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ABSTRACT

In the thriving realm of neuroscience, Brain-Computer Interfaces (BCI) have emerged as
a groundbreaking technology that facilitates direct communication between the human brain
and external devices or applications. By harnessing the power of neural signals, BCI have the
potential to revolutionize various domains, including healthcare, assistive technology, and
human-computer interaction. Multiple recording modalities are available for capturing brain
activity. Among them, electroencephalography (EEG) devices stand out as a wearable, com-
fortable, and cost-effective solution that provides high temporal resolution to non-invasively
monitor basic user intentions.

This research is dedicated to the rigorous investigation of motor imagery, with a specific
focus on discerning patterns associated with grasping movements of the right and left hands.
The ultimate objective is to achieve the highest possible classification accuracy of user in-
tent without the need for neurofeedback or additional indirect information. The limitations
of EEG in terms of signal-to-noise ratio and spatial resolution necessitate the use of source
localization techniques, which can unveil the intricate dynamic interactions and connections
within the brain. To easily distinguish between existing algorithms and the new ones intro-
duced in this research, the original acronyms and appellations will be noted in bold.

Ensuring the accuracy and reliability of EEG data analysis requires the homogeneity of
electrode functioning and the cleanliness of signals in the vast majority of cases. This entails
addressing two primary objectives: eliminating statistically significant (and consequential)
artifacts and rectifying any malfunctioning electrodes. The spontaneous blink represents a
major physiological disturbance, occurring simultaneously with the neural signal of interest
with an average probability of 10%.

These considerations led to the design of a multi-modal dataset targeted at comprehen-
sively recording every aspect of the blinks using EEG, electrooculography, electromyogra-
phy, eye tracker, and high-speed camera. Additional paradigms, including motor execution,
P300, and steady-state visual evoked potentials have also been investigated due to their rel-
evance in inferring a comprehensive understanding of the underlying neural mechanisms
during MI.

The Fitted Distribution Monte Carlo (FDMC) simulation is first conducted for a priori



sample size estimation during a prospective power analysis. The goal is to ensure that suffi-
cient data will be collected to truly comprehend the intricacies of the cortical phenomenon.
FDMC demonstrates its superiority by lowering the sample size requirement by 35% com-
pared to the Normal distribution (and by seven times compared to traditional power tables).
FDMC is of particular interest when only limited resources or time are available.

The resulting multi-modal dataset facilitated the development of a robust model for ac-
curately classifying and correcting blink artifacts as well as removing bad channels from the
EEG data. The Adaptive Blink Correction and De-drifting (ABCD) algorithm has proved
to improve the overall data quality and displays significantly better results than the state-of-
the-art, i.e., Independent Component Analysis (ICA), or Artifact Subspace Reconstruction
(ASR). The classification accuracy, along with its confidence interval at 95% confidence
level, reveals a mean classification accuracy of 93.81% [74.81%; 98.76%] for ABCD against
79.29% [57.41%; 92.89%] for ICA or 84.05% [62.88%; 95.31%] for ASR.

A combination of various innovative algorithms is implemented to extract the most promi-
nent signal of interest (SOI) across the temporal, spatial, and frequential domains. Source
localization is first computed on the ABCD-cleaned EEG data. The Source Localized Spatio-
Temporal (SLST) features approach is applied to capture the spatio-temporal characteristics
of the SOI by analyzing the similarities across multiple trials. To further enhance the classi-
fication process, a Dual Classifier (DC) is implemented, utilizing both the spatial locations
and time-derived covariance matrices from the SLST feature extraction algorithm. The class-
specific Fréchet means, along with all other covariance matrices, are computed at the Core
Channel Selection, which is determined based on a comprehensive meta-analysis.

Comparisons across different frequency bands (delta, theta, alpha, and beta), filter types
(Butterworth, Chebyshev, and Elliptic), and re-referencing, e.g., Common Average Refer-
ence, Large and Small Laplacian spatial filters, are also carried out to reveal the optimized
combination of all these processing steps. To ensure a fair comparison, all data are first pre-
processed with ABCD, re-referenced with the Large Laplacian filter and filtered with a beta
pass-band Butterworth filter, as this combination of various filters proved to yield the best
accuracy.

A new introduced Consistency computation serves to validate classifiers’ stability and

can thus be used to confirm the hierarchy between them, revealing that our SLST+DC method
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yields a mean classification accuracy of 95.03% (SD = 3.41%). The commonly employed
Common Spatial Pattern (CSP) coupled with Linear Discriminant Analysis (LDA) yields
89.16% (SD = 1.76%) or 88.99% (SD = 1.60%) when coupled with Support Vector Machine
(SVM). Comparisons were also made with newer methods such as the Minimum Distance
to Riemannian Mean (MDRM) that achieved 81.13% (SD = 4.64%) and Tangent Space (TS)
86.09% (SD = 4.48%). All the results issued from the various pipelines are then compared
using their confusion matrices.

More generally, confusion matrices (CM) consist of two independent samples (positive
and negative), each following a Binomial distribution. To extend their utility, the confidence
intervals (CI) are calculated for the probabilities associated with each sample. A complemen-
tary estimation of the minimum sample size is presented based on the Distance Separation
(DS) method relying on the chosen CI approximation. DS can serve as a viable alternative
to FDMC for experimental design, specifically aimed at evaluating the statistical distinc-
tion between two classifiers possessing known accuracies. Finally, a method to estimate the
accuracy though standard deviation of CI (SDCI) is presented and applied to visual repre-
sentations of CM, called Confusion Ellipses (CE).

Comparisons with PyCM, a Python library dedicated to CM evaluation and comparison,
shows that their computations seem to underestimate the CI mean widths around zero com-
pared to SDCI. Various CI approximations are also tested to assess the influence of the CI
approximation choice and can serve as reference when designing a new experiment with the
goal of comparing two pipelines with known global classification accuracies. The applica-
bility of these novel methodologies (i.e., SDCI, DS, CE) extends far beyond the confines of

the BCI field, encompassing a wide range of domains and disciplines.
Key words: Brain-Computer Interface (BCI), Electroencephalography (EEG), Spontaneous

blinking, Artifact removal, Sample size calculation, Channel selection, Source Localization,

eLORETA, Confusion Matrix (CM), Accuracy confidence interval
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Chapter 1 Introduction

1.1 Motivation

The primary objective of this doctoral thesis is to contribute to the advancement of
Brain-Computer Interfaces (BCI) by developing a comprehensive pipeline allowing for the
real-time, efficient, and non-invasive utilization of brain signals for monitoring basic user
intentions. To achieve this goal, the focus of this work is dedicated to employing electro-
encephalography (EEG) techniques to rigorously analyze the Motor Imagery (MI) paradigm,
specifically in relation to movements of the right and left hands.

The multifaceted approach undertaken encompasses the development of novel algo-
rithms, the integration of advanced signal processing techniques, and the evaluation of system
performance through rigorous experimentation and analysis. This thesis will start by present-
ing a comprehensive overview of the pathway that has been followed to address the various
existing limitations. The subsequent chapters will delve into the specific details of the original

contributions made, providing a thorough examination and analysis of each advancement.

1.2 Background

Various methods have been implemented to remove artifacts from EEG-based BCI sys-
tems and identify recurrent brain activity. The innovative algorithms presented in this work
will be written in bold to easily differentiate from the already existing ones. Two new system-
atic reviews are carried out in this section to provide a global overview of the large diversity

of algorithms available for pre-processing and processing.

1.2.1 The strange case of Brain-Computer Interface (BCI) and electroencephalography
(EEG)

The primary objective of BCI technology is to use brain signals to establish a real-time
interaction between a person and the outside world. Users can perform tasks that enhance
or replace muscle activation for various functions such as movement, speech, writing, or
expressing reactions (either in a conscious or vegetative state)!!!. Current research tries to

build upon previous work dedicated to motor or cognitive understanding only with more



recent integration of different aspects of emotional and mind states (e.g., neurofeedback).
The validation of a comprehensive procedure or pipeline requires several essential steps.
The signals to be analyzed must possess significance on two levels. Firstly, they should
accurately represent the phenomenon of interest, and secondly, they should exhibit statistical
properties that allow for generalization with a certain level of confidence. The brain sig-
nals can manifest as electric, magnetic, or biochemical signals, with the choice of recording
modality depending on factors such as the required response time, spatial and temporal res-
olution, practicality, and patient comfort. Practicality can encompass physical or behavioral

considerations as well as cost-effectiveness.

Scalp
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Pia mater
Cerebrospinal fluid
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Figure 1-1 Invasive (ECoG, LFP) and non-invasive (EEG, EMG) imaging methods recording the
brain electrophysiological activity

Among the available recording techniques (described both in Figure 1-1 and Table
1-1), EEG devices offer a wearable, relatively comfortable, and cost-effective solution with
high temporal resolution. These characteristics make EEG devices a favorable choice for
capturing brain signals in BCI applications!?!.

The current state-of-the-art approach involves the use of Electrocorticography (ECoG)
to capture the relevant signals®®!. This is due to the limitations of EEG in terms of signal-
to-noise ratio (SNR) and spatial resolution, as well as the general impracticality of Magne-
toencephalography (MEG) or functional magnetic resonance imaging (fMRI). However, the
invasiveness of ECoG poses a significant challenge. Consequently, our research endeavors

have focused on developing a purely non-invasive EEG-based solution.



Table 1-1 Recording methods’ characteristics; * depends on the number of electrodes; ** is only

for restricted regions depending on the electrodes’ placement

Sampling
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1.2.2 The Secret Signal of Interest

In order to maintain a rigorous approach, it is essential to thoroughly evaluate the necessity and
benefits of each step involved in the research process. This evaluation involves a comprehensive assessment
of various aspects, including the accurate representation of the targeted phenomenon.

The initial requirement is to define the chosen phenomenon and the reasons behind its selection,
which can arise from a multitude of motivations. These motives may include addressing problems that
lack existing solutions, improving existing procedures, developing new procedures that are simpler, more
efficient, or more cost- and time-effective, or utilizing known phenomena to establish and quantify more
universally applicable procedures. This list is, of course, non-exhaustive.

To illustrate one of the key choices we have explored, consider the scenario where a user intends to
perform an action using either their right or left hand. This intention is commonly studied using the Motor
Imagery (MI) paradigm. Detecting this intention has the potential to enhance the activation of weakened
muscles (e.g., muscular dystrophy) or enable the control of a prosthetic apparatus. Numerous research
laboratories worldwide are actively working towards developing real-time solutions for this application!*!.

Our objective is to achieve a classification accuracy higher than 90% for user intent, without the need
for neurofeedback or additional indirect information such as postural information. We anticipate that the
remaining incertitude can be addressed through complementary techniques. Our approach involves an
original application that reveals dynamic cortical patterns. This innovative utilization provides insights

into the dynamic interactions and connections within the brain and subsequently enables feature extraction.

1.2.3 The Tell-Tale Source Localization

EEG signals represent the electrical activity of the brain but are not easily interpretable. The signals
recorded from the scalp are a mixture of the activity from numerous neurons, and this activity is further
distorted by the skull and scalp. Utilizing these signals directly can lead to inaccurate or ambiguous results
due to the difficulty of pinpointing the exact origin within the brain. This is commonly referred to as the
“inverse problem”, depicted in Figure 1-2°!.

Solving the inverse problem involves addressing an underdetermined linear system that computes the
cortical sources from the signals recorded by the EEG channels. In our case, this calculation is based on a
general head model that transforms the 62 theoretically functioning EEG inputs into several thousands of
cortical sources, also known as voxels. This approach provides more precise information about the active
regions of the brain. Source localization techniques can significantly enhance the performance of BCIs by
offering more accurate insights into brain activity.

To ensure accurate and reliable results, it is crucial to ensure the electrodes function homogeneously
and that the signals to analyze are clean. Signal cleaning entails two primary objectives: eliminate sta-

tistically significant (and consequential) artifacts, as well as address any malfunctioning electrodes. By



achieving these goals, we can enhance the reliability and quality of the signals used in the analysis.

Forward Problem: Data Generation

Source Signals Head Model EEG
Background activity
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Inverse Problem: Source Imaging

Figure 1-2 Illustration of the forward and inverse problems for EEG

1.2.4 Interview with the Blink

A major and repetitive artifact commonly observed in EEG signals is caused by spontaneous blinks
(simply called blinks hereafter), illustrated in Figure 1-3. Three key metrics are considered to assess
their impact: the frequency, the duration of the period during which the ratio of amplitude between the
signal of interest and the artifact is significant, and the potential interference caused by them. Blinks
occur at an average frequency of 20 times per minute, with a duration of approximately 0.6 seconds. The
potential interference from blinks persists for more than 0.3 seconds. In a one-minute epoch, this implies
that 6 seconds are affected by potential interference between the signal of interest and blinks, representing
a 10% probability. While these evaluations provide rough approximations, they emphasize the need to
address blink artifacts through appropriate correction methods.

Blind Source Separation (BSS) methods, such as Independent Component Analysis (ICA) or Artifact
Subspace Reconstruction (ASR), are commonly employed for artifact correction. However, when tested
within our pipeline, neither ICA nor ASR yielded satisfactory results. This observation has been reported
in previous studies, yet a clear theoretical explanation is still lacking!®.

These limitations underscore the need for a deeper understanding of the origin, shape, distribution,
transmission, and variability of blinks. This led us to design a multi-modal dataset targeted at comprehen-
sively recording every aspect of the blinks. This multi-modal approach allowed us to construct an accurate
model of the blinks, which played a crucial role in successfully addressing and mitigating these artifacts
within our pipeline. Using this dataset, we were also able to implement robust correction techniques and

enhance the overall quality and reliability of the EEG signals used in our analysis.
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Figure 1-3 EEG recording (on a frontopolar channel) of a blink and its anatomic relationship

1.2.5 One Flew Over a Multi-Modal Dataset

Motor Imagery (MI) serves as the central paradigm of investigation in our research, given its practical
relevance. However, in order to acquire a more comprehensive understanding of the underlying neural
mechanisms occurring during MI, additional paradigms are explored, including motor execution (ME),
P300, and steady-state visual evoked potentials (SSVEP). The inclusion of ME is particularly valuable due
to the resemblance of its signal to MI. Additionally, the examination of P300 provides insights into the
high temporal correlation between the stimulus and the brain response, while the exploration of SSVEP
offers valuable information regarding the high frequency correlation in this context. These additional
paradigms will serve as complementary approaches to validate and verify the effectiveness, reliability, and
robustness of the proposed methodologies developed for the main paradigm. From a statistical standpoint,
a priori sample size estimation is a crucial step as it ensures adequate statistical power to detect meaningful
effects or differences in the study!”. This guarantees that sufficient data is collected to truly comprehend
the intricacies of the phenomenon and draw reliable conclusions. The minimum sample size required to

detect the effect size of interest with a desired level of statistical power can be estimated by taking into



account factors such as the expected effect size, the desired level of significance, and the variability within
the data.

Despite the importance of a priori sample size estimation, several studies and reviews have pointed out
the complete absence of reported sample size calculations in neuroscience in general® and EEG research
in particular (0% of the selected studies in''). This omission poses a substantial problem as it compromises
methodological rigor, research reproducibility, and the ability to conduct meta-analyses. The absence of
transparent reporting regarding sample size estimation hinders the evaluation of statistical power and the
reliability of findings. It may also lead to underpowered studies that result in false-negative results or the
inability to detect meaningful effects.

From a hardware perspective, the combination of EOG, EEG, EMG, eye tracking data, and high-speed
videos during blinks has yielded valuable insights that are often unexpressed or even refuted. A notable
result is that blinks are muscular artifacts, as evidenced by their synchronized replication in the frontopolar
electrodes FP1 and FP2, which perfectly align with the EOG signals. Additionally, each individual exhibits
a unique attenuation factor that can be modeled based on the distance between the electrodes.

These findings have enabled the development of an innovative correction method called the Adaptive
Blink Correction and De-drifting (ABCD) algorithm. This approach not only corrects blink artifacts but
also provides a means to identify and address problematic channels. By recalibrating or removing these
problematic channels, the overall data quality is improved.

Furthermore, these findings offer empirical support for the theoretical understanding of the limitations
associated with ICA and similar methods (such as ASR). The insights derived from the analysis of multi-
modal dataset shed light on the specific reasons why ICA or ASR may struggle to adequately correct blink

artifacts.

1.2.6 The Chronicles of Signals Cleaning

Over the years, various algorithms have been created or modified to remove unavoidable artifacts. To
identify the research hotspots, a comprehensive review listing the major research topics was carried out
using a bibliometric analysis. Several multidisciplinary databases are available online, such as Google
Scholar, JSTOR, Scopus, or Web of Science (WoS). The latter, currently maintained by Clarivate Analyt-
ics, provides bibliometric data on published scientific articles starting from 1945.

We queried WoS in May 2022 with the following group of keywords: ”(EEG OR electroencephalo-
gra*) AND (artifact* OR artefact*)”. This search returned 5136 papers, from which any article not related
strictly to human EEG and biological artifacts was removed. Articles focusing on diseases or conducted
in intensive care facilities were also discarded on the account that the artifacts would be specific to the
medical environment. Finally, papers that did not explicitly mention how the artifacts were corrected in
the keywords or in the abstract were also eliminated. The remaining 1465 ’artifact’ papers were further

searched for explicit mention of blinks or ocular artifacts, resulting in 714 ’blink’ papers. Both groups



were arbitrarily categorized into five techniques: (1) geometrical features, (2) filtering, (3) source decom-
position, (4) blind source separation (BSS), and (5) hybrid with machine learning. Each group is based on
the core concept that underlies the algorithm. Specifically, hybrid approaches combine two (or more) ar-
tifact correction techniques or adapt machine learning methods to enhance the pre-processing step. Figure

1-4 illustrates these categories for both groups.
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Figure 1-4 Common artifact preprocessing and blink correction (in italic) methods with the
corresponding percentage of articles published per category; the category corresponding to the
blink correction algorithm developed in this thesis is marked by an asterisk

This thesis Adaptive Blink Correction and De-drifting (ABCD) algorithm integrates both stationary
and non-stationary characteristics and thus effectively addresses the challenges posed by blink artifacts in
EEG signals. The stationary component accounts for consistent patterns and statistical properties of blink
artifacts, while the non-stationary component captures the variability and temporal dynamics associated
with blinks.

The consistent patterns observed in blink artifacts might be attributed to the repetitive nature of blinks,
analogous to the regular and intensive nature of cardiac activity. To effectively correct these patterns, our
approach employs a template-based modeling strategy. A second consideration is that spontaneous blinks
exhibit varying levels of muscular fiber recruitment, independent of external stimuli. To account for this
variability, our approach continually adapts the selected template to the specific shape of each blink artifact,

facilitating the construction of a robust model.



Consequently, our method offers a more precise and reliable correction of blink artifacts, even in the
presence of fatigue-induced changes. In contrast, statistical methods that rely on averaging the entirety
of a session’s data may not adequately capture the evolving characteristics of blink artifacts. This adap-
tive template-based modeling approach exhibits efficient computational processing, rapid adaptability to
individual subjects, and the potential for online training during the setup phase for new users.

To evaluate the robustness and applicability of the proposed ABCD method, we conducted a compre-
hensive assessment across several commonly employed paradigms in EEG research (detailed previously).
The experimental results substantiated the superiority of the proposed method over the conventional ICA
approach, particularly in terms of extracting accurate source localization features. Notably, the remnants
of blink artifacts that persisted even after ICA correction were effectively mitigated using ABCD. This im-
provement was evident in the enhanced quality of the reconstructed EEG signals, which improved fidelity
to the underlying neural activity, as could be assessed by the upgraded classification results. The source
localization that ultimately allowed for classification is influenced by three types of feature extraction,

namely temporal, spatial, and spectral information.

1.2.7 The Three Influences on Feature Extraction

The eLORETA algorithm has been selected as the default method for source localization in our anal-
ysis pipeline!'®. This decision is based on several reviews that have demonstrated its superiority over
various existing techniques. Additionally, its compatibility with the MNE Python library further supports
its suitability for our purposes, as it allows for seamless integration into our existing analysis framework.

When considering the consistency of EEG measures in the source space, several important factors are
crucial to acknowledge. One such factor is the physiological state of participants during data acquisition,
as it can influence the noise variance used during the computations of the source localization. The resting
condition, often used as a reference for noise, poses challenges for source-level analysis and is likely a
significant contributor to the observed inconsistencies in source localization and connectivity outcomes.

These inconsistencies have been observed to impact the physiological significance of source local-
ization and can alter connectivity estimates across different methods and modalities. Consequently, there
exists notable variability in both within-subject (same subject, different sessions) and between-subject
analysis, further emphasizing the need to carefully consider and account for these sources of variability
in EEG research. However, it is important to note that despite these positional variations, the relative
spatio-temporal relationship between the identified sources remains consistent. In other words, while the
specific locations of the sources may change, their relative patterns of activation and temporal dynamics
remain stable. These considerations led to the original implementation of a spatio-temporal similarities
pattern recognition algorithm that displayed competitive classification results.

The selection of electrodes for classification plays a crucial role in addition to temporal features.

However, there is a lack of comprehensive reviews that provide optimized subsets of electrodes for the



different paradigms under investigation in this thesis. To bridge this gap, a meta-analysis was conducted
to systematically extract and synthesize information from various imaging modalities. A comparative
analysis was performed to assess the classification performance of the Core Channel Selection (CCS)
subsets in relation to commonly employed electrodes and subject-specific electrode configurations. The
results of this analysis demonstrated the superior performance of the CCS subsets in achieving accurate
classification outcomes.

Another factor that greatly impacts feature extraction is the spectral information. Neuronal syn-
chronization refers to the coordinated activity of neurons, resulting in rhythmic oscillations at specific
frequencies that can be detected by EEG. Brain rhythms, which are based on their frequency range such
as delta (0.5 -4 Hz), theta (4 -7.5 Hz), alpha (7.5 -12.5 Hz), beta (12.5 -30 Hz), and gamma (30 -50
Hz) oscillations, exert a significant influence on brain function. These rhythms are believed to arise from
various underlying dynamical mechanisms that are not yet fully understood.

Notably, such synchronization often occurs during task performance or specific states of conscious-
ness. In the context of Motor Imagery (MI), beta band activity is frequently observed in the motor cortex.
Consequently, filtering the EEG signals to focus on the beta band can facilitate the identification of MI,
thereby enhancing its use as a BCI control. The main classical types of band-pass filters are Butterworth,
Chebyshev, and Elliptic filters!!!.

The tweaking of all three aspects of feature extraction, namely temporal, spatial, and spectral com-
ponents, significantly impact the selection of EEG signal, which is then mapped to a corresponding co-
variance matrix. This mapping principle relies on the assumption that the power and spatial distribution
of EEG sources exhibit a certain degree of stability during a specific mental state. It further posits that this
valuable information can be effectively encoded by utilizing covariance matrices, which provide a discrete

multilinear approximation of the intricate “landscape” of scalp signals.

1.2.8 A Song of Feature Extraction and Classification

Feature extraction techniques transform the pre-processed signal into a low-dimensional set of fea-
tures that are assumed to characterize the underlying brain signal(s) of interest. Methods may use time,
frequency, time-frequency, or spatial domains to select the proper characteristics (see!'?!,['*! for a review).
Hereafter, we arbitrarily differentiate these techniques into seven categories, namely: (1) statistical, (2)
Hjorth and autoregressive, (3) spectral, (4) dimensionality reduction, (5) spatial, (6) wavelet, and (7)
chaotic parameters.

Classification algorithms then focus on discriminating these features between two or more distinctive
classes. Several characteristics can describe these methods, such as supervised vs. unsupervised learning,
the parametric vs. nonparametric model, or linearity vs. nonlinearity. Classification algorithms may be
divided into six main categories based on the use of (1) hyperplane, (2) Bayesian probability, (3) clustering,

(4) ensemble, (5) manifold, and (6) deep learning.
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With the same methodology as described previously, we queried WoS in May 2022 with the following
group of keywords: ”(EEG OR electroencephalogra*) AND (classification OR pattern recognition OR
feature)”. This search returned 32590 articles from which any paper not related strictly to human EEG,
feature selection, or classification was removed. Additional exclusion criteria were similar to the ones
used previously, namely, disease-focused (e.g., epilepsy) or hospital facility-oriented (e.g., intensive care
units).

Our goal is here to give a quick overview of the available feature selection and classification methods,
but is by no means a systematic review. That is why only the abstract and keywords have been screened.
Hence, if neither precisely mentioned the selected algorithm(s), the corresponding paper was rejected.
This drastic exclusion criterion resulted in 4076 articles for the feature selection step and 4368 papers for
the classification part. Figure 1-5 outlines the different categories corresponding to these two processing

stages, along with their main sub-categories.

1.2.9 Much Ado About Confusion Matrix

Confusion matrices are commonly employed to assess the performance of classifiers. They provide
a comprehensive representation of the classification results by organizing them into a matrix format. Typ-
ically, a confusion matrix consists of four cells representing the counts or probabilities of True Positive
(TP), False Negative (FN), True Negative (TN), and False Positive (FP) instances (see Figure 1-6).

Predicted Label

Class1 Class 2

Class 1 TP FN TP+FN=P
True Label
Class 2 FP TN FP+TN=N
TP+FP FN+TN P+N=S

Figure 1-6 Confusion matrix for a simple binary classification

They consist of two independent samples, each following a Binomial distribution. These samples can
be denoted as follows:
* a positive sample (P) comprising True Positive (TP) and False Negative (FN) instances, with the
corresponding probability of TP/(TP+FN);
» anegative sample (N) consisting of True Negative (TN) and False Positive (FP) instances, with the

corresponding probability of TN/(TN+FP).
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However, confusion matrices have certain limitations that need to be addressed. Firstly, they provide
nominal values, which lack scientific validity and do not provide a quantitative measure of performance.
Secondly, interpreting the results of confusion matrices can be challenging, particularly when dealing with
small sample sizes, extreme probabilities near O or 1, and imbalanced datasets.

To overcome these limitations, efforts have been made to extend the utility of confusion matrices.
One novel approach involves estimating confidence intervals for the probabilities associated with each
sample (positive and negative). This allows for a more robust assessment of the uncertainty associated
with the classification results.

Additionally, new visual representations have been developed to enhance the interpretation of confu-
sion matrices. One such representation is the confusion ellipse, which provides a synthetic visualization of
the classification performance. This ellipse takes into account the uncertainty in the classification results
and provides a more comprehensive understanding of the classifier’s performance.

From these generalized confidence intervals, an innovative methodology to ascertain the minimum
sample size necessary to assess the statistical difference between two classifiers has been successfully
formulated, along with a novel normalized quantification approach to measure the extent of their differ-
ence. This rigorous framework facilitates a more robust and standardized assessment of the comparative
performance exhibited by the classifiers.

Overall, these advancements in the analysis and visualization of confusion matrices contribute to
a more comprehensive and reliable assessment of classifier performance. They provide researchers and
practitioners with valuable tools for evaluating and comparing classification results in various domains,

not limited to BClIs.

1.2.10 Existing Limitations and Thesis Contents

BClIs hold immense potential for transformative advancements across diverse domains, including
healthcare, assistive technology, and human-computer interaction. Of particular interest are non-invasive
BCls, which offer the convenience of real-time implementation and accessibility to a wide range of users.
However, a common limitation of EEG-based BCls is the low quality of the signal-to-noise ratio (SNR)
and the localized nature of the features of interest. Therefore, the utilization of algorithms that enhance
signal quality (e.g., effective artifact removal) and enable global information processing across the scalp
(i.e., source localization) is of particular importance. In particular, EEG-based BCIs encounter several
significant shortcomings that hinder their widespread adoption and curtail their effectiveness.

Shortcoming 1: EEG signals are contaminated with various artifacts, which can be particularly prob-
lematic for real-time applications. Among them, the spontaneous blink represents a significant physio-
logical disturbance, with an average 10% probability that it occurs simultaneously with the neural signal
of interest. Despite their prevalence, the characteristics of blinks are often overlooked and rarely recorded

in a multi-modal fashion that would enable a comprehensive understanding of their nature as muscular
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artifacts.

Shortcoming 2: A critical deficiency to validate EEG research results pertains to the absence of
reported sample size calculations, which are essential for ensuring adequate statistical power to detect
meaningful effects or differences in a study. In other areas of neuroscience-related research, it is common
practice to rely on approximations derived from the Normal distribution for sample size calculations.
However, this approach may lead to substantial discrepancies when compared to results obtained using a
more appropriate distribution that is specifically fitted to the data at hand.

Shortcoming 3: A problematic limitation in artifact correction methods within EEG research is the
inadequate performance of commonly used algorithms when it comes to correcting blink artifacts. ICA,
while intended to separate the underlying cortical components from artifacts, often inadvertently removes
genuine cortical aspects of the signal while retaining remnants of the blink artifact. The variability ob-
served across different reconstructions of the same raw EEG data arises due to the inherent stochastic
nature of ICA, resulting in different outcomes across multiple iterations or runs. This, combined with the
continuous correction of the original signal, even in the absence of detected blinks, introduces unwanted
variability and can potentially distort the underlying neural activity. Such inaccuracies may lead to erro-
neous interpretations and conclusions that can be especially consequential for real-time applications.

Shortcoming 4: A significant limitation in EEG measures in the source space (i.e., after source lo-
calization) lies in the considerable variability observed intra-subject (same subject, different sessions) and
inter-subject. This variability poses challenges for efficient pattern recognition in the temporal domain, as
it hampers the ability to consistently identify and extract meaningful patterns of brain activity over time.
The spatial domain is also affected by this variability, as no optimized subsets of electrodes have been
reported to our knowledge. Finally, the impact of various filtering approaches on the consistency and re-
liability of source localization results remains largely unexplored. These three knowledge gaps hinder the
establishment of standardized and optimized feature extraction methods that can enhance the stability and
robustness of source localization outcomes.

Shortcoming 5: Confusion matrices are a commonly employed method for evaluating classifiers’
performance, yet they only report nominal values, which lack scientific validity and a quantitative measure
of performance. Interpreting them can be challenging, especially when dealing with small sample sizes,
extreme probabilities near O or 1, and imbalanced datasets. Additionally, there is currently no established
method for determining the minimum sample size required to evaluate the statistical difference between

two classifiers.
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Chapter 2 A Large Multi-Modal Dataset of Four BCI
Paradigms using EEG, Eye-Tracker, and High-Speed Camera

This chapter is dedicated to providing reliable data that facilitates the understanding of spontaneous
blinks and the development of a realistic blink model for correcting EEG signals. The resulting dataset
should effectively capture this major physiological disturbance caused by spontaneous blinks, which can
impede the user’s intent (e.g., during movement imagination). Given the uncertainty regarding the possible
differential impact of blinks on EEG signals depending on the BCI paradigm, several tasks are performed
during this experiment.

This large multi-modal dataset is the only online-available one (to the best of our knowledge) that
simultaneously records electrophysiology and videos, along with synchronized eye-tracking. To estimate
the required sample size, an innovative Fitted Distribution Monte Carlo (FDMC) simulation is conducted
during a prospective power analysis. The FDMC analysis reveals that a minimum of 63 sessions is neces-
sary, which is seven times fewer than what is suggested by power tables and 35% less than the estimation
provided by G*Power 3, a widely used software that relies on the Normal distribution for a priori sample
size estimation.

The online-available dataset encompasses a cohort of 31 subjects (both left and right-handed individ-
uals) for a total of 63 sessions, resulting in 2520 examples of MI, ME, and SSVEP, and 5670 examples of
P300. The quality of the data is validated through segmented signal-to-noise ratio (SNR) and source local-
ization plots. This dataset will serve as the foundation for the development of innovative pre-processing
and processing algorithms in this thesis. It has been made publicly available with the intention of facili-

tating analogous eye-related movement analysis or pre-processing and processing algorithms evaluation.

2.1 Introduction

Publicly accessible BCI datasets play a crucial role in promoting transparency and reproducibility
in research. Their availability enables the evaluation and comparison of various approaches while also
facilitating replication, verification, and enhancement of existing work. This fosters a collaborative envi-
ronment, encourages the development of standardized evaluation protocols, and ultimately contributes to
the advancement of BCI technology.

Statistical, practical, and technical aspects should be highlighted to offer insights into the dataset’s
potential strengths and limitations. This will enable other researchers to make well-informed decisions
when using the dataset for their own studies. This notably includes details about the necessary number of

subjects or sessions to guarantee the validity of hypothesis testing on this data.

15



2.1.1 Online BCI Datasets

The availability of online EEG BCI datasets has been steadily increasing, encompassing vari-
ous applications such as motor imagery (often accompanied by motor execution), event-related poten-
tials (such as P300), and steady-state visual evoked potentials (SSVEP). Additionally, datasets focus-
ing on emotion BCI, error-related potentials, visually evoked potentials, slow-cortical potentials, rest-
ing state, as well as eye-blinks and movements can be accessed through https://openbci.com/community/
publicly-available-eeg-datasets/ or https://physionet.org/about/database/. Another example is the BCI
Competition IV dataset, which has become widely used in the EEG BCI data processing literature.

The availability of publicly accessible BCI datasets provides valuable resources for BCI researchers.
However, it is worth noting that datasets dedicated solely to blink recordings capture EEG signals from a
limited number of channels (typically ranging from 2 to 14 electrodes) without incorporating paradigms
suitable for device control. Conversely, datasets recording motor imagery (MI), motor execution (ME),
P300, or SSVEP lack simultaneous acquisition of other physiological data that could be utilized to vali-
date blink detection or provide insights into its characteristics. Most datasets are also characterized by a
relatively small size (number of subjects) and limited quantity (number of sessions/trials), which poses a
risk of overfitting when developing or evaluation new methods. As a result, the scarcity and inadequacy

of publicly accessible datasets may hinder the reliability and reproducibility of BCI research!'4l,

2.1.2 Sample Size Requirements

Analyzing the effect and sample sizes of past research on a particular topic should be the first step in
any study aiming to replicate or expand upon earlier investigations. In the absence of a power analysis, this
step is usually bypassed by adopting “non-rational bases” for determining sample sizes, as Cohen called
them!"!. This encompasses adhering to past practice, making decisions based on data availability, relying
on intuition or personal experience, and following statistical rules of thumb [16].

None of the datasets we encountered incorporated an explicit rationale for the determination of the
number of subjects or sessions. Likewise, only the most recent articles make reference to certain effect size
calculations!!”-131 with one meta-analysis specifically examining MI in healthy participants!'®!. However,
only about half of the articles reviewed focused on the differences between left- and right-hand MI, and
approximately 40% of the papers employed a range of 1 to 8 EEG channels. Yet, source localization,
which will be used for pattern recognition in Chapter 4, is highly influenced by the number of sensors,
and its accuracy diminishes significantly as the number of electrodes decreases!?”!. That is why the effect

size extracted from this meta-analysis could not directly be applied to our a priori sample size estimation.
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2.2 The Great Sample Size

2.2.1 Goal

The user’s intent is expressed by the specific task that the subject will perform during the experiment.
For the sake of simplicity, MI will represent the task to be performed, although the approach detailed in
the following sections applies equivalently to other paradigms.

The primary objective of this section is to estimate the magnitude and direction of effects that occur
when cortical sources are activated through MI. In this context, the term “effect” refers to any results the
study revealed linked to the imagined hand movement. The specific hand involved in the movement is
irrelevant, as it cannot be assumed that findings for one hand can be generalized to the other. Certain brain
sources may either be linked to the left hand, right hand, or both. Therefore, it is necessary to conduct
independent investigations for each distinct imaginary movement (or, more generally, for each specific

task).

2.2.2 Statistical Significance, Effect Size, and Statistical Power

To enhance our understanding of actual effects, regardless of the phenomenon under study, it is crucial
to interpret the statistical significance and the practical significance of the results. Statistical significance
reflects the improbability of the findings, while practical significance relates to their meaningfulness. It
is unfortunate, but not uncommon, for a result to be statistically significant yet trivial. This means that,
although a result may possess statistical significance when a sufficiently large sample size is employed, it
may lack practical significance and therefore have no actionable implications. A statistically significant
result indicates that the observed outcome is unlikely to be due to chance and is inferred from the precision
of the estimate. However, a practically significant result holds meaning in the real world and is inferred
from the size of the effect.

The statistical significance of any result is influenced by both the effect size and the sample size used
to estimate it. Smaller samples are less likely to yield statistically significant results, regardless of the
effect size. Another confounding problem is that estimates need to be tested in order to be detected. Sta-
tistical power thus refers to the likelihood of detecting a genuine effect in a study. Unfortunately, surveys
consistently demonstrate that most studies, particularly in BCI, where effect sizes tend to be small, lack the
necessary power to detect the desired effects. a literature review focusing on human Electroencephalog-
raphy (EEG) and Event-Related Potential (ERP) showed that 0% of the selected studies reported sample
size calculations!!,

A well-designed study typically incorporates a prospective analysis of statistical power. For the cur-
rent investigation, previous research revealed that MI has an effect on the cortical sources. This means
that, while we acknowledge the presence of a genuine effect to be detected, we cannot be certain whether

the algorithms developed in this thesis are able to accurately identify it. It is reasonable to assume that
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this effect is likely to be both small (as previous studies often attribute its undetection to BCI illiteracy)
and significant (as efficient detection of MI would have numerous applications). Therefore, it is probable
that this probably tiny effect would go unnoticed if the sample size was too small.

Cohen’s d index is one of the most commonly used dimensionless effect size metrics, assessing the
statistical level of distinction between two variables belonging to two groups with means M; and M,

[21]. The greater the distance in terms of standard deviations (o) units, the easier these variables can be

separated:
M -M, M, -M M, -M
Cohen's d = — 2= — = 1 - D
o \/0'12+0'22 (-1 o2+(m—1) o2
B ny+n; -2

Typically, studies are designed with an 80% probability of detecting a genuine effect (or a 20% probability
of committing a Type 1II error, i.e., failing to detect the genuine effect). This design choice is based on
the notion that Type I errors should be treated four times more seriously than Type II errors. If the alpha
significance level is set at .05 (indicating a 5% chance of a Type I error), the beta level should be set at .20
(representing a 20% chance of a Type II error).

Statistical tests are assumed to be nondirectional (two-tailed), and the effect size (when not reported
in previous studies) can be derived from a prospective power analysis, where the current study is initially
conducted on a few subjects. The effect size, sample size (or number of observations), and Type I and

Type II errors are interrelated, allowing the determination of any parameter based on the other three.

2.2.3 Prospective Power Analysis

Assuming that the algorithms presented later in this thesis possess the capability to accurately discern
the Signal of Interest (SOI) associated with MI, and that this outcome can be represented as a univariate
variable, the initial phase of the study involves conducting preliminary experiments on a limited number
of subjects. The purpose of these preliminary experiments is to compute the a priori sample size based
on the analysis of this specific variable. By analyzing the data obtained from these initial subjects, the
necessary sample size for subsequent investigations can be determined in advance, ensuring adequate
statistical power for the study.

All calculations presented hereafter are performed under the assumption of the worst-case scenario,
i.e., for the hand yielding the smallest effect sizes. This conservative approach ensures that the analysis
accounts for the most challenging conditions, thereby providing a robust and rigorous evaluation of any

related phenomenon under investigation.

2.2.3.1 Usual A Priori Sample Size Computations

To detect an effect size of r = .03 (derived from the mean effect size obtained in the prospec-
tive power analysis) using a two-tailed test, the estimation of sample size based on approximate cor-

relation power calculation indicates a minimum requirement of N = 8,718 observations given con-
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ventional alpha and power levels for one (This result can be simply found using the following code in
R: pwr::pwr.r.test (n = NULL, r = 0.03, sig.level = 0.05, power = 0.8, alternative = "two.sided")).
This implies that if there are 20 imaginary hand movements per session, a minimum of sessions would be
necessary, which in turn necessitates the participation of subjects, each engaging in 3 sessions.

A more precise approach to calculating the required sample size for a specified power is to utilize
G*Power 322!, The computations are based on the common procedure that investigates a null hypothesis,
stating that two independent samples’ population means are equal (Hy : ms —mpg = 0). The t test on
means can then be computed and compared to the critical value (corresponding to a specific area under
the t-distribution curve). By assessing the effect size from differences observed in the prospective analysis
(matched pairs), an effect size of dz = 0.064 is determined, leading to a minimum sample size of N = 1929
observations with standard alpha and power levels. This would require at least N = 97 sessions or N = 33
subjects participating in 3 sessions each.

It is important to note that G*Power 3 assumes normality in the distribution. If the data distribution
is skewed, the power indicated in the results may not hold for small sample sizes, as the calculations are
based on the normality assumption. An alternative approach is to employ statistical methods that can
accommodate non-normal and heteroscedastic data. Regarding our distribution, it is first necessary to
examine whether it is homogeneous across subjects and/or sessions (i.e., exhibiting a single population

mean) and whether it is normally distributed across subjects and/or sessions.

2.2.3.2 Homogeneity

Homogeneity refers to the assumption that the populations or groups being compared possess sim-
ilar distributions and parameters. Figure 2-1 depicts the values obtained from the prospective power
analysis conducted across multiple subjects, as well as for the three individual sessions of a specific sub-
ject. Following the identification of the signal of interest (with methods detailed in later chapters), the
relevant features of interest (FOI) are extracted. The median of these FOI (limited to those that our al-
gorithms successfully extracted) can then be computed, and each FOI’s distance from the median FOI is
then calculated.

Table 2-1 presents the pooled effect sizes, both Cohen’s d and r, pertaining to the comparison of the
variable of interest during imagined movement versus non-movement conditions across each session of a
specific subject.

A test of homogeneity across sessions is conducted on four subjects who participated in three sessions

each during the prospective analysis. The weighted mean effect size 7 = LN computed along with the

xng
= %,1_7)2 and the variability in all groups in the calculation of

the standard error SE- = \/‘;(—’ where k is the number of sessions.

variance of the sample of correlations v,

The r score can be converted to a z-score with z = S%, which in this case equals 3.99. With a

predetermined significance level fixed at @ = 0.005, the null hypothesis would be rejected in a two-tailed
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Figure 2-1 Violin plots showing the distance between each feature of interest (FOI) and the
median FOI in (A) five subjects and (B) all three sessions for one subject (S05); the black dot
represents the median

Table 2—-1 Pooled effect sizes (Cohen’s d and r) during imagined movement versus non-movement

conditions for subject S05

Number of detected task-related Pooled Cohen’s d effect Pooled r effect size

Session

brain source activations size with a 95% CI with a 95% CI
Sess01 58 0.26 [-0.11, 0.63] 0.13 [-0.05, 0.3]
Sess02 55 0.39 [0.02, 0.77] 0.19 [0.01, 0.36]
Sess03 39 0.78 [-0.32, 1.24] 0.36 [0.16, 0.53]

test whenever the z-score exceeds z,/, = 1.96. Since the calculated z-score is greater than the critical
value of z for the chosen standard of significance, the mean is statistically significant. Therefore, the mean
correlation with a 95% confidence interval (CI = F+z,,*SEF) across sessionsis 7 = 0.211[0.107, 0.314].

A small confidence interval indicates that the distribution of effect sizes is likely to be homogeneous.
To test this hypothesis (i.e., that there is only a single population mean), the Q statistic can be calculated to
quantify the degree of difference between the observed and expected effect sizes with Q = 3 (n;—1) (r;—7)>
which in this example is equal to 1.241. The critical values that intersect @ = 0.05 and three degrees
of freedom is 7.815. As the computed Q statistic does not exceed this critical value, the homogeneity
hypothesis cannot be rejected.

For every subject that underwent three experiments in the prospective analysis, the corresponding O
statistic does not exceed this critical value. This means that the population of effect sizes is homogeneous,
or, in other words, similar effects are being observed across sessions (as one would expect).

Similar calculations across the five subjects yield a Q statistic equal to 11.019 which does not exceed
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the critical value of 11.070 for five degrees of freedom. This implies that the homogeneity of the effect size
population across subjects is present, albeit with a lower level of confidence compared to the homogeneity

observed within sessions of an individual subject.

2.2.3.3 Fitting to Common Distribution

Having established the presence of homogeneity in the data, the focus shifts towards investigating the
distribution, with a particular emphasis on assessing whether the data follows a normal distribution. Un-
derstanding the distribution of the data is crucial, as it facilitates informed decision-making regarding the
selection of suitable statistical tests. If the data is normally distributed, the results obtained with G*Power
3 can be used. On the other hand, if the data deviates from normality, we need to devise alternative
distribution-free methods to ensure accurate and reliable analyses.

Testing for all known distributions would be incredibly time-consuming. Instead, common distribu-
tions are arbitrarily chosen to test whether the CP distribution can be fitted to one of them. The univari-

ateML library is used in R to test for nearly 30 common distributions!?*!.

Table 2-2 Fitted common distributions for the distance per subject

Subject CVM AD KS AIC BIC Choice
Skew Skew
No No No . .
SO1 o o o Generalized Pareto Generalized
distribution  distribution distribution
Error Error
Skew
No No No Skew Inverse .
S02 o o o . Generalized
distribution distribution distribution Student-t Weibull
Error
Skew
No No No Skew Inverse .
S03 o o o . Generalized
distribution  distribution distribution Student-t Weibull
Error
Skew
No No No Skew Inverse .
S04 o o o . Generalized
distribution  distribution  distribution  Student-t Weibull
Error
Skew Skew Skew
No No No . . .
S05 o o o Generalized Generalized Generalized
distribution  distribution distribution
Error Error Error

The Kolmogorov-Smirnov (KS), Cramer von Mises (CVM), and Anderson-Darling (AD) statistics
are popular goodness-of-fit tests. The KS distance is defined as the largest absolute difference between
the CP distribution CDF and the hypothesized underlying distribution CDF evaluated at any point. The

CVM distance is obtained by taking the square root of the sum of the squared differences between the two
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distributions. Finally, the AD test uses the fact that if the data arises from the hypothesized distribution,
the CDF can be assumed to follow a uniform distribution.

To complete this analysis, Akaike information criterion (AIC) and Bayesian information criterion
(BIC) are also computed. AIC estimates the relative amount of information lost by a given model, and
thus deals with the trade-off between the goodness of fit and the simplicity of the model. BIC is based, in
part, on the likelihood function, and is closely related to AIC. Both AIC and BIC try to avoid overfitting
but do not provide a test of a model in the sense of testing a null hypothesis. They merely give intel on the
relative quality to other models.

By definition, AIC and BIC always give a result, since they rank the tested statistical models. The
preferred model is merely the one with the minimum value. On the other hand, CVM, AD and KS rely
on testing a null hypothesis. For a candidate model, if the P-value is ”small”, the null hypothesis will
be rejected, meaning that the test failed to show that the considered distribution follows the candidate
distribution.

All these tests cannot find the ’best” distribution. On the contrary, by considering all these statistics,
one can infer which distribution is the least less likely. This is the reason why these different tests are
computed along with visual inspection of the Q-Q and P-P plots to provide an informed choice on the

fitted distribution. The results are summarized in Table 2-2.

A Empirical and theoretical densities B Q-Q plot

200 o pe
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Figure 2-2 Visual comparison of four fitted distributions (three from Table 2-2 plus the normal
one) for subject (S05) (A) empirical and theoretical densities, (B) Q-Q plot, (C) empirical and
theoretical CDFs, and (D) P-P plot
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The empirical and theoretical distributions, as well as the CDFs, Q-Q plot, and P-P plot, can be
displayed using an adapted code from the fitdistrplus library (see Figure 2-2). Among the four represented
distributions, the normal one gives the worst results for SO3, while the Inverse Weibull distribution gives
the worst fits for SO1. The skew generalized error distribution, followed by the Pareto one, gives the most
constant results across subjects.

The Skew Generalized Error Distribution (SGED) possesses the ability to effectively represent data
exhibiting skewness and heavy tails. This characteristic is particularly of interest due to the asymmetrical
nature of the empirical distance. The SGED offers greater flexibility, allowing for the inclusion of excep-
tional observations without exerting excessive influence on the estimation of distribution parameters/>*!.
Consequently, the SGED is chosen to represent the distance distribution, resulting in the least less likely

distribution that will provide a better goodness of fit for the empirical data.

2.2.3.4 Fitted Distribution Monte Carlo (FDMC) Simulation for A Priori Sample Size Es-
timation

Neither the distance distribution per subject nor the overall distance distribution can be assumed to be

Gaussian. Hence, it would be incorrect to directly use the Central Limit Theorem. Instead, Monte Carlo

simulation (or parametric bootstrapping) can generate samples from the fitted to the empirical distance

distribution (here the skew generalized error) and calculate the sample size required to reach a given

power for a new EEG experiment.

Effect sizes

Power

0 500 1000 1500 2000
Sample Size

Figure 2-3 Monte Carlo simulation using the skew generalized error distribution (SGED) for five

different Cohen’s d effect sizes (prospective power analysis conservative effect size d = 0.1
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Several effect sizes derived from the prospective power analysis are tested to compute the minimum
sample size required to achieve an 80% power target (from very small to medium: d = 0.05, d = 0.1,
d =02,d =0.3,and d = 0.5). As usual, the significance level is fixed at « = 0.05, and the power at
0.8 (8 = 0.2). The Monte Carlo power analysis using the SGED as the fitted distribution for these five
different effect sizes is displayed in Figure 2-3.

The FDMC simulation highly depends on the effect size estimated from the prospective power anal-
ysis. Given that the smallest effect size was found to be around in this analysis, this conservative Cohen’s
d was deemed representative and employed for the a priori sample size estimation. In that case, the min-
imum number of observations should be equal to N = 1,250 observations, assuming standard alpha and
power levels. This would necessitate a minimum of N = 63 sessions or N = 21 subjects, with each subject

participating in 3 sessions.

2.3 The Story of Participants

The study protocol was approved by the local ethics committee of Shanghai Jiaotong University.
All volunteers signed an informed consent form explaining the experiment that allows to publish their
anonymized data. Thirty-one healthy individuals voluntarily participated in the study (11 women and 20
men, mean age 29+7, range 20—57 ). Among them, 14 participants completed a single session, 2 attended

two sessions, and 15 achieved three sessions, for a total of 63 sessions.

Outer Canthi Distance
b

Inner Canthi Distance

v Y20 21 205

19 22 23
H o 7
‘38030 - 4445
Jaw Width -iy v W, 041" 0 84504740
- 7 o
{ | | .

s
>,

1 >
) #51 452 ¥53
Left Eye Width *50 60 403 o4 'S L
" " oy AT o 461 +6555
Right Eye Width % o g 06

*R3530 8% ‘5

5
' 50 gy *5T

Figure 2—4 (A) Five subject-specific distances computed from (B) the 68 points iBUG 300-W
dataset defined face regions. Informed consent was obtained from the individual in the figure for
the publication of the images.
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At the beginning of the first session, subjects were handed out a comprehensive questionnaire!>!
completed with physical characteristics (such as height, skull diameter, eye correction) and the Edimburg
Handedness Questionnaire!?®. All subjects were kept in the study, regardless of their handedness or fa-
miliarity with BCI. The participants are hereafter identified only by their aliases ”S01” to ”’S31” and some

of their characteristics are summarized in Table 2-3.

Table 2-3 Demographic description and a few physical characteristics of the participants; R. for
right, L. for left, D. for decile

~~
/a 8 172 @ (7))
—~ b= = x 8 > >
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=] .2 =) LS i) ) —
Q ~ i~ =S - [} o U
~ g T o 3 = 2
) 5 A S| “g —~ ) LS} [aa)
s 2% ¥ 2 E OB g T %
2] = = =
g 52 2 £ ¢ § T T = 5 £ %
o H T e & E Y 2 o is = <
b~ [=] .- o — — — — >
e < [ (5] E m —g = ~ 5) = =
2 @) ) = : g =) = = = = 3 =
n 3] = = o — =) O e > S
Q 172} o Q = =i 2 =
< o= 0] | 8a] Q < E
=t = =~ < o= 2]
O S 8 8 = %D é
= 2 o < 3 < <
S01 30 F 176 56 37 500 550 75 4th R. 76.67 FR Very Yes
S02 30 M 176 57 38 250 230 95 9th R. 90 FR A little Yes
S03 25 M 181 58 36 200 200 100 10th R. 100 ES Very No
S04 25 M 170 57.5 37 600 600 -30 Ist L. -26.67 ZH A little No
S05 23 F 163 56 35 850 900 80 SthR. 86.67 ZH No Yes
S06 25 F 168 57 33 0 0 25 Middle 3333 ZH Very No
S07 20 M 165 58 36 200 150 60 2nd R. 66.67 ZH Very Yes
S08 38 F 160 53 31 500 500 90 7th R. 73.33 ZH Very No
S09 29 M 185 59 38 175 150 75 4th R. 76.67 FA Very Yes
S10 28 M 186 56 37 200 100 100 10th R. 100 FR Very No
S11 29 F 170 54 33 100 100 75 4th R. 76.67 ZH A little Yes
S12 24 F 165 55 35 75 50 85 6th R. 83.33 RU Very Yes
S13 23 M 179 57 37 425 375 -40 IstL. -46.67 ZH A little Yes
S14 27 M 180 61 39 300 300 95 9th R. 96.67 ZH A little Yes
S15 24 F 170 53 34 750 750 90 7thR. 93.33 ZH Very No
S16 22 M 172 60 34 900 800 95 9th R. 90 ZH Very No
S17 24 M 186 61 39 400 400 -25 Middle -26.67 ZH A little Yes
S18 26 M 182 57 37 175 175 80 S5th R. 86.67 EN Very Yes
S19 32 M 180 57 36 0 0 55 IstR. 50 FR Very No
S20 27 F 159 56 33 350 350 100 10th D. 96.67 ZH A little No
S21 36 F 178 55 38 100 100 40 Middle 33.33 FR A little No
S22 35 M 184 57 34 0 0 75 4th R. 70 FR A little No
S23 23 M 182 57 37 550 550 100 10th R. 100 FR A little No
S24 30 M 178 59 35 800 800 100 10th R. 100 ZH Very Yes
S25 26 M 158 59 38 0 -200 80 Sth R. 86.67 FR Very No
S26 33 M 182 57 38 0 0 100 10th R. 100 FR Very No
S27 25 M 175 57 33 300 200 35 Middle 2333 ZH Very Yes
S28 32 F 160 54 34 NA NA 100 10th R. 96.67 FR No No
S29 32 M 168 57 36 0 0 65 2nd R. 73.33 FR Very No
S30 57 F 170 56 34 NA NA 50 IstR. 60 FR A little No
S31 28 M 186 57 36 NA NA 80 5thR. 80 EN & FR A little No

Pictures were also taken for each subject. A facial landmark detector trained on the 68 points anno-
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tated dataset from the 300 Faces In-The-Wild Challenge (iBUG 300-W)?”! was implemented to extract
individual facial features. Figure 2—4 shows the resulting facial landmarks from which seven face regions
are defined: jaw, mouth, nose, left and right eye, and eyebrow. Since these facial landmarks are calcu-
lated in pixels, distances in the metric system are needed to compare data from different photographs shot
from the same distance and angle. Five subject-specific measures are then computed: Left and Right Eye

Width, Inner and Outer Canthi Distance, and Upper Nose to Lower Chin Distance.

2.4 The Paradigms Code

The subjects performed all the four following BCI tasks: Motor Imagery (MI), Motor Execution
(ME), Steady-state visual evoked potentials (SSVEP) and P300 visual evoked potentials. Constrained by
hardware storage capacities and to reduce user fatigue, each BCI segment has been limited to a maximum
of 14 min recording. The P300 speller task, lasting for 24 min, has been divided into two parts: one
for spelling four-letter words (P3004L) and the other one for spelling five-letter words (P3005L). Every
session is composed of these five paradigms, randomly ordered at the beginning of the session. A complete
session lasts in average 45 minutes, not counting the breaks and time dedicated to the questionnaires. The
P3005L is the only task consisting of 50 trials. The other tasks all contain 40 trials.

All BCI tasks have a similar structure design. Each paradigm starts with a message greeting the
participants, while a 300 trigger code is sent and a Welcome cue is recorded. Trials vary depending on the
BClI task. At the end of all trials, a message thanks the volunteers for their participation. This final step is
recorded with a 300 trigger code and a Goodbye cue. Trials last for a fixed time linked to the paradigm.
On the other hand, the Welcome and Goodbye recording times vary depending on when the experimenter

launches and stops the Python code.

24.1 Paradigm #1: MI

Subjects are instructed to perform a grasping with kinesthetic motor imagination, using the left or
right hand with all the fingers. The 40 trials are randomly distributed between 20 Left MI and 20 Right MI.
At the start of each trial, a white fixation cross appears in the center of the screen for 2s. A red rectangle
cue then appears randomly on the left or the right side of the cross for 4s. At this cue onset, subjects start
to repeatedly imagine grasping the corresponding hand 3 times with a self-paced speed of approximately
1 Hz.

The trial ends with the fixation cross and the red rectangle cue disappearing during a random rest of 1
-1.5s, allowing for relaxation while avoiding the subject’s adaptation. The trigger code sent indicates the
number of the trial, whereas the cue is respectively recorded as “Fixation”, "Left” or "Right”, and "Break

Random” (see Figure 2-5).
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Figure 2-5 Chronology of the five paradigms: Motor Imagery and Motor Execution of a 1 Hz
frequency hand grasping; multi-frequencies Steady-State Visual Evoked Potentials; P300 speller
for four-letter and five-letter words
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24.2 Paradigm #2: ME

The experimental paradigm for motor execution (ME) is the same as the one used for MI (Figure 2-
5). The trigger codes and cues are also unchanged. The only difference is that the participants physically

perform the hand grasping movements.

2.4.3 Paradigm #3: SSVEP

Stimuli consist of four checkerboards reversing black and white at a fixed frequency (10 Hz, 13 Hz,
12 Hz, and 11 Hz, respectively), each located in a monitor quadrant (upper-left, upper-right, lower-left,
lower-right). The 40 trials are randomly ordered and equally distributed between each target frequency.
At the beginning of each trial, a red arrow indicates during 2s where to gaze. This is followed by a brief
black screen for 0.5s.

Participants then fixate the target stimulus during 4.5s. Finally, a black screen is displayed during
a random rest of 1 - 1.5s. The trigger code corresponds to the number of the trial, whereas the cue is
respectively recorded as “’Stimulus”, ”Break”, ”F Hz” (where F is either 10, 11, 12 or 13), and ”Break

Random” (Figure 2-5).

2.4.4 Paradigm #4: P3004L (P300 for Four Letters Word)

2.4.4.1 Stimulation Sequence

In the classic visual oddball paradigm, the detection of the P3b is used to infer the targeted stimulus.
In particular, the widely used Farwell and Donchin speller consists of a matrix whose cells are flashed
alternately. A sequence is complete when all cells have been highlighted in the matrix. Each image
generally highlights six symbols, and six images form a sequence. Three consecutive sequences usually
constitute a trial. Originally, the six cells are grouped according to the row/column paradigm (RCP),
where a whole row or a whole column is flashed!?®!. The checkerboard paradigm (CBP) has demonstrated
a significant increase in performance over the RCP by avoiding vertical or horizontal adjacent letters!?-3%!,

In this experiment, we used the traditional white/gray flicker matrix containing the 26 letters of the
Latin alphabet followed by the Arabic numerals from 1 to 9 and the hyphen-minus. For each trial, the
three sequences are randomly chosen from 120 sequences generated using the CBP principle. Once all 36
symbols have been split into six groups, this algorithm is repeated 120 times. This algorithm can generate
approximately 250 000 compatible images (from C§, ~ 2000000 images including adjacent characters)
yielding around 4000 CBP sequences. A sequence is built from the following algorithm 2-1 generating

six valid images.

28



Algorithm 2-1 Pseudo-code to generate CBP sequence for BCI P300 speller

Data: a list of 36 characters C; AD list of horizontal and vertical adjacent characters.

AS(c;) =c¢i_6, Ci_1,Ci» Ciz1, Cire if they exist: ¢;_¢ if i > 6, c;_y if modulo(i,6) > 1,
ciy1 if modulo(i, 6) > 0, c;y6if i < 31
Result: a sequence S of six images, each highlighting six characters
1 Initialize sequence and list of available characters: S = {}; AC = C

2 fori=11t 6do

3 ACI = AC;J = {};FCI = {}, // Initialize available, chosen, and
forbidden characters for the current
image

4 for j =11 6do

5 if FCINAC =9 // No forbidden character should be in the
available ones

6 then

7 c:random(ACI) // Randomly choose a symbol

8 IM=1IMU {C} // Saving chosen symbol

9 ACIZACI—AD(C) // Remove adjacent symbols from available
ones

10 AC=AC-c // Remove chosen character from available
ones for all remaining images

11 FCI=FCIUAD(c) // saving forbidden characters

12 if j = 6 then

13 ‘ S=SuU{IM} // Save image containing six characters

14 end

15 else

16 ‘ break // Break when not enough remaining symbols

17 end

18 end

19 end

20 if card(S) = 6 then

21 ‘ return §

22 end

24.42 Cue and Trigger

Subjects are asked to spell words by focusing on each letter’s color change. The letter is originally
gray on a dark background and becomes white three times. The participant mentally counts up to three
every time the letter is highlighted. The target letter is first circled with a green ellipse. This ellipse
disappears as soon as the letters start to be highlighted. Participants are requested to spell 10 four-letter

words: HOME, WITH, WHAT, GOOD, YOUR, FROM, MUCH, THEM, 6-17, and 2345. These words

29



are randomly ordered and result in 40 letters to spell. At the beginning of each trial, the current word is
displayed in white in the upper-left quadrant of the screen, whereas the green ellipse surrounds the target
letter for 1s. A black screen then appears for 1s, followed by a 3-complete sequence (3CS) of flashing
letters that lasts for 4s.

2.4.5 Paradigm #5: P3005L (P300 for Five Letters Word)

The experimental paradigm for P3005L is the same as the one used for P3004L (Figure 2-5). The
only difference is the change from four to five-letter words: ABOUT, BLACK, ENJOY, PRIZE, EQUAL,
FALSE, HEAVY, EXACT, JUNS88, and 13-59.

2.5 A Walk in the Hardware Acquisition

Three devices simultaneously record subjects sitting at an approximate 80 cm distance from a 23-
inch TFT monitor (see Figure 2-6). The sound-attenuated and electromagnetically-shielded chamber is
designed specifically for EEG recordings. To avoid head movements, participants are asked to keep their
head on a chin rest while performing a BCI task. The headrest is fixed to the table with an angle of around
20°. Between two paradigms, subjects can freely move to relax. The monitor is a screen unit of the Tobii
TX300 Eye-Tracker (Tobii Technology AB, Stockholm, Sweden) with a 1920 x 1080 pixel resolution at a
refresh rate of 60 Hz.

A High-speed camera

o

Figure 2—-6 Data acquisition environment. Informed consent was obtained from the individual in
the figure for the publication of the images.

2.5.1 EEG

A 65-channel Quik-cap acquires signals through a SynAmps2 system connected to an amplifier (Com-
pumedics, Neuroscan). 62 EEG electrodes are placed according to the extended 10/20 system. The refer-

ence is located on the right mastoid (M1), with the ground electrode on the forehead. A bipolar vertical
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EOG channel records the potentials with two electrodes placed above and below the left eye. The electrical
activity produced by the Levator Palpebrae Superioris and the Orbicularis Oculi muscles around the right
eye are recorded by two EMG electrodes. These electrodes are attached at the middle of the upper and
lower eyelids, respectively. EMG activity is typically recommended to be sampled at a minimum of 1000
Hz, whereas EEG is commonly recorded at 250 Hz. Since the electrodes send data to the same system,

the protocol globally records the continuous signals at a 1000 Hz sampling frequency.

2.5.2 Eye-Tracker

An eye-tracker (Tobii TX300) collects gaze-related data at 300 Hz. Eyeball position is calculated
using the data from the pupil eye tracking system. This system uses an illuminator first placed closer, then
further away to the optical axis of the imaging device, causing the pupil to appear subsequently lit up and

black, respectively.

2.5.3 High-Speed Camera

A high-speed camera (Phantom Miro M310) captures a single eye with a resolution of 320%240 pixels.
This is the smallest mode, allowing for a whole eye to be framed with a little margin in case of minor head
movements. The focus is on the left eye, considering that the attached EOG electrodes are further away
from the eyelids compared to the ones on the right eye. The eyelid position can then be extracted from the

video, with both eyes being assumed to blink symmetrically.

2.5.4 Multi-Modal Acquisition

The cues are generated by the E-Prime software and displayed on the presentation screen. To avoid
hardware limitations, the Tobii TX300 inner clock is used. By default, gaze-related data is recorded every
3.3 milliseconds. Thus, other sampling rates should be proportional to this amount. The Phantom high-
speed camera has a maximum internal memory of 10 GB. With the mentioned resolution and a similar
frequency to Tobii’s ( 300 fps), the maximum recording time is around seven minutes.

To prevent data loss, the video sampling frequency is chosen at 150 fps. A binary trigger is sent from
E-Prime every 6.6 milliseconds to an Arduino Nano (Atmega 328). This signal is then converted into a
square wave, used as an external input to control the opening of the Phantom camera shutter. High-speed
videos are directly recorded on the Phantom internal memory. After each task, the data is transferred and
saved on a computer through the Phantom software.

The same E-Prime-generated trigger is also sent directly to the Neuroscan software, allowing for
synchronousness between EEG and video recordings. The Tobii TX300 can not receive triggers with such
a high frequency. To bypass this limitation, a light sensor detects the appearance of a white rectangle at the

bottom right of the presentation screen at the start of each trial. Its output simultaneously sends a trigger
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to the Tobii software using the Cedrus StimTracker, in order to provide a common time base across the

three devices.

Control station:

E-Prime
Binary trigger

Presentation
screen

Transform

StimTracker Arduino

Il | Square trigger

Neuroscan !
)

EEG/EMG/EOG

Eye-tracker Videos

recordings recordings

@ )

Figure 2-7 Experiment flowchart ensuring a common time base across the three devices: EEG,

eye-tracking, and high-speed camera

The four programs (E-Prime, Neuroscan, Phantom, and Tobii) are run on two computers to prevent
any RAM-related issues. The E-Prime computer is designated as the control station. It displays the cues
on the presentation screen and records the eye-tracker data using the Tobii software. The second computer
runs the two remaining softwares. A Python code is launched at the beginning of the experiment to
automatically start and stop the recordings. At the end of each session, data synchronization is checked

for consistency. The whole experiment flowchart is summarized in Figure 2-7.
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A session started by randomly choosing the order of the paradigms. Participants were asked a few
questions to assess their global condition (e.g., sleepiness, coffee intake, hunger). A session was punctu-
ated by regular breaks to limit tiredness. During these interruptions, subjects were also asked about their
degree of alertness (DOA), potential mistakes, or whether any exterior distraction occurred.

Technical details about the experiment and all necessary explanations about the global setup as well
as the computer codes to reproduce the experiment are available online at https://github.com/QinXinlan/
EEG-experiment-to-understand-differences-in-blinking. All data is also directly downloadable at https:

/Iwww kaggle.com/qinxinlaneva/datasets.

2.6 'When Signal-to-Noise Ratio (SNR) Met Plots

Large-scale patterns of synchronized neuronal activity are inherently nonlinear and non- stationary.
When considering a specific task, the mean and covariance properties generally change over different time
segments. Theoretically, this nonstationarity reflects the different stages of a self-organized process'!l.
The high inter-segment (or, more largely, inter-trial) variability coupled with possible time-varying rela-

tionships between the different measurement channels induces the non-Gaussianity of the signals.

2.6.1 Noise Characteristics

For an EEG electrode, the measured time series x is recorded at each instant . Hereafter, the dis-
crete time series will be noted symbolically as much as possible, without referring explicitly to the time:
x = x(t). The measured signal x is assumed to consist of the signal of interest (SOI) s and some additive
noise n¢, the latter being generally interpreted as anything that is not the SOI: x = s + n“.

This SOI happens when the desired cortical sources are activated by a specific event, for instance, in
response to a certain stimulus. The investigated brain source(s) can be obscured by the brain’s spontaneous
activity and other observational noise. In particular, nonsystematic noise may arise from the recordings,
the subject, or the task. In its broader meaning, noise can be decomposed into four components: (1) basic
noise n”, (2) added event-generated noise, (3) subtracted event-generated noise, and (4) signal variance-
generated noise. The first part is the noise that is always present, regardless of whether the event occurred.

Any activated cortical source is likely to occur at shifting times and varying intensities, depending
on the trial. Throughout an event, many cortical sources are activated, along with the SOI brain source(s).
Some of them can be specifically generated by the event (added noise), while others will be suppressed
because of it (subtracted noise). Both event- generated noises will be referred to altogether as n°.

Assuming that the SOI cortical source can be detected (in spite of the latency variability), its intensity
will still differ depending on the epoch. Traditionally, the SOI is presumed uncorrelated to the background
EEG activity. Thus, when there is no event, the SOI should be equal to zero.

To compare similar signals across epochs, the signal is commonly first centered. Every epoch is
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subtracted by the mean of the signal calculated before the SOI happens during a time length T, for instance,
between #; = 100 ms before the event to the start of the event at t, = 0 ms?!. The baseline-corrected

measured signal at an epoch x{ is then given by:
X{=s;+n+n; =5+mn 2-2)

Where s is the mean of the SOI. To simplify, afterward x will refer to the baseline- corrected measure

signal instead of writing x¢. The whole noise during an epoch n; is thus defined as:
— < b e _ b s
n;=s;—S+n; +n; =n; +n; (2-3)

The centered basic noise n” is assumed to be stationary and ergodic and can be represented by its variance
since its mean is zero. On the other hand, since they are time-dependent, the added and subtracted event-
generated noises n¢ can not be assumed to be ergodic. Similarly, it is unlikely that the signal variance-
generated noise is ergodic. For instance, the subject might get used to the task during the experiment,
and the habituation would change the intensity of the SOI. Also, the electrodes could move slightly, or a
myriad of reasons could cause this variability.

The measurement of specific components time series can be carried out through peaks or areas. The
peak measurement approach presumes that the effect under investigation is large enough to be easily iden-
tified on both single trials and ERPs. Depending on the time series characteristics, the global maximum,
several local maxima (resp. minima), or other parametric choices could be of interest. For smaller effect
sizes, the high epochs’ variability may render the analysis of single points meaningless. In this case, the
area under the curve is usually favored3!,

To distinguish between the theoretical value of the expected mean E (resp. variance V) and its prac-
tical computation, the symbol changes from a double-struck to a single-struck E (resp. V). In practice,
the mean (resp. variance) cannot be calculated on an infinity number of trials. The sample mean is an

unbiased!®! estimator of the population mean, which can be computed with:

L&y
F0=y 2 Of % () -4
And the unbiased variance is:
v L Sl ) 2 h s
(x)—m;;OJ(xi<r>—x(r>) -5)

2.6.2 Signal-to-Noise Ratio

By definition, the signal-to-noise ratio (SNR) is the dimensionless ratio between the level of a desired

signal (i.e., signal power) and the level of background noise (i.e., noise power). It can be measured for a
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single trial SN Ry or for the grand average (GA) of all trials SNRs 4 . The GA of an event-related potential
(ERP) usually exhibits a higher signal power for a lower noise power, and hence a better SNR.

When the brain patterns under investigation are buried in the rest of the signal (e.g., background EEG),
the SNR will be small and the relevant patterns hard to detect (small effect size). On the other hand, a
large SNR will simplify the BCI’s detection and classification. Enhancing the SNR of event-related brain
responses effectively and reliably is therefore of paramount importance to obtain a reliable estimate for
single trials.

For a single trial, the measured signal can be expressed as the sum of the mean SOI and the whole
noise x; = 5 + n;, or equivalently the sum of the (varying) SOI and the centered basic noise x; = s; + n?.
The mean SOI is constant by assumption and thus independent of the noise. Similarly, the centered basic
noise is postulated to be stationary and ergodic, and hence independent of the SOI. The power P of the

measured signal, defined as the expected value of the squared signal, can then be written as:
P(x;) = E[x]] = B[s] + 2% s; % n) + (n})’]

= E[slz] +2 % E[s;] = E[nf’] + E[(nf’)2] (2-6)

Since the mean of the basic noise is assumed to be equal to zero, E[nib] =nb = 0, the power of the

measured signal is simply:
P(x;) = E[s{] +E[(n})’] = P(s;) +P(n}) -7

The SNR of a single trial can then be expressed as the ratio between the signal power P(s;) and the basic

noise power P(n?):

P(nsTig'ml) _P(s) P(x;) —P(”?) _ P(x) _
P(n;oise) - P(nf’) B P(l’lf’) N P(nf’)

SNRy = (2-8)
The centered basic noise n” being postulated as stationary and ergodic, its power can be calculated on any
time interval. This means that the noise power can be calculated directly from the recorded signal before
(or after) the SOI. With ¢, being the start of the noise, the SNR can then be computed with:
T
~ 27 fo X0

SNRy = -1 2-9)

1 N 1 n+T 2
~ iz 7 ), X

2.7 Summary of Results and Discussion

2.7.1 A Priori Sample Size Estimation

A prospective power analysis was conducted on five subjects to estimate the necessary total number

of sessions (and subjects) needed to achieve statistically significant results. Three different approaches,
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each based on different assumptions, were employed to estimate the required a priori sample size. The
traditional method of approximating correlation power using power tables is a simplified and straightfor-
ward method but has limited accuracy. G*Power 3, a widely used software for statistical power analysis,
provides a fast and convenient means of estimating the sample size but also relies on the Gaussian as-
sumption.

To address these limitations, a new method called Fitted Distribution Monte Carlo (FDMC) simu-
lation was developed in this thesis for estimating the a priori sample size. FDMC selects the least likely
distribution from a pool of nearly 30 common distributions and treats it as an input of equal importance
to the effect size, significance level, and power. Compared to the power tables, FDMC yielded a required
sample size that was approximately seven times smaller, and 35% smaller than the sample size estimated
by G*Power 3 (i.e., with the Normal distribution) (Table 2-4).

Table 2—-4 A priori sample size estimation comparison from three methods (* fitted distribution

from the prospective power analysis)

Minimum sample

C tational
Method Variability Distribution — size (number of y omputatona
ime
sessions)
Power tables No Normal 436 ~1s
G*Power 3 Yes Normal 97 ~1 min
Fitted Distribution .
Fitted
Monte Carlo Yes 63 ~5h
(SGED¥*)
(FDMCOC)

It is important to note that if the fitted distribution is indeed Normal, then FDMC will produce
similar results to G*Power 3. In such cases, G*Power 3 should be preferred due to its significantly shorter
computational time. However, in most real-life scenarios, the distribution of interest is unlikely to be
Gaussian, especially when dealing with small sample sizes such as the ones usually encountered in BCI

applications. Therefore, FDMC will yield a more accurate and easier to implement a priori sample size.

2.7.2 Segmented SNR and Source Localization Plots

Event Related Desynchronization (ERD, reduction in power) in the beta band during MI has been
extensively documented in the literature. After cleaning and removal of bad channels (detailed in Chapter
3) and identification of the SOI (outlined in Chapter 4), the EEG data is averaged per subject, and the
SNR plots are computed using Equation (2-9). The topographical distribution of SNR in the beta band
(12.5-30 Hz) for both Left and Right MI is illustrated in Figure 2-8.

The SNR plot represents the average over time at each electrode. Source localization can also be

36



A Left Ml B Right M

Figure 2-8 Segmented SNR topographies in the beta band (12.5-30 Hz) for both Left and Right
MI (only the ’good” electrodes are represented)

calculated at each time point with eLORETA and plotted at the time of interest (TOI) corresponding to
the SOI (see Chapter 4 for more details). The eLORETA 3D representation of the TOI in the beta band
for both Left and Right MI is depicted in Figure 2-9.

A Leftmi B Rightmi

Figure 2-9 Source localization plot in the beta band (12.5-30 Hz) for both Left and Right MI

The juxtaposition of these two plot types accentuates the uniformity, whether intentionally chosen
or arising from the computations, observed in the majority of conventional plots. However, we argue that
the nature of the recorded EEG signals is characterized by irregularity and should thus be represented as
such. This decision does not impact subsequent calculations but serves as a reminder of the distinctive

nature of the signals under investigation.
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2.8 Conclusion and Highlights

In this work, we publish a large dataset simultaneously recording electrophysiology and videos, along
with synchronized eye-tracking, facilitating the investigation of spontaneous blinks. Data include a com-
bination of Electroencephalography (EEG), Electrooculography (EOG), and Electromyography (EMG),
which capture this major physiological disturbance impeding the user’s intent.

The dataset includes four common BCI tasks: 1) motor imagery (MI) of the right or left hand, 2)
motor execution (ME) of the right or left hand, 3) steady-state visual evoked potential (SSVEP), and 4)
P300 BCI speller. An a priori sample estimation led to the data collection from 31 subjects, 63 sessions,
resulting in 2520 examples of MI, ME, and SSVEP, and 5670 examples of P300. To the best of our
knowledge, the current dataset is the sole existing resource focused on capturing various aspects of blinks
through a multi-modal setup, allowing for the validation (or rejection) of insights previously derived from
EEG alone.

The crucial points to be emphasized are:

* The Fitted Distribution Monte Carlo (FDMC) simulation for a priori sample size estimation de-

veloped in this thesis gives more practical and accurate results than other existing methods (seven
times less sessions compared to power tables, and 35% less compared to G*Power 3).

* Participants characteristics are gathered from questionnaires, measures, and pictures (facial land-
marks’ extraction). Such data is rarely reported in datasets yet can be very useful for the compre-
hension of physiological signals.

* For replicability and robustness, the whole experimental process is detailed, and the code is shared
at https://github.com/QinXinlan/EEG-experiment-to-understand-differences-in-blinking.

e The multimodal dataset from the thirty-one subjects (62 EEG, 2 EMG, 1 EOG electrodes, 1
eye-tracker, 1 high-speed video camera) is also directly available at https://www .kaggle.com/
ginxinlaneva/datasets.

This dataset will be used throughout this thesis to develop innovative algorithms for pre- processing
and processing. It has been collected to overcome the first two shortcomings listed in Chapter 1. New
(offline and real-time) EEG artifact correction or classification algorithms may be efficiently tested on
these data, and acquisition of similar multi-modal datasets can be easily reproduced as all required code

and data is provided online.
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Chapter 3 Adaptive Blink Correction and De-drifting (ABCD)
Algorithm

This chapter aims at developing a novel method for accurate blink correction in EEG signals. The
objective is to create an algorithm that can be used in real-time, without the need for additional sensors,
and that only corrects the identified artifacts, avoiding systematic corrections. To achieve these goals, a
realistic blink model needs to be derived from the data obtained in the experiment described in Chapter 2.

Blinks are detected from both EEG signals and the high-speed videos, allowing for verification by
cross-checking the blinks detected from both modalities. The displacement of the upper eyelid is found to
be correlated with the potential maximum during a blink. The resulting distribution of blink peaks exhibits
significant inter- and intra-subject variability. This warrants the classification of blinks per subject and per
class, where a class consists of all blinks falling within a specific peak range. The subsequent blink model
is derived from the smoothed Grand Median, which is then adapted to each individual blink before being
subtracted. This entire process is referred to as the Adaptive Blink Correction and De- Drifting (ABCD)
algorithm, as it also eliminates drift curves from the EEG signals. ABCD also enables the removal of bad
channels by analyzing Blink-Related Potentials (BRP) on adequately-chosen subsets of electrodes.

The ABCD algorithm is applied to all 31 subjects (for a total of 63 sessions). To assess its accuracy
in comparison with other existing methods, such as Independent Component Analysis (ICA) or Artifact
Subspace Reconstruction (ASR), each resulting cleaned data is further processed and classified using
the methods detailed in Chapter 4. The classification accuracy, along with its confidence interval at 95%
confidence level, (for details refer to Chapter 5) reveals a mean classification accuracy of 93.81% [74.81%;
98.76%] for ABCD, and 79.29% [57.41%; 92.89%] for ICA, and 84.05% [62.88%; 95.31%] for ASR.

The significant improvement in classification accuracy, as well as the comparative analysis of single
blink data on frontal electrodes, highlights the superiority of ABCD over ICA and ASR. These results
provide highly promising evidence that ABCD accurately correct blinks and should be tested on additional

datasets. Further research could explore the application of ABCD in real-time analysis.

3.1 Introduction

3.1.1 Previous Explanations of Blink Effects in EEG

Traditionally, the influence of blinking on EEG signals has been attributed to an upward rotation of the
eyeball during eyelid closure, where the eyeball is considered a dipole with corneal positivity and retinal
negativity. This theory, known as Bell’s phenomenon, originated from observations of attempted forced

eyelid closure in patients with mechanical or neural lesions and from personal experiences of upward
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corneal movement during rapid blinking!®>!.

However, with the advent of newer technologies, such as the magnetic search coil technique, the
accuracy of this theory has been called into question. Studies utilizing this technique have revealed that
only the upper eyelid moves along the surface of the eyeball during an unforced blink[3¢-37),

Another proposed explanation posits that eyelids function as sliding electrodes that short-circuit
corneal positive charges. According to this view, the electrical charges of the eye originate from the
corneal-retinal potential, where the retinal side carries a negative charge, and the corneal side holds a
positive charge. During blinks, the eyelid comes into contact with the corneal surface, facilitating the con-
duction of positive potentials to the fronto-polar EEG electrodes. Consequently, during eyelid closure, the

total electrical potential difference between the retinal and corneal sides of the eyeball becomes the sum

of the retinal and corneal potentials'?!,

3.1.2 Existing Algorithms for Blink Correction

Blinks are frequent and repetitive events that significantly disrupt the recording of neural activity
in EEG signals. Various methods have been proposed to tackle this problem, such as removing data
related to noticeable eye movements or correcting the influence of eye activity on the EEG using EOG
correction. However, the high frequency of blinking in certain subjects makes it impractical to simply
discard the contaminated data. From a practical perspective, it is also preferable to minimize the number
of electrodes required for the setup. Therefore, algorithms that do not rely on additional sensors (e.g.,
EOQG) are typically favored.

Numerous techniques have been developed to address blink correction in EEG signals. Among them,
blind source separation (BSS) methods are widely employed. These statistical approaches assume that the
multi-channel EEG recording can be viewed as a linear combination of underlying brain sources and blinks
occurring instantaneously. The objective is to uncover these unknown sources s from the EEG recordings
x. The process of de-mixing involves finding the inverse of the unknown matrix A, which is typically
impossible unless additional constraints are provided and a square matrix is assumed:

x=As
(3-1
v=Wx
The W matrix is defined through the principles of decorrelation and independence. There are multiple W
matrices that can be used for decorrelation, which accounts for the diversity of existing BSS algorithms.
One of the most commonly employed methods, by far, is Independent Component Analysis (ICA)P%,
This approach can be conceptualized as approximating the data on lower-dimensional tangent space of a
nonlinear Riemannian submanifold using nonlinear mapping functions.
ICA is a computationally intensive task that necessitates substantial computational resources. This

problem can be bypassed by using the recursive technique, which employs the natural gradient and enables
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online usage with only a slight decrease in efficiency. However, conducting two consecutive computations
on identical data produces disparate outcomes, indicating a lack of consistency. Although the global
statistical approach employed by this method aims to address errors comprehensively, it leads to a less
precise model. Additionally, it applies corrections even to data that is unaffected by artifacts directly. In
summary, it appears that applying ICA for blink correction is only suitable when precise results are not
required or can be rectified using supplementary information. These critics pertain specifically to the
utilization of ICA for blink correction. For other purposes, the use of ICA may be adequate.

Another commonly employed technique is the Artifact Subspace Reconstruction (ASR)! . The ASR
method involves training a statistical model using clean calibration data, i.e., without artifacts, and attenu-
ates them by decomposing short segments of EEG data and comparing them to the calibration data in the
component subspace. This process operates on 500 ms chunks of data and uses principal component anal-
ysis (PCA) to identify the dominant principal components. If their standard deviation exceeds a threshold
derived from the calibration data, they are removed from the window under scrutiny using a de-mixing
matrix.

ASR offers the benefit of operating with low computational complexity yet corrects anything above
a specified threshold. This correction process is entirely localized and doesn’t depend on a statistical
model. In fact, it has the potential to eventually “correct” a substantial source of interest (SOI). However,
it should be noted that this system might still miss hidden or weakened blinks, which could affect its overall

accuracy.

3.2 The Detection’s Guide to the Blink

The Adaptive Blink Correction and De-drifting (ABCD ) algorithm is developed with the aim of real-
time implementation. The detection part, which is the first step of ABCD, is thus required to be as fast
as possible while maintaining the lowest computational complexity achievable. Spatial, time, frequency,

and amplitude parameters allowing for efficient blink detection are detailed hereafter.

3.2.1 Blink Characteristics and ABCD Parameters Choice

The effects of blinks on EEG signals are predominantly picked up by frontal electrodes but extend
further*!!. Setting up one of the available frontopolar channels (FP1, FPZ, or FP2) as the reference by-
passes the constraint of an additional electrode (e.g., EOG) for blink detection. In this thesis, we arbitrarily
chose FP1, though any of the other frontopolar electrodes could also have been selected.

Though blink rate is highly task-dependent, its mean was found to be close to 17 blinks per minute at
rest*?!, meaning that a blink occurs on average every 3.5 seconds. Searching for blinks on 2s-time windows
achieves faster removal of blink-free data, while ensuring that the remaining windows will contain only

one blink on average.
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In our experiment, the sampling recording EEG frequency has been set at 1000 Hz. Such a high
frequency is usually not needed, especially to detect very distinctive blinks shapes. A down-sampling
frequency of 200 Hz decreases the computational load yet safeguards its accurate time peak detection.

A human eye blink has an amplitude that can be 10 to 100 times larger than the electrical signals
originating from the cerebral cortex**!. Some blinks may have very low amplitudes, where the smallest
detectable by ABCD may only increase by 35 uV (on FP1) compared to the averaged background activity.
This amplitude threshold has been found to discriminate between eyelid movements that do not cross the
pupil and ’real’ blinks. Heuristically, all blinks maximum amplitudes on FP1 are included in a [40; 450] pV
interval. Blinks higher than 360 pV are likely caused by a mixture of events, for example, two successive
blinks or a blink accompanied by an eye movement, and might occur frequently for some subjects.

Blinks often last from 200 ms to 400 ms!*3!, with a shorter anterior width compared to the posterior
width. These time length differences might be the result of the morphological disparities between the OO
and LPS muscles involved. A total time length of 500 ms guarantees the whole coverage of the blink,
where the anterior width is set at 200 ms and the posterior one at 300 ms.

The effects of eyelid movements propagate differently across the scalp®!l. The blink’s amplitude
is highest at the frontopolar electrodes and decreases until nearly completely vanishing at occipital elec-
trodes. Central channels (e.g., CZ) have been found to be close enough to the eyes to display the blink’s
effect and far enough to reveal the signal attenuation. Table 3—1 summarizes all the parameters choice for
ABCD.

Table 3—-1 Adaptive Blink Correction and De-drifting (ABCD) parameters choice

Parameters Values

Reference channel FP1
Down-sampling frequency 200 Hz

Time window 2s
Low-pass filter 10 Hz
Amplitude threshold 35uv
Anterior width 0.2s
Posterior width 03s
Comparison channel CczZ

3.2.2 Blink Detection in EEG

The amplitude threshold 7y, is set such that a detection has a probability less than 0.003% of falsely
detecting a blink (i.e., detecting a blink when it is normal neural activity). Mathematically, this is equiv-

alent to saying y, = 30, where o is the standard deviation of EEG data on the sliding 2 s-time window.
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Algorithm 3-1 Pseudo-code for blink detection in the ABCD algorithm

1
2
3
4

10

11

12

13

14

15

16

17

18
19

Data: raw EEG data on reference s¢(¢) and central electrode c((¢), duration time window T,

number of time windows N, minimum amplitude threshold 7y, duration time for pre-

and post-criterion 7}, anterior width W,, posterior width W,,, and attenuation ratio r,

Result: blink

Initialize the blink index: b = 0;
fori=1t0oN

do

5(t) = B4 o Ds(s(1))

if 5=1Ys50) >,
then
Ay = max(s(1))
fo = S_l(m)
if 5pre — Ay < v, and

SPost — AM < Vs

then

c(t) = By o Ds(co(1))
S =Sy, s(0)
C =%, e
if% >r,
then
| b =[bito]
end

end

end

end

return b

//

//

//

//

//

//

//

//

//

Loop over all N time windows of size T

Data pre-processing: Down-sampling and
Filtering. For simplicity, s; is noted s

Amplitude criterion from moving average

First maximum detection: Z;-is the peak
potential and f) is the peak time

Pre—and post-amplitude criterion: Sp,e
(resp. Spost) 1s the average before (resp.
after) the detected peak during a time

interval T,

Data pre-processing for central
electrode

Compute areas around blink on reference
electrode and central electrode

Attenuation criterion

Blink is detected

Statistical analysis on the recorded data has shown that the maximum standard deviation (SD) is equal
to 12 uV among all electrodes (10 uV for the maximum SD of each electrode SD, and 7 pV for the max

median SD of each electrode SD). A conservative estimates thus yields 300 = 36V, which justifies why

this threshold has been set at y; = 35uV.

10 Hz Butterworth low-pass filter on 2 seconds-wide windows over a reference frontopolar channel (FP1).

The first step consists in down-sampling to 200 Hz and low-pass filtering the data with a fourth-order
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This pre-filtering avoids unnecessary variability while keeping the potential shape of a blink if there is one
to be detected. The amplitude criterion then selects all data higher than the moving average to which a
heuristic threshold is added, as highlighted in Figure 3-1. If no data is greater than the threshold, ABCD
swipes right to the next window. Most of the blink-free windows are already discarded after this first
criterion.

The fourth step consists merely in calculating the maximum amplitude on the selected window. Up
to this point, noisy data can be mistakenly considered as a potential blink. For example, electrode “’pops”
or other kinds or artifacts might exceed the aforesaid threshold. To remove them, the differences between
the maximum amplitude and the average mean before the Anterior Width and after the Posterior Width
are computed.

If both these values are greater than the threshold, the Pre- and Post-amplitude criterion is validated,
assessing the blink shape likeliness. The data around the maximum potential is then extracted and zero-
centered. Since blinks are known to propagate along the scalp, the area at the reference channel FP1 and
the area at a further electrode (CZ) are compared. A ratio comparison allows eliminating brain-related
(only) or eyeball movement events and consists of the last criterion (i.e., the attenuation criterion). When
all three criteria have been verified, the blink and its maximum amplitude are extracted for distribution
analysis and classification.

Let 5¢(¢) be the raw EEG recording on the reference electrode (e.g., FP1), sampled at 1000 Hz. The
corresponding time difference between two successive points is then 7y = 1. Let’s also define 7 = 2000
the duration of a time window in milliseconds, and vy the minimum amplitude threshold (on the reference
electrode). Let’s note s~! the reciprocal function giving #; from the amplitude A; = s(¢;). Two functions
operate on the initial signal. D5 is the down-sampling function, which has a modulo 5 action, meaning
that it retains only one element on the five of the so(¢) time series. By is the fourth order Butterworth low-
pass filter. The whole blink detection process is summarized in the following pseudo-code (summarized

in Algorithm 3-1).

3.2.3 Blink Detection in Video

As described in Section 2.5, a high-speed camera records the left eye. A simple template matching
algorithm in Python is used to detect five landmarks: the inner and outer corners of the eye, the middle
upper and lower eyelid, as well as the pupil (see Figure 3-2). Once the landmarks are detected, the
eye width and openness can simply be deduced from the subtraction of the corresponding landmarks’

positions, expressed in pixels. Blink detection is confirmed by the lack of pupil landmark identification.
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Figure 3-2 Detection of five physical landmarks

3.3 To Kill a Bad Channel

Up to this step, ABCD only requires (and relies on the signal quality of) two electrodes: one frontal
and one central. However, non-biological artifacts (e.g., malfunctioning electrodes or power line) are a
recurrent issue during BCI experiments. In line with this thesis rationale, this pre-processing step is carried

out by taking into account the physiological shape of the blink propagation.

3.3.1 Blink Propagation

An extremely simplistic blink propagation model can consider the eyes as the point source and the
effect of blinking as a single wave (or pulse) propagating in anisotropic media. Since the EEG electrodes
are located on the skull, blink propagation may then be reduced to waves propagating on a 2D sphere (i.e.,
the head). The electric field produced by the blink induces a potential given by the electrostatic laws and

implies a rlz attenuation factor relative to the equivalent dipole situated at the reference electrode FP1:

Q

= 2
dre dyp,

Vin (3-2)

Where Q represents the unknown dipolar moment and d the distance to the dipole center, here FP1. It

Table 3-2 Experimental and theoretical potential propagation comparison at central electrodes

Electrodes FZ FCZ CZ CPZ PZ

drppi 86.12 118.00 148.33 173.80 192.28
1% 5435 31.11 2122 1635 13.83
Vin 5792 3232 2138 1625 13.83
W 0.84 0.88 0.92 0.96 1

should be noted that if the synthetic permittivity value were known, the dipolar moment project norm could
be calculated within the approximations made using normalized distances. Reciprocally, given a known

artificial dipole, this unknown synthetic permittivity could be deduced. Setting the skull width ratio (w,)
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at 1 for the farthest electrode, the theoretical potential at each electrode can then be computed using the
distance between electrodes, which are calculated from the MNI Average Brain (305 MRI) Stereotaxic

Registration Model**!.
Ow;

= 2
dre dy. p,

(3-3)

Vin

The effective attenuation can be measured from the real data and compared to the theoretical calculation
corrected with the skull thickness (see Table 3-2). Figure 3-3) illustrates these theoretical and real po-

tentials, revealing a nearly perfect match between the two curves. The amplitude is expected to decrease
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Figure 3-3 Quasi-perfect match of theoretical and real potential attenuated propagation at the
central electrodes
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Figure 3—4 (A): Blink propagation on all electrodes (the electrode used for the propagation
criterion - CZ - is in green); (B): Blink propagation on the midline electrodes

as the distance increases from the eyes. The global shape recorded by further electrodes remains simi-
lar, with a blink base width (that would correspond to a wavelength for a sinusoidal wave) also shrinking
with the distance. Figure 3—4A displays the effects of blink propagation on all electrodes, with a special
highlight for the central electrode CZ that is used in the attenuation criterion (Figure 3-1). Figure 3-4B
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displays only the midline electrodes, for which the maximum blink amplitude decreases monotonically as

the distance to the eyes increases.

3.3.2 Bad Channel Removal

Improper recordings by some of the EEG channels may arise from various technical reasons. Ab-
normal impedance or broken wire contacts can cause malfunctions, and too much gel may create a bridge
between two or more electrodes. In the case of malfunctioning sensors, the corresponding EEG recordings
will look very dissimilar to the signals from the neighboring good channels. In the extreme situation where
the electrode is not able to record anything, the resulting signal can even be a flat line. On the contrary,
bridged electrodes will display an identical signal as their neighbors.

In both scenarios, bad channels can be automatically identified using blinks. The Blink- Related
Potential (BRP) is computed on each electrode and compared to the median of the BRP neighboring elec-
trodes. The median is here favored, as it better avoids the influence of outliers. The longest common
subsequence (LCSS) is then computed between these two trajectories. When this LCSS is below an ar-
bitrarily chosen threshold, the corresponding channel is labeled as malfunctioning or ”bad” (see Figure
3-5). In the event of bridged electrodes, the BRP on the problematic channels is indistinguishable. Setting

a threshold on the BRP time-series difference allows for identifying the bridged or "bad” electrodes. Let’s

20 -

3

Electrodes

- PO3
PO5
cB1
o1
PZ
P1

- P3

= Median

°

Potentials (in pV)

20 -

-0.2 -0.1 0.0 0.1 0.2 03

Time (in s)

Figure 3-5 Identification of bad channels using the blink-related potential (BRP) on neighboring
electrodes

call the electrode on which the BRP; is calculated and e; ,, the neighboring electrodes. The bad channel
detection process is summarized in the following pseudo-code (Algorithm 3-2):
The experiment as described in Chapter 2 recorded data from 62 EEG electrodes. If any channel

was labeled as bad in any session, it was removed from the whole dataset. After this pre-processing step,
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Algorithm 3-2 Pseudo-code for bad channel detection
Data: the blink-related potential and e; ,, at the neighboring electrodes, L threshold for LCSS
bad channel detection
Result: bad and bridged channel
1 Initialize bad and bridged electrodes: bad = []; bridged = [];

2 fori=1twFE // Loop over all E electrodes

3 do

4 BRP,-’,, = median(BRPj) with €; €¢ein // BRP at the neighboring
electrodes

s | if LCSS(BRP; BRP;,) =0 then

6 ‘ bridge = [bridge,i] // Bridged electrode detected
7 else if LCSS(BRP;, BRP; ,) < L then

8 ‘ bad = [bad,i] // Bad electrode detected

9 end

10 return (bad, bridge)

the number of sensors dropped to 51, with the following 10 malfunctioning channels excluded: PO3, F1,

POZ, OZ, F3, 02, P8, PO7, FC3, P7 and the P4 electrode being bridged.

3.3.3 Drift Curve Removal

Another persistent non-biological artifact presents itself as a direct current drift that is usually caused
by sweating or, on the contrary, by gel drying. It produces low-frequency shifts that, if left unattended,

will generate biased outweighs for some of the electrodes (leading to false source localization).
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Figure 3—6 Drift curve removal in the blink’s vicinity
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Drift curves can be computed on each channel by applying a fourth-order 2 Hz low-pass Butterworth
filter that reveals the global trend (Figure 3-6). In the vicinity of blinks, this drift curve is replaced with a
spline interpolation to avoid removing part of the blinks mistakenly. Let’s call the window signal, where
a blink has been identified. The filtered drift of the signal window is then Dgp = Spline[Bs(sp)]. The
ensuing blink-adaptive drift curve is then simply removed on each electrode with sz — Dgp.

The EEG signals obtained after removing blink-adapted drift curves are non-biological artifact-free.
The blink-related potential (BRP) can then be computed again and its de-drifted characteristics exam-
ined and classified. Technically, the bad channel removal step and the drift curve removal step could be

interchanged. However, this order proved more computationally efficient.

3.4 The Great Distribution

Distribution of the blinks’ peak amplitude, recorded on the reference channel FP1 after Drift Curve
Removal (DCR), displays a high intra- and inter-subject variability. How can these differences be ex-

plained?

3.4.1 Blinks Distribution

As the tear fluid evaporates, usually within 15 to 30 seconds after a blink!*!, lubrication of the cornea
is ensured by the eyelids’ motion. Though blink rate is highly task dependent, its mean was found to be
close to 17 blinks per minute at rest'*?!, which is several times more than required for ocular lubrication.

This over-blinking has been assumed to have a role in disengaging attention during a cognitive behavior.

300

200

100

Blink Potential Maximum (in pV) on FP1

S01 s1 s21 s31
Blink Density
Subjects

Figure 3-7 Violin/density plots showing the blink distribution on the frontopolar channel (FP1)
for all subjects; the median is indicated as a black point
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To counterbalance this overblinking and minimize the time that vision is obscured, most blinks in
most subjects are not complete, meaning that the upper eyelid usually comes to rest before attaining the
lower eyelid®). This creates high intra-subject variability with standard deviations ranging from ~20 uV
to ~80 uV and high inter-subject variability with medians varying from ~80 puV to ~295 uV (resp. means
range from ~85 pV to ~290 uV) (see Table 3-3 and Figure 3-7).

Table 3-3 Blink potential distribution parameters per subject

Peak potential ~Frequency Peak potential ~Frequency
Subject Mean + SD Mean + SD Subject Mean + SD Mean + SD

(in puv) (in blinks/min) (in pv) (in blinks/min)
S01 2204 £50.8 169+5.0 S18 1556 £72.8 122 +4.2
S02 1583+768 93+19 S19 1052+33.1 95+1.2
S03 1150+£533 94+25 S20 306.1 £+93.8  42.8+3.5
S04 2144 +67.1 345+78 S21 1783 +71.2 18125
S05 2503 +£88.7 9.2+43 S22 94.5 +30.4 16.8 +2.0
S06 142.7+£559 20.7+34 S23 101.6 £59.7 73x1.6
S07 1443 £ 72.1 126 +2.9 S24 1423 £527 46.1+34
S08 2114 +745 450+ 144 S25 85.7 +32.1 154 +42
S09 1955+779 179+5.0 S26 1002 +£319 82+24
S10 178.6 £969 14.0+3.5 S27 1422 +£61.7 277+45
S11 279.0 £ 101.8 32959 S28 199.8 £ 872 255+ 1.7
S12 1425+632 11.9+33 S29 83.8 +27.6 153+34
S13 127.7+539 549+109 S30 121.5+475 134+22
S14 1277 +£47.0 223 +43 S31 1947+ 694 13.0+4.2
S15 2014 £829 288+6.2
S16 1359 +£539 267+8.5 Mean  160.1 + 564  20.8 + 12.8
S17 106.6 £503 72+1.5 SD 62.5 + 20.4 43+29

Full closure can be defined as the lowest point the upper eyelid reaches, or, in other words, the most

closed position, which does not necessarily imply complete closure.

3.4.2 Upper Eyelid Displacement

The peak amplitude of a blink in frontopolar EEG channels reveals the global eyelid displacement
(closing plus opening). Figure 3-8 displays two blinks with dissimilar peak amplitudes (~120 pV and
~220 uV). For the smaller blink, the upper eyelid is lower (i.e., in a more closed position) at the beginning
(t; — 0.2) and at the end (¢, +0.3), showing that the smaller blinks EEG effects happen with shorter eyelid

displacements.
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Figure 3-8 Comparison of blinks with different peak amplitudes (centered at ¢, and 1,); EEG
blink signals extracted after fourth-order 10 Hz Butterworth low-pass filter on drift curve removed
signals

In this example, both blinks last for the same period of time, illustrating that higher velocity of the
upper eyelid is also correlated with higher EEG amplitude!*6!.

3.4.3 Blink-Related Potential

Three kinds of electrodes are employed to record blinks: the frontopolar EEG channels, the elec-
trooculogram (EOG) electrode (placed above and below the left eye), and two electromyogram (EMG)
sensors (one placed on the right eye upper eyelid and one on the right eye lower eyelid).

On the de-drifted signals, blinks are extracted, and their median yields the Blink-Related Potential.
Figure 3-9A displays the corresponding potentials (in microvolts), where base width corresponds to the
time width for which the potentials reach zero and half maximum width is the one for which the potentials
reach half of the maximum amplitude. Similar averaging is computed for the distance in pixels between
the upper and lower eyelids. The normalized values of potentials and distance are represented in Figure
3-9B.
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Figure 3-9 Blink-Related Potential signals comparison (A) for averaged signals from EEG, EMG,
and EOG; (B) for normalized averaged electrical (EEG, EMG, EOG) and video signals

The different sensors all record the same phenomenon, i.e., the movement of the eyelids during the

blinks. The peaks are reached when the eye is the most closed. Most blinks were not accompanied by a

pupil movement, which is thus not represented in this figure.

FP2 -

sample sizes:
n=49
correlation:
Pearson
10

FP1 -

EMG
(Lower -
eyelid)

EMG
(Upper -
eyelid)

Figure 3-10 Correlogram between areas under the curve of the normalized BRP potentials (for
EEG, EMG, and EOG)

The areas under the curve of the normalized BRP potentials are then computed for each subject. The
correlogram!”! in Figure 3-10 highlights that all sensors are significantly correlated during blinks, or, in
other words, that they all record the same signal at different levels. Hence, EMG and EOG electrodes are

redundant with the EEG frontopolar channels and can thus be discarded from further analysis.
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3.5 The Complete Blink Classification

The aim is to find an adaptive blink correction that will not only fit the EEG blink artifact better
but will also reveal more accurately concealed brain signals once removed. The high blinks potential
variability observed in the statistical analysis issued from our dataset warrants the use of a quantified error

model.

3.5.1 Inter-Subject Variability

Blinks distribution is highly subject-dependent, with medians varying from ~80 uV to ~295 uV (see
Figure 3-7). Can physical characteristics explain these differences?

For each subject, the area under the BRP is calculated on each electrode (the peak is deemed to not
hold enough information to proceed). The goal is to find a linear relationship across subjects between
one or a combination of two electrodes areas and one or a combination of no more than three explanatory
variables (for computational time’s sake). The usual arithmetic operations —addition, subtraction, division,
multiplication, as well as the square function —are applied when combining the variables. This algorithm is
inspired by the 21 dice game, in which all numbers from 1 to 21 must be found by combining the numbers
from three dice.

Eleven variables have been investigated, specifically six derived from the facial landmarks - Jaw
Width, Left Eye Width, Right Eye Width, Inner Canthi Distance, Outer Canthi Distance, Upper Nose to
Lower Chin Distance -as illustrated in Figure 2—4, three quantitative from the demographic, behavioral,
and physical characteristics ~Height, Head Circumference, Nasion-Inion Distance —summarized in Table
2-3, and two computed from the BRP ~Half Maximum Width, Base Width. The computational complexity
being quite large for eleven variables, the 21 algorithm is first run only on a few combinations of electrodes.

The resulting linear relationships linking an electrode function to a physical characteristics function
are then ordered by r-squared value. The best-ranking linear relationships link time values (Half Maxi-
mum Width, Base Width) and areas computed from the BRP with four recurring physical characteristics,
namely: Head Circumference, Inner Canthi, Outer Canthi, and Nasion-Inion Distance (R?> = 0.81). In
other words, this variable importance analysis reveals that the shape of the skull impacts mostly the blink

distribution, as could be expected.

3.5.2 Intra-Subject Variability

The typical parameters of a blink waveform are its peak maximum amplitude, base width, and half
maximum width. For a specific peak maximum amplitude, the base width and half maximum are cor-
related. Higher peaks will have larger base widths but not systematically larger half maximum widths.
The high intra-subject variability results in a variety of blink shapes that mostly depend on the maxi-

mum potential on the reference electrode. Consequently, our current objective is to develop an optimized

54



methodology that adequately models these blink waveforms, taking into consideration their inherent vari-

ability.

3.5.3 Blink Class Segmentation

The Blink-Related Potential (BRP) is defined on both subjects and classes to account for both inter-
and intra-subject variability. To avoid potential outliers, the median is computed for each class and each
subject. Such a class and subject-dependent median BRP will be referred to hereafter as the Grand Median
(GM). How many blinks (i.e., minimum blinks sample size) should a class consist of?

The variance of the BRP can help decide on the minimum number of blinks a class should hold. The
resulting median should be representative of the class and, as such, unchanged with an increased number
of blinks. The smaller the class width, the easier the fitting to a single blink will be. However, it comes
at the cost of longer EEG recordings to ensure the minimum number of blinks per class. Figure 3-11A
illustrates histograms with different class widths (or bin widths) for a single subject in a single session, i.e.,
for about 1 hour of recording. For the smallest class width, the number of blinks per class rarely exceeds
20 blinks.
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Figure 3-11 Comparison of three class widths for a subject: A. Histogram, B. Variance (dotted
lines represent the minimum of blinks for each class width); smaller class widths have a better fit
to single blinks and require less blinks to obtain a representative median, but their probability of

reaching the required minimum sample size is lower for the same amount of data compared to
medium class widths

The corresponding GM BRP are computed, and their variances are calculated according to Equation
(2-5). Figure 3-11B depicts the evolution of each GM variance for an increasing number of blinks N.
The minimum number of blinks per class is then computed as the value for which the absolute difference
between more than five successive variances is lower than a chosen threshold.

As expected, the variance decreases faster for smaller class widths, with a minimum number of blinks
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as low as ten for a class width of 5 uV (resp. twenty blinks for 20 uV and forty blinks for 40 uV). Similar
small classes would, however, require extensive recordings before reaching this threshold. On the other
hand, a larger class width will be less likely to fit to a single blink. To trade-off between reasonable
recording times and single blink fitting, the chosen class width is 20 uV with a minimum number per class
at twenty blinks. Any class with fewer blinks than that will not have its GM computed. The corresponding
blinks will be attributed to their neighboring class instead. The rationale behind this decision is that it is

better to tweak a more representative GM than stretch a less untypically shaped GM.

3.6 And Then There Were None: Adaptive Blink Correction and De-
drifting (ABCD) Algorithm

One of the main contributions of this thesis is an algorithm that adjusts to the specific shape of any
single blink (and removes it). The aim is to find an adaptive blink correction that will not only fit the EEG
blink artifact better but will also reveal more accurately concealed brain signals once removed.

The resulting GM BRP per class are represented in Figure 3-12A. The remaining irregularities
should disappear with an increased number of blinks per class, yielding a theoretical smooth GM. To
avoid introducing variability in classes with a small number of blinks, the GM BRP per class is artificially
smoothed. More specifically, the BRP is assumed to be equal to zero when it is far from the blink’s peak,
and the GM BRP is presumed accurate even for a number of blinks as low as twenty in the vicinity of the

blink’s peak. In between, the GM BRP should increase (resp. decrease) as illustrated on 3—12B.
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Figure 3-12 Comparison simple and smoothed GM BRP per class on the reference electrode FP1
for one specific subject

The raw EEG signals were also analyzed using EEGLAB with similar processing steps as prior pub-

lished studies!*®4°!, Data from the 51 remaining channels after bad channel detection were used to avoid
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human error with visual inspection of artifactual electrodes. The signals were re-referenced with CAR
and low-pass filtered at 0.1 Hz using a zero-phase, 4th order Butterworth filter. ICA was performed us-
ing the InfoMax algorithm and components corresponding to the eye artifacts automatically detected with
ICLabel were removed®”!. The resulting data were then averaged around the blinks (detected by ABCD).
Figure 3-13 compares the BRPs used by ABCD ( 3—-13A) and ICA ( 3—13B) for blink correction.
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Figure 3-13 Comparison smoothed GM BRP and ICA BRP for one subject at one specific class
for all electrodes

The smoothed GM BRP corresponding to a single blink, categorized according to its blink’s peak
value on the reference channel, is then stretched to fit the single blink as best as possible. Finally, the
resulting adapted GM is removed for each single blink and compared to the same data corrected with ICA
and ASR during (Figure 3—-14A) and outside (Figure 3-14B) a blink.

In the presence of blinks in the raw data, the default settings of EEGLAB for both ASR and ICA do
not effectively correct the signal, resulting in residual blink artifacts (albeit to a lesser extent for ICA). In
contrast, ABCD performs well by successfully eliminating the impact of blinks on the corrected signal.
When blinks are absent, ABCD preserves the original data, while ASR attempts to do so with less success.

Conversely, ICA significantly alters the original signal.

3.7 Summary of Results and Discussion

The recorded data (see Chapter 2 for details about the experiment) is pre-processed to correct blinks
with our newly developed ABCD. In parallel, the open-source MATLAB toolbox EEGLAB is used for
the comparisons with ICA and ASR. The pre-processing recommendations provided in the online tutorial
were adhered to, which involved applying a basic finite impulse response (FIR) filter at a cutoff frequency

of 0.1 Hz and re-referencing the data using the average reference method.
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Figure 3—-14 Comparison between raw and corrected data with ASR, ICA, and ABCD (A) during
a blink; (B) and outside of any blink

In the case of ICA, the ICLabel plugin was employed to automatically detect and remove the labeled
blink components. As for ASR, the default parameter values were retained when utilizing the Clean
Rawdata plugin. It is important to note that prior to running ICA or ASR, the bad channels identified
using ABCD were excluded. This decision was made based on the unsatisfactory results observed when
using the actual raw data (i.e., all 62 original EEG electrodes).

The resulting cleaned data are then similarly processed and classified using the methods outlined in
Chapter 4. The whole process is fully automated to avoid any user or choice bias and provide the best
comparison as possible between these three pre-processing algorithms. The obtained classification accu-
racy is computed along with the confidence interval calculated from the equations described in Chapter 5.
Table 3—4 presents a summary of these results for each subject and for the mean.

The confusion ellipses detailed in Chapter 5 are plotted for each pre-processing method of blink
correction, revealing the superiority of ABCD over ICA (Figure 3-15).

A comprehensive representation of commonly employed metrics is provided in Figure 3-16, which
presents a spider web visualization. This graphical depiction serves to enhance readability and facilitate
further investigation. Additionally, the figure includes metric values to provide a quantitative summary of
these metrics for reference and comparison purposes.

Cross-validation is a widely employed technique for evaluating the performance of machine learning
algorithms and models. It involves partitioning the available data into distinct training and testing datasets
to assess the model’s generalization ability. However, it is important to note that conventional randomized

cross-validation schemes may not always be suitable for ensuring the generalizability of processing meth-
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Accuracy

AS
Ad hoc safety

TPR

Metrics : formula / values

Sensitivity Lbound ACC = T/S Ubound
3 0.73 0.56 0.94 0.79 1.0 0.94
TPR = TP/P
KAS TNR
Kappa statistic Specificity 0.75 0.62 0.95 0.85 1.0 0.97
TNR = TN/N
0.71 0.49 0.92 0.73 0.99 0.9
PPR = TP/Ppred
MK PR 0.73 0.55 0.93 0.76 0.99 0.91
_— NPR = TN/Npred
Markedness Pos prediction| 74 057 0.95 0.83 1.0 0.97
TS = TP/(P+FP)
0.59 0.41 0.88 0.67 0.99 0.88
BA = (TP/P+TN/N)/2
BM NPR 0.73 0.56 0.94 0.79 1.0 0.94
Informedness Neg prediction F1 = 2*TP/(Ppred+P)
0.74 0.59 0.94 0.8 1.0 0.94
MCC = (TP*TN-FP*FN)/sqrt(Ppred*P*N*(Npred))
0.47 0.12 0.88 0.59 0.99 0.87
BM = TP/P+TN/N-1
Matthews Corr Coeff Threat score 0.47 0.12 0.88 0.59 0.99 0.87
F1 BA MK = TP/Ppred+TN/Npred-1
F1 score Balanced Accuracy 0-37A0ST2 08810 QEDOLEL
KAS = (ACC-RACC)/(1-RACC)**
0.47 0.12 0.88 0.59 0.99 0.87
Overlapping Spider Web AS: TPw = 1, FNw = -1, FPw = -1, TNw = 1
CIABCD ©1ICA 0.47 0.12 0.88 0.59 1.0 0.88

** KAS: RACC = Random Accuracy = (N*Npred+P*Ppred)/S*

Figure 3-16 Spider web and associated metrics, comparison between ABCD and ICA
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Table 3-4 Comparison of classification accuracies (fully automated pipeline) between the new
ABCD and other existing methods, such as Independent Component Analysis (ICA) or Artifact
Subspace Reconstruction (ASR), with corresponding confidence intervals (CI) at 95% confidence

level

Classification accuracy (in %) with confidence interval (CI) at

Subject  confidence level = 95%; CI approximation = Clopper-Pearson
ABCD ICA ASR
S01 98% [79%; 100%]  88% [66%; 98%] 93% [72%; 100%]
S02 89% [69%; 79%] 86% [64%0; 97%%] 88% [68%0; 98%0]
S03 100% [83%; 100%]  84% [62%; 95%] 80% [58%; 94%]
S04 89% [70%; 97%] 77% [56%0; 92%] 83% [62%; 95%]
S05 99% [82%; 100%]  79% [58%; 93%] 80% [58%; 94%]
S06 95% [75%; 100%]  60% [36%; 81%] 100% [83%; 100%]
S07 97% [78%; 100%]  78% [56%; 92%] 85% [64%0; 97%]
S08 96%% [77%; 99%] 72% [48%; 89%] 84% [61%; 96%]
S09 87% [68%0; 96%0] 74% [52%; 90%] 93% [72%; 99%]
S10 91% [71%; 99%] 66% [43%; 85%] 78% [56%; 91%]
S11 85% [62%0; 97%] 75% [51%; 91%] 65% [43%; 84%]
S12 98% [81%; 100%]  83% [62%; 96%] 83% [64%0; 94%]
S13 92% [72%; 99%] 80% [58%; 93%] 89% [68%0; 99%]
S14 98% [80%; 100%]  76% [53%; 92%] 80% [59%; 93%]
S15 88% [67%; 98] 83% [61%; 96%] 89% [68%0; 99%]
S16 95% [76%; 100%]  93% [74%; 100%]  86% [64%0; 96%]
S17 95% [76%; 100%]  89% [68%; 98%] 80% [59%; 93%]
S18 97% [78%; 100%]  88% [66%; 98%] 77% [55%; 92%]
S19 90% [69%; 100%]  65% [41%; 85%] 85% [62%; 97%]
520 95% [76%; 100%]  58% [34%; 78%] 95% [76%; 100%]
S21 70% [47%; 88%] 75% [52%; 91%] 85% [62%; 97%]
S22 100% [83%; 100%]  83% [60%; 96%] 75% [51%; 91%]
523 94% [62%; 97%] 73% [50%; 89%] 88% [65%; 98%0]
S24 100% [83%; 100%]  78% [57%; 93%] 95% [75%; 100%]
S25 93% [73%; 100%]  70% [47%; 87%] 90% [69%; 98%]
S26 73% [50%; 89%] 75% [55%0; 91%] 68% [43%; 86%]
S27 95% [76%; 100%]  93% [72%; 100%]  78% [57%; 93%]
S28 100% [83%; 100%]  95% [76%; 100%]  93% [72%; 100%]
S29 100% [83%; 100%]  68% [44%; 86%] 88% [67%; 99%]
S30 100% [83%; 100%]  78% [54%; 93%] 98% [79%; 100%]
S31 100% [83%; 100%]  68% [45%; 86%] 88% [67%; 99%]
Mean 93.81% 79.29% 84.05%
[74.81%; 98.76%] [57.41%0; 92.89%] [62.88%; 95.31%0]
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ods. In our specific case, the utilization of such schemes is particularly ill-suited due to the training being
conducted on a subset of each session, resulting in considerably smaller training and testing datasets.

As a result, we introduce a new Consistency metric aimed at addressing these limitations. This
metric involves selecting smaller subsets of sessions through twenty successive random draws (instead
of trials for the cross-validation approach). The algorithms are then executed on these subsets, and their
results are averaged. This approach has the advantage of providing a more comprehensive understanding
of how the compared methods would perform on a new dataset.

Table 3-5 confirms that ABCD consistently achieves higher classification accuracy compared to ICA
and ASR. The differences between the classification accuracy of methods run on the entire dataset and the
consistency can be attributed to the statistically less probable presence of outliers in the smaller subset of

sessions.

Table 3-5 Consistency comparison of ABCD, ICA and ASR (20 successive random draws,
corresponding to 6.3 sessions in average)

. . Consistency accuracy
Classification accuracy )
(mean of 20 draws, corresponding to

Methods (entire dataset) . .
6.3 sessions in average)
Standard Deviation Standard Deviation
Mean Mean

(SD) (SD)

ABCD 93.81% 8.07% 93.92% 3.23%
ICA 79.29% 10.58% 81.70% 4.03%
ASR 84.05% 10.19% 84.71% 2.85%

Conceptually, ICA carries out the computations on a Riemannian submanifold and is thus subjected
to its intrinsic practical limitations. Specifically, this requires finding a trade- off between a scale large
enough to be above the noise level yet small enough to avoid curvature effects that would disprove the
tangent plane approach. The partial solution brought by ICA is to use numerous samples. A commonly
given rule of thumb is to use at least the number of channels squared times 20 (for less than 64 electrodes)
or times 30 (for more than 64 sensors).

In the official tutorial of EEGLAB, ICA is clearly stated as working best for large amount of basi-
cally similar and mostly clean data. Yet, it is often used for blink correction, assuming that the resulting
increased variability (during and outside of the blinks) in the resulting ICA-corrected data is of no conse-
quence. Our results clearly indicate, on the contrary, that ICA should be avoided for blink correction.

Furthermore, the inherent variability that characterizes ICA can also be visualized in the results of
the Consistency (in Table 3-5). Both the Standard Deviation (SD) of the classification accuracy for the

entire dataset and for a smaller subset of sessions are higher for ICA compared to ABCD. This reveals the

61



larger sensitivity of ICA to any additional variability.

Similarly, ASR as a general artifact reduction method does not seem to be well equipped to deal with
blink correction. By default, ASR rejects data regions if they exceed 20 times the standard deviation of
the calibration data. An optimized choice of this parameter would probably have yielded better results,
but to provide a fair comparison with ICA (for which all default values have been kept), we decided not
to change the default settings. Therefore, our results indicate that, at least with the default values, ASR

should be avoided for blink correction.

3.8 Conclusion and Highlights

We develop a novel method for accurate blink correction in EEG signals. The Adaptive Blink Cor-
rection and De-drifting (ABCD) algorithm is designed for lower computation complexity (real-time ap-
plication), low hardware complexity (no need for additional sensors), and without systematic correction
(only corrects when an artifact is detected).

The diverse features and specificities of this method can be outlined in a few essential ideas:

¢ ABCD integrates both stationary and non-stationary characteristics of the signal.

¢ ABCD detects blinks using three criteria: (1) moving average amplitude, (2) pre- and post-

amplitude, (2) propagation.

* ABCD only requires two reference electrodes: a frontopolar one (e.g., FP1) for the first two criteria

and a central one (e.g., CZ) for the third criterion.
* ABCD automatically identifies bad channels using blink-related potential (BRP).
* The analysis of BRP shows that frontopolar EEG, EOG, EMG, and upper eyelid displacement from
video recordings all represent the same blinking signal at different levels and are thus redundant.

 Differences in inter-subject variability can be explained by physical characteristics, and intra-
subject variability is linked to changes in the global eyelid displacement (the more the eyes close,
the higher the amplitude).
¢ ABCD categorizes blinks into subject-specific 20 uV-width classes, with the smallest class starting
at 35 uV and the highest one ending at 360 V.

¢ ABCD reaches a mean classification accuracy of 93.81% [74.81%; 98.76%] (confidence interval
at 95% confidence level), which is significantly better than ICA 79.29% [57.41%; 92.89%] and
ASR 84.05% [62.88%; 95.31%].

Most studies devoted to pre-processing comparison try to find some characteristics either related to
the channel or to the artifact(s) to estimate which algorithm works better. We argue that for most BCI
systems, the primary goal is to accurately distinguish between tasks (e.g., Left vs. Right). Consequently,
we opted to use classification accuracy as a metric to assess its efficacy. In this regard, ABCD largely

outperformed both ICA and ASR.
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To ascertain the generalizability of ABCD’s superiority, further benchmarking across diverse datasets
is warranted. This evaluation should encompass not only MI tasks but also other cognitive tasks. It is
worth noting that while ABCD has been specifically designed for real-time implementation, its efficacy
in this context has yet to be empirically tested. Therefore, future research endeavors will be dedicated to

achieving online blink correction using ABCD.
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Chapter 4 Dual Classifier (DC) based on Source Localized
Spatio-Temporal (SLST) Features Using Core Channel Selection
(CCS)

This chapter’s objective is to identify optimal algorithms for feature extraction and classification. A
combination of various methods is implemented to extract the most prominent signal of interest (SOI) in
the temporal, spatial, and frequential domains. The resulting covariance matrices characteristics are opti-
mized by combining different strategies for re-referencing and band-pass filtering to enhance the quality
and relevance of the extracted features.

Our feature extraction algorithm is based on the results of source localization to draw out the spatio-
temporal characteristics of the SOI. The Source Localized Spatio-Temporal (SLST) features are identified
through a similarity analysis across trials. A dual classifier (DC) is then applied to the values derived from
the SLST, using both its spatial locations and time-derived covariance matrices on the Riemannian man-
ifold. The class-related Fréchet mean as well as all other covariance matrices are computed at the Core
Channel Selection (CCS) that is derived from a meta-analysis. Comparisons across different frequency
bands (delta, theta, alpha, and beta), filter types (Butterworth, Chebyshev, and Elliptic), and re- referenc-
ing, e.g., Common Average Reference (CAR), Large and Small Laplace, are also carried out to reveal the
optimized combination of all these processing steps.

Common Spatial Pattern (CSP) or covariance matrices are widely used for feature extraction. They
are usually coupled with Linear Discriminant Analysis (LDA) or Support Vector Machine (SVM). More
recently, methods such as the Minimum Distance to Riemannian Mean (MDRM) or Tangent Space (TS)
have taken advantage of Riemannian geometry for covariance matrices distance computation. A com-
parison of these four already existing combinations of methods reveals the superiority of our method
presented in this chapter using the newly introduced Consistency measure (with twenty successive ran-
dom draws, corresponding to 6.3 sessions on average). Using similar pre-preprocessing (ABCD) and
processing (Large Laplace for beta Butterworth filtering) steps, CSP+LDA obtains a mean classification
accuracy of 89.16% (SD = 1.76%), CSP+SVM 88.99% (SD = 1.60%), MDRM 81.13% (SD = 4.64%),
and TS 86.09% (SD = 4.48%). The method presented in this chapter SLST+DC shows a significant im-
provement, yielding a mean classification accuracy of 95.03% (SD = 3.41%). Furthermore, the associated
CI’s lower bound for our method is consistently higher than all the other methods CI’s upper bounds. This
confirms that our method performs significantly better than all the other tested algorithms.

Our SLST+DC method is however limited in its real-time applications because of its intrinsic depen-
dency on source localization. Such methods being very slow to compute, a proxy will need to be found

to obtain similar temporal and spatial features as SLST or derived results. Yet, these results are of great
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interest since more information can be learned about MI that either might be applicable for later online

use or could be used for analysis that does not require real-time use (e.g., diagnosis).

4.1 Introduction

The primary goal of a BCI pipeline is to accurately identify the Signal of Interest (SOI) by optimizing
the three inherent features of EEG signals in the temporal, spatial, and frequential domains. Various
strategies have been developed to achieve this objective. Some approaches focus on utilizing statistical
measures directly from the raw EEG signal within a specific time window, allowing for the computation of
relevant metrics. Alternative strategies involve extracting more intricate and sophisticated representations

from the EEG signal to capture the underlying patterns and characteristics.

4.1.1 Common Algorithms for Feature Extraction and Classification

A widely utilized technique for feature extraction in EEG analysis is the Common Spatial Patterns
(CSP) method. This approach can be used to derive spatial patterns or topographical information from the
EEG data. The fundamental principle of CSP is rooted in the assumption that different mental states or
tasks are linked to unique patterns of brain activity, which can be effectively captured by specific spatial
filters. These filters are designed to enhance the discriminative information present in the EEG signals by
amplifying the differences between the classes of interest (e.g., Left vs. Right MI).

On a training dataset, the covariance matrices of the EEG signals are computed for each class and
decomposed into their eigenvalues. The eigenvectors represent the spatial filters, while the eigenvalues
indicate the amount of variance captured by each spatial filter. To identify the most discriminative spatial
filters, the spatial filters are sorted based on their corresponding eigenvalues. During testing, new EEG
signals are projected onto the selected top-ranked spatial filters, usually a subset of the most informative
filters (typically four filters). The extracted features can then be used as input to a classifier, such as linear
discriminant analysis (LDA) or support vector machines (SVM), to classify the new EEG signals into their
respective classes.

Newer algorithms in EEG analysis have embraced the principles of Riemannian geometry, which
offers a mathematical framework for studying the properties of covariance matrices. These algorithms
operate on the premise that covariance matrices can effectively capture the statistical relationships among
various electrode locations. The Riemannian mean, which represents the central tendency of a collection
of covariance matrices, is computed for each class labeled in the training data. The minimum distance to
the Riemannian mean (MDM) approach aims to classify EEG signals by calculating the distance between
a test covariance matrix and the Riemannian mean of each class.

An analogous algorithm seeks to exploit the geometric properties of these covariance matrices by

mapping them onto a tangent space (TS), enabling more efficient linear operations. The tangent space
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mapping can be carried out for each class’s Riemannian mean. Subsequently, a new test covariance matrix

is projected onto each TS, and its distance to the corresponding mean is then computed.

4.1.2 Source Localization

We posit that the complex, intricate characteristics of EEG signals necessitate more than a simple
conversion to frequency or covariance representations to unveil their underlying trends and, consequently,
meaningful SOI. We further assume that source localization techniques have the ability to reveal such SOI,
although different techniques all have their inherent limitations.

Source localization can estimate the spatial locations of neural sources within the brain that generate
the recorded EEG signals. Its primary objective is to reconstruct the underlying neural activity and gain
insights into the spatial distribution of brain activation. The process of source localization involves solv-
ing the inverse problem (i.e., estimating the neural sources given the measured EEG signals). This is a
challenging task due to the ill-posed nature of the problem, where multiple possible source configurations
can explain the same EEG data.

The eLORETA (exact Low-Resolution Brain Electromagnetic Tomography) method is based on the
premise that the electrical activity originating from neural sources can be represented as a distribution of
current density throughout the brain. This approach employs a distributed source model, which assumes
that the neural sources are spread throughout the brain rather than being localized at specific points. One
notable advantage of eLORETA is its ability to handle multiple simultaneously active sources, which is
often the case in EEG recordings. By accurately estimating the locations and strengths of these sources,
eLORETA provides valuable insights into the underlying dynamics of neural activity. Implementations
of the eLORETA method can be found in MNEP! and LORETA-KEY!!.

4.2 Full Meta-Analysis: Core Channel Selection (CCS)

One of the primary purposes of a meta-analysis is to draw conclusions from past studies, often re-
porting disparate results. Pooling independent effect size estimates can inform us about the direction and
magnitude of an effect even more accurately than any of the individual estimates. Non-systematic biases
that may arise, for instance, from pre-processing steps, are assumed to become insignificant using this

approach!®?.

4.2.1 PRISMA Flowchart

The review is based on the PRISMA statement (preferred reporting items for systematic reviews and
meta-analyses) and the recommendations of the Cochrane Collaboration>-*. Fully published articles

were drawn from searches on Google Scholar in September 2020. English-language studies in which the
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subjects were asked to perform either motor imagery (MI), motor execution (ME), or to focus on SSVEP

or P300 were included. This literature search yielded 117 articles.
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Figure 4-1 (A): Standard PRISMA flowchart diagram; (B): details of the exclusion criteria used
with the associated number of studies (n)

All neuroimaging techniques were incorporated as long as the subjects were healthy human partici-
pants performing the correct task (e.g., only hand movement was considered for MI and ME, foot motion
was rejected). 97 articles met these further requirements. The quality of the data was the most exclusive
criteria. Studies that did not specify the exact location (3D coordinates from any atlas or EEG electrodes)
of the brain structures involved in the task or did not provide enough data to compute the mean and standard
error or deviation of these locations were excluded from further analysis. After applying these criteria, 21
articles remained. Figure 4—1A reproduces the standard PRISMA flowchart diagram, while Figure 4-1B
highlights the precise number of papers excluded for each exclusion criterion.

The main purpose of this review is to create a knowledge-based channel selection framework with
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sufficient statistical power and practical significance. The latter can be established by quantifying the
effect size. To compute all these measures, either the Z-score, the t-test, the Cohen’s 1, or the Cohen’s q
should be available, along with the corresponding standard error and deviation when necessary. The lack
of reporting of such measures (or access to the original data) is a well-known issue in neuroscience [8] and
might explain the generally small numbers of included studies in meta-analyses (n = 9)13, (n = 30)13¢],
(n =97

The metadata of the twenty-one articles (n = 21) included in this meta-analysis is detailed in Table 1
in Appendix A. In total, 311 healthy subjects participated in these studies, with a highly variable sample
size ranging from 5 to 50 participants (mean = 14.8 + 11.1). Every corresponding author of the twenty-
one studies has been contacted and solicited to provide the necessary information for computing the effect
size. Most effects are reported as group differences, thus Cohen’s d has been favored in this review!?!l,
For all studies, the mean across subjects (computed from Z-score, t-test, percentage of signal change, or
raw data) was calculated on every selected electrode. For each task and each electrode, the mean effect

size was computed and weighted by the number of subjects in the individual studies.

4.2.2 Sample Size Estimation: Number of Studies

How many studies are necessary to obtain sufficient statistical power? Conventionally, in meta-
analysis methods, fixed effects and random effects models are used. In the former case, the included
studies are assumed to represent the entire universe of studies of interest, and hence, there is no possibility
of sampling error®®. In view of the high variability of the phenomena under study, the included stud-
ies are considered to only represent a small portion of all the available data, and thus, the slightly more
sophisticated random effects model is preferred.

As usual, the Type I error rate is set at @ = 0.05 and the relative seriousness of Type I to Type II
error is 4 to 1 (8 = 0.2 and thus power = 0.8). The standard normal cumulative distribution function for
B = 0.2 yields a value of —0.842, and a mean of the Z statistic of 1.64 — (—0.842) = 2.482 for a one-tailed
test.

Under the random effects hypothesis, the Z statistic has a normal distribution with a mean equal to 4 =
d-0
A
—
2.d 2(60]

“typical” sampling variance of the random effects estimate is calculated with v* = v+7% = S+ EntT

where k is the number of studies (random effects estimates are usually noted with an asterisk!®!). The

Given a random effects analysis, the number of studies should then be k = (Z/VT)Z where 1* = 2.482.

A scoping review on different electrodes led to the belief that the estimated population effect size
may vary from d = 1.5to d = 3 with a variance of 72 = 1 and for an average number of subjects per
study of n = 15. For an estimated population effect size of d=1.5, approximately four studies (k = 3.2)
are needed under the random effects assumptions to obtain an approximate power of 0.80. For a greater

estimated effect size of d = 3, only one study (k = 0.88) is needed to obtain sufficient power, with all
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other hypotheses remaining equal.

4.2.3 EEG Channel Determination

Multichannel EEG measures signals using either the 10-20, 10-10, or 10-5 international systems for
standard electrode placement!®!. The goal of the BCI paradigms is to produce distinct patterns of cortical
activation to discriminate between various classes (e.g., left- or right-hand movement)®?!. The various
studies reviewed here use source localization to identify significant cortical generators. The closest of the
62 selected EEG electrodes are then estimated for each of the results obtained from fMRI or PET. Our goal
is to provide a knowledge-based channel selection framework that could be used either as a verification
step or as part of the classification procedures.

The Koessler 3D anatomical atlas'®! was used to correlate the 3D Talairach coordinates of the EEG
electrode of the 10-10 system to their cortical projection points. For convenience, the Koessler 3D anatom-
ical atlas is available as a csv file at https://github.com/QinXinlan/review-effect-size. This 10-10 resolu-
tion combines the advantages of higher precision (yet still providing background compatibility with the
10-20) and reproducibility (by avoiding overlapping that may arise with the 10-5). The likely Brodmann
area (BA) (respectively, macro-anatomical structure) beneath each sensor is then calculated as the most
frequently found in the population.

Using the mean 3D Talairach coordinates and standard deviations of each sensor, it is possible to
compute the Euclidian distance to each cortical generator reported in the reviewed articles. Standard
deviations in x, y, and z play asymmetric roles, so the most likely electrode is not necessarily the closest
one. When two EEG electrodes are nearly equidistant from a cortical source, both are recorded in the
following tables, with the electrode at the minimal Euclidian distance in the first position.

This review and its potential applications rely on three assumptions: (1) despite the substantial inher-
ent variability in the exact source localization of neural generators, the sensorimotor and visual networks
are postulated to be consistent across subjects and sessions, and the other cortical networks relevant to the
four common BCI paradigms should probably be considered more subject-dependent; (2) the estimated
EEG electrodes or their nearest neighbors are likely to reflect most of the relevant cortical information; (3)

the classification accuracy is presumed to be optimized by the choice of an adequate subset of electrodes.

4.2.4 Now You See It: Motor Execution

A voluntary movement is comprised of three phases: planning, execution, and recovery. During the
first phase, similar functional circuits, located in the fronto-parietal, subcortical, and cerebellar areas, are
activated in both ME and MI, suggesting they share a common pattern in the planning and preparation
tasks. However, MI also activates distinct regions that can be predominantly found in the left hemisphere,

namely the middle temporal gyrus and the fusiform gyrus (BA 21 and 37, electrodes TP7, P7, and T7).
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Table 4-1 3D Talairach coordinates of significant cluster maxima for motor execution of left and

right hand Movement; ++ specific to ME; left underline for left-handed subjects; right underline

for right-handed subjects; NP: not pertinent; BA: Brodmann area; Cohen’s d mean effect size with

a 95% confidence interval and the number of relevant studies in superscript

Anatomical Macro- Talairach Closest Cohen’s d
Lobe Area . Laterality BA Hem .
Area anatomical electrode(s) Weighted
structure X Y Effect size
. . 3.05
Prefrontal Inferior Inferior . 44, R 57 18 24 F8 )
) Unilat. [1.93;4.15]
cortex frontal frontal 45 247
gyrus L -49 5 16 FC5 ’ 1
- [1.51;3.41]
2.44
Lateral R 42 -3 60 FC4, FC2
Frontal Contralat. 6 [1.84;3.03]*
re-
P Superior 2.52
Premotor motor L -36 -3 66 FC1, FC3 3
frontal - [1.77;3.27]°
and 17
Tus .
motor Medial  Pre- &y ) R 6 6 57 FCZ ]
Bilat. 6 [2.32;5.09]
cortex premotor SMA 37
L -9 9 51 FCZ ) .
- [2.32;5.09]
3.7
Post- . R 3 -3 66 FCZ |
Bilat. 6 [2.32;5.09]
SMA
3.7
L -3 -3 66 FCZ |
- [2.32;5.09]
. 1.64
Primary Precentral R 39 -15 63 C2
Contralat. 4 [1.2:2.27)°
motor gyrus 175
M1) L -42 -18 66 Cl ’ 6
[1.29;2.54]°
. 1.6
Primary 1,2, R 42 -33 60 C4
Contralat. [1.15;2.26]*
sensory
Postcentral 1.62
(S1) L -48 -24 57 c3 5
gyrus [1.16;2.42]°
R Parietal i 0.78
Parietal Bilat. 7,4 R 4 -40 38 CPZ,CZ
cortex [0.59;0.97]"
. 1.15
Superior X R 36 -36 66 Cp2
) Bilat. 7 [0.59;1.72]"
parietal
1.06
L -30 42 66 CPl1 |
[0.49;1.62]
. . 0.9
Inferior Anterior B R 42 -45 48 CP4
] ] . Bilat. 40 [0.62;1.18]"
parietal intraparietal 12
sulcus (AIP) L -45 -36 60 CP3 ' 5
[0.72;1.53]*
. 1.14
Secondary Parietal ) 40, R 60 -9 15 CP6 |
Bilat. - [0.57;1.71]
sensory operculum 43 13
(S2) ++ L -60  -15 21 CP5 o
= [0.57;1.70]"
Anterior .
Bilat. R 24 18 6 NP
part
Basal
X . Putamen L -30 6 6 NP
Subcortical ganglia .
. Posterior .
regions Bilat. R 27 -9 12 NP
part ++
L -33 -3 6 NP
Bilat. R 15 -12 9 NP
Thalamus
L -18 -15 9 NP
Rostral part Bilat. R 21 -45 -18 NP
Cerebellum
L =27 -45 -18 NP
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The predicted visual consequences of an action are believed to be represented in the former gyrus!®#,
whereas lesions in the latter impair pantomime recognition!®!. Thus, these regions could be hypothesized
to participate in the planning of an imaginary movement. Furthermore, lesions in the superior and inferior
parietal cortex (BA 7 and 40; electrodes CP4, P1, and P2) lead to impairment in the ability to imagine
movements. Therefore, these cortices could be responsible for ensuring that the action being executed
matches the intended action!®t!.

During ME, the secondary sensory area (S2, BA 43; electrode CP6) seems to display heightened acti-
vation and is assumed to be related to the processing of proprioceptive input'é”!. More specifically, action
planning has been associated with an increase in activity in the left-lateralized supramarginal gyrus!®s! (BA
40; electrode CP5). A possible explanation of these differences between ME and MI relies on the evolu-
tionary theory of motor task learning. Mentally rehearsing the action would allow for multiple attempts
without the risk of causing any harm and, hence, would help find the best strategy for a difficult motor
task!®!. Some studies!®7?! compared the somatotopic mapping during ME and MI, while others!’>-74

examined the effects of handedness. Their results are showed in Table 4-1.

Bilateral or Unilateral A
—_— Stronger activatior

for either hand:
I Contralateral °rc5 Left-handed

Fcz® Right-handed
Brodmann Area 6

Figure 4-2 Motor execution paradigm: Activated electrodes with their Brodmann Areas and
handedness-linked brain laterality

For the ME task, only two clusters have been identified, as illustrated in Figure 4-2 -either non-
contralateral (bilateral or unilateral) or contralateral. The ME topographical distribution, as expected,
largely overlaps the MI one. However, the assumption that MI is a more complex cognitive task might
explain why the number of cortical generators activated with ME is much smaller for a simple task!”'.
Interestingly, mental chronometry studies have shown that the time course of MI positively correlates

with ME, illustrating the parallelism between these two tasks!7®!.
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For right-handed subjects (an estimated 90% of the worldwide population), right hand ME and MI
activate a restricted cluster compared to left hand ME and MI?. Right- handed subjects also show a
predominant activation of motor and visuomotor control in the contralateral (i.e., left) hemisphere, while
left-handed subjects have been characterized by a more bi-hemispheric recruitment of neuronal circuits
when performing a precision grasping task. This might indicate a left hemispheric location of visuomotor
control 731, In general, the more repetitive the task is, the more specialized and smaller the neural cir-
cuit will be. Therefore, the nondominant hand, being used less often, would require additional control
provided by a more widespread neural activation. Finally, it should be noted that the complexity of the
task, implying other functions, influences the lateralization, and the level of activation in some regions is
age-dependent!’”!.,

For the ME task, the CCS subset consists of electrodes FC4, FC2, FC1, FC3, C2, C1, C4, C3.

4.2.5 Now You Don’t: Motor Imagery

MI-based BCI is a popular interaction paradigm because it relies on voluntary movement and can
be used, in theory, by healthy and impaired subjects alike in synchronous or asynchronous paradigms. In
particular, the movement of the right and left hands is often selected because of its easily distinguishable
activity in the contralateral cortical regions responsible for the movement of the limbs.

MI is usually defined as the mental rehearsal of a motor act’®!. This cognitive process appears to
correspond to the activation of the neural correlates of motor representations!’). It includes the planning
and preparation of movements but not the motor output or somatosensory feedback. The neural network
involved during MI activates several cortical areas depending on the task and on the participant’s hand-
edness and familiarity with BCI and the task. Several studies!®®72189-82] have described the mapping of
cerebral networks by localizing the main sources in each functional area across participants. The Table

4-2 compiles these results with similar inclusion criteria (i.e., for healthy subjects).
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Table 4-2 3D Talairach coordinates of significant cluster maxima for motor imagery of left and
right hand movements with corresponding international 10-10 EEG system closest electrode(s);
BA: Brodmann area; Hem: hemisphere; L: left; R: right; NP: not pertinent; * for BCI-trained
subjects, ** for BCI-naive subjects; ++ specific to MI; left underline for left-handed subject’s
dominant hand; right underline for right- handed subject’s dominant hand; and Cohen’s d mean
effect size with a 95% confidence interval and the number of relevant studies in superscript

Anat. Macro- Talairach Closest Cohen’s d
Lobe Area Laterality BA Hem
Area anatomical elec. Weighted
X Y Y/
structure Effect size
Superior
10, 3.24
Rostral frontal Unilat. R 30 51 24 Fp2
11 [1.85;4.62]"
prefrontal gyrus
Prefrontal
1.25
cortex Dorsolateral Middle 6 L -20 18 59 F1
Contralat. [0.34;2.15]%
prefrontal frontal
9,8, F5, 2.79
ok gyrus L -54 42 15
46 F3 [1.28;4.28]%
Frontal 3.36
Inferior Inferior 44, R 48 24 6 F8
Bilat. [1.97;4.74]"
frontal frontal 45
3.05
gyrus L -54 12 12 F7
[1.66;4.43]!
FC4, 1.28
Lateral Middle R 42 6 57
Contralat. 6 FC2 [0.6;1.95)°
premotor frontal
3.31
Premotor gyrus L -42 3 51 FC3
[1.82;4.76]%
and
4.8
motor Pre- R 3 6 69 FCZ
Superior Bilat. 6 [2.91;6.66]>
cortex Medial SMA
frontal 4.8
premotor L -3 6 69 FCZ
gyrus [2.91;6.66]%
1.57
Post- R 20 -7 44 FC2
Bilat. 6 [0.68;2.45]%
SMA
1.37
L -6 -3 69 FC1
[0.68;2.06]°
1.66
Primary Precentral R 18 -22 54 C2
Contralat. 4 [0.69;3.07]%
motor gyrus
3.39
(M1) * L -19 -15 -58 Cl

[1.61;5.11]"

Continued on next page
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Table 4-2 (continued)

Anat. Macro- Talairach Closest Cohen’s d
Lobe Area Laterality BA Hem
Area anatomical elec. Weighted
X Y VA
structure Effect size
C4, 1.26
Primary Postcentral L2, R 54 -21 39
Contralat. c6 [0.36;2.28]*
sensory gyrus 3
Cs, 2.29
Parietal (S1) L -60 221 39
Parietal c3 [1.28;3.48]°
cortex
P2, 2.55
Superior R 24 -54 51
Precuneus Bilat. 7 CpP2 [1.16;3.93]!
parietal
3.03
++ L -27 -60 54 P1
[1.54;4.49]%
P2, 1.47
Inferior Inferior R 36 -30 42
Bilat. 40 CP4 [0.58;2.35]%
parietal parietal
CP3, 1.38
HE gyrus L -36 -42 48
CP1 [0.37;2.39]*
Middle
Middle TP7, 3.29
temporal Unilat. 21 L -60 -57 6
temporal T7 [1.9:4.67]"
gyrus
Temporal
1.55
Inferior Inferior 19 R 56 -60 5 P8
Bilat. [0.73;2.36]"
temporal temporal
19, 0.73
gyrus L -55 -65 6 P7
37 [-0.01;1.46]"
Occipito-
Superior 2.61
parietal Unilat. 19 L -25 -61 33 PO3
occipital [1.05;4.11]"
sulcus
Occipital
17, 2.01
Middle Calcarine R 12 -84 6 02
Bilat. 18 [0.7;3.33]!
occipital gyrus
2.54
L -12 -88 -2 01
[1.08;3.99]"
Caudate R 15 9 15 NP
Bilat.
nucleus L -18 9 21 NP
Sub-
Basal R 27 9 12 NP
cortical Putamen Anterior Bilat.
ganglia L -27 6 12 NP
regions
Insula ** Bilat. 13

Continued on next page
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Table 4-2 (continued)

Anat. Macro- Talairach Closest Cohen’s d
Lobe Area Laterality BA Hem
Area anatomical elec. Weighted
X Y VA
structure Effect size
Ventral
Thalamus lateral Contralat.
nucleus
Cerebellum Ipsilat.

The estimated EEG electrodes are then classified into three main clusters, as shown in Figure 4-3.
The first one gathers all electrodes that are not contralateral (i.e., either bilateral or unilateral). The second
cluster represents all contralateral sources that depend on the user experience (familiarity with BCI). The
third one corresponds to all contralateral sources consistently present among subjects. Ipsilateral clusters
can also be activated alongside contralateral sources to a lesser extent!®*!. If an electrode may be classified
as both contralateral and unilateral, the bilaterality may be more influential, and the electrode is labeled
as such. Finally, the effects of handedness for the dominant hand on electrode activation are emphasized
with an upper black point. For instance, FC2 is mostly activated for left-handed participants when moving
their left dominant hand.

Bilateral or Unilateral
Stronger activatiol

Contralateral for dominant hand
depending on .
BClI familiarity FC2 Left-handed

Fc1® Right-handec
Contralateral

for all subjects

= Brodmann Area 6

Figure 4-3 Motor imagery paradigm: Activated electrodes with their Brodmann Areas and

handedness-linked brain laterality
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For the MI task, the CCS subset consists of electrodes FC4, FC2, FC1, C4, C6, C5, C3, CP3, CP1.
A common CCS for all motor-related tasks (MI and ME) could also be defined with the electrodes FC1,
FC2, FC4, C3, C4.

4.2.6 The Way of the SSVEP

Changes in the visual field are known to impact EEG activity. In particular, the periodic contrast
or luminance modulation of a fixed frequency (usually at a range of 6-40 Hz) elicits an SSVEP that can
be detected at the same fundamental frequency as the flickering stimulus. The cortical oscillations are
phase-locked to the periodic stimulus and appear to be predominantly present in posterior occipital areas
as well as the lateral geniculate nucleus and optic radiation®!. The two major neural generators seem to
be localized in the primary visual cortex (V1/V2) and the motion-sensitive (MT/V5) areas, respectively.
However, the two minor contributors seem to be located in the mid-occipital (V3A) and ventral occipital

(V4/V8) areas!®).

Table 4-3 Activated electrodes depending on the SSVEP stimulus frequency

10Hz 11Hz 12Hz 13Hz

CcZ P1 F1 F6
CPZ pPZ FzZ F8
P1 P2 P3 FC6
|4 PO3 P1 FT8
P2 POZ | 4 P3
PO3 PO4 P2 P1
POZ Ol P4 PZ
PO4 (074 PO3 P2
CB1 02 POzZ  POS5

(0] PO4 PO3
074 POS5 POZ
02 PO6 PO4
CB1 PO6

(0] PO8

074 CB1

02 Ol

(074

02
CB2

In addition to the occipital areas, steady-state responses may also flicker over the frontal and prefrontal
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areas depending on the stimulus frequency!®®.

Furthermore, the narrow frequency bands surrounding
each flicker frequency appear to synchronize different patterns of cortical functional networks. Table 4-3
shows the EEG electrodes calculated from the topographical maps of the potential SSVEP power at the
frequencies relevant to one of our previous experiment'®’-88,

SSVEP-based BClIs often have a high temporal and spectral resolution (usually less than 0.1 Hz) as
well as a high accuracy and information transfer rate (ITR)!® but can produce visual fatigue or discom-
fort®. The temporal frequency, spatial frequency, contrast, luminance, color, and hue of the driving
flickering stimulus all influence the amplitude and phase of the SSVEP*°!I. This dependency on the
input frequency partly reflects the delay between the retina and primary visual cortex as well as the de-
lays between areas of the visual system!®?!. Moreover, the area of on-screen stimulus also has an impact
on cortical modulation. For instance, a 6 Hz frequency sinusoidal waveform displayed in the upper left
quadrant of the screen will elicit a different SSVEP waveform than a similar stimulation displayed in the
lower left quadrant (see Table 4—4)35931,

The review of five previous studies!®-8794+%1 is summarized in Figure 4—4. Three different types
of information are illustrated using distinct systems. The color clusters illustrate the differences between
contralateral and unilateral or bilateral sources. The corner symbols depict the activations that depend on
the on-screen quadrant location (upper or lower, left or right). Finally, the text colors highlight whether

the EEG electrodes are activated for some or all frequencies relevant to our experiment.

Table 4—4 3D Talairach coordinates of the two significant cluster maxima for steady-state visual
potentials depending on the visual stimulus location on the screen. The available data did not allow
calculations of the Cohen’s d effect size per electrode.

Macro-
Quadrant . N ) Closest
) Lobe anatomical Laterality BA Hem Talairach
Location electrode(s)
structure
X Y Y/
. . Middle occipital gyrus Bilateral 18 R 13 -92 -9 02,0z
Upper left Right Occipital i .
Superior occipital gyrus Contralateral 19 R 36 -71 -4 PO4
Median Parieto-Occipital ~ Superior parietal Lobule, Cuneus  Bilateral 7,19 R 5 <742 PZ, POZ
Lower left

. . .. Inferior parietal lobule,
Right Parieto-Occipital i . Contralateral 7,19 R 38 -65 0 P4, PO4
Superior occipital gyrus

U ioht Median Occipital Cuneus Bilateral 19 L -9 -86 -7 POZ, O1
er ri
pperng Left Occipital Superior occipital gyrus Contralateral 19 L -35 -73 -5 PO3
R . Cuneus Bilateral 19 L -6 -80 3 POZ
Lower right Left Occipital i .
Superior occipital gyrus Contralateral 19 L -31 -64 8 PO3, PO5

For the SSVEP task, the CCS subset consists of electrodes P1, PZ, P2, PO3, POZ, PO4, O1, OZ, O2.
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Quadrant Location:

Bilateral P4 | ower left
Not Specified P. 1, 2, or 3 frequencies
I Contralateral D All 4 frequencies

Figure 4-4 Steady-state visual evoked potential paradigm: Activated electrodes with their
Brodmann areas and brain laterality linked to quadrant location or full-screen frequency

4.2.77 Raise the P300 Lantern

Attention to a change in the environment elicits a burst of activity, peaking at about 300 ms after the
sensory stimulus. This P300 event-related potential (ERP) is an umbrella term encompassing two separate

attentional processes.

Contribution

@ Low
Not Available

High

b Chrono stimulation

g Brodmann Area 6

Time
(in ms)
230 - 280 280 - 330 330 - 380 380 - 430 380 - 430

Figure 4-5 P3b component of the P300 paradigm: Electrodes’ level and chronology of activation

with corresponding Brodmann areas
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Table 4-5 3D Talairach coordinates of significant cluster maxima for the P3b component of the

P300 event-related potential; NP: not pertinent; BA: Brodmann area; Cohen’s d mean effect size

with a 95% confidence interval and the number of relevant studies in superscript

Contri- Anat. Macro- Talairach Closest Cohen’s d
Time (in ms) Lobe Area BA
bution Area anat. elec. ‘Weighted
X Y y/
struct. Effect size
Inf.
Inf. F5, 327
front. 9 -64 19 15
Pre- front. FC5 [1.67;4.87]
gyr.
Low front.
F3, 3.48
cort. Sup. Sup. 8, -39 42 39
AF3 [1.65;5.57]
front. front. 9
F4, 4.4
gyr. 40 43 36
AF4 [2.48;6.4]"
Pre-
3.27
cent. 44 44 17 6 F8
Front. [1.67;4.87]"
gyr.
230 430
FC1,
- - Mid. 6 -24 -4 57 NA
FC3
280 480 front.
Dorso- gyr.
lat.
Pre- 6, 2.86
pre- 32 0 56 FC4
motor 9 [1.26;4.46]
front.
NA and
gyr.
motor
280
cort. FZ,
11 -3 38 -13 NA
FpZ
330
Medial
Medial
pre- 32, 3.45
230 frontal -3 10 46 FCZ
motor 6 [1.82;5.47]%
- gyrus
SMA
280
380 430
Cing. Cing. 6, 3.45
- -1 3 56 FCz
cort. ayr. 24 [1.82;5.47]%
430 480
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Table 4-5 (continued)

Contri- Anat. Macro- Talairach Closest Cohen’s d
Time (in ms) Lobe Area BA
bution Area anat. elec. Weighted
X Y Z
struct. Effect size
Prim. Pre-
2.44
motor central 6 24 -16 52 C2
[1.13;3.75]"
M1) gyrus
380 430 Prim. Post-
1,2 3.13
- - sens. cent. -47 -24 53 C3
3 [1.8:4.46]2
430 480 (S1) ayr.
230
33
- Inf. Supra- -47 -45 43 CP3
40 [1.82;4.95)°
280 pariet. marg.
430 lob. gyr.
CP4, 4.78
- 48 -39 38
P4 [3.31;6.44]3
480
7, P1, 4.28
Post. Sup. Sup. -30 -73 44
19 P3 [2.85;5.97]3
pariet. pariet. pariet.
P2, 3.98
cort. lob. 7 30 <74 44
P4 [2.52;5.51]*
4.97
Inf. Fusif. 19, -38 -60 -16 P7
High [3.53;6.83]%
temp. gyr. 37
9.68
29 -52 -14 P8
[7.88;11.8]"
230 330 380
T7,
- - - Temp. Mid. 21 -59 -18 -13 NA
Mid. TP7
280 380 430 temp.
temp.
380 gyr.
P7, 4.97
- -44 -63 -1
NA 37 PO7 [3.53;6.83]>
430
2.85
41 -58 -4 PO8
[1.54;4.15]
Sup.
40, CP4, 4.87
temp. 52 -44 14
39 P6 [3.44;6.56]°
Sup. sulc.
temp.
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Table 4-5 (continued)

Contri- Anat. Macro- Talairach Closest Cohen’s d
Time (in ms) Lobe Area BA —
bution Area anat. elec. ‘Weighted
X Y Z
struct. Effect size
280
FT7,
Sup. 42 -59 -32 8 NA
TP7
330 temp.
gyr.
330
3.13
-61 -45 21 CP5
22 [1.8;4.46)?
380
230 280 330 380 430
CPo6, 4.66
60 -39 15
P6 [3.3;4.4]2
280 330 380 430 480
PO4, 3.79
Cuneus 19 20 -82 36
02 [2.075.49]%
Inf. PO3, 4.31
Ling. 19 -29 -76 -3
NA Occip. occip. 01 [2.37;6.23]%
gyr.
Med. 4.01
18 -1 76 2 (674
occip. [2.09;5.9]2
Sub- Thal. -1 -12 11 NP
NA
cort. Ins. 13 -45 11 5 NP

reg.

The P3a, or Novelty P3, occurs in response to all rare sounds or images —~designated as deviant stimuli
-regardless of whether they are targets'®*®”! . The P3b appears after the appearance of a low-probability
target item embedded in a train of high-probability nontarget (or standard) items. Both the amplitudes of
the P3a and P3b, as well as their peak latencies, can be characterized as functions increasing (respectively
decreasing) with age!®®!. Additionally, the topographical distribution of the two P3 components seems to
also be age-dependent!®”’.

Typically elicited between 250 ms and 500 ms, the P3b is believed to reflect the process of directed

attention leading to conscious awareness of salient stimuli'%!

. Detecting this cognitive component can
reflect user intention and provide useful biomarkers for normal aging or several brain or mental dis-
eases!!?1-1021 Table 4-5 summarizes the locations and time-courses (when available) of its neural gener-

[100][103-108]1 " Fyrthermore, the source contributions calculated from the functional

ators from seven studies
magnetic resonance imaging (fMRI) activation clusters are also indicated. However, as the authors warn,

the intrinsic technical and theoretical differences between ERP and fMRI might cause some discrepan-
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cies. For instance, the temporally dispersed activity reflected by fMRI (which is typically integrated over
1 second and then averaged) might get lost when compared to ERP (which is only averaged)!'".

Two different types of information are depicted in Figure 4-5. One highlights the contribution to
the generation of the P300 for each electrode (low or high), while the other indicates the time-dependent

1051 The chrono stimulation is

activation for several EEG electrodes, using five 50-ms time intervals
illustrated on two consecutive images for simplicity’s sake.

For the P300 task, the CCS subset consists of electrodes CP3, CP4, P1, P3, P2, P4, P6.

4.3 A Romance of Source Localized Spatio-Temporal (SLST) Features

The overarching objective is to identify recurrent brain sources across multiple trials for specific
tasks, such as Left or Right Motor Imagery (MI). The signal of interest (SOI) in this context refers to
the neural activity patterns consistently present when an individual performs an action. Identifying and
analyzing these recurrent brain sources results in a better understanding of the underlying neural mecha-
nisms and patterns associated with specific mental tasks, ultimately leading to improved classification and

interpretation of brain activity.

4.3.1 The Source Localization Hypothesis

Source localization, a technique used to identify the specific brain regions generating cortical activity,
provides valuable insights into the neural mechanisms underlying these tasks. We assume that emitted
signals X from any brain source(s) are easier to discriminate than their scalp signals Y counterparts, that are
mixed with noises. This means that the intensity of the brain source signals surpasses the intensity of the
EEG potentials at the correct location: || X|| >> ||Y||. It should be emphasized that this inequality is valid
for the specific spatial coordinates of the SOI, but does not hold true for all locations of brain sources. This
source localized information is thus presumed essential for understanding how different mental processes
are represented in the brain and for distinguishing the neural signatures of distinct cognitive activities.

However, knowing the most probable locations of the SOI has proven insufficient for effective clas-
sification. The timings during which these SOI are the most prominent also need to be extracted. To
achieve this, we conjecture that EEG scalp potentials alone lack adequacy in providing such information.
Previous studies have demonstrated a correlation between source localization results obtained from EEG
and functional Magnetic Resonance Imaging (fMRI)!'%-11%That is why our main hypothesis is that these
transformed spatio-temporal signals possess sufficient significance for robust classification.

Various challenges have been identified that can compromise the accuracy of source localization
outcomes. Notably, the inherent variability in brain anatomy and function across individuals introduces
model mismatch issues. Source localization methods, built upon generic head models, may struggle to

precisely capture individual differences. This observation leads us to extend our hypothesis, suggesting
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that the characteristics derived from source localization may not universally hold true across sessions and
subjects. We posit that these features exhibit accuracy on a local timescale, i.e., within a single session.
To accommodate the inherent variabilities across trials, sessions, and subjects, we deliberately refrain
from introducing additional assumptions about the characteristics detected through source localization.
This approach avoids imposing requirements, such as the sequential activation of brain sources, and allows
for a more flexible and inclusive analysis that acknowledges the complexities inherent in neuroimaging data
across diverse experimental conditions. Although this approach may yield a less precise spatial source
location for a specific subject, we hypothesize that the recurrent activation of (a) cortical source(s) holds

significance, especially in terms of temporal dynamics.

4.3.2 Spatio-Temporal Patterns Detection

Identifying and extracting relevant feature(s) from the SOI(s) is a non-trivial question. The effective-
ness of a chosen feature can be assessed based on its impact on classification accuracy. To choose such a
feature, we further assume that the SOI, represented by the estimated source data matrix X (in Talairach
space), should be considered a sparse matrix, meaning that most of its elements are zero. This assumption
arises from the consideration that the SOI is mixed with noise or background brain activity, and retaining
all the values in X would actually hinder classification accuracy.

The cleaned EEG potentials (after ABCD ) Y € R3*T, with T being the total number of data points,

are transformed into source localization signals (cortical signals) X € R2%-#4T

at any given time point
t. This conversion is achieved by calculating the inverse solution using a template brain derived from a
combination of 40 MRI scans of real brains. This computation is performed using the MNE library with
the eLORETA method in Python®!l. Adopting the default parameters of MNE results in the generation of
one source signal per cortical vertex (i.e., 20,484 source signals).

eLORETA serves as a mathematical solution to a regularized, weighted minimum-norm problem. Its
objective is to minimize the norm discrepancy between signals detected at scalp electrodes and the es-
timated values provided by the eLORETA method. Considering the inherent challenges of the ill-posed
source localization problem, the inclusion of all voxels (or vertices) in the brain as potential sources in-
troduces greater (and unwanted) complexity. This means that the process of source estimation is greatly
underspecified.

In this context, the activity estimated in a particular voxel represents a weighted sum of activities
from neighboring voxels, resulting in a blurred representation of the actual activity within the brain. Con-
sequently, pinpointing the location with the highest activation (i.e., the maximally activated brain source
M € R*T) serves as an approximation of the most probable source, offering a simplified yet informative
perspective.

The maximum brain source activation M € R3**” is assumed to represent the feature of interest (FOI)

and its intensity exceeds the intensity of the entire matrix of brain source activations X € R?>#¥+T (j e , the
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SOI) at the correct location, and by extension, the scalp potentials ¥ € R3>*T. Only statistically discrim-
inant maxima are kept for further analysis as FOI. The obtained sparse matrix allows for an approximate

solution to the source localization problem:
M| >= [1X]| >> ||Y]] (4-1)

We also hypothesize that the SOI, and consequently the maximum brain source activation (or FOI),
should exhibit stability both in time and space to accurately reflect genuine brain activity. This assumption
ensures that the detected brain activity is not merely a transient signal caused by noise. To capture the
consistent and reliable characteristics of the brain source activations, we integrate over time 4t on a volume

Av = AxAyAz, which can be heuristically expressed as Equation (4-1), represented by:

At At At
f MLy >= j XL >> J 1YL 4-2)

Sliding time windows are swept across the 3D Talairach points, increasing as long as the consecutive
distances are under a defined threshold (X=10; Y=10; Z=20) Av C v, for a fixed minimum time interval
At > 719. This spatio-temporal threshold is linked to the available resolution of the template brain and
the inter- and intra-subject variability. The sliding averaged 3D coordinates (computed for each sliding
time window) are clustered according to the same distance threshold. Figure 4-6 illustrates the recurrent
brain source activated across trials for a similar spatial cluster. The recurrent brain sources are retained

for further analysis only when they occur at least with a probability p on all N trials.
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Figure 4-6 Identification of spatio-temporal recurrent clusters (visualization with LORETA-KEY

software)

The number of repetitively activated sliding averaged 3D coordinates is counted per trial and across

trials, as detailed in Algorithm 4-1. The probability that a spatial cluster is task-related depends on its
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occurrence and the timings of its activation. This source localization-based spatio-temporal similarities

during and across trials consist of a novel feature extraction technique in this thesis.

Algorithm 4-1 Pseudo-code for identification of Source-Localized Spatio-

Temporal (SLST) features
Data: 3D source localized data S at each time point ¢, minimum time of activation 7y,

maximum volume Av, total number of trials N, probability of occurrence p
Result: recurrent spatio-temporal features
1 Initialize features and occurrence of features: Med = []; count = []

2 fori=1tN // Distance between two consecutive
3D source localized data

3 do

4 t=t // Loop over N trials

5 d(t)=S(t+1)-S(@) // Time start

6 while d(1) < d,, . // Same zone

7 do

8 th=t // Time stop

9 if At =1, -1t > 1 then

10 return (Med, count) // Same time

1 Med = mediany,, ,,;(S(t)) // Median on same consecutive
time-zone

12 count +=1 // Count the number of trials on
which the same consecutive
time-zone median is identified

13 end

14 end

15 if count > p then

16 return (Med, count) // Spatio-temporal feature

identified on at least p trials

4.4 The Poetics of Dual Classifier (DC)

The underlying rationale is grounded in the notion that brain activation in task-related regions occurs
only for brief durations. Consequently, our dual classifier (DC) exclusively operates on the temporal
information extracted from the SLST features. For reference, most conventional classifiers commonly

employ features derived from extended windows, typically spanning several seconds.
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4.4.1 Exclusive Electrodes

The SLST analysis yields two types of outcomes: the spatial location, which can be associated with
the nearest EEG electrode, referred to as the electrode for simplicity, and the corresponding activation
times of this electrode.

During the MI training phase, the electrodes can be categorized as either exclusively associated with
Left MI, exclusively associated with Right MI, or responsive to both. When analyzing a new trial, if the
SLST analysis identifies an exclusive Left (resp. Right) electrode, the trial is straightforwardly classified
accordingly. Across all sessions, the average number of exclusive electrodes is found to be 2+ 1. However,
there are instances where no exclusive electrodes are detected during certain sessions or trials that lack
the presence of exclusive electrodes. In such cases, an alternative strategy is developed for classification

that relies on the covariance matrices calculated at the CCS.

4.4.2 Voting System on the Riemannian Manifold Using Covariance Fréchet at CCS

The scalp EEG potentials are extracted at the SLST timings and the corresponding covariance ma-
trices are computed. These resulting 52x52 covariance matrices serve as a means to capture and represent
the spatial relationships among the various electrode locations.

Covariance matrices, being semi-definite positive matrices, possess a fixed-dimension Riemannian
manifold structure. This manifold represents a convex smooth submanifold within Euclidean space. It is
equipped with an inner product inherited from the Euclidean metric defined on its tangent space, enabling
the calculation of distances between its elements. Riemannian-based classification uses the geodesic dis-
tance, which refers to the shortest length curve connecting two points on the manifold. This facilitates the
formation of clusters based on their proximity to a mean value. The Fréchet mean (resp. median), known
as the natural mean value for such clusters, minimizes the mean distance to the elements within the cluster.
The convexity of the manifold ensures the existence of this solution.

To illustrate this method, let’s consider a simple example in R?, where a convex Riemannian sub-
manifold, such as a circle, serves as an illustration. In this example, two clusters, each containing two
elements, are examined. It is important to note that the same principle applies to scenarios involving
multiple clusters, elements, and higher dimensions.

To measure the similarities among a cluster of covariance matrices (e.g., Left or Right MI), the
Fréchet median can be used to represent the central tendency of a set of covariance matrices. The dis-
tances between each covariance matrix and the Fréchet median of each label are compared. The predicted
label corresponds to the smallest distance to the geometric median. For each trial, if there are more than
one timing extracted from the spatio-temporal similarities, a voting system is set with the predicted label

corresponding to the label that is the most picked by the different covariance matrices.
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Figure 4-7 Illustration of the Riemannian manifold on a simple example

4.5 Classification Under the Influence of Filtering

Filters are designed to optimize the frequency response, with the primary objective of favoring sig-
nals within designated frequency bands while simultaneously maximizing rejection and minimizing any
undesirable ripple. Band-pass filtering is commonly employed in the BCI processing pipeline to em-
phasize the waveform of interest (e.g., beta band) under the assumption that it reveals the SOI neuronal

synchronization.

4.5.1 shinyVizFilter

Thanks to its interactive design, shinyVizFilter facilitates the visualization of signals in both the
temporal and spectral domains, enabling an examination of the filtering effects based on the selected
characteristics. Many software and programming languages are available for analyzing EEG signals.
This diversity might sometimes become a burden when trying to use the available online code to per-
form exploratory data analysis. To alleviate this issue and enhance accessibility for both novice and ex-
perienced programmers, shinyVizFilter has been crafted as a user-friendly Web-page tool, accessible at
https://eva-guttmann-flury.shinyapps.io/shiny VizFilter/.

This tool is implemented in the R programming language, renowned for its open-source nature and
extensive ecosystem. Developed as a Shiny app hosted in the cloud, shinyVizFilter allows users to freely
and interactively modify filter characteristics while simultaneously visualizing the effects on any EEG data.
Additionally, shinyVizFilter is also available as an R-package, facilitating seamless integration into other
statistical R-packages or larger workflows. Its design aims to facilitate a comprehensive understanding of

the impact of filtering on the EEG data at hand, with a particular emphasis on intuitive visualization of
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band filtering.

4.5.2 Comparison Across Filter Types and Bands

Within the realm of linear Fourier filters, the three most extensively investigated types are the Butter-
worth, Chebyshev, and Elliptic filters. Butterworth filters are commonly employed due to their character-
istic of providing a maximally flat response in the passband. This implies that they exhibit a uniform gain
across the desired frequency range, making them a suitable choice when maintaining passband flatness
is of utmost importance. In contrast, Chebyshev filters introduce ripple in the passband but compensate
for this by offering steeper attenuation slopes compared to Butterworth filters. Consequently, they are

preferred when a sharper roll-off is desired, even at the expense of passband ripple.

Table 4-6 Comparison classification accuracy for four frequency bands and three type of filters;
data from the MI paradigm of the first ten subjects (25 sessions or 1000 trials) in our experiment
(detailed in Chapter 2)

Classification accuracy

Filter band Filter type )
(with CI at 95% confidence level)

Unfiltered 85% [64%; 96%]
Butterworth ~ 87% [67%; 97%]
Delta Chebyshev 89% [68%; 98%]
Elliptic 89% [68%0; 97%]
Butterworth ~ 89% [69%; 97%]
Theta Chebyshev 88% [68%0; 97%]
Elliptic 83% [62%; 94%]
Butterworth ~ 91% [71%; 99%]
Alpha Chebyshev 92% [72%; 99%]
Elliptic 92% [72%; 99%]
Butterworth 94% [75%0; 98%0]
Beta Chebyshev 92% [72%; 99%]
Elliptic 54% [62%; 95%]

On the other hand, elliptic filters exhibit ripple in both the passband and stopband, yet they excel in
providing the most pronounced attenuation slopes among the three filter types. As a result, elliptic filters
are selected when there is a requirement for both a sharp roll-off and a high degree of stopband attenuation.
Even though the phase response of the Butterworth filter has been found to become more non-linear with
increasing order, it remains the most favorable compromise between attenuation and phase response!!'!).

Butterworth filters have also been found to have the lowest effects on time shifts, thereby minimizing
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distortion of neuronal timing information!!!?,

The influence of these three types of filters is evaluated by comparing the classification accuracy
obtained with the three rithms developed in this thesis, namely ABCD for the pre-processing, SLST for
feature classification, and our dual classifier. Table 4-6 summarizes the classification accuracies obtained

for the first ten subjects (for a total of 25 sessions or 1000 trials).

4.5.3 A Spatial Re-Referencing Odyssey

Common physical reference channels during EEG recordings are positioned at the cephalic electrode,
such as the vertex (Cz), the tip of the nose, or the mastoid (behind the ear). The re-referencing goal is to
correct these temporally non-neutral references by calculating a theoretically neutral one. Popular tech-
niques include the Common Average Reference (CAR) and the Laplacian references. The CAR method
relies on the assumption that the head can be approximated as a sphere and that the sum of all potentials
recorded due to current sources inside this sphere would be equal to zero. However, since EEG electrodes
cover mostly the upper part of the head, these hypotheses are quite unlikely!!'3!.

The Laplacian reference aims at attenuating low spatial frequency signals that are broadly distributed
across the scalp while preserving high spatial frequency signals that are localized in a small volume below
each electrode. This reference can be estimated by calculating the difference between the potential at each
electrode and the averaged potential of its four neighboring sensors. In the case of the small Laplacian,

the nearest four neighbors are chosen, while for the large Laplacian, further neighbors are selected (see
Figure 4-8).

CAR Large Laplacian Small Laplacian

Figure 4-8 Common spatial re-referencing: comparison between CAR, large and small Laplacian

The impact of these three types of re-referencing, along with no re-referencing (simply called None
hereafter), is evaluated by comparing the classification accuracy obtained with our three algorithms
(ABCD, SLST, and DC) after filtering on the beta band using the Butterworth filter. Table 4-7 sum-
marizes the classification accuracies obtained for the first five subjects (for a total of 13 sessions), reveal-
ing the superiority of the Laplacian re- referencing (with very similar results for the Large or the Small

variant).
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Table 4-7 Comparison classification accuracy for four re-referencing; data from the MI paradigm
of the first ten subjects (25 sessions or 1000 trials) in our experiment (detailed in Chapter 2)

Classification accuracy Classification accuracy
(with CI at 95% confidence level) (with CI at 95% confidence level)

None 90% [70%; 88%]
CAR 93% [74%; 99%]
Small Laplace 93% [74%; 99%]
Large Laplace 94%0 [75%0; 98%%0]

4.6 Summary of Results and Discussion

The recorded data (see Chapter 2 for details about the experiment) is pre-processed to correct blinks
with our newly-developed ABCD. The cleaned EEG data is re-referenced with the Large Laplacian spatial
filter, followed by the application of a Butterworth beta (12.5-30 Hz) pass-band filter. The resulting EEG
data is converted with eLORETA using the MNE library in Python. The brain source exhibiting maxi-
mum activation is extracted, and its spatio-temporal characteristics are analyzed using SLST. Finally, the
extracted data is subjected to classification using the dual classifier (DC).

The ensuing results are compared to four renowned feature extraction and classification algorithms.
The first, and perhaps most widely recognized, is Common Spatial Patterns (CSP) combined with Linear
Discriminant Analysis (LDA). Another well-known variant involves using both CSP and Support Vector
Machine (SVM) for classification purposes. Given that our Dual Classifier (DC) incorporates Riemannian
geometry as a partial basis for trial classification, a comparative analysis is also conducted with other
established methods that utilize Riemannian geometry. Among these methods, the Minimum Distance to
the Riemannian Mean (MDRM) and the Tangent Space (TS) are the most widely recognized.

Similar to the Consistency and comparison procedure carried out between the three pre- processing
algorithms, these four well-known classification methods are compared to our SLST+DC on twenty suc-
cessive random draws. The resulting averaged accuracy presented in Table 4-8 confirms that SLST+DC
consistently achieves higher classification accuracy compared to CSP+LDA, CSP+SVM, MDRM, and TS.

The algorithms for feature extraction and classification developed in this thesis are founded upon the
outcomes obtained through source localization. This methodology allows us to derive task-related char-
acteristics, explaining the huge improvement of our methods compared to the others. Nevertheless, this
advantage is accompanied by a considerable computational burden. The computational time is contingent
on each choice of re-reference, filter type, and filter band, introducing a multitude of permutations. Ad-
ditionally, given that the optimized pipeline is not inherently known, years of computation on multiple

computers and virtual machines (VM) have been required to achieve these results. Table 4-9 summa-
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Table 4-8 Consistency and comparison between four common feature extraction and classification
algorithms and our SLST+DC, ICA and ASR (20 successive random draws, corresponding to 6.3
sessions in average); all data is first pre-processed with our ABCD algorithm for a fair comparison

Consistency (mean of 20 draws,

Methods ) ) )
corresponding to 6.3 sessions in average)
Standard Deviation ~ Standard Error
Accuracy
(SD) (SE)
CSP +LDA  89.16% 1.76% 0.39%
CSP + SVM  88.99% 1.60% 0.36%
MDRM 81.13% 4.64% 1.04%
TS 86.09% 4.48% 1.00%
SLST + DC  95.03%  3.41% 0.76%0

rizes typical computational time to obtain the source localization results from MNE of our dataset. The
exhaustive exploration of these configurations, especially for subject-specific filter bands, would require
exponential computational time and pose a trade-off between computational intensity and practical feasi-

bility.

Table 4-9 Benchmark of source localization computing times

Computational time
Machine Specifications per session
(in hours)
11th Gen Intel(R) Core(TM)
Laptop 1 19-11900K ~2.7
CPU @ 3.50GHz

Intel(R) Core(TM)
Laptop 2 i7-6700HQ ~9
CPU @ 2.60GHz

Intel(R) Xeon(R)
e5-2698B V3 ~3.5
CPU @ 2.00GHz

Server
with 30 VM

Our feature extraction and classification are obviously not designed for real-time applications. How-
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ever, we anticipate the potential to derive certain features from their outcomes, thereby potentially cir-
cumventing the need for the source localization computation. Meanwhile, supplementary analyses can be
conducted using the identical pipeline on alternative recorded paradigms, as detailed in Chapter 2. This
research endeavor, for instance, can aid in ascertaining the consistent superiority of the Butterworth fil-
ter across paradigms or determining the optimal frequency band (1-15Hz) for P300 signals, as frequently

reported.

4.7 Conclusion and Highlights

This chapter centers its attention on mitigating the important inter- and intra-subject variability, which
predominantly causes low classification accuracy. The primary conjecture posits that EEG signals are
not suitable for direct BCI classification. This is analogous to attempting to solve a system with three
unknowns, namely, time, location, and frequency.

Hence, the development of the Source Localized Spatio-Temporal (SLST) feature extraction method
serves the purpose of identifying two of the aforementioned unknowns through the utilization of similarity
analysis across multiple trials. The Dual Classifier (DC) is then employed to process the extracted features.
The concepts and main results presented in this chapter can be summarized into a few main ideas:

The diverse features and specificities of this method can be outlined in a few essential ideas:

 Cortical sources activations differ depending on the BCI task and their modulations.

* By combining the findings of twenty-one studies, an optimized subset of EEG electrodes is de-
termined for each BCI task. This knowledge-based core channel selection (CCS) framework can
serve as a reference for EEG researchers.

¢ The eLORETA algorithm is used to compute the source localization of ABCD-cleaned EEG sig-
nals, while the features are extracted using SLST. The resulting spatial locations and time-derived
features are utilized as inputs for the DC method.

¢ DC incorporates time-derived covariance matrices and calculates the Fréchet medians associated
with each class. When classifying a new distance, the distance between the covariance matrices of
the new trial and the class-specific Fréchet medians is computed. A voting system then helps to
determine whether the user intends to move the left or right hand.

* The shinyVizFilter tool is an interactive online resource specifically developed to facilitate the
visualization of EEG signals across temporal, spectral, and spatial domains. The impacts of fil-
tering are studied on SLST+DC for different frequency bands (delta, theta, alpha, and beta) and
filter types (Butterworth, Chebyshev, and Elliptic), revealing that the best filter for MI is the beta
passband Butterworth filter.

* The effects of various spatial re-referencing techniques, namely the Common Average Reference

(CAR), Large and Small Laplace, are also investigated, showing the superiority of the Laplacian
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filter (with both the Large and Small Laplace filters yielding comparable outcomes).

e With twenty successive random draws, corresponding to 6.3 sessions on average, SLST+DC
achieves a Consistency mean classification accuracy of 95.03% (SD = 3.41%), versus 89.16% (SD
= 1.76%) for CSP+LDA, 88.99% (SD = 1.60%) for CSP+SVM, 81.13% (SD = 4.64%) for MDRM,
and 86.09% (SD = 4.48%) for TS.

The efficacy of the SLST+DC approach in classification substantiates its potential for wider im-

plementation in EEG applications. For instance, it would be of considerable interest to ascertain the

applicability of these methodologies in diagnostic scenarios or the identification of novel brain signals.
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Chapter 5 Standard Deviation-based Confidence Interval
Estimations (SDCI) and Innovative Elliptical Representations

for Confusion Matrices (CE)

This chapter focuses on the development of sound approximate calculations for confidence intervals
(CI) associated with a confusion matrix (CM) and the subsequent classification accuracy. The CI for
the four main performance metrics of the CM are estimated using a novel induced standard deviation
for accuracy. An alternative approach to estimating the minimum sample size is built using a newly-
established distance separation (DS) method relying on the chosen CI approximation. An original method
for computing the accuracy’s CI estimated through standard deviation (SDCI) is also presented and applied
to innovative visual representations of confusion matrices called confusion ellipses (CE).

While several CI approximations already exist, the most common being the Wald- Laplace method,
their application to classification accuracy is uncommon, except for PyCM, a Python library dedicated
to CM evaluation and comparison. Similarly, there is a notable scarcity of easily comprehensible CM
representations. The majority of existing visualizations typically involve matrices of colored squares,
which can pose challenges in terms of understanding and interpretation.

Simulated data generated from a Binomial distribution (with a sample size of 30) is employed to
assess the differences between six CI approximations. The minimum sample size is similarly estimated
using a Binomial distribution (with a sample size of 1000). Finally, a comparison is carried out between the
accuracy’s CI obtained from our SDCI vs. PyCM, using simulated data from 35 CMs. The results show
that SDCI yields a CI mean widths of 15% against 9.54% for PyCM, indicating that PyCM underestimates
by 36.38%. CE plots are also generated for simulated data from two CM and for the previous results
comparing ABCD vs. ICA, showing a qualitative improvement over more conventional visualizations.

The newly developed DS method can serve as an alternative approach for estimating sample sizes,
particularly when the signal of interest is mostly unknown and only competitive accuracies from different
pipelines are reported (the most widely reported metrics). The innovative CE representations can also be

plotted as a summary of results when researchers wish to illustrate the differences between various CM.

5.1 Introduction

5.1.1 Binomial Distributions

Confusion matrices (CM) serve as the conventional means to evaluate the performance of a classifier.

These matrices are derived from a supervised learning process and are designed to provide predictions
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regarding correct (True) or incorrect (False) assessments of two distinct samples, typically labeled as
Positive and Negative sets. These two samples can be represented as follows:
- The positive sample (P) consists of instances classified as True Positive (TP) and False Negative
(FN) instances, with the corresponding probability of TP/(TP+FN);
- The negative sample (N) comprises instances classified as True Negative (TN) and False Positive
(FP), with a probability of TN/(TN+FP).

The statistical distributions for each sample are discrete Binomial distributions, with only two possi-
ble classes: True or False. These distributions are denoted as B(n, p), where n represents the sample size
and p represents the associated probability. The Binomial distributions constitute a family of distribu-
tions that depend on two parameters: 7 and p. The cumulative distribution function associated with these

distributions calculates the probability of obtaining at least k correct assessments:

LK)
B(n,p, k) =P(X < k) = Z (’Z)p"(l -p)" (5-1)

i=0

Where | k] is the "floor” under k, i.e., the largest integer less than or equal to k.

5.1.2 Confidence Intervals (CI): Analytic Approximations and PyCM

The simple nominal probabilities alone are not sufficient and should be presented within confidence
intervals (CI). Experimental probabilities, denoted as p, are associated with a confidence level typically
set at 95%, resulting in a two-sided tail of @, = § = 2.5%.

Traditionally, these CI have been calculated using approximations of B(n, p) with continuous distri-
butions that have straightforward analytic expressions for their CI. These approximations have been useful
in situations where inexpensive and effective calculation methods are not available. However, significant
differences arise near the extreme probabilities of 0 and 1, leading to frequent misunderstandings and
questions about their validity. Therefore, the choice to use any of these methods must be justified and
supported with sound arguments.

Recent advancements in this field have been made through the online-available PyCM!'!#!. This
Python library specifically caters to data scientists who require a wide range of metrics for predictive
models and comprehensive evaluation of various classifiers. However, some of the hypotheses used in the
computations are questionable. For instance, the CI estimation for classification accuracy assumes that

the sum of two Binomial distributions is a Normal one, despite this being known to be inaccurate.

5.2 The Color of Binomial Approximations

The Binomial approximation is a specific case of approximating a discrete distribution with a con-

tinuous one. The choice of this estimation depends on its intended application. The primary objective is
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to obtain approximate confidence intervals (CI), which are calculated by summing the probability mass
function (PMF) until the probability a; is reached. This iterative process starts with O for the lower bound
or 1 for the upper bound, representing the Binomial tails. It is crucial to emphasize that only the tails of
the distribution are estimated, not the entire distribution itself. This will be referred to as the Binomial ap-
proximation, as it is the common term used to describe either the distributions or their CI, the fundamental

difference being that the CI themselves are not probability distributions.

5.2.1 Binomial Tails

An asymptotic confidence interval (ACI) is a statistical tool used to estimate an unknown population
parameter based on a sample. It provides a range of values where the true parameter is likely to be,
with a certain confidence level. The term “asymptotic” refers to the interval’s behavior as the bootstrap
size increases indefinitely. It should be mentioned that this term may be ambiguous due to its frequent
association with the Normal distribution, which asymptotically tends to the Binomial ones for large sample
sizes. As the sample size grows, the interval becomes more accurate and approaches the true parameter
value. The ACI is issued from the Binomial formula mentioned in Equation 5-1 and the pseudo-code, as

outlined in Algorithm 5-1, to calculate them for any given probability is:

Algorithm 5-1 Pseudo-code for asymptotic confidence interval (ACI) construc-

tion
Data: the sample size n, the probability p, the confidence level a;,

Result: confidence interval for the lower (resp. upper with 1 — a;) bound
1 Initialize the confidence level probability: pa =0
2 fori=1tondo

3 if pa =0 < a, then
4 pa + ('I.l)pi(l —p)™ // Sum of the PMF, corresponding to the area
under the Binomial distribution function

5 else

6 break // Break when confidence level probability is
greater than critical value o

7 end

8 end

9 return =1

The lower and upper bounds distributions obtained for any and/or are represented by two symmetric
step functions that are continuous almost everywhere. Figure 5—1A shows the n steps of 1/n height (ex-
cluding zero) and the central symmetry along the nominal probability, although not around every nominal
value. The upper and lower bounds usually differ, except in the vicinity of p = 0.5, which serves as the

center of symmetry. The left (resp. right) Binomial tail corresponds to the lower (res. upper) bound.
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Figure 5-1 Asymptotic Confidence Intervals (ACI) upper and lower bounds for a Binomial
distribution (n=30) at 95% confidence level; dual representation showing the standard (A) and
snailed LACI (B). The purple example illustrates how the snailed LACI is constructed from the

standard.
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For simplicity, both bounds will be referred to as Lateral Asymptotic Confidence Intervals (LACI). To
enhance the readability of the ACI and visualize the step values, a new representation called snailed LACI
has been introduced, specifically designed for sample sizes in the medium range, as illustrated in Figure
5-1B.

The equality of bounds for ACI does not imply the equality of the ACI themselves. It simply indicates
that a slight increase in the nominal probability will not change the ACI if the opposite lower or upper
bounds are also locally equal. These neutral probabilities ACI do not accurately represent practical CI,
which are derived from long-run simulations or real experiments that allow for a proper assessment of
their coverage.

Coverage refers to the probability that a CI will contain the true value of a population parameter. It
is defined as the percentage of trials for which the estimated value remains within the chosen CI approx-
imation. However, this definition poses a problem as it is based on a frequentist approach, while most
methods are mathematically grounded in Bayesian reasoning, either directly or indirectly.

Discrepancies between these estimated results are typically quantified through their performance in
terms of apparent coverage. However, this approach can be misleading and often lacks comprehensive
explanations justifying the selection of a particular method. Before delving further, it is important to
explain why the preceding formula yields values close to zero when the probability is near 0 or 1 (by
symmetry). Zero is a singular point that is addressed in the Bayesian approach, but not in the frequentist

one.

5.2.2 Comparison of CI Approximations

All CI approximations are fundamentally derived from an original Laplace-Bayes estimator, also
known as the rule of succession. This rule states that when no additional information is available about

random independent variables with binary values (0, 1), the probability of success is given by:

s+ 1

P(X,q=1Xi+...+X,=9) =
( +1 |1 S) n+2

(5-2)

Continuity corrections use different strategies based on this equation to adjust the approximation of
a discrete probability distribution to a continuous distribution. This involves shifting the k successes to
simulate a probability density function around the value of the probability mass function (PMF), while
simultaneously shifting the sample size to compensate for the imbalance.

The Clopper-Pearson method is directly derived from this formula. By using a non- informative
probability distribution (i.e., a uniform distribution), the posterior distribution can be modeled as a Beta
distribution. This Beta distribution yields the desired expected value: f% This is why the Clopper-
Pearson approximation intervals are considered “exact”. Other approximations, on the other hand, are

generally not mathematically justified.
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As the sample size increases, the effect of shifting by 2 in the formula becomes negligible, as does
the impact of the numerator (number of successes). According to the Central Limit Theorem, as the
sample size increases, the distribution of the sample mean approaches a normal distribution. In this case,
% represents the scaling factor for the standard deviation of the sample mean. This explains why the
basic normal approximation, known as the Wald-Laplace interval, becomes the asymptotic value for all
CI approximation methods when the sample size is sufficiently large. This limit approximation is however
not accurate for very small (close to 0) or very high (close to 1) probabilities.

A general expression of the CI issued from the CDF of the normal distribution N (0, 1) is obtained

without any continuity correction (i.e., for Wald-Laplace):

l-p
n

p=ptZ:lp (5-3)

Tens of CI approximations have been developed using different assumptions and properties. A few

standard references for CI approximations are listed below:

* Clopper-Pearson

DPupper = 1 — Beta.Inverse(%,n—k,k+1)
v (5-4)
Piower = 1 — Beta.Inverse(1 — $,n—k +1,k)
* Jeffreys
Pupper = 1 = Beta.Inverse(5,n—k +0.5,k +0.5)
pr 3 55
Plower = 1 = Beta.Inverse(1 — §,n—k +0.5,k +0.5)

 Laplace with continuity correction

= k+1
[p(1-p p=5
p=p=xZ pa-p) — p) with " (5-6)
n

¢ Wilson

pa-p+7h ="t
—_— Wi

n

p=ptZ 5-7)

* Agresti-Coull
— — ~ k+7 |2
1- P="5
peprzyPUZD i (5-8)
n
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A Confidence level at 95% (n=30)
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Figure 5-2 Seven different CI approximations with the Asymptotic Confidence Interval (ACI)
upper and lower bounds for a Binomial distribution (n=30) at 95% (A) and 99.9% (B) confidence
levels
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The here so-called Laplace with continuity correction is simply a mix of the normal approximation
with the “rule of succession” from Laplace. These methods all tend towards the Normal approximation
for a large sample size, effectively addressing the limitations of the Wald-Laplace approximation in the

vicinity of 0, as depicted in Figure 5-2.

5.3 The Book of CI Approximation

The primary goal is to understand the nature of the sought-after confidence intervals (CI) and assess
the suitability of the coverage probability procedure used for comparing various approximation methods.
With a ”naive” frequentist approach, the aim is to find the probability of obtaining the correct parameter
value and, assuming its distribution is binomial, to anticipate whether 95% (the usual confidence level)
of the draws will be included in the calculated CI (i.e., 5% of the draws are expected not to be included).
However, this naive assumption is incorrect, leading to ongoing debates regarding the appropriate approx-

imation method(s) and their evaluation through the coverage probability procedure.

5.3.1 Uncertainty Factors

Essentially, there are two fundamental sources of uncertainty that must be addressed:

1. Is the binomial distribution B(n, p) the correct one? In other words, is the observed sample prob-
ability accurate (i.e., similar to the population probability)?
2. What is the probability of a draw from the chosen distribution to fall within a given CI?

Methods for obtaining approximate intervals, excluding Clopper-Pearson, tend to address the second
question. They indirectly assume that the observed sample probability p is correct, which is generally
a false assumption. This hypothesis has minimal consequences when the sample size is large. This is,
however, not true for critical cases where the probability is very low, yielding significant inconsistencies.

Consequently, two scenarios can be encountered: either additional information is available that con-
firms the accuracy of (a large amount can be assimilated to this case), or there are no other clues about its
value. In the former situation, the coverage procedure can appropriately be used and holds significance.
In the latter case, it becomes meaningless, except for the Clopper-Pearson interval, which demonstrates

its correctness by achieving a probability coverage of 100%.

5.3.2 Illustrating Example

Let’s assume an experiment was conducted and resulted in 9 zeros from 10 Bernoulli draws (a small
sample size of n = 10 is here chosen to emphasize the phenomenon). This unlikely succession of draws
has only a 10% chance of happening (p = 0.1). Yet, it would be very conceivable to either have obtained 8

or 10 zeros in a similar unlikely event. The corresponding approximate intervals upper bound for different
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CI approximations are given in Table 5-1.

Table 5-1 Approximation of the Confidence Interval’s (CI) upper bound for the illustrative
example; the asterix * shows the nominal probability p (i.e., the probability in this particular

experiment)

Number of zeros (#) Probability Clopper-Pearson Jeffreys Wald-Laplace

8 0.2 0.556 0.503 0.482
0.1%* 0.445 0.381 0.311
10 0.0 0.308 0.217 0.0

These results reveal the inadequacy of the Wald-Laplace interval, which produces an upper bound of
0 when p = 0. More importantly, the Clopper-Pearson bound for # = 9 falls within the middle range of
the Jeffreys upper bound for # = 8 and # = 9, as well as for # = 9 and # = 10. This indicates that the
Clopper-Pearson interval, calculated with a nominal probability of p = 0.1, covers half the misses of the
Jeffreys one when calculated on p = 0.0 and p = 0.2. That is because the Clopper-Pearson method takes
into account the uncertainty surrounding the accuracy of the model distribution. It does not assume that
the true distribution precisely follows a B(10,0.1) distribution, but rather considers it to be between the
B(10,0.05) and B(10,0.15) distributions.

To sum up, in the absence of additional information, more rigorous methods will use the Clopper-
Pearson approximate interval, which is referred to as the credible interval in the Bayesian approach. Label-
ing it as conservative is a misinterpretation of its significance, as it fulfills its intended purpose precisely.
Similarly, the Jeffreys method is specifically devised to eliminate the underlying Bayesian interpretation.
This analysis also clarifies why the naive approach fails to meet the 95% CI probability assumption. Con-
sequently, confidence intervals do not warrant their name in such instances, as they cannot be associated to
a confidence level. These considerations are of the upmost importance, yet largely unstated, for justifying
the selection of interval approximation methods, which in turn ensure accurate comparison of classifica-

tion results derived from the confusion matrix.

5.4 Through the Distance Separation (DS) Method

The calculation of the significant difference between two classification results, with a 95% confidence
level, follows the same method as classical significance tests. This approach assumes that in 95% of cases,
one result is significantly better than the other. In other words, the confidence intervals of each result do
not overlap. For instance, when comparing the success rates (p; and p,) of two classifiers (C; and C,), it
is necessary for their respective confidence intervals to not interfere.

However, this principle lacks informativeness when the limit is not reached. To address this, we
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introduce a more indicative quantification that measures the level of interference between the respective

confidence intervals at each sample size. The corresponding distance separation (DS) is calculated using:

_ Lan - men
- men - Lan

Where L, and U, represent the lower and upper bounds, M and m the maximum and minimal prob-

D, 5-9)

abilities, and n the sample size where it is evaluated.

The ratio is negative when the discriminating sample size is not reached, zero at the critical sample
size, and then becomes positive. This pattern is depicted in Figure 5-3, which can be plotted for any
probabilities once the method for calculating the CI is selected.

This means that the C; classifier characterized by a 95% classification accuracy will be considered
statistically significantly better than the C, classifier with 90% accuracy if the results are computed from
a minimum of 459 trials. With 200 trials, it still shows a 29% interference ratio with C,. After 459 trials,
a separation ratio is observed. This DS-based discriminating ratio is calculated based on five parameters:

* The type of confidence interval approximation (here Clopper-Pearson)

* The required confidence level (here 95%)

* The two classification accuracies being compared (here 90% and 95%)

* The sample size for which it is evaluated (in this example, 200 trials)

This ratio is calculated using the larger of the two Cls, which is always associated with the smaller
success rate. Alternatively, it could have been calculated using the global CI bounds (maximum upper and
minimum lower), resulting in a narrower range of values in the | — 1, 1[ interval. However, this approach
would lack intuitive meaning for the denominator.

It should be emphasized that there are always two ratios when comparing between classifiers, one
for the positive sample and one for the negative sample, and that they are independent. A significantly
better classifier at the confidence level can be determined when both ratios become positive. Therefore,
it is necessary to consider both positive and negative distributions and ensure that they intersect (e.g., at
459 trials in the previous example).

If only one of the two samples reaches the minimum size, it can be considered partially or semi-
positive (or negative) significant. This may be sufficient for certain applications, yet other metrics have

been developed to accommodate different interests and requirements.

5.5 The Complete Deviation-Based Confidence Interval (SDCI) Estima-

tions

TP

FP
Positive P + TP + FN, Negative N + TN + FP, Sample S = P + N ) and commonly used performance

From the four values in the confusion matrix, CM =

l , several cumulative variables (e.g.,
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metrics can be derived (e.g., Accuracy ACC = T/s, Sensitivity tp = TP/, Specificity tn = TN/n). These
metrics are consistently mentioned with a cautionary note, highlighting their qualitative nature. Some of
the factors to consider include balanced samples, large sample sizes, and more. However, it is ultimately
the user’s responsibility to interpret their significance. This can often result in confusing recommendations

when it comes to selecting the appropriate metrics.

5.5.1 Analytical Approximation of the Accuracy’s CI

The convolution of two single distributions, B(P, py) and B(N, p1), does not have a simple formula
unless po = p; = p. In this case, it results in a known distribution called B(P + N, p), which is often used
for accuracy. However, this scenario is only a special case of independent identical distributions (IID)
and is rarely encountered in practice. Despite the lack of a straightforward convolution method for two
different probability Binomials, current software often approximates it using the Wald-Laplace methods
applied to the mean probability value.

To address this vexing issue, we devise a new simple approximation using the CI obtained with the

Binomial approximations:

(5-10)

A simple analytic method to compute the accuracy’s CI (the most widely used performance metric)
is subsequently developed. The assumption that the CI come from a normal distribution yield an induced

standard deviation that can be expressed as:

(5-11)

Oyp =

z (5-12)

O =

And since the variance is characterized by V(kX) = k?V(X), the corresponding standard variances
for TP and TN are: orp = Poyp, and o7y = Noy,. Similar approximations with the normal distribution

for the accuracy yield its estimation as:

Jacc

ACC = ACC + Z¢,, (5-13)
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The value of Z¢ L is typically dependent on the confidence level (CL), but in most cases is implicitly
represented as Z for simplicity. Additionally, Z is influenced by the model distribution, which can be either
Normal or Student. The threshold of the sample size to use either distribution has been set to 30. When
P and N are on different sides of the threshold, the Student model is retained for both. P and N being

independent distributions, the accuracy’s variance can be rewritten as:

CIEP CRN CI2P+CIEN
Thee = 07p + Tty = —; e (5-14)

These computations all lead to the standard deviation-based confidence interval (SDCI) for accuracy

TP+TN  |CIEP+CIEN
Aacc=TPHIN S n (5-15)
3 S

It should be emphasized again that neither C1,,, nor C1,, are symmetric around ip and in. For the sake

estimation:

of simplicity, this asymmetry is kept implicit, and therefore only one global expression is required. Let’s

also highlight that neither C1,,, nor CI, has distinct values when used for the upper and lower bounds.

5.5.2 Comparison of Accuracy’s CI for Two Methods

Simulated data is generated for small and medium sample sizes considering different probability
cases, including mesial (p = 0.5), astride (p = 0.2) and distal (p = 0, and p = 0.01) scenarios. 35 confu-
sion matrices (CM) have automatically been constructed by mixing different total sample sizes, prevalence

and probabilities, with the following characteristics:
n = [40, 200, 1000] samples
b =10.1,0.5,0.7,1] balances
p =10,0.01,0.2,0.5] probabilities

With TP = nbp, FN =nb—-TP,TN =np(1 —b),and FP = n(1 — b) — TN, where all numbers are
rounded. The confidence intervals (CI) for the accuracy are computed with our analytical approximation

and compared with the one obtained from PyCM in Table 5-2.

107



Table 5-2 Comparison confidence intervals (CI) obtained from PyCM and our newly developed

standard deviation-based confidence interval (SDCI) for accuracy estimation using data simulated

from 35 confusion matrices (CM)

P&N
Sample
size TP FN FP TN ACC PyCM CI SDCI
and
prob.
SE Lb Ub Lb Ub

P=4; p1=0

0 0 4 36 0 0.0 0 0 0.088 0 0.227
and N=36; p2=0
P=20; p1=0

1 0 20 20 0 0.0 0 0 0.088 0 0.179
and N=20; p2=0
P=28; p1=0

2 0 28 12 0 0.0 0 0 0.088 0 0.19
nd N=12; p2=0
P=4; p1=0

3 0 4 36 0 0.0 0 0 0.088 0 0.227
and N=36; p2=0
P=20; p1=0

4 0 20 20 0 0.0 0 0 0.088 0 0.19
and N=20; p2=0
P=28; p1=0

5 0 28 12 0 0.0 0 0 0.088 0 0.19
and N=12; p2=0
P=4; p1=0.25

6 1 3 29 7 0.2 0.063 0.105 0.348 0.084 0.429
and N=36; p2=0.19

, el 4 16 16 4 02 0063 0105 0348 0076 0431
and N=20; p2=0.2

g e 6 22 10 2 02 0063 0105 0348 0081 0434
and N=12; p2=0.17
P=4; p1=0.5

9 2 2 18 18 0.5 0.079 0.352 0.648 0.305 0.695
and N=36; p2=0.5
P=20; p1=0.5

10 10 10 10 10 0.5 0.079 0.352 0.648 0.289 0.711
and N=20; p2=0.5

oo s 14 14 6 6 05 0079 0352 0648 029 071
and N=12; p2=0.5
P=20; p1=0

12 0 20 180 O 0.0 0 0 0.019 0 0.06
and N=180; p2=0
P=100; p1=0

13 0 100 100 O 0.0 0 0 0.019 0 0.037

and N=100; p2=0
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Table 5-2 (continued)

P&N
Sample
size TP FN FP TN ACC PyCM CI SDCI
and
prob.
SE Lb Ub Lb Ub

P=140; p1=0

14 0 140 60 O 0.0 0 0 0.019 0 0.01
and N=60; p2=0
P=20; p1=0

15 0 20 178 2 0.01 0.007 0.003 0.036 0.002 0.073
and N=180; p2=0.01
P=100; p1=0.01

16 1 9 99 1 0.01 0.007 0.003 0.036 0.002 0.054
and N=100; p2=0.01
P=140; p1=0.01

17 0 20 178 2 0.01 0.007 0.003 0.036 0.001 0.058
and N=60; p2=0.02
P=20; p1=0.2

18 4 16 144 36 0.2 0.028 0.15 0.261 0.137 0.295
and N=180; p2=0.2
P=100; p1=0.2

19 20 80 80 20 02 0.028 0.15 0.261 0.133 0.289
and N=100; p2=0.2
P=140; p1=0.2

20 28 112 48 12 0.2 0.028 0.15 0.261 0.134 0.289
and N=60; p2=0.2
P=20; p1=0.5

21 10 10 9 90 0.5 0.035 0431 0.569 0.404 0.596
and N=180; p2=0.5
P=100; p1=0.5

2 50 50 50 50 05 0.035 0431 0.569 0.404 0.596
and N=100; p2=0.5
P=140; p1=0.5

23 70 70 30 30 05 0.035 0431 0.569 0.404 0.596
and N=60; p2=0.5
P=100; p1=0

24 0 100 900 O 0.0 0 0 0.004 0 0.012
and N=900; p2=0.2
P=500; p1=0

25 0 500 500 O 0.0 0 0 0.004 0 0.008
and N=500; p2=0
P=700; p1=0

26 0 700 300 O 0.0 0 0 0.004 0 0.008
and N=300; p2=0
P=100; p1=0.01

27 1 9 891 9 0.1 0.003  0.005 0.018 0.005 0.026
and N=900; p2=0.01
P=500; p1=0.01

28 5 495 495 5 0.1 0.003  0.005 0.018 0.004 0.023
and N=500; p2=0.01
P=700; p1=0.01

29 7 693 297 3 0.1 0.003  0.005 0.018 0.004 0.024

and N=300; p2=0.01

109

Continued on next page



Table 5-2 (continued)

P&N
Sample
size TP FN FP TN ACC PyCM CI SDCI
and
prob.
SE Lb Ub Lb Ub

P=100; p1=0.2

30 20 80 720 180 0.2 0.013  0.176 0.226 0.168 0.238
and N=900; p2=0.2
P=500; p1=0.2

31 100 400 400 100 0.2 0.013  0.176 0.226 0.167 0.237
and N=500; p2=0.2
P=700; p1=0.2

32 140 560 240 60 0.2 0.013  0.176 0.226 0.167 0.237
and N=300; p2=0.2
P=100; p1=0.5

33 50 50 450 450 0.5 0.016  0.469 0.531 0.457 0.543
and N=900; p2=0.5
P=500; p1=0.5

34 250 250 250 250 0.5 0.016  0.469 0.531 0.456 0.544
and N=500; p2=0.5
P=700; p1=0.5

35 350 350 150 150 0.5 0.016  0.469 0.531 0.456 0.544

and N=300; p2=0.5

2.03% 14.09% 23.63% 12.86% 27.86%

The percentage difference between the PyCM Upper bound (Ub) and Lower bound (Lb) is equal to
9.54%, and to 15% for SDCI. This means that there is a difference of CI widths equal to 5.46%, and thus
a mean difference of width difference of 38.38% with PyCM. These differences are mainly concentrated
around the low sample size and low probabilities. It is in these areas that the new approximation should
be used. Table 5-2 shows results from PyCM based on the Wilson CI.

Similar computations can be carried out with the other presented CI and are summarized in Table
5-3.

Table 5-3 Mean underestimation of CI width difference for six CI approximation methods

CI Approximation method CI width difference  Underestimation

Clopper 5.89% 38.15%
Wilson 5.46% 36.38%
Jeffrey 3.82% 28.60%
Laplace 5.38% 36.05%

Wald 2.48% 20.60%
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5.6 Dream of the Confusion Ellipses (CE)

5.6.1 The Importance of Visual Representations

Figures play a crucial role in research by not only presenting data but also illustrating relationships,
methods, and synthesis. Although humans and some animals possess the ability to comprehend complex
patterns, their capacity to process more than three or four values simultaneously is often limited. This
innate discriminative ability allows for a holistic understanding that associates surfaces, contiguity, and
other properties without explicit measurements, such as the distances between eyes or from chin to hairline.

Various types of graphs, including line graphs, histograms, box plots, scatter plots, bar graphs, and
pie or donut charts, rely on this inherent ability by replacing puzzling single data values with surfaces and
arranging them contiguously to visually assess their relationships. Therefore, determining the most suit-
able representation could be theoretically achieved by appraising the number of values and relationships
conveyed by a given graph using the least amount of quantified information. The aesthetic aspect is also
of crucial importance and can be partially addressed through the use of colors and general shapes. For
example, donut charts, pie charts, and stacked histograms can convey the same amount of information.

In addition to data comprehension and communication, visualizations enable data- driven decision-
making. Validating scientific models or identifying potential biases is facilitated, leading to more robust
conclusions or insightful discoveries. The saying “’seeing is believing” holds true in this context. How-
ever, when it comes to confusion matrices (CM), they are often merely represented with four rectangles
and, at best, a color gradient to indicate their relative values. This overly simplistic representation denies

researchers the tools to fully comprehend the significance conveyed by its illustration.

5.6.2 Confusion Ellipses (CE)

The CM’s four values are typically not immediately useful on their own. Instead, it is the combination
of these values that holds interest, such as unbalance, accuracy, or other similar performance metrics.
However, these measurements are never visually represented, not even in an intuitive manner. To address
this absence, we have developed a new representation called confusion ellipses (CE).

The fundamental idea behind CE is to replace the equal rectangles by quarter-filled ellipses. The
horizontal axis represents the True values based on their sign (positive and negative), while the vertical
axis represents fn for the positive side (as it represents real positives) and fp for the negative half-axis.
This follows the conventional CM in trigonometric order. The values are normalized by dividing by S,
resulting in the total sum tp + fn+ fp +tn = 1, meaning that all values represent percentages of the total
sample.

To clarify how a CE is built, let’s take a simple example showcasing two CM with the following

100 20 90 30

characteristics: CM; = , i.e., with a positive sample P = 120 and
10 30 15 25

} and CM, =
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a negative sample N = 40. To normalize these classifiers, all values should be divided by S + P + N,

resulting in the four normalized values tp, fn, fp, and tn displayed on the CE in Figure 5-4.
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Figure 5-4 Two confusion ellipses (CEs) and associated main metrics
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Figure 5-5 Six complementary representations illustrating how C M, can be visually identified as
better than C M, yet not significantly with the current weighted safety; data from illustrative
example (except for the violin plots in E that necessitate real data)

Even though the horizontal scale is different from the vertical one, intuitive visual information can

be derived from this representation, namely:

112



- tp, fn, fp, and tn values and relative values for both CM.

- The large unbalanced samples: the lower semi-ellipses are much smaller than the upper ones.

- The prevalence: the first quadrants are much bigger than the third ones.

- The accuracy of CM, is higher than that of CM, as the major axis is larger.

- More generally, all the metrics given on the right side are visually accessible.

The CE, along with the Ad hoc safety, and their corresponding CI, can be represented individually.
The here defined Confidence Interval ratio (Clr), which is calculated by including the metric in the CI
interference calculations, provides a way to visually and intuitively compare the two classifiers. This also
allows for determining the statistical significance of their difference, as shown in Figure 5-5.

Different geometrical shapes, such as rectangles or diamonds, can serve as alternative representations.
Nevertheless, they are generally less visually appealing to the human eye, which usually prefers smoother

forms over sharp ones, and have thus not been retained for further utilization.

5.7 Summary of Results and Discussion

The seven different CI approximations yield different results for the classification accuracies obtained
from the SDCI. Their results are compared using the data obtained after ABCD and ICA and summarized
in Table 5-4. Notably, the comparison between the CI widths resulting from these two pre-processing

algorithms demonstrates yet again the superiority of ABCD over ICA.

Table 5—-4 Comparison of seven CI approximation influence on CI widths

ABCD accuracy ICA accuracy
L i . ABCD ICA
CI approximation (with CI at 95% (with CI at 95% . .
Cl width CI width
confidence level) confidence level)
Nominal accuracies 93.81% 81.90%
Lapl ith
AP WL 181.83%; 100%]  [66.48%:; 92.64%] 18.17%  26.47%
continuity correction
Wald-Laplace [87.01%; 99.95%] [68.67%; 94.18%] 12.94%  25.51%
Clopper-Pearson [79.77%; 98.32%] [64.79%; 92.23%] 18.55%  27.44%
Wilson [79.78%; 97.71%] [65.27%; 91.00%] 17.93%  25.73%
Agresti-Coull [78.40%; 98.88%] [64.67%; 91.45%] 20.48%  26.79%
Jeftreys [82.49%; 97.91%] [66.76%; 91.31%] 15.42%  24.55%
Binomial ACI [86.79%; 98.68%] [68.87%; 92.65%] 11.89%  23.78%

ABCD not only yields a higher averaged accuracy but also demonstrates a lower CI width with any

of the chosen approximations. This results from the lower variance of ABCD in individual results. Thus,



instead of detailing the classification accuracy for each subject as was done in Table 5—4, simply displaying
the CI width provides the same meaningful information.

These different CI approximations can also be used with the DS method to estimate the a priori
sample size to obtain a statistically significant difference between two known pipelines. Table 5-5 shows
two computations corresponding to different classification accuracies. For example, if one were interested
in designing an experiment to compare two algorithms yielding 90% and 95%, the minimum sample size
would be an average of around 420 trials. Assuming a study similar to the one described in Chapter 2,
a total of 21 sessions, with at least 20 trials per session, would be needed. And only 6 sessions would be

required to investigate again ABCD vs ICA.

Table 5-5 Comparison of sample size estimation using different Binomial approximations

Sample size for Sample size for
CI approximation comparison between comparison between 81.90%
90% and 95% accuracies and 93.81% accuracies
I.Japllace with ' 16 124
continuity correction

Wald-Laplace 413 116
Clopper-Pearson 459 139
Wilson 427 125
Agresti-Coull 437 130
Jeffreys 420 121
Binomial ACI 378 105

5.8 Conclusion and Highlights

This chapter delves into the statistical aspects of classification evaluation by meticulously examin-
ing the fundamental mathematical principles that underlie it. The methodologies devised in this chapter
possess the capacity to be employed in domains beyond BCI.

Particularly noteworthy is the applicability of the Standard Deviation of Confidence Intervals (SDCI)
in assessing the superiority of one approach over another in any comparative analysis. The Distance Sep-
aration (DS) method also emerges as a valuable tool for a priori sample size estimation. Furthermore, the
Confusion Ellipses (CE) offer promising prospects for evaluating confusion matrices in various compar-
ative scenarios.

Several aspects outlined in this chapter warrant emphasis:

¢ The snailed Lateral Asymptotic Confidence Intervals (LACI) is a novel representation of the Bino-

mial ACI, offering an improved visualization of the relative constant step of the upper or lower CI

114



bound.

* Due to its intricate relationship with the Laplace-Bayes estimator, the Clopper-Pearson CI approxi-
mation has been selected as the default method for all computations involving confidence intervals.

* Clopper-Pearson provides the most comprehensive explanation for the inherent dual uncertainty
associated with determining the probable Binomial distribution and its corresponding CI. An illus-
trative example has been presented for easier comprehension of its impacts.

* In the domain of experimental design, DS emerges as a feasible substitute for FDMC (detailed
in Chapter 2), especially when the goal is to evaluate the statistical differentiation between two
classifiers with predetermined accuracies.

¢ SDCI offers the capability to estimate the CI accuracy from any given confusion matrix. Its utility
becomes particularly evident when investigating whether one algorithm exhibits significant supe-
riority over another.

* The CE representation facilitates a rapid visual comparison of classifiers, providing a valuable
complement to the main performance metrics.

The tools and methodologies designed in this chapter demonstrate the capacity to assess and rigor-

ously compare the performance of classifiers.
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Chapter 6 Conclusion and Perspectives

This doctoral dissertation focuses on the enhancement of performance in EEG-based Brain-Computer
Interfaces (BCI). The primary objective is to attain the highest possible classification accuracy of user in-
tent, specifically for motor imagery (MI) of the right and left hands. Through the development of subject-
specific pre-processing and source localization-derived processing methods, our algorithms are tailored
to signals characterized by a low signal-to-noise ratio (SNR) and high inter- and intra-subject variabil-
ity. Particular attention has been devoted to the systematic utilization of reliable scientific methodologies
during the experimental design phase and subsequent analysis of reproducible outcomes, employing con-
sistent statistical approaches. A summary of the contributions made in this thesis is presented in Section
6.1, followed by a comprehensive conclusion in Section 6.2, and a review of the perspectives and future

avenues in Section 6.3.

6.1 Summary of the Contributions

The fundamental goal of BCI is to facilitate device control by harnessing diverse brain activity pat-
terns that can be identified and translated into actionable commands. A comprehensive summary of the
contributions made in this thesis sheds light on the key advancements and novel insights attained during
the course of this research endeavor.

These contributions encompass several significant aspects, including a strong emphasis on repro-
ducibility to strengthen the credibility of the presented findings. Additionally, novel pre-processing tech-
niques tailored to individual subjects are introduced. Given the inherent low SNR of EEG potentials,
methods based on source localization are employed to enhance signal extraction and classification. Mul-
tiple comparisons are also conducted to determine the optimal pipeline (in terms of filtering and spatial
re-referencing), taking into account careful considerations of confidence interval approximations. To sim-
plify the notations, Table 6—1 summarizes the acronyms used for the original methods developed in this
work. To easily distinguish between existing algorithms and the new ones introduced in this research, the
acronyms are in bold for the original ones.

Contribution 1: Record a unique online-available multimodal dataset with the corresponding
code for reproducibility.

The spontaneous blink represents a major physiological disturbance, occurring simultaneously with
the neural signal of interest (SOI) with an average probability of 10Given the lack of available online
datasets capable of facilitating the development of an accurate blink model, an experiment is designed to
simultaneously record eyelid movements using EEG/EMG/EOG, an eye-tracker, and a high-speed camera.

The study incorporates four widely employed brain-computer interface (BCI) paradigms, namely Motor
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Table 6-1 Nomenclature of the algorithms created in this thesis

ABCD  Adaptive Blink Correction and De-drifting
CCS Core Channel Selection

CE Confusion Ellipse
DC Dual Classifier
DS Distance Separation

FDMC Fitted Distribution Monte Carlo
SDCI Standard Deviation of Confidence Intervals
SLST  Source Localized Spatio-Temporal

Execution (ME), Motor Imagery (MI), Steady-State Visual Evoked Potentials (SSVEP), and P300 signals.
To ensure an adequate amount of data collection, FDMC is conducted for a priori sample size estimation
during a prospective power analysis.

Contribution 2: Design a novel fast ABCD pre-processing algorithm.

The recently devised ABCD algorithm demonstrates a remarkable capability to detect and correct
individual blinks while preserving the integrity of the signal of interest (SOI). It effectively accommo-
dates inter- and intra-subject variations by customizing its blink models to suit the unique characteristics
of each blink. Furthermore, ABCD exhibits the ability to eliminate faulty channels (either bridged or
malfunctioning). Its low computational load makes it particularly suitable for real-time implementation.
A comparative analysis of its efficacy against the prevailing techniques for blink correction, namely In-
dependent Component Analysis (ICA) and Artifact Subspace Reconstruction (ASR), demonstrates that
ABCD significantly outperforms both ICA and ASR.

Contribution 3: Implement an innovative SLST feature extraction method coupled with a DC.

The SLST technique is able to reveal spatio-temporal characteristics of the SOI by analyzing the
similarities across multiple trials. The ensuing spatial locations and time- derived covariance matrices
are used as input to the DC algorithm. The class-specific Fréchet means, along with all other covariance
matrices, are computed at the CCS, which is determined based on a comprehensive meta-analysis. Com-
parisons across different frequency bands, filter types, and spatial re-referencing are also carried out to
reveal the optimized combination of all these processing steps. The newly developed SLST+DC demon-
strates superior performance compared to over tested combinations of feature extraction and classification
algorithms. Specifically, it outperforms Common Spatial Patterns (CSP) combined with Linear Discrim-
inant Analysis (LDA) or with Support Vector Machine (SVM), as well as more recent algorithms also
based on Riemannian geometry, such as Minimum Distance to Riemannian Mean (MDRM) or Tangent
Space (TS).

Contribution 4: Develop a new accuracy’s estimation using SDCI applied to CE. An original

method for estimating the accuracy through SDCI is developed using the fact that the two independent
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samples comprising a confusion matrix (CM) follow a Binomial distribution. DS is also developed to
estimate the sample size when the purpose of a new experiment is to compare different algorithms with
known classification accuracies. The results from SDCI are applied to innovative visual representations
of CM, called CE.

Our contributions, summarized in Table 6-2, aim to advance the field of BCI research by addressing

challenges in signal processing, reproducibility, and accuracy estimation.

Table 62 Thesis summary and contribution. Contemporary EEG-based BClIs are afflicted by five
primary drawbacks. To address these issues, we introduce a range of novel methodologies, which
are categorized into four chapters encompassing experimental design, pre-processing, processing,

and evaluation domains

Chapter Methodological contribution Scientific contribution
o The large online-available multi-modal
A quantitative method to
. o dataset can be used to analyze eye-related
determine the a priori sample .
. . movements or evaluate pre-processing and
2 size based on a prospective . )
i i processing algorithms. The FDMC
power analysis and using fitted . . . o
o simulation can be applied to a priori
distribution . o
sample size estimation
An automated model-based
approach for accurate detection =~ ABCD significantly outperforms both ICA
3 and correction of blinks, along and ASR and can be used in real-time
with the identification of bad fashion
channels
o SLST-derived features coupled with DC
Automated source localization- . . )
. give consistently superior results
4 derived methods for feature L
) . . compared to other existing methods, such
extraction and classification
as CSP+LDA, CSP+SVM, MDRM, or TS
Quantitative and visual methods SDCI can estimate the classification
to estimate and represent the accuracy and be applied to CE. The DS
5 classification accuracy’s method can also be used for a priori

confidence intervals, as well as
complementary a priori sample

size estimation

sample size estimation when classification
accuracies of pipelines to be tested are

known
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6.2 Conclusions

This thesis journey towards achieving a rigorous, reproducible, and efficient pipeline has been a
remarkable voyage of discovery, comprehension, and occasional challenges to establish procedures and
methodologies. Each stage has necessitated a meticulous examination of existing approaches, which,
while not exhaustive, have frequently furnished the necessary evidence to validate our methods and their
underlying principles.

Notable examples include the application of ICA or ASR within the domain of blind source sep-
aration (BSS), the remarkable yet logical results obtained through source localization, and the various
approximations of the binomial confidence intervals (CIs).

Our overarching objective throughout this endeavor has been to maintain an open- minded and inno-
vative approach, seeking alternative solutions or tools whenever existing options proved unsatisfactory at
each step. For instance, this has led us to develop novel concepts for representation and devise new tools
for measuring the distance between two Cls.

The most significant conclusion drawn from this expedition is the boundless potential for progress
in each respective field. It underscores the imperative to justify choices not solely based on convention or
consensus but rather through a profound and comprehensive analysis, even when confronted with obstacles
and uncertainties. In essence, this thesis “odyssey” has been both stimulating and fruitful, and it is this

spirit of continuous improvement that should guide future endeavors.

6.3 Perspectives

In light of our findings, it is clear that significant prospects for enhancement exist within each of
the domains addressed. Future objectives will be to investigate these opportunities with a comprehen-
sive approach while concurrently pursuing the overarching global objective of advancing BCI technology.
These granular evolutions can subsequently be applied within their respective domains, contributing to
the comprehension and development of a pathway towards achieving the "BCI revolution”.

Several of these endeavors, though not exhaustively enumerated, are intended to be fulfilled. First
and foremost, ABCD should be tested in a real-time fashion to evaluate its rapidity and efficiency for
online applications. Statistical bias correction in each class should also be improved, and a quantification
of the bias and variance offered by this method should be designed. More distributions, e.g., the truncated
Normal one, are also expected to be integrated into the FDMC method.

The ABCD+SLST+DC pipeline is currently being tested on the remaining paradigms presented in
this thesis. Similar comparisons across filters and other related parameters will confirm the superiority of
the specific choices outlined in this thesis across different tasks.

SLST should also be adapted to integrate not only the source localization results from the maxi-
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mally activated brain source. More research is needed to determine whether a couple (or more) of locally
maximally activated brain sources would be enough to improve the resulting classification results. Math-
ematical solutions using block-localized matrices with border constraints could also be tested to improve
the calculation times. CCS could also be investigated for more useful paradigms, for example, the error-
related negativity.

A double bootstrap procedure could also be developed to emulate the accuracy and compare it to the
SDCI and other existing Binomial CI approximations. It would also be interesting to develop a quantified
tool for hierarchizing the quality of a representation according to some of the basic human ergonomic
capabilities. Finally, the development of a coverage adaptable low-degree polynomial approximation of
the CI is also planned.

More generally, an essential aspect of future research for EEG-based BCIs involves the incorporation
of multimodal comparisons (e.g., with invasive recordings from ECoG or non- invasive ones from MEG).
While EEG has undeniable advantages, the interpretation of the detected signals can be influenced by
various factors, including signal attenuation or artifacts, to only cite a few.

Therefore, it is crucial to confirm through a multimodal approach whether the observed changes in
EEG signals are genuinely reflective of the task-induced neural activity or if they are confounded by unre-
lated factors. Additionally, multimodal comparison can facilitate the refinement and validation of signal
processing techniques by confirming or adapting the different hypotheses postulated (e.g., the minimum
time interval to detect spatio-temporal similarities).

Lastly, the integration of BCI technology into daily life activities, such as controlling assistive de-
vices or interacting with virtual environments, holds immense potential and breaks free from classical
study designs or traditional paradigms. This requires addressing challenges related to system portability,
user comfort, and real-time adaptability. Exploring ways to improve the usability, user experience, and

robustness of BCI systems in real-world scenarios will be crucial to unlocking their full potential.
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