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Abstract

Objective: While noninvasive electroencephalography (EEG) based brain-computer interfacing
(BCI) has been successfully demonstrated in two-dimensional (2D) control tasks, little work has
been published regarding its extension to practical three-dimensional (3D) control.

Methods: In this study, we developed a new BCI approach for 3D control by combining a novel
form of endogenous visuospatial attentional modulation, defined as overt spatial attention (OSA),
and motor imagery (MI).

Results: OSA modulation was shown to provide comparable control to conventional Ml
modulation in both oneand two- dimensional tasks. Furthermore, this work provides evidence for
the functional independence of traditional MI and OSA, as well as an investigation into the
simultaneous use of both. Using this newly proposed BCI paradigm, sixteen participants
successfully completed a 3D eight target control task. Nine of these subjects further demonstrated
robust 3D control in a twelve target task, significantly outperforming the information transfer rate
achieved in the 1D and 2D control task (29.7+1.6 bits/min).

Conclusion: These results strongly support the hypothesis that noninvasive EEG based BCI can
provide robust 3D control through endogenous neural modulation in broader populations with
limited training.
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l. INTRODUCTION

Brain-computer interfacing (BCI) is a promising method for providing alternative
connections between the brain and the outside world in concert with natural connections or
as replacements for natural links potentially disrupted by disease or injury [1],[2]. One of the
ultimate goals of BCl is to establish and restore natural limb movement in prosthesis, robotic
substitutes, and natural limbs. While invasive BCI research has shown promise in
demonstrating the control of prosthesis [3]-[6] and restoring function in limbs through
electrical stimulation [7], the invasive nature of these approaches poses risks to the patients,
often requiring surgeries, the implantation of cortical electrodes, and the management of
post-implantation complications and maintenance [8]. Efforts have been made to develop
noninvasive BCI techniques that offer alternatives to invasive technology. While there are a
few studies which have tried to use noninvasive electrophysiological signals for advanced
control, such as the one-dimensional (1D) control of a prosthetic limb [9],[10] or the pseudo
three-dimensional (3D) control of a robotic arm [11] through the sequential combination of
two-diamensional (2D) and 1D control signals, there still exists a noticeable gap, especially
in noninvasive BCI, between the tasks involved in experimentation and those of daily-life.

Electroencephalography (EEG) is particularly suitable for BCI due to its portability, safety
and relatively low cost for researchers and end users [12]. Furthermore, the development of
dry electrodes [13,14] and the wireless transmission of EEG signals, allows for the creation
of more practical BCI applications in daily life, including drowsiness detection [15] and
wearable robotics [16]. There are effectively three different kinds of BCI systems based on
noninvasive EEG: BCI based on endogenous modulation [2],[17],[18], exogenous
stimulation presentation, such as P300 [19] and steady state evoked potential (SSVEP) [20],
[21], and a mixture of the different modalities [22]-[24]. BCI based on the endogenous
modulation of brain rhythms is particularly suitable for real world continuous control in 3 or
lower dimensional space because it does not require stimulus targets, which would have to
be displayed in pre-designated locations. Although the motor imagery (Ml) based
modulation of brain rhythms has successfully demonstrated robust performance in various
continuous control applications [2],[11],[18],[25]-[29], the number of independent Ml
induced signals is fairly restricted, due to EEG’s limited spatial resolution. The most
common, reproducible brain patterns used in MI BCI consist of combinations of imagery
involving both hands and feet [25],[30]. Unfortunately, as there is high variability in
individual aptitude, a large portion of subjects find the immediate control of MI BCI
(without training) difficult [31]. Furthermore, tasks become much more challenging when
several different motor imaginations, such as hands and feet, are combined for high
dimensional control in a non-intuitive fashion. So much so that outside of this work there
exists a singular noninvasive continuous 3D control study in which only four subjects
demonstrated proficiency [32]. As endogenous modulation provides a control strategy with
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high agency, and has been previously demonstrated as suitable for continuous control, a
feature not-defined in exogenous control strategies, it is essential to explore novel strategies
for endogenous modulation, further expanding the number of independent control signals
and facilitating the 3D control of BCI in a wider population.

In this study, we introduce a BCI control strategy based on the endogenous modulation of
overt spatial attention (OSA). Previous studies have demonstrated abundant evidence that
human subjects can covertly deploy their attention to different spatial locations [33]-[36]
although the underlying mechanism and the relationship between neuronal modulation and
behavioral outcome are still largely unknown [37],[38]. Traditionally, covert spatial attention
(CSA) induces a distinct spatial and temporal modulation of alpha rhythms, which are
hypothesized to be functionally correlated with the enhancement and or suppression of
neuronal activity associated with attended and unattended targets [36],[38],[39]. Previous
studies have demonstrated the viability of using CSA to classify the subjects’ spatial locus of
attention through offline analysis [40]-[42] or online binary classification [43]. However, no
control utilizing continuous feedback, which is critical for its natural application [25]-[29],
has been shown. Noting that the direction of gaze and the direction of attention are usually
aligned [37], we hypothesized that the modulation of visuospatial attention might be
significantly increased if subjects are allowed to shift their gaze voluntarily. Additionally,
attention might have to be dynamically deployed for the natural control of a robotic or
prosthetic arm in practical, interactive scenarios. Therefore, we propose OSA (Fig. 1A) as a
strategy to perform BCI control. In this work, we investigated (hypothesis I) whether
subjects are able to gain BCI control via the newly proposed OSA modulation strategy and if
said control was comparable to conventional MI modulation (Fig. 1A), and (hypothesis 1)
whether the concurrent modulation of the newly proposed OSA and established Ml allows
for 3D control.

With the research questions in mind, twenty-three healthy subjects were recruited to
participate in multiple sessions of experiments. They were randomly assigned into one of
two groups for the first three screening sessions in order to compare the performance
between the OSA and MI modulation tasks (hypothesis I). After which, a subset of the
subjects who exceeded a specified performance threshold was asked to participate in several
sessions of 3D control (hypothesis I1).

The paper is organized as follows. The experimental design, online signal processing and
offline evaluation criterions are described in Section 11. The experimental results and
neurophysiological analyses are presented in Section 111 with the discussion and conclusion
following in Sections 1V and V, respectively.

MATERIALS AND METHODS

A. Subjects and Experimental Setup

Twenty-three healthy subjects (9 females; 1 left handed; average age 26.1+8.9; range: 19—
55; 5 subjects had BCI experience with the Ml task, none had experience using OSA for
BCI) participated in the study of online cursor control BCI. Each subject was requested to
participate in 3 screening sessions, 3 sessions of 3D 8 target cursor control and 2 sessions of
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3D 12 target cursor control. Twenty-one out of 23 subjects completed all 3 screening
sessions, with 2 subjects dropping due to scheduling conflicts. Sixteen subjects passed the
screening sessions and finished the three sessions of 3D 8 target tasks, while 9 subjects
completed the two additional sessions of 3D 12 target tasks. All procedures and protocols
were approved by the Institutional Review Boards of the University of Minnesota and
Carnegie Mellon University. Informed consent was obtained from all subjects prior to their
participation in the experiment.

Sixty-four channels of EEG were acquired at a sampling frequency of 1kHz using a
Neuroscan SymAmps RT system (Neuroscan Inc, Charlotte, NC). A bandpass filter
encompassing 0.5 to 200 Hz as well as a notch filter at 60 Hz were applied to the raw EEG
signals. During all recordings, the vertex was used as the reference while the forehead
served as the ground. The impedances of all electrodes were kept below 5kQ at the
beginning of the experiment. Impedance was not checked during the active portion of the
experiment in order to avoid interrupting both the experiment and the subject. However, the
impedance was checked at the conclusion of each session with 97% of electrodes remaining
below 5kQ.

An eye tracker (Gazepoint GP3) was used to track the eye movement during each session,
and the data were recorded and synchronized with BCI2000 key events through a
customized MATLAB script.

B. Experimental Design and Protocol

For each session, subjects were randomly assigned to one of two groups (see Fig. 1B). The
number and types of trials were consistent across groups, but shuffled to diminish potential
confounds introduced through subject exhaustion. Subjects either performed OSA before Ml
(Group One) or the converse (Group Two).

Each session is composed of a fixed number of runs, with each run consisting of 25 trials.
During each trial of the OSA modulation task, the subjects were instructed to focus their
attention on the highlighted target bar (corresponding to the directions of left, right, up and
down) and to minimize their gaze movements away from the target (try their best to avoid
saccades induced by cursor movement, See Fig. 1A). The eye tracker was used to record
their gaze points during the whole experiment and to make sure that the subjects followed
the instructions properly. The operator would provide a gentle reminder if the subjects did
not follow the instructions. They were instructed to move the cursor towards the designated
target through their spatial attention. During each trial of the MI modulation task, the
subjects were instructed to imagine the repeated movement of either their left or right hand,
in order to move the cursor left or right respectively, both hands to move the cursor up and to
relax to move the cursor down [11]. Note that the subjects also felt comfortable moving the
cursor forward and backward by imagining either both of their hands or relaxing, during the
3D control task.

Each trial started with a black screen for 2 seconds. During these initial seconds the subject
was instructed to stay relaxed and still. Following the initial two seconds a highlighted
yellow bar appeared at either the top, bottom, left, or right edge of the screen in 2D cases,
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depending on the task and target, or at the edges of the unit cube in the 3D 8 and 12 target
tasks. To allow for subject preparation, the highlighted yellow bar was shown to the subjects
for 1.5 seconds prior to allowing control. A pink cursor appeared at the center of the screen
at second 3.5 and the subjects were allowed to move the cursor through the modulation of
their brain waves. Subjects were given a maximum of 9 seconds in each trial to hit the
correct target while avoiding the other targets. Under this paradigm each trial could result in
a hit, miss (incorrect target), or abort (no target reached). During a one second period
following feedback the cursor remained on-screen, frozen in place. Then a new trial began
under the same procedure. In all experimentation, the movement of the cursor was presented
in the software BCI12000 [44].

In the first session, group one performed the OSA tasks first, which consisted of two runs of
left versus right (LR) control without feedback followed by two runs of LR control with
feedback. This procedure was then repeated with the up versus down task (UD). Each run
was followed by a short break, about 1-3 minutes, with the length depending on a subject’s
willingness to proceed. Following the completion of the OSA tasks in group one, the same
series of experiments were performed using M1 for control instead of OSA. So that the
influence of feedback on these modulations could be determined, control tasks consisting of
no feedback (either LR or UD) were always presented to the subject prior to the
corresponding task containing feedback. As mentioned previously, group two performed the
MI tasks first, followed by the OSA tasks (See Fig. 1B, 1st column). In the second session,
group one performed four runs of LR and UD control with feedback using Ml first followed
by OSA, while group two performed the same tasks utilizing OSA for control first (Fig. 1B,
2nd column). In the third session, both groups performed two runs of LR control, followed
by two runs of UD control, and 4 runs of 2D control. As before, group one performed OSA
before MI, with group two performing the converse (Fig. 1B, 3rd column). For all
experimentation, each subject underwent a maximum of one session per day.

Subjects with Percent Valid Correct (PVC) [11],[45] higher than 70% in any two of the
consecutive runs of LR control, as well as UD control and PVC higher than 40% in any two
consecutive runs of 2D control [46] were considered eligible for participation in the
subsequent 3D control experiments. This criterion was set to exclude subjects who could not
gain meaningful BCI control during their limited exposure. For each of the participants, an
optimal combination of MI and OSA modulation was customized for subject specific 3D
control. If the OSA performance was higher than the MI performance for a particular
subject, then OSA modulation was used to control the movement in the frontal plane, while
MI modulation was chosen for the control of the 3rd dimension, i.e. depth control (see Fig.
1B, top panel of the right column). On the other hand, if the MI performance was stronger,
then M1 modulation was selected to control the movement in the 2D horizontal plane while
OSA modulation was chosen for control of the 3rd dimension, i.e. the UD control (see Fig.
1B, bottom panel at the right column). Each of the three sessions of 3D control was
performed on a different day. During these sessions, 8 runs of 8 target 3D BCI control were
performed with the targets located on the edges of the front and back faces of a cube
centered on the cursor’s starting position Subjects who demonstrated sufficient 3D control
were asked to subsequently participate in two additional sessions of 12 target 3D BClI, in
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which the targets were placed on all edges of a cubic workspace, centered on the starting
position.

C. Online Signal Processing

For online cursor control, the channels which cover the sensorimotor and parietal-occipital
regions were selected (22 electrodes in total). Higher alpha band (10-14 Hz) power was
extracted using an autoregressive (AR) approach, previously described [11], from the C3 and
C4 electrodes located over the bilateral sensorimotor areas for MI control, and the P3, P4, Pz
and Poz electrodes located over the parietal-occipital areas for OSA control. Previous studies
have verified that during MI modulation the higher alpha rhythm is functionally dissociated
from the lower alpha rhythms and has a more focal and movement-specific topography [47],
[48]. We adopted a similar idea for OSA modulation here, and used the higher alpha power
for online control. A small Laplacian filter [49] was used to filter out common sources of
local electrical activity, and was applied to each of the electrodes prior to calculating the
alpha power. A weighted sum of the alpha power in either C3 and C4 or P3, P4, Pz and Poz
was used for instantaneous cursor control in the MI and OSA tasks respectively. The weights
for each electrode were fit to the data collected during the appropriate task without feedback
by maximizing the discrimination accuracy and/or adjusting the results based on prior
electrophysiological knowledge and experience [11],[45]. The instantaneous control signals
for each dimension were stored in an online buffer and were normalized to zero mean and
unit variance to control the cursor’s speed, effectively smoothing out cursor movement and
correcting for large transient artifacts in the non-stationary EEG signals. Besides the filtering
previously mentioned, no artifact removal algorithm was utilized during online signal
processing.

D. Evaluation of Behavioral Performance and Electrophysiology

The behavioral performance of online BCI control was evaluated in terms of Percent Valid
Correct (PVC) [41] and information transfer rate (ITR) [46]. PVC and ITR are both widely
adopted metrics [19]-[24] in various BCI applications for the evaluation of online
continuous BCI control. PVC is calculated as the number of hits divided by the sum of the
number of hits and misses (valid trials) [11],[45]. ITR measures the information content of
the BCI decisions, measured in bits per run, and depends on both the accuracy of the task as
well as how fast and how many hits can be performed in each run [50]. The statistical
analysis was performed using custom scripts in R by comparing the group average
performance among different modulation conditions, e.g. the OSA tasks and Ml tasks, 1D
control, 2D control and 3D control. When applicable, results were expressed as mean +
SEM (standard error of the mean), unless otherwise stated. Mixed repeated measures
ANOVAs, linear mixed effect models (Ime, a function included in an R package ‘nlme’) and
paired T-tests were employed to evaluate the statistical significance of group performance
(across sessions) or group average R-values among different modulation conditions. The
level of significance testing was set to p<0.05. When appropriate, a post hoc Tukey’s test
was used to correct for multiple comparisons.

In addition to the evaluation of behavioral performance, the examination of neural
electrophysiology could help discern characteristics of the modulation due to the OSA and
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MI tasks. R-values are frequently used to quantify how strongly the means of two
distributions, e.g. the band power of left and right hand imagination or attentional
modulation, differ relative to their variance [2],[51]. R-values can be calculated at each
electrode, according to their definition, with the corresponding R-value topography showing
how strongly the band-power of electrodes correlates with the task. In the offline analysis,
R-values were calculated based on all trials and a subset of trials in which the correct targets
were hit, separately, in the alpha frequency band previously used for online control. As all
subjects performed the instructed tasks first without any online neuronal feedback, and then
with online feedback, which consisted of the cursor movements generated from decoded
EEG signals, this dataset offers a unique opportunity to investigate the role of neuronal
feedback on electrophysiology. The R-values were calculated for all subjects and sessions
independently, with an R-value topography grand average over subjects and sessions during
different conditions being derived and compared.

RESULTS

A. BCI Behavioral Performance of 1D, 2D control across Sessions

The behavioral performance of the OSA and MI modulation was compared in the conditions
of LR control (Fig. 2A), UD control (Fig. 2B) and 2D control (Fig. 2C), separately (N=21).
No statistically significant differences were found between the PVC of the OSA and Ml
modulation tasks (L/R or U/D) across all three sessions. The group average performance and
the standard error of the mean (SEM) across all three sessions of OSA and MI modulation
for LR and UD control were 73.5+3.9% and 84.0+4.2% (LR), and 80.0+3.2% and
77.6+£4.2% (UD), respectively. A mixed repeated measures ANOVA was used to determine
whether the two methods produced different BCI performance over the three sessions. For
the LR control task, the main effect of the method is F(1,40) 3.36, p = 0.07, n2 = 0.07
(generalized Eta-Squared measure of effect size); the main effect of session is F(2,80) =
0.77, p = 0.47, n2 < 0.01; interaction effect of method and session is F(2,80) = 0.21, p =0.81,
n2 < 0.01. For the UD control task, the main effect of the method is F(1,40) = 0.52, p = 0.47,
n2 = 0.01; the main effect of session is F(2,80) = 0.22, p = 0.80, n? < 0.01; the interaction
effect of method and session is F(2,80) = 0.05, p =0.95, n? < 0.01. In the 2D control task,
individual performance was displayed on the left side of the dashed line while the group
average was shown on the right. The group averages of the OSA and MI modulation for 2D
control were 48.0+£3.7% and 55.0+5.5%, respectively, with no significant difference 0.30).
Although there were no statistically significant group level differences between the control
achieved by OSA and Ml, a large portion of individuals did demonstrate different
performances, which can be clearly seen in Fig. 2C.

B. BCI Behavioral Performance of 3D Control Across Sessions

Sixteen of the twenty-one subjects qualified to participate in the 3 sessions of 8 target 3D
BCI control (Fig. 3A). Of these sixteen subjects, five demonstrated that OSA modulation
was suitable for controlling movement in the frontal plane while concurrently using Ml for
the 3rd dimensional control (Group One), while the remaining eleven subjects demonstrated
UD control via OSA and horizontal plane control via MI (Group Two). Both paradigms
performed control in an identical workspace, where targets were placed on the frontal and
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rear planes of a unit cube centered on the cursor’s starting position. The group average
performances for each session of 3D Group One (N=5) were 47.5+5.0%, 46.5+4.8% and
58.4+7.1%, and (N=11) 52.5+7.1%, 60.0+5.9% and 59.1+5.6% in 3D Group Two. The
average of the two groups in the total of sixteen subjects for the 8 target 3D control task is
shown in Fig. 3C. The average performance and SEM for each session were 50.9+5.3%,
55.8+4.8% and 58.9+4.8%, with random chance being 12.5%. A linear mixed effect model
was applied to determine the effect of training across sessions. Statistical analysis revealed
that there was a significant improvement in accuracy from session one to session three (p =
0.048) after Tukey’s correction for multiple comparison. Nine out of the sixteen subjects
(1/5 3D Group One, 8/11 3D Group Two) were able to finish two additional sessions of 3D
control in 12 target tasks (Fig. 3B). Their average performance and SEM for the two
sessions were 51.5+6.9% and 50.5+7.1%, respectively (Fig. 3D). No significant difference
of accuracy was found between the two sessions. Note that with the increase in the number
of targets in the 12 target task, the random chance level fell to 8.3%.

C. Comparison of ITR among 1D, 2D and 3D Control

The classification accuracy revealed that subjects succeeded in each modalities individually
and in combination, although overall classification accuracy decreased with increased task
complexity (2D and 3D control). Besides the apparent flexibility the subjects gained through
higher degrees of freedom, i.e. 2D and 3D control, the efficiency of 2D and 3D control was
examined through the calculation of ITR. The group averaged ITR of the subset of nine
subjects who completed all tasks can be seen in Fig. 4A. The highest group average ITR
across one and two dimensional control was achieved via MI (1D control 15.1+1.7 (SEM)
bits/min 2D control 21.2+3.4 bits/min). The group average ITR and SEM of 3D control for
the 8 target and 12 target tasks were 24.1+1.5 bits/min and 29.7+1.6 bits/min, respectively.
A linear mixed effect model was applied to evaluate both the effects of the control strategy
and the number of dimensions on the ITR. The statistical analysis (after correction for
multiple comparisons) in Fig. 4B showed that there was a significantly higher ITR for the
complex 3D control task (8 target and 12 target) compared to both the 1D and 2D tasks.
There was no significant difference in ITR between the 3D 8 target task and the 12 target
task, although the ITR was on average higher in the 3D 12 target task.

D. Comparison of Electrophysiology with and without Neuronal Feedback

The R-value topography can be used to measure the task-related modulation and is
calculated by regressing the EEG alpha power during the control task against the target
labels/locations, allowing us to analyze the underlying electrophysiology of the paired
control tasks with and without neuronal feedback. The analysis for LR control (first row of
Fig. 5A and Fig. 5B) and UD control (second row of Fig. 5A and Fig. 5B) was performed
for the OSA modulation (left column of Fig. 5A and Fig. 5B) and the MI modulation (right
column of Fig. 5A and Fig. 5B) separately. All of the trials were included in the calculation
of the R-values shown in figure 5. The topography of R-values before receiving any
feedback is displayed in Fig. 5A and its counterpart after feedback is shown in Fig. 5B.
There were obvious focal regions of modulation across electrodes covering the parietal-
occipital cortical regions for OSA modulation and bilateral motor cortical regions for Ml
modulation. An apparent difference of modulation strength was also observed before and
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after the feedback was given. Quantitative comparisons of the electrodes used for control
(OSA: P3, P4, Pz and Poz; MI: C3, C4) were performed for both control dimensions during
the corresponding modulation strategy. Paired t-tests were used to evaluate whether there
exists a change in modulation at each relevant electrode between the two conditions, before
and after the feedback was given. There was a significant difference in the P3 (p =
9.3x1074), but not P4 electrodes (p = 0.1) between conditions with and without feedback for
LR control via OSA modulation (see Fig. 5C); there were significant differences in the PZ (p
=8.8x107%) and POZ (p = 5.5x107) electrodes between the with and without feedback
conditions for the UD control task during OSA modulation (see Fig. 5E). In contrast,
statistical analysis revealed that during MI there were no significant differences in the C3 (p
= 0.60) and C4 (p = 0.18) electrodes between the with and without feedback conditions for
LR control (see Fig. 5D) and that there were significant differences in the C3 (p = 0.1x1073)
and C4 (0.1x1073) electrodes between the with and without feedback conditions for the UD
control task (see Fig. 5F).

A subset of the trials in which correct targets were hit was used in the calculation of the R-
values in figure 6, and demonstrated similar results to figure 5. Quantitative comparisons in
the P3, P4, Pz and Poz electrodes were performed for both control dimensions during OSA
modulation, since these electrodes were used for the online cursor control. Similarly,
quantitative analysis of the C3 and C4 electrodes was performed for both the LR and UD
control conditions during MI modulation. Note that the topography shown in Fig. 6 is
similar to the topography in figure 5, with much stronger R-values being found when only
hit trials were used, compared to the use of all trials in figure 5. There was a significant
difference in the P3 (p = 4.8x1074) and P4 electrodes (p = 3.9x1074) between conditions
with and without feedback for the LR control via OSA modulation (see figure 6C). There
was a significant difference in the PZ (p = 1.7x10712) and POZ (p = 2.9x10713) electrodes
between conditions with and without feedback for the UD control via OSA modulation (see
figure 6E). Similarly, the statistical analysis revealed that there was a significant difference
in the C4 (p = 8.0x1073) electrode but not the C3 electrode between the conditions with and
without feedback for the LR control via Ml modulation (see figure 6D) and that there was a
significant difference in both the C3 (p = 5.3x1078) and C4 (1.8x1078) electrodes between
the conditions with and without feedback for the UD control via M1 modulation (see figure
6F).

E. Confusion matrices of different strategies for the 3D control tasks

The confusion matrices for the two groups using different strategies (illustrated in Figure
7A-7B) were calculated separately in order to determine if both strategies were effective in
producing 3D control (Figure 7). The group level confusion matrices for group one and
group two were displayed in Figure 7C-7D, respectively and the corresponding standard
deviation of the confusion matrices is shown in Figure 7E — 7F, respectively, for group one
and group two. These group level confusion matrices provide details regarding the
occurrence of false positives and negatives for each target type. This analysis was performed
in order to rule out the possibility of highly proficient 2D control being the underlying
mechanism of the behavioral results. Instead, the results demonstrate that there were no
global preferences to individual planes, given a control strategy, and that both strategies were
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suitable for 3D control. Six representative individual confusion matrices (4/11 from group
one, 2/5 from group two) are displayed in Figure 8. While no clear patterns of group level
target preference were found between or within control strategies (Figure 7C-7F), individual
subjects demonstrated notable preferences (Figure 8). These notable differences in subject
specific preference highly influence the global map, leading to non-obvious or easily
interpreted patterns. We suspect that these patterns arise from the high variance in our
measurements, due to low sample numbers, and the innate variability [31] of BCI (Figure
TE-TF).

F.  Average cursor trajectory

An example of the average cursor movement trajectories for a particular subject was shown
in figure 9. This example corresponds to the subject in figure 8A, one of the better 3D
control performers. The average trajectories showed a relatively linear path from the starting
point (origin) to the middle point of the targets. Note that the cursor is a sphere with a
diameter of 10% of the workspace, thus the ellipsoids which display the estimated
distribution of the cursor center’s endpoint may not be in contact with the targets. The
average trajectories of this particular example demonstrated that online cursor control was
performed in three dimensions continuously, and was not the product of sequential 2D and
1D manipulations.

V. DISSCUSSION

A. Comparison of performance between conventional paradigms and the proposed OSA

In the current study, we demonstrated a new modulation modality, OSA modulation, which
produces a similar performance level in terms of the classification accuracy compared to
conventional M1 modulation. Compared to previous studies using covert (visuo)spatial
attention (CSA), our online classification accuracy results were marginally higher than the
average offline results of both 69% for 1D and 41% for 2D tasks in a group of 15 subjects
[40] and were comparable or higher than other studies [41]-[43]. It is important to note that
most of the studies previously reported only include offline analysis, and none demonstrated
online 2D control. Although a valid form of analysis, performing classification offline
allows the researchers ample opportunity to potentially fit their data in a non-generalizable
fashion, and to employ resources or methods which are not accessible during rapid online
decoding. In our current iteration of the OSA modality, subjects were allowed to shift their
gaze towards targets as well as covertly pay attention to the movement of the cursor, in order
to hit the correct target. This is slightly different than the previous CSA studies, where
subjects were instructed to focus on the center while covertly attending to a peripheral target.
The flexibility of overtly shifting their gaze allows subjects to naturally and comfortably
deploy their spatial attention along with the attended direction. Through this flexible
shifting, subjects were capable of easily combining OSA and MI modulation. There were
shown to be no group level statistical differences between 1D and 2D control using either
modality, although some individuals demonstrated superior modulation abilities in a specific
modality. As an estimated 15%-30% of the population is incapable of producing the
conventional MI based BCI control signal [52], the introduction of OSA modulation
potentially provides an effective alternative for BCI control. Moreover, OSA modulation
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utilizes the parietal-occipital cortex, unlike MI’s use of the sensorimotor cortex, providing
the possibility to extend BCI control beyond 2D.

B. 3D control strategy was individualized according to subjects’ performance preference
but no difference was found between strategies

In the 3D experiments, a combination of OSA and MI modulation was used for online
control. We found that two particular combinations worked best and were accepted by the
participants. Subjects with superior performance using MI, compared to OSA, preferred to
use MI and OSA for the horizontal plane and vertical axes respectively. While subjects who
demonstrated superior performance via OSA, compared to MI modulation, preferred to use
OSA to control the cursor in the frontal (parallel to the screen) plane and M1 (both hands
versus relax) to control the cursor’s depth (in/out of the frontal plane). We utilized identical
target positions for both groups, regardless of the control strategy being employed. By using
consistent target locations, we were able to further demonstrate the lack of preferred control
dimensions within either control strategy in the same experiment. This is further exemplified
in the confusion matrices, which reveal that on average both strategies used in this study
produced successful 3D control. Although the group level averages were similar, there were
noticeable individual differences among the subjects’ control abilities. Some subjects, like
the example in figure 8A, demonstrated superior performance for all target locations, while
others preferred specific axes. Although both the MI and OSA modulations consume
attention resources, the 3D control results revealed that subjects could effectively deploy
their attentional resources simultaneously and properly in order to successfully complete the
tasks. This simultaneous deployment of attentional resources corroborates our previous
study, in which we explored cognitive flexibility through simultaneous SSVEP and Ml
modulation for BCI control [53].

More recently, wearable BCI systems have become more readily available due to the rapid
improvement of dry EEG electrodes [13,14] and wireless, compact EEG systems. These
wearable BCI systems have been used in a diverse set of applications, ranging from the
evaluation of driver vigilance [54] to robotic exoskeletons [16]. The 3D control paradigm
proposed in this study uses a sparse electrode configuration for online control, an advantage
that allows for its simple implementation within wearable BCI systems. Not only can
previously established algorithms, such as the one presented here, be implemented in
wearable systems, given the increased comfort and mobility offered to BCI users by these
systems, there is no doubt that they will help attract more BCI users, helping to further the
development of BCI technology.

C. New paradigm of 3D control does not require extensive training and improve ITR

significantly
Prior to our work, there was only one study of noninvasive 3D BCI control based on
endogenous modulation. In it, McFarland et al. proposed to use the imagination of
movement of both hands and feet to perform EEG based 3D control [32]. They designed a
center out task with eight targets located in the corners of a cubic workspace, where only
one target was displayed per task. Each subject was asked to move a cursor, which appeared
in the center, to the displayed target at one of the corners within a 15s time limit. If the
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subject was unable to contact the target by the end of the 15 seconds, the trial was recorded
as a miss. Unlike the work presented here, if the cursor moved to other target locations, it
did not result in a miss. In their work, they studied four subjects (one naive BCI subject)
who practiced 1-4 sessions of 1D control, 10-12 sessions of 2D control and 21-42 sessions
of 3D control. Initially these subjects completed about 20%-60% of the 3D trials, improving
to 60%—-90% following extensive training. Our current study demonstrated that a group of
16 subjects (11 BCI naive subjects) could complete three sessions of 3D 8 target tasks with
starting and ending group accuracies of 50% and 59%. Unlike the previous work done by
McFarland and colleagues, these subjects only performed three sessions of 1D and 2D BCI
training before moving on to the 3D control task. Note that the two accuracies are not
directly comparable since the first accuracy [32] represented the proportion of completed
trials, while the accuracy in the present study was PVVC, where contact with incorrect targets
results in misses. This difference increases the difficulty of the task in this study and is also
closer to daily life application. Furthermore, the subjects in our study underwent
substantially less training in the 3D tasks (3-5 sessions versus 21-42), and still
demonstrated high levels of accuracy and control, further suggesting that our proposed
control strategy is useful in practical situations. The efficiency of the BCI system was
investigated through the evaluation of the ITR, which not only depends on the classification
accuracy but also correlates with the number of hits and speed in each run. Previous studies
[40],[50],[55] have reported the ITR for 1D (two classes) and 2D (four classes) cursor
control tasks or up to five classe offline analysis, which produced ITRs of 4.9 bits/min —
14.1 bits/min for 1D tasks [40],[55], ITRs of 11.0 bits/min — 20 bits/min for 2D tasks [50],
[55], and ITRs of 0.42 bits/trial — 0.81 bits/trial for the five class individual offline analysis
[50]. 1t is difficult to directly compare ITRs across these studies since some of these works
only reported the peak ITR for individuals and the experimental paradigms were different,
potentially affecting the evaluation of ITR. In our work, the average ITR for 1D control is
11.1 bits/min (0.68bits/trial), which is comparable to the reported maximum individual ITR
across all tasks (two to five class offline analysis) [50]. This verifies that the ITR for 1D
control in this study can serve as a strong baseline, and that the improvement of ITR through
increased dimensionality is not a trivial result due to weak starting accuracy. Moreover, all
of the 1D, 2D and 3D tasks in this study were performed and evaluated in the same
paradigm, which allows for a more fair comparison between different control tasks.

D. Online control increase R-value significantly

Event-related (de)synchronization (ERD/S) has been suggested to be a product of specific
cognitive processes which might be related to the selective attention of multiple neuronal
systems, such as the motor [56] and visual systems [38],[39]. The modulation of mu rhythms
was topographically quantified via the regression analysis R-value displayed in Fig. 5. A
clear pattern or cluster of active electrodes between the compared tasks usually suggests the
discriminability of the designed tasks and the possibility of online control. The R-value
topography, without any feedback, demonstrates similar results to the previous studies which
employ covert spatial attention [40],[41]. Here, we showed that the OSA modulation task
produces similar but much stronger parietal-occipital activity, especially after providing
online feedback. The statistical analysis of the R-values of the corresponding control
electrodes (P3/P4 LR OSA,; Pz/Poz UD OSA; C3/C4 LR/UD MI) revealed that following the
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presentation of feedback, there was a significant increase in the modulation of activity. This
further validates that online feedback could greatly promote the cognitive processes [57] and
might be essential for BCI control [58],[59].

CONCLUSION

In this work we propose a new OSA task which utilizes the endogenous modulation of
visuospatial attention and demonstrate similar performance to conventional M1 BCI control.
The OSA task, without feedback, produces activity patterns similar to those presented in
previous studies of CSA. These patterns which are focused around parietal-occipital cortices
are further strengthened through the presentation of feedback. This stronger cognitive
process coincides with the successful modulation of the brain rhythms and the completion of
the tasks. A substantial portion of the subjects further demonstrated that the combination of
the two strategies (MI and OSA) allows for the control of a virtual cursor in 3D space
through the completion of center out tasks with significantly higher accuracy than chance.
Furthermore, subjects showed significant performance improvement across the three
sessions of 8 target 3D tasks. Note that, nine of these subjects further demonstrated robust
control in a twelve target 3D control task, resulting in a group average information transfer
rate of 29.7+1.6 bits/min, which significantly outperformed the lower dimensional 1D and
2D control task. The successful completion of a 3D task through the combination of multiple
control strategies corroborates our previous findings that subjects have the cognitive
flexibility to simultaneously deploy their attention in two different cognitive tasks. By taking
advantage of this cognitive flexibility, future work could improve and expand upon the
efficiency and dimensionality of BCI control, as well as potentially shed light on the study
of cognitive processes, such as attention, through BCI.

ACKNOWLEDGMENT

The authors would like to thank Dr. Haiteng Jiang for useful discussions.

This work was supported in part by NIH AT009263, EB021027, NS096761, and NSF CBET-1264782.

REFERENCES

[1]. He B, Gao S, Yuan H, Wolpaw JR, Brain—computer interfaces. In He B (ed) Neural Engineering,
2nd edition, Springer US, 2013, pp. 87-151.

[2]. Wolpaw JR, McFarland DJ, Control of a two-dimensional movement signal by a noninvasive
brain-computer interface in humans. Proc. Natl. Acad. Sci. USA 101(51), 17849-17854, 2004.
[PubMed: 15585584]

[3]. Aflalo T, Kellis S, Klaes C, Lee B, Shi Y, Pejsa K, ... & Andersen RA Decoding motor imagery
from the posterior parietal cortex of a tetraplegic human. Science, 348(6237), 906-910, 2015.
[PubMed: 25999506]

[4]. Carmena JM, Lebedev MA, Crist RE, O’Doherty JE, Santucci DM, Dimitrov DF, ... & Nicolelis
MA, Learning to control a brain-machine interface for reaching and grasping by primates. PLoS
Biol, 1(2), e42, 2003 [PubMed: 14624244]

[5]. Collinger JL, Wodlinger B, Downey JE, Wang W, Tyler-Kabara EC, Weber DJ, McMorland AJ,
Velliste M, Boninger ML and Schwartz AB, High-performance neuroprosthetic control by an
individual with tetraplegia. The Lancet, 381(9866), 557-564, 2013.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2019 November 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Meng et al. Page 14

[6]. Gilja V, Pandarinath C, Blabe CH, Nuyujukian P, Simeral JD, Sarma AA, ... & Shenoy KV,
Clinical translation of a high-performance neural prosthesis. Nature medicine, 21(10), 1142,
2015.

[7]. Bouton CE, Shaikhouni A, Annetta NV, Bockbrader MA, Friedenberg DA, Nielson DM, ... &
Morgan AG, Restoring cortical control of functional movement in a human with quadriplegia.
Nature, 533(7602), 247-250, 2016. [PubMed: 27074513]

[8]. Ryu SI, Shenoy KV, Human cortical prostheses: lost in translation? Neurosurgical focus, 27(1),
p.E5, 2009.

[9]. Do AH, Wang PT, King CE, Abiri A, Nenadic Z, Brain-computer interface controlled functional
electrical stimulation system for ankle movement. Journal of neuroengineering and rehabilitation,
8(1), 49, 2011. [PubMed: 21867567]

[10]. Ortner R, Allison BZ, Korisek G, Gaggl H, Pfurtscheller G, An SSVEP BClI to control a hand
orthosis for persons with tetraplegia. IEEE Transactions on Neural Systems and Rehabilitation
Engineering, 191, 1-5, 2011. [PubMed: 20875978]

[11]. Meng J, Zhang S, Bekyo A, Olsoe J, Baxter B, He B, Noninvasive Electroencephalogram Based
Control of a Robotic Arm for Reach and Grasp Tasks. Sci. Rep 6, 38565, 2016. [PubMed:
27966546]

[12]. McFarland DJ, Wolpaw JR. Brain-computer interface operation of robotic and prosthetic devices.
Computer, 41(10), 2008.

[13]. Chi YM, Wang YT, Wang Y, Maier C, Jung TP and Cauwenberghs G. Dry and noncontact EEG
sensors for mobile brain—-computer interfaces. IEEE Transactions on Neural Systems and
Rehabilitation Engineering, 20(2), pp.228-235, 2012. [PubMed: 22180514]

[14]. Grozea C, Voinescu CD and Fazli S. Bristle-sensors—low-cost flexible passive dry EEG
electrodes for neurofeedback and BCI applications. Journal of neural engineering, 8(2), p.
025008, 2011. [PubMed: 21436526]

[15]. Lin CT, Chang CJ, Lin BS, Hung SH, Chao CF and Wang 1J. A real-time wireless brain—
computer interface system for drowsiness detection. IEEE transactions on biomedical circuits and
systems, 4(4), pp.214-222, 2010. [PubMed: 23853367]

[16]. He W, Zhao Y, Tang H, Sun C and Fu W. A wireless BCI and BMI system for wearable robots.
IEEE Transactions on Systems, Man, and Cybernetics: Systems, 46(7), pp.936-946, 2016.

[17]. Carlson T, Millan JDR, Brain-controlled wheelchairs: a robotic architecture. IEEE Robotics &
Automation Magazine, 20(1), 65-73, 2013.

[18]. LaFleur K, Cassady K, Doud A, Shades K, Rogin E, He B, Quadcopter control in three-
dimensional space using a noninvasive motor imagery-based brain—-computer interface. Journal of
neural engineering, 10(4), 046003, 2013. [PubMed: 23735712]

[19]. Mak JN, Arbel Y, Minett JW, McCane LM, Yuksel B, Ryan D, ... & Erdogmus D, Optimizing
the P300-based brain—computer interface: current status, limitations and future directions. Journal
of neural engineering, 8(2), 025003, 2011. [PubMed: 21436525]

[20]. Gao S, Wang Y, Gao X, Hong B, Visual and auditory brain—-computer interfaces. IEEE
Transactions on Biomedical Engineering, 61(5), 1436-1447, 2014. [PubMed: 24759277]

[21]. Chen X, Wang Y, Nakanishi M, Gao X, Jung TP, Gao S, High-speed spelling with a noninvasive
brain—computer interface. Proceedings of the national academy of sciences, 112(44), E6058—
E6067, 2015.

[22]. Li Y, Long J, Yu T, Yu Z, Wang C, Zhang H, Guan C, An EEG-based BCI system for 2-D cursor
control by combining Mu/Beta rhythm and P300 potential. IEEE Transactions on Biomedical
Engineering, 57(10), 2495-2505, 2010. [PubMed: 20615806]

[23]. Panicker RC, Puthusserypady S, Sun Y, An asynchronous P300 BCI with SSVEP-based control
state detection. IEEE Transactions on Biomedical Engineering, 58(6), 1781-1788, 2011.
[PubMed: 21335304]

[24]. Xu M, Qi H, Wan B, Yin T, Liu Z, Ming D, A hybrid BCI speller paradigm combining P300
potential and the SSVEP blocking feature. Journal of neural engineering, 10(2), 026001, 2013.
[PubMed: 23369924]

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2019 November 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Meng et al.

Page 15

[25]. Pfurtscheller G, Brunner C, Schlégl A, & Da Silva FL, Mu rhythm (de) synchronization and EEG
single-trial classification of different motor imagery tasks. Neuroimage, 31(1), 153-159, 2006.
[PubMed: 16443377]

[26]. Yuan H, He B, Brain—computer interfaces using sensorimotor rhythms: current state and future
perspectives. IEEE Transactions on Biomedical Engineering, 61(5), 1425-1435, 2014. [PubMed:
24759276]

[27]. He B, Baxter B, Edelman BJ, Cline CC, Wenjing WY, Noninvasive brain-computer interfaces
based on sensorimotor rhythms. Proceedings of the IEEE, 103(6), 907-925, 2015.

[28]. Miiller-Putz G, Leeb R, Tangermann M, Hohne J, Kibler A, Cincotti F, ... & Millan JDR,
Towards noninvasive hybrid brain—-computer interfaces: framework, practice, clinical application,
and beyond. Proceedings of the IEEE, 103(6), 926-943, 2015.

[29]. Soekadar SR, Witkowski M, Gémez C, Opisso E, Medina J, Cortese M, ... & Vitiello N, Hybrid
EEG/EOG-based brain/neural hand exoskeleton restores fully independent daily living activities
after quadriplegia. Sci. Robot, 1(1), 32-96, 2016.

[30]. Yuan H, Liu T, Szarkowski R, Rios C, Ashe J, He B, Negative covariation between task-related
responses in alpha/beta-band activity and BOLD in human sensorimotor cortex: an EEG and
fMRI study of motor imagery and movements. Neuroimage, 49(3), 2596-2606, 2010. [PubMed:
19850134]

[31]. Allison BZ, Neuper C, Could anyone use a BCI? In Brain-computer interfaces (pp. 35-54).
Springer, London, 2010.

[32]. McFarland DJ, Sarnacki WA, Wolpaw JR, Electroencephalographic (EEG) control of three-
dimensional movement. Journal of neural engineering, 7(3), 036007, 2010. [PubMed: 20460690]

[33]. Posner MlI, Petersen SE, The attention system of the human brain. Annual review of
neuroscience, 13(1), 25-42, 1990.

[34]. Worden MS, Foxe JJ, Wang N, Simpson GV, Anticipatory biasing of visuospatial attention
indexed by retinotopically specific-band electroencephalography increases over occipital cortex.
J Neurosci, 20(RC63), 1-6, 2000. [PubMed: 10627575]

[35]. Yamagishi N, Callan DE, Goda N, Anderson SJ, Yoshida Y, Kawato M, Attentional modulation
of oscillatory activity in human visual cortex. Neuroimage, 20(1), 98-113, 2003. [PubMed:
14527573]

[36]. Kelly SP, Lalor EC, Reilly RB, Foxe JJ, Increases in alpha oscillatory power reflect an active
retinotopic mechanism for distracter suppression during sustained visuospatial attention. Journal
of neurophysiology, 95(6), 3844-3851, 2006. [PubMed: 16571739]

[37]. Moore T, Armstrong KM, Fallah M, Visuomotor origins of covert spatial attention. Neuron,
40(4), 671-683, 2003. [PubMed: 14622573]

[38]. Thut G, Nietzel A, Brandt SA, Pascual-Leone A, ]-Band electroencephalographic activity over
occipital cortex indexes visuospatial attention bias and predicts visual target detection. Journal of
Neuroscience, 26(37), 9494-9502, 2006. [PubMed: 16971533]

[39]. Sauseng P, Klimesch W, Stadler W, Schabus M, Doppelmayr M, Hanslmayr S, ... Birbaumer N,
A shift of visual spatial attention is selectively associated with human EEG alpha activity.
European Journal of Neuroscience, 22(11), 2917-2926, 2005. [PubMed: 16324126]

[40]. Van Gerven M, Jensen O, Attention modulations of posterior alpha as a control signal for two-
dimensional brain—computer interfaces. Journal of neuroscience methods, 179(1), 78-84, 2009.
[PubMed: 19428515]

[41]. Treder MS, Bahramisharif A, Schmidt NM, Van Gerven MA, Blankertz B, Brain-computer
interfacing using modulations of alpha activity induced by covert shifts of attention. Journal of
neuroengineering and rehabilitation, 8(1), 24, 2011. [PubMed: 21672270]

[42]. Morioka H, Kanemura A, Morimoto S, Yoshioka T, Oba S, Kawanabe M, Ishii S, Decoding
spatial attention by using cortical currents estimated from electroencephalography with near-
infrared spectroscopy prior information. Neuroimage, 90, 128-139, 2014. [PubMed: 24374077]

[43]. Tonin L, Leeb R, Sobolewski A, Millan JDR, An online EEG BCI based on covert visuospatial
attention in absence of exogenous stimulation. Journal of neural engineering, 10(5), 056007,
2013. [PubMed: 23918205]

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2019 November 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Meng et al.

[44].

[45].

[46].

[47].

[48].

[49].

[50].

[51].

[52].

[53].

[54].

[55].

[56].

[57].

[58].

[59].

Page 16

Schalk G, McFarland DJ, Hinterberger T, Birbaumer N, Wolpaw JR, BCI12000: a general-purpose
brain-computer interface (BCI) system. IEEE Transactions on biomedical engineering, 51(6),
1034-1043, 2004. [PubMed: 15188875]

Doud AJ, Lucas JP, Pisansky MT, He B, Continuous three-dimensional control of a virtual
helicopter using a motor imagery based brain-computer interface. PloS One, 6(10), e26322,
2011. [PubMed: 22046274]

Combrisson E, Jerbi K, Exceeding chance level by chance: The caveat of theoretical chance
levels in brain signal classification and statistical assessment of decoding accuracy. Journal of
neuroscience methods, 250, 126-136, 2015. [PubMed: 25596422]

Pfurtscheller G, Neuper C, Krausz G, Functional dissociation of lower and upper frequency mu
rhythms in relation to voluntary limb movement. Clinical neurophysiology 11110: 1873-1879,
2000. [PubMed: 11018505]

Yao L, Meng J, Zhang D, Sheng X, Zhu X, Selective sensation based brain-computer interface
via mechanical vibrotactile stimulation. PloS One, 8(6), 64784, 2013. [PubMed: 23762253]
McFarland DJ, McCane LM, David SV, Wolpaw JR, Spatial filter selection for EEG-based
communication. Electroencephalography and clinical Neurophysiology, 103(3), 386-394, 1997.
[PubMed: 9305287]

Obermaier B, Neuper C, Guger C, Pfurtscheller G, Information transfer rate in a five-classes
brain-computer interface. IEEE Transactions on neural systems and rehabilitation engineering,
9(3), 283-288, 2001. [PubMed: 11561664]

Shenoy P, Krauledat M, Blankertz B, Rao RP, Miiller KR, Towards adaptive classification for
BCI. Journal of neural engineering, 3(1), R13, 2006. [PubMed: 16510936]

Vidaurre C, Blankertz B, Towards a cure for BCI illiteracy. Brain topography, 23(2), 194-198,
2010. [PubMed: 19946737]

Edelman B, Meng J, Gulachek N, Cline C, He B, Exploring cognitive flexibility with a
noninvasive BCI using simultaneous steady-state visual evoked potentials and sensorimotor
rhythms. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 26(5), 936-947,
2018. [PubMed: 29752228]

Lin CT, Chuang CH, Huang CS, Tsai SF, Lu SW, Chen YH and Ko LW, Wireless and wearable
EEG system for evaluating driver vigilance. IEEE Transactions on biomedical circuits and
systems, 8(2), pp.165-176, 2014. [PubMed: 24860041]

Blankertz B, Dornhege G, Krauledat M, Miller KR, Curio G, The non-invasive Berlin brain—
computer interface: fast acquisition of effective performance in untrained subjects. Neurolmage,
37(2), 539-550, Blankertz B, Dornhege G, Krauledat M, Miller KR, Curio G (2007) The non-
invasive Berlin brain—computer interface: fast acquisition of effective performance in untrained
subjects. Neurolmage, 37(2), 539-550.

Neuper C, Wortz M, Pfurtscheller G, ERD/ERS patterns reflecting sensorimotor activation and
deactivation. Progress in brain research, 159, 211-222, 2006. [PubMed: 17071233]

Miller KJ, Schalk G, Fetz EE, Den Nijs M, Ojemann JG, Rao RP, Cortical activity during motor
execution, motor imagery, and imagery-based online feedback. Proceedings of the National
Academy of Sciences, 107(9), 4430-4435, 2010.

Pfurtscheller G, Neuper C, Future prospects of ERD/ERS in the context of brain—-computer
interface (BCI) developments. Progress in brain research, 159, 433-437, 2006. [PubMed:
17071247]

Wander JD, Blakely T, Miller KJ, Weaver KE, Johnson LA, Olson JD, ... & Ojemann JG,
Distributed cortical adaptation during learning of a brain—computer interface task. Proceedings of
the National Academy of Sciences, 110(26), 10818-10823, 2013.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2019 November 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Meng et al.

Page 17

Significance:

Through the combination of the two strategies (MI and OSA), a substantial portion of the
recruited subjects were capable of robustly controlling a virtual cursor in 3D space. The
proposed novel approach could broaden the dimensionality of BCI control and shorten
the training time.
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Fig. 1.

A) Overall experimental strategy for control via OSA and MI. Subjects overtly attend to
either the left or right side according to the task cue, directing the cursor’s movement to
either the left or right; subjects imagine the repeated movement of their left or right hand,
according to the task cue, directing the movement of the cursor to the left or right during Ml
modulation. B) Overall study design. Each participant was randomly assigned to one of two
groups and completed three screening sessions. In group one, OSA was performed first,
followed by MI; while group two performed the reverse. A subset of the subjects whose
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performance was higher than the pre-determined threshold was invited to complete three
sessions of 3D 8 target tasks with further subsection of those subjects participating in two
additional sessions of 3D 12 target tasks.
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and those for M1 tasks are shown in striped bars. A) Comparison of accuracy for left vs right
1D control task. B) Comparison of accuracy for up vs down 1D control task. C) Comparison
of accuracy for 2D control task. In the bottom panel, the individual performance for each
subject is shown on the left side of the dashed line and the group average performance for
each task is displayed on the right side of the dashed line. Subject IDs are sorted according

BCI behavioral performance of online cursor control via the OSA modulation and the Ml
modulation in terms of PVVC. The performance accuracies of OSA are shown in solid bars

Fig. 2.
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to the difference in performance between the two tasks and are color coded; the color bar
shows the percentage difference between OSA and Ml.
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Fig. 3.

Bgl behavioral performance for online 3D cursor control via the combination of OSA and
MI modulation in terms of PVC. A) A scene of the 8 target 3D cursor control task. The
highlighted bar indicated the target to hit. B) A scene of the 12 target 3D cursor control task
where the highlighted bar indicated the target to hit. C) BCI accuracy of 3D control across
the three sessions with the dashed green line indicating random chance (12.5%). D) BCI
accuracy of 3D control in the 12 target task across the two sessions with the dashed green
line indicating random chance (8.3%).
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Fig. 4.

0.89

0.003 0.173

Comparison of ITR in a subset of nine subjects for all of the experimental conditions. The
group average of ITR for each condition is displayed by the height of the bar with the SEM
being overlaid. The p-values for statistical analysis by a linear mixed effect model are shown
in the subplot at the bottom. A post hoc Tukey’s test was used to correct for multiple

comparisons.
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Fig. 5.

The R topography map of OSA modulation (the first column of each panel) versus Ml
modulation (the second column of each panel) without feedback in subfigure (A) and with
feedback in subfigure (B). R values were calculated using all trials. The first row of each
subfigure displays the R topography of the left versus right control task; the second row of
each subfigure shows the R topography for the up versus down control task. C) The
statistical comparison of R-values at the P3 and P4 electrodes during left versus right control
via OSA modulation, D) at the C3 and C4 electrodes during left versus right control via Ml
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modulation, E) at the Pz and Poz electrodes during up versus down control via OSA, and F)
at the C3 and C4 electrodes during the up versus down control via MI modulation.
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Fig. 6.

R %opography map of the OSA modulation (the first column of each panel) versus the Ml
modulation (the second column of each panel) without any feedback in subfigure A) and
with feedback in subfigure B). Calculation is based on the subset of the trials in which
targets were correctly hit. The first row of each subfigure displays the R topography of left
versus right control task; the second row of each subfigure shows the R topography of the up
versus down control task. C) Statistical comparison of R-value at the P3 and P4 electrodes of
OSA modulation during the left versus right control, D) at the C3 and C4 electrodes of Ml
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modulation during the left versus right control, E) at the Pz and Poz electrodes of OSA
modulation during the up versus down control, and F) at the C3 and C4 electrodes of Ml
modulation during the up versus down control.
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Fig. 7.
Confusion matrices for the 3D control tasks. A) The target location and the control strategy

for the 5 subjects who preferred to use OSA modulation to move the cursor in the frontal
plane (parallel to the screen) and MI modulation to move the cursor in and out of the vertical
plane. The workspace was rotated for the sake of visualization and subjects viewed the
workspace from the top down perspective. B) The target location and the control strategy for
the 11 subjects who preferred to use the MI modulation to move the cursor in the horizontal
plane and the OSA modulation to move the cursor along the vertical axis. A similar rotation
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was applied for visualization with the subjects also viewing the workspace from the top
down perspective. C) Group level confusion matrices (colorbar unit: percentage) for the 5
subjects who use the strategy illustrated in A). D) Group level confusion matrices for the 11
subjects who use the strategy displayed in B). The true target is indicated by the row and the
predicted target by the column. E) Standard deviation of confusion matrices for the 5
subjects. F) Standard deviation of confusion matrices for the 11 subjects.
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Individual confusion matrices (color bar unit: percentage) for the 3D control tasks. A)-D)
Four examples of individual confusion matrices among the 11 subjects who use the
strategies in the figure 7B. E)-F) Two examples of individual confusion matrices among the
5 subjects who use the strategies in the figure 7A.
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Fig. 9.
Average cursor movement trajectories for a particular subject. The virtual cubic workspace

was rotated for easier visualization of all of the trajectories. The colored bars show the
targets in the workspace and the ellipsoids display the estimated distribution of the end
points of cursor during all of the hit trials. The movement path was derived by averaging all
of the hit trials.
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