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Preface

Already as an undergraduate student, I had the goal of working in the

field of brain research. It seemed to me then, and it still is, the most fas-

cinating and multidisciplinary topic. It has been a great pleasure to work

in the TMS group and in the Department of Neuroscience and Biomedical

Engineering (former Department of Biomedical Engineering and Compu-

tational Science). I started in the group by working on a special assign-

ment, which was followed by the master’s thesis. It was self-evident for

me that I wished to continue as a PhD student in the same group. During

the time that I have worked in the TMS group and on the Thesis, many

people have contributed to this work and helped me in the process.

I am grateful to my thesis supervisor and instructor Prof. Risto Il-

moniemi for the opportunity to work in this group. I have had the chance

to work on the topics that most interest me and with a flexible schedule,

which has also enabled my studies at the medical school. At the same

time, I have learnt from Prof. Ilmoniemi how scientific work is performed

with ambition and accuracy. His innovativeness is remarkable, and it

is quite incomprehensible how he finds the time for being involved in so

many ongoing projects simultaneously.

I would like to sincerely thank my instructor Prof. Jukka Sarvas, who

has been the key person for me in completing this Thesis. I have been

privileged to have an instructor, who always takes interest in the stu-

dent’s ideas and views. He has always had time to help me in solving the

problems at hand, but at the same time, he has challenged me in figuring

out the solutions on my own. I really value our versatile discussions and

the mentoring advices from Prof. Sarvas, who always starts our meetings

by asking “How are you?” really meaning it. Our discussions always seem
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to take longer than planned, and the topics have covered numerous as-

pects of work, family, and life in general. I have also enjoyed the stories

from Prof. Sarvas’ impressively diverse career.

I would like to thank my present and former colleagues in the TMS

group, with whom work has been as enjoyable as work can get. I would

like to thank my two closest collaborators Dr. Julio César Hernández

Pavón, who is a very warm-hearted person, knows how to through a party,

and who was brave enough to seek to work and live in not-always-so-warm

Finland (and then take up new challenges in Chicago), and Tuomas Mu-

tanen, who possesses the ability to make up a conversation with anyone

about anything, gets easily excited in new ideas, and has plentiful ideas

of his own for scientific work. I also wish to thank Dr. Hanna Mäki, from

whom I initially learnt the basics of TMS, as well as Reeta Huhtala, Dr.

Selja Vaalto, Niko Mäkelä, Dr. Jaakko Nieminen, Lari Koponen, Minna

Pitkänen, Sergei Tugin, and Karita Salo.

In addition to the TMS group, a number of people have helped me and

provided collegial support on the way in completing the Thesis. I would

like to thank my collaborators Dr. Matti Stenroos, who has always had

time to answer my questions and give feedback, and Sara Liljander. I

would also like to thank the head of the BioMag laboratory Dr. Jyrki

Mäkelä, as well as Dr. Juha Montonen, and Dr. Pantelis Lioumis for

enabling and helping in performing the TMS–EEG measurements at the

BioMag laboratory. I also wish to thank Prof. Lauri Parkkonen, who

has given valuable feedback and practical help at various stages of sci-

entific work, Dr. Ilkka Nissilä, who knows the depths of statistics and

photography, Liisa Helle, Dr. Simo Monto, Dr. Elisa Kallioniemi, Dovile

Kurmanaviciute, and Ivan Zubarev. All in all, the atmosphere created by

the people within the research community has been genuinely warm and

encouraging.

As a counterbalance to work, the time spent with my family and friends

has been crucial. I thank my dear friends (soon to be Dr.) Saara and Dr.

Ulpu for all our moments, travels, and laughs together. We started our

master’s studies together, worked hard through all the basic mathemat-

ics and physics courses, and now within one year time span, we are all

defending our PhD theses.

I also thank my husband Kalle. I do not remember him ever getting frus-
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trated (but rather amused) with me writing equations on small pieces of

paper whenever I had felt compelled to do so (though my absent-

mindedness has often surely been annoying). In a self-evident manner,

he has also taken the responsibility for home and childcare, cutting off

his own working hours, if I have had to work more intensively. I also

thank my children Ahti and Selma, who are very efficient in getting me

off the working mode, and the younger one, who was born in December

2016, I also thank for setting me a non-negotiable deadline to complete

the Thesis for pre-examination. My mom I would like to thank especially

for often asking me to explain what my research concerns and what it can

be used for, since these are very important questions and oddly difficult to

answer.

I would like to thank the pre-examiners Prof. Aapo Hyvärinen and Prof.

Sylvain Baillet, whose comments and suggestions were highly valuable

when finalizing the Thesis, as well as Dr. Guido Nolte for accepting the

role of opponent for this Thesis.

Finally, I wish to acknowledge the instances that have provided me fi-

nancial support during these years: Helsinki Biomedical Graduate School,

Instrumentarium Science Foundation, Finnish Cultural Foundation, and

International Doctoral Programme in Biomedical Engineering and Medi-

cal Physics.

Inari, April 12, 2017,

Johanna Metsomaa
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1. Introduction

1.1 Overview

The brain is a highly complex structure composed of billions of neurons

that are connected with one another. Proper functioning of the brain is

required for, e.g., consciousness, forming identity, feeling, learning, and

performing daily routines independently. Since all of these are considered

essential parts of meaningful human life, methodologies for studying the

neural functions are important for understanding the normal and dis-

eased brain.

An essential part of signalling in the neuronal network is electric. This

electrical activity is reflected also on the scalp where it can be recorded

by electroencephalography (EEG) as potential differences. As EEG mea-

sures only a projection of the neural activity, building a total picture of

the signalling in the brain based on EEG is impossible. However, by mak-

ing simplifying assumptions and approximations, useful although coarse

estimates can be obtained.

The network formed by the neurons works by both segregating and inte-

grating the information processing. The brain is known to have function-

ally specialized areas and networks, for example, for the language, motor,

and sensory processes. To study a certain brain functionality by EEG,

event-related potentials (ERPs) are often used. An ERP refers to the EEG

data as a response to a specific event, for example, a sensory stimulus.

This type of a measurement setting has been widely utilized in studying

neural functions both clinically and scientifically.

Transcranial magnetic stimulation (TMS) is a tool to activate cortical
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neurons directly in a non-invasive manner. Recording TMS-evoked neu-

ral activity with EEG provides a way of recording ERPs as a response to

stimulating any given superficial part of the brain. Therefore, the combi-

nation of TMS and EEG (in short, TMS–EEG) is a flexible measurement

setting for studying various parts of the brain’s network. To record EEG

as a response to TMS targeted at a specified brain region, there is no need

to have prior knowledge of the functionality nor need to design a task

for activating that region, which is highly advantageous, for example, in

studying consciousness, brain plasticity, or effects of drugs on the neural

interactions [125, 205, 166].

In this Thesis, analysis methods have been developed for studying event-

related responses. The focus is on analyzing TMS-evoked EEG, but the

developed methods are suitable to all kinds of event-related data. Even

though the used data throughout this work are EEG, the developed meth-

ods are also applicable to a related functional brain imaging modality,

magnetoencephalography (MEG), which is used to record magnetic field

components produced by the electrical neural activity.

1.2 Motivation

The reason to record and study EEG is to find out what is happening

in the brain. If the locations and timings of neural activity in the brain

are known, the EEG data are obtained according to the following simple

model:

EEG data =Locations of neural activity × Timings of neural activity .

(1.1)

In practice, we need to make interpretations of this model conversely:

based on the recorded EEG, the aim is to find out where and when neu-

rons are activated. When taking this point of view, the problem becomes

substantially more complicated because there are many, in fact, infinitely

many, possible solutions. Therefore, this model (1.1) is a source of enor-

mous amount of research; it is also the starting point of all five studies

comprising this Thesis.

Additionally, a great challenge in interpreting TMS–EEG data are TMS-

induced artifacts in the recorded signals, most notably due to muscle ac-
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tivity initiated by the stimulation. Many types of artifacts can be present

in the EEG data, and modelling them is difficult or infeasible.

Most of the methods developed in this Thesis are data-driven, meaning

that, in addition to the recorded EEG, they do not need any additional

user input. They are beneficial with complex and artifactual data since

no knowledge of the physics of the underlying phenomena is required

for using them. The developed data-driven analysis methods are based

on statistical models. Building such a model for event-related data, and

for TMS-evoked EEG specifically, has many pitfalls and challenges. This

Thesis covers multiple areas of methodological development in the data-

driven analysis; all of them aim at cleaning EEG signals from artifacts

and noise and/or finding a solution for (1.1) as accurately as possible.
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2. Background

2.1 Neural signalling in the central nervous system

The key elements in the nervous system are neurons, which are linked

with each other via synapses to form a complex network. Within each neu-

ron, travelling of the signals is based on modifying potential differences

across the cellular membrane, i.e., the transmembrane potential. The

transmembrane potential is determined by the concentrations of various

types of ions in the intra- and extracellular spaces as well as the relative

conductances for the ions. Different types of ions can pass the membrane

through dedicated channels, which can be either open or closed depend-

ing on the activation state. The fact that not all ions may freely pass

the membrane creates an imbalance of charge concentrations across the

membrane. At rest, the intracellular space is more negatively charged

than the extracellular compartment, in which case the transmembrane

potential is negative. Energy-consuming ion pumps are also required to

maintain these resting state concentration differences.

At the input of a neuron, the transmembrane potential changes in a

graded fashion. When a pre-synaptic neuron releases transmitters in the

synaptic cleft, the transmitters bind to the ligand-gated ion channels of

the post-synaptic neuron (Fig. 2.1). This leads to the opening of the chan-

nels, allowing certain ions to cross the cellular membrane. Depending on

the type of ions that pass through the open channels, the transmembrane

voltage is shifted either closer to zero (depolarization) or more negative

(hyperpolarization). Excitatory (or facilitatory) connections between neu-

rons tend to depolarize the transmembrane voltage of the post-synaptic
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Figure 2.1. Above: A schematic illustration of two neurons and a synapse between them.
At the synapse, the action potentials, travelling along the axon, lead to trans-
mitters being released into the synaptic cleft. As the transmitters bind to the
receptors (ligand-gated ion channels) of the post-synaptic neuron, it may be
either excited or inhibited depending on how the transmembrane potential
of the post-synaptic neuron is altered. Below: An example of the network
formed by neuronal assemblies on a coarse level.

neuron, whereas inhibitory connections drive the post-synaptic neuron to-

wards hyperpolarization. If the net depolarizing effect from the synapses

of a neuron is strong enough, the neuron can send action potentials along

its axon.

Action potentials work through modifications in the transmembrane po-

tential. In contrast to the post-synaptic potentials, these modifications are

not graded, but rather take place in an all-or-none fashion. In the axons,

the changes in the transmembrane potential are due to voltage-gated ion

channels. These channels open and close as determined by the instanta-

neous transmembrane potential: If a threshold depolarization level is lo-

cally exceeded, different ion channels in the vicinity are opened and closed

in an ordered fashion, which first results in the depolarization and then

hyperpolarization of the transmembrane potential before the resting state

is regained. The local depolarization phase of an action potential spreads

according to the cable model in the axon, which triggers the opening of

the neighboring ion channels and leads to the action potential travelling

along the axon. Finally, as a result of an action potential reaching the

axonal terminal, transmitters are released into the next synaptic clefts to

excite or inhibit the following post-synaptic neurons in the network.
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The activation of a given neuron is determined by the net effect of sev-

eral synaptic inputs. Therefore, important factors determining the in-

formation processing in a whole network of neurons are the timings and

amounts of action potentials as well as the ’reaction rates’ and concentra-

tions of different ligand-gated ion channels.

In total, the communication between single neurons, as described above,

forms a network, in which cortical regions are connected with each other

as depicted in Fig. 2.1. To some extent, information processing in the hu-

man brain is specialized in certain areas. For example, there are specific

areas responsible for executing movements and processing visual or audi-

tory information. Many of the separate functional areas as well as higher

cognitive processing are located in the cerebral cortex, which is the folded

superficial part of the cerebrum containing lots of synapses and neurons.

In total, however, the neuronal network works through more complex par-

allel and integrative processing than simply handling the separate sen-

sory and executive tasks in designated areas.

Finally, a characteristic feature of the neuronal network is that the prop-

erties of the synapses are constantly changing as a result of synaptic ac-

tivity, for example, when learning new skills [166, 152]. In fact, even

the primary functional areas may change quite dramatically as a result

of major changes in the neuronal activity patterns, for example, after a

loss of neuronal tissue due to stroke and recovery after that. Thorough

discussion of brain physiology can be found, for example, in [6] or [97].

2.2 Electroencephalography

EEG measures potential differences on the scalp due to neural activity in

the brain at an excellent temporal resolution of one millisecond or even

less. Because neuronal activation takes place via changes in the trans-

membrane potentials, this activity is reflected in the electric fields around

the activating areas. EEG measures the resulting electric potential differ-

ences relatively far from the signal sources, outside the brain and poorly

conducting skull. Therefore, the measured signals are quite weak as

compared to the measurement noise, and only some parts of the electri-

cal activity can be reliably distinguished by EEG. Temporally and spa-
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Figure 2.2. Left: The post-synaptic potentials (PSPs) form the primary current. Pri-
mary current generates an electric field, which drives the flow of the vol-
ume currents. Middle: Pyramidal cells are oriented roughly perpendicular to
the cortical surface. Thus, the summation of a large number of synchronous
PSPs is detectable by EEG. CSF stands for cerebrospinal fluid. Right: Based
on EEG, activity estimates may be computed on the cortical surface on the
macroscopic level. Modified from [3] with permission, c© 2001 IEEE.

tially coherent changes in the post-synaptic potentials (PSPs) can produce

EEG signals with sufficiently high signal-to-noise ratio (SNR) [57, 117].

Therefore, EEG almost only detects simultaneous synaptic transmission

of roughly equally aligned synapses in a small cortical volume. In contrast

to PSPs, lasting for approximately tens of milliseconds, action potentials

travel fast along the axons, having a lifetime on the order of one mil-

lisecond, and they lack synchronization. The corresponding voltages also

decrease more rapidly than those of PSPs. As a result, the probability of

detecting action potentials by EEG is low [67]. As a general reference for

EEG, see [142, 146].

As illustrated in Fig. 2.2, the described post-synaptic activity forms the

primary current. The primary current in turn acts as a power source cre-

ating an electric field, which drives passive volume current in the tissue

according to its conductivity structure. As detected at the distance of the

EEG sensors, similarly aligned primary currents in a small cortical patch

can be modelled as an equivalent current dipole (ECD), which, in prin-

ciple, is modelled as located in an infinitely small volume. Commonly,

several ECDs are simultaneously active, forming the so-called primary-

current distribution or source distribution. The primary-current distribu-

tion together with the conductivity structure of the head determine the po-

tential differences on the scalp, which are recorded as EEG signals [134].

Origins of EEG signals are reviewed in, e.g., [3, 148].
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The poor conductivity of the skull relative to the neural tissue and skin

causes two-fold effects on the recorded potential distribution on the head

surface. The amplitudes of the measured signals are attenuated, and the

spatial patterns of the EEG get smeared. The EEG signals are also af-

fected by the individual geometry and conductivities of the head tissues

of each subject. Finally, the same EEG data can be produced, in prin-

ciple, by an infinitely many different source distributions. Due to these

reasons, the spatial resolution of EEG is often quite weak, at best, about

one centimeter [99, 32, 107].

2.2.1 Event-related potentials

Resting-state EEG is used to record spontaneous neural activity in the

brain. It can be used to inspect, e.g., (ab)normal neural rhythms or epilep-

tic activity. In contrast, as EEG is recorded in response to a specific

stimulus or event, the data are termed event-related potentials (ERPs)

[118, 154]. The stimulus can be, for example, a simple auditory tone or

a clue associated with a more complex cognitive processing. As compared

to resting-state EEG, ERPs can be used to identify neural activation in a

focused manner.

A single ERP recording is here referred to as a trial. One trial typically

has a fairly low SNR due to external noise sources such as powerlines or

the measurement system itself. In addition, the neuronal EEG data unre-

lated to the processing of the applied stimulus is typically about as large

in amplitude as the stimulus-evoked signals. This background activity is

called the ’neural noise’. To characterize interesting parts of an ERP, the

trial is repeated many times, yielding multi-trial data.

A common way to extract the stimulus-locked parts of the signals of a

multi-trial dataset is averaging the data over the trials [37]. Averaging

preserves the parts of the trials that are phase-locked to the stimulus.

Here, phase locking refers to the phenomenon where, at a certain latency

with respect to the stimulus, the signal within a fixed frequency range

tends to have the same phase over the trials. This has the effect of can-

celling out both external and neural noise as they occur in random phases

from trial to trial.

The stimulus may also induce responses that are not phase-locked such
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as amplitude modulations in certain frequency bands [96]. When aver-

aging over the trials, these response types will be attenuated [136]. The

phase-locked parts of the responses also tend to vary in amplitude and la-

tency from trial to trial depending on the state of the stimulus-processing

neuronal network. This variability could be useful in interpreting neu-

rophysiological phenomena [66, 82], but it is not taken into account in

averaging.

In clinical work, ERPs are used to study the integrity of sensory path-

ways (visual, somatosensory and auditory). These can be assessed to aid

in diagnostics of some diseases such as multiple sclerosis [60]. An im-

portant application is to monitor changes in these functions during neu-

rosurgery, for example, when operating a tumor near the auditory nerve

[147]. In these applications, certain well-characterized deflections in the

measured ERPs are identified, and the diagnostics is based on compar-

ing the latencies and amplitudes of the deflections with given reference

values.

In research, ERPs have also been used in studying sensory processing

[158, 65, 165]. Responses related to cognitive processing have also been

designed and investigated [22, 52]. Brain–computer interfaces are an im-

portant application of evoked responses, where ERP analysis can be used

as means of communication between the subject and an external device

[21]. To extract the most informative ERP features for a desired applica-

tion, other methods in addition to averaging are often useful [162, 161].

Moreover, there can be remarkable variability in the ERPs over individ-

uals, which should be taken into account in the analysis of group-level

studies [5, 64, 160].

2.3 Transcranial magnetic stimulation

Transcranial magnetic stimulation (TMS) is a non-invasive method to ex-

cite cortical neurons using a time-varying magnetic field as depicted in

Fig. 2.3 [4]. The magnetic field is created by a current loop in a coil ac-

cording to the Biot–Savart law. When the magnetic field changes with

time, an electric field is induced, which can be deduced from Faraday’s

law. The magnetic field decreases as a function of distance from the cur-
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Figure 2.3. Left: As a result of a time-varying current in the TMS coil, an electric field is
induced in the brain tissue, where ion movement is elicited accordingly. Mid-
dle: At the central sulcus, the cortical surface folds inwards. Right: Because
the axons of the pyramidal neurons tend to be oriented perpendicular to the
cortical surface, to stimulate the motor cortex in the prefrontal gyrus, pre-
ferred direction of the electric field is from posterior to anterior, presumably
causing depolarization at the axonal bends (adapted from [85]).

rent, but it is not attenuated by the tissues of the head. For a review of

the technical aspects of TMS, see [85].

The most commonly used coil types for TMS are the circular coil and the

figure-of-eight coil. As the latter one can be used to induce a more focal

electric field, it is often preferred, especially in research [28]. Typical

temporal shapes of the applied current are either a monophasic pulse,

constituting roughly one half of a sinusoidal cycle, or a biphasic pulse,

when a full damped sinusoidal cycle is applied. The induced electric field

is proportional to the derivative of the coil current in time. The electric

field integrated over the duration of the pulse equals zero in all cortical

locations.

The superficial parts of the brain, i.e., the cortex, are exposed to the

strongest TMS-induced electric field. In the neural tissue, the electric field

forces ions into motion. As the conductivity structure of the brain tissues

is inhomogeneous and anisotropic, the charges are not moving uniformly

in the volume [196]. Especially, the cellular membranes are strongly guid-

ing the ion movements due to their resistive and capacitive properties. As

the charges cannot freely cross these membranes, the transmembrane po-

tential of a neuron can be altered by the externally applied electric field.

If the membrane is depolarized at some point along an axon, an action

potential may be generated. The depolarization is strongest where the

electric field along the axon decreases most rapidly, which happens, for

example, at neuronal bends, as depicted in Fig. 2.3 [2, 167]. The neu-
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ronal network may spread the activity further from this initial activa-

tion site via synapses [102, 86]. TMS may simultaneously activate both

inhibitory and excitatory neurons in the cortex, and the summated net

activity determines the outcome of the stimulus. Various stimulation pro-

tocols, which utilize several stimulation pulses with different intensities

and inter-stimulus intervals (ISI), have been designed for studying these

effects; see next section for a description of paired-pulse protocols.

Whether an applied magnetic stimulus causes action potentials in a

neuron of the stimulated network, which further leads to the excitement

/inhibition of the neighboring neurons, is highly variable even when the

stimulation intensity and the coil location are fixed [123, 56]. Important

factors are, among others, the prevailing transmembrane potentials and

synaptic activity of the neurons in the stimulated network irrespective of

the stimulus. Together, the set of parameters leading to the variability

of the TMS-induced neural brain activity is sometimes referred to as the

state of the brain.

It is possible to perform TMS using simultaneous neuronavigation [130,

105, 168]. In practice, this means that the strongest site of stimulation

is monitored online on the subject’s magnetic resonance images (MRI).

It requires that the MRI of the subject’s head is aligned with the coordi-

nate system of the coil and the subject. Thereafter, the electric field is

computed, based on the location of the coil with respect to the head, and

depicted on the MRI as shown in Fig. 2.4.

2.3.1 Stimulating the motor cortex with TMS

When stimulating the primary motor cortex located in front of the central

sulcus, it is possible to activate the motor tracts [38]. The upper motor

neurons originating at the cortex cross over to the contralateral side at

the medullar level and synapse with the lower motor neuron in the spinal

cord. The lower motor neurons lead to their target muscles (motor units).

Therefore, stimulating the motor cortex with TMS can lead to muscle con-

traction in the respective muscle on the contralateral side [197]. The mo-

tor cortex is organized roughly according to the motor homunculus model,

in which each part of the body has its own representation area on the

cortex [61]. Thus, by shifting the targeted stimulation site along the mo-
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Figure 2.4. The electric field due to TMS can be modelled on the cortical surface, recon-
structed based on the subject’s MRI, with the aid of neuronavigation. The
site and direction of the electric field at the location of its highest intensity is
marked with the arrow.

tor cortex, different muscles can be activated. Because the pyramidal

neurons are oriented roughly perpendicular to the cortical surface, the

preferred orientation of the applied electric field is perpendicular to the

central sulcus, meaning roughly from posterior to anterior, as depicted in

Fig. 2.3 [45, 151, 14].

Muscle activity as a response to TMS can be recorded by surface elec-

tromyography (EMG), which measures potential differences on the skin

over the target muscle via electrodes. In muscle cells, the contraction

is initiated by depolarization of the cellular membrane, which creates

a time-varying electric field in the surrounding tissues. If this depolar-

ization takes place in a large number of cells synchronously, the muscle

activity is reflected in the recorded EMG signal as deflections from the

baseline. TMS-evoked EMG signals are termed motor evoked potentials

(MEPs). An MEP is commonly characterized by two parameters: the am-

plitude and latency; see, e.g., [197, 159]. After an MEP, a silent period can

typically be seen in the EMG signal, reflecting inhibitory processes at the

cortical level [87, 48].

To determine a suitable magnitude for the stimulating electric field on

the motor cortex, the motor threshold (MT), reflecting the membrane ex-

citability, is determined in a predefined target muscle with the help of

EMG recordings [205]. The hot spot of the selected muscle, meaning the
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location on the cortex whose stimulation produces the largest MEP am-

plitudes, is first found empirically. The MT is then the intensity of the

electric field at the hot spot with which five out of ten TMS-induced MEPs

exceed 50 μV in amplitude.

MEP studies utilizing two TMS pulses can be used in evaluating the

effects of various cortical interactions. Paired-pulse TMS means a stimu-

lus protocol where two consecutive stimuli are administered with a short

inter-stimulus interval at the same target location. The first pulse is

termed as the conditioning pulse and the latter pulse is the test pulse.

The idea is that the conditioning pulse changes the state of the targeted

cortical neurons via inhibitory/excitatory interneurons so that the effects

of the test pulse are different from those of the single pulse TMS. Different

paired-pulse protocols have been extensively studied and described with

the aid of MEPs [106, 192, 184, 207]. Depending on the selected ISIs and

intensities of the TMS pulses, the MEP amplitudes have been shown to

increase or decrease. Targeting the conditioning and test pulses at sepa-

rate brain regions makes is possible to study more distant neuronal inter-

actions; these types of studies have revealed inhibiting interhemispheric

interactions between the motor cortices and also inhibiting connections

from the cerebellum to motor cortex [49, 187].

2.3.2 TMS-evoked potentials

The immediate effects of TMS on the neuronal network occur on the mil-

lisecond time scale after the stimulus. The neural signalling from the

initial activation site can also reach distant cortical areas within few tens

of milliseconds [86, 102, 51]. Since EEG has an excellent temporal resolu-

tion, it is an ideal methodology for studying cortical activity right after the

TMS pulse [13]. However, the electric field induced by TMS causes prob-

lems in the measurement instrumentation of EEG. Special EEG devices

have been designed to be used in conjunction with TMS. One solution has

been to establish a sample-and-hold circuit in the amplifiers of the EEG

system to prevent signal saturation during the stimulation [195]. This

circuit keeps the signal at a constant level for a few milliseconds from the

stimulus onset and, thereafter, the signal recording is continued normally.

Imaging the TMS-evoked cortical responses with EEG gives flexibility
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to study almost any selected cortical region. TMS–EEG has been used to

study brain functions in several physiological and pathophysiological con-

ditions, for example, aging [20], schizophrenia [50], epilepsy [98], different

states of consciousness [164], effects of drugs [206], and effects of alcohol

[94]. In terms of signal analysis, TMS-evoked potentials (TEPs) can be

treated as any event-related responses. As each TEP recording has a low

SNR, the responses are typically averaged, for example, over 100 trials.

As a result, the averaged TEP is composed of several deflections [114]; see

Fig. 2.5 for an example. TEPs can be recorded at lower stimulation inten-

sities than motor evoked potentials [103]. The neural oscillatory activity

recorded by EEG can also be modulated by TMS [55, 182].

Figure 2.5. Top: TMS-evoked EEG signals, which have been cleaned from artifacts. The
dashed arrows remark the latencies of the identified deflections. Middle:
EEG topographies, i.e., data from all the channels, at the latencies indicated
by the arrows. Bottom: Estimated source (activity) distributions on the corti-
cal surface at the corresponding latencies. Modified from [141] with permis-
sion.

TMS-evoked artifacts

In addition to the TMS-evoked neural signals, the TEP data often con-

tain several types of artifacts associated with TMS [83, 84, 83]. The

most severe ones are those due to muscle activity and polarization of the

electrode–skin interface. The induced electric field can activate muscles

in the scalp. As a result, the EEG electrodes also measure EMG signals

originating from the underlying active muscles [139]. These EMG sig-

nal amplitudes can be two or three orders of magnitude higher than the
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cortically generated EEG. TMS can also cause an abrupt reorganization

of the charge distribution at the electrode–skin interface, which leads to

an exponentially decaying decharging artifact in the respective channel.

Examples of TMS artifacts in EEG are shown in Fig. 2.6. In this Thesis,

we studied TEPs as a result of stimulating motor and language regions

in the brain using single TMS pulses. Since the language regions are lo-

cated beneath relatively large temporal muscles, the recorded EEG data

typically contain massive artifactual signals, which makes studying the

underlying neural activity difficult.

Figure 2.6. TMS-evoked EEG signals according to the 60-channel EEG cap layout. The
stimulation target (indicated by the cross) was on the left primary motor
cortex; the artifacts have the highest amplitudes and longest durations near
the stimulation site.

Several methods have been developed and used to remove artifactual

signals from EEG data including time-/frequency-domain filtering [133],

simply rejecting and interpolating poor-quality channels [157, 128], in-

dependent component analysis (ICA) [71, 74, 163, 104], signal-space pro-

jection (SSP) [124, 140, 189], and constructing a surrogate model to sep-

arate artifactual and neural signals in TMS-evoked potentials [9, 115].

Because physical modelling of the artifacts is not usually feasible, most

methods rely on modelling either the time-domain characteristics or sta-

tistical properties of the artifacts or the spatial characteristics of neural

EEG. The following distinctive features between the artifacts and neural

EEG have been utilized in the published methods:
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• Independence or uncorrelatedness of the artifacts with respect to the

neural EEG

• High amplitudes of the artifacts compared to the neural EEG signals

• More power in the high-frequency range of the artifact signals than in

that of the neural EEG

• Different spatial characteristics between the artifacts and neural EEG

(For the neural EEG, the important spatial dimensions can also be mod-

elled physically, which can be used in separating the neural and artifac-

tual signal subspaces.)

These methods will be discussed more extensively in later sections of this

Thesis.

2.4 Modelling the sources of EEG signals

2.4.1 Notation

Let A be an m × n matrix with elements A(i, j), 1 ≤ i ≤ m, 1 ≤ j ≤ n.

We denote the ith row of A by A(i, :), i = 1, . . . ,m, and the jth column by

A(:, j), j = 1, . . . , n.

We also use 3-dimensional (3-D) arrays with the following notation. Let

A be a 3-D array with elements A(i, j, k); i = 1, . . . ,m, j = 1, . . . , n, k =

1, . . . , q. For fixed i, A(i, :, :) denotes the 2-D matrix with elements A(i, j, k);

j = 1, . . . , n, k = 1, . . . , q. For fixed j or k, the 2-D matrices A(:, j, :) or

A(:, :, k) are defined analogously. Furthermore, for fixed i and j, A(i, j, :)

denotes the vector with elements A(i, j, k), k = 1, . . . , q. Vectors A(:, j, k)

and A(i, :, k) are defined analogously.

If x is a scalar or a vector random variable, we denote its expectation

value by E(x) and variance (when x is a scalar) by var(x). For an m × n

(data) matrix X, the sample mean is given by μX = n−1
∑n

j=1X(:, j). The

covariance matrix of a random vector x is denoted by cov(x) = E((x −
E(x))(x − E(x))T). We denote the sample covariance matrix by cov(X)
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and define it as

cov(X) =
1

n

n∑
j=1

(X(:, j)− μX)(X(:, j)− μX)
T . (2.1)

2.4.2 General linear model for EEG

EEG signals from M channels and T time points are collected into an

M×T matrix X. The data are modelled to consist of three types of signals:

(1) neural, (2) noise, and (3) artifact signals, which are denoted by M × T

matrices Xn, N, and Xa, respectively. The EEG data are generated by the

summation of these processes, which are independent of each other:

X = Xn +N+Xa . (2.2)

The distinction between the noise, artifacts, and neural data is somewhat

arbitrary. In context of TMS–EEG data, we regard as noise all such con-

tinuously ongoing processes (of neural or extracranial origin) that are not

evoked by the given stimuli.

Both the neural and artifactual data can further be presented as spa-

tiotemporal decompositions of Nn neural and Na artifactual signal sources

[67, 142, 188]:

Xn = An Sn (2.3a)

Xa = Aa Sa , (2.3b)

where the M×Nn matrix An and the M×Na matrix Aa contain the spatial

representations, called the topographies, of the sources as columns, and

the Nn × T matrix Sn and the Na × T matrix Sa have the corresponding

waveforms of the sources in the rows. If no distinction between neural

and artifactual data is made, the decompositions in (2.3) can be written

briefly with A = [An, Aa] and S = [ST
n , S

T
a ]

T as

X = AS+N . (2.4)

In the following sections, we assume that the sample (or temporal) means

μX, μS, and μN are zero. If this assumption does not originally hold for

30



Background

the recorded data X̄, the sample means can be set zero by subtracting the

original non-zero sample mean of the data μX̄ from all the collected data

samples, i.e., by setting

X(:, j) = X̄(:, j)− μX̄, j = 1, . . . , T. (2.5)

This operation is often referred to as (time-) centering the data.

Generally, given the recorded data X, the aim is to find where the ac-

tive brain areas are and what are the latencies (timings) of their activ-

ity. For this purpose, one should find the decomposition (2.3a), which

can be achieved in various ways. In order to make the decompositions

(2.3) unique, it is necessary to set extra constraints or assumptions for

the model. Different methodological approaches in this matter are dis-

cussed in the following. In Section 2.4.3, we give an outline of how phys-

ical modelling can be used in estimating neural signal sources. Sections

2.4.4–2.4.7 are dedicated to estimating sources based merely on differ-

ent statistical assumptions, jointly referred to as blind source separation

methods.

Modelling event-related responses

Because in this Thesis, the focus is on analyzing (TMS-)evoked EEG, we

briefly present how the general linear model (2.4) is adapted to the analy-

sis of event-related responses. In addition to the channels and time points,

we now have a third dimensionality to indicate the recorded trials. We

therefore denote event-related data by a three-dimensional (3D) M×T×R

array X3D, where the first dimension indicates channels, the second one

time, and the third one trials. Each trial k is assumed to be generated

according to

X3D(:, :, k) = AS3D(:, :, k) +N3D(:, :, k) , (2.6)

where S3D(:, :, k) is the waveform matrix and N3D(:, :, k) the noise matrix

in the kth trial. Importantly, it is assumed that A is fixed over all the

trials.

Two commonly used approaches of reorganizing the data trials are: (1)

computing the averaged response over the trials by

Xave =
1

R

R∑
k=1

X3D(:, :, k) = A
1

R

R∑
k=1

S3D(:, :, k) +
1

R

R∑
k=1

N3D(:, :, k) , (2.7)
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or (2) concatenating the trials as

Xconc = [X3D(:, :, 1), . . . ,X3D(:, :, R)]

= A[S3D(:, :, 1), . . . ,S3D(:, :, R)] + [N3D(:, :, 1), . . . ,N3D(:, :, R)] .
(2.8)

Note that only the temporal parts of the data decompositions are affected

by these operations, whereas the spatial patterns, i.e., the topographies,

stay intact.

2.4.3 Estimating EEG signal sources by physical modelling

In this section, we assume that the given EEG data are free of artifacts,

i.e., A = An. We wish to find the decomposition (2.4), by first computing

A based on a predefined physical model. In this context, A is typically

referred to as the lead-field matrix or the gain matrix and, for clarity, we

denote A = L. To summarize, we now aim to solve the following linear

equation:

X = Xn +N = LSn +N . (2.9)

After computing the lead-field matrix, it remains to find the waveforms of

the sources. Thorough overviews of the topics of this section can be found,

for example, in [3] and [128].

As mentioned earlier, neural sources of EEG signals can be modelled

as equivalent current dipoles (ECDs). An ECD represents the primary

current density in a small, usually cortical, volume. It is modelled as a

point-like current defined by its location r and moment Q = Qd, where

Q is the current magnitude and d is the unit vector pointing from the

current source to its sink. At any time instant, an ECD produces an

M × 1 signal vector a in the EEG sensors, i.e., a topography. Given r

and Q of the dipole as well as the head geometry defined by its conductiv-

ity distribution, the topography due to a single ECD can be computed by

a = F (r,Q), which is called the forward solution [134]. Typically, three

or four different compartments are included in the conductivity model:

the brain, skull and scalp, plus the cerebrospinal fluid compartment in

the four-layer model. Using a simple spherical head model with concen-

tric spheres for these compartments yields an analytical solution for the

dipole topography [16]. It is also possible to segment the compartments
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based on the subject’s MRI and use numerical approaches, such as the

commonly used boundary element method (BEM), to obtain the forward

solution [15, 172, 70].

In some cases, it is possible to model the data at a single moment of time

j with only one active dipole. In such cases, identifying the dipole requires

determining its position, orientation, and amplitude, which constitute al-

together six parameters. The parameters can be estimated by solving the

minimizing problem

{r̂, Q̂} = argmin
r,Q

‖X(:, j)− F (r,Q)‖2 (2.10)

[77, 186]. Fitting multiple dipoles simultaneously becomes increasingly

complicated [190]. If it is possible to model the data with N dipoles, whose

topographies ai = F (r̂i, Q̂i/‖Q̂i‖), i = 1, . . . , N , are found by dipole fitting,

the lead-field matrix can be constructed as L = [a1, . . . ,aN ]. Furthermore,

given N < M , it is possible to use the least-squares solution to estimate

Sn in (2.9) [127, 171].

When the underlying source configuration cannot be modelled by dipole

fitting, distributed source models are often used. Commonly, these meth-

ods are applied with discretized source spaces comprising, say, 5000–

10000 separate dipole locations r1, . . . , rN [112, 35, 34]. The source space is

commonly set by constraining the source-current distribution to lie in the

2-dimensional surface defined by the cortex. If the dipoles are freely ori-

ented, three orthogonally directed dipoles, with moments Qi,x, Qi,y, and

Qi,z, are inserted in each of these locations i = 1, . . . , N . Alternatively, the

dipoles can be restricted to be oriented perpendicular to the cortical sur-

face, in which case only one dipole moment Qi,n is used for each location.

The magnitude of each dipole moment is first set to one. Forward solutions

are then computed for each dipole to get L = [F (r1,Q1,n), . . . ,F (rN ,QN,n)].

In the case of freely oriented dipoles, the lead-field matrix becomes L =

[F (r1,Q1,x),F (r1,Q1,y),F (r1,Q1,z), . . . ,F (rN ,QN,z)].

After computing the lead-field matrix, the data can be explained by

defining the waveforms of all these dipoles. At time index j, the ampli-

tudes of the dipoles, i.e., the source distribution, are given by Sn(:, j). In

mathematics, the problem of estimating Sn in (2.9) with a given lead-field

matrix is called the inverse problem; see, e.g., [95, 10] for a thorough dis-
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cussion. Given a distributed source model, the inverse problem is ill-posed

due to two significant difficulties in solving it. First, there is no unique

solution because the same measurement vector can always be explained

by infinitely many different source distributions. The second difficulty

with this inverse problem is its sensitivity to noise. Even small amount of

noise in the data can result in a severely erroneous estimation results. To

reduce the noise sensitivity, so-called regularization is used with the esti-

mators. For optimal regularization, the covariance matrices of the noise

and the sources should be known.

One possibility for solving the given inverse problem is minimum-norm

estimation (MNE) and its several variations. If noise-free data were avail-

able, MNE could be used as Ŝn = LT(LLT)−1Xn [68, 69]. MNE corre-

sponds to computing the Moore–Penrose pseudoinverse of L when L has

more columns than linearly independent rows. Among the possible solu-

tions for Ŝn, this pseudoinverse yields the source estimate with the small-

est L2 norm. Because this estimate is very sensitive to noisy data, the

formula cannot be used as such with realistic data [11].

If both the source covariance matrix Γ = cov(Sn) and the noise covari-

ance matrix Σ = cov(N) are known, the optimal estimator (best linear

unbiased estimator, BLUE) of the neural sources is obtained as

Ŝ
BLUE
n = ΓLT(LΓLT +Σ)−1X . (2.11)

[156, 175], which can be seen as a regularized form of the minimum-norm

solution. This same result is obtained by Bayesian modelling assuming

Gaussian distributions for the noise and source amplitudes [198]. Usually,

the covariance matrices are not known, but, for example, prior informa-

tion from other imaging modalities could be utilized in constructing the

source covariance matrix [116]. Inserting simply approximations Σ = βI

and Γ = αI into (2.11) leads to the Tikhonov-regularized MNE,

Ŝ
Tikhonov
n = LT(LLT + λI)−1X , (2.12)

where λ = β/α is called the regularization constant, which is empiri-

cally/heuristically tuned [54, 11]. If λ is too small, the solution is not

properly regularized, making the estimator unstable with respect to noise,

whereas too large regularization constants lead to uninformative and too
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dispersed solutions. Other possible solutions for the given inverse prob-

lem are the minimum-current estimate [191], multiple-signal classifica-

tion method [135], and linearly constrained minimum-variance beamform-

ers [173], to mention a few.

Building the head conductivity model and forward solution are chal-

lenges on their own, and errors in these modelling steps can produce bi-

ased source estimates. In this work, techniques for solving these problems

are not covered. However, it is pointed out here that finding the conduc-

tivity distribution of the head is a demanding task: defining the geom-

etry of the scalp and skull boundaries by using MRI is time-consuming

and prone to errors, even though automatic segmentation algorithms ex-

ist [33, 53, 174]. Moreover, neither the correct values nor the details of

the inhomogeneities and the anisotropic structure of the conductivities

are known on the individual level, which affects the accuracy of the for-

ward model and source localization [199, 107].

Finally it is noted that, if the data contain artifacts, they should be re-

moved prior to the analysis of the neural sources by the methods described

in this section. Otherwise, the artifactual activity may seriously corrupt

the estimates of the inverse problem.

2.4.4 Estimating EEG signal sources by blind source separation

The starting point is now the general spatiotemporal decomposition (2.4)

where we wish to make the separation of sources based on the measured

EEG as illustrated in Fig. 2.7. In this context, sources are also often called

components. We now seek for the solution based on blind source separa-

tion (BSS). In contrast to Section 2.4.3, the EEG signal sources are found

based on their statistical properties only, meaning that no assumptions

of the physical model of the signal generation are made when finding A

and S in (2.4). The data may contain both artifactual and neural compo-

nents as long as they obey the linear model (2.4), where A is now called

the mixing matrix; the component waveforms are the rows of S as previ-

ously. After obtaining estimates for the components, one needs to inter-

pret what kind of (neural or artifactual) phenomena they represent. This

interpretation is based on both the topography and the waveform of each

component separately. Furthermore, it is possible to perform source lo-
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Figure 2.7. Each EEG electrode records a signal which is a weighted sum of all the under-
lying neural sources (circles on the cortex). The multi-channel data is there-
fore a mixture of the waveforms of the hidden components (neural sources).
The goal of BSS is to decompose (unmix) these EEG data to obtain the orig-
inal waveforms corresponding to the activity of the underlying components.
Note that, although not depicted here, some components may also present
extracranial signal sources, e.g., scalp muscle activity or powerlines.

calization using the topographies of the estimated neural components as

explained in the previous section: for example single-dipole fitting for the

estimated jth mixing matrix column Â(:, j) can be obtained by inserting

Â(:, j) instead of X(:, j) in (2.10).

In practise, the number of components N is usually set less than or

equal to the rank of the data matrix. The decomposition, or the separa-

tion of components according to (2.4), is found by assuming a statistical

model for S. Commonly, the assumption is mutual independence or uncor-

relatedness of the components, but BSS can also be based on identifying,

for example, components with sparse non-zero activity in the waveforms

[111, 110]. BSS requires a large number of data samples in order to find

components fulfilling the statistical assumptions reliably. In addition to

EEG and MEG, BSS can be applied in various fields of medical imaging,

where multidimensional data are analyzed, including image processing

[47] and interpreting electrocardiogram signals [202, 129] or functional

MRI data [30, 201].
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It is notable that the ordering and scaling of the mixing matrix columns

is arbitrary since the rows of S can always be reordered and -scaled to

produce the given data by rewriting (2.4) as

X =
∑

i∈{1,...,N}
[diA(:, i)]

[
d−1
i S(i, :)

]
, (2.13)

where di is the scaling factor of component i, and the order of the terms

in the summation does not matter. Therefore, BSS-estimated components

are given in a random order, and to interpret the results, some classifi-

cation of the components needs to be performed to identify, for example,

the artifactual and neural components. This can be made automatically if

suitable information is available, but commonly, subjective decisions are

needed.

To form the statistical model for the components, the columns of S are

interpreted as samples representing random vector s. Accordingly, the

data samples, collected in the columns of X, represent a random vector

x = As. The probability densify functions (pdf ’s), p(s) and p(x), of the

random vectors are not known, but, instead, the BSS algorithms aim at

finding S so that the samples fulfill the given statistical properties. In the

following three sections, we provide an overview of uncovering uncorre-

lated or independent components based on the measured data to obtain

the decomposition (2.4).

2.4.5 Uncorrelated components and BSS based on exact joint
diagonalization

The covariance matrix of the hidden components S can be approximated

with the sample covariance matrix as cov(s) ≈ cov(S). By definition, if the

components are uncorrelated, their covariance matrix is diagonal. In fact,

because the scaling of the components is arbitrary (as shown by (2.13)),

the covariance matrix can be set equal to the identity matrix. Assuming

noiseless data X = AS, where A is an invertible square matrix, we may

then use the identity

A−1cov(X)(AT)−1 = cov(S) = I (2.14)
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for finding A−1, which is called a diagonalizer of the data covariance ma-

trix. The mixing matrix cannot be uniquely solved based on (2.14): if B−1

is a diagonalizer of cov(X), then A−1 = (BV)−1, where V is any N × N

orthogonal matrix, is also found to be a valid diagonalizer.

One possible diagonalizer B can be found by using principal component

analysis (PCA), which yields

cov(X) = UΛ2UT , (2.15)

where U is an M×M orthogonal matrix and Λ2 is an M×M diagonal ma-

trix containing the eigenvalues of cov(X) as its diagonal elements. We see

that the mixing matrix of the form A = UΛV satisfies the given identity

(2.14), where the remaining task is to find V.

One way to estimate the mixing matrix uniquely would be to have an-

other dataset X2 = AS2 with the same mixing matrix as previously and

uncorrelated components with a diagonal covariance matrix cov(S2) = D2.

Note that D2 cannot be set equal to the identity matrix because the scal-

ing of components was determined in (2.14). Making use of both datasets

X and X2, it is possible to solve V in A = UΛV, where UΛ is already

known based on (2.15), as explained in the following. Analogously to

(2.14), the second diagonalization problem becomes

A−1cov(X2)(A
T)−1 = cov(S2) = D2 . (2.16)

Since we are looking for the mixing matrix in the form A = UΛV, (2.16)

can be written as

B−1 cov(X2)(B
T)−1 = VD2V

T, where B = UΛ , (2.17)

where we can use PCA to find V (and D2) uniquely provided that all the

diagonal elements in D2 are distinct. To summarize, using (2.15) and

(2.17) to obtain UΛ and V, respectively, provides a solution for the mixing

matrix, whereafter the waveform matrix is obtained by S = A−1X. This

way the joint diagonalization problem of two target matrices (here, the

covariance matrices in (2.14) and (2.16)) can be solved exactly, and the

solution has been used as the basis of several BSS approaches [18, 185,

12, 144, 132, 176].
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2.4.6 BSS based on approximate joint diagonalization

Even though the joint diagonalizer of two target matrices can be found

exactly, as explained in the previous section, the solution is very sensi-

tive to inaccuracies, i.e., noise and sampling errors, in the data. Sam-

pling errors refer to deviations between the estimated and true target

matrices due to limited amount of collected samples. To get more robust

estimates for the mixing matrix, multiple covariance (or other target) ma-

trices should be diagonalized simultaneously. To that end, we assume

datasets Xj , j = 1, . . . , J , each of which arises from the linear model

Xj = ASj , where the hidden component are uncorrelated with diagonal

covariance matrices cov(S)j = Dj . By following the same reasoning as

with identities (2.14) and (2.16), we get

A−1cov(Xj)(A
T)−1 � Dj , j = 1, . . . , J , (2.18)

where A−1 is an (approximate) joint diagonalizer of the data covariance

matrices and Djs are diagonal matrices. In practice, no exact joint diag-

onalizer can be found when J > 2 due to inaccuracies in the sample co-

variance matrices of both the hidden component and the data, for which

reason approximate joint diagonalization (AJD) techniques are needed.

Adding more target matrices, here data covariance matrices, for the joint

diagonalization procedure, makes the estimation of A more stable and ac-

curate, provided that the corresponding component covariance matrices

cov(Sj) are (close to) diagonal and have enough variability [1].

Various algorithms exist for solving the AJD task. In this work, we used

FFDiag [204], J-di [177], ACDC [200], and Pham’s algorithm [155]. A

comparison between AJD methods has been made in [41]. AJD is the basis

of many BSS methods including the popular SOBI [7, 8] and JADE [19]

algorithms. Non-stationarity has been suggested as a source of retrieving

multiple datasets for the joint diagonalization problem of covariance or

autocovariance matrices, e.g., in [155, 24, 25, 23, 26, 176]. For a review

of analyzing EEG by applying AJD to the second-order statisctics of the

data, see [29].
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Figure 2.8. Left: The dots represent samples of the components drawn from their joint
pdf, which arises from the cartesian product of the marginal distributions
(the histograms next to the vertical and horizontal axis). The values of the
components cannot be predicted from each other in any way, i.e., they are
independent. Right: The marginal distributions are the same as on the left.
Now, the samples do not appear independent because they do not cover the
whole area determined by the marginal distributions. In fact, there is a pos-
itive correlation between the values of the components. The samples (dots)
may have been drawn from two different joint pdfs, in which case the lower
left corner of the scatter graph represents one distribution, and the upper
right corner another one. This would be an example on non-stationary data.

2.4.7 Independent component analysis

Perhaps the most commonly used BSS method with EEG data is inde-

pendent component analysis (ICA), where the statistical underlying as-

sumptions are that the components are mutually independent and non-

Gaussian. Independence is defined in terms of the probability distribu-

tions of the components as

p(s) = p(s1) · · · p(sN ) (2.19)

where s = [s1, . . . , sN ]T. To illustrate the cartesian product (2.19) for mea-

sured samples, an example is shown in Fig. 2.8 on the left.

Given a set of measured noisy data samples, finding the independent

components is a difficult task and, in practice, the identity (2.19) can-

not be used for this task per se. Instead, there is a multitude of ICA

algorithms based on simplified/approximative measures of independence

such as minimization of the mutual information or maximization of the

non-Gaussianity of the estimated components [80]. Some popular ICA

algorithms used in EEG analysis are FastICA [78], infomax ICA [108],
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JADE [19], and SOBI [7]. To achieve a representative sample such as in

Fig. 2.8, ideally, all the collected samples should be independently drawn

from the same underlying joint probability distribution. If any statistic

of one component can be predicted based on the other components, inde-

pendence is violated. Fig. 2.8 (on the right) shows an example of the case

when two components appear correlated (and thus dependent).

A failure in uncovering hidden components by ICA can be due to many

reasons even though the components would in fact be independent, for

example, the number of samples is too few, or all the samples are not

derived from the same pdf. The latter option can occur if the components

are non-stationary within the time period of the collected data, meaning

that the joint pdf (any statistical parameter) of the components changes

as a function of time. Due to non-stationarity, the collected samples of

independent components may spuriously seem dependent of each other.

In the example case illustrated in Fig. 2.8, on the right, the samples may

have been drawn from two different joint pdf ’s of non-stationary data,

where the means of the components are different in the lower-left and

upper-right corners.

FastICA

In many of the Studies in this Thesis, the FastICA algorithm was used to

find the decomposition (2.4) [78, 81]. PCA according to (2.15) is first used

to whiten the data by

Xw = MwX = Λ−1UTX . (2.20)

Whitening is a preprocessing step for several BSS approaches since the

whitened mixing matrix Aw = MwA becomes orthogonal, which simpli-

fies and speeds up the estimation. Whitening also has the effect of nor-

malizing the data variance in all signal-space directions.

Because mixing of the independent components yields more Gaussian

signals that have higher entropies than the original components, FastICA

aims at finding S such that the corresponding pdfs p(si), i = 1, . . . , N ,

are maximally non-Gaussian. Negentropy can be used to measure non-

Gaussianity as the entropy difference between a given distribution p(si)

and the Gaussian distribution. Therefore, FastICA is based on finding
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maxima of the approximative negentropy function defined by

J(w) =

⎡⎣ 1

T

T∑
j=1

G(wTXw(:, j))− c

⎤⎦2 , with ‖w‖ = 1 , (2.21)

where G(·) is a contrast function, and c is the expectation of G(u), u being

a normalized Gaussian variable.

The aim of FastICA is to find a collection of orthonormal weights {w1, . . . ,

wN} so that local maxima of J(w) are reached at wi, i = 1, . . . , N . The

estimated whitened mixing matrix is constructed as Âw = [w1, . . . ,wN ],

and the estimated waveform matrix is Ŝ = Â
T
wXw.

Because independent components are uncorrelated, by (2.14), the esti-

mated mixing matrix is obtained as

Â = XŜ
T 1

T
= A

1

T
SŜ

T ≈ AI = A . (2.22)

Event-related data and ICA

Generally, the ICA algorithms require the input data in a two-dimensional

format, where each column vector represents one data sample. For this

purpose, event-related responses are typically preprocessed either by av-

eraging or concatenating according to (2.7) or (2.8), respectively. The ad-

vantage of averaging is that it improves the SNR compared to the concate-

nation of single trials. On the other hand, averaging reduces the number

of samples and eliminates information in the trial-to-trial variability of

the hidden components, which may lead to overlearning of the data by

ICA [169]. Another issue is the non-stationarity of the event-related data.

It is well known that, for example, the sample mean of the evoked data

changes as a function of time with respect to the stimulus, which is man-

ifested by the time-dependent amplitude (deflections) of averaged ERPs

(see, e.g., Fig. 2.5). As discussed, non-stationarity of the data may lead to

problems when using ICA, since the samples of independent components

may not fulfil the independence assumption (2.19). This problem is more

formally treated in Section 4.3.

An overview of studies and applications utilizing BSS in the analysis of

event-related data is given in the next section. In Study III of this The-

sis, we examined how ICA should be performed optimally when studying
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ERPs, taking into account the non-stationarity of the data.

2.4.8 Applications of BSS with event-related responses

BSS has been widely applied in analyzing event-related EEG and MEG

responses, because decomposing complex multichannel data into compo-

nents makes the data easier to interpret. BSS has been reported useful

for source localization since the estimated topographies can often be ex-

plained by only a few active cortical sites [75, 149], in contrast to the orig-

inal EEG, where multiple sources are typically simultaneously active. In

fact, often, single-dipole fitting can be used to identify the source location

of an estimated topography [203, 43, 17].

BSS has frequently been applied to event-related EEG/MEG as pro-

cessed either by averaging or concatenating the single trials [120, 71, 92,

121, 194, 180, 119, 138]. An important benefit of BSS is that single-trial-

level information can be retrieved [42, 181, 136, 92, 17], which is use-

ful, for example, in identifying different instantaneous cognitive states

[12, 93, 109].

Brain–computer interfaces (BCIs) utilize brain imaging or monitoring

methods so that a person can perform a desired action without speech or

other motor acts. Portable EEG systems are useful in this application.

In BCI, BSS methods have been used to extract the essential information

from the person’s EEG to express, for example, his/her choices in selection

tasks [181, 63, 137]. For a review on BCI and connections to BSS, see

[122].

Several types of artifacts in the data, e.g., those caused by eye blinks, can

be effectively identified and removed by ICA [31, 194, 88, 89, 91]. Auto-

matic and semi-automatic techniques have been developed to identify the

artifactual components [44, 183, 90]. ICA has also been used to remove

TMS-related artifacts from EEG [71, 104, 163].

BSS has been utilized in basic neuroscientific research, for example, in

comparing ERPs between different tasks or conditions [40] and in cor-

relating single EEG trials with some other physiological parameter [92].

BSS has also been suggested as a tool to help in making diagnostic or

prognostic decisions in a clinical setting [101]. The proposed clinical con-

ditions have included Alzheimer’s disease [27], depression [62], and epilepsy
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[150].

2.4.9 Comparison between BSS and source analysis based on
the lead-field matrix

Benefits of using BSS compared to lead-field matrix -based source mod-

elling are listed in the following:

• There is no need for constructing a physical model of the head nor for

computing the forward solution.

• There is no bias due to possible inaccuracies in the forward solution.

• The components can be neural or artifactual—the same statistical model

can be applied.

• Artifacts do not need to be removed prior to BSS.

• If localization of the neural components (found by BSS) is required, it

is often adequate to apply single-dipole fitting to the topographies cor-

responding to the neural sources. Single-dipole fitting is more accurate

than the more complicated distributed source model -based algorithms

when the neural activity is confined in a single small cortical patch

[178, 39].

On the other hand, possible pitfalls and challenges of BSS are:

• The accuracy may decrease due to the lack of prior information of the

underlying physics, i.e., the lead-field matrix.

• The nature and locations of the components need to be deduced after-

wards. In some cases, these interpretations are difficult to make.

• Often the validity of the assumed statistical model for a given dataset

cannot be checked.

• The BSS methods are usually stochastic by nature, i.e., different runs

of the algorithms lead to different estimation outcomes depending on

the starting conditions. This same issue concerns some of the lead-field

matrix -based source localization methods as well.

Regarding the last two remarks, it is noted that techniques have been
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proposed to check the consistency of the estimated components when re-

sampling the data [46, 126], using different starting conditions for BSS

algorithms [76], or comparing between subjects or measurement sessions

[79]. These techniques solve the problem of evaluating the reliability of

the BSS results to some extent.

In addition to the purely lead-field matrix -based (spatial) methods or

statistics-based (temporal) methods, there are also estimators that utilize

both approaches. For example, beamformers and Bayesian modelling can

utilize both the forward solution and predefined statistical assumptions

for the waveforms [131, 198].

2.4.10 Wiener estimation

In this section, the Wiener estimation technique, also called Wiener fil-

tering, is described in a general framework. In this Thesis, Wiener esti-

mation has been used to reduce sensor noise from EEG measurements.

In the generative model (2.2) for EEG data, sensor noise refers to part of

N that is uncorrelated over the channels. In addition to noise, artifacts

may also be confined in single channels and, thus, removed by Wiener

estimation. Here, a theoretical basis for removing spatially uncorrelated

noise/artifacts is provided. For a more thorough overview of Wiener esti-

mation, see, e.g., [73, 175, 81].

Let us consider an m-variate random vector x consisting of the true

noiseless measurement d and noise n that is uncorrelated with d and

whose components are also mutually uncorrelated:

x = d+ n . (2.23)

Our aim is to estimate the true signal linearly from x using the correlation

matrix of x, denoted by R. For this purpose, the Wiener estimator can be

used as described next.

We now use the index vector notation ki = [1, . . . , i − 1, i + 1, . . . ,m] to

select a subvector or submatrix containing all but the ith element, row

or column of a matrix or a vector. Accordingly, x(ki) denotes a subvec-

tor where the ith element has been excluded, and R(ki,ki) denotes the

submatrix of R where both the ith row and ith column are discarded. To

estimate d(i) from the noisy data, we use all the data components except
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for the ith one to solve the following linear estimation problem:

d̂(i) = ŵT
i x(ki)

ŵi = argmin
wi

E
{[

wT
i x(ki)− d(i)

]2}
,

(2.24)

where ŵi is the weight vector that solves the minimization problem, x(ki)

is the estimator input, d(i) is the variable to be estimated, and d̂(i) is the

estimator output. Solving this problem yields the minimum mean-square-

error estimator, also called the Wiener estimator or the Wiener filter:

ŵi = E {x(ki)x(ki)}−1 E {x(ki)d(i)}
= E {x(ki)x(ki)}−1 E {x(ki)x(i)}
= R(ki,ki)

−1R(ki, i) .

(2.25)

The second row in (2.25) is obtained by noticing that, since the noise is un-

correlated with the true signal and has also mutually uncorrelated com-

ponents, we get E {x(ki)n(i)} = 0. Thus, E{x(ki)d(i)} = E{x(ki)d(i)} +

E{x(ki)n(i)} = E{x(ki)x(i)}, i.e., the noisy signal x(i) can be used instead

of d(i) when computing the cross-correlation vector E {x(ki)d(i)} for the

Wiener estimator.

As the true correlation matrix of the data is not known in practice, it

can be estimated using an a priori statistical model of the data and/or

the recorded data samples. If relying solely on the data, we use the sam-

ple correlation matrix to approximate R. The data-driven version of the

Wiener estimator is then obtained by substituting the sample correlation

matrix into (2.25). An application of Wiener estimation to EEG is ex-

plained in Section 4.5.
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3. Aims of the Studies

3.1 P I: Removing TMS artifacts from EEG by ICA

We started applying ICA to TMS-evoked EEG in order to remove muscle

artifacts from the evoked responses. The aim was to develop a method

which uncovers independent components in a repeatable way and can

identify the artifactual components automatically.

3.2 P II: Uncovering neural independent components from
TMS–EEG data

The purpose of the second study was to use ICA in uncovering neural

activity from TMS–EEG data. However, it was realized that the topogra-

phies of the estimated neural components get erroneous when the data

contain large-amplitude artifacts. For this reason, we developed suppres-

sion techniques to recover the neural components from highly artifactual

EEG without distortion.

3.3 P III: ICA and event-related EEG

ICA has been commonly applied to event-related data in neuroscientific

research. However, it can be questioned how applicable ICA is with ERPs

due to the non-stationarity of the measured responses. In the case of

TMS-evoked artifacts and neural activity, one may also question whether

these two types of signal sources, initiated by the same stimulus, are re-
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ally independent of each other. The aim was to answer whether ICA is a

valid technique for analyzing event-related responses and how the anal-

ysis should be performed correctly. In this study, we showed that the

independence assumption fails in the case of ERPs. In order to perform

ICA on event-related responses correctly, a new preprocessing protocol

was designed, which leads to unbiased ICA results.

3.4 P IV: BSS and event-related EEG

This study was a direct continuation of Study III. The purpose was to

present a more general overview of how one should apply BSS to event-

related EEG/MEG data, which has been an open question due to the non-

stationarity and low SNR of the single data trials [193]. In the presented

statical framework, we proposed several suitable BSS approaches and

made an extensive comparison between them. The most accurate BSS

method was based on finding uncorrelated components. This method was

shown to be robust also at the presence of noise and artifacts.

3.5 P V: Noise suppression based on Wiener estimation

In addition to artifacts, EEG data always contain noise. In this study,

the aim was to find a way to suppress sensor noise in the multi-channel

data, by utilizing the statistical and spatial characteristics of the EEG

signals and, at the same time, minimally eliminating information content

of the EEG originating from the brain. As an outcome, we presented noise-

suppression techniques designed for removing non-neural noise from EEG

by Wiener estimation applied to the multi-sensor data.
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4. Summary of the Studies

4.1 P I: Removing TMS artifacts from EEG by ICA

Figure 4.1. Examples of TMS artifact removal in three different EEG channels using
two ICA-based approaches: the automatic EDM algorithm and the subjective
artifact removal by MaM. The term ’Compressed data’ refers to the signals
before EDM/MaM. Both methods can be seen to remove the artifactual sig-
nals, which arise right after the onset of TMS. From P I with permission.

We applied the FastICA algorithm to averaged TMS–EEG data. An em-

pirical finding was that the components which seem artifactual by visual

inspection also have high negentropy values. We therefore used FastICA

to find one independent component at a time (the deflation mode) to get
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the components in descending order of their negentropy values. Starting

with the first component, we removed components one after another until

all the corrected EEG amplitudes fell below a given threshold.

This automatic artifact removal technique is called the enhanced de-

flation method (EDM); we compared it with the manual method (MaM),

where the removed ICs were selected by visual inspection. With mea-

sured TMS–EEG data, these two methods were compared. An example of

cleaned EEG is shown in Fig. 4.1. While both MaM and EDM were able

to remove artifacts, the estimation results by EDM were more repeatable

than those of MaM. Moreover, fewer components had to be removed to

clean the EEG data when using EDM than MaM. EDM is also faster that

MaM because it requires less subjective decision making.

4.2 P II: Uncovering neural independent components from
TMS–EEG data

Figure 4.2. Before suppression (on the left) the simulated and estimated topographies
do not resemble each other, whereas after suppression (on the right), these
topographies appear highly similar. As a result, the localization of the neural
sources becomes more accurate. From P II with permission.

In this study, we wanted to uncover neural activity from TMS–EEG data

by applying ICA to averaged evoked EEG. We first illustrated how this

estimation becomes problematic due to numerical unstability at the pres-
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ence of artifacts, whereafter a possible solution was presented in the form

of suppression. Suppression, in this context, refers to reducing the ampli-

tudes of the artifacts without aiming at removing them.

In the linear model (2.4), if X and Ŝ are known, one obtains Â by (2.22).

Writing C = 1
T SŜ

T
and assuming noiseless data, we get

Â(:, j) =

N∑
k=1

A(:, k)C(k, j) . (4.1)

If ICA works perfectly, C is the identity matrix. In practice, C always has

non-zero off-diagonal elements because of inaccuracies in the obtained es-

timate Ŝ. One can see that, if a topography A(:, i) has large numerical

values as compared to another topography A(:, j), even a small non-zero

off-diagonal element C(i, j) can distort the estimate Â(:, j). This sort of

numerical instability may easily arise with artifactual EEG, where the

numerical values in the artifact topographies are of several orders of mag-

nitude larger than the values in the neural topographies.

As ICA algorithms find the waveforms based on their independence as-

sumption, Ŝ can be assumed to be estimated rather accurately. However,

the mixing matrix is not modelled per se. Instead, it is retrieved by (2.22).

Furthermore, taking i to represent an artifact and j a neural component,

we easily end up with erroneous estimation of the neural components as

reasoned with (4.1).

To correct the estimated neural topographies, we introduced the method-

ology of suppression. The idea is that, to prevent numerical instability in

(4.1), the highest values in the mixing matrix are rescaled by multiplying

(2.4) by the suppression operator P from the left. The suppression pro-

cedure operates on the data and the mixing matrix, but it does not affect

the component waveforms:

PX = PAS . (4.2)

P is full-ranked, so the dimensionality of the data is preserved, and thus,

S may be estimated either before or after the suppression.

Three different ways of constructing the suppression matrix were pro-

posed, all of which were based on PCA of the original or filtered data

(according to (2.15)). The suppression was based on rescaling a selected
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number of largest eigenvalues to the same level with the remaining ones.

One of the suppression schemes was whitening the data by (2.20), which

corresponds to rescaling all the eigenvalues so that they become equal.

We compared the suppression schemes by applying source localization

in the form of single-dipole fitting to the estimated suppressed topogra-

phies. We inserted one simulated dipolar component to measured highly

artifactual TMS–EEG data, and the aim was to uncover the simulated

component by ICA. Dipole fitting has been applied to estimated ICA to-

pographies in many studies, and, thus, this kind of comparison is rele-

vant in practice. To summarize the results, in most comparison cases, all

the suppression methods were able to correct the topographies to some

extent as shown by the improved source localization accuracy. Whitening

was the most consistent suppression method and yielded the most accu-

rate results in all the test cases. An illustrative example of suppression is

shown in Fig 4.2, where it is clear how the suppression is able to correct

the biased topographies.

4.3 P III: ICA and event-related EEG

We start this section by presenting a statistical model for the multi-trial

data described in (2.6). This model was utilized in both Studies III and IV.

For a fixed time instant j, we use the notations Xj = X3D(:, j, :) and

Sj = S(:, j, :)3D. In the statistical analysis, we assume that the vectors

Sj(:, k), k = 1, . . . , R, are samples of a random vector sj , and Xj(:, k), k =

1, . . . , R, are samples of xj . The same linear model is assumed as previ-

ously in (2.4), yielding

xj = A sj , (4.3)

where the noise has been discarded for simplicity. Two important assump-

tions are made in this model: the topographies are fixed, but the statistics

of the hidden components may vary as a function of time j as described

by p(sj) = p([sj(1), . . . , sj(N)]).

We continue by assessing whether ICA is feasible with event-related

responses. If the hidden components in model (4.3) are independent,

p(sj) = p(sj(1)) · · · p(sj(N)) . (4.4)
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We call this property momentary independence as it applies for single time

instants, which means that, at any given time, the amplitude of any of the

components cannot be predicted by the amplitudes of the other ones. For

example, if the EEG trials are composed of stimulus-evoked components

whose deflections have amplitudes and latencies varying from trial to trial

independently of the other components, the components fulfill the identity

(4.4).

Commonly, in order to apply ICA to multi-trial EEG, single trials are

concatenated according to (2.8). If the concatenated data are composed of

momentary-independent components, the joint pdf representing the con-

catenated samples of the components becomes

p(s) =
1

T

T∑
j=1

p(sj) =
1

T

T∑
j=1

p(sj(1)) · · · p(sj(N)) . (4.5)

On the other hand, for ICA to work correctly with the concatenated data,

the components should be independent as defined by (2.19). Using mo-

mentary distributions, independence reads as

p(s) = p(s(1)) · · · (s(N)) =

⎡⎣ 1

T

T∑
j=1

p(sj(1))

⎤⎦ · · ·
⎡⎣ 1

T

T∑
j=1

p(sj(N))

⎤⎦ . (4.6)

We can see that (4.5) and (4.6) are not identical, except for rare special

cases. Therefore, in the case of concatenated multi-trial data, indepen-

dence assumption is generally not valid even though the data would con-

tain independently functioning hidden components.

In this study, we suggested a preprocessing technique, called mean sub-

traction, defined by

Xms = [X3D(:, :, 1)−Xave, . . . ,X3D(:, :, R)−Xave] . (4.7)

Assuming that the data consist of momentary-independent components,

this preprocessing leads to components sms with the following null-

conditional mean (NCM) property:

E(sms(i)|sms(j)) = 0, if i �= j . (4.8)

It is emphasized here that this operation is different from the commonly
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applied preprocessing of setting the sample mean of the (concatenated)

data to zero by centering according to (2.5). We showed that FastICA is

able to estimate correctly the components that have the NCM property.

Experimentally, we have discovered that these components can be uncov-

ered by several commonly used ICA algorithms, even though the same

algorithms fail if the sample means are set to zero merely by (2.5).

For methodological validation and comparison, we created simulated

data that resembled TMS–EEG data but the results are relevant for all

kinds of studies that utilize event-related responses. The data contained

both artifactual and neural components whose amplitudes and latencies

were varying independently of each other from trial to trial. Commonly,

these types of evoked trials are concatenated for ICA and then centered.

We performed ICA on both concatenated trials and mean-subtracted data

using (4.7). As illustrated in Fig. 4.3, the difference between the two ap-

proaches was evident: even at high SNR, ICA applied to the concatenated

data failed, whereas the components with the NCM property were found

correctly.

Figure 4.3. Left: The number of accepted components (NAC), meaning the number of the
components that ICA found accurately, as a function of SNR when using the
concatenated (original) or mean-subtracted data. From P III with permission.
Right: The power of TMS–EEG data as a function of time. The power is
defined as the root-mean-square value of the signals (averaged over all the
measured channels and trials). It can be seen that the artifact power is highly
attenuated by the mean subtraction operation.

In the case of TMS–EEG data, an extra benefit of mean subtraction is

that it greatly reduces the amplitudes of the TMS artifacts. As the TMS-

artifacts are dependent on the stimulus, their timing is coincident over the

trials. Therefore, the variability of the aftifact amplitudes is relatively

low compared to the averaged artifact amplitude. This is illustrated in

Fig. 4.3, on the right. As a result, the numerical instability of ICA due
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to the artifacts, which was discussed in Section 4.2, is not so problematic

with the mean-subtracted data.

4.4 P IV: BSS and event-related EEG

This study comprises several BSS approaches suited for non-stationary

ERP data. We now use the same notations and statistical model as out-

lined in the beginning of Section 4.3. In the same section, we described

how ICA can be applied to event-related responses. Here, we continue by

describing more techniques of performing BSS on event-related responses.

We now illustrate how ERP data can be viewed as a piecewise station-

ary process. Piecewise stationarity refers to the form of non-stationarity

where the data can be divided into subsections within which the data are

stationary. By concatenating the data as follows:

X = [X1, . . . ,XT ] = A[S1, . . . ,ST ] , (4.9)

where noise has been discarded for simplicity, we see that the first R sam-

ples represent (4.3) at j = 1, the following R samples arise from the same

model at j = 2, and so on. This reasoning implies that these concatenated

non-stationary data contain T stationary blocks, each of length R. There-

fore, to find the decomposition (4.9), we may use BSS methods designed

for piecewise stationary data, for example, the Block EFICA algorithm,

which is an extension FastICA [100].

If the components are uncorrelated in each stationary block, the compo-

nent covariance matrix, approximated by

A−1cov(Xj)(A
T)−1 ≈ cov(Sj) , (4.10)

is (almost) diagonal for j = 1, . . . , T . Therefore, the mixing matrix can

be estimated by finding an approximate joint diagonalizer A−1 of the mo-

mentary covariance matrices cov(Xj), as described in Section 2.4.6. We

call this method momentary-uncorrelated component analysis (MUCA).

Autocovariance matrices of the event-related data can also be used as

target matrices for AJD if the corresponding component autocovariance

matrices are diagonal: for example, if the hidden components are uncor-
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related over a given time lag τ , making E((sj − E(sj))(sj+τ − E(sj+τ ))
T)

diagonal for all j = 1, . . . , T − τ , the data autocovariance matrices with

the same time lag τ can be used as target matrices for AJD.

Figure 4.4. Left: The locations and waveforms of five simulated dipoles (components).
The resulting simulated data were merged with measured TMS-evoked EEG,
after which BSS was used to uncover the components. Right: The number of
accurately-estimated components (NAC) by four different BSS methods as
a function of the background EEG level (defined as the root-mean-square
value of the measured EEG averaged over all the channels, time points, and
trials). FFDiag and J-di are AJD methods used with MUCA. Block EFICA
and FastICA are ICA algorithms. NAC was based on the dipole localization
error associated with each estimated topography, which was required to be
less than 0.5 cm. Modified from P IV with permission.

Extensive comparisons were made between several BSS approaches de-

signed for ERP data, including methods suited for piecewise stationary

data, ICA, MUCA, and AJD of autocovariance matrices. To summarize

the results, MUCA was shown to be more robust with respect to noise, ar-

tifacts, and decreasing number of trials than the other evaluated methods.

For demonstrative purposes we also applied the BSS algorithms (SOBI

and FastICA) in their usual ways, i.e., using concatenated and centered

data, without taking into account non-stationarity. It is notable that in

this case the decomposition of components fails almost completely even

when no noise is present.

A more realistic dataset was generated by adding five simulated (dipo-

lar) components into measured TMS–EEG data. We then evaluated how

well the BSS methods were able to find the added components from the

artifactual and noisy data. Dipole fitting was applied to the estimated to-

pographies and the distance between the simulated and uncovered dipole

location was computed for a practical measure of estimation error. The

results showed that MUCA was most accurate as measured with source
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localization accuracy; see Fig. 4.4.

4.5 P V: Noise suppression based on Wiener estimation

Here, we describe a data cleaning approach developed to identify and re-

move sensor noise from EEG/MEG signals. The approach is based on ap-

plying Wiener estimation (see Section 2.4.10) to multi-sensor data recorded

by EEG or MEG. Two different algorithms are presented: a purely data-

driven technique and a lead-field matrix -based iterative noise-suppression

scheme.

We aim at estimating the noiseless neural data Xn in the generative

model (2.9). The data correlation matrix, needed for constructing the

Wiener estimator, is retrieved by R = LΓLT + Σ, where Γ and Σ are

the source and noise correlation matrices, respectively. Note that, since

the sources and noise are expected to have zero means, their correlations

matrices are equal to the corresponding covariance matrices. The noise

is assumed to be spatially uncorrelated, i.e., it has a diagonal correlation

matrix. Therefore, the Wiener estimator (2.24) can be used to clean EEG

by substituting R into (2.25), yielding an estimate for the neural EEG as

X̂n(i, :) = L(i, :)ΓL(ki, :)
T
[
L(ki, :)ΓL(ki, :)

T +Σ(ki,ki)
]−1

X(ki, :) . (4.11)

When the source correlation matrix is not known, we assume that the

sources are independent and identically distributed; Γ = αI, where α

needs to be tuned heuristically, e.g., using the techniques proposed in [54,

11, 58, 141]. The ith diagonal element of the noise correlation matrix is

estimated by

Σ(i, i) =
1

T

T∑
j=1

N̂(i, :)2 =
1

T

T∑
j=1

[
X(i, :)− X̂n(i, :)

]2
. (4.12)

To remove noise from the measured data, we introduced an algorithm,

called the source-estimate-utilizing noise-discarding algorithm (SOUND),

which is based on iterating between the steps of estimating and remov-

ing EEG sensor noise, by (4.12) and (4.11), respectively. The iteration is

performed sequentially over all the channels i ∈ {1, . . . ,M} until Σ has

converged. To conclude, SOUND works in an automatic fashion to identify
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Figure 4.5. Left: The original (red) and corrected data (black) illustrated according to
the electrode-positioning layout on the head. Right: The noise levels of all
the channels colour-coded on the head surface in the same layout as on the
left. The true and estimated noise levels are also shown in the scatter graph,
where they are seen to correspond to each other well. Modified from P V with
permission.

and eliminate sensor noise in the signals.

Alternatively, the correlation matrices can be estimated by using the

measured data to compute the sample correlation matrix R = T−1XnX
T
n ,

in which case Wiener estimation by (2.24) and (2.25) yields

X̂
sample
n (i, :) = X(i, :)X(ki, :)

T
[
X(ki, :)X(ki, :)

T
]−1

X(ki, :) . (4.13)

We call this the data-driven Wiener estimate (DDWiener) of the noiseless

signal in the ith channel.

An example of data correction by SOUND is shown in Fig. 4.5. To in-

vestigate the properties of SOUND and DDWiener, we performed several

simulations by varying the properties of the simulated noise and the con-

ductivity model of the head. SOUND was more robust with respect to

correlated noise than DDWiener. In terms of the head model provided for

SOUND, using the realistically-shaped head model of the subject yielded

better estimates compared to using the spherical head model, but the ac-

curacy of the relative conductivity of the skull compared to the brain and

scalp was not crucial to get reliable noise rejection results, which is in line

with previous findings reported in [179]. SOUND was also more accurate

than the spherical spline interpolation, which is often used to correct poor-

quality EEG signals [153, 157, 128].

For source localization, SOUND provided more accurate estimates than

the Tikhonov-regularized solution by (2.12). We also used SOUND to
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clean the data and reconstruct source estimates of TMS–EEG data, see

Fig. 2.5. The resulting source estimates were in line with previously pub-

lished results from studying the propagation of the neuronal activity after

TMS [86, 102].
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5. Discussion and Conclusions

In this Thesis, several methods and operations were developed with the

aim of cleaning TMS-evoked EEG signals from noise and artifacts and un-

covering the evoked neural sources. The introduced methods can be used

also with other kinds of EEG data as well as with MEG, since noise and

artifacts are frequently a problem in these signals. In addition, the de-

scribed BSS analysis techniques can be applied to various kinds of event-

related EEG/MEG; these are popular tools in neuroscience research. Ta-

ble 5.1 summarizes the analysis tasks, for which methodological solutions

were provided.

EEG analysis task/problem Recommended Publication
operation number

ICA with spontaneous EEG Standard centering –
without artifacts
ICA with event-related EEG Mean subtraction P III
BSS with event-related EEG MUCA P IV
ICA with highly artifactual data Suppression P II
Classifying artifactual ICs EDM P I
semi-automatically
Removing sensor noise SOUND P V
(lead-field matrix available)
Removing sensor noise DDWiener P V
(without lead-field matrix)

Table 5.1. Summary of the methods developed in this Thesis and the types of EEG anal-
ysis for which the methods are suited. The publication number, in which each
method was introduced, is also given.
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5.1 Implications of Studies I-IV

In this Thesis, the first three studies concentrated on independent com-

ponent analysis. An evolution of methodological development is evident

since, in the first two studies, ICA was applied to averaged data, which

was later found to be an unreliable way of preprocessing the data for ICA.

Nevertheless, the major findings in these studies are valid. Because of

the characteristics of the artifacts (high amplitude and short duration),

using the negentropy values of the uncovered components to distinguish

the artifactual components from the neural ones, as suggested in Study I,

is feasible even if applying ICA to multi-trial EEG. Moreover, the suppres-

sion approaches presented in Study II are useful whenever BSS is applied

to data that have topographies with large differences in their magnitudes

(norms).

Recently, the common consensus has been that ICA should be applied to

concatenated data instead of the averaged data. Concatenating the multi-

trial data preserves the trial-to-trial variability and the large number of

samples, both features being advantageous for ICA algorithms. Stud-

ies III and IV were based on a novel model for event-related multi-trial

data. The studies showed that using this model is essential in uncovering

the hidden components correctly and that simply concatenating the mea-

sured trials is not an adequate preprocessing for ICA because of the non-

stationary characteristics of the data. In practice, when analyzing TMS-

evoked potentials, we have discovered that the components are highly

different depending on how the data are preprocessed (averaged, concate-

nated, or mean-subtracted). If the mean subtraction is not performed, the

waveforms of the artifactual components peak at the start of the trials,

and the neural components do not appear to overlap with the artifacts,

which seems quite unlikely, given that the neural responses are known to

arise very rapidly after the stimulus. Commonly, some of the estimated

components also have characteristics of both artifactual (peaked) and neu-

ral (smoother and more variable) activity, which makes interpretations of

the components difficult. On the other hand, the components estimated

using mean-subtracted data show more overlapping activity in the wave-

forms, and the distinction between artifactual and neural components is

easier to make.
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To conclude, two major challenges related to analyzing TMS–EEG by

ICA are the non-stationarity of the data and/or large amplitude differ-

ence between the hidden components. Because of these characteristics,

without proper preprocessing, the ICA decomposition is not achieved ac-

curately, and an estimated component may represent a mixture of several

simultaneously ongoing neural/artifactual processes. Therefore, the esti-

mated components can be interpreted erroneously, leading to false con-

clusions of the EEG. For instance, when removing artifacts from the EEG

using ICA, if too many components are classified artifactual ones, one may

end up erasing neural EEG data in the process.

So far, ICA has been utilized in removing artifacts from the TMS–EEG

data. However, in the future, studying the neural components estimated

by BSS have a great potential in revealing information on the functioning

of the brain. Especially, studying the trial-to-trial variability (due to the

instantaneous state of the brain) or differences between different TMS

conditions, e.g., different paired-pulse paradigms, could be studied using

ICA. Commonly, this kind of analysis is performed by studying the ampli-

tudes of EEG channel signals. Because these signals are weighted sums

of several simultaneous processes, this kind of analysis can be insensitive

in finding differences between the stimulation paradigms. However, by

assuming that the topographies of the components (source locations and

orientations) are constant, one may study the differences of the estimated

waveform between separate trials and TMS conditions. If BSS is per-

formed correctly and the estimated components represent separate pro-

cesses, this kind of analysis can be highly sensitive in detecting changes

in neural activity.

5.2 Validity of the assumptions and simulations utilized in this
Thesis

How valid is the non-stationary statistical model used in Studies III and

IV, where each time instant was modelled with a separate probability den-

sity function? As the state of the brain changes from trial to trial, which

modifies the timings and amplitudes of the activity waveforms, the data

on the single-trial level can be highly variable. This means that there is

a lot of uncertainty in the model, which shows in the probability distri-
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butions. Collecting a representative set of samples from these kinds of

data requires recording a large number of responses. However, the statis-

tical model is valid. A more problematic issue is if the state of the brain

changes systematically as a function of trials, which would modify the

joint pdf of the hidden components over the course of the trials. This may

be due to, for example, habituation of the brain responses, leading de-

creasing amplitudes of component waveforms. As discussed in Study III,

ICA is not generally applicable if the collected samples arise from multi-

ple different pdfs. However, the experimental setting can be designed to

avoid this kind of phenomena, e.g., by setting the inter-stimulus intervals

long enough.

It is a valid question if there are truly independent or uncorrelated hid-

den components generating EEG data. The independence between the ex-

tracranial (artifactual) and intracranial processes is believable. However,

as all neurons are linked via synapses, can there be any independence

between neural processes? This question is very difficult as there are no

practical tests to check the validity of a used statistical model based on

the measured data. In this work, we assumed that independent compo-

nents exist, and the question was merely how to find them. In Study

IV, we analyzed somatosensory evoked potentials with MUCA and ICA,

which have similar underlying assumptions. It turned out that many of

the components, uncovered by these algorithmically different methods,

were highly alike. Similar findings have been reported also previously

[43], and, in the studies of TMS–EEG data, we have come across with this

same result. So, at least, different BSS methods seem to converge to the

same solutions systematically, which suggests that hidden components

with characteristics of independence and uncorrelatedness exist. Finally,

it is pointed out here that one may combine ICA with modelling the neu-

ral connections simultaneously, which may be highly useful since, then,

the connections between the hidden components do not interfere with the

ICA results [59, 72].

BSS has many applications, for example, in neuroscientific research, ar-

tifact identification, and BCI. Often in these applications, there is no need

to know whether the estimated components truly have a given statistical

property (e.g., independence), but rather BSS is used in an exploratory

manner to help in finding interesting features in the data. Therefore, in
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practice, the usefulness and accuracy of a given BSS method should be

measured by how well it works in terms of the desired application. For

instance, with BCI the best-performing method is the one that most accu-

rately interprets the subject’s communication.

In many of the Studies of this Thesis, simulated data were used to com-

pare and validate new methods. Even though it is important to use sim-

ulated data for detecting estimation errors, the simulations always pro-

vide a highly simplified setting. In order to know which of the presented

BSS methods suits best for evoked EEG, it would be essential to make

the simulations as realistic as possible. However, the mechanisms of the

generation of event-related responses are not fully understood, although

several theories exist [170, 143, 36]. Therefore, simulating evoked activ-

ity is cumbersome. In addition to the actual evoked responses, the struc-

ture of the noise and artifacts is also more complicated in measured data

than in the simulations. Measured noise can have complicated temporal

structure with autocorrelation and non-stationary properties. Especially,

neural noise is a difficult issue since making the distinction between noise

and interesting brain activity is somewhat arbitrary. Despite all the chal-

lenges and uncertainties, simulations are an important way of validating

and comparing methods in a controlled manner.

5.3 Considerations on artifact and noise suppression

The Wiener estimation techniques presented in this Thesis have proved

robust and useful in removing various types of distortions from EEG data.

The data-driven Wiener estimation method is useful due to its flexibility:

Since multi-trial data have three dimensions, DDWiener can be used to

clean noise which is uncorrelated over the sensors, the trials, or the time

instants, e.g., temporally white noise. On the other hand, the advantage

of SOUND is that the a priori models of neither the neural data nor the

noise have to be fully accurate for gaining efficient noise suppression. The

functioning of SOUND could be further improved if the source covariance

matrix was known or if the number of sources in the lead-field matrix

could be reduced, making the a priori model for the neural data more

informative. The source covariance matrix could be estimated using, e.g.,
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another imaging modality or Bayesian modelling [113, 145].

When analyzing TMS–EEG data, artifact rejection is one of the great-

est challenges. In recent years, significant methodological progress has

been made in this field. Many of the studies in this Thesis also aim at

finding solutions for cleaning artifactual EEG. In addition to the methods

described in Section 2.3.2, SOUND has also proved applicable for artifact

suppression when the artifacts have high spatial frequencies, such as the

TMS-induced artifacts in EEG. Based on the literature, ICA is a popu-

lar, if not the most popular, tool for removing TMS artifacts from EEG

data. So far however, no comparative studies have been conducted to con-

clude which artifact removal methods should be preferred. Because, at

the moment, the practices of using these methods are variable, this kind

of comparison would be highly useful for the researches in the field. An

objective evaluation of the methods would also be needed if TMS–EEG

measurements were to be used in clinical practice.

In our experience, often, no single method alone can optimally clean

measured EEG data because they contain many kinds of noise and arti-

fact sources summated on top of each other. Thus, combining different

techniques is often useful, which has been suggested also in [188]. Be-

cause SOUND preserves the data dimensionality and does not make as-

sumptions on the frequency spectrum of the signals, the data preserves all

the information needed for using additional complimentary noise or arti-

fact suppression techniques. With measured EEG we have sequentially

combined SOUND, low-pass filtering, and SSP or ICA to clean contami-

nated EEG signals succesfully.
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