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The diagnosis and management of sleep problems depend heavily on sleep staging. For autonomous sleep staging, many data-driven deep learning models have been presented by trying to construct a large-labeled auxiliary sleep dataset and test it by electroencephalograms on different subjects. These approaches suffer a significant setback cause it assumes the training and test data come from the same or similar distribution. However, this is almost impossible in scenario cross-dataset due to inherent domain shift between domains. Unsupervised domain adaption was recently created to address the domain shift issue. However, only a few customized UDA solutions for sleep staging due to two limitations in previous UDA methods. First, the domain classifier does not consider boundaries between classes. Second, they depend on a shared model to align the domain that could miss the information of domains when extracting features. Given those restrictions, we present a novel UDA approach that combines category decision boundaries and domain discriminator to align the distributions of source and target domains. Also, to keep the domain-specific features, we create an unshared attention method. In addition, we investigated effective data augmentation in cross-dataset sleep scenarios. The experimental results on three datasets validate the efficacy of our approach and show that the proposed method is superior to state-of-the-art UDA methods on accuracy and MF1-Score.
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1. Introduction

Sleep appears indispensable in all mammals, and many studies try to unravel the regularity of sleep (Harding et al., 2019; Peng et al., 2020; Bowles et al., 2022). People have been working on this research in the past decade, among which sleep staging has significantly progressed. Sleep staging contributes to detecting sleep disorders, which are usually collected through noninvasive brain-computer interface devices. It keeps track of cerebral cortex activity using a polysomnogram (PSG), a collection of bio-signals including an electrocardiogram (EEG), electromyogram, and an electroencephalogram. According to the American Sleep Society (AASM) (Iber et al., 2007), sleep is divided into three stages: wake (W), rapid eye movement (REM), and non-rapid eye movement (NREM), and N1, N2, and N3 are the three substages of NREM. In the clinical setting, expert clinicians mainly interpret manually for sleep records. It takes a lot of time and effort for professionals to check, segment, and classify each segment 8–24 h multichannel signals into continuous, fixed-length periods of 30 seconds' epoch.

In recent years, the sleep staging problem has benefited from improvements in machine learning methods (Supratak et al., 2017; Sors et al., 2018; Phan et al., 2019a; Sun et al., 2019), which processed EEG data using various network topologies and properly trained classification models to function effectively in testing. Those methods aim at automating the tedious process. However, many sleep laboratories still rely on the manual scoring of EEG data. There are two main reasons: First, automated sleep staging algorithms still require a large number of labeled data to train the models, which needs to be done manually by sleep technicians or expert clinicians. In this context, attempting to train a deep network on a large labeled source domain and transfer it to the target domain is a good compromise. Yet, this method gives lower performances than expected, which is the second question. The data produced in sleep labs and the publicly available training data differ significantly (Nasiri and Clifford, 2020; Phan et al., 2020a). It can happen for several reasons, including various measuring sites on the skull, different sampling rates of measuring instruments (Azab et al., 2018), or inherent variability between subjects. The training (source) and the test (target) distributions are different, referred to as a domain shift problem.

Unsupervised domain adaptation (UDA) (Ganin and Lempitsky, 2015) has lately shown great potential in enhancing deep learning models when labeled data is scarce. It can solve the two problems above simultaneously. Firstly, it does not need mass-labeled data cause it transfers knowledge from the domain source with rich labels to the target domain with imperfect labels. Secondly, it solves the problem of distribution differences between source and target domains by aligning the distribution of source features and targets. From Figure 1, UDA uses both the labeled source domain and the unlabeled target domain to train the model to perform well on both the source and target domains. UDA is widely used in machine vision (Wang and Deng, 2018) to reduce the discrepancy between the source and the target distributions without utilizing any labels from the target domain. Some research has examined UDA's role in classifying sleep stages thus far. For instance, Chambon et al. (2018) improved the feature transferability between source and target domains using the best transport domain adaptation. Besides, Nasiri and Clifford (2020) used adversarial-based domain adaptation to increase feature transferability.


[image: Figure 1]
FIGURE 1
 Domain adversarial neural networks.


In UDA, a domain classifier (also known as a discriminator) and a feature generator are used as two players to align allocations in an adversarial way. However, applying these methods to automatic sleep staging continues to have the following drawbacks. First, they disregard the connection between the decision border and the target samples when aligning distributions. In other words, the main task of the generator is to match the distribution between the source and the target. This theory assumes that the classifier can correctly classify these target features because they are consistent with the source samples. So, they do not consider the relationship between the target sample and the decision boundary for distribution alignment. As shown on the right in Figure 1, because the generator is only attempting to make the two distributions close rather than the categorization boundary, it can yield ambiguous features close to the boundary. Secondly, they rely entirely on a common frame to extract features from the source and target domains. This could result in the loss of source and target domain-specific features, which is detrimental to classification tasks in the target domain.

To overcome the challenges above, this article presents a novel framework named Task-Domain Specific Adversarial Network (TDSAN), composed of a feature generator, a domain discriminator, and a dual classifier. It aims to align feature distributions from the source and target domains by combining the classifier's output for the target data and the domain discriminator's output for the domain identifier. Second, we create a domain-specific attention module to maintain source and target-specific features.

Specifically, we train a domain discriminator to predict the input domain and a dual classifier to predict task-specific class labels. We use domain pseudo-labels (i.e., source domain as “1” and target domain as “0”) as input. The domain discriminator is trained until it cannot distinguish between the distributions of its training and test domain examples. At the same time, the dual classifier is used to correctly classify the source samples while being trained to find target samples that are located far from the source of support. Because they are not grouped into any classes, samples far from the support do not have traits that can be used to differentiate between them. That is to say. While considering the classifier's output to the target samples, it is instructed to produce desired features close to the support points simultaneously. Therefore, our approach uses a domain discriminator to distinguish the features between samples drawn from the source domain and drawn from the target domain by predicting the domain label and a dual classifier to generate the discriminative features of the target sample because it considers how the decision boundary and the target data relate, and training is adversarial. Additionally, we use domain-specific attention to clean up the extracted features so that each domain keeps its essential characteristics.

The contributions of our paper are summarized as follows: a novel cross-dataset sleep classification framework is proposed that simultaneously changes the categorization boundaries between classes and the conditional distribution between domains. The algorithm adopts a non-shared attention module to keep critical features during adaptation, thereby improving adversarial performance on the target domain. Aiming at the data imbalance in sleep staging, we applied data augment to effectively improve the impact of sample skew on the classification network. Numerous tests show that our TDSAN delivers more excellent cross-domain sleep stage classification performance compared to cutting-edge UDA techniques.

The rest of this paper is organized as follows. Section 2 introduces related work of EEG sleep classification on domain adaptation and describes the proposed model. In Section 3, the experimental results are presented and debated. Section 4 concludes this study.



2. Materials and methods


2.1. Related work

The use of single-channel EEG for automated sleep staging has received much attention in the literature. Specifically, deep learning-based techniques (Sors et al., 2018; Kuo and Chen, 2020; Fan et al., 2021; Lee et al., 2021) have made significant progress. These approaches create various network structures to extract characteristics from EEG data and capture temporal dependencies. However, these methods often require enough labeled data to train networks with thousands of parameters. Furthermore, all the above scenarios assume that the training and test data distribution is the same or very comparable, which frequently is not the case because different psychological states or complex equipment noise may cause changes in data distribution. Although these methods have been successful in dealing with complex EEG data, they have limited results in sleep stage classification across domains (Wu et al., 2020) (e.g., cross-datasets and cross-devices) because of domain shift. As a result, numerous studies were told to use transfer learning techniques to address this problem.

There have been a few studies investigating the problem of individual sleep staging using transfer learning (Mikkelsen and De Vos, 2018; Phan et al., 2020b) to increase the specific subject's classification accuracy within a similar dataset. They exclude two nights of test subjects for datasets with two nights of recordings per subject and pretrain the model. Then, the data from the other night is used for evaluation, while the data from the first night is used to fine-tune the model.

The cross-dataset scenario, which involves training a model on data from one dataset and evaluating it on another dataset, has yet to receive much attention. Using a sizable source dataset and another labeled but small target dataset, Phan et al. (2020a) investigated the problem of data variability. Abou Jaoude et al. (2020) also applied a similar transfer learning strategy for extended scalp EEG recordings. They used the larger source dataset to train their model and the smaller target dataset to refine it. Similar to the problem scenario, Phan et al. (2019b) proposed using deep transfer learning to overcome the channel mismatch between the two domains. Abdollahpour et al. (2020) also used this idea to predict sleep staging on fused features on pretrained models. Guillot and Thorey (2021) composed eight heterogeneous sleep staging datasets into a large corpus, which solved the problem of incompatible input data shapes on tasks across datasets and improved the classification accuracy in the target domain. Moreover, even though some studies were not focused on sleep staging, they classify EEG/EMG for fatigue or motor image research and provide some practical examples. For example, Soroushmojdehi et al. (2022) proposes a subject-transfer framework. It uses the information learned from other subjects to make up for the data from the target subject. This article is about a study of hand movement intention identification based on EMG signals. Perry Fordson et al. (2022) also propose a domain adaptation method. It tries to individually treat features from auditory and visual brain regions, which successfully tackles subject-to-subject variations.

Both a labeled target dataset and a sizable corpus of source datasets are necessary for these techniques to fine-tune their models. To solve these problems, UDA strategies that align the traits from several domains with a few annotation data were presented. These methods can be classified as discrepancy-based approaches and adversarial-based approaches. Discrepancy-based methods, such as Maximum Mean Difference (MMD) (Long et al., 2015, 2016) and Correlation Alignment (CORAL) (Sun et al., 2016), strive to reduce the distance measured between the source and target distributions. On the other hand, adversarial-based methods are like Generative Adversarial Networks (GAN) (Goodfellow et al., 2014). This approach trains a domain classifier to predict the input domain and a class classifier to predict task-specific class labels. Both classifiers share the feature extraction layer. The two layers are trained to predict the labels of the source samples correctly as well as to fool the domain classifier. This method is used in current sleep staging works. It was recommended by Zhao et al. (2021) to employ adversarial UDA with a domain discriminator and several classifiers fed from different feature extractor layers. Nasiri and Clifford (2020) employed adversarial training and strategies for focusing local and global attention to extract transferable personal information. Yoo et al. (2021) used three discriminators for adversarial domain adaptation. One is the global discriminator, and two are local discriminators. The local discriminators will preserve the intrinsic structure of sleep data and reduce local misalignment. Eldele et al. (2022) used a dual classifier for the adversarial domain adaptation framework to improve the accuracy of the decision boundary.

The distribution alignment approaches based on GAN or MMD do not consider the connection between decision boundaries and target samples. Saito et al. (2018) presented an unsupervised adaptation method on the bias of Maximum Classifier Difference (MCD). The technique has a generator module to extract high-level features from the source and target domains. MCD matches distributions by producing representations within similar task-specific boundaries. Dual classifiers are proposed following the same structure. First, the annotated source data is trained to obtain two different classifiers. Second, target samples that are not supported by the source are found. Then, the L1 distance of the probability output is employed to measure the difference between the two classifiers. In this stage, the difference is maximal. It will result in the separation of the two classification boundaries. The generator will relocate the outliers within the target domain. Third, the exact differences are then minimized. Due to the two distributions widely overlapping in stage 2, the target domain is a component of the source domain in this stage. Training deals with the minmax issue by maximizing the target variance and generating a representation that minimizes features. Inspired by this, we set two discriminators. The domain discriminators for domain adaption and dual classifiers for classification boundaries adapting. The classification boundaries are between classes. A generator for generating the minimized differences features. Furthermore, we improve the adversarial training process by maintaining domain-specific features through domain-specific attention.



2.2. Proposed method

Section 2.2.1 briefly introduces the notations and definitions. In Section 2.2.2, we outline the structure and the details. Finally, the whole training process is described in Section 2.2.3.

The definition and notations of EEG-based sleep staging are first briefly discussed in this section. We denote [image: image] with ms labeled source data and [image: image] with mt unlabeled samples. In the context of EEG data, [image: image] and [image: image], since EEG data is 2D time series data, symbol 1 means channels (electrodes) and T means how many numbers of timesteps are in each 30-second EEG epochs. Feature extractor F, receives Xs or Xt as input. Domain attention module A receives the output of the feature generator, dual classifier networks C1, C2, and domain classifier D extract features from A and classify them. The dual classifier networks classify the extracted features into K classes, i.e., output a 5-dimensional logarithmic vector. The domain classifier classifies them into two classes, which are set to be one if the data come from the source domain and set to 0 otherwise. All the class probabilities are obtained through the softmax function. Here, the softmax function's activation of the L1 distance between the probabilities of the two classifiers serves as the discrepancy loss. Following the experience of Saito et al. (2018), we denote the discrepancy loss as follows:

[image: image]

where p1k and p2k represent the probability outputs of p1 and p2 of k classes, respectively. We also have an adversarial loss, which tries to deceive the domain classifier by confusing the two data domains.

We aim to acquire a feature generator that minimizes the variance of the target samples.


2.2.1. Network framework

We propose the TDSAN model, which consists of a feature extractor, a domain-specific attention module, a dual classifier, and a domain classifier. The overall model of TDSAN is shown in Figure 2. We first extract the shared feature to generate high-level features representation using both source data and target data. Then, domain-specific attention is put in charge of calculating the relevance of the time sequence. It plays a crucial role in keeping each domain's useful features by fine-tuning the extracted features. The feature extractor and the domain-specific attention together form a generator module. The dual classifier has the following two functions. First, complete the classification task. Second, it is iteratively trained with the generator as a discriminator. It tries to align the distribution on task-specific boundaries. The domain classifier recognizes the domain ID to align domain feature distribution.


[image: Figure 2]
FIGURE 2
 Overall architecture of the proposed TDSAN framework.



2.2.1.1. Feature extractor

The feature extractor consists of three CNN-based convolution blocks, each in 1 dimension. To speed up training and keep CNN Network stable, we use a batch normalization layer. It can reduce internal covariate shift (Perry Fordson et al., 2022). We use leaky ReLU as an activation function and MaxPooling to reduce information redundancy. Given an input source sample x ∈ R1·T, it generates source features through a feature extractor, that is, F(x) = (fl, …, fl) ∈ R1·l where l is the length of the feature.



2.2.1.2. Domain-specific attention

After convolution, EEG data output is shorter 2D EEG data usually contains the temporal dimension. We do not simply treat the EEG series as a particular image. Based on such consideration, we attempt to extract recessive temporal features from EEG using temporal self-attention mechanisms. In addition, we get shared features after feature extraction. However, different datasets may have different temporal features. Therefore, we use a non-shared attention module to extract domain-specific information. Extracting different domain time temporal also plays a vital role in fine-tuning features. The attention module computes a weighted sum of the features at all locations with the bit of computational cost for each location in the feature space. As a result, each site's features contain intricate details that correspond to fine details in the feature's distant sections.

Inspired by Zhang et al. (2019), as seen in Figure 2, we use a convolutional attention method. The attention operation obtains a feature representation at each location based on two 1D convolutions (e.g., M1 and M2). Particularly, [image: image] are the eigenvalues of positions x and y, which are transferred into Qsx = M1(psx) and Qsy = M2(psy). Note that the score is expressed as:

[image: image]

where 𝒲 xy represents the degree to which the y-th location pays attention to the x-th position. The output is

[image: image]

Equations 1 and 2 refer to the attention process as A(·); therefore, Os = As(F(xs)). The same procedure applies to the target domain data stream to train At.



2.2.1.3. Dual classifier

The dual classifier consists of three fully connected layers. A dual classifier has two tasks: acting as a classifier for the source data and detecting the target samples outside the source support when we combine two category classifiers. The dual classifiers C1 and C2 first try to maximize the difference for a given target feature to find the target samples away from classification boundaries. Then it minimizes the discrepancy to make them close to the classification boundary. By iterating this process repeatedly, we train a generator that has rare differences with the classification Boundary of the source domain.



2.2.1.4. Domain discriminator

It is widely used in UDA (Tzeng et al., 2017). The main goal is to minimize and regularize the distance between the empirical mapping distributions by training iteratively with the generator. Specifically, We first introduce the domain discriminator by using source samples and target samples with their domain labels. Subsequently, we fix the domain discriminator and train the generator to deceive the discriminator confusing the data domain. We finally get the domain-invariant representations through iterative training.

The details of these four modules are shown in Table 1.


TABLE 1 Model parameters of the feature extractor and classifiers.

[image: Table 1]




2.2.2. Training steps and loss function

We described the four modules in detail in Section 2.2.1. This section describes the training steps and loss functions to train the entire network. First, the framework of the overall network is to solve a maximize problem. It should be noted that the training is iterative between the generator and the dual classifier and between the generator and domain Discriminator. We solve this problem in four steps.


2.2.2.1. Train the dual classifier

First, the CNN and the attention mechanism network extract the high-level representation. Then we put them in the dual classifier and train it to get two different decision boundaries with source data. We use cross-entropy loss since the data is labeled. It should be noted that C1 and C2 are initialized differently to obtain two different decision boundaries.

[image: image]

[image: image]
 

2.2.2.2. Fixed generator, training domain discriminator

In this step, the source domain ID is one, and the target domain ID is 0. It aims to minimize the domain confusion loss for source and target samples on a fixed G. This is a supervised learning process.

[image: image]
 

2.2.2.3. Fixed generator, dual training classifier

In this step, we train classifiers C1 and C2 to minimize discrepancy on target samples for a fixed generator G. They can detect target samples far from source support and force them to relocate to the corresponding category.

[image: image]
 

2.2.2.4. Fixed dual classifier and domain discriminator, training generator

In this step, we train generator G to maximize discrepancy on target samples. It identifies the target samples that the source's support has eliminated.

[image: image]

In our system, these three phases are repeated. Our primary focus is on adversarially training classifiers and generators to identify source samples and confusing domain distribution. Algorithm 1 summarizes the complex algorithm of TDSAN.


[image: Algorithm 1]
Algorithm 1. Training Procedure for TDSAN







3. Results


3.1. Data

We evaluated the proposed framework on three datasets, including two public and one private dataset, namely sleep-EDF-SC (EDF), sleep-EDF-ST(ST), and self-collection datasets. Before downsampling, a summary of the three datasets above is displayed in Table 2.


TABLE 2 A brief description about the datasets.

[image: Table 2]


3.1.1. Public datasets

The sleep-EDFx dataset (Goldberger et al., 2000) is made up of 42 subjects' 61 polysomnographic (PSG) data and corresponding hypnograms (annotations by sleep experts). European data format (EDF) is used to store PSG records, while EDF+ is used to store hypnograms. A horizontal EOG channel, a sub-mental chin EMG, two EEG channels, Fpz-Cz and Pz-Oz, an event marker, and an EOG channel are all included in each record. At 100 Hz, the EEG signal is captured. The annotations for each stage of sleep in the hypnogram file are W (wake), R (REM), 1 (N1), 2 (N2), 3 (N3), 4 (N4), M (movement time), and not scored (denoted as?). 42 participants from two separate groups—the Sleep Cassette (SC) group and the Sleep Telemetry (ST) group—were employed in the study. The ST group consists of the remaining 22 participants with modest sleep problems. In contrast, the SC group consists of the remaining 20 healthy subjects who are not taking any medicine. Every SC subject in the EDFx dataset has two nights' sleep records, except one, which only has one. 22 sick participants were recorded for one night of sleep by the ST group. Based on the experience of Supratak et al. (2017) and Eldele et al. (2021), we evaluate our model on the channel Fpz-Cz.



3.1.2. Self-collection datasets

This study conducted 30 nights of polysomnography trials following clinical recommendations and the AASM guideline. There are six subjects, each under observation for five nights. The subjects were all young, healthy adults between the ages of 20 and 24, with a male-to-female ratio of 1:0.67. Each participant voluntarily agreed to take part in this sleep study. They had to bathe and do their hair before the investigation to keep their heads tidy. The time ranged from 23:00 to 07:30, exceeding 8 h. All participants ensured they were in good health, had no medical history, and hadn't done any strenuous exercise the hour before the sleep experiment began. The 3-channel EEG, 2-channel EOG, 1-channel EMG, and 1-channel ECG signals were accurately acquired and stored. The system gain is 24, and the sampling rate is 250 Hz. In addition, conductive gel paste is applied to all the gold-plated disc electrodes used in EEG electrodes for signal acquisition. Patch electrodes are used in EOG, EMG, and ECG electrodes. The subject's dormitory bed served as the site for the entire sleep experiment, and the AASM suggested all electrode implantation settings. Three EEG channels, i.e., C4-A1, F4-A1, and O2-A1, were combined to form the electrode title, which is now only C4, F4, and O2. Then, EOG-R and EOG-L are combined to form REOG and LEOG from the two EOG channels. We evaluated our model on channel C4-A1.




3.2. Data preprocessing

In the 30 s/epoch time series, the filtered data were separated into non-overlapping pieces according to the AASM staging criteria.

• Epochs classified as being in motion, artifacts, or unknown were eliminated.

• To meet the AASM norm, sleep stages S3 and S4 were combined into a single N3 stage.

• Only the first and last 30 mins of wake time were included.

• Downsampling the data with a sampling frequency higher than 100 Hz, and the length of a single epoch is 30 s × 100 Hz (T = 3,000).

• Cutoff frequency design: based on high-pass and low-pass filters (0.3-35 Hz) to reduce the noise.



3.3. Experimental settings

We used the macro-averaged F1-score and the classification accuracy (ACC) to assess the proposed performance. The metrics are denoted as follows:

[image: image]
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where [image: image], [image: image]. TP, FP, TN, and FN denote True Positive, False Positive, True Negative, and False Negative, respectively. The whole sample number is M, and the total class number is K. The experiment was model initialized from various random seeds and repeated five times. The average final result (ACC and MF1) was then presented with the standard deviation.

We divide the experimental data into 80% and 20% for training and testing. We do not disrupt the order of epochs of subjects so that domain-attention-specific can capture the relationship between different sleep stages. We employ the Adam optimizer with a batch size of 128 and a learning rate of 1e−3. We did not fine-tune these hyperparameters for a fair comparison. Another hyperparameter is n, which represents the number of times this operation is repeated for the same mini-batch. This value represents the trade-off between the generator and the classifier. All experiments are done by pytorch1.12 on an NVIDIA GeForce RTX 2080 Ti GPU.



3.4. Baselines

We analyze our suggested TDSAN by contrasting it with different baselines. We started by including the Direct Transfer (DT) findings from DeepSleepNet's (Supratak et al., 2017) three sleep staging methods. In addition, we adopted four state-of-the-art baselines based on adversarial domain adaptation (DA). We briefly describe these baselines:

• DANN (Eldele et al., 2021): It simultaneously trains a feature extractor and a domain classifier using a gradient reversal layer (GRL) to remove the gradient of the domain classifier.

• ADDA (Ganin et al., 2016): It accomplishes a comparable task to DANN but reverses the labels.

• CDAN (Tzeng et al., 2017): Minimize the cross-covariance between feature representations and classifier predictions.

• ADAST (Yoo et al., 2021): It uses dual classification on top of domain obfuscation to consider class-conditional distributions.



3.5. Results

Tables 3, 4 show the comparison results among various methods. It suggested that the direct transfer results are usually the worst. This result indicated that the domain shift issue has a significant impact and needs to be handled independently. The findings of the other 4 DA baselines confirm the need for domain adaptation to overcome the domain shift issue.


TABLE 3 Comparison of different baselines on ACC. Bold: the best results; Underlined: the second best results.

[image: Table 3]


TABLE 4 Comparison of different baselines on MF1. Bold: the best results; Underlined: the second best results.

[image: Table 4]

It is important to emphasize that we use the proposed backbone feature extractor on four baseline methods except DeepSleepNet to ensure a fair comparison. In this setting, we note that methods that consider class-conditional distributions: such as CDAN and ADAST, outperform the globally aligned source and target domains, namely DANN and ADDA. This shows that taking class distribution into account is crucial to improving classification performance on the target domain, mainly when dealing with imbalanced sleep data. Our proposed TDSAN outperforms all baselines in accuracy in four of the six cross-domain scenarios and achieves the second-best average score among all baselines on MF1-Score.

We consider possible reasons: First, by iteratively training the generator and classifier, we obtain a feature extractor that can extract the smallest difference between the source and target domains. At the same time, the task-specific classifier fully considers the relationship between the target task and the decision boundary. Second, performance is enhanced by TDSAN because it uses a non-shared attention module to preserve domain-specific features.

In Tables 3, 4, we also find essential clues on different cross-dataset situations. In SC → EDF and SC → ST, they are generally lower than other scenarios in various cross-domain scenarios. This may be because the dataset is too small, and the classification performance of the classifier on the source domain data is poor, which is insufficient to correct the do-main offset results. In addition, we also observed that the transfer results of datasets between SC and ST are relatively poor. We observed from the characteristics of datasets that EDF and SC datasets are the sleep EEG data of healthy people, while ST data sets are collected from people with mild sleep disorders. In addition, the acquisition channels and frequencies of ST and SC are different, so they are a relatively remote domain from EDF and SC. These findings suggest that adapting to distant domains is still exceedingly difficult.



3.6. Data augmentation

Each stage's length varies for a sleep recording. Mainly, stage N2 makes up between 45% and 55% of the entire sleep time and contributes to the majority class. N1, on the other hand, only makes up roughly 2%–5% [36]. Every sleep dataset that is accessible has this problem, including public datasets we can retrieve and our self-collection dataset. As mentioned in many studies (Tsinalis et al., 2016a,b; Supratak et al., 2017; Sun et al., 2019), class imbalance may hinder the classifier's performance, limiting the improvement of automatic sleep staging algorithms. Following the suggestion of Ko et al. (2021), we use the sliding window method to augment the N1 stage data. The window size is 30s, and the step size is 25s. We are also experimenting with six cross-domain scenarios to see if augmentation affects the classification results. Table 5 shows the comparison before and after data augmentation on six cross-domain scenarios with three indexes, precision, recall, and MF1_score in detail. For easier reading, we use Figure 3 to present these results.


TABLE 5 Classification performance before and after data augment.

[image: Table 5]
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FIGURE 3
 Classification performance before and after data augment. (A) Performances on ACC before and after sliding window. (B) Performances on MF1 before and after sliding window.


The result suggested sample skew affects the performance of the classification network. In domain adaption, data augmentation is still optional when we can not get enough EEG data.



3.7. Feature visualization

Further, we use UMAP to visualize the feature representations learned to make the Comparison more intuitive.

Initially, we investigate the alignment quality. Figure 4 shows the alignment between the source and target domains in the EDF → ST scenario, where Figure 4A shows the feature distribution of the source and target domains before training. Our TDSAN framework alignment is shown in Figure 4B. The blue dots in these pictures offer the target domain, whereas the red dots show the source domain. The source and target domain feature distributions have significant differences before alignment. After alignment, the feature overlap between the source and target domains increases.


[image: Figure 4]
FIGURE 4
 UMAP feature space visualization showing the source and target domains alignment using, applied for the scenario EDF → ST. (A) Before TDSAN. (B) After TDSAN.


Additionally, after the alignment in Figure 4, we investigate the target domain classification performance under the above scenarios. In particular, Figure 5A is the class distribution of the source and target domains before training, and Figure 5B is the distribution after our alignment. The symbol (·) represents the classification of the source domain data, and the emblem (×) represents the classification of the target domain. We note that Figure 5A shows that the type of source and target domains differs considerably. And after training, the classification of the source and target domains is much higher. This is achieved through an iterative self-training strategy.


[image: Figure 5]
FIGURE 5
 UMAP feature space visualization showing the target domains classification performance, applied for the scenario EDF → ST. (A) Before TDSAN. (B) After TDSAN.





4. Conclusion

This paper proposes a novel UDA method, TDSAN, to address the sleep EEG staging scores on unlabeled data. TDSAN is an adversarial learning method that uses a specific classifier as a discriminator whose target samples are remote from the source support detected. To trick the classifier, the feature generator masters to produce target features close to supports. The generator will prevent creating target features close to class boundaries since it incorporates feedback from task-specific classifiers. Meanwhile, a non-shared attention mechanism preserves domain-specific features, which can capture the relationship between different sleep stages. Experiments show that we can achieve the same accuracy on unlabeled sleep data as on labeled data.



Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

D-RG and JL: conceptualization and writing—review and editing. JL: methodology, investigation, data curation, and writing—original draft preparation. D-RG, JL, and M-QW: visualization and validation. L-TW: formal analysis and resources. Y-QZ: supervision and writing—review and editing. All authors have read and approved the final draft of the manuscript.



Funding

This work is supported by the National Natural Science Foundation of China under Grant No. 62272067, the Sichuan Science and Technology Program under Grant Nos. 2023NSFSC0499 and 2023YFG0018, the LOST 2030 Brain Project No. 2022ZD0208500, and the Scientific Research Foundation of Chengdu University of Information Technology under Grant Nos. KYQN202208 and KYQN202206.



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.



References

 Abdollahpour, M., Rezaii, T. Y., Farzamnia, A., and Saad, I. (2020). Transfer learning convolutional neural network for sleep stage classification using two-stage data fusion framework. IEEE Access 8, 180618–180632. doi: 10.1109/ACCESS.2020.3027289

 Abou Jaoude, M., Sun, H., Pellerin, K. R., Pavlova, M., Sarkis, R. A., Cash, S. S., et al. (2020). Expert-level automated sleep staging of long-term scalp electroencephalography recordings using deep learning. Sleep 43, zsaa112. doi: 10.1093/sleep/zsaa112

 Azab, A. M., Toth, J., Mihaylova, L. S., and Arvaneh, M. (2018). “A review on transfer learning approaches in brain-computer interface,” in Processing and Machine Learning for Brain-Machine Interfaces. p. 81–101. doi: 10.1049/PBCE114E_ch5

 Bowles, N. P., Thosar, S. S., Butler, M. P., Clemons, N. A., Robinson, L. D., Ordaz, O. H., et al. (2022). The circadian system modulates the cortisol awakening response in humans. Front. Neurosci. 16, 995452. doi: 10.3389/fnins.2022.995452

 Chambon, S., Galtier, M. N., and Gramfort, A. (2018). “Domain adaptation with optimal transport improves eeg sleep stage classifiers,” in 2018 International Workshop on Pattern Recognition in Neuroimaging (PRNI), 1–4. IEEE. doi: 10.1109/PRNI.2018.8423957

 Eldele, E., Chen, Z., Liu, C., Wu, M., Kwoh, C. -K., Li, X., et al. (2021). “An attention-based deep learning approach for sleep stage classification with single-channel EEG,” in IEEE Transactions on Neural Systems and Rehabilitation Engineering, Vol. 29 (IEEE), 809–818. doi: 10.1109/TNSRE.2021.3076234

 Eldele, E., Ragab, M., Chen, Z., Wu, M., Kwoh, C.-K., Li, X., et al. (2022). Adast: attentive cross-domain eeg-based sleep staging framework with iterative self-training. IEEE Trans. Emerg. Topics Comput. Intell. doi: 10.1109/TETCI.2022.3189695

 Fan, J., Sun, C., Long, M., Chen, C., and Chen, W. (2021). Eognet: a novel deep learning model for sleep stage classification based on single-channel eog signal. Front. Neurosci. 15, 573194. doi: 10.3389/fnins.2021.573194

 Ganin, Y., and Lempitsky, V. (2015). “Unsupervised domain adaptation by backpropagation,” in International Conference on Machine Learning, 1180–1189. PMLR.

 Ganin, Y., Ustinova, E., Ajakan, H., Germain, P., Larochelle, H., Laviolette, F., et al. (2016). Domain-adversarial training of neural networks. J. Mach. Learn. Res. 17, 2096–2030. doi: 10.48550/arXiv.1409.7495

 Goldberger, A. L., Amaral, L. A., Glass, L., Hausdorff, J. M., Ivanov, P. C., Mark, R. G., et al. (2000). Physiobank, physiotoolkit, and physionet: components of a new research resource for complex physiologic signals. Circulation 101, e215. doi: 10.1161/01.CIR.101.23.e215

 Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., et al. (2014). Generative adversarial nets. Adv. Neural Inform. Process. Syst. 63, 139–144. doi: 10.48550/arXiv.1406.2661

 Guillot, A., and Thorey, V. (2021). Robustsleepnet: transfer learning for automated sleep staging at scale. IEEE Trans. Neural Syst. Rehabil. Eng. 29, 1441–1451. doi: 10.1109/TNSRE.2021.3098968

 Harding, E. C., Franks, N. P., and Wisden, W. (2019). The temperature dependence of sleep. Front. Neurosci. 13, 336. doi: 10.3389/fnins.2019.00336

 Iber, C., Ancoli-Israel, S., Chesson, A., and Quan, S. (2007). The AASM Manual for the Scoring of Sleep and Associated Events: Rules, Terminology and Technical Specifications. Westchester, IL: American Academy of Sleep Medicine.

 Ko, W., Jeon, E., Jeong, S., Phyo, J., and Suk, H.-I. (2021). A survey on deep learning-based short/zero-calibration approaches for eeg-based brain-computer interfaces. Front. Human Neurosci. 15, 643386. doi: 10.3389/fnhum.2021.643386

 Kuo, C.-E., and Chen, G.-T. (2020). Automatic sleep staging based on a hybrid stacked lstm neural network: verification using large-scale dataset. IEEE Access 8, 111837–111849. doi: 10.1109/ACCESS.2020.3002548

 Lee, C.-H., Kim, H.-J., Heo, J.-W., Kim, H., and Kim, D.-J. (2021). “Improving sleep stage classification performance by single-channel eeg data augmentation via spectral band blending,” in 2021 9th International Winter Conference on Brain-Computer Interface (BCI), 1–5. IEEE.

 Long, M., Cao, Y., Wang, J., and Jordan, M. (2015). “Learning transferable features with deep adaptation networks,” in International Conference on Machine Learning, 97–105. PMLR.

 Long, M., Zhu, H., Wang, J., and Jordan, M. I. (2016). “Unsupervised domain adaptation with residual transfer networks,” in Advances in Neural Information Processing Systems 29 (NIPS 2016).

 Mikkelsen, K., and De Vos, M. (2018). Personalizing deep learning models for automatic sleep staging. arXiv [preprint] arXiv:1801.02645.

 Nasiri, S., and Clifford, G. D. (2020). “Attentive adversarial network for large-scale sleep staging,” in Machine Learning for Healthcare Conference, 457–478. PMLR.

 Peng, Z., Dai, C., Ba, Y., Zhang, L., Shao, Y., and Tian, J. (2020). Effect of sleep deprivation on the working memory-related n2-p3 components of the event-related potential waveform. Front. Neurosci. 14, 469. doi: 10.3389/fnins.2020.00469

 Perry Fordson, H., Xing, X., Guo, K., and Xu, X. (2022). Not all electrode channels are needed: knowledge transfer from only stimulated brain regions for eeg emotion recognition. Front. Neurosci. 16, 865201. doi: 10.3389/fnins.2022.865201

 Phan, H., Andreotti, F., Cooray, N., Chén, O. Y., and De Vos, M. (2019a). Seqsleepnet: end-to-end hierarchical recurrent neural network for sequence-to-sequence automatic sleep staging. IEEE Trans. Neural Syst. Rehabil. Eng. 27, 400–410. doi: 10.1109/TNSRE.2019.2896659

 Phan, H., Chén, O. Y., Koch, P., Lu, Z., McLoughlin, I., Mertins, A., et al. (2020a). Towards more accurate automatic sleep staging via deep transfer learning. IEEE Trans. Biomed. Eng. 68, 1787–1798. doi: 10.1109/TBME.2020.3020381

 Phan, H., Chén, O. Y., Koch, P., Mertins, A., and De Vos, M. (2019b). “Deep transfer learning for single-channel automatic sleep staging with channel mismatch,” in 2019 27th European Signal Processing Conference (EUSIPCO), 1–5. IEEE.

 Phan, H., Mikkelsen, K., Chén, O. Y., Koch, P., Mertins, A., Kidmose, P., et al. (2020b). Personalized automatic sleep staging with single-night data: a pilot study with kullback-leibler divergence regularization. Physiol. Measurement 41, 064004. doi: 10.1088/1361-6579/ab921e

 Saito, K., Watanabe, K., Ushiku, Y., and Harada, T. (2018). “Maximum classifier discrepancy for unsupervised domain adaptation,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 3723–3732.

 Soroushmojdehi, R., Javadzadeh, S., Pedrocchi, A., and Gandolla, M. (2022). Transfer learning in hand movement intention detection based on surface electromyography signals. Front. Neurosci. 16, 977328. doi: 10.3389/fnins.2022.977328

 Sors, A., Bonnet, S., Mirek, S., Vercueil, L., and Payen, J.-F. (2018). A convolutional neural network for sleep stage scoring from raw single-channel eeg. Biomed. Signal Process. Control 42, 107–114. doi: 10.1016/j.bspc.2017.12.001

 Sun, B., Feng, J., and Saenko, K. (2016). “Return of frustratingly easy domain adaptation,” in Proceedings of the AAAI Conference on Artificial Intelligence. doi: 10.1609/aaai.v30i1.10306

 Sun, C., Fan, J., Chen, C., Li, W., and Chen, W. (2019). A two-stage neural network for sleep stage classification based on feature learning, sequence learning, and data augmentation. IEEE Access 7, 109386–109397. doi: 10.1109/ACCESS.2019.2933814

 Supratak, A., Dong, H., Wu, C., and Guo, Y. (2017). Deepsleepnet: a model for automatic sleep stage scoring based on raw single-channel eeg. IEEE Trans. Neural Syst. Rehabil. Eng. 25, 1998–2008. doi: 10.1109/TNSRE.2017.2721116

 Tsinalis, O., Matthews, P. M., and Guo, Y. (2016a). Automatic sleep stage scoring using time-frequency analysis and stacked sparse autoencoders. Ann. Biomed. Eng. 44, 1587–1597. doi: 10.1007/s10439-015-1444-y

 Tsinalis, O., Matthews, P. M., Guo, Y., and Zafeiriou, S. (2016b). Automatic sleep stage scoring with single-channel eeg using convolutional neural networks. arXiv [preprint] arXiv:1610.01683.

 Tzeng, E., Hoffman, J., Saenko, K., and Darrell, T. (2017). “Adversarial discriminative domain adaptation,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 7167–7176.

 Wang, M., and Deng, W. (2018). Deep visual domain adaptation: a survey. Neurocomputing 312, 135–153. doi: 10.1016/j.neucom.2018.05.083

 Wu, D., Xu, Y., and Lu, B.-L. (2020). Transfer learning for EEG-based brain-computer interfaces: a review of progress made since 2016. IEEE Trans. Cogn. Dev. Syst. 14, 4–19. doi: 10.1109/TCDS.2020.3007453

 Yoo, C., Lee, H. W., and Kang, J.-W. (2021). Transferring structured knowledge in unsupervised domain adaptation of a sleep staging network. IEEE J. Biomed. Health Inform. 26, 1273–1284. doi: 10.1109/JBHI.2021.3103614

 Zhang, H., Goodfellow, I., Metaxas, D., and Odena, A. (2019). “Self-attention generative adversarial networks,” in International Conference on Machine Learning, 7354–7363. PMLR.

 Zhao, R., Xia, Y., and Zhang, Y. (2021). Unsupervised sleep staging system based on domain adaptation. Biomed. Signal Process. Control 69, 102937. doi: 10.1016/j.bspc.2021.102937



OPS/images/inline_2.gif
X ={=000





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Automatic sleep staging of single-channel EEG based on domain adversarial neural networks and domain self-attention



		1. Introduction



		2. Materials and methods



		2.1. Related work



		2.2. Proposed method



		2.2.1. Network framework



		2.2.1.1. Feature extractor



		2.2.1.2. Domain-specific attention



		2.2.1.3. Dual classifier



		2.2.1.4. Domain discriminator









		2.2.2. Training steps and loss function



		2.2.2.1. Train the dual classifier



		2.2.2.2. Fixed generator, training domain discriminator



		2.2.2.3. Fixed generator, dual training classifier



		2.2.2.4. Fixed dual classifier and domain discriminator, training generator



















		3. Results



		3.1. Data



		3.1.1. Public datasets



		3.1.2. Self-collection datasets









		3.2. Data preprocessing



		3.3. Experimental settings



		3.4. Baselines



		3.5. Results



		3.6. Data augmentation



		3.7. Feature visualization







		4. Conclusion



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Publisher's note



		References

















OPS/images/inline_1.gif
K ={(=]. 00





OPS/images/inline_4.gif
x e R





OPS/images/inline_3.gif





OPS/images/fnins-17-1143495-t006.gif
o sk et o
kit

retce OU) 30 O
oo
e 2ox 00 w00

Cratn €1, € it source Xuti
eistuize atscrpiacy g e
prebnisiey of tavaet 4o
P tp—






OPS/images/fnins-17-1143495-t005.jpg
Cross-domain  Slide windows = Sleep score W (%) N1 N ACC (%)  MF1 (%)

(%)

EDF—ST Before Precision 50.00 34.42 84.24 97.26 66.55 7397 66.49
Recall 71.95 43.44 81.83 27.95 88.94 73.97 62.82

Fl-score 59.00 38.41 83.02 4343 76.13 7397 60.00

Support 82 122 1156 254 434 7397 2048

After Precision 80.17 60.00 94.36 96.19 61.70 75.12 68.10

Recall 96.04 28.68 95.81 55.04 73.32 75.12 53.03

Fl-score 87.39 38.81 95.08 70.02 67 75.12 55.87

Support 82 205 1156 254 434 75.12 2131

EDF—SC Before Precision 37.25 1579 87.32 92.53 62.46 79.32 59.07
Recall 66.67 1111 84.22 82.29 78.60 79.32 64.58

Fl-score 47.80 13.04 85.74 87.11 69.61 79.32 60.66

Support 323 191 925 201 408 79.32 2048

Precision 56.06 2222 85.55 91.55 61.08 80.26 63.30

Afler Recall 64.91 7.41 86.98 78.47 83.39 80.26 64.23

Fl-score 60.16 1111 86.26 84.51 70.51 80.26 62.51

Support 323 215 925 201 408 80.26 2072

ST—EDF Before Precision 62.18 3824 88.77 68.77 58.63 73.90 64.92
Recall 30.03 6.81 86.27 97.51 85.29 73.90 61.18

Fl-score 40.50 11.56 87.50 80.66 67.33 73.90 59.91

Support 101 77 1170 36 517 73.90 1901

After Precision 90.67 40.63 83.95 82.99 64.03 77.94 7245

Recall 54.40 12.68 91.71 78.74 78.34 77.94 63.17

Fl-score 68.00 19.33 87.66 80.81 70.47 77.94 65.25

Support 101 136 1170 36 517 77.94 1960

ST—SC Before Precision 62.18 38.24 88.77 68.77 61.63 70.90 61.92
Recall 30.03 6.81 86.27 97.51 85.29 70.90 61.18

Fl-score 40.50 11.56 87.50 80.66 64.33 70.90 58.91

Support 323 191 925 201 408 70.90 2048

After Precision 55.93 47.83 83.86 98.85 47.87 7542 64.25

Recall 76.74 8.21 91.21 80.54 94.07 7542 60.83

Fl-score 64.71 14.01 86.37 88.32 62.31 7542 58.39

Support 323 215 925 201 408 75.42 2072

SC—EDF Before Precision 100.00 0.00 77.22 96.15 37.27 65.12 62.13
Recall 19.02 0.00 86.52 87.04 97.35 65.12 56.99

Fl-score 30.59 0.00 81.60 91.37 53.91 65.12 53.29

Support 101 77 1170 36 517 65.12 1901

After Precision 97.59 4.35 80.87 96.15 49.28 7228 65.65

Recall 43.67 1.95 92.30 91.88 90.00 7228 63.96

Fl-score 60.34 2.70 86.21 93.97 63.68 7228 61.38

Support 101 136 1170 36 517 7228 1960

SC—ST Before Precision 98.70 0.00 79.69 98.37 45.80 68.19 63.51
Recall 35.49 0.00 81.22 81.82 99.12 68.19 56.53

Fl-score 37.93 0.00 80.45 89.33 58.80 68.19 55.30

Support 82 122 1156 254 434 68.19 2048

After Precision 81.82 0.00 9294 4739 68.54 73.44 58.14

Recall 21.95 0.00 72.84 100.00 89.86 73.44 56.93

Fl-score 34.62 0.00 81.67 64.30 77.77 73.44 51.67

Support 82 205 1156 254 434 73.44 2131








OPS/images/math_9.gif
acc=

Zi
1 TP

©






OPS/images/math_8.gif
max Logy (Xe)

(8)






OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Neuroscience





OPS/images/fnins-17-1143495-g005.gif





OPS/images/fnins-17-1143495-t001.jpg
Modules Layers Kernel
Convld 1x25,32
BatchNormld
MaxPool1d 1%2,stride 2
Convld 1x8,64
BatchNorm1d
MaxPoolld 1*3,stride 3
Feature extractor
Convld 1x8,128
BatchNorm1d
MaxPoolld 1*3,stride 3
Domain attention ! /
FC 1,024
Dual classifier Fe 12
FC 5
FC 1,024
Domain discriminator g Rl
FC 2






OPS/images/fnins-17-1143495-g003.gif
shide windows ffction

[Ere——






OPS/images/fnins-17-1143495-g004.gif





OPS/images/fnins-17-1143495-t004.jpg
Baselines EDF—ST EDF—SC ST—EDF NENE SC— EDF SC
DT | DeepSleepNet 56.58 45.88 53.86 44.83 5532 40.30 50.12
DANN 6135 55.79 5349 50.63 5519 56.63 5551
ADDA 59.69 555 55.69 5479 48.89 63.86 5640
DA | CDAN 63.06 5473 5391 64.01 5261 5971 5795
ADAST 59.86 61.89 60.72 64.29 56.65 60.33 60.62
TDSAN (ours) 60.00 60.66 5991 58.95 5329 5530 58.01






OPS/images/fnins-17-1143495-t002.jpg
Subject Recordings Sample rate Channel
EDF 20 39 100 Fpz-Cz R&K
ST 22 44 100 Fpz-Cz R&K
self-collection 6 30 250 C4-A1 AASM






OPS/images/fnins-17-1143495-t003.jpg
aselines DF—ST EDF—SC SC—EDF SC—ST
DT | DeepSleepNet 72.34 6153 6835 5023 6275 4985 60.84
DA | DANN 73.70 65.98 6423 5894 65.93 67.53 66.05
ADDA 7372 77.40 64.14 65.93 58.43 68.65 68.71
CDAN 76.42 67.36 66.68 7036 62.89 70.06 68.96
ADAST 72.85 7041 71.23 7006 68.41 69.88 7047
TDSAN(ours) 73.97 79.32 73.90 70.89 65.12 68.19 71.89






OPS/images/math_5.gif
=
L0651 = Eg )y iy 20 (71 0®) - )
Pt





OPS/images/cover.jpg
& frontiers | Frontiers in Neuroscience

Automatic sleep staging of
single-channel EEG based on
domain adversarial neural
networks and domain
self-attention





OPS/images/math_4.gif
min L (X, Ys)
Jnm

@)





OPS/images/math_7.gif
Loy (Xp) = Expox, [d(p1 (Y | O(x0) .02 (¥ | O(x0))) |





OPS/images/math_6.gif
g+ (1= log (1= ) (@





OPS/images/fnins-17-1143495-g001.gif
i~
z





OPS/images/math_10.gif
ML 2 Precision ; x Recall ; (10)
KZ recision, 1 Recall,





OPS/images/fnins-17-1143495-g002.gif





OPS/images/math_3.gif
i
09 =Y Wibsx
P

[©





OPS/images/math_2.gif
P (QuQy)

L exp(QLQy)

@





OPS/images/inline_6.gif
TP
TP+FP

Precision =






OPS/images/inline_5.gif
PPy ERY





OPS/images/math_1.gif
) = 2 lw—pal





OPS/images/inline_7.gif





