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Abstract 
Imagined speech plays a central role in human consciousness, and its understanding is of great importance for 
the construction of a speech-like Brain-Computer Interface (BCI). Such BCIs would considerably benefit patients 
suffering from severe conditions where they are unable to verbally communicate, despite being fully conscious. 
The goal of this study was to build a non-invasive closed-loop BCI for a vowel task. To this end, an offline vowel 
/ syllable / word task was designed to better understand neural processes underlying imagined speech and 
evaluate binary classification ability. We recorded six subjects’ brain activities using electroencephalography 
(EEG) during the offline task (listening to auditory stimuli and subsequently imagining saying them) and 
performed a comparative analysis between different classification approaches. The best method consisted of a 
semi-automatic feature selection from a list of 41 EEG sub-band spectral features, followed by principal 
component analysis and nearest centroid classification. Using this method, vowel vs rest average classification 
accuracies were 68.9 ± 12.4% 𝑠. 𝑑. (best subject 85.5%) and 71.1 ± 12.7% (90.6%) for imagined speech and 
auditory stimulation conditions, respectively (𝑝 < 0.05). For the best pairs, vowel vs vowel corresponding 
average classification accuracies were 58.7 ± 6.0% (63.5%) and 60.4 ± 3.9% (65.9%). The online task, where 
users generated vowel speech imagery signals to control a ball on a screen, resulted in 67.7 ± 10.9% (83.9%) 
classification accuracy for the best pair. We conclude non-invasive speech imagery BCIs are within reach, but 
their applicability still requires efforts in signal acquisition, processing and classification improvement, and in 
investigating the neural principles behind imagined speech. 

Keywords 
Brain-Computer Interface, Closed-loop, Electroencephalography, Non-invasive, Speech Imagery 

 

Resumo 
A fala imaginada desempenha um papel central na consciência humana, e a sua compreensão é extremamente 
importante para a construção duma Interface Homem-Máquina (IHM) semelhante à fala. Tais IHM ajudariam 
consideravelmente doentes incapazes de comunicação verbal, apesar de plenamente conscientes. Este estudo 
pretende construir uma IHM não-invasiva em circuito fechado utilizando uma tarefa baseada em vogais. Para tal, 
foi criada uma tarefa offline com vogais, sílabas e palavras para compreender melhor processos neuronais 
subjacentes à fala imaginada e avaliar exequibilidade de classificações binárias. Registámos o 
electroencefalograma (EEG) de seis indivíduos durante a tarefa offline (ouvir estímulos auditivos e 
subsequentemente imaginar dizê-los) e procedemos a uma análise comparativa entre diferentes abordagens 
para classificação. O melhor método consistiu na selecção semiautomática de features duma lista de 41 features 
espectrais de sub-bandas do EEG, seguida de análise de componentes principais e classificação segundo o 
centróide mais próximo. Através deste método, as exactidões médias de classificação de vogais versus repouso 
foram 68.9 ± 12.4% 𝑑. 𝑝. (melhor indivíduo 85.5%) e 71.1 ± 12.7% (90.6%) para as condições de fala 
imaginada e estimulação auditiva, respectivamente (𝑝 < 0.05). Relativamente aos melhores pares de vogais, as 
correspondentes exactidões foram 58.7 ± 6.0% (63.5%) e 60.4 ± 3.9% (65.9%). A tarefa online, onde 
utilizadores controlavam uma bola num ecrã através de vogais imaginadas, resultou numa exactidão de 67.7 ±
10.9% (83.9%) para o melhor par. Concluímos que IHM não-invasivas baseadas na fala imaginada estão ao nosso 
alcance mas que a sua aplicabilidade ainda requer esforços para melhorar aquisição e processamento de sinais 
e classificação, bem como investigar princípios neurais da fala imaginada.1 

Palavras-chave 
Circuito fechado, Electroencefalografia, Fala Imaginada, Interface Homem-Máquina, Não-invasiva 

                                                                 
1 Este texto não foi escrito ao abrigo do novo Acordo Ortográfico 
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1 Introduction 

1.1 Context 

 

Brain-Computer Interfaces (BCI) are communication and/or control systems that allow real time interaction 

between the human brain and external devices, without the need of peripheral nerve or muscle activation. 

Through machine learning algorithms and pattern recognition, BCIs are able to translate brain activity, predict a 

user’s intents and convert them into commands which control external devices. BCIs are one of the top current 

emerging technologies, having already achieved clinical success in rehabilitating patients with severe conditions 

such as tetraplegia or locked-in syndrome [1]–[4]. Using a BCI, such patients are able to move a cursor on a screen 

[5], control a wheelchair [6] and operate a prosthetic limb [7] or an entire exoskeleton [8], among others. Interest 

for a speech-like BCI, which would be able to assist conscious patients with covert speech impairment in direct 

and natural communication have grown over the past few years [9]–[12]. 

Inner speech is a common everyday experience. It plays a central role in human consciousness at the interplay 

of language and thought [13], and its understanding is of great importance for the construction of a speech-like 

BCI. Until now, speech BCIs mainly relied on invasive techniques, due to their high signal-to-noise ratio (SNR). 

Electrocorticogram (ECoG) and intracortical readings, have allowed decoding vowels [11], syllables [14] and even 

some words [15], the latter having been achieved with local field potentials (LFP). For future clinical and 

commercial applications, it will be essential to have a non-invasive speech-decoding BCI. A pertinent approach is 

the use of electroencephalography (EEG). 

Most EEG-based BCIs have been focused on the motor cortex, because it provides a greater SNR. On the other 

hand, very few studies have explored speech BCIs [16], since speech is regulated by a complex network highly 

dependent on its content. Therefore, more efforts should be invested in speech decoding. Thanks to the well-

studied phenomenon of neuroplasticity [17], EEG allows reinforcement learning of the subjects with a BCI, while 

maintaining its minimally invasive characteristics. Thus, if we were able to train a speech-like BCI solely on EEG 

recordings, its application would be more practical, without the requirement of a surgical intervention. 

 

1.2 Objectives 

 

This thesis aims at: 

x Building an offline vowel/syllable/word speech imagery task using EEG, in order to attain better 

understanding of the neural processes of speech imagery, extract the best performing features and 

evaluate the ability to classify pairs of stimuli; 

x Building an online non-invasive closed-loop BCI for a vowel task to assess the applicability of a basic non-

invasive speech imagery BCI. 
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1.3 Methodology 

 

Developing a speech-BCI involved several steps: 

a) Literature review on the actual BCI systems that decode or classify speech features (words, phonemes, 

vowels) using EEG; 

b) Definition of an experimental protocol based on the current state-of-the-art. This consisted in defining 

a pilot task, testing, and adapting it; 

c) Acquisition and pre-processing of brain signals through EEG, design of feature extraction and translation 

algorithms and classification algorithm; 

d) Implementation of the algorithms in MATLAB or Python; 

e) Application of the closed-loop BCI system in an online setting; 

f) Analysis of results and discussion of insights and future prospects. 

This thesis followed an iterative process, in the sense that the results of one step might have resulted in 

alterations to the previous ones. In a first part, a general literature review was elaborated, where general 

concepts about speech processing in the brain and BCI systems were introduced, and some of the current BCI 

systems for alternative communication described. Then, the experimental protocol of the first offline 

experiment, followed by its results and respective analysis is described.  In an online setting, a second experiment 

was developed and its results presented and analysed. Finally, a general discussion was done on the obtained 

results, their relationship with the neural processes of imagined speech, on the feasibility of speech-decoding 

EEG-based BCI with the current technology and on what should be pursued in the future in order to achieve a 

speech-like BCI. 

 

2 State-of-the-art 

2.1 Speech processing in the brain 

 

2.1.1 Major brain areas involved in speech function 

The functional part of the cerebral cortex is a thin layer of neurons covering the surface of all convolutions of 

the cerebrum. The total cerebral cortex contains about 100 billion neurons. Different cerebral cortical areas have 

separate functions, which have been studied and determined over the years, for example, through assessment 

of the effects if damage or specific stimulations in various portions of the cortex. Over the past decades, great 

progress has been achieved in deciphering the unknown functions of different cortical regions. While primary 

motor and sensory areas have direct connections with specific muscles or sensations (visual, auditory or somatic), 
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respectively, secondary areas interpret the signals 

from primary areas. Of great relevance for speech, 

other areas, known as association areas, receive and 

analyse signals from regions of both motor and 

sensory cortices, as well as from subcortical 

structures, simultaneously. Two important 

association areas are involved in speech: the parieto-

occipito-temporal association area and the prefrontal 

association area [18]. 

 

The parieto-occipito-temporal association area is 

located in the parietal and occipital area surrounded by the somatosensory cortex anteriorly, the visual cortex 

posteriorly and the auditory cortex laterally. It plays a highly important role in interpreting and associating signals 

from the surrounding areas. This area can be divided in functional subareas, some of which have great 

importance for speech, namely: 

x Wernicke’s area, whose name is in honour of the neurologist who first described its special significance 

in intellectual process, also known as the general interpretative area, is the major area for language 

comprehension. It is posterior to the primary auditory cortex and located in the posterior part of the 

superior gyrus of the temporal lobe. It is considered the most important region of the entire brain for 

higher intellectual function due to most of these functions being language based. 

x Angular gyrus area, an area for initial processing of visual language, which is posterior to Wernicke’s 

area, is a visual association area located mainly in the anterolateral region of the occipital lobe, fusing 

posteriorly into the visual areas of the occipital lobe. It conveys visual information from read words into 

Wernicke’s area. Lesions to this area may lead to normal language comprehension through hearing but 

not through reading. 

x Area for naming objects, located in the most 

lateral portions of the anterior occipital and 

posterior temporal lobes. The names and 

physical nature of objects are learnt through 

auditory and visual input; the learnt names 

are essential for language comprehension, a 

function of Wernicke’s area. 

The prefrontal association area works in close 

association with the motor cortex to plan complex 

motor sequences and patterns. A large subcortical 

bundle of nerve fibres connects the parieto-occipito-

 

Figure 2.1 Brain areas involved in speech function. 
Locations of major association areas of the cerebral cortex, 
as well as primary and secondary motor and sensory areas 
[18] 

 

 

Figure 2.2 Map of specific functional areas in the cerebral 
cortex. Namely Wernicke's and Broca's areas for language 
comprehension and speech production, which in 95 
percent of all people are located in the left hemisphere 
[18]. 
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temporal association area with the prefrontal association area, allowing strong input from the former to aid in 

the function of complex motor planning. Such is the case for example, for word and sentence formation, which 

involves activation of a large number of muscles. The prefrontal association area includes, namely, Broca’s area, 

the area providing the neural circuitry for word formation. Located partly in the posterior lateral prefrontal cortex 

and partly in the premotor area, Broca’s area is responsible for the plans and motor patterns required for the 

initiation and execution of words and short sentences. Naturally, Broca’s area works in close association with 

Wernicke’s area. 

 

2.1.2 Main functions of Wernicke’s and Broca’s areas 

Wernicke’s area is located at the area of confluence of somatic, visual and auditory association areas, thus 

being highly developed in the dominant side of the brain (the left side in 95 % of people) and plays the highest 

single role for the higher comprehension levels of brain function which we call intelligence. When a person 

suffers a lesion in this area, he or she might hear perfectly well, read words from a text, and even recognise 

different words but is unable to arrange these words into a coherent thought. 

The angular gyrus, located immediately posteriorly to Wernicke’s area, is involved in the interpretation of 

visual information. While in lesions in this area, leaving Wernicke’s area intact, people can still interpret auditory 

experiences, but the stream of visual experiences is mainly blocked – a condition known as world blindness or 

dyslexia – lesions in an adult’s Wernicke’s area usually lead to a lifetime of dementia. 

Broca’s area is also located in the dominant left hemisphere in most individuals and receives direct input from 

Wernicke’s area, converting it to complex articulatory patterns by projecting to other brain areas, namely the 

face motor cortex (FMC) [18]. Although it has been accepted that this area’s main contribution to speech is 

language production (rather than language comprehension), some recent studies have found this area to have 

other interesting function in speech [19]. 

Concretely, Broca’s area is composed by the pars triangularis and pars opercularis of the inferior frontal gyrus 

of the dominant hemisphere. The former mainly receives input from the prefrontal cortex, the superior temporal 

gyrus (namely Wernicke’s area) and the superior temporal sulcus; whereas the latter receives more inputs from 

motor, somatosensory and inferior temporal cortices [19]. Thus, this is interpreted as a division of Broca’s area 

into two parts: pars opercularis, responsible for phonological processing; and pars triangularis, responsible for 

semantic retrieval and selection. Interestingly, Broca’s area seems to induce speech-associated gestures, which 

aid the speaker in lexical retrieval and the listener in obtaining information about semantic content, thus 

reducing the need for lexical selection [19]. 

A major share of our sensory experience is converted into its language equivalent before being stored in the 

memory areas of the brain and before being processed for other intellectual purposes. In the dominant 

hemisphere, the sensory area for language interpretation is Wernicke’s area, allowing a person to read, perform 

mathematical operations, and think through logical problems. In the non-dominant hemisphere, the 
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corresponding area is thought to be especially important for understanding and interpreting music, nonverbal 

visual experiences, spatial relation between the person and his or her surroundings, the significance of body 

language and voice intonations. Thus, the dominant hemisphere is indeed dominant for language-based 

intellectual function, while the non-dominant hemisphere might actually be dominant for other types of 

intelligence (see below). 

 

2.1.3 Function of the brain in communication 

There are two parts in communication: the sensory part, i.e. language input, and the motor part, i.e. language 

output. While the former requires sensory organs, such as ears and eyes, the latter mainly involves vocalization 

and its control (which also requires sensory, e.g. auditory, feedback). 

It is also possible to identify two main pathways for communications. One consists of hearing and speaking, 

while the other involves reading and speaking. In the first case the sequence is as follows (cf. Figure 2.3): 

x Reception in the primary auditory area of the sound signals that encode words 

x Interpretation of the words in Wernicke’s area 

x Determination of the thoughts and words to be spoken in Wernicke’s area 

x Transmission of the signals from Wernicke’s area to Broca’s area through the arcuate fasciculus 

x Activation of the skilled motor programs in Broca’s area for control of word formation 

x Transmission of appropriate signals into the motor cortex to control the speech muscles 

 

Figure 2.4 Neural pathway for perceiving a word and 
speaking the same word. After hearing a word, sound 
signals are sent from the ear to the primary auditory area. 
Upon reception of word-encoding signals, interpretation 
takes place in Wernicke’s area. Thoughts and words to be 
spoken are determined in Wernicke’s area, that then sends 
signals through the arcuate fasciculus to Broca’s area, 
inducing in the latter activation of motor programs for the 
control of word formation. Finally, transmission of these 
signals to the motor cortex allow articulatory muscle 
activation [18]. 

 

 

Figure 2.3 Lateralisation of language processing. The dual 
pathway model predicts a left-lateralised processing of 
segmental information and right-lateralised analysis of 
suprasegmental information. Since segmental and 
suprasegmental features develop along different temporal 
frames, lateralisation of auditory analysis with regard to 
spectral/temporal or fast/slow modulation may constitute 
some of the lateralisation. Lateralisation is relative and all 
theories include a close interaction between hemispheres 
[22]. 
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For a denser review on heard speech, spoken language and reading processing in the brain, refer to [20]. 

Above, we have given a general view on speech processing in the brain, namely on the lateralisation in the 

left-hemisphere. However, several studies have shown both hemispheres play a role in speech processing [10], 

[21], [22]. Indeed, a commonly accepted model for language processing is the dual pathway model [23], which 

assumes parallel pathways for left-lateralised-segmental and right-lateralised-suprasegmental processing, and 

predicts relevant interactions. In this model, segmental and suprasegmental information develop along different 

temporal frames, such that different analyses may constitute some lateralisation to one of the hemispheres. The 

left hemisphere is more strongly engaged in syntactic and semantic analysis, which explains its critical role in 

language functions (cf. Figure 2.4). 

 

2.2 Brain-Computer Interfaces 

 

A brain-computer interface (BCI) is a communication and/or control system that allows a real-time interaction 

between the human brain and external devices. The user’s intentions, reflected by signals of the central nervous 

system (CNS), are translated by the BCI system, which returns a desired output: communication via computer or 

control of an external device. The system measures CNS activity and converts it to an artificial output which 

replaces, re-establishes, enhances, complements or improves the natural output of the CNS, and thus alters the 

interactions between the CNS and external and internal environments [24]. 

 

2.2.1 Technology and elements of a BCI system 

The BCI system uses one of the techniques mentioned in Neurophysiological signals of BCI systems to record 

neurophysiological data, which is then used to control an external device through different signal processing and 

machine learning algorithms. The BCI system is composed of five sequential components [25] (cf. Figure 2.5): 

x Signal acquisition 

o Acquisition interface (e.g. electrodes for electrophysiological signals) 

o Amplification 

o Digitisation 

x Feature extraction 

o Filtering 

o Extraction of the features to be used 

o Artefact removal 

x Feature translation 

o Dynamic feature translation algorithm 
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x Classification 

o Production of an output allowing operation of an external device 

x Feedback 

o Audio-visual feedback produced by the interface or the external device 

The classification and/or feedback components form an interface with the output device. These five elements 

are managed by the operation protocol, which determines the interactive operation of the BCI system. Ideally, 

the operation protocol should be flexible and complete. One should note that, in a BCI system, there is 

simultaneous learning of the two participants: human, i.e. the user’s brain and machine, i.e. the computer built 

classifier. For this double learning, it is necessary to have closed cycles, through feedback from the system to the 

user (command execution, alarms, etc.) and from the user to the system (specific brain signals). 

 

 

Figure 2.5 Components of a BCI system. The brain signals which contain information on the user's intent are acquired by 
electrodes placed on the scalp (EEG), on the cortical surface (ECoG) or in the nervous tissue (intracortical readings). These 
brain waves are then digitised and specific features of the signal are extracted. The extracted features are translated into 
device commands which activate and control the technology used for the illustrated activities, for example [25]. 
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2.2.2 Neurophysiological signals of BCI systems 

A BCI can be defined as a system which measures and analyses brain signals, converting them, in real time, 

into outputs which do not depend on normal pathways of peripheral nerves and muscles. In certain cases, where 

some dependence on neuromuscular control exists, or signals other than brain signals are recorded and analysed, 

the term hBCI or hybrid brain-computer interface is used [26]. 

A great variety of neurophysiological signals can be utilised in vivo to describe brain activity and thus recorded 

and used to create a BCI [25], [27]. Depending on the biophysical nature of the signal source, it is common to 

divide the utilised signals into three categories: 

x Electrophysiological signals 

o Electroencephalogram (EEG) 

o Electrocorticogram (ECoG) 

o Intracortical methods such as LFPs (Local Field Potentials) or SUA (Single Unit Activity or Spikes) 

x Magnetic signals 

o Magnetoencephalogram (MEG) 

x Metabolic signals 

o Blood Oxygen Level Dependent functional Magnetic Resonance Imaging (BOLD-fMRI) 

o functional Near-Infrared Spectroscopy (fNIRS) 

The different signals have different spatial and temporal resolutions, as well as different degrees of 

invasiveness and noise susceptibility (cf. Figure 2.6). Thus, according to the intended objective, different 

techniques are used. 

 

Figure 2.6 Spatiotemporal scales of neural signals. Spatial and temporal resolutions and invasiveness in the acquisition of 
different brain signals used in BCI [28] 



21 
 

In this work, we used EEG as a non-invasive 

alternative to ECoG and LFPs to understand and 

decode imagined speech. The major challenge of this 

technique is the low resolution and high susceptibility 

to noise, as well as the high complexity and low 

amplitude of speech-associated brain signals. The 

main advantages that motivate the use of EEG are its 

non-invasiveness, portability, and very low costs when 

compared to equipment required for other brain 

signal acquisition techniques [29]. 

Electrical recordings from the surface of the brain 

(ECoG) or from the surface of the scalp (EEG) 

demonstrate the presence of continuous electrical 

activity in the brain. Intensity, time and frequency 

patterns of this activity are determined by the 

activation or deactivation of several brain regions, 

resulting from any action or state (e.g. sleep, 

alertness, meditation) or even by neural disorders 

such as epilepsy. The usual range of amplitudes 

measurable by EEG goes from 0 to 200 μV, while the 

measurable frequencies range between less than 1 Hz 

to above 50 Hz. In normal healthy people, most waves 

measured by EEG can be classified as δ, θ, α, β and γ 

waves (cf. Figure 2.7). These are characteristic of 

different activation states and translate into different 

frequency ranges. For example, alertness usually 

translates into β waves whereas quiet wakefulness 

(e.g. when someone closes their eyes for a few 

seconds) translates into α waves. A good example of 

this, as observed in Figure 2.8, is the progressive 

change in brain waves characteristics during the 

different stages of sleep. Hence, we also define the 

following frequency bands: δ [0.1 – 3 Hz], θ [3 – 8 Hz], 

α [8 – 13 Hz], β [13 – 30 Hz] and γ [30 – 100 Hz]. Note that the latter band, which contains a lot of information 

relative to speech signals, is usually only analysed in ECoG or more invasive techniques. Indeed, although low γ 

waves are still measurable by EEG, they are highly attenuated and thus hardly discriminable from noise.  

 

Figure 2.7 Different types of brain waves in the normal 
EEG. α waves are 8 to 13 Hz rhythms with normal 
amplitude of 50 μV in the EEG; β waves are low voltage 
asynchronous waves ranging from 13 to 50 Hz; θ waves 
oscillate at frequencies of 3 to 8 Hz; waves below 3 Hz are 
called δ waves and usually have 2 to 4 times larger 
amplitude than other waves [18]. 

 

Figure 2.8 An example of how different brain activation 
states translates into different frequency ranges. 
Progressive change in the characteristics of the brain 
waves during different stages of wakefulness and sleep in 
the normal EEG [18] 
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Some of the frequency bands and activation states observable in EEG actually constitute some typical BCI 

paradigms. For example, SCP (Slow Cortical Potentials) are signals in the lower portion of the δ band which are 

associated to movements and other functions; SMR (sensorimotor rhythms) correspond to α and β oscillations 

observed over primary sensorimotor areas in EEG and are commonly used in imagined movement, or motor 

imagery (MI); ERP (event related potential) and SSEP (steady-state evoked potentials) correspond to changes in 

brain activity in response to infrequent or repetitive stimuli, respectively. Different BCI paradigms elicit different 

brain signals and thus have different applications in the clinical field. 

 

2.2.3 Different types of BCI and application in patients 

Currently, the most explored BCI systems deal with electrophysiological signals due to its good temporal 

resolution and possibility of using more or less invasive techniques at reasonable prices. In patients with spinal 

cord injury (SCI), post-stroke patients, or patients who suffer from amyotrophic lateral sclerosis (ALS), for 

instance, it is common to use EEG, since it does not involve surgical intervention and allows a sufficient spatial 

resolution to perform certain tasks. Thus, several EEG signals are used to measure brain activity in BCIs. EEG-BCIs 

can be separated into synchronous and asynchronous systems [25]. 

Asynchronous systems depend on the user’s intent of modulating his or her electrophysiological activity, such 

as EEG amplitude in a given frequency band. In these BCIs, changes in controlled signals are not predefined by 

the system, but are defined by the user’s intent at any time point. Examples of this BCI class, which generally 

require substantial training, are SCP-based BCIs, which can be used such that totally paralysed patients are able 

to communicate through a spelling device via auto-regulation of these potentials, and SMR-based BCIs, which 

have applications in control of external devices, such as wheelchairs or prosthetic limbs, and in 

neurorehabilitation, e.g. to preserve neuronal cortical connexions after a severe lesion. 

Synchronous systems depend on electrophysiological activity evoked by external stimuli, defined by the 

system, and do not require extensive training. Some examples are [30] ERP, which allow, through visual stimuli, 

interaction with tetraplegics, and SSEP, stable oscillations which occur when an individual is exposed to fast and 

repetitive visual (SSVEP), auditory (SSAEP) and somatosensory (SSSEP) stimuli; this sort of BCI can be used in 

locked-in syndrome (LIS) patients, or in SCI patients. 

  

2.2.4 Non-invasive Brain-Computer Interfaces for Alternative Communication 

For individuals with severe speech and physical impairments, BCIs are now a possible access method for 

communication through the interpretation of brain activity in order to bypass the physical movement required 

for speech. Most solutions this assistive technology offers so far are based on visuospatial presentation 

techniques, eliciting potentials which are easily measurable by the BCI. Thus, in most cases, a speller is generated 

using non-speech related signals but rather signals with much higher SNR, such as motor imagery or attention-

based character selection. 
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Indeed, matrix spellers using ERP or SSVEP, rapid serial visual representations using ERP or balanced-tree 

visual presentation techniques such as the Hex-o-Spell, which uses motor imagery to select characters, are 

solutions presented in the literature for this sort of interfaces. Moreover, language models can be used to 

improve overall accuracy and speed by incorporating information such as character prediction statistics and 

spelling error classification. For a detailed review, refer to [31]. 

However, the possibility of directly inferring a person’s communication intents with a BCI has not been 

strongly explored. While ECoG has recently been proven to be a powerful tool for measuring neural correlates 

of brain function in imagined speech, it remains an invasive technique, requiring surgical intervention to open 

the skull and place the electrodes. It would thus be desirable to reproduce certain results found in ECoG with 

less invasive techniques, such as fNIRS or EEG. A BCI using imagined speech would provide a practical and intuitive 

device to restore or augment communication. With this in mind, some ECoG studies, and a few EEG studies have 

managed to use brain signals to characterise different aspects of speech, such as visual or auditory word 

comprehension [9], [32], semantic information interpretation [10], [21], articulation and vocalisation [33], vowel 

and consonant distinction [34] and auditory feedback [35]. Moreover, it has been shown possible to predict 

spoken or imagined words, or at least their components [14], [33], using electrophysiological brain signals [34]. 

Furthermore, this decoding is possible on a single-trial basis [33], suggesting that it may be feasible, in the near 

future, to decode complete words in real time, without the requirement of hundreds of task repetitions. 

Building a practical brain-based communication system using imagined speech would have numerous 

applications, be they in the clinical context (e.g. speech prostheses for severely paralysed patients or locked-in 

syndrome), or for extra-clinical purposes (e.g. silent communication methods in security and military 

applications). To achieve such a system, however, further studies are required for better understanding of 

imagined speech and assessment of how consistent brain activity patterns are in word discrimination, across 

subjects. Finally, the findings obtained in ECoG should be validated in non-invasive and inexpensive methods 

such as EEG, in order to achieve a large-scale silent communication system. 

 

3 Experimental protocol 

3.1 General organisation 

 

In the hopes of contributing to the development of a non-invasive speech-like BCI, we developed a first 

experimental protocol in an offline setting. This was an explorative work, since we did not know whether it would 

work, and what would be the best approach. We investigated the different features of speech, such as vowels – 

one of the two main units of spoken speech formation, together with consonants [34], [36] –, syllables – the 

main unit for prosodic representation of speech [36], [37] –, and words – which convey semantic information, 

and are the main unit of sentences, the latter conveying complex information [10], [21]. 
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Each offline session was composed of several trials, where the subject had to imagine saying the vowel, 

syllable or word previously cued by an auditory stimulus. The general organisation of each 7 s trial for 

vowels/phonemes/words 468 to 504-trial sessions was as follows (cf. Figure 3.1): 

x Pre-stimulus interval (2 s), which was used as a baseline control 
x Auditory stimulus (0.4 to 0.8 s), indicating the vowel/phoneme/word the subject had to imagine or 

control condition (no stimulus) 
x Blank interval (2.2 to 2.6 s) 
x Visual cue, indicating to the subject the imagined speech interval (2s) 

Each session was organised in four blocks. The number of trials per condition depended on the subjects and 
was adapted along the way for reasons clarified in the General Discussion: 

x 6-9 control trials 
x 24-36 vowel trials 
x 0 or 48 syllable trials 
x 48-72 word trials 
x  

 

Figure 3.1 General organisation of a trial for the first offline experiment. Each trial was composed of a 2 s long pre-stimulus 
interval, followed by auditory stimulation for 0.4 to 0.8 s. After the auditory stimulus, a blank interval (2.2 to 2.6 s) allowed to 
posteriorly evaluate brain activation in response to auditory stimulation and to assure brain activity returned to baseline 
before speech imagination. A visual cue displayed on the screen for 2 s indicated the speech imagery interval. 

 

3.2 Instructions 

 

When the visual cue was displayed on the screen, subjects were instructed to imagine saying the vowel, 

syllable or word they had previously heard: this consisted in the simultaneous imagination of articulating, 

subvocalising, hearing what they are saying. In addition, for words, subjects were asked to have a visual 

representation of the word's meaning in their mind. 

The goal of these complex instructions was for the subject to imagine all phenomena that occur in overt 

(spoken) speech: when one speaks, one must make use of one’s articulatory muscle and vocal cords to produce 

a sound; and hear the sound one is producing and adapting its muscle activity so that the produced sound 

matches the desired one (this process is commonly called auditory feedback). Finally when one says a word with 

a specific meaning, one is also thinking about that specific word’s meaning, since communication is the main goal 

of speech, by conveying the semantic information contained in words. 
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3.3 Stimulus choice 

 

The set of stimuli was carefully chosen in order to maximise chances of discriminating individual trials in EEG 

during imagined speech. To this end, different criteria were used for stimulus selection within the three stimulus 

categories, based on literature review. 

Note that the chosen criteria, which will be described over the next subsections, are arbitrary and therefore 

do not necessarily underlie the true nature of imagined speech features. However, based on the current limited 

knowledge on imagined speech, they constitute the best assumption we can make. 

 

3.3.1 Vowels 

Vowels can be categorised based on their articulatory characteristics or on their sound spectrum. We chose 

vowels present in the English language that are further apart from each other in terms of articulatory 

mechanisms and have distinct formant frequencies (peaks found in the spectrum envelope of sound) [32], [35], 

[38]. 

The articulatory characteristic taken into account were as follows: 

x Height 

Vowel height depends on the vertical position of the tongue relative to the palate. Low vowels, such as 

/ ɑ /, correspond to a lower position, while high vowels, such as / i /, correspond to higher position of the 

tongue. Note that the first formant frequency (F1), an acoustic characteristic which will be discussed below, 

is inversely correlated to vowel height. 

x Backness 

Vowel backness depends on the position of the tongue relative to the soft palate and oropharynx. Front 

vowels, such as / i /, correspond to a more anterior position, while back vowels, such as / u /, correspond 

to a more posterior position of the tongue. Analogously to vowel height and F1, vowel backness is inversely 

correlated to the second formant frequency (F2). 

x Tenseness 

Vowel tenseness is only applicable in some languages, such as English or German (e.g. Spanish only has 

tense vowels). In English, tenseness is related to closeness of the tongue to the palate and advance of the 

tongue root. However, this varies in different languages and there is no certainty on what articulatory 

mechanisms give rise to this phonetic difference between vowels. In English, some example of tense vowels 

are / oʊ / and / i /, and their lax counterparts are / ɑ / and / ɪ /, respectively. 
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Note that it is also possible to take into account other articulatory characteristics, namely vowel roundedness, 

nasalisation, phonation, tongue root retraction and secondary narrowings in the vocal tract. We decided to 

choose the characteristics that are more widely used to distinguish between vowels [32], [35], [38]. 

Table 3.1 summarises the chosen vowels, together with their articulatory characteristics and formant 

frequencies [35], [39]. Henceforth, whenever the notation / … / is used, it refers to the International Phonetic 

Alphabet (IPA) equivalent of American English vowels, syllables or words. 

 

Table 3.1 Articulatory characteristics and formant frequencies* of the chosen vowel sounds 

Vowel Articulatory characteristics Formant frequencies* 

(Hz) 

Formant frequencies** 

(Hz) 

Height Backness Tenseness F1 F2 F1 F2 

/ ɑː / Low Back Lax 740 1180 785 1430 

/ iː / High Front Tense 280 2620 260 2152 

/ uː / High Back Tense 320 920 318 1023 

/ eː / Mid Front Lax 600 2060 536 1892 

*Formant frequencies depend on the speaker. The presented values represent an average for a group of male speakers [39] 

** Formant frequencies depend on the speaker. The presented values represent those obtained for the recorded stimuli.  

 

3.3.2 Syllables 

To form the syllables, we added a consonant to the previously chosen vowels. Similarly to vowels, consonants 

can be classified according to: 

x Place of articulation 

The place of articulation refers to the place where obstruction of the vocal tract takes place. For 

example, / m / is a bilabial consonant since its production involves obstruction of the vocal tract through 

articulation of both upper lip and lower lip. 

x Manner of articulation 

The manner of articulation refers to the way articulator muscles are positioned, i.e. the degree of 

constriction the articulation represents. For example, / v / is a fricative consonant due to close 

approximation of the articulators, leading to a turbulent air escape: frication. 

x Voice 

Voice refers to the activity of vocal cords. Voiceless consonants are produced when vocal cords are apart 

from each other, while voiced consonants are produced when they are closely together and vibrating. 
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We chose consonants that maximised discriminability based on voice, place and manner of articulation, as 

well as on confusion matrices obtained in the literature for auditory condition (listening to spoken syllables and 

identifying them) [35], and overt speech production with ECoG (producing syllables and decoding cortical 

activity) [14]. The mentioned confusion matrices are available in Annex I. Moreover, we should consider that 

consonants and vowels are categorically distinct objects at some level of representations in the brain even 

though not categorically distinguishable at a phonetic level, as suggested in the literature [40]. Additionally, 

during auditory and written speech perception, lexico-semantic processing is more dependent on consonants 

than vowels, whereas prosodic processing is more dependent on vowels than consonants [36]. These interesting 

observations might prove to be useful in understanding some of the posteriorly obtained results. Table 3.2 

summarises the chosen syllables, together with the articulatory characteristics of the corresponding consonant. 

 

Table 3.2 Articulatory characteristics of the consonants present in the chosen syllables 

Syllables Articulatory characteristics of the consonant 

Manner Place Voice 

/ kɑː / / kiː / / kuː / / keː / Plosive Velar Voiceless 

/ vɑː / / viː / / vuː / / veː / Fricative Labiodental Voiced 

/ tʃɑː / / tʃiː / / tʃuː / / tʃeː / Affricate Palatal Voiceless 

/ mɑː / / miː / / muː / / meː / Nasal Bilabial Voiced 

 

3.3.3 Words 

The selection of words was a bit more elaborate than the other two types of stimuli. Some examples were 

based on scientific papers, where the chosen words proved to be discriminable in overt and covert word 

repetition using ECoG [9], [34], spoken monosyllable recognition [35] and spoken word semantic information 

recognition using EEG [41]. We also used articulatory mechanisms and formant frequencies to compare words, 

similarly to the vowels and consonants criteria. Then, we included semantic categories, since semantic 

information associated with different categories seems to be associated with different brain activation patterns 

[10]. Additionally, we included monosyllabic, disyllabic and trisyllabic words to account for any eventual changes 

in imagined speech duration. We used the Levenshtein distance (phonological distance measure [42] cf. Text box 

3.1) to compare words. Finally, after recording the audio waveforms, the Euclidian distance of their respective 

spectrograms (auditory distance measure) was computed. 
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The auditory distance between two audio waves was simply calculated by computing the spectrogram of each 

audio waveform, linearizing it into a vector, and calculating the Euclidian distance of the two obtained vectors. 

The initial set of words was the one summarised in Table 3.3.  

 

Table 3.3 Initial set of words, including semantic categories and number of syllables 

Semantic Category Monosyllabic Disyllabic Trisyllabic 

Animal 
Cow Cricket Chimpanzee 

Bear Zebra Kangaroo 

Food 
Egg Hotdog Banana 

Milk Almond Spaghetti 

Object 
Axe Toothbrush Screwdriver 

Seat Shovel Microscope 

Other 
Yes   

No   

 

The Levenshtein distance is a string metric to measure the difference between two sequences (here, two IPA 

phonetic symbol sequences). Concretely, the Levenshtein distance between two sequences is the minimum 

number of edits (insertions, deletions and substitutions) required to go from one sequence to the other. Although 

it is possible to count a substitution as a single edit, we have considered them to constitute two edits (one deletion 

followed by on insertion or vice-versa), since this is the standard for phonological distance measuring [42], which 

is equivalent to weigh this type of edit by a factor of 2. 

Mathematically, the Levenshtein distance between two strings 𝑥 and 𝑦 can be expressed by 𝐿𝑥,𝑦  𝑥 ,  𝑦  , 

where we have the following iterative relationship: 

 𝐿𝑥,𝑦 𝑖, 𝑗 =

 
 
 

 
 max 𝑖, 𝑗 , min 𝑖, 𝑗 = 0

min  
𝐿𝑥,𝑦 𝑖 − 1, 𝑗 + 1
𝐿𝑥,𝑦 𝑖, 𝑗 − 1 + 1

𝐿𝑥,𝑦 𝑖 − 1, 𝑗 − 1 + 2𝛿 𝑥𝑖, 𝑦𝑗 
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.  ( 3.1 ) 

where 𝛿 𝑥𝑖, 𝑦𝑗 =  
0, 𝑥𝑖 = 𝑦𝑗
1, 𝑥𝑖 ≠ 𝑦𝑗

. This relationship allows computation of the Levenshtein distance using the 

Needleman-Wunsch algorithm. 

For example, consider the words egg(/ eg /) and yes(/ jes /). The optimal alignment of these two sequences 

will be: 

− e g
   
j e s

  or equivalently:  
− 𝑒
  
𝑗 𝑒

𝑔 −
  
− 𝑠

 

1 + 0 + 2 = 3

Text box 3.1 Levenshtein distance 
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Notice that we also included the two words ‘yes’ and ‘no’, due to the high interest and potential applicability 

of having a binary classifier for these two words. Moreover, three semantic categories were introduced. Finally, 

note that, since it was expected that most subjects would be non-native English speakers, the selected words 

were relatively simple. English was chosen since no other language was so uniformly known among subjects. 

Moreover, it has been shown that brain activation is larger when speakers are non-native relative to native ones, 

because it is more mentally demanding to speak a foreign language [43]. 

Table 3.4 shows the results of the averaged Levenshtein distances. The detailed confusion matrices can be 

found in Annex I. Note that computation of the Levenshtein distance was done using IPA phonemes to represent 

the phonological distance between words. 

 

Table 3.4 Normalised Levenshtein distance over the initial set of words 

 Normalised* Levenshtein distance 

Set Monosyllabic Disyllabic Trisyllabic All words 

Minimum 0.60 0.64 0.67 0.56 

Maximum 1.00 1.00 0.90 1.11 

Mean 0.88 0.86 0.82 0.87 

Standard dev. 0.16 0.12 0.067 0.13 

* Normalisation was done considering 0-reference as being the minimum possible distance (the two words are 

the same) and 1-reference as being the maximum possible distance (the two words are completely mismatched) 

 

The pairwise auditory distances between words, and resulting confusion matrices are available in Annex I 

and details about stimulus recording are described in the next section. 

To simplify our setting and because of recording time restrictions, we reduced the original set of words by 

eliminating one of the semantic categories and half the words on the remaining ones (except for the “Other” 

category), based on all the criteria mentioned beforehand. The final set of words is grouped in Table 3.5 and the 

corresponding IPA equivalents can be found in Table 3.6. 

 

Table 3.5 Final set of words, including semantic categories and number of syllables 

Semantic Category Monosyllabic Disyllabic Trisyllabic 

Animal Cow Cricket Kangaroo 

Food Egg Hotdog Banana 

Other 
Yes   

No   
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Table 3.6 IPA equivalents of the final set of words, including semantic categories and number of syllables 

Semantic Category Monosyllabic Disyllabic Trisyllabic 

Animal  / kaʊ / / ʹkrɪk.ɪt / / ˌkæŋ.gəʹuː / 

Food / eg / / ʹhɑːt.dɑːg / / bəʹnæn.ə / 

Other 
/ jes /   
/ noʊ /   

 

3.4 Stimulus recording and processing 

 

The selected stimuli were recorded at 44.1 kHz by a native American English speaker in an anechoic chamber. 

Post-processing of the recorded stimuli was performed in PRAAT software [44] and included length 

equalisation (400 ms for vowels, syllables and monsyllables; 600 ms for disyllables; and 800 ms for trisyllables) 

using Pitch Synchronous Overlap and Add (PSOLA – 75 and 400 Hz as minimum and maximum pitch, respectively) 

and amplitude equalization (average intensity). Possible alterations to formant frequency were checked after 

length equalization and no detectable changes were found. After processing of the stimuli, the auditory distance 

between stimuli was determined, by computing the spectrograms of the stimuli and direct comparison using the 

Euclidian distance. To this end, all stimulus lengths were previously equated to 600 ms using PSOLA (75 and 400 

Hz as minimum and maximum pitch, respectively). 

 

3.5 Additional considerations 

 

Additional information was gathered regarding the subjects’ health condition, vision, hearing and 

handedness, as well as native language, nationality and fluency in English. Relevance of handedness enquiry is 

explained by the much higher predominance of left hemisphere dominance among right-handed individuals 

(note that left hemisphere dominance is also highly predominant among left-handed people, however) [18], [45]. 

English fluency was assessed through LexTALE test [46] (mean 75.2 %, standard deviation 10.5 % – cf. Annex II 

for subject details). 

Vertical and horizontal electrooculography (EOG) was performed in order to monitor for eye movement 

artefacts. Furthermore, to assure no overt speech took place during the session trials, both electromyography 

(EMG) and sound recording were used. For EMG measurement however, one should take into consideration that 

over one hundred muscles are involved in speech production. A detailed list of these muscles can be found in 

[47]. In particular, the involved muscles include: 

x Muscles of respiration 

x Muscles of lip movement 
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x Muscles of mandibular movement 

x Muscles of the tongue 

x Muscles of the soft palate 

x Muscles of the pharynx 

x Extrinsic muscles of the larynx 

x Intrinsic muscles of the larynx 

Recording the EMG of all these muscles is not only not practical, but also impossible to do in a non-invasive 

manner for many of them, such as the diaphragm. For these reasons, we decided to focus on muscles of lip and 

mouth movement. EMG recording was performed on three muscles: 

x Musculus orbicularis oris 

� This muscle is responsible for lip adduction by drawing the lower lip up and the upper 

lip down, in conjunction with other facial muscles. It is also responsible for pulling the 

lips against the teeth and rounding them through a sphincter action (for example 

during the production of vowel / u /). 

x Musculus risorius 

� This muscle is responsible for drawing the mouth angles laterally and helping to 

spread the lips in the production of vowels / e / and / i /. It also aids other muscles in 

drawing back the mouth angles during production of bilabial and labiodental fricative 

consonants such as / v /. 

x Musculus depressor anguli oris 

� This muscle is responsible for lip angle depression, for example to aid in preventing 

the mouth from closing entirely when producing vowels / e / and / i /. 

The graphical user interface was implemented using Python and Pygame modules, while the data analysis, 

developed in the next sections, was performed using MATLAB. 

 

4 Offline analysis 

4.1 Data acquisition and pre-processing 

 

4.1.1 Acquisition 

EEG data was acquired for six subjects (cf. Annex II) at 2 kHz using a 64 electrode BioSemi headcap (cf. 

electrode layout in Figure 4.1). BioSemi amplifier and AD converter were used, together with a USB2 receiver, 

which allowed to convert optical data from the AD converter to a USB2 converter and to include a trigger port. 

The trigger outputs, which could be monitored through eegview software, allowed identification of the different 

trials and intervals within a trial (cf. Figure 3.1 in the General organisation). 
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Figure 4.1 Biosemi 64 electrode (+2 reference electrodes) layout 

EOG, EMG and sound recording data were acquired simultaneously, together with EEG. EOG electrodes were 

placed on the zygomatic protusions of the right and left zygomatic bones; and a third EOG electrode was placed 

slightly above the nasion (i.e. on the glabella). EMG electrodes were placed, as mentioned before, on the 

orbicularis oris, risorius and depressor anguli oris muscles. Sound recordings to assess no overt speech occurred 

during trials were performed using a microphone placed close enough to the subject in order to detect eventual 

whispering, but far enough not to distract or disturb the subject during the task. 

 

4.1.2 Pre-processing 

Pre-processing of the collected data included: 

x Common Average Reference (CAR) re-referencing method which allows the removal of broad effects. 

This method removes the average of all electrodes from the signal, since we are normally only interested 

in local effects; 

x Band-pass filtering from 1 to 30 Hz; 

x Downsampling from 2 kHz to 256 Hz in order to reduce computational costs; 

x Epoching and detrending. The latter removes any linear trend in the signal which might be caused by 

equipment-related or setup effects. 
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4.2 Grand averages analyses 

 

After acquisition and pre-processing of the data, two conditions were analysed offline: auditory stimulation 

and speech imagery. Both are of interest as they share overlapping neural representations (see Figure 2.3 and 

Function of the brain in communication for details). Auditory stimulation comprises reception in the auditory 

cortex and interpretation in Wernicke’s area, while speech imagery includes determination of the thoughts to be 

spoken in Wernicke’s area, transmission of the signal to Broca’s area through the arcuate fasciculus, activation 

of motor programs in Broca’s area and transmission of appropriate signals into motor, premotor and 

supplementary motor areas (although muscles are not engaged in speech or motor imagery, imagined movement 

is known to activate motion-related areas as well [48]). However, only the latter was used in an online setting 

since it is the main focus of this thesis. 

Before the classification process, and since this work was highly exploratory, a grand average analysis was 

performed. In such an analysis, general trends are observed, revealing which features carry information to 

discriminate between different classes of stimuli. Given the complexity of our problem, we started with simple 

sub-problems, and progressively moved on to more complex ones. This approach was used for both grand 

average analysis and classification attempt. Concretely, we first observed characteristics of imagined speech that 

allowed distinction from rest. Then, we identified features allowing discrimination among different vowels. 

Furthermore, this analysis was expanded to consonants and syllables. Finally, we also evaluated the ability to 

classify semantic categories and individual words. 

Figure 4.2 and Figure 4.3 show power changes during imagined speech as compared to resting state 

condition. In all six subjects, we observed a power reduction in lateral electrodes, i.e. located on the fronto-

parietal, temporal and parietal regions, in particular in the β band (13 – 30 Hz). More specifically, β sub-bands 

 

Figure 4.2  Imagined speech vs rest discrimination at 17 Hz. Average PSD for the imagined speech (red) and rest (blue) 
conditions at channels FT7 (left) and FC6 (right) for subject s1. Shaded areas represent frequency bins where t-test results for 
the null hypothesis that the two samples have equal means was positive (p<0.01). Vertical lines separate δ, θ, α and β 
physiological bands. (Centre) Topographic map of the average power difference between the two conditions at a frequency 
of 17 Hz. Only significantly different electrodes are plotted (p<0.05): the power difference of the remainder was equated to 
zero. 
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were analysed; β1 [13 – 16 Hz], β2 [16 – 20 Hz] and β3 power [20 – 30 Hz]. In addition, for some subjects, imagined 

speech was translated by increased β activity in a localised frontal region of the left hemisphere, and decreased 

β activity for more temporal electrodes in both hemispheres (cf. Figure 4.4 and Figure 4.5). This change in activity 

might be explained by the involvement of Broca’s area in speech imagery, an area that is precisely located on the 

frontal left hemisphere for individuals with left lateralisation of speech function, and by the involvement of the 

auditory cortex (most temporal electrodes) in both speech perception and auditory imagery. 

These findings corroborate with previous studies, which have found the β band to be modulated in 

attentional orienting to auditory representations in short-term memory, particularly when using informative 

semantic cues [49]. Similarly, α [49], [50] and θ [50] power seem to be related with working memory 

performance, namely in the temporal, parietal and post-frontal cortical regions. Finally, activity in both 

 

Figure 4.3 Imagined speech vs rest discrimination at 24 Hz. Average PSD for the imagined speech (red) and rest (blue) 
conditions at channels FC5 (left) and T8 (right) for subject s1. Shaded areas represent frequency bins where t-test results for 
the null hypothesis that the two samples have equal means was positive (p<0.01). Vertical lines separate δ, θ, α and β 
physiological bands. (Centre) Topographic map of the average power difference between the two conditions at a frequency 
of 24 Hz. Only significantly different electrodes are plotted (p<0.05): the power difference of the remainder was equated to 
zero. 

 

 

 

Figure 4.4 Imagined speech vs rest discrimination at 24 Hz. Average PSD for the imagined speech (red) and rest (blue) 
conditions at channels F5 (left) and T8 (right) for subject s4. Shaded areas represent frequency bins where t-test results for 
the null hypothesis that the two samples have equal means was positive (p<0.01). Vertical lines separate δ, θ, α and β 
physiological bands. (Centre) Topographic map of the average power difference between the two conditions at a frequency 
of 24 Hz. Only significantly different electrodes are plotted (p<0.05): the power difference of the remainder was equated to 
zero. 
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hemispheres is not surprising, since speech is regulated by both hemispheres [22], [34], [36], even the though 

lexico-semantic information and articulatory control are lateralised in the left-hemisphere for most individuals 

[18], [22]. 

Notice that in Figure 4.4 the most frontal electrodes Fpz, Fp1, Fp2, AF7, AF3, AF4 and AF8 were removed from 

the analysis due to high EOG contamination (cf. Annex III). 

In summary, imagined speech seems to elicit a variation in temporal and fronto-lateral activity, namely in the 

β band, although the information gathered so far does not exclude the hypothesis that other brain areas and 

frequency bands may carry additional information allowing discrimination between different classes. 

A further analysis focusing more deeply on activity over time in different brain regions was performed.   

 shows the average power density over time for two conditions – auditory stimulation and speech imagery – 

for subjects s3 and s4. In both conditions, difference from control condition is shown, and only significant 

electrodes are plotted (using a Student’s t-test at a 5 % significance level, using no multiple comparison correction 

method). Interestingly, we observed once more strong negativity on the temporal cortices, but also a bilateral 

positivity in several other cortical areas, namely in parietal and pre-frontal areas. In some cases, some 

lateralisation was observed over the superior temporal gyrus and surrounding areas of the dominant 

hemisphere. Moreover, especially in subject s4, the similarity between auditory stimulation and speech imagery 

at some latencies was striking, suggesting that auditory imagery plays an important role in regulating speech 

imagery. Another component, articulatory imagery, should be observed, namely in lower latencies. Although in 

some subjects lateralisation at this point was perceivable, our experimental protocol, which did not absolutely 

guarantee speech imagery started exactly upon visual cue onset, did not allow us to make such direct inferences 

in the time-domain. 

 

 

Figure 4.5 Imagined speech vs rest discrimination at 24 Hz. (Left) Average PSD for the imagined speech (red) and rest (blue) 
conditions at channel F5 for subject s5. Shaded areas represent frequency bins where t-test results for the null hypothesis that 
the two samples have equal means was positive (p<0.01). Vertical lines separate δ, θ, α and β physiological bands. (Right) 
Topographic map of the average power difference between the two conditions at a frequency of 24 Hz. Only significantly 
different electrodes are plotted (p<0.05): the power difference of the remainder was equated to zero. 
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These findings can be complemented with previous ones obtained with MEG [48], where strong similarities 

between hearing, auditory imagery, and articulatory imagery at high enough latencies were found. Observations 

on subjects such as s4 suggested at least part of the information which can be retrieved with MEG can also be 

done on EEG. Furthermore, they confirm the validity of a speech processing including copies of motor commands 

and somatosensory estimations involved in error corrections. In such models, two types of sensory and 

somatosensory feedback occur in overt speech: an internal estimation process corresponding to the quasi-

perceptual experience of imagined speech and an external feedback, e.g. normal audition. We conclude that 

even without proper sensory feedback, we can rely on perceptual representations to process speech.  

We also analysed the general trends between pairs of stimuli, in order to investigate which features were the 

most discriminant between the four selected vowels (cf. Table 3.1). To that end, we computed a t statistic (cf. 

Text box 4.1) matrix for each vowel pair in order to identify the channels and frequency bands that were most 

discriminant. Results are summarised for subjects s1 and s4 in Figure 4.7 and Figure 4.8, respectively. No multiple 

comparison correction method was applied in these graphs, as they are just indicative. 

 

Figure 4.6 Auditory stimulation vs rest and imagined speech vs rest discrimination over time. Average power difference 
evolution over time between auditory stimulation condition and control (AS) or speech imagery condition and control (SI) for 
subjects s3 and s4. Only significant electrodes are plotted (p<0.05). Time 0 correspond to beginning of the auditory stimulus 
and visual cue onset, for AS and SI conditions, respectively. Auditory stimuli were 0.4 to 0.8 s long. The visual cue was on for 
2 s. 
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Figure 4.7 Discriminant channel-frequency pairs for imagined vowel pairs in s1. t-values for each channel and frequency bin 
over speech imagery intervals of all trials of each vowel sound pair for subject s1. 

/ ɑ / 

/ ɑ / 

/ e / 

/ e / 

/ i / 

/ i / 

/ u / 

/ u / 

Given two random samples 𝑋1 and 𝑋2 with equal variances, the t statistic to test whether the population 

means are different is calculated as follows: 

 𝑡 =
�̅�1 − �̅�2

𝑠𝑋1𝑋2√
1
𝑛1

+ 1
𝑛2

 ( 4.1 ) 

 

where �̅�1 and �̅�2 are the means and 𝑛1 and 𝑛2 are the population number of 𝑋1 and 𝑋2, respectively, and 

 𝑠𝑋1𝑋2 = √
 𝑛1 − 1 𝑠𝑋1

2 +  𝑛2 − 1 𝑠𝑋2
2

 𝑛1 − 1 +  𝑛2 − 1 
 ( 4.2 ) 

 

is an estimator of the standard deviation of the two samples. 

At a 5 % significance level, we can thus consider the population means to be significantly different for 𝑡 >

1.960 in the case of very large sample sizes, and for 𝑡 > 2.000 in the case of sample sizes (summed) of 60. 

 

Text box 4.1 Independent two-sample t-test, for equal variances 
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Figure 4.8 Discriminant channel-frequency pairs for imagined vowel pairs in s4. t-values for each channel and frequency 
bin over speech imagery intervals of all trials of each vowel sound pair for subject s4. 

 

 

In most cases, like subject s1, the most discriminant frequencies ranged in the θ or β bands. For some cases, 

however, such as subject s4, the α band also appears to carry most of the information. 

Interestingly, when performing a similar analysis for the auditory condition (cf. Figure 4.9), the predominant 

frequency band, in terms of discriminant power, was the θ band (and even parts of the δ band – we have not 

described this band in detail, since the signal was previously high-pass filtered at 1 Hz, leading to loss of 

information in this frequency range). 

/ ɑ / 

/ ɑ / 

/ e / 

/ e / 

/ i / 

/ i / 

/ u / 

/ u / 
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Figure 4.9 Discriminant channel-frequency pairs for heard vowel pairs in s4. t-values for each channel and frequency bin over 
auditory stimulation intervals of all trials of each vowel sound pair for subject s4. 

 

A similar analysis was performed to distinguish between consonants or syllables. Since only two of the six 

subjects had recordings with syllable trials, this analysis was only performed on two data sets. 

Figure 4.10 shows the most discriminant frequency bands and channels for each consonant pair in subject 

s1. Consonant classes were obtained by joining all syllable trials containing the same consonant, regardless of 

which vowel followed. The channels indicated between the two black lines correspond to the ones shown in the 

scalp topographic map, which surround the posterior part of temporal superior gyrus (i.e. Wernicke’s area – cf. 

Major brain areas involved in speech function). The left FMC might be represented in this electrode range, 

although it is usually located underneath FC5 (a few pixels above the upper black line). On one hand, we observe 

/ ɑ / 

/ ɑ / 

/ e / 

/ e / 

/ i / 

/ i / 

/ u / 

/ u / 
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that patterns found within this range of electrodes allowed, in average, to statistically distinguish between 

different consonants. It seemed α and β (concretely, β3, for subject s1) are the most informative physiological 

frequency bands. On the other hand, the number of discriminant features seemed to be limited and high t-values 

occur at very specific frequency bands. For subject s2, it is clearer that α and β were the bands with greater 

amount of information, but identification of relevant regions seemed a more complex task: except for small 

groups of electrodes around CP3 and F5 (the latter could be related to Broca’s area, but no certain conclusion 

can be withdrawn) there was no common pattern among consonant pairs.  

Despite these observations, it is interesting to note that, when discriminating between vowels, it is easier to 

identify frequency bands of interest in broad regions, in both hemispheres; whereas when discriminating 

between consonants, smaller segmented areas, mainly in the left hemisphere were recognised as discriminable. 

This corroborates previous findings: vowels and consonants are distinct objects at some level of representation 

 

Figure 4.10 Discriminant channel-frequency pairs for imagined consonant pairs in s1. t-values for each channel and 
frequency bin over speech imagery intervals of all trials of each consonant sound pair for subject s1. The two horizontal black 
line limit electrodes 12 through 23, which correspond to those indicated on the topographic map on the bottom left corner. 
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in the brain [40]; vowels, being more dependent on prosodic processing than on lexico-semantic processing, can 

be expressed as activation changes in left and/or right hemisphere prosodic processing areas [36]; consonants, 

being more dependent on lexico-semantic processing than on prosodic processing, have a lateralised processing 

in the left-hemisphere [36]; similarly to the dual pathway model, information more closely associated with 

syntactic and semantic analysis – such as consonants – is related to the left-lateralised segmental processing [22], 

while information more closely associated with prosody – such as vowels – is related to the right-lateralised 

suprasegmental processing [22], but requires integration of both hemisphere brain areas [36]. 

A similar analysis was performed for all 16 syllables for subjects s1 and s2. Additionally, we used principal 

component analysis (PCA) to reduce the feature space dimensionality, and have a better graphical representation 

of the relevant information (cf. Text box 4.2 for details). This also allowed investigating which of the two – 

consonants or vowels – separated classes better. 

To that end, we took each of the t-value matrices (except for the ones comparing a syllable to itself) and 

vectorised them (after taking the absolute value of each t-value), such that we obtain a feature vector for each 

syllable pair. Next, we calculated the principal components of these vector (i.e. the directions along which 

variance is maximal). We projected the samples in the new feature space (cf. Figure 4.11), and defined the major 

similarity groups of data using a clustering algorithm: expectation maximisation (EM) using a Gaussian mixture 

PCA is a dimensionality reduction method where the first 𝐾 linear combinations of input space coordinates 

that maximise variance within a data set are selected. Equivalently, this means the directions over which variance 

is maximal, i.e. the principal directions, are found. Since we are interested in the variation about the mean, we 

start by centring the data 𝑥  by performing: 

 𝑥 = 𝑥 − 𝜇  ( 4.3 ) 

where  

 𝜇 =   𝑥   ( 4.4 ) 

The covariance matrix of the data will then be given by: 

 Σ𝑥 =   𝑥 − 𝜇   𝑥 − 𝜇  𝑇 =  𝑥 𝑥 𝑇 = 𝑅𝑥  ( 4.5 ) 

where 𝑅𝑥  is the correlation matrix of the centred data. 

It is fairly simple to demonstrate that the first 𝐾 directions over which variance is maximal correspond to the 

first 𝐾 eigenvectors of the covariance matrix (i.e. the eigenvectors 𝑣𝑖  associated with the 𝐾 largest eigenvalues 

𝜆𝑖, 𝑖 = 1,… , 𝐾). The first 𝐾 principal components thus are: 

 𝑝𝑖 = 𝑣𝑖 ∙ 𝑥 , 𝑖 = 1,… , 𝐾 ( 4.6 ) 

For a detailed demonstration, refer to [82]. This method namely has the big advantage of reducing 

dimensionality, thus simplifying our problem, reducing computational costs, and allowing us to better visualise 

the data. 

Text box 4.2 Principal Component Analysis 
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model (GMM). The number of Gaussians 𝑘 used for the model was determined by plotting the log-likelihood of 

the model versus the number of Gaussians and selecting the value at which a “knee” was apparent. Since the 

expectation maximisation algorithm does not guarantee we reach a global optimum, we ran 100 iterations for 

each 𝑘 and selected the model with highest log-likelihood. This approach allowed clustering the syllable pairs 

according to which channel-frequency pairs resulted in better or worse discrimination between them. More 

theoretical details of this algorithm can be found in [51]. The general idea of the EM algorithm is to fit the best 

linear combination of Gaussians, or GMM, to the data. Clustering can then be performed by assigning each point 

to one of the Gaussian components: we simply assign a given point to the component that yields greater 

posterior probability. 

The results for subject s1 are shown in Figure 4.11. We obtained one large cluster containing most of the 

pairs – probably the ones which were not easily discriminable – and four smaller clusters, which contained most 

of the comparisons between a given syllable and all others. This suggests these syllables compare to the rest in 

a clearly distinct way most other syllables do. Note these syllables correspond to / ka /, / ke /, / ki / and / tʃa /. 

Interestingly, consonant / k / is, among all four selected ones, the only one which is mainly controlled by the 

larynx and back of the tongue instead of the face and lips. This might entail differences in terms of imagined 

 

Figure 4.11 Major similarity groups of data in syllable t-value matrices. Clustering results for 5 Gaussian components after 
applying EM algorithm on the principal component space, using the first 3 principal components of the initial vectorised t-
value matrices. Each circle corresponds to a two syllable pair and its colour corresponds to the cluster it was assigned to. 
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articulation and subvocalisation that affect the location and frequency bands of the patterns. For subject s2, 

similar, but less clear observations were made. A previous study, where all American English phonemes were 

classified, using ECoG for an overt speech task, obtained its highest classification accuracy when classifying 

phoneme / k /. Indeed, their results suggested that articulatory positions similar to those where the back of the 

tongue is close to the palate resulted in more successful classifications [14].  

We next attempted to identify brain areas which would allow us to discriminate between individual syllables. 

Figure 4.12 depicts electrodes with greater discrimination potential for each pair of syllable in subject s1, as well 

as electrodes which were best performing, in average, for all pairwise comparisons. Although some lateralisation 

was arguable, involvement of both hemispheres was clear, namely in parietal and temporal areas, suggesting 

either consonant processing requires the integration of both hemispheres, or that it is easier to discriminate 

 

Figure 4.12 Discriminant electrodes for imagined syllable pairs. t-values for all syllable pairs at each EEG channels (top right) 
and electrodes with highest t-value amplitudes, on average, when comparing between syllables (bottom left) in subject s1. 
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between vowels when using spectral features. Similar observations were made for subject s2, although slightly 

more lateralised areas with lower discriminability were identified.  

Finally, we performed a grand average analysis with respect to words. In particular, we considered two-class 

comparisons, namely animal vs food – to attempt to extract semantic information – and yes vs no – to understand 

whether it was possible to easily distinguish between these words in speech imagery EEG. No straightforward 

ways for discriminating between classes were identified, and we thus relied on different classification algorithms 

to attempt identification of more complex features which might result in class separation. 

 

4.3 Different approaches to offline classification 

 

After looking at the general behaviour of the collected data, in a grand average analysis, we attempted 

classification between different classes. Given the difficulty of the task, we tried different approaches to 

classification, in the hopes of being able to capture different aspects of the data, i.e. the time courses, frequency 

patterns, etc. that would allow discrimination. Moreover, the constructed algorithms must be robust enough not 

to overfit the data, while still being capable of achieving classification accuracies significantly above chance. After 

comparing all approaches, the one with best performance across subjects was selected for a second experiment, 

in an online setting. 

For all methods, chance level distribution was computed by randomly shuffling the labels of all data, using 

the shuffled data to train and test the classifiers. For most classifiers, 1000 shuffles were used to estimate the 

random distribution. In some cases, due to the computational load, we shuffled the data only 100 times. For all 

binary classification cases, random distributions were well approximated by normal distributions with mean 

around 50 % and standard deviation around 20 %. The results of this procedure are illustrated for a four vowel 

classification example in Annex IVError! Reference source not found.. 

Much like the previous section, we first attempted to discriminate between vowels, then consonants and 

syllables and finally semantic categories and individual words. 

 

4.3.1 Matched filter classifier 

The first approach consisted of matched filter classification. This approach, unlike most of the others, is 

mainly focused on the time domain. The general organisation of this approach is as follows: 

x Band-pass filtering of the speech imagery intervals to obtain the θ (3 – 8 Hz), α (8 – 13 Hz) and β (13 – 

30 Hz) components for each trial; 

x Computing the Hilbert transform of the band-passed waveforms to obtain envelopes. The Hilbert 

transform is a linear operator, which allows to obtain the envelopes of a waveform, in the same domain. 

Mathematically, this can be expressed as:  
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𝐻 𝑢  𝑡 = −

1
𝜋
lim
𝜀→0

∫
𝑢 𝑡 + 𝜏 − 𝑢 𝑡 − 𝜏 

𝜏
𝑑𝜏

∞

𝜀
 ( 4.7 ) 

A more intuitive interpretation can be inferred from Figure 4.13; 

x Using the average envelopes over a training set as templates. Thusly, we attempted to detect these 

templates in an unknown (unclassified) signal; 

x Pseudo-inverting the average envelopes, providing filters. Pseudo-inversion is done in such a way that 

the inner product between a filter and the average envelope of the corresponding class is 1, whereas 

the inner product between a filter and the average envelope of any other class is 0. The inner product 

of an unknown (e.g. belonging to the test set) signal’s envelope and a filter determines how well the 

former correlates with the template. 

 

Figure 4.13 Initial processing steps of a trial for the matched filter classifier. Here, we show an example signal (top), from 
which we extract its α component (middle), and compute the corresponding Hilbert transform (bottom). The Hilbert transform, 
or envelope, shown in red, will be used to classify the trial into one of the classes by maximising the inner product between 
the envelope and the matched filters. 
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4.3.2 Frequency interval optimisation and CSP 

The second approach consisted of three steps: a frequency interval selection, spatial filtering using the 

common spatial patterns (CSP) method, and classification using a standard classifier in machine learning: the 

support vector machine (SVM). 

The frequency interval selection was done using a leave-one-out cross-validation scheme, where all 

frequency bands included in the [1 – 30 Hz] range from 2.4167 Hz to 29 Hz wide were evaluated: after band-pass 

filtering at a specific frequency range, the CSP spatial filters were applied and the signal power was estimated 

using the variance; the distance between classes was thus maximised by computing the Bhattacharyya distance 

for each frequency band – this allowed obtaining the optimal filter –; after having selected the frequency band, 

CSP was applied and an SVM was implemented for classification. 

The implemented SVM used a Gaussian kernel, also known as the radial basis function (RBF): 

 
𝑘 𝑥𝑖 , 𝑥𝑗  = 𝑒

−(
‖𝑥𝑖̅̅̅−𝑥𝑗̅̅ ̅‖

2

2𝜎2 )
 

( 4.8 ) 

This kernel can be interpreted as a similarity function between a given training pattern 𝑥𝑖  and other training 

patters 𝑥𝑗  and is used to deal with non-linearly separable data. The parameter 𝜎 can be tuned to fit the data 

more or less meticulously. For our purposes, this parameter was tuned using a leave-one-out cross-validation 

scheme. 

CSP is a widely used spatial filtering method for BCI purposes. This method attempts to identify the linear 

combination of EEG channels maximising the variance between two classes. Here, we first eliminated the most 

frontal (Fpz, Fp1, Fp2) and most occipital (Iz, Oz, O1, O2) electrodes from the analysis due to their high 

susceptibility to EOG artifacts. The CSP method was applied as follows: 

For a given EEG signal 𝐸 (where rows represent channels and columns represent time samples), we computed 

its normalised covariance matrix 𝑅 as follows: 

 
𝑅 =

𝐸𝐸𝑇

𝑡𝑟 𝐸𝐸𝑇 
 ( 4.9 ) 

Using the formula above and averaging across all training trials, we obtained the average normalised 

covariance matrices 𝑅1 and 𝑅2 for the two classes 𝑦1 and 𝑦2, respectively. Summing these two matrices, we 

obtained the composite covariance matrix 𝑅𝐶, that could subsequently be diagonalised using 

eigendecomposition, the first step of a process also called simultaneous diagonalisation of 𝑅1 and 𝑅2: 

 𝑅𝐶 = 𝑅1 + 𝑅2 = 𝑈𝐶Λ𝐶𝑈𝐶𝑇  ( 4.10 ) 

where Λ𝐶  is the diagonal containing the eigenvalues of 𝑅𝐶  and 𝑈𝐶  the matrix containing the eigenvectors of 𝑅𝐶  

in its columns. 

We whitened the data (equalising the variances in eigenspace) by computing the whitening matrix 𝑊 and 

 applying the whitening transformation to the two original covariance matrices, thus obtaining the transformed 

matrices 𝑆1 and 𝑆2, as follows: 
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𝑊 = √Λ𝐶−1𝑈𝐶𝑇 ( 4.11 ) 

 𝑆1 = 𝑊𝑅1𝑊𝑇  ( 4.12 ) 

 𝑆2 = 𝑊𝑅2𝑊𝑇  ( 4.13 ) 

Posteriorly, the two whitened matrices were diagonalised (simultaneously), and we thus obtained the same 

eigenvectors (𝑈) associated with different eigenvalues 𝜆1 and 𝜆2 such that 𝜆1 + 𝜆2 = 1, the diagonal elements 

of Λ1 and Λ2 being ordered in the ascending and descending order, respectively: 

 𝑆1 = 𝑈Λ1𝑈𝑇  ( 4.14 ) 

 𝑆2 = 𝑈Λ2𝑈𝑇  ( 4.15 ) 

Finally, we obtained a spatial filter matrix given by: 

 𝑆𝐹 = 𝑈𝑇𝑊 ( 4.16 ) 

Projecting the original signal using the obtained filters thus allowed obtaining the components that maximise 

the variance between classes. 

 𝐽 = 𝑆𝐹𝐸 ( 4.17 ) 

The first and last filters, i.e. the first and last rows of 𝑆𝐹  correspond the directions over which class 

discriminability is greater, and were thus chosen to compute features. To estimate the power over these 

components, the variance was calculated. We then took the logarithm so that features were normally 

distributed. Finally we obtained the following feature vector, which served as an input for the SVM classifier: 

 𝑥 = [log var 𝐽1  log var 𝐽𝑛  ] ( 4.18 ) 

 

4.3.3 Semi-automatic feature extraction 

The third general approach used for classification was based on a semi-automatic feature extraction scheme: 

starting from an arbitrary list of features, we selected the most discriminant features for classification, which we 

then used as an input for different classifiers. The initial list of features was essentially based on complex 

combinations of power spectra. Concretely, we took into account different physiological frequency bands to 

construct the following list of 41 features (here, we used θ, α, β, β1, β2 and β3 for the normalised power spectral 

density on those bands, to simplify the notation):

x Sum features 

� ∑𝜃 

� ∑𝛼 

� ∑𝛽 

� ∑𝛽1 

� ∑𝛽2 

� ∑𝛽3 

x Mean features 

� 𝜇 𝜃  

� 𝜇 𝛼  

� 𝜇 𝛽  

� 𝜇 𝛽1  

� 𝜇 𝛽2  

� 𝜇 𝛽3 
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x Standard deviation features 

� 𝜎 𝜃  

� 𝜎 𝛼  

� 𝜎 𝛽  

� 𝜎 𝛽1  

� 𝜎 𝛽2  

� 𝜎 𝛽3  

x Sum of squares features 

� ∑𝜃2 

� ∑𝛼2 

� ∑𝛽2 

� ∑𝛽12 

� ∑𝛽22 

� ∑𝛽32

x Ratio features

� ∑𝛼
∑𝜃

 

� ∑𝛽
∑𝜃+∑𝛼

 

� ∑𝛼
∑𝜃+∑𝛽

 

� ∑𝜃
∑𝛼+∑𝛽

 

� ∑𝛽2

∑𝜃2
 

� ∑𝛽12

∑𝜃2
 

� ∑𝛽22

∑𝜃2
 

� ∑𝛽32

∑𝜃2
 

� ∑𝛽12+∑𝛽22

∑𝜃2

 

� ∑𝛽22+∑𝛽32

∑𝜃2
 

� ∑𝛽12+∑𝛽32

∑𝜃2
 

� ∑𝛽12

∑𝛽2
 

� ∑𝛽22

∑𝛽2
 

� ∑𝛽32

∑𝛽2
 

� ∑𝛽12+∑𝛽22

∑𝛽2
 

� ∑𝛽22+∑𝛽32

∑𝛽2
 

� ∑𝛽12+∑𝛽32

∑𝛽2
 

The most discriminant features and channels were selected by computing the t-values of each of the 41 

abovementioned features over the training set (cf. Text box 4.1Grand averages ). The selected features served 

as inputs for different classifiers. The tested classifiers after this feature selection approach were: 

x Random Forest 

x Nearest Centroid after PCA 

x Support Vector Machine (SVM) 

x Linear Discriminant Analysis (LDA) 

x Quadratic Discriminant Analysis (QDA) 

The theoretical aspects about random forests, SVMs, and discriminant analysis are not described here, but 

the reader can refer to [52], [53] and [54] for additional information. Moreover, apart from these classifiers, we 

also tested decision trees and neural networks as potential classifiers, but they proved to be too biased and too 

computationally expensive, respectively. In addition, their classification accuracies were not better than chance 

level, and therefore we did not discuss them any further. 
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4.4 Results 

 

4.4.1 Matched filter classifier 

For this time-domain focused approach, we concentrated on pairwise vowel classification for all subjects and 

on consonant classification for subjects s1 and s2 (since only these two subjects performed syllable trials). We 

did not investigate further into syllables and words since a) the computational costs of this method were 

considerable and b) the classification performances were lower than when using other methods. 

Despite the comparatively lower classification results, some vowel pairs were classified at a significantly 

above chance level for some subjects. Namely, / e / vs / i / classification resulted in 67,7 % classification accuracy 

for subject s1, and 75,0 % when considering filters built only on the θ band. Generally, frequency bands that 

yielded highest classification results were θ and α bands, although combination with information gained in β 

band could result in improvements. For detailed classification results for all subjects, vowel pairs, and frequency 

bands, refer to Annex V. 

Figure 4.14 shows the best performing electrodes for the vowel pairs with best classification accuracy for 

subjects s1 and s2. 

A similar analysis was performed for consonant classification (cf. Annex V). In most cases (similarly to the 

poor classification accuracies), no electrodes had a significantly high performance. A few exceptions, which 

coincided with consonant pairs with classification performances above 60 % (above chance, if no Bonferroni 

correction is performed) were registered. These are shown in Figure 4.15. 
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Figure 4.14 Electrode performance in pairwise vowel classifications using a matched filter classifier on subjects s1 and s2. 
Best performing vowel pairs are shown for θ, α and β physiological bands. Performance of an electrode is based on percentage 
of correct classification based solely on inner products computed at that electrode, in a cross-validation scheme. 
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Figure 4.15 Electrode performance in pairwise consonant classifications using a matched filter classifier on subjects s1 and 
s2. Best performing consonant pairs are shown for θ, α and β physiological bands. Performance of an electrode is based on 
percentage of correct classification based solely on inner products computed at that electrode, in a cross-validation scheme. 
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4.4.2 Frequency interval optimisation and CSP 

When attempting imagined vowel vs control condition classification using CSP after frequency optimisation, 

we obtained significantly above chance level results in four out of six subjects. The best subject – s4 – achieved 

an average vowel vs rest classification performance of 67.1 % ± 9.6%, with a maximum performance in / a / vs 

rest classification of 73.5 %. However, the best vowel vs rest classification pair across subjects was / i / vs rest, 

where the average classification performance over subjects was 61.1 % ± 8.2 %. The average over all subjects 

spatial patterns obtained for the [0 – 30 Hz] bands are depicted in Figure 4.16. 

Using this method, vowel vs vowel classification performed at chance level for all vowel pairs across all pairs, 

and therefore this shall not be elaborated. For details, refer to Annex V. 

In order to attain better understanding of semantic information organisation in the brain, we considered 

analysing spatial patterns when classifying between semantic categories. Moreover, this would allow us to 

compare obtained spatial patterns with previous studies using CSP to discriminate between semantic categories 

in imagined speech [21]. Figure 4.17 represents the two main spatial patterns found in the θ, α and β bands, as 

well the total studied frequency range [1 – 30 Hz], averaged across subjects. Figure 4.18 represents the patterns 

obtained for group analysis. 

 

 

Figure 4.16 Spatial patterns obtained in individual analyses vowel vs rest classification. Spectral components extracted for 
individual analyses averaged over all subjects, for [0 – 30 Hz] (top row: first spatial patterns, vowel-sensitive; bottom row: 
second spatial patterns, rest-sensitive). Green indicates scalp areas that do not contribute to a component. Blue-scale colours 
indicate negative weigthing and red-scale colours a positive weighting. 
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Figure 4.18 Spatial patterns obtained in individual analyses animal vs food classification. Spectral components extracted 
for individual analyses averaged over all subjects, for different frequency bands (top row: first, animal-sensitive, spatial 
patterns; bottom row: second, food-sensitive, spatial patterns). Green indicates scalp areas that do not contribute to a 
component. Blue-scale colours indicate negative weigthing and red-scale colours a positive weighting. 

 

 

Figure 4.17 Spatial patterns obtained in group analysis animal vs food classification. Spectral components extracted for 
group analysis, for different frequency bands (top row: first, animal-sensitive, spatial patterns; bottom row: second, food-
sensitive, spatial patterns). Green indicates scalp areas that do not contribute to a component. Blue-scale colours indicate 
negative weigthing and red-scale colours a positive weighting. 
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Since we optimised frequency range prior to CSP, we evaluated which frequency bands were most 

informative by assessing their selection rate for different divisions of the data into training and test sets. Figure 

4.19 shows the frequency band selection rate over 100 iterations for different subjects. To assess stability of 

spatial patterns over iterations and frequency bands, we summed the spatial patterns over 100 iterations for all 

subjects. Results are shown in Figure 4.20. 

Finally, classification results were, for all but one subject, at chance level. Subject s4 had a classification 

accuracy of 60 %, a level that was determined to be significantly above chance (𝑝 < 0.05). 

 

Figure 4.19 Frequency band selection rates in animal vs food classification. Selection rate over 100 iterations of frequency 
bands for CSP based on Bhattacharyya distance maximisation for each subject. 

 

 

Figure 4.20 Spatial filters obtained in a cross-validation scheme for frequency band selection in animal vs food 
classification. Summed spatial filters obtained over 100 iterations for each subject. Note that these might correspond to 
different frequency bands. Colour scale represents sum of weights over 100 iterations and 6 subjects. 

 



55 
 

4.4.3 Semi-automatic feature extraction 

For this frequency-based method, we started by analysing imagined or heard vowel relative to rest and then 

proceeded to pairwise vowel comparison in both conditions. 

Regarding speech imagery, Figure 4.21 and Figure 4.22 show, respectively, average and best (among all 

vowels) classification accuracies of the different classifiers described in Semi-automatic feature extraction for 

all subjects for vowel vs control condition classification. Note that significance thresholds were approximately 

the same for all classifiers and to the theoretical ones; we thus used the theoretical threshold in the graphics. 

Relative to auditory stimulation, Figure 4.23 and Figure 4.24 show, respectively, the average and best vowel 

vs control classification accuracies for all subjects. 

The detailed results for all vowels, subjects and classifiers can be found in Annex V. 

Similarly, Figure 4.25 shows classification accuracy of the different classifiers described in Semi-automatic 

feature extraction for all subjects using the imagined vowel pairs with best performance. 

As for vowel speech perception, Figure 4.26 shows the accuracies for the best vowel pairs in auditory 

stimulation condition. 

We were interested in determining which features were selected for the best performing imagined vowel 

pairs to assess coherence of the data and physiological consistency. To this end, we decided to determine feature 

and channel selection rate for the vowel pairs and subjects with best performance. Figure 4.27 and Figure 4.28 

show feature and channel selection rate for / e / vs / u / classification in subject s4 and / a / vs / e / classification 

in subject s6, respectively. 

 

 



56 
 

 

Figure 4.21 Imagined vowel vs control classifier performance. Average classification accuracies for each subject and each 
classifier using semi-automatic feature extraction. Error bars represent standard deviation. Significance levels were 
determined using a two sample t-test statistical analysis. 

 

 

 

Figure 4.22 Best imagined vowel vs control classifier performance. Classification accuracies for the best vowel vs control 
classification in each subject and each classifier using semi-automatic feature extraction. Significance levels were determined 
using a two sample t-test statistical analysis. 
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Figure 4.23 Heard vowel vs control classifier performance. Average classification accuracies for each subject and each 
classifier using semi-automatic feature extraction. Error bars represent standard deviation. Significance levels were 
determined using a two sample t-test statistical analysis. 

 

 

Figure 4.24 Best heard vowel vs control classifier performance. Classification accuracies for the best vowel vs control 
classification in each subject and each classifier using semi-automatic feature extraction. Significance levels were determined 
using a two sample t-test statistical analysis. 
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Figure 4.25 Best imagined vowel vs vowel classifier performance. Classification accuracies for the best vowel vs control 
classification in each subject and each classifier using semi-automatic feature extraction. Significance levels were determined 
using a two sample t-test statistical analysis. 

 

 

 

Figure 4.26 Best heard vowel vs vowel classifier performance. Classification accuracies for the best vowel vs control 
classification in each subject and each classifier using semi-automatic feature extraction. Significance levels were determined 
using a two sample t-test statistical analysis. 
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Figure 4.27 Feature selection for / e / vs / u / classification in subject s4. Left: Selection of each feature is represented per 
cross-validation iteration (selected features are shown in red while non-selected ones are shown in blue). Right: Topographic 
plot representing feature selection rate over iterations. 

 

 

 

 

Figure 4.28 Feature selection for / a / vs / e / classification in subject s6. Right: Selection of each feature is represented per 
cross-validation iteration (selected features are shown in red while non-selected ones are shown in blue). Left: Topographic 
plot representing feature selection rate over iterations. 
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In the hopes of improving performance for pairwise vowel classification, we attempted, in a first step, to 

classify vowels relative to rest by building a vowel vs rest classifier; using classification results, we then discarded 

all vowel trials which had been misclassified as rest – these trials were considered low concentration level, highly 

contaminated, or non-stereotypical trials – and then proceeded to classify the remaining trials using vowel vs 

vowel classifiers. 

The overall results are summarised in Figure 4.29 and Figure 4.30 for average and best pairwise classification 

performance, respectively. For the speech imagery condition in particular, this improvement resulted in 

significant classification performances for at least one vowel pair in all but one subject (s3). 

Motivated by these newfound results, we decided to attempt four class classification for imagined vowels 

after discarding non-stereotypical trials using vowel vs control classification. Figure 4.31 shows the obtained 

confusion matrix average across all subjects except for subject s3 (the one subject who did not improve its results 

to a significant level for at least one vowel pair sue to non-stereotypical trial removal). Null distributions were 

determined by randomly shuffling class labels over 1000 iterations and were well approximated by normal 

distributions with mean around 25 % and standard deviation between 6 and 10 %. 

 

 

Figure 4.29 Imagined and heard vowel vs vowel classifier performance after discarding non-stereotypical trials. Average 
classification accuracies for each subject and each classifier using semi-automatic feature extraction and non-stereotypical 
trial removal based on vowel vs control classification results. Speech imagery (SI) and auditory stimulation (AS) are 
represented before and after non-stereotypical trial removal. Error bars represent standard deviation. Significance levels were 
determined using a two sample t-test statistical analysis. 
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Figure 4.31 Confusion matrix of decoding vowels for imagined speech. The column labels correspond to the predicted vowel 
in a given trial. The row labels to correspond to the correct vowel. The values in each cell give the frequencies in per cent and 
the standard deviation calculated across subjects (*p<0.05).  

* 

* 

* 

 

Figure 4.30 Best imagined and heard vowel vs vowel classifier performance after discarding non-stereotypical trials. 
Classification accuracies for the best vowel vs control classification in each subject and each classifier using semi-automatic 
feature extraction and non-stereotypical trial removal based on vowel vs control classification results. Speech imagery (SI) 
and auditory stimulation (AS) are represented before and after non-stereotypical trial removal. Significance levels were 
determined using a two sample t-test statistical analysis. 
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4.5 Comparison and discussion 

 

As a general comment, performances obtained for the different classifiers were, in many cases, at chance 

level. In some cases, accuracy rose to a level significantly above chance, but remained at relatively low levels, 

due to the complexity of the signal and its high susceptibility to noise. Nevertheless, some of the obtained results 

were comparable to those found in the literature with similar setups [21], [33]. 

 

4.5.1 Matched filter classifier 

Although temporal features proved not to be adequate due to eventual time lags and computational costs of 

the associated classifiers, we obtained, for some subjects, results which were significantly above chance (at a 

significance value of 5 %, using Bonferroni correction). Indeed, for subject s1, the classification accuracy for the 

best vowel pair was of 67.0 %, a level which is in line with [33]. For consonants, however, classification accuracy 

remained below 62.0 % for the two subjects who performed syllable imagination tasks, suggesting that even 

though consonants ought to be better represented by temporal features, the experimental protocol was not 

synchronous enough and the used EEG system did not have a high enough spatio-temporal resolution to be able 

to classify consonants correctly. 

This method has the advantage of taking the envelopes of the waveforms as features, which corresponds to 

the change in the signal’s power over time. Moreover, certain authors have shown some promising results using 

a similar approach to classify imagined syllables and rhythms [55]. However, there were a few problems 

associated with this approach: first, pseudo-inverting the average envelopes greatly increased computational 

costs; second, since it is based on the correlation between two waveforms, the trials must be synchronous, which 

a) was not guaranteed, especially since we were dealing with imagined speech, and b) would greatly reduce the 

applicability of this method in an asynchronous setting. A possible solution for a) would have been to detect the 

peak associated with imagined speech, and perform some sort of alignment in time, as well as time wrapping to 

account for different imagined speech waveform lengths. This, however, is greatly incapacitated by the presence 

of a large amplitude peak corresponding to a visual evoked potential (due to the visual cue) and that of noise; 

these make peak detection somewhat impossible. Finally, the low temporal resolution of EEG compared to the 

length of the vowels, syllables or words to be imagined poses an additional applicability problem with this 

technique. Therefore, although we gathered some interesting observations from this method, most other 

approaches focused on the frequency domain to avoid these issues. This means that, if the dual pathway model 

is accurate (cf. Function of the brain in communication), we might be improving our chances of discriminating 

vowels, but may also reduce our performance in word classification. 

Interestingly, we identified good performing electrodes in vowel pair classification (cf. Figure 4.14) mostly in 

the parieto-occipito-temporal and prefrontal association areas, with the involvement of both hemispheres, as 

ought to be expected when analysing vowels [32], [36]. Moreover, β activity was more informative in the 
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temporal lobes and electrodes surrounding the parieto-occipito-temporal association area, whereas α activity – 

when it contained information – was more informative in prefrontal areas. θ activity, on the other hand, involved 

both regions. Due to classification results, however, we speculated this method did not capture all information 

possible to extract from β activity. 

When considering consonant classification (cf. Figure 4.15), it is interesting to note some lateralisation over 

the left hemisphere, and that most information is contained in the θ and β bands, as reported in previous studies 

[36], [55], but no robust conclusions can be drawn from this limited amount of data. 

For most subjects, temporal information was not an effective measure for classifying imagined vowels nor 

consonants, similarly to what was previously reported for vowel perception classification [32]. However, to 

determine whether it was possible to extract coherent spatial patterns from collected data, we also used CSP 

after frequency interval optimisation. 

 

4.5.2 Frequency interval optimisation and CSP 

This method was always outperformed by the matched filter classifier, namely when classifying between 

vowels, where it always performed at chance level. This suggests that CSP was not capable of building a 

generalizable classifier and had tendency to overfit the training set. For vowel vs rest classification, however, we 

achieved significant results between subjects, obtaining similar yet inferior performances than those obtained in 

a previous study using CSP to decode imagined / a / and / u / [33]. Interestingly, highest weight magnitude was 

obtained mostly in bilateral and medial parietal cortices, although some frontal and temporal electrodes were 

noted. This is in contrast with the subject studied in [33], where mostly central medial electrodes had highest 

weight contributions to spatial patterns, hinting that a) vowels are likely not expressed uniformly across subjects 

and b) production of vowels requires integrations of several brain areas, namely those associated with 

articulation (Broca’s area, FMC), hearing (temporal lobe) and interpretation (temporal and parietal areas). 

The CSP spatial filtering method is commonly used for BCI applications, and has proved to help in 

discriminating between imagined vowels [33] and different semantic categories [21] with EEG. Much like PCA, 

this method maximises variance, but unlike PCA, it is a supervised method which allows maximising variance 

between classes. The main disadvantage of this method, however, is its large tendency to overfit the training set, 

leading to particularly poor classification accuracies when the training data is not representative of the general 

trend. Moreover, the high number of channels compared to training set, or highly correlated and noisy channels, 

might lead to an ill-posed problem. 

Nevertheless, for some subjects, this method was able to classify between words belonging to different 

semantic categories at an above chance level (𝑝 < 0.05), providing us with interesting spatial filters that exhibit 

superposition among different subjects, suggesting they indeed represent difference in activation between two 

semantic categories (animals and food) in an imagined speech condition. Some differences between Figure 4.17 

and , however, suggest patterns may not be entirely generalizable between subjects, and that semantic 
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information might be partly processed with subject specificities. Despite this, superposition was considerable in 

some cortical areas, namely in left frontal and temporal regions, especially for β activity, and right parietal and 

frontal regions, particularly for α and β information. Moreover, notice the invariance of food-sensitive spectral 

power over frequencies in comparison with frequency distinct weighting in animal-sensitive spectral power. 

Interestingly, spatial patterns corresponding to animal-sensitive information showed distinct similarities with 

previously reported spatial patterns associated with mammal-sensitive spectral power [21], particularly in the θ 

band, corroborating the obtained spatial patterns. 

Seemingly, information was distributed among different frequency bands (cf. Figure 4.19), although for some 

subjects the same range of frequencies seemed to be consistently selected, in particular in subjects s1 and s4 for 

β1 and β2 bands. Frequencies in the α range also tended to be selected for all subjects but s6. 

When assessing filter weights over iterations of a cross-validation procedure (cf. Figure 4.19), the stability of 

the second filter in comparison with the first one is striking, and corroborates the results from Figure 4.17 and , 

where little variability was observed at different frequency bands for the second pattern. Additionally, the 

obtained second pattern showed reasonable superposition with the corresponding obtained by averaging over 

subjects in individual analysis, except for the most medial electrodes in posterior and central areas. The same 

cannot be stated so firmly when examining the first pattern. We interpreted these observations through two 

possible hypotheses: 1) some semantic categories, such as food, are represented by similar brain activation 

patterns among subjects and frequency bands, while others, such as animals, elicit distinct patterns in different 

subjects, due to diverse possible associations; 2) semantic categories associated to sensory and motor activities, 

such as food (associated to tasting, smelling, eating), have clearer representations in the brain than categories 

without a clear association to sensory and motor activities, such as animals (one might associate listening to 

“cricket”, touching to “cow” or fearing to “kangaroo”, but no association is uniformly made with words from this 

category). The two interpretations share some common ground, and are not mutually exclusive, since one could 

actually justify the other. Interestingly, previous authors have been able to predict fMRI brain activity associated 

with the meaning of nouns using a model based on multiple regression built on features reflecting word co-

occurrence statistics in a text corpus [56]. In this study, intermediate semantic features defined by 25 verbs 

associated with basic sensory and motor activities performed far better than 115 different randomly selected 

sets of intermediate semantic features, supporting existing conjectures regarding the centrality of sensory-motor 

features in neural representations of objects. These findings support the hypothesis that food-related spatial 

components are more coherent across subjects relative to animal-related ones due to the clear association of 

words belonging to the former semantic category with a specific group of sensory and motor activities. 

 

4.5.3 Semi-automatic feature extraction 

Although this method consisted in selecting from an arbitrary list of 41 PSD-based features, it had the 

advantages of dealing with power-based features, without high computational requirements, and more complex 

nonlinear ones, e.g. standard deviation or ratio features, projecting our points into a new feature space where 
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discriminability proved to be higher (something that could not be achieved when simply using concatenation of 

periodograms in all channels). After feature selection, we tested different classification algorithms in order to 

choose the best performing one. 

Random forest classifier is a class of non-linear classifiers that deal well with high dimensional training sets 

and, unlike decision trees, do not tend to bias or overfit the training set. However, previous works that dealt with 

EEG data claim linear classifiers, such as LDA, tend to perform better on high dimensional spatio-temporal data 

[57], and SVMs have the advantage of using the kernel trick to avoid great computational costs. Finally, although 

this might not be the best practice, PCA prior to classification is, in some cases, successful in reducing 

dimensionality (and thus the risk of overfitting) without great loss of relevant information, as was shown when 

decoding spoken words using LFPs [15]. 

When classifying vowels relative to control (cf. Figure 4.21), four out of six subjects had average (over all four 

vowels) statistically significant (𝛼 =  5 %, Bonferroni corrected) classification accuracies using the best 

performing classifier (nearest centroid classifier after PCA, in average). The best performing subject (s3) showed 

an average classification accuracy of 85.2 ± 4.7 %, while the worst one of 55.6 ± 7.8 %. Interestingly, / i / vs 

control classification was significantly above chance for all six subjects (average classification accuracy 72.1 %), 

while the other three vowels proved to be significantly discriminable from chance for four out of six subjects. 

This is in line to what was observed in the Grand averages  for phonemes which involve movements of the back 

of the tongue against the palate. Indeed, [14] also had highest classification accuracy for vowel / i / in an overt 

speech task using ECoG. Despite this, the best performing subject-specific vowel vs control classification was for 

vowel / a / in subject s3 where accuracy rose to 91.0 %. Overall performances in vowels vs control classification 

are far superior to previous studies dealing with imagined vowels [33]. 

Better performances were achieved in the auditory stimulation condition (cf. Figure 4.23): as predicted, it 

was easier to discriminate auditory interpretation than speech intent. In this condition, five out of six subjects 

had average accuracies above chance level. Similarly to the speech imagery condition, s3 was the best performing 

subject, with an accuracy of 90.6 ± 2.0 % for the best performing classifier over all subjects, and a maximum at 

92.7 % for / u / vs control. 

We were able to classify at a significantly above chance level certain pairs of vowels (cf. Figure 4.25 and Annex 

V). Of these classifiers, the nearest centroid classifier after PCA was the one that performed best for the majority 

of the subjects, and was thus the one used for the online experiment, where a vowel discrimination task was 

implemented. Although performance was not as high as when performing vowel vs control classification, these 

results are in line with previous EEG studies on imagined vowels [33], and performance was expected to increase 

with the subject’s learning during the online experiment. 

Interestingly, a previous study [32] managed to consistently obtain above chance-level results for vowel 

speech perception classification. However, the mentioned study used an auditory steady-state response (ASSR) 

paradigm, which, although usually results in higher performance, also is less realistic and generalizable than our 

simple natural length stimuli. 
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Here, for those pairs where classification was performed at an above chance level, we determined features 

and channels which were commonly selected for classification: globally, both hemispheres were involved, 

although in many pairs, information was only gathered in one of the two, with no particularly distinguishable 

preference for a side; activity over speech-associated areas, namely Broca’s area (cf. Figure 4.27) and motor and 

supplementary motor areas (cf. Figure 4.28), was observed; most informative bands were determined to be α 

and β (mostly β2 and β3), although in some cases θ activity was used for classification. These results corroborate 

our previous observations in the Grand averages analyses. More importantly, feature selection was very 

consistent across iterations, validating the data as coherent and the feature selection method as generalizable. 

Discarding non-stereotypical vowel trials, i.e. vowel classifiers incorrectly labelled as rest in a vowel vs rest 

classifier, led to considerable increases in average classification performances in all subjects for both speech 

imagery and auditory stimulation conditions, except for one subject in the auditory stimulation condition. 

However, only in five out of six subjects did this result in significant imagined vowel classification results. 

Discarding these trials corresponds to discarding too noisy or too low activation trials, for instance. Indeed, it is 

common-practice to discard non-stereotypical [15] or excessively contaminated trials [58] when training 

classifiers for BCI applications. When assessing 4-class classification performance after non-stereotypical trial 

removal, we obtained promising results (cf. Figure 4.31) with accuracies comparable (but still inferior) to those 

obtained in previous studies using ECoG [34]. Being able to reproduce results obtained with more invasive 

techniques is a great encouragement to the construction of a non-invasive speech-like BCI, and other authors 

working with ECoG have appealed for reproduction of their results using non-invasive techniques such as EEG. 

These significant results were very motivating for the construction of an online experiment, where 

performance was expected to increase thanks to subject learning capacity. The best performing classification 

method, PCA followed by a nearest centroid classifier, was thus the approach chosen for an online setting. Given 

the complexity of speech decoding, we chose to implement a vowel discrimination task to control a BCI in an 

online setting, something which, to our knowledge, has only been performed so far with more invasive 

techniques, such as ECoG [11], [59]. 

 

5 Online analysis 

5.1 Online closed-loop BCI experimental setting 

 

To study the applicability of a closed-loop non-invasive speech imagery BCI, we designed a second 

experiment, in an online setting. Note that, even though the offline results were not promising, an online setting 

may result in improvement for the following reason: while in an offline analysis an algorithm learns from the 

electrophysiological data, in an online experiment both the algorithm learns from brain signals and the user 

learns how to better control the device, i.e. how to better modulate his or her brain waves in order for the 

algorithm to deliver the desired commands. This is achieved through neurofeedback, where real-time brain 



67 
 

activity is used to display audiovisual feedback to teach the subject self-regulation of brain function. Closing the 

loop through neurofeedback allows mutual learning of human and machine, thanks to neuroplasticity – this 

phenomenon is responsible for changes is neural pathways and synapse strength, playing a central role in 

learning and memory. The subject will learn how to maximise his reward, i.e. reaching the highest number of 

correct targets. This learning process is commonly known in behavioural neuroscience and machine learning as 

reinforcement learning. 

We decided to optimise our chances at discriminating between classes during the online experiment by using 

the simplest of the previously chosen stimuli: vowels. The general organisation for this second experimental 

protocol was as follows: 

x First part: offline training 

Since the protocol was not identical to the previous experiment, we first designed an offline part for the 

protocol. Like the first experiment, the subject’s task was to imagine saying vowels (including articulation, 

subvocalisation and auditory feedback). However, instead of a visual cue indicating when imagined speech 

should take place, a ball, located in the middle of the screen at the beginning of each trial, progressively 

moved towards a target. Four targets – with four different colours –, each one corresponding to a different 

vowel, were located on the screen (North, East, South and West). At the beginning of a trial, an auditory 

stimulus indicated the subject which vowel he or she should imagine. The ball changed its colour to the one 

corresponding to the target it should reach. Next, while the subject is imagining saying this vowel, the ball 

moved towards the corresponding target; once it reached it, an auditory feedback returned the adequate 

response. The interval from which the ball moves from the centre to a target was then extracted to train 

the classifier on. In this part of the experiment, 30 trials were used per vowel, making a total of 120 trials, 

and approximately 20 min. This was done in two 10 min blocks to avoid excessive fatigue and cognitive 

demand. Subjects were told the computer was merely assisting them, such that they ought to have made 

their best efforts in accomplishing the task. The classifier was trained on the offline data collected at this 

point, and was used in the second part for classification. Given the poor performance of the classifiers 

obtained in the previous sections, we opted for binary classification in the online setting. We had four 

vowel, corresponding to six vowel pairs used to train six classifiers that were subsequently used and tested 

in the online part of the experiment. We discarded the most frontal (Fpz, Fp1, Fp2, AFz, AF3, AF4, AF7, AF8) 

and most occipital (Iz, Oz, O1, O2, POz, PO3, PO4, PO7, PO8) electrodes, due to their high susceptibility to 

EOG artefacts. 

x Second part: online testing 

Once the six binary classifiers were trained, the online part of this experiment was performed. To this 

end, only two targets were presented on the screen (East and West), each one of them corresponding to a 

vowel (in a given pair). The general organisation of this part of the experiment is illustrated by Figure 5.1. 

At the beginning of a trial, an auditory stimulus indicated the subject which vowel to imagine, and the ball 

changed its colour to the one of the corresponding target. The graphical interface integrated the 
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classification output, to progressively classify a trial into one of two classes: this corresponded to reaching 

one of the targets. This allowed the user to continuously know whether the classifier output corresponded 

to the desired one. Ideally, the user would be able to modulate his or her brain signals so that the classifier 

output a command corresponding to his or her intents. In this part of the experiment, 25 trials were used 

per vowel pair, with an additional 10 seconds between blocks to allow the user some rest, making up a total 

of 150 trials, and approximately 25 min. Duration varied among subjects due to different levels of control 

over the BCI. 

In both offline training and online testing, a 2 s delay between stimulus onset and ball movement guaranteed 

the signals being classified were indeed speech imagery and not direct auditory stimulus response. 

The graphical user interface was implemented using C++ and cnbiloop, a CNBI BCI software, while the data 

analysis, developed in the next sections, was performed using MATLAB. 

 

Figure 5.1 General organisation of the online experiment. At the beginning of each trial, an auditory stimulus indicated the 
subject which vowel he or she should imagine. Subsequently, the ball on the computer screen changed its colour to match the 
one of the target the subject should reach. Electrodes placed on the scalp recorded vowel encoding brain signal, which were 
processed and classified using a previously trained classifier. Classification output resulted in commands that controlled ball 
movement on the computer screen, constituting a visual feedback to the subject. Moreover, features collected for new trials 
were fed back to the classifier, thus adapting the model through Kalman filtering.  
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5.2 Online classifier and non-stationarity adaptation method 

 

The choice of the online classifier, a nearest centroid classifier after PCA, was based solely on classification 

performance and computational costs, and will be discussed further. Six classifiers were trained per subject: one 

for each pairwise classification. The second experimental protocol design was tested and adapted progressively. 

For the first versions, we simply used classifiers trained on the first (offline) part (i.e. corresponding to Figure 5.1 

without the inner feedback loop using Kalman filtering, discussed shortly). 

As a result, we observed that the classifiers trained on the offline part were biased: indeed, classification 

during the online part was always done towards the same class in a given pairwise classification. After carefully 

looking through the code for eventual bugs and analysing the collected data offline, we observed, for more than 

half the initial features, a systematic offset, placing testing points far from both centroids in the principal 

component space, regardless of which class they belonged to. However, comparing trials from two different 

classes, led to similar relative results in both test and training sets: let us suppose, for a given feature 𝑥𝑖, the 

mean obtained in the training set for class 1 is significantly larger than the one obtained for class 2; the same 

relative observation could be made in the test set. However, the mean of this feature, regardless of classes, was 

significantly larger in the test set compared to the training set; thus, if we would classify solely on this feature (to 

simplify our explanation) patterns would systematically be assigned to class 1. This observation was especially 

flagrant in features involving the θ band, and most common in left hemisphere electrodes. Bias occurrence in 

online setting BCIs are a phenomenon which is well known to occur, namely in MI [60]. 

After carefully certifying no bias was introduced in processing steps – by assuring all processing settings were 

precisely the same for feature extraction in both training and test sets – we hypothesised this bias was due to 

non-stationarities present in recorded EEG signals, which origin from evolving noise as well as from changing 

brain patterns, and are a frequent source of classification deterioration in brain-computer interfaces [61]. 

We thus decided to make use of an adaptation method based on Kalman filters for tracking underlying non-

stationarities from EEG features in order to readjust centroid position and eliminate the bias. Kalman filtering is 

a recursive algorithm that produces estimates of certain variables based on a series of measurements containing 

noise and non-stationarities (and other imprecisions). For a detailed explanation, refer to Kálmán’s original paper 

[62]. This adaptative method to deal with non-stationary processes was successful in helping obtaining unbiased 

classifiers only after a few test trails for five out of six classifiers in three out of five subjects. For more details 

refer to the confusion matrices below. 
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5.3 Results 

Figure 5.2, Figure 5.3, Figure 5.4, Figure 5.5  and Figure 5.6 show overall offline classification performances 

for subjects s1, s3, s4, s5 and s6, respectively. Figure 5.7 groups classification accuracies per vowel pair. 

Notice in Figure 5.6 that results for subject s6 are only shown for four classifiers. Indeed, although the fifth 

tested classifier was not biased, the subject was not able to achieve a sufficient level of control to reach any of 

the targets. Similarly, when testing the fourth classifier (/ e / vs / u /), though bias was reduced after a few trials 

(particularly relative to evidently biased classifiers, such as / a / vs / i / or / i / vs / u /), the level of control was 

substantially low, leading to high levels of cognitive demand, fatigue and demotivation. Faced with this inability 

to control the BCI, we decided to interrupt the online session for subject s6. Despite this, the subject was capable 

of achieving significant results in 1 out of 4 vowel pairs, suggesting he might have been able to control the BCI 

 

Figure 5.5 Online classification results for s1. Confusion 
matrices represent percentage of trials assigned to each 
class, for all six pairs. In each matrix, vertical coordinate 
represents true class, while horizontal coordinate 
represents predicted class. 

 

Figure 5.4 Online classification results for s3. Confusion 
matrices represent percentage of trials assigned to each 
class, for all six pairs. In each matrix, vertical coordinate 
represents true class, while horizontal coordinate 
represents predicted class. 

 

 

Figure 5.3 Online classification results for s4. Confusion 
matrices represent percentage of trials assigned to each 
class, for all six pairs. In each matrix, vertical coordinate 
represents true class, while horizontal coordinate 
represents predicted class. 

 

 

Figure 5.2 Online classification results for s5. Confusion 
matrices represent percentage of trials assigned to each 
class, for all six pairs. In each matrix, vertical coordinate 
represents true class, while horizontal coordinate 
represents predicted class. 
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after extensive training over many sessions. However, 

the possibility this subject is unable to control such a 

BCI is evident and urges for solutions discussed in the 

General Discussion.  

When asked, three out of five subjects reported to 

have substantial control over the BCI after a small 

number of trials (initial adaption of the classifier), but 

also felt this control deteriorated over time, which led 

to confusion and demotivation. In order to assert this, 

we assessed feature stability over time. An example of 

such an analysis is shown in Figure 5.8. These 

observations were discussed in the next section. 

 

5.4 Discussion 

 

For the reasons mentioned in Comparison and 

discussion and Online classifier and non-stationarity 

adaptation method, PCA followed by nearest centroid 

classifier was the chosen online classification method. 

PCA is risky method to use, since it is not a supervised 

method and we may thus be discarding valuable 

information. Despite this, it was consistently the best 

performing method and it has been used in speech 

imagery by previous authors [15], [58] (but using 

different measurement techniques). Furthermore, 

this method has the advantage of reducing the 

dimension of the original data, removing irrelevant 

and redundant information and reducing 

computational costs [29], so we decided to keep this 

procedure. 

Previously gathered results, indicate the feasibility 

of a speech imagery closed-loop BCI for a vowel task 

without the use of an invasive technique. Indeed, for 

 

Figure 5.6 Online classification results for s6. Confusion 
matrices represent percentage of trials assigned to each 
class, for four out six pairs. In each matrix, vertical 
coordinate represents true class, while horizontal 
coordinate represents predicted class. 

 

 

Figure 5.7 Overall online classification accuracies. Box 
and whiskers plot over all five subjects for classification 
accuracies obtained when classifying each vowel pair in 
the online setting. Dashed red line represents chance level, 
i.e. 50 %. Red dots and red segments represent means and 
medians, respectively. 
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the best performing subject and classifier – / e / vs / u / in subject s5 – a classification accuracy of 83.9 % was 

achieved, a performance comparable with previous results obtained with ECoG [11]. Moreover, all subjects had 

at least one vowel pair with significantly above chance classification accuracy. Further improvements might result 

in performances in all equal to invasive techniques, at least for such simple tasks, thus potentiating the use of 

non-invasive techniques for speech imagery BCIs. 

Despite some good results, we were not able to successfully unbias all classifiers for all subjects, and some 

others did not raise significantly above chance level. However, due to observations in feature stability, we are 

led to believe the adaptive classification may yet be altered to improve classification outcomes considerably. 

Indeed, in several cases (cf. Figure 5.8) an initial pronounced increase in feature discrimination capacity (after 

one to eight trials of adaptation) was followed by a progressive decline, indicating us either a) continuous 

adaptation might not be the best possible strategy for long periods of time – due to inability to select 

representative information from irrelevant one and/or confusion of the subject relative to how to best modulate 

his or her brainwaves – or b) this particular method of continuous adaptation can be improved or replaced by a 

more adequate one. Note that the issue of initial improvement followed by deterioration is not novel in online 

 

Figure 5.8 Feature stability over time. Absolute value of difference of means is a measure of interclass variability, while 
squared root of summed variances is a measure of interclass variability. Its ratio is an effective measure of feature separation 
power. For the sake of simplicity, the first three principal components (instead of the initial features) are shown and their 
evolution over time for two classifiers where performance was significantly above chance: / a / vs / e / in subject s1 (top) and 
/ e / vs / u / in subject s5 (bottom). For both graphs, speech imagery intervals corresponding to each vowel pair were extracted 
and concatenated. 
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BCI context, when simultaneous learning of human and machine occurs: indeed, since the two learn at different 

rates, performance may actually decrease at some point. A common solution to this problem is increased training 

times, thus guaranteeing convergence of human and machine. 

 

6 General Discussion 
 

In this work, we have obtained significant results in decoding different objects in speech imagery and 

identified some clear difficulties we had to struggle with. 

We resorted to different techniques for offline classification, some of which performed better than others. 

The first explored technique was matched filter classification, a method that had been successfully applied in 

rhythmic imagined syllable imagination [55]. However, this method did not exceed expectations. On the contrary, 

being a correlation based method, it requires a high degree of synchronisation, and thus is only truly fruitful 

when peak detection and time wrapping algorithms are used. This, however, proved to be complicated to achieve 

with the designed protocol. 

Next, we used a technique that exploited the well-established CSP filtering method. Despite the promising 

results described in decoding imagined speech [21], [33], the method did not manage to significantly classify any 

vowel pair for any subject, illustrating its high tendency to overfit the training data, which ultimately leads to 

poor classification performances. However, this method was useful to detect brain patterns associated with 

specific concepts, in order to achieve understanding of how these are processed in the brain and compare our 

data and results to that of other authors. 

Finally, we explored a feature pre-selection followed by a semi-automatic selection, solely based on spectral 

features. This semi data-driven method allowed to take into account a priori physiological information (e.g. 

physiological frequency bands in the normal EEG), and to obtain a more complex feature space (e.g. sums of 

squares, standard deviations, ratios) where class separability might be increased, followed by a feature selection 

based on a statistical test, thus discarding irrelevant features. This method outperformed, by far, other 

classification attempts. This is justified by a) some of the mentioned characteristics of the method; b) the 

drawbacks of the other techniques (namely time-synchronisation requirements and tendency to overfit); and c) 

the hypothesis that vowels are mostly characterised by suprasegmental features, thus making a spectral analysis 

more fruitful than a temporal one (cf. Figure 2.4). Using this feature extraction and selection method, we then 

compared different classifiers, the best performing one being PCA followed by nearest centroid classification. 

Despite the risk of using PCA, an unsupervised method, for dimensionality reduction (the risk of discarding useful 

information), this proved to be a fruitful approach, suggesting it successfully discarded irrelevant information 

and condensed useful one. 
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As for online classification, results clearly demonstrated the capacity of some subjects to control a non-

invasive speech BCI through reinforcement learning. Namely, since in most cases the spectral features used for 

classification were based on the α, β2 and β3 physiological bands, online results indicate humans are capable of 

modulating speech imagery brain patterns in these frequency ranges, similarly to how SMR can be modulated to 

control a motor imagery BCI [63]. Moreover, observations on feature stability indicate online classification results 

still have room for improvement. This is deeply motivating for future applications, as shall be elaborated below. 

Despite this, we also encountered difficulties along the two experiments and respective analyses that ought 

to be discussed in detail. 

Let us first consider the experimental design: further synchronisation (e.g. introducing rhythmic repetition of 

stimuli [55]) would have eventually improved signal quality, and thus classification results, but it would also have 

lost a great deal in applicability for other contexts. Furthermore, although we attempted to maximise our chances 

in discriminating between stimuli, there is no actual proof that the used criteria reflect the true nature of 

imagined speech. Moreover, we should consider the clear difficulty in defining an adequate control condition: 

how can we avoid any time of imagined speech if our reasoning (at least in great part) is based on it? Finally, 

when analysing classification accuracy for some subjects along an entire recording session, clear signs of accuracy 

deterioration were observable at their end, likely due to fatigue and cognitive demand in an imagined speech 

task. 

A counterbalance of the lastly referred point is the necessity for a larger amount of data. Although this would 

have increased recording sessions length, a larger training set would have been desirable, due to the complexity 

of the signal we wished to analyse and the tendency of some algorithm to overfit small training sets. We believe 

we have obtained a good compromise between session length and training set size, yet it would also have had 

proved fruitful to perform more than one offline session per subject, allowing us to make a rigorous feature 

stability evaluation and obtain more generalizable models. Unfortunately, due to the time constraint, this was 

not possible to achieve. 

The two previous points were the main reason why syllable stimuli were discarded for most subjects: this 

resulted in less fatigue and increased amount of data for vowel and word classes. Coincidently, subjects s1 and 

s2, which are those whose sessions included syllable stimuli, were the least performing subjects for most 

classification methods, suggesting fatigue and cognitive demand might be a factor of great influence in a speech 

imagery BCI performance. 

A limitation whose mention is inevitable is the low SNR obtained when analysing imagined speech with EEG, 

and how surpassing hardware and software limiting factors can improve it. Indeed, since EEG electrodes are 

much further away from neurons as, for example, ECoG electrodes, the former can only record fairly gross 

patterns of brain activity, with spatial resolutions in the centimetre range. To distance we should add 

attenuation, high impedance and non-homogeneity of tissues [64]: between electrode and neurons, current 

must traverse three meninges (pia mater, arachnoidea mater and dura mater), the cranium (bone marrow, 

endosteum and periosteum), skin and hair, among several other structures, such as blood vessels or aponeurosis. 
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These factors together with different orientation of cortex sources, coherences between sources, etc. lead to 

attenuated and distorted signals, making them highly sensitive to noise. Naturally many of the pre-processing 

and processing techniques helped in minimising these deteriorating effects, but low SNR in EEG still constitutes 

one of its major limitations. 

A major challenge we faced occurred when shifting from an offline setting to an online setting, where highly 

biased classifiers were obtained due to diverse noise sources and non-stationarities common in EEG [30], [61]. 

These non-stationarities are either caused by learning effects (humans learn to maximise rewards obtained in 

their environment [65]) and subject fatigue (due to cognitively demanding task) that alter EEG patterns; or may 

have technical reasons, such as variations in impedance between electrodes and scalp [65]. The established 

solution was improving the feature translation algorithm using an adaptive method to deal with such 

inaccuracies. 

Finally, a challenge we verified for one out of five subjects was the inability to adequately control the BCI, a 

commonly faced problem known as BCI illiteracy (while some subjects are able to modulate their brain waves to 

control a BCI, others are not able to do so, even after substantial training) which is estimated to occur in 15 to 

30 % of subjects in MI alone [66]. There is no clear consensus in the filed on why such a problem occurs. 

 

7 Conclusions and future insights 
 

This work has led to significant insights into the development of a non-invasive speech imagery BCI. Indeed, 

not only were we able to reproduce and improve certain results by previous authors, but we also achieved, for 

some subjects, accuracies comparable to those achieved using more invasive recording techniques. This leads us 

to believe that once speech BCIs have been fully mastered using invasive techniques, the knowledge gained from 

such techniques will be translatable into non-invasive ones, especially with the development of higher quality 

hardware and software, allowing obtaining higher quality signals and more robust processing, feature extraction 

and classification algorithms. Moreover, this thesis developed what is, to our knowledge, the first closed-loop 

non-invasive speech imagery BCI in an online setting. It is of great importance to provide evidence that subjects 

are capable of learning from such an interface, so that future applications can take place, namely with patients 

suffering from severe conditions, such as ALS. This provides an alternative approach to more traditional motor 

imagery BCI. 

Parallel to some poor classification results, we have identified problems that ought to be solved for a speech 

imagery BCI to be successfully implemented, namely for clinical and commercial applications. 

Alternate experimental protocols may capture the correlates of imagined speech more closely, namely 

through the establishment of more meaningful criteria for stimulus selection. It would be interesting to attempt 

using other sets of stimuli, but further findings on speech origin and construction ought to prove useful in 



76 
 

selecting these stimuli. Furthermore, future studies should take fatigue and cognitive demand of a speech 

imagery task into account as to improve their results through the design of less demanding protocols. 

Regarding signal acquisition and processing issues, the development of more robust hardware and software 

requires diverse and multidisciplinary efforts. 

In terms of hardware a lot of work in developing dry electrodes and improving transmission of the acquired 

information has been done over the last decade. Our EEG-based BCI system uses a headcap – allowing electrode 

incorporation – placed on the scalp using electroconductive gel. Although this modality has an average temporal 

resolution, little or no risks and low cost, the acquired signal is affected by various factors inherent to physiology 

(e.g. background noise and high tissue impedance) and by electromagnetic artefacts (from the apparatus) [25], 

[29], [67]. Additionally, the procedure is time-consuming (electrode placement and system calibration) and the 

usage of gel requires the subjects to wash their heads subsequent to each session [30]. The main solutions 

described in the literature include the usage of dry-electrodes and integration of pre-amplification processes in 

the electrodes. The number of potential solutions has grown over the last years, from electrodes which penetrate 

the skin with integrated amplifiers and high conductivity gold covered pins [68], through capacitive electrodes 

using conductive polymers as sensors (which unfortunately are still highly sensitive to movement artefacts) [69], 

to soft material-based electrodes placed on the skin (for subjects with alopecia or shaved) which perfectly adapt 

to skull geometry, allow local per-electrode amplification, and ultimately improve SNR [70]. Another strategy 

might be to improve protection of the connexion between the electrode and the bio-signal amplifier. Finally, it 

would be interesting to explore fNIRS as a non-invasive approach to speech imagery BCIs and complement EEG 

with this metabolic bio-signal. 

In terms of software, it is essential to improve feature extraction and translation algorithms, namely in the 

presence of complex artefacts, such as volitional inhibition [71] and to include the capacity of adaptively handling 

non-stationarity omnipresent in the extracted signals [30]. Classification can also be improved through the use 

of more sophisticated machine-learning algorithms [25], [29], [30]. 

Parallel to improved algorithms, it ought to be fruitful to consider the use of alternate information; this can 

be expressed as: 

x Feature types and domains 

Although most significant offline results we obtained here used spectral features, previous works have 

obtained very promising results while closely analysing temporal features, despite the spatio-temporal 

resolution of EEG relative to the fine fluctuations in speech. Namely, temporal envelope focused methods 

achieved considerable performances in imagined syllable discrimination [55] and attended speech decoding 

[72] using EEG. Moreover, time-frequency analyses proved to be useful in decoding overt and covert speech 

using ECoG [73]. These, together with our findings, call for a deep search into combining spectral and 

temporal information, or different classifier outputs to improve imagined speech decoding performance 

with non-invasive techniques. 
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x Recording modality 

Furthermore, combining different modalities has been shown to improve classification, especially when 

a new modality brings complementary information, e.g. MEG combined with EEG [10]. It is therefore of 

great interest to investigate other non-invasive and portable techniques, such as fNIRS [22], and ponder 

combining them with EEG with the objective of achieving decoding performances comparable to those 

achieved with invasive approaches. 

x Experimental paradigm 

Finally, we must consider different features of speech, and combine all information to further improve 

speech imagery BCI: features provided by articulatory imagery, features provided by hearing imagery, 

features which incorporate semantic information, a priori information relative to word and sound co-

occurrence in a given language, etc. 

We created a useable adaptive online speech BCI for a vowel imagery task, whose testing led to significant 

results for most subjects. 

Improvements to this online BCI might be achieved including adaptive feature extraction, selection and 

classification algorithms [74], especially in situations where the training set is too small to be fully representative 

of differences between classes. The created online BCI, however, still has margin for improvement, as 

performance has tendency to deteriorate over time, after a successful initial adaptation. This problem in co-

adaptation can be solved in several ways, none of which we were able to attempt, due to time constraints, but 

that we strongly motivate pursuit: a) further training with a larger number of sessions might help in converging 

towards a good performance; however, if deterioration is too evident, this may result in subject demotivation, 

thus further weakening classifier performance; b) to improve the current adaptive method, we propose to 

monitor class separation power of features while adaptation is performed, and interrupt adaptation before 

deterioration occurs, thus forcing the subject to modulate his or her brain waves to control the now static 

classifier (where class separation was maximum using the first trials); although we cannot guarantee 

discriminability will endure, there are strong indications that performance would increase, provided subjects are 

capable of sustaining control; c) a third and final proposed solution is to test other adaptation methods such as 

adaptive LDA [75], variational Kalman filtering [76] or hidden Markov models [77]. 

Additional improvements could also be achieved through the incorporation of error-related potentials [78], 

where unexpected visual feedback could be used to correct classification errors, thus increasing BCI usability. 

Some subjects were unable to adequately control the BCI. A solution to this problem is currently under 

investigation, and finding a so-called cure for BCI illiteracy would increase the scope of speech imagery BCI 

usability. Additional improvement in an online setting should also be achieved with further subject training, e.g. 

with supplementary BCI sessions. 

Recent findings in ‘yes’ vs ‘no’ classification by listening [79] and individual Chinese character discrimination 

in speech imagery [80], demonstrate the possibility and utility of using non-invasive approaches to build a speech 
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imagery BCI. Further efforts should be invested in imagined word decoding using non-invasive techniques, and 

‘yes’ vs ‘no’ paradigms should start being investigated in non-invasive closed-loop BCIs to take advantage of 

simultaneous learning of computer and subjects. Additional efforts should also be invested in imagined hearing 

decoding, since it has been closely related to imagined articulation [48]. Nevertheless, studies should also turn 

to patients in the near future, such as LIS patients, to account for any brain damage or reorganisation caused by 

different pathologies, and thus assess the feasibility of such BCIs in non-healthy subjects. 

The potential advantages of a speech imagery BCI relative to traditional BCI paradigms are many [81]: indeed, 

it constitutes a more natural and direct way for the user to communicate than motor imagery to control a speller, 

as well as a much more direct means of control, thus having the potential to achieve greater levels of success 

and motivation from the subjects. 

Research in building a BCI to control a speech synthesiser using ECoG is currently taking place. We should 

continue to invest in improving non-invasive techniques to match performances obtained with invasive ones –  

both in terms of higher quality acquisition and processing hardware, and more sophisticated feature extraction, 

feature selection and classification algorithms – with the objective of reliably controlling such a BCI without 

having to rely on invasive techniques. This would be of great utility to assist LIS patients or rehabilitate patients 

with speech disorders. 
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Annex I. Experimental confusion matrices and confusion matrices 
obtained in the literature 

 

Figure I.1 Normalised Levenshtein distances between pairs of monosyllabic words. Normalisation was performed by dividing 
by the maximum possible distance between two strings of characters of given lengths 

 

Figure I.2 Normalised Levenshtein distances between pairs of disyllabic words. Normalisation was performed by dividing by 
the maximum possible distance between two strings of characters of given lengths 
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Figure I.3 Normalised Levenshtein distances between pairs of trisyllabic words. Normalisation was performed by dividing by 
the maximum possible distance between two strings of characters of given lengths 

 
Figure I.4 Euclidian distance of spectrograms between pairs of auditory stimuli corresponding to monosyllabic words. 
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Figure I.5 Euclidian distance of spectrograms between pairs of auditory stimuli corresponding to disyllabic words. 

 
Figure I.6 Euclidian distance of spectrograms between pairs of auditory stimuli corresponding to trisyllabic words. 
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Figure I.7 Euclidian distance of spectrograms between pairs of auditory stimuli corresponding to vowels or syllables. 
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Figure I.8 Confusion matrices found in [35]. 
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Figure I.9 Confusion matrices and chart of pulmonic consonants found in [14]. 
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Annex II. General information on subjects 
 

Table II.1 General information about the subjects who participated in the experiments 
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* The average score of a large group of Dutch and Korean advanced learners of English was 70.7 % 
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Annex III. EOG and EMG analysis to detect and remove highly 
contaminated channels 
 

 

Figure III.1 EOG and EMG analysis in subject s5. Mean correlation between channels (left), p-values testing for the null 
hypothesis of no correlation (centre) and test results for p<0.05 (right) for subject s5. For subjects like s5, the most frontal 
electrodes were removed from analysis. The reason why this was done is simple: the abnormal high amplitude at these 
electrodes suggested the presence of a large amount of noise. Moreover, these electrodes are known to be susceptible to EOG-
related artefacts. Before taking this conclusion, the mean correlation between the EEG channels and the additional external 
channels (cf. Section 3.5) was computed, as well as the p-values for the null hypothesis that the signals are uncorrelated. We 
could then observe a probable correlation between some of the removed electrodes and vertical EOG (EOG3 represents the 
EOG electrode placed above the nasion). One can also observe a correlation between some occipital and parieto-occipital 
electrodes and EOG. However, due to the high distance between those electrodes, this is simple due to the function of the 
occipital lobe in vision; these electrodes were thus kept for analysis, since any activity related to visual information will likely 
not allow to discriminate between classes (except, perhaps, for the case of semantic categories).  
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Annex IV. Obtaining null distribution by shuffling target labels – Four 
imagined vowels class example 
 

 

 

Figure IV.1 Null distribution and normal fit in subject s1. Null distribution obtained by shuffling class labels randomly 1000 
times in a 4 imagined vowel classification problem after non-stereotypical trial removal and using PCA followed by nearest 
centroid classifier. In red is shown best normal fit. �̂� and �̂� represent normal distribution parameter estimates and 𝐿𝐿 the log-
likelihood of the fitted distribution. Horizontal labels represent predicted class and vertical labels represent actual class (after 
shuffling). As expected, estimated means are consistently around theoretical chance level (25.00). This example shows one of 
the very rare examples where a small bias was observable: variance estimate is larger when predicted and true class coincide 
as compared to when they do not. This was taken into account in further statistical analyses. 
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Figure IV.2 Null distribution and log-normal fit in subject s1. Null distribution obtained by shuffling class labels randomly 
1000 times in a 4 imagined vowel classification problem after non-stereotypical trial removal and using PCA followed by 
nearest centroid classifier. In red is shown best log-normal fit. �̂� and �̂� represent associated normal distribution parameter 
estimates and 𝐿𝐿 the log-likelihood of the fitted distribution. 𝑀𝑒𝑎𝑛 and 𝑆𝑡𝑑 represent the mean and standard deviation of 
fitted the log-normal distribution, respectively. Horizontal labels represent predicted class and vertical labels represent actual 
class (after shuffling). As expected, estimated means are consistently around theoretical chance level (25.00). This example 
shows one of the very rare examples where a small bias was observable: variance estimate is larger when predicted and true 
class coincide as compared to when they do not. This was taken into account in further statistical analyses. 
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Annex V. Classification accuracies 
 

Table V.1 Imagined vowel pairwise classification accuracies using matched filter classifier. (* p<0.05, **p<0.01, ***p<0.001, 
subject-wise Bonferroni corrected significance level 𝛼 = 0.002 for �̅� = 0.05) 

Subject Band ɑ vs e ɑ vs i ɑ vs u e vs i e vs u i vs u Mean S.D. 
s1 θ [3 – 8 Hz] 62,5%** 52,5% 52,5% 75,0 %*** 44,0% 45,0% 55,3% 11,7% 

α [8 – 13 Hz] 61,5%* 58,5% 60,0%* 63,5%** 66,0%*** 26,5%*** 56,0% 14,7% 
β [13 – 30 Hz] 50,5% 47,0% 55,5% 71,0%*** 52,0% 52,5% 54,8% 8,4% 

[3 – 30 Hz] 61,0%* 52,0% 58,5% 67,0%*** 55,0% 35,5%** 54,8% 10,8% 
s2 θ [3 – 8 Hz] 54,0% 61,5%* 60,5%* 48,5% 56,0% 68,0%*** 58,1% 6,8% 

α [8 – 13 Hz] 47,5% 41,5% 38,5%* 45,5% 45,5% 47,0% 44,3% 3,5% 
β [13 – 30 Hz] 40,0% 43,0% 39,5%* 61,0%* 27,0%*** 44,0% 42,4% 11,0% 

[3 – 30 Hz] 51,5% 56,5% 49,0% 55,0% 46,0% 50,0% 51,3% 3,9% 
s3 θ [3 – 8 Hz] 52,0% 44,5% 35,5%* 57,5% 49,5% 56,5% 49,3% 8,2% 

α [8 – 13 Hz] 61,5%* 53,5% 61,5%* 50,5% 48,5% 50,5% 54,3% 5,8% 
β [13 – 30 Hz] 48,5% 43,0% 57,5% 53,0% 53,5% 62,0%* 52,9% 6,7% 

[3 – 30 Hz] 60,0%* 52,0% 46,0% 54,0% 41,5% 61,0%* 52,4% 7,7% 
s4 θ [3 – 8 Hz] 44,0% 31,5%** 49,5% 34,5%** 53,5% 37,5%* 41,8% 8,7% 

α [8 – 13 Hz] 69,5%*** 44,0% 45,0% 47,5% 47,5% 55,5% 51,5% 9,7% 
β [13 – 30 Hz] 42,5% 48,0% 53,5% 63,5%** 46,5% 46,0% 50,0% 7,5% 

[3 – 30 Hz] 56,6% 40,5% 48,0% 48,5% 54,5% 44,0% 48,7% 6,1% 
s5 θ [3 – 8 Hz] 50,5% 59,5%* 59,0% 59,0% 53,5% 53,5% 55,8% 3,8% 

α [8 – 13 Hz] 47,0% 61,0%* 44,0% 62,0%* 57,5% 55,0 % 54,4% 7,4% 
β [13 – 30 Hz] 52,5% 52,0% 36,0%* 48,0% 43,0% 32,5%** 44,0% 8,4% 

[3 – 30 Hz] 46,0% 63,5%** 45,0% 58,5% 45,5% 59,5%* 53,0% 8,4% 
s6 θ [3 – 8 Hz] 52,5% 62,5%** 63,0%** 64.5%** 44,5% 52,5% 55,0% 7,8% 

α [8 – 13 Hz] 38,0%* 57,5% 51,5% 46,0% 58,5% 49,5% 50,2% 7,6% 
β [13 – 30 Hz] 52,0% 57,5% 45,0% 38,5%* 56,0% 55,5% 50,8% 7,5% 

[3 – 30 Hz] 44,5% 59,0%* 53,0% 48,5% 54,0% 53,5% 52,1% 5,0% 
 

 

 

 

 

Table V.2 Imagined consonant pairwise classification accuracies using matched filter classifier. (* p<0.05, **p<0.01, 
***p<0.001, subject-wise Bonferroni corrected significance level 𝛼 = 0.002 for �̅� = 0.05) 

Subject Band tʃ vs k tʃ vs m tʃ vs v k vs m k vs v m vs v Mean S.D. 
s1 θ [3 – 8 Hz] 45,5% 50,0% 52,5% 60,0%* 58,5% 56,0% 53,8% 5,5% 

α [8 – 13 Hz] 46,0% 58,0% 50,5% 38,5%* 59,5%* 47,5% 50,0% 7,9% 
β [13 – 30 Hz] 49,5% 50,5% 54,0% 40,0 % 57,0% 52,5% 50,6% 5,8% 

[3 – 30 Hz] 44,5% 60,5%* 53,0% 38,5%* 60,0%* 57,0% 52,3% 8,9% 
s2 θ [3 – 8 Hz] 46,0% 41,5% 66,5%*** 43,0% 61,0%* 57,5% 52,6% 10,5% 

α [8 – 13 Hz] 48,0% 57,0% 53,5% 52,0% 54,5% 61,0%* 54,3% 4,4% 
β [13 – 30 Hz] 47,5% 55,0% 49,5% 24,0%*** 48,5% 49,5% 45,7% 10,9% 

[3 – 30 Hz] 45,5% 46,5% 61,5%* 41,5% 55,0% 62,0%* 52,0% 8,7% 
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Table V.3 Imagined vowel vs rest condition classification accuracies using CSP spatial filters followed by SVM classifier. (* 
p<0.05, **p<0.01, ***p<0.001, subject-wise Bonferroni corrected significance level 𝛼 = 0.013 for �̅� = 0.05) 

 

   

 

Table V.4 Imagined vowel pairwise classification accuracies using CSP spatial filters followed by SVM classifier. (* p<0.05, 
**p<0.01, ***p<0.001, subject-wise Bonferroni corrected significance level 𝛼 = 0.008 for �̅� = 0.05) 

Subject ɑ vs e ɑ vs i ɑ vs u e vs i e vs u i vs u Mean S.D. 
s1 51% 52% 49% 47,50% 50,50% 46% 49,3% 2,3% 
s2 47,5% 46,5% 53,5% 48,5% 46,5% 54,5% 49,5% 3,6% 
s3 45,0% 42,0% 48,5% 44,0% 50,0% 54,5% 47,3% 4,6% 
s4 48,0% 48,5% 47,5% 52,5% 46,5% 44,5% 47,9% 2,7% 
s5 48,0% 49,5% 48,5% 46,0% 52,0% 44,5% 48,1% 2,6% 
s6 46,5% 56,0% 55,0% 47,0% 52,5% 54,5% 51,9% 4,2% 

 

 

 

Table V.5 Imagined vowel vs rest condition classification accuracies using semi-automatic feature extraction followed by 
different classifiers. (* p<0.05, **p<0.01, ***p<0.001, subject-wise Bonferroni corrected significance level 𝛼 = 0.013 for �̅� =
0.05) 

Subject Method ɑ vs rest e vs rest i vs rest u vs rest Mean S.D. 
s1 Rand. F. 56,5% 43,5% 59,5%* 58,0% 54,4% 7,4% 

PCA+n.c. 64,8%** 43,6% 63,8%** 55,5% 56,9% 9,8% 
SVM 63,7%** 47,2% 62,8%** 55,2% 57,2% 7,7% 
LDA 63,8%** 47,9% 55,3% 58,9% 56,5% 6,7% 

QDA 56,7% 49,2% 53,9% 54,5% 53,6% 3,2% 
s2 Rand. F. 48,5% 48,0% 59,0% 55,0% 52,6% 5,3% 

PCA+n.c. 46,3% 53,5% 64,9%** 57,8% 55,6% 7,8% 
SVM 46,8% 49,5% 60,4%* 55,0% 52,9% 6,1% 
LDA 44,0% 46,9% 63,0%** 58,9% 53,2% 9,2% 

QDA 45,9% 40,5% 55,8% 57,0% 49,8% 7,9% 
s3 Rand. F. 88,0%*** 72,0%*** 86,5%*** 82,5%*** 82,3% 7,2% 

PCA+n.c. 91,0%*** 80,1%*** 86,7%*** 83,0%*** 85,2% 4,7% 
SVM 84,9%*** 63,4%** 87,3%*** 72,3%*** 77,0% 11,2% 
LDA 89,3%*** 72,2%*** 87,0%*** 82,3%*** 82,7% 7,6% 

QDA 88,3%*** 72,2%*** 88,9%*** 79,8%*** 82,3% 7,9% 
s4 Rand. F. 76,5%*** 85,0%*** 81,0%*** 89,5%*** 83,0% 5,6% 

PCA+n.c. 83,8%*** 84,9%*** 77,1%*** 81,6%*** 81,8% 3,4% 
SVM 81,9%*** 82,6%*** 82,2%*** 82,9%*** 82,4% 0,4% 
LDA 79,8%*** 80,2%*** 76,4%*** 78,1%*** 78,6% 1,8% 

QDA 82,2%*** 79,6%*** 80,5%*** 82,8%*** 81,3% 1,5% 

Subject ɑ vs rest e vs rest i vs rest u vs rest Mean S.D. 
s1 51,5% 53,0% 55,0% 47,5% 51,8% 3,2% 
s2 46,5% 51,5% 53,5% 49,0% 50,1% 3,0% 
s3 50,0% 52,0% 70,5%*** 53,5% 56,5% 9,4% 
s4 73,5%*** 69,5%*** 53,0% 72,5%*** 67,1% 9,6% 
s5 63,0%** 62,0%* 70,5%*** 58,0% 63,4% 5,2% 
s6 57,0% 59,0% 63,5%** 55,0% 58,6% 3,6% 
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Subject Method ɑ vs rest e vs rest i vs rest u vs rest Mean S.D. 
s5 Rand. F. 62,5%** 64,5%** 53,0% 69,5%*** 62,4% 6,9% 

PCA+n.c. 60,8%* 68,6%*** 70,7%*** 71,7%*** 67,9% 5,0% 
SVM 54,5% 64,7%** 61,0%* 64,3%** 61,1% 4,7% 
LDA 61,6%* 67,8%*** 68,4%*** 67,0%*** 66,2% 3,1% 

QDA 56,9% 60,1%* 67,9%*** 67,7%*** 63,1% 5,5% 
s6 Rand. F. 76,5%*** 55,0% 66,0%*** 60,5%* 64,5% 9,2% 

PCA+n.c. 67,4%*** 63,1%** 69,5%*** 62,9%** 65,7% 3,3% 
SVM 65,5%*** 57,2% 66,2%*** 62,3%** 62,8% 4,1% 
LDA 71,0%*** 58,9% 66,9%*** 62,3%** 64,8% 5,3% 

QDA 69,0%*** 57,2% 65,9%*** 59,5%* 62,9% 5,5% 
 

 

 

Table V.6 Imagined vowel pairwise classification accuracies using semi-automatic feature extraction followed by different 
classifiers. (* p<0.05, **p<0.01, ***p<0.001, subject-wise Bonferroni corrected significance level 𝛼 = 0.008 for �̅� = 0.05) 

Subject Method ɑ vs e ɑ vs i ɑ vs u e vs i e vs u i vs u Mean S.D. 
s1 Rand. F. 42,5% 40,0% 35,5% 55,5% 38,5% 41,5% 42,3% 6,9% 

PCA+n.c. 42,5% 40,5% 36,6% 50,3% 44,4% 51,2% 44,2% 5,7% 
SVM 44,6% 46,5% 32,1% 50,7% 30,6% 40,7% 40,9% 8,1% 
LDA 41,3% 44,9% 40,3% 46,5% 37,7% 45,4% 42,7% 3,4% 

QDA 51,4% 44,3% 41,5% 48,6% 36,1% 44,2% 44,3% 5,4% 
s2 Rand. F. 63,0%** 49,5% 36,0% 47,0% 52,5% 61,0%* 51,5% 9,9% 

PCA+n.c. 55,8% 61,7%* 55,5% 52,5% 40,0% 47,9% 52,2% 7,5% 
SVM 53,3% 53,7% 51,0% 54,7% 45,4% 47,4% 50,9% 3,7% 
LDA 50,4% 55,9% 46,4% 48,2% 43,1% 50,7% 49,1% 4,3% 

QDA 43,2% 57,3% 50,4% 48,1% 45,5% 47,8% 48,7% 4,9% 
s3 Rand. F. 47,0% 48,0% 48,0% 49,5% 52,5% 45,5% 48,4% 2,4% 

PCA+n.c. 47,9% 42,7% 47,4% 50,7% 44,5% 35,8% 44,8% 5,2% 
SVM 54,5% 32,3% 46,6% 55,8% 43,6% 45,4% 46,3% 8,5% 
LDA 51,9% 42,8% 37,3% 52,9% 49,1% 57,1% 48,5% 7,3% 

QDA 45,9% 42,8% 43,1% 49,3% 44,4% 50,6% 46,0% 3,3% 
s4 Rand. F. 47,0% 49,0% 56,5% 42,5% 47,0% 46,0% 48,0% 4,7% 

PCA+n.c. 62,5%** 52,1% 55,0% 36,9% 63,5%** 49,0% 53,1% 9,8% 
SVM 57,7% 51,9% 55,7% 40,1% 60,0%* 49,5% 52,5% 7,2% 
LDA 58,0% 54,3% 53,4% 35,5% 54,3% 52,9% 51,4% 8,0% 

QDA 55,8% 50,7% 61,6%* 44,0% 46,9% 48,0% 51,1% 6,5% 
s5 Rand. F. 34,5% 51,5% 53,5% 58,0% 54,5% 58,5% 51,8% 8,9% 

PCA+n.c. 49,1% 61,6%* 53,8% 56,7% 47,3% 54,2% 53,7% 5,2% 
SVM 47,0% 55,2% 52,8% 56,3% 58,8% 53,7% 53,9% 4,0% 
LDA 44,0% 58,5% 56,1% 59,1%* 62,8%** 54,5% 55,8% 6,5% 

QDA 48,1% 53,1% 51,2% 51,8% 60,1%* 49,0% 52,2% 4,3% 
s6 Rand. F. 54,0% 47,0% 47,0% 47,0% 55,0% 45,0% 49,2% 4,2% 

PCA+n.c. 63,4%** 44,8% 38,2% 48,3% 50,1% 60,0%* 50,8% 9,4% 
SVM 53,9% 50,2% 39,5% 45,8% 48,2% 61,5%* 49,8% 7,5% 
LDA 54,0% 54,6% 47,0% 45,8% 49,3% 53,8% 50,7% 3,9% 

QDA 50,8% 48,8% 47,3% 44,2% 45,2% 51,9% 48,0% 3,1% 
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Table V.7 Imagined vowel pairwise classification accuracies using semi-automatic feature extraction followed by PCA and 
nearest centroid classification, after non-stereotypical trial removal. (* p<0.05, **p<0.01, ***p<0.001, subject-wise 
Bonferroni corrected significance level 𝛼 = 0.008 for �̅� = 0.05) 

Subject ɑ vs e ɑ vs i ɑ vs u e vs i e vs u i vs u Mean S.D. 
s1 54,8% 54,5% 40,5% 56,8% 45,1% 66,8%*** 53,1% 9,3% 
s2 56,2% 54,4% 56,3% 40,1% 83,2%*** 77,9%*** 61,3% 16,2% 
s3 58,7% 44,3% 45,5% 53,7% 55,2% 40,6% 49,6% 7,2% 
s4 52,0% 66,8%*** 46,4% 48,9% 72,2%*** 43,4% 54,9% 11,8% 
s5 41,5% 55,5% 52,7% 50,4% 65,9%*** 69,8%*** 56,0% 10,4% 
s6 71,6%*** 44,6% 65,5%*** 57,0% 63,3%** 47,9% 58,3% 10,5% 

 

Table V.8 Imagined consonant pairwise classification accuracies using semi-automatic feature extraction followed by 
different classifiers. (* p<0.05, **p<0.01, ***p<0.001, subject-wise Bonferroni corrected significance level 𝛼 = 0.008 for �̅� =
0.05) 

Subject Method tʃ vs k tʃ vs m tʃ vs v k vs m k vs v m vs v Mean S.D. 
s1 PCA+n.c. 48,1% 40,5% 50,1% 50,5% 49,1% 57,1% 49,2% 5,3% 

SVM 53,4% 43,9% 46,9% 53,1% 53,7% 61,7%* 52,1% 6,2% 
LDA 55,2% 41,1% 46,7% 52,4% 53,6% 61,2%* 51,7% 7,0% 

QDA 56,6% 43,4% 43,6% 51,5% 57,9% 63,5%** 52,7% 8,1% 
s2 PCA+n.c. 39,3% 48,1% 41,2% 38,5% 57,3% 57,0% 46,9% 8,6% 

SVM 41,7% 55,3% 42,6% 41,7% 56,0% 53,3% 48,4% 7,1% 
LDA 45,4% 59,6%* 41,3% 42,8% 51,9% 50,8% 48,6% 6,8% 

QDA 37,7% 60,4%* 44,4% 43,2% 57,6% 48,1% 48,5% 8,8% 
 

 

Table V.9 Heard vowel vs rest condition classification accuracies using semi-automatic feature extraction followed by 
different classifiers. (* p<0.05, **p<0.01, ***p<0.001, subject-wise Bonferroni corrected significance level 𝛼 = 0.013 for �̅� =
0.05) 

Subject Method ɑ vs rest e vs rest i vs rest u vs rest Mean S.D. 
s1 Rand. F. 45,5% 54,0% 51,0% 48,5% 49,8% 3,6% 

PCA+n.c. 57,9% 53,3% 61,3%* 52,5% 56,2% 4,1% 
SVM 55,5% 53,7% 57,3% 56,4% 55,7% 1,6% 
LDA 53,2% 62,7%** 50,9% 46,3% 53,3% 6,9% 

QDA 54,0% 60,2%* 55,3% 50,6% 55,0% 4,0% 
s2 Rand. F. 45,0% 53,5% 64,5%** 63,0%** 56,5% 9,1% 

PCA+n.c. 55,9% 65,7%*** 65,4%*** 60,3%* 61,8% 4,6% 
SVM 53,9% 60,7%* 56,0% 57,9% 57,1% 2,9% 
LDA 54,6% 58,1% 65,9%*** 54,8% 58,3% 5,3% 

QDA 57,2% 59,7%* 61,9%* 55,4% 58,5% 2,8% 
s3 Rand. F. 86,5%*** 89,0%*** 95,5%*** 93,0%*** 91,0% 4,0% 

PCA+n.c. 89,4%*** 88,5%*** 91,7%*** 92,7%*** 90,6% 2,0% 
SVM 89,0%*** 88,0%*** 86,9%*** 92,0%*** 88,9% 2,2% 
LDA 87,4%*** 87,5%*** 88,7%*** 90,5%*** 88,5% 1,4% 

QDA 89,1%*** 90,2%*** 95,3%*** 90,8%*** 91,3% 2,7% 
s4 Rand. F. 79,5%*** 95,0%*** 63,5%** 74,5%*** 78,1% 13,1% 

PCA+n.c. 81,0%*** 82,3%*** 74,1%*** 80,6%*** 79,5% 3,7% 
SVM 67,3%*** 69,8%*** 69,0%*** 67,3%*** 68,3% 1,3% 
LDA 79,3%*** 85,1%*** 70,7%*** 80,1%*** 78,8% 6,0% 

QDA 85,0%*** 86,9%*** 69,5%*** 80,6%*** 80,5% 7,8% 
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Subject Method ɑ vs rest e vs rest i vs rest u vs rest Mean S.D. 
s5 Rand. F. 62,0%** 70,0%*** 61,5%* 72,5%*** 66,5% 5,6% 

PCA+n.c. 77,5%*** 76,4%*** 72,8%*** 70,5%*** 74,3% 3,2% 
SVM 68,7%*** 71,9%*** 66,1%*** 64,2%** 67,7% 3,3% 
LDA 73,3%*** 71,1%*** 63,5%** 63,2%** 67,8% 5,2% 

QDA 72,3%*** 65,8%*** 65,1%*** 58,1% 65,3% 5,8% 
s6 Rand. F. 52,5% 61,5%* 51,5% 72,0%*** 59,4% 9,5% 

PCA+n.c. 62,6%** 65,6%*** 59,5%* 70,0%*** 64,4% 4,5% 
SVM 57,8% 59,1% 59,5%* 67,4%*** 60,9% 4,4% 
LDA 60,8%* 58,3% 60,7%* 72,5%*** 63,0% 6,4% 

QDA 57,6% 61,5%* 59,1%* 69,0%*** 61,8% 5,0% 
 

 

Table V.10 Heard vowel pairwise classification accuracies using semi-automatic feature extraction followed by different 
classifiers. (* p<0.05, **p<0.01, ***p<0.001, subject-wise Bonferroni corrected significance level 𝛼 = 0.008 for �̅� = 0.05) 

Subject Method ɑ vs e ɑ vs i ɑ vs u e vs i e vs u i vs u Mean S.D. 
s1 Rand. F. 57,0% 54,0% 54,5% 54,0% 39,5% 60,0%* 53,2% 7,1% 

PCA+n.c. 38,8% 46,1% 63,1%** 65,9%*** 47,4% 61,3%* 53,8% 11,1% 
SVM 48,5% 41,0% 51,5% 68,6%*** 48,9% 58,8% 52,9% 9,6% 
LDA 42,9% 53,1% 59,7%* 59,2%* 47,9% 58,5% 53,6% 6,9% 

QDA 44,9% 50,0% 51,6% 58,5% 54,2% 63,7%** 53,8% 6,6% 
s2 Rand. F. 51,5% 39,0% 33,5% 53,5% 62,0%* 59,5%* 49,8% 11,3% 

PCA+n.c. 53,8% 39,8% 42,9% 47,5% 58,9% 58,9% 50,3% 8,2% 
SVM 51,6% 39,5% 45,4% 48,2% 52,5% 54,8% 48,6% 5,6% 
LDA 50,2% 48,5% 45,5% 50,1% 56,0% 50,2% 50,1% 3,4% 

QDA 49,7% 46,5% 48,0% 47,2% 60,1%* 54,7% 51,0% 5,3% 
s3 Rand. F. 42,5% 49,5% 50,0% 49,5% 54,0% 39,0% 47,4% 5,5% 

PCA+n.c. 62,9%** 51,0% 42,7% 50,3% 50,9% 39,0% 49,4% 8,3% 
SVM 64,0%** 54,2% 48,5% 46,1% 55,0% 33,5% 50,2% 10,3% 
LDA 61,2%* 51,6% 43,4% 49,0% 57,3% 35,3% 49,6% 9,4% 

QDA 54,5% 56,1% 46,3% 46,8% 54,6% 36,6% 49,1% 7,5% 
s4 Rand. F. 44,5% 57,5% 43,5% 54,0% 47,5% 51,0% 49,7% 5,5% 

PCA+n.c. 46,3% 43,3% 38,3% 45,4% 51,4% 55,4% 46,7% 6,0% 
SVM 47,5% 50,9% 31,7% 46,2% 40,5% 55,3% 45,3% 8,3% 
LDA 43,2% 46,0% 42,5% 44,8% 46,2% 57,2% 46,6% 5,4% 

QDA 47,0% 47,4% 37,6% 49,9% 38,8% 51,0% 45,3% 5,7% 
s5 Rand. F. 48,0% 49,5% 42,5% 46,0% 45,5% 41,0% 45,4% 3,2% 

PCA+n.c. 46,0% 46,6% 51,1% 42,9% 35,9% 57,3% 46,6% 7,3% 
SVM 54,6% 53,9% 39,1% 47,7% 33,1% 54,9% 47,2% 9,2% 
LDA 55,3% 52,5% 41,1% 44,7% 39,4% 52,7% 47,6% 6,7% 

QDA 51,8% 57,0% 48,1% 45,0% 42,3% 52,7% 49,5% 5,4% 
s6 Rand. F. 44,0% 44,5% 44,0% 51,0% 55,0% 50,0% 48,1% 4,6% 

PCA+n.c. 47,5% 39,5% 39,4% 52,7% 45,3% 62,1%** 47,7% 8,7% 
SVM 48,0% 39,9% 53,3% 49,4% 48,9% 57,9% 49,5% 6,0% 
LDA 46,3% 38,3% 54,1% 51,0% 50,4% 56,0% 49,3% 6,4% 

QDA 48,1% 42,9% 52,0% 49,0% 47,9% 57,4% 49,5% 4,8% 
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Table V.11 Heard vowel pairwise classification accuracies using semi-automatic feature extraction followed by PCA and 
nearest centroid classification, after non-stereotypical trial removal. (* p<0.05, **p<0.01, ***p<0.001, subject-wise 
Bonferroni corrected significance level 𝛼 = 0.008 for �̅� = 0.05) 

Subject ɑ vs e ɑ vs i ɑ vs u e vs i e vs u i vs u Mean S.D. 
s1 66,4%*** 47,6% 79,5%*** 62,7%** 66,9%*** 77,8%*** 66,8% 11,6% 
s2 64,9%** 63,5%** 69,3%*** 48,6% 66,0%*** 66,1%*** 63,1% 7,3% 
s3 60,4%* 48,6% 42,4% 47,8% 51,4% 40,1% 48,4% 7,2% 
s4 50,1% 57,1% 54,2% 43,9% 50,0% 43,6% 49,8% 5,4% 
s5 46,1% 41,2% 45,5% 45,2% 39,5% 53,0% 45,1% 4,7% 
s6 53,5% 39,7% 37,0% 55,3% 48,4% 62,1%** 49,3% 9,6% 

 

 

Table V.12 Imagined "yes" vs "no" and animal semantic category vs food semantic category classification accuracies 
using CSP followed by SVM or semi-automatic feature extraction followed by different classifiers. (* p<0.05) 

Subject Method jes vs noʊ animal vs food 
s1 CSP + SVM – 47,5% 

Semi-
automatic 

feature 
extraction 

PCA+n.c. 52,4% 52,0% 
SVM 51,5% 54,2% 
LDA 50,6% 49,3% 

QDA 48,0% 54,0% 
s2 CSP + SVM – 50,0% 

Semi-
automatic 

feature 
extraction 

PCA+n.c. 51,4% 55,7% 
SVM 47,2% 50,4% 
LDA 47,1% 50,4% 

QDA 47,0% 50,5% 
s3 CSP + SVM – 52,0% 

Semi-
automatic 

feature 
extraction 

PCA+n.c. 51,5% 55,2% 
SVM 49,1% 53,5% 
LDA 46,9% 51,3% 

QDA 42,3% 51,2% 
s4 CSP + SVM – 49,0% 

Semi-
automatic 

feature 
extraction 

PCA+n.c. 44,1% 36,1% 
SVM 50,4% 35,0% 
LDA 46,6% 41,1% 

QDA 49,4% 46,3% 
s5 CSP + SVM – 60,0%* 

Semi-
automatic 

feature 
extraction 

PCA+n.c. 47,1% 54,4% 
SVM 51,3% 57,0% 
LDA 52,9% 55,0% 

QDA 54,0% 55,2% 
s6 CSP + SVM – 46,0% 

Semi-
automatic 

feature 
extraction 

PCA+n.c. 50,2% 55,5% 
SVM 56,4% 59,1%* 
LDA 53,3% 59,6%* 

QDA 54,3% 56,5% 
 


