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Chapter 1 1

General introduction



2 Chapter 1

Geschrieben steht: ”Im Anfang war das Wort!”
Hier stock ich schon! Wer hilft mir weiter fort?
Ich kann das Wort so hoch unmöglich schätzen,
Ich muß es anders übersetzen,
Wenn ich vom Geiste recht erleuchtet bin.
Geschrieben steht: Im Anfang war der Sinn.
Bedenke wohl die erste Zeile,
Daß deine Feder sich nicht übereile!
Ist es der Sinn, der alles wirkt und schafft?
Es sollte stehn: Im Anfang war die Kraft!
Doch, auch indem ich dieses niederschreibe,
Schon warnt mich was, daß ich dabei nicht bleibe.
Mir hilft der Geist! Auf einmal seh ich Rat
Und schreibe getrost: Im Anfang war die Tat!

— Johann Wolfgang von Goethe, Faust

We are ’by nature a social animal’ (Aristotle) and as such the ability to communi-
cate with others lies at the very heart of what makes us human. We talk, we touch, we
laugh, we cry, we share our thoughts and emotions in a continuous interaction with
other people. It is difficult to imagine how a life without communication would be and
losing the ability to communicate appears to us as a major tragedy.

However, for people with complete paralysis this is indeed a reality. For some
cases of stroke, neurodegenerative diseases, tumors and spinal cord injury muscle
control can be lost completely, and without control of the voluntary muscles any kind
of communication appears to be impossible. While the brain is still intact it is dis-
connected from the rest of the body and incapable of any interaction – these people
are locked-in in their own bodies (Locked-in Syndrome). Without muscle control they
cannot convey any wish, intention or emotion nor interact with their environment in
any other way.

While this appears to be a gruesome condition there are possibilities to re-establish
communication in those cases. Brain-computer interfaces (BCI) provide a method
to circumvent the muscle system and to translate the user’s intention directly to an
external device.

A BCI can be defined as a ’communication system in which messages or com-
mands that an individual sends to the external world do not pass through the brain’s
normal output pathways of peripheral nerves and muscles’ (Wolpaw et al., 2002). In-
stead the changes of neuronal activity that are associated with different intentions are
measured directly from the cortex, they are analyzed and classified and consequently
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translated into control signals for a computer or messages for other people. For a
locked-in patient a BCI can be the key to the world.

1.1 Brain computer interfaces

BCIs are an intriguing technology: they attempt to read our minds and they promise
to provide the possibility to influence the world by thought alone. Our thoughts and
intentions are generated by the intricate interactions of billions of neurons, which con-
stantly exchange chemical and electrical signals. Hans Berger (Berger, 1929) was the
first to show that the electrical activity can be measured by electrodes on the skull.
He showed that these signals were changing depending on the cognitive state of the
participant.
While Berger’s findings were initially met with skepticism by other scientists, it be-
came clear that these signals provide a window into the workings of the human brain.
Since then an abundance of studies have examined the relation between cognitive pro-
cesses and the recorded signals. It has been shown many times that the measured
signals can be specific to a certain type of cognitive process and are reproducible for
large populations.

In his paper ’Toward direct brain-computer communication’ Vidal (1973) pro-
posed to use these recordings to control a computer. The idea was to record signals that
corresponded to different mental states, to discriminate the mental states based on the
differences in the recorded signal, and to control a computer by changing between the
mental states. However, he concluded his article ’that brain-computer communication
still lies somewhat in the future’.

[This] formidable task [elevating the computer to a genuine prosthetic
extension of the brain] ... will require considerable advances in neuro-
physiology (to identify appropriate correlates of mental states and deci-
sions in external signals), in signal analysis techniques (to sort and iden-
tify the relevant information carriers from the garbled and diffuse mixture
that reaches the scalp), and in computer science (to develop appropriate
software within the constraints introduced by the nature of brain mes-
sages). (Vidal, 1973)

Two decades later this future had arrived. It then became possible to recognize
and to differentiate cognitive states, which could be influenced by the participant, and
to extract this information sufficiently fast from the signal to allow real time control;
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it became feasible to build a BCI (Farwell and Donchin, 1988; Pfurtscheller et al.,
1993).

1.1.1 The many flavors of BCI

Since then the general elements of a BCI (signal recording, signal processing, signal
classification and computer control, see figure 1.1) have been implemented in a mul-
titude of ways. For recording brain activity basically all neuroimaging methods have
been used: electroencephalography (EEG) (Birbaumer, 2006; Kübler et al., 2005),
magnetoencephalography (MEG) (Mellinger et al., 2007; Kauhanen et al., 2006), elec-
trocorticography (ECoG) (Wang et al., 2013; Leuthardt et al., 2004; Vansteensel et al.,
2010), single-cell and multi-unit recordings (Hochberg et al., 2012; Collinger et al.,
2012; Guenther et al., 2009), as well as functional magnetic resonance imaging (fMRI)
(Andersson et al., 2012; Sorger et al., 2012; Ruiz et al., 2013) and functional near-
infrared spectroscopy (fNIRS) (Coyle et al., 2007).

For decoding and classifying the brain activity a multitude of machine learn-
ing approaches exist depending on the recording method used (Rezaei et al., 2006;
Kriegeskorte, 2011; Lotte et al., 2007; Bashashati et al., 2007).

Once the signal is decoded it can be used to control essentially every technical
device. For example BCIs have been developed for gaming (Hasan and Gan, 2012;
Coyle et al., 2011; Liao et al., 2011), for control of wheelchairs (Long et al., 2012;
Li et al., 2013; Huang et al., 2012), for controlling prostheses (Hochberg et al., 2012;
Collinger et al., 2012; Wang et al., 2013), for speech synthesis (Guenther et al., 2009),
for environmental control (Ayaz et al., 2011; Aloise et al., 2011), for navigation in vir-
tual realities (Lécuyer et al., 2008), and to a large extent for communication (Wolpaw
et al., 2002; Riccio et al., 2012; Birbaumer, 2006; Birbaumer and Cohen, 2007).

Depending on the intended use, different approaches can be useful. fMRI based
BCIs for example are obviously impractical for everyday use, while they can be help-
ful to determine the conscious level of a person and to provide rudimentary communi-
cation (Monti et al., 2010). EEG based BCIs can be used for recreational purposes or
for transient therapeutical treatments, e.g. in stroke rehabilitation (Daly and Wolpaw,
2008). However, they are less suited for permanent BCI usage scenarios, as the elec-
trodes have to be re-applied on a daily bases. BCI based on intracranial electrodes on
the other hand are suited for permanent usage, but the necessary implantation surgery
makes it primarily interesting for people with severe paralysis.
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1.1.2 BCI control

There are different approaches for BCI control, including the mu-motor rhythm (Mc-
Farland et al., 2005), the P300 component (Farwell and Donchin, 1988), slow cor-
tical potentials (Birbaumer and Cohen, 2007), steady-state visual evoked potentials
(SSVEP) (Müller-Putz et al., 2005), cognitive control (Vansteensel et al., 2010), vi-
sual attention (Andersson et al., 2011), and the tuning properties of individual neurons
in the motor cortex (Hochberg et al., 2012).

The different approaches can be divided into externally paced (externally trig-
gered) or internally paced (internally triggered, also called asynchronous BCI; del
R Millán and Mouriño (2003)) strategies. While the externally paced approaches rely
on some kind of stimulus, internally paced approaches allow the user to voluntarily
up- or down-regulate some mental activity.

BCIs based on external stimulation exploit the fact that the brain responds with
stereotypic reactions to certain types of stimuli. The P300 speller for example, works
on the principle of the oddball paradigm. The user has to attend to a matrix of flashing
letters. Whenever the letter he concentrates on is highlighted the brain automatically
elicits an event related potential (ERP, the P300) that can be measured by EEG. By
knowing when the P300 was present and by knowing which letter was presented at
that time it is possible to deduce the letter the participant attended to. P300 based
BCIs have proved to provide very fast communication, but they are also reported as
highly tiresome, and require the user to always attend to the screen.

Internally paced BCI on the other hand allow the user to generate a control signal
without external stimulation. The mu-motor rhythm as well as BCIs based on cogni-
tive control are an example for this. The advantage of this approach is that the user
can generate a control signal whenever he wants to.

1.1.3 Reading the brain

If everything we do or think originates in the intricate firing of billions of neurons
it should consequently be possible to extract everything we think from the firing of
neurons. The prerequisite for this would be to have access to the necessary information
(i.e. the firing rate of each neuron and how it is connected with other neurons) and
to be able to interpret this information. For both of these prerequisites it is highly
unlikely that this will be possible in the near future or possible at all.

Indeed, most of the currently available BCIs do not ’read’ the brain, but use clever
tricks instead. This is nicely exemplified by the approach chosen by Sorger et al.
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Figure 1.1: A brain computer interface measures the neuronal activity, learns to distinguish and to identify
different mental states, and translates the user’s intentions into a control signal of a computer. Adapted from
Wolpaw et al. (2002).

(2012). They conceived a design for an fMRI based BCI with which it is possible to
generate all the letters of the alphabet.

However, the letters were not decoded directly from the brain activity, but they
generated 27 distinguishable states according to the following scheme (see figure
1.2). They chose three mental tasks (e.g. motor imagery, mental calculation and inner
speech) which modulated the activity in three distinct brain regions. The user could
engage in each task for a short, medium or long period. Furthermore, they could start
engaging in the task at an early, medium an late time point. The combination of task,
onset time and duration provided 27 (3× 3× 3) distinct states. While this provides a
quite versatile BCI it does not ’read’ the intentions of the users. The mapping between
the letters and the mental task, onset and duration are completely arbitrary, and could
be easily replaced by any other set of mental activities.

Most EEG and fMRI based BCIs follow a comparable strategy. While these ap-
proaches are valid, as they solve the given problem, they can only be intermittent steps
to actually decoding the brain.
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Figure 1.2: Combining three mental tasks, three task onset delays, and three task durations allows for en-
coding 3 × 3 × 3 = 27 distinct information units. When assigning these 27 combinations to 26 letters and the
blank space, every character can be represented by a certain cognitive event leading to a unique dynamic brain
response pattern. In order to encode, e.g., the letter ’E’ a motor action has to be imagined, starting 10 s after the
general trial onset and lasting for 30 s. From Sorger et al. (2012).

A different approach is used for example by Hochberg et al. (2012). Instead of
letting the user learn to engage in different tasks for a specific outcome, they seek to
extract directly from the signal the users attempt’s to move. An algorithm learns the
relation between a neuronal pattern of motor neurons and an attempted movement.
After the training period the computer will cause a robot arm to execute that move-
ment when the neuronal pattern is recognized. So instead of letting the user learn
to regulate different brain regions, this approach tries to correctly translate the brain
states associated with the intention of the user.

Arguably, it would be easiest for the user if a BCI would be able to directly read
the user’s intentions, without the need to learn an arbitrary mapping between the men-
tal state that has to be generated and the resulting control signal. The quality of each
BCI will ultimately depend on our understanding of the brain. The better we under-
stand how the brain generates thoughts and behavior and how they are reflected in the
recorded signal, the better we can extract and interpret them.

1.1.4 The ideal BCI

The quality of a BCI depends on the information it can extract from the brain. In the
ideal case it would restore a function to such a degree that it can be performed with
the same speed, the same precision and the same effort with which healthy people can
do it.
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Today the most advanced systems, in respect to the level of precision and control,
are BCIs based on micro-needle electrode grids that penetrate into the upper layers of
the cortex. Hochberg et al. (2012) and Collinger et al. (2012) reported the successful
multidimensional control of a robotic arm using needle electrodes implanted in the
primary motor cortex in people with tetraplegia. Both studies show that a high degree
of control can be achieved using the neuronal activity of a small set of neurons in the
primary motor cortex. These approaches utilize the tuning properties of individual
neurons (Georgopoulos et al., 1986) and therefore allow for continuous control of a
robotic arm.

These systems are primarily designed to re-establish locomotion in people with
tetraplegia or loss of limbs. For completely locked-in people, incapable of any com-
munication, the re-establishment of communication has to be the primary goal. In the
ideal case a BCI would allow those people to participate in a conversation in the same
way a non-paralyzed person could. It has to provide independent, flexible, fast and
effortless communication. The paralyzed person should be able to use the BCI sys-
tem any time of the day without being dependent on any external assistance (e.g. for
switching the device on, or for positioning an EEG cap). It has to be flexible to give
him a high degree of freedom that allows the person to express everything he wants to.
It has to be fast enough to allow a communication speed that is sufficient to participate
in a normal conversation. It has to be effortless so that the person can use it intuitively
without excessive mental effort and without getting exhausted. The physical burden
and the risk of using the system should be in relation to the potential gain the user has
from using the system. Finally, the system has to be affordable and useable in a home
environment.

To date, this ideal has not been achieved yet. None of the currently available
systems meet these requirements. The EEG based BCI systems are hampered by their
low spatial resolution of EEG, the long training period that is required, and the rather
limited and variable control that can be achieved (Mak et al., 2011). MEG and fMRI
based systems are not practical for at home use on a daily basis for obvious reasons.
The systems that are based on implantable electrodes can currently only be considered
as proof of principle. They only work reliably in a lab situation.

An ideal BCI might never be achieved. However, it clearly highlights what the
relevant aspects in developing a BCI are. Especially the usability aspect and the at
home usage should gain more attention in future research.

We argue that a fully implantable BCI based on surface electrodes is the best ap-
proach to meet those criteria. In Utrecht we, therefore, pursue the development of an
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ECoG based implantable system that provides very robust control. The primary goal is
to provide the user with a simple and reliable switch. A simple switch allows control-
ling a multitude of assistive technology devices and would allow slow but elaborate
communication. For a completely locked-in person with no communication ability
such a switch would re-establish communication and would have a major impact on
the quality of life.

1.2 Measuring brain activity

The human brain consists of approximately 120 billion neurons (Herculano-Houzel,
2008). The interactions of those neurons are the basis of our cognitive abilities. Every
voluntary act, every intention and every movement relies on the interactions of those
neurons. Several brain imaging techniques allow to measure the electrical, chemi-
cal and metabolic processes which reflect, more or less directly, the neuronal activity
(Kenemans and Ramsey, 2013) and thereby make it possible to study cognitive pro-
cesses that are associated with the changes in neuronal activity.

1.2.1 Electrocorticography (ECoG)

Neurons communicate via action potentials. These action potentials are electrochemi-
cal signals that are generated by the flow of ions through the membrane of the neuron.
During rest the neuron generates a gradient between the intracellular and the extracel-
lular space. When an action potential is elicited this gradient quickly reverses. This
flow of current generates an electrical potential that can be recorded to extract infor-
mation from the nervous system. It is possible to record the activity of single neurons
or groups of neurons. The electrical potentials generated by neuronal activity can be
measured from the scalp using EEG, from the cortical surface using subdural grid
electrodes (ECoG) and by small-sized electrodes penetrating into the brain using mi-
cro or depth electrodes (Buzsaki and Wang, 2012). The spatial resolution with which
the neuronal activity can be measured depends on the location of the electrodes and
the amount of tissue and fluid that lies between the electrode and the neural population
(Slutzky et al., 2010).

Electrodes on the scalp integrate postsynaptic potentials over large populations of
neurons, with little spatial specificity. The skull serves as spatial filter which makes
it difficult to record higher frequencies (> 50Hz). Needle electrodes on the other
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hand, penetrate the cortex and measure local field potentials or the axonal output of
individual neurons (Buzsaki and Wang, 2012).

ECoG measures on a scale between the two extremes of needle electrodes and
EEG. ECoG electrodes are placed directly on the cortical surface close to the neuronal
generators and thereby provide a much better spatial resolution. In comparison to
EEG recordings ECoG is considered to have an overall much better signal quality
and a higher temporal bandwidth (Slutzky et al., 2010). Furthermore, ECoG is less
susceptible to the artifacts the EEG has to deal with (e.g. muscular activity).

ECoG is used for diagnostic purposes for people with severe, medically intractable
epilepsy (Wennberg et al., 1998). The electrodes on a standard ECoG grid, as used
in the clinic, are spaced 1cm apart. Two neighboring electrodes are generally located
on different gyri. This electrode spacing is sufficient for the diagnostic purposes but
samples the cortex at a relatively coarse level that is too wide to study the fine-grained
neuronal representations of the cortical surface. However, it can be expected that much
more information can be extracted from the cortical surface by using high-density
electrode grids. In the literature it is suggested that the minimal spacing of subdural
electrodes lies between 1.25mm (Freeman et al., 2000) and 1.8mm (Slutzky et al.,
2010).

In few exceptional cases patients are implanted with high-density electrodes. Within
the last three years there have been a small number of patients with such grids in the
University Medical Center Utrecht, and we had the opportunity to perform experi-
ments with the help of these patients. The electrodes had a spacing of 3mm and an
exposed surface of 1.3mm (compared to 2.3mm for the standard clinical grids). In
comparison to a standard clinical grid, these grids provide more than seven times more
electrodes on a given patch of cortex. The electrodes in our work are well above the
minimal distance suggested by Freeman and Slutzky and we therefore can assume
that the electrodes register distinct neuronal activation while we avoid oversampling
(Slutzky et al., 2010).

1.2.2 Functional magnetic resonance imaging

All neuronal activity requires energy in form of oxygen and glucose. The necessary
constant supply is provided by the blood stream. The oxygen in the blood is trans-
ported by hemoglobin molecules in the red blood cells. When the oxygen is extracted
from the blood the oxygenated hemoglobin changes into deoxygenated hemoglobin
and thereby changes its magnetic properties. These changes in the magnetic proper-
ties together with changes in the blood flow and the blood volume form the basis of
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the blood oxygen level dependent (BOLD) signal change. Functional magnetic reso-
nance imaging (fMRI) allows to visualization the changes in the BOLD signal, which
are caused by changes in neuronal activity (Heeger and Ress, 2002).

The BOLD signal that is measured by fMRI is only an indirect measure of the
neuronal activity and the relation between the BOLD signal and the neuronal activity
is not understood completely. And while the changes in neuronal activity happen in
the range of milliseconds the measurable changes in cerebral blood flow are in the
order of magnitude of several seconds. The temporal resolution that can be achieved
with fMRI is therefore much lower than direct electrophysiological recordings.

The advantages are, however, that it is possible to measure, almost simultaneously,
from the entire brain at a very high spatial resolution (∼ 1mm). fMRI also provides
access to deeper cortical structures that cannot be reached with EEG or ECoG (e.g.
thalamus and deeper parts of the neocortex). Compared to ECoG fMRI is a non-
invasive technique. It therefore provides an easier way to study the brain, both in
patients as well as in healthy volunteers. It is easier to acquire more data and to
acquire results that are generalizable to the larger population.

The high-field strength of 7 Tesla as used in the studies that are described in this
thesis has a number of advantages in comparison to 3T (van der Zwaag et al., 2009;
Beisteiner et al., 2011; Siero et al., 2011; Formisano and Kriegeskorte, 2012): The
increased signal-to-noise ratio (SNR) and the activation contrast overcome limitations
of 3T in terms of attainable resolution while preserving enough SNR to decode sin-
gle events (Andersson et al., 2013). Furthermore, 7T has a higher spatial specificity
due to a smaller contribution of draining veins (van der Zwaag et al., 2009). These
advantages, however, come at the cost of a larger susceptibility for artifacts and field
inhomogeneities (Formisano and Kriegeskorte, 2012).

1.3 Study population

The main aim of this thesis was to study the topographic representation of the primary
sensorimotor cortex and its suitability to control a BCI. The target group for such
a BCI is people with severe paralysis. Whether a BCI can be successful over an
extended period of time can eventually only be tested in a paralyzed patient with
subdural electrodes. However, it is ethically and logistically very difficult to perform
experiments with these patients. Before this group can be approached it is necessary
to acquire a good understanding of the neuronal processes and how they can be used
to control a BCI. An implantation is only justifiable with a high confidence that the
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used approach will work and that the benefits for the patient outweigh the risks. As a
consequence it is necessary to find alternative research approaches.

1.3.1 People with epilepsy with subdural grid electrodes

The first alternative is to use ECoG recording. Obviously it is only possible to mea-
sure from the cortical surface in humans in exceptional cases. This can either be done
intra-operatively during brain surgeries, or extra-operatively, as it is done for diagnos-
tic purposes in people with severe epilepsy (Wennberg et al., 1998). In those cases the
electrodes are implanted subdurally for a week to localize the seizure onset zone and
to delineate functional areas (e.g. language areas) that should be spared by a subse-
quent resection. This procedure provides, beside the medical value for the patient, a
unparalleled opportunity to measure cognitive processes over an extended area with a
high spatial and temporal resolution in humans.

Recordings from the subdural electrodes in this patient population comes closest
to what can be measured in paralyzed patients with implanted electrodes. The disad-
vantage of this population is that experiments with people with epilepsy are difficult
to conduct. The grids are implanted for clinical considerations, and it is clear that
the brains of these patients do not represent ’normal’ brains. The number of patients
and the time with each patient is limited making it difficult to acquire large sets of
data. Furthermore, the cortex is generally rather sparsely sampled with considerable
variation in the location of the grids. Generalizable results are therefore difficult to
obtain.

1.3.2 fMRI in healthy volunteers

The second research alternative is to use fMRI. Despite the fact that fMRI and ECoG
record fundamentally different aspects of activity of larger populations of neurons
there is some correspondence between the two methods. Lachaux et al. (2007) have
shown that fMRI correlates well with ECoG in terms of localizing neural activity, and
the magnitude of recorded activation (see also Hermes et al. (2012), and Ojemann et al.
(2013) for a recent review on the topic). Therefore, fMRI findings of neural represen-
tation of brain functions have predictive value for the neuronal activity as measured
by ECoG grids. As both methods record from ensembles of neurons of comparable
size, fMRI can be used to identify candidate functions and associated regions. These
regions can consequently be accessed with surface electrodes. fMRI and ECoG can
mutually inform each other to gain a better understanding of the neuronal processes.
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As mentioned before the advantages of fMRI are that it is non-invasive and that it
allows to study larger populations of people.

1.4 Decoding the acts of language production

In this thesis we study the representation of acts of language production on the sen-
sorimotor cortex. Every act of communication regardless of whether it is in spoken,
signed, or written form requires muscle activity. A network of different brain regions,
comprised of cortical areas, the basal ganglia and the cerebellum controls the move-
ment of the voluntary muscles. The primary motor cortex is one of the areas that are
most involved in controlling voluntary movements. It is topographically represented
and different parts of the motor cortex mediate for example leg, arm and face move-
ments (Penfield and Boldrey, 1937). It appears as if the entire body is orderly repre-
sented along the motor cortex, often depicted by Penfield’s well known homunculus
(figure 1.3). This makes it easy to differentiate between the movements of different
body parts based on neuronal activity; for example changes in activity as measured by
an electrode over the ’face area’ are easily associable with face movements.

On these grounds the activity of the sensorimotor cortex has been of major interest
for EEG based BCI control (Pfurtscheller et al., 1993; Wolpaw et al., 2002). Changes
in event related synchronization and desynchonisation as measured by electrodes over
the motor cortex can be used to differentiate between executed as well as imagined
movements of different body parts (e.g. hands, tongue and feet) on a single trial bases
(Naeem et al., 2006). This provides a mechanism for mental computer control and has
been used successfully by people with paralysis (López-Larraz et al., 2011).

Penfield’s homunculus ’cartoon’ (Schott, 1993) suggests that it should also be pos-
sible to discriminate more complex movements, as they are necessary for example
for pronouncing phonemes or for making hand gestures, by exploiting the more fine
grained topographic organization.

If it were possible to decode individual complex movement for BCI control it
would provide interesting new control strategies. For example decoding different acts
of language production from the sensorimotor cortex could then provide a ’cortical
alphabet’, directly translating the neuronal patterns associated with those movements
into letters on a screen or for control of a speech synthesizer (Guenther et al., 2009).

However, the representation of different body parts is not as ordered and straight
forward as the illustration suggests. Penfield and Rasmussen (1950) added a note of
caution to their homunculus:



14 Chapter 1

Figure 1.3: The motor and sensory homunculus. From Schott (1993).

A figurine of this sort cannot give an accurate indication of the spe-
cific joints in which movement takes place, for in most cases movement
appears at more than one joint simultaneously. [. . . ] The motor homuncu-
lus may be used as an aid to memory in regard to movement sequence and
the relative extent of cortex in which such movement finds representation.
It is a cartoon of representation in which scientific accuracy is impossible.

It is for example argued that within-limb representation is much more integrated, over-
lapping and less distinct (Schieber, 2001). These finer spatial differences are difficult
or impossible to be picked up by EEG due to its poor spatial resolution and the low
signal-to-noise ratio. It is therefore necessary to study within-limb movements with
high-resolution methods.

1.5 Synopsis

The main hypothesis behind the research in this thesis is that sufficient information can
be obtained for the purpose of BCI for severely paralyzed people, from small patches
of sensorimotor cortex. The fine-grained topographical organization hypothesized in
this thesis dictates the use of high-density electrode grids, if the results were to find
their way into actual BCI applications.
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We used the neural activation patterns associated with actual movements as a proxy
or potential predictor for activity associated with attempted movements. The results
form the basis for future studies into the similarity of those representations in para-
lyzed people. It is crucial to verify these results in people who can only attempt, but
not actually move their limbs and facial muscles.

In this thesis we first addressed a potential confound for high-density grids, namely
blood vessels which can be avoided when placing standard low density grids, but not
with high-density grids. Next, we addressed the topographical representation of ges-
tures and articulations in healthy volunteers using high-field fMRI that has been shown
to map tightly onto neuronal activation (Siero et al., 2013b,a). In several patients with
implanted electrode grids, we further investigated feasibility of decoding gestures di-
rectly from cortical recordings.

ECoG signals are recorded from electrodes that make direct contact with the cortical
surface. Compared to EEG, which is recorded from the scalp, the signal-to-noise ra-
tio of ECoG is much better, as the electrodes are closer to the source of the neuronal
signal and as there is less tissue between the electrodes and the neurons. However,
the cortical surface is not a uniform surface but a folded sheet that is covered with
blood vessels of different sizes. The ECoG electrodes therefore differ in the kind of
contact they have with the underlying tissue and the distance between electrode and
cortical surface. In chapter 2 we examine the effects of blood vessels on the ECoG
signal. This is relevant for understanding the effects of (unavoidable) blood vessels
lining the cortical surface, on the ECoG signal obtained with grid electrodes. Results
could impact upon how grids are to be positioned for BCI applications in the future.

In chapter 3 we study the representation of complex hand movements as they are used
in finger spelling in sign languages. Deaf people use finger spelling to spell words or
names for which no sign equivalent is present. With different hand gestures the entire
alphabet can be represented. In this study we aim to make use of the fact that fingers
and hands are extensively represented on the sensorimotor cortex. Based on these
topographic representations it should be possible to differentiate those gestures on a
single trial basis. If it were possible to discriminate several different gestures based
on their activity on a confined area of the sensorimotor cortex it would provide an in-
teresting control strategy for BCI. In this high-field fMRI with healthy volunteers we
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studied the general representation of hand gestures and their discriminability based on
their BOLD activity pattern.

In Chapter 4 we extend the results of chapter 3. In five people with implanted subdu-
ral grid electrodes (ECoG) we studied the neural representation of hand gestures over
the hand knob area, a confined region on the sensorimotor cortex (spanning 2 × 2)
where finger movements are represented. The hand knob area is comparably small
and the representations of the individual fingers are known to be overlapping and
mixed (Sanes et al., 1995; Schieber, 2001). It is difficult to study the detailed hand
representation with standard clinical ECoG grids as these grids have an inter-electrode
distance of one centimeter, and consequently only two to three electrodes are located
over the area of interest. In this study we used high-density macro electrode grids
(Siero et al., 2013b), which can sample the same area with a much higher spatial res-
olution. This allows us to study the more fine-grained topographic representations on
the hand knob area as part of the sensorimotor cortex.

While hand gestures could provide a very versatile control signal for BCI they might
still require extensive training for the users as only few people know sign language.
An even better control strategy would be to decode the neuronal activity that generates
speech. If it were possible to decode the acts of speech production it would be easy
for a user to use this as a control strategy to communicate. Spoken language consists
of a concatenation of words, which by themselves are a concatenation of individual
phonemes. The utterance of these phonemes requires the coordinated movement of
different articulators: tongue, lips, jaw and larynx.

In chapter 5 we studied the representation of articulator movements on the sensorimo-
tor cortex. Healthy volunteers performed four different types of articulator movement
inside the 7T scanner. Using a pattern-correlation classifier we tested in how far the
movement could be differentiated based on the single trial BOLD response. This study
provides insight in the representations of the movements and their stability over time.

Chapter 6 gives a summary of the thesis and provides an outlook of ideas for future
work.
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Abstract

Electrocorticography (ECoG), primarily used in a clinical context, becomes increasingly important for fun-

damental neuroscientific research, as well as for brain computer interfaces. Recordings from these im-

planted electrodes have a number of advantages over non invasive recordings in terms of band width,

spatial resolution, smaller vulnerability to artifacts and overall signal quality. However, an unresolved issue

is, that signals vary greatly across electrodes. Here we examine the effect of blood vessels lying between

electrode and cortex on signals recorded from subdural grid electrodes. Blood vessels of different sizes

cover extensive parts of the cortex causing variations in the electrode cortex connection across grids.

The power spectral density of electrodes located on the cortex and electrodes located on blood vessels

obtained from eight epilepsy patients is compared. We find that blood vessels affect the power spectral

density of the recorded signal in a frequency band specific way, in that frequencies between 30 and 70 Hz

are attenuated the most. Here the signal is attenuated on average by 30− 40% compared to electrodes

directly on the cortex. For lower frequencies this attenuation effect is less pronounced. We conclude that

blood vessels influence signal properties in a non-uniform manner.
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2.1 Introduction

The implantation of subdural grid electrodes is a standard procedure in many epilepsy
centers. Based on electrocorticography (ECoG) and electrocortical stimulation the
epileptic focus is localized and functionally relevant regions which have to be spared
from resection are identified (Blount et al., 2008). In recent years task related ECoG
activity instead of electrocortical stimulation is increasingly used for function local-
ization in a clinical context (Crone et al., 2006; Brunner et al., 2009). Due to its good
signal to noise ratio, high spatial resolution and broad physiological coverage ECoG
proves to be an interesting method for fundamental neuroscience too, which allows
to approach questions that are difficult to be answered using EEG, MEG or fMRI
(Sahin et al., 2009). Additionally there is an increasing interest in invasive recordings
for brain computer interfaces (Vansteensel et al., 2010; Leuthardt et al., 2004; Schalk
et al., 2008; Wilson et al., 2006). While the limitations of EEG, MEG and fMRI are
well known, little is known about the limiting factors in ECoG. Only recently eye
blink artifacts have been investigated for ECoG recordings (Ball et al., 2009).

Subdural ECoG electrodes in principle make direct contact with the cortical sur-
face. The cortex, however, is not a uniform surface, but a folded sheet covered with
blood vessels (veins and arteries) of different sizes. The diameter of some of these
vessels exceeds the electrode diameter and thereby prohibits a direct contact between
electrode and cortex. There has been anecdotal reports from several ECoG researchers
that blood vessels cause changes in signal properties but this effect has not been stud-
ied in detail. Miller et al. (2009) characterized the spectral properties of ECoG signals
and report that the total power varies greatly between electrodes. They suggest that the
proximity to blood vessels and/or variations in the quality of electrode-pia-cortex con-
tact may cause this effect. In that study all electrodes on blood vessel were excluded
from further analysis altogether.

In this study we assess the contribution of blood vessels on the ECoG signal. There
are a number of scenarios in which changes in the signal properties may be problem-
atic. Conceptually, blood vessels between electrode and cortical tissue can have two
different effects: either blood vessels could affect the overall signal amplitude, or
blood vessels could affect the spectral properties of the signal, filtering or introducing
specific frequencies. An overall attenuation of the signal could be problematic if the
absolute amplitude or the absolute amplitude difference between conditions (baseline
and task) is diminished such that it comes close to the noise floor of the recording
hardware (e.g. for an implantable brain computer interface). Non-uniform effects on
the power spectral density are potentially problematic whenever the spectral proper-
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ties are investigated (see Miller et al. 2009) or when different electrodes are compared
directly to each other, for instance when investigating region specific power spectra.

2.2 Method

2.2.1 Material

Multi-channel subdural ECoG data was recorded from eight patients undergoing neu-
rosurgery for epilepsy. Data acquisition was approved by the medical ethical board
of the University Hospital Utrecht (UMCU) in accordance with the declaration of
Helsinki (2008). All patients signed informed consent beforehand. Grid-electrodes
were implanted (between 120 and 136 contact points per patient, 2.3 mm exposed di-
ameter, inter electrode distance 1 cm center to center; Ad-Tech, Racine, USA) for one
week. Signals were recorded continuously using a 128-channel Micromed (Treviso,
Italy) system (22 bits, band pass filter 0.15-134.4Hz) at a sampling frequency of 512
Hz. The electrodes were placed at the surface of the lateral frontal, temporal and pari-
etal cortical areas. The data was collected during a resting task at day one or two after
electrode implantation. The patients had to look at a blue circle on a computer screen
for three minutes and were instructed to relax. Stimulus presentation was performed
with BCI2000 (Schalk et al., 2004).

Two independent observers grouped the electrodes into three categories based on
intra-operative photos of the craniotomy after the grids were fixed to their final po-
sition: electrodes entirely or partly on blood vessels, electrodes directly on cortical
tissue, and electrodes for which it was not possible to make a clear distinction (e.g.
due to reflections on the grid caused by of the flash of the camera). No distinction
was made between arteries and veins. Electrodes not visible on the photo could not
be rated and hence were excluded from the analysis. Electrodes were then assigned
to the three categories by combining the results of the two observers. To control for
electrode movements after closing of the skull we compared the implantation pho-
tos to the explantation photos (where available). The explantation photos confirmed
the location of the electrodes. On average 44 (±7) electrodes were rated per patient,
20.7%(±9%) were on blood vessels, 30.6%(±6%) were on cortex (see figure 2.1)
and 48.6%(±10%) were excluded as they were either impossible to rate or the ob-
servers disagreed. For each patient the position of the electrodes was identified on a
post-implant CT, which was coregistered to a preoperative MRI (Hermes et al., 2010).
The combined image was then normalized to MNI space using unified segmentation
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(Ashburner and Friston, 2005). For each electrode it was determined on which corti-
cal region it was located using normalized electrode positions of each individual and
predefined masks for parietal, frontal, temporal and occipital cortex (WFU Pick Atlas
integrated in SPM5).

2.2.2 Data Analysis

For each patient all electrodes were re-referenced to a common average reference com-
posed of all implanted subdural electrodes. Electrodes showing epileptic activity and
electrodes located on pathological tissue (e.g. brain tumor) were excluded from the
re-referencing and from all further processing steps. To reduce the interference of the
power line the signal was bandstop filtered for 50Hz and 100Hz. For each electrode
the time series were epoched into 180 segments of 1 second each and Fourier trans-
formed (using a hanning taper). The average over these Fourier transformed segments
resulted in the power spectral density (PSD). The mean power spectrum for electrodes
on vessels and for electrodes on cortex was computed first for each patient individually
and was then averaged over patients. The mean power in 6 frequency bands (0-4Hz, 5-
8Hz, 9-12Hz, 13-30Hz, 31-70Hz, 71-115Hz) was computed for all electrodes. Based
on the PSD two analyses were performed: a repeated measures analysis of variance
(ANOVA) and a direct comparison of the PSD by computing the gain.

The ANOVA was applied with the factors electrode-tissue interface (on vessel/on
cortex) and frequency band (6 bands). To quantify the effect that blood vessels poten-
tially have on the signal power we computed the gain G(f) (Torres Valderrama et al.,
2010) between the two electrode groups as follows:

Ĝ(f) =
P̂ves(f)

P̂cor(f)
(2.1)

where P̂ves(f) and P̂cor(f) are estimates of the power spectral density of blood
vessel and cortex recordings, respectively. Like the mean power spectrum the gain
was first computed per patient and then averaged over patients. This assures that
only electrodes in the same region were compared. Since the PSD differs across both
subjects and brain regions, and as grid coverage varied across patients we additionally
performed a random permutation test for the gain per cortical region. To compute a
sample distribution the gain was computed as described above but the electrodes were
iteratively, randomly (100000 permutations) assigned to two groups while keeping the
number of elements in each group the same as in the original groups. For all analyses
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we used in-house Matlab (7.9.0, R2009b) code and the open source Matlab toolbox
Fieldtrip (http://www.ru.nl/fcdonders/fieldtrip/).

2.3 Results

In total 66 electrodes were entirely or partly located on blood vessels and 103 elec-
trodes on the cortex. Both groups were equally distributed over the cortex (Fig. 2.1
b).

Further, we differentiated between frontal, parietal and temporal electrodes. 90
electrodes were located on the frontal lobe, 53 on the parietal lobe, 26 on the temporal
lobe (none of the electrodes were located on the occipital lobe).

A

B

Figure 2.1: a) Intra operative photos before and after electrode placement. For example: electrode 8 is clearly
located on top of a blood vessel while electrode 37 is not. b) Topographic plot showing the electrode location of all
electrodes of all patients, plotted on an averaged brain (left and right hemisphere). Indicated by green circles are
electrodes directly on cortical tissue. Indicated by red diamonds are electrodes located entirely or partly on blood
vessels.

The PSD varied considerably within and across subjects for the entire frequency
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spectrum (Fig. 2.2 a). The variation was comparable over all frequency bands (Fig.
2.2 b).
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Figure 2.2: a) Power spectral density for all included electrodes. There are large variations between electrodes
for all frequencies. b) Inter electrode variation per frequency band, normalized per band by mean power of all
electrodes.

The ANOVA showed that the main effect of electrode-tissue interface on mean
PSD did not quite reach significance(F (1, 35) = 4.9, p = 0.061). There was a
significant main effect of band on mean PSD (F (5, 35) = 24.83, p < 0.01). This
was expected as the PSD in the lower frequencies is always higher than in the higher
frequencies. Most relevant here is the interaction of electrode-tissue interface and
band which was highly significant (F (5, 35) = 4.72, p < 0.01). The post hoc paired
t-tests for the six frequency bands revealed differences between the bands. The low
frequency bands did not reach significance (0 − 4Hz: t(7) = −2.29, p = 0.055;
5 − 8Hz: t(7) = −0.66, p = 0.52) while the higher frequency bands showed a
significant effect (9−12Hz: t(7) = −2.25, p < 0.05; 13−30Hz: t(7) = −3.36,p <

0.01; 31−70Hz: t(7) = −8.05, p < 0.001; 71−115Hz: t(7) = −6.97, p < 0.001).
We can summarize, that blood vessels significantly attenuate the power of the recorded
signal but do so non-uniformly for different frequency bands.

To asses the magnitude of the effect of vessels on PSD, all PSDs were averaged for
the two categories (Fig. 2.3 a). The resulting spectra clearly diverge for frequencies
above 30Hz. Indeed, the higher frequencies are attenuated most strongly by blood
vessels, as reflected by the gain (Fig. 2.3 b), whereas for frequencies between 5 and
15Hz there appeared to be hardly any attenuation. Computation of the average gain per
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Figure 2.3: a) Mean power spectrum of electrodes on vessels and on cortex. (b) Gain of blood vessels
estimated from recordings of electrodes on blood vessels and electrodes on cortex, with standard error of the
mean (dashed line). Inset: gain for individual frequency bands with standard error of the mean.

frequency band (Fig. 2.3 b, inset) revealed a gain of 0.62(±0.02) and 0.66(±0.04) for
the 31−70Hz and 71−115Hz, respectively, indicating an average power attenuation
of 30 − 40%. The same attenuation was found for the individual lobes. The random
permutation test showed that the attenuation was significant for the 31 − 70Hz band
for the frontal (p < 0.001), parietal (p < 0.001) and temporal (p < 0.05) lobe.

For the frequencies below 30Hz, the gain varies between 0.79(±0.06) and 0.90(±0.08)

indicating a power attenuation of 10 to 20%, with a higher inter subject variability. We
conclude that blood vessels do have an influence on the signal properties. This effect
is not monotonous but differs over frequencies.

2.4 Discussion

We have studied the effect of blood vessels in ECoG recordings and observed that
blood vessels between electrodes and the surface of the cortex cause a clear attenuation
of the recorded signal. This effect is strongest for frequencies above 30Hz where we
observed an average signal attenuation of 30 − 40% compared to electrodes directly
contacting the pia. This effect is independent of the cortical region. For frequencies
below 30Hz this effect is less pronounced and varies stronger between patients. For
frequencies above 70Hz the gain appears to increase again.
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Several factors potentially contribute to the observed effects. For one, blood ves-
sels increase the distance between electrode and signal source. The intensity of a
measured signal varies inversely with the distance, in case of a dipole the signal de-
creases with 1/r2. In addition, the tissue itself (blood vessels) can have an effect on
the measured signal, for instance by filtering specific frequencies, acting as a bandpass
filter. Given that the measurements take place in a CSF-rich medium, all electrodes
are directly connected to the grey matter through CSF. Even with larger blood vessels
current will easily pass around. The increase in distance and the lower conductivity
of blood vessel and blood compared to the cerebrospinal fluid (Gabriel et al., 2009)
create a virtually larger electrode which is sampling from a larger area. Hence, we
argue that the observed effect is mainly due to a change in the area from which the
electrode is effectively sampling. Integrating the signals over a larger area would af-
fect high frequency oscillations more than low frequency oscillations as the former are
spatially more localized (e.g Crone et al. 1998). The differences between frequency
bands could then be ascribed to differences in the spatial extent of the signal source.
Miller et al. (2009) suggest that the signal recorded with ECoG consist of a ‘prevalent
"synchronous rhythm based"’ component and a ’non-oscillatory "asynchronos"’ com-
ponent. The asynchronous component of the signal should be less affected when the
signal is integrated over larger areas. This might explain the slight gain increase for
the frequencies above 70Hz.

Our results are generally in agreement with the findings of Torres Valderrama
et al. (2010) who found a signal attenuation of 90% for epidural recordings compared
to subdural recordings for the entire frequency spectrum. This larger effect can be as-
cribed to the larger distance and the properties of tissue between electrodes and cortex.
Furthermore, in that study the epidural and the subdural recordings were performed at
the same location, therefore, one can assume that the underlying physiological activity
for subdural and epidural recordings was equal.

Since the data used in our study were not explicitly collected for this purpose,
we could not control for a number of factors. First, for the patients from whom we
recorded no angiograms were available, hence we relied entirely on the intra-operative
photos. Movement of the electrodes after the closing of the skull may have occurred
in the patient without explantation photo. It should be noted that we did not encounter
notable electrode movements in an earlier study (Hermes et al., 2010). Second, we
have not differentiated between arteries and veins, but the majority of electrodes in
the present study was located on veins. It is conceivable that arteries actively con-
tribute to the recorded signal in the low frequencies by pulsation and smooth muscle
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activity in the vessel walls and that the properties of the recorded signals differ be-
tween electrodes on veins and arteries. Third, the diameter of the blood vessels was
not taken into consideration. It is likely that larger blood vessels have a stronger effect
on the signal, as the electrodes are further away from the cortex and more tissue lies
between cortex and electrode. Fourth, blood vessels are often, but not always located
on sulci. The effects found here might partly be due to the orientation of the cortex in
respect to the electrode. Finally, based on our data we cannot exclude that other signal
properties (i.e. the phase of the signal) are affected by blood vessels.

The findings described here are of general importance for research using intracra-
nial recordings. Differences in signal power between neighboring electrodes do not
have to be due to brain activity but can be due to differences in the electrode-tissue
interface. This has to be taken into consideration when the absolute signal power is
of relevance and whenever electrodes are compared to each other directly. The effect
of blood vessels should also be considered when ECoG signals are compared to other
measures such as fMRI activity, MEG or spikes. Additionally, blood vessels of dif-
ferent sizes are present throughout the cortex. It is therefore conceivable that they not
only have an effect on ECoG recordings but also on single cell recordings, multi-unit
recordings, local field potentials and micro-ECoG. With a trend towards a decrease in
electrode size the relevance of blood vessels to the recorded signals is likely to further
increase. For the detection of neural events for the use in brain computer interfaces the
vessel effect is not too serious. Our group has shown previously that despite a signal
attenuation of 90% the classification accuracy was hardly affected (Torres Valderrama
et al., 2010). However, with the attenuation combined (of dura and blood vessel) the
issue of the noise floor of the amplifier may become a problem.
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Abstract

Decoding movements from the human cortex has been a topic of great interest for controlling an artificial

limb in non-human primates and severely paralyzed people. Here we investigate feasibility of decoding

gestures from the sensorimotor cortex in humans, using 7 T fMRI. Twelve healthy volunteers performed

four hand gestures from the American Sign Language Alphabet. These gestures were performed in a

rapid event related design used to establish the classifier and a slow event-related design, used to test the

classifier. Single trial patterns were classified using a pattern-correlation classifier. The four hand gestures

could be classified with an average accuracy of 63% (range 35 − 95%), which was significantly above

chance (25%). The hand region was, as expected, the most active region, and the optimal volume for

classification was on average about 200 voxels, although this varied considerably across individuals. Im-

portantly, classification accuracy correlated significantly with consistency of gesture execution. The results

of our study demonstrate that decoding gestures from the hand region of the sensorimotor cortex using 7

T fMRI can reach very high accuracy, provided that gestures are executed in a consistent manner. Our re-

sults further indicate that the neuronal representation of hand gestures is robust and highly reproducible.

Given that the most active foci were located in the hand region, and that 7 T fMRI has been shown to

agree with electrocorticography, our results suggest that this confined region could serve to decode sign

language gestures for intracranial brain-computer interfacing using surface grids.
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3.1 Introduction

A brain computer interface (BCI) enables humans to interact with their surroundings
by using control signals directly generated from brain activity without the involvement
of peripheral nerves and muscles (Donoghue, 2002). BCIs promise to provide severely
paralyzed people with more autonomy by re-establishing or facilitating independent
communication and interaction with external devices and other people.

Recently, significant advances in this direction have been made with multiple
single-unit recordings in primates and in humans; two labs have now reported 3D
control of a robotic arm by people with quadriplegia based on intra-cortical needle
arrays (which cover one or two 4 by 4mm patches of neocortex) in primary motor
cortex (Donoghue, 2002; Hochberg et al., 2012; Collinger et al., 2012). This approach
utilizes the tuning properties of individual neurons (Georgopoulos et al., 1986) and
therefore allows for continuous control of a robotic arm.

Alternatively, signals from larger neuronal populations that exhibit similar func-
tions can also be used as a basis for intracranial BCI. These signals from neuronal
ensembles can be recorded using electrode grids implanted on the cortical surface. An
important advantage of this technique, called electrocorticography, or ’ECoG’, is that
there is no need to penetrate the cortex. ECoG is frequently used with epilepsy patients
for seizure localization (Wennberg et al., 1998). Several studies have already shown
as a proof of concept that ECoG recordings can be used for BCI control (Leuthardt
et al., 2004; Wang et al., 2013; Vansteensel et al., 2010).

We have previously shown that ECoG recordings correlate well with fMRI mea-
surements in terms of localizing neural activity, and of magnitude of recorded activa-
tion (Vansteensel et al., 2010; Hermes et al., 2012b) (see Ojemann et al. (2013) for
a recent review on the topic). As both methods record from ensembles of neurons
of comparable size, fMRI findings have predictive value for the neuronal activity as
measured by ECoG grids. Therefor, fMRI can be used to identify candidate functions
and associated regions. The close correspondence between the two techniques allows
using fMRI for pre-implantation BCI training and for finding the optimal electrode
location for an individual patient.

Decoding patterns of activity instead of single cell activity would provide a means
to classify multiple categories rather than providing continuous signals for robot arm
control. If multiple patterns can be distinguished from each other, one could con-
ceive of a BCI system where these patterns are converted to instructions for computer
programs, or perhaps to characters of the alphabet.

A logical set of movements to use for such a communication BCI system would
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be the gestures used in the sign language for deaf people. In a formalized system such
as finger spelling, as it is used in sign languages, every letter of the alphabet is rep-
resented by a unique hand gesture. If it were possible to decode these hand gestures
based on their neuronal activity it could provide an intuitive and versatile BCI sys-
tem. The obvious region to record neuronal activity from hand gestures would be the
hand region of the sensorimotor cortex. Using the sensorimotor cortex as a target for
BCI control has several advantages: First, often the cause of severe paralysis, such as
brain stem lesions (e.g. due to stroke) or high spinal cord lesions (e.g. due to trauma),
leaves the sensorimotor cortex unaffected. Secondary effects of paralysis may affect
the sensorimotor cortex after extended periods of paralysis (Yanagisawa et al., 2012;
Jurkiewicz et al., 2010), but recent studies have shown successful engagement of mo-
tor cortex in human intracranial BCI even after many years of paralysis (Hochberg
et al., 2012; Collinger et al., 2012; Wang et al., 2013). Thus, the sensorimotor cortex
can be used for BCI control with minimal risk of interfering with other brain processes.
Second, it has been shown that the motor cortex can show activity during attempted
movements in quadriplegic patients (Hotz-Boendermaker et al., 2008; Collinger et al.,
2012; Wang et al., 2013; Hochberg et al., 2012). Thus, it can be expected that people
with paralysis can still activate or re-learn to activate the motor cortex.

Previous fMRI studies have revealed detailed patterns of cortical activity asso-
ciated with motor acts and sensory stimulation. It has also been shown that it is
possible to identify representations of individual fingers in the sensorimotor cortex
using fMRI (Dechent and Frahm, 2003; Sanes et al., 1995; Beisteiner et al., 2001;
Indovina and Sanes, 2001). This suggests that specific motor actions such as sign
language gestures may also be decoded from larger neuronal populations. However,
decoding accuracy may be limited since sign language gestures do involve all fingers
simultaneously, where some are extended while others are flexed at the same time.
Additionally, the exact spatial detail of the activity patterns associated with motor acts
is not quite clear since fMRI at standard field strength has a limited spatial resolu-
tion (2 mm isotropic) and suffers from a certain degree of blurring due to draining
veins (van der Zwaag et al., 2009; Turner, 2002). However, recent studies with ultra-
high field MRI, which allows for higher resolution and suffers less from the blurring
effect, have revealed topographic representations of finger movements and sensation
with multiple foci of activity within a patch of a few square centimeters (Siero et al.,
2013a; Sanchez-Panchuelo et al., 2010, 2012; Siero et al., 2013b).

In the present study we test the hypothesis that gestures can be distinguished on
the basis of brain activity patterns in the sensorimotor cortex. Previous demonstrations
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of separating fingers are not indicative of the decodability of gestures, as the neuronal
activity of coordinated, simultaneous movements of several fingers is not a mere linear
combination of the activity of individual finger movements (Ben Hamed et al., 2007;
Remy et al., 1994; Schieber, 2002). Because the exact location and extent of the hand
region cannot be clearly defined based on anatomically distinct borders, we further
investigate in which region(s) activity is most informative for decoding. We expect
this to be in the immediate vicinity of what is generally regarded as the hand region
(Dechent and Frahm, 2003). Finally, we assess the volume of brain tissue that is
needed for good decoding, to obtain a proxy of the extent of discriminating tissue.

To address these questions, we tested whether we could distinguish four different
hand gestures, based on their representations on the sensorimotor cortex. The design
of the study was based on classification of brain activity patterns, with one fMRI scan
series obtained to train classifiers, and a second scan series (same session) to test
classification performance. Given the superiority of 7 tesla fMRI in signal strength
and quality (van der Zwaag et al., 2009), and the need for single trial classification,
we conducted the study with a 7T scanner.

3.2 Method

3.2.1 Participants

Twelve healthy volunteers (4 male, age 25.78 ± 5.8 years) participated in the study.
All participants were right-handed according to the Edinburgh Handedness Inventory
(Oldfield, 1971). Participants were in good health, with no history of psychiatric or
neurological disorders and gave written informed consent prior to the experiment.
The study was approved by the ethical committee of the University Medical Hospital
Utrecht and was in agreement with the declaration of Helsinki (2008). Participants
were provided with hearing protection while being in the scanner.

3.2.2 Task

Participants had to execute four hand gestures (corresponding to the letters ’F’, ’L’,
’W’ and ’Y’) taken from the American Sign Language alphabet. As we were interested
in complex hand gestures, and not in individual finger movements, the gestures were
selected to differ in more than the position of one finger. The ’F’ gesture is inverted
to ’L’ and the ’W’ is inverted to ’Y’ (see Fig. 3.1), i.e. the fingers that are flexed in
one gesture are kept still and vice versa. The participants were naive to the meaning
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of the signs prior to the experiment. In a training session they learned the gestures
and to which letter the signs corresponded. In a slow and fast fMRI run, participants
were cued to perform a gesture by the presentation of a single letter at central vision
for 750 ms. Participants needed to perform the gesture and relax the hand within each
trial of 2,600 ms. In the fast fMRI run, trials were separated with rest periods varying
between 0 and 13 s. In the slow fMRI run, trials were always separated by a 13 s
rest period. All participants performed the identical sequence of stimuli in each scan
session.

FL

W Y

Figure 3.1: Four hand gestures taken from the American Sign Language alphabet: ’L’,’F’,’W’ and ’Y’ (clockwise,
starting in the left upper corner)



42 Chapter 3

3.2.3 Experimental Design

Two fMRI runs were obtained. The first run, referred to as ’training data’ from here
on, was used to acquire robust, prototypical, activation patterns for each gesture. The
second run, referred to as ’test data’ from here on, was used for classification of single
gestures.

For the training data a fast event-related fMRI design was used. Data were an-
alyzed using a finite impulse response (FIR) analysis method (Glover, 1999). An
important advantage of the FIR method is that it estimates the full BOLD response
without assumptions about the shape or onset. The training run consisted of 256 tri-
als, composed of 32 trials per gesture and 124 baseline trials. The stimuli were ordered
using a pseudo-randomized design, based on an m-sequence (Sutter 1987), to assure
high statistical power through optimal independence of the regressors used in the FIR
analysis (Buracas and Boynton, 2002; Jansma et al., 2013). Four shifted versions and
interleaved versions of the m-sequence with length 63 were used to distribute the four
gestures. Gestures were performed on each of the 32 positive bits.

For the test data participants performed ten trials per gesture. Since BOLD re-
sponses exhibit a long delay and decay period, short times between trials such as in
the training scan, would cause mixing of BOLD signals between trials. This would
complicate classification significantly. Hence to avoid this, in the test scan the inter-
trial interval was fixed at a length of 15.6 s.

3.2.4 Task Performance

To record the execution of the hand gestures the participants wore an MRI compat-
ible data-glove (5 DT Inc, Irvine, USA). This data-glove provided measurements of
the bending movement for each finger. The data-glove measurements were inspected
visually for correct bending of the fingers, and for absence of additional movements.
Trials that were executed incorrectly were considered as errors. Furthermore, variabil-
ity of the gesture parameters across trials was computed for each gesture to assess the
consistency of gesture execution.

3.2.5 fMRI Scans

The fMRI measurements were implemented using a 7 T Philips Achieva MRI system
with a 32-channel head-coil. The functional data were recorded using an EPI sequence
(TR/TE = 1,300/27 ms, FA = 70, effective flip angle = 55◦ − 60◦, after adjusting for



DECODING GESTURES - fMRI 43

the B1 transmit field in the motor cortex, 21 slices, acquisition matrix 112 × 109,
slice thickness 1.5 mm with no gap, 1.482 mm in plane resolution). Images were
acquired in transverse orientation with the left/right axis tilted so that the field of view
covered the left pre- and postcentral gyrus. During the training and the test session,
535 volumes and 481 volumes were acquired respectively. A high-resolution image
was acquired for anatomical reference using a T1 weighted 3D TFE sequence (TR/TE
= 6/2 ms; FA = 7; voxel size 0.55× 0.55× 0.55mm).

3.2.6 fMRI Preprocessing

All preprocessing steps were performed using SPM8. Further analyses were per-
formed with SPM8 and in-house written MATLAB software (MATLAB version 7.12.0.
Natick, Massachusetts: The MathWorks Inc., 2003). The raw fMRI data were slice
time corrected, re-aligned to the mean functional scan to reduce motion artifacts, and
co- registered to the individual anatomical scan. The data were smoothed with 1.4
mm full width half maximum Gaussian kernel. All analyses were carried out in native
space as spatial averaging over participants would remove the finer spatial features of
interest (Sanchez-Panchuelo et al., 2010).

3.2.7 fMRI Training Run

The training data were analyzed using an FIR analysis. Each gesture was modeled by
20 regressors, which consisted of shifted versions of the stimulus distribution. This
set of 80 regressors was used as a design matrix in SPM8.

3.2.8 fMRI Test Run

For the test data the raw BOLD signals were detrended, removing the first, second
and third orders trends per voxel and were normalized by subtracting the mean and
dividing by the standard deviation. The test-session provided 10 trials per gesture.

To verify that the BOLD response obtained with the fast event-related paradigm
(training run) was adequate for use in classifying trials from the slow event-related test
run we compared the shape of BOLD responses from both runs directly. For this, the
average BOLD response of the 600 most active voxels were computed for the training
and the test set and were compared by means of a Pearson correlation. The shape of the
BOLD response reconstructed from the FIR analysis was highly consistent (average
correlation coefficient 0.97 ± 0.02) with the BOLD response obtained from the test
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run. Thus, the training run produced adequate BOLD response data for classification
in the test run.

3.2.9 Classification Method

The classification procedure was implemented in custom- written MATLAB code. A
pattern-correlation classifier (Haxby et al., 2001) approach was chosen, for its overall
good classification abilities, simplicity, robustness, and speed (Misaki et al., 2010).
The classification of an individual movement (of the test data) was based on the sim-
ilarity between the individual trial activation pattern and the prototypical (averaged)
activation pattern, derived from the training data. The features used for classification
were the summed BOLD signal in each voxel for the 4th, 5th and 6th scan (as the
BOLD response was expected to show highest signal to noise at these scans) (Ander-
sson et al., 2012b; Siero et al., 2011).

The four gesture prototype activation maps were based on the sum of the beta-
values related to the 4th, 5th and 6th regressor of the FIR analysis (i.e. the estimated
average BOLD response). The activation maps for the individual trials were based on
the sum of the normalized raw fMRI signal of the 4th, 5th and 6th scan of the test
data. The similarity measure (distance measure) between the gesture prototypes and
the individual gesture movement was the Pearson correlation value over a specific se-
lection of voxels (see feature reduction step below). The movement was subsequently
labeled as the movement prototype with the highest correlation, in a winner-takes-all
approach (Pereira et al., 2009).

For the necessary feature reduction (Pereira et al., 2009) we selected the number
of voxels used for classification a priori. With no information on the extent of the hand
region, we obtained an estimate from a previous study where individual fingers were
distinguished with ECoG measurements from a high density grid with 32 electrodes
placed on the hand knob area (Siero et al., 2013b). With this grid it was possible to
differentiate the movement of individual fingers. We assume here that the four hand
gestures can be classified from a comparable volume. The grid covered 2cm2 of brain
tissue. Assuming that electrodes detect signals from all cortical layers, and given that
sensorimotor cortex is approximately 3mm thick, the estimated volume is 600mm2.
With a voxel size of 1.5mm isotropic (as used in this study), the volume translates to
178 voxels.

The voxel selection was based on the training data. First, a t-map was calculated
for each gesture using the fifth FIR regressor (corresponding to the signal change at
5.4s after stimulus onset). This was previously shown to be the optimal scan for
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classification (Andersson et al., 2012b). Second, we created one pooled t-map using
the highest value of the four gesture t-maps. Classification was performed using the
178 most active voxels (i.e. the voxels with the highest t value) (Mitchell et al., 2004).
The voxel selection and the construction of the prototypes were based exclusively on
the training data and were independent of the test data. Classification performance was
further evaluated using a confusion matrix, which contains more detailed information
about the classification accuracies of the individual gestures and the nature of the
classification errors made.

3.2.10 Classification Based on Surface Voxels

Furthermore, the analysis was also performed using only voxels that would be acces-
sible to a small ECoG grid, measuring from the surface of the cortex (top 6mm). The
following procedure was used: First a surface mask was constructed as described in
Andersson et al. (2013). The mean functional scan was segmented and the imaged
part of the brain was extracted to construct a solid brain mask. The surface mask was
created by subtracting a morphologically eroded version of the solid mask. The struc-
turing element used for the erosion was a cube with an edge size of 4 voxels. With a
resolution of 1.5mm this resulted in a mask selecting the 6mm closest to the surface.
Second, a box of 2 × 2 × 2cm was centered over the mean position of the four most
active voxels (i.e. the voxels with the highest t value). The classification accuracy was
consequently only computed based on the surface voxels that lay within that box and
which are presumably accessible by a ECoG grid. The voxel selection within this box
was performed in the same way as described above.

3.2.11 Location and Size of Cortical Volume Relevant for Classi-
fication

To evaluate the volume of brain tissue that provides discriminating activation pat-
terns, the classification computations were repeated for an increasing number of vox-
els. Classification was performed first using the four most active voxels (i.e. the voxel
with the highest t value) in the pooled t-map and was then repeated for each increased
selection by adding the next most active voxel, until a selection of 1000 voxels was
reached.
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3.2.12 Effects of Performance on Classification Accuracy

Since classification depends strongly on consistency of activity pattern across trials,
and since patterns are tightly coupled to the exact movement, we investigated if vari-
ations in classification accuracy between subjects were associated with differences in
motor performance consistency. For this, we calculated the variation of the movement
parameters across trials of the test session for each gesture. The standard deviations of
the data glove traces were computed over trials per finger and gesture type, and were
subsequently averaged over fingers and gesture types to obtain a composite measure.
Effects of gesture consistency on classification were assessed by means of a Pearson
correlation analysis.

3.2.13 Surface Reconstruction

For visualization purposes a surface reconstruction for the individual T1 weighted
anatomies was computed using the open source software suite FreeSurfer (http://
surfer.nmr.mgh.harvard.edu/)).

3.3 Results

3.3.1 Task Performance

Subjects produced correct gestures in 94% of the training trials, and in 95% of the
test trials, as determined based on the data-glove traces. For the test session, incorrect
trials were excluded from further analysis. For the training session, incorrect trials
were not excluded. Participants who made more errors during the training session
tended to make more errors during the test session (r = 0.55, p = 0.059).

3.3.2 Classification of Four Gestures

The primary hypothesis was tested with a selection of 178 voxels. For this number
of voxels, the average classification of all four gestures classes was 63% (range of
35 − 95%), which was significantly above chance (25%, p < 0.001). The confusion
matrix shows the averaged classification score for each gesture and the respective mis-
classifications (Fig. 3.2). All four gestures types were classified significantly above
chance (p < 0.01). However, an ANOVA showed a significant difference between the
classification accuracy of the four gestures (F (3, 44) = 6.06, p < 0.01). A post hoc

http://surfer.nmr.mgh.harvard.edu/)
http://surfer.nmr.mgh.harvard.edu/)
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Tukey-Kramer test revealed that on average ’F’ (86%) was significantly better clas-
sified than ’L’ (49%),’W’ (61%) and ’Y’ (57%). Furthermore, there was a trend for
a difference in the level of confusion between specific pairs of gestures, though this
difference was not significant (F (5, 66) = 2.31, p = 0.0535).

3.3.3 Location and Size of Cortical Volume Relevant for Classifi-
cation

For all participants, the selected voxels were densely clustered around the superior
aspect of the central sulcus where motor and sensory hand function is to be expected.
To illustrate the location of the voxels used for classification, we show as an example
the results for one participant in figure 3.3 a. The axial slices (Fig. 3.3 b) show that
the voxels used for classification were primarily located along the posterior bank of
the pre-central sulcus at the designated hand knob area. Figure 3.4 shows for the same
participant the templates of the four gestures on the inflated anatomy.

As is shown in Fig. 3.5, classification performance is best at around 200 voxels.
After that, performance declines gradually, which is most likely due to increasing in-
clusion of voxels that do not distinguish gestures and thus reduce correlation between
trial and prototype.

3.3.4 Surface Voxels

If only surface voxels within an area of 2 cm by 2 cm (Fig. 3.3a) were used for
classification the classification accuracy was 53% (range 32.5 − 92.5%), this was
significantly above chance (p < 0.01), but significantly lower than using all voxels
(p < 0.05).

3.3.5 Effect of Performance on Classification Accuracy

There was a significant negative correlation between the average classification accu-
racy and gesture movement variability (across trials and gesture type) as measured by
the data glove (r = −0.62, p < 0.05, see Fig. 3.6). This result indicates that subjects
who performed the gestures more consistently, showed higher classification accuracy.
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Figure 3.2: Average confusion matrix of the percentage of correct classification for four classes. Each row
represents the gesture that was actually performed. Each column represents the gesture that was predicted by
the classifier. In each cell the gray shading indicates the percentage of all gestures of a particular type that was
assigned to the particular classified gesture

3.4 Discussion

In this study we examined if brain activity patterns in the sensorimotor cortex related
to hand gestures can be distinguished with an accuracy that is sufficient for potential
use in BCI. We tested this by classifying single trials of four gestures based on their
associated BOLD activity measured at 7 T, and demonstrate feasibility of decoding
gestures for the first time. The gestures could be classified using a pattern-correlation
classifier with an average accuracy of 63%, which was significantly above chance
level (25%). The classifier was trained on a fast event- related run and tested on a
slow event-related run. This was done to keep the training and test set separated, as
it would also be the case for real time BCI applications. Even with a classification
based on the slow run only, using a tenfold leave-one-out cross validation scheme, we
achieved highly significant accuracies of 55%; showing that our classification results
were highly robust. The classification was based on a small volume of cortex and
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Figure 3.3: a) Selection of voxels used for the classification analysis of one representative participant projected
on the individual brain. The color-coding reflects the t values of the original t-maps that were used for voxel
selection. The white line indicates the central sulcus. The black box indicates the possible location for a high-
density ECoG electrode grid (2cm by 2cm). b) Axial slices: the voxels cluster around the hand knob area on the
posterior bank of the pre-central sulcus (mark: only the left motor cortex was included in the field of view)

the voxels used were confined to a small area around the hand knob region. When
only surface voxels, that could be accessed by an ECoG grid, were considered the
classification accuracy was lower compared to considering all voxels (−10%), but
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Figure 3.4: Templates of the four gestures shown for one participant on the individual inflated anatomy. Shown
is reconstructed BOLD response (beta values) averaged over the 4th, 5th and 6th scan of all voxels that were used
for classification. The inset in the middle provides and overview of where these voxels are located. Dark grey areas
are inside the sulcus, light grey areas are on the surface

still significantly above chance.
Classification accuracy varied considerably between participants, from 35 to 95%.

Importantly, the performance analysis indicated that the classification accuracy was
significantly correlated with consistency of the execution of the gestures. Thus, par-
ticipants who performed the gestures most consistently also showed the highest clas-
sification accuracy. This result suggests that the classification accuracy of the subjects
showing less accurate results in our study were likely predominantly limited by incon-
sistency in gesture execution. Thus, specific training in consistent gesture execution
can be expected to further increase classification accuracy.

The use of hand gestures as a BCI control signal has several valuable features.
It provides a direct and rapid translation of the neuronal activation and the users’
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Figure 3.5: Classification accuracy as a function of the number of voxels used for classification (thick line)
averaged over subjects. The shaded area indicates the standard deviation. The thin black line indicates the 25%
chance level, the dashed line indicates two standard deviations above chance level. (results are smoothed for
visualization with a running average of 50 points)

intents into a BCI control. It should be possible to increase the number of gestures,
theoretically up to the entire alphabet, without necessarily reducing specificity. This
however, needs further exploration, as some of the gestures used in finger spelling
only show subtle differences and might therefore be more difficult to discriminate.

The findings suggest that the BCI signal from a confined region may be sufficient
for decoding. Also, previous studies have shown that the motor cortex is a brain
region with a high level of plasticity with practice (Karni et al., 1995). Acquiring and
improving new motor skills leads to changes of the representation on the motor cortex
(Amunts et al., 1997; Hänggi et al., 2010; Jäncke et al., 2000; Monfils et al., 2005).
Therefore, it can be expected that neurophysiological changes induced by training will
facilitate classification even further.

Our study adds a new control mechanism for communicative BCIs to the existing
literature describing various BCI control signals using fMRI. Sorger et al. (2012) ap-
plied a method that allowed for discrimination of all letters of the alphabet. This was
achieved by combining differences in onset times and differences in the duration of
activation of three mental tasks, namely performing motor imagery, mental calculation
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Figure 3.6: Correlation between the average classification accuracy and the consistency with which the ges-
tures have been executed

and inner speech. Participants had to switch between the mental tasks and had to ex-
ecute the task throughout an extended period of time. Andersson et al. (2012a, 2011,
2013) have reported an fMRI based BCI that allowed for four dimensional control us-
ing covert visuospatial attention. Both approaches reported classification accuracies
(< 90%) that exceed the one reported here.

However, their approaches provide a challenge for grid based BCIs, where surgery
should preferably be limited to a small patch of cortex (Zhang et al., 2013). Sorger
et al. (2012) for example used the activity of 6 different ROIs for each participant
which were distributed over the frontal, temporal and parietal lobe. Andersson et al.
(2013) used voxels distributed across the whole occipital surface. In contrast to those
studies our results suggest that it is also possible to create a successful BCI using only
a small patch of cortical tissue (2 × 2cm) that can be covered by one electrode grid.
Unlike the studies of Sorger and Andersson, that used the BOLD response averaged
over voxels, in our study we used the pattern of activation in a group of individual
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voxels, which allowed us to exploit the finer anatomical differences within a region.
The post hoc evaluation of the optimal volume for classification indicates that about
200 voxels is sufficient. Beyond that volume, the effect of the number of voxels on
classification accuracy was relatively small. The gradual decline in performance be-
yond 300 voxels is most likely due to the addition of voxels with smaller effect sizes
(lower t values) or with voxels that do not discriminate between gestures. Such voxels
would mainly contribute noise to the pattern correlations and thus reduce classification
(Misaki et al., 2010). This also suggests that the most discriminating cortical tissue is
constrained to a volume of about 300 voxels.

There are two important drawbacks of many BCI control signals that may be ad-
dressed with the here-described approach. First, if a BCI control signal requires a
high level of attention, this increases the chance of interference between exerting the
BCI control and performing that actual task at hand (e.g. thinking about what to say).
Second, a BCI control that requires a high level of attention may quickly cause fatigue
in the patient. Gestures can however be performed with a high level of automatic-
ity after practice, as demonstrated by many deaf people who rely on this method for
communication. This potential to automate the BCI control task is likely to increase
performance quickly, reduce risk of interference with other cognitive tasks, and reduce
fatigue (Ramsey et al., 2004).

An apparent limitation of the current study is that we examined executed hand
movements whereas severely paralyzed patients are not capable of performing hand
movements. There are however several reasons why we expect that our results are also
representative for paralyzed patients and that it is possible to distinguish attempted
hand gestures. Hotz-Boendermaker et al. (2008) for instance have reported that para-
plegic patients showed activation of the primary motor cortex during attempted move-
ments that was comparable to the executed movements in healthy controls. Several
groups (Hochberg et al., 2012; Collinger et al., 2012; Wang et al., 2013) have shown
that the sensorimotor cortex in paralyzed patients provides rich motor information
during attempted movements that allows for control of a robotic arm in several dimen-
sions. On the other hand, we have shown that healthy volunteers fail to activate pri-
mary motor cortex when imagining movements (Hermes et al., 2011), which is likely
due to simultaneous deliberate inhibition of movement. That is, unlike attempted
movements in paralyzed patients, imagined movements in healthy participants do not
necessarily activate the sensorimotor cortex. Hence, we argue that actual movement
is a better approximation of attempted movement in paralyzed people than imagined
movement. Nevertheless, proof for this awaits further investigation.
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Another problem may be that the topographic representations of the motor cor-
tex degrades after paralysis (Yanagisawa et al., 2012; Jurkiewicz et al., 2010). How-
ever, the loss of motor cortex activity only happens after longer periods of paralysis
(Jurkiewicz et al., 2010) and there is no indication that this process is irreversible.
Speculatively, a BCI implanted early after paralysis might even prevent the loss of the
topographic representation as the cortical area continues to be used.

A second limitation of this study is that we applied fMRI, while the most practical
approach for patients will likely be an implanted BCI. However, given the close cor-
respondence between the electrical and hemodynamic measures of neuronal activity
as measured by subdural electrode grids (Hermes et al., 2012a; Lachaux et al., 2007)
fMRI can be expected to be informative for implanted BCIs. We used fMRI as it has
the advantage that a larger (healthy) sample can be studied, which would not be feasi-
ble using implanted electrodes. Also, in itself, fMRI results can provide information
in regard to prelocalization of target areas for an implantable BCI for an individual
patient (Ramsey et al., 2006; Guenther et al., 2009; Vansteensel et al., 2010). In addi-
tion, reliable fMRI based BCIs can allow an informed consent procedure for paralyzed
patients without any other means of communication and can also help to train surgery
candidates before implantation to evaluate and improve their chance of success.

A gesture-based BCI using a high-density ECoG grid can be expected to be at
least as accurate as the fMRI based BCI. Earlier studies using implanted macro elec-
trodes with a one centimeter spatial resolution in epilepsy patients reported successful
classification of individual fingers based on power changes in higher frequencies (40
Hz) (Kubánek et al., 2009; Miller et al., 2009). In a more recent study (Chestek et al.,
2013) different grasping movements were classified successfully using ECoG. Given
the better temporal resolution and the fact that different frequency bands can be used
it is not unlikely that the fMRI results can be projected to, or may even be exceeded
by ECoG. It should be noted, however, that part of the volume used for classification
is not accessible from the cortical surface since it is located along the central sulcus.

From a neuroscientific point of view little is know about the representation of
communicative hand gestures on the sensorimotor cortex. Most studies so far have
been concerned either with isolated finger movements (Dechent and Frahm, 2003;
Sanes et al., 1995; Beisteiner et al., 2001; Indovina and Sanes, 2001) for fMRI, and
(Kubánek et al., 2009; Miller et al., 2009) for ECoG or hand movements for grasping
(e.g. Chestek et al. (2013)). Communicative hand gestures are generally only stud-
ied in respect to their communicative component and not in respect to their motoric
component. There are indications that the activation of complex coordinated finger
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movements is not a mere linear combination of the activation of individual finger
movements (Remy et al., 1994; Ben Hamed et al., 2007; Schieber, 2001, 2002). Fu-
ture studies have to show what the relationship between the activation of coordinated
and individual finger movements is.

3.5 Conclusion

The results of our study demonstrate the feasibility of distinguishing hand gestures
from activity patterns in the sensorimotor cortex. Good to excellent classification
accuracy was achieved for four gestures based on their single trial BOLD responses
within a confined area of sensorimotor cortex. The most informative voxels were
located in the sensorimotor hand region, and had a spatial extent of about 200 voxels
(0.6cc). Combined with the good correlation between high density ECoG and fMRI at
7 T (Siero et al., 2013b,a) the findings suggest that gestures may be decoded from the
hand region cortical surface well enough for intracranial BCI based on high-density
ECoG electrodes. Future research can show the limit to which the number of gestures
can be extended and whether classification is also accurate using an implanted BCI in
paralyzed patients with an intact sensorimotor cortex.
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Give me a sign: Decoding complex
hand gestures using high - density
electrocorticography

M.G. Bleichner, Z.V. Freudenburg, J.M. Jansma, E.J. Aarnoutse, M.J. Vansteensel, N.F. Ramsey

Abstract

The increasing understanding of human brain functions makes it possible to directly interact with the

brain for therapeutic purposes. Implantable brain-computer interfaces promise to replace or restore motor

functions in patients with partial or complete paralysis. We postulate that neuronal states associated with

gestures, as they are used in the finger-spelling alphabet of sign languages, provide an excellent signal for

implantable brain computer interfaces to restore communication. To test this, we evaluated decodability

of four gestures using high-density electrocorticography in two subjects. The electrode grids were located

subdurally on the hand knob area of the sensorimotor cortex covering a surface of 2.5−5.2cm2. Using a

pattern-matching classification approach four types of hand gestures were classified based on their pattern

of neuronal activity. In the two subjects, the gestures were classified with respectively 97% and 74%

accuracy. The high frequencies (> 65Hz) allowed for the best classification results. Our study indicates

that complex hand gestures exhibit a reliable and discriminable spatial representation on a confined area

of the sensorimotor cortex. This robust representation on a small area makes hand gestures an interesting

control feature for an implantable BCI in order to restore communication for severely paralyzed people.
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4.1 Introduction

With the increasing understanding of human brain function, there is an increasing in-
terest in using that knowledge to interact with the brain to treat brain-related disorders.
Electrical stimulation of the brain is used for treatment of movement disorders (Kalia
et al., 2013), pain (Boccard et al., 2013) and epilepsy (Fridley et al., 2012), as well
as to restore functions such as hearing (Lim et al., 2009) and vision (Normann et al.,
2009). Recording the signals from the central nervous system can also be used to
restore functions. The last few decades has seen the emergence of a translational neu-
roscience field pursuing to restore or replace motor function in people with paralysis
or lost limbs using the neuronal activity recorded over the sensorimotor cortex. This
approach is referred to as ’Brain-Computer Interface’ (BCI).

The sensorimotor cortex has been of primary interest for controlling BCI
(Pfurtscheller et al., 1993). The underlying idea is to use the neuronal activity of
the sensorimotor cortex, which was formerly used for muscle control, for operating
an external device. The non-functional peripheral motor system is essentially by-
passed. The topographic representation of the sensorimotor cortex (Penfield and Bol-
drey, 1937) conceptually allows for differentiation between movements of different
body parts based on neuronal activity.

For decades, scalp electroencephalography (EEG) has been the most widely used
technique for BCIs (Wolpaw et al., 2002). More recently, there has been an emergence
of intracranial approaches in humans (Zhang et al., 2013). A high degree of robot arm
control was achieved in tetraplegic subjects using intracranial electrodes (Hochberg
et al., 2012; Collinger et al., 2012; Wang et al., 2013). Several studies also have shown
that it is possible to decode individual finger (Kubánek et al., 2009; Miller et al., 2009),
arm (Ganguly et al., 2009) and complex grasping movements (Chestek et al., 2013;
Pistohl et al., 2012) from sensorimotor cortex in non-paralyzed people using ECoG.

Typically, decoding of movements is pursued for control of robotic arms to ma-
nipulate objects. For severely paralyzed patients who have even lost the ability to
speak, communication is the most urgent function that has to be restored. One can
conceive of a very different utilization of sensorimotor cortex for BCI control, as hand
movements are not only suitable for manipulating objects but they can also provide
a communication system. Finger spelling in sign languages uses gestures to repre-
sent the letters of the alphabet. Decoding these communicative hand gestures from
the sensorimotor cortex could thus provide a ’cortical alphabet’; directly translating
the neuronal patterns associated with those movements into letters on a screen or for
control of a speech synthesizer (Guenther et al., 2009).
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Patient 1 Patient 2
Grid location pre+post central primarily post central
Number of electrodes 32 60+4
Hemisphere Left Right
Handedness Right Left
Age 19 45
Gender Female Female

Table 4.1: Demographic information, and high-density grid location

We here test the hypothesis that the topographical organization of the sensorimotor
cortex enables reliable identification of sign language hand gestures for communica-
tive BCI. Since recent studies with high-field fMRI have shown that the hand is repre-
sented in a quite specific part of sensorimotor cortex (Sanchez-Panchuelo et al., 2012),
we here use small high–density electrode grids to capture the spatial detail required
for decoding.

4.2 Methods

4.2.1 Participants

Two patients implanted with subdural ECoG electrodes for epilepsy diagnostic pur-
poses, participated in this study (see table 4.1). Data acquisition was approved by
the medical ethical board of the University Medical Center Utrecht (UMC Utrecht)
in accordance with the declaration of Helsinki (2008). All patients signed informed
consent beforehand. Three additional patients were also implanted with high-density
grids but the final position of the high-density grids proved to be outside the hand re-
gion after closure of the skull. Data from these subjects were therefore excluded from
the study.

4.2.2 Electrodes

The standard electrode grids (2.3mm exposed surface, inter-electrode distance 1 cm
center to center; Ad-Tech, Racine, USA) were placed as usual for clinical purposes.
For a small part of the covered area, grids were replaced with a high-density grid with
32 or 64 contact points (each with 1.3mm exposed surface diameter), with an inter-
electrode distance of 3mm center to center (Ad-Tech, Racine, USA). Each electrode
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measures activity from an estimated 150,000 neurons. The 32-channel high-density
grids had a 4 × 8 electrode layout and covered an area of 2.5cm2. The 64-channel
grid had an 8×8 electrode layout, with the four corner electrodes facing the dura, and
covered an area of 5.2cm2. We will focus only on the high–density electrode grids.

4.2.3 Electrode location

After implantation we checked how far the high density grids covered the pre- or
postcentral part of the hand knob area (Yousry et al., 1997). The electrode locations,
acquired with a post-implantation CT were projected on the T1-weighted individual
anatomy scan (Hermes et al., 2010). The hand knob area was identified on the axial
slices of the T1 scan, by which the individual differences in the shape of the hand
knob (Caulo et al., 2007) were taken into account. The location of the hand knob was
eventually projected to the surface of the cortex. Two subjects completed the study
with high-density grids covering most of the hand knob region (Fig. 4.1).

4.2.4 Task

The subjects were asked to execute four hand gestures (depicted in figure 4.2) always
starting and ending with a common rest position, i.e. a relaxed open hand. Each trial
lasted five seconds during which the hand positions were presented on a screen and
the subject was asked to copy the depicted position with the hand contralateral to the
grid implant and keep the position throughout the trial. Each gesture was followed by
a rest condition, in which subjects were asked to place their hand into rest position.
Each gesture was presented 10 times. Subject 2 performed the task two times. The
subjects were all naïve to sign language and therefore were briefly familiarized with
the four gestures prior to the experiment.

4.2.5 Task performance

The actual hand gestures were recorded using a data glove (5 DT Inc, Irvine, USA).
This data glove provided measurements of the bending movement for each finger. The
data glove measurements were inspected visually for correct bending of the fingers,
and for absence of additional movements. Incorrectly executed trials were excluded
from further analysis, i.e. those in which the wrong gesture was executed, or when
additional fingers were moved, or when a correction of the gesture was necessary.
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The movement onset was determined for each trial based on the first deflection from
baseline for one of the fingers that lead to the execution of the gesture.

4.2.6 ECoG preprocessing

Signals were recorded continuously using a 128-channel Micromed (Treviso, Italy)
system (22 bits, band pass filter 0.15− 134.4Hz) at a sampling frequency of 512Hz.
Offline, the data was band-pass filtered to exclude the 50 Hz line noise and re-referenced
to the common average of all electrodes of the high-density grid. The data was aligned
to movement onset as determined by the data glove and epoched into segments of 3
seconds, using the interval from −1s to 2s around movement onset. The interval from
−2s to −1s with respect to movement onset was used as baseline. The mean power
for each electrode was computed for five frequency bands (4 − 8Hz, 8 − 14Hz,
15 − 30Hz, 65 − 95Hz, 70 − 125Hz) similar to the ones used in (Kubánek et al.,
2009) and averaged over the 3s epochs. Based on previous studies we expected the
frequencies above 65Hz to be most informative to discriminate the individual ges-
tures (Kubánek et al., 2009; Miller et al., 2009; Hermes et al., 2012; Chestek et al.,
2013). Due to limitations of the recording system frequencies above 130 Hz could not
be considered in the analysis.

4.2.7 Task activity

For each electrode and frequency band it was determined whether there was a sig-
nificant increase in power induced by the movement, compared to the pre-movement
baseline (Pearson correlation, alpha level= 0.05). Furthermore, it was determined for
each electrode and frequency band whether there was a significant difference in power
between the gestures by means of a one-way ANOVA.

4.2.8 Classification

Classification was performed using a pattern correlation winner-takes-all approach
with a leave-one-out cross-validation scheme (Misaki et al., 2010). The feature set
was the averaged power per frequency band for all electrodes.

Four average grid activation patterns (called prototypes from here on) were con-
structed from the average of all trials per gesture type. The trial that had to be classified
was left out of this average and subsequently correlated with each of the four proto-
types by means of Pearson correlation. Each trial was classified as the gesture type it
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had the highest correlation with. The performance metric was the number of correctly
classified gestures (given as percentage). Confusion matrices were constructed to pro-
vide information about the type of errors made. Minimum number of electrodes and
most informative of electrodes

To get an estimate of the minimum number of electrodes required to achieve op-
timal classification accuracy and to get an estimate of the relative contribution of the
individual electrodes, the following procedure was applied: The classification accu-
racy was re-computed with decreasing numbers of electrodes; the set size varied be-
tween all electrodes to an individual electrode. For each set size the classification was
computed using random combinations of electrodes. It was assured that each elec-
trode was present in at least 400 combinations. This lead to 12800 random electrode
combinations for the 32-electrode grid and 24000 different electrode combinations for
the 64 electrode grid. For the set sizes that had less than 12800 and 24000 electrode
combinations, respectively, all possible electrode combinations were used. The contri-
bution of each individual electrode was computed based on the average classification
that was achieved when that electrode was part of the combination.

4.2.9 Template similarity and classification confidence

The Pearson correlation of the templates with each other was computed to get an
estimate of the similarity of the templates. For each split the correlation between tem-
plates was computed and subsequently averaged over splits. Furthermore, the average
correlation score of the individual trials with the corresponding template (including
only correctly classified trials) and non-corresponding templates (including only cor-
rect rejections) was computed. The difference of the correlation scores between hits
and correct rejections was expressed as percentage difference.

4.3 Results

The classification scores were high for the high frequencies (> 65Hz) for both sub-
jects. The classification scores for the low frequencies (< 30Hz) were at or just above
chance level (Fig. 4.3 A) for all frequency bands. This indicates that the grid activa-
tion patterns at low frequencies do not offer discrimination between the gestures on
this spatial scale. In the following the results are presented for each subject individu-
ally for the high frequencies.
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4.3.1 Subject 1

The location of the high-density grid of subject 1 corresponded optimally with the
anatomical location of the hand knob, covering pre- and postcentral areas to equal ex-
tents (Fig. 4.1). The gestures were executed with few errors (Fig. 4.3 B). All (but one)
electrodes showed a significant movement-related change in power with respect to the
pre-movement baseline. Almost half of the electrodes (14 out of 32) showed signif-
icant (p<0.01) differences between the four gestures (based on a one-way ANOVA).
Approximately half of those electrodes were located on the motor cortex and half on
the sensory cortex (Fig. 4.6). The classification accuracy was 97 % using the 70-120
Hz band (Fig. 4.3 A) There were no differences in classification accuracies between
the gesture types (Fig. 4.4). In one case a ’V’ was misclassified as a ’Y’. On average
the templates were strongly correlated with each other (r=0.88). The strongest corre-
lation was between ’V’ and ’Y’ the lowest correlations were between ’F’ and all other
gestures (Fig. 4.7, left column). Figure 4.7 (right column) shows the percent differ-
ence of the correlation scores between the trial and the corresponding template and the
non-corresponding templates. The individual trials correlated highly with their corre-
sponding templates (i.e. correct classifications). The ’F’ trials were classified with the
highest confidence. For ’V’ and ’Y’ trials the difference in the correlation score was
only 2.5%. Despite the small difference in the correlation scores the classifications
were still consistently correct. Some of the electrodes were more informative for the
classification than others. Figure 4.6 shows that the most informative electrodes are
partially located on the precentral and partially on the postcentral cortex. Averaged
over the different combinations of electrodes the highest classification scores were
reached with all 32 electrodes (Fig. 4.5). However, there were some combinations of
electrodes that allowed comparably high or even higher classification accuracy with
less electrodes (e.g. see whiskers for most of the set sizes).

4.3.2 Subject 2

For subject 2, the actual grid location corresponded reasonably well with the anatom-
ical location of the hand knob, although the grid was primarily located on the sensory
cortex (figure 1). This subject performed two sessions. In both sessions the subject
had great problems executing the ’D’ gesture and, therefore, half the ’D’ trials were
excluded (Fig. 4.3 B). All (but one) electrodes showed a significant movement-related
change in power compared to the pre-movement baseline (Fig. 4.6). Two thirds of the
electrodes (40 of 59) showed significant differences between the four gestures (based
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on a one-way ANOVA). The frequency band 70 − 125Hz allowed for 72% and 74%

average classification for the two datasets respectively (Fig. 4.3 A). The problems
with executing the ’D’ gesture were also reflected in the classification scores for the
individual gestures. The ’D’ gesture was classified around chance level while the other
three gestures were classified with an accuracy of 80% (Fig. 4.4). Most of the errors
made were either misclassification of ’D’ as ’V’ or ’Y’ or misclassifications of the
other gestures as ’D’.

On average the templates were strongly correlated with each other (r = 0.97).
The strongest correlation was between ’D’, ’V’ and ’Y’ the lowest correlations were
between ’F’ and all other gestures (Fig. 4.7, left column). Figure 4.7 (right col-
umn) shows the percent difference of the correlation score between the trial and the
corresponding template and the non- corresponding templates. The individual trials
correlated highly with their corresponding templates (i.e. correct classifications). The
’F’ trials were classified with the highest confidence. For ’V’ and ’Y’ the difference
in the correlation score was only 1% and only 0.5% for ’D’ and ’Y’, and ’D’ and ’V’.
This explains the misclassifications between those gestures. On average the highest
classification scores were reached with all 59 electrodes (Fig. 4.5). However, there
were some combinations of electrodes that allowed comparably high or even higher
classification accuracy with less electrodes (e.g. see whiskers for most of the set sizes).

Figure 4.1: Position of the electrode grid (black) shown on the individual anatomy. The white lines indicate
the central sulcus. The red lines indicate the location of the hand knob area, as defined on the axial slices and
projected to the surface. For subject 1 the grid was located on the left hemisphere, for subject 2 the grid was
located on the right hemisphere.)

4.4 Discussion

We have shown in this study that it is possible to decode hand gestures with high
accuracy from the sensorimotor cortex using high-density subdural ECoG grids with
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F
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Figure 4.2: Hand gestures that had to be executed. The gestures differ in the combinations of the fingers that
had to be flexed or (kept) extended, and in their similarity with each other. ’D’ and ’V’ are the most alike, as they
differ only in the flexion of the middle finger. ’D’ and ’F’ are ’inverted’ in terms of the fingers that had to be flexed.
’Y’ is different from all other fingers as it is the only gesture that does not require a flexion of the thumb.)

electrodes that each measure from neuronal populations on the order of 150,000 neu-
rons. Subject 1 achieved a 97% accuracy and subject 2 72 − 74% accuracy (in two
sessions).

For both subjects we found that the high frequencies (> 65Hz) gave the highest
classification accuracies which is in line with previous research (Chestek et al., 2013;
Pistohl et al., 2012). The low frequencies that are commonly used for EEG based BCI
did not allow to discriminate the gestures. With this finding, we extend the existing
literature by showing that classification is possible using a confined patch of cortex
(the high-density grid covered a small surface of 2.5 − 5.2cm2, 32 electrodes and 64
electrodes, respectively) over the hand knob area.
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Figure 4.3: A) Classification accuracies for 5 frequency bands for the individual datasets. Chance level was
25%. The high frequencies (> 65Hz) show good classification results. The low frequencies (< 30Hz) are
consistently at or just above chance level. The classification accuracies are consistent between the first and
second run of subject 3. B) Number of execution errors per gesture and subject. Subject 2 had problems with
performing ’D’ in both runs. Incorrectly executed gestures were excluded from analysis.)

Figure 4.4: Average confusion matrix showing percent classification rate for each of the gestures for the results
of the 70−125Hz range. For subject 2 the average classification matrix of the first and second session is shown.
The classification percentage is color coded as shown by the color bar. The vertical axis shows the actual label,
the horizontal axis shows the predicted label. Perfect classification is a white diagonal from upper left corner to
lower left corner. For correct classifications the score is also indicated in each field. Classification was almost
perfect for subject 1. For subject 2 the classification accuracy of ’D’ was low. Most classification errors made were
either ’D’ trials that were classified as ’V’ or ’Y’, or trials of all other conditions that were misclassified as ’D’.

In both subjects we found that almost all electrodes showed significant activity for
at least one gesture. A subset of at most two thirds of the electrodes could have sufficed
to reach similar classification rates as those obtained with all electrodes. This suggests
that eventually a smaller number of electrodes can be implanted. The challenge will
be to determine prior to implantations were the electrodes should be.
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Figure 4.5: Classification accuracy for variable number of electrodes used for classification shown for subject
1 (above) and 2 (below, first run shown) for the results of the 70− 125 Hz range. For each number of electrodes
the classification accuracy for a random selection of electrodes was computed. Shown is the median classification
score reached for the set size, the edges of the box are the 25th and 75thth percentiles, the whiskers extend
to the most extreme data points not considered outliers, and outliers are plotted individually (cross). Classification
accuracies increase on average with the number of included electrodes. As indicated by the whiskers, there is a
large variability in classification accuracy depending on the selection of electrodes. There are some combinations
of electrodes that allow classification rates as high or even higher than using the total number of electrodes. This
indicates that some electrodes are more informative than other, that optimal classification rates can be achieved
with a subset of electrodes and even that some electrodes can be detrimental for the classification accuracy.

While subject 1 performed above the 90% criterion that is requested by poten-
tial BCI users (Huggins et al., 2011), with 97% accuracy, subject 2 did not (with
maximal 74%). Subject 2 appeared to have problems performing one of the gestures
(’D’). However, incorrectly executed trials were excluded from the analysis and should
therefore not have an effect on the overall classification rate. When ’D’ was excluded
completely from the analysis (data not shown) the classification was 85% and 86%.
Compared to subject 1, subject 2 had considerably higher correlation scores between
the templates indicating greater similarity between the neural representations. The
gestures that correlated strongest (’D’ with ’Y’ and ’D’ with ’V’) were misclassified
most often. A possible explanation for the high similarity of the neuronal representa-
tion of the gestures in subject 2 is the location of the grid on the post central sulcus.
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Figure 4.6: Information content per electrode for subject one (left) and subject 2 (right, first run shown). Each
square marks the position of an electrode; all electrodes that are included in the analysis are marked by a circle.
The thickness of the circle outline indicated whether the electrode showed a significant increase in power in the
70 − 125Hz range with respect to the pre-movement baseline. The white circle in the center indicates the
presence of a significant difference between conditions. The gray shading indicates how informative the electrode
was for classification (black indicates most informative). The gray line marks the central sulcus. The striped line
indicates the pre-central part of the central sulcus. Almost all electrodes show significant task related activity. A
subset of electrodes show a significant difference between conditions. Generally the most informative electrodes
show also a significant difference between conditions (see the darkest electrode of subject 1 for an exception).

The grid probably does not cover the most informative areas. While it has been shown
that post central gyrus close to the central sulcus does have a role in motor function
(Uematsu et al., 1992), most of the electrodes in subject 2 were located over the sen-
sory areas. We expect that the grid would have been more informative if it would have
been located more anterior.

Interestingly, we found some consistency in the representation of the gestures be-
tween the two subjects. For both subjects the ’Y’ and ’V’ gestures were the most
alike in terms of their neuronal activity, despite the fact that they vary considerably
in the combination of fingers that had to be flexed (Fig. 4.2 ). Furthermore, the ’F’
gesture was the most different from the other gestures in both subjects. Despite the
overall high correlation scores between the templates the trials were sufficiently and
consistently different from each other to be discriminated.
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Figure 4.7: Left column: Similarity of templates with each other expressed as Pearson correlation. For both
subjects ’Y’ and ’V’ are most similar to each other, while ’F’ is the most different from all others. For subject 2
there is a high correlation of ’D’ with ’Y’ and ’V’ which explains the misclassifications. Right column: Similarity
of individual trials with templates. The diagonal shows the average correlation coefficient of the individual trial
with the corresponding template (i.e. correct classifications). Off-diagonal is the percentage difference of the
correlation coefficient with the not corresponding templates.)

Due to the limited period available with the subjects it was not possible to acquire
more trials or to test a larger variety of hand gestures. Nevertheless, there do not seem
to be any methodological limitations to extend the number of gestures. Chestek et al.
(2013) showed in their study (albeit with mostly standard grids and covering multiple
brain regions) that nine different grasping movements could be discriminated with
high accuracy. Therefore, it can be assumed that more gestures can be discriminated.

The results presented here extend our previous findings where we have shown
that four hand gestures could be differentiated using high-field fMRI (Bleichner et al.,
2013). The amount and location of cortex used for classification was comparable in
both studies. By showing that classification is also possible using subdural electrode
grids we have taken the next step towards using hand gestures as control signals for
an implantable BCI system for paralyzed subjects to re-establish communication.
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We argue here that the topographical organization of the hand in sensorimotor
cortex provides a control signal with many important advantageous characteristics for
implantable communicative BCIs. Sign language provides in principle a complete set
of sufficiently distinct gestures that can serve to communicate. Ideally, if gestures
corresponding to the entire alphabet could be identified using the current method, it
would allow a speech like control signal. As we have shown here a small area of cortex
is sufficient for discrimination and would therefore require only a small electrode grid
that can be placed with a minimally invasive operation limiting the risk of the surgical
intervention (Zhang et al., 2013). In contrast to needle electrodes or microwires, the
average signal of a population of neurons, as measured with ECoG, can be expected
to be more stable over time and thereby requiring less re-calibration. The electrode
spacing of 3 mm (center to center), allows for recording distinctive signals from neigh-
boring electrodes, which makes it possible to exploit the fine-grained organization of
the sensorimotor cortex (Sanes et al., 1995; Schieber, 2001).

One of the major possible drawbacks of a BCI can be that the control signal inter-
feres with other tasks that the subject wants to perform (Ramsey et al., 2004). There
are several characteristics of our approach that limit interference with other cognitive
tasks. First, use of gestures as a means of communication can become automatic, as
demonstrated by for instance deaf people who use it on a daily base. Our approach is
self-paced, and thus does not require the subject to pay attention to externally timed
stimuli. This makes it also interesting for visually impaired subjects who are incapable
of controlling their eye gaze (Brunner et al., 2010).

In a previous study we have demonstrated a close correspondence between fMRI
measurements and ECoG data (Hermes et al., 2012; Siero et al., 2013). Those results
indicate that it is possible to optimize the ECoG grid position with fMRI prior to im-
plantation. The correspondence between fMRI and ECoG also indicates that subjects
can be trained to control a BCI using an fMRI feedback task prior to electrode im-
plantation. This would ensure that the subject is capable of performing the task and to
learn to control a BCI before he undergoes the risk of a surgery.

Before the current approach can be used to help paralyzed people, additional steps
have to be taken. First, it has to be shown that the current results are also representative
for paralyzed people. There is some evidence that the topographic representations of
the motor cortex may degrade after long periods of inactivity due to paralysis (Yanag-
isawa et al., 2012). However, there is no indication that this process is not reversible.
Practicing attempted movements with feedback of a BCI may stimulate the motor cor-
tex with its high potential for plasticity and thereby increase the discriminability of the
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gestures. More importantly, while our subjects actually performed the gestures, this
is obviously not possible in paralyzed people. There are however several reasons to
expect that our results are also representative for paralyzed people attempting to per-
form a hand gesture. Hotz-Boendermaker et al. (2008) have reported that paraplegics
showed activation of the primary motor cortex during attempted movements that was
comparable to the executed movements in healthy controls. Moreover, Hochberg et al.
(2012), Collinger et al. (2012) and Wang et al. (2013) have shown that the sensorimo-
tor cortex in paralyzed people provides sufficient information during attempted move-
ments that allows for control of a robotic arm in several dimensions. Nevertheless, it
remains to be shown that attempted gestures can be discriminated in paralyzed people.

Second, several practical issues need to be solved. For efficient communication it
is necessary that gestures following in fast succession can still be discriminated. Also,
the event of false alarms, where a gesture is detected despite the fact that the user did
not intend to send that signal, needs to be minimized. Finally, there are also several
important limitations that currently prevent a completely implantable system based
on intracranial electrodes. At this moment, there are no implantable systems on the
market that are approved for human use that allow the simultaneous pre-amplification
and wireless transmission of large numbers of channels. Consequently it is necessary
to keep the number of channels limited, finding a tradeoff between the discriminative
power and the feasibility in terms of signal processing and transmission.

4.5 Conclusion

Brain activity patterns generated by hand gestures can be distinguished from a small
region of the sensorimotor cortex. The results indicate feasibility of decoding multiple
control states from a small patch of cortex for intracranial BCI. The optimal location
of the electrode grid may be determined a priori using high-field fMRI and anatom-
ical landmarks. Although only four gestures were tested, the high classification rate
suggests that good results may be obtained with decoding from this region for larger
numbers of gestures, bringing the concept of directly decoding internal spelling and
of a ’cortical alphabet’ for BCI closer.
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Decoding complex mouth movements
using high-field fMRI

M.G. Bleichner, J.M. Jansma, E. Salari, Z.V. Freudenburg. M. Raemaekers, N. Petridou, N.F. Ramsey

Abstract

Spoken language is based on phonemes, which are produced by the coordinated movements of several

mouth articulators, involving the lips, tongue, jaw and larynx. In this study we tested whether it is possible

to distinguish articulator movements based on their neuronal activity pattern in the sensorimotor cortex. If

proven successful, these motor acts of language could potentially provide a natural and intuitive source for

a brain computer interface (BCI), to re-establish or facilitate communication for severely paralyzed people.

The study was executed using a 7T fMRI, as it has been shown to correlate well with electrocortical

activity patterns as measured by electrocorticography, so findings will bear relevance for BCI with cortical

electrodes. Twelve healthy volunteers executed four mouth movements (lip protrusion, tongue movement,

teeth clenching, and the production of a larynx activating sound) while in the scanner. The data was

acquired in two event related runs used as training and test set, respectively. Trials were classified by

calculating Pearson correlations (pattern-correlation classification) between activation patterns for single

trials taken form the test set, and the mean activation patterns per trial type calculated using the training

set. The classification score was on average 89.1% for four classes (SD = 7.3%, chance level = 25%).

The classification was based on a small area (on average a volume of 0.5cc) located on the sensorimotor

cortex. This study shows that articulator movements can be classified with a high accuracy based on

single trial BOLD activity using pattern-correlation classification.
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5.1 Introduction

The advances in our understanding of human brain function as well as in technical
possibilities make it increasingly interesting to directly interact with the brain for ther-
apeutic purposes. Electrical stimulation of the brain, for example, is used for treatment
of movement disorders (Kalia et al., 2013), pain (Boccard et al., 2013) and epilepsy
(Fridley et al., 2012), as well as to restore lost functions such as hearing (Lim et al.,
2009) and vision (Normann et al., 2009).

In the last decades there has been an emergence of a translational neuroscience
field pursuing to restore limb movements in people with paralysis or amputations.
Neuronal signals are recorded from the central nervous system and translated into
control signals for a computer; an approach referred to as ’Brain Computer Interfac-
ing’ or ’BCI’ (Wolpaw et al., 2002). In recent years, BCI systems are investigated
with electrode grids placed under the dura on the cortical surface which are used for
electrocorticography (ECoG) (Leuthardt et al., 2004; Ramsey et al., 2006; Vansteensel
et al., 2010; Wang et al., 2013b).

Besides the loss of limb control, the loss of the ability to speak is a severe problem
for people with partial or complete paralysis, which can be due to spinal chord lesion,
neuromuscular diseases, stroke or tumors. Speaking as well as writing are essential
aspects of our every day communication and losing these abilities can have severe
consequences for social interactions and quality of life.

Fluent utterances require the intricate coordination of the main articulators: larynx,
jaw, lips and, tongue. In cases where the control of the articulators is not possible
despite a still intact sensorimotor cortex, a BCI could provide a solution. A BCI
would record the control signals meant for the articulators directly from the cortex
bypassing the defective peripheral motor system. By gaining a better understanding
of the cortical control of individual articulator movements, it might be possible to use
BCIs to restore speech (Guenther et al., 2009; Brumberg et al., 2011).

The cortical control of articulators involved in speech production is primarily me-
diated by the ventral half of the lateral sensorimotor cortex (Brown et al., 2009; Grab-
ski et al., 2012; Bouchard et al., 2013). The articulators involved in language produc-
tion follow a dorso-ventral somatotopic organization of lips, jaw, laryngeal and tongue
movements along the primary motor cortex (Penfield and Boldrey, 1937; Brown et al.,
2008, 2009; Grabski et al., 2012). A comparable topographic organization has been
reported for the sensory cortex (Miyamoto, 2005), with an ordered representation of
tongue, teeth, and lips in the ventral to dorsal direction. This topographic representa-
tion of the sensorimotor cortex, conceptually allows for differentiation between move-
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ments based on brain activation.
In this high-field fMRI (7T) study we want to investigate the feasibility of decod-

ing articulators from human sensorimotor cortex. Although one can expect different
patterns of activity for each articulator based on the differences with respect to the in-
volved muscle groups, decoding requires a clear distinction between activity patterns
and, importantly, a highly reproducible pattern for every instance of an the articulator
movement. To this end we used a 7 Tesla MRI scanner to obtain high-quality func-
tional images and assessed whether different articulators can be distinguished from
each other based on activity patterns in sensorimotor cortex, and whether those repre-
sentations are sufficiently robust and stable to allow for single trial classification.

5.2 Methods

5.2.1 Participants

Twelve healthy volunteers (5 male, avgerage age = 21.15, SD = 2.9 years) partici-
pated in the study. The study was approved by the ethical committee of the University
Medical Center Utrecht, and was in agreement with the declaration of Helsinki (2008).
Participants were in good health, with no history of psychiatric or neurological dis-
orders and gave written informed consent for participation prior to the experiment.
All participants were right-handed according to the Edinburgh Handedness Inventory
(Oldfield, 1971). Participants were provided with hearing protection while being in
the scanner.

5.2.2 Task

Participants had to execute four mouth movements (a lip protrusion movement, a
tongue movement (touching the left and right side of the mouth with the tip of the
tongue), a teeth clenching task, and the production of a sound activating the larynx).
For all movements participants were instructed to initiate and end each movement
from a resting state position, which was keeping the mouth closed and relaxed. A vi-
sual instruction, presented for 750ms at central vision, informed the participant about
the condition ("clenching teeth", "lip", "tongue", "mmmh"). Participants were in-
structed to initiate each movement after the cue and go back to the resting position
immediately. Participants were instructed to restrict any other movement as much as
possible, to minimize head-movement artifacts. They were familiarized with the task
right before the scan session.
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Each participant performed two runs, the first run served as training data (out of
which prototypical activation patterns are derived) and the second run as test data. In
each run, subjects performed 10 trials per condition. The trials were presented in a
randomized order. To assure that the BOLD responses of consecutive trials did not
overlap, the inter-trial interval was fixed at a length so that the BOLD response could
return close to baseline (15.6s, 12 scans).

5.2.3 fMRI scans

The fMRI measurements were implemented using a 7 Tesla Philips Achieva MRI
system with a 32-channel head-coil. The functional data was recorded using an EPI
sequence (TR/TE = 1300/27ms, FA = 70, 21 slices, acquisition matrix 112×109,
slice thickness 1.5mm with no gap, 1.482mm in slice resolution, interleaved slice
acquisition). Images were acquired in transverse orientation with the left-right axis
tilted so that the field of view covered the left pre- and postcentral gyrus. During each
run 481 volumes were obtained. A high-resolution T1 weighted image was acquired
for anatomical reference (3D TFE, TR/TE = 6/2ms;FA = 7; voxel size 0.55 ×
0.55× 0.55mm).

5.2.4 fMRI Analysis

All fMRI preprocessing steps were performed using SPM8 (http://www.fil.ion.
ucl.ac.uk/spm). Further analyses were performed with SPM8 and in-house written
Matlab routines (MATLAB version 7.12.0. Natick, Massachusetts: The MathWorks
Inc., 2003.), as well as SPSS (SPSS version 20.0, Armonk,NY: IBM Corp) for statis-
tical analysis. The raw fMRI data were slice time corrected, re-aligned to the mean
functional scan (of the first run) to adjust for subject movement, and co-registered to
the anatomical scan for anatomical labeling. Each run was separately detrended, re-
moving the first, second and third order polynomial trends per voxel. Time-series were
normalized per voxel by subtracting its mean and diving it by its standard deviation
(across-stimuli normalization). No further processing steps were applied. All analyses
were carried out in native space as spatial averaging over participants would remove
the finer spatial features of interest (Sanchez-Panchuelo et al., 2010). Surface recon-
structions of the individual T1 weighted scans were computed using the FreeSurfer
software package (http://www.martinos.org/freesurfer). The Freesurfer pipeline in-
cluded an automatic labeling of the cortex based on the gyral pattern (Desikan et al.,
2006)which was used to define regions of interest (see below). The visualization

http://www.fil.ion.ucl.ac.uk/spm
http://www.fil.ion.ucl.ac.uk/spm
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on the individual inflated brain was realized with Caret (http://www.nitrc.org/
projects/caret).

5.2.5 Regions of Interests

Based on the FreeSurfer automatic labeling of brain areas, four different cortical
masks covering motor (M1) and sensory areas (S1) were defined, which only included
grey matter voxels. The masks included the precentral gyrus (MASKPRE), postcen-
tral gyrus (MASKPOST) and the combination of the two (MASKPREPOST), as well as
a mask that only contained the voxels at the cortical surface (i.e. grey matter lining
the dura) of the pre- & postcentral gyrus (MASKSURFACE). The MASKSURFACE was
used to test whether surface voxels were sufficient for classification, as these are the
voxels that correspond to the portion of the cortex that would be accessible with ECoG
grids. The proximity of voxels to the cortical surface was determined by converting
the surface based sulcal depth map that was generated during the FreeSurfer pipeline
to a 3D volumetric format. Voxels were included in the MASKSURFACE if they were at
or close to the surface of the brain; i.e. voxels that had a negative value in the sulcal
depth map.

5.2.6 Classification method

A pattern-correlation classifier (Haxby et al., 2001) approach was chosen, for its over-
all good classification abilities, simplicity, robustness, and speed (Misaki et al., 2010).
The classification of an individual movement was based on the similarity between the
individual neuronal activation pattern and the prototypical activation pattern. The fea-
tures used for classification were the summed BOLD signal in each voxel for the 4th,
5th and 6th scan (as the BOLD response was expected to show highest signal to noise
at these scans) of all trials within each condition (Andersson et al., 2012).

The similarity measure (distance measure) was the Pearson correlation value over
a specific selection of voxels between an articulator movement trial and each articula-
tor movement prototype from the training session. The movement was subsequently
labeled as the movement prototype with the highest correlation, in a winner-takes-all
approach (Pereira et al., 2009).

http://www.nitrc.org/projects/caret
http://www.nitrc.org/projects/caret


88 Chapter 5

5.2.7 Feature Reduction

Classification accuracy can be improved if it only uses the most informative voxels.
Therefore, we excluded voxels that activated equally for all movements from the clas-
sification. This feature reduction was done by selecting only voxels that showed a
significant difference between the conditions during the training session as assessed
using a one-way ANOVA (Pereira et al., 2009). Voxels that showed a significant dif-
ference in activation across conditions (e.g. A is different form B C D, or AB from
CD etc.) were included in the classification analysis. Significance threshold was set at
an alpha value of 0.05 (Bonferroni corrected for the number of voxels in each mask).
The number of voxels that were selected by this procedure, as well as their locations,
was determined for each mask.

5.2.8 Classification

The percentage of correctly classified trials was computed for each mask and com-
pared using an ANOVA. For MASKPREPOST the classification accuracy was also com-
puted using a sliding window from the first to the 10th scan. This was done to get
an estimate of the most informative time point during a trial. Instead of only using
the summed BOLD response of scan 4, 5 and 6, classification accuracy was also re-
computed using the summed BOLD response using a sliding window of three scans
starting from scan 1 up to scan 10 (i.e. scan 1-3, 2-4, 3-5 etc.). The voxel selection
was the same for all windows and was based on the 4th to 6th scan. Furthermore, the
averaged BOLD response was computed for all selected voxels over all participants.

5.2.9 Error analysis

Classification performance was evaluated using a confusion matrix, which provides
more detailed information about the classification accuracies of the individual move-
ments and the nature of the classification errors made. Differences in classification
accuracy between the individual movements were analyzed using an ANOVA.

The pattern correlation winner-takes-all classification provides a classification rank-
ing. For each incorrectly classified trial, we also computed whether the second choice
of the classifier would have been the correct choice. This was done to gain a better
understanding about the nature of the classification errors made.

Furthermore, we computed an estimate of how confident the classifier was in mak-
ing its decision. For this the correlation scores were Fisher transformed and the per-
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centage difference was computed between the highest and second highest score of a
single trial with the four templates.

5.2.10 Head movements

Head movements during fMRI data acquisition are a well-known problem. From
speech production studies it is know that speaking inside the scanner can mimic or
mask the task-induced BOLD response (Mehta et al., 2006; Gopinath et al., 2009). To
limit the contribution of motion induced artifacts to the results; we used a method for
excluding datasets when there were continued head movements throughout the two
runs. A k-means-clustering based on the motion correction parameters, as calculated
by SPM, showed that the 12 participants fell into two groups. Three of the participants
showed an increased level of persistent head movements and were excluded from the
analysis.

5.3 Results

Location of the informative voxels On average 137 (SD = 129) voxels showed a sig-
nificant difference between conditions over the sensorimotor cortex. Most of these
voxels were located within the ventral half of the lateral central sulcus (Fig. 5.1).

5.3.1 Classification scores

The classification score for MASKPREPOST was on average 89.1% for four classes
(SD = 7.3 %, see figure 5.2). This was significantly above the chance level of 25%
(p < 0.001). Furthermore, the classification rate was not significantly different from
the 90% accuracy criterion that is requested by potential BCI users (Huggins et al.,
2011).

5.3.2 Error analysis

The confusion matrix (Fig. 5.3) shows the classification accuracy of the individ-
ual movements and the type of misclassifications made. An ANOVA with ’Huynh-
Feldt’ epsilon correction for repeated measures indicated that the four articulators
were classified with significantly different accuracy (F(3, 24)=4.225, p<0.05)). A
post hoc test showed a significant difference (p<0.05) between ’Jaw’ (77 %, SD =
20 %) and the other three movements, (’Lip’, 94%, SD = 13%; ’Tongue’, 96%,
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SD = 5%; ’Larynx’, 90%, SD = 11%). There were no consistent misclassifica-
tions of ’Jaw’ with one specific other movement (ANOVA with ’Huynh-Feldt’ correc-
tion: F (2, 16) = 2.041, p = 0.163), however, ’Jaw’ was most often confused with
’Tongue’ (not significant, Fig. 5.3).

In 70% of all misclassified trials the second choice of the classifier would have
been the correct one. For the trials in which misclassifications were made, the confi-
dence (i.e. percentage difference of the highest to the second highest correlation score)
in the decision was smaller compared to the correct classifications. Correct classifi-
cations had an average confidence score of 63% difference, while the misses had an
average confidence score of 22% difference. This indicates that the misses were cases
where there was a less clear winner.

5.3.3 Classification over time

For this dataset the highest classification rate coincides with the peak in the BOLD
response (Fig. 5.4). Classification rates above chance could be achieved also on earlier
scans. With the decrease in BOLD the classification accuracy decreases also.

5.3.4 Correlation scores

The average correlation between a correctly classified single trial and its correspond-
ing template was r = 0.59, and r = 0.14 for the non-corresponding templates. For
the incorrectly classified trials the average correlation was 0.36 for the corresponding
template, and 0.27 for the non-corresponding template. The average correlation of
the templates with each other varied from -0.449 (between ’Tongue’ and ’Larynx’)
and 0.282 (between ’Tongue’ and ’Jaw’), i.e. the movement pair with the highest
correlation was also the movement pair with the most misclassifications (Fig. 5.5).

5.3.5 Effect of mask

If the analysis was restricted to surface voxels only, the classification score was slightly
reduced to 85% (SD = 1.9%), see figure 5.2 and 5.6. An ANOVA with Huynh-Feldt
epsilon correction determined that the mean classification accuracy differed signif-
icantly between masks (F (3, 24) = 13.140, p < 0.01). Pair wise post-hoc tests
(Bonferroni corrected) revealed that the accuracy for MASKPOST (69%, SD = 16%)
was significantly lower compared to MASKPREPOST (89%, SD = 7.5%, p < 0.05)
and MASKSURFACE (85%, SD = 7%, p < 0.05), it was also reduced in respect
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to the MASKPRE (87%, SD = 8%), which approached significance (p = 0.063).
There was also a significant difference between MASKSURFACE (85%, SD = 7%) and
MASKPREPOST (89%, SD = 7.5%, p < 0.05).

P1 P2 P3

P4 P5 P6

P7 P8 P9

Figure 5.1: Most distinctive voxel (red) on the individual inflated anatomy (dark grey in the sulcus, light gray
on the surface) for MASKPREPOST. The most distinctive voxels are located primarily within the ventral half of the
lateral central sulcus.

5.4 Discussion

We have shown in this study that it is possible to classify four articulator movements
with an accuracy of 89% based on single trial BOLD activity using pattern-correlation
classification. The high accuracy of the single trial classification indicates that the
patterns of neuronal activity, even if they are reflected by changes in BOLD, are highly
specific as well as stable for each movement.

Our classification method used information from a relative small set of voxels lo-
cated in a confined area in the ventral half of the lateral sensorimotor cortex. The
informative voxels were located to a large extent within the central sulcus, but us-
ing only surface voxels provided comparable classification accuracies (89.1% for all
voxels and 85% for surface voxels). The informative voxels were partly located on



92 Chapter 5

0

20

40

60

80

100
SurfacePrePost

Participants

C
la

ss
i 

ca
ti

o
n

 A
cc

u
ra

cy
 [

%
]

0.0
0.2
0.4
0.6
0.8
1.0

Figure 5.2: Classification score for each participant for MASKPREPOST (black) and MASKSURFACE (gray) and
the average classification score (indicated as dashed and dotted line, respectively). Chance level is 25%.

precentral areas and partly on the postcentral areas. These findings are in line with
findings from previous studies that looked at the topographic representation of the
articulators (Brown et al., 2009; Grabski et al., 2012; Bouchard et al., 2013).

The classification accuracy for the precentral area, containing the primary motor
cortex, was significantly higher compared to the postcentral area, containing primar-
ily the sensory cortex. This result confirms the presence of a strong and stable topo-
graphic organization in the primary motor cortex. Not all movement were classified
with comparable accuracy. The classification accuracy for the ’Jaw’ movement was
significantly lower compared to the other movements. There was a tendency that the
’Jaw’ movement was misclassified as the ’Tongue’ movement than with the two other
movements. The highest classification rates were achieved at the peak of the BOLD
response at scan 5, which is consistent with earlier studies using 7 tesla fMRI for
decoding (Andersson et al., 2011).

We have chosen here for a pattern-correlation approach for its overall good clas-
sification abilities for small number of voxels, as well as its simplicity, robustness,
and speed. Despite its simplicity, it has been shown to perform equally well for small
numbers of voxels than other often more complicated classifiers such as Fisher’s la-
tent discriminant or methods based on support vector machines, (Misaki et al., 2010).
However, for larger number of voxels (>500) other approaches could possibly provide
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Figure 5.3: Average confusion matrix showing the classification accuracy in percentage for each of the move-
ments. The vertical axis shows the actual label, the horizontal axis shows the predicted label. Perfect classification
is a white diagonal from upper left corner to lower left corner. For correct classifications the accuracy score is also
indicated in each field. The color bar on the right shows the color scale.

better classification results.
The next necessary step in order to decode the acts of language production is to

decode individual phonemes, i.e. the coordinated movements of the different artic-
ulators. Phoneme production requires the sequential or simultaneous movement of
several articulators. The timing differences of the articulators between the phonemes
might be very small and the temporal resolution of fMRI might not suffice to detect
those differences. Other imaging techniques, like ECoG, might therefore be necessary
to differentiate individual phonemes on a single trials bases (Bouchard et al., 2013).

Furthermore, the tongue position appears to be strongly informative for differen-
tiating phonemes on the muscular level (Wang et al., 2013a). Future studies decoding
from the sensorimotor cortex should therefore concentrate on discriminating different
tongue positions and movements.

We argue that decoding speech related movements provides an interesting ap-
proach for BCI control, as it would allow for a very natural way to re-establish com-
munication. Such a BCI would have a number of advantages over existing approaches.
First, it would allow for an intuitive BCI control; decoding articulators could provide a
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Figure 5.4: First row: Normalized BOLD response, averaged over all voxels used for classification, and all
participants. Second row: Classification Accuracy over time, averaged over all participants. The classification
score for, e.g., the sum of scan 1, 2 and 3 is show as scan number 2. The highest classification accuracies are
reached when the BOLD response reaches its maximum.

speech like BCI, as articulators are the building blocks of phonemes, which in turn are
the building blocks of words, and consequently sentences. By decoding those states
directly from the cortex, the BCI user would not need to learn a new control strategy
but the decoder would simply interpret the neuronal activity that corresponds to the
phoneme that is intended to be generated. Second, the cognitive load for controlling
the BCI would be low. This is important, as a high load can be difficult to maintain,
and increases the chances of interference with other tasks. Sorger et al (2012), for
example were capable of also reaching high classification accuracies. A possible dis-
advantage of their method however could be that their BCI required the user to switch
between different control strategies; i.e. motor imagery, mental calculation and in-
ner speech. Switching between these different tasks mental effort and attention and
may lead to fatigue and deterioration of task performance (Lorist et al., 2000). It also
means that none of these or related tasks can be performed other than for controlling
the BCI. Controlling a BCI by producing different articulator movements however
can be performed without much effort and does not require task switching. Thus this
task can be expected to perform well both in regard to preventing fatigue as well as
preventing interference.
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Figure 5.5: Average correlation score of the templates with each other. ’Tongue’ and ’Jaw’ have the highest
positive correlation, whereas ’Larynx’ and ’Tongue’ have the highest negative correlation.

Finally, a BCI based on decoding mouth movements is ’asynchronous’ (del R Mil-
lán and Mouriño, 2003), in the sense that it does not require external stimulation, but
the user can generate the control signals whenever he wants, unlike for instance a
P300 speller (Farwell and Donchin, 1988). This makes this approach also interesting
for visually impaired people who are incapable of controlling their eye gaze (Brunner
et al., 2010).

For a real time BCI application the classification rates that were reached here could
even be expected to increase. In 70 % of the misclassified trials the second choice
would have been the correct choice. Therefore, some of the classification errors could
be corrected by considering the context. Furthermore, correct classifications were
made with a higher confidence than incorrect classifications. The risk of a false alarm
could be reduced by only accepting classifier decisions that have a high confidence
value.

Our results are relevant for implantable BCIs based on surface electrodes. The
spatial resolution (1.5mm isotropic) used in this study is comparable to the area that
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Figure 5.6: Classification accuracy for each mask. The MASKPOST had a lower classification accuracy com-
pared to all others (significance is marked by the asterisk, approaching significance p = 0.064 is marked by a
dot). The classification accuracy for MASKSURFACE is significantly lower than for MASKPREPOST. The dashed line
indicates the 25% chance level. The error bars show the standard deviation.

is covered by an electrode of a high-density grid (Siero et al., 2013). Together with the
high correspondence of the fMRI and ECoG signal (Lachaux et al., 2007; Ojemann
et al., 2013), it is possible to translate our findings to implanted electrodes (Hermes
et al., 2012). As it is generally not feasible to place ECoG electrodes in a sulcus (but
see (Yanagisawa et al., 2009) for an exception), we also performed an analysis that
was limited to surface voxels that are accessible with surface electrodes. The classifi-
cation accuracy was only slightly lower (−4%). This indicates that grid electrodes can
access these informative regions. It can be expected that decoding of speech related
movements using high-density ECoG grids should provide at least comparable levels
of accuracy. The results might even improve as ECoG can also make use of temporal
as well as spectral information.

Before this approach can be used to help paralyzed people, additional steps have
to be taken. First, it has to be shown that the current results are also representative for
paralyzed people. There is some evidence that the topographic representations of the
motor cortex may degrade after long periods of inactivity due to paralysis (Yanagisawa
et al., 2012; Jurkiewicz et al., 2010). However, the reorganization of the motor cortex
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after long periods of motor loss seems rather small and therefore BCI control using
the motor cortex should still be possible long after injury (Shoham et al., 2001). Prac-
ticing attempted movements with feedback of a BCI may stimulate the motor cortex
with its high potential for plasticity (Karni et al., 1995) and thereby increase the dis-
criminability of the movement as acquiring and improving new motor skills leads to
changes of the representation on the motor cortex (Amunts et al., 1997; Jäncke et al.,
2000; Monfils et al., 2005; Hänggi et al., 2010).

More importantly, while our subjects actually performed the movements, this is
obviously not possible for paralyzed people. There are however several reasons to
expect that our results are also representative for paralyzed people attempting to per-
form articulator movements.Hotz-Boendermaker et al. (2008) have reported that para-
plegics showed activation of the primary motor cortex during attempted movements
that was comparable to the executed movements in healthy controls. Blokland et al.
(2012) showed that in tetraplegic patients, classification accuracy was higher for at-
tempted finger movements than for imagined movements. Moreover, Hochberg et al.
(2012), Collinger et al. (2012) and Wang et al. (2013b) have shown that the senso-
rimotor cortex in paralyzed people provides sufficient information during attempted
movements that allows for control of a robotic arm in several dimensions. Neverthe-
less, it remains to be shown that attempted articulator movements can be discriminated
in paralyzed people.

Finally, several practical issues need to be solved. For efficient communication it
is necessary that movements following in rapid succession can still be discriminated.
Also, the false alarm events, where a movement is detected despite the fact that the
user did not intend to send that signal, need to be minimized. It is also necessary to
increase the number of movements that can be distinguished in order to allow fluent
speech recognition.

5.5 Conclusion

In this study we showed that four articulator movements could be classified with high
accuracy based on their single trial BOLD responses within a confined area in the
sensorimotor cortex. Future research has to show whether it is possible to extend the
number of movements and whether classification is also possible in paralyzed people
that can only perform attempted movements.
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6.1 Summary

Implantable brain computer interfaces (BCIs) promise to re-establish communication
for severely paralyzed people. BCIs based on cortical-surface electrodes are a chal-
lenging technology, as they require an understanding of the signal acquisition, the sig-
nal processing, the properties of populations of neurons, and the interactions between
the BCI and its user. This thesis argues that decoding the acts of language production
is a promising strategy for BCI control. Using high-field fMRI and (high-density)
ECoG we studied the topographic representation of different acts of language produc-
tion and the robustness of their activity patterns, to test the hypothesis of fine-grained
topography. Further testing in paralyzed people is required to investigate potential ap-
plications of our work in BCIs.

Recording the neuronal activity from the cortical surface using ECoG provides a high-
quality signal with temporal and spatial resolution unparalleled by other human neu-
roimaging techniques (Jacobs and Kahana, 2010). In chapter 2 we have considered
that the cortical surface is not uniform and investigated if the position of the electrodes
(i.e. on a blood vessel or directly on the cortex) can have an effect on the recorded
signal. Compared to electrodes that are placed on the cortical surface, electrodes that
are located on top of blood vessels have a larger distance to the cortex, with additional
tissue (layers of fluids and vessel walls) in between. We showed in this study that
the signal recorded by electrodes on top of blood vessels has a different frequency
content compared to the signal recorded by electrodes that are in direct contact with
the cortical surface. This is primarily the case for higher frequencies, which are most
informative for BCI control (Vansteensel et al., 2010). The absolute differences in
power are only small and might not be relevant in many settings. They are, however,
relevant in the context of implantable BCI systems where the absolute signal strength
is a relevant factor, for example for the necessary pre-amplification of the signal be-
fore it can be transmitted.

In chapter 3 we have shown that hand gestures can be discriminated based on their
representation on the sensorimotor cortex on a single trial basis using high-field fMRI.
Four complex hand gestures could be classified with an accuracy of 63%. A small
patch of cortex, around the hand knob area, was sufficient to make this discrimination.
While an accuracy of 63% is significantly above chance, it is still below the 90% level
that is considered as acceptable for BCI control (Huggins et al., 2011). The classifi-
cation accuracy varied considerably between participants, and appeared to be related
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to the consistency with which the gestures were executed. The more consistent the
execution of the gestures was, the better the classification was. In the best case the
classification accuracy reached 95%. Future research has to show whether more ex-
tensive training prior to the experiment leads to better classification accuracy.

In Chapter 4 we expanded on the findings of chapter 3 with implanted electrode grids.
We studied five patients undergoing electrode implantation for epilepsy diagnostics.
High-density electrode grids were implanted on the sensorimotor cortex. From the five
patients two had adequate hand-knob coverage for analysis. In this study we showed
that hand gestures could also be discriminated using ECoG signals. Four different
hand gestures were classified with 97% in one participant and with 73% in the second
participant. The classification accuracy was dependent on the location of the electrode
grid and the correct execution of the gestures. This study provides an important next
step towards using hand gestures as control signal for an implantable BCI.
Taken together, chapters 3 and 4 showed that gestures could be discriminated using
high-field fMRI and high-density ECoG. This implies that the two methods can be
used to inform each other, which is relevant for implantable BCIs. If it is possible to
predict the correct electrode location of an implant prior to surgery the risks and costs
of an implant can be decreased, as it assures that only promising cases will undergo
the risk of surgery.

In Chapter 5 we have shown that articulator movements can be discriminated based
on their representation on the sensorimotor cortex on a single trial basis using high-
field fMRI with an accuracy of 89%. A small patch of cortex, the ventral half of the
lateral sensorimotor cortex, was sufficient to make these discriminations. Most of the
informative voxels were located within the central sulcus, but classification rates were
only slightly worse (−4%) if exclusively surface voxels were used. This indicates that
the articulators could also be distinguished using surface electrodes.
Decoding articulator movements is an important first step towards decoding language
from the cortex. The coordinated movement of the articulators generates phonemes,
and consequently words and sentences. If we succeed in decoding the motor act un-
derlying language production this can be a way to re-establish speech in people with
severe paralysis.
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6.2 Postulated advantages

We claim that using the acts of language production for BCI control has several ad-
vantages over other control strategies:

• A small, confined area of cortex is sufficient to discriminate different move-
ments. This confined area is an optimal target for subdural grid placement with
a comparatively small surgery.

• The close correspondence between the fMRI and ECoG results (see also earlier
studies (Hermes et al., 2012; Siero et al., 2013a,b) suggests that it is possible
to pre-localize the best grid position with fMRI prior to implantation. Further-
more, it is possible to train the patient inside the scanner prior to implantation.

• Our approach of decoding language related movements does not require switch-
ing between different control tasks (e.g. motor imagery, mental calculation and
inner speech), but it is possible to create different control signals by variation of
the same task (i.e. gestures or articulations).

• Our approach may enable expanding the number of classes. Although we have
only differentiated between four movements, it should be possible to differenti-
ate between a larger number of movements.

• Increasing the number of movements and thereby the number of control signals
would not increase the time that is necessary for a selection.

• Our approach can be self-paced. Unlike a P300 speller (Farwell and Donchin,
1988), or a BCI based on steady state visual evoked potentials (SSVEP) (Müller-
Putz et al., 2005) it is not necessary to have external stimulation, which makes
it also interesting for visually impaired patients (Brunner et al., 2010).

• Interference effects with other cognitive tasks can be expected to be minimal.
This should have a positive effect on the false alarm rate.

6.3 Discussion

This work is an important first step towards using the cortical activity related to the
acts of attempted language production as control signal for implantable BCIs. The
results form the basis for future studies into the similarity of those representations in
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healthy volunteers and in paralyzed people. It will be crucial to verify our results in
people who can only attempt to, but not actually move their limbs and facial muscles.

In the remainder of this thesis I will discuss our choice of the study populations
and will motivate the use of executed instead of imagined movements in our studies. I
will discuss the necessity and the possibilities of increasing the number of movements
and explain the choice of the classifier used. Finally, I will discuss some aspects for
real time BCI applications and the relationship of high-density ECoG and high-field
fMRI. I will conclude with an outlook on future developments of implantable BCIs.

6.3.1 Choice of research participants

We have shown that it is possible to discriminate complex movements in healthy vol-
unteers executing movements. This is interesting in itself from a neuroscientific per-
spective, as it shows that there is a stable representation of complex movements on
the level of populations of neurons. Yet, future studies are necessary to show that also
complex attempted movements can be discriminated in people that lost the ability to
move. This has to be either done in people with complete paralysis, for whom the BCI
is eventually intended, or in people who have lost a limb.

There are three relevant questions that have to be answered in this context.

• Are the fine grained topographic representations still present after paralysis or
loss of a limb?

• Does the duration of paralysis have an influence on the fine grained representa-
tion?

• If the fine grained structure is lost over time, is it possible to re-establish such a
representation with the help of neurofeedback?

There is some evidence that the topographic representations of the motor cortex
may degrade due to paralysis (Yanagisawa et al., 2012; Jurkiewicz et al., 2010). How-
ever, the loss of motor cortex activity only happens after longer periods of paralysis
(Jurkiewicz et al., 2010) and there is no indication that this process is irreversible.
Acquiring and improving new motor skills has been shown to lead to changes of the
representation on the motor cortex (Amunts et al., 1997; Jäncke et al., 2000; Monfils
et al., 2005; Hänggi et al., 2010). Practicing attempted movements with feedback of a
BCI may stimulate the motor cortex with its high potential for plasticity (Karni et al.,
1995) and could thereby increase the discriminability of the (attempted) movements.
A BCI implanted early after paralysis might even prevent the loss of the topographic
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representation as the cortical area continues to be used.
Moreover, Hochberg et al. (2012), Collinger et al. (2012) and Wang et al. (2013) have
used the activity on the sensorimotor cortex in paralyzed people to control robotic
arms. This clearly shows that the sensorimotor cortex still provides sufficient infor-
mation after paralysis.

6.3.2 Attempted, executed and imagined movements

In our studies we have used only executed movements. This appears counter-intuitive
as the users of a BCI are paralyzed and cannot move. In most of the BCI research
with healthy volunteers motor imagery is used instead. The rationale is that motor
imagery, i.e. thinking about a movement without actually performing it, is the best
model for what people with paralysis do (Pfurtscheller et al., 1993; Wolpaw et al.,
2002; Pfurtscheller and Neuper, 1997). However, we want to question this view.

Paralyzed and non-paralyzed people obviously differ in their ability to move. Non-
paralyzed people can either actively execute a movement, or imagine making a move-
ment. In the last situation, non-paralyzed people have to actively suppress the activity
in their motor cortex to prevent their muscles from moving. Hermes et al. (2011) for
example showed in an fMRI study that the motor cortex is not involved in motor im-
agery. For healthy people it even appears to be virtually impossible to think about
a movement without actually performing this movement to a small extent. This phe-
nomenon is known as the ’ideomotor effect’ and is used for example by magicians and
mentalists to ’read’ their spectators mind. Ideomotor movements are subconscious and
are hardly preventable by the participant.

People with paralysis, on the other hand, can imagine making a movement (similar
to healthy volunteers), but they can also attempt to move. Important for this thesis,
for paraplegics, the motor cortex shows activation during attempted movements that
is comparable to executed movements in healthy controls (Hotz-Boendermaker et al.,
2008). In addition, using EEG Blokland et al. (2012) and López-Larraz et al. (2011)
showed that tetraplegic participants could control a BCI better using attempted move-
ments than using imagined movements. Furthermore, the studies with intracortical
electrodes in people with tetraplegia all show that the motor cortex provides sufficient
detail to decode movements during the attempt to make those movements (Hochberg
et al., 2012; Collinger et al., 2012; Wang et al., 2013).

We therefore argue that the attempted movement condition of a paralyzed per-
son resembles more the executed movement than the imagined movement of a non-
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paralyzed, person and that executed movements are, thus, the better model to use for
the development of BCIs.

6.3.3 Number of decodable gestures and articulations

All studies described in this thesis have been limited to discriminate four movements.
Decoding four different states with high accuracy already allows good BCI control as
has been shown for other fMRI based BCI systems (Sorger et al., 2012; Andersson
et al., 2011). However, if a BCI should allow for fast, speech-like communication,
it is necessary to increase the number of discriminable states. In the ideal case all
hand gestures of the finger spelling alphabet or all articulator movements that give
rise to the complete set of phonemes would be decoded. For practical purposes each
additional movement that can be discriminated improves the BCI control.

Gestures

The hand gestures could be discriminated with 62 % using fMRI (chapter 3), which
would not suffice for reliable BCI control. It was apparent that the consistency with
which the movements were performed had an influence on the discriminability, i.e.
the same movement is associated with the same neuronal activity pattern. Before the
number of hand movements can be increased the quality of the discrimination has to
improve.

In cases where the movements were executed consistently classification rates for
both fMRI and ECoG reached above 95 %. It is hence conceivable that with consistent
movement execution the number of gestures to be discriminated could be increased.
Chestek et al. (2013), for example showed in their study (albeit with mostly standard
grids and covering multiple brain regions) that nine different grasping movements
could be discriminated with high accuracy. Therefore, it can be assumed that more
gestures can be discriminated using high-density grids covering the hand knob area.

Obviously some gestures will be easier to discriminate than others depending on
their similarity. For example the gestures ’A’ (fist with the thumb at the side of the
fingers) ’S’ (fist with the thumb over the fingers), and ’I’ (like ’A’ but with an stretched
little finger) are very similar to each other and can be expected to be more difficult to
discriminate (see figure 6.1).

Furthermore, it is the question whether surface electrodes can sample from the
informative regions. Part of the neural activity during hand movement is difficult
to record with ECoG electrodes, as the activity is deep inside the sulcus. However,
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A I S

Figure 6.1: The gestures ’A’,’I’ and ’S’ differ only in the position of individual fingers.

Yanagisawa et al. (2009) have reported that intrasulcal recordings are possible in peo-
ple with paralysis. Future studies with high-field fMRI and high-density ECoG have
to answer these questions.

Articulations

For the articulator movements the classification accuracy was with 89 % very good.
In order to decode speech like movement it is necessary to extend the number of
discriminable states substantially. In chapter 5 we have decoded only isolated artic-
ulator movements. However, phonemes, the building blocks of individual words are
produced by the complex parallel and sequential interaction of the articulators. The
differences between individual phonemes can be very subtle. While the isolated artic-
ulators appear to be represented in a fairly separated manner, movements that involve
multiple articulators are likely to show a more overlapping and integrated pattern of
neuronal activity (Schieber, 2001; Takai et al., 2010). Furthermore, the subtle timing
differences between individual phonemes (Bouchard et al., 2013) are likely too small
for the temporal resolution of fMRI. It will be necessary to study those differences
using high-density ECoG electrodes.

The individual movements in the fMRI and ECoG studies were discriminated
based on amplitude differences at different cortical sites, leaving temporal information
aside. Especially for the ECoG data it can be expected that there is more information
in the temporal and spectral domain. While the approach chosen here was sufficient to
discriminate the four movements it might be necessary to take temporal information
into account to extend to a larger set of movements.
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6.3.4 Choice of classifier

An obvious point of criticism is the choice of the classifier as it is essential in dis-
criminating between different cortical patterns. We have used in our studies a pattern-
correlation classifier approach due to its overall good classification abilities, simplic-
ity, robustness and speed; the pattern-correlation classifier performs, especially for a
small number of voxels comparably or even better than other linear classifiers (Misaki
et al., 2010).

We have tested several other classifiers such as linear discriminant analysis, sup-
port vector machines and deep belief networks (Hinton and Salakhutdinov, 2006) on
our data (not shown in this thesis) and found that none of the more advanced ap-
proaches outperformed the simple approach used here. We saw therefore no need to
choose a different classifier. It might be, however, that more advanced classifiers will
prove to be useful when the number of movements to be distinguished is increased
and more subtle and more complex differences in the data have to be detected.

6.3.5 Real time BCI control

Issue 1: Real time application

In this thesis we have shown only offline classification. For BCI purposes it is of
course necessary to classify individual trials in real time. However, out data gives no
indication that real time BCI control should be impossible.

In chapters 3 to 5 we have shown that single trial classification is possible and that
only few training trials are sufficient to achieve good classification results. It would
therefore suffice to acquire a small set of training trials in a short period to train the
classifier, making it a feasible approach for real time applications.

Issue 2: Error reduction

There are a number of possibilities to reduce or correct errors in real time applications
which would increase the reliability of the system. In chapter 5 we have shown that for
incorrectly classified movements the second choice of the classifier often would have
been the correct choice. Errors could be prevented by using the context information of
a word; for each decision it could be checked whether the selected letter is plausible
or possible in the context. For example if the user wrote ’Cort’ and the first choice of
the classifier was ’X’ and the second choice of the classifier was ’E’, the ’E’ would be
selected as the only logical choice.
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Furthermore, the number of errors could be reduced by only considering classifier
choices that were made with a sufficiently high level of confidence. The winner-take-
all selection used in our studies will select a movement even in those cases where
all templates correlate equally with the trial, or even when there is no correlation at
all. In chapter 5 we have shown that correct classifier decisions were made with a
high confidence while incorrect decisions were made when the confidence was low.
By ignoring classifier decisions that were below a certain confidence threshold the
number of errors could be reduced.

Using a confidence threshold as discussed in the previous section could provide
a solution here as well. Furthermore, for an asynchronous BCI (del R Millán and
Mouriño, 2003), i.e. a BCI that is not externally timed but where the user can send out
a control signal whenever he wants, the classifier not only has to classify an event but
also has to detect whether the event is present or not.

Issue 3: False alarms

An additional concern for real time applications is the false alarm rate, i.e. how often
the classifier detects and selects an event which was not intended by the user (Tor-
res Valderrama et al., 2012). This is especially a problem outside those periods where
the user wants to control the BCI. One solution to prevent this would be to have an
ON-OFF switch for the BCI. This could be a specific sequence of commands the user
has to give in order to switch the BCI on or off. This sequence has to be designed in
such a way that the risk of a false detection is minimal.

Issue 4: Speed

Finally, the question is how quickly individual movements can succeed each other
while still being discriminable. In the fMRI studies (chapter 3 and 5) the best clas-
sification accuracies were achieved using the 4th to 6th scan; i.e. the decision could
be made approximately 6 seconds after the movement was made. This is due to the
sluggishness of the BOLD response, which has an inherent time delay. It will be dif-
ficult to decrease this period. Furthermore, the trials in our studies were separated by
more than 15 seconds to assure that the BOLD responses of consecutive trials would
not overlap. It remains to be shown whether this period could be decreased.

For the ECoG data (chapter 4) we have used segments of three seconds for making
a decision. Due to the limited amount of data we could not test reasonably whether
shorter time periods would still allow high classification accuracies. However, given



SUMMARY AND GENERAL DISCUSSION 115

the temporal resolution and the fast temporal dynamics of the broad-band gamma
response, it appears to be plausible that decisions could be made on smaller chunks of
data and therefore also in faster succession.

The question raised in this section can eventually only be answered in an experi-
ment were the user can continuously control a BCI. Only under those circumstances
the long term effects and interference effects with other cognitive activities can be
studied.

6.3.6 Relation between high-field fMRI and high-density ECoG

Whereas fMRI based BCIs are only of minor relevance, as they cannot be used on
an everyday basis, they still provide some interesting applications. They can help to
identify the cognitive state of a locked-in person and could provide a way to acquire
informed consent from the person, e.g. for getting an implanted BCI system, or for
BCI practice prior to electrode implantation.

More importantly high-field fMRI can help to answer some of the raised questions
in a mildly invasive way. To make optimal use of fMRI for BCI research our under-
standing on how (high-field) fMRI relates to (high-density) ECoG has to be improved.
The studies of Hermes et al. (2012) and Siero et al. (2013b,a) have shown the great
value of comparing high-field fMRI and high-density ECoG within the same patient.
Although the simultaneous recording of these techniques is not possible, the sequential
data acquisition within the same patients is already extremely valuable. Only in this
way we can show how the neuronal activation pattern obtained with both techniques
relate.

With a better understanding of the relationship between ECoG and fMRI, fMRI
can be used more effectively to pre-localize the implantation target. It is conceivable
that electrode grids could be tailored to the activation pattern of an individual patient.
In this way one could implant a minimal number of electrodes on only those areas that
are relevant. This would limit the risk of infection and bleeding and would reduce the
number of channels that would have to be processed and transmitted, thereby limiting
the cost and complexity of an implant.

6.4 Future perspective of implantable BCI

BCI is a fascinating application of neuroscientific insights. The direct connection
between our central nervous system and technical devices has long been part of the
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science fiction literature. While we have become used to pacemakers, artificial bones,
and cochlear implants to restore lost functionality, a brain implant is still often met
with suspicion. The idea of a computer directly interacting with our brains appears
strange to many. A recent survey among BCI users conducted by the Wadsworth cen-
ter (results presented at the 5th International BCI meeting 2013, Pacific Grove, Cali-
fornia, USA) showed that many BCI users were unhappy with current EEG systems.
They were considered to be difficult to set up, inconvenient, undignifying, ugly, and
not available for most of the day. However, the same group also strongly objected to
the idea of an implantable system. Only a few of those patients considered an implant
as a viable option.

Before implantable BCIs will find a widespread acceptance researchers have to
prove that they provide an advantage in comfort, availability and usability in com-
parison to EEG based BCI. Furthermore, it has to be shown that the increase in the
quality of life outweighs the risks of the necessary implantation procedure. Future re-
search therefore has to concentrate on the development of minimally invasive perma-
nent BCI systems (Zhang et al., 2013). For this it is necessary to develop completely
implantable systems that can pre-amplify and transmit a sufficiently large number of
channels to allow for complex BCI control.

6.4.1 The potential of ECoG based BCI

In comparison to EEG electrodes, which are attached outside the skull, surface elec-
trodes, which are placed epi- or subdurally, have a number of advantages for perma-
nent BCIs. First, they have a better signal-to-noise ratio. The shorter distance between
the electrode and the source of the neuronal activity and less intervening tissue lead
to a better signal to noise ratio. Second, they are not affected by muscle activity and
other artifacts caused by body movements. Third, they have a higher spatial resolu-
tion, and allow distinguishing fine scale details that are virtually invisible for scalp
electrodes. Finally, the frequency range from which can be recorded is higher. With
EEG, frequencies above 50 Hz are difficult to obtain, especially in a noisy environ-
ment as the patients’ home. For surface electrodes frequencies up to 150 Hz are easily
obtainable, and it was even reported that frequencies up to 500 Hz can be recorded
that also contain task related activity (Gaona et al., 2011). By measuring the higher
frequencies (above 60Hz) the timing of such a device can be faster. Furthermore, it has
been argued (Birbaumer, 2006) that non-invasive BCIs require long training periods
and that error rates are high even after extensive training.

In comparison to needle electrodes, which are pushed into the upper cortical layer,
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surface electrodes do not pierce into the cortex and are therefore less invasive. Small
bleedings due to placement of the electrodes or micro movements are less likely to
occur with surface electrodes (House et al., 2005).

Surface electrodes as well as intracortical electrodes can be placed with a minor
(minimally invasive) surgery that is comparable to the surgery of a cochlea implant
and a pacemaker. An important additional advantage of surface electrodes is that they
can be placed outside the dura (Torres Valderrama et al., 2010). Leaving the dura
intact decreases the risk of infection and allows for an easier surgery. ECoG based
BCIs provide therefore a reasonable tradeoff between the surgical risk and the amount
of BCI control they offer.

6.4.2 The challenges of translational neuroscience

The main challenge for permanent BCIs will be to translate the technology into ther-
apeutically useful and affordable medical devices. The general principles have been
shown to work more than 20 years ago (Pfurtscheller et al., 1993; Farwell and Donchin,
1988); however, there are no systems as of yet that offer locked-in patients any restora-
tion, as none of these systems is ready for at-home-use. They can only be considered
as proof of principle.

We have worked in the last three years extensively on the development of a com-
pletely implantable BCI system that would allow a person with severe paralysis a
certain level of independence. We argue that a fully implantable BCI based on sur-
face electrodes is the best approach to meet our criteria we defined for the ideal BCI
(see section 1.1.4). In Utrecht we, therefore, pursue the development of an ECoG
based implantable system that provides very robust control. The primary goal is to
provide the user with a simple and reliable switch. A simple switch allows control-
ling a multitude of assistive technology devices and would allow slow but elaborate
communication. For a completely locked-in person with no communication ability,
such a switch would re-establish communication and would have a major impact on
the quality of life.

This collaborative effort with scientists, neurosurgeons, technicians and managers
made it clear which challenges there are to transfer a scientific concept into a real
application that can benefit patients. These challenges were primarily not scientific in
nature but concerned technical, ethical and juridical problems. Furthermore, it became
obvious that neither a university or university hospital nor a company is capable to
make this translation on its own.
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6.4.3 Conclusion

The work presented in this thesis shows that the cortical representation on the mil-
limeter scale can be used to differentiate between several types of gestures and sev-
eral types of articulations on an individual trial level. The usage of high-density im-
plantable grid electrodes makes it possible to exploit this information and might pro-
vide a promising approach for implantable BCI for severely paralyzed patients.

As of yet we cannot restore communication for completely locked-in patients and
our work is only a first step towards a language-based BCI. Future studies have to
show that the rich cortical representation is still present for those patients. The key to
the world, as we referred to in the introduction, still awaits to be forged.

Wir stehen selbst [...] und sehn betroffen
Den Vorhang zu und alle Fragen offen. Bertolt Brecht: Der gute Mensch
von Sezuan
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Dit promotieonderzoek laat zien dat het mogelijk is om een aantal mond en hand be-
wegingen te ontcijferen op basis van de hersenactiviteit van een klein hersengebied.
Deze bevindingen kunnen belangrijk zijn voor mensen met een ernstige verlamming.

Ernstige gevallen van verlamming als gevolg van een beroerte, neurodegeneratieve
ziekte, tumor of dwarslaesie kunnen tot een volledig verlies van spiercontrole leiden,
waardoor iemand niet meer in staat is te communiceren. Brein-computer interfaces
(BCI), nu nog in ontwikkeling, moeten in deze gevallen de mogelijkheid bieden om
het spierstelsel te omzeilen en de intenties van de gebruiker direct voor de aansturing
van externe apparaten te gebruiken. Daarvoor wordt de aan die intentie gerelateerde
hersenactiviteit met behulp van elektroden gemeten.

Eerder onderzoek laat zien dat de beste resultaten behaald worden met implanteerbare
elektroden die het signaal direct van het hersenoppervlak meten. Het uiteindelijke
doel van vervolg onderzoek is om ernstig verlamde mensen een mogelijkheid te bie-
den tot communiceren via een computer die direct aangesloten is op implanteerbare
elektroden. In deze proefschrift bestudeerden wij de topografie en stabiliteit van ac-
tivatiepatronen van verschillende, aan taal gerelateerde bewegingen met behulp van
functionele MRI (fMRI) met hoge magneetveldsterkte en elektrocorticografie (ECoG)
met hoge elektrodedichtheid .

Als eerste stap hebben wij naar de cortex zelf gekeken. Het opnemen van de neuronale
activiteit met elektroden op het hersenoppervlak (ECoG) levert een hoogwaardig sig-
naal op met een goede temporele en spatiale resolutie. In hoofdstuk 2 gaan in op het
feit dat het hersenoppervlak niet overal gelijk is doordat bloedvaten van verschillende
diktes over het hersenoppervlak lopen. In vergelijking met elektroden die direct op
de hersenen liggen, hebben elektroden die bovenop een bloedvat liggen een grotere
afstand tot het hersenweefsel met de vaatwanden en het bloed ertussen als extra bar-
riŔre. Wij hebben onderzocht of er een verschil is tussen de signalen opgenomen met
elektroden op een bloedvat of direct op het hersenweefsel.

We stelden vast dat er een klein maar significant verschil in de frequentie-inhoud
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voor de twee onderzochte elektrodelocaties was. De grootste verschillen werden
waargenomen in de hogere frequenties, welke het meest informatief zijn voor BCI-
toepassingen. Ondanks het geringe effect zijn deze bevindingen relevant voor im-
planteerbare BCI-systemen waarbij de absolute signaalsterkte een relevante factor is,
bijvoorbeeld vanwege de voorversterking voordat het signaal kan worden gebruikt.

Vervolgens hebben wij met behulp van fMRI op een 7 Tesla MRI-scanner en ECoG
aangetoond dat we een aantal mond en hand bewegingen (gebruikt voor spraak en ge-
barentaal) op basis van hersenactiviteit goed van elkaar kunnen onderscheiden.

In een 7T-fMRI studie (hoofdstuk 3) met gezonde vrijwilligers laten wij zien dat
individuele handgebaren onderscheiden kunnen worden op basis van hun activiteits-
patroon op de sensomotorische cortex. Vier complexe handgebaren konden met een
nauwkeurigheid van 63% geclassificeerd worden (bij willekeurige classificatie zou de
nauwkeurigheid 25% zijn). Een klein stukje van de sensomotorische cortex, rond de
zogenaamde ’hand knob’, was voldoende om dit onderscheid te maken. De nauwkeu-
righeid varieerde aanzienlijk tussen de deelnemers (35 - 95%) en leek gerelateerd aan
de consistentie waarmee de gebaren werden uitgevoerd. Hoe consistenter de uitvoe-
ring van de gebaren, des te beter de voorspelling.

De bevindingen van ons fMRI onderzoek hebben wij vervolgens uitgebreid met ECoG-
experimenten (hoofstuk 4). Vijf patiŚnten, geŢmplanteerd met elektrodenmatjes voor
epilepsiediagnostiek, hebben wij hiervoor bestudeerd. Op de sensomotorische cortex
werden extra matjes met een hogere elektrodedichtheid geŢmplanteerd. Van de vijf
patiŚnten hadden er twee voldoende bedekking van de ’hand knob’ om voor analyse
in aanmerking te komen. In deze studie hebben wij aangetoond dat handgebaren ook
op basis van ECoG-signalen ontcijferd kunnen worden. Vier verschillende handgeba-
ren werden gedecodeerd met een nauwkeurigheid van 97% in de eerste deelnemer en
met 73% in de tweede deelnemer. De nauwkeurigheid was afhankelijk van de locatie
van de elektroden en de correcte uitvoering van de bewegingen. Deze studie levert
een belangrijke volgende stap in de richting van het gebruik van handgebaren als be-
sturingssignaal voor een implanteerbare BCI.

In het afsluitende deel van dit promotieonderzoek (hoofdstuk 5) hebben we aange-
toond dat ook verschillende mondbewegingen kunnen worden onderscheiden op basis
van het activatiepatroon in de sensomotorische cortex. Met behulp van 7T fMRI be-



haalden we een nauwkeurigheid van 89%. Een klein stukje van de cortex, namelijk de
ventrale helft van de laterale sensomotorische cortex, was voldoende om deze nauw-
keurigheid te bereiken. Het merendeel van de informatieve gebieden bevond zich
echter in de centrale sulcus en zijn daardoor lastig bereikbaar met elektrodenmatjes.
Wij hebben toen alleen gekeken naar de fMRI-data van gebieden aan het oppervlak en
daaruit bleek dat de nauwkeurigheid slechts iets lager (85%) werd. Daarom verwach-
ten wij dat de mondbewegingen ook van elkaar kunnen worden onderscheiden als dit
experiment zou worden herhaald met ECoG.

De in dit proefschrift gepresenteerde resultaten vormen de basis voor vervolgonder-
zoek waarbij we proberen spraakcomponenten en gebarentaal om te zetten in com-
puterspraak. Met het uiteindelijke doel om verlamde mensen te laten spreken door
middel van een computer via een neuroprothese.
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