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The brain–computer interface (BCI) is a system that is designed to provide communication channels to anyone through a computer. Initially, it was suggested to help the disabled, but actually had been proposed a wider range of applications. However, the cross-subject recognition in BCI systems is difficult to break apart from the individual specific characteristics, unsteady characteristics, and environmental specific characteristics, which also makes it difficult to develop highly reliable and highly stable BCI systems. Rapid serial visual presentation (RSVP) is one of the most recent spellers with a clean, unified background and a single stimulus, which may evoke event-related potential (ERP) patterns with less individual difference. In order to build a BCI system that allows new users to use it directly without calibration or with less calibration time, RSVP was employed as evoked paradigm, then correlation analysis rank (CAR) algorithm was proposed to improve the cross-individual classification and simultaneously use as less training data as possible. Fifty-eight subjects took part in the experiments. The flash stimulation time is 200 ms, and the off time is 100 ms. The P300 component was locked to the target representation by time. The results showed that RSVP could evoke more similar ERP patterns among subjects compared with matrix paradigm. Then, the included angle cosine was calculated and counted for averaged ERP waveform between each two subjects. The average matching number of all subjects was 6 for the matrix paradigm, while for the RSVP paradigm, the average matching number range was 20 when the threshold value was set to 0.5, more than three times as much larger, quantificationally indicating that ERP waveforms evoked by the RSVP paradigm produced smaller individual differences, and it is more favorable for cross-subject classification. Information transfer rates (ITR) were also calculated for RSVP and matrix paradigms, and the RSVP paradigm got the average ITR of 43.18 bits/min, which was 13% higher than the matrix paradigm. Then, the receiver operating characteristic (ROC) curve value was computed and compared using the proposed CAR algorithm and traditional random selection. The results showed that the proposed CAR got significantly better performance than the traditional random selection and got the best AUC value of 0.8, while the traditional random selection only achieved 0.65. These encouraging results suggest that with proper evoked paradigm and classification methods, it is feasible to get stable performance across subjects for ERP-based BCI. Thus, our findings provide a new approach to improve BCI performances.
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INTRODUCTION

Brain–computer interfaces (BCIs) are communication systems that allow people to send information to a computer or commands to other electronic devices by only measuring brain activities, without requiring any peripheral (muscular) activity (Wolpaw et al., 2002). Compared with all kinds of BCIs, the event-related potential (ERP)-based BCI has made great progress and achieved exciting results. However, the process from laboratory to application has encountered bottlenecks, facing three cross-problems, which are cross-subject, cross-time, and cross-scene. Because of individual differences, it takes a lot of time and efforts to calibrate the traditional BCI system when it is applied to new subjects. As an effective paradigm, the Rapid Serial Visual Presentation (RSVP) can extract stable BCI specific features and strive to achieve high reliability cross-subject BCI technology, which can be used to expand the BCI approach to enable high throughput target image recognition applications (Sajda et al., 2003; Gerson et al., 2006; Bigdely-Shamlo et al., 2008). Using electroencephalography (EEG) signals to label or rank images is of practical interest, because many kinds of images cannot be automatically labeled or ranked by computers (Gerson et al., 2006). A common way here is to use an EEG speller system, which is a typical BCI system, by performing a clever paradigm to induce specific ERP components (e.g., P300 component).

Nowadays, most EEG speller systems were based on a modified P300 speller. The idea was that the participant was unaware when a target stimulus would appear; hence, its presentation on screen elicited the P300 reflecting the orientation of the participant’s attention to the stimulus. Furthermore, the P300 component exhibited significant waveform characteristics in the time domain. It was essential to optimize the P300 detection algorithm because it determined the reliability and accuracy of BCI systems. Thus, there has been promising analytical frameworks proposed to leverage advanced signal processing, independent component analysis (ICA) (Bigdely-Shamlo et al., 2008), xDawn (Rivet et al., 2011), common spatial pattern (CSP) (Ramoser et al., 2000), hierarchical discriminant component analysis (HDCA) (Sajda et al., 2010), sliding HDCA (sHDCA) (Marathe et al., 2013), and convolutional neural network (CNN) (Cecotti et al., 2014) with the attempt to detect P300 signals as well as to later develop high performance on ERP-based BCI. The first BCI speller based on P300 was the alphabet speller system (FD speller) proposed by Farwell and Donchin (1988). The characters (26 letters and other control characters) were arranged in a 6 × 6 matrix, and the user had to focus attention to the target symbol while the rows and the columns were intensified one by one in random order. When the locked symbol was hit by rows or columns (probability is 1/6), it induced a P300 component. Guan et al. convinced that if the possibility of a character being hit is small, then the P300 component induced was evident and the detection is easier (Guan et al., 2004), then they created and developed a single-character display random flashing speller system (SC speller), which was based on the FD speller (the probability that the character was hit was 1/36). By averaging several repeats of stimuli, the enhanced P300 could be detected and the letters written by the user can be inferred. Many changes of the Matrix Speller had been studied to improve communication rate and stimulation performance. Furthermore, Townsend et al. (2010) proposed a paradigm speller system-based checkerboard, in which random flash hit multiple characters, and then a special coding was used to determine the expected characters of the subject. Roark et al. (2013) proposed Huffman scanning, which used Huffman coding to select the highlighted symbols, which were based on the FD speller, which achieved higher accuracy and mean bit rate.

However, as we all know, the process of BCI from laboratory to application has encountered bottlenecks, facing three cross-problems, which are cross-subject, cross-time, and cross-scene. Because of individual differences, it takes a lot of time and efforts to calibrate the traditional BCI system when it is applied to new subjects. Moreover, a major challenge in BCIs is that different subjects have different neural responses to the same stimulus, and even the same user can have different neural responses to the same stimulus at different time and locations (Cecotti and Graser, 2011; Yin et al., 2013; Chen et al., 2014). Besides, when calibrating the BCI system, acquiring a large number of subject specific labeled training examples for each new subject is time consuming and expensive (Marathe et al., 2016; Chen et al., 2019a, b).

In the past two decades, amounts of the research on cross-subject BCI achieved exciting achievements, while also many problems to be solved. Regarded as an important part of cross-subject BCI study, scholars had made big efforts in searching suitable paradigms that could reduce individual differences in EEG signals. Their works confirmed that both FD speller-based recognition accuracy (Brunner et al., 2010) and matrix-based speller had advantage in intersubject study, but the results also showed that different subjects had obvious differences in EEG signals. Besides, Acqualagna and Blankertz (2013) compared rapid serial visual presentation (RSVP) to other matrix-based spellers, excitingly found that the results showed a mean online spelling rate of 1.43 symb/min and a mean symbol selection accuracy of 94.8% in best condition, indicating the promising application of RSVP for intersubject and also cross-subject BCI study (Bigdely-Shamlo et al., 2018). Coincidentally, Bigdely-Shamlo et al. got an average accuracy of 79% using the RSVP paradigm in the cross-subject BCI study of 10 subjects’ classification, but there were still some place for improvement (Acqualagna and Blankertz, 2013). Apart from paradigms, feature extraction also plays an important role in BCI performance, and some work had sought many ways to optimize features. In order to improve the BCI performance, Zhang et al. (2009) proposed feature selection strategies based on principal component analysis and genetic algorithms and achieved an average precision of 0.72. Besides, Kadioglu et al. (2018) designed an iterative algorithm to yield robust mean vector and covariance matrix estimates, and then applied eigen analysis on the estimated robust covariance matrix. The result was a principled way of dealing with outliers in simple data that was, yet achieved the AUC value of 0.75 in cross-subject BCI (Kadioglu et al., 2018). As for the pattern recognition, some algorithms (Gordon et al., 2017; Hajinoroozi et al., 2017; García-Salinas et al., 2019; Fernandez-Rodriguez et al., 2020), such as genetic algorithm and transfer learning (Huang et al., 2011, 2017; Jalilpour et al., 2020), were applied to improve the accuracy and speed of the spellers. On the other hand, the best AUC performance was still not higher than 0.75 (Krusienski et al., 2006; Koçanaoğulları et al., 2020), and most works were still based on small samples. Moreover, Zeng et al. (2019) proposed an authentication method based on hierarchical discriminant component analysis (HDCA) and genetic algorithm (GA) and got the averaged accuracy of 88.88% in also a small sample of 15 subjects. Above all, an appropriate way about cross-subject BCI performance in a large sample still needs to be solved. Therefore, improving the performance of the cross-subject BCI under the condition of establishing model data was an extremely meaningful subject of the study.

In this study, 58 subjects took part in the experiments, and RSVP was employed as the evoked paradigm, and then correlation analysis rank (CAR) algorithm was proposed to improve the cross-subject classification and simultaneously use as less training data as possible. Then three aspects of BCI performance, including ERP waveform, ITR, and ROC, were computed to compare with the traditional methods.



MATERIALS AND METHODS


Participants

Fifty-eight participants (29 males, 29 females, age 20–30, mean = 25.17, SD = ± 8.4) took part in the experiment. All had normal or correct-to-normal visual acuity and all without any history of neurological disease or injury. None of them reported a history of psychiatric, neurological, or other serious diseases, which might have affected the experimental results. Before the experiment, the experimental procedure was fully explained to each participant, and all participants signed written consent forms. The experiment was conducted with approval from the Academy of Medical Engineering and Translational Medicine, Tianjin University.



Apparatus

EEG was recorded at 2000 Hz using Neuroscan’s Scan 4.5 system with 64 electrodes (FPZ, FP1,2, AF3,4, FZ, F1-8, FCZ, FC1-6, FT7,8, CZ, C1-6, T7,8, CPZ, CP1-6, TP7,8, PZ, P1-8, POZ, PO1-8, OZ, O1,2, CB1,2), and the EEG equipment was set a 50 Hz notch filter to eliminate the power line interference during acquisition. The electrode position was placed in accordance with the international standard 10–20 electrode system. All the electrodes were referenced to the right mastoid, using a forehead ground, as shown in Figure 1. The impedance of every electrode was kept below 5 kΩ. The RSVP character flashing stimulus interface was written by using the Psychtoolbox software. Stimuli were presented on a 24″ TFT screen with a refresh rate of 120 Hz and a resolution of 1920 × 1280 p × 2. Data analysis and classification were performed with MATLAB and Python. Furthermore, data preprocessing used EEGLAB in the MATLAB environment.
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FIGURE 1. Electrode positions; 64 channels (FPZ, FP1,2, AF3,4, FZ, F1-8, FCZ, FC1-6, FT7,8, CZ, C1-6, T7,8, CPZ, CP1-6, TP7,8, PZ, P1-8, POZ, PO1-8, OZ, O1,2, CB1,2) were collected during the experiment. All the electrodes were referenced to the right mastoid using a forehead ground.




Experimental Paradigm

The principle of the RSVP paradigm applied to the BCI spelling device was that all symbols were presented one by one in a random order on the screen center in front of the subjects. Previous studies had shown that different characters that presented with different colors had better inducing effects (Farwell and Donchin, 1988). Different colors allowed subjects to better distinguish among characters. On the basis of using colorful letters, the randomness was changed to sequential presentation in order to increase the recognition ability of the subjects in this study.

Letters’ color and RGB values were shown in Figure 2. As can be seen, the principle of character color selection in this experiment was to improve the arousal of characters to subjects as much as possible and to consider the differences of color senses among different subjects. In order to keep the experiment fair and just possible, the main principles were as follows. First, the span of letters’ color needs to be bigger. Second, the colors of adjacent characters were not the same color system, for example, light blue and dark blue, so as not to affect the subjects’ cognition. Third, too much color for visual stimulation in the black background was not chosen, which avoided the appearance of the visual shadow to the subjects in the experiment and affected the effect of the experiment. Fourth, the character color should flicker randomly in order to show fairness to all subjects.


[image: image]

FIGURE 2. The color of each letter.


The diagram of the experiment is shown in Figures 3, 4; as can be seen, different letters were used as stimulus, and the interval time was 100 ms. Participants sat in a comfortable environment and kept the distance they felt comfortable without light and other interference. First, the preparation interface appeared on the screen. When the participant was calm and remained in a calm state, “Press Space to Start” was clicked. Then there was an RSVP interface. The displayed characters were 26 English capital letters. The target letter was out of order. After it appeared, the letters were arranged in the order from A to Z. After A to Z was proposed, the next round would appear. For a target letter, there are a total of five rounds. Each block contained eight target letters. Each experiment consisted of 20 blocks. In each round, the subjects were asked to count the number of times in which the target occurred fast and quietly. Each subject was required to carry out three experiments with a time interval of 2 days. Before the first experiment, the subjects must go through certain training so that they could be familiar with the contents of the experiment and achieve better results in the next experiment. The number of training tests varied from person to person with the average of 16 rounds.


[image: image]

FIGURE 3. The image-based RSVP framework for experiment.
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FIGURE 4. The RSVP paradigm in one round.


In summary, each participant did three experiments, with a time interval of 2 days. Each section consisted of 20 blocks, and each block consisted of 8 trials, and each trial consisted of 5 rounds.




DATA ANALYSIS


EEG Data Processing

The EEG data were re-referenced by averaging both ears and were then filtered by a low-pass filter with a 0.1–30 Hz bandpass. The data were downsampled from 2000 to 200 Hz, and each symbol was divided into epochs ranging from −200 to −800 ms for further analysis.

Therefore, the resulting matrix was 64 × 200 (64 EEG channels and 200 time samples). In the experiment, the EEG equipment was set a 50 Hz notch filter to remove the interference from power frequency noise during acquisition, and we used a 0.1–30 Hz bandpass filter to remove high-frequency noise in EEG data preprocessing, which disturbed the result greatly. In this experiment, we selected the channel data (FZ, CZ, PZ, O1, O2, OZ; Marathe et al., 2016) related to visual stimuli in order to analyze.



Coherence Average ERP Signals

The data that belong to each person’s EEG induced by the experimental paradigm range from −200 to −800 ms based on the set of the stimulation. We select the data of 200 ms (−200∼0 ms) as the baseline correction and then independently average all previous times of target and nontarget, respectively, so as to obviously see their grand-average ERPs.



Processing Method


Coherent Average Algorithm

Coherent average algorithm is one of the most popular methods to extract weak signals in strong noise background. American scholar Dawson overlapped different EEG patterns on the same paper to obtain the initial EEG waveforms. Because the P300 signal studied in this paper is strictly time-locked, the background noise can be assumed as a random signal that is different from stimulus, so this method can be used in drawing the time domain waveform.

We think xi(m) represents the pretreated EEG signals, s(m) represents the P300 signals, and ni(m) represents the background noise, so:
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where j represents the trials, M represents the number of trials, and m represents the value of each sampling point. The estimated P300 signals can be obtained by averaging the preprocessed signals M:

[image: image]

By the random characteristics of noise, the above can be ordered as [image: image]. Therefore, the superposition process can enhance the P300 signal effectively and draw an obvious and smooth P300 waveform.



Angle Cosine Similarity

Angle cosine similarity is evaluated by calculating the angle cosine value of two vectors. The angle cosine similarity draws the vector into the vector space according to the coordinate value.

For a two-dimensional space, it is clear from the vector dot product formula that:
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Assuming the coordinates of the vector a, b are (x1,y1) and (x2,y2):

[image: image]

The value of cos⁡θ ranges from -1 to 1, and the larger the value of cos⁡θ, the smaller the angle between the vectors, which means they have more similarity.



Information Transfer Rate

In addition to the usual criterion, namely the classification accuracy, the performance of the proposed system was evaluated by the information transfer rate (ITR). The ITR is an important criterion to determine the system performance in BCI studies, especially P300 speller protocols.

It shows the amount of information that can be transferred in a minute (Krusienski et al., 2006) and is defined as:

[image: image]

where N denotes the number of classes, P is the accuracy of classification, and T indicates the time interval that character selection is performed in minute.



Linear Discriminant Analysis

As we all know, there are many classification methods for EEG signals, which are mainly divided into two types: linear classification method and nonlinear classification method. The selection problems of these two types have been controversial (Muller et al., 2003). Nonlinear classifiers such as support vector machines (SVMs) (Gehler and Schölkopf, 2002) can obtain higher classification accuracy than linear classifiers on some data, but the algorithm modeling process is complicated, in which it is difficult to select suitable kernel functions, and it is sensitive to the change of subjects and is not suitable for cross-subject classification studies. The linear classifier model can be learned quickly and has strong generalization ability, and the classification effect is good enough, which may be more suitable for cross-subject BCI research. Linear discriminant analysis (LDA) (Xanthopoulos et al., 2012) has a good application effect in the field on BCI based on P300.

Offline classification used the LDA for distinguishing target and nontarget letters. LDA is a dimensional reduction technique for monitoring learning, which means that each sample of its data set is printed. Projecting the data onto a low dimension, one expects the projection points of each category of data to be as close as possible, and the greater the distance between the classification centers of the different categories of data, the better the results. The LDA algorithm has high classification accuracy. According to the research content of this paper, the data of subjects and the cross-subject data are classified and calculated perfectly.



Correlation Analysis Rank (CAR) Algorithm

The similarity of matching with the new individual refers to the similarity calculation of the ERP waveform, so there is strongest similarity with the tested individuals in the first place. The most commonly used method to measure the correlation between two variables is to calculate the Pearson correlation coefficient, which can characterize the correlation between two linear variables. The formula is as follows:
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We think r represents the correlation coefficient, which describes the linear correlation degree between the two variables; n stands for the sample size; Xi Yi represents the two variables, and represents the observed values of the two variables, respectively; and [image: image] [image: image] represents the mean value of the two variables, respectively.

In this study, the correlation between each subject and the other subjects was calculated and the correlation coefficient was sorted, which was used as the standard for the number of subjects in the training set.





RESULTS


ERP Analyses

ERP waveforms were drawn using a coherent average algorithm, the target ERPs of the same subject from different sessions are shown in Figure 5A, and the averaged ERPs from different subjects are depicted in Figure 5B. As can be seen, target ERP waveforms from one subject were more similar, in either amplitude or latency, but individual difference could be obviously observed in Figure 5B. The large EEG differences between individuals make it more difficult to realize the high performance on cross-subject BCI system, and the similar BCI-specific characteristics between individuals make it possible to have a wide application in universal BCI.


[image: image]

FIGURE 5. Target ERP waveforms (A) of the same subject from 20 sessions and (B) those from 58 different subjects. In (A), all lines were from one subject, and each line presented ERP waveform extracted from one session; the black lines represented the average ERP waveforms across all sessions. In (B), each line presented ERP waveform extracted from one subject averaged over 20 sessions, and the thick lines were the mean values across all subjects.




Cosine Similarity Analysis

To evaluate the similarity of the ERP waveforms from different subjects, the cosine similarity was computed for RSVP and matrix paradigms. According to the calculation principle of cosine similarity, each subject did a correlation analysis with the rest. Figure 6 depicted the individual similarity when the threshold was set to 0.5 for example. That is, when the angle cosine value between two subjects was larger than 0.5, the similarity value was regarded as 1; otherwise, the value was set to 0. As can be seen, the RSVP paradigm had more similarity pair than the matrix paradigm, indicating that ERPs induced by RSVP had less individual difference.
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FIGURE 6. Statistical results of angle cosine values for (A) matrix paradigm and (B) RSVP paradigm.


As can be seen in Figure 6, the number of matches for each subject (the number of the included angle cosine values greater than 0.5) was counted; the average matching number of all subjects was 6 for the matrix paradigm, while for the RSVP paradigm, the average matching number range was 20. Especially 12 subjects had more than 20 matched numbers, 3 subjects had more than 30 matched numbers, and the best was 41 for the RSVP paradigm, which meant that the P300 signal waveform induced by the RSVP paradigm was relative to that induced by the matrix paradigm. A smaller inter-individual difference was generated and was more advantageous for cross-subject classification identification.



ITR Analysis

Figure 7 displays the ITR differences between the RSVP and matrix paradigms, which were most commonly applied in the BCI community as an important metric to gauge BCI performance. As can be seen, the average information transfer rate of the RSVP paradigm was 43.18 bits/min, while the average value of the matrix paradigm was 30 bits/min. Moreover, the maximum ITR of the RSVP paradigm was 58 bits/min and the minimum was 24 bits/min, and the maximum value of the matrix paradigm was 38 bits/min and the minimum value was 17 bits/min, which proved that the RSVP paradigm was capable of producing a larger information transfer rate, because the RSVP paradigm did not require eye movement, avoiding longer cognitive periods caused by eye movements, which could have a better performance in ERP-based BCI.
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FIGURE 7. ITR results for the RSVP and matrix paradigms.




CAR Analyses

The intersubject and cross-subject classification performances were computed, respectively, and the average AUC was about 0.83 for the intersubject condition. When the training and the test samples were extracted from two different subjects, the AUC value drooped to 0.51, indicating that cross-subject classification could significantly reduce the classifier performance (p < 0.05).

In the cross-subject classification, we tried to increase the number of subjects in the training set to reduce the impact of individual differences on the recognition results. The data from N subjects were randomly selected to form a new training set, and each subject was considered as a test set once termed as the random model. The AUC values in the random model are shown in Figure 8. The transverse coordinates represented the number of subjects in the training set; the longitudinal coordinates represented the AUC values on cross-subject recognition. It can be seen that with the increase in the subjects’ number in the training set, the AUC values increased and the best value was 0.6.
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FIGURE 8. The AUC results of random and order models.


Then a CAR algorithm was proposed to further improve the cross-subject classification. To evaluate the effectiveness of the CAR algorithm, the AUC values were computed accordingly, which are shown in Figure 8. It is obvious that for all N’s in transverse coordinates, the performance of the CAR algorithm was significantly better than that of the order model. Kolmogorov–Smirnov test was used to test the normal distribution of the data. The results showed that the data are in accord with the normal distribution and complied with the t-test requirements. So paired t-test was used for statistical analysis, and whatever the value of N was, the CAR algorithm could significantly improve the cross-subject performance (p < 0.05). With the increase in the subject number with the same sample size in the training set, the AUC value tended to be stable after increasing, and then decreased, and very few test set individuals fluctuated up and down. Moreover, the paired t-test was used and showed that whatever the value of N was, there were significant differences between the two models (p < 0.05). These encouraging results suggested that with proper evoked paradigm and classification methods, it was feasible to get stable and better performance across subjects for ERP-based BCI.




DISCUSSION

This study designed an RSVP-based experiment and asked 58 subjects to perform an experiment to investigate cross-subject ERP-based BCI classification methods. The results of the data analysis demonstrated that the RSVP paradigm can evoke smaller individual differences. Moreover, this study proposed a new method to use CAR algorithms to improve the cross-subject ERP-based BCI performance, which has good practical significance, but there are still a lot of problems that need improving.

In the paradigm design, the alphabet order increases the ability of the subjects, but some adjacent letters are more similar (such as E and F), which brings difficulties for the observation and errors in the data classification. Although some effects are eliminated by using the different colors in different letters, still some improvements are needed. In the next attempt, we can mix the uppercase and lowercase letters (such as e and F) to increase the discriminability and visual stimulus. We can also change the presentation times and the size of letters, and add numbers to the stimulus sequence, to analyze the influence of these parameters on cross-subject recognition and explore a more effective general model. Moreover, in this paper, the CAR algorithm is used to improve the performance in cross-subject ERP-based BCI, which has a better result than traditional random selection, but it still needs to establish a large feature database, and this can consume energy and increase the trial time for the subjects. However, the state of the subjects directly affects the quality of signal acquisition. So it is necessary to control the dynamic stop policy experiment by setting the number of attempts. Meanwhile, this study only analyzes and calculates the offline data. It is hoped that the design and experiment in an online environment can be carried out on the basis of this algorithm. At this time, it is necessary to consider the flow design about the online experiment, so that it can take into account the body state and the fatigue degree of the subjects while collecting enough data that can be used for classification.

Moreover, by studying the history of the spellers, we found that most work done in this field was presented in a matrix structure (Lees et al., 2018, 2020; Mijani et al., 2019). In these protocols, the subject should look at different points on the screen during the experiment. Therefore, patients with visual impairment confront the problem using this type of spellers. RSVP systems (Ratcliffe and Puthusserypady, 2020) were proposed to solve this problem, but the defect of these protocols was the long duration of the experiment time that deteriorates the ITR and lowers accuracy. Many scholars have done extensive research on improving the performance of BCI, such as creating a P300 speller performance predictor based on RSVP multifeature (Won et al., 2019), finding the optimal features (Yin et al., 2015, 2016; Won et al., 2018), and using deep neural network algorithm (Zhao et al., 2020), which cannot have a better result in a large subject study. In our study, the average ITR of the RSVP speller is 43.18 bits/min, which is 13% higher than the matrix paradigm, and we achieved the better accuracy results at present in a large subject study.

Last but not least, in this article, we collected 64-electrode EEG signals, but only selected six channel data (FZ, CZ, PZ, O1, O2, OZ) related to visual stimuli for the analysis, which got good offline results. At present, the study is still in the laboratory research exploration stage, and follow-up work will focus on practical development, such as use at home and so on. It is worth mentioning that we used six electrodes’ data and a CAR algorithm in the analysis; it is of great significance to design simple and efficient products in the future that can push forward to exploring the direction of practicality and improving the performance in BCI systems.

In a word, a new generation about BCI technology can be realized by different technical ways in the future, which can maintain high reliability and high stability for different subjects, different times, and different scenarios. This study provides a research idea called the CAR algorithm for the implementation in a cross-subject BCI system and has very important research significance.



CONCLUSION

In this paper, the P300 signal was induced by the RSVP paradigm, which does not need eye movement, and we collected the EEG data of 58 subjects. Compared with the matrix paradigm, it is proved that the P300 signal induced by the RSVP paradigm had smaller individual differences, and the AUC value, which represented the performance of the classifier, was used as the evaluation index to analyze the within and cross-subject BCI systems. The results showed that RSVP could evoke more similar ERP patterns among subjects and has a higher ITR compared with the matrix paradigm. Then, the included angle cosine was calculated and counted for the averaged ERP waveform between two subjects, and the threshold value was set to 0.5. The average matching number of all subjects was 6 for the matrix paradigm, while for the RSVP paradigm, it was 20, which was more than three times larger, quantificationally indicating that ERP waveforms evoked by the RSVP paradigm produced smaller individual differences, which is more favorable for cross-subject classification and recognition. ROC values were computed and compared using CAR and traditional random selection. The results showed that the proposed CAR got significantly better performance than traditional random selection, and got the best AUC value of 0.83, while traditional random selection only achieved 0.65. These encouraging results suggest that with a proper evoked paradigm and the CAR algorithm, it is feasible to get stable performance across subjects for ERP-based BCI.



DATA AVAILABILITY STATEMENT

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



ETHICS STATEMENT

Before the experiment, the experimental procedure was fully explained to each participant, and all participants signed written consent forms. After the experiment, we paid for the participants. The experiment was conducted with approval from the ethics committee of Tianjin University Tianjin hospital.



AUTHOR CONTRIBUTIONS

SL, WW, and DM conceptualization. WW: methodology, writing – original draft preparation, and visualization. WW and YS: data collection. YS: software. SL, WW, and YS: validation. LZ: formal analysis, supervision. MX: investigation. DM: resources and funding acquisition. SL: data curation and writing – review and editing. SL and DM: project administration. All authors contributed to the article and approved the submitted version.



FUNDING

This research was funded by the National Natural Science Foundation of China (Nos. 81630051 and 81801786).



ACKNOWLEDGMENTS

Research work of this paper got the help and support of the teachers and students from Neural Engineering and Rehabilitation Lab of Tianjin University. We sincerely thank all participants for their voluntary participation.



REFERENCES

Acqualagna, L., and Blankertz, B. (2013). Gaze-independent BCI-spelling using rapid serial visual presentation (RSVP). Clin. Neurophysiol. 124, 901–908. doi: 10.1016/j.clinph.2012.12.050

Bigdely-Shamlo, N., Ibagon, G., Kothe, C., and Mullen, T. R. (2018). “Finding the optimal cross-subject EEG data alignment method for analysis and BCI,” in Proceedings of the IEEE International Conference on Systems, Man, and Cybernetics (SMC), Miyazaki.

Bigdely-Shamlo, N., Vankov, A., Ramirez, R. R., and Makeig, S. (2008). Brain activity-based image classification from rapid serial visual presentation. IEEE Trans. Neural. Syst. Rehabil. Eng. 16, 432–441. doi: 10.1109/tnsre.2008.2003381

Brunner, P., Joshi, S., Briskin, S., Wolpaw, J. R., Bischof, H., and Schalk, G. (2010). Does the “P300” speller depend on eye gaze? J. Neural. Eng. 7:056013. doi: 10.1088/1741-2560/7/5/056013

Cecotti, H., Eckstein, M. P., and Giesbrecht, B. (2014). Single-trial classification of event-related potentials in rapid serial visual presentation tasks using supervised spatial filtering. IEEE Trans. Neural Netw. Learn. Syst. 25, 2030–2042. doi: 10.1109/tnnls.2014.2302898

Cecotti, H., and Graser, A. (2011). Convolutional neural networks for P300 detection with application to brain-computer interfaces. IEEE Trans. Pattern. Anal. Mach. Intell. 33, 433–445. doi: 10.1109/tpami.2010.125

Chen, J., Mao, Z., Yao, W. X., and Huang, Y. F. (2019a). EEG-based biometric identification with convolutional neural network. Multimedia Tools Appl. 79, 10655–10675. doi: 10.1007/s11042-019-7258-4

Chen, J., Mao, Z., Zheng, R., Huang, Y., and He, L. (2019b). Feature selection of deep learning models for EEG-based RSVP target detection. IEICE Trans. Inform. Syst. 102, 836–844. doi: 10.1587/transinf.2018edp7095

Chen, X., Chen, Z., Gao, S., and Gao, X. (2014). A high-ITR SSVEP-based BCI speller. Brain Comput. Interf. 1, 181–191. doi: 10.1080/2326263x.2014.944469

Farwell, L. A., and Donchin, E. (1988). Talking off the top of your head: toward a mental prosthesis utilizing event-related brain potentials. Electroencephalogr. Clin. Neurophysiol. 70, 510–523. doi: 10.1016/0013-4694(88)90149-6

Fernandez-Rodriguez, A., Medina-Julia, M. T., Velasco-Alvarez, F., and Ron-Angevin, R. (2020). Effects of spatial stimulus overlap in a visual P300-based brain-computer interface. Neuroscience 431, 134–142. doi: 10.1016/j.neuroscience.2020.02.011

García-Salinas, J. S., Villaseñor-Pineda, L., Reyes-García, C. A., and Torres-García, A. A. (2019). Transfer learning in imagined speech EEG-based BCIs. Biomed. Signal Proc. Control 50, 151–157. doi: 10.1016/j.bspc.2019.01.006

Gehler, P. V., and Schölkopf, B. (2002). An introduction to kernel learning algorithms. IEEE Trans. Neural Netw. 12, 181–201.

Gerson, A. D., Parra, L. C., and Sajda, P. (2006). Cortically coupled computer vision for rapid image search. IEEE Trans. Neural. Syst. Rehabil. Eng. 14, 174–179. doi: 10.1109/tnsre.2006.875550

Gordon, S. M., Jaswa, M., Solon, A. J., and Lawhern, V. J. (2017). Real world BCI, proceedings of the 2017 ACM workshop on an application-oriented approach to bci out of the laboratory. BCI Real 17, 25–28.

Guan, C., Thulasidas, M., and Wu, J. (2004). “High performance P300 speller for brain-computer interface,” in Proceedings of the IEEE International Workshop on Biomedical Circuits and Systems, Singapore.

Hajinoroozi, M., Mao, Z., Lin, Y.-P., and Huang, Y. (2017). “Deep transfer learning for cross-subject and cross-experiment prediction of image rapid serial visual presentation events from eeg data, augmented cognition. neurocognition and machine learning,” in Proceedings of the 11th International Conference, AC 2017, Held as Part of HCI International 2017, Vancouver, BC.

Huang, L., Zhao, Y., Zeng, Y., and Lin, Z. (2017). BHCR: RSVP target retrieval BCI framework coupling with CNN by a Bayesian method. Neurocomputing 238, 255–268. doi: 10.1016/j.neucom.2017.01.061

Huang, Y., Erdogmus, D., Pavel, M., Mathan, S., and Hild, K. E. (2011). A framework for rapid visual image search using single-trial brain evoked responses. Neurocomputing 74, 2041–2051. doi: 10.1016/j.neucom.2010.12.025

Jalilpour, S., Hajipour Sardouie, S., and Mijani, A. (2020). A novel hybrid BCI speller based on RSVP and SSVEP paradigm. Comput. Methods Prog. 187:105326. doi: 10.1016/j.cmpb.2020.105326

Kadioglu, B., Yildiz, I., Closas, P., and Erdogmus, D. (2018). M-estimation-based subspace learning for brain computer interfaces. IEEE J. Select. Top. Signal. Process. 12, 1276–1285. doi: 10.1109/jstsp.2018.2871956

Koçanaoğulları, A., Marghi, Y. M., Akçakaya, M., and Erdoğmuş, D. (2020). An active recursive state estimation framework for brain-interfaced typing systems. Brain Comput. Interf. 6, 149–161. doi: 10.1080/2326263x.2020.1729652

Krusienski, D. J., Sellers, E. W., Cabestaing, F., Bayoudh, S., McFarland, D. J., Vaughan, T. M., et al. (2006). A comparison of classification techniques for the P300 Speller. J. Neural Eng. 3, 299–305. doi: 10.1088/1741-2560/3/4/007

Lees, S., Dayan, N., Cecotti, H., McCullagh, P., Maguire, L., Lotte, F., et al. (2018). A review of rapid serial visual presentation-based brain-computer interfaces. J. Neural Eng. 15:021001. doi: 10.1088/1741-2552/aa9817

Lees, S., McCullagh, P., Payne, P., Maguire, L., Lotte, F., and Coyle, D. (2020). Speed of rapid serial visual presentation of pictures, numbers and words affects event-related potential-based detection accuracy. IEEE Trans. Neural. Syst. Rehabil. Eng. 28, 113–122. doi: 10.1109/tnsre.2019.2953975

Marathe, A. R., Lawhern, V. J., Wu, D., Slayback, D., and Lance, B. J. (2016). Improved neural signal classification in a rapid serial visual presentation task using active learning. IEEE Trans. Neural Syst. Rehab. Eng. 24, 333–343. doi: 10.1109/tnsre.2015.2502323

Marathe, A. R., Ries, A. J., and McDowell, K. (2013). “In foundations of augmented cognition,” in Proceedings of the 7th International Conference, AC 2013, Held as Part of HCI International 2013, Las Vegas, NV.

Mijani, A. M., Shamsollahi, M. B., and Sheikh Hassani, M. (2019). A novel dual and triple shifted RSVP paradigm for P300 speller. J. Neurosci. Methods 328:108420. doi: 10.1016/j.jneumeth.2019.108420

Muller, K., Anderson, C. W., and Birch, G. E. (2003). Linear and nonlinear methods for brain-computer interfaces. IEEE Trans. Neural Syst. Rehabil. Eng. 11, 165–169. doi: 10.1109/tnsre.2003.814484

Ramoser, H., Muller-Gerking, J., and Pfurtscheller, G. (2000). Optimal spatial filtering of single trial EEG during imagined hand movement. IEEE Trans. Rehabil. Eng. 8, 441–446. doi: 10.1109/86.895946

Ratcliffe, L., and Puthusserypady, S. (2020). Importance of graphical user interface in the design of P300 based brain-computer interface systems. Comput. Biol. Med. 117:103599. doi: 10.1016/j.compbiomed.2019.103599

Rivet, B., Cecotti, H., Souloumiac, A., Maby, E., and Mattout, J. (2011). “Theoretical analysis of xDAWN algorithm: application to an efficient sensor selection in a P300 BCI,” in Proceedings of the 19th Signal Processing Conference, European, Barcelone.

Roark, B., Beckley, R., Gibbons, C., and Fried-Oken, M. (2013). Huffman scanning: using language models within fixed-grid keyboard emulation. Comput. Speech Lang. 27, 1212–1234. doi: 10.1016/j.csl.2012.10.006

Sajda, P., Gerson, A., and Parra, L. (2003). “High-throughput image search via single-trial event detection in a rapid serial visual presentation task,” in Proceedings of the First International IEEE EMBS Conference on Neural Engineering, 2003. Conference Proceedings, Capri Island.

Sajda, P., Pohlmeyer, E., Wang, J., Parra, L. C., Christoforou, C., Dmochowski, J., et al. (2010). In a blink of an eye and a switch of a transistor: cortically coupled computer vision. Proc. IEEE 98, 462–478. doi: 10.1109/jproc.2009.2038406

Townsend, G., LaPallo, B. K., Boulay, C. B., Krusienski, D. J., Frye, G. E., Hauser, C. K., et al. (2010). A novel P300-based brain-computer interface stimulus presentation paradigm: moving beyond rows and columns. Clin. Neurophysiol. 121, 1109–1120. doi: 10.1016/j.clinph.2010.01.030

Wolpaw, J., Birbaumer, N., McFarland, D., Pfurtscheller, G., and Vaughan, T. (2002). Brain-computer interfaces for communication and control. Clin. Neurophysiol. 113, 767–791.

Won, K., Kwon, M., Jang, S., Ahn, M., and Jun, S. C. (2019). P300 speller performance predictor based on RSVP multi-feature. Front. Hum. Neurosci. 13:261. doi: 10.3389/fnhum.2019.00261

Won, K., Kwon, M., Lee, S., Jang, S., Lee, J., Ahn, M., et al. (2018). “Seeking RSVP task features correlated with p300 speller performance,” in Proceedings of the 2018 IEEE International Conference on Systems, Man, and Cybernetics (SMC), Miyazaki.

Xanthopoulos, P., Pardalos, P. M., and Trafalis, T. B. (2012). Linear discriminant analysis. Robust Data Mining 27–33. doi: 10.1007/978-1-4419-9878-1_4

Yin, E., Zeyl, T., Saab, R., Chau, T., Hu, D., and Zhou, Z. (2015). A hybrid brain-computer interface based on the fusion of P300 and SSVEP scores. IEEE Trans. Neural Syst. Rehabil. Eng. 23, 693–701. doi: 10.1109/tnsre.2015.2403270

Yin, E., Zeyl, T., Saab, R., Hu, D., Zhou, Z., and Chau, T. (2016). An auditory-tactile visual saccade-independent p300 brain-computer interface. Int. J. Neural Syst. 26:1650001. doi: 10.1142/s0129065716500015

Yin, E., Zhou, Z., Jiang, J., Chen, F., Liu, Y., Hu, D., et al. (2013). A novel hybrid BCI speller based on the incorporation of SSVEP into the P300 paradigm. J. Neural Eng. 10:026012. doi: 10.1088/1741-2560/10/2/026012

Zeng, Y., Wu, Q., Yang, K., Tong, L., Yan, B., Shu, J., et al. (2019). EEG-based identity authentication framework using face rapid serial visual presentation with optimized channels. Sensor 19:6. doi: 10.3390/s19010006

Zhang, M.-L., Peña, J. M., and Robles, V. (2009). Feature selection for multi-label naive Bayes classification. Inform. Sci. 179, 3218–3229. doi: 10.1016/j.ins.2009.06.010

Zhao, X., Zhao, J., Liu, C., and Cai, W. (2020). Deep neural network with joint distribution matching for cross-subject motor imagery brain-computer interfaces. Biomed. Res. Int. 2020:7285057.


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.

Copyright © 2020 Liu, Wang, Sheng, Zhang, Xu and Ming. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/xhtml/Nav.xhtml




Contents





		Cover



		Improving the Cross-Subject Performance of the ERP-Based Brain–Computer Interface Using Rapid Serial Visual Presentation and Correlation Analysis Rank



		INTRODUCTION



		MATERIALS AND METHODS



		Participants



		Apparatus



		Experimental Paradigm







		DATA ANALYSIS



		EEG Data Processing



		Coherence Average ERP Signals



		Processing Method



		Coherent Average Algorithm



		Angle Cosine Similarity



		Information Transfer Rate



		Linear Discriminant Analysis



		Correlation Analysis Rank (CAR) Algorithm











		RESULTS



		ERP Analyses



		Cosine Similarity Analysis



		ITR Analysis



		CAR Analyses







		DISCUSSION



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		REFERENCES

















OPS/images/fnhum-14-00296-i002.jpg





OPS/images/cover.jpg
, frontiers _
In Human Neuroscience








OPS/images/fnhum-14-00296-g003.jpg
\ ” ) Target prompt

\Target prompt Sroundsof Ato Z

¥
8 target letters
\

L §
20 blocks





OPS/images/fnhum-14-00296-e001.jpg
= i & i s
so=o Ex;(u) =sm+ 4 E‘ ni(n) @






OPS/images/fnhum-14-00296-g002.jpg
0 0 139 | 255 | 255 | 255 255 139 139 255 0 255 0
Color 255 255 0 130 | 255 20 0 131 87 255 139 106 0
255 0 139 71 0 147 0 134 66 255 139 106 205
A B C D E F G H I J K L M
Letters
N O P Q R S T U Vv \\Y% X Y V4






OPS/images/fnhum-14-00296-e000.jpg
xj(m) =s(m) + nj(m),j=1,2,... M 1)






OPS/images/fnhum-14-00296-g001.jpg
Cc2 C4 Cé6

CP2 cCpP4






OPS/images/fnhum-14-00296-i000.jpg
3 ()





OPS/images/fnhum-14-00296-i001.jpg





OPS/images/logo.jpg
, frontiers .
in Human Neuroscience





OPS/images/fnhum-14-00296-g007.jpg
Matrix

o
(=]

| | |
o (=] o
©o < N

2)ey Jajsuel] UonewIoju|

RSVP





OPS/images/fnhum-14-00296-e005.jpg
e






OPS/images/cross.jpg
3,

i





OPS/images/fnhum-14-00296-g006.jpg
Matrix paradigm RSVP paradigm

%]
-
o
QL
L0
35
wv)

50 10 20

l subjects






OPS/images/fnhum-14-00296-e004.jpg
log, N + Plog, P+ (1 — P)log, =%
R et

ITR (5)





OPS/images/fnhum-14-00296-g005.jpg
10

Amnlitude/uV
- ~N E o

[

-
=3

Amplitude/pV

"

I

®
T

)

=

=

cé"





OPS/images/fnhum-14-00296-e003.jpg
cosh =

x1x2 +y1y2

VR x 8+

)





OPS/images/fnhum-14-00296-g004.jpg
Press the space to start

Preparation interface Target prompt (random)






OPS/images/fnhum-14-00296-e002.jpg
aeb
0=
lall 1Bl

3)





OPS/images/fnhum-14-00296-g008.jpg
0.9-4 € random  ** == *k * % *

-4 CAR **
0.8"" % %

*
@) .
2 0.7-*

0.6

0.5

—r r 1 1111 1717711
0 5 10 15 20 25 30 35 40 45 50 55 60

Number of training sets





