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РЕФЕРАТ
110 страницы, 132 рисунков, 4 таблицы, 0 приложений
КЛЮЧЕВЫЕ СЛОВА: ЭЛЕКТРОЭНЦЕФАЛОГРАММА, ОБНАРУЖЕНИЕ
ДВИЖЕНИЯ МОЗГА, ОБРАБОТКА СИГНАЛОВ, АНАЛИЗ ДАННЫХ,
МОДЕЛИРОВАНИЕ, ВЗАИМОДЕЙСТВИЕ МЕЖДУ СИГНАЛАМИ ЭЭГ.
Тема этой диссертации классифицируется как исследовательский проект,
работа, которая будет представлена и обсуждена в этой научной статье, даст
введение и экспериментальное исследование в области исследований
электроэнцефалограммы (ЭЭГ).
Эта тема исследования была задана в направлении изучения деятельности
мозга с целью извлечения двигательной активности коры головного мозга и
внедрения их в исследования развития биомеханики.
Во время наших исследований мы будем иметь дело со сложностями
активности волн электроэнцефалограммы (ЭЭГ) и покажем, как она работает и
как реагирует на окружающую среду.
В этой научной статье мы будем шаг за шагом раскрывать нашу мозговую
деятельность, и для лучшего понимания того, как она работает, мы будем
использовать различные инструменты и алгоритмы, методы, которые способны
справиться с этим уровнем сложности классификации и обработки мозговых
волн.
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ABSTRACT
110 pages, 132 figures, 4 tables, 0 appendences
KEYWORDS:
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DETECTION, SIGNAL PROCESSING, DATA ANALYSIS , MODELIZATION OF
THE DYNAMICAL INTERATION BETWEEN THE EEG SIGNAL.

The topic of this thesis is classified as a research project, the work that will be
presented and discussed in this scientific paper will give an introduction and an
experimental study upon the field of electroencephalogram (EEG) researches.
This research topic was set in the direction of exploring the activities of the brain in
order to extract the motor cortex brain activities and implement them in the
biomechanics development researches.
During our studies, we will deal with the complexities of the electroencephalogram
(EEG) waves activities and we will show how it works and how it reacts with the
surrounding environment.
In this scientific paper, we will go step by step discovering our brain activities, and
for a better understanding of how it works, we will use different tools and algorithms,
methods that are capable to deal with this level of complexity of the brain wave
classification and processing.
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Nomenclature
ICA : Independent Component Analysis
PCA : Principal Component Analysis
DIPFIT : Source localization, either using single dipoles
or distributed model’s toolbox
NFT : Neuroelectromagnetic Forward Head Modeling Toolbox
MRI : Magnetic resonance imaging
FMRI : Functional magnetic resonance imaging
LORETA : Functional imaging with low resolution brain
electromagnetic tomography Activity
ICLabel : Independent Component Label
KURTOSIS : Measure of how peaked or flat of a probability distribution is
MIR : Mutual Information Reduction
PMI : Pairwise Mutual Information
ICAACT : The activities of the ICA components
ICAWINV : Inverse weight matrix
VAR : Model order selection
AIC : Akaike Information Criterion
SBC : Schwarz-Bayes Criterion
BIC : Bayesian Information Criterion
FPE : Akaike’s Final Prediction Error Criterion
HQ : Hannan-Quinn Criterion
SIFT : Source Information Flow Toolbox
ACF : Autocorrelation Function
BPP : Box-Pierce portmanteau
LBP : Ljung-box portmanteau
LMP : Li-McLeod portmanteau
ICoh : Imaginary Coherence
PCoh : Partial Coherence
MCoh : Multiple Coherence
PDC : Normalized Partial Directed Coherence
GPDC : Generalized PDC
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PPDC : Renormalized PDC
DTF : Normalized Directed Transfer Function
ffDTF : Full-Frequency DTF
DDTF : Direct DTF
GGC : Granger-Geweke Causality
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INTRODUCTION
Background and Motivation
Before we go further in our topic first we should know what is
electroencephalogram knowing as EEG’s signals. So, what is EEG’s signals ?
Briefly An electroencephalogram (EEG) is a recording of electrical activity of the brain
from the head. Given its temporary sensitivity, the main use of the EEG is to assess the
dynamic function of the cerebral. EEG is especially useful in diagnosing patients with
suspected seizures, epilepsy, and unusual spells.
The misconception of EEG is that brain activity can be disrupted by other electrical
activity produced by the body or the environment. To see the wave signals upon the
skin surface, EEG voltages generated by the brain must first pass through filters that
reduce the signal size and spread EEG activity more broadly than the original vector.
Brain scans should cut through the brain, CSF, meninges, skull, and skin before
reaching the recording area where they can be found. In addition, another naturally
occurring electrical activity (through the muscles of the skin, eyes, tongue, and even
the distant heart) creates intense electrical energy that often suppresses and impairs
brain function.
History
The first recording was made by Hans Berger in 1926.

Figure 1 : EEG’s first recording
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In 1938 it was the first EEG spectral analysis, and in 1962 was the first computer for
evoked potential averaging (CAT), this really was the onset of the event-related
potential averaging, this era. And what happened with this computer is that it was
digital but he was recording EEG but not recording the raw data, he was just averaging
on the fly, and separate trails, so people didn’t have access to the raw data, they couldn’t
do spectral analysis, they couldn’t do any kind of advanced analysis, they could only
look at event-related potential averages, and we could only try to interpret these.
This was the onset of the whole era of event related potential averaging, where people
try to interpret the peaks of the event-related potentials (ERP’s) very often in the same
way that they would interpret reaction time, as an additional measure.
At that stage people are not necessarily interested in what is happening in brain, they
just used this as an additional measure of behavior.
Then in 1979, there was the first source localization of EEG and MEG, and this was
the start of the ear of functional EEG brain imaging, in 1995, the first multi-source
EEG filtering by independent component analysis (ICA) to remove artifacts and
separate sources, and in 2009 was the first commercial dry electrode device.

16

CHAPTER 1. THE ORIGIN OF EEG SIGNAL
When we record the EEG at the surface of the scalp (the yellow electrodes are
representing electrodes at the surface of the scalp) [1], we actually record field from
regions of the cortex, here (Figure2) we have a local patch of cortex activated which
can be far away, you see the electric field extends far away and when we have several
of these patches which are active simultaneously we can see that most electrodes record
a combination of the activity of the two regions, so this is why it’s actually very
different to record from the surface of the cortex compared to electrodes at the surface
of the scalp. Therefore, the scalp signals are different from the source signals.

Figure 2 : cortex

When we have a potential at the surface of the scalp, for instance a positive and
a negative potential (figure 3), what this represent is the activity of a dipole, which can
be represented as a battery, so the battery has a specific electric field which is recorded
at the surface of the scalp.

Figure 3 : potential at the surface of the scalp

Where does this electric potential come from? It’s generally accepted that it comes
from pyramidal cells, so here (Figure 4) there’s two types of cells which are
represented, Stellate cell which basically have a radial electric field so no net potential
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that can be recorded at the surface of the scalp, and pyramidal cells, which are oriented
radially to the surface of the cortex, and have a net positive potential, on top is the
electric potential, and on the bottom the magnetic potential.

Figure 4 : Cells representation

Usually having just one of these cells is not enough to record signal in the surface of
the scalp, so if we have radially symmetric or randomly oriented pyramidal cell, we are
not going to record some potential at the surface of the scalp (Figure 5), if they are
parallel but they’re activated asynchronously (at different times), we’re not going to
record potential at the surface of the scalp, we are only going to record a potential
when they’re active, parallel, and also activated simultaneously.

Figure 5 : pyramidal cell

But it is not that simple because there are a lot of cells interacting with these pyramidal
cells in the cortex, so here (Figure 6) we can see I,II,III,IV,V,VI. These are the different
layers of the cortex, so even though the cortex is just a few millimeters thick, there are
several layers of interest with different types of cells in the different layers, for instance
these pyramidal cells receive excitatory and inhibitory input, they receive input from
other cortical areas, they receive input from the tenements, and input from glial cells,
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which are not neurons but they have gap junctions with neurons, so they are also
communicating with neurons, and also there is all the neuromodulation of these cells.
We can see at the surface of the cortex we have some pattern of activity that represents
the activity of the electrical field, but we also have a pattern in depth so there actually
has been recording of this pattern across the different layers.

Figure 6 : cortex layers

This is one example of these recordings (Figure7), so this is time on the x-axis, and the
color represents the activity in the theta band, so in the black here at the beginning of
the recording we have a pyramidal cell, and then we can see that the activity of this
neuron along the axon seems to oscillate in the theta band with some positive activity,
following by negative activity, and there have been models trying to understand what
this means.

Figure 7 : recording up on the cortex layers
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For instance, at the peak of the pyramidal theta, what this is interpreted as acquiring
information so the neurons integrate information, and then at the trough of the
pyramidal theta, this has been interpreted as interpreting the information, so there’s a
cycle and this is coordinated by inhibitory basket cells and also cell from the thalamus.
This is just a schematic, there are other models of generation of the EEG, this just to
show a little bit how EEG is generated, and what it means in the terms of activation of
neurons.
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CHAPTER 2. THE EVENT-RELATED POTENTIALS (ERP’S)
All the EEG work that is happening in the meantime and that will be perform in
the near future is all related to the first event-related potentials (ERP’s) experiment era.

Figure 8 : event-related potentials (ERP’s)

In the (Figure 9) we have a cap that contain many electrodes that record potential
over time, and then we present stimuli to our subjects, so here we have two types of
stimuli, the blue ones and the red ones, and these can be sounds, images of different
types so that’s why we have blue and red , different types of stimulus. Once we have
acquired the data , we can do offline processing.
The type of offline processing we would do are event-related potential averages,
so we take one electrode for instance here, the last one.

And then we slice the signal around the stimulus of interest either the blue one or the
red one, and then we remove the baseline, and then we average the blue ones and all
the red ones for one electrode of interest.[2]
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Figure 9 : event-related potentials (ERP’s)

Below we can see different trials 1,2,3 up to <N> and then we just average the
single trails, and try to interpret the latency and the height of the peaks. This is the
historical average ERP approach.

Figure 10 : Examples of ERPs

On the (figure 10) we can see typical peaks which are usually observed, we can notice
that the scale on the Y axis is actually inverted, that’s the standard format for looking
at ERP, although some people prefer it in the opposite direction.
Typically, we have peaks which are named P1,N1,P2,N2,P3, and P1 is the positivity at
100ms, N1 is the negativity at about 100ms, P2 is positivity at abut 200ms, N2 is
negativity at about 200ms, P3 is positivity at about 300ms, although here we see most
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often the P3 peaks at about 400ms, and we would look at this for different types of
stimulus. So, a typical experiment, you’ll have a frequent stimulus and a rare stimulus,
so if it’s sound, it could be a ‘’beep’’, and the rare stimulus tend to elicit what’s called
the P3(P300,in red here).

Figure 10 : Examples of ERPs

We also have a difference potentially in the other ERP, the N100 (N1), and then we
can also look at the difference between the two curves, and when we look at the
difference , there are other peaks which are interpreted in literature for instance, here
when we look at the difference we have MMN mismatch negativity for audio sound,
so these are typical ERP analyses and the assumption is that the EEG data is equal to
an average plus some background noise, and we just have to remove the background
noise, and for the EEG is equal to ERP plus some EEG noise.

But, this linear decomposition is only true if the average appears in every single trial,
and the background is not perturbed in any way by the event which is presented,
however this is not always true as we will see next on this paper.
2.1. ERP image
ERP image is a tool that help us to look at the single trials, where we can see the
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potential (the EEG activity) for one electrode or more, and this will be color-coded, the
Blue is going to be negative potential, the red is going to be positive potential.
We can do this for several trials and then stack them up to create what we call an ‘’ERP
image’’, and by default they’re sorted by time on task (first trial, second trial, etc.)[3].

Figure 11 : ERP image

We can also find different types of sorting. For instance, below (Figure 12) we have
about 400 trials, unsorted and the black trace here represents the reaction time of the
subject, and we can then sort the trials by the reaction of the subject and that what’s
represented in (Figure 13), and what we can do also to see the evoked activity better is
that we can smooth the trial across the Y dimension (Figure 14), and then we can see
patterns emerging.
In all the cases, we see in the bottom of each plot, the event-related potential is exactly
the same, we just reordered the trials, but we can see much more information in the
sorted and smoothed ERP image than we can see in the ERP.

Figure 12 : Unsorted type
dimension

Figure 13 : sorted type

Figure 14: smooth trial across the Y
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2.2. How we can use the information from ‘’ERP image’’
For better understanding of how we can use the information coming from the
‘’ERP image’’ we will use the following example, this was a visual task and these are
the distraction trials for the visual task (Figure 15), the trials here are sorted by the
phase of alpha and not by reaction time, and these trials are only the trials with the
highest alpha power, and usually when we do a standard event-related potential
analysis we remove all the trials with alpha because we consider alpha a strong
background noise, and we don’t want our data to be contaminated with these trials, so
these are trials with highest alpha, sorted by alpha phase (Figure 15) , and these (figure
10) are the trial with the lowest alpha, sorted by alpha phase, and according to the
standard ERP hypothesis, alpha is a background noise whether we pick up the trails
with the highest or the lowest alpha, it shouldn’t influence the ERP, but what we see
here is that the ERP is actually very different for trials with high alpha versus low alpha
(Figure 15).
The assumption that the background noise activity is independent of the stimulus, is
not going to be affected by the stimulus, in this case is not verified, which is a really
helpful information.

Figure 15 : Phase Synchronization and ERP

For further information we have also to look at the single trial which mean we
have to look beyond the event-related potential average which is the spectral power
changes (Figure 16). It will give us a representation of time frequency decomposition
and we define the baseline as having zero activity, which allow us to see that after
stimulus presentation we have an increase in the brain wave amplitude in this example
case it was in the theta for about 4-6 HZ time frequency range (Figure 16), and we can
see a decrease in the brain wave amplitude after about 600ms, this information is not
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visible in the ERP that’s why we use the spectral power.

Figure 16 : The spectral power

In conclusion of this part the ERP is a good tool to analyze the brain activity but it
is not enough for deep analysis, so further in this paper we will discuss in details what
are the most modern and efficient tools and algorithms that help us decode and explore
our brain.
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CHAPTER 3. EEG BRAIN DYNAMICS SOURCE RESOLVED
Historically, EEG has been used a little bit like reaction time in psychophysics
experiments, just as a marker, and we have discussed that in the parts above, where for
instance in EEG we can extract the latency and amplitude of different waves in the
average (Like the P1, N1, P3) and these were just used as markers and these markers
were relevant for what we are doing, and over the past years, there’s been a strong push
to bring back EEG to its underlying substrate, which in neuronal activity.[4] This part
is more about trying to find, from the scalp activity, what’s going on in the brain. So
we record data from different sites and we want to know what’s going on inside the
brain, here for example as you can see on the illustration below (Figure17), there is a
subject record their data and we can see the raw data of this subject, then we select a
specific latency (indicated by the red bar), and this is the activity at different channels
at this specific latency, and each dot represent one electrode in this example we can see
some dots outside of the head model because basically they’re below the midline,
they’re still on the head but to represent them we just put them outside because it’s
more convenient, and then these numbers we can imagine that they represent elevation
on the 3D land-space, and then we can build the surface, and then we can project it on
the scalp and we see again each dote is an electrode and when it is blue it means low
potential activity and when it is red it means high potential activity, and we can also
project that on a 3D model of the head of the subject.

Figure 17: scalp activity illustration

So how do we find activity, what’s going on in the brain using this kind of
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representation? Below on the (Figure 18) we have the observed potential, or field, at a
giving latency and what we want to know is, which source is active, the dots here
represent the activity in the cortex, and the arrow represents a potential (electric field)
at that location , and then there’s two problems here, one is called the forward problem
and this is from known source activity on the left, trying to reconstruct the scalp
channel activity, and that’s a problem that’s well posed, we will see how to solve it,
then there’s a much harder problem, which is called the inverse problem, and the invers
problem is starting from the scalp channel activity trying to find the activity of the
source in the brain.

Figure 18 : brain potential

The first problem (the forward problem) is well posed because it can always be solved,
and for the forward problem we require a head model, so this is a spherical head model
on the top right of (Figure 19) we have different layers, and different geometry, and
the conductivity between each layer and on the bottom, we can also have more
complex model with more complex geometry. Then we also need the sensor locations
(represented on Figure19 ‘’Blue dots’’), and we need possible source distribution
(represented on Figure19 ‘’red arrow’’), in order to know where each source can be,
and what kind or orientation it can take, and the amplitude of these sources. If we have
a fixed set of sources, we use a solver, and we can calculate the activity on the surface
of the scalp.

Figure 19 : Forward problem
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Since there is no unique solution the invers problem (going back from the scalp activity
to a source level), it is ill posed, there is no single solution there are many different
configurations of sources that can give rise to the same scalp activity, (Figure 20).

Figure 20 : scalp activity

So how we do it? First, we can constrain the model and the one way to constrain
the model is to use single dipoles, or finite set of dipoles which are point-like [dipolar
sources] inside the brain, and we optimize their location, we can also use distributed
source model and impose constraint on the model for instance, the ‘’LORETA’’
assumes a smooth distribution, and we have also solution for minimum norm,
minimum current, which impose different constraints, (Figure 21).[5]

Figure 21 : Inverse problem methods (ill posed)

On the top of that we have also algorithms for solving the invers problem, and these
add additional constrains, for instance we have ‘’MUSIC algorithm’’ or
‘’BEAMFORMING’’, which scan the whole brain with single dipole and computer
filter at every location, and add additional constraints to find the optimal activity of
this diploe. Or, as in ‘’EEGLAB’’, we can perform ICA decomposition (Independent
component analysis) as we will see in this paper later on when we explain EEG data
processing.
That uses higher-order statistics to extract projection of sources on the scalp (‘’simple’’
maps), and the identity of ICA solves the first half of the invers problem.
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The advantage of using these components, and what we mean by (ICA) solves the first
half of the invers problem is that we can compare here (Figure 22) on the left the scalp
topography of some raw data or ERP data, and on the right the scalp topography of the
ICA component, on the left (ERP’s scalp topography) is going to be hard to localize or
interpret in this case we need to use different sources in different parts of the brain to
try to localize the activity, on the right (ICA scalp topography) it’s relatively easy to
interpret usually we can just pout a single dipole in the brain and localize the dipole
with very high accuracy for a component, so this is what we mean by ICA solve the
first half of the invers problem.

Figure 22 : ICA solves ‘’the first half’’ of the invers problem

Below we can see the dipolar scalp projections for components, we will discuss later it
in details, so here we have a component projection on the 3D head mesh, and this is
the dipole that would represent the activity of the scalp topography, and when we
actually localize them it looks like this (Figure 23), we can see the dipoles and their 3D
projection on each axis, this dipole will generate different scalp topographies. And the
idea is that ICA creates spatial filters for functionally independent sources. The source
reconstruction is based on the use of ICA for separating sources, and then we have a
plugin called ‘’DIPFIT’’ that performs source localization, either using single dipoles
or distributed models, there is also an extension called NFT (Neuroelectromagnetic
Forward Head Modeling Toolbox) that we use when we have individual subject MRI,
we can extract head mesh and do advanced source localization in NFT, and once we’ve
isolated the source we can also look at the brain dynamics, using the SIFT extension.[6]
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Figure 23 : the dipolar scalp projections
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CHAPTER 4. EEGLAB INTERFACE
4.1. EEGLAB history
EEGLAB’s ancestor was created in 1997 at the Salk institute, then in 2001 was
the first version of EEGLAB for artifact rejection, in 2003 they integrated all the tools
and EEGLAB was released to a wider audience, in 2004 EEGLAB had a specific
support from NIH, in 2006 they implemented group analysis as well as a system to add
extensions, in 2009 they associated toolboxes, which we will talk about in our paper.
In 2011 a paper was published showing EEGLAB was the most popular EEG software
for processing EEG, and in 2014 EEGLAB had the plug-in manager that allowed us to
install plugins, in 2018 there was the integration with LIMO to perform linear model
of EEG data, and in 2019 there was an integration with BIDS and big data pipelines.
EEGLAB is a collection of about 600 functions, there are about 250 thousand
downloads over the past years, and has been supporting about 288$ million of research
in US.

The strength of EEGLAB is also all the plugins available, the SIFT ( source
information flow toolbox) allows us to calculate brain dynamical activity, the NFT
(neuroelectromagnetic forward head modeling toolbox) allows us to do precise source
localization of ICA components and there is a new extension called EEGLAB and
BIDS which allow us to import and export in BIDS format, there is also ICLabel [6],
which is a new plugin for automated ICA component labeling, so it’s very useful in
pipeline, there are many other plugins for ICA source rejection.
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4.2. Single Subject Processing Pipeline
In this part is another view of EEGLAB capabilities, and to show how to process
data, it is more to give a board view of what is possible, we will discuss this in two part
the first part is about single subject, and the next part we’ll talk about multi subject and
advanced analysis using scripting. We import data from a subject, there’s different
steps, first we have to import the raw binary data than we have to pre-process the data,
reject artifacts, extract data epochs if we have events, visualize our data and perform
ICA decomposition and look a bit more in-depth at our data. Here we will just assume
that we want to import raw data (Figure 24), and as we can see in (Figure 24) we have
many function to do that, there are also two additional interfaces, one is called “FILE
I/O”, and one is called “BIOSIG”, so there are many ways to import raw data from
many different formats, plus to the huge collection of plugins to import other type of
data.

Figure 24 : Import/Load data

Once we import our data, we might want to import event information (Figure 25),for
instance, if we collected our data and presented some images, using Presentation or EPrime, we might want to fuse our EEG data with these events, which also we can do
that using the channel data that contains event information.[7]
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Figure 25 : Import Event

The next step is to look at our data (Figure 26), there is an option to scroll our data
where we can see our data and the vertical bars that indicate events which happened
during the recording or that was add.

Figure 26 : the scroll of data

And then we import our channel locations (Figure 27), this is just an example of 256
channel montage. The power of EEGLAB is that for example we don’t have channel
locations associated with our electrodes, the it can assign template once if we have
standard names for the electrodes, for instance if we have 10-20 names it will
automatically find some template locations from these electrodes, and if we have
scanned the electrodes, we can also import them using this menu (Edit  Channel
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locations) and plot them [8]

Figure 27 : channel locations

After importing our data and present it we go to the next step which is to pre-process
the data, there are different types of pre-processing, first we can edit the information
by mean the dataset information, the event information, the channel information as we
just saw, and then we have different menus on to preprocess our data, for better to do
so we have to change the sampling rates since if our sampling rate is relatively high
it’s going to take a long time and a lot of memory to process our data, we can also filter
our data (sometimes there is drift in continuous data), change the reference that the data
was recorded with interpolate electrodes, and reject continuous data by eye, (Figure
28).

Figure 28 : Rejecting data by eye

If we have event related task, we might want to extract data epochs, and when we
extract data epochs we typically provide the name of an event (for example “square”)
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and epoch limit, and from here EEGLAB will go in continuous data and slice our data
around the evet of interest, then it removes the portion so that when the data epoch are
represented in the contiguous fashion, and the we can reject bad epochs by using
different methods. Once we reject our bad data, we can start looking art our ERP
(Figure 29), we can also plot ERP’s in 2D or in 3D (figure 30), we can also plot the
spectrum, for instance if we just have that task with no events (Eyes open, Eyes close)
we might want to look at the spectrum (Figure 31), this is the spectrum with scalp
topography at 6, 10 and 22 Hz, and we can also plot what we call ERP image [9] (Figure
32) we have seen this above in our paper and we described how to create this kind of
image, and we’ll go through that in more depth when we deal with plotting the data.

Figure 29 : ERP

Figure 30 : brain topography and channel location
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Figure 31: Power spectrum density

Figure 32 : ERP image

Once we’ve looked a little bit at our data and we get a to read it we run the ICA
(Independent component analysis)[10], both to reject artifacts and try to identify
sources which will be relevant for further processing, How to run ICA we will discuss
it in details during our paper for better deep understanding, but let’s take a brief view
on what we get when we apply ICA (Figure 33,34), typically we get a collection of
scalp topography based on our how many channel, so here we have 32 channels so we
get 32 components, and when we chose a specific component and click on it we receive
a window that shows us the details about that component, it’s activity through time
(this s a blink component), it’s power spectrum, so that’s a way to look at the
components, then to see which components are relevant, first we might have to try to
localize thee components, so we use one of the power tool that is include in EEGLAB
called “DIPFIT” and then we can localize and for each component we can find a dipole,
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or we can also do distributed source modeling using “Loreta”, and once we identified
the components we’re interested in , the goal is to look at our ERP and see which
components contributed the most to that ERP, so here (Figure 37) we can see that for
the peak of the ERP at about 300ms it’s component number one that contributes the
most to this peak, so we might want to look in more details at this component. If we
don’t have events, we might want to look at which components contribute the most to
the spectrum, so these (Figure 38) are the components which contribute the most to 10
Hz, and the scalp topography of the components is slightly different, it’s squared
because this is the power of the component. [11]
With component, we can also look at the time frequency decompositions (Figure 39).

Figure 33 : scalp topography

Figure 35 : DIPFIT

Figure 34 : independent component 3

Figure 36 : Loreta
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Figure 37 : ERP envelop of the EEG Data

Figure 38 : Power spectrum density

Figure 39 : component frequency

4.3. Multi Subject Analysis And Scripting
This is the standard EEGLAB processing pipeline [12], we saw single processing
and now we will see how to do multi subject processing and what kind of analysis we
can do at group level, there is 4 parts:
1- Build study and Study design
2- Pre-compute measures
3- Cluster components
4- Analyze clusters
The first thing to build a study is to select a file from a different subject and to
do that we have a menu on EEGLAB, once we select a subject we have to build what
is called the “Study Design” for instance we have to tell EEGLAB about what we want
to compare condition one with condition two, and if we have different group of subjects
we can also define that in the study design and then we can define multiple study
design, once we’ve done that we have to pre-compute measures and EEGLAB have
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functions to pre-compute channel measures and to pre-compute components measures,
so we can pre-compute all channel measures from all the subjects and this involve
ERP’s, Power spectrum, ERSP so time frequency decomposition and inter trial
coherence, and we can do that for components as well, and in that process we can also
remove artifacts for channels, once we done the pre-computing then we can plot
measures.[13]
Before plotting components, we have to cluster them based on measures of interest, so
we want to find components which are comment across subjects, and then we plot
them, first we plot which component make up a cluster and then we can plot the dipoles
of these components, and then we can plot the ERP of one cluster , we can also plot
the ERSP’s as well as statistics with the main effect for every condition and the
interaction effect, Then the next part is about advanced analysis using scripting and
EEGLAB command line functions. We can do everything from the graphic interface
that sometime actually useful to use the EEGLAB command line (Figure 40).

Figure 40 : EEG Structure

On the EEGLAB command line we have the EEG structure, so that to data set
our processing at the moment, and EEGLAB made it so simple so that we could modify
and process our data in a smooth way that allow us to have control on our structure and
this involve number of trials, number of data point, sampling rate, the limit of data
epochs, the data itself, the ICA components, the channel construction, and the event
information.
With that structure we have 3 levels of functions, we have top level which are
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“ADMINISTRATIVE FUNCTIONS” [14] , and they just handle the structures, they
copy it, they save it, and then we have “POP FUNCTIONS”, they take these functions
and applies them in a specific signal processing, but they actually only convert the
structure to be processed, and at the bottom level we have “SIGNAL PROCESSING
FUNCTIONS” like { erpimage(), topoplot(), envtopo(),…}. With these structures we
can also do automated processing, as well as it is possible to use the script that we
obtain when we use the EEGLAB menu and with this script we can do many different
type of scripts, the two scripts we do often are the “RAW DATA PREPROCESSING”
where we loop across subjects an then we do some preprocessing, filter the data, run
ICA, and then we done with single subject processing we can do “GROUP LEVEL
ANALYSIS”, and also from the command line we can export data and results if we
want to process them in another software , and then we can do “CUSTOM
PROCESSING”.
The (Figure 41) gives a view of the preprocessing pipeline that we are using in our
paper project , we will go through this step by step in the “PREPROCESSING” section.

Figure 41 : Preprocessing pipeline

ASR – Artifact Subspace Reconstruction
ASR – Artifact Subspace Reconstruction (Figure 42) use the pairwise correlation
to find the bad channels, in good data there is a good correlation between neighbor’s
channels and in the bad data there is come channels that have no correlation with the
neighbors, so they are automatically detected.[15]
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Figure 42 : Pairwise correlation to find bad channels

4.4. ICLabel
ICLable is one of the EEGLAB extension’s, we first detect bad components by
hand and then we have machine learning, which is set automatically to learn how to
detect these bad components in particular “ARTIFACTS” so that can be apply in our
data set.

Figure 43: ICLable
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CHAPTER 5. EEG DATA PRE-PROCESSING
In this section we will see how we preprocessing the brainwave data and we will
discuss it step by step in details.
So first let’s ask a question “why we preprocessing data?” , EEG data out of
recording device is a continuous unprocessed signal so it’s like measuring a difference
of potential on an oscilloscope and we can actually do that if we want, so to make sense
of the data, we will need to extract meaningful measures from it, such as brain
oscillation, brain source activations, compare brain data in different conditions or
assess reliable changes to external stimuli (different related potentials for example),
but before we do all of that, we need to apply a series of transformations to the data
going through the standard pipeline (Figure 44) for EEG data processing.[16]

Figure 44 : the standard processing pipelines

First we have to collect the data, then import the data into EEGLAB, then we import
event markers and channel locations, then we might want to re-reference or decrease
the sampling rate of our EEG data, then we might want to filter the data, at this point
it’s good to actually look at our data, to see what kind of data we have, and what kind
of artifacts are present in our data, then we will want to identify and reject bad channels,
very often when we collect EEG data some of the channels have bad connection, then
reject large artifacts, which are very often present in EEG data, for instance every time
we move there will be a dramatic artifact that needs to be removed, and the last step in
this pipeline is to run an algorithm called independent component analysis which
allows us to extract a stereotyped artifact, it is very powerful and widely used in the
field, and then we have to select components, to remove the components we want to
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exclude from the data.
5.1. Importing Dataset
Once we record our brain activity we can import it in EEGLAB for advanced
processing and analysis, and to do that we have different options to import the data,
first will be “file  import data” , and we can select native EEGLAB functions and
plugins listed in the menu where we can see many type of format that we can pick up
one of the based on our interest, or we can go through other toolboxes using the “FILEIO” interface or the “BIOSIG” interface with the separate toolbox for EEG under
MATLAB, and these allow us to import mostly the same formats.[17]
5.2. Events and channel locations
5.2.1. Events:
Most of the of the time, event information is already with our EEG dataset it’s
been collected using an additional channel it depends on the amplifier, but most often
we have some information about events already, what happens is that sometimes this
information is in an additional channel and has not been extracted from that channel,
or sometimes it can also be in a text file, like for instance if we are using the MATLAB
psychophysics toolbox we might have saved some information in text file from an
event channel or from another software like presentation, E-Prime, or Neuroscan event
file, and then what happens when it’s from another software is that our EEG amplifier
only has limited information, it just has a number for the event so we want to associate
more information, we would need to fuse these events.
Sometimes we don’t have some of the events, we might just have the stimuli
which are saved with the EEG file, but reaction times are not saved on the EEG file, so
we want to put back the reaction times in there along with the EEG data so we can
process it. With EEGLAB we can import these events and calculate possible
discrepancy in the sampling rate (in the order of 0.1 percent) then align these events as
best as possible, usually the last channel is the event channel and if the channel is noisy
we can apply a logical formula to the data. We can extract on the leading edge, the
trailing edge, or both, we can also extract the duration of the event, erase old events, or
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add new events. When we plot the scroll activity we can see the events which will be
vertical and they take different colors based on the amplitude.
5.2.2. Channel Location:
To import channel locations we go to the edit menu “Edit  Channel locations”,
then we will receive a pop-up window and it asks us if we want to use channel labels
to figure out some channel locations for these channels, very often in the raw data file
there are channel labels associated with these channels, so even though the might not
have location, they sometimes have channel labels and we can use this labels to figure
out some template locations. In the channel location section, we have different
coordinate systems, and the reason we have all these is because different types of
channel location formats use different coordinates, more over we can use read location
if we have an external location file that was provided by the manufacturer, we can
import it or if we have scanned electrodes using “Polhemus”, we can import them too.
Once we have loaded our channel location we can view them in two ways,”2D Plot”
or “ 3D Plot”. If we import channels which we have scanned, we might also want to
apply some transformation, for instance we can optimize the head center when we scan
channel coordinates, very often the head center is not optimal so we might want to
select a subset of channels and fit the sphere and then the new center is the center of
that sphere, and we can exclude some of the channels when we do that, we can also
rotate axis for instance if we import our channels and the nose is along the wrong
direction, we can rotate the axis, we can also rotate axis using nose along +X or +Y,
we can do more and select the channel type if we have only EEG channels, we can
select and set them to all the EEG channels or if we have autonomous channels, like
heart or respiration, we can also assign them different types, this is useful when we are
filtering the data.[18]
5.3. Re-reference And Re-sampling
In this section we will talk about re-referencing and re-sampling the data, so
we’ve already imported the data, import events and channels locations, and now it is
time to re-reference and re-sample the data. We can invert some of these steps, we
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usually re-reference after almost every step, high-pass filtering, we re-reference,
removing channels, we re-reference. So, the order is not critical. So, how do we rereference the data? on the EEGLAB we have a menu under the “TOOLS” menu called
“RE-REFERENCE” and when we select this menu, we have the interface where we
can select the channel we want to reference to. What re-referencing mean here is that
we re-reference the data to channel(s) and this is just one of the choices of rereferencing that we can do using EEGLAB plus to the other type such as “Average rereferencing”. Once we check the menu box of the chosen type of re-referencing, and
then select specific channels for instance we want to reference to right mastoid and left
mastoid (called “LINKED MASTOIDS”), so if that’s the case, we would select the two
mastoid channels since the mastoids are considered as reference electrodes because
they’re close in distance to the electrodes and, they record less signal from the brain,
after selecting the two mastoid channels we would get an interface that tells us this is
a new dataset, so what we can do with this new dataset is we can overwrite the parent
dataset ( when we don’t have much memory, that’s a good option) and save it for next
step.
The other type of referencing is called “AVERAGE REREFERENCE” and we
can do that using the “TOOLS” menu, and when we compute average reference we
might decide to exclude some channels, like EMG muscle or ocular channels (like the
left eye and right eye movement), because ocular channels often have a different
reference (they’re referenced with respect to each other) so, we can exclude these
channels from the average reference computation.
So, what’s the underlying assumption in average reference?
In average reference, the assumption is that the sum of current over all the scalp
is “0”, that’s mean if we were to sum the channels over the whole scalp the sum should
be “0”, for instance we should have channels in the neck ideally so we can have a whole
enclosed area, and then we’re sure that the sum of current is “0”, but even if we don’t
have the neck, the neck is actually a good insulator so a lot of the current would flow
to this side, it’s mean if we have a good coverage of the head the average reference
assumption is a good assumption.
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In theory, positive and negative currents across the entire head should balance
(no net current source or sink), average reference enforces this. In practice, it depends
on electrode distribution for instance, if we have more density of electrodes on some
parts of the scalp, the average reference might not be totally true.
The math behind the average reference is relatively simple. When we collect our
data, in most amplifiers we don’t get just the potential at one electrode, we get the
differential potential between one electrode and the reference, for instance, it can be
one mastoid here “TP10” (Figure 45) , so at “FPZ”, we get (“FPZ-TP10”), at FP1 we
get (“FP1-TP10”) and so on, so that’s what comes out of the amplifier, the average
reference assumption is: the sum of all the channels potentials is 0.
So, we convert this system to our average reference system?
First step is to recalculate the activity at reference TP10, and to do that, first we
will consider the sum of all electrode activity (SE), so if we take the sum of activity of
all the electrodes, that will be (FPZ – TP10) plus (FP1 -TP10) plus (AF3 – TP10) plus
(F8 – TP10)… so eventually it’s all the electrodes minus 64*TP10, and is we add one
more TP10, and we subtract one more TP10, this is the average reference assumption,
so we set this equal to “0” (under the average reference assumption, the sum of all the
electrodes is zero).[19]
So, know we can easily calculate TP10, the activity of TP10 is equal to the minus of
the of the sum of the electrodes divided buy the number of the channels. Now that we
have TP10 for calculating the potential of each channel, we can just simply add TP10
back to the activity of every single channel, and now we have the activity of all the
channels at the average reference.

Figure 45 : Average Reference Assumption
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When we go back to the menu, there are a couple of other options. First, there’s
“INTERPOLATE REMOVED CHANNELS” so I we removed bad channels, for
instance we might want to interpolate them to have better coverage of the scalp, so the
average reference assumption is truer, there’s also this option to “Add current reference
channel back to the data”, so as we saw before, we’re calculating TP10, before
calculating average reference, this channel is “0”, it’s TP10 referenced to TP10 – TP10
= 0 but after calculating average reference, we can recover the activity of this channel,
it’s equal to (minus the sum of electrodes divided but the number of channels ), and we
can add the current (reference) channel back to the data, in general we should do that
when our reference is a scalp channel, if it is not a scalp channel, we don’t want to do
that, for instance, if our reference is the linked ears, or if it’s the nose, we don’t want
to consider this channel when we compute average reference. The equation is almost
the same, in one case, we sum all the channel, including the reference ( if the “REF”
reference is a scalp channel), and in the other case we sum all the channel, and we don’t
include the reference (if the “RFF” reference is not on the scalp ,( ear reference…) ).
The next step is to resample the data, if desired, and the main reasons to resample the
data is to reduce space on disk and time, for instance, our amplifier might collect data
at 2 KHz, and we don’t need that type of time resolution when we do our processing,
so we might want to decrease the sampling rates. To do that we are going to use the
“change sampling rate” under the “TOOLS” section and that will allow us to change
the sampling rate. Also, what’s important to know (and we’ll see that next when we
talk about filtering the data), when we apply and when we change the sampling rate,
EEGLAB will automatically filter our data at half to sampling rate, so if we resample
the data at 256 Hz, it’s going to low-pass the data at 128 Hz.[19]
5.4. Filter Data:
We’ve imported the data, import the events and channels, re-referenced the data
and down-sampled it , and now we’re at this stage to high-pass filter the data, when we
import data, the first thing we want to do is to look at our data, and to do that we will
plot our channel data where we can see our channels labels, and if we see an “DC offset
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channel” we remove it before we apply any filtering because if we don’t, it’s going to
create artifacts at the beginning and end of the signal. After removing the DC offset
and the removing the baseline we are ready to filter the data. The main reason to highpass filter the data is to remove slow, possibly large amplitude drift, and to filter the
data we go to tools and we choose the section “filter data” which will give us a window
after we click on it to set our filtration setup, there are different filters that we can use
, however we usually go with the basic one “Linear filtering ”, on the filtering interface
we can define the high-pass limit (the lower edge of the frequency pass band) [20] , so
for instance we want to remove everything that’s below 0.5 Hz, however the type of
limit we would enter depends on the type of data we are processing, and since we are
going to use independent component analysis (ICA) to remove artifacts where (ICA)
is very sensitive to lower frequency shift, we need to set that number relatively high at
0.5 Hz to apply this algorithm, however if we want to process event related potential,
this might be too high, so we still might want to high-pass filter the data, but maybe at
0.1 Hz. If we want to do both event related potential and apply (ICA), in that case we
can apply (ICA) on a version of data that’s filtered, and then apply the (ICA) solution
on a version that’s not filtered. We have also the option to select channel types or
indices, for instance if we have channels like respiration, muscle contraction, or heart,
we might not want to filter these channels, so we can select which channel we want to
filter, and then we can “Plot the frequency response” to see the results of our filtering.

Figure 46 : High pass filter

Figure 47 : Low pass filter

The Figure(46) is the filter response for high-pass filter at 0.5 Hz, because of the
scaling, we don’t really see the frequency response at very low frequency at 0,5 Hz,
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but we see the phase response that’s linear. The Figure(47) is a low-pass at 50 Hz (so
filtering everything above 50 Hz), we can see the frequency response, the magnitude,
and the phase shift, and for the phase shift we don’t have to worry about even though
it’s a linear filter, and it does introduce a phase shift, the filters in EEGLAB are applied
in both directions, first forward and then backward, so this cancels any phase shift,
whether the filter is linear or nonlinear.
There are other options, there is this plugin that’s called “clean line” which uses
an approach for line noise removal advocated by “Padha Mitra & Hemant Bokil”, and
this plugin works by trying to find the sinusoid which corresponds to line noise, and
then subtracting that sinusoid, and there is a lot of data processing behind that. Using
“Clean Line” plugin give us a fluid ability to control our data, for instance we can
choose the line noise frequencies we want to remove like for example [60 Hz & 128
Hz], which is the harmonics, we have a sliding window length setup to 4 by default so
“Clean line” tries to find a sinusoid that’s stable in a four-second window, and then
slides the window a little bit, and applies a method to interpret the sinusoid between
the different windows, so for instance if our signal is very unstable, we might want to
select shorter windows. The Figure(48) is 0.5 Hz high-pass filter, what we see is an
example presenting the continuous data of one channel location , we just filter at very
low frequency, and we can see clearly the 60 Hz, this line noise is present and it’s very
sharp. Now we took the same channel and we apply a 50 Hz (linear) low-pass filter
(Figure 49), we see that 60hz is attenuated, but it’s not completely removed, and if we
use “Clean line” (Figure 50) we can see that the spectrum is not affected except at 60
Hz, where the line noise is removed.[21]

Figure 48 : 0.5 Hz high-pass filter

Figure 49 : 50 Hz low-pass filter

Figure 50 : Clean line
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5.5. Visualizing data & examination for artifacts:
In this part we will talk about how we examine our data and looking at artifacts.
So, we have just finished filtering our data and now we will examine the raw data,
there is two ways to do that in EEGLAB, we can do it by scrolling our channel data or
using the “Reject data by eye” and both menus actually have the same functions. Using
these menus, we can see our data (Figure 51), so first we have “settings”, this is where
we set the times, the number of channels we want to see, whether we want to display
events or not, we have the edit box where we can see where the beginning of the data
is pointing to, it can also be when we’re visualizing data epochs, we can also do EEG
scaling up and down, and then we have event markers, in this example (Figure 51) we
have two type of events, we have “Square” (stimulus) and “RT” (reaction time), we
can also see some alpha waves very clear in yellow.[22]

Figure 51: DATA visualization

So, what kind of artifacts should we look for? & Why we look for artifacts? Well,
the amplitude of artifacts, such as eye movements, is often larger than the amplitude of
brain data, which could potentially decrease signal-noise ratio, and bias data analysis
and potential results when we process our data, for instance as we see in (Figure 52),
we see background EEG data and blinks, we can see the amplitude of a blink is an
order of magnitude higher than the underlying brain data.
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Figure 52 : blinking spectrum

There are many types of artifacts, here (Figure 53) we are just representing a couple,
for instance we can have high-frequency artifacts, these can be muscle, especially over
temporal electrodes, we can have low frequency, for instance eye movements or even
when the eyes are closed we can have eye-rolling, we can have a discontinuity in the
signal we call it a “Jump” which are just artifacts of the amplifier, we can have high
noise and that’s not muscle, it’s just electrical noise, and we can also have a linear drift
in our data.

Figure 53 : Artifacts

The other thing we might want to do is look for bad channels, sometimes we can see
some bad channels in our raw data which is better to remove them and that’s one of the
key steps, there is no universal method for cleaning EEG data, so we have to look at
our data and familiarize ourselves with what kind of artifacts some methods removes?,
and what are the true artifacts we would want to remove?
5.5.1. Removing bad channels:
We were just examining the raw data and now it’s time to identify and reject bad
channels. To reject bad channels, first we need to remove channels which are not
supposed to be in the data, to do that that we go through selecting our data, in most
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amplifiers, sometimes we don’t have all of the channels hooked up, they might record
additional channels, which we would want to just ignore because they’re flat and they
don’t have data.
After removing the flat data, we can visualize the data and see which channels we want
to remove and to do so it is better to use the channel spectra and maps tool available in
EEGLAB, because we can see at once with the channel spectrum if the channel is bad
or not. In the Figure(54) we can see that we have a lot of channels, we can see that we
have some alpha power but we have a lot of artifacts channels, so we can select them
and after we know them we can remove them and re-plot this trace to check that these
disappeared.

Figure 54 : channel spectra and maps

Another way to reject channels is using “Channel properties”, so for example we will
plot the properties for channel 3 and 31 (Figure 55), looking to the range of the channel
31 and the channel 3 we can clearly see that channel 31 is a good channel so we keep
it and the channel 3 is bad because it has big range that goes from -3722 to +3722
microvolts (uV) so we remove it.[23]

Figure 55 : channel activity power spectrum

There are also methods for automatic channel rejection, we will mention two, the
Automatic channel rejection, this method allows us to decide which electrode(s) we
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want to remove, and then we can use two measures, one is “Probability” and one is
“Kurtosis”, when we use “Probability” it is going to find the channels which have
improbable activity compared to the other channels, and when we choose “Kurtosis” it
is going to compute the kurtosis of each channel and find the outliers and it uses the
standard deviation as outliers, and it will tag which channels are bad. Another method
is called “Clean-rawdata”, it is one of the extensions of EEGLAB and it also allows us
to detect bad channels using other metrics. When we select one of these methods, it
might show us (Figure 56) this is the bad channel I’ve detected, and will ask you if you
want to reject it or not.

Figure 56 : bad channel detection

In EEGLAB, removed channels are not only labeled for rejection, they are
actually removed from the data this is why it is important to save our data at different
steps.
There is also the option, instead of removing channels, of interpolating channels so we
can say “Interpolate electrodes  select from data channels”, we can select for instance
we don’t want to remove “F6” so I just want to interpolate it, and that is an option for
technical reasons because when we want to run independent component analysis (ICA)
it is better not to remove data channels but better to interpolate them, and then they can
be interpolated later on when we do group analysis, there are automated methods that
just search and find the channels which need to be interpolated automatically. We
usually don’t interpolate channels because we are going to run (ICA) and interpolating
channels can interfere with (ICA).[24]
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CHAPTER 6. INTRODUCTION OF INDEPENDENT COMPONENT
ANALYSIS (ICA)
6.1. ICA ( Independent Component Analysis)
ICA ( Independent Component Analysis) : is a signal processing method to
separate independent sources linearly mixed in several sensors.
The ICA help to get the signals in a way to understand it and can read it clearly , we
use the ICA since the signals coming from the cortex can affect not only one electrode
but his neighbors also and this will be a problem first to read the signals in an
understandable way and also to decompose it.[25]

Figure 57 : illustration on how the electrodes receive the signals

Figure 58 : illustration on how ICA works

ICA is method to recover a version ,of the original sources by multiplying the data by
a unmixing matrix.
U = WX
X  is the data (channels x time)
U  are the ICA source activities(component x time)
W  is the ICA unmixing matrix(components x channels)
While “PCA” (PRINCIPAL COMPONENT ANALYSIS) which we will be also
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talking about it next when we compare it with “ICA” is simply decorrelates the outputs
(using an orthogonal matrix W), ICA attempts to make the outputs statistically
independent, while placing no constraint on the matrix W.

Figure 59 : example of how the ICA works

6.2. Explanation of the ICA and PCA differences
It is easy to explain what both “ICA” & “PCA” do and what is the difference
between them, below (Figure 60) is showing what “PCA” is actually doing.

Figure 60 : PCA

So here in the (figure 60), we see two variables plotted using “PCA” (principal
component analysis), and what “PCA” is going to do is to find the axes along which
the projection of the data on these axes has maximum variance so that the first and the
second axes will be perpendicular.
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Figure 61 : ICA

While on the other hand (Figure 61) we see two variables plotted using “ICA”
(independent component analysis), and what “ICA” is going to do is to find the
projection of data point that are maximum independent, so it’s going to find the axis
which the data is maximum independent.
6.2.1. Conclusion (PCA & ICA )
While PCA simply decorrelates the outputs (using an orthogonal mixing matrix)
, ICA attempts to make the outputs “STATISTICALLY INDEPENDENT”, while
placing no constraints on the mixing matrix. And by multiplying by the unmixing
matrix we can recover the activity of this sources.
6.3. The Central Limit Theorem

Figure 62 : How ICA works

Here (Figure 62) is how ICA works , so if we have some time series (EEG) and
we can imagine this is a brain source across time (Brain source A), what we can do
with this source is that we can artificially put a grid on it and count number of values
in each of these rows and build a histogram, and if we have a smooth version with a
small bin, this is called the probability density distribution, now imagine we have a
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second electrode and a second source (Brain source B) but what we record on the scalp
is really a mixture of these two sources assuming there’s no other sources active in the
brain.[26]
So, we record the first scalp channel and a second scalp channel which are by
definition a

mixture

of source

“A”

and

“B”,

and

in this

case,

for

electroencephalography the best approximation is a linear mixture, and this is perfectly
adapted for ICA.
The central limit theorem It tells us that the mixture of this source if we take an
infinite number of this source (A,B,C,….) and these are independent of each other, and
then the mixture is going to convert to a gaussian distribution, and it starts from the
sculp channel and then it is going to rotate axes in a multi-dimensional space so it has
to make the projection as non-gaussian as possible in order to recover the sources, and
this is better illustrated in this diagram here (Figure 63).

Figure 63 : Central limit Theorem

This is not very realistic for EEG sources, but here (Figure 63) we have two axes and
two variables, and the first step is to normalize on each axis, so that’s a process that’s
called “WHITENING” and the Blue histograms on the sides are the projection of the
data and the red arrows are the axis of the data, and what ICA is going to do is to rotate
these axes so it has to make the projection on these axes as independent as possible.
6.4. Explanation of the entropy and how it works
As we understand from the central limit theorem there will be a rotation of the
axes and to rotate these axes which will make the projection on these axes as
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independent as possible, we need to maximize the entropy along the axis and joint
entropy because joint entropy is related to Mutual information, and to do so we will be
calculating the entropy’s using the following mathematical formulas and examples
shown below.

Figure 64 : Entropy

This is the calculation of the entropy (Figure 64), this is for example a dice that can
take a value of 1 to 6 and it is uniform, the probability of each face is 1 over 6, using
the “Shannon formulas” for calculating entropy we get 2.58.

Figure 65 : face dice entropy

Now imagine we have a fake dice (Figure 65), we see that it is less uniform and the
entropy is going to be lower, so the more uniform the more random and the higher the
entropy, and that’s what we are going to try to maximize in that case, and we’re not
going to simply maximize the entropy on each axis, we’re also going to maximize the
joint entropy because the joint entropy is related to mutual information which is as
shown in (Figure 66) the entropy of first process plus the entropy of second process
minus the mutual information between the two.[27]
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Figure 66 : entropy types

It is very similar to calculate the entropy, for instance if we have a table here (Figure
67) with our behavioral measures, it just asking people how stressed they are and how
many emotional events they had is a given day, and then we can see this contingency
table where have 19 people in this cell, 4 people in the next and so on, what we can do
is that we can calculate the probability for each of these cells as it is represented in
(Figure 68) and then we use “Shannon definition” of joint entropy to calculate the sum
of probability times the log of a probability of each cell to get a specific number

Figure 67 : Contingency table for stress and emotionality

Figure 68 : Contingency frequencies of stress and emotionality

6.5. ICA Learning Rule
So, what about the ICA learning rule, how to make output statistically
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independent? The goal could be to minimize their redundancy or mutual information,
if we look at the formula we had before where the joint entropy is equal to the entropy
of the first output plus the entropy of the second output minus the mutual information,
so if we want to minimize the mutual information, we can maximize the entropy and
that’s exactly how info-max ICA works, so the mutual information is zero if the two
variables are independent, the learning rule is to change the weight matrix to changed
rotation on the axes in order to maximize the entropy and find an entropy extremum
and then there is another term in the inf-max learning rule which is called “natural
gradient” of Amari and that’s a rescaling factor that helps the weight matrix to converge
faster (Figure 69).[28]

Figure 69 : ICA learning rule
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CHAPTER 7. APPLYED ICA TO EEG DATA
First we need to explain the concept of Super-Gaussian versus Sub-Gaussian
sources, so if we have a source that’s perfectly gaussian, it has a “KURTOSIS” (“
KURTOSIS” : is a measure of how peaked or flat of a probability distribution is) of
zero, if we have a source that’s Sub-Gaussian then it has a kurtosis less than zero, and
if we have a biological source it’s usually a very peaky distribution like EEG and it’s
called a Super-Gaussian source.

Figure 70 : Kurtosis categories

Figure 71 : Kurtosis law

When we apply “ICA”, on the left of the (Figure 72) we have a type of SubGaussian source for EEG data, EEG data is Super-Gaussian so it would look more like
what’s on the right of this (Figure 72), and when it looks like this (the axis of the source)
we need to apply a transformation so we pass the distribution through a non-linearity
and so we can transform this source into a source which we can calculate entropy as
we showed in the previous part, once we do that we can recover the original axis for
the source. The only difference here is that we apply, we compute the probability
density distribution and we apply this non-linearity before calculating the entropy.[29]

Figure 72 : sub gaussian and supper gaussian
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In the (Figure 73) we have two channels and the EEG signal through time, when
we apply the logistic transform we can see that it fills of the square and most of the
surface and we can calculate the entropy and we have a relatively uniform distribution
when we look at these two components “Pmp & P3b”.

Figure 73 : EEG signal through time

Numerically (Figure 74) we have the EEG data and the ICA activity and we
calculate the weight matrix which is the ICA matrix, and it works as follow, we have
the data, we do a simple matrix multiplication then we obtain the ICA activity, we can
also do the inverse way too if we have to and what is interesting is if we look at the
column in red circle in the invers weight matrix we get the scalp topographies , and by
zeroing out the ICA activities of some artifacts to our component we can remove these
artifacts from the EEG data.

Figure 74 : weight matrix

7.1. ICA / EEG Assumptions
 Mixing is linear at electrodes
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 Propagation delays are negligible
 Component time courses are independent
 Number of components less than the number of channels
7.2. Characteristics Of Independent Component Of The EEG
 Artifacts
 Stimulus-locked activity
 Response-locked activity
 Non-phase locked activity
 Event-modulated oscillatory activity
 Overlapping maps and spectra

Figure 75 : a plot that shows the EEG data using ICA decomposition

7.3. Removing ICA Component Artifacts In EEG

Figure 76 : Decomposition of EEG data into independent components
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 On the left we have EEG data.
 We apply the unmixing matrix “W”(it is the ICA).
 We get the composition which time course of components times the scalp
topography of the components.
 The original data is equal to the sum of this activation.
 We can see the first one on top is the BLINK.
 The dotted line vertical indicate the stimulus line.
 The second one shows the P300 component they are some real brain activities.
 The third one likely represents oscillations (ALPHA OSCILATION) in the
occipital area.
 The 4th one represents muscular activities , they are very high frequency.
 It is better in our case to remove the IC1 and IC4 and we do that by simply
zeroing their activities and then apply the invers transformation to get back the
data without these artifacts.

Figure 77 : ICA-based artifact removal

7.4. Alternate Approach To Removing Artifacts (looking at artefact task
related activity)
Here for example we are looking at gamma power above 25hz in meditator
verses control, in the results the meditators average is higher gamma power then
controls.
The issue with gamma power that it can be muscle it is very hard to say it is not a
muscle even we use ICA to remove so how do we know that it is not a muscle?
To do that we are going to do exactly what we did before, we are going to apply the
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same analysis to the artifacts ICA component as shown in the plot below (Figure 78).
What we found is that had no difference what so ever between meditators and
control when we apply the gamma analysis to the artifacts , so if it was muscle most
likely when we apply the analysis to the component we would find the same differences
and that is not what we see above , so it give us a confidence that the original difference
we sow was likely to the brain activity and not muscle activity.[30]

Figure 78 : Artifact gamma power

7.5. Source Localization Of ICA Components
We have our electrodes and then when we use ICA we get our component and
from component we get time series and topographies , with the topography we can do
source localization.
Here I show two different type of source localization , we can use dipoles which
are simple point light in the brain, and we can use also destitution source reconstruction
such as LORETA.
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Figurer 79 : ICA and lotera source localization

7.6. Patch Of Cortex Acting As a Dipole
If you imagine a neuron in the brain , it can be model as a di[le , so it has a plus
and minus polarity and there is an electric field, and if we have many of neurons the
electrical field will be summed up and seen on the surface of the scalp (Figure 80) and
when we apply this on the ICA topography we get (Figure 81) and we can project these
back inside the brain and it is very useful because we can assess the biological
plausibility of these components and to do this we need to compute what we call “the
residual variance”.

Figure 80 : electrical field upon the scalp

Figure 81 : scalp topography

67

7.7. The Residual Variance

Figure 82 : the residual variance

On the (Figure 82) on left we have the actual data and on the right we have the
Dipole projection and what we are going to do to see if the ICA component can be
modeling a single dipole we are going to subtract the two map and see what left and
physically this is called the residual variance , if the fit is really good then the residual
variance is very low (a number between 0 and 100 %) and if it is bad then it means the
residual variance is very high.[31]

Figure 83 : residual variance percentage

These (Figure 83) are examples of what we call good and bad components , so
you can see on the top of the scalp has 1% residual variance. So, it means the dipole,
the single equivalent dipole models 99% of the scale topography of these components.
Then we have 1 with 2%, 4%.... and we can see that as we reach 84% the component
scalp topography will look like a checkerboard, so it can’t really be modeled using a
single dipole. So that’s why there our variances are very high.

68

7.8. ICA Algorithms Performance Well & Measurements
To assess if the ICA algorithms are performing well, we use two measures:
7.8.1. Mutual Information Reduction (MIR)
For the linear transformation (y = Wx) , the entropy of the vector y is given by :

The mutual information I(y) is then :

Basically, we have the entropy, so the joint entropy of Y , which is the ICA
decomposition, is equal to the log of the determinant of the weight matrix, so that’s the
ICA weight matrix, plus the entropy of X, which is the channel data.
If we looked at the mutual information of the ICA components, we can decompose
that further into the univariate entropy of every single component minus the joint
entropy of all the components. And if we replace the joint entropy of all the components
with the log of the determinant and plus the entropy of X, we get the second equation
mentioned above and It becomes interesting when we look at this measure.[32]
The mutual information reduction (MIR), i.e. the amount of mutual information
removed from set of channels , is given by :

We start from the channel space, we end up in the component space. How much
were we able to reduce information?
So, we subtract the mutual information of X channels minus the mutual information of
the components, and what we get is that we just use the formula above which they are
highlighted bellow, basically we get the mutual information of the channels minus the
mutual information of the components.
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And what is very interesting here is that the part that’s really hard to calculate, which
is the joint entropy of the channels, are cancels out.

And what’s left is the log of the determinant of the weight matrix, which is relatively
easy to calculate, as well as, univariate entropies, here on the bottom, which are also
easy to calculate if you have the probability density distribution of the channels and the
components, you can easily calculate these measures .

And now we can calculate mutual information reduction for every single ICA
decomposition.
7.8.2. PMI – Pairwise Mutual Information
This measure doesn’t calculate all, does not consider all the higher-order joint
entropy between components. It’s just sticking to second-order entropy.

,
As you can see mutual information between two components is the entropy of the first
one plus the entropy of the second one minus their joint entropy and The remaining
pairwise mutual information , when we have lower values, we have more dipolar
components.[33]
7.9. Demonstration On How To Train The Neuro-Network
Below the two pictures explain how the neuro-network is trained in order to
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receive the results shown in the images above, using scalp topography, the power
spectrum, the auto correlation between components.

Figure 84 : ICA Training of The Neuro-Network

We also compared with other algorithms. There’re actually different methods to
reject components, and most of these algorithms, which are listed below.
This method has the most classes of components and also is one of the most efficient.

Figure 85 : training of the neuro-network

Figure 86 : some of the algorithms that has been used
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7.10. ICA and Visualization Components
7.10.1. How to pre-process the data?
 First, we need a good data , it means we acquired with low impedance.
 Remove large erratic artifacts (like the head movement).
 Having enough data , it means if we use a rule of thumb is that we should have
20 times more data, the square of our number of channels data points, for
example if we have 30 channels so that’s 30 times 30, that’s about 900, about
thousand, so it is better to work with about 20.00 data point (about 20 x 900),
that’s our rule of thumb.
 High-pass filter to remove slow drifts (0.5 Hz), and sometimes 1Hz when the
data is low quality or sometimes 2 Hz , and even if we filter our data at this very
high frequency we can always use the ICA decomposition as a special filter and
then apply it back to our original data.
 Remove bad channels.
 Use the double precision , it is the precision of the numbers in memory (this is
taking care of automatically by the function which run ICA).
After running the ICA decomposition to our data, we get the following information,
which are the learning rate, the weight change between each step and the angle delta
degrees (Figure 87).[34]

Figure 87 : ICA decomposition

And when it ends we can receive the ’ICAACT’ which are the activities of the
ICA components, also the ‘ICAWINV ’ inverse weight matrix, which contains the
scalp topographies, there is also the sphere and the weight matrix and the relation is
that the invers weight matrix is the pseudo invers of the weight matrix times the sphere
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matrix (Figure 88).

Figure 88 : ICAACT

At this point we can plot our topography to check if it is good (Figure 89).

Figure 89 : ICA topography

Below are the scroll component activities, we can see that we have some unwanted
signals like eye blinking, we can easily remove them because we can see them clearly
and that mean ICA did a good job (Figure 90).

Figure 90 : the scroll component activities

We will try to plot our component properties which help us analyze the data deeper
(Figure 91).
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Figure 91 : component properties

After looking up to the topography plots and analyze them , we use the ICA probability
algorithm which give us based on our data how much percentage of brain activities we
have (Figure 92).

Figure 92 : Percentage of the brain activities

The best once is number 5, 6 & 7 it was also another topography plot but it detects 68
% of muscles activity so we remove it , however the topography plots number 1,2,3,4
we didn’t reject them since they may still contain some brain activity. We can see that
ICA1 ICA3 contain some Eye activities. So, we can remove them later to have a net
brain activity. Using the ICA decomposition, it shows us that ICA 2,5,6 & 7 are in the
alpha rhythm.
7.10.2. Looking At The Brain Components Using (ERP)
The best way to look at the brain components is by using ERP component in a
rectangular array. So, let’s see how it will work and we will analyze our output.[35]
After selecting the plotting time range ([-500 , 1500 ] ms) and the scalp map latencies
([112 380 ]) , the setting we put is optional and based on what we want to see at a
specific point ,we get this:
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Figure 93 : ERP [-500, 1500 ] ms

We get the ERP at each channel and the scalp topography at the latency that we’ve
selected, So what we see is EEG’s and the peaks here are sometimes called ERP
components so not be confused with ICA components.
Now we will look to what we call the data envelope (we will just use one channel
here ), it is mean the max trace at each latency, you can see it here bellow.
In the plot bellow you may see the black line which is the data envelop and the red line
is showing the IC Envelope, it is the envelop of this trace of components, and here we
can see that this component accounts for most of the activity but not the activity at the
other latency, and we can calculate how much it contributes with a given time window
on the ERP, this is what we call the percentage variance accounted for , so in this case
it’s 52.12%, and the variance PPAF is the variance of scalp EEG accounted for by this
component .[36]
What we see is the scalp ERP peaks are often the sum of multiple independent source
processes.

Figure 94 : the ERP envelope

This is very useful to look at individual subject data and then guide our analysis at
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the group level, we would look at a couple of subjects and find some regularities, and
then we can look at the group level and cluster components and look at cluster of
component contribution to the ERP.

Figure 95 : group level and cluster components
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CHAPTER 8. RESULTS - ANALYZE OF THE EEG DATA USING A
PROTOCOL
8.1. The Protocol
We were using a protocol that has two parts, first part is a real motion, and the
second part is an imaginary motion. This protocol has been done for the right hand and
again for the left hand. The protocol contains a buzzer alert so that the subject will
know when the action must be done. 3 buzzer beeping in 3 seconds where in each beep
the subject close and open his/her hand, following with another 3 beeping in 3 seconds
where in each beep the subject tries to imagine the closing and opening of his hand.
The goal of this experiment is to reach the lowest frequency of the brain activity in
order to captive the cortex motoric activity, the experiment has been done many times
in a certain condition such as : a quiet room, the other devices that can affect the signals
were off or in the plane mode, the subject must be ready and relaxed.
8.2. Subject number #1 (Test & Results)
Right hand with protocol
In the following study we will analyze the data that we have recorded using a
08-channel cap.

Figure 96 : the channel location (Right hand)
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8.2.1. Detection of the motions using the channel activity scroll:

Figure 97 : channel activity scroll (real motion (Right hand))

We can see that in the second 7 the motion was detected in the channels {C3,F3,F4} ,
the amplitude of the motion is increasing in the second 8 with the appearance of the
motion in the channel {P4}. In the second 10 we can say that the amplitude of the
motion is high and the channel {C4} has detected it too.
For the imaginary part it was hard to detect at the first recording trail, it is because at
the beginning the subject is not in fully concentration. However, after several try’s we
start to see some sort of constantly time range with almost the same amplitude repeating
itself, that we did not see at the beginning.

Figure 98 : channel activity scroll (imaginary motion (Right hand))

From the two above graphs we can see that after the real hand movement there are
some action happening and since the following action in our protocol was an imaginary
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motion then we can consider these graphs containing an imaginary motion.
8.2.2. Analyzing the data using the ICA (independent components
analysis):
The first think we do is plotting the channel properties to see if it can show us
the correct channels where the motion activity was exactly. The plot below shows us
which channels are active. We can see that all the channels did a good job capturing
our motion except the channels {1/O1 , 2/P3 , 8/O2}.

Figure 99 : Activity power spectrum (Right hand)

Now we will use the ICA (independent components analysis) and we will plot the
component scroll properties.

Figure 100 : ICA scroll (Right hand)

When we plot the component scroll after running the ICA algorithm we see that the
motion is shown clearly in the component number 1 (IC1), however it is also shown in
the components number (6 & 7 & 8) but smaller amplitude.
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Figure 101 : (ICA- Labels) probability of brain motions (Right hand)

When we plot the ICA-Labels we see the classification of or data like it is mentioned
above, the component IC1 (1) and IC6 (6) is classified as a muscle activity and that is
true since the motion is (opening and closing of the hand) IC7 is a lateral eye motion
and we can explain this because the subject was closing her/his eyes during the whole
test time, the reason of why the subject did the test with his/her eyes closed is we to
increase the output motion of the imaginary part. what is interesting is that the data
rhythmic is in the range of alpha rhythm and that is good because it allows us to see
clearly the activities of the brain upon a deep level.
8.3. Subject number #1 (Test & Results)
Left hand with protocol
We did everything as for the right hand however we go further this time because
the recording was almost perfect for the left hand.

Figure 102 : channel activity scroll (Left hand)

Now we want to plot the channel spectra to see which channels have some similar
activities. From the channel spectra we can see our hand motion activity is shown
clearly in almost all channels except O1 and O2 .
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Figure 103 : activity power spectrum (Left hand)

Figure 104 : activity spectrum plot-based on our channels (Left hand)

Figure 105 : ICA classification scroll (Left hand)

Now We will use the ICA classification to see what type of data is here because it is a
bit different from the first one that we got, and this one contains many wrong activities
so we need to process it.

Figure 106 : (ICA- Labels) probability of brain motions (Left hand)

If we look to the component scroll and the components properties we can easily see
where our motion activity was.
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Figure 107 : activity spectrum plot-based on our components (Left hand)

Now we will use the IC artifact classification (MARA algorithm) to see which
component that contains high level of artifacts and to get a deep analysis upon the brain
activities.

Figure 108 : IC artifact classification (MARA algorithm) (Left hand)

Using the MARA classification, we can see that the component IC(1,2,3,4) have the
highest level of artifacts , which we can say that was because they contain the most
activities that are coming from the muscles.
However , what is interesting is that in the component IC5 and IC7 , we can see from
the MARA spectrum and IC-label spectrum that in between the frequencies of [ 20HZ
- 30HZ] & [40HZ - 60HZ] we have almost the same shape of peaks that existed in IC4,
and from the topography of the IC5 component we can see that is it detected up on the
cortex phase, the probability that shows the brain activity in IC5 is low (22.9%) and
the probability that shows the muscle activity is high (37.9%), also at the component
IC7 we can see the same thing (a pick at the same interval of frequencies ) with artifacts
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that are almost zero and the probability that shows how much of brain activity is
involved is quite high (70.2%), while there is a muscle activity too with a percentage
of (9%), from the observation and compression between the spectrums of both
classification algorithms (MARA & IC-LABEL) and with the help of the probability
results we can say that the components that captured our hand motion are [IC4, IC5,
IC6, IC7] where the real muscle motion that is coming from a muscle source are
detected in IC4, IC6, IC5 and IC7 in two different type of frequency [25HZ & 50HZ]
and with different peak level, the reason why we have two frequencies here is due to
the motion how it has been made, which mean it can be strong or weak.
The second observation is that whenever our component involves a percentage of brain
activity as in components [IC5 & IC7 & IC8] the reflection of our hand motion is
represented at the frequency of 10HZ this is clearly explain that the type of motion
detected here is in the imaginary motion category. To understand the information
transfer between our components we need to study the dynamic flow of our motion
between our components in order to localize the parts of the brain connectivity that are
related to the real motion and imaginary motion.

Figure 109 : Topography plots of the components that shows a relation in between (Left hand)
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CHAPTER 9. SOURCE INFORMATION FLOW TOOLBOX (SIFT)
9.1. Introduction
The study of human brain connectivity generally falls under one or more of three
categories: structural, functional, and effective (Bullmore and Sporns, 2009).[37]
9.1.1. Structural connectivity
Denotes networks of anatomical (e.g., axonal) links. Here the primary goal is to
understand what brain structures are capable of influencing each other via direct or
indirect axonal connections.
9.1.2. Functional connectivity
Denotes (symmetrical) correlations in activity between brain regions during
information processing. Here the primary goal is to understand what regions are
functionally related through correlations in their activity, as measured by some imaging
technique.
9.1.3. Effective connectivity
Denotes asymmetric or causal dependencies between brain regions. Here the
primary goal is to identify which brain structures in a functional network are (causally)
influencing other elements of the network during some stage or form of information
processing. Often the term “information flow” is used to indicate directionally specific
(although not necessarily causal) effective connectivity between neuronal structures.
9.2. SIFT
Is an open-source Matlab (The Mathworks, Inc.) toolbox for analysis and
visualization of multivariate information flow and causality, primarily in
EEG/iEEG/MEG datasets following source separation and localization. widely used
for electrophysiological data analysis. There are currently four modules: data
preprocessing, model fitting and connectivity estimation, statistical analysis, and
visualization. First methods implemented include a large number of

popular

frequency-‐domain granger-‐causal and coherence measures, obtained from
adaptive multivariate autoregressive models, surrogate and analytic statistics, and a
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suite of tools for interactive visualization of information flow dynamics across time,
frequency, and (standard or personal MRI co-‐registered) anatomical source
locations.[32]
Toolbox Name

Primary
Author

Release

Granger Causality
Connectivity
Analysis (GCCA)
Toolbox
Time--‐Series
Analysis (TSA)
Toolbox

Anil Seth

2.6.1

Alois
Schloegl

3.00

E--‐Connectome

Bin He

1.0

Website

License

http://www.informatics
.sussex.ac.uk/users/anil
s/index.htm
http://biosig-‐
consulting.com/matlab/
tsa/
http://econnectome.um

GPL 3

GPL 2

GPL 3

n.edu/

Brain--‐System for
Multivariate
AutoRegressive
Timeseries
(BSMART)

Jie Cui

beta

http://www.brain-‐
smart.org/

-‐-‐

Table 1 : A list of free Matlab-based toolboxes for connectivity and graph-theoretical analysis in
neural data.

9.3. Multivariate Autoregressive Modeling
Assume we have an M-‐dimensional time-‐series of length T (e.g., M
channels of EEG data, with T time points per channel): X : x1 xT where xt  [x1t xMt
] . we can represent the multivariate process at time t as a stationary, stable vector

autoregressive (VAR, MVAR, MAR) process of order p (Henceforth we will denote
this as a VAR[p] process):

…………………………………………(Eq 2.1)
Here v  [v1 vM ] is an ( M x 1) vector of intercept terms (the mean of X), Ai are (M
x M) model coefficient matrices and ut is a zero-mean white noise process with
nonsingular covariance matrix  .
9.3.1. Stationarity And Stability
We assume two basic conditions regarding the data X and its associated VAR[p]
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model: Stationarity and Stability. A stochastic process X is weakly Stationary ( or widesense stationary [WSS]) if its first and second moments ( mean and covariance) do not
change with time. In other word E(xt )  for all t and E[(xt  )(xt h  )]  (h)  (h)for
all t and h=0,1,2,… where E denotes expected value. A VAR[p] process is considered
Stable if its reverse characteristic polynomial has no roots or on the complex circle.
9.3.2. The Multivariate Least-Squares Estimator
A parametric VAR model can be fit using a number of approaches including
multivariate least--‐squares approaches (e.g., MLS, ARFIT), lattice algorithms (e.g.,
Vieira--‐Morf), or state-space models (e.g., Kalman filtering [33]). Here we will
briefly outline the multivariate least-‐ squares algorithm (multichannel Yule--‐
Walker) and encourage the interested reader to consult (Schlögl, 2000; Lütkepohl,
2006; Schlögl, 2006 [34]) for more details on this and other algorithms (several of
which are implemented in SIFT).To derive the multivariate least-squares estimator, let
us begin with (Figure110):

Figure 110 : The multivariate least-squares estimator definitions

Our VAR[p] model (Eq 2.1) can now be written in compact form :
X  BZ  U…………………………………………………………………(Eq 2.2)
Here B and U are unknown. The multivariate (generalized) least-squares (LS, GLS)
estimator of B is estimator B̂ that minimize the variance of the innovation process
(residuals) U. It can be shown (Lütkepohl, 2006) [35] that the LS estimator can ne
obtain by:
B̂  XZ (ZZ ) 1 …………………………………………………....(Eq 2.3)
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9.3.3. Frequency-Domain Representation
To obtain our frequency--‐domain representation of the model, we begin
with our VAR[p] model from (Eq 2.1). For simplicity, we will assume the process
mean is zero:

Rearranging terms we get :

Where Âk   Ak and Â0  I
Z-transforming both sides yields: U ( f ) = A ( f ) X ( f ) where

multiplying by A( f )1 and rearranging terms we obtain:
X ( f )  A( f )1U ( f )  H ( f )U ( f ).
Here X ( f ) is the ( M x M) spectral matrix of the multivariate process, U ( f ) is a matrix of
random sinusoidal shocks and A( f )1  H ( f ) is the transfer matrix of the system. Note that
H ( f ) transforms the noise input (U) into the structured spectral matrix.

Figure 111 : Schematic od sliding-window AMVAR modeling. W is the window length, T is the
length of each trial in samples, N is the number of trials

9.4. Model Order Selection
Parametric VAR model fitting really involves only one parameter which is the
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Model Order. [36] The most common approach for model order selection involves
selecting a model order that minimizes on or more information criteria evaluated over
a range of model orders. The most used information criteria include, Akaike
Information Criterion (AIC), Schwarz-Bayes Criterion (SBC) known as the Bayesian
Information Criterion (BIC) – Akaike’s Final Prediction Error Criterion (FPE),
Hannan-Quinn Criterion (HQ). A detailed comparison of these criterion can be found
in the paper of (Lütkepohl, 2006 [38] ). In brief, each criterion is a sum of two terms,
one that characterizes the entropy rate or prediction error of the model, and a second
term that characterizes the number of freely estimated parameters in the model (which
increases with increasing model order).[39]
ESTIMATOR
Schwarz-Bayes Criterion
(Bayesian
Information
Criterion)
Akaike
Information
Criterion

FORMULA

Akaike’s Final Prediction
Error
And its logarithm

Hannan-Quinn Criterion
Table2 : Information criteria for model order selection. Here Tˆ  TN is the total number of samples
(Data points) used to fit the model [40]

9.5. Model Validation
SIFT implements three commonly used categories of tests: (1)Checking the
residual of the model for serial and cross-correlation (whiteness tests), (2)testing the
consistency of the model, (3) check the stability/stationarity of the model, these can be
accessed through the SIFT GUI using the validation option.[35]
In the first test we have to go through what we all Autocorrelation Function (ACF) test
and since the simple asymptotic ACF test may yield misleading results when the
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coefficients are considered independently rather than as a group we jump to the
Portmanteau tests since they are powerful and SIFT implements three portmanteau test
statistics : Box-Pierce (BPP), Ljung-box (LBP), Li-McLeod (LMP).

Portmanteau Test
Box-Pierce (BPP)

Formula(Test Statistic)

Ljung-‐Box (LBP)

Li-‐McLeod (LMP)

Notes
Is the classical portmanteau
test statistic, it can be shown
that
in
small
sample
ˆ
conditions (small T ) its
distribution under the null
hypothesis diverges from the
asymptotic  2distribution.
The original portmanteau test,
Potentially, overlyconservative. Poor smallsample properties.
Modification of BPP to
improve
small‐sample
properties. Potentially inflates
the variance of the test
statistic.
Slightly
less
conservative than LMP with
slightly higher (but nearly
identical) statistical power.
Further modification of BPP
to improve small-sample
properties without variance
inflation.
Slightly
more
conservative
than
LBP.
Probably the best choice in
most conditions.

Table 3 : Popular portmanteau tests for whiteness of residuals [41]

Table 4 contains a list of the major spectral, coherence, and GC/information flow
estimators currently implemented in SIFT. Each estimator can be derived from
the

quantities S( f ), A( f ), H ( f ). SIFT achieves this using an efficient iterative

algorithm proposed in (Barone, 1987) and based on the doubling algorithm of
(Anderson and Moore, 1979).[36]
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Spectral M.

Estimator
Spectral Density
Matrix

Coherence Measure

Coherency

Imaginary
Coherence (iCoh)

Partial Coherence
(pCoh)

Formula

Primary Reference and
Notes
( Brillinger, 2001) Sii(f) is
the spectrum for variable i ,
Sji(f)* is the cross-spectrum
between variables i and j.
(Brillinger, 2001)
Complex quantity.
Frequency--domain analog
of the cross-correlation. The
magnitude-squared
coherency is the coherence
Cohij(f) = |Cij(f)|2. The phase of
the coherency can be used to
infer lag-lead relationships,
but, as with crosscorrelation, this should be
treated with caution if the
coherence is low, or if the
system under observation
may be open-loop.
(Nolte et al., 2004)
The imaginary part of the
coherency. This was
proposed as a coupling
measure invariant to linear
instantaneous volumeconduction. iCohij(f) > 0
only if the phase lag between
i and j is non-zero, or
equivalently, 0  angle(Cij ( f
))  2
(Brillinger, 2001)
The
partial
coherence
between i and j is the
remaining coherence which
cannot explained by a linear
combination of coherence
between i and j and other
measured variables. Thus,
Pij(f) can regarded as the
conditional
coherence
between i and j with respect
to all other measured
variables.
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Multiple Coherence
(mCoh)
Mii ( f ) is the minor of S(f)
obtained by removing the ith row
and column of S(f) and returning
the determinant.
Normalized Partial
Directed Coherence
(PDC)

(Baccalá and Sameshima,
2001)

Generalized PDC
(GPDC)

Partial Directed Coherence .M

(Brillinger, 2001)
Univariate quantity which
measures the total coherence
of variable i with all other
measured variables.

Renormalized PDC
(rPDC)

R is the [(Mp)2 x (Mp)2]
covariance matrix of the VAR[p]
process (Lütkepohl, 2006)

Complex measure which can
be interpreted as the
conditional granger causality
from j to i normalized by the
total amount of causal
outflow from j.
Generally, the magnitude
2
squared PDC  ( f ) is used.
(Baccalá and Sameshima,
2007)
Modification of the PDC to
account for severe
imbalances in the variance of
the innovations.
Theoretically
provides more robust
small-sample estimates. As
with PDC, the squared2
magnitude  ( f ) is typically
used
(Schelter et al., 2009)
Modification of the
PDC. Non-‐ normalized
PDC is
renormalized by the inverse
covariance matrix of the
process to render a scalefree estimator (does not
depend on the unit of
measurement) and eliminate
normalization by outflows
and dependence of statistical
significance on frequency.
To our knowledge SIFT is
the first publically available
toolbox to implement this
estimator.
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Directed transfer function . M

Normalized
Directed Transfer
Function (DTF)

Full-‐ Frequency DTF
(ffDTF)

Direct DTF (dDTF)

Granger-Geweke . M

Granger-‐ Geweke
Causality (GGC)

(Kaminski
and
Blinowska, 1991;
Kaminski et al., 2001)
Complex measure which can
be interpreted as the total
information flow from j to i
normalized by the total
amount of information
inflow to i. Generally, the
magnitude squared DTF
is used and, in timevarying applications the
DTF should not be
normalized.
(Korzeniewska, 2003)
A different normalization of
the DTF which eliminates
the dependence of the
denominator on frequency
allowing more interpretable
comparison of information
flow at different frequencies.
(Korzeniewska, 2003)
The dDTF is the product of
the ffDTF and the pCoh.
Like the PDC, it can be
interpreted as frequency-‐
domain conditional GC.

(Geweke, 1982; Bressler et
al.,
2007)
For bivariate models (M =
2), this is identical to
Geweke’s 1982 formulation.
However, it
is not yet clear how this
extends
to multivariate models (M >
2).

Table 4 : A partial list of VAR-based spectral, coherence, and information flow / GC estimators
[42]
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CHAPTER 10. USING SIFT TO ANALYZE NEURAL INFORMATION
FLOW DYNAMICS
In this section we will use SIFT (Source Information Flow Toolbox) to go deeper
with the analysis of our data that we obtained during our experimental work upon this
project.
In order to give a mirror of what we have explained in the previous chapter and also to
see which areas in the brain that correspond to our motion made during the recording
of the brain activity.
The main goal of using SIFT in our project is because we want to see how the
parts (components) of the brain are connected between each other during the apply of
a certain motion (in our project the motion that has been used so much is the closing
and opening of the left and the right hand separately), knowing how the flow of
connectivity is happening during the execution of the motion will help us to do a fluid
mapping of that motion, to locate and determine the exactly signal that is produced
directly from the brain for that specific motion.
10.1. Initializations and setups
For better output results and to get the most of SIFT’s functionality it is very
important to do some first setups upon our EEG data , such as Channel Localization ,
Referencing the data (Compute Average Reference ), we need also to separate our data
into sources using Independent Component Analysis (ICA) routines. For the use of the
advanced network visualization tools, it is necessary to localize these sources in 3D
space and to do so we will use the dipole fitting option.
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Figure 112 : initialization and setups

Figure 113 : Head model

Figure 114 : Locate dipoles using DIPFIT

10.2. The experiment and results
After the initialization and the setup of the data we can start using SIFT for
further analyze. For this experiment we will be using two type of EEG data that has
been recorded using the protocol that we have explained previously, we have setup two
type of EEG data first one was the recording of the right hand motion and the second
recording is for the left hand (closing and opening of the hand using the 3 sec(beep)/
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3sec(beep) protocol) the first motion is a real motion followed by an imaginary motion.
Our next step is to process our data using the SIFT analysis pipeline and since we
have 2 data we will select the multiple dataset option and choose them all, here the
dataset type is continuous our sampling rat is 125HZ.
The SIFT analysis pipeline is consisting of the following main modules: PreProcessing, Model Fitting and validation, Connectivity Analysis, Statistics,
visualization. We will apply all of these step by step upon our data.

10.2.1. Pre-processing
In this step we will do a Pre-processing of our two data and for our Signal Type
we will be using our components, for the filtering part we can always do it later after
we look at the data output plots. The pre-processing routine includes variety of different
technic like local detrending or filtering the data, down-sampling, normalizing
(temporal or ensemble).

Figure 115 : Preprocessing

10.2.2. Model fitting and Validation
Once our data has been Pre-processed, we proceed to Model fitting and
Validation. To do that we will go through these steps that will define our model and
validate it: Model order selection, fitting the final model, validating the fitting model.
There are different algorithms to model and they are divided into two section, in the
Unconstrained section we have Vieria-Morf & ARfit , in the Regularized section we
have Ridge Regression, Group Lasso ADMM & DAL, Sparse Bayesian Learning, and
they are linear.
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10.2.2.1. Model order selection

Figure 116 : Model Order Selection

When we execute the algorithm and our setups we will get a progress bar for
each condition (right hand / left hand) motion figure (117 & 118 & 119 & 120). The
top panel of the figures (117 & 118 & 119 & 120) are plots of The SBC (Blue), HQ (
Purple), AIC (Orange), FPE (Yellow) which are information criteria versus model
order and marks the average optimal model for the selected criteria, the bottom panels
show histograms of optimal model order across the selected data windows. The vertical
markers denote distribution mean. After we get the model order the algorithm start
automatically the next step which is the fitting of the final model (Figure 121) with a
model order p=10.

Figure 117 : Model Order Selection results (left hand / min = it means the optimal model order is
the one that minimizes the information criterion)
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Figure 118 : Model Order Selection results (right hand / min = it means the optimal model order is
the one that minimizes the information criterion)

Figure 119 : Model Order Selection results (left hand / elbow = it means the optimal model order is
the elbow of the function of information criterion)
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Figure 120 : Model Order Selection results (right hand / elbow = it means the optimal model order
is the elbow of the function of information criterion)

Figure 121 : Autoregressive Model Fitting

10.2.2.2. Validating the fitted model
After the model has been fit for each condition, we need to validate our fitted
model (Figure 122). We have here the option to check the percent consistency, the
whiteness of the residuals, the model stability. The whiteness of the residual’s tests
includes Portmanteau that we have mentioned before and autocorrelation tests for
correlation in the residuals of the model (this can indicate a poor model fit).
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Figure 122 : Validating the fitted model

After the validation check all indicate reasonable fit model and have completed and it
test whether our model fit the data well, we will get the panel of each data in a figure
that shows the results of the whiteness tests sorted in order of temporal precedence.
And for the portmanteau tests we plotted the value for acceptance of the null hypothesis
of correlated residuals. And the results will give three plots considering the whiteness
significance, the percent consistency and the stability index, all of these will help us to
proceed with the analyze.
The whiteness Criteria that have been used are :
1-Autocorrelation Function (ACF) Test.
2-Portmanteau Tests we have : Box Pierce (BPP), Ljung Box (LBP), and Li McLeod)
(LMP). They are used Under the null hypothesis for large sample size and each of these
test statistics approximately follow a distribution with degrees of freedom.
3-Checking the consistency of the model: We generate an ensemble of equal
dimensions as the original data, using simulated data from the VAR model. For both
the real and simulated datasets, we then calculate all auto and cross correlations
between all variables, up to some predetermined lag.
4-Checking the stability and stationarity of the model : A VAR[p] process model is
stable if and only if stability index SI < 0. The magnitude of the SI can be loosely
interpreted as an estimate of the degree to which the process is stable.
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Figure 123 : model validation results (Left hand)

Figure 124 : Model validation results (right hand)

10.2.3. Connectivity Estimation
Now that our model has been fit, we’d like to calculate some frequency domain
measures such as the spectrum, coherence, and granger causality. Bring up the
Connectivity Estimation.
Here we Can Compute All The Measures (and more), We can specify a list of
frequencies at which to compute the measure(s) and we can do some simple
conversions of complex measures and spectral densities. Here we have chosen to
estimate the Direct DTF (with full causal normalization; dDTF08), the Complex
Coherence (Coh), the Partial Coherence (pCoh), and the Spectral Density (S). While
selecting additional measures only marginally increases the computational time,
doubling the number of measures will generally double the memory demands.
10.2.4. Statistics
The statistics can be a good use to compare between our results. There are
different ways to do that, we have the statistical approaches: (“Asymptotic analysis
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estimates of confidence intervals”, Applies to: PDC, nPDC, DTF, nDTF, rPDC),
(“Theiler phase randomization” Applies to: All), (“Bootstrap”, “Jacknife”, “CrossValidation” Applies to: All), (“Confidence intervals using Bayesian B-spline
smoothing ” Applies to: ALL).
10.2.5. Visualization
Once we’ve computed our connectivity estimates, and potentially computed some
statistics, we will want to visualize the results.
10.2.5.1. Interactive Time Frequency Grid
The first step to create a Time Frequency Grid is to design the grid layout. We
can plot time frequency images of different VAR based measures on the upper triangle,
lower triangle, or diagonal of the grid. This is achieved by setting the Matrix-Layout
property to Partial or we can use the full option like in our experiment and selecting
the measures to plot on the various grid components. Then we chose which frequencies
to plot, we select the source margin plot to dipole we also perform statistical
thresholding to establish significance, we provide a baseline for computing eventrelated measures. So basically, Time frequency Grid allow us to view the connectivity
data across time.
Here in the time frequency grid option we choose the matrix-Layout to be full and not
partial and using the Estimator “Coh”(Coherency measure) and “dDTF08” (Direct
Normalized Directed Transfer Function) so the results will be viewed clearly.

Figure 125 : Time Frequency (COH)
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Figure 126 : Time Frequency (dDTF08)

The time frequency plot is plot where each pixel reflexes the information
transform from source column in the brain to a source raw in the brain. This plot
contains additional information and deep view where we can look at the directional
information transformation, how one area drives another area.

Figure 127 : Time Frequency (Coh)

After looking through our results, we can see that the information transfer is
happening smoothly between IC1 & IC3 and vis-verse, these information flow
contain both type of motion (Real (stronger 50HZ or weaker 25HZ) & imaginary
10HZ), but for the flow of information between IC2 & IC4 and vis-verse contain the
(Imaginary motion and the real strong motion but with a small narrow peak).
Now we will use the (dDTF08) connectivity method since it can give a much clear
view than (Coh). Bellow we can see that our motion flow information can be clearly
seen going from IC2 to IC1 and from IC8 to IC1.
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Figure 128 : Time Frequency (dDTF08)

10.2.5.2. Interactive 3D brain activity
In this section we can finally create a 3D brain network model to see how the
network dynamic change over time, this will show us how our components are
interacting between each other and which of the components that are highly connected
according to the motion that has been made.

Figure 129 : Interactive 3D brain activity setup (dDTF08)
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Figure 130 : brain signal connectivity

Figure 131 : Results of using the meditation strategy to increase the subject ability of
control
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Figure 132 : Results of using the concentration strategy to increase the subject ability
of control
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CONCLUSION
During this thesis we have managed to study the electroencephalogram signals by
giving a detailed study on how we process and analyze the EEG’s data that we have
gathered during our experiments recording of the brain activities, also we have
demonstrate and explain how we can categorize the sources of the brain activities using
different methods one of the best was ICA (Independent Component analysis), at this
step the results was quiet impressive since we managed to extract the probability of
each brain activity happening during our record, also we could plot the power activity
spectrum that allow us to read the frequency of each brain activity and that help us
determine the motion range of frequency that we were looking for, during the study of
the EEG’s signals we had to implement many different type of algorithms that deal
with EEG’s signal processing such as IC-Label ,MARA , Loreta, DipFit, ERP’s,
Artifact detection algorithms, and etcetera, some other mathematical technics and
methods for filtration such as FFT (Fourier Fast transformation),Wavelets and others,
we have been also using some Portmanteau’s such as BPP, LMP, LBP and
Connectivity estimators such as Coh (Complex Coherence), pCoh (Partial Coherence),
DTF (Normalize Direct Transfer Function), S (Spectral Density) which we need to
apply it when we do the statistics calculation that help to compare between the results
of our model specially if we do group analysis and it gets involve when we calculate
the interactive time frequency grid. We have also successfully managed to create our
brain model that shows the interaction information flow transfer between our
components, this is basically shows how the components are working between each
other during the committing of the motion action and how they are connected, such
results determine the sections upon the brain that are responsible of the motion and also
helped us to clearly see the exactly frequency of this motion. The conclusion of our
project results is determined as follow, according to the experiments results using the
specific protocol explained along the work upon this thesis our results shows that:
-When the record of the hand motion is happening while the eyes of the subject are
open the results upon the data processing and analysis shows a huge amount of pure
muscle activity, the data upon the scroll spectrum shows a lot of artifacts and the results

106

were failed.
-When the record of the hand motion is happening after the subject is sitting on a
comfortable chair and doing the motion, the results was quite acceptable since we could
detect a repeating amplitude up on the frequency range of [40HZ – 60HZ] but still a
huge percent of artifacts and some channels didn’t catch anything.
-When the record of the hand motion is happening while the subject is relaxed, sitting
on a comfortable chair and focusing on a specific point while applying a motion, the
results was really much more better since we received two type of frequency results
that are determined as a muscle source activity [Strong Motion [50HZ] & Weak Motion
[25HZ] ] and they are attached to the real hand motion, and at this point the percentage
of artifacts was almost zero.
-When the record of the hand motion is happening while the subject is relaxed, sitting
on a comfortable chair and his eyes are closed and at this time the subject is only
listening to the sound instructions demonstrate as a beep sound (3 beeps for the real
motion & 3 beep for the imaginary motion), the results was absolutely impressive since
we detected both motions (Real (Strong [50HZ] and Weak [25HZ] ) & Imaginary in
the range of [2HZ- 12HZ]).
-The detection of the imaginary motion that is classified as a brain source activity at
the first of our experiments was hard to detect while the eyes of the subject are opened,
so to increase the ability of the subject in order to receive a good potential of the brain
source activity we decide to expose the subject to another type of exercise, this type of
exercise is practicing the brain so that the subject can separate the muscle source
activities from the brain source by increase the subject ability to control the imaginary
motion and therefor as results to control the bionic hardware, this exercise is define a
brain interface that contain some sort of games and puzzles that can achieved by
meditation or concentration method, the results of such exercise shows a high increase
in potential of the subject where his ability of controlling the puzzles or the game using
just his brain it helps the subject to perform the imaginary motion of his hand so fast
and even when his eyes are open and the results on the spectrum was much more better
than before
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