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Preface

In June 2011, I attended a Systems Biophysics course at Technische Universität
München and, due to clashing schedules, ended up having an oral exam just
before the last lecture of the course. After the exam, the lecturer asked me
to walk to the lecture room with him, and I could not bring myself to tell
him that I was about the skip the lecture. The lecture that followed started
from Königsberg bridges and continued to some recent network applications in
biophysics. Professor Friedrich Simmel, I wish to thank you for a well-timed
question as well as for the lecture that first time introduced to me the fascinating
field of network science!

Around two years later, I found the sentence “I would be interested to do some
research on brain networks” on the web page of Professor Jari Saramäki. I sent
him an email saying, in a condensed form, “Me too. Besides, I would like to do
a PhD.” Jari open-mindedly welcomed me to join his group at the Department
of Biomedical Engineering and Computational Science, as the department was
known in those days. Since then, the group has moved to the Department of
Computer Science and now forms a part of the Complex Systems research area.
What has not changed is Jari’s excellence as a scientist, a supervisor, and a
teacher: during my years of PhD studies, he has applied an almost Socratic
method of teaching with questions and offered me all the imaginable space
and independence, while still being available whenever I needed support and
guidance. Being an outstanding scientist, Jari is a busy man; however, never
too busy to offer his students emphathy and good advice for anything between
methodological issues and buying a pair of shoes.

Even the best experts may find it difficult to survive alone in the
multidisciplinary field of network neuroscience. Therefore, I felt extremely
fortunate to have Professor Mikko Sams from the Department of Neuroscience
and Biomedical Engineering as my second supervisor. It has been an honour to
work with such a great scientist as Mikko and benefit from his experience in
neuroscientific details and his broad scientific perspective. Thank you for
reminding me that natural sciences alone are not enough for understanding the
world inside and around us!

I wish to thank the pre-examiners of this dissertation, Dr. Muriel Lobier
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from the University of Helsinki and Prof. Michael Breakspear from QIMR
Berghofer Medical Research Institute, Brisbane, for their time and valuable
comments. Special thanks belong to Associate Professor Javier Martín Buldú
from Universidad Rey Juan Carlos, Madrid, who has accepted the invitation to
act as my opponent. I am looking forward to hear his profound considerations
on my dissertation and to discuss my work with him.

I want to sincerely thank all my co-authors. Matias and Satu Palva instructed
me during the first steps of my research path while I was still an undergraduate
working at the Neuroscience Center, University of Helsinki. Thanks to you and
the whole lab crew in Viikki/Meilahti! Heini Saarimäki offered me not only an
excellent set of resting-state data but also valuable peer support. The
preprocessing guru Enrico Glerean gently guided me past a bunch of
methodological rocks. I admire your ability to give valuable input to basically
any imaginable issue! Tuomas Alakörkkö probably had some hard time as one
of the first students I ever instructed; thanks for your methodological rigour and
for going down all the weird sidetracks! Elvira Brattico kindly allowed me to
play with her free music listening dataset. Elisa Ryyppö is one of the most
brilliant-minded students I have ever had the luck to work with. Thank you for
everything so far; I hope this has been only a beginning of a great collaboration.

In one of his novels, author Jukka Parkkinen – a childhood idol of mine –
states that the most important part of a dissertation is the preface: everybody
who passed by the office should be thanked. I am definitely lucky enough to
be able to skip that part: the people of the Complex Systems research area
do not pass by each other’s offices but drop in for interesting scientific chats,
offering help, plotting about out-of-office activities such as movie nights and
dinners, or simply to ask others to join a common lunch or coffee break. Thank
you, it has been a pleasure to be part of the team! In particular, I wish to
thank my “older PhD siblings”, Darko Hric, Pietro della Briotta Parolo, and
Talayeh Aledavood, for welcoming me to the group and for making my PhD
path smoother. Had I defended my Thesis only a couple of months later, I could
have thanked Ana María Triana Hoyos as one of my co-authors; now I thank
her for good collaboration so far instead. Mikko Kivelä has unveiled for me
some mathematical mysteries and helped me with setting goals in both science
and life; thanks! Rainer Kujala deserves special thanks for playing Advocatus
Diaboli as well as for his general openness.

Besides the Complex Systems research area, I have had the luck to be affiliated
also to the Brain and Mind Laboratory at the Department of Neuroscience and
Biomedical Engineering. Despite the unfortunate physical distance between us,
the atmosphere among you has always been warm and welcoming. Thank you
for helping me to grow my neuroscientific roots!

Significant amount of the introductory part of this dissertation has been
written in Cafe Samovarbar at Suomenlinna Toy Museum. Many thanks for
letting me to sit and write for hours without buying anything but a teapot – even
in the middle of the highest tourist season!
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Language of this dissertation has been checked by Outi Vuorinen. Thank you
for your help and patience! All the remaining errors are, of course, solely mine.

I wish to thank the Foundation for Aalto University Science and Technology
for their financial support for finalizing this dissertation.

I have had the priviledge to grow up in a family with remarkable cultural
capital and a highly positive attitude towards education. While reading the
countless rows of bedtime stories, my mother Tarja Korhonen taught me the two
most important components of research: curiosity and imagination. My father
Jukka Korhonen gave me an inside view to the university administration already
when I was too young to care about anything but the cookies served in the coffee
room, and supported me in all my academic and non-academic endeavours.
Through my parents, I have become a member of a circle of acquaintances where
reading, learning, and critical thinking are natural parts of everyday life.

While I was on my networky odyssey of PhD studies, my sister Kanerva
Korhonen became a proper tax-paying citizen and thus ended up paying part of
my salary. Thank you for your contribution, as well as for your common sense,
for your absolutely great sense of humour, and for taking me to the swimming
hall every now and then!

Thanking my friends in this occasion is not axiomatic: the correlation between
having friends and proceeding with a PhD is not always significant and may
sometimes – in the not so rare case of late dinners, cottage weekends, interesting
but non-academic discussions and general hanging out – be even negative. In
any case, thanks for peer support to those who gave it; to all the rest, thanks
for everything else. Soledad Chávez Fajardo deserves very special thanks for
opening her home in Madrid for me for an intensive writing period in May 2017.
¡Me muero de gratitud, querida Sole!

My wife Milja Heikkinen has stayed firmly by me throughout my PhD project.
She is not only the person who has, needless to say, taken care of me with good
food, with the daily cuddles, and with unconditional love that goes beyond my
understanding. Instead, she is – first and foremost – a brilliant-minded scientist
who prepares her PhD on a topic with far more practical applications and societal
impact than mine. Many thanks for all the multidisciplinary discussions, science
& wine evenings, and for lending your laptop for research purposes. I would
be happy to publish something together some day – mixing science and love is
always a risk, but I am sure that with you this risk can be safely taken!

Sometimes our thanks can no longer reach those who would deserve them. I
wish to dedicate this work to my deceased father, Jukka Korhonen.

Cafe Samovarbar, Suomenlinna, Helsinki, January 3, 2018,

Onerva Korhonen
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1. Introduction

1.1 Brain networks: what and why?

1.1.1 The linked brain

The images raised in our minds by the word network are concrete and close to
everyday life: the World Wide Web (WWW), the public transportation network
of a city, or a network of social contacts. These are good examples of the concept
of network: a system where nodes – webpages in the WWW, stops and stations
in the transportation network, people in the social network – are connected
to each other by links. In the context of the WWW, these links are actually
known as links, whereas in the transportation network the links may be lines
of busses, trams, or trains, and in the social network different sort of social
relationships, for example friendship or kinship. So, depending on the context,
links may represent a huge variety of different kinds of relationships between
nodes. Network science studies these different networks, as well as their more
abstract models, and aims to find such features of their structure and dynamics
that help to better understand systems modelled as networks.

The function of even the simplest neuronal systems is based on interaction.
A single neuron, separated from others, cannot be expected to perform any
significant information processing; if neurons are artificially separated from
each other, they tend to spontaneously create new connections to form a neuronal
network (de Santos-Sierra et al., 2014). Therefore, each and every neuronal
system is, by definition, a network and can be studied by the methods of network
science. The scope of interest of network neuroscience1 is wide, ranging from
the intra-cellular molecule-level interaction networks to circuit, system, and
whole-brain level networks of human, further to synchronization between the
brains of different subjects (measured in terms of inter-subject correlation;

1This term has been suggested by Muldoon and Bassett (2016) and Bassett and Sporns
(2017).

1



Introduction

Hasson, Nir, Levy, Fuhrmann, and Malach (2004)), and even to social networks
(Bassett & Sporns, 2017). The temporal scales of network neuroscience span
from molecular interactions taking place in milliseconds to large-scale structural
brain networks that change at a time scale of years, even across the whole
human lifetime (Bassett & Sporns, 2017).

The human brain consists of groups of neurons that are specialized in a certain
task. These groups are internally strongly connected but spatially separated
from other similar groups of neurons (Sporns, 2013b; Tononi, Sporns, & Edelman,
1994). So, the function of the human brain is based on the balance between
segregation – separation of the neuronal groups – and integration – the weak
connections that enable information change between different groups of neurons
(Friston, 1994; Gallos, Makse, & Sigman, 2012; Sporns, 2013b). Because of
this structure, it is tempting to model the human brain as a network, not only
at the level of single neurons but also at lower spatial resolutions (Bassett &
Sporns, 2017; Sporns, 2013a, 2013b; Wig, Schlaggar, & Petersen, 2011). The
collaboration between network science and neuroscience helps neuroscientists
to better understand the structure and function of the brain. Further, using the
network model sets the human brain into a larger context of complex systems:
by using a shared model, we can recognize features that are common to the
human brain and to genetic networks or social networks, for example.

Given the complexity of the human brain, the focus of network-oriented
neuroscience studies may vary widely, and the network model can be
constructed differently based on the requirements of each study. A common
division is between three different types of brain networks: structural,
functional, and effective networks (Fornito, Zalesky, & Breakspear, 2013;
Friston, 1994; Rubinov & Sporns, 2010). The structural networks represent the
anatomical connections, typically defined in terms of white matter tracts,
between brain areas. In functional brain networks, the links between brain
areas are typically defined in terms of different correlation-based measures and
represent co-activation. Effective brain networks, instead, are generative
models for the obtained connectivity; causal modelling approaches such as
dynamic causal modelling (DCM) can be used for finding the most suitable
model in terms of statistical evidence (Friston, 2011).

Although functional and effective brain networks both aim to represent the
function of the brain, it is important to note the difference between these two: in
a functional brain network, a link does not indicate with certainty an actual
interaction between two brain areas, whereas in an effective brain network it
does. In the present Thesis, I will consider functional brain networks extracted
from data measured with two non-invasive acquisition methods: combined
electroencephalography (EEG) and magnetoencephalography (MEG), and
functional magnetic resonance imaging (fMRI).

In the neuroscientific literature, the word ’network’ is sometimes used to refer
to a cluster of brain areas which are known to be connected to each other and
to have similar activity patterns, even if they are not considered as systems of
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nodes and links (see, e.g. Fox et al. (2005), van den Heuvel and Hulshoff Pol
(2010)). An example of such a cluster, commonly referred to as a network, is
the default mode network (DMN) (Raichle et al., 2001). In the present Thesis,
however, I will use the term ’network’ exclusively to describe systems that consist
of nodes and links.

1.1.2 The dawn of network neuroscience

The organization of inter-areal connections in the human brain has puzzled
the neuroscientific community since the early 20th century. The first detailed
studies of neuronal networks were performed on non-human animals. Thus far,
the only species, whose neuronal system has been fully mapped is the nematode
Caenorhabditis elegans. Ever since this simple system of only 302 neurons was
mapped by White, Southgate, Thomson, and Brenner (1986), it has been used
as a model organism in a number of studies, for example by Chen, Hall, and
Chklovskii (2006), Varshney, Chen, Paniagua, Hall, and Chklovskii (2011), and
Towlson, Vértes, Ahnert, Schafer, and Bullmore (2013). Seminal work has been
carried out also on the brain of the fruitfly (Drosophila melanogaster) (Chiang et
al., 2011), mouse (Bock et al., 2011; Briggman, Helmstaedter, & Denk, 2011), cat
(Scannell, Burns, Hilgetag, O’Neil, & Young, 1999), and non-human primates
(Harriger, Van Den Heuvel, & Sporns, 2012; Kötter, 2004).

The first connectivity studies of the human brain concentrated on the
structural connections (for a review, see Fornito et al. (2013)). In mid-1990’s, the
first studies of functional and effective connectivity were conducted, among
them the positron emission tomography (PET) studies by Friston and colleagues
(e.g. Friston (1994); Friston, Frith, Liddle, and Frackowiak (1993)). The concept
of functional connectivity was quickly adopted both to fMRI studies (Biswal,
Kylen, & Hyde, 1997; Biswal, Zerrin Yetkin, Haughton, & Hyde, 1995) and to
electrophysiological, i.e. EEG and MEG, studies (Singer & Gray, 1995).

The actual dawn of network neuroscience took place in the early 21st century.
In the field of structural brain networks, Hagmann (2005) and Sporns, Tononi,
and Kötter (2005) introduced the concept of the connectome, referring to the
set of structural connections in the brain that can be studied with methods of
network science. Simultaneously, network-oriented methods were for the first
time applied for the analysis of both fMRI (Eguiluz, Chialvo, Cecchi, Baliki, &
Apkarian, 2005) and MEG (Stam, 2004) data.

1.1.3 What does the network model tell about the brain?

The brain can be studied as a network at different scales. For example, Betzel
and Bassett (2016) have introduced a range of topological scales, extending
from local to global, for studying brain networks. Following the terminology
of Betzel and Bassett (2016), the most simple approach is to consider local
network measures, i.e. measures that quantify the properties of single nodes
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of the network. Indeed, several measures of node centrality have been used to
find the most central nodes of the network, hubs, that are assumed to be of a
particular importance for information transfer and processing in the brain (for
a review, see Muldoon and Bassett (2016); S. Palva and Palva (2012); Rubinov
and Sporns (2010)). These measures range from extremely local ones – such as
degree, defined as the number of neighbours a node has – to more elaborated
measures that, to some extent, take into account also the more global topology
of the network. For example, eigenvector centrality generalizes the concept of
degree by taking into account also the neigbours of neighbours, and betweenness
centrality quantifies how many shortest paths between any two nodes cross the
focal node. A different approach, also based on local node properties, is Regional
Homogeneity (ReHo) (Zang, Jiang, Lu, He, & Tian, 2004), where activation is
localized by increased local connectivity.

At the global topological level, several measures have been used to quantify the
level of segregation and integration (Rubinov & Sporns, 2010; Sporns, 2013b).
For example, the global clustering coefficient gives the probability of finding a
triangle, i.e. a connected group of three nodes in a network, and modularity
measures the level of modular organization of the network. High values of these
measures indicate strong segregation. Integration, in turn, manifests itself as a
short characteristic path length – the typical number of links separating two
randomly selected nodes – and high global efficiency, defined as the averaged
inverse of the shortest path length between two random nodes.

Two global-level properties that are commonly obtained in different real-world
complex networks have also been reported in networks of the brain: small-
worldness (Watts & Strogatz, 1998) and scale-freeness (Barabási & Albert, 1999)
(for a review, see Bassett and Bullmore (2009); Papo, Zanin, Pineda-Pardo,
Boccaletti, and Buldú (2014); Sporns (2013b)). In principle, this means that
the brain networks have shorter path lengths, stronger global clustering – i.e.
more triangles – and wider degree distributions than random networks used as
references.

However, the observed small-worldness of the brain may be caused by, at
least partially, inaccuracies in data collection, preprocessing, and definitions
of the measures of small-worldness (Papo, Zanin, Martínez, & Buldú, 2016;
Zalesky, Fornito, & Bullmore, 2012). Also spatial properties of the brain networks
may explain the small-world-like features: if the brain network is dense and
physically close nodes tend to link to each other, the network may show high
clustering and short path lengths without being a small world (Knoblauch,
Ercsey-Ravasz, Kennedy, & Toroczkai, 2016). Finally, even if the obtained small-
worldness is a genuine property of the brain networks, interpreting its functional
meaning may be challenging (Papo et al., 2016). The small-world structure is
commonly thought to enable balancing between segregation and integration
and optimize wiring cost and efficiency of information processing (Bassett &
Bullmore, 2009). However, a number of topological and dynamical variables
other than small-worldness have also been suggested for describing information
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transfer and processing in the brain (Papo et al., 2016).
Between the local and global network properties, there is a range of mesoscopic

network structures (for a review, see Betzel and Bassett (2016)). Unlike the
local and global network properties that can be seen as the extreme points of
the topological scale, the mesoscopic structure can be studied over a range of
topological scales. In the case of the human brain, the mesoscopic structures are
typically different sets of communities or subnetworks, characterized by tight
connectivity within the community and sparse connections between communities.
The community structure of the brain networks is assumed to be hierarchical:
each community can be further divided into smaller subcommunities.

Other examples of the mesoscale structures of the brain include rich clubs,
i.e. sets of strongly interconnected hub nodes, and core-periphery organization
(Betzel & Bassett, 2016). In this organization, hub nodes form an interconnected
core of the network, whereas periphery nodes are connected only to the core but
not to each other.

The structure of the functional brain networks has been reported to change
with age and between different cognitive tasks. Similarly, different neurological
diseases, e.g. Alzheimer’s disease or autism spectrum disorders, can change the
brain networks. For reviews, see Bassett and Bullmore (2009); Papo, Zanin,
Pineda-Pardo, et al. (2014); Sporns (2013b); Xia and He (2017).

Traditionally, the time dependence of brain networks has been ignored.
However, the brain networks are dynamic by nature: their structure evolves in
time. Therefore, a more comprehensive picture of the brain networks can be
achieved by utilizing tools developed for the analysis of temporal networks
(Bassett, Wymbs, et al., 2011; Honey, Kötter, Breakspear, & Sporns, 2007;
Khambhati, Sizemore, Betzel, & Bassett, 2017; Muldoon & Bassett, 2016).
Another relatively new method for studying the networks of the brain is the
multilayer approach (Betzel & Bassett, 2016; De Domenico, 2017; Kivelä et al.,
2014; Muldoon & Bassett, 2016). Instead of studying a single network, this
approach combines multiple different networks into a multilayer one. For
example, structural and functional brain networks (Crofts, Forrester, & O’Dea,
2016) or networks extracted from different frequency bands of the brain activity
(Brookes et al., 2016) can be studied together as a multilayer network.

1.2 How to construct a functional brain network?

1.2.1 General pipeline

As defined above, a network is a system of nodes and links. Therefore, the
construction of a functional brain network – similarly to that of any other
network – begins with two fundamental questions: what should the nodes and
the links of the network depict? Whenever these two definitions have been
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established, the sub-sequent pipeline is relatively simple. The pipeline described
in the following paragraphs is suitable for extracting functional brain networks
from both electrophysiological data and fMRI data.

First, one obtains the time series of the nodes – in functional brain networks,
link weights almost always depict similarity between the node time series –
and calculates the link weights between each pair of nodes using the selected
measure of similarity. This yields a full adjacency matrix A. In this matrix,
the element A i j quantifies the weight of the connection between nodes i and
j. Typically the network is thresholded to a given density and, depending on
the requirements of each study, the link weights may be discarded in order to
obtain a binarized network where each link has unit weight. The density of
the network affects network properties (Knoblauch et al., 2016; Telesford et al.,
2010), and therefore the threshold should be carefully selected (for discussion,
see Fornito et al. (2013); Glerean et al. (2016); R. Kujala et al. (2016)).

Independently of the imaging modality used to acquire the brain data, some
level of preprocessing is always needed before the functional brain network can
be constructed. Preprocessing improves the quality of the data and increases the
signal-to-noise ratio (SNR) by controlling for external and physiological noise
as well as for movement-related artifacts. However, the selected preprocessing
pipeline can also affect the properties of the obtained networks (Fornito et al.,
2013; Hayasaka, 2013; Stanley et al., 2013). The preprocessing steps performed
and the parameters used to perform these steps affect both the obtained network
structure as a whole (Shirer, Jiang, Price, Ng, & Greicius, 2015) and a set of
network properties, among them global clustering coefficient, characteristic
path length, and global efficiency (Andellini, Cannatà, Gazzellini, Bernardi, &
Napolitano, 2015; Aurich, Alves Filho, Marques da Silva, & Franco, 2015; Braun
et al., 2012). Unfortunately, the selection of preprocessing parameters is often
insufficiently justified and unclearly or incompletely reported in both EEG and
MEG (Gross et al., 2013) and fMRI studies (Carp, 2012).

1.2.2 Definition of nodes

Why does the definition of nodes matter?
The set of nodes used to construct a functional brain network fundamentally
affects the structure and properties of the network. When Wang et al. (2009)
compared two functional brain networks extracted from the same dataset but
with different sets of nodes, they found that the number and anatomical location
of the nodes affected network properties such as the characteristic path length,
local and global efficiency, and degree distribution. Also the relationship between
the physical node size and network properties depended on the set of nodes
used (Wang et al., 2009). Similar results have been obtained in structural brain
networks (Bassett, Brown, Deshpande, Carlson, & Grafton, 2011; Zalesky et al.,
2010): although networks demonstrate properties such as small-worldness or
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scale-freeness independently of the node definitions, the quantitative values of
these properties change with the number of nodes. Despite these effects of node
definition on the network structure, the neuroscientific community still lacks a
common definition for the nodes of brain networks, and, according to Zalesky
et al. (2010), the number of nodes used in network neuroscience studies varies
from less than 100 up to 105.

What should the nodes of a functional brain network then depict? The first
approach to cross one’s mind might be to use single neurons as the nodes of
the network. This is, indeed, done with more simple neural systems such as
the one of C. elegans (White et al., 1986). However, the human brain contains
about 1011 neurons which are connected by around 1014 synapses. Mapping
the brain at this resolution exceeds the capacity of present imaging devices
and also requires a significant amount of computational resources (de Reus &
van den Heuvel, 2013). Therefore, in all currently available approaches, the
nodes of the functional networks of the human brain are defined at mesoscopic
or macroscopic level and contain multiple neurons and synapses connecting
them2.

Mesoscopic and macroscopic nodes
In the case of fMRI data, the mesoscopic approach is commonly known as the
voxel-level approach. In this approach, the nodes depict fMRI measurement
voxels, i.e. cubical volume elements with edges of 2–8mm that cover the brain
as a regular grid. The time series of these voxels are directly obtained as fMRI
blood oxygen level dependent (BOLD) signals associated with each voxel. In
mesoscopic EEG and MEG networks, the nodes are source vertices of the inverse
model, i.e. point-like elements located on the brain surface and separated from
each other by approximately 5 millimeters. Mesoscopic networks of both fMRI
and electrophysiological data contain approximately 104 nodes.

As to brain networks constructed using the macroscopic approach, they contain
only hundreds of nodes. These nodes depict larger brain areas, known as Regions
of Interest (ROIs), and contain many voxels or vertices. The time series of ROIs
are typically obtained by averaging the time series of the voxels or vertices
within each ROI (Stanley et al., 2013), although also other approaches have
been suggested. For example, Hillebrand, Barnes, Bosboom, Berendse, and
Stam (2012) used as the time series of each ROI the voxel time series with the
maximum power within the ROI.

Historically, the term ROI has been used in studies where only the connectivity
of a small set of pre-defined brain areas is investigated. Nowadays, however,
both mesoscopic studies and ROI level studies typically cover at least the whole
cerebral cortex, often also subcortical grey matter and the cerebellum.

In the electrophysiological community, macroscopic network analyses are
sometimes performed in the signal space. In this case, the data are not inverse

2The Human Brain Project (https://www.humanbrainproject.eu/en/), however, has the
ambitious aim of constructing a neuron-level computational model of the human brain.
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modelled, and the measurement electrodes and magnetometers are used as the
nodes of the network. However, this approach is sensitive to inaccuracies caused
by signal mixing (see section 3.1.1) and lacks anatomical reference (S. Palva
& Palva, 2012; Schoffelen & Gross, 2009). Therefore, the popularity of the
signal space network approach has decreased when more effective computational
resources and more accurate methods for solving the inverse problem have
become available.

Parcellating the brain
Several strategies have been suggested for obtaining a parcellation of the brain,
i.e. for dividing the brain into ROIs that can be used as the nodes of the brain
networks at the macroscopic level. Traditionally, starting from the seminal
works of Brodmann in early 20th century (Brodmann, 1909), parcellations have
been based on histology or other microstructural features of the brain (for a
review, see Caspers, Eickhoff, Zilles, and Amunts (2013)). The histological
boundaries in the brain are assumed to reflect the boundaries of functional
brain areas: different cell types may be expected to perform different functions.
However, the microstructural parcellations are constructed based on post
mortem analysis, which obviously limits the number of brains used to construct
the parcellation. Therefore, it is not trivial to evaluate to which extent these
parcellations can be generalized to other subject populations.

Later, imaging modularities such as magnetic resonance imaging (MRI) have
enabled detailed noninvasive structural imaging of the brain in vivo. Since the
advent of MRI, several parcellations based on anatomical landmarks of the
brain have been introduced, among them the commonly used HarvardOxford
(HO) (Desikan et al., 2006), Automated Anatomical Labeling (AAL)
(Tzourio-Mazoyer et al., 2002), and Automated Non-linear Image Matching and
Anatomical Labeling (ANIMAL) (Collins, Holmes, Peters, & Evans, 1995). The
anatomical atlases can be further fine-tuned by randomly dividing the ROIs
into smaller areas, which is supposed to eliminate the possible bias caused by
the variation in ROI size (Cammoun et al., 2012; Hagmann et al., 2008;
J. M. Palva, Monto, Kulashekhar, & Palva, 2010; S. Palva, Kulashekhar,
Hämäläinen, & Palva, 2011).

Because of the noninvasiveness of the imaging methods, anatomical
parcellations can be based on larger subject groups than microstructural ones.
Probabilistic anatomical atlases such as the HO atlas take into account the
inter-subject variation in the brain anatomy: instead of defining a strict set of
ROI boundaries, the probability of belonging to a certain ROI is reported for
each voxel. However, the anatomical landmarks – and therefore the boundaries
of anatomical ROIs – do not always match with either the microstructural
boundaries or the actual functional areas (Caspers et al., 2013; Papo, Zanin, &
Buldú, 2014; Stanley et al., 2013).

The latest generation of brain parcellations are the so-called functional or
data-driven parcellations. These methods form ROIs by clustering the voxels
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or vertices based on resting-state functional connectivity (e.g. Craddock, James,
Holtzheimer, Hu, and Mayberg (2012); Nelson et al. (2010); Power et al. (2011);
Shen, Tokoglu, Papademetris, and Constable (2013), for a review see Sporns
(2013b); Wig et al. (2011)). The most recent functional parcellations use a multi-
modal combination of anatomical, functional, and connectivity data (Fan et al.,
2016; Glasser et al., 2016). The mesoscopic network can also be coarse-grained
into a macroscopic one by clustering the voxels based on their network properties,
as suggested by R. Kujala et al. (2016). Despite the promising results obtained
using functional parcellations, none of these parcellations has so far achieved
an established position in network neuroscience.

Mesoscopic or macroscopic network?
As stated above, the nodes of a functional brain network can be defined using
either the mesoscopic or the macroscopic, i.e. ROI, approach. Which of these
approaches should one use? There are several reasons why one would consider
using the ROI approach. In the mesoscopic approach, the large amount of nodes
may lead to a noisy adjacency matrix and using the ROI approach therefore
increases the SNR of connectivity analyses (de Reus & van den Heuvel, 2013;
Zalesky et al., 2010). Since ROI-level networks have less nodes than mesoscopic
networks, ROI-level analyses require less computational resources than
mesoscopic analyses. In particular, in the case of EEG and MEG data, the
source space, i.e. the vertex space, is largely redundant in comparison to the
number of degrees of freedom in the signal space, i.e. the measurement space.
Therefore, it is assumed that by reducing the dimensions of the source space,
the computational burden of the analysis can be decreased without discarding
significant amounts of information. Further, the mesoscopic approach is not
optimal for group-level analysis since the number and exact location of voxels or
vertices may vary between subjects. Finally, cognitive functions probably cover
brain areas larger than single voxels (Shen et al., 2013; Wig et al., 2011), and
therefore one may expect the ROI approach to give a better image of the
underlying brain function than voxels with their functionally arbitrary
boundaries.

However, if the ROI boundaries do not match with the actual functional areas,
the signal of one functional area may be distributed among multiple ROIs, and a
single ROI may contain signals from several different functional subareas (Papo,
Zanin, & Buldú, 2014; Stanley et al., 2013). If this is the case, information is
lost when a ROI time series is obtained by averaging voxel or vertex signals that
have different dynamics and represent different cognitive functions (Stanley et
al., 2013). This loss of information due to inaccurately defined ROI boundaries
is the main disadvantage of the ROI approach. In order to avoid this loss of
information, a minimum requirement for a ROI is functional homogeneity: all
voxels or vertices of the ROI should behave similarly and therefore have at least
approximately the same dynamics. Although the entire ROI approach is based
on the assumption of functional homogeneity, it is only rarely investigated if
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this assumption actually holds. The concept of functional homogeneity is a key
focus in this Thesis; I will return to its broader interpretation in section 1.3, and
introduce different measures for quantifying it in the Methods chapter (section
3.3).

As one may expect, the structure of the mesoscopic and ROI-level brain
networks differ from each other. Hayasaka and Laurienti (2010) have shown
that ROI-level fMRI networks have different degree distributions and less
stable hubs than voxel-level networks. ROI-level networks also showed less
small-world properties and were less stable against fragmentation at low
network densities. Interestingly, Tohka, He, and Evans (2012) obtained similar
results in a totally different network: a structural network constructed based on
the thickness of the cortical grey matter. This result can be seen as an extreme
case of the increase in the small-world properies as a function of the number of
nodes reported by Zalesky et al. (2010). Due to the obtained differences in
network structure, some researchers (Fornito et al., 2013; Hayasaka &
Laurienti, 2010) have decided to recommend using the mesoscopic approach
instead of the ROI approach.

1.2.3 Definition of links

After defining the nodes of a functional brain network, the next step – regardless
of the strategy selected for defining the nodes – is to decide what the links that
connect the nodes to each other should depict. For the structure of the network,
a reasonable definition of the links is as important as the definition of the nodes
(Fornito et al., 2013; Smith et al., 2011; Zalesky et al., 2012). In the present
Thesis, I will not focus on the definition of links in the functional brain networks.
However, in what follows I will shortly review different ways of defining links,
mostly based on the work of Smith et al. (2011).

In the functional brain networks, a link between two nodes indicates similarity
between the dynamics of these two nodes. The most simple – and therefore
possibly the most commonly used – measure for quantifying similarity between
two time series is covariance. When the time series are normalized to have unit
variance, covariance is measured by the Pearson correlation coefficient.

Although the correlation coefficient is easy to calculate and interpret, it also
has drawbacks that can be overcome by using other strategies for defining the
links. For example, unlike the Pearson correlation coefficient, partial correlation
is able to separate direct connections from indirect ones caused by e.g. a common
drive. While the correlation coefficient assumes a linear dependence between the
time series, other measures such as mutual information can be used to quantify
higher-order dependences. In particular within the EEG and MEG communities,
phase-oriented methods such as the phase-locking value (PLV) are commonly
used to quantify the synchrony between two time series (S. Palva & Palva, 2012).

None of the above-mentioned methods can measure the direction or causality
of the relationship between the time series of two nodes. However, several
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methods have been suggested for this purpose. Granger causality and other
lag-based methods measure how well the future of one time series is predicted
by the past and present of another. Coherence quantifies the similarity of the
power spectra of the time series. More sophisticated strategies for defining
directed links include Patel’s conditional dependence measures and Bayes nets
that consider the network as a whole instead of investigating separated pairs of
nodes. These methods detect also higher than second-order relationships.

1.3 Homogeneity, stability, hubness: ROIs in space, time, and
networks

Above, I have introduced the concept of functional homogeneity: in a functionally
homogeneous ROI, all the voxels of the ROI behave more or less similarly.
Only in such a ROI, the ROI time series is a reasonable representation for the
voxel-level dynamics within the ROI. Therefore, a ROI has to be functionally
homogeneous in order to act as a node of a functional brain network. In this
section, I will discuss the interpretations of functional homogeneity on a general
level; a detailed description of the measures of functional homogeneity used in
the studies included in this Thesis can be found in the Methods chapter (section
3.3). Measuring and interpreting functional homogeneity forms the very core of
Publication II and Publication IV.

It is tempting to interpret functional homogeneity straightforwardly as a
measure of how well a ROI is defined. In such a scenario, high level of functional
homogeneity would indicate accurately defined ROI boundaries, whereas lack of
homogeneity would point out inaccuracies in ROI definitions. Indeed, several
measures of functional homogeneity have been used to compare parcellations
in terms of their overall accuracy (Craddock et al., 2012; Gordon et al., 2014;
Göttlich et al., 2013; Stanley et al., 2013; Thirion et al., 2006). This interpretation
is undoubtedly useful in many cases. However, one may ask if measures of
functional homogeneity could provide more information about the function of
the human brain.

Let us consider a ROI that has relatively low functional homogeneity,
quantified in terms of some measure of similarity of voxel or vertex time series.
There are two possible explanations for the obtained inhomogeneity. First, it is
possible that the boundaries of the ROI actually are inaccurately defined and
the ROI contains several voxel or vertex populations with different dynamics.
However, it is equally possible that the functional homogeneity varies over time:
in a given short time window the voxel or vertex time series may be
momentarily synchronized while in the subsequent window the voxels or
vertices may behave less similarly. This kind of time-dependent variation would
lead to a lower functional homogeneity across the whole measurement. Based
on the current research, it is hard to prove either of the hypotheses: the
functional homogeneity is typically measured across the whole measurement
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period and interpreted as a static property of a ROI. To the best of my
knowledge, there are no studies on the behaviour of functional homogeneity as a
function of time.

If we assume that functional homogeneity indeed varies across time, can
this variation tell us something about the functional role of a ROI? One may
hypothesize that increased functional homogeneity would indicate increased
activity: voxels or vertices of areas that are actively performing a cognitive task
would show synchronized dynamics whereas voxels or vertices of non-active
areas would be merely idling and therefore have more random dynamics. The
concept of Regional Homogeneity (ReHo) (Zang et al. (2004); see also Jiang and
Zuo (2016) for later use of ReHo) makes use of this hypothesized connection
between functional homogeneity and activity. In this framework, the ReHo value
of each voxel is calculated as its similarity to its anatomically closest neighbours,
which conceptually equals the functional homogeneity of the voxel’s anatomical
neighbourhood. The voxels with the highest ReHo values are then interpreted to
be active. Interestingly, the mean ReHo values of functionally defined subareas
of the ventral visual system, the prefrontal cortex, and the posteromedial cortex
have been found to reflect the different roles of these subareas in hierarchical
information processing (Jiang et al., 2015).

Topology of functional brain networks is known to change related to changes
in brain activity. Connectivity increases within activated brain systems, and
connector nodes that act as bridges between different modules can be separated
from non-connector nodes by their activation patterns (Bassett, Wymbs, et al.,
2011; Braun et al., 2015; Chan, Alhazmi, Park, Savalia, & Wig, 2017; Göttlich,
Ye, Rodriguez-Fornells, Münte, & Krämer, 2017; Honey et al., 2007). As stated
above (section 1.1.3), centrality measures such as node degree and strength – the
sum of the weights of the links attached to a node – are commonly used to localize
the hubs of a functional brain network. One may well hypothesize that high
centrality should be associated with not only increased activation but also with
high functional homogeneity: functionally homogeneous ROIs that are actively
performing a cognitive task form strong links to other functionally homogeneous
and active ROIs, whereas ROIs that are momentarily idling and show lower
functional homogeneity have less strong links. In this hypothesis, a cognitive
task does not always refer to reacting to an external stimulus. Instead, DMN in
its resting-state activity can also been seen as performing a cognitive task and
should, if the hypothesis is true, show increased functional homogeneity.

As stated above (section 1.2.1), one of the current frontiers of network
neuroscience is to study the brain as a dynamic network instead of a static one.
In such a network, it is natural to study functional homogeneity as a
time-dependent property. Further, the dynamic analysis enables investigating
the stability of the local network structure around a ROI, analogously to
functional homogeneity that measures the stability of a ROI in terms of voxel
dynamics within the ROI. Here, network turnover (see section 3.5.2) can be
used to measure the tendency of ROI’s closest neighbourhood to change in time.
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It feels natural to hypothesize a connection between functional homogeneity
and network turnover. Whether this connection should be positive or negative
requires further investigation: either the most functionally homogeneous ROIs
tend to retain their neighbourhood and less homogeneous ROIs form randomly
changing links, or the most homogeneous ROIs change their neighbours
depending on the present functional task and the links between inhomogeneous
ROIs are more stable.

Above, we have assumed that the voxels or vertices of a ROI behave as a
coherent whole: either all of them synchronize, leading to increased functional
homogeneity, or all of them show more or less random dynamics associated
with idling and low functional homogeneity. However, there is another possible
explanation for the variation in the functional homogeneity: even if all the
voxels or vertices in a ROI are continuously active, they may in one time window
synchronize across the whole ROI and in another time window across smaller
subpopulations, leading to variation in the functional homogeneity estimated
across the whole ROI. Sometimes this inter-ROI variation can be eliminated
by dividing the ROI into several new ROIs; in that case, the variation in the
functional homogeneity of the old ROI turns into varying connectivity between
the new ROIs. However, it is also possible that the quickly changing dynamics
and topology of the functional brain networks just cannot be described with any
set of static, atlas-based nodes. The question about optimal node definitions
is one of the most important unanswered methodological questions of network
neuroscience.
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2. Research goals

In the present Thesis, I address methodological questions related to the
construction of functional networks of the human brain. The main focus of this
Thesis is on how to define the nodes of the network. Although this step is of
crucial importance for the structure of the network, the neuroscientific
community still lacks a golden standard for defining the nodes.

In particular, my focus is on functional homogeneity of the nodes. In a
functionally homogeneous ROI, all voxels or vertices of the ROI show similar
dynamics, indicating similar underlying cognitive processes. Since the entire
ROI approach is based on the assumption of functional homogeneity of ROIs, it
is important to investigate to which extent it holds for the ROIs of some
commonly used parcellations of the brain. I will consider the question of
functional homogeneity both in EEG and MEG (Publication I) and in fMRI
networks (Publication II). My aim is not to introduce any specific set of nodes
that would be optimal for all functional network studies of the brain. Rather, I
aim to raise awareness of the possible pitfalls in the existing and commonly
used methods.

Functional homogeneity can be straightforwardly interpreted as a measure of
the goodness of the ROIs. However, I aim to widen this interpretation: I believe
that the functional homogeneity of ROIs may – and does – evolve in time and may
indicate changes in the role the ROI as a node of the network. In Publication
IV, I will investigate the time-dependent changes of functional homogeneity and
ask how they relate to the stability of the local network structure around the
ROI.

In addition to questions of node definition and functional homogeneity, I will
also investigate how a commonly used preprocessing method, spatial smoothing,
affects the structure of functional brain networks (Publication III). The aim
of this study is to provide a recommendation: if spatial smoothing significantly
affects the structure of functional brain networks, it should be excluded from
the preprocessing pipeline.
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3. Materials and methods

3.1 Data acquisition and preprocessing

3.1.1 Electroencephalography and magnetoencephalography

What do EEG and MEG measure?
The human brain function is electric by nature: neurons share information
in terms of action potentials and post-synaptic potentials that are induced
by differences in ion concentrations over the cell membrane. Each of these
potentials can be modelled as a primary current source: action potentials are
typically modelled as two opposite current dipoles – effectively a quadrupole
– whereas the post-synaptic potentials are of a dipolar nature (Hämäläinen,
Hari, Ilmoniemi, Knuutila, & Lounasmaa, 1993). Each of these primary sources
produces an electric field, and changes in this electric field induce a magnetic
field. These fields are weak but still detectable from outside of the head, and can
be measured by electroencephalography (EEG; first described by Berger (1929))
and magnetoencephalography (MEG; first described by Cohen (1972); Cohen et
al. (1968)). EEG and MEG use sensitive electrodes and SQUID magnetometers
combined with pick-up coils.

EEG and MEG have excellent temporal resolution of less than a millisecond
and also reach a reasonable spatial resolution, if a proper model of the head
geometry and a sophisticated technique for inverse modelling are used (see
below). For these reasons, as well as due to their noninvasiveness, EEG and MEG
are the primary tools for investigating the amplitude and phase dynamics of the
brain (S. Palva & Palva, 2012). They are also commonly used to investigate the
connectivity of the brain, quantified in terms of different measures of interareal
synchronization (S. Palva & Palva, 2012).
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Forward and inverse problems
The problem of constructing a field produced by a known source is referred to as
the electromagnetic forward problem. A formal solution to the forward problem
starts from Maxwell’s equations. In the case of the electric and magnetic fields
of the human brain, the forward problem can be solved with the help of the
quasistatic approximation, i.e. assuming that the fields do not change in time,
and a set of assumptions about the conductivity and geometry of the brain, skull,
and scalp (Hämäläinen et al., 1993). Thanks to the linearity of the Maxwell’s
equations, the fields produced by more complicated source configurations can be
calculated as superpositions of the fields of single sources.

When one has solved the forward problem, the field Y (t) produced by a known
source X (t) can be obtained, following the notation of Hämäläinen et al. (1993),
as

Y (t)=ΓX (t)+N, (3.1)

where the operator Γ, known as the forward operator or the lead field, quantifies
the transformation between the source and the obtained field, and N is a noise
term. Y (t) are the signals measured by EEG and MEG. Since a field produced
by a quadrupole, i.e. an action potential, dies out with distance r much faster
than a field of a dipole, i.e. a post-synaptic potential (∼r−3 vs ∼r−2), the signal
measured by EEG and MEG mostly consists of superpositions of the fields of the
post-synaptic potentials (Hämäläinen et al., 1993).

A typical MEG device contains around 102 measurement units, each containing
three channels: a magnetometer that measures the strength of the field and
two gradiometers that are sensitive to the spatial gradients of the field. In a
typical EEG setup, there are around 60 measurement channels. In comparison
to the expected number of the primary current sources in the brain, the sensor
space is sparse and lacks direct reference to the anatomy of the brain. Therefore,
today most of the analyses of EEG and MEG data begin with reconstructing
the source distribution on the brain surface based on the obtained field signals.
This reconstruction is known as inverse modelling, as it requires solving the
electromagnetic inverse problem.

The inverse problem cannot be solved uniquely if no additional information
besides the field is available, as demonstrated by already Helmholtz (1853).
Luckily, the source distribution on the brain surface can still be estimated by
making use of different assumptions about the geometry of the sources. In
Publication I, the inverse problem is solved using the minimum-norm estimate
(MNE) method, which aims to find a source current distribution that is confined
to a set of 104 points on the brain surface (Hämäläinen & Sarvas, 1989). This
distribution lies in the space spanned by the lead field Γ; components of the
source current distribution perpendicular to the lead fields cannot be detected
in the measurement. When the measured signals Y (t) and the lead fields Γ are
known, the MNE solution for the primary current distribution X (t) is obtained
as

X (t)= MY (t)= RΓT (ΓRΓT +λ2χT )−1Y (t), (3.2)
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where the operator M is known as the inverse operator, R is a source coherence
matrix that quantifies the assumptions about dependencies between sources,
the regularization parameter λ improves the robustness of the solution against
changes in signal-to-noise ratio (SNR), and χ is a noise covariance matrix.

The inverse problem could also be solved by using different single-dipole
or multi-dipole models, where the source distribution is modelled as a set of
dipoles with different combinations of fixed and free parameters, such as location,
orientation, or amplitude (for a review, see Hämäläinen et al. (1993)). A totally
different approach is the one known as beamforming: one defines a set of
spatial filters with unit response for the activity of a selected source location and
maximal suppression for the activity of other locations, and applies these filters
on the measured field in order to find out which sources were active during the
measurement (Van Veen, van Drongelen, Yuchtman, & Suzuki, 1997).

Although EEG and MEG measure fields produced by the same sources, they
receive slightly different information. The lead field of MEG decreases with
distance faster than the lead field of EEG, and in spherical configurations
MEG cannot detect the field produced by the radial component of the sources
(Hämäläinen et al., 1993). On the other hand, EEG is more sensitive to signal
mixing (see below) than MEG (Hämäläinen et al., 1993; Lachaux, Rodriguez,
Martinerie, & Varela, 1999). The lead field of EEG is also more affected by
inhomogeneities in the conductivity of the brain, skull, and scalp (Hämäläinen
et al., 1993). As EEG and MEG offer complementary information about the
same brain activity, they are typically measured simultaneously.

Preprocessing
In raw EEG and MEG data, three different types of artifacts are present: system-
related artifacts such as noisy or saturated measurement channels, external
artifacts caused by electromagnetic sources such as light bulbs, elevators, or
near-by traffic, and physiological artifacts caused by for example heartbeat and
muscular activity (Gross et al., 2013). Depending on the artifact type, different
preprocessing methods can be used to improve the quality of the data. The
following short introduction to these methods is based on the work of Gross et
al. (2013).

Controlling for system-related artifacts often requires removal of extremely
noisy or saturated, i.e. flat, channels, sometimes combined with interpolating
the signal of these channels from the signals of surrounding clean channels.
If reference signals for physiological and external noise – electrocardiography
(ECG), electromyography (EMG), and empty-room measurements, for example –
have been extracted, different signal processing techniques can be used to reduce
the effect of these artifacts. Examples of such techniques include principal
component analysis (PCA), independent component analysis (ICA), signal space
projection (SSP), and signal space separation (SSS). If reference signals are not
available, rejection of noisy time samples is typically required. Artifacts that
occur at a known frequency, e.g. the low-frequency artifacts related to breathing

19



Materials and methods

or the 50Hz peak caused by light bulbs, can be controlled for by filtering.
EEG and MEG signals consist of multiple components with different

frequencies, each of which has a specific role in the brain function (for a review
see Lakatos, Karmos, Mehta, Ulbert, and Schroeder (2008)). Therefore, after
the preprocessing steps, EEG and MEG data are often filtered to a set of
frequency bands.

The problem of signal mixing
As stated above, the electric and magnetic fields detected by EEG and MEG are
superpositions of fields of multiple cortical sources. In practise, this means that
each measurement sensor detects a mixture of signals produced by multiple
sources. The signal yn(t) measured by sensor n can therefore be written as

yn(t)=
∫
γ(n, s)xs(t), (3.3)

where γ(n, s) is the element of the lead field Γ that quantifies how the activity of
source s is transformed into a field detected at sensor n, xs(t) denotes the time-
dependent activity of source s, and the integration is over all sources. Because of
the signal mixing, signals detected at different sensors may be correlated even
when there are no correlations present in the source space (for a detailed review,
see Schoffelen and Gross (2009)).

As the lead fields of EEG decrease slower than those of MEG, an EEG sensor
detects fields produced by a larger number of sources than an MEG sensor
(Hämäläinen et al., 1993; Lachaux et al., 1999). Therefore, EEG is more
sensitive to signal mixing than MEG. However, signal mixing is a problem in
both methods.

Most inverse modelling methods are partly capable of separating signals of
different sources (J. Kujala et al., 2006; S. Palva & Palva, 2012; Schoffelen &
Gross, 2009). Therefore, the amount of signal mixing is smaller in the source
space than in the sensor space. However, a certain amount of signal mixing is
always present also in the inverse-modelled data. The artificial inter-source
correlations caused by signal mixing are problematic when one aims to
investigate inter-source connectivity. I will cover the effects of signal mixing on
network construction in more detail later (see section 3.4.1).

3.1.2 Magnetic resonance imaging

Magnetic resonance imaging (MRI; first introduced by Lauterbur (1973)) is a
commonly used, noninvasive method for imaging the anatomical structure of
different tissues, including the human brain. The technique is based on the
magnetic properties of hydrogen atoms, the most abundant atoms of the human
body. During the MRI measurement, the tissue is placed in a strong magnetic
field of approximately 3T, which makes the net magnetization caused by the
spins of the hydrogen atoms to align with the magnetic field (Hanson, 2008;
Logothetis, 2008). Then, a short magnetic pulse is applied, which causes the

20



Materials and methods

spin distribution and the net magnetization to rotate (Hanson, 2008). When
the distribution after the pulse slowly returns to the equilibrium where the
net magnetization again aligns with the scanner field, the atoms emit a radio
wave that can be recorded (Logothetis, 2008). The length of the time required
for returning to the equilibrium state, the relaxation time, and therefore the
duration of the radio wave, depends on the concentration of hydrogen in the
tissue (Logothetis, 2008). In the case of the brain, for example, white matter
and grey matter have different relaxation times and can therefore be separated
from each other in the MR images. Different pulses or pulse sequences can be
used to obtain different types of information about the brain (Logothetis, 2008).

In an MRI measurement of the brain, a set of two-dimensional slices covering
the whole head is measured. In each of the slices, the intensity of each pixel
is proportional to its relaxation time. The slices are then combined to obtain a
three-dimensional image of the head. The basic unit of this MR image is a voxel,
a three-dimensional cube with edge length of 2–8mm. Although the spatial
resolution of MRI is excellent, it is far below the neuronal scale: each voxel
contains, on average, 5.5 million neurons (Logothetis, 2008).

3.1.3 Functional magnetic resonance imaging

What does fMRI measure?
MRI measurement produces a static illustration of the brain anatomy. Although
such an illustration is a powerful tool for studying the structure of the brain
and for e.g. medical diagnostics, a temporal dimension is required for studying
the function of the brain. Functional magnetic resonance imaging (fMRI; first
introduced in human by Bandettini, Wong, Hinks, Tikofsky, and Hyde (1992);
Kwong et al. (1992); Ogawa et al. (1992)) can be applied to achieve this additional
dimension.

In fMRI, a sequence of magnetic pulses is applied to the brain in order to
measure the temporal evolution of the relaxation times. The temporal resolution
of fMRI is defined by the frequency of the pulses, known as the repetition time
(TR). TR is limited both by the properties of the measured tissues, i.e. how
long relaxation time the net magnetization needs to return to the equilibrium
state, and the pursued spatial resolution. If more slices are collected to cover
the whole head, the spatial resolution increases but a longer TR is required,
whereas a smaller number of slices means lower spatial resolution and shorter
TR. In practise, TRs of approximately 2 seconds are typically used.

As stated above, MRI is based on the magnetic properties of the hydrogen
atoms. However, neither these properties nor the hydrogen concentration of the
brain tissue depend on the activity of the brain. Therefore, fMRI utilizes the
magnetic properties of blood instead. In the blood, oxygen is carried from the
lungs to other tissues bound to the hemoglobin molecules of the red blood cells.
Oxygen is required for cell metabolism; in the brain, areas that have more
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oxygenated hemoglobin, i.e. hemoglobin with oxygen bound, are assumed to be
more active than areas with more deoxygenated hemoglobin (Attwell et al.,
2010). These areas can be separated from each other by the magnetic properties
of the hemoglobin molecule: the oxygenated hemoglobin is magnetically neutral,
whereas the deoxygenated hemoglobin has a net spin, which lowers the
measured MRI signal (Attwell et al., 2010; Logothetis, 2008; Uğurbil et al.,
2000).

BOLD signal
In an fMRI measurement, a signal that reflects changes in the ratio of
oxygenated and deoxygenated hemoglobin in the blood – known as the
blood-oxygen-level dependent (BOLD) signal – is measured for each
measurement voxel. Therefore, the outcome of the measurement is a
four-dimensional image of the brain, or a time series of three-dimensional brain
images that are also known as volumes.

Unlike the signals measured by MEG and EEG, the fMRI BOLD signal is
an indirect measure of brain activity. This affects the temporal resolution of
fMRI: it takes up to several seconds before changes at the neuronal-level activity
are visible in the BOLD signal (Uğurbil et al., 2000). The connection between
neuronal activity and increased blood flow, known as neurovascular coupling,
is complicated and involves a number of control mechanisms (for a review, see
Uğurbil et al. (2000) and Attwell et al. (2010)). Therefore, interpretation of the
fMRI measurement outcomes is not always straightforward.

Different neuronal processes may cause similar changes in the BOLD signal
and cannot therefore be told apart from each other by means of fMRI (for a
review, see Logothetis (2008)). Further, the BOLD signal may significantly vary
both between subjects and between different measurement sessions of the same
subject. The BOLD signal is also affected by a number of physiological factors,
such as smoking, alcohol consumption, and physical exercise. The problems
caused by the indirect nature of the BOLD signal relate to actual properties
of the fMRI methodology itself and probably cannot be fully overcome by any
methodological improvements (Logothetis, 2008).

Despite the above-mentioned problems, fMRI has become one of the main tools
for investigating the function of the human brain. In comparison to EEG and
MEG, fMRI has excellent spatial resolution – of the order of millimeters – and,
importantly, a direct link to anatomy: structural and functional MR images can
be acquired with the same scanner during a single measurement session, and
the images can be easily registered to the same anatomical space.

Preprocessing
The first main step in a common fMRI preprocessing pipeline is correction of
head motion, which has been reported to change the connectivity between voxels
(Power, Barnes, Snyder, Schlaggar, & Petersen, 2012). Head motion can happen
along six degrees of freedom: as a rectilinear motion along the Cartesian axes
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(x, y, and z) as well as a rotation around these axes (called pitch, roll, and yaw,
respectively). In order to correct for the head motion, rigid translation and
rotation are estimated between each pair of consecutive volumes. The produced
time series of transformation matrices is then used to obtain motion parameters
with which the subsequent volumes can be realigned with the first one.

In a typical preprocessing pipeline, the next step after motion correction is
registration to the standard anatomical space. The raw fMRI data are collected
in the individual space of each subject. However, in order to compare subjects
to each other, perform group level analysis, and utilize anatomical references
from the literature, the data should be transformed into a standard space. In
practise, this means that the anatomical structures of each individual subject
are matched with those appearing in a template brain.

The registration typically consists of two phases. First, the functional images
of each subject are co-registered to the structural image of the same subject. The
structural images of each subject are then further co-registered to a template
brain, the most commonly used of which is the Montreal Neurological Institute
(MNI) 152 template.

After motion connection and registration to the standard space, the fMRI
preprocessing pipeline may include several steps that aim to increase SNR.
Among these may be linear detrending; temporal filtering in order to remove
artifacts caused by cardiac activity and respiration as well as scanner-related
noise; regression of motion parameters and signals of white matter and cerebro-
spinal fluid (CSF); and removal of the so-called global signal, i.e. the average
signal over all voxels.

Spatial filtering, commonly referred to as spatial smoothing, is also sometimes
included in the fMRI preprocessing pipeline. However, it is not completely clear
whether spatial smoothing should be used in network-oriented fMRI studies. I
will cover the role of spatial smoothing in more detail below and in Publication
III.

Spatial smoothing in network-oriented fMRI studies
In spatial smoothing, the time series of each voxel is redefined as an average of
the time series of neighbouring voxels, weighted by a smoothing kernel:

xi(t)=
∑

j G i( j)x j(t)∑
j G i( j)

, (3.4)

where xi(t) is the time series of voxel i, G i( j) denotes the value of a smoothing
kernel G i centered at voxel i evaluated at voxel j, and the summations are over
all voxels. For most of the voxels j, the value of the smoothing kernel G i is
approximately zero.

Spatial smoothing belongs to the standard preprocessing pipeline when the
general linear model (GLM) is used as the analysis paradigm. In this paradigm,
the data are smoothed by a Gaussian kernel in order to ensure the Gaussianity
assumed by the model (Mikl et al., 2008) as well as to increase SNR, to
compensate for inaccuracies in spatial registration, and to decrease
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inter-subject variability (Bennett & Miller, 2010; Hopfinger, Büchel, Holmes, &
Friston, 2000; Mikl et al., 2008; Pajula & Tohka, 2014). In network-oriented
fMRI studies, however, the justification of using spatial smoothing has
remained unclear.

Spatial smoothing has been reported to possibly affect the topology of the
functional brain networks (Fornito et al., 2013; Stanley et al., 2013). In seed-
based connectivity studies, spatial smoothing makes the inter-voxel correlations
stronger and therefore yields larger clusters of voxels connected to the seed
(Molloy, Meyerand, & Birn, 2014; Wu et al., 2011). At the same time, smoothing
makes the connectivity profiles obtained at different spatial resolutions more
similar (Molloy et al., 2014). Spatial smoothing also decreases the test-retest
reliability of ReHo which measures local connectivity (Zuo et al., 2013). In
Publication III, I will investigate in detail the effects of spatial smoothing on the
structure of the functional brain networks.

3.2 Regions of Interest

3.2.1 EEG and MEG: inverse collapsing and collapse weighting
operators

When an inverse solution has been obtained using MNE, the electromagnetic
source space typically contains around 104 source points, vertices. However,
connectivity analyses are rarely performed in the full source space1. Instead,
dimensions of the source space are typically reduced by dividing the cortex into
some hundreds of brain regions. In the EEG and MEG literature, these areas
may be referred to as parcels (as in Publication I), patches, regions etc.. However,
these are effectively equal to the ROIs commonly used in fMRI analysis. For
simplicity, I will use the term ROI to refer also to the brain areas used in EEG
and MEG analysis. For different ways of defining the ROIs, see section 1.2.2.

By far the most common way to define the time series of a ROI in EEG and
MEG studies is a weighted average of vertex time series:

X I,M/EEG(t)= 1
N ′

i

∑
i

w(I, i)xi(t), (3.5)

where X I,M/EEG(t) is the time series of ROI I, xi(t) denotes the time series of
vertex i, the summation is over all vertices in the source space, N ′

i is the number
of non-zero elements in the summation, and w(I, i) denotes a weight related to
ROI I and vertex i. Together the weights related to each ROI-vertex pair form an
NROI ×Nvertex operator, W = [w1,1, ...,w1,Nvertex ; ...;wNROI,1, ...,wNROI,Nvertex ], where
NROI and Nvertex are the numbers of ROIs and vertices, respectively. From now

1However, for a counterexample, see e.g. Schoffelen and Gross (2011) for an all-to-all
vertex analysis.
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on, I will refer to the reduction of the dimensions of the source space as inverse
collapsing, and therefore call W a collapse weighting operator.

The reconstruction accuracy of the collapsed inverse solution is fully defined by
the collapse weighting operator, and therefore the problem of optimally defining
ROIs in EEG and MEG studies can be reduced to a problem of optimally defining
the weighting operator. A common approach is to define W based on an a priori
atlas: vertices belonging to a ROI in the atlas get unity weight, whereas all other
vertices get zero weight. However, the collapse weighting operator can also be
optimized in different ways, for example by only giving a non-zero weight to the
vertex with the maximal signal power within a ROI (Hillebrand et al., 2012). In
Publication I, I introduce a collapse weighting operator optimized in terms of
the vertices’ ability to retain their original dynamics during a combined EEG
and MEG measurement and inverse modelling. This optimization starts from
ROIs of the anatomical Destrieux atlas (Dale, Fischl, & Sereno, 1999; Fischl et
al., 2002; Fischl, Sereno, & Dale, 1999).

3.2.2 fMRI: atlas-based ROIs

Similarly to the electrophysiological source space, the fMRI measurement space
contains around 104 voxels. In the fMRI literature, there are examples of
functional network analyses performed in the full voxel space (see e.g. Eguiluz
et al. (2005) and Hayasaka and Laurienti (2010)). However, similarly as in EEG
and MEG, it is common in fMRI to divide the brain into ROIs that contain tens
to hundreds of voxels. The time series of a ROI, X I,fMRI(t), is typically defined
as the unweighted average over the voxels in the ROI:

X I,fMRI(t)=
1

NI

∑
i∈I

xi(t), (3.6)

where NI is the size of the ROI, defined as the numbers of voxels within the ROI,
xi(t) denotes the time series of voxel i, and the summation is over all voxels in
the focal ROI. This can be seen as a special case of Equation (3.5), where the
weighting operator has been defined to give unit weight to voxels within the
focal ROI and zero weight for other voxels.

Multiple different ways for defining ROIs in fMRI studies have been
suggested (for details, see section 1.2.2). In the present Thesis, I use three
different commonly used atlases: the HarvardOxford (HO), Automated
Anatomical Labeling (AAL), and Brainnetome atlases. The HO atlas
(http://neuro.debian.net/pkgs/fsl-harvard-oxford-atlases.html; Desikan et al.
(2006)) is a probabilistic atlas that has been created based on the
macroanatomical boundaries of the brain. AAL (Tzourio-Mazoyer et al., 2002)
has been constructed by parcellating a spatially normalized high-resolution
single-subject structural scan based on the main sulci, and automatically
assigning an anatomical label to each of the ROIs. The Brainnetome atlas (Fan
et al., 2016) differs from the anatomy-based HO and AAL atlases: it is based on
structural and functional connectivity measured by multimodal neuroimaging
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techniques.

3.3 Measures of functional homogeneity

3.3.1 EEG and MEG: fidelity and infidelity

In section 1.2.2, I have stated that in order to be a reasonable node of a functional
brain network, a ROI should be functionally homogeneous. In general, functional
inhomogeneity may be caused by inaccurate ROI definitions yielding ROIs
that contain several functionally different subareas. In the case of EEG and
MEG, additional inhomogeneity is brought in by signal mixing (see section
3.1.1): even if vertices within a ROI originally had identical time series, after
inverse modelling the time series of the vertices are a mixture of their original
ROI-specific dynamics and dynamics that have “leaked out” from neighbouring
ROIs. Therefore, the minimum requirement for a ROI in a electrophysiological
connectivity study is that it contains only vertices that are able to retain their
original shared dynamics after measurement and inverse modelling.

In order to quantify this, I introduce a measure called fidelity. First, we need
to express the time series of ROIs and vertices as combinations of amplitude
and phase time series. For example, for a time series x j(t):

x j(t)= A j(t)2πiΦ j(t), (3.7)

where A j(t) is known as the amplitude time series, Φ j(t) is the phase time series,
and i is the imaginary unit. Now, the phase correlation between two time series
x j(t) and x j′(t) is defined as

f ′( j, j′)= 1
Nt

∑
t
Φ j(t)Φ∗

j′(t), (3.8)

where Nt is the number of samples in the time series, ∗ denotes the complex
conjugate, and the summation is across time. The fidelity f between two time
series is defined as the absolute real value of the phase correlation:

f ( j, j′)= ∣∣Re( f ′( j, j′))
∣∣ . (3.9)

Therefore, fidelity quantifies how well the time series x j(t) replicates the phase
dynamics of the time series x j′(t). If we set x j(t) to be the original time series
of a vertex and x j′(t) to be the time series of the same vertex after forward and
inverse modelling, fidelity quantifies how well the vertex retains its dynamics in
electrophysiological measurement and inverse modelling. Of course, this sort of
fidelity calculation is possible only for simulated data; in the case of real data,
the original time series x j(t) is unknown.

If we assume that all vertices within a ROI originally share the same dynamics,
the fidelity between the original ROI time series and a forward and inverse
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modelled vertex time series quantifies how well single vertices retain the original
dynamics of the ROI. Therefore, the ROI-vertex fidelity obtained from simulated
data can be used to choose if the time series of a certain vertex should be used to
obtain the time series of the ROI.

In order to quantify to which extent the time series of a vertex contains
components leaking from the original signals of other ROIs than the one where
the vertex is located, I define a metric related to ROI-vertex fidelity, infidelity
i. Let us assume that a vertex j belongs to a ROI J. First, we calculate the
fidelity values between the vertex time series and the time series of all ROIs
other than J. Out of these values, we pick only those that are stronger than the
90th percentile. Let us call this group of fidelity values F90. Then, we define the
infidelity of a ROI-vertex pair as the mean over the fidelity values in F90:

i( j, J)= 1
NF90

∑
F90

f ( j, I), (3.10)

where I denotes a ROI other than J.
The ROI-vertex fidelity can be calculated only for simulated data – in the

case of a real EEG and MEG measurement, the original time series are, of
course, unknown. In order to quantify the functional homogeneity of ROIs in
the case of real electrophysiological data, I use two additional phase-oriented
measures. First, I calculate the distribution of phase differences between the
time series of the vertices within a ROI. For a perfectly homogeneous ROI, this
distribution should contain only a delta peak at zero, whereas a random ROI
with no functional homogeneity should have a uniform distribution of phase
differences.

Second, I quantify the synchrony between two vertex time series in terms of
the phase-locking value (PLV) (Jervis, Nichols, Johnson, Allen, & Hudson, 1983;
Lachaux et al., 1999):

PLV( j, j′)= 1
Nt

∣∣∣∑Φ j(t)Φ∗
j′(t)
∣∣∣ , (3.11)

where ∗ denotes the complex conjugate. The PLV of two identical time series is
one, whereas two independent time series would have a PLV of zero. In order to
quantify the intra-ROI synchrony, I calculate the mean PLV between vertices
within each of the ROIs.

3.3.2 fMRI: spatial consistency

In order to investigate the functional homogeneity of ROIs in fMRI data, I use a
measure of functional homogeneity called spatial consistency (φ)2. The spatial
consistency of ROI I is defined as the mean Pearson correlation coefficient
between the time series of the voxels within the ROI:

φspatial(I)= 1
NI (NI −1)

∑
i,i′∈I

C(xi(t), xi′(t)), (3.12)

2In Publication II, this is referred to simply as consistency.
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where NI is the number of voxels in the focal ROI I, voxels i and i′ belong to
ROI I, and xi(t) and xi′(t) depict the time series of i and i′, respectively. The
spatial consistency is a simple and transparent measure: a perfectly
homogeneous ROI would reach the consistency value of one, while a random
collection of non-correlated voxels would have a consistency around zero.
Although negative values of consistency are possible in theory, in practice there
are only few significant negative voxel-voxel correlations within a ROI, and
negative consistency values are not obtained.

Due to the simplicity of the spatial consistency, it is not surprising that related
measures have been used to investigate multiple aspects of brain function.
For example, Li et al. (2002) have suggested that the spatial consistency of
hippocampus could serve as an early-stage biomarker for Alzheimer’s disease.
Measures similar to mean spatial consistency over ROIs have also been used to
compare different parcellations of the brain in terms of accuracy (Craddock et
al., 2012; Stanley et al., 2013; Thirion et al., 2006).

3.4 Network construction

3.4.1 EEG and MEG: connection mapping

In the case of EEG and MEG data, I map the connections between ROIs in
terms of phase synchrony3. To this end, I use two measures: PLV as defined in
Equation (3.11) and imaginary-valued phase locking value (iPLV). iPLV between
the time series of ROIs I and J is defined as

iPLV(I, J)=
∣∣∣∣Im[ 1

Nt

∑
ΦI (t)Φ∗

J(t)
]∣∣∣∣ , (3.13)

where Im(z) denotes the imaginary part of z, and Φ(I) is the phase time series
of I as in Equation (3.7).

As a first step of the connection mapping, I calculate both PLV and iPLV
between all pairs of ROIs and thus obtain two full connection matrices A, where
the element AI,J quantifies the strength of the connection between nodes I and
J. Then, I threshold this matrix with the goal of keeping true connections and
discarding false connections caused by e.g. random correlations or signal mixing.
There are several ways of defining the correct threshold; in the method used in
Publication I, simulated data without intentious phase synchrony between ROI
time series are used to estimate the threshold. The strength of false connections
can be estimated by recording the strength of the inter-ROI synchrony in this
simulated data. Therefore, setting the threshold as a percentile of the

3In Publication I, this process is referred to as ’interaction mapping’. However, as
correlation or phase synchrony does not implicate direct interaction, I prefer using the
term ’connection mapping’ in this Methods section; here, the term ’connection’ refers to
a link in the brain network and does not indicate a direct functional interaction.
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connection strength in the simulated data directly controls for the amount of
false connections detected in the connection mapping.

The connection mapping process can be seen from two different viewpoints.
First, when the process is run on simulated data, we know the original
connectivity profile of the data before forward and inverse modelling. Then, the
connection mapping can be considered as a classification process: connections
surviving the thresholding are detected, and the detected connections that also
existed in the original data are said to be true positives (TPs) whereas detected
connections that did not exist in the original data are said to be false positives
(FPs). In this scenario, thresholding is used to control the false positive rate
(FPR) of the mapping.

On the other hand, the thresholded connection matrix can be seen as an
adjacency matrix of the functional brain network. In the case of Publication I,
it may be called a “proto-network”: although it is not investigated in terms of
network measures, it consists of nodes – ROIs – and links defined in terms of
synchrony, and could be studied with the full power of network-oriented analysis
tools.

As mentioned above (section 3.1.1), the effects of signal mixing distort the
structure of functional brain networks extracted from EEG and MEG data. Next,
I will present two different types of mixing effects, adopting the terminology
introduced by S. Palva and Palva (2012). First, as signal mixing causes signals to
leak across ROI boundaries, it increases synchrony between anatomically close
ROIs, causing FP connections that are known as artificial links. Artificial links
are typically physically short and have zero phase lag. Second, let us assume
that there is a true connection between ROIs I and J, and that I ′ and J′ are
anatomically close to I and J, respectively. Now, due to signal mixing, I ′ shares
parts of the original time series of I and J′ shares parts of the original time
series of J, and therefore an FP connection emerges between I ′ and J′. These
second-order FP connections are known as spurious links. They at least partly
retain the phase lag and other properties of the original connection.

There are several methods for at least partially removing artificial links from
a thresholded connection matrix. First, one can subtract from the connection
matrix a so-called baseline connection matrix. This baseline connection matrix
is obtained from data with no true connections and quantifies the artificial
connections caused by signal mixing (S. Palva, Monto, & Palva, 2010; Schoffelen
& Gross, 2009). Second, there are several synchrony measures that are
insensitive to zero phase lag connections, for example iPLV or weighted
phase-lag index (WPLI) (Nolte et al., 2004; S. Palva & Palva, 2012; Vinck,
Oostenveld, van Wingerden, Battaglia, & Pennartz, 2011). However, no method
has been demonstrated to be capable of removing the spurious links. Therefore,
the only way to minimize the amount of spurious links is to ensure that the ROI
time series are as free from the effects of signal mixing as possible. In
Publication I, I do this by using a fidelity-optimized collapse weighting operator.
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3.4.2 fMRI: networks at voxel and ROI levels

I investigate the functional networks extracted from the fMRI data at two
different levels: the mesoscopic and macroscopic levels introduced in section
1.2.2. At the mesoscopic level, i.e. voxel level, the nodes of the network depict
single measurement voxels, and in the macroscopic, i.e. ROI-level, networks the
nodes are ROIs from different atlases. At both voxel and ROI levels, links of
the network are defined as Pearson correlation coefficients between the time
series of the nodes. In order to obtain the adjacency matrix A of the network,
I calculate the Pearson correlation coefficient between the time series of each
pair of nodes. Similarly as in the case of the EEG and MEG data, element AI,J

quantifies the strength of the link between nodes I and J.
I analyze the voxel-level networks only as full networks, i.e. including all links

of the network in the analysis. I use these networks for example to investigate
the distributions of voxel-level correlations between the voxels within the same
ROI and in different ROIs. Actually, the voxel-level network is in many sense
considered similarly as the “proto-network” of EEG and MEG data: although it
has all the essential elements of a network – nodes and links – it is not studied
in terms of network-oriented measures.

On the other hand, the ROI-level network is analyzed both as a full network
and as a sparse network after thresholding. In order to threshold the network
into a given density d, I set the threshold to the 1−dth percentile of the link
weight in the network – not in simulated data as in the case of EEG and MEG
data above – and remove links weaker than the threshold. Depending on the
subsequent analysis, the remaining sparse network is either analyzed as a
weighted network or binarized by setting the weight of every link to 1.

Finding the correct threshold for a functional brain network is not
straightforward. Sometimes a set of network densities is investigated in order
to overcome this problem (Lord, Horn, Breakspear, & Walter, 2012; Vinck et al.,
2011), while for example Glerean et al. (2016) and R. Kujala et al. (2016) have
presented a more systematic approach for choosing the network density. In the
present studies, I use several different network densities depending on the
demands of each specific analysis method. The details of thresholding that are
relevant to each study have been reported in the studies and in chapter 4.

3.4.3 fMRI: dynamic networks

In order to investigate time-dependent changes in the network structure, I
construct a dynamic functional brain network from the fMRI data. To this end,
I first divide the measurement period into time windows. In each of the time
windows, the functional network is constructed as described in section 3.4.2.

Selecting the time window length requires compromizing between two
constraints: one wants, on the one hand, to maximize the number of time
windows but, on the other hand, avoid the noise in network structure and
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functional homogeneity measures that could be caused by too short time
windows (Bassett, Wymbs, et al., 2011; Bassett et al., 2013). As a compromise, I
use sliding windows of 80 time samples and 50% overlap between consecutive
windows. Earlier in literature, time windows of similar length have been used
for constructing dynamic brain networks (Bassett, Wymbs, et al., 2011; Bassett
et al., 2013).

3.5 Network measures

3.5.1 Measures of centrality

Possibly the most commonly used way to apply network-oriented methods in
neuroscience is to utilize different measures to find the most central nodes, hubs,
of the brain network (Fornito et al., 2013; Rubinov & Sporns, 2010). In the
studies of the present Thesis, I utilize a number of different centrality measures
which I will shortly introduce here.

Degree
The degree of a node is defined as the number of the first neighbours of the
node, i.e. the number of other nodes to which the node is connected directly by
a link. The degree is probably the most commonly used centrality measure. It
quantifies the local connectivity of a node and therefore the centrality of the
node at a local scale.

Degree rank
When one aims to investigate changes in hubness of a node, detecting changes
in degree alone is not enough: even if the degree of a certain node increases, it is
still possible that there are other nodes with a higher degree in the network.
Therefore, the increase in degree does not directly indicate an increase in
hubness. In order to investigate changes in hubness, I utilize degree rank
instead: the node with the highest degree got rank 1, the node with the
second-highest degree got rank 2 and so on in an ascending order. When the
degree rank of a node decreases, this always indicates that the node has become
more hub-like in terms of degree.

Strength
Strength is a generalization of degree, defined as the sum of the weights of
the links a node has. Similarly to degree, it quantifies the local connectivity
of the node. However, by comparing the degree and the strength of a node
one can reveal more details about the local connectivity than by investigating
degree alone. For example, let us consider two nodes with the same strength but
different degrees. A node with a high strength and a high degree has a large
number of links of a moderate weigth, whereas a node with a high strength and
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a low degree has only few very strong links. It is probable that these two nodes
have different functional roles.

In the study of protein interaction networks, node strength has been used for
node classification: party hubs have high strength compared to their degree and
are assumed to act as coordinators in their local communities, whereas date
hubs have low strength compared to their degree and form bridges between
different communities (Han, Bertin, Tong, Goldberg, et al., 2004). However,
the concept of date/party hub dichotomy has been a subject of dispute (see e.g.
Agarwal, Deane, Porter, and Jones (2010)).

Eigenvector centrality
As said, degree is a measure of local connectivity: a node with a high degree has
many neighbours and can be considered as central. However, sometimes these
neighbours have low degrees, which makes the focal node less central despite its
high degree. Eigenvector centrality is a generalization of degree that corrects
for this problem, and therefore measures how central the node is in a global
perspective. Eigenvector centrality takes into account not only the degree of
the focal node, but also the degrees of the node’s neighbours, recursively the
degrees of the neighbours of neighbours and so on. Eigenvector centrality can
be calculated by an iterative algorithm, starting from the adjacency matrix of
the network.

In functional brain networks, eigenvector centrality has been suggested to
emphasize the central clusters (Lohmann et al., 2010).

3.5.2 Measures for dynamic networks

Spatiotemporal consistency
Spatial consistency (see Equation (3.12)) is calculated over the whole
measurement period and can therefore be seen as a static measure of functional
homogeneity. There is, however, no reason to assume that functional
homogeneity does not change in time. Therefore, I define spatiotemporal
consistency for quantifying the time-dependent variation in spatial consistency.
Spatiotemporal consistency of a ROI is defined as the inverse of the mean
relative change in spatial consistency between any pair of time windows:

φspatiotemporal =
Nt(Nt −1)

2
∑

t<t′
|φspatial (I,t)−φspatial (I,t′)|

φspatial (I,t)

, (3.14)

where Nt is the number of time windows, φspatial(I, t) denotes spatial consistency
of ROI I in time window t, and the summation is over all possible pairs of time
windows t and t′.

Network turnover
In dynamic brain networks, where the structure of the network varies between
time windows, network structure around a node may be subject to change.
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The tendency of the neighbourhood of a focal node to change in time can be
quantified in terms of network turnover (see Centellegher, López, Saramäki, and
Lepri (2017); Saramäki et al. (2014)). First, let us define neighbourhood G i(tn)
of node i as a set of N nodes to which node i is connected with the strongest
links in time window tn.

Next, the Jaccard index between the neighbourhoods of node i in two
subsequent time windows is calculated as:

Ji(tn, tn+1)= |G i(tn)∩G i(tn+1)|
|G i(tn)∪G i(tn+1)| . (3.15)

This index measures the similarity of the sets of neighbours in the two time
windows tn and tn+1. Finally, network turnover is defined as

δnetwork(I)= 1−〈Ji (tn, tn+1)〉 , (3.16)

where 〈Ji (tn, tn+1)〉 denotes the average Jaccard index over pairs of subsequent
time windows.

3.5.3 Other network measures

Physical length of link
Functional brain networks are not abstract constructions of nodes and links. To
the contrary, they exist in physical space and are limited by the physical
dimension of the brain (Knoblauch et al., 2016). Therefore, each link in a
functional brain network has a physical length. In a ROI-level network, this
length is defined as the shortest three-dimensional distance between the
centroids of the ROIs.

Largest connected component
Functional brain networks are typically thresholded to low densities. Therefore,
these networks are sparse and contain multiple components, where each
component is defined as a set of nodes that can be reached from each other by
following the links. If the links are assumed to indicate paths of information
flow, no exchange of information – or interaction of any kind – is possible
between nodes in different components. I am particularly interested in the
largest connected component (LCC) of the network, which may be interpreted as
the functional core of the network. In order to quantify changes in the structure
of the LCC, I calculate for each ROI the probability over subjects to belong to
the LCC of the ROI-level network.
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4. Summaries of studies

4.1 Study I: Sparse weightings for collapsing inverse solutions to
cortical parcellations optimize M/EEG source reconstruction
accuracy

4.1.1 Aim of the study

In EEG and MEG, signal mixing caused by both the measurement itself and
inaccuracies in source reconstruction after the measurement is a serious
problem: in the inverse-modelled data, inhomogeneous vertex signals are
typically obtained even within brain regions where all vertices are assumed to
share a common source signal. In this study, I aimed to develop a collapse
weighting operator, a so-called fidelity-optimized collapse weighting operator,
that minimizes the undesirable effects of signal mixing and maximizes the
functional homogeneity of the brain regions.

4.1.2 Materials and methods

Fidelity-optimized collapse weighting operator
The fidelity-optimized collapse weighting operator was created separately for
each subject. Figure 4.1 summarizes the pipeline for obtaining the optimized
weighting operator.

As a starting point, I used ROIs1 from the anatomical Destrieux atlas (Dale et
al., 1999; Fischl et al., 2002, 1999). These ROIs were further sliced in order to
obtain sets of different numbers of ROIs, ranging from 200 to 700. For each ROI,
I simulated a white noise time series of 10 000 time points. The ROI time series
was also used as the original time series of each vertex of the ROI.

The vertex time series were first forward-modelled to obtain a simulated
1referred to as parcels in Publication I
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Figure 4.1. The fidelity-optimized collapse weighting operator was obtained through an iterative
process. Vertex time series were forward and inverse modelled in order to
obtain a simulated electrophysiological measurement and the corresponding source
reconstruction. Then, fidelity and infidelity were calculated for quantifying how well
vertices maintain the original activity of their anatomical ROI and to what extent
they mix with the dynamics of other ROIs. In the optimized weighting operator,
vertices with high fidelity and low infidelity got high weight whereas vertices with
low fidelity or high infidelity were suppressed. Figure after Publication I.
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electrophysiological measurement and then inverse-modelled in order to obtain
a simulated source reconstruction. Then, I introduced two measures for defining
whether a vertex should be used to form the time series of a ROI: fidelity to
quantify how well a vertex, after forward and inverse modelling, represents the
original time series of the ROI, and infidelity to measure to what extent the
vertex represents original time series of other ROIs. For formal definitions of
fidelity and infidelity, see Equations (3.9) and (3.10).

The fidelity-optimized weighting operator was created iteratively. First, I
defined a selection criterion as a function of fidelity and infidelity. Fidelity
and infidelity of a vertex are, by definition, always calculated in relation to a
specific ROI. Therefore, the selection criterion values were calculated separately
for each ROI-vertex pair. At each iteration step, I picked for each ROI the
vertex that had the maximum value of the selection criterion function. Then, I
calculated the new ROI time series as the weighted average of the time series
of vertices selected for the focal ROI. In this averaging process, the vertex time
series were weighted by Re( f ′(I, i)), where f ′ is the phase correlation defined in
Equation (3.8), and I and i are indices of a ROI-vertex pair.

For defining the end of the optimization, I used a stopping criterion: when
adding new vertices to a ROI no longer increased the value of the stopping
criterion, the optimization for this ROI was completed. The stopping criterion
was defined as the same function of fidelity and infidelity as the selection
criterion, but calculated as a function of ROI fidelity and ROI infidelity. These
were calculated between the original ROI time series and the new time series
obtained at the current step of fidelity optimization. When the optimization
process was completed, the fidelity-optimized collapse weighting operator was
defined as

wI,i =Re( f ′(I, i)), if i was selected to I

wI,i = 0 otherwise.
(4.1)

Validation
In order to validate the fidelity-optimized collapse weighting operator, I used
three sets of simulated data: null-hypothesis data that had no correlations
between ROIs, data with one random pair of connected ROIs, and data with
random pairwise connections between all ROIs. In all of these three sets of
simulated data, the ROI time series were simulated as white noise, and each
vertex shared the time series of the ROI to which it belonged based on the
anatomical parcellation. When needed, inter-ROI connections were simulated
as phase correlations with a small time lag. In order to create these correlations,
I first simulated time series of one of the connected ROIs and then used a
time-shifted version of the same time series as the time series of the another
connected ROI.

Besides simulated data, I also used combined resting-state EEG and MEG
data of 13 healthy subjects (29±6 years of age, mean±SD, 7 females, 6 males).

I compared the fidelity-optimized collapse weighting operator with a more
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standard operator: the anatomical collapse weighting operator. This operator
was based on the anatomical Destrieux atlas and defined as follows:

wI,i =Re( f ′(I, i)), if i belongs to I in the anatomical atlas

wI,i = 0 otherwise.
(4.2)

I compared the anatomical and fidelity-optimized collapse weighting operators
in terms of multiple measures. First, ROI fidelity as defined above was used
to investigate if the optimized operator yielded ROIs with improved capacity
to represent their original time series after the EEG and MEG measurement
and inverse modelling. For the real data, I utilized two measures of functional
homogeneity: phase difference distribution and mean phase-locking value (PLV)
(see Equation (3.11)) between vertex time series within a ROI.

Further, I utilized two measures related to the mapping of connections between
ROIs: true positive rate (TPR) to quantify the fraction of simulated connections
that were succesfully recognized from the forward and inverse modelled data,
and false positive rate (FPR) to quantify the probability to detect a connection
between ROIs that are not connected in the simulated data. In other words, TPR
gives the sensitivity and FPR the 1−specificity of the connection mapping. In
order to summarize the overall goodness of connection mapping, I used receiver
operating characteristic (ROC) analysis: when TPR was plotted as a function
of 1−FPR, the area under the ROC curve (AUC) quantified how accurately the
inter-ROI connections were mapped.

4.1.3 Results

The fidelity optimization process produced sparse collapse weighting operators
in which only a fraction of vertices were used to obtain the ROI time series. The
optimization process also demonstrated the “spatial leakage” of signals across
the anatomical ROI boundaries: there was a significant number of vertices that
had a non-zero weight associated with a ROI in which they were not anatomically
located. This demonstrated the amount of functional inhomogeneity of the ROIs
caused by signal mixing.

The fidelity-optimized collapse weighting operator significantly increased ROI
fidelity (Fig. 4.2). When the optimized operator was used, the ROI fidelity was
as high as or even higher than the highest vertex fidelity within the ROI. The
anatomical collapse weighting operator, on the contrary, led to ROI fidelities
significantly lower than the vertex fidelities.

The increased ROI fidelity was reflected in increased sensitivity of connection
mapping. In comparison to the anatomical collapse weighting operator, the
fidelity-optimized weighting operator significantly increased the TPR
(Fig. 4.3A). On the other hand, the optimized operator did not affect the FPR of
the interaction mapping, when a fixed threshold was used. This means that
when a fidelity-optimized weighting operator was used, the true links appeared
significantly stronger in the forward and inverse modelled data, whereas the
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Figure 4.2. The fidelity-optimized collapse weighting operator increased ROI fidelity f , defined
between the original ROI time series and the time series obtained by forward and
inverse modelling and collapsing. When the optimized operator was used, ROI fidelity
(red) was as high or higher as the vertex fidelity (gray), whereas anatomical operator
yielded low ROI fidelity (green) also in ROIs with high-fidelity vertices. Data from
one representative subject are shown with vertices ordered by the anatomical ROI in
which they are located in the Destrieux parcellation. Upper panel shows the whole
source reconstruction and lower panel zooms into two representative extracts. Figure
after Publication I.

strength of the false links was not affected (Fig. 4.3B). Therefore, when a
fidelity-optimized weighting operator is used, it should be easier to set a
threshold that separates true and false links from each other.

In the real data, I obtained significant amount of inhomogeneity among the
anatomically defined ROIs, i.e. when the inverse collapsing was done using
the anatomical collapse weighting operator (Fig. 4.4). This inhomogeneity
manifested itself as a wide distribution of phase differences between vertices in
the same ROI, including phase differences of ±π, and as low intra-ROI phase
synchrony. Functional homogeneity of the ROIs was considerably increased
when the fidelity-optimized collapse weighting operator was used.

4.1.4 Conclusions

The results showed that anatomically defined ROIs are not functionally
homogeneous and do not retain their original dynamics in the
electrophysiological measurement and source reconstruction. This was
manifested as low ROI fidelity. This study demonstrated that ROI fidelity can
be greatly improved by using a fidelity-optimized collapse weighting operator.
With this operator, ROI time series were obtained by using only vertices that
maximally retain the original dynamics of the focal ROI and minimally mix
with signals from other ROIs. I found that the fidelity-optimized weighting
operator also increased the TPR of connection mapping and increased the
strength of true connections. This result highlighted the importance of
functional homogeneity of the nodes of functional brain networks, and suggests
that low fidelity, related to lack of functional homogeneity, may distort the
results of the network analysis of the brain.
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Figure 4.4. Fidelity optimization increased functional homogeneity of ROIs in real EEG and
MEG data. A) Distribution of phase differences between vertices used for obtaining
the ROI time series. With all numbers of ROIs, the optimized operator (opt) yielded a
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the distribution would be a delta peak. Pooled data of 13 subjects. B) Distribution
of intra-ROI phase synchrony. Independent of the number of ROIs, synchrony was
higher in the inverse solution collapsed with the fidelity-optimized operator than
in the solution collapsed with the anatomical operator. Pooled data of 13 subjects.
Figure after Publication I.
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4.2 Study II: Consistency of Regions of Interest as nodes of fMRI
functional brain networks

4.2.1 Aim of the study

In fMRI studies of functional brain networks, the nodes in the network often
depict ROIs that are assumed to be functionally homogenenous. In this study, I
investigated this homogeneity assumption in detail, aiming to answer the
question of whether the ROIs in three commonly used brain atlases are
functionally homogeneous and therefore suitable for being used as nodes of
functional brain networks.

4.2.2 Materials and methods

I used two different datasets. The in-house data were measured at the AMI
Centre (Aalto University, Espoo, Finland) and consisted of resting-state data of
13 healthy, right-handed subjects (25.1±2.9 years of age, mean±SD, 11 females,
2 males). The ABIDE dataset contained resting-stated data of 28 healthy
subjects measured as part of the Autism Brain Imaging Data Exchange (ABIDE)
initiative (Di Martino et al., 2014) at California Institute of Technology (19
subjects, 4 females, 15 males, age range from 17 to 56.2 years) and at Carnegie
Mellon University (9 subjects, all male, age range from 21 to 40 years).

I used ROIs from three different commonly used brain atlases: the anatomical
HarvardOxford (HO) and Automated Anatomical Labeling (AAL) atlases and
the connectivity-based Brainnetome atlas. For each ROI, ROI time series was
obtained as an average across the time series of voxels of the focal ROI.

In order to quantify the functional homogeneity of a ROI, I introduced the
spatial consistency of a ROI, defined as the mean Pearson correlation coefficient
of voxels of a ROI (see Equation (3.12)).

I investigated the connection between the spatial consistency and ROI’s
connectivity at two levels. At the voxel level, I defined the voxel-level correlation
between two ROIs I and J as the mean Pearson correlation coefficient between
the time series of voxels of the ROIs:

〈C (I, J)〉vox =
1

NI NJ

∑
i∈I

∑
j∈J

C(xi(t), x j(t)), (4.3)

where NI denotes the size of ROI I, xi(t) and x j(t) are the time series of voxels
i and j that belong to ROIs I and J, respectively, and C denotes the Pearson
correlation coefficient. The ROI-level correlation was defined as the Pearson
correlation between ROI time series:

C(I, J)ROI = C(X I (t), XJ(t)), (4.4)

where X I (t) and XJ(t) depict the time series of I and J, respectively.
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Figure 4.5. Spatial consistency varied widely across ROIs and peaked at low values in three
commonly used parcellations: HO (red), AAL (blue), and Brainnetome (green). Pooled
data of 13 subjects. Figure from Publication II.

Finally, I investigated the relationship between consistency and two commonly
used network measures, degree and strength, in the ROI-level network. To this
end, I calculated the Pearson correlation coefficient between the time series of
each pair of ROIs, and thresholded the correlation matrix in order to obtain a set
of networks with different densities. The networks were analyzed as weighted,
maintaining the weights of the links that survived the thresholding. In the
thresholded network, the degree and strength of each ROI were calculated (see
section 3.5).

4.2.3 Results

I found that spatial consistency varied widely between ROIs (Fig. 4.5). Although
some ROIs showed relatively high consistency values (around 0.7 or more), a
great majority of ROIs had lower consistencies, and the consistency distribution
peaked at around 0.2. This result, which indicates significant inhomogeneity in
many ROIs, held for the two independent datasets as well as for all the three
parcellations investigated.

The identity of the most and least consistent ROIs varied only slightly across
subjects. Although the ROIs of different parcellations do not in general match
with each other, there were areas, in particular the cuneal cortices, that were
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Figure 4.6. Averaging of voxel time series in low-consistency ROIs may lead to spurious links.
Left: The relationship between voxel-level correlation (see Equation (4.3)) and the
mean spatial consistency of a ROI pair. Strong correlations connected only ROIs that
had high mean consistency, and all correlations were located below the identity line.
Right: Relationship between ROI-level correlations (see Equation (4.4)) and mean
spatial consistency. ROI-level correlation was not correlated with mean consistency,
and strong correlations appeared also between low-consistency ROIs. In order
to produce the heatmaps, consistency and voxel and ROI-level correlations were
averaged over 13 subjects. Figure after Publication II.

among the most consistent ones in all the parcellations investigated. Spatial
consistency correlated with ROI size, measured in terms of the number of voxels
in the ROI, but was not fully explained by it.

I found that at the voxel level, strong correlations took place only between
ROIs that had high spatial consistency (Fig. 4.6, left). On the other hand, at
the ROI level also pairs of low-consistency ROIs displayed strong correlations
(Fig. 4.6, right). From the functional point of view, it is hard to interpret these
correlations between ROIs that are themselves functionally inhomogeneous.

Finally, I found that in the ROI-level network, ROI consistency correlated with
the degree and strength of the ROI as a node of the network. In other words, the
ROIs with high spatial consistency appeared as the most central nodes, hubs of
the functional brain network.

4.2.4 Conclusions

The results showed that the assumption of functional homogeneity is not true in
general. All three commonly used parcellations contained ROIs with low spatial
consistency. Further, the results indicate that when ROIs are used as nodes of
functional brain networks, low spatial consistency may cause spurious links and
lead to distortion of the network stucture. Therefore, I recommend using ROIs
as nodes of functional brain networks only after carefully considering if they are
suitable for the study at hand.
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4.3 Study III: Effects of spatial smoothing on functional brain
networks

4.3.1 Aim of the study

Spatial smoothing is a method that belongs to the standard preprocessing
pipeline of fMRI data. On the other hand, spatial smoothing is known to possibly
affect the properties of functional brain networks extracted from the smoothed
data. In the present study, I investigated what effects spatial smoothing has
on the structure and properties of functional brain networks. Therefore, my
aim was to determine if spatial smoothing can safely be used as a preprocessing
method prior to functional network analysis.

4.3.2 Materials and methods

I used the two datasets described in the summary of study Publication II, the
in-house dataset of 13 healthy subjects and the ABIDE dataset of 28 healthy
subjects. In addition to a standard preprocessing pipeline, the data were
spatially smoothed with a Gaussian kernel with three different full widths at
half maximum (FWHM): 5mm, 8mm, and 12mm. Spatial smoothing was always
applied after all other preprocessing but before obtaining the ROI time series
and extracting the network. Non-smoothed data were used as a reference.

The ROIs used in this study were from the HO parcellation. The ROI time
series were obtained as an average over the time series of voxels of each ROI.

I used the ROIs as nodes of a functional brain network. In order to define the
links of the network, I calculated the Pearson correlation coefficient between
each pair of ROIs. This full correlation matrix was then thresholded so that only
a certain percentage of the strongest correlations were kept and used as links of
the network, whereas correlations weaker than the threshold were discarded.
Further, the network was binarized by setting the weight of the surviving links
to 1. I used two different network densities: changes in the largest connected
component were studied at a density of 3%, whereas rest of the analyses were
performed at a 10% density.

In order to investigate how spatial smoothing affects the structure of the
network, I used several measures of node centrality: degree, degree rank, and
eigenvector centrality. For details, see section 3.5.1.

Finally, I analyzed how spatial smoothing affects the structure of the largest
connected component of the network. The largest connected component (LCC)
may be seen as a functional core of the brain network. It is defined as the
largest set of nodes that can be reached from each other by following links of the
network.
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Figure 4.7. Functional networks extracted from spatially smoothed data contained more short-
range links and less long-range links than networks extracted from non-smoothed
data. This change in the distribution of link lengths may cause the network to
appear less integrated. For obtaining the distribution of link lengths, the network
was thresholded to 10% density. Pooled data of 13 subjects. Figure after Publication
III.

4.3.3 Results

I found that the effects of spatial smoothing on the links of functional brain
networks are not uniform. The weights of physically short links were strongly
increased by spatial smoothing, whereas the weights of longer links were less
affected. This led to an altered distribution of link lengths in thresholded
networks: number of short-range links increased while long-range links got
excluded from the network (Fig. 4.7). Smoothing also increased the degrees of
small ROIs – measured in terms of the number of voxels of a ROI – whereas the
degrees of larger ROIs decreased.

Spatial smoothing changed the identity of the network hubs that were defined
in terms of degree, degree rank, and eigenvector centrality (Fig. 4.8). In
particular, the hubness of some temporal, frontal, and parietal regions
increased, whereas the hubness of some occipital and midline regions decreased.

Finally, I found that spatial smoothing makes the LCCs of networks of different
subjects more similar (Fig. 4.9). This means that, in some subjects, spatial
smoothing causes some occipital and frontal areas to be cut out from the LCC.
Instead, the probability of temporal areas to belong to the LCC increased when
spatial smoothing was applied.
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Figure 4.8. Spatial smoothing increased hubness – measured in terms of degree rank – of
temporal areas. The top left panel shows degree ranks in a network obtained without
smoothing applied, while the other panels display the difference in degree ranks
between the network extracted from non-smoothed data and networks extracted
from data smoothed using kernels with different FWHMs. Node labels show the
values of ranks and rank changes, red (blue) colors indicate increased (decreased)
hubness. Node degrees have been averaged over 13 subjects before obtaining degree
ranks. Links are colored by the change in their prevalence, i.e. fraction of subjects
that had a link present in a network thresholded to 10% density. The visualization
follows the neurological convention: the right hemisphere is on the right and the
frontal areas in the upper part of the visualization. Figure from Publication III.
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Figure 4.9. Smoothing increased the similarity between LCCs of networks of different subjects.
Top left panel shows the probability of each node to belong to LCC in a network
extracted from non-smoothed data. Moderate probabilities to belong to LCC indicate
that LCCs differed between subjects: most nodes belonged to LCC in networks of
some but not all subjects. Other panels show changes in this probability between
the network extracted from non-smoothed data and networks extracted from data
smoothed using kernels with different LCCs. After smoothing, some nodes belonged
to LCC of almost all subjects while others did not belong to LCC of any subjects, which
indicates increased similarity between subjects. Probabilities have been calculated
over 13 subjects. The visualization follows the neurological convention. Figure from
Publication III.
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4.3.4 Conclusions

The results clearly showed that the commonly used preprocessing method,
spatial smoothing, has non-uniform, systematic effects on the structure of
functional brain networks. Spatial smoothing possibly over-emphasized strong,
short links, which may affect measures of integration and segregation of the
network. Further, spatial smoothing changed the identity of the network hubs
and distorted the structure of the LCC. Therefore, I advised against applying
spatial smoothing prior to functional network analysis of the brain.
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4.4 Study IV: Regions of Interest as nodes of dynamic brain
networks

4.4.1 Aim of the study

Functional brain networks are dynamic by nature. In the present study, I
investigated how ROIs behave as nodes of time-dependent functional brain
networks. To this end, I used three measures: spatial consistency as defined in
Publication II, spatiotemporal consistency that quantifies the temporal variation
in spatial consistency, and network turnover that measures changes in the
network neighbourhood of ROIs. Armed with these measures, I aimed to
demonstrate changes in both network structure around ROIs and in ROIs’
internal connectivity.

4.4.2 Materials and methods

I used two different datasets. The in-house dataset was measured at the AMI
center (Aalto University, Espoo, Finland) and consisted of data of 13 healty
subjects (7 female, 6 male, age 28.70±10.17 years, mean±SD, 1 left-handed, 12
right-handed). During the measurement, subjects freely listened to music (Adios,
Nonino by Astor Piazzolla). The secondary dataset contained resting-state data
of 28 healthy subjects measured as a part of the ABIDE initiative (7 female, 21
male, age 29.9±3.8 years, mean±SD).

Similarly as in Publication II, I used ROIs from three different atlases:
connectivity-based Brainnetome as well as anatomical AAL and HO atlases.

In order to investigate ROIs’ behaviour in dynamic brain networks, I used
three measures. First, spatial consistency (see Equation (3.12)) was calculated as
a static measure over the whole measurement time series and therefore referred
to as the static spatial consistency.

For calculating the two other measures, I divided the measurement time
series into time windows. To this end, I used sliding windows with length of
80 samples and 50% overlap between consecutive windows. Spatiotemporal
consistency quantified the time-dependent changes of spatial consistency and
was defined as the inverse of the mean relative change in spatial consistency
over all pairs of time windows (see Equation (3.14)).

Finally, network turnover quantified variation in a ROI’s network
neighbourhood. To calculate this measure, I first calculated in each time
window the Pearson correlation coefficient between all ROI time series. The
correlation coefficient values quantified the strength of the connection between
ROIs, and the neighbourhood of a ROI was defined as the set of the 35 ROIs to
which it was most strongly connected. For each ROI, I calculated the Jaccard
index between the neighbourhoods obtained in two consecutive time windows to
measure their similarity (see Equation (3.15)) and defined network turnover as
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Figure 4.10. Spatial consistency and network neighbourhoods of ROIs change in time. A)
Relative changes in spatial consistency between consecutive time windows. Changes
between different time windows are not similar, indicating that they are not random.
B) The Jaccard index between consecutive time windows. Low values of the Jaccard
index indicate significant turnover. Values of the Jaccard index are spatially
strongly correlated: anatomically adjacent ROIs likely have similar values. All
results are averages over 13 subjects. Visualizations follow neurological convention
as in Fig. 4.8. Figure after Publication IV.

1−〈Ji (tn, tn+1)〉 where 〈Ji (tn, tn+1)〉 is the mean Jaccard index value over pairs
of consecutive time windows.
I investigated the relationship between spatial and spatiotemporal

consistencies and network turnover, and used principal component analysis
(PCA) to identify two “extreme ROI groups” in terms of spatiotemporal
consistency and network turnover. These extreme groups contained the five
ROIs with the largest and smallest projected coordinates on the first principal
component in the space spanned by spatiotemporal consistency and network
turnover. Finally, to investigate the internal connectivity structure of ROIs, I
calculated the voxel-level correlation matrices for some representative ROIs of
the extreme groups.

4.4.3 Results

I found that spatial consistency varies non-uniformly in space and time, which
was reflected in variation of spatiotemporal consistency across ROIs (Fig. 4.10A).
Further, I noticed time-dependent changes in network neighbourhoods of some
ROIs, yielding high values of network turnover. Also these changes were
spatially non-uniform and showed strong spatial correlation: anatomically
adjacent ROIs tend to have similar values of network turnover (Fig. 4.10B).
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Figure 4.11. ROIs with low spatiotemporal consistency have high turnover in their
neighbourhoods. Connection between spatiotemporal consistency, network turnover,
and static spatial consistency. All values are averages over 13 subjects. Figure after
Publication IV.

The spatiotemporal consistency and network turnover of a ROI were negatively
correlated (Fig. 4.11). This was reflected in the properties of the ROIs selected
for the extreme groups: the first extreme group contained ROIs with high
spatiotemporal consistency and low network turnover and the second extreme
group contained ROIs with low spatiotemporal consistency and high network
turnover. Further, the ROIs in the first extreme group tend to have also high
static spatial consistency. ROIs of the extreme groups were differently located:
the first extreme group contained cortical areas, whereas the second extreme
group contained small subcortical and cerebellar areas.
Finally, I revealed inside ROIs a rich voxel-level correlation structure that

varied in time (Fig. 4.12). This structure consisted of intra-ROI subareas of
various sizes and changing connectivity with each other.

4.4.4 Conclusions

The significant turnover in the network neighbourhoods of ROIs demonstrates
that the local structure of functional brain networks changes on short time scales.
Similarly, functional homogeneity and internal connectivity of ROIs change in
time. Therefore, the common approach of using static node definitions may
lead to surprisingly inaccurate models of the human brain function. Network
neuroscience would greatly benefit from tools tailored for the analysis of dynamic
networks. These tools should be able to take into account not only the changing
connectivity between ROIs, but also the time-dependent correlation structure
inside ROIs.
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Figure 4.12. Rich correlation structure occurs inside ROIs. Voxel-level correlation matrices
inside two ROIs with high spatiotemporal consistency and low network turnover
(two upper rows) and two ROIs with low spatiotemporal consistency and high
network turnover (two lower rows). Data of a representative subject are shown
here. L: left, R: right, IFG: inferior frontal gyrus, sOcG: superior occipital gyrus,
Str: striatum, Tha: thalamus. Figure from Publication IV.
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5. Discussion

In the present Thesis, I have explored methodological issues related to modelling
the functional connections of the human brain as networks. In particular, I
have concentrated on the question of the definition of nodes in functional brain
networks.

Anatomically defined ROIs are often used as nodes of networks extracted from
inverse-modelled EEG and MEG data. In Publication I, I demonstrate the
incapability of these ROIs to retain their original dynamics after an
electrophysiological measurement and inverse modelling. As a potential
solution to this problem, I suggest an optimized collapse weighting operator
that excludes from the network extraction the vertices that are most vulnerable
to information loss during the measurement and the inverse modelling.

In Publication II, I introduce one of the key concepts of the present Thesis,
functional homogeneity, and show that the assumption about high functional
homogeneity of ROIs does not hold for three commonly used brain parcellations.
Therefore, one cannot without reserve recommend using the ROIs of these
parcellations as the nodes of a functional brain network.

Publication III investigates how a commonly used pre-processing method,
spatial smoothing, affects the structure of networks extracted from fMRI data.
The obtained effects of smoothing are non-trivial and may change interpretation
of network-oriented analysis of the brain. Therefore, I recommend against
spatial smoothing when investigating the functional networks of the human
brain.

In Publication IV, I further elaborate the interpretation of functional
homogeneity: besides measuring static goodness – or accuracy – of a ROI,
functional homogeneity also varies in time and may relate to the changes in the
network role of a ROI. By constructing dynamic functional brain networks, I
show that both functional homogeneity and network neighbourhoods of ROIs
change in time.
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5.1 Functional homogeneity varies across ROIs

Let us consider a ROI that is defined as a collection of fMRI measurement
voxels or vertices of the EEG and MEG source space. If all voxels or vertices
within the region show approximately similar dynamics, the region is said
to be functionally homogeneous. Several approaches have been suggested for
parcellating the brain into ROIs, including parcellations based on anatomy,
cytoarchitecture, connectivity, and function (Fornito et al., 2013). Regardless of
the method used to define the parcellation, the ROIs of these parcellations are
typically assumed to be functionally homogeneous. Although some results about
dissimilarity in voxel dynamics within activated brain areas have been reported
(Baumgartner, Somorjai, Summers, & Richter, 1999; Craddock et al., 2012), the
popularity of pre-defined parcellations shows that the functional homogeneity
assumption is commonly accepted among neuroscientists.

Unlike in many other systems modelled as networks – social relationships,
transport, or Internet for example – there are no obvious candidates for the
nodes of functional brain networks above the scale of neurons. Instead, different
conditions may be set for good nodes. As a minimum requirement, the ROIs
used as nodes must be functionally relatively homogeneous: if the dynamics of
a ROI does not represent the dynamics of the voxels or vertices of the ROI, it
is hard to find any meaningful interpretation for the connectivity of the ROI
itself. Therefore, the concept of functional homogeneity lies in the very core of
the present Thesis.

Functional homogeneity can be quantified in terms of several different
measures (Craddock et al., 2012; Gordon et al., 2014; Li et al., 2002; Stanley et
al., 2013; Thirion et al., 2006). Both measures used in the present Thesis –
fidelity in Publication I and spatial consistency in Publication II – showed wide
variation of functional homogeneity between ROIs in altogether four different
commonly used parcellations. This means that the assumption of the functional
homogeneity of ROIs does not hold for these parcellations. From the viewpoint
of network neuroscience, these results suggest that the ROIs of these
parcellations should not be used as the nodes of a functional brain network
without further considerations. One may expect parcellations based on
connectivity and function, instead of anatomy, to show higher functional
consistency. However, there is no significant difference between the anatomical
parcellations tested and the connectivity-based Brainnetome parcellation.

5.2 Fidelity and spatial consistency measure different aspects of
functional homogeneity

Fidelity and spatial consistency quantify the functional homogeneity from two
different viewpoints. Fidelity measures the similarity between the original
and inverse-modelled ROI time series; low fidelity values are explained by

54



Discussion

deviant components that appear in the ROI time series due to signal mixing and
inaccuracies in inverse modelling. This inhomogeneity is after the measurement
and inverse modelling present also in ROIs that have originally been fully
homogeneous, as shown by the simulations of Publication I. In practice, a low
fidelity value of a given vertex may be caused by either an increased tendency
to lose data in forward and inverse modelling or by dynamics that already
originally differed from the ROI average. Spatial consistency, on the other hand,
is a more straighforward measure of functional homogeneity: in consistent ROIs
the voxel time series are correlated, whereas in ROIs with low consistency no
correlation takes place between voxel time series. In Publication II, I applied
spatial consistency on resting-state fMRI data; however, the measure can be
used for other types of time-dependent data as well.

Despite the above-mentioned differences, fidelity and spatial consistency
clearly measure the same phenomenon. From the network viewpoint, it does
not matter if a ROI is functionally inhomogeneous due to inaccurate inverse
modelling, manifesting itself as low fidelity, or due to inaccurate ROI
boundaries, which may cause both low fidelity and low spatial consistency. To
the contrary, in both cases the suitability of this ROI for a node of a functional
brain network is questionable. As a further demonstration of the connection
between fidelity and spatial consistency, Publication I demonstrated that
optimizing the ROI definitions in terms of fidelity also leads to an increase in
other measures of functional homogeneity that are closer to spatial consistency
by definition, for example intra-ROI phase synchronization.

5.3 Functional homogeneity is required for mapping true
connections

Most methods used for estimating functional connectivity return a full, weighted
network of similarity values between the nodes (Fornito et al., 2013). However,
for further analysis this network is typically thresholded to exclude all but the
strongest links from the analysis. In an ideal case one would set the threshold so
that all links representing an actual connection between two brain areas would
be kept, whereas all links caused by noise would be exluded. Such an ideal
connection mapping would have TPR= 1 and FPR= 0. In practise, however, the
weight distributions of true and false links overlap, which makes it impossible
to fully separate them from each other.

Publication I shows that fidelity-based optimization of ROIs increases the TPR
of the network construction when the FPR is kept constant. More specifically,
optimization increases the stregth of true links while leaving the false links
intact. The mechanism behind this result can be understood by investigating
what optimization does at the vertex level: if the time series of two ROIs are
supposed to be correlated, thus indicating a link between these ROIs, this
correlation is increased when noisy vertices with low fidelity are not used to
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construct the ROI time series. Therefore, increasing the functional homogeneity
of the nodes of the functional brain network helps to set the network density in a
way that maximizes TPR. The connection between functional homogeneity and
strong links is visible also in Publication II where the spatially most consistent
ROIs have the highest degree and strength.

If high level of functional homogeneity is associated with strong links, what
should one think about links between inhomogeneous ROIs? At the voxel
level, such correlations cannot, by definition, exist: if the time series of voxels
within a ROI are not correlated in the first place, they cannot have a strong
average correlation with the time series of voxels in any other ROI. However,
Publication II shows strong ROI-level correlations between ROIs that have low
spatial consistency. These correlations appear due to the averaging of voxel time
series. In this averaging, signal components shared by every voxel are amplified
whereas unique components get suppressed.

Whether the correlations between low-consistency ROIs should be interpreted
as true or false links, depends on what the shared and unique components are.
Possibly each voxel in a ROI shares a common signal component that is related
to neuronal activity and mixed with noise unique to each voxel. In this case,
averaging the voxel time series would act as a median filter and increase SNR
by suppressing voxel-level noise. However, it is also possible that the signal
component shared by all voxels is actually noise – physiological or external
– and the unique signal components of each voxel relate to neuronal activity.
In this case, averaging the voxel signals would lead to information loss and
induce spurious connections. Based on the analyses of Publication II one cannot
directly tell which one of the above possibilities is true. Consequently, careful
consideration is required when interpreting correlations between functionally
inhomogeneous ROIs.

5.4 Spatial smoothing may change the interpretation of network
analyses

Spatial smoothing is known to increase SNR, compensate for inaccuracies in
spatial registration, and decrease undesirable inter-subject variation (Bennett &
Miller, 2010; Hopfinger et al., 2000; Mikl et al., 2008; Pajula & Tohka, 2014). On
the other hand, it may also affect the obtained network structure (Fornito et al.,
2013; Stanley et al., 2013). Publication III shows that spatial smoothing affects
the structure of functional brain networks in a systematic and non-trivial way.
The effects of smoothing include increased strength of physically short links,
changes in the identity of the hubs of the network, and increased similarity in
network structure across subjects. These changes may affect the interpretation
of the network analyses. For example, when the number of strong short-range
links increases, the network seems to be more segregated (Friston, 1994; Sporns,
2013b), and weaker links related to integration and small-world properties
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(Gallos et al., 2012) are discarded.
As spatial smoothing mixes the time series of close-by voxels, it may be

expected to affect the spatial consistency of ROIs. Indeed, smoothing increases
the consistency of all ROIs, as demonstrated in Publication II. However, this is
only a baseline shift: after spatial smoothing, the distribution of spatial
consistency is still broad. Therefore, spatial smoothing cannot be considered as
a solution for the problem of functional inhomogeneity of some ROIs. On the
other hand, spatial smoothing affects the functional brain networks not only at
the voxel level but also at the level of ROIs, unlike assumed in earlier literature
(van den Heuvel, Stam, Boersma, & Hulshoff Pol, 2008; Zalesky et al., 2012).
Therefore, I recommend avoiding spatial smoothing prior to network-oriented
analysis of functional brain imaging data.

5.5 Temporal changes in functional homogeneity relate to turnover
in local network structure

Functional homogeneity is typically interpreted as a static measure of the ROI’s
goodness: a ROI with high functional homogeneity is well-defined, whereas low
functional homogeneity indicates inaccuracies in ROI definition and suggests
that the ROI should not be used as a network node. This interpretation is
definitely useful and has been used to evaluate the accuracy of different
parcellations of the brain (Craddock et al., 2012; Gordon et al., 2014; Göttlich et
al., 2013; Stanley et al., 2013; Thirion et al., 2006). However, functional
networks of the brain have been reported to change in time, for example
between different cognitive tasks (Bassett, Wymbs, et al., 2011; Braun et al.,
2015; Göttlich et al., 2017; Honey et al., 2007; Khambhati et al., 2017).
Therefore, one should consider functional homogeneity not only as a static
property of a ROI but also as a time-dependent measure that may offer
additional information about the ROI’s behaviour as a node of the functional
brain network. I have speculated about the possible connections between a
ROI’s functional role and time-dependent behaviour of its functional
homogeneity in Section 1.3.

In Publication IV, I show that functional homogeneity indeed changes in time.
Relative changes in spatial consistency are non-uniform in space and time,
resulting in variation across ROIs in a derivative measure, the spatiotemporal
consistency. Further, time-dependent changes occur also in the network
neighbourhood of ROIs. These changes are in Publication IV quantified in terms
of network turnover that, similarly to spatiotemporal consistency, is
non-randomly distributed in space and shows strong spatial correlations.

Interestingly, spatiotemporal consistency and network turnover are negatively
correlated. This means that neighbourhoods of ROIs with high spatiotemporal
consistency are relatively stable. Further, these ROIs tend to have high spatial
consistency as well. On the other hand, ROIs with low spatiotemporal
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consistency tend to have more turnover in their neighbourhoods.
Here, it is important to remember that ROIs with low spatiotemporal

consistency are typically subcortical areas whose fMRI BOLD signals are
known to suffer from low SNR. Therefore, the high network turnover of these
ROIs does not definitely indicate continuous changes in the connectivity profile
of these ROIs. Instead, the rather extreme network turnover of these ROIs may
be at least partially caused by measurement noise.

The relationship between spatial and spatiotemporal consistency and network
turnover supports the idea about a connection between a ROI’s functional
homogeneity and its functional role. However, proving that changes in
functional homogeneity and network structure are caused by changes in brain
function would require obtaining a temporal correlation between neighbourhood
turnover and changes in spatial consistency. Datasets used in Publication IV
may not necessarily be optimal for this kind of investigation: music may raise
different cognitive responses in different subjects, and in resting state there is
no reason to expect that brain function changes simultaneously in all subjects.
Even at the level of single subjects, changes in brain function may be hard to
localize. Therefore, a more detailed analysis of the connection between
functional homogeneity and brain function would require using a dataset
specifically optimized for this purpose.

5.6 Is it possible to define static ROIs?

All parcellations of the brain implicitly assume that it is possible to divide the
human brain into static areas that are functionally distinct and spatially non-
overlapping. Even in Publication I of the present Thesis, I have interpreted
functional homogeneity from the viewpoint of this assumption: although ROIs
of some parcellations are functionally inhomogeneous and should not be used
as nodes of functional brain networks, it is possible to construct an optimized
parcellation of functionally homogeneous ROIs. This assumption, of course,
ignores all voxel-level structure inside ROIs: a ROI with non-uniform internal
structure is a badly defined ROI.

However, in Publication IV, I find a rich structure of voxel-level correlations
inside ROIs. Importantly, this structure does not occur only inside ROIs with low
spatial consistency but also inside ROIs where voxel time series are, on average,
moderately strongly correlated. This structure varies in time. Size of intra-ROI
subareas changes, similarly as the correlation structure between these subareas.
In one time window all voxel time series inside a ROI may correlate; in the
subsequent window the voxels are divided into numerous independent clusters.
Fluctuations in module structure have been reported to take place in ROI-level
networks (Khambhati et al., 2017). The results of Publication IV suggest that
similar fluctuations occur also inside ROIs. This raises a fundamental question:
is it possible to define a static set of ROIs that could be used as nodes of functional
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networks of the human brain? Based on the results of Publication IV, it is hard,
without reserves, to answer this question positively.

As stated already in section 1.2.2, many problems of the ROI approach can be
avoided if functional brain networks are constructed using fMRI voxels or EEG
and MEG source vertices as network nodes (Fornito et al., 2013; Hayasaka &
Laurienti, 2010). Because the time series of voxels and vertices are obtained
directly in an fMRI or electrophysiological measurement, the combinatory nature
of these nodes is often forgotten. However, also the mesoscopic nodes combine
activity of a number of neurons and may, from the neuronal-level viewpoint,
be rather arbitrary. So, information losses due to averaging cannot with the
existing imaging devices be avoided simply by increasing resolution – or, from
the network viewpoint, by increasing the number of nodes. On the other hand,
it is reasonable to assume that in the brain there are functional areas larger
than single voxels or vertices (Shen et al., 2013; Wig et al., 2011).

R. Kujala et al. (2016) have suggested for analysis of functional brain networks
an approach that coarse-grains voxels into clusters and considers connectivity
between these clusters but allows also self-links that quantify the level of
intra-cluster connectivity. This may well be the future direction of network
neuroscience: an optimal network model of the human brain should not only
consider the dynamic connectivity between ROIs but also take into account
the changing connectivity structure inside the ROIs and possibly allow time-
dependent changes in ROI boundaries. The current network-oriented tools of
neuroscience have revealed interesting features of structure and function of the
human brain; however, significant methodological work is still needed before the
full potential of the network model of the brain can be put into use.
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6. General conclusions

Modelling the human brain as a set of structural and functional networks
has opened new paths for neuroscientific investigations. Many features of the
structure of the brain networks have widened our knowledge of the human
brain: segregation and integration manifest themselves as a modular structure
and as weak links connecting the modules, respectively; rich clubs contain the
tightly interconnected hubs of the brain; and less important areas are left in the
periphery. The most recent research paradigms, such as the study of dynamic
and multilayer brain networks, promise to further increase our understanding
on how the brain works.

However, to work in the frontiers of network neuroscience, one needs to have
the basis properly set. In the present Thesis, I wish to warn about the
consequences of careless methodological choices. Among these consequences are
the functional inhomogeneity of brain areas that are assumed to be
homogeneous and the unexpected effects of a commonly applied preprocessing
method, spatial smoothing.

At the moment, a number of questions related to the methodology of the
construction and study of the brain networks are still unanswered. For example,
the neuroscientific community still lacks a commonly accepted standard
approach for defining the nodes of a brain network, despite the fundamental
effects of node selection on network structure. Careful, persevering work is
needed to answer these questions, and abandoning some of the current
standard tools may be required. However, as long as these questions remain
open, they hinder us from using the full potential of network-oriented methods
in neuroscience.
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