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Abstract

Brain activity fluctuations occur in multiple spatial and temporal scales. Functional magnetic
resonance imaging (fMRI) has shown that infra slow fluctuations (ISF) of blood oxygen level-
dependent signal (BOLD) are organized into well-defined areas called resting state networks
(RSN). ISFs have also been detected in full-band EEG (fbEEG) data and in recent years, many
have combined these two modalities to enable more accurate measurements of brain fluctuations.

In simultaneous EEG-fMRI measurements the ISFs of BOLD signal have been found to be
correlated with amplitude envelopes of faster electrophysiological data, suggesting the same
underlying neuronal dynamics. Also direct correlations have been found in task related studies but
not previously in resting state studies. Understanding the relation between EEG and BOLD signal
in resting state might prove beneficial in the research of baseline activity fluctuations of the brain.

Functional connectivity (FC) of the RSNs has been found to vary in different tasks and in some
diseases, but also in resting state in healthy people. Despite numerous studies, no clear cause for
these variations has yet been found. To research these open questions we performed simultaneous
fbEEG-fMRI studies. The measurements from both modalities were analyzed with independent
component analysis to improve the comparability of these results. Correlation analysis revealed
that the EEG ISFs correlate with BOLD signal both temporally and spatially. These correlations
showed spatiotemporal variability that was related to the strength of RSN functional connectivity.
These results indicate that the ISFs of EEG and BOLD reflect a common source of fluctuations.

The understanding of the correlations between ISFs in EEG and fMRI BOLD signals gives
basic information of brain dynamics and of the variables that affect it. A better understanding of
the background of brain activity helps in the development of more effective treatments for various
neurological diseases as the knowledge of the mechanisms behind them grows. The ability to
measure RSN activity with EEG more accurately can help in the development of new methods for
early diagnosis of diseases.

Keywords: brain activity fluctuations, electroencephalography, functional magnetic
resonance imaging, infra-slow fluctuations, very low frequency
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Tiivistelmä

Aivojen toiminta vaihtelee monissa avaruudellisissa ja ajallisissa mittakaavoissa. Toiminnallisis-
sa magneettikuvauksissa (TMK) on havaittu, että veren happipitoisuudesta riippuvan (engl.
BOLD) signaalin erittäin hitaat vaihtelut ovat järjestäytyneet hyvin määriteltyihin alueisiin, joi-
ta kutsutaan lepotilahermoverkostoiksi. Erittäin hitaita vaihteluita on havaittu myös täysikaistai-
sesta aivosähkökäyrästä (fbEEG). Viime vuosina nämä kaksi menetelmää on usein yhdistetty
tarkemman mittaustuloksen aikaansaamiseksi.

Samanaikaisissa EEG-TMK-mittauksissa BOLD signaalin erittäin hitaiden vaihteluiden on
huomattu korreloivan nopeampien elektrofysiologisten värähtelyjen amplitudien verhokäyrien
kanssa, mikä viittaa samaan perustana olevaan neuraaliseen dynamiikkaan. Myös suoria korre-
laatioita on löydetty tehtäviin liittyvissä tutkimuksissa, mutta ei aiemmin lepotilatutkimuksissa.
Lepotilan EEG:n ja BOLD-signaalin suhteen ymmärrys voi osoittautua hyödylliseksi aivojen
perustilan aktiivisuuden vaihteluiden tutkimisessa.

Hermoverkostojen toiminnallisen liittyvyyden on todettu huojuvan tietyissä tehtävissä ja jois-
sain sairauksissa, mutta myös lepotilassa terveillä henkilöillä. Runsaasta tutkimuksesta huoli-
matta ei liittyvyyden huojunnalle ole vielä löytynyt selkeää aiheuttajaa. Näiden avoimien kysy-
mysten tutkimiseksi suoritimme yhdenaikaisia fbEEG-TMK-mittauksia. Kummankin modalitee-
tin mittaustuloksia analysoitiin itsenäisten komponenttien analyysillä tulosten vertailtavuuden
parantamiseksi. Korrelaatioanalyysit osoittivat, että EEG:n erittäin hitaat vaihtelut korreloivat
ajallisesti ja avaruudellisesti TMK:n BOLD-signaalin kanssa. Näissä korrelaatioissa esiintyi
sekä paikkaan että aikaan liittyvää huojuntaa, joka oli yhteydessä lepotilahermoverkostojen toi-
minnallisen liittyvyyden vahvuuteen. Nämä tulokset viittaavat siihen, että samat tekijät tuottavat
EEG:n ja TMK:n BOLD-signaalien hitaat vaihtelut.

EEG:n ja TMK:n signaalien erittäin hitaiden vaihteluiden välisen korrelaation ymmärtäminen
antaa perustason tietoa aivojen toiminnan dynamiikasta sekä siihen vaikuttavista tekijöistä.
Parempi ymmärrys aivotoiminnan taustoista auttaa kehittämään tehokkaampia hoitoja neurologi-
siin sairauksiin, kun tieto mekanismeista niiden takana tarkentuu. Mahdollisuus mitata lepotila-
hermoverkostojen toimintaa EEG:llä aiempaa tarkemmin voi auttaa kehittämään uusia menetel-
miä sairauksien varhaiseen diagnostiikkaan.

Asiasanat: aivojen toiminnan vaihtelut, elektroenkefalografia, erittäin hitaat vaihtelut,
erittäin matala taajuus, toiminnallinen magneettikuvaus
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1 Introduction 

Neuronal activity in the central nervous system (CNS) fluctuates continuously 

across widespread spatial and temporal scales. Functional magnetic resonance 

imaging (fMRI) has been used to study these fluctuations in blood oxygen level 

dependent signal (BOLD) in the brain (Ogawa et al. 1990). Infra-slow 

fluctuations (ISF, < 0.1 Hz) in the BOLD signal have been found to be 

temporally synchronous amongst functionally connected cortical regions in 

resting state devoid of tasks (Biswal et al. 1995). Specific constellations of such 

functionally connected regions have been called dominantly resting state 

networks (RSN) (Beckmann et al. 2005). Different RSNs actually carry out task-

specific activities, e.g. sensory networks monitor sensory input data and higher 

order networks integrate this information with intrinsic information (Smith et al. 
2009). A key network in this integration is the default mode network (DMN). In 

resting state, the DMN is the most active network that deactivates during 

demanding cognitive tasks (Raichle et al. 2001).  

The functional connectivity (FC), i.e., the temporal synchrony of detected 

brain signal, of the RSNs has been found to be altered in various diseases (e.g. 

schizophrenia and dementia) (Sakoğlu et al. 2010, Veer et al. 2010) as well as in 

different tasks (Esposito et al. 2006, Fransson 2006, Sun et al. 2007, Fornito et 
al. 2012). FC has also been found to be spatiotemporally dynamic in resting 

state both within (Chang & Glover 2010, Kiviniemi et al. 2011) and between 

networks (Handwerker et al. 2012, Allen et al. 2014, Roberts et al. 2016). 

Despite the great interest towards these FC variations  no clear cause for these 

variations has yet been found, probably related to lack of exact knowledge on 

the sources of ISF based connectivity and due to rather slow scanning 

techniques. 

Infra-slow fluctuations have also been observed in electrophysiological 

recordings with microelectrodes (Werner & Mountcastle 1963, Albrecht & 

Gabriel 1994, Ruskin et al. 1999a, 1999b, 2003, Allers et al. 2002).  Cortical 

(Aladjalova 1957, Norton & Jewett, 1965) and scalp potentials (Aladjalova 

1964, Trimmel et al. 1990, Marshall et al. 1998, Vanhatalo et al. 2004, Monto et 
al. 2008) also exhibit ISFs that can be recorded with full-band 

electroencephalography (fbEEG). 

By combining simultaneously measured BOLD signal and fbEEG a better 

spatiotemporal resolution can be achieved. It may also enable the study of 
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relations between vasomotor and neuronal fluctuations and hence lead to a 

deeper understanding of the meaning of brain fluctuations. 

ISFs of both EEG and BOLD signal correlate with the amplitude envelopes 

of faster EEG oscillations (Aladjalova 1957, Goldman et al. 2002, Leopold et al. 
2003, Vanhatalo et al. 2004, Mantini et al. 2007, Monto et al. 2008, Sadaghiani 
et al. 2010). These suggest that ISFs of spontaneous EEG and BOLD signals 

could be correlated and reflect the same underlying neuronal dynamics. 

However, so far only indirect evidence supports this hypothesis. 

In this thesis the correlations between ISFs in EEG and BOLD signal were 

studied. Concurrent fbEEG-fMRI recordings were performed with traditional 

BOLD sequence and with ultra-fast MREG sequence. With MREG also 

multimodal measurement with near-infrared spectroscopy (NIRS) and non-

invasive blood pressure (NIBP) recording were performed. The ultra-fast MREG 

sequence allowed also the study of temporal stability of correlations between 

EEG and BOLD signals and intrinsic RSN brain dynamics’ relation to them. 

Independent component analysis (ICA) has been widely used to separate the 

RSNs in the BOLD signal (e.g. McKeown et al. 1998, 2003, Damoiseaux et al. 
2006, Smith et al. 2009). In this thesis it was used to enable the correlation 

analysis of these two very different modalities by separating the independent 

signals from EEG and BOLD data. The use of ICA also alleviated the volume 

conduction-caused problem of signal mixing in EEG recordings. The virtue of 

ICA is that it can be used in both spatial (fMRI) and temporal (EEG) domains to 

effectively separate neuronal signal sources from the noise. 
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2 Review of the literature 

2.1 Spontaneous infra-slow brain fluctuations 

The brain has an oscillatory nature and oscillation frequencies range from at 

least 0.01 Hz to many hundreds (Bullock 1997, Bragin et al. 1999, Vanhatalo et 
al. 2005, Worrell et al. 2008). Spontaneous brain fluctuations occur even when 

the brain receives no sensory inputs (Aladjalova 1964). These spontaneous 

fluctuations have the highest power in the very low frequency (VLF) range <0.1 

Hz, which leads to 1/f exponential power spectrum behavior (Bullmore et al. 
2001, Leopold et al. 2003, Nir et al. 2008). The vocabulary in this field is highly 

variable; fluctuations in frequencies below 0.1 Hz are known by names such as 

infra-slow fluctuations (ISF), infra slow oscillations (ISO) and very low 

frequency fluctuations (VLFF). This thesis focuses on frequencies below 0.1 Hz 

and uses the term ISF when referring to these fluctuations that occur in this VLF 

range. 

The first brain ISFs were recorded in vivo from rabbit (Aladjalova 1957, 

1964) and cat cortices (Norton & Jewett, 1965). Since then, the ISFs have been 

recorded in animals by multiple investigators (Penttonen et al. 1999, Filippov & 

Frolov 2004, Filippov et al. 2007, 2008). The first human ISFs were recorded 

from the scalp with EEG (Aladjalova 1964, Trimmel et al. 1990). Even though 

ISFs have been studied for a long time, there is no clear knowledge about their 

origin. There are multiple possible mechanisms that participate in the generation 

of infra-slow oscillations. In the next sections, ISFs seen in neuronal firing, 

cortical potentials and vascular and metabolic fluctuations will be discussed in 

detail 

2.1.1 Neuronal firing variability 

Neuronal firing means neurons emitting action potentials. Action potentials have 

a key role in the communication mechanism between neurons. Action potentials 

are generated when, for example, synaptic inputs to a neuron cause the cell 

membrane to depolarize over a certain threshold. This causes the ion channels in 

the cell membrane to open and allows inward flow of sodium ions. This leads to 

a chain reaction where depolarization of cell leads to more ion channels to open, 

which leads to more depolarization until all sodium channels of the neuronal cell 
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body are open. The result is a large rise of membrane potential that lasts about 

one millisecond. The cell membrane returns back to resting potential due to 

opening of potassium channels, which leads to outward flow of potassium ions. 

Membrane potential often ends below the resting level and during this time the 

neuron cannot fire new action potential (Pocock & Richards 2006). 

Action potentials can be recorded from the brain with microelectrodes 

which can measure single-unit activity (SUA) or multi-unit activity (MUA). 

SUA records the activity of one neuron intra- or extracellularly. MUA records 

activity from neurons that are approximately 200-300 µm from the tip of the 

electrode (Huang & Buchwald 1977, Arezzo et al. 1979). Local field potentials 

(LFPs) record predominantly synaptic activity within a couple of millimeters 

from the tip of the electrode (Mitzdorf 1987).  

Single- and multiunit firing rates have been found to fluctuate in infra slow 

frequency rate (Werner & Mountcastle 1963) and amplitude envelopes of fast (1 

Hz) activities in LFPs’ have shown ISFs, too (Leopold et al. 2003). ISFs have 

also been found  in multiple subcortical structures; SUA and MUA recordings 

have shown ISFs e.g. in the hippocampus (Penttonen et al. 1999, Allers et al. 
2002), basal ganglia (Ruskin et al. 1999a, 1999b) and thalamus (Albrecht & 

Gabriel 1994, Albrecht et al. 1998, Lewandowski et al. 2000, He 2003). The 

thalamus has shown ISFs also with LFP recordings (Filippov & Frolov 2004, 

Filippov 2005, Filippov et al. 2007) and in vitro studies from thalamic slices 

have shown that ISFs are reflected in LFP and firing of individual neurons 

(Lörincz et al. 2009). These studies suggest that subcortical structures could be 

one possible source, or at least participate in some way in generation of ISFs.  

2.1.2 Cortical potentials 

Cortical potentials are thought to arise mainly from synaptic excitation and 

inhibition of the apical dendrites of cortical pyramidal neurons. These dendrites 

are perpendicular to the cortex and therefore generate similarly oriented 

electrical fields and thus a summary field that is large enough to be measured 

(Lopes da Silva & Van Rotterdam 2010, Nunez et al. 2001). Along with neurons 

also glia cells may be involved in the generation of cortical potentials. When 

neurons fire repetitively the extracellular potassium concentration rises and 

consequently, glial cells depolarize. This depolarization results in currents that 

can have influence on the cortically measured potentials (Orkand et al. 1966, 

Kuffler et al. 1967, Dietzel et al. 1989). 
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Cortical potentials can be measured from the surface of the brain with 

electrocorticography (ECoG) or from the surface of the scalp with EEG. The 

measured cortical field is not a direct measure of neuronal activity because the 

signal is conducted through different layers of the cerebral cortex in addition to 

cerebrospinal fluid, pia, arachnoid and dura mater. Additionally, when recording 

from the surface of the head, the signal is also affected by the skull due to its 

inhomogeneous conductivities (Oostendorp et al. 2000). 

Cortical recordings cannot directly measure the action potentials of axons 

for two reasons. First, the duration of action potential is quite short, so it makes 

synchronous activity hard to detect, and second, moving action potentials create 

so-called electrical quadrupoles whose resulting field decreases rapidly in a 

function of distance (Hämäläinen et al. 1993). 

In addition to neuronal activity and changes in cortical excitability related to 

that activity (Caspers et al. 1987, Birbaumer et al. 1990, He & Raichle 2009), 

non-neuronal sources for the ISFs have been proposed. Neuronal excitability has 

been shown to be altered by changes in pH and partial pressure of carbon 

dioxide (PCO2) (Chesler & Kaila 1992, Aitken et al. 1998, Jensen et al. 2002) 

which can also be seen in human EEG ISFs (Caspers et al. 1987, Lehmenkuhler 
et al. 1999, Voipio et al. 2003). Changes in hemodynamics have also been found 

to result in similar slow potential shifts (Vanhatalo et al. 2003b) and are thought 

to arise from blood brain barrier (BBB) potentials (Voipio et al. 2003). BBB 

potentials are generated due to the ability to prevent the access of different 

substances between the blood and brain, mainly by tight junctions in endothelial 

cells. Also astrocytes and basement membrane between endothelial cells and 

astrocytic endfeet are involved in the formation of BBB potential. The BBB is 

permeable to small lipophilic molecules (weight < 400 Da and less than 8 

hydrogen bonds), water and some gases (e.g. dioxide (O2), carbon dioxide (CO2) 

and many gaseous anesthetics). Glucose and amino acids are transported via 

selective transport mechanisms. This potential difference over BBB is from 1 

mV to 5 mV being positive in respect to blood (Sørensen et al. 1978). BBB 

potential being a source for ISFs is supported by evidence showing that pH/CO2 

dependent ISFs are not due to neuronal activity (Nita et al. 2004). 

2.1.3 Vascular and metabolic fluctuations 

In humans, the brain is the most energy-consuming organ, using 20% of the total 

energy (Clark & Sokoloff 1999). Glucose is used as the main energy source 



22 

through the generation of ATP because of BBB’s selective permeability for it. 

Most of the energy used is consumed by ion pumps that control the ion 

gradients’ underlying synaptic potentials and action potentials (Attwell & 

Laughlin 2001, Attwell et al. 2010). ATP is generated in neighboring astrocytes 

by glycolysis (Wang & Floor 1994, Belanger et al. 2011) or in neurons’ 

mitochondria by oxidative phosphorylation (Attwell & Laughlin 2001, Pellerin 

& Magistretti 2012). 

To provide the required energy to activated brain areas cerebral blood flow 

(CBF), cerebral metabolic rate of oxygen (CMRO2), and cerebral blood volume 

(CBV) need to change in activated areas. The relationship between local 

neuronal activity and subsequent changes in CBF is called neurovascular 

coupling (Huneau et al. 2015). 
The brain regions with the highest local glucose metabolism also have the 

highest local CBF (Fox et al. 1988). The earlier hypothesis of blood flow 

regulation was a negative-feedback system where neural activity generates a 

metabolic signal that induces an increased CBF (Roy & Sherrington 1980). This 

metabolic signal could be a fall in O2 or glucose concentration or a rise in CO2 

concentration (Tian et al. 1995, Attwell & Laughlin 2001). This hypothesis has 

been replaced by a feedforward regulation hypothesis where neurons either 

signal directly to blood vessels or activate astrocytes to release vasoactive agents 

onto the vessels (Attwell et al. 2010). As a sign of the feedforward mechanism, 

Sirotin and Das (2009) showed that regional hemodynamics can learn to predict 

rhythmical stimulus and cause vasodilatation even though the anticipated 

stimulus never arrives. 

Slow fluctuations have been found in parameters related to vascular and 

metabolic activity such as blood volume (Vern et al. 1988, 1997) and blood flow 

(Golanov et al. 1994, Obrig et al. 2000, Katura et al. 2006). Also arterial blood 

pressure shows oscillations at around 0.1 Hz called Mayer waves (Miakawa et 
al. 1984). 
2.2 Imaging methods of brain oscillation sources 

Brain oscillations can be measured with BOLD fMRI, EEG, 

magnetoencephalography (MEG) and NIRS. In this study, the focus is more on 

EEG and fMRI, but related results from MEG and NIRS studies are also 

presented. Brain electrical activity can be measured with EEG and MEG and 

metabolic and vasomotor activity with BOLD fMRI and NIRS. 
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2.2.1 BOLD fMRI 

Magnetic resonance imaging (MRI) is based on the principles of nuclear 

magnetic resonance. Hydrogen atoms are often used because hydrogen has a 

high gyromagnetic ratio, a spin half nucleus and hydrogen atoms are present in 

e.g. fat and water that form a major part of the human body. A hydrogen atom 

has one proton which can be described to spin around its axis creating an 

electromagnetic field. When these protons are placed in an external magnetic 

field most align parallel or opposed to the field direction and precess about it. 

Protons can absorb energy of electromagnetic radio frequency (RF) pulse 

applied at this precession frequency and move to a higher energy state. After the 

RF pulse has been turned off the protons start to return to the original orientation 

and lose energy by emitting a RF signal. This signal can be measured with 

receiver coils. 

The slice selection is achieved by adding a magnetic field gradient in one 

direction, causing the precession frequency of protons to change linearly and 

thus allowing the slice selection by choosing the corresponding frequency to the 

excitation RF pulse. In each slice, the spatial localization is done using phase 

and frequency encoding. In phase encoding, a gradient pulse is applied for a 

short time to cause the protons to precess in different frequencies. When this 

gradient is then turned off the protons have accumulated different phases. In 

frequency encoding a gradient pulse, perpendicular to the phase gradient, is 

applied during the signal readout leading to different precession frequencies in 

different places. These together lead protons to be phase-encoded in one 

direction and frequency-encoded in the other direction. This encoded image, 

called k-space, can then be transformed with Fourier transform to spatial 

domain. 

The signal intensity depends on the tissue properties; proton density, 

longitudinal relaxation time (T1) and transverse relaxation time (T2). T1 

relaxation time, also called spin-lattice relaxation, represents the time that is 

needed for the absorbed energy to be released back to the surrounding lattice. T2 

relaxation time, also called spin-spin relaxation time, represents the time that is 

needed for the dephasing of protons due to random spin-spin interactions. When 

combined with static field inhomogeneity that also affects the dephasing, it is 

called T2* relaxation time. Different weightings of these properties can be made 

by selecting a suitable time between applied excitation RF-pulses (time to 
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repeat, TR) and time between excitation RF-pulse and middle of the readout 

time (time to echo, TE) (McRobbie et al. 2007). 

BOLD-contrast imaging is a fMRI method that uses magnetic properties of 

hemoglobin to measure activated brain areas. When hemoglobin is in 

oxygenated form (oxyhemoglobin, HbO) it is slightly diamagnetic and when it is 

in deoxygenated form (deoxyhemoglobin, Hb) it is paramagnetic. The 

paramagnetism causes a magnetic susceptibility difference between blood and 

surrounding tissue, which further generates microscopic field gradients within 

and around blood vessels. This causes local dephasing of protons and hence a 

reduction of T2* (Ogawa et al. 1993). As mentioned in the previous chapter 

(2.1.4 Vascular and metabolic fluctuations), brain activation leads to changes in 

CBF, CMRO2 and CBV. The increase in oxygen delivery defined by CBF and 

arterial oxygen concentration outweighs the increase in CMRO2, resulting in an 

increase in blood oxygenation levels in the capillaries and veins (Fox & Raichle 

1986, Fox et al. 1988).  This leads to a relative decrease in the amount of 

deoxyhemoglobin (Hb) and thus to an increase in local T2* that can be seen as 

BOLD signal increment in fMRI (Ogawa et al. 1993). Veins are the least 

oxygenated vessels at rest, so their signal decrease is largest upon activation 

(Frahm et al. 1994, Boxerman et al. 1995).  

To capture this BOLD signal increment the imaging sequence needs be T2* 

or T2 weighted. This means a long TR to minimize the T1 weighting as the 

longitudinal magnetization has recovered and a long TE so that differences in 

signal intensities due to different T2* have enough time to form. In addition, to 

be able to measure the dynamic changes in brain activity the imaging sequence 

needs to be quite fast. In basic imaging sequences one line of k-space is 

collected during each excitation pulse, meaning that imaging time is a product of 

TR, number of k-space lines to collect and number of slices. In single-shot echo 

planar imaging (EPI) the entire two-dimensional planar image can be acquired in 

a single excitation using rapidly changing frequency gradients, leading to 

significantly shorter imaging times (Mansfield 1977). The EPI technique has 

been mostly used in BOLD contrast imaging with gradient echo sequences, but 

also spin echo sequences have been shown to be able to capture these changes 

(Bandettini et al. 1994). 

BOLD imaging has a good spatial resolution but fairly low temporal 

resolution. Another downside of BOLD imaging is the indirect nature of 

neuronal measurement as it measures the neuronal activity only indirectly by 

measuring the hemodynamic response to it. A clear relationship with neuronal 



25 

activity and BOLD fluctuations has been found in studies correlating it with 

spiking activity and LFPs (Logothetis et al. 2001, Heeger and Ress 2002, 

Mukamel et al. 2005, Viswanathan & Freeman 2007, Huttunen et al. 2008, Zou 
et al.  2015). Also infra-slow LFP have been found to be correlated to BOLD 

signal in spatially localized areas in rat cortex (Pan et al. 2013).  

A large body of fMRI data shows that BOLD ISFs are correlated or anti-

correlated among specific constellations of cortical regions, termed resting state 

networks (RSNs) characterized by dynamic small world-like network 

architecture for large-scale brain activity (Biswal et al. 1995, Lowe et al. 1998, 

Damoiseaux et al. 2006, De Luca et al. 2006). CBF has been found to be 

linearly related to BOLD signal (Fukunaga et al. 2008) and further also within 

these RSNs (Viviani et al. 2011, Tak et al. 2014). BOLD-CBF coupling is found 

to be strongest in areas containing small blood vessels (Tak et al. 2014) and the 

coupling strength is dependent of the functional connectivity strength of BOLD 

in RSNs areas (Tak et al. 2015). All these together indicate that the origin of the 

BOLD signal fluctuations is at least partly neuronal rather than purely vascular. 

Connectivity of the RSNs has been found to be altered in various diseases, 

such as depression (Greicius et al. 2007, Dutta et al. 2014, Chen et al. 2015), 

Alzheimer’s disease (Greicius et al. 2004, Li et al. 2012), schizophrenia (Bluhm 
et al. 2007, Jafri et al. 2008, Yang et al. 2015) and multiple sclerosis (Rocca et 
al. 2010, Liu et al. 2011) and has thus proved to be helpful in gaining knowledge 

of these diseases. In addition to disease also other factors, such as drugs, 

anesthesia, medication and variations in individual physiology, can cause 

changes in neurovascular coupling and thereby modulate measures of resting-

state connectivity (Li et al. 2000, Kiviniemi et al. 2005, Greicius et al. 2008, 

Peltier & Shah 2011, Khalili-Mahani et al. 2012). 

Conventional BOLD sequences have a temporal resolution of a couple of 

seconds. Temporal resolution has recently been increased  by many new and 

faster imaging sequences including inverse imaging technique (Ini, Lin et al. 
2012), generalized inverse imaging (GIN, Boyaciogly and Barth 2013), multi-

slab echo-volumar imaging (MEVI, Posse et al. 2013) and magnetic resonance 

encephalography (MREG, Assländer et al. 2013). Faster imaging techniques 

clearly allow better temporal resolution but also increase the statistical power 

(Jacobs et al. 2014) and enable more precise artifact correction because cardiac 

and respiratory artifacts are not aliased to data (Hennig et al. 2007, Posse et al. 
2012) and thus enable more accurate measurement of brain fluctuations. 
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The MREG sequence used in this thesis achieves the ultra-fast temporal 

resolution with an inverse imaging technique that combines the use of multiple 

small receiver coils in multi-coil arrays with a small amount of gradient 

encoding in spatial localization. The use of gradient encoding is done by 

sampling the k-space with undersampled stack of spirals in which the slow 

encoding direction is one of the axes in k-space and thus has the benefit of off-

resonance behavior similar to EPI trajectories. This allows whole three-

dimensional (3D) volume imaging in TR of 100 ms. Image reconstruction is 

done by first building a forward operator based on readout k-space trajectory 

weighted by coil sensitivities and then solving the corresponding inverse 

problem with the measured data (Lee et al. 2013). 

2.2.2 EEG 

EEG measures electrical fields with electrodes placed on top of the head using 

the international 10-20 system for electrode positioning (Jasper 1958). As 

mentioned in the previous chapter (2.1.2 Cortical potentials), the measured 

electrical fields reflect the summed activity of neurons and glia. EEG’s asset is 

its high temporal accuracy. The limitation is the low spatial resolution and 

limited ability to measure activity originating from deep regions of the brain. 

EEG is typically measured in the range of 0.5-70 Hz. Measuring a lower 

frequency range requires a few things to be taken into account. 

Recording of low frequencies requires a specific DC-amplifier. The DC in 

this connection comes from the words direct coupling and means that coupling 

between the stages of the EEG amplifier is capacitor-free and thus allows 

recordings of near zero frequencies (Speckmann et al. 2010). The amplifier also 

needs to have a high dynamic range (+- 100 mV or higher) and high input 

impedance (Vanhatalo et al. 2005). The electrodes have to be non-polarizable to 

avoid high-pass filtering at the electrode-gel interface due to coupling in a 

capacitive manner to their external environment. Also, they should be stable 

enough, have a long life-time and have a low resistance (Tallgren et al. 2005). 

When measuring low frequencies, careful attention must be paid to skin-gel 

contact to ensure a reliable measurement. Electrode impedances need to be quite 

low and skin-borne signals should be avoided by penetration of the epithelium at 

the recording site (short-circuiting). This can be done, for example, by 

scratching the skin with a wooden stick so that the skin breaks a bit (Voipio et al. 
2003). 



27 

EEG has been used to study ISFs for a long time (Aladjalova 1957, Norton 

& Jewett 1965, Trimmel et al. 1990, Marshall et al. 1998). Clinically slow 

cortical potentials have shown potential value, for example, in preterm neonates 

(Vanhatalo et al. 2002) and epilepsy patients (Ikeda et al. 1999, Vanhatalo et al. 
2003a, Miller et al. 2007). The phase of ISFs has also been found to be 

correlated with cognitive performance (Monto et al. 2008). Similarly to BOLD 

fluctuations, also EEG data have revealed similar resting state networks (Yuan et 
al. 2012, Chen et al. 2013,) and microstates that reflect the dynamics of these 

networks (Musso et al. 2010, Britz et al. 2010, Aoki et al 2015). 

2.2.3 Other imaging methods (MEG, NIRS) 

Due to fMRI’s traditionally fairly low temporal resolution there have been wide 

efforts to find similar networks also with other brain imaging modalities. In 

addition to EEG and fMRI, also MEG and NIRS can be used to measure brain 

oscillations. Like EEG, MEG measures electrophysiological activity, but by 

recording the magnetic fields that neuronal activity generates. Its downfalls 

compared to EEG are that it can detect only sources that are located in the 

cortical sulci because radial dipoles produce a negligible magnetic field outside 

the head (Hämäläinen et al. 1993). It also cannot be measured inside the MR 

room, which currently prevents simultaneous measurements with BOLD signal, 

and the MEG device is much more expensive than EEG. Its advantage compared 

to EEG is that unlike the electric field measured by EEG, the magnetic field is 

not distorted by inhomogeneous conductivity of the skull, and thus enables 

possibly greater accuracy in MEG. 

MEG has been shown to reflect RSNs measured with fMRI (Pasquale et al. 
2010, Liu et al. 2010). Moreover, it has been shown that MEG can measure 

RSNs that are spatially similar to RSNs found with fMRI (Brookes et al. 2011, 

Marzetti et al. 2013). In combined analysis with MEG, the ultra-fast INI fMRI 

technique has shown linear correlations in interregional delays of motor and 

visual tasks between these two methods (Lin et al. 2013). 

NIRS measures brain hemodynamics similarly to fMRI. It is a noninvasive 

technique that uses different wavelengths of light to monitor tissue 

hemodynamics and oxidative metabolism (Ferrari et al. 2012). Light is placed to 

the head to the place of interest and the emitted signal is measured. Light 

penetrates through several centimeters and the emitted light carries information 

of oxygenated and deoxygenated hemoglobin concentrations. Due to this feature 
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it is often compared with fMRI. The advantage of NIRS compared to fMRI is 

the possibility to use it in cases where there is difficulty in performing an fMRI 

study, e.g. claustrophobia, infants and non-co-operating patients. It is fairly easy 

to use and has lower costs. It also allows longer measurements and thus 

measurements of long-range temporal properties of brain hemodynamics. NIRS 

has good motion tolerance so it can be used in tasks that require moving 

(Strangman et al. 2006). Limitations of NIRS compared to fMRI are lower 

spatial resolution and limited ability to measure deep brain regions (Strangman 
et al. 2006). 

ISFs of NIRS have revealed functional connectivity during resting state 

(Obrig et al. 2000, Sasai et al. 2011, Medvedev 2014) and have also shown 

phase synchronization properties (Taga et al. 2000, 2011). There is also evidence 

that resting state networks can be characterized using NIRS (Sasai et al. 2012, 

Duan et al. 2012). NIRS measurements have also revealed a dynamic linkage 

between slow vasomotor and metabolic oscillations (Vern et al. 1997) indicating 

that also metabolism could be reflected in BOLD ISFs. 

 

2.3 Multimodal analysis 

Simultaneous recordings of EEG and fMRI have been proven to be safe at 

various magnetic field strengths up to 7 T (Ives et al. 1993, Lazeyras et al. 2001, 

Kuusela et al. 2015, Jorge et al. 2015). The main reason for simultaneous 

measurement of EEG and fMRI is the attempt to gain both good spatial and 

good temporal resolution. EEG has high temporal resolution and it can measure 

neural processes at sub millisecond temporal scale. It suffers from fairly poor 

spatial resolution due to the inverse problem in which one cannot know for sure 

the exact location of sources that generate the measured electrical potential on 

the scalp (Michel et al. 2004, Grech et al. 2008). FMRI enables spatial 

resolution down to a few millimeters, but due to its indirect nature of 

measurement of brain activations it is not possible to know exactly when and in 

which order these activations have occurred (Logothetis 2008). By combining 

these two methods higher spatiotemporal resolution can be achieved than by just 

using one modality separately. 
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2.3.1 Technical aspects 

There are a few technical aspects that need to be taken into account when 

measuring EEG in MR environment. The most important thing, of course, is 

taking care of safety issues. Rapidly changing gradient fields and radio 

frequency (RF) electromagnetic fields can induce electromotive forces (EMF) 

into a conductor loops according to Lenz law. Sequences that have very fast-

changing fields or large gradient amplitudes, e.g. diffusion tensor imaging 

sequences, are forbidden because they can induce large EMFs to the patient and 

measuring equipment. These EMFs can in the worst case lead to burns to the 

patient. The induced forces are proportional to the cross-sectional area of the 

loops so the loops should be kept as small as possible. Moving conductor loops 

in the static magnetic field can also induce electromotive forces and cause a 

large artifact to the EEG data. That is why careful placement of the subject is 

important so that the subject is able to remain still during the scanning (Lemieux 
et al. 1997). 

In order to combine simultaneously measured EEG and fMRI signals they 

need to be temporally exactly synchronized. For this purpose, most of the MR 

scanners have an optical timing pulse that gives timing of the beginning of each 

slice at millisecond level. Because the clock signal is not always 100% accurate 

there are also separate triggering boxes commercially available (e.g. BrainAmp 

SyncBox) to verify the identical timing of EEG and fMRI signals. The 

BrainAmp SynchBox allows the scanner 10 MHz timing accuracy to be exactly 

synchronized with the much lower sampling frequency of 5 kHz of the EEG 

data acquisition system. 

Even when everything is technically as good as possible various artifacts are 

present in simultaneous EEG-fMRI measurements. Next, those that have been 

found related to the simultaneous measurements of these two methods will be 

presented. 

2.3.2 Artifacts 

Even when measuring EEG and BOLD fMRI separately there are always 

various artifacts present because the measured signals are fairly small and 

physiological in nature. Currently, many automated methods allow the removal 

of artifacts caused by head motion, scanner drift and other factors (e.g. Glover et 
al. 2000, Jenkinson et al. 2002, Griffanti et al. 2014, Salimi-Khorshidi et al. 
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2014). However, simultaneous recording of EEG and BOLD signal creates some 

additional artifacts that need to be prevented or removed before the actual data 

analysis. 

BOLD 

The electronics used in EEG recordings can cause large artifacts to BOLD data. 

To diminish the amount of electronics needed in the magnetic room the EEG 

data is usually only amplified inside the room, after which it is transferred 

outside via optical cables for further analysis including e.g. digitization and 

saving. EPI used in BOLD imaging is sensitive to susceptibility artifacts due to 

the long echo times required. This artifact arises from differences in the 

susceptibility of different materials and can cause problems especially in phase 

but also in frequency encoding directions (Stadler et al. 2007).  Susceptibility 

differences lead to differences in magnetic field strength and due to dephasing of 

spins and frequency shifts in nearby tissues and further signal loss and spatial 

mismapping of the BOLD signal. This can be avoided by selecting the materials 

of EEG equipment carefully or by using commercially available EEG devices 

suitable for simultaneous measurements with MRI (Krakow et al. 2000).  

EEG 

There are two main artifacts that occur in EEG when measured simultaneously 

with MRI: gradient and ballistocardiographic (BCG) artifacts. Gradient artifact 

results from switching of the magnetic field gradients required for imaging. This 

is a purely technical artifact and due to its stability over time can be subtracted 

out quite easily using the average template approach (Allen et al. 2000). 

BCG artifact is caused by heart beat-related motion. All electrical 

conductive material movements in a static magnetic field cause electromagnetic 

induction and it is not clear what part of the motion is most relevant (Debener et 
al. 2008). One assumption is that it is caused by the acceleration and abrupt 

reversal in blood flow in the aortic arch (Ives et al. 1993). Another perception is 

that it results from cardiac-related head rotation, caused by axial body motion 

(Huang-Hellinger et al. 1995, Nakamura et al. 2006). One possible source of 

BCG artifacts can be the pulsatile movement of the scalp as well as EEG 

electrodes and cables due to expansion and contraction of adjacent blood vessels 

(Bonmassar et al. 2002). Another possibility is that as a result of being 
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conductive, the fluid (blood flow) itself causes the artifact (Tenforde et al. 1983, 

Allen et al. 2000). Removal of the BCG artifact is more complex than that of 

gradient artifacts, and various methods have been used. These include average 

artifact subtraction (Allen et al. 1998, Allen et al. 2000), independent 

component analysis (Srivastava et al. 2005, Briselli et al. 2006, Mantini et al. 
2007, Ghaderi et al. 2010, Liu et al. 2012), optimal basis sets (Niazy et al. 
2005), beamformers (Brookes et al. 2008) and orthogonal matching pursuit (Xia 
et al. 2014). 

There are also methods that use additional motion sensitive signals in 

artifact subtraction. One is the reference layer artifact subtraction method where 

the voltage of an additional reference layer of electrodes isolated from the scalp 

is subtracted from the EEG electrodes (Chowdhury et al. 2013).  It is also 

possible to use an optical motion tracking system (LeVan et al. 2013) or carbon 

wire loops (Negishi et al. 2008, Van der Meer et al. 2016) in detecting and 

removing EEG artifacts. 

2.3.3 Combined analysis 

There are multiple methods for the combined analysis of EEG and BOLD 

signals (review Jorge et al. 2015). These include analysis which directly 

correlates some feature of one modality to some feature of the other. For 

example, amplitude envelopes of different frequencies of EEG have been 

correlated with BOLD signal in many studies (Goldman et al. 2002, Mantini et 
al. 2007, Sadaghiani et al. 2010, Mayhew et al. 2013, Neuner et al. 2014, 

Guggisberg et al. 2015, Labounek et al. 2015). One possibility is to use the 

information of one modality in guiding the analysis of the other modality. For 

example, in epilepsy patients the epileptic spikes found in EEG data are used as 

regressors in BOLD data to find out where the seizure starts from (Vulliemoz et 
al. 2011, Chaudhary et al. 2016). Multiple models that try to estimate the 

relationship between EEG and BOLD signals have also been created (Valdes-

Sosa et al. 2009, Rosa et al. 2010, Nguyen et al. 2014). 

One much used analysis in the integration of EEG and BOLD data is 

independent component analysis (ICA). ICA is a blind source separation method 

where signals that come from different sources can be separated from a 

measured summary signal into a set of statistical independent components (ICs) 

(Bell & Sejnowski 1995, Hyvärinen & Oja 2000). The maximal independence of 

ICs can be achieved in space (spatial ICA) or time (temporal ICA). With fMRI 
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data the most frequently used method is spatial ICA due to its better spatial than 

temporal resolution. In spatial ICA for fMRI data the two-dimensional data 

matrix (time x voxels) is separated into a set of statistically independent spatial 

maps together with associated time courses (Beckmann & Smith 2004). Due to 

the high temporal resolution of EEG the temporal ICA is used for EEG data. In 

temporal ICA the signals from EEG electrodes are separated into temporally 

independent groups (Makeig et al. 1997).  

As previously mentioned, ICA has been widely used in exploring RSNs 

separately in both fMRI and EEG data (e.g. McKeown et al. 1998, 2003, 

Damoiseaux et al. 2006, Smith et al. 2009, Congedo et al.  2010, Chen et al. 
2013, Yuan et al. 2012, Aoki et al. 2015) but it has also been used in combined 

analysis of EEG and fMRI (Eichele et al. 2008, Calhoun et al. 2009).  A 

separate ICA method that combines these two modalities has also been created 

(Moosmann et al. 2008). 
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3 Purpose of the study 

The purpose of this study was to examine correlations between infra-slow 

fluctuations in EEG and BOLD signal. 

 

The particular aims were to study the following: 

1. do these correlations exist 

2. what is the temporal stability of the correlations in multimodal 

measurements 

3. how do intrinsic RSN brain dynamics influence the correlations 
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4 Materials and methods 

4.1 Subjects 

The present set of studies was conducted in Oulu University Hospital during 

2008–2014. All studies were approved by the Ethics Committee of Oulu 

University Hospital. Written informed consent was obtained from each subject 

individually, in accordance with the Helsinki declaration. All subjects were 

healthy, non-smokers, non-medicated and had no previous history of 

neurological diseases. During the resting-state study, the subjects were instructed 

to lie quietly in the scanner with their eyes open, fixating on a cross on the 

screen, think of nothing particular, and not to fall asleep. 

Study I 

Twenty-one volunteers (mean age, 24.1 ± 2.8 years; 7 females) participated in 

the study. All participants (mild-to-moderate caffeine consumers, based on self-

reports of consumption of coffee, tea, and soft drinks) were instructed to abstain 

from caffeine intake since the night before the study (15–18 h). Each 

simultaneous resting-state fbEEG-fMRI recording lasted 8 min and 30 s. 

Study II 

Eleven volunteers (mean age, 27.2 ± 7.5 years; 3 females) were measured with 

concurrent multimodal (fMRI, NIRS, EEG, NIBP, and anesthesia monitor) 

setup. Each simultaneous resting-state fbEEG and fMRI recording lasted 10 

minutes. 

Study III 

Sixteen volunteers (mean age, 26.7 ± 6.9 years; 7 females) participated in the 

study. Each simultaneous resting-state fbEEG and fMRI recording lasted 10 

minutes. 



36 

4.2 Data acquisition 

Full-band EEG 

In all of the studies, the fbEEG was recorded using Ag/AgCl electrodes placed 

according to the international 10–20 system with a 32-channel MR-compatible 

BrainAmp system (Brain Products). In study I, two channels were used to record 

electrocardiogram (ECG) and electro-oculogram. Electrode impedances were 

<10 kΩ. In study II and III, one channel was used to record ECG and electrode 

impedances were <5 kΩ. Low impedances were obtained by scraping the 

epithelium of the skin. The EEG data-sampling rate was 5 kHz and the band 

pass was from DC to 250 Hz. The quality of the fbEEG signal was tested outside 

the magnet room. The subjects were transferred to the magnet room and 

carefully placed with careful padding to maximize stability and comfort. The 

BrainAmp SyncBox was used to ensure the simultaneous timing of the MRI 

scanner and EEG amplifier. 

Functional MRI 

In study I, the functional data were collected on a GE Signa 1.5 tesla whole-

body system with an eight-channel receiver coil, with an EPI gradient echo 

sequence (TR = 1800 ms, TE = 40 ms, 280 time points, 28 oblique axial slices, 

slice thickness = 4 mm, interslice space = 0.4, covering the whole brain, field of 

view (FOV) = 25.6, with 64 x 64 matrix and flip angle = 90°). T1-weighted 

scans were imaged using 3D fast spoiled gradient echo (FSPGR) BRAVO 

sequence (TR = 12.1 ms, TE = 5.2 ms, slice thickness = 1.0 mm, FOV = 24.0 

cm, matrix 256 x 256 and flip angle = 20°) to obtain anatomical images for co-

registration of the fMRI data to standard space coordinates. Respiratory belt and 

fingertip peripheral capillary oxygen saturation (SpO2) data were also saved 

from the scanner. 

In study II and III, the functional data were collected with Siemens 3T 

SKYRA with a 32-channel head coil. The MREG sequence obtained from 

Freiburg University via collaboration with Jürgen Hennig’s group (Zahneisen et 
al. 2012, Lee et al. 2013) was utilized. MREG is a 3D spiral, single-shot 

sequence that undersamples the 3D k-space trajectory for faster imaging 

(Assländer et al. 2013). It samples the brain at 10-Hz frequency (TR = 100 

msec, TE = 36 ms, and flip angle = 25°) and offers thus about 20–25 x faster 
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scanning than conventional fMRI. Three-dimensional MPRAGE (TR = 1900 

ms, TE = 2.49 ms, flip angle = 9°, FOV = 240 and slice thickness = 0.9 mm) 

images were used to register the MREG data into 4-mm MNI (Montreal 

neurological institute) space. Respiratory belt and fingertip SpO2 data were also 

saved from the scanner. 

Multimodal measuring environment 

Studies II and III were performed in a multimodal measuring environment that 

enabled the simultaneous measurements of fMRI, EEG, NIRS, non-invasive 

blood pressure (NIBP) and anesthesia monitor (GE Datex-Ohmeda, Aestiva/5 

MRI) data (SpO2, respiratory CO2, and ECG). The NIRS and NIBP 

measurement devices for the fMRI environment were developed in cooperation 

between the Oulu Functional Neuroimaging group and the Optoelectronics and 

Measurement Techniques Laboratory at the University of Oulu. The setup is 

presented in Figure 1.  

The NIRS device (Sorvoja et al. 2010) was placed on the subject’s upper 

forehead to measure the ventromedial default mode network (DMNvmpf). The 

source–detector distance was 3 cm, sampling rate was 10 kHz and three 

wavelengths of 660, 830, and 905 nm were used. The NIRS device allowed the 

continuous measurement of cerebral blood flow in the brain cortex and 

particularly the concentrations of deoxyhemoglobin (Hb) and oxyhemoglobin 

(HbO). 

The NIBP device used two accelerator sensors placed over the aortic valve 

on sternum and over the carotid artery to measure vasomotor waves of arterial 

blood pressure. These sensors sense the tiny skin movements caused by 

cardiovascular pulses. By calculating the pulse wave velocity (PWV) from the 

pulse transit time (PTT) the diastolic pressure in the aorta can be determined. 

The greater the velocity, the higher the pressure as well (Myllylä et al. 2011). 

The sampling frequency of the raw acceleration signals was 10 kHz.  
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Fig. 1. Demonstration of the measurement setup. Electrode placements and the 

anesthesia monitor used are presented on the left side of the figure inside a Faraday 

cage where the subject is lying in the MR room. All signals are transferred optically 

outside the room via wave tube. Color codes for the signals: EEG, blue; NIRS, red; 

NIBP, green; anesthesia monitor data, violet; timing pulse, black dashed line. 

Additionally, respiration was measured from a belt and fingertip SpO2 by the scanner 

itself. Scanner timing pulse triggered EEG, NIRS, and NIBP. EEG was also synced 

with the scanner’s clock signal via SyncBox device. On the right side, the raw 

signals from each measurement device are shown. The starting point of the 

measurement can be clearly seen from the beginning of the scanning artifact in the 

EEG signal. (Study II, published with permission from Mary Ann Liebert, Inc.) 

4.3 Data analysis 

Data analysis consisted of basic pre-processing steps with artifact removal, ICA 

separately for EEG and BOLD data and different correlation analyses between 

EEG and BOLD data. Next, these steps are presented in more detail. 
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4.3.1 EEG data processing 

In all of the studies, EEG artifacts were removed off-line using the Brain Vision 

Analyzer (version 2.0, Brain Products). Gradient and ballistocardiographic 

artifacts were removed using the average artifact subtraction (AAS) method 

(Allen et al. 1998, 2000). After that, the EEG data were exported to Matlab (The 

MathWorks, Natick, MA) where the independent components analysis (ICA) 

was calculated with EEGLAB (version 9.0.0.2b, Delorme & Makeig 2004). 

Infomax algorithm (Bell & Sejnowski 1995) and maximum number of 

components (32) were used. The resulting components were downsampled to 

match the fMRI sampling frequency by averaging (0.55 Hz in study I and 10 Hz 

in studies II and III). In study II and III, the ICs were FFT (fast fourier 

transform) band pass filtered in OriginPro (v9.1) to 0.009-0.08 Hz to get the 

very low frequency (VLF) band. 

4.3.2 FMRI data processing 

In all studies, three basic fMRI preprocessing steps were performed. First, head 

motion was corrected with FSL MCFLIRT software (Jenkinson et al. 2002). 

Then, brain extraction was performed for the motion-corrected fMRI volumes 

with optimization of the deforming smooth surface model with FSL BET 

software (Smith 2002).   Lastly, spatial smoothing was done with fslmaths 5-mm 

FWHM Gaussian kernel. Three-dimensional MPRAGE images were used to 

register the fMRI data into MNI space in 4-mm resolution prior to group ICA as 

a standard procedure in FSL MELODIC. Group ICA procedures, using fastICA 

(Hyvärinen 1999) for preprocessed fMRI data, are presented separately for 

traditional BOLD (study I) and MREG BOLD (studies II and III) data. 

Study I 

Group probabilistic ICA (PICA) as implemented in FSL MELODIC (Beckmann 

& Smith, 2004) was performed. 32 components were used because it was used 

in the EEG IC analysis as well. Artifact components were removed (e.g., blood 

pulsation and motion) and secondary PICA was performed for the artifact-

removed BOLD group data using the same model order of 32. The resulting 

components were thresholded using the same histogram mixture modeling as in 
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EEG-fMRI maps. From these, eight well-known and robustly detectable RSN 

components were selected (Damoiseaux et al. 2006, Seeley et al. 2007) and 

binarized with the FSL fslmaths tool.  The selected networks were visual lateral 

(VIS LAT), DMNpcc, dorsal attention (DAN), DMNvmpf, salience (SAL), 

secondary somatosensory cortex (S2), primary motor cortex (M1), and executive 

(EXEC) (Fig. 2). 

Study II & III 

Group PICA was performed with FSL MELODIC (Beckmann & Smith 2004) 

with model order of 70. Outcome RSN maps were thresholded using histogram 

mixture modeling as implemented in FSL MELODIC. From these, the dominant 

DMNvmpf and DMNpcc components were selected for further analysis with 

previous criteria (Kiviniemi et al. 2009, Abou-Elsoud et al. 2011). 

To generate subject-specific versions of the spatial maps and associated time 

series dual regression was used (Beckmann et al. 2009, Filippini et al. 2009) in 

FSL. The individual maps of DMNvmpf and DMNpcc were then used in the 

following correlation analysis. For temporal correlation analysis, the individual 

IC time courses were FFT band pass filtered to VLF band (0.008-0.09 Hz) in 

OriginPro (v9.1). 

4.3.3 Correlation analysis 

The first study explored the spatial correlations between VLF EEG ICs and 

BOLD data. The second study examined the temporal correlations and their 

stability in multimodal measurements (EEG, BOLD, NIRS, NIBP) in both full-

band (FB) and VLF band. The third study investigated further the variability of 

the correlations between VLF EEG and MREG BOLD and their relation to 

intrinsic MREG BOLD RSN brain dynamics. 

Study I 

In this study, the spatial correlation maps between VLF EEG IC time series and 

pre-processed BOLD data were calculated by using VLF EEG ICs as regressors 

in FSL FEAT. Hemodynamic convolution was included and correlation maps 

were thresholded using histogram mixture modeling as implemented in FSL 

MELODIC. These maps were then binarized using the FSL fslmaths tool. 
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Spatial correlation coefficients were calculated with the FSL fslcc tool between 

these correlation maps and BOLD RSN maps to select for each of the selected 

BOLD RSN the EEG IC that had the highest correlation coefficient giving map. 

These selected maps were then averaged among subjects by taking the voxel-by-

voxel mean of selected correlation maps with AFNI 3dMean tool to get group-

level resting state VLF EEG-fMRI correlation maps. FSL randomization test 

(randomize version 2.1) was used to evaluate voxel-by-voxel statistical 

significance in VLF EEG–fMRI correlation maps. For controlling multiple 

comparisons, familywise error correction (FWE) at p < 0.05 was used.  

For each binarized BOLD RSN map and the corresponding best-correlated 

VLF EEG–fMRI map, the correlation coefficients with different BOLD RSN 

maps were averaged among subjects (see Fig. 2). In Figure 3, to test whether 

these differences between correlation coefficients were significantly different, an 

exploratory (without correction for multiple comparisons) pairwise assessment 

of each network against each other network was estimated. The spatial patterns 

of EEG IC versus BOLD voxel correlations were significantly different at a 

level of p < 0.05 for all network pairs except DMNvmpf-EXEC, DMNpcc-EXEC, 

and SAL-S2 (see Fig. 3, small colored circles). To control that the observed 

correlations did not arise from random effects or from the selection procedure, 

all binarized VLF EEG–fMRI maps were randomized with Matlab and 

correlation coefficients with one RSN (DMNpcc) were calculated again. DMNpcc 

was chosen because it is thought to be the most active network at rest (Raichle et 
al. 2001, Fox et al. 2005). The selection and averaging procedure was then 

applied in a manner identical to that described above. Also the average 

correlation coefficients between randomized data and binarized BOLD RSN 

maps were calculated (see Fig. 3, white “RAND” (randomized data)). 

Study II 

In this study, correlations between EEG ICs and MREG ICs, NIRS Hb and HbO 

data and NIBP data were investigated. The method used for converting raw 

NIRS time courses into time courses representing temporal changes of the Hb 

and HbO concentration was based on modified Beer–Lambert law (Boas et al. 
2001, Cope 1991, Strangman et al. 2003). The mathematical expressions used 

for estimating PB from NIBP data are presented in the following reference 

(Myllylä et al. 2011). During artifacts, caused by e.g. swallowing, the BP was 
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interpolated between successful measurements. All these calculations were done 

in Matlab.  

All the data were downsampled to 10 Hz to correspond with the sampling 

rate of MREG BOLD data and detrended by fitting a line and removing it. 

Temporal correlation coefficients between EEG ICs and MREG DMNvmpf time 

courses were calculated with Pearson correlation coefficients for both FB and 

VLF band. The DMNvmpf component was chosen because the NIRS device is 

placed on top of the frontal area and thus enables the correlation analyses with 

NIRS Hb and HbO. The EEG IC that had the highest correlation coefficient was 

chosen separately for FB and VLF for further analysis. The absolute values of 

correlation coefficients between selected EEG IC and MREG DMNvmpf time 

courses were averaged between subjects. 

To analyze time domain stability, average correlation coefficients for the full 

measurement length of 10 min (i.e., 6,000 time points) and for the 2-min (i.e., 

1,200 time points) sliding window data with 50% overlap were calculated 

separately in both FB and VLF range. 

To see how the selected EEG IC correlates with other modalities (NIRS Hb 

and HbO and NIBP) it was correlated with these modalities’ time courses 

similarly as explained above. 

Study III 

The dynamics of the VLF EEG correlation to MREG data was investigated in 

both temporal and spatial domains. First, the dynamics of the temporal signals 

of VLF EEG vs. MREG correlation was assessed. The selected EEG ICs and 

dual regressed MREG ICs were divided into about 1-minute (exactly 582 time 

points) time windows with 50% overlap to get 19 equal sized time windows. For 

each of these time windows, temporal correlation coefficients were then 

calculated similarly as for the whole time series above. 

Secondly, the spatial dynamics of the map distributions were investigated 

by calculating the spatial FEAT maps using these 1-minute time windows 

separately as dynamic regression maps of the MREG data. These dynamic maps 

represent the spatial distributions of the EEG vs. MREG correlation and intrinsic 

MREG activity, respectively. Spatial correlation coefficients between 1-minute 

VLF EEG-MREG and MREG maps were calculated for DMNvmpf and DMNpcc 

with the fslcc tool in FSL. To see on group level where the intrinsic MREG 

maps show activations when temporal correlation between VLF_EEG IC and 
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VLF_MREG IC is highest and lowest the corresponding correlation maps of 

these time windows were averaged among subjects and statistical significance 

between these differences were calculated with randomize tool in FSL with 

threshold-free cluster enhancement (TFCE) method, and FWE correction was 

used. 

To test if the strength of correlation between VLF_EEG and MREG signals 

is related to MREG signals’ parameters, the amplitude and root mean square 

(rms, supposed to reflect noise) of MREG RSN ICs were calculated with 

Matlab. It was also studied if the strength of intrinsic resting state functional 

connectivity within the RSN is related to the strength of correlation by 

calculating the number of strongly active voxels within the 1-min time window 

MREG RSN maps (DMNvmpf and DMNpcc) with fslmaths and fslstats tools 

(FSL). Time window RSN maps were thresholded with a Z-score > 10 threshold 

to focus on core RSN activity. Intrinsic RSN maps still having wide activity 

patterns around the whole brain after thresholding were discarded as artifacts. To 

see which of these parameters showed statistically significant dependency to the 

temporal correlation coefficient values one tailed paired t-test was performed 

separately to correlation coefficients of the time windows that had the highest 

and lowest value of amplitude, rms and number of voxels. 
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5 Results 

5.1 Correlation and spatial correspondence 

In study I, it was investigated whether the ISFs of EEG and BOLD are 

correlated with each other in resting state. It was found that the VLF EEG ICs 

and fMRI BOLD signals were temporally correlated and the correlation between 

VLF EEG ICs and BOLD time series was observed exclusively in anatomically 

well-delineated regions that match those of fMRI ICs remarkably well (Fig. 2). 

Randomized DMNpcc VLF_EEG–fMRI maps (Fig. 2, far right column) showed 

that the observed patterns could not be attributed to random effects or the 

selection procedure. 

 

Fig. 2. Group-level resting-state VLF EEG ICs and fMRI BOLD signals exhibited 

correlations in the same anatomical regions as fMRI ICs. Eight selected BOLD_RSN 

maps (red-yellow, z-score thresholding in right color bar) from group PICA, and 

corresponding thresholded and FWE-corrected VLF_EEG-fMRI maps (green). The 

rightmost map is a randomized VLF_EEG-fMRI map for BOLD DMNpcc (thresholded 

0.1–1). Numbers below RSN names present correlation coefficients (fslcc) between 

these BOLD_RSN maps and VLF_EEG–fMRI maps. Numbers at the bottom of the 

images refer to MNI coordinates (x, y, z). The first eight maps are organized in 

descending order of subject-wise averaged correlation coefficients (as in Fig. 3). 

(Study I, published with permission from Society for Neuroscience.) 
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The spatial correlations were specific to the corresponding BOLD IC for 

most of the RSNs, and much greater than those expected by chance (Fig. 3, 

RAND bars). Visual inspection showed that visual and motor networks were the 

most isolated correlates of EEG ICs. The posterior and anterior parts of the 

DMN (DMNpcc and DMNvmpf) as well as the salience and S2 networks exhibited 

clear cross-correlations. 

 

Fig. 3. Subject-wise averaged spatial correlation coefficients between VLF EEG–fMRI 

maps and BOLD RSN maps (error bars indicate standard error of the mean). In 

paired statistical comparisons, for each network between the correlation value for 

the best-fitting map compared with the other seven, all other differences were 

significant at p < 0.05 (Holm–Bonferroni corrected) except for DMNvmpf-EXEC, DMNpcc-

EXEC, and SAL-S2 (marked with colored circles). The maps are organized in 

descending order of averaged correlation coefficients. (Study I, published with 

permission from Society for Neuroscience.) 
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5.2 Temporal stability in multimodal measurements 

In this study (study II), temporal correlation and its stability between EEG ICs 

and MREG DMNvmpf in both the FB and VLF band was analyzed.  EEG ICs’ 

correlations to NIRS (Hb and HbO) and NIBP in FB and VLF band were also 

investigated. These correlations were studied in whole recording length (10 min) 

and in two-minute time windows (50% overlap). Average correlation 

coefficients are presented in Table 1 and in Figure 4. 

In 10-minute correlations EEG ICs had the highest temporal correlation 

coefficients with MREG BOLD IC. In two-minute time window both FB and 

VLF EEG ICs showed the highest correlation with Hb, and in VLF also the HbO 

had higher correlations than MREG ICs. 

All correlation coefficients that were calculated in two-minute time 

windows were significantly higher than the corresponding 10-minute ones. All 

correlation coefficients in VLF were also significantly higher than in FB, except 

for the correlation coefficient between EEG ICs and NIBP in 10-minute time 

window. 

Table 1. Full-band (FB) and very low frequency (VLF) band’s average correlation 

coefficients (cc) and their standard deviations (sd, in brackets) between EEG IC and 

MREG IC, NIRS-Hb, NIRS-HbO and NIBP on both whole 10-min measurement and the 

highest 2-min time window. 

EEG ICs’ 

correlation with 

10 min cc (sd)  2 min cc (sd) 

FB VLF FB VLF 

MREG 0.25 (0.06) 0.31 (0.06)  0.35 (0.12) 0.54 (0.10) 

Hb 0.18 (0.12) 0.26 (0.20)  0.42 (0.19) 0.69 (0.12) 

HbO 0.14 (0.14) 0.24 (0.20)  0.34 (0.20) 0.61 (0.10) 

NIBP 0.09 (0.08) 0.12 (0.10)  0.25 (0.11) 0.45 (0.09) 
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Fig. 4. Full-band (FB) and very low frequency (VLF) band average temporal 

correlation coefficients (cc) and their standard deviation bars between EEG IC and 

MREG IC (red), NIRS-Hb (black), NIRS-HbO (blue) and NIBP (green) on both whole 10-

min measurement (left) and the highest 2-min time window (right). VLF bars are 

shown in lighter color. All VLF correlations that were significantly (p<0.05) higher 

than the corresponding FB correlations are marked with a star. All 2-min correlations 

were significantly higher than the corresponding 10-min ones. 

Temporal correlation coefficients between EEG and MREG ICs showed high 

temporal variability. The subject-wise average of the lowest two-minute time 

window correlation coefficient was -0.09 (sd 0.13) in FB and -0.04 (sd 0.11) in 

VLF, as the average of the highest correlation coefficients was 0.35 (sd 0.12) for 

FB and 0.54 (sd 0.10) for VLF. 

5.3  Dynamics of the spatiotemporal variation of correlations 

This study (study III) focused on the spatiotemporal variations of correlations 

found in previous studies. Spatially, the group level intrinsic MREG maps 

activations in highest and lowest temporal correlation coefficient giving time 
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windows between VLF EEG IC and VLF MREG IC suggest that correlation is 

higher when intrinsic MREG DMN networks include cortical parts (Fig. 5, 

upper row). The averaged VLF EEG-MREG correlation maps showed 

statistically significant differences between highest and lowest correlating time 

windows in the DMNvmpf area and in cortical parts of DMNpcc (Fig. 5, yellow). 

VLF EEG-MREG DMNpcc maps showed also an anti-correlating task positive 

network (TPN) activated when correlation with MREG was low. 

 

Fig. 5. Subject-wise averaged intrinsic resting state MREG maps (DMNvmpf on the left 

and DMNpcc on the right) of the time windows giving the highest (red) and lowest 

(blue) temporal correlation coefficients (threshold 7-10).  The second row shows the 

VLF_EEG-MREG maps of the same time window as the corresponding intrinsic 

MREG maps above with same color encoding in red (DMNvmpf thr 5.5-10 and DMNpcc 

thr 4.5-10) and blue (DMNvmpf thr 4-10 and DMNpcc thr 3.5-10). Spatially significant 

differences between averaged maps of the highest and lowest time windows are 

shown in yellow. Opacity of all maps is 0.6. The numbers below the figures refer to 

MNI coordinates (x, y, z). 

Temporal correlation coefficient’s dependency of different parameters of 

intrinsic MREG BOLD signal is presented in Figure 6. In the figure, the 

temporal correlation coefficients of the time windows that had the highest and 

lowest values of MREG RSN ICs amplitude, MREG RSN ICs rms and the 

number of strongly activated voxels in the area of RSN in question are plotted. 

The strongest statistically significant difference (p<0.02 DMNvmpf p=0.002 and 

DMNpcc p=0.019) was found in the number of activated voxels where a higher 

number of activated voxels related to higher temporal correlation coefficient and 
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vice versa. There was no statistically significant difference in temporal 

correlation coefficient values between time windows that had the highest and 

lowest values of amplitude in VLF_MREG ICs (DMNvmpf p = 0.36 and DMNpcc 

p=0.44). The values of rms in VLF_MREG RSN ICs barely exceeded the 

significance of p < 0.05 in DMNvmpf (p = 0.037) but not in DMNpcc (p=0.39). 
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Fig. 6. Dependence of temporal correlation coefficient (cc) and MREG RSN ICs 

amplitude, MREG RSN ICs rms and the number of strongly activated voxels in the 

area of DMNvmpf and DMNpcc. Temporal correlation coefficient value between 

VLF_EEG IC and dual regressed VLF_MREG IC time signals of time windows that 

had the highest (black triangle) and lowest (white circle) value of parameter in 

question. X-axis presents subjects. P-values are presented below the plots. 
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6 Discussion 

Several studies have shown that EEG correlates with fMRI BOLD signal (e.g. 

Huster et al. 2012, Laufs 2012). Despite the fact that EEG has scale-free 1/f 

characteristics (He et al. 2010, Palva et al. 2013) these studies have mostly 

focused on the higher frequency bands of EEG and left out the VLF band. In this 

thesis, all three studies show clear correlations between the VLF EEG and 

BOLD signal. Study I showed that the ISF in EEG and BOLD data correlate 

with each other in brain regions corresponding to canonical fMRI RSNs. Study 

II showed that there is marked temporal variation in these correlations and that 

EEG ISF also correlates with NIRS and NIBP signals. Study III further revealed 

the spatiotemporal variation of these correlations and the dependence of 

correlation strength and intrinsic dynamics of BOLD RSN functional 

connectivity. 

6.1 Correlation and spatial correspondence 

In study I, the spatial correlation coefficient between VLF EEG ICs and BOLD 

RSN ICs was in same range as previously reported maximal correlation 

coefficients of 0.3 between LFPs and BOLD signal in resting state (Shmuel & 

Leopold 2008, Schölvinck et al. 2010, Pan et al. 2013). The relatively low 

correlations can partly be due to the marked discrepancy in sampling rates of 

both data. The conventional BOLD sequences with an approximate TR of two 

seconds indubitably cause aliasing of cardiac and respiratory signals to data 

which is not the case in EEG. 

The anatomical specificity of VLF EEG–BOLD correlations with the 

canonical BOLD RSNs found in study I strongly suggests that the EEG and 

BOLD ISFs are reflections of shared underlying neuronal and hemodynamic 

processes. This is supported by correlations found with the amplitude envelopes 

of concurrently acquired EEG oscillations and ISFs in both EEG and BOLD 

signals (Goldman et al. 2002, Leopold et al. 2003, Mantini et al. 2007, Monto et 
al. 2008, Sadaghiani et al. 2010). 

Other studies have also found RSNs resembling BOLD RSNs in EEG (Yuan 
et al. 2012, Chen et al. 2013), as well as microstates that reflect the dynamics of 

these networks (Musso et al. 2010, Britz et al. 2010, Aoki et al. 2015). MEG 

studies have also shown spatially similar networks (Brookes et al. 2011, 
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Marzetti et al. 2013) and linear correlations between BOLD and MEG signals’ 

interregional delays in motor and visual tasks (Lin et al. 2013). 

6.2 Temporal stability in multimodal measurements 

The MREG sequence used in studies II and III with 10-Hz sampling rate 

allowed dynamic analysis of correlations between EEG and BOLD signals. 

Study II revealed marked temporal variation in correlations between EEG and 

MREG ICs when calculated in shorter two-minute time windows. The subject-

wise averaged two-minute time window correlation coefficients varied notably 

in both full band and VLF band. 
The average temporal correlation coefficient for the optimal 2-min time 

window was significantly higher than the average correlation coefficient over 

the whole recording length (10 min) which was within the normal values 

obtained by other groups with classical low-sampling-rate BOLD (Shmuel & 

Leopold 2008, Schölvinck et al. 2010, Pan et al. 2013). In theory, this could be 

due to lower statistical accuracy, but the MREG signal sampled with 10 Hz still 

has 1,200 time points from 2-min MREG measurements which corresponds to 

40 min of TR 2-sec BOLD data. The reason for the lower 10-minute correlation 

could be that the varying correlation values average each other out. 

The VLF correlations were also found to be statistically significantly higher 

than the full-band correlations. This may be related to the increased data-

sampling rate; the FB data have rich physiological noise reducing the 

correlation. The VLF data, on the other hand, is now much better filtered and 

does not have aliased signal reducing the correlation results. One reason for 

higher correlations in VLF than in FB could also be the VLF band’s higher 

relationship with vascular signal sources. 

Previous studies in NIRS versus fMRI have shown that ISFs (0.01–0.15 Hz) 

are not static, but instead, travel over the cortex and arrive at different brain 

voxels at different times (Tong et al. 2012). The quasi-periodic activity patterns 

linked to LFP spread over the brain cortices with very low frequency (Majeed et 
al. 2011, Thompson et al. 2014). These quasi-periodic fluctuations in the cortex 

may affect the NIRS and EEG measurements in the scalp. 

In study II, EEG was shown to correlate with NIRS and NIBP as in previous 

studies (Moosmann et al. 2003, Bari et al. 2011, Nikulin et al. 2014). In the 

study of Nikulin et al. (2014) the NIRS and NIBP coherence with EEG was 

approximately similar but in our study (study II) the average of the highest two-
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minute time window EEG IC correlations with NIRS was higher than with 

NIBP, both still being  over 0.4. The highest correlations with VLF EEG were 

found to be with Hb and HbO, maximally on average 0.69 in 2-min time 

window. Previously EEG alpha power has been found to correlate with Hb with 

correlation value 0.23 and with HbO 0.20. In both of the calculated time periods 

and both full and VLF bands, the EEG IC correlation with Hb was higher than 

with HbO as in previous study (Bari et al. 2011). These correlations suggest that 

EEG reflects indeed the slow changes of blood oxygen concentration and that 

the BP is also somehow reflected in this signal. 

6.3 Dynamics of the spatiotemporal variation of correlations 

Several papers show that functional connectivity (FC) in RSNs is not stationary 

within (Chang & Glover 2010, Kiviniemi et al. 2011) or between networks 

(Handwerker et al. 2012, Allen et al. 2014, Roberts et al. 2016). Also our study 

(study III) revealed similar variations in connectivity strength in resting state 

DMN. 

These FC changes are in some studies explained by changes in vigilance 

(Kucyi & Davis 2014, Tagliazucchi & Laufs 2014). Infra-slow activity in EEG 

has also been suggested to be related to attentional changes (Monto et al. 2008, 

Helps et al. 2010). A combined study has shown a positive correlation of BOLD 

FC with EEG gamma band, suggesting that an increase in BOLD FC is needed 

to integrate brain regions for cognitive performance (Tagliazucchi et al. 2012). 

Higher alpha power is related to a decrease in BOLD FC also between DMN 

and dorsal attention network (Chang et al. 2013). It has also been shown that 

changes in FC are not related to head motion or fluctuations in heart rate and 

respiration (Tagliazucchi et al. 2012). 

Another possibility affecting the FC variations are the repeated 

spatiotemporal patterns found in spontaneous BOLD fluctuations (Majeed et al. 
2009) which in human data involve DMN and TPN areas (Majeed et al. 2011). 

These quasi-periodic patterns are suggested to have a neural basis (Ko et al. 
2011, Thompson et al. 2013). The neuronal avalanches that are periodically 

clustering series of individual neuronal activation bursts follow a 

(spatio)temporal 1/f-law with critical balance between excitation/inhibition 

within a network performing a task (Poil et al. 2012, Palva et al. 2013). In other 

words, the brain activity tends to aggregate into periods of high activity with 
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more silent periods in between. Ultra-fast MREG data has been able to follow 

the spread of single avalanches (Rajna et al. 2015). 

Our study indicates that EEG ISFs and BOLD FC fluctuations have shared 

sources as the correlation strength between VLF EEG and MREG BOLD IC 

signals was found to be varying, mostly dependent on the FC strength of MREG 

RSNs and not on amplitude or rms (measure of noise) of MREG RSN ICs. This 

is in line with EEG’s ability to detect activation only when the activated cortical 

area is large enough (Cooper et al. 1965, Nunez & Srinivasan 2006). This also 

partly explains the previous quite low correlations between EEG and fMRI 

when calculated over a longer period of time. 

By lowering the time window used from 2 minutes in study II to 1 minute 

(in study III) the average of the highest correlating one-minute time windows 

was found to be close to 0.8. To our knowledge, this is the highest correlation 

coefficient reported between EEG and fMRI. 

6.4 Sources of EEG ISFs 

Our studies focused on infra-slow oscillations which, even though much studied, 

still have unknown sources. Multimodal measurements allow simultaneous 

recording of many quantities that may have an effect on brain oscillations. The 

benefit of simultaneous EEG-fMRI measurement is that it allows studying 

electrical and vasomotor activity of the brain simultaneously. This helps in 

establishing basic knowledge of brain oscillations and their sources. 

Ultra-fast fMRI sequences improve the accuracy of these measurements. 

While these sequences increase the statistical power of analyses (Jacobs et al. 
2014) they also enable the measurement of non-aliased BOLD signal where 

cardiac and respiratory signals are not aliased to data (Hennig et al. 2007, Posse 
et al. 2012). Higher temporal resolution also allows comparing the higher 

frequencies of EEG and BOLD signals, which could not be done previously. 

Simultaneous EEG-MREG BOLD has proved to be a valuable tool in the 

localization of epileptic activity and might enable it even in deep brain structures 

(Jäger et al. 2015). Inverse imaging technique has also shown capability to 

follow single brain activation by showing linear correlations in interregional 

delays with MEG (Lin et al. 2013). 

The high spatiotemporal similarity of independent components of VLF EEG 

and BOLD signals found in this thesis indicate strongly that ISFs in EEG and 

BOLD signal reflect a common source. It is known that when the brain is 
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activated the amount of oxygenated blood increases, and this change can be seen 

in BOLD imaging as signal increase. What is not fully known is how this brain 

activation affects the EEG ISFs. One possibility is that brain activation causes 

long-lasting excitatory postsynaptic potentials in apical dendrites of cortical 

pyramidal neurons that can be seen in EEG. Spontaneous fluctuations in 

neuronal activity levels could hence be reflected in parallel both in slow 

potentials and hemodynamic signals.  

Another possibility are the non-neuronal sources. The very slow potential 

shifts in EEG are thought to arise from the 1-5 mv potential between blood and 

the brain tissue (Voipio et al. 2003). If also in resting state the VLF EEG is 

assumed to reflect the changes in this BBB potential it could be considered that 

highly activated RSN states lead to BBB potential changes high enough to be 

seen in VLF EEG signal. Also the changes in glymphatic CSF flow mechanisms 

being next to BBB (Nedergaard 2013) may alter the BBB potential changes and 

thus the VLF EEG. Multiple subcortical structures, e.g. hippocampus (Penttonen 
et al. 1999, Allers et al. 2002), basal ganglia (Ruskin et al. 1999a, 1999b) and 

thalamus (Albrecht & Gabriel 1994, Albrecht et al. 1998, Lewandowski et al. 
2000, He 2003) have revealed ISFs but their relation to scalp-recorded EEG 

ISFs is not known. Spontaneous ISFs appear to be supported also by oscillatory 

and time scale-specific cellular-level mechanisms (Lörincz et al. 2009, Hughes 
et al. 2011). 

For now, the relation of these different variables to EEG ISFs remains to be 

resolved; hopefully more information of this issue is obtained with the 

multimodal ultra-fast fMRI measurement environment in future studies. 

6.5 Limitations and future directions 

This thesis has some limitations that should be addressed. One limitation of this 

thesis is the low number of EEG electrodes used. With 32-channel recording 

only a limited spatial coverage of the skull is achieved. With a higher number of 

electrodes the mapping of the spatial distribution of the EEG sources’ analysis 

would have been more accurate and might have led to even higher correlations 

with fMRI data. However, the use of ICA compensated for this by separating the 

individual sources into their own components. 
Another limitation is the lack of additional artifact-detecting equipment 

which would have enabled more accurate artifact removal from the EEG and 

BOLD data. Also in studies II and III, the MREG data artifact removal could 
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have been improved but due to the limited research done in this field in MREG 

scanning it was considered to be more realistic not to remove anything from the 

data. In future, the artifact detection with e.g. carbon wires should be improved 

and the use of respiratory and cardiac data in artifact removal investigated. 

The selection of EEG IC naturally influences the correlation coefficients 

with BOLD data. In study I the EEG IC that had the highest spatial correlation 

coefficient with BOLD RSN IC was chosen, in study II the highest temporal 

correlation coefficient was used, and in study III the average of spatial and 

temporal correlation coefficients was used. The effect of this selection is 

something that should be investigated more closely in future studies.  The model 

order of ICA also affects the results and the optimal value for both modalities is 

not known (Abou-Elseoud et al. 2010). In studies II and III, the model order was 

chosen to be higher due to the higher number of data points in the MREG data. 

The temporal shifting of the EEG signal in comparison to the BOLD signal 

has shown to improve the correlations (Shmuel & Leopold 2008, Schölvinck et 
al. 2010, Pan et al. 2013, Thompson et al. 2014) but due to the incomplete 

knowledge of the sources that EEG ISFs reflect it is still an open question 

whether this should be done or not. The studies in this thesis included only zero 

lag correlation analyses, and studies with different lags are on the list of future 

studies. 

The spatiotemporal non-stationarity of RSNs requires new analysis methods 

to be developed, including adaptable source localizer algorithms allowing spatial 

non-stationarity (Kiviniemi et al. 2011). The neuronal avalanche analysis, e.g. 

CAP (Liu et al. 2013), and sliding window ICA analyses (Hutchison et al. 2013) 

could be one possibility to study these fluctuations in more detail. Also more 

RSNs should be used to get a more complete picture of brain activity 

fluctuations. 

EEG ISFs provide important additional information in clinical work, at least 

in neonatal (Vanhatalo et al. 2002) and epilepsy patients (Ikeda et al. 1999, 

Vanhatalo et al. 2003a, Miller et al. 2007). FMRI is routinely used in planning 

neurosurgical interventions, with the limitation of the possible effect of 

pathological vascular proliferations on the results (Fujiwara et al. 2004). 

Simultaneous electrophysiological recording could be used to verify the results 

and avoid possible false-negative activations. The use of resting state also allows 

recordings of unco-operative and unconscious patients. In future, the clinical use 

of combined fbEEG-BOLD recordings will likely increase as new knowledge is 

gained of different diseases’ relation to functional connectivity. The studies 
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presented in this thesis provide new knowledge of ISFs’ relation in simultaneous 

fbEEG-BOLD measurements. These can be applied further into various diseases 

to get new information of the mechanisms behind them and thus help in the 

generation of new treatments. 
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7 Conclusion 

This thesis shows that EEG ISFs correlate with BOLD signal both temporally 

and spatially. These correlations vary spatially and temporally related to strength 

of RSN functional connectivity. These all together indicate that the ISFs of EEG 

and BOLD signal reflect a common source for these fluctuations. 
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