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Abstract

:

This study proposed an auditory stimulation protocol based on Shadowing Tasks to improve the sound-evoked potential in an EEG and the efficiency of an auditory brain–computer interface system. We use stories as auditory stimulation to enhance users’ motivation and presented the sound stimuli via headphones to enable the user to concentrate better on the keywords in the stories. The protocol presents target stimuli with an oddball P300 paradigm. To decline mental workload, we shift the usual Shadowing Tasks paradigm: Instead of loudly repeating the auditory target stimuli, we ask subjects to echo the target stimuli mentally as it occurs. Twenty-four healthy participants, not one of whom underwent a BCI use or training phase before the experimental procedure, ran twenty trials each. We analyzed the effect of the auditory stimulation based on the Shadowing Tasks theory with the performance of the auditory BCI system. We also evaluated the judgment effectiveness of the three ERPs components (N2P3, P300, and N200) from five chosen electrodes. The best average accuracy of post-analysis was 78.96%. Using component N2P3 to distinguish between target and non-target can improve the efficiency of the auditory BCI system and give it good practicality. We intend to persist in this study and involve the protocol in an aBCI-based home care system (HCS) for target patients to provide daily assistance.
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1. Introduction


Many people with severe motor paralysis, such as spinal cord injury, locked-in syndrome (LIS), and amyotrophic lateral sclerosis (ALS), who have lost communication skills, cannot express their thoughts freely. Yet, most functions of their brain and senses are without dysfunction [1,2,3,4,5]. Over the past few decades, many supportive tools have been developed (including brain–computer interface (BCI) systems) in dramatic proliferation [6,7,8,9,10,11,12,13]. In addition, an auditory BCI (aBCI) is a helpful tool for people with severe motor paralysis at the end stage or who cannot stare at the screen [14,15,16]. However, the speed and accuracy of contemporary auditory BCIs are slower and lower than those of visual modality BCIs [17].



The user of a stimulus-driven BCI system has to choose to focus on one stimulus out of the numerous stimuli presented at the same time, which evokes a specific event-related potential (ERP) pattern [15,18,19], including components P300 (P3), and N200 (N2), as shown in Figure 1. The oddball paradigm is usually used to elicit the components of ERPs. BCI application extracts the feature values of the data from the monitored electroencephalograph (EEG) simultaneously. Then, the features are classified and generated to a resulting command immediately. The application of EEG is in a broad scope for clinical [20] and non-clinical applications, such as transport, entertainment [21], and education [22]. For example, using EEG equipment in the applications of ML-based disease diagnosis or mental workload prediction is familiar.



Sutton proposed that external stimuli would evoke a human brainwave fluctuation, called event-related potentials (ERP), in 1965 [23]. Specific physical events or psychological events trigger these time-dependent potentials of brainwave fluctuations [23,24]. A BCI system based on ERP obtains potentials on the surface of the cortex [13,15,25]. The ERP-based BCI system learns the basics of a user’s brain system via the ERPs obtained from the user’s brain rhythm [24,26]. The potentials of the user’s brainwaves are amplified and recorded by the EEG device [19,27,28]. The ERP-based BCI system accepts these signals from EEG and filters these EEG data. Then, the BCI system uses signal accumulation and averaging methods to extract the specific features of ERP components, then classify and interpret them [16,24,29]. Finally, these signals are converted into instructions and output to the devices to help the user perform [9,12,13,30,31].



A P300 (P3) peak usually appears around 300–400 ms after the stimulus presentation. That is, P3 is a higher deflection peak of an ERP [16,19,28,29,32]. Additionally, an N200 (N2) trough often comes about 200 ms later than the onset of a target stimulus. So, N2 is a lower deflection trough of an ERP [9,16,31,33]. If the user focuses on detecting the targets, the P300 and N200 waves facilely come about [18,34,35]. Usually, the P3 potentials of the non-target stimuli are lower than that of the target stimulus. The situation is just the opposite for N2 [31,36]. In addition, the ERP component latencies deepen the difficulty of discriminating between the target and non-target stimuli [29].



A stimulus-driven aBCI system plays the sound stimuli through either headphones or speakers. The users of a stimulus-driven aBCI must focus only on the sound they want to hear (target) while ignoring the others (non-targets) [17]. For example, if the user pays attention to the sound played in the left earphone and ignores the sound in the right earphone, then the sound played from the left channel of the headphones is the target sound stimulus at that moment. The difference in the responses that the EEG gains allows the system to group the ERPs into target and non-target. The aBCI system then captures and classifies these signals and interprets the discriminative features of the ERP components.



However, it is not a simple task for the user of an aBCI to pay attention to one of the two or more different voices played simultaneously [31,37]. The noise ratio (SNR) of a non-invasive BCI is lower than in the case of invasive technology [38]. Thus, ERP responses of an auditory BCI system were less class-discriminative between attended and unattended stimuli than those of a visual BCI (vBCI) [39,40].



Therefore, numerous studies have used diverse stimulation methods to increase the classification accuracy for better-quality interfacing applications. Most aBCI systems use the Auditory Steady-State Response (ASSR) [38], N200 [9,26], or P300 [16,31,39] modalities to interpret sound stimuli. Hybrid systems that combine two aBCI modalities or at least one aBCI system with another scheme seek to improve the system’s performance [41,42,43,44]. Several studies based on ASSR have explored the impact of natural and synthetic sound sources on aBCI [45] to reduce users’ mental workload. Using more than two loudspeakers to present the spatial directionality allows the users to accept more than two options simultaneously [43,46,47]. In addition to these stimulations, the work of Marassi et al. contrasts two ways of using the aBCI: passively counting the presented target sound stimuli or simply mentally repeating them when they occur [31]. Further, aBCI performance does not depend solely on the aBCI system. Several studies indicate that the users’ mood, attention, and motivation could influence aBCI performance and P300 electrophysiology. Such factors may contribute to inter-individual differences [31,42,48].



However, conventional aBCI has not been practical because of its lack of high accuracy and reliability. The users have to suffer a substantial workload due to these auditory approaches employing more complex interfaces for system efficiency [39,42]. Furthermore, the structure of the human hearing system and the user’s attention may be critical factors [49].



A user who wants to do something via an aBCI system must be able to listen attentively to the sound stimuli of the desired option. However, when sound enters one human ear, the tone will be transmitted immediately to the other ear through the human hearing system. With the time difference in binaural hearing, people can identify the position where the sound came from and be alerted to the direction of danger [49]. Yet, this critical feature of the hearing functions makes it difficult for the user to concentrate on listening to the target sound entering one of the ears.



In addition, the degree of user concentration (selective and continuous attention) also affects the accuracy of a BCI system [50,51]. In da Silva-Sauer et al. [51], the authors showed that when the user’s attention declines, the accuracy of a BCI falls. When a person needs to pay attention to a particular sound source, they activate the control of selective attention. Thus, many studies of a stimulus-driven BCI system ask subjects to maintain a high degree of concentration during the experiment [52]. Lakey et al. [28] found that using a short mindfulness meditation induction (MMI) could maintain the user’s attention and improve the performance of P300-based BCI systems.



Thus, two factors affect the performance of an aBCI system: whether the target sound stimulus can attract the user’s attention and whether the user can easily distinguish the target sound stimulus from non-target stimuli. Therefore, we propose a strategy to maintain the user’s concentration during the sound stimuli playing to improve the accuracy of our aBCI. We introduce a novel auditory paradigm to solve the problem caused by the human hearing system and the user’s attention: using mental Shadowing Tasks to improve EEG’s sound-evoked potential of the target stimuli to enhance the aBCI system’s efficiency.



At the beginning of our study on an aBCI system, the sound stimuli consisted of periodic click sounds, such as beep, dang, and bleep. However, the effectiveness of such a sound stimulus model was mediocre. The accuracy was equal to or below the chance level. According to the work of Baykara et al., motivation influences P300 amplitude and the performance of a BCI system [48]. If the sound stimuli are monotonous and repetitive, such as beeps, they cannot trigger the users’ motivation [45]. Because the discriminative features of the ERP components in our former aBCI system research were severely disorganized, we had to use other sound sources.



Story sound is friendlier for the users than simple periodic click tones since it has a friendlier alternating (musical) temporal structure. So, we hypothesize that the application of the novel stimuli to the auditory BCI will result in a more comfortable interfacing experience. Therefore, we created a prototype of the aBCI system using audio story stimulation and the Shadowing Tasks mechanism [37,53] to carry out the subsequent experiment.



Shadowing Tasks is an experimental technique performed via headphones. Participants are required to repeat the target stimuli aloud immediately after hearing a sentence, word, or phrase. Usually, non-target stimuli appear in the background simultaneously [54]. Cherry’s Shadowing Tasks present two distinct auditory messages to the participant’s right and left ears and asks the participant to pay attention to the target sound heard in one of the two ears and repeat the sound [37,54].



Shadowing Tasks require the user to have the ability to recognize the target sound from two simultaneously heard messages. The ability to separate the target sound from the noisy background sounds is affected by many variables, such as the speaker’s gender, the direction the sound comes from, the pitch, and the speed of speech. Thus, in the Shadowing Tasks, the subjects must engage in selective attention to enable them to focus on the target sound stimuli.



This study adopted Cherry’s approach to delivering sound stimuli: stories with the target stimulus. Different story sounds are played to the user’s left and right ears in synchronization through headphones. The participant was required to pay attention to the target sound from the left or right headphones [41]. To reduce the mental workload, we asked the participants to mentally repeat the target stimuli, not repeat them aloud [31].



In this study, we incorporated mental Shadowing Tasks to maintain the user’s concentration during the presentation of sound stimuli. We aim to confirm whether the mental Shadowing Tasks can improve the EEG’s sound-evoked potential of the target stimuli and enhance the aBCI system’s efficiency. In addition, we also evaluated the judgment effectiveness of the three ERPs components (N2P3, P300, and N200) across five chosen electrodes.




2. Materials and Methods


2.1. Participants


The participants were 24 healthy people aged 20–22, 7 females. All participants were volunteers and had no head injuries, history of neurological defects, mental illness, or drug treatments. All participants had normal hearing. No participants had used BCI or received training ahead of the experimental procedure. Before participating in the experiment, all subjects signed the Informed Consent Form approved by the Human Research Ethics Committee at National Cheng Kung University. The experimental procedure ended immediately if a participant withdrew during the test, and we dropped the data.




2.2. The aBCI System


2.2.1. The Prototype of the aBCI System Module


Figure 2 shows the experimental setup. There are signal acquisition, signal processing, and application in the prototype.



The experiment used short stories compiled by the author as sound stimuli. There is a keyword in each short story that appears seven times, and the user must pay close attention and mentally repeat the keyword. The ERP-based aBCI module receives the signal data of the participant’s brainwaves via non-invasive EEG equipment that includes 32 channels [15,25]. Thus, the aBCI module can discern the participant’s choice and then export the command signal to the application.




2.2.2. The Stimulation Trials Using Audio Story


Based on the Shadowing Tasks, the study needed sound stimuli in the form of a story. We designed twelve audio stories to be the sound stimuli to help participants test the aBCI module using Shadowing Tasks. The twelve audio stories, six recorded by male pronunciation and six by female, were all recorded in mono sound channel. These stories consisted of approximately 117–138 Chinese characters, with playtimes of 45–60 s. Figure 3 shows two of the twelve audio stories (original text written in Chinese).



Each audio story includes one keyword (words rendered in boldface in Figure 3). The keyword appears seven times in the story, following the principles of the oddball paradigm [35,43], and the inter-stimulus interval (ISI) between the two keywords was 5–8 s. Thus, the user can easily focus on the target stimuli (the keyword appears seven times) in the story he wants to hear by mentally repeating the keyword, not all the words. The unequal ISI avoids anticipatory psychology from the user. The onset times of the keywords in the different stories are all different, to prevent mutual interference.




2.2.3. ERP Trial Features


In the study, the auditory BCI prototype first searched out sound-evoked potentials of the P3 peak and the N2 trough out of the ERPs gained from EEG after every trial. Thus, the system can obtain an N2P3 potential: the P300 potential minus the N200 potential. We used the values of N2P3, P300, and N200 to interpret the discriminative features and identify the best system accuracy in the post-analysis.



Our aBCI system provides two options for the user in every trial: one audio story via the left earphone (L) and the other via the right earphone (R). If the participant focuses on the audio story in the right earphone, then the figure of the ERP components in this trial resembles Figure 4. In Figure 4, the green circles mark the locations of the P3 peaks in the ERP feature, while the red marks indicate the N2 troughs. The P300 potential minus the N200 potential in the same curve is the N2P3 potential. The results using any one component of ERPs, N2P3, P300, and N200, to distinguish which audio story the participant listened to all indicate that the participant focused on the option from the right channel in this trial. Thus, the red curve (R_2) in Figure 4 is what the participant chose in this trial.





2.3. Experimental Program


2.3.1. Experimental Equipment


The EEG equipment produced by Braintronics B.V. Company for obtaining the user’s brainwave data contains CONTROL-1132, a control unit, and ISO-1032CE, a 32-channel amplifier. In addition, the prototype used a PCI-1713 card to shift the data from analog to digital. The signals of brainwave acquisition used MATLAB’s ERPLAB. Additionally, we used Borland C++ Builder to develop the aBCI module.




2.3.2. Data Collection


We made the impedance remain below 10 kΩ in the EEG equipment and set the sampling rate at 500 Hz. According to Peschke et al. [55], the connection between hearing and language processing is found in the Broca area (Cz and Fz) in the human brain by fMRI during the non-word Shadowing Tasks. The work of De Vos et al. [56] gained distinct P300 data from electrode Pz. Further, T3 and T4 of the 10/20 location system lie in the chief auditory cortex [49]. Thus, in this study, the EEG device obtains the user’s brainwaves via electrodes T3, T4, Pz, Cz, and Fz on their scalp [16], as shown in Figure 5. Electrode FP2 is grounded, and the reference potential gains from electrodes A1 and A2. Every electrode is Ag/AgCl wet electrode, and the electrode locations refer to the International 10–20 Location System [57,58,59].



The ISO-1032CE in EEG equipment amplifies the brainwave signal and records the EEG potentials. The control unit, CONTROL-1132, uses a 0.3–15 Hz band-pass filter to filter the signal. Then, the converter card, PCI-1713, shifts the data from analog to digital, and finally, the aBCI system receives all the EEG signals to find the stimulus focused by the user.



For noise processing, there are two parts. The first is to filter the blink noise. So, there is electrode Fp2 around the eye. If the EMG signal is detected, the system will discard the signal. The second is the AC signal of the power supply. EEG hardware equipment has filtering and voltage stabilization functions to filter. For heartbeat noise, we remove it with relative potential between the sampling electrodes and the reference electrodes (electrodes A1 and A2 around the ears). Therefore, the system can remove most of the noise. Finally, based on the principle of event-related potentials: the potentials obtained by multiple stimulations and then averaged, the system can deal with the remaining small part of the noise and gain a stable and reliable electroencephalogram.




2.3.3. Data Processing


	
Stimuli presentation: The system synchronously plays two different audio stories via the left and the right headphones as the stimuli of the aBCI experiment.



	
ERPs acquisition: One keyword appears seven times in each audio story file. The system ignores first time the keyword appears and then obtains the subject’s brainwaves the remaining six onset times of the keyword. Therefore, six ERP segments were retrieved one by one inside −100 to 800 ms based on each onset time of six keywords. Then, the aBCI system uses signal accumulation and averaging methods to treat the six ERP segments for every option to gain the ERP features.



	
ERP features interpretation: After the processing of ERPs acquisition, our aBCI system thus finds out P3 and N2 potential and calculates the N2P3 potential. Then, the system would determine which audio story was focused on by the user during the trial after it estimated the component potential for each option with each other.








2.4. Experimental Procedure


We use Figure 2 to explain the experimental prototype of the aBCI. The participant sits comfortably ahead of the aBCI system before the experimental procedure. The first preparation step before the test was to explain the test scheme, audio stories, and how to mentally repeat the keyword in the target story to the participant. Then, the experimenter attached electrodes to the participant’s scalp, helped the user to put on the headphones, and checked the headphone volume. After completing all the preparations, the experimental procedure of 20 trials (10 test runs, there are 2 trials in each test) began immediately, up to 30mins. That is, each test run includes two trial stages. Each participant must perform the test run ten times. They must make one choice on each trial (two selections on a test run). Figure 6 shows the flowchart of the test procedure.



Before each trial, the experimenter specified one audio story as the target stimulus. There is an additional instruction: a mindfulness induction, played before each trial stage to help the participant focus on the target sound stimuli. During each trial, the participant must pay attention to the target story and mentally repeat the keyword in the story. The system then obtained the ERPs of both options from EEG equipment. Next, our aBCI system determined the sound-evoked potentials of every ERP component for both options. The choice having the highest potential should be the one the participant was paying attention to during the operation. Then, the system outputted the results of each trial with R or L. If the user focuses on the audio story played through the right earphone, the code is R; otherwise, the code is L. The system will judge it as correct when the output result comes together with the target specified by the experimenter. For example, the experimenter asks the participant to listen to the audio story of the right channel (R), and if the output is R, it is correct. Therefore, after each test run (two trial stages), the user can choose which one he prefers from four options (LL, LR, RL, RR).




2.5. System Evaluation


2.5.1. Information Transfer Rate


We evaluated our proposed system by computing the classification accuracy and the information transfer rate (ITR). ITR is quite valuable for estimating an aBCI system. We refer to the work of Wolpaw et al. to do the bit-rate/min calculation [31,60], as follows:


   ITR   ( bit - rate / min )  = M {   log  2  N + P   log  2  P +  (  1 − P  )    log  2   [     (  1 − P  )     (  N − 1  )     ]  }  



(1)




where M indicates the number of choices made in a minute, N is the number of options, and P is the classification accuracy.




2.5.2. Neural Network


To determine the best identification for each participant, we used artificial intelligent technology neural network (NN) [61], a multi-layer neural network (Figure 7), to learn and analyze the output data of the five electrodes. The output of the BCI system is the input data of the neural network. Each electrode has two pieces of data: the sound-evoked potential obtained from stimulation on the left and right ears via the headphones. Therefore, the system will generate ten data from the five electrodes after every trial. Additionally, the expected output of the multi-layer neural network is to L (=0) or R (=1).



There are 11 neurons (N101 to N111) in Hidden Layer 1 and two (N201 and N202) in Hidden Layer 2. We used the Keras API with parameters set as activation = ‘sigmoid’, model.compile: loss = ‘categorical_crossentropy’, optimizer = ‘adam’, metrics = [‘accuracy’].



We use a 5-fold cross-validation method to train and validate the performance of the aBCI system. The NN model divides the data from 20 trials of each participant into five data sets. In each iteration of the cross-validation, four data sets out of five are used as training data, while the remaining data set is the testing data. Additionally, the NN model uses the gradient descent method to update the weights, the cross entropy function (Equation (3)) is used as the loss function (Equation (4)), and the learning rate is set as 0.001. After 10,000 iterations of training, the neural network achieved a high classification accuracy for training data. Then, the testing data is used to evaluate the accuracy of the model. Finally, the averaged accuracy among the five testing data sets obtained.



The activation function of each neuron is defined as sigmoid function:


   f w   ( x )  =  1  1 +  e   (  −  w T  x + b  )       



(2)




where w is the weight vector, x is the input vector, and b is the bias.



The cross entropy function is:


  H  (  p , q  )  = −   ∑  x  p  ( x )  log q  ( x )   



(3)




where p(x) is the target distribution and q(x) is the predicted matching distribution.



So, the loss function is:


  L  ( w )  = −  1 n    ∑   i = 1  n  [  y i  log  f w   (   x i   )  +  (  1 −  y i   )  log  (  1 −  f w   (   x i   )   ]   



(4)




where n is the number of training data, and when yi (desired output) ≈ fw(xi) (NN output), L(w) has a minimum value.






3. Results


Twenty-four healthy people were involved in the study and completed all experimental processes. Component N2P3 was used to analyze the EEG output online. The experimental results were analyzed as follows.



3.1. Discriminating the Sound-Evoked Potential in EEG


The system outputs the potential data (such as Table 1), the figures of the ERPs’ features (such as Figure 4), and the results using N2P3 to distinguish the EEG data online. Figure 4 illustrates how to discriminate the characteristics of EEG data with a ERPs figure. Table 1 explains the scheme for determining the value of components N2P3, P300, and N200 via sound-evoked potentials. In Figure 4, the red curve presents the ERP evoked for the sound from the right ear, and the green-dot curve shows the ERP induced for the sound from the left ear.



Figure 4 and Table 1 show that the P300 value (1.0947 µV at 376 msec) of the red curve (R option) is higher potential than that of the green-dot curve (L option), and the N200 value (−3.3680 µV at 258 msec) of the red curve (R option) is lower potential than that of the green-dot curve (L option). In Table 1, the R option (red curve) exhibits a higher N2P3 value (4.4627 µV). Therefore, the red curve is the dominant option. We thus know that the subject was focusing on the sound from the right channel of the headphones. Hence, the user’s choice is R, which is also the target specified by the experimenter. That is, the user made the right choice during this trial.




3.2. Accuracy Analyses of Experimental Results


We used audio story stimulation and mental Shadowing Tasks to accomplish the experiment. The following accuracy analyses of the data obtained from electrodes show the experimental results using Shadowing Tasks.



3.2.1. Accuracy Analyses for All Output Data


The system used five electrodes (T3, T4, Pz, Cz, and Fz) to gain the potential data of the participants’ brainwaves (ERPs). The system also outputs the classification results from the EEG data of five electrodes based on each component of the ERPs (Table 2, Table 3 and Table 4). Additionally, Figure 8 shows the potential difference between target and non-target.



Component N2P3 was used to analyze the output of the EEG online. The experimental results in Table 2, Table 3 and Table 4 demonstrate the correctness of the system’s experimental setup: the N2P3 features enabled the best discrimination. Table 5 displays the paired samples t-test results between the target and non-target options regarding accuracy and potential. These results indicate that component N2P3 can discriminate the features of ERPs well. Thus, component N2P3 is the optimal ERP for interpretation.



In addition, from the N2P3 results for online output (Table 4), the best-performing electrode Pz and the worst-performing electrode T3 were subjected to paired samples t-test. The mean between Pz and T3 did not reach a significant level (Table 6). So, we inferred that all five points are suitable for sampling electrode points.




3.2.2. Accuracy Analyses via Neural Network


The experimental results in Table 2, Table 3 and Table 4 show that the average accuracy (correct rate) is not consistent across the five electrodes of each participant, and there are high individual differences among the users. Therefore, we use a NN technology for classification and identification to identify the best prediction function for each participant and perform the validation with a 5-fold cross-validation method (Table 7). The accuracy rendered in boldface is the best among the three components of the ERPs for each participant, respectively.



The average accuracy across all the participants via the NN analysis using the data from component N2P3 was 78.96%, which is better than the accuracies of the other two components.




3.2.3. Analysis of the Average Accuracies of the ERP Components


Table 7 shows the average accuracies of the three ERP components using NN analysis. The average accuracy of using the N2P3 component to discriminate the data from the same electrodes is better than that obtained using the P300 or N200 components. Each electrode gained the same results, as shown in Table 8. As expected, after the computer calculates the results, the average accuracy using the NN analysis is better than that of each electrode as well.



We also verify whether the difference among average accuracies of three components calculated by the NN technology (Table 7) reaches significance, as shown in Table 9.




3.2.4. Effect of Gender Voice Differences on Accuracy


In the experimental process, the system simultaneously sent a pair of audio stories through the left and right sides of the headphones for participants to listen to during each trial. There are twelve audio stories, six recorded in a male voice and six in a female voice. The auditory stimuli may or may not be the same-gender voice combination. A different-gender voice combination (DG) sends one male voice and one female voice simultaneously. The same-gender voice combination (SG) presents two male (or female) voices simultaneously. Next, we compared whether the auditory stimuli of different-gender voices or same-gender voices affected the accuracy, as shown in Table 10.



After the paired samples t-test, there are no significant difference between the accuracies of different-gender voice combinations and same-gender voice combinations using components N200 and N2P3 except for P300 (p = 0.0353 * < 0.05). Additionally, the paired samples t-test results of the correct chosen R and the correct chosen L for all trials show no significant difference between the accuracies (Table 11).



This result implies that accuracy is not affected by the gender voice combination played in each headphone if the system uses component N2P3 to distinguish EEG output data.




3.2.5. Effect of the Different Gender of Subjects on Accuracy


Twenty-four healthy people, seven females, were involved in the study and completed all experimental processes. Next, we compared whether the different gender of subjects affected the accuracy, as shown in Table 12.



After the independent samples t-test, there are no significant difference between the accuracies of different gender of subjects using components P300 and N2P3 to distinguish except for using component N200 (electrodes Fz, Cz, and Pz). This result implies that accuracy is not affected by the gender of users if the system uses component N2P3 to distinguish EEG output data.





3.3. Bit-Rate Analysis


Table 13 shows the bit rate of the trials from these five electrodes and the NN technology. The average bit rate of the study is lower than that of other studies [13].





4. Discussion


Almost all researchers in this field have tried to promote the efficiency of their aBCI systems through various methods [17,41,45,47,48]. So, improving the efficiency of our aBCI is a primary task in the study as well. The accuracy of an aBCI system is deeply affected by three primary factors. First, is the stimulus appropriate? Second, are the positions of electrodes to obtain the brainwave data appropriate? Finally, should the system select which ERP components (N2P3, P300, and N200) to interpret the data of the user’s brainwaves online to achieve the best system efficiency?



Related research has sprung up like mushrooms after rain to solve the above problems. We reviewed several studies similar to this one to discuss their strengths and weaknesses, as shown in Table 14. The further discussion showed in the text description after the table.



Because of human hearing function, two factors affect the performance of the BCI system: whether the target sound stimulus attracts the user’s attention and whether the user can easily distinguish the target sound stimulus from the non-target stimuli. The work of Domingos et al. also showed that performing an attention task in an intermittent noisy or silent room had different results. It could be that humans are unaware of all the noise surrounding them every second, but if we deprive them of it, it can be worse [21].



We decided to use audio stories as sound stimulation to improve user motivation and use headphones to deliver the audio stories to enable the user to concentrate on and repeat the keywords in the stories. In our previous work [14], we invited seven participants familiar with a BCI system to test our aBCI system. We found the discriminative features in ERPs from the aBCI system are traceable, as shown in Figure 4. The features of P300 and N200 using audio story stimulation and the Shadowing Tasks mechanism were more distinct than those using other methods. These results encouraged us to perform a subsequent study of the aBCI system.



In addition, to a decline in mental workload, we shift the usual Shadowing Tasks paradigm [14]: instead of loudly repeating the auditory target stimuli, we ask subjects to echo the target stimuli mentally as it occurs [31]. We call this approach, different from those of previous studies, the mental Shadowing Tasks mechanism.



This study used twelve audio stories, six recorded by male and six by female voices. The number of audio stories is greater than that of our previous work [14]. According to the post-analysis, we found that the gender of the story voice did not affect the participants’ attention or the average accuracies using N2P3 to distinguish the EEG data, as shown in Table 10.



Most aBCI studies use more than eight electrodes to collect data [17,31,38,41,47,48,62]. To reduce user discomfort, we used only three electrodes, Pz, Cz, and Fz, to sample the user’s brainwaves via EEG equipment in our previous work [14]. In this study, referencing [16,17,49] and passing through multiple experiments, we selected five electrodes to collect the data: T3, T4, Pz, Cz, and Fz. From Table 5 and Table 6, we inferred that all five points are suitable for sampling electrode points.



In the study, we invited 24 participants who had never used a BCI system to test our aBCI system. Table 2, Table 3 and Table 4 show the average accuracies of EEG data from each electrode for each participant. While the average accuracies are better than chance, the average accuracies are not consistent across the five electrodes of each participant, and there are high individual differences among the participants as well. Therefore, we used a neural network for classification and identification to identify the best prediction function for each user to improve the user’s accuracy when using the system. Table 7 shows the average accuracies via the NN analysis. NN analysis does raise all accuracies. The average accuracies for most participants using the data from component N2P3 were the highest among the three components via the NN analysis. The average accuracy across all participants was 78.96% ((921 + 974)/2400, shown in Table 15).



The output of the designed experiment comes from one of two options, R or L. It is different from the example of a medical test for diagnosing a condition that is positive or not. So, we set the right/left ear stimulus as the target and the left/right ear as the non-target, set different thresholds for the values of ERPs, and then obtained a sequence of confusion matrices and the ROC curve (Figure 9). Based on the ROC curve, we find the best cut-off score (accuracy) = 78.32%, slightly lower than that obtained by ANN (= 78.96%).



Further, the best result of confusion matrices is the precision = 80.02%, sensitivity = 76.75%, specificity = 79.89%, and recall = 76.62% [63].



In addition to auditory stimulation and sampling electrodes, another factor affecting the performance of a BCI is the interpretation of the ERPs. This study analyzed the data of each electrode using three ERP components (N2P3, P300, and N200). Which ERP component should the aBCI system use to interpret the data of the user’s brainwaves online? Table 8 shows the average accuracies across all participants for each electrode (including the average accuracies obtained by the NN analysis). This analysis showed that the average accuracy using component N2P3 to discriminate is the best. Table 8 also indicates that no matter which electrode is used, as long as the system uses component N2P3 to discriminate the data, we obtain better results. This result is consistent with the results of our vBCI experimental [13]. According to Table 9, the average accuracies of using the three components to discriminate the data from the same electrodes is significantly different. The accuracy using component N2P3 remains the best.



Searching for suitable ERP features and algorithms to raise the information transfer rate (ITR) attracts the most activity in BCI research [64]. Based on Höhne et al., the stimuli should exist long enough to evoke the sound-evoked potential. However, if the system uses much longer stimulation, the inter-command intervals will be extended, resulting in lower information–transfer–rates (ITR) [38]. Unacceptably low ITR in this study, as shown in Table 13, is one of the items that the subsequent systems need to improve. Increasing ITR will thus be a target of future research. Perhaps the number of keywords should be reduced from 7 to 5 or 4, or the stories shortened.



Finally, in this study, we noticed that the occurrence of the ERPs components varies from person to person, as shown in Figure 4 and Figure 8. Ref. [65] implemented a thorough test for the audio-visual, visual, and auditory spatial speller paradigms. One of the results is the latencies of auditory-based P300 peaks were longer than those of visual-based P300 peaks, from 250ms to 600ms. Those latencies both occur in target and non-target stimulation. The sampling time of the P300 and N200 components in our aBCI system is different from that of the ERPs diagram of our vBCI system [13], similar to the works of Chang et al. [65] and Marassi et al. [31]. The sampling time of brainwaves for some users is delayed and varies from person to person (Figure 10). That is also an issue for our follow-up research.




5. Conclusions


The shadowing tasks of cognitive science can effectively improve users’ concentration. This study applied this principle to help the user focus more on the target stimuli during using the auditory BCI, which improved the recognition accuracy of this system. So, the shadowing tasks approach is a primary innovation of this study.



The shadowing tasks proposed by Cherry elicited increased bilateral activation predominantly in the superior temporal sulci [55]. Additionally, mental repetition can be a simpler alternative to the mental count to reduce the cognitive workload [31]. Therefore, we proposed using mental shadowing tasks to increase the sound-evoked potential of EEG. Further, motivation influences performance and P300 amplitude [48], so we use audio stories to cause and enhance the motive of users.



Patients, such as those at the terminal stage of ALS, cannot use the visual-based BCI system due to the functional loss of muscle activities such as eye movement [15]. Our aBCI system wants to address this situation. Hence, this study focuses on the aBCI paradigm based on the Shadowing Tasks. We hope to develop an auditory BCI home care system.



The study adopts an event-related potential paradigm that combines motion-onset and oddball presentation. This ERP pattern uses components P300 and N200 [9] and the component N2P3 that we identified [13,14].



We compare the average accuracy of each electrode to confirm the performance of the data from each electrode. We also contrasted the interpretation capabilities of components N2P3, P3, and N2. Our results show that the accuracy improves. The efficiency is better than the efficiency obtained using the sound stimuli consisting of periodic click sounds. The average accuracy of each subject exceeded the theoretical chance levels (Table 7). When we interpret the data gained from component N2P3 via the NN technology, the average accuracy reaches 78.96%. Farther, the average accuracies for five users out of eight exceeded 80%. The preliminary results for audio story stimulation with mental Shadowing Tasks are a step forward compared with current state-of-the-art aBCI applications. This result encourages us to conduct future research into aBCI systems with Shadowing Task paradigms for possible inclusion in practical online applications.



Finally, the lower ITR needs to be improved. Therefore, research on more efficient stimuli types for BCI based on the mental Shadowing Tasks is necessary. Future studies should include the stories of the mental Shadowing Tasks, the sampling time of the component P300 and N200 optimization for handicapped or bedridden subjects, and the algorithms to increase information transfer rates. We intend to persist in this study and involve the protocol in an aBCI-based home care system (HCS) for target patients to provide daily assistance without gaze control with their environment.
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Figure 1. ERP components after the onset of an audio stimulus, including the P300 (labeled P3) and N200 (labeled N2). Generally, the Y-axis scales are often upside down in ERP research. 
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Figure 2. The prototype of the aBCI system. The upper left presents the concept of signal acquisition, the lower the module of signal processing, and the upper right the module of signal application for subsequent development. 
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Figure 3. Two of the twelve audio stories (original text written in Chinese). Each story file includes a keyword (words rendered in boldface) that appears seven times in the story. 
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Figure 4. Average waveforms at Cz of the second stage of the 4th test run from participant N04: The red circles mark the locations of N200 (marks 1 and 2), while the green circles mark the locations of P300 (marks 3 and 4). 
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Figure 5. The positions of the electrodes based on the International 10–20 Location System. The green circles, A1 and A2, represent the reference electrodes. The ground electrode is the blue circle, FP2. 
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Figure 6. The flowchart of the test procedure. The audio stories in blue squares were played in Chinese by the system during the operation. 
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Figure 7. The structure of neural network to learn the data from the five electrodes. 
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Figure 8. The potential differences between the target and non-target using components N200, P300, and N2P3 of ERPs to classify data from the five electrodes. 
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Figure 9. The ROC curve by setting the right ear stimulus as the target and the left ear stimulus as the non-target. 
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Figure 10. The delay situation of the components P300 and N200 in ERPs: The latencies of auditory P300 (marks 3 and 4) and N200 (marks 1 and 2) responses are longer than the theoretical latencies. The average waveforms at T3 is the first stage output of the 5th test run from participant N01. 
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Table 1. ERP values (µV) of options obtained from the Cz, 2nd stage, the 4st test run of N04.
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Options

	
N2P3

	
P300

	
N200

	
Target

	
Result




	
Specified

	
On Line

	
Off Line






	
R

	
4.4627 *

	
1.0947 *

	
−3.3680 *

	
✓

	
✓

	
N2P3, P300, N200




	
L

	
1.0026

	
−0.1217

	
−1.1242

	

	

	








*: the potential accepted between two options.
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Table 2. The average accuracies by component N200 of the experimental trial using mental Shadowing Tasks.
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Unit: %




	
Subjects

	
T3

	
T4

	
Fz

	
Cz

	
Pz

	
Average






	
N01

	
50.00

	
50.00

	
70.00 *

	
60.00

	
45.00

	
55.00




	
N02

	
60.00

	
65.00

	
75.00

	
80.00 *

	
70.00

	
70.00




	
N03

	
55.00

	
45.00

	
50.00

	
60.00 *

	
50.00

	
52.00




	
N04

	
55.00

	
65.00

	
85.00 *

	
75.00

	
60.00

	
68.00




	
N05

	
40.00

	
65.00 *

	
60.00

	
60.00

	
35.00

	
52.00




	
N06

	
55.00

	
40.00

	
60.00

	
55.00

	
65.00 *

	
55.00




	
N07

	
60.00

	
65.00 *

	
60.00

	
60.00

	
50.00

	
59.00




	
N08

	
60.00

	
65.00 *

	
60.00

	
50.00

	
55.00

	
58.00




	
N09

	
55.00 *

	
50.00

	
55.00 *

	
55.00 *

	
55.00 *

	
54.00




	
N10

	
40.00

	
45.00

	
70.00 *

	
70.00 *

	
65.00

	
58.00




	
N11

	
50.00 *

	
40.00

	
50.00 *

	
50.00 *

	
50.00 *

	
48.00




	
N12

	
50.00

	
35.00

	
65.00 *

	
45.00

	
50.00

	
49.00




	
N13

	
70.00

	
70.00

	
70.00

	
75.00 *

	
45.00

	
66.00




	
N14

	
45.00

	
80.00 *

	
50.00

	
60.00

	
65.00

	
60.00




	
N15

	
45.00

	
70.00 *

	
65.00

	
65.00

	
50.00

	
59.00




	
N16

	
50.00

	
65.00 *

	
45.00

	
40.00

	
40.00

	
48.00




	
N17

	
45.00

	
80.00 *

	
70.00

	
70.00

	
70.00

	
67.00




	
N18

	
50.00

	
65.00

	
70.00

	
75.00 *

	
65.00

	
65.00




	
N19

	
70.00 *

	
60.00

	
70.00 *

	
70.00 *

	
65.00

	
67.00




	
N20

	
45.00

	
55.00

	
75.00 *

	
60.00

	
45.00

	
56.00




	
N21

	
55.00

	
55.00

	
70.00 *

	
65.00

	
60.00

	
61.00




	
N22

	
75.00 *

	
55.00

	
60.00

	
55.00

	
45.00

	
58.00




	
N23

	
60.00

	
65.00 *

	
55.00

	
55.00

	
50.00

	
57.00




	
N24

	
75.00 *

	
50.00

	
75.00 *

	
50.00

	
60.00

	
62.00




	
Average

	
54.79

	
58.33

	
63.96 *

	
60.83

	
54.58

	
58.50








*: the best accuracy around the electrodes.
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Table 3. The average accuracies by component P300 of the experimental trial using mental Shadowing Tasks.






Table 3. The average accuracies by component P300 of the experimental trial using mental Shadowing Tasks.





	

	
Unit: %




	
Subjects

	
T3

	
T4

	
Fz

	
Cz

	
Pz

	
Average






	
N01

	
75.00 *

	
75.00 *

	
60.00

	
75.00 *

	
75.00 *

	
72.00




	
N02

	
40.00

	
60.00 *

	
35.00

	
30.00

	
35.00

	
40.00




	
N03

	
65.00

	
65.00

	
50.00

	
60.00

	
70.00 *

	
62.00




	
N04

	
70.00 *

	
55.00

	
45.00

	
50.00

	
55.00

	
55.00




	
N05

	
70.00 *

	
45.00

	
45.00

	
50.00

	
55.00

	
53.00




	
N06

	
60.00

	
40.00

	
50.00

	
60.00

	
65.00 *

	
55.00




	
N07

	
55.00

	
55.00

	
60.00

	
55.00

	
65.00 *

	
58.00




	
N08

	
50.00

	
60.00

	
80.00

	
65.00

	
85.00 *

	
68.00




	
N09

	
65.00 *

	
60.00

	
50.00

	
65.00 *

	
55.00

	
59.00




	
N10

	
60.00

	
55.00

	
65.00 *

	
55.00

	
65.00 *

	
60.00




	
N11

	
65.00

	
55.00

	
80.00 *

	
60.00

	
60.00

	
64.00




	
N12

	
55.00

	
65.00 *

	
60.00

	
60.00

	
60.00

	
60.00




	
N13

	
55.00 *

	
55.00 *

	
55.00 *

	
55.00 *

	
40.00

	
52.00




	
N14

	
75.00

	
50.00

	
55.00

	
80.00 *

	
75.00

	
67.00




	
N15

	
70.00

	
60.00

	
75.00

	
80.00

	
85.00 *

	
74.00




	
N16

	
70.00

	
60.00

	
55.00

	
65.00

	
75.00*

	
65.00




	
N17

	
65.00 *

	
60.00

	
60.00

	
60.00

	
55.00

	
60.00




	
N18

	
65.00

	
45.00

	
70.00 *

	
60.00

	
70.00 *

	
62.00




	
N19

	
65.00

	
75.00 *

	
55.00

	
60.00

	
65.00

	
64.00




	
N20

	
75.00

	
65.00

	
75.00

	
85.00 *

	
85.00 *

	
77.00




	
N21

	
70.00 *

	
70.00 *

	
60.00

	
45.00

	
55.00

	
60.00




	
N22

	
55.00

	
70.00 *

	
55.00

	
60.00

	
55.00

	
59.00




	
N23

	
70.00 *

	
60.00

	
55.00

	
70.00 *

	
55.00

	
62.00




	
N24

	
35.00

	
75.00 *

	
55.00

	
50.00

	
45.00

	
52.00




	
Average

	
62.50

	
59.79

	
58.54

	
60.63

	
62.71 *

	
60.83








*: the best accuracy around the electrodes.
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Table 4. The average accuracies by component N2P3 of the experimental trial using mental Shadowing Tasks.






Table 4. The average accuracies by component N2P3 of the experimental trial using mental Shadowing Tasks.





	

	
Unit: %




	
Subjects

	
T3

	
T4

	
Fz

	
Cz

	
Pz

	
Average






	
N01

	
80.00

	
65.00

	
75.00

	
85.00 *

	
65.00

	
74.00




	
N02

	
80.00 *

	
75.00

	
60.00

	
65.00

	
65.00

	
69.00




	
N03

	
75.00 *

	
55.00

	
70.00

	
55.00

	
70.00

	
65.00




	
N04

	
75.00

	
75.00

	
80.00

	
90.00 *

	
85.00

	
81.00




	
N05

	
75.00 *

	
60.00

	
65.00

	
70.00

	
50.00

	
64.00




	
N06

	
55.00

	
50.00

	
65.00

	
75.00

	
80.00 *

	
65.00




	
N07

	
65.00

	
60.00

	
60.00

	
65.00

	
75.00 *

	
65.00




	
N08

	
65.00

	
70.00

	
75.00

	
80.00 *

	
75.00

	
73.00




	
N09

	
70.00 *

	
60.00

	
65.00

	
70.00 *

	
70.00 *

	
67.00




	
N10

	
70.00

	
85.00 *

	
75.00

	
80.00

	
80.00

	
78.00




	
N11

	
65.00

	
45.00

	
70.00 *

	
60.00

	
65.00

	
61.00




	
N12

	
65.00

	
60.00

	
80.00 *

	
65.00

	
60.00

	
66.00




	
N13

	
60.00

	
60.00

	
60.00

	
45.00

	
70.00 *

	
59.00




	
N14

	
65.00

	
90.00 *

	
70.00

	
75.00

	
90.00 *

	
78.00




	
N15

	
55.00

	
70.00

	
75.00

	
65.00

	
85.00 *

	
70.00




	
N16

	
80.00 *

	
60.00

	
55.00

	
60.00

	
80.00 *

	
67.00




	
N17

	
65.00

	
65.00

	
75.00

	
85.00 *

	
75.00

	
73.00




	
N18

	
55.00

	
65.00

	
75.00

	
85.00

	
90.00 *

	
74.00




	
N19

	
65.00

	
90.00 *

	
70.00

	
80.00

	
80.00

	
77.00




	
N20

	
70.00

	
85.00 *

	
80.00

	
80.00

	
70.00

	
77.00




	
N21

	
70.00

	
75.00

	
65.00

	
80.00 *

	
55.00

	
69.00




	
N22

	
85.00 *

	
65.00

	
75.00

	
65.00

	
60.00

	
70.00




	
N23

	
80.00 *

	
70.00

	
55.00

	
65.00

	
70.00

	
68.00




	
N24

	
35.00

	
45.00

	
55.00

	
60.00 *

	
50.00

	
49.00




	
Average

	
67.71

	
66.67

	
68.75

	
71.04

	
71.46 *

	
69.13








*: the best accuracy around the electrodes.
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Table 5. Paired samples t-test results of all trials between the target and non-target options regarding accuracy and potential.






Table 5. Paired samples t-test results of all trials between the target and non-target options regarding accuracy and potential.





	
α = 0.01, N = 480




	
Components

	
Electrode

	
Case

	
Accuracy (%)

	
Potential (µV)




	
T-Value

	
p-Value

	
T-Value

	
p-Value






	
N200

	
T3

	
target

vs.

non-target

	
2.335

	
0.028

	
−0.1772

	
0.859




	
T4

	
3.366

	
0.002 *

	
−1.237

	
0.217




	
Fz

	
6.915

	
0.000 ***

	
−3.971

	
0.000 ***




	
Cz

	
5.159

	
0.000 ***

	
−2.249

	
0.025




	
Pz

	
2.298

	
0.031 *

	
−0.576

	
0.565




	
P300

	
T3

	
target

vs.

non-target

	
5.873

	
0.000 ***

	
2.521

	
0.012




	
T4

	
5.113

	
0.000 ***

	
1.021

	
0.308




	
Fz

	
3.743

	
0.001 *

	
0.028

	
0.977




	
Cz

	
4.335

	
0.000 ***

	
2.011

	
0.045 *




	
Pz

	
4.663

	
0.000 ***

	
2.792

	
0.005 *




	
N2P3

	
T3

	
target

vs.

non-target

	
7.935

	
0.000 ***

	
4.288

	
0.000 ***




	
T4

	
6.496

	
0.000 ***

	
3.046

	
0.002 *




	
Fz

	
11.327

	
0.000 ***

	
4.224

	
0.000 ***




	
Cz

	
9.182

	
0.000 ***

	
4.522

	
0.000 ***




	
Pz

	
9.245

	
0.000 ***

	
4.160

	
0.000 ***








* p < 0.05; *** p < 0.001.
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Table 6. Paired samples t-test results of average accuracies for every trial between the best and worst electrodes.






Table 6. Paired samples t-test results of average accuracies for every trial between the best and worst electrodes.





	
α = 0.01, N = 480




	
Component

	
Case

	
T-Value

	
p-Value






	
N2P3

	
T4 vs. Pz

	
−1.809

	
0.084
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Table 7. Average accuracies based on the NN analysis.






Table 7. Average accuracies based on the NN analysis.





	

	

	

	
Unit: %




	
Subjects

	
N200

	
P300

	
N2P3






	
N01

	
70.00

	
95.00 *

	
90.00




	
N02

	
85.00 *

	
55.00

	
85.00 *




	
N03

	
60.00

	
75.00

	
80.00 *




	
N04

	
70.00

	
60.00

	
85.00 *




	
N05

	
65.00

	
65.00

	
70.00 *




	
N06

	
65.00

	
60.00

	
85.00 *




	
N07

	
70.00 *

	
70.00 *

	
70.00 *




	
N08

	
60.00

	
80.00 *

	
80.00 *




	
N09

	
60.00

	
65.00

	
80.00 *




	
N10

	
80.00

	
70.00

	
85.00 *




	
N11

	
50.00

	
80.00 *

	
65.00




	
N12

	
55.00

	
70.00

	
75.00 *




	
N13

	
75.00 *

	
65.00

	
75.00 *




	
N14

	
70.00

	
75.00

	
80.00 *




	
N15

	
70.00

	
90.00 *

	
75.00




	
N16

	
45.00

	
70.00

	
75.00 *




	
N17

	
80.00

	
55.00

	
85.00 *




	
N18

	
75.00

	
80.00

	
90.00 *




	
N19

	
70.00

	
65.00

	
85.00 *




	
N20

	
65.00

	
80.00

	
85.00 *




	
N21

	
65.00

	
85.00 *

	
85.00 *




	
N22

	
60.00

	
65.00

	
80.00 *




	
N23

	
70.00 *

	
65.00

	
70.00 *




	
N24

	
65.00 *

	
50.00

	
60.00




	
Average

	
66.67

	
70.42

	
78.96 *








*: the best accuracy around the components.
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Table 8. Comparison of the average accuracy of three ERP components (N2P3, P300, and N200).
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Dependent Variable: Average Accuracies

	
Unit: %




	
Components

	
T3

	
T4

	
Fz

	
Cz

	
Pz

	
NN Technology






	
N200

	
54.79

	
58.33

	
63.96

	
60.83

	
54.58

	
66.67




	
P300

	
62.50

	
59.79

	
58.54

	
60.63

	
62.71

	
70.42




	
N2P3

	
67.71

	
66.67

	
68.75

	
71.04

	
71.46

	
78.96
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Table 9. Multiple comparison of the average accuracies calculated by the NN technology.






Table 9. Multiple comparison of the average accuracies calculated by the NN technology.





	
Dependent Variable: Average Accuracies from the Analysis of NN Technology




	
Electrode(I)

	
Electrode(J)

	
Mean Discrepancy(I-J)

	
p-Value






	
N2P3

	
N200

	
12.29167 ***

	
0.000 ***




	
P300

	
8.54167 *

	
0.011 *




	
P300

	
N200

	
3.75000

	
0.400








* p < 0.05; *** p < 0.001.
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Table 10. The average accuracies using different-gender (DG) and same-gender (SG) voices.






Table 10. The average accuracies using different-gender (DG) and same-gender (SG) voices.





	
Unit: %




	
Subjects

	
N200

	
P300

	
N2P3




	
DG

	
SG

	
DG

	
SG

	
DG

	
SG






	
N01

	
46.00

	
64.00

	
82.00

	
62.00

	
88.00

	
60.00




	
N02

	
68.00

	
72.00

	
48.00

	
32.00

	
72.00

	
66.00




	
N03

	
44.00

	
60.00

	
60.00

	
64.00

	
60.00

	
70.00




	
N04

	
62.00

	
74.00

	
60.00

	
50.00

	
82.00

	
80.00




	
N05

	
46.00

	
58.00

	
52.00

	
54.00

	
60.00

	
68.00




	
N06

	
62.00

	
48.00

	
44.00

	
66.00

	
64.00

	
66.00




	
N07

	
64.00

	
54.00

	
56.00

	
60.00

	
60.00

	
70.00




	
N08

	
60.00

	
56.00

	
68.00

	
68.00

	
70.00

	
76.00




	
N09

	
62.00

	
46.00

	
64.00

	
54.00

	
72.00

	
62.00




	
N10

	
56.00

	
60.00

	
66.00

	
54.00

	
86.00

	
70.00




	
N11

	
66.00

	
30.00

	
56.00

	
72.00

	
64.00

	
58.00




	
N12

	
34.00

	
64.00

	
60.00

	
60.00

	
52.00

	
80.00




	
N13

	
66.00

	
66.00

	
62.00

	
42.00

	
64.00

	
54.00




	
N14

	
52.00

	
68.00

	
84.00

	
50.00

	
78.00

	
78.00




	
N15

	
60.00

	
58.00

	
78.00

	
70.00

	
78.00

	
62.00




	
N16

	
44.00

	
52.00

	
64.00

	
66.00

	
60.00

	
74.00




	
N17

	
62.00

	
72.00

	
68.00

	
52.00

	
72.00

	
74.00




	
N18

	
58.00

	
72.00

	
66.00

	
58.00

	
70.00

	
78.00




	
N19

	
70.00

	
64.00

	
62.00

	
66.00

	
80.00

	
74.00




	
N20

	
48.00

	
64.00

	
82.00

	
72.00

	
78.00

	
76.00




	
N21

	
58.00

	
64.00

	
54.00

	
66.00

	
64.00

	
74.00




	
N22

	
48.00

	
68.00

	
66.00

	
52.00

	
62.00

	
78.00




	
N23

	
66.00

	
48.00

	
68.00

	
56.00

	
76.00

	
60.00




	
N24

	
62.00

	
62.00

	
60.00

	
44.00

	
56.00

	
42.00




	
Average

	
56.83

	
60.17

	
63.75

	
57.92

	
69.50

	
68.75




	
t-test

	
p = 0.2827

	
p = 0.0353 *

	
p = 0.7764








* p < 0.05.
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Table 11. Paired samples t-test results of average accuracies for every trial between correct selected R and correct selected L.






Table 11. Paired samples t-test results of average accuracies for every trial between correct selected R and correct selected L.





	
α = 0.01, N = 480




	
Case

	
T-Value

	
p-Value






	
N200

	
correct selected R vs. correct selected L

	
1.066

	
0.292




	
P300

	
correct selected R vs. correct selected L

	
−0.639

	
0.525




	
N2P3

	
correct selected R vs. correct selected L

	
−0.289

	
0.774
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Table 12. Independent samples t-test results of all trials between girls and boys.






Table 12. Independent samples t-test results of all trials between girls and boys.





	
α = 0.01, N = 340 for Boys and 140 for Girls




	
Components

	
Electrode

	
Case

	
T-Value

	
p-Value






	
N200

	
T3

	
boys vs. girls

	
−1.193

	
0.246




	
T4

	
boys vs. girls

	
−0.327

	
0.746




	
Fz

	
boys vs. girls

	
−4.405

	
0.000 ***




	
Cz

	
boys vs. girls

	
−2.348

	
0.028 *




	
Pz

	
boys vs. girls

	
−2.116

	
0.045 *




	
NN

	
boys vs. girls

	
−1.398

	
0.176




	
P300

	
T3

	
boys vs. girls

	
0.564

	
0.590




	
T4

	
boys vs. girls

	
−1.284

	
0.212




	
Fz

	
boys vs. girls

	
0.586

	
0.564




	
Cz

	
boys vs. girls

	
1.328

	
0.226




	
Pz

	
boys vs. girls

	
0.973

	
0.341




	
NN

	
boys vs. girls

	
0.709

	
0.486




	
N2P3

	
T3

	
boys vs. girls

	
0.983

	
0.336




	
T4

	
boys vs. girls

	
−1.600

	
0.124




	
Fz

	
boys vs. girls

	
−0.203

	
0.841




	
Cz

	
boys vs. girls

	
−1.788

	
0.088




	
Pz

	
boys vs. girls

	
0.201

	
0.842




	
NN

	
boys vs. girls

	
−1.303

	
0.206








* p < 0.05; *** p < 0.001.
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Table 13. Comparison of the bit-rate of three ERP components (N2P3, P300, and N200).






Table 13. Comparison of the bit-rate of three ERP components (N2P3, P300, and N200).





	
Dependent Variable: Average Bit-Rate

	




	
Components

	
T3

	
T4

	
Fz

	
Cz

	
Pz

	
NN Technology






	
N200

	
0.0114

	
0.0345

	
0.0977

	
0.0585

	
0.0104

	
0.1401




	
P300

	
0.0781

	
0.0477

	
0.0363

	
0.0563

	
0.0808

	
0.2123




	
N2P3

	
0.1585

	
0.1401

	
0.1782

	
0.2260

	
0.2353

	
0.4418
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Table 14. A comparison of the advantages and drawbacks of the proposed method with other studies.






Table 14. A comparison of the advantages and drawbacks of the proposed method with other studies.













	References
	Stimulation Modality
	Electrodes
	Subjects
	Advantages
	Drawbacks





	[46]
	P300

Spatial real, virtual sounds
	Cpz, Poz, P3, P4, P5, P6, Cz, Pz in 10/10
	9 HS
	Both stimuli types generate different event-related potential response patterns allowing for their separate classification.
	
	
Too few people participated in the experiment.



	
This analysis was more complicated, based on 8 electrodes.








	[48]
	P300

Spatial vs. non-spatial
	F3, Fz, F4, T7, C3, Cz, C4, T8, Cp3, Cp4, P3, Pz, P4, PO7, PO8, Oz
	16 HS
	Training improves performance in an auditory BCI paradigm. Motivation influences performance and P300 amplitude.
	
	
This analysis was more complicated based on 16 electrodes.



	
Average accuracy < 80%








	[17]
	P300

Spatial auditory
	32 channels in the extended 10–20 system
	9HS
	ErrP-based error correction can be used to make a substantial improvement in the performance of aBCIs.
	
	
Too few people participated in the experiment.



	
This analysis was more complicated, based on 32 electrodes.








	[41]
	ASSR+P300

Earphone auditory
	Fz, Cz, Pz, P3, P4, Oz, T3 and T4
	10 HS
	The average accuracy of the hybrid system is better than that of P300 or ASSR alone.
	
	
Too few people participated in the experiment.



	
This analysis was more complicated, based on a hybrid system.








	[45]
	ASSR

Earphone auditory
	Cz, Oz, T7, and T8
	6 HS
	The average classification accuracies online were excellent, more than 80%.
	
	
Too few people participated in the experiment.



	
This analysis was more complicated, based on the ASSR method.








	[31]
	P300

Headphone auditory
	Fz, Cz, Pz, Oz, P3, P4, PO7, PO8
	10 HS
	Mental repetition can be a simpler alternative to the mental count to reduce the mental workload.
	
	
Too few people participated in the experiment.



	
This analysis was offline.








	[16]
	Speakers
	19 channels
	12HS
	Multi-loudspeaker patterns through vowel and numeral sound stimulation provided an accuracy greater than 85% of the average accuracy.
	
	
Too few people participated in the experiment.



	
This analysis was more complicated, based on 19 electrodes.








	The proposed method
	P300

Headphone auditory
	T3, T4, Fz, Cz, Pz
	24HS
	The method of mental shadowing tasks helps the user focus on the option he wants with ease to reduce the mental workload.
	Average accuracy = 78.69%, and it will be better if the accuracy rate can be higher.
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Table 15. The frequency distribution of sound stimuli in the right and left ear using the NN technology to classify the data gained from component N2P3.






Table 15. The frequency distribution of sound stimuli in the right and left ear using the NN technology to classify the data gained from component N2P3.





	
N2P3

	
Specified Condition

	
Total




	
R

	
L






	
Classification

result

	
R

	
921

	
226

	
1147




	
L

	
279

	
974

	
1253




	
Total

	
1200

	
1200

	

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
X9

X1

Input Layer Hidden Layer Output Layer





media/file4.png
The ERP-based

KHeadphone\
aBCl Module

Signal dd N
ACQUiSition / / ¢ o /'l ﬂpplicat%
/) e ”~ | SN
({.h/ /i e ~/
// => ‘3\:
/; o N\
/ [
i \‘ \
/(/ //"' - \
\\ 1 ) .
\

\\ Signal Processing /
LI\ Control .

\ Signal Digitized Feature Translation Device

| |pigitization| _Sianal_~] extraction l_l/ stichbH

- - - - — _ _ _ __ _ _






media/file18.png
Sensitivity

- ,/ ——— y =X
—— ROC curve
. 1 | 1 |
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity





media/file3.jpg
\Headphone

Signal .
Acquisition //

//

//

| |

(

\ !

\\ Signal Processing
\ Control

o Feature 1-oioi]  Device

| [pidzion extraction ™1 | Bevee |

The ERP-based
aBCl Module

3

oo™

-ml





media/file19.jpg
S0 0 S0 100 150 20 250 30 30 40 400 50 €0 €0 70 750

O N200
O P300





media/file7.jpg
@ e w0 W R0 %o M a0 40 S0 %0 0 e T 7%

Q n2oo
O rs00





media/file10.png
NASION

|

\

i
]
-_—-1———-‘
I

]

1






media/file14.png
e

Input Layer Hidden Layer Output Layer





media/file11.jpg
Frease stend o et carn e s Pioass stend o o s nhe ot
Stage and shadow he tended a0 and shadow the atended

“mossage abot Jock message about Jack
(Paase aend o tight oa i the

(Prease tend o igh ot inthe
second stago and shadow the

‘second stage and shadow he
Standed massage sbou Ens) tendod message sbov Ena)

[san ne festsucona] Stan he rstsscond
sage weatmont stage eaimont

(Traistage = TriStage + 1

Crange the stories and
s nducton present o
e e nd ight s of

headghons
Break 1 mns
e
Toaisiage = 1
[ restum=Tesn 1 |
—
a..m.n.

vmmnu





media/file6.png
Lisa's story

Likes to grow flowers and grass. Lisa walked into the holiday flower market and bought an air
pineapple. Lisa asked the boss how to take care of the air pineapple. Lisa brought the air pineapple
home with joy. Lisa hung the air pineapple on the balcony and watered it every day. Lisa expects
that it can bloom beautiful flowers, but Lisa has been raising it for more than three months, and

she still does not see the buds! Lisa still believes that one day the air pineapple will bloom.

Jack's story

Jack is a boy who loves small car toys very much. Jack has collected a variety of model car toys
from an early age. Jack's room is full of various model cars. Jack loves the matchbox car very much.
Jack also participated in the model car friendship group. People who know Jack say that he is an
ideal person because Jack wanted to run a logistics company in the future to provide superfast and

convenient services.
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