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Abstract
Functional communication between brain regions is likely to play a key role in complex cognitive
processes that require continuous integration of information across different regions of the brain.
This makes the studying of functional connectivity in the human brain of high importance. It also
provides new insights into the hierarchical organization of the human brain regions. Resting-state
networks (RSNs) can be reliably and reproducibly detected using independent component analysis
(ICA) at both individual subject and group levels. A growing number of ICA studies have reported
altered functional connectivity in clinical populations. In the current work, it was hypothesized
that ICA model order selection influences characteristics of RSNs as well as their functional
connectivity. In addition, it was suggested that high ICA model order could be a useful tool to
provide more detailed functional connectivity results. RSNs’ characteristics, i.e. spatial features,
volume and repeatability of RSNs, were evaluated, and also differences in functional connectivity
were investigated across different ICA model orders. ICA model order estimation had a significant
impact on the spatial characteristics of the RSNs as well as their parcellation into sub-networks.
Notably, at low model orders neuroanatomically and functionally different units tend to aggregate
into large singular RSN components, while at higher model orders these units become separate
RSN components. Disease-related differences in functional connectivity also seem to alter as a
function of ICA model order. The volume of between-group differences reached maximum at high
model orders. These findings demonstrate that fine-grained RSNs can provide detailed, diseasespecific functional connectivity alterations. Finally, in order to overcome the multiple
comparisons problem encountered at high ICA model orders, a new framework for group-ICA
analysis was introduced. The framework involved concatenation of IC maps prior to permutation
tests, which enables statistical inferences from all selected RSNs. In SAD patients, this new
correction enabled the detection of significantly increased functional connectivity in eleven RSNs.

Keywords: BOLD, FMRI, Functional Connectivity, ICA, Model Order, Modularity,
Resting-state, Resting-state Networks

Abou Elseoud, Ahmed, Toiminnallisten hermoverkkojen tutkimus itsenäisten
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Tiivistelmä
Toiminnallisten aivoalueiden välinen viestintä on todennäköisesti avainasemassa kognitiivisissa
prosesseissa, jotka edellyttävät jatkuvaa tiedon integraatiota aivojen eri alueiden välillä. Tämä
tekee ihmisaivojen toiminnallisen kytkennällisyyden tutkimuksesta erittäin tärkeätä. Kytkennälllisyyden tutkiminen antaa myös uutta tietoa ihmisaivojen osa-alueiden välisestä hierarkiasta.
Aivojen hermoverkot voidaan luotettavasti ja toistettavasti havaita lepotilan toiminnasta yksilöja ryhmätasolla käyttämällä itsenäisten komponenttien analyysia (engl. Independent component
analysis, ICA). Yhä useammat ICA-tutkimukset ovat raportoineet poikkeuksellisia toiminnallisen konnektiviteetin muutoksia kliinisissä populaatioissa. Tässä tutkimuksessa hypotetisoitiin,
että ICA:lla laskettaujen komponenttien lukumäärä (l. asteluku) vaikuttaa tuloksena saatujen
hermoverkkojen ominaisuuksiin kuten tilavuuteen ja kytkennällisyyteen. Lisäksi oletettiin, että
korkea ICA-asteluku voisi olla herkempit tuottamaan yksityiskohtaisia toiminnallisen jaottelun
tuloksia. Aivojen lepotilan hermoverkkojen ominaisuudet, kuten anatominen jakautuminen,
volyymi ja lepohermoverkkojen havainnoinnin toistettavuus evaluoitin. Myös toiminnallisen
kytkennällisyyden erot tutkitaan eri ICA-asteluvuilla. Havaittiin että asteluvulla on huomattava
vaikutus aivojen lepotilan hermoverkkojen tilaominaisuuksiin sekä niiden jakautumiseen alaverkoiksi. Pienillä asteluvuilla hermoverkojen neuroanatomisesti erilliset yksiköt pyrkivät keräytymään laajoiksi yksittäisiksi komponenteiksi, kun taas korkeammilla asteluvuilla ne havaitaan
erillisinä. Sairauksien aiheuttamat muutokset toiminnallisessa kytkennällisyydessä näyttävät
muuttuvan myös ICA asteluvun mukaan saavuttaen maksiminsa korkeilla asteluvuilla. Korkeilla asteluvuilla voidaan havaita yksityiskohtaisia, sairaudelle ominaisia toiminnallisen konnektiviteetin muutoksia. Korkeisiin ICA asteluvun liittyvän tilastollisen monivertailuongelman ratkaisemiseksi kehitimme uuden menetelmän, jossa permutaatiotestejä edeltävien itsenäisten IC-karttoja yhdistämällä voidaan tehdä luotettava tilastollinen arvio yhtä aikaa lukuisista hermoverkoista. Kaamosmasennuspotilailla esimerkiksi kehittämämme korjaus paljastaa merkittävästi lisääntynyttä toiminnallista kytkennällisyyttä yhdessätoista hermoverkossa.

Asiasanat: aivojen lepotilan hermoverkot, BOLD, hierarkia, itsenäisten komponenttien
analyysi (ICA), ICA asteluku, TMK, toiminnallinen konnektiviteetti

Preface
This Ph.D. thesis contains the results of research undertaken at the Department
of Radiology of the University of Oulu. This research was realized within the
framework of the MEBO program, funded by the Finnish Academy. This thesis
represents the culmination of work and learning that has taken place over a period
of almost four years (2008–2012). Certainly, I would have never reached the point
of finishing my dissertation without the help and support of others.
In brief, independent component analysis (ICA) is thought to be one of the
most important analytic tools used to study functional brain connectivity. ICA is a
data-driven method that separates functional magnetic resonance (fMRI) datasets
into independent sources or components. Functional brain sources recorded during
resting conditions are referred to as resting-state functional networks (RSNs). These
RSNs are understood to characterize functional brain activity at rest in absence
of task performance. Initially, RSNs involved 6–8 functional networks, i.e. visual
(medial & lateral), motor, auditory, attentional (right & left), and default mode
network (DMN) (anterior & posterior).
In order to depict functional RSNs (6–8 RSNs) ICA was chosen to estimate
10–20 dimensionality (model order). At higher ICA model orders (i.e. > 30–40),
increasing the number of noise components and splitting of the RSNs in subnetworks
(overfitting) have limited the use of higher ICA model orders in studying brain
connectivity. On the other hand, overfitting of signal sources at higher ICA
model orders is a relative phenomenon that primarily depends on certain factors,
e.g. dimensions and quality of the data. High ICA model orders offer detailed
investigation of functional brain connectivity at the level of sub-networks (i.e. finegrained RSNs) that represent low functional brain hierarchies. At the level of finegrained RSNs, each of the initial RSNs (i.e. large-scale RSNs) consists of two or
more sub-networks.
Notably, the researcher faces two main obstacles when investigating functional
brain connectivity at higher ICA model orders. Firstly, successfully identifying
RSNs and associating neuro-functionalities to fine-grained RSNs. Secondly, the
increased risk of false positive results due to increasing the number of statistical
tests performed at higher model order (problem of multiple comparisons).
Systematic investigation of RSNs at various ICA model orders during both resting
and task-related conditions, particularly during complex tasks, could possibly
provide solutions for the first obstacle. In fMRI datasets, permutation testing seems
to be a more accurate method for obtaining correct results. However, as mentioned
7

earlier, correcting each RSN for multiple comparisons separately increases the risk
of false positive results. Concatenation of RSNs into a single map minimizes false
positives to overcome the problem of multiple comparisons.
The thesis is based on research results from four independent studies, all of
which aimed to describe functional brain connectivity using ICA, especially in
clinical populations. The first section of the thesis consists of a general introduction
to functional brain networks and the current knowledge of functional brain
connectivity as well as a brief introduction to ICA and its estimation methods.
The introduction is followed by the aims of this thesis and descriptions of the
ICA framework used for investigating functional brain connectivity analysis. The
three chapters that follow provide a short description and discussion of the results
obtained from the four studies as well as the main conclusion drawn from this work.
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1

Introduction

Recent neuroimaging techniques have been developed in order to facilitate
investigations of variations in brain structure or function and how they correlate
to physiological phenomena as well as to documented behavioral and cognitive
deficits. Since its development in the early 1990s, functional magnetic resonance
imaging (fMRI) has played an essential role in visualizing human brain activity
for the study of functional segregation and localization of activity (Friston 2011).
Functional localization implies that a given function can be localized in a cortical
area, whereas functional segregation suggests that a cortical area is specialized
in certain perceptual or motor processing (Friston 2011). In addition, studying
functional integration among segregated brain areas could reveal new insights
regarding brain functionality and hierarchy (Friston 2011). Functional integration
methods such as functional brain connectivity, e.g. seed based (e.g. Biswal et al.
1995, Biswal et al. 1997, Lowe et al. 1998) and independent component analysis
(ICA) (e.g. McKeown et al. 1998, Biswal et al. 1999, Calhoun et al. 2001,
Hyvärinen et al. 2001, Kiviniemi et al. 2003) have been developed in order to
assess functional integration within spatially remote brain regions/structures.
In essence, functional integration searches beyond functional localization
and functional segregation. It focuses on studying brain activity at rest as well
as while performing a wide range of tasks, i.e. simple to complex, revealing
relations between different brain structures. Functional integration could provide
new platforms for explaining functional phenomena and relations unreachable on
anatomical or neurotransmitter bases.
Functional connectivity refers to temporal correlation of low frequency
fluctuations ocurring in spatially remote brain regions (Friston 1994). However,
correlations between the activity of different brain regions can be the result of a
variety of reasons, e.g. stimulus-locked transients evoked by a common input or
reflect stimulus-induced fluctuations mediated by synaptic connections (Gerstein
and Perkel 1969). In order to understand the underlying causes of these correlations,
and to describe the interrelated nature of brain regions, effective connectivity has
emerged. Effective connectivity refers simply to the influence that one neural
system exerts over another.
For example, the regression-based, hypothesis-driven approach has been used
to detect functional connectivity (Biswal et al. 1995, Biswal et al. 1997, Lowe et
al. 1998, Cordes et al. 2000, 2001 & 2002). In this method, the network is defined
as the areas whose correlation with a priori selected seed time course exceeds a
17

pre-defined threshold. However, when regressing time courses are unavailable or
in case of unrestricted analysis (not to certain seeds), data-driven approaches (e.g.
ICA) would be suitable. In ICA, a network can be broadly defined as a set of brain
areas which are consistently synchronous. Also, a network may be defined as a
set of brain regions that interact in synchronizing fashion more strongly with each
other than with the rest of the brain (McKeown et al. 1998, Biswal et al. 1999,
Calhoun et al. 2001, Hyvärinen et al. 2001, Kiviniemi et al. 2000, 2003, McKeown
et al. 2003, Greicius 2004, Van de Ven 2004, Beckmann et al. 2005).
ICA is a multivariate method of analysis that works to separate and reconstruct
linearly-mixed signals, which is similar in nature to the separation of a myriad of
voices recorded by a single microphone, as in the ‘cocktail party’ problem (Bell
and Sejnowski 1995, McKeown and Sejnowski 1998). ICA then estimates a set of
maximally independent components (Calhoun and Adali 2006).
In essence ICA differs from other hypothesis-driven techniques in its ability
to differentiate relevant functional brain signals from various sources of noise
without a priori knowledge on the signal origin (Hyvärinen et al. 2001). Applying
ICA to multiple subjects, also referred to as ‘group-ICA’ expanded the application
of this technique to group studies, which allowed the ability to make group
inferences (Calhoun et al. 2001, Beckmann et al. 2004). Group-ICA enables the
drawing of group inferences from the functional networks discovered based on a
series of statistical analyses on the voxels and time courses characterized by each
component. These group inferences allow characterization of trends in modulation
that can distinguish the cognitive performance of those with brain disorders from
a healthy population.
During the past few years both structural and functional modular brain
organization have been demonstrated (e.g. Bullmore and Sporns 2009). In general,
detecting modules in a network may help in defining sub-structures, and in analyzing
complex functions via linking identified sub-structures and sub-functions (Fortunato
and Barthelemy 2007). In addition, it could provide understandings concerning the
capacity of the brain to generate and integrate information simultaneously (Sporns
et al. 2004).
Studies measuring functional brain connectivity at rest have revealed that
during resting conditions the brain remains functionally active (Fox and Raichle
2007). In contrast to task-based studies, resting-state studies observe the brain in
the absence of an overt task which could be used as a reference state for diagnosing
disorders. Recently, resting-state functional connectivity measured by ICA has
been implemented to determine functional alterations in a number of clinical
18

populations. Measuring ICA functional brain connectivity at different hierarchical
levels could provide an advantage in modeling the systematic effects of pathology
in brain disorders.
This work studies the characteristics of resting-state functional brain networks
using ICA in healthy controls (HC). It also investigates functional brain connectivity
at different hierarchal levels in patients diagnosed with seasonal affective disorder
(SAD).
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2

Review of the literature

2.1

Brain architecture

Anatomy and Brodmann areas
Over a century ago Korbinian Brodmann’s famous book was published (Brodmann
1909) ‘Vergleichende Lokalisationslehre der Großhirnrinde in ihren Prinzipien
dargestellt auf Grund des Zellenbaues’ (The principles of comparative localization
in the cerebral cortex based on cytoarchitectonics). In this book and an earlier
publication (Brodmann 1907), Brodmann showed that the original pattern of the
cortex is the ‘primitive six-layered type’ and all variations in cortical structure
(excepting some rudimentary cortical zones) are derived from this cytoarchitecture
(Garey 2006).
Brodmann analyzed the regional variations in cell structure of the cerebral
cortex in detail and based on the cytoarchitectonic features, he defined 52 different
areas of the cerebral cortex (Fig. 1). The regions’ borders were sometimes sharply
defined (e.g. the boundaries of BA 44 and anterior border of BA 43), while other
ill-defined boundaries (e.g. the border of BA 17–20, 23, 31 and the posterior border
of BA 43) were found in spite of their markedly different cytoarchitectural features.
Today, Brodmann’s maps are still universally used to locate neuropsychological
functions in the cerebral cortex (Strotzer 2009).
Interestingly, although neuroimaging methods such as fMRI, positron emission
tomography (PET) and magnetoencephalography (MEG) have unraveled many of
the functional aspects of the brain, cytoarchitectonical and myeloarchitectonical
studies can still provide detailed insight into the microstructural organization of the
brain (Eickhoff et al. 2007a, Zilles and Amunta 2009). Recently, three-dimensional
probabilistic cytoarchiteconical maps have enabled structural/functional
correlations after unifying post-mortem and in-vivo data in a common reference
space. It has be shown that the distribution pattern of a single receptor can either
match the cytoarchitectonical parcellation, lump together several cytoarchitectonic
areas into a cluster/network or parcellate a single cytoarchitectonical area into two
or more subunits (Zilles and Amunts 2009).
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Fig. 1. Brodmann areas shown on both medial and lateral surfaces of the cerebral hemisphere (it is from the 20th U.S. edition of Gray’s Anatomy of the Human Body, originally
published in 1918).

Histology
The central nervous system (CNS) is mainly composed of nerve cells called
neurons, and glial cells called astrocytes and oligodendrocytes. The neuron is the
functional cellular unit of the nervous system (Fig. 2) and it consists of three parts:
a cell body (soma) containing the nucleus, one or more dendrites, which receive
incoming impulses, and a single long axon that carries impulses on to the next
neuron. Axons are mostly surrounded by myelin (a protein with a high lipid content
that serves to insulate the axon). Myelinated fibers make up the white matter in
the CNS, while cell bodies and unmyelinated fibers compose the gray matter. The
other major cellular constituents of the nervous system are the neuroglial cells or
astrocytes (Fig. 3). Astrocytes provide structural and metabolic support for the
neurons during development and in the mature brain (Martin 2003).
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Fig. 2. The neuron is the functional cellular unit the nervous system and it consists of
three parts: a cell body (soma) containing the nucleus; one or more dendrites, which
are short branches off the body that receive incoming impulses; and a single, long axon
that carries impulses away from the body and to the next neuron (Retrieved from http://
learn.genetics.utah.edu/content/addiction/reward/index.html).

Although neurons are of different shapes and sizes, all neurons have a common
morphological plan. Based on the configuration of the dendrites three classes of
neurons can be classified: unipolar, bipolar, and multipolar. In the central nervous
system, cell bodies and dendrites are located in cortical areas, which are flattened
sheets of cells (or laminae) located primarily on the surface of the cerebral
hemispheres, and in nuclei, which are clusters of neurons located beneath the
surface.
Functionally, the layers of the cerebral cortex can be divided into three parts.
The supragranular layers (layers I to III) are the primary origin and termination
of intracortical connections, which are either associational, or commissural. The
internal granular layer (layer IV) receives thalamocortical connections, especially
from the specific thalamic nuclei and it is most prominent in the primary sensory
cortices. The infragranular layers (layers V & VI) primarily connect the cerebral
cortex with subcortical regions. These layers are most developed in motor cortical
areas (Swenson 2006).
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Fig. 3. Astrocytes form a major cellular constituent of the nervous system. Astrocytes
are though to provide structural and metabolic support for the neurons during development and in the mature brain, (Retrieved from http://learn.genetics.utah.edu/content/
addiction/reward/index.html).

2.2

Neurophysiology

The central nervous system consists of about 10 000 000 000 neurons, each linked
with many others. With regard to the profuse interconnections amongst neurons in
the cerebral cortex, activity in one neuron influences that of neighboring cells, which
feed directly or indirectly back to the original neuron (Holmes 1990). Information
flow along a neuron is polarized. The dendrites and cell body receive and integrate
incoming information, which is then transmitted along the axon to the terminals.
Communication between neurons is also polarized and occurs at specialized sites
of contact called synapses.
At rest, i.e. before being stimulated to transmit an electrical impulse, the cell
membrane of a neuron is slightly polarized (resting potential). This resting potential
is maintained by the sodium/potassium pump. When a stimulus occurs the sodium
ions (Na+) flow inside the cell and the cell membrane becomes depolarized (does
not require energy). Then the cell membrane potential rises up to a threshold level
after which a complete depolarization happens and the action potential propagates
and travels towards the axon terminals (transmission of the signal). After Na+
concentration increases inside the cell the potassium ions (K+) start to flow outside
the cell in a process called repolarization needed in order to restore the electrical
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balance of the cell membrane. Hyperpolarization occurs as a result of overflow of
the K+ outside the cell membrane causing the membrane potential to drop slightly.
After the impulse has passed a refractory gap occurs during which the exchange of
Na+ and K+ (back to their original side of the membrane) takes place through the
Na+/K+ channels (Siegal and Sapru 2011).
The synapse consists of three distinct elements: the presynaptic terminal,
the synaptic cleft, and the receptive membrane. There are both excitatory and
inhibitory synapses, which are structurally similar but use different transmitter
chemicals to open different ionic gates. The existence of the two types of synapse
provides a mechanism for controlling the excitability of the neuron in either
the direction of increase or of decrease (Holmes 1990). Neurotransmitters are
molecules of varied natures, i.e. quaternary amines, amino acids, catecholamines
or peptides, which are released by neurons to transmit information via the
synapses (Hammond 2008).
For neuronal signaling to continue, ion concentrations and electrochemical
gradients must be re-established to ensure ion flow. Also, the neurotransmitter
must be recycled and returned to neuron.These processes require energy and
the primary source of free energy in the brain is Adenosine-triphosphate (ATP).
In glycolysis the glucose is consumed and 2 ATP, Acetyl coenzyme A (AcetylCoA)/lactic acid are produced. Later Acetyl-CoA enters the tricarboxylic acid
cycle and with the consumption O2 it produces CO2, water and 34 ATP. It has
been shown that restoring presynaptic membrane ion concentrations following
action potential consumes 47 percent of total energy expenditure. Restoring
postsynaptic membrane ion concentrations following postsynaptic potentials
consumes 34 percent and with Glutamate cycling expending 3 percent (Attwell
and Laughlin 2001).
At rest, neurons are exposed to various sources of noise which in turn causes
fluctuations in the action potential of the neuronal membrane (i.e. below the action
potential threshold). In a pioneering study, Margrie and colleagues implemented a
combination of experimental and theoretical approaches to investigate the role of
membrane potential oscillations in signal processing (Margrie et al. 2002). Their
results showed that oscillations within individual cells improve action potential
precision and stimulus discrimination by reducing the accumulation of ongoing
spiking.
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2.3

Brain aging

There are a number of anatomical and physiological changes that take place in the
brain as we age. Atrophy is one of the most general features of aging that affects
all body systems. Age-related structural changes in the brain include, volume
decrease, widening of sulci and shortening of gyri, as well as senile plaques and
hippocampal atrophy (Craik and Salthouse 2000). Neurofibrillary tangles also
decrease in number (Anderton 2002).
In addition to the structural changes that the brain incurs with age, the aging
process also entails a broad range of biochemical changes. PET studies have
reported age-related decrease in dopamine synthesis, binding sites, and number
of receptors (Iyo and Yamasaki 1993, Wang et al. 1998, Kaasinen et al. 2000).
Decreasing levels of glutamate as well as diminishment of different serotonin
receptors have also been shown to occur with age (Wong et al. 1984, Chang et al.
2009). Microarray technology has made global gene expression analysis possible
in humans and model organisms, leading to the identification of evolutionarily
preserved changes during aging. Concurrently, improvements in functional brain
imaging have afforded an unprecedented view of the workings of large-scale
cognitive networks in the aging human brain.
2.4

Functional magnetic resonance imaging

Strong magnetic fields are used in MRI to create images of biological tissue.
Hydrogen exists in many molecules in the body. For instance, water (consisting of
one oxygen and two hydrogen atoms) comprises about 70 percent of body weight.
Hydrogen is also present in various body tissues (e.g. fat). The positively charged
spinning protons acts like tiny magnets (Pooley 2005). In the absence of a strong
magnetic field, hydrogen protons in tissues are randomly aligned so that their
magnetic fields do not cumulate but rather cancel out. Applying a strong external
magnetic field (B0), forces the protons inside an object to align and create a net
magnetization (M) which is parallel to B0. This M becomes the source of MR
signal and is used to produce MR images (Pooley 2005).
When a suitable radiofrequency (RF) pulse (determined from the Larmor
equation) is applied perpendicular to B0, the realigned nuclei are disturbed in a way
that M is not parallel to B0 but tilted at a certain angle, i.e. transverse plane. Then,
when the RF pulse is discontinued, the nuclei return to the equilibrium state, i.e.
relaxation (where M is again parallel to B0). During relaxation, a radiofrequency
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signal is sent out from the nuclei and it can be detected with coils placed around the
object being imaged. This signal is referred to as free induction decay (FID), which
begins at a given amplitude and rapidly fades away.
There are three types of relaxation commonly measured by MRI termed T1, T2
and T2* relaxation times. T1, or longitudinal relaxation, refers to a process by which
the inverted susceptible nuclei transfer their energy to the surroundings thereby
realigning M parallel to B0. At the same time, but independently, the individual
spins contributing to M (i.e. in the transverse plane) lose their phase coherence due
to spin-spin interactions (since normally protons spin at different frequencies). The
time taken by the transverse magnetization to decay to 37 percent of its original
value is referred to as T2 or transverse relaxation. In addition, generally, dephasing
or lose of phase coherence (in the transverse plane after RF stops) occurs due to
spin-spin interactions, magnetic field inhomogeneities, magnetic susceptibility and
chemical shift effects. In this case, the dephasing may be called T2* decay or T2*
relaxation. Variations in molecular structure and the concentration of hydrogen in
tissues influences relaxation times (i.e. T1, T2 & T2*). Thus, these relaxation times
can be used as contrasts for producing MR images.
Functional neuroimaging aims to localize different mental processes to
different parts of the brain, in effect creating a map of which areas are responsible
for which processes. Since the early 1990s, the development of fMRI has catalyzed
an explosion of interest in functional neuroimaging and has become a powerful
tool in research and clinical applications. Unlike structural MRI, which measures
differences between tissues, fMRI measures signal changes in the brain resulting
from changing neural activity. The most popular approach is fMRI based on blood
oxygenation level dependent (BOLD) signal changes, which allows assessment of
brain activity via local hemodynamic variations over time (Ogawa et. 1990, Turner
et al. 1991, Parrish et al. 2000, Rammani et al. 2002, Peltier et al. 2003, Penny et
al. 2004, Polyn et al. 2005).
2.5

BOLD signal

Contrast arises from changes in the local ‘magnetic susceptibility’ an index of
the extent to which an applied magnetic field is distorted as it interacts with a
material. Blood is considered as a concentrated solution of hemoglobin (10–15 gm
hemoglobin/100 cm3). Oxygenated hemoglobin is diamagnetic while deoxygenated
hemoglobin is paramagnetic (Pauling and Coryell 1936). Thus a change in cerebral
hemoglobin oxygen concentration leads to alterations in the local magnetic field
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distortions in water protons inside and around small blood vessels. BOLD signal
was first described by Ogawa (Ogawa et al. 1990) in a cat brain as the result of
altered cerebral hemoglobin oxygen concentration under hypoxia and normoxia
conditions.
PET measurements at rest (visually neutral conditions) have shown that the
baseline rate of blood flow through a typical 100 gram sample of cortical tissue is
around 50 ml/min (Matthew et al. 1993). Interestingly, upon neural activity oxygen
consumption is not as high as the increase in perfusion. An intense visual stimulation
can increase perfusion rates in the affected cortical region by 50–70 percent (Fox et
al. 1986). These flow increases elevate capillary oxygenated blood, accelerating the
oxygen delivery across capillaries and lowering venous deoxyhemoglobin levels.
This mismatch between consumption and oxygen delivery leads to positive BOLD
signal changes around 2–3 percent of the baseline signal level (at 1.5 Tesla), due to
overall decline in paramagnetic deoxyhemoglobin (Fig. 4).
The typical fMRI BOLD response could be divided into three epochs (Fig.
4). 1) A brief period (the initial dip) of nearly 0.5–1 s immediately after electrical
activity commences during which the signal drops slightly below the baseline. 2)
Subsequently, the BOLD signal increases in the form of so-called positive BOLD
response which peaks 5–8 s after a given stimulus. 3) Finally upon cessation of
the stimulus, the BOLD response returns to baseline, a post-stimulus undershoot
during which the BOLD response passes through baseline and remains negative
for tens of seconds is often noticed. Especially new faster imaging sequences like
multiplexed and magnetic resonance encephalography are able to capture the initial
dip.
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Fig. 4. An actual (averaged) BOLD response plot at 1.5 T scanner shows three epochs
1) A brief period (the initial dip) of nearly 0.5–1 s. 2) The positive BOLD response which
peaks 5–8 s after a given stimulus. 3) Finally upon cessation of the stimulus, the BOLD
response returns to baseline, a post-stimulus undershoot (Retrived from http://www.
cmrr.umn.edu/~eja/fmri.html).

Physiological basis
The regional increase in cerebral blood flow in functionally active areas appears
to be a consequence of increase energy demand and utilization at the synapse
(Duncan et al. 1987, Duncan and Stumpf 1991). However, the relationship between
increased energy utilization and increased blood flow is not clear, added to that is the
controversy over inhibitory synapse activity and energy utilization (Glendenning et
al. 1985, Mathiesen et al. 1998, Rees et al. 2000).
Cerebral blood flow
Cerebral blood flow (CBF) delivers glucose and oxygen to the brain tissue, so it is
natural to suppose that CBF is directly related to brain function. At rest, the average
computerized tomography-CBF (CT-CBF) values of the whole brain section, gray
matter, and white matter are 45.56, 52.75, and 30.38 mL/100 g/min, respectively.
While the corresponding PET-CBF values are 46.86, 50.89, and 38.20 mL/100 g/
min, respectively (Kudo et al. 2003). In 1881, Angrelo Mosso performed pioneering
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observations on three persons with post-operative permanent defects in the skull
showing an evidence of CBF increase during mental activity (Mosso 1881). For
example, during performance of a visual task perfusion rates increased in the visual
cortices by 50–70 percent (Fox et al. 1986). Also, Xu and colleagues have shown
that CBF increased in the right parahippocampus during memory-encoding task
performance (Xu et al. 2007).
There are various mechanisms by which CBF adjusts to changes in functional
activity (e.g. CO2, and O2 tensions, PH, adenosine concentration in the tissue,
and vasodilatation/constriction of cerebral blood vessels). These mechanisms
also include neurogenic control of the cerebral circulation and vascular effects
of neurotransmitters such as glutamate, dopamine, Gamma-Aminobutyric acid
(GABA), etc.
Metabolism
Although the brain accounts for only about 2 percent of the total body mass, it
consumes 20 percent of the body’s glucose and oxygen, and receives 20 percent of
its blood supply. Under normal conditions the brain derives almost all of its energy
from the oxidation of glucose (Clarke and Sokoloff 1999). This requires a nearly
constant supply of glucose and oxygen.
The development of the [14C] deoxyglucose ([14C]DG) method has enabled
measurement of local rates of glucose utilization (ICMRglc) (Sokoloff et al. 1977).
This method established that increased functional activity stimulates whereas
decreased functional activity diminishes ICMRglc in anatomical components of the
activated pathways (Sokoloff 1981). Interestingly, increases in glucose consumption
due to functional activation are confined to synapse-rich brain regions, i.e. neuropil,
which contains axonal terminals, dendritic processes, and the astrocytic processes
that envelope the synapses (Kadekaro et al. 1985, Sokoloff 1999). It was also
shown that the magnitudes of these increases are directly and linearly related to the
frequency of action potential in the afferent pathways and not to the activity of the
target neurons in the projection zone (Kadekaro et al. 1985, Sokoloff 1999), which
indicates that ICMRglc is increased in the projection zone of an activated pathway
regardless of whether the pathway is excitatory or inhibitory (Sokoloff 2008).
It was also shown that regions rich in neuronal cell bodies consume glucose,
although their rates are essentially unaffected by neuronal functional activation
(Kadekaro et al. 1985, Sokoloff 1999). Presumably, the glucose metabolized
in neuronal cell bodies is mainly used to support cellular vegetative and house30

keeping processes (e.g. axonal transport, biosynthesis of nucleic acids, proteins,
phospholipids, as well as other energy-consuming processes not related directly to
action potential).
Astrocytes
Recently, it has become evident that astrocytes are no longer seen as cells that
merely provide structural support to neurons. Instead, it has been shown that
astrocytes interact with neurons by responding to and releasing neurotransmitters.
Schummers and colleagues have shown that astrocytes in the primary visual cortex
respond to visual stimuli, and that they are key intermediaries in coupling neural
activation to changes in blood flow (Schummers et al. 2008). Astrocytes were found
to cluster in a characteristic way, resulting in astrocyte orientation maps that were
organized around pinwheel centers. These maps overlap with those of neuronal
maps (Schummers et al. 2008).
Blocking astrocyte glutamate transporters influenced the magnitude and
duration of adjacent visually driven neuronal responses. Also, blocking astrocyte
glutamate transporters significantly reduced the responses of astrocytes, whereas
neural activity remained unchanged or increased slightly (Schummers et al.
2008). This finding demonstrates the potential role for astrocytes in mediating the
neurovascular coupling.
2.6

Functional brain networks

The mature human brain is both structurally and functionally specialized such
that discrete areas of the cerebral cortex perform distinct types of information
processing. These areas are organized into functional networks that flexibly interact
to support various cognitive functions.
2.6.1 Functional networks during task
Functional imaging techniques such as PET and fMRI have proven to be valuable
tools in the investigation of human brain function. In task-based studies, a task
or stimulus is presented and changes in brain activity in response to the stimulus
are recorded. For example, a flashing checkerboard stimulus is associated with
spatially specific activity increases in the visual cortex and an auditory stimulus
with increased activity in the auditory cortex.
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Task fMRI experiments have provided literature describing and linking specific
cognitive and behavioral functions to identified functional brain networks. As
an example, during performance of attention-demanding cognitive tasks, two
opposite types of responses are commonly observed: a specific set of frontal
and parietal cortical regions exhibit activity increases (Cabeza and Nyberg
2000, Corbetta and Shulman 2002), whereas a different set of regions, including
posterior cingulate, medial and lateral parietal, and medial prefrontal cortex,
routinely exhibit activity decreases (Gusnard and Raichle 2001, Simpson et al.
2001, McKiernan et al. 2003).
Activity increases in frontal and parietal regions have been associated with
top-down modulation of attention and working memory (Cabeza and Nyberg 2000,
Corbetta and Shulman 2002, Corbetta et al. 2002), processes commonly recruited
by cognitive task paradigms. Activity decreases are generally proportional to task
difficulty (McKiernan et al. 2003) but may be attenuated by self-referential aspects
of the task such as emotion (Simpson et al. 2001, Maddock 1999, Gusnard et al.
2001) or episodic memory (Shannon and Buckner 2004) as well as the intrusion of
task-independent thoughts (McGuire et al. 1996).
2.6.2 Functional networks at rest
In addition to fMRI activation studies, relatively new and increasingly utilized
meausures of resting-state functional connectivity allow for a complementary
examination of the functional relationships between different brain regions.
Resting-state functional connectivity evaluates regional interactions that occur
when a subject is not performing an explicit task (e.g. Biswal et al. 1995, Lowe
et al. 1998, Greicius et al. 2003, Kiviniemi et al. 2000, 2003, Beckmann et al.
2005, Fox et al. 2005, Salvador et al. 2005, Achard et al. 2006, Damoiseaux et al.
2006, Nir et al. 2006, Andrews-Hanna et al. 2007, Dosenbach et al. 2007, Fair et
al. 2007).
Biswal and colleagues were the first to demonstrate that during rest the left and
right hemispheric regions of the primary motor network show a high correlation
between their BOLD time courses (Biswal et al. 1995, Biswal et al. 1997), suggesting
ongoing functional connectivity between these regions (Biswal et al. 1997, Cordes
et al. 2000, Lowe et al. 2000, Greicius et al. 2003). Group resting-state studies have
reported consistent functionally linked brain regions during resting conditions.
These brain regions, which interact with each other in synchronizing fashion more
than the rest of the brain are often referred to as resting-state networks (RSNs).
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RSNs can be reliably and reproducibly detected using ICA at individual subject and
group levels (Greicius et al. 2004, Beckmann et al. 2005, Damoiseaux et al. 2006,
De Luca et al. 2006, Kiviniemi et al. 2009, Shehzad et al. 2009, Zuo et al. 2010).
Fig. 5 illustrates the most often reported RSNs, describing networks of
anatomically separated brain regions that show a high level of resting-state
functional connectivity. These networks include the motor network, the visual
network, two lateralized networks (consisting of superior parietal and superior
frontal regions), the so-called default mode network (DMN), which consists of
precuneus, medial frontal and inferior parietal and temporal regions (Gusnard et
al. 2001, Raichle et al. 2001, Greicius et al. 2003, Fox et al. 2005, Fransson 2005,
Buckner and Vincent, 2007, Fox and Raichle 2007, Raichle and Snyder 2007) and
a network consisting of bilateral temporal/insular and anterior cingulate cortex
regions.

Fig. 5. Eight resting-state networks (RSNs) depicted at low ICA model order of 20. These
RSNs include networks commonly described in the literature: from left to right, Top:
Posterior segment of default mode network (DMN-post), Anterior segment default mode
network (DMN-ant), right dorsolateral attention network (Dorsal attenion R.), and left
dorsolateral attention network (Dorsal attenion L.). Bottom: Visual, motor, precuneus
and control networks.

Brain regions forming the DMN show higher activity during rest than during other
cognitive tasks (Shulman et al. 1997, Mazoyer et al. 2001, Raichle et al. 2001,
McKiernan et al. 2003). Lin et al. (2011) showed that in several de-active brain
regions, cerebral metabolic rate of oxygen values were associated with behavioral
measures indicating more effortful task performance. Interestingly, the DMN
showed lower BOLD signal during high-demand tasks than during low-demand
tasks or rest indicating a neuronal source for de-activation (Lin et al. 2011).
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2.6.3 Development of functional brain networks
During the first 6–7 years of life children undergo a period of major neurocognitive
development. However, there is only very limited information from fMRI studies
about the level of organization of functional networks in children in the early
school period. De Bie and colleagues collected continuous resting-state fMRI in
5- to 8-year-old children in an awake state to identify and characterize RSNs. The
results showed 14 components consisting of regions known to be involved in visual
and auditory processing, motor function, attention control, memory, and the DMN
(de Bie et al. 2011).
In general, normal aging is related to anatomical and functional changes
and cognitive decline (Bäckman et al. 2006, Raz et al. 2006). Functions such as
attention, information processing, and working memory are compromised in the
elderly (Park et al. 1996, Craik and Salthouse 2000, Salthouse and Ferrer-Caja
2003). Functional and anatomical neuroimaging techniques have been applied
to locate specific brain regions affected by aging. For example, imaging studies
examining gray matter volume reported gray matter reduction mainly in the frontal
and parietal cortex (Raz et al. 1997, Good et al. 2001), and functional imaging
studies have consistently shown a decrease in occipital lobe activity and an increase
in frontal lobe activity across a variety of tasks (Grady et al. 1994, Madden et al.
1996, Cabeza et al. 2004).
2.6.4 Functional brain networks and brain disorders
Recently, fMRI has been used extensively to study abnormalities in functional brain
networks in patients with neurological or psychiatric disorders. A number of studies
have implemented ICA approaches to measure functional connectivity in clinical
populations, e.g. Alzheimer’s disease or dementia (Greicius et al. 2004, Rombouts et
al. 2009, Seeley et al. 2009), schizophrenia (Jafri et al. 2008, Calhoun et al. 2009),
depression (Anand et al. 2005, Greicius et al. 2007, Chen et al. 2008, Zhou et al.
2009, Sheline et al. 2010), epilepsy (Zhang et al. 2009), Huntington’s disease (Wolf
et al. 2008), and amyotrophic lateral sclerosis (Mohammadi et al. 2009).
Patients suffering from depressive episodes typically show pervasive depressed
mood, accompanied by several cognitive and physical symptoms (American
Psychiatric Association 1994). Depressive symptoms usually include a wide range
of symptom domains, i.e. mood, vegetative and cognition, etc. Therefore, it has
been proposed that a disruption of function of a single brain region can not explain
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these symptoms (Davidson et al. 2002). Depressive symptoms are better explained
by a dysregulation of a brain network involving large parts of the prefrontal cortex,
limbic areas and subcortical structures (Mayberg 2003, 2009, Drevets et al. 2008).
Resting-state studies in major depressive disorder (MDD) have reported altered
functional connnectivity in several brain areas (Fitzgerald et al. 2008).
Anand et al. (2005) reported decreased connectivity of the dorsal anterior
cingulate cortex with the medial thalamus and left pallidostriatum in patients
with major depression. In addition, decreased functional connectivity between the
caudate nucleus and the DMN has also been reported (Bluhm et al. 2009). Also,
reduced local synchrony (i.e. connectivity between neighboring voxels) of brain
activity was detected in orbitofrontal, cingulate and insular regions in non-seasonal
MDD (Yao et al. 2009). On the other hand, Greicius and colleagues (2007) showed
a pattern of increased connectiivty between the subgenual cingulate and the
thalamus with the DMN (Greicius et al. 2007). Most recently, it was shown that
depressed patients demonstrated decreased connectivity in three RSNs, including
visual regions, left frontal pole that is associated with attention and a network
encompasing both amygdala and insula (Veer et al. 2010).
SAD was first described in 1984 (Rosenthal et al. 1984) and is considered a
sub-type of either recurrent MDD or bipolar affective disorder in which depressive
episodes regularly begin in one season and remit in another season (American
Psychiatric Association 2000). The winter-type of SAD manifests as atypical
symptoms of depression (Rosenthal et al. 1984, Jacobsen et al. 1987). Moreover,
recent evidence suggests a circadian basis for SAD (Lewy et al. 2006, Wehr et al.
2001). The phase shift hypothesis suggests that SAD patients experience a circadian
phase delay in winter and that early morning bright light exposure helps alleviate
symptoms by correcting this phase shift delay (Lewy et al. 1987, 2006, Lewy
1999). Until now, only one study describing metabolic changes in brain in SAD
was conducted in 1992 by Cohen and colleagues using PET (Cohen et al. 1992).
Increased metabolic rates were detected in the frontal, orbitofrontal, right parietal
(rolandic region), left middle temporal cortex, right caudate and right putamen,
whereas lower metabolic rates were detected in the right middle temporal cortex
and posterior division of the left parietal cortex (Cohen et al. 1992).
2.7

Brain connectivity

Advancements in MRI in the past three decades have provided sensitive tools to
obtain non invasive, unprecedented characterizations of the human brain in vivo
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including the connectivity between brain centers. In general, brain connectivity
describes the relationship between anatomically different, spatially close or
distant, brain regions that are linked together either structurally via neuronal
axons (Johnston et al. 2008, Greicius et al. 2009, Van den Heuvel et al. 2009) or
functionally via spontaneous intrinsic synchronization (Friston et al. 1993, Biswal
et al. 1995, Lowe et al. 2000). The organization of the human brain is based on
two complimentary principles which lead to two corresponding approaches in
explaining its function (Ramnani et al. 2002). The first approach is functional
segregation. Functional segregation is based on the principle of modularity, that
is, specialization of function within different regions of the brain in which local
assemblies of neurons in each area perform their unique operations. The second
approach is functional integration, which explains function in terms of information
flow between brain areas. This approach is based on the principle that functions are
emergent properties of interacting brain areas within networks. In order to explore
the relationships between neuronal networks across the brain, we first need to
categorize the different types of brain connectivity. Connectivity refers to several
interrelated yet different aspects of brain organization (Horwitz 2003).
2.7.1 Structural connectivity
Structural connections in the brain mainly refer to white matter tracts and describe
the bundles of millions of axons that directly interconnect large groups of spatially
separated neurons. Diffusion tensor imaging (DTI) is an imaging modality capable
of characterizing microscopic tissue properties and rendering the local direction
of fibers (Basser et al. 1994, Coremans et al. 1994, Basser and Pierpaoli 1996). In
the past few years, DTI has attracted much interest in both clinical neurology and
basic neurobiological research for its ability to render white matter fiber structures
that cannot be seen in conventional MRI (e.g. Basser 1995, Mori and van Zijl
2002, Mori et al. 2005). The accuracy of DTI-based fiber tracts compared to true
neuronal fiber tracts has been continuously improving upon to the point where, for
some structures, they even outperform the accuracy of anatomical atlases (Douek
et al. 1991, Holodny et al. 2005, Ino et al. 2007, Kim et al. 2008, Park et al. 2008).
In a recent study, DTI tractography was employed to construct a macroscale
anatomical network that captures the underlying common connectivity pattern of
the human cerebral cortex (Gong et al. 2009). The anatomical automatic labeling
template (Tzourio-Mazoyer et al. 2002) was used to parcellate the cerebral cortex
into 78 cortical regions (39 for each hemisphere) and 2 cortical regions were
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considered connected if the probability of fiber connections exceeded a statistical
criterion. The results revealed that 329 pairs of cortical regions showed significant
anatomical connectivity.
2.7.2 Functional connectivity
Recently, it has been shown that the brain consists of spatially distributed but
functionally linked regions that continuously interact and share information
with each other. Recent advances in both analytical and statistical methods have
provided tools to measure and examine functional interactions between brain
regions. As a statistical concept functional connectivity can be defined as the
temporal dependence of neuronal activity patterns of anatomically separated brain
regions (Aertsen et al. 1989, Friston et al. 1993). In the last few years, functional
brain connectivity has been heavily investigated in a multitude of studies, covering
domains such as various task performances, rest, sedation, disease and treatment.
2.7.3 Effective connectivity
Effective connectivity can be defined as the influence one neural system exerts
over another, either at a synaptic or cortical level (Friston et al. 1994). The term
describes networks of causal effects of one neural element over another in the
context of a particular anatomical model that specifies such routes a priori. Effective
connectivity seems to appear as the intersection of structural and functional
connectivity. In general, such casual effects are inferred through a causal model
which includes structural parameters as well as regions and connections of interest
specified by the investigator (Penny et al. 2004).
2.8

Functional connectivity analysis

The BOLD signal comprises different sources of variability, possibly including
machine artifacts, physiological pulsation, head motion and hemodynamic changes
induced by different experimental conditions. This mixture of signals presents
a huge challenge for analytical methods attempting to identify task-related or
resting-state spontaneous changes. Methods for processing fMRI data in order to
investigate and measure both the existence and extent of functional connections
between brain regions roughly can be categorized into two groups: model-driven
and data-driven methods.
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2.8.1 Hypothesis-driven methods
The most straightforward way to examine the functional connections of a particular
brain region is to correlate the time-series of the depicted brain region against the
time-series of all other regions. This includes methods such as seed correlation
methods (Biswal et al. 1995, Cordes et al. 2000, Fransson 2005, Andrews-Hanna
et al. 2007, Song et al. 2008, Larson-Prior et al. 2009). Seed methods provide
connectivity maps describing the brain regions with which the selected seed is
correlated or anti-correlated. However, these results are limited to the functional
connections of the selected seeds making it difficult to examine the connectivity
patterns of the whole brain. Also of note, to a great extent the results are dependent
on the seed selection method (anatomically or functionally) and the results also
may suffer from circularity.
Additionally, voxel-based methods for analyzing fMRI data can provide a
complementary view of functional brain activity. Regional homogeneity (ReHo)
assumes that a given voxel should have temporal patterns similar to its neighboring
voxels (Zang et al. 2004). At rest, voxels within a functional brain area are assumed
to be more temporally homogeneous than the rest of the brain. Although ReHo is
less sensitive to event-related hemodynamic responses compared to model-driven
methods, e.g. general linear model (GLM), it is capable of detecting spontaneous
hemodynamic responses (Zang et al. 2004). ReHo analysis has enabled
characterization of various brain disorders, e.g. Alzheimer’s disease, schizophrenia
and depression (Zang et al. 2004, Liu et al. 2006, Bai et al. 2008, Yuan et al. 2008,
Wu et al. 2009, Wu et al. 2011).
Amplitude of low-frequency fluctuations (ALFF) (Zang et al. 2007) involves
the spectral decomposition of the time-series data with a focus on the relative
amplitude that resides in low-frequency ranges. Recent studies indicate that ALFF
reflects spontaneous synchronous neural activity during resting-state (Laufs et al.
2003, Gonçalves et al. 2006, Shmuel et al. 2008). In healthy individuals, ALFF in
the visual cortex is higher during scans conducted with eyes open than eyes closed,
whereas activity in the posterior cingulate does not show such fluctuation (Yang et
al. 2007). ALFF has been used to study disorders such as early Alzheimer’s disease,
attention deficit hyperactivity disorder (ADHD), posttraumatic stress disorder,
epilepsy, and schizophrenia (Zang et al. 2007, Zhang et al. 2008, Hoptman et al.
2010, Huang et al. 2010, Zhang et al. 2010, Yin et al. 2011).
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2.8.2 Exploratory methods
Exploratory methods require minimal prior knowledge about the data (assumptions
are more relaxed compared to hypothesis-driven methods). These methods enable
the exploration of connectivity patterns without the need of defining an a priori seed
region. In contrast to seed-based methods, exploratory methods are designed to
look for general patterns of connectivity across brain regions. Analytic techniques
such as principal component analysis (PCA) and ICA are among these commonly
used exploratory methods.
Principle component analysis
PCA is a classic technique in statistical data analysis, feature extraction and data
reduction. PCA finds an orthogonal basis for its given data. The first eigenvector,
i.e. the first principal component, gives the direction of maximum variance in the
data. Given a set of multivariate measurements, the purpose is to find a smaller
set of variables with less redundancy (the redundancy is measured by correlations
between data elements) that would give the best representation possible. This
solution, discarding a subset of the components, provides a reduction of the data
size and also eliminates most of the random noise prior to analysis (Friston et al.
1995a, Strother et al. 1997, Tegeler et al. 1999, Hansen et al. 1999, Laconte et al.
2003). One of the main goals of PCA is to reduce the dimensionality of the original
dataset. Thus, PCA is often used as a pre-processing step for other data-driven
analysis methods such as clustering and ICA. A pioneering work in functional
connectivity using PCA was done by Friston et al. (Friston 1994). They defined
time-series functional connectivity as temporal correlations between spatially
remote neurophysiological events. They modeled a connected brain system as a
pattern of activity in terms of correlations or covariance and used PCA analysis to
demonstrate the connectivity during a verbal test.
Independent component analysis
ICA (Comon 1994, Bell and Sejnowski 1995) has been applied to fMRI data as
an exploratory data analysis technique in order to find maximally independently
distributed spatial patterns that depict source processes in the data (McKeown
1998a,b, Biswal et al. 1999, Beckmann 2000, Calhoun et al. 2001, Hyvärinen et al.
2001, Kiviniemi et al. 2003, McKeown et al. 2003, Greicius 2004, Van de Ven 2004,
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Beckmann et al. 2005). The basic goal of ICA is to solve the blind source separation
problem by expressing a set of random variables (observations) as linear combinations
of statistically maximally independent latent component variables (source signals).
ICA assumes that the original data from an fMRI experiment with n voxels measured
at p different time points is written as p x n matrix X for which the decomposition is
X = AS

(1)

The matrix S is optimized to contain statistically independent spatial maps
in its rows, i.e. independent spatial areas in the brain. A is the matrix of mixing
coefficients (i.e. functional activations). The latent variables, known as the
independent components (ICs) of the observed data, are assumed to be nonGaussian and mutually independent. As the linear mixing system is unknown, the
source variables S and the weights A are both iteratively estimated in ICA.
ICA was first applied to fMRI data analysis by McKeown et al. (1998). An
ICA algorithm was used in their study to investigate task-related human brain
activity in fMRI data. Their results have shown that ICA can be used to reliably
partition fMRI datasets into structured components, i.e. physiologically meaningful
components (including task and function related physiological changes), nontask related signal changes, and structured noise (e.g. cardiac and respiratory
movements) and random noise.
The ICA model above notably differs from the standard GLM used in neuro
imaging in some aspects: in ICA, the number of observed mixtures must be at least as
large as the number of sources. Also, the ICA model (in equation 1) does not include
a noise model. In addition, GLM generally describes the functional connectivity
of a brain region for a specific brain state but does not reveal information about
intrinsically connected networks and their interactions. ICA, however, is capable of
providing three measures of functional connectivity, i.e. total connectivity, within
network connectivity and between network connectivity (Joel et al. 2011).
Essentially, what differentiates ICA from PCA is the assumption that the
underlying sources (components in S) are statistically maximally independent.
Statistical independence means that the sources do not contain any information
about each other within the selected dimension (i.e. temporal or spatial domain). In
addition, the frame of reference onto which one projects the multivariate data with
ICA is not orthogonal. Also, the direction of the axes in ICA is not only computed
solely on the second order statistics like in PCA but also from higher orders
statistics. In ICA, the number of sources to estimate may be chosen (e.g. arbitrary)
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prior to the analysis. By changing the dimensions of the unmixing matrix to be
estimated, we have the possibility to choose the number of independent sources
computed by the algorithm. This is not the case in PCA. Another difference is the
ordering of the components. In PCA, the first principal component accounts for
as much of the variability in the data as possible, and each successive orthogonal
component accounts for as much of the residual variability as possible.
In practice, ICA assumes that the sources in the data have a non-Gaussian
distribution. ICA aims to find components that are maximally independently
distributed. When it comes to performing an ICA there are several ways to measure
independence and each of them involves the use of different algorithms resulting in
slightly different unmixing matrices.
In the past few years, a number of approaches have been proposed in order
to estimate a model for ICA. For instance, maximamization of non-Gaussianity
assumes that each underlying source is not normally distributed (non-Gaussian).
Thus, one way to extract the components is by forcing each of them to be as far
from the normal distribution as possible. For example, negentropy (a measure of
distance from normality) as well as kurtosis (the fourth-order cumulant of a random
variable) can be used to estimate non-Gaussianity.
Maximum likelihood assumes that the unknown parameters are constants or
there is no prior information on them. Using the likelihood equation it is possible
to estimate the parameter values that maximize/minimize the likelihood function.
Notably, the likelihood function can be very complicated to estimate if the
measurements are dependent. However, following the assumption that sources/
components are statistically independent, estimation of maximum likelihood can
be applied to calculate ICA.
Minimizing mutual information inspired by information theory and has been used
in many ICA algorithms for different kinds of mixtures (Comon et al. 1994, Taleb and
Jutten 1997, Pham 2002, Babaie-Zadeh and Jutten 2005). One of the main properties of
this approach is that it serves as a unifying framework for many estimation principles,
particularly maximum likelihood estimation and maximization of non-Gaussianity.
Tensorial methods, or using the cumulant tensor to estimate ICA, involve
using higher-order cumulant tensor to obtain independent sources/components.
In practice, covariance matrix represents the second-order cumulant tensor, which
means that the data is transformed so that second-order correlations are zero. The
fourth-order cumulant tensor in turn approximates the fourth-order correlations to
zero (higher-order decorrelation) and therefore is considered to be a generalization
of the covariance matrix.
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Model order estimation methods
During the past years several techniques for estimating the number of signalcarrying components have been developed. These methods can be classified into
two main categories, i.e. analytic and empirical. Analytic methods such as Minimal
Description Length (MDL) (Rissanen 1978, Calhoun et al. 2001, Li et al. 2007),
Stein’s unbiased risk estimator (Ulfarsson and Solo, 2008), Laplace approximation
(LAP) (Tipping and Bishop 1999, Minka 2000), and Akaike information criterion
(AIC) (Akaike 1969) are based on using information-theoretic criteria to estimate
the optimal number of principal components.
On the other hand, empirical methods, e.g. Bayesian evidence (Schwartz 1978,
Minka 2000), select the number of principal components in order to optimize some
metric of performance and are calculated using resampling techniques; therefore,
these methods are typically more computationally expensive than analytic methods.
Several authors have compared the efficacy of the various model order
estimation methods. The method of optimizing Bayesian evidence was reported
to be significantly more accurate than the cross-validation method if the sample
size and number of voxels in simulated data are both small (i.e. < 15) (Minka
2000). The Bayesian evidence method was also better than cross-validation when
the data were non-Gaussian (Beckmann and Smith 2004), though not significantly,
being better than cross-validation in estimating the dimensionality of simulated
Gaussian data. Cordes and Nandy (2006) have shown that analytic methods, e.g.
maximaizing Bayesian evidence and MDL are strongly influenced by sample size.
Li et al. (2007) have shown that when a large portion of observations is discarded
prior to dimensionality estimation the remaining observations are independent and
identically distributed. Ulfarsson and Solo (2008) have shown that using Stein’s
unbiased risk estimator to estimate the data dimensionality (with some assistance
from random matrix estimator) is more accurate than both maximizing Bayesian
evidence and MDL in simulated Gaussian data.
Group-ICA
Recently, methods have been developed and validated for comparing patterns of
brain activity across subjects and/or sessions within an ICA-based framework.
Early studies proposed running ICA decompositions for each subject separately
(e.g. Greicius et al. 2003, Esposito et al. 2005, De Luca et al. 2006). However,
drawbacks included practical difficulties identifying the correspondence between
42

estimated spatial components between subjects. Although ICA maps are known to
be largely consistent across healthy individuals (Damoiseaux et al. 2006), finding
identical corresponding components across subjects is unlikely. In general, at a
given ICA model order, one network could be potentially split into two or more
sub-networks in some subjects but appear as a single component in others. Such
problems may be driven purely by a variability of structured noise among subjects.
Alternatively, some researchers have adopted the use of separate ‘group-ICA’ runs
per group or experimental condition which are being compared prior to further GLM
comparison (e.g. Harrison et al. 2008a,b). However, this approach may also be suboptimal, as it biases towards false-positive findings of group or between-session
differences (Calhoun et al. 2001, Beckmann and Smith 2005). Furthermore, singlesubject ICA followed by group-level matching of components across subjects lacks
the advantage of the additional effect of signal-to-noise which is present when all
subjects are analyzed simultaneously. Significantly, single-subject ICA has much
greater power to model/ignore session-level structured noise than group-level ICA
approaches.
Starting with a group-level ICA and then generating subject-specific
versions of the resulting group maps solves the problem of between-subject RSN
correspondence inherent in the process of combining single-session ICA data. The
first group-ICA model to emerge for fMRI was applied to task data (Calhoun et
al. 2001). In the first step of this procedure, data from all subjects are spatially
normalized and dimensionality-reduced via PCA (separately for each subject). These
reduced datasets are then assumed to contain the most important source signals
that have been ‘mixed’ into the measurements. All reduced datasets are temporally
concatenated prior to the application of group-ICA. This identifies voxels that share
common temporal patterns of response within and between subjects. By means of
temporal concatenation of multiple datasets (Calhoun et al. 2001), group-ICA can
thereby estimate group-level independent components (Beckmann et al. 2005).
In order to enable voxel-wise between-subject comparisons, Calhoun and coworkers proposed a back-projection method in which individual subject components
are derived from the group-decomposition via PCA back-projection/reconstruction
(Calhoun et al. 2001). This method estimates temporal and spatial information (at
the subject level) associated with each group component by projecting the original
single-subject data onto projection matrices (which combine the group-level
unmixing matrix and the subject-level PCA-derived matrices).
In a recent approach proposed by Beckamann and colleagues, subject-specific
maps were estimated from information contained within the original functional
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data via a ‘dual regression’ technique (Beckmann et al. 2009, Filippini et al. 2009).
This approach differs from back-reconstruction by using regression of the groupICA spatial maps against the original, individual session, functional datasets. The
spatial maps from group-ICA decomposition are first used as a set of GLM (spatial)
regressors in a multiple regression analysis. This process generates subject-specific,
session-specific time courses for each independent component. These time courses,
rather than matrices calculated as part of back-projection, are then normalized and
used as GLM (temporal) regressors in a second multiple linear regression against
the functional datasets. This generates subject-specific spatial maps for each
original group-level component.
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3

The purpose of the study

To evaluate characteristics of resting-state networks and their functional
connectivity at different hierarchical levels using ICA.
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4

Materials and methods

4.1

Subjects

The present set of studies was conducted in Oulu University Hospital during
2007–2011. The Ethical Committee of the University of Oulu has approved the
studies. Informed consent was obtained from each subject individually according
the Helsinki declaration.
Study I
55 healthy controls (24.96 ± 5.25 years, 32 ♀) were randomly recruited from three
resting-state studies: an At Risk Mental Stage (ARMS) 1986 birth cohort study
of ADHD and schizophrenia; a 1966 birth cohort study of schizophrenia; brain
tumour resting-state study.
Study II
168 subjects (55 adolescents, 13.2 ± 2.4 years, 20 ♀, 59 young adults 22.2 ± 0.6
years 35 ♀, and 54 older adults 42.7 ± 0.5, 25 ♀) were recruited from the data of
Northern Finland Birth Cohorts (NFBC) 1986 & NFBC 1966. Also, subjects were
recruited from other resting-state studies, i.e. pediatric psychiatry a Childhood
Autism Spectrum-study and a pediatric temporal lobe epilepsy study (The healthy
controls of all these studies represent the normal Finnish population and, therefore,
they were chosen for the analysis).
Study III & IV
45 individuals with SAD (not receiving antidepressants) and 45 age- (39.78 ± 10.64,
30 ♀, 15 ♂), gender- and ethnicity-matched healthy volunteers (no concomitant
medications) were recruited through advertisements. SAD patients were recruited in
two waves during January-February 2009 (first wave) and November 2009-January
2010 (second wave) in the city of Oulu, Finland (latitude 65°01′N). The first wave
represents the pilot study of SAD and light therapy project, while the second wave
represents the continuation of the same project. After signing the informed consent
for participation in the study, all subjects (18–45 years in first wave, and ≥ 18 years
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in the second wave) were interviewed by an experienced psychiatrist (Anu Liettu
or Markku Timonen).
The Mini International Neuropsychiatric Interview (MINI) has been used
to evaluate individuals who have reported depression symptoms during winter
time (Sheehan et al. 1998). SAD subjects also fulfilled the diagnostic criteria for
“seasonal pattern” according to DSM-IV-TR (American Psychiatric Association
2000).
The exclusion criteria in both studies III & IV included lifetime psychotic
disorder, other concurrent DSM-IV axis I except anxiety disorder, clinically
significant DSM-IV axis II disorder, substance abuse or dependence, tobacco
smoking, life-time suicide attempt or suicide ideations during the past month,
unstable physical disorder, psychotropic medications or corresponding herbal
preparations, bright light therapy for the current episode, ocular-disorders except
myopia/hyperopia. Furthermore, pregnant candidates were excluded.
4.2

Data acquisition

The fMRI data was collected on a GE Signa 1.5 Tesla whole body system with an
eight channel receiving coil. Resting-state BOLD data were collected using an EPI
GRE sequence (TR 1800 ms, TE 40 ms, 253 (283, study III & IV) time points, 28
oblique axial slices, slice thickness 4 mm, inter-slice space 0.4, covering the whole
brain, FOV 25.6 cm x 25.6 cm, with 64 x 64 matrix, parallel imaging factor 2, and
a flip angle of 90 º). Resting-state scanning lasted 7 minutes and 36 seconds in
study I & II, and 8 minutes and 30 seconds in study III & IV. T1-weighted scans
were imaged using 3D FSPGR BRAVO sequence (TR 12.1ms, TE 5.2 ms, slice
thickness 1.0 mm, FOV 24.0 cm, matrix 256 x 256, and flip angle 20 º, and NEX
0.5 & 1, studies I-II & III-IV, respectively).
All subjects were instructed to simply lay still inside the scanner, think of nothing
particular and not to fall asleep. In study I & II subjects were asked to focus on a
cross on an fMRI dedicated screen which they saw through the mirror system of
the head coil, while in study III & IV subjects were asked to keep their eyes closed.
Hearing was protected using ear plugs, and motion was minimized using soft pads
fitted over the ears. In study III & IV patients were scanned within one week after
they were diagnosed with SAD and their healthy counterparts were imaged using
the same protocol during the same winter-period.
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4.3

Data analysis

Study I
ICA analysis was carried out using FSL 4.0 MELODIC software implementing
probabilistic independent component analysis (PICA) (Beckmann et al. 2004)
framework and ICASSO (Himberg et al. 2004) in MATLAB (The Math Work,
Natick, MA, USA). Temporal concatenation option in MELODIC was used to
perform PICA related pre-processing and data conditioning in group analysis
setting. PCA-reduced datasets from MELODIC were produced for model orders of
10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 125, 150 and 200. These data were analyzed
using ICASSO repeating FastICA (Hyvärinen 1999) 100 times.
Components of interests
Visual signal sources (VSS), DMN, primary sensorimotor (S1), secondary
sensorimotor (S2), primary motor (M1), striatum and precuneus (preC) were chosen
as components of interest to be evaluated from resting-state data. The volume of
ICs was calculated using fslstats tool included with FSL4. Statistical analyses of
components’ volume as a linear function of ICA model order were performed using
Origin software (OriginPro 8 SR0, V8.0725 “B725”) and statistical parameters of
significance were set at a level (p < 0.05).
Detection points and branching points were observed for each component
of interest. Detection point refers to the lowest model order in which the signal
source was initially detected and branching point means the model order where
a selected signal source splits into two components. ICASSO returns Cluster
quality index (Iq) for each estimate-cluster/IC (Himberg et al. 2004) which gives
a rank for the corresponding ICA estimate. In the ideal case, the index is (very
close to) one, and the value drops as the clusters grow wider and mix up. Iq of the
selected components were used to assess the repeatability of ICA components of
interest and mean of all Iq was used to measure the overall stability of the whole
ICA decomposition. Mean Iq threshold (Repeatability threshold) was arbitrary
chosen to be ≥ 0.8.
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Study II, III & IV
ICA analysis was carried out using FSL 4.1.4 MELODIC software implementing
PICA (Beckmann et al. 2004). Multisession temporal concatenation tool in
MELODIC (implementing FastICA algorithm) was used to perform PICA related
pre-processing and data conditioning in group analysis setting. ICA using model
order 70 (in study III, ICA model orders, i.e. 20, 40, 60, 70, 80, 100, 120 and 150)
was applied to detect RSNs as described earlier (Kiviniemi et al. 2009).
Statistical analysis and correction for multiple comparisons
The between-subject analysis (study II, III & IV) of the resting data was carried
out using a dual regression approach that allows for voxel-wise comparisons
(Beckmann et al. 2009, Flippini et al. 2009, Veer et al. 2010). The dual regression
approach identifies subject-specific temporal dynamics and associated spatial maps
within each subject’s fMRI data set. This involves (A) multiple linear regression of
the z-score group PICA maps against the preprocessed individual 4D re-sampled
data sets yielding a subject specific variance normalized (des norm = 1) time course
for each component separately, and (B) multiple linear regression of these time
courses was carried out against the preprocessed individual data sets in order to
obtain subject specific spatial maps (Fig. 6).
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Fig. 6. (Top): Framework of the group-ICA (concatenation approach, as implemented
in MELODIC). Individual fMRI datasets are concatenated temporally (After performing
group-based PCA reduction on each individual fMRI dataset). Then using ICA to estimate
group-ICA maps and group mixing matrix. (Bottom) Dual-regression approach involving
1) spatial regression of ICA maps into each subject’s fMRI data to find subject-specific
time courses 2) back regression of these time courses into the subject’s fMRI data to
detect subject-specific ICA maps. This figure is retrieved from Abou Elseoud et al. 2011.

Between-group statistical difference was assessed non-parametrically using
permutation testing implemented in FSL Randomize tool (v2.1). Thresholdfree cluster enhancement (TFCE) (Smith and Nichols, 2009) was incorporated
for cluster-like statistic and use of maximal statistics for multiple comparisons
correction. This involved deriving null distributions of t-values for the contrasts
reflecting the between-group effects by performing 5000 random permutations
of group labels and testing the difference between groups against distribution of
maximal statistic values from all permutations (Nichols and Holmes, 2002) for
each IC separately.
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In both studies, i.e. III and IV, assessment of between-group statistical difference
using permutation testing resulted in 22 RSNs showing significant (p < 0.05,
corrected for family-wise errors for each RSN map separately) increased
functional connectivity. However, performing multiple comparison correction
for each IC separatly does not adjust for the risk of type I error (false positives)
induced by increasing the number of components tested simultaneously at high
model orders.
In study IV, spatial concatenation of subject-specific/individual maps of each
RSN (Fig. 7) allows performing permutaion testing over all maps at the same
time (90 subjects temporally concatenated and 47 ICs spatially concatenated). In
essence, this approach (inter-RSN correction) computes maximal statistic for each
permutation over TFCE-statistics (10 000 random permutations) of all voxels of the
concatenated maps (relative to the initial analysis that computes TFCE-statistics in
each map separately, e.g. study II & III). Then, the resulting distribution of maximal
values is used to derive threshold levels for p-values.

Fig. 7. Inter-RSN correction framework. Subject-specific spatial ICA maps are spatially
concatenated prior to permutation testing as a procedure to account for false positives when testing multiple ICA maps. This figure is retrieved from Abou Elseoud et
al. 2011.
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Components of interests
For demonstration of the impact of ICA model order on between-group differences
in functional connectivity, both motor and visual large-scale networks were
selected (Study III). These RSNs were selected as they a) showed most distinct
disease related changes and b) could be further divided into several sub-networks
at high model orders. The FSL fslstats tool was used to calculate the volume of nonzero voxels in each RSN and each significant between-group difference. Graphs
showing the total volume (number of non-zero voxels) of both between-group
differences and RSNs as a function of ICA model order were made using Origin
software (OriginPro 8 SR0, V8.0725). Total volumes were calculated by summing
up all non-zero brain voxels using the FSL 4.1.4 fslmaths tool. The summed maps
were selected from group-PICA maps and from between-group difference maps
(TFCE corrected p < 0.05). The Juelich histological atlas (Eickhoff et al. 2007b),
and the Harvard-Oxford cortical and subcortical atlases (Harvard Center for
Morphometric Analysis) which are provided with the FSL4 software were used to
quantify anatomical characteristics of thresholded z-score maps. Identification and
detection of the ICs was accomplished by visual selection using fslview software.
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5

Results

5.1

Characteristics of RSNs across ICA model orders

Increasing ICA model order has shown a significant effect on characteristics of
RSNs’ components including their volume, spatial features and repeatability. In
general, all components of interest showed a significant linear decrease in volume
reaching model orders 70–80 (Fig. 8). Additionaly, repeatability of the ICs was
evaluated using the mean Iq for each model order. Interestingly, mean Iq showed its
highest value at the lowest model order and then shows a decrease in repeatability
as a function of ICA model order (Fig. 9).

Fig. 8. On the left side, volume of all components of interest except DMNP (p = 0.06)
show a significant decrease (p < 0.05) as a function of model order. All components of
interest except S1 and S2 show a maximum significant decrease in volume up to model
orders 70–80. Above model order 80, no significant changes in volume occur. This figure is retrieved from Abou Elseoud et al. 2010.
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Components of interest, e.g. DMN, VSS, preC and motor, branched in several subcomponents at higher ICA model orders. Moreover, component of interest showed
variability in both detection and branching points. For instance, DMN, VSS and preC
were detected at model order 10. M1 emerged at model order 20 followed by S1, S2
and VSS1 at model order 30. Both M2 and striatum components emerged at model
order 40. Then VSS2 and VSS3 were detected at model orders 50 and 70, respectively.

Fig. 9. A) ICASSO components’ repeatability represented by mean of cluster quality index (Iq) showing a significant decrease as a function of model order (p = 2 x 10-7). B) Iq of
resting state DMNA, DMNP, VSSM, VSSL, preC and S2. Both DMNA and VSSL showed low
and varying repeatability at model orders below 60 then a stable high repeatability between 60 and 100 model orders. DMNP and VSSM were relatively stable until model order
50. Between model orders 40 and 70, preC showed varying repeatability then a stable
high repeatability reaching 150. Both S1 and M1 showed stable high repeatability up to
model order 100 and 150 respectively, after that their repeatability also decreased. S2
showed varying repeatability below model order 100 followed by a gradual reduction in
repeatability. This figure is retrieved from Abou Elseoud et al. 2010.

5.2

Age influences changes in RSNs activity

In general, age was found to reduce the spatial extent of RSNs. In addition to
that, the frequency power of the RSN sources invariably reduces as a function
of age (Fig. 10). The power spectrum of the adolescents group is above the
young adults and older adults groups’ mean power spectra almost in every RSN.
Notably the power decrease in the lowest frequencies also alters the shape of the
spectrum as a function of the age; increasing age reduces the steepness of the
power spectrum. Interestingly, the control networks, i.e. default mode, salience
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and executive RSNs, undergo changes between 22 to 44 years, which is not the
case in sensori-motor and visual sources, where the differences between groups
are predominantly between the younger age groups (i.e. adolescents and young
adults).

Fig. 10. Mean power spectra of the DMN, salience and executive signal sources in each
group. Older adults (blue triangles) have less power in all their signal sources compared to younger adults (red circle) and to adolescents (black box). Significant changes
are marked with ■ ▲ signs above the spectra. This figure is retrieved from Littow et al.
2010.

5.3

Functional connectivity at different model orders

At the large-scale level (20 ICs), the entire brain cortex was functionally
decomposed into 11 large-scale RSNs. On the other hand, the number of finegrained networks varied according to the level of decomposition (70–150 ICs)
ranging between 47 and 95 RSNs. Figure 11 shows an example of such functional
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segmentations at both large-scale (20 ICs) and fine-grained (i.e. 70&100 ICs)
levels. Fine-grained RSNs are segmented into sub-network clusters, i.e. right&
left, anterior& posterior, or superior& inferior, etc. (Fig. 11, the motor cortex in
light blue color). Moreover, complex subcortical structures, e.g. basal ganglia, are
clearly depicted as separate networks at high model orders (see Fig. 11, thalamus
and caudate in hot color).

Fig. 11. Functional segmentation of resting-state networks (RSNs) at different functional hierarchical levels superimposed on an MNI template. RSNs are thresholded at zscore > 5. Model order 20 yielded 11 large-scale networks (top). 47 and 70 fine-clustered
RSNs obtained from model order 70 (middle) and 100 (bottom), respectively. The same
color templates (Fslview color templates) were used to mark the fine-clustered and
large-scale RSNs. Numbers at the bottom of the images refer to MNI-coordinates (xyz).
This figure is retrieved from Abou Elseoud et al. 2011.

At low model order of 20 ICs, SAD patients showed significant increases in
functional connectivity in 4 large-scale RSNs (Fig. 12). Most of the large-scale RSNs
appear to involve more than one functional node. For example, RSN 3 involves the
entire motor, premotor and somatosensory cortices, as well as the auditory cortex.
However, at higher model orders (i.e. 70, 100 and 150), segmentation of the brain
functionality into detailed sub-networks yielded 47, 70 and 95 RSNs, respectively.
At these model orders, significant increases in functional connectivity were
detected in 22, 37 and 43 RSNs, respectively. Both the total number of RSNs and
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the number of RSNs exhibiting significant differences in functional connectivity
increased as a function of ICA model order (Fig. 13 left). In addition, the volume
of the total brain voxels with increased connectivity showed a non-linear behavior
as a function of ICA model order. It reached maxima at model order 70 and then
decreased afterwards (Fig. 13 right). Notably, some of the fine-grained RSNs
showed no changes in connectivity, although their RSN precursors (at lower model
orders) exhibited significant connectivity changes (i.e. centre motor and secondary
somatosensory networks).

Fig. 12. Four large-scale resting-state networks (RSNs, red-yellow) involved significant
increased connectivity at model order 20. Significant increased connectivity (green)
was detected in motor cortex, visual cortex, precuneus, thalamus and caudate nucleus.
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Fig. 13. (Left) RSNs total volume significantly increases as function of ICA model order
reaching model order 60. Notably, higher model orders 60–150 showed relatively stable
total volume. In grey, the total number of brain voxels used in the ICA analysis. (Right)
Total volume of between-group differences shows a nonlinear increase in volume as a
function of ICA model order.

5.4

Functional connectivity alterations in SAD

Initial results revealed that SAD patients relative to HC showed significant
increases in functional connectivity involving 22 RSNs (Fig. 14, Table 1). InterRSN correction revealed significant increased connectivity in 11 RSNs (Fig. 15,
Table 1). There were no significant reductions in functional connectivity in SAD
patients.
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Fig. 14. Functional connectivity analysis revealed 22 resting-state networks (RSNs), in
red-yellow, showing significant increased functional connectivity (green) in SAD patients. At model order of 70, increased connectivity was detected in the sensorimotor cortices, posterior cingulate cortex , precuneus, attentional network, visual cortices, thalamus, caudate and hippocampus. RSN are shown in axial, coronal and sagittal
views for demonstration purposes. The left hemisphere corresponds to the right side.
This figure is retrieved from Abou Elseoud et al. 2012.

Increased functional connectivity involved three sensorimotor functional networks
(Fig. 15, RSNs 1–3), where bilateral increased connectivity across the pre- and postcentral gyri might possibly indicate altered sensorimotor functions in SAD. RSN 4
consists of brain areas involved in attention and working memory. In this network,
increased functional connectivity was detected in the right middle temporal gyrus,
right angular gyrus and right lateral occipital cortex (Fig. 15, RSN 4). RSNs 5–11
show functional networks covering most of the visual cortices (Fig. 15).
At this functional segmentation level (i.e. 70), the visual cortex was segmented
into 10 RSNs covering the entire visual cortex. In SAD increased functional
connectivity was detected across a wide range of these visual cortical areas (Table
1).

61

Fig. 15. Eleven resting-state networks (RSNs) showing increased functional connectivity (green) in SAD patients. SAD-related increased functional connectivity involves the
sensorimotor (RSN 1–3), attentional (RSN 4) and visual (RSN 5,6, 8–11) networks. The
left hemisphere corresponds to the right side. The t-score threshold is shown at the
right. Numbers at the bottom left of the images refer to MNI-coordinates (xyz). This figure is retrieved from Abou Elseoud et al. 2012.
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Table 1. Resting-state networks (RSNs) showing increased functional connectivity in
SAD. Results (corrected p < 0.05) are shown for the initially detected 22 resting-state
networks (RSNs), and for inter-RSN correction (11 RSNs). Increased connectivity is
demonstrated by, the number of voxels, mean t-score, standard deviation and MNI coordinates (in mm). Numbering corresponds to the RSNs shown in figure 14. This table
is retrieved from Abou Elseoud et al. 2012.

1st level correction p < 0.05

Inter-RSN correction p < 0.05

RSN

voxels

X

Y

Z

1

534

20

44

64

Mean
t-score
2.90

std

voxels

X

Y

Z

0.34

2

20

44

64

Mean
t-score
4.65

std
0.00

2

373

66

46

62

3.24

0.39

31

66

46

62

4.00
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Discussion

ICA model order selection significantly influenced the RSNs’ characteristics. At high
ICA model orders, a network may be ‘split’ into a number of sub-networks depending
on the number of estimated ICA components. Thus, the choice of ICA model order is
a crucial element in the analysis, especially in functional brain connectivity studies.
Importantly, ICA model order underestimation discards valuable information and
yield suboptimal signal extraction. However, overestimation can result in a large
number of spurious components due to underconstrained estimation that overfits
the data, harming later inference and increasing computational costs (Hyvärinen
1999, Zhao et al. 2004).
Notably, the choice of ICA model order involves a trade-off between the
number of independently varying spatial activation loci and the number of brain
networks that are sufficiently strongly coupled and have sufficient signal variance
to be detected as single components in the data covariance matrix. In practice, the
process of ICA model order selection is somewhat arbitrary (i.e. one has to tell
ICA how many components to estimate) and it depends on a number of factors,
e.g. data quality, size (time points), field strength, number of subjects, and regions
or functions of interest. Additionally, automatic model order estimation may not be
reliable enough to be implemented as a standard methodology (Yourganov et al.
2010), especially when comparing different studies of a given disease.
6.1

Low model order vs. high model order

Large-scale networks (i.e. low model order components) are compact and easy
to identify and include networks such as the visual, auditory, sensori-motor, etc.
At low model orders (e.g. < 20), signal sources tend to aggregate into singular
components involving various neuroanatomically and functionally separate units.
These units become detectable later as separate components at higher model
orders. This deduction is supported by the observation that new sub-components
kept emerging at higher model orders. In addition to that, the total number of RSNs
increased linearly as a function of ICA model order (Fig. 13 left). Also, it has been
recently shown that high ICA model order could be a useful tool for parcellating the
entire brain into functional sub-systems (Kiviniemi et al. 2009).
At low ICA model orders, the data is decomposed into a relatively small
number of statistically independent components. The results of the detection
and branching points, particularly in the case of motor, visual and subcortical
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components, indicate that further decompositions are possible without overfitting.
The use of higher model order forces the ICA to search the data for more local
non-Gaussian maxima and, therefore, succeeds in separating the data into more
functionally meaningful components.
Several studies have highlighted the modular organization of functional brain
networks using various methodologies (e.g. Bullmore and Sporns 2009, Ferrarini
et al. 2009, Meunier et al. 2009a,b, Valencia et al. 2009). In 2008 van den Heuvel
and colleagues used a random-walk-based method and detected 22 modules that
have a spatial distribution matching reported RSNs. Ferrarini et al. (2009) have
described the hierarchical modular structure of resting fMRI networks using a
partial correlation analysis. Meunier et al. (2009b) showed that the brain could be
functionally segmented into eight large modules, each comprising more than 10
nodes at the highest level of the hierarchy and 57 sub-modules at the lowest level.
Bellec et al. (2010) applied a bootstrap analysis to study the stability of RSNs at
both individual and group levels. Seven RSNs were identified at the group-level
and were consistent with ICA maps for RSNs. Interestingly, varying the ICA model
order yields results (Fig. 11) that are consistent with those above findings.
At present, assigning every sub-network to a neuronal sub-functionality
appears to be impracticable. However, a number of studies have shown conclusions
linking network splitting and sub-functionalities. For instance, Seeley et al. (2007)
identified a split in a network suggested to be involved in executive function,
revealing separate purported ‘control’ and ‘salience’ networks. Also, high ICA
model order can be used to detect individual subcortical components belonging
to the thalamus and the basal ganglia which are not detectable using low model
order (Ystad et al. 2010). Future studies are needed in order to link functional
segmentation to anatomical parcellation and to fill in the gap between fine-grained
networks and sub-functions.
6.2

Functional brain hierarchy and brain disorders

The potential utility of group-ICA has been demonstrated by the increasing
number of studies examining clinical populations. Neuropsychiatric disorders
(e.g. depression, dementia, schizophrenia, Alzheimer, etc.) might occur at either
micro-level or macro-level, particularly at the initial stages, and may extend to both
levels later on (Stoffers et al. 2008, Krishan et al. 2009, Zhang et al. 2010). Some
disorders target specific brain systems or regions while sparing others within the
same anatomical structure.
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Age is considered to be a major confounding factor in neuroimaging studies. The
results revealed that RSNs tend to spatially reduce in size with increasing age,
as evidenced in the differences between the three age groups. This seem to be
in line with previous findings showing reduced localized connectivity as a sign
of local segregation of brain processes (Fair et al. 2007). Also, the power of the
low frequency fluctuations in the RSNs’ time courses reduced with increasing
age. Recently, Satterthwaite et al. 2012 have shown that in-scanner motion has a
marked impact on different functional connectivity analyses. In their study, both
seed based and ICA analyses were conducted on data from 456 subjects (8–23
years) to reveal the effect of motion on connectivity and modularity results. In
that study, it has been shown that in-scanner motion is highly related to subject
age (younger subjects produced higher motion). Also, motion tends to increase
connectivity for locally adjacent nodes but reduce connectivity between distant
nodes. Moreover, subject age was associated with network connectivity even when
motion was accounted for, although the strength of this relationship was clearly
attenuated (Satterthwaite et al. 2012).
In SAD, functional connectivity results revealed increased functional
connectivity mainly in most of the visual and motor RSNs as well as the right
attention network indicating alterations in the visual and motor processing.
Attention deficit is a common symptom in SAD patients. Increased connectivity
in brain areas associated with attention might suggest compensatory increases in
efficiency of use of these areas. Also, abnormal increased connectivity in both
the visual and motor RSNs might be a result of compensatory mechanisms or of
interactions between primary sensory regions (e.g. motor and visual cortices) and
brain areas involved in attenional processing.
Although the total number of RSNs with significant increased connectivity
linearly increased, the volume of the brain voxels with increased connectivity
showed a non-linear behavior as a function of ICA model order. In other words
the largest volume of brain voxels with significantly increased connectivity
were detectable around model order 70, but not at higher model orders (i.e. 150)
(Fig. 13). The existence of this non-linear behavior and the maxima indicates
that when a large-scale network is split into several fine-grained sub-networks,
the number of brain voxels showing altered connectivity increases and will be
distributed according to the hierarchical level investigated. Nevertheless, at a
certain hierarchical level (e.g. model order 70 in the case of SAD) the connectivity
difference will be presented by its maximum volume, which may offer the most
sensitive level for diagnosing a particular disease.
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Measuring functional connectivity at different hierarchical levels using ICA provides
an advantage in modeling the systematic effects of pathology. In SAD, functional
connectivity results showed that a large-scale network with significant increased
connectivity branched into some sub-networks showing abnormal connectivity and
other sub-networks with normal connectivity, i.e. some of the sensorimotor and
visual sub-networks, showed no changes in connectivity at higher model orders.
This finding indicates that although the branched sub-networks descended from
a common large-scale network, they are independent from each other at the finegrained levels.
There might be no definitive ICA model order for characterizing functional
connectivity for all diseases. However, the current findings on the volume maxima
of the brain voxels with significant connectivity difference at model order 70 may
suggest that functional modularity in SAD is most affected at that hierarchical level.
In order to provide a better characterization of neuropsychiatric disorders, the
choice of ICA model order should not be considered primarily based on the number
of decomposed RSNs. However, affected brain regions/hierarchies according to
pathophysiological models should be targeted. Moreover, information regarding
the underlying functionality of high model order sub-networks should play an
essential role in determining the hierarchical level needed in order to profile each
disorder.
6.3

Methodological considerations

At high model orders there is a large increase in statistical tests performed compared
to low model orders due to the increased number of functional RSNs detected.
Currently, the TFCE correction method as applied in the original dual regression
scheme (Beckmann et al. 2009) corrects the results at brain voxel level within each
RSN separately. Therefore, it does not adjust for the risk (false positives) induced
by increasing the number of RSNs tested simultaneously but separately.
Inter-RSN correction was introduced to address the multiple comparisons problem,
which occurs particularly at higher ICA model orders. In practice, inter-RSN
correction computes maximal statistic for each permutation over TFCE-statistics
of all voxels of the concatenated maps (all RSNs). Then, the resulting distribution
of maximal values is used to derive threshold levels for p-values. Inter-RSN
correction resulted in a general reduction in the number of brain voxels with
significant increased connectivity. This decrease is probably due to increasing the
number of voxels (47 maps) which produces an increasing number of large (TFCE)
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statistics for each permutation. The computation of maximal statistic for each
permutation over all voxels includes these additional large values making the tails
of maximal value distribution larger. Consequently, as p-values are computed from
this widened distribution, some of the previously detected voxels fail to exceed the
resulted threshold (p < 0.05).
Nevertheless, inter-RSN correction has yet to be validated and to be compared
to other methods used in multiple comparisons correction (e.g. Bonferroni method).
However, theoretically, applying Bonferroni correction to the RSNs from the dualregression analysis would mean using a threshold of α = αFEW V, where V is the
number of tests (for V = 47 : p < 0.00106). Notably, thresholding the significant
differences from the original analysis using that threshold would result in no voxels
surviving the Bonferroni correction.
Finally, it is important to emphasize that these findings apply to our 1.5 Tesla
Group-ICA setting with the present imaging parameters and data pre-processing.
Different, more optimal model orders might be found when higher field strengths
and higher resolutions are used. However, as clinical applications require analysis
of individual fMRI datasets, an additional challenge remains concerning the matter
of how to detect subject-specific RSNs robustly at fine-grained levels. High field
magnets, e.g. 3 or 7 Tesla, might offer an alternative and provide individual subject
datasets of sufficient quality needed to characterize subject-specific RSNs.
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Conclusions

This work demonstrates that ICA is potentially a successful tool in probing and
exploring the hierarchical phenomenon of functional brain networks. ICA model
order significantly influenced RSNs characteristics and their functional connectivity.
These findings show that exploring functional connectivity at different ICA model
orders can provide detailed characterization of brain disorders.
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