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Resumen

La creciente demanda de sistemas cerebro-computadora (BCI) e�cientes y accesibles ha
impulsado la investigación sobre métodos que optimicen la interpretación de señales elec-
troencefalográ�cas (EEG). En este contexto, mejorar la precisión y transparencia de los
modelos computacionales representa un desafío crucial para avanzar en aplicaciones como la
neurorehabilitación y la interacción humano�máquina.

Sin embargo, persisten tres problemas fundamentales en el desarrollo de sistemas BCI: (a) la
no estacionariedad de las señales EEG, que compromete la estabilidad de los modelos; (b)
la alta variabilidad intra e intersujeto en los registros EEG, que limita la generalización; y
(c) la baja interpretabilidad �siológica de los modelos utilizados, di�cultando su validación
neurocientí�ca.

Para abordar estos retos, esta tesis propone una arquitectura metodológica basada en modelos
de aprendizaje automático y técnicas de conectividad funcional, orientada a optimizar la
predicción, clasi�cación e interpretación de señales EEG en sistemas BCI. Se desarrollaron tres
estrategias alineadas con los problemas mencionados: (i) un modelo de regresión regularizada
para predecir canales completos a partir de un subconjunto reducido de electrodos, mitigando
la no estacionariedad y mejorando el rendimiento en tareas de clasi�cación; (ii) una estrategia
de extracción de características supervisada para predecir emociones musicales en formato
MIDI, aplicando técnicas de alineación entre dominios y agrupamiento neuronal para enfrentar
la variabilidad intra e intersujeto; y (iii) un enfoque de análisis de conectividad funcional
mediante el índice ponderado de acoplamiento de fase (wPLI) y representaciones en grafos,
dirigido a mejorar la interpretabilidad mediante la detección de patrones de desincronización
cerebral previos al entrenamiento.

Los resultados muestran que el modelo predictivo basado en regresión elástica logró una
precisión promedio del 78.16 %, superando a enfoques tradicionales con datos reducidos
o completos. En el segundo objetivo, se evidenció que la combinación de alineación de
dominios y codi�cación latente mejoró la predicción emocional y la síntesis musical en MIDI,
preservando la coherencia temporal y tonal. Por último, el análisis de conectividad funcional
permitió identi�car regiones clave de desincronización cerebral, asociadas a distintos niveles
de habilidad en la práctica de paradigmas BCI.

Las conclusiones más relevantes incluyen: (i) la regresión regularizada puede estimar señales
de alta �delidad a partir de pocos electrodos, favoreciendo sistemas más económicos y
portables; (ii) la representación compartida entre EEG y datos musicales permite una
predicción emocional más precisa, contribuyendo al diseño de entornos de neurointeracción
personalizados; y (iii) el uso de métricas de conectividad funcional aporta explicaciones
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�siológicas validadas, que mejoran la con�anza en los modelos de clasi�cación.

Como trabajo futuro, se plantea validar la metodología propuesta en bases de datos más
amplias y diversas, e incorporar arquitecturas generativas adversariales para fortalecer las
capacidades de transferencia entre sujetos y condiciones.

Palabras clave: Interfaz Cerebro-Computadora (BCI), Aprendizaje Profundo, Imágenes
Motoras (IM), Electroencefalografía (EEG), Análisis de Regularización, Análisis de Regresión
Múltiple.
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Abstract

The growing demand for e�cient and accessible brain-computer interface (BCI) systems has
driven research into methods that enhance the interpretation of electroencephalographic
(EEG) signals. In this context, improving the accuracy and transparency of computational
models represents a crucial challenge for advancing applications such as neurorehabilitation
and human�machine interaction.

However, three fundamental problems persist in the development of BCI systems: (a) the
non-stationarity of EEG signals, which compromises model stability; (b) the high intra- and
inter-subject variability in EEG recordings, which limits generalizability; and (c) the low
physiological interpretability of the models used, which hinders neuroscienti�c validation.

To address these challenges, this thesis proposes a methodological framework based on
machine learning models and functional connectivity techniques, aimed at optimizing the
prediction, classi�cation, and interpretation of EEG signals in BCI systems. Three strategies
were developed, aligned with the aforementioned problems: (i) a regularized regression
model to predict full-channel EEG from a reduced subset of electrodes, mitigating non-
stationarity and improving classi�cation performance; (ii) a supervised feature extraction
strategy to predict musical emotions in MIDI format, applying domain alignment and neural
clustering techniques to address intra- and inter-subject variability; and (iii) a functional
connectivity analysis approach using the Weighted Phase Lag Index (wPLI) and graph-based
representations, aimed at enhancing interpretability through the detection of pre-training
brain desynchronization patterns.

The results show that the predictive model based on Elastic Net regression achieved an
average classi�cation accuracy of 78.16%, outperforming traditional approaches using either
reduced or full-channel data. In the second objective, the combination of domain alignment
and latent encoding improved emotional prediction and musical synthesis in MIDI, preserving
both temporal and tonal coherence. Lastly, the functional connectivity analysis enabled the
identi�cation of key brain regions involved in desynchronization, associated with di�erent
levels of pro�ciency in BCI paradigms.

The most relevant conclusions include: (i) regularized regression can estimate high-�delity
signals from a small number of electrodes, promoting the development of more cost-e�ective
and portable systems; (ii) shared representations between EEG and musical data enable
more accurate emotional prediction, contributing to the design of personalized neurointer-
action environments; and (iii) the use of functional connectivity metrics provides validated
physiological explanations, enhancing con�dence in classi�cation models.

As future work, the proposed methodology will be validated using broader and more diverse
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datasets, and adversarial generative architectures will be incorporated to strengthen trans-
ferability across subjects and experimental conditions.

Keywords: Brain-Computer Interface (BCI), Deep Learning, Motor Imagery (MI), Elec-
troencephalography (EEG), Regularization Analysis, Multiple Regression Analysis.
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Enhanced Interpretability using Regression Networks for assessing Domain
Dependences in Motor Imagery

1 Preliminaries

1.1 Motivation

Research in brain-computer interfaces (BCIs) has established itself as one of the most
promising areas in the �elds of neuroengineering and computational neuroscience, driven by
the challenge of understanding and utilizing brain activity for direct interaction between the
human brain and external devices [Rutkowski et al., 2024]. These technologies open up the
possibility of restoring, enhancing, and extending human capabilities a�ected by neurological
diseases or functional disabilities, in addition to o�ering emerging applications in sectors
such as entertainment, education, robotics, and the automotive industry [Peksa & Mamchur,
2023].

Therefore, the motor imagery (MI) paradigm has acquired a central role, thanks to its ability
to generate distinct brain patterns without requiring actual physical movement, enabling an
interface based solely on mental intention [Miladinovi¢ et al., 2020]. Interest in this approach
is re�ected both in the growing number of scienti�c publications and in the expanding BCI
market, valued at $228.1 million in 2022 and projected to reach $460.1 million by 2029 [He
et al., 2023], with a compound annual growth rate (CAGR) of 12.4%. Likewise, initiatives
such as BNCI Horizon 2020 by the European Commission have established roadmaps for
the evolution and standardization of these technologies globally [Brunner et al., 2015].
Motor imagery (MI) tasks involve dynamic cognitive processes that evolve rapidly over time,
requiring the use of neuroimaging tools with high temporal resolution to adequately capture
the transient patterns of brain activity [Värbu et al., 2022]. In this regard, techniques
such as electroencephalography (EEG) and magnetoencephalography (MEG) have become
standard methods for recording short-duration neuronal events, thanks to their ability to
detect changes in brain electrical and magnetic activity with millisecond-level precision
[Alsharif et al., 2022].

Despite the advances achieved in the development of motor imagery-based brain�computer
interface systems (MI-BCI), there are still structural factors that require attention to improve
their performance and applicability. These include aspects such as the limited spatial
resolution of EEG, its susceptibility to noise, the dynamic variability of brain patterns, and
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the phenomenon known as �BCI illiteracy,� where approximately 30% of users are unable to
e�ectively control the devices even after extensive training periods [Sannelli et al., 2016].
These conditions highlight the importance of advancing toward more �exible and adaptive
models, capable of adjusting to inter- and intra-individual variability, and thus enhancing
the robustness and accessibility of MI-BCI systems in real-world contexts.

From a technological perspective, electroencephalography (EEG) remains the preferred
acquisition method for BCI applications due to its high temporal resolution, portability,
low cost, and ability to integrate with other imaging modalities such as fMRI or fNIRS
[Hossain et al., 2023]. However, its limited spatial resolution and the overlap of noise sources
require the design of increasingly sophisticated signal processing strategies [Chaddad et al.,
2023]. Figure1-1 shows various imaging modalities and neural techniques, comparing their
temporal and spatial resolution.

Figure 1-1 : Comparative analysis of various neuroimaging modalities and neural recording
techniques, evaluating their characteristics in terms of temporal and spatial resolution; this
allows for the identi�cation of the advantages and limitations of each technique in capturing
rapid brain dynamics or obtaining detailed images of brain structure.

Within these strategies, multi-domain feature extraction methods, which simultaneously
consider temporal, frequency, and spatial dimensions, have shown great potential. Techniques
such as Common Spatial Patterns (CSP) analysis, assessment of functional brain connectivity
[Chiarion et al., 2023], and the use of event-related desynchronization/synchronization
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(ERD/ERS) measures allow for capturing the complex dynamics of brain activity during MI
tasks, enhancing the discriminability between imagined motor classes [Zapaªa et al., 2020].

Particularly, EEG has been widely adopted in MI-based BCI applications due to its portability,
low cost, and ease of use, making it an accessible option for institutions with limited
resources or in clinical settings where rapid implementation is required [Janapati et al., 2023].
These characteristics have also favored its extensive use in experimental and rehabilitation
environments, where real-time monitoring of neural activity is essential. EEG systems for
BCI typically consist of a processing unit connected to an electrode cap (Nc channels), with
the number of channels ranging from 1 to 256 depending on the desired level of spatial
resolution [Grigorev et al., 2021]. These electrodes, mounted on an elastic cap, are placed
directly on the scalp and record voltage variations generated by the electrical activity of
cortical neurons [Värbu et al., 2022]. Unlike other modalities such as functional MRI or
positron emission tomography, EEG allows the direct capture of brain oscillations without
requiring highly specialized environments or exposing the subject to radiation or intense
magnetic �elds. A visual representation of the setup can be found in Figure1-2.

Figure 1-2 : Diagram of the EEG signal acquisition and processing process in a brain-computer
interface experiment using motor imagery tasks.

The neuroimaging techniques shown in Figure1-1 are better summarized in Table1-1
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Table 1-1 : Common neuroimaging techniques principle and working mechanism description.

Technique Principle Working Mechanism
SPECT Measures emitted gamma rays Tracers indicate areas with high blood �ow
PET Measures emitted gamma rays Radioactive tracers indicate areas with high metabolic activity
MRI Uses strong magnetic �elds Protons emit signals for detailed structural images
CT Uses X-rays X-rays create cross-sectional images
fMRI Measures blood oxygenation Detects blood �ow changes associated with neural activity
MEG Measures magnetic �elds Superconducting sensors detect magnetic �elds
EEG Records electrical activity Electrodes on scalp capture voltage �uctuations

MI-based BCI systems usually include visual interfaces, such as monitors or screens, that
guide the user through speci�c motor imagery tasks (e.g., mentally moving the left or
right hand), thereby allowing the synchronization of stimuli with electrical recordings for
a more precise analysis of evoked events [Jiang et al., 2023]. This setup facilitates the
construction of labeled databases and the application of machine learning algorithms for the
classi�cation of neural patterns. More recently, the rise of deep learning has o�ered new
opportunities to improve the performance of MI-BCI systems. EEG-speci�c architectures,
such as EEGNet and networks based on topographical data representations (topograms), have
not only improved MI task classi�cation but also preserved the critical spatial and temporal
interpretability needed for clinical applications [Batail et al., 2019]. This convergence between
traditional feature engineering models and deep neural networks represents an emerging
pathway to comprehensively address current challenges in BCI. On the other hand, there is
growing interest in exploiting inter- and intra-subject variability to develop adaptive systems
that not only o�er better classi�cation success rates but also dynamically adjust to each user's
neurophysiological pro�le. To achieve this, dynamic modeling of EEG signals under real-use
contexts, together with the integration of connectomic information based on functional brain
activity, represents a promising strategy [Velasquez-Martinez et al., 2020b]. Functional
connectivity analysis allows for the visualization and quanti�cation of interactions between
di�erent brain areas, which has proven fundamental for better discrimination of imagined
cognitive and motor states [Craik et al., 2019b]. Strategies such as cross-correlation, spectral
coherence, and connectivity based on entropy measures open new pathways to optimize
classi�er performance and improve the personalization of MI-BCI systems [Sakkalis, 2011].

In this context, the present doctoral thesis aims to design and implement new hybrid models,
combining prior neuroscienti�c knowledge about the spatiotemporal patterns of the human
brain with deep learning architectures capable of capturing the dynamic complexity of EEG
data. The objective is to develop next-generation MI-BCI systems that are:

ˆ More robust against individual variability.

ˆ More interpretable in terms of their decision mechanisms.

ˆ More e�cient in processing and training.
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ˆ And more accessible for practical implementation in both clinical and non-clinical
environments.

This research will contribute to closing the gap between the theoretical potential of BCI
systems and their e�ective implementation in real life, providing advancements that positively
impact neurological rehabilitation, assistive technology, cognitive and motor skill education,
and the strengthening of personal autonomy. Thus, the goal is not only to advance academic
knowledge but also to propose real solutions that transform the future of human-machine
interaction and improve people's quality of life. The Digital Signal Processing and Control
Group (DSP&CG) of Universidad Nacional de Colombia has been working on bio-signal data
analysis to propose and develop machine learning methodologies related to automatic systems
for the assisted diagnosis of mental conditions [Cárdenas-Peña et al., 2017], automated
analysis of human activity recognition [Pulgarin-Giraldo et al., 2017], video analysis based
on Multi-Kernel representation [Molina-Giraldo et al., 2015], and biomedical data analysis
[Hurtado-Rincón et al., 2016]. More recently, DSP&CG works have been focused on extracting
relevant patterns from EEG to recognize learning tasks, mainly under the MI paradigm. The
used methodologies address dynamic modeling for estimating the spatial relevance of everyday
neural activity across subjects [Velasquez-Martinez et al., 2020b], estimation of ERD/S using
information theory learning measures [Velasquez-Martinez et al., 2020c], enhancement of
feature representation based on kernel functional connectivity [García-Murillo et al., 2021],
improving both MI classi�cation and interpretation using convolutional neural networks
[Collazos-Huertas et al., 2020a]. Lastly, BCI performance predictors from deep learning
architectures [Caicedo-Acosta et al., 2021]. Additionally, within the group a variety of
research projects are developed, supported by COLCIENCIAS/MINCIENCIAS, Dirección
Nacional de Investigaciones de Manizales (DIMA), and Vicerrectoría de Investigaciones de la
Universidad Nacional de Colombia, such as:

ˆ Prototipo de interfaz cerebro-computador de bajo costo para la detección de patrones
relevantes de actividad eléctrica cerebral relacionados con TDAH.

ˆ Prototipo de interfaz cerebro-computador multimodal para la detección de patrones
relevantes relacionados con trastornos de impulsividad.

Both from a local and global perspective, the implementation of motor imagery-based
brain-computer interface systems (MI-BCI) in automatic and semi-automatic rehabilitation
environments represents a key tool for supporting individuals with neurological conditions,
enabling improvements in diagnosis, therapeutic monitoring, and personalized treatment. At
the same time, the applications of MI-BCI systems have transcended the clinical domain,
being adopted in non-medical activities such as virtual reality simulations, interactive
video games, and the training of new skills in healthy individuals. Electroencephalography
(EEG), due to its high temporal resolution and economic accessibility, has become the most
widely used technology in MI-BCI-related research. Within the feature extraction process,
multichannel methods stand out for their ability to provide a more accurate representation
of the user's cognitive state.
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1.2 Problem Statement

This thesis addresses three critical challenges in the development of brain-computer interfaces
(BCIs) based on Motor Imagery (MI) using electroencephalography (EEG) signals. Motor
Imagery refers to the process of mentally generating a quasi-perceptual experience without
the presence of external stimuli and is a widely explored technique for interaction between
the brain and external devices [Saha & Baumert, 2020,Ladda et al., 2021b]. EEG-based
BCIs have gained popularity due to their non-invasive nature, low cost, high portability, and
especially, their high temporal resolution [Singh et al., 2021b]. EEG allows for the recording
of brain electrical activity directly from the scalp, re�ecting synchronized oscillatory patterns
originating from pyramidal neurons in the sensorimotor cortex [Vasilyev et al., 2021].

The e�ective implementation of arti�cial intelligence models to decode MI-EEG signals faces
signi�cant limitations. First, EEG signals are non-stationary, which makes it di�cult to use
them for reliably predicting BCI performance. Second, there is high intra- and inter-subject
variability, which reduces the generalization capacity of the models [Marchesotti et al., 2016].
Finally, many current feature extraction methods lack interpretability, as they rely on black
box models whose decisions are not easily understandable. Figure1-3 illustrates these
three interconnected problems. This lack of transparency limits user trust and hinders the
understanding of the underlying cognitive processes. Overcoming these challenges is essential
for advancing toward more robust, adaptable, and reliable BCI systems.

1.2.1 Non-stationarity of EEG signals in Motor Imagery tasks

One of the main challenges in the development of EEG-based BCI systems is the non-
stationary nature of brain signals. This means that their statistical properties can change
over time. This condition makes it di�cult to extract consistent patterns in Motor Imagery
tasks, a�ecting the stability and reliability of machine learning models [Saha et al., 2021].

This temporal variability stems from multiple sources that �uctuate over time, including
mood, motivation, stress, or fatigue [Zander et al., 2011]. These �uctuations require frequent
recalibrations, even within a single training session [Lee et al., 2022]. This negatively impacts
system stability and limits its practical applicability.

Moreover, during Motor Imagery tasks, cortical activation patterns vary not only temporally
but also spatially between sessions and subjects. This occurs as a result of the dynamics
of cortico-subcortical networks [Gour et al., 2023]. This variability is also evident in the
frequency domain. The activated bands may change depending on context, trial, or even the
recording channel, re�ecting mental states such as attention or memory load [Kulkarni &
Patil , 2023].
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Figure 1-3 : Illustration of the three key challenges in EEG-based MI-BCI: Non-stationarity of
EEG signals during Motor Imagery tasks, high intra- and inter-subject variability in EEG
recordings and lack of transparency and interpretability in MI-BCI models.

Another signi�cant challenge is related to the selection of optimal channels and analysis
windows. Hemispheric asymmetries and the temporal dynamics of frequency bands complicate
precise decoding.

On the other hand, this variability is also present in pre-experimental signals, such as
resting-state recordings. These recordings are commonly used as a reference to predict BCI
user performance [Rahimi et al., 2024]. However, the utility of these data depends on the
type of signal collected. Long recordings o�er stability but few trials. In contrast, data
collected just before a stimulus allow for multiple repetitions but require analysis methods
that are time-independent, such as power-based feature extraction [Sturm et al., 2016].
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This situation highlights the need to develop BCI performance predictors capable of identifying
users with no prior experience. These predictors must e�ectively encode spatiotemporal
patterns that address intra-individual variability. Figure 1-4 illustrates these axes of variation,
highlighting their direct impact on the stability, e�ciency, and adaptability of EEG-based
BCI systems.

While temporal non-stationarity represents a fundamental challenge in signal processing, it is
compounded by spatial and individual-level variations that introduce additional complexity
to BCI development.

Figure 1-4 : Temporal variability of EEG recordings in BCI Motor Imagery.

1.2.2 High intra- and inter-subject variability in EEG recordings

Building on the temporal challenges outlined above, the process of motor learning varies
signi�cantly across individuals, resulting in high inter-subject variability in Motor Imagery
(MI) task performance. This variability is re�ected in distinct patterns of brain electrical
activity recorded by EEG. The di�erences appear in the activation of cortico-subcortical
networks during speci�c tasks, which a�ects the consistency of signals used for decoding in
BCI systems [Lustenberger et al., 2018]. Consequently, cortical activity observed during MI
varies not only between individuals but also across sessions for the same subject, representing
a considerable challenge for the generalization of machine learning models applied to BCI
[Ko et al., 2021].

Beyond the physiological and psychological factors already discussed, these between-session
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variations are in�uenced by the user's ability to generate clear and sustained mental rep-
resentations during MI tasks. Individual capacity to consciously modulate neural patterns
signi�cantly a�ects BCI performance. Users with higher modulation abilities tend to achieve
better results, whereas others may produce noisier or less distinctive signals, limiting the
accuracy of classi�cation algorithms.

These inter-individual and inter-trial di�erences highlight the need to develop more adaptive
models capable of dynamically adjusting to the user's cognitive conditions. It is essential
to incorporate personalized approaches that consider both physiological traits and mental
patterns, along with improved signal quality and preprocessing techniques that include
adaptive feedback mechanisms and continuous calibration.

The quality of Motor Imagery signals, particularly their signal-to-noise ratio (SNR), directly
in�uences the ability of BCI systems to detect and decode neural responses associated with
imagined movement [Úbeda et al., 2017]. A low SNR signal hampers the extraction of
distinctive neural patterns, negatively impacting system accuracy. This limitation may be
due to neurophysiological factors (such as di�erences in brain structure or function) and
non-neurophysiological factors (such as concentration level, electrode contact quality, or
external interference), which vary considerably between individuals [Sairamya et al., 2021].

As a direct consequence of this variability, some users fail to generate su�ciently di�erentiated
brain signals to be correctly interpreted by the system, a phenomenon known as BCI illiteracy.
This represents one of the main challenges to the widespread application of EEG-based BCIs,
as it is estimated that between 15% and 30% of users are unable to achieve e�ective control
of the interface, even after multiple training sessions [’kola et al. , 2019]. These individuals
typically achieve less than 70% accuracy due to the lack of discriminative features in their
signals [Long et al., 2021,Fahimi et al., 2019], suggesting that current models lack the
�exibility to adapt to diverse cognitive and neurophysiological pro�les.

To address this challenge, it is crucial to incorporate more robust and personalized prepro-
cessing, feature selection, and classi�cation strategies that improve pattern detectability in
low-performing users. Integrating hybrid approaches that combine EEG with other modalities
(such as fNIRS or EMG), or using adaptive techniques, could reduce the BCI illiteracy rate.
Figure 1-5 illustrates how individual di�erences in brain activity patterns contribute to
varying BCI performance across users.

The variability challenges outlined above are further complicated by the opacity of modern
machine learning approaches used in BCI systems, leading to our third critical challenge:
interpretability.

9



1. Preliminaries

Figure 1-5 : Intra- and inter-subject variability in EEG recordings: Individual di�erences in brain activity patterns
during Motor Imagery tasks.

1.2.3 Lack of interpretability and transparency in MI-BCI models

Beyond the challenges of signal non-stationarity and user variability, the complexity of
modern machine learning approaches introduces a third critical issue: model interpretability.
One of the most signi�cant challenges in the use of deep learning models is their limited
interpretability. They are often treated as true "black boxes," making it di�cult to understand
how and why they make certain decisions [Bashivan et al., 2015], as illustrated in Figure
1-6. This lack of transparency may not be critical in highly deterministic contexts, such as
image classi�cation or simple visual pattern recognition. However, in sensitive applications
like medical diagnosis, legal decision-making, or human-machine interaction in BCI systems,
it is essential not only to achieve high quantitative performance but also to understand the
underlying reasoning behind the model's predictions [Sinisalo et al., 2024].

Deep learning models in particular�such as deep neural networks (DNNs) and deep belief
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networks (DBNs)�present complex architectures that make it di�cult to trace decisions
made during training and prediction processes. These models do not o�er clear explanations
for why certain features are selected over others. They also fail to explain how internal
correlations between data are established, or why one speci�c path within the network is
activated over others [Chakladar & Chakraborty, 2018]. This technical opacity represents an
ongoing problem in the �eld, as many researchers and end users are unwilling to trust the
output of a system that cannot justify its recommendations�especially in critical applications
such as medicine or neurotechnology [Xiao et al., 2018].

In response to this issue, recent years have seen growing interest in the development of
explainable arti�cial intelligence (XAI) techniques. These techniques aim to provide human-
understandable interpretations without compromising model performance. Despite these
advances, there is still no clear consensus on what exactly "interpretability" means, leading to
a wide variety of approaches and tools [Fan et al., 2021a]. These methods range from internal
activation visualizations, attention maps, and feature decomposition to hybrid models that
combine interpretable components with deep networks. However, the challenge remains: to
achieve highly accurate, transparent, and trustworthy models, especially in domains like
BCIs where user trust and system understanding are key to adoption and success.

Interpretability in deep learning models has become increasingly relevant in recent years,
particularly in sensitive areas such as medicine, neuroscience, and brain-computer interfaces.
In this context, two main approaches have emerged. Post-hoc techniques aim to interpret
results after the model has been trained, while intrinsic methods seek to explain the internal
dynamics of the model during training and decision-making. Generally, interpretability is
de�ned as the ability of a human to understand, reason about, and justify the operation of a
predictive model [Wang et al., 2018].

This interpretability can be analyzed on three levels:

ˆ Simulatability : which refers to a user's ability to comprehend the model as a whole.

ˆ Decomposability : which consists of interpreting the model through its individual
components, such as layers, neurons, or functional blocks.

ˆ Algorithmic transparency : which involves understanding how the training process
is carried out and how model parameters evolve internally.

However, achieving interpretability in deep neural networks (DNNs) faces multiple challenges.
These include human cognitive limitations (di�culty in understanding highly nonlinear
structures), commercial barriers (such as proprietary algorithm protection), and the inherent
complexity of the data and algorithms used [Fan et al., 2021b]. The high number of
hyperparameters, architectural depth, and reliance on large volumes of data make many
deep learning models�although accurate�poorly explainable and di�cult to implement in
environments requiring real-time decisions, such as Motor Imagery-based BCIs [Wu et al.,
2019].
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In the particular case of BCI systems, interpretability is not just desirable but necessary.
Understanding how the model decodes brain signals enhances user trust, enables system
personalization, and o�ers insights into the underlying neurophysiological processes. It has
been proposed that a deep learning�based architecture can contribute to the physiological
explanation of Motor Imagery paradigms by representing multiple dimensions:

ˆ The temporal dimension : which re�ects the evolution of the EEG signal over time.

ˆ The spatial dimension : which represents localized activity in the sensorimotor
cortex.

ˆ The spectral dimensions : related to the modulation of speci�c rhythms such as
the � (8�13 Hz) and � (13�30 Hz) bands, commonly associated with real or imagined
motor tasks.

To address the three interconnected challenges of non-stationarity, variability, and inter-
pretability, it becomes essential to develop hybrid, explainable, and e�cient models that not
only achieve high accuracy rates but also provide understandable and traceable justi�cations
for their decisions. This approach is key to advancing toward safer, more personalized, and
clinically applicable BCI systems that can handle temporal dynamics, adapt to individual
di�erences, and maintain user trust through transparency.
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Figure 1-6 : Graphical representation of the barriers to interpretability of brain-computer
interfaces based on Motor Imagery.
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1.3 State of the Art

This section provides an overview of the state of the art in domain dependency analysis
within brain-computer interface systems based on motor imagery using EEG signals. We
focus on contemporary approaches designed to address the challenges identi�ed in Section 1.2,
such as the non-stationarity of EEG signals, high inter- and intra-subject variability, and
the limited interpretability of the models used. Initially, we explore recent techniques for
extracting relevant features that enable the modeling of relationships between cortical regions
using raw EEG data. Next, we examine regression models aimed at capturing signi�cant
dependencies between electrodes, evaluating their accuracy, generalization capability, and
e�ectiveness in classifying di�erent types of imagined movements. Finally, a summary of
current interpretability strategies in deep learning environments is presented, with emphasis
on those that provide a comprehensible representation of the neuronal relationships inferred
by the model. This overview will enable the reader to understand new strategies for analyzing,
representing, and interpreting domain dependencies in motor imagery tasks, with the goal of
advancing toward more robust, explainable, and e�cient MI-BCI systems.

1.3.1 Regression Models for the Prediction and Classi�cation of EEG
Signals in BCI Systems

The development of electroencephalography-based brain-computer interface systems has
driven the adoption of advanced regression techniques to address the inherent challenges
posed by the nonlinear, non-stationary, and high-dimensional nature of EEG signals. These
foundational approaches provide the basis for understanding electrode dependencies and
serve as building blocks for more sophisticated architectures. In this context, regression
models have become fundamental tools for the prediction, classi�cation, and interpretation
of brain activity.

Linear and Regularized Models: The classical multiple linear regression model provides a
simple and easily interpretable foundation for predicting continuous variables from multiple
EEG features. However, its e�ectiveness is limited in the presence of multicollinearity and
frequent noise in EEG data�challenges that are particularly pronounced in motor imagery
tasks due to high inter-subject variability. To mitigate these limitations, regularization
techniques have been incorporated. Ridge regression, proposed by Hoerl and Kennard,
introduces an L2 penalty that enhances model stability and reduces over�tting in noisy
environments. In contrast, Lasso regression applies an L1 penalty that enables automatic
feature selection, which is particularly useful in high-dimensional EEG datasets. A robust
alternative is the Elastic Net model, which combines the bene�ts of both Lasso and Ridge
regression [Zou et al., 2011], o�ering a balance between variable selection and model stability,
especially e�ective in multivariate and highly correlated EEG contexts.
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Nonlinear and Supervised Learning Models: To capture complex, nonlinear relationships
in EEG signals�addressing the non-stationarity challenge mentioned in the introduc-
tion�models such as Support Vector Regression (SVR) [Acir et al. , 2004] and polynomial
regression have been explored, enabling the modeling of deeper variable interactions. However,
these models require careful hyperparameter tuning and can be sensitive to noise. Decision
trees [Grajski et al., 1986] o�er interpretability through simple rules but tend to over�t.
To counteract this, ensemble models such as Random Forest and XGBoost [Zhang et al.,
2016] have proven e�ective by combining multiple trees and delivering high accuracy on
heterogeneous EEG data.

Neural Network-Based Models: The use of arti�cial neural networks (ANNs) [Chapman et al.,
1998] has enabled the modeling of complex EEG patterns, while variants such as the Extreme
Learning Machine (ELM) [Liang et al., 2006] o�er ultra-fast training using hidden layers with
randomly assigned weights�particularly useful for real-time BCI systems. Among the most
relevant advances are convolutional neural networks (CNNs) [Mirowski et al., 2009], which
can automatically learn spatial and temporal features from EEG data, proving especially
e�ective in spectral and topographical representations of brain signals. In addition, Bayesian
models [De Haan, 2013] incorporate prior knowledge and probabilistic estimates, making
them useful in data-limited environments, while quantile regression [Feng et al., 2024] allows
for modeling entire distributions and robust estimation in the presence of bias or noise in
EEG recordings.

Advances in the application of regression models to EEG signal analysis have been key
to addressing the challenges of inter- and intra-subject variability, non-stationarity, and
nonlinear complexity. A comprehensive summary of these models is illustrated in Figure1-7.
From regularized linear approaches to deep neural architectures, each technique o�ers speci�c
advantages depending on the objective (prediction, classi�cation, interpretation) and the
nature of the dataset.

1.3.2 Deep Learning Architectures in EEG-Based BCI Systems

While regression models provide a solid foundation for EEG signal analysis and demonstrate
e�ectiveness in addressing basic dependency modeling, the increasing complexity of motor
imagery tasks and the need for automatic feature extraction have necessitated more sophis-
ticated approaches. Deep learning architectures have emerged as a powerful alternative,
o�ering enhanced capabilities for modeling the intricate nonlinear patterns inherent in EEG
signals while potentially addressing the interpretability limitations of traditional regression
methods.

Deep learning (DL) has revolutionized EEG signal processing in brain-computer interface
(BCI) systems by enabling the modeling of complex relationships in high-dimensional and
nonlinear data. Unlike the regularized regression models discussed earlier, DL architectures
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Figure 1-7 : Regression models applied to the analysis of EEG signals to characterize interdependencies between
electrodes, evaluating their usefulness in discriminating imagined movements using accuracy and generalization
metrics.

can automatically learn hierarchical representations without manual feature engineering. DL
architectures applied to this domain can generally be categorized into three main groups:
discriminative models, representative models, and generative models, as well as hybrid
variants that integrate the advantages of multiple approaches.
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Discriminative Models: Discriminative models are aimed at the direct classi�cation of EEG
signals. Among them, the Multilayer Perceptron (MLP), a widely used feedforward neural
network for supervised tasks, stands out. However, its limited ability to capture spatial
information makes it less e�ective compared to more specialized architectures [Amin et al.,
2019]. Convolutional Neural Networks (CNNs) have gained popularity due to their ability
to perform automatic spatial, temporal, and spectral �ltering, mimicking the hierarchical
connectivity of the human brain [Liu et al., 2021]. Their compatibility with other architectures
such as RNNs or GNNs increases their versatility in complex tasks. Recurrent Neural
Networks (RNNs), particularly the LSTM (Long Short-Term Memory) [Kumar et al., 2019]
and GRU (Gated Recurrent Unit) variants, are suitable for modeling long-term temporal
dependencies�directly addressing the non-stationarity challenge identi�ed in our introduction.
However, these networks may be ine�cient when used in isolation and can su�er from gradient
vanishing issues during prolonged training [Gordienko et al., 2021]. More recently, Graph
Neural Networks (GNNs) have been proposed as a solution for modeling complex spatial
structures in EEG data, extending traditional networks to non-Euclidean domains such as
brain connectivity maps [Garcia Murillo , 2024].

Representative Models: Representative models are designed to learn internal structures
of the data and are useful for compression, dimensionality reduction, and latent pattern
detection. Notable examples include Deep Autoencoders (DAEs) [Tabar & Halici , 2016],
Deep Restricted Boltzmann Machines (DRBMs), and Deep Belief Networks (DBNs) [Liu
et al., 2021]. These models have proven e�ective in compact representation of EEG signals,
although they tend to over�t with small datasets [Rakshasbhuvankar et al., 2020]. To improve
performance, combined architectures such as DBN-AE and DBN-RBM [Li et al., 2020] have
been proposed.

Generative Models: Generative models aim to learn the data distribution, enabling the
generation of synthetic samples�a capability particularly valuable for addressing the high
inter-subject variability challenge in motor imagery BCIs. These include Variational Au-
toencoders (VAEs) [Dai et al., 2019] and Generative Adversarial Networks (GANs) [Fahimi
et al., 2020]. VAEs are useful for modeling inter- and intra-subject variability, while GANs
have been used to arti�cially augment EEG datasets. However, both approaches su�er from
training instability and require careful tuning of hyperparameters [Deng et al., 2021].

Hybrid Architectures: Since each architecture type has its strengths and limitations, hybrid
models have emerged that combine structures to maximize performance and robustness.
These approaches often integrate the interpretability advantages of simpler models with the
representational power of deep architectures. Relevant examples include:

ˆ CNN + LSTM [ Liu et al., 2021]: to capture both spatial and temporal sequence information.

ˆ GAN + CNN [ Gao et al., 2020]: for simultaneous synthetic data generation and classi�ca-
tion.

ˆ LSTM + SVM [ Kumar & Kumar , 2021] and CNN + SVM [Alazrai et al., 2019]: where
DL is used for feature extraction and a traditional classi�er for the �nal decision.
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ˆ GNN + CNN [ Lin et al., 2023]: useful for modeling brain connectivity along with the
topographic structure of EEG signals.

ˆ DBN + CNN [ Dai et al., 2019]: integration between probabilistic and convolutional deep
learning.

It is important to note that CNNs stand out as the core architecture in most hybrid combi-
nations due to their robust capability to extract relevant features of spatial, temporal, and
spectral nature. Deep learning architectures represent a key component in the advancement
of EEG-based BCI systems. A summary of all these architectures can be seen in Figure1-8.
Their use allows for overcoming the limitations of traditional techniques, adapting to inter-
and intra-subject variability, and improving robustness in signal interpretation and classi�ca-
tion. The evolution toward hybrid models underscores the need for integrative approaches
that combine di�erent EEG representations, optimizing both the accuracy and explainability
of BCI systems.

Figure 1-8 : Deep learning models can be grouped into discriminative, representative, and
generative categories, each with its own strengths and limitations depending on the task
type and the nature of the data.

1.3.3 Interpretability Strategies in Motor Imagery-Based BCI Systems

Although both regression and deep learning models have shown remarkable performance in
EEG-based BCI systems, their practical deployment�particularly in clinical settings�requires
understanding of how these models make decisions. This interpretability challenge becomes
more critical as model complexity increases, transitioning from the relatively transparent
regression approaches to the �black box� nature of deep learning architectures. Consequently,
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the development of interpretability strategies within explainable arti�cial intelligence (XAI)
has gained substantial importance for making both traditional and advanced BCI models
more trustworthy and clinically viable.

With the rise of deep learning models in BCI systems�especially in motor imagery tasks�there
has been an increasing need to develop tools that enable the understanding of these models'
internal mechanisms. Although deep neural networks are powerful and can address the
non-stationarity and variability challenges more e�ectively than traditional approaches, they
are traditionally regarded as �black boxes,� posing signi�cant limitations in contexts where
explainability and transparency are critical, such as clinical or personalized applications.
As a result, interpretability strategies within explainable arti�cial intelligence (XAI) have
gained substantial importance.

Types of Interpretability Strategies: XAI techniques can be mainly categorized into two types:
intrinsically interpretable models and post-hoc methods [Chaddad et al., 2023].

a) Intrinsically Interpretable Models: This group includes models whose structural design
inherently allows for direct understanding of how outputs are produced. Common examples
include logistic and linear regression�similar to the basic regression models discussed
earlier�Bayesian methods, k-Nearest Neighbors (KNN), and techniques such as Random
Fourier Features (RFF) [Yang et al., 2018]. Although transparent, these architectures often
exhibit limited predictive capabilities when dealing with complex, nonlinear, and highly
variable EEG data. Furthermore, their interpretability depends heavily on the model type
and is not always generalizable to other architectures.

b) Post-hoc Methods : In contrast, post-hoc methods aim to explain the behavior of already
trained models and are especially useful for the deep neural networks presented in the previous
section. These can be further divided into architecture-agnostic and architecture-speci�c
methods [Dissanayake et al., 2022].

c) Architecture-Agnostic Methods: These methods aim to construct simpli�ed explanations
that simulate the behavior of the original model without requiring internal knowledge of its
structure. Among the most well-known are:

ˆ LIME (Local Interpretable Model-agnostic Explanations): builds local linear models to
explain individual predictions but is limited to linear interactions [Musha et al., 2022].

ˆ SHAP (SHapley Additive exPlanations): assigns importance values to features based
on game theory, o�ering a more complete perspective but at high computational
cost [ELAhwal et al., 2021].
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ˆ Graph-LIME: adapted to graph data, it enables explanations in architectures like
GNNs, though it can produce unstable results [Cui et al., 2022a].

d) Architecture-Speci�c Methods : These methods are designed to take advantage of the
speci�c properties of a particular model architecture. Frequently used techniques include:

ˆ Standard backpropagation and its variant Guided Backpropagation (Guided-BP): trace
input contributions through the model's layers but are sensitive to saturation and
noise [Apicella et al., 2022].

ˆ CAM (Class Activation Mapping) and its improved version Grad-CAM (Gradient-
weighted CAM): visualize input regions that in�uence the model output, especially
useful for CNN models. However, their spatial precision may be limited due to their
reliance on the �nal layers [Tjoa & Guan, 2020].

ˆ Layer-CAM, an extension of Grad-CAM, enhances localization of regions in deeper
layers but may overlook critical information from earlier layers [Huang et al., 2021].

Additionally, perturbation-based approaches measure the impact of input modi�cations
on model output, providing robust explanations but at the cost of high computational
demand [Usman et al., 2017].

Quantitative Evaluation of Interpretability: Beyond generating visual maps, explanations
should be evaluated quantitatively to compare di�erent XAI approaches. Metrics such as
Average Drop %, Increase Con�dence %, and Win % have been proposed to assess the
�delity, con�dence, and e�ectiveness of the generated explanations [Vieluf et al., 2023].
These evaluations not only allow comparison of explanation quality across methods but
also help tailor architectures to domain-speci�c characteristics�such as multichannel EEG
signals and motor imagery tasks.

Interpretability is an essential component in the design of reliable and customizable MI-BCI
systems. The selection of an appropriate XAI strategy should consider both the underlying
model architecture�whether regression-based or deep learning-based as discussed in previous
sections�and the needs of the end user (clinical, cognitive, or adaptive). In this regard,
the integration of post-hoc interpretability methods with EEG-specialized architectures
represents a critical research direction to enhance the trust, transparency, and e�ectiveness of
BCI models in real-world environments. A summary of these methods is shown in Figure1-9.

1.3.4 Summary

In general, the progression from regression-based to deep learning models has demonstrated
strong potential for the prediction and classi�cation of EEG signals in BCI systems, par-
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Figure 1-9 : Interpretation methods applied to machine learning and deep learning models,
focused on improving the understanding of their decisions and outcomes.

ticularly in motor imagery tasks. Regularized regression techniques, such as Elastic Net,
as well as ensemble tree-based models, o�er high robustness against over�tting and noise
in high-dimensional EEG datasets while providing foundational interpretability. On the
other hand, deep learning architectures�especially convolutional neural networks�provide
e�ective capabilities for the automatic extraction of spatial, temporal, and spectral features,
making them suitable for modeling the nonlinear and non-stationary nature of EEG signals
that challenge simpler regression approaches. Moreover, hybrid models (e.g., CNN+LSTM
or DBN+CNN) have shown superior performance by combining complementary strengths
across domains, e�ectively bridging the gap between interpretability and performance. To
enhance the reliability and applicability of these systems across the entire spectrum of
approaches�from basic regression to complex deep learning�interpretability strategies
(XAI) are essential. Intrinsically interpretable models, such as the logistic regression and
Bayesian approaches discussed in our regression section, o�er structural transparency, though
with limited capacity to represent complex EEG dynamics. In contrast, post-hoc methods
such as SHAP, LIME, and Grad-CAM allow for the explanation of outputs from complex
deep learning models, albeit often at the cost of increased computational demand or reduced
spatial precision. The integration of both qualitative and quantitative interpretability tools
within BCI systems�regardless of the underlying architecture�supports physiological un-
derstanding and contributes to the development of reliable, subject-adapted solutions that
can address the core challenges of non-stationarity, variability, and interpretability identi�ed
at the beginning of this review.
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1.4 Aims

The analysis above leads us to the following general and speci�c objectives:

1.5 General Aim

To develop a methodological framework for BCI systems based on machine learning ap-
proaches, aimed at modeling discriminative patterns in EEG signals, addressing non-
stationarity and intra-/inter-subject variability, and enhancing neurophysiological inter-
pretability, with the goal of optimizing performance in classi�cation tasks, emotional predic-
tion, and pre-training analysis.

1.6 Speci�c Aims

ˆ To evaluate a predictive model of EEG signals based on regularized regression, aimed
at mitigating the e�ects of non-stationarity by estimating full-channel activity from
a reduced subset of electrodes, with the goal of optimizing classi�cation in MI-BCI
systems.

ˆ To develop a supervised EEG feature extraction strategy applied to BCI systems,
enabling the prediction of musical emotions in MIDI format while addressing high
intra- and inter-subject variability through domain alignment techniques and neural
pattern clustering.

ˆ To improve physiological interpretability in MI-BCI systems through functional con-
nectivity analysis using wPLI and graph-based methods, in order to identify brain
desynchronization patterns prior to training.
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2 Outline and Contributions

Figure 2-1 : Comprehensive Framework of Methodological Contributions in EEG-Based BCI: From Time-Frequency-
Spatial Representation to Motor Imagery Task Classi�cation, Emotional Prediction in MIDI Format, and
Functional Interpretation Based on Brain Connectivity.

This chapter provides an overview of the main methodological contributions developed in
this thesis, as illustrated in Figure2-1. The proposal begins with EEG signal processing in
MI tasks, integrating advanced techniques for multispectral representation, signal prediction,
emotional music generation, and functional connectivity analysis to improve the accuracy,
e�ciency, and interpretability of BCI systems.

First, the process begins with the extraction of time-frequency and spatial representations
designed to robustly capture the brain dynamics relevant to MI tasks. This multidimensional
representation allows the subsequent prediction and classi�cation phases to rely on a richer
EEG characterization, tailored to each subject and more resistant to non-stationarity and
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noise.

As a �rst contribution, a regularized regression model using Elastic Net is proposed, capable
of predicting full EEG channel signals from a reduced subset of electrodes, improving system
e�ciency without sacri�cing performance. This model not only mitigates the e�ects of
non-stationarity but also enhances MI task classi�cation with minimal sensor con�gurations,
enabling practical and portable BCI implementations.

The second contribution introduces an innovative strategy for supervised EEG feature
extraction aimed at predicting musical emotions in MIDI format. This model, based on a
Deep & Wide architecture, combines auditory decoding tasks with music prediction that
respects structural musical properties. Through domain alignment techniques and neural
pattern clustering, it compensates for high intra- and inter-subject variability, thereby
expanding the applicability of BCIs in creative and a�ective contexts.

The third contribution focuses on enhancing the physiological interpretability of the models.
To this end, a single-trial functional connectivity estimator is introduced using the wPLI,
along with graph analysis. This stage allows for the identi�cation of pre-training brain desyn-
chronization patterns, providing a strong neurophysiological basis to understand individual
performance in MI tasks. In addition, both qualitative and quantitative interpretability
metrics are integrated to evaluate and compare models, highlighting the most relevant cortical
regions for each subject.

Altogether, this modular architecture contributes to the development of more robust, in-
terpretable, and customizable BCI systems, applicable not only to motor tasks but also to
emotional, therapeutic, and creative contexts.

2.1 Predictive Modeling of EEG Brain Signals for Motor
Imagery Classi�cation in BCI Environments

This chapter addresses the �rst speci�c objective of the thesis, which focuses on evaluating a
predictive EEG signal model based on regularized regression, with the aim of mitigating non-
stationarity in motor imagery tasks and optimizing classi�cation performance in BCI systems.
The implemented methodology is based on Elastic Net Regression, trained to estimate full
brain activity from a reduced subset of electrodes, thereby reducing computational load and
hardware complexity. Subsequently, the reconstructed signals are processed using spatial
feature extraction techniques and classi�ed with SVM, demonstrating that the proposed
model maintains�or even improves�accuracy compared to the use of full-channel data.
This chapter directly contributes to the development of more e�cient, portable, and robust
BCI systems, capable of handling temporal and inter-session variability. The EEG signal
processing steps discussed in this chapter are illustrated in Figure2-1.
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2.2 Modeling Music-Induced Emotions from EEG Using
Supervised Feature Extraction Techniques for MIDI
Synthesis

This chapter addresses the second speci�c objective of the thesis, which focuses on developing
a supervised EEG feature extraction strategy to predict musical emotions in MIDI format,
while addressing high intra- and inter-subject variability. To achieve this, a Deep&Wide
architecture is employed, capable of capturing correlations between brain responses and
musical components. The system integrates domain alignment techniques and neural clus-
tering to build a shared representation of emotional states, thereby enabling personalized
music synthesis. This approach allows for the transformation of brain patterns into musical
structures while preserving harmonic and rhythmic coherence. The chapter establishes a
link between spontaneous neural activity and the generation of adaptive musical content,
providing a novel emotional BCI framework that expands traditional applications into cre-
ative and a�ective domains. The EEG signal processing steps covered in this chapter are
illustrated in Figure 2-1.

2.3 Detection of Pre-Training Desynchronization Patterns
Using the Weighted Phase Lag Index (wPLI)

The content of this chapter addresses the third speci�c objective of the thesis, which aims to
enhance the physiological interpretability of BCI systems through functional connectivity
analysis. The use of the Weighted Phase Lag Index is proposed as a robust metric to detect
pre-training brain desynchronization patterns in motor imagery tasks. These measures
are processed using graph theory techniques, allowing the identi�cation of the brain's
functional organization in users with varying performance levels. Based on this, a supervised
strati�cation of subjects is carried out, facilitating the personalization of training protocols
and improving individual system performance. This contribution is key to advancing toward
adaptive, interpretable BCI systems focused on the neurophysiological di�erences among
users. The EEG signal processing steps discussed in this chapter are illustrated in Figure
2-1.

25



Enhanced Interpretability using Regression Networks for assessing Domain
Dependences in Motor Imagery

3 Materials and Methods

3.1 EEG Signal Processing

Consider that n training trials are recorded, where thei -th trial is denoted asx i 2 Rv� m ,
with v representing the number of channels andm the number of sampling points. The chan-
nels in the central region are a subset of thev channels. To develop the regression model,
and, based on the time delay� , the training data X are constructed as a concatenated
matrix of all the u-channel EEG trials(x i;u ; i = 1; : : : ; n) along with their time-delay versions
(~x i;u ; i = 1; : : : ; n) [Zhou et al., 2023]:

X =
�
x1;u x2;u x3;u x4;u x5;u � � � xn;u

~x1;u ~x2;u ~x3;u ~x4;u ~x5;u � � � ~xn;u

�
2 R2u� n(m� � ) (3-1)

Where the parameter� is de�ned as a positive integer� 2 Z+ , as it represents a time delay in
discrete sampling units. This ensures that it can be used unambiguously in the segmentation
of EEG signals and in the mathematical formulation of the model.

The training data Y are formed by concatenating all the EEG trials from thev-channel,
represented as

Y =
�
x1;v x2;v � � � xn;v

�
2 Rv� n(m� � ) (3-2)

In this expression,x i;u 2 Ru� (m� � ) corresponds to the data from thei -th trial using u-
channels, consisting ofm � � sampling points (from the �rst sampling point to the (m � � )-th
sampling point). Additionally, ~x i;u 2 Ru� (m� � ) denotes the data from thei th trial using
u-channels, with m � � sampling points (ranging from the(� + 1) -th sampling point to
the m-th sampling point). Lastly, x i;v 2 Rv� (m� � ) indicates the data from thei -th trial
using v-channels, which includem � � sampling points (from the �rst sampling point to
the (m � � )th sampling point) [Zhou et al., 2023]. The selection of the time delay� in the
regression model was not arbitrary but was conducted through an experimental evaluation
to �nd the optimal value in terms of classi�cation accuracy. Di�erent values of � were
tested on the dataset. The results indicated that� = 1 provided the highest classi�cation
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accuracy, preventing the loss of synchronization between the input signalsX and the target
signalsY. From a neurophysiological perspective,� = 1 allows capturing su�cient temporal
context without losing samples within the observation window, improving prediction without
a�ecting the temporal alignment of the signals.

Segmenting data intox i;u , ~x i;u , and x i;v is essential in multichannel EEG processing, as it
supports the prediction and reconstruction of missing or noisy channels by leveraging
information from adjacent segments. This technique enhances data quality by reducing
noise and improving the signal-to-noise ratio (SNR), enabling more robust analyses for
applications like motor imagery classi�cation and cognitive state monitoring [Arpaia et al.,
2022]. By introducing a time lag� between segments, the model e�ectively captures temporal
dependencies critical in time series analysis, especially within BCI systems, where tracking
neural pattern evolution over time is crucial for accurate classi�cation and prediction [Borgheai
et al., 2024].

Additionally, variables such asx i;u and ~x i;u enhance feature extraction in predictive models,
including convolutional neural networks (CNNs) and recurrent neural networks (RNNs).
These models exploit the spatial and temporal dependencies in segmented EEG data to
identify and classify patterns in motor imagery tasks more e�ectively [Borgheai et al.,
2024]. The representation of EEG data across multiple channels and time points further
facilitates the use of regularization techniques, such as elastic net and lasso regression, re�ning
the feature space by addressing multicollinearity and noise. This structured approach to
segmentation and processing improves model performance, supporting higher accuracy and
reliability in real-time BCI applications [Kutlu et al., 2024,Lin et al., 2024a].

3.1.1 Elastic Net

For a given datasetf (x i ; yi )gn
i =1 whereyi 2 R, we consider a simple linear regression model:

y = X� + " (3-3)

where y = ( y1; y2; : : : ; yn)T represents the response variable andX = ( x1; x2; : : : ; xp)T is
the full rank design matrix. In this context, x j = ( x1j ; x2j ; : : : ; xnj )T , for j = 1; 2; : : : ; p
denotes thep-dimensional explanatory variable. Additionally,� = ( � 1; � 2; : : : ; � p)T refers to
the associated vector of regression coe�cients, and" is the vector of i.i.d. random errors
with a mean of zero. Without loss of generality, we can assume that the response variable
is centered and that the predictors have been standardized following a location and scale
transformation [Wang et al., 2022b].

nX

i =1

yi = 0;
nX

i =1

x ij = 0;
nX

i =1

x2
ij = 1; j = 1; 2; 3; 4: : : ; p: (3-4)

Nevertheless, ifX does not have full column rank, or if there is a signi�cant linear correlation
among some columns, the determinant ofX T X approaches 0, meaningX T X is nearly
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singular. The conventional OLS method may lack stability and reliability in these cases.
To address this issue, Hoerl and Kennard [Geisser & Eddy, 1979,Wang et al., 2022b] proposed
ridge regression:

Ridge Regression: L(� ) =
nX

i =1

(yi � x i � )2 + �
pX

j =1

� 2
j : (3-5)

This penalty approach enhances OLS by converting the un�t problem into a �tting problem.
Although it sacri�ces the unbiased nature of OLS in exchange for improved numerical stability,
it yields greater computational accuracy. While ridge regression e�ectively mitigates the
issues arising from high correlation between variables and enhances prediction accuracy,
it does not su�ce for model selection on its own. Consequently, Tibshirani [Tibshirani,
2018,Wang et al., 2022b] introduced the following primary lasso criterion:

Lasso: L(� ) =
nX

i =1

(yi � x i � )2 + �
pX

j =1

j� j j: (3-6)

where� > 0 is a constant adjustment parameter. Lasso is a method that applies penalization
to ordinary least squares. Due to the singularity of the derivative of the penalty function
at zero, the coe�cients of non-signi�cant variables are driven to zero, while a smaller
compression is applied to the signi�cant independent variables with larger estimates, ensuring
accuracy in the parameter estimations.

Nonetheless, lasso possesses some intrinsic limitations: it lacks the Oracle property and has
the drawback of selecting at mostn variables when the sample size (p > n ) is considered.
When multiple characteristics are correlated, lasso tends to choose only one among them.
Furthermore, lasso is less e�ective than ridge regression when dealing with independent
variables that exhibit multicollinearity. In light of these issues, Zou and Hastie introduced
the elastic net [Wang et al., 2022b] :

Elastic Net: L(� 1; � 2; � ) =
nX

i =1

(yi � x i � )2 + � 2

pX

j =1

� 2
j + � 1

pX

j =1

j� j j: (3-7)

The elastic net employs both thè 1 and `2 norms within linear regression models that
incorporate prior canonical terms. It merges the bene�ts of both lasso and ridge regression.
This method addresses the challenge of variable selection in the presence of unknown
groupings. When compared to the lasso, the elastic net also enhances the handling of data
with sample sizes (p > n ) and variables with multicollinearity. Unfortunately, it should be
noted that the elastic net cannot completely eliminate the e�ects caused by noisy data [Wang
et al., 2022b].
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3.1.2 Common Spatial Pattern (CSP)

At the second stage, band-pass-�ltered signals are spatially processed using the Common
Spatial Patterns algorithm. The CSP algorithm is applied to spatially �lter EEG signals
into a low-dimensional space through linear transformations. The primary goal of CSP is
to minimize the variance within two classes while maximizing the variance between them.
The spatial �lters generated by CSP are commonly utilized for detecting Event-Related
Desynchronization (ERD) and Event-Related Synchronization (ERS). However, a limitation
of the CSP algorithm is its ability to discriminate only between two classes.

A motor imagery trial can be represented asX 2 RN � T , whereN denotes the number of
channels andT is the number of time samples. The projection matrixW 2 RN � N , obtained
through the CSP algorithm, projects the trial data X to the source signalsS 2 RN � T ,
as shown below [Mohammadi & Mosavi, 2017]:

S = WX (3-8)

In this case, the rows of the projection matrixW correspond to spatial �lters. A subset
of these spatial �lters from W is relevant for classi�cation tasks. Once the matrixS is
determined, the rows ofS can be used for classi�cation purposes.

The rows of matrix S, corresponding to the �rst and lastm eigenvalues sorted in descending
order, are selected for further analysis. The feature related to each selected row of matrixS
is calculated as follows:

f q = log

 
var(sq)

1
2m

P 2m
i =1 var(si )

!

; q 2 f 1; : : : ; 2mg (3-9)

where var(sq) represents the variance of theq-th row of the selected rows from matrixS.

The spatial �lters are obtained by applying the One-Versus-Rest (OVR) CSP algorithm for
a four-class motor imagery-based BCI system. Speci�cally, the CSP algorithm is executed
four times, and, in each instance, the top two spatial �lters are chosen. Consequently,
for the four-class classi�cation, eight features are extracted through the repetition of the
CSP algorithm for each class. Finally, the features from each trial of each class are compiled
within a feature vector containing all the windows across the nine sub-bands [Mohammadi &
Mosavi, 2017].

3.1.3 Support Vector Machines (SVMs)

The Support Vector Machine was introduced by Vladimir Vapnik [Cortes & Vapnik, 1995].
The closest sample to the hyperplane is referred to as a support vector, and the distance

29



3. Materials and Methods

between two support vectors de�nes the margin. Maximizing the margin between two classes
enhances separability, as seen in Figure3-1.

Thus, the primary objective of SVM is to �nd the hyperplane that provides the largest
possible margin. The general form of the hyperplane can be expressed as

g(x) = wT x + w0 (3-10)

where x represents the feature vector of a sample, andw is the normal vector to the
hyperplane. The hyperplane divides the feature vectors into distinct classes. This property
is formalized as �

g(x) � 1 for class1
g(x) � � 1 for class2

(3-11)

Figure 3-1 : A simpli�ed illustration of SVM, where the �lled shapes denote the support vectors.
The margin refers to the distance between these support vectors [Choi et al., 2015].

The distance from the hyperplane to the nearest support vector is calculated as

z =
jg(x)j
kwk

=
1

kwk
(3-12)

Thus, the margin is given by
1

kwk
+

1
kwk

=
2

kwk
(3-13)

The objective of SVM is to minimize the normalized weight vectorkwk, allowing for the
maximization of the margin. The minimization ofkwk constitutes a nonlinear optimization
problem, which is addressed using the Karush�Kuhn�Tucker (KKT) conditions. By applying
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Lagrange multipliersai , three KKT conditions can be expressed as follows:

w =
NX

i =0

ai yi x i (3-14)

NX

i =0

ai yi = 0 (3-15)

ai � 0; i = 1; : : : ; N (3-16)

wherey takes the values� 1 or 1, indicating the class label of the samples. The following
cost function is maximized to obtainw, which optimizes the margin [Choi et al., 2015]:

~L(a) =
NX

i =0

ai �
1
2

NX

i =1

NX

j =1

ai aj yi yj xT
i x j (3-17)

3.2 Auditory Feature Extraction

Network-Based Auditory for Audio Conversion

In general terms, automatic music transcription systems take an audio waveform as input, typ-
ically derived using its magnitude spectrogramZ 2R+ (i.e., the short-time Fourier transform
magnitude) and produce a pitch representation over time (termedpiano-roll algorithm [Li
et al., 2025]. Firstly, the non-negative time�frequency representation of the inputZ 2RT � F is
split into a product of two matrices: a dictionaryD 2RF � %and an activation matrix A 2R%� T ,
minimizing the distanced(�; �)2R betweenZ and Y = DA . The optimizing framework for
�nding the non-negative matrices,D and A , can be expressed as follows:

Y = DA � Z (3-18a)

s.t.: min d(Y ; Z ) ! 0 (3-18b)

whereT2 is the number of time points,F 2 is the number of spectral components, and%2 is
the decomposition rank ofZ .

Non-negative matrix factorization (NMF) provides a simple and e�ective approach to solving
the minimization problem in Equations (3-18a) and (3-18b) using multiplicative update
rules. In this framework, the spectrum at time pointt2T (the t -th row of Z ) is modeled as
a linear combination of%spectral templates (columns ofD ). Consequently, a single spectral
template represents the expected spectral energy distribution for each note produced by an
instrument, while the corresponding activation row inA captures the intensity of that note's
playback over time [Benetos et al., 2018].
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Autoencoder-Based Extraction of Piano-Roll Features

Next, the latent auditory feature set is extracted by applying semantic segmentation to
N samples of the piano-roll representation obtained in the previous audio conversion step,
expressed asf Yn 2 Rh� g� c j n 2 N g, whereh stands for height,g is width, and c is the
number of image color channels (for simplicity,C1 is assumed).

A label mask,M n , is generated from the estimated 2D image-like set,Yn , to determine the
class membership of each pixel in then-th image. Each binary matrix mask,M 20; 1h� g,
provides a two-label representation, indicating either the presence (i.e.,1) or absence (0) of
a speci�c note in the piano-roll array. The label set is derived using autoencoder models
enhanced with convolutional layers for semantic segmentation, as described in [Sarker et al.,
2024,Bhurtel et al., 2024]:

M̂ = ( ' L () �� � � � ' l
�
��� l � 1

�
�� � � � ' 1()) f Y g (3-19)

' l : Rh l � 1 � gl � 1 � D l � 1 ! Rh l � gl � D l ; l 2 L

where the function composition for thel-th layer is ' l f�g , and ��� l= ' l
�
��� l � 1

�
: is a single feature

map at layer l that the neural network model produces in the manner outlined below:

��� l =  l (W l ~ ��� l � 1 + bl ) 2 Rh l � gl � D l (3-20)

where W l2R� l � � l � D l � 1 � D l and bl2RD l denote the learnable parameters that de�ne the
nonlinear activation function  l (�). The parameter� l speci�es the dimensions of thel-th
convolutional kernel, whileD l represents the size of the extracted feature set. The symbol~
denotes image-based convolution.

In turn, the following optimizing procedure estimates the parameter set� = f W l ; blg needed
in Equation (3-20) [Zhang et al., 2021a]:

� � = arg min
�

E
�

Lf M n ; M̂ n j� g : 8n 2 N
	

; (3-21)

L : f 0; 1gh� g � [0; 1]h� g ! R

whereL is the selected loss function, andE� is the notation for expectation operator.

Thus, to capture the most salient information at the l-th network layer, the function
composition in Equation (3-19) transforms the input feature map from the preceding layer
(l � 1) into the output feature map ��� l .
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3.2.1 Supervised Extraction of Neural Responses

EEGNet-Based Feature Extraction

We assume that the emotion-prediction training space consists of two sets,X ; � , whereX
contains EEG recordings, each spanningT2 time instants and captured using aC-channel
montage. Speci�cally, X = X r 2RC� T : r 2 R. Note that this procedure is performed
in parallel with supervised auditory feature extraction, but employing the label set� =
��� r 2[0; 1]K that encodes the emotional information withR2 single-trial signals, classi�ed
according to an emotion recognition paradigm with a �xed number of emotional states,K 2.

In this approach, a stack of spatial and temporal layers is employed to build the deep learning
(DL) architecture for motor imagery (MI) classi�cation, which predicts one-hot encoded class
memberships by processing the input EEG data:

�̂�� = M (� L � � � � � � 1) f X g; (3-22)

whereM : RC� T ! [0; 1]K represents the mapping function (i.e., the neural network) applied
to X , which performs a layer feature map withPl 2 elements at thel-th layer.

The same mapping process is de�ned as follows:

~X l = � l

�
~X l � 1 
 W l+ bl

�
; ~X l2RPl (3-23)

where � l : RPl � 1 ! RPl denotes a learning function incorporating a nonlinear activation,
W l2RPl � 1 � Pl : l 2 L represents the set of layer weights,bl2RPl is the bias term, andL2
indicates the network depth. The symbols� and 
 denote function composition and a given
tensor operation, respectively, such as a fully connected product or 1D/2D convolution.

Likewise, the estimation framework described in Equation (3-22) relies on optimizing the
parameter set� = W l ; bl , analogous to the earlier case of auditory feature extraction.
Consequently, the following optimization process is performed across the trial set:

� � = arg min
�

E
n

L(� r ; �̂ r j� ) + 

 (� ) : 8r 2 R
o

; (3-24)

where the loss functionL : 0; 1K � [0; 1]K ! R measures the prediction error, the regularization
function 
 (�) introduces constraints to avoid over�tting, and the trade-o� term 
 2 R+

balances �tting the data against incorporating prior knowledge. Notably, we de�ne~X 0 = X ,
~X L = �̂�� , and employ a speci�c sigmoid function as the nonlinear activation to facilitate

supervised feature extraction.

To enhance the classi�cation of neural responses, the optimization process outlined in
Equation (3-24) is executed within the EEG-Net framework. This framework functions as a
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compact convolutional network, enabling convolutional kernel connectivity between input
and output feature maps.

Therefore, the EEGNet pipeline begins with temporal convolution to construct a set of
frequency �lters, as detailed in [Lawhern et al., 2018]. This is followed by depth-wise
convolution applied to each feature map to learn spectro-spatial �lters. Subsequently, a
separate convolution captures temporal summaries, and a point-wise convolution determines
how to combine the feature maps for class membership prediction.

3.2.2 A�ective-Based Prediction of MIDI Data

At this stage, the extracted auditory featuresf Yng are linked with computed EEG patterns
in a supervised manner using the a�ective label set� . To evaluate the relationship between
the extracted auditory features and the EEG patterns, the outputs of the deep model are
processed through the Centered Kernel Alignment algorithm. However, given the signi�cant
variability in the extracted features�primarily the high variation in predicted emotion
labels�we adapt a convolutional neural network, initially developed for BCI classi�cation
tasks, into a regression framework commonly employed for emotion recognition.

Kernel-Based Alignment Between Supervised Auditory and Neural Features

Using the available a�ective label set,� , we identify closer associative similarities. Speci�-
cally, we apply Centered Kernel Alignment (CKA) to the two extracted feature sets: the
autoencoder-based piano-roll features,eY 2 Y , and the EEGNet-based features,eX 2 X ,
obtained through supervised extraction. These features are extracted in a supervised manner,
utilizing the available a�ective label set, � . To achieve this, the nonlinear relationships
among samples in each space are encoded using corresponding positive-de�nite matrices
(kernels): K eX : X � X and K eY : Y � Y . As detailed in [Álvarez Meza et al., 2023] regarding
the soni�cation of a�ective neural responses, both feature matrices are computed within the
framework of reproducing kernel Hilbert spaces.

As further detailed in [Tobón-Henao et al., 2023], the empirical Centered Kernel Alignment
that is denoted as�̂ CKA (�; �) 2 R[0; 1] measures the similarity between the two random sets
eX and eY. This real-valued alignment is estimated as follows:

�̂ CKA (K eX ; K eY ) =
h �K eX ; �K eY i Fq
k �K eX kF k �K eY kF

;

where the centered kernel matrix is computed as

�K Z = H �K Z H >
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with
H = I �

1
Nh

1Nh 1>
Nh

;

I is the identity matrix, and 1Nh is the all-one vector of sizeNh (where Nh is the cardinality
of tracef H g). Notations k � kF and h�; �i F stand for the Frobenius norm and inner product,
respectively.

k-Neighbors-Based Emotion Label Prediction of MIDI Representations

Given the emotional complexity of music, particularly in intricate examples, and the con-
tinuous nature of emotions, recognition models that provide a more detailed depiction of
subjective experiences are favored over those that reduce a�ective states to a limited set of
categories [Han et al., 2022].

It is important to note that models, due to their high nonlinearity, are inherently black-box
and lack interpretability. To address this, the introduction of the k-nearest neighbors (k-NN)
algorithm as a direct interpretability procedure enables better alignment of the matched
spaces. In this context, we utilize the (k-NN) algorithm to identify potential emotional neural
responses elicited by music clips and predict their closest MIDI representations, leveraging
the simplicity and generalizability of the prediction models involved.

Speci�cally, the latent space extracted by the encoder is compared with the clustered EEGNet
features. Using��� r 2 � as the original labels for arousal and valence, and̂��� as the EEGNet
predictions, the Euclidean distance is calculated as��� � = j��� r � �̂�� j2. This distance is then
processed through a softmax activation function:

softmax(��� � ) =
e��� �

P n
i =1 e��� � i

(3-25)

Afterwards, we de�neXXX code as:

XXX code = softmax(��� dist ) � YYY code (3-26)

whereYYY code is the output of the piano-roll encoder.

It should be noted that the clustering technique described above is applied to each examined
individual.

Autoencoders

Autoencoders (AE) are a commonly used architecture within deep neural networks, primarily
applied to unsupervised learning tasks. Their goal is to learn a compressed representation of
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input data xn by transforming it into a latent space through an encoder-decoder structure.
The encoder consists of multiple layers that perform dimensionality reduction and feature
extraction.

Formally, the autoencoder is composed of two main blocks:

ˆ Encoder: A function ' (�) : RC� T ! Rp that maps the input xn into a latent
representationzn = ' (xn ), whereC is the number of EEG channels andT the number
of time samples. This transformation can be represented as a composition of successive
neural layers, denoted by� 1; � 2; :::; � l , as follows:

' (xn ) = ( � l � � l � 1 � � � � � � 1)(xn ; w� ); (3-27)

wherew� is the set of optimized weights of the network.

ˆ Decoder: A function � (�) : Rp ! RC� T that mirrors the encoder to reconstruct
the input signal, yielding x̂n = � (zn). The decoder aims to invert the compression
performed by the encoder.

To train this neural architecture, a reconstruction-based loss function is minimized by
reducing the discrepancy between the original input and its reconstruction across all trials
n 2 N . The optimization problem is de�ned as:

min
w

En fk xn � x̂nkg; 8n 2 N; (3-28)

whereEn f�g denotes the averaging operator across trials.

3.3 Ensemble-based Weighted Phase Lag Index (wPLI)

Ensemble-based Weighted Phase Locking Index (wPLI) is commonly used to estimate
functional connectivity and quanti�es the asymmetry of phase di�erence distribution between
two speci�c channels due to its nonparametric nature and easy implementation:

v(c; c0) =
jE fF f S(c; c0; n; f )g : 8n 2 N gj
E fjF f S(c; c0; n; f )g : 8n 2 N jg

; v(�; �) 2 [0; 1] (3-29)

where S(c; c0; n; f ) 2 C is the cross-spectral density based on Morlet wavelets andFf�g
stands for the imaginary part of a complex-valued function,Ef�g is the average over all trials
with c 2 C.
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Besides, the following weighted network indexes are extracted from either phase synchroniza-
tion measures:

Strength is a local-scale property that accounts for the number of links connected to each
node, computed as:

� 1(c) = C �E f � (c; c0) : 8c0 2 C; c0 6= cg (3-30)

For evaluation purposes, we use the pipeline of the supervised piecewise network connectivity
analysis, appraising two stages.

3.4 MI and Emotional Databases

The following section provides a detailed description of the databases used in this study,
which were selected based on their relevance to addressing the three fundamental problems
posed in this research. Each dataset was carefully chosen to support the implementation,
validation, and comparison of the proposed predictive, classi�cation, and interpretative
models, in direct alignment with the speci�c objectives of the thesis. These databases include
publicly available EEG recordings acquired in motor imagery and musical emotion contexts,
as well as structured information on functional connectivity patterns, ensuring a robust and
reproducible evaluation of the developed methodologies.

3.4.1 BCI Competition IV Dataset IIa

The dataset used in this study is available in: https://www.bbci.de/competition/iv/. It is
publicly accessible and can be used by the research community. Originally, it was published
by Brunner et al. (2008) and is available for download on the o�cial BCI Competition
platform [Brunner et al., 2008].

This dataset contains EEG signals from 9 subjects performing four motor imagery tasks:
left hand, right hand, both feet, and tongue. Subjects have been assembled according to
the experimental paradigm for MI, as shown in Figure3-2. For each subject, two sessions
were recorded on di�erent days, each consisting of 6 runs with 48 trials per run (12 trials per
task), totaling 288 trials per session. During the trials, an arrow was displayed on the screen
to indicate the motor imagery task (left hand, right hand, feet, or tongue), and subjects
performed the task without feedback. The EEG signals were recorded from 22 channels at a
sampling rate of 250 Hz. For this study, the EEG data from two motor imagery classes (left
hand vs. right hand) were used for classi�cation.

The EEG was recorded using 22 Ag/AgCl electrodes spaced 3.5 cm apart, in a monopolar
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Figure 3-2 : Timeline of the BCI Competition IV Dataset IIa database, of the motor imagery
paradigm evaluated.

setup with the left mastoid as the reference and the right mastoid as the ground, as shown
in Figure 3-3. The signals were sampled at 250 Hz, �ltered with a band-pass between 0.5
Hz and 100 Hz, and a 50 Hz notch �lter was applied to eliminate line noise. The ampli�er
sensitivity was set to 100µV.

Figure 3-3 : Electrode montage corresponding to the international 10-20 system. EEG channel
con�guration: numbering (left) and corresponding labels (right).

The 3-4 illustrates two complementary bioelectrical recording con�gurations. On the left,
the EEG electrode array is shown, distributed according to the international 10�20 system,
which evenly covers the frontal, central, parietal, occipital, and temporal regions to ensure
reliable acquisition of cortical activity. On the right, the montage of three monopolar
electrooculography (EOG) channels is presented, strategically placed around the ocular
region to detect both vertical and horizontal components of eye movement and to minimize
contamination of the brain signals. This combination of con�gurations enables simultaneous
recording of neurophysiological dynamics and ocular artifacts, thus facilitating a more
accurate and robust analysis of the data.
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Figure 3-4 : Left: Electrode montage corresponding to the international 10-20 system. Right:
Electrode montage of the three monopolar EOG channels.

3.4.2 Description of Emotion-Based EEG Data

This evaluated database is publiclyhttps://www.eecs.qmul.ac.uk/mmv/datasets/deap/
(accessed on 1 November 2024) and contains EEG recordings and peripheral physiological
signals collected fromM = 32 participants who viewed40 one-minute music video excerpts.
After watching each excerpt, each subject rated the video according to the four emotion
conditions: arousal, valence, like/dislike, dominance, and familiarity. As described in [Koelstra
et al., 2011], the EEG paradigm is based on stimulus selection through a�ective tag retrieval,
video highlight detection, and an online evaluation tool.

From each subject, the EEG signal at512Hz cut-o� frequency was recorded in a32-channel
montage consisting of the following electrodes: Fp1, AF3, F3, F7, FC5, FC1, C3, T7, CP5,
CP1, P3, P7, PO3, O1, Oz, Pz, Fp2, AF4, Fz, F4, F8, FC6, FC2, Cz, C4, T8, CP6, CP2, P4,
P8, PO4, and O2.

In the preprocessing step, the data were downsampled to128Hz, and artifacts, including
EOG signals, were removed as performed in [Koelstra et al., 2011]. A band-pass �lter was
then applied to retain frequencies in the4� 45 Hz range. Common-reference spatial �ltering
was performed to mitigate volume-conduction e�ects. The �ltered signals were segmented
into 60 s trials, excluding a3-s pre-trial baseline. Finally, the EEG channels were reordered
according to the Geneva Order for easier interpretation.

Auditory Data Description

This dataset includes a collection of music-video clips curated to elicit speci�c mental states
associated with the emotion space [Russell, 1980]. The acquisition protocol began with
a 2-min baseline recording in a relaxed state. During each trial, participants listened to
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a one-minute audio recording. Two sessions, each consisting of20 trials, were conducted,
separated by a break to verify the quality of the acquired data and ensure proper electrode
placement. At the end of each trial, participants rated their emotional levels, categorized as
arousal, valence, liking, and dominance.

For evaluation, each one-minute trial was divided into ten non-overlapping segments of music
and EEG data, each lasting six seconds. To capture more musical information, this interval
was set longer than the four-second duration used in [Ding et al., 2021]. Additionally, nine
audio segments with fade-out endings were excluded, resulting in391valid testing segments
instead of the original400.

Note that each of the 391 validation segments represents a six-second EEG recording aligned
with its corresponding MIDI segment. The dataset was split into an 80% training set and a
20% testing set for cross-validation.

3.4.3 MI BCI EEG Giga Science Database- DBIII MI

MI BCI EEG Giga Science database (DBIII MI) is an ideal choice for our validation as it
has been widely used in the �eld of MI classi�cation and has been shown to provide a robust
benchmark for evaluating the performance of di�erent models [Cho et al., 2017]. However,
for the purpose of our study, we will only consider 50 subjects who met the minimum
requirement of having at least 100 EEG trials recorded.

Figure 3-5 : Positioning of the 44 sensors on the EEG cap, covering the motor cortex used for
data collection in the motor execution experiment. Source: [Cho et al., 2017].
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Protocol Design

This collection, publicly available at 1, and produced by researchers in [Cho et al., 2017],
holds EEG recordings obtained fromM = 52 subjects, including 19 females, performing two
MI tasks (Ny = 2), corresponding to left and right hand movements. Among the participants,
50 were right-handed and 2 were left-handed. Data were gathered in a controlled laboratory
environment with a noise level between 37 and 39 decibels, during one of the following time
slots: T1 (9:30�12:00), T2 (12:30�15:00),T3 (15:30�18:00), orT4 (19:00�21:30). A total of
R = 100 trials per label were recorded for each subject usingC = 64 EEG channels, with
each channel sampled at 512 Hz. Furthermore, EMG and EEG were recorded simultaneously
with the same system and sampling rate to check actual hand movements.

Figure 3-6 : Diagram illustrating the experiment protocol involving motor imagery tasks. The
�gure shows the sequence of prompting, performing, and break periods in a single run.
Source: [Cho et al., 2017].

The experiment involved non-motor related and motor imagery tasks, starting with data
collected under six di�erent types of noise conditions: eye blinking, eye movements, head
movement, chewing, and resting state. Each noise type was recorded twice for �ve seconds,
except for the resting state condition, which was recorded for 60 seconds. Following the
noise data collection, subjects performed MI tasks, which were prompted via a monitor
and conducted as per a protocol explained in Figure3-6. Each trial in this experiment
stage started with a 2-second �xation on a cross displayed on a black screen. This was
followed by a cue indicating a right or left-hand MI task. During the MI task, subjects were
instructed to imagine the sensation of touching each f inger of the designated hand with the
thumb, beginning from the index �nger and proceeding sequentially to the little �nger. This
emphasis on the kinesthetic rather than the visual aspect ensured that the subjects were
indeed imagining the motor task. The MI task continued for 3 seconds, after which a blank
screen signaled a rest period. This recovery interval lasted randomly between 2.1 and 2.8
seconds. This task, break, and recovery cycle was repeated 20 times to form a complete
run. Each subject performed between �ve and six such runs. After each run, a cognitive

1http://gigadb.org/dataset/100295
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questionnaire was given to the subjects as an additional data collection point. Data quality
was ensured by labeling and excluding trials with high voltage magnitude, classi�ed as "bad
trials", from the �nal analysis. Lastly, to maintain the engagement and motivation of the
subjects, they were provided with feedback on the accuracy of their task performance after
each run.

Data Recording

For this experiment, EEG data were collected using 64 active Ag/AgCl electrodes, following
a 64-channel montage based on the international 10-10 system, and recorded at a sampling
rate of 512 Hz, as illustrated in Figure3-7. The Biosemi ActiveTwo system was employed
for EEG acquisition, with motor imagery instructions (left or right hand) presented via the
BCI2000 system version 3.0.2.

EMG was recorded concurrently with EEG to verify actual hand movements, using two
electrodes placed on the �exor digitorum profundus and the extensor digitorum of each arm.
For each participant, EEG electrode locations were recorded with a 3D coordinate digitizer,
and positions were averaged across three measurements to compensate for potential hand
tremors.

Figure 3-7 : Sensor positions in a 10�10 placement electrode system, containing 64 channels.
Besides, it highlights in color the main parts of the brain: Frontal left, Frontal,
Frontal right, Central right, Posterior right, Posterior, Posterior left, Central
left.
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Enhanced Interpretability using Regression Networks for assessing Domain
Dependences in Motor Imagery

4 Predictive Modeling of EEG Brain
Signals for Motor Imagery Classi�ca-
tion in BCI Environments

This chapter presents the hypothesis that it is possible to maintain competitive classi�cation
performance in motor imagery tasks using a reduced electrode con�guration, provided that
a prediction model capable of reconstructing full EEG signals from a limited subset of
channels is integrated. This approach aims to reduce preparation time, hardware cost,
and information loss caused by failures in peripheral sensors. To address this challenge, a
regularized regression scheme based on Elastic Net is implemented, enabling the estimation of
activity across 22 standard EEG channels from only 8 central channels. Unlike conventional
models based on full-channel recordings, this proposal combines signal prediction with spatial
feature extraction techniques (CSP) and supervised classi�cation using SVM, forming an
e�cient and scalable functional pipeline for BCI systems.

The reconstructed data are processed as if they were acquired from a high-density con-
�guration, allowing the system to maintain, and in some cases exceed, the discriminative
performance typically achieved with conventional setups. Evaluation on a standardized
benchmark dataset (BCI Competition IV � IIa) shows an average classi�cation accuracy of
78.16%, with subject-speci�c performance ranging from 62.30% to 95.24%. These results
con�rm that brain signal prediction based on key channels preserves informational integrity
without requiring full scalp coverage.

In summary, the proposed approach directly supports the �rst speci�c objective of this
thesis, which aims to evaluate predictive models that compensate for EEG non-stationarity
in MI tasks. Furthermore, it demonstrates the potential of these strategies to enhance the
real-world applicability of BCI systems by signi�cantly reducing setup complexity without
compromising accuracy or interpretability.
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Environments

4.1 Experimental Set-Up

In this study, we worked with the BCI IIa dataset, which contains EEG signals from 9
subjects performing motor imagery tasks focused on the left hand and the right hand. The
primary objective was to develop a method to improve the classi�cation of these signals using
a prediction and classi�cation approach based on regression and spatial pattern analysis,
following the methodology outlined in Figure4-1.

A multiple linear regression (MLR) model was implemented to estimate EEG signals in
a greater number of channels from a subset of input channels. To improve the coe�cient
of determination r² , an Elastic Net-based regressor was proposed, which yielded enhanced
results compared to the original MLR model. This model was designed to increase the
amount of MI related information available for classi�cation. During the training phase, the
Elastic Net model was built using training data consisting of EEG signals recorded from a
large number of electrodes and a small subset of them. Subsequently, the regression model
predicts EEG signals in all channels using only the data from a reduced subset of channels.
This allows the reconstruction of signals across all channels from a limited set of electrodes.

Once the EEG signals were predicted by the regularization model, the CSP method was
employed to extract the most relevant features related to MI tasks from the complete signals.
The CSP model was adjusted using the signals predicted by the regression model to maximize
the variance between MI classes (left hand and right hand). These extracted features were
then used as input for the classi�er.

For the classi�cation of MI signals, a SVM classi�er was employed. The aim was to
di�erentiate between motor imagery tasks of the left hand and the right hand.

During the training phase, the SVM classi�er was trained using the features extracted by
the CSP model from the complete EEG signals. With this information, the confusion matrix
was generated, resulting in an e�ective classi�cation of MI tasks. The average accuracy,
considering all 9 subjects and the 22 channels, was 78.16%. The proposed regression approach
is summarized in Algorithm 1.

4.1.1 Data setup and preprocessing

At this stage of the experiment, 8 speci�c EEG channels were selected to predict activity
across the 22 available channels in the dataset. The selected channels (C3, C1, Cz, C2, C4,
CP1, CPz, CP2) correspond to areas of the scalp highly related to motor control as shown
in Figure 4-2, being especially relevant in tasks of motor imagery classi�cation.

This selection allows for a reduction in data dimensionality without losing crucial information.
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Algorithm 1 Prediction of EEG signals and motor imagery classi�cation using regularized
regression.
1: procedure PredictMIwithElasticNet (X reduced ; ylabels ; elasticnet_model; csp_�lters ; svm_classi�er )
2: Prediction model training:
3: elasticnet_model.�t (X reduced ; X full )
4: X predicted  elasticnet_model.predict(X reduced )
5: Spatial feature extraction:
6: X csp_features  applyCSP(X predicted ; csp_�lters )
7: Classi�er training and validation:
8: svm_classi�er.�t (X csp_features ; ylabels )
9: ypred  svm_classi�er.predict (X csp_features )

10: Performance evaluation:
11: accuracy computeAccuracy(ylabels ; ypred )
12: �  computeKappa(ylabels ; ypred )
13: Return ypred ; accuracy; �
14: end procedure

Figure 4-1 : Guideline of the proposed framework to improve the classi�cation of these signals
using a Prediction and Classi�cation approach based on Regression and Spatial Pattern
Analysis.

The goal of this stage is to use the information captured by these 8 channels to predict the
complete signals in the 22 channels (Fz, FC3, FC1, FCz, FC2, FC4, C5, C3, C1, Cz, C2,
C4, C6, CP3, CP1, CPz, CP2, CP4, P1, Pz, P2, POz), applying regression techniques and
spatial pattern analysis.

This approach optimizes computational processing and facilitates the interpretation of brain
behavior, while preserving the ability to adequately model the neural dynamics recorded
across all available electrodes. The data processing was conducted through the following
process, generally applicable to multiple subjects within the dataset: EEG data were extracted
from the subjects, and preprocessing techniques were applied to optimize the extraction of
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