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Abstract

Many people have been paralyzed by many causes. The quality of their life may not be as
high as a healthy person. One of the reasons is that they cannot perform a voluntary movement.
In order to assist people with motor impairment, some devices such as crutches and wheelchairs
have been developed and used. However, those traditional devices have a limited ability to help
them. In addition, for severe patients, such low-level devices may not be helpful and high-level
technology is required to help them. Up to quite recently, brain-machine interfaces (BMl) have
been developed, which can cover many kinds of motor disabilities to assist people with motor
disabilities. BMI system communicates with devices such as a prosthetic arm and a wheelchair to
control them. It also helps people with motor disabilities to interact with the external world by
providing more advanced functions to enable complex motions for example, compared to
conventional assistant devices.

From a functional point of view, many kinds of motor disability can be coarsely
categorized into upper-limb impairment and lower-limb impairment. Lower-limb impairment
leads to walking impairment and this restricts patient’s mobility. Fortunately, there are devices
that can compensate it as means of transportation, and we can see them easily in our daily life.
However, assistant devices for upper-limb impairment have not come into use as widely as
devices for lower-limb impairment even though a prosthetic arm or exoskeletons has been
developed. Upper-limb is essential for reaching and grasping that are common, natural, and
fundamental tasks in daily life.

Reaching is a fundamental and essential task in daily life. Understanding how reaching
movements are represented in the brain and decoding these movements are important issues in
BMI research. Several studies have attempted to decode reaching movements. Compared to the

number of studies on brain activity during movement execution, only a few have attempted to



classify the information before movement execution. Current many BMI systems have used brain
activity during motor execution or motor imagery in which sensory input and motor command
are included. The purpose of the study is to investigate brain activity during movement planning
for reaching, which represents a period between target recognition and movement onset. We
investigated brain activity during a planning phase for reaching movement using
electroencephalography (EEG) signals. Although few previous studies have shown premovement
EEG signals may be used for decoding, previous studies used only part of premovement EEG
signals to show the feasibility of them.

First, we investigated whether EEG signals occurring before movement execution could
be used to classify movement intention. Six subjects performed reaching tasks that required
them to move a cursor to one of four targets distributed horizontally and vertically from the
center. Using independent components of EEG acquired during a premovement phase, two-class
classifications were performed for left vs. right trials and top vs. bottom trials using a support
vector machine. Instructions were presented visually (test) and aurally (condition). In the test
condition, accuracy for a single window was about 75%, and it increased to 85% in classification
using two windows. In the control condition, accuracy for a single window was about 73%, and it
increased to 80% in classification using two windows. Classification results showed that a
combination of two windows from different time intervals during the premovement phase
improved classification performance in the both conditions compared to a single window
classification.

Since we confirmed the availability of premovement phase through the first experiment,
we tried to find what information regarding the intended target during movement preparation
is advantageous for decoding. In the second experiment, we investigated which movement
parameters (i.e., direction, distance, and positions for reaching) can be decoded in premovement

EEG decoding. Eight participants performed 30 types of reaching movements that consisted of 1



of 24 movement directions, 7 movement distances, 5 horizontal target positions, and 5 vertical
target positions. Event-related spectral perturbations were extracted using independent
components, some of which were selected via an analysis of variance for further binary
classification analysis using a support vector machine. When each parameter was used for class
labeling, all possible binary classifications were performed. Classification accuracies for direction
and distance were significantly higher than chance level, although no significant differences were
observed for position. For the classification in which each movement was considered as a
different class, the parameters comprising two vectors representing each movement were
analyzed. In this case, classification accuracies were high when differences in distance were high,
the sum of distances was high, angular differences were large, and differences in the target
positions were high. Thus, all parameters for this study may have information related to the
movement, but the direction and the distance are more useful for predicting intended reaching

movement than the position showing significant higher accuracy for some individuals.



Chapter 1

Introduction



1.1 Background

Many people have been paralyzed by many causes. The quality of their life may not be as
high as a healthy person. One of the reasons is that they cannot perform a voluntary movement.
In order to assist people with motor impairment, some devices such as crutches and wheelchairs
have been developed and used. However, those traditional devices have a limited ability to help
them. In addition, for severe patients, such low-level devices may not be helpful and high-level
technology is required to help them.

Up to quite recently, brain-machine interfaces (BMI) have been developed, which can
cover many kinds of motor disabilities to assist people with motor disabilities. BMI is often
termed brain-computer interface (BCl), and the term ‘BCI’ has been widely used. However, BMI
will be used throughout this paper. BMI system communicates with devices such as a prosthetic
arm and a wheelchair to control them. It also helps people with motor disabilities to interact with
the external world by providing more advanced functions to enable complex motions for example,
compared to conventional assistant devices.

From a functional point of view, many kinds of motor disability can be coarsely
categorized into upper-limb impairment and lower-limb impairment. Lower-limb impairment
leads to walking impairment and this restricts patient’s mobility. Fortunately, there are devices
that can compensate it as means of transportation, and we can see them easily in our daily life.
However, assistant devices for upper-limb impairment have not come into use as widely as
devices for lower-limb impairment even though a prosthetic arm or exoskeletons has been
developed. Upper-limb is essential for reaching and grasping that are common, natural, and
fundamental tasks in daily life.

In this study, we focused on a reaching movement and investigated information for the

BMI used in a reaching movement.



1.2 Brain-Machine Interface

BMls are designed to decode neural commands from the brain and use them as input
commands for external devices (Wolpaw et al.,, 2002; Hohne et al., 2014). Much of the
development in BMIs has been to enable people with motor disabilities to interact with the
external world (Mak and Wolpaw, 2009). Since brain activity can be measured directly and
indirectly in many ways, a BMI system can be also categorized depending on how to measure
brain activity. Thus, the BMI system can be divided into invasive BMI systems and non-invasive
BMI systems.

Surgery may be required to implant electrodes for an invasive BMI system, but it provides
us the high-quality signals since the position of electrodes are close to current source and
measured signals are less attenuated by brain tissues (Waldert, 2016). The invasive BMI system
uses intracranial neural signals such as local field potential(LFP) and electrocorticography (ECoG).
As non-invasive methods require surgery, there are several risks such as infection, intracranial
hemorrhage, and the possibility that electrodes hurt brain tissues. Thus, their applications are
limited.

LFPs are a neural signal generated by summed extracellular potentials of individual
neurons in some regions, as shown in Figure 1.1. LFPs measured around the primary motor cortex
and dorsal premotor cortex enabled macaques to control a cursor (Stavisky et al., 2015). Also,
when we use LFPs in long-term, they are advantageous to better reliability and sustained

performance than potentials by a single-unit (Flint et al., 2013).
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Cortex " Neurons

Figure 1.1: Measurement of local field potentials.

ECoG measures electrophysiological signals with electrodes above the dura mater or
below the dura mater, so it does not require to penetrate the cerebral cortex. The electrode array
is typically used to measure ECoG signals, as shown in Figure 1.2. ECoG also has been used for
BMI system to control a cursor (Leuthardt et al., 2004), predict finger positions (Acharya et al.,
2010), and control an upper limb prosthesis (Fifer et al., 2012). However, research in humans
using ECoG has been limited and many studies have been performed in animals because surgery

is required (Schal et al., 2011).



Figure 1.2: Electrode array for ECOG measurement.

Non-invasive BMI system uses neural signals, such as electroencephalography (EEG),
magnetoencephalography (MEG), functional near-infrared spectroscopy (fNIRS; Naseer and
Hong, 2015; Hong and Zafar, 2018), and functional magnetic resonance imaging (fMRI), that are

measured along the scalp or outside the scalp and they do not require surgery.



Figure 1.3: fMRI measurement.

fMRI detects the activation of the brain with blood flow. When neurons are activated,
that brain activation requires blood to obtain more oxygen. Then, the amount of oxyhemoglobin
increases in the activated brain area. It leads to a change in the ratio of blood with oxyhemoglobin
to blood with deoxyhemoglobin, called blood-oxygen-level dependent (BOLD) contrast. Thus,
fMRI measures BOLD contrast to detect activation in the specific brain areas. In addition, fMRI
has high spatial resolution and low temporal resolution. For BMI applications, it was reported
that fMRI-based BMI system was used to control a robotic arm (Lee et al., 2009). However, since
subject’s movement is restricted during fMRI recording as shown in Figure 1.3, fMRI has been

more frequently used for typical neuroscience research than BMI applications.



Figure 1.4: fNRIS measurement.

fNIRS uses near-infrared spectroscopy to measure the oxygenation of hemoglobin. Since
fNIRS measures similar physical quantity to that of fMRI, it also indirectly investigates neural
activity of the brain. Unlike fMRI, fNIRS is portable and safe and inexpensive (Naseer and Hong,
2015), so it is easy to apply to a BMI system (Chaudhary et al., 2015). Figure 1.4 shows fNIRS
measurement and subject’s movement is not limited. In addition, fNIRS has high spatiotemporal
resolution (Hong and Zafar, 2018). Thus, coupled with other methods to measure brain activity,
fNIRS has been used for hybrid BMI system (Hong and Khan, 2017; Khan and Hong, 2017; Hong

et al.,, 2018).
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MEG measures magnetic fields from electrical currents generated by the neurons. MEG
signals are measured by superconducting quantum interference device, which is a sensitive
magnetometer. Unlike fMRI which detects indirect neuronal electrical activity, MEG signals
reflect the direct neuronal electrical activity. MEG has better temporal resolution than fMRI. In
addition, even though MEG and EEG signals reflect the same neuronal activity, unlike EEG signals,
less attenuated MEG signals from current sources can be obtained because extracellular matrix
may have the capacitive property (Dehghani et al., 2010). However, involved equipment is bulky
as shown in Figure 1.5. Even though attempts to develop MEG-based BMI has been performed,
such as development of clustering linear discriminant analysis algorithm for hand movement
direction decoding (Zhang et al., 2011) and a method to process MEG-specific artifacts (Mellinger
et al., 2007), similar to fMRI, MEG has been used for the purpose of typical neuroscience research
rather than practical BMI research.

EEG measures the electrical activity of the brain on the scalp. EEG signals also are obtained
from direct neuronal activity, so it has a high temporal resolution. Also, since EEG electrodes
should be attached to each recording site one by one, EEG has a low spatial resolution. Moreover,
both EEG and MEG are not free from the inverse problem (Bradshaw et al., 2001). However, MEG
and fMRI have been less used for BMI system because involved equipment is bulky. As shown in
Figure 1.6, users wear EEG cap with electrodes to measure EEG and their movement is not
restricted. Of course, moving artifacts may arise during movement, but it is nothing compared to

fMRI. Much of the noninvasive BMI system has used EEG signals as input commands.
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Figure 1.6: EEG measurement.

1.3 Brain activity for BMI

The central nervous system receives sensory inputs and processes them, and sends the
motor output to the muscles to control them. This process is serial and different cortical areas
are associated with different functions in each step. During this serial process, BMI system can
use various information depending on the purpose of the system. In controlling something using
BMI, it is natural and intuitive to control it as our brain controls our body. In the neuroscience

field, many types of research on motor control have been performed for a long time.
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It has been reported that the primary motor cortex is related to the generation of the
motor command (Kakei et al., 1999). Specific areas within the primary motor correspond to
different parts of the body and relatively more substantially contribute to the parts than other
areas. The cortical map that illustrates the relative amounts contributing to specific parts of the
body is widely known as motor homunculus (Schott, 1993). Basically, to perform a voluntary
movement, sensory information is also needed because our actions interact with the world. Even
though we want the same result, we have to give a different motor command to our muscles
depending on both the current states of our body and the world we want to interact with. Thus,
not only the primary motor cortex which directly gives a motor command but also other cortices
contribute to motor control. The supplementary motor complex containing the supplementary
motor area is associated with an intention to act in which neurons fire before movement
execution (Nachev et al., 2008). Presupplementary motor area receives visual information and
has information related to the target, while the supplementary motor area has information
related to the use of the arm (Hoshi and Tanji, 2004). Also, it was reported that the dorsal
premotor cortex has information related to the target in reaching movements (Cisek et al., 2003).

Many studies have been performed not only to investigate specific functions of motor-
related cortices but also to explain our motor system. Our motor system can be regarded as the
combined system of complex subsystems that generates motor commands suitable for our
environment. Several researchers tried to explain the motor system using a model such as
minimum jerk model (Flash and Hogan, 1985) and minimum torque change model (Uno et al.,
1989) and to investigate characteristics of an internal model (Honda et al., 2018; Shadmehr et al.,
2016).

In spite of such attempts that tried to establish an internal model, these are not enough
to perfectly imitate human motor system which receives sensory inputs and generates a motor

command to perform reaching movements. Thus, in BMI, motor imagery has been used as an
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input command for the BMI system. When we imagine ourselves performing a specific action,
our nervous system is activated as we do the action in reality. Motor imagery-based BMI systems
can use imagery of various actions such as wrist extension to control upper-limb exoskeleton
(Tang et al., 2016), foot movements (Hashimoto and Ushiba, 2013), and tongue movement
(Pfurtscheller et al., 2006). However, upper limb imagery has been widely used, which can be
measured on C3 and C4 (Tang et al., 2017; Qin et al., 2004; Ince et al., 2007; Kamousi et al., 2005).
Event-related desynchronization and synchronization (ERD/ERS) were popularly used for the
classification of motor imagery since ERD/ERS has been shown as a significant feature (Neuper

et al., 2005), and they also have shown good performances.

1.4 Human intention in BMI

Even though motor imagery has been widely used, a motor imagery-based BMI system
performs only simple few functions because it behaviors by comparing the input command with
the command configuration already programmed into the BMI system and it requires the user to
learn how to evoke. However, in order to construct intuitive and advanced BMI systems, the
system should understand human intention. These BMI systems can be coupled with passive BMI
(Zander and Kothe, 2011). Thus, various types of information have been classified to predict
human intention, including that related to several types of movements performed during motor
rehabilitation therapy (Lépez-Larraz et al., 2014), different levels of ankle force (Jochumsen et al.,
2013), standing and sitting (Bulea et al., 2014), the onset of voluntary movement (lbafiez et al.,
2014), mental arithmetic/rest (Naseer et al., 2016), finger movements (Liao et al., 2014), and
braking intention (Kim et al., 2015).

Reaching is a fundamental and essential task in daily life. Understanding how reaching
movements are represented in the brain and decoding these movements are important issues in

BMI research. Several studies have attempted to decode reaching movements. For example, a
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study estimated the trajectory of hand movements by applying a Kalman filter to EEG data
(Robinson et al., 2015), while others decoded kinematic parameters based on EEG signals during
movement (Bradberry et al., 2010; Ubeda et al., 2015, 2017). Notably, the onset of a reaching
movement has been detected using EEG signals obtained 1 s prior to the onset of movement
(Planelles et al., 2014).

Compared to the number of studies on brain activity during movement execution, only a
few have attempted to classify the information before movement execution. Premovement brain
activity has been used to detect movement intention during self-paced reaching tasks (Lew et al.,
2012; Lew et al., 2014) as well as to predict targets (Novak et al., 2013), target direction (Hammon
et al., 2008; Wang and Makeig, 2009), and hand kinematics (Yang et al., 2015). Moreover, studies
on classification of movement direction typically used time windows that comprised target
recognition after the target appeared (Hammon et al., 2008; Wang and Makeig, 2009).

After a person recognizes a target, the brain may have information regarding the target
that is then processed and used to develop a motor command for reaching the target. During this
planning phase, proprioception is also involved in making motor commands for reaching
movements (Sarlegna and Sainburg, 2009), and information about the target and arm should be
integrated prior to the movement (Hoshi and Tanji, 2000). This information may not be identical
to information, such as Bereitschaftspotential (Shibasaki and Hallett, 2006), observed just prior
to movement execution in a self-initiated reaching task. Several previous studies have decoded
brain activity just after target appearance to predict intentions regarding reaching movements.
Such studies have revealed that brain signals during target recognition can be used for decoding
during reaching movement planning. For classification during movement planning, EEG data are
associated with higher prediction accuracy than data acquired through other modalities such as
eye tracking, electrooculography, and electromyography (Novak et al., 2013). Indeed, several

studies have noted that accuracies are higher than chance level in movement direction
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classification using EEG signals obtained at target appearance (Hammon et al., 2008; Wang and
Makeig, 2009). For predicting peak speed and acceleration, performance is significantly better
when using combined brain signals from the movement planning and execution stages than when
using signals from either stage alone, suggesting that EEG signals during the planning stage can

contribute to decoding (Yang et al., 2015).

1.5 Purpose of the study

The purpose of the study is to investigate brain activity during movement planning for
reaching, which represents a period between target recognition and movement onset. Current
many BMI systems have used brain activity during motor execution or motor imagery in which
sensory input and motor command are included. Few attempts have been made at information
before movement. Thus, first, we investigated the availability of EEG signals in the premovement

phase. Then, we investigated which information is important for the intended reaching.
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Chapter 2

Classification of Movement Intention Using

Premovement EEG
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2.1 Introduction

Many researchers have tried to decode brain activity to understand human motor
intention from EEG signals. Linear decoding models have been used to predict upper limb
kinematics during center-out reaching tasks (Ubeda et al., 2017), finger kinematics during reach
to grasp movements (Agashe and Contreras-Vidal, 2011), and hand movement in three-
dimensional space (Bradberry et al., 2010). However, the suitability of linear regression in
modeling such tasks has been questioned (Antelis et al., 2013). Alternative modeling methods
have also been applied. One study used a Kalman filter to estimate hand trajectory for a BMI
(Robinson et al., 2015). Several studies on movement intention have also decoded brain activity
as discrete information rather than continuous information, as in the studies cited above.
Classification using discrete information has been performed for individual finger movements
using a support vector machine (Liao et al., 2014), analytic movement tasks with the dominant
upper limb (lbanez et al., 2015), as well as motor imagery for cursor control (Huang et al., 2009).
Information on targets and movement direction may offer even greater versatility compared to
that focusing on motor decoding. Several studies have classified movement direction (Hammon
et al., 2008; Robinson et al., 2013) and targets (Shiman et al., 2017) during reaching tasks.
Recently, combining EEG and fNIRS signals has been performed for early detection (Khan et al.,
2018).

However, an interval before movement execution can be divided into two phases. The
first phase comprises visual information. A person recognizes a target, which has information
about movement direction. Then in the second phase, the person prepares to move the relevant
body parts to execute movement. If the person does not wish to move immediately after target
recognition, a gap may occur between target recognition and movement execution. If there is
useful information for classification in this process, exploiting that information may provide

improved capabilities in BMls.
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Therefore, in this chapter we investigated whether EEG signals before movement
execution could be used to classify movement direction. We hypothesized that information from
target recognition to movement can contribute to improvement of classification accuracy. Using
independent components of EEG acquired during a premovement phase, two-class classifications
were performed for left vs. right trials and top vs. bottom trials using a support vector machine.
Instructions were presented visually (test) and aurally (control). In the test condition, accuracy
for a single window was about 75%, and it increased to 85% in classification using two windows.
In the control condition, accuracy for a single window was about 73%, and it increased to 80% in
classification using two windows. Results showed that a combination of two windows from
different time intervals during the premovement phase improved classification performance in
the both conditions compared to a single window classification. We confirmed that EEG signals

occurring during movement preparation can be used to control a BMI.

2.2 Experimental procedure

Six healthy subjects (males, mean age + standard deviation: 27.33%1.51 years)
participated in the experiment. All the subjects provided written informed consent prior to
participating in the experiment. The experimental protocol was approved by the ethics
committees of Tokyo Institute of Technology (Ethics number: 2015062) and was conducted in

accordance with the ethical standards outlined in the Declaration of Helsinki.
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Figure 2.1: Experimental environment. Subjects sat in a comfortable chair in front of a monitor
on a desk with a touch pad. They adjusted their seat and the position of the touch pad to their
comfort. Subjects wore a Quick-30 Dry EEG Headset (Cognionics, Inc.) to measure EEG signals.

Subjects operated the touch pad with their finger.

21



F B

1 Sec 2 Sec 3 Sec 4 Sec
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Figure 2.2: Experimental design. A target appeared at one of four positions distributed 4 cm from
the center in the horizontal and vertical directions. Each trial consists of three phases. When a
trial started, nothing appeared on the screen (Standby), and subjects waited for the next phase.
Next, a cursor and target appeared on the screen, and subjects prepared for movement
execution (Premovement). When the color of the markers changed to black, subjects moved the
cursor from the center to the target using the touchpad (Execution). Three windows from the
premovement phase were used for analysis (F: window starting at onset of the premovement
phase, M: window starting 1 s after onset of the premovement phase, B: window before the

execution phase). Four sizes were used for each window (0.5, 1.0s, 1.5s,and 2.0 s).

As shown in Figure 2.1, subjects sat in a comfortable chair in front of a monitor on a desk
with a touch pad. They adjusted their seat and the position of the touch pad to their comfort.
After adjustment, they placed their hand on the touch pad and waited for onset of the
experiment. Figure 2.2 shows the process of a trial. One trial consisted of three phases. In the

first phase (standby phase), nothing appeared on the screen, and subjects waited for the next
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phase. In the second phase (premovement phase), a gray cursor and target appeared on the
screen. The target appeared at one of four positions which were distributed 4 cm apart from the
center in the horizontal and vertical directions. Subjects were instructed to recognize and prepare
for movement execution, but not to perform it. This premovement phase lasted 4 s. In the final
phase (execution phase), the color of the markers changed to black, cueing the subjects to move
the cursor from the center to the target using the touchpad.

In the visual stimuli task, saccadic movements can dominantly influence classification
regardless of the brain’s cortical process. This is unwanted information and should be removed.
We provided auditory instruction as a control condition to remove this problem. As was done in
the classifications with visual instruction, classifications were performed using a single window,
two windows, and spatial categorization. In the control condition, the target was invisible. When
the premovement phase began, auditory instructions (“left”, “right”, “up” and “down”) were
provided. The eyes of the subjects were fixated to a cursor on the screen. When the execution
phase began, a short beep sound was heard to signal the subjects to move to intended direction;
and, no visual information was provided. All other procedures remained the same.

One run consisted of 40 trials, with 10 trials for each direction presented in random order.
In the visual stimuli task, two of the subjects performed 5 runs, and the other four subjects
performed 3 runs. In the auditory stimuli task, all of the subjects performed 5 runs. There was a

rest after each run.

2.3 Data acquisition and preprocessing
EEG data were acquired from 30 electrodes (FP1, FP2, AF3, AF4, F7, F8, F3, FZ, F4, FC5,
FCe, T7, T8, C3, Cz, C4, CP5, CP6, P7, P8, P3, PZ, P4, PO7, PO8, PO3, PO4, 01, 02, A2) using a

Quick-30 Dry EEG Headset (Cognionics, Inc.) designed according to the international 10-20
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system (Klem et al., 1999). A2 was used as a reference electrode and the ground was placed at
FPz. The data were sampled at 500 Hz.

EEGLAB (Delorme and Makeig, 2004) was used for preprocessing. EEG signals were high-
pass filtered at 1.5 Hz and low-pass filtered at 4 Hz. Because the value at each time point was
used as a feature, low frequency components were extracted. Cut-off frequency for high-pass
filter was set for good ICA performance (Winkler et al., 2015). Epochs were extracted from the
premovement phase. Noisy channels and trials were rejected by visual inspection. After that,
independent component analysis was performed using the extended Infomax algorithm (Bell and

Sejnowski, 1995) in EEGLAB. Extracted independent components showing noise were rejected.

Blink Saccade Saccade Saccade

Figure 2.3: Independent components regarded as eye movement artifacts for subject 1.

Figure 2.3 shows examples of independent components regarded as eye movement
artifacts for subject 1. The first independent component is a typical example of eye blinks. Similar
components were observed in all subjects and rejected. The other independent components
show examples of saccades. Because targets appeared leftward, rightward, upward, and

downward from the center, saccades may have been included in the data. Each saccade involves
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activity at either the left or right frontal site (Plochl et al., 2012). All independent components

showing such patterns were rejected for all subjects.

2.4 Classification

Independent component analysis can divide EEG signals on the scalp into multiple
electrical sources (Makeig et al., 1996). We applied independent component analysis after
preprocessing to find sources that could be used as features for classification. However, because
the data sampled at 500 Hz offered too many features and imposed excessive computational
load, the data were down-sampled to 100 Hz using EEGLAB function. Two down-sampled
independent components were used for classification. Classifications were performed separately
for each window using all possible pairs of remaining independent components after rejecting
components. If no components were rejected, classification was performed 10,440 times for one
subject.

Since the purpose of this chapter was to examine the usability of EEG signals in the
interval between target appearance and movement onset, only data in the premovement phase
from three time windows were used (Figure 2.2). Window F comprised visual information right
after target appearance. Window M was set such that it would not include visual information.
Since target recognition varies between individuals, start time of window M was set to 1s after
target appearance. Window B was set such that it ended at onset of the execution phase. Each
window took one of four window sizes (0.5 s, 1.0s, 1.5 s, and 2.0 s).

Linear classifiers are widely used in BMI research (Lotte et al., 2007), and they are less
vulnerable to overfitting (Muller et al., 2003). Of several linear classifiers, we employed support
vector machine classifiers to perform binary classifications (left versus right and top versus
bottom) because support vector machines offer strong generalization performance (Burges,

1998). Classification performance for each classifier was assessed using eight-fold cross-
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validation. Classification accuracy was calculated by subtracting the percentage of the sum of
misclassifications for every test set from 100%. Using the Statistics and Machine Learning Toolbox
in MATLAB version 9.2.0.556344 (R2017a, The MathWorks, Inc.), support vector machine
classifiers were implemented and classification performance was evaluated. Before computing
classification performance, the random number generator was initialized to get the same result
by applying the Mersenne Twister method (Matsumoto and Nishimura, 1998) with seed 1 (rng
function in MATLAB).

Accuracies varied when using a single window for classification. Therefore, we further
investigated whether combining information from different time windows would improve
classification performance. Independent component pairs which provided classification
accuracies greater than 65% for the single-window classifier (chance level of 50%) were used in
a second classifier. Classification was performed using a total of four independent components
from two windows: one pair of components from window B and another pair from either window
F or window M. For each selected pair, only window sizes which provided greater than 65%
accuracy were used in the classifier. For example, if only the 0.5-s window F for a pair of first and
second independent components gave a classification accuracy higher than 65%, pairs from the
1-s, 1.5-s, and 2-s windows F were not considered. As was done in classification using a single
window, linear support vector machine classifiers were trained using all possible combinations
of independent components from two windows. Evaluation of classification performance and all

other procedures remained the same.
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Figure 2.4: Scalp maps of independent components categorized according to area of peak activity

for all subjects.
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Figure 2.5: Scalp maps of independent components categorized according to area of peak activity

for all subjects (control).
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We also performed classification using independent components with similar spatial
patterns for each subject. Figure 2.4 shows scalp maps of independent components categorized
into four areas of peak activity for the test condition: frontal, central, parietal, and occipital.
Figure 2.5 shows scalp maps for the control condition. The number of independent components
with similar patterns was not the same for all subjects. Linear support vector machine classifiers
were trained for all possible combinations of two independent components for each temporal
window and brain area group. Two-class classifications (left versus right and top versus bottom)
were performed, and classification performances were evaluated using the same procedure as

that of the other classification methods.

2.5 Results

In the case of left versus right classification using a single window, all independent
components that remained after noise rejection were used. Table 2.1 shows classification
accuracies for left versus right. Most classification accuracies were above 70% except for that of
subject 3, window M (67.88%). The highest classification accuracy obtained was from subject 5,
window B (87.25%). Mean classification accuracies were 76.4615.58%, 73.67+3.94%, and
76.1945.77% for windows F, M, and B, respectively. Table 2.2 shows classification accuracies for
left versus right in the control condition. The lowest classification accuracy obtained was from
subject 4, window B (67.09%). The highest classification accuracy obtained was from subject 6,
window B (85.42%). Mean classification accuracies were 73.23+5.24%, 73.53+4.40%, 73.65+6.60%

for windows F, M, and B, respectively.
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Table 2.1: Classification accuracies for left versus right. Values outside parenthesis are means of
the three highest classification accuracies obtained among all independent component pairs.
Values in parenthesis are means of accuracies when five inputs in shuffled conditions were fed

to model which made values outside parenthesis. S indicates subject.

Window position [%)]

F M B FB MB
S1  73.72(45.51) 73.72(51.15)  73.72 (54.56)  85.90(52.38)  85.26 (53.00)
S2  81.61(49.46) 75.86(49.07) 77.01(48.87) 89.66(48.01)  88.51 (54.59)
$3  70.91(50.74) 67.88(50.58)  75.15(50.27)  85.45(48.42)  81.21(51.35)
sS4  77.08(48.97) 77.08(50.27) 72.92 (49.87)  84.03(49.78)  86.81 (50.74)
S5 84.31(49.05) 77.45(49.61) 87.25(47.42) 95.10(46.28)  97.06 (51.03)
S6  71.11(48.80)  70.00 (49.40)  71.11(50.41) 78.33(47.26)  76.67 (51.47)

Mean  76.46%5.58 73.67+3.94 76.19+5.77 86.41+5.63 85.92+6.93

30



Table 2.2: Classification accuracies for left versus right (control). Values outside parenthesis are
means of the three highest classification accuracies obtained among all independent component
pairs. Values in parenthesis are means of accuracies when five inputs in shuffled conditions were

fed to model which made values outside parenthesis. S indicates subject.

Window position [%]

F M B FB MB
S1  68.28(50.74)  72.04(49.73)  73.66(51.48)  75.81(49.37)  79.03 (50.33)
S2  71.43(48.89) 70.37(51.89)  75.66 (48.53)  83.07 (48.68)  81.48 (51.12)
$3  70.98(50.47) 72.55(50.83)  68.24(49.17) 76.86(51.93)  76.86 (46.67)
sS4  71.79(49.06) 70.94(49.34)  67.09(50.21)  73.93(51.73)  70.94 (51.21)
S5  73.56(48.84)  72.99(52.57) 71.84(50.13)  82.76(49.14)  84.48 (48.99)
S6  83.33(50.32)  82.29(49.23)  85.42(49.97)  90.63 (47.46)  92.71 (47.35)

Mean  73.23+5.24 73.53+4.40 73.65+6.60 80.51+6.21 80.92+7.37

Left versus right classification using two windows of independent component pairs (those
with single-window accuracies greater than 65%) resulted in higher accuracies than those using
asingle window (Table 2.1). Classification accuracies for subject 6 were 78.33% and 76.67%, using
windows FB and MB, respectively. Classification accuracies for the other subjects were higher
than 80%. Consistent with single-window classification, the highest classification accuracy
obtained was from subject 5 using window MB (97.06%). Mean classification accuracies were

86.41+5.63% and 85.92+6.93% for windows FB and MB, respectively. Accuracies for single-
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window and double-window showed significant difference (p<0.01, paired t-test between
window F and window FB; p<0.01, paired t-test between window B and window FB; p<0.01,
paired t-test between window M and window MB; p<0.01, paired t-test between window M and
window MB). In the control condition, the highest classification accuracy obtained was from
subject 6 using window MB (92.71%). Mean classification accuracies were 80.51+6.21% and
80.92+7.37% for windows FB and MB, respectively. Accuracies for single-window and double-
window showed significant difference (p<0.01, paired t-test between window F and window FB;
p<0.01, paired t-test between window B and window FB; p<0.05, paired t-test between window
M and window MB; p<0.01, paired t-test between window M and window MB). We did not find
significant differences between test and control in all windows (p>0.1 for all cases). We shuffled
conditions and extracted signals from it to apply input to models which achieved the highest
classification accuracy. Values in parenthesis of Table 2.1 and 2.2 show accuracies for models
using random inputs in left versus right classification. In all cases, accuracies were about 50%.
Table 2.3 shows classification accuracies for top versus bottom. As with left versus right
classification, values shown for each subject are the mean of the three highest classification
accuracies among those of all independent component pairs. All classification accuracies
obtained were above 70%. The highest accuracy obtained was from subject 2, window F (86.21%).
Mean classification accuracies were 76.78+5.12%, 75.9944.12%, and 74.65+4.17% for windows
F, M, and B, respectively. Table 2.4 shows classification accuracies for top versus bottom in the
control condition. The lowest classification accuracy obtained was from subject 4, window F
(67.98%). The highest classification accuracy obtained was from subject 6, window F and B
(82.76%). Mean classification accuracies were 74.11+5.46%, 74.06+£4.72%, 74.554+5.00% for

windows F, M, and B, respectively.
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Table 2.3: Classification accuracies for top versus bottom. Values outside parenthesis are means
of the three highest classification accuracies obtained among all independent component pairs.
Values in parenthesis are means of accuracies when five inputs in shuffled conditions were fed

to model which made values outside parenthesis. S indicates subject.

Window position [%]

F M B FB MB
S1  70.99(54.00) 72.84(46.34)  74.07(50.33)  80.86 (54.11)  88.27 (52.55)
S2  86.21(52.03) 83.91(48.89) 79.31(46.24)  93.10(49.73)  89.66 (49.12)
$3  75.33(50.72) 74.00(52.42) 71.33(51.31)  83.33(53.19)  86.00 (52.36)
sS4  74.67(52.03) 74.67(50.02) 72.00(50.24)  86.67 (50.63)  82.67 (52.14)
S5 77.78(47.31)  76.92(49.44)  80.34(51.89)  93.16 (49.82)  90.60 (49.65)
S6  75.69(54.41)  73.61(46.44)  70.83(52.62)  81.25(54.42)  75.69 (49.55)

Mean  76.78+5.12 75.99+4.12 74.65+4.17 86.4045.61 85.48+5.58
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Table 2.4: Classification accuracies for top versus bottom (control). Values outside parenthesis
are means of the three highest classification accuracies obtained among all independent
component pairs. Values in parenthesis are means of accuracies when five inputs in shuffled

conditions were fed to model which made values outside parenthesis. S indicates subject.

Window position [%]

F M B FB MB
S1  69.23(48.98) 69.87 (45.88)  75.64 (49.33)  78.21(49.07)  80.77 (49.94)
S2  72.58(49.48) 71.51(50.07) 69.89(50.21)  77.42(48.13)  77.42 (48.95)
S3  77.27(44.44)  75.76 (47.70)  72.22 (48.43)  86.36 (49.56)  86.36 (47.88)
S4  67.98(50.62) 69.30 (48.55)  69.74 (49.71)  70.18 (51.43)  74.12 (49.31)
S5  74.81(50.34) 76.30(48.11)  77.04(50.01)  83.70 (48.41)  82.96 (48.83)
S6  82.76(51.92) 81.61(45.62) 82.76(51.25)  91.95(48.33)  93.10 (51.49)

Mean  74.11+5.46 74.06+4.72 74.55+5.00 81.307.66 82.4616.73

Top versus bottom classification using two windows achieved higher accuracy than that
using a single window (Table 2.3). The lowest classification accuracy obtained was from subject
6, window MB (75.69%). Classification accuracies for the other subjects were higher than 80%.
Consistent with left versus right classification, the highest classification accuracy obtained was
from subject 5, window FB (93.16%). Mean classification accuracies were 86.40+5.61% and
85.48+5.58% for windows FB and MB, respectively. Accuracies for single-window and double-

window showed significant difference (p<0.01, paired t-test between window F and window FB;
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p<0.01, paired t-test between window B and window FB; p<0.01, paired t-test between window
M and window MB; p<0.01, paired t-test between window M and window MB). In the control
condition, the highest classification accuracy obtained was from subject 6 using window MB
(93.10%). The lowest classification accuracy obtained was from subject 4, window FB (70.18%).
Mean classification accuracies were 81.30+7.66% and 82.46+6.73% for windows FB and MB,
respectively. Accuracies for single-window and double-window showed significant difference
(p<0.01, paired t-test between window F and window FB; p<0.05, paired t-test between window
B and window FB; p<0.01, paired t-test between window M and window MB; p<0.01, paired t-
test between window M and window MB). We did not find significant differences between test
and control in all windows (p>0.1 for all cases). Values in parenthesis of Table 2.3 and 2.4 show
accuracies for models using random inputs in top versus bottom classification. In all cases,

accuracies were about 50%.

35



80 T T T T

I Frontal
[ Central
[ Parietal
[ 1Occipital
75 - -

Accuracy [%]
[=2] ~
(5] (=]
T T
1 I

[=2]
(=]
T

1

55 -

50

F M B F(control) M(control) B(control)
Window Position

Figure 2.6: Classification accuracies using independent components categorized by spatial
pattern. Values depicted are means of the highest accuracies obtained in left versus right and top

versus bottom classifications averaged across subjects.

Figure 2.6 shows accuracies for classification using independent components categorized
by spatial pattern. In the classifications using window F, accuracies for the parietal and occipital
areas (70.46% and 68.47%, respectively) were higher than those for the frontal and central areas
(63.82% and 63.72%, respectively). The difference between the former two and latter two
accuracies was about 6% (p<0.05, t-test between the former group and latter group), while
accuracies within both were less than 1% (p>0.05, t-test between the frontal and central area;
p>0.05, t-test between the parietal and occipital area). In the classifications using window M, the
central area provided the highest accuracy (67.26%), while the frontal area provided the lowest
(65.31%); however, the difference between them was small. In the classifications using window

B, parietal area achieved the highest accuracy (66.68%). The frontal area showed the lowest
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performance (62.99%). In the case of the control condition, accuracies for the frontal area
increased to 65.30%, 66.93%, and 68.57%. The central area showed a similar pattern in the test
and control conditions. The classification using window M showed higher performance than that
of window F or B. Unlike in the test condition, the difference between accuracies for the parietal

and occipital areas and accuracies for the frontal and central areas was not high in window F.

2.6 Discussion

In this chapter, we investigated utilization of premovement EEG signals to classify
movement direction. Previous studies on classification of premovement EEG used brain activity
during phases related to visual processes (Hammon et al., 2008; Wang and Makeig, 2009). Wang
and Makeig reported a mean classification accuracy of 80.25% (Wang and Makeig, 2009). In our
results, accuracy using a single window was lower, at about 75%, but higher using two windows,
at about 85%. Hammon et al. reported accuracies around 80% for left versus right classification
and 68% for top versus bottom classification (Hammon et al., 2008). However, an exact
comparison cannot be made since their experimental tasks differed from ours, with targets
appearing at one of four positions distributed diagonally from the center. They also used
independent components as features for classification, but they set their window after the first
500 ms. We showed that combining windows in different time phase before movement
execution and using independent components for each window could improve classification
performance, which suggests that optimal components may exist for each time phase. Through
our results, if we found the optimal spatial area suitable for each time phase, we could improve
classification performance by selecting components strategically to understand human intention.
Therefore, performances in previous studies might be improved by combining information in

other time phases.
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Under the control condition, which could exclude the possibility of saccadic movements,
the two-window classifications showed higher accuracies than those of the single-window
classifications. Even when we used the windows which did not include recognition information,
using both (the windows MB) showed higher accuracies compared to using either. Regardless of
modalities, our result showed that combining independent components from different windows
improves classification performance. In addition, we confirmed consistent performance
regardless of modalities (p>0.1 between test and control in all windows).

In the classifications using independent components categorized according to brain area,
they showed high accuracies in the control condition, unlike the components from the frontal
area which showed low accuracy in the test condition. As opposed to visual instructions which
are intuitive, auditory instructions require subjects to remember and translate them. It has been
reported that in verbal working memory, the prefrontal cortex showed greater activation during
auditory stimuli in comparison to visual stimuli (Crottaz-Herbette et al., 2004). The central area
showed a similar pattern in the test and control conditions. The accuracy for window F was higher
than the other windows in both conditions. The central area contributes to accuracies regardless
of the modality, but the central area did not show the highest accuracies for all windows. This
implies that, though there are optimal independent components for classification according to
the modality, if we sacrifice some accuracy, we can use less optimal components from the central
area to achieve greater generalizability. Furthermore, because the central area includes the
motor cortex, which is involved in motor planning (Li et al., 2015), this trend may reflect the
motor area’s influence on motor preparation at each phase. The differences between accuracies
for the visual stimuli and auditory stimuli were 4.38% (window F), 1.59% (window M) and -0.16%
(window B) in the parietal area. The higher difference in window F may reflect that a wider
parietal lobe is used to process visual stimuli compared to auditory stimuli (Poremba et al., 2003).

In both conditions, the accuracies were small when the parietal area in window M was used.
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However, we cannot disregard the parietal area as unessential in window M. The parietal area is
involved in motor planning (Cui and Andersen, 2007) and has been used for predicting movement
intention (Wang and Makeig, 2009). Desmurget et al. reported that motor intention
unconsciously leads to increased parietal activity (Desmurget et al., 2009). Components from the
occipital area for windows F during the test task showed the highest accuracy in both conditions.
Because target recognition takes up a large portion of the early phase, it is reasonable that the
occipital area, which processes visual information, would provide high performance. This trend
may reflect the availability of visual information at different phases. It is useful to exploit the
occipital area using an early-phase window when visual stimuli are provided.

Although we removed components related to saccadic movements, the differences
between accuracies in both conditions show that the accuracy is related to the modality. It
implies that the brain’s activation related to stimuli can improve the accuracy. In goal directed
tasks, movement is planned in the extrinsic coordinate system, but the muscle activation requires
neural commands planned in the intrinsic coordinate system (Sarlegna and Sainburg, 2009). It
has been reported that transformation into the intrinsic coordinate system is related to
proprioception (Sober and Sabes, 2003). This physiological process could conceivably allow for
decoding direction of movement even before the movement has started. However, further study
is needed to determine whether the independent components used here reflect information
about coordinate system transformations.

We used only EEG signals for decoding and confirmed that combining windows can
improve performance. However, combining not only time phases but also other non-invasive
methods can improve classification accuracy (Hong and Khan, 2017). Hybrid BMI has been
studied for decoding (Hong et al., 2018) and should be studied in more detail. Therefore, features

for different phases also should be investigated in hybrid BMI.
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In this chapter, we confirmed that combining windows from different premovement
phases offers improved performance over that using a single window. We used pairs of windows
for classification. However, combining three windows, with each related to a different phase in
movement preparation, may offer better performance. Because the purpose of this chapter was
to investigate availability of classifiable premovement EEG, the time range was divided coarsely.
Further studies that include calibration to determine optimal brain areas and time ranges could

offer further progress toward a practical BMI.

2.7 Conclusion

In conclusion, we investigated whether EEG signals occurring before movement execution
could be used to classify movement intention. The result showed combining windows from
different time phases can improve classification accuracy rather than using single window. In
addition, we found consistent performance in different modalities. Furthermore, by categorizing
the independent components according to spatial pattern, we found that information depending
on the modality can improve classification performance. We confirmed that EEG signals occurring

during movement preparation can be used to control a BMI.
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Chapter 3

Characteristics of Kinematic Parameters in Intended

Reaching Movements
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3.1 Introduction

Previous studies and the experiment in previous chapter have successfully shown the
utility of premovement EEG for decoding during a reaching task. However, the way the brain
represents information regarding the intended target during movement preparation and what
information is advantageous during decoding remain unknown. Importantly, the dorsal pathway
processes visual information for a reaching task. The dorsal stream carries information from the
primary visual cortex in the occipital lobe to the posterior parietal lobe (Freud et al., 2016), which
has visual sensory function (Hyvarinen, 1982). The information processed in this pathway might
not be identical to the parameters that researchers have classified; however, the information
processed by the brain is presumably related to typical classification parameters. Therefore, in
this chapter, we aimed to investigate whether parameters such as direction, distance, and
positions for reaching can be decoded in premovement EEG decoding.

For EEG analysis, event-related potentials (ERPs), calculated by averaging brain response
epochs related to events, have been used. However, the ERP does not provide all the information
about an event, and the attenuated ERP amplitude makes it difficult to analyze data in a single
trial (Makeig, 1993). From a frequency viewpoint, the ERP amplitude can be regarded as power
in low-frequency bands. To better utilize frequency information, EEG signals have been divided
based on their amplitudes in specific frequency bands, such as alpha or beta. Event-related
spectral perturbations (ERSPs) (Makeig, 1993) have also been used for EEG analysis since they
represent the relative frequency spectrum amplitude in the time-frequency domain.

We extracted ERSPs using EEG independent electrical sources obtained by an
independent component analysis (ICA) (Makeig et al.,, 1996). After selecting features for
classification via analysis of variance (ANOVA), we performed all possible binary classification

analyses using a support vector machine with several kinds of labeling based on movements and
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movement parameters. In addition, we identified positions of the useful independent

components (ICs) for classification; ICs refer to the electrical sources obtained by the ICA.

3.2 Experimental procedure

Eight individuals (6 men and 2 women, mean age * standard deviation: 26.125 + 3.27
years) participated in the experiment. All participants provided written informed consent prior
to the experiment. The experimental protocol was approved by the ethics committees of the
Tokyo Institute of Technology (ethics number: 2015062) and conducted in accordance with the
ethical standards outlined in the Declaration of Helsinki.

Figure 3.1 shows the experimental environment. Each participant sat in a comfortable
chair adjacent to a table. The participant wore an EEG cap and a marker for a motion sensor
(Optotrak Certus, Northern Digital Inc., Waterloo, ON, Canada) was attached to the back of
his/her right hand. Prior to the experiment, the participant placed his/her hand on the table to
perform the required task. This position corresponded to the cursor positioned at the center of
the screen. Horizontal hand movement across the table moved the cursor horizontally on the
screen. However, for vertical cursor movement, the participant was required to move his/her
hand vertically across the table, rather than through the air. Participants were also instructed not
to touch the surface of the table during reaching movements due to the influence of friction.
Thus, participants lifted their hands very slightly to perform reaching movements. The ratio

between the distance of the hand and the distance of the cursor was set to 1.
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Figure 3.1: Experimental environment. The participant wore an electroencephalography (EEG)
cap and sat at a desk. An Optotrak (motion sensor) marker was attached to the back of his/her
right hand, and the marker position was tracked using an Optotrak device from the right side of
the hand. The participant moved his/her hand on the table to move the cursor on the screen set
in front of them. Horizontal movement on the table between right and left directions
corresponded to horizontal movement on the screen, while vertical movement across the table
between front and back directions corresponded to vertical movement on the screen. The initial
cursor position and the target position were pseudo-randomly selected from the 6 positions that
were decided so that all combinations from the 6 positions should cover all movement

parameters (direction, distance, and positions for reaching) used in this research.
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Figure 3.2: Images on the screen during a trial. At the start of the trial, an initial position indicator
(a gray blurred circle) appeared at one of the 6 positions so that the participant moved the cursor
(a blue circle) to the initial position by moving his/her hand. When the cursor reached the initial
position, the indicator disappeared. After 0.5 seconds, a gray target appeared at one of the
remaining 5 positions. The participant was instructed to prepare for movement execution for 2
seconds (planning period, premovement). When the color of the target changed to red, the
participant moved his/her hand to move the cursor to the target (execution). Before the cursor
completely reached the target (a yellow dotted circle in the figure), both the cursor and the target
disappeared. The target and the initial cursor position were placed at 1 of 6 locations, respectively.

This procedure was repeated for each trial.

Figure 3.2 shows the trial procedure. A target and the initial position of the cursor were
placed at 2 of 6 locations shown in Figure 3.1. Therefore, there are 30 different movements (6 x
5 = 30) depending on the selection of the 2 positions; the 30 movements consisted of 1 of 24
directions, 7 distances, 5 target positions, respectively, as shown in Table 3.1. The participants
performed the 30 different movements 10 times in 1 run. Then, all participants performed 5 runs.

The trials were presented in random order, and participants were allowed to rest between runs.
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Table 3.1: The 5 classes used for classification

Class
Direction Distance X position y position Each
movement
(24 classes) (7 classes) (5 classes) (5 classes)
[Unit: degree] [Unit: 1side of [Unit: 1side of [Unit: 1 side of
the small the small the small
square in square in square in
Figure 1: 6.525 Figure 1: 6.525 Figure 1: 6.525
cm] cm] cm]
-162, -153,
-146, -135,
124,117, 1.414, 2.236,
-108, -90, -63, . . Movement
2 ;Z;’ 3 6d06’ 4 1,2,3,4,and5 1,2,3,4,and5
-45,-27,0, 18, 443, an 1-30
27,34, 45,56, >0/
63,72,90, 117,
135, 153, and
180

At the beginning of the experiment, an initial position indicator (a gray blurred circle)
appeared to set the initial position of the cursor. The participant was allowed to take a brief break
and move his/her body before moving the cursor to the initial position. When the cursor (a blue
circle) reached the initial position, the indicator disappeared. After 0.5 seconds, a gray target
appeared. The participant was instructed to only look at the target and prepare for movement
execution in this period and not to move any body part including the eyes (planning period).
During this period, the participant planned the degree and direction of movement required to
reach the target. After 2 seconds, the color of the target changed to red, and the participant

moved his/her hand to move the cursor to the target (execution). During this period, the
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participant was instructed to reach the target in 1 attempt because feedback during movement
may alter the movement trajectory (Desmurget et al., 1999). If participants were to know the
final position, motor commands during the next movement may suggest an error (Tseng et al.,
2007), influencing the planning phase in each trial. Therefore, before the cursor completely
reached the target, both the cursor and the target disappeared. This procedure was repeated for

each trial.

3.3 Data acquisition and preprocessing

Hand position was measured using the motion capture system to evaluate whether the
participant moved his/her hand appropriately. The Optotrak marker was attached to the back of
the hand. The position data were sampled at 100 Hz. According to the international 10-20 system
(Klem et al., 1999), EEG signals were measured from the following 64 electrodes using a Biosemi
Active Two amplifier system (BIOSEMI, Amsterdam, Netherlands): Fp1, Fp2, Fpz, AF3, AF4, AF7,
AF8, AFz, F1, F2, F3, F4, F5, F6, F7, F8, Fz, FT7, FT8, FC1, FC2, FC3, FC4, FC5, FC6, FCz, C1, C2, C3,
C4, C5, C6, Cz, T7, T8, TP7, TP8, CP1, CP2, CP3, CP4, CP5, CP6, CPz, P1, P2, P3, P4, P5, P6, P7, P8,
P9, P10, Pz, PO3, PO4, PO7, P08, POz, 01, 02, Oz, and lz. The EEG data were sampled at 2,048
Hz.

EEGLAB (Delorme and Makeig, 2004) was used for preprocessing. The EEG signals were
re-referenced to an average reference, low-pass filtered at 1 Hz, and high-pass filtered at 49 Hz.
Due to the computational load, the data were down sampled to 100 Hz. Epochs were extracted
from the duration between the onset of the planning period and 2 seconds post-onset (i.e.,
planning period). Noisy channels, noisy trials, and trials with abnormal movement as determined
via visual inspection were rejected. Then, ICA was performed using the extended Infomax

algorithm in EEGLAB (Bell and Sejnowski, 1995), following which noisy ICs were rejected.
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3.4 Electroencephalogram analysis

Using the remaining ICs, ERSPs during the planning period were calculated using EEGLAB
to identify changes in the relative spectral power for each IC with respect to the baseline. The
baseline interval was defined as 200 ms before the onset of premovement to the onset of
premovement (when the target appeared). The ERSP time window and the window shift sizes
were 300 ms and 50 ms, respectively, in the planning period. The frequency range for ERSPs was
0-40 Hz, while the interval was 3.333 Hz. The planning period was 2,000 ms and the window size
was 300 ms, so the period representing ERSP values was 1,700 ms in order not to use the period
beyond the planning phase. Since the window moved every 50 ms, 34 time bins were used
(1,700/50 = 34).

Figure 3.3 shows how EEG signals were processed in this chapter. We obtained 1,500
ERSPs for each time point, frequency bin, and IC. Since 1 of 30 movements was performed in
each trial, a trial class could be determined according to the movement. When we classified them
with direction, each trial had 1 of 24 classes because the 30 movements included 24 different
directions. We assigned different classes to ERSPs, in all trials, related to the parameters because
each trial had 30 movements, 24 directions, 7 distances, 5 horizontal positions, and 5 vertical
positions. For each parameter, a different label was assigned to a different class. MATLAB R2019a
(MathWorks, Inc., Natick, MA, USA) was used to perform an ANOVA for each parameter. The
different classes comprised different groups for the ANOVA. When significant differences were
observed, post hoc analyses were performed using a Tukey's honest significant difference test to
identify significantly different pairs of classes. The level of statistical significance was set to 0.05.
This was conducted for all ICs, time points, and frequency bins. Thus, the analyses were designed
to reveal whether the ERSP of each IC at each time point and frequency bin was advantageous

for the subsequent binary classification.
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Figure 3.3: EEG signal processing. After performing an independent component analysis (ICA),
ERSPs of each independent component (IC) were calculated for each trial using EEGLAB. Then,
1,500 ERSP values were obtained at each frequency at each time point in each IC (since there
were 1,500 trials). We performed classification analyses using different class labeling depending
on movements (i.e., 30 movements) and parameters (i.e., 24 directions, 7 distance, and 5
horizontal and vertical positions). Then, we performed an ANOVA using the 1,500 ERSP values at
each frequency at each time point in each IC. If p > 0.05, ERSP values at that time point at that
frequency in that IC were excluded from the further analyses. If significant, post hoc analyses
were performed to find significant pairs. An ERSP at a particular time and frequency in an IC was
selected as a feature for subsequent binary classifications (for significant pairs). After this
procedure was completed with respect to all ICs, frequencies, and times, binary classifications
using significant ERSPs were performed. ANOVA, analysis of variance; Freq, frequency; ERSP,

event-related spectral perturbations; EEG, electroencephalography.

Then, all possible binary classifications were performed using all significant ERSPs as
features. For example, for direction classification, the binary classifications were performed 276
times (24 choose 2) per participant when the feature for all classifications had at least 1 because
there were 24 different directions. When no features were extracted from the ANOVA,
classification analyses could not be performed. Therefore, we assumed that each classification
had at least 1 feature. A support vector machine was implemented using the Statistics and
Machine Learning Toolbox in MATLAB to perform binary classifications. Classification
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performance was assessed using 5-fold cross-validation. In addition, the same classifications
were performed using shuffled labels to assess whether classification performance using real
labels was above the chance level. The shuffled label designation was pseudorandom and

balanced.

length
angle

Figure 3.4: Two vectors representing different kinds of movement when each movement was

used as a feature. Angle and distance of these two vectors were compared for analysis.

In contrast, for movement classifications, only 1 vector representing the movement
belonged to each class and each classification always had 2 vectors to represent different kinds
of movement. Thus, the parameters were investigated by comparing the 2 vectors, as shown in
Figure 3.4. The following 3 values were calculated to investigate the relationship between
direction and distance: angle differences, distance differences, and the sum of the distance. Since
differences in the direction of the 2 vectors can have 2 values, the smaller value was selected.

Regarding angle and distance differences, if accuracy for the classification where the angle
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difference or distance of 2 vectors was high, 2 movements could be classified by high differences
in angle or distance; this suggests that the movement may be encoded in the brain by direction
or distance. The sum of the distance was calculated to investigate how this relationship changes
when lengths of both vectors are too short. Positions were assessed by calculating differences in
target positions. If accuracy for the classification where the differences in the distance of the 2

targets is high, the movement may be encoded in the brain by the target position.

3.5 Results

When direction and distance were used for the class, classification accuracies significantly
differed between real and shuffled labels (p < 0.01, paired t-test). However, no such differences
were observed when position was used as the class (p > 0.1, paired t-test); a pseudo-random
balanced shuffle was used. Figure 3.5 shows classification performance when different decoding
parameters were used as classes. Accuracies were averaged over the classification of all possible

pairs of classes and the mean values are presented in the figure.
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Figure 3.5: Classification accuracy based on parameters. Accuracies are represented as the
means of the averaged accuracy for all possible 2-class classifications across all participants. **p
< 0.01. The black bar represents the result when real labels were used while the white bar
represents the result when shuffled labels were used. Significant differences were observed for

direction and distance (p < 0.01), but not for position (p > 0.1).
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Figure 3.6: Individual classification accuracy for direction according to the number of features.
Each dot represents the accuracy for each binary classification. The binary classifications were
performed 276 times (24 choose 2) per participant when the feature for all classifications had at
least 1. Blue circles represent the result when shuffled labels were used. Red circles represent
the result when real labels were used. Performance for the real label increased in proportion to
the number of features, while performance for the shuffled label did not depend on the number

of features. However, performance for the real label was saturated for all participants.

For direction classification, all participants showed a higher performance than chance
level. Thus, extracted features can be considered useful for the direction classification. As shown
in Figure 3.6, performance for the real label increased in proportion to the number of features (p
< 0.01 for all participants; p values were calculated for coefficients by linear regression between

the number of features and the performance). For most of participants, the performance for the
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shuffled label did not depend on the number of features (p > 0.1), while data for participant 1
and 4 showed negative significant coefficients. The performance for the real label was saturated
for all participants. However, saturated accuracies for all participants were similar to each

another regardless of the number of features.
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Figure 3.7: Individual classification accuracies for distance according to the number of features.
Each dot represents the accuracy for each binary classification. The binary classifications were
performed 21 times (7 choose 2) per participant when the feature for all classifications had at
least 1. Blue circles represent the result when shuffled labels were used. Red circles represent
the result when real labels were used. Performance for the real label increased in proportion to
the number of features, while performance for the shuffled label did not depend on the number

of features.
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For distance classification, the mean accuracy was significantly higher for real labels than
for shuffled labels across all participants. Thus, extracted features can be regarded as useful for
the distance classification. As shown in Figure 3.7, some of participants showed that performance
for the real label increased in proportion to the number of features. For real labels, data for
participant 2 was statistically significant (p < 0.01), as well as for participants 4, 5, and 8 (p < 0.05).
Data for the other participants showed p > 0.1. For shuffled labels, no participants had significant
coefficients (p > 0.1). Unlike the direction classification, accuracy did not increase exponentially
because there was no classification for which few features were utilized. In the direction
classification, accuracy using shuffled labels did not exceed 80%. However, when distance was
used as the class, some outliers were observed with an accuracy of more than 80%, similar to

findings observed using real labels.
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Figure 3.8: Individual classification accuracies for x and y positions according to the number of

features. Each dot represents accuracy for each binary classification. The binary classifications

were performed 10 times (5 choose 2) per participant when the feature for all classifications had

at least 1. Blue markers represent the results when shuffled labels were used. Red markers

represent the results when real labels were used. The accuracy for the horizontal (x) position is

represented using circles, while that for the vertical (y) position is represented using crosses.

Performance of the real and shuffled labels did not depend on the number of features. Accuracy

was better than chance level in participant 8 only. For other participants, accuracy was similar to

that of chance level.

For position classification, unlike the direction and distance classifications, performances

for the real and shuffled labels did not depend on the number of features. As shown in Figure 3.8,
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accuracy was better than chance level in participant 8 only. Accuracy was similar to that of chance

level in the other participants.
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Figure 3.9: Relationships among parameters comprising 2 classes for classifications achieving
high or low accuracy when all movements were used as different classes. Mean values across all
participants were used for sorting accuracy. If the number of features for the individual
classification was 0, the classification accuracy was not included in the mean accuracy calculation.
When all movements were used as a different class, there were 435 classifications. Based on
mean accuracy, circles represent the top 20 among these 435 classifications, while crosses
represent the bottom 20. The angle difference, distance difference, and sum of distances
comprising each vector representing the class were investigated. Since differences in the
direction of the 2 vectors can have 2 values, the smaller value was selected (range: 0-180

degrees).

Consistent with findings observed in the direction classification, when each movement
was used as a different class, performance for the real label increased in proportion to the

number of features, while performance for the shuffled label did not depend on the number of
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features. Each classification was ranked according to the mean accuracy across all participants,
following which the top and bottom 20 results were selected. If the number of features for an
individual classification was 0, the classification accuracy was not included in the mean accuracy
calculation. Also, the relationship between direction and distance was examined. Figure 3.9
shows the relationship among parameters comprising 2 classes for the top and bottom 20
classifications. Larger angle differences and sums of distance indicate greater accuracy. Larger
angle differences coupled with larger distance differences are also indicative of greater accuracy.
No specific relationship was observed between the distance difference or the total distance.
However, when the distance difference was more than 2, high classification performance was
achieved.

For both x and y target positions when each movement was used as a different class,
classification accuracy tended to be higher for greater differences in position (p < 0.01; ANOVA
for both cases). Classification accuracy was lower for targets with low differences in position than
for those with high differences in position. Figure 3.10 shows the relationship between
performance and differences in target position comprising 2 classes when each movement was
used as a different class. Accuracies for all 435 classifications were sorted according to mean

accuracy.
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Figure 3.10: The relationship between performance and differences in the position of the target
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calculated based on the mean accuracy across all participants. If the number of features for the
individual classification was 0, the classification accuracy was not included in the mean accuracy
calculation. In both cases, classification accuracy tended to be higher for greater differences in

position (p < 0.01; ANOVA for both cases). ANOVA, analysis of variance.
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The most frequently used ICs were investigated for classification because a relationship

was observed between the number of features and classification accuracy. Figure 3.11 shows the

5 most frequently utilized ICs for all classifications for direction and distance and Figure 3.12

shows the 5 most frequently utilized ICs for classification based on position. For all parameters,

ICs related to activation in the parietal and occipital areas contributed more strongly to high

accuracy values than ICs related to activation in other areas and were frequently selected as

significant features.
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3.6 Discussion

In this chapter, we investigated the characteristics of encoded kinematic parameters of
arm movement before movement execution, i.e., during movement preparation. Our analysis
revealed that direction and distance classifications have some class pairs with high accuracy.
Moreover, there is a relationship between these parameters (i.e., direction and distance) and the
number of features extracted via the ANOVA. When each movement was used as a class,
accuracy was high when the differences in the angle of the 2 vectors and total distance were high,
the differences in the angle of the 2 vectors and distance were high, and the difference in the
target position was high; these findings confirm that direction, distance, and position are involved
in movement preparation. These observations are supported by previous findings which show
the involvement of the following regions: The dorso-rostral part of Brodmann’s area 5 to combine
eye position and hand position to encode the target distance (Ferraina et al., 2009), posterior
parietal cortex and frontal cortical areas for sensorimotor transformation during movement
planning (Andersen and Cui, 2009), and parietal cortex, which integrates proprioceptive and
visual information (Brunamonti et al., 2016).

In the classification for each kinematic parameter, accuracy was significantly higher than
chance level for direction and distance, but not for position. However, this does not imply that
information regarding target position is useless in the prediction of the intended movement, but
that it is not robust because it is easily influenced by other parameters. Previous studies have
reported that movement is indeed encoded based on position (van den Dobbelsteen et al., 2001;
Graziano et al., 2002; Thaler and Todd, 2009).

Our results indicate that classification accuracy for direction and distance was
proportional to the number of features. However, this does not mean that the number of
features directly influences classification accuracy. When position was used, classification

accuracy was similar to chance level regardless of the number of features. Since we used ERSPs

62



as a feature, a high number of features suggests that an IC showing event-related
desynchronization or synchronization (ERD/ERS) in broad areas in the time-frequency domain
contributes more strongly to classification accuracy than other ICs. In other words, if a feature at
a specific time point or frequency bin significantly differed based on ANOVA findings but adjacent
features did not, the feature may not contribute to high accuracy values. Notably, previous
studies have reported ERD/ERS prior to movement execution. During the decoding of the
intended movement direction, sustained ERD/ERS can be observed over the posterior parietal
cortex beginning 300 ms after the directional cue (Li et al.,, 2012). During decoding of the
intention to grasp, lift, and replace an object—which induce different kinematics—significant
decreases were observed at C3 during the movement intention phase (Eilbeigi and Setarehdan,
2018). In addition, ERD has been observed at C3 prior to movement onset in the classification of
different reaching movements (Shiman et al., 2017). Regions exhibiting ERD/ERS in the time-
frequency domain in these previous studies exhibited values larger than each frequency bin and
window shift in this experiment. As these large areas were related to decoding in previous studies,
the high number of features identified in our study may also be related to decoding.

For the classification of distance using shuffled labels, some classification accuracies were
high, as shown in Figure 3.7. Upon further investigation, we observed that all outliers with an
accuracy of more than 70% were related to 1 class whose distance was 2.236. Only this class had
10 different directions, while the remaining classes had 2 or 4 different directions. Therefore,
despite the use of shuffled labels to avoid the influence of distance, shuffled labels were classified
by direction.

As shown in Figure 3.11, ICs related to activation in the parietal and occipital areas
contributed more strongly to high accuracy values than ICs related to activation in other areas.
The posterior parietal cortex is involved in movement preparation and intention (Snyder et al.,

1997; Cui and Andersen, 2007); also, this area has been used to predict intended movement
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direction in previous work (Wang and Makeig, 2009). In addition, motor intention increases
activation in the parietal cortex (Desmurget et al., 2009). Moreover, the posterior parietal cortex
plays a role in visuomotor transformation (Fogassi and Luppino, 2005). Such findings support the
notion that the parietal area contributed to the high accuracy values observed in our study.
Activation in the occipital area also likely contributed to high accuracy values, as the target was
presented visually. Thus, information regarding the target should be treated as visual information
that can then be used for motor planning (i.e., via the integration of somatosensory and visual
information) (Sober and Sabes, 2005).

As shown in Figure 3.12, although accuracy values were similar to that of chance level,
consistent with findings observed for direction and distance, ICs related to parietal and occipital
activation were frequently selected as significant features. This finding suggests that position can
be processed similar to direction and distance. Furthermore, the target may be coded based on
both vector and position. Previous studies have reported that movements may be coded using a
combination of position and vector coding (van der Graaff et al., 2014; Hudson and Landy, 2012).
In accordance with these findings, our results demonstrate that parietal and occipital activation
are useful for decoding.

Even when all movements were used as different classes, direction and distance were
significant factors. As shown in Figure 3.9, when the distance sum (or distance difference) and
angle difference are high, accuracy is also high. The figure also shows that, when 1 of these values
is small, performance can be increased by increasing 1 of the other values. Thus, they
complement each other, suggesting that vector coding is involved in movement. Figure 3.10
shows that greater differences in the position of the target are associated with increases in
accuracy, indicating that position is also involved in movement preparation. This seems
contradictory to the results presented in Figure 3.5 that indicate that there was no significant

difference in accuracy relative to chance level when using real data. However, the low accuracy
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values in Figure 3.5 may have been induced by various directions or distances within the class,
indicating that position may not be robust for classification, and that vector coding may play a
more important role than position coding. In accordance with this hypothesis, previous studies
have also reported that vector coding contributes more strongly to movement than position
coding (van der Graaff et al., 2014).

Participant 8 exhibited significantly high accuracy even for position decoding, as shown in
Figure 3.8. Thus, for this participant, position contributed to movement preparation in a manner
similar to other parameters. However, as shown in Figure 3.12, most of the top ICs were related
to the parietal and occipital areas, as observed in other participants, indicating that these areas
may not be related to the influence of position coding on movement representation. Further
studies are required to determine whether and to what extent position coding contributes to
predicting intended movement. Since the frontal area is also involved in movement planning
(Andersen and Cui, 2009; Pobric and Hamilton, 2006), this area may play a different role than the
parietal or occipital cortices (Connolly et al., 2007), necessitating additional studies to determine
how other areas are involved in classification or decoding during movement preparation. In
addition to an independent area, the contribution of multiple areas, such as the network of
parietal and frontal areas, may be involved in the motor control of reaching movement (Battaglia-
Maver et al., 2014; Battaglia-Mayer and Caminiti, 2019); therefore, functional connectivity of the
prefrontal cortex and dorsal premotor cortex (Mattia et al., 2010) could be considered. In
participant 7, the top ICs were not related to the parietal and occipital areas as in other
participants (Figures 3.11 and 3.12). However, the ICs involved achieved accuracy values similar
to those observed in other participants, suggesting that other areas contribute to high accuracy.
Furthermore, this finding suggests that information processed in the central area in participant 7
may be similar to that processed in the parietal/occipital area in other participants. Although

future studies should aim to verify which type of information contributes most strongly to high
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classification accuracy, our findings indicate that the parietal and occipital areas play a key role,
and that direction and distance are advantageous for predicting intended movement.

In the current study, we calculated ERSPs of ICs at specific times and frequencies. As our
approach consisted of determining significant features for each classification, this method did
not reflect the fundamental differences between participant 8 and the others. Thus, an intimately
linked relationship between features, including those that were not significant in this study,

should be investigated. Also, connectivity between ICs should be evaluated in further studies.

3.7 Conclusion

In this chapter, we investigated the type of information the brain represents regarding
the intended target during movement preparation, and what information is useful for predicting
the intended movement. Our results indicated that, when each movement (i.e., pairs of the
target and the initial position) was used as a labeling class, direction, distance, and position were
distinguishable movement parameters for classification. However, when we classified data based
on each movement parameter, only participant 8 exhibited significantly high accuracy values for
the position. Thus, our findings indicate that direction and distance may contribute most strongly
to the intended movement. Regardless of the parameter, our findings also demonstrate that

useful features for classification are easily found over the parietal and occipital areas.
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Chapter 4

Conclusion
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4.1 Summary

In this study, we investigated brain activity during planning phase for reaching movement
using EEG signals. Although few previous studies have shown premovement EEG signals may be
used for decoding, previous studies used only part of premovement EEG signals to show the
feasibility of them.

Thus, in chapter 2, we functionally separated time intervals within the planning phase and
investigated whether EEG signals before movement execution could be used to classify
movement direction. Our results showed that accuracies were higher than chance level
regardless of the modality, inferring that brain activity during the planning phase has useful
information related to the movement. In addition, a combination of two windows from different
time intervals improved classification performance in the both conditions compared to a single
window classification. This infers that different kinds of information related to the movement
may be included in different time range within the planning phase.

Since we confirmed the availability of the premovement phase through the first
experiment, in chapter 3, we tried to find what information regarding the intended target during
movement preparation is advantageous for decoding. In the second experiment, we investigated
whether parameters such as direction, distance, and positions for reaching can be decoded in
premovement EEG decoding. In the classification for each kinematic parameter, accuracy was
significantly higher than chance level for direction and distance, but accuracy for position was
about chance level. Also, only participant 8 exhibited significantly high accuracy even for position
decoding. For this participant, position contributed to movement preparation in a manner similar
to other parameters. When all movements were used as different classes, direction and distance
and position were significant factors. Thus, all parameters for this study may have information

related to the movement, but the direction and the distance are more useful for predicting
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intended reaching movement than the position showing significant higher accuracy for some

individuals.

4.2 Future work

The parameters were not independent in our study. Our results provide useful
information from a practical perspective; however, to investigate each parameter closely, an
experiment should be done such that only 1 parameter varies. Especially, the direction should be
more investigated closely as our results also showed good performance for the direction. It has
been reported that directional tuning, which indicates preferred direction may be encoded, can
be performed on some brain areas such as the primary motor cortex (Georgopoulos et al., 1982),
cerebellum (Fortier et al., 1989), and Brodmann area 5 (Kalaska et al., 1983). As current sources
are attenuated by many physiological factors (Buzsaki et al, 2012) to reach EEG electrodes on the
scalp, if we can know how this can be reflected on EEG signals, decoding based on the
neurophysiological basis can be performed. Until recently, brain activity related to the movement
was decoded using EEG signals without considering or utilizing a neurophysiological phenomenon.
However, recently, few studies tried to estimate sources related to directional tuning (Tanaka et
al., 2018).

In addition, the brain may use other information that integrates those parameters used
in our study. We recognize direction or distance, but when the brain generates motor commands,
the command should be based on the muscle coordinates. When this coordinate transformation
is performed within the brain remains unknown. Thus, other methods, such as estimating muscle
activation using a cortical current source and classified movement direction by calculating
synergy (Yoshimura et al, 2012; Yoshimura et al, 2017). Also, we can simultaneously measure
muscle and brain signals to find where and when information about muscle synergy appears in

the brain, so then we can better understand movement planning and how brain regions are
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related to each other. Intrinsic and extrinsic coordinate movements might be identical via a
synergy representation, if so, we can determine how the brain represents movement during
movement planning by combining both intrinsic and extrinsic information. Therefore, how these
intrinsic coordinate parameters are related to the movement planning and how they represented

on EEG signals can be investigated. individuals.

4.3 General discussion

Conventional active BMI system has used neural signals such as motor imagery that can
be used as input commands for the system. Figure 4.1 shows a model that describes conventional
active BMI system. Neural signals are decoded to give an actuator input commands. Thus, this
system performs only simple few functions and cannot prepare for a variation of an environment

or human body.

EEG Motor Command
AT ST

]
e

W

Figure 4.1: Conventional active BMI system model.

However, if we can extract useful information after movement such as reaction to
delayed response of the system, it can be used for making a feedback controller to support
conventional model. Then, neural signal which can be measured after movement, such as error-
related potential (Schalk et al., 2000), may be used to inhibit the previous command when an
error is detected or to update BMI classifiers through learning (Chavarriaga et al., 2014). Figure

4.2 shows a simple example describing combined BMI system model with a feedback controller.
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Human can perceive their performance after movement, and this information can be transferred

to feedback controller which can support a decoder.

Decoder
Motor Command
EEG *'. Feedback -
g ‘ - Controller pEEet
undesired
receptor

3

output

Figure 4.2: BMI system model with feedback controller.

Information not only after movement but also before movement such as information
investigated in this study can be exploited. Figure 4.3 shows BMI system with feedback controller
and various decoders. If we can extract useful information before movement, it can be used to
decide more proper decoder suitable for current user’s status or intention and to calculate the
desired output in advance not to occur delay. Then, we can take a step forward to advanced and

intelligent BMI system by investigating information before movement.
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Figure 4.3: BMI system model with feedback controller and various decoders.
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Figure 4.4: Invasive method for science and non-invasive method for engineering

In typical neuroscience field, it has been reported that kinematic parameters such as
direction and distance are needed for planning by using invasive electrodes attached to monkeys.
This is good for understanding specific functions in small region of the brain. For human subjects,
fMRI has been used to investigate the brain. However, when we use this knowledge for practical
application, EEG signals should be used because of practical reasons. Since EEG signals include
combination of brain activations by many functions, it is difficult to exploit information with
neurophysiological basis using EEG signals. Figure 4.4 shows invasive method that has been
performed in neuroscience field to investigate specific functions and non-invasive method
measuring many activations induced by many functions of the brain. Therefore, in BMI system,
only simple functions have been implemented by brain activation such as motor imagery. Of
course, many BMI researches have investigated information after movement and recent studies
became interested in information before movement. However, in order to construct intelligent

and advanced BMlI system, all information, which is about movement planning, during movement
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execution, and information after finishing the movement, should be used. This study showed
which information is subject to be extracted easily when using EEG signals. This contributed to
the field since it may help bridge the gap between neuroscience and engineering. We expect to
construct intelligent and advanced BMI system exploiting all information induced by neural

signals in the future.
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