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a b s t r a c t
An EEG-based brain–computer system can be used to control external devices such as computers,
wheelchairs or Virtual Environments. One of the most important applications is a spelling device to aid
severely disabled individuals with communication, for example people disabled by amyotrophic lateral
sclerosis (ALS). P300-based BCI systems are optimal for spelling characters with high speed and accuracy,
as compared to other BCI paradigms such as motor imagery. In this study, 100 subjects tested a P300based BCI system to spell a 5-character word with only 5 min of training. EEG data were acquired while
the subject looked at a 36-character matrix to spell the word WATER. Two different versions of the P300
speller were used: (i) the row/column speller (RC) that ﬂashes an entire column or row of characters and
(ii) a single character speller (SC) that ﬂashes each character individually. The subjects were free to decide
which version to test. Nineteen subjects opted to test both versions. The BCI system classiﬁer was trained
on the data collected for the word WATER. During the real-time phase of the experiment, the subject
spelled the word LUCAS, and was provided with the classiﬁer selection accuracy after each of the ﬁve
letters. Additionally, subjects ﬁlled out a questionnaire about age, sex, education, sleep duration, working
duration, cigarette consumption, coffee consumption, and level of disturbance that the ﬂashing characters produced. 72.8% (N = 81) of the subjects were able to spell with 100% accuracy in the RC paradigm
and 55.3% (N = 38) of the subjects spelled with 100% accuracy in the SC paradigm. Less than 3% of the subjects did not spell any character correctly. People who slept less than 8 h performed signiﬁcantly better
than other subjects. Sex, education, working duration, and cigarette and coffee consumption were not
statistically related to differences in accuracy. The disturbance of the ﬂashing characters was rated with a
median score of 1 on a scale from 1 to 5 (1, not disturbing; 5, highly disturbing). This study shows that high
spelling accuracy can be achieved with the P300 BCI system using approximately 5 min of training data
for a large number of non-disabled subjects, and that the RC paradigm is superior to the SC paradigm. 89%
of the 81 RC subjects were able to spell with accuracy 80–100%. A similar study using a motor imagery BCI
with 99 subjects showed that only 19% of the subjects were able to achieve accuracy of 80–100%. These
large differences in accuracy suggest that with limited amounts of training data the P300-based BCI is
superior to the motor imagery BCI. Overall, these results are very encouraging and a similar study should
be conducted with subjects who have ALS to determine if their accuracy levels are similar.
© 2009 Elsevier Ireland Ltd. All rights reserved.

A brain–computer interface (BCI) allows people to use electroencephalographic (EEG) activity to control external devices such as
robots, virtual environments, or spelling devices [6,16]. It is necessary to train BCI systems on subject-speciﬁc EEG data before
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real-time BCI use is possible. Depending on the type of BCI being
used, the amount of training time can vary from minutes to hours.
Several different EEG signals can be used for BCI control. For example, slow cortical potentials [1], oscillations in alpha and beta
range [6,11], steady-state visual evoked potentials (SSVEP) [2,17]
and the P300 event-related potential [13] have all been used successfully for BCI control. BCI systems based on oscillations use
mostly motor imagery strategies to generate event-related desynchronization (ERD) and event-related synchronization (ERS) in the
alpha and beta frequency ranges of the EEG [9]. This type of BCI is
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mainly used for cursor control on computer screens, for navigation
of wheelchairs or in virtual environments [11]. Typically, different
motor imagery techniques such as right/left hand movement, foot
movement, tongue movement and/or mental counting are used.
SSVEP-based BCI systems use ﬂickering lights that induce EEG oscillations with the same frequency as the stimulation source. SSVEP
systems have mostly 4–12 different stimulation frequencies to realize, e.g., robot control or mobile phone control [8]. The P300-based
BCI systems use the effect that an unlikely event induces the P300
component in the EEG. Such systems are mostly used as spelling
devices because a high number of different characters to choose
from can enhance the communication speed of the BCI [7].
In the present study, two different paradigms were used to
implement the P300 speller: (i) the row/column (RC) speller highlights multiple characters at once and (ii) the single character (SC)
speller ﬂashes each character individually. Therefore a higher P300
amplitude and more reliable control should be expected with the SC
ﬂasher because it is more unlikely that the target character appears.
This was also tested by Guan et al. [3], and the results suggested that
the SC paradigm produced larger P300 responses. Sellers found that
a 3 × 3 matrix had higher accuracy than a 6 × 6 matrix, but a lower
communication rate [13]. With an inter-stimulus interval (ISI) of
175 ms and a 3 × 3 matrix Sellers achieved an accuracy of 88% in
the best case [13]. In addition [13] showed that the 6 × 6 matrix
produced larger P300 amplitudes, presumably because the target
item was less likely to appear. In a study that included six subjects,
Serby et al. [15] achieved mean online accuracy of 79.5%. Sellers et
al. [14] showed that accuracy using the standard RC method and
a random grouping method of characters both achieved accuracy
levels around 90%. Working with four subjects disabled by amy-
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otrophic lateral sclerosis (ALS) Nijboer reported online accuracy of
79% [10]. In addition to using characters and numbers [5,12] showed
that images can be used for the P300-based BCI.
In all of these studies different parameters such as matrix size,
ISI, type of speller, and other factors were manipulated. Moreover,
each study used a relatively small sample size. The primary focus
of the current study is to hold all of these variables constant and
test a P300-based BCI on a large population (N = 100) that is not
pre-selected. The current study used a very small amount of calibration data, only 5 min, compared with most other studies [e.g., 7,
10, 13–15]. This allowed us to complete many more sessions in a
short amount of time.
In a previous study, we tested a motor imagery-based BCI system
with 99 subjects visiting an exhibition in Graz [4]. The subjects were
trained for 6 min to imagine left or right hand movement for a few
seconds (20 times each) to produce ERD and ERS changes. The BCI
system was then trained on the individual EEG data for a subsequent
session with visual feedback of cursor movement. The subjects were
able to control the cursor to the left or right side of the computer
screen. 6.2% of the subjects were able to learn this control with 100%
accuracy in this short training session. About 93.3% showed a control above 59% accuracy (50% corresponds to random classiﬁcation).
Based on experience with the motor imagery study, we sought
to replicate the design using a P300-based BCI. Furthermore, we
compared SC and RC spellers to examine if one paradigm produces
higher rates of accuracy than the other, performance of female and
male participants was compared, and subjects were required to
complete a short questionnaire about education, sleeping duration,
working duration, cigarette and coffee consumption, and disturbance created by the highlighting of the P300 speller characters.

Fig. 1. (Top) The RC speller highlights a whole row or column at once with 6 symbols each. (Bottom, left) The SC speller highlights each character individually. (Bottom, right)
Electrode positions according to the international 10/20 electrode system used for the EEG measurements. The head is viewed from above and the nose points to the top of
the page.
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100 subjects (32 female, 68 male, age: 27.9 ± 10.9) participated
in the study. Data were acquired by g.tec Medical Engineering
GmbH, Austria (N = 87) and Fondazione Don Gnocchi, Italy (N = 13).
The subjects were free of medication and central nervous system
abnormalities and had no prior experience with EEG-based communication systems. The experiment was conducted over a period
of 6 months.
Subjects sat in front of a laptop computer and were instructed
to relax and remain as still as possible. Fig. 1 shows the electrode
conﬁguration and the eight electrode locations used for the study.
The EEG data were acquired using a g.USBamp (24 Bit biosignal
ampliﬁcation unit, g.tec Medical Engineering GmbH, Austria) at a
sampling frequency of 256 Hz. The ground electrode was located
on the forehead; the reference was mounted on the right earlobe.
EEG electrodes were made of gold or sintered Ag/AgCl material. The
ﬁrst 75 subject’s data were recorded with passive electrodes (gold).
The ﬁnal 25 subject’s data were recorded with active electrodes
(Ag/AgCl); that is, an ampliﬁer was encased within each electrode.
Subjects were given the option to participate in one or both
of the spelling experiments: (i) the RC speller and/or the (ii) SC
speller. The two paradigms are shown in Fig. 1. Both spellers show
36 characters (A, B, . . ., Z; 0, 1, . . ., 9) on the computer screen. The
RC speller highlights a whole column or row for 100 ms while the
SC speller highlights each character individually for 60 ms. Between
the ﬂashes there is a short time while only the grey matrix items
are visible (RC: 60 ms; SC: 40 ms). The subject’s task is to attend
to (or look at) the character he/she is prompted to spell and count
how many times the character is highlighted. Counting is used to
help the subject remain focused on the task. Initially, calibration
data must be collected for each subject. Therefore, each subject
was asked to “select” (or attend to) the word WATER, one letter
at a time, without feedback from the BCI. This procedure lasted
approximately 5 min. The calibration data are then processed using
a linear discriminant analysis (LDA; described below) to derive the
EEG weighting parameters. After deriving the LDA, the subject was
asked to write the word LUCAS, one character at a time, taking
approximately 5 additional minutes. After 15 highlights of each
character or row/column, the signal processing unit applied the LDA
to the EEG response of each row and column in the RC condition,
and to the EEG response of each character in the SC condition. After
each character, the BCI provided feedback to the subject indicating
whether or not the classiﬁer was correct.

The last 35 subjects ﬁlled out a questionnaire about age, sex, education, sleep duration, working duration, cigarette consumption,
coffee consumption and disturbance of ﬂashes.
The Simulink model shown in Fig. 2 is used for real-time analysis
of the EEG data. The g.USBamp block reads in the EEG of the 8 channels (shown in Fig. 1) with 256 Hz sampling frequency. Then the
data are converted to double precision, bandpass ﬁltered between
0.5 and 30 Hz and down-sampled to 64 Hz. The signal processing
block buffers the EEG data of each ﬂash and performs the linear discriminant analysis (LDA) using 800 ms of the EEG signal beginning
at the onset of highlighted stimulus. Thus, ofﬂine (after the calibration data have been collected) single trial epochs of 800 ms are used
to derive the LDA weighting coefﬁcients. All time × location features
are entered into the LDA. The LDA weights each input parameters
according to its importance. The classiﬁcation result, the sum of the
weighted parameters, indicates the class (target or non-target stimuli) to which the character belongs. Hence, the LDA classiﬁer selects
the character having the highest sum of the weighted parameters
and presents that character on the computer screen as feedback to
the subject. Then the process starts again with the next character.
The RowCol Character Speller block (Fig. 2) controls highlighting
of the characters and the experiment. The Scope and To File blocks
are used to visualize the EEG and to store the data for subsequent
off-line analyses. An important point is that the g.USBamp represents the hard real-time clock and drives the whole model with a
hardware interrupt. This ensures that the model and therefore all
blocks are updated every 1/256 s.
The RowCol Character Speller block (or the Single Character
Speller block for the other version) controls the experiment and
highlights the corresponding rows and columns randomly. It also
sends the ID of the ﬂashing character to the signal processing block.
The signal processing block generates a buffer for each character
and stores the incoming EEG data around the ﬂash (800 ms epoch).
This is done until all 12 RC buffers or all 36 SC buffers are ﬁlled with
15 epochs (15 highlights of each character). Finally, the LDA [6] is
applied to the EEG data to determine the selected character.
The results of all 100 subjects that participated in the recordings are shown in Table 1. A total of 81 subjects used the RC speller
and 38 subjects the SC speller. 19 subjects tested both versions. The
most important result is that 72.8% of all subjects were able to control the RC speller and 55.3% of the subjects were able to control
the SC speller with 100% accuracy (i.e., all 5 characters of LUCAS

Fig. 2. Simulink model for the real-time analysis of the EEG data. The ampliﬁer g.USBamp reads in the 8 channels of EEG data and passes the data to a bandpass ﬁlter and
downsamples it. The signal processing block performs the EP analysis and LDA, the RowCol Character Speller block controls the method used to highlight the characters.
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Table 1
Percentage of sessions which were classiﬁed with certain accuracy. n speciﬁes the
number of subjects participating.
Classiﬁcation accuracy in %

Row-column
speller: percentage
of sessions (N = 81)

Single character
speller: percentage
in sessions (N = 38)

100
80–100
60–79
40–59
20–39
0–19

72.8
88.9
6.2
3.7
0.0
1.2

55.3
76.3
10.6
7.9
2.6
2.6

Mean accuracy of all subjects
Spelling time [s]

91.0
28.8

82.0
54

Mean accuracy of subjects
who participated in RC and
SC (N = 19)

85.3

77.9

were correctly selected by the LDA). It must be noted that this is an
on-line result and not a cross-validation result. Even 88.9% (RC) and
76.3% (SC) of the subjects were able to make none or only 1 mistake.
Moreover, only 1.2% (RC) and 2.6% (SC) of the subjects were not able
to spell a single character correctly. For the 19 subjects that participated in both paradigms, the RC speller performed better (85.3%)
than the SC speller (77.9%). Nine persons had the same accuracy for
SC and RC, for 6 persons RC was better, for 4 persons SC was better.
More data would be required to run a statistical test.
The median score of the disturbance of the ﬂashing characters was 1 (1, not disturbing; 5, very disturbing) reported by 35
subjects. Furthermore non-paired accuracy data have been stratiﬁed by means of the questionnaire results and analyzed with
the Mann–Whitney test. Gender aspects were also controlled.
Female participants reached a mean accuracy of 81.9% and male
participants reached 90.1%, but the difference was not signiﬁcant. Furthermore, the level of education, working duration and
cigarette and coffee consumption (yes/no question) did not show
signiﬁcant differences. Subjects that slept less than 8 h the night
before reached 99.1% accuracy compared to 87% for all others
(p < 0.05).
Additionally, the maxima of the P300 responses were calculated
for all subjects who performed both the RC and SC experiments. The
P300 response on electrode position Cz (one of the most important
positions) for the RC speller was 7.9 V and for the SC speller 8.8 V;
the difference was statistically signiﬁcant (paired t-test, p < 0.001;
similar differences could be found for other electrode positions).
This study shows that the P300-based BCI can achieve high accuracy after only 5 min of training. 72.8% of the subjects reached 100%
accuracy with the RC speller. Moreover, these results show accuracy
levels similar to those of other studies that have used much more
training data [e.g., 7, 10, 13–15].
The results presented in this paper can be compared to an earlier study performed with 99 subjects using a motor imagery-based
BCI in Graz [4]. The subject’s task was to imagine left and right
hand movement (20 times each) to move a cursor to the corresponding side of a computer monitor. The BCI system was then
trained on the EEG data recorded from positions C3 and C4. Training time was approximately 6 min and the recursive least square
or bandpower estimation in predeﬁned frequency bands with LDA
were used for classiﬁcation. 6.2% performed at an accuracy level
between 90 and 100%, as shown in Table 2. This is well below the
P300 results achieved in this study. The motor imagery-based BCI
used only 2 bipolar derivations compared to 8 EEG electrodes for the
P300 experiment; however, the setup time was almost equal. Thus,
the current results strongly suggest the P300-based BCI is superior
to a motor imagery system, if the goal is to quickly achieve highly
accurate and reliable results.
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Table 2
Percentage of sessions which were classiﬁed with a certain accuracy for motor
imagery classiﬁed with the rls algorithm or band power (bp) estimation. n speciﬁes
the number of subjects.
Classiﬁcation accuracy in %

RLS + BP percentage of sessions (N = 99)

90–100
80–89
70–79
60–69
50–59

6.2
13.0
32.1
42.0
6.7

The motor imagery experiment used a binary decision between
left and right and therefore chance classiﬁcation corresponds to
50%. The P300 experiment can also be thought of as a binary decision system that discriminates between the target character and
non-target characters. However, for the spelling experiment 36
decisions were presented. This is a major advantage because with a
single decision step, one of 36 (or more) characters can be selected.
This also contributes to a much higher bit rate.
For example, in the motor imagery task, one decision is made
every 8–10 s (a random interval after each motor imagery). This
provides approximately 6 binary decisions per minute and would
yield near 1 character per minute with 100% accuracy. In contrast, the RC speller highlights each column or row for 100 ms
and is grey for 60 ms (6 rows × 160 ms + 6 columns × 160 ms × 15
ﬂashes = 28.8 s). This yields one character every 28.8 s. The SC
speller ﬂashes each character for 60 ms and is dark for 40 ms (36
characters × 100 ms × 15 = 54 s). This means that the RC ﬂasher is
about 2 times faster than the SC ﬂasher and the motor imagery
system. However, accuracy of the P300 system is much higher,
resulting in fewer spelling errors. It must be noted that the P300based system must average several ﬂashes for one decision; the
motor imagery system uses a single trial but performs averaging
over the last samples with a speciﬁc window length.
In comparing the performance of the RC and SC paradigms it is
clear that the RC speller has a speed advantage because 6 characters
are simultaneously highlighted. This results in reduced P300 amplitude in the RC paradigm as compared to the SC paradigm; therefore,
it was expected that the SC paradigm would achieve higher overall
accuracy than the RC paradigm. However this was not the case. In
general, it is possible that the longer character selection time is tiring for many subjects, which increases the variability of the P300
response. It must also be noted that for training of the LDA more
non-target characters are used than target characters. Especially for
the SC paradigm, only 15 target highlights are used while 35 × 15
highlights are used for non-targets. In contrast, the RC paradigm
uses 11 × 15 non-target highlights. This results in a more unbalanced LDA training set for the SC paradigm than the RC paradigm,
which could contribute to the lower accuracy observed in the SC
paradigm.
For the 19 subjects that used both the RC and SC paradigms,
there was a trend toward higher accuracy in the RC paradigm. A
larger sample size to investigate this further may be warranted;
however, the difference in character selection time may render
the RC paradigm superior in either case. Not surprisingly gender
aspects and education level did not affect accuracy. Working duration, cigarette consumption, and coffee consumption also had no
effect on accuracy. However, an interesting ﬁnding was that the
system was more accurate for people who slept less the previous
night.
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