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Abstract: Early and timely diagnosis of stroke is critical for effective treatment, and the electroencephalogram (EEG) offers a low-cost, non-invasive solution. However, the shortage of high-quality patient EEG data often hampers the accuracy of diagnostic classification methods based on deep learning. To address this issue, our study designed a deep data amplification model named Progressive Conditional Generative Adversarial Network with Efficient Approximating Self Attention (PCGAN-EASA), which incrementally improves the quality of generated EEG features. This network can yield full-scale, fine-grained EEG features from the low-scale, coarse ones. Specially, to overcome the limitations of traditional generative models that fail to generate features tailored to individual patient characteristics, we developed an encoder with an effective approximating self-attention mechanism. This encoder not only automatically extracts relevant features across different patients but also reduces the computational resource consumption. Furthermore, the adversarial loss and reconstruction loss functions were redesigned to better align with the training characteristics of the network and the spatial correlations among electrodes. Extensive experimental results demonstrate that PCGAN-EASA provides the highest generation quality and the lowest computational resource usage compared to several existing approaches. Additionally, it significantly improves the accuracy of subsequent stroke classification tasks.
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1  Introduction

Stroke is a serious condition resulting from the sudden rupture or obstruction of brain vessels within a few hours, leading to high rates of mortality and disability. It is mainly categorized into two classes: ischemic stroke and hemorrhagic stroke, with ischemic stroke accounting for over 70% of cases [1–3]. Therefore, it is necessary to diagnose stroke early for the patient. Electroencephalography (EEG) is an effective solution which could capture the electrical interactions among brain cells, offering valuable insight into neuronal activity [4]. This signal pattern is non-invasive and cost-effective, providing abundant data on brain functions and diseases.

Researchers have adopted various machine learning methods for this type of medical signal to extract nonlinear and high-dimensional features, among which deep learning methods are particularly famous [5–7]. The deep features of the extensive data could contribute to a more comprehensive understanding and diagnosis of neurological conditions. Therefore, they not only improve stroke diagnosis and classification performance but also advance neuroscience research. However, the collection and preprocessing of EEG data are labor-intensive and time-consuming [8], which hinders the training data provision. Moreover, data sharing between hospitals is another obstacle for data supply. Thirdly, the low proportion of stroke patient EEG data will lead to an unbalanced dataset and a decline in the learning ability of the deep model. Therefore, these issues slow down the development of intelligent-driven aided diagnosis technologies and fail to reduce the workload of doctors effectively.

Over the past decades, several studies have explored methods to generate medical data. One common approach involves geometric transformations [9]. But it is important to note that these transformed EEG features may not be inherently compatible with the original ones, as they can alter the internal time domain characteristics. Another method introduces noise into the training data [10]. However, unlike images, this technique can amplify the noise in the EEG, leading to training instability. A third approach is oversampling the minority class. Yet, the data obtained by resampling is prone to overfitting.

Lately, Generative Adversarial Networks (GANs) have become increasingly more effective for medical data generation. This deep generative model is proposed by Goodfellow et al. [11], creates novel data by data sampling. Regarding data augmentation, some researchers have studied different GANs for biological signal [12]. Although these methods can compensate for the shortage of training data and reduce category imbalance, the generated quality still needs to be improved to support high diagnosis precision. Despite the recent success of attention architecture such as Transformer, which has improved the results of many generative tasks, its optimal configurations for the EEG domain and GANs have not been fully explored. Therefore, the shortcomings of these studies can be summarized as follows:

•   Existing literatures lack research on high quality EEG features generation.

•   The additional attention mechanism will increase the computational complexity of the deep model when the input feature dimensions increase.

•   Limited literatures are presented on the loss function design of across layers and EEG spatial domain.

To address these challenges, we present a progressive GAN framework with efficient approximating self-attention (PCGAN-EASA), designed to incrementally improve generation quality while reducing the overall computational intensity of the model. The primary novelties of this research are summarized as:

•   A dual-layer auto-encoding conditional GAN framework is proposed to enhance the representation capability of EEG features across different scales. This structure captures and generates features of stroke EEG from coarse to fine, producing high quality across different scales.

•   A lightweight linear effective attention module based on deep sampling approximation is employed in the encoding network. This module automatically extracts style constraint information from each patient’s features while simplifying the computational intensity.

•   In the design of the loss function, the cross-layer information is considered to compensate for the information degradation during the generation process. In addition, by introducing EEG spatial information reconstruction loss, the values at the electrodes are more natural and consistent.

2  Related Works

Unbalanced EEG data often result in overfitting and low prediction accuracy when predicting strokes. In recent years, deep generative models based on GAN have brought fresh perspectives for EEG data augmentation [13–15]. In one of the earliest studies, Abdelfattah et al. [16] utilized GANs to augment the limited EEG Motor imagery dataset, embedding a Recurrent Neural Network (RNN) into the discriminator to capture the time dependencies. Similarly, Pascual et al. [17] employed a GAN-based strategy to generate more realistic epilepsy EEG data, enabling the model to transform ictal seizure samples into comparatively refined signals. To elevate the quality of the generated EEG, Kadri et al. [18] utilized an adapted form of the Deep Convolutional Generative Adversarial Networks (DCGAN) architecture, where fully connected layers and techniques such as batch normalization contributed to generating more realistic Alzheimer’s EEG signals. In another study [19], Fahimi et al. adopted the DCGAN framework for brain-computer interface tasks, producing EEG signals that closely resemble the original signals in both features and style.

As GANs have advanced, researchers have increasingly focused on the diversity of generated data styles. One approach is the use of conditional GANs. Zhang et al. [20] used this model to create subject-specific EEG features. Another effective technique is the Wasserstein GAN (WGAN). To address the issue of mode collapse, Bouallegue et al. [21] applied WGAN to gain the classification accuracy of autistic patients by enhancing training datasets. Similarly, Luo et al. [22] introduced the Wasserstein distance GAN (WGAN) with a loss function that integrates spatial and temporal information to reconstruct motor-related EEG data. The EEG data generated by this network significantly improved subsequent classification tasks. Furthermore, to generate high-quality multi-channel EEG data, Panwar et al. [23] employed the Wasserstein GAN with Gradient Penalty (WGAN-GP) architecture with a gradient penalty for data augmentation in affective EEG. Additionally, Zheng et al. [24] introduced three data augmentation techniques rooted in generative approaches to address data scarcity in EEG emotion identification. These methods, namely cWGAN (Conditional Wasserstein GAN), sVAE (Selective VAE), and sWGAN (Selective WGAN), demonstrated superior performance compared to alternatives like cVAE (Conditional VAE) and rotational data augmentation. However, these models need more network layers, which complicates the generation of high-quality EEG signals. Increasing the number of layers in each part of GANs can lead to training instability [25] and produce negligible results.

In recent years, integrating self-attention mechanisms into GAN networks has emerged as an effective approach for enhancing the generation of features with long-distance dependencies [26–28]. Concerning image generation, Tang et al. [29] incorporated a position-aware attention module into the GAN generator to amplify high-frequency features. Similarly, Kuo et al. [30] utilized the self-attention GAN model (SAGAN) to produce more detailed insomnia EEG data samples, significantly improving sleep assessment classification accuracy. In the area of EEG denoising, Yin et al. [31] achieved better performance on error-related metrics by incorporating both Transformer and CNN structures into the GAN generator, capturing both global and local correlations in EEG signals. However, these approaches face the challenge of rapidly increasing module parameters and computational load with growing input dimensions, adding burden to the model.

3  Methodology

3.1 PCGAN-EASA Architecture Design

To improve the quality of synthetic EEG features, this study presents a progressive data generation framework named PCGAN-EASA. The architecture of PCGAN-EASA is shown in Fig. 1. This model comprises a dual-layer generative network similar to CGAN [32]. However, it differs in that it does not require a real patient labelfor conditional mode information. Instead, the characteristics of each patient are autonomously extracted via an encoding module. The generating process of the PCGAN-EASA can be split into two main steps, each step contains three sub-steps. We will detail it as follows:
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Figure 1: Overview of the PCGAN-EASA method

Step 1: Generation of Skeleton EEG Feature Data.

The first step involves parts E1, G1 and D1. They are primarily responsible for generating preliminary stroke feature vectors.

Sub-step 1: Case-specific conditional feature extraction. The EASA encoder E1 transforms the stroke EEG features x into a compressed conditional feature vector h1, adding extra constraint information to the generator G1.

Sub-step 2: Generation of fake features. The generator G1 takes the conditional vector h1 and random noise u1 as input, to produce a low-resolution latent feature l^1.

Sub-step 3: Discrimination of sample authenticity. The discriminator D1 compares l^1 with the genuine feature vectors x and provides feedback to the G1 on the authenticity of the fake samples, thereby improving the generation refinement.

Step 2: Improvement of Generated Stroke Data.

This step uses components E2, G2 and D2 with three sub-steps similar to those in the first step. The differences are: In Sub-step 1, the ESEA encoder E2 continues to input the feature vector h1 from the previous step to learn higher-level abstract features h2. In Sub-step 2, the generator G2 uses the latent features l^1 generated in the first step, along with random noise u2 to jointly produce the high quantity samples l^2.

3.2 PCGAN-EASA Architecture Design

The PCGAN-EASA model employs two encoders to extract latent style features that closely match the minority class distribution. The extracted conditional vector is smoother and more continuous than traditional one-hot encoding. The construction of the EASA encoder is shown in Fig. 2.
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Figure 2: The architecture of the EASA encoder

The embedding layer firstly maps the minority class sample x into a codable vector xe with dimension dm, and the positional encoding layer constructs a fixed-length position vector for each element of x, providing efficient positional information for the linearly efficient self-attention mechanism [33]. The positional encoding formula is expressed as follows:

PE(i)={sin⁡(pos100002i/dm),ifi=2kcos⁡(pos100002i+1/dm),ifi=2k+1(1)

In the formula, pos is the position number, the dimension of the embedding vector is dm, and i is the vector position.

Next, the vector xe is passed through the EASA encoder. The core structure of EASA is inspired by the Transformer self-attention mechanism [34], where each vector is split into three components: the query vector Q, key vector K, and value vector V, Q, K and V are obtained by passing xe through a linear layer, and the efficient approximating self-attention mechanism (EASA) is used to calculate the sample similarity, resulting in an attention matrix xA.

xA=EASA(Q,K,V)(2)

Next, we apply a residual connection and layer normalization for xA. The residual connection facilitates easier training of the encoder and enhances the generator’s performance. Layer normalization further stabilizes the input distribution and improves the model’s training convergence by learning parameters. Finally, a one-dimensional max pooling is used to generate the conditional latent features h1.

3.2.1 Efficient Approximating Self-Attention Mechanism

This section elaborates on the Efficient Approximating Self-Attention mechanism. Traditional attention models divide input features into multiple groups, calculate the weight for each group, and average these weights to synthesize an aggregate feature representation. Scaled Dot-Product Attention (SDA) is a well-known implementation of this technique, as detailed in the Reference [35]. SDA calculates the similarity between pairs of feature vectors using the dot product, then uses this similarity as the weight for averaging. The fundamental formula is presented as (3).

SDAatt(Q,K,V)=softmax(QKTdk)V

qi=ωqTxi,ki=ωkTxi,vi=ωvTxi(3)

In Eq. (3), the extent of the series x is denoted as N. The dimensions of vectors Q, K and V are n×dq, n×dk, n×dv, respectively, and the Q={qi},K={ki},V={vi} is derived from xe through a linear layer. A softmax normalization is then applied across both rows and columns. From this equation, it is clear that the computational complexity of SDAatt(Q,K,V) is O(dkN2), which increases rapidly with growing input dimensions x.

By incorporating the explicit equation of the softmax function into Eq. (3), we can reformulate the equation as follows:

SDAatt(Q,K,V)=∑j=1neqiTkjvj∑j=1neqiTkj(4)

Here, the term eqiTkj represents the nonlinear transformation of q and k within a kernel function space.

We aim to improve SDA by introducing an Efficient Approximating Self-Attention Mechanism (EASA), which reduces computational complexity to O(N), and enhances performance in experimental validations. The process of the EASA module is shown in Fig. 3. Next, we derive the equivalence between EASA and SDA.
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Figure 3: Illustration of the efficient approximating self-attention (EASA) mechanism

Initially, the EASA module adopts the Nyström approximation concept. The classic Nyström approximation algorithm [36] commonly treats the term eqiTkj as a unified matrix Ms, which is then segmented into blocks as follows:

Ms=[AsBsTBsCs](5)

In the formula, the As is the landmark submatrix obtained by randomly sampling each row and column from Ms.

Then matrix Ms will then be Nyström decomposed:

Ms=[AsBsTBsCs]=[AsBsT]A†[AsBs](6)

In the equation, A† represents the Moore-Penrose pseudoinverse of matrix As.

Based on this decomposition approach, to ensure that the dimensions of the decomposed Q⋅KT during the softmax operation align with the block matrix Ms, we first sample the input vectors Q and K. That is, m rows are chosen from the n rows to serve as the landmark matrices. This process is detailed as follows:

Q^=FC(Q),K^=FC(K)(7)

In the expression, FC stands for a fully connection process. The acquisition of the landmark matrix Q^ and K^ in the standard Nyström method typically involves random selection of m elements across each row and column of the matrix Q and K. However, the similarity between the sampled matrix and the original matrix generally depends on the value of m. To avoid potential issues with random sampling, an alternative strategy is adopted. The vectors are first processed through a fully connected layer with an input dimension of n and an output dimension of m. Subsequently, a regularized dropout layer is applied to the network to reduce the risk of overfitting.

According to the block matrix Ms, the attention matrix EASA(Q,K,V) is then rewritten as:

EASA(Q,K,V)=softmax(QK^Tdk)softmax(Q^K^Tdk)†softmax(Q^KTdk)(8)

To compute the Moore-Penrose pseudoinverse † in Eq. (8), singular value decomposition (SVD) is typically employed. However, due to the high GPU resource consumption required by SVD, we utilize an iterative Chebyshev method [37] as an approximation. This method is represented by the following formula:

Pk+1=Pk(3I−APk(3I−APk))(9)

Subsequently, we will prove that Pk will ultimately converge to the pseudoinverse of Am×m.

Theorem 1. For the matrix A∈Rm×m, the series {A}j=0j=∞ generated by the iterative method Pk+1=Pk(3I−APk(3I−APk)) will converge to the Moore-Penrose pseudoinverse with the third order convergence, given that the initial approximation P0 satisfies condition ||AA†−AP0||<1.

Proof of Theorem 1.

For any non-singular matrix P0 with dimension n×n, we can select P0=AT||A||1||A||∞ as the initial approximation matrix:

||A||1=maxj{∑i=1n|aij|} and ||A||∞=maxi{∑j=1n|aij|}(10)

Subsequently, the difference ||E0||=||AA†−AP0|| can be directly obtained:

||E0||=||AA†−AP0||=||I−AP0||<1(11)

Subsequently, the k+1 difference term ||Ek+1|| can be derived as:

||Ek+1||=||I−APk+1||=I−A[Pk(3I−APk(3I−APk))]=I−APk[3I−3APk+(APk)2]=(I−APk)3=(Ek)3(12)

Because ||E0||<1:

||Ek+1||≤||Ek||3≤⋯≤||E0||3k+1→0, ask→∞(13)

Finally, the proof is completed.

By approximating softmax(Q^K^Tdk)† with P∗, the Nyström based approximation of the attention mechanism can be expressed as follows:

EASA(Q,K,V)=softmax(QK^Tdk)P∗softmax(Q^KTdk)(14)

We will now analyze the time complexity of the EASA mechanism. The algorithm’s total complexity primarily includes the computation of the pseudoinverse and matrix multiplication. The peak complexity for the iterative approximation of the Moore-Penrose pseudoinverse is O(m3), and the complexity of the other multiplication term in Eq. (14) is O(nm2+2mn). So the time complexity of the EASA is O(nm2+2mn+m3).

Apart from the EASA attention module, the computations in PCGAN-EASA model occur in fully connected and convolutional layers. For the i-th fully connected layer, it is assumed that the size of the input features is n, and each layer’s dimension is di. So the complexity for the fully connected layer is:

O(Ful)=∑i=1IO(n×di)(15)

For the j-th convolutional layer, with a kernel size of kj×kj, an input channel of cinj and an output channel of coutj, the complexity for the convolutional layer is:

O(Con)=∑j=1JO(hj×n×cinj×coutj×kj2)(16)

Finally, the time complexity of the PCGAN-EASA is:

O(PCGAN−EASA)=O(nm2+2mn+m3)+∑i=1IO(ndi)+∑j=1JO(hjncinjcoutjkj2)(17)

3.3 Loss Function Design

The loss function for the PCGAN-EASA model LTotal is bifurcated into adversarial loss La and reconstruction loss Lr, presented compositely in Eq. (18):

LTotal=La+Lr=λ1La(G1,D1)+λ2La(G2,D2|G1)+λ3Lr(G1)+λ4Lr(G2|G1)(18)

In this equation, λ1, λ2, λ3 and λ4 are the weighting coefficients.

The adversarial loss part La represents the alternating training between the two GAN components, where the generator creates EEG features that mimic the real data distribution, and the discriminator D attempts to distinguish the generated samples. Thus, the adversarial loss function La is an optimization formula, as expressed in Eq. (19):

minGmaxDLa(D,G)=minGmaxD{Ex∼Pdata(x)[log⁡D(x)]+Ez∼pt(T)[log⁡(1−D(G(t)))]}(19)

Here, x symbolizes the authentic EEG feature signal while t denotes a random noise with Gaussian distribution pt. The adversarial training in PCGAN-EASA spans the entire two-stage process. In the front stage, the generator G1 and discriminator D1 interact using the random variable u and conditional vector h1 to refine the hidden layer features l^1 towards the real feature x. Consequently, the adversarial loss function La(G1,D1) is divided into discriminator and generator components, as indicated in Eq. (20):

LD1=maxD1E(x,h1)∼pdata[log⁡D1(x|h1)]+Et∼pT(t)[log⁡(1−D1(G1(t|h1)))]

LG1=minG1Eu∼pT(t)[log⁡(1−D1(G1(t|h1)))]=minG1Et∼pT(t)[−log⁡D1(G1(t|h1))](20)

In the second step, the coarse-grained stroke features x^ are further refined with the condition vector h2 and the hidden layer features l^1, leading to an adversarial loss function La(G2,D2|G1), that can be similarly expressed in Eq. (21):

LD2=maxD2E(l^1,h2)∼pdata[log⁡D2(x|x^)]+Et∼pT(t)[log⁡(1−D2(G2(t|l^1,h2)))]

LG2=minG2Eu∼pT(t)[−log⁡D2(G2(t|l^1,h2))](21)

Moreover, to enhance the detail in the EEG feature generation, a reconstruction loss term Lr is also included. First, we introduce and modify the Charbonnier loss function, whose standard formula [38] is as follows:

LCha=1N∑s=1N(x^s−xs)2+ε2(22)

where x^s represents the reconstructed features, xs stands for the label features, and ε is a small constant typically set to 1×10−3.

Given the inherent correlation among EEG signals from adjacent electrodes, we divide the generated and real data within the training batch into four segments to calculate the Pearson correlation coefficient. Four segments were found to be optimal through experimentation. The improved Charbonnier loss function is then obtained as follows:

LPCha=14∑s=03(1−ρ(L^s,Xs))+ε2

L^s={l^s⋅N4+1,l^s⋅N4+2,⋯,l^s⋅N4+N4}s=0,1,2,3

Xs={xs⋅N4+1,xs⋅N4+2,⋯,xs⋅N4+N4}s=0,1,2,3(23)

where ρ denotes the operation of computing the Pearson correlation coefficient.

Additionally, to ensure smoother generated feature signals, we combine the modified Charbonnier loss with the MSE loss function, and describe the reconstruction part Lr under the generators G1 and G2 in the following mixed form:

Lr(G1)=LMSE(G1)+LPCha(G1)=1N∑i=1N(l^i−xi)2+14∑s=03(1−ρ(L^s,Xs))+ε2

Lr(G2|G1)=LMSE(G2|G1)+LPCha(G2|G1)=1N∑i=1N(x^i−xi)2+14∑s=03(1−ρ(X^s,Xs))+ε2(24)

Here, N denotes the batch size, li^ and x^i are the reconstruction vectors from generators G1 and G2, and xi represents the authentic input vectors. Furthermore, the pseudocode for the PCGAN-EASA can be summarized as follows:
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4  Results

The validation of the PCGAN-EASA model involved two primary stages. First, during the ablation study phase, we fine-tuned the EASA layers number in the encoder to determine the optimal structural configuration. Following this, the efficacy of the EASA encoder was benchmarked against other established attention mechanisms, highlighting its unique advantages and efficiency. To address the issue of data insufficiency, particularly in minority stroke case classification tasks, we employed a multi-faceted evaluation approach. This approach included generating additional training instances using various generative adversarial network (GAN) architectures and testing with different quantities and proportions of synthetic data to assess performance improvement after data augmentation comprehensively.

4.1 Dataset and Preprocessing

The study utilized the EEG data collected from the Neurology Department of Shanxi Provincial People’s Hospital, China. There are 204 participants, with 106 males and 98 females, aged between 29 and 73 years old.

Under the supervision of the ethics committee, the data were utterly anonymized before training. All participants were informed about the purpose and scope of data usage, and the synthetic data were only used for the diagnosing the stroke-related diseases. During the recording, the psychological states of the participants were closely paid attention to avoid any potential negative impacts.

All participants initially lay supine in a quiet room. After a 5-min relaxation, which established a baseline EEG, the participants were instructed to close their eyes for a 10-min recording. Every 3 min, they were asked to open their eyes and rest for 20 s to maintain focus. Each participant was recorded for at least half an hour.

The EEG signals were sampled at a frequency of 500 Hz using 20 electrodes. The original data was divided into multiple 60-s segments, resulting in a total of 4444 samples, with 1034 from acute ischemic stroke patients and 3410 from healthy individuals. The dataset had a degree of imbalance of 1:3.3. To enhance the quality of the EEG samples, several preprocessing methods were applied, including electrode localization, noise reduction, and artifact removal. Differential entropy features were extracted from the δ, θ, α, and β frequency bands, resulting in a feature dimension of 80 for each sample.

4.2 Analytical Metrics

To comprehensively evaluate the quality of the synthetic EEG features, we employed five metrics: Mean Correlation Coefficient (MCC), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity Index Measure (SSIM) [39]. Additionally, the model’s complexity and memory demands were quantified using the number of parameters (Params) and Floating Point Operations Per Second (FLOPs) [40]. For assessing the performance of subsequent stroke classification tasks, a series of evaluation metrics were used, including Accuracy (Acc), Sensitivity (Se), Specificity (Sp), F1 score (F1), and Geometric Mean (G-mean, Gm).

4.3 Experimental Environment and Parameter Configuration

During the PCGAN-EASA training process, the dataset was divided into training, validation, and testing sets in a ratio of 8:1:1. The Nadam optimizer was used for parameter updates, with a learning rate of 0.0001. Training was conducted with a batch size of 64 over 200 epochs.

The hardware configuration for the experiment included a computer with a 3.6 GHz Intel 12700 K processor, 32 GB of memory, and a GeForce RTX 3090 graphics card. The software environment consisted of Windows 10 OS, with Python 3.8 and TensorFlow used for model development. To ensure consistency in the results, each experimental method was executed five times, and the average outcome of these repetitions was recorded as the final result.

4.4 Experimental Results

4.4.1 The Layers Number in EASA Encoding

In the PCGAN-EASA architecture, the encoder plays a crucial role in capturing the case-specific style from the input EEG data. The depth of the EASA affects the complexity and detail of the information it captures. Therefore, the study focused on the impact of varying the number of EASA layers in the encoder on the quality of synthetic EEG features. The number of layers was adjusted from 1 to 5, and the results of these adjustments are quantitatively presented in Table 1.
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It was observed that the metrics for feature generation consistently improved as the number of EASA layers increased from one. The optimal generation quality was achieved with a three-layer EASA, where MCC and SSIM peaked at 91.64 and 91.26, respectively. However, further increasing the number of layers resulted in a noticeable decline in the quality of EEG feature generation. This decline is attributed to overfitting, which arises from the increased complexity and computational cost of the model. In summary, appropriately selecting the number of attention encoding layers increases PCGAN-EASA’s learning and representation capabilities, allowing it to extract more representative style information from EEG features. This style of information, through the interaction between the generator and discriminator, helps make the generated EEG features more realistic.

4.4.2 Comparison of Experimental Results Generated by Different Encoders

To further examine the competence of the EASA module, we compared it against the lightweight deep neural network structure MobileNet, the Transformer module incorporating conventional Self-Dot Attention (SDA), and the Linformer module, which implements lightweight, low-rank factorized self-attention. The evaluation metrics included the previously mentioned generation quality indicators, as well as the number of Params and FLOPs of the overall model under different modules to assess computational efficiency. The results, presented in Table 2, show that incorporating attention mechanism modules significantly improved the similarity index of generation effects. Notably, the model with the EASA module achieved an average improvement of approximately 6% over the Transformer and Linformer modules, yielding the best generative performance. Additionally, the EASA module demonstrated a similar trend in improving computational efficiency. For example, the total number of network parameters with EASA is only 48% and 85% of those with SDA and Linformer, respectively, and the computational performance improved by at least 10% compared to the Transformer and Linformer modules.
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To further validate the computational efficiency gains provided by the EASA module, we compared the training times across generative models that utilized various encoding modules, under increasing dimensions of EEG feature inputs, ranging from a single δ band feature to all four bands: δ, θ, α and β. As depicted in Fig. 4, a clear pattern emerged: training times inevitably increased with the rise in input feature dimensions. Notably, the model equipped with the EASA module exhibited the most gradual increase in training times, outperforming both Linformer and MobileNet. In contrast, the Transformer-encoded model showed the most rapid increase in training time. This demonstrates that the EASA module has a distinct advantage in reducing computational demands. However, the EASA’s training time is close to Linformer. It does not show a significant advantage, which may be due to the low-rank approximation matrix introduced by Linformer, reducing the algorithm’s complexity to O(n).

[image: images]

Figure 4: The training time of each encoder with EEG feature dimensions increasing

In Fig. 5, the data from Table 2 is visually represented. The first column of images displays topographic maps illustrating the differential entropy characteristics of EEG across four frequency bands for a stroke patient. The subsequent columns, from the second to the fifth, sequentially show the EEG topographic feature maps generated by the PCGAN-EASA network architecture after integrating various encoding modules. Comparative analysis reveals that without the attention mechanism—specifically when using only MobileNet—there are significant deviations in feature values across multiple frequency bands compared to the original images, particularly in the theta and beta frequency bands. Although integrating attention mechanisms like Transformer and Linformer resulted in feature maps that more closely resemble the original data, considerable differences in feature values remain in certain brain regions, which may adversely affect the accuracy of subsequent disease diagnosis by classifiers. Among all comparisons, the proposed EASA module demonstrated the highest similarity in feature values to the original data across different electrode positions and frequency bands. This indicates a more authentic and natural enhancement effect, further confirming the EASA module’s superior performance in capturing the details of EEG features.
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Figure 5: Visualization of EEG feature generation across four frequency bands by different encoding modules

4.4.3 Comparison of Generative Models for Stroke Classification Effectiveness

To quantitatively evaluate the impact of the PCGAN-EASA generative model on enhancing stroke classification efficiency, this study employed a five-fold cross-validation strategy to partition the initial dataset. We utilized a range of standard Generative Adversarial Networks, including DCGAN [41], WGAN [42], E-WACGAN [43], SA-GAN [28], Transformer-CGAN, and PCGAN-EASA, to augment an imbalanced EEG dataset. Subsequently, for the balanced training sets after augmentation, a CNN was used as the classifier. The performance of each model is presented in Table 3. It is clear from the table that PCGAN-EASA outperformed the others in overall performanceh assessment, followed by SA-CGAN. Comparatively, WGAN’s performance in data enhancement was not as strong as DCGAN’s, but E-WACGAN demonstrated higher sample quality and model robustness due to its improved loss function. Notably, PCGAN-EASA achieved optimal results in sensitivity, geometric mean, and F1 score, with values of 97.79%, 98.04%, and 97.91%, respectively. These results reflect its significant impact on increasing sample diversity and enhancing the quality of minority class samples. PCGAN-EASA was not only successful in generating high-quality minority class samples but also achieved 98.59% accuracy and 97.82% specificity, fully demonstrating its ability to improve the classifier’s efficacy. Of course, in the stroke EEG samples, a few training samples are inherently very similar to normal EEG features, or the deep features extracted by EASA are not enough, even after applying data augmentation. This increases the risk of undetected stroke patients.

[image: images]

4.4.4 Influence of Different Ratios of Generated Data on Stroke Classification

Fig. 6 illustrates the performance of stroke classification when the training set is mixed with varying proportions of synthetic samples. The results show that as the proportion of synthetic stroke data increases, all classifiers exhibit improved ability to identify EEG signals. The most significant prediction performance is observed when synthetic data comprises 70% of the total training set. However, when the proportion of synthetic samples becomes excessively high, the data distribution of the training set can become skewed, leading to overfitting to the artificial samples and ultimately impairing the accuracy of real data classification.

[image: images]

Figure 6: Comparison of training times for each encoder across different feature dimensions

5  Discussion

In general, the proposed GANs augmentation algorithm for feature datasets has played a significant role in improving the imbalance in stroke datasets.

From the perspective of advantages, based on the experimental results, this algorithm has effectively alleviated the problem of stroke data scarcity in deep diagnostic model, providing the possibility for independent deployment in other hospitals. Meanwhile, with the reduced training time and computational resources, the hardware configuration pressure on future service providers will also decrease, which is conducive to providing more cost-effective solutions. Thirdly, using the automatic patient feature extraction module may also inspire a future controlled generation of case signals in other GAN architectures.

In terms of disadvantages, although the PCGAN-EASA can effectively increase accuracy, the diagnostic efficiency is still insufficient because neurologists or radiologists in actual diagnostics need to face multiple possible disease types simultaneously. If the models for all the disease types have to be stored, it would increase the storage space and computation time. Recently proposed general-purpose large models [44] may be one of the effective means to solve these problems. Additionally, although the generative effects of GAN models are relatively sound, the complexity of the training process leads to decreased training stability, making the model prone to issues such as mode collapse and gradient vanishing. Therefore, it is necessary to explore methods such as Wasserstein loss functions [45] or automated architecture search [46] in future research to make adjustments.

6  Conclusions

In response to the challenges faced by deep generative models in generating high-quality stroke EEG signals while managing computational resource consumption, this study introduces a novel feature augmentation technique based on an efficient attention mechanism. The model refines the EEG feature generation process by constructing a progressive conditional generative network, addressing the instability issues commonly encountered in traditional deep network training. During the model’s encoding phase, an efficient approximating self-attention mechanism based on Nyström approximation is introduced, enabling deeper extraction of case-specific information from stroke EEG features while reducing the computational resources typically required by traditional scaled dot-product attention mechanisms. PCGAN-EASA outperforms traditional generative models across various evaluation metrics, demonstrating its effectiveness in refining EEG signal feature generation and enhancing the accuracy of stroke patient classification.

Future research will focus on addressing the challenges posed by imbalanced stroke EEG data with multiple categories and limited samples per category. Developing deep neural network models that can more effectively extract features from EEG signals will be central to this research. Additionally, integrating other modalities, such as image data, with EEG signal features to improve sample generation quality is a key direction for future efforts. Furthermore, these methodologies could be extended to super-resolution generation of EEG signals, semi-supervised learning, and domain adaptation, offering significant potential for related applications.
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Table 1: The effect of different layers of encoding in EASA on the generation performance

Numbers of layer MCC/% RMSE MAE PSNR SSIM/%

1 86.31 0.3071 0.2513 62.09 88.68
2 89.93 0.2604 0.2111 63.65 88.37
3 91.64 0.2464 0.1909 65.48 91.26
4 87.41 0.3348 0.2626 62.77 87.15
5 75.76 0.5156 0.4395 59.82 64.17
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Table 3: Evaluating the stroke classification performance across different generative models

Methods Accl% Se/% Gm/% F1/% Sp/%
DCGAN 86.99 64.51 77.76 69.76 93.81
WGAN 85.89 62.00 75.94 67.09 93.13
E-WACGAN 90.73 71.38 83.00 78.13 96.60
SA-GAN 93.31 87.56 91.29 89.53 95.07
Transformer-CGAN 95.26 95.45 94.91 93.64 96.15

PCGAN-EASA 98.59 97.79 98.04 97.91 97.82
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Algorithm 1: The PCGAN-EASA algorithm

Input: Actual stroke EEG features x; random noise u,, u,
Output: Fake stroke EEG features /,;

1: for epoch=0 do

2. for number of discriminator iterations do

3 Fetch m samples from real EEG feature distribution p.;
4 Fetch m samples from synthetic feature /,, /;

5 Compute discriminator loss Ly, Ls;

6: Update discriminator parameters;

7. end

8: for number of generator iterations do

9: Fetch m samples from real EEG feature distribution p,,.,;
10: Compute conditional features 4,, h,;

11: Fetch m samples from noise distribution p,;

12: Update generator by L and Lg,;

13:  end

14: end
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Table 2: Comparison of the generation effects of different encoding modules in PCGAN-EASA

Encoding module MCC/% RMSE MAE PSNR SSIM/% Params FLOPs
+MobileNet 50.67 0.9097  0.9281 29.56  34.51 17M 30G
+Transformer 74.21 0.3415 0.3071 6047  72.24 23 M 48G
+Linformer 85.58 0.2924 0.2542 6199  75.56 14M 22G
+EASA 91.64 0.2464 0.1909 6548 91.26 1M 1.8G
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