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Abstract 
Functional magnetic resonance imaging (fMRI) enables recording of changes in blood 

oxygenation level and thereby provides insight into human brain function. The collected fMRI 
data have to be analyzed statistically, and group analysis is crucial for generalization of the 
results. The selection of the statistical test depends on properties of the data, as well as on the 
research question. Since the brain-activity-related fMRI signal is small compared with noise 
in the data, removing various kinds of artifacts enables more effective and reliable detection of 
the true stimulus-related activations. To find out how the human brain works in everyday-life 
situations, fMRI experiments have started to move from traditional, highly controlled setups 
to using more naturalistic stimuli and tasks, such as viewing movies. Such rich and continuous 
stimuli bring challenges to data analysis, and call for data-driven approaches such as 
independent component analysis (ICA). 

In contrast to parametric statistical tests (e.g. the t-test) commonly used in fMRI analysis, 
nonparametric methods make only minimal assumptions about the data and may thereby 
provide more robust results. However, the widely-used nonparametric permutation test is 
computationally heavy. This thesis introduces SumLog, a new sensitive and computationally 
efficient nonparametric method for group-fMRI analysis. 

Some artifacts such as linear drifts are easy to remove from the data by e.g. filtering, whereas 
physiological noise is more difficult to eliminate. This thesis thus introduces a new maxCorr 
method that allows extraction from group-fMRI data subject-specific components that are 
connected to respiration, heartbeat, and movement. In contrast to many existing methods, 
maxCorr does not need any reference signals or information about the stimulus, and it is 
thereby well-suited for cleaning data collected during naturalistic stimulation. 

Data-driven methods such as ICA are widely used for analyzing fMRI data from naturalistic 
experiments. ICA can unravel functional brain networks but both the spatial patterns and time 
courses of the networks depend on the number of the estimated components. In this thesis, 
group-ICA was applied at four dimensionalities to fMRI data collected during movie viewing. 
The analysis implied subdivision of three cortical networks into functionally feasible 
subnetworks. 

This thesis contributes to more effective and reliable statistical analysis of fMRI data from 
conventional and naturalistic experiments. It also adds to the understanding of human brain 
function in naturalistic conditions. 

Keywords fMRI, statistical analysis, nonparametric test, physiological noise, naturalistic 
stimulation, independent component analysis 
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Tiivistelmä 
Toiminnallinen magneettikuvaus (fMRI) mittaa veren happipitoisuusmuutoksia ja auttaa 

siten ymmärtämään ihmisaivojen toimintaa. FMRI-aineistojen analyysissä käytetään tilastol-
lisia menetelmiä ja vain ryhmätasolta tulokset voidaan yleistää. Tilastollisen testin valinta 
riippuu sekä aineistosta että tutkimuskysymyksestä. Syntynyt aivoaktiivisuus voidaan löytää 
luotettavammin ja tehokkaammin, jos häiriöt poistetaan ennen tilastollista analyysiä. Jotta 
saataisiin tietää, miten ihmisaivot toimivat jokapäiväisissä tilanteissa, fMRI-tutkimuksissa 
voidaan käyttää luonnonmukaisia ärsykkeitä perinteisten yksinkertaistettujen ärsykkeiden 
sijaan. Luonnonmukaiset ärsykkeet tuovat uusia analyysihaasteita, jolloin joudutaan käyttä-
mään aineistolähtöisiä menetelmiä, kuten riippumattomien komponenttien analyysiä (ICA). 

Toisin kuin perinteisesti fMRI-analyysissä käytetty parametrinen t-testi, ei-parametriset 
tilastolliset testit tekevät vain vähän oletuksia aineistosta, joten niillä voidaan saavuttaa 
tehokkaampia tuloksia kuin parametrisilla menetelmillä. Paljon käytetty ei-parametrinen 
permutaatiotesti on kuitenkin laskennallisesti raskas. Väitöskirjassa esitellään uusi, herkkä ja 
laskennallisesti tehokas ei-parametrinen menetelmä, SumLog, fMRI-aineistojen 
ryhmäanalyysiin. 

Osa fMRI-aineistojen häiriöstä voidaan poistaa suodattamalla tai mallintamalla. Vaikeammin 
poistettavia fysiologisia häiriöitä varten väitöskirjassa esitellään uusi maxCorr-mentelmä, joka 
löytää yksilöllisiä komponentteja, jotka sisältävät sydämen sykkeestä, hengityksestä ja pään 
liikkeistä syntyviä häiriöitä. Toisin kuin monet aiemmista menetelmistä, maxCorr ei tarvitse 
fysiologisia referenssisignaaleja tai tietoa ärsykkeestä häiriöiden löytämiseen. Näin ollen max-
Corr soveltuukin hyvin luonnonmukaisissa olosuhteissa kerättyjen aineistojen esikäsittelyyn. 

ICAa käytetään paljon luonnonmukaisissa olosuhteissa kerättyjen fMRI-aineistojen analy-
soimiseen. ICA löytää fMRI-aineistosta toiminnallisia aivoverkostoja, joiden paikkajakauma 
ja aikakäyttäytyminen riippuvat kuitenkin estimoitujen komponenttien määrästä. Väitös-
kirjassa laskettiin ryhmä-ICA kolmella komponenttimäärällä fMRI-aineistolle, joka oli kerätty 
koehenkilöiden katsoessa elokuvaa. Tulokset osoittivat kolmen tarkastellun aivoverkoston 
jakautuvan fysiologisesti mielekkäisiin alaverkostoihin estimoitujen komponenttien luku-
määrän lisääntyessä. 

Väitöskirjassa esitetyt uudet menetelmät mahdollistavat sekä perinteisten että luonnon-
mukaisia ärsykkeitä käyttävien fMRI-aineistojen entistä tehokkaamman tilastollisen 
analyysin. Lisäksi työ toi uutta ymmärrystä aivojen toiminnasta jokapäiväisissä tilanteissa. 
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1. Introduction 

The human brain and how it functions has fascinated scientists for centuries. 

Already in the early nineteenth century, phrenologists declared that the brain 

was divided into small regions that were each dedicated to a certain function. 

They believed that if a person used one of these regions more frequently than 

others, the size of the region would grow, and the increase in brain volume 

would cause a bump on the skull. However, the phrenologist view turned out 

to be wrong, and modern imaging techniques have proven that cognitive func-

tions rely on distributed networks and that single brain regions can participate 

in several different functions.  

Modern methods to study human brain function include functional magnetic 

resonance imaging (fMRI), positron emission tomography (PET), electroen-

cephalography (EEG), and magnetoencephalography (MEG). EEG measures 

the electrical and MEG the magnetic fields induced by neuronal activity. These 

methods allow noninvasive measurement of brain activity from outside of the 

skull. Both of these techniques have excellent temporal resolution. However, it 

is mathematically impossible to identify the exact location of the activation, 

which limits the spatial resolution of the methods. 

 Whereas EEG and MEG measure neuronal events directly (Hari & Salmelin, 

2012), functional imaging methods such as PET and fMRI reflect metabolic 

changes correlated with neuronal activity. PET imaging (Zimmer & Luxen, 

2012) uses radioactive tracers to detect changes in blood flow, glucose metabo-

lism, oxygen use and much more. FMRI measures the blood-oxygenation-

level-dependent (BOLD) signal and thereby enables detection of activated 

brain sites without injection of radioactive tracers. FMRI also allows imaging 

of faster functional changes than PET. Compared with EEG and MEG, fMRI 

has superior spatial resolution but much poorer temporal resolution. The spa-

tial resolution of fMRI is on the order of millimetres and the temporal resolu-

tion is on the order of seconds (Bandettini, 2012).  

Typically, fMRI experiments are used to study the effects of sensory stimuli 

on brain function and to reveal brain areas involved in processing the stimuli. 

Traditionally, the stimuli are presented in blocks of the order of 20–30 s, al-

ternating with rest periods. A temporal model on the activation is constructed 

by convolving the stimulus time course with a hemodynamic response function 

that reflects the fMRI responses with respect to neural activation.  

The obtained fMRI data are typically analyzed using a general linear model 

(GLM), assuming the measured signal to be a weighted sum of the stimulus 

regressor and possible nuisance regressors such as head movement (Friston et 
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al., 1995). The weights are estimated and then tested for statistical signifi-

cance, typically using the parametric t-test. However, the t-test relies on sever-

al assumptions, for example, normality of the data, but with the low number of 

fMRI subjects, typically below twenty, it is usually not possible to check 

whether this assumption holds. On the other hand, it is most often the case 

that the more data available, the more normal the distribution. However, such 

large fMRI cohorts bring another challenge to statistical analysis. Namely, in-

creasing the number of subjects increases statistical power, and thus even very 

weak effects become statistically significant. Thus, it is difficult to determine a 

suitable threshold to locate true stimulus/task-related activity.  

In contrast, nonparametric methods make only minimal assumptions about 

the underlying data, and they can thus provide more robust and reliable re-

sults. In Publication I of this thesis, SumLog, a new nonparametric statistical 

method for group analysis of fMRI data, is introduced. In contrast to the other 

nonparametric methods, SumLog is also computationally cheap, e.g. over 

6000 times faster than the popular permutation approach. 

FMRI BOLD signals are very small compared with the many sources of noise 

in the recording, therefore thorough preprocessing of the data is crucial before 

performing statistical analysis. Typical noise sources include artifacts caused 

by the imaging hardware as well as thermal and physiological noise and sub-

ject movement. Some of the artifacts, such as linear signal drifts, can be quite 

easily removed from the data (e.g. by high-pass filtering). However, physiolog-

ical noise, caused by e.g. heartbeats and respiration, is much more difficult to 

remove and many of the existing noise-removal methods require additional 

measurement of the physiological parameters and/or information about the 

stimulus. Publication II presents a new method, maxCorr, for removing physi-

ological noise from fMRI data. MaxCorr does not need any physiological sig-

nals as reference, nor any information about the stimulus. 

The general linear model is an efficient method for finding stimulus-related 

brain activity, and it has a solid position in fMRI research. However, stimulus 

time courses used as regressors in the GLM can be created only from rather 

controlled and simple stimuli for which the exact timing is known. A growing 

trend in brain research is to move to more real-life-like experimental setups, 

such as movie viewing (e.g. Bartels & Zeki, 2004; Hasson et al., 2004; Bartels 

& Zeki, 2005; Golland et al., 2007; Malinen et al., 2007; Hasson et al., 2008a; 

Hasson et al., 2008b; Jääskeläinen et al., 2008; Kauppi et al., 2010; 

Lahnakoski et al., 2012a; Lahnakoski et al., 2012b; Nummenmaa et al., 2012; 

Kätsyri et al., 2013; Kauttonen et al., 2015). The complexity and multimodality 

of such naturalistic stimuli brings totally new challenges to data analysis. Da-

ta-driven methods such as independent component analysis (ICA) (Hyvärinen 

& Oja, 1997; McKeown & Sejnowski, 1998; Hyvärinen, 1999; Hyvärinen & Oja, 

2000) are widely used to analyze data collected during naturalistic stimula-

tion. In Publication III, ICA is applied to fMRI data collected during movie 

viewing. The results show that by using different analysis parameters, brain 

networks are split into functionally feasible subnetworks. 



Introduction 

The summary of this thesis consists of four chapters. Chapter 2 gives some 

theoretical background and introduces the principles of functional magnetic 

resonance imaging, the technique used to collect the data analyzed in this the-

sis. This chapter also covers the preprocessing and statistical methods typically 

employed in fMRI data analysis, moving from the traditional experiments to 

more naturalistic setups. Chapter 3 presents the objectives of this thesis and of 

the individual studies. Chapter 4 goes through the materials and methods used 

in the studies, and Chapter 5 summarizes the results and interpretations of 

each study. Finally, Chapter 6 provides further discussion about the methodo-

logical issues and future perspectives. 

 





2. Background 

2.1 Magnetic resonance imaging 

The following short overview of magnetic resonance imaging (MRI) and func-

tional magnetic resonance imaging is largely based on the textbooks of Huettel 

et al. (2004), Buxton (2009), and Liang and Lauterbur (2000). 

 

 

Figure 1. a) In an external field B0, the majority of the spins align parallel to the field, creating a 
net magnetization vector along the positive direction of the field (orange arrow). b) When an 
RF pulse is sent, some of the protons flip to the higher energy state, i.e. antiparallel to the 
external field. This decreases the longitudinal component of the net magnetization. With a 
90-degree RF pulse it goes to zero. The protons also start to precess in phase, which cre-
ates a transversal magnetization. c) As the protons precess, they lose their phase coher-
ence (transverse magnetization decays) and flip back to the lower energy state (longitudi-
nal magnetization recovers), which causes the MR signal to decay in time (the free induc-
tion decay (FID) signal), and the system returns to its original state (d). Note that in the fig-
ure the number of spins in the two energy states is not proportional to the true population 
difference. 

MRI is based on the phenomenon of nuclear magnetic resonance. Hydrogen 

H-1 is the most commonly imaged nucleon in MRI. A fundamental property of 

a proton is that it posesses a spin and a magnetic moment. In an external 

magnetic field B0 along the z-axis the spinning proton experiences a torque, 

which causes it to precess about the z-axis at a stable angle (Figure 1a). The 

precession frequency of the spin, known as the Larmor frequency, is 

, where  is the gyromagnetic ratio which is a constant unique to every atom. 

In all studies of this thesis, the magnetic field strength was 3 T, giving an H-1 

Larmor frequency of 127.7 MHz. 

The proton of a hydrogen nucleus has a spin of , which means that in an 

external field, the proton has only two possible energy states: one parallel and 

the other antiparallel to the external field. Because the energy of the parallel 
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state is slightly lower, a small majority of the spins (at 3T an excess of 1 10 6 

spins) align parallel to the external field. This small population excess (which 

increases with external field strength) creates a net magnetization along the 

positive direction of the external field and comprises the longitudinal compo-

nent of the magnetization vector (Figure 1a).  

To create a measurable signal, a radio-frequency (RF) pulse is sent to the im-

aged object, i.e. human body or brain (Figure 1a). To flip the spins from the 

low-energy state to the high-energy state, the RF pulse has to be of the correct 

frequency corresponding to the energy difference between the two states 

( ) so that the energy of the RF-pulse photons can be absorbed. In this 

resonance condition, the RF pulse flips the spins to the high-energy state. In 

addition, the spins start to precess in phase, which induces a transversal com-

ponent to the net magnetization vector (Figure 1b). Thus, the RF pulse flips the 

net magnetization vector to an angle with respect to the external field. This 

angle is known as the flip angle (FA) and it is proportional to the frequency 

and duration of the RF pulse. The precessing net magnetization produces a 

time-varying magnetic field, which induces an oscillating voltage in a receiving 

coil located in the MRI scanner.  

After the RF pulse, the spins start to loose their phase coherence, which 

causes the transverse component of the net magnetization vector to decrease 

(Figure 1c). The time constant of this decay is T2. Also, the spins start to flip 

back to the low-energy state, which gradually increases the longitudinal mag-

netization to its original state (Figure 1d). The time constant of the longitudi-

nal relaxation is T1. These transversie and longitudinal relaxations cause the 

MR signal to decay in time. The signal is thus known as the free-induction de-

cay (FID) signal. Because of local field inhomogenities, the FID signal actually 

decays faster than it would in a homogeneous magnetic field. The time con-

stant T2* describes this enhanced decay. 

To obtain a three-dimensional image, three additional gradient fields are su-

perimposed on the uniform magnetic field: the slice-selection gradient (to se-

lect the slice plane in the z-direction), the frequency-encoding gradient (to 

encode the position along the x-axis), and the phase-encoding gradient (to 

encode the position along the y-axis). These gradient fields are about one hun-

dred times weaker than the main magnetic field. The slice selection gradient 

was originally invented by Paul Lauterbur and Peter Mansfield (Nobel Prize in 

Physiology and Medicine 2003). It is applied in the same direction as the main 

magnetic field, i.e. along the z-axis, and it causes the Larmor frequency of the 

spins to vary linearly along the z-axis. Thus, to excite a specific slice in the ob-

ject, the frequency band of the applied RF pulse must match the Larmor fre-

quencies along the z-axis corresponding to the slice of interest. The thickness 

of the slice can be varied by changing the bandwith of the RF pulse. 

To encode the x- and y-position of a specific voxel in a slice, two more gradi-

ent fields are applied. The frequency-encoding gradient linearly varies along 

the x-axis and causes the spins to precess at different rates along the x-axis. 

The phase-encoding gradient linearly varies along the y-axis and is typically 

turned on only for a short time after the RF pulse. When the phase-encoding 
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gradient field is on, the spins start to precess at different frequencies along the 

y-axis. When the gradient field is then turned off, the spins start to precess 

again at the same frequency as before (determined by their position along the 

x-axis), but they now have different phases. Thus, we get a mixture of signals 

with different frequencies and phases which are collected in a matrix referred 

to as k-space. A 3D image can be formed from these k-space signals by apply-

ing the Fourier transform. 

Typically, the FID signal is not measured, but rather its “echo”, i.e. the signal 

peak induced in the coil after a time to echo (TE). In a spin-echo sequence, 

frequently used in the anatomical imaging of the human brain, an echo is gen-

erated by applying a second RF pulse at time TE/2. After the initial pulse, 

which typically is 90 degrees relative to the main magnetic field, the spins start 

to lose their phase coherence since some of the spins precess faster than the 

others due to local field inhomogeneities. The second pulse at TE/2 is at 180 

degrees relative to the main magnetic field and it flips the spins so that the 

faster precessing spins, which had been precessing away from the slower ones, 

now precess towards them. After another TE/2 time, the faster and slower 

spins meet. This refocusing creates the echo. The entire sequence is then re-

peated several times. The time interval between two successive 90 degree 

pulses is called the repetition time (TR).  

In a gradient echo sequence, no rephasing pulse is sent. Instead, an echo is 

generated by modulating the frequency-encoding gradient. Before data acqui-

sition, the spins are dephased by applying a negative gradient field. Right after 

this dephasing gradient, a positive gradient of the same magnitude is applied 

to realign the spins. In a gradient echo sequence, the flip angle of the initial RF 

pulse is usually below 90 degrees, which allows faster image acquisition. How-

ever, the gradient echo sequence is more sensitive to artifacts caused by field 

inhomogenities than the spin echo sequence, since the positive rephasing gra-

dient can only undo dephasing effects produced by the action of the negative 

gradient preceeding it. If the local magnetic fields change by the time the posi-

tive dephasing pulse is applied, the dephasing effects produced by such inho-

mogeneities cannot be reversed. Therefore, the spin echo sequence is well suit-

ed if the aim is to obtain good image quality, and the gradient echo sequence is 

useful if fast imaging is desired.  

2.2 Functional magnetic resonance imaging 

FMRI measures functional changes in the brain. The most commonly used 

technique in fMRI is the blood-oxygen-level-dependent (BOLD) contrast, dis-

covered by Ogawa et al. (1988). The BOLD contrast is based on the different 

magnetic properties of oxygenated and deoxygenated blood. In the blood, oxy-

gen is bound to haemoglobin. Oxygenated haemoglobin is diamagnetic where-

as deoxygenated haemoglobin is paramagnetic, meaning that the homogeneity 

of the main magnetic field B0 is distorted in the vicinity of deoxyhemoglobin. 

In an activated brain area, the neurons’ consumption of oxygen increases and 

more haemoglobin becomes deoxygenated. At the same time, the blood flow 
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increases, bringing more oxygenated haemoglobin to the activation site. Since 

the blood flow relatively increases more than the consumption of oxygen, the 

relative concentration of the field-distorting deoxygenated haemoglobin de-

creases which results in a stronger MR signal. 

To capture the rapid physiological changes underlying the BOLD signal, im-

ages should be acquired fast, at about the same rate as the physiological pro-

cesses unfold. The most common imaging sequence in fMRI is the echo planar 

imaging (EPI) sequence (Mansfield, 1977), in which one slice can be acquired 

in 20–100 ms. In an EPI sequence, the whole k-space is filled after each RF 

pulse by multiple rapid gradient reversals. The drawback of this fast scanning 

is impaired spatial resolution. Therefore, the activation maps obtained from 

the functional data are often overlaid on high-resolution structural images.  

2.2.1 Hemodynamic response 

The activity triggered by a stimulus, as measured with fMRI, is called the he-

modynamic response (HDR). The HDR is often modeled with a hemodynamic 

response function (HRF), although the shape of the HDR may vary in different 

brain areas and between individuals (Aguirre et al., 1998), and it can change 

with age (D'Esposito et al., 1999; Richter & Richter, 2003).  

The BOLD response to a sensory stimulus typically starts 1–2 s after the 

stimulus onset and it reaches its peak around 5–6 s. If the stimulus lasts for a 

longer time, the response reaches a plateau value. Some researchers have re-

ported an initial dip before the actual response (Menon et al., 1995; Duong et 

al., 2001), which could be due to a transient increase in deoxygenated hemo-

globin. The peak BOLD response is followed by an undershoot, which occurs 

because blood flow decreases to baseline more rapidly than blood volume, and 

thus more deoxygenated haemoglobin is present. When the blood volume 

reaches normal levels, the activity returns to baseline. 

The HRF is often used in the popular GLM analysis, where the stimulus tim-

ings are convolved with the HRF to obtain an estimation of the BOLD activity 

triggered by the stimulus (see Figure 2). 

 

 

Figure 2. In a typical fMRI experiment, the stimuli are presented in blocks separated by rest 
periods. The stimulus time course is convolved with a hemodynamic response function to 
obtain an estimate of the BOLD signal triggered by the stimulus. The obtained time course 
is then used as a regressor in a GLM analysis to locate brain areas activated by the stimu-
lus. 

2.2.2 Experimental design 

Since fMRI does not measure absolute neural activity, experiments must be 

designed to quantify relative changes of activity. The most common stimulus 

design patterns are block and event-related designs. In a block design, two or 

* =
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more different conditions are presented in alternating blocks. Also, baseline 

blocks with no stimulation can be included. The blocks typically last for 10–30 

seconds. 

In an event-related design, short individual events (or trials) such as a flash-

ing light are presented and separated by rest periods. Both slow and fast de-

signs are used. In a slow design, the interstimulus interval is long enough for 

the triggered response to decay to baseline. In fast designs, the responses do 

not have time to return to baseline, and thus special analysis procedures are 

needed for analyzing these kinds of data.  

The choice of experimental design depends on the goal of the experiment. 

Block design is a good choice if the aim is to find out which brain areas re-

spond to the stimuli. Event-related designs are better suited for inspecting 

how activity within brain regions changes over time.  

2.2.3 Preprocessing 

Realignment 

Slice timing correction A functional volume (whole brain) is not acquired at 

once but as a series of 2D slices. Thus, the BOLD signal in different slices is 

sampled at different time points. A common approach to correct for slice tim-

ing is temporal interpolation, which estimates the amplitude of the signal at 

the beginning of the TR from the values of nearby time points. Slice timing 

correction is critical for event-related designs, but not necessary for block de-

signs with a short TR ( 2 s). 

Movement correction Head movement is a severe artifact in fMRI. If the 

head moves during scanning, the signal in one voxel may actually contain con-

tributions from neighbouring voxels at different times. Therefore, the data 

need to be realigned. Realignment is carried out in two steps. First, the rota-

tional and translational realignment parameters are estimated from the data 

using a rigid-body transformation, which assumes that the size and shape of 

the brain does not change. The parameters are obtained by minimizing or 

maximizing an objective function, such as the sum of squared differences. Se-

cond, the images are resampled using the set of estimated parameters. 

Coregistration 

To display fMRI results on high-resolution structural images, the functional 

images are coregistered to the structural ones. Since the anatomical and func-

tional images have different properties, such as different intensities and shape, 

using simple cost functions such as the sum of squared differences, is not ap-

propriate. Instead, other cost functions such as mutual information can be 

used. 

Normalization 

The shape and size of the brain varies remarkably across different individuals. 

Thus, to enable group inference, the data of each subject must be normalized 

by transforming the images to a standard space. Commonly used coordinate 

systems include the Talairach space and the Montreal Neurological Institute 
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(MNI) space. In addition to rigid-body transformations, normalization algo-

rithms allow nonlinear transformations as well, which change the shape and 

size of the brain in order to match the standard templates. 

Smoothing 

Before statistical analysis, the functional images are often spatially smoothed. 

Smoothing makes the distribution of errors more normal and decreases the 

differences between subjects, thus increasing the SNR and enhancing the pow-

er of many typical statistical tests, such as the t-test. Smoothing is typically 

performed by convolving the images with a Gaussian kernel.  

Physiological noise 

The BOLD signal induced by activated neurons is weak compared with many 

sources of noise in the data. Some artifacts, such as linear drifts or head 

movements, can be compensated for by high-pass filtering and realignment. 

However, the fMRI data are also contaminated by physiological noise caused 

by e.g. heartbeat and respiration. Since these signals contain frequencies high-

er than half of the typical sampling rate (TR, commonly around 2 s), they alias 

into the fMRI signal and are thus difficult to remove.  

Methods for compensating for physiological noise either utilize reference 

signals such as the ECG and/or respiration signal, e.g. RETROICOR (Glover et 

al., 2000) and DRIFTER (Särkkä et al., 2012), or estimate the physiological 

noise directly from the data, e.g. CompCor (Behzadi et al., 2007) and PHYCAA 

(Churchill et al., 2012). However, both CompCor and PHYCAA utilize infor-

mation about the stimulus to obtain optimal performance. Publication II of 

this thesis introduces maxCorr, a new data-driven method for physiological-

noise removal, which does not need any reference signals or any information 

about the stimulus, and which is therefore well suited for preprocessing fMRI 

data collected during naturalistic stimulation. 

2.3 Statistical analysis of fMRI data 

To locate activations triggered by the stimulus, the measured data are analyzed 

statistically. A common procedure is to construct statistical parametric maps 

(SPMs) consisting of images whose voxel values have a known distributional 

approximation, such as the t-distribution. The SPMs are then subjected to sta-

tistical tests and thresholded to find statistically significant (robust) activa-

tions. The most common approach is to use a GLM-based analysis and to test 

the resulting SPMs with parametric methods, for example the t-test.  

2.3.1 General Linear Model 

In the GLM approach, the fMRI data d are modeled as a weighted sum of one 

or more covariates c and an error term : 

 
  (1) 
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The covariates are usually reference time courses constructed by convolving 

the stimulus time course with the hemodynamic response function. Known 

sources of noise such as linear drift, movement parameters, respiration or 

heartbeat, can also be included in the design as nuisance factors. 

The beta-values  are estimated with least-squares estimation and tested for 

statistical significance, most commonly with a t-test. With one-sample t-test, 

one can test whether the mean of the data is equal to a specified value ; here 

the t-statistic is  
  (2) 

where  is the population mean, s is the standard deviation and n is the sample 

size. Under the null hypothesis, the t-value follows the t-distribution with n-1 

degrees of freedom. The t-test assumes that the tested data are continuous, 

independent, and follow the normal distribution.  

2.3.2 Nonparametric statistical testing 

The t-test is a parametric test typically used in fMRI that assumes that the data 

are normally distributed. In the case of the GLM analysis this assumption is 

applied to the parameter weights (beta values). Usually, the relatively low 

number of subjects, say less than 20, makes it impossible to validate this as-

sumption. In fact, Thirion et al. (2007) used a large fMRI data set of over 80 

subjects to evaluate the assumptions of the t-test and found non-normality of 

the parameter weights in wide regions of the brain. While the parametric 

methods provide accurate results when their assumptions are true, they can 

only give approximations of the true thresholds if the distribution of the input 

data cannot be derived, leading to reduced efficiency of the parametric tests. In 

contrast, nonparametric methods make no assumptions about the underlying 

distribution and can thus be more efficient than the parametric methods. The 

nonparametric permutation testing, popular in PET and fMRI data analysis, 

will be described next. 

Nonparametric permutation approach for group-fMRI analysis 

In the permutation approach introduced by Holmes et al. (1996), the null hy-

pothesis states that the experimental conditions do not affect the acquired da-

ta. If two conditions A and B (e.g. A = task and B = rest) do not differ, their 

presentation order does not matter. That is, the same data could have arisen 

regardless of the presentation order of these conditions. In the permutation 

test, the labels A and B are permuted 2^N times, where N is the number of 

blocks. A statistic image is calculated for each permutation and the value of the 

maximum voxel is recorded. In this way, a distribution of the maximum statis-

tic is formed. The null hypothesis of no difference between the conditions is 

rejected if the maximum statistic of the actual labeling is in the top (100 x )% 

of this distribution, where  is the significance level. The critical threshold is 

the (c + 1)-th largest value of the permutation distribution, c = N, rounded 

down.  
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The traditional t-statistic is estimated by dividing the mean of a change with 

the square root of the estimated variance of that change. With low degrees of 

freedom, the variance is estimated poorly. Thus, using a locally pooled (i.e. 

smoothed) variance could give a more reliable estimate of the true variance. 

Since the permutation approach is a nonparametric test, it does not require a 

statistic with a known distributional form. It is thus possible to use a pseudo t-

statistic, which is calculated using a smoothed variance estimate.  

Permutation tests require exchangeability of the observations, i.e. that all 

permutations of the observations have the same distribution. FMRI data ex-

hibit temporal autocorrelation, and thus the scans within subjects are not fully 

exchangeable. Nichols and Holmes (Nichols & Holmes, 2002) proposed a 

permutation approach for multi-subject fMRI analysis, where the subjects are 

considered exchangeable. The null-hypothesis is that the values of the contrast 

images of each subject are drawn from a zero-mean, symmetric distribution. If 

the null hypothesis holds, the sign of a subject’s contrast images can be flipped 

without changing the distribution. Therefore, instead of permuting the labels, 

the signs of 1 to N subjects’ contrast images are flipped and a statistic image is 

formed for each permutation. From here, the method proceeds in a similar 

manner as above. 

A critical drawback of the permutation approach is its computational load, 

which makes the analysis slow, requiring hours of processing on regular com-

puter hardware. Publication I of this thesis presents SumLog, a new nonpara-

metric method for statistical analysis of group-fMRI data. In contrast to per-

mutation testing, SumLog is fast and easy to compute. Our results showed that 

SumLog is over 600 times fasterto compute than the permutation test. 

2.4 Naturalistic stimulation and data-driven approaches 

In GLM analysis, as explained above, a hypothetical activation time course is 

constructed on the basis of the stimulus time courses and used as a regressor 

to find brain activity related to the stimulus. To model the response, the stimu-

li presented in traditional fMRI experiments have been rather simple and well-

controlled. For example, in studying the visual cortex, checkboard images with 

varying contrast, luminance and square size are often used. Also, the stimuli 

are often presented in separate blocks of activation and rest. However, our 

everyday environment is complex, multimodal, and constantly changing. Thus, 

simple experimental setups and stimuli are not sufficient to reveal how the 

brain functions in natural environments. Over the past few years, the use of 

naturalistic stimuli has become a new trend in fMRI research (e.g. Bartels & 

Zeki, 2004; Hasson et al., 2004; Golland et al., 2007; Malinen et al., 2007; 

Jääskeläinen et al., 2008; Lahnakoski et al., 2012a; Nummenmaa et al., 2012; 

Kätsyri et al., 2013). These experiments have used movies, video games, and 

other multimodal stimulation. Although these setups are still far from real-life 

experience, they mimic it much better than the traditional approaches with 

simplified stimuli. Naturalistic stimulation can reveal brain activity patterns 

that would be missed by controlled stimulus paradigms. For example, Hasson 
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et al. (2004) showed that an engaging movie elicits much more synchroniza-

tion across subjects than a video of a street view. On the other hand, these 

kinds of uncontrolled stimuli are not optimal for all experiments, and the GLM 

approach is still the most widely used method in fMRI research. 

Experiments using naturalistic stimulation induce new challenges for fMRI 

data analysis. Because of complex stimuli, it is often difficult or even impossi-

ble to construct a stimulus regressor for the GLM. Purely data-driven ap-

proaches, such as inter-subject correlation (Hasson et al., 2004) or independ-

ent component analysis (ICA) (McKeown & Sejnowski, 1998; Hyvärinen & Oja, 

2000), need no a priori models of the stimulus-related activations, and are 

thus sometimes more suitable for analyzing fMRI data acquired during natu-

ralistic stimulus presentation. In Publication III of this thesis, ICA was applied 

on fMRI data collected during movie viewing, with the focus on how three ma-

jor cortical brain networks—the dorsal attention, sensorimotor, and default 

mode network—are split into smaller subnetworks. 

2.4.1 Independent component analysis 

This section provides a short introduction to ICA and it is largely based on the 

tutorial paper on ICA by Hyvärinen and Oja (2000). 

Definition of ICA 

ICA is an approach for solving the blind source -separation problem, which 

means separating a set of signals from a set of mixed signals without any 

information (or with very little information) about the source signals or the 

mixing process. When the mixture of signals is represented by a random vector 

 and the independent components by  , the mixing can be written as 

 

  (3) 

 
where  includes the mixing weights  and is therefore called the mixing 

matrix. The ICA model is rooted in the assumption of statistically independent 

components with non-gaussian distributions. The independent components 

can be estimated by computing the inverse  of : 

 

  (4) 

Measures of non-gaussianity 

Several approaches exist to estimate the independent components. A couple of 

them are introduced here. All these methods maximize an objective function 

which measures independence. In practice, the objective function either 

maximizes nongaussianity or minimizes mutual information. Measures of 

nongaussianity are, for example, kurtosis and negentropy. Kurtosis is based on 

the 4th order statistical moment and is defined as 

 

  (5) 
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Negentropy is defined as 

 
  (6) 

 where  denotes entropy and  is a gaussian random variable with the 

same covariance matrix as . Negentropy is always non-negative and is zero for 

gaussian variables. Computing negentropy is very difficult and in practice it is 

approximated by cumulants. 

Another approach for solving the ICA problem is to minimize mutual 

information (the amount of information shared between random variables) 

defined as 

 
           (7) 

Mutual information is closely related to negentropy, since minimizing mutual 

information is equivalent to maximizing the sum of nongaussianities of the 

estimates. 

One of the most efficient practical learning rules for solving the ICA problem 

is the FastICA algorithm, which was used in this thesis. FastICA uses 

negentropy as an objective function and a fixed-point optimization scheme 

based on Newton-iteration. 

Preprocessing for ICA and order estimation 

Before estimating the independent components, the data are transformed such 

that they have zero mean and are whitened (uncorrelated and normalized). 

Zero-centering simplifies the computation of the ICA algorithm, although the 

mean could also be estimated as an independent component. Principal 

component analysis (PCA) is often used for whitening the data (Jolliffe, 2002). 

Whitening transforms the mixing matrix  into a orthogonal matrix , and the 

whitened ICA model can be written as: 

 
  (8) 

where  contains the eigenvectors of the covariance matrix and  is the 

diagonal matrix of its eigenvalues. 

Since  is orthogonal, whitening reduces the amount of parameters to be 

estimated. The dimension of the data can be reduced by leaving out the 

weakest principal components. This dimension reduction often improves the 

signal-to-noise ratio and reduces the risk of over-fitting. The number of true 

components is typically unknown, but it can be estimated, for example, with 

the minimum description length (MDL) criterion (Rissanen, 1978). The MDL 

criterium for order selection is 

 
   (9) 

 where  is the maximum log-likelihood of the observations, i.e. the 

measured signals , based on model parameters  of the kth order and  



Background 

is the penalty term for model complexity given by the total number of free 

parameters in  and N is the number of samples (for fMRI images, the 

samples are the voxels). The maximum log-likelihood is given by 

 

 
 (10) 

 

where  is the original dimension of the multivariate data and  s are the 

eigenvalues of the covariance matrix  of the measured data. The 

number of free parameters is given by 

 
  (11) 

Estimating too few components leads to loss of information. On the other 

hand, overestimation could split the informative components into spurious 

components due to unconstrained estimation and factorization that will overfit 

the data (Beckmann & Smith, 2004).  

ICASSO 

Another problem with ICA is that the algorithms that are used to estimate the 

components are stochastic, meaning that they will give slightly different 

results in separate runs. In this thesis work, we used ICASSO (Himberg et al., 

2004), an algorithm for investigating the reliability of the estimated 

components. In ICASSO, ICA is run several times at different initial points in 

the optimization and/or with data sets bootstrapped differently. The estimated 

components are clustered according to their mutual silmilarities which can be 

measured, for example, by absolute correlation. The stability index of the ICA-

estimate clusters reflects the compactness of the clusters. If the stability index 

is close to unity, ICA estimation is stable and consistent, meaning that the 

algorithm yelds similar components at every run despite the randomization. 

Compact clusters include reliable components, whereas unreliable 

components do not belong to any cluster. The cluster centers represent the 

ideal components. 

Application of ICA to fMRI data 

When ICA is used to analyze fMRI data, spatial rather than temporal ICA is 

typically used. One reason for this choice is that typically, in fMRI 

experiments, the number of voxels is much larger than the number of time 

points. Spatial ICA finds systematically non-overlapping brain regions that are 

activated or deactivated in synchrony without constraining the temporal 

domain. In the spatial model, the rows of the data matrix contain the 

measured signals from each voxel and the rows of  contain the independent 

components. The columns of the mixing matrix  contain the weights, i.e. the 

time courses of the spatial ICs. 

ICA is well-suited for analyzing fMRI data, since both activity-related signals 

and noise match the assumptions and limitations of ICA (McKeown & 
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Sejnowski, 1998). One advantage of using ICA in fMRI data analysis is that it 

separates some of the noise sources as independent components (McKeown & 

Sejnowski, 1998; Calhoun & Adali, 2006). The networks revealed by ICA are 

known to split into smaller networks when the number of components is 

increased (Smith et al., 2009; Abou-Elseoud et al., 2010). 

Group ICA 

ICA analysis can be extended to the group level. Calhoun et al. (2001) 

proposed a method for performing group ICA, which was also used in 

Publication III of this thesis. However, we noticed a small mistake in the 

original method, and the correction is included as Supplementary material in 

Publication III of this Thesis. Here, we present the correct procedure. 

 The first stage of the group analysis is data reduction, which is performed in 

two steps: first on the data for each subject and second on an aggregate data 

set. The reduced aggregate data matrix  is then 

 

 

 

 

(12) 

  
where M is the number of subjects and  and  are the reducing matrices 

from PCA for the concatenated data set and for subject i, respectively.  

represents the original data matrix from subject i, in which one row contains 

one volume of fMRI data. Finally, the independent components  and the 

mixing matrix  are estimated for the reduced data set.  

The subject-wise components can be estimated by splitting the group reduc-

ing matrix  into pieces. Marking , splitting , and 

multiplying the previous equation by the inverse of the mixing matrix  

gives us 

 

 
 (13) 

 
Individual subject components  can now be obtained as  

with the summation property . 

 



3. Aims of the Study 

The aim of this thesis was to develop new methods and to use existing ap-

proaches for the analysis of fMRI data collected in conventional and natural-

istic experiments. The specific aims of the individual studies were 
 

i. To introduce a new nonparametric, sensitive, and computationally efficient 

statistical method for group-fMRI analysis (Publication I) 
 

ii. To introduce a new method for removing physiological noise from group-

fMRI data (Publication II) 
 

iii. To investigate the functional subdivision of brain networks during movie 

viewing using different numbers of estimated independent components 

(Publication III) 

 





4. Materials and methods 

 

 

4.1 Simulated data 

Simulated data sets were used in Publications I and II. The created sources 

consisted of 128 x 128 pixel 2D spatial images with corresponding 100-point 

time courses. In Publication II, the time courses were different for each source 

(and some for each subject), and in Publication I, one single time course was 

used. 

In Publication I, a source with a one-period sinusoidal time course was lo-

cated at the center of the image. The amplitude of this source was 1 at the peak 

location and the decay followed the Gaussian distribution (sigma = 3 pixels). 

Different parameters known to affect the results were varied, e.g. subject 

count, noise level, co-registration accuracy, extent of spatial smoothing, be-

tween-subject variance in source strength, and data loss. Figure 3 gives an ex-

ample of the simulated data and the effect of the different parameters. 

 

 

Figure 3. Example of the simulated data used in Publication I (spatial map and time course) 
and the effects of the amount of noise, smoothing, and scatter of the activation location. 
(From Publication I) 
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In Publication II, ten sources were mixed together according to their time 

courses to create simulated fMRI data sets for ten subjects. Some sources were 

common for all subjects, some present only in a sub-group, and one source 

was truly individual for each subject. The spatial sources were reshaped into 

vectors and mixed together according to their time courses, modulated by a 

random weight from an even distribution between 0.5–2, drawn separately for 

each subject and source. Zero-mean Gaussian noise was added to the mixed 

data of each subject with a subject-specific random SNR ranging from –6 to 0 

dB. Figure 4 shows the ten simulated sources and their time courses for one 

subject. 

 

 

Figure 4. Example of the simulated data used in Publication II. Source s10 was only minimally 
correlated with the corresponding source of the other subjects, i.e. it was subject-specific. 
(From Publication II) 

4.2 Subjects 

All fMRI data presented in this dissertation were acquired from adults after 

written informed consent. All recordings were approved by the Ethics Com-

mittee of the Helsinki and Uusimaa Hospital District and conformed with the 

World Medical Association Declaration of Helsinki. The data set used in Publi-

cations I and II was collected from eight healthy adults (five females, three 

males, age range 22–39 yrs) and was originally presented in (Malinen et al., 

2014). The other data set used in Publication II had eleven healthy subjects 

and nine chronic-pain patients (19 females, one male, age range 30–60 yrs) 

(Hotta J, Forss N, Hari R, Nummenmaa L, and Saari J, unpublished observa-

tions). Twenty-two healthy adults participated in Publication III. The data of 7 

subjects were rejected because of technical problems, drowsiness, or excessive 

−2

0

2

−2

0

2

−5

0

5

0

5

10

−5

0

5

s1

s2

s3

s4

s5

0

2

4

−2

0

2

−10

0

10

0

5

0 50 100
−5

0

5

s6

s7

s8

s9

s10

Time (s)Time (s)
0 50 100

−1

0

1



Materials and methods 

head movements, thus the analyses were based on data of 15 subjects (9 fe-

males, 6 males; age range 19–49 yrs).  

4.3 Stimuli 

The fMRI data used in Publications I and II were collected while three differ-

ent types of manual touch were applied to the back of the subjects’ left hand. 

Each touch lasted for 20 s, with a rest period of 20 s between the stimuli 

(Malinen et al., 2014). The three different types of touch were presented in 

random order to the subjects in two separate sessions. Each session comprised 

15 blocks of touch and 15 blocks of rest, so that each session lasted for approx-

imately 10.5 min. 

In the other data set used in Publication II (Hotta J, Forss N, Hari R, Num-

menmaa L, and Saari J, unpublished observations) the stimuli consisted of 

seven emotional film clips, each lasting 59–132 s, extracted from popular Hol-

lywood feature films and chosen to present discrete emotional categories 

(Hewig et al., 2005). Before each clip, a gray fixation cross appeared on a 

white background for 5 s and was followed for 15 s by a text description about 

the forthcoming film clip. The stimuli were delivered with Presentation soft-

ware (Neurobehavioral Systems, San Francisco, California) via a video projec-

tor onto a translucent screen behind the scanner bore, and the subjects ob-

served this projection via an angled mirror positioned above their eyes on top 

of the head coil. The stimuli were presented without a sound track. The stimu-

lus protocol was identical for all subjects. 

During the fMRI scanning in Publication III, the subjects viewed a silent 

black-and-white film (“At Land” by Maya Deren, 1944). The film was delivered 

using the Presentation software  

(version 0.81, http://www.neurobehavioralsystems.com) and projected (pro-

jector Vista X3 REV Q, Christie Digital Systems, Canada, Inc.) onto a semi-

transparent back-projection screen that the subjects viewed via a mirror (visu-

 

4.4 Measurements 

All MRI experiments were conducted with a Signa HDxt 3-Tesla MRI scanner 

(General Electrics Healthcare, Milwaukee, Wisconsin) with a 16-channel head 

coil at the Advanced Magnetic Imaging Centre of the Aalto NeuroImaging at 

the School of Science of Aalto University. High resolution 1.0 mm x 1.0 mm x 

1.0 mm structural T1-weighted images were acquired using a spoiled-gradient-

echo sequence.  

Functional images were obtained using a gradient echo-planar-imaging se-

quence with the parameters shown in Table 1.  
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4.5 Preprocessing 

The preprocessing of fMRI data included segmentation of the structural imag-

es, realignment to the first image in the series using rigid-body transfor-

mations, co-registration to the T1 images, normalization to the standard MNI 

space, and spatial smoothing with an 8-mm (Publications I and II), 6-mm 

(Publication III), or 7-mm (Publication II) (full-width at half-maximum) 

Gaussian filter with the SPM8 software. In addition, slice-timing correction 

was applied to the other data set used in Publication II. The data used in Pub-

lication III were skull-stripped using the FreeSurfer software 

(http://surfer.nmr.mgh.harvard.edu/) before normalization. 

Table 1. Details of the fMRI data sets used in Publications I–III 

  Data I (SI+SII) Data II (SII) Data III (SIII) 

Subjects 8 20 15 

Age range (yrs) 22 39 30 60 19 49 

Stimuli Manual touch Movie clips Movie 

TR (s) 2 1.8 2 

TE (s) 32 30 32 

FA (°) 75 75 75 

matrix 64  64 64  64 64  64 

FOV (cm) 25.6  25.6 24  24 22  22 

voxel size (mm) 4  4  4 3.75  3.75  4 3.4  3.4  4 

Number of slices 40 34 36 

Number of volumes 

(dummies) 
318 (4) 468 (11) 485 (4) 

FWHM (mm) 8 7 6 

Slice-timing correction No Yes No 



5. Experiments 

5.1 SumLog is a sensitive and computationally efficient nonpar-
ametric method for statistical analysis of group-fMRI data 
(Publication I) 

5.1.1 Motivation 

Parametric statistical tests commonly used in fMRI data analysis rely on as-

sumptions that might not hold, such as normality of the tested data. Violation 

of the assumptions may reduce the power of the test. In such cases, nonpara-

metric methods that make minimal assumptions may be more efficient for 

statistical testing of the data. However, the nonparametric permutation test 

that is commonly used in fMRI data analysis is computationally heavy. In this 

study, we developed order statistics and SumLog, a new, nonparametric and 

computationally efficient method for statistical analysis of group-fMRI data.  

5.1.2 Methods  

Order statistics 

Let  be observed independent values of a sample of size  from the 

standard uniform distribution. If the samples  are sorted in ascending order 
as , the distribution for the th value is the th order-statistic 

and follows the beta distribution (Rahman, 1968) 

 
  (14) 

Order statistics does not make use of all information available in the random 

variables. For instance, the 1st order-statistic (i.e. the minimum of ) pre-

sumes that all samples are above the set threshold but does not utilize the in-

formation about how far the values are from the threshold. For example, if the 

threshold was 0.4, and all values of a sample of size 10 were 0.401, the order 

statistics method would find these values significant. In contrast, if 9 values 

were 0.999 and one value was 0.39, the sample would not be significant. How-

ever, the latter case is obviously more interesting than the former.  

SumLog statistics 

To make better use of all the information available in the data, we take the sum 

of negative logarithms of the uniform random variables  (that are all distrib-

uted between 0 and 1 so that their logarithms are negative). The statistical dis-

tributions for this combined variable can be derived as follows. 
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Single log-transform 

Let  be a random variable from the standard uniform distribution with prob-

ability density function (PDF)  when  and zero otherwise. 

Let  
   (15) 

be the log-transform with the inverse transform  with  

for the inverse. The PDF for the log-transformed random variable is 

. Since  follows the exponential distribution with 

the rate-parameter , it also follows the gamma distribution with the 

shape-parameter  and the scale-parameter , i.e.  

 
  (16) 

In the following, the term “log-transform” always refers to Equation 15 

above.  

 

Summation 

Let  denote the sum of log-transforms of  independent random variables . 

Since the individual log-transforms are independent and gamma-distributed 

with equal scale-parameters, their sum follows the gamma distribution with 

the shape parameter  and the common scale parameter : 

 
      (17) 

which leads to the expected value  and variance . 

 

Computation 

First, the voxel values (e.g. beta-values obtained from the GLM analysis) are 

ordered across all  voxels of each subject separately and replaced by the 

respective ordinal numbers 1–N. Next, these ordinals y are transformed into 

standard uniform variables u with 

 
 

 (18) 

For nth order statistics, these hereby obtained voxel values are then ordered 

across subjects and the nth largest value is picked for each voxel. For SumLog, 

the standard uniform variables  are log-transformed and summed over sub-

jects for each voxel. The values in the created single volume can then be com-

pared against the theoretical thresholds from the beta or gamma distributions 

to find statistically significant voxels.  

The standard uniform variables U ranging from 0 to 1 are spaced with equal 

distance, 1/Nvox. In contrast, the log-transformed variables range from very 

small values to very large values, and the values close to 0 are more densely 

distributed than the large values. Thus, SumLog’s distribution is very asym-
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metrical and the low and high tails are not treated equally in a single run. To 

overcome this problem, the computation can be performed in two separate 

runs, one for low-tail data and the other for high-tail data. 

In the first run, the ordinals are sorted in ascending order, and in the second 

run in descending order. Then, the log-transforms are computed for both runs 

as explained above. Finally, keeping the higher SumLog value of the two runs, 

for each voxel, combines the results of the two runs. The values that came from 

the descending ordering are marked by negating the sign of the result. With 

this combined volume, the threshold values become symmetric around zero, 

making it easy to perform one- or two-tailed statistical tests. 

 

Comparison with other existing methods 

The null-hypothesis of order statistics and SumLog is independence between 

the subjects, meaning that low or high value, or rank, in one subject does not 

imply low or high value, or rank, in another subject. In contrast, the null-

hypothesis of the normally employed parmetric t-test and permutation test is 

zero mean of the GLM beta value. It is therefore important to note that these 

tests need not produce similar results. 

   Order statistics and SumLog employ ranks in their computation and there-

by one might compare them to other common rank-based methods, such as 

Spearman’s correlation, Mann-Whitney U test, and Wilcoxon signed-rank test. 

However, the only common factor is the use of ranks and otherwise these ex-

isting methods differ completely from the ones developed here. 

   Speaman's correlation measures the statistical dependence between two 

variables, e.g. the similarity between two subjects' images. Like SumLog, it 

would start by computing the rank along the spatial dimension of voxels. 

However, it produces one value, i.e. one deduction, for this image pair whereas 

SumLog produces one deduction per voxel. Naturally SumLog is primarily 

meant for performing statistical tests on more than just two subjects. 

  Mann-Whitney U and Wilcoxon signed-rank test compare two samples, e.g. 

two subject groups, whether they differ and therefore answer a different ques-

tion than SumLog which detects significant voxels from one population. In 

addition, these methods would compute the ranks over the dimension of sub-

jects and not over the spatial dimension like SumLog, and are therefore more 

vulnerable to small number of subjects, i.e. small sample size.  

Rank-based methods have been also previously applied to neuroimaging da-

ta (e.g. De Maziére & Van Hulle, 2007; Rorden et al., 2007). However, the us-

age of Brunner-Munzel statistics (Brunner & Munzel, 2000) in brain imaging, 

for example in voxel-based morphometry (Rorden et al., 2007), has been criti-

cized because of proness to Type I errors when the sample size is small, say < 

10 (Medina et al., 2010). It is to be noted, however, that Bunner-Munzel 

statistics uses normal-distribution approximation that is accurate only with 

sample sizes above 10 whereas for SumLog we have exact Gamma distribution 

accurate for any size. 
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Analysis 

 A GLM analysis with the sinusoidal time course as regressor was performed 

with the simulated 2D data set to test the performance of order statistics and 

SumLog, and to compare them with the t-test and permutation test. Several 

parameters were varied: noise level, number of subjects, variation in activation 

location and strength, and amount of smoothing. For real fMRI data, a GLM-

based analysis was performed using SumLog, t-test, and permutation test. 

5.1.3 Results  

For most of the parameter combinations, the receiver operating characteristic 

(ROC) curve of SumLog was above the other methods, signifying that SumLog 

was superior and gave more true positives with the same false-positive rate. 

For false-discovery-rate (FDR) corrected thresholding, SumLog gave more or 

at least as many true positives as the other methods (Figure 5). The perfor-

mance of the t-test and permutation test declined significantly when there was 

small variation in the activation location. SumLog was over 6000 times faster 

to compute than the permutation test. 

 

 

Figure 5. The receiver operating characteristic (ROC) curves and number of true and false 
positives for SumLog, oStats (order statistics), t-test, and permutation test without and with 
scatter of the activation site for two different signal-to-noise ratios (SNRs). TP(R) = true 
positive (rate), FP(R) = false positive (rate). 

In GLM analysis of real fMRI data, SumLog found more widespread activa-

tion than the t-test and the permutation test in the somatosensory cortices 

(Figure 6). Importantly, activation of the right primary somatosensory cortex 

was revealed only by SumLog. 
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Figure 6. Voxels reaching statistical significance in the GLM analysis of real fMRI data for Sum-
Log (red), the t-test (blue), and the permutation test (green) and their overlaps. (From Pub-
lication I) 

5.1.4 Conclusions  

SumLog turned out to be less sensitive to noise and to variation in activation 

location and strength than the other tested methods. It worked well even with 

a low number of subjects (N = 10) and without spatial smoothing of the sig-

nals. It was also significantly faster than the permutation approach. For real 

fMRI data with relatively low number of subjects (N = 8), SumLog found more 

wide-spread activation than the t-test and permutation test in brain areas that 

were most likely task-related.  

5.2 MaxCorr removes physiological noise from group-fMRI data 
without any reference signals (Publication II) 

5.2.1 Motivation 

Many of the existing methods for removing physiological noise utilize physio-

logical reference signals that need to be recorded during the fMRI acquisition. 

These measurements might not always be available and the link from such 

reference signals to physiological artifacts in fMRI is unclear. Data-driven 

methods, such as CompCor, extract the physiological artifacts directly from the 

fMRI data. However, they often utilize stimulus regressors for optimal perfor-

mance, and therefore are not necessarily suitable for naturalistic stimuli (e.g. 

movies) where such regressors based on exact stimulus timing are not availa-

ble. For example, ComCor excludes voxels that correlate with the stimulus re-

gressor, thereby minimizing the risk of removing stimulus-related activity. In 

this study, we developed a novel correlation-based method called maxCorr 

that finds subject-specific signals from group-fMRI data. Such components are 

most often related to subject motion and physiological artifacts. Importantly, 

maxCorr does not utilize any reference signals or any information about the 

stimulus. Thus, no monitoring of the physiological parameters is required and 

maxCorr is also well suited for correcting fMRI data collected during natural-

istic stimulation when stimulus regressors are not available. 

SumLog t-test Permutation

SumLog+t-test SumLog+permutation t-test+permutation All

x=59 y=–30 z=113
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5.2.2 Methods 

MaxCorr 

The maxCorr method finds subject-specific signals that correlate maximally in 

one subject’s data but are not present in the other subjects’ data. The maximal-

ly correlating signals are found by employing PCA to normalized (zero-

centered, equal norm) data.  

 

Finding the subject-specific components 

The subject-specific maximally-correlating signals for one subject are found 

from the signal-subspace that is orthogonal to the maximally-correlating sig-

nals of the other subjects. The fMRI data from all the subjects, except the sub-

ject of interest, are merged together into one data set. The time-courses in this 

merged data set are zero-centered and normalized, resulting in a  matrix 

 where n is the number of time points and m is the total number of voxels 

throughout the pooled subjects. Then, PCA is applied to this data set to find 

the maximally correlating signals  in decreasing order of total correlation . 

Next, the  first components are selected to form a matrix  and are then 

projected away from the normalized and zero-centered data  of the subject 
of interest to obtain , where  is the pseudo-inverse of . 

Finally, the subject-specific maximally-correlating components are computed 

for the subject-of-interest from .  

To determine how many components to project away ( ), the expected value 

for the total correlation under the null hypothesis of uncorrelated sources is 

computed. That is, we find the expected value of  if all the correlations 

present are only due to randomness by numerically integrating 

 

   (19) 

 

where  is the probability obtained from the white-noise null-distribution 

for the given signal-vector size n. The expected value for  is  

summed over the whole set, possibly separately weighted per voxel if desired. 

The value of  is selected such that the (  )th eigenvalue (i.e. value in ) in 

the other subjects’ pooled data drops below the determined . Therefore, 

any signal outside this space of  components will correlate with the data of 

the other subjects only at the same or less overall strength as a random signal.  

 

Selecting artifact-related components 

The tests with the reference signals showed that the maxCorr components that 

correlated with the heart rate variability and respiration most often also corre-

lated with motion. Therefore, as a final step, only those components (out of a 

fixed selected value N, e.g. N = 10) that correlated with the motion derivatives 

were selected to avoid removal of actual brain activity. 

Since the movement parameters obtained from the realignment step are typ-

ically regressed away from the fMRI data, no direct correlations with the mo-

tion parameters are present. Therefore, maxCorr uses the derivatives (i.e. sig-

nal changes between time-points) of the motion parameters in the statistical 
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tests to find correlations with the derivatives of the subject-specific compo-

nents. The computations are made with time shifts of 0 and 1 samples to allow 

for a delay of one TR for the motion-induced artifacts to show up in the fMRI 

data. The threshold for the significant absolute correlation (i.e. two-tailed test) 

is obtained separately for each subject from the subjects' estimated data-

specific null-distributions for correlation values with p = 0.05 FDR-corrected 

for 2 x 6 x N tests (2 time offsets, 6 motion parameters, N components).  

The components that correlate significantly with the reference signals are se-

lected as subject-specific artifacts.  

Analysis 

We evaluated the performance of maxCorr using a simulated and two real 

fMRI data sets and compared it with the CompCor method. 

 

Simulated data 

For evaluation, we computed the canonical correlation analysis (CCA) 

(Kettering, 1971) between the original (single) signal and the set of found 

maxCorr components. The obtained value measures how well the original sim-

ulated signal correlates with the signal subspace produced by maxCorr com-

ponents, and thereby indicates e.g. how well the signal could be removed. This 

CCA between the original signal and the maxCorr components is hereby de-

noted as sub-space correlation (SSC). 

 

Movie data 

The found maxCorr and CompCor components were correlated with the refer-

ence signals and motion derivatives to observe any possible dependence on 

subject-specific noise sources. For cross-validation, the found subject-specific 

components were also correlated with the reference signals of the other sub-

jects. We also computed, for each subject, CCA between the stimulus regressor 

and the first five or ten components found by maxCorr and CompCor. 

 

Touch data 

We examined the effect of maxCorr/CompCor cleaning on the results of the 

GLM analysis. 

5.2.3 Results  

The SSC values were high for the subject-specific source (Figure 6), i.e. max-

Corr found the subject-specific components from simulated data. For the mov-

ie data, the maxCorr components showed significant correlation for motion 

derivatives, heart rate variability, and respiration and did not show high 

counts (above chance) in the cross-validation tests (Table 2). CompCor, in con-

trast, produced several components correlated with the pupil size and gave 

high counts in the cross-validation tests for pupil size and heart rate variabil-

ity. For the touch data, the average maximum correlation between the stimu-

lus regressor and the found components was 0.04/0.08 for maxCorr, 

0.006/0.009 for CompCor, and 0.30/0.48 for CompCor without the stimulus 
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regressor. CompCor had a greater effect on the GLM results than maxCorr, 

especially when ten components were removed (Figure 7). 

 

 

Figure 7. The subspace correlation (SSC) values for the simulated sources. (Taken from Publi-
cation II) 

Table 2. Results of the statistical tests with the reference signals. The columns show the results 
for maxCorr with fixed number (ten) of components and for CompCor with the first five and ten 
components. For each reference signal, the first row shows for how many subjects at least one 
component correlated with that reference signal. The second row shows how many components 
significantly correlated with the reference signals, on average for each subject. The third row 
shows the average number of components that correlated significantly with the reference sig-
nals of other subjects, and values exceeding the expected value by 3 standard deviations are 
marked with bold font. (Adapted from Publication II) 

maxCorr# CC+5 CC+10 

Motion derivatives: 

Subject count 19 19 19 

Avg. component count 3.9 3.8 7.5 

Avg. cross-val. count 0.65 1.50 1.75 

Pupil size: 

Subject count 0 11 15 

Avg. component count 0.0 1.2 2.7 

Avg. cross-val. count 0.00 47.1 97.1 

Heart rate variability: 

Subject count 9 12 12 

Avg. component count 0.7 1.3 2.2 

Avg. cross-val. count 0.00 16.9 34.3 

Respiration: 

Subject count 17 12 14 

Avg. component count 2.6 1.2 2.1 

Avg. cross-val. count 0.05 0.00 0.00 
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Figure 8. The reduction in variance, decrease in p-values, and increase in number of activated 
voxels for maxCorr and CompCor with (C+) and without (C–) the stimulus regressor. Signifi-
cant differences (p < 0.05) are marked with an asterisk (*). (Modified from Publication II) 

5.2.4 Conclusions  

MaxCorr was able to extract subject-specific components both from simulated 

and real fMRI data. The maxCorr components extracted from real fMRI data 

were related to physiological noise. When information about the stimulus was 

not given, CompCor removed stimulus-related activity whereas maxCorr did 

not.  
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5.3 ICA reveals functional subdivision of cortical networks during 
movie viewing (Publication III) 

5.3.1 Motivation 

Independent component analysis can unravel functional brain networks from 

fMRI data. The number of estimated components affects both the spatial pat-

terns of the identified networks and their time-course estimates. We applied 

group-ICA at four dimensionalities (10, 20, 40, and 58 components) to fMRI 

data collected during movie viewing and examined the subdivision of the dor-

sal attention network, the default-mode network (DMN), and the sensorimotor 

network (Raichle, 2010). We hypothesized that the most prominent networks 

would already be revealed at very low dimensionalities, and that these net-

works would split into smaller subnetworks when the number of components 

increased. Previous studies (Smith et al., 2009; Abou-Elseoud et al., 2010) 

used similar approaches on large fMRI databases. However, our special inter-

est was to study the functional division of the networks during movie viewing, 

a paradigm that closely resembles every-day life conditions. 

5.3.2 Methods  

Twenty-two healthy adults viewed a silent black-and-white film during fMRI 

scanning. ICA was performed with the GIFT software at four different dimen-

sionalities: 10, 20, 40, and 58 components with the FastICA algorithm. 

5.3.3 Results  

The lowest dimensionality (10 components) demonstrated the most prominent 

activity within the dorsal attention network, combined with the visual areas, 

and in the default-mode network. At this low dimensionality, the components 

also included brain areas that are not typically considered to belong to these 

networks. The sensorimotor network only appeared with ICA comprising at 

least 20 components.  

Figure 8 shows how the networks are split into subnetworks with 20, 40, and 

58 components. The division was functionally feasible: there was splitting in 

the superior-inferior plane as well as left-right lateralization. Also, some func-

tional areas formed distinct subnetworks. For example, the default mode net-

work was comprised of one component at the ICA dimensionality of 20 com-

ponents, and the network split into one anterior and one posterior component 

when the dimensionality was increased to 40 components. With 58 compo-

nents, the network split further into five components, from which one covered 

the PCC/precuneus, two components covered the medial prefrontal cortex, 

and one covered bilaterally the inferior parietal cortex. All these areas are 

main nodes of the DMN (Beckmann et al., 2005; Damoiseaux et al., 2006; 

Long et al., 2008). 
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Figure 9. The dorsal attention, sensorimotor, and default mode network and their division into 
subnetworks with increasing number of estimated components. 

5.3.4 Conclusions  

The results suggest that even very low-dimensional ICA can unravel the most 

prominent functionally connected brain networks. The major networks were 

fragmented into functionally feasible components when the number of esti-

mated ICs was increased, giving more detailed information about the func-

tionally specific subnetworks. The division of the networks into smaller sub-

networks indicated that the activity in different parts of the networks was 

highly similar but still different. These results improve our understanding of 

the hierarchical subdivision of brain networks during movie viewing, a contin-

uous stimulation embedded in an attention-directing narrative.  
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ICA58

Dorsal attention Sensorimotor Default mode





6. General discussion 

In this thesis, methodological aspects of fMRI data analysis were considered 

and two new methods for group-fMRI analysis were developed. First, a novel 

nonparametric approach, SumLog, was introduced as a complementary meth-

od for the t-test traditionally used in GLM-analysis. To further improve the 

power of statistical analysis of fMRI data, a new method for removing physio-

logical noise from group-fMRI data, maxCorr, was introduced. The maxCorr 

method seems especially well suited for cleaning data collected during natural-

istic conditions. Naturalistic stimulation was applied in the final study of the 

thesis to investigate the functional subdivision of brain networks during movie 

viewing using the data-driven ICA method.  

This thesis thus contributes to more reliable and thorough statistical analysis 

of group fMRI data, both for traditional and more naturalistic setups.  

6.1 Methodological considerations 

6.1.1 What is task-related activation? 

Employing statistical tests to the data reveals stimulus-related brain activity. 

Voxels reaching statistical significance are labeled as activated. However, alt-

hough statistical significance is a key factor in interpreting the data, it is also 

important to take the effect size into account. Increasing the number of sub-

jects also increases the statistical power, and thus with a large number of sub-

jects, even weak stimulus-related coherent activation across subjects can be-

come significant. Thus, the effect size should always be taken into account 

when analyzing the data, for example, by employing stricter thresholding that 

does not only rely on statistical significance but also on a feasible effect size. 

On the other hand, the regressor used in the GLM analysis is an idealized 

model of the induced brain activity, and thus is never perfectly correlated with 

the actual brain activity triggered by the stimulus. Therefore, it is difficult, if 

not impossible, to determine what degree of correlation reflects true stimulus-

related activity. 

 The new nonparametric SumLog method, presented in Publication I, 

showed significant stimulus-related activation even when a random time 

course, only minimally correlated with the true activation time course, was 

used a regressor in the GLM analysis. Importantly, SumLog showed activation 

even with a low number of subjects (<20), whereas the t-test and permutation 
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test showed activation only with a larger number of subjects (over 20). Thus, 

SumLog is a very sensitive method that reveals even weak correlations with a 

smaller effect size than the other methods. The kind of weak correlations re-

vealed by SumLog could be stimulus-related activity, possibly slightly varied 

across subjects and buried in noise and other activity, or then something that 

is not related to the stimulus but is still coherently dependent across subjects.  

Since no information about the stimulus is given to the maxCorr method 

presented in Publication II, one concern is whether some stimulus-related 

activity is removed along with the physiological noise. However, our CCA anal-

ysis between the found maxCorr components and the stimulus regressor 

showed that no stimulus-related activity was included in the maxCorr compo-

nents. However, it is impossible to determine with absolute certainty whether 

removing the maxCorr components also removes non-artifactual subject-

specific brain activity. Nonetheless, in group analysis, only common activity 

across subjects is of interest, not the individual fluctuations. Thus, maxCorr 

cleaning increases the validity of group analysis without biasing the results at 

the group level. 

In the study of functional subdivision of brain networks during movie view-

ing (Publication III), ICA was used to separate the networks. Thus, the subdi-

vision of a network into smaller units is due to slightly different time courses 

in the subnetworks. Therefore, one interesting question is whether the division 

of the networks could be explained by differential processing of the features of 

the movie. Dependencies between stimuli and IC time courses could be detect-

ed using CCA, for example, as suggested by Ylipaavalniemi et al. (2009). Since 

similar networks can be robustly identified in a resting brain, linking film fea-

tures to these networks could reveal how the networks are influenced by the 

stimulus. There is indeed evidence that the network dynamics are affected by 

external stimuli. O’Neill et al. (2015) studied the sensorimotor network using 

MEG and found that the network can be decomposed into several rapidly 

changing subnetworks which are recruited depending on the current mental 

state. They showed that these subnetworks are a transient feature of the rest-

ing state, and that performing a task affects the likelihood that a particular 

subnetwork will be reqruited.  

6.1.2 Complementary usage of different methods 

Even the distribution-free nonparametric methods have their own limitations, 

such as the high computational cost of the permutation test. Also, if the under-

lying data are normally distributed, the parametric methods can be more effec-

tive than the nonparametric approaches. In this thesis, SumLog, a computa-

tionally efficient nonparametric method was presented. However, SumLog has 

its own quirks, such as a very high sensitivity. SumLog found activations even 

in a data set in which the data of seven out of ten subjects were scrambled. In 

other words, SumLog indicated statistically significant activation even though 

the effect was present only in three subjects. At the other extreme, the t-test 

was much more vulnerable to such lack of signal, not showing significant acti-

vation even if the effect was actually present in eight out of ten subjects. This 
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kind of bad-quality or non-overlapping data could emerge e.g. due to artifacts, 

excessive subject movement, hardware failure, co-registration errors, or differ-

ences in individual activation patterns. Thus, the best approach would be to 

use these different but complementary methods together, each with their own 

strengths and weaknesses, and then analyze the results carefully. 

The maxCorr method cannot remove all artifacts from the data. Since it 

searches for subject-specific components only, artifacts common to all subjects 

such as linear drifts, will be ignored. However, maxCorr can easily be used 

together with other artifact-finding tools that would better catch artifacts pre-

sent in all subjects’ data. Again, complementary usage of different artifact-

removal approaches enables the most effective reduction of noise in the data. 

Complementary usage of different analysis methods would also be beneficial 

when correlating the found subnetworks in Publication III to events in the 

movie. One approach to identify the stimulus-related components would be to 

sort the found ICA components according to the inter-subject-correlation map, 

as suggested by Malinen et al. (2007). It would also be interesting to collect 

ratings of different movie features—for example, the number of faces, de-

gree/type of social interaction, biological motion, or valence and arousal 

(Lahnakoski et al., 2012a; Lahnakoski et al., 2012b; Nummenmaa et al., 2012) 

—to help unravel the effect of movies on various brain networks. 

6.1.3 Selection of appropriate analysis methods 

To obtain reliable results, the analysis method always has to be chosen accord-

ing to the data. For example, the GLM approach is not always optimal for ana-

lyzing data collected during naturalistic stimulation. Instead, data-driven ap-

proaches are often more suitable for analysis of this kind of data. Also, several 

methods for removing physiological noise can be used only when reference 

signals have been recorded or the TR is short enough (400 ms or less). Like-

wise, the new methods presented in this thesis cannot be applied to all kinds of 

data. Importantly, both SumLog and maxCorr require group data, and they 

cannot be used in single-subject analysis. In addition, maxCorr can only be 

used if all subjects have received exactly the same stimulus. Also, if the order 

of the experimental conditions is not the same for all subjects, maxCorr cannot 

be applied to the whole group. However, if the stimulus presentation order is 

identical for subsets of subjects, maxCorr could be applied separately in each 

subset. SumLog does not require an identical stimulus presentation order for 

all subjects, but it is not suitable for comparing two groups of subjects. How-

ever, if one wants to do pairwise comparison, for example when examining the 

effect of treatment, it is possible to compute the difference between these two 

measurements and apply SumLog to the difference images. This procedure 

would correspond to the parametric paired t-test. In addition, SumLog is not 

optimal for analyzing small regions of interest but excels in whole-brain analy-

sis.  
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6.2 Future perspectives 

Nonparametric approaches have been increasingly used in statistical analysis 

of fMRI data (e.g. Kauppi et al., 2010; Lahnakoski et al., 2012a; Kauttonen et 

al., 2015). This thesis contributes to the development of nonparamateric ap-

proaches for fMRI analysis by introducing a computationally efficient nonpar-

ametric approach, SumLog, for statistical analysis of group-fMRI data. Since 

the widely used parametric t-test relies on assumptions that might not hold, 

nonparametric analyses are an important alternative to the traditional para-

metric t-test. Hopefully, the popularity of nonparametric approaches will in-

crease in the future and the neuroscience community will welcome SumLog as 

an alternative nonparametric analysis method. 

Utilizing more natural-like stimulus setups has become popular in contem-

porary fMRI research (e.g. Bartels & Zeki, 2004; Hasson et al., 2004; Golland 

et al., 2007; Malinen et al., 2007; Jääskeläinen et al., 2008; Lahnakoski et al., 

2012a; Nummenmaa et al., 2012; Kätsyri et al., 2013). Although many new 

insights into human brain function in everyday situations have already been 

gained, much still remains to be understood. In this thesis, the hierarchical 

division of brain networks into smaller parts during movie viewing was exam-

ined. Although several studies have focused on the functional subdivision of 

brain networks, to our knowledge, the results presented in this thesis are the 

first to examine this using naturalistic stimulation. Cinema provides continu-

ous stimulation embedded in an attention-directing narrative, and thus the 

division of brain networks could be affected by this rich stimulus. Future re-

search could further study the functional subdivision of different brain net-

works, also extending to other networks than those examined in this thesis, in 

more detail e.g. by using a denser distribution of ICA dimensionalities and 

relating the discovered networks to events in the movie. Dynamic approaches, 

such as the one proposed by O’Neill et al. (2015), could work well in trying to 

understand the relationship between different subnetworks and film features.  

Removal of the physiological noise present in the fMRI data improves the va-

lidity of statistical analysis. Since collecting the physiological parameters dur-

ing fMRI acquisition is laborious and the quality of these signals can easily be 

degraded, data-driven approaches extracting the physiological noise directly 

from the data are desirable. For naturalistic experiments, methods that require 

no reference signals or information about the stimulus are the most suitable. 

In this thesis, maxCorr, a novel method for this purpose, was introduced. In 

future research, maxCorr should be applied to several naturalistic data sets 

and the effect of cleaning should be assessed. In this thesis, maxCorr was com-

pared with CompCor, since both methods are based on PCA and thus closely 

related. In future research, however, maxCorr could also be compared with the 

data-driven ICA-based artifact removal methods. Naturally, the problem with 

real data is always that the ground truth remains unknown. 

FMRI research evolves all the time, and the diversity of different setups, 

stimuli, and research questions brings a need for new analysis approaches. The 

methods and approaches presented in this thesis increase the understanding 
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of human brain function in naturalistic situations and provide new tools for 

more reliable and efficient analysis of fMRI data. 
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