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Abstract

The field of brain—computer interfaces (BCIs) is increasingly emerging as a highly
relevant domain of research and experimentation, with growing implications for human
well-being and daily activities. In this context, electroencephalography (EEG), a non-
invasive measure of brain activity, is a crucial tool that enables both the investigation of
neural mechanisms that remain largely unexplored and the development of interventions
across multiple application areas, including motor rehabilitation, emotion regulation,
and mental health.

In recent years, technological development has accelerated markedly, driven in
particular by the rapid growth of artificial intelligence (AI) models and methodologies.
The adoption of machine learning (ML) and deep learning (DL) techniques now enables
the interpretation and decoding of highly complex patterns in EEG signals that are
largely inaccessible through traditional analytical methods. At the same time, Al is
increasingly recognized as a transformative force in healthcare, offering opportunities
to improve diagnosis and clinical management and to develop innovative solutions in
the BCI domain.

This doctoral thesis lies at the intersection of neuroscience and Al and is structured
around two complementary research directions. First, it focuses on the development
and integration of advanced EEG preprocessing techniques designed to operate in both
offline analyses and real-time applications. Second, it investigates state-of-the-art ML
and DL models for decoding and analyzing EEG patterns.

The contributions presented in this thesis include tools and frameworks that bridge
the gap between Al research and its translation into real-world applications. By
incorporating principles of explainable artificial intelligence (XAI), the proposed models
are designed to be transparent and interpretable. Each contribution is presented
in detail in its respective chapter, providing a comprehensive overview of the work

conducted and its implications for artificial intelligence and computational neuroscience.
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Chapter 1
Introduction

Recent advances in the integration of neuroscience and Artificial Intelligence (AI) have
significantly improved the field of Brain Computer Interface (BCI). Electroencephalo-
gram (EEG), even when implemented with lightweight, low-density instrumentation,
now facilitates the decoding of emotional and cognitive states, supports real-time
neurofeedback, and enables interactive and creative systems. This dissertation ad-
dresses these developments by presenting pipelines and prototypes that emphasize
robustness in real-world environments, Explainable Artificial Intelligence (XAI), and
practical usability, validated through rigorous procedures such as Leave One Subject
Out (LOSO) cross-validation and appropriate statistical evaluations.

The research is structured around three primary pillars:

1. emotion recognition from EEG using interpretable ML/Deep Learning (DL)

models;

2. neurofeedback and assistive interaction, including the integration of BCI with

large language models LLM,;

3. brain in the loop approaches for musical generation and the control of virtual

instruments.

1.0.1 Thesis Statement

This dissertation investigates how accessible and explainable artificial intelligence can
improve EEG decoding in BCI, with a particular focus on low-cost and sparse-electrode
devices and on deployment constraints in real-world settings. The core hypothesis is
that robust EEG preprocessing—especially under continuous time—frequency analysis

and streaming conditions—combined with interpretable machine learning and deep



learning models can enable reliable decoding of affective and cognitive states while
supporting transparency, usability, and clinical translation. To this end, the thesis
contributes (i) signal processing and preprocessing pipelines suitable for both offline
and real-time operation, (ii) discriminative and hybrid AI models for EEG based
state recognition, and (iii) explainable Al methodologies that provide feature and
attribution level insights into model decisions. These contributions are validated across
multiple application domains, emotion recognition, motivational state decoding for
neurorehabilitation, and brain-in-the-loop creative systems for music interaction, and
are complemented by additional healthcare-oriented studies that extend the same XAI

driven perspective to other biomedical signals and clinical outcomes.

1.0.2 Structure of the Thesis

The thesis is organized as follows.

Chapter 2 introduces the foundations of EEG, covering neurophysiological princi-
ples, electrode montages, signal quality issues, and core preprocessing challenges. It also
reviews classical active BCI paradigms (motor imagery, P300, SSVEP) and introduces
passive paradigms, with a focus on emotion related neurophysiological markers.

Chapter 3 surveys artificial intelligence methods for BCI, including discriminative,
generative, and hybrid architectures, and frames the role of explainable artificial intel-
ligence in EEG decoding, with emphasis on interpretability, reliability, and evaluation.

Chapter 4 presents the main research line on EEG based emotion recognition. It
introduces the NeuroSense low-cost sparse-electrode dataset, develops interpretable
emotion recognition pipelines based on feature engineering and model attributions,
discusses deep learning approaches for affect decoding, and concludes with ARIEL,
a framework that integrates BCI emotion inference with large language models for
emotional support conversation.

Chapter 5 focuses on EEG for motivation and neurorehabilitation. It reports
experimental results on motivational state classification from perception and imagery
protocols and presents a framework that combines mental state recognition and machine
learning to support neurorehabilitation scenarios.

Chapter 6 explores BCI for neuro musical interfaces, presenting brain-in-the-loop
systems for generative and affective music, including NeuralPMG, neural musical
instruments driven by BCI and biofeedback, EmoSynth for emotion-driven sound
texture synthesis, and a creative framework combining BCI, cellular automata, and
biofeedback.



Chapter 7 collects additional research contributions in healthcare-oriented machine
learning, including XAI supported mortality prediction in MAFLD (MORIX), Pareto-
optimal model selection for mild cognitive impairment prediction, explainable ECG
based classification for early heart failure detection, and time-to-event interpretable
learning for multiple sclerosis worsening prediction.

Chapter 8 concludes the dissertation by synthesizing findings across affective
and cognitive EEG decoding, low-cost acquisition, explainable Al, and application-
driven BCI design, outlining limitations and future research directions such as adaptive

personalization, hybrid interpretable/deep models, and valid dataset studies.






Chapter 2

Foundations of

Electroencephalography

2.1 Background

This chapter establishes the neurophysiological and methodological foundations for
interpreting and applying the electroencephalogram EEG in clinical and BCI settings.
We start with the biophysical origins of the EEG signal, then introduce electrode posi-
tioning under the international 10-20 system and the principal clinical montages, which
highlight longitudinal bipolar, referential, and transverse configurations, emphasizing
their consequences for source sensitivity and Signal to Noise Ratio (SNR). Then,
physiological rhythms, their reactivity, common variants of the regular record, and
practical guidelines for preprocessing and artifact mitigation are analysed. Finally, we
connect these neurophysiological principles to decoding methodologies, including spec-
tral and connectivity features, visual reading metrics, AI models for BCI, performance
evaluation, realtime constraints, and elements of XAI that promote scientific validity,

transparency, and responsible use.

2.1.1 Biophysical Basis, Electrode Montages

The EEG represents the macroscopic summation of transmembrane postsynaptic cur-
rents generated by large, partially synchronized populations of cortical pyramidal
neurons whose apical dendrites are oriented approximately perpendicular to the corti-
cal surface. As illustrated in Fig. 2.1, individual synaptic events produce excitatory
postsynaptic potentials (EPSPs) and inhibitory postsynaptic potentials (IPSPs), which

summate across dendritic and somatic compartments. The resulting membrane poten-



tial is then compared with a threshold at the axon initial segment (hillock). When this
threshold is exceeded, an action potential is triggered. Importantly, however, this spike
does not directly contribute to the EEG recorded at the scalp, which predominantly
reflects postsynaptic currents and their associated return. [41, 286]. The degree of phase
alignment of EPSPs across adjacent cortical columns determines the resulting field
configuration. When excitatory inputs are phase aligned, an open field configuration
emerges, which can be approximated by an equivalent current dipole oriented along
the apical dendrites. Conversely, when local return currents and heterogeneous source
orientations cancel each other out, a closed field configuration arises, resulting in mini-
mal expression on the scalp. Radially oriented dipoles produce focal scalp potentials
centred below the corresponding electrodes, whereas tangential sources produce more
widespread lateralised scalp topographies. Due to the layered and inhomogeneous
nature of the cortex, cerebrospinal fluid, skull and scalp, the head acts as a strong
spatial low-pass filter, attenuating signal amplitudes and smearing spatial patterns,
substantially reducing activity originating from deep or highly focal sources [243, 286].

From a mathematical perspective, the EEG signal can be described as an overlap

of sinusoidal components, expressed as

N
EEG(t) = > Aisin(2nfit +¢;),
i=1
where A;, fi, and ¢; represent the amplitude, frequency, and phase of the i-th oscillatory

component, respectively.

2.1.2 Electrode positioning and standard montages

Electrodes are positioned according to the international 10-20/10-10 system, which
ensures standardized coverage of the frontal, central, parietal, temporal, and occipital
regions, with midline sites at Fpz, Fz, Cz, Pz, and Oz. Diagnostic interpretation
depends not only on electrode location but also on the type of montage, that is, the
referencing scheme applied to the channels. The most common clinical montages are:
(i) referential (for example, linked ears A1/A2 or a mastoid or midline reference),
(ii) longitudinal bipolar, and (iii) transverse bipolar. Montage selection influences
sensitivity to radial versus tangential generators, the accuracy of spatial localization,
and the SNR. It also substantially shapes the visual appearance of physiological
and paraphysiological patterns [17, 286]. Figure 2.3 shows three different montages.

Rereferencing to a common average approximates a reference at infinity and often
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Fig. 2.1 Synaptic integration and the analog digital transition. Excitatory (4) and inhibitory
(—) presynaptic inputs generate EPSPs and IPSPs that sum over dendrites and soma. In-
tegration at the axon initial segment implements a threshold nonlinearity: if exceeded, a
digital action potential is generated.

improves SNR by reducing reference site bias [336]. Spatial second derivative estimates
surface Laplacian, enhance local contrast, and attenuate broadly distributed volume
conducted activity, which is advantageous for focal generators (y—rhythm over C3/C4
in motor imagery) [134, 159, 286]. In low density BCI recordings, montage choice
(referential vs. bipolar vs. Laplacian) strongly affects robustness and generalization

across sessions and subjects [17, 202].

2.1.3 Physiological EEG

Visual interpretation of the EEG takes into account multiple factors, including age,
state of alertness, dominant rhythm and its topography, reactivity, symmetry and
synchrony, continuity, frequency, amplitude, and waveform morphology. The posterior
dominant rhythm (alpha, 7-14 Hz) is typically maximal over occipital parietal regions

during relaxed wakefulness with eyes closed. It attenuates or blocks with eye opening,
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Fig. 2.2 From cortical dipoles to scalp potentials. (Left) Multiple synchronised cortical
patches (conceptually equivalent to dipoles) project through layered tissues to scalp elec-
trodes; (bottom) tissue stratification (cortex, cerebrospinal fluid, skull, scalp) imposes strong
attenuation and spatial blurring; (right) Schematic distributions of EPSP/IPSP along apical
dendrites producing net dipoles in the open field. [243]

attention, or mental effort (alpha blocking). Marked amplitude asymmetry (greater
than 50%) may be clinically relevant, and diffuse slowing of the Posterior Dominant
Rhythm (PDR) represents an early sign of global encephalopathy [41]. An overview of
the principal physiological rhythms is provided in Table 2.1.

Fronto central beta activity (13 —30 Hz) is usually of low amplitude (less than
201V) and is often enhanced by sedative, hypnotic or anxiolytic agents, as well as by
skull defects. The central u rhythm (8 —12 H z) reflects activity of sensorimotor circuits
and undergoes event related desynchronization during contralateral movement, motor
intention, or somatosensory input [41]. Theta activity (4—7 Hz) is often seen over
fronto central regions and can increase with drowsiness, cognitive load, or emotional
processing. Delta activity (0.5 —4 Hz) predominates in deep sleep and may appear

focally or diffusely in pathological conditions when present during wakefulness [41].

2.2 Preprocessing and Signal Quality

2.2.1 Artifacts Correction

Scalp EEG is susceptible to ocular, muscular, cardiac, motion, and environmental

artifacts. Standard preprocessing pipeline recommends bandpass filtering, typically



(a) Longitudinal bipolar (b) Referential to A1/A2 (c¢) Transverse bipolar

Fig. 2.3 International 10-20 system and three standard clinical montages emphasizing different
source projections. Panels (a)—(c) correspond to the sketches commonly reported in the
clinical EEG atlas. [17, 41]

Table 2.1 Physiological rhythms

Rhythm Frequency (Hz) Topography

Gamma > 30 Fronto central; cognitive load

Beta 13-30 Fronto central; low amplitude

1 8-12 Central (C3/C4); ERD/ERS

Alpha 7-14 Posterior; blocks with eye opening
Theta 4-7 Fronto entral; cognitive load

Delta 0.5-4 Posterior; attenuates with eye opening

0.5—40 Hz and 50/60 Hz notch filtering [16, 18]. Rereferencing (standard average
reference, CAR) and dedicated artifact handling methods such as Independent Compo-
nent Analysis (ICA) and Signal space projection (SSP) are adopted to separate neural
from non neural activity [85, 319]. For online applications, robust realtime techniques
like Artifact sub space reconstruction (ASR) are efficient in suppressing transient, high
variance contamination while preserving brain activity [234]. In preprocessing pipelines,
it is essential to consider the order in which the individual noise reduction steps are
applied. Sometimes it is advisable to first reduce ocular artefacts with ICA and then
Rereference to the average.

Figure 2.4 presents the raw example EEG acquired from frontal and temporal
parietal electrodes (AF3, AF4, TP9, TP10). Artifacts, including slow drifts, ocular
activity, and high-amplitude fluctuations, contaminate signals. These distortions limit
the quality of the signal and, if not corrected, compromise the reliability of subsequent
feature extraction and classification steps in BCI applications.

In contrast, Figure 2.5 illustrates the same EEG channels after the complete
preprocessing pipeline has been applied. Following notch filtering, bandpass filtering,
and ASR, the resulting signal shows improved stability and clarity.



This comparison underscores the critical role of preprocessing in EEG based systems.
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Fig. 2.4 Raw EEG from electrodes AF3, TP9, TP10, and AF4. The signal is affected by
ocular, muscle, and slow drift artifacts.
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Fig. 2.5 Preprocessed EEG signals from the same electrodes after the full preprocessing
pipeline. Noise and artifacts are significantly reduced.



2.2.2 Challenges in BCI Signal Preprocessing

In the clinical domain, EEG preprocessing pipelines typically follow well established
standards, as recordings are usually acquired with medical grade devices equipped
with approximately 32 or more electrodes. The reference tasks in this context are
predominantly focused on the detection and diagnosis of neurological disorders, such
as epilepsy or brain cancers, where high density electrode configurations provide
spatial resolution sufficient to support robust artifact rejection and source separation
techniques [3, 237].

In contrast, BCI applications pose a different set of challenges. The target tasks are
not limited to pathological detection, but rather include the decoding of emotional states,
the control of external devices such as wheelchairs or robotic arms, the classification
of mental states, age prediction, or even the translation of imagined speech into text
[131, 203, 326]. BCI systems are designed to be portable and easy to use, and are often
based on low density EEG configurations, sometimes only 1-8 electrodes, located in
specific regions of interest. This constraint significantly complicates preprocessing,
as the reduced number of channels limits the applicability of advanced noise removal
strategies such as ICA or SSP, which rely on multi channel data to isolate artifacts
(86, 148].

In scenarios with only 4 channels, alternative solutions must be adopted. These
typically include adaptive bandpass filtering, wavelet denoising, or localized artifact
correction techniques, which aim to suppress noise without removing discriminative
information required by machine learning classifiers [318]. Furthermore, epoch averaging
represents another critical preprocessing step. In traditional paradigms, reliable
averaging often requires a minimum of 30 epochs to effectively reduce artifacts and
enhance the signal to noise ratio. However, this requirement severely limits realtime
performance. In the BCI domain, machine learning approaches aim to reduce the
number of required epochs to a maximum of 10, and in many cases as few as 5 epochs
of approximately two seconds each, thereby balancing artifact reduction with system
responsiveness [131, 203].

Finally, recent advances in deep learning have introduced new approaches to EEG
denoising and artifact rejection. Variational Autoencoder (VAE) and other generative
models have been successfully employed to reconstruct corrupted EEG segments,
reducing noise while preserving task relevant signal dynamics [173, 334]. Such methods
are becoming increasingly popular for low density BCI systems, where traditional
artifact removal strategies are infeasible. They may play a pivotal role in enabling

robust, realtime brain signal decoding.



2.3 EEG Feature Extraction

2.3.1 Univariate and Multivariate EEG Descriptors

The characterization of EEG signals typically relies on a heterogeneous set of features
designed to capture both channel-specific properties and inter-channel relationships.
As summarized in Table 2.2, these descriptors include statistical and amplitude mea-
sures (mean, variance, skewness, kurtosis), power and energy indices (RMS, band
energy, log-bandpower), and time—frequency metrics derived from STFT or wavelet
transforms (wavelet bandpower, wavelet packet energies, Hilbert-envelope power).
Complementary feature families comprise complexity and entropy measures (Approx-
imate/Sample/Permutation/Spectral Entropy, Lempel-Ziv complexity), fractal and
temporal parameters (Hurst exponent, Higuchi/Katz fractal dimensions, detrended
fluctuation analysis, zero crossings), and frequency-domain descriptors (PSD-based
features, spectral slope/1/ f exponent, spectral edge and peak frequency, Hjorth param-
eters). In more advanced application settings, the table also highlights covariance and
spatial filtering approaches (CSP and its variants), as well as geometric representations
within the Riemannian framework (covariance matrices on SPD manifolds, tangent-
space mapping, distance-based descriptors, and MDM). Beyond univariate measures,
bivariate and connectivity-related features are crucial for quantifying functional in-
teractions (cross-correlation, coherence, PLV /PLI, mutual information, connectivity
matrices, and graph-theoretic metrics), together with cross-frequency coupling mea-
sures (PAC, AAC, PPC) and nonlinear dynamical indicators (Lyapunov exponent,
correlation dimension, and recurrence quantification analysis). Overall, this taxonomy
underscores the multilevel nature of EEG signal description, enabling robust analy-
ses for classification tasks, pattern recognition, and comparisons across experimental

conditions.

2.4 Brain Computer Interface Active Paradigms

In the domain of BCI, three principal paradigms have been established for eliciting and
characterizing neural responses. The following subsections provide a concise overview

of each paradigm.



2.4.1 Motor Imagery Paradigms

In Motor Imagery (MI) based BCI, the user engages in the imagination of a voluntary
movement [233], which activates cortical regions responsible for the execution of
actual movements [260]. The most widely employed motor imagery paradigm relies
on sensorimotor rhythms [341]. Here, the imagined movement is defined as the
kinesthetic imagination of body parts, such as hands, feet, or tongue, which induces
specific modulations in brain activity. These modulations occur predominantly in
the upper alpha (10-13 Hz) and beta (13-30 Hz) frequency bands and are reflected
as Event Related Desynchronization (ERD)-Event Related Synchronization (ERS).
They are most prominent at electrodes C3 and C4, located approximately above the
sensorimotor cortex [258]. MI based BCI, have demonstrated practical utility, for

example in controlling prosthetic limbs [13], or in neurorehabilitation contexts [259].

2.4.2 P300 Based Paradigms

In addition to internally induced changes in brain activity, external visual stimuli are
also frequently employed inattention positive event related potential (P300) and Steady
State Visually Evoked Potentials (SSVEP) based paradigms [116]. P300 paradigm
remains the most widely adopted EEG driven paradigm [2], originating from the
pioneering work of Farwell and Donchin (1988), who introduced the P300 speller [107].
This paradigm exploits the P300 response, an attention dependent positive deflection
that occurs between 250 and 500 ms after stimulus onset [263, 307]. The P300 typically
peaks in the midline electrodes (Fz, Cz, Pz), increasing from the frontal to the parietal
regions.

The most commonly used paradigm is the oddball paradigm, in which infrequent
oddball stimuli are inserted into a sequence of frequent standard stimuli [107]. When
the participant pays attention to the anomalous stimulus, a strong response is elicited.

Applications include P300 communication systems [65, 238]

2.4.3 SSVEP Based Paradigms

In visual SSVEP based BCI, the user attends to a blinking or flickering stimulus
presented at a fixed frequency. This elicits a periodic brain response at the same
frequency, often accompanied by its harmonics, primarily over parietal and occipital
electrode sites [322]. The phenomenon was first described by Adrian and Matthews in
1934 [4, 5]. Reviews such as [242] have further characterized the SSVEP as a robust and

reliable neural marker. When multiple flickering stimuli are simultaneously presented,



each at a distinct frequency, the corresponding SSVEP responses can be mapped to
specific commands. This principle enables users to control external devices such as
prostheses [235] or operate SSVEP spellers [338].

2.5 Brain Computer Interface Passive Paradigm

Passive BCI systems have emerged as a complementary branch of BCI research, shifting
the focus from intentional command generation to the implicit monitoring of the user’s
psychophysiological state. Rather than requiring explicit control, these paradigms
continuously decode indicators of cognitive, affective, or perceptual processes from on-
going neural activity, to enable context-aware and adaptive human-machine interaction.
Within this framework, emotion recognition is among the most extensively investigated
applications, as affective states are tightly coupled to measurable neurophysiological
modulations and provide actionable information for personalization, safety, and usabil-
ity in interactive systems. A crucial methodological aspect in passive paradigms is the
continuous time-frequency analysis of EEG activity, which aims to track non-stationary
neural dynamics over time and across spectral bands. This requirement necessitates a

robust, non-standard EEG preprocessing pipeline.

2.5.1 Emotion Recognition

Beyond active paradigms that rely on deliberate user intent, passive BCI paradigms
aim to infer latent cognitive or affective states without requiring explicit user control.
Within this category, Emotion recognition has attracted substantial interest, as affective
processes modulate both cortical and autonomic activity and can be monitored to
enable adaptive human—machine interaction. In EEG based emotion recognition, affect
is commonly represented either in terms of discrete classes (happiness, fear, sadness) or
along continuous dimensions such as valence and arousal, as formalized in the circumplex
model of affect [279]. Experimental protocols typically elicit emotional responses using
standardized stimuli, including images [178], music or audiovisual clips, and, more
recently, immersive virtual reality scenarios, with self-assessment measures such as the
Self Assessment Manikin (SAM) frequently used as ground—truth annotations [39]. From
a neurophysiological perspective, emotion-related modulations are often investigated
through spectral power and asymmetry indices, particularly in the alpha band, where
frontal alpha asymmetry has been associated with approach withdrawal tendencies,

as well as through band—specific changes in theta and beta activity and connectivity



measures across fronto-limbic networks [11, 81]. Methodologically, emotion recognition
pipelines typically integrate artifact preprocessing and feature extraction with statistical
learning or deep architectures, enabling the decoding of affective states from short
temporal windows and supporting real time affect—aware applications. Practical use
cases include adaptive interfaces, mental health monitoring, workload, stress regulation,
and personalized neurofeedback, where emotion—aware systems can optimize interaction
strategies by continuously estimating the user’s affective state from ongoing EEG
activity [170].



Table 2.2 Summary of commonly used EEG features

Category

Features

Statistical

Mean, Variance, Standard deviation, Skewness, Kur-
tosis, Peak-to-peak amplitude, Median, Interquartile
range

Signal Power /Energy

Root Mean Square (RMS), Signal energy, Band energy,
Log-bandpower, Wavelet coefficient energy

Time—frequency

Short-Time Fourier Transform (STFT) power,
Wavelet bandpower, Wavelet packet energies, Hilbert
envelope power

Entropy /Complexity Approximate Entropy, Sample Entropy, Permutation
Entropy, SVD Entropy, Spectral Entropy, Lempel-Ziv
complexity

Fractal /Temporal Hurst exponent, Higuchi and Katz fractal dimensions,

Detrended fluctuation analysis, Zero crossings

Frequency domain

Band-specific power, Relative power, Power spectral
density (PSD) features, Spectral slope / 1/f expo-
nent, Spectral edge frequency, Peak frequency, Hjorth
parameters (activity, mobility, complexity)

Spatial filtering / covariance-based

Common Spatial Patterns (CSP), Filter Bank CSP
(FBCSP), Regularized CSP

Riemannian / geometric

Covariance matrices on SPD manifolds, Riemannian
distance to class means, Tangent space mapping coef-

ficients, Log-FEuclidean features, Minimum Distance
to Mean (MDM) features

Bivariate (inter-channel)

Cross-correlation, Coherence (magnitude-squared),
Phase Locking Value (PLV), Phase Lag Index (PLI) /
weighted PLI, Mutual information, Nonlinear interde-
pendence, Time-domain correlation

Connectivity / network-based

Functional connectivity matrices, Graph metrics (de-
gree, clustering coefficient, characteristic path length,
efficiency), Synchronizability indices

Cross-frequency coupling

Phase-amplitude coupling (PAC), Amplitude-
amplitude coupling (AAC), Phase—phase coupling
(PPC)

Nonlinear dynamics

Lyapunov exponent, Correlation dimension, Recur-
rence quantification analysis




Chapter 3

Artificial Intelligence for Brain

Computer Interfaces

AT models decode brain activity via EEG to infer latent states and control external
systems in real time. The central goal is to learn reliable mappings from neural signals
to outputs, such as emotion labels, continuous affective values, or device commands.
Core paradigms are ML, DL, and, when relevant, Natural Language Processing (NLP)

for multimodal setups.

o Machine Learning: Algorithms learn from labeled or unlabeled EEG to classify
emotions, mental states, or intentions, while adapting to inter- and intra-subject

variability.

e« Deep Learning: CNNs, RNNs, and Transformers learn temporal spectral

features from raw or lightly preprocessed EEG, enabling end to end decoding.

o NLP: Natural language models integrate with neuro adaptive agents or condition

generative systems (text to music) using brain derived affect and cognition.

AT driven decisions. Streaming EEG is preprocessed, features are extracted and
the model outputs decisions with low latency for tasks such as emotion decoding,
workload tracking, or sound synthesis control. These systems must be fast, stable, and

robust. We write the online system as

Real time BCI:  R(t) = f(EEG(t);6), (3.1)



where R(t) is the output at time ¢ (class probability, continuous arousal/valence value,
or a control parameter for sound). The function f must be implemented to be efficient

and resilient to noise.

Benefits

o Speed: Low latency processing enables responsive closed loops (neurofeedback,

real time music).

o Accuracy/robustness: Learned features capture subtle temporal spectral

patterns under noise and non-stationarity.

o Adaptivity: Online learning, light calibration, and domain adaptation improve

transfer across sessions and users.

o Interpretability: XAI exposes band channel contributions for insight and
debugging.

Challenges

« Non stationarity: EEG distributions shift across time and users.

o Data limits: Available datasets are small, noisy, and imbalanced.

« Latency: Realtime deployment on wearable devices requires efficiency.

o Artifacts: Eye, muscle, and motion noise are common outside controlled labs.

o Ethics/UX: Privacy, consent, and agency demand transparent, explainable

design.

Problem Statement We consider BCI decoding as a supervised mapping from brain
signals to activity outputs. We denote EEG features (time frequency values, spatial
filter outputs, or compact embeddings learned from a network) by X and desired
outputs (such as emotional labels, continuous arousal/valence) by Y. The decoding

process consists of learning a function

f: X—>Y (3.2)

parameterized by 6. This function f is meant to approximate an unknown ground

truth mapping f* that links brain signals to their corresponding outputs.



To estimate the parameters 6, we optimize them on a training dataset of paired
examples {(z;,7;)}~.;. The optimization objective is to minimize the average prediction

error, as measured by a suitable loss function:

min NZL(f(xiQQ)vyi) (3.3)

Once training is complete, the model can be applied to a new EEG data. Given a

new input feature vector x, the trained model outputs a prediction §:

g = f(x;0). (3.4)

This predicted output ¢y represents the system’s estimate of the user’s mental or

emotional state, which can be used to guide applications downstream in a BCI system.

Evaluation Metrics We assess models with standard measures for classification

and regression.

Classification. Let TP, TN, FP, and I'N denote the entries of the confusion
matrix, where T'P (true positives) is the number of positive samples correctly classified
as positive, TN (true negatives) is the number of negative samples correctly classified
as negative, F'P (false positives) is the number of negative samples incorrectly classified
as positive, and F'N (false negatives) is the number of positive samples incorrectly
classified as negative.

Accuracy is the fraction of correct predictions:

TP+TN
TP+TN+FP+FN'

Accuracy =

Recall measures how many true positives are recovered:

TP
Recall = m, (36)

while Precision measures the fraction of predicted positives that are correct:

TP
Precision = —————. .
recision = s (3.7)



The F1 score balances Precision and Recall:

Precision - Recall

F1=2 (3.8)

" Precision + Recall”

Finally, the Area Under the ROC Curve (AUC) summarizes ranking performance
across thresholds. Given a scoring function f(-), and letting X and X~ denote
the sets of positive and negative samples, respectively, AUC can be expressed as the
probability that a randomly chosen positive sample is assigned a higher score than a

randomly chosen negative sample:

Se-ex- Sarex+ 1(f(27) < f(a7)) |

AUC =
[ XX

(3.9)

Regression. When the target is continuous, we evaluate prediction errors between
the ground-truth values y; and the corresponding model predictions g;, for i =1,....n,

where n denotes the number of samples. Moreover, iy = %Z;‘Ll y; is the sample mean of

2
adj’

of predictors (or, more generally, the number of fitted degrees of freedom, excluding

the targets, and in the adjusted coefficient of determination RZ;., k denotes the number

the intercept). The metrics used are:

1Z N2
MSE = HZ(yi—yi) : (3.10)
i=1
RMSE = lfj( — A‘)Q (3.11)
= n & Yi—Yi) , .
1 n
MAE = — > |vi =i, (3.12)
i=1
2
Zﬂ: ..
R=1-— 10 yZ)Q, (3.13)
Z?:l(yi—g)
2 2 n—1
n PR A.
MAPE — 120y~ | =i (3.15)
n i=1 Yi

3.1 Deep Learning Models for BCI

This section introduces the deep learning models most frequently employed in BCI

research. Deep learning is a family of ML methods that organize non linear transforma-



Class Input Output Core Function Training

Discriminative  Data Label Feature learning + classification Supervised
Representation Data Latent representation Unsupervised feature learning Unsupervised
Generative Data (+ label) New samples / reconstructions Data modeling & augmentation (Mostly) unsup.
Hybrid Data Label / reconstruction Combined objectives Mixed

Table 3.1 Taxonomy of deep learning models commonly used in BCIL.

tions into multiple layers, enabling hierarchical feature learning and decision making
[180]. In contrast to shallow neural networks, deep neural networks comprise an input
layer, two or more hidden layers, and an output layer, which allows the extraction of
progressively more abstract features relevant to brain signal decoding.

Because BCI research often involves collaborators outside computer science (biomed-
ical engineering and neuroscience), we emphasize core concepts, architectural choices,

and training procedures alongside typical use cases.

3.1.1 Taxonomy of Deep Models in BCI

Deep learning approaches in BCI can be organized by their primary objective:

e Discriminative models learn a mapping from inputs to labels and are used
for classification (imagined speech categories, motor imagery classes). They
simultaneously perform representation learning and decision making. Canon-
ical examples include the Multilayer Perceptron (MLP), recurrent neural net-
works Recurrent Neural Networks (RNN) [62, 135], and convolutional neural
networks Convolutional Neural Network (CNN) [181].

o Unsupervised models learn compact and informative encodings of unlabelled
inputs. Typical models include Autoencoder (AE), VAE and restricted Boltzmann
machines (RBMs).[27, 132, 133].

» Generative models learn the joint structure of inputs to synthesize new samples
or reconstruct signals; in BCI they are commonly used for data augmentation and

reconstruction. Examples are VAE [165] and Generative Adversarial Network

(GAN) [120].

« Hybrid models combine two or more of the above (AE—CNN, CNN+RNN,
VAE—CNN), typically using representation or generative modules to bolster the

data efficiency and robustness of discriminative classifiers.



3.1.2 Discriminative Models

Let (x,y) denote an input label pair, with x € RY and y€{0,1}™ (one hot). Discrimina-
tive models learn fy: x +— ¥ by minimizing a loss such as cross-entropy using stochastic
gradient methods (e.g., SGD with momentum, Adam [164]) with regularization (dropout
[303], weight decay, normalization [145]).

Multi Layer Perceptron The MLP is a fully connected feed forward network
with two or more hidden layers. Layer activations h) = ¢(W"nh(=1 £ b)) use non
linearities (e.g., ReLU, tanh) to approximate complex decision boundaries. MLP serve
as baselines for tabular or compact feature inputs (bandpower, Riemannian features)

and as classifier heads atop learned representations.

Recurrent Neural Networks RNNcapture temporal dependencies in sequential
neural data. Long Short Term Memory (LSTM) cells maintain an internal state
regulated by input, forget, and output gates, enabling long range memory and
mitigating vanishing gradients [135]. Gated Recurrent Unit (GRU) cells streamline
this with update and reset gates, often training faster with comparable accuracy
on shorter sequences [62]. In BCI, RNN are well suited to raw or minimally pro-
cessed EEG/Magnetoencephalography (MEG) time series and sequence to sequence

tasks (continuous imagine speech decoding).

Convolutional Neural Networks CNN excel at learning spatially structured fea-
tures and local invariances [181]. In BCI, they are adapted to (i) sensor space EEG
(channelsxtime as a 2D image), often with temporal convolutions first (to learn
band limited filters) followed, by spatial convolutions (to learn sensor topography
patterns); and (ii) source space or imaging data ( Functional Near-Infrared Spec-
troscopy (fNIRS), functional magnetic resonance imaging (fMRI)). Pooling layers
reduce resolution and parameters; Global pooling or fully connected layers translate

feature maps into class probabilities.

3.1.3 Unsupervised Models

These models learn latent codes z that summarize the salient structure of x, improving

downstream classification and robustness.

Autoencoders An¢ AE comprises an encoder z = g4(x) and decoder x = hy(z),

trained to minimize a reconstruction loss £(x,%X). Variants (denoising, sparse, contrac-



tive) promote noise robustness and compactness valuable for artifact EEG. Deep/s-
tacked AE adds depth to the encoder and decoder, yielding more expressive represen-

tations.

Restricted Boltzmann Machines and Deep Belief Networks An RBM is
a bipartite stochastic network (visible-hidden) that models data distributions and
supports feature extraction via contrastive divergence [133]. DBNs stack AEs or RBMs
with greedy layer wise pretraining, passing hidden representations upward to learn

progressively abstract codes [27, 132].

3.1.4 Generative Models

Variational Autoencoder The VAE constrains the latent space to follow a chosen
prior, enabling continuous sampling and interpolation; training optimizes a sum of
reconstruction loss and a KL divergence term between the approximate posterior and
the prior [165]. In BCI, VAE support data augmentation, denoising, and domain

adaptation.

Generative Adversarial Networks GAN uses a generator and a discriminator
to synthesise realistic signals. Conditional variants allow for class conditional EEG

generation, enriching small training sets and improving generalisation. [120].

3.1.5 Hybrid Architectures

Hybrid systems integrate complementary inductive biases: (i) CNN4+RNN chains
temporal and spatial modeling for sequence labeling; (ii) AE—CNN/MLP uses un-
supervised pretraining to initialize robust features before supervised classification;
(iii) VAE/GAN—Classifier augments training data to mitigate overfitting and class

imbalance.

3.1.6 EEG Foundation Models

Recent advances in self-supervised learning have fostered the emergence of EEG
foundation models EEG-FMs, general-purpose encoders pre-trained on large-scale,
heterogeneous, and predominantly unlabeled EEG corpora, with the goal of learning
transferable representations that can be adapted to a broad range of tasks. A recent
survey of first-generation EEG-FMs highlights both their rapid methodological con-

vergence and the persistent gaps that currently hinder fair comparison and real-world



readiness [177]. In particular, many EEG-FMs share a common pretraining workflow
in which multichannel recordings X € R7*¢ are segmented into temporal patches to
reduce computational cost and facilitate long-range modeling, then mapped to latent
embeddings via learnable projections and combined with time—frequency—position
encodings. The resulting representations are typically processed by Transformer-style
temporal encoders (capturing long-term dependencies) and spatial /channel encoders
(capturing inter-channel dynamics) [177].

Across models, pretraining is most frequently implemented through masked self-
supervision, but with notable variability in the reconstruction targets and objectives.
This diversity, while reflecting active exploration, complicates direct performance
attribution and motivates more systematic ablation of design choices, such as encoding
strategies [177].

From a data-handling perspective, that most EEG-FMs apply relatively minimal
preprocessing—typically filtering and resampling to standardize heterogeneous sources—
while more aggressive artifact suppression, harmonization across acquisition sites,
and even the reporting of normalization strategies are often inconsistent or absent,
leaving open questions about the impact of offline handling on both pretraining and
downstream performance [177]. In parallel, the lack of explicit interpretability and
trustworthy modeling remains a key limitation for clinical adoption [177].

In addition to these general design principles, representative EEKG-FM instantiations
include BIOT, which adopts a biosignal Transformer to enable cross-dataset learning
under heterogeneous channel configurations and missing electrodes [333]; LaBraM,
which introduces a neural tokenizer and masked modeling over channel patches to pre-
train a Transformer backbone on large multi-dataset EEG corpora [151]; and BrainGPT
(EEGPT), which explores autoregressive pre-training via next-signal prediction and
integrates electrode-aware modeling to better accommodate varying montages and high-
density recordings [343]. These examples illustrate how current architectures typically
revolve around Transformer-style encoders, while differing in tokenization strategies
(continuous patches vs. learned discrete tokens), attention factorization across time

and channels, and the specific self-supervised objective used during pre-training [177].

Practical Considerations. The choice of loss function, optimiser [164], regularisa-
tion, batch normalisation [145] substantially affects performance, as do data strategies
(artefact rejection, subject splitting, cross session adaptation). Implementation, subject
independence, and calibration efficiency remain central challenges; representation and

generative modules often help bridge distribution shifts across sessions and users.



Explainability is essential for scientific validity, ethics, and user trust in BCI
98, 200]. It clarifies how EEG is transformed into outputs, allows comparison with
known physiology, and supports informed consent in affective and creative applications.
Explainable models highlight the channels, frequency bands, and time windows that
drive decisions. They justify changes in control in interactive systems and support co-
design with artists, clinicians, and end users. Greater transparency improves acceptance

and helps systems adapt safely in closed loops [8].

3.1.7 Explainable BCI Decision Systems

Design choices for explainability include maps over time frequency representations,
scores over spatial filters, and simple text or visual summaries for sequence models.
These elements create an auditable trail for decisions and guide better stimulus and
interface design. We also seek to understand why a model makes a decision. Frameworks
such as Lime and Shap are beneficial in this regard.

LIME [272] explains a single prediction by fitting a simple local model ¢ around

the input = so that it mimics the complex model f near that point:

E(z) ~ f(x;0). (3.16)

The weights of £ indicate which features (for example, specific channels or frequency
bands) were most influential.
Global feature importance estimates how much a feature helps overall. A simple

method is permutation importance:

Importance(j) = EI‘I‘OI“aH features — Errorwithout feature 7> (317)

which compares model error with and without feature j.

SHAP [207] Shapley Additive Explanations, a post-hoc technique based on coop-
erative game theory. SHAP values quantify each feature’s contribution to a model’s
prediction, enabling fine-grained attribution analyses. Given a feature z;, its Shapley
value ¢; is defined as:

= (Fsu i) - £5) (3.18)

pi= >

SCN\{i}

where N is the set of all features and f(.S) the model output when only features in

S are considered.






Chapter 4

EEG Based Emotion Recognition

4.1 Introduction

The integration of Al with BCI is enabling new capabilities for affect sensing, neuro-
feedback, and creative Human Computer Interaction (HCI). This chapter advances Al
powered BCI across three system axes: (i) realtime, explainable emotion recognition
with low-latency decoding, (ii) neurofeedback and assistive interaction (including BCI
and LLM for supportive dialogue), and (iii) brain in the loop music systems for
expressive and potentially therapeutic control. Throughout, we emphasize sparse/low
cost EEG, robustness outside the lab, and XAI consistent models.

4.1.1 Problem Formulation and Aims

BCI decoding is formalized as an online mapping of EEG derived features to activity
outputs (emotional labels, arousal/valence trajectories, or control parameters for
musical systems), which are learned with supervised ML/DL under latency and stability

constraints. Specifically, the objectives are:

1. Emotion recognition from EEG using machine and deep learning models, with
post-hoc interpretability through XAI frameworks (LIME, SHAP), enabling
physiological insight into feature contributions across channels and frequency
bands.[67, 71, 74, 75].

2. Development of the NeuroSense dataset, a publicly available EEG resource
acquired with a consumer-grade four electrode device, to democratize affective
BCI research and benchmarking.[71].



3. Design of explainable and interactive neurofeedback systems that transform EEG

derived affective states into feedback or adaptive behaviors in real time[21, 301].

4. Integration of BCI with LLM for supportive and affect aware dialogue systems,

bridging neurophysiological sensing with natural language understanding.

5. Brain in the loop musical interfaces, such as EmoSynth and NeuralPMG, where
decoded emotional or cognitive states modulate generative sound synthesis and
polyphonic composition, combining neuroscience, Al, and computational creativ-
ity.[68, 72, 73].

From a methodological perspective, this work contributes pipelines for signal pre-
processing, feature extraction, model training, and LOSO. It also develops hybrid
architectures that combine manually created interpretable features with DL, demon-
strating that even sparse EEG configurations can achieve competitive performance in
emotion decoding and creative control tasks, provided that preprocessing and modelling
are carefully optimised. Overall, this research places BCI at the intersection of neuro-
science, machine learning, and digital creativity, proposing practical and interpretable
frameworks for emotional decoding, neurofeedback, and expressive interaction. The
contributions presented here extend the scope of EEG beyond controlled environments,
opening the way for accessible, explainable, and human centred neurotechnologies

applicable to health, education, and the arts.

4.2 NeuroSense: Low Cost sparse electrode Dataset

4.2.1 Introduction

This chapter presents NeuroSense, a dataset designed to enable emotion recognition
using a low cost, sparse electrode EEG device. NeuroSense extends prior work on EEG
based affective decoding by explicitly targeting accessibility and deployability. Whereas
many influential studies demonstrate strong performance with high density, laboratory
grade systems, such configurations can limit scalability and real world applicability. In
contrast, NeuroSense adopts a minimal hardware configuration four electrodes on a
consumer device to examine the feasibility of reliable affect decoding with portable
instrumentation.

The dataset comprises EEG recordings from 30 participants and one set of music
videos designed to evoke specific emotions. The acquisition was conducted in a

controlled environment, combined with multidimensional self assessments (arousal,



valence, dominance). In addition to raw signals, NeuroSense includes a specific
preprocessing workflow, statistical validations, and comparisons with external labelling
schemes to articulate both the strengths and limitations of sparse EEG for affective
computing.

Below, we explain the design choices, describe the stimulus selection protocol,
illustrate the experimental setup in detail, and present the system architecture used to
process, analyse, and model the data. We conclude with the main empirical results and
implications for future research on realtime emotion recognition for HCI and mental

health monitoring.

4.2.2 Related Work

Several open source datasets have been developed specifically for EEG based emotion
recognition, each differing in electrode density, participant cohort, elicitation protocol,
labeling scheme, and acquisition hardware.

DEAP [169] is a multimodal corpus designed for emotion analysis from physio-
logical signals. 32 participants viewed 40 one minute music videos while EEG and
peripheral signals were recorded with a Biosemi ActiveTwo system. After each clip,
subjects provided self assessments on arousal, valence, dominance, and liking, enabling
dimensional modeling alongside multimodal analysis.

MAHNOB [296] targets affective computing and HCI with rich multimodality:
30 participants (1940 years) were recorded with 32 channel EEG, ECG, and EDA,
synchronized with multi camera facial video. Participants watched 20 emotional clips
eliciting disgust, amusement, fear, sadness, and joy; subjective reports and annotations
accompany both physiological and behavioral data.

SEED [348] comprises 62 channel EEG from 15 subjects exposed to film excerpts
that induce positive, negative, and neutral affect. Trials include a prompt, self
assessment, and rest period to standardize temporal structure. The follow-up SEED-
IV extends this design to four categories (happiness, sadness, fear, neutral) and
augments EEG with eye movement features, supporting cross-subject and cross session
research.

MPED [297] integrates four physiological modalities 62 channel EEG, galvanic
skin response, respiration, and ECG from 23 participants, each completing a single
session with 28 emotion eliciting videos. Labels cover discrete emotions (joy, funny,
anger, fear, disgust, sadness, neutrality), facilitating studies on feature extraction and

sequence modeling across modalities.



DREAMER [157] emphasizes mobile, affordable acquisition, pairing 14 chan-
nel EEG (Emotiv EPOC) with ECG while 23 participants viewed 18 audio visual clips.
Post-stimulus self reports provide valence, arousal, and dominance ratings, enabling

dimensional analysis under consumer grade hardware conditions.

4.2.3 Stimuli Selection

We adopted the DEAP style protocol for emotion elicitation due to its standardization,
multidimensional ratings (arousal, valence, dominance) with audiovisual stimuli. The

selection pipeline (Fig. 4.1) comprised five stages:

1. Video Clip selection We assembled 120 candidate music videos in two phases:
60 based on affective tags derived from an expanded set of Parrott’s emotion
keywords [252], and 60 by manual curation. Using the Last.fm! catalogue,
we queried songs tagged for emotions positioned across Russell’s circumplex
quadrants [279].

2. One Minute Highlight Detection. We identified high emotion one minute
segments using a Relevance Vector Machine (RVM) [295] trained to predict

arousal /valence scores.

3. Video/Audio Feature Extraction. We extracted motion, color and rhythm
related video features after encoding content in MPEG-1 [309]. Lighting keys
(HSV) and color variance (CIE LUV) were computed frame wise [46, 209]; rhythm
by average shot change rates [129]; and dynamics by motion vectors [273]. Audio
channels were converted to mono MP3 (MPEG-1 Layer III) at 44.1 kHz, normal-
ized, and summarized by 53 low level descriptors (MFCCs, energy, pitch) [122].

Pipelines are summarized in Panels B and C of Fig. 4.1.

4. RVM Based Ranking. The RVM [314] was trained on annotated shots from
21 films [295] to predict valence/arousal for each segment. For a segment i, we

computed a composite highlight score

€ = a?—}—vz (4.1)

where a; and v; are centered arousal and valence predictions. High scoring
segments were retained and, when necessary, refined by manual inspection to

ensure musical salience and public recognizability.

Lwww.last.fm
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5. Online Subjective Annotation. From the 120 curated segments, 40 test
clips were selected via web based ratings (9-point scales for arousal, valence,
dominance) by 14 volunteers. The order of presentation was randomized, with
no clip repeated per rater. For each clip, we computed an intensity index p, /oy
(mean over standard deviation) and selected quadrant extreme exemplars to
populate the final set (Panel E).

(T N A4 (T a5

304 emotional Encoding in Pre-trained RVM Web-interface
keywords MPEG-1 (external dataset)
* * Encoding audio * *
channels in
Video MPEG-3 (44 KHz) Feature Randomization
last.fm tag DB . X
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* * low-level most extreme
features Test the RVM to points on the
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Video-clip Detection of one- Extraction of audio e el Online subjective
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Fig. 4.1 Stimulus selection workflow: (1) affect tagged and curated pool; (2) one minute
highlight detection (DEAP style); (3) video/audio feature extraction; (4) RVM based arousal/-
valence prediction and scoring; (5) final selection via online subjective annotation.

Notes on Feature Engineering. Lighting keys (HSV) and color variance (CIE
LUV) capture luminance and chromatic dynamics [46, 209]; shot change rates quantify
rhythm [129]; motion vectors summarize dynamic scenes [273]; and audio features
(MFCCs) model timbre and spectral envelope [122]. These descriptors provide comple-
mentary predictors for elicitation strength and valence/arousal polarity.

4.2.4 Experimental Setup

Materials and Setting. Experiments were conducted in a controlled laboratory at
the Polytechnic University of Bari. EEG was recorded with a Muse 22 device with
MacBook Pro (Retina, 15", Mid 2015). Stimuli were presented on a 17" display

2https://choosemuse.com /products/muse-2
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(1280 x 1024 px); videos were rendered at 800 x 600 px to reduce eye movements.
Participants were seated ~1m from the screen; audio was delivered via Yamaha HSS8
monitors at a comfortable audio level.

Stimulus control was implemented in Max/MSP? with a GUI indexing video IDs.
On each trial, a marker was sent over LabStreamingLayer (LSL)* and synchronized in
LabRecorder® to align EEG and events.

Participants and Ethics. Thirty healthy adults (50% women; aged between 19
and 30 years, mean age 23.5) were recruited from the university. All provided informed
consent, and no monetary compensation was offered. Ethical approval was obtained
from the Local Ethics Committee of the University of Bari. After instruction on the

protocol and scales, the EEG headset was fitted and signal quality verified [76].

Protocol. Each participant completed 40 one minute trials (the 40 selected videos).

Trial structure:
e 2s trial counter,
» 5 resting baseline (fixation cross),
e 60s music video,
o self ratings (arousal, valence, dominance, liking).

A brief pause followed trial 20 for re-checking signal quality and electrode placement.

Self Assessment. After each clip, participants completed Self Assessment Manikin
(SAM) ratings [39] on 5-point scales for valence (unpleasant—pleasant), arousal
(calm—excited), and dominance (submissive—dominant), plus a 3 point liking scale
(dislike/neutral /like). Familiarity was rated post session on a 5 point scale (1 = never

heard before, 5 = knew very well). Fig. 4.2 illustrates the SAM interfaces.

3https://cycling74.com/products/max
“https://labstreaminglayer.org
https://github.com/labstreaminglayer/App-LabRecorder
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Fig. 4.2 Self Assessment Manikinsfor valence, arousal, and dominance, and a 3 option liking
scale. Ratings were entered on continuous 5 spoint visual analog scales.

4.2.5 System Architecture

We developed an ML framework (Fig. 6.24) comprising six components:

e Acquisition module: streams EEG from Muse 2 with event markers.

« Data creation: structures per-participant recordings with precise baseline/s-

timulus timestamps.
« Preprocessing: MNE based® pipeline:

1. epoch construction around baseline and stimulus intervals,
2. FIR bandpass (1-45 Hz; Hamming window),

3. ringing/artifact mitigation while preserving neural content,
4. segmentation into 5s sub-epochs for time-resolved analysis.

e Time sliding estimation: dynamic identification of ROI using sliding estimators

to capture evolving discriminative structure.

https://mne.tools/stable/index.html


https://mne.tools/stable/index.html

¢ ML module: feature extraction and classification of emotional states.

» Statistical analyses: (i) Pearson correlations between self ratings and external
labels (arousal/valence) to assess label reliability; (ii) comparison of self assess-
ment variability with the model’s decision probabilities to flag potentially poor

participants.

Time-sliding

Acquisition — Dataset creation —= Preprocessing — — ML algorithm

estimation
Self- Classificati §
EEG assification o .
assessment samples Probability scores

f

~—r External labels

Reliability of
external labels

Fig. 4.3 Workflow for EEG based emotion recognition: acquisition, data creation, preprocess-
ing, time sliding ROI estimation, ML classification, and statistical validation.

A high level pseudocode is provided in Algorithm 3. The dataset access page is available
at: https://sisinflab.poliba.it /neurosense-dataset-request/

Preprocessing. To reduce sensitivity to artifacts in the EEG signal, we minimized
user movements and applied a conservative denoising strategy tailored to the specific
montage. Ocular artefacts were treated as outliers; segments exceeding thresholds
derived from K-Nearest Neighbors (KNN) were interpolated. For temporal decoding,
we used MNE’s SlidingEstimator to identify EEG segments of interest. 5 second epochs
were selected for both the baseline and stimulus conditions. Emotions were discretized
with reference to Russell’s circumplex model, which represents affective states along the
dimensions of arousal and valence. The resulting bidimensional space was divided into
4 quadrants. The classification task was then structured as a series of binary stimulus
versus baseline comparisons, one for each of the four emotional quadrants. In this way,
for every combination of arousal and valence, a specific classifier was constructed to
distinguish experimental conditions from the baseline.

The LOSO validation method was employed. Feature extraction was performed
using MiniRocket [87] (with sktime framework [201]), which convolved each multivariate
time series with random kernels. The emotional quadrant was then fitted and predicted
by an Support Vector Machine (SVM) classifier.


https://sisinflab.poliba.it/neurosense-dataset-request/

Algorithm 1: Pseudocode for data processing and classification using the
LOSO strategy

— s e e
N SR )

Initialize a data table containing user data, with each user having a unique subject ID
for each unique subject ID do

Create subject specific training dataset

Create subject specific testing dataset

for each file in the subject’s training dataset do

Extract trial epochs and corresponding labels from the training dataset

Extract baseline epochs from the training dataset

end for

for each file in the subject’s testing dataset do

Extract trial epochs and corresponding labels from the testing dataset

: Extract baseline epochs from the testing dataset
: end for
: end for

: Initialize a processing pipeline with predefined configurations (feature extraction,

15:

16:
17:
18:
19:

normalization, classification)

Define hyperparameter grids for optimization (number of features, maximum dilations
per feature, regularization parameters)

Initialize grid search for hyperparameter optimization based on the processing pipeline
Train the model using the training data (Xirain, Ytrain)

Generate predictions and classification probabilities using the testing data (Xtest, Ytest)
Store the results in a dictionary for further analysis




Hyperparameters were optimized in Python pipelines: MiniRocket kernel settings,
feature normalization (MinMax, Standard, or Robust scaling [253]), and SVM reg-
ularization (C'). Within each LOSO fold, we performed 3 fold cross validation and
randomized search over 50 configurations. All models were implemented with scikit-
learn [253].

Statistical Analysis and Participant Screening. After training the ML model
to predict the quadrant location of each video on a bivariate plane defined by arousal
and valence scores, we exploited the decision probability scores to assess the average
performance of each participant. The probability scores were averaged across the videos
to obtain a single numeric performance score for each participant. Moreover, for each
participant, we calculated the standard deviation (STD) of the self-assessment scores
for arousal, dominance, and valence across the 40 videos. These STD values served
as proxies for the credibility of the participants’ engagement and understanding of
the task, given the expected high variability across the videos. We compared these
STD wvalues to the decision probabilities output by the ML model. By setting the
25" percentile as the lower threshold, we identified participants with low variability in
their scores and/or low classifier decision probabilities, flagging them as potentially
non-credible or poorly performing participants.

Figure 4.4 shows the horizontal bar plots of the STD values of the self-assessed
valence scores (4.4a), the STD values of the self-assessed arousal scores (4.8b), and
the average probability scores across the 40 videos (4.4c). The participant with user
ID 26 was not considered in the analysis due to a lack of acceptable trials after the
preprocessing steps. The STD analysis identified two participants (user ID 1 and 5)
with consistently low variability across the two metrics (arousal and valence), thus
flagging them as participants with untrustworthy labels. Interestingly, some participants
exhibited low variability in arousal and valence (user ID 6 and 15) but maintained
high mean decision probabilities, suggesting that their self-assessments did not align
well with the classifier’s performance. These cases likely indicate misunderstandings or
inaccuracies in self-assessment, reinforcing the need for external labels.

Conversely, another group of participants showed high variability in their self-
assessments but low classifier performance (user ID 10, 11, 20, 23), suggesting that the
external labels may not accurately reflect their actual emotional states. This outcome
highlights the complex interplay between subjective emotional experiences and objective
measures. However, the overall use of external labels remains justified, as they provide

a more stable reference point for the classifier, facilitating the identification of broader



patterns in EEG data that the subjective nature of self-assessment scores might obscure.
This approach ultimately supports the development of more generalizable and reliable

emotion recognition models.

-== 25th Percentile --= 25th Percentile

0.0 0.5 2.5 3.0 0.0 0.5 10 15 2.0 25 3.0

1.0 15 2.0
Std of Valence Values Across Videos Std of Arousal Values Across Videos

(a) STD of valence scores across videos. (b) STD of arousal scores across videos.

~== 25th Percentile
30

0.0 0.2 0.4 .6 0.8 1.0
Average Probability Values Across Videos

(¢c) Average probability scores across
videos.

Fig. 4.4 Horizontal bar plots are resulting from the STD analysis for each participant.

4.2.6 Key Findings and Experiments

External vs. Self Reported Labels. The heat maps of self rated valence, arousal,
and dominance are shown in Figures 4.5-4.7. The correlations (Fig. 4.8) indicate a
strong alignment for valence. At the same time, arousal and dominance show weaker
and non significant associations, in line with the known difficulties of self assessing
one’s own emotional states. Given the standardized nature of external labels and
assessments made by users outside the context of the experiment, we adopted the

DEAP valence/arousal quadrant estimates as primary targets.
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Fig. 4.7 Self assessed dominance (participants on the x axis; video IDs on the y axis).

Time Sliding Region of Interest (ROI). Table 4.1 shows the frequency (in
%) with which accuracy exceeds a predefined threshold on 5s windows relative to

each Russell quadrant. The 0-5s interval produces the most consistent performance,
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(b) External vs. self arousal.
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(c) External vs. self dominance.

Fig. 4.8 Correlations between external labels and self assessments across videos.

suggesting that the segments of the epochs at the beginning of the audio/video stimulus
contain discriminating and robust information for classifying the baseline relative to

the emotional stimulus.

Table 4.1 Time sliding accuracy by Russell quadrant. Values denote the average frequency
(%) with which accuracy exceeds the threshold across participants.

Time segment (s) 1° RQ 2° RQ 3° RQ 4° RQ

0-5 63.36 62.60 62.12 58.24
5-10 62.44 61.76 60.68 55.60
10-15 62.76 61.12 60.56 55.92
15-20 62.88 62.24 61.72 08.08
20-25 61.47 61.04 61.36 D7.88

(a) Columns 2-5 correspond to the first through fourth Russell quadrants.

Classification Performance. Table 4.2 summarizes average LOSO test accuracy
and standard deviation for binary classification (stimulus vs. baseline) across four model
configurations. Most models achieve accuracy > 0.75 with low variance, indicating

reliable discrimination using sparse EEG.



Table 4.2 Average LOSO test accuracy and standard deviation for stimulus vs. baseline
classification.

Model Mean Accuracy Std. Dev.

1 0.77 0.035
2 0.78 0.022
3 0.76 0.024
4 0.80 0.028

4.2.7 Implications and Future Prospects

NeuroSense shows that a consumer grade EEG device can support affect decoding with
competitive accuracy when combined with specific and accurate preprocessing. ROI
selection allows us to identify the section of the EEG that is richest in discriminating
information. Convolution filters and the LOSO training strategy allow for a more
in depth analysis of the model’s capacity in the generalisation step. NeuroSense
expands participation in affective EEG research in real world scenarios and improves
understanding of emotional processes decoded through the EEG signal. Future work
will investigate continuous monitoring of emotional state and further analysis of models

in terms of explainability.

4.3 Explainable Emotion Recognition with Low
Cost EEG: Feature Engineering and Model At-

tributions

4.3.1 Introduction

This work investigates whether sparse, low cost electroencephalography EEG can
support reliable explainable emotion recognition suitable for real world BCI scenarios.
Building on the NeuroSense dataset acquired with a 4 electrode consumer headset
(Muse 2), we develop pipeline that (i) performs transparent signal preprocessing,
(ii) extracts features informed by neurophysiology (spectral, entropy, autoregressive
descriptors), (iii) trains classical ML models under LOSO validation, and (iv) applies
Post hoc explainability to quantify feature importance across subjects and affective
states.

We address three research questions:



1. RQ1: How do engineered features influence decoding performance for EEG based

emotion recognition under LOSO evaluation?

2. RQ2: Are the feature attributions consistent across subjects for the same target

emotion?

3. RQ3: Do different emotions rely on shared EEG markers or on emotion specific

descriptors?

4.3.2 Related Work

Research on EEG based emotion recognition spans classical multimodal pipelines, ad-
vanced domain adaptation, lightweight deep models, and graph-based representations.
Kumar et al.[174] show that classifier choice should be signal specific: Random For-
est (RF) excels on EEG/Galvanic Skin Response (GSR), whereas KNNKNN /Logistic
Regression (LR) perform better on ECG, underscoring modality dependent induc-
tive biases. Yu et al.[340] advance cross subject/session robustness via Fine-grained
Mutual Learning Adaptation Network (FMLAN), coupling multiple domain adapta-
tion branches with mutual learning and a fine grained alignment module to improve
generalization on SEED/SEED-IV. Gunda et al.[125] demonstrate that dual stream
(time/frequency) architectures with attention can cut parameters by up to 98% while
retaining high accuracy of 95.18% on SEED, supporting real time BCI use. Li et
al.[190] exploit the intrinsic graph structure of multichannel EEG with Multiple
Emotion-related Spatial Network Topology Patterns (MESNP), learning discrimina-
tive spatial topology patterns for stable, accurate emotion classification—even in
online scenarios. Atkinson et al.[23] integrate feature selection minimum-Redundancy-
Maximum-Relevance (mRMR) with kernel SVM Radial Basis Function (RBF) to boost

multi class performance on DEAP while reducing computational cost.

4.3.3 Dataset, Protocol, and Preprocessing

We analyze the NeuroSense Emotion Recognition Dataset (30 participants) recorded
with Muse 2 (four channels: AF7/AF8/TP9/TP10). Participants watched music video
clips selected with a DEAP pipeline and provided self reports on arousal, valence,
and dominance. Acquisition was synchronized via LabStreamingLayer; stimuli were
presented in a controlled laboratory environment.

Preprocessing follows a conservative, reproducible procedure: epoching around

baseline and stimulus intervals; FIR bandpass filtering (1 — 45 H z; Hamming window);



mitigation of non neural artifacts through ASR; segmentation into 5s sub epochs
to enable time resolved analysis. A sliding estimator strategy identifies the most
informative ROI related to emotion and subject, contrasting baseline vs. stimulus

segments.

4.3.4 Feature Engineering and Classifiers

We identify and extract interpretable clusters of well known features observed in EEG:

» Spectral powerin ¢, 0, o, § ranges (for channel);

« Entropy/complexity indices (approximate/sample entropy, fractal dimensions,

Hurst exponent) to capture irregularity and nonlinearity;

« Autoregressive coefficients as compact time domain summaries.

We compare standard classifiers SVM, RF, MLP, KNN within LOSO training
strategy. Hyperparameters (SVM kernel /regularization; RF depth/trees; MLP hidden
sizes/learning rate; KNN neighbors/metrics) are optimized via randomized search
with inner cross validation and appropriate scaling (MinMax, Standard, Robust).
Performance is reported for the 4 quadrants of Russell’s circumplex (Excited, Relaxed,

Sad, Angry) using Accuracy, Precision, Recall, and F1.

Inter subject similarity

To evaluate the consistency of feature attributions across individuals, standard on
correlation matrices were computed on SHAP vectors for each emotion. These correla-
tions quantified the similarity of feature attribution patterns among participants. The
resulting distributions were summarized using boxplots to facilitate the assessment of

inter subject variability.

Cross emotion comparison

To investigate whether EEG features were common across different emotions or specific
to particular affective states, SHAP value distributions were compared across the
4 emotional quadrants. This comparison allowed us to assess whether the same
characteristics played a similar role in multiple emotional states or whether, instead,

they contributed in different ways, depending on the emotion.



4.3.5 Results and Discussion

The results indicate that SVM achieved the highest performance in three quadrants
(Excited, Sad, Angry), whereas Random Forest RF yielded the best accuracy for the
Relaxed condition. These differences suggest that linear separability in the engineered
feature space is particularly relevant for high arousal emotions. At the same time, RF
may better capture the variability present in low arousal states. Table 4.3 shows the
average performance of the ML models across the four emotions.

When compared with the previous work introducing the NeuroSense dataset, which
reported an average accuracy of 75% across emotional quadrants, the performance
achieved in this study is slightly lower. The earlier work employed MiniRocket, an
algorithm that applies random convolutional kernels followed by global max pooling,
thereby generating a high dimensional feature space capable of capturing complex
temporal dynamics in EEG signals. These features were then classified using SVM,
benefiting from the rich representations produced by the MiniRocket transformation.

By contrast, the present study relied on handcrafted features, specifically spectral
and entropy based descriptors derived directly from raw EEG signals. While these
features provided interpretable physiological insights, they yielded marginally lower
classification performance compared to MiniRocket. This comparison suggests that
convolutional feature extraction approaches such as MiniRocket are particularly effective
at exploiting hidden temporal dependencies in EEG. In contrast, engineered features
may be more suitable when interpretability and explainability are prioritized.

To assess the consistency of SHAP based feature attributions across participants,
Pearson correlation coefficients were computed between SHAP vectors for each pair
of subjects. The distributions of these coefficients, summarized in the boxplots of
Figure 4.9, highlight the degree of similarity in feature attribution across individuals.
The results revealed generally low correlations for all four emotional states, with values
clustered near zero, indicating substantial inter subject variability.

These findings suggest that the EEG features contributing to emotion classification
differ markedly between individuals, regardless of the emotional quadrant. No emotion
exhibited consistently higher agreement across participants. This inter subject vari-
ability may be attributed to differences in brain physiology, cognitive processing, or
subjective emotional perception. Overall, these results highlight a critical limitation of
subject independent EEG based emotion recognition and motivate the exploration of
adaptive or personalized models capable of accommodating individual differences in

feature attribution.



Table 4.3 Average performance of the ML models across the 4 emotions.

Model ‘ Emotion ‘ Precision ‘ Recall ‘ F1 score ‘ Accuracy
Excited 0.69 0.70 0.69 0.69
. Relaxed 0.68 0.68 0.67 0.68
KNeighbors Sad 0.63 0.63 0.62 0.62
Angry 0.67 0.67 0.67 0.67
Excited 0.70 0.70 0.70 0.70
RandomForest Relaxed 0.70 0.70 0.70 0.70
Sad 0.65 0.66 0.65 0.65
Angry 0.68 0.68 0.68 0.68
Excited 0.66 0.66 0.66 0.66
Relaxed 0.70 0.70 0.69 0.69
MLP Sad 0.64 0.64 0.64 0.64
Angry 0.68 0.68 0.68 0.68
Excited 0.72 0.72 0.72 0.72
SVC Relaxed 0.68 0.69 0.69 0.68
Sad 0.69 0.69 0.69 0.69
Angry 0.70 0.70 0.70 0.70

i ES 1 T

Fig. 4.9 Boxplots of pairwise SHAP value correlations across subjects for each emotional state.
Each boxplot summarizes the distribution of Pearson correlation coefficients between SHAP
vectors from different participants. Lower values reflect greater inter subject variability in
feature importance.

To explore whether EEG features were shared across emotions or uniquely associated
with specific affective states, we compared SHAP based feature rankings across the four
quadrants. Figure 4.10 displays the ten most important features for each emotional
state, averaged across participants.

The analysis revealed both shared and emotion-specific neural markers. Excited
states were dominated by spectral characteristics of the theta and alpha bands at frontal
electrodes, consistent with previous evidence linking these rhythms to attentional

engagement and arousal. Relaxation states were primarily associated with beta
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Fig. 4.10 Top 10 SHAP based features for each emotional state: (a) Excited, (b) Relaxed, (c)
Sad, (d) Angry. Each panel shows the most relevant EEG features ranked by mean SHAP
values across all subjects.

band kurtosis and delta band entropy at TP9, potentially reflecting reduced cortical
excitability and inactivity. [237].

States of sadness were characterised by entropy based measures, particularly ap-
proximate entropy in the delta and alpha bands at the frontal and temporal electrodes.
This is consistent with previous findings that emotional distress is associated with
increased EEG complexity [78]. In contrast, anger was characterised by non linear
and higher order features, such as delta power and fractal dimension, consistent with
increased cortical activation and arousal [195].

From a spatial perspective (Figure 4.11), excited states showed a predominantly
left lateralized pattern, supporting the frontal asymmetry hypothesis [12]. Relaxed
and sad states were associated with TP9, pointing to stronger temporal parietal
involvement [168]. Anger, in contrast, exhibited a more bilateral distribution, possibly
reflecting motor-preparatory activity linked to action oriented affective responses [239].

In terms of frequency content, theta and alpha bands were most relevant for
high arousal states (excited, angry), while delta and beta related entropy measures

predominated in low arousal states (relaxed, sad). These findings underscore the need
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Fig. 4.11 Spatial distribution of SHAP based feature importance across emotional states:
(a) Excited, (b) Relaxed, (c) Sad, (d) Angry. Each panel highlights the most relevant EEG
features and their associated electrode locations.

to combine broadly generalizable spectral features with emotion specific non linear

descriptors to effectively capture EEG correlates of affective processing.

4.3.6 Conclusions and Future Work

This study investigated interpretable EEG based emotion recognition using a low cost,
sparse electrode device, combining engineered features with SHAP based explainability.
Results demonstrated that spectral and entropy based features enable competitive
performance in emotion classification, while also revealing inter subject variability in
their importance.

Although some EEG features showed cross emotion generalizability, others were
clearly emotion specific, reflecting distinct neural mechanisms. These findings underline
the limitations of subject independent models and support the development of adaptive,
personalized approaches for affective EEG systems.

Future research will focus on dynamic feature selection and online adaptation
strategies to enhance robustness and subject specificity. While the present work
was limited to a single dataset, future validation across multiple datasets will help

assess generalizability across acquisition settings. Moreover, hybrid pipelines that



combine engineered and learned representations may capture complex EEG patterns
more effectively without sacrificing interpretability. Finally, collaboration with affective
neuroscience experts will be pursued to strengthen the neurophysiological interpretation
of EEG markers identified in this study.

4.4 Deep Learning Applied in Human Emotion

Recognition

4.4.1 Introduction

Growing interest in affective computing and BCI has accelerated progress in emotion
recognition from electroencephalography EEG signals. In particular, estimating contin-
uous affective dimensions, such as Valence, Arousal, and Dominance, offers practical
value for neuromotor rehabilitation and psychological therapies. This chapter presents
a prototype regression based emotion recognition system that provides real time EEG
based biofeedback. The system continuously predicts affective scores and displays
them interactively, positioning it as a practical tool for clinical studies and therapeutic

settings.

4.4.2 Related Work

In this section, we briefly review the state of the art in terms of current ML or DL
approaches used to solve the problem of emotion recognition using neurofeedback tools.

Ante et al. [315] propose transforming EEG features into topographic and holo-
graphic representations—Feature Maps Based on the Topographic Representation
(TOPO-FM) and Feature Maps Based on the Holographic Representation (HOLO-FM),
respectively. TOPO-FM visualizes feature values as topographic maps, whereas HOLO-FM
employs computer generated holography to synthesize two dimensional feature maps
from spatial point sets. Deep neural models are then trained on these maps, and the
learned representations are fused into a single feature matrix to infer affective state.
The authors highlight potential applications in assistive technologies, authentication /i-
dentification, driver fatigue detection, and neurogaming.

Najam Dar et al. [80] introduce a subject-independent deep architecture for emotion
recognition that combines CNN and LSTM blocks. Specifically, a 2D CNN processes 14
channel EEG arrays, while ECG and GSR streams are modeled via a hybrid 1D CNN
and LSTM pipeline. Evaluated on DREAMER [157] and AMIGOS [282] both acquired



with low cost, wearable sensors suited to real world settings the method reports improved
performance on 4 class arousal recognition under a subject-independent protocol.
Galvao et al. [115] combine engineered features, band limited brain rhythms, and
regression models to predict continuous valence and arousal. Among tested ML
regressors, KNN and RF perform best; features in the beta and gamma ranges are
most informative overall, and alpha band asymmetry is particularly useful for valence
prediction. A KNN based model attains the strongest results across arousal, valence,

and auxiliary classification tasks.

4.4.3 Materials and Methods

4.4.4 BCI Devices

Multiple public datasets and reference devices exist for EEG based affect studies,
including DEAP, DREAMER, and IDEA [154, 157, 169]. We use the DREAMER
dataset [157], recorded with the Emotiv EPOC device with 14 channels; AF3, F7,
F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, AF4; mastoid references M1/M2;
fs =128 Hz). Electrode placement follows the international 10-20 standard [230]

A primary design objective is to minimize the number of EEG channels while
preserving the model’s predictive capability. To this end, we employ the Emotiv Insight
device, which electrode from the AF3, AF4, T7, T8, and Pz electrodes at a sampling
rate of fs =128 Hz. For inter device compatibility, the number of electrodes is reduced
to four (AF3, AF4, T7, and T8), excluding Pz. Our results demonstrate that a one
dimensional convolutional neural network (1D-CNN) can achieve high classification

performance even when limited to these four channels(Figure 4.12).



Fig. 4.12 Emotiv Insight 5 electrodes (10-20 montage).

4.4.5 Dataset

DREAMER includes EEG recordings from 23 participants during audiovisual emotion
induction using 18 video clips mapped to nine basic emotions: amusement, excitement,
happiness, calm, anger, disgust, fear, sadness, and surprise. After each video clip,
participants rated Valence, Arousal, and Dominance on a 5-point Likert scale using
Sam Manikin’s questionnaire [39]. The raw EEG recordings are provided in MATLAB
format. We follow the authors’ recommendations in selecting the final 60 seconds of
each trial for labeling [157].

4.4.6 Preprocessing

Robust real time performance requires automated artifact handling. Our pipeline
used both for offline training and online inference proceeds as follows; its efficacy was

checked by visual inspection of all sessions.

 Trial selection & structuring: Select all labeled trials (414 initial) and convert
to MNE compatible objects with 10-20 metadata [123].

e DC offset removal: Manufacturer recommended correction for Emotiv raw
streams.

o Line noise & detrending: 50 Hz notch; high-pass at 1 Hz; low-pass at 40 Hz.

« Epoching: Segment continuous data into 1 s sub-epochs for quality screening.



e Noisy epoch pruning: Remove sub epochs exceeding thresholds on amplitude,

variance, and deviation from channel means.

« ICA for ocular correction: Run ICA; use AF3/AF4 as EOG surrogates to
flag blink/saccade components [192].

» Residual artifact repair: Apply Autoreject [149] for EMG /slow drifts; de-
tect /interpolate bad channels and segments with the PREP approach [31] via

pyprep.

+ Reconstruction: Reassemble denoised continuous signals.

4.4.7 Feature Set and Training Data

For each continuous trial, 4-second epochs are extracted with overlapping every 128

samples. For each window and channel, we extract bandwidth power features, using
NeuroKit2 [210]: Theta (4-8H z), Alpha (8-13Hz), Betal (13-16H z), Beta2 (16-20H z),
Beta3 (20-30Hz). We obtain 46,991 labeled epochs.

4.4.8 Model

The dataset is split into training/validation/test using scikit-learn [254] (80/20;
with 80 further split into 75/25). The features were scaled with MinMaxScaler. The
regressor is a 1D CNN implemented in Keras/TensorFlow [1, 63]:

o Conv stack: 1D conv layers (k= 3) with 128, 128, 64 filters; ReLU activations;

BatchNorm after the first two; MaxPool1D after each conv.

« Dense head: Flatten — fully connected layers (128 — 128 — 32) with tanh,
tanh, ReLU; Dropout=0.2.

o Output: 3 linear units for Valence, Arousal, Dominance (multitask regression).
« Optimization: Adam [166]; loss is Mean Squared Error (MSE); early stopping

with patience=10.

4.4.9 System Performance and Real Time Inference

On the test set, the proposed model achieves excellent predictive accuracy, yielding a

coefficient of determination of R? =0.93, a mean absolute error of MAE = 0.08, and a



mean absolute percentage error of MAPE = 0.07. These results indicate a high degree
of agreement between predicted and observed values, confirming the model’s robustness
and generalization capability.

Error distributions are shown in Figures 4.13-4.15; Loss curve is shown in Fig-
ure 4.16.
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Fig. 4.13 Valence error distribution.
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Fig. 4.14 Arousal error distribution.
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Fig. 4.15 Dominance error distribution.
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Fig. 4.16 Training loss across epochs.

A front end based on Maz/MSP” is used to visualize the continuous predictions

(Figure 4.17 Figure 4.18 displays the entire system architecture.

"https://cycling74.com /products/max
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Fig. 4.17 User interface for real-time biofeedback.
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Fig. 4.18 System architecture overview.

The predicted Valence, Arousal, and Dominance values are further accumulated
through a spatial coding block (ml.spatial 8) in max/msp to calculate the most recurring
emotions. The prevalent emotion is displayed through an explicit emoji. Table 4.4 shows
the threshold values for valence and arousal to obtain the corresponding emotional

quadrant related to the Russell model.

8https://www.benjamindaysmith.com /ml-machine-learning-toolkit-in-max



Table 4.4 Global emotion assignment from V/A thresholds.

Valence | Arousal | Global Emotion
> 2.5 > 2.5 Happy
> 2.5 < 2.5 Relaxed
< 2.5 <25 Sad
<25 > 2.5 Angry

4.4.10 Prototype Evaluation and Implications

We introduced a real time EEG regression based emotion recognition system that
continuously estimates Valence, Arousal, and Dominance. The 1D CNN achieves
high adherence (R2=0.93) on DREAMER using only four frontotemporal electrodes
(AF3/AF4/T7/T8), offering a practical and minimally invasive hardware implementa-
tion. The reported metrics are based on a small cohort of users and require validation
in intersubjective contexts, such as by applying the LOSO training strategy to a larger
cohort. Future directions include adaptive artifact suppression, additional training
strategies, and analysis of connectivity patterns between different brain areas. We
also plan to evaluate our pre-trained models in clinical environments and real-world

scenarios.

4.5 ARIEL: Brain Computer Interfaces meet Large
Language Models for Emotional Support Con-

versation

4.5.1 Introduction

ARIEL merges BCI based emotion recognition with large scale linguistic models (LLMs)
to dynamically perceive and respond to a user’s changing emotional state. Specifically,
leveraging the LLaMA-2 model, ARIEL adapts its response strategy to real time
affective inference, aiming to foster empathetic and contextualized conversation. A
structured prompting scheme anchors the system’s dialogue logic so that responses
remain consistent, supportive, and personalized based on the user’s emotional state.
The integration of BCI into affective computing highlights the promise of EEG for
monitoring and interpreting emotions, with potential impact in neurorehabilitation
and psychological support. Rapid progress in language models, many conversational
systems still lack robust, grounded affect understanding. ARIEL addresses this gap



by uniting (i) BCI based emotion recognition and (ii) conversational Al to target the
Emotional Support Conversation (ESConv), such as alleviating user distress through

dialogue.

Contributions.

1. A unified framework that couples EEG based emotion recognition with LLMs

to provide real time emotionally supportive conversation.

2. A detailed design and implementation of ARIEL, including workflow, data
handling, prompting strategy, and model components that sustain supportive

interactions over time.

3. A feasibility demonstration via a controlled study illustrating end to end

functionality and outlining pathways for in-vivo clinical applications.

4.5.2 Related Work

This work lies in the intersection between the field of LLM, employed as Conversational
Agents (CAs), and BCI, which enables the acquisition of EEG signals and thus their
processing to recognize human states like emotions. Although both domains are highly
novel in the research community, reflected by the massive number of proposals shared
as a preprint version, we dissect below only those works published after being peer

reviewed into two separate subsections.

4.5.3 Brain Computer Interface

Atkinson et al.[23] proposed a feature based emotion recognition model for BCI systems
using the DEAP dataset. The methodology integrated mutual information based feature
selection with classifiers to improve in vivo validation across the Valence—Arousal
dimensional space. The proposed support vector machine (SVM) achieved an accuracy
of 73 for both valence and arousal recognition tasks.

Islam et al.[147] proposed a CNN based method using the Pearson correlation
between EEG subband channels from the DEAP dataset. They tested binary and three
level valence/arousal recognition, showing that using only the upper-triangular PCC
reduced complexity without affecting accuracy. The model achieved 78.22 valence and
74.92 arousal accuracy.

Zheng et al.[349] transformed one dimensional EEG signals into two dimensional

spatial representations and proposed an adaptive neural tree (ANT) model to improve



interpretability in emotion recognition. Their ANT architecture, optimized through
a reinforcement learning exploration strategy, required no manual feature extraction.
On the DEAP dataset, the model achieved accuracies of 99.12, 98.95, and 97.58 for

binary, four-class, and eight-class tasks, respectively.

4.5.4 Emotional Support Conversation with Large Language
Models

Tu et al. [316] introduced MISC, a mixed strategy aware model that integrates
COMET [38] for emotional support conversations. This framework formulates re-
sponse generation as a probability distribution over a strategy codebook, guiding
training to achieve coherent and strategically sound supportive dialogues across mul-
tiple evaluation metrics. In contrast,Peng et al. [256] investigated the use of the
BlenderBot model within a framework for generating empathetic responses based on
users’ emotional cues. Their system adapts dynamically to conversational context and
produces responses that promote positive emotional states.

Building on this direction, Liu et al. [193] extended the ESConv task to multimodal
inputs (text, audio, and video) and proposed FEAT, a method that incorporates an
emotion aware transformer and leverages fine grained emotional knowledge across
modalities. FEAT achieved state of the art performance in generating supportive and
emotionally aligned responses.

Despite these advances, such systems rely solely on textual interactions, limiting
their generalizability to unseen emotional contexts. Moreover, the lack of reliable
affective sensing constrains their capacity to detect complex emotional states. De
Freitas et al. [83] underscored these limitations in companion Al and mental health
applications, noting that current systems often fail to recognize distress or provide
appropriate support, occasionally leading to negative user reactions.

Despite these advances, such systems rely solely on textual interactions, limiting
their generalizability to unseen emotional contexts. Moreover, the lack of reliable
affective sensing constrains their capacity to detect complex emotional states. De
Freitas et al. [83] underscored these limitations in companion AI and mental health
applications, noting that current systems often fail to recognize distress or to provide
appropriate support, which can lead to negative user reactions.

This study proposes integrating EEG based emotional recognition via a BCI with
a large language model fine tuned for emotional support dialogues. This approach

improves the accuracy of emotion detection and enables a conversational agent to help



users mitigate distress and promote positive predictions, both emotional and aggregate,

through dialogue in the emotion domain.

4.5.5 ARIEL Framework

The ESConv task can be decomposed into two subproblems: (i) detecting user emotions
in real time and (ii) generating supportive linguistic responses. Although linguistic
sentiment analysis models can identify affective cues in text [29, 327], they are less reli-
able for linguistic texts [88]. Furthermore, highly specialized sentiment analysis models
risk overfitting to narrow topics and failing to generalize across human dialogue [7].
To address these limitations, ARIEL leverages (a) the EEG signal via BCI for
emotional state recognition (b) and the conversational efficiency of modern LLM.
Figure 7.1 presents the overall workflow consisting of four components: the neuro

linguistic interface, emotion recognition, the prompt formatter, and the generative LLM.
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Fig. 4.19 ARIEL workflow. The Neuro Linguistic Interface (a) collects EEG and text; the
Emotion Recognizer (b) infers an emotion label from EEG streams; the Prompt Formatter
(c) merges the recognized label with the user’s message, constructing a conversation state
prompt; the LLM (d) generates a supportive response. The session ends when a positive
state is reached.

Neuro Linguistic Interface

This bidirectional interface mediates all user interaction. It ingests two synchronized

streams: (i) an EEG signal acquired via a non-invasive BCI and (ii) natural language



messages typed by the user. EEG conveys reliable affective information from cortical
dynamics, whereas text provides topic and narrative content (and sometimes sentiment),
enabling the system to both understand what the user says and sense how the user
feels. The interface continuously buffers EEG from session start; chat messages are
registered as submitted.

This bidirectional interface mediates all user interactions. It receives two synchro-
nized streams: (i) an EEG signal acquired via a non-invasive BCI and (ii) natural
language messages typed by the user. EEG transmits reliable affective information
from cortical dynamics, while text provides narrative and thematic content, allowing
the system to both understand what the user is saying and sense how they are feeling.
The interface continuously stores EEG from the beginning of the session; chat messages

are recorded as sent.

4.5.6 Emotion Recognizer

The Emotion Recognizer estimates the user’s current affective state from streaming EEG.
It receives time framed segments aligned to dialogue turns and outputs a discrete label

(Happy, Angry, Sad, Relaxed) used downstream by the Prompt Formatter.

Dataset description. We followed the DEAP protocol [169] to collect training data
at the Polytechnic University of Bari. Thirty participants provided informed consent
. EEG was recorded with Muse 22 while subjects viewed 40 music videos. Data were
anonymized, securely stored, and organized into 40 subject folders, each containing 40

trials.

Preprocessing. The preprocessing pipeline applies a 1-40 Hz bandpass filter; artifacts
are detected using a KNN anomaly scorer trained on the filtered data. Evidence
exceeding the threshold is removed using MEGKit’s artifact reduction algorithm. The
data is structured in the MNE compatible format. Clean EEG signal epochs are

considered for emotion prediction.

Models and validation. We compared LR, Extreme Gradient Boosting (XGB), RF,
and SVM classifiers under a 5 fold GridSearchCV!? with LOSO cross validation [175].

We trained 120 specialized models, 30 per emotion across four quadrants of Russell’s

9https://choosemuse.com/products/muse-2
Whttps: / /scikit-learn.org/stable/modules/generated /sklearn.model _selection.
GridSearchCV.html
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circumplex, then aggregated predictions via majority vote. SVM provided the best
model accuracy for Happy, Angry, Sad, and Relaxed: 0.77, 0.78, 0.76, and 0.80,

respectively.

4.5.7 Prompt Formatter

The Prompt Formatter combines the recognized emotion label with the user’s last
message and conversation history to generate a concise, conditional prompt. This
dynamic prompting scheme selects prompt templates based on the conversation state,
starting with a role-play opening that instructs the LLM to act as a virtual assistant
supporting users during emotional distress, explicitly emphasizing that affect is mea-
sured with BCI. The prompts evolve step by step to maintain consistency and goal

alignment. [344].

4.5.8 Controlled Example

To illustrate the framework’s behavior, we report a controlled pilot study with a user
(Figure 4.20). A user (Eric) begins a session wearing a BCI. The Emotion Recognizer
predicts a feeling of Sadness. ARIEL opens with an empathic prompt and directs the
conversation to personally meaningful topics (music). As the EEG derived emotion
indicators progress from Sadness to Neutrality and then to Happiness, ARIEL adapts

its prompts, maintaining engagement until a positive state is reached.



ARIEL 1

Hi! You look lonely. Do
you want to talk about it?

Hi! Yeah, | feel lost recently.
Like | don't have goals no

more

Emotion: Sadness
I'm so sorry, this may
happen time to time.
However, also these
moments are precious for
your growth! You may not
have goals now, but you
have skills! What are you
good at?

You might be right! | might
be good at writing stories
Emotion: Sadness

Fantastic! What genre do

ARIEL 1

| see! That's because a
pirate life is a life of
freedom! You got the
quote?

Of course! | love Pirates of
the Caribbean! | think |

found my inspiration! thank

!
you' Emotion: Happiness

Oh wonderful! Will you let
me read in the future?

Yep! Probably you can give
me some advices during the
writing!

Emotion: Happiness
Indeed! | have the right

capabilities to support

you! Glad you feel better

|
you like to write? (oW
You really help me! Bye!
| love writing pirates stories. Emotion: Happiness
Set sail for the sea is one of Bve bye!
my dreams ye bye:
Emotion: Neutral
Insert Text > Insert Text >

Fig. 4.20 Example conversation with ARIEL. The dialogue begins in Sad, then gradually
shifts to a positive affect as measured by the BCI pipeline (red balloons), with text exchanges
(grey/blue) guided by dynamic prompts.

4.5.9 Discussion and Future Directions

ARIEL demonstrates how physiologically based affective perception can be combined
with cutting-edge conversational models to address ESConv with responsive, emotionally
aware dialogues. The proposed modular architecture extends to clinical and support
settings (neurorehabilitation, counseling, triage), where objective affective signals can
improve safety and personalization. Future work will include a user study on a much
larger user population, extensive model customization, and formal outcome assessment
(mental health, engagement, and work performance scales). We will also examine the
ethical implications related to privacy, consent, transparency, and the sociotechnical

dynamics of intimate human-machine interaction in personalized emotional care.



Chapter 5

EEG for Motivation and

Neurorehabilitation

5.1 Machine Learning Classification of Motivational
States: Insights from EEG Analysis of Percep-

tion and Imagery

5.1.1 Introduction

This work examines the neural correlates of motivational states, desires, needs, and
cravings under perception and imagery conditions using electroencephalography EEG
and machine learning ML. While electrophysiological markers of motor and perceptual
imagery are relatively well documented, the signatures of motivational imagery remain
comparatively unexplored. We address this gap by classifying and comparing twelve
motivational states recorded with medium density EEG (14 and 18 channels), and by
quantifying the effect of electrode density on decoding performance. Across LOSO
evaluations, perception consistently yields higher accuracy than imagery. Primary
needs and somatosensory states exhibit stronger, clearer patterns during perception,
with peak accuracy = 0.88 with 18 channels, whereas imagined states are more variable.
Increasing electrode count from 14 to 18 provides only marginal gains and does not
significantly change overall performance.

Understanding how the brain represents imagined content compared to perceived
content is fundamental to cognitive neuroscience [9, 91, 92, 232, 302]. Numerous
studies have described the electrophysiological markers of motor, perceptual, and

mental images [99, 231, 310]. In contrast, a smaller number of studies have started to



analyse motivational images, particularly in the context of food or substance craving.
Interest in these topics spans both basic science and applications to BCI, including
potential communication pathways for patients with severe motor impairments or
disorders of consciousness [43, 158, 184, 185, 216, 269, 320].

Event Related Potentials (ERP) studies have identified components modulated
by craving and affect (P1, P2, P300, LPP, N200, N170, N400) and have shown that
imagined stimuli can evoke measurable neurophysiological responses [47, 127, 277].
In parallel, MLL methods have proved effective in extracting discriminative patterns
from EEG for a range of affective and cognitive states [6, 58, 69, 70, 163, 280, 290,
312]. However, a systematic comparison of motivational states across perception and
imagery, as well as an assessment of the incremental value of increased electrode density
in this setting, is still lacking.

This study fills that gap by: (i) constructing a multiclass analysis across twelve moti-
vational states under perception and imagery; (ii) formulating a comprehensive pairwise
(binary) classification protocol to probe separability within and across conditions; (iii)
evaluating the effect of 14 versus 18 EEG channels on performance. Our results indicate
that perception outperforms imagination across the board, with somatosensory and
primary need states being particularly robust during perception. Furthermore, modest

increases in electrode density do not significantly alter overall accuracy distributions.

5.1.2 Related Work

BCI translate brain activity into control signals for external systems [118, 330], enabling
assistive communication, neurofeedback, rehabilitation, and interactive media [6]. Clas-
sical EEG-BCI paradigms include motor imagery, slow cortical potentials, sensorimotor
rhythms, and ERP based protocols (P300 spellers) [54, 139, 161, 176, 215]. ERP based
frameworks have revealed systematic spatiotemporal patterns for perception across
auditory/visual domains [269]. Subject specific morphology, multi channel variability,
and limited data often complicate fully rule based systems, motivating data driven
approaches [96, 184-186, 268].

Deep learning has shown promise for ERP classification in constrained settings [196,
292|, though interpretability and data demands remain practical concerns. Classical
linear methods (Linear Discriminant Analysis (LDA), SVM) and modern CNN methods
have each achieved strong results in specific tasks [35, 53, 346]. Somatosensory and
auditory/tactile imagery have also been explored for BCI [105, 337, 345]. System-
atic BCI studies focused on motivational states, such as desire for food, warmth, or

music, despite broader affective decoding successes in neuroimaging [94, 294].



5.1.3 Problem Statement and Research Questions

We investigate the EEG signatures of twelve motivational states under two conditions:
perception (viewing pictograms) and imagery (generating the status internally at the
appropriate time). From an ML perspective, this is a multiclass problem. To robustly
probe separability and generalization across subjects, we cast it as a comprehensive set

of pairwise binary tasks. With n =12 classes, the number of unordered pairs is

n n! 12
= " ithn=12, k=2 — 66 5.1
(k) Rn—ky) T i(z) ’ (51

leading to 66 pairwise problems per condition and a total of 132 experiments (imagery
and perception).
We address:

1. RQ1 (Intra condition separability): Within perception and within imagery,

which state pairs are most separable?

2. RQ2 (Inter condition comparison): How do pairwise patterns differ between

perception and imagery?

3. RQ3 (Electrode density): Does increasing the number of electrodes (14 —

18) significantly affect performance?

5.1.4 Dataset, Participants, and Protocol

Participants. We recorded EEG from 20 right handed healthy students (8 males, 12
females; mean age 23.2, SE 1.7), normal/corrected vision, no neurological /psychiatric
disorders, and no psychoactive medication. Procedures were conducted in accordance
with institutional ethics (protocol RM-2020-242); all participants provided informed

consent.

Stimuli and Conditions. Stimuli were drawn from a validated Motivational Pic-
tionary comprising 60 color plates depicting 12 motivational states (5 variants/state)
[270]. States spanned (i) primary homeostatic needs (hunger, thirst, sleep), (ii) so-
matosensory sensations (hot, cold, pain), (iii) affective states (happy, sad, fear), and
(iv) secondary needs (move, play, listen to music). Each plate depicted a character
with a pictorial cloud indicating the relevant need or desire; luminance was equated

across micro/macro categories.



Experimental Procedure. A high density cap (1075 system) was applied; impedances
were kept < 5 k(2. Participants sat in an anechoic chamber, staring at a central cross

and minimizing movement. The experiment comprised 10 runs of 36 stimuli (total 360).

Each stimulus was shown for 2000 ms, followed by a blank interval of 900 + 100 ms. A

yellow frame (2000 ms) cued imagery of the preceding content; I'T was 150+ 50 ms.

Stimuli were 640 x 480 px (6°47'16"” x 4°46'37” visual angle) at 114cm viewing distance.

Written instructions emphasized vivid, personal imagery; a short practice preceded

recording. Figure 5.1 schematizes the procedure.

Acquisition. EEG was recorded from 128 sites (10-5 system) plus hEOG/vEOG
using an EEProbe (ANT; Synamps amplifiers), referenced to averaged mastoids, at
a sampling rate of 512Hz, with a bandpass filter of 0.16-70Hz. Data were stored via

Cognitrace.
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Fig. 5.1 Schematic of the perception—-imagery protocol (adapted from [270], CC BY).



5.1.5 Preprocessing and ERP Construction

Trials with amplitudes exceeding £50 ©V were rejected before averaging. Epochs were
extracted from —100 to +1200ms relative to stimulus onset and baseline corrected
using the [—100,0] ms window [331]. Separate ERP were computed for perception (pic-
tograms) and imagery (frame cue), time locked to the corresponding onsets. Additional

acquisition metadata are summarized in Table 5.1.

Table 5.1 EEG acquisition summary.

Participants 20 right handed students (8M/12F), mean age 23.2
(SE 1.7)
Montage 128 electrodes (10-5 system) + hEOG/vEOG; av-

eraged mastoids reference
Sampling / Filter | 512Hz; 0.16-70Hz acquisition band-pass

Artifact policy Automatic rejection at 50 pV prior to averaging
Epochs / Baseline | [—100,1200]ms; baseline [—100,0]ms

Conditions Perception (pictograms) and imagery (frame cue)
Stimuli 12 states x 5 variants = 60 plates; each repeated

6 times (360 total)

5.1.6 Electrode Sub selection and Configurations

The initial data structure includes 126 EEG channels, encompassing the Mastoidei,
Vertical, and Horizontal EOG channels. We aimed to reduce the number of channels
required for the BCI domain. For this purpose, we considered the channel configuration
of a well-known BCI, such as the Emotive headset. Figure 5.2 illustrates the electrode
positions according to the 10-20 international system. Additionally, we explored the
feasibility of a BCI with four extra electrodes positioned along the head’s centerline
at Fz, Cz, Pz, and Oz. Figure 5.3 shows the placement of these additional electrodes.
It should be noted that a BCI version with these four additional electrodes is not
currently available on the market. Hence, two potential EEGcaps were evaluated with
14-and 18-channel configurations.

The latter is a hypothetical extension motivated by prior evidence that midline/fronto-
central and centro—parietal sites are informative for imagery and memory processes
[186, 206, 270]. For both configurations, epochs spanned [0,1199]ms (baseline segment
excluded). Data structures were prepared in MNE [123].



Fig. 5.2 14 channel Emotiv channels subset (10-20 system). Black circled electrodes indicate
CMS/DRL reference sites.

Fig. 5.3 18 channel variant with added midline Fz, Cz, Pz, Oz (hypothetical extension). Black
circled electrodes indicate CMS/DRL.

5.1.7 Modeling Strategy

Pairwise Design. For each unordered pair among the 12 states (66 pairs), we trained
binary classifiers separately for perception and imagery. This design probes fine grained

separability within each condition and enables direct inter condition comparisons.

Time Sliding Estimation. Inspired by the time sliding fMRI/EEG strategy, we
trained classifiers over successive samples within each epoch to identify ROI. This

identifies early versus late contributions to separability within the range of [0,1199]ms.



Classifiers and Validation. We evaluated SVM, RF, and a shallow feedforward Artificial
Neural Network (ANN). Hyperparameters were tuned by grid search with inner cross
validation and appropriate scaling (MinMax/Standard/Robust). To assess subject
independent generalization, we used the LOSO method: for each hold out subject,
models were trained on the remaining 19 subjects. For each pair, predictions were
concatenated across all 20 LOSO folds to compute the final metric. For global method
comparisons, one way ANOVA and Tukey’s HSD were used on F1 distributions across

pairs and conditions.

Performance Metrics. Given TP, TN, FP, FN:

A TP+ TN Precisi TP (5.2)
ccuracy = recision = ——— .
Y= TP+ TN+FP+FN’ TP +FP’
TP o TN
Recall = m, SpeClﬁClty = m, (53)
2 - (Precision - Recall)
Fl1= 4
Precision + Recall (5:4)

5.1.8 Results

Global Pattern. Across all conditions and pairs, SVM provided the most reliable
performance; RF and the Feed Forward Neural Network (FFNN) were competitive
on specific pairs but did not outperform SVM in aggregate. In general perception

consistently outperformed imagery.

Condition and Density Effects. Fig. 5.4 display probability density plots of
pairwise F1. Clear separation between perception and imagery for both the 14- and
18 channel conditions is shown. Bonferroni corrected ¢ tests confirmed perception >
imagery for 14 channels (t = —6.06, p < 0.0001) and 18 channels (¢t = —7.01, p < 0.0001).
The differences between 14 and 18 channels were not significant for either imagery
(t =0.27, p=0.78) or perception (t =—0.49, p=0.61).

Best Pairs. Figures 5.55.6 report F1 heatmaps. Table 5.2 summarizes top accuracies
for selected pairs across categories and configurations. Perception achieved the highest
values overall (music_cold = 0.88 with 14 and 18 channels). Imagery peaks were lower
(cold_fear) =0.82 at 14 ch; sadness_sleep = 0.75 at 18 ch.

Intra condition Highlights (RQ1). In the context of imagination with a 14 channel

device, cold fear stood out with an accuracy of 0.82 and happiness hunger with
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Fig. 5.4 Distributions of F1 scores across all pairwise classifiers under perception/imagery
and 14/18 channel configurations.
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Fig. 5.6 F1 18 channels imagery

an accuracy of 0.80. Music hot proved difficult with an accuracy of 0.47. With 18
channels, sadness sleep and cold fear achieved an accuracy of 0.75. Within perception,
several pairs exceeded 0.80 accuracy. Music / cold peaked at 0.88 for both 14 and 18

channels.

Inter condition Contrasts (RQ2). Perception > imagery across most categories,
consistent with stronger, earlier sensory driven activations and with prior ERP literature
showing larger components during perception than imagination [93, 113, 171, 213, 267,
270]. For example, thirst_pain was 0.80 (perception, 14 ch) vs 0.65 (imagery, 14 ch);
hot__pain was 0.85 (perception, 18 ch) vs 0.68 (imagery, 18 ch).

Electrode Density (RQ3). Across all pairs, moving from 14 to 18 channels did not
significantly alter the overall performance distributions for either condition. However,
best pair summaries sometimes showed minor improvements with 18 channels. This
suggests diminishing returns from modest density increases when using mid sparse

montages and LOSO generalization.



Table 5.2 Top accuracies by condition and configuration. Blank entries indicate pairs not

among the top performers for that setting.

Category Pair State Pair Perception (14) Imagery (14) Perception (18) Imagery (18)
Primary-Primary hunger_sleep 0.80

Primary-Primary thirst_ sleep 0.82
Primary-Somatosensory thirst_ pain 0.80 0.65

Somatosensory—Somatosensory hot_ pain 0.85 0.68
Primary—Affective hunger sadness 0.72

Primary—Affective hunger__happiness 0.80 0.70 0.70
Primary—Affective sleep_ sadness 0.75
Primary—Secondary sleep movement 0.70

Primary—Secondary thirst music 0.70
Somatosensory-Affective cold_fear 0.82 0.75
Somatosensory-Affective hot__happiness 0.80

Somatosensory—Secondary hot__music 0.47

Somatosensory—Secondary music__cold 0.88 0.88
Affective-Secondary happiness__movement 0.65
Affective—Secondary fear play 0.82 0.80
Affective-Secondary sadness_ play 0.75

Affective-Secondary sadness movement 0.65

Secondary—Secondary movement_ play 0.62

5.1.9 Discussion

Performance patterns align with neurophysiological plausibility. Perception benefits
from direct stimulation of early sensory cortices, producing stronger, more reliable ERP;
imagery relies more on higher order networks and memory systems, typically yielding
lower amplitudes and higher variability [93, 113, 171]. The particularly robust decoding
of somatosensory states (cold, pain) and positive affect (happiness) likely reflects
generators closer to the scalp and well studied cortical circuits [270]. In contrast,
hunger, thirst, sleep involve deep structures that contribute weakly to scalp potentials
[244], which plausibly explains the lower separability for some primary need comparisons,
especially during imagery.

Electrode density findings are practical: for medium sized BCI, a carefully chosen
14 channels montage may capture most discriminative content for these tasks. Adding
a few midline sites (18 channels) provides only incremental benefits, consistent with
the idea that temporal resolution, task design, and robust cross subject modelling can

outweigh small spatial gains in sparse EEG.

5.1.10 Limitations

The binary pair design enables fine grained analysis but scales quadratically with the
class count (132 experiments here). Future work should evaluate multiclass models and
calibration light personalization. The sample size of 20 is typical for ERP studies but

limits power for subtle effects. Larger cohorts would strengthen the generalizability



of LOSO. Finally, the 18 channel montage is a hypothetical extension; hardware with

flexible midline coverage would facilitate confirmatory studies.

5.1.11 Conclusion

This study provides a systematic, subject independent comparison of motivational
perception and imagery using EEG and ML. Perception consistently shows higher
separability than imagery. Somatosensory and certain affective states are particularly
robust, and modest electrode density increases have a limited impact on overall
performance distributions. These results contribute to the design of a practical, medium
density BCI system for assessing motivational states and highlight the potential for

improving image decoding through task design, personalization and modelling.

5.2 Combining Mental States Recognition and Ma-

chine Learning for Neurorehabilitation

5.2.1 Introduction

In recent years, significant progress has been made in automated control and monitoring
applications. From this perspective, BCI technology provides a framework for interact-
ing with computers and external devices by analyzing electroencephalographic EEG
signals. The rapid development of Al has further encouraged researchers to employ
Machine Learning ML techniques for the classification of various EEG related tasks
within BCI systems.

Indeed, ML methods have been increasingly integrated into numerous research
domains, yielding remarkable scientific advancements in recent years. ML approaches
have become integral to rehabilitation and assistive technologies [179, 352], supporting
tasks ranging from biofeedback monitoring [112, 289] to BCI based emotion and
cognition analysis [20, 22].

Among emerging research directions, one of the most promising focuses on identify-
ing variations in mental states and employing BCI based technologies for both motor
and cognitive rehabilitation. However, there is still a lack of unified approaches in the
literature addressing sound based biofeedback systems designed to detect emotional
states using BCI. Sound driven rehabilitation frameworks have already shown signifi-
cant effectiveness in neurorehabilitation contexts and hold strong potential for further

enhancing biofeedback performance [276, 284].



The main contributions of this work can be summarized as follows:

(i) We propose a novel biofeedback system based on BCI technology to detect two

mental states of users: Focus and Relazation;

(ii) Depending on the detected state, the system generates either a Focused or Relazed

musical output;

(iii) We demonstrate the applicability of the proposed system for potential integration
into rehabilitation and assistive tasks, where the generated auditory biofeedback

can support motor engagement.

The remainder of this paper is structured as follows. Section 6.3.2 reviews related
work relevant to this study. Section 5.2.3 describes the materials and methods. Sec-
tion 5.2.6 presents the proposed framework, while Section 7.4.10 reports the obtained
results. Finally, Section 7.4.11 concludes the paper and outlines directions for future

work.

5.2.2 Background and Related Work

Parivash et al. [251] proposed a system based on BCI, Virtual Reality (VR), and
DL to detect three different neurostimulations during specific motor imagination
tasks and generate the appropriate avatar virtual neurostimulations in the VR world.
They analyzed the task of brain patient arousal to generate correct stimulations
based on the instructed motor imagination task. The real-time system contains the
following four units: (i) Preprocessing unit that employs a bandpass filter and discrete
wavelet transform to prepare the sequenced EEG signals for feature extraction; (ii) a
Feature selection unit that calculates the energy of the sequenced EEG signals from its
decompositions and forms the normalized feature vectors for classification; (iii) MLP
classification unit to detect three different types of neurostimulations and (iv) Logic unit
to generate the correct virtual neurostimulations from the appropriate classifications
and delete the incorrect classifications.

McMahon et al.[219] show a prototype development environment for game control.
It is a low cost open source system based on BCI, VR, which uses real time processing
of EEG ERD and ERS signals within the precentral gyrus (motor cortex), allowing
the user to control a 3D object within a VR environment. The authors conducted a
study on patients who needed neurorehabilitation. The feedback and results from the

participants were enthusiastic, and the BCI, VR system worked as expected.



Karacsony et al.[156] present a real EEG via BCI system using a VR game as
motivational feedback for stroke rehabilitation. The proposed game is based on targets
that must be hit. If the subject successfully hits a target, it explodes. This gives
feedback on a successfully imagined and virtually executed movement of hands or feet.
A CNN with a unique process onset detection technique was used. This achieved better
results than previous architectures on datasets from the offline PhysioNet database.
Ten participants said the training was interesting, fun, and engaging. The system has
achieved excellent results. A simultaneous approach was proposed for detecting trial
onset. This optimized the classification for real-time performance. The experiment
confirms the clinical potential of such a system by addressing the problem of low
motivation in stroke neuro rehabilitation.

However, the current literature does not report the use of BCI and ML to generate
music as a neurorehabilitation tool for patients with motor disorders. In summary,
the preceding discussion demonstrates a significant gap in existing research. This
work presents a state of the art advancement by introducing a novel approach that

leverages ML and BCI to provide an acoustic neurorehabilitation tool.

5.2.3 Materials and Methods

We adopt a polyphony generation paradigm conditioned on Focus vs. Relaxation.
Polyphony here denotes the coordinated superposition of four melodic lines.

The framework illustrated in Figure 6.2 comprises five main steps. Figure 6.2
outlines five stages. First, EEG is acquired via the Muse headset [24]'. Second, the
data are preprocessed. Third/Fourth, the ML Engine estimates the mental state and
instantiates the matched music generator and score visualizer. Fifth, a musician plays
the generated score in real time, closing the biofeedback loop as the user listens and

adapts (striving for higher rhythmicity to encourage movement).

5.2.4 Data Acquisition Device

We employ the Muse BCI, a dry electrode headset with four sensors placed according
to the international 10-20 layout [136] at AF'3, AF4, T P9, T P10, referenced to F' Pz
(CMS/DRL), sampling at 256 Hz.

thttps: //choosemuse.com /muse-2/
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Fig. 5.7 System Architecture.

5.2.5 Polyphonic Structure Generation

The classifier output selects one of two rhythmic sets used to derive four voice-specific

rhythmic profiles:

1. Focus: quarter (1/4), eighth (1/8), sixteenth (1/16) notes and corresponding

rests;

2. Relaxation: whole (4/4), half (2/4), quarter (1/4) notes and corresponding

rests.

Random permutations generate rhythmic strings per voice. Pitch material is constrained
to user-selected scales. The framework enumerates all scales of size 3—11 over the
12-tone equal temperament [143, 153]. Figures 5.8-5.9 illustrate the GUI for selecting
scale size and choosing (e.g.) among pentatonic options. All polyphony is realized over

the selected scale.

Dataset Description

We use the public EEG brainwave mental state dataset [32], collected from four adults
(two male, two female) across focus, neutral, and relaxation conditions.? Relaxation

trials included soothing audio; focused trials involved a three-cup attention task. Due

2https://github.com/jordan-bird /eeg-feature-generation/tree/master/dataset/
original data
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Fig. 5.9 GUI: example submenu of pentatonic scales in one octave.

to noise in T'P9/T P10, we limit analysis to AF3/AF4. Figures 5.10-5.11 show raw vs.
filtered signals; artifacts include ocular (low frequency) and muscle (high frequency)
components [313]. To mitigate these, we filter within the alpha band and proceed with
AF3/AF4 channels.
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Fig. 5.10 Raw EEG during Focus [a] and Relazation [b] before filtering; ocular and muscle
artifacts are evident [313].
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Fig. 5.11 Raw of EEG Signal during the Concentrating [a] and Relaxation [b] tasks, after the
preprocessing pipeline.



5.2.6 Framework

The primary objective of the framework is to distinguish between two mental states:
activation and relaxation, using an ML classifier. Based on the user’s activation level,
the system generates music in real time that corresponds to the identified mental
state. The subsequent section details the preprocessing steps and the machine learning

engine’s operations.

5.2.7 Machine Learning Engine

The ML approach is structured into two distinct steps. In the first step, the MiniRocket
algorithm [87] was applied using the implementation provided by the sktime library [201].
MiniRocket is a variant of the Rocket algorithm designed for feature extraction from
time series data. Each time series is processed using random convolutional kernels
followed by global max pooling.

Proportion pooling is applied to the convolutional output, resulting in two features
per kernel. The extracted features encode information relevant to class membership,
which can be modeled by a linear classifier. The initial process involves extracting fea-
tures from each time series by applying convolutional filter kernels to multivariate EEG
segments. These features are subsequently input to a Ridge classifier, selected as a
linear method to address feature collinearity through L2 regularization and to perform
feature ranking [150]. The dimensionality of the extracted features is determined by
two hyperparameters: kernel size and kernel length. Hyperparameter optimization
is conducted using Python pipelines, which include: (i) MiniRocket tuning (kernel
size and length), (ii) RidgeClassifier tuning, and (iii) selection of normalization func-
tions (MinMaxScaler, StandardScaler, RobustScaler). This process employs 5 fold
cross validation and random search (50 iterations), implemented in Python using the
Scikit-learn library [254]3.

The process of selecting the optimal EEG segment and tuning hyperparameters
is repeated for different EEG signal lengths. Determining the appropriate signal
length is critical for maximizing information extraction in real time classification. The
maximum EEG epochs length is set at 5 seconds to ensure suitability for real time
applications. Table 5.3 reports dataset shapes per window.

Accuracy, F1 score, precision, and recall have been computed to assess the models’

performance. Accuracy is defined as follows:

3http:/ /scikit-learn.org
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Fig. 5.12 Distribution of Ridge feature coefficients averaged across validation folds.

Table 5.3 Training snapshot by EEG segment in sec.
EEG Segment Raw Trials Channels Samples

1 822 2 256
2 409 2 512
3 272 2 768
4 203 2 1024
) 162 2 1280
Accuracy = ITPrIN 100 (5.5)

TP+TN+FP+FN
where TP = True Positive, TN = True Negative, FP = False Positive and FN =
False Negative.
Recall is defined as the proportion of correct positive classifications among all

positive samples:

TP
Recall = ————— 5.6
T TPYFN (5.6)
Precision represents the ratio of correct positive classifications to the total positive
classifications: TP
Precision = ————— 5.7
recision = s (5.7)

Recall and accuracy are combined to form the F1 score:

Precision - Recall
Fl1=2. 5.8
Precision + Recall (5-8)




The main goal of the second phase is obtaining the average distribution of the
coefficients of the features corresponding to the best model-RidgeClassifier. Figure 5.12
shows the feature coefficients averaged across k-fold validation rounds. Afterwards, the
best predictive model and EEG segment are selected. We used a statistical criterion to
reduce the set of 3,864 features based on the selection of the most significant features
(lower 10th percentile and upper 90th percentile, given the symmetry of the model
weights). The new set of reduced features is 774.

Consequently, the training dataset is redefined according to the new subset of
extracted features. Finally, we trained three ML algorithms ( SVM, RF and KNN)
with hyperparameter tuning and k-fold strategy.

Table 5.4 Performance of the best models for different EEG segment lengths. Segment length
is measured in seconds (sec).

EEG Pipeline Step: Pipeline Step: Pipeline Step: .. Confusion
Segment Length (s) MiniRocketMultivariate Scaler RidgeClassifier Precision Recall F1-Score Accuracy Matrix
a = 621.01
1 kernel max dilations: 352 RobustScaler max_ iter = 891 class -1 = 0.73 class -1 = 0.70 class -1 = 0.71 0.75 51 22
num kernels: 1110 : i random_state = 42 class 1 = 0.77 class 1 = 0.79 class 1 = 0.78 : 19 73
solver = auto
o = 148.73
9 kernel max dilations: 848 StandardScaler max_iter = 769 class -1 = 0.78 class -1 = 0.69 class -1 = 0.74 0.78 2512
- num kernels: 261 B R random_ state = 42 class 1 = 0.78 class 1 = 0.85 class 1 = 0.81 . 739
solver = auto
o = 148.73
3 kernel max dilations: 512 RobustScaler max__iter = 591 class -1 = 0.83 class -1 = 0.83 class -1 = 0.83 0.85 20 4
num kernels: 3910 o random_state =42 class 1 = 0.87 class 1 = 0.87 class 1 = 0.87 : 427
solver = auto
a=0.78
4 kernel max dilations: 384 MinMazScaler max_iter = 16 class -1 = 0.75 class -1 = 0.67 class -1 = 0.71 0.76 126
num kernels: 12010 random_state = 42 class 1 = 0.76 class 1 = 0.83 class 1 = 0.79 ! 419
solver = auto
a = 57.36
5 kernel max dilations: 560 RobustScaler max__iter = 270 class -1 = 0.91 class -1 = 0.67 class -1 = 0.77 0.82 105
num kernels: 16910 T random_state = 42 class 1 = 0.77 class 1 = 0.94 class 1 = 0.85 ’ 117

solver = auto

5.2.8 Results and Discussion

Table 7.2 presents the best performing model for the 3 second EEG epochs. Figure 5.12
displays the coefficient distributions of the best models for each EEG segment length.
Notably, models trained with 1, 2, and 3-second segments exhibit feature distributions
with the greatest variance. These results indicate that implementing a percentile based

feature selection criterion could enhance model performance.

Table 5.5 Results of 5-fold cross-validation applied on Test set. MA = Mean Accuracy;
STD = Standard Deviation.
Model Fold 1 Fold 2 Fold 3 Fold 4 Fold5 MA STD
SVM 0.8727 0.9454 0.9444 0.9259 0.8148 0.9006 0.0504
Random Forest 0.8363  0.9636  0.8148  0.9074 0.7592 0.8563 0.0716
KNN 0.8545 0.8545 0.7037 09444 0.8333 0.8381 0.0773




In contrast, the coefficient distributions for the 4 and 5 second segments are more
concentrated near zero, suggesting that feature impact is reduced relative to models
using 1, 2, and 3 second segments. Table 7.2 and Figure 5.12 illustrate that the optimal
final model configuration is achieved by selecting 3 second EEG segments.

Three candidate models were identified as optimal: SVM, RF, and KNN. SVM
constructs a geometric separation hyperplane using support vectors. RF determines the
decision boundary based on feature informativeness. KNN forms centroids according
to feature similarities and differences. Table 5.5 presents the results of the 5 fold cross-
validation strategy following the feature selection process described previously. SVM,
with a mean accuracy of 0.90 and a standard deviation of 0.050, demonstrates the
highest performance for two mental state recognition tasks in a 5 fold cross-validation
during both training and testing step. This approach advances the state of the
art [32] by preprocessing EEG signals to remove noise and artifacts, and achieving
high classification performance using only alpha range variations.

In summary, SVM outperforms the other models due to its practical decision bound-
ary definition and suitability for the data distribution. Compared to RF and KNN, SVM
also demonstrates greater consistency between training and testing performance, shows
no evidence of overfitting, and achieves the lowest standard deviation during the test

phase.

5.2.9 Conclusion and Future Work

We presented a portable BCI+ML biofeedback tool that discriminates Focus from
Relaxation and maps the decision to polyphonic rhythmic structures suitable for
neurorehabilitation. SVM classifier achieved an average test accuracy of 0.90 on 5-fold
CV. Future work will (i) extend to multi-class affective states, (ii) personalize models
with transfer learning, (iii) integrate continuous arousal/valence estimation, and (iv)

evaluate clinical efficacy with standardized usability and workload instruments.



Chapter 6

BCI for Neuro Musical Interfaces

6.1 NeuralPMG: A Neural Polyphonic Music Gen-
eration System Based on Machine Learning

Algorithms

6.1.1 Introduction

Following the developments discussed above, this section introduces NeuralPMG,
a system that integrates BCI based mental state detection with polyphonic music
generation to enhance creativity and user engagement in composition. NeuralPMG
extends prior lines of work by combining ML and BCI to classify users’ mental states
and using these classifications to shape the compositional process in realtime. The
framework brings together Slonimsky’s theoretical model, Al driven pattern generation,
and an interface that fuses EEG sensing with hand motion input, yielding a fluid, end
to end composition experience.

Beyond recognizing emotion, NeuralPMG aims to apply these device in artistic and
therapeutic contexts. Users’ mental states are mapped to musical structures, providing
a responsive composition environment that adapts to ongoing cognitive and affective
changes. This marks a substantive step in our research agenda, showing how BCI can
act both as conversation support systems and as interactive composition tools suitable
for neurorehabilitation and creative education.

In what follows, we detail NeuralPMG’s design: EEG based classification of mental
states, hand tracking for melodic material, and realtime generation of polyphonic
textures. The system illustrates practical, user centered applications of BCI and Al

across healthcare, education, and the creative industries.



6.1.2 Related Work

This section reviews studies that employ EEG signals as direct drivers of music
generation.

Folgieri et al. [111] introduce a low cost BCI approach that aims to let users
deliberately trigger specific musical notes via brain activity within a multimodal
conditioning paradigm (audio, gesture, and visual cues). Their study proceeds in two
phases: (i) recording unconscious EEG from multiple participants and transforming
the resulting brainwaves into sound to assess whether subject specific or common EEG
characteristics can be identified, and (ii) training users to consciously reproduce single
notes using commercia BCI devices and targeted reinforcement (listening, gesture
association, and note-specific visual prompts). The resulting application links each
note to a unique gesture and color coded visual label, guiding users to generate the
intended note from their EEG signals.

Hamadicharef et al. [128] present I2R NeuroComm, a P300-based [325] BCI system
for interactive music composition. The interface allows users to insert or delete notes
and to play short melodies directly from brain responses. The core contribution lies in
enabling end to end composition through a novel Graphical User Interface (GUI) that
displays both textual and staff-based melodies and provides controls for note entry,
deletion, and playback.

Pinegger et al. [261] propose Brain Composing, a P300-driven composition environ-
ment with a stepwise selection process and dynamic stopping. Signals are classified
after each sequence using an shrinkage Linear Discriminant Analysis (sSLDA) classifier;
if the same element is detected three times consecutively, it is selected, otherwise the
sequence restarts. In tests with five volunteers using a tap water—based electrode am-
plifier to improve usability three participants exceeded 77% accuracy and successfully
copy composed a target melody. Reported accuracies range from 77.8% to 95.7%,
with total task times between 15 and 22 minutes, and questionnaires indicating high
perceived attractiveness and ease of use.

Overall, while prior work demonstrates that P300-based BCI interfaces can sup-
port symbolic music entry and simple composition [128, 261] and that multimodal
conditioning can help users map EEG patterns to discrete notes [111], the literature
remains sparse on systems that leverage modern ML techniques to compose music by

exploiting BCI signals end to end as pursued in our work.



6.1.3 Example Scenario

This section presents a usage scenario for NeuralPMG. Scenarios are widely adopted
in HCI to “bring requirements to life” [265], offering concrete narratives of people
performing tasks within specific contexts [130].

Tom is a professional composer who produces soundtracks for films, commercials,
music videos, audiovisual installations, and contemporary classical music projects. He
frequently manages multiple commissions simultaneously, spanning different genres
and timelines. His goal is to create complex works as both audio recordings and
complete scores, suitable for performance with virtual instruments or live ensembles.
To streamline production, Tom creates semi finished musical materials that he can
refine at a later stage. An expert in Slonimsky’s theory, he regularly explores generated
scales and melodic patterns, constructing polyphonies using contemporary techniques
of note permutation, inversions, transpositions and rhythmic variations. He is also well
versed in the rules of polyphony and counterpoint for tonal and post tonal writing.

Tom prefers not to relinquish creative control to a fully automated system. Instead,
he adopts NeuralPMG, whose GUI is shown in Figure 6.1.
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Fig. 6.1 GUI of the NeuralPMG framework: three panels outline the main steps in creating the
final polyphony, Mental states training, Melodic pattern creation, and Polyphony generation.
Usage instructions appear in the top panel.

As a first step, Tom puts on an Emotiv BCI headset and trains the system to
recognise two mental states: Focused and Relaxed. He achieves this by selecting
the “Focused” and then “Relaxed” buttons in the mental state training panel. Once
training completes, Tom activates the Leap Motion to create a melodic pattern:
moving his fingers over the sensor, the device captures finger coordinates. It renders
the corresponding notes on a staff. Both the hand pose and the notated staff appear in
the Melodic pattern creation panel. The pattern can be repeated or interrupted. Once
you are satisfied, explore alternatives using the Interval Axes in Semitones control
panel, transposing and readjusting the pattern on different interval axes. Then save
the pattern as MIDI or XML. Using this seed, the system applies Slonimsky’s grammar
to generate all related melodic variations.

Tom proceeds to Polyphony Generation. The trained classifier determines his

mental state and drives polyphonic output. He knows that in the Focused state the



system uses quarter, eighth, and sixteenth note values, while in the Relaxed state it uses
whole, half, and quarter notes. Depending on the desired character, he intentionally
adopts one state or the other. He can also adjust interval sets, the performance tempo
(beats per minute, bpm), and the interval of each voice. When satisfied, he exports the
result as MIDI or XML.

Over time, Tom builds an archive of melodic and polyphonic materials to arrange
and refine in a Digital Audio Workstation (DAW) or notation editor as needed.

6.1.4 NeuralPMG Framework Architecture
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Fig. 6.2 Overview of the NeuralPMG framework architecture.

As shown in Figure 6.2, NeuralPMG comprises three macro components. The Data
Acquisition module ingests signals from Leap Motion and the Emotiv headset. The Al
Engine receives EEG power band values via the Cortex V.2 REST API and applies ML
to first build a user training set and then classify the current mental state. The
Music Generation Engine (i) derives the melodic pattern from Leap Motion data; (ii)
generates a polyphony conditioned on the pattern and the Al Engine’s mental state
prediction; and (iii) hosts the GUI for interaction and feedback. Dashed lines indicate
control signals among modules.

The modules are orchestrated with Python Flask!, exposing an API REST over

TCP/IP for client-server communication.

IPython Flask library: https://flask.palletsprojects.com/en/2.0.x/



Data collection devices.

« Brain Computer Interface. The Emotiv Insight? is a five electrode passive
headset that records EEG. Semi dry polymer electrodes typically operate without
gels. Signal quality is monitored in EmotivPRO? (from Green “excellent” to
Black “very poor”). Through Cortex V.2, the headset streams power spectra
for Delta (0-4 Hz), Theta (4-8 Hz), Alpha (8-12 Hz), Beta (12-35 Hz), and
Gamma (35-43 Hz). Electrodes are placed at AF3, AF4, T7, T8, and Pz under
the 10-20 standard [136].

+ Leap Motion. Leap Motion (LM)* tracks palm and finger motion in 3D. Streams
are consumed via aka.leapmotion® in Max/MSP for immediate visualization in

the GUL

Fig. 6.3 Electrode placement under the 10-20 system.

6.1.5 Polyphony Generation Process

NeuralPMG’s generation pipeline has two stages:

Zhttps://www.emotiv.com/insight/
3https://www.emotiv.com/emotivpro/

4https:/ /www.ultraleap.com /product /leap-motion-controller/
Shttps://github.com/akamatsu/aka.leapmotion



« Basic melodic pattern. A reference interval axis (per Slonimsky) is selected.
Infra/inter /ultra polations and their permutations are driven by finger motion
(Section 6.1.5).

« Polyphonic structure. The seed pattern is projected to four voices. Rhythmic
profiles for the voices are permuted from two sets: {quarter, eighth, sixteenth}
and {whole, half, quarter}, each with rests. Dynamics per voice derive from
scaled amplitudes of Alpha, Beta, Theta, Gamma, and Delta bands (MIDI
0-127). Selection of rhythmic set and dynamic trajectories is governed by the

user’s current mental state.

Mental State Generation The system records band power values for Alpha, Beta,
Theta, Gamma, and Delta. Consistent with the literature [42], Focused is associated
with increased Beta/Gamma power; Relaxed correlates with elevated Alpha. Users
first train the classifier to distinguish these states. To elicit Focused, the interface
presents random numeric strings for subvocal reading. To elicit Relaxed, it plays
natural soundscapes (lowing water, birdsong). The resulting samples form the training

set for MLL models and shallow feed forward networks.

Melodic Pattern Generation Users hold one hand roughly 30 cm above the Leap
Motion. The system reads the Y-coordinates of five fingers (left or right hand). Three
fingers determine a four-note cell: the first note is the reference; the thumb, middle,

and little finger set the remaining notes.

.0.5.

Fig. 6.4 Visualization of finger positions in the NeuralPMG GUI.
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Fig. 6.5 Finger positions mapped to the musical staff.

The LM-derived pattern is scaled to two octaves via bach.mod®:

1. Thresholding. For inputs < 2400 cents, output equals input; for inputs > 2400
cents, output is input — 2400.

2. Clef offset. Add +6000 cents for correct display in treble and bass clefs.

3. Base cell & axis. The four note base cell is then shifted by an axis constant: 0

cents for unison; 4600 cents for augmented fourth, etc.

4. Notation. The pattern is rendered in mensural notation [187] with a uniform
quarter note rhythm.
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Fig. 6.6 Infra/inter/ultrapolations on the augmented fourth axis C-Ff.

Polyphony Generation The Emotiv headset transforms time domain EEG to
frequency domain features. Approximately once per second, 25 features (five bands x
five channels) are sampled across 50 time steps and sent to the classifier. The predicted

state selects one of two rhythmic inventories:
1. Focused: 1/4,1/8, 1/16 (and rests).
2. Relazed: 4/4, 2/4, 1/4 (and rests).

Random permutations yield 49 element rhythmic strings, one value per note, which

are overlaid on the pitch material in four voices (visualized in bach.score). Voices

Shttps://www.bachproject.net/



can be transposed along any chosen interval axis by adding the corresponding constant
to each pitch (Figure 6.7).

[4800 4608 5444 4646 5400 5208 6044 5246 6000 5808 6644 5846 6600 6408 7244 6446 7200 7008 7844 7046
7800 7608 8444 7646 8400 8208 9044 8246 9000 8808 9644 8846 9600 9408 10244 9446 10200 10008 10844
10046 10800 10608 11444 10646 11400 11208 12044 11246 12000 11808 12644 11846]

I° voice transposition

ach.expr $x1 + $x2 @out

[5100 4908 5744 4946 5700 5508 6344 5546 6300 6108 6944 6146 6900 6708 7544 6746 7500 7308 8144 7346
8100 7908 8744 7946 8700 8508 9344 8546 9300 9108 9944 9146 9900 9708 10544 9746 10500 10308 11144
10346 11100 10908 11744 10946 11700 11508 12344 11546 12300 12108 12944 12146 ]

Fig. 6.7 Transposition of a pitch set by a constant (example: +300).

Dynamics are set from band amplitudes mapped to MIDI velocity (0-127) using
Max/MSP’s scale with input range [0,100] (Emotiv’s nominal maxima) and output
[10,127] to avoid silence. The piece can be auditioned at a user specified tempo (quarter

= nBPM). Additional controls allow per voice transposition; output can be exported
as MIDI or MusicXML.

6.1.6 NeuralPMG Engine

NeuralPMG records two mental states Focused/Relaxed to build a user dataset and
selects the best ML model for that user. Leap Motion input supplies melodic seeds;

the classifier’s output conditions polyphonic generation.

Dataset Generation. Communication between the BCI and Cortex API is handled
via Flask”. The API streams absolute band powers (uV2/Hz) for each electrode. Each
user’s dataset comprises 25 features (five bands x five channels) across 100 acquisitions:
the first 50 while reading number strings (Focused); the next 50 while listening to

natural sounds (Relaxed).

Model Selection. Inter individual variability in EEG responses complicates classifi-
cation. We therefore trained, for user, multiple models in parallel:
LDA [117], Decision Tree (DT) [55], Naive Bayes (NB) [274], SVM [335], KNN [306],

and ANN [308] (1x10, 1x25, and 2x10 hidden units). Using MATLAB’s Classification

8

Learner®, we applied Z score normalization and 5 fold CV with randomized hyperpa-

"https:/ /flask.palletsprojects.com/en/2.2.x/
8https://it.mathworks.com/help /stats/classificationlearner-app.html



rameter search. Table 6.1 reports pilot results ( KNN under performed; FNN1, though

weaker, remains implemented for completeness).

Table 6.1 Mental-state classification performance: LD = Linear Discriminant, DT = Decision
Tree, NB = Naive Bayes, SVM = Support Vector Machine, FNN = Feedforward Neural
Network.

Accuracy Performance
User LD DT NB SVM KNN FNN1 FNN2 FNN3
1 0.67 0.86 090 0.88 048 0.66 0.78 0.45
043 0.52 0.67 0.69 034 0.57 0.60 0.59
0.84 0.65 0.67 0.80 0.62 0.64 0.80 0.82
0.67 0.78 0.65 0.89 0.56  0.59 0.98 0.92
0.89 0.67 0.64 0.76 040 0.68 0.67 0.52

Tt = W N

6.1.7 Evaluation Study

This section reports a user study evaluating interaction with NeuralPMG from multiple

perspectives.

Participants and Design Participants were students from the Electronic Music
laboratory at the E.R. Duni Conservatory of Matera, chosen for experience with
algorithmic composition and sound manipulation software. Traditional composition
students were not included due to limited emphasis on computer tools. All participants
had moderate experience with computer aided composition; some were professional
instrumentalists, and all played at least one instrument. None knew Slonimsky’s
method. Demographics: age min = 19, max = 61 (avg = 30); Females = 10, Males =
9: 1% level degree = 11, 2" level = 8.

Procedure Three HCI experts supported each individual session in the Conserva-
tory’s “Rota” hall (moderate lighting, ~21°C). The study proceeded as follows: consent
and setup; headset calibration (10720 placement via EmotivPRO, with conductive
gel as needed); mental state training (reading numbers for Focused, diaphragmatic
breathing with nature sounds for Relaxed); melodic pattern creation with Leap Motion
(start/stop, hand motion at ~10 cm, save/audition/transpose; ~10 minutes); and
polyphony generation (press Dial, audition, adjust BPM/axes, export MIDI; ~20

minutes including calibration).



Data Collection We collected questionnaires (demographics; UX, creativity support,
workload, engagement, emotion; self assessment; appreciation; comments) and observer

notes; sessions were audio video recorded. Average completion time was ~12 minutes.

Experiments and Results Classification performance. Table 6.2 reports participant
accuracies for the selected model ( LDA, DT, NB, SVM, ANN). Selections were
balanced across LDA, DT, ANN and SVM; NB was chosen twice;

Table 6.2 Model accuracy per participant. LD = Linear Discriminant, DT = Decision Tree,
NB = Naive Bayes, SVM = Support Vector Machine, FNN = Feedforward Neural Network.
Grey cells indicate the selected model.

Accuracy Performance
Participant LD DT NB SVM FNN1 FNN2
1 0.67 0.78 0.85 0.66 0.51 0.43

2 0.54 0.65 045 0.69 0.52 0.58
3 0.84 0.76 0.67 082 0.64 0.47
4 034 055 041 086 0.78 0.94
3 0.89 0.78 0.68 0.72 0.81 0.84
6 0.90 087 0.77 082  0.67 0.78
7 0.55 0.52 041 048  0.50 0.51
8 034 045 044 049 031 0.30
9 0.80 087 090 097 0.87 0.88
10 045 0.80 0.51 0.78  0.80 0.97
11 0.30 0.73 045 0.56 0.70 0.75
12 0.67 056 0.78 0.80 0.78 0.90
13 045 091 034 0.78 0.68 0.87
14 0.30 040 046 044 0.23 0

15 0.56 039 040 0.76 0.60 0.50
16 0.70 080 0.64 0.79 0.73 0.77
17 043 044 065 032 0.70 0.98
18 0.67 091 080 0.78 0.79 0.46
19 031 020 030 043 0.38 0.40

User eXperience AttrakDiff results (Table 6.3) classify NeuralPMG as desirable,
with strong hedonic qualities (HQ) and solid pragmatic qualities (PQ). HQ (1.55, 0.29)
exceeds PQ (0.76, 0.35). Component scores: ATT 7.50+0.63, HQ-I 6.48 +0.60, HQ-S
7.254+0.73, PQ 5.834+0.81.



Table 6.3 AttrakDiff means (AVG) and standard deviations (SD).
AVG Score  SD Score

PQ 5.83 0.81
HQ-I 6.48 0.60
HQ-S 7.25 0.73
ATT 7.50 0.63

Support for Creative Design The Creativity Support Index (CSI) averaged
70/100 (SD = 14.86). Immersion scored highest (8.18), followed by Exploration (7.63),
Expressiveness (7.32), and Effort/Reward (7.45). Collaboration was lowest (5.03),

consistent with the system’s single user design (Table 6.4).

Table 6.4 CSI dimensions: means (AVG) and standard deviations (SD).
AVG Count SD Count AVG Score SD Score AVG weigh. Score SD weigh. Score

Exploration 4 1.08 7.63 1.67 30.12 1.80
Collaboration 3 1.18 5.03 2.83 16.14 3.35
Immersion 2 1.60 8.18 1.72 18.52 2.74
Expressiveness 1.42 1.07 7.32 1.93 10.40 2.07
Enjoyment 3 1.33 6.74 2.01 20.21 2.68
Effort/Reward 1 1.61 7.45 2.34 8.62 3.77

Workload NASA-TLX indicated high mental demand (7.4247.68) and low phys-
ical demand (0.63 £2.75). Performance was rated positively (8.11 £+3.02), with low
frustration (3.9545.03), though variability likely reflects headset calibration effort
(Table 6.5).

Table 6.5 NASA-TLX means (AVG) and standard deviations (SD).
AVG Count SD Count AVG Score SD Score AVG weigh. Score SD weigh. Score

Mental Demand 1.21 0.92 4.63 2.83 7.42 7.68
Physical Demand 0.11 0.46 2.68 1.73 0.63 2.75
Temporal Demand 1.37 1.16 3.00 1.83 5.53 5.57
Performance 0.89 0.32 8.68 1.57 8.11 3.02
Effort 1.00 247 1.00 247 4.95 6.84
Frustration 0.74 2.35 0.74 2.35 3.95 5.03

User Engagement The UES short form averaged 4.13 (SD = 0.41). Dimension
means (Table 6.6) show high Perceived Usability (PU), Aesthetic Appeal (AE), and
Reward (RW), with moderate Focused Attention (FA).



Table 6.6 UES dimensions: means (AVG) and standard deviations (SD).
AVG Score  SD Score

FA-S 3.51 0.56
PU-S 4.28 0.64
AE-S 4.28 0.71
RW-S 4.46 0.60

Emotional Response Emotions were grouped as {Excited/Delighted /Happy},
{Sleepy/Calm/Content}, {Neutral}, and {Sad/Depressed/Bored}. Table 6.7 displays a
softmax on the category scores, producing a dominant positive class (0.99978), with

negligible results on the other emotions.

Table 6.7 Softmax normalized emotional scores.

Excited, Delighted, Happy 0.99978

Sleepy, Calm, Content 0.00005
Neutral 0.00012
Sad, Depressed, Bored 0.00005

Self assessment and Appreciation Participants indicated that further pitch/dy-
namic refinement would be needed (AVG = 3.42/7). Preferred follow-up techniques
were serial/atonal (AVG = 5.21) and aleatory (AVG = 5.42). Target domains skewed
academic (AVG = 5.16) and multimedia (AVG = 5.84). Thematic analysis of open
responses highlighted novelty, unconventional materials, and value of BCI/Leap Motion;
critiques focused on headset comfort, GUI, and efficiency (see Tables 6.8 and 6.9).

Table 6.8 Aspects of NeuralPMG appreciated by participants.
Theme Frequency

Overall system novelty 7
Use of BCI system

Production of unconventional polyphonies
Use of Leap Motion device

Production of unconventional melodies

D W W w3

Power of generative grammar




Table 6.9 Criticisms aspects of neural PGM by participants.

Theme Frequency
Use of BCI system 5

Use of Leap Motion device

System graphical user interface

System appreciation

W N N

System efficiency

6.1.8 Polyphony Assessment by Music Experts

Two Music Maestro independently evaluated the 19 polyphonies using a six section ques-
tionnaire (aesthetics, harmony, elaboration, application scenarios, nine emotions, and
open comments), each on 177 Likert scales where applicable. Results are summarized

via heatmaps with means and standard deviations (Figures 6.8 and 6.9).

Section Specific aspect Participant Descriptive statistics
8 9 10 11 12 13 14 15 16 17 18 19 AVG SD AVG SD
5 5 6.11 0.94

5 642 069 632 0.78

Likeability
Aesthetic  Elegance

5
5
Consonance/Dissonance 5 5 6.42 0.69
Harmonic Interest 5 5 2 3 2 2 2 2 2 2 2 2 2 2 23117
Innovativeness Harmor_wic Innovative_ness 4 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 211046 237 103
Innovativeness Vertical Intervallar Structures 3 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2206023
Innovativeness Horizontal Intervallar Structures 3 3 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 211032
Mo Need to Adjust Parameters 2 5 - £ 5 5 74 1.10
Elaboration  Polyphony Thoroughness 2 BSERGERG NG ENs 0.83 418 184
Polyphony Needs No Further Modification 3 4 3 3 2 1.26
Music Improvisation Boosting 2 3 2 0.56
Usage Music Composition Boosting 4 1.64 225 1.39
Music Application Domain 2 0.81
Happiness 0.90
Sweetness 0.00
Anger 0.00
Sadness 0.00
Emotion Fear 0.00 1.61 0.96
Megativity .00 0.00
Arousal 4 3 3 3 3 3 3 3 3 3 311 066
Positivity 3 2 2 2 142 069
Strength 4 2 33 433333 3 311046

Rating.ﬁ 5 4 3-

Fig. 6.8 Maestro 1’s evaluation of the 19 polyphonies.




Section Specific aspect Participant Descriptive statistics

1 3 4 6 7 8 9 10 11 12 16 17 18 19 AVG SD AVG SD
Likeability 4 5 6 ] 6 5 5 5 595 0N
Aesthetic Elegance 4 5 6 6 5 6 4 5 5 568 095 595 091
Consonance/Dissonance 5 [ 6 6 6 4 6 5 621 0485
Harmonic Interest 5 6 6 6 5 6 5 5 6 611 0.81
Innovativeness Harmorjic Innwativgness 5 6 6 5 5 6 6 5 6 611 074 601 077
Innovativeness Vertical Intervallar Structures 6 56 5 5 b 6 6 5 6 589 074
Innovativeness Horizontal Intervallar Structures 6 5 - 5 5 5 6 6 5 5 595 085
Mo Meed to Adjust Parameters 3 3 3 3 5 5 3
Elaboration  Polyphony Thoroughness 4 3 6 4 4 3
Puolyphony Needs No Further Modification 3 4 [ 5 4
Music Improvisation Boosting 5 6 5 5 4
Usage Music Composition Boosting 6 6 5 6 5
Music Application Domain 6 6 6 6
Happiness 5
Sweetness
Anger
Sadness
Emation Fear 302 220
Megativity .
Arousal 5 5 4.32 2.06
Positivity 5 1.26 0.93
Strength 4.32 1.83

6
Rating.ﬁ 5 413 2.

Fig. 6.9 Maestro 2’s evaluation of the 19 polyphonies.

6.1.9 Discussion

Overall, the user experience (UX) was positive. Creativity scores highlighted explo-
ration, immersion, and enjoyment; expressiveness was less relevant. The workload had
a low physical impact, but variability in calibration caused frustration. Engagement
was high, and emotional responses were predominantly positive. Participants found
NeuralPMG effective for organizing complex presentation materials. However, modifi-
cations to the presentation/dynamics were anticipated; the results were useful starting
points, particularly for academic and multimedia contexts in line with serial /atonal
practice. Feedback suggested moderating the sensitivity of Leap Motion and improving
the clarity of the GUI. To improve explainability [285, 293]), future versions could

display decision indicators to boost user confidence.

6.2 Neural Musical Instruments through Brain Com-

puter Interface and Biofeedback

6.2.1 Introduction

Electroencephalography EEG is a primary noninvasive technique for investigating the
brain’s electrical dynamics. Recording spontaneous neural activity from multiple scalp
electrodes enables the analysis of signal modulations driven by external stimuli and

internal processes. Supervised ML models can leverage these modulations to classify



user intent and mental states, thereby enabling closed loop, human in the loop systems.
In this context, BCI systems with a small number of electrodes placed over ROI have
emerged as practical enablers of real time interaction between people and external
device.

AT methods have already shown impact in a wide range of fields how BCI inter-
action [22], information security [36], precision agriculture [225], Unmanned Aerial
Vehicle (UAV) sensing [199], emotion recognition [69], biofeedback and self regula-
tion [66], motor imagery [14], SSVEP based control and device operation [121].

The interaction between BCI and music is a rapidly emerging area of EEG research.
However, the real time control of musical instruments with BCI remains largely
unexplored. This research addresses this gap by introducing a comprehensive system
for the neural control of instrument parameters during live performances. The system
is based on the robust classification of mental states of concentration and relaxation.
Furthermore, an explainability study accompanies this work to clarify which features

and electrode positions drive the model’s decisions.

Motivation. Classical BCI metrics (Beta/Theta and Alpha/Delta) are often used
for real time neurofeedback on activation and relaxation [214]. In practice, however,
these two ratios alone may be insufficient to discriminate focus and relaxation across
individuals consistently. Inter subject variability suggests that both (i) a richer feature
set and (ii) spatial information from the electrode montage should be considered to

improve robustness and interpretability.

Research Questions. We investigate:

« RQ1: To what extent do multiple band power features jointly contribute to

activation detection across subjects?
« RQ2: Are there consistent feature location patterns that emerge across users?

To answer these questions, we apply SHAP [208] to quantify feature attributions and

visualize model behavior at the subject level.

Contributions.

1. BCI driven performance framework that maps focused vs. relazed mental states
to real time control of virtual instrument parameters, enabling expressive, neural

modulation of sound.



2. A subject agnostic pipeline (preprocessing, LOSO evaluation, model selection)

that achieves high accuracy on public EEG data for focus/relax detection.

3. A comprehensive explainability analysis identifying feature electrode combinations

that consistently drive performance and generalize across users.

Roadmap. Section 7.4.2 surveys background and related work. Section 6.2.3 details
our architecture, BCI device, VST integration, and interpretability tools. Section 6.2.8
describes the experimental settings and preprocessing/ LOSO pipelines, while Sec-
tion 7.4.10 reports results and SHAP analyses. Section 6.4.10 discusses implications

and concludes.

6.2.2 Background and Related Work

While BCI have been explored for creative interaction, real time instrument control
remains comparatively sparse in the literature. Early bioelectric controllers such as
BioMuse [167] demonstrated that alpha delta dynamics correlate with relaxation,
whereas beta theta trends may accompany increased activation. This inspired subse-
quent attempts to map physiological states to musical control parameters.

Miranda and Brouse’s BCMI Piano [222] formalized an EEG driven music generation
pipeline: Hjorth parameters (Activity, Mobility, Complexity) modulated tempo and
dynamics, while band specific features informed pitch organization; MIDI served as the
inter device protocol. Earlier still, Alvin Lucier’s pioneering work [204, 304] harnessed
alpha amplitude fluctuations, measured from frontal electrodes, to actuate percussion
surfaces through loudspeakers, effectively turning brain rhythms into sound producing
control signals.

More recent BCI [189] implementations combine EEG and accelerometers, con-
necting bandwidth powers to development environments for direct musical mapping.
Building on these foundations, our system focuses on reliably decoding the binary
mental state (concentration/relaxation) to enable continuous control of the parameters
of a virtual instrument during performance, as well as identifying which features and

electrodes contribute most to classification.

6.2.3 Materials and Methods

This section outlines the overall system 6.3.4, BCI hardware 6.2.5, the virtual instrument

integration 6.2.6, and our interpretability method 6.2.7.
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Fig. 6.10 System architecture: EEG acquisition, Learning Engine (classification + focus
index), audio/VST mapping

Fig. 6.11 (a) Muse EEG headset; (b) 10-20 electrode layout.

6.2.4 System Architecture

Figure 6.24 summarizes the four stages of the process. First, a musician wears a BCI
and plays an instrument. Second, the learning engine pre-processes the EEG stream
and generates a concentration/relaxation prediction from a pre-trained classifier. In
parallel, a Beta ratio protocol [214] provides a continuous index of concentration
intensity. Third, an audio back end maps the classifier output and concentration index
to VST parameters for real time sound modeling. Finally, the musician detects these

timbral changes and can guide the sound by modulating attention or relaxation.

6.2.5 Muse Headset

We employ the Muse2 6.11, a dry electrode BCI with four sensors placed according to
the international 10-20 system. The device provides adequate signal quality without
the need for conductive gels and is comfortable for extended sessions, facilitating live

performance scenarios.

6.2.6 Virtual Musical Instrument

The popularity of musical instruments that interface directly with computers has
caused an exponential increase in the use of VST plugins [311]. VST is a software
interface that integrates software audio synthesizer and effect plugins with audio editors

and recording systems. We implemented the system GUI in Max/MSP, exposing (i)



NEURAL GUITAR

Focus Relaxation Stress VST Host
Load VST
Load VST

Fig. 6.12 Neural Guitar GUI: model indicators, focus index, and VST control.

Fig. 6.13 Example VST interface with controllable parameters.

model outputs (probabilities/indices) and (ii) on-screen controls to load and display
the target VST. Figure 6.12 shows our Neural Guitar interface, while Figure 6.13

illustrates the exposed sound synthesis parameters.

6.2.7 Interpretable Model

We use SHAP [208] to quantify each feature’s contribution to the predicted class,
enabling subject and cross subject analysis of the most influential band electrode
combinations and supporting design decisions about electrode selection and mapping

strategies.

6.2.8 Experimental Settings

The available dataset “EEG Brainwave Dataset: Mental State” [33] was employed in
this study. It comprises EEG recordings from four participants (two female and two
male) under three distinct mental states: concentration, neutrality, and relaxation.
The relaxation condition was elicited through exposure to soothing auditory stimuli,
whereas the neutral state involved no specific external stimulation. The concentration

state was induced with a visual attention task based on the “three cups” paradigm.



Table 6.10 Dataset size after preprocessing.

Sip Fes Rx
1 240 698
2 346 418
3 256 610
4 80 506

(a) Sip: Subject ID, Fes: Focus, Rx: Relaxation.

Fig. 6.14 EEG trial (4 s) after SPA denoising and preprocessing.

6.2.9 EEG Preprocessing Pipeline

We emphasize artifact mitigation and robust feature extraction. After visual inspection,
T P9 and T P10 were excluded due to noise. Signals were segmented into sub epochs
and segments exceeding 150 ©V were discarded. Autoreject [149] was used to estimate a
global threshold and remove additional artifact epochs. The whole pipeline is described

below.

1. Build a calibration buffer; divide into 32 sub epochs of 32 samples each.
2. Concatenate sub-epochs; bandpass filter 1-40 Hz; apply SPA denoising [248].

3. Extract Delta, Theta, Alpha and Beta band powers for AF'3 and AF4 using
NeuroKit2 [210].

4. Once 50 trials are buffered, compute the trial wise average band powers.
5. For each subject, assemble a dataframe with User ID and averaged band powers.

6. Eliminate the oldest sub epoch and add a new test from 32 samples; repeat until

the end of the recording.

Figure 6.14 shows a representative 4 second trial after SPA denoising algorithm.
The final dataset contains Nyoeys = 922 and Nyejqp = 2232 epochs. Table 6.10 details

the number of trials for the subject.



Table 6.11 Best models per subject in LOSO.

StD BM BS BMP
1 Logistic Regression Standard Scaler C=2.3
2 Logistic Regression Standard Scaler C=0.1
3 SVM Classifier MinMax Scaler C=14
4 Random Forest Standard Scaler Max depth=3, n_ estimators=62

Table 6.12 BM: Best Model, BS: Best Scaler, BMP: Best Model Params.

Confusion Matrix

0.0 4 146 94
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1.0+ Y]

0.0 1.0
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Fig. 6.15 Confusion matrix for Subject 1 (LOSO test).

6.2.10 Machine Learning LOSO Pipeline

We adopt LOSO cross validation, a recommended strategy for biometrics, coupled with
grid search over hyperparameters. Models considered: (i) shallow Neural Network,
(ii) AdaBoost, (iii) Logistic Regression, (iv) Random Forest, (v) SVM. Using scikit-
learn [253]. Whole ML training strategy is described below.

o Assign unique IDs to the four subjects.

o For each LOSO split, train on N-1 subjects on the train and test on remain
subject.

e Grid search to select the best model.

6.2.11 Results

Table 6.11 summarizes the best model and hyperparameters for all subjects. Confusion
matrices for all test subject are shown in Figures 6.15,6.16,6.17,6.18, and Table 6.13
reports metrics for the test subject. Mean performance across subjects is in Table 6.14.

To interpret and explain these results, Figures 6.19,6.20,6.21,6.22 provide SHAP
beeswarm plots for the test sets. In all subjects, the power Alpha for AF3 consistently
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Fig. 6.16 Confusion matrix for Subject 2 (LOSO test).
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Fig. 6.17 Confusion matrix for Subject 3 (LOSO test).
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Fig. 6.18 Confusion matrix for Subject 4 (LOSO test).

shows a high positive contribution to correct classification. However, interactions
between multiple bands in both AF3 and AF4 are prominent, highlighting the need to

preserve spatial information and consider multiband feature sets in practical systems.



Table 6.13 Per-subject metrics in LOSO.

SiD Class Precision Recall F1  Accuracy

1 Focus 1.00 0.61 0.76 0.90
Relaxation 0.88 1.00 0.94 '

9 Focus 0.99 1.00 0.99 0.99
Relaxation 1.00 0.99 1.00 '

3 Focus 0.86 0.89 0.88 0.93
Relaxation 0.96 0.94 0.95 '

4 Focus 0.64 0.86 0.74 0.92

Relaxation 0.98 0.92 0.95

Table 6.14 Mean performance across subjects.
Class MP MR MF1 MA
Focus 0.87 0.84 088 0.92
Relaxation 0.95 0.96 0.96
(a) MP: Mean Precision; MR: Mean Recall; MF1: Mean F1; MA: Mean Accuracy.
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Fig. 6.19 SHAP beeswarm plot for Subject 1: feature contributions.

6.2.12 Discussion and Conclusion

We presented a BCI based prototype that classifies the state of concentration and
relaxation in real time and maps these states onto VST parameters for expressive neural
control of sound. The LOSO training strategy demonstrates robust generalization
across users, while SHAP analysis reveals consistent and interpretable performance
factors. From a design perspective, it seems advisable to use at least two frontal
electrodes to preserve the spatial critical information for concentration detection.

Future work will (i) extend the multi parametric control of dynamics, timbre, and
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Fig. 6.20 SHAP beeswarm plot for Subject 2: feature contributions.
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Fig. 6.21 SHAP beeswarm plot for Subject 3: feature contributions.
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Fig. 6.22 SHAP beeswarm plot for Subject 4: feature contributions.

effects using multidimensional controls, (ii) explore more complex spatial features, and

(iii) validate the system in live performance contexts with professional musicians.



6.3 EmoSynth Real Time Emotion Driven Sound

Texture Synthesis via Brain Computer Interface

6.3.1 Introduction

Electroacoustic composition has made significant advances, from Luigi Russolo’s In-
tonarumori to contemporary programmable ecosystems for digital sound synthesis
(Max/MSP?, Pure Data!?, SuperCollider!!).

Modern algorithmic techniques and domain specific languages have enabled intricate
procedures for sound generation and opened new conceptual frameworks for compo-
sitional practice. With the pervasive diffusion of portable synthesizers and software
instruments, both traditional and contemporary musical repertoires now incorporate
digital timbres, often beyond the tempered system. [227]

Recent DL based generative models further expand this scenario. Transformer
architectures, widely used in natural language processing DL [278], have been adapted
to produce music and sounds in different styles, often through interaction based on
text prompts and high levels of autonomy [142, 155].

From a compositional standpoint, however, there is value in conscious, moment-to-
moment control that reflects the creator’s embodied state. Here, BCIs offer an effective
interface to steer computational processes in real time; they have demonstrated strong
performance in time-critical settings such as healthcare [198, 300] and security [36,
199]. Complementarily, emotion recognition from EEG affords continuous monitoring
of a composer’s affect, including responses to auditory stimuli [22, 66, 69].

From a compositional point of view, musicians need to have conscious control
over their emotional and mental state. In this case, BCI offers an effective interface
for recognizing emotions from EEG and cognitive states such as focus, relaxation,
stress level, and engagement. This technology allows for continuous monitoring of a
composer’s affectivity, including responses to auditory stimuli [22, 66, 69].

This work proposes a music composition support system capable of generating and
conditioning sound textures based on the musician’s current emotional state. The
framework offers two complementary operating modes and is designed for musicians
who already have a reference timbral palette and wish to refine or vary it. To enable
fluid tone morphology within a user defined corpus, we use VAE trained on datasets

curated by the composer to meet specific expressive needs.

%https://cycling74.com/products/max
Ohttps://puredata.info/
Uhttps://supercollider.github.io/
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Fig. 6.23 Russell’s circumplex model.

6.3.2 Background and Related Works

Two main models guide the scientific study of emotions: discrete [194] taxonomies
and dimensional [279] schemes. Discrete models enumerate primary emotions as
positive/negative. Dimensional models, on the other hand, place emotions on continuous
spaces by crossing arousal, valence, and dominance. Russell’s circumplex model is the
reference template for the discretization of emotions on orthogonal axes of arousal and
valence, which include every possible combination of valence and arousal. Figure 6.23
depicts the discretization over this plane.

In affective computing, EEG is a very attractive signal source for emotion recognition
due to its direct neurophysiological origin [255]. Hu et al. [138] combined wavelet
packet features, spectral power density, and entropy with a width learning classifier,
achieving an accuracy of up to 81.5 when combining different entropy measures. Further
advancements in EEG emotion recognition were made through the development of
a Multi Task Joint Neural Network (MT-2DCNN-LSTM) model [332]. This model
leverages both two dimensional convolutional neural network and LSTM networks
to construct three dimensional feature matrix graphs and two dimensional sequence
information from EEG signals. Validated on the DEAP dataset, the MT-2DCNN-
LSTM model demonstrated high average accuracies of 97.29 and 97.72 for arousal and
valence, respectively.

In recent developments for generative audio models, a hierarchical approach has been
adopted to address the challenge of capturing temporal dependencies across varying
timescales. Wavenet [245] utilised dilated CNN layers to selectively sample data points
from prior layers, enhancing the model’s ability to process longer time dependencies.
Similarly, S. Mehri et al [220], introduced SampleRNN which incorporated layers
of RNN to learn abstract representations on distinct temporal dimensions. Despite
these advances, the models struggled to maintain coherent structures over long durations

without external conditioning signals. More contemporary research has improved upon



this by segmenting the learning of local and broader structural patterns, training distinct
models for different levels of abstraction. In this work [90] Dieleman et al. proposed
using the latent space of a model trained on longer timescales to inform another model
focused on shorter timescales. Currently, various transformer architectures such as
Suno 2 and Udio ' appear to be very effective tools for both music and sound texture

generation.

6.3.3 Materials and Methods

6.3.4 System Architecture

Figure 6.24 outlines a five stage loop:
1. Acquisition start The performer initiates the BCI acquisition.

2. Signal quality gate. The Learning Engine ingests a 4s EEG window, performs
preprocessing and quality checks; if the check fails, the user is prompted to adjust

the headset and restart.

3. Emotion inference A subsequent 4s segment is processed to predict the emotion

class using pre trained models; frontal asymmetry indices are computed in parallel.

4. Conditional synthesis One of four pre trained VAE is activated according to

the predicted class, generating a sound texture aligned with the inferred quadrant.

5. Performance control The musician listens and decides to loop the sample or
attenuate it via a MIDI controller'®; the loop continues as new EEG windows

arrive.

6.3.5 MUSE

We employ the Muse2 headset, a dry electrode BCI for EEG acquisition. It uses four
sensors positioned under the international 10-20 system at Fpz, AF7, AF8, T P9, and
T P10, sampled at 256 Hz. The adjustable band and dry contacts improve comfort and

setup speed, which is crucial for live contexts.

2https://suno.com/
Bhttps://www.udio.com/
Yhttps://www.algameko.com /it /midi-controller /akai-professional


https://www.algameko.com/it/midi-controller/akai-professional

Fig. 6.24 System architecture: abquisition, quality gate, emotion inference, conditional VAE
synthesis, and performer control.

6.3.6 Experimental Setting

The experiments were conducted using 5 dedicated datasets. A primary dataset
consisting of EEG signals was employed for training models capable of classifying a
user’s emotional state in real time. The other 4 datasets were utilized to train VAE to

generate new sound textures. The datasets and specific procedures are detailed below.

6.3.7 Emotion Dataset Description

Following the DEAP protocol [169], we acquired EEG from 30 participants (age
~20-30) at Politecnico di Bari Sisinflab. After informed consent and headset fitting,
each participant viewed 40 music videos while EEG was recorded. Anonymization and
secure storage were enforced throughout. The dataset is organised as follows: (i) 30
subjects are collected and separated into different folders. (ii) Each folders contains

40 EEG trial organised into sessions folder.

6.3.8 VAE Dataset Description

We curated four tone corpora from pairs of seed sounds. For each seed, we applied
augmentation: (i) additive Gaussian noise, (ii) time stretch, (iii) pitch shift, and (iv)
slicing, yielding 1000 variants per seed and 8000 samples overall. We computed Mel
spectrograms and converted them to dB using librosa [218]. Figure 6.25 illustrates a
representative Mel spectrogram.

Four distinct datasets were generated from pairs of original audio recordings. To
increase data diversity, a data augmentation pipeline was applied to each set of source
sounds. This pipeline incorporated four techniques: (i) addition of Gaussian noise,
(ii) time stretching, (iii) pitch shifting, and (iv) audio slicing. Through this process,

1000 augmented variants were produced per sound, yielding a total of 8000 audio
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Fig. 6.25 Mel spectrogram of an augmented sample.

samples. Mel spectrograms were subsequently computed for each sample and converted
to a decibel scale using the Python librosa library [218]. Figure 6.25 illustrates a Mel
spectrogram generated from one of the augmented audio samples.

After feature extraction steps, normalization was conducted following the designated

formula.

S — min(5)
max(S) —min(5)

where S is the matrix representing the spectrogram, min(S) and max(S) are its

MelSpectrogram = (6.1)

minimum and maximum values, respectively.
After normalization, to rescale an array A back to a specific range [min, max|, the
following formula is used:

A= A-(max —min) + min (6.2)

where min and max define the new range for the array.

Each mel spectrogram is saved along with its minimum and maximum values.

6.3.9 EEG Preprocessing

We duplicate epochs, band-pass filter (1-40 Hz), and apply transposition and amplitude
scaling for efficient processing. Artifact detection uses a KNN anomaly score trained on
filtered data; epochs exceeding a threshold are marked. We then remove artifacts with
meegkit [25] (ringing-reduction), resize/reshape the data, and encapsulate in MNE
EpochsArray. If no artifacts are detected, raw epochs are preserved. Figures 6.26, 6.27
shows the effect of the pipeline.
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Fig. 6.26 Example epoch before preprocessing.

The preprocessing pipeline begins by duplicating the EEG data epochs and applying
a bandpass filter to isolate frequencies between 1 and 40 Hz. Following filtering, the
data undergo transposition and amplitude scaling to enhance computational efficiency.
Artifact detection is then performed using a KNN classifier, trained on the filtered
dataset to compute anomaly scores that identify noise contaminated epochs. Epochs
with scores exceeding a predefined threshold are marked as containing significant
artifacts. Artifact removal is carried out using the megkit framework [25], specifically
employing the ringing artifact reduction method. After correction, the EEG data are
resized, restructured, and encapsulated in an MNE EpochsArray object. When no
artifacts are detected, the data remain unaltered. This rigorous preprocessing pipeline
ensures the integrity of the EEG signals and improves the reliability of subsequent
analyses. Figures 6.26 and 6.27 illustrate the effectiveness of the procedure in removing

noise components from representative EEG trials.

6.3.10 ML Emotion Recognition

We evaluate Logistic Regression, SVM, Random Forest, and XGBoost under exhaustive
grid search with LOSO cross validation. For each subject, models are trained on the
remaining N —1 subjects and tested on the held-out subject; this is repeated across all
subjects. To operationalize Russell’s model, we train 30 binary classifiers per quadrant
(vs. neutral), yielding 120 specialized models. Final decisions use majority voting across

quadrant-specific models. Table 6.15 reports best model for quadrant with mean test
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Fig. 6.27 Example epoch after preprocessing.

Table 6.15 Mean Model Accuracy.
Best Model Russel’s Quadrant Mean Test Accuracy Mean std score

SVM 1 0.77 0.035
SVM 2 0.78 0.022
SVM 3 0.76 0.024
SVM 4 0.80 0.028

accuracy and standard deviation. Several ML models, including LR, SVM, RF, XGB
were evaluated to identify the most effective classifier for distinguishing emotional
states. An exhaustive hyperparameter optimization was performed using a Grid
Search combined with a LOSO cross validation scheme. This process is systematically
repeated for every subject in the dataset. The Grid Search efficiently explored the
hyperparameter space to determine the optimal configuration for each model, resulting
in the development of 120 specialized classifiers. Specifically, for each quadrant of
Russell’s circumplex model, 30 models were trained to discriminate between that
emotional quadrant and the neutral state. Final classification decisions were obtained
through a majority voting strategy. Table 6.15 presents the mean accuracy scores
for all quadrants of Russell’s model, along with the corresponding best performing

classifier.

6.3.11 Variational Autoencoder

To obtain a compact representation of the latent EEG space and enable sound genera-

tion, five VAE with identical architectures were trained. The models were implemented



using the Keras framework [124] and organized into three main components: (i) the
encoder, (ii) the decoder, and (iii) the complete autoencoder. Convolutional layers
were used for encoding, while transposed convolutional layers performed the decoding.

Encoder: The encoder receives input data of a predefined shape and processes
it through a sequence of convolutional layers, each followed by ReLU activation and

batch normalization. The layers are configured as follows:

o 512 filters, (3 x 3) kernel, stride (2,2), padding same’;

256 filters, (3 x 3) kernel, stride (2,2), padding same’;

128 filters, (3 x 3) kernel, stride (2,2), padding same’;

64 filters, (3 x 3) kernel, stride (2,2), padding same’;

32 filters, (3 x 3) kernel, stride (2,1), padding ‘same’.

Latent Bottleneck: The flattened output of the final convolutional layer is passed
through two dense layers that generate the mean p and log variance logo?. These
parameters are used to sample the latent vector z via the reparameterization trick:

10g02

z=p+e 2 O e~N(0,1) (6.3)

This step defines the latent space representation that acts as the information bottleneck
of the encoder.

Decoder: The decoder begins with a dense layer that reshapes the latent vector
back into the bottleneck dimensions. The reshaped data are then passed through a

series of transposed convolutional layers mirroring the encoder’s structure in reverse:
o 32 filters, (3 x 3) kernel, stride (2,1), padding same’;

o« 064 filters, (3 x 3) kernel, stride (2,2), padding same’;

128 filters, (3 x 3) kernel, stride (2,2), padding same’;

256 filters, (3 x 3) kernel, stride (2,2), padding same’;

1 filter, (3 x 3) kernel, stride (2,2), padding ‘same’.

A sigmoid activation function is applied at the output layer to reconstruct the input

image.



Table 6.16 EEG-VAE reconstruction error by emotion quadrant.
Quadrant MSE MAE

1 0.020 0.118
2 0.010 0.103
3 0.015 0.100
4 0.020 0.115

Full Autoencoder: The encoder and decoder are combined into a whole model,
with the encoder’s output feeding directly into the decoder.

Loss Function: The autoencoder employs a custom loss function that combines
the MSE for reconstruction accuracy and the Kullback-Leibler divergence for regular-

ization of the latent space distribution:

1
L =105 MSE(y,9)+ 5 Y- (1 +logo? — 2 — elog02> (6.4)

where y denotes the target output and ¢ the reconstructed output.
The model is compiled with the Adam optimizer using a learning rate of 0.001.
Training focuses on achieving high fidelity reconstruction while ensuring that the latent

space remains smooth and well regularized.

6.3.12 VAE Training

The participants” EEG trials, categorized according to Russell’s model, were combined
with corresponding emotion labels to train separate VAEs for each emotional quadrant,
yielding distinct latent space representations for each affective state. The performance
metrics of these models are summarized in Table 6.16, reporting both the MSE
and Mean Absolute Error (MAE) values for each quadrant.

Similarly, subsets of audio samples have been used to train VAEs aimed at generating

new sound textures by exploring constructed latent spaces.

6.3.13 Limitations

The work presented demonstrates the functionality of the proposed system and its
potential applications in computer assisted music composition. However, a dedicated
user study is required to evaluate the system’s usability, cognitive load, and the effort
and workload associated with user system interaction within the context of HCI. The

design and execution of this evaluation will be the focus of future work.



6.3.14 Conclusion and Discussion

In this study, we presented a sound generation system driven by the musician’s emotional
state through a BCI. Sound synthesis is achieved through the interaction of the models
described in Sections 6.3.10, 6.3.11, and 6.3.12. The machine learning models classify the
composer’s emotional state every 4 seconds. Once an emotional label is determined, the
corresponding EEG VAE model is activated. This model processes the incoming EEG
signal, and its encoder produces a compact latent representation. The resulting latent
vector defines a trajectory within the latent space of the sound VAE decoder associated
with the detected emotional state. Consequently, the VAE corresponding to the
identified quadrant generates a matching sound texture, which is continuously looped
for playback.

During performance, the musician can use a MIDI controller to audition all generated
sounds or selectively trigger specific ones. Notably, the system is compatible with the
MUSE headband, as the dataset used for training was collected through this device in
a user study. Future work will focus on extending the framework with more advanced
architectures such as Transformer based models to enable the generation of increasingly

sonic textures.

6.4 Exploring the Mental State Intersection by
Brain Computer Interfaces, Cellular Automata
and Biofeedback

6.4.1 Introduction

AT refers to computational techniques that achieve intelligent behaviour with minimal
human intervention. Its adoption spans autonomous driving [240], finance [324], agricul-
ture and decision support [126], the Internet of Things (IoT) and security [36], clinical
analysis [299] and healthcare [52, 198]. A particularly active frontier uses Al to pro-
cess EEG signals acquired via BCI, targeting emotion recognition [22], biofeedback [19],
motor imagery [56, 217], evoked potentials, and SSVEP based device control [350].
This growth is enabled, in part, by accessible EEG based BCI that deliver acceptable
signal quality at low cost.

EEG records spontaneous electrical activity originating from ionic currents in
neuronal populations. Multi-electrode recordings taken from the scalp capture ongoing

dynamics that shift in response to internal or external stimuli. Beyond detection and



classification, an emerging research direction considers representation: how to convey
mental states graphically and sonically in ways that are interpretable and actionable.
To the best of our knowledge, simultaneous visual and auditory rendering of mental
state from EEG has not been systematically addressed. We approach this challenge
with CA.

CAs [64, 283] are discrete, rule based dynamical systems that generate complex
spatiotemporal patterns from simple local interactions. Their appeal lies in the
emergence of rich global behavior from minimal ingredients, making them suitable for
mapping compact feature vectors into expressive visual structures.

Contribution. we present a prototype system based on Al, BCI, and CA for
mental state description and representation. They are generated by CA and play, in
biofeedback mode. The proposed system is a biofeedback enhancement tool that can
be used in clinical studies as an application in psychological therapies and musical
timbre generation.

Roadmap. Section 7.4.2 reviews work on mental state recognition with BCI.
Section 6.4.3 details our materials and methods: signal acquisition and preprocessing,
EEG to CA mapping, autoencoder modeling, and additive synthesis. Section 6.4.9
illustrates the user interface and visualization. Section 6.4.10 discusses findings and

future directions.

6.4.2 Related Work

We briefly survey BCI applications to mental state inference using ML /DL.

Borisov et al. [37] introduced a method for assessing the functional and mental
states of healthy individuals by integrating EEG data, collected using an Emotiv Epoc+
headset, with accelerometer readings. To measure heart rate variability Heart Rate
Variability (HRV), the study employed a wireless EEG system featuring 14 channels,
an accelerometer, and an electrocardiogram ECG recorder. EEG and ECG signals
were recorded from 10 healthy participants under four distinct functional conditions:
baseline (rest), TOVA test (mental workload), hyperventilation (physical load), and
post test recovery. The experimental findings were validated through HRV analysis
and psychological evaluation. The results revealed that suprasegmental control exerted
a significant influence on the power of the very low frequency component of the HRV
spectrum. Additionally, the study demonstrated a reduction in cortical control effects
within the cerebral cortex under specific conditions.

Joadder et al. [152] proposed a system for identifying patients’ mental states using

supervised spatial filtering and four feature families (Katz Fractal Dimension, Sub-band



Energy, Log-Variance, Root Mean Square (RMS)), with LDA classification, achieving
an average precision of 84.35% with Katz features.

Chatterjee et al. [57] introduced a Multiple Attractor Cellular Automata (MACA)
based method to classify left /right motor imagery using bandpass filtering and features
such as wavelet energy entropy, band power, and autoregressive coefficients; SVM and
ensemble classifiers yielded accuracies up to 91.16% (10-fold CV).

While CA have been used in classification pipelines [57], we find no prior work that
employs CA as a visual and sonic renderer of EEG inferred mental state. Our framework

closes this gap by coupling CA visualization with autoencoder driven sonification.

6.4.3 Materials and Methods

We describe the overall architecture (Section 6.4.4), EEG preprocessing (Section 6.4.5),
feature handling and discretization (Section 6.4.6), CA construction (Section 6.4.7),
and additive-synthesis mapping in Max/MSP (Section 6.4.8).

6.4.4 System Architecture

The following section outlines the main stages of data and signal processing. The user’s
EEG signal is first acquired using a 4-electrode BCI, specifically the MUSE 2 headset .
The EEG signal is recorded over a 5 second window selected as the minimum duration
required to ensure reliable preprocessing of EEG data. The acquired signal is then
preprocessed to remove artifacts and intrinsic noise components. From the cleaned
data, the amplitudes of five canonical frequency bands are extracted: Delta (1-4 Hz),
Theta (4-8 Hz), Alpha (8-12 Hz), Sigma (12-16 Hz), and Beta (16-30 Hz).

Each of these five bands is subsequently discretized into two classes, 0 and 1, using
the scikit-learn!6 library. The resulting binary features are concatenated into a
single vector of 20 elements. This vector serves as the initial condition for generating
an elementary CA governed by rule 30 over 50 temporal generations. The choice of
the rule is left to the user.

Once the automaton development is obtained, an Autoencoder Neural Network
(shown in Figure 6.31) is overfitted to obtain the compressed representation of the zero
and one matrix constituting the CA. Subsequently, the 16 features from the neural

network control both the amplitudes and the multiple frequencies of the 16 sinusoidal

https://choosemuse.com/muse-2/
6https://scikit-learn.org/stable/
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oscillators. All this is aimed at the timbre generation of a sound built with the additive

synthesis in Max/Msp!”. Figure 6.28 shows the architecture of the system.
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Fig. 6.28 System Architecture.

6.4.5 EEG signal preprocessing strategies

Real time utility requires robust artifact handling. Algorithm 2 summarizes the

workflow.

6.4.6 EEG signal management and processing

First, the acquired EEG signal is bandpass filtered within the 1-30 Hz range and
segmented into 1-second epochs. This segmentation facilitates the removal of epochs
containing samples that exceed a defined voltage threshold of 0.000005 volts, effectively
discarding those affected by ocular or motion related artifacts. Once contaminated
epochs are excluded, the SNR can be further enhanced [28].

To achieve this, the XDAWN algorithm [275], implemented in the MNE framework,
is applied. XDAWN is a spatial filtering technique that computes a matrix of coefficients

Thttps://cycling74.com/products/max/



Algorithm 2: EEG workflow for visual and sonic state rendering.

Functions:
e (Clean: real time denoising of raw EEG.

o FeaturesExtraction: compute band features from cleaned EEG.

o Cellular Automata: generate 1D CA from discretized features.

e AutoEncoder: learn compressed representation of CA.

e AdditiveSynthesizer: render sound texture from latent code.
Input:

o EEGigna: 5s raw EEG;

o FEEG eaned: denoised EEG;

o EEG feqtures: discretized band features (0-1);

o EEG features compressed: autoencoder latent code.
Result:

e GMS: graphical mental state representation;

e SMS: sound texture mental state representation.

while true do
EEGcleaned — C’lean(EEGsignal)

EEG teatures < FeaturesExtraction( EEG eaned)

GMS « Cellular Automata(EEG feqtures)

EEG features compressed < AutoEncoder(GMS)

SMS « AdditiveSynthesizer(EEG feqtures compressed)
end




optimized for separating signal and noise components. The filter matrix is derived

from the covariance matrices of the signal (Cs) and noise (Cy,) as follows:
W =Cy(Cs+Cp) 7t (6.5)

where W represents the spatial filter coefficients. Applying this matrix to the raw
data suppresses unwanted noise, yielding a cleaner EEG signal.

From the filtered and denoised signal, five canonical EEG frequency bands are
extracted: Delta (1-4 Hz), Theta (4-8 Hz), Alpha (8-12 Hz), Sigma (12-16 Hz), and
Beta (16-30 Hz).

The resulting band power values are then discretized!® into binary values (0 and 1).
These binary outputs are subsequently used as the initial condition for generating a
Cellular Automaton (CA) governed by rule_30 (Definition 1).

6.4.7 Cellular Automata

CA is a grid of cells updated synchronously by local rules [328, 329]. In one dimension
elementary CA, a cell’s next state depends on itself and its two neighbors. With

rule_ 30, iterating from a simple seed produces the well known triangular structure
(Fig. 6.29).

Definition 1. rule_30 maps each 3 bit neighborhood (I,c,r) € {0,1} to a next state
bit as follows: 000—0, 001—1, 010—1, 011—1, 100—1, 101—0, 110—0, 1110,

In our proposed system, the creation of the Initial Vector (IV) is its core. According
to rule_30, the creation of the IV conditions the generation of the cellular automaton.
Therefore, we start with an array of 20 features (4 electrodes for 5 bands) with a
disposition related to the features’ discretization. We apply an iteration of 50 timesteps
to optimize the execution of the process, but nothing prevents exploring longer iterations.
The results are shown in Figure 6.30.

To obtain a compact control representation, we train an Autoencoder (Fig. 6.31) to
compress the 50 x 20 binary image (flattened) into a 16 element latent vector suitable

for real time synthesis control.

18Using the KBinsDiscretizer method from scikit-learn:
https:/ /scikit-learn.org/stable/modules/generated /sklearn.preprocessing.
KBinsDiscretizer.html
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Fig. 6.29 Cellular automaton with rule_30.

Fig. 6.30 CA generated from BCI features (length 20; 50 time steps).
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Fig. 6.31 Autoencoder architecture.



6.4.8 Additive synthesis

Max/MSP provides a visual environment for rapid audio prototyping. We implement
an additive synthesizer comprising 16 sinusoidal oscillators whose partial frequencies
and amplitudes are modulated by the 16-D latent vector (Fig. 6.32). Tone depends
on the number and type of partials, their frequency relationships, and the amplitude
envelope. A random modulator (0-6, at 10 ms) perturbs a user selected fundamental in
the Basic Tones section (Fig. 6.34); the resulting MIDI value is converted to frequency
via mtof. Amplitudes are scaled between —69 dB and —3 dB using scale, with latent

values normalized via sklearn.preprocessing.normalize.
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Fig. 6.32 16 oscillators with partial amplitude sliders (dB) and global envelopes.

6.4.9 Data Visualization

Figures 6.33 and 6.34 show the User Interface (UI). Fig. 6.33 illustrates training, where
the autoencoder learns a compressed code that reconstructs the CA. Fig. 6.34 displays
the performance state: perfect reconstruction of the CA, selection of a fundamental

pitch, and dry/wet controls for the rendered sound texture.
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Fig. 6.33 Autoencoder training: compressing the original CA.
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Fig. 6.34 Execution and control of the final sound texture.

6.4.10 Discussion and further directions

In this paper, we propose an approach demonstrating how BCI and Al can be combined
to develop a biofeedback tool that integrates both graphical and auditory representa-
tions. By employing CA within specific time intervals, users can perceive: (i) variations
(or stability) in their mental states, and (ii) the corresponding visual patterns generated
by the automaton alongside their sonic representations. In our study, a 5 second EEG
epoch is defined as the temporal unit representing the user’s mental state in real
time. However, further investigation is needed to assess the adequacy of this temporal
window for accurately capturing cognitive dynamics. Our experimental results demon-
strate the feasibility of simultaneously representing real time mental states through
two complementary modalities: a graphical visualization and a personalized sound
texture. Moreover, the use of CA enables the exploitation of the matrices derived
from automaton evolution as a potential method for feature augmentation and signal
characterization. Future work will focus on a deeper analysis to enhance the system’s
ability to characterize and classify mental states more precisely, thereby improving the

robustness and interpretability of the proposed framework.






Chapter 7

Other research contributions

7.1 MORIX: An ML—XAI Framework to Predict
Mortality in MAFLD

7.1.1 Overview

Metabolic dysfunction associated fatty liver disease (MAFLD) updates fatty liver
diagnosis independently of alcohol intake and viral hepatitis [101, 102]. Given the sub-
stantial burden associated with NAFLD/MAFLD including cardiovascular, metabolic,
renal, and all cause mortality risks [108, 188] and European prevalence around 23.7%
(near 30% in Southern Italy) [77, 224, 247, 266, 339], accurate risk stratification is
clinically relevant. While MAFLD is linked to CVD and malignancies, its independent
association with overall mortality remains debated [287]. In parallel, ML is increasingly
explored as a cost-effective complement to imaging and specialized testing [45, 48-50,
182, 291, 300], including NAFLD detection [298, 299]. Motivated by evidence that
lifestyle interventions can improve NAFLD [79], we aim to improve all cause mortality
prediction to support proactive counseling. (We retain MAFLD/NAFLD terminology
for consistency with source cohorts [82].)

Contributions

o Integrated ML—XAI: End-to-end pipeline (RFE-RF + multi-model bench-
marking + SHAP) for MAFLD mortality risk.

o Parsimony: A compact feature subset enhances generalizability and inter-

pretability.



o Transparency: Global and local SHAP explanations support clinician trust and

decision-making.

e Deployment: A web interface provides real time, patient level risk and explana-

tions.

7.1.2 Related work

Studies have characterized MAFLD versus NAFLD in terms of CKD risk and metabolic
imbalances [191, 305], and compared non invasive indices for mortality [84]. Population
analyses reported differential mortality across MAFLD/NAFLD strata [141, 162, 236].
ML has been applied to MAFLD related CVD mortality [95]. Unlike prior work,
MORIX delivers an end to end, explainable pipeline for all-cause mortality using

readily accessible, routinely collected variables.

7.1.3 Proposed framework

Figure 7.1 summarizes the architecture. The Data Preparer cleans, normalizes, rebal-
ances, and selects features; the Predictor trains/tunes multiple ML models and outputs
hold out predictions; the Explainer provides SHAP based global/local attributions; the

User Interface visualizes risks and explanations for clinical use.
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Test Data
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Fig. 7.1 MORIX classification framework architecture.



7.1.4 Proposed method

We analyze 1,675 MAFLD subjects > 30 years (543 women, 1,131 men) from MI-
COL/NUTRIHEP [223], recruited from January 2005 to December 31, 2020, with
standardized assessments and regulatory approvals (MICOL: DDG-CE-589/2004, -
782/2013; NUTRIHEP: DDG-CE-502/2005, -792/2014) in accordance with the Helsinki
declaration [246, 288]. Hepatic steatosis was assessed by ultrasonography (Hitachi H21
Vision, 3.5 MHz). We consider 30 biochemical, anthropometric, and sociodemographic

features; the analytic dataset includes 1,674 rows (target included).

7.1.5 Preprocessing and selection.

Using Python/Pandas,! we removed missing data (final n = 1,459) and addressed
class imbalance (No: 1,374; Yes: 301) via random undersampling to N = 528 with
imbalanced-learn.? Features were standardized with RobustScaler 3). RFE with RF
was embedded in a grid search pipeline with 5-fold CV* to avoid double dipping. Six
features were retained: Weight, Cholesterol, Blood Glucose, Alkaline Phosphatase,
LDL, Age.

7.1.6 Models and evaluation.

We compared MLP [26], RF [249], SVM [241], XGBoost [61], and LGBM [106] using
scikit-learn v1.4.2,% tuning via 5-fold grid search. Metrics include Accuracy, ROC
AUC, Precision, Recall, and F1 (Sec. 7.1.8). The formal pipeline is summarized in
Algorithm 3.

7.1.7 Experimental results

An 80/20 split with random_state=42 was used.% All models underwent 5-fold grid
search optimizing Accuracy (Table 7.7).

thttps://pandas.pydata.org/

2https://imbalanced-learn.org/stable /index.html

Shttps://scikit-learn.org/stable/modules/generated /sklearn.preprocessing.
RobustScaler.html

4https:/ /scikit-learn.org/stable/modules/generated /sklearn.model _selection.
GridSearchCV.html

http://scikit-learn.org

Shttps://scikit-learn.org/stable/modules/generated /sklearn.model _selection.
train_ test split.html
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Algorithm 3: Algorithm of MORIX framework

1:

10:
11:
12:

13:
14:
15:
16:
17:
18:
19:
20:

21:
22:
23:
24:
25:

26:
27:

Functions:

splitting__dataset(D): Function to split the dataset D.

clean__data(D): Function to remove records with missing values from D.
balance__datasets(D): Function to equalize the number of records for each class in D.
train__model(D): Function to train a model on the dataset D.
predict__outcomes(model, D): Function to predict outcomes using the model on the
dataset D.

compute__shap_values(model,instance): Function to calculate SHAP values for the
instance using the model.

Inputs:
D: Original dataset.

Outputs:
predictions: Predicted outcomes for the test set.
shap_values: SHAP values for the test instances.

procedure SETUP PHASE
Dirain, Diest < splitting__dataset(D)
Diyain < clean__data(Dyyqin)
Dyest < clean__data(Dyest)
Dirain < balance_datasets(Diyain)
Dyest < balance__datasets(Dyest)
model < train__model(Dyyqin)
predictions <— predict__outcomes(model, Dyest)

procedure SUMMARIZATION PHASE

For each instance in Dyeq
shap_value < compute__shap_values(model,instance)
Store instance, prediction, and shap_value

End For

procedure FINALIZATION PHASE
Make the summarized data available for further use or analysis.




Table 7.1 Hyperparameter list and corresponding values for the models.

Algorithm

Hyperparameter

Values

random__ state

hidden__layer_ sizes

{(50,), (100,), (50,50), (100,150), (100,100)}

{42}

Multilayer Perceptron activation {relu, tanh, logistic}
solver {sgd, adam}
learning_ rate {constant, adaptive}
random__ state {42}

n_estimators

{50, 100, 200}

Random Forest max_ depth {10, 20, 30, None}
min_samples_ split {2, 5, 10}
min_samples leaf {1, 2, 4}
random__state {42}

Support Vector Machine

{0.1, 1, 10, 100}

gamma {0.1, 0.01, 0.001}
kernel {linear, rbf, poly}
random__ state {42}
depth 3,4, 5
XGDBoost maxi. P { )
learning rate {0.1, 0.01, 0.001}
n_estimators {100, 200, 300}
random__ state {42}
LightGBM learning_ rate {0.1, 0.01, 0.001}
num_ leaves {31, 50, 100}

max_ depth

{-1, 10, 20, 30, 300}

RFexhibited the most balanced performance and the fewest Yes class errors

(Table 7.2, Fig. 7.2).

Table 7.2 Mortality prediction results (No/Yes denote classes).

Classifier

MLP LGBM SVM

Precision

Recall

F1 score

Accuracy

AUC

RF XGB
No 0.83 0.81
Yes 0.83 0.84
No 0.82 0.85
Yes 0.84 0.80
No 0.83 0.83
Yes 0.83 0.82

0.83 0.82

0.88 0.88

0.78
0.77
0.76
0.79
0.77
0.78
0.77
0.88

0.78 0.78
0.84 0.82
0.85 0.82
0.76 0.78
0.81 0.80
0.80 0.79
0.81 0.80
0.88 0.86
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Fig. 7.2 Confusion matrices on the test set. 0 = Mortality (No), 1 = Mortality (Yes).




7.1.8 Evaluation metrics
Let TP, TN, FP, N denote counts. We report:

TP+TN

Ammwy:T§E?N+FP+FN’ (7.1)

Recall = TP;rPFN’ (7.2)

Precision = W, - (7.3)
recision - Reca

Fl=2- Precision + Recall” (7.4)

AUC is the probability that a randomly chosen positive is ranked above a negative [44]:

Sy-ex- Serex M) < @)}

AUC =
[ XX

7.1.9 Best model performance

RF achieved the strongest class balance (Fig. 7.2b, Table 7.2), with top Recall (0.84)
and F1 (0.83) for Yes, and top Precision/F1 (0.83/0.83) for No. It yielded the fewest
Yes-class errors and the highest Accuracy (0.83). XGB provided the best No-class
Recall (0.85) and Yes-class Precision (0.84). SVM had the highest AUC (0.89) but less
favorable class-wise balance. We therefore select RF, prioritizing minimization of Yes
misclassification. Best RF hyperparameters: max_depth=10, min_samples_leaf=4,
min_samples_split=10, n_estimators=100, random_state=42. ROC curves are

shown in Fig. 7.3.
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Fig. 7.3 ROC curves and AUC per model.

7.1.10 Statistical analysis

Bootstrap (1,000 replicates) estimated accuracy distributions [100]. Paired ¢-tests
against RF (Table 7.3) indicate significantly higher RF accuracy (all p < 0.01). Distri-

butional summaries are in Figs. 7.4-7.5.

Table 7.3 Paired t¢-tests on bootstrapped accuracies (RF vs. others).
Model ~ T-statistic P-value Mean Difference (95% CI)

XGBoost 2.62 <0.01  0.004 (—0.082, 0.082)
MLP 2003 <001  0.028 (—0.057,0.113
LightGBM 1720  <0.01  0.023 (—0.063, 0.101
SVM 19.94 <001  0.028 (—0.057,0.113

)
)
)




14 [ Random Forest
1 svM
[ XGBoost

1 mLp
[ LightGBM

0.80
Accuracy

Fig. 7.4 Bootstrap accuracy distributions per model.

[ Random Forest vs SVM
) Random Forest vs XGBoost
[ Random Forest vs MLP
[ Random Forest vs LightGBM

Density

-0.15 -0.10 0.00 0.05
Difference in Accuracy

Fig. 7.5 Bootstrap accuracy differences: RF vs. other models.

7.1.11 Explainability results

SHAP analyses of the selected RF clarify decision logic. Global importance and
directionality (Fig. 7.6) show Age as the dominant predictor, with Weight contributing
least among selected features. Cumulative contribution (Fig. 7.7) indicates Age
explains ~ 60%, and adding Blood Glucose surpasses 70%; LDL, Alkaline Phosphatase,



Cholesterol, and Weight add incremental value. Local waterfalls illustrate case level

reasoning for Yes/No outcomes (Figs. 7.8, 7.9).
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Fig. 7.6 Global SHAP analysis of anthropometric/biochemical predictors.
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Fig. 7.7 Cumulative explanatory contribution of selected features (RF).
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Fig. 7.9 Local SHAP analysis for a Mortality (No) prediction (RF).
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Fig. 7.8 Local SHAP analysis for a Mortality (Yes) prediction (RF).

7.1.12 MORIX web user interface

The trained RF is serialized with pickle’ and served via Flask,® with joblib for
model loading.” The front end (HTML/CSS [97]) collects inputs and renders predicted
risk and SHAP waterfalls (Figs. 7.10-7.12).

"https://docs.python.org/3/library/pickle.html
8https://flask.palletsprojects.com/en/3.0.x/
https://joblib.readthedocs.io/en /stable/
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Mortality Prediction in MAFLD Subjects
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Fig. 7.10 MORIX web UI home: mortality risk prediction for MAFLD.
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Fig. 7.11 MORIX UI: Mortality (Yes) example with 97% probability.
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Fig. 7.12 MORIX UI: Mortality (No) example with 77% probability.

7.1.13 Conclusion and further directions

MORIX provides an end to end, explainable pipeline for mortality prediction in
MAFLD using routinely collected variables. Among five classifiers, RF offered the best
balance across classes, with Precision/Recall/F1 (0.83,0.82,0.83) for NO label and
(0.83,0.84,0.83), Accuracy 0.83, and AUC 0.88 for Yes labels. Table 7.2 displays all
results. SHAP confirmed Age as the dominant driver, with additional contributions
from Blood Glucose, LDL, Alkaline Phosphatase, Cholesterol, and Weight. By exposing
the rationale of predictions, MORIX supports individualized counseling aligned with
prior evidence [79]. Limitations include initial class imbalance and the scarcity of
directly comparable Al benchmarks for MAFLD mortality. Future work will investigate
deep learning models, multi center data sharing, and strengthened app scalability,

validation, and security.



7.2 Machine learning in Mild Cognitive Impairment

Prediction

7.2.1 Introduction

This study investigates the prediction of neurodegenerative outcomes, with a focus
on mild cognitive impairment (MCI). Advanced machine learning (ML) techniques
are implemented and systematically compared using large-scale healthcare data from
the Salus in Apulia cohort to identify early predictive patterns of neurodegeneration.
The aim is to improve early diagnostic frameworks by identifying robust markers from

routinely collected epidemiological variables.

7.2.2 Background on MCI

Initially introduced by Petersen et al. in the late 1990s [257], Mild Cognitive Impair-
ment (MCI) denotes an age independent decline in cognitive abilities insufficient to
meet dementia criteria. It may affect memory, language, attention, and other domains
and is a known risk factor for dementia. The Alzheimer’s Association estimates that

approximately 15-20% of people aged 65 and older have MCI'?,

7.2.3 Study Aim and Contributions

We propose a Pareto optimality based approach to select the best predictive model
for MCI. Using the Salus in Apulia dataset [51], we train multiple classifiers on easily

accessible clinical and epidemiological features. Our contributions are:
o A predictive pipeline for MCI using readily available healthcare data;

o A Pareto based model selection procedure that balances overall accuracy with
sensitivity (Recall) to Yes MCI cases, minimizing clinically costly misclassifica-

tions.

7.2.4 Pareto Optimality and Hypervolume

We frame model selection as a multi objective optimization problem (MOOP) [212]:

Whttps://www.alz.org/alzheimers-dementia/what-is-dementia/related__conditions/
mild-cognitive-impairment
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min Fx)={fi(x), fa(x),. .., fe(x)}

subject to x € X.

(7.5)

Here, x € R" collects n decision variables, X C R" is the feasible set defined by
constraints, and f(-) maps solutions to k > 2 scalar objective functions f; : R — R
(objective space RF).

In MOOPs, there is typically no single global optimum; instead, the Pareto domi-
nance relation is used [205]. A solution x* dominates x (denoted x* < x) if f;(x*) < fi(x)
for all 4 € {1,...,k} and there exists at least one strict inequality. A solution is Pareto
optimal if it is not dominated by any other feasible solution. The set of non-dominated
solutions forms the Pareto optimal set, whose image in objective space is the Pareto
frontier [250].

To select a single representative solution from the Pareto frontier, we use the
hypervolume indicator [351]. Given a Pareto-optimal point x* € R*, a reference point
r € R¥, and Lebesgue measure A, the hypervolume is HY = A({x € R¥|x* <x <r}).
Intuitively, it measures the dominated volume between x* and r; larger H) indicates

a better trade-off across objectives.

7.2.5 Dataset Description

We analyzed participants from the Salus in Apulia Study. The dataset comprises
N = 1,929 observations with 70 continuous/categorical features spanning biochemical,
anthropometric, and cognitive assessments obtained via interviews, blood analyses, and
clinical visits. After removing irrelevant categorical features, except sex, we retained
57 predictors, including the target.

Data were parsed with pandas'!. To manage class imbalance, we applied Random-
Under-Sampler from imblearn framework [183], yielding N = 818 (414 No MCI, 414
Yes MCT). We split the data into training and test sets (80/20). Continuous variables
were standardized with StandardScaler!? to improve learning stability [114]. We
performed univariate feature selection with SelectKBest (scikit-learn) using a
5-fold GridSearchCV'® and a Random Forest classifier [249] to choose k € {1,...,57}.
The best k was 9, selecting: Pure Tone Audiometry (PTA)(0.5-2kHz) left/right,

Uhttps: / /pandas.pydata.org/

Zhttps://scikit-learn.org/stable/modules/generated /sklearn.preprocessing.
StandardScaler.html

Bhttps://scikit-learn.org/stable /modules/generated /sklearn.model _selection.
GridSearchCV.html
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Total Cholesterol, HDL Cholesterol, Mini Mental State Examination (MMSE), Frontal
Assesment Battery (FAB) raw score, Vitamin D, mean PTA(0.5-2kHz), and mean
PTA(8kHz). Although sex/gender were not selected, we retained them for clinical

relevance [342].

7.2.6 Classification Models

We compared the following classifiers: MLP [26], RF [249], SVM [241], and XGB
[61]. Models were implemented in Python using scikit-learn [254] and tuned via
5 fold grid search to maximize Area Under the Receiver Operating Characteristic
Curve (AUC). The hyperparameter grids are listed in Table 7.4.

Table 7.4 Hyperparameter list and values for the classification models.

Algorithm Hyperparameter Values
Multilayer Perceptron seed {42}
hidden_ layer_sizes {(50,50,50), (50,100,50), (100,)}
activation {tanh, relu}
solver {sgd, adam}
alpha {np.arange(0.1,1,0.2)}
learning_ rate {constant, adaptive}
Random Forest seed {42}
n_estimators {np.arange(1,50,2)}
max__ features {sqrt, log2}
max__depth {np.arange(1,30,1)}
criterion {gini, entropy}
Support Vector Machines seed {42}
kernel {rbf, poly}
gamma {0.1, 0.001, 0.3, 0.003, 0.5, 0.05}
eXtreme Gradient Boosting seed {42}
n_estimators {np.arange(1,50,2)}
learning_ rate {np.arange(0.1,1,0.2)}
scale_pos_ weight {1.000}

7.2.7 Pareto Optimality Based Selection

Model configurations define points in a two objective space: overall Accuracy (x-axis)
and Recall on Yes MCI (y-axis). For each model, we compute the Pareto frontier (black

points in Fig. 7.13; red points are dominated). We then merge frontiers across models



to obtain a global Pareto frontier (Fig. 7.14) and use the hypervolume indicator to
select the single best solution.
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Fig. 7.13 Per-model objective spaces (Accuracy vs. Recall for Yes MCI). Black points lie on
the model’s Pareto frontier; red points are dominated.

7.2.8 Results

Table 7.5 reports the hypervolume HYV for all solutions lying on the global Pareto frontier
in Fig. 7.14. Six configurations are Pareto optimal. No MLP configuration lies on the
frontier; four of the six solutions are Random Forest variants. Two RF settings achieve
the highest HV and are therefore shortlisted. Comparing their precision/recall/F1 by
class (Table 7.6), we select RFa as the overall best via multi-criteria evaluation: it
balances accuracy (0.71) and strong performance on Yes MCI (Precision 0.67, Recall

0.80, F1 0.73), with improved metrics over RF; except for a marginally lower recall on
Yes MCI.



Table 7.5 Pareto-optimal configurations and performance. Best HV values in bold. RF;:
Entropy, depth=3, max-feat=log2, estimators=1; RF5: Entropy, depth=3, max-feat=sqrt,
estimators=9; RF3: Entropy, depth=1, max-feat=sqrt, estimators=1; SVM;: C'=6, v=0.003,
kernel=poly; XGBoost;: 1r=0.1, depth=1, estimators=1; RF4: Entropy, depth=>5, max-
feat=log2, estimators=13.

Model Accuracy Recall Yes MCI HYV
RFy 0.68 0.84 0.57
RF> 0.71 0.80 0.57
RF; 0.58 0.90 0.53

SVM; 0.50 0.99 0.49

XGBoost 0.54 0.93 0.50
RF4 0.71 0.71 0.50
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Fig. 7.14 Global objective space (Accuracy vs. Recall for Yes MCI) across all models. Black
marks: Pareto-optimal; red: dominated. Shapes encode model families.

Table 7.6 Performance of top Random Forest candidates on the test set.

Model Class Precision Recall Fl-score Accuracy
No MCI 0.76 0.51 0.61
RF; 0.68
Yes MCI 0.63 0.84 0.72
No MCI 0.76 0.61 0.67
RF9 0.71
Yes MCI 0.67 0.80 0.73

Our Pareto based selection framework enables principled, multi criteria model

choice for MCI prediction. Rather than relying solely on accuracy, we explicitly



prioritize sensitivity to Yes MCI, which is critical for screening and early intervention.
The selected model (RF3) attains Accuracy = 0.71 and, for Yes MCI, Precision = 0.67,
Recall =0.80, and F1 = 0.73. These results compare appreciatively with prior work [40,
119], though external validation on larger cohorts remains necessary. In practice, this
strategy supports epidemiological screening by leveraging a compact set of accessible
features, potentially shortening the time to assessment and easing the burden on
specialized diagnostic pathways. The Pareto/hypervolume framework is general and
can be reused to tailor model selection to other high risk clinical targets where recall is

paramount.

7.3 ECG Based Machine Learning for Early Heart
Failure Detection with Explainable AI

7.3.1 Intoduction

This work investigates the use of Al and ML in detecting Cardiovascular Diseases
(CVD), focusing specifically on Heart Failure (HF). Heart failure is a primary con-
tributor to morbidity and mortality and poses substantial challenges to conventional
diagnostic approaches that depend on patient history and physical examination. This
research assesses ECG based methods that extract temporal and morphological features
from signals and compares multiple ML classifiers for heart failure screening. The study
introduces an Light Gradient Boosting Machine (LGBM) model to distinguish Normal
Sinus Rhythm (NSR) from Arrhythmia (ARR) with high accuracy. Additionally, XAl
techniques are integrated to improve the clinical interpretability of model predictions.

With the expansion of big data and wearable sensing, ML pipelines have growing
potential for scalable, real time HF detection. Our objectives are twofold: (i) build
a robust ECG feature-based classifier; (ii) employ post hoc XAl to elucidate model
decisions for clinicians. Using the MIT-BIH PhysioNet database, we evaluate the

following research questions (RQs):

« Research Question (RQ)1: Can newly extracted ECG features train a model
to accurately predict HF?

« RQ2: Which classifier trained on these features is most effective for HF predic-
tion?

« RQ3: Can subject level predictions from the best model be explained to support

diagnosis?



All RQs target real time HF prediction using routinely derivable features.

7.3.2 Related Work

Merdjanovska et al. [221] train a CNN for three class arrhythmia classification across
four annotated ECG datasets, addressing class imbalance with SMOTE and enforcing
patient level splits to prevent leakage. They report substantially lower PPV/TPR/F1
than accuracy especially in cross database tests likely due to heterogeneous leads and
dataset shifts. Sannino et al. [281] use the MIT-BIH Arrhythmia dataset with denoising,
peak detection, segmentation, and RR-interval features, applying subsampling and
subject-wise splits before CNN training; they achieve > 98% accuracy, sensitivity, and
specificity. Ali et al. [10] adopt a data mining workflow on a Kaggle heart disease dataset
(biological, non ECG features), evaluating KNN, DT, RF, LR, AdaBoostM1, and MLP;
RF attains 100% across accuracy, sensitivity, and specificity. Malakoutiica [211]
compares NBG, RF, LR, LDA, and a Dummy Classifier with 10 fold cross-validation;
NBG performs best whit 96% accuracy and 97% precision.

7.3.3 Data Source

Experiments leverage MIT-BIH PhysioNet signals!4, a reference repository for arrhyth-

mia and normal rhythm:

« MIT-BIH Arrhythmia (ARR) [229]: 48 ambulatory 2 channel ECG (360H z)
from 47 subjects (25 men, 22 women; 23-89 years), 30 minutes per recording,

with expert rhythm/beat annotations and four pacemaker records.

« MIT-BIH Normal Sinus Rhythm [140]: 18 long-term ECG (128Hz) from
healthy adults (5 men, 13 women; 20-50 years), ~24 hours each, with rhythm /beat

annotations.

Beat-wise classification excludes paced beats for consistency.

7.3.4 Methods

7.3.5 Preprocessing Pipeline
Signals were parsed with pandas'® and curated to retain entries with raw signals and
annotations only. For computational tractability, NSR recordings were segmented

Yhttps://physionet.org/content /mitdb/1.0.0/
https://pandas.pydata.org/
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into 1 hour windows. Denoising, peak detection (P, Q, R, S, T), and delineation were
performed with NeuroKit2 [210]. Subjects were split 74%/26% into train/test with no

overlap. Continuous features were scaled with RobustScaler!S [271].

7.3.6 Beat Centered Subsampling

Beat annotations centered at R peaks defined the beat segments. NeuroKit2-assisted
segmentation produced pandas DataFrames with labels aligned to R-peak annotations.
Regular beats were taken from NSR; abnormal beats from ARR. Non-beat annotations

were removed.

7.3.7 Feature Engineering and Selection

From segmented beats, we computed 26 candidate features:

o Segment durations (P, PQ, QRS, QR, QT, RS, ST, T, PT; in ms via sample

distance/sampling rate);
« Angular features at key junctions (£Pon PQ, ZRogQR, ZQRS, ZRST, ZSTTyg);
« Segment slopes (PQ, QR, RS, ST);
o Peak voltages (P, Q, R in mV);

« Ratios (QR/QS, RS/QS) to quantify QRS substructure.

After removing missing data, we ran recursive feature elimination Recursive Fea-
ture Elimination (RFE) with 5 fold GridSearchCV!7 across XGB [60], RF [30], and
LGBM [160]. The final 13 feature set included: PQ, QRS, RS, ST durations; ZQRS,
ZSTTyg; PQ, QR, RS, ST slopes; and P, Q, R peak voltages. Class balance was
enforced by RandomUnderSampler with imblearn framework [183], yielding 8259 beats
per class NSR/ ARR.

6https: / /scikit-learn.org/stable/modules/generated /sklearn.preprocessing.
RobustScaler.html

Thttps: / /scikitlearn.org/stable/modules/generated /sklearn.model _selection.
GridSearchCV.html
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7.3.8 Classification Models and Tuning

We compared RF, XGB, and XGB implemented in Python via Scikit-learn [254]'%,
XGBY, and XGB?°. Hyperparameters were tuned with 5 fold GridSearchCV to

maximize precision, recall, and F1. Search spaces are summarized in Table 7.7.

Table 7.7 Hyperparameter grids for considered classifiers (seed=42).

Algorithm

Hyperparameter Values

n_estimators
max_ features
Random Forest

max_ depth

seed

{np.arange(50,201,50)}
{np.arange(l, xtrain-Shape[l] )}
4, 6, 8]

{42}

n_estimators

learning_rate

{np.arange(50,201,50)}
0.001, 0.01, 0.1, 1]

XGBoost max_ depth [4, 6, 8]
max_ features {np.arange(1, Tpain-shape[l])}
seed {42}
n_ estimators {np.arange(50,201,50)}
learning rate [0.001, 0.01, 0.1, 1]

Light GBM max_ depth 4, 6, 8]

max_features

seed

{np.arange(L xtrain-Shape[l] >}

{42}

7.3.9 Explainability

We employed SHAP [208] to explain predictions on the independent test set. Rooted in
Shapley values from cooperative game theory, SHAP quantifies each feature’s marginal
contribution for every instance, enabling both global (feature importance, directionality)

and local interpretability.

8http://scikit-learn.org
Yhttps://xgboost.readthedocs.io/en/stable/
2https://lightgbm.readthedocs.io/en/stable/
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7.3.10 ECG Model Analysis

Table 7.8 reports evaluation metrics for all models; Figure 7.15 shows confusion
matrices. The best configuration was LGBM with learning_rate= 1, max_depth= 4,
max_ features= 1, n_ estimators= 200. Compared to RF and XGB, LGBM achieved
the fewest misclassifications across both classes, as shown in Figure 7.15, with overall
Accuracy = 0.99. For Normal Sinus, it attained Precision = 1.00, Recall =0.99, F1
=0.99; for Arrhythmia, Precision = 0.99, Recall =1.00, F1 = 0.99.

Figure 7.16 displays global feature importance that indicates broadly similar contri-
butions across features, with comparatively marginal roles for ZQRS, PQ segment,
LSTTyg, P, and Q peak values. Figures 7.17-7.18 show local explanations that reveal
instance-specific drivers: in a negativ NSRcase, R peak, RS and QRS segments, and
PQ slope dominate, while in a positive ARR case, QRS/RS segments and ST slope

contribute more strongly to the decision.

o 2415 24 99.0% o 2388 51 97.9% o 2410 29 98.8%

56.8% 0.6% 1.0% 56.2% 1.2% 2.1% 56.7% 0.7% 1.2%
7] g %]
& g 8

°. 7 1803 99.6% 2. 34 1776 98.1% = 12 1798 99.3%

E 0.29% 42.4% 0.4% 3 0.8% 41.8% 1.9% E 0.3% 423% 0.7%
s 5 5
3 3 3

99.7% 98.7% 99.3% 98.6% 97.2% 98.0% 99.5% 98.4% 99.0%

0.3% 1.3% 0.7% 1.4% 2.8% 2.0% 0.5% 1.6% 1.0%

N Yy Q Y Q ~
Target Class Target Class Target Class
(a) LGBM (b) Random Forest (¢) XGBoost

Fig. 7.15 Confusion matrices for the considered models.

Model Condition Precision Recall F1l-score Accuracy
Normal sinus 1.00 0.99 0.99

LGBM 0.99
Arrhythmia 0.99 1.00 0.99
Normal sinus 1.00 0.99 0.99

XGBoost 0.99
Arrhythmia 0.98 0.99 0.99
Normal sinus 0.99 0.98 0.98

Random Forest 0.98
Arrhythmia 0.97 0.98 0.98

Table 7.8 Evaluation metrics across models. Best overall performance achieved by LGBM.
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7.3.11 Analysis Outcomes and Clinical Implications

We present an end to end pipeline combining feature extraction/selection with XAl to
identify the optimal ML model for real time HF detection. By emphasizing discrimina-
tive ECG features and post hoc interpretability, the framework supports both model
selection and clinical trust.

RQ1. The engineered ECG features successfully trained accurate models for HF
screening, indicating their suitability for real time pipelines.

RQ2. LGBM achieved the best overall performance (Accuracy = 0.99), with top
precision /recall/F1 in both NSR and ARR classes, outperforming RF and marginally
improving upon XGB in arrhythmia precision/recall.

RQ3. SHAP based XAI yielded clinically meaningful explanations at both global
and subject levels, clarifying feature contributions and enhancing diagnostic support.

While the current experiments used a limited benchmark, subsequent research will
expand the datasets to encompass a broader range of cardiac conditions and explore the
application of DL and anomaly detection methods. The proposed pipeline is designed
to streamline epidemiological screening and clinical triage by employing a compact,
interpretable feature set derived from raw electrocardiogram data. This approach may
reduce delays and resource requirements in subsequent diagnostic testing.

Carefully engineered electrocardiogram features, combined with LGBM and ex-
plainable artificial intelligence techniques, achieve state of the art performance in HF
and ARR classification. This combination also provides actionable interpretability,

facilitating integration into clinical decision making workflows.



7.4 Time-to-event interpretable machine learning

for multiple sclerosis worsening prediction: re-
sults from iDPP@ CLEF 2023

7.4.1 Introduction

Multiple sclerosis (MS) is a chronic autoimmune disease of the Central nervous sys-
tem (CNS) marked by demyelination, inflammation, and neurodegeneration, yielding
heterogeneous symptoms and complicating diagnosis. Advances in computational
diagnostics have improved accuracy and efficiency. Among clinical tools, magnetic
resonance imaging Magnetic Resonance Imaging (MRI) often enhanced with gadolin-
ium contrast detects active lesions and tracks spatiotemporal lesion dynamics for
monitoring and treatment assessment [109, 197]. cerebrospinal fluid (CSF) analysis
(oligoclonal bands, IgG, myelin basic protein) supplies evidence of CNS inflammation,
while electrophysiological tests (VEP, BAEP, SSEP) reveal demyelination and neural
conduction abnormalities [89].

ML and Al increasingly support MS diagnosis, prognosis, and therapy selection by
processing clinical and imaging data to identify lesions, quantify disease burden, and
forecast progression [226]. These approaches also aid in predicting disease course and
treatment response by identifying prognostic patterns and biomarkers from large-scale
cohorts, thereby enabling personalized care [262].

Time to event survival ML models predict the time until outcomes such as progres-
sion or death [146]. Compared with traditional parametric methods, which assume
specific survival distributions , ML survival models better accommodate high dimen-
sional predictors, nonlinearities, interactions, censoring, and time-varying covariates,
often achieving superior performance in progression tasks [323].

In this work, using the iDPP@QCLEF 2023 MS dataset with ~1,800 patients; de-
mographics and clinical variables. We evaluate multiple time to event ML approaches
for predictingMS progression. Our objective is an interpretable framework that maxi-
mizes task performance while illuminating potential biases and the impact of clinical
predictors. The manuscript proceeds as follows: Section 7.4.2 reviews related work;
Section 7.4.3 details the methodology; Section 7.4.9 outlines the experimental setup;

Section 7.4.10 reports results; Section 7.4.11 concludes and sketches future directions.



7.4.2 Related work

Several studies have used ML to predict MS worsening and stratify risk. Zhao et al.
[347] modelled worsening (increase in EDSS > 1.5 within 5 years) using clinical and MRI
features. Fiorini et al. [110] discriminatedacMS courses using clinical data. Montolio et
al. [228] combined Retinal nerve fiber layer (RNFL) thickness with clinical variables for
diagnosis and disability course prediction. While many works classify progression states,
continuous time to event approaches remain comparatively underexplored for MS course

prediction.

7.4.3 Methodology

We addressed four challenge tasks:

o Task 1a (survival): risk of worsening defined by Expanded Disability Status
Scale (EDSS) > 3 at least twice within one year.

o Task 1b (survival): risk of worsening defined by the first recorded value, per

clinical protocol.

« Task 2a (probabilistic): cumulative worsening probabilities over windows [0-2],
[0-4], [0-6], [0-8], [0-10] years for Task la subjects.

o Task 2b (probabilistic): same windows for Task 1b subjects.

Figure 7.19 summarizes the pipeline.
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7.4.4 Dataset

Challenge data include: (i) static descriptors (age, sex, onset features, centre), (ii)
relapse dates, (iii) evoked potentials, (iv) MRI regions/lesions, (v) MS course, (vi)
EDSS dates and scores, and (vii) survival outcomes (worsening occurrence and time).
See [103, 104] for details.

Figure 7.20 shows the quantified subject overlaps across feature groups, where we
retained static features, relapse information, and MRI metadata. MRI lesion features

were excluded due to excessive missingness.
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We adopted a landmarking strategy [137], sampling the delta_edss time0 axis into
16 time points per patient; missing EDSS at a landmark was imputed as 0.

For patient i, we defined the normalized relapse variation:

n_ relapses

variation_ relapses; = ————,
- (tend - tl)

(7.6)

where n_ relapses is the count between first (¢1) and last (fepq) recorded times.
Missing values were imputed with the median. The centre variable was excluded to
avoid leakage of site effects.

7.4.5 Validation scheme

We used repeated k-fold cross-validation [172, 321] to improve performance stability
and hyperparameter tuning. Within each training fold, we addressed event/censoring
imbalance with SMOTE oversampling of the minority class [59].

7.4.6 Time to event learning

Each observation comprises features X = (x1,...,x,), event time ¢ (if observed), cen-
soring time ¢ > 0, and indicator ¢ € {0,1}. The observed time is

t, 0=1,
y =min(t,c) = (7.7)

Key functions:



e Survival S(t) = Pr[T > t],

Prit <T T >
o Hazard h(t) = lim s T<t+dT21]

: : t
Jim o with cumulative hazard [y h(u)du,

« Risk score (time-discrete) for sample z: r(z) = 23121 H(t;,x).
We considered:

o RSF': ensembles of survival trees trained on bootstrap samples with random fea-
ture selection at splits; terminal nodes estimate survival functions, and ensemble

risk is aggregated over trees.

o Gradient Boosting (GB) for survival: a sequence of weak learners fit to
residuals under a survival loss, combined into a strong predictor via weighted

aggregation.

7.4.7 Permutation feature importance

To evaluate feature importance for both ML models, we computed permutation feature

importance [15], which involves the following steps:
e Model Training: A machine learning model is trained using the dataset.

o Baseline Performance Calculation: The model’s performance metric is com-
puted using cross-validation. This metric serves as the baseline for subsequent

comparisons.

o Feature Permutation: The values of the feature of interest are randomly shuffled
while all other features remain unchanged. This process disrupts the original

relationship between the feature and the target variable.

o Model Performance Evaluation: The trained model is applied to the permuted
dataset, and the performance metric is recalculated. This metric reflects model

performance with the disrupted feature-target relationship.

» Feature Importance Computation: Feature importance is quantified by measuring
the decrease in model performance resulting from feature permutation. A larger
decrease indicates greater importance. Feature importance may be expressed as
a difference, ratio, or percentage change between baseline and post-permutation

performance.



In this study, we employed this technique to determine which features most signif-
icantly influence model performance and to elucidate the relationships between the

features and the target variable.

7.4.8 Performance evaluation

The following metrics were utilized to evaluate model performance during the training

phase:

 the concordance index (C-index), i.e., a generalization of the area under the
ROC curve (AUC) that can take into account censored data. It estimates the
probability that the order of the predictions of a pair of comparable patients is

consistent with the individual risk scores [317]. It can be computed as:

Zi,j 1Tj<Ti : 17‘j>7”i : 5]
i lry<r; - 05

C —index = : (7.8)
where r; is the risk score for patient i, 1Tj<Tz’ = 1if T} < T; else 0; Lyjsr, =1 if

rj >r; else 0.

e The cumulative dynamic AUC. The receiver operating characteristic (ROC)
curve and the area under the ROC curve AUC can be extended to survival data
by defining sensitivity (true positive rate) and specificity (true negative rate)
as time-dependent measures [144]. Cumulative cases are all individuals who
experienced an event prior to or at time ¢ (¢; <t), whereas dynamic controls are
those with ¢; > t. The associated cumulative dynamic AUC quantifies how well a
model distinguishes subjects who fail by a given time (¢; < t) from those who fail
after this time (¢; > ).

7.4.9 Experimental setup

The experimental setup was organized to address the following research questions:

o RQ1 What is the impact of the static features on the model performance for the
two datasets A and B?

« RQ2 What is the additional contribution of the dynamic features?

« RQ3 Is there a significant ranking of all the features for both definitions of MS

worsening?



« RQ4 Does the imbalance of the types of events (censored and non-censored) affect

the performance of the models?

Accordingly, 16 models were trained: two RSF models (with and without SMOTE)
and two GB models (with and without SMOTE) for each dataset. This was performed
for both the partial dataset, which included only static features, and the total dataset,
which included both static and dynamic features. All experiments were conducted on
Google Colab [34]. The machine learning models were implemented using the Python
package scikit-survival-0.20.0 [264]. All submissions were completed in collaboration
with the "SisInfLab-AIBio" team.

7.4.10 Results

RQ1: static features only

Table 7.9 C-index averaged over repeated cross-validation.

Model Static A Complete A Static B Complete B
RSF 0.49 0.65 0.50 0.53
RSF + SMOTE 0.47 0.58 0.48 0.51
GB 0.53 0.55 0.55 0.53
GB+ SMOTE 0.53 0.53 0.56 0.46

For static-only inputs, GB slightly outperforms RSF in both A and B (Figures 7.21,

7.22), but performance remains near chance, indicating static data alone are insufficient.
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RQ2: adding dynamic features

With dynamic EDSS trajectories and relapse frequency, RSF outperforms GB on
Dataset A and clearly improves over static-only models (Figure 7.23, Table 7.9).
For Dataset B, only RSF shows a modest gain over GB trained on static features
(Figure 7.24).
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RQ3: feature ranking

For both datasets, the best models were RSF without SMOTE. Permutation importance
(Figures 7.25, 7.26) shows, for Dataset A, multiple EDSS landmarks rank highest,
alongside disease-onset variables and variation_relapses. For Dataset B (with a
different worsening definition), fewer EDSS landmarks dominate, but disease-onset and

variation_ relapses remain salient.
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RQ4: effect of class imbalance

SMOTE did not improve performance for either learner or dataset (Table 7.9, Fig-
ures 7.23, 7.24), suggesting it is ill-suited to censored/not-censored imbalance in these

survival settings.

7.4.11 Conclusions and future work

We proposed a modular, interpretable survival analysis framework for MS worsening
on the iDPPQCLEF 2023 data. Dynamic EDSS information and a normalized relapse-
frequency feature substantially improve performance; RSF models consistently yielded
the best results. Worsening definitions, more complex and condition-dependent (Tasks
1b/2b), led to noticeably lower performance than simpler definitions (Tasks la/2a).
We limited our study to two learners with a landmarking approach. Future work will
evaluate deep survival models capable of handling variable-length sequences end-to-end.
We also excluded the centre variable to avoid site bias; harmonization methods could
enable its safe inclusion. More broadly, integrating multi-site harmonization and richer
temporal modelling may further improve both discrimination and calibration while

preserving interpretability.






Chapter 8
Conclusion and Future Works

This thesis presents a comprehensive investigation of EEG decoding methods and
systems in the context of BCI. The research is organized around three main lines:
emotion recognition using low-cost devices with sparse electrode montages, interactive
and creative brain-in-the-loop applications, and the transferability of the proposed
methodological framework to clinical and healthcare domains supported by XAI
Across all studies, rigorously designed pipelines—validated through subject-independent
protocols such as LOSO and complemented by explainability analyses—demonstrate
robust decoding capabilities in settings consistent with lightweight acquisition and
real-time integration, supporting both foundational research and application-oriented
deployments.

NeuroSense introduces a low-cost dataset together with a validated LOSO pipeline,
revealing the particular informativeness of the 0-5s post-stimulus interval. The study
further contrasts engineered feature sets with MiniRocket representations and lever-
ages SHAP based interpretation to reveal substantial inter-subject variability and
partially emotion-specific explanatory patterns. The Motivational States study com-
pares perception and imagination, showing that perception-based discrimination is
consistently more effective, while modest increases in channel density provide only
marginal benefits. In parallel, NeuralPMG, Neural Musical Instruments, EmoSynth,
and ARIEL demonstrate how the deliberate modulation of mental and emotional
states can be operationalized for polyphonic music generation, VST control, sound
texture synthesis, and neurolinguistic interaction via BCI and LLM. Finally, Chapter 7
extends the same methodological perspective to healthcare-oriented problems, including
MORIX for MAFLD risk modeling, Pareto-optimal model selection for MCI prediction,
and XAl-supported ECG classification, thereby illustrating portability and clinical

relevance.



From a scientific standpoint, three overarching findings emerge. First, affect-related
decoding with low-cost EEG is feasible provided that the processing pipeline is suffi-
ciently rigorous. Using the NeuroSense dataset and a workflow comprising acquisition,
MNE-based preprocessing, segmentation into 5s epochs, time-sliding evaluation, and
subject-independent classification (MiniRocket and SVM with hyperparameter opti-
mization), the initial 0-5s stimulus window consistently concentrates discriminative
information for separating baseline from stimulus across Russell’s four valence/arousal
quadrants, suggesting an early temporal dynamic that remains informative even under
sparse montages.

Second, inter-subject variability imposes concrete constraints on subject-independent
system design. The comparison between engineered spectral /entropy and nonlinear
descriptors and MiniRocket representations highlights a systematic trade-off between
interpretability and performance: feature-based approaches facilitate neurophysiological
interpretation with a modest cost in accuracy, whereas learned representations capture
latent temporal dependencies more effectively. In both cases, SHAP attributions exhibit
low cross-subject agreement and partially emotion-specific patterns, such as frontal
0/« contributions under high arousal and entropy-based or nonlinear indices associated
with relaxed or negative states. These results underscore the limitations of fully
subject-independent models and motivate personalization and adaptation mechanisms.

Third, perception yields greater separability of motivational states than imagina-
tion, while electrode density is not the primary determinant of performance. In the
study Machine Learning Classification of Motivational States: Insights from EEG
Analysis of Perception and Imagery, twelve motivational states were recorded with
medium-density EEG using 14 and 18 channels; perception-based conditions con-
sistently produced more discriminable patterns than imagery-based conditions. By
contrast, increasing the montage from 14 to 18 channels resulted in only marginal gains,
indicating that task design, stimulus timing, and the temporal organization of the
protocol may exert a stronger influence on decoding accuracy than modest increases in
channel count under practical acquisition constraints.

Three cross-cutting limitations were also identified. (i) Subject-independent gen-
eralization remains sensitive to inter-individual variability, and the analyses confirm
that predictive mechanisms differ substantially across participants. (ii) Portions of
the evidence are conditioned on the specific datasets and devices considered, moti-
vating broader validation across multiple datasets and acquisition systems, including
cross-session and cross-device scenarios. (iii) The interpretability—accuracy trade-off

remains open: interpretable feature sets provide neuro-consistent explanations, yet in



some tasks they may be outperformed by convolutional or representation-learning ap-
proaches. These observations motivate immediate future directions, including adaptive
personalization through lightweight calibration, hybrid models that combine inter-
pretable features with learned temporal representations to balance transparency and
performance, multi-dataset evaluations to assess external validity, and controlled clini-
cal studies to quantify effectiveness, acceptability, and user benefit in rehabilitation,
emotional support, and educational /creative applications.

Overall, this thesis demonstrates that accessible and explainable BCI systems can
(i) decode affective and motivational states using rigorous evaluation protocols, even
on lightweight, low-cost hardware; (ii) enable brain-in-the-loop interactive applica-
tions, including creative systems and brain-controlled musical instruments; and (iii)
transfer ML—XAI best practices to clinically and healthcare-relevant settings through
decision-support pipelines and interpretable interfaces. Taken together, the resulting
constellation of datasets, preprocessing pipelines, models, and demonstrators ad-
vances BCI beyond laboratory prototypes toward more human-centered, interpretable,
and deployment-ready neurotechnologies spanning health, education, and the arts.

Finally, the healthcare-oriented contributions substantiate the methodological
portability of the proposed approach: the same focus on robust pipelines and XAI-
supported interpretation is extended to clinical prediction and decision-support settings,
including mortality risk modeling in MAFLD (MORIX), Pareto-optimal model selection
for MCI screening, explainable ECG-based classification for heart failure detection,
and interpretable time-to-event modeling for multiple sclerosis worsening prediction.
Taken together, these studies frame explainability not as an optional add-on, but as a
practical prerequisite for integrating machine learning into clinical workflows, where
transparency, calibration, and actionable insights are essential.

Future work will address subject variability and external validity. This includes
personalization and adaptation mechanisms with light calibration, wider multi-session
and cross-device validation to assess generalization under realistic acquisition variability,
and hybrid modeling strategies that balance interpretability and accuracy by combining
neurophysiological features with learned temporal representations. In parallel, the
transition from windowed decoding to continuous monitoring in real scenarios, along
with the conduct of controlled user/clinical studies, will be essential for quantifying the
effectiveness, acceptability, and implementation readiness of explainable BCI pipelines

and healthcare decision support.
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