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Abstract—Brain-Computer Interfaces (BCIs) control a computer or a machine based on the information of the signal
of the human brain, and the P300 speller is one of the BCI
communication tools. The P300 speller discriminates a character
after averaging EEG data to improve the accuracy. Whereas
Reliability-Based Automatic Repeat reQuest (RB-ARQ) is an
error control method designed for BCIs, which makes a user
keep thinking until a given reliability is satisfied and can improve
the accuracy of BCI with a small loss of the discrimination
speed. This paper proposes Reliability-Based Selective-Repeat
ARQ (RB-SR-ARQ), which selectively requests a user to re-send
the data based on the reliability of each data. The results show
that the time required for thought discrimination can be reduced
while the accuracy remains at a high level.

I. I NTRODUCTION
Recently, the study of Brain-Computer Interfaces (BCIs)
has been researched actively. BCIs are interfaces which link
the human brain and a computer. With the help of BCIs, it
is expected that a patient like Amyotrophic Lateral Sclerosis
(ALS) is able to control a computer and to communicate with
other people. As for the measurement of brain activity, the
electroencephalogram (EEG) has been used well for BCIs
because it is noninvasive and inexpensive. The P300 speller
[1], which was developed by Farwell and others, is one of
the communication tools of BCI based on the P300 response,
which is one of the event related potentials (ERPs) obtained
from EEG. The P300 speller typically has 36 characters
containing alphabets and numbers on 6×6 matrix (Fig.1), and
one of the rows or the columns is highlighted at random. It
discriminates a character using P300 evoked by the highlight
of a row or a column which includes the character that a
user attended. In this paper, the 12 highlights, 6 rows and
6 columns, are called 1 sequence. Usually a character is
discriminated after averaging the EEG data corresponding to
some sequences to improve the signal-to-noise ratio [2]. In
fact, it is reported that the discrimination accuracy is increased
by lengthening the time per discrimination, in other words,
by increasing the number of data to be averaged [3], [4].
However, it is demanded that the time should be shorter while
the accuracy is higher for the practicality of P300 speller.
On the other side, there are various error control methods
at the field of information and communications. For example,
Automatic Repeat reQuest (ARQ), which asks the transmitter

Fig. 1.
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P300 speller interface (6×6 matrix display)

to repeat code words, is one of the popular methods; and
Reliability-Based Hybrid ARQ (RB-HARQ) [5], which requests retransmission based upon the reliability of each bit
in code words, has been recently proposed. Also, ReliabilityBased ARQ (RB-ARQ) [6], which customized RB-HARQ to
be suitable for BCIs, has been proposed; and it is reported that
RB-ARQ is an efficient error control method, i.e., RB-ARQ
can reduce the discrimination time while the accuracy remains
at a high level. In this paper, we examine the effectiveness of
RB-ARQ when it is applied to the P300 speller, and show that
RB-ARQ is more efficient than the averaging. Furthermore,
we propose Reliability-Based Selective-Repeat ARQ (RB-SRARQ), which requests the data selectively, and compare with
RB-ARQ.
II. M ETHOD
A. Reliability-Based Automatic Repeat reQuest
RB-ARQ is an error control method to improve the accuracy
in BCIs, in which a user keeps thinking the same thought until
a certain criterion is satisfied.
Let K be a set of thoughts, and x be the EEG data,
belonging to u ∈ K. The posterior probability of x being
in k ∈ K is written as P (k|x), and the label of x is predicted
as follows:
û = arg max P (k|x),
(1)
k

where û denotes a predicted label. The maximum of the
posterior probability is equivalent to the probability of correct
discrimination; thus, it can be seen as a reliability of data. Let
XT = {xt |t = 1, 2, ..., T } be a set of data at time T , the
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C. Reliability-Based Selective-Repeat ARQ
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Fig. 2.

Flow chart of RB-ARQ

reliability at time T λT can be calculated as follows:

P (k|xt )
λT = max P (k|XT ) = max  t 
.
k
k
l∈K
t P (l|xt )

(2)

A user keeps thinking the same thought until λT > λ is
satisfied, where λ is a given threshold (Fig.2).

There is an error control method Selective-Repeat ARQ
(SR-ARQ) [7] that requests the sender to re-transmit only
the data causing errors on the receiver side. We propose Reliability-Based Selective-Repeat ARQ (RB-SR-ARQ),
which introduces the idea of requesting the data selectively
into RB-ARQ. The discrimination time will be shortened by
requesting rows or columns selectively, i.e., by decreasing the
number of flashes in 1 sequence. The discrimination time
can be decreased most greatly by requesting only the row
and the column whose posterior probability is the highest
among rows and columns, respectively. However, the signalto-noise ratio of P300 would be small if only one row or
one column is highlighted, because the amplitude of the
P300 is known to be inversely proportional to the target
stimulus frequency [8]. Therefore, it is needed to highlight
rows and columns even though the posterior probability is
not the highest. Thus, in this paper, the rows or the columns
whose posterior probabilities P (r|XRT )(r ∈ {1, ..., 6}) or
P (c|XCT )(c ∈ {1, ..., 6}) are lower than a certain threshold
λR or λC ({r|λR ≥ P (r|XRT )}, {c|λC ≥ P (c|XCT )}) are
highlighted at the same time. It could prevent the frequency of
flashing a specific row or column becoming extremely high.

B. Application to P300 speller
The P300 speller discriminates a character by specifying the
row and the column containing the P300 response.
Let xrR be a set of EEG data obtaind when the r(∈
{1, ..., 6})th row is intensified. Using the posterior probabilities of a P300 appearing and not appearing at the rth row given
xrR , each of which is denoted by P (1|xrR ) and P (0|xrR ), the
posterior probability of the P300 appearing at only the rth row
given XR P (r|XR ) is calculated as follows:


P (1|xrR ) r=r P (0|xrR )

,
(3)
P (r|XR ) = 
s
s
s (P (1|xR )
s=s P (0|xR ))
where XR = {x1R , x2R , ..., x6R }. The posterior probability
of the P300 appearing at only the cth column P (c|XC )
(XC = {x1C , x2C , ..., x6C }) is similarly obtained. The attended
row and the column can be estimated by using these posterior
probabilities as follows:
(ûr , ûc ) =
=

arg max P (r, c|XR , XC ),

(4)

r,c

(arg max P (r|XR ), arg max P (c|XC )), (5)
r

c

where ûr and ûc are the estimated row and column, respect
tively. Let XR
be a set of EEG data corresponding to row
t
flashes at tth sequence, and XRT = {XR
|t = 1, 2, ..., T } be
t
a set of XR at T th sequence. Similarly, XCt and XCT are
also defined. Then, the reliability of (XRT , XCT ) λT can be
calculated as follows,
λT = max P (r, c|XRT , XCT ).
r,c

(6)

This is equal to the product of the reliabilities, i.e., λRT =
maxr P (r|XRT ) and λCT = maxc P (c|XCT ).

III. E XPERIMENT
A. Offline Experiment
1) Experimental Data: This offline experiment used the
BCI Competition III data set II [9], which contained EEG
data measured while two subjects (Sub A, Sub B) performed
the P300 speller. EEG data was recorded with the sampling
frequency of 240Hz, from 64 electrodes and a band-pass filter
of 0.1 to 60Hz. The dataset contained 85 learning data and 100
test data. Note that 15 sequences were repeated per character.
2) Preprocessing and Classifier: The features for discrimination were extracted in accordance with the winner method
in the competition [10]. The raw EEG data were filtered
with a band-pass of 0.1 to 10Hz and down-sampled to 20Hz,
then 14 data points corresponding to 0s to 0.65s after the
flash were extracted. The extracted data were classified by
using Linear Discriminant Analysis (LDA) in this experiment,
though the winner method used Support Vector Machine
(SVM) in [10], because the standard SVM do not provide
the posterior probabilities.
3) Application of RB-ARQ and RB-SR-ARQ: RB-ARQ was
applied to experimental data described above and the resultant
of accuracy was examined while varying the threshold. In
this paper, when the number of sequences T reached 15, the
discrimination was done even if the maximum posterior probability did not exceed the threshold because of the provided data
format. The accuracy when the standard avaraging was appled
was also examined by varying the ”fixed” number of sequences
from 1 to 15. RB-SR-ARQ was applied to experimental data
and the resultant of accuracy was examined while varying the
threshold.
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TABLE I
T HE DISCRIMINATION TIME AT THE ACCURACY OF 90%

4) Performance Evaluation: This paper utilizes Utility [11]
defined in Eq.(7), which is an alternative measure for the P300
speller to the information transfer rate (ITR).
(2P − 1) log2 (N − 1)
(7)
d
where N is the number of classes (in this experiment, N =
36), P is the accuracy, and d is the discrimination time. Note
that if P < 0.5, U = 0. In fact, Utility corresponds to the
ITR when the spelling is done perfectly using BackSpace
that can erase a mis-spelled character; thus, it is thought to
be a practical performance measure to the P300 speller. In
this paper, Utility was obtained by 10-fold cross varidation of
learning data.

Sub A

U=

B. Online Experiment
This experiment was intended to evaluate how RB-ARQ
works online.
1) Experimental Data: RB-ARQ was implemented in the
P300 speller available in BCI2000 [12]. Four subjects (Sub 1,
Sub 2, Sub 3, Sub 4) participated in this experiment, and their
EEGs were recorded with the sampling frequency of 100Hz
from five electrodes (Fz, Cz, Pz, O1, O2). The inter stimulus
interval (ISI) was 80ms. Each session consisted of spelling 20
characters ”THE QUICK BROWNY FOX” including spaces,
and each subject performed eleven sessions. The first session
was the learning phase: the number of sequences was fixed
to be 15, and the optimum threshold λ for RB-ARQ and
the optimum number of sequences for the averaging were
determined so that the expected Utility was maximized by
using 10-fold cross-validation. The rest sessions were the test
phase: five sessions with RB-ARQ and five sessions with the
averaging in an alternating order.
2) Preprocessing and Classifier: 65 data points corresponding to a time-window from 0.01s to 0.65s after the flash were
extracted from the raw EEG data. After selecting the variable
by Stepwise Linear Discriminant Analysis (SWLDA) [13], the
test data were classified by LDA.
IV. R ESULTS AND D ISCUSSIONS
Fig.3 shows the relation between the accuracy and the
discrimination time in the cases of the averaging, RB-ARQ,
and RB-SR-ARQ to competition data, and Fig.4 shows the
relation between Utility and the discrimination time. The
discrimination time was calculated using the mean value of
such T that λT > λ in the cases of RB-ARQ and RBSR-ARQ, and the number of sequences in the case of the
averaging. According to Fig.3, the longer the discrimination
time is, the higher the accuracy is. Also, Fig.3 tells that the
discrimination times of RB-ARQ are shorter than those of
averaging at the same accuracy. Table I shows the comparison
of the discrimination time at the accuracy of 90% in each
method. This Table tells that the high accuracy of same degree
compared with averaging is obtained while the discrimination
time is fewer more than 7 seconds in the case of RB-ARQ.
Also, according to Fig.4, it is found that the maximum of

Sub B

Method
Averaging
RB-ARQ
RB-SR-ARQ
Averaging
RB-ARQ
RB-SR-ARQ

Time[s]
29.9
18.7
13.1
21.6
14.6
10.5

Utility in the case of RB-ARQ is bigger than that of averaging.
Considering these results, the effectiveness of applying RBARQ to the P300 speller could be confirmed.
Fig.5 shows the probability density distribution of discriminant score of P300/non-P300 estimated by the Gauss
kernel function [14], Fig.6 shows the Q-Q plot [15] of each
distribution, and Table II shows the result of Shapiro-Wilk test
[16] for each. According to Table II, it can be said that none
of distribution is statistically the Gaussian distribution at the
significant level of α = 0.05. However, these distributions can
be practically regarded as the Gaussian distribution because
the test statistic W is nearly equal to 1, and each data point of
Fig.6 is almost on the straight line. These distributions of Fig.5
also can be found the near Gaussian distribution. According
to Fig.6, both ends of plotted data points are not on the line;
and this would be the reason the P-value of Shapiro-Wilk test
have become low.
Since none of artifact removal was applied, these data points
could correspond to the time-windows containing artifacts
such as eye movements. Therefore, these outliers could possibly be removed by applying an artifact removing method
[17].
Table III shows the result of the accuracy and the discrimination time obtained from the online experiment, and Fig.7
shows the comparison of Utility between the averaging and
RB-ARQ. The effectiveness of the application of RB-ARQ to
P300 speller can be confirmed from the result that the Utility of
RB-ARQ is bigger than that of averaging in each subject. Also,
there is a significant difference (P-value = 0.029) in Utility
between the averaging and RB-ARQ by repeated measures
ANOVA at the significant level of α = 0.05. It is needed that
the experiment of P300 speller included BackSpace because
the Utility premises erasures of mis-spelled characters using
BackSpace which was not available in this experiment.
According to Fig.3, it is found that the discrimination times
of RB-SR-ARQ are the shortest at the same accuracy in
three methods. According to Fig.4, the effectiveness of the
application of RB-SR-ARQ can be confirmed because the
Utility of RB-SR-ARQ is bigger than that of RB-ARQ.
V. C ONCLUSION
Reliability-Based Automatic Repeat reQuest (RB-ARQ)
was applied to competition data of the P300 speller, it was
shown that the discrimination time could be shortened while
the accuracy was less decreased than the averaging; thus, the
effectiveness of RB-ARQ was confirmed. Also, ReliabilityBased Selective-Repeat ARQ (RB-SR-ARQ) was proposed, it
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TABLE II
S HAPIRO -W ILK TEST
P300
non-P300
P300
non-P300

Sub A
Sub B

W-value
0.9978
0.9988
0.9951
0.9906

P-value
3.2E-4
1.1E-3
1.7E-8
< 2.2E-16

TABLE III
T HE DISCRIMINATION TIME AND THE ACCURACY (O NLINE )

Sub 1
Sub 2
Sub 3
Sub 4

Method
Averaging
RB-ARQ
Averaging
RB-ARQ
Averaging
RB-ARQ
Averaging
RB-ARQ

Time[s]
9.2
13.1
2.7
3.0
9.2
6.4
22.2
20.3

Accuracy[%]
70.0
95.0
64.0
73.0
92.0
92.0
85.0
89.0

Utility[bps]
0.22
0.35
0.53
0.79
0.47
0.67
0.16
0.20

was shown that the discrimination time of the competition data
could be further shortened. In future works, an improvement
of RB-SR-ARQ, and a verification of RB-SR-ARQ by online
experiment are needed.
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