activity
and, consequently, to enhance cognitive and motor processes. While tACS findings are limited by
high variability in young adults” responses, its effects on brain oscillations in older adults remain
largely unexplored. In fact, the modulatory effects of tACS on cortical oscillations in healthy aging
participants have not yet been investigated extensively, particularly during movement. This study
aimed to examine the after-effects of 20 Hz and 70 Hz High-Definition tACS on beta oscillations both
during rest and movement. Methods: We recorded resting state EEG signals and during a handgrip
task in 15 healthy older participants. We applied 10 min of 20 Hz HD-tACS, 70 Hz HD-tACS or
Sham stimulation for 10 min. We extracted resting-state beta power and movement-related beta
desynchronization (MRBD) values to compare between stimulation frequencies and across time.
Results: We found that 20 Hz HD-tACS induced a significant reduction in beta power for electrodes
C3 and CP3, while 70 Hz did not have any significant effects. With regards to MRBD, 20 Hz HD-tACS
led to more negative values, while 70 Hz HD-tACS resulted in more positive ones for electrodes C3
and FC3. Conclusions: These findings suggest that HD-tACS can modulate beta brain oscillations
with frequency specificity. They also highlight the focal impact of HD-tACS, which elicits effects on
the cortical region situated directly beneath the stimulation electrode.

Keywords: tACS; aging; MRBD; EEG; movement; beta oscillations; non-invasive brain stimulation

1. Introduction

Advanced age often comes with a decline in sensorimotor control and functioning
that affects the ability to perform activities of daily living. Indeed, it has been shown that
movements become slower and/or less accurate and more cognition-dependent as we
age [1]. Motor declines overall significantly impact motor independence, which is essential
for older adults” quality of life and interactions with their environment. Additionally,
behavioral evidence indicates that aging is frequently linked to slower movements, reduced
capacity for learning new motor skills, and diminished ability to adjust a movement
plan after initiation [2]. In fact, Mild Parkinsonian Symptoms (MPSs), such as rigidity,
bradykinesia, and tremor, are commonly diagnosed during clinical examination of older
adults who do not have a diagnosed neurological disease [3].

Advances in neuroimaging techniques have made contributions to a better under-
standing of the aging brain. For instance, aging impacts brain structure, leading to a
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decrease in gray and white matter volume, along with an increase in cerebrospinal fluid in
ventricles, fissures, and sulci [4,5]. These aging-related processes affect almost the entire
cortex and underlying white matter, with a steeper decline in the primary motor cortex
(M1) and frontal subcortical white matter [6]. For instance, aging is also associated with
a complex pattern of atrophy [7], demyelination [8], free tissue water, and iron reduction
within somatosensory and motor areas [6]. Moreover, age-related atrophy of motor cortical
regions and the corpus callosum has been shown to coincide with motor declines such as
balance gait deficits and coordination deficits [9].

Sensorimotor cortex oscillations measured by electroencephalography (EEG) in the
beta band (13-30 Hz) are a predominant feature of movement production and have been
shown to be generated by local field potentials within the motor cortex [10]. Beta oscillations
exhibit a robust pattern of movement-related changes, such as pre-movement beta Event-
Related Desynchronization (ERD), Movement-Related Beta Desynchronization (MRBD),
and post-movement beta Event-Related Synchronization (ERS) or beta rebound [11,12]. In
terms of how these oscillations relate to motor performance, an association between MRBD
and the accuracy with which subjects performed a bimanual task has been demonstrated,
where subjects with more negative MRBD values exhibited worse task performance [13].
Greater MRBDs were also shown to correlate with a longer movement duration to complete
a finger-tapping sequence [14]. In older adults, a greater (i.e. more negative) MRBD in both
motor and premotor areas has been observed in subjects performing cued finger button
presses [15,16] and handgrip tasks [13]. Additionally, older age has been associated with
greater baseline beta power (15-29 Hz) at rest [17], suggesting that the alterations in brain
structure and biochemistry during aging could be the reason behind the observed altered
neural activation patterns. Given the association between movement production and beta
band features, there is a high interest in modulating these oscillations non-invasively to
improve motor ability and performance in older adults.

Transcranial alternating current stimulation (tACS) is a non-invasive brain stimulation
(NIBS) technique that can alter oscillatory brain rhythms through synchronization of
neural networks in a frequency-dependent manner [18]. This method is believed to entrain
endogenous brain oscillations through the synchronization of two oscillatory systems
that occurs when a driving external oscillatory force coordinates with another oscillating
system [19-22]. The effects of tACS depend on key parameters: stimulation location,
intensity, and frequency [23]. In terms of location, the acquisition of motor skills is linked to
a number of cortical and subcortical brain regions, but among these, M1 is thought to play a
central role [24-27], making it a popular target for neurostimulation. Regarding intensity, it
is generally set between 1 mA and 2 mA because it is well tolerated and it has been shown
to modulate cortex excitability and alter cognitive function [28]. Additionally, using higher
intensities raise concerns about safety and side effects [29]. Regarding frequency, motor
cortex activity during movement predominantly oscillates at 20 Hz (beta band) [30] and
70 Hz (gamma band) [31]. Beta band activity within the motor system has been linked to
an antikinetic role, as it is associated with slower voluntary movements in both healthy
individuals [21,32,33] and those with motor disorders [34]. A reason for this may be that,
in the cortex-basal ganglia circuit, beta activity is associated with promoting tonic rather
than voluntary movement [35,36]. Also, motor impairments in Parkinson’s disease (PD)
have also been linked to elevated beta band activity in the motor cortex and subthalamic
nucleus [37]. In contrast, gamma band activity is thought to be prokinetic, as it increases
in the basal ganglia—cortical motor circuit during voluntary movement [38]. Behaviorally,
the use of 20 Hz tACS has been shown to slow voluntary movement, while 70 Hz tACS
enhances motor learning along with an increase in beta power [32]. However, these results
involved participants in the younger range (32.7 & 6.8 years) and the influence of these
tACS frequencies on aging-related brain neural activity has not yet been studied.

Other NIBS techniques, such as transcranial direct current stimulation (tDCS), have
been shown to have greater effects on motor performance when applied during a motor
task, a technique often called online stimulation, compared to before the motor task [39].
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There is also evidence that applying tDCS during practice triggers effects that outlast
the stimulation period and facilitate neuroplasticity [28]. Previous studies have reported
mixed results regarding the effects of NIBS on young adults, and these results cannot be
easily transferred to older adults. The stimulation sites and frequencies that modulate
brain oscillatory activity in young adults may not result in the same effect in older adults,
and functional reorganization of the aging brain may be an explanation [40].

In recent years, standard double-electrode tACS has shown limitations in controlling
the stimulation focus and intensity. The use of different electrode montages, such as High-
Definition tACS (HD-tACS), has allowed more precise stimulation control. Prior research
has indicated that HD-tACS yields a more pronounced focalization of its effects through
multiple smaller electrodes, possibly resulting from reduced distribution of the electrical
field compared to conventional tACS [41,42]. Notably, online HD-tACS, applied during a
motor task, induces phase- and frequency-dependent effects on cortical excitability [43,44].

After-effects on brain oscillations are a common outcome following tACS [45]. For in-
stance, 10 Hz tACS stimulation of the parieto-occipital area resulted in an enhancement
of the EEG-recorded alpha amplitude during the stimulation and this effect was seen to
last at least 30 min after a 10 min stimulation period [46,47]. Other NIBS techniques, such
as tDCS, have induced long-lasting excitability elevations in the human motor cortex [48],
and in animals, a stimulation period of 5 to 30 min causes an effect lasting for hours after
the end of stimulation [49].

This study aims to explore the after-effects of 70 Hz and 20 Hz HD-tACS on beta brain
oscillatory patterns in healthy older adults. Based on the previously mentioned effect of
tACS on motor performance on younger cohorts and how their beta brain oscillations differ
from older ones, we hypothesized that 70 Hz HD-tACS would decrease resting-state beta
power and promote a more positive MRBD (lower desynchronization). Conversely, we
hypothesized that 20 Hz HD-tACS would increase beta power at rest and induce more
negative MRBD (higher desynchronization).

2. Materials and Methods
2.1. Participants

In this single-blinded, sham-controlled study, 15 healthy individuals (7 males and
8 females) over 65 years old (age criteria as suggested by the Organization for Economic
Co-operation and Development [50]) were recruited via advertisements. All participants
signed a written informed consent form and were compensated for their participation.
Inclusion criteria included having right-hand dominance as assessed through The Edin-
burgh Handedness Inventory [51] and scoring higher than 3 in the Mini-Cog Test [52]. We
excluded subjects who had a personal history of neurological and psychiatric disorders, had
any contraindications related to HD-tACS assessed through our NIBS safety questionnaire,
and had received tDCS or tACS in the previous three months. Participants completed the
following motor performance upper limb screening assessment tests: Box and Block Test
(BBT) [53], Purdue Pegboard Test (PPT) [54], and Handgrip Strength (HGS) [55].

2.2. Experimental Design

The paradigm flow is shown in Figure 1. There were 3 experimental sessions in addi-
tion to the eligibility visit. A 64-channel EEG system (Brain Products, Gilching, Germany)
was used to collect data, and stimulation was delivered using an EEG-compatible HD-tACS
device (Soterix Medical, Woodbridge, NJ, USA). Baseline EEG at rest was recorded for
5 min, during which participants were seated in front of a screen displaying a centered
white cross. They were asked to relax, look at the cross, and stay as still as possible. Dur-
ing the handgrip task, participants held a grip force response dynamometer with their
right hand. They were required to squeeze a hand-clench dynamometer (BIOPAC, Goleta,
CA, USA), which produced a linear force measurement output based on the pressure
applied with the hand. A blue bar moved up and down according to the gripping force
produced by the participants, who were asked to reach a red bar higher up as fast and
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accurately as possible. The force required to reach the target was 15% of their maximum
voluntary contraction (MVC), which they had to hold for 4 s with an interval of 8-10 s
resting between each handgrip (Figure 2). The handgrips were repeated 50 times (10 min).
The hand dynamometer was connected to a BIOPAC system that converted the input to
electrical signals. The signals were then transferred to a recording computer that displayed
the force that was being applied by the participant in real time. Participants practiced until
they understood the goal of the task (10 trials).

20 Hz HD-tACS
OR

70 Hz HD-tACS
OR

Sham
R E=

Resting state | Handgrip |-> Handgrip F» Resting state | Handgrip F} Resting state | Handgrip

EEG task EEG task EEG EEG task EEG EEG task EEG
5 min 50 trials 50 trials 5 min 50 trials 5 min 50 trials
(10 min) (10 min) (10 min) (10 min)

Figure 1. Schematic of the experimental timeline. Participants attended three different experimental
sessions (each separated at least by a week), two active HD-tACS sessions (20 Hz and 70 Hz), and
one Sham (control) session. Sessions were counterbalanced across participants. Each session started
with baseline EEG recording for 5 min at resting state followed by 50 trials of the handgrip task.
After that, active or Sham HD-tACS stimulation was applied while performing another 50 trials of
the handgrip task. Resting-state EEG and handgrip-task EEG were performed again 15 min and
45 min post-tACS/Sham.

Resting-state

4 sec

Stimulation electrodes
attached to EEG cap

HD-tACS

Figure 2. Computer screens showing the paradigm to the participant. During resting state, the

participant looked at a black screen with a white cross in the center for 5 min. During the handgrip
task, one trial consisted of reaching a threshold (red line inside the white bar), which was set to
15% of their maximum voluntary contraction, with a dynamometer using their right hand and
staying on that threshold for 4 s. Each trial was followed by an inter-trial resting interval of 8 to 10 s.
The stimulation electrodes that delivered HD-tACS were positioned on 5 recording electrodes over
left M1 (anode: C3; cathodes: FC5, FC1, C3, CP5, and CP1).

After the baseline recordings, participants received either 20 Hz, 70 Hz HD-tACS,
or Sham stimulation for 10 min while repeating the 50 handgrip task as EEG signals
were simultaneously recorded. The order in which participants received the type of
stimulation was randomized. After the stimulation ended, participants were asked to fill
out a questionnaire to monitor the following possible adverse effects of HD-tACS: headache,
neck pain, scalp pain, tingling, itching, burning sensation, skin redness, sleepiness, trouble
concentrating, and acute mood change [56]. Participants were also asked if they thought
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the stimulation was active or sham to assess for protocol blindness. EEG recordings (rest
and handgrips) were repeated 15 and 45 min after stimulation ended.

2.3. Data Acquisition and Pre-Processing

EEG signals were amplified and sampled at 2500 Hz. All electrodes were referenced
to FCz. Electrode impedances were kept below 20 k(). HD stimulation was delivered by a
current regulator (Soterix Medical, Germany). The EEG cap covered the individual’s entire
scalp, but the stimulation was delivered at pre-selected electrodes over the left sensorimotor
cortex, with a target on M1 [28]. The anode was located in electrode C3 and the cathodes in
FC5, FC1, CP5, and CP1. The stimulation lasted 10 min and it was delivered in the form of a
sinusoid waveform with a peak-to-peak value of 1 mA and frequencies of 20 Hz and 70 Hz.

Offline EEG data were pre-processed using the Brainstorm MATLAB toolbox (version
September 2024) [57]. Electrodes with an atypical power spectrum density were rejected
from analysis. The rest of the EEG data were filtered (0.5-100 Hz bandpass, 60 Hz notch),
resampled at 250 Hz, and then re-referenced to an average reference. Noisy segments (e.g.,
muscle, head, and jaw movement artifacts) were rejected by visual inspection. Independent
components analysis (ICA) was used to identify and remove eye movement, muscle,
and heart artifacts. Criteria for rejection included components’ topography and time
history [58].

2.4. Data Analysis
2.4.1. Behavioral Scores

Desrosiers et al. [59] developed predictive equations for PPT scores based on normative
data resulting from their study. The normative data portion of the study involved 360 healthy
participants over the age of 60 years. Student’s t-tests were used to determine if the predicted
scores were significantly different from the scores obtained by our participants.

2.4.2. Resting-State EEG

Signals from the resting state recording were epoched in 5 s segments (n = 51 + 5.95/recording).
EEG signals were convoluted using a Morlet wavelet transformation with a frequency range
from 1 Hz to 55 Hz with 1 Hz steps (time resolution = 3 s; central frequency = 1 Hz) [60].
We further analyzed signals from electrodes FC3, FC1, C5, C3, C1, CP5, CP3, and CP1, since
we were interested in the HD effects over M1 and surrounding areas. We excluded FC5,
since it was a faulty electrode. The beta frequency was extracted (15-29 Hz) and averaged
in this range to calculate the beta power at rest. We selected this range to avoid including
any power from the contiguous alpha and gamma bands.

2.4.3. Motor Task EEG

Signals were epoched from 1 s before to 8 s after the appearance of the blue bar that
triggered the initiation of the handgrips. The first 5 trials were rejected for each subject and
each recording. Additionally, trials were once again visually inspected and if still contam-
inated with artifacts they were manually rejected (n = 35 £ 6.18 trials/recording). EEG
signals were then examined in the time-frequency domain using a Morlet wavelet transfor-
mation with a frequency range from 1 Hz to 55 Hz with 1 Hz steps (time resolution = 3 s;
central frequency = 1 Hz) [60]. Time—frequency maps were averaged within the beta band
(15-29 Hz). MRBD was calculated as follows:

P(t) - B

MRBD =
B

X 100% 1)
where P(t) is the absolute power at time t and B is the mean power of the baseline, which
was defined as 0.9-0.1 s before the start of each trial. MRBD% was averaged over 0.5-3.5 s
after the appearance of the visual cue during sustained contraction at 15% MVC [61].
The analyzed signals were focused on the same electrodes as the resting-state analysis.
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The EEG signals recorded during active HD-tACS were contaminated with very large
artifacts; therefore, they were not included in the analysis.

2.5. Statistical Analysis

Repeated-measures analysis (rmANOVA) tests were conducted for beta features dur-
ing rest and movement, with an a-level of 0.05 and factors Stimulation (20 Hz, 70 Hz,
and Sham) and Time (baseline, post-15 min, and post-45 min). Post-hoc Bonferroni-
corrected [62] t-tests were also used to test for differences across time (before applying
stimulation vs. 15- and 45-min post-stimulation).

3. Results
3.1. Behavioral Assessment

The results from the behavioral assessments are reported in Table 1. The predicted
scores for each of the participants based on their age were calculated according to Desrosiers
et al. [59] (Table 2). There was no significant difference between the predicted scores of this
model and the scores of our participants.

Table 1. Subject characteristics and behavioral scores.

Mean £+ SD Min-Mix
Age (years) 69.7+£42 65-78
Handedness (/100) 94.6 + 6.8 80-100
MiniCog (points) 47405 4-5
BBT Right Hand (blocks) 56.4+55 46-65
BBT Left Hand (blocks) 57.2+6.9 43-65
PPT Right Hand (pins) 134+23 9-17
PPT Left Hand (pins) 120+24 6-15
PPT Both Hands (pins) 104 +£2.0 6-14
PPT Assembly (pins) 26.7+5.1 17-34
HGS Right Hand (kg) 327+11.3 17.6-55.6
HGS Left Hand (kg) 30.7+9.5 15.6-54.3

BBT = Box and Blocks Test, PPT = Purdue Pegboard Test, HGS = Handgrip Strength.

Table 2. Participants” PPT scores (predicted from Desrosiers” [59] model vs. real scores).

PPT Subtests Predicted Real p-Value Cohen’s d
Right Hand 128 £0.8 134+£23 0.136 0.326
Left Hand 12.0+0.7 120+24 0.439 0.048
Both Hands 9.8+0.6 10.4+2.0 0.128 0.358
Assembly 26.7+22 26.7 £5.1 0.493 0.005

PPT = Purdue Pegboard Test.

3.2. Participant Blinding

After the end of the stimulation, participants were asked if they believed they had
received active stimulation and, if they believed they did, at which frequency. For all
the sessions, 33% of participants correctly identified Sham stimulation, and 47% and 33%
correctly identified the 20 Hz and 70 Hz active stimulation, respectively. Cochran’s Q test
did not reveal significant differences between conditions (p = 0.716).

3.3. Effects of HD-tACS on Resting-State Beta Power

First, to test that our baseline measurements were comparable across stimulation
conditions we ran Friedman tests (Table Al). The lack of significant differences supports
the validity of our comparative analyses, as the starting points for each condition were not
significantly different. The analysis of resting-state beta power across electrodes revealed
varied effects of stimulation and time (Table 3. At electrode C3, there was a significant main
effect of Stimulation (F = 0.087, p = 0.016), whereas no significant effects were observed for
Time or the Time x Stimulation interaction. Similarly, electrode CP3 showed a significant
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main effect of Time (F = 3.958, p = 0.030) but no significant effects for Stimulation or
their interaction. All other electrodes (FC3, FC1, C5, C1, CP5, and CP1) demonstrated no
significant main effects or interactions (all p > 0.05).

Table 3. Summary of rmANOVA results for resting-state beta power at each electrode.

. . Main Effect of Time x Stimulation
Electrode Main Effect of Time (E, p) Stimulation (E, p) Interaction (E, p)
FC3 0.751, 0.480 0.303, 0.740 0.207,0.933
FC1 0.800, 0.458 1.654, 0.209 0.492,0.741
C5 0.258,0.773 0.666, 0.521 1.535, 0.204
C3 0.795, 0.461 0.087, 0.016 0.429, 0.786
C1 0.229, 0.796 0.112,0.893 1.458, 0.227
CP5 0.751, 0.481 0.465, 0.632 1.221,0.312
CP3 3.958, 0.030 0.137,0.872 0.849, 0.500
CP1 2.206,0.128 0.371,0.693 0.586, 0.673

Using post hoc t-tests of C3 and CP3 (Bonferroni-corrected) (Figure 3), spontaneous
beta power significantly decreased only 45 min post-20 Hz HD-tACS (p < 0.001 in both
electrodes) but not after 15 min (p > 0.05).

5 Electrode = C3 Electrode = CP3

Stimulation
=@ 20 Hz
-@— 70 Hz
=@®- Sham

Stimulation
-@- 20 Hz
-@- 70 Hz
=@= Sham

Beta Power(x10™13)
Normalized to baseline

Beta Power (x10713)
Normalized to baseline

Baseline Post-15min Post-45min Baseline Post-15min Post-45min
Time Time

Figure 3. Effects of HD-tACS on average beta power at electrode C3 and CP3 normalized to base-
line. Error bars represent standard error. Color indicates stimulation condition: orange = Sham,
purple = 20 Hz, and pink = 70 Hz. (*** = p < 0.001).

3.4. Effects of HD-tACS on MRBD

Baseline measurements were comparable across stimulation conditions as shown in
Table A2. The lack of significant differences supports the validity of our comparative analy-
ses, as the starting points for each condition were not significantly different. The results of
the rmANOVA on MRBD across electrodes are summarized in Table 4. At electrode FC3,
a significant interaction between Time and Stimulation was observed (F = 4.144, p = 0.005),
while no main effects of Time or Stimulation were detected. Similarly, at electrode C3, a sig-
nificant Time x Stimulation interaction was found (F = 2.694, p = 0.040), with no main effects.
At all other electrodes, no significant main effects or interactions were observed (p > 0.05).

The timecourses for MRBD at electrodes FC3 and C3 at the three time points during
the three stimulation sessions can be seen in Figure 4.

Using post hoc t-tests for electrodes FC3 and C3 (Bonferroni-corrected) (Figure 5),
a significant increase in MRBD percentage (more negative) was found 15 min post-20 Hz
HD-tACS for both (FC3: p = 0.039; C3: p = 0.011). Applying 70 Hz HD-tACS elicited a
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decrease in MRBD percentage for both electrodes (FC3: p < 0.001; C3: p = 0.039), which
persisted post-45 min only in FC3 (p = 0.036). There were no significant differences in
MRBD values during Sham stimulation for either of them (p > 0.05).

Table 4. Results of rmANOVA on MRBD at each electrode.

Electrode Main Effect of Time Main Effect of Time x Stimulation
(F, p) Stimulation (F, p) Interaction (F, p)

FC3 0.035, 0.965 1.276, 0.294 4.144, 0.005

FC1 0.577, 0.567 1.049, 0.363 2.367, 0.063

C5 0.492, 0.616 0.866, 0.431 1.896, 0.123

C3 0.616, 0.546 0.964, 0.393 2.694, 0.040

C1 0.079, 0.923 1.759, 0.190 1.271,0.292

CP5 0.189, 0.828 0.827, 0.447 1.561,0.197

CP3 1.449,0.251 1.877,0.171 2.156, 0.085

CP1 0.238, 0.789 0.340, 0.714 0.686, 0.604
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Figure 4. Temporal evolution of MRBD on electrodes that showed significant changes (C3 and FC3)
across the different NIBS (20 Hz HD-tACS, 70 Hz HD-tACS, and Sham). Time zero is motor task
onset and Time 4 is motor task offset. Applying 20 Hz HD-tACS induced a more negative MRBD
only after 15 min and 70 Hz HD-tACS induced a more positive MRBD after 15 min in both electrodes
and after 45 min only on FC3. No changes were significant during Sham stimulation.
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Figure 5. Effects of HD-tACS on average MRBD percentage at electrode FC3 and C3 normalized to
baseline. Error bars represent standard error. Color indicates stimulation condition: orange = Sham,
purple = 20 Hz, and pink = 70 Hz. (* = p < 0.05; *** = p < 0.001)).

4. Discussion

This study aimed to quantitatively examine the after-effects of HD-tACS on electro-
physiological features in healthy older adults. Our rmANOVA anaysis for beta power
revealed a noteworthy main effect of Stimulation for C3, as well as a significant effect of
Time for CP3. Conversely, no other electrodes displayed any statistically significant main
effects. Upon post hoc analysis of t-tests, a notable reduction in resting-state beta power
was observed post-45 min for 20 Hz HD-tACS for both electrodes. In contrast, in the case
of 70 Hz HD-tACS and Sham, no significant changes were observed in either electrode.

When analyzing MRBD effects, there was a significant Time x Stimulation interaction
for FC3 and C3. The results of the post hoc t-tests showed higher MRBD values (more
negative) 15 min after 20 Hz HD-tACS in both electrodes. Applying 70 Hz HD-tACS
resulted in significant reductions in MRBD values after 15 min in FC3 and C3 and after
45 min only in FC3. Notably, no significant changes were observed during Sham stimulation.
In the subsequent subsections, the implications of these results on beta oscillatory patterns
are discussed in greater detail.

4.1. Population Behavioral Scores and Baseline Features

To ensure the representativeness of our participants concerning motor performance,
we employed the Desrosiers et al. [59] model to predict the PPT score for each participant
based on their age when performing the motor tests during the eligibility session. The PPT
quantifies fingertip dexterity and gross movement of the hand, fingers, and arm. The pre-
dicted and actual scores of the PPT were similar in all the subtests, which suggests that
the motor performance of our participants fell within the range of normal scores for the
older population.

4.2. Modulation of Resting-State Beta Power

After administering 20 Hz HD-tACS, a delayed reduction in beta power was observed
for electrodes C3 and CP3. This modulation appeared only 45 min post-stimulation, with no
change detected at 15 min, suggesting that the impact on beta power is gradual rather
than immediate. This finding aligns with previous studies showing no after-effects on beta
power within 5 to 20 min after 20 Hz tACS [63]. However, prior research demonstrated
that tACS could have effects on endogenous EEG power in the range of the stimulation
frequency up to 70 min after the stimulation [64], which guided our decision to monitor
changes up to 45 min post-stimulation.

122

(0]
£
& 10
<8
T Stimulation %2 Stimulation
- ® o 20Hz @F 5 ® 20Hz
T T ;‘, o 7oHz £8 e 70Hz
o— H - @ Sham E 0 ® Sham
——— r_ £
L z
-5
-10
-15
Baseline Post-15min Post-45min Baseline Post-15min Post-45min



Brain Sci. 2024, 14, 1284

The delayed response may reflect plasticity mechanisms, long-lasting modifications in
neural connections and activity, with dynamic brain changes emerging over time. These
results are consistent with reports of late plasticity changes in corticospinal excitability
following 20 Hz tACS [65]. A relationship between beta oscillations and corticospinal
excitability has been observed, with increased spontaneous beta oscillatory activity linked
to smaller motor-evoked potential (MEP) amplitudes [66]. Furthermore, beta tACS has
been shown to elevate cortical excitability in the M1 during stimulation, as evidenced
by increased MEP amplitudes [67,68]. Heise et al. [41] also reported that more focal HD
stimulation is significantly more effective in modulating MEPs post-stimulation. Addi-
tionally, delayed effects induced by tACS may be attributed to spike-timing-dependent
plasticity (STDP), a process where the precise timing of neural activity determines whether
synaptic connections are strengthened or weakened [69]. According to STDP principles,
synapses in circuits resonating at frequencies similar to repetitive inputs are strengthened
during stimulation. After stimulation ends, these synaptic modifications persist, leading to
enhanced neural activity at the circuits’ resonant frequencies. This aligns with findings that
beta tACS can sustain elevated beta oscillations and cortical excitability for at least an hour
post-stimulation [64,65,70]. Currently, evidence on STDP and its specific manifestations in
aging populations is limited. However, studies have shown that synaptic plasticity mecha-
nisms, including STDP, may be less efficient in older adults, potentially due to age-related
changes in synaptic connectivity, neurotransmitter levels, and cortical excitability [71]. This
could influence the extent and timing of tACS-induced plasticity effects. While our findings
do not directly investigate these mechanisms, they provide a basis for future research to
explore how aging might modulate tACS effects through STDP-related processes.

Our results disagree with recent research showing that 20 Hz HD-tACS increased beta
power following stimulation of the visual [72] and parietal cortexes [73]. Also, a study
reported no significant effects when applying tACS at 20 Hz, also in M1 during rest, on the
beta power in younger participants using the standard double-electrode tACS montage [74].
We can identify three possible reasons why our results differ from the aforementioned
studies. First, the difference in age of our participants is a possible reason, as it has been
shown before that older groups demonstrated a decrease in tACS-induced neuroplasticity
compared to a younger cohort [75]. We chose an older population, since these HD-tACS
frequencies have not been studied before in aging, and we specifically examined its effects
on beta oscillations. Secondly, in our study, HD-tACS was applied while participants
were performing a handgrip task (online) as opposed to HD-tACS during rest (offline).
Differences have been observed across studies comparing tACS-induced changes in online
and offline protocols [46]. Additionally, a recent study comparing online and offline HD-
tDCS showed that only the online stimulation reduced the power of the alpha rhythm
during motor skill execution [76]. Thirdly, we used a different electrode montage and it has
been shown that an HD-tACS electrode montage delivers a more focal current to M1 than
the standard double-electrode tACS montage [77,78]. It is important to note that beta-tACS
has been shown to have mixed results on other outcomes, such as corticospinal excitability
and motor function [79]. Therefore, more research should focus on applying HD-tACS
at this frequency, while keeping similar parameters to the ones used in studies showing
significant effects.

For 70 Hz, there were no significant changes in resting beta power, which does not
align with our initial hypothesis. This null finding underscores a critical limitation in
current HD-tACS research: the application of fixed-frequency stimulation across diverse
neural populations. Sugata et al. [32] found frequency-specific increases in beta power,
while our results are more consistent with Mastakouri et al. [80], who demonstrated
that gamma-tACS effects are heterogeneous and subject-specific. The recent literature
increasingly emphasizes the importance of individualized stimulation protocols. Mul-
tiple studies [69,81-84] have shown that tACS delivered at a subject-specific frequency
can produce more robust effects on cortical oscillations compared to fixed-frequency ap-
proaches. Moreover, age-related neuroplasticity differences may further complicate our
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findings. Guerra et al. [85] demonstrated that gamma stimulation mechanisms differ
between younger and older adults, with older participants showing enhanced motor skill
consolidation despite potentially reduced long-term potentiation (LTP)-like plasticity.

One promising solution emerges in the form of closed-loop brain-computer interfaces
(BClIs). As highlighted by Xu et al., these systems provide a dynamic approach to neural
modulation by continuously monitoring outcomes and adaptively modifying stimulation
parameters [86]. By identifying specific neural biomarkers in real time, such as oscillatory
patterns in gamma or beta frequency ranges, closed-loop systems can adjust stimulation
accordingly. This approach addresses the current limitations of fixed-frequency stimulation
by enabling real-time adaptation to an individual’s unique neural dynamics. These nuanced
findings suggest that future research should achieve the following:

e  Develop individualized stimulation protocols based on baseline neural characteristics;
¢  Consider age-related neuroplasticity differences;

¢ Employ a more comprehensive assessment of stimulation effects;

e Explore closed-loop systems for real-time neural modulation.

Our null findings for 70 Hz stimulation should not be interpreted as a complete
absence of effect, but rather as an invitation to develop more sophisticated, personalized
neuromodulation approaches [87].

4.3. Modulation of MRBD

We found that after 15 min of 20 Hz HD-tACS, MRBD values became more negative
in FC3 and C3. Conversely, after 15 min of 70 Hz HD-tACS, MRBD values became more
positive in both FC3 and C3, and the effect persisted after 45 min only in FC3. These
results align closely with our initial hypothesis. To the best of our knowledge, there are
no other studies investigating the specific effects of HD-tACS on MRBD values in older
adults. A recent study demonstrated that tACS at 10 Hz enhanced MRBD during a motor
imagery task compared to pseudo-stimulation, indicating the capability of tACS to modify
movement-related brain oscillations [88]. Additionally, other forms of NIBS, such as tDCS,
have been shown to induce more negative MRBDs during motor imagery after 15 min
of stimulation.

Xifra-Porxas et al. [13] previously mentioned that the motor performance decline
observed in healthy aging may not be due to an impairment in the capacity to modulate beta
oscillations. In fact, they observed a larger modulation in older compared to younger adults.
On the other hand, beta oscillations at rest are greater in older adults [17], which suggests
that increased desynchronization is needed to reach a threshold to initiate a movement.
This would mean that modulating this desynchronization could later translate into a
change in motor performance. While our study primarily focused on brain oscillations
as a potential mechanism of HD-tACS-induced effects, we also evaluated motor task
performance through measures of accuracy and reaction time. However, no significant
changes were observed, potentially due to the simplicity of the motor task employed.
Future research aiming to validate this hypothesis should utilize more complex motor
tasks, such as the sequential visual isometric pinch task (SVIPT), which better resembles
the level of difficulty encountered in everyday life skills [89]. Tasks like the SVIPT have
been shown to challenge motor learning and performance to a degree comparable to real-
world activities [90], making them ideal for studying the interplay between MRBD, beta
modulation, and motor performance.

Finally, the fact that electrode C3, the anode of our HD-tACS montage, showed signifi-
cant changes in both resting-state beta power and MRBD values suggests a focalization
of the current right on the electrode that delivers the current. This focalization possibly
results from a reduced distribution of the electrical field compared to the conventional
tACS montage, which utilizes two distant patch electrodes [41].

Taken together, the results of this study are partly aligned with our initial hypothesis.
In terms of beta power, only 20 Hz HD-tACS showed a decrease in beta power, but only
45 min after the end of stimulation, while 70 Hz HD-tACS did not show any significant
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changes, contrary to our hypothesis that it would decrease beta power. Regarding MRBD,
both 20 Hz and 70 Hz showed the expected results: the former resulted in a more negative
MRBD and the latter in a more positive. However, these changes in beta oscillations may
not necessarily translate to improvements in motor performance. We do not report effects
on motor tasks, since the complexity of our task is not enough to show impacts. Future
research should focus on assessing the impact of HD-tACS on motor performance using
tasks that are more complex and reflective of real-world daily activities, particularly for
older adults.

There are certain limitations in our study that may explain some of variability in our
HD-tACS outcomes and previously reported outcomes, such as interindividual differences,
including skull thickness and the actual amount of current that reaches the cortex [91,92].
Because of these differences, individualized stimulation frequencies and current amplitudes,
validated by studies such as Yamaguchi et al. [93], emphasize the parameter-dependent
nature of tACS effects. In addition, our limited stimulation duration (10 min) contrasts
with longer-lasting effects seen in extended gamma-tACS in mice, suggesting prolonged
sessions or multiple-day approaches akin to tDCS studies for in-depth exploration [49,94].
Finally, the analysis of ongoing brain signals during concurrent stimulation is of primary
interest and would also shed light on the immediate effects and mechanisms of HD-tACS.
Recent advances in artifact removal algorithms will enable this type of analysis in our
data [95].

5. Conclusions

To our knowledge, this is the first HD-tACS study that looks at the beta oscillation
effects on healthy older adults. Future research should focus on replicating protocols that
have been shown to have an effect on the desired outcomes in a bigger cohort to establish a
more robust effect. In summary, our study reveals that HD-tACS has a modulating effect
on beta oscillations during movement. Notably, different HD-tACS frequencies led to
specific alterations in MRBD values, indicating frequency-specific effects on movement-
related brain oscillations. The focal impact observed at electrode C3, the site of HD-tACS
anodal stimulation, underscores the technique’s precision over brain regions related to
motor control. Future studies should explore personalized protocols tailored to individual
neural characteristics, potentially employing advanced tACS methods such as HD-tACS,
phase-shifted tACS, amplitude-modulated tACS, temporally interfering, and intersectional
short-pulse techniques. Addressing these intricacies will enhance our understanding of
tACS efficiency, guiding its optimized application in clinical settings. This research not
only contributes to the ongoing discourse on brain stimulation but also holds promise
for therapeutic interventions, making HD-tACS a promising avenue for exploration in
diverse clinical populations such as stroke and PD patients. Further investigations in these
domains will unveil the full potential of HD-tACS as a targeted therapeutic tool. Exploring
HD-tACS effects in healthy older adults is crucial in providing insights into designing
targeted interventions, addressing the complex interplay between neural oscillations, brain
stimulation, and motor performance in the aging population.
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Abbreviations

The following abbreviations are used in this manuscript:

BBT Box and Block Test

CMC Corticomuscular Coherence

ECR Extensor Carpi Radialis

EEG Electroencephalography

EMG Electromyography

FDI First Dorsal Interosseous

GABA Gamma-aminobutyric Acid

HD-tACS High-Definition Transcranial Alternating Current Stimulation
HGS Handgrip Strength Test

iAPF Individual Alpha Peak Frequency

ICA Independent Component Analysis

Isp Intersectional Short Pulse

LTP Long-term Potentiation

M1 Primary Motor Cortex

MEG Magnetoencephalography

MEP Motor-Evoked Potential

MPS Mild Parkinsonian Sign

MRBD Movement-Related Beta Desynchronization
MVC Maximum Voluntary Contraction

NREM Non-rapid Eye Movement

NIBS Non-Invasive Brain Stimulation

PD Parkinson’s Disease

PPT Purdue Pegboard Test

rmANOVA  Repeated-Measures Analysis of Variances
SICI Short-Interval Intracortical Inhibition
SVIPT Sequential Visual Isometric Pinch Task
tACS Transcranial Alternating Current Stimulation
tDCS Transcranial Direct Current Stimulation

TI Temporally Interfering

TMS Transcranial Magnetic Stimulation
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Appendix A

Table A1. Baseline comparison of beta power across stimulation conditions.

Electrode Chi-Square p-Value Median Beta Power (x10~13)
Sham 20 Hz 70 Hz
FC3 0.400 0.819 1.103 1.235 1.248
FC1 0.933 0.627 0.670 0.803 0.849
C5 2.133 0.344 0.946 1.146 0.804
C3 0.133 0.936 0.699 0.761 0.702
C1 1.733 0.420 0.939 1.095 1.067
CP5 0.533 0.766 0.620 0.716 0.715
CP3 0.400 0.819 1.110 1.500 1.049
CP1 0.133 0.936 0.717 0.783 0.794

Note: Friedman tests showed no significant differences between conditions at baseline (all p-values > 0.344).

Table A2. Baseline comparison of MRBD across stimulation conditions.

Electrode  Chi-Square p-Value Median MRBD (%)
Sham 20 Hz 70 Hz

FC3 4.933 0.085 —21.459 —7.981 —25.445
FC1 4.133 0.127 —18.151 —7.596 —23.386
C5 3.733 0.155 —10.502 2.976 —12.650
c3 4.933 0.085 —20.433 —5.745 —21.876
C1 5.733 0.057 —28.285 —21.597 —33.539
CP5 2.800 0.247 —20.020 —5.455 —20.274
CP3 5.200 0.074 —24.733 —18.127 —28.332
CP1 0.933 0.627 —19.511 —11.305 —22.868

Note: Friedman tests showed no significant differences between conditions at baseline (all p-values indi-
cated above).
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Abstract: Background/Objectives: Accurately classifying Electroencephalography (EEG) signals is
essential for the effective operation of Brain-Computer Interfaces (BCI), which is needed for reliable
neurorehabilitation applications. However, many factors in the processing pipeline can influence
classification performance. The objective of this study is to assess the effects of different processing
steps on classification accuracy in EEG-based BCI systems. Methods: This study explores the
impact of various processing techniques and stages, including the FASTER algorithm for artifact
rejection (AR), frequency filtering, transfer learning, and cropped training. The Physionet dataset,
consisting of four motor imagery classes, was used as input due to its relatively large number of
subjects. The raw EEG was tested with EEGNet and Shallow ConvNet. To examine the impact
of adding a spatial dimension to the input data, we also used the Multi-branch Conv3D Net and
developed two new models, Conv2D Net and Conv3D Net. Results: Our analysis showed that
classification accuracy can be affected by many factors at every stage. Applying the AR method, for
instance, can either enhance or degrade classification performance, depending on the subject and
the specific network architecture. Transfer learning was effective in improving the performance of
all networks for both raw and artifact-rejected data. However, the improvement in classification
accuracy for artifact-rejected data was less pronounced compared to unfiltered data, resulting in
reduced precision. For instance, the best classifier achieved 46.1% accuracy on unfiltered data, which
increased to 63.5% with transfer learning. In the filtered case, accuracy rose from 45.5% to only
55.9% when transfer learning was applied. An unexpected outcome regarding frequency filtering
was observed: networks demonstrated better classification performance when focusing on lower-
frequency components. Higher frequency ranges were more discriminative for EEGNet and Shallow
ConvNet, but only when cropped training was applied. Conclusions: The findings of this study
highlight the complex interaction between processing techniques and neural network performance,
emphasizing the necessity for customized processing approaches tailored to specific subjects and
network architectures.

Keywords: artifact rejection; brain-computer interface; electroencephalography; motor imagery;
faster; CNN

1. Introduction

Brain-computer Interfaces (BCI) represent a rapidly evolving research field. As de-
picted in Figure 1, the general structure of these systems consists of physiological mea-
surements of the brain, digitizing and processing the signal, and finally, giving commands

Brain Sci. 2024, 14, 1272. https:/ /doi.org/10.3390/brainsci14121272 132 https://www.mdpi.com/journal /brainsci



Brain Sci. 2024, 14, 1272

based on the classification of the received data. These devices could provide significant
help to people with different serious disabilities; however, reliable classification accuracy is
essential for use in real life [1,2]. Non-invasive EEG measurements can be conducted more
easily than invasive ones because they do not require surgery preparation. On the other
hand, the classification accuracy is poorer due to the distortion from the various tissues
between the source and the recording electrode and the lower resolution.

EEG data acquisition

Digitized
signal

w

Artifact rejection
Preprocessing

¥

Classification

Control!
/ Feedback command

ki

Controlled device

Figure 1. The general structure of a BCI system. Acquired data are digitized and go through
preprocessing, such as artifact rejection. Afterward, a classifier decides what the intention of the user
is and gives a control command based on the decision.

An important aspect to consider when working with EEG signals is the presence of ar-
tifacts. Artifacts refer to unwanted signals that contaminate the EEG recordings, potentially
introducing significant distortions that can affect the analysis of underlying neurological
phenomena [3]. It is also important to note that artifact rejection (AR) algorithms may
interact with various classification methods, the interaction of which has not been well
identified to date. We have limited knowledge about the extent to which artifact rejection
improves (or deteriorates) the classification accuracy of various machine learning methods.
Moreover, small variations in feature extraction methods may also play an important role
in the classification accuracy of a BCI system. It is also unknown how small computational
changes in the feature extraction methods affect the overall classification accuracy of the
whole system. Finally, subjects interacting with a BCI system may not use similar strategies
to achieve control over the given mental imagery task. Also, their brain anatomy and
function may differ. Thus, their EEG parameters may also be different with respect to
the same task; therefore, individual variations may well have a considerable effect on the
classification accuracy of a BCI system. In this work, we examined how changes in the
processing pipeline modify the classification accuracy of a BCI system, including individual
subject variations. As the specific features that neural networks learn from are not well
understood, it is possible that training the classifier interacts with the removal of artifacts
and small changes in the processing pipeline. Furthermore, it cannot be guaranteed that
the AR method filters out all artifactual components. It is also interesting to consider that
networks trained on polluted data may also focus on the artifacts.
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1.1. EEG Artifacts

Considering the field of EEG, two distinct categories of artifacts are recognized: physi-
ological /biological and non-physiological. The latter can be caused by the measurement
instrument, meaning faulty electrodes, powerline- and environment noise, high impedance
of electrodes, cable, or body movement artifacts. These can be mostly avoided by a precise
recording system and strict recording procedures [4].

Physiological artifacts may arise from various sources, including cardiac activity, pulse,
respiratory patterns, and glossokinetic effects. The two most significant contributors to
physiological artifacts are Electrooculograms (EOG) and Electromyograms (EMG). EOGs
can come from ocular movements such as eye blinking, eye movement, and eye flatter,
while EMGs can result from chewing, clenching, swallowing, sniffing, and talking [3,5].

It is important to remove artifacts from the EEG signal prior to processing, as they can
potentially interfere with the interpretation of the original data.

1.2. Artifact Rejection for Imaginary Movement EEG Classification

To remove artifact contamination, a filtering algorithm needs to be employed. In the
academic literature, several methods have been proposed for this purpose, of which the
Independent Component Analysis (ICA) is one of the most frequently utilized mathematical
methods [6-8]. In addition to ICA, other methods such as Wavelet Transformation [9],
Canonical Correlation Analysis [10], Empirical-Mode Decomposition [11], and further
Hybrid approaches [4] are also commonly employed. One of the widely used algorithms
for AR is the FASTER algorithm [12], also utilized in this work, which, besides using
the ICA method, also performs filtering and interpolation over global and epoch-vise
bad channels.

1.3. Comparison of Artifact Rejected and Raw EEG Data Classification

To our knowledge, only a limited number of studies have examined the effects of
artifact rejection (AR) methods on BCI performance, prompting our focus on the FASTER
algorithm in this paper. The following studies provide relevant insights.

Zhong and Qi [13] investigated the impact of AR on P300-based BCI performance,
utilizing Independent Component Analysis (ICA) for artifact removal and Bayesian Linear
Discriminant Analysis (BLDA) for classification. They found AR methods can improve
accuracy and information transfer rate, though their study was limited by manual filtering
and a small sample of eight participants. Similarly, Kim et al. [14] assessed various AR
methods (ICA, adaptive filtering, and Artifact Subspace Reconstruction) on P300/N200
classification with Support Vector Machine (SVM), finding ICA-denoised data achieved the
highest accuracy at 62.87%.

Mohammadi and Mosavi [15] compared two ICA-based EOG AR methods and ob-
served better accuracy using ICA with wavelet decomposition on the BCI Competition
IV 2a dataset [16]. Winkler et al. [8] developed an ICA-based AR method for BCI use
and noted minimal impact on accuracy across ERP [17] and MI-BCI [18] datasets, though
individual differences were observed. Igbal et al. [19] achieved an 80.5% accuracy using an
EEGNet and Temporal Convolution Network (TCN)-based classifier with an EOG removal
system, improving consistency across subjects.

Other studies explored diverse approaches to AR. Bou Assi et al. [20] combined ICA
with K-means clustering for AR, observing improved accuracy from 66% to 88.1% using
the Physionet database. Thompson et al. [21] found that automated AR led to a decline in
P300-based BCI performance, with certain methods (SOBI, JADER, EFICA) minimizing,
but not eliminating, accuracy loss. Frelich et al. [22] examined how different artifacts (e.g.,
blinks, muscle movements) affected motor imagery BCI and found muscle artifacts notably
impacted performance, especially with broader electrode coverage.

Several studies focused on EOG-based AR. Mannan et al. [23] identified that using
a lowpass filter on the EOG signal improved classification when paired with the CSP
classifier on BCI Competition IV 2a data. Daly et al. [24] presented the FORCe algorithm for
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AR and observed it significantly improved accuracy over raw EEG, especially compared to
the FASTER algorithm, in cerebral palsy patients. Merinov et al. [25] found no significant
accuracy differences between four AR methods on the BCI Competition IV 2a dataset,
though classification performance varied significantly between subjects.

Lastly, studies by Stigt et al. [26] and Chen et al. [27] analyzed the impact of artifact
removal on EEG data. Stigt et al. observed that AR did not improve normal versus abnormal
EEG classification accuracy but did slightly expedite training. Chen et al. examined specific
artifact types, finding that removing EMG, powerline interference, electrode artifacts, and
EOG improved accuracy by 5.5%, 4.0%, 3.1%, and 1.7%, respectively. Islam et al. [28]
and Anjum et al. [29] both applied probability mapping for AR, demonstrating increased
classification performance, though Anjum’s study was limited by the low electrode count
of the Emotiv Pro headset used.

1.4. Frequency Dependence of the EEG Signal Classification

Ali Al-Saegh et al. [30] reviewed 36 studies on motor imagery EEG classification and
found a strong consensus on using the 8-25 Hz frequency range associated with mu and
beta bands for effective feature extraction in motor-related brain activity. Lower frequencies
(0-5 Hz) were rarely used, appearing in only seven studies, indicating a preference for
higher frequencies. In contrast, R. Salazar Valas and Roberto A. Vazquez [31] examined
the effect of cutoff frequencies on classification accuracy with the BCI Competition IV 2a
dataset and found that even the 0-10 Hz range could yield meaningful classification results,
challenging the typical emphasis on higher frequencies.

1.5. Aim of the Study

Our article stands out by providing a comprehensive evaluation of the FASTER artifact
rejection algorithm in conjunction with other preprocessing and processing methods, such
as frequency filtering, transfer learning, and cropped training, across multiple neural
network architectures, including EEGNet, Shallow ConvNet, and our custom classifiers.
Unlike prior studies, which typically focus on a single preprocessing technique or classifier,
we examine the combined effects of processing steps on classification accuracy. This
approach highlights the complex interactions between artifact rejection, filtering, and
neural network performance, offering unique insights into how these factors collectively
influence BCI performance across different subjects and network configurations.

2. Materials and Methods
2.1. The Physionet Database-EEG Motor Movement/Imagery Dataset

We performed our research on the EEG motor movement/imagery dataset recorded by
Schalk et al. as part of the Physionet Database [32]. Data were recorded with a 64-channeled
10-10 EEG system with 160 Hz sampling frequency and by using the BCI2000 framework
without hardware filters [33]. It is one of the largest EEG datasets of motor imaginary tasks,
consisting of recordings from 109 subjects, 14 files for each. In our work, we excluded
subjects 88, 92, and 100 due to the sampling frequency and data structure mismatch. We
also omitted subject 89, where labels were found to be incorrect. These problems were also
reported previously [34,35].

The dataset contains five classes of motor imagery tasks, namely baseline activity and
imagined activities of right-hand, left-hand, both-hand, and both-leg movements. Although
the database includes EEG signals of tasks where movements were actually realized, we
only used data from imagined movements to train and test the systems, as tetraplegic
people are the target patients for BCI research for whom only imagined movements are
available. During experiments, we used four-way classification for the following classes:
right-hand, left-hand, both hands, and both legs. There are 90 motor imagery trials for
each subject.
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2.2. The FASTER Algorithm

The Fully Automated Statistical Thresholding for the EEG artifact Rejection method
(FASTER algorithm) was designed by H. Nolan et al. [12]. In this chapter, the steps of this
method are explained, with particular attention paid to the parts we have modified to the
original algorithm.

We employed a method comprising four sequential steps, with a deviation from the
original algorithm, by excluding the final artifact detection step across subjects. We chose
to omit this step to avoid excluding any subjects based on artifact contamination. The
algorithm utilized statistical criteria to identify channels and components that exhibited
deviations exceeding three times the standard deviation of the computed parameters.

In preparation for algorithm application, frequency filtering was implemented, em-
ploying a 5th-order Butterworth filter. While the original article specified a frequency
range from 1 to 95 Hz with a notch filter at 50 Hz, our study deviated by utilizing distinct
frequency ranges tailored to our specific experimental parameters and objectives. The exact
frequencies are detailed in Section 2.5.

The initial step of the algorithm involved the identification of globally artefactual
channels. Channels exceeding predetermined thresholds for variance, the mean of the
channel’s correlation coefficients with other channels, or Hurst exponent parameters were
flagged as faulty. Subsequently, the algorithm proceeded to eliminate epochs containing
artifacts. The examined parameters for this step included amplitude range in epoch,
deviation from each channel’s average value, and variance in each epoch. The third
step involved the utilization of ICA to segregate time-dependent data into statistically
independent waveforms. During this process, epochs and channels labeled as defective
were disregarded. A transformation was performed by using the fast-ICA algorithm.
Components displaying excessive correlation with the signal of electrodes proximal to the
ocular region were omitted in the resultant space, as well as components that failed to meet
the Z-score criterion for kurtosis, power gradient, Hurst exponent, and median gradient
parameters. In the last step, defective channels were determined on an epoch-by-epoch
basis, while subsequently, both globally and individually impaired channels were replaced
through the spherical spline interpolation technique. Ultimately, the data were referenced
to the average of all scalp electrodes.

2.3. Feature Extraction and Classification

We tested different models to assess the classification accuracy. The time domain
EEG was tested using EEGNet and Shallow Net. To check the effect of adding the spatial
dimensions, we used the Multi-branch Conv3D approach and two newly developed models
based on our dense representation of input data.

2.3.1. 3D Representation of EEG Signals

Given that the relative positions of the electrodes can carry relevant information
for the classifier, we used a three-dimensional representation (two spatial dimensions
and one temporal dimension) of the EEG signals as the input tensor, similar to previous
studies [36-38]. Our goal was to examine the impact of three-dimensional representation
on classification performance. For this transformation, we used a unique arrangement
of electrode placements, referred to as dense 3D transformation. In this construction,
the Iz electrode is omitted, and the remaining 63 electrodes are rearranged into a 9 x 7-
dimensional rectangle. The arrangement can be seen in Figure 2. This arrangement will be
the input shape for 2D and 3D convolutional neural networks.
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Figure 2. 3D representation of the EEG data: the channels X time initial arrangement of the EEG
data is rearranged into a three-dimensional form, where the first two dimensions refer to the spatial
arrangement of the electrodes, while the third dimension is time. For the spatial dimension, we used
a dense electrode arrangement. While the original distribution contains placeholder zero channels,
we rearranged this map to have a dense representation with no such cells. We designed this input
representation to investigate the effect of explicit involvement of the spatial arrangement of electrodes
on the classification performance.

2.3.2. 3D CNN (Conv2D)

The first network we developed to explore the effect of 3D representation was built
of 2D-convolutional layers over the original 3D data. In this operation, kernels have a
dimension of 3, where the size of the 3rd dimension is equal to the number of timesteps
on the time/feature dimension. With this method, the system performs convolution on
the spatial arrangement, whereas, on the last axis, all data points are summed with certain
weights. As the first step, L2 normalization is performed, followed by three layers of
two-dimensional convolution. After the last step, the flattened data are given as input to
two layers of a fully connected network, and finally, a softmax layer is responsible for the
classification. The architecture can be observed in Figure 3.
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Figure 3. The structure of the designed 2D convolutional neural network: The input is the 3D
representation of the EEG signal, on what 2D convolution is performed with 32 kernels of the size
of [3 x 3 x number of timepoints] in the first layer. In the next two layers of convolution, firstly 64,
then 128 kernels of dimension [3 x 3 x number of kernels of the previous layer] are performed. Next,
the flattened representation is given to two layers of a fully connected network with 1024 and 64
neurons, and finally, a softmax layer is responsible for classification with the output of four numbers
as the number of classes.

2.3.3. 3D CNN (Conv3D)

Networks with 3D convolution are widely used for video-processing tasks, and numer-
ous articles propose this architecture for EEG classification as well [38,39]. The difference
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from the previous structure is that, in this case, convolution is performed even on the third
dimension, resulting in a four-dimensional structure on the second layer. This requires
greater memory usage but has the advantage of exploiting features scattered in time. The
designed structure starts with L2 normalization. Afterward, three layers of 3D convolution
are performed, with kernel dimensions [1,30] of the first layer and [2,40] for the upper
layers. Between convolutions, a Batch normalization and an ELU operation are performed.
As in the previous case, two layers of fully connected layers and a softmax layer are re-
sponsible for classifying the input EEG signals. Figure 4 contains the structure of this
classifier.
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Figure 4. The structure of the 3D convolutional network. The input is identical to that of the 2D
CNN. The difference is that in this structure, three-dimensional convolution is performed. There
are 32 kernels in all the layers. The shape is (1 x 1 x 30) in the first and (2 x 2 x 40) in the second
and third layers. The fully connected part consists of two layers with 32 neurons each, and finally, a
softmax classification layer.

2.3.4. Multi-Branch 3D CNN

The second type of implemented 3D CNN is based on the article of Xingiao
Zhao et al. [36]. It consists of three branches, all of them with two layers of different
dimensions of convolutional kernels and three layers of the fully connected network. The
last layers are the size of the number of classes; thereafter, the outputs of all three branches
are added up, and a softmax operation is performed for the final classification.

2.3.5. EEGNet

The fourth network we used in our study is one of the most well-known classification
systems for MI-signal classification, the EEGNet, presented by V.]. Lawhern et al. [40]. We
used half of the sampling frequency as the length of the kernel of the first layer without
applying any further modifications. The main layers of the network are a 2D convolutional
layer, a depth-wise 2D convolutional layer, a separable 2D convolutional layer, and finally,
a fully connected classification layer.

2.3.6. Shallow Convolutional Neural Network

Finally, we evaluated the performance of the Shallow Convolutional Neural Network
(Shallow ConvNet) architecture proposed by Schirmeister et al. [41]. This widely recognized
algorithm has been extensively utilized in numerous studies due to its effectiveness [42,43].
This network consists of a temporal convolution, a spatial convolution, a mean pooling
layer, and a linear classification FC part. The network was implemented using the source
code provided in [40]. However, our implementation employs several modified parameters
relative to the originally published article.
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2.4. Transfer Learning and Fine-Tuning

A deep learning system usually requires a great amount of data to generalize features
well and to have reasonable accuracy. Systems for EEG classification only acquire a limited
number of samples, as recording and labeling these signals is cumbersome, requires a
significant amount of time to process, and requires human intervention. The main idea of
transfer learning (TL) application is pre-training a system—or a part of the system—over
an independent dataset and transferring these weights as an initial state. These weights
are fine-tuned during the actual training phase of the network. In the case of EEG studies,
two main types of transfer learning are used [44]. One of the TL approaches is when the
feature space generated from the EEG data is similar to one of those tasks for which a much
larger dataset is available. An example is ImageNet, which can serve as an initial system
for classifying EEG samples transformed into images [45]. The second approach, which we
also used in this study, is pre-training the network on subjects that differ from the actual
subject we test on. In other words, we fine-tune the globally learned network with the
data from certain subjects. Multiple studies used this technique, and it yielded significant
improvements in classification accuracy [2,42,44].

In our study, we divided the 105 subjects of the Physionet database into two parts:
a Neural Network was pre-trained over 90% of subjects, and to address inter-subject
variability, the classifier was fine-tuned in the remaining subjects individually. There
are 105 subjects, and we did not repeat the process 105 times, but rather 10 times, with
10% of the subjects belonging to the test set in each iteration. During pre-training, we
allocated 20% of the training data as a validation set and implemented early stopping with
a patience value of 15. For fine-tuning, we trained the networks for 15 epochs without
using a validation dataset, as the fine-tuning dataset contained relatively few data points,
making it challenging to achieve reliable validation results. The exact method for training
can be observed in Figure 5.
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Figure 5. Transfer learning and the generation of results. To have statistically significant results, we
performed a 5-fold cross-validation for each subject three times, resulting in 15 results for each subject,
network, and preprocess option. 90% of the subjects” data is used for pre-training the classifier, which
is fine-tuned over individual subjects’ training sets. The whole process iterates 10 times for every
subject to be tested.

2.5. Effect of Frequency Filtering

In the final phase of our study, we conducted experiments to find out the dependence
of accuracy on the lowest frequency ranges (0.1 to 5 Hz) relative to the broad range of
5 to 75 Hz. We also examined the whole range of 0.1 to 75 Hz frequency band and the
differences when no filtering was performed at all. To carry out this examination, we
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employed 5th-order band-pass Butterworth filters. The Butterworth filter, renowned for its
characteristic of being maximally flat, ensures a uniform magnitude response within the
pass band. However, a noteworthy drawback of this filter is the substantial width of its
transition band.

2.6. Cropped Training

To investigate the generalizability of EEG signals with different onsets, we imple-
mented cropped training, a method also employed by Schirrmeister et al. [41]. In this
approach, the training and testing data are augmented by generating new samples through
systematic time shifts of the original data. This ensures that neural networks are exposed
to a broader range of temporal variations within the EEG signals, helping to simulate dif-
ferent onset timings and improve model generalization. In this scenario, we used 1 s long
windows instead of the previous 2 s ones and performed shifts with 0.1 s long steps until
2 s. This gives 11 overlapping crops of the same epoch. Samples from a single epoch go
solely to the train or solely to the test set. We repeated the previously described experiment
regarding frequency dependence in this augmented dataset with all the networks, using or
neglecting the FASTER method.

3. Results
3.1. The Effect of Artifact Rejection

As can be observed in Figure 6 and Table 1, without using the TL method, the average
of the classification accuracy of Conv 2D, Conv 3D, Shallow ConvNet, and Multi-branch
Conv3D Net models are significantly improved due to the FASTER algorithm while regard-
ing the EEGNet there was no significant improvement. In this scenario, we used 2 s long
windows, and during the FASTER algorithm, a frequency filter between 0.1 and 75 Hz was
applied. For the raw data, we did not use any frequency filtering.
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Figure 6. The comparison of neural networks with and without using the FASTER method. Each
point represents two accuracies for a subject: the one obtained with AR and the other obtained
without using the FASTER algorithm. The test was run 12 times to obtain significant results. The red
line indicates the points with no difference between the two options, points over the line run with the
raw option as the more accurate, and points below the line where the artifact-rejected version yields
better results.

Upon subject-specific scrutiny, it becomes evident that the influence of artifact rejection
is contingent on the particular subject under evaluation. Our analysis encompassed a
comprehensive approach. Initially, we executed 5-fold cross-validation three times for all
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four networks, both with and without artifact rejection. To substantiate disparities, we
scrutinized the distribution of 15 results obtained for an individual subject with a specific
network. If the data followed a normal distribution, we executed a t-test; conversely, if non-
normality was detected, a Man-Whitney U test was performed to ascertain the significance
of the observed differences.

Table 1. The accuracy of each classifier with and without artifact rejection, and the p-values of the
significance of differences using Wilcoxon signed ranked test. The p-values determine the significance
of differences between omitting or using the FASTER method for artifact rejection.

Classifier Original Acc. AR Acc. p-Value
EEGNet 0.460 0.455 0.907
Shallow ConvNet 0.394 0.439 3.46 x 10717
Conv2D Net 0.367 0.411 490 x 10~
Conv3D Net 0.378 0.405 4.09 x 1079
Multi-branch Conv3D Net 0.401 0.444 2.05 x 10~19

We categorized subjects based on the extent of change in the corresponding classifi-
cation performance across the various networks. Intriguingly, several scenarios arose in
which certain networks led to a notable enhancement, while others yielded a significant
decline in the performance for the same subjects. In response to a slight variance in results
observed during a second examination, we iteratively conducted the calculations two times
more to explore the evolving significance of the observed differences. Finally, we had
4 times (3 accuracy results for each cross-fold iteration and network), meaning four results
of significance for each classifier.

In our assessment, to each subject, a numerical score was assigned, denoted as follows:
a value of —1 indicated a significant decline, 0 denoted no significant difference, and
+1 represented a discernible increase observed for each computational aspect across all
networks. Therefore, the cumulative score per subject ranged from —20 to 20. Twenty-five
subjects scored over 8, indicating substantial performance gains from the AR method, with
Subject 69 achieving a remarkable 20-point increase. Conversely, some subjects, like Subject
15, experienced significant declines, with only five subjects scoring below —8. Regarding
classifiers, EEGNet showed the least improvement, with only three subjects scoring at least
3, while six scored below —3. In contrast, the other four networks had at least 20 subjects
exceeding the three-point mark, with fewer than five scoring —3 or worse. The subject
dependence on AR is illustrated in Figure 7.

141



Brain Sci. 2024, 14, 1272

EEGNet Shallow ConvNet Conv2D Net Conv3D Net  MB Conv3D Net Summary

Color code of
improvements
(out of 4 rounds)

A WN RO

Subjects

Color code of
declines
(out of 4 rounds)

» W N RO

L S s
Figure 7. Subject dependence of artifact filtering. The shade of color yields on how many runs
there were statistically significant improvement (green) or significant decline (red). (The deeper the
shade, the more runs were significant.) Significance is based on the f-test in the case of normality

and the Man-Whitney U test in the case of non-normality. Subjects are ordered by summary number,
computed as the sum of the significance of improvements minus the sum of the significance of decline.

3.2. The Effect of Transfer Learning

The classification accuracy obtained by transfer learning was significantly better in
every scenario. Based on the signed-rank Wilcoxon test, the learning process performs
significantly better in the case of each network, both in the case of unfiltered data (Table 2)
and artifact-rejected data (Table 3). In Figure 8, it can be observed that transfer learning
does not improve as much in cases of artifact-rejected data as in the case of raw data,
resulting in higher classification accuracies in the latter case. (This difference is significant
in all the cases except the Multi-branch Conv3D Network.)

Table 2. The accuracy of each classifier on unfiltered data, with and without transfer learning, and
the p-values of significance using the Wilcoxon test. The highest accuracies and the largest difference

are highlighted in bold.
Classifier Simple Acc. TL Acc. Difference p-Value
EEGNet 0.461 0.587 0.126 1.50 x 1018
Shallow ConvNet 0.394 0.637 0.243 5.83 x 10719
Conv2D Net 0.366 0.528 0.162 7.78 x 10719
Conv3D Net 0.378 0.56 0.182 7.14 x 10719
Multi-branch Conv3D Net 0.401 0.561 0.16 1.30 x 10718

Table 3. The accuracy of each classifier on artifact-rejected data, with and without transfer learning,
and the p-value of significance using the Wilcoxon test. The highest accuracies and the largest
difference are highlighted in bold.

Classifier Simple Acc. TL Acc. Difference p-Value
EEGNet 0.455 0.538 0.083 1.67 x 1017
Shallow ConvNet 0.441 0.559 0.118 1.38 x 10718
Conv2D Net 0.41 0.491 0.081 7.20 x 10717
Conv3D Net 0.405 0.521 0.116 7.14 x 10719
Multi-branch Conv3D Net 0.444 0.557 0.113 552 x 10718
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Figure 8. The comparison of neural networks with and without using the FASTER method, using
transfer learning. Each point represents two accuracies for a subject: the one obtained with AR and
the other obtained without using the FASTER algorithm. The test was run three times. The red line
indicates the points with no difference between the two options, points over the line run with the raw
option as the more accurate, and points below the line where the artifact-rejected version yields better
results. Generally, the usage of transfer learning accuracies without artifact rejection tends to be higher.

3.3. Comparison of Neural Networks

In network comparisons, the primary evaluative criterion centers on classification
accuracy. As illustrated in Figure 9, when transfer learning is not employed, the highest
classification accuracy is achieved by the EEGNet classifier, both in raw and artifact-rejected
conditions. However, in the latter case, the differences between the EEGNet, Shallow
ConvNet, and MB Conv3D Net were not significant. In the raw data scenario, the Multi-
branch Conv3D Net is the second-best performer, followed by the Shallow ConvNet, with
our proposed networks trailing.
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Figure 9. The accuracies obtained by neural networks, with and without transfer learning and
artifact-rejection. In the box plot, x denotes the mean, while the horizontal line marks the median
value. The limits of the box indicate the range of the central 50% of the data. Significance levels
were determined using the Wilcoxon test. (The notation ‘ns” denotes non-significant differences.)
Before applying the TL method, EEG Net was the greatest performer, while after the application,
Shallow ConvNet had the highest accuracy. These observations are generally true for the raw and the
artifact-rejected data as well. However, for AR-ed data without TL, this difference is non-significant.
The figure also presents that without transfer learning, networks generally perform better with the
FASTER method, while after the application, raw data will attain a higher precision.

However, the performance landscape shifts with the introduction of TL. Shallow Con-
vINet emerges as the top performer, surpassing EEGNet and other classifiers. In the raw
data scenario with TL, EEGNet ranks second, followed by the 3D convolutional networks.
In the artifact-rejected condition with TL, the MB Conv 3D CNN outperforms EEGNet,
securing the shared first position, with non-significant differences from the Shallow Con-
vNet. This demonstrates that TL significantly influences the performance hierarchy among
different network architectures.

3.4. The Effect of Input Representation

Using the dense 3D representation for input did not yield significant improvements in
classification performance. This indicates that incorporating spatial information did not
lead to higher accuracies compared to networks without this additional spatial data. The
only exception is with the artifact-rejected data using transfer learning, where the MB Conv
3D CNN slightly outperformed the EEGNet.
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3.5. The Effect of Frequency Filtering

The outcomes stemming from the frequency filtering analysis have yielded unexpected
findings. We compared results using the 0.1 to 5 Hz range and the 5 to 75 Hz range. As
observed in Table 4, three out of the five neural networks yielded significant results only
within the first frequency range (0.1-5 Hz). Shallow ConvNet and EEGNet are the only
networks for which the 5 to 75 Hz range also provides results greater than the chance level.
However, for EEGNet, these results were still far below the accuracy achieved in the lower
frequency range.

Table 4. Results of comparing the classification accuracies of neural networks when filters of certain
frequency ranges are applied. The highest classification accuracy values for each frequency range are

emphasized in bold.
Frequency Range EEGNet Shallow ConvNet Conv2D Net Conv3D Net MB Conv3D Net
0.1-5 Hz—Raw 0.482 0.406 0.437 0.410 0.457
5-75 Hz—Raw 0.315 0.362 0.262 0.258 0.271
0.1-5 Hz—AR 0.452 0.405 0.421 0.436 0.462
5-75 Hz—AR 0.324 0.381 0.261 0.261 0.289

3.6. The Effect of Simple and Cropped Training

The results derived from simple and cropped learning can be observed in Figure 10.
Upon comparing results from the simple learning process, we can state that those experi-
ments, when 5 Hz to 75 Hz frequency filtering was performed, had the lowest accuracies.
Only the Shallow ConvNet attained moderately higher accuracy, as we have observed
in the previous paragraph. The relation between AR data (with 0.1 to 75 Hz frequency
filter) and raw data also remains the same, as we have seen in the first part of the results:
classification accuracy is enhanced by the application of artifact rejection in the case of four
out of five networks, with EEGNet as the only exception. When we apply the mentioned
frequency filter without the FASTER algorithm, the case of Shallow ConvNet becomes
similar to the EEGNet, in the sense of being the non-artifact-rejected option, the better
performer. The partly unexpected finding is the superior performance of cases where fre-
quency filtering between 0.1 and 5 Hz was applied. These signals include only the lowest
part of the frequency spectrum, meaning that they do not contain the mu or beta band.

When applying cropped training, we acquired noteworthy results, depending on the
network we used for classification. Contrastingly to the simple learning approach, in the
specific context of the Shallow ConvNet and the EEGNet, an inverse trend was observed
where the highest performances were achieved in the broader frequency range spanning
from 5 to 75 Hz. On the other hand, the worst results were attained by the higher frequency
range for the other three networks, where the input feature was the 3D representation.
These results show that the frequency range of the mu, beta, and gamma bands are the
most valuable in the case of EEGNet and Shallow ConvNet, while the other three networks
are not able to extract those features effectively. It is important to emphasize that, for the
two widely used networks to achieve better results at higher frequencies, as reported in the
literature, cropped training was necessary.

Within the realm of neural networks, the integration of cropped training demonstrates
a parallel effect akin to the observed outcomes with transfer learning. In the absence
of cropped training, EEGNet emerges as the preeminent performer. However, upon
application, there is a discernible transition where Shallow ConvNet surpasses EEGNet in
terms of classification prowess.
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Figure 10. The results obtained with and without cropped training ordered by the classification

accuracy. Arrows mark the cases examined in the first part of the article: the differences between

the FASTER-ed (green arrow) and the fully raw data (blue arrow). The relation between the two

datasets remains the same, as only the EEGNet yields a better raw classification accuracy. However,

during cropped training, Shallow ConvNet also joined this group. Dots marked the results when

frequency filtering was presented between 0.1 and 5 Hz. (Red dots for artifact rejected and blue dots

for raw data). Without cropped training, these results tend to be unexpectedly high, yielding that this

low-frequency range contains the most relevant information for MI classification on the Physionet

database when subject-vise learning is performed without any augmentation of the training dataset.

In the other cases, the color of the bars represents the corresponding preprocessing option. The most

noteworthy result is that while during simple learning, almost every 5-75 Hz filtered attempt was

presented on the lowest part of the list, the cases of EEGNet and Shallow ConvNet jumped to the

first places of the cropped training results, corresponding to the extensive literature.
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Subjects

3.7. Subject Dependence in Simple Learning and Cropped Training

We extended our investigation to explore subject dependence within the context of
cropped training. This involved conducting a series of experiments, comprising four sets
of three trials each, on both the EEGNet and Shallow ConvNet systems. We selected
these two networks because only these two classifiers achieved reasonable accuracy on the
frequency-filtered data during cropped training. We meticulously assessed subject-wise
performance, focusing on the frequency range of 5 Hz to 45 Hz for the FASTER method. As
there were 44 significance values for both networks, each subject was assigned a point
ranging from —8 to 8, facilitating a comparative analysis between FASTER-processed and
completely raw data.

Furthermore, alongside these comparisons, we computed accuracies based on
frequency-filtered raw data spanning the 5 Hz to 45 Hz range and juxtaposed these against
both raw and FASTER-processed data. These findings are synthesized and presented in
Figure 11, providing valuable insights into the relative efficacy of different preprocess-
ing techniques across various subjects. As can be observed, the FASTER-applied and
frequency-filtered data exhibit similar subject-wise distributions when compared to the
raw data, indicating that both methods have comparable effects on subject dependence.
However, when comparing these two methods, it is evident that frequency filtering alone
yields significantly higher accuracy results. Another important factor to note is that the
set of subjects whose classification accuracies improved during cropped training differs
substantially from those who showed improvements in the simple training process.

Cropped training — FASTER vs Raw Cropped training — Frequency vs Raw Cropped training — FASTER vs Frequency Simple training — FASTER vs Raw
EEGNet Shallow ConvNet SUM EEGNet Shallow ConvNet SUM EEGNet Shallow ConvNet SUM EEGNet Shallow ConvNet SUM
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Figure 11. Subject-wise effect of the FASTER artifact rejection method and the frequency filtering on
the classification performance of the EEGNet and Shallow ConvNet, related to the raw data, during
cropped and simple training. The shade of the color means the number of significant increases (green)
or declines (red) out of the four tests. Subjects are ordered by the score achieved during the AR
method compared to the unfiltered data. The order of the subjects is almost the same in the second
graph, meaning that frequency filtering has a similar subject-wise effect as the FASTER algorithm
related to the raw data. However, this sequence is merely different from the result from the first part
of the article, meaning that during cropped training, it changes on which subjects the AR has positive
effects. The sequence is also different on the FASTER compared to the plain frequency filtering graph,
where, for most of the subjects, the AR method caused a significant decline. It means that during
cropped training, it is more advised to filter only the appropriate frequency ranges and not to use the
more complex FASTER method to obtain better results.

4. Discussion

As can be seen from the results, classification accuracy depends on many factors.
The subject dependence of the efficacy of artifact rejection is a noteworthy result. The
question that emerges is, what is the reason behind these differences? As each subject has
a different scale of artifact contamination, the reasoning can be the amount and quality
of contained artifacts. However, it is only partially true because, for instance, subject 15
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has the greatest accuracy decline after artifact rejection, but if we examine it from closer,
multiple artifactual components were rejected there. The real reason can be the number
of rejected components on which neural networks can base their classification. If the data
from a certain subject contain artifactual yet useful components, the accuracy will decline
as a result of the application of the FASTER method.

The application of transfer learning yields a noteworthy improvement for each clas-
sification task. This beneficial effect of the process is well-documented in the existing
literature [45-47]. What is interesting to note is that transfer learning improves the raw
data classification to the greatest extent, and results obtained this way surpass the accu-
racy achieved on the artifact-rejected data. A plausible underlying explanation for this
phenomenon may be that, with a substantial amount of training data, neural networks
can learn to disregard artifacts and focus on neuronal processes. Conversely, the FASTER
artifact rejection method may filter out components that are relevant and could have been
utilized by neural networks for learning.

The best accuracy is achieved by the Shallow ConvNet with raw data as input and
transfer learning, replacing the EEGNet, which was the classifier with the highest accuracy
when transfer learning was not applied. This confirms Shallow ConvNet’s superior perfor-
mance in transferring weights from the broader dataset, as was also described earlier [46].

As it was presented, adding the spatial dimension using dense 3D representation did
not lead to improvements in most cases. This is likely because networks like Shallow Con-
vNet and EEGNet can inherently learn the spatial relationships between channels through
their architectures. Shallow ConvNet achieves this via spatial filtering, while EEGNet uses
DepthwiseConv2D layers. These methods allow the networks to autonomously identify
and leverage the importance of spatial data and channel interactions, which proves to
be more effective for classification performance than explicitly incorporating a dense 3D
spatial representation.

Discussing results from the frequency filter section, the conclusion that can be drawn
is when a limited number of data is given to training the classifier, such as in the case of
subject-wise training, even the well-known and widely used Shallow ConvNet and EEGNet
tend to concentrate on the lowest frequency ranges, which ranges can contain relevant
information. This attention to lower ranges of frequency can be seen in Figure 10. An
unexpected observation is that networks trained on the 0.1-5 Hz filtered dataset exhibited
relatively high accuracies, often surpassing those trained on the 0.1-75 Hz filtered version.
In the scenario of lowpass filtering, raw data yielded greater accuracies than the artifact-
rejected data, indicating that the previously examined effect of AR does not hold under
these circumstances. One possible explanation for the superior classification accuracy
of the delta band is its inherently higher amplitude power compared to other frequency
bands. This elevated power may provide the classifier with more prominent features,
thereby enhancing performance. Additionally, the delta band is closely associated with
attentional processes, which may contribute to the presence of underlying features that
strongly influence classification accuracy. Furthermore, the limitations of training data
without the use of cropped training or transfer learning might impair the networks’ ability
to effectively recognize the importance of higher-frequency bands, such as mu and beta. In
this work, we demonstrated that the inclusion of cropped training significantly improves
the classification of signals containing higher-frequency components, a result that aligns
with prior findings in the literature.

It is important to note that when comparing raw data with the artifact-rejected dataset
filtered in the 0.1-75 Hz range, we observe the same results: artifact rejection improves
performance in four out of five networks, except EEGNet. However, when frequency
filtering is applied to the raw data, the Shallow ConvNet without AR also outperforms
the version where the FASTER method was applied. For the remaining networks, the
performance relationship remains unchanged. Nevertheless, when cropped training was
present, the overall picture changed. On one hand, the average classification accuracy of
the networks decreases with this method. This decline can be attributed to the test set
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containing an extended range of data, making it more challenging for the classifiers to
produce accurate results. On the other hand, via this method, we can acquire more data to
train the classifier—as in the case of transfer learning. This extended version of the dataset
is enough for the EEGNet and the Shallow ConvNet to learn from the higher frequency
ranges—as expected from the literature. In investigating this aspect, it is shown that
EEGNet and Shallow ConvNet are more capable of generalizing data, as they effectively
leverage the variability introduced by cropped training. This demonstrates their ability
to adapt to different temporal onsets in the EEG signals, a crucial factor in improving
classification accuracy and model robustness.

Figure 11 demonstrates a notable consistency in the performance trends observed dur-
ing cropped training across networks trained on frequency-filtered and FASTER-processed
datasets, exhibiting a similar propensity for performance enhancement in comparison to
the raw dataset. This consistency suggests that, in this case, the performance enhancement
caused by the FASTER algorithm can be explained by the effect of frequency filtering. More-
over, if we compare the artifact rejection method to the frequency-filtered performance,
the latter gets significantly higher accuracies in the vast majority of subjects. That means
that with a simple frequency filter, we can achieve better performance during cropped
training than with a complex AR method. Another important observation to note is that
the subjects that had higher accuracies with the FASTER method compared to the raw data
during cropped training differ from the subjects that were obtained by simple learning.
This could be an effect of the phenomenon that during cropped training, different parts of
the original signals are simultaneously presented, and neural networks can learn about
other factors, some of which are filtered out during artifact rejection.

There are only a limited number of papers examining the subjects of the Physionet
database regarding the effect of artifact rejection. Therefore, it is hard to give a thorough
comparison. There are studies where filtering enhances the classification performance
in various datasets [20,28]. Other articles report a decline in accuracy due to artifact
rejection [21]. Subject dependence remains a significant factor, as evidenced not only in
various articles exploring the BCI Competition IV Dataset 2a [25,48] but also in our study
focusing on the Physionet database. Our findings highlight that the efficacy of the FASTER
artifact rejection method in terms of classification accuracy is profoundly influenced by the
specific subject under consideration.

For the case of frequency dependence, Hauke Dose et al. [42], who also examined the
Shallow ConvNet’s accuracy on the Physionet database, concluded that this architecture
tends to concentrate on the lowest part of the frequency domain. In their experiment,
they analyzed the squared frequency responses of the learned temporal filters, and the
mean focused on the lowest frequency range (below 10 Hz). These results correspond
to our findings. The frequency results obtained through cropped training and the use of
Shallow ConvNet and EEGNet align with the broader literature. As imagery movements
are described to be mostly classifiable in the mu and beta ranges [49,50], it is expected that
signals filtered between 5 and 75 Hz exhibit higher (or at least similar) accuracies compared
to unfiltered signals.

The study reveals how small changes in the preprocessing pipeline can significantly
impact classification accuracy, underscoring the need for tailored solutions in EEG-based
BClI systems. As discussed by Xu et al. [51], while much progress has been made in neural
interface research, translating these advancements into reliable, real-world applications re-
mains challenging. This research contributes to bridging that gap by optimizing processing
techniques that can enhance the practicality of BCIs in neurorehabilitation and beyond.

5. Conclusions

In conclusion, our research indicates that the FASTER method can enhance perfor-
mance in a subject and network-specific manner. There are subjects where the application
of AR comes with an efficiency increase, while in other cases, it comes with the deteriora-
tion of the results. Transfer learning proved to be effective in improving the performance
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of all networks in both raw and artifact-rejected data. However, it was noted that the
accuracy of classification for artifact-rejected data did not improve as significantly as it did
for the unfiltered data, resulting in less precision. Our findings also revealed an unexpected
outcome from frequency filtering, as the tested networks demonstrated strong classifica-
tion performance based on the low-frequency components during learning. Notably, we
observed that higher frequency ranges were more discriminative in the case of EEGNet and
Shallow ConvINet when cropped training was applied. In summary, the study underscores
the intricate interplay between processing techniques and neural network performance,
highlighting the necessity for tailored processing approaches designed for specific subjects
and network architectures.
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Abstract: Objective: This study aimed to explore longitudinal relationships between neurophysiolog-
ical biomarkers and upper limb motor function recovery in stroke patients, focusing on electroen-
cephalography (EEG) and transcranial magnetic stimulation (TMS) metrics. Methods: This longi-
tudinal cohort study analyzed neurophysiological, clinical, and demographic data from 102 stroke
patients enrolled in the DEFINE cohort. We investigated the associations between baseline and post-
intervention changes in the EEG theta/alpha ratio (TAR) and TMS metrics with upper limb motor
functionality, assessed using the outcomes of five tests: the Fugl-Meyer Assessment (FMA), Handgrip
Strength Test (HST), Pinch Strength Test (PST), Finger Tapping Test (FTT), and Nine-Hole Peg Test
(9HPT). Results: Our multivariate models identified that a higher baseline TAR in the lesioned
hemisphere was consistently associated with poorer motor outcomes across all five assessments. Con-
versely, a higher improvement in the TAR was positively associated with improvements in FMA and
9HPT. Additionally, an increased TMS motor-evoked potential (MEP) amplitude in the non-lesioned
hemisphere correlated with greater FMA-diff, while a lower TMS Short Intracortical Inhibition (SICI)
in the non-lesioned hemisphere was linked to better PST improvements. These findings suggest
the potential of the TAR and TMS metrics as biomarkers for predicting motor recovery in stroke
patients. Conclusion: Our findings highlight the significance of the TAR in the lesioned hemisphere
as a predictor of motor function recovery post-stroke and also a potential signature for compensatory
oscillations. The observed relationships between the TAR and motor improvements, as well as the
associations with TMS metrics, underscore the potential of these neurophysiological measures in
guiding personalized rehabilitation strategies for stroke patients.

Keywords: stroke; rehabilitation; motor recovery; neurophysiological biomarkers; electroencephalog-
raphy (EEG); resting-state EEG; theta/alpha ratio (TAR); transcranial magnetic stimulation (TMS)

1. Introduction

Stroke is the second leading cause of death worldwide and the primary cause of
disability, impacting various functional domains such as mobility, touch, pain, cognition,
and mood [1]. The incidence of stroke is increasing due to an aging global population, with
approximately 16.9 million new cases each year [2]. Despite scientific advances improving
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rehabilitation outcomes over the past decade, many stroke survivors still experience re-
duced mobility and severe chronic disability, particularly in the upper limbs, after a year of
inpatient rehabilitation [3]. This highlights the ongoing challenge of implementing effective
rehabilitation strategies for stroke survivors, which remains in its incipient stages.

In the context of stroke recovery, which has significant heterogenicity among patients,
further research is essential to understand the disability mechanisms and enhance patient-
focused rehabilitation, developing predictors of outcomes for various interventions [4].
Since rehabilitation marks a complex neurobiological phase, identifying reliable biomarkers
is vital [5]. Many biomarkers of stroke recovery have been discussed in the literature, such
as those derived from Electroencephalography (EEG) and Transcranial Magnetic Stimula-
tion (TMS), either in isolation or combined. For instance, recent studies have demonstrated
that EEG shows potential in predicting upper limb sensorimotor recovery [6-10] and TMS
shows potential for upper extremity motor function improvement, both in post-stroke
patients [9,11,12]. Therefore, the EEG and TMS-metrics could serve as an effective brain
biomarker for upper limb motor function recovery.

Moreover, the role of the EEG and TMS metrics in understanding and predicting stroke
recovery underscores their importance in stroke rehabilitation. A 2017 systematic review
identified the motor-evoked potential (MEP) derived from TMS as a brain biomarker for
improved upper limb motor outcomes [7]. A 2023 systematic review further highlighted
EEG’s potential in predicting upper extremity sensorimotor recovery, emphasizing its
ability to capture neural alterations such as interhemispheric imbalance and disruptions in
beta oscillatory activity, which are closely linked to motor recovery outcomes [13]. However,
despite these advances, significant gaps remain in the identification of reliable biomarkers
due to methodological limitations and the complexity of interpreting interactions between
biomarkers and clinical measures [5]. For instance, recent research employing multivariate
models revealed a specific neural signature in which a higher EEG theta/alpha ratio (TAR)
in the lesioned hemisphere combined with increased MEP amplitude in the non-lesioned
hemisphere correlates with poorer upper limb motor function [14]. This finding suggests a
potential neural signature of brain compensation where lower frequencies of EEG power are
heightened in the lesioned hemisphere, and corticospinal excitability is reduced in the non-
lesioned hemisphere. Consequently, there is a clear need for more comprehensive studies
utilizing the EEG and TMS metrics to enhance our understanding of upper extremity
recovery patterns post-stroke.

To advance the knowledge of upper limb recovery post-stroke, our longitudinal study
employs a prospective cohort analysis exploring EEG theta/alpha oscillations as potential
biomarkers for predicting upper extremity impairment and motor outcomes. We aim
to determine how this measure correlates with five motor assessments: the Fugl-Meyer
Assessment (FMA), Handgrip Strength Test (HST), Finger Tapping Test (FTT), Nine-Hole
Peg Test (9HPT), and Pinch Strength Test (PST) [15]. Our models are designed to capture
recovery patterns and biomarker changes, emphasizing the potential of the EEG-TAR
in predicting motor impairment and recovery in the upper limbs of stroke patients. We
hypothesize that a decreased EEG-TAR will be related to a better functional improvement
and this approach could significantly enhance current rehabilitation practices by facilitating
the development of personalized treatment strategies.

2. Materials and Methods
2.1. Participants, Study Design, and Sample Size

This study involves a longitudinal analysis employing baseline and post-interventional
data from the “Deficit of Inhibition as a Marker of Neuroplasticity (DEFINE Study) in
Rehabilitation: A Longitudinal Cohort Study Protocol” cohort study [16]. This cohort
recruited patients from the conventional stroke rehabilitation program at the Instituto de
Medicina Fisica e Reabilitacao (IMREA). In the stroke arm of this cohort, 102 participants
signed the informed consent, which had been previously approved by the Hospital das
Clinicas da Faculdade de Medicina da Universidade de Sao Paulo Ethics Committee for
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Research Protocol Analysis (CAAE: 86832518.7.0000.0068). Here, we analyze data from
those subjects who underwent a series of clinical and neurophysiological evaluations at
two key stages: before starting and after completing the IMREA rehabilitation program.

2.2. Inclusion Criteria

From 2020 to 2022, subjects of both sexes, aged 18 years and older, were included if
they had a clinical and radiological diagnosis of stroke confirmed by imaging and were
clinically stable as verified by a medical evaluation. They also needed to meet the eligibility
criteria for the IMREA rehabilitation program. Exclusion criteria included any clinical
or social conditions that could interfere with participation in the rehabilitation treatment.
Pregnancy was also a criterion for exclusion. All participants provided signed informed
consent forms [16].

2.3. Exclusion Criteria

Participants were excluded from the study if they had any clinical or social conditions
that could interfere with their participation in the rehabilitation treatment. Additionally,
pregnancy was considered an exclusion criterion.

2.4. Functional Assessments

A trained physician first evaluated a participant’s eligibility, reviewed their medical
history, conducted physical examinations, and collected demographic surveys. The data
collected were then used to identify covariates for the regression models. Various scales
were used to describe the sample and controls for confounding variables in the multivariate
statistical model. To evaluate upper limb function, we selected five specific assessments,
each targeting a unique aspect of motor performance: The Fugl-Meyer Assessment (FMA)
measures motor recovery and coordination in the upper limb, providing a comprehensive
evaluation of motor impairment. The Handgrip Strength Test (HST) assesses overall grip
strength, reflecting functional hand performance and general muscle strength. The Pinch
Strength Test (PST) evaluates fine motor strength required for precision tasks, such as
pinching and gripping small objects. The Finger Tapping Test (FIT) measures motor
speed and coordination, focusing on fine motor control and rhythm. The Nine-Hole Peg
Test (O9HPT) assesses dexterity and hand-eye coordination, crucial for everyday manual
tasks. These assessments were selected to provide a well-rounded evaluation of upper
limb function [15,17]. A more detailed description of each assessment is available in the
Supplementary Materials.

2.5. Intervention

The rehabilitation interventions provided at IMREA are highly personalized, tailored
to the unique needs of each patient. These interventions encompass a multidisciplinary
approach, including physical therapy to enhance motor function recovery, strength, and
mobility; occupational therapy to improve activities of daily living and fine motor skills;
and psychological support to address emotional well-being and coping strategies post-
stroke. Additional therapies, such as speech therapy or social support services, may also be
incorporated based on the patient’s specific condition and recovery goals. This personalized
and comprehensive framework ensures that each patient receives targeted care to optimize
their rehabilitation.

2.6. Neurophysiological Assessment Methods
2.6.1. Electroencephalography

A skilled clinical neurophysiologist conducted a visual analysis of the EEG data to
identify artifacts and any potential clinical abnormalities. This information was subse-
quently exported and analyzed offline using MATLAB (R2014b, The MathWorks Inc.,
Natick, MA, USA) and EEGLab [18]. The EEG should will last approximately 45 min, con-
sisting of 25 min for participant and software setup, followed by 10 min of EEG recording.

155



Brain Sci. 2024, 14, 1257

This recording will be split into a resting-EEG condition, with 5 min of open-eye and 5
min of closed-eye observation, and an 8 min task-related EEG condition. The task-related
EEG part includes activities such as movement observation, imagery, and execution. The
analysis focused on standard frequency bands: delta (2—4 Hz), theta (4-8 Hz), low-alpha
(8-10.5 Hz), high-alpha (10.5-13 Hz), alpha (8-13 Hz), low-beta 1 (1320 Hz), high-beta 2
(20-30 Hz), and beta (13-30 Hz). These frequency bands were measured bilaterally across
the frontal, central, and parietal scalp regions and used to calculate the theta/alpha ratio
(TAR), which is the simple division of theta band power (4-8 Hz) by alpha band power
(8-13 Hz).

2.6.2. Transcranial Magnetic Stimulation

A Magstim Rapid® stimulator (The Magstim Company Limited, Whitland, UK) with
a 70 mm figure-of-eight coil was positioned tangentially on the skull at a 45-degree angle to
the sagittal line for the TMS assessment [19]. All assessments were performed bilaterally by
stimulating the motor cortex, with muscular responses recorded using surface electromyo-
graphy electrodes placed on the target muscle, the first dorsal interosseous of the hand. To
locate the cortical area corresponding to the selected muscle, the vertex (intersection of the
nasion-inion lines and zygomatic arches) was identified. Marks were then drawn 5 cm
(about 1.97 in) from the vertex towards the ear tragus on both sides in (rMT) the coronal
plane, identifying the “hot spot”—the area with the lowest resting motor threshold and the
highest motor-evoked potential (MEP) amplitude in the target muscle.

The rMT is defined as the minimum intensity at which a single TMS pulse at the
hot spot elicits an MEP with at least a 50 V peak-to-peak amplitude in 50% of attempts.
The assessment also included recording ten MEPs at 130% of rMT with a 7 s interval
between stimuli (the average of those measures is the MEP130); measuring the silent period
(SP), which reflects the temporary suppression of electromyographic activity during a
sustained MEP voluntary contraction; assessing short-interval intracortical inhibition (ICI)
with two stimuli 2 milliseconds apart, with the conditioned stimulus at 80% rMT and the
test stimulus at 130% rMT, and measuring intracortical facilitation (ICF) using the same
stimulus values as ICI but with a 10-millisecond interval between the stimuli. Moreover,
the ICI is calculated as the MEP after paired-pulse 2 ms/the MEP at baseline, and the SICF
is determined by the MEP after paired-pulse 10 ms/the MEP at baseline [20].

2.7. Statistical Analysis

In this cohort study, we collected two measurements for each variable: one before and
one after the rehabilitation program. We then calculated the differences by subtracting
the pre-intervention values from the post-intervention values for each variable. These
differences represent our outcomes and are designated as follows: FMA-diff for the Fugl-
Meyer Assessment, HST-diff for the Handgrip Strength Test, PST-diff for the Pinch Strength
Test, FTT-diff for the Finger Tapping Test, and 9HPT-diff for the Nine-Hole Peg Test. All
other variables follow the same naming convention: variables representing the difference
between post- and pre-intervention measurements have the suffix “-diff” added to their
names. In contrast, variables without this suffix represent baseline (pre-intervention) data.

For the analysis, only complete cases were included. Outcomes were dichotomized
into binary variables as they did not satisfy the assumptions necessary for linear regression.

A value of 0 was assigned when the difference between post- and pre-intervention
measurements was zero or negative (difference < 0), indicating a deterioration in the
patient’s condition. Conversely, a value of 1 was assigned when the difference was positive
(difference > 0), indicating an improvement in the patient’s condition. An exception was
made for the 9HPT-diff, where a lower time reflects a better performance; hence, the
categorization was reversed. In this case, a value of 1 was assigned when the difference
was negative (difference < 0), indicating improvement, while a value of 0 was assigned
when the difference was zero or positive (difference > 0), indicating a decline in the
patient’s condition.
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We then investigated two types of associations: first, between the outcomes (FMA-diff,
HST-diff, PST-diff, FTT-diff, and 9HPT-diff) and baseline variables measured prior to the
intervention; and second, between the same outcomes and the differences in neurophysi-
ological variables, calculated as the post-intervention values minus the pre-intervention
values, in the same manner as the outcomes were determined. In both cases, we first
performed univariate regression analyses. Subsequently, we used the variables that had a
p-value < 0.25 in the univariate associations. Finally, we constructed the final multivari-
ate model using a combination of Forward Selection and Backward Elimination, guided
by clinical reasoning in the selection of variables. During this stage, a significance level
of p-value < 0.05 was adopted. It is noteworthy that we thoroughly examined potential
confounders such as age, sex, educational level, and others, adjusting the model as neces-
sary. We considered a variable to be a confounder if it changed the beta-coefficient (Log
[Odds Ratio]) of another variable by more than 10%. Additionally, given the exploratory
characteristic of this study, we investigated region-specific relationships between EEG
metrics and motor outcomes, providing preliminary evidence for the distinct roles of the
central and parietal regions. The central region, involving the primary motor cortex, was
linked to gross motor functions such as strength and speed, assessed by FMA, HST, and
FTT. In contrast, the parietal cortex, key for sensorimotor integration and dexterity, was
associated with fine motor skills, as reflected in the 9HPT, highlighting its role in precision
and coordination.

Statistical significance was determined at p < 0.05, and all analyses were conducted
using a standard software package, R-Studio Version 2023.06.0+421 (2023.06.0+421).

3. Results
3.1. Sample Characteristics

Baseline data for 102 post-stroke patients who participated in the cohort study were
collected, revealing that the cohort had a mean age of 56 years old, 58 were male (57%), the
mean level of education was 11.46 years, and most participants were white, 52 (51%). Most
had an ischemic stroke (81%), which was a moderate stroke (mean of National Institute
of Health Stroke Scale [NIHSC] of 5) and required a mild level of assistance (Functional
Independence Measure [FIM] of 96). Additionally, all five upper limb motor function
metrics demonstrated a non-normal distribution. A detailed description of the sample
demographic and clinical characteristics at baseline is provided in Table 1.

Table 1. Demographic and clinical features at baseline for the 102 post-stroke patients included in

the study.
Patient Characteristics Total (N = 102)
Age, mean (SD) 56.02 (13.7)
Sex, N (%)
Male 58 (58.86)
Female 44 (43.14)
Education years, mean (SD) 11.46 (5.83)
BMI, mean (SD) 26.77 (5.17)
Smoking history, N (%)
Yes 38 (37.2%)
No 54 (53.0%)
Missing data 10 (9.8%)
Marital status, N (%)
Married 55 (54.06)
Not married 47 (45.94)

157



Brain Sci. 2024, 14, 1257

Table 1. Cont.

Patient Characteristics Total (N =102)
Race, N (%)
Asian 7 (6.90)
Black 10 (9.70)
More than one race 26 (25.5)
White 52 (51)
Unknown or not reported 7 (6.90)
Stroke type, N (%)
Ischemic 83 (81.37)
Hemorrhagic 12 (11.76)
Ischemic with hemorrhagic transformation 7 (6.87)
NIHSS, median (IQR) 5 (2-8)
Time since the injury (in months), median (IQR) 12.3 (5.29-19.38)
Patient age at the stroke), median (IQR) 56.15 (44.64-67.36)
Hand dominance aligned with the paretic side, N (%)
Yes 91 (58.18)
No 42 (41.82)
Impairment of the thenar region on the paretic side, N (%)
Yes 80.58
No 11 (19.42)
Presence of spasticity, N (%)
Yes 71 (69.6%)
No 19 (18.6%)
Missing data 12 (11.8%)
CPM on the paretic side, median (IQR) 1.48 (0.65-3.44)
FIM score, median (IQR) 96 (77.75-106.0)

Abbreviations: NIHSS: National Institute of Health Stroke Scale; FIM: Functional Independence Measure; SD:
Standard deviation); IQR: Interquartile range; CPM: Conditioned Pain Modulation.

3.2. Dependent Variables Characteristics

Table 2 summarizes the five upper limb motor outcomes, specifically the differences be-
tween post- and pre-intervention for each assessment. For FMA-diff, 52.7% of participants
had a difference <0, while 47.3% had a difference >0. For HST-diff, 57.9% of participants
had a difference <0, and 42.1% had a difference 0. For PST-diff, 66.7% of participants had
a difference <0, and 33.3% had a difference >0. For FFT-diff, 61.5% of participants had a
difference <0, while 38.5% had a difference >0. Lastly, for 9HPT-diff, 72.7% of participants
had a difference <0, and 27.3% had a difference >0.
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Table 2. Differences between motor function assessments after and before the rehabilitation program.

FMA-Diff Number of Observations %
difference <0 29 52.7
difference > 0 26 47.3

HST-diff
difference < 0 33 57.9
difference > 0 24 421
PST-diff
difference <0 38 66.7
difference > 0 19 333
FFT-diff
difference < 0 24 61.5
difference > 0 15 38.5
9HPT-diff
difference < 0 40 72.7
difference > 0 15 27.3

3.3. Multivariate Analysis

When necessary, we adjusted each model for covariates such as age, sex, time of injury,
education level, marital status, stroke type, BMI, smoking history, NIHSS, and SICI. This
adjustment allowed us to accurately reveal the associations between the outcomes and
the TAR.

3.4. Association Between Outcomes and Baseline Neurophysiological Variables

These models were constructed to identify associations between the five outcomes and
the baseline variables, adjusted by the patients” demographic and clinical characteristics
(Table 3). For FMA-diff, we found a negative association with the TAR measured in
the parietal lesioned hemisphere (OR = 0.22, 95% CI: 0.04-0.82; p-Value = 0.04), and
a positive association with MEP130 measured in the non-lesioned hemisphere, OR =
1.57 (95% CI: 1.05-2.48; p-Value = 0.03). For HST-diff, we found a significant negative
association with the TAR measured in the central lesioned hemisphere (OR = 0.20, 95% CI:
0.04-0.75; p-Value = 0.0351). For PST-diff, we observed a significant negative association
with the TAR measured in the central lesioned hemisphere (OR = 0.19, 95% CI: 0.03-0.78;
p-Value = 0.0456) and a significant positive association with ICI measured in the non-
lesioned hemisphere (OR = 14.62, 95% CI: 1.75-209.10; p-Value = 0.025). For FTT-diff, we
identified a significant negative association with the TAR measured in the central lesioned
hemisphere (OR = 0.08, 95% CI: 0.00-0.56; p-Value = 0.0393). For 9HPT-diff, we found a
significant negative association with the TAR measured in the central lesioned hemisphere
(OR = 0.13, 95% CI: 0.01-0.66; p-Value = 0.0371).
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Table 3. Association between outcomes and baseline neurophysiological variables.

Multivariable Analysis OR 95% CI p-Value N
FMA-diff 2 48

EEG TAR (parietal lesion side) 0.22 0.04-0.82 0.040

TMS MEP 130 (non-lesion side) 1.57 1.05-2.48 0.034
HST-diff ® 55

EEG TAR (central lesion side) 0.20 0.04-0.75 0.035
PST-diff 53

EEG TAR (central lesion side) 0.19 0.03-0.78 0.046

TMS SICI (non-lesion side) 14.62 1.75-209.10 0.025
FT-diff 39

EEG TAR (central lesion side) 0.08 0.00-0.56 0.04
9HPT-diff P 53

EEG TAR (central lesion side) 0.13 0.01-0.66 0.037

# Adjusted by FMA baseline, marital status, education level, and smoking history. b Adjusted by level of education
and BMI. Abbreviations: FMA: Fugl-Meyer Assessment; HST: Handgrip Strength Test; PST: Pinching Strength
Test; FT: Finger Tapping; 9HPT: Nine Hole Peg Test; EEG: Electroencephalogram; TMS: Transcranial Magnetic
Stimulation; TAR: theta over alpha ratio; MEP: motor evoked-potential; SICI: Short Intracortical Inhibition; OR:
Odds Ratio; CI: Confidence Interval; BMI: Body Mass Index.

3.5. Association Between Outcomes and Neurophysiological Variables Differences (Post- and
Pre-Intervention)

These models were constructed to identify associations between the outcomes and
the differences in the variables (post-intervention minus pre-intervention), adjusted by the
patients” demographic and clinical characteristics (Table 4). For FMA-diff, we found a posi-
tive association with the TAR-diff measured in the central lesioned hemisphere (OR = 1.15,
95% CI: 1.02-1.36, p-Value = 0.0454). For 9HPT-diff, we found a significant positive associa-
tion with the TAR-diff measured in the parietal lesioned hemisphere (OR = 1.81, 95% CI:
1.15-3.62; p-Value = 0.029). No significant associations were found for HST-diff, PST-diff,
or FT-diff.

Table 4. Association between outcomes and neurophysiological variables differences.

Multivariable Analysis OR 95% CI p-Value N
FMA-diff 2 41

EEG TAR (central lesion) difference 1.15 (1.02-1.36) 0.045
9HPT-diff ® 41

EEG TAR (parietal lesion side) difference 1.81 (1.15-3.62) 0.029

2 Adjusted by age, sex, NIHSS, and stroke type. ® Adjusted by NIHSS, time since injury, EEG TAR frontal lesion
side, and EEG TAR central lesion side. Abbreviations: FMA: Fugl-Meyer Assessment; 9HPT: Nine Hole Peg Test;
EEG: Electroencephalogram; TMS: Transcranial Magnetic Stimulation; TAR: theta over alpha ratio; OR: Odds
Ratio; CI: Confidence Interval; BMI: Body Mass Index; NIHSS: National Institute of Health Stroke Scale.

4. Discussion
4.1. Main Findings

In our current research, we explored five outcomes: FMA-diff, HST-diff, PST-diff,
FT-diff, and 9HPT-diff. We identified a negative association between the outcomes and
baseline TAR measured in the lesioned hemisphere, as well as a positive association
between the outcomes and the TAR-diffs (post- minus pre-intervention) also measured
in the lesioned hemisphere. Additionally, we observed a positive association between
baseline MEP130 measured in the non-lesioned hemisphere and FMA-diff. Similarly, a

160



Brain Sci. 2024, 14, 1257

positive association was found between baseline SICI, also measured in the non-lesioned
hemi-sphere, and PST-diff.

4.2. Association Between Outcomes and Baseline EEG Theta/Alpha Ratio in the
Lesioned Hemisphere

The models aimed to identify associations between five motor outcome measures
(FMA-diff, HST-diff, PST-diff, FTT-diff, and 9HPT-diff) and baseline variables, while ad-
justing for patients” demographic and clinical characteristics. The TAR measured in the
lesion hemisphere showed a significant negative association with the five outcomes, in-
dicating that higher baseline TAR values were associated with less improvement across
different assessments.

Building upon this, our previous study showed that a higher TAR in the frontal
region of the lesioned hemisphere is associated with poorer motor outcomes, as seen in the
patients” lower performance scores. This observation is consistent with prior studies that
have identified an increased ratio of [slow oscillations]/[fast oscillations] as a marker of
brain injury (DAR: Delta/Alpha and DTABR: (delta + theta)/(alpha + beta)). For instance,
Finnigan et al. reported that the DAR and DTABR are reliable indicators for detecting acute
ischemic stroke [21]. Furthermore, evidence indicates that low-frequency oscillations in the
motor cortex, which relate to motor control tasks, tend to decrease shortly after a stroke
and re-emerge during motor recovery [22,23]. Additionally, a transition toward alpha
oscillations is associated with improvements in motor abilities [24]. In our previous cross-
sectional study, we suggested that a reduced theta/alpha ratio might be associated with
improved motor function [14]. In the current study, which includes two measurements
(pre- and post-intervention), this hypothesis appears to be supported, as we observed
consistent results across all five outcomes. In fact, the TAR has consistently been identified
as a significant factor associated with motor outcomes. For example, in our models, we
observed that a higher TAR in the lesion hemisphere was negatively correlated with various
motor performance measures. Specifically, for FMA-diff, we found that an elevated TAR in
the parietal lesion region was associated with poorer motor outcomes. Similarly, the TAR
in the central lesion region was negatively associated with HST-diff, PST-diff, FTT-diff, and
9HPT-diff. These consistent findings across multiple outcome measures underscore the
importance of the TAR as a potential marker for motor function, suggesting that a higher
baseline TAR in the lesion hemisphere is associated with poorer improvements across all
five motor outcomes. Finally, our findings solidify the role of TAR as a reliable predictor
of motor outcomes in stroke patients, offering valuable insights for both research and
clinical practice. Furthermore, the relationships between TAR and the different functional
assessments also highlight variations in the aspects of motor function being measured.
For instance, the 9HPT and FIT assess motor speed and dexterity, while the HST and
PST are more focused on strength-related performance. This distinction suggests that
the influence of TAR might manifest differently depending on the motor domain being
assessed. Exploring these nuanced relationships further could provide deeper insights into
how TAR relates to specific functional abilities and recovery trajectories.

4.3. Association Between Outcomes and EEG Theta/Alpha Ratio (Differences Post- Minus
Pre-Intervention) in the Lesioned Hemisphere

The models were constructed to identify associations between the motor outcomes
and the TAR-diff in the lesioned hemisphere, while adjusting for patients” demographic
and clinical characteristics. For FMA-diff, a positive association was found with TAR-diff,
indicating that an increase in this ratio was associated with improved motor function,
as reflected by higher FMA-diff scores. Similarly, a significant positive association was
observed between 9HPT-diff and TAR-diff, suggesting that increases in the TAR in the
parietal lesion region were linked to a better motor performance. These findings imply that
changes in the TAR post-intervention may serve as indicators of motor recovery, particularly
in the central and parietal regions of the brain. Based on the previous topic, studies have
identified an increased ratio of [slow oscillations]/[fast oscillations] as a marker of brain
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injury. Additionally, evidence indicates that low-frequency oscillations in the motor cortex,
which are related to motor control tasks, tend to decrease shortly after a stroke and re-
emerge during motor recovery [22,23]. Moreover, a transition toward alpha oscillations
is associated with improvements in motor abilities. This aligns with our results, where
we found that higher differences in the TAR were associated with greater improvements
in both FMA-diff and 9HPT-diff, suggesting that these changes in the TAR could reflect a
more robust recovery process in motor function. This finding suggests that the transition
from delta oscillations to alpha oscillations, as represented by an increase in the theta/alpha
ratio (TAR), may serve as a potential biomarker for predicting improvements in motor
outcomes. The observed increase in the TAR could reflect underlying neurophysiological
processes associated with recovery, such as the reorganization of neural networks or the
restoration of motor control pathways. As such, monitoring changes in the TAR during
rehabilitation could provide valuable insights into the effectiveness of interventions and
the trajectory of motor function recovery.

It is worth mentioning that we did not find statistically significant associations be-
tween TAR-diff in the lesioned hemisphere and HST-diff, PST-diff, and FI-diff. This lack of
association may be due to these three outcomes being more closely related to gross motor
movements, which might not be as sensitive to changes in the theta/alpha ratio as fine
motor skills. Furthermore, the differential associations observed between TAR-diff and mo-
tor outcomes highlight the varying sensitivity of these assessments to neurophysiological
changes. For example, FMA-diff and 9HPT-diff primarily assess fine motor control and
coordination, which may be more directly influenced by changes in the TAR. In contrast,
outcomes like HST-diff and PST-diff, which focus on strength-related measures, may rely
less on the neural oscillatory dynamics captured by the TAR. These differences underscore
the importance of tailoring the selection of functional assessments to the specific neuro-
physiological mechanisms under investigation and suggest that the TAR may serve as a
more robust biomarker for fine motor recovery compared to gross motor outcomes.

4.4. Association Between Outcomes and Baseline TMS Metrics in the Non-Lesioned Hemisphere

Additionally, we observed a positive association between baseline MEP130 measured
in the non-lesioned hemisphere and FMA-diff. This suggests that higher baseline MEP
values are associated with greater improvements in motor function. Similarly, a positive as-
sociation was found between baseline SICI, also measured in the non-lesioned hemisphere,
and PST-diff, indicating that a lower inhibition (as reflected by higher SICI amplitude
values) may be linked to better motor recovery outcomes.

Our previous study demonstrated that increased MEP amplitude in the non-lesioned
hemisphere correlates with improved motor function [14]. These relationships were con-
sistent across all five motor assessments, reinforcing the idea that neurophysiological
measures, such as MEP amplitude, may serve as reliable biomarkers for recovery. Indeed,
in the current study, a higher baseline MEP130 of the motor threshold is associated with
a greater score for FMA-diff, suggesting that increased activity in the non-lesioned hemi-
sphere at baseline is linked to higher odds of improving motor skills, as measured by the
Fugl-Meyer Assessment. Moreover, the finding of a positive association between SICI and
PST-diff is consistent with this idea, as higher SICI values indicate less inhibition. Therefore,
we could state that the lower the inhibition in the non-lesioned hemisphere, the higher the
odds of improving motor skills, as measured by the Pinch Strength Test.

4.5. Strengths and Limitations

One limitation would be that the relatively small sample size may have negatively
impacted our results’ statistical power and precision, underlining the need for further
larger longitudinal and interventional studies to establish more accurate causal associa-
tions. Additionally, it is important to acknowledge that the DEFINE cohort study was
conducted in a Latin American center, which may influence the external validity of our
findings. Furthermore, the dichotomization of continuous outcomes, while pragmatic
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for addressing data distribution challenges, may have reduced granularity and masked
nuanced relationships, warranting a cautious interpretation of the results. It should be
mentioned that another limitation of this study is the lack of stroke location data, which
may influence EEG and recovery outcomes.

On the other hand, a key strength of our research lies in its comparison of neuro-
physiological measures with the differences in pre- and post-intervention values across
five motor assessments within a stroke population. This approach not only enriches our
understanding of the clinical validity of EEG and TMS measures, as neurophysiological
biomarkers of upper limb motor recovery, but also provides a foundation for evaluating
the impact of changes in EEG and TMS metrics as potential surrogate outcomes for further
studies. Additionally, the longitudinal nature of our analysis offers a more dynamic
representation of post-stroke recovery.

4.6. Future Perspectives: EEG Biomarkers and Emerging Parameters for Analysis

In our study, the TAR has been identified as a potential biomarker for motor recovery,
reflecting cortical reorganization processes during rehabilitation. These findings align
with research on event-related desynchronization (ERD) during action observation, which
has been highlighted as an early predictor of motor recovery in subcortical stroke [25].
Specifically, alpha ERD during AO in the affected parietal and central regions has been cor-
related with better functional outcomes, such as improvements in FMA scores at 12 weeks.
Similarly, the TAR captures broader oscillatory dynamics that reflect the brain’s capacity for
functional reorganization. While our study focuses on the TAR’s predictive value, integrat-
ing ERD into future investigations alongside the TAR may enhance our understanding of
recovery processes, particularly in characterizing the engagement of motor-related regions
even in patients with severe impairments.

Additionally, as emphasized in [26], combining kinematic measures with EEG biomark-
ers provides complementary insights into post-stroke recovery. Kinematic parameters, such
as movement duration and smoothness, have been strongly correlated with FMA scores,
indicating their relevance as measures of motor recovery. Integrating kinematic data into
studies focusing on the TAR could deepen our understanding of the neurophysiological
and biomechanical correlations with motor recovery. This multimodal approach has the
potential to optimize personalized rehabilitation strategies by leveraging insights from
both neurophysiological and movement-related parameters.

5. Conclusions

Our study demonstrated that the TAR in the lesioned hemisphere consistently corre-
lated with upper motor function recovery post-stroke across various prediction models.
Specifically, a lower baseline TAR was associated with better outcomes in motor assess-
ments, including the FMA-diff, HST-diff, PST-diff, FT-diff, and 9HPT-diff. These findings
underscore the potential of the TAR as a reliable biomarker for predicting upper limb motor
recovery post-stroke. Patients with a lower baseline TAR may possess a greater capacity for
motor function improvement during rehabilitation. Additionally, our results revealed that
an increase in the TAR-diff was positively associated with greater improvements in motor
outcomes. This suggests that as the TAR increases after the rehabilitation process, better
motor function outcomes are observed, further supporting the role of TAR as a dynamic
marker of recovery. Our findings highlight the potential for the EEG theta/alpha ratio
(TAR) and TMS metrics as neurophysiological biomarkers to predict motor recovery in
stroke patients. Clinically, these biomarkers can provide valuable insights into individual
recovery trajectories, enabling more personalized rehabilitation strategies. For example, the
association between TAR and motor outcomes suggests its utility as a marker for identifying
patients who may benefit from targeted interventions to enhance compensatory oscillations
in the lesioned hemisphere. Moreover, metrics such as MEP amplitude and SICI in the
non-lesioned hemisphere could help guide the use of neuromodulatory techniques like
repetitive TMS (rTMS) or paired associative stimulation (PAS) to optimize motor recovery.
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These biomarkers could also aid in stratifying patients for clinical trials, ensuring that
interventions are tailored to specific neurophysiological profiles.
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Abstract: Brain stimulation therapies may be used to correct motor, social, emotional,
and cognitive consequences of traumatic brain injury (TBI). Neuromodulation applied
with anatomical specificity can ameliorate desired symptoms while leaving functional
circuits intact. Before applying precision medicine approaches, preclinical animal studies
are needed to explore potential neurophysiological signatures that could be modulated
with neurostimulation. This review discusses potential neural signatures of cognition,
particularly reward processing, which is chronically impaired after brain injury. Electro-
physiology, compared to other types of biomarkers, can detect deficits missed by structural
measures, holds translational potential between humans and animals, and directly informs
neuromodulatory treatments. Disturbances in oscillatory activity underscore structural,
molecular, and behavioral impairments seen following TBI. For instance, cortico-striatal
beta frequency activity (15-30 Hz) during reward processing represents subjective value
and is chronically disturbed after frontal TBI in rodents. We use the example of evoked
beta oscillations in the cortico-striatal network as a putative marker of reward processing
that could be targeted with electrical stimulation to improve decision making after TBI.
This review highlights the necessity of collecting electrophysiological data in preclinical
models to understand the underlying mechanisms of cognitive behavioral deficits after TBI
and to develop targeted stimulation treatments in humans.

Keywords: neurophysiology; traumatic brain injury; reward processing; beta oscillations

1. Introduction

Biomarkers serve as indicators of biological processes that are objective and repro-
ducible [1]. Categories of biomarkers include neuroimaging (magnetic resonance imaging
(MRI)), neurophysiological (Electroencephalography (EEG)), biofluid (blood), and digital
biomarkers (wearables), all of which are being implored to study traumatic brain injury
(TBI). A number of TBI biomarkers have been cataloged, including serum-based protein,
exosomal microRNAs, and metabolic indicators [2,3]. However, these molecular markers
are limited in temporal precision and ability to reflect ongoing changes in brain activity,
particularly in relation to cognition. Structural imaging (MRI) often fails to detect mild
injuries. Although, new imaging advancements like diffusion tensor imaging have im-
proved sensitivity to detect microstructural damage (axonal injury) [4,5]. To address these
limitations, the impact of injury on neurophysiological activity (neural oscillations) can be
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examined. The search for biomarkers in TBI is extremely difficult given the heterogeneous
nature of brain injury and the symptoms it produces. Even a single injury propagates
multiscale disruptions to local and distributed brain areas. Since behavioral outcomes
are hard to predict, establishing a reliable biomarker of injury that can estimate injury
progression and response to treatment will be useful.

Brain injury triggers a cascade of insults to the central nervous system including a
combination of inflammatory, cellular, and molecular changes [6-8]. Due to its superficial
position in the brain, prefrontal cortex is particularly susceptible to injury [9-11]. Cortical
damage leads to changes in reward-guided behavior, including impaired decision making,
decreased motivation, impulsivity, and interrupted reinforcement-learning [11-13]. Most
symptoms are resolved; however, in 5-15% of cases, cognitive deficits endure for years
after injury [10,11]. Chronic symptoms are a result of cortical neuron loss, disconnection
with networks, and neurotransmitter dysregulation [14-16].

The mechanism of injury determines if damage is focal (hematoma, hemorrhage,
contusion), diffuse (axonal injury), or a combination. The most common type of injury
is diffuse damage to the white matter tracts caused by shearing [17-19]. Diffuse axonal
injury often fractures cortical-subcortical connectivity that can afflict cognitive networks
and perpetuate neuropsychiatric symptoms [18,20]. The symptom profile is dependent on
the neural pathways impacted. For example, thalamo-cortical tract damage accounts for
significant alteration in executive dysfunction [21].

The goal of TBI treatment is to develop a precision medicine approach that targets a
specific brain area or brain function (neurophysiological biomarker) that can be individu-
alized based on each unique trauma pathology. Most treatment strategies center around
addressing motor functions or physical impairments through rest and rehabilitation [22],
leaving long-term cognitive deficits unaddressed. TBI-induced motor deficits, including
gait, coordination, fine motor skills, seizures, and muscle tremors, can be alleviated with
a combination of rehabilitation, brain stimulation, and pharmacologic strategies (muscle
relaxation/motor inhibition drugs) [23-25]. There are no pharmacological treatments that
specifically regulate TBI-related changes in mood and cognition or prevent the onset of
neuropsychiatric disorders (which have a 2-3 times greater risk of developing) [11,16,26].

In line with a precision medicine approach, using neuromodulation to provide electri-
cal stimulation is thought to activate specific neural circuits, which can strengthen its func-
tional network to improve desired behaviors. Identifying a neurophysiological biomarker
associated with specific behaviors is needed to improve the precision and reliability of
neuromodulation. As opposed to pharmacological interventions, neuromodulation has the
potential to influence a multitude of brain areas while maintaining specificity for functional
circuits. This review aims to synthesize findings across preclinical and clinical studies
related to neurophysiological biomarkers in TBI, specifically oscillatory associated with
reward-guided decision-making impairments seen chronically after injury. We provide a
theoretical framework by which preclinical studies can support large-scale electrophysio-
logical recordings in healthy animals to identify brain networks and potential “biomarkers”
that can be targeted with electrical stimulation in injured animals (Figure 1). While not
a formal meta-analysis, our narrative review offers converging evidence to support the
translational potential of using electrophysiological signatures to identify new therapeutic
targets for TBL

167



Brain Sci. 2025, 15, 471

S |
CIIN™ SC

Define "Biomarkers" Find Impairments
Brain regions operating at Look for dysfunctional
specific frequencies that brain activity after TBI

reliably signal behavior

*M2

wains? 4B Identify Networks Apply Stimu]ation —
Find brain networks Test electrical { N\ Q

#IOFC,
*A320 associated with stimulation to restore

G behavior NeurothSiOIOgical network activity  ‘ J U
Marker

Identification
Record Brain Activity Quantify
In healthy animals, record Improvements
brain-wide oscillations Assess improvements in

during behavior behavior, brain activity, -

N
q p and structure
MW

Figure 1. Neurophysiological marker identification. An illustrative overview of how identifying
neural activity associated with distinct behaviors can be used to identify and test therapeutic targets
in TBIL In this example of a preclinical study, brain activity recorded in healthy animals is used
to identify brain networks associated with behavior. Neural signals with region and frequency
specificity can be used to apply electrical stimulation to injured brains. In this review, we use beta
frequency oscillations in the cortico-striatal network as a potential neurophysiological marker of
reward processing that can be used to improve cognition in animals with TBI. Created in BioRender.
Koloski, M. (2025) https:/ /BioRender.com/7xr6lr3 (accessed on 21 April 2025).

2. Neurophysiological Markers Can Identify Potential
Therapeutic Targets

2.1. Brain Oscillations and Their Disruption After Injury

Electrophysiological measures, including EEG, can detect neural changes after even
a mild TBI that structural imaging may fail to detect [4,22]. For example, EEG can detect
reduced amplitude and slowing of brain waves in the acute and subacute phases of mild
TBI of patients without visible structural damage on MRI/CT scans [27]. The benefits of
electrophysiological measures include good temporal resolution, translatability between
humans and animals, affordability, usefulness during recovery, and the capacity to be
paired with cognitive tasks [1,12]. Oscillatory activity in an EEG reflects coordinated
neural activity that facilitates communication within and between brain areas. Oscillatory
bands, which are operationally defined based on functional brain states, range from 0.5 to
500 Hz [28]. The average ionic movements (including synaptic activity, calcium fluctuations,
spike after-hyperpolarization, gap junctions, glial, etc.) recorded from an electrode are
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known as the local field potential (LFP) [28]. LFP activity patterns are associated with
distinct behaviors and can predict disease states or response to treatment [28,29].

Numerous studies have identified persistent abnormalities in oscillatory dynamics
following TBI, including theta suppression during working memory tasks [30], delta el-
evations during wakefulness [31], and reductions in beta/gamma frequencies during
cognition [32]. Generally, lower frequencies (8-30 Hz) are thought to reflect top—-down
information processing driven by thalamo-cortical connections and higher frequencies
(40-100 Hz) to drive bottom—up processing [33,34]. Importantly, connectivity data, reflect-
ing widespread changes across networks, better predict symptoms severity than local
changes in power, suggesting brain injury should be treated as a network disorder (op-
posed to focal injury) [5]. Changes in oscillations are identified after even mild TBI and
therefore may be sensitive to the underlying neural alterations associated with injury [5].
Thus, neurophysiological signals have the potential to aid in TBI diagnosis, prognosis, and
treatment response monitoring [1,22,35].

In both humans and animals, TBI disrupts brain oscillations. More recently, studies
have shown that electrical stimulation can restore oscillatory rhythms to improve cogni-
tive outcomes following TBI. Generally, after injury, there is a decrease in power across
frequency bands which returns to baseline after the acute injury response [1,36]. However,
deficits in brain activity can persist chronically (>10 weeks) [36] and, thus, may represent a
therapeutic window for clinical intervention. In patients with TBI, altered EEG activity can
be seen years after injury [12,32,37,38]. Specifically, alterations of thalamo-cortical circuits
are associated with persistent cognitive symptoms seen with TBI [5,21]. The dorsolateral
prefrontal cortex, which is normally engaged during cognition, shows reduced power and
EEG abnormalities after TBI [8]. Electrophysiological abnormalities occur across brain
states (rest, sleep, etc.) and are consistent enough to distinguish between injured and
non-injured patients and predict patient outcomes [32,38].

2.2. Neuromodulation to Restore Brain Activity

Modulating brain activity through electrical stimulation can restore rhythmic pat-
terns of the brain disrupted by TBI [39]. To address the widespread neural impairments,
stimulation would need to restore activity beyond the focal injury site. Functional MRI
in humans and electrophysiological recordings in rodents show that brain stimulation
emulates changes across networks [40].

Methods of neuromodulation vary in their level of invasiveness, continuous or tran-
sient application, and pairing with functional behavior or rest. Stimulation protocols can
be open-loop (applied at/for a certain amount of time, not tied to a behavior or brain func-
tion), “on-demand” (triggered by a behavioral event), or closed-loop (triggered by brain
feedback) [41,42]. High-frequency stimulation (>5 Hz) is thought to induce excitability
and increase cerebral blood flow, whereas low-frequency stimulation (<1 Hz) typically
induces inhibitory effects [43]. Factors such as the type of neuromodulation, duration of
stimulation, and regularity required will determine the best target for neuromodulation.

Neurostimulation in the form of transcranial magnetic stimulation (TMS), transcranial
direct current stimulation (tDCS), and deep brain stimulation (DBS), applied in preclini-
cal models have successfully ameliorated behavioral symptoms of TBI, including motor,
attention, memory, mood, and impulsivity impairments [35,44]. In preclinical studies, stim-
ulation applied immediately to several weeks after trauma improved behavioral outcomes,
whereas clinical applications of neuromodulation are not usually introduced until later
stages of recovery [44]. Repeated TMS applied to the left dorsolateral prefrontal cortex
has FDA approval to treat depression and therefore may also be useful in TBI patients
exhibiting mood dysregulation, central pain, and blunted cognition or affect [43,45,46].

169



Brain Sci. 2025, 15, 471

Importantly, compared to other interventions, growing evidence supports that TMS can
have a long-lasting impact on neural circuits by inducing plasticity [47].

TMS has been used in rodent models with non-invasive coils, but the transla-
tional potential is obscured by stimulation site specificity and the use of restraints or
anesthesia [48,49]. Instead, “TMS-like” approaches that use implanted electrodes opposed
to topical coils, may be optimal when designing preclinical studies [35]. “TMS-like” proto-
cols of 20 Hz stimulation trains applied repeatedly for 10 days to prelimbic cortex normalize
depressive-like behaviors and reduce brain-derived neurotrophic factor levels in reward-
related regions [50].

2.3. How Does Stimulation Restore Brain Function Following TBI?

Axonal shearing, swelling, chronic inflammation, and microglia activation perpet-
uate neural loss and tissue degeneration after trauma [22,51-53]. Stimulation provides
neuroprotection, decreases apoptosis, reduces inflammation, directs cerebral blood flow,
and induces neuroplasticity to improve cell health and restore neural circuits [35,43,44].
White matter regeneration (which may be particularly important for cognition) is achieved
through optogenetic, pharmacogenetic, or indirect brain stimulation by encouraging glial
cells to myelinate active axons [54,55]. In preclinical models of TBI, reversed cortical tissue
loss, white matter regeneration, and increased intracellular signaling are directly related
to behavioral improvements [56]. TDCS and TMS increase c-fos expression (a marker of
neural activity) [57]. TDCS also increases brain-derived neurotrophic factor (BDNF) in
stimulated cortical regions of injured brains, indicating a focal neuroplasticity response
that is associated with cognitive improvements in spatial memory [58]. Similarly, TMS
reduces glial fibrillary acidic protein (GFAP) expression, associated with astroglia cells and
neural regeneration [2,59]. Improved neural health and signal transduction can re-establish
physiological patterns. DBS reduces spontaneous neural firing and encourages activation
of efferent pathways by increasing the release of GABA from interneurons to restore the
excitatory/inhibitory balance [45,60].

3. A Potential Biomarker of Reward-Processing Deficits in TBI

The lack of mechanistic information regarding failure of cognitive networks precludes
the utility of neuromodulation to treat chronic TBI deficits. Precision medicine approaches
to treat TBI depend on finding neurophysiological biomarkers that reliably mark discrete
cognitive functions like decision-making, planning, and memory.

3.1. Preclinical Models of Frontal TBI

Rodent models provide information about neurobiological mechanisms which are
necessary to inform clinical interventions. Aside from notable differences in brain size,
relative volume of brain regions, and presence/absence of cortical folding, the architecture
and functional networks are largely preserved between humans and rodents [61]. Animal
models of TBI offer control over injury specifications, ability to monitor injury progression,
and invasive techniques that are not feasible in humans [62]. Limitations in these models
include lack of continuity between protocols, challenge replicating the heterogeneous
nature of TBI, broad timeframe of injury (acute, subacute, and chronic), and inability to
model exact biomechanical parameters of injury [37,48]. Despite these limitations, rodent
models of frontal TBI produce robust and predictable cognitive deficits [62]. Bilateral
frontal controlled cortical impact (CCI) injury reliably produces impairments in impulse
control and decision-making [63].

Animal models also enable large-scale recordings of in vivo brain activity. Multi-site
electrodes simultaneously capture field potentials at different sites across, or between,
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networks. “Brain-wide” recordings measuring activity from up to 32 brain areas simulta-
neously, can be used to characterize networks operating at distinct oscillatory frequencies
to support unique behaviors [64-66]. Although these electrodes record from within the
brain, the information they provide (large-scale measure of brain oscillations) is like hu-
man EEG. The following section provides an example of how this technique can identify
neurophysiological biomarkers and potential targets for neuromodulation.

3.2. Deficient Cortical Beta Oscillations Indicate Reward-Processing Issues After TBI

As shown in humans and animals, an injury to prefrontal cortex results in chronic
executive function deficits, including attention, memory, and reward-guided decision mak-
ing [13,67,68]. Damage causes lasting disruption to brain circuits through inflammation,
gliosis, cell death, and alterations in microstructure, ultimately effecting neural communica-
tion. Changes in brain oscillations perpetuate disruptions throughout functional networks
after cortical damage. Related to executive function deficits, fronto-parietal (attention) and
fronto-striatal (decision-making) networks show reduced electrophysiological responses
and connectivity consistent with slower reaction times and poor decision making [69,70].

Oscillatory activity, particularly at beta frequencies, deriving from the prefrontal
cortex is important for top-down attention [71], executive control [72], sensorimotor inte-
gration [73], motor planning [74], and decision making [75]. Beta oscillations are correlated
with the cortical microstructure (i.e., myelin density/integrity) and therefore susceptible to
damage through TBI [76]. Even mild TBI leads to localized and widespread disruptions
in beta oscillatory activity (measured by magnetoencephalography) [5]. Beta activity in
cortico-striatal regions (prefrontal cortex, orbitofrontal cortex, anterior insula, ventral stria-
tum, and basolateral amygdala) marks positive valence (i.e., rewarded outcomes) [77-80].
In humans, reward-evoked beta oscillations correlate with activation of (and coupling
between) ventral striatum and medial prefrontal cortex, suggesting that beta frequency
oscillations may coordinate the neural circuits involved in reward processing [80]. In rats,
across multiple tasks of reward-guided decision-making, we consistently find increases
in beta-frequency (15-30 Hz) oscillations during reward processing that reflects reward
magnitude, reward probability, and subjective value [77].

Due to its superficial position in the brain, cortex is particularly susceptible to in-
jury [10], giving rise to socially inappropriate behavior, poor impulse control, and trouble
decision-making [21]. When cortical areas are damaged, their participating networks are
also dysfunctional. As a network, cortico-striatal brain areas mediate adaptive reward-
guided decision-making by creating action-outcome associations, controlling impulsive
choices, and responding flexibly to changing conditions [81]. Bifrontal TBI caused by CCI
decreases the ability of rats to detect reinforced outcomes, impairs behavioral flexibility,
and increases impulsivity [63,82].

Consistent with these behavioral changes, we find that CCI-TBI also blunts reward-
locked beta oscillations and cellular activity in lateral orbitofrontal cortex (measured by
c-Fos staining) [82]. Beta activity in the orbitofrontal cortex does not discriminate between
reward outcomes as efficiently following injury (effects observed up to 12 weeks after
injury). Beta oscillations are correlated with structural deficits observed after TBI, including
myelin density and morphology [76]. Local changes in beta power and deficits in functional
connectivity following TBI has also been characterized in thalamo-cortical circuits [5,30,83].
Interestingly, we found that reductions in orbitofrontal activity were rescued by a be-
havioral intervention in which reinforced outcomes were cued, thus suggesting reward
signals in the brain are malleable and can be altered to improve cognitive behavior [82].
Brain-based interventions may work similarly to increase beta oscillations during positive
reward outcomes thereby reversing reward-related deficits from TBI. For these reasons,
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reward-evoked beta oscillations in the cortico-striatal network may represent a neuro-
physiological marker that can be targeted with electrical stimulation to improve cognitive
symptoms of TBI. In accordance with the theoretical framework for neurophysiological
marker identification (Figure 1), we have shown that large-scale recordings of brain activity
can identify behaviorally relevant networks to define putative “biomarkers” with region
and frequency specificity (Figure 2). We have found impairments of reward-evoked beta
oscillations following TBI that may be remediated by electrical stimulation (Figure 2).
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Figure 2. Reward-evoked beta oscillations as a putative neurophysiological marker. We apply
large-scale beta oscillations to our theoretical framework to provide one example of how to identify
neural activity associated with distinct behaviors to test neuromodulation targets in TBI. Neural
signals were recorded across 32 CH in rodents performing behavioral tasks. We find areas of the
cortico-striatal network that have heightened activity (spectrogram shows increased power at cortical
and striatal electrodes) and connectivity (weighted phase lag index (WPLI) connectivity between
pairs of electrodes) during reward. Evoked activity during reward occurs at beta frequencies (time
frequency plot shows increased beta frequency activity in “within network” electrodes), thereby
providing region (striatum) and frequency (beta) specificity needed for “biomarker” identification.
In animals with TBI (red), beta oscillations during reward are blunted compared to controls (blue)
(mean and SEM of evoked signal), and therefore may represent a logical target for neuromodulation.
In the future, beta frequency (20 Hz) stimulation applied to the striatum should be tested in TBI
animals and improvements in cell health, microstructure, and signal integrity should be quantified.
Importantly, beta oscillations represent just one example of a neurophysiological signal that can be
targeted to improve TBI symptoms. Our discussion includes examples of other neurophysiological
signals. Created in BioRender. Koloski, M. (2025) https:/ /BioRender.com/7xr6lr3 (accessed on 21
April 2025).

Although, we have not tested electrical stimulation on this putative beta signal in
TBI animals, we have stimulated beta oscillations to influence decision making in healthy
animals. Beta oscillations were modified in healthy rats performing a delayed discounting
task, in which they chose between a small, immediate reward or a large, delayed reward [77].
In total, 20 Hz electrical stimulation was applied “on-demand”, triggered by an animal
selecting the large, delayed reward outcome. Stimulation biased behavior toward the
large reward choice, despite the temporal delay (2-10 s). Multiple cortico-striatal targets
(including OFC) had this effect [77]. Although these results are limited due to lack of
control/replication, they warrant testing beta-frequency modulation in an injured cohort.

While much of the current evidence regarding beta oscillations observed after TBI
stems from our research, other studies have identified beta activity for reward processing
and cognitive control across both humans and animal models [71-73,78,79]. Beta-evoked
oscillations are seen during decision-making, particularly in situations with high cognitive
demand [73]. In humans with mild TBI, deficits in frontal beta power (measured with
magnetoencephalography) reflect thalamo-cortical network damage [5]. Beta-functional
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connectivity, compared with other frequencies, best predicted symptoms severity and mild
TBI classification [5].

Contrary to these findings, some researchers have found evoked beta power following
the omission of expected rewards [84]. Thus, although beta likely plays a role in reward
processing, under what conditions it signals expectancy and reward outcome remain
unclear. However, the role of beta oscillations following TBI warrants further investigation.

3.3. Other Potential Neurophysiological Biomarkers

Beta oscillations in the cortico-striatal network may represent a promising neuro-
physiological biomarker tied to a specific cognitive domain (reward valuation). Other
neurophysiological markers pertaining to different cognitive domains may also be used
to improve TBI outcomes with neuromodulation. For example, theta oscillations are sup-
pressed after TBI and return over the course of recovery [30,83]. Theta oscillations are
an appealing target to consider, as they are believed to modulate long-term potentiation
underlying learning and memory [85,86]. Stimulating the medial septum (increasing theta
oscillations) restored cognitive performance in rats with TBI [83,86,87]. Likewise, in rodent
TBI models, gamma activity is decreased near the focal injury site and signal (and associated
behavior consequences) is rescued with 40 Hz modulation (Blue LED photobiomodulation
therapy) [88].

Another avenue that has been explored is modulating delta oscillations to change
sleep dynamics (and thereby wakeful neural function) that are interrupted by TBI. Delta os-
cillations typically present in deep sleep are elevated during wakefulness after TBI [31]. Hy-
pothalamic stimulation recovers delta oscillations to restore organized sleep after TBI [31].

4. Limitations and Challenges (In Translation and Beyond)

Despite promising preliminary findings, research on beta oscillations as a biomarker
in TBI is still in its infancy. Generally, a role for beta oscillations in facilitating cognition
(and reward evaluation) is accepted, but the disruption of beta signals in the case of TBI
is less known. Beta oscillations are believed to facilitate top—down control of cognitive
behaviors [89], and although these coincide with TBI sequalae, the involvement of beta
oscillations explicitly still needs to be explored. Studies examining neurophysiological
markers pertaining to cognitive deficits in TBI are sparse and often limited by method-
ological variability (injury models, severity, timeline, region of interest) across studies.
Compared with deficits in motor function, cognitive networks are harder to precisely target
and are often confounded by emotional /neuropsychiatric symptoms [90]. More preclin-
ical research is needed to delineate the neurobiological substrates of cognitive behavior.
Neurophysiological measures sometimes show weak or no associations with behavioral
or functional outcomes. Barone et al., 2024, find that EEG alterations in mild TBI did not
significantly correlate with clinical outcomes measures, underscoring the need to further re-
fine which markers can best predict patient outcomes [27]. Although EEG is used clinically
in an intensive-care setting to monitor seizure activity or drug effects, it is not common
in outpatient settings [90]. Clinical assessment of EEG activity over a more chronic time
course will help identify electrophysiological signatures related to individual pathologies.

Moreover, the success of neuromodulation to ameliorate cognitive symptoms of TBI is
occluded by inconsistent protocols and translational barriers. Animal stimulation protocols
are inconsistent in how they apply neuromodulation to TBI. Methodological factors like
the type of stimulation (deep brain v. external), location, duration, and onset of stimula-
tion relevant to TBI must be considered [44]. Further, factors like the use of anesthesia
complicate methodological similarities and obscure translatability. While rodent models
offer a high degree of experimental control, their translational value is often obscured
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by differences in anatomical division, cytoarchitecture, network structure, and behavior
complexity. Moreover, clinical safety profiles and ideal stimulation parameters may be hard
to gleam from rodent studies. The risk of seizures and adverse side effects with TMS or
tDCS in TBI patients must be considered when generalizing across species [39,44,45]. Since
patients with TBI present a high-risk population, the risk profile and safety guidelines of
clinical neuromodulation must be carefully considered. Future work will need to identify
homologous neural circuits, validate neurophysiological markers across species, and refine
neuromodulation parameters for clinical application.

Finally, due to the heterogenous nature of TBI, multimodal treatments will likely be
effective. Guided by biomarkers, stimulation may be paired with therapy or pharmaco-
logical treatment to address multiple symptoms. In humans, neuromodulation (tDCS)
paired with cognitive training can enhance its success [90]. In some cases, enhancements
in cognition were small and non-significant, further supporting the need to identify the
networks to apply neuromodulation that will have maximal benefit when paired with
cognitive rehabilitation [91]. Multimodal treatments create a challenge in ascertaining the
exact mechanism, pathological target, and duration/frequency of treatment needed [44,90].
Without knowledge about which networks to target, it is possible that each treatment
modality would target opposing networks and produce a null effect [90].

5. Conclusions

Even after identifying a reliable biomarker for intervention, important questions,
like when in the disease progression to intervein and how long benefits persist, will
need to be researched. Electrophysiology allows us to measure impairments which are
undetectable by other methods, but using multi-modal diagnostic biomarkers (blood,
structural, physiological, genetic) offers the most precision to treat individual pathologies
by capturing the heterogeneous nature of TBIL. The current lack of objective biomarkers for
TBI poses a significant challenge for translational research. Future work should employ
biomarkers to confirm that injuries induced in preclinical models are comparable to humans
and that a proposed treatment would be clinically effective.
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