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ABSTRACT

Recent studies on motor imagery (MI)-based brain computer interaction (BCI)
reported that the interaction of spatially separated brain areas in forms of functional or
effective connectivity leads to a better insight of brain neural patterns during MI
movements and can provide useful features for BCIs. However, existing studies suffer
from unrealistic assumptions or technical weaknesses for processing brain signals, such
as stationarity, linearity and bivariate analysis framework. Besides, volume conduction
effect as a critical challenge in this area and the role of subcortical regions in
connectivity analysis have not been considered and studied well. In this thesis, the
neurophysiological connectivity patterns of healthy human brain during different MI
movements are deeply investigated. At first, an adaptive nonlinear multivariate state-
space model known as dual extended Kalman filter is proposed for connectivity pattern
estimation. Several frequency domain functional and effective connectivity estimators
are developed for nonlinear non-stationary signals. Evaluation results show superior
parameter tracking performance and hence more accurate connectivity analysis by the
proposed model. Secondly, source-space time-varying nonlinear multivariate brain
connectivity during feet, left hand, right hand and tongue MI movements is investigated
in a broad frequency range by using the developed connectivity estimators. Results
reveal the similarities and the differences between MI tasks in terms of involved regions,
density of interactions, distribution of interactions, functional connections and
information flows. Finally, organizational principles of brain networks of MI movements
measured by all considered connectivity estimators are extensively explored by graph
theoretical approach where the local and global graph structures are quantified by
computing different graph indexes. Results report statistical significant differences
between and within the MI tasks by using the graph indexes extracted from the networks
formed particularly by normalized partial directed coherence. This delivers promising

distinctive features of the MI tasks for non-invasive BCI applications.
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ABSTRAK

Kajian terkini mengenai interaksi antara otak dan komputer (BCI) berasaskan imaginasi
motor (MI) melaporkan bahawa, interaksi antara bahagian otak yang berasingan dalam bentuk
kesalinghubungan secara berfungsi atau berkesan dapat memberikan gambaran yang lebih baik
bagi corak neural otak berhubung semasa pegerakan MI, dan dapat menghasilkan ciri-ciri yang
berguna untuk sistem BCI. Walau bagaimanapun, kajian sedia ada bergantung kepada andaian
yang tidak realistik atau mempunyai kelemahan dari segi teknikal bagi pemprosesan isyarat otak
seperti sifat kepegunan, kelinearan dan rangka kerja analisis bivariat. Di samping itu, kesan
isipadu konduksi adalah cabaran yang kritikal dalam bidang kajian ini dan peranan bahagian
subkortikal dalam analisis kesalinghubungan tidak dipertimbangkan dan dikaji dengan baik.
Dalam tesis i, corak kesalinghubungan neurofisiologi bagi otak manusia yang sihat semasa
pergerakan MI vang berlainan dikaji secara mendalam. Pada mulanya, suatu model mudah suai
tidak linecar multivariat ruang-keadaan yang dikenali sebagai lanjutan penapis Kalman duaan
dicadangkan untuk menganggar bentuk kesalinghubungan. Beberapa penganggar
kesalinghubungan berfungsi dan berkesan berdomain frekuensi dibangunkan untuk isvarat tidak
linear tidak pegun. Keputusan penilaian menunjukkan prestasi pengesanan parameter vang lebih
baik dan analisis kesalinghubungan lebih tepat diperolehi daripada model yang telah diusulkan.
Yang kedua, sumber-ruang pada masa yang berbeza-beza dengan model multivariat tidak linear,
kesalinghubungan otak semasa pergerakkan MI kaki, tangan kiri, tangan kanan dan lidah dikaji
dalam julat frekuensi yang luas dengan menggunakan penganggar kesalinghubungan yang telah
dibangunkan. Keputusan mendedahkan persamaan dan perbezaan di antara tugas-tugas MI dari
segi bahagian vang terlibat, ketumpatan interaksi, taburan interaksi, hubungan berfungsi dan
aliran maklumat. Akhir sekali, prinsip organisasi jaringan otak semasa pergerakkan MI diukur
dengan semua penganggar kesalinghubungan yang telah diambil-kira, serta dikaji secara meluas
dengan pendekatan teori graf di mana, struktur lokal dan global graf diukur dengan mengira
perbezaan indeks graf. Keputusan melaporkan perbezaan yang signifikan secara statistik antara
tugas-tugas MI dengan menggunakan indeks graf dickstrak daripada jaringan yang terbentuk
terutamanya oleh separa koheren berarah yang dinormalkan. Ini memberikan ciri-ciri tersendiri

yang baik bagi tugas MI untuk aplikasi BCI yang tidak invasif.
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CHAPTER 1

INTRODUCTION

1.1 Overview

1.1.1 Brain Computer Interface

Brain computer interface (BCI) is a state-of-the-art technology that translates
neuronal activities into user commands. This topic was introduced over 40 years ago
[1] however it has considerably developed recently and there is a continuous increase
in the number of research groups focusing on this area [2, 3]. It provides a
communication and control channel between the brain and external environment
which does not depend on the brain’s normal output pathways of peripheral nerves
and muscles so that it offers an effective assistance to individuals with motor
disabilities [3]. BClIs are of great value to the rehabilitation engineering and assistive
technology where the use of prosthetics, robots and other devices fully controllable
by mental intentions have become a reality [4]. These systems have a direct positive
influence on the life quality of the disabled and also offer new modes of human
machine interaction for both disabled and healthy users such as music generation [5]
or computer game control [6]. Nowadays, more complex devices including orthoses,
prostheses, robotic arm and mobile robots [7-12] can be controlled by modern BCI

systems.



Generally, BCIs measure neurophysiologic signals, process them and produce
control signals that reflect the user’s intent. BCIs can be categorized based on
measuring brain neural activities through different neuroimaging techniques among
which electroencephalographic (EEG)-based BCI is very well established and
accepted for practical applications as well as clinical and research settings for
decades. This is because EEG equipment is inexpensive, lightweight, portable, non-
invasive with minimal clinical risks, user friendly and comparatively easy to apply
[13, 14]. It can provide signals with high temporal and low spatial resolution with
limited frequency range [15]. However, spatial resolution can be increased by means

of more electrodes and the existent frequency range is enough for BCI purposes.

EEG-based BCI systems detect the existence of particular patterns in a
person’s ongoing brain activity that relates to the person’s intention to start control
and then translate these patterns into meaningful control commands. Figure 1.1

illustrates an EEG-based system components and steps.

electrades

/ state feedback

-l

R S —

BCI Transducer ‘

User _I
Artifact Feature Feature Control f—p| Deviee

amp Processor Generator Translator Interface |4 Controller
Signal Feature Feature Feature Post-
Enhancement |—» Extraction |=e{ Selection/ Classification |[=# processing
Dimensionality
Reduction

Figure 1.1 A typical EEG-based BCI components [16].

In the depicted system, the user’s brain activity is recorded by the electrodes
placed on the head via an electrode cap. Then, the signals transmit from electrodes
to the biosignal amplifier to convert the brain signals from analog to digital format.
After that, the digital signals are processed in a computer in the following steps.

Artifacts are removed from attained signals after they have been amplified to



increase the signal-to-noise ratio. In order to generate the most prominent signal
values known as features, signal enhancement, feature extraction and feature
selection techniques are considered. Feature translator aims to transform the
provided features into logical control signals commonly in the two stages of
classification and post-processing. The former targets to distinguish different
patterns and classifies them into separate groups while the latter aims to reduce the

number of error activations of the system.

In BCI systems, electrophysiological sources refer to the neurological
mechanisms or processes employed by a BCI user to generate control signals.
Current BCIs are grouped into seven major categories based on the
neuromechanisms and recording technology they use [16]. These are sensorimotor
rhythms, P300 evoked potentials, visual evoked potentials, slow cortical potentials,
activity of neural cell, response to mental tasks and multiple neuromechanisms. BCI
based on sensorimotor rhythms is known as Motor Imagery (MI) BCI, a type of
endogenous EEG-based BCI which is much more suitable for BCI [15] and is

focused in this thesis.

1.1.2 Motor Imagery-based BCI

Imagination of doing something is an important cognitive process that occurs
throughout lifespan. MI which refers to the act of imagining a specific action without
actually executing it, has fascinated scientists from a wide range of domains
including sport sciences, psychology, neuroscience and neural engineering. MI has
been defined as the conscious mental simulation of actions involving brain’s motor
representations similar to when actually perform movements [17]. This has led to the
suggestion that MI and motor execution rely on similar neural structures and
processes [17-20]. Moving a limb or the imagination of limb movement changes the
brain activity in the cortex and results in different EEG patterns [21]. The BClIs
based on MI are known as MI-BCI where each mental task is associated with one of

the commands to the external device. In MI-BCI, subjects are asked to haptically



imagine movements of certain limbs, e.g., the left or the right hand. Then, in order
to produce the commands, the operator switches voluntarily between corresponding

mental tasks in either synchronous (cue-paced) or asynchronous (self-paced) mode.

Brain oscillations are typically categorized according to the specific
frequency bands: delta is <4 Hz, theta is 4-7 Hz, alpha is 8-15 Hz, beta is 16-30 Hz
and gamma is > 30 Hz. Alpha activity recorded from sensorimotor (somatosensory
and motor) areas is also called mu activity. Increase/decrease of oscillatory activity
in a specific frequency band is called event-related
synchronization/desynchronization (ERS/ERD). Previous studies have indicated that
when the subject performs or even imagines limb movement, specific frequency
components of EEG such as the mu and central beta rhythms are (de)synchronized
over the contralateral (ipsilateral) sensorimotor area [21-23]. Besides, depending on
the part of the body imagined to be moved, the amplitude of multichannel EEG
recordings exhibits distinctive spatial patterns [24]. Therefore, most of early studies
on MI-BCI have employed features of single channels for movement pattern
discrimination such as amplitude values like autoregressive (AR) model coefficients,
frequency based features like quantification of ERS/ERD using band power (BP) and

time—frequency maps of cortical activity at specific regions [25].

1.1.3 Challenges and Limitations of Conventional MI-based BCI

Although promising results and achievements have been reported in the
literature by using the mentioned EEG features, yet there remain many challenges
and barriers to use this technology easily and effectively for the intended
beneficiaries i.e. those who require an alternative means of communication/control
such as people with neuromuscular deficiencies due to disease, spinal cord injury or
brain damage. It has been shown that the motor imagery responsive frequency bands
are not consistent for inter- and intra-subjects [26] which indicates the instability of
such BCIs. ERD/ERS analysis for different subjects has proven to be complex since

it occurs in different parts of the cortex, at different frequencies and during difterent



time intervals which leads to difficulty when extracting features for classification
[27]. As EEG data is often of low amplitude and noisy, there is no consistency in the
patterns among different subjects and the arising patterns can change within a session

for the same subject [27].

It has been reported that activity invoked by imagination of limb movements
is located on contralateral side of somatosensory cortex and only few electrodes have
been employed (C3, C4, Cz) to capture the corresponding EEG patterns in such areas
[28, 29]. However, other studies showed that somatosensory stimuli suppressed mu
rhythms at both the contralateral and the ipsilateral somatosensory cortex [30, 31]. In
addition, the positions of ERDs are not necessarily beneath electrodes C3 and C4
[32]. Several EEG studies also further confirmed the notion that MI can activate
primary sensorimotor areas [33-35]. Other researchers have tended to show that
during the performance of cognitive tasks many different parts of the brain are
activated and communicate with one another, thus making it difficult to isolate one
or two regions where the activity takes place [36]. For instance, it has been
demonstrated that the supplementary motor area (SMA), prefrontal area, premotor
cortex, cerebellum and basal ganglia are activated during both movement execution
and imagination [37-41]. Moreover, the role of primary motor cortex has been
widely reported in numerous brain imaging studies explored by EEG [33-35, 42-48],
functional magnetic resonance imaging (fMRI) [49-69], magnetoencephalography
(MEG) [34, 70], positron emission tomography (PET) [71-73] and near infrared
spectroscopy (NIRS) [74, 75].

Another observed limitation is that foot movement imagery invokes activity
over Cz and a distinction between left and right foot movement is not possible
because the corresponding cortical areas are too close [15]. Similarly, ERD/ERS
patterns of individual fingers cannot be discriminated [15]. It was concluded that to
produce detectable patterns, the cortical areas involved have to be large enough so
that the resulting activity is sufficiently prominent compared to the remaining EEG.
Hand areas, foot areas and the tongue area are comparatively large and
topographically different. Therefore, current Ml-based BCIs are limited in

imagination of only four movements: left hand, right hand, feet and tongue [76].



However, a flexible and applicable BCI requires more control commands.

Study evidences on stroke patients revealed their ability to perform MI
despite chronic or severe motor impairments [77-79], but patients with lesions in the
parietal and frontal cortices have difficulty in performing MI [79, 80]. These studies
showed that the portion of the brain that is responsible for generating ERD/ERS in
MI-BCI could be compromised. Hence, the issue remains as whether stroke patients
are practically capable of operating MI-BCI effectively. Although some promising
findings have shown the reliability of MI-BCI in stroke rehabilitation [81-85], there
is a lack of long-term evidence to support its clinical relevance. Besides, no
successful communication has been established through BCI with a completely
locked-in subject. Therefore, the most challenging part in MI-based BCI researches
is during the communication with such patients, for which the reason is still
unknown. Cognitive deficits in completely locked-in patients cannot be ruled out at
present as the cause of this failure. It may be from abnormal brain activities in
patients with severe disabilities alike in late stages of amyotrophic lateral sclerosis
[86]. It is possible that intentionally induced BP changes in the electric field of the

brain reduce in these subjects [87].

One of the most possible and inevitable reasons of aforementioned
weaknesses and limitations of MI-based BCI is the use of temporal-spectral MI EEG
features from individual channels for discriminating different MI patterns as they
may not provide enough information. Consequently, a better understanding of brain
neural dynamic patterns behavior is essential for providing more useful and
informative features for BCIs. It is well known that the execution of even simple
motor and/or cognitive tasks by the brain requires the participation of multiple
cortical regions which are mutually interconnected and exchange information via
plastic long-range synapses [88]. Hence, knowledge of brain connectivity has
become an essential aspect of modern neuroscience especially for understanding how
the brain realizes its basic functions and what the role of different regions is.
Accordingly, it is expected that different cognitive tasks like MI of different limbs
are associated with different connectivity patterns among brain regions. Therefore, a

promising approach for solving the mentioned limitations is to consider the



relationships among inter-channels/sources brain signals by measuring connectivity
of spatially distributed regions during MI movements. These connectivity patterns
can be detected from EEG recordings and thus offer a new type of feature space for
inferring a subject’s intention. This research proposes source-space adaptive
nonlinear multivariate brain connectivity analysis during MI movements by Dual
Extended Kalman Filter (DEKF) method. Moreover, significant information from the
estimated brain neural network during different MI movements is extracted by means

of graph theoretical approach.

1.2 Background of Problems

The human brain performs its sensory and cognitive functions by
dynamically employing highly complex and interlaced neuronal networks. In BCI
context, better understanding of these network functions may open insight into
neurophysiological mechanisms of different motor tasks and may deliver more
efficient features to enhance the system performance. In this regard, several studies
have performed MI brain connectivity analysis to be used for BCI (review is

provided in Chapter 2).

One of the most critical challenges of brain connectivity analysis is volume
conduction (VC) effect (completely explained in Chapter 2) which can give rise to
spurious instantaneous correlations between scalp EEG signals and potentially lead
to misinterpretation of sensor-space EEG analysis [89]. In this regard, literature
shows that (refer to Table 2.1) some studies did not take into account the possible
VC effects which might lead the authors to misinterpretation in brain connectivity

analysis [28, 90-102].

The most conventional way of estimating the brain connectivity is by
evaluating the phase relations by a pair-wise (bivariate) estimation of coherence or
covariance. The direction of EEG propagation was estimated using a two-channel

AR model [103]. The concept of Granger causality (GC) [104] was applied to



determine the propagation of EEG activity between two channels at a time [105,

106]. Bivariate GC formulates the problem in such a way that if a time series X, (t)

contains information in past terms that helps in the prediction of Xl(t) and this

2

information is contained in no other time series used in the predictor, then X, (7) is

said to cause X, (¢). It has been shown that bivariate methods for the assessment of

directionality are likely to give misleading results, no matter if they are based on
phases of bivariate coherence or bivariate GC measure [107]. When two or three
sources are acting simultaneously, which is a quite common situation, dense and
disorganized structure of connections is obtained, similar to random structure.
Therefore, the results reported by most of previous studies on MI brain connectivity
analysis might be violated by this issue. Accordingly, multivariate measures derived

from multivariate autoregressive (MVAR) modeling of multichannel EEG signals

have been proposed. In this case, not only one but some time series, vector Y (t),
contain information in past terms that helps in the prediction of time series X (t),

then Y(f) is said to cause X (7). MVAR models have been widely applied for

neurophysiological connectivity analysis, [108-112] and can be used to obtain
several different measures of connectivity [113-116]. Although this technique has
been proved as a superior method to estimate connectivity measures compared to
bivariate methods [107]; it only captures the linear interactions among time series.
However, many crucial neural processes like EEG have nonlinear characteristics
(e.g. the regulation of voltage-gated ion channels corresponds to a steep nonlinear
step-function relating membrane potential to current flow) [117]. In order to interpret
the amount of transmission of nonlinear information among brain regions and its
functional role, it is important to consider the physiological basis of the signal, which
is likely to be nonlinear. So, nonlinear brain connectivity analysis may reveal the
hidden interactions and provide complementary information of brain neural network
during different motor tasks. However, most of MI-BCI studies have just
investigated the linear brain connectivity. There are a few approaches that have
applied phase locking value (PLV) index to measure the nonlinear interactions [24,
28,90, 94, 95, 102, 118, 119] however they have other limitations such as unrealistic
assumptions (e.g. stationarity of EEG signals) and methodological defect (e.g.

bivariate analysis). Moreover, PLV is a phase-based connectivity estimator; while it



has been widely reported that frequency-based estimators are more efficient for the
analysis of EEG data since the activity of neural populations is often best expressed

in this domain [120, 121].

A significant drawback of conventional MVAR is that the connectivity
measures are fixed with time and computed from MVAR models with constant
coefficients fitted over the entire time-course, assuming brain as static or stationary
process. This shortcoming has been observed in some of previous studies on MI
brain connectivity analysis [28, 90, 97, 100-102, 118, 119, 122]. However, an
important property of brain is its dynamic (time-variant) behavior during any task
therefore analyzing brain connectivity within a static (time-invariant) framework or
stationarity assumption is incompatible with the well-known dynamical condition-
dependent nature of brain activity and leads to misinterpretation of the results. A
number of algorithms have been proposed for fitting MVAR models to non-
stationary signals, known as adaptive MVAR (AMVAR) or time-varying MVAR
(TV-MVAR). In modern neuroscience, the most popular approaches include
segmentation (overlapping sliding-window) [123, 124] and state space approaches
[125, 126]. Segmentation-based AMVAR models apply a sliding window of length
W from the multivariate dataset with length 7, and fit a MVAR model to this data.

Then, the window by a quantity Q is incremented and the procedure is repeated until

the start of the window is greater than 7—W . This technique has been recently
utilized for single-trial connectivity estimation for classification of two MI tasks in
BCI [127]. Although this technique produces MVAR coefficient matrices that
describe the evolution of the MVAR process across time, the local stationarity of
each window is still assumed and this may not be able to detect rapid parameter
changes of brain activity. State space models (SSMs) on the other hand are the
AMVAR models where the AR coefficients vary instantaneously with time. SSM
provides a general framework for analyzing deterministic and stochastic dynamical
systems that are measured or observed through a stochastic process. Although this is
a powerful technique for dealing with non-stationarity of neurophysiological signals,
there are very limited studies [128, 129] of applying SSMs for brain connectivity
analysis in the literature and there is no study of using SSMs for brain connectivity

analysis during MI movements. The SSM consists of two components: (1) state
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equation which models the dynamics of the hidden states {xt} where ¢ is the discrete

time index, typically following a Markov process and (2) observation equation which

describes the mapping of the hidden states to the observations{ y,}. In SSMs,

conventionally, the estimators of the TV-AR coefficients are obtained sequentially in
time using Kalman filter (KF), which is an optimal algorithm in mean-square sense
for inferring linear Gaussian systems. This technique assumes linear model for
connectivity analysis which is inappropriate for the complex real processes that
typically exhibit nonlinearity. When the model is nonlinear, the KF cannot be applied
directly and requires a linearization of the nonlinear model at each time step. This
algorithm is called the extended Kalman filter (EKF), and effectively approximates
the nonlinear function with a time-varying linear one. Nonlinear SSM poses the dual
estimation problem [130] that can be solved by dual Kalman estimation, known as
DEKEF. This technique has been recently employed to investigate the newborn brain

neural connectivity during sleep [131].

Different types of functional and effective connectivity measures were
considered to analyze the brain network in the literature. Most of these approaches
only studied the mechanisms of functionally related of spatially distinct neuronal
groups during particular tasks known as couplings which are measured by functional
connectivity measures either in phase or frequency domain. Literature shows that
effective connectivity analysis has not been studied well yet on different MI

movements.

Conventional brain connectivity-based MI-BCI studies have been focused to
discriminate different Mls by considering the connectivity measures as feature sets
and employing machine learning algorithms for classification. However, a deep
study of organization principals of brain networks which can reveal interesting
characteristics and differences of various MI movements has been neglected.
Recently, graph theoretical approach as an efficient tool in modern neuroscience has
enabled the researchers to explore many important statistical properties underlying

the topological organization of the human brain while performing different motor
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tasks. This powerful mathematical framework can be used to characterize and

compare the brain network of different MI tasks.

Almost all studies in the literature have investigated the brain connectivity
only among different sensors at scalp or regions at cerebral cortex while the roles of
subcortical regions as well as deep brain structures have been neglected. However, it
has been shown that cerebellum and basal ganglia [132, 133] are activated during

both movement execution and imagery.

To the best of author’s knowledge, there are no studies on applying adaptive
nonlinear state-space models estimated by DEKF and graph theoretical approach for

source-space brain connectivity analysis during different M1 tasks in BCI context.

1.3 Statement of Problems

The problems of the research are summarized as follows:

1) There are very few studies on brain connectivity analysis during MI tasks in
BCI context. In this regards, differences of brain neural network among
several MI tasks particularly in form of effective connectivity has not been

well investigated yet.

2) Existing studies either at sensor or source level examined the brain
connectivity only among different regions at cerebral cortex and the roles of

subcortical regions as well as deep brain structures have been neglected.

3) Volume conduction effect as one of the most challenging problems in EEG-
based MI brain connectivity analysis has not been taken into account in several

previous studies.



4)

5)

6)

1.4

1)

2)
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Existing studies on frequency-dependent connectivity analysis have assumed
inappropriate linear static interaction among brain regions. Some researches
applied short-time window-based AMVAR approach to deal with EEG non-
stationarity; however, this method assumes that the signals are locally
stationary in short time intervals and therefore they are limited in tracking
rapid parameter changes and cannot provide high resolution time-frequency

connectivity representations.

Several existing studies have estimated brain connectivity in bivariate (pair-

wise) framework which suffers the estimation of spurious functional links.

A deep study of organization principals of brain networks which can reveal
interesting characteristics and differences of various MI movements has been

neglected.

Research Hypothesis

The main hypotheses of this research are as follows:

Nonlinear SSM-based TV-MVAR is a superior model for estimating dynamic
connectivity for detecting neurophysiological nonlinear interactions and rapid

parameter changes.

A better understanding of the brain mechanisms during MI tasks using DEKF
and nonlinear connectivity estimators across time and frequency should reveal
(1) the neurophysiological properties of brain (2) the time-varying connectivity
pattern (3) the similarities and the differences within MI tasks and (4) the

unique connections of each MI task.
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3) Local and global graph indexes can reveal different properties underlying the
brain topological organization during different MI tasks which should provide a

clearer picture of similarities and (statistical significant) differences.

1.5 Objectives

In this research, a better understanding of the underlying mechanisms
involved in different MI tasks that requires the knowledge of how the co-activated
brain regions interact with each other is explored. The main objective of this thesis is
to investigate the neurophysiological pattern of healthy human brain during different
MI movements by taking into account the brain dynamic nonlinear
functional/effective interactions in frequency domain. Besides, topological
organization of the estimated brain networks is quantified and studied using graph

theoretical approach. This includes the following sub-objectives:

1) To evaluate the robustness of DEKF for detecting nonlinear interactions and
tracking fast parameter changes. And to develop several frequency-based non-

linear connectivity estimators.

2) To recover and localize the MIs source signals for studying brain
neurophysiological behavior by estimating dynamic nonlinear brain
interactions using DEKF and the developed connectivity estimators within a

broad frequency range.

3) To construct and characterize the estimated brain network of each MI task
using graph theoretical approach to reveal the similarities and (statistical

significant) differences within MI tasks.
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1.6 Scope

The scope of this research is given as follows:

1) Using only a nonlinear AMVAR model in SSM framework for estimating the
time-varying interactions.
2) Dataset of healthy subjects containing four MI movements, feet, left hand,

right hand and tongue is used.

3) Source space analysis is considered for MI brain connectivity analysis.

4) Equivalent current dipoles corresponding to source signals are localized by

DIPFIT technique.

5) Brain interactions are estimated by three functional and one effective
connectivity estimators Coherence, imagery Coherence, partial Coherence and

normalized partial directed Coherence.

6) Brain connectomes are characterized by graph indexes degree, strength,

density and efficiency in order to study brain underlying organization.

7) All processing steps including stimulations and EEG signal analysis are carried

out offline.

1.7  Significance of Study

BCI systems are of great value to the rehabilitation engineering and assistive
technology, prosthetics, robots and other devices for people with neuromuscular
deficiencies due to disease, spinal cord injury or brain damage. MI-based BCI needs

to detect the correct brain patterns of different MI tasks and transform them to the
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interested control commands. Brain connectivity analysis is a promising approach to
provide more clear patterns of each motor function and deliver more efficient and
accurate BCIs. Estimating true brain connectivity requires a complete mathematical
model that can reflect the realistic behavior of brain activity such as non-stationarity
and nonlinearity. This research proposes a robust nonlinear AMVAR model in state
space framework to carefully study brain network by estimating functional and
effective connectivity measures during different MI tasks. Moreover, graph
theoretical approach is implemented to characterize the brain networks topology to
explore the brain organization during MI tasks and find significant differences

among them.

1.8 Research Contributions

The main objective of this thesis is to investigate the neurophysiological
pattern of healthy human brain during different MI movements by taking into
account the brain dynamic nonlinear functional/effective interactions in frequency
domain and applying graph theoretical approach to quantify the estimated brain
networks and reveal the significant within MI tasks. Therefore, the current research
targets to develop the frequency domain multivariate adaptive nonlinear brain
connectivity estimators in SSM framework for MI brain source connectivity analysis
in conjunction with graph theoretical approach. So, the following contributions are

achieved.

i. DEKF has proven as a superior method to study time-varying nonlinear

modeling of neurological signals.

ii.  Four frequency domain brain connectivity estimators Coh, iCoh, pCoh and
nPDC are developed for studying any non-stationary and nonlinear

neurophysiological data.

iii.  For the first time, brain source signals of four different MI tasks are

reconstructed and localized for studying nonlinear dynamic brain
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connectomes using DEKF and the developed connectivity estimators within a

broad frequency range.

iv.  For the first time, the brain networks of four MI tasks are constructed and
characterized using graph theory to identify the similarities and (statistical

significant) differences within all tasks.

1.9 Outline of the Thesis

Chapter 1 introduces the research study including introductory materials
(research overview, background of problems, statement of problems, research
hypothesis, objectives, scope, significance of study and contributions of the
research). Chapter 2 provides a comprehensive literature review related to this
research. Chapter 3 proposes an adaptive nonlinear multivariate state-space model,
dual extended Kalman filter, for connectivity pattern estimation. Besides, time-
varying nonlinear frequency domain connectivity estimators are computed. Chapter 4
deeply investigates time-varying nonlinear multivariate brain connectivity for
studying couplings and information flows among the brain regions during four
different motor imagery tasks. In Chapter 5, organizational principles of brain
networks of different MI movements are extensively explored by graph theoretical

approach. Chapter 6 concludes the thesis and presents the possible future directions.



REFERENCES

Vidal, J.-J. Toward direct brain-computer communication. Annual review of
Biophysics and Bioengineering, 1973, 2(1): 157-180.

Vaughan, T. M., Heetderks, W, Trejo, L., Rymer, W., Weinrich, M., Moore, M.,
Kiibler, A., Dobkin, B., Birbaumer, N. and Donchin, E. Brain-computer interface
technology: a review of the Second International Meeting. IEEE transactions on
neural systems and rehabilitation engineering: a publication of the IEEE
Engineering in Medicine and Biology Society, 2003, 11(2): 94-109.

Wolpaw, J. R., Birbaumer, N., McFarland, D. J., Pfurtscheller, G. and Vaughan,
T. M. Brain—computer interfaces for communication and control. Clinical
neurophysiology, 2002, 113(6): 767-791.

McFarland, D. J. and Wolpaw, J. R. Brain-computer interface operation of
robotic and prosthetic devices. Computer, 2008, (10): 52-56.

Miranda, E. R. Plymouth brain-computer music interfacing project: from EEG
audio mixers to composition informed by cognitive neuroscience. International
Journal of Arts and Technology, 2010, 3(2-3): 154-176.

Finke, A., Lenhardt, A. and Ritter, H. The MindGame: a P300-based brain—
computer interface game. Neural Networks, 2009, 22(9): 1329-1333.

Velliste, M., Perel, S., Spalding, M. C., Whitford, A. S. and Schwartz, A. B.
Cortical control of a prosthetic arm for self-feeding. Nature, 2008, 453(7198):
1098-1101.

Muller-Putz, G. R. and Pfurtscheller, G. Control of an electrical prosthesis with
an SSVEP-based BCL. Biomedical Engineering, IEEE Transactions on, 2008,
55(1): 361-364.

Graimann, B, Allison, B., Mandel, C., Liith, T., Valbuena, D. and Graser, A.
Non-invasive brain-computer interfaces for semi-autonomous assistive devices.

Robust intelligent systems: Springer. 113-138; 2008.



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

225

Leeb, R., Friedman, D., Miiller-Putz, G. R., Scherer, R., Slater, M. and
Pfurtscheller, G. Self-paced (asynchronous) BCI control of a wheelchair in
virtual environments: a case study with a tetraplegic. Computational intelligence
and neuroscience, 2007, 2007.

Millan, J. R., Renkens, F., Mourifio, J. and Gerstner, W. Noninvasive brain-
actuated control of a mobile robot by human EEG. Biomedical Engineering,
IEEE Transactions on, 2004, 51(6): 1026-1033.

Pfurtscheller, G., Miiller, G. R, Pfurtscheller, J., Gerner, H. J. and Rupp, R.
‘Thought’—control of functional electrical stimulation to restore hand grasp in a
patient with tetraplegia. Neuroscience letters, 2003, 351(1): 33-36.

Kauhanen, L., Nykopp, T., Lehtonen, J., Jylanki, P., Heikkonen, J., Rantanen,
P., Alaranta, H. and Sams, M. EEG and MEG brain-computer interface for
tetraplegic patients. Neural Systems and Rehabilitation Engineering, IEEE
Transactions on, 2006, 14(2): 190-193.

Kronegg, J., Chanel, G., Voloshynovskiy, S. and Pun, T. EEG-based
synchronized brain-computer interfaces: A model for optimizing the number of
mental tasks. Neural Systems and Rehabilitation Engineering, IEEE
Transactions on, 2007, 15(1): 50-58.

Graimann, B., Allison, B. Z. and Pfurtscheller, G. Brain-computer interfaces:
Revolutionizing human-computer interaction. Springer Science & Business
Media. 2010.

Bashashati, A., Fatourechi, M., Ward, R. K. and Birch, G. E. A survey of signal
processing algorithms in brain—computer interfaces based on electrical brain
signals. Journal of Neural engineering, 2007, 4(2): R32.

Jeannerod, M. and Decety, J. Mental motor imagery: a window into the
representational stages of action. Current opinion in neurobiology, 1995, 5(6):
727-732.

Munzert, J., Lorey, B. and Zentgraf, K. Cognitive motor processes: the role of
motor imagery in the study of motor representations. Brain research reviews,
2009, 60(2): 306-326.

Jeannerod, M. Neural simulation of action: a unifying mechanism for motor

cognition. Neuroimage, 2001, 14(1): S103-S109.



20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

226

Grezes, J. and Decety, J. Functional anatomy of execution, mental simulation,
observation, and verb generation of actions: a meta-analysis. Human brain
mapping, 2001, 12(1): 1-19.

Wolpaw, J. R., McFarland, D. J. and Vaughan, T. M. Brain-computer interface
research at the Wadsworth Center. Rehabilitation Engineering, IEEE
Transactions on, 2000, 8(2): 222-226.

Neuper, C. and Pfurtscheller, G. Evidence for distinct beta resonance
frequencies in human EEG related to specific sensorimotor cortical areas.
Clinical Neurophysiology, 2001, 112(11): 2084-2097.

Neuper, C. and Pfurtscheller, G. Event-related dynamics of cortical rhythms:
frequency-specific features and functional correlates. International journal of
psychophysiology, 2001, 43(1): 41-58.

Song, L., Gordon, E. and Gysels, E. Phase synchrony rate for the recognition of
motor imagery in brain-computer interface. Advances in Neural Information
Processing Systems. 2005. 1265-1272.

Lotte, F., Congedo, M., Lécuyer, A. and Lamarche, F. A review of
classification algorithms for EEG-based brain—computer interfaces. Journal of
neural engineering, 2007, 4.

Kam, T.-E., Suk, H.-I. and Lee, S.-W. Non-homogeneous spatial filter
optimization for ElectroEncephaloGram (EEG)-based motor imagery
classification. Neurocomputing, 2013, 108: 58-68.

Asensio-Cubero, J., Gan, J. Q. and Palaniappan, R. Multiresolution analysis
over simple graphs for brain computer interfaces. Journal of neural engineering,
2013, 10(4): 046014.

Spiegler, A., Graimann, B. and Pfurtscheller, G. Phase coupling between
different motor areas during tongue-movement imagery. Neuroscience letters,
2004, 369(1): 50-54.

Lal, T. N., Schroder, M., Hinterberger, T., Weston, J., Bogdan, M., Birbaumer,
N. and Scholkopf, B. Support vector channel selection in BC1L. Biomedical
Engineering, IEEE Transactions on, 2004, 51(6): 1003-1010.

Yuan, H., Doud, A., Gururajan, A. and He, B. Cortical imaging of event-related
(de) synchronization during online control of brain-computer interface using
minimum-norm estimates in frequency domain. Neural Systems and

Rehabilitation Engineering, IEEE Transactions on, 2008, 16(5): 425-431.



31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

227

Nikouline, V. V., Linkenkaer-Hansen, K., Wikstrom, H., Kesaniemi, M.,
Antonova, E. V., Imoniemi, R. J. and Huttunen, J. Dynamics of mu-rhythm
suppression caused by median nerve stimulation: a magnetoencephalographic
study in human subjects. Neuroscience letters, 2000, 294(3): 163-166.

Pfurtscheller, G. and Neuper, C. Motor imagery and direct brain-computer
communication. Proceedings of the IEEE, 2001, 89(7): 1123-1134.

Pfurtscheller, G. and Neuper, C. Motor imagery activates primary sensorimotor
area in humans. Neuroscience letters, 1997, 239(2): 65-68.

Lang, W., Cheyne, D., Hollinger, P., Gerschlager, W. and Lindinger, G.
Electric and magnetic fields of the brain accompanying internal simulation of
movement. Cognitive brain research, 1996, 3(2): 125-129.

Beisteiner, R., Hollinger, P., Lindinger, G., Lang, W. and Berthoz, A. Mental
representations of movements. Brain potentials associated with imagination of
hand movements. Electroencephalography and Clinical
Neurophysiology/Evoked Potentials Section, 1995, 96(2): 183-193.

McEvoy, L. K., Smith, M. E. and Gevins, A. Dynamic cortical networks of
verbal and spatial working memory: effects of memory load and task practice.
Cerebral Cortex, 1998, 8(7): 563-574.

Deiber, M.-P., Ibanez, V., Honda, M., Sadato, N., Raman, R. and Hallett, M.
Cerebral processes related to visuomotor imagery and generation of simple
finger movements studied with positron emission tomography. Neuroimage,
1998, 7(2): 73-85.

Ersland, L., Rosén, G., Lundervold, A., Smievoll, A. I, Tillung, T. and
Sundberg, H. Phantom limb imaginary fingertapping causes primary motor
cortex activation: an fMRI study. Neuroreport, 1996, 8(1): 207-210.

Tanji, J. The supplementary motor area in the cerebral cortex. Neuroscience
research, 1994, 19(3): 251-268.

Decety, J., Sjo, H,, Ryding, E., Stenberg, G. and Ingvar, D. H. The cerebellum
participates in mental activity: tomographic measurements of regional cerebral
blood flow. Brain research, 1990, 535(2): 313-317.

Roland, P. E, Larsen, B., Lassen, N. and Skinhoj, E. Supplementary motor area
and other cortical areas in organization of voluntary movements in man. Journal

of neurophysiology, 1980, 43(1): 118-136.



42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

228

Carrillo-de-la-Pefia, M., Lastra-Barreira, C. and Galdo-Alvarez, S. Limb (hand
vs. foot) and response conflict have similar effects on event-related potentials
(ERPs) recorded during motor imagery and overt execution. European Journal
of Neuroscience, 2006, 24(2): 635-643.

Osman, A., Miller, K.-M, Syre, P. and Russ, B. Paradoxical lateralization of
brain potentials during imagined foot movements. Cognitive brain research,
2005, 24(3): 727-731.

Neuper, C., Scherer, R, Reiner, M. and Pfurtscheller, G. Imagery of motor
actions: Differential effects of kinesthetic and visual-motor mode of imagery in
single-trial EEG. Cognitive Brain Research, 2005, 25(3): 668-677.

Galdo-Alvarez, S. and Carrillo-de-la-Pefia, M. T. ERP evidence of MI
activation without motor response execution. Neuroreport, 2004, 15(13): 2067-
2070.

Caldara, R, Deiber, M.-P., Andrey, C., Michel, C. M., Thut, G. and Hauert, C.-
A. Actual and mental motor preparation and execution: a spatiotemporal ERP
study. Experimental brain research, 2004, 159(3): 389-399.

Pfurtscheller, G., Neuper, C., Ramoser, H. and Miller-Gerking, J. Visually
guided motor imagery activates sensorimotor areas in humans. Neuroscience
letters, 1999, 269(3): 153-156.

Neuper, C., Schlogl, A. and Pfurtscheller, G. Enhancement of left-right
sensorimotor EEG differences during feedback-regulated motor imagery.
Journal of Clinical Neurophysiology, 1999, 16(4): 373-382.

Sharma, N., Jones, P. S., Carpenter, T. and Baron, J.-C. Mapping the
involvement of BA 4a and 4p during motor imagery. Neuroimage, 2008, 41(1):
92-99.

Omr, E. L., Lacourse, M. G., Cohen, M. J. and Cramer, S. C. Cortical activation
during executed, imagined, and observed foot movements. Neuroreport, 2008,
19(6): 625-630.

Guillot, A, Collet, C., Nguyen, V. A., Malouin, F., Richards, C. and Doyon, J.
Functional neuroanatomical networks associated with expertise in motor
imagery. Neuroimage, 2008, 41(4): 1471-1483.

Szameitat, A. J., Shen, S. and Sterr, A. Motor imagery of complex everyday
movements. An fMRI study. Neuroimage, 2007, 34(2): 702-713.



53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

229

Michelon, P, Vettel, J. M. and Zacks, J. M. Lateral somatotopic organization
during imagined and prepared movements. Journal of Neurophysiology, 2006,
95(2): 811-822.

Alkadhi, H., Brugger, P., Boendermaker, S. H., Crelier, G., Curt, A., Hepp-
Reymond, M.-C. and Kollias, S. S. What disconnection tells about motor
imagery: evidence from paraplegic patients. Cerebral Cortex, 2005, 15(2): 131-
140.

Solodkin, A, Hlustik, P., Chen, E. E. and Small, S. L. Fine modulation in
network activation during motor execution and motor imagery. Cerebral cortex,
2004, 14(11): 1246-1255.

Rodriguez, M., Muiiiz, R., Gonzalez, B. and Sabaté, M. Hand movement
distribution in the motor cortex: the influence of a concurrent task and motor
imagery. Neuroimage, 2004, 22(4): 1480-1491.

Lacourse, M. G., Turner, J. A., Randolph-Orr, E., Schandler, S. L. and Cohen,
M. J. Cerebral and cerebellar sensorimotor plasticity following motor imagery-
based mental practice of a sequential movement. Journal of rehabilitation
research and development, 2004, 41(4).

Dechent, P., Merboldt, K.-D. and Frahm, J. Is the human primary motor cortex
involved in motor imagery? Cognitive Brain Research, 2004, 19(2): 138-144.

Nair, D. G, Purcott, K. L., Fuchs, A, Steinberg, F. and Kelso, J. S. Cortical
and cerebellar activity of the human brain during imagined and executed
unimanual and bimanual action sequences: a functional MRI study. Cognitive
brain research, 2003, 15(3): 250-260.

Lotze, M., Scheler, G, Tan, H.-R., Braun, C. and Birbaumer, N. The musician's
brain: functional imaging of amateurs and professionals during performance and
imagery. Neuroimage, 2003, 20(3): 1817-1829.

Kuhtz-Buschbeck, J., Mahnkopf, C., Holzknecht, C., Siebner, H., Ulmer, S. and
Jansen, O. Effector-independent representations of simple and complex
imagined finger movements: a combined fMRI and TMS study. European
Journal of Neuroscience, 2003, 18(12): 3375-3387.

Stippich, C., Ochmann, H. and Sartor, K. Somatotopic mapping of the human
primary sensorimotor cortex during motor imagery and motor execution by
functional magnetic resonance imaging. Neuroscience letters, 2002, 331(1): 50-

54.



63.

64.

65.

66.

67.

68.

69.

70.

71.

230

Nyberg, L., Petersson, K. M., Nilsson, L.-G., Sandblom, J., Aberg, C. and
Ingvar, M. Reactivation of motor brain areas during explicit memory for actions.
Neuroimage, 2001, 14(2): 521-528.

Porro, C. A., Cettolo, V., Francescato, M. P. and Baraldi, P. Ipsilateral
involvement of primary motor cortex during motor imagery. European Journal
of Neuroscience, 2000, 12(8): 3059-3063.

Lotze, M., Montoya, P., Erb, M., Hilsmann, E., Flor, H., Klose, U., Birbaumer,
N. and Grodd, W. Activation of cortical and cerebellar motor areas during
executed and imagined hand movements: an fMRI study. Journal of cognitive
neuroscience, 1999, 11(5): 491-501.

Luft, A. R., Skalej, M, Stefanou, A., Klose, U. and Voigt, K. Comparing
motion-and imagery-related activation in the human cerebellum: A functional
MRI study. Human brain mapping, 1998, 6(2): 105-113.

Roth, M., Decety, J., Raybaudi, M., Massarelli, R., Delon-Martin, C.,
Segebarth, C., Morand, S., Gemignani, A., Décorps, M. and Jeannerod, M.
Possible involvement of primary motor cortex in mentally simulated movement:
a functional magnetic resonance imaging study. Neuroreport, 1996, 7(7): 1280-
1284.

Porro, C. A., Francescato, M. P, Cettolo, V., Diamond, M. E., Baraldi, P.,
Zuiani, C., Bazzocchi, M. and Di Prampero, P. E. Primary motor and sensory
cortex activation during motor performance and motor imagery: a functional
magnetic resonance imaging study. The Journal of neuroscience, 1996, 16(23):
7688-7698.

Leonardo, M., Fieldman, J., Sadato, N., Campbell, G., Ibafiez, V., Cohen, L.,
Deiber, M. P, Jezzard, P., Pons, T. and Turner, R. A functional magnetic
resonance imaging study of cortical regions associated with motor task execution
and motor ideation in humans. Human Brain Mapping, 1995, 3(2): 83-92.

Schnitzler, A., Salenius, S., Salmelin, R., Jousméki, V. and Hari, R.
Involvement of primary motor cortex in motor imagery: a neuromagnetic study.
Neuroimage, 1997, 6(3): 201-208.

Malouin, F., Richards, C. L., Jackson, P. L., Dumas, F. and Doyon, J. Brain
activations during motor imagery of locomotor-related tasks: A PET study.

Human brain mapping, 2003, 19(1): 47-62.



72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

231

Boecker, H., Ceballos-Baumann, A., Bartenstein, P., Dagher, A., Forster, K,
Haslinger, B., Brooks, D., Schwaiger, M. and Conrad, B. AH 2 15 O positron
emission tomography study on mental imagery of movement sequences—the
effect of modulating sequence length and direction. Neurolmage, 2002, 17(2):
999-1009.

Krams, M., Rushworth, M., Deiber, M.-P_, Frackowiak, R. and Passingham, R.
The preparation, execution and suppression of copied movements in the human
brain. Experimental Brain Research, 1998, 120(3): 386-398.

Wriessnegger, S., Kurzmann, J. and Neuper, C. Spatio-temporal differences in
brain oxygenation between movement execution and imagery: a multichannel
near-infrared spectroscopy study. International Journal of Psychophysiology,
2008, 67(1): 54-63.

Miyai, 1., Tanabe, H. C., Sase, I, Eda, H., Oda, 1., Konishi, 1., Tsunazawa, Y ,
Suzuki, T., Yanagida, T. and Kubota, K. Cortical mapping of gait in humans: a
near-infrared spectroscopic topography study. Neuroimage, 2001, 14(5): 1186-
1192,

Schlogl, A., Lee, F., Bischof, H. and Pfurtscheller, G. Characterization of four-
class motor imagery EEG data for the BCI-competition 2005. Journal of neural
engineering, 2005, 2(4): L14.

Malouin, F., Richards, C., Durand, A. and Doyon, J. Clinical assessment of
motor imagery after stroke. Neurorehabilitation and Neural Repair, 2008.

Johnson, S. H., Sprehn, G. and Saykin, A. J. Intact motor imagery in chronic
upper limb hemiplegics: evidence for activity-independent action
representations. Journal of Cognitive Neuroscience, 2002, 14(6): 841-852.

Johnson, S. H. Imagining the impossible: intact motor representations in
hemiplegics. Neuroreport, 2000, 11(4): 729-732.

Sirigu, A., Duhamel, J.-R., Cohen, L., Pillon, B., Dubois, B. and Agid, Y. The
mental representation of hand movements after parietal cortex damage. Science,
1996, 273(5281): 1564-1568.

Caria, A., Weber, C., Brotz, D., Ramos, A, Ticini, L. F., Gharabaghi, A,
Braun, C. and Birbaumer, N. Chronic stroke recovery after combined BCI
training and physiotherapy: a case report. Psychophysiology, 2011, 48(4): 578-
582.



82.

83.

84.

85.

86.

87.

88.

89.

90.

232

Ang, K. K., Guan, C., Chua, K. S. G, Ang, B. T, Kuah, C. W. K., Wang, C.
Phua, K. S., Chin, Z. Y. and Zhang, H. A large clinical study on the ability of

2

stroke patients to use an EEG-based motor imagery brain-computer interface.
Clinical EEG and Neuroscience, 2011, 42(4): 253-258.

Broetz, D, Braun, C., Weber, C., Soekadar, S. R., Caria, A. and Birbaumer, N.
Combination of brain—computer interface training and goal-directed physical
therapy in chronic stroke: a case report. Neurorehabilitation and Neural Repair,
2010.

Buch, E., Weber, C., Cohen, L. G, Braun, C., Dimyan, M. A, Ard, T.,
Mellinger, J., Caria, A., Soekadar, S. and Fourkas, A. Think to move: a
neuromagnetic brain-computer interface (BCI) system for chronic stroke. Stroke,
2008, 39(3): 910-917.

Birbaumer, N. Breaking the silence: brain—computer interfaces (BCI) for
communication and motor control. Psychophysiology, 2006, 43(6): 517-532.

Kotchoubey, B, Lang, S., Winter, S. and Birbaumer, N. Cognitive processing
in completely paralyzed patients with amyotrophic lateral sclerosis. European
Journal of Neurology, 2003, 10(5): 551-558.

Grosse-Wentrup, M. Understanding brain connectivity patterns during motor
imagery for brain-computer interfacing. Advances in neural information
processing systems. 2009. 561-568.

Cona, F., Zavaglia, M., Astolfi, L., Babiloni, F. and Ursino, M. Changes in
EEG power spectral density and cortical connectivity in healthy and tetraplegic
patients during a motor imagery task. Computational intelligence and
neuroscience, 2009, 2009.

Nunez, P. L., Srinivasan, R., Westdorp, A. F., Wijesinghe, R. S., Tucker, D.
M., Silberstein, R. B. and Cadusch, P. J. EEG coherency: I: statistics, reference
electrode, volume conduction, Laplacians, cortical imaging, and interpretation at
multiple scales. Electroencephalography and clinical neurophysiology, 1997,
103(5): 499-515.

Brunner, C., Scherer, R., Graimann, B., Supp, G. and Pfurtscheller, G. Online
control of a brain-computer interface using phase synchronization. Biomedical

Engineering, IEEE Transactions on, 2006, 53(12): 2501-2506.



91.

92.

93.

94.

95.

96.

97.

98.

99.

233

Chung, Y. G, Kim, M.-K. and Kim, S.-P. Inter-channel connectivity of motor
imagery EEG signals for a noninvasive BCI application. Pattern Recognition in
Neurolmaging (PRNI), 2011 International Workshop on. IEEE. 2011. 49-52.

Daly, I, Nasuto, S. J. and Warwick, K. Brain computer interface control via
functional connectivity dynamics. Pattern recognition, 2012, 45(6): 2123-2136.

Ginter Jr, J., Blinowska, K., Kamin, M., Durka, P, Pfurtscheller, G. and
Neuper, C. Propagation of EEG activity in the beta and gamma band during
movement imagery in humans. Methods Inf Med, 2005, 44(1): 106-113.

Gonuguntla, V., Wang, Y. and Veluvolu, K. C. Phase Synchrony in Subject-
specific reactive band of EEG for Classification of Motor Imagery Tasks.
Engineering in Medicine and Biology Society (EMBC), 2013 35th Annual
International Conference of the IEEE. IEEE. 2013. 2784-2787.

Gysels, E. and Celka, P. Phase synchronization for the recognition of mental
tasks in a brain-computer interface. Neural Systems and Rehabilitation
Engineering, IEEE Transactions on, 2004, 12(4): 406-415.

Hoang, T., Tran, D., Nguyen, P., Huang, X. and Sharma, D. Experiments on
using combined short window bivariate autoregression for EEG classification.
Neural Engineering (NER), 2011 5th International IEEE/EMBS Conference on.
IEEE. 2011. 372-375.

Hu, S., Wang, H., Zhang, J., Kong, W. and Cao, Y. Causality from Cz to C3/C4
or between C3 and C4 revealed by granger causality and new causality during
motor imagery. Neural Networks (IJCNN), 2014 International Joint Conference
on. IEEE. 2014. 3178-3185.

Krusienski, D. J., McFarland, D. J. and Wolpaw, J. R. Value of amplitude,
phase, and coherence features for a sensorimotor rhythm-based brain—computer
interface. Brain research bulletin, 2012, 87(1): 130-134.

Kus, R., Ginter, J. S. and Blinowska, K. J. Propagation of EEG activity during
finger movement and its imagination. Acta neurobiologiae experimentalis, 2005,

66(3): 195-206.

100. Li, X, Ong, S.-H., Pan, Y. and Ang, K. K. Connectivity pattern modeling of

101.

motor imagery EEG. Computational Intelligence, Cognitive Algorithms, Mind,
and Brain (CCMB), 2013 IEEE Symposium on. IEEE. 2013. 94-100.
Tsiaras, V., Andreou, D. and Tollis, I. G. Brainnetvis: Analysis and

visualization of brain functional networks. Engineering in Medicine and Biology



234

Society, 2009. EMBC 2009. Annual International Conference of the IEEE. IEEE.
2009. 2911-2914.

102. Wang, Y., Hong, B., Gao, X. and Gao, S. Phase synchrony measurement in
motor cortex for classifying single-trial EEG during motor imagery. Engineering
in Medicine and Biology Society, 2006. EMBS'06. 28th Annual International
Conference of the IEEE. IEEE. 2006. 75-78.

103. Inouye, T., Yagasaki, A., Takahashi, H. and Shinosaki, K. The dominant
direction of interhemispheric EEG changes in the linguistic process.
Electroencephalography and clinical Neurophysiology, 1981, 51(3): 265-275.

104. Granger, C. W. Investigating causal relations by econometric models and
cross-spectral methods. Econometrica: Journal of the Econometric Society,
1969: 424-438.

105. Bernasconi, C. and KoEnig, P. On the directionality of cortical interactions
studied by structural analysis of electrophysiological recordings. Biological
cybernetics, 1999, 81(3): 199-210.

106. Freiwald, W. A., Valdes, P., Bosch, J., Biscay, R., Jimenez, J. C., Rodriguez,
L. M., Rodriguez, V., Kreiter, A. K. and Singer, W. Testing non-linearity and
directedness of interactions between neural groups in the macaque
inferotemporal cortex. Journal of neuroscience methods, 1999, 94(1): 105-119.

107. Kus, R., Kaminski, M. and Blinowska, K. J. Determination of EEG activity
propagation: pair-wise versus multichannel estimate. Biomedical Engineering,
IEEE Transactions on, 2004, 51(9): 1501-1510.

108. Astolfi, L., Cincotti, F., Mattia, D., Marciani, M. G., Baccala, L. A., de Vico
Fallani, F., Salinari, S., Ursino, M., Zavaglia, M. and Ding, L. Comparison of
different cortical connectivity estimators for high-resolution EEG recordings.
Human brain mapping, 2007, 28(2): 143-157.

109. Fallani, F. D. V., Astolfi, L., Cincotti, F., Mattia, D., Marciani, M. G.,
Salinari, S., Kurths, J., Gao, S., Cichocki, A. and Colosimo, A. Cortical
functional connectivity networks in normal and spinal cord injured patients:
evaluation by graph analysis. Human brain mapping, 2007, 28(12): 1334-1346.

110. Faes, L. and Nollo, G. Extended causal modeling to assess Partial Directed
Coherence in multiple time series with significant instantaneous interactions.

Biological cybernetics, 2010, 103(5): 387-400.



235

111. Faes, L., Erla, S. and Nollo, G. Measuring connectivity in linear multivariate
processes: definitions, interpretation, and practical analysis. Computational and
mathematical methods in medicine, 2012, 2012.

112. Marinazzo, D., Liao, W, Chen, H. and Stramaglia, S. Nonlinear connectivity
by Granger causality. Neuroimage, 2011, 58(2): 330-338.

113. Baccala, L. A. and Sameshima, K. Partial directed coherence: a new concept
in neural structure determination. Biological cybernetics, 2001, 84(6): 463-474.

114. Geweke, J. Measurement of linear dependence and feedback between multiple
time series. Journal of the American statistical association, 1982, 77(378): 304-
313.

115. Geweke, J. F. Measures of conditional linear dependence and feedback
between time series. Journal of the American Statistical Association, 1984,
79(388): 907-915.

116. Kaminski, M., Ding, M., Truccolo, W. A. and Bressler, S. L. Evaluating
causal relations in neural systems: Granger causality, directed transfer function
and statistical assessment of significance. Biological cybernetics, 2001, 85(2):
145-157.

117. Sakkalis, V. Review of advanced techniques for the estimation of brain
connectivity measured with EEG/MEG. Computers in biology and medicine,
2011, 41(12): 1110-1117.

118. Stavrinou, M. L., Moraru, L., Cimponeriu, L., Della Penna, S. and Bezerianos,
A. Evaluation of cortical connectivity during real and imagined rhythmic finger
tapping. Brain topography, 2007, 19(3): 137-145.

119. Wei, Q., Wang, Y., Gao, X. and Gao, S. Amplitude and phase coupling
measures for feature extraction in an EEG-based brain—computer interface.
Journal of Neural Engineering, 2007, 4(2): 120.

120. GroB, J., Kuyjala, J., Himildinen, M., Timmermann, L., Schnitzler, A. and
Salmelin, R. Dynamic imaging of coherent sources: studying neural interactions
in the human brain. Proceedings of the National Academy of Sciences, 2001,
98(2): 694-699.

121. Pfurtscheller, G. and Da Silva, F. L. Event-related EEG/MEG synchronization
and desynchronization: basic principles. Clinical neurophysiology, 1999,

110(11): 1842-1857.



236

122,  Athanasiou, A., Lithari, C., Kalogianni, K., Klados, M. A. and Bamidis, P. D.
Source Detection and Functional Connectivity of the Sensorimotor Cortex
during Actual and Imaginary limb movement: a preliminary study on the
implementation of econnectome in motor imagery protocols. Advances in
Human-Computer Interaction, 2012, 2012: 2.

123. Ding, M, Bressler, S. L., Yang, W. and Liang, H. Short-window spectral
analysis of cortical event-related potentials by adaptive multivariate
autoregressive modeling: data preprocessing, model validation, and variability
assessment. Biological cybernetics, 2000, 83(1): 35-45.

124.  Florian, G. and Pfurtscheller, G. Dynamic spectral analysis of event-related
EEG data. Electroencephalography and clinical neurophysiology, 1995, 95(5):
393-396.

125.  Schlogl, A., Roberts, S. and Pfurtscheller, G. A criterion for adaptive
autoregressive models. Proceedings of the 22nd IEEE International Conference
on Engineering in Medicine and Biology. 2000. 1581-1582.

126. Sommerlade, L., Henschel, K., Wohlmuth, J., Jachan, M., Amtage, F,
Hellwig, B., Lucking, C. H., Timmer, J. and Schelter, B. Time-variant estimation
of directed influences during Parkinsonian tremor. Journal of Physiology-Paris,
2009, 103(6): 348-352.

127. Billinger, M., Brunner, C. and Miiller-Putz, G. R. Single-trial connectivity
estimation for classification of motor imagery data. Journal of neural
engineering, 2013, 10(4): 046006.

128. Cheung, B. L. P, Riedner, B. A, Tononi, G. and van Veen, B. Estimation of
cortical connectivity from EEG using state-space models. Biomedical
Engineering, IEEE Transactions on, 2010, 57(9): 2122-2134.

129. Chiang, J., Wang, Z. J. and McKeown, M. J. A generalized multivariate
autoregressive (GmAR)-based approach for EEG source connectivity analysis.
Signal Processing, IEEE Transactions on, 2012, 60(1): 453-465.

130. Wan, E. A. and Nelson, A. T. Neural dual extended Kalman filtering;
applications in speech enhancement and monaural blind signal separation. /EEE
Proceedings in Neural Networks for Signal Processing, Munich, 1997: 466-475.

131. Omidvarnia, A., Azemi, G., Boashash, B., O'Toole, J. M., Colditz, P. B. and

Vanhatalo, S. Measuring time-varying information flow in scalp EEG signals:



237

orthogonalized partial directed coherence. Biomedical Engineering, IEEE
Transactions on, 2014, 61(3): 680-693.

132.  Chakravarthy, V. S, Joseph, D. and Bapi, R. S. What do the basal ganglia do?
A modeling perspective. Biological cybernetics, 2010, 103(3): 237-253.

133. Doya, K. Complementary roles of basal ganglia and cerebellum in learning
and motor control. Current opinion in neurobiology, 2000, 10(6): 732-739.

134. John, E. R. The neurophysics of consciousness. Brain Research Reviews,
2002, 39(1): 1-28.

135.  Triesch, J. and Von Der Malsburg, C. Democratic integration: Self-organized
integration of adaptive cues. Neural computation, 2001, 13(9): 2049-2074.

136. Finger, S. Origins of neuroscience: a history of explorations into brain
Sfunction. Oxford University Press. 2001.

137.  Mclntosh, A. R. Mapping cognition to the brain through neural interactions.
Memory, 1999, 7(5-6): 523-548.

138. Varela, F., Lachaux, J.-P., Rodriguez, E. and Martinerie, J. The brainweb:
phase synchronization and large-scale integration. Nature reviews neuroscience,
2001, 2(4): 229-239.

139. Abeles, M. Corticonics: Neural circuits of the cerebral cortex. Cambridge
University Press. 1991.

140. Engel, A. K, Fries, P., Konig, P., Brecht, M. and Singer, W. Temporal
binding, binocular rivalry, and consciousness. Consciousness and cognition,
1999, 8(2): 128-151.

141. Nunez, P. L. Toward a quantitative description of large-scale neocortical
dynamic function and EEG. Behavioral and Brain Sciences, 2000, 23(03): 371-
398.

142.  Singer, W. Synchronization of cortical activity and its putative role in
information processing and learning. Annual review of physiology, 1993, 55(1):
349-374.

143.  Von der Malsburg, C. The what and why of binding: the modeler’s
perspective. Neuron, 1999, 24(1): 95-104.

144.  Sporns, O. Connectome. Scholarpedia, 2010, 5(2): 5584.

145. Lang, E. W. Tomé¢, A, Keck, I. R., Gorriz-Saez, J. and Puntonet, C. Brain
connectivity analysis: a short survey. Computational intelligence and

neuroscience, 2012, 2012: 8.



238

146. Fingelkurts, A. A, Fingelkurts, A. A. and Kahkonen, S. Functional
connectivity in the brain—is it an elusive concept? Neuroscience &
Biobehavioral Reviews, 2005, 28(8): 827-836.

147. Nunez, P. L. and Srinivasan, R. Electric fields of the brain: the neurophysics
of EEG. Oxford university press. 2000.

148. Le, J., Menon, V. and Gevins, A. Local estimate of surface Laplacian
derivation on a realistically shaped scalp surface and its performance on noisy
data. Electroencephalography and Clinical Neurophysiology/Evoked Potentials
Section, 1994, 92(5): 433-441.

149. Gomez-Herrero, G., Atienza, M., Egiazarian, K. and Cantero, J. L. Measuring
directional coupling between EEG sources. Neuroimage, 2008, 43(3): 497-508.

150. Nolte, G., Bai, O., Wheaton, L., Mari, Z., Vorbach, S. and Hallett, M.
Identifying true brain interaction from EEG data using the imaginary part of
coherency. Clinical neurophysiology, 2004, 115(10): 2292-2307.

151. Nolte, G., Meinecke, F. C., Ziehe, A. and Miiller, K -R. Identifying
interactions in mixed and noisy complex systems. Physical Review E, 2006,
73(5): 051913.

152. Nolte, G. and Miiller, K.-R. Localizing and estimating causal relations of
interacting brain rhythms. Frontiers in human neuroscience, 2010, 4.

153. Nolte, G., Ziehe, A., Nikulin, V. V, Schlégl, A., Kramer, N., Brismar, T. and
Muiller, K.-R. Robustly estimating the flow direction of information in complex
physical systems. Physical review letters, 2008, 100(23): 234101.

154.  Schlogl, A. and Supp, G. Analyzing event-related EEG data with multivariate
autoregressive parameters. Progress in brain research, 2006, 159: 135-147.
155. Hjorth, B. An on-line transformation of EEG scalp potentials into orthogonal
source derivations. Electroencephalography and clinical neurophysiology, 1975,

39(5): 526-530.

156. Katznelson, R. D. EEG recording, electrode placement, and aspects of
generator localization. Electric fields of the brain, 1981: 176-213.

157. Erla, S., Faes, L., Tranquillini, E., Orrico, D. and Nollo, G. Multivariate
autoregressive model with instantaneous effects to improve brain connectivity

estimation. International Journal of Bioelectromagnetism, 2009, 11(2): 74-79.



239

158. Hyvirinen, A., Zhang, K., Shimizu, S. and Hoyer, P. O. Estimation of a
structural vector autoregression model using non-Gaussianity. The Journal of
Machine Learning Research, 2010, 11: 1709-1731.

159. Baillet, S., Mosher, J. C. and Leahy, R. M. Electromagnetic brain mapping.
Signal Processing Magazine, IEEE, 2001, 18(6): 14-30.

160. Delorme, A., Mullen, T., Kothe, C., Acar, Z. A., Bigdely-Shamlo, N.,
Vankov, A. and Makeig, S. EEGLAB, SIFT, NFT, BCILAB, and ERICA: new
tools for advanced EEG processing. Computational intelligence and
neuroscience, 2011, 2011: 10.

161. Dien, J. Issues in the application of the average reference: Review, critiques,
and recommendations. Behavior Research Methods, Instruments, & Computers,
1998, 30(1): 34-43.

162. Bertrand, O., Perrin, F. and Pernier, J. A theoretical justification of the
average reference in topographic evoked potential studies.
Electroencephalography and Clinical Neurophysiology/Evoked Potentials
Section, 1985, 62(6): 462-464.

163. Desmedt, J. E., Chalklin, V. and Tomberg, C. Emulation of somatosensory
evoked potential (SEP) components with the 3-shell head model and the problem
of ‘ghost potential fields’ when using an average reference in brain mapping.
Electroencephalography and Clinical Neurophysiology/Evoked Potentials
Section, 1990, 77(4): 243-258.

164. Li, Y., Gao, X, Liu, H. and Gao, S. Classification of single-trial
electroencephalogram during finger movement. Biomedical Engineering, IEEE
Transactions on, 2004, 51(6): 1019-1025.

165. Miiller-Gerking, J., Pfurtscheller, G. and Flyvbjerg, H. Designing optimal
spatial filters for single-trial EEG classification in a movement task. Clinical
neurophysiology, 1999, 110(5): 787-798.

166. Ramoser, H., Muller-Gerking, J. and Pfurtscheller, G. Optimal spatial filtering
of single trial EEG during imagined hand movement. Rehabilitation
Engineering, IEEE Transactions on, 2000, 8(4): 441-446.

167. Ang K. K. Chin, Z. Y., Wang, C., Guan, C. and Zhang, H. Filter bank
common spatial pattern algorithm on BCI competition IV datasets 2a and 2b.

Frontiers in Neuroscience, 2012, 6.



240

168. Sannelli, C., Vidaurre, C., Miiller, K -R. and Blankertz, B. Common spatial
pattern patches-an optimized filter ensemble for adaptive brain-computer
interfaces. Engineering in Medicine and Biology Society (EMBC), 2010 Annual
International Conference of the IEEE. IEEE. 2010. 4351-4354.

169. Stam, C.J, Nolte, G. and Daffertshofer, A. Phase lag index: assessment of
functional connectivity from multi channel EEG and MEG with diminished bias
from common sources. Human brain mapping, 2007, 28(11): 1178-1193.

170. Makeig, S, Bell, A. J., Jung, T.-P. and Sejnowski, T. J. Independent
component analysis of electroencephalographic data. Advances in neural
information processing systems, 1996: 145-151.

171. Brunner, C., Naecem, M., Leeb, R., Graimann, B. and Pfurtscheller, G. Spatial
filtering and selection of optimized components in four class motor imagery
EEG data using independent components analysis. Pattern Recognition Letters,
2007, 28(8): 957-964.

172.  Person, K. On Lines and Planes of Closest Fit to System of Points in Space. .
The London, Edinburgh, and Dublin Philiosophical Magazine and Journal of
Science, 1901, 2(11): 559-572.

173. Lagerlund, T. D., Sharbrough, F. W. and Busacker, N. E. Spatial filtering of
multichannel electroencephalographic recordings through principal component
analysis by singular value decomposition. Journal of clinical neurophysiology,
1997, 14(1): 73-82.

174. Lins, O. G, Picton, T. W., Berg, P. and Scherg, M. Ocular artifacts in EEG
and event-related potentials I: Scalp topography. Brain topography, 1993, 6(1):
51-63.

175. Boye, A. T., Kristiansen, U. Q., Billinger, M., do Nascimento, O. F. and
Farina, D. Identification of movement-related cortical potentials with optimized
spatial filtering and principal component analysis. Biomedical Signal Processing
and Control, 2008, 3(4): 300-304.

176. Lins, O. G, Picton, T. W., Berg, P. and Scherg, M. Ocular artifacts in
recording EEGs and event-related potentials II: Source dipoles and source
components. Brain topography, 1993, 6(1): 65-78.

177. Lin, C.-J. and Hsieh, M.-H. Classification of mental task from EEG data using
neural networks based on particle swarm optimization. Neurocomputing, 2009,

72(4): 1121-1130.



241

178. Koles, Z. J. and Soong, A. C. EEG source localization: implementing the
spatio-temporal decomposition approach. Electroencephalography and clinical
Neurophysiology, 1998, 107(5): 343-352.

179. Fatourechi, M., Bashashati, A., Ward, R. K. and Birch, G. E. EMG and EOG
artifacts in brain computer interface systems: A survey. Clinical
neurophysiology, 2007, 118(3): 480-494.

180. Wang, S. and James, C. J. Extracting rhythmic brain activity for brain-
computer interfacing through constrained independent component analysis.
Computational intelligence and neuroscience, 2007, 2007.

181. Naeem, M., Brunner, C., Leeb, R., Graimann, B. and Pfurtscheller, G.
Seperability of four-class motor imagery data using independent components
analysis. Journal of neural engineering, 2006, 3(3): 208.

182. Barros, A. K., Mansour, A. and Ohnishi, N. Removing artifacts from
electrocardiographic signals using independent components analysis.
Neurocomputing, 1998, 22(1): 173-186.

183. Vigario, R, Séreld, J., Jousmiki, V., Himéldinen, M. and Oja, E. Independent
component approach to the analysis of EEG and MEG recordings. Biomedical
Engineering, IEEE Transactions on, 2000, 47(5): 589-593.

184. McKeown, M. J., Jung, T.-P., Makeig, S., Brown, G., Kindermann, S. S., Lee,
T.-W. and Sejnowski, T. J. Spatially independent activity patterns in functional
MRI data during the Stroop color-naming task. Proceedings of the National
Academy of Sciences, 1998, 95(3): 803-810.

185. Wang, D., Miao, D. and Blohm, G. Multi-class motor imagery EEG decoding
for brain-computer interfaces. Frontiers in neuroscience, 2012, 6.

186. Hild, K. E. and Nagarajan, S. S. Source localization of EEG/MEG data by
correlating columns of ICA and lead field matrices. Biomedical Engineering,
IEEE Transactions on, 2009, 56(11): 2619-2626.

187. Qin, L, Ding, L. and He, B. Motor imagery classification by means of source
analysis for brain—computer interface applications. Journal of Neural
Engineering, 2004, 1(3): 135.

188. Kwak, N., Choi, C.-H. and Choi, J. Y. Feature extraction using ICA. Artificial
Neural Networks—ICANN 2001: Springer. 568-573; 2001.



242

189. Vigario, R., Jousméki, V., Himéalaninen, M., Haft, R. and Oja, E. Independent
component analysis for identification of artifacts in magnetoencephalographic
recordings. Advances in neural information processing systems, 1998: 229-235.

190. James, C. J. and Gibson, O. J. Temporally constrained ICA: an application to
artifact rejection in electromagnetic brain signal analysis. Biomedical
Engineering, IEEE Transactions on, 2003, 50(9): 1108-1116.

191. Naik, G. R., Kumar, D. K. and Weghorn, H. ICA based identification of
sources in SEMG. Intelligent Sensors, Sensor Networks and Information, 2007.
ISSNIP 2007. 3rd International Conference on. IEEE. 2007. 619-624.

192. Wang, Y. and Makeig, S. Predicting intended movement direction using EEG
from human posterior parietal cortex. Foundations of Augmented Cognition.
Neuroergonomics and Operational Neuroscience: Springer. 437-446; 2009.

193. Xu, N., Gao, X., Hong, B., Miao, X, Gao, S. and Yang, F. BCI competition
2003-data set IIb: enhancing P 300 wave detection using ICA-based subspace
projections for BCI applications. /EEE transactions on biomedical engineering,
2004, 51(6): 1067-1072.

194, Lou, B, Hong, B., Gao, X. and Gao, S. Bipolar electrode selection for a motor
imagery based brain—computer interface. Journal of Neural Engineering, 2008,
5(3): 342.

195. Wang, Y., Wang, R., Gao, X., Hong, B. and Gao, S. A practical VEP-based
brain-computer interface. Neural Systems and Rehabilitation Engineering, IEEE
Transactions on, 2006, 14(2): 234-240.

196. Makeig, S., Debener, S., Onton, J. and Delorme, A. Mining event-related
brain dynamics. Trends in cognitive sciences, 2004, 8(5): 204-210.

197. Makeig, S, Delorme, A., Westerfield, M., Jung, T.-P., Townsend, J.,
Courchesne, E. and Sejnowski, T. J. Electroencephalographic brain dynamics
following manually responded visual targets. PLoS biology, 2004, 2: 747-762.

198. Makeig, S, Jung, T.-P., Bell, A. J., Ghahremani, D. and Sejnowski, T. J.
Blind separation of auditory event-related brain responses into independent
components. Proceedings of the National Academy of Sciences, 1997, 94(20):
10979-10984.

199. Makeig, S., Westerfield, M., Jung, T.-P., Enghoff, S., Townsend, J,
Courchesne, E. and Sejnowski, T. Dynamic brain sources of visual evoked

responses. Science, 2002, 295(5555): 690-694.



243

200. Whitmer, D., Worrell, G., Stead, M, Lee, 1. K. and Makeig, S. Utility of
independent component analysis for interpretation of intracranial EEG. Frontiers
in human neuroscience, 2010, 4.

201. Bullock, T., McClune, M., Achimowicz, J., Iragui-Madoz, V., Duckrow, R.
and Spencer, S. EEG coherence has structure in the millimeter domain: subdural
and hippocampal recordings from epileptic patients. Electroencephalography
and clinical neurophysiology, 1995, 95(3): 161-177.

202. Kaplan, A. Y., Fingelkurts, A. A, Fingelkurts, A. A., Ivashko, R. and
Darkhovsky, B. Topological mapping of sharp reorganization synchrony in
multichannel EEG. American Journal of Electroneurodiagnostic Technology,
1997, 37(4): 265-275.

203. Adey, W. R, Walter, D. O. and Hendrix, C. Computer techniques in
correlation and spectral analyses of cerebral slow waves during discriminative
behavior. Experimental neurology, 1961, 3(6): 501-524.

204. Brazier, M. A. and Casby, J. U. Crosscorrelation and autocorrelation studies
of electroencephalographic potentials. Electroencephalography and clinical
neurophysiology, 1952, 4(2): 201-211.

205. Pfurtscheller, G. and Andrew, C. Event-related changes of band power and
coherence: methodology and interpretation. Journal of clinical neurophysiology,
1999, 16(6): 512.

206. Bendat, J. S. and Piersol, A. G. Random data: analysis and measurement
procedures. John Wiley & Sons. 2011.

207. Srinivasan, R., Winter, W. R., Ding, J. and Nunez, P. L. EEG and MEG
coherence: measures of functional connectivity at distinct spatial scales of
neocortical dynamics. Journal of neuroscience methods, 2007, 166(1): 41-52.

208. Bendat, J. S. and Piersol, A. G. Engineering applications of correlation and
spectral analysis. New York, Wiley-Interscience, 1980. 315 p., 1980, 1.

209. Sarnthein, J., Petsche, H., Rappelsberger, P., Shaw, G. and Von Stein, A.
Synchronization between prefrontal and posterior association cortex during
human working memory. Proceedings of the National Academy of Sciences,
1998, 95(12): 7092-7096.

210. Lorenz, E. N. Deterministic nonperiodic flow. Journal of the atmospheric

sciences, 1963, 20(2): 130-141.



244

211. Pecora, L. M. and Carroll, T. L. Synchronization in chaotic systems. Physical
review letters, 1990, 64(8): 821.

212. Pikovsky, A. On the interaction of strange attractors. Zeitschrift fiir Physik B
Condensed Matter, 1984, 55(2): 149-154.

213. Sakkalis, V., Giurcaneanu, C. D., Xanthopoulos, P., Zervakis, M. E., Tsiaras,
V., Yang, Y., Karakonstantaki, E. and Micheloyannis, S. Assessment of linear
and nonlinear synchronization measures for analyzing EEG in a mild epileptic
paradigm. Information Technology in Biomedicine, IEEE Transactions on, 2009,
13(4): 433-441.

214. Truccolo, W. A, Ding, M, Knuth, K. H., Nakamura, R. and Bressler, S. L.
Trial-to-trial variability of cortical evoked responses: implications for the
analysis of functional connectivity. Clinical Neurophysiology, 2002, 113(2):
206-226.

215. Lachaux, J.-P., Rodriguez, E., Martinerie, J. and Varela, F. J. Measuring phase
synchrony in brain signals. Human brain mapping, 1999, 8(4): 194-208.

216. Pereda, E., Quiroga, R. Q. and Bhattacharya, J. Nonlinear multivariate
analysis of neurophysiological signals. Progress in neurobiology, 2005, 77(1): 1-
37.

217. Hoke, M., Lehnertz, K., Pantev, C. and Litkenhoner, B. Spatiotemporal
aspects of synergetic processes in the auditory cortex as revealed by the
magnetoencephalogram. Brain Dynamics: Springer. 84-105; 1989.

218. Mormann, F., Lehnertz, K., David, P. and Elger, C. E. Mean phase coherence
as a measure for phase synchronization and its application to the EEG of
epilepsy patients. Physica D: Nonlinear Phenomena, 2000, 144(3): 358-369.

219. Bhattacharya, J. and Petsche, H. Enhanced phase synchrony in the
electroencephalograph y band for musicians while listening to music. Physical
Review E, 2001, 64(1): 012902.

220. Bhattacharya, J., Petsche, H., Feldmann, U. and Rescher, B. EEG gamma-
band phase synchronization between posterior and frontal cortex during mental
rotation in humans. Neuroscience Letters, 2001, 311(1): 29-32.

221. wvan Putten, M. J. Proposed link rates in the human brain. Journal of

neuroscience methods, 2003, 127(1): 1-10.



245

222. Mima, T., Matsuoka, T. and Hallett, M. Functional coupling of human right
and left cortical motor areas demonstrated with partial coherence analysis.
Neuroscience letters, 2000, 287(2): 93-96.

223. Vinck, M., Oostenveld, R., van Wingerden, M., Battaglia, F. and Pennartz, C.
M. An improved index of phase-synchronization for electrophysiological data in
the presence of volume-conduction, noise and sample-size bias. Neuroimage,
2011, 55(4): 1548-1565.

224. Jeong, J., Gore, J. C. and Peterson, B. S. Mutual information analysis of the
EEG in patients with Alzheimer's disease. Clinical Neurophysiology, 2001,
112(5): 827-835.

225. Na, S. H, Jin, S.-H,, Kim, S. Y. and Ham, B.-J. EEG in schizophrenic
patients: mutual information analysis. Clinical Neurophysiology, 2002, 113(12):
1954-1960.

226. Friston, K. J., Harrison, L. and Penny, W. Dynamic causal modelling.
Neuroimage, 2003, 19(4): 1273-1302.

227. Moran, R. J, Kiebel, S. J., Stephan, K_, Reilly, R., Daunizeau, J. and Friston,
K. J. A neural mass model of spectral responses in electrophysiology.
Neurolmage, 2007, 37(3): 706-720.

228. Morris, C. and Lecar, H. Voltage oscillations in the barnacle giant muscle
fiber. Biophysical journal, 1981, 35(1): 193.

229. Daunizeau, J., Kiebel, S. J. and Friston, K. J. Dynamic causal modelling of
distributed electromagnetic responses. Neurolmage, 2009, 47(2): 590-601.

230. Kiebel, S.J., Garrido, M. 1., Moran, R., Chen, C. C. and Friston, K. J.
Dynamic causal modeling for EEG and MEG. Human brain mapping, 2009,
30(6): 1866-1876.

231. Vicente, R., Wibral, M., Lindner, M. and Pipa, G. Transfer entropy—a model-
free measure of effective connectivity for the neurosciences. Journal of
computational neuroscience, 2011, 30(1): 45-67.

232. Fallani, F. D. V,, Astolfi, L., Cincotti, F., Babiloni, F. and Colosimo, A.
Characterization of Cortical Networks during Motor Tasks in Humans.
Biophysics and Bioengineering Letters, 2008, 1(3).

233. Hosoya, Y. Elimination of Third-series Effect and Defining Partial Measures
of Causality. Journal of time series analysis, 2001, 22(5): 537-554.



246

234. Kaminski, M. and Blinowska, K. J. A new method of the description of the
information flow in the brain structures. Biological cybernetics, 1991, 65(3):
203-210.

235. Sameshima, K. and Baccala, L. A. Using partial directed coherence to
describe neuronal ensemble interactions. Journal of neuroscience methods,
1999, 94(1): 93-103.

236. Kaiser, A. and Schreiber, T. Information transfer in continuous processes.
Physica D: Nonlinear Phenomena, 2002, 166(1): 43-62.

237. Ullsperger, M. and Debener, S. Simultaneous EEG and fMRI: recording,
analysis, and application. Oxford University Press. 2010.

238. Hyvirinen, A. and Oja, E. Independent component analysis: algorithms and
applications. Neural networks, 2000, 13(4): 411-430.

239. Bell, A. J. and Sejnowski, T. J. An information-maximization approach to
blind separation and blind deconvolution. Neural computation, 1995, 7(6): 1129-
1159.

240. Lee, T.-W_, Girolami, M. and Sejnowski, T. J. Independent component
analysis using an extended infomax algorithm for mixed subgaussian and
supergaussian sources. Neural computation, 1999, 11(2): 417-441.

241. Hyvirinen, A. A family of fixed-point algorithms for independent component
analysis. Acoustics, Speech, and Signal Processing, 1997. ICASSP-97., 1997
IEEE International Conference on. IEEE. 1997. 3917-3920.

242. Belouchrani, A., Abed-Meraim, K., Cardoso, J.-F. and Moulines, E. A blind
source separation technique using second-order statistics. Signal Processing,
IEEE Transactions on, 1997, 45(2): 434-444.

243,  Girolami, M. and Fyfe, C. Generalised independent component analysis
through unsupervised learning with emergent bussgang properties. Neural
Networks, 1997., International Conference on. IEEE. 1997, 1788-1791.

244,  Amari, S.-1. Natural gradient works efficiently in learning. Neural
computation, 1998, 10(2): 251-276.

245. Pham, D. T. and Garat, P. Blind separation of mixture of independent sources
through a quasi-maximum likelihood approach. Signal Processing, IEEE
Transactions on, 1997, 45(7): 1712-1725.

246. Scherg, M. Fundamentals of dipole source potential analysis. Auditory evoked
magnetic fields and electric potentials. Advances in audiology, 1990, 6: 40-69.



247

247. Kavanagk, R. N, Darcey, T. M., Lehmann, D. and Fender, D. H. Evaluation
of methods for three-dimensional localization of electrical sources in the human
brain. /[EEE Transactions on Biomedical Engineering, 1978, S(BME-25): 421-
429,

248. Oostendorp, T. F. and Van Oosterom, A. Source parameter estimation in
inhomogeneous volume conductors of arbitrary shape. Biomedical Engineering,
IEEE Transactions on, 1989, 36(3): 382-391.

249, Kalman, R. E. A new approach to linear filtering and prediction problems.
Journal of Fluids Engineering, 1960, 82(1): 35-45.

250. Haykin, S. Kalman filtering and neural networks. John Wiley & Sons. 2004.

251. Jazwinski, A. H. Stochastic processes and filtering theory. Courier
Corporation. 2007.

252. Tto, K. and Xiong, K. Gaussian filters for nonlinear filtering problems.
Automatic Control, IEEE Transactions on, 2000, 45(5): 910-927.

253. Singhal, S. and Wu, L. Training Multilayer Perceptrons with the Extende
Kalman Algorithm. NIPS. 1988. 133-140.

254. Puskorius, G. V. and Feldkamp, L. Neurocontrol of nonlinear dynamical
systems with Kalman filter trained recurrent networks. Neural Networks, IEEE
Transactions on, 1994, 5(2): 279-297.

255. Wan, E. A and Nelson, A. T. Dual Kalman filtering methods for nonlinear
prediction, smoothing, and estimation. Advances in neural information
processing systems, 1997, 9.

256. Nelson, L. W. and Stear, E. The simultaneous on-line estimation of
parameters and states in linear systems. Automatic Control, IEEE Transactions
on, 1976, 21(1): 94-98.

257. Williams, R. J. and Zipser, D. A learning algorithm for continually running
fully recurrent neural networks. Neural computation, 1989, 1(2): 270-280.

258. Sporns, O., Chialvo, D. R, Kaiser, M. and Hilgetag, C. C. Organization,
development and function of complex brain networks. Trends in cognitive
sciences, 2004, 8(9): 418-425.

259. Strogatz, S. H. Exploring complex networks. Nature, 2001, 410(6825): 268-
276.

260. Wang, X. F. and Chen, G. Complex networks: small-world, scale-free and
beyond. Circuits and Systems Magazine, IEEE, 2003, 3(1): 6-20.



248

261. Bullmore, E. and Sporns, O. Complex brain networks: graph theoretical
analysis of structural and functional systems. Nature Reviews Neuroscience,
2009, 10(3): 186-198.

262. He, Y. and Evans, A. Graph theoretical modeling of brain connectivity.
Current opinion in neurology, 2010, 23(4): 341-350.

263. Rubinov, M. and Sporns, O. Complex network measures of brain
connectivity: uses and interpretations. Neuroimage, 2010, 52(3): 1059-1069.

264. Friston, K. J. Functional and effective connectivity in neuroimaging: a
synthesis. Human brain mapping, 1994, 2(1-2): 56-78.

265. Boccaletti, S, Latora, V., Moreno, Y., Chavez, M. and Hwang, D .-U.
Complex networks: Structure and dynamics. Physics reports, 2006, 424(4): 175-
308.

266. Newman, M. E. The structure and function of complex networks. SI4AM
review, 2003, 45(2): 167-256.

267. Barrat, A., Barthelemy, M., Pastor-Satorras, R. and Vespignani, A. The
architecture of complex weighted networks. Proceedings of the National
Academy of Sciences of the United States of America, 2004, 101(11): 3747-3752.

268. Barthélemy, M., Barrat, A., Pastor-Satorras, R. and Vespignani, A.
Characterization and modeling of weighted networks. Physica a. Statistical
mechanics and its applications, 2005, 346(1): 34-43.

269. Latora, V. and Marchiori, M. Efficient behavior of small-world networks.
Physical review letters, 2001, 87(19): 198701.

270. Latora, V. and Marchiori, M. Economic small-world behavior in weighted
networks. The European Physical Journal B-Condensed Matter and Complex
Systems, 2003, 32(2): 249-263.

271. Newman, M. E. and Girvan, M. Finding and evaluating community structure
in networks. Physical review E, 2004, 69(2): 026113.

272. Onnela, J.-P., Saraméki, J., Kertész, J. and Kaski, K. Intensity and coherence
of motifs in weighted complex networks. Physical Review E, 2005, 71(6):
065103.

273. Park, K., Lai, Y.-C. and Ye, N. Characterization of weighted complex
networks. Physical Review E, 2004, 70(2): 026109.

274. Bartolomei, F., Bosma, I, Klein, M, Baayen, J. C., Reijneveld, J. C., Postma,
T.J., Heimans, J. J., van Dijk, B. W, de Munck, J. C. and de Jongh, A. How do



249

brain tumors alter functional connectivity? A magnetoencephalography study.
Annals of neurology, 2006, 59(1): 128-138.

275. Albert, R. and Barabasi, A.-L. Statistical mechanics of complex networks.
Reviews of modern physics, 2002, 74(1): 47.

276. Reijneveld, J. C., Ponten, S. C., Berendse, H. W. and Stam, C. J. The
application of graph theoretical analysis to complex networks in the brain.
Clinical Neurophysiology, 2007, 118(11): 2317-2331.

277. Nomura, E. M., Gratton, C., Visser, R. M, Kayser, A_, Perez, F. and
D'Esposito, M. Double dissociation of two cognitive control networks in patients
with focal brain lesions. Proceedings of the National Academy of Sciences, 2010,
107(26): 12017-12022.

278. Wang, L., Yu, C, Chen, H., Qin, W., He, Y., Fan, F_, Zhang, Y., Wang, M.,
Li, K. and Zang, Y. Dynamic functional reorganization of the motor execution
network after stroke. Brain, 2010, 133(4): 1224-1238.

279. Fallani, F. D. V., Pichiorri, F., Morone, G., Molinari, M., Babiloni, F.,
Cincotti, F. and Mattia, D. Multiscale topological properties of functional brain
networks during motor imagery after stroke. Neuroimage, 2013, 83: 438-449.

280. Westlake, K. P, Hinkley, L. B., Bucci, M., Guggisberg, A. G., Findlay, A. M.,
Henry, R. G, Nagarajan, S. S. and Byl, N. Resting state alpha-band functional
connectivity and recovery after stroke. Experimental neurology, 2012, 237(1):
160-169.

281. Crofts, J. J., Higham, D. J., Bosnell, R., Jbabdi, S., Matthews, P. M., Behrens,
T. and Johansen-Berg, H. Network analysis detects changes in the contralesional
hemisphere following stroke. Neuroimage, 2011, 54(1): 161-169.

282. Micheloyannis, S., Pachou, E., Stam, C. J., Vourkas, M., Erimaki, S. and
Tsirka, V. Using graph theoretical analysis of multi channel EEG to evaluate the
neural efficiency hypothesis. Neuroscience letters, 2006, 402(3): 273-277.

283. Micheloyannis, S., Pachou, E., Stam, C. J., Breakspear, M., Bitsios, P,
Vourkas, M., Erimaki, S. and Zervakis, M. Small-world networks and disturbed
functional connectivity in schizophrenia. Schizophrenia research, 2006, 87(1):
60-66.

284. Breakspear, M., Rubinov, M., Knock, S., Williams, L., Harris, A.,
Micheloyannis, S., Terry, J. and Stam, C. Graph analysis of scalp EEG data in



250

schizophrenia reveals a random shift of nonlinear nentwork dynamics.
Neuroimage, 2006, 31(Suppl 1): 671.

285. Ferri, R, Rundo, F., Bruni, O, Terzano, M. G. and Stam, C. J. Small-world
network organization of functional connectivity of EEG slow-wave activity
during sleep. Clinical neurophysiology, 2007, 118(2): 449-456.

286. Netoff, T. I, Clewley, R., Amo, S., Keck, T. and White, J. A. Epilepsy in
small-world networks. The Journal of neuroscience, 2004, 24(37): 8075-8083.

287. Percha, B., Dzakpasu, R., Zochowski, M. and Parent, J. Transition from local
to global phase synchrony in small world neural network and its possible
implications for epilepsy. Physical Review E, 2005, 72(3): 031909.

288. Ponten, S, Bartolomei, F. and Stam, C. Small-world networks and epilepsy:
graph theoretical analysis of intracerebrally recorded mesial temporal lobe
seizures. Clinical neurophysiology, 2007, 118(4): 918-927.

289. Wu, H, Li, X. and Guan, X. Networking property during epileptic seizure
with multi-channel EEG recordings. Advances in Neural Networks-ISNN 2006:
Springer. 573-578; 2006.

290. Stam, C, Jones, B, Nolte, G., Breakspear, M. and Scheltens, P. Small-world
networks and functional connectivity in Alzheimer's disease. Cerebral cortex,
2007, 17(1): 92-99.

291. Bassett, D. S., Meyer-Lindenberg, A., Achard, S., Duke, T. and Bullmore, E.
Adaptive reconfiguration of fractal small-world human brain functional
networks. Proceedings of the National Academy of Sciences, 2006, 103(51):
19518-19523.

292. Chen, D, Li, H, Yang, Y. and Chen, J. Causal Connectivity Brain Network:
A Novel Method of Motor Imagery Classification for Brain-Computer Interface
Applications. Computing, Measurement, Control and Sensor Network (CMCSN),
2012 International Conference on. IEEE. 2012. 87-90.

293. Omidvarnia, A., Mesbah, M., Khlif, M., O'Toole, J., Colditz, P. and Boashash,
B. Kalman filter-based time-varying cortical connectivity analysis of newborn
EEG. Engineering in Medicine and Biology Society, EMBC, 2011 Annual
International Conference of the IEEE. IEEE. 2011. 1423-1426.

294. Dauwels, J., Srinivasan, K., Ramasubba Reddy, M., Musha, T., Vialatte, F -

B., Latchoumane, C., Jeong, J. and Cichocki, A. Slowing and loss of complexity



251

in Alzheimer's EEG: two sides of the same coin? International journal of
Alzheimer’s disease, 2011, 2011,

295. Babiloni, F., Cincotti, F., Babiloni, C., Carducci, F., Mattia, D., Astolfi, L.,
Basilisco, A, Rossini, P., Ding, L. and Ni, Y. Estimation of the cortical
functional connectivity with the multimodal integration of high-resolution EEG
and fMRI data by directed transfer function. Neuroimage, 2005, 24(1): 118-131.

296. Franaszczuk, P., Blinowska, K. and Kowalczyk, M. The application of
parametric multichannel spectral estimates in the study of electrical brain
activity. Biological cybernetics, 1985, 51(4): 239-247.

297. Buzsaki, G. Rhythms of the Brain. Oxford University Press. 2006.

298. Brillinger, D. R. Time series: data analysis and theory. Siam. 1981.

299. Vaseghi, S. V. Advanced digital signal processing and noise reduction. John
Wiley & Sons. 2008.

300. Korzeniewska, A., Crainiceanu, C. M., Kus, R., Franaszczuk, P. J. and Crone,
N. E. Dynamics of event-related causality in brain electrical activity. Human
brain mapping, 2008, 29(10): 1170-1192.

301. Djuri¢, P. M., Kotecha, J. H., Esteve, F. and Perret, E. Sequential parameter
estimation of time-varying non-Gaussian autoregressive processes. EURASIP
Journal on Applied Signal Processing, 2002, 2002(1): 865-875.

302. Blanco, S., Garcia, H., Quiroga, R. Q., Romanelli, L. and Rosso, O.
Stationarity of the EEG series. Engineering in Medicine and Biology Magazine,
IEEE, 1995, 14(4): 395-399.

303. Thakor, N. V. and Tong, S. Advances in quantitative electroencephalogram
analysis methods. Annu. Rev. Biomed. Eng., 2004, 6: 453-495.

304. http://www.bbci.de/competition/iv/, A. a.

305. Delorme, A. and Makeig, S. EEGLAB: an open source toolbox for analysis of
single-trial EEG dynamics including independent component analysis. Journal
of neuroscience methods, 2004, 134(1): 9-21.

306. Kropotov, J. Quantitative EEG, event-related potentials and neurotherapy.
Academic Press. 2010.

307. Teplan, M. Fundamentals of EEG measurement. Measurement science review,

2002, 2(2): 1-11.


http://www.bbci.de/competition/iv/

252

308. McFarland, D. J., McCane, L. M, David, S. V. and Wolpaw, J. R. Spatial
filter selection for EEG-based communication. Electroencephalography and
clinical Neurophysiology, 1997, 103(3): 386-394.

309. Alhaddad, M. J. Common average reference (car) improves p300 speller.
International Journal of Engineering and Technology, 2012, 2(3): 21.

310. Groppe, D. M., Makeig, S. and Kutas, M. Identifying reliable independent
components via split-half comparisons. Neurolmage, 2009, 45(4): 1199-1211.

311. Pearl, J. Causality: models, reasoning, and inference. Econometric Theory,
2003, 19: 675-685

312.  Schelter, B., Winterhalder, M. and Timmer, J. Handbook of time series
analysis: recent theoretical developments and applications. John Wiley & Sons.
2006.

313. Lancaster, J. L., Woldorff, M. G, Parsons, L. M., Liotti, M., Freitas, C. S.,
Rainey, L., Kochunov, P. V., Nickerson, D., Mikiten, S. A. and Fox, P. T.
Automated Talairach atlas labels for functional brain mapping. Human brain
mapping, 2000, 10(3): 120-131.

314. Bhattacharya, J., Pereda, E. and Petsche, H. Effective detection of coupling in
short and noisy bivariate data. Systems, Man, and Cybernetics, Part B:
Cybernetics, IEEE Transactions on, 2003, 33(1): 85-95.

315. Pereda, E., Rial, R., Gamundi, A. and Gonzalez, J. Assessment of changing
interdependencies between human electroencephalograms using nonlinear
methods. Physica D: Nonlinear Phenomena, 2001, 148(1): 147-158.

316. Quiroga, R. Q., Arnhold, J. and Grassberger, P. Learning driver-response
relationships from synchronization patterns. Physical Review E, 2000, 61(5):
5142,

317. Theiler, J., Eubank, S., Longtin, A., Galdrikian, B. and Farmer, J. D. Testing
for nonlinearity in time series: the method of surrogate data. Physica D:
Nonlinear Phenomena, 1992, 58(1): 77-94.

318. Xia, M., Wang, J. and He, Y. BrainNet Viewer: a network visualization tool
for human brain connectomics. PloS one, 2013, 8(7): e68910.

319. Sarvas, J. Basic mathematical and electromagnetic concepts of the

biomagnetic inverse problem. Physics in medicine and biology, 1987, 32(1): 11.



253

320. Ward, D.-M_, Jones, R. D, Bones, P. J. and Carroll, G. J. Enhancement of
deep epileptiform activity in the EEG via 3-D adaptive spatial filtering.
Biomedical Engineering, IEEE Transactions on, 1999, 46(6): 707-716.

321. Blinowska, K. J., Kus$, R. and Kaminski, M. Granger causality and
information flow in multivariate processes. Physical Review E, 2004, 70(5):
050902.

322. Wang, T, Deng, J. and He, B. Classifying EEG-based motor imagery tasks by
means of time—frequency synthesized spatial patterns. Clinical Neurophysiology,
2004, 115(12): 2744-2753.

323. Gerardin, E., Sirigu, A., Lehéricy, S., Poline, J.-B., Gaymard, B., Marsault, C.,
Agid, Y. and Le Bihan, D. Partially overlapping neural networks for real and
imagined hand movements. Cerebral cortex, 2000, 10(11): 1093-1104.

324. Hanakawa, T., Dimyan, M. A. and Hallett, M. Motor planning, imagery, and
execution in the distributed motor network: a time-course study with functional
MRI. Cerebral Cortex, 2008, 18(12): 2775-2788.

325. Decety, J., Perani, D., Jeannerod, M., Bettinardi, V., Tadary, B., Woods, R.,
Mazziotta, J. C. and Fazio, F. Mapping motor representations with positron
emission tomography. 1994,

326. Cavanna, A. E. and Trimble, M. R. The precuneus: a review of its functional
anatomy and behavioural correlates. Brain, 2006, 129(3): 564-583.

327. Kawashima, R., Roland, P. E. and O'Sullivan, B. T. Functional anatomy of
reaching and visuomotor learning: a positron emission tomography study.
Cerebral Cortex, 1995, 5(2): 111-122.

328. Taube, W., Mouthon, M., Leukel, C., Hoogewoud, H.-M., Annoni, J.-M. and
Keller, M. Brain activity during observation and motor imagery of different
balance tasks: An fMRI study. Corfex, 2015, 64: 102-114.

329. Ogiso, T., Kobayashi, K. and Sugishita, M. The precuneus in motor imagery:
a magnetoencephalographic study. Neuroreport, 2000, 11(6): 1345-1349.

330. Osuagwu, B. A. and Vuckovic, A. Similarities between explicit and implicit
motor imagery in mental rotation of hands: An EEG study. Neuropsychologia,
2014, 65: 197-210.

331. Shin, Y. K, Lee, D. R, Hwang, H. J, You, S. H. and Im, C. H. A novel EEG-

based brain mapping to determine cortical activation patterns in normal children



254

and children with cerebral palsy during motor imagery tasks.
NeuroRehabilitation-An Interdisciplinary Journal, 2012, 31(4): 349.

332. Munzert, J., Zentgraf, K., Stark, R. and Vaitl, D. Neural activation in
cognitive motor processes: comparing motor imagery and observation of
gymnastic movements. Experimental Brain Research, 2008, 188(3): 437-444.

333. Seitz, R. J., Canavan, A. G., Yagiiez, L., Herzog, H., Tellmann, L., Knorr, U,
Huang, Y. and Homberg, V. Representations of graphomotor trajectories in the
human parietal cortex: evidence for controlled processing and automatic
performance. European Journal of Neuroscience, 1997, 9(2): 378-389.

334. Rushworth, M. F., Paus, T. and Sipila, P. K. Attention systems and the
organization of the human parietal cortex. The Journal of Neuroscience, 2001,
21(14): 5262-5271.

335. Leech, R, Braga, R. and Sharp, D. J. Echoes of the brain within the posterior
cingulate cortex. The Journal of Neuroscience, 2012, 32(1): 215-222.

336. Ganis, G., Thompson, W. L. and Kosslyn, S. M. Brain areas underlying visual
mental imagery and visual perception: an fMRI study. Cognitive Brain
Research, 2004, 20(2): 226-241.

337. Astolfi, L., De Vico Fallani, F., Cincotti, F., Mattia, D., Marciani, M.,
Bufalari, S, Salinari, S., Colosimo, A., Ding, L. and Edgar, J. Imaging
functional brain connectivity patterns from high-resolution EEG and fMRI via
graph theory. Psychophysiology, 2007, 44(6): 880-893.

338. Neuper, C. and Pfurtscheller, G. Motor imagery and ERD. Event-related
desynchronization, 1999, 6: 303-325.

339. Suffczynski, P, Kalitzin, S., Pfurtscheller, G. and Da Silva, F. L.
Computational model of thalamo-cortical networks: dynamical control of alpha
thythms in relation to focal attention. International Journal of
Psychophysiology, 2001, 43(1): 25-40.

340. Pfurtscheller, G., Neuper, C., Brunner, C. and da Silva, F. L. Beta rebound
after different types of motor imagery in man. Neuroscience letters, 2005,
378(3): 156-159.

341. Grosse-Wentrup, M., Liefhold, C., Gramann, K. and Buss, M. Beamforming
in noninvasive brain—computer interfaces. Biomedical Engineering, IEEE

Transactions on, 2009, 56(4): 1209-1219.



255

342. Stam, C., Jones, B., Manshanden, 1., Van Walsum, A. v. C., Montez, T.,
Verbunt, J., De Munck, J., Van Dijk, B., Berendse, H. and Scheltens, P.
Magnetoencephalographic evaluation of resting-state functional connectivity in
Alzheimer's disease. Neuroimage, 2006, 32(3): 1335-1344.

343. Zar, ). H. Biostatistical analysis. Pearson Education India. 1999.

344. Sivan, E., Parnas, H. and Dolev, D. Fault tolerance in the cardiac ganglion of

the lobster. Biological cybernetics, 1999, 81(1): 11-23.





