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Resumo

Investigar o processamento auditivo em esquizofrenia: uma abordagem de deep learning
com base em sinais de EEG

O diagnostico da esquizofrenia apresenta desafios devido a sua natureza complexa e heterogénea,
ao relato subjetivo de sintomas, a possivel sobreposicao com outras condicdes psiquiatricas, e ao inicio
dos sintomas durante o periodo desenvolvimental de elevada vulnerabilidade para diferentes tipos de
psicopatologia (final da adolescéncia). A compreensao da percepcao auditiva na esquizofrenia é crucial
para obter pistas sobre a fisiopatologia, uma vez que alucinacdes auditivas sao sintomas proeminentes.
A electroencefalografia (EEG) fornece uma medida direta da atividade elétrica do cérebro, permitindo a
investigacdo de alteracdes neurais associadas a percepcao auditiva em individuos com esquizofrenia.
A utilizacdo de machine learning, especialmente métodos de deep learning, com dados de EEG tem o
potencial de aprender padrdes neurais e relacdes complexas, predicdo e identificacdo de biomarcadores
em esquizofrenia.

Neste estudo, analisamos sinais de EEG de individuos saudaveis e de pacientes com esquizofrenia
conduzindo uma analise combinada de potenciais evocados (ERP), trial-by-trial e tempo-frequéncia para
investigar alterac6es no processamento auditivo. Com um tamanho de amostra maior do que em es-
tudos prévios (n>60), observamos reducdes consistentes no componente ERP N100 em esquizofrenia,
especialmente em elétrodos fronto-centrais, em consonancia com a literatura existente. A analise trial-by-
trial mostrou respostas N100 e P200 consistentes entre ensaios, mas maior variabilidade nos sinais de
pacientes com esquizofrenia. Diferencas significativas nas janelas temporais N100 e P200 enfatizaram
ainda mais a robustez desses componentes. A analise de tempo-frequéncia revelou padroes distintos de
sincronia da atividade neural nas oscilacdes theta e alfa entre os grupos de individuos saudaveis e com
esquizofrenia, contribuindo para diferentes assinaturas do sinal EEG em resposta a sons simples.

Tirando partido do sucesso dos métodos de deep learning e das diferencas robustas observadas nos
sinais EEG, desenvolvemos um modelo de classificacdo binaria baseado em single-trials usando uma
arquitetura baseada em redes neuronais convolucionais (CNN). O modelo é proposto para a classificacdo
de segmentos de EEG, registados durante uma tarefa auditiva passiva usando a repeticao de sons simples.
Um estudo ablativo permitiu analisar o efeito do numero de elétrodos utilizados, bem como a lateralidade
e distribuicdo da atividade elétrica no escalpe. Os resultados mostram que o modelo proposto é capaz
de classificar individuos com esquizofrenia e sujeitos saudaveis com uma precisdo média de 80% usando
apenas b elétrodos (Fz, FCz, Cz, CPz e Pz).

Este trabalho destaca a relevancia dos métodos de deep learning na exploracao de possiveis biomar-
cadores eletrofisiolégicos para a esquizofrenia, bem como as potenciais aplicacdes clinicas dos sistemas
de classificacao. Além disso, demonstra o potencial transformador da colaboracao interdisciplinar entre
Psicologia, Psiquiatria e Engenharia Biomédica na revolucao do diagnostico, tratamento e prevencao de

doencas mentais como a esquizofrenia.
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Abstract

Probing auditory processing in schizophrenia: an EEG-based deep learning approach

The diagnosis of schizophrenia poses challenges due to its complex and heterogeneous nature, sub-
jective symptom reporting, possible overlap with other psychiatric conditions, and typical symptom onset
in a developmental stage characterized by high vulnerability to distinct types of psychopathology (end of
adolescence). Understanding auditory perception in schizophrenia is crucial to get clues about the disor-
der’s pathophysiology, as auditory hallucinations are prominent symptoms. Electroencephalography (EEG)
provides a direct measure of brain electrical activity, allowing investigation of neural abnormalities associ-
ated with auditory perception in individuals with schizophrenia. The use of machine learning, especially
deep learning methods, with EEG data in schizophrenia research has the potential to unveil intricate neural
patterns and relationships, enabling more accurate diagnosis, prediction, and biomarker identification.

In this study, we analyzed EEG signals of healthy subjects and schizophrenia patients using combined
event-related potentials (ERP), trial-by-trial, and time-frequency analysis to investigate auditory processing
alterations. With a sample size larger than in previous studies (n>60), we observed consistent reductions in
the N100 ERP component in schizophrenia, particularly over frontal-central electrode sites, aligning with
existing literature. Trial-by-trial analysis showed consistent N100 and P200 responses across trials but
greater variability in schizophrenia signals. Significant differences in N100 and P200 temporal windows
further emphasized the robustness of these event-related components. Time-frequency analysis revealed
distinct neural activity synchrony patterns in theta and alpha oscillations between healthy and schizophrenia
groups, contributing to different EEG signatures in response to simple sounds.

Building upon the remarkable achievements of deep learning-based approaches and the observed
robust EEG differences, a single-trial-based binary classification model was developed using a convolutional
neural network-based architecture. The model is proposed to perform the classification based on multi-
channel auditory-related EEG single-trials recorded during a passive listening task of simple sounds. An
ablative study allowed us to analyze the effect of the number of electrodes used and the laterality and
distribution of the electrical activity over the scalp. Results show that the proposed model is able to classify
schizophrenia and healthy subjects with an average accuracy of 80% using only five midline channels (Fz,
FCz, Cz, CPz, and Pz).

This work highlights the relevance of deep learning methods in exploring potential electrophysiolog-
ical biomarkers for schizophrenia and the potential clinical applications of such classification systems.
Furthermore, it showcases the transformative potential of interdisciplinary collaboration between Psychol-
ogy, Psychiatry, and Biomedical Engineering in revolutionizing the diagnosis, treatment, and prevention of

psychiatric disorders such as schizophrenia.
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Chapter 1

Introduction

Effective and accurate diagnosis of psychiatric disorders has significant implications for clinical man-
agement, practice, and life expectancy. Despite years of research, the mechanisms underlying the onset,
symptomatology, and treatment of schizophrenia (SZ) are still elusive. The absence of appropriate ana-
Iytical tools to deal with the heterogeneity and complexity of SZ may be one of the reasons behind this
situation. Artificial intelligence advances have recently provided plausible methods of modeling and an-
alyzing complex, high-dimensional, nonlinear systems. The unprecedented accuracy of such algorithms
in classification and prediction tasks has revolutionized many scientific fields and is rapidly pushing SZ
research forward. Deep learning, a subfield of artificial intelligence, has excellent potential to become a
valuable tool for predicting, diagnosing, and treating SZ in clinical practice. In addition, deep learning can
become a powerful tool for uncovering the mechanisms underlying SZ, thanks to a growing number of
techniques designed to improve model interpretability.

This chapter presents the background and rationale for the research developed in the context of this
Ph.D. project, the main objectives, and the main contributions to knowledge. Section 1.3 describes the
structure of this document, giving a general overview of the work developed. The chapter closes with a
list of the academic outputs, more precisely publications in international peer review journals that resulted

from this research.

Contents
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1.4 Publications . . . . . . .. 6




Introduction Chapter 1

1.1 Context and motivation

SZ is a chronic and complex brain disorder that impacts social and cognitive functioning and quality
of life [1, 2]. Besides the tremendous financial burden on health systems, families, and society [3], SZ
symptoms can impair daily functioning and be disabling, reducing the patients’ quality of life [4].

Early diagnosis and effective treatment of SZ remain ongoing challenges for the scientific commu-
nity [5, 6, 7]. Psychotic symptoms generally arise in late adolescence, often developing into the first
psychotic episode in early adulthood [8, 9, 10]. In its most common form, this syndrome presents para-
noid delusions and auditory hallucinations. About 70% of patients experience hallucinations in the auditory
modality, most frequently as voices [11]. The high prevalence of auditory hallucinations among patients
with SZ suggests alterations in brain circuity underlying auditory processing [12]. Consistently, auditory
dysfunction may interfere with everyday life communication in patients with neuropsychiatric disorders [13].
Cognitive impairment is recognized as a critical component of the disorder [14]. Apart from the research
focused on cognitive alterations, during the last decades, several articles were published about sensory
processing disorders in SZ, focusing on auditory processing [15].

Efforts have been made to specify the neurobiological mechanisms underpinning psychotic symptoms,
improving the diagnosis and prognosis of SZ [16]. A substantial body of research has been developed to
understand the biological abnormalities that underlie SZ, using different techniques such as electroen-
cephalography (EEG). The low cost and the noninvasive nature of the EEG make it a widely used technique
to investigate the underlying neural mechanisms involved in perceptual, cognitive or affective processes in
healthy and clinical populations [17, 18, 19]. Given its high temporal resolution, in the order of millisec-
onds, event-related potentials (ERP) (electrical activity elicited in response to a stimulus) provide a suitable
method for studying the time course of the brain activity during the auditory processing [17, 18, 19].

Electrophysiological studies have been conducted to explore the role of the auditory cortex in processing
auditory information, and consistent alterations of some auditory ERP components have been proposed
as potential SZ biomarkers [20]. The extensively studied reductions in the mismatch negativity (MMN) and
P300 amplitudes are the most common suggested EEG indices of SZ [21, 22]. Beyond these measures,
some studies have focused on abnormalities in the N100 and P200 ERP components generation [17, 23,
24, 25].

Although the elicited ERP components appeared to indicate alterations in the auditory processing of
SZ patients and are considered potential biomarkers, it has been difficult to correlate these findings with
specific SZ symptoms. This difficulty is partly explained by the fact that researchers have focused more on
diagnosis than symptoms [26]. Indeed, SZ treatment is dependent on an accurate and early diagnosis.
Though its diagnosis mainly relies on assessing clinical symptoms’ behavioral manifestations, it depends
on self-reported subjective experience [27]. In addition, the complex nature of SZ itself and the prob-
lematic delimitation from other psychiatric disorders become harder for the disease recognition task [5].
Researchers are increasingly seeking sensitive and specific diagnostic tools driven by developments in the
computational neuroscience field.

The future of healthcare is being shaped by advances in digital technologies, such as artificial intelli-
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gence [28, 29]. Health information technologies have been going up dramatically in the last few years,
primarily due to the improved computational power and a large amount of data available nowadays [30,
31]. A better grasp of complex medical and physiological issues has only been possible because of con-
siderable increasis in the capacity of machines to understand and decode data [32]. Machine learning
techniques are revolutionizing healthcare by empowering systems to learn from data and extract valuable
insights [32, 33, 34]. They have contributed to resolving healthcare issues such as early diagnosis of
disease, realtime patient monitoring, patient-centric care, and enhancement of treatment [35]. Given the
ever-expanding availability of data concerning an individual’s mental health condition, machine learning
technologies offer a promising approach to enhance the understanding of psychiatric disorders and inform
clinical decision-making [36]. Recent studies suggest several promising directions for applying machine
learning methods in improving the diagnosis and treatment of psychiatric disorders [36]. Despite this
impressive progress, only minimal knowledge has been gathered on SZ and auditory sensory processing
abnormalities.

Machine learning applied to EEG data could represent a promising contribution to accurately predicting
intervention response and disease trajectories [37]. Machine learning methods have the potential to signif-
icantly enhance our understanding of the brain mechanisms underlying SZ across three key domains [38].
Firstly, in diagnosis and detection, these techniques can improve accuracy by analyzing various data types
such as neuroimaging, genetics, and clinical assessments. Secondly, in prognosis and onset prediction,
they can leverage longitudinal data to identify early indicators and risk factors, enabling personalized inter-
ventions. Lastly, machine learning algorithms can aid in biomarker identification, revealing novel markers
associated with SZ by integrating multi-modal data [39, 40].

Most of the implemented approaches in SZ are based on supervised learning models. Through ad-
vanced statistical and probabilistic techniques, these algorithms can parse the dataset (described by a set
of labeled features), learn from it, and then predict the label for new data, making an informed decision [41,
42]. Machine learning has been broadly applied in schizophrenia (SZ), recognizing patterns in the data
capable of successfully discriminating SZ patients from healthy subjects [38, 39]. Likewise, the classifi-
cation of SZ using EEG data during auditory processing has already been attempted. Promising results
were obtained using early auditory ERP component data measures as input features for machine learning
models [43, 44, 45, 46, 47, 48]. In addition to successfully applying the learning methods, the results
reinforce the importance of the ERP components that have been recurrently proposed as SZ biomarkers.
Although these strategies have shown accurate results, feature extraction and selection require domain
expertise. New challenges in data analysis boosted the evolution and improvement of machine learning
algorithms throughout the years, emerging new learning paradigms. Deep learning is a relatively recent
approach that can solve the dependence on the features [49]. This method has become increasingly
popular because the algorithms learn high-level features directly from the raw data through hierarchical
learning processes [50]. EEG-based deep learning algorithms have also seen growing interest among neu-
roscientists, especially in the task of brain-signal decoding [51, 52, 53]. While applying these techniques
to fields such as image analysis is already well established [54, 55, 56, 57], the use of deep learning is

still poorly explored in the development of EEG-based systems for SZ investigation.
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1.2 Overview of the research

This section provides a comprehensive outline of the objectives and research questions the present
work aims to address. Afterward, the primary contributions of the research are presented, with a particular
emphasis on their broader implications for the relevant field of study.

1.2.1 Objectives

The amount and relevance of the information in the electroencephalographic signal make it an ideal
candidate for applying deep learning methods, which can extract complex patterns and relationships in
the data and provide valuable insights into brain function and dysfunction. Learning features from these
signals may therefore represent a significant advance in studying SZ.

This thesis has two main objectives. The first is to comprehensively explore and analyze the EEG signal
content in time and frequency domains during early auditory processing in response to simple stimuli. The
second is to implement deep learning methods to extract SZ discriminative features from the EEG signal to
create a binary classification model and address the abovementioned challenges, enabling more effective
diagnosis. The specific primary objectives of this thesis are:

¢ To characterize and evaluate the machine and deep learning methods recently used in the SZ EEG-

based research literature, discussing their potentialities and limitations;

¢ To study and determine which changes occur in evoked signals during early auditory processing in
SZ. Since auditory impairments have been documented in SZ [23, 9, 58, 59, 60], we hypothesize
that the signal’s dynamic during sound processing is altered in this disorder;

¢ To apply appropriate EEG analysis techniques to extract information from data collected from a
group of patients and controls and test for differences between groups using appropriate statistical
analysis methods;

¢ To design and implement a deep learning architecture for the binary classification of SZ based on
EEG signals;

¢ To assess the validity of this approach by training the developed algorithm with auditory event-related

signals and testing its performance using validation metrics;

¢ To compare classical machine learning with deep learning architectures to classify SZ based on au-
ditory EEG responses. Given the advantages of deep learning over machine learning methods [50,
42], we hypothesize that deep neural networks will be able to learn different patterns based on
auditory EEG signals, allowing a more accurate classification of SZ subjects;

¢ To understand which signal features contribute more to the discrimination, and the relationship
between those features with EEG signals alterations in SZ consistently suggested as biomarkers of
the disorder.
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1.2.2 Contributions to knowledge

Accordingly, the main contributions are the following:

¢ A critical review that serves as a starting point for future developments of effective EEG-based
models to predict the onset of SZ, to identify subjects at risk of psychosis, or to differentiate SZ from
other disorders (Chapter 3).

¢ The use of a passive listening task for EEG data recording to provide discriminatory information.
The proposed task is of short duration, easily implemented in a clinical environment, and does not
require an overt response from the subject (Chapter 4).

¢ An extensive analysis of brain electrical information recorded during early auditory processing from
SZ and healthy subjects, using techniques such as EEG single-trials analysis, ERP, or time-frequency
analysis (Chapter 4).

¢ The investigation of trial-by-trial spatio-temporal variability that allows the assessment of the robust-
ness and consistency of changes found in EEG single-trials in SZ and their use for the development
of classification algorithms (Chapter 4).

¢ A multi-channel deep learning architecture for SZ event-related EEG single-trials classification. The
proposed model is based on convolutional neural networks, extracting task-related features from the
time course and spatial distribution of electrical activity of the brain in response to auditory stimuli.
The results demonstrate its high classification accuracy, given the heterogeneity of the disorder
(Chapter 5).

¢ The specification of which number of electrodes and which scalp localization should be used to
most accurately predict whether the signal belongs to a SZ subject or not. The Chapter 5 sheds
light on which electrode location is most relevant for identifying changes in brain activity during
auditory processing since most studies in this field use a different number and combination of
electrodes.

¢ The use of ensemble methods to reduce the variance of predictions of the developed deep learning
model (Chapter 5).

¢ A demonstration of the relevance of deep learning methods in the study of potential SZ electrophys-
iological biomarkers, as well as the potential of using this type of classification system for clinical
purposes (Chapter 5).

1.3 Thesis outline

Structured to address and probe the auditory processing in SZ individuals, this thesis also examines the
impact of electrophysiological data alterations in discriminating healthy subjects from diagnosed patients.
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This chapter has supplied information on the background, motivation, goals, contributions, and outcomes
and now presents the remaining structure of this thesis.

Chapter 2 describes the main theoretical and technical concepts used to conduct the research
project. This chapter briefly overviews the aetiology and prevalence of SZ, besides describing how sounds
are perceived in this disorder. Additionally, it describes the electrophysiological technique used in data
acquisition and the endophenotypes associated with impaired auditory processing in SZ. This chapter also
introduces the fundamentals of machine learning, with particular emphasis on the deep learning topic.

Chapter 3 reviews the more recent machine learning methods applied to EEG data for SZ classifica-
tion. This chapter is an overview of existing research relating to the objectives of this thesis, highlighting
limitations of the use of EEG data, some good practices, and promising applications of these methods.

Chapter 4 presents a combined ERP, EEG single-trials, and time-frequency approach used to inves-
tigate the mechanisms underlying auditory processing during a passive listening task in SZ. This chapter
presents a detailed characterization of the EEG dataset and discusses the changes found signal compo-
nents in SZ.

Chapter 5 describes in detail the application of deep learning methods for EEG signal classification.
The auditory event-related EEG single-trials were used to discriminate SZ from healthy subjects. In addition,
this chapter explores the contribution of features learned by the SZ classification model through a neural
network interpretability technique.

Chapter 6 presents the principal conclusions of the thesis. This chapter summarizes the most
relevant findings and results, points out the implications and limitations of the studies conducted, and
presents the prospects for future research on these topics.

1.4 Publications

Original scientific papers resulted from the research conducted in the context of this Ph.D. project:

e Barros, C., Silva, C. A., & Pinheiro, A. P. (2021). Advanced EEG-based learning approaches to

predict schizophrenia: Promises and pitfalls. Artificial intelligence in medicine, 114, 102039.

¢ Barros, C., Roach, B., Ford, J. M., Pinheiro, A. P., & Silva, C. A. (2022). From Sound Perception
to Automatic Detection of Schizophrenia: An EEG-Based Deep Learning Approach. Frontiers in
psychiatry, 12, 813460.



Chapter 2

Theoretical Concepts and Technical
Background

This chapter introduces relevant theoretical and technical concepts at the core of the research topic
addressed in this thesis. The first section defines SZ from a historical perspective. Furthermore, it fo-
cuses on alterations of the auditory processing in SZ and their relevance to the understanding of auditory
hallucinations. This section also describes the afferent auditory pathway, critical for the understanding of
the neural mechanisms engaged in sound decoding. The EEG was the neuroimaging technique chosen
to investigate auditory processing alterations in this Ph.D. project. Therefore, the second section of this
chapter focuses on this technique and presents its general principles. In addition, this section details the
analysis of evoked potentials and EEG data in the time-frequency domain. Another objective of this work
is the categorization of SZ. The task of classification was performed using machine learning methods.
Therefore, the third section presents a broad overview of machine learning. Deep learning methods are
emphasized, since they were used to classify EEG data from SZ patients in the present work. This section
introduces convolutional neural networks and other key concepts.

Contents
2.1 Schizophrenia . . . . . . . 8
2.2 Electrophysiology . . . . . . . ... e 12
2.3  MachineLearning . . . . . . . . . e 25
2.4 Summary ... e 41
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2.1 Schizophrenia

SZ is a chronic and complex neuropsychiatric disorder affecting over 21 million people worldwide [61].
Its prevalence in Portugal is estimated between 0.6% and 1%. Despite being a disabling disease, the
global cost of SZ has been estimated at EUR 436.3 million, about 0.24% of the Portuguese Gross Domestic
Product (GDP) in 2015 [62]. SZ is one of the most debilitating psychiatric disorders, affecting an individual’s
daily life and social function. [63]. SZ is considerably heterogeneous in its symptomatic manifestations,
which is associated with heterogeneity in treatment response and long-term prognosis [64].

The term 'schizophrenia’ was first introduced by Eugen Bleuler in 1911 [65], although it was first
described by Emil Kraepelin fifteen years earlier as dementia praecox [66]. The concept and nosology of
SZ evolved over the years since then [67]. Nevertheless, three historical perspectives have contributed to

our current understanding of SZ [68]:

¢ Kraepelin adopted the concept of degeneration as a diagnosis criterion, characterized by the pro-
gressive and gradual loss of mental abilities [66].

¢ Bleurer focused on some symptoms that would be fundamental for the diagnosis of SZ. He de-
scribed the abnormal associations of ideas and thought as the first elementary function or basic
symptoms. Alterations in affective processing constituted other basic symptoms of SZ. Bleuler
included the following formal alterations: affective weakening, affective indifference, euphoria, de-
pression, anguish, rigidity, and bluntness. The secondary symptoms, although not relevant for the
diagnosis of the disease, could be associated with the fundamental symptoms, namely hallucina-
tions, delusions, disorders of memory, identity, language and somatic symptoms [65].

¢ Years later, Kurt Schneider was interested in identifying groups of symptoms found in SZ but rarely
in other disorders [69]. He established a hierarchy of symptoms according to their importance
for SZ diagnosis: first- and second-order symptoms. The first-order symptoms included delusional
perception, auditory hallucinations (mainly in the form of voices), sonorization of thought, experi-
ences of influence on thought, and diffusion of thought. Delusional intuition, perplexity, depressive
or manic moods, affective weakening, and other sensory disorders were part of the second-order
symptoms [11].

Current diagnostic criteria have incorporated the chronicity proposed by Kraepelin, the negative symp-
toms proposed by Bleuler, and the positive symptoms proposed by Schneider, using different combinations
and variable interpretations of these elements [68]. The positive and negative dimensions of the symptoms
have been examined in the pathogenesis and course of SZ. Whereas positive symptoms are a reflection
of excess or distortion of normal function (e.g., delusions, hallucinations, disorganized behavior), negative
symptoms represent a decrease or absence of normal behavior associated with motivation and interest
(e.g., avolition, anhedonia, asociality) or expression (e.g., blunted affect, alogia) [70, 71, 72, 73]. The
SZ symptoms are assessed through well-established scales which were developed to monitor the severity
of positive and negative symptoms and treatment responses. Examples of widely used scales are the

8
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Positive and Negative Symptoms Scale (PANSS), the Scale for Assessment of Positive Symptoms (SAPS),
or the Scale for Assessment of Negative Symptoms (SANS) [74]. While traditional diagnostic criteria for
SZ focus on positive symptoms and negative symptoms, cognitive deficits are increasingly recognized as a
key aspect of the disorder [75, 76, 77, 78, 79]. They include poor executive functioning, lack of attention,
and working memory deficits, and are already observed at disease-onset [75, 78, 79].

Inadequate reception, modulation, integration, discrimination or organization of external sensory in-
formation can affect higher-order cognitive processes [80]. Information processing can occur in two di-
rections [81]: bottom-up and top-down. In bottom-up processing, perception starts at the sensory input
(data-driven), and the information is carried from the sensory organ to the brain. The brain then analyzes
the sensory input and creates a perception based on the physical features of the stimulus. In top-down pro-
cessing, the stimulus is analyzed on the basis of available contextual information (knowledge-driven) [81].
In this process, the brain first uses its existing knowledge and expectations to analyze the sensory input
and make a prediction, which is then compared to the actual sensory input to confirm or revise the pre-
diction [82, 83]. Current notions of bottom-up and top-down processes are not strict [84]. According to
the predictive coding theory, there is an interdependence and a constant interaction between bottom-up
and top-down processes [84].

Auditory verbal hallucinations are a cardinal symptom of SZ[11, 85, 86]. Auditory verbal hallucinations
are experienced by 60-80% of SZ patients [87, 88, 89]. Hallucinations are defined as sensory experiences
that occur without external stimulation of the sensory organ [90]. The auditory nature of this psychotic
symptom raises the possibility of associated auditory processing deficits [91]. The desynchronization
between the networks involved in sensory processing (bottom-up) and top-down control can play a key
role in the phenomenology of auditory verbal hallucinations [92, 93, 94]. Models focusing on top-down
processes suggest that the assignment of aberrant salience to external sounds or external misattribution of
inner-speech account for auditory hallucinations [93]. From another perspective, the association between
sensory processing abnormalities (deficits in bottom-up process) and auditory hallucinations has already
been reported in the literature, despite normal hearing acuity in SZ patients [95]. An imbalance between
top-down and bottom-up processing has also been linked to auditory verbal hallucinations in SZ [96].
According to this perspective, the sensory impairment caused by bottom-up deficits or hyperexcitability at
rest, followed by diminished sensory input, leads to overreliance on top-down processes. This increased
dependence on top-down expectations, combined with decreased top-down inhibitory control, may lead to
hallucinations [96].

2.1.1 Auditory Sensory Processing - Afferent Pathway

The auditory system is fundamental to human communication. Sounds are mechanical waves created
by vibrational energy propagating longitudinally in the air [97]. The human hearing system can detect
atmospheric pressure variations caused by the propagation of sound waves. When the sound hits the
ear, the wave propagates through the external auditory canal, impacting the tympanic membrane. The

vibration caused in the tympanic membrane is translated into movement and vibration of the three ossicles
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in the middle ear [98, 99].
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Figure 1: lllustration of the external ear (auricle, ear canal, and tympanic membrane), middle ear (ossicles),
and inner ear (cochlea), with enlargement of the different structures (Created with BioRender.com).

Then, vibrations of the corresponding frequency are transmitted to the oval window of the inner ear.
The oscillating movement is then propagated to the cochlear structure, causing the vibration of the basilar
membrane. The organ of Corti is the sensory receptor in the cochlea responsible for transmitting infor-
mation about sound to the brain. The ion channels of the inner and outer hair cells that compose the
organ of Corti are susceptible to mechanical vibrations. The vibrations of the basilar membrane lead to
the opening of ion channels, generating electrical energy that is propagated along the auditory nerve en-
ervating the cochlear structure (Figure 1) [98, 99]. The cochlear nerve cell axons constitute the bilateral
afferent sensory input to the central auditory nervous system [100]. The electrical signal travels along the
auditory nerve up to a series of nuclei through crossed and uncrossed projections. The signal synapses
within the cochlear nucleus in the brainstem. The information is then transmitted to the superior olivary
nucleus, where binaural processing occurs. Through the lateral lemniscus pathway, the signal ascends to
the midbrain’s inferior colliculus and onto the thalamus’s medial geniculate nucleus. The thalamus sends
projections to the primary auditory cortex on the transverse temporal (or Heschl's) gyrus, where perception
and interpretation of sounds is thought to occur (Figure 2) [99, 101, 98]. Heschl's gyrus is part of the
primary auditory cortex, which is surrounded by the secondary auditory processing areas in the superior
temporal gyrus [98].

Each afferent fiber is responsible for encoding the presence, amplitude, and timing of the sound en-
ergy within a frequency band [100]. The tonotopic arrangement of central projections and nuclei from
the brainstem to the cortex preserves the frequency information of the sound [104, 101]. Different fre-
guencies are detected by different primary auditory cortex neurons located on the superior temporal gyrus
in the temporal lobe, forming a precise tonotopic map [105]. Each brain hemisphere is capable of lo-
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Figure 2: lllustration of the human auditory system highlighting the afferent pathway of auditory processing.
Reproduced from [102]. Reprinted from Publication [103], Copyright 2020, with permission from Elsevier.

calizing sound sources. [99]. Fibers crossing defines both ipsilateral and contralateral input. Most of
the projections take a contralateral pathway from each ear, which aids sound localization and interpreta-
tion [98]. Besides source localization and frequency information, temporal processing is at the core of
the auditory system, especially for speech perception in which temporal sequences of sounds have to be
interpreted [100]. Simple auditory tasks, such as detecting the presence of a pure tone, require relatively
less neural resources when compared to more complex tasks, such as discriminating different acoustic

stimuli in noise [100].

2.1.2 Auditory Processing abnormalities in Schizophrenia

Impairments in early sensory information processing have been consistently identified in SZ patients
and individuals at clinical risk for developing psychosis [106, 107, 23, 108, 109]. Sensory deficits are well
documented in the auditory system [110, 23, 95, 106, 15]. Studies based on different auditory processing
tasks have shown that the neural responses to sounds are diminished in SZ patients compared to healthy
subjects, which suggests abnormalities in the central auditory nervous system in this disorder [111]. These
impairments appear even before the first psychotic episode, and may provide important insights into the
pathogenesis of SZ [112]. Early auditory processing deficits in SZ manifest in difficulties in the discrimina-
tion of sound length, intensity, and pitch [109]. In addition, SZ patients also present aberrant attentional
modulation of neural responses to simple sounds [106, 113].

Neuroanatomical changes have been associated with SZ, reflected in volume loss in cortical and
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subcortical brain areas [23]. Reductions of gray matter volume and cortical thickness in the Heschl's
gyrus and the superior temporal gyrus have been reported [114, 115, 23, 116]. Specifically, morphological
alterations of the auditory cortex have been negatively correlated with auditory hallucinations severity [115,
117, 118]. However, a recent study demonstrated that the decreased volume of the right superior temporal
gyrus is inversely correlated with psychosis severity but not with auditory hallucinations [119]. These brain
changes can rather be explained as the cumulative effect of neurodevelopmental abnormalities, such as
changes in neuroplasticity and alterations in neuronal maturation [23, 112].

Abnormal auditory processing in SZ has been examined in neuroimaging studies. fMRI studies have
shown a lower activation of the auditory cortex during external stimulation in SZ patients with hallucinations
when compared to non-hallucinating healthy subjects [114]. Other studies reported increased activation of
the auditory cortex during auditory hallucinations in SZ patients [120, 121, 122]. This evidence confirms
altered auditory sensory processing in SZ. However, other neuroimaging techniques, such as electrophys-
iology, can benefit from their excellent temporal resolution to shed light on the time course of auditory
processing in SZ, differentiating sensory-based and higher-order operations relevant to sound decoding.

2.2 Electrophysiology

Electrophysiological studies have contributed to progress in psychology or neurosciences, enabling
researchers to uncover the neural mechanisms underlying perceptual, motor, and cognitive processes.
Functions such as perception or memory are evaluated and studied by examining the electrical activity
generated by a population of neurons [19]. Non-invasive electrophysiology techniques, such as EEG, have
been used in the investigation of neurocognitive processes for a long time. However, more sophisticated
analyses have been developed in recent years to extract different types of information from the acquired
data. These advances have enabled exploring the dynamics of brain electrical activity and studying its
relationship with behavior and cognition [19].

2.2.1 Electroencephalography - EEG technique

MRI and fMRI are techniques characterized by their high spatial resolution, which allows specifying the
morphology and volume of brain structures. Additionally, fMRI allows for the detection of changes in blood
flow and oxygenation of different brain regions during stimulus processing, providing insight into the neural
networks that underlie perception, higher-order cognition, and behavior [123]. Unlike these neuroimaging
techniques, EEG stands out for its excellent temporal resolution, capturing the fast and sequential dynamics
of events that occur in temporal windows of the order of hundreds of milliseconds [124].

The EEG technique allows recording electrical brain activity using electrodes placed on the scalp. Con-
ventional methods for electrode positioning have relied on the international 10/20 system or its expanded
systems (10/10 and 10/5). These methods first divide the head’s surface in percentages (10% and 20%)
of circumferential measurements from several anatomical landmarks, used as fiducial points [125, 126].
Figure 3a illustrate the positioning of 64 electrodes following the expanded 10/10 international system,
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with the blue-shaded electrodes placed according to the 10/20 system.
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Figure 3: a) Distribution of electrodes sites over scalp using a 64-channels EEG following the expanded
10/10 international system; b) Fundamental concept of EEG acquisition: capture of pyramidal cell electri-
cal fields via scalp electrodes (Created with BioRender.com).

Each electrode over the scalp captures neuronal activity mainly from superficial cortical layers [127].
Post-synaptic potentials in pyramidal cells, which have perpendicular orientations relative to the surface of
the cortex, provide the most significant contribution to EEG signals [128]. When post-synaptic potentials
release excitatory or inhibitory neurotransmitters into pyramidal cells, an ionic flow between the neuron
and the extracellular space is triggered [129, 130]. Potential differences along the cell’'s membrane are
caused by the ionic current, generating an electrical field around the neuron (Figure 3b), which is too weak
to be captured by the electrode [129]. However, when the activity of thousands of pyramidal neurons is
synchronized, and the ion currents flow in the same direction, the sum of the electrical fields generated
by each neuron becomes powerful enough to be measured at the scalp [131, 132].

2.2.2 Event-related Potentials Analysis

Spontaneous EEG reflects the brain’s activity generated without an explicit task, frequently correlated
with resting-state or default-network activity [133]. Nevertheless, in everyday life, people perceive and
respond to many different types of stimuli [134]. ERP are evoked or event-related responses in the brain
generated in response to specific internal or external events (e.g., stimuli, responses, decisions) [18]. Con-
trolled, long or short, and repeated or unique stimuli can elicit these potentials, which represent signatures
of specific perceptual, motor, or cognitive processes [134]. Figure 4 illustrates how ERPs can be obtained
from the EEG signal.

ERP waveforms are obtained after performing several preprocessing steps on the EEG signals. A
general EEG acquisition and processing pipeline is followed for each subject, meeting the standardized
method proposed by [135]:

1. During the experiment, continuous EEG data are recorded.
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Figure 4: From EEG to ERP. Procedure steps to obtain a typical ERP waveform through the averaging
process.

2. Offline data are then digitally processed. The signals are ideally referenced to an electrode or a
set of electrodes that do not capture brain-related activity, that is more distant from the sources of
the EEG signal, and/or do not cancel out the effects of nearby brain activity, such as earlobes or
mastoids.

3. During the EEG acquisition, some channels can present some artifacts. In this case, bad chan-
nels can be removed from the analysis or replaced by interpolated values from the surrounding
electrodes.

4. After that, the EEG signal is filtered. Filtering data can help remove high-frequency artifacts (low-
pass filters) and low-frequency drifts (high-pass filters). Notch filters at 50 Hz can help attenuate
electrical line noise. Despite some advantages in applying filters to the EEG data, when filters are
poorly designed, they can introduce ripples in the time domain and cause signal distortion. A few
recent studies carried out by different research groups tried to showed how inappropriate filters
can lead to incorrect conclusions [136, 137, 138, 139]. Tanner et al. [139] demonstrated, through
some simulation tests, that a high-pass filter with a maximum cutoff frequency of 0.1 Hz can be

applied, ensuring that the signal is not distorted.

5. Then, continuous EEG data are segmented into epochs (single-trials), typically time-locked to the
event of interest (e.g., stimulus onset), with a pre-stimulus baseline period.

6. Another important preprocessing step is artifact rejection. EEG data contain signal and noise. It is
expected that appropriate preprocessing will attenuate the noise in the data. However, this may be
difficult: in some cases, noise can clearly be dissociated from the signal, but in others, removing
putative noise is also likely to remove some signal. It is necessary to find a trade-off between
signal and noise [19]. The artifact detection can be performed using different methods: visual
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inspection of single trials; semi-automatic or automatic inspection using advanced algorithms, such
as the independent component analysis (ICA). After their identification, artefactual single-trials are
rejected. Correlation methods are used in semi-automatic and automatic procedures to identify,
select, and reject muscle artifacts, focal components (bad channels or muscle activity), focal trial
activity, low signal-to-noise ratio (SNR), dipole fit residual variance, and EOG activity [140, 141].

7. The remaining single trials are normalized through the baseline correction method. The baseline
correction involves subtracting the voltage measured during a prestimulus window (e.g., -500 ms to
0 ms relative to stimulus onset) from the entire waveform so that the waveform reflects the voltage
relative to the average prestimulus voltage. It works as a DC offset removal [127].

8. Segments with high amplitude events (e.g., peaks above 100V or below -100 UV [127]) are re-
jected.

9. If the number of remaining EEG segments does not reach a substantial threshold value (e.g., if
lower than 75% of the total number of segments), the subject/condition data are removed from the
analysis. Otherwise, single trials for the same type of stimuli (same condition) are averaged for
each electrode to produce ERP waveforms.

Once all subjects and all conditions are processed, the averaging process across subjects is conducted
for each channel and for each condition. These are called grand averages. The final result is one segment
per condition, per channel. ERP waveforms contain some peaks (components) whose variations are in-
terpreted to reflect the speed (latency) or extent (amplitude) of processing. The ERP peak amplitude and
latency can be measured for further statistical analysis.

2.2.2.1 ERP Components

The averaged ERP waveform is a sequence of peaks that vary in polarity, amplitude, and duration
over time [17]. ERP components (peaks) are time-locked to a stimulus or action. The polarity (positive
or negative) of ERP components does not have a straightforward relationship with neuronal discharges
into thalamocortical cells or cell inhibition [142]. Instead, their polarity reflects the net electrical activity
generated by underlying neural populations at a specific time point, influenced by a complex interplay
of excitatory and inhibitory synaptic activity across neural networks [143, 142]. The evoked potentials
are identified according to their polarity traditionally using the letters 'P" and "N’ in their nomenclature to
indicate positive-going or negative-going peaks, respectively [127]. These letters are followed by a number
indicating the position in the waveform or the latency of the peak in milliseconds. Examples of ERP
components are the N100, which identifies the negative peak that typically occurs 100 ms after stimulus
onset or the P2 that refers to the second positive peak in the waveform [127]. Alternatively, the component
names can include the nomenclature of the paradigm used to elicit it (e.g., no-go N2) or can correspond
to functions that they assess (e.g., error-related negativity - ERN) [127]. The succession of peaks in ERP
waveform reflects the flow of information in the brain over time, and the amplitude measures the strength
of the components in terms of electrical energy [17, 127]. The scalp distribution of an ERP component
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corresponds to the location over the scalp where its amplitude is highest. The brain can be roughly divided
into two hemispheres, each with frontal, temporal, parietal, and occipital areas that are covered in the scalp
by different EEG electrodes [144]. Most ERP components, including those in response to sound, have a
wide scalp distribution [127].

While the exogenous sensory activity encompasses the transduction of stimulus in the sensory organ
and the neural transmission along the sensory pathways to the brain, the endogenous activity manifests
how the brain evaluates the stimulus, i.e., its cognitive processing [17]. However, exogenous ERP compo-
nents are not solely driven by the physical properties of external stimuli. Individual differences in sensory
processing can impact the ERP [145]. Moreover, top-down factors can also influence these components in
certain conditions [146]. Therefore, while the term 'exogenous’ can be a helpful shorthand for describing
specific ERP components elicited by sensory stimuli outside of the individual’s attentional focus, it is im-
portant to recognize that these components are not purely exogenous [147]. Studying the neurodynamics
of sound processing, from early to late procesing stages, can therefore clarify whether dysfunction occurs
in sensory-driven and/or later cognitive operations underlying sound decoding in subjects diagnosed with
neuropsychiatric diseases [17].

2.2.2.2 Auditory Evoked Potentials

Auditory ERP research has enhanced our knowledge of sound processing in the brain. Moreover, it
has also led to a better comprehension of the neurophysiological mechanisms underlying several psychi-
atric disorders, such as SZ. Auditory evoked potentials can be obtained in response to various sounds and
through experimental paradigms relying on passive or active listening [148]. The possibility of conduct-
ing passive auditory experiments is an advantage of the ERP technique, which can detect cortical brain
responses to auditory stimuli even in the absence of behavioral responses [149].

Auditory evoked potentials may reflect the activity of the auditory system, including the auditory cor-
tex [150]. These ERP responses can be divided into three groups (Figure 5a): the brain auditory evoked
potentials, short latency components that occur in the first 10 ms after sound onset; the middle-latency
components that emerge during 10-50 ms post-stimulus time interval; and the late cortical potentials with
peak latencies beyond 50 ms [151].

Early auditory-related potentials are generated by the activation of brain stem nuclei of the auditory
pathway during sound processing. These exogenous components of the ERP occur within the first 100
ms after stimulus onset. The longer latency (endogenous) components represent the cortical processing
stages, in which the physical features of the auditory stimulus are less determinant [149].

P50 The P50 is a positive deflection that typically peaks at around 50 ms after sound onset, and it is the
first middle latency potential, identified as the P1 peak in Figure 5a. This component is robustly elicited by
any sounds [152]. It putatively reflects pre-attentive arousal caused by the appearance of a new auditory
event [153]. Some studies have shown that the P50 is generated bilaterally in the primary auditory cortex
and indexes the regulation and early cortical processing of incoming auditory information [154, 155, 156,
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Figure 5: a) Overview of brainstem, middle, and late auditory evoked potentials in the time domain; b)
Above, ERP waveforms resulting from frequent and deviant sounds presentation; and below, the difference
waveform showing the MMN and P300 components.

153, 157]. For instance, using a paradigm in which two identical sounds (S1 and S2) are presented
with an interstimulus interval (ISI) of 500 ms, the amplitude of the P50 in response to the second sound
decreases [158]. The P50 amplitude suppression, usually expressed as the S2/S1 ratio of the amplitudes
of the two responses, is considered an index of sensory gating [158, 159]. Sensory gating refers to the
brain’s ability to filter out irrelevant sensory information and prioritize important or salient stimuli [160]. A
reduced response to the repeated stimulus, known as sensory gating, indicates that the brain is filtering out
the redundant information [161]. Abnormal P50 suppression have been reported in SZ patients, who show
reduced suppression to the second sound of the pair (S2) when compared to healthy subjects [162, 163,
159]. Moreover, deficits in sensory gating have shown a relationship with auditory verbal hallucinations in
psychosis [164]. Abnormalities in P50 suppression have not only been found in patients with SZ but also
in bipolar affective [165], posttraumatic stress [166], or panic disorders [167].

N100 The N100 (N1 - Figure 5a) component is a relatively large, negative potential, which peaks be-
tween 80 and 120 ms after stimulus onset [148, 168]. The N100 is elicited by any perceptible auditory
input regardless of task demands [168, 169]. lts amplitude is affected by various factors, such as ISI,
stimulus features, and the subject’s attention [169]. The auditory N100 component has been described
as reflecting basic perceptual processing, being likely generated by auditory and frontal cortices [170,
171]. Anomalies in this component have been examined in various psychiatric disorders [172, 24, 173,
174, 175, 176]. Studies that used auditory oddball paradigms, or other listening tasks, have consistently
found reductions in the amplitude of the auditory N100 evoked potential in SZ patients [24, 177, 159].

17



Theoretical Concepts and Technical Background Chapter 2

These robust alterations suggest deficits in mechanisms underlying the initial sensory processing and early
automatic attention to sounds [175].

P200 The P200 (P2 - Figure 5a) is a positive deflection occurring approximately 200 ms after sound
onset, being more prominent at central electrodes [148, 178]. Like the N10O, the auditory P200 reliably
occurs in response to sound presentation, and its latency and amplitude vary with aspects of selective
attention or the acoustical properties of sounds [148, 179, 180]. P200 modulations are thought to reflect
early stimulus categorization, the processing of task-relevant features of a stimulus, and the allocation
of attention to those features [173, 159]. Little is known about the role of P200 alterations in SZ, and
contradictory evidence has been found [181, 25]. However, the reduced P200 amplitude for repeated

standard tones in SZ constitutes additional evidence for altered auditory processing in this disorder [25].

MMN MMN is described as “a physiological mismatch process caused by a sensory input deviating
from the memory trace (‘template’) formed by a frequent 'background’ stimulus” (p.324) [182]. This
component is a negative deflection that typically occurs between 150-250 ms after stimulus onset [182,
183]. Oddball paradigms are usually used to elicit this component: a repetitive standard stimuli emission
creates an acoustical regularity that is violated by deviant stimuli, which are seldom presented, while
the participant is focused on a concurrent task [134]. The MMN is obtained from difference waves, as
exemplified in Figure bb. MMN reflects early processing at the level of the auditory sensory cortex, it is
evoked pre-attentively, and indexes an echoic memory comparison of a stimulus to the neural trace of
previous stimuli [183, 148, 184]. Its polarity is negative at frontal, central, and parietal scalp areas, with a
larger peak amplitude over frontal electrode sites [183]. Reduced MMN amplitude has been consistently
reported in SZ patients [185, 184] and atrisk subjects [186, 187]. Due to the consistency of these
alterations, the MMN has been proposed as a biomarker of SZ [186, 46, 188].

P300 P300 isanindex of endogenous cognitive processes, being a positive deflection that emerges ap-
proximately 300 ms after stimulus onset [189]. The P300 reflects attention operations, and it represents
the activation of higher-level cortical (frontoparietal) circuits for determining the higher-level significance
of the occurrence of an unexpected event [190]. This component is elicited during an oddball paradigm
in which participants are instructed to pay attention to the auditory stimuli, therefore reflecting the en-
gagement of attentional resources [191]. It can be obtained from difference waveforms, as illustrated
in Figure 5b. P300 is disrupted in various neuropsychiatric disorders associated with cognitive impair-
ment [192, 189]. Decreased P300 amplitude has been consistently reported in SZ, reflecting deficits
in attention allocation to task-relevant sounds and updating of an internal model of the sensory environ-
ment [192, 193, 194].
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2.2.3 Time-frequency Analysis

The EEG contains rhythmic activity, which reflects neural oscillations [195, 130]. Therefore, the direct
measure of neural activity, through voltage fluctuations, is a great advantage of this technique. More-
over, EEG data are inherently multidimensional, encompassing measures of time, space, frequency, and
power and phase (the magnitude and synchrony of frequency-band-specific activity, respectively) [134].
Brain activity is composed of multiple frequencies, which can be decomposed through signal processing
methods. Traditionally, neural oscillations are clustered into frequency bands [19]: delta (0 - 1-4 Hz),
theta (0 - 4-8 Hz), alpha (o - 8-12 Hz), beta (3 - 13-30 Hz), and gamma (y - >30 Hz), as exemplified in
Figure 6.
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Figure 6: EEG signal decomposition into frequency bands with functional meaning.

Modulations of these frequency bands present functional significance:

¢ delta: these oscillations have been associated with cognitive processes demanding attention and
are moderated by motivation [196]. Furthermore, some studies suggest that delta waves may
act as inhibitors of interference, reducing the disruptive effects of irrelevant information on task
performance. [196, 197].

e theta: this rhythmic component has been commonly associated with memory processes and
cortico-hippocampal interactions [198, 199]. Studies have demonstrated that theta activity ampli-
tude is increased during encoding and retention of information [198, 199, 197].

¢ alpha: this frequency band has been associated with relaxed awareness and sleepiness states, also
emerging when the eyes are closed. These oscillations have also been associated with information
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processing, inhibition control, and attention allocation [200, 197].

¢ heta: modulation of beta oscillations has been observed during active thinking and active attention.
This rhythmic activity has been linked to the coordination among different representations in the
cortex, motor tasks performance, decision-making processes, and focusing action-selection network
functions [197, 201, 202].

e gamma: these faster oscillations have been suggested to reflect cortical activation. Gamma oscil-
lations have been consistently linked with high-level cognitive functions such as attention, memory,
and perception. In addition, it is believed that they are modulated by sensory input [197, 203, 204,
205].

The ERP methodology provides several advantages, including its computational simplicity and the fact that
it is a widely used technique, which leads to abundant specialized literature on the method. Nonetheless,
the analyses that can be conducted are limited: the ERPs have low SNR and low statistical power; the
jittered and non-phase-locked activity is lost; and the link between ERPs and physiological mechanisms is
less clear [19, 206].

In its turn, the time-frequency domain allows the analysis of EEG data as a multidimensional signal,
having frequency as a prominent dimension. The method has some advantages. One is that many results
can be interpreted regarding neurophysiological mechanisms of neural oscillations. The temporal cor-
relations in different frequency ranges between neuronal responses are functionally relevant [207]. The
strong evidence for a close relationship between neuronal oscillations and cognitive and behavioral re-
sponses makes time-frequency analysis an important method for SZ research. In addition, time-frequency
analysis reveals more information than ERPs, especially in studies of cognitive processes. Nevertheless,
this technique is not perfect. It presents two main limitations: the decrease of temporal precision (due to
time-frequency decomposition) and the large number of complex analyses it enables [19].

A well-known time-frequency decomposition method is the Fast Fourier Transform (FFT), which en-
ables a three-dimensional (frequency, power, and phase) representation of the time-domain signal. This
technique is computationally fast and with no loss of information. Thus, the time series data can be recon-
structed perfectly from the result of its FFT. However, the result of FFT is easily interpretable for stationary
data since it converts the signals’ original domain (such as time or space) into frequency domain [208].
This is critical since the brain activity is highly non-stationary. Therefore, the FFT has not proved itself to
be the best method for time-frequency analysis of EEG data [19, 208]. Windowed functions have been
considered an appropriate method to overcome the weak temporal localization [209]. However, a trade-off
between temporal and spectral precision must be found. This is formalized in the Heisenberg uncertainty
principle, which states that it is impossible to simultaneously have good precision both in time and in
frequency [209, 134, 210]. According to this principle, when temporal resolution increases, the frequency
resolution decreases, and vice versa.

A time-frequency dictionary is a set of elementary pieces of information (¢), called atoms. The dictio-
nary can be represented by D = {¢,,} where n is the number of elements, with n € R. D is composed
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of waveforms of unit norm ||¢,,|| = 1, which are well localized in time (¢) and in frequency (w). The time

2
n,t !

localization u of ¢,, and its spread o are defined by:

u= / b (1)t (2.1)
2 2 2
7= [1t= ool ar 22)
Similarly, the frequency (€) localization and spread of the transform an are defined by:
1 ~ 2
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Each piece of information can be represented in the time-frequency plane (¢, w) by a rectangle having
the position (u, &) and the size that depends on its spread in time af and in frequency ag. This concept
is illustrated in Figure 7.
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Figure 7: Heisenberg box representing an atom ¢, adapted from [211].

The quantum information represented by the rectangle in Figure 7 has a minimum surface which
limits the joint time-frequency resolution, defined by o, 10, ., > 1/2.

A windowed Fourier transform decomposes signals over waveforms with the same time and frequency
resolution. It is thus effective as long as the signal does not include structures having different time-
frequency resolutions, some being very localized in time and others very localized in frequency.

Wavelets address this issue by changing the time and frequency resolution. A wavelet dictionary is
constructed from a mother wavelet ¢() of zero average, fj;o W(t)dt = 0, which is dilated with a scale
parameter s, and translated by wu:

D:{¢S,u(t):% (t;u)},ueR,s>O (2.5)

The continuous wavelet transform of a signal f at any scale s and position w is the projection of f on

the corresponding wavelet atom:
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Figure 8: Heisenberg time-frequency boxes of two wavelets 15 ,, and 1)y, ,,,, adapted from [211].

2.2.3.1 Complex Morlet Wavelets

The non-stationarity of the signals is the primary motivation for time-frequency analysis. Magnitude
and phase values can be extracted from signals using wavelet functions if they are complex-valued and well
localized in time and frequency [212]. Complex Morlet wavelets have been regularly used to decompose
non-stationary signals such as the EEG [210]. A Morlet wavelet is defined as a sine wave tapered by a
Gaussian window [210, 212]. In turn, the complex Morlet wavelet is a complex sinusoid modulated by a

Gaussian envelope as illustrated in Figure 9 [210, 212].
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Figure 9: Complex Morlet wavelet.

The spectrotemporal representation of a signal is obtained by convolving the signal () with a family
of wavelets zﬁf(t) for a range of frequencies (f), that is defined by the following equation:

X(t, f) = x(t) *s(t) (2.7)
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The mother wavelet for the complex Morlet wavelet family is defined as:
by, (t) = Ae™ /2o gt (2.8)

where e~¥/20¢" js the Gaussian window with a temporal standard deviation o, €*2™/o* is the complex
oscillatory component with the center frequency fo Hz, and A(o;) is a frequency band-specific scaling
parameter. The A factor is defined by:

1
A= (2.9)
O't\/7_r
with the temporal standard deviation determined by:
N
= 2.10
Ot 27Tf0 ( )

where n.. is the number of cycles of the wavelet defined for f,, frequency inside the Gaussian window [19,
212]. The temporal standard deviation is inversely proportional to the spectral standard deviation (o), as
described previously by the uncertainty principle [209]. The spectral bandwidth can be calculated through:

1
op = (2.11)

270y
A constant ratio ¢ between the center frequency f;, and the spectral bandwidth o (¢ = fy/0y) is

a feature of the wavelet function, and therefore both temporal window and spectral bandwidth vary with

fo [209]. Other factor m is considered when defining the number of cycles n.. of the wavelet function:

ne. = moyfo (2.12)

Considering this factor, the temporal window and the spectral bandwidth of the complex Morlet wavelet
are scaled by m for any given frequency fj, so that they are defined by mo, and mo ¢, respectively [209].
In this way, the number of cycles can be further calculated as a function of the f;; and values of ¢ and m:

mc
n. =
¢ 27Tf0

(2.13)

The time-frequency decomposition using a complex Morlet wavelet allows the extraction and the quan-
tification of the magnitude and phase characteristics of the signal, which shed light on the brain’s dynamic

responses to events.

* Power: it has been used to measure neural activity, and it reflects the amplitude of oscillations at
specific frequency bands, independently of phase. Whereas the EEG rhythms are the result of a syn-
chronized activity, the power changes can reveal underlying synchrony changes. The event-related
oscillatory power comprises three types of sources, which may be measured: evoked, induced, and
background power.

POWtotal = POWevokzed + POVVinduced + POWbackground (214)
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The time-frequency decomposition of each segment/trial signal using the wavelet transform can be
defined as:

Vr (t) * 2p(t)
Sal(t, f) = . (2.15)

wa (t) * xn(t)

S, is the spectral estimate of the trial n at the frequency range [1, F'] of interest over time (¢).
wf(t) is the complex Morlet wavelet for frequency f and x,, is the n trial data. Being IV the total
number of trials, the total power is determined by:

1 N

_ 2
POWioral = 4 ; 1S (t, f)] (2.16)
— Evoked power: it represents the event-related power phase-locked to the event onset. This
measure reflects the synchronized oscillations across trials and is computed by the time-
domain averaging of EEG epochs [209]. In order to calculate the evoked power, the time-
frequency decomposition of the averaged signal is considered:

Up () * v (t)
Se(t, f) = . (2.17)

wa (t) * xN(t)

The Se is the spectral estimate of the evoked response x v () (averaged across NV trials EEG
data). Then, the evoked power can be determined by:

POWeyorea = |Se(t, f)]? (2.18)

— Induced power: it is also event-related but non-phase-locked to stimulus onset. The underex-
ploited analysis of induced power can be used to examine if the stimulus-related modulation
of brain oscillations occurs independently of evoked responses [209]. These oscillations can
appear from structural changes as well as from dynamic responses by inputs that vary over
trials. The induced responses have had a role in feature-binding and top-down mechanisms of
perceptual synthesis [213]. This will inform if the modulation of brain oscillations related to a
stimulus has functional relevance to auditory processing, for example. The spectral estimate

of the induced signal (.5%,,) can be calculated through:

U () * (n(t) — 2N (t))
Sin(t, f) = - (2.19)

b (8) * (@ (t) — 2n (1))

24



Theoretical Concepts and Technical Background Chapter 2

The induced signal is obtained by subtracting the evoked signal xx(t) to each trial data
x,(t). The induced power can be calculated based on the spectral estimate:

N
1 .
POVV’induced = N § ‘Szn@a f)’Q (220)
n=1

— Background power. despite not being event-related, the background and spontaneous EEG
oscillations contribute to the total power. This measure has become of great interest, and an
increase in spontaneous oscillatory activity during the resting state has been associated with
psychosis [214].

* Phase-locking factor (PLF): it reflects the variance of EEG phase, or its consistency, across
single trials independently of amplitude. This measure complements the total power measure and
allows the study of phase synchrony in a specific frequency band. The computation of the PLF is
based on the spectral estimate of each trial (S, (¢, f)) used to calculate the total power.

1 <~ St f)
PLF = — —_— 2.21
N 2 IS @21

Figure 10 presents an example of the time-frequency decomposition of an event-related signal, where
the color range corresponds to the magnitude of EEG activity in each frequency over time.
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Figure 10: Time-frequency decomposition of EEG signal.

2.3 Machine Learning

Machine learning methods have been increasingly adopted to optimize classification tasks and to
develop predictive models using neurobiological data. Through the combination of computational science
and statistics, machine learning methods assess and automatically identify data patterns and use those
recognized patterns to make predictions [215, 216]. Machine learning algorithms also learn from data
like the human brain learns from experience. Data examples are represented as vectors of features [42],
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which can be manually or automatically extracted and selected. They are expected to contain relevant
information to effectively train the model as input to a learning phase [41].

The learning process can be classified as supervised, unsupervised, and semi-supervised, based on
the data and analyses to be conducted [217]. Figure 11 outlines the different types of learning, as well as
the problems addressed by each one.
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Figure 11: Different types of learning in machine learning, with problems addressed by each learning
process.

Some common problems are built on classification and regression, addressed by supervised learning
techniques (Figure 11). In supervised learning, a target vector (label) is provided for each data example
expressing its category [42, 217]. During the learning phase, a relationship between a label and the input
features is determined, allowing the model to accurately categorize or predict classes for new data, i.e., to
generalize [41].

Contrarily, unsupervised learning can infer patterns from non-categorized data based on their under-
lying structure [215, 217]. Clustering techniques are widely employed as a common approach in un-
supervised machine learning [218]. Clustering tasks involve the collection of data points based on the
similarity and dissimilarity between them, determining the intrinsic grouping among the unlabeled data
presented [219]. K-means clustering is an example of unsupervised machine learning algorithm [218]. An-
other unsupervised approach is the reduction of dimensionality, which allows decomplexing high-dimensional
functions by reducing input variables or features [216]. Principal component analysis (PCA) is an example
of an unsupervised method [42, 218, 216].

Semi-supervised methods aim to overcome the huge amount of data needed in supervised learning
and the cost of labeled data acquisition. Semi-supervised algorithms are applied to a small amount of
labeled data augmented by larger unlabeled datasets [220, 221].

26



Theoretical Concepts and Technical Background

Chapter 2

2.3.1 Classification Algorithms

Classification aims to determine to which class the dependent variable belongs to, based on one or

more independent variables [216]. Supervised classification is one of the tasks most frequently carried

out. There is a wide variety of classification algorithms (or classifiers) [222, 223]. Table 1 presents some

widely used ones, pointing out their advantages and disadvantages and illustrating the decision boundaries

resulting from their application to a dataset.

Table 1: Description of advantages and disadvantages of different supervised machine learning algorithms.
Schematization of decision boundaries resulting from the application of each algorithm.

Methods

Logic-based learn-
ing (tree-based)

[224]

Brief Description

These methods involve the
segmentation of the predictor space
into a number of simple regions. The
algorithm identifies ways to split a
dataset based on different conditions.
Advantages: simple and useful for
interpretation; inexpensive to develop;
excludes unimportant features.
Disadvantages: decision boundary
restricted to being parallel to attribute
axes; decision tree models are often
biased toward splits on features having
a large number of levels.

Algorithms

Decision Tree (DT) and Rule-
based methods

Random Forest (RF)

- Ensemble method using bag-
ging, boosting, or random fea-
ture subsetting to create multi-
ple decision trees that are com-
bined for predictions.

Extreme Gradient Boosting
(XGBoost)

- Ensemble method of boost-
ing: like RF, it creates multi-
ple copies of the training set,
with a separate decision tree for
each one; however, trees grow
sequentially, using information
from previously grown trees.

Decision Boundaries

Continued on next page
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Table 1 - Continued from previous page

Brief Description

Algorithms

Decision Boundaries

Support vector clas-

sifiers [224]
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The aim of these algorithms is to find a
hyperplane in an N-dimensional space
(N - the number of features) capable of
classifying data points, maximizing the
distance between points of both
classes.

Advantages: fairly robust against
overfitting; effective in low-to-moderate
dimensional spaces; relatively
memory-efficient.

Disadvantages: not suitable for large
datasets; underperform when target
classes are overlapping.

Support Vector Classifier
(svcC)

- This classifier results from us-
ing a linear kernel.

Support Vector Machine
(SVM) — Polynomial

- SVM is an extension of the
support vector classifier that re-
sults from enlarging the feature
space using other kernels, in
this case the polynomial kernel;
the decision boundary is much
more flexible.

SVM - RBF

- SVM using a radial-basis func-

tion (RBF) kernel.

Continued on next page
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Table 1 - Continued from previous page

Brief Description

Algorithms

Decision Boundaries

Instance-based

These methods produce a class la-
bel/prediction based on the similarity of
the query to its nearest neighbor(s) in
the training set, and do not create an

k-Nearest Neighbour (kNN)

learning [224] ) o o
abstraction from specific instances. - The classifications of the
[ Advantages: Ability to adapt to previ- | k most similar previous cases
([ -
ously unseen data. are used for predicting the clas-
© Disadvantages: Memory-intensive; | sification of the current exam-
poor  performance  with  high- | ple.
dimensional data; require a meaningful
distance function to calculate similarity.
Statistics-based

learning [224, 217]

AOB

These methods utilize an explicit
probability model that assigns
probabilities to instances belonging to
each class instead of solely providing a
classification.

Advantages: Fast to train; insensitive
to irrelevant features.

Disadvantages: Assume feature
independence; assume distribution
type for continuous features.

Naives Bayes (NB)

- Very simple algorithm based
on conditional probability and
counting

Gaussian process regres-
sion (GPR)

- It assumes that the regression
function is a nonlinear Gaussian

process.

Logistic Regression Analy-
sis (LRA)

- Direct modeling using logistic
function.

Continued on next page
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Table 1 - Continued from previous page

Brief Description Algorithms Decision Boundaries

Linear Discriminant Analy-
sis (LDA)

- It retrieves the linear combina-
tion of features that best sepa-
rate two or more classes.

Quadratic Discriminant
Analysis (QDA)

- Similar to LDA, but it assumes
that each class has its own co-

variance matrix

Neural
[216]

Networks

These algorithms are inspired by the
human brain. The artificial neurons are
interconnected and communicate with
each other. Each connection is
weighted by previous learning events;
with each new data input further
learning takes place.

Advantages: ability to learn from
examples and to model non-linear and
complex relationships; the model
predicts based on unseen data.
Disadvantages: Reliance on large
training datasets; computationally
expensive.

Feed-forward neural net-
work (FFNN)/ Multi-layer
Perceptron (MLP)

- Series of logistic regression
models stacked on top of each
other, with the final layer be-
ing either another logistic re-
gression or a linear regression
model.

Probabilistic (PNN)

- The class probability of a new
input data is estimated, and
Bayes' rule is then employed to
allocate the class with the high-
est posterior probability to new
input data.
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2.3.2 Deep Learning

The performance of machine learning methods depends significantly on the choice of data repre-
sentation (or features) to which they are applied [202]. Although significant, this feature engineering is
demanding and requires domain expertise [49]. Moreover, the need for features engineering brings out
the weakness of classical machine learning algorithms, which cannot extract and organize discriminatory
information from data [50]. Other methods have been developed in order to make the algorithms less
dependent on the engineering of features, allowing, consequently, a breakthrough in the development of
innovative applications [49, 225]. This is the case of representation learning, which not only grasps the
mapping of data representation onto the output but also learns the representation itself [49, 42].

Deep learning is a typical approach for representation learning [42, 216]. This sophisticated technique
can extract abstract, high-level features from raw data, allowing computers to build complex concepts from
simpler representations [42]. Based on artificial neural networks (ANN), deep learning methods attempt
to reproduce the neocortex’s layers of neurons and their activity [226]. Deep learning depth relies on
a multilayer model architecture, which allows executing more instructions and increases the algorithm
power [42].

2.3.2.1 Deep Neural Networks

An ANN is composed of a large number of highly interconnected processing elements (neurons or
nodes) that work together to solve specific, complex, undefined problems [227]. The structural unit of
ANN is the perceptron, an abstraction of the biological neuron [42]. Figure 12 presents a typical biological

neuron and the schematic of a perceptron.
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Figure 12: Schematic of a biological neuron and a perceptron (Created with BioRender.com).

In biological neurons, external impulses or impulses from other neurons are received through synapses
on the dendrites. These impulses are screened and merged. When a specific threshold is reached, the

neuron activates, and a response signal is emitted through the axon. The signal is sent to other synapses
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and might activate other neurons. Synapse efficiency (strength) is influenced by chemical or electrical
factors [228, 229]. This basic process is mimicked by the perceptron shown in Figure 12. The input signals
are transmitted to the neuron body, being weighted and summed. These signals are then transformed,
by passing through the activation function, into the output signal [228]. The propagation of the signal is
determined by the connections between the neurons and their associated weights, which compares to the
synaptic strengths in the biological system [228, 229]. Thus, the artificial neuron takes a vector of input
features x; = {1, x9, ..., x,, }, and each is multiplied by a specific weight w1, ws, ..., w,,. The weighted
inputs are summed together, and a constant value called bias (b) is added to them to produce the net
input of the neuron. The activation function g is attached to the perceptron and determines whether it
should be activated based on whether the perceptron’s input is relevant for the model’s prediction [42].
The output a is defined by:

a=g (Z Tw; + b) (2.22)
=1

where n is the total number of features. This output is then transmitted to other artificial neurons.

A basic neural network is the grouping of several perceptrons that operate together. A single-layer
neural network is obtained by placing perceptrons side by side [230]. When several one-layer networks
are stacked, a multi-layer network is formed, usually called a multilayer perceptron (MLP) [231, 42]. What
distinguishes a deep learning algorithm from a basic neural network is the number of node layers, i.e.,
the depth of the neural network [218]. Deep learning algorithms use ANNs, multiple-layer neural networks
based on fully connected nodes (artificial neurons) [232]. Figure 13 shows an example of a three hidden
layers MLP.

Inputs : hidden layers : Outputs

input 1
output 1

input 2

output 2

input 3

h1 h2 h3

Figure 13: Schematic of a MLP with 3 hidden layers (Created with BioRender.com).

The MLP is composed of input and output layers. In addition to these two layers, it usually has one
or more hidden layers of neurons [233]. This network is also designated as feed-forward neural network
(FFNN), since the information flows from the input layer, through the hidden layers, to the output layer [42].
A FFNN aims to learn a non-linear function f that maps input data observations into a desirable output
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z = f(x;0) suchthat z = yisintended, where x € R" is the input, 6 the learned parameters that result
in the best function approximation, and y the target/desired output [42]. A sequence of layers describes
this type of network. A set of neurons characterizes each layer f;, and each neuron is a linear composition
of values obtained from the previous layer or input. The activations from the previous layer serve as input
for the next layer until the values reach the output [42]. Thus, FFNN can be seen as a chain of functions,
which can be defined as:

F(z) = f(fr-1(..(fi(2)))) (2.23)

where L is the total number of layers in the network, representing the neural network depth. When a FFNN
includes feedback connections, it is called a recurrent neural network (RNN) [42].

Hidden Layers Hidden layers represent an inner block of computation, without direct interaction with
any outside variable [233, 42]. These hidden layers extract increasingly abstract features from the
data [42, 232]. All the layers are fully connected, i.e., a neuron in one layer is connected to all neu-
rons in the previous and the next layers [42]. The output activation of a hidden layer can be defined
as:

Q
hl=g (Z e tswl, + b@) (2.24)
q

where [ indexes the hidden layer, g is the activation function, and hi is the " feature of the layer [. The
wflr denotes the connecting weight between the 7" feature of the layer [ and ¢ feature of the previous
layer (I — 1), while bf] is the offset of the 7" feature of the layer [. In equation 2.24, () represents the
total number of features of the layer [ — 1.

Activation Function The nonlinear activation functions are desirable for multilayer networks to detect
nonlinear features [216]. Also, these functions define how each neuron in a network gets activated, prop-
agating the output of one layer to the next layer [234]. Some of the commonly used activation functions
are presented in Table 2.

Table 2: Commonly used activation functions.

Graphical

Function Equation

Representation

Linear g(z) =z

Continued on next page
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Table 2 - Continued from previous page

Graphical

Function Equation

Representation

Step g(z) = maz{0,1} —

Sigmoid g(z) =
14+e* i

Hiperbolic Tangent g(z) = tanh{z} /

Rectified Linear Unit

) 9(z) = maz{0, 2)

Leaky ReLU 9(z) = maz{az, z}

The rectified linear units (ReLU) activation function effectively achieves a non-linear transformation
of the data. One major advantage of ReLU compared to other functions, such as the sigmoid or the
hyperbolic tangent, is the reduced likelihood of the gradient to vanish, which arises when z > 0 [235].
This is particularly relevant because FFNN are trained by looking for a zero gradient (as explained next
in Section 2.3.2.2). For those z values, the gradient has a constant value, resulting in a faster learning
process. In contrast, the gradient of the sigmoid function, for example, becomes increasingly small as the
z value increases. Other benefit of RelLU is sparsity when z < 0 [42]. Since the ReLU of all negative
inputs is zero, any given unit may not be activated. This means that some of the neurons of the model
output zero, which does not affect the next layers [235]. Conversely, sigmoids are always likely to generate
some non-zero value resulting in dense representations. Sparsity leads to concise models, which usually
have better predictive power and less overfitting. In sparse networks, neurons are more likely to be actually
dealing with meaningful aspects of the problem [42]. Moreover, ReLU is less computationally expensive
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than other functions because it involves simpler mathematical operations [236].

The softmax is an activation function used for classification, usually used in the output layer. The
output features z(7) are transformed by the softmax function whose output is the probability distribution
over labels, allowing the categorization of the input [42]. The softmax function can be defined as:

p(i) = softmaz(=(i)) = <= PED)

- 2peap(a(i))

where k is number of classes, and p(i) the probability which the proposed model assigns to the ¢ output

(2.25)

label taking the input value (7).

2.3.2.2 Gradient-based learning

Deep learning is about solving huge and challenging optimization problems. A neural network is a
complex function consisting of millions of parameters representing a mathematical solution to a prob-
lem. Training a neural network mainly means minimizing a loss function. The value of this loss function
measures the network’s performance on a given dataset [42].

The gradient descent is a first-order ! iterative optimization algorithm used for finding the minimum
of the loss function. Optimization starts by randomly initializing the network parameters (weights and
biases). These parameters are then gradually updated. Repeated steps are performed in the opposite
direction of the gradient of the function at a point (the direction of steepest descent) to find the parameters
configuration by minimizing a loss function, which in most cases is non-convex in nature (many local
minima instead of a single global minimum) (Figure 14). The convergence to a minimum (local or global)
will depend on the initial parameters and the learning rate, which scales the step size of the gradient
descent.

Whereas in traditional approaches, the representation and classification are separately optimized, the
optimization of both phases in deep learning is performed through gradient descent in conjunction with
backpropagation that determine how a machine should change its internal parameters [50]. In practice, for
MLPs to work as deep neural networks, some ingredients such as backpropagation and hyperparameters
tuning are needed [50].

2.3.2.3 Backpropagation

Backpropagation is the essence of neural network training. The error backpropagation algorithm is
bidirectional (forward and backward directions) [50, 237]. The algorithm is used to effectively train a
neural network through chain rule. The training data are presented to the network during the forward
process and classified. The backward pass consists of a recursive updating of the weights in all layers
based on the computed errors [237]. The output from forward propagation corresponds to the predicted
value. The loss function calculates the error by comparing the predicted with the ground-truth value. The

Lirst-order optimization considers only the first derivative of the cost function
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Figure 14: Gradient descent represented for A) a convex loss function with a global minimum, and for B)
a highly non-convex loss function, with many local minima.

derivative of the error is then calculated concerning every weight in the neural network. The derivatives
of the last layer are computed and used to determine the gradients of the second last layer. This process
is repeated until the first layer. Then the gradient is subtracted from the weight value to reduce the error.
Thus, backpropagation attempts to minimize the loss function, i.e., the difference between the true value
and the actual model prediction. This technique makes the deep learning model reliable by increasing its
generalization [50, 237].

2.3.2.4 Hyperparameters

Settings of multilayer structures, such as the number of layers, initial weights, activation function,
among others, can control the networks’ behavior and learning process. This challenging hyperparameter
tuning is required to find the ideal model architecture, and hence to improve the model’s performance [238,
239].

Initialization |Initializing parameters, such as weights, is an essential initial step in neural network
building. The initial point from which the iterative training begins can determine how fast learning converges
to a minimum of the generalization error, with high or low cost [42]. The random choice from a Gaussian
or uniform distribution has been a common strategy to initialize parameters with appropriate values [240].
The Xavier Glorot uniform [241] initializer ensures the zero-mean. It keeps the variance of activations
across every layer, preventing layer activation outputs from exploding to a high value or vanishing to zero
during the forward pass through the network [241, 240].

Loss Function The loss function measures how close the model’s predictions are to the ground-truth
label. During the backpropagation step, the loss function value must be minimized to improve the
model [42]. In the classification task, the cross-entropy of the outputs can be calculated, concerning
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the true labels, generating a loss, which effectively evaluates the model’'s performance on training data.
Equation 2.26 defines the cross-entropy formula [216].

K
H(p,y) = =Y yelogps (2.26)
k=1

being K the number of classes, p the probabilistic prediction (after softmax), and ¥ the correspondent
true label.

The negative loss likelihood (NLL) function can be used to determine the loss function (or cost func-
tion) [216]. The NLL function aims to minimize the distance between input and output, and it can be
described as:

> " H(p(i), y(i)) (2.27)

where H is the cross-entropy function, with p(i) as the predicted output and y(4) as the ground-truth
label of the trial 7, being m the total number of trials.

Model Optimization As mentioned before, the optimization algorithms are used to train the neural
network by finding the parameters ¢ that minimize the cost function .J () [42]. The value z(3) is obtained
during the forward propagation step and draws on the 6 parameters of the network. The optimization of
the function .J(#) is achieved by updating the values of trainable parameters [42]. An iterative procedure
applies changes to the parameters at each iteration of the algorithm. Being 6, the parameters at the ¢
iteration, the update rule can be defined as:

9t+1 = 915 + Aet (228)

With the gradient descent algorithms, such as the stochastic gradient descent (SGD), the optimization
of J(0) follows the steepest descent direction given by the negative gradient g;. The derivative described
by equation 2.29 can be obtained by applying gradient descent approaches:

Aet = —Qg (229)

where g; is the gradient descent of parameters at iteration ¢, and « the learning rate. The Adaptive Moment
Estimation (Adam) is a variant of SGD designed for high-dimensional parameters and suitable for optimizing
CNNs many parameters. This algorithm computes adaptive learning rates for each parameter [242].

Learning Rate The learning rate « is a hyperparameter that defines the step size in the direction of the
negative gradient, i.e., that controls how adjusted the weights should be each time the model is updated
to converge to an optimal solution [216]. The learning rate selection is challenging, often performed by
trial and error or by monitoring the loss curve as a function of time [42].
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Regularization A trade-off between bias and variance is expected to reduce the model generalization
error [216]. Bias measures how far the predicted values are from the real ones, whereas variance measures
the variability of model prediction for a given data point, showing the spread of the data [42]. When the
variance increases, the model sensitivity also increases, and the algorithm is more likely to capture random
noise rather than desired data (overfitting). Therefore, the model becomes more flexible, performing better
in training than in test data. Overfitting reflects the model’s poor generalization from the training to the
new dataset [243, 244]. Aside from training with more data, overfitting can be avoided by regularization.
Regularization is a technique that modifies the learning algorithm to reduce its generalization error [42,
245]. Dropout is an excellent regularizer and easily implementable. This method prevents the model
from overfitting by temporarily removing units from the network with a specific probability in each training
step [246].

Other regularization approaches, such as L? regularization, intend to limit the models’ capacity by
adding a parameter norm penalty to the cost function [42]. The L? term, defined as ||0||2, only penalizes
the weights leaving the biases unregularized, known as weight decay. The regularized cost function is then
defined by:

J(0) = J(0) + 1|0 (2.30)

where ||e||? is the L? norm, and A € [0, oc] the penalty factor that weights the relative contribution of

the regularization.

2.3.2.5 Batch Normalization

Instead of training all input data at a time, the batch mode allows using fewer samples, which will
be propagated through the network. The batch size b is a hyperparameter that defines the number of
training examples in one forward/backward pass. This method enables networks to train faster, requiring
less memory.

Normalizing the input of a neural network improves the convergence of its training process and en-
hances its overall performance by mitigating the impact of different scales [247]. Extending this insight,
batch normalization limits the covariate shift (change of input values distribution), ensuring the normaliza-
tion of activations in each layer. This technique significantly impacts the hidden layers, where the optimal
parameters are learned from unnormalized activation distributions from previous layers [248].

Considering z as the activation, the batch B of size b can be described as B = {z1, ..., 2,}. The
mean and variance of activations over the batch can be determined through equations 2.31 and 2.32,

respectively.
b
1

s = >z, (2.31)

p=1

b
0% = 12(2 — up)? (2.32)
p:
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Using these values, it is possible to normalize the activations through the equation:

(p) _
S _Z T HB (2.33)

norm \/ﬁ
being z,..rm the normalized activations and ¢ a very small number to prevent the chance of a divide by
Zero error.

This normalization allows z to have zero mean and unit variance. However, this could perform poorly
for some activation functions (e.g., sigmoid function). Thus, batch normalization enables the model to
learn the optimal distribution by scaling the normalized values by ~ and shifting by .

2O =yl + B (2.34)

where Z are the transformed activations values [248].

Different variants of deep architectures have been developed [232]. Recent deep learning architectures
have relied on three classes of ANN: MLP, RNN, and convolutional neural network (CNN). MLPs learn a
representation from all data input, whereas RNNs process sequential data introducing the concept of
memory [42, 232]. In turn, CNN exploits the spatial structure of the data by computing filter-selective
feature maps [42]. The current work is based on CNN, to which special emphasis will be given.

2.3.2.6 Convolutional Neural Networks

CNN represents the most relevant component in the architecture of EEG classification solutions [225].
Biologically inspired in the organization of the primary visual cortex, the CNN represents a successful
application of knowledge on brain function to machine learning implementations [249, 250].

Convolution Pooling Convolution Pooling

L ‘ L ‘ ' r } Output Prediction

""""" L R I 0 I — .

Feature Extraction from image Classification

Figure 15: Diagram illustrating a typical architecture of a CNN (Created with BioRender.com).

CNN architectures vary in number and type of layers implemented, depending on the application [251,
42]. CNN is specially designed to automatically learn spatial hierarchies of features using different types
of neuron layers. A typical architecture (Figure 15) consists of repetitions of several convolution layers and
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a stacked pooling layer, followed by one or more fully connected layers at the end of the network [252,
42].

Convolutional layers The CNN structure is inspired by the complex arrangement of simple and com-
plex cells of the visual cortex [253]. In the biological vision system, each neuron responds to a stimulus
in a restricted region, and it is connected to other neurons, covering the entire visual field [42]. Similarly,
each neuron in CNN, represented by convolutional layers, processes data in its receptive field. These
layers compute convolutions of their inputs with linear filters (suggested for modeling neural responses
in the visual cortex) [42]. The coefficients of each kernel are learned as weights in a neural network.
The dot product between a restricted portion of the input and the kernel (set of learnable parameters) is
computed [254]. Then, the kernel is convolved across all input widths and heights, producing the output.
The output units are organized as feature maps, and each unit is connected to the input through a set of
weights [50]. This process is illustrated in Figure 16.

Feature Map

kernel 4

Input 2D
structure

Figure 16: Outline of a convolutional layer (Created with BioRender.com).

A nonlinear (activation) function is commonly applied to each output unit after each convolution. All
units in a feature map share the same weights, exploring statistical correlations. The weight sharing in a
convolutional layer reduces the number of parameters in the network, which makes CNNs faster to train
and less prone to overfitting [255, 50, 42]. The role of the convolutional layer is to detect local combinations
of features from the previous layer, and to automatically extract the deep and abstract information of input
signals [50]. CNN features are defined as spatial 2D maps. The CNN layers are hierarchically arranged,
allowing the detection of more complex patterns after the detection of simpler features [42, 254].

Pooling Layers The function of pooling layers is to reduce the spatial size of the representation, thereby
reducing the network parameters and controlling overfitting. This is achieved by merging semantically
similar features into one [50]. For instance, the max-pooling computes the maximum output within a local
rectangular patch of units in the feature map [42].

Fully connected Layers Fully connected (FC) layers are commonly used at the end of a CNN archi-
tecture. Every neuron in an FC layer has a connection to all activations in the previous layer. Thus, it can
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aggregate information from high-level features extracted in preceding layers and determine which features
strongly correlate to a particular class, generating the classification result [254].

2.3.2.7 Generalization, Accuracy, and Overfitting

A neural network generalizes when it correctly classifies vectors that were not used in the training
dataset. The generalizability is measured by the accuracy of these classifications [256]. A neural network
computes a complex, non-linear function of its inputs. If the trained model fits very well for a large number
of inputs, then most likely the training process has captured an underlying functional relationship between
inputs and classification. In that case, generalization to new inputs is expected to be good [256]. The
generalization error measures the accuracy of the model classifying previously unseen data. The most
straightforward technique for estimating this error rate is to divide the training dataset into three subsets:
the training set, the validation set, and the testing set. The training set is used to train the model, adjusting
its parameters based on the performance on the validation set. The validation set helps in selecting the
best hyperparameters and monitoring the model’s performance during training [256]. Finally, the testing
set is reserved for evaluating the model’s performance after training is complete. This testing set should
be completely independent of the training and validation sets. The purpose of the testing set is to provide
an unbiased assessment of the model’s generalization ability [42].

Another method for estimating generalization accuracy is called cross-validation. It divides the vectors
available for training into & disjoint subsets named 'folds’. One of the folds is used as the validation
dataset, while k& — 1 combined folds as the training set. The training and validation sets must cross over
in successive k& rounds to validate each vector. The generalization error is estimated by the average of the
errors computed for each validation set [256].

When the model is too intricate or trains too long on sample data, it can learn the noise or irrelevant
information within the data set. When the model memorizes the noise and fits too closely to the training
set, the model becomes "overfitted” and cannot generalize properly to new data. Low error rates and high
variance are good indicators of overfitting. Conversely, underfitting occurs when the model does not train
sufficiently or when the input variables are not significant enough to determine a meaningful relationship

between the input and output variables [216].

2.4 Summary

SZ is a difficult-to-diagnose psychotic disorder characterized by hallucinations, delusions, and dis-
turbances in thought, perception, and behavior. EEG is currently the gold standard for specifying the
dynamics of sensory and cognitive processing alterations in SZ. In addition to event-related potentials, the
frequency domain analysis of EEG data can help uncover which neuronal processes are associated with
disease symptoms, such as auditory hallucinations. The low cost and high temporal resolution of EEG
make it an ideal tool to examine the neural mechanisms underpinning the characteristic symptoms of
SZ. By taking advantage of advances in machine learning, especially in deep learning, it could be used
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to facilitate diagnosis, prognosis, and tracking of responses to treatment. Machine Learning methods are
used to learn patterns from data, which involves identifying discriminative features. This task is challenging
due to EEG signals’ non-linear, non-stationary, and time-varying characteristics. Deep learning unburdens
the efforts for manual feature engineering through end-to-end pattern recognition, potentially presenting a
promising solution for EEG signal classification, with relevant clinical implications.
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Chapter 3

Advanced EEG-based learning approaches
to predict schizophrenia: a review

This chapter presents an original integrative synthesis of recent machine learning-based methods
for SZ classification using EEG data, discussing their potentialities and limitations. This review can be
considered as a starting point for the development of more robust and reliable machine learning-based

approaches for accurate SZ recognition and prediction using EEG information.
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3.1 Introduction

SZ is a chronic and complex neuropsychiatric disorder, with an estimated prevalence of 1% world-
wide [257]. Its onset typically occurs by the end of adolescence and the beginning of early adulthood [8].
SZ symptoms are heterogeneous and associated with functional impairments and reduced quality of life [4],
being one of the top 25 leading causes of disability worldwide [258, 3]. SZ is characterized by the pres-
ence of positive (e.g., hallucinations and delusions) and negative symptoms (e.g., blunted affect), as well
as cognitive deficits [9]. Functional impairment has been consistently correlated with changes in cogni-
tive functions [9], including attention, memory, language and executive functions [259, 260], which are
already observed before illness onset [10, 261]. Psychotic symptoms such as hallucinations and delu-
sions are not exclusive of psychotic disorders [262] but might be present in other psychiatric (e.g., bipolar
disorder [263]) or neurological (e.g., temporal lobe epilepsy [264]) disorders. Additionally, psychotic-like
experiences have been reported in healthy subjects without a need for care [265], supporting the notion
that psychotic symptoms exist on a continuum in the general population [266, 267, 268, 269, 270].
Evidence for a psychosis continuum challenges the binary categorization of psychotic disorders, with im-
plications for clinical diagnosis. A dimensional approach to psychosis may provide critical insights on risk
factors for psychosis, disease progression and prognosis [268]. In particular, identification of risk fac-
tors is imperative to prevent or delay disease onset [271]. For example, early interventions could reduce
the negative impact of SZ [272]. However, the lack of reliable methods to objectively define the onset of
psychiatric disorders hampers the precise diagnosis of SZ [273]. Several research teams worldwide are
committed to shed light on the neurobiological mechanisms underpinning the clinical manifestations of SZ,
which may lead to substantial improvements in diagnosis and prognosis [16]. Advances in neuroscience
methodologies have fostered the study of this complex disorder. Studies using fMRI, MEG or EEG have
identified changes in brain structure and function associated with sensory and cognitive abnormalities in
SZ [274, 275, 169]. Given its high temporal resolution (in the order of milliseconds), the EEG technique
can capture the brain dynamics underpinning sensory, cognitive, affective and/or motor processes in re-
sponse to a stimulus [19, 18]. Furthermore, it is an affordable method to directly measure cortical brain
activity [19].

Machine learning applied to EEG data might represent a promising contribution to the accurate pre-
diction of intervention response and disease trajectories [37]. Machine learning methods could enhance
our understanding of the brain mechanisms underlying SZ by contributing to three key domains: diagnosis
and detection; prognosis and onset prediction; biomarker identification.

This chapter provides a systematic review of studies that relied on advanced learning methods to
detect SZ based on EEG signals. Specifically, it aims to provide an overview of proposed neurophysiological
biomarkers in SZ research, as well as a critical analysis of machine learning methods applied to EEG data
for SZ classification since 2016, further specifying deep learning methods used for the same purpose.

Moreover, it aims to identify and evaluate the potentialities and limitations of both types of learning methods.
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3.2 Search strategy and inclusion criteria

A literature search of studies that applied machine learning methods on EEG data for SZ classification,
published from January 2016 until April 2020, was conducted using SCOPUS, PubMed, Google Scholar,
IEEE Xplore, and ArXiv databases, following the Preferred Reporting ltems for Systematic Reviews and
Meta-Analyses (PRISMA) Statement [276]. Advanced search terms included the following keywords: EEG or
electroencephalography, schizophrenia, and machine learning. Studies were included if (1) they aimed to
discriminate SZ and/or at-risk patients from healthy control subjects or from patients with other psychiatric
disorders; (2) they used machine learning techniques applied to EEG data. Only studies published after
2016 were considered to allow a clearer view on the trends and improvements observed in this research

field in the last 5 years. A total of 25 studies were included in the current review.
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Figure 17: PRISMA flow diagram of the systematic literature search.

3.3 Schizophrenia Diagnosis

The complex nature of SZ and the controversy concerning its delimitation from other psychiatric disor-
ders represent challenges to an objective clinical diagnosis [5]. Currently, SZ diagnosis mostly relies on the
assessment of behavioral manifestations of clinical symptoms and on self-reports of subjective experience.
Since SZ shares symptomatic features with other disorders, diagnosis may not be straightforward [277].
Specific tools have been developed to aid diagnosis. The Diagnostic and Statistical Manual of Mental Dis-
orders - 5 (DSM-5), published by the American Psychiatry Association (APA) [278], and the International
Statistical Classification of Diseases (ICD-10), published by the World Health Organization (WHO) [279],
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list criteria for psychosis classification. Adjustments in both systems over time have been based on robust
phenomenological studies [277]. Nevertheless, DSM-5 and ICD-10 have not been able to merge neurobi-
ological measurements with clinical diagnostic criteria, mainly because brain and behavioral data do not
properly map onto current symptom-based disorders [280, 281]. The Research Domain Criteria (RDoC),
a National Institute of Mental Health (NIMH) project [282, 283], aims to integrate basic behavioral and
neuroscience research to understand the core mechanisms underpinning symptoms that may span mul-
tiple disorders [37, 284]. Despite the improved reliability, both DSM-5 and ICD-10 diagnostic systems are
limited by human subjectivity [284].

3.4 Neurobiological changes in schizophrenia

The neurobiological mechanisms underpinning SZ symptoms have been studied for decades with
neuroimaging techniques, such as MRI, fMRI, MEG or EEG. These methods directly or indirectly provide
information on structural or functional brain changes in the disorder. Each has advantages and disadvan-
tages, mainly associated with its capacity to find the source of a particular brain signal and to distinguish
two brain structures next to each other in space (spatial resolution), as well as with its capacity to discrim-
inate two sequential events in time (temporal resolution) [285]. Whereas MRI and fMRI are characterized
by higher spatial resolution, MEG and EEG have higher temporal resolution [286]. Structural and func-
tional alterations have been consistently documented in patients diagnosed with SZ [287], which include
a reduction of gray matter volumes in medial temporal, superior temporal, and prefrontal areas [288,
289, 290]. These brain regions are engaged in episodic memory, auditory processing, and shortterm
memory/decision making, respectively [287, 288].

Although the clinical symptoms and course of disorder are heterogeneous, cognitive deficits are a
central feature of SZ and include changes in executive functioning, attention, and working memory [75,
76, 77, 78]. Cognitive dysfunction may precede the onset of psychosis, is related to functional outcome,
and demonstrates limited responsiveness to antipsychotic treatment [75, 291]. Inadequate reception,
discrimination, integration, or modulation of external sensory information can affect higher-order cognitive
processes [80, 110]. fMRI provides a powerful method to explore the neural circuitry underlying cognitive
deficits in SZ. These abnormalities are manifested in dysconnectivity between brain regions, as well as
in changes in task-related brain activation [287, 290, 292, 293, 294, 295]. Despite its high spatial
resolution, the fMRI technique has low temporal resolution (in the order of seconds). The exquisite temporal
resolution of EEG, in the order of milliseconds, and its relatively low cost compared to the MEG technique
are ideal to investigate how changes in information processing contribute to perceptual, cognitive, and
social impairments in SZ [19, 296].
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3.5 Electrophysiological Biomarkers of Schizophrenia

A great challenge for clinical research is the identification of biomarkers to aid diagnosis, prognosis, risk
stratification or treatment monitoring of SZ [297, 298, 21, 299, 300, 301]. Specifically, the identification of
biomarkers may shed light on the biological underpinnings of different categorically defined disorders [281].
Technological advances have enabled the identification of psychosis-related neurobiological changes that
can be considered markers of psychopathology. Many of the proposed SZ biomarkers are EEG-related
indices. The temporal resolution of EEG is ideal to investigate how changes in information processing
contribute to sensory, cognitive, and social impairments in SZ [19, 18]. Several experimental paradigms
have been designed to probe differences between SZ patients and healthy control (HC) subjects [302].
Consistent changes in specific ERP components have been proposed as potential trait markers of SZ
(Table 3) [20, 303].

Table 3: Examples of proposed EEG biomarkers of SZ.

Suggested Type of Functional Task Amplitude Latency  Power Phase REEE S
Biomarker feature Significance
Mismatch ERP Pre-attentive Auditory SZ<HC [304, 134,
Negativity component  deviance detection oddball 305, 306]
(MMN) paradigm
P300 ERP Attention allocation Auditory SZ<HC SZ>HC [307, 308,
component oddball 309, 310,
paradigm 311, 306,
312]
P50 ERP Sensory gating Paired-click SZ<HC [163, 306]
component paradigm
N100 (N1) ERP Early auditory Listening SZ<HC [24, 313, 314,
component  response, sensory  paradigms 177]
and perceptual
processing
Gamma Band Brain Selective attention; Auditory SZ<HC  SZ<HC [209, 315,
(30-80Hz) oscillation complex auditory oddball 316, 317,
information paradigm 318]
processing
40 Hz Brain Sensory response; Listening SZ<HC  SZ<HC [319, 320,
Auditory oscillation integrity of paradigm 321, 322]
Steady-State auditory circuits;
Response synchronization of
(ASSR) neural activity with

external stimuli

The predictive value of a biomarker depends on its generalizability across clinical populations, as well
as on its sensitivity and specificity for a target population [323]. Recently, the ERP Biomarker Qualification
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Consortium (LLC [324]) was launched to identify ERP biomarkers of SZ. Accordingly, a broad range of
classification and predictive models may be developed [298].

3.6 Machine Learning for Schizophrenia Detection and Pre-
diction

Machine learning methods have been increasingly adopted to optimize the use of neurobiological data
in classification tasks and development of predictive models. Given the complexity and heterogeneity of
neurobiological data in SZ research, machine learning methods have been increasingly adopted to optimize
the use of this data in classification tasks and development of predictive models, offering a promising
avenue for improving the understanding, diagnosis, and treatment of this disorder.

3.6.1 Classical Machine Learning Approaches

Machine learning methods used in psychiatry research and, specifically, in SZ have mostly relied on
supervised learning models, trained with quantitative features selected and extracted from specific input
data [325, 326, 327]. Following the training phase, a classification task is performed, in which test data
are categorized [42, 326, 35]. SZ classification using features extracted from EEG data has been tested for
several years [328, 329, 330, 331, 332, 333, 334, 335]. Table 4 summarizes the latest machine learning-
based classification studies conducted since 2016, grouped according to classification goal and EEG task
(see Appendix A for further details). Most recent studies relied on auditory, visual or working memory
tasks, which tap into perceptual and cognitive processes that are altered in SZ, aiming to differentiate SZ
from HC and at-risk subjects, as well as from other psychiatric disorders. Additionally, some approaches
focused on resting-state EEG data, allowing the evaluation of intrinsic (i.e., task-unrelated) neural activity.
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Table 4: Schizophrenia classification attempts using Classical Machine Learning methods based on the EEG signal. Categorization of the selected studies according
to classification task and EEG paradigm.

Classification ~ Paradigm First Author EEG Sample EEG Task Classifier Features Evaluation Methods TestSet  Accuracy’

Task [Reference] Channels Size (Train/Validation/Test) Size

SZvs. HC Working Johannesen 2016 64 12 HC SWMT SVM Event-related spectral 3-fold cross-validation 12 HC 87%
memory [43] 40 S7 perturbations - (66% / -/ 33%) 40 S7
0,c, 3,7y frequency
bands
Auditory Shim [44] 2016 62 34 HC Simple auditory SVM P300 peak amplitude Leave-one-out 34 HC 88.24%
Processing 34 S7 oodball and latency; cortical cross-validation 34 S7

current density values

Santos-Mayo 2017 17 16 HC  Auditory oddball ~ SVM, MPL P3b time-domain (60% / 10% / 30%) 47 93.42%
[45] 31SZ  (standard, target, features; subjects
distractor) frequency-domain (not bal-
features anced)
Taylor [46] 2017 32 22 HC  Auditory oddball SVM, GPC  Spatiotemporal images 10-fold cross-validation 22 HC 80.48%
21 SZ (3 paradigms, 3 of MMN, deviant and (90% / - / 10%) 21 SZ
different standard responses
deviants)
Hsieh [48] 2018 32 12 HC  Passive Listening FLDA N1 and P2 peak Leave-one-out 12 HC 83.30%
1257 task amplitudes cross-validation 12 S7

Continued on next page
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Table 4 - Continued from previous page

Classification ~ Paradigm First Author EEG EEG Task Classifier Features Evaluation Methods TestSet  Accuracy’
IEN [Reference] Channels (Train/Validation/Test) Size
SZvs. HC Auditory Zhang [336] 2019 64 32 HC Basic sensory RF Demographic data; 10-fold cross-validation 32 HC 81%
Processing 49 SZ  tasks with button amplitude and latency (90% / -/ 10%) 49 57
press and of N1 and P2 peak.
auditory tone
Visual Devia [337] 2019 32 9 HC Simple Rule-based, Amplitude of ERP 5-fold cross-validation 9 HC 71%
Processing 1187 visual-free task LDA signals in 400-600ms (80% / -/ 20%) 1187
interval
Visual Thilakavathi 2017 23 23 HC Modified visual FFNN, SVM  Entropy and complexity (80% / -/ 20%) 3 HC 88.50%
Processing+ [338] 55 S7 oddball; measures 15S7
Resting- Resting-state
state
Li [339] 2019 16 25 HC Resting-state; LDA, SVM P300 amplitudes SPN Leave-one-out 25 HC 90.48%
23SZ  Visual P300 task features cross-validation 23 S7
Resting- Piryatinska 2017 16 39 HC Resting-state RF, SVM [-complexity 10-fold cross-validation 39 HC 85.30%
state [340] 45 SZ (90% / - / 10%) 45 S7

Continued on next page
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Table 4 - Continued from previous page

Accuracy”

Evaluation Methods Test Set
(Train/Validation/Test) Size

First Author EEG EEG Task Classifier Features

IEN [Reference]

Classification ~ Paradigm

Channels

19

SZvs. HC Resting- Sabeti [47] 2018 24 20 HC Resting-state FLDA Average power of 10-fold cross-validation 10 HC 83.74%
state 20z 0,0, 8,7 frequency (90% / 10% /)" 10 87
bands
Jahmunah 2019 19 14 HC Resting-state SVM-RBF, Entropy and complexity N.A. 14 HC 92.91%
[341] 14 S7 SVM-poly, measures 14 S7
DT, LDA,
kNN, PNN
Buettner 2019 19 14 HC Resting-state RF Frequency bands 10-fold cross-validation 2 HC 71.43%
[342] 14 S7 power (90% / 10% / )~ 587
Goshvarpour 2020 19 14 HC Resting-state PNN Entropy and complexity 5-fold cross-validation 14 HC 100%
[343] 14 87 measures (80% / -/ 20% 14 S7
HC vs. Resting- Ye [344] 2017 64 40 HC Resting-state SVM, kNN Statistics and Linear (75% / -/ 25%) 10 HC 97.50%2
"at-risk’ state 40 FES Eigenvalue Statistics 10 FES 77.33%°
vs. SZ 40 CHR 10 CHR
Liu [345] 2018 64 40 HC Resting-state SVM, RF, Statistics and Linear 5-fold cross-validation 40 HC 91.16%?
40 FES NB, DT Eigenvalue Statistics (80% / -/ 20%) 40 FES 73.31%P
40 CHR 40 CHR

Continued on next page
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Table 4 - Continued from previous page

Classification ~ Paradigm First Author EEG EEG Task Classifier Features Evaluation Methods TestSet  Accuracy’

IEN [Reference] Channels (Train/Validation/Test) Size

HC vs. Auditory Luo [346] 2019 128 44 FES  Somatosensory XGBoost P50 amplitudes and (70% / -/ 30%) 40 90.20%¢
"at-risk’ Processing 34UHR P50 supression P50 suppression ratio; subjects
vs. SZ 19 CHR behavioural data (not bal-
39 HC anced)

Chang [347] 2019 64 25 FES P50 paradigm DT ERP measures, MCCB, 5-fold cross-validation 25 FES 77.80%P
23 UHR brain network (80% / -/ 20%) 23 UHR
19 HC properties, 19 HC

demographic data

Ahmedt- 2020 30 40 HC Passive auditory DT,KNN, Early and mid-latency 5-fold cross-validation 40 HC 44.75%
Aristizabal 65 RSz oddball SVM ERP amplitudes (64% / 16% / 20%) 65 RSz
[348]
SZ vs. Visual Alimardani 2018 21 23 BD SSVEP LDA, QDA, SNR mean, skewness, Leave-one-out 23 BD 91.30%
Other Processing [349] 2357 SVM, kNN, and kurtosis - SSVEPs cross-validation 23SZ
disorders LRA

* Concerning the method with best performance (underlined in the Classifier column).

** Used an independent test set

a HCvs. FES

b  Three groups comparison.

¢ Four groups comparison

Abbreviations: EEG - Electroencephalography; HC - Healthy Control; SZ — Schizophrenia; BD - Bipolar Disorder; FES - First-Episode in Schizophrenia; CHR - Clinical high-risk; UHR - Ultra-high-
risk; SWMT - Sternberg Working Memory Task; SSVEP - Steady State Visually Evoked Potential; SVM - Support Machine Vector; SVM-poly — SVM with a polynomial function kernel; SYM-RBF — SVM
with radial basis function kernel; MLP - Multilayer Perceptron; GPC - Gaussian Process Classifier; RF — Random Forest; FFNN — Feed-Forward Neural Network; FLDA - Fisher Linear Discriminant
Analysis; LDA - Linear Discriminant Analysis; QDA - Quadratic Discriminant Analysis; kNN — k-Nearest Neighbourhood; PNN - Probabilistic neural network; LRA - Logistic Regression Analysis;
NB - Naive Bayes; DT - Decision Tree; SPN — Spatial Pattern Analysis; XGBoost — Extreme Gradient Boosting; MMN - Mismatch Negativity; SNR - Signal-to-Noise Ratio; N.A. — information not
available.
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3.6.1.1 Classification of schizophrenia and healthy subjects

Figure 18 graphically summarizes the methods tested for the binary classification of SZ and the best
performance of the proposed methods for specific tasks and groups of features.
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Figure 18: Accuracies achieved with machine learning classifiers (identified in dot labels) using extracted
features (x-axis) for SZ binary classification performed in different EEG datasets. Dot color represents the
EEG paradigm used for data collection (auditory, visual, and working memory tasks, resting-state, and
combined data from visual and resting-state paradigms), whereas dot size reflects the total number of
subjects. It worth noting that some results may overlap, which is reflected in the color combination of
the corresponding conditions. Abbreviations: MNE - cortical density determined by minimum-norm
estimate; SPN - spatial pattern network.

Visual processing Recent studies have focused on ERPs elicited during visual tasks. Devia et al. [337]
examined differences between SZ and HC subjects in a simple visual task. Mean ERP amplitude in the
400-600 ms temporal window post-stimulus onset, averaged across four regions of interest (frontal, cen-
tral, parietal, and occipital), was used as machine learning feature. Three classifiers were tested: linear
discrimination analysis (LDA), a rule-based, and a combination of the posterior probability of two LDAs.
The rule-based and the LDA classifiers using occipital ERPs in response to landscape images obtained the
best performances (71% accuracy) [337]. Li and colleagues [339] examined features of signals recorded
during task (P300) and rest conditions. Additionally, the functional network of both rest and task brain
states was examined by computing the phase-locking value, reflecting phase synchronization between
electrodes [209]. Using spatial pattern network (SPN), a supervised learning algorithm, properties of both
networks were extracted. The features from both states were combined allowing a highly accurate (90.48%)
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identification of SZ patients with a support vector machine (SVM) classifier [339]. Similarly, Thilakvathi et
al. [338] combined features of visual oddball tasks and resting-state EEG signals. The classification was
performed using FFNN and SVM algorithms using six entropy and complexity-related features from each
condition. Unlike the findings of Li et al., the combination did not improve the accuracy achieved by the
visual task features alone (88.5%), as shown in Figure 19.

A. Thilakvathi et al., 2017 B. Lietal., 2019

Accuracy (x100%)

Resting-state Visual Visual + Resting-state

Figure 19: Classification accuracies achieved by Thilakvathi et al. [338] and Li et al. [339] using features
extracted from EEG signals collected during visual and resting state conditions. The representation of
these results follows the same configuration as Figure 18.

Auditory change detection Auditory tasks have also been the focus of SZ binary classification with
machine learning. Shim et al. [44] relied on an auditory oddball task (AQT), combining sensor- (i.e., P300
peak over 62 electrodes) and source-level (i.e., cortical current density) approaches. The SVM classifier
with 15 features combining eight sensor-level (in frontal electrodes) and seven source-level features (over
the left temporal cortex) achieved the best accuracy (88.24%). This result is consistent with reported
P300 changes in SZ [44]. Santos-Mayo et al. [45] used an AOT with three types of auditory stimuli
(standard, target, and distractor) to elicit the P300. Features in both time and frequency domains were
extracted and examined across different electrode clusters. The SVM algorithm resulted in a highly accurate
SZ classification (92.23%), considering right hemisphere electrodes only; a MLP was tested using all
electrodes achieving 93.42% accuracy. Taylor et al. [46] probed the MMN using three AOT with different
types of deviants (stimulus duration, presence of right or left monaural gap, interaural time). ERP data
were converted into spatiotemporal images (two-dimensional surface of the scalp over the timepoints)
for each deviant and fed into two classifiers: SVM and GPC. The best accuracy achieved was 80.48%
using gaussian process classification (GPC), with no significant differences between both classifiers [46].
Probing the processing of musical sounds, Hsieh et al. [48] reported decreased N1 and P2 amplitudes
at frontal electrodes in SZ subjects, used as features in a LDA classifier. This classifier discriminated SZ
against HC subjects with an 83.3% accuracy [96]. Zhang et al. [336] also tested SZ classification based on
N1 and P2 features associated with three conditions: a button-press task to generate a tone (press+audio);
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the passively listening of the same tone (audio); the button-press without sound (press). Using random
forest (RF) algorithms, the best accuracy (81.10%) was achieved when N1 amplitude and latency over Fz
from press+audio and audio conditions were combined with non-ERP related features (demographic data).

Despite the variety of features extracted, the reviewed studies show that AOTs contribute to an accurate
identification of SZ patients. Specifically, the high accuracy in tasks eliciting the P300 or MMN supports
the reliability of changes in these components in SZ classification. Of note, the combination of both time
and frequency domains features led to improved accuracy. Data from small groups of electrodes enhanced
the classifiers’ performance when compared to EEG activity distributed over the entire scalp.

Working memory EEG signal decomposition into specific frequency bands allows studying neural oscil-
latory activity. Johannesen et al. [43] examined EEG time-frequency measures using a Sternberg Working
Memory Task (SWMT), focusing on event-related spectral perturbations (ERSP) in theta (3-8 Hz), alpha
(8-14 Hz), beta (14-23 Hz), and gamma (30-50 Hz) bands. Performance was specified using those bands
over different time intervals (pre-stimulus baseline, encoding, retention, and retrieval stages) and three
scalp locations (frontal-Fz; central-Cz; and occipital-Oz). SZ patients were identified with an accuracy of
87% using the SVM classifier. Specifically, gamma activity during the encoding interval was the main

feature contributing to this outcome [43].

Resting-state Considering the documented resting-state EEG alterations in SZ [350], classification
based on task-unrelated features has been also examined. Boostani and Sabeti [47] decomposed the
resting-state signal into five frequency bands (delta, theta, alpha, beta, and gamma) across 24 electrodes,
using discrete wavelet transforms, and computed the average power of each band. The most discriminative
frequency band was selected and its features fed into a LDA classifier, achieving an accuracy of 83.74% [47].
Piryatinska et al. [340] extracted e-complexity coefficients (indexing signal’s complexity [351]). The model
was tested on simulated data and applied to the binary classification of EEG recordings, using SVM and
RF algorithms. The best performance was a mean accuracy of 85.3% using the RF classifier [340].

Three other studies also probed SZ classification utilizing a common database for their analysis [341,
342, 343]. Jahmunah et al. [341] and Goshvapour and Goshvarpour [343] selected entropy and complex-
ity measures as classifier features. Jahmunah et al. [341] achieved the best accuracy of 92.91% using the
SVM with radial-basis function (SVM-RBF) with 12 features. SVM with polynomial function kernel (SVM-
poly), probabilistic neural network (PNN), decision tree (DT), k-nearest neighborhood (kNN), RF, and LDA
were also tested, with accuracies, sensitivities, and specificities above 78% [103]. Goshvapour and Gosh-
vapour [343] implemented a PNN model using only three features and testing different combination rules.
The perfect classification (100% accuracy) was obtained using a feature-level fusion method [343]. Buet-
tner et al. [342] decomposed the EEG data into 99 frequency values (from 0.5 to 50 Hz), and accurately
(71.43%) classified SZ using a RF; 16 Hz, 41 Hz, and 49 Hz frequencies contributed more significantly to
the performance.

The lack of task-related elements in the resting-state signal may hinder feature engineering. Notwith-
standing, accurate classification of SZ was achieved using frequency decomposition and signal complexity
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approaches. Performance was improved when a combination of task-related and resting-state features
was used [339].

From risk to disease progression Changes in brain structure and function observed before SZ onset
support the role of neurodevelopmental abnormalities in this disorder [272]. Studying different SZ stages
(e.g., prodromal, first episode, chronic stage) may specify the pathophysiological mechanisms underpin-
ning the disorder and inform about prognosis. Some (although few) studies relied on machine learning
algorithms to discriminate stages of SZ progression. Luo et al. [346] and Chang et al. [347] examined the
role of the auditory P50 as a potential biomarker for detection of psychosis risk. Both studies used the
amplitude and suppression ratio as input features. Luo et al. [346] applied the Extreme Gradient Boosting
(XGBoost) to classify HC, clinical high-risk (CHR), ultra-high-risk (UHR), and first episode schizophrenia
(FES) patients. Groups were classified with an average accuracy of 90.2% based on EEG and behavioral
data [346]. Chang et al. [347] used DT algorithms to discriminate HC, UHR, and FES. Demographic data,
cognitive performance data, and brain network parameters were combined with P50 measures, resulting
in an accuracy of 77.80%. Liu et al. [345] recorded data from HC, CHR, and FES, and tested different clas-
sifiers, relying on statistical measures of the signal (e.g., standard deviation, kurtosis, root mean square)
and Linear Eigenvalue Statistics (LES). The best accuracy (approximately 91%) was achieved in the bi-
nary discrimination of HC and FES, using LES features with SVM. Discrimination of the three groups was
achieved with a 73.31% accuracy using the same approach [345]. Likewise, Ye et al. [344] probed the
role of different frequency bands in the discrimination of the same groups. Delta, theta, and low gamma
frequencies played a more relevant role in the binary classification of HC and FES (97.50% accuracy),
whereas alpha, beta and mid-range gamma-bands were more relevant to the discrimination of the three
groups (77.3% accuracy). The classification focused on LES features extracted from those specific bands.

Compared to the high accuracy obtained in FES-HC discrimination, machine learning algorithms were
less accurate when performing multi-groups classification using resting-state signals. Studies focusing on
the SZ prodromal phase may provide insights into the EEG features that differ between control, at-risk, and
diagnosed subjects. Of note, the use of auditory task-related signals showed improved accuracy, though
combined with features such as demographic or behavioral data.

Ahmedt-Aristizabal et al. [348] implemented machine learning methods to identify children at-risk of
developing SZ (RSz), comparing 65 at-risk subjects with a control group of 40 participants, with ages be-
tween 9 and 12 years. At-risk children presented psychotic-like experiences and/or family history of SZ
spectrum illness. The mean amplitude of early (80-220 ms) and mid-latency (160-290 ms) ERP com-
ponents, captured from 5 midline electrodes (Fz, FCz, Cz, CPz, Pz) during a passive auditory oddball
task, were used as machine learning features. RSz classification was performed using kNN, DT, and SVM
classifiers. Both classifiers achievied accuracies of approximately 44%, suggesting that the ERP features
used were not sufficiently discriminative. The reduced accuracy may be accounted for by developmental
factors. Maturational changes may lead to increased variability in the brain’s response to stimuli in the
environment, resulting in morphological alterations of the EEG signal and, consequently, rendering difficult
the direct comparison of ERP responses [352].
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Distinguishing schizophrenia from other disorders EEG-based machine learning algorithms have
also been used to distinguish SZ from other psychiatric disorders. Alimardani et al. [349] tested the
discrimination of bipolar disorder and SZ patients, who share symptomatic features [353], using an EEG
feature-based classifier framework. Patients with SZ were identified with a 91.30% maximum accuracy,
when applying the kNN classifier on EEG SNR features [349]. Despite its relevance, the potential of
machine learning methods to discriminate SZ from other psychiatric disorders using EEG data has received

little attention.

3.6.2 Novel approaches: the prospects of Deep Learning

The accurate results obtained with classical machine learning methods corroborate the potential of
detecting and classifying SZ based on specific features of the EEG signal. However, both feature extraction
and selection require domain expertise, and specifying which are the most relevant has proven difficult.
Deep learning, a machine learning branch, has greatly improved learning performance in computer vision
and image recognition [50]. Deep learning has the capacity to extract meaningful patterns from available
data, without human bias. Deep learning methods have surpassed machine learning based on feature
engineering in most fields [354, 355], and recently their potential in the realm of SZ diagnosis has also
been explored.

3.6.2.1 Deep Learning algorithms

EEG-based deep algorithms have seen a growing interest in brain-signal decoding [51, 356, 52, 357].
Few studies attempted SZ classification using deep learning based on EEG signals. Table 3.6.2.2 lists the
studies that explored the prospects of EEG-based deep learning. These studies mostly relied on resting-
state data and achieved higher accuracy using CNNs.

3.6.2.2 Deep learning for Schizophrenia binary classification

Phang et al. [358] proposed a framework for SZ binary classification based on CNN. A combination of
time-domain, frequency-domain, and topological measures of brain connectivity were used as model input,
named multi-domain connectome (MDC). Each domain measure was fed into a 1D- (for the topology-based
complex network) and 2D-CNN (for time and frequency domain measures) models. The MDC obtained
accuracies above 90%. The combination of measures improved classification performance when compared
to single-domain features [358]. Calhas et al. [359] also tested a CNN-based model on resting-state EEG
to identify discriminative features of SZ. The model’s architecture relied on a siamese neural network
(SNN), composed of two “twin” convolutional sub-networks: each sub-network receives an input sample,
which corresponds to a Discrete Shorttime Fourier Transform representation of a one-minute long signal,
extracted from one channel of each subject. Samples from different subjects were paired by channel.
The output feature maps of each sub-network were compared, assessing samples’ similarity. The network
learned the desired behavior through the pairwise distance metric. Subjects’ classification was performed
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using the resulting feature maps fed into SVM, RF, XGBoost, NB, and kNN classifiers. RF classifier achieved
an accuracy of 84% [359]. Naira and José [360] used the Pearson Correlation Coefficient to determine
the relationship between 16 electrodes, hypothesizing differences in brain connectivity between SZ and
controls. Images of the correlation matrices, created from 10-second resting-state EEG segments (six
per subject), were used as input to the proposed 7-layer CNN-based model. SZ subjects were correctly
recognized with an accuracy of 90% [360]. Oh et al. [361] proposed an 11-layered CNN architecture for
a subject-based classification of SZ. Resting-state EEG segments (25 seconds) from 19 electrodes were
used as input data. The model was able to correctly discriminate SZ from HC subjects with an accuracy
of 81.26% [361].
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Table b: Schizophrenia classification attempts using Representation Learning methods based on EEG signals.

Classification ~ First Author EEG Sample EEG Task Input Data Architecture Classifier Evaluation Methods Test Set Accuracy

Task [Reference] Channels Size (Train/Validation/Test) Size

SZvs. HC Oh [361] 2019 19 14 HC Resting- Time-domain and CNN Softmax 10-fold cross-validation 14 HC 81.26%

1457 state frequency-domain (72% / 18% / 10%) 1457

Phang [3568] 2019 16 39 HC Resting- Time, frequency, MDC-CNN Softmax 5-fold cross-validation 39 HC 92.87%
45 S7 state topological (ID-CNN + (80% / -/ 20%) 45 S7

connectivity 2D-CNN)

Calhas [359] 2019 16 39 HC Resting- Time-frequency SNN SVM; XGBoost; Leave-one-out 39 HC 83%

45 S7 state EEG RF; NB; kNN cross-validation 45 S7
representation

Naira [360] 2019 16 39 HC Resting- Matrices of NN Softmax (70% / 30% / -) 4% of input 90%

45 SZ state correlation segment

between channels

Continued on next page

* Concerning the method with best performance (underlined in the Architecture and Classifier column).

a Three groups comparison.

Abbreviations: EEG - Electroencephalography; HC - Healthy Control; SZ — Schizophrenia; BD - Bipolar Disorder; FES - First-Episode in Schizophrenia; CHR - Clinical High-Risk; ANN - Artificial
Neural Network; CNN - Convolutional Neural Network; RNN - Recurrent Neural Network; SNN — Siamese Neural Network; SVM - Support Machine Vector; RF — Random Forest; kNN — k-Nearest
Neighbourhood; NB — Naive Bayes; XGBoost — XGBoost algorithm; Se - Sensitivity; Sp — Specificity; n.d. - non-defined.
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Table 5 - Continued from previous page

Classification ~ First Author Year EEG EEG Task Input Data Architecture Classifier Evaluation Methods Test Set Accuracy”

IERS [Reference] Channels (Train/Validation/Test) Size

HC vs. Chu [362] 2017 64 40 HC Resting- Time-domain and ANN; CNN; Softmax; RF; Cross-validation (n.d.) 40 HC 92.5%°
"at-risk’ 40 FES state frequency-domain RNN SVM 40 FES
vs. SZ 40 CHR 40 CHR
Ahmedt- 2020 30 40 HC Passive Spatio-temporal CNN+LSTM Sigmoid 5-fold cross-validation 40 HC 72.54%
Aristizabal 65 RSz auditory EEG Activation (64% / 16% / 20%) 65 RSz
[348] oddball representation

(EEG time course
across electrodes)

*  Concerning the method with best performance (underlined in the Architecture and Classifier column).

a Three groups comparison.

Abbreviations: EEG - Electroencephalography; HC - Healthy Control; SZ — Schizophrenia; BD - Bipolar Disorder; FES - First-Episode in Schizophrenia; CHR - Clinical High-Risk; ANN - Artificial
Neural Network; CNN - Convolutional Neural Network; RNN - Recurrent Neural Network; SNN — Siamese Neural Network; SVM - Support Machine Vector; RF — Random Forest; kNN — k-Nearest
Neighbourhood; NB — Naive Bayes; XGBoost — XGBoost algorithm; Se - Sensitivity; Sp — Specificity; n.d. - non-defined.
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3.6.2.3 Deep learning for at-risk state recognition

Chu et al. [362] proposed an individual recognition approach. Resting-state signals were recorded
from HC, CHR, and FES participants. Besides testing ANN and RNN architectures, the best performance
was achieved by combining a CNN model for feature extraction with an RF classifier. The highest accu-
racies were above 95% for FES and HC groups, and approximately 80% for CHR, using both time-domain
and frequency-domain representations as inputs [362]. This is the only study exploring the potential of
deep learning to differentiate prodromes from HC and FES. Accuracy was lower in at-risk subject iden-
tification than in HC or FES recognition. Notwithstanding, deep learning methods seem to improve the
discrimination of the three groups relative to machine learning algorithms.

Evidence for improved performance of deep learning compared to classical machine learning methods
was shown by Ahmedt-Aristizabal et al. [348]. They used event-related features from auditory processing
components, which were insufficient to identify children at risk for SZ. Subsequently, they attempted to
perform classification using a deep learning model. For the new approach, they used the EEG signal
from the 300 ms post-stimulus temporal window, registered over the same 5 midline electrodes. Two-
dimensional data structures were created (electrodes x timepoints) for each trial and used as input to the
2D-CNN-LSTM model, with one CNN and two stacked long short-term memory (LSTM) layers. The RSz
trials were recognized with an accuracy of 72.54% that clearly surpassed the 44.75% accuracy obtained
with a DT classifier [348]. However, the accuracy obtained was lower than that achieved by resting-state
models. This may reflect developmental effects and, consequently, an increased variability of EEG signals,
as previously discussed. The combination of convolutional and recurrent neural networks led to an accurate
discrimination of EEG signals from children at-risk of SZ conversion. This may suggest that abnormalities
in auditory stimuli processing may also occur in prodromal phases of SZ.

With the exception of the study of Ahmedt-Aristizabal et al. [348], deep learning methods for both SZ
classification and at-risk discrimination have relied on resting-state paradigms and on time and frequency-
domain signals as input data. Despite the lack of studies relying on event-related biosignals, the accuracies
achieved show that CNN models can successfully identify discriminative features of SZ. Even though deep
learning methods have not been applied to the classification of different phases of the SZ spectrum based
on event-related signals, the results reported by Ahmedt-Aristizabal et al. [348] suggest the potential of
these methods in predicting SZ.

3.7 Promises and Pitfalls

The studies reviewed in the current chapter reveal the potentialities of EEG-based machine learning
algorithms in discriminating SZ from HC, at-risk, and bipolar disorder subjects (>71% of accuracy). Some
ERP measures, previously proposed as SZ biomarkers (e.g., P300, MMN, or N100), and the resting-state
signal complexity were found to represent reliable features, though others have been equally successful
such as statistical measures or oscillatory power. The SVM was the most commonly used classifier due
to its computational efficiency [224], achieving the best performance in most studies.
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The utilization of raw EEG data, as opposed to pre-defined features, offers notable advantages in the
study of brain signatures associated with the SZ spectrum and iliness course. One key advantage is the
ability to capture subtle patterns through deep learning techniques. This capacity to learn intricate patterns
from EEG data enhances the potential for deep learning methods to effectively address the challenge
of identifying and characterizing brain signatures related to the SZ spectrum and the trajectory of the
illness. Although few, the most recent studies reflect the growing interest in deep learning methods,
which allow automatic feature extraction from resting-state EEG data and discriminate SZ from HC with
accuracies above 83% using CNNs. The discrimination between normal, at-risk, and/or subjects with
clinical symptoms is crucial for SZ prediction and prognosis. Resting-state and auditory event-related EEG
signals were used to probe the capacity of models to recognize at-risk subjects, achieving accuracies
of 80% and 72.5%, respectively. The performance achieved by the deep learning architecture relying
on eventrelated signals represented an improvement of almost 30% in accuracy compared to the use
of common classifiers, such as DT or SVM, fed with amplitude measures of ERP components. Unlike
the models applied to resting-state measures, Ahmedt-Aristizabal et al. [348] not only used CNN in their
proposed architecture but combined convolutional with recurrent layers. Specifically, the use of CNN
has allowed correlating temporal, frequency, and spatial information extracted from EEG data and has
proven a successful strategy in classifying SZ. However, recurrent networks such as LSTM are designed
to process temporal or sequential information. These networks can play an important role in the process
of learning patterns from task-related EEG signals, which correspond to sequences of ERP components.
These promising results encourage the applications of deep learning to the EEG, in particular to event-
related signals, whose features may reveal associations with cognitive, affective, or sensory changes in
SZ.

Although risk prediction is important for early detection and treatment, the revised studies focused on
diagnosis. This is indicated by the preference for supervised learning techniques rather than other ma-
chine learning methods. The supervised algorithms are designed based on labeled datasets. SZ data is
obtained from subjects whose diagnosis is based on standardized methods, such as DSM-5, which mostly
relies on symptom evaluation and self-reports. The proposed machine learning methods should not be
considered substitutes for the gold standard diagnosis instruments (DSM-5/1CD-10); instead, they align
with the RDoC framework purposes. Specifically, EEG-based machine learning may improve the detection
and establishment of relationships between neurobiological signals and clinical symptoms, which can be
valuable to understand the pathophysiology of SZ. Nevertheless, other limitations should be noted. The
complexity of deep learning architectures, in general, is reflected in a difficult interpretation of the mod-
els, being particularly challenging to identify the most influential features of the data [363]. Whereas in
classical machine learning methods the relationship between the input variables and the models’ output
is understandable, the deep learning architectures, data sources and training conditions hamper the com-
prehension of their internal representations. To overcome this limitation, interpretation techniques have
been developed and implemented [364]. This could be an added value in understanding which informa-
tion from the time course, frequency, or topographic distribution of the EEG signal contributed the most
to the prediction. Together with clinical data (e.g., validated clinical scales and patients’ self-reports), this
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information may reveal the functional significance of the EEG features that are altered in SZ.

Another limitation is the quantity and quality of brain data on which the performance of machine learn-
ing algorithms depends. Since the sample size is critical, it should be representative of the SZ population or
other psychiatric disorders whose data will guide learning [365]. In the studies included in this review, the
number of subjects tested was variable and generally small, which limits the generalization of the current
findings. Based on a large number of features and small sample sizes, the algorithm predictions might
be inaccurate and not generalize well, representing a case of overfitting. Thereby, a thorough validation
is necessary to avoid amplification of data errors and biases. An appropriate methodological approach
is the combined use of a validation dataset, allowing the fine-tuning of model hyperparameters, and an
independent test set to evaluate the final model’s performance and generalization error in an unbiased
way [215]. Non-overlapping subjects’ data in training, validation, and test sets should be ensured [365].
Most of the described studies used leave-one-out or k-fold cross-validation (5- or 10-fold, predominantly)
methods, which represent resampling techniques used to enhance the model’s generalizability. The size
of train and test datasets, as well as the number of folds in cross-validation, depend on the sample size,
number of features, and algorithm used [366]. However, cross-validation methods can also overestimate
predictive accuracy and mask the true model generalizability [367]. Future studies will benefit from larger
sample sizes and datasets to improve generalizability. In particular, the increase of training data allows
testing more complex models and reduces overfitting [50].

Even though the usefulness of EEG as a functional neuroimaging tool is unequivocal, some chal-
lenges should also be considered when using this technique. Despite its relatively high portability and
flexibility, electrically shielded and acoustically isolated rooms are recommended for EEG data collection
to reduce signal’s noise. A controlled experimental design is also required to minimize EEG artifacts.
Variations in signal-to-noise ratio across trials and subjects, which may also arise from differences in EEG
data acquisition conditions, may affect the quality of the signal that is used as input in machine learning
algorithms [127]. Moreover, EEG differences are expected between different subjects and across different
sessions given the non-linearity and non-stationarity of these signals [368, 369]. Longitudinal EEG data
could inform on the generalization of the models across sessions and improve the capacity of those mod-
els to learn intrinsic information [370, 371]. Finally, a well-characterized public SZ EEG database is highly
recommended for the direct comparison and objective evaluation of different algorithms’ performances.
Only then it will be possible to accurately measure the effectiveness of the developed models and assess
the usefulness of machine learning both for research and clinical applications.

Some of the clinical symptoms may overlap across psychiatric disorders [372]. Indeed, comorbidity is
the rule rather than the exception in psychiatric disorders, which has implications for patients’ diagnosis
and treatment [372, 373]. Therefore, its effects should be considered in SZ research [374, 375]. As a
potential limitation, the current review did not consider comorbidity as an exclusion criterion in studies
assessed for eligibility, which may limit the interpretation of results. Notwithstanding, most of the stud-
ies included in the present review did not report whether the samples have been controlled for possible
comorbidities. Future studies should address these issues.
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3.8 Summary

The complexity and heterogeneity of schizophrenia (SZ) symptoms challenge an objective diagnosis,
which is often based solely on behavioral and clinical manifestations. Moreover, the boundaries of SZ are
not precisely demarcated from other nosologic categories, such as bipolar disorder. The early detection
of SZ can lead to a more effective treatment, improving patients’ quality of life. Over the last decades,
hundreds of studies aimed at specifying the neurobiological mechanisms that underpin clinical manifes-
tations of SZ, using techniques such as EEG. Changes in event-related potentials of the EEG have been
associated with sensory and cognitive deficits and proposed as biomarkers of SZ. Besides contributing
to a more effective diagnosis, biomarkers can be crucial to SZ onset prediction and prognosis. However,
any proposed biomarker requires substantial clinical research to prove its validity and cost-effectiveness.
Fueled by developments in computational neuroscience, automatic classification of SZ at different stages
(prodromal, first episode, chronic) has been attempted, using brain imaging pattern recognition methods
to capture differences in functional brain activity. Advanced learning techniques have been studied for
this purpose, with promising results. This review provides an overview of recent machine learning-based
methods for SZ classification using EEG data, discussing their potentialities and limitations. It serves as
a starting point for future developments of effective EEG-based models that might predict the onset of SZ,
identify subjects at high-risk of psychosis conversion or differentiate SZ from other disorders, promoting
more effective early interventions.

64



Chapter 4

Auditory event-related potential
abnormalities in Schizophrenia

Alterations in auditory processing have been consistently reported in SZ, and linked to specific symp-
toms such as auditory verbal hallucinations. However, the neural dynamics of sound decoding in SZ
remain to be clarified. This study presents the characterization of the EEG signals of healthy subjects and
patients with SZ, analyzing the main differences in the time course of the response to simple auditory
stimuli. This study evaluates the robustness of auditory processing deficits in SZ indexed by the N100 and
P200 ERP components. Additionaly, an ERP, trial-by-trial, and time-frequency combined analysis provide
a more comprehensive understanding of the neural mechanisms underlying passive sound processing in
individuals with SZ.
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4.1 Introduction

Alterations in sensory processing have been consistently reported in SZ [110] and include the auditory
system [376, 377, 23]. Sensory-driven dysfunction could have widespread consequences for higher-order
processes such as vocal emotion recognition [378] and account for specific psychotic symptoms such as
auditory hallucinations [379]. Auditory hallucinations are a hallmark symptom of schizophrenia and may
suggest altered auditory dysfunction. However, they have been associated with complex speech perception
changes, or with alterations in higher-level cognitive functions, such as inhibitory control [380, 58, 110,
59, 23]. Hearing voices in the absence of corresponding acoustic stimulation is a common experience in
approximately 75% of SZ patients [88]. The predominance of auditory over other forms of hallucinations is
commonly indicative of the disorder [88, 381]. However, auditory verbal hallucinations are not necessarily
a sign of pathology [382]. Instead, psychotic-like experiences, including hallucinations, are reported in
10-15% of the general population without requiring clinical care [265, 383].

Sound perception in SZ has been extensively studied with high temporal resolution electrophysiolog-
ical techniques such as the EEG [384]. EEG-derived ERP studies have explored the neurodynamics of
sound perception, from early to late perceptual stages, focusing on different components [385]. The
P50, N100, and P200 are early and middle latency auditory evoked potentials. The P50 reflects a pre-
attentive processing stage, whereas the N100 and P200 are more susceptible to modulation by atten-
tional mechanisms [159, 386]. P50 abnormalities, including diminished amplitude and delayed latency,
are well-established endophenotypes of SZ and suggest impaired sensory gating [318, 387, 386]. More-
over, SZ patients present reduced amplitude of N100 and P200 components [386]. Alterations in N100
generation, reflecting changes in early sensory processing, are consistently found and well-established in
patients with SZ [314, 388]. Additionally, N100 amplitude modulations have been used as a quantifiable
measure of the modulation of auditory processing by attention [389]. For example, attention allocation
does not always lead to N100 amplitude enhancement in SZ [24], which could indicate impaired atten-
tional selection and inhibition due to deficits in cognitive control [389].The N100 is also reduced in passive
listening tasks, which suggests that both endogenous and exogenous N100 subcomponents are affected
by SZ [24]. The P200 follows the N100, and they often covary [390, 391]. Nonetheless, they differ in their
scalp topography and functional significance. Even though the functional significance of the P200 is less
clear, it has been linked to the attention-modulated processes required for auditory discrimination, as well
as early categorization processes [390, 391]. The direction of P200 alterations is less consistent, with
some studies reporting decreased and others increased amplitude in SZ compared to healthy controls in
auditory tasks [25].

The oscillatory nature of neuronal activity has also motivated the exploration of EEG-based measures in
frequency or time-frequency domains. Oscillatory rhythms can be recorded during sensory stimulation or
task performance. The procedure usually involves decomposing the continuously recorded EEG signal into
different frequency bands (delta, theta, alpha, beta, and gamma) or representing the signal over time and
frequency [209, 392]. Cortical oscillations are widely reported to be disturbed in SZ and shed additional
light on the integrity of neural network activity related to perception and cognition in this disorder [393,
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392]. The oscillatory neuronal activity in the gamma-band (30-100 Hz) is involved in representing and
selecting information [394]. During normal brain functioning, the effective representation of information
and propagation across hierarchical networks are facilitated by synchronized neuronal responses [395].
Besides being implicated in perceptual and motor functions, abnormalities in the gamma-band are as-
sociated with core cognitive disturbances and reflect the disrupted functioning of pyramidal cells and
parvalbumin interneurons® in SZ [394, 393, 397]. There is substantial evidence for both abnormalities
of gamma-amino-butyric acid (GABA) neurotransmission and reduced synaptic connectivity in the audi-
tory cortex of SZ patients [398, 399, 400]. Deficits of the auditory steady-state response (ASSR) and early
auditory-evoked gamma-band response (EAGBR) (25-100 msec upon the presentation of an auditory stim-
ulus [401]) were reported in SZ patients when compared to healthy individuals [317, 402, 394]. Therefore,
auditory-evoked v oscillations can inform on the integrity of synaptic connectivity in the auditory cortex of
SZ patients [394, 403]. Besides the relationship between gamma-band activity and the construction of
coherent object representations, it has been shown that lower frequencies (delta-, theta-, and alpha-bands)
are also functionally involved in a wide range of perceptual, cognitive, and executive processes [395]. Dif-
ferent studies have also revealed changes in auditory-evoked neural activity in these frequency spectra in
SZ patients [404, 405, 406, 23, 407, 408, 409, 410].

4.1.1 Current study and hypotheses

Neurophysiological responses to evoked stimuli may provide a window into individual differences in
sensory processing. Most studies revealed alterations in sensory processing in response to more com-
plex auditory stimuli, such as voices or sounds with emotional content [411, 412]. By investigating how
the auditory system processes simple sounds, we can gain valuable knowledge that helps us unravel the
underlying mechanisms of basic auditory perception. Therefore, exploring simple nonverbal sound pro-
cessing, such as pure tones, may elucidate the core principles of auditory perception that remain to be
fully understood [413].

The current study aims to provide a more comprehensive picture of simple sound perception in SZ
patients compared to the healthy control (HC) by combining different measures, including single-trial ERP
analysis and time-frequency analysis. Previous studies have mainly relied on separate ERP and time-
frequency analyses [414, 415, 209, 191], or have tested small samples, often <30 patients [313, 416,
417, 418, 419]. It remains to be clarified whether alterations in early processing of sound features are
consistently observed across trials, and what is their underlying neural dynamics. The single-trial analysis
allows for the investigation of trial-to-trial variability, which can be useful in examining the impact of indi-
vidual differences and assessing the reliability of the results. Time-frequency analysis, on the other hand,
allows for investigating changes in neural oscillations over time and frequency bands, providing insights

into the temporal dynamics of sound perception. Testing a larger sample (> 50 patients and HC), the cur-

A subpopulation of GABAergic interneurons that manifest unique cellular and molecular properties that dramatically influ-
ence effects on signaling and ultimately alter cognitive behaviors. GABAergic interneurons are inhibitory neurons of the nervous
system that play a vital role in neural circuitry and activity. They are so named because they release GABA neurotransmit-
ters [396].
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rent study aims to address the limitations of previous studies and provide a more reliable characterization
of auditory processing impairments in SZ.

Based on previous studies [25, 24, 177], we expect to observe alterations in early stages of auditory
processing in SZ, reflected in N100 and P200. Building on previous research that has demonstrated
alterations in neural activity among individuals with SZ [399, 400, 408, 409, 410], such as reduced
neural synchronization and abnormal neural oscillations, we hypothesized alterations in oscillatory neural
activity in SZ patients, suggesting disruptions in neural communication. Additionally, we hypothesize that
the morphology of each single-trial signature is altered in SZ, which can drastically improve the separation
of the two study groups. The robustness of the changes found in SZ at the single-trials level can catalyze
its use for the development of classification or decision-making algorithms.

This chapter is organized as follows. Section 4.2 describes the experimental procedure used for data
acquisition, characterizes the datasets included in the study, and details the EEG data and statistical
analyses performed. Sections 4.3 and 4.4 present the results of the data analyses performed and discuss
the most significant changes found. The last section points out the limitations and future directions.

4.2 Methods

This section describes the materials and methods used for EEG data acquisition and analysis. It
begins by providing a detailed characterization of the datasets included in the study and the experimental
procedure used for data collection. Afterward, it describes the ERP, time-frequency, and statistical analyses
performed on the EEG data.

4.2.1 Participants and databases

A significant challenge of this thesis was to achieve a data pool large enough to implement deep
learning methods®. At the time of the start of this study, only one database of EEG data on auditory
processing in SZ patients was publicly available (henceforth referred to as 'dataset A') [420]. Our research
team collected another dataset (henceforth called 'dataset B') to complement the existing dataset and
increase the available data pool. Thus, this study on auditory processing changes in SZ exploited the data
collected by the two research teams in a merged database.

4.2.1.1 DatasetA

Ford et al. [421] collected dataset A in the context of a study funded by the NIMH. This dataset includes
EEG data from patients with a DSM-IV diagnosis of SZ (N=35) and schizoaffective disorder (N=14). These
syndromes are broadly indistinguishable, and their separation is questionable[422]. For this reason, both
subgroups are considered and, from now on, referred to as SZ patients (49 subjects). All volunteers have
given their written consent to participate. The research team recruited 17 of these subjects in an earlier

°The implementation of deep learning methods for SZ classification will be addressed in Chapter 5
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49 sz

32 HC 31 HC

16 SZ

Dataset A Dataset B
63 HC 65 Sz

Merged dataset
Figure 20: Dataset’s composition in number of HC and SZ patients.

Table 6: Clinical and demographic data of HC and SZ patients that compose both datasets A and B.

Dataset A Dataset B Avs. B
HC SZ p HC SZ p HC (p) SZ (p)

N 32 49 31 16
Age 0.598 n.s. 0.053 ns. | 3.15e-18 ** 0.0001 ***
mean (years) | 38.38 40.02 22.10 24.64
SD (years) | 13.92 13.48 3.33 517
Gender 0.107 n.c. 0.031 n.c.
females | 6 8 18 7
males | 26 41 13 9
Education 4.04e-7  *** 0.077 n.s. | 0.060 ns. 0.783 ns.
mean (years) | 16.02 13.55 15.03 13.33
SD (years) | 1.92  1.96 212 429
PANSS positive scale - - - - - - 0.003 **
mean rating 18.31 23.67
SD rating 5.35 571
PANSS negative scale - - - - - - 0.486 n.s.
mean rating 17.43 16.25
SD rating 4.87 6.54
SAPS Total - - - - - - -
mean rating 6.57 -
SD rating 3.07 -
SANS Total - - - - - - -
mean rating 6.69 -
SD rating 2.71 =

Abbreviations: SD - standard deviation; N - sample size; p - statistical p-value; PANSS - Positive and Negative Syndrome
Scale; SAPS - Scale for the Assessment of Positive Symptoms; SANS - Scale for the Assessment of Negative Symptoms;
n.s. - not significant (p>.05); * p<.05; ** p<.01; *** p<.001; n.c. no correlation.
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stage of the disorder; the other 32 were chronic patients. The diagnosis of SZ subjects was based on
the Structured Clinical Interview for DSM-IV (SCID). The clinical assessment was conducted by a trained
research assistant, along with a psychiatrist or clinical psychologist, who rated SZ symptoms using the
PANSS, SAPS, and SANS. Dataset A includes 32 healthy subjects, which form the control group (HC).
Table 6 presents the clinical and demographic data for the HC and SZ groups of dataset A. The table
reports the group average values with the standard deviation for age, years of education, and clinical
ratings. Gender differences were analyzed with Pearson chi-square tests. Between-group differences in
age and education level were analyzed with ttests.

4.2.1.2 DatasetB

Dataset B includes EEG data from 16 first-episode SZ patients and 31 HC subjects. Experienced
psychiatrists performed the SZ diagnosis. Symptom severity in psychotic patients was assessed using the
PANSS. The institutional review boards of the University of Minho, Faculty of Psychology — University of
Lisbon, and Hospital Center of Lisbon North approved this study. Before participating in the study, all
volunteers were informed about the procedures and provided written informed consent. Table 6 presents
the clinical and demographic data for HC and SZ groups of dataset B. Table 6 also reports the differences
in clinical and demographic data between both datasets A and B for HC and SZ groups. Group average
values and the standard deviation for age, years of education, and clinical ratings are reported. Gender
was analyzed with Pearson chi-square tests. Between-group differences in age and education level were
analyzed with ttest.

4.2.1.3 Merged Dataset

The study on the feasibility of joining the two datasets was conducted considering the similarity of
the paradigm used for EEG data acquisition. The Appendix A presents this study in more detail. The
merging of the datasets could add value since training deep learning neuronal networks requires a large
data pool. In addition, a larger sample size allows for testing the hypotheses with greater statistical power
and detecting existing effects. Table 7 presents the clinical and demographic data for the HC and SZ
groups of the merged dataset.

4.2.2 Experimental Procedure

The two research teams did the signal acquisition using a similar paradigm, with some differences in
sound properties. The EEG paradigm consisted of three experimental blocks: auditory-motor, auditory-
only, and motor-only conditions. In the auditory-motor condition, the subjects pressed a button every
1-2 seconds to elicit a tone. This block would end after the emission of 100 consecutive sounds. The
generated tones were then played back in the auditory-only condition, in which participants listened to
the sounds passively without pressing the button. The button was pressed at the same pace as the first
condition but without reproducing the sound in the last condition. In this way, it was possible to isolate the
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Table 7: Demographics of HC and SZ patients in merged dataset.

Merged Dataset
HC SZ p

N 63 65
Age 0.010 **
30.37 36.60
13.02 1371
Gender -0.159 s
24 15
39 50
Education 3.83e-6 ***
15.48 13.71
207 203
PANSS positive scale
19.36
5.79
PANSS negative scale
17.20
5.20

Abbreviations: SD - standard deviation; N - sample size; p - statistical p-value; PANSS - Positive and Negative Syndrome
Scale; n.s. - not significant (p>.05); * p<.05; ** p<.01; *** p<.001; s.c. small correlation.

brain processing referring to the motor component of the paradigm. Figure 21 schematically presents the
three blocks of this experimental paradigm, with 100 trials per condition.

This paradigm allows for comparing brain activity in response to a stimulus generated by the participant
when pressing the button with the response to a stimulus generated externally [423]. Notwithstanding,
a simple passive listening task prevents confounding effects related to between-participant differences in
cognition and motivation [390]. For this reason, we only considered data from the response to externally
generated sounds (auditory-only task).

4.2.3 Stimuli

Stimuli were two sinusoidal tones of different frequencies: 1000 Hz, 80 dB SPL tones for dataset A,
and 600 Hz, 70 dB SPL tones for dataset B.

4.2.4 EEG acquisition and preprocessing

EEG data from both datasets A and B were recorded using a 64-channel Active Two Biosemi system
(Biosemi, Amsterdam, The Netherlands, [424]). Dataset A was acquired in a continuous mode at a dig-
itization rate of 1024Hz and referenced offline to averaged earlobe electrodes. Dataset B was collected

continuously but at a sampling rate of 512 Hz and re-referenced to the averaged mastoid electrodes. Both
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Figure 21: EEG experimental paradigm with three blocks: auditory-motor, auditory-only, and motor-only
conditions.

datasets were preprocessed offline using EEGLab, a MatLab Toolbox [141]. Before preprocessing, dataset
A was downsampled to 512Hz so that all data had the same sampling frequency. Then, the EEG data
were digitally filtered (zero phase shift 4™-order Butterworth high-pass filter; the low cutoff of 0.1 Hz), and
the outlier channels were intolated. Individual segments, or epochs (one per tone delivered), were created
from continuous recordings with a 3000 ms duration, time-locked to tone onset with 1500 ms pre-stimulus
and post-stimulus. Segments were normalized with a baseline correction by subtracting the mean am-
plitude of the -100 to 0 ms pre-stimulus interval from the whole segment. Eye blinks and movements
were monitored through vertical and horizontal electrooculograms (EOG). The vertical EOG was derived
by subtracting the activity measured at an electrode positioned below the left eye from the electrode po-
sitioned above it (FP2). The horizontal EOG was derived by subtracting the activity measured between
electrodes placed at the outer canthi of the eyes. EEG data from all electrodes were then corrected for
vertical and horizontal eye movements using a regression-based algorithm [425]. Segments were also
semiautomatically screened using the FASTER toolbox [426] for artifact rejection (eye and muscle move-
ments, high-frequency noise, electrode drifting, amplifier blocking) and rejection of single trial outliers.
This toolbox was also used to identify and reject ICA component outliers. After artifact rejection, at least
75% of the segments per condition per subject entered the analyses.

4.2.5 EEG data analyses

ERP technique is a commonly used approach to study cognitive and sensory processes. However,
ERP can be misleading due to the averaging process since intra- and inter-subject variability might be
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masked, not reflecting the subjects’ actual brain dynamics [427]. In turn, analyzing EEG signals on a
trial-by-trial level is likely to provide essential information for a deeper understanding of brain-behavior
relationships [428]. In addition, the study of neural oscillations and their synchronization provides in-
sight into the mechanisms underlying information processing in the brain that cannot be assessed with
ERPs [209]. Time-frequency analysis provides insights into frequency-specific modulations, event-related
spectral changes, and temporal dynamics of neural oscillatory activity in auditory processing [209].

EEG studies produce large spatiotemporal datasets containing crucial information for the understand-
ing of neural mechanisms engaged in perceptual and cognitive processing, for example. However, multiple
comparisons might potentiate high Type | error rates (i.e., finding differences when they do not exist) [429].
Standard approaches in ERP are characterized by statistical analyses on specific time windows and regions
of interest and do not always control for Type | errors. This approach can lower the power to detect real
effects. In contrast, mass univariate approaches offer an alternative analytical method [429].

The current study combined ERP, trial-by-trial, and time-frequency approaches. ERP analysis was per-
formed only qualitatively to confirm the signal pattern in response to an auditory stimulus documented
extensively in the literature. Trial-by-trial and time-frequency analyses were exploratory approaches em-
ploying cluster-based permutation tests to determine differences between HC and SZ signals. ERP, trial-
by-trial, time-frequency, and statistical analyses were performed using MNE-python package [430] and
custom-written python scripts.

4.2.5.1 ERP analysis

Single-trial epochs containing excessive eye blinks or motor artifacts (+100 uV criterion) were rejected.
For each participant, ERP averages had at least 75% of the trials. The analyses excluded 3 HC and 4 SZ
subjects, whose number of valid trials did not reach the threshold. Thus, the HC group included 60 and
the SZ group 61 subjects, both groups with an average of 94+5 trials per subject. For each subject, the
accepted single trials were averaged for each electrode. The averaging process across subjects was then
conducted for each group, producing the HC and SZ grand averages.

Considering the N100 and P200 components, the window of interest was restricted to the time in-
terval from -100 to 400 ms. After a careful visual inspection of grand average waveforms, the minimum
(corresponding to the N100 peak) and the maximum amplitude value (relative to the P200 peak) were
determined for each electrode, as well as the latency at which these values occurred. The electrodes
that captured the maximum peaks for each component were determined. Topographical maps of ERP

amplitude were created for each component.

4.2.5.2 Trial-by-trial Analysis

Although most auditory processing studies typically focus on the trial-average activity of EEG, the
so-called evoked potentials, a single-trial analysis can provide a more powerful window into the neural
processes underlying auditory perception [431]. In contrast to ERP analysis, trial-by-trial analyses consider
intra-subject variability [127, 432]. The analysis described in this section aimed to verify whether: 1) the
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pattern found in the grand averages is elicited clearly in each of the trials in response to the auditory
stimuli; 2) there are spatiotemporal differences between groups when taking into consideration intra- and
inter-subject variability.

For the visual assessment of single-trial epochs, the evoked responses of all subjects were represented
as two-dimensional maps with time as abscissa, trial index as ordinate axis, and amplitudes coded by color
saturation. The analysis also included the evaluation of the mean difference waveforms of the HC and SZ
groups’ single trials, identifying the peaks with the highest amplitude (in absolute value) and respective
latency.

To examine group spatiotemporal cluster differences between HC and SZ, a non-parametric clustering-
based permutation method was performed with MNE-Python software [430]. This exploratory mass uni-
variate analysis at all sensors and time points was performed to assess differences in single-trial amplitude
and topographical distribution. The multiple tests correction used the threshold-free cluster enhancement
(TFCE) method, which clusters brain activity in adjacent regions [433]. For the cluster-based tests, we
performed a 1000 TFCE computation (h=2.00, e=0.50). The results were mapped onto images of the
EEG channels evoked responses over time, masking the statistically significant points. From a different
perspective, the permutation results were visualized using topographical maps and signal time course
plots, which presented the EEG channels and time intervals contributing to each significant cluster.

4.2.5.3 Time-frequency Analysis

The ERP analysis captures time-locked elements of the neural response but not phase-locked (or
induced) oscillatory activity [19]. Evoked and induced responses differ in how the underlying neural activity
is phase-locked to the stimulus over trials, reflecting different neurocognitive mechanisms [434, 435]. The
time-frequency analysis allows the characterization of EEG spectral event-related changes over time [19].
Moreover, it allows for extracting and quantifying the magnitude and phase characteristics, informing on
neuronal synchrony and, therefore, the brain's dynamic responses to events as transient perturbations of
the ongoing EEG activity.

Time-frequency decomposition was performed using a Complex Morlet's wavelet transform, applied
in 0.5 Hz steps from 4 to 60 Hz at each time point to yield time-frequency maps. The constant ratio
(c) of central frequency (f) was 6 and the multiplication factor (m) was 4 [209]. The number of cycles
(n. ~10,44) for the f, and the normalization factor (A ~ 4,50) were computed from ¢ and m parameters,
as explained in section 2.2.3.

The wavelet-based spectral decomposition of single-trial EEG epochs time-locked to pure tones allowed
the computation of phase-locking factor (P L F), total power (PO W 4t41), and evoked power (POW .y, oked)
values. The induced power (POW,,duceq) Was isolated by removing evoked (phase-locked) power from
the single-trial-based total power estimate. Section 2.2.3 describes the operations executed to obtain each
time-frequency map in detail. Baseline correction was applied to each map by subtracting the average
of a baseline period (-350 to -100 ms relative to the stimulus onset) from each time point of the entire

segment.
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Time-frequency maps were created for the temporal window of -300 to 500 ms relative to stimulus
onset. The visual analysis of the PLF was further complemented with topographic maps showing the
spatial distribution of the phase synchrony values in the different frequency bands.

As in trial-by-trial analysis, an exploratory study using a clustering-based permutation method com-
pared clusters in time-frequency PLF and non-phase and phase-locked power estimates between HC and
SZ. This analysis used a non-parametric statistical procedure based on permutations and cluster-level
statistics. Given the data intricacy, the spatial dimension was not considered, and permutations were
performed on single-trial maps of the FCz channel. The significance level for all statistical tests was set
to 0.01 two-tailed. The underlying statistical test for all permutation tests was the one-way ANOVA. We
performed 1000 permutations with a significance level of 0.01 and used a threshold of 2.70 to compare
single trials from HC and SZ patients for all time-frequency measurements. The contrasts between HC and
SZ were visualized through time-frequency maps of PLF and power values. All cluster-based permutation
tests plotted the F-statistic values as time-frequency maps, masking the statistically significant regions.

4.3 Results

The following three subsections describe and present the results obtained from the ERP, trial-by-
trial, and time-frequency analyses conducted on the merged dataset. The trial-by-trial and time-frequency
analysis subsections are supplemented with the visual outputs of the cluster-based permutation tests to
show significant differences between the HC and SZ groups.

4.3.1 ERP Analysis

Pure tones elicited the early auditory evoked potentials observed within the first milliseconds post-
stimulus onset, followed by prominent negativity around 100 ms (N100) and a significant positive deflection
peaking around 200 ms (P200). Those components were broadly distributed across the scalp for HC and
SZ groups. The N100 and P200 (minimum and maximum) peaks, the latencies at which they occurred,
and the electrodes that recorded the highest peak values were computed from grand averages in the 0-400
ms post-stimulus time interval. Table 8 presents those values for HC and SZ groups.

Table 8: Peak amplitude, latency and location on the scalp for the N100 and P200 components found in
the grand average waveforms of the HC and SZ groups.

N100 Peak P200 Peak
HC Sz HC SZ
N (subjects) 60 61 60 61
Electrode FCz FCz Cz Cz
Latency (ms) 89.8 87.9 185.5 185.5
Amplitude (1) 6.93 -4.53 473 3.78
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Figure 22a presents the topographical maps at 90 ms and 185 ms, showing the spatial distribution of
N100 and P200 amplitude effects, respectively. These plots indicate that the N100 effect is more signifi-
cant over frontocentral scalp regions, while the P200 effect was most pronounced over central electrodes.

(a)

N100 (90 ms) P200 (185 ms)

0.0 0.1 0.2 03 0.4 " ) !
Time (s) 0.0 o1 © 0.2 0.3 0.4

— HC
— SZ

Figure 22: (a) Topographical maps for amplitude distribution at 90 ms (N100 peak - top) and 185 ms
(P200 peak - bottom) for HC and SZ groups; (b) Grand average ERP waveforms for HC and SZ for FCz
(top) and Cz (bottom) electrodes, with the shaded time intervals where the maximum peak values occurred
for each ERP component.

Figure 22b shows the grand averages at the FCz and Cz electrodes, highlighting the time interval
where the N100 and the P200 peaks occurred. Figure 22 shows no differences in the spatial distribution
of N100 and P200 amplitudes between the two groups. However, differences are visible in the amplitude
of the two components, with higher amplitudes (in the case of N100, more negative values) for the HC
than SZ.

4.3.2 Trial-by-trial Analysis

Figure 23 shows the graphical representation of a single trial using maps, where each line (y-axis)
corresponds to the plot of a trial over time (x-axis), and the color represents the magnitude of the signal.
These single trials clearly depict the temporal alignment of the wave peaks corresponding to the ERP N100
and P200. This pattern of evoked responses is visible by the vertically oriented bands around the 100
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Figure 23: Single-trial maps and the corresponding average evoked response below each map, plotted for
the FCz, Cz, and CPz scalp channels, comparing HC to SZ responses.
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ms and 200 ms post-stimulus latencies, which correspond to larger signal amplitudes in absolute value.
Although only the midline EEG channels FCz, Cz, and CPz are shown in the figure, these bands appear
equally distributed over the scalp. They are well-defined in the HC group’s maps, while the responses in
SZ are less demarcated, with more significant amplitude fluctuations.

Difference waves were used for an overview of the contrasts between the signals obtained from HC
and SZ patients. This approach consisted of point-to-point subtraction of the average amplitude values
of all trials from each group, performed for all EEG channels over the scalp. Figure 24 presents the
difference waves between HC and SZ averages through a butterfly plot. Figure 24 also plots the amplitude
topographic maps at three local peaks latency, which is detected automatically using the MNE-python
plot_joint function. The analysis of this figure indicates that the most significant difference occurs at 96
ms, with more negative amplitudes for HC compared to patients. This latency is close to the N100 latency
in the ERP analysis (Table 8) and can reflect the amplitude differences visible in Figure 22. This difference
is quite robust and consistent across all EEG channels. Other less prominent differences are displayed
and occur at later latencies, coincident with the end of the P200 deflection shown in Figure 22. However,
this approach does not allow practical conclusions since plots resulted from summing underlying source
single-trial waveforms. Moreover, difference waves may reflect latency differences rather than amplitude
differences between groups.

uv
1.8
1.2
0.6
0.0
-0.6
-1.2
-1.8

0.096 s

0.0 0.1 0.2 0.3 0.4
Time (s)

Figure 24: Butterfly plot illustrating the difference waveforms between the average evoked response of all
HC and SZ single-trials plotted for the 64 EEG channels. Topographical maps complement the butterfly
plot showing the amplitude distribution over the scalp at the time points of the three local peaks detected
automatically.

The cluster-based permutation test detected two clusters in the single-trials EEG data: one that hap-
pens around 100 ms and is spread over all scalp regions; and another occurring between 200 and 300 ms
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in the midline and right hemisphere centroparietal channels. Figure 25 and Figure 26 illustrate the spatial

and temporal distribution of the two clusters, which have a probability of p < .001. The results allow us

to conclude that the null hypothesis of the exchangeability of the data over the two groups of subjects is

unlikely. Thus, the alternative hypothesis that single-trials differ between HC and SZ subjects is accepted.
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Figure 25: Visualization of the two significant spatio-temporal clusters. On the left side, the topography
plot for mean F-statistic with significant sensors highlighted. On the right side, the time course of each
significant spatial cluster with the extent of the temporal cluster shaded in amber tones.
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Figure 26: Average of the difference waveforms plotted for each electrode, masking time points for sig-
nificance. Scalp channels are grouped by regions of interest: left hemisphere, midline region, and right
hemisphere, from top to bottom, respectively.
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4.3.3 Time-frequency Analysis

PLF measures the consistency of the phase relationship between trials across time and frequency,
which can be interpreted as a measure of synchrony of neural activity. Figure 27 presents the time-
frequency maps of PLF values averaged over all single-trials of the HC and SZ groups at the FCz electrode.
Topographies of the average PLF values in time windows whose synchrony was most pronounced in each
frequency band range complement the figure. Observing these results allows us to conclude that the
beta- and gamma-bands are activated early in stimulus processing (in the first 100 ms). The theta- and
alpha-bands have higher amplitudes in a longer temporal window (up to 300 ms post-stimulus). These
responses occur in both groups, although the PLF amplitude is lower in subjects with SZ. The differences
between the two groups are most evident in the theta- and alpha-bands over frontocentral electrodes.

Y band l
3 band I
o band I
Figure 27: Average PLF time-frequency maps for HC and SZ groups plotted for FCz electrode, and topo-

graphical maps showing the spatial distribution of average PLF values for time windows (marked on each
of the maps by dashes) with more prominent activity in each of the frequency bands.
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Power measurement provides information about the overall strength of neural activity at different fre-
quencies over time [434]. Changes in total power can indicate differences in neural activity in response to
auditory stimuli between HC and SZ subjects. In turn, evoked power refers to the component of total power
that is time-locked to a specific event (in this case, a pure tone) and reveals differences in the strength
and timing of neural responses [127]. Evoked power is often contrasted with induced power, which refers
to the component of total power that is not time-locked to a specific event but reflects ongoing neural
activity. Figure 28a presents the total power, Figure 28b the evoked power, and Figure 28c the induced
power time-frequency maps averaged over all single-trials of each group. Differences in power measures
are remarkable between the two groups, with SZ signals showing weaker responses than HC.

Difference time-frequency maps were computed and plotted to globally perceive the contrasts between

81



Auditory event-related potential abnormalities in Schizophrenia Chapter 4

Total Power FCz (HC group) Total Power FCz (SZ group) dB
59.5 3.0
54.5
49.5
44.5 25
39.5
34.5
29.0 2.0
24.0
N 1.5
< 190
3
c 1.0
g 14.0
o
£ 05
9.0
0.0
i -0.5
4.0 J L | ) 1.0
-0.3 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4 05 -03 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4 0.5
Time (s) Time (s)
(a)
Evoked Power FCz (HC group) Evoked Power FCz (SZ group) dB
59.5 3.0
545
49.5
44.5 2.5
39.5
34,5
29.0 2.0
24.0
I~ 1.5
< 190
ay
c 1.0
@ 14.0
g
£ 0.5
9.0
0.0
-0.5
4.0 ! L ) ] L 1.0
-0.3 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4 0.5 -0.3 -0.2 -0.1 0.0 0.1 . . . 0.5
Time (s) Time (s)
(b)
Induced Power FCz (HC group) Induced Power FCz (SZ group) dB
59.5 3.0
54.5
49.5
44,5 2.5
39.5
345
29.0 2.0
24.0
N 1.5
<190
9 1.0
§ 14.0 '
g
i 0.5
9.0
0.0
-0.5
4.0 1.0

03 -02 -01 00 01 02 03 04 05-03 -02 -01 00 01 02 03 04 05
Time (s) Time (s)

()

Figure 28: Time-frequency maps of the average values of (a) total power, (b) evoked power, and (c) induced
power acquired at the FCz electrode, plotted for the HC and SZ groups.
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the two groups’ signals. This approach consisted of point-to-point subtraction of the PLF, total, evoked,
and induced power values averaged over all trials from each group (HC - SZ). This analysis was performed
for the FCz scalp channel. The difference maps are shown in the top row of each panel of Figure 29. The
bottom rows of Figure 29's panels present the cluster-based permutation maps.

Analyzing the differences in PLF, Figure 1 confirms that the highest contrast happens in the 0-300 ms
time interval in the frequency range from 4 to approximately 15 Hz. This result mirrors the differences
in the topographic distribution of PLF amplitudes for the theta and alpha (Figure 27) frequency bands.
The cluster-based permutations carried out on the F-test revealed a significant difference between the two
groups (p < .01) for the time-frequency region masked in the PLF permutation map (bottom row of
Figure 29a). We can conclude that neural activity in SZ patients is less synchronous for the mentioned
frequency bands during early stages of auditory processing.

Total and evoked difference maps (Figures 29b and 29d top rows) show that the most considerable
differences occur in the theta-band in the 0-300 ms time window. In this time-frequency window, power
is higher for HC compared to SZ patients. However, the cluster-based permutation test did not reveal any
significant difference for total and evoked power in the total spectrum and the analyzed time course. The
permutation maps without any mask for significance support this finding (Figures 29b and 29d bottom
rows). The differences in induced power ((Figure 29c¢ top row) account for the small intensity fluctuations
in the total power map (Figure 29b). The differences shown were not statistically significant (Figure 29¢
bottom row).
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Figure 29: (a) PLF permutations; (b) Total power permutations; (c) Induced power permutations; (d)
Evoked power permutations. This time-frequency plot depicts the cluster statistics which were averaged
over all channels, resulting in a two-dimensional plot displaying the computed statistics as a function of

time and frequency band.
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4.4 Discussion

Deficits in sensory processing are now well-established in SZ, not only in auditory processing but also
in visual, olfactory, and sensorimotor systems [436]. The idea that sensory dysfunction, most crudely
translated as "bottom-up” process disruption, plays a role in overall cognitive impairment in SZ has re-
ceived increasing support [110]. This study aimed to evaluate the processing of simple auditory stimuli
and examine changes in brain electrical signal morphology and oscillatory neural activity in SZ patients
compared to HC. The results revealed changes in amplitude at the N100 ERP component, which have
been robustly and widely reported in SZ [24, 177]. Changes in the oscillatory dynamics of auditory pro-
cessing were also observed. A more in-depth and critical analysis of the results is provided in the following
subsections. Before discussing the functional significant of the current findings, we first highlight some of
the potentialities of the analyses performed in the current study,

4.4.1 ERP vs. Trial-by-trial Analysis

The single-trial approach relies on trial-by-trial analysis, which outperform averaging across trials as in
traditional ERP analyses [437]. On the one hand, a single-trial analysis may be more sensitive to changes
in EEG activity because it can detect subtle differences that the averaging process in ERPs may obscure.
This sensitivity may be necessary for studying perceptual and cognitive processes involving rapid and
transient changes in neural activity [438]. On the other side, this approach allows more flexibility in the
analyses to be conducted on EEG data. Researchers can examine other signal characteristics, such as
spectral content, and conduct different statistical analyses, such as classification or clustering [428, 439].
EEG single-trials are particularly important for machine learning classification algorithms, as they provide
a more diverse and representative dataset for training and testing. This can lead to better classification
accuracy, particularly in tasks requiring high precision levels, such as detecting specific brain states or
cognitive processes [437]. However, the single-trial analysis may require more sophisticated statistical
methods and larger sample sizes to account for the increased variability in the data [432].

In addition to a qualitative analysis of the ERPs, we examined the data following a trial-by-trial approach
in this study. This analysis allowed us to consider inter-trial variability, which is lost during the averaging
process in ERP. While intertrial variability is often considered a source of noise in EEG studies, it is also a
valuable source of information. Inter-trial variability can be used to investigate the stability of EEG measures
over time, such as the reliability of N100 or P200 ERP components or the consistency of neural activity
across repeated presentations of the same stimulus. This information can help assess the validity of EEG

measures.

4.4.2 Cluster-based Permutation Tests

Neural data distributions may present non-normality and very skewed distributions or heavy tails.
Therefore, using non-parametric tests for statistical inference is recommended [440]. The cluster-based
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permutation test uses a permutation or randomization test to approximate the probability distribution of
a non-parametric statistic, which makes them more robust to violations of assumptions such as normal-
ity [441, 442]. Cluster-based permutation tests effectively control for multiple comparisons while pre-
serving statistical power. Since cluster-level statistics use the accumulated statistical power of all points
in a cluster, the test’s sensitivity is higher [443]. This approach allows the identification of large and
spatially extended clusters of electrodes that show significant differences between experimental condi-
tions [442]. Cluster-based permutation tests are a powerful and widely used method for analyzing EEG
data in neuroscience research. Compared to other statistical methods, they can provide increased sensi-
tivity, robustness, and reliability. For these reasons, we adopted a non-parametric cluster-based approach

to statistically explore differences in neural activity between the two study groups.

4.4.3 Event-related EEG Analysis

Several EEG studies have shown that individuals with SZ have deficits in auditory processing. Specif-
ically, these studies have reported differences in the N100 and P200 ERP component features [24, 177,
25].

The results obtained from evoked potential analysis (subsection 4.3.1) show that the N100 and P200
components exhibit reduced amplitudes, confirming the ERP changes and the results consistently reported
for SZ patients [24, 177, 25]. Both the spatial distribution of amplitude and the ERP pattern found in the
grand averages replicate prior literature [414, 185, 177].

The trial-by-trial analysis provided critical information on the consistency of brain responses to (re-
peated) simple sounds. Figure 23 shows the inter-trial variability and the consistency in the emergence of
the N100 negativity (blue vertical band occurring around 100ms) in all trials for all subjects. The consis-
tency and amplitude of the N10O0 are higher in HC than in SZ patients. In turn, the positivity corresponding
to the P200 component varies in either amplitude or latency in both groups. However, it is noticeable
that the amplitude of the response around 200 ms is more robust in the HC group (which is visible by the
redder vertical band). Notably, the more significant variability in amplitude and latency is a major feature
of single-trials in the SZ group, which may underlie the changes found at the ERP level. Indeed, enhanced
trial-by-trial fluctuations of neural activity in sensory and higher-order cortical areas have been consistently
observed in SZ [23].

The cluster-based permutation analysis allowed us to examine spatiotemporal differences between the
two groups. Two spatiotemporal clusters showed significant differences between HC and SZ. The first clus-
ter coincides temporally with the N100 component, and the differences are significant throughout the scalp
but more prominent over frontocentral electrodes. Prior studies documented reduced N100 amplitudes
in SZ patients, particularly over frontal and central scalp electrodes compared to healthy controls [177].
These alterations were observed across various auditory tasks, including simple tone discrimination [444].
Studies testing whether the N100 reduction is lateralized have reported mixed findings. Some studies sug-
gest that SZ patients may have reduced left-lateralized N100 responses to pure tone stimuli [417, 445,

418]. However, this was not verified in the statistical analysis that we conducted. In our study, which
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included a larger sample size compared to the majority of previous studies, the absence of lateraliza-
tion in the N100 response to pure tone stimuli in individuals with SZ suggests that the observed findings
may provide a more robust understanding of the heterogeneity and complex nature of auditory processing
abnormalities in this population.

The second cluster shows differences in the amplitude of the signals in the descending phase of
P200. These differences are distributed over central and right parietotemporal electrodes. The right pari-
etotemporal region is known to play an important role in auditory processing, particularly in the processing
of acoustic sound features [446]. Puschmann et al. suggested that the right temporoparietal junction is
involved in controlling attention during selective listening [447]. While brain activity is a complex process in-
volving multiple regions, and the P200 component may involve contributions from other brain areas [448,
25, 449], it is reasonable to speculate that the P200 amplitude recorded at the right temporoparietal
electrodes captures relevant activity from the right temporoparietal region. Consequently, the evidence of
altered neural activity highlighted by the second cluster suggests that the decreased P200 response in SZ
may reflect a reduced ability to automatically allocate attentional resources to incoming auditory stimuli
and, consequently, an increased difficulty in processing and interpreting auditory information. Regardless,
further research is needed to fully understand its neural underpinnings. Both clustering outcomes indicate
impaired top-down and bottom-up auditory sensory-perceptual deficits in the SZ disorder.

The results presented here support our hypothesis that single-trial analysis can greatly improve the
discrimination of the two groups and suggest that temporal variability plays a significant and complex role

in the auditory processing deficits observed in SZ patients.

4.4.4 Changes in Oscillatory Activity

The present study evaluated the evoked (phase-locked), induced (non-phase-locked), and total oscilla-
tory responses to auditory stimuli in a passive listening paradigm for the wide frequency range of the EEG
recordings, including theta-, alpha-, beta-, and gamma-bands, between HC and SZ groups. Due to the high
computational load demanded by a multi-channel approach, this study focused only on analyzing signal
changes in the FCz electrode. The frontocentral electrode was selected in line with previous research,
showing that frontocentral activity reflects auditory processing in specific auditory paradigms [450, 451].
In addition, many EEG studies have highlighted atypical frontocentral activity in SZ [452, 453, 454, 455,
171], and evidence for structural alterations in frontal regions in SZ are widespread [456].

In this single-channel approach, both groups showed increases in total, evoked, and induced power
in the theta-band in the first 300 ms post-stimulus. Theta-band has been described as being involved in
orchestrating several cognitive processes such as working memory or allocating attentive resources [457,
458]. The phase-locked increase in theta power is typically observed broadly between O and 300 ms
after stimulus onset and characterizes electrophysiological responses to auditory stimuli [459]. Research
studies have reported altered theta power in SZ during passive listening tasks [459]. In our study, the
theta power in the post-stimulus period was decreased for the SZ group, which aligns with previous stud-

ies focused on lower-frequency ranges [23]. Those studies also showed that S7 patients had increased
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levels of the ongoing power of theta oscillations in auditory N100 paradigms [23, 410]. Roach et al. sug-
gested that SZ N100 may derive from the less intense evoked responses and be potentially obfuscated by
induced or other ongoing EEG power [410]. Although induced activity is lower for SZ than HC, the impact
of this perturbation is not as evident in our results. More recently, theta activity has been reported to be
impaired in SZ, possibly due to connectivity network disruption at different scales, reflected in subpar per-
formance [460]. This approach suggests that this functional disconnection is a central pathophysiological
feature of SZ, in which theta oscillations seem to be strongly implicated [460]. Although consistent with
the results reported in the literature, we do not find any significant clusters from the permutation-based
analysis.

On the other hand, when statistically analyzing the PLF values, we found a significant difference in
the synchrony of the theta- and alpha-bands during the first 100 ms of the auditory sensory processing.
This result suggests greater neural desynchronization in patients with SZ, which may lead to lower N100
amplitudes. The phase-desynchronization of alpha activity over frontal regions may reflect altered arousal
or impaired attentional process via changes in thalamocortical and cortical network communication [461,
462]. Increased frontal theta activity is generally associated with information processing and error moni-
toring [463]. Our results suggest that decreased neural activity synchronization in theta- and alpha-bands
reflects impairments in attentional resource allocation and sound processing. The alterations and varia-
tions in the strength of neural activity, reflected in fluctuations in power measurements, are responsible
for the altered ERP signature in SZ, especially the modulation of the N100 ERP component. The lack
of theta synchronization in a later period (200-300 ms post-stimulus) in SZ signals may mirror dysfunc-
tional attentional networks [460], which may be responsible for changes in the P200 component. Some
recent studies suggest that the intrinsic impairments in generating theta rhythms may be a marker of
cognitive dysfunction in SZ [464]. Neural oscillations and their synchronization may be core pathophysi-
ological mechanisms in SZ, as they are fundamental for coordinated neural activity during normal brain
functioning [350].

Our time-frequency analysis results show no evidence of changes at the gamma-band level in SZ when
performing a passive single-tone listening task. Even though prior work has proposed that alterations in
gamma oscillations represent a biomarker of SZ [350, 465, 454, 466, 395], results have not been con-
sistent [317]. Inter-trial variability may explain the discrepant results, but other factors such as prolonged
medication, illness progression, and increased auditory thresholds in chronic schizophrenic populations
may override EAGBR measurements [317].

4.5 Limitations and Future directions

There are some limitations to this study, which should motivate future research. The first limitation
is the inclusion of patients with different subtypes and symptom profiles that can lead to variability in
the results. The merged dataset includes early illness as well as chronic patient data. Moreover, we
did not control for antipsychotic medication and dosages among participants, which made it impossible
to dissociate the effects of the drugs on the abnormalities found [467]. Another limitation is the non-
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controlled comorbidity. SZ is often associated with comorbid conditions, such as depression, anxiety, and
substance abuse, which can affect ERP and other EEG measures [374].

The need for a large amount of data for developing and implementing deep learning methods for SZ
classification motivated the merging of two datasets, as well as the need to balance the existing public
database. However, the acoustic stimuli used to acquire both datasets have different pitch and intensity
properties. These properties have been reported to affect N100 amplitude and latency [468]. This evi-
dence motivated us to conduct a statistical analysis. However, we found no significant differences between
both datasets. These findings should, nonetheless, be interpreted with caution.

ERP and EEG measures are often sensitive to task demands and task performance [127]. Individuals
with SZ may have difficulties with task performance [469], which can affect and complicate the interpreta-
tion of results. We tried to mitigate this limitation by choosing a passive hearing condition with simple sound
presentation. However, this condition was part of a longer and more complex paradigm, and therefore the
performance of each participant may have been affected by fatigue.

Another restriction has been mentioned before. Due to computer resource limitations, performing a
spatiotemporal analysis of the time-frequency domain measurements was unattainable. This limitation
prevents us from understanding if there is any pattern in the distribution of the time-frequency measures

across the scalp and discussing or drawing conclusions.

4.6 Summary

Sensory and perceptual processing dysfunction is important predictor of SZ or psychosis risk [392,
470]. EEG-derived ERP results have supported the hypothesis that altered sensory processes may relate
to clinical symptoms and cognitive and functional outcomes in SZ [392]. This study probed auditory infor-
mation processing in SZ patients and their respective HC. ERP, trial-by-trial, and time-frequency analyses
were performed on EEG data from 63 HC and 65 SZ subjects. The results show that the N100 ERP com-
ponent is reduced in SZ, most prominently over frontal-central electrode sites, as consistently reported in
the literature [24, 177]. The trial-by-trial analysis evidenced the consistency of N100 and P200 deflec-
tions across all trials and greater variability in SZ signals. In addition, significant differences were found in
N100 and P200 temporal windows, reinforcing the robustness of these event-related components. From
the time-frequency analysis, we concluded that differences in neural activity synchrony of theta and al-
pha oscillations are responsible for different EEG signatures between HC and SZ groups in response to
simple sounds. All analyses showed the robustness of the reduced responses in SZ, which improves the
separation between groups and motivates the development and implementation of a single-trial-based SZ
classification model.
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Chapter 5

Decoding auditory processing in
schizophrenia using deep learning

This chapter presents a deep learning model for SZ classification based on auditory EEG data. Auditory
processing impairments have been studied using EEG-derived ERP data, and they have been associated
with clinical symptoms and cognitive dysfunction in SZ. This research provides insights about altered pat-
terns in electrical brain activity during auditory processing and their potential to discriminate SZ and healthy
subjects. The proposed model using deep convolutional neural networks performs the classification based
on multi-channels auditory-related EEG single-trials recorded during a passive listening task.
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5.1 Introduction

SZ is a chronic and complex brain disorder that affects social and cognitive functioning [2]. SZ is
characterized by the presence of positive (e.g., hallucinations and delusions) and negative symptoms
(e.g., blunted affect), as well as cognitive deficits [9]. About 75% of patients experience hallucinations in
the auditory modality, most frequently as voices [88]. Deficits in auditory processing have frequently been
reported in SZ, which may reflect auditory cortex pathology [23]. Some studies have documented larger
deficits in patients with (vs. without) auditory hallucinations [12].

Several studies aimed to probe the neural mechanisms underpinning auditory processing abnormali-
tiesin SZ, using different techniques such as EEG. The ERP represent the averaged electrical activity elicited
in response to a stimulus. They provide a suitable method to specify the time course of brain activity in
response to auditory stimulation [18]. Alterations in ERP components have been consistently documented
in SZ, which may be considered potential biomarkers of this disease [20]. The MMN and P300 amplitudes
are robustly attenuated in SZ, and have been proposed as SZ biomarkers [21, 22]. In turn, sensory gating
studies have shown reduced P50 suppression in SZ patients in auditory paired-stimulus paradigms [158,
188, 159, 160]. Other studies have focused on the N100 ERP component, specifically showing gener-
alized amplitude reductions to sounds in SZ. This reduction seems to be more pronounced during the
experience of auditory hallucinations [24, 471].

Deep learning applied to EEG data could represent a promising contribution to a more accurate predic-
tion of intervention response and disease trajectories [37]. EEG-based deep learning algorithms have also
seen growing interest among neuroscientists, especially in the context of brain-signal decoding. However,
deep learning is still a poorly explored method in the development of EEG-based systems in SZ research.
Convolutional networks have been implemented with the goal of recognizing and classifying patterns from
multivariate time series [230]. CNNs have been applied to a variety of EEG analysis tasks, including ERP
detection, motor imagery classification, seizure detection, and sleep stage classification, showcasing their
efficacy in capturing relevant patterns from EEG signals and advancing the fields of brain-computer inter-
faces, clinical diagnostics, and neuroscience research [52, 472, 473, 53]. The success of this type of
neural network applied to EEG data for decoding purposes has prompted us to investigate the use of CNN
for SZ classification based on auditory perception.

5.1.1 Related Work

SZ classification using early auditory EEG-derived ERP components has already been attempted through
classical machine learning models [46, 47, 48]. Components such as the P300, MMN, or N100 were
mainly elicited with auditory oddball and passive listening paradigms and used as input features in SZ
recognition with RF, SVM or LDA classifiers. The findings of these studies highlight the significant potential
of auditory ERP components, which have been recurrently proposed as biomarkers for SZ, as features to
discriminate patients from healthy subjects. A limitation of these approaches relates to the process of fea-
tures extraction and selection, which requires domain expertise. The few studies that probed the potential
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of deep learning in EEG-based classification of SZ [362, 358, 360, 361, 359] achieved the best perfor-
mances with CNN-based models applied to resting-state EEG data, which is independent of cognitive or
sensory processing. Despite their capacity to discriminate healthy from SZ subjects, these models do not
inform about auditory processing, which is affected in SZ. Very recently, Ahmedt-Aristizabal et al. [348] ex-
plored both machine and deep learning techniques to identify children at risk of SZ on the basis of EEG data
collected during a passive auditory oddball task. In the classical machine learning approach, the mean
amplitude was extracted in the 80-220 ms and 160-290 ms latency intervals, when ERP components in-
dexing the early stage of sensory processing (N100 and P200, respectively) are expected to emerge. The
mean values were extracted for 5 midline electrodes: Fz, FCz, Cz, CPz, and Pz. Using common classi-
fiers, such as DTs, kNN, and SVM, the discrimination between healthy and at-risk children based on those
features was unsuccessful. For the deep learning approach, a 2D-CNN-LSTM was proposed, composed
of one 2D convolutional layer, followed by normalization and fully-connected layers. The information from
the previous block was processed with a stack of two LSTM networks, whose output was transformed with
sigmoid nonlinearity for classification purposes. This model based on EEG single-trials achieved the best
performance in at-risk children identification. For each trial, a spatio-temporal 2D signal was created using
a 300 ms post-stimulus window for the 5 midline electrodes. The machine learning attempt illustrates the
difficulty in specifying stimulus-related signal features that allow the identification of SZ risk. The results of
both approaches may reflect the developmental phase of the population under study, namely ongoing de-
velopmental brain maturation processes. Notwithstanding, this study demonstrates the potential of deep
learning methods in subjects’ discrimination as a function of psychosis risk.

Evidence for altered auditory processing in SZ has fostered the investigation of the dynamics of electri-
cal brain activity targeting the differentiation between patients and healthy subjects. Amplitude reduction
of auditory evoked potentials such as the N100 have been reported consistently in the literature [24, 314].
Those alterations have driven the use of machine learning methods for automatic SZ recognition. Beyond
the time-consuming features extraction, both machine learning models and ERP analysis exhibit a major
limitation: the non-uniformity of the time windows and electrodes used for feature selection across studies.
Deep learning methods alleviate the need for manual feature engineering. However, the informed decision
about electrode selection and time-windows remains crucial to ensure that the model effectively captures
the relevant neural activity. These choices should be driven by domain expertise and a comprehensive
understanding of the research question [474]. Although deep learning architectures based on EEG signals
have been proposed for SZ classification, the learning of patterns from the electrical brain response to
auditory stimuli is a scarcely investigated topic. Chapter 3 provides a critical analysis of deep learning
and classical machine learning methods to detect SZ based on EEG signals highlighting the potentialities
of these methods in clinical research. Notwithstanding, it is evident from this analysis that further studies
are needed to address the limitations of existing research and advance our understanding in this field.
The current work intends to assess the potential of deep models to learn discriminatory EEG patterns in
the early stages of auditory processing, which may inform about the significance of sensory changes to SZ
diagnosis and prognosis. This work followed the good practices for the development and implementation

of machine learning methods proposed in Chapter 3.
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This chapter presents a multi-channel deep convolutional neural network for SZ and HC single-trial
EEG classification across subjects. The CNN-based architecture is proposed for trial-wise decoding of EEG
signals during external auditory stimulation. This chapter is organized as follows. The methodology used
for data acquisition and the SzNet architecture are detailed in section 5.2. Section 5.3 describes the
dataset, the evaluation procedure, and the experimental setup. In section 5.4, the results, limitions, and

future directions are described and discussed.

5.2 Methodology

The auditory-only described in Chapter 4, a simple listening task, was used to elicit the auditory evoked
potentials, which shed light on the time course of auditory processing. The signal dynamics elicited by
auditory stimuli was presented also in Chapter 4, showing the expected pattern in both control and SZ
subjects. This chapter begins by describing the most relevant information about data acquisition, which is
retrieved from the previous chapter. Afterward, the problem is formulated and the proposed deep learning
architecture is presented in detail. This architecture aims to extract information from the time course of the
EEG signal and its topographical distribution. The main objective is to obtain a model capable of recognizing
patterns in the electrical brain activity underlying auditory processing in SZ. Lastly, the traditional machine
learning approaches commonly found in other proposals are introduced. The implementation of these
algorithms provides a strong base model for a proper analysis of the specific advantages of deep learning
(over machine learning) methods in predicting whether an individual suffers from SZ or not, on the basis

of auditory processing alterations.

5.2.1 EEG Data Acquisition

EEG data were recorded using 64 electrodes according to the 10-10 international system configuration,
while subjects performed an auditory task (see Figure 30A). During data acquisition, the EEG signals
were obtained over electrodes placed on the scalp of the participant, who were asked to listen passively
to the sounds. The task performed allows examining the response of the auditory system to externally
generated sounds. After EEG signal acquisition, offline pre-processing was performed: the signal was
filtered, segmented, and carefully inspected to remove potential artifacts.

5.2.1.1 Auditory ERP components

The N100 and the P200 components are typically elicited in response to sound onset. The N100 can
be elicited by any discernible auditory stimulus irrespective of task demands [24]. This negative potential
typically occurs between 80 and 120 milliseconds after sound onset, with maximal amplitude over fronto-
central and central electrodes [18, 475]. The P200 is a positive deflection that occurs approximately
200 ms after sound onset [18]. This component is distributed over centro-parietal electrodes. Its amplitude
is generally maximal over the vertex [18, 25]. Both N100 and P200 auditory components measured
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Figure 30: A) lllustration of electrodes placement over the scalp for EEG data recording; B) Schematic
illustration of the auditory-only condition of the experimental paradigm.

during passive listening tasks can reflect early automatic attention allocation and stimulus categorization,
respectively [173]. By focusing on the N100 and P200 components, which have consistently shown
alterations in individuals with psychosis according to the studies discussed in Chapter 4 [24, 25], we

employed these early auditory processing indices to accurately discriminate HC and SZ subjects.
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Figure 31: Grand average ERP waveforms showing the N100 and P200 responses to external sounds over
Cz electrode in healthy subjects and SZ patients. The topographic distribution of the N100 and P200
components is also shown in both groups.

When conducting the traditional ERP analysis, the background activity (unrelated to the stimulus) is
faded away and the N100 and P200 components emerge. The typical grand averages waveforms obtained
from the ERP analysis (presented and discussed in Chapter 4) are illustrated in Figure 31, showing a
reduction in the amplitude of the N100 and P200 in SZ. Although the main assumption of signal averaging
is that the EEG signal in each trial has stable characteristics, such as morphology, the truth is that ERP
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averaging hides the intertrial variability in latency and amplitude of the underlying components [476], which
was evident in the trial-by-trial analysis also presented in Chapter 4. Therefore, the averaged ERP signals
may only represent an approximate picture of the neural processes elicited by an auditory stimulus. Thus,
we adopted a single-trial approach, considering the above-mentioned trial-to-trial variability.

5.2.2 Problem Formulation

The task of discriminating SZ patients from HC subjects is based on the classification of a multi-channel
EEG single-trial recordings in response to an acoustic stimulus.

Let (i) = [[x11, ..., T17)s oy [TO1s ooy Tor]] De the EEG recordings from the C' scalp electrodes
over T' time points for the ¢ trial. The subject dataset comprises the EEG signal of all trials, and it can be
defined as S = {x1, za, ..., x, }, being n the number of trials accepted for subject s. The training set
X = (z(1),y(1)), ..., (x(m),y(m)) consists of input EEG single-trial recording x(7) and label y(7),
where z(i) € R*T and y(i) € {0,1}. The label y(i) = 1 means that the corresponding input
EEG signal () belongs to a schizophrenic patient. The label (i) = 0 corresponds to HC subject EEG
recording. The index m is the number of trials from all the subjects included in the training set, whose
order is randomized. The proposed model accepts x(7) as input and produces z(i) as output. The
equation 5.1 defines the function that processes the EEG single-trial (¢) from the input layer to the last

fully connected layer. The equation 5.1 can be described as:

2(i) = f(x(i); 0) (5.1)

where f(e) corresponds to the function and 6 the parameters of the proposed neural network.

5.2.3 Deep Learning Architecture

In the current work, a CNN-based deep learning architecture was developed for SZ classification. The
model takes the EEG single-trial recordings as input and provides the probability that a given segment
comes from a SZ or HC subject. The acronym SzNet will be used hereinafter to refer to the proposed
model.

CNNs are able to find patterns by convolving a filter, or kernel, over the data. Depending on the data
structure, the convolutional process can occur in different dimensions. A 1D convolution layer creates
a kernel that slides over a single dimension. This can be relevant to find correlations between points in
the temporal course or topographical distribution of the EEG data. On the other hand, the use of 2D
convolutions allows correlating temporal and spatial information, ensuring that patterns are learned from
both dimensions. The maximum signal amplitudes can change in their topographical distribution over
time. This is illustrated in Figure 31 by differences in the scalp distribution of the auditory N100 (blue)
and P200 (red) peaks reported in the literature, with dark colors corresponding to their maximal activity
(N100 - fronto-central distribution; P200 - central distribution).
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Figure 32: Example of an EEG compounded 2D signal created from one single trial using a set of 5
electrodes. The color scale shows amplitude, in microvolts, over the time points recorded for each of the
selected electrodes

Therefore, a 2D convolutions strategy allows extracting information about amplitude variation over time
and, simultaneously, across electrodes. In order to take advantage of bidimensional convolutions, we cre-
ated a 2D structure for each trial by stacking 1D signals captured from midline electrodes over frontal (Fz),
fronto-central (FCz), central (Cz), centro-parietal (CPz), and parietal (Pz) regions of the scalp. We obtained
spatio-temporal 2D signals for the EEG segments in which the rows correspond to the selected electrodes,
and the columns to the time points of the segment window considered, as illustrated in Figure 32. The
value of each coordinate corresponds to the amplitude of the signal. The electrodes (rows) were stacked
from the frontal to the parietal regions in the images created, so that the network could extract features
with functional meaning.

A schematic representation of the main blocks of the proposed method is presented in Figure 33. The
first block corresponds to EEG data acquisition and preprocessing, and the second one corresponds to
the detailed architecture of the SzNet model. The SzNet architecture is composed of three main types of
layers: convolutional, pooling, and Fully-Connected (FC) layers. Those layers are stacked to increase the
network depth, enhancing the selectivity and the sensitivity to slightly relevant variations [50]. The learning
process of the network is divided into two phases. The first (blue-shaded area in Figure 33) involves learning
patterns from the time course of each EEG segment for each electrode. The second (orange-shaded area
in Figure 33) aims to correlate those patterns between different electrodes of interest, extracting spatial
information. This approach intended to mimic the traditional analysis of this type of data.
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The proposed model consists of a stack of 14 layers of neural network connections. Layers 1, 2,
4, 5, 7, and 8 perform 9-point 1D convolutions (9x1 shaped kernels) over the time dimension. This
small-size kernel allows capturing more detailed information about the signal’'s temporal course. After
each convolutional layer, the batch normalization is conducted. In deep learning methods, the output of
one layer is the input of the next, and so forth. If the parameters of one layer change, the distribution
of the input values of the next layer also changes. This shift in inputs distributions, or covariance shift,
can be problematic in deep learning methods with many layers [248]. Batch normalization mitigates the
covariate shift ensuring the normalization of the activations of each layer [248]. The batch normalization
is followed by the application of the ReLU function. Layers 3, 6, and 9 are subsampling max-pooling layers
(MaxPool2D), which also aim to reduce the number of network parameters. As the network expands, the
number of channels used is increased to improve network capacity. Sixteen channels are initially set for
the first set of convolutional layers, being duplicated after each max-pooling layer from there onwards up
to the 9th layer.

From this point onwards, the learning process is slightly different, with special attention to the scalp
distribution of the EEG amplitude. The 10th layer, with 32 channels, performs 3-point 1D convolutions over
the spatial dimension (1x3 kernel), searching patterns in the distribution across the different electrodes.
Afterward, 2D convolutions with 3x3 kernels are applied to find correlations between temporal and spatial
information. This layer also has 32 channels, and its output is flattened, becoming a 1D structure with 512
points. This transformation is followed by 3 FC layers, which aim to aggregate information from high-level
features extracted in preceding layers and determine which features are more strongly correlated with a
particular class. The fully connected layers are implemented through linear functions. The last layer is
fully connected to all its inputs (128) and the 2 outputs nodes (one for SZ and other for HC). The first
two FC layers are followed by the ReLU function. After the last FC layer, the softmax function is applied to
determine the probability distribution of the two outputs.

5.2.4 Traditional Machine Learning

There are few publicly available databases of EEG signals from subjects with a diagnosis of SZ. This
hampers the comparison of the distinct classical machine learning or deep learning models proposed in
the literature. To assess whether our deep network architecture brings advantages over traditional machine
learning methods, we tested different algorithms.

Given the versatility of RFs, these algorithms were applied to perform the SZ classification using fea-
tures extracted from auditory ERP data. In fact, RF is a robust classification algorithm. This model con-
sists of a large number of small decision trees, known as estimators. RF combines predictions of the
estimators to produce a more accurate prediction. This method performs well with heterogeneous and
high-dimensionality features, and its ensemble design allows to compensate for the overfitting of standard
decision trees [477].
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5.2.5 Ensemble Strategy

The ensemble technique consists of combining multiple models, known as base learners, in order
to reduce the generalization error and variance [42]. Rather than having a single learner as the best
predictor, different models are trained separately, and subsequently ensembled to generate an optimal
predictive model [42]. This is the strategy behind RF, which is considered a strong classifier. RF uses
bagging (Bootstrap Aggregation) to increase the diversity in training of the ensemble [478] and decision
trees as base learners [477]. A large set of trees are ensembled, and then averaged [479]. Since trees
are remarkably noisy and weaker classifiers, they strongly benefit from averaging [479].

In an attempt to improve the generalization ability of the proposed deep learning model, it was adopted
an ensemble strategy.

5.3 Experimental Setup

This section details the EEG dataset used, describing the preprocessing and the transformations ap-
plied to prepare data to be used as the model’s input. Lastly, it is described the training setup of the

proposed deep learning architecture and traditional machine learning classifiers.

5.3.1 Data

As detailed in the previous chapter, the experimental EEG recordings used in this study were obtained
from a publicly available Kaggle dataset [420], hereinafter referred to as dataset A. The use of a small
pool of training data may result in an increased risk of model’s overfitting, and, consequently, of poor
generalization to new data. Although some methods can be implemented, such as a k-fold cross-validation
technique, the increase in data quantity can help to minimize overfitting. For this reason, the dataset A was
extended with EEG data collected by our research team, using a similar sensory task, hereinafter referred
to as dataset B. The entire dataset used in this study encompasses EEG recordings from 63 HC and 65
SZ subjects (dataset A: 32 HC and 49 SZ (17 early illness, 32 chronic); dataset B: 31 HC and 16 SZ (all
first-episode)). Each subject dataset comprises EEG segments (one segment per trial).

The EEG acquisition methods, the preprocessing pipeline and the data analysis of both datasets were
described in detail in Chapter 4. Both databases were merged after statistical analyses showed that
differences between the two were not significant. The preprocessed EEG recordings from dataset A were
downsampled to 512 Hz to reduce the input size (matching the sampling rate of dataset B), and, partially,

the complexity of the model.
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5.3.2 Deep Learning Algorithm

5.3.2.1 Temporal Window

In Chapter 4, we extensively examined the alterations in the N100 and P200 amplitudes in individuals
with SZ. Building upon these findings, we based the discrimination between SZ and HC on a time window
corresponding to the early auditory processing indices. The time window considered as input for the
proposed model was shortened to 500 ms of duration, corresponding to a total of 256 time points. EEG
segments were extracted from -100 ms to 400 ms time-locked to sound onset, comprising the expected
latencies of the auditory N100 and P200 peaks. Figure 32 provides an example of the 2D structure
generated for one trial showing the amplitude for the selected region of interest (ROI) (set of electrodes).

5.3.2.2 Data Normalization

The amplitude range of EEG recordings varies substantially across subjects, or even within a subject.
The normalization of the neural network inputs allows not only comparable measures but also the gradi-
ent descent to converge faster. Consequently, the EEG data structures created were transformed before
the training phase. The min-max normalization was applied in order to rescale the data. The absolute
minimum and maximum values were determined for each training segment and for each electrode. The
rescaling was then performed, with the segments’ amplitudes varying between the average value of the
minima and the average value of the maxima determined for each electrode. A Z-score standardization
was then applied to each segment by subtracting the mean and dividing by the standard deviation of the
entire dataset’s amplitudes. This standardization ensures that the data has a zero mean and unit variance,

thereby forcing both groups of subjects to have the same distribution.

5.3.2.3 Data Partitioning

Each subject’s dataset was composed of a variable number of segments after the removal of segments
with artifacts (mean of segments/subject: 94,86 & 2,27). In total, 5756 trials from 63 HC subjects and
5853 trials from 65 SZ subjects were used. A stratified 10-fold cross-validation was performed. The dataset
splitting was performed by subject rather than by segment. This procedure ensured that segments of a
subject contained in a fold did not leak into other folds. The subjects’ datasets were shuffled and split into
10 folds, while ensuring that each fold had the same proportion of SZ and HC subjects’ data. In each of the
ten iterations, the model was trained using 9 folds, while the remaining fold was used for the test. From
the subjects contained in the 9 training folds of each iteration, approximately 90% of them were effectively
used for training, while the remaining were used as a validation set. Also, in this split we ensured that
the selected subjects contained all their EEG segments (Figure 34). The validation dataset was used to
tune hyperparameters and provide an unbiased evaluation of the model. This division was also stratified
according to SZ and HC classes, after shuffling the subjects. As in the folds split, the procedure also

ensured that segments of a subject did not leak into other folds, so that segments belonging to a training
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subject were used neither for validation nor for testing. In each iteration, all data segments contained in
the training and validation sets were randomized.

Training set
Validation set
Testing set
B HC
LRV

Cross-validation iteration
o [ec] ~ (<] w H w N - o

A —————

0 20 40 60 80 100 120

Number of Subjects

Figure 34: Stratified 10-fold cross-validation: balanced split of SZ and HC subjects data into training,
validation and testing sets.

5.3.2.4 Model Training and Hyperarameters

The training process was performed on 300 epochs. The EEG images of all subjects that belonged
to the training set were randomly shuffled. The network was trained with ADAM optimizer (Ir = 1 x
10~%) and a mini-batch of size 4. Regularization techniques are implemented to prevent overfitting. The
learning algorithm is modified in order to reduce its generalization error, but not the training error [42].
For regularization, a spatial dropout of 0.25 at some convolutions was used, as illustrated in Figure 33.
To limit the model’s capacity, the L? regularization was also implemented by adding a parameter norm
penalty of 1 x 10~ to the cost function. The Xavier Glorot uniform [241] was used as initializer of the
model’s parameters, ensuring the zero-mean and keeping the variance of activations the same across
every layer. The Cross-Entropy Loss function was employed to calculate the loss by comparing the model’s
output probabilities with the true labels, providing a measure of dissimilarity between the predicted and
actual outcomes.

As described before, the model output is a probability of an image label being assigned to the SZ or
HC groups. For validation purposes, a probability threshold of 50% was considered to classify the segment
as SZ or HC. The accuracy of the model was determined by all EEG images included in the analysis
using cross-validation. During the optimization by backpropagation, the optimal model evaluated with the

validation dataset was saved. The typical duration of model training was about 15 hours (90 minutes/fold).
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Table 9: List of hypermeters selected for the proposed method.

Hyperparameter Value

bias 0
Initialization
weigths Xavier Uniform (gain=1)
Dropout probability 0.25
Batch Normalization € 0.00001
Adam
Optimization learning rate () 0.0001
weight decay () 0.0001
batch size 4
Training
epochs 300

5.3.3 Traditional Machine Learning Algorithms

5.3.3.1 Feature Extraction

EEG feature extraction was performed based on ERP waveforms, which were obtained for each subject
after averaging across all trials and presented in the previous chapter. Figure 35 provides a schematic
illustration of the extracted features. Based on previous chapter results, the ERP mean amplitude was
determined from the 75-105 ms latency window (post-stimulus onset), corresponding to the window in
which the N100 ERP component typically emerges, and from the 150-210 ms latency window capturing
the P200 component (see Table 8). Both time windows are shown with red shading in Figure 35. We also
included three slopes as features: the beginning of N100 deflection, the transition from N100 to P200,
and the final descending section of the P200 component. Yellow shaded areas in Figure 35 mark the
latency intervals considered for calculating these slopes. All these five features were extracted from the
signals captured by the electrodes Fz, FCz, Cz, CPz, and Pz. In addition, the amplitudes (circular symbol)
and latencies (triangular symbol) of the N100 and P200 peaks (blue and green marks, respectively, in
Figure 35) from the FCz and Cz electrodes were also extracted. A matrix of features was created, with
rows corresponding to the subjects and the columns corresponding to the 33 features extracted for each

one.

5.3.3.2 Data Partitioning and Normalization

A stratified 10-fold cross-validation method was applied to test machine learning models. Subjects
(features matrix rows) were shuffled and split into 10 folds, ensuring that each fold had the same proportion
of SZ and HC subjects data and that no subject was repeated in any fold. As implemented in the deep
learning model, in each of the ten iterations, the model was trained using 9 folds, while the remaining fold
was used for the test. From the subjects contained in the 9 training folds of each iteration, approximately
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Figure 35: Schematic representation of the features extracted from each subject's ERP waveform.

10% of them were used in the validation set.

5.3.3.3 Models Training and Hyperparameters

The SZ classification was firstly performed with the RF algorithm using features extracted from the 5
electrodes. Several tests were performed to evaluate the effect of the different extracted features. The
hyperparameter tuning was conducted for each one, focused on the number of estimators, maximum
number of features, maximum depth of the tree, and split criterion using the validation set. Initially, only
the mean amplitudes in the N100 and P200 windows were used, with ten features included per subject.
RF configured with 100 estimators, a maximum number of features of 5, and a maximum depth of 2,
achieved the best performance. Afterward, the N100 and P200 peak amplitudes and latencies were
added to the previous data set, totaling 18 features per subject. The best model was configured with 50
estimators, a maximum number of features of 10, and a maximum depth of 2. Finally, slopes were also
considered (subsection 5.4.6.1 will provide the rationale for including slopes as features). The best model
performance using the 33 features per subject was achieved with 100 estimators, using a maximum of 2
features in each split and a maximum depth of 15 in each tree. In both cases, the criterion used to find
the optimum split in the validation set was the Gini impurity measure.

5.3.4 Ensemble Method

SzNet was used as base learner and the hard voting algorithm as the ensemble method. The ensemble
resulted from the combination of 5 fits of the SzNet model trained with different randomly selected seeds
in model's weights initialization. This approach is justified by the fact that different initializations lead the
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neural networks to converge to distinct solutions [480]. The hard voting of predictions from separately
trained models is one of the simplest ensemble methods and it predicts the class with the largest sum of

votes from the models.

5.3.5 Evaluation Metrics

In order to test the SzNet's performance, all input samples of every subject were fed into the model.
The probability of each sample belonging to a SZ subject was computed. Unlike validation, a subject-
based approach was considered to test the model. Thus, the average of each subject’s input samples
probabilities was determined and the same probability threshold (50%) was used to assign a label to the

subject. This label can be positive (SZ) or negative (HC), and every subject fits into one of the four cases:

- True Positive (TP): subject labeled as SZ and correctly predicted as SZ;

False Negative (FN): subject labeled as SZ and incorrectly predicted as HC;

True Negative (TN): subject labeled as HC and correctly predicted as HC;

False Positive (FP): subject labeled as HC and incorrectly predicted as SZ.

These four categories describe completely the classification task outcome, making up the confusion
matrix (Table 10). With the binary classification, it is expected a large number of TP and TN, and less FN
and FP cases. To describe the prediction quality, some metrics were derived from the confusion matrix.

Table 10: Confusion Matrix.

Predicted SZ Predicted HC

Actual SZ
Actual HC

The classification accuracy (Acc) is the simplest metric and is defined as the proportion of subjects
labels correctly predicted by the model.

TP+TN

Ace —
T TPITNLFP+FN

(5.2)

The precision was computed applying the equation 5.3, and is important inasmuch as it measures
how consistent predictions are when tests are repeated.

TP
Precision = 7—'P—|——F1]3 (53)

Sensitivity (or recall) and specificity, which are used to quantify the diagnostic ability, were also calcu-
lated. Both give the proportions of SZ and HC subjects, respectively, correctly predicted by the model.

TP
Recall = m—m (54)
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Speci ficity = % (5.5)

Although precision and recall are important metrics, it is not possible to maximize both simultaneously,
because tipically when the FN number increases the FP reduces, and vice-versa. F'1-score takes into
account both precision and recall (equation 5.6) and can be interpreted as a weighted average of both
metrics. The model can be improved maximizing the F'1-score, which is even more relevant when class

distributions are unbalanced.

Prec x Recall B 2T P
Prec + Recall 2TP+ FP + FN

Fl-score = 2 x (5.6)

The area under the receiver operating characteristic curve (AUC-ROC) and the Matthews correlation
coefficient (MCC) were also computed, in an attempt to obtain metrics that better describe the model’s
ability to distinguish between the two classes.

A receiver operating characteristic (ROC) curve is obtained by plotting the recall (which also defines the
true positive rate (TPR)) against the false positive rate (FPR) (equation 5.7), which corresponds to the ratio
of HC subjects incorrectly predicted as SZ. ROC curves do not depend on class distribution and reflects a
trade-off between TPR and FPR by changing the classification threshold. Calculating the area under the
ROC curve, AUC-ROC, is equivalent to obtain the probability that a randomly chosen SZ subject is ranked
higher than a randomly chosen HC subject. The closer the AUC-ROC score is to 1, the better the model
performs.

FpP
FPR = TPITN (5.7)

The MCC has been used as an alternative to accuracy and F1-score in binary classifications [481],

and takes into consideration all the confusion matrix cells. This coefficient can be determined by:
TP xTN —FP x FN

MCC = (5.8)
V(TP + FP)TP+ FN)(TN + FP)(TN + FN)

MCC ranges from -1 to 1, generating a high score only if the binary predictor was able to correctly predict
the majority of SZ subjects and the majority of HC subjects.

5.3.6 Statistical Analysis

Repeated measures analysis of variance (ANOVA) was used to compare the different metrics between
models since the same subjects were used to test each model. Before, the normality in each metric
distribution was ensured through the Shapiro-Wilk's test, and the sphericity assessed with the Mauchly’s
test. Analyses were corrected for non-sphericity using the Greenhouse-Geisser method. Main effects were
followed up with pairwise comparisons using post-hoc ttests adjusted with the Bonferroni correction. The
sizes of significant effects are also reported using the generalized n-squared method (773). Only significant
results are presented, with a significance alpha level of 0.05. The analysis was conducted in R [482].
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5.3.7 Implementation Details

Both deep and traditional machine learning models were implemented on a workstation with an Intel®
Core™ CPU (i7-4770k, 3.5 GHz) and an NVIDIA® GPU (GeForce® GTX 1070). Deep learning models were
implemented using the open-source framework Pytorch, based on Torch library. RF algorithms were also
written in python using Scikit Learn [483] and NumPy [484] packages.

5.4 Results and Discussion

This section starts by motivating the choice of kernel for time-domain convolutions. Thereafter, it is
presented and discussed the ablative study, which assesses the relevance of the amount and location
of EEG spatialtemporal information used. This ablative study intended the evaluation of the number of
electrodes used as well as their location over the scalp. Lastly, the developed model is compared with

related work, pointing out its limitations.

5.4.1 Kernel size for temporal convolution

The kernel size determines the receptive field of a convolution and provides information about the
number of input datapoints the network can look at [485]. This is a factor to take into account when
considering a network'’s ability to encode the features, and it is associated with the learning parameters.

In this study, the kernel size used for time-domain convolution defines what information is extracted
from the EEG signal. The decomposition of EEG signals can reveal oscillatory activity in specific frequency
bands [209]. Activity in each band has been associated with different functions. The faster rhythms of
the EEG signal, corresponding to the gamma-band (above 30 Hz), are linked to complex auditory informa-
tion processing. Desynchronization of these oscillations during auditory processing has been reported in
S7Z [209, 418]. Thus, we search for the best kernel size using cross-validation. After testing various sizes,
the 9x1 kernel was the one that reflected the best results.

5.4.2 Ablation Study

5.4.2.1 Relevance of number and location of electrodes

Different spatial ROl were analyzed in order to understand whether and which spatial information is
relevant for SZ discrimination. The effects of the number of electrodes and their location were tested. Three
principal approaches were considered (5, 15, and 35 electrodes over the frontal, fronto-central, central,
centro-parietal, and parietal regions) with the set location varying from the left to the right side of the brain.
The three models are hereinafter referred to as SzNet-5, SzNet-15, and SzNet-35 corresponding to the
three sets used: b, 15, and 35-electrodes sets, respectively. To assess the use of 15 and 35 electrodes,
the SzNet architecture was slightly changed: an extra convolutional layer (with 32 filters) was incremented
after layer 9, followed by a RelLU function (Table 11).
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Table 11: Architectures of the SzNet model adapted for the three spatial approaches tested.

SZNet-5 SZNet-15 SZNet-35
#filters  kernel  stride input #filters  kernel  stride input #filters  kernel  stride input
1 Conv2D 16 9x1 Ix1 256x5x1 Conv2D 16 9x1 Ix1 256x15x1 Conv2D 16 9x1 Ix1 256x35x1
Dropout - - - - Dropout - - - - Dropout
2 Conv2D 16 9x1 Ix1 248x5x16 Conv2D 16 9x1 Ix1 248x15x16 Conv2D 16 9x1 Ix1 248x35x16
3 MaxPool2D - 2x1 2x1 240x5x16 | MaxPool2D - 2x1 2x1 240x15x16 | MaxPool2D - 2x1 2x1 240x35x16
4 Conv2D 32 9x1 x1 120x5x16 Conv2D 32 9x1 Ix1 120x15x16 Conv2D 32 9x1 x1 120x35x16
Dropout - - - - Dropout - - - - Dropout
5 Conv2D 32 9x1 1x1 112x5x32 Conv2D 32 9x1 1x1 112x15x32 Conv2D 32 9x1 1x1 112x35x32
6 MaxPool2D - 2x1 2x1 104x5x32 | MaxPool2D - 2x1 2x1 104x15x32 | MaxPool2D - 2x1 2x1 104x35x32
7 Conv2D 64 9x1 Ix1 52x5x32 Conv2D 64 9x1 Ix1 52x15x32 Conv2D 64 9x1 Ix1 52x35x32
Dropout - - - - Dropout - - - - Dropout
8 Conv2D 64 9x1 Ix1 44x5x64 Conv2D 64 9x1 Ix1 44x15x64 Conv2D 64 9x1 Ix1 44x35x64
9 MaxPool2D - 2x1 2x1 36x5x64 MaxPool - 2x1 2x1 36x15x64 | MaxPool2D - 2x1 2x1 36x35x64
10 Conv2D 32 1x3 1x1 18x5x64 Conv2D 32 1x3 1x3 18x15x64 Conv2D 32 1x7 1x7 18x35x64
1 Conv2D 32 3x3 x1 18x3x32 Conv2D 32 1x3 Ix1 18x5x32 Conv2D 32 1x3 1x1 18x5x32
Dropout
12 FC - 256 - - - 512 Conv2D 32 3x3 1x1 18x3x32 Conv2D 32 3x3 Ix1 18x3x32
Dropout - - - - Dropout - - - - Dropout
13 FC-128 - - - 256 FC- 256 - - - 512 FC-256 - - - 512
Dropout - - - - Dropout - - - - Dropout
14 FC-2 - - - 128 FC-128 - - - 256 FC-128 - - - 256
Dropout - - - - Dropout -
15 softmax - - - 2 FC-2 - - - 128 FC-2 - - - 128
16 - - - - - softmax - - - 2 softmax - - - 2

Abbreviations: Conv - Convolutional layer; Max-pool - Max Pooling; FC - Fully Connected Layer.
Note: Input dimensions - (number of time points; number of electrodes; number of feature maps)

The electrodes in 2D structures were also aligned from the frontal to the parietal region, and from
the left to the right hemisphere, as exemplified in Figure 36. N corresponds to the number of electrodes
from each scalp region tested, which was set to 3 for SzNet-15 and to 7 for SzNet-35. The kernel size
used in the extra convolutional layer is dependent on N. This layer aimed to gather information from each
region (frontal, fronto-central, central, centro-parietal, and parietal). Convolutions with stride equal to N in
the spatial dimension allowed obtaining one feature per region, as illustrated in Figure 36. The remaining
network was unaltered.

Figure 37 schematically presents the ROI, which varies in number of electrodes and hemispheric
location, used to evaluate the performance of the three models developed. The 10-fold cross-validation
metrics, computed for each subset of electrodes, are presented in Table 12.

The results of SzNet-5 and SzNet-15 using different spatial subsets show differences in accuracy as a
function of electrode location in the training and data sets. The training and testing with midline and right
ROI data showed improved performances. Data laterality had a small effect on accuracy (F'(10,99) =
2.298,p = 0.018, 7;3 = 0.188) and AUC-ROC (F'(10,99) = 2.221, p = 0.022, 7;3 = 0.183) metrics,
being only statistically significant in SzNet-5 when contrasting right-1 and left-1 ROIs (Acc: p = 0.042;
AUC-ROC: p = 0.039). Both accuracy and AUC-ROC metrics show that SzNet-5 with midline and right-1
data, and SzNet-15-midline achieved the best performances. The lower result achieved by the SzNet-5
left-1 subset can account for the slightly lower performance obtained by SzNet-15-midline.

Although no asymmetries in auditory processing alterations have been reported in SZ patients [106],

107



Decoding auditory processing in schizophrenia using deep learning Chapter 5

Frontal (N | |

o) \F,Pl/ N electrodes/ area
— il AY \‘ () (RZ) VX
i

'/Fr7 )

Fronto-central:

x’é? Central

O
S9p0JIO9|3

Pg) | i
»—(r0)  Centro-parietal|
S P i KspatiaI=NX1
stride=Nx1

Parietal ' N

Time-points

Figure 36: lllustration of the electrode alignment in the 2D structure created for each EEG segment,
and schematization of the convolutional process of the extra layer added to the SzNet-15 and SzNet-35
networks. Kspatiar represents the kernel used in the convolutional layer. N corresponds to the number of
electrodes of each area tested.
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Figure 37: Schematic representation of the different ROls showing the topographical distribution of elec-
trodes considered to test the three models SzNet-35, SzNet-15, and SzNet-5.

these results suggest that changes in amplitude of right hemisphere EEG signals are contributing more
to the discrimination of SZ and HC subjects. Nonetheless, the use of midline electrodes seems more
beneficial and is corroborated by most of N100 studies in SZ, which often report a medial to midline N100
amplitude decrease [24]. The results suggest that the use of small subsets of electrodes can improve SZ
classification, although no significant differences were found between SzNet-35, SzNet-15, and SzNet-5
regardless of ROI (£(2,107) = 0.3939, p = 0.6754).

The results suggest that the model using 5 midline electrodes (SzNet-5-midline) more accurately pre-
dicts whether the EEG signals come from a SZ or a HC subject. Although with minor differences, this
model achieved the best performance, on average, for every metric. Subtle differences in accuracy values
can represent important practical improvements since a variation of only 0.8% is necessary to indicate or
detect the increase or decrease of a unit in the number of correctly identified subjects.
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Table 12: Performance of the models tested (SzNet-5, SzNet-15 and SzNet-35) using different spatial ROI
evaluated with five metrics: accuracy; AUC-ROC; precision; recall; and specificity.

ROI Accuracy MCC AUC-ROC F1-score Precision Recall Specificity

SzNet-35 - 0.69+0.07 0.40+0.15 0.70+£0.07 0.72+0.06 0.69+0.12 0.76+0.09 0.63+0.15
SzNet-15 left 0.67+0.09 0.37+0.18 0.67+0.09 0.71+0.06 0.67+0.14 0.79+0.15 0.55+0.26
SzNet-15  midline  0.76+0.07  0.54+0.14 0.76+0.07 0.76+0.08 0.79:£0.13 0.77+0.17  0.74+0.19

SzNet-15 right 0.73:t0.10 0.49+0.20 0.72+0.10 0.76£0.09 0.69+0.10 0.88+0.15 0.56+0.19

SzNet-5 left3 0.71+0.10  0.43+0.21 0.70+¢0.10 0.72+0.11 0.70+0.08 0.77+0.19  0.63+0.17
SzNet-5 left2 0.72£0.05 0.46+0.11 0.71+0.04 0.71+0.08 0.75+£0.11 0.72+0.20 0.71+0.17
SzNet-5 leftl 0.67£0.08 0.38+£0.17 0.67+0.08 0.68+0.11 0.71+0.13 0.70+0.20 0.65+0.24

SzNet-5 midline 0.78+0.08 0.59+0.18 0.78+0.08 0.78+0.08 0.82+0.13 0.77+£0.15 0.79+0.17

SzNet-5 rightl 0.77+0.08 0.58+0.15 0.77+0.09 0.77+0.11 0.81+0.21 0.72+0.21 0.77+0.09
SzNet-5 right2 0.72+0.11 0.45+0.24 0.72+0.11 0.73+0.12 0.70+0.10 0.78+0.19 0.65+0.14

SzNet-5 right3 0.67£0.07 0.38+0.17 0.67+0.07 0.68+0.09 0.70+£0.14 0.72+0.23 0.61+0.26

SzNet:5  midline** 0.77+0.09 0.56+0.20 0.77+0.09 0.74£0.10 0.86+0.16 0.68+0.15 0.85+0.16

Note - The highest values achieved for each metric are underlined. Similarly, the model and ROI that achieved the best
results are highlighted.
** - Random electrode alignment approach.

5.4.2.2 Benefitting from electrode alignment

The strategy based on the alignment of electrodes in the 2D data structures created was adopted to
feed the deep learning model. Instead of randomly stacking the EEG signal segments, it was hypothesized
that the alignment according to the topographical arrangement of the electrodes could represent a more
realistic way to extract spatial information from the data structures. To confirm that network performance
benefits from this strategy, a comparison between random and organized arrangements of segments was
conducted for the proposed model, SzNet-5, using the midline ROI. The 10-fold cross-validation metrics
are presented in Table 12, with the randomly aligned ROl marked with asterisks at the bottom of the
table. With the organized alignment, the accuracy, AUC-ROC, and recall metrics were improved. The most
notorious difference is in the recall value, which is higher when the signal segments are not randomly
stacked. The increase in this metric means that the ratio of diagnosed patients incorrectly identified as
healthy subjects decreased, which would be a positive result in clinical diagnosis. This may suggest that
the spatial dynamics of brain activity over time may be relevant in characterizing auditory processing in
SZ.
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5.4.3 Probabilities Distribution

Up to this point, a subject-based approach was used to evaluate and analyze the models’ performances
in order to understand which better identifies SZ patients. Figure 38 shows the distribution of the subjects’
mean probabilities predicted by SzNet-5.
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Figure 38: ROC-curve (and corresponding AUC-score) and distribution of the probabilities of SZ and HC
predicted by the SzNet-5-midline,considering a subject-based approach, with average probabilities deter-
mined for each subject. The closer the probability is to zero, the greater the probability of being a HC
subject. The closer to 1, the higher the probability to be a SZ patient.

A deeper separation between groups’ distribution would be expected, which could, therefore, be re-
flected in a higher AUC-ROC value. This outcome may be due to the great intersubject variability in
event-related EEG data.

Since the model was trained on EEG single-trials, a segment-based analysis can provide important
insights on which features of the signal have contributed the most to distinguish SZ from HC. As for the
subject-based approach, the distribution of all segments probabilities predicted by SzNet-5 was determined
(Figure 39). As shown, the AUC-ROC value decreased and there is a larger overlapping of both groups’ den-
sities. A possible justification is the variability introduced by the examination of all the segments. Besides
the intersubject, this result reveals the inherent intrasubject EEG data variability. Higher peaks on HC and
SZ distributions at 0 and 1 probabilities, respectively, mean that a considerable percentage of segment la-
bels are correctly predicted with absolute certainty. The features extracted from these segments were very
effective in identifying the group to which they belonged. Taking advantage of this, the segments correctly
identified with higher probabilities can provide clues about changes in SZ patients’ auditory processing.
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Figure 39: ROC-curve (and corresponding AUC-score) and distribution of the probabilities of SZ and HC
predicted by the SzNet-5-midline,considering a segment-based approach, including all segments probabil-
ities. The closer the probability is to zero, the more likely the EEG segment is to belong to a HC subject.
The closer to 1, the higher the probability that the segment belongs to a S7 patient.

5.4.4 Model interpretation

While auditory processing abnormalities in SZ have been investigated by mean of ERP components
analysis, this deep learning approach extracts features from the signal that may be directly correlated to
those components ant that are relevant to the discrimination of SZ and healthy subjects. Therefore, the
interpretation of the features extraction in the implemented SzNet model provides more information about
their relationship with specific ERP components. Some algorithms have been developed for CNN features
interpretation. An example is the Gradient-weighted Class Activation Mapping (Grad-CAM). This algorithm
uses the gradients of the output with respect to the convolutional features to produce a saliency map of
the important regions in the input image for the classification [486].

The importance of the features extracted by SzNet-5 model (considering the last convolutional layer
features) is represented by heatmaps obtained by Grad-CAM implementation in Figure 41. The color scale
shows the variation of features relevance, with dark tones representing highly discriminative features in
the signal morphology.

For this purpose, it was considered the segments identified correctly with a greater degree of certainty
(probabilities above 0.80 for SZ and below 0.20 for HC). An average of the heatmaps of the selected
samples was computed for SZ and HC (Figure 40). An average of the EEG segments was also computed
to inform on the features’ location and correspondence in the spatio-temporal images. This representation
of ERP-like average gives a sense of what patterns in input signals are driving classification differences.
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Figure 40: Heatmaps (yellow to red colormap) obtained using Grad-CAM for the segments most likely to
belong to HC and SZ subjects.

Both segments and heatmaps averages were graphed in the form of surfaces, making their comparison
more intuitive (Figure 41). The patterns of averaged EEG segments (surface in blue tones) is consistent to
the ERP SZ and HC morphologies studied and presented in Chapter 4.
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Figure 41: Surface representation of heatmaps (yellow to red colormap) obtained using Grad-CAM for the
segments most likely to belong to HC and SZ subjects. In shades of blue, the surface representation of
the averages of the corresponding EEG segments.

Figure 42 illustrates HC and SZ heatmaps over Cz and averaged temporal segments (see Appendix B
for the other electrodes representations). Group differences around 250 ms post-stimulus onset appear to
be the temporal feature receiving higher activation by the model for the classification of SZ segments. In-
terestingly, the transition of more pronounced negative to positive deflections around 110 ms post-stimulus
onset, i.e., from the N100 to the P200 deflection, may have been pivotal for S7 identification. This tran-
sition is more abrupt in HC as a result of increased N100 and P200 amplitudes. Both salient features
seem to have a more significant effect across the five electrodes (Figure 40). The feature extracted from
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HC segments seem to be more prominent (higher heatmap values) for the classification by inspecting
both heatmaps. It should be noted that the most important features to identify HC are located around 50
ms post-stimulus onset. Subtle differences in this time interval may correspond to the transition from a
P50-like deflection, whose latency seems to vary between groups, to a N100 deflection.
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Figure 42: Grad-CAM heatmaps cross-section and averaged EEG signals over Cz electrode drawn for HC
and SZ groups. The time intervals associated with the most relevant features are shaded with the color
corresponding to the heatmap of each group. Topographical distribution maps of EEG signal amplitudes
at those time intervals are also presented for each group.

The results suggest that this feature may have a greater effect on the most parietal electrodes. The
spatial distribution of the amplitudes around the more relevant time-points is also presented in Figure 42.
More pronounced spatial differences occurred around 100 ms, where HC and SZ amplitude is lower in
frontal-central electrodes, and around 250 ms, showing higher parietal amplitudes of HC signals. The
GradCAM results suggest that the transitions from P50 to N100, N100 to P200, and the P200 end have
received higher attention from the proposed model to discriminate both groups. These results, although
lacking a better optimization of the model to improve its generalization, show that ERP components con-
sistently proposed as biomarkers may actually play an important role in characterizing auditory processing
at SZ (studied in detail in Chapter 4).

5.4.5 Relevance of SzNet

The SZ classification based on classical machine learning methods in auditory tasks-related EEG data
has been performed using features extracted from ERP components. Besides requiring expertise, there is
a great variability in the extracted features. By contrast, the use of deep learning allowed the SzNet model
to automatically learn patterns from EEG single-trials. Despite the heterogeneity of the disorder, the model
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managed, through a short time window focused on the early auditory processing stage, to distinguish
whether the signal belongs to SZ or HC. Although it may be considered a limitation, the fact that the
SZ sample is independent of the stage of the disease (not distinguishing subgroups of the disease, first-
episode, or chronic patients) may contribute to mimic the heterogeneity that will always exist in a real clinical
situation. Another advantage of the SzNet approach is the reduced number of trials and the task used for
EEG acquisition. The elicitation of some ERP components such as the MMN, whose features are recurrently
used for classification purposes, requires a large number of stimuli and, consequently, is time-consuming.
Differently, the passive listening task used in this study is simple and manageable in a clinical environment,
where the diagnosis should be fast. Besides the binary classification, another aim of the current study
was to understand if impairments in auditory processing may contribute to the characterization of SZ, in
particular considering alterations in ERP components that have been proposed as SZ biomarkers. Only
the study conducted by Ahmedt-Aristizabal [348] documented the application of deep learning methods to
auditory processing signals. The aim was to identify subjects at risk of developing SZ using the time course
of EEG signals in response to auditory stimuli. With a shallower architecture combining convolutional and
recurrent networks and with less learnable parameters, an accuracy of 72.54% was achieved. The problem
addressed as well as the database used differ from ours, so the studies are not directly comparable. Still,
it should be noted that Ahmedt-Aristizabal and collaborators used the same 5 electrodes (Fz, FCz, Cz,
CPz, Pz), for which our ablative study showed an improved performance.

The SzNet results indicate that changes in the auditory processing can be key features for SZ diag-
nosis. This shows the need to look at sensory changes that are often neglected in clinical assessment,
and supports the addition of a new domain to the RDoC framework, focused on sensory impairments in
psychiatric disorders [487]).

5.4.6 Machine learning vs. Deep learning

The application of classical machine learning algorithms allowed us to obtain a base-model to compare
with the proposed deep learning model.

5.4.6.1 Features Selection

The selection of relevant features plays an essential role in machine learning classification. The audi-
tory N100 and P200 components shed light on the sensory processing of sounds, and their latency and
amplitude are affected by the level of subject’s arousal, alertness, and attention [488]. Abnormalities in
these components have been consistently reported in SZ patients, which include reduced amplitude of
the N100 as well as reduced amplitude and shorter peak latencies of the P200 [174]. Moreover, both
auditory ERP components have been used to examine sensory and information processing impairments
in SZ [489]. In light of this, and based on Chapter 4 results, our focus turned to these components, in
particular their amplitude and latency. Time windows for the extraction of the N100 and P200 mean am-
plitudes were based on the visual inspection of the grand average waveforms, on ERP results presented
in Chapter 4, and on previous studies [18]. Since the N100 and P200 peak amplitudes are topographi-
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cally distributed over frontocentral and central regions, as seen in Figure 31, the FCz and Cz signals were
considered for the analysis of both peak amplitude and latency.

From the evaluation of Grad-CAM results, the transitions from P50 to N100, N100 to P200, and the
P200 end seem to have relevance for the discrimination of the two groups. In order to interpret these
findings, we also extracted the slopes in the time intervals corresponding to those three transitions as
input features for machine learning models.
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Figure 43: Importance of each feature given by its weight to final performance of RF using 33 features.
Bars colors corresponds to the colors used in Figure 35.

RF can provide a measure of the importance of each feature, according to its contribution to the
overall classification performance. Benefiting from the increased system interpretability, the features’
weights may provide important information on the critical EEG electrodes and features for discriminating
SZ. Figure 43 shows the weight of each feature for the RF result considering 33 features. N100 features
from frontal, fronto-central, and central scalp regions were the most important features for classification,
which is consistent with the literature [24] and the Chapter 4 studies. However, the slopes extracted from
the transitions between ERP components appear to have been significant. This result suggests that the
temporal dynamics of early auditory processing is altered in SZ. Hence, all these features were considered
to obtain the best performance as they seem to have an impact on the differentiation of subjects with SZ.

5.4.6.2 Models Performance

Table 13 presents the RF models’ performance using ERP features for SZ classification. The inclusion
of amplitude and latency of the N100 and P200 peaks over FCz and Cz electrodes (RF-18) improved the
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classification achieved by the RF, which only include the N100 and P200 mean amplitudes over all the
5 midline electrodes (RF-10). The best result was obtained when adding all 33 features (RF-33), which
included the slopes in the three transition time intervals between ERP components suggested by the
analysis of Grad-CAM. The best model distinguished HC and SZ subjects with an accuracy of 73%. Adding
the slopes values as features increased the specificity, which suggests that these features may have a
more significant influence on the identification of HC subjects.

Table 13: Results of the classification performed by the RF, the proposed deep learning model, and the
ensemble learning method.

Model Features  Accuracy  Precision Recall Specificity  AUC-ROC
RF 10 0,69+0,10 0,70+0,15 0,70+0,17 0,69+0,14 0,70+0,10
RF 18 0,70+0,11 0,71+0,14 0,70+0,17 0,71+0,15 0,70+0,11
RF 33 0,73+0,13 0,73x0,15 0,70+0,17 0,76+0,13 0,73x0,13
Proposed 0,78+0,08 0,82+0,13 0,77+0,15 0,79+0,17 0,78+0,08
Ensemble 0,80+0,08 0,82+0,14 0,82+0,14 0,78:0,18 0,80+0,08

The performance of the deep learning method surpasses that of the traditional machine learning
models, and demonstrates the potential of the model we propose here for SZ classification. Unlike standard
techniques in which features are extracted manually and provided to the model for classification, the deep
learning model performs both feature extraction and classification. CNNs are able to detect highly specific
features of the training dataset under the constraints of the specific prediction, such as the data labels [42].
The end-to-end training forces feature extraction by minimizing the loss for SZ classification. Through this
optimization technique, CNNs provide improved models and, thus, more accurfig:impate results [42].

5.4.7 Ensemble learning

The result of the ensemble of SzNet models’ predictions are presented in Table 13. An improved
performance is observed using 5 models, surpassing the single SzNet result (see Figure 44). As expected,
the voting ensemble offered a lower variance in predictions made over base learners, which improved the
generalization ability.

5.4.8 Limitations and future directions

The single-trial EEG recordings contain task-related activity. However, this activity is overlaid with task-
unrelated brain processes, which results in a low SNR. Variations in SNR across trials and subjects, which
may also arise from differences in EEG data acquisition parameters, may affect signal quality. Moreover,
fluctuations in the latency and magnitude of the EEG responses to stimuli, combined with the high dimen-
sionality of EEG signals, increase both intra- and intersubject variability. Improved performances from raw
EEG data may be achieved with larger training data sets, which also prevents overfitting: more subjects
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Figure 44. Effects of the growing number of ensembled models on different metrics, with emphasis on
accuracy.

and more trials per subject to overcome inter and intrasubject variability, respectively. Furthermore, by
encompassing diverse stages of the disorder and incorporating subjects from each stage, the analysis not
only reduces variability but also enhances the robustness of the findings derived from the raw EEG data.
Data augmentation techniques may increase the diversity of the data available for training the model, and
thus prevent overfitting. Notwithstanding, we note that our attempts at data augmentation did not lead to
improved SzNet model performance.

As mentioned before, SZ subgroups or stages (e.g., first episode vs. chronic) were not considered
in this study. Future studies should address whether SzNet performance is affected by illness stage and
symptom severity. However, some requirements should be taken into account: adaptation of the SzNet
model for multi-class classification; inclusion of a larger amount of data from each SZ subgroup. Following
the adaptation of the model to multiple classes, an important approach might be to include data from
subjects at risk of developing SZ or in prodromal stages. This line of development may allow prediction of
disease onset and a better understanding of the course of the underlying auditory processing alterations.

SzNet can provide a baseline model for future developments and analyses. A well-characterized pub-
lic SZ EEG database is highly recommended for the direct comparison and objective evaluation of the

performances of different algorithms.

5.5 Summary

Deep learning techniques have been used to decode EEG signals, with promising applications in the
field of psychiatry. SZ is one of the most disabling neuropsychiatric disorders, often characterized by
the presence of auditory hallucinations. Auditory processing impairments have been studied using EEG-
derived event-related potentials and have been associated with clinical symptoms and cognitive dysfunction
in SZ. Due to consistent changes in the amplitude of ERP components, such as the auditory N100, some
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have been proposed these components as biomarkers of SZ. The work presented in this chapter examines
altered patterns in electrical brain activity during auditory processing and their potential to discriminate
SZ and healthy subjects. Using convolutional neural networks (CNNs), a deep learning architecture is
proposed to perform the classification based on multi-channels auditory-related EEG single-trials, recorded
during a passive listening task. An ablative study allowed to analyze the effect of the number of electrodes
used, as well as the laterality and distribution of the electrical activity over the scalp. Results show that the
proposed model is able to classify SZ and healthy subjects with an average accuracy of 80% using only 5
midline channels (Fz, FCz, Cz, CPz, and Pz). This chapter shows the potential of deep learning methods
in the study of impaired auditory processing in SZ and, consequently, with implications for diagnosis. The

proposed design can provide a baseline model for future developments in SZ research.
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Chapter 6

Final Remarks

This thesis presents the work developed to probe auditory processing alterations in individuals with SZ
and its importance in discriminating patients from healthy subjects. In each previous chapter, we presented
the studies developed and the results obtained, as well as the discussion that encloses our observations
and conclusions. This last chapter summarizes the main contributions and conclusions. Finally, we close
this chapter with our perspectives on the limitations of the empirical studies conducted and discuss future

research directions.
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6.1 Conclusions

The high heterogeneity of SZ and symptom overlap with other psychiatric disorders have challenged
neuroscientists and engineers to develop more effective diagnostic and predictive tools. The review pre-
sented in Chapter 3 critically analyzed classical machine learning and deep learning methods to detect SZ
based on EEG signals published between 2016 and 2020. Specifically, the chapter discusses the poten-
tialities and limitations of the algorithms used and their parameterization in task-related and resting-state
EEG signals. This critical review highlighted good practices for developing and implementing machine
learning methodologies applied to EEG signals.

Machine learning methods are neither expected nor intended to replace the current diagnostic systems
for SZ and other psychiatric disorders. Instead, advanced learning algorithms may complement and aid
the discrimination of SZ and HC, improving the identification of SZ biomarkers, and establishing relation-
ships between EEG measures and specific clinical symptoms. These techniques, especially deep learning
algorithms, offer promise in providing clues to understanding the neural mechanisms of SZ because they
have the potential to uncover hidden relationships and dependencies within the EEG data. Given the re-
duction of (time-consuming) feature engineering and the possibility of maximizing the use of unstructured
data, deep learning methods show great promise in this field.

The critical review presented in Chapter 3 highlights the potentialities of advanced EEG-based learning
approaches to predict SZ. The described approaches represent a good starting point for the development
of EEG-based discriminative models that might predict the onset of SZ, identify subjects at high risk of con-
verting to psychosis, or differentiate SZ from other disorders, promoting more effective early interventions.
The predictive value of future models may be transferred to clinical practice, reflecting the fruitful dialogue
between engineering computational sciences, neuroscience, and psychiatry.

ERPs derived from EEG signals have been studied as potential biomarkers of SZ, particularly in auditory
processing. Research has consistently found that individuals with SZ often show abnormalities in auditory
information processing, which can be measured using ERP components. For example, abnormalities in
the N100 ERP component have been suggested as potential biomarkers and discriminators of the disorder,
reflecting deficits in early sensory processing. Moreover, some researchers suggest that the combination of
multiple ERP components may provide a more comprehensive understanding of the neural abnormalities
associated with SZ [60]. By following this line of thinking, we hypothesized that the neural activity dynamics
probed with EEG would be altered in individuals with SZ, reflecting alterations in auditory processing.

The study presented in Chapter 4 aimed to characterize the pattern of the temporal EEG response
to simple sounds in a passive listening task. The analysis of early auditory processing responses anal-
ysis allowed us to assess the consistency and robustness of altered event-related signal signatures as
potential discriminators between SZ and HC subjects. The different confirmatory and exploratory analyses
performed led to the following conclusions:

¢ The morphology of the ERP grand averages agrees with the pattern of the responses to auditory
stimuli consistently reported in the literature [127]. It is possible to conclude that the auditory
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evoked potentials are elicited in both HC and SZ.
¢ The ERP analysis confirmed the N100 and P200 amplitude reductions in SZ.

¢ The trial-by-trial analysis allowed us to assess the robustness of the elicitation of N100 and P200
components and the inter-trial variability. The results revealed a higher amplitude and latency inter-
trial variability in SZ compared to HC.

¢ A cluster-based permutation test in a trial-by-trial approach identified significant spatiotemporal
differences in the first 400 ms of responses to auditory stimuli. The first cluster was found in 66-
146 ms time interval, with decreased amplitude in SZ patients over the entire scalp, with maximal
differences in frontocentral regions. The second cluster was found in the 191-262 ms in the central
region and the parietotemporal area of the right hemisphere, also showing a decreased amplitude
in SZ. Both clusters coincide with the N100 and P200 ERP component localization.

¢ Both ERP and EEG trial-by-trial analyses results suggest impaired bottom-up auditory sensory-
perceptual processes in SZ, which may reflect deficits in the initial detection and processing of
auditory stimuli (as reflected by the N100), as well as the processing of more complex auditory
features (as reflected by the P200).

¢ The time-frequency analysis performed on FCz voltage showed differences in power and synchrony
of HC and SZ signals, revealing weaker and less synchronized responses in SZ.

* A cluster-based permutation test allowed us to conclude if those differences were significant. Only
the synchronization of neural activity in theta and alpha frequency bands, measured by PLF, was
statistically different between HC and SZ groups, suggesting impaired attentional resource allocation
and deficient auditory processing.

The trial-by-trial analysis results supported the hypothesis that differences in single-trial auditory re-
sponses can improve the discrimination between HC and SZ. Furthermore, our results suggest that deficits
in auditory processing may be robust biomarker candidates for SZ.

The insights gained from the literature review presented in Chapter 3 and the findings from the char-
acterization of EEG signals have driven the exploration of deep learning methods to classify SZ. Chapter 5
described the development and application of a deep convolutional neural network for SZ classification
based on single-trial EEG signals recorded in the passive listening task. A CNN-based architecture is
proposed, which has been designated the SZNet model for ease of identification in this document. A
2D convolutions strategy allowed extracting information about amplitude variation over time across elec-
trodes. For this purpose, the model received as input pseudo-images (two-dimensional structures) created
by stacking the 1D single-trial signals captured from different electrodes. An ablative study allowed us to
study variations of the same architecture to process signals from wider or narrower regions of the scalp
and to understand the effect of signal lateralization (by hemisphere) on SZ classification. Using only five
midline electrodes (Fz, FCz, Cz, CPz, and Pz), the proposed model achieved an average accuracy of 78%
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in the discrimination between SZ and HC subjects. By ensembling predictions of 5 fits of this model,
trained with different weights initialization, SZ classification achieved an accuracy of 80%. The Grad-CAM
algorithm was applied to interpret the decoding of the EEG signal by the proposed deep neural network,
which produced saliency maps of the critical regions in the input images for the classification. The most
relevant features to identify HC subjects corresponded to the time windows of the ascendant phase of the
N100 deflection and the descendent phase of the P200 component. This result aligns with significant
spatiotemporal clusters found in the trial-by-trial analysis. In turn, the most crucial time window to distin-
guish SZ patients corresponded to the initial phase of N100 deflection, overriding the elicitation of the P50
component, whose latency seems to vary substantially between the two groups.

In addition to the proposed deep learning architecture, classical machine learning methods were also
tested to infer the advantage of using one approach or another. An RF model performed the SZ classification
on 10, 18, and 33 features extracted from the time domain of the EEG signal. The features were selected
based on the work described in Chapter 4 and the results of the Grad-Cam interpretation of the SZNet
decoding. The features that had the most significant impact on the result of the RF classification were the
magnitude of N100 in frontocentral electrodes, the slope value of the N100 to P200 transition, and the
slope of the descendent phase of P200. However, the results obtained in all classification attempts with
this classical machine learning method did not exceed the performance of SzNet, reaching a maximum
value of 73% in accuracy. These results demonstrate the potential of the proposed deep learning model
for SZ classification.

In conclusion, the deep network allowed the automatic learning of patterns from the time course
and spatial distribution of EEG single-trials, capable of detecting alterations in brain indices of auditory
processing in SZ, despite the significant heterogeneity of the disorder. SzNet provides a base model for
future developments in SZ research, specifically (differential) diagnosis and prediction.

6.2 Limitations and Future Directions

Future research should control for the type and dose of antipsychotic medication to avoid confound-
ing variables, isolate the disorder’s effects, and ensure the results’ validity since medication can affect
EEG measures [392, 490]. Moreover, by controlling for medication use and dose, EEG studies can re-
duce medication-related variability in the data, improving the findings’ accuracy and reliability and more
accurately characterizing the neural abnormalities associated with SZ.

The major challenge of the work developed in this thesis was to achieve a data pool large enough to
implement deep learning methods. Larger amounts of data provide the algorithm with a more diverse and
representative set of examples to learn from and help prevent overfitting. The limited EEG data availability,
especially well-characterized public EEG datasets with SZ patients and auditory processing tasks, posed
a problem. Although the public dataset used in this study has mitigated the problem, the final dataset
was very heterogeneous. The merged dataset was composed of data collected from healthy patients
and patients in various disease stages (early and chronic stages). Future studies should assess whether
SZNet performance is affected by illness stage and symptom severity. For that, a multi-class classification
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approach should be considered, as well as the inclusion of a considerable amount of data from each
SZ subgroup. Following the adaptation of the model to multiple classes, a critical approach might be to
include data from subjects at risk of developing SZ or in prodromal stages. This development line may allow
disease onset prediction and a better understanding of the course of the underlying auditory processing
alterations.

The evolution of deep learning has been characterized by rapid advances in performance, scalability,
and capabilities, leading to the development of increasingly sophisticated Al systems. New architectures
can be explored in future work, taking advantage of cutting-edge methods to make SZ classification in-
creasingly robust and effective based on responses to very simple sounds.

The interdisciplinary collaboration between Psychology, Psychiatry, and Biomedical Engineering holds
great promise for the future of mental health. By harnessing the power of technology, the insights of
psychological research, and the medical expertise of psychiatry, this integrated approach can potentially
revolutionize the diagnosis, treatment, and prevention of psychiatric disorders, such as SZ, improving the
lives of those affected by these complex disorders.
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Appendix A

EEG Databases Merging

We conducted an exploratory mass-univariate analysis at all sensors and time points to assess whether
differences in EEG signals amplitude and topographical distribution of both datasets are significantly af-
fected by variations in the stimuli frequency and intensity. To examine group spatiotemporal cluster differ-
ences between datasets A and B, a non-parametric clustering-based permutation method was performed
with MNE-Python software [491]. The between-subjects study conducted required a prior averaging step,
which consisted of averaging over all trials within every subject to produce evoked responses [441]. For
the cluster-based tests we performed 1000 permutations, with a significance level of 0.01 and using the
threshold-free cluster enhancement (TFCE) method (e=0.2;h=0; [433]). The entire temporal segments
(-500 to 1500 ms related to stimulus onset) over the 64 electrodes were analyzed, comparing the data
of HC and SZ subjects in the dataset A with those in the dataset B. Nevertheless, results are focused on
the 35 channels used to implement the deep learning models discussed in the paper. The result of the
spatiotemporal cluster-based permutation test on HC data is presented in Fig. 45. The permutation test
revealed differences between HC-A and HC-B, although only in the F6 electrode at 141 and 143 ms, and
in the CP6 at 150 ms after the stimulus these differences were significant (p<.01). The test conducted on
SZ data is presented in Fig. 46. The cluster-based permutation proved that the differences between SZ-A
and SZ-B were smaller than those detected in the HC data, and no difference was statistically significant
(p<.01).
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Figure 46: Results of spatiotemporal cluster-based permutation test on SZ subjects data between datasets
Aand B. A) Difference wave contrasting dataset A and dataset B, with representative times points and re-
spective topographical distribution of the signal amplitude. B) Channel-wise difference wave (A-B) masked
for significance (p < .01)

Cluster-based permutation tests were also performed only in the temporal dimension. They were
conducted for each one of the 5 midline electrodes (Fz, FCz, Cz, CPz, and Pz) proposed in the SzNet
model. The outputs of tests on HC and SZ data are presented in Fig. 47 and in Fig. 48, respectively,
showing the differences between datasets A and B. As can be seen, more clusters were identified in the
HC than in the SZ data, although the differences between datasets in these clusters were not statistically
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significant. Although some clusters were generated in the time interval of interest (-100 to 400 ms relative to
stimulus onset), especially in the HC data, we assume that the minor differences found do not compromise
the merging of the two databases. The negligible differences between SZ subjects of both datasets may
suggest that the features of the sounds emitted in the two tasks had no significant effect on the amplitude
of these subjects’ brain responses. Assuming this, the differences found in the HC data can be explained
by high heterogeneity in this group of subjects.
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Figure 47: Cluster-based permutation test on temporal dimension of 5 midline electrodes to compare
HC subjects data between datasets A and B. For each electrode analyzed, the evoked response averaged
across all subjects of each dataset, the difference wave between both A and B signals, and the F-values
map with generated clusters (green shaded) are presented from top to bottom, respectively.
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Figure 48: Cluster-based permutation test on temporal dimension of 5 midline electrodes to compare
SZ subjects data between datasets A and B. For each electrode analyzed, the evoked response averaged
across all subjects of each dataset, the difference wave between both A and B signals, and the F-values
map with generated clusters (green shaded) are presented from top to bottom, respectively.
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Appendix B

Deep Learning Model Interpretability

(In the next page is presented the figure with GRAD-CAM heatmaps.)
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Figure 49: GRAD-CAM heatmaps cross section and averaged EEG signals for Fz, FCz, CPz, and Pz electrodes drawn for HC and SZ groups.
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