
 
 
 
 
 

 
Towards a speech BCI: 

The relation between sensorimotor cortex activity and 
speech, articulator and facial movements 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Efraïm Salari 



 
 
I 

 
 
 
 
 
 
 
 
 
 
 

Towards a speech BCI: The relation between sensorimotor cortex activity and speech, 
articulator and facial movements 
PhD Thesis, Utrecht University, The Netherlands 
 
ISBN: 978-90-393-7106-0 
 
Author: Efraïm Salari 
Cover artwork & design: Efraïm Salari 
Cover title: “Tussen de spleten in de muur groeide een nieuw idee”, naar de Loesje van 
vrijdag 17 augustus 2018. 
Printed by: Ridderprint BV 
 
Publication of this thesis was accomplished with financial support of the Brain Center 
Rudolf Magnus, Universty Medical Center Utrecht. 
 
Copyright Ó 2019, Efraïm Salari 
All rights reserved. No part of this thesis may be reproduced or transmitted in any form by 
any means, electronic or mechanical, including photocopying, recording, or any information 
storage and retrieval system, without the permission in writing of the copyright owner. The 
copyright of the articles that have been published or accepted for publication had been 
transferred to the respective journals. 

 



 
 

II 

Towards a speech BCI:  
The relation between sensorimotor cortex activity and 

speech, articulator and facial movements 
 
 

Op weg naar een spraak BCI:  
De relatie tussen sensomotorische cortex activiteit en  

spraak-, articulator- en gezichtsbewegingen  
 

(met een samenvatting in het Nederlands) 
 
 
 

Proefschrift 
 

ter verkrijging van de graad van doctor aan de Universiteit Utrecht op gezag van de rector 
magnificus, prof. dr. H.R.B.M. Kummeling, ingevolge het besluit van het college voor 

promoties in het openbaar te verdedigen op maandag 1 april 2019 des middag te 4.15 uur. 
 
 

door 
 
 

Efraïm Salari 
 

geboren op 20 maart 1991 
te Tiel, Nederland 

 
 
 
 
 
 
 
 



 
 
III 

Promotor: 
Prof. dr. N.F. Ramsey 
 
 
Copromotoren: 
Dr. Z.V. Freudenburg 
Dr. M.J. van Steensel 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 

IV 

“I want to trip inside your head, spend the day there. 
To hear the things you haven't said, and see what you might see.” 

 
Miracle drug - U2 

 
 
 
 
	  



 
 
V 

 
 
 
 
 
 
 
 
 



 
 

VI 

 
Table of content 

 
Introduction          1 
 
Chapter 1 
Spatial-Temporal Dynamics of the Sensorimotor Cortex:     15 
Sustained and Transient Activity 
 
Chapter 2 
Repeated Vowel Production Affects Features of Neural Activity     35 
In Sensorimotor Cortex 
 
Chapter 3 
The Influence of Prior Pronunciations on Sensorimotor Cortex     61 
Activity Patterns During Vowel Production 
 
Chapter 4 
Classification of Articulator Movements and Movement Direction   81 
From Sensorimotor Cortex Activity 
 
Chapter 5 
Classification of Facial Expressions for Emotional Communication    105 
Using BCI 
 
Summary and Discussion        117 
 
Conclusion         127 
 
Nederlandse Samenvatting       129 
 
Acknowledgements / Dankwoord        135 
 
Scientific Achievements         141 
 
About the Author        145 
 

 



Towards a speech BCI - Introduction 
 

 
 
1 

 

 
 
“I want to hear you when you call, do you feel anything at all? 
I want to see your thoughts take shape, and walk right out.”  
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Introduction 
 
What Is A BCI And Why Is It Used? 
Human communication involves the coordinated movement of many muscles. It has been claimed 
for instance that more than one hundred muscles act simultaneously to produce speech, and to place 
articulators, such as the tongue, lips, jaw and larynx, in the correct position (Levelt 1993; Meister 
et al. 2007; Guenther and Hickok 2015). Speech related movements need to follow each other with 
impressive velocities since people can speak about 15 sounds per second (Levelt 1993) and between 
120-180 words per minute (Miller et al. 1976). In situations where speech is not possible, other 
forms of communication can be used that involve other forms of movements. When people for 
instance write letters, text a message or use sign language, they use hand and arm movements. 
Besides these types of language-based communication, communication can also be accomplished 
by body language, such as facial expressions to express emotions, or simple hand gestures that can 
convey much information. Taken together, in all forms of communication, movements are 
involved, being it verbal, non-verbal or both at the same time.  

However, for people suffering from severe forms of paralysis, the ability to communicate 
their thoughts and feelings can be heavily affected. A situation in which an individual is cognitively 
intact but unable to move and communicate, is called locked-in syndrome  (LIS; American 
Congress of Rehabilitation Medicine 1995). Patients suffering from this condition are essentially 
trapped (or locked) in their own body. LIS is usually caused by brainstem stroke or by 
neurodegenerative diseases such as amyotrophic lateral sclerosis (ALS; Hayashi and Kato 1989; 
Smith and Delargy 2005). In the most severe cases, patients need to be ventilated through a 
tracheostoma and the only remaining movements are usually limited to those of the eye.  

Over the past decades, assistive technology has been developed to help people with severe 
paralysis communicate their thoughts and regain some level of control over their environment. 
Examples of such technology are for instance eye-trackers which, by using infrared light, can locate 
where people are looking at on a computer screen filled with letters (Smith and Delargy 2005). This 
can be fed to smart technology that, subsequently, recognizes which letter(s) the patient wants to 
select. Spelled words and sentences can subsequently be pronounced through a speech computer. 
As such, eye-trackers and other types of Augmentative and Alternative Communication (AAC) 
technology that are controlled by residual movements, may contribute significantly to improve the 
quality of life of many people with LIS. In fact, it has been shown by using this technology, that 
people suffering from LIS often rate their life surprisingly positive (Posner et al. 2007; Rousseau 
et al. 2015). Importantly, however, there are situations in which muscle-based AAC tools do not 
work. For example, eye-trackers are difficult to use outside on sunny days (Vansteensel et al. 2016). 
Furthermore, some LIS patients do not have any remaining eye-movements (completely or total 
LIS; Smith and Delargy 2005). People suffering from ALS, for instance, may lose eye movements 
over time (Hayashi and Kato 1989), which makes the use of an eye-tracker for communication 
impossible. Even more striking maybe, there are also situations in which eye (or other) movements 
were never there to indicate if a patient is conscious or not. A study that used functional magnetic 
resonance imaging (fMRI) for instance, showed that some of the patients who were thought to be 
fully unconscious (in coma or vegetative state) were actually able to adjust their brain signals on 
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command (Monti et al. 2010). This indicates that there should be some form of consciousness in 
these patients, which they cannot express to the outside world as in these situations there are no 
remaining sources of muscle activity, which can be used for communication. In these situations, 
other methods to control AAC technology are needed.  

Alternative technology to help these patients communicate is being developed. These systems 
are based solely on neural activity, bypassing muscle involvement, and are called Brain-Computer 
Interfaces (BCIs). BCIs record brain signals that patients have learned to control, and which 
subsequently can be converted into computer commands (Wolpaw et al. 2002). BCI technology 
enables patients to regain the ability to communicate. In recent years, the potential for such systems 
in assisting paralyzed patients with communication has been investigated, which showed that BCIs 
can be reliably used when other forms of communication fail (see for instance Vansteensel et al. 
2016).  
 
Brain Signal Recording Techniques For BCI  
There are different forms of BCIs, using different recording techniques. The most commonly used 
and investigated BCIs use electrophysiological recordings. These can be divided into non-invasive 
recordings, such as electroencephalography (EEG), and invasive techniques such as epi- or 
subdural electrocorticography (ECoG) and needle or micro-array electrodes. Each of these 
recording techniques will be discussed below.  
 

A. Non-Invasive Techniques 
EEG records electrical potentials using electrodes placed on the scalp. Since the neurons in the 
neocortex are generally oriented in the same direction, electrical potentials of the neurons that fire 
at the same time add up, resulting in a large electrical potential (Buzsáki et al. 2012). While EEG 
has shown to be useful for reliably recording brain activity for BCI control (see below for 
examples), the fact that electrodes are placed on the head of a BCI user comes with certain 
disadvantages. First, this technique is quite sensitive to artefacts from for instance cable movements 
or residual facial movements, and the spatial resolution and signal-to-noise-ratio are worse than 
that of invasive recordings (Leuthardt et al. 2004; Buzsáki et al. 2012). In addition, the electrodes 
need to be placed on the subjects’ head and recalibrated with every use, which usually involves the 
assistance of a researcher or trained caretaker. Third, wearing an EEG system may be inconvenient 
or uncomfortable in certain situations, for instance, outside when it rains or at night while sleeping, 
which makes this technique unsuitable in situations in which it is important to be able to 
communicate or call a caregiver at any time. Finally, the aesthetics of EEG systems is considered 
a disadvantage by many users. Since EEG equipment is very prominently visible for the outside 
world, some subjects may perceive to be distanced from other people, which plays a role in their 
willingness to use it (Blabe et al. 2015).  

Other non-invasive measuring techniques, such as functional near-infrared spectroscopy 
(fNIRS), fMRI, and magnetoencephalography (MEG) have also been used in BCI research (e.g. 
Mellinger et al. 2007; Andersson et al. 2011; Sorger et al. 2012; Heger et al. 2014; Bleichner et al. 
2015; Naseer and Hong 2015), but they are either not reliable enough for accurate BCI use or they 
require equipment that is not usable in a home setting or that is too expensive (Wolpaw et al. 2002). 
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However, some of these techniques, such as for instance fMRI, show high correspondence with 
recording techniques that are more practical for BCI use, such as ECoG (Logothetis et al. 2001; 
Hermes et al. 2012a; Siero et al. 2013, 2014), and they are frequently used to non-invasively explore 
neural activity for BCI control in large sets of subjects. 
 

B. Invasive Techniques 
An alternative to non-invasive recording techniques are implantable electrodes. These are 
electrodes that are inserted within the cortex tissue (i.e. needle electrodes) or placed on the surface 
of the brain (ECoG electrodes).  

Needle electrodes can be used to record from single neurons or a small group of neurons 
(Buzsáki et al. 2012) and have been used very successfully to record neural activity for BCI in 
research settings with patients with severe paralysis (Hochberg et al. 2006, 2012; Truccolo et al. 
2008; Collinger et al. 2013). Although very high levels of performance have been obtained with 
these needle electrodes, they have so far not been used in long-term home based BCI applications 
for patients. One of the reasons for this is that the stability of the signal deteriorates over time and 
may drop on the long term (Downey et al. 2018). It is unclear why the signal becomes unstable, but 
a possible reason could be that due to micromovements the signal is not recorded from the same 
neuron over time or that the neuron changes its firing rate. Furthermore, the technology for the 
required amplifiers to be fully implanted does not yet exist, and until recently, the reliability of BCI 
control was not yet good enough for unsupervised home use (although see for recent developments 
Milekovic et al. 2018). Alternatively, a BCI system using surface electrodes has been proven to be 
applicable for long-term accurate and stable BCI control with very high precision, even in an 
unsupervised home use setting (Vansteensel et al. 2016; Pels et al. in submission).  

Surface ECoG electrodes measure electrical potentials from ensembles of neurons directly 
underneath the covered area (Manning et al. 2009; Miller 2010; Moran 2010; Buzsáki et al. 2012). 
They are used as a standard clinical assessment tool for localization of epileptogenic tissue in 
epilepsy patients who need brain surgery as part of their treatment. If patients agree, they may also 
take part in research experiments to learn more about brain functioning. Research with these 
patients over the last decades has been the basis for the development of long-term accurate BCI 
usage. In the University Medical Center Utrecht, some epilepsy patients have given permission to 
place an extra grid over a clinically non-interesting area, for research purposes only. These grids 
are usually smaller than the grids placed for clinical purposes and contain more and smaller 
electrodes with small inter-electrode distances (e.g. 3 mm compared to 10 mm in standard clinical 
grids). This enables more detailed registrations and it has been suggested that this might be 
beneficial for more accurate BCI applications (Ramsey et al. 2018).  

Since invasive recording techniques require surgery, it is important to understand the 
willingness of LIS patients to use these techniques. Interestingly, the willingness of patients to 
undergo surgery seems to depend on the condition that people have (Lahr et al. 2015). For instance, 
since the condition of brain stem stroke patients is usually stable, they sometimes express that they 
would not want people to ‘mess’ with the one thing that is still working (their head/brain). Other 
patients, however, such as ALS patients, may see invasive BCI as a last resort as their condition 
usually deteriorates. 
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How to Control A Computer Through Brain Signals? 
Multiple brain areas have been used as a source of BCI control signals. Below, I will discuss some 
of the most widely used and investigated BCI approaches.  
 

A. Responsive BCIs  
Responsive BCIs make use of the brains’ response to external stimulation, examples of which are 
the visually evoked potential (VEP; e.g. Sutter 1992; Middendorf et al. 2000; Martinez et al. 2007) 
and the P300 potential (e.g. Donchin et al. 2000; Brunner et al. 2011). Visually evoked potentials 
can be measured from the visual areas of the brain and are neural responses to visual alterations. In 
a VEP speller application a screen is presented with multiple options that a BCI user can select (e.g. 
letters, buttons). These options alternate their visual appearance, each in a unique way (e.g. by 
flickering or changing color at a specific rate). Each of the selection options will result in a unique 
neural response and by analyzing the neural response amplitude or periodicity, it can be inferred 
which of the objects the user was looking at and wanted to select. The P300 potential is also elicited 
by visual alterations of a target but is usually recorded from parietal areas (Wolpaw et al. 2002), 
although also other areas have been used (see for instance Brunner et al. 2011). It is thought to 
reflect the response of the brain to the detection of an alteration in a significant and attended 
stimulus.     
 

B. Self-Induced BCIs  
Self-induced BCIs are not driven by external stimuli, but employ self-induced mental activity. 
Examples are for instance BCIs based on slow cortical potentials (SCP or readiness potentials; e.g. 
Birbaumer et al. 1999) or sensorimotor rhythms (Wolpaw et al. 2002). Slow cortical potentials are 
associated with the anticipation to a task and are recorded from the vertex as negative fluctuations 
in electrical potentials that arise between 0.5 seconds and several seconds after an event (Birbaumer 
et al. 1990). With training, people can control these potentials and use it for BCI control. Another 
widely used method for self-induced control of BCI is by recording activity related to (attempted) 
movement from the sensorimotor cortex (SMC). These recordings can be referred to as 
sensorimotor rhythms (Wolpaw et al. 2002). 
 
The Sensorimotor Cortex  
The sensorimotor cortex can be divided into two parts, the primary motor cortex (M1), which 
extends from the precentral sulcus into the central sulcus and the primary somatosensory cortex 
(S1), which is located between the central sulcus and the postcentral sulcus. Although it is widely 
recognized that the primary motor cortex is mainly responsible for motor execution  and the primary 
somatosensory cortex for the processing of tactile information and proprioception (Penfield and 
Boldrey 1937; Kandel et al. 2000), the division between motor and sensory processing is not that 
clear cut and overlap in motor and somatosensory functioning has been found for both areas (Fetz 
et al. 1980; Soso and Fetz 1980). Together the primary motor and somatosensory areas can be 
referred to as the sensorimotor cortex and it has been shown that both M1 and S1 are tuned to 
specific body parts in a topographical (i.e. somatotopic) organization, meaning that adjacent 
subareas are tuned to adjacent body parts (Penfield and Boldrey 1937; Kandel et al. 2000; Dechent 
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and Frahm 2003; Schellekens et al. 2018). However, even though some areas and even single 
neurons may be mostly tuned to the control of a specific body part, they usually also show to be 
involved in the control of other body parts (Schieber 2001). 
 
Sensorimotor Rhythms 
Electrophysiological signals of brain activity are composed of different frequencies. An analogy 
can be drawn with a sound recording of a man with a low voice (producing low frequency 
oscillations in the sound signal) and a child with a high voice (producing high frequency oscillations 
in the sound signal), speaking at the same time. In a similar way, neurons can fire at different 
frequencies and if a signal is recorded from multiple neurons, the multiple frequencies can be 
extracted from that signal. Sensorimotor rhythms refer to specific frequencies within sensorimotor 
cortex electrophysiological recordings that show, compared to rest, a change in power during overt 
movements, attempted movements or imagined movements. It has been shown for instance that mu 
(8-12 Hz) and beta (18-26 Hz) rhythms decrease in power compared to baseline during movements 
and increase in power shortly after movement (Pfurtscheller and Lopes da Silva 1999). High-
frequency band power has been indicated to increase compared to baseline during executed or 
attempted movement. It has been shown that these, self-induced, power changes can be used to 
accurately control a BCI (e.g. Vansteensel et al. 2016).  
 
Speech BCI 
One of the most intuitive concepts for controlling a BCI is that a BCI user simply thinks of a 
message he or she want to express, which the computer can subsequently recognize from the neural 
activity patterns and turn into textual or auditory output. Whereas the decoding of language itself 
may be rather difficult still, there is increasing interest in the use of the sensorimotor cortex for the 
decoding of movements related to speech (Kellis et al. 2010; Brumberg et al. 2011; Mugler et al. 
2014; Herff et al. 2015; Ramsey et al. 2018). Most of these studies found that the sensorimotor 
cortex is a potential target for decoding brain activity related to speech. The rationale behind this 
is that each sound is formed by the movements of articulators such as the tongue, lips, jaw and 
larynx, which are known to be represented in the SMC (e.g. Penfield and Boldrey 1937; Grabski et 
al. 2012; Bouchard et al. 2013). Since each sound is accompanied with a unique set of articulator 
positions and movements (Alfonso and Baer 1982; Levelt 1993; Booij 1999; Rietveld and van 
Heuven 2001) and since movements of different parts of the body are known to be represented in 
different parts of the sensorimotor cortex (Penfield and Boldrey 1937; Grabski et al. 2012; 
Bouchard et al. 2013), it can be speculated that producing different sounds will result in different 
neural sensorimotor cortex patterns. These patterns indeed have been used for classification of 
different sounds based on neural activity. Previous studies have shown that phonemes, words, and 
even whole sentences can be classified using sensorimotor cortex activity recordings using ECoG 
or needle electrodes (Kellis et al. 2010; Brumberg et al. 2011; Herff et al. 2015; Ramsey et al. 2018; 
Stavisky et al. 2018).  

Even though BCI systems are intended for people that cannot move, only a few studies 
investigated the sensorimotor cortex activity during covert/imagined speech (Pei et al. 2011a, b; 
Martin et al. 2014, 2016) or during attempted speech in someone who was paralyzed (Brumberg et 
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al. 2011). However, most studies investigated sensorimotor cortex activity during actual/overt 
speech (Blakely et al. 2008; Kellis et al. 2010; Leuthardt et al. 2011, 2013; Mugler et al. 2014; 
Herff et al. 2015; Ramsey et al. 2018). The reason for this is that with overt speech it is possible to 
relate what people said to the brain signals, while with covert or attempted speech this is more 
complicated. Importantly, it is thought that, compared to covert movements, the brain activity 
patterns associated with overt or executed movements can serve as a better proxy of the brain 
activity patterns during attempted movements. It has been shown, for instance, that different 
attempted hand movements (6 in total) performed by amputees can be distinguished from each 
other from the sensorimotor cortex activity without any form of somatosensory feedback (mean 
accuracy: 64% ± 14%; Bruurmijn et al. 2017) and that in tetraplegic patients the recognition 
accuracy of attempted finger movements (contrasted to rest) was significantly higher than that of 
imagined movements (Blokland et al. 2012). Furthermore, the activation of motor areas during 
imagined movements is only 30% of the activity seen during movement execution (Roth et al. 
1996) or sometimes even absent (Hermes et al. 2011). This reduction in signal for imagined 
movements might be caused by inhibition processes involved in motor imagery: during covert 
movements, inhibition of neural activity may prevent people from actually making the movements 
(Guillot et al. 2012). Since neural data during executed movements by able-bodied participants can 
be more easily acquired compared to data of attempted movement by people with motor 
impairment, and since executed and attempted movements resemble each other in terms of neural 
activity patterns, experiments of overt speech are likely to be useful for the development of speech 
BCIs.   
 
Signal Features 
As stated above, the electrophysiological signal from the sensorimotor cortex contains several 
relevant frequency bands where movement-related changes occur. Studies on the most useful 
features for accurate speech classification based on neural signals showed that the use of high 
frequency band (HFB; >50 Hz) power changes resulted in the most accurate results of speech sound 
classification (Mugler et al. 2014). Indeed, many studies (Kellis et al. 2010; Leuthardt et al. 2011; 
Herff et al. 2015; Ramsey et al. 2018) have used HFB power signals to accurately classify speech 
units (phonemes, words, sentences). HFB power signals are thought to be related to the underlying 
firing of neurons (Manning et al. 2009; Miller et al. 2009; Miller 2010; Ray and Maunsell 2011) 
and have been found to be directly associated with movements of different articulators, mostly in 
the ventral sensorimotor cortex (Crone et al. 1998; Bouchard et al. 2013). Therefore, HFB power 
signals may be an optimal source signal for speech BCI. 

These HFB power signals are most accurately recorded using invasive electrophysiological 
recordings (Leuthardt et al. 2004) and since previous studies have used these techniques for 
classification of speech sounds based on neural activity form the SMC, it is clear that there is a 
potential for speech BCIs based on sensorimotor cortex activity using HFB power recordings from 
ECoG surface or needle electrodes. However, there is up till now, not a speech BCI system used 
by patients at home. The reason for this might be that the accuracy values are still insufficient for 
application in daily life (around 20% accuracy for a complete set of American English phonemes 
both in attempted and executed pronunciation; Brumberg et al. 2011; Mugler et al. 2014) or because 
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the degrees of freedom are still limited (70% accuracy for 4 sounds and 75% for a set of 10 words; 
Herff et al. 2015; Ramsey et al. 2018). Since speech involves many different sounds, we have to 
find a balance between the ability to decode enough different sounds while at the same time remain 
high accuracy. I believe that, for the development of high-performance speech-BCIs (in terms of 
accuracy and degrees of freedom), it is important to better understand the brain signals related to 
speech, articulator and facial movements. Therefore, in this thesis I tried to get a better 
understanding of how the brain activity is related to these movements.  
 
Thesis Outline 
In this thesis, I focused on two questions. First, I wanted to know how variability in pronunciation 
of speech units (e.g. phonemes) relate to variability in sensorimotor cortex activity. The reason for 
this is that the manner in which people pronounce a particular sound and the context in which this 
happens (e.g. the surrounding sounds) may result in variable SMC activity patterns for that 
particular sound, which may affect the decodability of that sound based on neural activity. 
Variability is an important issue in decoding:  the more similar the neural patterns of one sound are 
to each other and the more different they are compared to the patterns of other sounds, the easier it 
is for a computer algorithm to recognize and distinguish the neural activity patterns from each other. 
It is unknown however, how exactly variability in speech and articulator movements is related to 
variability of sensorimotor cortex activity, or how this is related to BCI decoding accuracy. To 
investigate this, I explored if and how variability in the production of elementary components of 
speech (single phonemes) is related to variability in sensorimotor cortex activity. I investigated 
three sources of variation that might be related to SMC activity variability, being (1) duration of 
utterance, (2) rate of utterance and (3) transition from one phoneme to another.  
 

A.  Speech Movements  
In chapter 1, I investigated how variations in speech duration affect activity in the sensorimotor 
cortex. In order to do this, I developed methods for modelling sensorimotor cortex activity during 
different durations of speech and compared these to the actual recorded neural signals. In chapter 
2, I investigated, if and how repeated production of the same sound is associated to consistent SMC 
neural activity profiles. This may not be straightforward since for finger movements it has been 
found that repeating the same movement may lead to different levels of neural activity (Hermes et 
al. 2012b). Therefore, I investigated this question for the more complex articulator movements that 
are involved in speech. In chapter 3, I investigated if the sensorimotor cortex neural activity related 
to the pronunciation of a sound is affected by previously produced sounds. The reason for this is 
that the pronunciation of a sound is known to be accompanied by slightly different articulator 
positions and movements depending on whether or not that sound was preceded by another sound 
and by the nature of the preceding sound. This effect is called coarticulation. Since the sensorimotor 
cortex is involved in the coordination of articulator positions and movements, it is likely that 
coarticulation effects are represented in the neural patterns of this area. It is important to investigate 
this effect because in natural speech a sound is rarely produced on its own but usually in the context 
of other sounds. In this chapter, I investigated how the existence of multiple activity patterns for 
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one sound may influence the accuracy scores of speech BCIs since it is unknown how coarticulation 
may influence speech BCI accuracy.  
 

B.  Non-Speech Movements 
Besides the questions related to SMC activity variability related to actual speech, I also addressed 
a second question: can variations in movements of individual articulators and facial movements be 
distinguished from the neural activity patterns in the sensorimotor cortex, and if so, how? I 
investigated the neural activity patterns related to articulator and facial movements that are not 
related to speech, to get a better understanding of how SMC processes are related to individual as 
well as synchronized articulator and facial movements.  
 

B.I. Articulator Movements 
For articulator movements, we wanted to gain a better understanding of the neural patterns related 
to individual articulator movements. In chapter 4, I investigated at what spatial scale movements 
of different articulators can be distinguished from the sensorimotor cortex. In addition, I 
investigated if different movement directions of the same articulator, the tongue, can be 
distinguished from one another. The reason for this is that it is unclear where and at what spatial 
resolution movements of different articulators and different movements of the same articulator can 
be recognized based on the neural activity. This is an important question for communication BCIs 
as these movements may provide additional control signals to existing BCIs (e.g. the one described 
by Vansteensel et al. 2016), while keeping the size and risks of the required surgery minimal. In 
addition, these investigations may help to understand at what spatial scale speech related 
movements can be decoded.  
 

B.II. Facial Movements 
Finally, in chapter 5, I investigated how facial expressions are represented in the sensorimotor 
cortex and if they can also be distinguished from each other. Since emotional communication is an 
important feature of human communication, I think adding an emotional component to a speech 
communication BCI will add to the usage value of BCI systems. This is because facial expression 
movements reflect the emotional state someone wants to communicate. Facial expressions usually 
co-occur during speech and convey the emotional state that somebody wants to communicate. It is 
unclear, however, if facial expressions can be recognized from SMC activity. I used ECoG 
recordings to analyze SMC activity patterns related to facial expressions.     
 
Summary and Discussion 
Finally, I will give a summary of our findings and the results and their implications in light of 
existing literature. Furthermore, I will suggest future research directions.  
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Abstract 
Background: How the sensorimotor cortex is organized with respect to controlling different 
features of movement is unclear. One unresolved question concerns the relation between the 
duration of an action and the duration of the associated neuronal activity change in the sensorimotor 
cortex. Methods: Using subdural electrocorticography electrodes, we investigated in five subjects, 
whether high frequency band (HFB; 75-135 Hz) power changes have a transient or sustained 
relation to speech duration, during pronunciation of the Dutch /i/ vowel with different durations. 
Results: We showed that the neuronal activity patterns recorded from the sensorimotor cortex can 
be directly related to action duration in some locations, whereas in other locations, during the same 
action, neuronal activity is transient, with a peak in HFB activity at movement onset and/or offset. 
Discussion: This data sheds light on the neural underpinnings of motor actions and we discuss the 
possible mechanisms underlying these different response types. 
 
Keywords; Sensorimotor Cortex, Movement, Duration, ECoG, Speech 
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Introduction 
 

Voluntary body movements are controlled by the sensorimotor areas of the brain (Kandel et al. 
2000; Taylor and Gross 2003). Studies on the relation between sensorimotor cortex activity and 
body movements have revealed, among others, that the sensorimotor cortex is somatotopically 
organized. This somatotopic organization seems quite detailed, since individual fingers (Dechent 
and Frahm 2003; Miller et al. 2009b; Siero et al. 2014) and even separate muscles (Hadoush et al. 
2011; Espadaler et al. 2012) can be distinguished from one another within this brain area. Besides 
a topographical organization, there is evidence from both monkey and human studies that the 
sensorimotor cortex has a role in controlling different features of a movement. It has been shown 
for instance that the activity of single sensorimotor neurons can be related to the position of a body 
part (Wang et al. 2007; Truccolo et al. 2008), but also to movement direction (Georgopoulos et al. 
1982; Moran and Schwartz 1999) or velocity (Truccolo et al. 2008; Wang et al. 2007; Moran and 
Schwartz 1999), change in force (Georgopoulos et al. 1992) or to motor planning (Tanji and Evarts 
1976; Donoghue et al. 1998). How the sensorimotor cortex is organized with respect to controlling 
these different movement features remains to be determined. Importantly, the relationship between 
neural activity and movement features may not be straightforward, since there is evidence that 
repeating the same movement shortly after one another is not accompanied by the same magnitude 
of neuronal signal change for every repetition, despite equal behavioural output (Hermes et al. 
2012). This indicates that neuronal activity is not always linearly related to movement and can 
depend on past actions. Clearly, the role of the sensorimotor cortex in controlling body movements 
is complex and the underlying mechanisms are not yet completely understood. Investigating the 
detailed relationship between the spatial-temporal neural patterns within this area and overt body 
movements may contribute to our understanding of the functioning of this area, which is also of 
importance for neural engineering purposes such as the development of brain-computer interface 
(BCI) systems.  

One unresolved question involves the relation between the duration of neuronal activity and 
the duration of a motor action. In other words, is neuronal activity continuously or transiently 
related to motor output? Evidence for the existence of both transient and sustained responses mainly 
comes from single cell primate studies (Tanji and Evarts 1976; Fetz et al. 1980; Soso and Fetz 
1980; Cheney and Fetz 1980; Donoghue et al. 1998). The topic received relatively little attention 
in studies with human subjects, but evidence for both transient and sustained responses have also 
been found in humans (Crone et al. 1998; Ball et al. 2008; Conant et al. 2018) and some studies 
have shown an effect of duration on the neural response profiles (Ball et al. 2008; Conant et al. 
2018; Wang et al. 2014, 2017). It remains to be determined, however, how exactly the duration of 
movement is encoded in the brain with respect to these two types of responses, and whether or not 
extended action duration is associated with a corresponding temporal extension of neuronal 
activity. Furthermore, a detailed spatial mapping of both sustained and transient responses in 
humans is still missing for complex movements such as those involved in speech.  

In the current study, we investigated the relation between sensorimotor cortex activity 
duration and action duration. Since people can quite easily vary the duration of the pronunciation 
of vowels, and thereby the duration of a motor action, we focused on the motor cortex areas 
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involved in articulator movements and speech pronunciation. Articulator movements are known to 
be controlled by the ventral parts of the sensorimotor cortex (Crone et al. 2001; Towle et al. 2008; 
Pei et al. 2011; Bouchard et al. 2013) with the larynx and tongue being represented more ventrally 
and the jaw and lips more dorsally (Bouchard et al. 2013). Indeed, it has been demonstrated that 
articulator movements (Bleichner et al. 2015), as well as speech units (Kellis et al. 2010; Mugler et 
al. 2014) can be distinguished (‘classified’) reliably from this area.  

We recorded neural signals with electrocorticography (ECoG), a technique that benefits from 
a unique combination of high temporal resolution, comparable to electroencephalography (EEG), 
and high cortical sampling specificity (Siero et al. 2014). Using this technique, it has been 
demonstrated that movements of, for instance, the tongue, lips, hand or foot, are accompanied by 
an increase in high-frequency-band (HFB; >50 Hz) power in the sensorimotor cortex (Crone et al. 
1998; Bouchard et al. 2013; Miller et al. 2007). This HFB power increase is thought to be associated 
with underlying neuronal firing (Manning et al. 2009; Miller et al. 2009a; Ray and Maunsell 2011). 
Therefore, we used HFB power changes associated with sustained pronunciation of single vowels 
to investigate whether neural activity has a transient or sustained relation to speech duration. 

 
Methods 

Participants 
Five subjects (age 14-41y; median 21y, 3 females), who were implanted with subdural ECoG 
electrodes for the treatment of epilepsy in the University Medical Center Utrecht participated in 
this study. Three subjects (A, B & E) had coverage with standard clinical grids (exposed electrode 
diameter of 2.3 mm with a 10 mm inter-electrode distance) over the ventral sensorimotor cortex 
(vSMC; left hemisphere in 2 subjects, right in 1 subject). Two subjects (C & D) gave permission 
to place, besides the clinical grids, an extra high-density (HD) electrode grid (exposed electrode 
diameter 1 mm for subject B and 1.17 mm for subject C, inter-electrode distance 4 mm for both 
subjects) over the left mouth sensorimotor cortex for research purposes. For these subjects, only 
the HD electrodes were used for the current analysis.  

This study was approved by the ethics committee of the University Medical Center Utrecht 
and is in accordance with the Declaration of Helsinki (2013). All subjects gave written informed 
consent.  

 

Task 
Subjects were asked to perform a vowel durations task in which they pronounced the Dutch /i/ 
vowel for 1, 2 or 3 seconds. This phoneme was chosen as it is easy to pronounce for variable 
durations and because it engages multiple articulators, including the tongue (Booij 1999; Rietveld 
and van Heuven 2001), which is well represented in sensorimotor cortex (Penfield and Boldrey 
1937; Bouchard et al. 2013). The task was presented on a computer screen, which was placed at a 
distance of about 1 m. A trial started with a 500 ms cue indicating the pronunciation duration (1, 2 
or 3 seconds) to prepare subjects. After 1000 ms, a visual cue (presented by the letters ‘ie’, 
corresponding, in Dutch, to the /i/ sound from the international phonetic alphabet) instructed the 
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subjects to start the pronunciation and hold it for as long as the visual cue was visible, which was 
followed by an inter-trial interval (fixation cross presented) of 2000 ms. Trials were randomized 
and each type was repeated 15 times per run (3 subjects performed two runs). 

 

Data Acquisition 
Signals were recorded at a sampling rate of 512Hz for subjects A, B, C (run 2), and E, at 2048Hz 
for subject C (run 1; all Micromed, Treviso, Italy) and at 2000Hz for subject D (Blackrock 
Microsystems LLC, Salt Lake City, USA). Three subjects performed the task twice (A, C & D), 
and for these subjects the data of the two runs were concatenated (for subject C the data of the first 
run was down-sampled to 512Hz for concatenation). Vowel pronunciation was recorded using 
microphones installed in the patient’s room. All data was processed and analyzed using Matlab 
software (The Mathworks, Inc., Natick, MA, USA), unless specified otherwise. 

 

Data Preprocessing 
First, deviations in the power-density distributions, line noise values and raw voltage distributions, 
some of which are described in Liu et al. (2015), were used to identify electrodes with noisy or flat 
signals, which were subsequently removed from further analysis. Electrodes that were classified as 
ictal by a neurologist were also removed from further analysis. For the remaining electrodes, line 
noise and harmonics thereof were removed using a 3rd order butterworth filter (‘butter’ function 
and ‘filtfilt’ function from Matlab) and a common average re-reference was performed. Finally, 
signals were visually inspected and any trials with excessive noise (which sometimes occurs as a 
result of cable movements) were removed from the analysis. 

Subsequently, electrode positions were visualized on the 3D rendering of the pre-surgical 
MRI scan using an in-house developed procedure (Branco et al. 2016; Hermes et al. 2010). 
Electrodes that were located over the sensorimotor cortex (pre- and postcentral gyrus) as indicated 
by the freesurfer MRI segmentation (Fischl 2012) were identified by visual inspection. All further 
analyses were performed using only these electrodes (25, 18, 38, 114 and 8 electrodes for subjects 
A-E respectively), excluding the identified noisy and ictal electrodes.  

For every retained sensorimotor cortex electrode, the high frequency band (75-135 Hz) power 
was calculated per sample point by applying a Gabor wavelet function (Bruns 2004) for all 
frequencies in the HFB range in bins of 1 Hz, with a full width half maximum (fwhm) of 4 wavelets 
per frequency, followed by a log transformation (10*log10) and averaging (over frequencies 
between 75 and 135Hz) of the resulting values. HFB power values (for all time points) were 
subsequently normalized by subtracting the mean signal value of the whole time series and dividing 
the result by the standard deviation of the whole time series. Finally, this signal was smoothed with 
a moving average window of 500 ms (window centered around each sample). We chose the 500 
ms window because we found this to be the optimal window for (speech) movement classification 
in a previous study (Branco et al. 2018). In that study the smoothing window was determined using 
an elaborate optimization algorithm for several parameters, using classification of spatiotemporal 
HFB patterns as optimization outcome measure. The current frequency band (75-135Hz) was 
chosen such that the lower bound matches that of previous experiments (Crone et al. 1998). The 
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upper bound was determined by hardware filters. The audio signal was aligned with the brain signal 
and the voice onsets and offsets were automatically determined by a vowel detection algorithm 
(Hermes 1990) and subsequently checked and corrected using Praat annotation software (Boersma 
2002). Deviations in voice onset and offset from the cued timing were corrected in the brain signal 
by interpolation or down sampling, so that the brain signals of different trials could be adequately 
aligned. This step was necessary to allow for comparison of different (complete) trials, including 
both voice onset and offset. Only by making sure that each trial has the same duration, can complete 
trials be averaged and visualized as a whole, including a reliable, undiluted estimation of the neural 
responses associated with both voice onset and offset and the period in between.  Visual inspection 
of the original and corrected time-series did not reveal any major differences other than the 
expected slight timing differences, indicating that the interpolation and down-sampling did not have 
a major influence on the signal values.   

 

Statistical Procedures 
A regression analysis with three predictors was performed on the whole (corrected) time series to 
describe the electrode responses to the task (Figure 1) and to determine which electrodes responded 
significantly to the task. The predictors consisted of a transient response around voice onset, a 
sustained response between voice on- and offset, and a transient response around voice offset. The 
first and third predictor were created by convolving a Gaussian function to an impulse function 
with impulses at voice onset and offset respectively (corrected such that the Gaussian peak would 
be at voice onset or offset). The width of the Gaussian (fwhm) was estimated for every subject 
separately (mean = 0.65 seconds, range = 0.51 - 0.76 seconds) using data from a different task. 
Similar to the vowel durations task, subjects were required to repeatedly pronounce the same vowel 
(/i/), but in this case very briefly for three times at a 1 Hz repetition rate per trial. For this task, we 
determined the significant electrodes by doing a simple r2-analysis, contrasting speech versus 
silence periods. We aligned all trials (13 per run, subjects A, C & D performed the task twice) to 
the first pronunciation and calculated the fwhm of the average peak (over trials and significant 
electrodes) in HFB power related to the first pronunciation. Note that, although potentially the 
‘shape’ of a (transient) response can be different for different electrodes and therefore there doesn’t 
necessarily have to be one standard response, inspection of the data showed that this mean response 
described the data well and could be used for finding significant electrodes. The second predictor 
was created in a similar way as the transient predictors but with a block function between the 
impulses of the first and third predictor. Since the task had trials of 1, 2 or 3 second duration, we 
could evaluate whether sustained responses showed a relation with action duration.   

The onset of movement-related activity can be different for different locations in the brain. 
This effect of shifting activity onset has been reported before in both monkey and human studies 
(Hermes et al. 2012; Crone et al. 1998; Bouchard et al. 2013; Coudé et al. 2011) and has for speech 
been attributed to the involvement of different articulators (Bouchard et al. 2013). We repeated the 
regression analysis procedure while shifting all predictors in steps of 0.1 second, from 0.5 seconds 
before voice onset/offset to 0.5 seconds after, to capture activity related to the movement as 
accurate as possible.  
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For every shift, a model was created using the following formula, 
 

    "#$%& = ∑ )* 	×	,*		-
*./   (1) 

 
where P represents a predictor and , the corresponding regression beta values. In this formula, the 
summation is over 4 instead of 3 predictors due to the addition of the intercept. 

The model with the highest variance explained was used for further analysis. The variance 
explained was calculated by the following formula, 

 
(SSmean- SSmodel)/ SSmean  (2) 

 
where SSmean is the sum of squared differences between the signal and the mean of that signal, and 
SSmodel the sum of squared differences between the signal and the model. 

The chosen model was tested for significance of explaining the data by using the analysis of 
variance statistic, with alpha=0.05 (corrected for false discovery rate; FDR). Note that for such a 
statistical test the degrees of freedom in the denominator is n-k, where k is the number of predictors 
(including the intercept), and n the number of observations, assuming that all sample points are 
independent measurements. However, this would lead to an overestimation of the significance since 
the frequency conversion creates dependence among consecutive sample points over some time 
span. In addition, the HFB signal is a proxy for the underlying neural events, which by itself have 
an inherent temporal width. Therefore, n (the number of observations) was not set to one 

Figure 1. The regression procedure 
with the used predictors for the whole 
time series. The first and third predictor 
(right panel) were associated with voice 
onset and offset and were created by 
convolving an impulse function (left 
panel) at voice onsets and voice offsets 
respectively, with a subject specific 
Gaussian function over the whole time 
series. The second predictor, which was 
related to sustained activity during vowel 
pronunciation, was created by 
convolving a block function (left) between 
voice onset and voice offset with the same 
Gaussian function. Horizontal bars at the 
top (speech signal) indicate the time 
periods where subjects spoke. A 
regression was performed and the signal 
(gray) and model thereof (black) are 
shown at the bottom. 
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observation per sample point but to one observation per second of signal time (n = the total signal 
duration in seconds). This one-second value was chosen to fully capture a neural impulse response 
peak (max fwhm was 0.76 seconds). 

For electrodes for which the model explained the data significantly, the beta values of the 
three predictors, resulting from the regression analysis, were tested for significance by converting 
them to t-values using the following formula: 

 

01 = 23
45(23)

  (3) 

 
where ,1 is the beta value for a predictor, and 8%(,1)  was calculated as follows; 

 
8%(,1) = 9:;; (4) 

 
where :;; is the diagonal value of the variance covariance matrix for the corresponding predictor.  
 
The calculated t-value was subsequently converted to a one-sided p-value. The significance level 
was set to alpha = 0.05, FDR corrected. Based on this, electrodes were assigned to one of six classes 
or deemed non-responsive. Electrodes that showed a significant beta value for the first predictor 
but not the other two predictors were classified as transient at voice onset (class 1). Electrodes that 
showed a significant beta value for the first and last predictor but not the second predictor were 
classified as transient at voice onset and voice offset (class 2) and if only the third predictor was 
significant, it was classified as transient at voice offset (class 3). Electrodes that had a significant 
positive beta value for the second predictor were classified as either only sustained (class 4), 
sustained with a peak at voice onset (class 5) or sustained with a peak at voice onset and voice 
offset (class 6), depending on whether the first and or third predictor were also significant. A 
sustained response with a peak only at voice offset was not found in our data and is therefore not 
mentioned further. If no predictors were significant, an electrode was classified as non-responsive. 

For visualization purposes, the signal was epoched (see Figure 2) and trials of the same 
condition (1, 2 or 3 seconds) were averaged. This led to an average HFB-trace per electrode and 
per condition. These were subsequently averaged over electrodes and over subjects for each 
condition and class separately (see Figure 3).  

Finally, we performed a correlation analysis between the model shift timing that explained 
the data best, serving as an indication of the HFB response onset timing relative to a movement (as 
indicated by voice onset or voice offset) and the anatomical dorsal-ventral localization. This was 
done to see if ventral areas showed relatively later responses than more dorsal areas as suggested 
by Bouchard and colleagues (2013). 
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Results 

 
Subjects performed the task well and no trials were removed based on behavioral performance. The 
average reaction time was 0.46 seconds (SD=0.23) and duration of pronunciation deviated from the 
intended speech duration, by -0.25 (SD=0.33) seconds on average, meaning that subjects usually 
pronounced the vowel a little shorter than instructed.  

Each electrode that had a significant response (i.e. for which the model explained the data 
significantly) was classified as belonging to one of six classes as mentioned above (see method 
section E and Figure 3). Of all electrodes, on average (over subjects and weighted by number of 
sensorimotor cortex electrodes per subject) 29.1% (59/203, SD=7.4%) were classified as having a 
transient response without an additional sustained response, and 17.2% (35/203, SD=8.5%) as 
showing a sustained response with or without a transient peak. These sustained responses were 
related to the duration of the action, showing an increasing brain response duration with increasing 
vowel duration (Figure 3). The remaining electrodes (53.7%, 112/203, SD=15.1%) did not show a 
significant response to this analysis. Of the electrodes that were classified as transient, 59.3% 
(35/59, SD=13.9%) was classified as transient at voice onset only, 30.5% (18/59, SD=13.0%) as 

Figure 2. Two examples of the inter-trial variability. (a) Example of an electrode with a sustained 
response (see arrow in Figure 4b). (b) Example of an electrode with a transient response (see arrow 
in Figure 4c). On the x-axis, time is indicated with zero being voice onset. On the y-axis, individual 1, 
2 and 3 second trials are shown. The color-scale indicates the normalized HFB-power. The vertical 
black lines indicate voice onset or voice offset. The gray vertical lines indicate the trial duration cue. 
Note that in the one-second trials, part of the subsequent trial is visible towards the end. Also, note that 
the trials are aligned relative to voice onset, and that deviations in voice offset from the intended 
duration were corrected. In (b) twice the number of trials is shown since this subject performed the 
task twice.  
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transient at voice onset and offset, and 10.2% (6/59, SD=5.3%) as transient at voice offset only. 
Interestingly, the transient electrodes that showed a peak at voice offset seem to have reduced 
activity between voice onset and offset compared to baseline, whereas the electrodes that only 
showed a peak at voice onset did not (see Figure 3a,c,e). Of all electrodes that were classified as 
sustained, 54.3% (19/35, SD=18.7%) also showed a peak at voice onset, 34.3% (12/35, SD=19.9%) 
a peak at voice onset and offset, and another 11.4% (4/35, SD=14.5%) was sustained without a 
clear peak of activity at voice onset or offset.  

When looking at the anatomical localization of electrodes with different response profiles 
(Figure 4), no clear anatomical organization could be observed between transient and sustained 
electrodes, except for the subjects with the HD electrodes (subject C & D).  For subject C, a cluster 
of transient responses seemed to be more anteriorly located, and a cluster of sustained responses 
more posteriorly. Subject D showed two clusters of sustained responses, one located ventral-
posteriorly and the other more dorsal-anteriorly. For these subjects, we also plotted the timing of 
model shift for each sensorimotor electrode, serving as a marker for neural activity onset (see Figure 
5 for the model shift timing). Notably, most electrodes started their activity before voice onset and 
showed a peak in activity mostly on or just after voice onset, see also Figure 3 for this. Furthermore, 
the more ventral electrodes seemed activate later than the dorsal electrodes for subject C, with a 
negative relation between the ventral-dorsal localization and response onset (R=-0.34, p=0.08), see 
Figure 5. For subject D, the same result was visible (R=-0.39, p=0.01) although there also seemed 
to be an anterior-posterior division with later responses mostly located posteriorly. 
 

Discussion 
 

In this study, we showed that the neuronal activity patterns recorded from the sensorimotor cortex 
can be directly related to action duration in some locations, whereas in other locations, during the 
same action, neuronal activity is transient, with a peak in HFB activity at voice onset and/or offset. 
To our knowledge, this is the first time that both transient and sustained neuronal dynamics of 
sensorimotor activity have been simultaneously and systematically mapped with respect to speech-
actions of different durations in humans.  

When looking at the results obtained in the three subjects with standard clinical grids over the 
sensorimotor mouth area, populations with sustained and transient responses seemed to be spatially 
scattered, without a clear anatomical organization or separation. Interestingly, however, data from 
the patients with a high-density grid allowed us to take a more detailed look at regional differences 
between response profiles and revealed that in the ventral sensorimotor mouth area, electrodes 
showing sustained responses occurred more posteriorly. Also, for one subject that had HD coverage 
more dorsally, a cluster of sustained responses was seen more anteriorly. These anatomical 
differences have not been shown before and might suggest that populations of neurons with 
transient and sustained response profiles are anatomically separated. Moreover, the high-density 
grid data revealed that activity that was associated with the onset of pronunciation usually started 
before voice onset, with a peak of activity close to voice onset for the more dorsal electrodes and 
usually somewhat later for the ventral electrodes. This result corresponds to the findings form 
Bouchard and colleagues (2013) who found that articulators that are represented more dorsally (i.e. 
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lips and jaw), show earlier responses, close to voice onset or before that, and features of the tongue 
position (located ventrally) are represented later, i.e. after voice onset. They also showed that the 
responses for the larynx (representation both ventrally and dorsally) were locked to voice onset, 
which could explain some of the early ventral responses in our data. Taken together, our data 
suggest that there is an underlying distinction between sustained and transient responses and also 
between early and late responses, with respect to their anatomical location, but more high-density 
ECoG data will be needed to confirm these findings.  

Figure 3. Response types. A visualization of the six response patterns observed in the data, 
averaged over all subjects. (a) Transient at voice onset, (b) sustained and transient at voice onset, 
(c) transient at voice onset and offset, (d) sustained and transient at voice onset and offset, (e) 
transient at voice offset, (f) sustained. In all panels, time is indicated on the x-axis, with zero being 
voice onset. On the y-axis, the normalized HFB-power is indicated. The mean of all traces that were 
classified as belonging to a specific class is shown in black, with the standard deviation indicated 
in light gray. For every electrode, based on the beta values of the three predictors a best fit model 
was created (see Figure 1) and the red line shows the mean of all electrode models. The horizontal 
black bar shows the duration of speech, being 1, 2 and 3 seconds from left to right, respectively. 
Vertical dashed lines indicate voice onset and voice offset. Note that on average, neural activity 
already started before voice onset. 
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Another phenomenon we observed was the occurrence, in both precentral and postcentral 

areas, of a (second) transient peak close to voice offset in some electrodes. In addition, for several 
electrodes that were classified as having only a peak at voice onset, it seemed that there was a small 
second peak (although not statistically significant). It could be that this voice offset peak was 

Figure 4. Response patterns.  A visualization of the electrode positions (grey dots) and the response 
types, per subject (A-E). Symbols indicate the response type of an electrode. Arrows in B and C indicate 
the electrodes that are shown in Figure 2. 

Figure 5. Response onset.  A visualization of the model shift timing for the subjects with HD-grid 
implantation (subject C and D). Scatter plots with time in seconds on the x-axis (zero being voice onset), 
and the ventral-dorsal MRI coordinates on the y-axis, indicate the correlation between model shift (a 
marker for the response onset) and ventral-dorsal brain position for each electrode. The anatomy plots 
show the locations of the electrodes and their timing relative to voice onset. The vertical mid-line 
represents voice onset and the horizontal bars indicate the model shift (black bar to the right indicates a 
peak of activity after voice onset, black bar to the left indicates peak activity prior to voice onset, with a 
larger bar indicating a larger temporal difference with voice onset). Note that the ventral parts are not 
well covered in subject D while this is the area in subject C with the latest responses. Note also that these 
timings correspond to timing of the first peak, meaning that a shift time on or near voice onset (vertical 
midline) reflects a rising activation before voice onset. 
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sometimes present but masked due to noise. Interestingly, Ball and colleagues (2008) described 
similar offset-related increases in HFB power for arm movements and Hermes and colleagues 
(Hermes et al. 2012) found the same result for finger movements, mainly within the postcentral 
gyrus which is related to somatosensory functions (Penfield and Boldrey 1937), and they attributed 
this to the notion that some cells in this area can fire with two directions of movements (Soso and 
Fetz 1980). Also cells in the precentral gyrus have been found to be active with two directions; 
during flexion and/or extension of joints (Fetz et al. 1980). It is likely that the voice offset related 
peaks we observed are associated with articulators moving back to their rest position. Furthermore, 
we found that the electrodes that showed this offset related peak displayed a reduction in activation 
compared to baseline between voice onset and offset. Previous functional magnetic resonance 
imaging (fMRI) and transcranial magnetic stimulation (TMS) studies have linked motor related 
deactivation responses (for hand movements) in the ipsilateral cortex to inhibition of the opposite 
hand and claim this to be necessary to reduce interfering movements (Allison et al. 2000). Possibly, 
inhibition of neurons responsible for movements which are offset related and oppose the articulator 
positions during the pronunciation cause a deactivation in the HFB power. 

 

Correspondence to Previous Research  
We showed that different patterns of activity can be recorded with electrodes placed on the surface 
of the brain and our results are in correspondence to earlier primate studies. For instance, we found 
that both transient-only and transient-followed-by-sustained responses show a peak of activity at 
movement onset, followed by a decrease in activity (which was larger in transient responses than 
in sustained responses). This is in correspondence to earlier findings of single cell recordings in 
primates that first show a burst of activity during a dynamic movement phase followed by a 
decrease to a steady level of elevated activity during a tonic phase. In contrast,  other cells  are 
highly active only during the tonic phase after a movement (Cheney and Fetz 1980), which 
corresponds to the sustained only responses that we found.  

Previous work (Crone et al. 1998; Conant et al. 2018) suggested that both duration related 
and duration unrelated responses are involved in hand and speech movements in humans, which is 
in correspondence to our data. We extend those findings, in that we experimentally show that the 
sustained responses are related to the duration of an action and that transient responses are related 
to movement onset or offset. Furthermore, we mapped these two types of responses on the 
sensorimotor cortex and show their anatomical positioning. However, in contrast to the findings of 
Crone and colleagues (1998), who indicated that transient responses are more associated with 
higher-gamma frequencies (75-100 Hz) and sustained responses with low-gamma frequencies (40-
50 Hz), we observed sustained responses in the higher frequencies. Although they suggest that 
lower frequencies are more involved in, for instance, motor output or sustained attention and higher 
frequencies in motor planning or initiation of movements, our results suggest that high frequency 
power can be associated with motor output as well. Task differences could, however, explain this 
inconsistency (see below for discussion). 
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Function of Sustained and Transient Responses 
One possible explanation for the sustained responses we observed is that they reflect the movement 
of body parts that are continuously moving or that apply continuous force during speech (in contrast 
to transient responses for non-continuously moving body parts). For instance, pulmonic egressive 
airstreams (air pushed from the lungs) enable speech (Rietveld and van Heuven 2001) and during 
continuous speech, lung volume decreases steadily, which is realized mostly by internal and 
external intercostal muscle activity (Draper et al. 1959). This might explain why in the study by 
Crone and colleagues (1998), sustained responses were not found for higher-gamma frequencies, 
since subjects did not constantly move. They were asked to make a movement as fast as possible 
(e.g. tongue protrusion) and keep it in that position for a couple of seconds. Alternatively, sustained 
responses may reflect continuous somatosensory feedback associated with sustained sound 
production. The data from our subjects with HD-grids may support this possibility in that clusters 
of sustained responses were observed in more posterior positions (towards the somatosensory 
cortex) in the ventral parts of the sensorimotor cortex. Indeed, the postcentral gyrus is mainly 
involved in controlling somatosensory processing, whereas the precentral gyrus is more involved 
in motor execution (Penfield and Boldrey 1937).  However, there is also overlap in function 
between pre- and postcentral gyrus activity with respect to both motor and sensory responses (Fetz 
et al. 1980; Soso and Fetz 1980; Penfield and Boldrey 1937). Therefore, some deviations from this 
classical pre- and postcentral division for sustained (and transient) responses can be expected. In 
both subjects with HD-coverage, sustained responses in the more ventral parts of the sensorimotor 
cortex were predominantly observed posterior to the central sulcus, suggesting that for ventral areas 
there might be an anterior-posterior distinction for sustained and transient responses (although more 
data is needed to investigate this). However, in one of these subjects, in the more dorsal areas, 
sustained responses were also located anterior to the central sulcus. Although this contradicts the 
anterior-posterior division from the ventral parts, we only observed this for one subject. It is 
therefore unclear if this finding was subject specific or a general phenomenon. A third possibility 
for the role of sustained responses could be the encoding of the position of a body part. Bouchard 
and colleagues (2016) have suggested that the HFB-power is correlated with the position of the 
lips, which could suggest that the sustained responses reflect articulator position. However, since 
their results are correlational, no causal conclusion can be derived from this. Support for the 
position hypothesis, however, is also provided by single cell recordings in both primates and 
humans, that show position specific activity for sensorimotor cortex cells (Truccolo et al. 2008; 
Wang et al. 2007) especially during a static phase after a movement (Cheney and Fetz 1980; Fetz 
et al. 1980; Soso and Fetz 1980).  

Transient responses, on the other hand, can be expected if neuronal activity is related to 
initiation of the movement, and could therefore be associated with articulators or body parts that 
move only during the initiation or ending of sound production (in contrast to sustained responses 
for continuously moving body parts). For instance, the tongue has been shown to start moving just 
before voice onset, stay in a steady position throughout single syllable pronunciation and then move 
back just after voice offset (Bouchard et al. 2016). Another explanation would be that transient 
responses reflect movement planning. Indeed, non-human primate vocalization research (Coudé et 
al. 2011; Hage and Nieder 2013) as well as research in songbirds (Tang et al. 2014) has described 
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responses often preceding or surrounding voice onset. These profiles were most often seen in 
premotor areas, an area generally associated with motor planning (Kandel et al. 2000; Culham 
2015; Rizzolatti and Luppino 2015; Vargas-Irwin et al. 2015). In our study, we found transient 
responses in the precentral and postcentral parts of the sensorimotor cortex, with activity usually 
starting before, but peak activity just on or after, voice onset (and/or voice offset). In 
correspondence to our results, activity of some neurons in the precentral gyrus have been found to 
depend on movement instructions during a preparatory (non-moving) phase before monkeys get a 
cue to move (push versus pull an object with their arm). Errors in movements can be predicted from 
these neurons before the actual movement (Tanji and Evarts 1976). This indicates that indeed, 
besides in the premotor areas, motor planning may be represented within the precentral gyrus as 
well. 

 

Implications for Brain-Computer Interfaces 
Our findings may help in the development of brain-computer interfaces (BCIs) for subjects that 
suffer from complete or nearly complete paralysis. Although it has been shown that speech units 
can be classified from sensorimotor cortex activity (Kellis et al. 2010; Mugler et al. 2014; Brumberg 
et al. 2011; Herff et al. 2015), accuracy scores usually do not meet the standards for home use BCI-
controlled language communication applications. This might potentially improve when more is 
known about the relationship between small speech units, and variations in pronunciation of these, 
and the brain signal. Our current study contributes to our understanding of the sensorimotor cortex 
and the relation between neuronal activity and behavioral output, which could lead to better 
classification of syllables, phonemes and eventually words and sentences. 
 

Limitations 
There are several limitations to this study that need to be addressed. First, only a limited number of 
subjects participated in this study and only two subjects had high-density electrode coverage. As 
described before, only subject C & D (with HD-grids) showed separate clusters of transient and 
sustained responses. It could be that, due to the sparse sampling with clinical grids, we missed 
active cortical sites in the other three patients. Alternatively, one could argue that in two of the three 
subjects with the clinical grids, statistical power was low, given that they performed only one run 
(and therefore half of the trials). However, this does not explain why the one subject with clinical 
grids who performed two runs, also did not show a functional organization. Also, since the 
electrodes in the clinical grids are larger, they record from a larger population of neurons than the 
HD-grid electrodes, which may lead to spatial blurring, mixing of response profiles and a smaller 
signal to noise ratio (for a simulation of this see Camuñas-Mesa and Quiroga 2013). It may be 
speculated that, because of the larger number of electrodes per square cm and the fact that these 
electrodes are also smaller, high-density recordings are especially suitable to accurately study the 
detailed organization of the sensorimotor cortex.  

Second, we corrected the data for incorrect response timing (by interpolation and down 
sampling) to be able to compare the responses of different trials and different subjects. We don’t 
believe this procedure has induced the differences between sustained and transient responses we 
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observed, since during individual trials, both sustained and transient responses were found (in 
different locations) while the correction was the same for all electrodes. 

Third, since the subjects heard their own voice during the task, we cannot rule out that the 
auditory stimulation contributed to the cortical responses. However, since sustained movement 
related responses in the sensorimotor cortex during single cell recordings in primates have been 
found in the absence of auditory stimulation we argue that the current results cannot be solely 
attributed to auditory stimulation.   
 

Conclusion 
 
We demonstrate here that some focal regions of the sensorimotor mouth area show sustained 
responses associated with action duration, whereas other sites show transient responses coupled to 
movement onset and/or offset. Sustained responses may be associated with continuous movement 
or force, somatosensory feedback or articulator position, whereas transient responses could reflect 
the (initiation of) short-duration movements or motor planning. We believe our findings warrant 
further research into the nature of cortical responses during elementary articulations, which may 
improve our understanding of the cortical representation of complex motor actions such as speech, 
and thereby improve decodability for brain-computer interfaces.  
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“The songs are in your eyes, I see them when you smile. 
I've had enough, I'm not giving up on a miracle drug.” 
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Abstract 

Background: The sensorimotor cortex is responsible for the generation of movements and interest 
in the ability to use this area for decoding speech by brain-computer interfaces has increased 
recently. Speech decoding is challenging however, since the relationship between neural activity 
and motor actions is not completely understood. Non-linearity between neural activity and 
movement has been found for instance for simple finger movements. Despite equal motor output, 
neural activity amplitudes are affected by preceding movements and the time between movements. 
It is unknown if neural activity is also affected by preceding motor actions during speech. Methods: 
We addressed this issue, using electrocorticographic high frequency band (HFB; 75-135 Hz) power 
changes in the sensorimotor cortex during discrete vowel generation. Three subjects with 
temporarily implanted electrode grids produced the /i/ vowel at repetition rates of 1, 1.33 and 1.66 
Hz. For every repetition, the HFB power amplitude was determined. Results: During the first 
utterance, most electrodes showed a large HFB power peak, which decreased for subsequent 
utterances. This result could not be explained by differences in performance. With increasing 
duration between utterances, more electrodes showed an equal response to all repetitions, 
suggesting that the duration between vowel productions influences the effect of previous 
productions on sensorimotor cortex activity. Discussion: Our findings correspond with previous 
studies for finger movements and bear relevance for the development of brain-computer interfaces 
that employ speech decoding based on brain signals, in that past utterances will need to be taken 
into account for these systems to work accurately.   
 
Keywords; Sensorimotor Cortex, Movement, Repetition, ECoG, Speech, Brain-Computer 
Interface 
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Introduction 
 

The execution of everyday voluntary body movements generally occurs without effort and is the 
result of the concerted action of different neural processes and brain areas. The sensorimotor cortex 
is known to play a central role in the different aspects of the generation of movement, such as the 
control of body part positions, the velocity and direction of movements, applied force and the 
planning of motor actions (Tanji and Evarts 1976; Georgopoulos et al. 1982, 1992; Donoghue et 
al. 1998; Moran and Schwartz 1999; Wang et al. 2007; Truccolo et al. 2008). However, for subjects 
suffering from severe forms of paralysis, even the most common forms of movements, such as 
those involved in speech and communication can sometimes be completely absent (American 
Congress of Rehabilitation Medicine 1995; Smith and Delargy 2005; Posner et al. 2007). To restore 
communication in these subjects, brain-computer-interface (BCI) systems are being developed 
(Wolpaw et al. 2002). These systems may convert neural activity into written or spoken computer 
output, and sensorimotor cortex activity related to speech has been shown useful in an attempt to 
identify, from the neural signals, which sound or word a user may want to communicate (Kellis et 
al. 2010; Mugler et al. 2014; Herff et al. 2015; Ramsey et al. 2018). These attempts usually rely on 
the assumption that each specific sound or word is associated with a unique neural signature. 
Imaging and patient studies, however, have shown that repeating a movement in a discrete way 
(with short pauses between each movement) may involve different brain areas than performing the 
same movements in a continuous way (without short pauses between each movement; Kennerley 
et al. 2002; Spencer et al. 2003; Miall and Ivry 2004; Schaal et al. 2004), even though the 
movements are almost identical. Moreover, there is evidence for a non-linear relationship between 
movement-performance and neural activity in the sensorimotor cortex. Various studies have 
suggested that previous actions influence the neural activity associated with subsequent actions, if 
spaced close enough together (Miezin et al. 2000; Soltysik et al. 2004). Indeed, during repeated 
finger movements, the amplitude of sensorimotor neural activity, as measured with fMRI and 
electrocorticography (ECoG), was shown to decline over repetitions, despite equal movement 
output (Hermes et al. 2012b; Siero et al. 2013; for a comparison between BOLD and ECoG see: 
Logothetis et al. 2001; Hermes et al. 2012a; Siero et al. 2014).  

Importantly, the studies mentioned above focused on hand and finger movements and it 
remains to be determined whether the observed complex and non-linear relationship between 
movement and underlying neural activity is a general feature of the sensorimotor cortex, or whether 
it is specific to the areas involved in hand movement. Especially relevant in this respect is our 
previous finding that different parts of the sensorimotor cortex show different response profiles to 
the same speech movement. Some cortical foci show sustained neural activity during a sustained 
motor speech action whereas in other locations responses are transient during the same movement 
(Salari et al. 2018). This finding indicates that the relationship between neural activity and overt 
speech behaviour differs between subareas of the sensorimotor cortex. It could be speculated that 
the presence, or absence, of a non-linear relationship between neural responses and behavioural 
output during repeated movements is specific for cortical foci as well.  

With the current study, we aimed to obtain a better understanding of the link between speech 
pronunciation and underlying sensorimotor cortex activity. This is of interest for BCIs that employ 
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neural signal changes related to (attempted) speech. If the neural signal associated with a specific 
(attempted) pronunciation would be affected by previous speech actions, the same word or sound 
may be related to a diversity of neural signatures, which have to be taken into account for a 
sensorimotor-speech-BCIs to function accurately.  

In this study, we investigated the relationship between repeated orofacial movements during 
speech, and sensorimotor brain activity. We recorded neural signals in three subjects while they 
pronounced the same vowel multiple times, at different repetition rates. Neural activity was 
recorded with subdural ECoG electrodes, which allows for recording at high temporal resolution 
and with high spatial specificity (Siero et al. 2014). We focused on frequencies in the range of 75-
135 Hz, which are known to have a spatially specific relationship with (speech and articulator) 
movements (Crone et al. 1998; Miller et al. 2007; Bouchard et al. 2013), and which are thought to 
reflect underlying neural population firing (Manning et al. 2009; Miller et al. 2009; Ray and 
Maunsell 2011). We focused mostly on the ventral parts of the sensorimotor cortex as this area has 
previously been shown to be responsible for the generation of speech movements (Penfield and 
Boldrey 1937; Crone et al. 2001; Towle et al. 2008; Pei et al. 2011; Bouchard et al. 2013) and has 
been the focus of BCI-studies for the classification of speech sounds (see for instance Kellis et al. 
2010; Mugler et al. 2014; Herff et al. 2015; Ramsey et al. 2018) and articulator movements 
(Bleichner et al. 2015).  

 
Methods 

Participants 
Subjects included in this study (n=3, 2 females, 19, 41 and 30 years old respectively) were 
implanted with subdural clinical ECoG electrodes for epilepsy treatment at the University Medical 
Center Utrecht. All subjects had an additional high-density (HD) electrode grid placed over the 
sensorimotor cortex (SMC; left for subject A & B and right for subject C). These grids were 
exclusively placed for research purposes with the subject’s consent, over an area that was not 
clinically relevant. For subject A & B, the inter-electrode distance of the HD grid was 4 mm with 
an exposed electrode diameter of 1 mm for subject A and 1.17 mm for subject B. For subject C, the 
inter-electrode distance was 3 mm with an exposed electrode diameter of 1 mm. Only the HD 
electrodes were used for the current analysis. 

This research was approved by the ethics committee of the University Medical Center 
Utrecht. All participants gave written informed consent in accordance with the Declaration of 
Helsinki (2013). 
 

Task 
Participants were asked to produce the /i/ vowel repeatedly at different rates (see below), guided 
by instructions that were visually presented on a computer screen that was placed at a distance of 
approximately 1 m from the participant. A trial started with an indication of the production speed 
by a visual cue. Subsequently, to guide the participants in producing the sound at the correct speed, 
the letters ‘ie’, corresponding in Dutch to the /i/ sound, were repeatedly visually presented for 300 
ms at a rate of 5, 4, or 3 times in 3 seconds (1.66, 1.33 and 1 Hz). These repetition rates were chosen 
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as they were relatively easy to perform (not too slow or too fast) and because previous research for 
finger movements has shown that repetition effects are mostly apparent at rates of 1Hz or higher 
(Hermes et al. 2012b). During the inter-trial interval (1800 ms), a fixation cross was presented. 
Trials of different rates were randomized and each rate was repeated 26 times, divided over two 
recording sessions. Any trial for which the number of pronunciations was incorrect, was excluded 
from the analyses.  

 

Data Acquisition & Preprocessing 
Brain data was recorded and preprocessed as described previously (Salari et al. 2018). In short, 
ECoG data was recorded (number of electrodes: 64 for subject A and 128 for subject B & C) at a 
sampling frequency of 512 Hz, 2048 Hz (subject A; Micromed, Treviso, Italy), or 2000Hz (subject 
B & C; Blackrock Microsystems LLC, Salt Lake City, USA). Different sampling frequencies were 
used due to the availability of different clinical and research recording setups and the possibility, 
or not, to choose the most optimal sampling frequency for the current study. For subject A, the data 
obtained at the highest sampling frequency was down sampled such that the sampling frequencies 
of all datasets of subject A were the same. Electrodes in the region of interest (sensorimotor cortex) 
were identified by visual inspection of the electrode positions (as determined by using a post-
implantation CT scan) plotted over a 3D rendering of a presurgical MRI scan (Hermes et al. 2010; 
Branco et al. 2018b). Sensorimotor cortex electrodes with noisy or flat signal were removed from 
further analysis. For the remaining electrodes, line noise (50Hz) and harmonics thereof were 
removed and common average re-referencing was applied. Audio recordings of the subject’s 
pronunciation were made during the task, to identify the voice onsets and offsets and to be able to 
correct for possible differences in behavioral performance (see below). Voice onset and offset were 
determined for each vowel pronunciation, as described previously (Salari et al. 2018). Shortly, these 
time points were first automatically determined using a vowel detection algorithm (Hermes 1990), 
which was adjusted by Hermes to also detect vowel offsets. Subsequently, we corrected the on- & 
offsets if necessary (due to background noise for instance) using Praat software (Boersma 2002).   

Matlab software (The Mathworks, Inc., Natick, MA, USA) was used for data analysis, unless 
specified otherwise. For all sensorimotor electrodes, the high frequency band (75-135 Hz) power 
was computed per sample point using a Gabor wavelet (Bruns 2004) for all frequencies between 
75 and 135 Hz in bins of 1 Hz with a full width half maximum (fwhm) of 4 wavelets per frequency. 
Subsequently, a log transformation (10*log10) was applied and these results were then averaged 
(over frequencies) to create the HFB power signal. These signals were normalized and subsequently 
smoothed with a moving average window (centered around the sample point) of 0.1 seconds. This 
smoothing setting has been shown to be within the optimal range for accurate classification of 
phonemes (Branco et al. 2018a), and we used it to preserve the individual peaks per repetition in 
the data while reducing noise. The data from the two runs were concatenated.  

Analysis of ECoG data was conducted in two steps. First, electrodes were identified and 
selected for further analysis based on their response to the task. Then signals from these electrodes 
were interrogated for vowel repetition effects. 
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Electrode Selection 
For each electrode, we determined whether it was responsive to the task. To that purpose, we 
modeled the neural signal by performing a regression analysis on the whole time series. Five 
predictors were used in this study, each representing a transient response to one of the possible 
repetition numbers (max 5). Predictor 1 represents the response to all first pronunciations, the 
second predictor to all second pronunciations etcetera. The fourth and fifth predictors had only 
(predicted) responses during the trials in which there actually was a fourth and/or fifth 
pronunciation (Figure 1). The predictors were created by convolving a Gaussian function with an 
impulse function that indicated when a vowel was spoken. The full width at half maximum of the 
Gaussians were determined for each subject separately, as follows. First, for each electrode that 
had, in the trials of the slowest repetition rate, a maximum peak response higher than 1 standard 
deviation above the mean of the signal, we estimated the fwhm of that peak. The mean fwhm over 
electrodes was then used as the fwhm for the Gaussian peak of the model for the slowest production 
rate. For the two faster production rates, this value was adjusted to match those repetition rates by 
dividing it by the repetition frequency. We used the slowest repetition rate for the fwhm estimation 
under the assumption that this is least ‘contaminated’ with activity of other utterances. The fwhm 
values of the three subjects were, respectively, 0.59, 0.51 and 0.65 s for the 1 Hz repetition rate 
(leading to a 0.35, 0.30 and 0.39 s fwhm for the 1.66 Hz repetition rate and 0.44, 0.38 and 0.49 s 
fwhm for the 1.33 Hz repetition rate). Visual inspection showed that using these Gaussian widths, 
the neural activity could be accurately modeled for all subjects (Figure 2).  Subsequently, since it 
is known that the HFB response onset of different areas in the brain can occur at different time-
points relative to the overt motor action (Crone et al. 1998; Coudé et al. 2011; Hermes et al. 2012b; 
Bouchard et al. 2013), we shifted the timing of the model peaks and repeated the regression until 
an optimal fit was found with the data. Timing shifts ranged from 0.5 seconds before voice onset 
time to 0.5 seconds after voice onset, in 0.1 second increments. An electrode was considered 
significantly responsive to the task if it was significantly explained by the best fitting model and if 
the average response over trials was an increase in power associated with at least the first vowel 
production (for all three repetition rates). For subject A-C, a total number of 14, 28 and 59 
electrodes were significantly active, respectively. All other electrodes were considered not-
responsive (NR). Statistical analysis was conducted using analysis of variance (ANOVA; 
alpha=0.05, false discovery rate corrected), similar as in Salari et al. (2018). For this analysis, 
normally, each sample point is assumed to be independent and is used as a degree of freedom. The 
degrees of freedom (DF) value relates to the number of independent observations but since 
consecutive sample points are not independent (due to the Gabor wavelet power conversion) we 
counted every 0.5 seconds of data as an independent sample point to not overestimate the degrees 
of freedom. Note that, even though the data do not necessarily meet all the assumptions for 
parametric testing (as discussed above), inspection of the data showed that the current analysis was 
useful for selecting task related electrodes.  
 

Repetition Effects 
Only the significantly responsive electrodes were used for further analysis. For these electrodes, 
we determined the HFB power peak amplitude for every vowel production. Since the HFB response 
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peak timing, with respect to voice onset, could be different for each electrode we used the shift of 
the model that explained the data best as the determinant for timing of the HFB response peak with 
respect to voice onset. Each peak amplitude was determined by taking the median of the HFB signal 
in a window of 0.1 sec before and 0.1 seconds after the determined peak timing. We used this value 
instead of the maximum value, to prevent possible noise peaks in the data to affect the results.     

 

Correction for Performance Differences 
To investigate if the duration of vowel production was influenced by the repetition rate, we 
performed an ANOVA for each subject with pronunciation duration (derived from the audio signal) 
as dependent variable and production rate as independent variable. Furthermore, we corrected for 
possible differences in HFB response peak amplitudes that might be caused by differences in 
pronunciation between repetitions. We derived four behavioral performance measures, namely (1) 
sound intensity, (2) lip aperture, (3) lip movement and (4) lip velocity, for this correction. Sound 
intensity was calculated by taking the envelope of the normalized audio signal that was recorded 
during the task, using the absolute value of the Hilbert transform. The sound intensity was 
normalized per run to make measures from different sessions comparable. Normalization (of each 
run) was based on the mean and standard deviation of a silent part of that run. This envelope was 
then smoothed with a moving window of 0.05 seconds and down sampled to 600 Hz. Lip aperture 
was measured by analyzing video footage of the subjects while they performed the task. For each 
repetition, the mean distance (in pixels) between the lips was calculated for the video frames 

Figure 1. Model creation for electrode selection and deriving peak timings. A visual 
representation of the method to create from the signal (shown in blue) the model (shown in red) that 
was used to select significant electrodes and to determine the peak timings. Each predictor represents 
a transient response to one of the possible vowel production repetitions and are created by convolving 
a Gaussian function to an impulse at voice onset. The model was created by a regression of the five 
predictors to the signal. The model was used to find electrodes with a significant response to the task 
and to find the timing of (potential) peaks. The latter was done by shifting the predictors and repeating 
the regression until the best fit was found with the data. 
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corresponding the pronunciation. Lip movements were calculated in a similar way but the video 
frames during silent parts just before each pronunciation were now used. The difference between 
the lip aperture during silence and the upcoming pronunciation served as a measure of lip 
movement. Lip velocity was calculated by taking the derivative of the lip positions during the silent 
part before each vowel production and subsequently taking the maximum value thereof. The lip 
position for each analyzed frame was normalized, per run. This was done by subtracting from each 
lip position sample, the mean number of pixels between the lips (over analyzed frames) and 
dividing this by the standard deviation (of pixels over time). To see if any of the measures could 
explain possible differences in the brain signals, we calculated the correlation value of each of these 
measures with the HFB response peak amplitudes for all included electrodes. Furthermore, a 
principal component analysis (PCA) was performed on these measures to dissect covariance among 
the different measures. The principal components were used as predictors of the HFB response 
peak amplitudes in a regression analysis, per electrode, the result of which was subtracted from the 
actual HFB response peak amplitudes to regress out any performance effects on the brain data. 
Outliers in the HFB response peak amplitudes were disregarded and outliers in the PCA values 
were replaced by the average value of that component. Outliers were determined by using the 
‘isoutlier’ function from Matlab. See supplementary Figure S1 for an indication of the variance in 
brain data and behavioral measures and their relation before and after correction.  

Since we could not measure the tongue position in the patient subjects, we did not correct for 
possible differences therein. However, after the current study we repeated the task with five healthy 
volunteers (who signed informed consent, median age: 26 years, range 22-31 years, 1 female) and 
recorded their tongue position using ultrasound measures. A total of 114 echo pulse scan lines were 
recorded at 60.11 frames per second at a depth of 90 mm with an EchoBlaster 128 ultrasound 
machine. The probe was stabilized using an ultrasound headset (Articulate Instruments Ltd., 2008). 
The data were analyzed with Articulate Assistant Advanced software (Articulate Instruments Ltd., 
2012). We then evaluated whether repeated vowel production caused systematic changes in tongue 
movements. 

After correction for performance, the peak amplitudes of all included electrodes were 
averaged and grouped by repetition number (1-3, 4 or 5) for each repetition rate separately. 
Subsequently, for each rate an ANOVA was performed with repetition number as independent 
variable and HFB response amplitude as dependent variable, to see if there was a significant 
difference in HFB-amplitude between repetition numbers. The result of this step was used as an 
indication of whether there was an influence of previous productions of the same vowel on 
subsequent productions. Since the slowest production rate only contained three repetitions, the 
ANOVA was performed on the first two and the last repetition only, for all production rates. 
Hermes and colleagues (2012b) suggested that a non-linear function in the form of a*(1/x)+bx+c 
best fitted their results with respect to the shape of the HFB response during finger movements. For 
visualization of the response profile, we fitted this function with the current data. Furthermore, 
since those authors found that for finger movements the HFB profile was dependent on movement 
rate, we compared the HFB response profiles of the three different repetition rates using an 
ANOVA. The repetition rate was used as independent variable and the HFB response peak 
amplitude was used as dependent variable (each repetition rate group consisted of the amplitudes 
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of the first, second and last repetitions combined). Note that also in this step only the first, second 
and last repetitions were used to allow for comparison across rates. 
 

HFB Response Profiles 
Based on previous research (Hermes et al. 2012b; Salari et al. 2018) and on inspection of the data, 
five models were defined to describe the HFB response profiles of the included electrodes. 
Electrodes could show (1) high activity for the first vowel production followed by a ‘non-linear 
decrease’ (NLD) of activity for the remaining productions, (2) high activity for the ‘first production 
(FP) but none or very little activity for the remaining productions, (3) high activity for the first and 
last production with a lower response for the productions in between, in the form of a ‘u-shape’ 
(US), (4)  linearly decreasing (LD) activity over productions, or (5) activity could be equally 
responsive (ER) to all productions. Each electrode was classified as one of these response profiles 
for each repetition rate separately, by regressing three predictors to the HFB amplitude data of each 
electrode. Only three predictors were necessary to describe these five profiles as will be explained 
below. The first predictor models a NLD and a FP profile in a simplified way, with the first peak 
higher than the other peaks, and the other peaks being more or less equally high. For both the NLD 
and the FP profile the predictor was [1 0 0 0 0], [1 0 0 0] or [1 0 0] for a five, four and three 
repetitions trial respectively. If the intercept of the regression was significantly above zero (alpha 
= 0.05), the whole predictor would be moved up. In that situation, there would be a response present 
for all repetitions, which differentiates the NLD from the FP profile. The second predictor 
characterized the US model, (i.e., [1 0 0 0 1], [1 0 0 1] or [1 0 1]). The third predictor represented 
the LD model, (i.e., [1 .75 .5 .25 0], [1 0.67 0.33 0] or [1 0.5 0]). Note that the slope of this linear 
predictor was not fixed as the beta and intercept value of the regression determined the slope. The 
predictor with the highest correlation to the data was chosen as the best fit. Subsequently, we tested 
if this predictor could significantly explain the amplitude response, based on the beta value from 
the regression analysis (alpha = 0.05). If an electrode was significant for the best fitting profile (i.e. 
NDL, FP, US or LD) it was classified as such. If none of the models were significant (and the 
electrode therefore did not show any difference between the response amplitudes of the repetitions), 
an electrode was assigned to the ER profile.  

We determined, per repetition rate, the percentage of electrodes that belonged to each profile, 
and evaluated effects of production rate on the number of electrodes per profile. To investigate the 
presence of an anatomical organization of particular response profiles within the sensorimotor 
cortex (i.e., whether some profiles are more prominent in specific sensorimotor regions than 
others), we determined for each electrode if it was classified as the same profile more than once 
(out of three repetition rates). If so, this profile was considered the most prominent profile for that 
electrode. We visualized the distribution of these most prominent response profiles on a 3D 
rendering of the subject’s brain as described in (Hermes et al. 2010; Branco et al. 2018b).  
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Results 
 

Task Performance and Behavioral/Acoustic Measures 
The task was performed well by all subjects, although subject C showed some difficulties during 
the first run. For subjects A & B, 7.7% (6/78) of the trials were disregarded due to an incorrect 
response and for subject C this was 35.9% (28/78). For the trials performed accurately (i.e. with 
the correct number of repetitions), the intended and performed repetition rates did not differ much 
(see Table 1). Subject A produced the vowels significantly slower than instructed for the fastest 
production rate, t(83)=-7.54, p<0.001 and subject C produced them faster for the two fastest 
repetition rates, t(43)=2.63, p=0.01 and t(50)=4.21, p<0.001 respectively.   

For subjects A & C there was a significant difference between vowel production durations for 
the three different repetition rates after Bonferroni correction (alpha = 0.05), F(2,281)= 5.15, 
p=0.006 and F(2,186)= 14.13, p<0.001 respectively, see Table 1. For subject B, the vowel 
production durations did not differ significantly. Since the difference for subject A is relatively 
small (only 0.01 second), and there is no significant difference for subject B, these results suggest 
that there was not a strong overall difference between vowel production duration for the three 
repetition rates for these two subjects.  

The derived behavioral performance measures (sound intensity, lip aperture, lip movement 
and lip velocity) did not correlate with the brain signal peak amplitudes for most electrodes (see 
Table 2 for the mean correlation over electrodes) in subjects A & B. In fact, for subject A, none of 
the electrodes showed a significant correlation to any of the measures. For subject B, only 17.86% 
(5/28) of the included electrodes showed a significant (alpha=0.05, FDR corrected) correlation of 
HFB signal amplitude with sound intensity (mean r=0.36, SD=0.09). For subject C, many 
electrodes did show a significant correlation with the lip measures; 11.86% (7/59, mean r=0.26, 
SD=0.05) with lip position, 74.58% (44/59, mean r=0.36, SD=0.09) with lip movement, and 
47.46% (28/59, mean r=0.30, SD=0.06) with lip velocity. Note that we correct for these effects in 
our ECoG analyses, see supplementary Figure S1. This figure shows that most of the signal 
variability due to for instance sound intensity (see subject B) or lip movement (see subject C) is 
reduced by the correction we applied and will not have contributed to the results presented in the 
paper. 
 

Electrode Selection and Peak Timing Models  
The models used to select significant electrodes and to determine the peak timings showed an 
accurate correspondence to the HFB response signals (see Figure 2), with an average of 62% 
(SD=12), 67% (SD=11) and 73% (SD=12) variance explained for the included electrodes, of 
subjects A-C respectively. 
 

Average HFB Peak Profile During Vowel Repetitions  
In general, the first vowel production of a trial was associated with a larger HFB peak amplitude 
than subsequent pronunciations (Figure 3). For all subjects, the mean HFB response peak 
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amplitudes over all significant sensorimotor electrodes differed significantly between repetitions 
for almost all repetition rates (Table 3, note that we used the first two and the last repetition for all 
rates). For subject C, there was no significant difference during the 3 repetitions condition. 

We investigated whether certain repetition rates were associated with a stronger average 
decrease in amplitude than other repetition rates. Only subject A showed a significant difference 
between peak amplitudes over production rates (Figure 4), F(2,209)=3.27, p=0.04.  

   
Electrode HFB peak profiles 
Each included electrode was classified as belonging to one of five response profiles (Figure 5) 
based on the development of the peak amplitude over repetitions, for each repetition rate separately. 
In general, the NLD was the most frequent response profile for subjects A & B. For subject C, the 
US and ER responses were most frequent. None of the response profiles showed a clear anatomical 
clustering (Figure 6).   

We investigated whether there was a general change in the number of electrodes per profile 
depending on repetition rate (Figure 7). Although no statistical conclusions can be drawn from the 
results with the current number of subjects, there was an overall trend for an increasing number of 
ER electrodes with decreasing frequency rate. For subjects A, B and C, respectively, 15.38% (2/13), 
20.83% (5/24) and 52.63% (20/38) of all electrodes that showed a repetition effect in the 5 
repetitions condition convert to ER in the 3 repetitions condition. 
 
Table 1. Behavioral Performance. In the top section, the mean and standard deviation of 
production rate deviations (instructed minus performed rate) over pronunciations are shown in 
seconds. The asterisk indicates a significant difference between intended and performed production 
rate. A negative value indicates that vowels were repeated slower than intended. In the lower 
section, the mean and standard deviation of speech duration is shown per production rate, for all 
subjects. Discarded trials were not included here. 
 

Subject A B C 
Production rate  
deviation (s)  

5 reps 

 
 
-0.06 (0.07)* 

 
 
0.01 (0.14) 

 
 
0.04 (0.11)* 

4 reps -0.01 (0.07) 0.03 (0.14) 0.09 (0.16)* 
3 reps 0.01 (0.12) 0.04 (0.20) 0.06 (0.18) 
Speech durations (s)  
5 reps 

 
0.19 (0.03) 

 
0.27 (0.05) 

 
0.23 (0.07) 

4 reps 0.20 (0.03) 0.27 (0.04) 0.21 (0.06) 
3 reps 0.20 (0.03) 0.27 (0.04) 0.27 (0.07) 
ANOVA F(2,281)=5.15, 

p=0.006 
F(2,281)=1.17, 
p=0.31 

F(2,186)=14.13, 
p<0.001 
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Tongue Movements in Healthy Volunteers 

The results from the tongue movement measures indicated that 4 subjects did not show much 
difference in tongue position over the different repetitions and one subject showed a slightly higher 
tongue position for the first vowel production compared to subsequent repetitions for the two fastest 
repetition rates (Figure 8). Whether or not people returned their tongue to the rest position in-
between repetitions was quite different over subjects. 
 
Table 2. Correlation between the performance measures and HFB peak amplitudes. Values 
are the mean and standard deviation over included electrodes (therefore no p-values are shown).   
 

Subject A B C 
Correlation  
Sound intensity 

 
0.04 (0.08) 

 
0.15 (0.14) 

 
0.02 (0.08) 

Lip aperture 0.01 (0.07) -0.09 (0.08) 0.13 (0.08) 
Lip movement 0.05 (0.07) 0.02 (0.07) 0.31 (0.12) 
Lip velocity 0.06 (0.06) 0.01 (0.05) 0.21 (0.10) 

 
Discussion 

 
The effect of movement repetition on the sensorimotor HFB response during vowel production was 
investigated using a simplified speech task with controlled speed of repetition. The HFB signal 
from high-density electrode grids was evaluated in three epilepsy patients undergoing a surgical 
procedure for epilepsy diagnosis. 

We show that sensorimotor activity related to discrete speech movements is influenced by 
previous speech movements when spaced a second (or less) apart. Averaged across electrodes, the 
HFB-response of sensorimotor cortex had a similar amplitude between different production rates 
but did not show equal amplitudes over the course of repetitions (Figure 3). This was seen for all 
subjects and all tested production rates (1-1.66 Hz; except for one instance in subject C where the 
effect was near-significant). The data suggest that the HFB-amplitude is not linearly related to 
motor output since amplitudes mainly decline non-linearly for repeated vowel productions. The 
analysis included a correction for the small variations in sound intensity, lip aperture, lip movement 
and lip velocity, making it unlikely that this finding can be explained by differences in performance 
over repetitions. However, movements of the tongue could not be measured (discussed below). 

The results for speech movements are in agreement with earlier electrophysiological and 
fMRI data that report a repetition effect for finger movements (Hermes et al. 2012b; Siero et al. 
2013). We extend these by showing that complicated movements such as those involved in speech 
show a decline in HFB response when repeated at a frequency of 1 Hz or higher. Furthermore, our 
data suggest a tipping-point between 1 and 2 seconds (the production rate at which the HFB 
amplitude decline disappears) since the repetition effect was still visible for repetitions 1 second 
apart but was no longer visible after 2 seconds, the time approximately between the last 
pronunciation of a trial and the first pronunciation of the following trial, as indicated by the recovery 
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of a high amplitude for each first pronunciation of a trial. 
Across electrodes, the non-linear decrease (NLD) profile was dominant for subject A & B. 

Other response profiles were observed, but less frequently in these subjects. For subject C, the US 
and ER responses were most frequent. For all subjects, the number of electrodes with an equally 
responsive (ER) profile tended to increase with decreasing vowel production rate. Considering the 
earlier discussion on the tipping-point, it could be speculated that different cortical patches in 
sensorimotor cortex exhibit different tipping points, which would cause more electrodes to display 
the repetition effect as vowel production rate increases. Note however, that the total number of 
pronunciations and therewith the number of data points, is different for each repetition rate, which 
could make the statistical chance to find a particular response profile unequal between repetition 
rates. Therefore, we cannot fully exclude the possibility that the tipping point effect may be caused 
partly by an unequal number of data points between repetition rates.  

The current results did not indicate a clear anatomical organization with respect to the 
different response profiles although some clustering seemed to be present (most clearly visible in 
subject B). Please note that, even though we used HD electrode grids, individual electrodes are still 
3 or 4 millimeters apart. Therefore, the spatial sampling is somewhat sparse compared to for 
instance high field fMRI recordings. Possibly, repeating the experiment with even higher spatial 
sampling may reveal spatial organization with respect to the repetition effect. 

 
 
 

Figure 2. Data and model 
examples. Each row shows 
for one subject (A-C) an 
example of the response of 
one electrode in blue 
(average over trials, with 
shading indicating the 
standard deviation), with the 
three different production 
rates separated in columns 
(fastest on the left and 
slowest on the right). In red, 
the model that best fitted that 
specific electrode’s response 
is shown. On the x-axis, time 
is indicated in seconds after 
the first cue. On the y-axis, 
the normalized HFB-power 
is indicated. 
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Table 3. HFB peak amplitudes over repetitions. The ANOVA results per production rate and per 
subject, testing for differences between HFB peak amplitudes over repetitions. The dependent 
variable was the mean (over included electrodes) HFB peak amplitudes and the independent 
variable was the repetition number. Significance indicates that the HFB peak amplitudes are 
significantly different between repetitions. 

 
 

 
Neural Underpinnings of the Repetition Effect 
There are several phenomena that may account for the decrease in HFB-power observed with 
repeated speech movements. It may be speculated that some articulators which we did not correct 
for, moved more for the first pronunciation than for subsequent pronunciations.  Analysis of tongue 
movements during the same task in healthy volunteers revealed quite constant tongue positions 

Subject A B C 
5 reps F(2,59)=20.61,  p<0.001 F(2,62)=17.28, p<0.001 F(2,30)=4.69, p=0.02 
4 reps F(2,73)=25.63,  p<0.001 F(2,68)=24.73, p<0.001 F(2,45)=6.26, p<0.001 
3 reps F(2,71)=19.49, p<0.001 F(2,74)=28.43, p<0.001 F(2,60)=3.03, p=0.06 

Figure 3. The average HFB profile for different vowel repetition rates. Each panel shows for one 
subject (A-C) the average profile of the HFB peak response for each vowel production averaged over 
included electrodes (marked by gray circles, pronunciations of the same trial are connected by gray 
lines). The three different production rates are separated in columns (fastest on the left and slowest on 
the right). A non-linear line, shown in red, was fitted to the data for visualization and for comparison 
with previous studies of hand movements (Hermes et al. 2012b). On the x-axis, time is indicated in 
seconds after the first cue and on the y-axis the normalized HFB-power is indicated. 
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over repetitions within subjects but also revealed variations in tongue movements between subjects, 
ranging from full contraction and relaxation for each repetition to a fixed tongue position 
throughout repetitions (Figure 8). Previous research has suggested that not only articulator position 
but also features related to articulator movements (such as velocity) are represented in the 
sensorimotor cortex (Conant et al. 2018). In case the tongue may not return to its rest position 
between repetitions, the first utterance may be associated with more activation than the subsequent 
productions as the articulator movement is then largest for the first pronunciation and smaller for 
the subsequent ones. This may also explain why the last repetition sometimes showed an increase 
in activity compared to its predecessor(s) as the tongue has to return to its rest position. 
Furthermore, it can be speculated, that between phonemes the musculature used for the production 
is not fully at rest (in anticipation of the next production), even if the articulator position between 
phonemes is close to the rest position. In this case, one could see the full sequence of repetitions as 
one, albeit complex, movement with an onset and an offset. Since various reports have shown a 
neural response at movement offset (Ball et al. 2008; Hermes et al. 2012b; Salari et al. 2018), neural 
activity at the end of a sequence may also be attributed to the movement towards full rest. However, 
this cannot explain all the found response profiles. Hence, our findings cannot be fully explained 
by differences in tongue movements between repetitions and are therefore also in line with the 
existence of a non-linearity between motor output and neural activity during repeated speech-
movements that are spaced closely apart. 

Since HFB power is thought to be associated with neural firing (Manning et al. 2009; Miller 
et al. 2009; Ray and Maunsell 2011), a decrease in HFB power as observed here may suggest that 
fewer neurons are involved in subsequent motor acts, (see Hermes et al. 2012b for a similar 
interpretation), or that the same neurons fire less frequently. Indeed, repetition suppression effects 
 
 

 

Figure 4. Comparison of HFB profiles between different production rates. Each panel shows for 
one subject (A-C), the HFB amplitude per repetition number, averaged over included electrodes and 
over trials. The three different production rates are indicated in blue, red and yellow (for the first two 
and the last repetition). On the x-axis, the repetition number is indicated and on the y-axis the 
normalized HFB-power is indicated. A significant difference between conditions is indicated by an 
asterisk. 
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have been found for other modalities than motor execution. Suppression during repeated visual 
stimulation has for example been attributed to a reduction of neural excitability for repeated stimuli 
(see Grill-Spector et al. 2006 for an interesting discussion on the possible mechanisms behind a 
reduction of neural activity for repeated stimuli and the possible function this may have). 

Furthermore, repetition suppression effects for repeated speech have also been found in other 
areas than the sensorimotor cortex and may be involved in motor planning. Previous fMRI research 
in the left posterior inferior frontal gyrus, has shown for instance, a repetition suppression effect 
which is related to the degree of shared phonological features (such as voicing or manner of 
articulation) over the course of repeated words (Okada et al. 2018). This suggests that similar 
phonological features during speech reduce activity in motor planning areas. It would be interesting 
to see if such motor planning effects of similar phonological features is related to the repetition 
effect we observed in the sensorimotor cortex as it has been suggested that repetition effects in 
some areas may affect the activity in other areas (Grill-Spector et al. 2006).  

Furthermore, even though in the current study we focused on sensorimotor cortex activity, 
other areas such as the supplementary motor area (SMA), cerebellum, basal ganglia and premotor 
cortex, which are connected to the motor cortex, have been suggested to play an important role in 
the timing of speech production (Kotz and Schwartze 2010). It would therefore be interesting to 
investigate the role of those areas during repeated speech production and to see if they have an 
influence on the repetition effect.   

 
Neural Underpinnings of Different Response Types 
Although further research is needed to better understand the different response types we found, we 
may speculate about the possible underlying mechanisms. There are multiple theories on the 
mechanisms behind repetition suppression that may explain the current results. For instance, 
increased influx of potassium ions over the course of repetitions may lead to hyperpolarization of 
the cell membrane, causing a reduction in neural firing. If this effect is asymptotic, this may lead 
to a non-linear decrease. Another theory suggests that only neurons that are most specific to the 
task continue firing over repetitions. It could be that in some areas the number of task-specific 
neurons is higher than in others, which may lead to the different response types. If most of the 
neurons are task-specific, it would be likely that the responses are equal over repetitions (ER). If 
the ratio between task-specific neurons and task-unspecific neurons is high, the number of firing 
neurons may decrease initially and stabilize at some point, leading to a non-linear decrease (NLD 
or FP). With a lower ratio, the decrease may be linear, as the number of neurons that can stop firing 
is larger. As discussed earlier, some areas may be related to movements in two directions (Fetz et 
al. 1980; Soso and Fetz 1980), which may explain the u-shape response type (US), as at the end of 
the trial the articulators are likely to return to rest position, see for instance the tongue position data 
in Figure 8. This may result in increased neural firing at the end of the trial. Besides these theories 
on the neural underpinnings of repetition suppression, there may be an alternative explanation for 
a higher response for the first vowel production. Some parts of the sensorimotor cortex may be 
involved in the planning of a motor sequence (Tanji and Evarts 1976) and it may be speculated that 
this could lead to more neural activity for the first production (i.e. beginning of a rhythmic 
sequence) or to only neural activity at the beginning of the sequence. 
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Implications for Neural Based Speech Decoding 
Our results are highly relevant for the development of sensorimotor-speech BCIs: systems that aim 
to decode (attempted) speech from sensorimotor brain signals. Classification of speech sounds 
based on sensorimotor activity has been shown before  (Kellis et al. 2010; Brumberg et al. 2011; 

Figure 5. Representation of all response profiles. Responses were ‘non-linear decreasing’ (NLD) ‘first 
production responsive only’ (FP), ‘u-shaped’ (US), ‘linearly decreasing’ (LD) or ‘equally responsive’ 
(ER). Each row indicates the average response (per subject in color and for all subjects in black) of all 
electrodes that belonged to one profile. The number of electrodes on which the mean response was based 
is indicated by ‘n’ and the number of electrodes each subject contributed is indicated by the numbers in 
brackets for subject A-C respectively. Columns separate the different production rates. The standard 
deviation of the response over subjects is shown by shading. On the x-axis, the repetition number is 
indicated and on the y-axis the normalized HFB-power is indicated. 
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Mugler et al. 2014; Herff et al. 2015; Ramsey et al. 2018), but accuracy levels and degrees of 
freedom do not meet the standards for home-use by patients. It has been suggested however, that 
these systems are likely to benefit from the use of high-density electrode grids (Kellis et al. 2016; 
Ramsey et al. 2018). Classification of sensorimotor signals may also benefit from taking linguistic 
structures, such as syntax or likely word combinations, into consideration by incorporating a 
language corpus to the predictions (Herff et al. 2015, 2017).  
 
 

Figure 6. Electrode localization. For each subject, the locations of all analyzed electrodes are 
indicated. Small gray dots indicate non-responsive (NR) electrodes. The other symbols indicate, per 
electrode, the most prominent response profile, which was determined by classifying the HFB responses 
for each production rate into one of five response profiles (for abbreviation clarification of the response 
profiles see Figure 5). If an electrode was classified as the same response profile for at least two out of 
the three production rates, this was considered the most prominent response profile. Gray circles (see 
N.A. in legend) indicate electrodes that did not have a prominent response (i.e. where the responses 
were different for each production rate). The difference between the NLD and FP response predictor 
was an intercept difference and therefore light gray triangles (see NLD/FP in legend) indicate 
electrodes which had different responses for each repetition rate but which were classified once as 
NLD and once as FP. 
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We postulate that a third factor needs to be taken into account for optimal decoding accuracy: 
previous speech movements. Since sensorimotor-speech BCIs try to find specific patterns in the 
brain signals that can consistently be linked to a specific sound, and use this information to 
determine which sound the user made (or tried to make), any effect of previous (attempted) 
utterances on the brain signal of a current utterance is important information. Sensorimotor-speech 
BCIs may therefore be improved when information about previously spoken sounds is incorporated 
in the decoding pipeline. The current study provides a method for creating models of HFB profiles 
related to vowel repetitions. Models like these may be used for creating a library of models related 
to variations in brain activity patterns associated with speech production and may potentially 
improve speech classification. It will be crucial to extend the current findings to more real-life 
application scenarios of sensorimotor-speech BCIs, and to investigate whether the results can be 
generalized to natural speech circumstances such as repeating the same phoneme within a word or 
over the course of words. Furthermore, since these BCI systems are intended for paralyzed subjects, 
it is essential to investigate if also repeated covert/attempted speech is associated with similar 
phenomena. 
 
Limitations & Future Work 
One of the limitations of the current study is the small number of subjects. Yet all subjects show 
similar results (decreased activity for repeated vowel production) across all investigated production 
rates (except for one instance in subject C where the effect was near-significant) and our findings 
do correspond to that of previous studies for finger movements. Also, a larger range of production 
rates could have been more informative, notably to determine the tipping point for HFB response 

Figure 7. Number of electrodes for 
each profile. In the upper panels, the 
percentage of included electrodes 
belonging to a profile (indicated by 
color) is shown for all subjects and 
production rates (indicated on the x-
axis). On the y-axis, the percentage of 
electrodes is indicated. For subject A-C, 
a total number of 14, 28 and 59 
electrodes were significantly active, 
respectively, which corresponds to the 
100% value for each subject. The lower 
panel shows the weighted mean and 
standard deviation values over subjects. 
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recovery. Third, we did not record articulator positions directly (except for the lips) and could 
therefore not correct for all variations in motor output. Fourth, in the current study we did not 
control for a possible effect of auditory stimulation on the cortical responses (by the subjects 
hearing their own voice during the task). However, since previous studies of other repeated 
movements (not involving speech or auditory stimulation) have shown similar results as the current 
study (e.g. Hermes et al. 2012b), we argue that it is likely that the repetition effect is more a 
sensorimotor cortex effect related to movements than to auditory stimulation. Finally, from our 
study it is not possible to determine whether the repetition effect is specific for the same phoneme, 
or could generalize to different phonemes following one another. This issue clearly warrants further 
investigation, as it is relevant for decoding speech where different phonemes are produced in 
sequence.   

 
Conclusion 

 
We show that neural activity related to discrete repeated speech movements is influenced by 
previous speech movements spaced a second or less apart. The most prominent response profile for 
repeated speech movements is a non-linear decrease of neural activity over repetitions. These 
findings are of importance for the development of communication-brain-computer interfaces that 
use decoding of (overt or covert) speech. 

 
 

Figure 8. Tongue positions. The average tongue 
position height (normalized) of five healthy 
volunteers is shown on the y-axis. The part of the 
tongue that moved the most with the task is shown. 
On the x-axis, time is indicated in seconds. Red 
vertical lines indicate voice onsets. The three 
different repetition rates are shown from top to 
bottom. The data was corrected for differences in 
pronunciation timing and was subsequently 
averaged per subject. Gray lines indicate the 
average tongue position of the individual 
volunteers (shading indicates the standard 
deviation) and the black line in the left panel 
represents the average thereof. 
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Appendix 

 

 

 
	  

Figure S1. Influence of behavioral measure corrections. Correlation, for subject A-C, between four 
behavioral measures (sound intensity, lip position, lip movement and lip velocity) with the normalized 
brain signal peak amplitudes, averaged over electrodes, before (blue) and after correction (red) for 
behavioral measures. On the x-axis, the HFB signal peak amplitude is indicated and on the y-axis the 
behavioral measure. The correlation value (r) and significance value (p) are indicated above each plot 
in the corresponding color. 
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Abstract 

Background: In recent years, brain-computer interface (BCI) systems have been investigated for 
their potential as a communication device to assist people with severe paralysis. Decoding speech 
sensorimotor cortex activity is a promising avenue for the generation of BCI control signals, but is 
complicated by variability in neural patterns, leading to suboptimal decoding. We investigated 
whether neural pattern variability associated with sound pronunciation can be explained by prior 
pronunciations and determined to what extent prior speech affects BCI decoding accuracy. 
Methods: Neural patterns in speech motor areas were evaluated with electrocorticography in five 
epilepsy patients, who performed a simple speech task that involved pronunciation of the /i/ sound, 
preceded by either silence, the /a/ sound or the /u/ sound. Results: The neural pattern related to the 
/i/ sound depends on previous sounds and is therefore associated with multiple distinct sensorimotor 
patterns, which is likely to reflect differences in the movements towards this sound. We also show 
that these patterns still contain a commonality that is distinct from the other vowel sounds (/a/ and 
/u/).  Classification accuracies for the decoding of different sounds do increase, however, when the 
multiple patterns for the /i/ sound are taken into account. Simply including multiple forms of the /i/ 
vowel in the training set for the creation of a single /i/ model performs as well as training individual 
models for each /i/ variation. Discussion: Our results are of interest for the development of BCIs 
that aim to decode speech sounds from the sensorimotor cortex, since they argue that a multitude 
of cortical activity patterns associated with speech movements can be reduced to a basis set of 
models which reflect meaningful language units (vowels), yet it is important to account for the 
variety of neural patterns associated with a single sound in the training process.  
 
Keywords; Coarticulation, Sensorimotor Cortex, Speech, Brain-Computer Interface, ECoG 
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Introduction 
 
People who suffer from severe paralysis can sometimes lose the ability to speak or communicate 
while retaining adequate levels of cognitive functioning (American Congress of Rehabilitation 
Medicine 1995; Smith and Delargy 2005; Posner et al. 2007). This condition is called locked-in 
syndrome (LIS). People with LIS often rely on assistive communication technology to interact with 
their family and caretakers. An example of such technology is a brain-computer interface (BCI) 
system (Wolpaw et al. 2002). BCIs record brain signals and translate specific features of the 
recorded signal into a control signal for a computer or other effector. As such, these systems aim 
to provide people with paralysis the ability to, for instance, write text on a screen or produce 
synthesized speech, without the involvement of any muscle activity (see for instance Vansteensel 
et al. 2016 for an example of a fully implantable BCI system for home use).  

Recent years have seen an increasing interest in decoding brain activity related to speech 
movements for the control of BCIs. Several studies using implanted electrodes have shown, for 
instance, that sounds (isolated or within words) can be classified from the sensorimotor cortex 
(accuracy for 4 sounds: 71.9 ± 8.8%, Ramsey et al. 2018; accuracy for a complete set of American 
English phonemes 20.4 ± 9.8%, Mugler et al. 2014).  Also, when speech is not actually executed 
but attempted by someone with paralysis, classification of 38 American English phonemes was 
possible with an average accuracy of 21% (Brumberg et al. 2011). Also in natural spoken speech, 
it is possible to reconstruct what people said, based on brain signals alone (word classification up 
to 75% in a set of 10 words, Herff et al. 2015). However, these systems are far from being a usable 
application for people from the target population since the accuracy levels and degrees of freedom 
of speech motor BCIs remain suboptimal.  

A possible explanation for the suboptimal performance of current speech motor BCIs is that 
most decoders do not explicitly take into account that there may be variations in the brain activity 
patterns related to sound pronunciation and generally base classification of each individual sound 
on a single activity pattern. However, for speech recognition applications that are based on sound 
recordings (Lee 1990) or facial muscle movements (Schultz and Wand 2010), it has been shown 
that taking context (previous and future phonemes) into consideration, substantially improves 
speech recognition. The reason for this might be that articulator placement for a particular sound 
depends on the sound(s) pronounced before and/or after the spoken sound, a phenomenon called 
coarticulation (Rietveld and van Heuven 2001; Davis 2015). Similarly, the movements the 
articulators make to create a particular sound are likely to depend on prior sounds, since the 
articulators move from different starting positions. Because articulator movement is largely 
controlled by the sensorimotor cortex of the brain (Penfield and Boldrey 1937; Crone et al. 1998; 
Towle et al. 2008; Bouchard et al. 2013), variations in articulator positions for the same sound, or 
in their movements towards a certain position, are likely to be associated with variations in 
sensorimotor brain activity patterns. Indeed, there is evidence for a representation of coarticulation 
in the sensorimotor cortex in that, for single electrodes, the high-frequency band (HFB; >50 Hz) 
power amplitude varies with different articulator positions for the same sound (Bouchard and 
Chang 2014; Chartier et al. 2018). Also, we have previously shown that repeatedly pronouncing 
the same sound is not associated with equal neural activity in the sensorimotor cortex if the sounds 
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are spaced a second or less apart, suggesting that previous sounds influence sensorimotor cortex 
activity (Salari et al. 2018b). It is currently unclear, however, how coarticulation and the movement 
from one sound to another, affect our ability to distinguish a certain sound from other sounds, using 
neural signals. Also, it remains to be determined if the incorporation of multiple brain patterns for 
a single sound in a decoder can improve classification accuracies. Clearly, answers to these 
questions are of great interest for the development of motor speech BCIs since they may improve 
the classification performance and thereby daily life usability of such systems.  

In the current study, we confirm that sensorimotor cortex neural activity patterns that are 
related to the pronunciation of one specific sound, and likely the movements towards that sound 
(the /i/ vowel in this study), depends on the preceding sound. In addition, we investigate the 
consequences of these different /i/-related activity patterns for the decoding of different sounds 
based on sensorimotor cortex neural signals. We use electrocorticography (ECoG) to record neural 
signals since this technique encompasses a combination of high temporal resolution and high spatial 
specificity (Siero et al. 2014), both particularly relevant for speech related research (Kellis et al. 
2016; Ramsey et al. 2018). We focus on the 75-135 Hz power changes in the sensorimotor cortex, 
which are known to be closely related to speech and articulator movements, especially in the ventral 
areas of the sensorimotor cortex (Crone et al. 1998; Miller et al. 2007; Bouchard et al. 2013), and 
which have been associated with underlying neural firing (Miller et al. 2007; Manning et al. 2009; 
Ray and Maunsell 2011).   

 
Methods 

Participants 
Five patients (age 14-41; 3 females) participated in this study, while they were treated for epilepsy 
in the University Medical Center Utrecht. Subdural ECoG electrodes were placed for clinical 
reasons. In two participants, the coverage of the clinical grids included the area of interest, the 
ventral sensorimotor cortex (vSMC; left hemisphere in one participant, right in the other 
participant). The other three participants (all adults) gave informed consent for the placement of an 
extra high-density (HD) electrode grid over this area for research purposes only (left hemisphere in 
2 participants, right in 1 participant). Electrodes of the clinical grids were 2.3 mm in diameter and 
were spaced 10 mm apart. HD-grid electrodes were 1 or 1.17 mm in diameter and spaced 3 or 4 
mm apart. For the participants with HD-grid coverage we only used the HD electrodes for the 
current analysis.  

This study is in accordance with the Declaration of Helsinki (2013) and was approved by the 
ethics committee of the University Medical Center Utrecht. All participants gave written informed 
consent before participation.  
 

Task 
Participants were visually cued to produce one of two vowels (the /u/ or /a/), or to remain silent, 
for 1000 ms, and then make a smooth transition from the current sound (or silence) into a new 
sound (the /i/ vowel), without a break between the two sounds, and hold the /i/ for 1000 ms. We 
chose these vowels since they are phonetically well described and are known to involve different 
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articulator placements (Booij 1999). Visual cues were presented on a computer screen, which was 
placed approximately 1 m from the subject. A trial started with the visual presentation of either the 
letters ‘oe’ or ‘aa’, which, in Dutch, correspond to the vowels /u/ and /a/, respectively, or with a ‘-
’ sign, which indicated to remain silent. This was followed by the presentation of the letters ‘ie’, 
corresponding to the /i/ sound. Subjects were instructed to produce the sound that was presented on 
the screen for as long as it was visible. Trials were interleaved with inter-trial intervals of 3000 ms, 
during which a fixation cross was presented on the screen. Conditions (/u/ followed by /i/, /a/ 
followed by /i/, and silence followed by /i/) were randomly repeated 30 times, divided over two 
sessions (except for subject B, who completed only 1 session and therefore performed 15 trials per 
condition). We also included 20 rest trials of 2000 ms (10 for subject B), interleaved with the other 
trials, in which the subjects remained silent.  

 

Data Acquisition & Preprocessing 
The recorded sampling frequency of the ECoG data was either 512 Hz, 2048 Hz (both Micromed, 
Treviso, Italy), or 2000Hz (Blackrock Microsystems LLC, Salt Lake City, USA), similar as in 
Salari et al. (2018a). For the subjects who performed two runs, we concatenated the data of the two 
runs. Audio was recorded by microphones in the patient’s room and synchronized with the brain 
signals. Unless mentioned otherwise, data analysis was performed using Matlab software (The 
Mathworks, Inc., Natick, MA, USA). 

Electrodes over the sensorimotor cortex were identified by visual inspection of a 3D rendering 
of the subjects preoperative MRI scan that was coregistered with a post-operative CT scan (Hermes 
et al. 2010; Branco et al. 2018b). Electrodes with a flat or noisy signal, or with signal that was 
considered epileptic by a neurologist, were removed from further analysis (see Salari et al. 2018a 
for details). For the remaining electrodes (n=25, 18, 36, 114 and 122 for subjects A-E, respectively), 
line noise removal and common-average re-referencing was applied. All mention of electrodes 
below pertain to only the remaining electrodes. Subsequently, for each of the electrodes the HFB 
(75-135 Hz) power trace was calculated with a Gabor wavelet (Bruns 2004), similar as in Salari et 
al. (2018a), and this signal was subsequently smoothed for  noise reduction with a moving average 
window of 0.1 seconds, centered around each sample. We choose this window since it is within an 
optimal range for phoneme classification (Branco et al. 2018a), while at the same time preserving 
neural dynamics (Salari et al. 2018b). We normalized the signals over runs by taking, per run, the 
average HFB amplitude (over all electrode time series), subtracting this from all electrode time 
series and dividing the result by the standard deviation. The voice on- and offsets were first 
automatically determined from the acoustic signal using an automated vowel detection algorithm 
(Hermes 1990) and, where necessary they were corrected by auditory and visual inspection using 
PRAAT software (Boersma 2002). In addition, we determined the voice transition from one sound 
to another by visual and auditory inspection of the acoustic signal.  
 

Electrode Selection 
For every sensorimotor electrode, we determined whether it was significantly related to the 
pronunciation of one or more of the sounds, by computing per sound production (the three different 



Towards a speech BCI – Chapter 3 –Vowel Transitions 
 

 
 

66 

/i/ productions and the /u/ and /a/ production) the mean HFB response amplitude in a window of 
0.3 seconds around sound onset. The HFB response amplitude during sound production was 
contrasted with the mean HFB amplitude during the rest trials. If the HFB response of an electrode 
was significantly correlated to the pronunciation of one or more of the sounds (alpha=0.05, false 
discovery rate corrected for the number of retained electrodes), it was included in the subsequent 
analysis.  

 

Determining Peak Timing  
It is known that the HFB response peak related to the pronunciation of a sound does not always 
occur exactly at voice onset and can be different for different locations in the sensorimotor cortex 
(Crone et al. 1998; Coudé et al. 2011; Hermes et al. 2012; Bouchard et al. 2013). Yet, for the current 
study, we chose to analyze (and classify, as described below) the same point in time for all 
electrodes, and initially we analyzed the neural activity pattern for each sound only at one point in 
time (for other points in time see below). That is, one time-point for the first sound and one time-
point for the second sound. These were the time points where the HFB amplitude was the highest 
in the average signal of all included electrodes. This was done because for fast decoding of sounds 
in (future) real-time BCI applications, each incoming time point (or small window) needs to be 
classified and the easiest way to do this is to compare each incoming time point’s brain activity 
pattern to a single time window for each of the to be classified states. Thus, for the current analysis 
we determined the time point of maximal HFB activity related to the pronunciation of the first 
sound and the second sound, in the average signal of all included electrodes. This was done by 
epoching, for all included electrodes, the active trials twice: once aligned to the first sound (/u/ or 
/a/) onset, and once to the transition to the /i/ sound. We then took the average activity over all 
electrodes and trials and determined the timing of the mean HFB response peak closest to the sound 
onset and the mean HFB peak closest to the sound transition, respectively. Since we know from 
previous research (Salari et al. 2018b) that repeated isolated sounds are accompanied by a peak 
neural response on or just after voice onset, we assume that the same should be true for voice 
transitions.   

 

Sensorimotor Cortex Activity Pattern Analysis 
We determined for all trials (aligned to the sound transition) and per electrode, the HFB amplitude 
related to the /i/ pronunciation, by computing per included electrode and for each trial, the average 
HFB amplitude in a window of 0.3 seconds centered around the previously determined HFB 
response peak timing. Then, we determined whether there was a significant difference in the HFB 
spatial patterns between the three different conditions (/i/ preceded by silence, /i/ preceded by /u/ 
or /i/ preceded by /a/). We reasoned that if the HFB patterns for the different /i/ conditions would 
be significantly different, it should be feasible to classify which (if any) sound came before the /i/, 
based on the HFB pattern related to the /i/ sound. If the HFB pattern for /i/ would be unaffected by 
prior pronunciations, however, classification results of the three /i/ conditions should be at chance 
level. Therefore, we classified for each /i/ pronunciation the preceding sound (or silence), based on 
the HFB amplitude pattern associated with the /i/ sound, using a leave-one-trial out, template 
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matching classification procedure. We calculated for each trial the correlation with three templates 
(one for each /i/ condition) and assigned each trial to the template (class) with the highest 
correlation. We chose correlation as a distance measure since it has previously been used to 
successfully classify different sounds and hand gestures based on sensorimotor cortex neural 
activity (Bleichner et al. 2016; Branco et al. 2017; Ramsey et al. 2018). Templates of the HFB 
spatial pattern were made for each /i/ condition which was done by calculating the average (per 
electrode) HFB activity of all trials per class (/i/ condition), excluding the test trial.  The averaged 
activities of all electrodes formed the spatial pattern template. Note that the template of the test 
trial’s condition was based on one trial less than the other templates since for that condition, by 
consequence, there was one trial less available for training. However, we chose this leave-one-trial 
out classification procedure to maximize the number of training trials, given the relatively small 
number of trials in total. To determine chance level and classification accuracy significance, we 
performed a Monte Carlo procedure in which we shuffled the labels and repeated the classification 
a thousand times. Chance level is the mean of the Monte Carlo accuracies and significance level 
(or p-value) was determined by counting the number of Monte Carlo accuracies higher than the 
actual accuracy, divided by the number of iterations (1000).  

 

Anatomical Localization of Differences 
We investigated which electrodes showed differences in HFB amplitude between the three /i/ 
conditions, to see specifically which sensorimotor cortex areas show differences in HFB amplitude 
and whether or not there was an anatomical organization in the effects. For that, we used, per 
electrode, an ANOVA (alpha = 0.05, FDR corrected), in which the dependent variable was the HFB 
amplitude associated with the pronunciation of an /i/ sound, and the independent variable was the 
experimental condition.  

 

Classification of Different Sounds 
Next, we investigated if the /i/ sound patterns could be distinguished reliably from the patterns of 
the other two sounds (i.e. /a/ and /u/). In other words, we investigated whether or not the (different) 
patterns for the /i/ sound contained a unique signature and were more similar to each other than to 
the patterns of other sounds. To that purpose, we calculated the HFB amplitude patterns for the 
other two sounds in a similar way as explained for the /i/ sound, but now with trials aligned to the 
voice onset instead of sound transition. Subsequently we performed a leave-one-trial-out, template 
matching classification of the three different sounds (/i/, /a/, and /u/) based on the HFB amplitude 
patterns. If the (different) patterns for the three /i/ conditions contained a signature that is distinct 
from the /u/ and /a/ sound, all /i/ productions (no matter what sound came before it) should be 
classifiable using a template based on the data of only one of the /i/-combinations (for instance only 
on the isolated /i/ productions). However, this may not necessarily be the most optimal method for 
classification since the variation in patterns for the same sound is then not taken into account. 
Therefore, an individual template for each /i/ combination might be more optimal. Considering the 
number of sound combinations in natural speech, a separate template for each sound combination 
may, however, not be practical for a BCI. It is therefore interesting to see if a single template, 
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derived from the average of sound combinations, can be used for accurate classification, as this 
takes into account the variations in patterns, yet only uses one template per sound. To investigate 
these questions, we used three different methods to create the template(s) for the /i/ sound patterns. 
In the first method (the ‘Isolated /i/ method’), we used only the trials of the isolated /i/ (i.e. the one 
preceded by silence) to create the /i/ template. For the creation of the other two templates (for /u/ 
and /a/), the data during the production of the /u/ and the /a/ were used. Note that in this case, even 
though the template for the /i/ sound was based only on isolated /i/ productions, all /i/-combinations 
(/i/ preceded by silence, by /u/ or by /a/) were included in the classification of the three different 
sound productions (/i/, /u/ and /a/), meaning that the number of /i/ productions was three times 
larger than that of each of the other sounds. A correction for this difference in number of trials was 
applied, as described below. In the second method (the ‘Multiple /i/ method’), we used five different 
templates in total: three different templates for the /i/ sound (one for each of the conditions) and 
one for each of the other two sounds. In this case, if the test trial had the highest correlation with 
one of the three /i/ templates, the test trial was classified as belonging to the /i/ sound. In the third 
method (the ‘Mean /i/ method’), we took the average /i/ sound pattern across all three /i/ conditions 
as the /i/ template. By using these different methods for creating the /i/ template, we could 
determine if and how multiple activity patterns for one sound need to be incorporated in a BCI.  

We compared the classification performance using the three different methods for creating 
the /i/ template with three different T-tests (comparing method 1 vs 2, 1 vs 3 and 2 vs 3, alpha=0.05, 
FDR corrected). Since the /i/ sound has three times the number of productions as the other two 
sounds, we corrected the classification accuracy for the different number of productions per sound. 
This was done by taking first the accuracy of every class (the number of correctly classified trials 
of one class divided by the total number of trials within that class) and then taking the average of 
that as the overall accuracy (as opposed to taking the total number of correctly classified trials 
divided by the total number of trials). We determined the chance level with a Monte Carlo 
procedure, shuffling the labels 1000 times. 

Finally, to see if all patterns (the three different /i/ patterns and the patterns for the /u/ and /a/) 
could be differentiated from each other, we also performed a classification of all five patterns, see 
supplementary material Figure S1.   

 

Classification of the Different Conditions Over Time 
In the above analyses, sound templates were based on the moment of peak neural activity, which 
is, likely, closely related to movements (articulator transitions), rather than to steady state 
pronunciation. To get some insights, however, in how long after the transition the different /i/ 
condition neural activity patterns stayed different we performed a classification over time between 
the three conditions while at the same time moving the templates in time (from 2 seconds before 
transition cue to 2 seconds after, in steps of 0.05 seconds). This analysis enabled us to see if the 
within-sound classification (of the three /i/ conditions) was based mostly on the transition phase or 
was also possible at later points in time (e.g. the steady state phase). To be able to compare results 
over trials, we epoched all trials, and corrected differences in voice onset, transition and offset in 
the brain recordings by down sampling and interpolation, similar as in Salari et al. (2018a), 
effectively aligning all voice onsets, transitions and offsets to their respective mean. The 



Towards a speech BCI – Chapter 3 –Vowel Transitions 
 

 
 
69 

significance level for classification was set to the 95% confidence interval on the binominal 
distribution above chance level. 

 
Results 

 

Task Performance and Electrode Selection 
Participants performed the task adequately. Only one trial for one subject (C) was excluded due to 
a missed response. On average, subjects produced the /u/ for 0.64 (SD=0.13) seconds, the /a/ for 
0.65 (SD=0.13) seconds and the /i/ for 0.67 (SD=0.18) seconds. Three subjects showed a significant 
difference between the durations of the different sounds (A: F(2,147)=8.26, p<0.001, C: 
F(2,145)=27.65, p<0.001 & E: F(2,147)=29.85, p<0.001). For the three different /i/ conditions, 
subjects produced the /i/ preceded with silence for 0.75 (SD=0.19) seconds, preceded by /u/ for 
0.62 (SD=0.13) seconds and preceded by /a/ for 0.64 (SD=0.13) seconds. Two subjects showed a 
significant difference between the speech durations of the /i/ conditions (B: F(2,42)=29.49, p<0.001 
& E: F(2,87)=14.88, p<0.001). 

For subjects A-E respectively, 72% (18/25), 61% (11/18), 47% (17/36), 48% (55/114) and 
89% (108/122) of the electrodes over the sensorimotor cortex showed a significant correlation with 
the task. Only these were used for subsequent analyses. 

 

Classification of the Different /i/ Combinations 
Figure 1 shows that for most subjects, there are clearly two peaks of activity (one per sound) and it 
also suggests that there are on average (across electrodes) differences between conditions. These 
differences are not equal over subjects though. Classification of the HFB patterns of the three /i/ 
sound conditions showed that, indeed, for all participants there were significant differences between 
these HFB patterns (Table 1 and Figure 1), indicating that prior sound production influences the 
brain activity pattern for the /i/ sound.  

Investigation of whether or not differences between conditions occurred in all electrodes 
revealed that, of all electrodes, 22% (4/18), 27% (3/11), 29% (5/17), 45% (25/55) and 13% (14/108) 
showed a significant difference in HFB amplitudes between the three different /i/ production 
conditions (Figure 2). Notably, these electrodes appeared to be localized in clusters, which is 
especially clear in the HD-grid participants.   
 

Classification of /a/, /u/ and /i/ Sound Production  
Investigating the differences of the /i/ sound pattern(s) with that of the other sounds revealed that 
all subjects show significant classification accuracies for all three template methods (Figure 3 and 
4 and Table 2). In other words, despite the fact that /i/ production is associated with different HFB 
patterns that depend on prior utterance, the /i/ sound can be distinguished reliably from the /a/ and 
the /u/, indicating that the different neural patterns for the /i/ sound are more similar to each other 
than to the other sounds. However, for the ‘Isolated /i/ method’, significantly lower classification 
accuracies were obtained (M=63.05%, SD=11.17%) than for the ‘Multiple /i/ method’ (M=77.82%, 
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SD=13.19%, T= -5.02, p=0.01), or for the ‘Mean /i/ method’ (M=76.64%, SD=11.41%, T= -6.33, 
p<0.001). There was no significant difference in classification accuracy between the latter two 
methods (Figure 4).  
 
 
Table 1. Classification of the different /i/ patterns. For all subjects (A-E), the classification 
accuracy, chance level and p-value (as determined by a Monte Carlo procedure) are shown, for 
the classification of the different /i/ productions. Significant classification of these patterns 
indicates that there are overall differences between HFB patterns associated with /i/ sound 
productions, indicating these patterns depend on the previous sound.  

 
Participant Accuracy (%) Chance level (%) p 

A 48.89  33.11 0.018 
B 64.44  33.12 0.003 
C 58.20  33.14 0.001 
D 83.33  33.08 <0.001 
E 75.56  33.23  <0.001 

 
 
 

Table 2. Statistics for the different sound patterns classification, using three different /i/ 
template methods. For all subjects (A-E) the classification accuracy is indicated for the 
classifications of the different sounds per /i/ template method. Also, the average accuracy (over 
subjects) is shown. Chance level, as determined by a Monte Carlo procedure is shown between 
brackets. Asterisks indicate a classification accuracy significantly above chance (*p<0.01, 
**p<0.001).  

 
Participant Isolated /i/      Multiple /i/       Mean /i/ 

A 50.74% (33.14%)* 61.85% (33.31%)** 64.44% (33.38%)** 
B 60.00% (33.05%)* 74.81% (33.45%)** 71.11% (33.22%)** 
C 63.74% (33.19%)** 71.34% (33.40%)** 72.47% (34.53%)** 
D 81.11% (33.15%)** 96.30% (33.23%)** 94.07% (33.72%)** 
E 59.63% (33.29%)** 84.81% (33.15%)** 81.11% (32.97%)** 
Mean 63.05% (33.16%) 77.82% (33.31%) 76.64% (33.57%) 
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Figure 1. Confusion matrices and average response for the different /i/ productions. For each 
participant (A-E) the confusion matrix for classification of the different /i/ HFB patterns is shown 
on the left. The numbers indicate the percentage (%) of trials within the class (indicated by the 
rows) that were classified as the class indicated by the columns. On the right, the average HFB 
response (over electrodes and trials) is shown for each participant and each condition, with time 
on the x-axis and the HFB-power (in arbitrary units) on the y-axis. Voice onset and voice transition 
are shown by vertical red lines and the corresponding response peak times are shown by vertical 
black lines. Trials were aligned to voice transition and the voice onset standard deviation is 
indicated with a red horizontal bar. Note that since all trials are aligned to voice transition, there 
is no standard deviation for this. The sound before the /i/ is indicated without slashes to highlight 
the fact that classification specifically focused on the /i/ sound here. 



Towards a speech BCI – Chapter 3 –Vowel Transitions 
 

 
 

72 

 
 
 
 
 
 
 
 

 
 
 
 
 
 

Classification at Different Points in Time  
To see if the classification of the three /i/ conditions was based mostly on the transition phase or 
was also possible at later points in time (e.g. the steady state phase) we did a classification over 
time between the three conditions using different time points to generate the templates (as opposed 
to using the peak neural activity). Results showed that, using this approach, the classification 

Figure 2. Sensorimotor cortex electrodes that show differences in HFB amplitude between the 
different /i/ sound conditions. The brain surface rendering of each subject (A-E) is shown. The 
sensorimotor cortex is highlighted in white and the central sulcus in red. For each electrode, an 
ANOVA was performed to test for differences between the HFB amplitudes during the different /i/ 
productions and the inverted p-values (1-p) thereof are shown here by the color shading of each 
electrode. Lighter colors represent statistically stronger differences between different /i/ sound 
conditions.   

Figure 3. Average confusion matrices for classification of the three different sounds using the 
different /i/ template methods. The average (over subjects) confusion matrices are shown for each of 
the three different methods used to create /i/ templates. The numbers indicate the percentage (%) of 
trials within the class that is indicated by the rows that were classified as the class indicated by the 
columns. 
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accuracy of the three /i/ conditions was highest at the neural peak activity (which was usually very 
close to the voice transition) and that it dropped rapidly after the peak, suggesting that the difference 
of neural activity between the /i/ conditions is mostly the result of differences in the movement of 
the articulators toward the sound (Figure 5). However, the different /i/ conditions stayed 
significantly separable between 0.28 - 1.01 seconds after the transition. 

Discussion 
 
In this study, using a simple speech task we confirmed that sensorimotor neural signals related to 
sound production are affected by previous sound productions. Electrocorticography measurements 
in five epilepsy patients revealed that the HFB amplitude pattern in the sensorimotor cortex 
associated with production of a certain sound may differ, depending on the presence and nature of 
a preceding sound production. These data indicate that production of the same sound is associated 
with multiple HFB amplitude patterns in the (ventral) sensorimotor cortex, likely due to differences 
in the movements towards a sound, which is of direct relevance for the development of speech BCI. 
This phenomenon was not only observed in the averaged signal of all electrodes, but also at single 
electrode level. The anatomical localization of electrodes that showed a significant difference in 
HFB amplitude during the different productions of the /i/ sound seemed to be somewhat clustered 
for most subjects, but given the limited number of participants, it cannot be concluded whether or 
not there is a typical anatomical distribution for the effects we found. Importantly, the differences 
in HFB amplitude between the three different /i/ conditions were most apparent just after voice 

Figure 4. Average and individual classification accuracies for classification of the different sounds 
using the three different /i/ template methods. In panel (a) the average (over subjects) classification 
accuracies are shown for each of the three different /i/ template methods. In panel (b) the same is shown 
for each individual separately. In panel (a), an asterisk indicates a significant difference in accuracy 
between methods. The horizontal red line indicates the average chance level (over subjects and methods). 
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transition (close to the moment of peak neural activity) and classification accuracy decreased 
rapidly after the transition. This suggests that the difference in neural activity between the /i/ 
conditions is mostly due to the articulator movements toward the sound, and that, once the 
articulators are in place, pronunciation of the /i/ sound is less affected by prior utterances. For most 
subjects, however, the different /i/ conditions stayed significantly distinguishable for 0.28 – 1.01 
seconds after the transition, suggesting that there might be some differences in the neural activity 
that are not only due to the transition.  

Figure 5. The classification accuracy between the three conditions over time, using templates 
generated at moving time points. The classification accuracy (y-axis) is shown at each time point (x-
axis) between the three different conditions (/i/, /u/-/i/ & /a/-/i/), for each subject. Time point 0 is 2 
seconds before transition cue onset. Templates were based on the same point in time as the time point 
of classification (rather than only at the peak neural activity, as used earlier). Voice onset, transition 
and offset are indicated by vertical red lines. The point at which originally, the /i/ templates were based 
(the peak in neural activity) is indicated by a dashed black line. Note, that for most participants the most 
separable moment was around the peak of neural activity. For subject E, the peak of neural activity was 
rather wide (see figure 1) which may explain the time difference between the accuracy peak and the 
neural response peak. Chance level (33.33%) is indicated by a thin horizontal line and the thick 
horizontal line indicates the accuracy level at which classification is significantly above chance level. 
Note that, at the onset of a trial, classification should be at chance level, since at this moment all three 
templates were based on rest and should not be able to predict the future, upcoming, pronunciation. 
Between voice onset and voice transition, the classification is between rest, the /u/ and the /a/ sound. 
Between voice transition and voice offset the classification is between the three different /i/ conditions 
(the isolated /i/, the /i/ with an /u/ before and the /i/ with an /a/ before), basically predicting if and what 
sound was said in the past (just before the /i/ sound). 
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Interestingly, despite the different response patterns associated with /i/ pronunciation, we 
found that the different sounds (/i/, /u/, /a/) can be classified accurately from one another, 
irrespective of whether the /i/ was preceded by another sound or not. This means that the 
representation of /i/ production in the sensorimotor cortex contains a distinct signature that can be 
distinguished from the representation of /a/ and /u/ production, and would seem to be independent 
of preceding sound production. However, we also show that classification accuracies for the 
different sounds increase significantly when the multiple HFB amplitude patterns for the /i/ sound 
are taken into account. These results suggest that, for the purpose of speech BCI, the training of a 
classifier benefits from taking into account the differences in sound representation that are caused 
by preceding speech production, since this will lead to higher classification accuracies.  

 

Neural Underpinnings of Multiple HFB Amplitude Patterns   
The different HFB amplitude patterns related to the production of a single vowel may be attributed 
to coarticulation. Coarticulation can occur in two directions: the pronunciation of a previous sound 
can influence the articulator position of an upcoming sound (carryover) or vice versa (anticipatory) 
(Rietveld and van Heuven 2001; Davis 2015). Literature from linguistic experiments have shown 
for instance that the tongue position during the pronunciation of the /k/ in the word ‘seek’ is higher 
than in the word ‘arc’, since the /i/ is a fronted vowel (with the tongue front high) and the /a/ has a 
low tongue position and the tongue position during the vowel extends to the upcoming sound(s) 
(example taken from Davis 2015). An example of anticipatory coarticulation can be seen during 
the pronunciation of the words ‘ski’ and ‘cool’ in which the /k/ is more fronted (tongue front is 
high) in ‘ski’ due to an anticipation of the fronted vowel /i/ and less fronted in ‘cool’, in anticipation 
of the /u/ which has a more backward tongue position (Davis 2015). Recent investigations have 
shown that articulator position differences due to coarticulation can lead to different levels of 
activity for the same sound in some parts of the sensorimotor cortex (Bouchard and Chang 2014; 
Chartier et al. 2018). Here we extend those results by showing where these differences may be 
anatomically localized for one sound and how these effects can influence decoding accuracy for 
speech BCI. In addition, we show that, even though coarticulation effects are present in the 
sensorimotor cortex, the different patterns for one particular sound have something in common that 
distinguishes them from the patterns of other sounds.   

Another explanation for the current results could be the fact that the movements of the 
articulators to a particular sound differ depending on the prior sound. For instance, it is known for 
the Dutch language that the tongue position when producing an /a/ is mostly low (somewhat similar 
as the rest position), while for the /u/ sound the back of the tongue moves up the most and for the 
/i/ sound the front of the tongue moves up the most (Booij 1999). This means that the movement 
from an /a/ to an /i/ sound may be more similar to producing solely the /i/ sound, than to that of 
producing an /u/ sound before the /i/ sound. However, even though these movement differences are 
likely to be quite similar across subjects, there was no convincing evidence in our study for a 
consistently higher similarity of some of the brain activity patterns (e.g. those of the isolated /i/ and 
the /i/ with the /a/ before it), compared to others (e.g. the /i/ with the /u/ before it). Differences in 
electrode positions and coverage over subjects, as well as the sparse spatial sampling of ECoG, 
may have influenced the current results, however, since only when similar parts of the cortex are 
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recorded it is possible to compare patterns over subjects. 
 

Implications for BCI  
The current data contribute to a better understanding of the activity properties of the sensorimotor 
cortex and this may be of interest for the development of BCIs that aim to decode speech sounds 
based on sensorimotor cortex activity. We show that multiple sensorimotor cortex HFB amplitude 
patterns exist for pronunciation of a single sound, which are likely related to the movements toward 
that sound, and that classification of different sounds can benefit from taking these different 
patterns into consideration. This does not mean however, that one should employ separate templates 
for all combinations of sounds. Our results indicate that an average template of the different patterns 
will suffice for accurate classification. Previous studies that have trained a classifier for phoneme 
classification not based on isolated phonemes but on phonemes within a word or sentence (e.g. 
Mugler et al. 2014; Herff et al. 2015), implicitly took some context for sound production in 
consideration. Our results suggest that explicit and careful consideration of different contexts is 
essential for accurate sound classification. 

 

Limitations and Future Work 
A higher number of participants and a more extensive electrode coverage would have strengthened 
the current results. In addition, in the current experiment we tested only a limited number of sound 
combinations. Further research is needed to investigate the effects of prior sound production on 
other phonemes than the /i/ and the influence of this on BCI classification accuracy. Another 
limitation is that, although we tried to stay as constant as possible with respect to marking the 
transitions, finding the exact transition onset is not always clear and might therefore have caused 
some variability in transition onset marking. Finally, as mentioned above, coarticulation effects can 
also occur in an anticipatory fashion, meaning that the sounds that follow a particular sound 
influence the articulator position of the prior sound. More research on the consequences of such an 
anticipatory coarticulation on BCI classification seems warranted.  
 

Conclusion 
 

We demonstrate that the production of one sound is accompanied with multiple sensorimotor cortex 
activity patterns. This is of importance for BCIs that aim to decode speech from the sensorimotor 
cortex since we show that multiple movements related to the same sound can be classified into a 
single vowel sound class. Classification is, however, further improved when the multiple patterns 
for one sound are taken into account by the classifier (either by training a classifier for the separate 
patterns of the same sound or by training on the averaging of the multiple patterns for one sound).   
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Appendix 
 

 

 
 
	  

Figure S1. Average confusion matrix for the classification of the sensorimotor cortex HFB 
amplitude patterns associated with all conditions. The average (over subjects) confusion matrix 
is shown for the classification of sensorimotor cortex HFB amplitude patterns of all conditions (i.e. 
three different /i/ conditions, /a/ and /u/). The sounds preceding the /i/ sound are indicated without 
slashes. The numbers indicate the percentage (%) of trials within the class that is indicated by the 
rows that were classified as the class indicated by the columns. For all subjects, we could 
significantly classify all HFB amplitude patterns (/a/, /u/ and 3 different /i/ conditions) from each 
other above chance level, p<0.001. The mean accuracy (over subjects) was 63.60% (SD=16.26%) 
and the chance level was 19.96% (SD=0.25). 
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“I am you and you are mine, love makes nonsense of space and time will disappear. 
Love and logic keep us clear. Reason is on our side, love.” 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Chapter 4 
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Chapter 4 
 

Classification of Articulator Movements and Movement 
Direction from Sensorimotor Cortex Activity 

 
E. Salari, Z.V. Freudenburg, M.P. Branco, E.J. Aarnoutse, M.J. Vansteensel, N.F. Ramsey 
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Abstract 
Background: During human communication through speech, a lot of muscles are involved in the 
coordination of articulator movements. The sensorimotor cortex is important in the control of 
articulator movements and has a topographical representation for, for instance, the lips, tongue, jaw 
and larynx. However, the spatial scale at which these articulator movements are represented on the 
cortical surface remains unclear, as is the scale of within-articulator movements. Methods: 
Therefore, we recorded with subdural electrocorticography (ECoG) electrode grids, the neural 
activity related to movements of the lips, jaw, tongue and larynx in 4 epilepsy patients who were 
implanted with ECoG grids. We classified which movements participants made based on the 
sensorimotor cortex activity patterns, using a template matching procedure. The same was done for 
different movement directions of one and the same articulator, the tongue. Results: Both 
experiments showed high accuracy scores (on average 92% for different articulators and 83% for 
different tongue movements). Furthermore, we show that only a small part of the sensorimotor 
cortex is needed for classification (ca. 1 cm2). Discussion: Our results contribute to a better 
understanding of the functional organization of the sensorimotor cortex and are of interest for brain-
computer interface systems which decode neural activity related to (attempted) movements, 
preferably from a contained cortical area. We show that recordings from small parts of the 
sensorimotor cortex can be used for distinguishing different articulator movements and different 
movement directions of the tongue. 
 
Keywords; Sensorimotor Cortex, Movement, Articulators, ECoG, Tongue 
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Introduction 
 
Even though most people can speak without much effort, the control of articulator and other 
movements during speech is very precise and complex, and has been suggested to involve more 
than one hundred muscles (Levelt 1993, p. 413; Meister et al. 2007; Guenther and Hickok 2015, p. 
161). Research investigating the neural basis of articulator movements has found that the 
sensorimotor cortex (SMC), especially the ventral part thereof (vSMC), plays a key role in the 
control of articulator movements (although also the SMC hand area has been suggested to be 
involved; Saarinen et al. 2006). An early mapping study of Penfield and Boldrey (1937), showed 
that electrical cortical stimulation of the SMC may result in vocalization or in motor and sensory 
responses of the tongue, lips and jaw. More recently, electrocorticographic (ECoG) recordings 
suggested that the articulators are topographically organized in the vSMC, with a ventral to dorsal 
distribution of respectively the larynx, tongue, jaw, lips and larynx again (Bouchard et al. 2013). 
Although investigations using fMRI blood oxygenation level dependent (BOLD) signals have 
indicated overlap between the areas involved in different articulator movements, these studies have 
also largely confirmed the ventral-dorsal topographic organization of the vSMC (Grabski et al. 
2012), and showed that the sensorimotor cortex neural activity patterns for different articulators 
can be distinguished (classified) from each other (accuracy ca. 90%; Bleichner et al. 2015). Indeed, 
since the production of different words and sounds is accompanied by differences in articulator 
movements (Mermelstein 1973; Levelt 1993, pp. 422–434; Booij 1999; Rietveld and van Heuven 
2001), and because words and sounds can be distinguished from each other based on SMC activity 
(e.g. Kellis et al. 2010; Brumberg et al. 2011; Mugler et al. 2014; Herff et al. 2015; Ramsey et al. 
2018) it can be speculated that the engagement of different articulator movements is differently 
represented in the SMC. However, details about subareas of the SMC that contain information 
about movements of different articulators, such as where these subareas are located or what size 
they have, remain scarce.  

In the current study, we first investigate in more detail if movements that involve different 
articulator muscle groups can be distinguished from each other based on SMC activity. 
Furthermore, we investigate which SMC areas are most informative and at what spatial scale 
information of different articulator movements is represented. To assess cortical representation 
differences, we used classification as a measure of pattern distinguishability. 

However, in addition to cortical pattern differences for different articulator movements, some 
studies have also suggested that during speech, different positions of the same articulator result in 
different vSMC activity patterns (Chartier et al. 2018, Salari et al 2018b). These studies have not 
looked, however, at articulator movements in isolation and at different directions of movements. 
Although previous single cell studies (Georgopoulos et al. 1982; Moran and Schwartz 1999) and 
fMRI studies (Toxopeus et al. 2011) have indicated that different directions of movements, mostly 
of the hand, have been found to be represented in the SMC, fewer studies have looked at a SMC 
direction representation of articulators with ECoG in humans. It remains to be elucidated, therefore, 
if different movement directions of the same articulator can be distinguished from each other based 
on sensorimotor cortex activity and if so, at what spatial scale this is possible. 

Therefore, we also investigate if movements within one articulator muscle group are 
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differently represented in the SMC. We focused for this on the tongue and investigated if different 
directions of tongue movement can be distinguishing, thereby engaging different subgroups within 
the same articulator muscle group. We chose the tongue since this is an important articulator in 
differentiating sounds (Booij 1999; Rietveld and van Heuven 2001) and it can be predicted which 
sound somebody said based solely on information about tongue position (Wang et al. 2013). 
Furthermore, the tongue can easily be moved in different directions. 

 We analysed neural activity recordings of the sensorimotor cortex in 4 participants, while 
they moved four different articulators (lips, jaw, tongue and larynx), similar to those described by 
Bleichner et al. (2015), and investigated if they could be classified using electrophysiological 
surface measures. Furthermore, we analysed which SMC areas can be addressed for this and at 
what spatial scale this can be done. In addition, we analysed four different movement directions of 
the tongue (up, down, left and right), to investigate if these different movements could be classified 
from each other based on SMC neural activity. A template matching, leave-one-trial-out 
classification method was used to classify different articulator movements and different tongue 
movement directions based on spatial or spatio-temporal SMC activity patterns. High-density 
ECoG-electrodes were used to record brain activity. We focused on high-frequency band (HFB; 
60-130 Hz) power changes in the SMC, since it has been shown to correlate well with articulator 
movements (Crone et al. 1998; Bouchard et al. 2013) and because it has been linked to neural firing 
(Manning et al. 2009; Miller et al. 2009; Ray and Maunsell 2011). 

 
Methods 

Participants 
Four patients (A-D, age 19-41y; median 34.5y, 2 females) participated in this study, while they 
were treated in the University Medical Center Utrecht for epilepsy. Subdural ECoG electrodes were 
implanted sub-chronically (subject A, B and D) or were used during awake surgery (subject C) to 
record neural signals for clinical purposes. For research purposes, a non-clinical high-density (HD) 
electrode grid was placed (sub-chronically or temporarily during awake surgery) over a clinically 
non-relevant area (the sensorimotor cortex) with the consent of the participants. Electrodes were 1 
or 1.17 mm in diameter with a 3- or 4-mm inter-electrode distance, see Table 1. For the current 
study, only signals recorded with the HD electrodes were used in the analyses. Data for subject C 
were recorded intraoperatively during the awake surgery. For the other subjects, the data was 
recorded at the patients’ hospital bed during a week of clinical assessment.    

This study was in accordance with the Declaration of Helsinki (2013) and was approved by 
the ethics committee of the University Medical Center Utrecht. Written informed consent was given 
by all subjects. 
 

Task 
The participants performed two tasks. First, we wanted to see if we could replicate earlier fMRI 
findings by Bleichner et al. (2015) showing that movements of different articulators can be 
classified from SMC neural activity. Therefore, in the first task (the ‘Articulator Task’), subjects 
were asked to make four different articulator movements. The movements were (1) pursing the lips, 
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(2) clenching the teeth, (3) moving the tongue from left to right behind the teeth, (4) making a 
‘mmm’ sound. These movements involve the lips, jaw, tongue and larynx, respectively, and were 
chosen to be similar to those used by Bleichner and colleagues (2015). The task was presented on 
a computer screen at a comfortable distance from the participants. During the intraoperative 
recordings, the task was presented on a tablet which was placed on a pole such that it was clearly 
visible to the participant. A trial started with a 1500 ms visual cue, being the Dutch word ‘lippen’ 
(lips), ‘tanden’ (teeth), ’tong’ (tongue), or ’mmm’. This visual cue instructed the subjects to start 
the movement and hold it for as long as the cue was visible. Movement trials were interleaved with 
trials in which the subject was instructed not to move, indicated by a ‘-’ symbol. Trials were 
followed by an inter-trial interval of 1500 ms (subjects A, B & D) or 2000 ms (subject C) during 
which a fixation cross was presented. Each movement was repeated 20 times in random order as 
were the rest trials.  

In the second task (the ‘Tongue Task’), the subjects were instructed to make four different 
tongue movements inside the mouth. The movements were (1) up, (2) down, (3) left and (4) right 
from rest position. This task was similar to the first task except that the visual cues now were arrows 
pointing in each direction.   

Some subjects performed some additional runs of the experiments, see Table 1. Subject C 
only performed one task (the Articulator Task) due to limited time in the intraoperative setting. 
Subjects A & B performed the tongue movement task also once with the tongue outside the mouth. 

 
Table 1. Recording details. In the top section, we show which subject did which task. In the bottom 
section, we indicate per subject the details of the electrode grids.  

Subject A B C D 
Tasks performed 
Articulators run 1 

 
X 

 
X 

 
X 

 
X 

Articulators run 2 X X   
Tongue inside run 1 X X  X 
Tongue inside run 2  X   
Tongue outside X  X   

Electrode diameter (mm) 
Inter-electrode distance (mm) 

1 
4 

1.17 
4 

1 
3 

1 
3 

Number of recorded electrodes 64 128 128 128 

 

Data Acquisition & Preprocessing 
The sampling frequency of the neural signal recordings was 512 Hz (subjects A; Micromed, 
Treviso, Italy) or 2000Hz (subjects B, C & D; Blackrock Microsystems LLC, Salt Lake City, USA). 
In total, we recorded from 64 electrodes for subject A and from 128 electrodes for subjects B-D. 
For all subjects except subject C, the electrode positions were identified from a post-operative 
computed tomography (CT) scan which were subsequently plotted over a 3D surface of the subjects 
pre-operative magnetic resonance imaging (MRI) scan (Hermes et al. 2010; Branco et al. 2018b). 
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For subject C, there was no CT scan as the data was recorded intraoperatively and electrode 
positions were determined using a correlation between an average HFB power grid pattern (during 
rest) and the underlying anatomical structure (e.g. the location of sulci or blood vessels) to estimate 
the electrode positions. This method has been validated for localization of HD electrodes (Branco 
et al. 2018c). 

We used Matlab software (The Mathworks, Inc., Natick, MA, USA) for all data analysis. 
First, flat or noisy electrodes were removed from further analysis similar as in Salari et al (2018a). 
For the remaining electrodes, we applied a notch filter for the removal of line noise and harmonics 
thereof. For removal of any remaining artefacts, a common-average re-referencing was applied.  
Subsequently, we used a Gabor wavelet (Bruns 2004) to calculate the high frequency band (60-130 
Hz) power per sample point for each included electrode. The Gabor wavelet was calculated with a 
full width half maximum (fwhm) of 4 wavelets per frequency in bins of 1 Hz for all frequencies 
between 60 and 130 Hz. The Gabor wavelet results were subsequently log transformed (10*log10) 
and averaged over frequencies to create the HFB power signal per electrode. Finally, we determined 
for each electrode if it was responsive to the task. To that purpose, we computed, per included 
electrode, the r2-value by correlating the mean activity levels during active periods (from cue until 
the end of a trial) and rest periods (rest trials) with the task design. This was done for each 
movement separately. We determined the significance level of each electrode by using a Monte 
Carlo distribution (shuffling active and rest labels using 10.000 permutations, Alpha=0.05, false 
discovery rate corrected). We calculated the r2-values to determine the activity patterns for each 
movement and for electrode selection during classification. Electrodes that did not show a 
significant HFB power response to any of the movements of a specific task, were removed from 
analysis of that task. For classification, we used a leave-one-trial-out procedure, so for electrode 
selection we determined the significant electrodes for each iteration separately based on the training 
set (not including the test trial). 
 

Classification Procedures 
For each of the included significant electrodes, we smoothed the signal with a moving average 
window of 0.5 seconds around each sample point, which has been shown previously to be an 
optimal setting for classification of movements from ECoG neural recordings (Branco et al. 2018a). 
Subsequently, we z-scored the smoothed signal and epoched the result in trials of 2 seconds, each 
starting at cue onset. Subsequently, we performed two types of leave one out template matching 
classification. First, we averaged the power signal of each trial for each electrode. Then, one trial 
was taken out of the data set and subsequently the spatial templates of the four conditions were 
created by averaging (per electrode) the values of all remaining trials. These templates were then 
correlated with the trial that was taken out and the template with the highest correlation to the trial 
was chosen in a winner-takes-all fashion. This was repeated until all trials were classified. 

Second, as we wanted to know if timing information could lead to better classification scores, 
we repeated this classification method but without averaging the power over the trial period.   
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Anatomical Localization of Informative Electrodes 
To investigate where exactly the most informative electrodes for articulator and tongue movement 
classification were located, we used a random search procedure in which we randomly chose a 
subset of electrodes to classify from and repeated this 5000 times. Subsequently, for each electrode 
we calculated what the average accuracy was if that electrode was part of the electrode set. These 
scores were subsequently z-scored to find the hotspots of electrodes that were the most informative. 
We investigated how the number of iterations for this procedure influenced the final pattern of most 
informative electrodes by determining the informative-electrode-pattern at each iteration and 
subsequently calculating the mean correlation of that pattern with all subsequent iterations patterns. 
This shows how much the pattern changes with each extra iteration. The less the pattern changes, 
the more reliable the pattern result is. We found that 5000 iterations gave a reliable result, see 
supplementary figure S1. 

 

Anatomical Scale of Informative Areas 
To know how much of the sensorimotor cortex needs to be sampled from, for accurate 
classification, we used a searchlight approach in which we started with a small grid size (only 1 
electrode) and then increased the grid size, each time with one extra grid row and column of 
electrodes, until the original grid size was reached. This was done to find the size of the area that 
was needed for accurate classification, given that electrodes could not be anywhere, but were 
restricted to be closely located to each other. Per grid size and per location, we calculated the 
accuracy score (only for spatial classification). We determined per grid size what the maximal 
accuracy score was (best of all different sampled locations) to assess the minimally required grid 
size for accurate classification.   

 

Topographical Organization of the Articulators  
While previous research has indicated overlap between the areas that are active during movements 
of different articulators (Grabski et al. 2012), the articulators also show a topographical 
organization in the SMC (Grabski et al. 2012; Bouchard et al. 2013). We used a procedure described 
by Bruurmijn and colleagues (2017) to normalize the SMC of each subject into an isotropic 
coordinate system to investigate if we could also find a topographical organization of different 
movements. We created a group average activity pattern of the (sampled) SMC for each articulator 
movement and each tongue movement to see where each movement was mostly localized on 
average (over subjects). This was done by using the calculated electrodes’ r2-values for each 
movement and plotting these within the normalized coordinate system. In addition, we made a 
winner-takes-all plot, indicating for each electrode, which movement had the highest r2-value. Only 
electrodes with a r2-value of more than 0.2 in at least one of the conditions were used for this 
analysis.   
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Results 
 

Task Performance and Electrode Selection 
In general, subjects did not report to have any difficulty performing the tasks, except for subject A 
who reported that the articulator task was a little fast. We did not exclude any trials based on 
performance, however, since performance of most of the movements had to be done with the mouth 
closed and were therefore not visible from the outside.  

During the first run, 60.94% (39/64), 80.47% (103/128), 87.50% (112/128), and 84.38% 
(108/128), of all electrodes of subjects A-D, respectively, showed a significant correlation with at 
least one of the conditions of the articulator movement task. Subject A & B performed this task 
twice and for the second run 71.88% (46/64) and 92.97% (119/128) of the electrodes were 
significant for subjects A & B, respectively. For the tongue movement task, 53.12% (34/64), 
68.75% (88/128), and 64.84% (83/128) of the electrodes of subjects A, B and D showed a 
significant correlation with the task. Note that subject C did not perform this task. Subject A & B 
also performed a run with the tongue outside the mouth and respectively 51.56% (33/64) & 68.75% 
(88/128) of the electrodes showed a significant correlation with the task. Subject B performed a 
second run with the tongue inside the mouth and 64.06% (82/128) of the electrodes were 
significant. 

 

Spatial Classification Accuracy  
When classification was based on only spatial features, average classification accuracy for the 
articulator movements was 92.12% (SD=6.61, n=4) for run 1, and 85.62% (SD=2.65, n=2) for run 
2 (Figure 1). For the tongue movements inside the mouth, the classification accuracy was 83.75% 
(SD=5.73, n=3) for run 1. Only one subject did a second run of this task and had a classification 
accuracy of 71.25%. For the tongue movements outside the mouth, the mean accuracy was 81.88% 
(SD=22.10, n=2). Classification was significant (p<0.001) for all subjects, runs and tasks. See 
supplementary figure S2 for the confusion matrices.   
 

Spatio-Temporal Classification Accuracy 
When classification was based on spatio-temporal features, mean classification accuracy was 
89.24% (SD=5.62, n=4) for run 1, and 85.62% (SD=2.65, n=2) for run 2 (Figure 1). For the tongue 
movements inside the mouth the classification accuracy was 74.58% (SD=13.94, n=3) for run 1. 
The one subject who did a second run had a classification accuracy of 68.75%. For the tongue 
movements outside the mouth the mean accuracy was 73.75% (SD=15.91, n=2). Classification was 
significant (p<0.001) for all subjects, runs and tasks. See supplementary figure S3 for the confusion 
matrices. 
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Anatomical Localization   
Since most participants performed only one run of each task, the next results are based on the first 
run of each participant. For the participants that did perform multiple runs, however, the results of 
the second run are similar to that of the first, as displayed in the supplementary material (Figures 
S4 & S5). 

The most informative electrodes for classification of articulator movements were more spread 
out over the sensorimotor cortex compared to the tongue task which showed to have the most 
informative electrodes more clustered in the central aspects of the vSMC (Figure 2).  

The searchlight procedure shows for each cortical area sampling size, the maximum 
classification accuracy score that can be obtained. For articulator movements, the cortical area 
necessary for a subject to reach more than 70% accuracy was on average 0.62 square cm (SD=0.40, 
n=4), and to reach more that 80% was on average 1.18 square cm (SD=0.83, n=4). For tongue 
movement directions, 0.87 square cm (SD=0.31, n=3) was needed to reach 70% accuracy and 1.05 
square cm (SD=0.21, n=2) to reach 80% accuracy, see Figure 3, (note that one subject (A) did not 
reach 80% for tongue movement directions). These results suggest that the cortical foci (electrodes) 
that contain information about movements of different articulators or different tongue directions 
are relatively close together. Figure 4 shows for each electrode the average accuracy of all 
classifications in which that electrode was involved during the searchlight procedure. This indicated 
that the cortical area that is involved in the generation of movements is larger for different 
articulator movements than for different tongue direction movements. 

Figure 1. Classification accuracies. The classification accuracies are shown for each subject (A-D, 
in color), per run separately. Classification was based on all electrodes that showed a significant 
relation to the task. Runs are indicated on the x-axis and the classification accuracy is indicated on the 
y-axis. In the upper panel, the spatial classification accuracies are shown, in the lower panel, the 
accuracies for spatio-temporal classification. The red line indicates the chance level of 25%. Note that 
not all subjects performed two runs and subject C only performed the articulator movement task. 
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For each articulator movement and tongue movement direction, we investigated where on the 
sensorimotor cortex the activity was located, see Figure 5 (for individual subject maps see 
supplementary figure S6). Both for the different articulator movements and the different tongue 
movement directions, we found much overlap between movements. For articulator movements, 
there seemed to be a topographical order with respectively the jaw, larynx, tongue, lips and again 
larynx, oriented in a ventral to dorsal direction. For the different tongue movements, the 
topographical ordering was less clear (especially in S1) although within M1 the leftward 
movements seemed to be located somewhat posterior-ventral whereas rightward movements were 
located more anterior-dorsal. The upward movements seemed to be somewhat more ventral and the 
downward movements somewhat more dorsal. Note however, that these results are based only on 
the first run, since only a limited number of participants performed additional runs, and that not all 
sampled areas were covered by all subjects.  

 
Discussion 

 
In this study, we confirmed that with a very straightforward and robust classification procedure, 
movements from different articulators can be distinguished from each other using ECoG (Figure 
1). Importantly, we found that different movement directions of the tongue can also be classified. 
Classification of articulator movements and tongue movement directions can be accomplished 
using only spatial information (spatial classification) and adding time as a feature of the 
classification (spatio-temporal classification) did not lead to much higher classification accuracies. 
However, when the start of movements within the same class varies, the mean time trace in the 
spatio-temporal classification may not lead to more accurate scores than taking the mean over time 
(spatial classification). Correcting for variations of neural activity onset may potentially lead to 
even better classification than we currently obtained (see for instance Branco et al. 2017).   

Overall, the repeated runs yielded similar results albeit somewhat lower, possibly due to 
fatigue. Since we were not able to correct for performance as most movements were invisible from 
the outside, we cannot rule out that task performance might have caused potential differences in 
classification accuracy between runs or between subjects. For the articulator movements, subject 
A indicated to sometimes have difficulty making the movements in time, which may explain partly 
why the scores were somewhat lower for that subject than for the other subjects. However, for the 
two subjects (A & B) who performed one run of tongue movements outside the mouth, there was 
no noticeable difference in performance and both participants were very accurate, even though their 
classification accuracies differ quite a bit. Since we sampled from a smaller cortical area in subject 
A, it could be that differences in electrode coverage may have caused these classification accuracy 
differences. 

Areas (electrodes) that were most informative for distinguishing different articulators, 
extended a larger area of the sensorimotor cortex and were more separated from each other than for 
the tongue task which showed to have the most informative electrodes more clustered in the central 
aspects of the SMC (Figure 2). Even so, using ECoG grids with closely spaced electrodes, 
classification could be obtained from areas of approximately 1 square centimetre (Figure 3). This 
indicates that the areas that contain information about different movements or movement directions 
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are close together. The area that can be used for grid placement leading to accurate classification 
was more concise for tongue movements than for articulator movements (Figure 4).  
 

Figure 2. Most informative electrodes. The most informative electrodes are shown in color for each 
subject (A-D) and for each task. Informative electrodes were determined by a random search procedure. 
Colors indicate the normalized average accuracy score of this procedure. The warmer the color the 
higher the classification was on average if that electrode was included.  Results are based on the first 
run. See supplementary material for the data of the other runs.    
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Finally, visual inspection of the activity patterns for each articulator movement and tongue 
movement direction, suggests a topographical ordering, most clearly for the movements of different 
articulators, with a ventral to dorsal ordering of the jaw, larynx, the tongue, lips and a second area 
for larynx, respectively (Figure 5).   

 

Relation to Previous Research  
The current results are in agreement with a previous fMRI study that showed that lip, tongue, jaw 
and larynx movements can be distinguished from each other based on sensorimotor cortex activity 
(Bleichner et al. 2015), albeit with a different method and less cortical coverage (limited to the 
skull-lining surface). In addition, we showed that different directions of tongue movement can be 
classified as well from the same region. Classification of different tongue movement directions is 
in agreement with single cell recordings in primates that have shown different neurons to be related 
to different movements of the tongue. Stimulation of some neurons, for instance, resulted in tongue 
protrusion whereas stimulation of other neurons resulted in retraction (Yao et al. 2002).  
Furthermore, some neurons showed significantly different firing rates for tongue protrusion in 
different directions (Murray and Sessle 1992). Here we extended those results by showing that 
different movement directions can also be measured from the SMC in human cortex from surface 
electrode recordings of neuronal ensembles.  

Figure 3. Size of cortical area required for accurate classification. The maximum classification 
accuracy (y-axis) is shown for different sizes of cortical surface areas (x-axis), for each subject. This 
was calculated by using a search light approach in which we increased the sampled area of the search 
light and indicated where the highest accuracy was. 



Towards a speech BCI – Chapter 4 –Articulator and Tongue Movements 
 

 
 
93 

 
 

Figure 4. Search light results. The most informative areas are shown in color for each subject (A-D) 
and for each task. Informative areas were determined by a search light procedure. For this plot, we 
choose a search light of three electrode rows and columns (a 3x3 grid size), corresponding to 
approximately 12x12 mm for subject A & B and 9x9 mm for subjects C & D. Colors indicate the average 
accuracy score of this procedure. Results are based on the first run. See supplementary material for the 
data of the other runs. 
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Figure 5. Localization of different movements. In the top panels (a & b), the average localization of 
different articulator and tongue movements is shown on an inflated and normalized brain surface with 
darker colors indicating the sulcus and lighter colors indicating the surface (for anatomical reference 
of these matrices see Bruurmijn et al. 2017). Each colored square indicates one electrode. The left side 
of each plot indicates the precentral gyrus (M1) and the right side the postcentral gyrus (S1), also for 
subject D in whom the right hemisphere was recorded. The dashed line indicates the central sulcus. 
Colors indicate for each electrode which movement had the highest r2-value in a winner takes all 
fashion. For the top panel plots (a & b), electrodes with an r2- value less than 0.2 are not shown. The 
coordinates on the x-axis and y-axis indicate the number of ‘tiles’ in the anterior-posterior and ventral-
dorsal direction, respectively. Each tile represents about 1 mm of inflated cortex. In the lower panels (c 
& d), the average of the r2-values per movement are shown. Results are based on the first run. See 
supplementary Figure S6 for the data per participant for all runs. 
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Similar as with fMRI and stimulation studies (Penfield and Boldrey 1937; Hesselmann et al. 
2004; Grabski et al. 2012) we also found a large overlap in the location of neural activation for the 
movements of different articulators. However, we found by visual inspection of the activity 
patterns, a ventral-dorsal topographical ordering in the neural activity hotspots for the different 
articulator movements, with the jaw and larynx mostly ventral, the tongue superior to that and the 
lips and a second area for larynx mostly dorsal. Note however, that these results are based on a 
group map in which not all areas are equally covered by all subjects. These results are similar, 
however, to those of previous studies with respect to the notion of the two larynx areas (Penfield 
and Boldrey 1937; Bouchard et al. 2013) and the localization of the tongue in the middle of the 
vSMC (Penfield and Boldrey 1937; Grabski et al. 2012; Bouchard et al. 2013).  

Jaw-related activity, however, was found along the central sulcus with the highest activity 
mostly ventral, while some other studies found this to be more dorsal to the tongue area (Grabski 
et al. 2012; Bouchard et al. 2013). This discrepancy may be caused by methodological differences:  
in our study, people had to clench the jaw, while in the other studies, the jaw was opened instead 
of closed. Stimulation results (Penfield and Boldrey 1937), indeed, support the notion of jaw 
activity along the central sulcus, also ventrally, similar to what we found. For the lips, we found a 
similar location with respect to the ventral-dorsal ordering as previous studies, but the activity 
hotspot was more in the precentral gyrus in our study, whereas Bouchard et al. (2013)  found it to 
be more in the postcentral gyrus. Again, task differences may have caused this discrepancy: we 
used lip protrusion whereas Bouchard et al. (2013) used speech movements. It has been suggested 
that reorganisation of motor activity comes with movement training (Karni et al. 1998; Schieber 
2001) and since it can be speculated that lip protrusion is a somewhat less common movement than 
speech movements, this may lead to more motor related neural activity in the precentral gyrus than 
speech movements (Saarinen et al. 2006).  

For the different tongue movements, the topographical representation was less clear 
(especially in S1). Similar as for the articulator movements, we did find a large overlap in the neural 
patterns for different tongue movements.  However, although some results may have been driven 
more by some subjects than by others due to differences in the sampled area (see also 
supplementary figure S6), there seemed to be a bit of spatial ordering within M1. Leftward 
movements were located mostly in the posterior ventral areas whereas rightward movements were 
more located in anterior dorsal areas. Visual inspection suggests that the upward movements were 
located more ventral and the downward movements somewhat more dorsal. These results seem to 
parallel those found for hand movements with fMRI (Toxopeus et al. 2011) although such 
comparisons remain rather subjective. Interestingly, Toxopeus and colleagues (2011) mainly found 
a distinction of different directions along the depth of the sulcus for hand movements. We found 
that different directions can also be well distinguished from recordings from the surface of the 
cortex.  
 

Implications 
Interest into the exact functioning of the sensorimotor cortex with respect to speech and articulator 
movements has grown recently since this area has shown to be a potential target for speech brain 
computer interface (BCI) systems (e.g. Kellis et al. 2010; Brumberg et al. 2011; Pei et al. 2011; 
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Mugler et al. 2014; Herff et al. 2015; Ramsey et al. 2018). These are systems that aim to provide 
severely paralyzed subjects (e.g. locked-in syndrome patients) with an aid for communication 
(Wolpaw et al. 2002). BCI systems read out specific brain signals that patients have learned to 
control and which a computer subsequently can recognize and turn into a desired communication-
action (e.g. spelling a letter, calling a care giver). Using SMC activity related to (attempted) speech 
movements is an intuitive and attractive way for decoding speech, since the production of different 
sounds involves different articulator movements which are thought to lead to different SMC activity 
patterns that can be recognized and classified by a computer. Here, we show that indeed, a lot of 
information about articulator movements and tongue movement directions can be extracted from 
the surface of the SMC, which indeed indicates different neural patterns for different movements 
and directions. 

Previous studies on neural activity based classification of speech units (phonemes, words, 
sentences) have shown potential for using SMC activity. Isolated phonemes have been classified 
based on SMC activity for instance during overt speech (4 sounds: 71.9± 8.8% accuracy; Ramsey 
et al. 2018) and even whole sentences could be reconstructed based on this in natural speech (word 
accuracy around 75% in a set of 10 words; Herff et al. 2015). However, classification of speech 
units in larger sets and during attempted speech remains challenging (see e.g. Kellis et al. 2010; 
Brumberg et al. 2011; Mugler et al. 2014) and more research to the exact functioning of the SMC 
with respect to articulator movements is therefore needed.  

Here we found that information about articulator movements and tongue movement directions 
can be extracted from both the left and right hemisphere, suggesting that the representation of 
articulator movements is bilateral, which is in agreement to earlier fMRI studies (Bunton 2008). 
Furthermore, a fundamental question that is important in the development of BCIs is, which areas 
need to be covered to record from and what spatial recording resolution and size is needed for these 
systems to perform accurately. We show that with small electrode grids (ca. 1 square cm), we are 
able to get high classification results. These results are important for fully implantable systems 
since only a limited number of electrodes can be recorded with such systems. Furthermore, keeping 
the invasiveness of such systems as low as possible is also important to prevent possible 
complications related to surgery (Wong et al. 2009). Obviously, precise grid placement is very 
essential here. Possibly preoperative fMRI may point to the optimal target location. This method 
has been successfully used previously for hand movements (Vansteensel et al. 2016) and visual 
responses (Zhang et al. 2013). Unfortunately, we were not able to test also this task with fMRI in 
these patients for articulator movements and tongue movement directions.  

Other BCI systems that are not directed to speech have also been designed. A system that 
contrasts for instance SMC activity during attempted hand movement against rest has been shown 
to be very reliable (Vansteensel et al. 2016). However, this system makes use of simple control 
signals (1 degree of freedom) which limits the speed of communication (2 letters per minute). Here 
we showed that a system such as described by Vansteensel and colleagues may be extended with 
more degrees of freedom by using vSMC activity related to non-speech related articulator and 
tongue movements. This may potentially increase the control speed of such BCIs. Finally, it is 
important to note that replication of these experiments with attempted movements is needed since 
current results might be influenced by, for instance, sensory feedback which is not present for 
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attempted movements. In addition, it is important to test how the current results relate to real time 
applications in which subjects get feedback on the classification performance. It has been suggested 
for instance that neural feedback may improve classification accuracies (Wolpaw et al. 2002; 
Taylor et al. 2002). 

 

Limitations  
In the current study, only a small number of participants were included. More data would have 
strengthened the current results although even with a small number of participants we were able to 
show the distinctiveness in SMC neural activity for different articulator movements and different 
articulator movement directions. 
 

Conclusion 
 

We demonstrate here that with high-density subdural ECoG recordings from the sensorimotor 
cortex surface, movements of different articulators can be distinguished from each other based on 
neural activity. In addition, we showed that different movements of one articulator (the tongue) can 
be classified. Both between and within articulator movements can be classified from a very small 
cortical area (ca. 1 cm2). These neural signals of articulator and tongue movements may be a new 
additional control source for BCI applications.   
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Appendix 
 

 

 

 

 

Figure S1. Random search stabilization. The stabilization of the random search result in relation to 
the number of iterations (x-axis) is shown for each participant and run. For each iteration, the pattern 
of most informative electrodes is calculated. On the y-axis, the average difference in correlation of each 
pattern with the subsequent patterns is shown. 
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Figure S2. Confusion matrices of the spatial classification. The confusion matrixes are shown for 
each subject of the first run (a) and for the subjects that performed additional runs (b). Colors indicate 
the percentage of trials classified within each class. 



Towards a speech BCI – Chapter 4 –Articulator and Tongue Movements 
   

 
 

102 
 

Figure S3. Confusion matrices of the spatio-temporal classification. The confusion matrixes are 
shown for each subject of the first run (a) and for the subjects that performed additional runs (b). Colors 
indicate the percentage of trials classified within each class. 
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Figure S4. Most informative electrodes for additional runs. The most informative electrodes are shown 
in color for each subject (A& B) and for each task. Informative electrodes were determined by a random 
search procedure. Colors indicate the normalized average accuracy score of this procedure. The warmer 
the color the higher the classification was on average if that electrode was included. 

Figure S5. Search light results for additional runs. The most informative areas are shown in color for 
each subject (A& B) and for each task. Informative areas were determined by a search light procedure. 
For this plot, we choose a search light of three electrode rows and columns (a 3x3 grid size), 
corresponding to approximately 12x12 mm for subject A & B. Colors indicate the average accuracy 
score of this procedure. 
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Figure S6. Localization of different movements per subject and per run. Each colored square 
indicates one electrode on an inflated and normalized brain surface. Darker colors indicating the 
sulcus and lighter colors indicating the surface (for anatomical reference of these matrices see 
Bruurmijn et al. (2017). The left side of each plot indicates the precentral gyrus (M1) and the right 
side the postcentral gyrus (S1). The dashed line indicates the central sulcus. Colors indicate for each 
electrode which movement had the highest r2-value in a winner takes all fashion. Electrodes with an 
r2-value less than 0.2 are not shown. The coordinates on the x-axis and y-axis indicate the number of 
‘tiles’ in the anterior-posterior and ventral-dorsal direction, respectively. Each tile represents about 
1 mm of inflated cortex. 
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“Beneath the noise, below the din, I hear a voice, it's whispering. 
In science and in medicine, I was a stranger, you took me in.” 
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Classification of Facial Expressions for Emotional 
Communication Using BCI 
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Abstract 
Background: Facial expressions are important for fast communication of one’s emotional state 
without the involvement of speech. For people suffering from severe paralysis, however, the ability 
of fast communication of emotions is seriously impaired. Brain-computer interfaces have been 
proposed to assist these people with linguistic communication but are generally cumbersome and 
restrictive when it comes to the ability to express emotions. Methods: In the current study, we 
investigated the feasibility of providing a fast and intuitive channel for a BCI to convey emotional 
content by decoding facial expressions. We recorded subdural electrocorticographic (ECoG) 
activity over the sensorimotor areas in two epilepsy patients who were implanted with ECoG grids 
and who performed four different facial expressions (happy, sad, surprised and disgusted). We 
classified which expression participants made, based on the sensorimotor cortex (SMC) activity 
patterns. Results: The accuracy scores were on average 78% across two participants and the most 
informative areas were located in the aspect of the SMC just below the hand areas. Discussion: 
These findings indicate that emotional expressions can be identified from sensorimotor cortex to a 
high degree, from a region that is also targeted for implantable speech BCI. This may provide a 
natural channel for the non-verbal communication of emotions through BCI. 
 
Keywords; Sensorimotor Cortex, Facial Expressions, BCI, ECoG, Emotion 
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Introduction 
 
Locked-in syndrome (LIS) is a condition where people suffer from (almost) complete paralysis 
while their mental capacity remains intact (Smith and Delargy, 2005), and where communication 
through the normal means of vocalization and body language is completely lost. Technology is 
available to provide people with LIS with a means of communication through residual muscle 
activations, such as eye movements, but these systems are not usable when all movement is lost. A 
promising alternative approach is a brain-computer interface (BCI), which enables people to 
communicate without the involvement of any muscle activity, by directly recording brain signals 
(Wolpaw et al., 2002) and translating these signals into a control signal for a computer. 

Several BCI studies have focused on re-establishing communication through spelling of 
letters, words and sentences (Brumberg et al., 2011; Herff et al., 2015; Ramsey et al., 2018) and 
recently Vansteensel et al. (2016) showed that a fully implantable BCI system can provide a reliable 
means of communication with a high degree of accuracy, for people with LIS in their home 
environment. The speed of this type of linguistic communication with BCIs is, however, 
substantially lower (typically several letters per minute; e.g. Vansteensel et al. 2016) than in normal 
speech (120-180 words per minute; Miller et al., 1976). This obviously prohibits the ability of 
people with LIS to engage in natural conversations with others.  

Facial expressions provide a means of non-linguistic communication (Ekman, 1989; Ekman 
and Friesen, 2003), allowing people to robustly and quickly convey their emotions without using 
letters or words. Although people with LIS can’t make deliberate facial expressions, attempts to do 
so may well be subject to identification by means of brain signal decoding technology that exploits 
the somatotopic cortical organization, which would constitute restoration of the ability to convey 
emotions. Indications for feasibility of such an ‘emotional’ BCI is sparse but present in literature. 
For one, it has been shown that isolated facial movements (e.g. articulator movements; Bleichner 
et al., 2015; Salari et al., 2018a) can be distinguished based on neural activity in the sensorimotor 
cortex (SMC). Facial expressions have also been classified based on simultaneous 
electroencephalography (EEG) and electromyography (EMG) recordings (Chin et al., 2008). It 
remains unclear, however, whether facial expressions, which require the integration of different 
facial movements at the same time (Ekman and Friesen, 2003; Cattaneo and Pavesi, 2014), can be 
distinguished from one another based solely on neural activity. In the current study, as a first step 
towards an ‘emotional’ BCI, we analysed neural activity in sensorimotor cortex related to facial 
expressions, using subdural electrocorticographic signals in 2 human participants. 

 
Methods 

Participants 
Two participants (A & B) participated (age 30 and 41 years, female) after giving written informed 
consent. They underwent surgery for epilepsy treatment in the University Medical Center Utrecht, 
during which subdural ECoG electrodes were temporarily implanted for clinical purposes. For 
research purposes only, and with written informed consent of the patients, an additional high-
density electrode grid of 128 electrodes was placed over the SMC (which had no clinical relevance). 
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Electrodes had a diameter of 1.17 mm (participant A) or 1 mm (participant B). Inter-electrode 
distance was 4- or 3-mm, respectively. Only the high-density electrodes were used for the current 
analysis.  

The Ethics Committee of the University Medical Center Utrecht approved this study, which 
was carried out in accordance with the Declaration of Helsinki (2013). 

 

Task 
We examined four different facial expressions (happy, sad, surprised and disgusted), based on their 
distinction from each other with respect to the required muscles and because they can be accurately 
distinguished from one another based on video-analysis (Ekman, 1989; Ekman and Friesen, 2003; 
Taner Eskil and Benli, 2014). Participants were to mimic the facial expressions as shown by 
pictures of people (Cohn-Kanade data base; Kanade et al., 2000; Lucey et al., 2010) presented on 
a computer screen approximately 1 m from the participants. Since neural changes in the SMC could 
be induced by visual perception of actions (Pineda, 2008), posing a confound in decoding, we also 
in separate trials used written descriptions to instruct participants about which facial expression had 
to be made. Only electrodes that showed activity to both the pictures and the words were included 
in further analysis, thereby excluding electrodes that were selective to mode of instruction.  

 Trials started with a 2000 ms long visual cue (either a picture or a word). The participants 
were instructed to quickly make the expression and hold it for as long as the cue was visible. The 
inter-trial interval was 3 seconds. Each facial expression was randomly repeated 5 times in pictures 
and 5 times in words. Furthermore, we included 10 rest trials, (‘-’ symbol), which were interleaved 
with the facial expression trials and which instructed the participants to keep a neutral face. 

 

Data Acquisition & Preprocessing 
ECoG signals were recorded at a sampling frequency of 2000Hz (Blackrock Microsystems LLC, 
Salt Lake City, USA). Electrodes with flat or noisy signal were removed from further analysis, see 
Salari et al. (2018b).  

High-frequency-band (HFB; 65-130 Hz) power changes, which are known to be linked to 
neuronal firing (Miller, 2010) in the SMC, were used to classify the four different facial 
expressions. Data analysis was performed using Matlab software (The Mathworks, Inc., Natick, 
MA, USA). We used a Gabor wavelet dictionary (Bruns, 2004) to calculate for each electrode the 
HFB power per sample point, see Salari et al. (2018b). We smoothed this signal with a moving 
average window of 0.5 seconds (Branco et al., 2018a). Subsequently, the r2-value of every included 
electrode was calculated by contrasting rest and active periods for each facial expression separately. 
Electrodes that were significantly correlated to one or more of the facial expressions were used for 
classification. Significance level was computed by a Monte Carlo procedure with 10,000 
permutations of shuffling trial and rest labels (alpha=0.05, Bonferroni corrected for the number of 
electrodes). Electrode positions on the brain were identified with ALICE (Branco et al., 2018b) 
using a post-operative CT scan and a pre-operative MRI scan. 
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Classification Procedure 
Trials were epoched between cue onset and offset. For each trial and each electrode, the mean HFB 
activity was calculated by taking the average power amplitude over all sample points within the 
cue period, yielding a spatial HFB activity pattern per trial. This pattern was used as feature for 
classification of trials on the 4 facial expressions (’classes’), using leave-one-trial-out cross 
validation. A template-matching-classification-method was used in which each trials’ activity 
pattern was compared to the mean activity pattern of all other trials within a class by means of 
correlation, which has been used successfully before (e.g. Ramsey et al., 2018). Electrode selection 
for this procedure was determined by selecting the significant electrodes in the training set (not 
including the test trial). The significance level of the classification accuracy was determined by 
using a Monte Carlo procedure, shuffeling the labels for classification a 1000 times.  

 
Informative Area Locations and Sizes  
We determined which particular regions were most informative for classification against the 
background of considering BCI applications and minimizing risks of ECoG grid implants (Wong 
et al., 2009). For this purpose, we used a random search procedure, the methods of which are 
described in Salari et al. (2018a). In short, random combinations of electrodes were chosen 5000 
times and subsequently used for classification. The average accuracy of each electrode was then 
determined and z-scored. This procedure indicates which electrodes are the most informative, given 
that any combination of electrodes is possible. In addition, we used a search light procedure (Salari 
et al., 2018a) to investigate what the classification accuracy would be if we used a smaller (but 
restricted) portion of the grid. This was also used to determine for different grid sizes what would 
be the maximum possible accuracy over all investigated grid locations. In addition, we investigated 
which grid size yielded the highest accuracy, in order to find the minimally required grid size for 
maximal accuracy. 
 

Results 
 

Task Performance and Electrode Selection 
Participants performed the task well, although for participant B some expressions, e.g. surprise, 
were noted to be rather subtle. The participant did report, however, that the movements she made 
represented a surprised face for her and we did therefore not exclude any trials. Of all electrodes, 
83% (106/128, participant A) and 80% (103/128, participant B), showed a significant correlation 
with at least one of the facial expressions (for both picture and word trials).  

 
Spatial Classification Accuracy  
The classification accuracy was 85% and 70% for participants A and B respectively (M=77.50, 
SD=10.61, n=2), see Figure 1. Classification was significant (p<0.001) for both participants. 
Surprise was identified the best for both participants. For participant A, all other expressions were 
equally well recognized. For participant B, sad was also well recognized although happy and 
disgust were harder to identify, with the former often mistaken by surprise or disgust and the later 
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by surprise and sad.    
 

Anatomical Localization and Grid Sizes 
The most informative electrodes were typically located in the aspect of the sensorimotor cortex just 
below the hand area (Figure 2). The minimum required grid size to obtain maximum accuracy was 
1.6 cm2 and 1.2 cm2 for participant A and B respectively (M=1.40; Figure 3).  
 

 
Discussion 

 
We investigated if neural activity in the sensorimotor cortex can be used to distinguish facial 
expressions. We showed that 4 facial expressions can be classified well, based on SMC neural 
activity of the left and the right hemisphere (participant A and B, respectively). The dorsolateral 
aspect of the SMC, an area just below the hand area including both the pre- and postcentral gyrus, 
was most informative for classification. Furthermore, we found that the grid size had to be on 
average 1.4 cm2 to reach best performance.  
 
 

Figure 1. Classification accuracies and confusion matrices. Panel (a) shows the classification 
accuracies (y-axis) for both participants (x-axis). All electrodes that showed a significant HFB power 
activation during at least one of the expressions were used for this classification, with the condition 
that they were active for both stimulus types. The red line represents chance level. In panel (b), the 
confusion matrices are shown for participant A and B, respectively, with on the y-axis the actual 
expression, and on the x-axis the predicted expression.  
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Figure 3. Relation between grid size and classification 
accuracy. For both participants, the maximum 
classification accuracy (from all grid locations in the 
search light) is indicated on the y-axis per size of cortical 
surface, which is indicated on the x-axis. Results were 
obtained using the search light approach, in which, for 
each sampled area of cortex, the classification accuracy 
was determined. Note that the number of electrodes of 
each consecutive data-point in this plot is equal for both 
participants but due to resolution differences the covered 
surfaces differ.  
 

Figure 2. Informative areas. The most informative electrodes are shown on the left for both 
participants (A-B). The red line indicates the central sulcus. Colors indicate level of attributed 
information for each electrode, which was determined by a random search procedure. Warm colors 
indicate high classification accuracies. On the right, the results of the search light procedure are 
shown, with the most informative areas shown in warm colors. We used a 3x3 electrode configuration 
for the creation of the current plot (three electrode rows and columns), corresponding to approximately 
12x12 mm for participant A and 9x9 mm for participant B. Colors represent, for each electrode, the 
accuracy score averaged over all configurations that holds that electrode.  
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Importantly, since people had to hold the facial expressions for only two seconds, we show 
that classification of facial expressions can be established relatively fast, considering the time it 
takes to spell out letters or words with current home base BCI applications (Vansteensel et al., 
2016). 

Our results add a new conceptual dimension to previous studies that classified isolated 
articulator movements (Bleichner et al., 2015; Salari et al., 2018a), by showing that facial 
expressions of emotion, which entail simultaneous movements of multiple effectors (lips, jaw, 
nose, eye brows), can be identified to a high degree on neural activity alone. The current results 
suggest that especially ‘surprised’ was easily recognized which may be explained by the 
involvement of the jaw for opening of the mouth, which was more extensive for ‘surprised’ 
compared to the other expressions.    

We found that both the left and the right hemisphere could be used for classification of facial 
expressions, which corresponds to earlier demonstrations of bilateral activation for producing a 
willful smile (Iwase et al., 2002). Furthermore, the location of most informative electrodes in the 
current study corresponds to the most active areas found for individual articulator movements 
(Grabski et al., 2012) and phoneme production (Ramsey et al., 2018). The latter seems to extend 
further ventrally, however, which may be interesting for future attempts of classifying both 
linguistic features and facial expressions with the same coverage.  

 
Implications 
Our results suggest that a fast way of communicating an emotional state is within reach for BCI 
systems that employ SMC neural activity. We believe that the ability to quickly express a feeling 
and add emotional content to BCI output, is of substantial value for people with LIS and may 
improve participation of LIS patients in conversations. During human social interaction, facial 
expressions convey someone’s emotional state without the need for language, which is thought to 
be universal across cultures and may be evolutionary beneficial since they give us an indication of 
someone’s future behaviour (Ekman, 1989). Positive expressions for instance may enhance 
cooperation and signal the willingness to interact with others whereas a lack of this may signal the 
opposite (Schmidt and Cohn, 2001). In addition, facial expressions may add social cues to spoken 
statements or written text to disambiguate these. Think for instance of text messages (e.g. a joke) 
that can only be understood through the addition of emoticons. Facial expressions contain therefore 
extra value to linguistic communication. Furthermore, not only do facial expressions signal 
information from the speaker to the listener but also vice versa, which enables the speaker to keep 
track of the listener’s understanding of what is being said. Adding the ability to express a feeling 
or emotion without speech may therefore improve current BCIs. 

 
Limitations & Future Directions 
In the current study we investigated executed movements produced by able-bodied people and it 
remains unclear if attempted facial expressions made by people with LIS can be accurately 
classified as well. The most informative locations were found pre- as well as postcentral in both 
participants. The somatosensory feedback present in actual movement could benefit classification. 
Yet, attempted movement has been shown to also generate activity in somatosensory cortex 
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(potentially by feed-forward processing; Bruurmijn et al., 2017) which appears before movement 
onset and has been shown to provide movement-selective information (Branco et al., 2017). 
Accordingly, research with upper limb amputees shows a good correspondence between actual and 
attempted movements (Bruurmijn et al., 2017). 

Another limitation is the small number of participants. We do believe, however, that the 
results are promising and encourage further investigations into facial expressions for BCI. Finally, 
future research may add more facial expressions and investigate if they can be classified alongside 
linguistic BCI applications.  
 

Conclusion 
 

We demonstrate that facial expressions can be distinguished from each other based on SMC 
activity. These results suggest that emotional communication in the form of facial expressions can 
be added to communication BCIs and potentially increase the usability of neuroprosthetic 
communication devices.   
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“The songs are in your eyes, I see them when you smile. 
I've had enough, I'm not giving up on a miracle drug.” 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

  Summary and Discussion 
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Summary and Discussion 
 
What Did We Find? 
In the beginning of this thesis we started with two questions, both intended for the development of 
BCIs. The first question was: how does variability in speech unit pronunciation relate to variability 
in sensorimotor cortex activity? We looked at three different phenomena that could influence 
speech related neural activity in the sensorimotor cortex.  
 
In chapter 1 we demonstrated that some parts of the sensorimotor cortex have a clear relation 
between vowel production duration and the duration of neural activity, whereas other subareas do 
not show this relation. We explored for each recording site the temporal dynamics of the neural 
response. Most areas that are active during speech, showed a peak in neural activity at voice onset. 
We hypothesized that this may be related to initiation or planning of, for instance, the articulator 
movements. A second peak at voice offset was visible in some locations and might be related to 
the articulators moving back to their rest position. In addition to these voice onset and voice offset 
peaks, in some areas of the SMC, there was clearly sustained neural activity between voice onset 
and voice offset, the duration of which increased with increasing speech duration. In other areas of 
the SMC this was not the case. We speculated about the origin of this sustained activity and 
hypothesized that it might be related to (1) continuous movement or force of muscles, (2) to 
sustained somatosensory feedback, since a large portion of the electrodes showing sustained 
responses covered somatosensory areas or (3) to keeping the articulators in their correct position 
during the pronunciation. Our findings are in agreement with previous single neuron activity 
research that has indicated that some neurons show only bursts of activity at movement initiation 
or returning to the rest position, whereas others show activity throughout the static phase of keeping 
a particular position and even others show a combination of these profiles (e.g. Cheney and Fetz 
1980). Since ECoG electrodes record from ensembles of neurons, it can be expected that the 
proportion of neurons from each of these categories dictates the neural response that is measured 
by each surface recording site. It remains to be determined, however, what the origins of sustained 
and transient activity truly are.  
 
In chapter 2 we demonstrated that repeatedly producing the same sound does not involve the same 
amount of neural activity with each repetition. Instead, the neural activity amplitude usually 
decreases with repetitions. These differences in amplitude could not be explained by our measures 
of how people spoke with each repetition and therefore our results suggest a non-linear relationship 
between neural activity and motor output. Mainly, there is a decrease of neural activity over the 
course of repetitions, with the neural activity for the first pronunciation being highest, followed by 
a non-linear decrease in activity for the following repetitions. In addition, for some subareas, the 
end of the repetition sequence was associated with a rise in neural activity amplitude, which, as 
described in chapter 1, may be related to articulators moving back to their rest position. One 
possible explanation for the changing neural activity associated with the ‘same’ behavior may be 
that there is some residual variability in articulator movements that we could not measure, such as 
those of the tongue. Another explanation, however, is that with repeated movements, neurons fire 
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less or that a smaller number of neurons fire. This phenomenon is called repetition suppression and 
has been found before for other movements (Hermes et al. 2012; Okada et al. 2018). It has been 
postulated to be the result of changes in potassium ion influx which hyperpolarizes the cell 
membrane, causing the neurons to fire less (Grill-Spector et al. 2006). Another explanation that has 
been put forward, is that in the beginning of a sequence many neurons fire but that only the ones 
that are task specific or essential continue to fire (Grill-Spector et al. 2006). Future research, in 
which the movements of all articulators are recorded, may elucidate if the repetition effect is due 
to articulator movements or if there is indeed a non-linear relation between neural activity and 
speech movements. Relevant for the development of speech-BCIs would be to investigate if 
repetition suppression effects are also present during natural speech and not only during isolated 
repetitions, irrespective of the origin of the effect.   
 
In chapter 3 we demonstrated that if people pronounce the same sound, the neural activity pattern 
in the sensorimotor cortex for that specific sound may be different, depending on whether or not 
another sound was pronounced before and if so, which sound that was. At the same time, the data 
showed that there is something in the different neural patterns related to one sound that 
distinguishes them from the patterns of other sounds. This indicates that the different patterns for 
the same sound share some unique features. Next, we investigated if the existence of multiple 
activity patterns for the same sound may affect BCI performance and found that it is important to 
keep these multiple activity patterns in mind when developing and training classifiers. Building a 
classifier to detect different sounds and training this classifier only on isolated sounds will not lead 
to the most optimal classification if sounds will be produced in combination with others, for 
instance. Instead, training a classifier for the multiple patterns that are possible, significantly 
improved the classification accuracies. Favorably for the development of BCIs, however, is that we 
found that it is not necessary to have a different model for each sound combination but that a model 
based on combinations of a certain sound with other sounds can be used to accurately distinguish 
this sound from other sounds. Since we only focused on the /i/ sound in our studies, the effects on 
BCI performance of multiple neural activation patterns for other sounds and sound combinations 
should be further investigated. 
 
In the chapters described above we investigated how variations in speech unit pronunciations and 
their contexts (i.e. previous pronunciations) are related to variations in sensorimotor cortex activity. 
The second question that we posed in the beginning was: can variations in movements of individual 
articulators and facial movements be distinguished from the neural activity patterns in the 
sensorimotor cortex, and if so, how?   
 
In chapter 4 we found that movements of different articulators can be accurately distinguished 
from each other based on ECoG surface recordings in the sensorimotor cortex and we demonstrated 
that the same is true for different movement directions of the same articulator (i.e. the tongue). Our 
finding that distinct neural activity is associated with different tongue movement directions is in 
correspondence to earlier findings of single cell recordings in primates (Murray and Sessle 1992; 
Yao et al. 2002), but we now show that with surface recordings in humans, similar results can be 
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obtained. For BCI applications it is important to know where and how to record neural activity, in 
order to reach high classification performance. We found that the areas needed for classification of 
both different articulator movements and different movement directions of the same articulator are 
rather small (approximately 1 cm2). However, we also found that the possible area that can be used 
for classification is larger for classification of different articulators than for different movement 
directions of the same articulator. Finding the right location for grid placement is therefore crucial 
and future research needs to establish empirical methods to indicate with non-invasive methods, 
such as fMRI (see for instance Hermes et al. 2011; Zhang et al. 2013; Siero et al. 2014), which 
locations promise the best accuracies.   
 
In chapter 5 we demonstrated that different facial expressions can be distinguished from each other 
based on sensorimotor cortex activity. We found that both the left and right sensorimotor cortex 
are good targets for classification of the facial expressions of happy, sad, surprise and disgust. In 
normal conversation, facial expressions are important and convey much information about 
somebody’s state or intention. We suggest that future communication BCI systems can be enriched 
by adding, for instance, an emotional avatar to the BCI users’ communication output. The reason 
for this is that with the current BCI applications, emotional nuances are hard to quickly add to a 
massage. Most BCI applications have only focused on the communication of language through the 
spelling of letters and words, which usually takes much more time than in normal conversation. 
Typing a response to a joke for instance may take too long, whereas the portrayal of an emotion 
though a facial expression may be much faster. We showed that facial expressions can be classified, 
most accurately from the middle aspects of the sensorimotor cortex from areas of approximately 
1.40 cm2. Future research may extend the current results by investigating more facial expressions, 
such as for anger and fear.  
 
Implications 
The experiments in this thesis address multiple questions as has been outlined above.  Here, I will 
discuss what we have learned from these experiments in more general terms. In the first three 
chapters, we saw that three sources of variability in the production of elementary speech units result 
in variability of sensorimotor cortex neural activity. These results indicate that the decoding of 
speech is a rather complex task. Clearly, the number of different brain actvitity patterns that a 
speech BCI has to be able to classify is extensive. We saw, for instance, that a phoneme not only 
has one representation but that transitions between phonemes result in district patterns for the same 
phoneme, which increases the amount of ‘classes’. Additionally, the duration of a phoneme and 
whether or not it was repeated, influences the neural patterns. Which of these sources of variability 
has the strongest influence on the classification of natural speech based on neural activity is not yet 
known but the experiments in this thesis help to understand how the sensorimotor cortex works and 
how these variances may affect BCI performance. In addition, these experiments may help to 
indicate what factors to take into account when designing classifiers for a BCI that is based on 
speech decoding. 

I described multiple methods for analyzing the variability in the neural signals and spatial 
signal patterns, and they may be useful in further investigations to optimize speech BCI decoding. 
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In chapter 1-2, I developed a method to model the neural response per electrode, which can be used 
to map duration and repetition effect patterns. In chapter 3 we investigated neural activity levels 
during sound production in different contexts with a simple ANOVA procedure. In addition to 
analyzing neural activity dynamics in individual electrodes, in chapter 3-5 I analyzed spatial neural 
activity patterns, since movements are likely to be represented by a network of neural activity 
(Schieber 2001), rather than by a single locus. Therefore, neural activity patterns should be 
analyzed as a whole rather than per electrode. We used template matching classification procedures 
and found different neural activity patterns for different sound transitions, as well as for different 
non-speech related articulator/facial movements and tongue movement directions. This suggests 
that differences in muscle movements are differently represented in the sensorimotor cortex. We 
show that with template matching methods we can easily and qualitatively investigate differences 
in neural activity patterns, even for answering fundamental questions.     

Finally, the experiments described in this thesis provide insights in where on the sensorimotor 
cortex information about articulator/facial movements is represented and at what scale (chapter 4 
& 5). Hopefully, this may guide us to optimal placement of electrode-grids.    
 
What Can We Learn From Non-BCI Research? 
As I indicated above, the number of neural activity patterns that a speech BCI should be able to 
accurately distinguish makes speech decoding a complex task. Therefore, clever methods need to 
be developed to tackle the problem of variable signals for the same sounds. Interestingly, similar 
problems needed to be addressed in the early days of speech recognition based on acoustic signals. 
Speech recognition underwent a lot of progress over the last decades and possibly, the BCI 
community may learn from the methods that have been used in speech recognition. One method, 
for instance, that has increased classification accuracies in speech recognition is the grouping of 
phonemes in triplets (taking into account the phoneme left and right from the current phoneme), in 
contrast to looking only at single phonemes or duplets (Lee 1990). Grouping in triplets makes sense, 
since it is known that both neighboring phonemes (left and right) can have an effect on the 
articulation of a sound (Davis 2015), but comes with the disadvantage that training a classifier for 
triplets increases the number of classes due to the large number of possible triplet combinations. 
One way of tackling this problem, which has been successful in speech recognition, is by smartly 
grouping the triplets that are similar with respect to their effect on the neighboring sound (Lee 
1990). For instance, the /b/ and the /f/ have a similar effect on the right phoneme (example taken 
from Lee 1990) and triplets containing this phoneme at the beginning may therefore be grouped 
together. This method increases trainability by decreasing the number of classes while taking into 
account the variability due to coarticulation effects that may be also beneficial for BCI 
optimization. 

Another issue addressed in speech recognition research, which may be relevant for the BCI 
community, is the recognition of phonemes produced in function-words such as ‘the’, ‘a’, ‘in’ (Lee 
1990). These words are usually very poorly stressed (pronounced) compared to other words and in 
continuous speech recognition they cause a big portion of the errors (whereas in isolation they may 
be easily recognized). Training a classifier for the phonemes in these function-words as separate 
classes can increase continuous speech recognition accuracies. This method points the attention of 
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a classifier to special cases of phoneme production, meaning that a phoneme may have two classes 
in a classifier, one for normal words and one for function words. Similar methods may possibly be 
beneficial for speech BCI performance, although further research into this is needed. There is, 
however, one important difference between acoustic signal speech recognition and speech BCI, 
which is the amount of data available to train computer algorithms. Whereas acoustic signals are 
easily acquired, for recordings of neural signals this is more complex, especially for signals 
acquired with invasive techniques such as ECoG. This makes standard machine learning solutions 
hard to implement since they usually require a large amount of training data. Therefore, for the 
development of effective and smart solutions for neural based speech decoding, it remains crucial 
to gain a thorough understanding of how the brain, and more specifically the sensorimotor cortex, 
activates during speech in different contexts. The experiments in this thesis were intended to 
address exactly this issue and have contributed to increasing our knowledge about the effects of 
speech variability on the neural signals and have provided methods for analyzing these signals.  
 
Recommendations For Future Speech BCI Research 
Although the results in this thesis will help to optimize decoding of speech for BCI usage and help 
to restore speech in disabled people, more research is needed to accomplish this task since we are 
still far away from accurate and usable speech based BCIs for locked-in patients. Therefore, I would 
like to give some recommendations for future speech BCI research, based on what I have learned 
the last couple of years.  

First, based on the experiments in this thesis and the methods that result from them, I propose 
to create a library of spatiotemporal neural-response-profile-models for speech elements, that can 
be ‘adjusted’ to fit different contexts. For instance, if we map (similar as in chapter 1) the neural 
activity duration, we can create models of speech related neural activity, which can be adjusted to 
how long a phoneme is pronounced, which may potentially increase BCI performance, without the 
need of speech examples of all possible durations. Similarly, mapping the effects of repetitions 
(chapter 2) and transitions (chapter 3) into a model may improve speech BCI performance. I have 
described in this thesis some methods to model neural activity (e.g. in chapter 1 & 2). Although 
this method gives a simple representation of neural activity, and further improvements need to be 
made, it has shown to be applicable in multiple situations, for instance in modeling duration effects 
but also repetition effects. Future research may improve this method for even more accurate 
modeling.  

Second, in the experiments described in this thesis, me and my colleagues observed activity 
related to speech in large parts of the sensorimotor cortex. For instance, speech-related neural signal 
changes occurred in areas that are mostly known for controlling hand movements. Although most 
studies so far have focused on the ventral parts of the sensorimotor cortex as a potential target for 
speech BCI, previous research has also indicated that the hand area is involved during speech 
movements (Saarinen et al. 2006). One study even was able to accurately classify individual 
phonemes from the hand knob with needle array recordings (81% accuracy for 9 phonemes and 
silence; Stavisky et al. 2018). In addition, I performed a pilot study (not described in this thesis) 
with three participants that had HD-grid electrode coverage of different sizes over the sensorimotor 
cortex. The goal was to classify 12 Dutch words, and the results showed that two participants who 
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had a large coverage (128 electrodes), not only on ventral sensorimotor cortex but also up to and 
including parts of the hand area, showed the highest accuracies (87% and 66% accuracy, 8.33% 
chance level). In contrast, in one participant who had only coverage over the ventral sensorimotor 
cortex (64 electrodes) we were not able to classify words with high accuracy (27% accuracy). These 
findings suggest that inclusion of all informative parts of the sensorimotor cortex is beneficial for 
speech decoding and these are not limited to the ventral parts.   

Third, we found that our HD-grid recordings were able to record locus specific activity at a 
resolution of as small as 3 mm inter electrode distance (for more discussion about this, see below). 
This suggests that information can be missed with sparser samplings, for instance with the 10 mm 
interelectrode distance that is standard for clinical recordings. In addition, previous results on 
phoneme classification with HD-grid electrodes (72% accuracy for 4 phonemes; Ramsey et al. 
2018) and needle arrays (81% accuracy for 9 phonemes; Stavisky et al. 2018) have resulted in high 
accuracies levels that have thus far not been reported with sparser sampling recordings. These 
results suggest that dense sampling recordings are beneficial for speech decoding. 

Fourth, during speech perception our brain is very well capable of filling in and interpreting 
missing or distorted words and sounds, based on context information (Plomp 2001). Similarly, 
speech BCI recordings may also be subject to different forms of distortion, both physiologically 
and technologically, such as signal variability due to unclear pronunciation or temporal signal 
connection dropout. To overcome these distortions, in a previous study Herff and colleagues (2015) 
have added a language corpus to their continuous speech decoder, which resulted in a 75% accurate 
word prediction for a small set of words. This suggests that it may be beneficial for continuous 
speech decoding to incorporate context information, such as which words have been said before 
and which words are likely to follow. Furthermore, a language corpus guiding the prediction of 
words may even be personalized to the vocabulary of a BCI user, to words that he or she is likely 
to use. This may be done for instance by analyzing content previously written by the user, such as 
emails, letters, blogs etc.  

Finally, since the data for invasive neural recordings is limited, especially within one research 
lab, I think it is essential that, as a BCI community, we need to agree on which experiments can 
bring the field forward and join forces in the collection of data and sharing it. Furthermore, the task 
of speech decoding involves many different aspects and requires many different forms of expertise. 
Collaborations between labs and taking advantage of each of their expertises, is therefore crucial if 
we want to increase the amount of available data and gain any major progress. In addition, data 
need to be collected over longer periods of time. Currently, most ECoG based speech BCI research 
is done with epileptic patients that are in the hospital for usually not more than a week. How 
classifiers preform over longer periods of time is therefore not well investigated. Furthermore, it is 
generally not possible in these clinical settings to analyze the data, adjust the classifier and repeat 
the experiment with the same participant. In other words, it is difficult to try out what works and 
what not, for optimal speech decoding. A previous study, however, has placed electrodes over a 
year in a patient with LIS and this has impressively gained insights in how to make use of neural 
signals for BCI usage (Vansteensel et al. 2016). In addition, a similar experimental setting as 
described by Vansteensel and colleagues (2016) would also be very informative for speech BCI 
research.          
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Limitations & Additional Future Directions 
In addition to the future directions described in the previous sections, there are some limitations 
and additional future directions that I will discuss here. First, although we have investigated some 
sources of variability in the production of elementary speech units and their relation to the 
variability in sensorimotor cortex activity, for most of them it is still not clear how they may affect 
BCI performance. For instance, it is still unclear how differences in phoneme duration and 
repetition affects BCIs performance in real-time natural speech classification. The same is true for 
transitions between sounds, since we only investigated a limited number of sound transitions. 
Future research may focus on the question of how these sources of variability affect BCI 
performance in natural speech settings. Besides, we only investigated three sources of variability, 
and other sources may exist, such as for instance volume or pitch and intonation.    

Second, since the number of patients that undergo ECoG measurements is small, in most of 
our experiments only a limited number of participants could be included. Therefore, it is hard to 
say how well the results generalize to larger groups of subjects. For instance, it remains unclear if 
the anatomical locations that show a relation between neural activity duration and speech duration 
are similar over subjects. The same holds for areas that show repetition effects or coarticulation 
effects. However, the fact that we find these effects consistently in subjects (even in such a small 
research population), indicates that these effects are likely to be there for most people.  

Another limitation is that in some subjects we could not record with high-density ECoG grids. 
However, since we used both clinical ECoG grids (inter electrode distance: 10 mm) and high-
density ECoG grids (inter electrode distance: 3 or 4 mm) we were able to compare the two grid 
types with respect to how much information about the neural activity they deliver. We found more 
and different neural patterns with the HD-grids than with the standard grids. Importantly, 
neighboring electrodes in the HD-grids sometimes showed different neural responses, which we 
would have missed with standard grid recordings. There seems to be much detail in the neural 
activity patterns that can only be uncovered with high resolution sampling. Furthermore, since the 
electrodes of HD-grids are smaller in diameter they may be more specific (Camuñas-Mesa and 
Quiroga 2013). Indeed, large populations of neurons do not necessarily behave in a similar way. 
Therefore, data sampled from a large population of neurons is more likely to represent a mixture 
of local neural processes than sampling from only a small population. Although the relation 
between electrode size and signal stability needs to be investigated further, as well as their influence 
on BCI performance stability, we believe that the current HD-grids provide more information than 
standard grids and can be beneficial for speech-based BCI performance.  

Finally, since we explored the relation between sensorimotor cortex activity and overt speech, 
as well as overt articulator and facial movements, it would be interesting to see if the results that 
we find are similar for attempted movements. Currently, investigating attempted speech and facial 
movements is rather complicated with ECoG due to the limited number of paralyzed subjects that 
can be included for studies such as the ones we did. Studies with BCI target users have mostly 
focused on other areas than speech, and it will be exiting for the future to move more attention to 
decoding attempted speech. With the availability of more and better BCI applications and of better 
recording equipment, we will be able to do more research with the target population of BCI and 
hopefully answer these questions in the future.  
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Conclusion 
 

In this thesis, we showed how three sources of variability in phoneme production are related to 
variability in sensorimotor cortex activity and we discussed how this may affect BCI performance. 
Furthermore, we showed how different articulator movements and movement directions, as well as 
facial movements, lead to unique and distinct sensorimotor cortex neural activity patterns, which 
can be used to improve communication BCIs. We show that that these patterns can be quite detailed 
since different movements can be distinguished from small parts of the SMC. This research is a 
step into the direction of better speech and communication aids for paralyzed subjects by means of 
BCIs. I hope that this work will have an impact on the future directions of BCI research.      
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Nederlandse Samenvatting 
 
Wat is een BCI en waar wordt het voor gebruikt? 
Mensen communiceren op vele verschillende manieren, bijvoorbeeld door middel van spraak, maar 
ook wanneer ze een brief schrijven, een sms-bericht sturen of iemand iets duidelijk proberen te 
maken met een gebaar of een gezichtsuitdrukking. Voor mensen die geheel of bijna geheel verlamd 
zijn is het echter een stuk ingewikkelder om zichzelf uit te drukken. Dit komt omdat, hoewel we er 
eigenlijk bijna nooit bij stil staan, voor al deze vormen van communicatie bewegingen nodig zijn 
die weg vallen wanneer iemand geheel of bijna geheel verlamd raakt. Mensen die (vrijwel) geheel 
verlamd zijn, maar nog wel kunnen denken en voelen lijden aan het zogeheten Locked-In 
Syndroom (LIS) en zijn, als het ware, gevangen in hun eigen lichaam. Nieuwe technologieën 
hebben zich in de laatste jaren echter ontwikkeld om deze mensen te helpen met communiceren. 
De meeste van deze technologieën maken daarbij gebruik van de laatste overgebleven vormen van 
bewegingen die deze patiënten nog wel kunnen maken, zoals bijvoorbeeld oogbewegingen. Omdat 
de ogen veelal nog wel bewogen kunnen worden, kunnen deze gebruikt worden om te 
communiceren. Zo kan een verzorger of familielid de patiënt een vraag stellen waarbij bijvoorbeeld 
een oogbeweging omhoog ‘ja’ betekent en een beweging naar beneden ‘nee’. Ook kan bijvoorbeeld 
een eye-tracker gebruikt worden. Met dit apparat kan gemeten worden waar iemand naar kijkt op 
een scherm. Als dit scherm gevuld is met letters, kan dit apparaat bepalen welke letter iemand wil 
spellen, en zo kan een hele zin uitgeschreven worden.  

Er zijn echter ook mensen voor wie zelfs deze laatste vormen van bewegingen uiteindelijk 
verdwijnen, bijvoorbeeld in sommige gevallen van Amyotrofische Laterale Sclerose (ALS). Dit is 
een ziekte waarbij steeds meer motorische functies uitvallen doordat neuronen die hiervoor 
verantwoordelijk zijn afsterven. Gelukkig is er voor deze mensen een systeem ontwikkeld welke 
niet afhankelijk is van enige vorm van beweging. Zo’n systeem wordt een brain-computer interface 
(BCI) genoemd en meet hersensignalen welke de gebruiker heeft geleerd te controleren. Deze 
signalen kunnen vervolgens door een computer geïnterpreteerd worden en omgezet naar 
bijvoorbeeld uitgeschreven tekst of gesynthetiseerde spraak. Zo kan iemand die geheel verlamd is 
nog steeds communiceren. 

 
Spraak BCIs  
Hoewel er vele vormen van zo’n BCI systeem bestaan, wordt er de laatste jaren veel onderzoek 
gedaan naar de ontwikkeling van een systeem waarbij LIS patiënten letters of woorden zouden 
kunnen denken of proberen te zeggen, en welke de BCI vervolgens herkent op basis van het 
hersensignaal. De hersengebieden die hiervoor het best kunnen worden gebruikt zijn de primaire 
motorische en somatosensorische gebieden (samen de sensomotorische cortex). Deze gebieden 
houden zich voornamelijk bezig met het aansturen van bewegingen en het verwerken van 
informatie over de positie van-, en gevoel in-, het lichaam. Hoewel onderzoek heeft aangetoond dat 
spraak-BCI systemen potentie hebben om in de toekomst gebruikt te gaan worden is er tot op heden 
geen systeem ontwikkeld dat robuust en accuraat genoeg is om thuis door patiënten gebruikt te 
worden. Een mogelijke reden hiervoor is dat de hersensignalen die betrokken zijn bij de aansturing 
van spraakbewegingen (de signalen die gebruikt worden voor spraak BCI) erg variabel zijn. Zo 
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kunnen bijvoorbeeld de hersensignalen die nodig zijn om een klank uit te spreken beïnvloed worden 
door de manier waarop je iets zegt, of door de klanken die je ervoor of erna zegt. Welke factoren 
een invloed hebben en hoe die invloed zich manifesteert is echter nog niet geheel duidelijk. Daarom 
heb ik in deze thesis een drietal fenomenen onderzocht welke eventueel een invloed zouden kunnen 
hebben op spraak-gerelateerde hersensignalen en ik heb een methode ontwikkeld om deze 
fenomenen beter in kaart te kunnen brengen.  

In hoofdstuk 1 toon ik aan dat sommige delen van de sensomotorische cortex net zo lang 
actief zijn als dat iemand een bepaalde klank uitspreekt. Andere gebieden laten zo’n relatie echter 
niet zien en zijn alleen aan het begin en/of aan het einde van een klank actief. Duidelijk is dat de 
hersenactivatie afhankelijk kan zijn van hoe lang iemand praat en we speculeren in dit hoofdstuk 
over de mogelijke oorzaken hiervan. Het kan bijvoorbeeld zijn dat de continue hersenactiviteit in 
sommige gebieden gerelateerd is aan (1) een continue beweging of kracht van spieren, die optreedt 
tijdens het uitspreken van een klank, of dat (2) er continue somatosensorische terugkoppeling 
(feedback) plaatsvindt, aangezien een groot deel van de gebieden die een continu hersensignaal 
vertonen zich bevinden in de primaire somatosensorische cortex, of dat (3) deze hersenactiviteit 
gerelateerd is aan de positie van sommige articulatoren welke gedurende het uitspreken van een 
klank op dezelfde positie moeten blijven. De gebieden die niet continu actief zijn maar alleen aan 
het begin en/of einde van een klank, hebben wellicht een rol in de initiatie van een beweging of de 
motorische planning die daarvoor nodig is. Dit kan ook verklaren waarom sommige gebieden een 
(tweede) piek in activiteit laten zien aan het einde van de klank, omdat er dan weer een teruggaande 
beweging wordt ingezet.    

In hoofdstuk 2 toon ik aan dat het herhaaldelijk uitspreken van dezelfde klank niet gepaard 
gaat met telkens dezelfde hersenactiviteit. De hoogte van de neurale activiteit gaat namelijk meestal 
non-lineair omlaag terwijl de uitspraak ongeveer hetzelfde blijft. Een verklaring voor de afname in 
neurale activiteit voor ‘eenzelfde’ beweging zou kunnen zijn dat we niet alle bewegingen hebben 
kunnen meten (bijvoorbeeld die van de tong) en dat deze bewegingen afnemen over repetities. 
Echter, een andere verklaring zou kunnen zijn dat bij herhaalde bewegingen, de neuronen minder 
gaan vuren of dat er minder neuronen gaan vuren. Dit fenomeen heet ‘repetitie onderdrukking’ 
(repetition suppression) en kan worden veroorzaakt doordat bij herhaalde beweging de kalium 
toevoer naar de neuronen verandert waardoor de neuronen minder ‘gevoelig’ worden en minder 
gaan vuren. Een andere mogelijkheid is dat aan het begin van een bewegings-sequentie veel 
neuronen vuren en dat na verloop van tijd alleen de essentiële neuronen blijven vuren, waardoor 
het signaal afzwakt. Ondanks de afname in neurale activiteit over repetities ging in sommige 
gebieden de activiteit weer omhoog aan het einde van een reeks herhalingen. De toename in 
activiteit aan het einde van een beweging zagen we ook al in hoofdstuk 1, en zou eventueel te 
maken kunnen hebben met de articulatoren die weer terug bewegen naar hun rust positie. Hierbij 
wordt er een nieuwe/andere beweging ingezet welke nieuwe neurale activiteit zou kunnen 
veroorzaken.  

In hoofdstuk 3 toon ik aan dat als mensen een klank uitspreken, de neurale activiteit voor die 
klank afhankelijk is van welke klank ervoor is uitgesproken. Voor één klank zijn er dus eigenlijk 
meerdere hersenpatronen mogelijk. Echter, de verschillende neurale patronen voor één klank 
blijken wel meer op elkaar te lijken dan die van andere klanken. Daarom onderzochten we verder 
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hoe de verschillende patronen voor dezelfde klank gegroepeerd kunnen worden en het best 
onderscheiden kunnen worden van de neurale patronen van andere klanken. We vonden dat 
wanneer je een BCI maakt die klanken van elkaar probeert te onderscheiden, het belangrijk is om 
rekening te houden met de meerdere neurale patronen die mogelijk zijn voor één klank maar dat 
het niet nodig is om voor iedere klankcombinatie een apart model te maken. Éen model welke 
gebaseerd is op het gemiddelde van alle combinaties kan goed voorspellen welke klank iemand 
zegt. Dit is handig voor BCIs die zich op spraak richten, aangezien er veel klankcombinaties 
mogelijk zijn en een classificatie algoritme erg complex zou worden als het rekening moest houden 
met al deze combinaties. Echter is het wel essentieel om tijdens het trainen van een algoritme, dit 
algoritme voldoende voorbeelden van verschillende combinaties aan te bieden.     

In de bovenstaande hoofdstukken beschreef ik hoe variaties in spraak -en hoe voorgaande 
klanken- een invloed hebben op de hersenactiviteit in de sensomotorische cortex. Echter, deze 
metingen zijn in een experimentele setting uitgevoerd en welke van deze fenomenen ook een 
invloed hebben op de hersenactiviteit tijdens natuurlijke spraak zal nog moeten blijken. Duidelijk 
is wel dat er variatie bestaat in de hersensignalen voor dezelfde klank en dat dit invloed kan hebben 
op de prestaties van een BCI. De methoden die ontwikkeld zijn om de bovenstaande vragen te 
beantwoorden, en welke beschreven staan in deze thesis, kunnen hopelijk een bijdragen leveren 
aan verder onderzoek naar spraak-gerelateerde hersenactiviteit en het ontwikkelen van nog betere 
BCIs.    
 
Articulator bewegingen en gezichtsuitdrukkingen  
Naast spraakgerelateerde signalen heb ik ook niet-spraakgerelateerde hersensignalen onderzocht 
van bijvoorbeeld geïsoleerde tong, lip of larynx bewegingen maar ook van gesynchroniseerde 
bewegingen van de mond, neus en ogen tijdens het maken van gezichtsuitdrukkingen. De reden 
hiervoor is dat we een beter beeld wilden krijgen van hoe losse articulator bewegingen 
gerepresenteerd zijn in het brein maar ook of niet-spraakgerelateerde bewegingen zoals die van 
gezichtsuitdrukkingen gebruikt zouden kunnen worden om een BCI te optimaliseren.  

In hoofdstuk 4 toon ik aan dat bewegingen van verschillende articulatoren (de lippen, tong, 
kaak en larynx) van elkaar kunnen worden onderscheiden op basis van de signalen van elektroden 
die op de sensomotorische cortex geplaatst worden. Ook bewegingen van dezelfde articulator, 
namelijk de tong, in verschillende richtingen kunnen van elkaar onderscheiden worden. Verder is 
het voor invasieve BCI-applicaties van belang om zoveel mogelijk informatie te halen uit een zo 
klein mogelijk gebied. Dit in verband met het minimaliseren van risico’s die gepaard gaan met het 
chirurgisch plaatsen van elektroden op het brein onder de schedel. In dit hoofdstuk laten we zien 
dat voor de classificatie van verschillende articulatoren en van verschillende bewegingsrichtingen 
van de tong, een relatief klein gebied nodig is (ca. 1 cm2). Echter, het gebied dat gebruikt zou 
kunnen worden voor het classificeren van verschillende articulatoren is wel groter dan voor het 
classificeren van verschillende richtingen van de tong. 

In hoofdstuk 5 toon ik aan dat verschillende gezichtsuitdrukkingen (blij, verdrietig, verbaasd 
en walging) van elkaar kunnen worden onderscheiden op basis van sensomotorische 
hersenactiviteit. Dit kan zowel van de linker- als van de rechterhersenhelft van een gebied van 
ongeveer 1.40 cm2. De mogelijkheid om op een snelle manier emoties te tonen door middel van 
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een BCI zou voor patiënten een belangrijke toevoeging kunnen zijn tijdens communicatie met 
anderen omdat gezichtsuitdrukkingen veel informatie bevatten over iemands emotie en intentie. 
Vooralsnog is de mogelijkheid om emoties tegelijk met een getypt bericht uit te drukken nog niet 
geïmplementeerd met de huidige BCI systemen maar dit onderzoek moedigt vervolgonderzoek 
hiernaar erg aan.  

In de laatste twee hoofdstukken laat ik zien dat geïsoleerde articulator bewegingen maar ook 
gezichtsuitdrukkingen een additionele bron van BCI controlesignalen zou kunnen zijn voor 
communicatie BCIs. Verder kunnen deze experimenten gebruikt worden om meer te leren over 
welke gebieden het meest informatief zijn voor zulke applicaties evenals hoe groot het gebied moet 
zijn waarvan gemeten moet worden om de beste prestaties te verkrijgen.   
 
Conclusie 
In deze thesis laat ik zien hoe drie bronnen van variatie in het uitspreken van klanken gerelateerd 
zijn aan variatie in hersensignalen. Verder bediscussieer ik hoe dit de prestaties van BCIs kan 
beïnvloeden. Ook laat ik zien dat verschillende articulator bewegingen en bewegingsrichtingen, 
maar ook verschillende gezichtsuitdrukkingen, een uniek activiteitspatroon hebben in de 
sensomotorische cortex. Deze patronen kunnen gebruikt worden om BCIs te verbeteren en te 
verrijken met meer controlemogelijkheden. Daarnaast laat ik zien dat deze patronen erg 
gedetailleerd kunnen zijn, aangezien deze bewegingen kunnen worden onderscheiden van slechts 
een klein gebied.  
 
Dit onderzoek is een stap in de richting van betere spraak- en communicatiehulpmiddelen door 
middel van een BCI voor mensen die verlamd zijn. Ik hoop dat dit een impact zal hebben op 
vervolgonderzoek naar communicatie BCIs.  
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