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Abstract—This research paper describes an original method of 

affective state recognition in the e-learning field. Emotion plays a 

key role in both knowledge-building and mental health. In recent 

years, more and more emotion researchers have broken through 

traditional questionnaires to utilize physiological data to monitor 

students’ cognitive and affective states. Among these methods, 

electroencephalography (EEG) can directly reflect the 

physiological activities of the brain and has unique potentials and 

advantages over others. For analyzing this multi-channel noised 

signal, current emotion recognition methods mainly use deep 

learning methods to learn the spatial or temporal representation 

of each channel, and then process the classification through a 

multimodal fusion strategy, while emotional expression highly 

relies on brain functional connectivity.  

In this research work, for the EEG-based learning-centered 

affective state recognition, we adopted a novel residual shrinkage 

block (RSB) to construct the graph neural network (GNN). During 

the feature extraction, the RSB is designed to obtain the features 

of interest and reduce the influence of artifact noises for 

recognition. GNN considers the biological topology among 

different brain regions to capture relations among different EEG 

channels. Extensive experiments on the CAL dataset prove that 

the performance of the proposed model is superior to current deep 

learning methods.  

Prior research may use the findings of this study to empower 

adaptive self-regulated learning environments through the 

automated recommendation of learning strategies, learning 

contents, and emotion regulation strategies according to students’ 

learning-centered affective states, to further improve their 

learning performance as well as mental health. On the other hand, 

teachers or online course designers can use emotional feedback to 

adjust the learning materials and the pace of the instruction 

according to students’ needs and preferences. 

Keywords—emotional learning, adaptive computer learning, 

confusion, electroencephalogram (EEG), graph neural network 

(GNN) 

I. INTRODUCTION 

With the development of information and communication 
technologies, e-learning, which means learning using electronic 
technologies outside of traditional classrooms, has become a 
new trend, especially in engineering and computer education. 
Compared with the traditional learning mode, e-learning enables 
learners to transcend temporal and spatial constraints, granting 
access to a wealth of online learning resources. However, it is 
important to note that this mode of learning primarily involves 
interaction with digital learning materials, such as instructional 
videos, which may potentially lead to adverse effects on students’ 
mental well-being due to the absence of face-to-face 
communication and the physical separation of educators and 
peers. 

Emotion plays a key role in both mental health and 
knowledge-building. Studies have found that emotions affect all 
aspects of learning, such as attention [1], memory processes [2], 
motivation [3], and cognitive problem-solving [4], thus affecting 
learning outcomes. Traditional research on affective states in the 
education field has focused on the study of test anxiety and the 
causal attribution of success and failure as antecedents of 
emotions in classical learning circumstances. For e-learning 
environments, the emotions detected or used are basic emotions, 
non-basic emotions, learning-centered emotions, trait emotions, 
or a combination of two or three of them [5], but there is no 
consensus on a specific or definitive list of affective states 
among experts and researchers [6]. Reference [7] identified the 
primary affective states of students during complex learning 
using educational technology as flow/engagement frustration, 
confusion, and boredom. Among these affective states, 
flow/engagement, confusion, and boredom appeared relatively 
frequently, whereas happiness, curiosity, and frustration 
appeared less frequently [8]. Reference [9] investigated the 
impact of cognitive-affective states of students during the use of 
three different computer-based learning environments and 
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observed that boredom was very persistent across the learning 
environments, concentration and confusion were the most 
common states, frustration was less persistent, and joy and 
surprise were less common. The literature [10] states that 
anxiety, enjoyment, anger/frustration, boredom, confusion, and 
curiosity/interest are the most independently researched 
emotions in Technology-Based Learning Environments (TBLEs) 
in studies from 1965 to 2018. 

Traditional emotion research uses self-report to assess 
emotions during learning, for example, the Academic Emotion 
Questionnaire (AEQ) [11] has been widely used to measure 
learning-related affective states. Besides, with the development 
of computer vision and machine learning, researchers measure 
e-learning emotions based on various physiological and non-
physiological data, including heart rate variability (HRV) [12], 
electroencephalography (EEG), eye-tracking [13], facial 
expression [14], forum discussions [15], behavior data [16]. 
Among these methods, EEG-based emotion recognition has the 
potential and benefits different from others. EEG signals have 
good temporal resolution and are an objective and direct means 
of detecting internal emotional states [17]. Therefore, EEG-
based emotion recognition has received increasing attention in 
the fields of computer science, education, biomedicine, 
psychology, and other disciplines. 

Our previous work developed the E-learning Epistemic 
Emotion Scale (EEES) to assess the affective states that learners 
experience in e-learning environments, with emphasis on their 
cognitive process. EEES contains flow, confusion, fatigue, 
frustration, curiosity, and boredom. This research mainly aims 
to propose an effective methodology for EEG-based emotion 
recognition, in consideration of the topology characteristic of 
EEG signals. 

We construct a novel deep learning framework by adopting 
residual shrinkage blocks (RSB) to the graph neural network 
(GNN). Experiments on the CAL dataset prove the advantages 
and potentials of the proposed method in comparison with 
baseline models. This paper mainly contains the methodology 
and experiment results of this approach. 

II. RELATED WORK 

A.  EEG data collection and public dataset 

EEG signal acquisition can be performed by invasive and 
non-invasive methods. Invasive methods have a higher signal-
to-noise ratio and accuracy compared to non-invasive methods, 
but the disadvantage is that the electrodes need to be surgically 
implanted in the cranial cavity, and the electrodes penetrate the 
cerebral cortex to acquire the signals, which is difficult and risky. 
Non-invasive methods are most commonly used in research, and 
signal acquisition can be accomplished efficiently with the help 
of wearable EEG caps or headsets that place electrodes along the 
scalp. Fig. 1 [18] represents the electrode positions of the 
International 10/20 system. The numbers 10 and 20 indicate the 
distance between adjacent electrodes (10 or 20 percent of the 
total front-back or right-left distance of the skull). Each site has 
a letter to identify the lobe and a number to identify the 
hemisphere location. F stands for Frontal, T for Temporal, C for 
Central (although there is no central lobe, the C letter is used for 

identification purposes), P for Parietal, and O for Occipital. z 
(zero) refers to an electrode placed on the midline. 

For emotion recognition based on EEG signals, in recent 
years researchers have generally used video clips as trial stimuli, 
and relevant public datasets have also been established. SEED 
dataset [19] was established in 2015, which selected 15 Chinese 
movie clips of about 4 minutes in duration as the stimuli, 
recorded the EEG signals, facial expression videos, and eye-
movement data of 15 participants, and categorized affective 
states as positive, neutral, and negative emotions. Researchers 
further developed and released a four-category (happy, sad, 
fearful, and neutral) version of SEED-IV [20] in 2019 and a five-
category (happy, sad, fearful, disgusted, and neutral) version of 
SEED-V [21] in 2022. Another widely used dataset is the DEAP 
dataset [22], which recorded the EEG as well as other 
physiological signals of 32 participants while watching 40 music 
video clips of one minute. These participants then rated each 
video clip in detail according to arousal, valence, preference, 
dominance, and familiarity. Other datasets that use video clips 
as stimuli, such as AMIGOS [23], DREAMER [24], and 
ASCERTAIN [25], have also been widely used by researchers. 
With the growing interest in the study of epistemic emotions 
(emotions associated with knowledge acquisition [26]), 
researchers have established the CAL dataset [27] using Raven’s 
Standard Progressive Matrices as the stimuli, focusing on the 
recognition of confusion. 

B. EEG-based emotion recognition 

The general process of EEG-based emotion recognition 
contains data collection, data preprocessing, feature extraction, 
feature selection, training of classification model, and model 
application. 

EEG signals have high sensitivity and are easily interfered 
with by various noises in the acquisition process. EEG signal 
preprocessing mainly removes artifacts and other noises from 
the EEG signal, such as electrooculogram (EOG), 
electromyogram (EMG), cardiac artifacts, skin electrical 
responses, electromagnetic interferences, and power frequency 
disturbances [28]. Since the frequency of EEG signals is 
generally in the range of 0-100 Hz, artifacts beyond the 
frequency range of EEG signals can be efficiently filtered out by 

 
Fig. 1  The International 10/20 System 



using appropriate band-pass filters. 4-45 Hz is the most 
commonly used frequency range for band-pass filters [29]. 
Principal Component Analysis (PCA) and Independent 
Component Analysis (ICA) can also be used to remove noises 
in EEG data. 

The key to EEG-based emotion recognition lies in the 
extraction of EEG features from raw EEG signals that can 
characterize different emotional states, which is essential to 
subsequent data processing. Time-domain features (TDF), 
frequency domain features (FDF), and time-frequency domain 
features (TFDF) are the three basic types of features [29]. For  
EEG-based emotion recognition, traditional machine learning 
classifiers such as K-Nearest Neighbor (KNN) [30], Support 
Vector Machine (SVM) [31], and Random Forest (RF) [32], 
take these features as input.  

With the development of machine learning, especially deep 
learning, more and more researchers adopt deep learning 
methods to process EEG data for emotion recognition. Since 
deep learning methods can use raw data as input, data 
preprocessing steps may not be necessary for them; meanwhile, 
in most cases, deep learning methods can automatically compute 
features of EEG [33].  

Convolution Neural Network (CNN) [34] and Recurrent 
Neural Network (RNN) [35] are performant for EEG-based 
emotion recognition. Long Short Term Memory Neural 
Network (LSTM) [36] is an optimization of recurrent neural 
networks, which provides excellent performance in EEG-based 
emotion recognition due to its unique neural network structure 
[37]. A combination of CNN and LSTM can also improve the 
accuracy of emotion recognition [38]. Emotional expression 
highly relies on brain functional connectivity. Graph 
Convolutional Neural Networks (GCNNs) are extended from 
traditional CNNs, which combine convolution with spectral 
theory. Compared with CNNs, GCNNs are more have more 
advantages in extracting discriminative features of signals in the 
discrete spatial domain. The ability of GCNN to characterize the 
intrinsic relationships between different nodes of a graph 
provides a potential way to explore the relationships between 
multiple EEG channels during EEG-based emotion recognition 
[39]. 

III. RESEARCH METHOD/METHODOLOGY 

In this study, we proposed a Residual Shrinkage Building 
Graph Neural Network (RSB-GNN) to synthesize the 
advantages of graph convolutional neural networks and residual 
shrinkage networks. The node-domain adversarial training 
(NodeDAT) was also added to improve the robustness of the 
model.  Fig. 2 represents the overall structure of the proposed 
method. 

To investigate the problem of emotion recognition of multi-
channel EEG signals, this study adopts a graph representation 
inspired by the success of the graph convolutional neural 
network model. In this approach, each channel of EEG is 
regarded as a node, while the connection between two different 
nodes corresponds to an edge of the graph. This approach 
contributes to a deeper understanding of the process of EEG 
emotion recognition and provides new ideas for related 
applications. Meanwhile, artifacts and noise of the EEG signals 
are ignored during the training of the GCNN model because the 
GCNN is in the form of an end-to-end classifier. Therefore, there 
is a bottleneck in the classification performance of GCNNs. The 
denoising process plays an important role in the classification of 
EEG signals due to their nonlinear and non-smooth 
characteristics. With the development of deep neural networks, 
Deep Residual Shrinkage Networks (DRSNs) have been 
proposed and applied to fault diagnosis [40], which extract 
discriminative features from highly noised signals through a soft 
thresholding process. DRSN has also been applied to improve 
the recognition of motor imagery EEG signals [41]. 

A. Residual Shrinkage Building Unit 

Deep Residual Shrinkage Networks (DRSNs) [40] 
incorporate soft thresholding in deep residual networks 
(ResNets). Soft thresholding is an essential step in the signal-
denoising method. The key task in signal denoising is to design 
a filter that converts the noisy information into near-zero 
features, converts the useful information into features with 
larger absolute values, and then applies soft thresholding to 
convert the near-zero features to zero. The soft threshold 
function is represented by the following: 

 
Fig. 2  Overall Structure of the Proposed Deep Learning Method 
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where x and y are the inputs and outputs, respectively, and τ is 

a positive parameter representing the threshold. The partial 

derivative of the soft threshold function is 0 or 1, so it can 

prevent the problems of gradient vanishing and gradient 

explosion. 
Residual Shrinkage Building Unit (RSBU) is a basic element 

of DRSN. It adds a soft threshold function and an attention unit, 
where the attention unit includes an absolute value function, a 
GAP, two fully connected (FC) layers, two activation functions 
(ReLU, Sigmoid), and one batch normalization (BN). In our 
proposal, the RSBU is designed to obtain the features of interest 
and reduce the influence of artifact noises for EEG-based 
emotion recognition. 

Fig. 3 represents the structure of the RSBU [40], where the 
main part retains the identity shortcut in the residual module. K 
is the number of convolution kernels in the convolutional layer, 
M is the number of neurons in the fully connected network, C, 
W, and 1 are the number of channels, width, and height of the 
feature map, respectively, and /2 indicates that the step size of 
the convolution is 2. 

B. Graph Convolutional Neural Networks 

For EEG-based emotion recognition using GCNN, each 
channel of EEG signals is considered as a node in the graph. The 
topology structure of EEG channels is denoted by a weighted 
adjacency matrix n nA ×∈� , where n denotes the number of 
channels. Each element of the adjacency matrix represents the 
connectivity between the channels. Inspired by [42], to facilitate 
more discriminative EEG feature extraction, the adjacency 
matrix of the graph is also used as a learnable parameter of the 
model. In order to reduce overfitting, the matrix is modeled as a 
symmetric matrix using only n(n+1)/2 rather than n2 parameters. 

In the proposed method, the adjacency matrix is initialized 
as in [43] :  
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Here, τ and δ  are two constants, and ,i j
d  denotes the Euclidean 

distance between the i-th and j-th channels. We chose τ =2 and 
δ =5 such that about 20% of the elements in the adjacency 
matrix parameters are not zero. 

Between adjacent layers in GNNs, the feature transformation 
can be written as 

 1 ( , )l lH f H A+ = , (3) 

where l denotes the number of layers, and f denotes the function 
to learn during training. GCNN is an extension of the traditional 
CNN method by combining CNN with spectral theory [44], and 
the feature transformation in GCNN [45] can be written as: 
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where D denotes the diagonal degree matrix of A and σ denotes 
a non-linear function. 

C. Node-wise Domain Adversarial Training 

Inspired by [43], the node-wise domain adversarial training 
(NodeDAT) method was adopted to reduce the discrepancies 
between source and target domains, i.e., training and testing sets, 
respectively. Specifically, a domain classifier is proposed to 
classify each node representation into either source domain or 
target domain. During optimization, the deep learning model 
aims to confuse the domain classifier by learning domain-
invariant representations. NodeDAT method can improve the 
generalizability of trained classifiers, especially in cross-subject 
classification settings. 

Given labeled source/training data S N n dX × ×∈� , and 
unlabeled target/testing data T N n dX × ×∈� , which in practice TX  
can be either oversampled or down-sampled to have the same 
number of samples as SX , the domain classifier aims to 
minimize the sum of the following two binary cross-entropy 
losses: 

ΦD=-∑ ∑ �log ( p
j
(0�Xj

S,θD))+ log ( p
j
(1�Xi

T,θD))�n
j=1

N
i=1 , (5) 

where θD denotes the parameters of the domain classifier, 0 and 
1 denote source and target domains, respectively. Intuitively, the 
domain classifier is trained to classify source data as 0 and target 
data as 1. A gradient reversal layer (GRL) was implemented to 
act like an identity layer in the forward propagation and to 
reverse the gradients of the domain classifier during 
backpropagation. The reversed gradients are further scaled by a 
GRL scaling factor β which gradually increases from 0 to 1 as 
the training progresses. The gradually increasing β allows the 
domain classifier to be less sensitive to noisy inputs at the early 
stages of the training process. The calculation of β can be 
represented as: 
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where p represents the progress of training and varies from 0 to 

1. 
The overall loss of our model can be calculated as: 

 
CE D αΦ = Φ + Φ + Θ , (7)  

Fig. 3  Structure of the RSBU 



where α is the coefficient of regularization, Θ  denotes all 

training parameters, and CE
Φ can be calculated as: 

 

1

log( ( , ))
N

CE i i

i

p Y X
=

Φ = − Θ , (8) 

where N n kX × ×∈�  represents the input signal, n is the number of 

channels, k is the length of the signal and NY ∈�  denotes 

emotion labels. 

IV. EXPERIMENTAL SETTINGS 

A. Dataset 

The EEES includes six emotions: flow, curiosity, confusion, 
tiredness, frustration, and boredom, of which the role of most of 
the emotions for e-learning has been relatively clear, with the 
two positive affective states flow and curiosity being beneficial 
to online learning, and fatigue, frustration, and boredom having 
a negative impact on learning performance. However, whether 
confusion is beneficial for learning remains controversial [46]. 
According to the confusion dynamic model, confusion is 
considered a transitional emotion. When confusion is resolved, 
the learner's emotions follow a cycle of engagement-confusion-
engagement; frustration is triggered if the learner is unable to 
regain the state of flow; and prolonged unresolved confusion 
eventually leads to boredom [47]. It can be seen that the 
development of confusion encompasses almost all other 
emotions in the model and is more critical in online learning 
environments. Whether confusion produces positive or negative 
outcomes depends on its resolution, which provides an 
opportunity for e-learning smart systems to improve the learning 
experience and outcomes by intervening in the learning process. 
Therefore, the identification of confusion is important for 
research in e-learning. 

However, as mentioned earlier, the widely used datasets in 
the field of EEG signal-based emotion recognition usually use 
movie clips or music videos as stimulus sources to study 
emotions in general contexts rather than in learning contexts, 
and most of the emotions studied are two-dimensional 
categorizations or basic emotion models. The recognition of 
these emotions is also relatively well-studied. The study of 
emotions in cognitive activities, i.e. epistemic emotions, is still 
in its early stages and there are almost no publicly available 
datasets. The CAL dataset chosen for this study, officially 
released in 2023, fills this gap by designing experiments to 
actively and accurately elicit confusing emotions in reasoning 
activities [27]. 

CAL dataset [27] employed OpenBCI as the EEG collector. 
Eight channels (Fp1, Fp2, C3, C4, T5, T6, O1, O2) EEG data 
with a sampling rate of 250 Hz were collected for each of the 23 
subjects while trying to solve Raven’s Progressive Matrices. The 
Raven’s test is a nonverbal psychological test used to measure 
human intelligence and abstract reasoning. 48 questions of high 
difficulty were chosen to ensure that confusion was induced. 
The labeling technique combines subjective (self-reported 
feeling) and objective labeling (whether or not the answer was 
correct). There were a total of four categories of labels, of which, 
if a participant answered incorrectly and expressed confusion in 
his/her self-report, the EEG signal was labeled as “confused”; if 
the participant answered correctly and was not confused, the 

corresponding EEG was labeled as “non-confused”; if the 
participant answered the test item correctly and reported 
confusion, this was categorized as “guess”; if the participant 
answered the test item incorrectly but did not show confusion, it 
was categorized as “think-right”. 

B. EEG data preprocessing 

First, the raw EEG signal is processed using a 4-45 Hz 
bandpass filter as proposed in [29]. To eliminate the effect of 
amplitude size on the subsequent model training, the filtered 
EEG signals of each channel were normalized to fall in the 
interval of [-1,1]. 

In other datasets where movie clips or music videos were 
used as the stimuli, the EEG signals captured for each participant 
were of the same length because each participant watched the 
same length of the video, whereas, during the CAL dataset 
acquisition, each participant did not have the same length of time 
for answering the questions, which resulted in different lengths 
of EEG signals being captured. Meanwhile, thus CAL aimed to 
trigger confusion, almost half (48%) of EEG data are labeled as 
“confused”, while “guess” only accounts for 4%. To solve the 
above problems, the segmentation method was applied during 
data preprocessing. The filtered EEG data was divided into 1 s 
sliding windows in the light of the literature. To tackle the issue 
of data imbalance, we set different step sizes: 1 s for confused, 
0.5 s for non-confused, 0.5 s for think-right, and 0.15 s for guess.  

Finally, a total of 22,842 samples of the 8×250 dimension 
was obtained, of which “confused” had 7656 samples, “non-
confused” had 4927 samples, “think-right” had 6317 samples, 
and “guess” had 3942 samples. The overall distribution is shown 
in Fig. 4, and the distribution of labels for each subject is shown 
in Fig. 5. It can be learned by observing the label distributions 
that a relatively balanced and large number of sample sizes can 
be obtained by applying this segmentation method. 

C. Classification settings 

This work focuses on two tasks: binary classification 
(confused and non-confused) and four-class classification 
(confused, non-confused, guess, and think-right). K-fold cross-
validation (K=5) is used to evaluate the proposed model, and 
two common scenarios in emotion recognition algorithms are 
considered to validate the proposed method: 

1) In cross-subject (or subject-independent) experiments, the 
differences between different subjects are emphasized to test the 
generalization ability of the model. There were 23 subjects in 
total, with the first 4 folds each containing data from 5 subjects 
and the last fold containing data from 3 participants. 

2) In intra-subject (or subject-dependent) experiments, the 
model is trained across multiple subjects. The EEG data of all 
participants were equally divided into 5 subsets, 4 of which were 
taken as the training set and 1 as the validation set in each 
validation. 

D. Model Settings for RSB-GNN 

The hardware used for the experiments in our work is a 
computer with a 16-core Intel Xeon Silver 4110 series CPU 
processor and an NVIDIA GeForce RTX 3090 graphics card, 
and the operating system is Ubuntu 18.04. The deep neural 
network used for the processing of EEG signals is implemented 



using PyTorch. The EEG signals were filtered using MNE in the 
data preprocessing stage. Throughout the entire process of 
model training, the CPU is responsible for handling a series of 
key tasks, including loading and preprocessing EEG signals, 
initializing the model, calculating evaluation metrics such as 
accuracy, and storing data for the optimal model. GPU is 
responsible for performing forward propagation and backward 
gradient backpropagation related to various operators in the 
model, such as convolution, fully connected layers, pooling, and 
activation functions, as well as updating parameters based on 
optimization strategies. 

The hyperparameters of our study include two categories: 
model-building parameters and training parameters. Among 
them, the model-building parameters include the number of 
RSBUs, the size of the hidden layer of GCNN, and number of 
layers of the GCNN. The training parameters include Learning 
Rate (LR), L1 regularization coefficient, L2 regularization 
coefficient, and Dropout. 

As proposed in [48], the batch size was set to 256, the 
maximum Epoch was set to 100, the Dropout was set to 0.5, and 
LR was set to 0.005; the L1 and L2 regularization coefficients 
were set to 0.001 for intra-subject binary classification, 0.003 for 
intra-subject four classification and cross-subject binary 
classification, and 0.005 for cross-subject four classification.  

The size of the hidden layer of the GCNN was set to 80 and 
the number of layers to 2 [42]. The number of RSBUs was set to 
3 [49]. The early stopping technique was used to prevent model 
overfitting, i.e., training was stopped when there was no 
improvement in validation set accuracy on 20 consecutive 
epochs.  

V. RESULTS  

The performance of the model is evaluated using the average 
of the accuracy and F1 score in the K-fold cross-validation. The 
deep learning algorithms including dynamic dynamical graph 
convolutional neural networks (DGCNN) [42] and 1-D Deep 
Residual Shrinkage Network (1-D-DRSN) [49] are 

implemented using the PyTorch library. DGCNN can also be 
regarded as our model without RSBUs and NodeDAT. 

A. Binary classification 

The results of binary classification tasks in intra-subject and 
cross-subject scenarios are listed in Table 1. Our model has a 
comparable result with the 1-D-DRSN in the intra-subject 
scenario and our model performs better in the cross-subject 
scenario. 

The experimental results show that each model in the binary 
classification task outperforms the cross-subject experiment on 
the intra-subject experiment. This is due to the variability of 
EEG signals between subjects that makes the classification task 
on the cross-subject experiment more challenging. It’s worth 
noting that the performance gap of DGCNN between the two 
scenarios is small, while the recognition performance of other 
methods has a large gap between the two scenarios. The model 
proposed in this study shows a large improvement in both 
experimental scenarios compared to the DGCNN, whereas it is 
comparable to the 1-D-DRSN in terms of recognition 
performance, but with a 2% improvement in accuracy in the 
cross-subject experiments. This observation illustrates the 
superiority of RSBUs when dealing with highly noisy data, 
while GCNNs have the potential to close the gap between the 
model’s performance in both intra-subject and cross-subject 
experiments. 

Moreover, the experimental results show that NodeDAT 
contributes to the robustness of the deep learning model in cross-
subject scenarios by narrowing the gap between the two 
scenarios. It can be seen that the addition of NodeDAT provided 
a smaller improvement in model performance of about 1% in the 
intra-subject experiment scenario, while it improved by about 5% 
in the cross-subject experiment condition. 

B. Four-class classification 

 Table 2 summarizes the results of the four-class 
classification task in intra-subject and cross-subject scenarios. 
The 1-D-DRSN outperforms in intra-subject scenarios with an 
accuracy of 55.35% and an F1 score of 0.55, while our model 
stands out in cross-subject scenarios with an accuracy of 44.90% 
and an F1 score of 0.40. 

It can be seen that in the four-class classification task, there 
was a greater gap in the performance of the model between intra-
subject and cross-subject experiments, which suggests that it is 
more challenging to perform finer-grained emotion recognition. 
The experimental results show that the model proposed in this 
study showed greater improvement compared to other models, 
especially in the cross-subjects experiment. The experimental 
results further demonstrate the effectiveness of NodeDAT in the 
cross-subjects scenario. It can be seen that the addition of 
NodeDAT in the intra-subject experiment scenario provides a 
small improvement in the model performance of about 2%, 
whereas it improves by about 11% in the cross-subject 
experiment. It can be inferred that NodeDAT effectively 
improves the robustness of the model in cross-subject 
experiments for the four-classification task. 

 

Fig. 4  Overall Label Distribution after Segmentation 

 

Fig. 5  Label Distribution for Each Subject 



VI. CONCLUSION AND DISCUSSIONS 

In this work, focusing on affective states during e-learning, 
we proposed a novel RSB-GNN approach for EEG-based 
emotion recognition. RSBUs are designed to improve the 
processing of noisy EEG signals and GNN is used to explore the 
connectivity of different brain regions. NodeDAT is 
implemented to improve the robustness of the proposed model. 
The CAL dataset was chosen by analyzing epistemic affective 
states in e-learning, among which confusion is essential to 
regulation strategy. Binary and four-class classification 
experiments in intra-subject and cross-subject scenarios were 
conducted. The results on the CAL dataset demonstrated the 
superiority of the proposed model in the task of EEG-based 
emotion recognition, especially in cross-subject scenarios. The 
better recognition performance of RSB-GNN is most likely due 
to the following major points: 

 Adding RSBUs makes the model more powerful for 
noisy data processing, such as EEG signals, by 
incorporating the soft threshold in residual building 
units; 

 By learning domain-invariant representations, the 
NodeDAT improves the generalizability of trained 
classifiers in cross-subject classification settings. 

Additionally, the adjacency matrix in the graph 
representation of EEG signals not only represents the 
connectivity of different channels but also indicates the 
contributions of the EEG channels to EEG emotion recognition 
[42]. Hence, the adjacency matrix would provide a potential way 
to find out what are the most contributive EEG channels in EEG 
emotion recognition. This approach can be interesting to reduce 
the complexity of calculation while processing EEG data with a 
larger number of channels, such as the DEAP dataset which 
contains EEG signals of 32 channels. 

Although EEG-based emotion recognition has gained 
attention in education research, there is a notable absence of 
specific datasets focused on learning-centered emotion. 
Furthermore, the data scales of current EEG datasets, whether 
specific to education or not, remain relatively limited. This 
constraint may hinder the development of more robust deep 
neural network models, consequently impeding further 
advancements in this area of research. To address this, future 
research endeavors could explore the establishment of a 
dedicated EEG database on a much larger scale. Such an EEG 
database, encompassing a wider range of emotion categories, 
would not only enhance emotion research, but also benefit the 
evolution of intelligent e-learning systems. Leveraging the high 
temporal resolution of EEG, the recognition of additional types 

of emotion could potentially provide physiological evidence 
supporting the dynamic model of confusion[47]. Furthermore, 
the transformation of confusion into emotional feedback could 
serve as a valuable indicator of students’ learning experiences  
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