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Abstract

A brain–computer interface (BCI) is a system that can deduce the intent of a user from record-
ings of their brain activity. This allows users to control a computer application by brain activity,
which can be measured, e.g., by electroencephalography (EEG). After approximately 50 years of
BCI research, the success that BCI control can provide still greatly varies from subject-to-subject.
About 15% to 30% of sensorimotor rhythm-based (SMR) BCI users do not reach the criterion level
of 70% accuracy, which was determined to be the threshold for meaningful spelling. This is in the
literature known as the BCI illiteracy phenomenon. A myriad of variables are studied alongside
of subjects testing BCIs in order to determine if these variables correlate with BCI performance.
If they do, then they could potentially be used as predictors. The development of predictors of
BCI performance serves two purposes: it may lead to a better understanding of the BCI-illiteracy
phenomenon and these predictors could be used as a screening tool to inform users about poor
expected performance, among other things. An experiment was conducted in which six predictors
were analysed by means of a linear and a multivariate regression analysis alongside of the state-of-
the-art paradigm code-modulated visual evoked potential-based (c-VEP) BCI performance. The
six predictors were: relative visual alpha power during resting state with eyes open and closed,
heart rate variability, attention span measured by the error rate of the Sustained Attention to
Response Task (SART) paradigm and flash-VEP latency and amplitude. There were no significant
(p > 0.008) Pearson’s correlation coefficients found for these predictors with N=16 and all subjects
were able to obtain sufficient BCI control when they were given enough time. It was concluded that
subject-to-subject variance is not in accuracy for c-VEP-based BCIs, but in time. The multivariate
regression model could be used as a screening tool given its root mean square error (RMSE) of
14.084% for a trial size of 1.05 seconds.

1 Introduction

A brain-computer interface (BCI) is a system that can deduce the intent of a user from recordings
of their brain activity, which can be measured using electroencephalogram (EEG). This allows users
to control devices using their brain signals. Little to no motor activity is required by the user to
operate the system. Therefore, it is an ideal medium for patients with severe motor impairments, e.g.
amyotrophic lateral sclerosis (ALS), to communicate with others (Wolpaw, 2007; Halder, Hammer, et
al., 2013).

After approximately 50 years of BCI research, the success that BCI control can provide still greatly
varies from subject-to-subject. According to Blankertz et al. (2009), BCI control is not accurate
enough for a non-negligible portion of users, approximately 15% to 30%. These users do not reach
the criterion level of 70% accuracy, which Kübler et al. (2001) determined to be the threshold for
meaningful spelling. This phenomenon is called ‘BCI illiteracy’ in the literature.

BCI illiteracy is an inadequate concept for explaining many cases of poor user performance, ac-
cording to Thompson (2019). Thompson argues that it relies on the poor assumption that prospective
users ought to be able to operate a given BCI system. If the user is unable to operate the BCI, the
locus of deficiency is placed on the user and not the designer of the system. To put it more clearly
Thompson states:
“A BCI that doesn’t work for its users doesn’t work.” - (Thompson, 2019, p. 15)

I do agree with Thompsons stance and think that we should make BCIs accessible for as many
people as possible. However, the term BCI illiteracy will still be used throughout this project, since
it is often used by others in the literature, which makes it easier to understand the concept. Some
researchers have used the terms BCI inefficiency or BCI aphasia, but these terms describe the same
phenomenon.

In the literature, a myriad of variables are studied alongside of subjects testing BCIs to determine
if these variables correlate with BCI performance. If they correlate, then these variables can be
used as predictors of BCI performance. The development of predictors of BCI performance serves
two purposes: First of all, studying these predictors may lead to a better understanding of the BCI
illiteracy phenomenon. Secondly, these predictors could be used as a screening tool to identify users,
who might not be able to obtain BCI control, and prevent them from experiencing expensive and
frustrating training methods (Blankertz et al., 2010). These individuals can be informed about poor
expected performance and potentially a training could be designed to improve their performance.
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BCI illiteracy is mostly studied in the field of sensorimotor rhythm-based (SMR) BCIs. The
aim of these studies is to find predictors that correlate with SMR-based BCI performance. A SMR
is an idle rhythm of synchronized brain activity which oscillates in the case of mu rhythms in the
sensorimotor cortex with a frequency in the range of 7.5 to 12.5 Hz (Arroyo et al., 1993; Niedermeyer
& da Silva, 2005). Amplitude modulations of SMRs can be deliberately controlled by most subjects
(Blankertz et al., 2010). These SMRs can be used for BCI control. A classic example of a SMR-based
BCI is someone moving a cursor to the left on a screen by imagining moving their left hand. The
brain activity, recorded using magnetoencephalography (MEG), electrocorticography (ECoG) or most
commonly electroencephalography (EEG), is decoded in order to obtain the user intent. Typically,
an event related synchronization (ERS) is located in the ipsilateral hemisphere during hand motor
imagery (Blankertz et al., 2010). Some notable predictors in this field are: visuo-motor coordination
(Hammer et al., 2012), degree of concentration (Hammer et al., 2012), µ-peak during relaxation
(Blankertz et al., 2009), mental rotation scores (Jeunet et al., 2015) and control of slow cortical
potentials (Kübler et al., 2004).

Another type of BCI, besides the SMR-based BCI, is the event related potential-based (ERP) BCI.
The most widely used ERP-based BCI is the P300-based BCI. The P300 is the largest component
of the event-related potential (ERP) and is typically generated during an oddball paradigm (Fazel-
Rezai et al., 2012). For P300-based BCIs, the P300 is used to obtain BCI control. The P300 is
usually measured using EEG and is characterized as a positive deflection in voltage with a latency of
approximately 250 to 500 ms relative to the stimulus onset (Fazel-Rezai et al., 2012; Polich, 2007).
The predictors of P300-based BCIs are also studied, but not quite as extensively as the SMR-based
BCIs. However, some studies have found predictors for ERP-based BCI performance. Heart rate
variability (HRV) was found to be positively correlated with BCI performance and accounted for
almost 26% of the variance of BCI performance (Kaufmann et al., 2012). The amplitudes of the ERP
components P2 and N2, which are general indicators of attention, are negatively correlated with BCI
performance using a standard oddball measurement (Halder, Hammer, et al., 2013; Halder, Ruf, et
al., 2013). Mak et al. (2012) found, among other things, that EEG theta frequency (4.5-8 Hz) is a
good predictor of BCI performance. Hammer et al. (2018) looked at psychological predictors the most
extensively. They performed a battery of clinical, personality and performance tests before measuring
the BCI performance of the user. All the variables from these tests were analysed using an univariate
linear regression model. The only two significant results they obtained were that emotional stability is
negatively correlated with BCI performance and the output of the non-verbal learning test, which can
be interpreted as the ability to learn, is positively correlated with BCI performance. The emotional
stability finding was quite unexpected and contradicts the findings by Fjell et al. (2005).

It is important to note that these predictors merely correlate with BCI performance and are not
direct causal evidence of the root of the BCI illiteracy problem. These predictors could just as well
be common by-products of BCI performance or they could correlate with another unknown causing
variable.

One of the most studied BCIs is the speller BCI. This BCI enables users to select symbols of a grid
by simply looking at the specific symbol on a computer screen. One state-of-the-art paradigm to use in
such a spelling BCI is code-modulated visual evoked potential (c-VEP). In this paradigm, commands
flash rapidly following pseudo-random noise codes, which evoke EEG responses that have a higher
correlation with the symbol the user is currently looking at than with the rest (Mart́ınez-Cagigal et al.,
2021). More standard ERP-based alternatives would be P300 and steady-state VEP-based (SSVEP)
BCIs. These BCIs are named after the type of brain activity that is used for control. In the case of
SSVEP-based BCIs, specific frequencies are allocated to repetitive visual stimulations. The intents
of the user can be obtained from the frequency spectrum of the EEG. There will be a peak in the
frequency spectrum around the frequency of the repetition of the stimulus on which the user focuses
their attention (Amiri et al., 2013). This can be used as the control signal of a BCI system.

To the authors knowledge, there has not been a single study so far, that specifically looked at the
predictors of c-VEP-based BCI performance. The goal of this study is to fill this so-called literature
gap. The decision is made to study c-VEP-based BCI performance, because it was shown to perform
better than other VEP-based control signals (Bin et al., 2009). Moreover, Spüler et al. (2012) have
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shown that their c-VEP-based BCI outperforms all other non-invasive BCI systems. Furthermore,
all 86 subjects in a study done by Volosyak et al. (2020) were able to successfully finish all spelling
tasks using a c-VEP-based BCI with an information transfer rate (ITR) of 39.2 bit min−1 and an
accuracy of 97.2%. They argued that the BCI illiteracy phenomenon is solved for VEP-based BCIs
and thus that the phenomenon is only applicable to non-VEP-based BCIs. In Table 1a, a meta-
analysis of reported c-VEP-based BCI performance measured by the accuracy in online copy-spelling
tasks is presented. From this table, you might conclude that the accuracy does not vary all that
much between subjects and thus that the BCI illiteracy phenomenon is indeed solved. However, it is
observed by many that in practice there are still plenty of participants not able to obtain sufficient
BCI control using the c-VEP paradigm for unknown reason. In Table 1b, a similar meta-analysis of
reported c-VEP-based BCI performance in online copy-spelling tasks is presented, but in this case the
performance is measured by the ITR instead of the accuracy. The ITR takes not only the accuracy of
the user into account, but also the speed of the user and the number of symbols on the BCI speller.
Almost all subjects are able to achieve an accuracy above 90% given unlimited time and therefore the
variance of the accuracy is not so high. However, from Table 1b the conclusion can be drawn that
the BCI performance does indeed vary from subject-to-subject and therefore that the BCI illiteracy
problem is still applicable to c-VEP-based BCIs. The ITR does take speed of the user into account
when measuring the BCI performance and thus subjects that take a lot of time to get a very high
accuracy are getting a low ITR. For both meta-analyses the minimum, maximum and variance was
calculated using the reported data from each study respectively.

Table 1: Meta-analysis of reported c-VEP-based BCI performance in an online copy-
spelling task.

Study Number of
partici-
pants

min
accuracy

(%)

max
accuracy

(%)

average
accuracy

(%)

accuracy
variance
(%)

Bin et al. (2011) 5 80 92 85.4 28.8
Gembler et al. (2019) 12 94 100 98.5 5.2

Gembler & Volosyak (2019) 18 86 100 98.8 13.7
Spüler et al. (2012) 9 77.26 100 92.53 83.54
Thielen et al. (2021) 9 97.6 100 99.7 0.64
Volosyak et al. (2020) 86 75.8 100 97.2 18.7

(a) Meta-analysis of c-VEP-based BCI performance measured by the accuracy.

Study Number of
partici-
pants

min ITR
(bit min−1)

max ITR
(bit min−1)

ITR
average

(bit min−1)

ITR
variance

(bit min−1)

Bin et al. (2011) 5 96 123 108 144.5
Gembler et al. (2019) 12 66.3 111.9 92.7 265.2

Gembler & Volosyak (2019) 18 43.2 125.4 75.7 370.6
Spüler et al. (2012) 9 96.94 156.23 135.62 532.13
Thielen et al. (2021) 9 40.0 106.7 67.9 390.6
Volosyak et al. (2020) 86 17.3 47.9 39.2 71.8

(b) Meta-analysis of c-VEP-based BCI performance measured by the information transfer rate (ITR).

Additionally, the meta-analysis was plotted in distribution plots to visually present the data.
In Figure 1a, you can see that the BCI performance measured by accuracy is mostly distributed
around 100% (the maximum accuracy) with not much spread. This may furthermore confirm the
conclusion made by Volosyak et al. (2020) that the BCI illiteracy problem is solved for c-VEP-based
BCIs. However, when you look at Figure 2a where the BCI performance is measured by the ITR,
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(a) Normalized distribution plot of the BCI performance measured by the accuracy.

(b) Normalized distribution plot of the BCI performance measured the information transfer rate (ITR).

Figure 1: Meta-analysis of reported c-VEP-based BCI performance in an online copy-
spelling task.

you can see that the distributions are much more varied and a bit left-skewed. This further confirms
that there is indeed a subject-to-subject variance for c-VEP-based BCI performance, when there is
a limited amount of time. However, when you take enough time, the c-VEP-based BCI should work
for anyone. There is thus little to no variance in accuracy for c-VEP-based BCIs, but the variance is
in time and thus in ITR. For c-VEP-based BCIs, the term BCI illiteracy might therefore not be very
suitable, since (almost) everyone can achieve sufficient BCI control. There is still subject-to-subject
variance and therefore it might be better to use the term BCI inefficiency, because for some subjects
the BCI works more efficiently than for others.

The decision was made to normalize the distribution plots, because Volosyak et al. (2020) had a
much higher number of participants than the other studies and thus the readability of the other plots
would decrease.

Similar to Hammer et al. (2018), multiple variables will be analysed in this project using a re-
gression model. However, in this experiment a multivariate regression model will be used, opposed to
an univariate one. This way, the relationships between multidimensional variables are measured and
thus a deeper understanding can be obtained of how these variables are linked.

In this project, the six variables that will be modelled in the regression model are: visual alpha
power, heart rate variability (HRV), attention span, flash-VEP latency and amplitude and BCI per-
formance measured by the accuracy. Visual alpha power is chosen, because it is hypothesized that
it is similar to µ-peak during relaxation, which was studied by Blankertz et al. (2009) in SMR-based
BCIs. Heart rate variability is chosen, because Kaufmann et al. (2012) found that it was positively
correlated with BCI performance for P300-based BCIs. Attention span is chosen, because Hammer et
al. (2012), Halder, Hammer, et al. (2013) and Halder, Ruf, et al. (2013) found it was correlated with
BCI performance. Furthermore, these variables have never been studied alongside of each other and
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it is hypothesized that they may correlate with c-VEP-based BCI performance.
For a long time, visual alpha waves have been linked to the processing of visual information

(Klimesch et al., 2011). Alpha waves oscillate with a frequency of 7 to 13 Hz in the occipito-parietal
brain regions (Clayton et al., 2018). These alpha oscillations inhibit task-irrelevant regions and route
information to task-relevant regions (Jensen & Mazaheri, 2010). The event-related synchronization of
visual alpha reflects the suppression of irrelevant information (Klimesch et al., 2011). An increase in
alpha activity in task-irrelevant areas was found out to be correlated with task performance by Jensen
& Mazaheri (2010), similar to the µ-peak in the study done by Blankertz et al. (2009). Furthermore,
Maswanganyi et al. (2022) proposed that there is an inverse correlation between alpha rhythm magni-
tude and intention detection rate. Additionally, Ahn et al. (2013) concluded that in a non-task related
state BCI illiterates have a higher theta and lower alpha wave relative to BCI literates. Therefore,
it is hypothesized that that there will be an inverse correlation between alpha wave power in resting
state and BCI performance.

Heart rate variability (HRV) has been linked with BCI performance by Kaufmann et al. (2012).
They proposed: the higher the vagal activation, the better the BCI performance. Resting HRV
accounted for almost 26% of the variance of P300-based BCI performance and may therefore be a
reliable predictor of BCI performance. HRV can be measured using an electrocardiogram (ECG) or a
heart rate monitor. HRV is the variability between the R peaks of the QRS complex (Malik, 1996). A
QRS complex of an ECG is a series of deflections on the ECG tracing that represent the depolarization
of the right and left ventricles of the heart. The QRS complex is named for the three deflections that
it consists of: the Q wave, the R wave, and the S wave. The Q wave is a small, negative deflection that
may or may not be present in the ECG tracing. The R wave is a positive deflection that represents
the rapid depolarization of the right and left ventricles. The S wave is a small, negative deflection that
follows the R wave. The root mean square of the standard deviation (rMSSD) is the most reliable
index of the HRV, when the heart rate recording is shorter than 5 minutes (Melo et al., 2018). It is
hypothesized that the HRV will be positively correlated with BCI performance.

Attention span was measured by Hammer et al. (2018) by using the Cognitron (COG) task. In
this project, however, the Sustained Attention to Response Task (SART) will be used, since it is more
widely used in the field of psychology to measure sustained attention. This paradigm involves the
withholding of key presses to rare (chance of approximately one in nine) targets (Robertson et al.,
1997). During the task, numbers ranging from 1 to 9 are displayed on screen. The subject must press a
button immediately when they see a number on the screen, except when they see the number 3. In that
case, the subject should not press the button. When the number 3 is displayed on screen, controlled
and active processing is triggered in order to outcompete the predominant automatic response. A
high level of continuous attention is required to get a high performance on this test, while keeping
demands on other cognitive processes, e.g. memory, general intelligence and planning, to a minimum
(Robertson et al., 1997). It is hypothesized that attention span is positively correlated with BCI
performance.

Classic flash-VEPs will also be studied in this project. The flash-VEP is the impulse response
function (IRF) underlying the c-VEP, assuming the linear superposition hypothesis. This assumption
states that responses to sequences of events are equal to the (linear) sum of the responses to the
individual events (Capilla et al., 2011; Thielen et al., 2021). In this case, the sequences of events are
the c-VEP flashes and the individual events are the classic flash-VEPs. A short block will be added
to the experiment in which six types of isolated flashes will be presented of varying lengths. The
ERPs of these flashes can be computed in order to estimate the latencies and amplitudes of the peaks.
This could be used to obtain information on the subject-to-subject variance and these variables can be
added to the multivariate regression. To the authors knowledge, the flash-VEP latency and amplitude
have not yet been used as a predictor of BCI performance, but the analysis will be analogous to Halder,
Hammer, et al. (2013). However, classic flash-VEPs are assumed to underlie the c-VEPs and therefore
it is hypothesized that the latency and amplitude of flash-VEP positively correlate with c-VEP BCI
performance.

The BCI performance of each user is usually measured by the ITR. The ITR takes into account
the accuracy and speed of the user and the number of symbols on the BCI speller. It is measured
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in bit min−1. In this project, the classification will be performed offline, more details on that can be
found in Methods, and therefore the speed of the user will be kept constant. The speed of the user
can be optimised using the decoding curve. Furthermore, the number of symbols on the BCI speller
will also be kept constant. Consequently, accuracy can be used to measure the BCI performance of
the user. Using the accuracy instead of the ITR, makes the results more easily comparable to other
studies (e.g., see Blankertz et al., 2010).

The aim of this project is to find predictors of c-VEP-based BCI performance in order to combat
BCI illiteracy. The research question is formulated as follows:

Do the predictors, relative visual alpha power during resting state with eyes open and closed (in %),
heart rate variability (in ms), attention span measured by the error rate of the SART paradigm (in
%) and flash-VEP latency (in s) and amplitude (in µV), significantly correlate with BCI accuracy (in
%) for a c-VEP-based BCI speller?

2 Methods

2.1 Participants

16 healthy subjects (5 male, mean age 22.06 years, standard deviation 2.35 years) participated in the
experiment after providing written informed consent. 15 out of the 16 participants were BCI näıve,
which means that they had no prior experience with any BCI. Furthermore, the vision of all partici-
pants was normal or corrected-to-normal and they reported no central nervous system abnormalities.
The participants were recruited via Sona Systems and were paid for their contribution to this study
after the experiment. The experiment was approved by the Ethics Committee of the Faculty of Social
Sciences at the Radboud University Nijmegen.

2.2 Equipment

The visual speller was presented on a 24 inch BenQ XL2420T LED monitor, which has a resolution
of 1920 by 1080 pixels and a refresh rate of 120 Hz. The codes were presented at a frequency of 60
Hz. Pixels are presented line by line on this monitor and therefore the upper left pixels are shown one
frame duration (1/120 s) earlier than the pixels on the bottom right. In order to minimize this delay,
the monitor frequency was set twice as high as the code frequency. Thus, every frame is repeated
once. A light-sensor was used to measure the timing accuracy, which was always within 2 ms. The
EEG data was recorded with 64 sintered Ag/AgCl active electrodes according to the 10–20 system
and was amplified by a Biosemi ActiveTwo amplifier. The EEG data was recorded with a sampling
rate of 2048 Hz. The data was pre-processed using a low-pass filter of 1 Hz and a high-pass filter of 35
Hz. Additionally, the Polar H10 heart rate sensor made by Polar Electro Oy was used to measure the
heart rate of the participant throughout the experiment. This device is commonly used for athletics
and fitness, but is capable of obtaining accurate electrocardiogram (ECG) data, which can be used
to measure the HRV of the participant. The ECG is sampled at a frequency of 130 Hz.

2.3 Procedure

This experiment was done in collaboration with Gijs Cornielje who studied the impact of c-VEP codes
in order to build a faster c-VEP-based BCI (Cornielje, 2023).

All participants participated in the experimental session individually. On arrival, the procedure
of the experiment was explained during a briefing of approximately 10 minutes. After the participant
had given consent to continue, the experiment started and the participant had to strap a heart rate
monitor just below their chess muscles. The participants were seated in an armchair at a distance
of 60 cm from the monitor, on which the experiment would later be displayed. The height of the
armchair was adjusted such that the monitor was placed perpendicular to the line of sight.

After this, the process of capping started. All 64 electrodes of the EEG cap were gelled such that
the sensor quality was sufficient. The quality of the measurements were sufficient if the offset of each
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electrode was between -20 and 20 µV. This process took approximately 20 minutes.
Next, a short resting state block was performed in which the participant had to sit quietly and

relax. During the first two minutes the participants had to keep their eyes open and gaze at the centre
of the monitor. There was some leeway to take a small break before starting the second part of this
block. During the last two minutes the participants had to close their eyes. They still had to relax
and minimize (eye) movement during this part.

Afterwards, flash-VEPs were measured by presenting flashes of different lengths on the monitor.
This block consisted of two similar sub-blocks. The sub-blocks had a time period of approximately 5
minutes each. On the monitor a white square (3x3 degrees of visual angle) was presented, see Figure
2. A flash was presented by changing the colour of this square from the black to white for a short
time. Six types of flashes with differing lengths were presented during this block. The flashes had a
length of [1,2,3,4,5,6]/60 s. During one trial, each type of flash was presented twice plus an additional
flash at the end, making a total of 13 flashes per trial. The six types of flashes were randomized
using a Balanced Latin Square design, which was used to protect against order effects. There were
45 trials per sub-block and thus 585 flashes were shown per sub-block. In between every flash, there
was an inter-stimulus interval. Each inter-stimulus interval was at least 250 ms. A time of 0 - 0.250
s in steps of 1/60 s was added to the inter-stimulus interval, which makes the shortest inter-stimulus
interval take 250 ms and the longest take 500 ms. The length (250 ms) was chosen, because it is also
the duration between the stimulus onset and the brain response and therefore there is no interference
between stimuli. The lengths of the flashes and the inter-stimulus intervals were chosen by means of
a Latin square design. The length of the inter-trial interval was set to 2 seconds. The participants
were informed beforehand that they should minimize jaw clenching, eyeblinks and any other muscle
movements as much as possible, because they would distort the data. The breaks in between trials
and sub-blocks were included for the participants such that they could perform these actions without
distorting the important data.

Figure 2: Representation of the VEP block.

After the VEP block, the main part of the experiment started: the c-VEP block. The c-VEP
block consisted of 8 smaller sub-blocks of 4 minutes. In between the sub-blocks, there was again
some time to take a break. During the c-VEP block, an 4 by 8 grid was presented on the monitor
with the letters A to Z and 6 characters (‘ ’, ‘.’, ‘?’, ‘!’, ‘<’, ‘#’). In total there were 32 symbols
displayed on the grid. At the start of the task, one of the squares on the grid lit up green for 800
ms and the participant had to pay overt attention to that square (see Figure 3a). Next, the grid
would start flashing rapidly according to one (of the 32) code sequences while the participant must
remain their gaze on that square without blinking or moving their body (see Figure 3b). Each trial
took 4.2 seconds and there was an inter-trial interval of 800 ms. Once the flashing was over, another
square lit up green. This was done 40 times in each sub-block, which took approximately 4 minutes.
This process was repeated 8 times, which made this block take 35 minutes in total. No feedback
was provided during the experiment, since the classification was all done offline. The code sequences
that were presented originated from four different code families with modulated and shifted variants
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making a total of ten codes. These were: de Bruijn sequences, modulated de Bruijn sequences, Golay
sequences, modulated Golay sequences, Gold sequences, shifted Gold sequences, modulated Gold
sequences, shifted modulated Gold sequences, m-sequences and modulated m-sequences. Modulated
means in this case that a bitwise exclusive OR operation is applied on the sequence with a double
frequency bit clock. In other words, on every bit two XOR operations were applied. Firstly, with a
zero as second input and then with a one as second input. This way, each bit is replaced by two bits,
such that the length of the sequence doubles (Cornielje, 2023). For each code family, there was a trial
per symbol on the grid, which gave a total of 320 trials. In total there were 32 different codes used.
The conditions were pseudo-randomized by means of a Latin square design.

In this study the focus was only put on m-sequences, since they are the standard in c-VEP-based
BCI literature. According to Mart́ınez-Cagigal et al. (2021), 57 out of the 70 studies they analysed for
their review paper used m-sequences. m-sequences is an abbreviation for maximal length sequences
and are generated by linear feedback shift registers. They are primarily used due to their exceptional
auto-correlation properties. The reader is referred to Cornielje (2023) for a more in-depth explanation
about the different c-VEP codes.

(a) BCI speller grid with cued letter in green. (b) BCI speller grid flashing.

Figure 3: Representation of the c-VEP block.

Hereafter, another resting state block started, which was identical to the previous resting state
block.

Afterwards, the SART paradigm was performed, which took approximately 5 minutes. The SART
paradigm was introduced in the Introduction. During this task the numbers 1 to 9 were quickly
presented on the monitor in front of the participant. The participant had to press the spacebar as
fast as possible when they saw a number on the screen. Except for the case when the number was
3, then they had to withhold the spacebar press. During this task every digit was shown 25 times,
which resulted in a total number of 225 trials.

An eyestrain questionnaire about every code had to be filled in by the participant afterwards.
Each one of the ten codes was presented during this block one by one using a counterbalanced design.
The participant had to rate these codes based on how uncomfortable these codes were for their eyes
to look at. They had to rate these codes using a 7-point Likert scale, where 7 meant the most amount
of eyestrain and the 1 the least amount of eyestrain. This study solely focuses on m-sequences and
therefore this block is irrelevant for this study.

After completing the experimental procedure, the EEG cap was removed and the participants
were debriefed. A visual overview of the whole procedure can be found in Figure 4.
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Figure 4: Graphical representation of the procedure of the experiment.

2.4 Variables

2.4.1 Relative visual alpha power

Alpha waves can be extracted from the EEG data. The power of the alpha waves is the highest
when the eyes are closed during relaxation (Clayton et al., 2018). However, it is also relevant for
this project to measure the alpha waves when the eyes are opened, since the eyes of the participants
are also open when they use the BCI. Therefore, alpha waves will be analysed for both eyes open
and eyes closed. Only the alpha waves that were acquired during the first resting state block were
used for the analysis, since alpha waves occur mostly during this block, considering the participant
is the most relaxed at this point of the experiment and they are not focused on any task. Similair to
Blankertz et al. (2010), the alpha waves were extracted from the EEG recording by calculating the
power spectral density. The power spectral density was calculated for channel Oz. This channel was
selected, because it records the brain activity in the occipito-parietal brain region where alpha waves
mostly occur. In the power spectral density plots a peak is expected around 7 to 13 Hz, since this is
the frequency alpha waves oscillate at.

The resting state block EEG data was pre-processed using a low-pass filter of 1 Hz and a high-pass
filter of 100 Hz. Additionally, a baseline of 0.5 seconds was added to capture filtering artefacts of
downsampling. The average band power was computed, which summarizes the contribution of a given
frequency band (in this case 7-13 Hz) to the overall power of the signal (Vallat, 2018). However, first
the power spectral density had to be computed, which was estimated using the Welch’s periodogram
method. This method consists of averaging Fourier transformations of small windows of the signal.
This estimation improves the accuracy of the classic periodogram. The reason for this is as follows:
EEG data is always time-varying, which means that it is never a perfect sum of sines. The spectral
content of the EEG data changes over time and is constantly modified by the neuronal activity under
the scalp. A classic periodogram requires the spectral content of the signal to be stationary (and thus
time-unvarying). This is problematic, because this makes the classic periodogram generally biased
and contain too much variance. The Welch’s method is able to considerably reduce this variance by
averaging the obtained periodograms over short segments of the windows. The optimal window was
obtained by taking a window that adequately encompasses two full cycles of the lowest frequency of
interest. In this case the lowest frequency is 7 Hz. Therefore, a window of 2/7 s was chosen.

Once the estimation of the power spectral density was obtained, the absolute alpha power was
computed by calculating the area under the curve (AUC). This was done by taking the integral of the
power spectral density for the frequencies 7 to 13 Hz. There is no closed-form formula to compute the
integral of this area. Therefore, it was approximated using the composite Simpson’s rule. This was
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done by decomposing the AUC into several parabola and the area of these parabola was summed in
order to obtain the absolute alpha power. For the regression analysis, relative alpha power was used.
The relative alpha power was obtained by dividing the absolute alpha power by the total band power.
This results in a percentage, which represents the percentage of power of the signal that is contained
in the alpha frequency band.

2.4.2 Heart rate variability

The Polar H10 provided ECG data, which can be used to obtain the HRV of each participant. The
ECG data of the first resting state block with eyes open was used for analysis, similar to Kaufmann
et al. (2012). The data was first pre-processed by removing baseline wander, which is a low-frequency
noise of around 0.5 to 0.6 Hz. This was done by applying a high-pass filter with a cut-off frequency of
0.6 Hz. This was recommended by Kher et al. (2019) in order to remove noise. The ECG data consists
of a multitude of QRS complexes. In order to obtain the HRV of a participant, the R-R intervals of
the QRS complex need to be computed (Shaffer et al., 2014). This was done by detecting the highest
peaks, which are the peaks of the R waves in the QRS complex. Peaks are detected by finding all local
maxima, which was done by comparing neighbouring values. In this case, a local maximum is defined
as any sample whose two direct neighbours have a smaller amplitude. A threshold was set to a voltage
of 300 µV, such that only R-peaks were being detected and not any other positive peaks. Then, the
difference in time between those peaks was calculated in order to obtain the R-R intervals. These
R-R intervals can be used to obtain the HRV of the participant. As explained in the Introduction, the
heart rate variability of each participant was estimated using the rMSSD. The formula of the rMSSD
can be found below. In this formula N is the number of peaks and RRi is the ith R-R interval.

rMSSD =

√∑N−1
i=1 (RRi−RRi+1)2

N−1

2.4.3 Attention span

The attention span of each participant was measured after the c-VEP block by means of the SART
paradigm. An online version of PsyToolkit was used to run this task (Stoet, 2010, 2017). During this
task, every digit is shown 25 times, including the number 3. Thus, the participants must hold back
responses to infrequent and unpredictable stimuli while concurrently responding to frequent stimuli
rapidly. Participants that have a lower attention span will get in a rhythm and almost immediately
press the spacebar when the number is shown on the screen. This will lead to errors when they press
the spacebar when the number 3 is presented. Before the task starts, instructions were presented to
the participant and they were allowed to practice for one minute. Afterwards, the actual task begins,
which takes 4.5 minutes. The error rate of this task was used to estimate the attention span of the
participant and this was later used as a variable in the regression model. The formula of the error
rate can be found below. In this formula #correct is the number of correct responses (not pressing
spacebar if 3 is presented and pressing it when another digit is presented) and #trials are the number
of trials, which is equal to 225.

error rate = |#trials−#correct
#trails | · 100%

2.4.4 Flash-VEP

During the flash-VEP block, flashes of six different lengths were presented. These six flashes are
the events of the c-VEP codes. The participant had to look at the centre of the screen during this
whole block. The brain activity of the participant was measured in order to obtain the latency and
amplitude of the brain response to these flashes.

First of all, the EEG data of the VEP block was pre-processed using a low-pass filter of 1 Hz and
a high-pass filter of 35 Hz, as was mentioned before. Additionally, a baseline of 0.1 s was added to
capture artefacts of downsampling. Channel Oz was analysed, since it is approximately at the centre
of the visual cortex and that is where VEPs mostly occur. The data was sliced in epochs containing
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one VEP each. There were a total of 585 epochs that were analysed. All epochs were averaged to
get the average VEP. The latency of the flash-VEP responses were calculated by taking the difference
in time (in ms) between the stimulus onset and peak of the P100 component of the visual evoked
potential. The P100 component is a waveform, which is used to interpret the VEP response. It is a
positive downward deflection that typically occurs at approximately 100 ms after the stimulus onset.
The peak of the P100 component is detected using a similar method that is used to obtain the R-wave
peaks for the heart rate variability, which was by finding a local maximum. A time threshold was set
to a minimum of 0.09 and a maximum of 0.13 seconds. This was done in order to assure that the
peak of the P100 was detected and not some other ERP component. The amplitude of the flash-VEP
responses were calculated by taking the difference in electric potential (in µV) between the average
electric potential of the baseline until the stimulus onset and the peak of the P100 component.

2.5 Data analysis

2.5.1 BCI performance

For the analysis of the EEG data and the offline classification a reconvolution framework was used,
which models EEG responses to sequences of events (Thielen et al., 2015, 2021). It is a generative
model that is used for template generation and it consists of two steps: the estimation- and generation-
step. This model makes the assumption that the responses of sequences of events are equal to the
(linear) sum of the responses to the individual events. This assumption is also known as the linear
superposition hypothesis. A visual representation of the full framework can be found in Figure 5
below.

The data obtained from the c-VEP block was used for the analysis of the BCI performance. From
this data the trials, the trial labels and the underlying codes were extracted. This resulted in matrix
X ∈ Rc,m,t, vector y ∈ Rt and matrix V ∈ Rm,t respectively, where c is equal to the number of
channels, m the number of samples and t the number of trials.

In the first step, the estimation-step, responses to flashes are estimated by decomposing full re-
sponses. As you can see in Figure 5, recorded response x(t) is decomposed according to the structure in
a bit-sequence sv(t). The bit-sequence in the case of this study, was a m-sequence. The decomposition
yields transient responses rs and rl to short and long pulses. These transient responses were obtained
by means of deconvolution. They are calculated in a similar manner as a linear regression problem.
With the following formula the generic model of decomposition for one single-channel single-trial can
be calculated:

x̃(t) =
∑L

τ=1 Is(t)rs(t− τ) + Il(t)rl(t− τ)

In this formula x̃(t) is the modeled full-response at time t. Is is the indicator function for short
responses and Il is the indicator function for long responses, whereas rs and rl are the short and long
transient responses respectively. L is the length of both rs and rl. This formula can be rewritten in
a matrix notation as follows:

x̃ = Msrs +Mlrl =
[
Ms Ml

] [rs
rl

]
= Mr

In this instance, x̃ is a column vector, which contains m samples. Ms and Ml are structure
matrices that indicate when a short and long pulse happen in a given bit-sequence. When there is a
short/long flash at time point t, they contain the value 1 in column 1 at row t. The ones shift down
for columns 2 to L to t+ L. In all other locations Ms and Ml are equal to 0. Ms and Ml are both
of size m× L and thus M ∈ Rm,2·L. This formula can be rewritten as a simple regression problem:

X =
[
x1 · · · xk

]
=

[
M1 · · · Mk

]
r = Mr

In this formula, X is the concatenation of c single-channel single-trials, i.e. X ∈ Rc,m,1. Further-
more, M is the concatenation of all corresponding structure matrices (M), i.e. M ∈ Rc·m,2·L. The
solution to this linear regression problem was obtained with the following formula, where M+ is the
pseudo-inverse of the concatenated structure matrix.
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Figure 5: Visual representation of the reconvolution framework from (Thielen, 2015).
The top of this figure shows the estimation-step and the bottom the generation-step of the two-step
reconvolution process. In the estimation-step, the recorded response x(t) is decomposed according to
the structure in a given bit-sequence sv(t). This decomposition provides transient responses rs and rl
to short and long pulses, respectively. In the generation-step, rs and rl can be used to either generate
or predict the response T (t) to a (unseen) bit-sequence su(t).

r = M+X

In the second step of the reconvolution model, the generation-step, full-responses to (un)seen
bit-sequences are generated by applying the estimated single-flash response now that the transient
responses are obtained in the first step. These estimated responses can be used to generate or predict
the response T (t) to a (unseen) bit-sequence su(t), given the formula:

TV = MV r

In this formula, V is the set of bit sequences, which has 63 bits in the case of m-sequences.
TV ∈ Rc,m,n, where n is equal to the number of templates.

The aforementioned formula were all for single-channel single-trial EEG data. However, the ex-
perimental data is multi-channel and thus the focus will now put on that. EEG data is relatively
noisy and therefore a canonical correlation analysis (CCA) was used to reduce noise and thus increase
the signal-to-noise ratio (SNR). CCA estimates a spatial filter (w), which spatially averages each
single-trial time-point to estimate a component’s signal strength. w ∈ Rc is a vector with weights
for each channel. CCA also optimizes a temporal response vector (r ∈ RL). This is done in order to
maximize correlation between spatially filtered data (w⊤S) and predicted template response (r⊤M).
This way, the two steps of the reconvolution model are done at the same time using CCA. The formula
of this maximization can be found below:

max
w,r

ρ(w⊤S, r⊤M) = w⊤SM⊤r√
w⊤SS⊤w·r⊤MM⊤r
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In this formula, w ∈ Rc,1 is the resulting spatial filter, while r ∈ RL,1 is the resulting temporal
filter. M is again a concatenation of all structure matrices, i.e. M ∈ RL,m·t. S is a concatenation of
all trials in X, i.e. S ∈ Rc,m·t.

Hereafter, template matching was used to identify the cell that the participant was looking at.
For this Pearson’s correlation was used. The formula for template matching can be found below. In
this formula the square root of the explained variance of the model is maximized. The T in this
case are the templates that are generated by the reconvolution network. The spatially filtered data,
x, is obtained by applying the spatial filter to the data (w⊤X), which results in x ∈ Rm. There is
a template (ti ∈ Rm) for every possible class. The classes are in this case equal to the number of
symbols on the BCI speller grid, which is 32. i is in this instance the index of the class. This results
in the following formula:

ŷ = arg max
i

x⊤ti√
x⊤x·t⊤i ti

The accuracy of this model was obtained by comparing the predicted response (ŷ) with the actual
response (y). This was done using a k-fold chronological cross-validation where the number of folds
was equal to 4. The data set was thus split into 4 subsamples of equal size. In the first iteration, the
first subset was used as the test data while the other subsets were used for training. The template
matching classifier that was explained above was fitted for each iteration and it returned the predicted
responses. Hereafter, the accuracy was computed by calculating the percentage of times the predicted
response was equal to the actual response. This was done for each iteration of the 4-fold cross-
validation. The average accuracy and standard deviation over the 4 folds was computed. The average
accuracy was used as the dependent variable in the regression analysis. Originally, this was only done
for a trial size of 4.2 s. However, a quarter of the original trial size (1.05 s) was also analysed after it
was observed that there was a ceiling effect for the original trial size. The trial size of 1.05 s is exactly
equal to the length of one m-sequence code.

Besides the accuracy, the ITR was also analysed. This BCI performance metric was introduced
in the Introduction. This metric takes not only the accuracy of the model into account, but also the
number of symbols on the speller and the classification time. The formula of the ITR can be found
below (Wolpaw et al., 1998). In this formula N represents the number of classes, which is in the case
of this experiment equal to 32, since there are 32 symbols on the BCI speller grid. P represents the
accuracy and T the time in seconds required for one prediction.

ITR =
(
log2N + P log2 P + (1− P ) log2

1−P
N−1

)
· 60
T

A threshold was set to 70%, since this was determined to be the threshold for meaningful spelling
according to Kübler et al. (2001). This is similar to static stopping in an online BCI application. For
each participant the ITR was calculated by first determining how long it took to obtain a prediction
accuracy of 70% for a maximum trial size of 4.2 seconds. This was done using the decoding curve.
The duration of the inter-trial interval (800 ms) was added to this time in order to obtain T .

2.5.2 Linear regression

A linear regression analysis was performed to determine the strength and relationship of the BCI
performance and each predictor individually. A linear model was fitted in order to minimize the
residual sum of squares between the observed targets (the predictors) and the targets predicted by
the linear approximation (the BCI performance). This method is also known as the ordinary least
squares linear regression. Linear regression was performed for the following three dependent variables:
accuracy for a trial size of length 4.2 s (in %), accuracy for a trial size of length 1.05 s (in %) and ITR
with a threshold set at 70% (in bit min−1). The six independent variables of these three models were:
relative visual alpha power during resting state with eyes closed, relative visual alpha power during
resting state with eyes open, heart rate variability, error rate of SART, flash-VEP latency, flash-VEP
amplitude. For each model, the coefficient of determination (R2) is calculated. Furthermore, the
Pearson’s correlation (r) and the corresponding p-value for each of the variables is calculated.
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There were a total of 18 comparisons made and therefore the original α-value of 0.05 should be
adjusted accordingly. Otherwise, this might lead to the multiple comparisons problem, where true
positives are likely to be among the significant results. Bonferroni correction is applied to the original
α-value to prevent this. The altered α-value is equal to 0.05/6, since there are 6 comparisons made
per dependent variable. Thus, αaltered is equal to 0.008333. . . ≈ 0.008.

2.5.3 Multivariate regression

Additionally, a multivariate regression model was fitted for each dependent variable with all predictors.
In order to prevent overfitting, regularization was applied. The decision was made to use a Ridge
regression model where the loss function is the linear least squares function and the regularization is
given by the L2-norm. Ridge is a technique that aims to reduce the standard error by adding some
bias in the estimates of the regression. In this model the reduction of the standard error estimates
increases the reliability of the estimates significantly. The penalty term of the Ridge model (α), which
denotes the amount of shrinkage that will be implemented in the equation, was set to the default value
of 1 in order to penalize the optimization function.

The model was trained using a leave-one-subject-out (LOSO) cross-validation. For each subject
the model was trained on the total number of subjects minus one, which is equal to 15, and tested on
only one subject. The decision was made to use cross-validation in order to assure that the multivariate
regression model is able to generalize to unknown data and to determine an accurate estimate of model
prediction performance. The reason why LOSO cross-validation was used specifically is because of
the small size of the data set. By using this special case of cross-validation, more training samples are
used in each iteration compared to regular cross-validation and thus the model is able to learn better
representations.

The root mean squared error (RMSE) of the model is calculated to determine the model prediction
performance. The RMSE is a metric, which indicates the square root of the average squared difference
between the predicted values and the actual values in a data set. Therefore, a low RMSE indicates
that the model fits the data set “well”. The RMSE is measured in the same units as the dependent
variable and is thus easier to interpret than the mean squared error, which is measured in the squared
units of the dependent variable.

3 Results

3.1 Predictors

The data set that was obtained from the conducted experiment is very rich, because of the myriad of
variables that have been studied alongside of the BCI performance. Firstly, data of all predictors is
presented using examples from a single (typical) subject. The decision was made to do this, because
most of these plots would become hard to read when data of all 16 subjects is plotted over each other.
A subject was regarded as typical, when their predictor value was close to the average predictor value
and the shape of their graph was visually similar to most of the other subjects. Afterwards, the results
of the regression analysis is presented. In Table 4 in the Appendix, a table containing all measured
values for all six predictors and the BCI performance measurements for all subjects can be found.

3.1.1 Relative visual alpha power

In Figure 6, a typical Welch’s periodogram of EEG channel Oz is presented during resting state with
eyes closed. The periodograms of the other subjects have a similar shape. It is important to note
that for most subjects the power spectral density is the highest for frequencies around 0 to 20 Hz and
that there are little to no higher frequencies present. For all subjects, there was a high peak around
the alpha wave frequencies, i.e. 7-13 Hz. This area is colored in blue. For the analysis, the AUC of
this blue area is calculated by means of the composite Simpson’s rule in order to obtain the absolute
alpha wave power. The average relative visual alpha power during resting state with eyes open is
equal to 15.8% and 25.2% with eyes closed.

14



Figure 6: Typical Welch’s periodogram of electroencephalography (EEG) channel Oz
during resting state with eyes closed. The Welch’s periodgram is an estimate of the power
spectral density, which is measured in µV2/Hz. In the blue area lies the frequency of the alpha waves
(7-13 Hz). The data was obtained from the resting state block with eyes closed from Sub-10.

3.1.2 Heart rate variability

For the sake of clarity, only ten seconds of the ECG data from one subject (Sub-01) is presented in
Figure 7. In this figure, ten full QRS complexes (and one half) can be observed. In this graph, it
can be clearly observed that the highest deflection is the one from the R-wave. The peaks of these
R-waves are marked by red crosses. The distance between the individual R-wave peaks are the R-R
intervals that are obtained in order to calculate the heart rate variability. The average heart rate
variability is equal to 54.87 ms.

Figure 7: Typical electrocardiogram (ECG) data from the Polar H10 with R-wave peaks
marked with red crosses. The depolarization of the right and left ventricles of the heart, expressed
in microvolts (µV), is measured over time (s). The data was obtained from the first ten seconds of
the resting state block with eyes open from Sub-01 with a baseline of 100 ms.

3.1.3 Flash-VEP

In Figure 8, a typical flash-VEP is presented. The first 0.1 seconds of the plot is the baseline, which
was added to capture artefacts of downsampling. On time t = 0.00 s, the flashes were presented on
the monitor in front of the subject. This time is also known as the stimulus onset. In the graph,
approximately 75 ms after stimulus onset a negative waveform can be observed. This trough is also
known as N1 or N75. Directly after N75, a high positive deflection can be observed. Its peak commonly
occurs approximately 100 ms after stimulus onset. This waveform is known as P1 or P100. For all
subjects, this was the highest peak of the VEP. The latency was calculated by taking the difference in
time from stimulus onset to the peak of P100. This latency is equal to 0.1211 s in the case of Sub-01
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from Figure 8. The amplitude of the flash-VEP can be obtained by taking the difference in Voltage
from the average electric potential during the baseline to the peak of P100. This amplitude is equal
to 2.5860 µV in the case of Sub-01 from Figure 8. The average flash-VEP latency and amplitude over
all subjects is equal to 0.1205 s and 3.0753 µV respectively.

Figure 8: Typical flash visual evoked potential (VEP) averaged over 585 epochs in channel
Oz. Voltage (V), multiplied by a factor of 1e−6, is presented over time (s). The dashed black line
marks the time at stimulus onset (t = 0.0 s). The data was obtained from the VEP block from Sub-01
with a baseline of 100 ms.

3.1.4 BCI performance

The dependent variable in the regression analysis is the BCI performance. Three BCI performance
measurements are used for the analysis: BCI performance measured by accuracy for a trial of 4.2
seconds, BCI performance measured by accuracy for a trial size of 1.05 seconds and ITR with a static
stopping threshold set to 70% accuracy. The first results of the first two performance measurements
can be found in Figure 9. In Figure 9a, it can be observed that the majority (12 out of 16) of subjects
obtained an accuracy of 100% and the average accuracy is equal to 98.6% for a trial size of 4.2 seconds.
The subjects that did not obtain an accuracy of 100%, still obtained an accuracy between 90% and
100%. This is way above the threshold of meaningful spelling, which was determined to be 70%
accuracy. The calculated variance of the accuracy for a trial size of 4.2 seconds is equal to 7.75%. For
a trial size of 1.05 seconds, it can be observed in Figure 9b that 3 out of 16 subjects (Sub-01, Sub-02,
Sub-14) obtained an accuracy lower than the 70% accuracy threshold. The calculated variance for
this trial size is 261.41% and thus there is a lot more variance at this time point, compared to Figure
9a. However, the average accuracy (85.7%) is still above the threshold with a standard deviation of
5.0%.
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(a) BCI performance measured by accuracy for a trial size of 4.2 seconds.

(b) BCI performance measured by accuracy for a trial size of 1.05 seconds.

Figure 9: Barplots of the code-modulated visual evoked potential-based (c-VEP) brain-
computer interface (BCI) performance measured by the accuracy (in %) for a trial size
of 4.2 and 1.05 seconds for each subject and the average in an offline copy-spelling task.
The accuracy is in this case the mean accuracy over the four folds of the cross-validation for each
subject. The solid horizontal black line indicates the average accuracy over all subjects (which is equal
to 98.6% and 85.7% for the plots respectively) and the solid vertical lines the standard deviation of
each subject. The dashed black line indicates the probability of selecting the right symbol by chance,
which is in this case one divided by the number of symbols on the grid, i.e. 1/32. Underneath the
barplots, there is a table containing the average accuracy and standard deviation of each subject for
the 4-fold cross-validation.

For the third BCI performance measurement, the ITR was calculated. For the formula that is
used to calculate the ITR see the end of paragraph 2.5.1 BCI performance. In this formula the T
represents the time in seconds required for one prediction. In order to obtain this time, a decoding
curve was plotted for each subject with a threshold set to the criterion level for meaningful spelling.
A typical decoding curve can be found in Figure 10. This graph is shaped like a S-curve. This means
that the accuracy rises slowly at the very beginning, then it rapidly increases in the middle and at
the end it slowly decreases until it reaches the maximum accuracy of 100%. The decoding curves
of all subjects follow a similar pattern. The threshold of 70% was reached after approximately 0.4
seconds in the case of Sub-10, while the accuracy of 100% was reached after 0.9 seconds. The average
calculated ITR was equal to 268.1 bit min−1 with a variance of 12683.5 bit min−1. The calculated
ITRs for each subject can be found in the Appendix.
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Figure 10: Typical decoding curve of the brain-computer interface (BCI) performance
accuracy for a trial size of 4.2 seconds. The decoding time represents the times it takes for the
offline classification to obtain a certain accuracy. The black dotted line represents the threshold for
meaningful spelling (i.e. 70%). The data was obtained from the c-VEP block from Sub-5.

3.2 Linear regression

The univariate regression analysis was performed for each predictor individually for each BCI perfor-
mance measurement. The results of this analysis can be found in Table 2. In this table the Pearson’s
correlation (r) and the corresponding p-value is denoted. It is important to note that none of p-values
are beneath the αaltered threshold, which is equal to 0.008. This means that none of the correlations
are significant.

For the BCI performance measured by the accuracy for a trial size of 4.2 seconds, the two highest
correlations (r) are observed for relative visual power with eyes open and closed (r = 0.372 and
0.369 respectively). Heart rate variability has a negative correlation coefficient of r = -0.230. For the
predictors attention span, flash-VEP latency and flash-VEP amplitude a low (nearing zero) correlation
coefficient is observed (r = 0.065, -0.057 and 0.005 respectively).

For the BCI performance measured by the accuracy for a trial size of 1.05 seconds, the three highest
correlations are observed for the predictors relative visual alpha power with eyes closed, attention span
and flash-VEP latency (r = 0.420, 0.442 and 0.380 respectively). The predictors heart rate variability
and flash-VEP amplitude have a low correlation coefficient (r = 0.115 and -0.136 respectively).

For the BCI performance measured by the ITR with a threshold set at 70%, the highest correlation
(r = 0.463) is observed for flash-VEP latency. Relative visual alpha power with eyes open and heart
rate variability have a very low correlation coefficient (r = -0.042 and 0.045 respectively). Relative
alpha power with eyes closed, attention span and flash-VEP amplitude each get a medium high
correlation coefficient (r = 0.230, 0.169 and -0.140 respectively).
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Table 2: Table containing the Pearson’s correlation (r) and the corresponding p-value
for all six predictors and three BCI performance measurements. From left to right, the six
predictors are: relative visual alpha (α) power for eyes open and eyes closed in resting state (in %),
heart rate variability (in milliseconds), the error rate of the Sustained Attention to Response Task
(SART) paradigm (in %), flash visual evoked potential (VEP) latency (in seconds) and amplitude
(in microvolts). The three BCI performance measurements are: BCI accuracy for a trial size of 4.2
seconds in an offline copy-spelling task (in %), c-VEP-based BCI accuracy for a a trial size of 1.05
seconds and information transfer rate (ITR) with a static stopping threshold set to 70% accuracy (in
bit min−1).

Relative
α

power
(eyes
open)

Relative
α

power
(eyes
closed)

Heart
rate
vari-
ability

Error
rate
SART

Flash-
VEP
la-

tency

Flash-
VEP
ampli-
tude

BCI accuracy (4.2 s)
r 0.372 0.369 -0.230 0.065 -0.057 0.005
p 0.155 0.159 0.392 0.812 0.834 0.987

BCI accuracy (1.05 s)
r 0.263 0.430 0.115 0.442 0.380 -0.136
p 0.324 0.096 0.671 0.087 0.147 0.615

ITR with threshold (bit min−1)
r -0.042 0.230 0.045 0.169 0.463 -0.140
p 0.876 0.391 0.867 0.531 0.071 0.606

In the linear regression plots in Figure 11, similar relations between predictors and variables can
be observed. Negative correlations are indicated by a negative slope, e.g. see heart rate variability in
Figure 11a. Furthermore, the higher the correlations, the steeper the slopes are. It is important to
note that the slopes in Figure 11a might look as steep as the slopes in Figure 11b. However, this is not
actually the case, because the y-axis from Figure 11a ranges from 90 to 100% while the y-axis from
Figure 11b ranges from 40 to 100%. In Figure 11a, it can also be observed that all data points are
near the top of the graph, because of the high BCI accuracy for a trial size of 4.2 seconds. In Figure
11b, a lot more variance in BCI performance can be observed for a trial size of 1.05 seconds. All the
slopes of the regression models in Figure 11b are positive. The predictors with the highest correlation
from Table 2 (attention span, flash-VEP latency and relative visual alpha power with eyes closed)
clearly have the steepest slopes. In Figure 11c, it can be observed that there is the most amount of
variance in terms of BCI performance. The y-axis ranges from 100 to 500 bit min−1. However, the
slopes of the regression models for each predictors are a lot less steep compared to the models from
Figure 11b.
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(a) Linear regression plots for BCI accuracy (in %) for a trial size of 4.2 seconds.

(b) Linear regression plots for BCI accuracy (in %) for a trial size of 1.05 seconds.
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(c) Linear regression plots for BCI performance measured by the information transfer rate (ITR) with a static
stopping threshold set at 70% accuracy.

Figure 11: Linear regression plots for the three brain-computer interface (BCI) perfor-
mance measurements split for the six predictors. The dots represent the data points for each
subject that can be found in Table 4. A linear regression model is fitted for this data and the slope and
intercept of the corresponding model is represented by the blue line. From the left-to-right and then
top-to-bottom the independent variables of these regression models are: Attention span measured
by the error rate of the Sustained Attention to Response Task (SART) paradigm (in %), heart rate
variability (in ms), average flash visual evoked potential (VEP) latency (in s) and amplitude (in µV)
and relative visual alpha (7-13 Hz) power with eyes open and eyes closed during resting state (in %).

3.3 Multivariate regression

For the multivariate regression analysis, three Ridge regression models were trained on all predictors.
The values in Table 3 give an idea of the average distance between the observed data values and the
values predicted by the models. The units of the RMSE is the same as the units of the dependent
models themselves. This makes it more difficult to compare the first two models with the last model,
since they have different units. The model that was trained on the BCI accuracy for a trial size of 4.2
seconds, has a really low RMSE (2.739%). However, it is important to note that the BCI accuracy
values of this model were in a range of 90 to 100%, which is a really small range. The model that was
trained on the BCI accuracy for a trial size of 1.05 seconds, has a RMSE of 14.084%. The range of
the BCI accuracy values of this model was 50 to 100%. Thus, there was more room to make errors.
Given the values of all six predictors, the second model will predict the BCI performance with an
error of approximately 14.2% on average. The RMSE of the third model, which was trained on the
ITR with a threshold set at 70% accuracy, is really high (109.460 bit min−1) given that the average
ITR was equal to 268.1 bit min−1 (see Table 4 ).

Table 3: Table containing the root mean square error (RMSE) for three multivariate
Ridge regression models. The dependent variable of the first regression model is the brain-
computer interface (BCI) accuracy for a trial size of 4.2 seconds. The dependent variable of the
second model is the BCI accuracy for a trial size of 1.05 seconds. The dependent variable of the third
model is the information transfer rate (ITR) with a static stopping threshold set at 70% accuracy.
All models were trained on the six predictors using leave-one-subject-out cross-validation.

BCI accuracy (4.2 s) BCI accuracy (1.05 s) ITR with threshold

RMSE 2.739% 14.084% 109.460 bit min−1
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4 Discussion

The present study was designed to investigate the relationship between c-VEP-based BCI performance
and relative visual alpha power during resting state, heart rate variability, attention span and flash-
VEP latency and amplitude. This was done by conducting an experiment in which these predictors
were studied alongside c-VEP-based BCI performance. The predictors were measured during different
blocks of this experiment, as explained in Methods. These predictors were first individually analysed
by means of a linear regression analysis. The predictors are additionally studied alongside each other
in a multivariate regression model. In the Results section, it is observed that the six predictors do not
significantly correlate with c-VEP-based BCI performance (p > 0.008). Thus, there is no evidence
to suggest that a correlation exists in the population based on the p-values. However, there is still
room to speculate about the (high) correlations and compare them to the existing literature. In this
section, the obtained results will be discussed.

In Blankertz et al. (2009), a Pearson’s correlation coefficient of r = 0.53 was obtained for the
predictor µ-peak during relaxation for SMR-based BCI performance. This predictor is similar to the
relative visual alpha power during resting state that was analysed in this study. There was no p-value
reported in the study done by Blankertz et al. (2009). It is thus hard to say that they did find a
significant correlation. The relative visual alpha power during resting state with eyes closed obtained
a correlation coefficient of r = 0.430 for c-VEP-based BCI accuracy with a trial size of 1.05 seconds,
which is only a difference of 0.1 compared to the correlation µ-peak during relaxation from Blankertz
et al. (2009). The BCI accuracy for a trial size of 1.05 seconds also obtained a high correlation
coefficient for relative visual alpha power with eyes closed, i.e. r = 0.369. Thus, it can be speculated
that the correlation of the relative visual alpha power with eyes closed is comparable (but not quiet
as strong) to the correlation that was found for the predictor µ-peak during relaxation for SMR-based
BCI performance by Blankertz et al. (2009).

The heart rate variability predictor was based on the study done by Kaufmann et al. (2012),
which studied this predictor for P300-based BCIs. This study found that 26% of the variance in BCI
performance could be explained by heart rate variability and had a reported correlation coefficient
of r = 0.506. This finding was significant with p < 0.001. As can be observed in the Results, no
such significant correlation can be found for c-VEP-based BCIs. The highest correlation that was
obtained was a negative correlation for BCI accuracy for a trial size of 4.2 seconds with r = -0.230,
which was also insignificant. For the other two BCI measurements, the correlation coefficients were
relatively low. A reason for the difference in results could be that a different BCI control signal was
used. HRV was studied by Kaufmann et al. (2012), because they hypothesized that it is an indication
of inhibitory control. This was hypothesized, because P300-based BCIs require the capability to focus
attention and inhibit interference by distracting irrelevant stimuli. Since the P300 is evoked by a
surprising and unexpected stimulus, I speculate that it requires a deeper level of visual processing
than the level of visual processing that is needed to control a c-VEP-based BCI. For the c-VEP-based
BCIs, the subjects only have to gaze at the cued letter, which only requires low level visual processes.
Thus, P300-based BCIs might need more attention to control than c-VEP-based BCIs and that might
be the reason why a lower (and insignificant) correlation coefficient was obtained for c-VEP-based
BCI performance.

For the attention span measured by the error rate of the SART paradigm some interesting cor-
relations were obtained. The second highest correlation (with the lowest p-value) of all predictors
was obtained for attention span BCI accuracy for a trial size of 1.05 seconds (r = 0.442, p = 0.087).
This is remarkable, since this would mean (if it was significant) that the higher the error rate of the
SART, the higher the c-VEP-based BCI performance. Thus, the lower the attention span, the higher
the BCI performance. This contradicts the findings from a multitude of studies that found a positive
correlation between attention span and BCI performance (Hammer et al., 2012; Halder, Hammer,
et al., 2013; Halder, Ruf, et al., 2013). These studies proposed that subjects need to have a high
attention span to obtain a high BCI performance, since BCIs require mental workload to control. For
the other two c-VEP-based BCI measurements, there was a relatively low correlation (nearing zero)
and thus I assume that there is no clear correlation between attention span and c-VEP-based BCI
performance.
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The analysis of the flash-VEP was based on a study done by Halder, Ruf, et al. (2013), who
found a negative correlation between P2 and N2 amplitudes and P300-based BCI performance (r =
-0.77 and -0.86 respectively). No such correlations have been found for flash-VEP amplitudes. The
correlations that have been found for flash-VEP amplitude were all small, positive and insignificant.
For flash-VEP latency, however, the highest correlation was found with ITR (r = 0.463, p = 0.071).
This correlation also has the lowest p-value, but is still insignificant. This would mean (if it was
significant) that the higher the flash-VEP latency, the higher the BCI performance. It is sounds more
logical that the opposite would be the case: the lower the latency, the higher the BCI performance.
A delayed P100 peak has been linked to demyelination and other disorders in which the reduction of
conduction velocity is widely disseminated (Walsh et al., 2005). However, this is most likely not linked
with BCI performance and not the case for the subjects that obtained a high flash-VEP latency. For
future research it might be interesting to further study the relationship between flash-VEP latency
and BCI performance, because with more subjects (power) a significant correlation could potentially
be found.

This study confirms that there is little subject-to-subject variance in accuracy, when the trial sizes
are high enough, which was proposed in the Introduction. The calculated variance for a trial size of 4.2
seconds was 7.75%, which is in line with findings of the meta-analysis. All subjects were able to obtain
sufficient BCI control for this trial size and a ceiling effect can be observed in Figure 9a. This finding
suggests that there is no BCI illiteracy for c-VEP-based given enough time. The subject-to-subject
to variance for a trial size of 1.05 seconds was however a lot higher, i.e. 261.41%. Thus, this further
confirms the idea that the subject-to-subject variance in c-VEP-based BCIs is not in accuracy, but in
time. This is furthermore confirmed by the subject-to-subject variance in ITR, which was incredibly
high (12683.5 bit min−1). The criterion level for meaningful spelling of 70% accuracy was obtained
for all subjects for a trial size of 4.2 seconds. Only three subjects were not able to achieve 70% level
for a trial size of 1.05 seconds. Since they were able to achieve an accuracy higher than 70% for
the default trial size of 4.2 seconds, they should not be considered BCI illiterates. I think the term
BCI inefficiency might be more suitable, because all participants were able to gain sufficient control
over the BCI, but there still was some subject-to-variance in BCI performance. Consequently, some
subjects are more efficient in obtaining BCI control than others. The analysed predictors were all
insignificant and therefore it is hard to pinpoint why this BCI inefficiency phenomenon exists.

An explanation for the extremely high ITRs is that the ITRs were calculated for a static stopping
threshold of 70% accuracy. Normally the dynamic threshold in online BCI applications is set around
95% accuracy (Guy et al., 2018). In Figure 10, it can be observed that the decoding curves are
shaped like a S-curve, which means that it takes substantially more time to obtain an accuracy of
95% compared to an accuracy of 70%. Therefore, the ITR is also substantially higher for a static
stopping threshold that is set at 70% accuracy compared to 95% accuracy.

In the field of BCI, there has not been done many studies that used a multivariate regression
model to study BCI inefficiency, especially for c-VEP-based BCIs. However, as can be seen in the
Table 3 in the Results, such models could be used to predict BCI performance with a decent RMSE.
The models that were trained on the BCI accuracy for a trial size of 4.2 and 1.05 seconds received
a RMSE of 2.739% and 14.084% respectively. It is important to note that there was less subject-to-
subject variance for a trial size of 4.2 seconds and therefore it has a much lower RMSE. The model
that was trained on a trial size of 1.05 seconds however, seems like a very promising model that could
potentially be used as a screening tool. It could be used to detect subjects that might not be able to
obtain sufficient BCI control. These subjects can then be informed about their expected performance
that was estimated with this model beforehand. Potentially a training could be designed to improve
the performance of these individuals, more on that in the Future research section.

4.1 Limitations

One of the biggest limitations of this study was the small sample size of 16 subjects. Studies that
found significant predictors for BCI performance had more than double the amount of subjects. For
example, Hammer et al. (2012) studied 83 participants, both Halder, Ruf, et al. (2013) and Hammer
et al. (2018) studied 40 participants and Kaufmann et al. (2012) studied 34 participants. Because of
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the low sample size, there was not as much subject-to-subject variance and thus it was harder to fit
a model. This was especially the case for the default trial size of 4.2 seconds. As can be observed in
Figure 9a, there was a ceiling effect for this trial size. This could also be the reason why there were
no significant p-values found.

Some of the methodology to analyse the predictors could also be improved. For the relative visual
alpha power during resting state, the maximum difference between the PSD curve and a fit of the 1/f
noise spectrum could be determined, analogous to Blankertz et al. (2009). In the present study, the
PSD was estimated using the Welch’s periodogram method, but could potentially also be analysed
using a multitaper approach. This approach leads to a more robust spectral estimation compared
to the classical and Welch’s periodograms. This is done by combining the advantages of the two
methods: high frequency resolution and low variance. The reader is referred to Prerau et al. (2017)
for more information on this. Additionally, the difference in alpha power between conditions and the
two resting state blocks could be analyzed.

For the analysis of the flash-VEPs, the six different lengths of flashes could also be analysed
individually to determine if there is a difference between them. Furthermore, the obtained VEPs that
were averaged over all epochs were not baselined. This step could remove a lot of noise and thus make
the estimation of the flash-VEP latency and amplitude more accurate.

4.2 Future research

In order to improve the BCI performance for subjects that achieve a lower accuracy and thus lower the
subject-to-subject variance, neurofeedback training could potentially be used. Vidaurre & Blankertz
(2010) studied an adaptation scheme for SMR-based BCIs, which guides the user within one session
from an initial subject-independent classifier to a subject-optimized state-of-the-art classifier. This
was done by means of a feedback application. This feedback application was very successful. One
subject that was not able to gain sufficient control before using the feedback application, but was
able to successfully gain control after the session. During this session correct brain responses were
positively reinforced. A neurofeedback session for c-VEP-based BCIs could potentially be designed
in order to minimize subject-to-subject variance in BCI performance. During the experiment of this
study, no feedback was given at all, but it could definitely be studied in future research by using an
online classification application and a neurofeedback training beforehand.

Additionally, a deep learning model could be used to either passively predict properties of a visual
stimulus the participant is observing or to actively control c-VEP-based BCI application. This was
done by Nagel & Spüler (2019) by combining EEG2Code with deep learning with great success. They
were able to create the world’s fastest BCI with the best subject achieving an online ITR of 1237 bit
min−1. These methods seem very promising and could be used to further improve the performance
of c-VEP-based BCIs and potentially minimize subject-to-subject variance.

In total, there were ten different codes used in the experiment from four code families. In this study
only m-sequences have been analysed, because they are the standard in c-VEP-based BCI literature.
The other nine codes could potentially also be analysed in future research. However, I speculate that
the BCI illiteracy rate for these codes are roughly the same and that the BCI performance of each
code is predicted by the same variables.

There are still a myriad of variables that have not been studied alongside c-VEP-based BCI
performance that could be potential predictors. These variables include: memory span (Jeunet et al.,
2015), a multitude of personality factors (Hammer et al., 2012), mood and motivation (Nijboer et
al., 2008), locus of control by dealing with technology (Burde & Blankertz, 2006) and eye tests, such
as ocular alignment. These could all be studied in order to get a better understanding of the BCI
inefficiency phenomenon in the field of c-VEP-based BCIs.
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5 Conclusion

In conclusion, the predictors, relative visual alpha power during resting state, heart rate variability,
attention span, flash-VEP latency and amplitude, do not significantly correlate with c-VEP-based
BCI performance. Studying these predictors alongside BCI performance served two purposes.

First of all, studying predictors lead to a better understanding of the BCI illiteracy phenomenon.
In the present study, it was observed that there are no BCI illiterates for c-VEP-based. Every subject
was able to gain sufficient control, which met the criterion level for meaningful spelling of 70%, given
enough time. However, there was still some subject-to-subject variance observed, in this study and
in the meta-analysis, for BCI accuracy for a trial size of 1.05 seconds and ITR with a threshold set at
70%. The subject-to-subject variance is for c-VEP-based BCIs not in accuracy, but instead in time.
BCI inefficiency might therefore be a more applicable term to describe the BCI illiteracy phenomenon
in c-VEP-based BCIs. There are still some subjects that are less efficient in gaining BCI control, but
they still manage to obtain sufficient BCI control given enough time.

The most notable predictors with the highest Pearson’s correlation coefficients were relative vi-
sual alpha power with eyes closed during resting state and flash-VEP latency (r = 0.430 and 0.380
respectively for a trial size of 1.05 seconds). The alpha power finding was similar to the study done
by Blankertz et al. (2009) on µ-peak during relaxation for SMR-based BCIs. Alpha waves have been
linked to the processing of visual information and suppression of task-irrelevant brain regions. The
correlation with the flash-VEP latency was quite surprising and there was not a clear explanation for
this. More evidence is needed to state that there is a significant correlation between these variables
and c-VEP-based BCI performance.

Second of all, these predictors could be used as a screening tool to identify users, who might not
be able to obtain sufficient BCI control. The multivariate regression model could be used for this,
which obtained a RMSE of 2.739% and 14.084% for a trial size of 4.2 and 1.05 seconds respectively.

There are still a myriad variables that could potentially be studied alongside c-VEP-based BCI per-
formance in order to study the subject-to-subject variance. However, the BCI illiteracy phenomenon
is not as big of a problem for c-VEP-based BCIs compared to SMR-based and P300-based BCIs.
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Appendix

Table 4: Table containing measured values for all six predictors and three brain-computer
interface (BCI) performance measurements for each subject and the average. From left to
right, the six predictors are: relative visual alpha (α) power for eyes open and eyes closed in resting
state (in %), heart rate variability (in milliseconds), the error rate of the Sustained Attention to
Response Task (SART) paradigm (in %), flash visual evoked potential (VEP) latency (in seconds)
and amplitude (in microvolts). The three BCI performance measurements are: BCI accuracy for a
trial size of 4.2 seconds in an offline copy-spelling task (in %), c-VEP-based BCI accuracy for a a trial
size of 1.05 seconds and information transfer rate (ITR) with a static stopping threshold set to 70%
accuracy (in bit min−1).

Participants Relative
α

power
(eyes
open)
(%)

Relative
α

power
(eyes
closed)
(%)

Heart
rate
vari-
ability
(ms)

Error
rate
SART
(%)

Flash-
VEP
la-

tency
(s)

Flash-
VEP
ampli-
tude
(µV)

BCI
Accu-
racy
(4.2 s)
(%)

BCI
Accu-
racy
(1.05
s) (%)

ITR
with

thresh-
old
(bit

min−1)

Sub-01 14.5 27.2 40.80 4.444 0.1211 2.5859 90.6 59.4 131.6
Sub-02 12.9 17.9 42.47 1.333 0.1187 4.6765 100.0 50.0 112.8
Sub-03 9.3 15.2 74.70 6.667 0.1255 4.4794 100.0 87.5 225.6
Sub-04 11.8 21.9 66.36 4.444 0.1177 2.9764 100.0 96.9 315.9
Sub-05 21.7 35.2 62.14 6.667 0.1172 4.5113 100.0 96.9 315.9
Sub-06 13.5 18.4 34.13 1.778 0.1162 1.9082 100.0 71.9 157.9
Sub-07 25.2 33.4 28.77 3.556 0.1211 2.2262 100.0 93.8 225.6
Sub-08 21.2 34.7 110.68 1.778 0.1265 2.0618 100.0 96.9 315.9
Sub-09 16.3 22.4 51.12 3.556 0.1133 7.0629 96.9 87.5 263.2
Sub-10 11.3 27.2 18.21 4.000 0.1299 1.4158 100.0 100.0 394.9
Sub-11 16.2 30.6 23.84 1.778 0.1216 2.7457 100.0 100.0 526.5
Sub-12 18.7 32.6 60.20 10.667 0.1191 3.6404 100.0 96.9 315.9
Sub-13 2.8 7.0 107.04 4.889 0.1274 2.0598 93.8 93.8 394.9
Sub-14 13.0 14.5 82.70 1.333 0.1157 2.5017 96.9 65.6 131.6
Sub-15 29.3 37.4 44.10 10.222 0.1206 1.9735 100.0 96.9 263.2
Sub-16 14.8 27.3 30.67 2.667 0.1167 2.3786 100.0 78.1 197.4
Average 15.8 25.2 54.87 4.361 0.1205 3.0753 98.6 85.7 268.1
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