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Background: The development of Brain-Computer Interface (BCI) technology
has brought tremendous potential to various fields. In recent years, prominent
research has focused on enhancing the accuracy of BCl decoding algorithms by
effectively utilizing meaningful features extracted from electroencephalographic
(EEG) signals.

Objective: This paper proposes a method for extracting brain functional network
features based on directed transfer function (DTF) and graph theory. The method
incorporates the extracted brain network features with common spatial pattern
(CSP) to enhance the performance of motor imagery (MI) classification task.

Methods: The signals from each electrode of the EEG, utilizing a total of 32
channels, are used as input signals for the network nodes. In this study, 26
healthy participants were recruited to provide EEG data. The brain functional
network is constructed in Alpha and Beta bands using the DTF method. The
node degree (ND), clustering coefficient (CC), and global efficiency (GE) of the
brain functional network are obtained using graph theory. The DTF network
features and graph theory are combined with the traditional signal processing
method, the CSP algorithm. The redundant network features are filtered out
using the Lasso method, and finally, the fused features are classified using
a support vector machine (SVM), culminating in a novel approach we have
termed CDGL.

Results: For Beta frequency band, with 8 electrodes, the proposed CDGL method
achieved an accuracy of 89.13%, a sensitivity of 90.15%, and a specificity of
88.10%, which are 14.10, 16.69, and 11.50% percentage higher than the traditional
CSP method (75.03, 73.46, and 76.60%), respectively. Furthermore, the results
obtained with 8 channels were superior to those with 4 channels (82.31, 83.35,
and 81.74%), and the result for the Beta frequency band were better than those
for the Alpha frequency band (87.42, 87.48, and 87.36%). Similar results were also
obtained on two public datasets, where the CDGL algorithm'’s performance was
found to be optimal.

Conclusion: The feature fusion of DTF network and graph theory features
enhanced CSP algorithm'’s performance in Ml task classification. Increasing the
number of channels allows for more EEG signal feature information, enhancing
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the model's sensitivity and discriminative ability toward specific activities in brain
regions. It should be noted that the functional brain network features in the Beta
band exhibit superior performance improvement for the algorithm compared to
those in the Alpha band.

KEYWORDS

brain—computer interface, motor imagery, directed transfer function, graph, brain

network

1 Introduction

Brain—-computer interface (BCI) is a technology that directly
connects the human brain to external devices, and it has gained
significant attention in the fields of neuroscience and engineering
(Vérbu et al., 2022). BCI technology provides a novel means of
communication and operation for individuals facing challenges in
motor function, neurological impairments, or other physical
limitations, thus enabling them to overcome difficulties in normal
communication and interaction (Cheng et al., 2020; Chen et al., 2022;
Davis and Meschede-Krasa, 2022; Hu et al., 2023; Wang et al., 2023).
The motor imagery (MI) paradigm holds significant potential in the
field of BCI, particularly in rehabilitation medicine and assisted living
technology, owing to its high feasibility and adaptability (Pichiorri
et al,, 2015). In recent years, research on MI paradigms has been
focused in two directions. One direction aims to improve the decoding
algorithm, enhancing the accuracy of MI categorization tasks
(Vallabhaneni et al., 2021). The other direction involves constructing
a brain network model to investigate the associations and patterns of
information transfer between different brain regions (Yu et al., 2022).

Despite the advancements in BCI technology for recognizing and
decoding brain signals, there are still limitations in terms of accuracy
and reliability. The decoding process of brain signals is prone to
errors and uncertainties, resulting in less stable and reliable
performance of BCI systems. While traditional algorithms like
discrete wavelet transform (DWT) (Ji et al., 2019) and common
spatial patterns (CSP) (Blankertz et al, 2008) are simple and
convenient, they do not yield satisfactory classification results (Amin
etal, 2015; Jin et al., 2021). The Filter Bank Common Spatial Pattern
(FBCSP) algorithm, which combines band filtering and CSP analysis,
aims to enhance the accuracy of MI recognition. However, individual
differences and noise significantly impair its effectiveness. To address
this problem, Mammone et al. (2023) proposed AutoEncoder-Filter
Bank Common Spatial Patterns (AE-FBCSP), incorporating an
autoencoder into the FBCSP algorithm, and Park et al. (2018)
introduced regularization in the Filter Bank Regularized Common
Spatial Pattern (FBRCSP), both of which greatly improved the
classification accuracy of FBCSP. However, these approaches
primarily focus on the spatial domain features of EEG signals with a
single attribute and do not consider the transmission mode of brain
information during MI. Deep learning, as a powerful machine
learning method, has garnered significant interest and research in the
field of BCI (Amin et al., 2019; Dai et al., 2020). Convolutional neural
networks (CNNs) have shown great potential in capturing
information in BCI (Simoes et al., 2020; Borra et al., 2022; An et al.,
2023). However, the performance of CNNs relies not only on the
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choice of convolutional kernels (Song et al., 2021) but also on the
number of convolutional layers. On the other hand, recurrent neural
networks (RNNs) process EEG time-series information more
effectively and can be successful in classifying MI tasks (Bore et al.,
2021). Lawhern et al. (2018) proposed a lightweight deep learning
approach which is called EEGNet for the task classifications of
EEG-based BCIs. EEGNet exhibited an exceptional generalization
ability for classifying both within-subject and cross-subject tasks,
even when faced with limited training data. Across various tested
paradigms, such as P300 Visual Evoked Potentials, Error-Related
Negativity (ERN), Movement-Related Cortical Potentials (MRCP),
and Sensory Motor Rhythms (SMR), the classification accuracies of
the EEGNet algorithm have consistently been superior to those of
many benchmark algorithms (Lawhern et al., 2018). While deep
learning has achieved remarkable results in BCI, it also faces common
disadvantages, such as high data volume requirements and challenges
in obtaining physiological interpretations. Brain network research
methods offer a high degree of physiological interpretability. These
methods view the brain as a complex network structure, where brain
regions or electrodes are considered nodes, and the connections
between them indicate functional or structural relationships. By
applying concepts and methods from graph theory (de Vico et al,,
2014) and network science, researchers can uncover the topology of
brain networks, information transfer properties, and interactions
between brain regions (Rodrigues et al., 2019). Most studies on
functional brain networks have focused on functional connectivity
metrics. Zhang et al. (2016) constructed brain networks using
Pearson correlation coefficients and observed significant differences
in small-world network metrics during different MI periods. Gong
etal. (2017) proposed a brain functional network modeling method
based on time-frequency Cross Mutual Information (CMI) and
found significant differences in small-world network metrics across
different tasks. Additionally, they discovered significant differences
in brain response levels, reaction times, and activation targets under
different tasks. Wang et al. (2022) used a phase-locked-value
approach to construct functional brain networks, providing a better
functional connectivity perspective for neurofeedback training. In
the MI paradigm, directed causal connectivity provides insights into
the causal interactions between nodes, making it more adept at
uncovering hidden and overlooked connectivity compared to
functional connectivity. Varsehi and Firoozabadi (2021) utilized
Granger causality analysis (GC) to choose 8 channels from EEG
signals, leading to enhanced model classification accuracy, specificity,
and sensitivity. However, GC analysis is less suitable for non-linear
signals despite its effectiveness in capturing the dynamics and
temporal order of causality in EEG signals. Li and Zhang (2022)
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constructed a brain functional network for MI data classification
using continuous wavelet transform (CWT) and symbolic transfer
entropy (TE). However, it should be noted that TE is dependent on
data distribution and has a high computational time complexity (Li
and Zhang, 2022). In the field of BCI, directed transfer function
(DTF) outperforms other effective connectivity metrics due to its
ability to capture frequency-specific causality, high temporal
resolution, and model simplicity. Therefore, utilizing DTF to
construct brain functional networks is advantageous. Ma et al. (2022)
enhanced the classification accuracy of a MI task by incorporating
DTF features into an Auto-Regressive (AR) mode. However, their
study did not investigate the impact of different frequency bands on
classification performance. Awais et al. (2021) combined DTF with a
probabilistic neural network (PNN), achieving a classification
accuracy of 82.81%, thereby validating the activation of multiple
brain regions during MI tasks. However, their study lacked an
exploration of graph theoretic features and the number of channels.

Traditional electroencephalogram (EEG) signal processing
methods, such as DWT and CSP, are limited in obtaining a satisfying
classification accuracy. FBCSP, as an improved version of CSP, yields
an increased accuracy but still focuses primarily on EEG’s spatial
characteristics, overlooking the brain’s intricate multidimensional
dynamical information. Deep learning techniques, despite
significantly enhancing classification performance, however, depend
heavily on large datasets and struggle with physiological interpretation.
Furthermore, some studies have utilized TE to measure brain network
connectivity, forming TE-based functional brain networks. However,
TE’s computational demand is high, especially with large datasets,
presenting a significant challenge for the computational capability of
devices. Addressing these aforementioned issues, the proposed fusion
method combines graph theory features with DTF features to further
improve classification accuracy. The fusion method, call
CSP+DTF+Graph theory feature+Lasso (CDGL) method, combined
DTPF’s capability to detect frequency-specific causal links and graph
theory’s potential for in-depth physiological analysis of EEG signals,
aiming to enhance classification precision in BCI applications and also
offering a novel insight for graphic characteristics of the MI-BCI tasks.
Therefore, the objective of this study is to propose and validate a brain
functional network feature extraction method based on DTF and
graph theory. The proposed CDGL incorporating DTF network
features and graph theory features together achieves the highest
classification accuracy among the other feature fusion methods.
Furthermore, the study aims to assess the effectiveness of this method
in classifying MI tasks with different frequency bands and channels.
The research presented in this paper aims to investigate the influence
of brain network features on decoding algorithms. The specific
objectives are as follows: (1) test the ability of CSP, DTF and graph
theory features to classify MI-EEG data (left vs. right hand MI), (2)
test the ability of combination of features to classify MI-EEG data (left
vs. right hand MI), including the novel method proposed in the study,
on EEG data collected from 26 healthy participants and on public EEG
dataset. In each comparison the impact of the channel numbers and
the frequency band (alpha and beta) was investigated.

The remainder of this paper is organized as follows: Section 2
presents the classification algorithms of CSP, DTF and graph theory,
the feature classification of Lasso algorithm, and the acquisition and
processing method of EEG data. Section 3 shows the comparison
experimental results with different feature incorporation and
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experimental setup. In Section 4, a thorough analysis and discussion
of the results is provided. Finally, Section 5 presents the conclusions
according to the aforementioned three objectives of this research.

2 Methods

2.1 Feature extraction methods

2.1.1CSP

Common spatial pattern is a commonly employed feature
extraction method in the classification of MI EEG signals (Sun et al.,
2022). Its fundamental concept involves projecting the data sequence
onto a specific surface through the computation of a set of spatial
filters. These filters aim to maximize the variance of the projections for
the two categories on that surface, thereby accentuating the most
distinctive features of each category. The CSP method is highly
effective in extracting EEG signal features that exhibit exceptional
discriminative capabilities among different categories, thereby offering
robust performance for classification tasks.

The two types of EEG signal time series data, namely X7 and X7,
were normalized. Subsequently, the covariance matrices of the
normalized data were computed using Eq. 2.1.

xx{ X2 X7
Ty 2T T
trace(Xle ) trace(X2X2 )

R = S (2.1)

where X7 denotes the transpose of X and trace(X) is the trace of
the matrix.

For each series of data, its corresponding covariance matrix was
calculated. Subsequently, the covariance matrices of the two series of
data were separately averaged and then added together to obtain the
mixed covariance matrix. This calculation is demonstrated in Eq. 2.2.

R= El + Ez, (2.2)
The resulting mixed covariance matrix was subjected to an eigen-
decomposition, as demonstrated in Eq. 2.3.

R=UMT, (2.3)

where U represents the eigenvector matrix of the mixed covariance
matrix R, and A represents the diagonal array of eigenvalues.

Next, the whitening matrix is computed from the eigenvector
matrix and the diagonal array of eigenvalues, as demonstrated in
Eq.2.4.

P=\/FUT,

(2.4)

A whitening transformation is performed on the two types of
mean covariance matrices, denoted as R; and Rp. The whitening
matrices, denoted as Sy and S, are computed using Eq. 2.5.

S = PE]PT, Sy = PEQPT, (2.5)
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Sjand S5 are decomposed in Eq. 2.6.

S1= B]/l]B{, Sy = lezBT, (2.6)

where the eigenvectors of the Sj and S» matrices are the same and the
diagonal array 4 and A, consisting of the two types of eigenvalues
sums to a unit array, there is the expression of Eq. 2.7.

B =By=B, 1 +A =1, 2.7)

When the eigenvalue of matrix Sj is the largest and the eigenvalue of
matrix S is the smallest, the two types of signals can be classified using
the matrix B. This classification enables the derivation of the projection
matrix W, which serves as the spatial filter. The formula is shown in
Eq.2.8.

w=BTP, (2.8)

The feature matrix Z, obtained by applying the spatial filter W to
the two types of data, is calculated using Eq. 2.9.

Z \=WX1,Z2 =WXa, (2.9)

The feature matrix Z is logarithmically computed for variance, and
the resulting values are used as a new feature denoted as f. The
calculation process is shown in Eq. 2.10.

/= log(var(z)}

Zvar(Z) (2.10)

The classification of the two types of signals can be achieved by
inputting the feature vector f into the classifier. For a detailed
mathematical discussion, see reference Koles et al. (1990).

2.1.2 Dtf

The DTF method, proposed by Kaminski et al. (2001) is a
universal multivariate approach for computing the directed
connections between any pair of signals within a multidimensional
dataset. DTF is developed based on GC theory, which has stronger
robustness and directionality compared with GC analysis. The DTF
algorithm is able to analyze signals in different frequency ranges, thus
revealing the interaction of brain regions in different frequency
bands, which is important for the study of brain activity and
functional connectivity patterns in specific frequency bands.

The acquired multichannel EEG signal is denoted as
X. Subsequently, the multivariate autoregressive model (MVAR)
(Shibata et al., 2004) is used to fit the multichannel EEG data. This
fitting process results in Eq. 2.11.

M=

A(k)X(t—k)=E(¢),
0

(2.11)
k

Here, the elements in the N*N matrix A(k) represent the
parameters of the MVAR model, where N is the number of channels.
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The vector E(t) represents the multivariate zero-mean white noise. The
parameter p denotes the order of the MVAR model, which influences
the fitting performance. To accommodate subsequent computational
needs, Eq. 2.12. is transformed into the frequency domain.

X(£)=NNNE)=H(E(S), (2.12)

Among them, detailed information is shown in Eq. 2.13.

P ,
A(F)= YA (k)e /2RI AE, (2.13)
k=0

H( f) is the system transfer matrix. The value of element H;; in
H(f') describes the strength of the connection between two leads
with j as input and i as output (Kaminski et al., 2001). The DTF matrix
can be constructed as follows (Kaminski and Blinowska, 1991). The
DTF matrix can be constructed in Eq. 2.14.

03 (f)=|Hy (1) (2.14)

To alleviate the impact of singular sample data, the DTF matrix is
normalized (He et al., 2011). The feature matrix is then obtained using
Eq. 2.15.

2 2 N )
vi (1)=|Hy (L)1 2| Him () (2.15)
m=1

where y;; represents the information inflow ratio from node j to node
i, with a value ranging between 0 and 1. y;; value closer to 1 indicates
that a larger proportion of information in node i originates from
node j. Conversely, a value closer to 0 suggests that there is less
information flow from node j to node i.

The normalized DTF matrix is vectorized and utilized as feature
vectors in the classifier for the purpose of classifying the MI tasks.
The coeflicient matrix of the 15-channel DTF network features is
depicted in Figure 1.

2.1.3 Graph theory method

The human brain, consisting of hundreds of millions of
interconnected nerve cells, is widely regarded as one of the most
complex systems in nature. This intricate neural network exhibits
highly structured and functional characteristics. Through the
application of graph theory, which is widely employed for the
structural analysis of complex brain connectomes, we can uncover
specific organizational patterns between brain structure and
function. This approach provides a powerful tool to enhance our
understanding of the structural connectivity networks within
the brain.

Functional brain networks based on graph theory encompass
crucial network features that quantify network performance. Binarizing
the effective connectivity matrix, however, can lead to the loss of
significant network information. In this study, the method described
in Filho et al. (2018) is employed to compute characteristic parameters
of the weighted network. The DTF coeflicient matrix is utilized as a
weighted directed graph to facilitate graph theory analysis. The graph
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theory metrics used in this article are as follows (Bullmore and
Bassett, 2011):
(1) The calculation of ND is shown in Eq. 2.16.

Sl' = ZW,-]-,
J

(2.16)

where wj; is the connectivity between node i and node j, and S; is the
node strength, which is calculated by summing up the individual
weights connected to that node. The greater the node strength, the
stronger the connectivity between that node and other nodes.

(2) The calculation of CC is shown in Eq. 2.17.

P IR

C="1= " - (2.17)

(ij,y )2 XM

Frontiers in Neuroscience

The clustering coefficient is a metric used in graph theory to
measure the degree of node aggregation within a network. It quantifies
the extent to which neighboring nodes of a given node are connected
to each other, thus indicating the presence of community structures
in the network. A higher clustering coeflicient indicates a more
interconnected network.

(3) The calculation of GE is shown in Eq. 2.18.

(2.18)

where n is the number of nodes, dj; is the shortest path length
between node i and node j. Global efficiency is a metric used to
quantify the effectiveness of information dissemination in a
network. It provides a measure of how efficiently information is
transferred and spread across the network. A higher global
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efficiency indicates a more efficient and rapid dissemination of
information within the network.

2.2 Feature selection and classification
methods

2.2.1Lasso

Feature selection is a crucial aspect in the field of BCI. Its
objective is to identify the most relevant and discriminative
features from EEG signals, facilitating accurate classification and
control of EEG signals (Lin et al., 2022). The Lasso algorithm is
employed to reduce the dimensionality of the original feature space
by selecting and compressing the variables (Zhang et al., 2021). The
basic concept of the Lasso algorithm involves imposing a constraint
on the sum of absolute values of regression coeflicients, ensuring
it remains below a specified threshold during the construction of
a linear regression model. By applying this constraint, the Lasso
algorithm effectively compresses regression coefficients with
smaller absolute values to zero, thereby achieving feature sparsity
and interpretability. The cost function associated with the Lasso
algorithm is Zhang et al. (2021). The formula is shown in Eq. 2.19:

lm

2

i=1

53

(2.19)

2 n
[&i—yij 38
=

In the context of the Lasso algorithm, the variables are defined as
follows: m represents the number of training samples, # represents the
dimensionality of the original spatial features. Additionally, the cost
function includes two important components: A, which represents the
weight of the penalty term and controls the dimensionality of feature
selection and compression, and 3, which denotes the parameter in the
regression model.

2.2.2SVM

Support vector machine (SVM) is a robust machine learning
algorithm that has gained significant popularity in the field of BCI in

10.3389/fnins.2024.1306283

recent years (Wang et al., 2021). SVM effectively performs classification
task by identifying the optimal hyperplane that separates samples
belonging to different classes. It exhibits strong generalization ability
and can handle high-dimensional data effectively. The underlying
model of SVM is Jia et al. (2019). The formula is shown in Eq. 2.20:

(2.20)

f(x)= sgn{ia,-y,-k(x,' “x)+ b},

i=l1

where sgn is the sign function, & (xi . x) is the kernel function, and g;
and b are the parameters that determine the optimal classification
plane. The kernel function takes the RBF kernel function.

This paper evaluates the generalization ability of the
classification models using a 10-fold cross-validation, a typical
statistical method for assessing machine learning models’
generalization capability. This method is particularly useful in
situations where limited data is available for model evaluation. In
10-fold cross-validation, the division ratio of training and test sets
is consistent, with each fold involving a 90% training data and 10%
test data. Upon completing 10 iterations, an array of performance
metrics is obtained, and their average is calculated to gauge the
overall model performance. Figure 2 illustrates the process of the
10-fold cross-validation.

2.2.3 CDGL classification method

A method incorporating CSP, DTF, graph theory feature, and
Lasso regularization (CDGL) is proposed in this paper, which
innovatively integrates five features with the aim of enhancing
classification accuracy in MI-BCI applications. The choices of CSP,
DTE ND, CC, and GE features were made in order to provide a
comprehensive representation of brain activity. In this study, these five
features were initially combined, and subsequently selected by a Lasso
method to eliminate redundant features. The resulting integrated
features were then fed into the SVM classifier. Each of these features
adds a unique dimension to the analysis, facilitating the exploration
of different temporal, spatial, frequency, and connective information
of EEG signals. The amalgamation of these diverse features

| EEG data set |
Testing Trainning
r A N\
1 iteration 1 2 3 A | T 10 I:> E1 )
2 iteration 1 2 3 P s 0 |=) 2
~ Mean(E)
3 iteration 1 2 3 4 | 10 ;:> E3
10iteration | 1 2 3 4 e | 10 | == E10)
FIGURE 2
The flowchart of the 10-fold cross-validation.
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DTF network
feature

FIGURE 3
The flowchart of the CDGL method.

Graph theory
feature

L Feature
asso Selection

D@0

(CDGL feature)

significantly enhances the robustness and accuracy of the SVM
classifier. The flowchart of the CDGL method is shown in Figure 3.

To assess the efficacy of the CDGL algorithm, this study conducts
a comparative analysis with EEGNet, a widely recognized deep
learning algorithm for EEG signal processing. EEGNet is a specialized
lightweight convolutional neural network, which is tailored for EEG
signal processing. Its architecture encompasses standard convolutional
layers, depthwise convolutional layers, and separable convolutional
layers, which can integrate spatial and temporal features effectively.
This integration renders EEGNet adept at various EEG analysis tasks.
This paper adopted a standard architecture of EEGNet, consistent with
the framework presented in the reference literature (Lawhern et al.,
2018), without any modifications. The training and testing sets were
divided into 80 and 20%, respectively. The loss function was chosen to
be Cross Entropy Loss, and the optimizer selected was Adam. The
number of epochs was set as 100, and the batch size was set as 16. The
‘kernLength’ was set to 32, and the dropout rate was established at 0.5.
The dimension of input for EEGNet was # of trials x # of channels x
sampling time, where # of channels was set to 4 or 8.

2.3 Evaluating metric

Three evaluation metrics: accuracy, sensitivity, and specificity, are
primarily utilized in this paper for testing classification results. These
metrics provide a comprehensive framework for assessing
model performance.

(1) The calculation of accuracy is shown in Eq. 2.21.

TP +TN
TP+TN + FP+FN’

accuracy = (2.21)

where TP is the number of samples that are actually positive and have
been classified as positive by the classifier. TN is the number of
samples that are actually negative and have been classified as negative
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by the classifier. FP is the number of samples that are actually negative
but have been classified as positive by the classifier. FN is the number
of samples that are actually positive but have been classified as negative
by the classifier. Accuracy is the most intuitive performance metric,
representing the overall proportion of correct predictions for both
positive and negative classes by the model.

(2) The calculation of sensitivity is shown in Eq. 2.22.

P

L — (2.22)
TP+ FN

sensitivity =

where sensitivity is a measure of a classifier’s ability to correctly
identify positive samples, with the advantage of being able to
accurately capture positive samples.

(3) The calculation of specificity is shown in Eq. 2.23.

TN

— (2.23)
TN + FP

specificity =

where is a measure of a classifier’s ability to correctly identify negative
samples, enabling accurate exclusion of these instances and reducing
false positives.

2.4 Statistical analysis methods

In this study, ANOVA and dependent sample #-test are used as the
statistical analysis methods. To avoid errors associated with repeated
measurements, the Bonferroni correction method is also employed
here. Specifically, if five comparisons were made, the significance level
was adjusted from the nominal & = 0.05 to o = 0.01 (0.05/5), thus
maintaining a very stringent criteria for statistical significance. In
ANOVA, this study employed both one-way ANOVA and two-way
ANOVA. The two-way ANOVA was used to compare the effects of
two factors on the experimental outcomes, as well as to determine
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whether there is an interaction effect between these factors. The
ANOVA can analyze the significant changes of means across multiple
groups effectively, whereas the dependent sample -test is more
suitable for comparing means within the same group under varying
conditions, offering sensitivity for detecting changes within the group.
Actually, this paper performed the within-subjects test. To
demonstrate the authenticity of the study, this research utilizes a
paired t-test and Bonferroni correction method on a public dataset to
discern the notable differences between CDGL and EEGNet.

To be aligned with the research objectives, this study organized
the statistical analysis methods. For objective 1, one-way ANOVA,
two-way ANOVA, and paired t-test were employed to analyze and
compare the capabilities of different features in classifying MI-EEG
data. For objective 2, one-way ANOVA was used to assess the effect of
feature combinations and to investigate the impact of the number of
channels and frequency bands. Additionally, paired t-tests and
Bonferroni correction methods were utilized to validate the differences
between CDGL and EEGNet on public datasets.

2.5 Data acquisition and preprocessing

2.5.1 Data acquisition instructions

In this paper, an EEG signal acquisition experiment was
conducted on a MI tasks involving 26 subjects aged between 23 and
27. The MI task is described as the mental simulation of hand grasping
action being performed by an individual without the actual execution
of the action. In the experiment, a 32-lead EEG equipment from Brain
Products (BP) Inc. was used to collect EEG data from the MI BCI, and
the sampling frequency was set at 500 Hz. Prior to the experiment,
various steps were taken to ensure the suitability of the subjects.
Firstly, all subjects underwent vision correction to ensure normal
visual acuity. Additionally, a thorough examination was conducted to
verify their mental health and overall well-being. The subjects were
informed about the purpose and significance of the experiment
beforehand. Following this, the subjects wore an EEG cap and were
seated in front of a computer as instructed by the experimenter. The
experimenter applied the conductive paste to the EEG cap, reducing
the resistance to less than 5kQ. Throughout the experimental period,
the subjects were instructed to maintain a stable mental state and
avoid intense emotional fluctuations, ensuring data integrity. The

10.3389/fnins.2024.1306283

electrode positions were set based on the international 10-20 lead
standard, as shown in Figure 4. The AFz electrode (marked in black
in Figure 4) serves as the ground electrode, and the FCz electrode
(marked in blue in Figure 4) is used as the reference electrode, and the
IO electrode (marked in red Figure 4) is used as the
Electrooculography electrode.

During the acquisition process, the subjects performed
corresponding tasks based on the interface displayed on the computer
screen. Each experiment had a duration of 10s, consisting of different
stages. Firstly, there was a 2-s period where the screen would display
a blank interface, and subjects were expected to be in a relaxed state.
Following this, a 2-s period followed where a cross interface appeared,
indicating the preparation state for the MI tasks. Lastly, the screen
displayed either a left hand fist or a right hand fist for 6 s, during which
subjects were required to carry out the MI tasks corresponding to the
displayed hand. The flow of the experiment is summarized in Figure 5.

FIGURE 4
The distribution diagram of electrode positions.
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FIGURE 5
The flow of the Ml experiment.
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Each subject performed two sets of experiments, one set of
experiments performed a left hand MI tasks 40 times, and one set of
experiments performed a right hand MI tasks for a total of 80
experiments, obtaining EEG data in the shape of 32¥3000%80 (32
represents the number of EEG channels, 3,000 represents the data
length sampled over 65 at a sampling frequency of 500 Hz, and 80
represents the number of trials).

2.5.2 Data preprocessing

EEG signal preprocessing is a crucial process that involves
applying a series of steps to raw EEG data. The goal is to purify the
signal, eliminate noise, and prepare the data for subsequent analysis.
Pure EEG signals are of crucial importance for accurate analysis. In
the pre-processing phase, an 8 Hz to 40 Hz bandpass filter was
applied to extract the study’s key frequency components and
eliminate potential low-frequency artifacts and high-frequency
noises. With a Finite Impulse Response (FIR) design, the filter was
configurated for achieving its linear phase response, effectively
preventing a phase distortion. The filter’s order was algorithmically
determined, based on a predefined multiple of the sampling rate and
the lower cutoff frequency. Post-filtering, the Independent
Component Analysis (ICA) algorithm from EEGLAB (Delorme and
Makeig, 2004) was employed to eliminate artifacts, including eye
movements and muscle activity, resulting in purified EEG signals.
To ensure the validity of MI, a time window of 3s was selected
for analysis.

2.5.3 Public datasets

To validate the effectiveness of the proposed algorithm, this study
employs the datasets from BCI Competition IV 2a (Tangermann et al.,
2012) and PhysioNet’s BCI2000 (Schalk et al., 2004). The BCI IV 2a
dataset records EEG data through 22 scalp electrodes at a 250Hz
sampling frequency. In the experiment, each subject performed 6
experimental runs, totaling 48 trials (12 each for left-hand, right-hand,
both feet, and tongue MI). The average duration of each trial was
approximately 8, with an actual MI period of 3s. On the other hand,
the BCI2000 dataset employs 64 scalp electrodes and captures data at
a 160 Hz sampling frequency, featuring eight tasks that include MI of
the left hand, right hand, both hands, both feet, and actual movement
tasks. Each subject performed 14 experimental runs, totaling 84 trials.
Each trial lasted for 4s. The MI task studied in this article is a binary
classification task with a left-hand MI class and a right-hand MI class.
To ensure consistency with our experimental tasks, the same
electrodes and MI tasks (left and right hand) were also selected from
these public datasets.

10.3389/fnins.2024.1306283

3 Results
3.1 Data collected by IMUT

3.1.1 The effect of CSP, DTF, graph theory
features on MI task classification performance

To investigate the effect of network features on the classification
performance of MI tasks, a DTF brain network model was constructed
using various channel configurations, including 4-channel (FC1, FC2,
C3, and C4), 8-channel (Fz, FC1, FC2, C3, Cz, C4, CP1, and CP2),
12-channel (Fz, FC1, FC2, C3, Cz, C4, CP1, CP2, F3, F4, P3, and P4),
15-channel (Fz, FCI1, FC2, C3, Cz, C4, CP1, CP2, F3, F4, P3, P4, FC5,
and FC6), and 32-channel configurations. The actual values of DTF
matrices are used here to construct the feature set.

The DTF coefficient connection matrix was selected as the feature
set for the classification task, and a SVM was employed as the classifier.
To ensure the stability of the classification results, a 10-fold cross-
validation method was utilized. The study involved 26 participants
who performed MI classification task in both the Alpha and Beta
frequency bands. The average classification performance of the
DTF +SVM method is presented in Table 1.

Table 1 demonstrates that DTF network features possess the
capability to distinguish between left and right hand MI tasks,
enabling accurate recognition of these tasks. It was observed that as
the number of channels increased, the classification accuracy also
improved. Notably, when utilizing 32 channels, the classification
system not only reached a high level of accuracy at 91.74%, but also
demonstrated a sensitivity of 92.32% and a specificity of 90.51%.
Furthermore, analysis of the Alpha and Beta bands revealed that the
DTF coeflicient matrix yielded slightly higher classification accuracy
for the Beta band compared to the Alpha band. In this study, a
Two-Factor Analysis of Variance (ANOVA) was performed to provide
a detailed analysis of the results. This analysis is crucial for evaluating
the effects of various channel combinations (X1) and frequency band
(X2) analyses on the essential metrics of the research.

Table 2 displays the results of ANOVA analyses, which provide a
comparative overview of accuracy, specificity, and sensitivity under
different conditions. The results indicated significant effects of channel
combinations on the three metrics: accuracy [F(4, 250)=33.16,
p<0.0001], specificity [F(4, 250) =28.35, p <0.0001], and sensitivity
[F(4,250)=19.89, p<0.0001], each showing considerable differences.
Similarly, frequency band types significantly influenced these metrics,
as shown by accuracy [F(1, 250) = 14.73, p=0.000157], specificity [F(1,
250) =17.47, p<0.0001], and sensitivity [F(1, 250) = 16.05, p< 0.0001].
However, no significant interaction effect was observed between

TABLE 1 The average classification performance of the DTF + SVM method using different channel configurations for 26 subjects.

Accuracy Sensitivity Specificity
Alpha Beta Alpha Beta Alpha Beta
Mean SD Mean SD Mean SD Mean SD Mean SD Mean
Channels =4 72.03 7.9 75.70 8.9 74.33 9.6 76.15 9.1 69.72 9.9 76.44 10.8
Channels =8 76.03 9.1 81.14 8.7 77.12 9.2 81.48 9.2 75.69 9.8 79.81 10.2
Channels =12 79.65 8.3 84.30 7.8 80.71 8.6 84.39 7.7 78.01 10.9 83.91 9.7
Channels =15 82.43 7.8 85.54 9.3 83.30 8.1 86.73 75 80.33 11.2 85.45 9.5
Channels =32 89.17 6.7 91.74 5.9 90.30 7.6 92.32 65 87.12 8.8 90.51 8.3
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TABLE 2 The comparison of accuracy, specificity, and sensitivity for DTF+SVM using a two-way ANOVA analysis.

Accuracy Sensitivity Specificity
X1 33.16 3.46e-22 28.35 1.51e-19 19.89 3.07e-14
X2 17.47 4.03e-5 11.57 7.79%-4 16.05 8.12e-5
X1*X2 0.1678 0.9546 0.2714 0.8941 0.2842 0.8881
0.21
0.00
0.21
0.00
Beta left MI Beta right MI
FIGURE 6
Visualization of the DTF connectivity matrix. Panel (A) shows the DTF connectivity matrix for left hand Ml in the Alpha frequency band. Panel (B) shows
the DTF connectivity matrix for right hand Ml in the Alpha frequency band. Panel (C) shows the DTF connectivity matrix for left hand Ml in the Beta
frequency band. Panel (D) shows the DTF connectivity matrix for right hand Ml in the Beta frequency band.

channel combination and frequency band [Accuracy: F(4,250)=0.17, IO, TP9, and TP10 electrodes were excluded from the visualization
Pp=0.9546; Specificity: F(4, 250)=0.27, p=0.8941; Sensitivity: F(4,  due to channel position considerations.

250)=0.28, p=0.8881], suggesting that the interaction of channel
combination and frequency band type does not significantly alter = EEG signal transmission during MI tasks involving different hands.
these outcomes. BrainNet Viewer (Xia et al., 2013) software was  The color gradient from blue to red signifies weaker to stronger

The analysis of Figure 6 reveals a distinction in the direction of

employed to visualize the connectivity matrix. It is worth noting that ~ connections, respectively. This difference is a reliable foundation for
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FIGURE 7

The node degree of each electrode for different frequency bands. Panel (A) shows the node degree of each electrode in the Alpha frequency band.
Panel (B) shows the node degree of each electrode in the Beta frequency band.

accurately classifying left and right hands movements. When
performing MI tasks with the left and right hands, the information
connectivity patterns within the brain regions exhibit significant
variations. To be more specific, there is an increase in connectivity
strength within the right hemisphere of the brain when engaging in
MI of the left hand, and conversely, an increase within the left
hemisphere when MI of the right hand.

The DTF graph-theoretic features serve to depict the information
transfer relationships between different brain regions by transforming
the DTF coeflicient connectivity matrix into graph structures and
extracting relevant features. The topology of the brain network is
represented by feature vectors derived from three graph theory
features: node degree (ND), clustering coefficient (CC), and global
efficiency (GE). This paper directly utilizes the DTF coeflicient matrix
as a directed weighted graph for calculating the graph-theoretic
features. Notably, ND assumes a pivotal role in graph theory analysis
as it quantifies the significance or activity level of individual nodes
within the network.

Based on the ND in Figure 7, notable distinctions in ND are
observed among the electrodes during the two different MI tasks,
particularly for the C3, C4, Cz, P3, P4, FC1, and FC2 electrodes. These
discrepancies highlight the regions of the brain where these electrodes
are positioned, which exhibit significant information flow and strong
connectivity with other electrodes during MI tasks. Taking this
characteristic as a feature in the classification of MI tasks proves
effective in accurately distinguishing between left and right hand
MI tasks.

Figure 8 illustrates the average performance achieved using an
SVM cdlassifier for five distinct features of EEG signals extracted from
26 subjects. These features include CSP features, DTF network
features, ND features, CC features, and GE features.

Analysis of Figure 8 reveals how the number of electrodes
influences complexity of the brain functional network and the
discriminative ability of feature selections. As the number of electrodes
increases, the classification accuracy using the graph theory features
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for the MI-BCI tasks demonstrates an increasing trend [confirmed by
a one-way ANOVA under Alpha for ND feature, F(4, 250)=2.95,
p<0.001]. In the Alpha band, utilizing 32 channels, ND features
exhibited average classification accuracy, sensitivity, and specificity of
86.88, 87.54, and 86.06%. CC features showed values of 85.22, 87.61,
and 84.75%, while GE features had 86.04, 87.17, and 84.62%. In the
Beta band, ND features demonstrated corresponding values of 87.51,
89.33, and 89.64%; CC features presented 89.15, 88.38, and 86.59%;
and GE features had 87.57, 88.35, and 87.08%, respectively. ND’s
performance between Alpha and Beta frequency bands revealed
significant differences by one-way ANOVA in the results of F(1,
50)=4.19, p=0.04 for accuracy, F(1, 50) =4.08, p=0.04 for sensitivity,
and F(1, 50)=4.67, p=0.03 for specificity. CC’s performance: F(1,
50)=4.61, p=0.03; F(1, 50) =4.94, p=0.03; F(1, 50) =4.6, p=0.03 for
the three metrics, respectively. GE’s performance: F(1, 50)=4.16,
p=0.04; F(1, 50)=4.19, p=0.04; F(1, 50) =4.23, p=0.04 for the three
metrics, respectively. However, due to feature redundancy, the
effectiveness of these graph theory features on classification tasks
remains slightly lower than the performance of the traditional CSP
algorithm, which achieves an accuracy of 94.91% [In Beta: ANOVA
in the results of F(1, 50) =12, p<0.001 for ND feature, F(1, 50)=19.82,
p<0.001 for CC feature, and F(1, 50)=19.22, p<0.001 for GE feature].

3.1.2 The effect of feature fusion on Ml task
classification performance (including the new
method proposed)

The CSP algorithm is effective in extracting spatial features from
EEG signals. However, since the brain exhibits time-varying
characteristics during MI tasks, a single spatial feature cannot fully
capture all the information relating to the left and the right hand
MI. To address this limitation, the DTF network features and graph
theory features are integrated into the CSP algorithm to explore the
impact of the DTF brain functional network on the classification
effectiveness of MI tasks. As the fused features possess high
dimensionality, they are susceptible to feature redundancy, which can
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FIGURE 8
The average classification performance of five feature selections for different frequency bands. Panel (A) shows the average classification accuracy in
the Alpha frequency band. Panel (B) shows the average classification accuracy in the Beta frequency band. Panel (C) shows the average classification
sensitivity in the Alpha frequency band. Panel (D) shows the average classification sensitivity in the Beta frequency band. Panel (E) shows the average
classification specificity in the Alpha frequency band. Panel (F) shows the average classification specificity in the Beta frequency band.

for four MI EEG decoding algorithms under two frequency bands: the
CSP algorithm, the CSP added DTF with Lasso regularization (CDL),
the CSP added graph theory with Lasso regularization (CGL), and

lead to a decrease in the classification accuracy. To avoid this issue, the
Lasso method is employed to screen the fused features, selecting the
optimal ones for classification. Figure 9 presents box-and-line plots
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The classification accuracies of four methods for two frequency bands with five different channel combinations. Panel (A) shows the classification
accuracy for two frequency band and 4 channels. Panel (B) shows the classification accuracy for two frequency band and 8 channels. Panel (C) shows
the classification sensitivity for two frequency band and 12 channels. Panel (D) shows the classification sensitivity for two frequency band and 15
channels. Panel (E) shows the classification specificity for two frequency band and 32 channels.

CSP added DTF and graph theory with Lasso regularization (CDGL).
Due to the relatively balance between different classes for the datasets,
only one metric “accuracy” is chosen to evaluate the
algorithm performance.

Figure 9 reveals that the accuracy of CSP algorithms can
be enhanced by integrating DTF network features and graph theory
features into traditional CSP algorithms. As the number of channels
increases, all four algorithms’ average classification accuracy
improves. Notably, both the CDL, CGL, and CDGL algorithms
outperform the traditional CSP algorithms. A One-way ANOVA was
used here to test for significance, yielding a result of F(3,100) =15.12,
p<0.001. Following this result, a post hoc analysis was further
conducted using the “multcompare” function in MATLAB, with a
“CType” parameter set to “tukey-kramer,” which means the Tukey
HSD method was used. The analysis indicated that there are
significant differences between the CSP algorithm and the other
three algorithms, with all p-values being less than 0.005. When the
number of channels reaches 32, the CDGL algorithm achieves
higher accuracy in the Beta frequency band than in the Alpha
frequency band [confirmed by a one-way ANOVA, F(1, 50) =4.55,
p=0.03]. This observation suggests that the Beta band exhibits more
intricate and diverse signal features, which may be attributed to
highlight brain activity and enhanced information processing
capacity during cognitive tasks. Here, in Figure 9, one single asterisk
(*) indicates a significance level of 0.05, double asterisks (**)

indicates 0.01 level, and triple asterisks (***) indicates 0.001 level.
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3.2 Data from BCl competition and
PhysioNet BCI2000

3.2.1 The effect of CSP, DTF, graph theory
features on MI task classification performance

To validate the aim drawn in this paper, the algorithms
discussed in this article were also tested using the BCI Competition
IV 2a dataset and PhysioNet’s BCI2000 dataset. To maintain data
consistency, the validation was conducted using the same
electrodes, specifically the 4-channel and 8-channel configurations.
The broken lines depict the accuracy, sensitivity, and specificity
metrics of the six classification methods according to different
channels and different frequency band. Panels (a), (b), and (c)
present the results obtained from the BCI IV 2a dataset, whereas
panels (d), (e), and (f) show the results from PhysioNets
BCI2000 dataset.

It can be easily seen from Figure 10 that the algorithms
involved in 4-channel are less correctly classified than 8-channel,
both in the Alpha band and in the Beta band. The accuracy,
sensitivity, and specificity of CDGL (CSP+DTF+Graph theory
feature+Lasso) are significantly higher than that of CSP, DTF,
CSPL (CSP+Lasso), CDL (CSP+DTF+Lasso), and CGL
(CSP+Graph theory feature+Lasso). As the analysis focuses on
discerning significant differences among various algorithms
applied to the same datasets, a paired sample t-test is employed
to ascertain the statistical disparities between the CDGL
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FIGURE 10
Three metrics of the six algorithms for the MI-BCl task classifications for two frequency bands and the two different datasets. Panels (A—C) display the
classification accuracy, sensitivity, and specificity, respectively, for the BCl competition dataset. Panels (D—F) display the classification accuracy,
sensitivity, and specificity, respectively, for the PhysioNet BCI2000 dataset.

algorithm and others. Due to requiring multiple comparisons,
therefore, the Bonferroni correction was employed, leading to
the adjustment of the p-value from 0.05 to 0.01 (0.05/5). The
findings reveal that the p-values of the three assessment model
indicators are consistently below the significance threshold of
0.01, whether within the BCI IV 2a dataset or the PhysioNet’s
BCI2000 dataset.

3.2.2 The effect of feature fusion on Ml task
classification performance (including the new
method proposed) and comparison with EEGNet
method

In the validation using public datasets, this paper also
explored the impact of the feature fusion algorithm CDGL on
classification performance. As shown in Figure 10, the CDGL
algorithm’s performance was rigorously evaluated under varying
conditions of channel and frequency band configurations using
the three specific evaluation metrics. Comparisons were
conducted in two primary scenarios: First, the algorithm’s
performance were compared between alpha band and beta band
while maintaining constant channel settings. This involved an
assessment of the performance in alpha and beta bands separately
configured at channels=4 or channels=8. Secondly, the study
focused on comparing the algorithm’s performance metrics across
different channel configurations, channels =4 and channels =38,
within unchanged frequency band. The results of each comparison
(all p-value <0.0125). This
comparative analysis was aimed at exploring the impact of channel

show significant differences

and frequency band variations on the effectiveness of the
CDGTL algorithm.
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In addition, this paper also made a comparison with one of gold-
standard methods (EEGNet) commonly used for MI-BCI
classification tasks. The comparison results of the three performance
indicators of the two algorithms are shown in Figure 11.

The parameter selection for CDGL is as channel numbers =38,
Beta band, the model’s order=8. A comparative analysis of two
models—EEGNet and CDGL—was conducted using the
standardized BCI IV 2a and PhysioNet’s BCI2000 dataset. It was
indicated that for the three key metrics (accuracy, sensitivity, and
specificity), CDGL performs better than EEGNet, affirming the
superior capability and dependability of CDGL for the classification
of MI-BCI tasks. On the BCI IV 2a dataset, the CDGL achieved
84.98% accuracy, 86.08% sensitivity, and 84.82% specificity
respectively, surpassing the values of 80.77, 78.13, and 82.65%
reported by EEGNet (Paired t-test, p=0.008 for accuracy, p=0.01
for sensitivity and p=0.012 for specificity). Similarly, for the
PhysioNet's BCI2000 dataset, CDGL attained an accuracy of
91.37%, a sensitivity rate of 86.08%, and a specificity rate of 90.96%,
in contrast to the 81.84, 78.82, and 75.57% obtained by EEGNet
(Paired t-test, p=0.012 for accuracy, p=0.014 for sensitivity and
p=0.003 for specificity).

4 Discussion

This article presents an exploration of a brain functional network
construction method based on the DTE We demonstrate its
discriminative ability in left and right hand MI tasks by extracting
DTF network features and graph theory features. Specifically, for the
left-hand MI tasks, there is a noticeable enhancement in the strength
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FIGURE 11
The performance comparison of two algorithms (EEGNet and CDGL) on two different datasets (BCI IV 2a and PhysioNet's BCI2000). Panel (A) shows
the classification performance of two algorithms for the BCI IV 2A dataset. Panel (B) shows the classification performance of two algorithms for the
PhysioNet BCI2000 dataset.

of neural connections within the left hemisphere, indicating an
increased neural activity and a significant flow of information (as
demonstrated in Figure 6). This increment in activity not only results
in reduced energy within the left hemisphere but is also correlated
with a decline in power within specific frequency bands (namely, the
alpha and beta bands), consistent with the Event-Related
Desynchronization (ERD) phenomenon observed in the contralateral
sensorimotor cortex. Similarly, this phenomenon occurs within the
right hemisphere during right hand MI tasks.

The findings of this study offer a novel approach to enhancing the
performance of traditional CSP algorithms. We showed the improved
classification results by integrating DTF network features and graph
theory features into CSP. These findings are consistent with previous
findings (Ghosh et al.,, 2015; Filho et al., 2018; Li and Zhang, 2022)
that indicators of functional brain connectivity have the potential for
categorization in the domain of MI tasks. Compared to the methods
used in previous research, we innovatively integrate DTF network
features with graph theory features, obtaining significantly improved
experimental results. Our study further demonstrates the
effectiveness of the DTF-based brain functional network construction
method for MI tasks. Graph feature application effectively captures
the spatial correlations and network structures in EEG data, which
are the aspects often overlooked in traditional time-frequency feature
analysis. Insight into this spatial correlation is crucial for deeply
understanding the brain’s activity patterns while MI tasks. Our use of
graph features aims not merely to achieve superior performance on
datasets but is based on a profound understanding of brain network
analysis and signal processing. Our research delves deeply into the
brain activity analysis during the MI process, seeking a comprehensive
understanding of these complex activities rather than a mere
accumulation of features. It is worth noting that our study was limited
to the dichotomous categorization problem for left and right hand MI
tasks. Future studies could extend it to more complex multi-
categorization MI tasks. This will further validate our proposed
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approach for various tasks and contexts. In addition, we plan to
explore the impact of multiple network feature fusion techniques on
motion imagery decoding algorithms. By combining different types
of features, such as time-domain features, frequency-domain features,
and spatial features, we can expect to further improve the decoding
accuracy and robustness of the MI tasks.

The algorithm’s information transmission rate in offline
experiments, which utilized 3 s of data, was not enough for a real-
time application, for examples brain-controlled wheel chair and
robots. The sliding time window sampling might be a reasonable
choice to enhance this rate in forthcoming real-time studies. The
further research will focus on evaluating the real-time performance
of the proposed algorithm, applying it to develop a brain-controlled
robotic arm for enhancing the rehabilitation of patients suffering
from nerve injuries.

5 Conclusion

In this paper, a brain functional network feature extraction
method based on DTF network features and graph theory features is
proposed for classifying two MI tasks. The following conclusions
were reached:

(1) Both DTF network features and graph theory features have
demonstrated their effectiveness in classifying MI tasks and have
positively contributed to the performance improvement of the CSP
algorithm. Especially, the proposed CDGL incorporating DTF
network features and graph theory features together achieves the
highest classification accuracy among the other feature fusion
methods. This indicates that analyzing the features of brain functional
networks can provide essential information for distinguishing between
different MI tasks.

(2) Increasing the number of channels provides more information
about the EEG signals, which improves the model’s sensitivity and
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ability to discriminate between specific activities in brain regions.
Specifically, as the number of channels increases, the ability to
characterize the expression of EEG signals is enhanced.

(3) The Beta band functional brain network features exhibited
superior performance enhancement for the CDGL algorithm compared
to the Alpha band. This suggests that EEG signals in the Beta band may
contain more valuable information and have a greater impact on the
accuracy and robustness of the classification algorithm in MI tasks.

These findings contribute significantly to our understanding of the
mechanisms underlying BCIs and MI tasks, offering fresh insights and
novel possibility for further research in the field of neuroscience.
Future studies can focus on exploring and refining feature extraction
methods based on DTF and graph theory, extending their applicability
to a wider range of tasks and practical applications.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

Ethics statement

The studies involving humans were approved by Ethics Review
Committee of Inner Mongolia University of Technology. The studies
were conducted in accordance with the local legislation and
institutional requirements. The participants provided their written
informed consent to participate in this study. Written informed
consent was obtained from the individual(s) for the publication of any
potentially identifiable images or data included in this article.

Author contributions

PM: Formal analysis, Investigation, Methodology, Software, Writing
- original draft. CD: Conceptualization, Funding acquisition, Resources,

References

Amin, S. U, Alsulaiman, M., Muhammad, G., Mekhtiche, M. A., and Shamim
Hossain, M. (2019). Deep learning for EEG motor imagery classification based on multi-
layer CNNs feature fusion. Futur. Gener. Comput. Syst. 101, 542-554. doi: 10.1016/j.
future.2019.06.027

Amin, H. U, Malik, A. S., Ahmad, R. E, Badruddin, N., Kamel, N., Hussain, M., et al.
(2015). Feature extraction and classification for EEG signals using wavelet transform
and machine learning techniques. Australas. Phys. Eng. Sci. Med. 38, 139-149. doi:
10.1007/s13246-015-0333-x

An, J., Chen, X., and Wu, D. (2023). Algorithm contest of motor imagery BCI in the
world robot contest 2022: a survey. Brain Sci. Adv. 9, 166-181. doi: 10.26599/
BSA.2023.9050011

Awais, M. A,, Yusoff, M. Z., Khan, D. M., Yahya, N., Kamel, N., and Ebrahim, M.
(2021). Effective connectivity for decoding electroencephalographic motor
imagery using a probabilistic neural network. Sensors 21:6570. doi: 10.3390/
521196570

Blankertz, B., Tomioka, R., Lemm, S., Kawanabe, M., and Muller, K. R. (2008).
Optimizing spatial filters for robust EEG single-trial analysis. IEEE Signal Process. Mag.
25, 41-56. doi: 10.1109/MSP.2008.4408441

Bore, J. C,, Li, P, Jiang, L., Ayedh, W. M. A, Chen, C., Harmah, D. ], et al. (2021).
A long short-term memory network for sparse spatiotemporal EEG source imaging.
IEEE Trans. Med. Imaging 40, 3787-3800. doi: 10.1109/TMI.2021.
3097758

Frontiers in Neuroscience

10.3389/fnins.2024.1306283

Supervision, Writing — review & editing. RL: Visualization, Writing —
original draft. HZL: Data curation, Investigation, Writing — original draft.
DL: Validation, Writing — original draft. XC: Software, Validation, Writing
- review & editing. HL: Investigation, Software, Writing — review &
editing.

Funding

The author(s) declare that financial support was received for
the research, authorship, and/or publication of this article. This
work was supported by the National Natural Science Foundation
of China (61364018 and 61863029), Inner Mongolia Natural
Science  Foundation  (2016JQ07, 2020MS06020, and
2021MS06017), Inner Mongolia Scientific and Technological
(CGZH2018129),
Industrial Technology Innovation Program of IMAST
(2023JSYDO01006), and Science and Technology Plan Project of
(2021GG0264

Achievements Transformation Project

Inner Mongolia  Autonomous

and 2020GG0268).

Region

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or claim
that may be made by its manufacturer, is not guaranteed or endorsed
by the publisher.

Borra, D., Magosso, E., Castelo-Branco, M., and Simdes, M. (2022). A Bayesian-
optimized design for an interpretable convolutional neural network to decode and
analyze the P 300 response in autism. J. Neural Eng. 19:046010. doi: 10.1088/1741-2552/
ac7908

Bullmore, E. T., and Bassett, D. S. (2011). Brain graphs: graphical models of the human
brain connectome. Annu. Rev. Clin. Psychol. 7, 113-140. doi: 10.1146/annurev-
clinpsy-040510-143934

Chen, X,, Yu, Y,, Tang, J., Zhou, L., Liu, K., Liu, Z., et al. (2022). Clinical validation of
BCI-controlled wheelchairs in subjects with severe spinal cord injury. IEEE Trans.
Neural Syst. Rehabil. Eng. 30, 579-589. doi: 10.1109/TNSRE.2022.3156661

Cheng, N, Phua, K. S,, Lai, H. S., Tam, P. K, Tang, K. Y., Cheng, K. K., et al. (2020).
Brain-computer Interface-based soft robotic glove rehabilitation for stroke. IEEE Trans.
Biomed. Eng. 67, 3339-3351. doi: 10.1109/TBME.2020.2984003

Dai, G., Zhou, J., Huang, J., and Wang, N. (2020). HS-CNN: a CNN with hybrid
convolution scale for EEG motor imagery classification. J. Neural Eng.
17:016025.1-016025. 11. doi: 10.1088/1741-2552/ab405f

Davis, K. C., and Meschede-Krasa, B. (2022). Design-development of an at-home
modular brain-computer interface (BCI) platform in a case study of cervical spinal cord
injury. J. Neuroeng. Rehabilit. 19:53. doi: 10.1186/512984-022-01026-2

de Vico, E. F, Richiardi, J., Chavez, M., and Achard, S. (2014). Graph analysis of
functional brain networks: practical issues in translational neuroscience. Philos. Trans.
R. Soc. B Biol. Sci. 369:20130521. doi: 10.1098/rstb.2013.0521

frontiersin.org


https://doi.org/10.3389/fnins.2024.1306283
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://doi.org/10.1016/j.future.2019.06.027
https://doi.org/10.1016/j.future.2019.06.027
https://doi.org/10.1007/s13246-015-0333-x
https://doi.org/10.26599/BSA.2023.9050011
https://doi.org/10.26599/BSA.2023.9050011
https://doi.org/10.3390/s21196570
https://doi.org/10.3390/s21196570
https://doi.org/10.1109/MSP.2008.4408441
https://doi.org/10.1109/TMI.2021.3097758
https://doi.org/10.1109/TMI.2021.3097758
https://doi.org/10.1088/1741-2552/ac7908
https://doi.org/10.1088/1741-2552/ac7908
https://doi.org/10.1146/annurev-clinpsy-040510-143934
https://doi.org/10.1146/annurev-clinpsy-040510-143934
https://doi.org/10.1109/TNSRE.2022.3156661
https://doi.org/10.1109/TBME.2020.2984003
https://doi.org/10.1088/1741-2552/ab405f
https://doi.org/10.1186/s12984-022-01026-2
https://doi.org/10.1098/rstb.2013.0521

Ma et al.

Delorme, A., and Makeig, S. (2004). EEGLAB: an open source toolbox for analysis of
single-trial EEG dynamics including independent component analysis. J. Neurosci.
Methods 134, 9-21. doi: 10.1016/j.jneumeth.2003.10.009

Filho, C. A. S., Attux, R., and Castellano, G. (2018). Can graph metrics be used for
EEG-BCIs based on hand motor imagery? Biomed. Signal Process. Control. 40, 359-365.
doi: 10.1016/j.bspc.2017.09.026

Ghosh, P, Mazumder, A., Bhattacharyya, S., Tibarewala, D. N., and Hayashibe, M.
Functional connectivity analysis of motor imagery EEG signal for brain-computer
interfacing application. In International IEEE/EMBS Conference on Neural Engineering;
(2015).

Gong, A., Liu, J, Chen, S, and Fu, Y. (2017). Time-frequency cross mutual
information analysis of the brain functional networks underlying multiclass motor
imagery. J. Mot. Behav. 50, 1-14. doi: 10.1080/00222895.2017.1327417

He, B, Dai, Y., Astolfi, L., Babiloni, E, Yuan, H., and Yang, L. (2011). eConnectome: a
MATLAB toolbox for mapping and imaging of brain functional connectivity. J. Neurosci.
Methods 195, 261-269. doi: 10.1016/j.jneumeth.2010.11.015

Hu, L, Zhu, ], Chen, S., Zhou, Y, Song, Z., and Li, Y. (2023). A wearable asynchronous
brain-computer Interface based on EEG-EOG signals with fewer channels. IEEE Trans.
Biomed. Eng. 71, 504-513. doi: 10.1109/TBME.2023.3308371

Ji, N., Ma, L., Dong, H., and Zhang, X. (2019). EEG signals feature extraction based
on DWT and EMD combined with approximate entropy. Brain Sci. 9:201. doi: 10.3390/
brainsci9080201

Jia, H., Wang, S., Zheng, D., Qu, X., and Fan, S. (2019). Comparative study of motor
imagery classification based on BP-NN and SVM. J. Eng. 2019, 8646-8649. doi: 10.1049/
j0e.2018.9075

Jin, J., Xiao, R. C., Daly, I, Miao, Y., Wang, X., and Cichocki, A. (2021). Internal feature
selection method of CSP based on L1-norm and Dempster-Shafer theory. IEEE Trans.
Neural Netw. Learn. Syst. 32, 4814-4825. doi: 10.1109/TNNLS.2020.3015505

Kaminski, M. J., and Blinowska, K. J. (1991). A new method of the description of the
information flow in the brain structures. Biol. Cybern. 65, 203-210. doi: 10.1007/
BF00198091

Kaminski, M., Ding, M., Truccolo, W. A., and Bressler, S. L. (2001). Evaluating causal
relations in neural systems: granger causality, directed transfer function and statistical
assessment of significance. Biol. Cybern. 85, 145-157. doi: 10.1007/s004220000235

Koles, Z. J., Lazar, M. S., and Zhou, S. Z. (1990). Spatial patterns underlying
population differences in the background EEG. Brain Topogr. 2, 275-284. doi: 10.1007/
BF01129656

Lawhern, V. J,, Solon, A. J., Waytowich, N. R., Gordon, S. M., Hung, C. P, and
Lance, B. J. (2018). EEGNet: a compact convolutional neural network for EEG-based
brain-computer interfaces. J. Neural Eng. 15:056013. doi: 10.1088/1741-2552/aace8c

Li, M., and Zhang, Y. (2022). A brain functional network based on continuous wavelet
transform and symbolic transfer entropy. Acta Electron. Sin. 50, 1600-1608. doi:
10.12263/DZXB.20210298

Lin, R., Dong, C., Ma, P, Ma, S.,, Chen, X, and Liu, H. (2022). A fused
multidimensional EEG classification method based on an extreme tree feature selection.
Comput. Intell. Neurosci. 2022, 7609196-7609110. doi: 10.1155/2022/7609196

Ma, S., Dong, C,, Jia, T., Ma, P, Xiao, Z., Chen, X,, et al. (2022). A feature extraction
algorithm of brain network of motor imagination based on a directed transfer function.
Comput. Intell. Neurosci. 2022, 1-7. doi: 10.1155/2022/4496992

Mammone, N., leracitano, C., Adeli, H., and Morabito, E. C. (2023). Auto encoder
filter Bank common spatial patterns to decode motor imagery from EEG. IEEE J.
Biomed. Health Inform. 27, 2365-2376. doi: 10.1109/JBHI.2023.3243698

Park, S. H., Lee, D,, and Lee, S. G. (2018). Filter Bank regularized common spatial
pattern ensemble for small sample motor imagery classification. IEEE Trans. Neural Syst.
Rehabil. Eng. 26, 498-505. doi: 10.1109/TNSRE.2017.2757519

Frontiers in Neuroscience

17

10.3389/fnins.2024.1306283

Pichiorri, E, Morone, G., Petti, M., Toppi, J., Pisotta, L., Molinari, M., et al. (2015).
Brain-computer interface boosts motor imagery practice during stroke recovery. Ann.
Neurol. 77, 851-865. doi: 10.1002/ana.24390

Rodrigues, P. G, Filho, C. A. S., Attux, R., Castellano, G., and Soriano, D. C. (2019).
Space-time recurrences for functional connectivity evaluation and feature extraction in
motor imagery brain-computer interfaces. Med. Biol. Eng. Comput. 57, 1709-1725. doi:
10.1007/s11517-019-01989-w

Schalk, G., McFarland, D. J., Hinterberger, T., Birbaumer, N. R., and Wolpaw, J. (2004).
BCI2000: a general-purpose brain-computer interface (BCI) system. IEEE Trans.
Biomed. Eng. 51, 1034-1043. doi: 10.1109/TBME.2004.827072

Shibata, T., Suhara, Y., Oga, T., Ueki, Y., Mima, T., and Ishii, S. (2004). Application of
multivariate autoregressive modeling for analyzing the interaction between EEG and
EMG in humans. Int. Cong. 1270, 249-253. doi: 10.1016/j.ics.2004.05.048

Simoes, M., Borra, D., Santamaria-Vazquez, E., GBT-UPMBittencourt-Villal
pando, M., Krzeminski, D., et al. (2020). BCIAUT-P 300: a multi-session and multi-
subject benchmark dataset on autism for P 300-based brain-computer-interfaces
[original research]. Front. Neurosci. 14:14. doi: 10.3389/fnins.2020.568104

Song, Y., Jia, X., Yang, L., and Xie, L. (2021). Transformer-based spatial-temporal
feature learning for EEG decoding. arXiv:2106.11170, 1-10. doi: 10.48550/
arXiv.2106.11170

Sun, J., Wei, M., Luo, N, Li, Z., and Wang, H. (2022). Euler common spatial patterns
for EEG classification. Med. Biol. Eng. Comput. 60, 753-767. doi: 10.1007/
s11517-021-02488-7

Tangermann, M., Miiller, K-R., Aertsen, A., Birbaumer, N., Braun, C., Brunner, C.,
et al. (2012). Review of the BCI Competition IV [Review]. Front. Neurol. 6:21084. doi:
10.3389/fnins.2012.00055

Vallabhaneni, R. B., Sharma, P,, Kumar, V., Kulshreshtha, V., Reddy, K. J., Kumar, S. S.,
et al. (2021). Deep learning algorithms in EEG signal decoding application: a review.
IEEE Access 99:1. doi: 10.1109/ACCESS.2021.3105917

Virbu, K., Muhammad, N., and Muhammad, Y. (2022). Past, present, and future of
EEG-based BCI applications. Sensors 22:3331. doi: 10.3390/522093331

Varsehi, H., and Firoozabadi, S. M. P. (2021). An EEG channel selection method for
motor imagery based brain-computer interface and neurofeedback using granger
causality. Neural Netw. 133, 193-206. doi: 10.1016/j.neunet.2020.11.002

Wang, Q. S., Cao, T. N, Liu, D., Zhang, M., Lu, J. Y,, Bai, O, et al. (2021). A motor-
imagery channel-selection method based on SVM-CCA-CS. Meas. Sci. Technol.
32:035701. doi: 10.1088/1361-6501/abc205

Wang, E, Wen, Y, Bi, ], Li, H.,, and Sun, J. (2023). A portable SSVEP-BCI system for
rehabilitation exoskeleton in augmented reality environment. Biomed. Signal Process.
Control. 83:104664. doi: 10.1016/j.bspc.2023.104664

Wang, Z., Wong, C. M., Nan, W. Y, Tang, Q., Rosa, A. C., Xu, P, et al. (2022). Learning
curve of a short-time neurofeedback training: reflection of brain network dynamics
based on phase-locking value. IEEE Trans. Cogn. Dev. Syst. 14, 1282-1295. doi: 10.1109/
TCDS.2021.3125948

Xia, M., Wang, J., and He, Y. (2013). BrainNet viewer: a network visualization tool for
human brain connectomics. PLoS One 8:¢68910. doi: 10.1371/journal.pone.0068910

Yu, H,, Ba, S., Guo, Y., Guo, L., and Xu, G. (2022). Effects of motor imagery tasks on
brain functional networks based on EEG mu/Beta rhythm. Brain Sci. 12:194. doi:
10.3390/brainscil2020194

Zhang, ], Li, Y., Chen, H., Ding, ., and Yuan, Z. (2016). An investigation of the
differences and similarities between generated small-world networks for right-and left-
hand motor imageries. Sci. Rep. 6:36562. doi: 10.1038/srep36562

Zhang, S., Zhu, Z., Zhang, B., Feng, B., Yu, T, Li, Z,, et al. (2021). Fused group lasso: a
new EEG classification model with spatial smooth constraint for motor imagery-based
brain-computer Interface. IEEE Sensors J. 21, 1764-1778. doi: 10.1109/JSEN.2020.3016402

frontiersin.org


https://doi.org/10.3389/fnins.2024.1306283
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1016/j.bspc.2017.09.026
https://doi.org/10.1080/00222895.2017.1327417
https://doi.org/10.1016/j.jneumeth.2010.11.015
https://doi.org/10.1109/TBME.2023.3308371
https://doi.org/10.3390/brainsci9080201
https://doi.org/10.3390/brainsci9080201
https://doi.org/10.1049/joe.2018.9075
https://doi.org/10.1049/joe.2018.9075
https://doi.org/10.1109/TNNLS.2020.3015505
https://doi.org/10.1007/BF00198091
https://doi.org/10.1007/BF00198091
https://doi.org/10.1007/s004220000235
https://doi.org/10.1007/BF01129656
https://doi.org/10.1007/BF01129656
https://doi.org/10.1088/1741-2552/aace8c
https://doi.org/10.12263/DZXB.20210298
https://doi.org/10.1155/2022/7609196
https://doi.org/10.1155/2022/4496992
https://doi.org/10.1109/JBHI.2023.3243698
https://doi.org/10.1109/TNSRE.2017.2757519
https://doi.org/10.1002/ana.24390
https://doi.org/10.1007/s11517-019-01989-w
https://doi.org/10.1109/TBME.2004.827072
https://doi.org/10.1016/j.ics.2004.05.048
https://doi.org/10.3389/fnins.2020.568104
https://doi.org/10.48550/arXiv.2106.11170
https://doi.org/10.48550/arXiv.2106.11170
https://doi.org/10.1007/s11517-021-02488-7
https://doi.org/10.1007/s11517-021-02488-7
https://doi.org/10.3389/fnins.2012.00055
https://doi.org/10.1109/ACCESS.2021.3105917
https://doi.org/10.3390/s22093331
https://doi.org/10.1016/j.neunet.2020.11.002
https://doi.org/10.1088/1361-6501/abc205
https://doi.org/10.1016/j.bspc.2023.104664
https://doi.org/10.1109/TCDS.2021.3125948
https://doi.org/10.1109/TCDS.2021.3125948
https://doi.org/10.1371/journal.pone.0068910
https://doi.org/10.3390/brainsci12020194
https://doi.org/10.1038/srep36562
https://doi.org/10.1109/JSEN.2020.3016402

	A brain functional network feature extraction method based on directed transfer function and graph theory for MI-BCI decoding tasks
	1 Introduction
	2 Methods
	2.1 Feature extraction methods
	2.1.1 CSP
	2.1.2 Dtf
	2.1.3 Graph theory method
	2.2 Feature selection and classification methods
	2.2.1 Lasso
	2.2.2 SVM
	2.2.3 CDGL classification method
	2.3 Evaluating metric
	2.4 Statistical analysis methods
	2.5 Data acquisition and preprocessing
	2.5.1 Data acquisition instructions
	2.5.2 Data preprocessing
	2.5.3 Public datasets

	3 Results
	3.1 Data collected by IMUT
	3.1.1 The effect of CSP, DTF, graph theory features on MI task classification performance
	3.1.2 The effect of feature fusion on MI task classification performance (including the new method proposed)
	3.2 Data from BCI competition and PhysioNet BCI2000
	3.2.1 The effect of CSP, DTF, graph theory features on MI task classification performance
	3.2.2 The effect of feature fusion on MI task classification performance (including the new method proposed) and comparison with EEGNet method

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions

	References

