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In this study, the information bottleneck method is proposed as an optimisation method
for steady-state visual evoked potential (SSVEP)-based brain-computer interface (BCI).
The information bottleneck is an information-theoretic optimisation method for solving
problems with a trade-off between preserving meaningful information and compression.
Its main practical application in machine learning is in representation learning or feature
extraction. In this study, we use the information bottleneck to find optimal classification
rule for a BCI. This is a novel application for the information bottleneck. This approach
is particularly suitable for BCls since the information bottleneck optimises the amount
of information transferred by the BCI. Steady-state visual evoked potential-based BCls
often classify targets using very simple rules like choosing the class corresponding
to the largest feature value. We call this classifier the arg max classifier. It is unlikely
that this approach is optimal, and in this study, we propose a classification method
specifically designed to optimise the performance measure of BCls. This approach gives
an advantage over standard machine learning methods, which aim to optimise different
measures. The performance of the proposed algorithm is tested on two publicly available
datasets in offline experiments. We use the standard power spectral density analysis
(PSDA) and canonical correlation analysis (CCA) feature extraction methods on one
dataset and show that the current approach outperforms most of the related studies
on this dataset. On the second dataset, we use the task-related component analysis
(TRCA) method and demonstrate that the proposed method outperforms the standard
arg max classification rule in terms of information transfer rate when using a small number
of classes. To our knowledge, this is the first time the information bottleneck is used in
the context of SSVEP-based BCls. The approach is unique in the sense that optimisation
is done over the space of classification functions. It potentially improves the performance
of BCls and makes it easier to calibrate the system for different subjects.

Keywords: brain-computer interface, steady-state visual evoked potential, information bottleneck, mutual
information, optimisation

1. INTRODUCTION

Brain-computer interface (BCI) is a nonmuscular communication channel that can be used, for
example, by people with severe motor disabilities to control a computer or another external
device. Steady-state visual evoked potential (SSVEP)-based BClIs, in particular, have received much
attention over the past few decades due to their ease of use and high information transfer rate
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(ITR) (Vialatte et al., 2010; Gao et al., 2014). However, the
performance in terms of ITR is still considered a key obstacle
to real-life applications (Nakanishi et al., 2014, 2018; Chen
et al., 2015b). In this study, a method for finding an optimal
classification rule for SSVEP-based BCIs is proposed. This
method potentially improves the performance of BCIs and makes
it easier to calibrate the system for different subjects.

The classification of targets in an SSVEP-based BCI is often
done using very simple rules (Cheng et al., 2002; Friman et al.,
2007; Lin et al., 2007; Zhang et al., 2014a; Nakanishi et al., 2018;
Zerafa et al., 2018; Lee and Choi, 2021), such as checking whether
extracted feature exceeds a certain threshold or choosing the
target corresponding to the maximum feature value. In this study,
we propose using the information bottleneck method (Tishby
et al,, 1999) to find optimal classification rule automatically.
We will also compare the original information bottleneck
with the more recently introduced deterministic information
bottleneck (Strouse and Schwab, 2017). To our knowledge, the
information bottleneck has not been used in the context of
SSVEP-based BClIs before.

The information bottleneck introduced by Tishby et al.
(1999), is an information-theoretic method for solving a specific
optimisation task. In this task, two random variables are
considered. The goal is to find a third random variable that
is a compressed version of the first variable but still has
much information about the second variable. The method
aims to find the best trade-off between compressing the
representation and preserving meaningful information. The
information bottleneck provides a rich framework for discussing
problems in signal processing and learning (Tishby et al.,
1999), with applications in representation learning or feature
extraction in machine learning (Bengio et al., 2013; Shwartz-Ziv
and Tishby, 2017; Mukherjee, 2019; Goldfeld and Polyanskiy,
2020; Zaidi et al., 2020). In this study, however, we do not
apply the information bottleneck for feature extraction. We
use the information bottleneck to find an optimal classification
rule. In a broad sense, instead of compressing data into
features, we compress features into a classification rule. To our
knowledge, the information bottleneck has not been used this
way before and, thus, we introduced a new application for the
information bottleneck. This approach is particularly suitable
for BCIs since the performance measure is related to mutual
information (Thompson et al., 2014; Ingel et al., 2018), which is
exactly what the information bottleneck maximises.

There are various feature extraction methods available for
SSVEP-based BCIs, while classification methods have received
less attention. Cheng et al. (2002) introduced the power spectral
density analysis (PSDA) method, which extracts features using
fast Fourier transform (FFT). Zhang et al. (2010) use the
continuous wavelet transform instead of FFT. These methods
extract features separately for different channels. Spatial filtering
methods allow extracting information from multiple channels;
two such methods were introduced by Friman et al. (2007). Lin
et al. (2007) introduced the widely used canonical correlation
analysis (CCA) method, which also extracts features from
multiple channels. The CCA method was later improved by
optimising reference signals by Zhang et al. (2011, 2014b). The

likelihood ratio test method introduced by Zhang et al. (2014a)
achieved slightly better performance than the standard CCA.
Nakanishi et al. (2018) introduced the task-related component
analysis (TRCA) method to SSVEP-based BCls, outperforming
other existing methods. Lee and Choi (2021) proposed an
improved strategy for decoding SSVEPs to overcome some
limitations of the TRCA method. Zerafa et al. (2018) give an
overview of available methods and compare methods that require
training with those that do not. Thus, much research has been
done in the context of feature extraction methods, and methods
specifically for SSVEP-based BCIs have been introduced.

Classification rules for SSVEP-based BCIs have received
less attention. Often classification is done using simple rules
including predicting the class corresponding to maximum feature
value; we will call this classification rule the arg max classifier.
In some studies, standard machine learning methods have been
applied for classification. Carvalho et al. (2015) compare linear
discriminant analysis (LDA), support vector machine (SVM),
and extreme learning machine as classification rules. They obtain
the best results with LDA. SVM was also used by Zhang et al.
(2010), Anindya et al. (2016), Jukiewicz and Cysewska-Sobusiak
(2015), Velchev et al. (2016), while LDA was used by Yehia
et al. (2015). Oikonomou et al. (2017) used multiple linear
regression under the sparse Bayesian learning framework and
showed that their approach outperforms SVM when a small
number of channels are used. Du et al. (2020) use a convolutional
neural network and show that in terms of accuracy, their
approach outperforms some CCA based methods and a previous
neural-network-based classifier. Ingel et al. (2018) introduce a
classifier specific to BCIs and show that it outperforms a random
forest classifier.

A drawback of using standard machine learning methods as
a BCI classifier is that these methods are not optimising ITR,
which is the primary performance measure for BCIs (Wolpaw
et al., 1998; Mowla et al., 2018), but often these methods aim
to optimise accuracy. If the classifier is allowed to leave samples
unclassified, optimising only the accuracy can lead to unwanted
results, such as a very slow but accurate BCI. Allowing the
classifier to leave samples unclassified is beneficial because then
the classifier can avoid making errors when it is not confident
enough in the prediction (Ingel et al., 2018). Using classifiers that
optimise mutual information instead of accuracy, as in this study,
has benefits also in other contexts (Hu, 2014).

There is a relationship between accuracy and ITR, but if the
assumptions of ITR (Wolpaw et al., 1998) are not met, which is
often the case in practice (Yuan et al., 2013; Thompson et al.,
2014), then ITR can give incorrect estimate of the amount of
information transferred by the system (Ingel et al., 2018). How
good the estimate is, depends on how seriously the assumptions
are violated. For these reasons and following suggestions by
Thompson et al. (2014), we use mutual information to estimate
the amount of information transferred by the system. The
standard ITR is a special case of the mutual-information-based
performance measure (Ingel et al., 2018, Appendix E) under the
assumptions of ITR (Wolpaw et al., 1998; Thompson et al., 2014).

In this study, we propose a classification method specifically
designed for BClIs. It provides more flexibility than the arg max
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classifier, and unlike standard machine learning methods, it is
designed to maximise the amount of information transferred by
the BCI. The proposed method uses training on subject-specific
data. As shown from the development of feature extraction
methods, switching from methods that do not require training
to methods that use subject-specific training has improved the
performance, refer to review by Zerafa et al. (2018). This study
is shown as a step toward similar advancement in classification
rules for BClIs.

We evaluate the performance of the proposed method on two
publicly available datasets (Bakardjian et al., 2010; Wang et al.,
2017). The dataset by Bakardjian et al. (2010) is a smaller dataset
containing data for four subjects and three target frequencies.
This dataset has been used in several works. From these works,
Ingel et al. (2018) report the highest average ITR of 35 bits/min
averaged over subjects and ITR of 62 bits/min for Subject 1
while using PSDA and CCA feature extraction and classification
rule specifically designed for BCIs. The argmax classifier is
used by Demir et al. (2016) (bio-inspired filter banks feature
extraction, ITR up to 12 bits/min), Demir et al. (2019) (bio-
inspired filter banks feature extraction, classification also uses
logistic regression, ITR up to 22.29 bits/min), Karnati et al. (2014)
(feature extraction based on fit sine curve amplitudes, accuracies
0f 0.83-0.92 with window length 0.5 while using two trials of two
subjects), Jukiewicz et al. (2018) (CCA feature extraction with
blind source separation, ITR up to 18.26 bits/min), Jukiewicz
et al. (2019) (modification of CCA feature extraction using
genetic algorithms, accuracies around 0.55-0.83 with 1-s window
length while using two classes). A threshold-based classifier is
used by Saidi et al. (2017); they introduced feature extraction and
classification method based on Ramanujan periodicity transform
and reported an accuracy of 0.79 with a time window of
1.125 s while using two classes. Standard machine learning
methods are used by Velchev et al. (2016) (multiple signal
classification feature extraction, SVM classifier, average ITR of
17 bits/min), Jukiewicz and Cysewska-Sobusiak (2015) (PSDA
feature extraction, bilinear separation classifier, average ITR of
about 10 bits/min), Yehia et al. (2015) (PSDA feature extraction
with principal component analysis, LDA classifier, accuracy
averaged over subjects and different time windows of 89.5%),
Anindya et al. (2016) (PSDA feature extraction, SVM classifier).
Thus, most of the works report ITR up to 22 bits/min, while
Ingel et al. (2018) achieve an average ITR of 35 bits/min with
classification rule specifically designed for BCls.

The dataset by Wang et al. (2017) is a larger dataset containing
data for 35 subjects and 40 target frequencies. Since this dataset
has more classes than the dataset by Bakardjian et al. (2010), the
achieved ITR is also considerably larger. For example, this dataset
has been used by Zhang et al. (2018b), Zhang et al. (2018a), Jiang
etal. (2018), Nakanishi et al. (2018), Wong et al. (2020), and they
report average I'TRs up to 230 bits/min.

Ingel et al. (2018) proposed an algorithm for finding optimal
rule from a fixed set of threshold-based classification rules. In
particular, they use a threshold-based classification rule which
has a threshold for each feature. A sample is classified into
a class in their approach if the feature value is above the
threshold for this class, and for all the other classes, the feature

value is below their corresponding thresholds. If this condition
is not met, the sample is left unclassified. They optimise the
thresholds by representing ITR as a function of thresholds.
Thus choosing the classification rule is reduced to optimising
a multivariable function that calculates ITR on the training
data given the classification thresholds. This approach seems to
outperform other results on the same dataset in terms of ITR,
probably because the algorithm directly maximises ITR. We use
a similar approach in this study, but we do not have to restrict
the approach to threshold-based classifiers thanks to using the
information bottleneck. Thus, the set of considered classifiers is
much more diverse. Furthermore, Ingel et al. (2018) assume that
a larger feature value means that the corresponding class is more
likely the correct class. This assumption is not needed in the
current approach.

2. METHODS

2.1. Datasets

2.1.1. Dataset 1

The dataset by Bakardjian et al. (2010) contains EEG recordings
of four healthy subjects with normal or corrected-to-normal
vision. All subjects were naive to the SSVEP-based BCI. There
are three targets with frequencies 8, 14, and 28 Hz. The visual
stimuli were displayed on a 21”7 CRT computer monitor with a
170 Hz refresh rate, placed approximately 90 cm away from the
eyes of the subject. SSVEP stimulation was achieved using small
reversing black and white checkerboards with 6 x 6 checks. For
each subject, there are five trials for each target frequency. Each
trial consists of 25 s of EEG data, and the first 5 s and last 5 s are
without visual stimulation. Dataset was recorded using BIOSEMI
EEG (Biosemi Inc., Amsterdam) system with 128 channels and
2,048 Hz sampling rate and downsampled to 256 Hz.

2.1.2. Dataset 2

The dataset by Wang et al. (2017) contains EEG recordings of
35 healthy subjects with normal or corrected-to-normal vision.
Eight of the subjects had previous experience of using their
SSVEP speller. The remaining 27 subjects were naive to the
SSVEP-based BCI. There are 40 targets, and frequencies range
from 8 to 15.8 Hz with an interval of 0.2 Hz. The visual stimuli
were presented on a 23.6” LCD monitor with a 1920 x 1080
resolution at 60 Hz. The monitor was placed approximately
70 cm away from the subject. SSVEP stimulation was achieved
using white squares on black background. Each square had a
letter, digit, or some other symbol on it. For each subject, there
are six trials for each target frequency. Each trial consists of
6 s of EEG data; the first 0.5 s and the last 0.5 s is without
the visual stimulation. Dataset was recorded using Synamps2
EEG system (Neuroscan, Inc.) with 64 channels and 1,000 Hz
sampling frequency and downsampled to 250 Hz. Refer to Wang
et al. (2017) for more details.

2.2. Feature Extraction

2.2.1. Feature Extraction Method for Dataset 1

For feature extraction on Dataset 1, we mainly follow the
approach used by Ingel et al. (2018) as they report the highest
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average I'TR on this dataset. The only difference from Ingel et al.
(2018) is that we have an additional pre-processing step. In
particular, we subtract the Cz channel signal from the Ol and
02 channels as the first step. The rest of the feature extraction
is identical to Ingel et al. (2018). In particular, we use channels
O1 and O2 from the dataset, and we use PSDA (Cheng et al,,
2002) and CCA (Lin et al., 2007) feature extraction methods. For
each trial, the first and last 5 s are discarded because there was no
visual stimulation. A sliding window with a window length of 1
s is used on the remaining data, and features are extracted after
every 0.125 s time step. In the PSDA method, the powers of the
first three harmonics and their sum were used as features. In the
CCA method, the set of reference signals consisted of standard
cosine and sine reference signals for the first three harmonics
of the target frequency. Multiple features were combined using
an LDA dimensionality reduction. The final features were the
distances to LDA decision borders. Refer to Ingel et al. (2018) for
more details.

2.2.2. Feature Extraction Method for Dataset 2

For feature extraction on Dataset 2, we follow the approach by
Nakanishi et al. (2018) and use the implementation available
at a Github repository!. In particular, we use data of channels
Pz, PO5, PO3, POz, PO4, PO6, O1, Oz, and O2 from the
dataset. The first and last 0.5 s of each trial is discarded since
there was no visual stimulation. The first 0.134 s of data were
discarded from the remaining data since this approximately
corresponds to latency delay in the visual pathway. We apply
filter bank analysis (Chen et al, 2015a) on the remaining
data to decompose EEG data to sub-band components. Then
TRCA (Tanaka et al., 2013) is applied, which results in feature
values used in classification. Refer to Nakanishi et al. (2018) for
more details.

The only difference from Nakanishi et al. (2018) is that we
use a sliding window with a window length of 0.5 s in feature
extraction and extract features after every 0.125 s time step,
similarly as we did for Dataset 1. In this study, we retrain
TRCA for every time step. Using a sliding window is required
because the proposed algorithm uses feature values as training
data, and a single prediction on each trial does not give enough
training samples.

2.3. Information-Theoretic Quantities

This section gives the definitions of basic information-theoretic
quantities needed to introduce the performance measure and the
information bottleneck. Let Y denote a random variable with a

finite number of possible values yj, ..., y,. Then entropy of Y is
defined as

H(Y) = =) P(Y = y;)log,(P(Y = ;) (1)

i=1

where 0log, 0 is defined to be equal to 0 and P is a probability
measure. Let Z denote another random variable with a finite

Uhttps:// github.com/mnakanishi/TRCA-SSVEP (accessed November 8, 2020).

number of possible values. The conditional entropy of Y given
Z is defined as

H(Y | Z2) = H(Y,Z) — H(Z) 2

where H(Y, Z) is the entropy of the random vector (Y, Z). Finally,
we define mutual information between Y and Z as

I(Y;Z)=H(Y)—H(Y | 2). (3)

In the following, if Y is a random variable and i is its possible
value, then, we denote the event that the value of Y is i as Y;.

2.4. Information Transfer Rate

A commonly used performance measure for SSVEP-based BCls
is ITR (Wolpaw et al., 1998; Mowla et al., 2018). The number of
targets is denoted by N and the accuracy of the BCI is denoted by
a. ITR for a single prediction is defined as given in Equation (4):

1_
ITRs = log, N + alog, a + (1 — a) log, (N _i) . @

This formula is a special case of mutual information between
the true target and the predicted target, obtained by assuming
that the channel is doubly symmetric (Wolpaw et al., 1998;
da Silva Costa et al., 2020). Since the proposed approach does not
take into account this assumption and often this assumption is
not met in practice (Yuan et al., 2013; Thompson et al., 2014), we
use mutual information between the predicted class and correct
class as the performance measure as suggested by Thompson et al.
(2014).

In more detail, the set of classes is denoted as {1,2,3,...,N}.
The random variables modelling the predicted class and the true
class are denoted as P and C, respectively. The events of the
predicted class being i and the true class being j are denoted as
P; and Cj, respectively. Then, I(P; C), as defined in (3), shows the
amount of information transferred with a single prediction.

To calculate mean detection time (MDT), we follow the
approach of Ingel et al. (2018). In particular, we estimate MDT
as follows:

1
MDT=w+ | —F——<—1] s (5)

P (Ufil Pi)

where w is the window length and s is the time step between
consecutive feature extractions. In this formula, s is multiplied by
the expected number of failed classifications before a successful
one. Mean detection time is estimated this way due to the
overlapping sliding window used in feature extraction.

To get a more accurate estimate of MDT, we would have
to include gaze shifting time to MDT, which is considered
to be about 0.5 s (Chen et al., 2015b; Nakanishi et al., 2018;
Liang et al.,, 2020). We add this constant for experiments on
Dataset 2 but not for experiments on Dataset 1 to have a
straightforward comparison to previous results on these datasets.
All the probabilities in the previous two formulas are estimated
from the confusion matrix of the classifier.
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Finally, the performance measure we use is defined as
the following:
60

TRy = I(P; C)—— 6
mi = 1(P; C) - (6)

and we also report the standard performance measure defined as

60
ITR = ITRy——. (7)
MDT

Both of these are in units of bits per minute.

2.5. Discretising Feature Values
Since the information bottleneck algorithm we use requires
discrete random variables, we discretise random variables which
model the feature values. We explore two different methods for
discretising. The first method we consider for discretising the
features is simply binning the values. We calculate bins separately
for each feature. The random variable modelling unbinned
feature value for class 7 is denoted as F; and binned feature value is
denoted as B;. The relationship between F; and B; is that if [, ) is
one of the bins, then F; € [I, h) happens if and only if B; = [I, h).
After feature extraction on the training dataset, we obtain a
collection of realisations of F; given C; for all 4, j. For each i, we
find the smallest and largest value of F; and take these as the start
of the first bin and end of the last bin, respectively. The number
of bins is calculated using different estimators for Dataset 1 and
Dataset 2 since Dataset 1 has more samples for each subject. For
Dataset 1, we use Freedman Diaconis estimator (Freedman and
Diaconis, 1981), which is defined as

IQR
where n is the number of training samples and IQR is

the interquartile range. For Dataset 2, we use Sturges
estimator (Sturges, 1926), which is defined as

(8)

[log, n] + 1, 9)

where 7 is again the number of training samples and [-] denotes
the ceiling function.

We calculate the number of bins for conditional distributions
of F; given C;j for each class j and take the mean of these, rounded
to the nearest integer, as the number of bins for feature F;. Then
binning feature values to the bins gives a histogram that estimates
the probabilities P(B; = b; | Cy) for all i, k, and bin b;.

The second method, we consider, for discretising the
features is fitting skew-normal distribution to the conditional
distributions of F; given C; for all i,j and calculating the
probability from cumulative distribution function, similarly to
Ingel et al. (2018). We still calculate the bin edges the same way as
in the previous method, but now the probabilities are calculated
for a given bin [/, h) by using Equation (10):

P(B; = [ h) | C) = Frc (h) — Fryc, (D) (10)

where Fpc, is the cumulative distribution function of
conditional distribution of F; given Cy.

2.6. Input to the Information Bottleneck

To use the information bottleneck, we need a single random
variable combining all the feature values. Thus, let X denote
a random variable defined as X = (By,B>,...,By), where
B1, B, ..., By denote the binned feature values as in section 2.5.
For any class k, we assume that the random variables
By, By, ..., By are conditionally independent, conditioned on C.
Similar assumption was made by Ingel et al. (2018) for features.
This assumption allows us to use the formula

N
P(X = (b1, bz,...,bN) | C) = l_[P(Bi =bi|G) (1)

i=1

to calculate input distribution for the information bottleneck.
Probabilities on the right hand side are estimated from the
histogram or with the skew-normal distribution as discussed in
the section 2.5. As before, we denote the event that X = k for
suitable value of k as X.

2.7. Information Bottleneck

This section describes the information bottleneck (Tishby et al.,
1999) and the deterministic information bottleneck (Strouse
and Schwab, 2017). We continue using the notation defined in
previous sections. In particular, we use random variables C and P
for true class and predicted class as in section 2.4, and we use X
as the vector of bins as in section 2.6.

The information bottleneck introduced by Tishby et al.
(1999) is an information-theoretic optimisation problem that,
given probabilities P(Xy, C;), finds a solution for the following
optimisation problem:

arg min[I(P; X) — BI(P; C)] (12)
where minimisation is over conditional distributions of P given
X, B is a non-negative parameter that we can choose, and
minimisation is done subject to Markov constraint C — X — P,
which means that

P(P; | Cj, Xy) = P(P; | Xi) (13)
for all possible values of i,j, k. Minimisation over conditional
distributions means that we are looking for values P(P; | Xj) for
all 7, k that minimise the objective function. In the optimisation
problem, we have the mutual information I(P; C), which we want
to maximise as this increases the performance measure (6). The
term I(P; X) characterises compression.

The deterministic information bottleneck introduced by
Strouse and Schwab (2017) is an optimisation problem
that differs from the original problem by using a different
objective function

argmin[H(P) — BI(P; C)]. (14)
Term H(P) characterises the representational cost of P.

The deterministic information bottleneck gets its name from
the fact that its solution is actually a function (Strouse and
Schwab, 2017), meaning that the conditional distribution always
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has all its probability mass on one value. Thus, it gives a function
from feature values to classes and hence can be used as a classifier
for the BCL

Strouse and Schwab (2017) actually introduced a more general
notion than deterministic information bottleneck. They used the
optimisation problem

argmin[H(P) — «H(P | X) — BI(P; C)]. (15)

The optimisation problem (15) is equivalent to original
information bottleneck if « = 1. Solution to the deterministic
information bottleneck is actually found as a limit of the solutions
for (15) in the process @ — 0. Values between 0 and 1
interpolate between the original information bottleneck and the
deterministic information bottleneck.

2.8. Classification Rules

First, the training process is discussed. The input probabilities
P(X), C;j) for all k,j are calculated as discussed in section 2.6.
Then, the information bottleneck method outputs the
probabilities P(P; | Xj) for all i, k. However, the information
bottleneck algorithm filters out some of the feature values
from the input distribution if their probability is close to zero.
Samples with these features are left unclassified in the algorithm.
Implementation of this algorithm can be found in a Github
repository?.

The first classifier (Classifier 1) is defined as follows. Recall that
the feature vector is a vector of bins, as discussed in section 2.6.
The input to the classifier is a feature vector k, and the classifier
outputs class i for which

PP | Xp) =1 (16)

if there exists such a class. If there is no such class, the sample
is left unclassified. Not classifying all the samples means that the
classifier can achieve higher accuracy at the expense of MDT.

An alternative classification rule that could be used is
argmax; P(P; | Xi). This rule is equivalent to (16) in the
case of deterministic information bottleneck but (16) can
leave more samples unclassified when using the original
information bottleneck.

Also, note that the values of P are chosen arbitrarily by the
information bottleneck algorithm, and thus, we have to find a
mapping from values of P to the true classes. We did this by
calculating accuracy for each possible mapping and chose the
mapping which gives the highest accuracy on the training set. The
flowchart of the algorithm is shown in Figure 1.

The idea behind the second classifier (Classifier 2) is that
instead of making the classification based on one point in the
feature space, the classifier also considers the neighbouring points
of the current sample. A prediction is made only if there are
enough points classified in the same way among the neighbouring
points. Otherwise, the algorithm is considered not confident
enough, and no prediction is made. Formally, the bin edges are

Zhttps://github.com/antiingel/information-bottleneck-BCI (accessed November
26, 2020).

Estimate P(B;|Ck)
by histogram or
by skew-normal

method

Calculate bins,
fixing possible |
values of B;
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Find bins Classify

Feature extraction

on EEG data corresponding ||

to features

sample using
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FIGURE 1 | Flowchart of the proposed method. Here P denotes the predicted
class, C denotes the correct class, B denotes the bin corresponding to the
feature value, and X denotes the vector of bins, as defined in sections 2.4-2.6.
The upper diagram shows the training process; the lower diagram shows the
testing or real-time use.

denoted as b’i,...,him for each feature i, and where m; — 1
is the number of bins for that feature. Assume that these bin
edges are in an increasing order and suppose the current sample
is corresponded to bins ([b}l,b}lH), s [b};’], bjl-l\\’]H)). Let n and
t denote non-negative integers corresponding to the number
of neighbouring points to consider and classification threshold,
respectively. Then, the algorithm counts the number of values of
Slr...>SN € {—n,—n+1,...,n — 1, n} for which the equation

P (P 1 X = (B4 Bl (B B 1) = 1
(17)
holds. The number of values of sj,...,sy is counted separately
for each i. If the number of values is larger than  for some i, then,
iis taken as the predicted class. Threshold ¢ is chosen high enough
so that only one class can satisfy the condition.

3. RESULTS

To test our approach, we use two publicly available datasets and
follow the feature extraction methods by Ingel et al. (2018) and
Nakanishi et al. (2018) (details in Methods Section). First, we
describe the initial experiments, which motivate the definition
of Classifier 2, and motivate the choice of parameters for the
following experiments. Then, we evaluate the performance of the
proposed classifier on Dataset 1 and Dataset 2.

3.1. Initial Experiments

The following analysis is done on Dataset 1. For solving the
information bottleneck problems discussed in section 2.7, we
used implementation by Strouse and Schwab (2019)3. We set the
maximum number of values for random variable P to 3 as this
matched the number of classes in this BCI and ran the algorithm
for different values of B. The standard approach to choosing g is
to plot H(P) and I(P; C), in the case & = 0, and plot I(P; X) and

Shttps://github.com/djstrouse/information-bottleneck (accessed August 9, 2020).
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TABLE 1 | Information-theoretic quantities for the results of the information bottleneck algorithm.

Subject «=0 o=t

I(P; C) H(P) H(P | X) I(P; C) 1(P; X) H(P | X)
1 0.947 + 0.000 1.580 + 0.000 0 0.977 +0.000 1.575 +0.006 0.004 + 0.005
2 0.851 + 0.020 1,551 +0.112 0 0.845 +0.027 1511 +0.127 0.020 +0.027
3 1.069 + 0.000 1.582 +0.000 0 1.069 + 0.000 1.575 4+ 0.008 0.007 + 0.008
4 0.287 +0.015 1.449 + 0.163 0 0.293 + 0.003 1.495 + 0.086 0.063 + 0.071

The algorithm was trained using all but the second trial of each subject in Dataset 1. Probabilities are estimated using the skew-normal distribution. Reported values are mean + SD over
B values 10, 20, 30, ... ., 150 and rounded to three decimal places. Features are the combination of the PSDA and the CCA features. Random variables P, C, and X are the predicted
class, the true class, and the feature values (more precisely, the vector of bins), respectively.

TABLE 2 | Information-theoretic quantities for the results of the information bottleneck algorithm using different features.

CCA+PSDA CCA PSDA

Subject

I(P; C) 1(X; C) I(P; C) 1(X; C) I(P; C) 1(X; C)

a=0 a=1 a=0 a=1 a=0 a=1

1 0.947 + 0.000 0.977 + 0.000 1.128 0.921 £ 0.000 0.921 £ 0.000 1.106 0.583 £ 0.000 0.582 + 0.001 0.760
2 0.851 £0.020 0.845 £ 0.027 0.989 0.869 + 0.022 0.864 + 0.026 0.982 0.637 + 0.001 0.636 + 0.002 0.760
3 1.069 + 0.000 1.069 + 0.000 1.187 1.052 £ 0.000 1.051 £ 0.000 1.178 0.762 £ 0.030 0.766 + 0.029 0.920
4 0.287 £0.015 0.293 + 0.003 0.418 0.327 £ 0.021 0.334 £+ 0.002 0.396 0.188 £0.017 0.196 + 0.003 0.272

The algorithm was trained using all but the second trial of each subject in Dataset 1. Probabilities are estimated using the skew-normal distribution. Reported values are mean + SD
over B values 10, 20, 30, ..., 150 and rounded to three decimal places. Random variables P, C, and X are the predicted class, the true class, and the feature values (more precisely,
the vector of bins), respectively. Bold values correspond to the highest average mutual information between the predicted class and the correct class for each subject.

I(P; C), in the case @ = 1, for different values of B and analyse
the plot (Strouse and Schwab, 2019).

In these experiments, we observed that the exact value of
B has a very small effect on the solution if it is chosen from
an appropriate range. For too small values of 8, the algorithm
often converges to two or even one value for the random

Predict class 1
Predict class 2
Predict class 3

on
variable P, which is undesirable since we want to discriminate “‘5’ 0
between three classes. For very large values of 8, the algorithm ki
runs into numerical problems. We calculated the information .
bottleneck for values of 8 in {10, 20,30, ...,150} and observed —-10
that the variability of the values of H(P), I(P; C), and I(P; X) 10 0 \
was very small. Results are given in Table 1. For the next F —10 —20 =10 ,b\\‘,‘e‘
experiments, we set § = 100 as having a larger weight Cature 5 <
on the term appearing in the performance measure (6) was o o 3 o
deemed beneficial. FIGURE 2 | Visualisation of classification results of Classifier 1. This figure
shows results for Subject 3 of Dataset 1. All trials but the first were used in
From Table 1, we also see that even if we are using the original training, and features were the combination of canonical correlation analysis
information bottleneck, that is @ = 1, we still get an almost (CCA) and power spectral density analysis (PSDA). The information bottleneck
deterministic solution in most of the cases since the conditional parameters were set to o = 1 and g = 100. Probabilities were estimated using

entropy H(P | X) is very close to zero. Similar results were the skew—normal d|str|but|orl1. Classification re.sults on tra'|n|ng dat.a d|V|d§ lthe
feature space into three regions based on which the testing data is classified.

obtained in case. we .used Only CCA features or Only PSDA Classes 1, 2, and 3 correspond to frequencies of 8, 14, and 28 Hz,
features. The main difference was that I(X; C) was smaller in respectively.
these cases (Refer to Table 2).

Visualising the classifications made by Classifier 1 on Dataset
1, we observed that if the data is less noisy, for example, for
Subject 3, the classifier divides the feature space clearly into three ~ 3-2. R€sUIts on Dataset 1
distinct clusters. This provided motivation for the definition of =~ We evaluated the classification rules introduced in section 2.8
Classifier 2. Refer to Figure 2 for visualisation. on Dataset 1 using 5-fold cross-validation. In each iteration, four
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refer to the methods of estimating probabilities as described in section 2.5.

FIGURE 3 | ITR (6) calculated on Dataset 1 for Classifier 2 with n € {1, 2,3, 4} and t values as in formula (18). The histogram method and the skew-normal method

trials were used as a training set, and the remaining trial was used
as a test set. In all the experiments, MDT is estimated from the
testing data.

For Classifier 2, there are multiple possible values for n and ¢.
We evaluated Classifier 2 with n € {1, 2, 3,4} and for values of ¢
satisfying the Equation (18):

@n+13/2 <t<@n+1)>. (18)
The lowest value of ¢t means that more than half of the
neighbouring points have to be classified the same way, and
the highest value of t means that all of the neighbouring points

have to be classified the same way. The results are visualised
in Figure3. This figure shows that there is, in most cases,
steady increase in ITR with respect to t until a peak value
of ITR and then a sudden drop. Thus, the best value of ¢
is most likely right before the sudden drop. The best results
for Classifier 2 are given in Table 3, where it is shown that it
outperforms Classifier 1. Table 4 shows the results for Classifier
2forn = 4 and t = 600. As shown, Classifier 2 has higher
average ITR compared with the best-performing methods from
the related studies.

We performed a paired ¢-test using the average ITR of each
subject to check if the differences are statistically significant.
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TABLE 3 | ITRs (6) of Classifier 1 and 2 resulting from 5-fold cross-validation.

Classifier 1 Classifier 2
Subject . .
Histogram Skew-normal Histogram Skew-normal

a=0 a=1 a=0 a=1 a=0 a=1 a=0 a=1
1 45.46 46.32 4519 45.47 64.67 64.64 65.70 66.13
2 32.20 34.68 32.66 36.70 51.70 50.02 52.48 51.82
3 53.54 54.14 53.14 54.56 69.35 68.76 69.91 69.60
4 11.03 13.74 11.60 13.95 21.20 22,72 20.68 20.16

For Classifier 2, these values are the highest ITRs (6) over n and t values. Note that in these results, MDT does not include gaze shift time, and it is estimated from the testing data. Bold

values correspond to the highest ITRs (6) of each subject for both classifiers.

TABLE 4 | Classifier 2 compared the related studies.

) Classifier 2 Ingel et al. (2018) Demir et al. (2019)
Subject R
ITRmi ITR Accuracy MDT No. pred. ITRmi ITR ITR
1 64.84 61.79 0.92 1.09 199 64.62 62.33 17.61
2 46.64 53.48 0.91 1.22 130 53.73 48.31 17.13
3 69.27 67.35 0.94 1.08 212 33.19 27.61 22.29
4 16.42 16.90 0.68 1.50 82 5.65 1.74 11.55
Avg 49.29 49.88 0.86 1.22 156 39.30 35.00 17.15

Heren =4,t =600, « =1, and B = 100. The reported values are means resulting from 5-fold cross-validation. Note that in these results, MDT does not include gaze shift time, and it
is estimated from testing data. Probabilities are estimated using the skew-normal distribution. No. pred. stands for the number of predictions. Similarly to Classifier 2, Demir et al. (2019)
and Ingel et al. (2018) allowed samples to be left unclassified. Bold values correspond to the highest ITR (7) of each subject.

The null hypothesis was that the ITR of Classifier 2 is less
than or equal to that of Demir et al. (2019), and the alternative
hypothesis was that Classifier 2 has higher ITR. We obtained
a p-value of p = 0.02 and a t-statistic of 3.51. Therefore,
under the assumption that the differences in ITR are normally
distributed, the better performance of Classifier 2 is statistically
significant. The same comparison between Classifier 2 and the
approach of Ingel et al. (2018) did not show statistical significance
(p = 0.097).

We also evaluated the classifier of Ingel et al. (2018) with
the added pre-processing step of subtracting Cz channel
from Ol and O2 channels, and we replaced their original
gradient descent algorithm with a more stable basin-
hopping algorithm (Wales and Doye, 1997). This improved
the performance of Subject 3 and Subject 4, giving ITRs
similar to the current approach. The obtained ITRs (7)
were 60.56, 50.57, 64.08, 21.82 for subjects 1, 2, 3, and 4,
respectively. Other related studies mentioned in the introduction
either did not report results separately for each subject so
that ITR can be obtained, or the reported performance was
considerably lower.

3.3. Results on Dataset 2

For the experiments on Dataset 2, we set information bottleneck
parameters to « = 1, B = 100, and we used the skew-normal
distribution method to estimate the required probabilities. We
used 6-fold cross-validation to evaluate the performance, each
fold corresponding to one trial.

We performed the experiments on subsets of available classes
since the exact information bottleneck has high computational
complexity in the number of classes. First, we tested the training
times of the algorithm in Python programming language on a
personal computer with Intel 15-6600 3.30 GHz processor and
8 GB of RAM. Training times for Classifier 2 for 1-fold of
the cross-validation were approximately 0.35 s, 7.5 s, 2 min,
and 33 min for 2, 3, 4, and 5 classes, respectively. These times
were obtained using data of first classes of Subject 1; refer to
next paragraph for the order of classes in the dataset. We also
evaluated the prediction times using the trained classifier. The
prediction times for a single prediction were 60 us, 100 ws, 1 ms,
75 ms for 2, 3, 4, and 5 classes, respectively. We compared the
performance to the arg max classifier, that is, the classifier that
predicts the class corresponding to the highest feature value; refer
to Nakanishi et al. (2018), for example. The arg max classifier does
not require training, and prediction time is around 6 ps for up to
5 classes.

The classes are ordered in the dataset as follows. The first
frequencies are from 8 Hz to 15 Hz with a 1 Hz interval. The
remaining frequencies are ordered analogically from 8.2 to 15.2,
from 8.4 to 15.4, from 8.6 to 15.6, and finally, from 8.8 to 15.8.
For simplicity, we refer to the classes according to their order
in the dataset. In the following experiments, we calculated the
performance measures using consecutive non-overlapping sets of
classes. In the case of three classes, we used classes 1, 2, 3, then
classes 4, 5, 6, and similarly up to 37, 38, 39, giving 13 different
sets of classes in total.
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TABLE 5 | Classifier 2 compared with the arg max classifier using three classes.

TABLE 6 | Classifier 2 compared with the arg max classifier using four classes.

Subject Classifier 2 arg max classifier Subject Classifier 2 arg max classifier
ITR,; ITR Acc MDT No.pred. ITR; ITR Acc ITR, ITR Acc MDT No.pred. ITR;, ITR Acc
1 90.2 894 0.990 1.02 58 87.2 842 0.970 1 113.1 1102 0978 1.02 78 108.8 104.1  0.961
2 922 922 0997 1.02 59 87.8 853 0974 2 1144 1116 0.981 1.01 80 110.8 106.7  0.969
3 90.5 88.7 0.983 1.01 61 86.1 835 0.970 3 1124 108.1 0.971 1.01 80 107.7 103.3 0.959
4 91.2 90.7 0.990 1.01 61 90.1 883 0.980 4 109.4 1055 0.957 1.02 79 1134 1111 0.975
5 928 929 0.992 1.01 63 93.5 928  0.995 5 1181 1172 0.994 1.01 84 1174 116.0 0.992
6 89.7 89.3 0992 1.03 55 83.8 80.7 0.963 6 111.8 1085 0976 1.02 74 105.1  99.9 0.952
7 889 881 0989 1.03 55 824 788  0.957 7 109.5 1042 0.963 1.02 75 103.3 975 0.944
8 84.6 838 0982 1.05 47 740 69.3 0.927 8 104.2 100.2 0.964 1.05 63 915 837 0.902
9 80.0 786 0970 1.07 44 65.6 60.5  0.891 9 98.8 954 0.956 1.07 58 815 733 0.858
10 86.0 850 0982 1.04 51 7565 709  0.929 10 106.0 102.4 0.965 1.04 68 949 87.3  0.909
11 725 69.5 0.948 1.11 37 542 486  0.839 11 89.1 825 0919 1.11 50 67.2 59.0 0.798
12 91.8 916 0.994 1.01 60 87.6 849  0.971 12 1142 1117 0981 1.01 81 110.8 106.5 0.966
13 87.7 86.9 0.987 1.03 53 823 783 0.953 13 108.7 1054 0.973 1.04 69 1025 959  0.937
14 91.8 914 0993 1.01 61 89.3 87.3 0.980 14 1144 1108 0.976 1.01 81 112.8 109.7 0.976
15 78.0 76.2 0964 1.09 4 649 59.7 0.886 15 97.3 925 0.948 1.08 55 822 735 0.861
16 73.8 713 0948 1.09 41 59.0 543 0.862 16 92,7 87.2 0.930 1.08 55 733 652 0.825
17 80.4 79.7 0.971 1.06 45 69.6 63.9 0.904 17 101.2 971 0955 1.06 61 86.5 77.2 0.871
18 75.9 728 0949 1.07 44 60.8 554  0.866 18 94.8 881 0.928 1.07 59 771 679  0.836
19 419 362 0815 1.30 21 239 203 0.660 19 50.9 39.1 0.750 1.29 28 285 220 0.580
20 88.3 874 0989 1.03 53 822 79.0 0.958 20 111.6 109.5 0.984 1.03 73 103.0 974 0.945
21 76.4 745 0.947 1.08 43 66.4 608 0.886 21 95.7 909 0.938 1.07 58 82.6 731 0.853
22 93.3 931 0.998 1.01 62 90.2 887 0.983 22 116.1 1145 0.987 1.01 82 1136 110.7 0.978
23 829 818 0971 1.04 51 714 66.4  0.908 23 103.0 98.7 0.955 1.04 67 90.5 826  0.889
24 889 887 0990 1.03 55 82.8 79.1 0.955 24 109.7 1053 0.966 1.02 75 1044 986  0.944
25 91.8 914 0994 1.01 60 89.4 876  0.981 25 113.2 109.2 0.973 1.02 79 1106 107.2  0.966
26 921 918 0994 1.01 61 90.8 89.2 0.983 26 116.0 114.2 0.987 1.01 82 1141 1111 0.978
27 92.8 926 0996 1.01 61 90.0 88.2 0.982 27 1143 110.1 0971 1.01 82 113.4 1104 0.977
28 89.6 884 0988 1.02 58 84.6 813 0.963 28 111.6 107.8 0975 1.02 78 105.8 100.2 0.952
29 781 758 0.964 1.08 42 60.0 55.0 0.868 29 927 87.4 0.934 1.09 55 71.9 64.0 0.820
30 84.4 827 0976 1.04 50 76.0 715  0.931 30 104.0 99.3 0.954 1.05 66 943 8741 0.909
31 944 946 1.000 1.00 65 942 939 0.996 31 1126 110.0 0.967 1.01 84 119.0 1184 0.995
32 93.7 938 0.999 1.01 62 91.6 904  0.989 32 116.1 1136 0.983 1.01 83 116.0 114.2  0.987
33 357 31.0 0.741 1.48 18 282 195 0.628 33 46.7 318 0.674 1.39 24 37.8 220 0562
34 91.6 916 0996 1.02 58 887 865 0978 34 112.0 107.0 0.966 1.02 78 111.5 107.7 0.970
35 847 842 0985 1.06 46 733 69.2 0923 35 103.1 984 0956 1.05 63 92.2 854  0.905
Avg 84.0 828 0970 1.06 52 765 729 0925 Avg 104.0 99.6 0.950 1.05 69 959 90.0 0.906

Table entries are averages over the sets of three classes of Dataset 2. Here « 1,
B =100, n =1, and t = 25, probabilities are estimated with the skew-normal distribution.
No. pred. stands for the number of predictions. The number of predictions for the arg max
classifier is 66 and MDT is 1 s for each subject. MDT is estimated from test data, and it
includes gaze shift time. Bold values correspond to the highest ITR (6) of each subject.

We performed a sign test (Dixon and Mood, 1946) for each set
of classes with the null hypothesis that the ITR of Classifier 2 is
less than or equal to that of arg max and the alternative hypothesis
is that Classifier 2 has a larger ITR. In each case, we obtained a
p-value less than 0.00002. The results averaged over all the sets
of classes is shown in Table 5. An analogical experiment with
four classes resulted in a p-value less than 0.009 for each set of
classes. Thus, the better performance of Classifier 2 is statistically
significant. The results averaged over all the sets of four classes is

Table entries are averages over the sets of four classes of Dataset 2. Here « = 1, = 100,
n=1,andt = 70, probabilities are estimated with the skew-normal distribution. No. pred.
stands for the number of predictions. The number of predictions for the arg max classifier
is 88 and MDT is 1 s for each subject. MDT is estimated from test data, and it includes
gaze shift time. Bold values correspond to the highest ITR (6) of each subject.

shown in Table 6. In both cases, Classifier 2 has approximately 10
bits/min higher ITR on average.

4. DISCUSSION

The results in Table3 suggest that using the skew-normal
distributions to estimate the probabilities gives slightly better
results than simply using the histogram. We assume that this is
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because fitting skew-normal distribution to the data essentially
reduces noise in the probability estimates.

Table 3 shows that the original information bottleneck slightly
outperforms the deterministic information bottleneck when
using Classifier 1. This most likely happens because the original
information bottleneck leaves more samples unclassified, in
particular, those for which (16) does not hold for any i.

Table 2 shows that only the PSDA features and only the CCA
features contain less information about the true class (shown by
I(X; C)) than their combination. The predicted class can never
contain more information about the true class than the features
which are used to make the prediction. This is due to the data
processing inequality (Cover and Thomas, 2006)

I(P; €) = I(X; Q). (19)
Therefore, using information theory tools, one can evaluate how
much information about the true class is lost by different feature
extraction methods or in different parts of the BCI pipeline. This
can help decide which methods to include in the pipeline without
evaluating the final performance.

As shown in section 3.2, the results obtained in this study
are similar to the results of Ingel et al. (2018), because we
use the same dataset, same feature extraction method, and the
classification algorithm in both cases optimises ITR (6). Since two
different optimisation methods give similar results, it suggests
that these values are close to optimal. However, the current
approach has theoretical advantages over Ingel et al. (2018)
because fewer assumptions are needed, and optimisation is done
over a more diverse set of classifiers.

Tables 3-6 show that for some subjects (Subject 4 in Dataset
1 and Subject 33 in Dataset 2), the performance measures
were considerably lower than other subjects. Since this happens
with multiple classification methods, we assume that the poor
performance is caused by a non-optimal feature extraction
method or noisy data for these subjects. This is supported by
results in Table 2, which shows that features for Subject 4 contain
less information about the true class than for other subjects.

Table 5 shows that Classifier 2 gives better results than the
arg max classifier. This is expected since the proposed method
finds a classification rule that maximises ITR; thus, it can take
into account possible differences between subjects. However,
larger ITR can partly be caused by the fact that Classifier 2 can
leave samples unclassified when it is not confident enough while
the arg max rule classifies all the samples.

With the exact information bottleneck algorithm and low
computational power, the method is only applicable in BCIs
with a small number of classes as the computational complexity
is high in the number of classes. To use this approach with
many classes, a more efficient exact information bottleneck
algorithm must be used, or the exact information bottleneck
algorithm has to be replaced by an approximate one. For an
example of an approximate method in deep learning, refer to

the approach of Alemi et al. (2017). An overview of currently
available information bottleneck approaches is given by Zaidi
et al. (2020).

Tables 4-6 show that in some cases, the proposed algorithm
is outperformed by the arg max classifier and by the algorithm
described by Ingel et al. (2018). We assume this is because
the choice of bins was not optimal. Even though the used
estimators give bins such that the histogram approximates
well the underlying distribution, there might be better choices
of bins for the proposed algorithm. Given the best possible
choice of bins, the proposed algorithm should outperform
the argmax classifier and the algorithm by Ingel et al.
(2018) since optimisation is done over a more diverse set of
classification rules.

5. CONCLUSION

In this study, using the information bottleneck to find optimal
classification rule in SSVEP-based BCIs was proposed. The
algorithm was evaluated on publicly available SSVEP datasets.
We showed that with the TRCA feature extraction method and
a small number of classes, the proposed method outperforms
the standard argmax classification rule, achieving 10 bits/min
higher average ITR. To use this method with more classes,
some approximate information bottleneck algorithm, or a more
efficient exact one, must be used. We conclude that using
the information bottleneck can make it easier to optimise
BCI for different users and improve the performance of
the BCL

DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This
data can be found at: http://www.bakardjian.com/work/
ssvep_data_Bakardjian.html,  http://bci.med.tsinghua.edu.cn/
download.html.

AUTHOR CONTRIBUTIONS

Al conceptualised the idea, performed the formal analysis,
implemented the algorithm, performed the experiments, and
wrote the original draft. RV supervised the study, acquired
funding, and reviewed the original draft. Both authors
contributed to the article and approved the submitted version.

FUNDING

RV thanks the financial support from the EU H2020 program
via the TRUST-AI (952060) project. This work was supported
by the Estonian Research Foundation via the Estonian Centre
of Excellence in IT (EXCITE) (TK148), funded by the European
Regional Development Fund.

Frontiers in Human Neuroscience | www.frontiersin.org

11

September 2021 | Volume 15 | Article 675091


http://www.bakardjian.com/work/ssvep_data_Bakardjian.html
http://bci.med.tsinghua.edu.cn/download.html
https://www.frontiersin.org/journals/human-neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/human-neuroscience#articles

Ingel and Vicente

Information Bottleneck in SSVEP BCI

REFERENCES

Alemi, A. A., Fischer, I, Dillon, J. V., and Murphy, K. (2017). “Deep
variational information bottleneck,” in 5th International Conference on
Learning Representations, ICLR 2017 (Toulon).

Anindya, S. F., Rachmat, H. H., and Sutjiredjeki, E. (2016). “A prototype of SSVEP-
based BCI for home appliances control,” in 2016 1st International Conference on
Biomedical Engineering (IBIOMED) (Yogyakarta), 1-6.

Bakardjian, H., Tanaka, T., and Cichocki, A. (2010). Optimization of SSVEP
brain responses with application to eight-command brain computer interface.
Neurosci. Lett. 469, 34-38. doi: 10.1016/j.neulet.2009.11.039

Bengio, Y., Courville, A., and Vincent, P. (2013). Representation learning: a review
and new perspectives. IEEE Trans. Pattern Anal. Mach. Intell. 35, 1798-1828.
doi: 10.1109/TPAMI.2013.50

Carvalho, S. N, Costa, T. B., Uribe, L. F., Soriano, D. C,, Yared, G. F., Coradine,
L. C, et al. (2015). Comparative analysis of strategies for feature extraction
and classification in SSVEP BClIs. Biomed. Signal Process. Control 21, 34-42.
doi: 10.1016/j.bspc.2015.05.008

Chen, X., Wang, Y., Gao, S, Jung, T.-P., and Gao, X. (2015a). Filter
bank canonical correlation analysis for implementing a high-speed
SSVEP-based brain-computer interface. J. Neural Eng  12:046008.
doi: 10.1088/1741-2560/12/4/046008

Chen, X., Wang, Y., Nakanishi, M., Gao, X., Jung, T.-P., and Gao, S. (2015b). High-
speed spelling with a noninvasive brain-computer interface. Proc. Natl. Acad.
Sci. U.S.A. 112, E6058-E6067. doi: 10.1073/pnas.1508080112

Cheng, M., Gao, X., Gao, S., and Xu, D. (2002). Design and implementation of a
brain-computer interface with high transfer rates. IEEE Trans. Biomed. Eng. 49,
1181-1186. doi: 10.1109/TBME.2002.803536

Cover, T. M., and Thomas, J. A. (2006). Elements of Information Theory, 2nd Edn.
Hoboken, NJ: John Wiley & Sons.

da Silva Costa, T. B., Uribe, L. F. S., de Carvalho, S. N., Soriano, D. C., Castellano,
G., Suyama, R, et al. (2020). Channel capacity in brain-computer interfaces. J.
Neural Eng. 17:016060. doi: 10.1088/1741-2552/ab6cb7

Demir, A. F.,, Arslan, H., and Uysal, I. (2016). “Bio-inspired filter banks for
SSVEP-based brain-computer interfaces,” in 2016 IEEE-EMBS International
Conference on Biomedical and Health Informatics (BHI) (Las Vegas, NV),
144-147.

Demir, A. F., Arslan, H., and Uysal, 1. (2019). Bio-inspired filter banks for
frequency recognition of SSVEP-based brain computer interfaces. IEEE Access
7, 160295-160303. doi: 10.1109/BHI.2016.7455855

Dixon, W. J., and Mood, A. M. (1946). The statistical sign test. J. Am. Stat. Assoc.
41, 557-566.

Du, Y., Yin, M., and Jiao, B. (2020). “InceptionSSVEP: a multi-scale convolutional
neural network for steady-state visual evoked potential classification,” in 2020
IEEE 6th International Conference on Computer and Communications (ICCC)
(Chengdu), 2080-2085.

Freedman, D., and Diaconis, P. (1981). On the histogram as a density estimator:
L2 theory. Zeitschrift fiir Wahrscheinlichkeitstheorie und verwandte Gebiete 57,
453-476.

Friman, O., Volosyak, I., and Graser, A. (2007). Multiple channel detection of
steady-state visual evoked potentials for brain-computer interfaces. IEEE Trans.
Biomed. Eng. 54, 742-750. doi: 10.1109/TBME.2006.889160

Gao, S., Wang, Y., Gao, X., and Hong, B. (2014). Visual and auditory
brain computer interfaces. IEEE Trans. Biomed. Eng. 61, 1436-1447.
doi: 10.1109/TBME.2014.2300164

Goldfeld, Z., and Polyanskiy, Y. (2020). The information bottleneck problem and
its applications in machine learning. IEEE J. Sel. Areas Inform. Theor. 1, 19-38.
doi: 10.1109/JSAIT.2020.2991561

Hu, B.-G. (2014). What are the differences between bayesian classifiers and mutual-
information classifiers? IEEE Trans. Neural Netw. Learn. Syst. 25, 249-264.
doi: 10.1109/TNNLS.2013.2274799

Ingel, A., Kuzovkin, I, and Vicente, R. (2018). Direct information transfer
rate optimisation for SSVEP-based BCIL. J. Neural Eng. 16:016016.
doi: 10.1088/1741-2552/aae8c7

Jiang, J., Yin, E., Wang, C., Xu, M., and Ming, D. (2018). Incorporation of
dynamic stopping strategy into the high-speed SSVEP-based BClIs. J. Neural
Eng. 15:046025. doi: 10.1088/1741-2552/aac605

Jukiewicz, M., Buchwald, M., and Cysewska-Sobusiak, A. (2018). Finding optimal
frequency and spatial filters accompanying blind signal separation of EEG
data for SSVEP-based BCI. Int. J. Electron. Telecommun. 64, 439-444.
doi: 10.24425/123543.

Jukiewicz, M., Buchwald, M., and Czy, A. (2019). “Optimizing SSVEP-based
brain-computer interface with CCA and Genetic Algorithms,” in 2019 Signal
Processing: Algorithms, Architectures, Arrangements, and Applications (SPA)
(Poznan), 164-168.

Jukiewicz, M., and Cysewska-Sobusiak, A. (2015). Implementation of Bilinear
Separation algorithm as a classification method for SSVEP-based brain-
computer interface. Meas. Autom. Monit. 61, 51-53. Available online
at: https://www.infona.pl/resource/bwmetal.element.baztech-el16¢77c5-d86a-
4658-ac20-ba03b9f0c63d

Karnati, V. B. R., Verma, U. S. G., Amerineni, J. S., and Shah, V. H. (2014).
“Frequency detection in Medium and High frequency SSVEP based Brain
Computer Interface systems by scaling of sine-curve fit amplitudes,” in 2014
First International Conference on Networks Soft Computing (ICNSC2014)
(Guntur), 300-303.

Lee, H. K., and Choi, Y.-S. (2021). Enhancing SSVEP-based brain-computer
interface with two-step task-related component analysis. Sensors 21:1315.
doi: 10.3390/s21041315

Liang, L., Lin, J., Yang, C., Wang, Y., Chen, X., Gao, S., et al. (2020). Optimizing a
dual-frequency and phase modulation method for SSVEP-based BClIs. J. Neural
Eng. 17:046026. doi: 10.1088/1741-2552/abaa%b

Lin, Z., Zhang, C., Wu, W., and Gao, X. (2007). Frequency recognition based on
canonical correlation analysis for SSVEP-based BCls. IEEE Trans. Biomed. Eng.
54,1172-1176. doi: 10.1109/TBME.2006.889197

Mowla, M. R., Huggins, J. E.,, and Thompson, D. E. (2018). “Evaluation and
Performance Assessment of the Brain Computer Interface System,” in Brain
Computer Interfaces Handbook, eds C. S. Nam, A. Nijholt, and F. Lotte
(New York, NY: CRC Press).

Mukherjee, S. (2019). General information bottleneck objectives and their
applications to machine learning. arXiv preprint arXiv:1912.06248.

Nakanishi, M., Wang, Y., Chen, X., Wang, Y., Gao, X,, and Jung, T. (2018).
Enhancing detection of SSVEPs for a high-speed brain speller using
task-related component analysis. IEEE Trans. Biomed. Eng. 65, 104-112.
doi: 10.1109/TBME.2017.2694818

Nakanishi, M., Wang, Y., Jung, T.-P., Tanaka, T., and Arvaneh, M. (2018).
“Spatial filtering techniques for improving individual template-based ssvep
detection,” in Signal Processing and Machine Learning for Brain-Machine
Interfaces (London: IET), 219-242.

Nakanishi, M., Yijun, W., Wang, Y.-T., Mitsukura, Y., and Tzyy-Ping, J.
(2014). A high-speed brain speller using steady-state visual evoked
potentials. Int. J. Neural Syst. 24:1450019. doi: 10.1142/S0129065714
500191

Oikonomou, V. P., Maronidis, A., Liaros, G., Nikolopoulos, S., and Kompatsiaris,
1. (2017). “Sparse bayesian learning for subject independent classification with
application to SSVEP-BCL,” in 2017 8th International IEEE/EMBS Conference
on Neural Engineering (NER) (Shanghai), 600-604.

Saidi, P., Atia, G., and Vosoughi, A. (2017). “Detection of visual evoked
potentials using Ramanujan periodicity transform for real time brain computer
interfaces,” in 2017 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP) (New Orleans, LA), 959-963.

Shwartz-Ziv, R, and Tishby, N. (2017). Opening the black box of deep neural
networks via information. arXiv preprint arXiv:1703.00810.

Strouse, D., and Schwab, D. (2017). The deterministic information bottleneck.
Neural Comput. 29, 1611-1630. doi: 10.1162/NECO_a_00961

Strouse, D., and Schwab, D. J. (2019). The information bottleneck and geometric
clustering. Neural Comput. 31, 596-612. doi: 10.1162/neco_a_01136

Sturges, H. A. (1926). The choice of a class interval. J. Am. Stat. Assoc. 21, 65-66.

Tanaka, H., Katura, T., and Sato, H. (2013). Task-related component analysis for
functional neuroimaging and application to near-infrared spectroscopy data.
Neuroimage 64, 308-327. doi: 10.1016/j.neuroimage.2012.08.044

Thompson, D. E., Quitadamo, L. R., Mainardi, L., ur Rehman Laghari, K,
Gao, S., Kindermans, P.-]., et al. (2014). Performance measurement for brain
computer or brain machine interfaces: a tutorial. J. Neural Eng. 11:035001.
doi: 10.1088/1741-2560/11/3/035001

Frontiers in Human Neuroscience | www.frontiersin.org

September 2021 | Volume 15 | Article 675091


https://doi.org/10.1016/j.neulet.2009.11.039
https://doi.org/10.1109/TPAMI.2013.50
https://doi.org/10.1016/j.bspc.2015.05.008
https://doi.org/10.1088/1741-2560/12/4/046008
https://doi.org/10.1073/pnas.1508080112
https://doi.org/10.1109/TBME.2002.803536
https://doi.org/10.1088/1741-2552/ab6cb7
https://doi.org/10.1109/BHI.2016.7455855
https://doi.org/10.1109/TBME.2006.889160
https://doi.org/10.1109/TBME.2014.2300164
https://doi.org/10.1109/JSAIT.2020.2991561
https://doi.org/10.1109/TNNLS.2013.2274799
https://doi.org/10.1088/1741-2552/aae8c7
https://doi.org/10.1088/1741-2552/aac605
https://doi.org/10.24425/123543
https://www.infona.pl/resource/bwmeta1.element.baztech-e16c77c5-d86a-4658-ac20-ba03b9f0c63d
https://www.infona.pl/resource/bwmeta1.element.baztech-e16c77c5-d86a-4658-ac20-ba03b9f0c63d
https://doi.org/10.3390/s21041315
https://doi.org/10.1088/1741-2552/abaa9b
https://doi.org/10.1109/TBME.2006.889197
https://doi.org/10.1109/TBME.2017.2694818
https://doi.org/10.1142/S0129065714500191
https://doi.org/10.1162/NECO_a_00961
https://doi.org/10.1162/neco_a_01136
https://doi.org/10.1016/j.neuroimage.2012.08.044
https://doi.org/10.1088/1741-2560/11/3/035001
https://www.frontiersin.org/journals/human-neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/human-neuroscience#articles

Ingel and Vicente

Information Bottleneck in SSVEP BCI

Tishby, N., Pereira, F. C., and Bialek, W. (1999). “The information bottleneck
method," in Proc. of the 37-th Annual Allerton Conference on Communication,
Control and Computing (Monticello, IL), 368-377.

Velchev, Y., Radev, D., and Radeva, S. (2016). Features extraction based on
subspace methods with application to SSVEP BCI. Int. J. Emerg. Eng. Res.
Technol. 5, 52-58. Available online at: http://www.ijeert.org/pdf/v4-i1/7.pdf

Vialatte, F.-B., Maurice, M., Dauwels, J., and Cichocki, A. (2010). Steady-state
visually evoked potentials: focus on essential paradigms and future perspectives.
Prog. Neurobiol. 90, 418-438. doi: 10.1016/j.pneurobio.2009.11.005

Wales, D. J. and Doye, J. P. (1997). Global optimization by basin-hopping and the
lowest energy structures of lennard-jones clusters containing up to 110 atoms.
J. Phys. Chem. A 101, 5111-5116.

Wang, Y., Chen, X., Gao, X,, and Gao, S. (2017). A benchmark dataset for SSVEP-
based brain computer interfaces. IEEE Trans. Neural Syst. Rehabil. Eng. 25,
1746-1752. doi: 10.1109/TNSRE.2016.2627556

Wolpaw, J. R., Ramoser, H., McFarland, D. J., and Pfurtscheller, G. (1998).
EEG-based communication: improved accuracy by response verification. IEEE
Trans. Rehabil. Eng. 6, 326-333. doi: 10.1109/86.712231

Wong, C. M., Wan, F., Wang, B, Wang, Z., Nan, W., Lao, K. F.,, Mak, P. U.,
Vai, M. L, and Rosa, A. (2020). Learning across multi-stimulus enhances
target recognition methods in SSVEP-based BClIs. J. Neural Eng. 17:016026.
doi: 10.1088/1741-2552/ab2373

Yehia, A. G., Eldawlatly, S., and Taher, M. (2015). “Principal component analysis-
based spectral recognition for SSVEP-based Brain-Computer Interfaces,”
2015 Tenth International Conference on Computer Engineering Systems (ICCES)
(Cairo), 410-415.

Yuan, P., Gao, X, Allison, B, Wang, Y., Bin, G, and Gao, S. (2013).
A study of the existing problems of estimating the information transfer
rate in online brain computer interfaces. J. Neural Eng. 10:026014.
doi: 10.1088/1741-2560/10/2/026014

Zaidi, A., Estella-Aguerri, I, et al. (2020). On the information bottleneck problems:
models, connections, applications and information theoretic views. Entropy
22:151. doi: 10.3390/¢22020151

Zerafa, R., Camilleri, T., Falzon, O., and Camilleri, K. P. (2018). To train or not
to train? a survey on training of feature extraction methods for SSVEP-based
BClIs. J. Neural Eng. 15:051001. doi: 10.1088/1741-2552/aaca6e

Zhang, Y., Dong, L., Zhang, R., Yao, D., Zhang, Y., and Xu, P. (2014a). An efficient
frequency recognition method based on likelihood ratio test for SSVEP-based

in

BCIL. Comput. Math. Methods Med. 2014:908719. doi:
908719

Zhang, Y., Guo, D., Li, F,, Yin, E., Zhang, Y., Li, P, et al. (2018a). Correlated
component analysis for enhancing the performance of SSVEP-based brain-
computer interface. IEEE Trans. Neural Syst. Rehabil. Eng. 26, 948-956.
doi: 10.1109/TNSRE.2018.2826541

Zhang, Y., Yin, E., Li, F.,, Zhang, Y., Tanaka, T., Zhao, Q., Cui, Y., Xu, P., Yao,
D., and Guo, D. (2018b). Two-stage frequency recognition method based on
correlated component analysis for SSVEP-based BCIL. IEEE Trans. Neural Syst.
Rehabil. Eng. 26, 1314-1323. doi: 10.1109/TNSRE.2018.2848222

Zhang, Y., Zhou, G., Jin, J., Wang, X,, and Cichocki, A. (2014b). Frequency
recognition in SSVEP-based BCI using multiset canonical correlation analysis.
Int. J. Neural Syst. 24:1450013. doi: 10.1142/50129065714500130

Zhang, Y., Zhou, G., Zhao, Q., Onishi, A., Jin, J., Wang, X., et al. (2011). “Multiway
canonical correlation analysis for frequency components recognition in
SSVEP-based BCIs,” in Neural Information Processing, eds B. -L. Lu, L. Zhang,
and J. Kwok (Berlin; Heidelberg: Springer), 287-295.

Zhang, Z., Li, X., and Deng, Z. (2010). “A CWT-based SSVEP classification method
for brain-computer interface system,” in 2010 International Conference on
Intelligent Control and Information Processing (Dalian), 43-48.

10.1155/2014/

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2021 1Ingel and Vicente. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (CC BY). The use,
distribution or reproduction in other forums is permitted, provided the original
author(s) and the copyright owner(s) are credited and that the original publication
in this journal is cited, in accordance with accepted academic practice. No use,
distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Human Neuroscience | www.frontiersin.org

13

September 2021 | Volume 15 | Article 675091


http://www.ijeert.org/pdf/v4-i1/7.pdf
https://doi.org/10.1016/j.pneurobio.2009.11.005
https://doi.org/10.1109/TNSRE.2016.2627556
https://doi.org/10.1109/86.712231
https://doi.org/10.1088/1741-2552/ab2373
https://doi.org/10.1088/1741-2560/10/2/026014
https://doi.org/10.3390/e22020151
https://doi.org/10.1088/1741-2552/aaca6e
https://doi.org/10.1155/2014/908719
https://doi.org/10.1109/TNSRE.2018.2826541
https://doi.org/10.1109/TNSRE.2018.2848222
https://doi.org/10.1142/S0129065714500130
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/human-neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/human-neuroscience#articles

	Information Bottleneck as Optimisation Method for SSVEP-Based BCI
	1. Introduction
	2. Methods
	2.1. Datasets
	2.1.1. Dataset 1
	2.1.2. Dataset 2

	2.2. Feature Extraction
	2.2.1. Feature Extraction Method for Dataset 1
	2.2.2. Feature Extraction Method for Dataset 2

	2.3. Information-Theoretic Quantities
	2.4. Information Transfer Rate
	2.5. Discretising Feature Values
	2.6. Input to the Information Bottleneck
	2.7. Information Bottleneck
	2.8. Classification Rules

	3. Results
	3.1. Initial Experiments
	3.2. Results on Dataset 1
	3.3. Results on Dataset 2

	4. Discussion
	5. Conclusion
	Data Availability Statement
	Author Contributions
	Funding
	References


