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Abstract

A brain-computer interface (BCI) is a system that makes it possible for a
user to interact with a computer without muscular control. Code-modulated
visual evoked potential (¢c(VEP) BCI can be used to create visual speller sys-
tems. To make a step towards practical, real-world cVEP BCI by improving
performance and reducing calibration time, this thesis compares three meth-
ods of decomposing codes, called event-types, when using the reconvolution
method by Thielen et al. (2015) [12] to generate templates. This is done on
two different data sets, one using random stimulation codes and one using
modulated Gold codes.

It is found that event-types that take into account the nonlinearity of
the visual system perform better in terms of classification accuracy, auto
explained variance and cross explained variance than event-types that as-
sume linearity. It is concluded that using the edge responses of a flash as
an event-type is the most practical approach, as it models only two events
and therefore requires less training data than event-types with more events.
The contrast event-type is also more versatile, as it does not require events
in the validation set to have appeared in the training set.
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Chapter 1

Introduction

In 2016, approximately 331,000 people were estimated to suffer from motor
neuron diseases worldwide (Logroscino et al. [6]). As these diseases progress,
patients often develop paralysis. Swallowing, breathing and speaking may
become difficult. Speaking may even become impossible. In the same paper,
it is also reported that the stress of living with the condition is known to
increase risk of developing depression, insomnia and anxiety. So far, motor
neuron diseases have no known cure. [11]

Being able to communicate and interact with family and friends or sys-
tems such as wheelchairs or other aids is important to increase quality of
life for those suffering these symptoms. When a patient is still able to do
these things, they may continue to perform some tasks by themselves and
have a sense of autonomy in their daily life. [4]

1.1 Brain-computer interfaces

Brain-computer interfaces (BCI) can provide a solution for these issues.
By recording electrical activity from the brain, systems can be developed
that use brain signals for input, bypassing the need for muscle control. One
common approach is to use visual evoked potentials (VEP) - brain responses
to visual stimulation. Noise tagging BCI uses pseudo-random bit-sequences,
called codes, where a ‘1’ represents a white frame and ‘0’ represents a black
frame. These complex sequences of flashes evoke code-modulated visual
evoked potentials (cVEP).

In BCI visual speller applications, each symbol is associated with a spe-
cific code. By attending to a specific symbol, a cVEP related to the associ-
ated code is evoked and recorded by the electroencephalogram (EEG), which
can be analyzed and matched to a template response to a particular code
and thus the associated symbol. Using this, it is possible to build keyboards,
wheelchair controls or even games [I]. Matching the EEG response to the
right template is an important part of any noise tagging BCI application.



Visual spellers are still only rarely used outside of laboratories. One rea-
son for this are the calibration times. Because brain activity varies between
people and even between sessions with the same user (for example due of
tiredness), the system needs to be calibrated for each session. This takes
time and is not practical for everyday use.

1.2 Reconvolution and events

One way to shorten calibration times is to use reconvolution to generate
templates instead of obtaining templates by recording many responses from
the user. In the reconvolution model by Thielen et al. (2015) [12], templates
are built up from the responses to individual events. These are pre-defined
subsequences in the code. For example, an event may be a short flash or a
long flash. The linear superposition hypothesis states that the response to a
sequence of events is the linear summation of the responses to the individual
events. In other words, if we can learn the responses to individual events,
we can generate predictions of the response to full codes. Exactly how these
individual events are defined is therefore an important choice.

This definition of events is called the event-type. For example, when we
define our events to be short (010) and long (0110) flashes, this is called the
‘duration’ event-type. Other examples are ‘contrast’, which defines every
rise (01) and fall (10) in the code as an event, and ‘simple’, which defines
every ‘1’ in the code as an event.
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Figure 1.1: Duration event-type example
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Figure 1.2: Contrast event-type example
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Figure 1.3: Simple event-type example

1.3 Code families

Another aspect for consideration is the choice of code family. Isaksen et al.
(2016) [5] compared three code families and found that although there was
no code family that was more accurate than the others in general, subjects
did have an optimal code where their accuracy was significantly higher.
Although there may not be a ‘best’ code family in terms of accuracy, they
are interesting to look at for another reason. Since different code families
have different properties, like for example the maximum length of a single
flash, this influences the events. For example, a code with a maximum
flash length of ¢ bits will have 7 unique duration events. By having certain
code properties, other events can be defined. It is possible certain event
definitions work best with a certain code family.

Yasinzai et al. (2020) [16] investigated the brain response to short code
sequences by using the contrast event-type and superposition to generate
templates. They found the best results using short flashes with enough
time between the flashes to ensure responses didn’t overlap. They also
found that when repeating flashes of the same length, the response becomes
smaller with each repetition. It is therefore best to limit these repetitions.
Nagel and Spiiler (2018) [10] found that the number of up/down changes in
a code was another important property and found optimal results for codes
containing 7 changes for every 15 bits of code.

1.3.1 Modulated Gold codes

Modulated Gold codes have the special property of comprising entirely out
of ‘01’ and ‘10’ subsequences. This means the code can only be up or down
for at most 2 bits at a time. These codes have the optimal 1 and 2-bit
flashes and limited repetitions of the same flash, but not the recommended
time between flashes to prevent overlap. Using this code family gives a
chance to further investigate these short flashes.
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14 ANOO0NCT AT AT NNy ooy nnoonmnnnoannnnonnnnr

0 iy Gy Lg uggy gy gootd gt pg gl O gaedog o gy duded gygogi) gutigyl
0.0 0.5 1.0 1.5 2.0
time [sec]

Figure 1.4: Example of a modulated Gold code

1.3.2 Random stimulation codes

Random stimulation codes are created by having a random generator pick
between 0 and 1 for each bit. These codes can have very long flashes, but
they are much rarer than the short ones. This distribution of flash lengths is
visualized in figure Using this code family gives a chance to investigate
the response to very long flashes.
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Figure 1.5: Number of flashes by duration over 32 random stimulation codes.
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Figure 1.6: Example of a modulated Gold code

So far, little research has been done into this choice of event-type and
code family. In this thesis, I will compare three event-types: simple, duration
and contrast. These three all represent a different idea of the brain response.
Simple assumes linearity of the brain response. Although it is known from
effects such as habituation and sensitization that the visual system is non-
linear, assuming linearity has been shown to be sufficient for steady-state
VEP [3]. Still, it might be preferable to take nonlinearity into account. Du-
ration allows for some nonlinearity by assuming each flash length to have
a different response. Contrast does this by assuming the brain responds to
change.



1.4 Hypothesis and research question

In this thesis, I will further investigate which event-type/code pairing best
explains the brain response, and which produces the highest accuracy. I
will do this by comparing the simple, duration and contrast event-types on
two data sets, both using different code families: one using modulated Gold
codes and one using random stimulation.

I will compare them primarily on the explained variance and will also
look at the classification accuracy. The goal is to come to a further under-
standing of these event-types and the brain response they model to formulate
recommendations for future work on cVEP BCI.

This is formalized in my research question:

How do the ‘simple’, ‘duration’ and ‘contrast’ event-types compare
when applied to data sets using modulated Gold codes and random
stimulation?

By taking into account nonlinearity, the contrast and duration event-
types will likely outperform the simple event-type. The findings from Yasin-
zai et al. [16] imply random stimulation might have lower accuracy overall
for the duration event-type than modulated Gold codes, since long flashes
are not predicted with good accuracy.

In the next chapters I will first discuss the data sets I used in this re-
search. Next I will explain in depth the methods I used, focusing especially
on reconvolution. In the results section I will share my results and talk
about the conclusions that can be drawn from them. Finally, I will end with
a discussion of the results and suggestions for further work.



Chapter 2

Methods

In this section, I will describe my methods. I will first talk about the two
data sets I used and then describe the analysis pipeline in detail. Finally, I
will explain the evaluation methods I used.

2.1 Data sets

The data set I used to evaluate modulated Gold codes was produced by
Thielen et al. (2021) [I3]. Thirty participants participated in their offline
experiment. They used pre-defined modulated Gold codes of 126 bits with
a minimized cross-correlation. These were presented on a monitor with a
60 Hz refresh rate, meaning presenting one bit-sequence takes 2.1 seconds.
Each sequence was repeated 15 times for a trial that lasted 31.5 seconds.

Each participant performed five EEG runs. They tested a calculator
application with 20 symbols. One run consisted of 20 trials, one for each
target. This gives a total of 100 trials per participant, five per bit-sequence.
Their experiment was based on synchronous control, meaning each trial had
a set time interval. Each trial lasted 31.5 seconds, followed by an inter-trial
interval of 1 second.

Eight channels were recorded, namely Fz, T7, O1, POz, Oz, 1z, O2 and
T8. The EEG data was preprocessed with a high-pass filter at 2Hz with a
second order Butterworth filter, then with a low-pass filter at 30Hz using a
6th order Butterworth filter. The data was downsampled from 512 Hz to
120 Hz and preprocessed using FieldTrip [2].

The data set I used to evaluate random stimulation codes was produced
by Nagel and Spiiler (2019) [9]. Nine participants participated in their of-
fline experiment. They used the MT19937 [7] random generator to generate
random stimulation codes. Sequences were not repeated and each partici-
pant was shown different codes. They were presented on a monitor with a
60 Hz refresh rate.



Each participant performed three runs in the training phase with trial
durations of 5s, 4s and 3s. Then they performed 14 runs in the testing phase
with a trial duration of 2s. They tested a matrix keyboard with 32 targets.
One run consisted of 32 trials, one for each target, selected in lexicographic
order. 32 channels were recorded, namely Fz, T7, C3, Cz, C4, T8, CP3,
CPz, CP4, P5, P3, P1, Pz, P2, P4, P6, PO9, PO7, PO3, POz, PO4, POS,
PO10, O1, POO1, POO2, 02, OI1lh, OI2h, and Iz. The ground electrode
was at FCz and the reference electrode at Oz.

The EEG data was preprocessed with a bandpass filter, filtered between
0.1Hz and 60Hz using an 8th order Chebyshev filter, then notch-filtered at
50Hz.

I combined the runs from the training phase with 3 different durations
into one set, cutting off the 5s and 4s trials at 3s so all trials were the same
length. For subject 1, this made the codes used in the 5s trials identical to
the ones used in the 3s trials, causing these trials to be confused with each
other. For the other eight subjects, codes did not repeat and this confusion
did not occur. For this reason, I decided to exclude subject 1 from my
analysis.

2.1.1 Differences and limitations

Initially, to adjust for the difference in recording layout and make for a
fair comparison between the two data sets, I intended to only take into
consideration the eight channels that were used in both data sets. However,
since I was unable to find a list of which channels in the data set by Nagel
and Spiiler correspond to which channel on the EEG cap, it was impossible
to identify these eight channels correctly. Therefore, I decided to use all
32 channels after all. Although this negates the risk of selecting the wrong
channels, not knowing which channel corresponds to which location is still an
issue. Although it does not affect classification, it is impossible to construct
the correct spatial filter (described later in this section). For this reason,
we will not look at the spatial filters found for this data set in the results
section.

For a fair comparison, both data sets should have the same preprocessing
applied. However as I do not have access to the raw data for the random
modulation data set, my only option was to apply to the modulated Gold
codes data a similar preprocessing as was used for the random modulation
data. Since the FieldTrip [2] toolbox I used for preprocessing doesn’t cur-
rently have Chebyshev filters implemented, I instead approximated with a
0.1 Hz 2nd order Buttersworth high-pass filter, 60 Hz 6th order Butter-
sworth low-pass filter, and a 49-51 Hz bandstop filter. Since the data that
was preprocessed this way gave significantly worse results, and because a di-
rect comparison between the results of these two data sets is not an option



anyway because of their differences in participants, number of participants,
channel layout, etc., I decided to use the authors’ original preprocessing
method for the modulated Gold data set. I did use the alternate prepro-
cessing method as a way to validate my results. This will be discussed
shortly in the next section.

2.2 Reconvolution

The reconvolution method is the core of my analysis. In this section, I will
explain in-depth how it works.

Reconvolution can be seen as a two step process. The first part of the
reconvolution process is called the estimation-step, where full responses are
decomposed into responses to individual events. Next is the generation-
step, where these decomposed responses are used to generate full template
responses. The steps are visualized in figure

This decomposition of a single full sequence is expressed in the formula

L
E(t) =D Lt —7)+ -+ L)ra(t —7)

where x(t) is the full sequence at time ¢. n is the number of unique events.
l;(t) has value 1 if a particular event occurred at time ¢, where i is in between
1 and the number of events n. r;(t) are the responses to event ¢ at time ¢,
where ¢ is in between 1 and n. Response vector r is obtained through
canonical correlation analysis, which is described in the next section. L is
the length of r;. Although here L is the same for all events, the framework
allows this to be variable also. This can also be written in matrix notation:

™
‘%:erl"i_"‘—f—Mnrn:[Ml--'Mn] D= Mr

Tn

n is the number of unique events. M; is a structure matrix that has
a value 1 in column 1 at all rows ¢t where event ¢ occurred at time ¢. In
columns 2 to L, ones shift down to ¢ + L, resulting in a diagonal line in the
matrix. M; is of size s x L, and the full structure matrix M is size s (n- L),
where s is the number of samples r; is a column vector of L samples, and
r is the size of (n- L) -1. An example of a structure matrix can be seen in

figure 2.2

This model can be generalized to

X=l[r1...2p)=[M1...M,|r = Mr
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Figure 2.1: In this figure, x(t) is the recorded response. It is decomposed
according to the structure of the bit-sequence s,(t) in the estimation-step.
This way, rs and r; are obtained, which are the transient response to short
and long flashes, respectively. In the generation-step, rs and r; are used
to compose an estimated response to the new bit-sequence s, (t). Here the
duration event-type was used with two unique durations. Image reproduced
with permission, Thielen et al. (2015) [12].

which is a linear regression problem. Here, X is the concatenation of k
single-channel, single-trial full sequences, and M is the concatenation of all
corresponding structure matrices. r can be found by solving

r=MTX

where M ™ is the pseudo-inverse of M.

In the generation-step, the structure matrix and learned responses to
events are combined to generate templates T' for unseen bit-sequences. This
is done by multiplying the response vector r with the structure matrix M.

T=DMr
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Figure 2.2: An example of a structure matrix M. Here the duration event-
type was used with two unique durations. M is the concatenation of M
and M;. My and M; have a value 1 when a short or long pulse, respectively,

occurs at time ¢. The value 1 shifts down L rows. Image reproduced with
permission, Thielen et al. (2015). [12].

=

2.3 Canonical Correlation Analysis

Reconvolution is performed on the data of one channel. However, in this
case we have eight or thirty-two. A way to combine the data channels into
one is by using a spatial filter w, which can be obtained using Canonical
Correlation Analysis (CCA). The response vector r is also obtained by CCA.

The spatial filter w is of size ¢ X s, where ¢ is the amount of channels
and s the amount of samples, and is used to reduce input from the (in this
case) eight EEG channels into a single channel that can be ran through
the reconvolution process. w contains a weight for each EEG channel, and
when multiplying w with the data X, it gives a single signal of spatially
filtered data x. By using a spatial filter to obtain this signal, it means the
most informative channels (for these visual speller applications typically the
ones around the occipital lobe) add more to the filtered data than the less
informative channels.

12



The temporal response vector r contains the associated response for any
of the events.

To perform CCA, we again take M, the concatenation of all structure
matrices from the k training trials. The data from all training trials is
concatenated into S, which has size ¢ x (s- k). w and r are then found by
solving:

TSMT
maxp(w’ S, rT M) = v 4
w,r VwTSSTw - rTMMTr

CCA optimizes w and r to maximize the correlation between x and ¢.

2.4 Classification

Having obtained the spatially filtered x with CCA and the templates T" with
reconvolution, the final step is to find the template that is most similar to
x. This is done by calculating the Pearson’s correlation between x and each
individual template ¢; and selecting the highest one. This is given by
X alt;
7 = argmax

i yJaTz -t

To prevent overfitting or selection bias, I use 10-fold cross validation.
This involved splitting the data set into 10 groups and using each group as
a validation set once with the other 9 groups as training sets to fit CCA on.
The classification accuracy and explained variances are computed 10 times
per subject, once in each fold. The average result over the folds is taken.

2.5 FEvaluation

Evaluation of the various event-type/code family pairs is done by looking
at the classification accuracy and the explained variance of the generated
templates.

The classification accuracy is the percentage of correct target selections.
This is obtained by solving
number of correct trials

accuracy = - 100
4 total number of trials

The explained variance is the squared Pearson’s correlation between the
obtained template and single-trial recordings of the same target. This gives
an estimate of the amount of variance of the full EEG recording that is
explained by the model.

13



The cross explained variance is the squared Pearson’s correlation be-
tween a single-trial recording and templates of other labels. This is a way
to measure the amount of confusion with incorrect labels.

Pearson’s correlation is given by

b 22— T)(yi )
V(i = 2)2 3 (yi — §)?

To determine which results are significant, the Wilcoxon signed rank test
will be used for the accuracies since these cannot be assumed to be normally
distributed as they tend to on the higher end and can’t go above 100%. For
the explained variances, paired t-tests will be used. With 30 samples, the
explained variances for the modulated Gold data set can be plotted in a
histogram and seen to be distributed normally. Since the random stimula-
tion data set only has 8 samples, it’s not possible to check its distribution.
However, it is safe to assume the distribution won’t be different that it is
for the modulated Gold codes.

2.6 Code availability

All code used in this thesis is available at https://gitlab.socsci.ru.nl/J.A.Janssen/.
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Chapter 3

Results

In this section, I will share the results found using the method described
in the previous section. For both data sets, I will first show the average
classification accuracy and explained variances over subjects. Next, I will
show the average transient responses found for each event-type. Finally, 1
will discuss the conclusions we can draw from these results.

3.1 Modulated Gold codes

This section is about the results found for the modulated Gold codes data
set.

Modulated Gold Modulated Gold
Classification accuracy per event-type Explained variances per event-type
2 100 = Auto
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g 80 o025
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Contrast Duration Simple Contrast Duration Simple
Event-type Event-type
(a) Classification accuracy (b) Auto and cross explained variance

Figure 3.1: Classification accuracy and explained variances per event-type
for modulated Gold codes

3.1.1 Classification accuracy

In terms of classification accuracy (figure |3.1a)), the contrast and duration
event-type both significantly outperform simple. Contrast with a mean of
83.7 and simple with a mean of 56.8, significant with a Wilcoxon rank test

15



(p < 0.001, Bonferroni corrected). Duration with a mean of 80.6 against
simple is significant with a Wilcoxon rank test (p < 0.001, Bonferroni cor-
rected). There is no significant difference between contrast and duration
(Wilcoxon rank test p = 0.459, Bonferroni corrected).

This means that for classification accuracy when using modulated Gold
codes, contrast and duration are both preferred over simple.

3.1.2 Explained variances

For cross explained variances (figure , we again see contrast and du-
ration outperform simple, with no significant difference between the two.
Contrast with a mean of 0.013 and duration with a mean of 0.014 are not
significantly different on a paired t-test (p = 0.054, Bonferroni corrected).
Contrast against simple with a mean of 0.013 is a significant difference with
a paired t-test (p = 0.006, Bonferroni corrected). Duration against simple
is significant with a paired t-test (p < 0.001, Bonferroni corrected).

This means that for cross explained variance when using modulated Gold
codes, contrast and duration are both preferred over simple.

For auto explained variance (figure , the difference between all three
event-types is significant. Contrast with a mean of 0.194 outperforms du-
ration with a mean of 0.170 on a paired t-test (p < 0.001, Bonferroni cor-
rected). Contrast also outperforms simple with a mean of 0.074 (paired
t-test p < 0.001, Bonferroni corrected). Duration also outperforms simple
(paired t-test p < 0.001, Bonferroni corrected). This means that in terms of
auto explained variance when using modulated Gold codes, contrast is the
best choice of these three event-types.

All things considered, contrast is narrowly the best performing event-
type when using modulated Gold codes, only significantly outperforming
duration in terms of auto explained variance (contrast mean 0.194, dura-
tion mean 0.170). Although contrast is preferred, duration is also a good
choice since there is no significant difference between the two in terms of
classification accuracy and cross explained variance. The simple event-type
is outperformed by both contrast and duration on all three metrics and is
not a good choice.

Using the alternate preprocessing method for the modulated Gold data
set that was described in the previous section, we can perform the same anal-
ysis of event-types. This is a second check that can further validate these
findings. Again, contrast and duration are preferred over simple in terms
of classification accuracy and cross explained variance. For auto explained
variance, contrast is preferred over duration, but there is no significant dif-
ference between contrast or duration against simple. All in all, the contrast

16



event-type is the preferred choice and duration is preferred over simple.
This is in line with what was found for the authors’ original preprocessing
method, further validating those findings. The full results for the alternate
preprocessing method can be found in the appendix.

3.1.3 Transient responses

These are the average transient responses found for each event-type. They
were found by taking the average of all participant responses.

Modulated Gold + simple event-type Modulated Gold + contrast event-type
Average transient responses Average transient responses
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\ Participant
0.4 Standard deviation 0.2
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-0.1
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Figure 3.2: Transient responses per event-type for modulated Gold codes

Looking at these transients, we can notice some interesting things. Firstly,
the simple event-type assumes the brain response is linear, meaning that
flashes of more than 1 bit long are modelled as two pulses shortly after
each other, doubling the amplitude. Looking at the responses found by the
duration event-type, we can see this is not appropriate. The peak of the
response for the long event is shifted a bit to the right, but is not doubled
in amplitude. Using the response found by the simple event, we can shift
it to the right by one bit and add this to the original response to find the
response the simple event-type estimates for long flashes.

We can do something similar with the contrast event-type. The rise
response, added to the fall response that’s been shifted by n bits, should be
equal to the response found for flashes of duration n. We can verify how well
this event-type models the brain response by comparing these responses.
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Figure 3.3: These three figures show how closely the simple and contrast
event-types can model the duration response.

Figure shows the transient response the simple event-type finds
for long flashes and the transient response the duration event-type finds
for long flashes. It is clear that the simple event-type does not have an
accurate response for these flashes, which explains why the simple event-
type is outperformed by both contrast and duration. We can conclude that
assuming linearity of the brain response is not appropriate for modelling
these events.

Figure [3.3b| shows the contrast event-type estimating the duration re-
sponse to a short flash and figure shows the estimation for a long flash.
These are very close to the transient response found by the duration event-
type, meaning the contrast event-type explains the brain response about as
well as the duration event-type does, further validating the conclusion that
taking nonlinearity into account gives better modelled responses.

Finally, these are the spatial filters found for each event-type.
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Figure 3.4: Spatial filters per event-type for modulated Gold codes

As expected, there is little difference between these spatial filters. Since
visual activity is processed in the occipital lobe, the channels around this
area are expected to be the most interesting regarding the response to visual
stimulation. As expected, the difference between the event-types is in the
transient responses and not the spatial filter.
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3.2 Random stimulation

This section is about the results found for the random stimulation data sets.

Random stimulation Random stimulation
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Figure 3.5: Classification accuracy and explained variances per event-type
for random stimulation codes

3.2.1 Classification accuracy

In terms of classification accuracy, there is no significant difference found
between any of the three event-types. The difference between contrast and
duration is not significant with a Wilcoxon rank test (means of 72.1 and
89.9, p = 0.282, Bonferroni corrected). With a mean of 56.5, the difference
between contrast and simple is not significant with a Wilcoxon rank test
(p = 0.339, Bonferroni corrected). Finally the difference between duration
and simple is not significant with a Wilcoxon rank test (p = 0.06, Bonferroni
corrected). This means there is no optimal event-type found in terms of
classification accuracy.

3.2.2 Explained variances

In terms of auto explained variance, the difference between all three event-
types is significant. Duration with a mean of 0.146 significantly outperforms
contrast with a mean of 0.114 (paired t-test p = 0.006, Bonferroni corrected).
Contrast outperforms simple with a mean of 0.096 (paired t-test p = 0.036,
Bonferroni corrected). Duration also outperforms contrast (paired t-test
p = 0.003, Bonferroni corrected). In terms of auto explained variance for
random stimulation, duration is the optimal choice of event-type.

In terms of cross explained variance, there is no significant difference
found between any of the three event-types. The difference between con-
trast and duration is not significant with a paired t-test (means of 0.029 and
0.013 respectively, p = 1, Bonferroni corrected). With a mean of 0.049, the
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difference between contrast and simple is not significant with a paired t-test
(p = 0.891, Bonferroni corrected). Finally the difference between duration
and simple is not significant with a paired t-test (p = 0.492, Bonferroni cor-
rected). This means there is no optimal event-type found in terms of cross
explained variance.

This means that for random stimulation codes, duration is somewhat
preferred out of these three, as its auto explained variance is significantly
better than the other two. Although the difference is not significant, it also
has the best means in terms of classification accuracy and cross explained
variance. This is an indication that with more participants, the duration
event-type might be found to be preferred on those two measures as well.

3.2.3 Transient responses

These are the average transient responses found for each event-type. They
were found by taking the average of all participant responses.
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Figure 3.6: Transient responses per event-type for random stimulation. Note
that for the duration event-type it was impractical to include the response

for each participant in the figure. Instead, these figures are included in the
appendix.
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The first thing to note is the duration event-type, which looks very dif-
ferent from the duration event-type for modulated Gold codes, since it has
nine additional events. The amplitude becomes lower for each longer event
after 3, presumably because each longer event is rarer and therefore has less
data to be modelled on, resulting in a less optimal fit.
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Figure 3.7: Average transient responses for the duration event-type, flashes
of length 1, 7 and 11. Note how the response becomes less pronounced for
longer events, since there is less data for them.

Next, like with the modulated Gold codes, it is possible to use the simple
and contrast event-types to estimate the duration responses.
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Figure 3.8: These three figures show how closely the simple and contrast
event-types can estimate the duration response.

Figure [3.8c| reveals an advantage the contrast event-type has over the
duration event-type that is not visible when only looking at the performance
scores, namely that it is the more practical of the two. The contrast event-
type always consists of two events: rise and fall. But the duration event-type
may have more events, as can be seen with the random stimulation codes.
Contrast requires less data since it has fewer events it needs to fit. For flashes
of length 11, although the duration event-type struggles to find a good fit,
the contrast event-type can be used to produce a reasonable response. The
reverse is also true: since contrast has less events, it is likely to fit its events
better as it has more data per event.

Another advantage of the contrast event-type is that while duration
needs the same flash lengths to occur in the training and validation set,

21



contrast does not. Since the duration event-type learns the responses to
unique flash lengths, if an event occurs in the validation set that did not oc-
cur in the training set, it does not have a fitted response for this event. The
contrast event-type does not have this limitation, as any flash that occurs
will have a rise at the start and a fall at the end. This makes contrast the
more flexible of the two, as it can be used even if the training and validation
set contain different events.

Finally, since longer events are rarer in random stimulation codes, we can
ask ourselves how useful it is to take these long flashes into consideration.
Finding a transient response for these rare events adds to the computing
time, and an excessively long computing time is no good for real-world BCI
systems. To investigate the information gained by including each additional
event, I plotted the classification accuracy and explained variances against
the number of events included. This gave the following results:
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Figure 3.9: Classification accuracy and explained variances plotted against
the number of events included.

Including events past 4 does not significantly improve performance any-
more. The main reason for this is that in random stimulation codes, short
flashes are much more common than long ones. Because they occur less, less
information is gained by including them. Another reason is that because of
their relative rarity, there is less data available for these longer flashes and
it is harder to estimate the transient response well. This further reduces the
information gained by including these events.

With this in mind, when using the duration event-type for random stim-
ulation codes in a situation where reducing computing time is of interest, it
is sufficient to only include flashes of length 1, 2, 3 and 4 when generating
templates. Note that this is only true for random stimulation codes since
longer events are rarer and it may not be true when these events occur more.

As mentioned before in the methods section, because it is unknown for
this data set which channel corresponds to which channel on the EEG cap,
I was unable to obtain the correct spatial filters and they are not included
in this thesis.
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Chapter 4

Discussion

In the previous section, it was found that the contrast event-type gives the
best results for modulated Gold codes and that the duration event-type gives
the best results for random stimulation codes in terms of auto explained
variance. In this section, I will talk about the limitations of this research
and discuss my findings in relation to existing literature. I will come back to
my hypothesis and conclude with a recommendation of things to look into
in future works.

4.1 Limitations

The main limiting factor of this thesis is the small sample size (n = 8) for the
random stimulation data set. This makes it difficult to come to meaningful
conclusions on this data set. Although this thesis provides an indication
that the duration event-type might gives the best results on all three scores,
it is only statistically significant for the auto explained variance. Further
research with a larger sample size would be needed to validate these findings.

4.2 Code families and future work

For various reasons, it is impossible to conclude from my analysis whether
one code family is better than the other. This is because the difference be-
tween these two data sets is too big. Differences include the aforementioned
channel layout, preprocessing and sampling rate, but also the number of
participants, the participants themselves, the recording hardware, the trial
length and the laboratory conditions. Ideally the same participants would
perform the same task, just with a different code family.

Although it is not possible to conclude from this thesis whether mod-

ulated Gold codes or random stimulation codes are better, we can look at
the existing literature to see which code families are commonly used in noise
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tagging BCI and how they compare.

Although m-sequences are most commonly used, there is no definite
optimal choice of code family for BCI applications. Numerous less common
code families have been used in research, including modulated Gold codes
([12], [13]), Almost Perfect Autocorrelation sequences ([15]) and random
stimulation codes ([8], [9]). Isaksen et al. (2016) [5] suggests a true optimal
code family may not exist, rather the best code is subject-dependent.

Torres and Daly (2021) [14] compared several analysis methods on six
different code families, namely Almost Perfect Autocorrelation sequences,
deBruijn sequences, Golay sequences, m-sequences, Gold codes and Kasami
sequences. They found promising results for Almost Perfect Autocorrela-
tion, deBruijn and Golay sequences, while m-sequences, Gold codes and
Kasami sequences performed poorly in comparison. M-sequences did gen-
erally perform better than Gold codes. Based on their findings, in future
work it would be worthwhile to investigate Almost Perfect Autocorrelation,
deBruijn and Golay sequences as I investigated modulated Gold codes and
random stimulation codes. In any case, it would be good for future work to
move from m-sequences to one of these three promising code families.

4.3 Hypothesis

In my hypothesis, I stated the contrast and duration event-types would likely
outperform the simple event-type, since they take into account nonlinearity
while the simple event-type does not. This was found to be true for the
modulated Gold code data set, but cannot be confirmed for the random
stimulation code data set due to its small sample size. There is however
indication this may be true for this code family as well.

This is also confirmed by looking at the transient responses. Contrast can
be used to estimate the duration events well, while the simple event-type
assumes linearity of the brain response and cannot estimate the duration
event well.

I also expected random stimulation to have a lower accuracy overall
for the duration event-type than modulated Gold codes, since Yasinzai et
al. [16] found long flashes are not predicted with good accuracy. Because
of the differences between the data sets, it is not appropriate to compare
accuracies against each other. Although it was found the longer events
added less relevant information to the template, it is likely this is because
the longer events also occur less in random stimulation codes.
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Chapter 5

Conclusion

In conclusion, I have shown that event-types that take nonlinearity into
account explain the brain response better and give better performance than
event-types that assume linearity. I have also provided an indication that the
optimal event-type may differ per code family (contrast for modulated Gold
codes and duration for random stimulation codes), which future research
may wish to look into.

Furthermore, I have demonstrated that the contrast event-type requires
less data to find a good fit while still being able to sufficiently model the
response to long flashes, making it more practical than the duration event-
type for codes that contain flashes of length 3 or more.

For this reason and because of its good performance in terms of classi-
fication accuracy and explained variances, it is the recommendation of this
thesis that future research considers the use of the contrast event-type when
designing cVEP BCI.
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Appendix A

Full results

This appendix contains the average transient response by event for each
event-type and data set combination. Please note that the simple event-
type has been excluded, since it only has one event which has already been
shown entirely in the results section.

A.1 Contrast event-type
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Figure A.1: Average transient responses per event for the contrast event-
type with modulated Gold codes
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Random stimulation Random stimulation
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Figure A.2: Average transient responses per event for the contrast event-
type with random stimulation codes

A.2 Duration event-type
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Figure A.3: Average transient responses per event for the duration event-
type with modulated Gold codes
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Figure A.4: Average transient responses per event for the duration event-
type with random stimulation codes
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Appendix B

Alternate preprocessing
method

This section contains the full results for the alternate preprocessing method
for the modulated Gold codes data set.

Modulated Gold (alternate) Modulated Gold (alternate)
Classification accuracy per event-type Explained variances per event-type
. Auto
mmm Cross

Classification accuracy (%)

Contrast Duration Simple Contrast Duration Simple
Event-type Event-type
(a) Classification accuracy (b) Auto and cross explained variance

Figure B.1: Classification accuracy and explained variances per event-type
for the alternate preprocessing method for modulated Gold codes

For the classification accuracy, the Wilcoxon rank test is used. Results
are Bonferroni corrected. Here there is no statistical difference between
contrast and duration (p = 0.696,n = 30). Their means are 63.7 and 58.6,
respectively. Contrast significantly outperforms simple (p < 0.001), as does
duration (p = 0.009). Simple has a mean of 34.7.

For the explained variances, paired t-tests are used. Results are Bonfer-
roni corrected. For cross explained variance, contrast and duration again
outperform simple. There is no significant difference between contrast and
duration (p = 0.78). Their means are 0.031 and 0.029, respectively. Contrast
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significantly outperforms simple (p < 0.001), as does duration (p = 0.009).
Simple has a mean of 0.064.

For auto explained variance, contrast significantly outperforms duration
(p = 0.003). Their means are 0.087 and 0.078, respectively. There is no
significant difference between contrast and simple (p = 1) or duration and
simple (p = 1).

All in all, as contrast significantly outperforms duration in terms of auto
explained variance while they are not significantly different on the other two
scores, contrast is the preferred event-type. Duration is also a decent choice.
Simple is significantly worse than the other two in terms of classification ac-
curacy and cross explained variance, so it is not recommended.

These findings are the same as for the authors’ original preprocessing
method.

Since the scores for this preprocessing method are generally worse than for
the authors’ original method, it is likely the signal-to-noise ratio is worse
for this method. I will not show the average transient responses or spatial
filters for this method, as they will be less informative than the ones shown
in the Results section.
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