
Page 1/23

Can Vibrotactile Stimulation and tDCS Help
Ine�cient BCI Users?
Kyungho Won 

Gwangju Institute of Science and Technology
Heegyu Kim 

Gwangju Institute of Science and Technology
Daeun Gwon 

Handong Global University
Minkyu Ahn 

Handong Global University
Chang S. Nam 

North Carolina State University
Sung Chan Jun  (  scjun@gist.ac.kr )

Gwangju Institute of Science and Technology

Research Article

Keywords: BCI, BCI illiteracy, performance variation, vibrotactile stimulation, brain stimulation

Posted Date: July 22nd, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1849849/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1849849/v1
mailto:scjun@gist.ac.kr
https://doi.org/10.21203/rs.3.rs-1849849/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/23

Abstract
Brain-computer interface (BCI) has helped people by enabling them to control a computer or machine
through brain activity without actual body movement. Despite this advantage, BCI cannot be used widely
because some people cannot achieve controllable performance. To solve this problem, researchers have
proposed stimulation methods to modulate relevant brain activity to improve BCI performance. However,
multiple studies have reported mixed results following stimulation, and comparative study of different
stimulation modalities has been overlooked. Accordingly, this comparative study was designed to
investigate vibrotactile stimulation and transcranial direct current stimulation’s (tDCS) effects on brain
activity modulation and motor imagery BCI performance among ine�cient BCI users. We recruited 44
subjects and divided them into sham, vibrotactile stimulation, and tDCS groups, and low performers were
selected from each stimulation group. We found that the BCI performance of low performers in the
vibrotactile stimulation group increased signi�cantly by 9.13% (p=0.0053), and while the tDCS group
subjects’ performance increased by 5.13%, it was not signi�cant. In contrast, sham group subjects
showed no increased performance. In addition to BCI performance, pre-stimulus alpha band power and
the phase locking value (PLVs) averaged over sensory motor areas showed signi�cant increases in low
performers following stimulation in the vibrotactile stimulation and tDCS groups, while sham stimulation
group subjects and high performers across all groups showed no signi�cant stimulation effects. Our
�ndings suggest that stimulation effects may differ depending upon BCI e�ciency, and ine�cient BCI
users have greater plasticity than e�cient BCI users.

1. Background
Brain-computer interface (BCI) constitutes an interface between a computer and the human brain that
allows people to control a computer using their brain activity without any body movements [1, 2]. BCI can
be categorized according to its control features, and motor imagery BCI is an active BCI that uses the
brain signals [3, 4] generated when people imagine body movement, such as both hands, feet, and
tongue. Motor imagery BCI applications have helped people by providing a game controlled by brain
signals [5, 6], which improves rehabilitation training [7, 8]. Compared with other BCI control features,
motor imagery is intuitive, so its BCI is natural to users, and it offers more sense of control than other BCI
types, as motor imagery BCI is active. However, challenging issues remain in BCI, including motor imagery
BCI and other BCI systems. BCI researchers have reported that a signi�cant proportion of subjects
(approximately 15–30%), who are referred to as ‘BCI-illiterate’, failed to achieve controllable BCI
performance [9–12]. Those subjects were unable to generate the distinct brain activity pattern during a
BCI task, so a machine learning-based classi�er failed to extract stable features even though the subjects
performed the BCI task. Although BCI researchers have proposed many applications and feature
extraction algorithms, BCI illiteracy remains a great challenge.

To overcome BCI illiteracy so that everyone can achieve controllable BCI performance, BCI researchers
have approached the issue from multiple perspectives. One approach is to develop new feature extraction
algorithms to identify hidden and robust features to improve BCI performance in the hope that they can
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extract control features from BCI-illiterate as well as good performers [13–16]. For example, Riemannian
approaches calculate the Riemannian distance between the template covariance matrices and a single
trial covariance matrix to determine the minimum distance class, which achieved improved performance
[16], and deep learning techniques have achieved dramatic performance improvement in subject-speci�c
and cross-subject BCI models through multiple hidden layers [13, 14]. However, although those proposed
advanced feature extraction algorithms improved BCI performance, it is unclear that deep learning
methods improve everyone’s BCI performance. For example, Lee et al. [13] proposed subject-independent
BCI using deep convolutional neural networks (CNNs), and tested it with 54 subjects. The subjects
achieved better BCI performance compared to existing classi�cation methods with respect to subject-
speci�c and subject-independent BCI performance evaluation. However, the deep learning technique did
not solve the BCI illiteracy issues fully, as low BCI performers still remained and achieved less than 50%
accuracy (around chance level) in binary class motor imagery. Moreover, in Xu et al.’s [17] investigation
with eight different EEG datasets, the average BCI performance was lower in the datasets with many
subjects than in those with fewer subjects. It can be inferred that datasets with many subjects may
contain more who are BCI-illiterate, and whose performance did not improve, while high BCI performers
who achieved controllable performance already with existing algorithms improved their performance
further.

Another approach is beyond feature extraction algorithms that use the brain’s plasticity to modulate the
brain activity related to speci�c BCI tasks that use external stimuli. This approach focuses more on the
subject. Speci�cally, to target the brain activity related to motor imagery, two stimulation methods have
been applied most frequently: vibrotactile stimulation and electrical brain stimulation. In the vibrotactile
stimulation, it is known that somatosensory stimulation modulates corticospinal excitability and the
stimulation can increase motor evoked potentials (MEPs) [18]. Previous studies have investigated
vibrotactile stimulation’s effects during motor imagery and found that it improved motor imagery BCI
performance by enhancing the brain activity on the electrode channels around the motor cortex [19, 20].
Further, they have observed that vibrotactile stimulation during a motor imagery task enhanced event-
related desynchronization (ERD) and improved motor imagery BCI performance. In addition to sensory
stimulation, the other stimulation method is electrical brain stimulation, such as transcranial direct
current stimulation (tDCS) [21, 22]. Baxter et al. investigated the stimulation effects of high-de�nition
tDCS (HD-tDCS) by placing anode and cathode electrodes between the CP3/P3 electrode channels and
observed that anodal stimulation decreased the mean time to achieve right hand imagery successfully
and increased alpha and beta band power at the C3/CP3 channels after the stimulation session [21].
However, previous tDCS studies have reported mixed effects with respect to the ERD after the tDCS
session. In particular, some previous studies found an increase in ERD in the hemisphere stimulated
during motor imagery tasks [23–25], while one found a decrease in ERD following the tDCS session [26].
Still another study found that tDCS did not affect frequencies above 9Hz [27].

Rather than developing new feature extraction algorithms, external stimulation sources may have greater
potential to solve the BCI illiteracy problem as the stimulation methods affect brain activity. In contrast,
feature extraction algorithms may fail to identify the robust features if they do not exist in the brain
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signals recorded from BCI-illiterate individuals. However, some limitations exist in the stimulation-based
approaches to be addressed. One consideration is the lack of a comparative study of vibrotactile
stimulation and tDCS, the stimulation method used most frequently to modulate brain activity during
motor imagery and improve motor imagery BCI performance. The di�culty in conducting a comparative
study originates from the stimulation paradigm. In general, vibrotactile stimulation is delivered while
subjects are performing a motor imagery task because the stimulation enhances the cortical activation
that motor imagery induces [20] and thus concurrent stimulation effects can be investigated. However,
with tDCS, the stimulation effects are investigated following the stimulation session because recording
EEG during the stimulation session is not applicable, and appropriate stimulation is necessary to
modulate brain activity. Thus, to compare the stimulation effects, the stimulation paradigms should be
equal. Here, we conducted a study to compare the stimulation effects of vibrotactile stimulation and
tDCS with the same stimulation paradigm by assessing the effects of the vibrotactile stimulation
following the stimulation session.

Another consideration when investigating the stimulation effects is to divide the subjects according to
BCI e�ciency. Previous studies have found that ine�cient (low performers) and e�cient BCI users (high
performers) exhibited different neurophysiological characteristics. One study incorporated brain network
features into ERD to improve low performers’ motor imagery BCI performance [28]. They found that the
subjects bene�ted from brain network features (functional connectivity), and suggested that low
performers may engage in motor imagery differently than high performers, and thus existing features,
such as ERD, cannot capture the engagement although the brain network showed the possibility.
Similarly, another study divided the subjects recruited into two groups based upon BCI performance,
compared their brain networks on multiple network scales [29], and found signi�cantly higher phase
synchronization values in the right hemisphere during high performers’ motor imagery. In addition to
brain network measures, a difference between low and high BCI performers’ frequency band power has
been reported during the rest or pre-stimulus period, showing that subjects with higher alpha band or
sensory motor rhythm (SMR) power during those periods are more likely to achieve better BCI
performance [30–32]. Based upon the previous �ndings, it can be expected that vibrotactile stimulation or
tDCS affects low and high performers differently because the two show different characteristics and may
engage in the same task in different ways. In addition to the neurophysiological perspective, they may
differ from the behavioral perspective. High performers who achieve controllable BCI performance before
the stimulation session have a sense of control already, and their brain activity is optimal and stable in
the task. Therefore, external changes are less likely to affect them. On the other hand, low performers do
not have this sense of control, and their brain activity is not yet optimal and is unstable. Therefore, low
performers may have more potential to change.

In this study, we propose to compare vibrotactile stimulation and tDCS’s stimulation effects on brain
activity related to motor imagery among ine�cient BCI users. Through this study, we investigated which
brain activity can be modulated by vibrotactile stimulation and tDCS and whether they can help improve
low performers’ BCI performance.
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2. Methods
2.1 Experimental Procedure and Data Acquisition

We recruited a total of 44 healthy subjects for this study, and assigned them randomly to three groups—
sham (control), vibrotactile stimulation, and tDCS. This experiment was conducted in a quiet space, and
the subjects were seated in a comfortable chair approximately one meter from a 24-inch screen. The
subjects were asked to place both of their hands on a desk to prevent hand movement while they
performed the motor imagery tasks. We used OpenViBE software [33] and custom-built MATLAB scripts
to acquire EEG, process online signals, and present the motor imagery task. As shown in Figure 1, EEG
were recorded �rst for one minute during the eyes-open resting state. Thereafter, the subjects performed a
left- and right-hand motor imagery task that consisted of two o�ine and two online blocks each. The
subjects received different stimuli while performing the four o�ine motor imagery blocks according to
their assigned groups. After the stimulation session, they performed the same motor imagery task that
they performed before the stimulation session, and eyes-open resting state EEG were recorded before and
after the stimulation session. EEG were recorded from 19 wired dry electrode channels, referenced by the
left and right earlobes at 300Hz (DSI-24, Wearable Sensing, USA). This experiment was approved by the
Institutional Review Board at Gwangju Institute of Science and Technology (20210806-HR-62-03-02), and
all subjects were informed about the experimental procedure and signed informed consent.

In the motor imagery task, the subjects performed left- and right-hand motor imagery rather than actual
movement. The subjects were asked to imagine hand movements in a kinesthetic rather than visual way,
as a previous study reported that kinesthetic motor imagery (KMI) and visual motor imagery (VMI)
showed different brain activations [34]. Each trial began with a �xation cross for the �rst 1.5 seconds.
During the next 4 seconds, an orange-colored circle appeared in the center of the screen, and an
instruction bar appeared on the left or right side. The subjects were instructed to keep imagining left- and
right-hand movements according to the direction of the bar until the blank screen, which remained blank
for 1.5 seconds. This trial was repeated 40 times and included shu�ed left- and right-hand trials for each
block. During the o�ine phase (two blocks), there was no motor imagery feedback. After the o�ine
phase, the subjects’ EEG data were used to train common spatial pattern (CSP)-based spatial �lter and
Fisher’s linear discriminant analysis (FLDA) classi�er. Thereafter, the subjects performed the online phase
that consisted of two motor imagery blocks that showed visual feedback for 1.5 seconds by moving the
circle to classi�ed directions.

For CSP-FLDA, an epoch was extracted from each trial at [1000-3500] ms to the stimulus onset, and
band-pass �ltered with cutoff frequencies of 8 and 30Hz using the 4th-order Butterworth �lter. However,
we note that hyper-parameters for online classi�ers were changed after the �rst ten subjects. Speci�cally,
for the �rst ten subjects, CSP-FLDA was trained by 19 electrode channels and the �rst and last two CSP
�lters were selected. However, electrodes around the eyes and occipital areas often yielded notable noise
with high variation attributable to non-brain activity, such as motion artifacts, eye movements, and bad
contacts. As a result, for the remaining subjects, nine electrode channels around the central area,
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including the F3, Fz, F4, C3, Cz, C4, P3, Pz, and P4 channels, were used to train CSP, and the �rst and last
CSP �lters were selected to train FLDA. In this study, we calculated o�ine BCI performance to compare
BCI performance with the same hyper-parameter over all subjects, as described in section 2.3.

2.2 Stimulation Session Design 

 In this study, we compared the stimulation effects on brain activity modulation and relevant BCI
performance. Depending upon the stimulation group, each subject performed a stimulation session in the
middle of two motor imagery sessions. The stimulation groups consisted of the vibrotactile stimulation
group, tDCS group, and sham stimulation group. Figure 4.2 illustrates the stimulation session for each
group. All stimulation group subjects performed four blocks of o�ine motor imagery task while receiving
stimulation.

With respect to vibrotactile stimulation (Figure 4.2A), two vibration motors (Model 310-113, Precision
Microdrives, England) activated by a Arduino Due board were used to deliver vibrotactile stimulation to
the left and right index �ngertips. Each motor is 10 mm in diameter with a 1.34G vibration amplitude. The
Arduino board was triggered through serial communication with MATLAB scripts for closed loop
vibrotactile stimulation. Recent studies have shown that EEG-guided stimulation can enhance the
stimulation effects in vibrotactile stimulation and transcranial magnetic stimulation (TMS) by targeting
motor cortex excitability states [20, 35]. Researchers have observed that stimulation triggered by the EEG
alpha falling phase outperformed continuous stimulation with respect to the motor evoked potential
(MEP) [35] amplitude and motor imagery BCI performance [20]. In this respect, our study applied
vibrotactile stimulation according to the EEG alpha (8 ~ 13Hz) phase at the electrode channels on the left
(C3) and right motor cortex (C4) as in [20]. Speci�cally, during the vibrotactile stimulation session, the
subjects were instructed to place their left and right index �ngertips on each vibration motor. For each
trial, the epoch was extracted from the contralateral EEG channel as often as 500ms every 50ms to
calculate the alpha phase. The epoch extracted was band-pass �ltered in the [8-13]Hz frequency range
using a 10th-order elliptical in�nite impulse response (IIR) �lter, and the phase was calculated using the
Fast Fourier Transform (FFT)-based phase tracking algorithm, as proposed and adopted previously [20,
36]; among the FFT amplitudes, the dominant alpha frequency component between 8 and 13Hz and the
corresponding phase were used to obtain a simple sine function to predict the upcoming phase. When the
phase predicted was falling, the vibration was delivered through the left or right vibration motor for
100ms according to the motor imagery class, and the inter-stimulation interval was set to 100ms. Thus,
the C4 channel alpha phase was extracted for the left-hand motor imagery trials, and the left vibration
motor was activated when the phase predicted was falling and the converse. After the stimulation
session, the subjects performed the same motor imagery task that they did before the stimulation
session.

 For brain stimulation (Figure 2B), high-de�nition transcranial direct current stimulation (HD-tDCS) was
delivered to the motor cortex using one anode electrode and four neighbouring cathode electrodes
(Starstim8, Neuroelectrics, Spain) after taking off the EEG cap. An anode electrode was placed to
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stimulate the contralateral motor cortex of the non-dominant hand; because all subjects in the tDCS
group were right-handed, the anode electrode was placed on C4 and the cathode electrodes were placed
on FC2, FC6, CP2, and CP6. To minimize pain attributable to tDCS, su�cient gel was injected, and the
impedance level was maintained below 2K throughout the stimulation session. The stimulation intensity
reached a target intensity of 2mA during a 30-second ramping period. The stimulation session continued
until the subjects performed four blocks of the o�ine motor imagery task, although we did not record EEG
during the tDCS session because of electrical interference. The subjects were informed that they could
stop the stimulation at any time if they felt severe pain. In addition, the sham stimulation group (control
group) subjects performed the same task as the tDCS group subjects, but they received sham, rather than
real stimulation. For the sham stimulation group, the stimulation turned off after the ramping period, and
the subjects did not know whether they belonged to the tDCS or sham stimulation group. After the
stimulation session, the subjects washed their hair and were re-equipped with the EEG cap. Then they
performed the same motor imagery task as they did before the stimulation session.

2.3 BCI Performance Evaluation

   This study used o�ine BCI performance because online BCI classi�cation parameters were not the
same for all subjects. To evaluate the subjects’ BCI performance, the EEG data were band-pass �ltered
with [8-30]Hz using the 4th-order Butterworth �lter, and any 60Hz line noise that remained was �ltered out
with the band-stop �lter from [58-62]Hz. Epochs were extracted from [500-3500] ms to the stimulus onset,
which is the time window obtained heuristically. Except for the electrodes near the eyes, those with an
amplitude greater than ±100µV were removed, and subjects who had more than 30% of bad trials among
all trials were eliminated from the analysis. Finally, we chose a region of interest (ROI), the nine electrode
channels (F3, Fz, F4, C3, Cz, C4, P3, Pz, and P4) for motor imagery BCI classi�cation using visual
inspection. To evaluate BCI performance, the �rst two motor imagery blocks (o�ine phase) were used for
training, and the remaining two blocks were used for testing. The Riemannian minimum distance metric
(MDM) [16] was used to extract features and evaluate BCI performance.

   In this study, the subjects performed the motor imagery task before and after the stimulation session to
evaluate stimulation effects on brain activity during motor imagery. Moreover, we divided each
stimulation group into low- and high-performing groups according to their pre-stimulation BCI
performance as previous studies have observed that low and high BCI performers showed different
neurophysiological characteristics [9, 30]. Further, our previous study suggested that low and high BCI
performers should be treated differently because low BCI performers’ features decreased the ability to
generalize the cross-subject BCI model signi�cantly, while subject selection may have increased cross-
subject BCI performance [37]. In addition, we assumed that poor BCI performers may have greater
potential to change their brain activity through learning or external stimulation, for either better or worse,
compared to high BCI performers because high BCI performers’ brain activity may be stable and optimal
already. To divide the subjects into low and high BCI performance groups, a previous study used the
median value of the BCI performance [29], as the median value can divide groups with the same size and
allow analysis to be performed on sub-groups of the same size. However, the distribution and sample size
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affect the median value. Accordingly, if the BCI performance data collected are biased toward high or low
performance, the divided groups do not represent true high or low performance groups. Instead, we used
the statistical random probability introduced in [38] and used in our previous study [37] to divide low and
high BCI performers, as it can produce a random threshold based upon the number of trials and the
statistical signi�cance. With 40 test trials and α=0.05 signi�cance level, we obtained 60.69% as a
threshold to divide low and high BCI performers. As a result, we divided each stimulation group’s subjects
into low and high BCI performers based upon their pre-stimulation performance and investigated the
stimulation effects in the subgroups.

2.4 Pre-stimulus Band Power for Motor Imagery

   The pre-stimulus band power was calculated from the online phase of the motor imagery task before
and after the stimulation session. Maeder et al. investigated the relation between the pre-stimulus
sensory motor rhythm (SMR) band power and motor imagery BCI performance and observed that higher
pre-stimulus SMR trials yielded signi�cantly better performance compared to lower trials [31]. In this
respect, we compared the pre-stimulus band power before and after the stimulation session for each
group to investigate the stimulus effects on the pre-stimulus band power. The online motor imagery task
phases before and after the stimulation session were used to calculate and compare the pre-stimulus
band power. To perform pre-processing, the epochs were extracted �rst from the EEG data from [-1000-
4000] ms to the stimulus onset, band-pass �ltered with [1-40]Hz, and any epochs larger than ±100µV were
removed, except for the electrodes near the eyes, and the same bad subject criterion (>30% bad trials)
was applied as in the BCI performance evaluation.

After extracting the epochs and eliminating the bad trials, we calculated the pre-stimulus band power as
the logarithm of the band power during 1000ms preceding the stimulus onset from the epochs extracted
after the band-pass �ltering with alpha (8-13Hz), low-beta (13-20Hz), and high-beta (20-30Hz). As the
previous study selected an electrode channel from the left and right hemisphere and averaged over those
electrode channels [31], we obtained the average pre-stimulus band power averaged over the C3 (left
hemisphere) and C4 (right hemisphere) electrode channels. In addition, we obtained pre-stimulus band
powers around the nine electrode channels (F3, Fz, F4, C3, Cz, C4, P3, Pz, and P4) used to evaluate motor
imagery BCI performance. To evaluate statistical signi�cance, pre-stimulus band powers before and after
the stimulation session were compared using a paired Student’s t-test, and the Bonferroni correction was
applied for the p-values obtained from the nine electrode channels.

2.5 Functional Connectivity during Motor Imagery

   The functional connectivity between different brain regions in sensor (electrode) space can be assessed
using phase synchronization. Through functional connectivity, the way the cortical regions communicate
with each other and the way the information is transmitted between different regions during a cognitive
task can be understood [29, 39]. One way to measure phase synchronization is by assessing phase-
locking, which denotes a constant phase difference between two signals that remains constant for a
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certain period [39]. In this study, a phase locking value (PLV) between the EEG channel was calculated
with the following equation introduced in [40]:

In which t stands for an extracted epoch (second) for each trial n up to N, N is the total number of trials,
and the exponential term indicates the phase difference between two signals in the same trial, which
denotes the difference between two phases extracted from the two signals [39, 40]. As a result, the PLV
can measure the variability of the phase difference across trials; when the phase difference is small, the
PLV is close to 1, and the PLVS is near 0 otherwise. In this study, the online motor imagery task phases
before and after the stimulation session were used to calculate and compare the PLV. Speci�cally, the
epochs were extracted from the EEG data from as long as [500-3500] ms to the stimulus onset, band-
pass �ltered with [8-30]Hz, and the same trial rejection and subject rejection criteria were applied as in BCI
performance evaluation. With respect to scales of connectivity, this study employed a global PLV that can
be obtained by the average connectivity over all electrodes around the central area (Figure 3), as
investigated in [41]. The nine electrode channels (F3, Fz, F4, C3, Cz, C4, P3, Pz, and P4) used to evaluate
BCI performance and pre-stimulus band power were selected. In addition, we investigated the PLV with
broader frequency bands including alpha (8-13Hz), low-beta (13-20Hz), and high-beta (20-30Hz) bands by
calculating the PLV within these frequency bands [29]. The PLV was calculated by MATLAB scripts using
the FieldTrip toolbox [42].

In this study, the PLVs were compared before and after the stimulation session using a paired Student’s t-
test for subjects with low and high BCI performance in the sham, vibrotactile stimulation, and tDCS
groups to assess the stimulation effects on the average strength of the connection around the central
areas during motor imagery.

3. Results
   Among the 44 subjects who were assigned randomly to the three stimulation groups—sham, vibrotactile
stimulation, and tDCS—bad subjects (>30% bad trials), including one subject who failed to concentrate on
the post-stimulation motor imagery task because of a signi�cant delay in setup after the stimulation
session, were removed from the analysis. As a result, 39 subjects remained: 12, 13, and 14 subjects in the
sham, vibrotactile, and tDCS groups, respectively. Moreover, we divided each stimulation group into low
and high BCI performance groups using statistical random probability. With respect to the low and high
BCI performance groups, the subjects in each group who achieved lower than 60.69% were assigned to
the low BCI performance group, and the remaining subjects were assigned to the high BCI performance
group. As a result, sham group subjects were divided into 6 low performers and 6 high performers,
vibrotactile stimulation group subjects were divided into 10 low performers and 3 high performers, while
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the tDCS group subjects were divided into 10 low performers and 4 high performers. Although we
assigned the stimulation groups randomly, the vibrotactile stimulation and tDCS groups included more
low performers than the sham stimulation group.

3.1 Stimulation Effects on BCI Performance

Motor imagery BCI performances during pre-stimulation and post-stimulation are depicted in Table 1 and
Figure 4. Low performers in the sham stimulation group achieved 53.75% (43.75~60%), and high
performers achieved 71.88% (63.75~95%) before the pre-stimulation session. After the sham stimulation
session, low performers achieved 53.99% (43.75~61.25%), showing no signi�cant change. However, the
high performers’ BCI performance decreased to 62.71% (47.5~85%). On the other hand, the low
performers in the real stimulation groups, the vibrotactile stimulation and the tDCS groups, showed
improved performance. For the vibrotactile stimulation group, low performers achieved 52.5%
(47.5~60%), and high performers achieved 74.17% (65~78.75%). After the vibrotactile stimulation
session, the low performers’ BCI performance increased to 61.63% (46.25~76.25%), while the high
performers’ BCI performance decreased to 63.75% (50~75%). Finally, for the tDCS group, low performers
achieved 51.12% (46.15~56.25%), and high performers achieved 75.11% (66.25~88.75%). After the tDCS
session, the low performers’ BCI performance increased to 56.25% (46.25~76.25%), and the high
performers’ BCI performance decreased to 63.44% (48.75~77.5%).

Table 1. Motor imagery BCI performance.
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  Sham stimulation

LOW HIGH

PRE POST PRE POST

BCI
performance
(%)

53.75
(43.75~60%)

53.99
(43.75~61.25%)

71.88
(63.75~95%)

62.71
(47.5~85%)

  Vibrotactile stimulation

LOW HIGH

PRE POST PRE POST

BCI
performance
(%)

52.5 (47.5~60%) 61.63
(46.25~76.25%)

74.17
(65~78.75%)

63.75 (50~75%)

  tDCS

LOW HIGH

PRE POST PRE POST

BCI
performance
(%)

51.12
(46.15~56.25%)

56.25 (45~67.5%) 75.11
(66.25~88.75%)

63.44
(48.75~77.5%)

We compared BCI performance before and after the stimulation session using a paired Student’s t-test
over all stimulation groups. The results showed that the low performers in the vibrotactile stimulation
group achieved signi�cantly improved BCI performance after the stimulation session (p=0.0053). The low
performers in the tDCS group achieved improved BCI performance as well, but the difference was not
signi�cant. The high performers’ BCI performance decreased over all stimulation groups, and the sham
stimulation group showed a signi�cant decrease (p=0.048).

3.2 Stimulation Effects on Pre-stimulus Band Power

   Among the pre-stimulus band powers, including alpha (8-13Hz), low-beta (13-20Hz) and high-beta (20-
30Hz) bands, only the pre-stimulus alpha band power was statistically signi�cant. In this respect, Figure 5
represents the pre-stimulus alpha band power changes after the stimulation session for low performers in
each group. For the sham stimulation group, the average of the C3 and C4 pre-stimulus alpha band
powers increased from 7.72 ± 2.43dB to 8.27 ± 2.77dB after the sham stimulation session, but the
increase was not statistically signi�cant. In the scalp topographic view, the pre-stimulus alpha band
powers increased after the sham stimulation session, but no electrode channel showed a statistically
signi�cant difference. For the tDCS group, the average pre-stimulus alpha band power increased from
7.81 ± 8.15dB to 8.15 ± 3.09dB after the tDCS session, but this difference was not statistically signi�cant
either. As observed in the sham stimulation group, the scalp topography shows an alpha increment, but it
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was not statistically signi�cant. The vibrotactile stimulation group showed the same alpha increment as
observed in the other groups and remained statistically signi�cant; the average pre-stimulus alpha band
power increased from 9.20 ± 3.81dB to 10.40 ± 4.05dB after the vibrotactile stimulation session
(p=0.0038). The scalp topography also showed the alpha increment, and a paired Student’s t-test with the
Bonferroni correction revealed signi�cant differences in the Cz, C4, and P4 electrode channels.

The high performers in each group demonstrated no signi�cant changes in the pre-stimulus alpha band
power over all stimulation groups. In the sham stimulation group, the average alpha band power
increased from 10.24 ± 3.09dB to 11.02 ± 2.98dB after the sham stimulation session, and the average
alpha band powers increased from 11.72 ± 1.03dB to 12.03 ± 0.45dB after the stimulation session in the
vibrotactile stimulation group and from 10.53 ± 3.77dB to 10.89 ± 3.92dB in the tDCS group. However,
there was no signi�cant change in the pre-stimulus band power, except for the signi�cant decrement in
the high-beta (13-20Hz) band power in the vibrotactile stimulation group (p=0.0469). Further, there was
no signi�cant change in the scalp topography over all stimulation groups. These results are consistent
with the �nding in BCI performance that only low performers in the vibrotactile stimulation group
achieved signi�cantly improved BCI performance after the stimulation session.

3.3 Stimulation Effects on Functional Connectivity

   We investigated the stimulation effects on brain activity through functional connectivity assessed by
global PLVs during motor imagery before and after the stimulation session around sensorimotor areas
including the nine electrode channels (F3, Fz, F4, C3, Cz, C4, P3, Pz, and P4) in various frequency bands,
including the alpha (8-13Hz), low-beta (13-20Hz), and high-beta (20-30Hz) bands. Figure 6 represents the
global PLV changes for low performers in each stimulation group during left- and right-hand motor
imagery. In addition, the global PLVs before and after the stimulation session were compared using a
paired Student’s t-test. 

   The average global PLVs over the motor imagery classes and frequency bands for the low performers
showed no signi�cant changes after the sham stimulation session, and yielded no consistent trends, as
the global PLVs increased for some subjects and decreased for others. However, the vibrotactile
stimulation and the tDCS groups showed statistically signi�cant differences. Speci�cally, in the
vibrotactile stimulation group, the global PLV within the alpha (8-13Hz) band increased signi�cantly
during right-hand imagery after the vibrotactile stimulation session (p=0.0435), while the increment in the
global PLV during left-hand imagery was not signi�cant. Within the low-beta (13-20Hz) band, the global
PLVs increased signi�cantly for both left-hand (p=0.0275) and right-hand imagery (p=0.0268). The high-
beta (20-30Hz) also showed a signi�cant increment in the global PLV during right-hand imagery
(p=0.0094). In the tDCS group, the global PLV within the alpha band did not change signi�cantly, while
signi�cant increments were observed in the low-beta and high-beta bands. Within the low-beta band, the
global PLV during left-hand imagery increased signi�cantly (p=0.015), and the global PLV during right-
hand imagery also increased, but not signi�cantly. Within the high-beta band, the global PLVs increased
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signi�cantly for both left- and right-hand imagery after the tDCS session (p=0.0008 and p=0.0254 for left-
and right-hand imagery, respectively).

   For the high performers, no statistically signi�cant change was observed over all stimulation groups
and frequency bands, except for the sham group. In this group, the global PLV during left-hand imagery
increased signi�cantly after the sham stimulation session (p=0.0203) in the low-beta band. However,
there was no signi�cant change in the global PLVs in the vibrotactile stimulation and tDCS groups. Still,
we note that the numbers of low and high performers were not balanced because this study divided the
subjects using statistical random probability, which is the constant value rather than the median value.
As a result, there were three and four high performers in the vibrotactile stimulation and tDCS group,
respectively, so the statistical tests for the high performers may not be reliable. However, this study’s
focus was to investigate the stimulation effects for low BCI performers with respect to BCI performance
and brain activity. Therefore, we set a threshold with a constant value to divide the low and high BCI
performers rather than dividing them equally.

   In the functional connectivity analysis, we observed a consistent trend in the results of BCI performance
and pre-stimulus band power by dividing subjects into low and high BCI performers. With respect to
motor imagery BCI performance, only low performers in the vibrotactile stimulation group showed
signi�cant improvement. The tDCS group also demonstrated improved BCI performance, although it was
not statistically signi�cant. The low performers in the sham stimulation group showed no change after
the sham stimulation. Similarly, a signi�cant increase in the pre-stimulus alpha band power was observed
in the low performers in the vibrotactile stimulation group only. Eventually, the global PLVs over the
sensorimotor areas showed signi�cant increases for low performers in the vibrotactile stimulation and
tDCS groups. In contrast, no signi�cant change was observed in the sham stimulation group. High
performers’ BCI performance decreased across all stimulation groups, and no signi�cant change was
observed in the brain activity except in a few cases.

4. Discussion
This study compared the stimulation effects of vibrotactile stimulation and tDCS on BCI performance
and brain activity. In addition, subjects for each stimulation group were divided into low and high BCI
performers under the assumption that the external stimulation would affect the two differently. Our
results demonstrated the stimulation effects according to stimulation types and BCI e�ciency with
respect to BCI performance and brain activity.

4.1 Stimulation Effects

   We investigated stimulation effects with respect to motor imagery BCI performance and brain activity,
including the pre-stimulus band power and global functional connectivity. First, with respect to BCI
performance, the BCI performance of low performers in the vibrotactile stimulation and tDCS groups
improved by as much as 9.13% for vibrotactile and 5.13% for tDCS groups, respectively, after the
stimulation session, but only the vibrotactile stimulation group subjects showed statistically signi�cant
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differences (p=0.0053). During the stimulation session, all groups of subjects performed four blocks of
o�ine motor imagery tasks while they received sham, vibrotactile stimulation, and tDCS. As a result, all
subjects performed four blocks of motor imagery before, during, and after the stimulation session, and
this repetition could affect performance changes as subjects became accustomed to the task. Therefore,
the results should be investigated further to determine whether the performance changes were
attributable to the repetition of motor imagery alone rather than vibrotactile stimulation and tDCS. In this
respect, the sham stimulation group subjects performed the same task, in that they also performed motor
imagery tasks during the sham stimulation session. In contrast to the vibrotactile stimulation and tDCS
groups, the sham stimulation group subjects showed no notable change in BCI performance, but their BCI
performance improved by as much as 0.24% after the sham stimulation session. Therefore, we can infer
that the repetition of the motor imagery task without external stimulation did not affect the changes in
low performers’ BCI performance. Although BCI performance needs to be improved further, the vibrotactile
stimulation group subjects achieved performance signi�cantly better than random chance, 60.69%
obtained by the current test trial numbers and statistical signi�cance at α=0.05, after the stimulation
session, indicating that longitudinal stimulation may improve BCI performance.

   High performers suffered large performance decreases after the stimulation session in all groups,
although it may not be applicable because there were only three and four high performers in the
vibrotactile stimulation and tDCS groups, respectively. In contrast to low performers, high performers had
achieved controllable BCI performance already before the stimulation session, indicating that they can
generate distinct brain activity during motor imagery, so they had a good strategy and sense of control.
External stimulation may be unnecessary for these individuals, or the fatigue attributable to the task’s
repetition may have affected them more than the stimulation. Another assumption is that a longer
stimulation session may be necessary to modulate brain activity as a single day session may be too
short.

   With respect to the pre-stimulus band power, Maeder et al. found that trials with a higher SMR
amplitude during the pre-stimulation period yielded better BCI performance than lower amplitude
trials [31]. They suggested that ongoing SMR may play a key role in motor imagery BCI and other motor-
related tasks in general. Inspired by their �ndings, we assumed that external stimulation could enhance
the pre-stimulus band power and improve BCI performance simultaneously. In this study, we investigated
the pre-stimulus (1000ms preceding the stimulus onset) band power, including alpha (8-13Hz), low-beta
(13-20Hz), and high-beta (20-30Hz) bands, before and after the stimulation session. We observed
increased pre-stimulus alpha band power after the stimulation session across all group of subjects, and it
can be expected that cognitive and physical fatigue attributable to the long experimental tasks increased
the alpha band power overall. However, statistical tests revealed a signi�cant alpha increase only in low
performers in the vibrotactile stimulation group (p=0.00038). This is consistent with the fact that low
performers’ BCI performance improved signi�cantly in the vibrotactile stimulation group. Moreover, as
Maeder et al. observed, high performers showed higher pre-stimulus alpha band power than low
performers. As a result, pre-stimulus alpha plays a key role in motor imagery, and modulating the pre-
stimulus alpha may help improve motor imagery BCI performance. No signi�cant change was observed
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in the low- and high-beta bands, except that high performers’ pre-stimulus high-beta band power
decreased in the vibrotactile stimulation group (p=0.0469).

   In addition to pre-stimulation band power, this study was inspired by previous studies that have
investigated the relation between BCI performance and functional connectivity [28, 29] in an effort to
determine EEG characteristics other than ERD that play a role in motor imagery, as previous studies have
reported tDCS’s mixed effects on ERD [23, 26, 27]. It is unclear whether ERD is a key feature for both low
as well as high performers, or whether they engage in a motor imagery task differently and generate
different brain activity. Zhang et al. found that brain network measures could improve low performers’ BCI
performance, suggesting that their engagement in motor imagery may be captured only by brain network
features [28]. Leewis et al. investigated the difference between low and high performers by assessing the
average strength of all connections within different scales of the brain network [41, 43, 44], including the
global, large, and local scales, rather than complex graph theory measures. Although our study did not
consider all network scales because of a lack of available electrode channels, this study investigated the
global PLVs during motor imagery calculated by averaging all connections within the electrode set (F3,
Fz, F4, C3, Cz, C4, P3, Pz, and P4) that have a high signal-to-noise ratio (SNR). We observed that
vibrotactile stimulation and tDCS in low performers increased global PLVs after the stimulation session.
With vibrotactile stimulation, low performers exhibited signi�cantly increased global PLVs in alpha
(p=0.0435), low-beta (p=0.0268), and high-beta (p=0.0094) in right-hand imagery and low-beta
(p=0.0275) in left-hand imagery. The low performers in the tDCS group demonstrated signi�cantly
increased global PLVs in both left- (p=0.015 for low-beta and p=0.0008 for high-beta) and right-hand
(p=0.0254 for high-beta) imagery over the low- and high-beta bands. On the other hand, the sham
stimulation group subjects showed no signi�cant change in global PLVs in any frequency bands and
motor imagery classes. Instead, high performers showed a signi�cant increase in left-hand imagery at
low-beta (p=0.0203), while high performers in the vibrotactile stimulation and tDCS groups showed no
signi�cant changes. As a result, there were clear differences in functional connectivity, as observed in BCI
performance and pre-stimulus band power, according to stimulation types and BCI e�ciency (low and
high performers).

The results in BCI performance, pre-stimulus band power, and functional connectivity showed the same
trend, in that the low performers in the vibrotactile stimulation and tDCS groups showed signi�cant
improvement, while low performers in the sham stimulation group showed no signi�cant changes,
although the pre-stimulus band power and functional connectivity differed signi�cantly in different
frequency bands. Moreover, high performers demonstrated different effects compared to low performers
in BCI performance, pre-stimulus band power, and functional connectivity following the stimulation
session, indicating that dividing subjects into low and high performers was appropriate to investigate the
stimulation effects.

4.2 Stimulation Paradigm
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We designed the same stimulation paradigm for vibrotactile stimulation and tDCS in this study. BCI
performance and brain activity in both groups were investigated before and following the stimulation
session rather than investigating the concurrent stimulation effects. A hybrid technique can be more
effective in vibrotactile stimulation because it can enhance ERD when combined with motor imagery [19,
20]. However, in practice, a hybrid method requires the subjects to receive multiple stimulation types each
time they perform BCI tasks, which can tire the users more despite the fact that incorporating vibrotactile
stimulation may improve BCI performance. Instead, if stimulation effects last after the stimulation
session, and the subjects achieve the desired BCI performance after multiple stimulation sessions over
multiple days or months, they may be able to perform the BCI task more effectively without the
stimulation. Although this study included only a single day session, and thus stimulation effects were
investigated immediately after the stimulation session, our results showed that vibrotactile stimulation
could modulate brain activity and improve BCI performance.

4.3 Limitations and Future Directions

One limitation in this study is that the sample size was too small to investigate low and high performers
fully. Although we recruited a large number of subjects (N=44) and 39 remained for the analysis, the
subjects were divided into groups according to the stimulation types, sham, vibrotactile, and tDCS.
Moreover, each group was sub-divided according to their initial BCI performance to investigate low and
high performers separately. As a result, there were only three and four high performers, respectively, in the
vibrotactile stimulation and tDCS groups, so it is necessary to observe the trend found in high performers
carefully. Therefore, one can argue that dividing subjects may be not appropriate. However, as we
observed, the sub-divided subjects showed different characteristics with respect to BCI performance, pre-
stimulus band power, and functional connectivity. In addition, the stimulation effects for those features
were distinguished for low and high performers. Previous studies have found that low and high
performers showed different characteristics with respect to band powers [9, 31] and functional
connectivity [29]. Further, we observed that low and high performers exhibited different effects depending
upon vibrotactile stimulation or tDCS. However, recruiting a larger number of subjects is necessary to
investigate the differences between low and high performers in response to stimulation methods
precisely.

Moreover, a single day session may be not su�cient for some subjects to entrain their brain activity. This
analysis showed signi�cantly improved performance in the vibrotactile stimulation group. In contrast, the
tDCS group did not show a statistically signi�cant change even though the subjects achieved improved
performance, and there were signi�cant changes in their brain activity. However, we cannot conclude that
vibrotactile stimulation is superior to tDCS based upon this result, because the stimulation time required
to modulate brain activity may differ, and tDCS group subjects spent extra time preparing for the tDCS
session. Therefore, multiple sessions over longer periods may be necessary to investigate stimulation
effects precisely.
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With respect to functional connectivity analysis, we calculated the average strength of PLVs over the nine
electrode channels around the sensory motor areas (F3, Fz, F3, C3, Cz, C4, P3, Pz, and P4) as the EEG cap
used in this study had a sparse electrode montage and thus, there were no fronto-central or centro-
parietal electrodes. Therefore, we calculated a very simple index to investigate the stimulation effects
rather than using complex connectivity measures, such as those from graph theory. Using a greater
number of electrode channels can give more freedom in functional connectivity analysis when
investigating network features and scales, such as inter/intra-hemisphere analysis. 

Declarations
Ethics approval and consent to participate

This experiment was approved by the Institutional Review Board at Gwangju Institute of Science and
Technology (20210806-HR-62-03-02), and all subjects were informed about the experimental procedure
and signed informed consent to participate.

Consent for publication

Not applicable.

Availability of data and materials

   The datasets and/or analysed during the current study are not publicly available because additional
analysis in different perspectives is undergoing. However, it may be available from the corresponding
author after request review.

Competing interests

The authors declare that they have no competing interests.

Funding

   This work was supported by the Republic of Korea's MSIT (Ministry of Science and ICT), under the High-
Potential Individuals Global Training Program (No. 2021-0-01537) supervised by the IITP (Institute of
Information and Communications Technology Planning & Evaluation). It was also supported by the IITP
grant funded by the Korea government (No. 2017-0-00451; Development of BCI based Brain and Cognitive
Computing Technology for Recognizing User’s Intentions using Deep Learning).

Author’s contributions

Conceptualization, K.H., M.K., C.S., and S.C.; experiment, K.H. and H.G.; methodology, K.H., H.G., D.E., and
M. K.; formal analysis, K.H.; investigation, K.H., H.G., D.E., M.K., C.S., and S.C.; resources, C.S. and S. C.;
writing, K.H., H.G., and S.C.; visualization, K.H., H.G., D.E.; supervision, S.C.; project administration, M.K.,
C.S., and S. C.; funding acquisition, S.C.



Page 18/23

Acknowledgements

Not applicable.

References
1. Wolpaw J R, Birbaumer N, McFarland D J, Pfurtscheller G and Vaughan T M 2002 Brain–computer

interfaces for communication and control Clinical Neurophysiology 113 767–91

2. Wolpaw J R, Bedlack R S, Reda D J, Ringer R J, Banks P G, Vaughan T M, Heckman S M, McCane L
M, Carmack C S, Winden S, McFarland D J, Sellers E W, Shi H, Paine T, Higgins D S, Lo A C, Patwa H
S, Hill K J, Huang G D and Ruff R L 2018 Independent home use of a brain-computer interface by
people with amyotrophic lateral sclerosis Neurology 91 e258-e67

3. Pfurtscheller G and Aranibar A 1979 Evaluation of event-related desynchronization (ERD) preceding
and following voluntary self-paced movement Electroencephalography and Clinical Neurophysiology
46 138–46

4. Pfurtscheller G and Lopes da Silva F H 1999 Event-related EEG/MEG synchronization and
desynchronization: basic principles Clin Neurophysiol 110 1842–57

5. Bordoloi S, Sharmah U and Hazarika S M 2012 Motor imagery based BCI for a maze game. In: 2012
4th International Conference on Intelligent Human Computer Interaction (IHCI), pp 1–6

�. Coyle D, Garcia J, Satti A R and McGinnity T M 2011 EEG-based continuous control of a game using
a 3 channel motor imagery BCI: BCI game. In: 2011 IEEE Symposium on Computational Intelligence,
Cognitive Algorithms, Mind, and Brain (CCMB), pp 1–7

7. Hatem S M, Saussez G, della Faille M, Prist V, Zhang X, Dispa D and Bleyenheuft Y 2016
Rehabilitation of Motor Function after Stroke: A Multiple Systematic Review Focused on Techniques
to Stimulate Upper Extremity Recovery Front. Hum. Neurosci. 10

�. Vourvopoulos A, Jorge C, Abreu R, Figueiredo P, Fernandes J-C and Bermúdez i Badia S 2019 E�cacy
and Brain Imaging Correlates of an Immersive Motor Imagery BCI-Driven VR System for Upper Limb
Motor Rehabilitation: A Clinical Case Report Front. Hum. Neurosci. 13

9. Ahn M, Cho H, Ahn S and Jun S C 2013 High theta and low alpha powers may be indicative of bci-
illiteracy in motor imagery PLoS ONE 8 e80886

10. Lee M-H, Kwon O Y, Kim Y-J, Kim H-K, Lee Y-E, Williamson J, Fazli S and Lee S-W 2019 EEG dataset
and OpenBMI toolbox for three BCI paradigms: an investigation into BCI illiteracy GigaScience 8
giz002

11. Guger C, Daban S, Sellers E, Holzner C, Krausz G, Carabalona R, Gramatica F and Edlinger G 2009
How many people are able to control a P300-based brain–computer interface (BCI)? Neuroscience
Letters 462 94–8

12. Ahn M and Jun S C 2015 Performance variation in motor imagery brain–computer interface: A brief
review Journal of Neuroscience Methods 243 103–10



Page 19/23

13. Kwon O Y, Lee M-H, Guan C and Lee S-W 2020 Subject-independent brain–computer interfaces based
on deep convolutional neural networks IEEE Trans. Neural Netw. Learning Syst. 31 3839–52

14. Lawhern V J, Solon A J, Waytowich N R, Gordon S M, Hung C P and Lance B J 2018 EEGNet: a
compact convolutional neural network for EEG-based brain–computer interfaces J. Neural Eng. 15
056013

15. Yger F, Berar M and Lotte F 2017 Riemannian approaches in brain-computer interfaces: a review IEEE
Transactions on Neural Systems and Rehabilitation Engineering 25 1753–62

1�. Barachant A, Bonnet S, Congedo M and Jutten C 2010 Riemannian Geometry Applied to BCI
Classi�cation. In: Latent Variable Analysis and Signal Separation, ed V Vigneron, et al. (Berlin,
Heidelberg: Springer Berlin Heidelberg) pp 629–36

17. Xu L, Xu M, Ke Y, An X, Liu S and Ming D 2020 Cross-Dataset Variability Problem in EEG Decoding
With Deep Learning Front. Hum. Neurosci. 14

1�. Kojima S, Miyaguchi S, Sasaki R, Tsuiki S, Saito K, Inukai Y, Otsuru N and Onishi H 2019 The effects
of mechanical tactile stimulation on corticospinal excitability and motor function depend on pin
protrusion patterns Scienti�c Reports 9 16677

19. Ahn S, Ahn M, Cho H and Chan Jun S C 2014 Achieving a hybrid brain-computer interface with tactile
selective attention and motor imagery J Neural Eng 11 066004

20. Zhang W, Song A, Zeng H, Xu B and Miao M 2021 Closed-Loop Phase-Dependent Vibration
Stimulation Improves Motor Imagery-Based Brain-Computer Interface Performance Front. Neurosci.
15

21. Baxter B S, Edelman B J, Nesbitt N and He B 2016 Sensorimotor Rhythm BCI with Simultaneous High
De�nition-Transcranial Direct Current Stimulation Alters Task Performance Brain Stimul 9 834 – 41

22. Baxter B S, Edelman B J, Sohrabpour A and He B 2017 Anodal Transcranial Direct Current
Stimulation Increases Bilateral Directed Brain Connectivity during Motor-Imagery Based Brain-
Computer Interface Control Front. Neurosci. 11

23. Matsumoto J, Fujiwara T, Takahashi O, Liu M, Kimura A and Ushiba J 2010 Modulation of mu
rhythm desynchronization during motor imagery by transcranial direct current stimulation J
Neuroeng Rehabil 7 27

24. Kasashima Y, Fujiwara T, Matsushika Y, Tsuji T, Hase K, Ushiyama J, Ushiba J and Liu M 2012
Modulation of event-related desynchronization during motor imagery with transcranial direct current
stimulation (tDCS) in patients with chronic hemiparetic stroke Exp Brain Res 221 263–8

25. Wei P, He W, Zhou Y and Wang L 2013 Performance of motor imagery brain-computer interface
based on anodal transcranial direct current stimulation modulation IEEE Trans Neural Syst Rehabil
Eng 21 404–15

2�. IEEE Transactions on Biomedical Engineering 61 1967-78

27. Soekadar S, Witkowski M, Garcia Cossio E, Birbaumer N and Cohen L 2014 Learned EEG-based brain
self-regulation of motor-related oscillations during application of transcranial electric brain
stimulation: feasibility and limitations Frontiers in Behavioral Neuroscience 8



Page 20/23

2�. Zhang R, Li X, Wang Y, Liu B, Shi L, Chen M, Zhang L and Hu Y 2019 Using Brain Network Features to
Increase the Classi�cation Accuracy of MI-BCI Ine�ciency Subject IEEE Access 7 74490–9

29. Leeuwis N, Yoon S and Alimardani M 2021 Functional Connectivity Analysis in Motor-Imagery Brain
Computer Interfaces Front. Hum. Neurosci. 15

30. Blankertz B, Sannelli C, Halder S, Hammer E M, Kübler A, Müller K-R, Curio G and Dickhaus T 2010
Neurophysiological predictor of SMR-based BCI performance NeuroImage 51 1303-9

31. Maeder C L, Sannelli C, Haufe S and Blankertz B 2012 Pre-Stimulus Sensorimotor Rhythms In�uence
Brain–Computer Interface Classi�cation Performance IEEE Transactions on Neural Systems and
Rehabilitation Engineering 20 653–62

32. Ahn M, Cho H, Ahn S and Jun S C 2013 High theta and low alpha powers may be indicative of BCI-
illiteracy in motor imagery PLoS ONE 8 e80886-e

33. Renard Y, Lotte F, Gibert G, Congedo M, Maby E, Delannoy V, Bertrand O and Lécuyer A 2010
OpenViBE: An Open-Source Software Platform to Design, Test, and Use Brain–Computer Interfaces in
Real and Virtual Environments Presence 19 35–53

34. Chholak P, Niso G, Maksimenko V A, Kurkin S A, Frolov N S, Pitsik E N, Hramov A E and Pisarchik A N
2019 Visual and kinesthetic modes affect motor imagery classi�cation in untrained subjects
Scienti�c Reports 9 9838

35. Zrenner C, Desideri D, Belardinelli P and Ziemann U 2018 Real-time EEG-de�ned excitability states
determine e�cacy of TMS-induced plasticity in human motor cortex Brain Stimul 11 374 – 89

3�. Mansouri F, Dunlop K, Giacobbe P, Downar J and Zariffa J 2017 A Fast EEG Forecasting Algorithm
for Phase-Locked Transcranial Electrical Stimulation of the Human Brain Front. Neurosci. 11

37. Won K, Kwon M, Ahn M and Jun S C 2021 Selective Subject Pooling Strategy to Improve Model
Generalization for a Motor Imagery BCI Sensors 21 5436

3�. Müller-Putz G, Scherer R, Brunner C, Leeb R and Pfurtscheller G 2008 Better than random: a closer
look on BCI results International journal of bioelectromagnetism 10 52–5

39. Bastos A M and Schoffelen J-M 2016 A Tutorial Review of Functional Connectivity Analysis Methods
and Their Interpretational Pitfalls Frontiers in Systems Neuroscience 9

40. Lachaux J P, Rodriguez E, Martinerie J and Varela F J 1999 Measuring phase synchrony in brain
signals Hum Brain Mapp 8 194–208

41. Zhang R, Yao D, Valdés-Sosa P A, Li F, Li P, Zhang T, Ma T, Li Y and Xu P 2015 E�cient resting-state
EEG network facilitates motor imagery performance J Neural Eng 12 066024

42. Oostenveld R, Fries P, Maris E and Schoffelen J-M 2011 FieldTrip: Open Source Software for
Advanced Analysis of MEG, EEG, and Invasive Electrophysiological Data Computational Intelligence
and Neuroscience 2011 156869

43. Wang Y, Hong B, Gao X and Gao S 2006 Phase synchrony measurement in motor cortex for
classifying single-trial EEG during motor imagery Conf Proc IEEE Eng Med Biol Soc 2006 75 – 8



Page 21/23

44. Vidaurre C, Haufe S, Jorajuría T, Müller K R and Nikulin V V 2020 Sensorimotor Functional
Connectivity: A Neurophysiological Factor Related to BCI Performance Front Neurosci 14 575081

Figures

Figure 1

Experimental paradigm. Each participant performed the motor imagery task before and after the
stimulation session. 

Figure 2

Vibrotactile stimulation, tDCS, and sham stimulation. This represents stimulation sessions for vibrotactile
stimulation, tDCS, and sham stimulation groups. (A) represents vibrotactile stimulation, (B) represents
tDCS, and (C) represents sham stimulation.



Page 22/23

Figure 3

The scale of functional connectivity used in this study. This �gure represents the global phase-locking
value (PLV) used in this study. The global PLV was obtained by averaging all PLVs between the nine
electrode channels, as illustrated by the bold lines.

Figure 4

Motor imagery BCI performance before and after the stimulation. This �gure represents BCI performance
changes after the stimulation session for each stimulation and performance group. Black bars represent
pre-stimulation motor imagery BCI performance, and orange bars represent post-stimulation performance,
and dashed lines represent the averages of pre- and post-stimulation BCI performance.

Figure 5

Pre-stimulus alpha band power before and after the stimulation. The �gure shows the pre-stimulus alpha
band power changes after the stimulation session for the low performers in each stimulation group. Each
scalp topography displays only nine selected electrode channels, and the remainder are zero-padded. The
left scalp topography represents the difference in the pre-stimulus alpha band power, and the right scalp
topography displays only the signi�cant electrode channels.
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Figure 6

Global PLVs before and after the stimulation. The �gure represents the global PLVs averaged over the
connections between the nine electrode channels’ (F3, Fz, F4, C3, Cz, C4, P3, Pz, and P4) changes after the
stimulation session for low performers in each stimulation group.


