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I had the main responsibility for writing the manuscript with contribution from 
my co-authors. 
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1. Introduction 

The central goal of human neuroscience is to understand how we with our brains 
make sense of the complex world around us, and how we perceive and interact 
with our environment and other people. Modern neuroimaging methods pro-
vide a useful way to explore these questions non-invasively with high temporal 
and spatial accuracy.  

Because of the complexity of both the brain function and our environ-
ment, experimental settings in neuroscientific studies are typically simplified 
and well-controlled versions of the real-world events and tasks, e.g. viewing sep-
arate images or listening isolated words or sentences instead of, for example, 
following a continuous discussion. Although such simplified experiments have 
been useful for mapping the brain and pinpointing specific brain processes, it is 
evident that such stimuli are not representative of the real world we encounter 
in our everyday life.  

Over the past 10 years, a growing trend in neuroscience has been to use 
naturalistic stimuli, such as movies and audio stories that mimick the real 
world. Spatially accurate functional magnetic resonance imaging (fMRI) that 
measures hemodynamic brain activity has been already used in such naturalistic 
experimental settings. However, fMRI suffers from the intrinsic sluggishness of 
the hemodynamic response, which limits fMRI’s temporal accuracy. In contrast, 
electrophysiological methods, such as electroencephalography (EEG) and mag-
netoencephalography (MEG), measure directly the activity of neural cell popu-
lations with millisecond temporal accuracy, thus enabling studying dynamics of 
cortical brain activity in high temporal detail. However, MEG, which is the main 
method in this Thesis, has been used in naturalistic studies only rarely. One rea-
son for this is the complex nature of MEG signals compared with fMRI and the 
difficulty of detecting the signals of interest amidst of other signals, which 
makes the data-analysis and interpretation challenging. Notably, typically used 
analysis methods for MEG, such as averaging evoked and event-related re-
sponses or studying induced rhythmic activity, are suboptimal in studying 
highly complex data arising in naturalistic experiments.  

The aim of the studies in this Thesis was to find and develop new ap-
proaches to analyze MEG data recorded in naturalistic experimental settings, to 
increase the understanding of temporally varying brain processes in ecologically 
valid situations, and thus advance the future use of MEG in naturalistic experi-
ments. In all the studies, a silent movie was used to mimic a naturalistic visual 
environment.  Publication 1 introduced an analysis approach, based on spatial 
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filtering and multi-set canonical correlation analysis (MCCA), to find con-
sistency in MEG signal time courses across the viewers of a 15-min movie. In 
Publication 2, the same approach was used to study moment-to-moment varia-
tion in single-trial somatosensory evoked responses during movie viewing to ex-
plore how the current movie content modulates these responses and thereby the 
function of a specified brain region. Finally, Publication 3 compared MEG and 
fMRI signals collected from the same viewers and demonstrated similarities be-
tween electromagnetic and hemodynamic brain dynamics during movie view-
ing.    



 

2. Background 

2.1 Functional brain imaging 

Modern brain imaging methods provide useful tools to study the human brain 
non-invasively outside the skull. The widely used magnetic resonance imaging 
(MRI) can be used to image brain structure, while functional magnetic reso-
nance imaging (fMRI) measures hemodynamic brain activity (for an overview, 
see e.g. Huettel et al., 2004). Metabolic processes of the brain can be studied 
using positron emission tomography (PET), which utilizes radioactive tracers 
injected to the circulation (Zimmer & Luxe, 2012). Magnetoencephalography 
(MEG) and electroencephalography (EEG) allow detection of electromagnetic 
fields and electric potentials evoked by neural cell populations (Hari & Puce, 
2017).  

Among these methods, structural MRI can have sub-millimeter spatial 
resolution, while the resolution of fMRI is typically a couple of millimeters de-
pending on e.g. the magnetic field strength, imaging time, and other imaging 
parameters. The spatial resolution of PET depends on e.g. the detector element 
size and the used isotope, and it can also reach a couple of millimeters, whereas 
MEG and EEG often fall slightly behind fMRI and PET. However, depending on 
brain region and experimental design, it is possible to separate functional brain 
regions (e.g. representation areas of different fingers on primary sensory cortex) 
within millimeter range also with MEG. MEG and EEG have superior millisec-
ond-range temporal resolution, while fMRI can detect brain activity with tem-
poral accuracy down to half a second (with optimized design), and PET from 
seconds to minutes. Although MEG and EEG have similar temporal resolution, 
the slightly higher spatial resolution of MEG (reaching millimeter range under 
favorable circumstances) provides an advantage over EEG. MEG and EEG suit 
best for detecting cortical brain activity, whereas fMRI and PET, as well as EEG 
in some cases, can be used to study also subcortical structures.  

All imaging methods have their own strengths and weaknesses, and the 
best approach depends on the research question. In the first two publications in 
this Thesis MEG was used, and in Publication 3 both MEG and fMRI were rec-
orded.  

1
 

3
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2.1.1 Magnetoencephalography (MEG) 

Magnetoencephalography picks up magnetic fields arising from synchronous 
activity of nerve-cell populations in the brain. MEG signals are recorded non-
invasively outside the head with a sensor array placed close to the scalp. The 
following short overview of MEG is largely based on Hämäläinen et al. (1993), 
Baillet et al. (2001), Hansen et al. (2010), and Hari & Puce (2017).  

The first MEG signals were recorded already 50 years ago (Cohen, 1968) 
using a single induction coil. Modern MEG devices have whole-scalp coverage 
(first by Ahonen et al., 1993) comprising even more than 300 sensors arranged 
usually in a helmet shape.  High sensitivity for recording very small magnetic 
fields in the brain is achieved by using SQUID (superconducting quantum in-
terference device) sensors (Zimmerman et al., 1970). The SQUIDs are con-
nected to larger pick-up coils closer to the brain and a signal coil on top of the 
SQUID, to enhance the coupling of the brain’s magnetic fields to very small-
diameter SQUIDs. The shape of the pick-up coil determines the spatial sensitiv-
ity pattern to the magnetic fields. A magnetometer consists of a simple loop that 
measures the magnetic field component along the direction perpendicular to the 
loop. Gradiometers measure the spatial derivative of the magnetic field. A pla-
nar gradiometer has two oppositely-wound loops in the same plane, and in an 
axial gradiometer the loops are on the same axis. Planar gradiometers are the 
most sensitive to sources directly beneath them, whereas the maximum signal 
from magnetometers and axial gradiometers originate from sources around the 
coils.  

To obtain the superconductivity needed for operation of SQUIDs, the sen-
sors are immersed in liquid helium inside an insulated dewar at the temperature 
of 4K (−269 °C). To reduce external interference, caused e.g. by traffic, power 
lines or electric devices, the MEG system needs to be located inside a magneti-
cally shielded room, usually made from several layers of aluminum and mu-
metal.  

The MEG signals originate mostly from postsynaptic currents in the py-
ramidal neurons of the cerebral cortex. Synchronous activity of tens of thou-
sands nearby neurons is needed to generate a large enough magnetic field to be 
detected with MEG. Parallel orientation of the apical denrites of the pyramidal 
neurons in the cortex enables spatial summation of the electromagnetic fields 
arising from nearby neurons. In addition, temporal summation of the fields 
from nearby neurons is possible, because the characteristic time course of the 
postsynaptic currents is on the order of ten milliseconds. However, even after 
spatial and temporal summation, the magnetic fields remain on the order of 
tens or hundreds of femtoteslas (  T), which is very weak compared e.g. with 
the magnetic field of the Earth that is on the order of tens or hundreds of 
mikroteslas ( T). 

The detection of electromagnetic fields outside of a volume conductor de-
pends on the conductor shape. In a perfectly spherical conductor, magnetic 
fields arising from radially oriented source currents cannot be seen outside the 
sphere. Although the human head is not a perfect sphere, MEG’s sensitivity for 
detecting tangential currents is considerably better than for radial currents. In 
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cortical pyramidal neurons, the direction of net primary current flow is perpen-
dicular to the cortical surface, and thus activations in walls of sulci are picked 
up better than those in the gyri. Moreover, in a spherical-like head shape, the 
conductivity differences in tissues between the brain and the sensors do not sig-
nificantly distort the magnetic field. Thus, MEG has an advantage in spatial res-
olution over EEG, where the electric potentials on the scalp are dampened and 
smeared by tissue conductivities that can vary approximately by a factor of 50 
in the head. However, activity of deep sources can be typically detected better 
with EEG than MEG, although e.g. brainstem responses can be picked up also 
with MEG when an optimized experimental design is used (e.g. Parkkonen et 
al., 2009).  

The magnetic field outside the head, generated by a known primary cur-
rent distribution in the brain, can be calculated by solving a forward problem. If 
the primary current distribution, head geometry and conductivities of different 
layers in the volume are known, the magnetic fields can be calculated from Max-
well’s equations (Hämäläinen et al., 1993). Since the neural currents vary slowly 
(at frequencies below 1kHz) in a small volume, the time-dependent terms in 
Maxwell’s equations can be neglected and the quasistaic approximation can be 
applied.  

Estimation of brain activity from sensor signals is an ill-posed inverse 
problem that does not have a unique solution, meaning that numerous different 
current distributions in the brain could, in principle, produce similar magnetic 
fields. However, with certain assumptions about the underlying sources, the so-
lution can be constrained (for reviews, see e.g. Hämäläinen et al., 1993; Baillet 
et al., 2001).  

In the simplest solution to the inverse problem, the primary source cur-
rent is modeled with a single point-like equivalent current dipole (ECD) (Hämä-
läinen et al., 1993). The ECD location, orientation and amplitude can be esti-
mated from the sensor-level field pattern by a non-linear least-squares search 
(first applied by Tuomisto et al., 1983). ECD is usually a good approximation for 
focal neural activity, such as, for example, sources of evoked fields in the pri-
mary sensory areas activated by simple stimuli. If a single current dipole model 
is not adequate to explain the data, a step further is to use multidipole modeling, 
where multiple ECDs can be fitted simultaneously or at different time points 
(Hämäläinen & Hari, 2002).  

Inverse solutions can also be obtained using methods, which make no as-
sumption of the number of active sources, only assuming that the sources are 
distributed within a volume or a surface. Typically, the source space, usually the 
cortical surface, is divided into a grid consisting of a large number of dipoles, 
and their strengths are obtained by fitting to the measured data and applying 
different constraints. Various estimation methods are available to find the most 
plausible solution. In one of the most common approaches, minimum-norm es-
timation, the solution to the inverse problem is the source configuration ex-
plaining the data best while minimizing the L2 (minimum-norm estimate 
(MNE); Hämäläinen & Ilmoniemi, 1994) or L1 (minimum-current estimate 
(MCE); Matsuura & Okabe, 1995; Uutela et al., 1999) norm. MNE typically gives 
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blurred source estimates even when the source would be point-like, whereas 
MCEs are more focused (Hämäläinen & Hari, 2002).  

Another common group of source localization methods is beamformers 
(Van Veen et al., 1997) that are based on spatial filtering either in time (Robin-
son & Vrba, 1999) or frequency domain (Gross et al., 2001; Kujala et al., 2008). 
The spatial filters are optimized to pass activity from a certain spatial location, 
while suppressing activity and noise originating from other locations, using a 
weighted sum of the sensor signals. Like distributed models (MNE and MCE), 
beamforming does not require a priori assumptions about the number of active 
sources. A theoretical limitation of beamformers is that highly correlated 
sources cannot be identified, and beamformers also easily produce ghost 
sources (Van Veen et al., 1997).  

In this Thesis, MNE was used to estimate the source-level activity, because 
the number of active sources was unknown and MNE is useful as a linear 
method. Moreover, MNE needs minimal prior information and assumptions of 
the sources, which was useful because the characteristics of MEG activity in re-
sponse to a complex naturalistic stimulus were still unknown.  

2.1.2 Functional magnetic resonance imaging (fMRI) 

Functional magnetic resonance imaging measures brain activity indirectly via 
hemodynamics.  The following short overview is largely based on the textbook 
of Huettel et al. (2004). 

Magnetic resonance imaging (MRI) is based on nuclear magnetic reso-
nance (NMR). Typically, hydrogen nuclei, i.e. single protons, of the water mol-
ecules are the source of signal in MRI. A fundamental property of a proton is 
that it possesses a spin. Normally, the spins of the protons are oriented ran-
domly, but when exposed to a strong uniform magnetic field in the MRI scanner, 
they align either parallel or antiparallel to the external magnetic field.  Slightly 
more spins align parallel than antiparallel to the field, creating a net magnetiza-
tion vector along the external magnetic field.  

The spinning protons precess about the axis of the external magnetic field 
at a characteristic frequency, called Larmor frequency, which depends on the 
strength of the external field and the gyromagnetic ratio of the protons. To cre-
ate the magnetic resonance signal, properly designed radio-frequency (RF) 
pulses are applied to the body at Larmor frequency (127.74 MHz at 3 T). These 
pulses flip the net magnetization vector to an angle with respect to the external 
field. After the RF pulse, the spins return to the original direction and simulta-
neously emit a signal that can be detected. Typically, two time-constants are 
used to describe this process. describes the recovery of the longitudinal net 
magnetization, whereas is related to the decay of the tranverse net magneti-
zation.  

For spatial encoding of the signals in three orthogonal directions, addi-
tional gradient fields are applied so that the Larmor frequencies of protons vary 
in a systematic and well-known manner in different parts of the body. Separate 
slices can be selected by using an RF pulse with narrow bandwidth to selectively 
excite nuclei only in a certain part of the body.   
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Functional magnetic resonance imaging allows to study brain function in-
stead of brain structure. Typically used technique in fMRI is the blood-oxygen-
level-dependent (BOLD) contrast, discovered by Ogawa et al. (1990). BOLD 
fMRI is based on different magnetic properties of oxygenated and deoxygenated 
blood. More specifically, oxygenated hemoglobin is diamagnetic and deoxygen-
ated blood is paramagnetic. During increased neuronal activity in a certain 
brain area, the consumption of oxygen increases, and more hemoglobin be-
comes deoxygenated.  However, at the same time, oxygenated blood flow in-
creases more than the consumption of oxygen, decreasing the relative concen-
tration of deoxygenated hemoglobin. These changes can be seen as a stronger 
NMR signal and increased time constant  describing the transverse relaxation 
time including the effects of inhomogeneities in the local magnetic field.  

Thus, the BOLD signal reflects local changes in the concentration of deox-
ygenated hemoglobin and gives an indirect measure of brain activity. A typical 
hemodynamic response (HDR) to a short stimulus begins with a delay of a cou-
ple of seconds, peaks at 5–6 s and returns back to the baseline 15–20 s after the 
stimulus offset. In data analysis, the hemodynamic response is often modeled 
as a canonical hemodynamic response function (HRF). However, the actual 
shape of the HRF can vary in different brain areas and individuals (Aguirre et 
al., 1998; Handwerker et al., 2004). It can also change with age (D’Esposito et 
al., 1999; Richter & Richter, 2003), and it also depends on the stimulus type. 
However, for most studies of healthy subjects, the standard hemodynamic re-
sponse function is sufficient.  

2.1.3 The relationship between MEG and BOLD signals 

Because the properties and origins of MEG and fMRI signal differ, a combined 
use of both methods could provide complementary views to brain function. 
However, the exact relationship between electromagnetic and hemodynamic 
brain activity is complicated, and thus combining these two imaging methods is 
not straightforward.  

Previous animal and human studies have demonstrated that the BOLD 
signal correlates positively with the signal power of high-frequency (c.a. > 30 
Hz) and negatively with that of the low-frequency (c.a. < 20 Hz) local field po-
tentials (LFPs) measured invasively from visual (Logothetis et al., 2001) and 
auditory (Mukamel et al., 2005; Nir et al., 2007) cortices. The relationship be-
tween the BOLD signal and the non-invasively measured MEG and EEG signals 
has been studied extensively over the past 15 years (for MEG–fMRI studies, see 
for a review e.g. Hall et al., 2014). These studies have demonstrated correlation 
between the BOLD signal and task-induced changes in the oscillatory power of 
different MEG frequency bands, as well as between BOLD responses and MEG 
evoked responses. In general, MEG and BOLD signals seem to have a relatively 
good spatial agreement in sensory projection areas (e.g. Moradi et al., 2003; 
Brookes et al., 2005; Nangini et al., 2009; Stevenson et al., 2011) whereas MEG 
and fMRI spatial patterns often differ during more complex cognitive tasks (e.g. 
Furey et al., 2006; Liljeström et al., 2009; Vartiainen et al., 2011). Moreover, 
the temporal correlation between oscillatory MEG activity and BOLD signal can 
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depend on the brain region and frequency band (Kujala et al., 2014). Another 
factor contributing to the differences in spatial patterns of MEG and fMRI could 
be that fMRI likely receives the main contribution from neuronal ensembles 
connected via slow and thin fibres, whereas M/EEG weights the fast-conducting 
pathways (Hari & Parkkonen, 2015). 

Recently, electrophysiological and hemodynamic activity has been com-
pared also during more naturalistic experimental settings. Whittingstall et al. 
(2010) demonstrated that the mean source-level EEG activity (0.5–45 Hz) in 
primary visual area V1 was associated with BOLD signal with a ~5-s time differ-
ence between EEG and BOLD signals. They used 2-min movie clips as stimuli 
that were repeated 25 times. Moreover, the level of intersubject correlation of 
EEG signals during viewing of 30-s video clips has been found to covary with 
BOLD activity in higher-order brain areas, such as parietal, temporal and pre-
frontal brain regions (Dmochowski et al., 2014). Functional connectivity 
changes in MEG and fMRI were also compared during viewing of movies and 
rest (Betti et al., 2013). The topography of fMRI connectivity and changes in-
duced by the movie was found to match well with MEG.  

In this Thesis, Publication 3 presents a systematic comparison between 
MEG and fMRI responses to a 15-min movie.  

2.2 Naturalistic stimuli in brain imaging 

 
Functional brain imaging has contributed significantly to our understanding of 
the human brain function over the last decades. For example, we learn continu-
ously more about how different brain areas are organized and functionally spe-
cialized, in which order they are activated, and how they interact and connect 
with each other. Brain imaging studies have relied for long on carefully con-
trolled experimental designs and simplified stimuli in probing brain function. 
The advantage of using well-defined and simple stimuli, such as checkerboard 
images or beep sounds, is that the stimulus properties are well-known and can 
be varied in a controlled manner. These kinds of experiments have been im-
portant in studying specific brain areas or brain processes, especially in sensory 
systems. However, our everyday life is complex; the events and stimuli around 
us are continuous, overlap with each other and unfold with different time scales 
ranging from milliseconds for low-level perception to minutes, hours or years 
for social interaction (Hari et al., 2010). Moreover, our ongoing brain processes 
interact with the sensory input, as we are continuously in contact with our en-
vironment and other people. Thus, it is obvious that very simplified experi-
mental settings cannot capture the complexity of our brain function, and it is 
unclear how the findings from well-controlled experiments generalize to the real 
world. For example, it has been shown that neural responses to complex stimuli, 
such as natural images, cannot be well predicted from the responses to artificial 
stimuli such as sinusoidal gratings (see e.g. Felsen et al., 2005), and that rich 
naturalistic stimuli engage brain areas more widely than simplistic stimuli (Bar-
tels & Zeki, 2004a). There is also evidence that the human brain responds more 
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reliably to complex natural stimuli than to conventionally used simplified stim-
uli (e.g. Touryan et. al., 2005; Yao et al., 2007). Thus, naturalistic studies can 
reveal phenomena that the very simplified or controlled experiments cannot.  

The use of naturalistic stimuli and experimental settings is slowly increas-
ing in the human neuroimaging community (Spiers & Maguire, 2007; Hasson 
& Honey, 2012). The pioneering fMRI studies by Hasson et al. (2004) and Bar-
tels & Zeki (2004a, 2004b) demonstrated that it is possible to associate brain 
activity reliably with complex naturalistic stimuli, i.e. movies, which was previ-
ously thought to be too difficult. In addition to experimental setups where the 
subjects are viewing movies, later studies have also let the subjects to listen au-
dio narratives (e.g., Malinen et al., 2007; Wilson et al., 2007; Lerner et al., 2011; 
Brennan et al., 2012; Boldt et al., 2013; Nummenmaa et al., 2014b; Koskinen & 
Seppä, 2014), play video games (Kätsyri et al., 2013), listen to free-running ver-
bal narratives (Stephens et a., 2010), or participating in a free conversation 
(Mandel et al., 2016) to mimic the real world in a brain imaging laboratory.  

2.2.1 Hemodynamic brain activity during movie viewing 

Using movies in neuroimaging experiments has provided new insights into hu-
man brain function. The work by Hasson et al. (2004) showed that hemody-
namic activity, not only in primary and secondary visual and auditory areas but 
also in association cortices, is synchronized across subjects during viewing the 
same movie. Later studies have further demonstrated high synchronization of 
fMRI activity between the viewers in certain brain areas, and uncovered con-
sistently behaving voxel groups across viewers (e.g. Bartels & Zeki, 2004a, 
2004b, 2005; Golland et al., 2007; Malinen et al., 2007; Hasson et al., 2008a, 
2008b, Jääskeläinen et al., 2008; Hanson et al., 2009; Hasson et al., 2010; Ma-
linen & Hari, 2011; Lahnakoski et al., 2012a; Nummenmaa et al., 2012; Pamilo 
et al., 2012) during movie viewing. It has also been shown that emotion-con-
taining video clips enhance intersubject synchronization (Nummenmaa et al., 
2012). Moreover, it has been shown that a well-directed movie induced stronger 
intersubject synchrony than unstructured video clips from a street view (Hasson 
et al., 2008a) or home-made video clips of a speaking actor (Malinen & Hari, 
2011), likely due to a better control over the viewer’s attention.  

The recorded brain activity has also been linked to various movie features. 
Hasson et al. (2004) associated the peaks in hemodynamic activation in specific 
brain regions with certain events in the movie, e.g. the appearance of faces to 
activation of the fusiform gyrus and the appearance of buildings to activation of 
the collateral sulcus. The fMRI time courses in specific brain regions correlate 
statistically significantly to a variety of specific feature time courses in the 
movie, e.g. motion, contrast, color, language, or appearance of objects and body 
parts (Bartels & Zeki, 2004b; Bartels et al., 2008; Lahnakoski et al., 2012a; 
Lahnakoski et al., 2012b; Kauttonen et al., 2014; Salmi et al., 2014). Further-
more, an attempt has been made to recontruct the viewed videos from the rec-
orded BOLD signals by learning an encoding model between the movie features 
and hemodynamic brain activity (Nishimoto et al., 2011).  
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In addition to increasing our understading of perception of naturalistic 
visual scenes, movies have been used in studies of e.g. mental simulation of mo-
tor actions (Nummenmaa et al., 2014a), contagion of emotions (Nummenmaa 
et al., 2012), theory of mind (Wolf et al., 2010), perspective taking (Lahnakoski 
et al., 2014), memory encoding (Hasson et al, 2008c), and shared memories 
(Chen et al., 2017). Finally, movies have been shown to be useful in studying 
differences in the brain activity between healthy subjects and clinical popula-
tions, such as in autism (Hasson et al., 2010; Salmi et al., 2013; Glerean et al., 
2016), in low-conscious state (Naci et al., 2012), in depression (Guo et al., 2015), 
and in psychosis (Rikandi et al., 2017). 

2.2.2 Electromagnetic brain activity during movie viewing 

Direct electromagnetic signals of neural cell populations can be measured inva-
sively with electrocorticography (ECoG) and non-invasively with MEG and 
EEG.  

ECoG recordings during movie viewing have demonstrated high within-
subject correlation both in higher-order visual areas (Privman et a., 2007) as 
well as with wider coverage of the cortex (Meshulam et al., 2013). The brain re-
sponded highly selectively to specific features in the movie, such as faces, 
houses, actions and movements, at certain electrodes. Honey and colleagues 
(2012) showed also that fluctuations of gamma-band oscillations tracked lower-
level properties of short or scrambled movie segments, whereas in higher-order 
regions the fluctuations were more reliable for long intact movie segments in 
primary sensory regions. Although ECoG provides high spatial and temporal 
resolution, the coverage of the electrodes in the cortex is limited and dictated by 
the individual clinical requirements, and the resulting different electrode place-
ments in different patients make intersubject correlation analyses difficult. Typ-
ically, modulations in the signal power of high gamma-range activity (> 60 Hz) 
are studied with ECoG.  

Some early MEG studies using naturalistic stimuli have attempted to clas-
sify short naturalistic stimuli on the basis of the recorded brain activity (Luo et 
al., 2007; Huttunen et al., 2012; Kauppi et al., 2013; Koskinen et al., 2013; Brid-
well et al., 2015). Beyond the classification approach, between and within-sub-
ject correlations have been studied in a combined MEG and EEG work, where 
the subjects viewed a 17-min movie twice, and the signals were studied in 34 
labeled brain regions (Chang et al., 2015). Source-level intersubject correlation 
during movie viewing has been studied also with MEG (Suppanen 2014) with 
the same data used in this Thesis. Relatively small, but still statistically signifi-
cant, intersubject correlation coefficients were found in primary visual regions 
in four frequency band between 8 and 85 Hz. Significant intersubject EEG cor-
relation during movie viewing has been demonstrated also in sensor space and 
these correlations depended on the arousing moments in the film (Dmochowski 
et al., 2012), ratings of audience’s interest for different scenes (Dmochowski et 
al., 2014), and the level of the viewers’ attention (Ki et al., 2016). Cohen et al. 
(2016) showed that intersubject correlations were stronger during viewing of 
audiovisual short videos than auditory stories alone.   
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In the above studies, the overall intersubject correlations were very low 
(typically less than 0.1) compared with intersubject correlation (ISC) values 
demonstrated for fMRI recordings (e.g. up to 0.78 in Kauppi et al., 2010). How-
ever, calculating ISC in short sliding time windows resulted in higher maximum 
correlation also for MEG and EEG signals (up to 0.5 in Chang et al. (2015) and 
0.3 in Dmochowski et al. (2012)).  

Correlations between low-level visual features (luminance changes) of the 
movie and EEG source-level signals in primary visual regions have been demon-
strated by presenting a 2-min movie clip repeated 25 times (Whittingstall et al., 
2010). Recently, Dmochowski and colleagues (2017) also modeled mapping be-
tween optical flow in the stimulus and sensor-level EEG responses with a hybrid 
encoding–decoding model, by using short 5-min movie clips. Their model used 
canonical correlation analysis (CCA) between the stimulus and spatially-filtered 
neural responses such that they are maximally correlated.  

2.3 Social perception and cognition 

Observing another person's actions or sensations, in a movie as in real life, is 
reflected in the viewer's brain activity in areas that are normally involved in pro-
cessing the observer’s own actions and sensations. This phenomenon was first 
reported action observation in the monkey frontal lobe, in which the neurons 
fired both when the monkeys performed an action and when they saw another 
individual performing a similar action (Gallese et al., 1996; Rizzolatti et al., 
1996). Vicarious activation may contribute to our understanding of the mental 
and bodily states of others and facilitate social interaction (for reviews, see e.g. 
Frith and Frith, 2007; Hari and Kujala, 2009).  

In humans, a circuitry of the motor-function-related cortical regions is ac-
tivated both during self-performed and observed actions (for a review, see e.g. 
Rizzolatti and Craighero, 2004). The somatosensory cortices also have a role in 
perception of social cues (for a review, see e.g. Keysers et al., 2010). For exam-
ple, the somatosensory cortex is engaged while a person sees other people being 
touched (Keysers et al., 2004; Blakemore et al., 2005; Ebisch et al., 2008; 
Schaefer et al., 2009; Pihko et al., 2010; Meyer et al., 2011; Martinez-Jauand et 
al., 2012), during observation of actions (Avikainen et al., 2002; Oouchida et al., 
2004; Rossi et al., 2002; Möttönen et al., 2005), and while the person observes 
pain of other people (e.g. Bufalari, 2007, Valeriani et al., 2008; Osborn et al., 
2010). Finally, some brain areas involved in emotion processing are activated 
both when a person experiences emotions and witnesses emotions of others (for 
a review, see e.g. Bastiaansen, 2009). 

Most of the previous studies demonstrating vicarious brain activity have 
been conducted in conventional experimental settings with simplified and re-
peated stimuli. Movies provide a useful tool to study the dynamics of vicarious 
brain activity in more naturalistic settings. For example, the viewer’s postcen-
tral sulcus was activated with the appearance of acting hands in a movie (Has-
son et al., 2004). Furthermore, mental simulation of actions and feelings of a 
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selected person in a boxing match was associated with activation of the ob-
server’s attentional and parieto-frontal action-observation network, as well as 
somatosensory cortex (Nummenmaa et al. 2014a).  

The movie used in all studies in this Thesis depicts a female character en-
gaged in a wide range of bodily activities in her environment, such as crawling, 
climbing, or touching things, and it therefore provided a useful stimulus to study 
the cortical dynamics of the related brain regions (Publication 2).  

2.4 MEG analysis approaches  

Complex naturalistic experiments bring new difficulties to data analysis, and 
therefore new approaches and tools, such as computation of intersubject corre-
lation, have been introduced for the analysis of fMRI data. However, due to dif-
ferent properties and behavior of the fMRI and MEG signals, it is not necessarily 
straightforward to apply fMRI tools directly to MEG data.  

Because the magnetic fields generated in the brain are very weak (on the 
order of tens or hundreds femtoteslas), MEG signals are very sensitive to arti-
facts. For example, electromagnetic fields in the environment can be several or-
ders of magnitude higher than MEG signal, and cardiac activity, eye movements 
or blinks, and muscular activity in the subject’s own body can be usually clearly 
seen in the measured MEG signals. Furthermore, background brain activity that 
is not related to the phenomenon of interest, “brain noise”, can be difficult to 
separate from the signals of interest.  

MEG experiments usually rely on repeating the stimulus and averaging 
the brain responses. In addition to evoked or event-related responses, changes 
in rhythmic brain activity can also be quantified over repeated events. The rec-
orded time-varying signal x(t) can be considered to be x(t) = s(t) + n(t), where 
s(t) is the deterministic signal, and n(t) represents uncorrelated random noise 
(Hari et al., 1988). The utility of averaging is generally based on the assumption 
that the brain responses are time-locked to the stimulus or other event, and the 
noise is stationary and Gaussian. In addition, the responses and the state of the 
subject are assumed to stay about the same from one stimulus to another, which 
might not hold for very long measurement sessions. The number of repetitions 
needed for a certain signal-to-noise ratio (SNR) depends on the stimulus, inter-
stimulus interval (ISI), latency of the response, and the studied modality and 
phenomenon. Sometimes even thousands of stimulus repetitions are needed to 
uncover a robust signal. With the assumptions above, averaging N responses 
would improve the SNR by  (Hari and Puce, 2017). Furthermore, the ampli-
tudes of some responses depend strongly on ISI. If this dependency is known, 
the optimal ISIs can be determined to obtain the best SNR in a given time.  Usu-
ally individual trials corrupted by artifacts are omitted from the averaging pro-
cess.  

Repeated simple stimuli are feasible to study e.g. sensory processing. 
However, for continuous movies or audio stories, tens of repetitions become im-
practical. Moreover, with a movie stimulus, the events in the movie are inter-
mingled and overlapping within each other, and it is difficult or even impossible 
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to determine the onsets and offsets of all the events. Moreover, segments con-
taminated by artifacts cannot be automatically discarded, because such a pro-
cedure would cause discontinuities to the otherwise continuous signal. Instead, 
the artifacts need to be suppressed during pre-processing.  

Importantly, concentration on short epochs of the signal also loses infor-
mation of longer-time-scale brain processes as well as information that varia-
tion of single responses over long time might carry. However, quantification of 
single-trial signals is compromised by the high noise level. Publication 2 
demonstrates an approach to first find consistent single-trial evoked responses, 
elicited by tactile probe stimulation once per second, and then follow their mo-
ment-to-moment changes during movie viewing.  

Data-driven methods provide a useful way to analyze unaveraged data 
from naturalistic experiments and they are also suitable for analyzing long 
epochs of the signal time-series. Intersubject correlation, characterizing the 
amount of correlation between subjects in the signal time courses, has been used 
in naturalistic fMRI experiments with movies (e.g. Golland et al., 2007; Kauppi 
et al., 2010; Lahnakoski et al., 2012a; Nummenmaa et al., 2012; Pajula et al., 
2012; Andric et al., 2016; Jääskeläinen et al., 2016; Lahnakoski et al., 2017). 
Independent component analysis (ICA; Hyvärinen et al., 2000) provides a data-
driven method to find latent signal components that are assumed to be inde-
pendent of each other. ICA has been also useful in finding physiologically mean-
ingful components in fMRI signals (e.g. Bartels & Zeki, 2004b, 2005; Malinen 
et al., 2007; Jääskeläinen et al., 2008; Malinen & Hari, 2011; Lahnakoski et al., 
2012b; Pamilo et al., 2012).  

In this Thesis, multi-set canonical correlation analysis (see Section 2.4.2), 
a data-driven method that maximizes correlation between datasets, was used to 
uncover consistent signal components from MEG time courses. MCCA was used 
in all publications in this Thesis. Publication 3 presents also comparison be-
tween the MCCA approach and ISC analysis (see Section 2.4.1).  

2.4.1 Intersubject correlation (ISC)  

One popular method in analyzing naturalistic neuroimaging data is intersubject 
correlation. ISC is especially suitable for naturalistic experiments, as it does not 
require a priori model of the stimulus, but quantifies the correlations between 
time-courses across subjects in a data-driven way.  

In the ISC analysis, the data from different subjects are first registered to 
a common space, defined by a template brain or the average brain of the sub-
jects. Next, Pearson’s correlation coefficients between the voxel time courses at 
the corresponding voxels are computed between all subject pairs. Typically, the 
summary statistics of the pair-wise coefficients across the subjects is reported 
for each voxel. Finally, a statistical threshold is determined for the correlation 
coefficients to indicate the voxels whose time courses vary in a similar manner 
across subjects.  

In Publication 3, ISC analyses were performed for the same subjects’ fMRI 
and MEG data. 
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2.4.2 Canonical correlation analysis (CCA) 

Canonical correlation analysis is a method for finding linear relationships be-
tween two multidimensional data sets, first introduced by Hotelling (1936). CCA 
finds canonical basis vectors for the datasets such that correlations between the 
projections of the data onto these basis vectors are maximized (Hardoon et al., 
2004). For two zero-mean datasets  and , where N is the 
number of samples and m, n dimensions of the datasets, these projections for 
feature vectors and are obtained through a linear mapping 
 

            (1) 
 

 
where  and  are the basis vectors with dimensions m and n, respectively.  
The total number of projections, i.e. canonical variates, is d ≤ min (m, n). The 
function to be maximized is the correlation coefficient 
 

                                           (2) 

where 

                 (3) 

 
where   is their respective cross-covariance matrix of  and , and  and 

 their autocovariance matrices. The problem can be formulated as a gener-
alized eigenvalue problem, and the solution can be obtained by solving the equa-
tions  
 

  (4) 
                                     

  
where   is the cross-covariance matrix of  and , and  and 

. The eigenvalues  are squared canonical correlations and the 
eigenvectors  and  are normalized canonical correlation basis vectors. 

CCA can be extended to more than two datasets (multi-set canonical cor-
relation analysis; MCCA; Kettenring, 1971). In this multi-set approach, basis 
vectors for each dataset are found such that the resulting canonical variates 
achieve maximum overall correlation between the sets. In practise, the MCCA 
algorithm takes multiple stages such that in each stage, the optimal basis vectors 
are found, with restriction that the resulting canonical variates are uncorrelated 
with the ones from previous stages. The formulation by Kettenring (1971) pro-
poses five different objective functions with certain criteria to be optimized in 
finding the maximum overall correlation. The objective function used in the 
studies in this Thesis is MAXVAR, which is based on the eigenvalues of the cor-
relation matrix  
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   (5) 

 
where i, j = 1, … K, K is the number of datasets, and  represents between-sets 
correlation blocks for pre-whitened data. In the first stage, eigenvectors 
corresponding to the largest eigenvalues in R are found. The following stages go 
through a deflationary procedure, where the next basis vectors are found with 
the constraint that the resulting canonical variates are uncorrelated with the 
previous ones. Implementation by Li et al. (2009) was used in the studies in this 
Thesis. 

CCA has been applied previously in neuroimaging (Hardoon et al., 2007; 
Correa et al., 2010a; Correa et al., 2010b; Varoquaux et al., 2010) in conven-
tional experiments, but also in more realistic experimental settings with fMRI 
(Ylipaavalniemi et al., 2009; Karhunen et al., 2013; Bilenko et al., 2016), and 
recently also with MEG (Koskinen et al., 2012; Koskinen & Seppä 2014; Campi 
et al., 2013).  

2.4.3 General linear model (GLM) 

General linear modeling can be used to estimate how well the measured brain-
imaging data are explained by a weighted sum of explanatory variables  

 
 ,  (6) 

 
where U is the measured data (e.g. observed time course in a voxel),  are the 
weights for explanatory variables  (  being the mean level of the signal), and 

 are noise terms that are assumed to be independent and identically distrib-
uted normal variables with zero mean and variance . Typically, the variables 

 describe stimulus time courses, e.g. boxcar functions where the stimulus is on 
or off at given intervals, and they are usually further convolved with a hemody-
namic response function if the model is applied to fMRI data. Known sources of 
interference, such as linear drifts, body movements or respiration, can be also 
included into the model as nuisance factors. The explanatory variables are then 
fitted to the measurement data with least-squares estimation to find the optimal 

-values. When equation (6) is formulated in a matrix form , esti-
mates for -values can be found by a least squares solution 

 
  ,  (7) 

 
where E =  and Var =  (Friston et al., 1994). 

GLM was used in Publication 3, where MEG and fMRI were combined to 
a common model.  
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3. Aims of the Thesis 

The aim of this Thesis was to develop and validate methodology to analyze MEG 
data collected in naturalistic experiments, specifically during movie viewing, 
with the focus on temporal dynamics of brain activity. Thus, the work aimed at 
extending the application areas of MEG studies from conventional highly-con-
trolled experiments to setups corresponding better to real-world situations. 
Moreover, the work was to shed light on neural correlates of social perception 
by investigating temporally accurate neuromagnetic brain activity recorded 
during movie viewing. The specific aims of the individual studies were 

 
1. To develop an approach to uncover consistent MEG activity across 

movie viewers, and to investigate the spatiotemporal characteristics of 
these consistent signals (Publication 1)  

2. To investigate how the movie content dynamically modulates the 
viewer’s brain activity, by following changes in single-trial tactile evoked 
responses in the somatosensory cortex (Publication 2)  

3. To compare electromagnetic and hemodynamic brain signals (MEG and 
fMRI, respectively) during viewing of the same movie by applying both 
univariate and multivariate data-analysis approaches (Publication 3)  
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4. Materials and methods 

 

4.1 Participants 

 
Altogether 24 healthy adults volunteered as subjects in the experiments of this 
Thesis, and they gave their written informed consent before the experiments. 
MEG experiments had prior approval by the Ethics Committee of Helsinki and 
Uusimaa Hospital District, and fMRI recordings were approved by the ethics 
committee of Aalto University. All subjects had corrected or corrected-to-nor-
mal vision.  

The data set used in Publication 1 and Publication 3 consisted of MEG 
recording of eight subjects (4 females, 4 males; mean age 29 years, range 23–
51, all right-handed). The same subjects also participated in the fMRI study 
ofPublication 3. Another sixteen subjects (8 females, 8 males; 2 left-handed; 
mean age 28 years, range 20–60 years) participated in the MEG experiment in 
Publication 2.  

4.2 Stimuli 

During all experiments, the subjects viewed a silent 15-min black-and-
white movie ”At Land” by Maya Deren (1944). This experimental movie depicts 
a female character wandering in her surroundings, involved in activities such as 
walking on a beach, climbing a tree, crawling on a table, walking down a forest 
path, picking up stones, and encountering other people.  

In MEG recordings of Publications 1 and 3, the movie was delivered by 
using Experiment Builder software (SR Research, http://www.sr-re-
search.com/eb.html) and projected to the screen located 130 cm in front of the 
subject (viewing angle 22° horizontal, 17° vertical). In MEG recordings of Pub-
lication 2, the film was presented using Presentation software (Neurobehavioral 
systems; http://www.neurobs.com/) and projected to the back-projection 
screen located 1.25 m in front of the subject (viewing angle 13° horizontal, 10° 
vertical; screen size 28 cm x 22.5 cm). In fMRI recordings of Publication 3, the 
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film was presented using Presentation software and delivered to a semi-trans-
parent back-projection screen via a mirror (viewing angle 36° horizontal, 29° 
vertical) by projector Vista X3 REV Q (Christie Digital Systems, Canada, Inc.). 
In all experiments, the frame rate of the film was 24 frames/s.  

In the experiment of Publication 2, the viewers received pneumatic tactile 
stimuli on the volar distal phalanges of their five left-hand fingers throughout 
the movie viewing and MEG-recording session. These stimuli were produced by 
expanding a thin plastic membrane with an air puff with a total stimulus dura-
tion of 178 ms (Mertens & Lütkenhöner, 2000). The fingers were stimulated in 
random order, one finger at a time, once every 1005 ms. Each subject received 
altogether 880 stimuli during the session.  

The timings of the movie and tactile stimuli were aligned with MEG and 
fMRI data by trigger signals and were identical for all subjects. 

4.3 Measurements 

4.3.1 Magnetoencephalography 

Magnetoencephalographic brain signals were recorded with a 306-channel 
whole-scalp neuromagnetometer (Elekta Neuromag™, Elekta Oy, Helsinki, 
Finland) in a magnetically shielded room (Imedco AG, Hägendorf, Switzerland) 
in the MEG Core of Aalto NeuroImaging, Aalto University.  

The neuromagnetometer comprises 204 planar gradiometers and 102 
magnetometers at 102 sensor units arranged in a helmet-shaped array. The 
head position of the subjects was determined by feeding currents to five head-
position indicator coils attached to the scalp, and registering the resulting sig-
nals with the MEG sensor array. The locations of these coils with respect to three 
anatomical landmarks (nasion and two preauricular points) and additional 
points around the head were registered with 3D-digitizer ( , Polhemus, 
Colchester, VT, USA). In the experiment of Publications 1 and 3, the head posi-
tion was determined in the beginning of the movie, whereas in the experiment 
in Publication 2, continuous head-position monitoring was used.  

The MEG signals were bandpass-filtered from 0.03 to 330 Hz and sam-
pled at 1000 Hz. Both vertical and horizontal electro-oculograms (EOGs) were 
recorded in the all experiments. In addition, a 2-min measurement without a 
subject was conducted after each session for the estimation of the noise covari-
ance for the minimum-norm estimation procedure.  

4.3.2 Structural and functional MRI 

All MRI data were acquired using a General Electric Signa 3-Tesla MRI scanner 
(General Electrics Healthcare, Milwaukee, WI, USA) with a 16-channel head coil 
at the Advanced Magnetic Imaging Centre of the Aalto NeuroImaging at Aalto 
University.   

High-resolution T1-weighted structural MRI images (1.0 mm × 1.0 mm × 
1.0 mm) were acquired using a spoiled-gradient-echo sequence to coregister 
and visualize MEG and fMRI data on the brain structure.  
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Functional MRIs were obtained using a gradient echo-planar-imaging 
with the following parameters: TR (repetition time) 2.015 s, TE (time to echo) 
32 ms, flip angle 75°, 34 oblique axial slices with the slice thickness of 4 mm, 
image matrix of 64×64, voxel size 3.4 mm × 3.4 mm × 4.0 mm, and field of view 
(FOV) 22 cm. 

4.3.3 Behavioural ratings  

After the MEG recording in the experiment of Publication 2, the viewers 
watched the movie once again on a computer screen. They were asked to evalu-
ate their level of engagement with the haptic contents of the movie by shifting 
continuously a cursor up and down on a scale presented on the screen. The scale 
was continuous from 0 to 1 (with 384 discrete values between 0 and 1) and the 
ratings were sampled at 5 Hz. The ratings of individual subjects were linearly 
normalized to range from 0 to 1 and averaged.  

4.4 Data pre-processing 

4.4.1 Preprocessing of MEG data 

To suppress the external magnetic interference outside the brain, signal space 
separation (SSS; Taulu & Kajola, 2005) was applied in Publications 1 and 3, and 
temporal signal-space separation (tSSS; Taulu & Simola, 2006; Taulu & Hari, 
2009) with head motion correction in Publication 2. The analyses were per-
formed with Maxfilter software version 2.2 (Elekta Oy, Helsinki, Finland) with 
the default parameter settings. The data were also converted into the default 
head position with the same software.  

Artifacts related to eye movements and blinks were suppressed from the 
MEG signals in Publication 1 and Publication 3 by multiple linear regression in 
consecutive 60-s time windows, using the recordings of both vertical and hori-
zontal EOG channels. As movies can evoke coherent gaze patterns across the 
viewers (Dorr et al., 2010), statistical analysis was performed to ensure that 
there was no significant correlation between blinks and eye-movements and the 
canonical variates left after artifact removal.  

The MEG signals were further filtered into frequency bands of interests. 
In Publication 1, the bands were 0.03–1, 1–5, 5–10, 10–15, 15–20, 20–25, 25–
30, 30–40, 40–50, 50–60, 60–80, and 80–100 Hz. In Publication 2, only one 
band (1–40 Hz) was used, and in Publication 3 the bands were < 1, 1–4, 4–8, 
8–11, 13–23, 25–45, and 55–100 Hz.  In all studies, the 204 gradiometers were 
used in MCCA analyses. MCCA is able to estimate canonical variates up to the 
rank of the datasets. Thus, we applied principal component analysis (PCA) to 
reduce data dimensionality from the original 204 down to the degrees of free-
dom (rank) left after the SSS or tSSS artifact reduction. The ranks were 68 in 
Publications 1 and 3 and 67 in Publication 2 (minimum number of all subjects).  

 



 

32 

4.4.2 Pre-processing of fMRI data 

Four dummy scans were removed from the beginning of the fMRI recordings. 
The pre-processing of fMRI data was performed with the SPM8 toolbox 
(http://www.fil.ion.ucl.ac.uk), and included standard pre-processing steps: 
motion-correction, slice-time correction, coregistration of functional images to 
anatomical MRI, normalization to MNI (Montreal Neurological Institute) 
standard space, and smoothing with an 8-mm full-width-at-half-maximum 
Gaussian kernel.   

For voxel-wise comparison with MEG in Publication 3, the cortical fMRI 
voxel series were transformed to the same 'fsaverage' coordinate system as 
MEG. Those voxel time series that corresponded the locations of MEG sources 
(altogether 5124 locations per subject) were retained for further analysis. 

4.4.3 MEG source-level analysis 

For estimation of source-level MEG signals, we segmented and reconstructed 
the cortical surface from the T1-weighted magnetic resonance images of each 
subject using the FreeSurfer software (http://surfer.nmr.mgh.harvard.edu/) 
with the parameters described in FreeSurferWiki1.  

To estimate the MEG sources in the cortex, we applied the minimum-
norm estimation (MNE) method (Hämäläinen & Ilmoniemi, 1994) using MNE 
Suite software package (http://www.martinos.org/mne/). A single-compart-
ment boundary element method (BEM) volume conductor model was con-
structed, and the estimates were calculated at discrete source locations sepa-
rated by 7 mm on the cortical surface. MEG data from all 306 channels were 
used in the estimation.  

In Publications 1 and 2, source-current estimates along three orthogonal 
axes (corresponding to two tangential and one normal orientation related to the 
cortical surface) were calculated with following parameters: ‘loose factor’ 0.4 to 
favor the dipole component normal to the surface, and ‘depth weighting’ to re-
duce the bias towards superficial currents. In Publication 3, only the source cur-
rents for dipole orientations normal to the cortical surface were estimated.  

For group analyses and visualization, and for point-wise analyses in Pub-
lication 3, the source estimates of individual subjects were morphed into a com-
mon template brain (‘fsaverage’ provided by the Freesurfer software package).  

 

                                                           
1 http://surfer.nmr.mgh.harvard.edu/fswiki/RecommendedReconstruction 



 

5. Summaries of the studies 

5.1 MCCA uncovers synchronized MEG activity across subjects 
during movie viewing (Publication 1)  

5.1.1 Motivation  

This far, the majority of the studies using naturalistic stimuli have been con-
ducted with fMRI, whereas electromagnetic signals, MEG or EEG, have been 
used only rarely in such experimental settings. However, MEG can provide more 
accurate information about the temporal dynamics of brain activity than fMRI, 
and gives a direct measure of electromagnetic brain activity arising from neural 
cell populations. In this study, the aim was first to develop a method to find 
consistent brain activity from unaveraged MEG signals measured during movie 
viewing, and then investigate the characteristics of the synchronized brain ac-
tivity across viewers. 

5.1.2 Methods 

Eight subjects viewed thesilent 15-min black-and-white “At Land” movie twice 
during MEG recordings. To find consistent brain signals across the viewers, we 
applied a data-driven spatial filtering approach based on MCCA to the MEG sig-
nals. The first 10 min of the recordings were used for training the model and the 
remaining 5 min for testing the statistical significance of the resulting canonical 
variates. The statistical significance of the deviance of the pair-wise correlations 
of the canonical variates between subjects from zero was evaluated with a two-
tailed t-test. The significance level was p < 0.05 with Bonferroni correction. For 
topographic mapping of the contributing brain areas to these canonical variates, 
the canonical variates were correlated with the source currents estimated with 
the MNE method.    

5.1.3 Results 

Several statistically significant canonical variates were found in frequency 
bands 0.03–1 Hz and 1–5 Hz, with intersubject correlations up to 0.28 and 0.16, 
respectively. Additionally, statistically significant canonical variates were ob-
served in narrow bands around 12, 24 and 36 Hz, corresponding to the frame 
rate (≈24 Hz) of the movie.  
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Figure 1 shows an example of the first canonical variates of all subjects in 
frequency bands 0.03–1, 1–5 and 5–10 Hz, demonstrating obvious similarity in 
the temporal behaviour of brain signals across subjects.  

Figure 1. An example of the time-series of canonical variates for all subjects superimposed. The 
first canonical variates are shown for the test data in frequency bands 0.03–1, 1–5, and 5–10 Hz. 
The enlarged segments correspond to each other, and the amplitudes of the signals are scaled 
to have zero mean and standard deviation 1. Fig. 2 in Publication 1.  

 

Figure 2. Topographical maps showing the correlation coefficients (colorbars) between the ca-
nonical variates and the source-current estimates in frequency bands 0.03–1 and 1–5 Hz. The 
maps represent averages across all 8 subjects morphed to an average brain surface. Fig. 4 in 
Publication 1. 
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The topographical maps, shown in Figure 2 for frequency bands 0.03–1 

and 1–5 Hz, indicate that the highly correlated canonical variates originated 
mostly from occipital and posterior parietal cortices bilaterally, but also from 
superior temporal sulcus, inferior parietal cortex, and prefrontal areas, as well 
as close to functional V5/EBA (extrastriate body area) and motor/premotor ar-
eas. 

5.1.4 Discussion and conclusions 

This work succeeded in finding correlated MEG activity between subjects during 
movie viewing in physiologically meaningful brain regions. The data-driven 
spatial filtering with MCCA was able to extract consistent activity time series 
from noisy unaveraged MEG signals. 

These results also demonstrate the feasibility of using MEG in studying 
brain activity in naturalistic experimental settings, and they extend the previous 
fMRI findings to recordings with high temporal accuracy.  

5.2 Activity of the viewer’s somatosensory cortex covaries with the 
haptic contents of the movie (Publication 2) 

5.2.1 Motivation  

Previous brain imaging studies have shown that observing another person’s ac-
tions and feeling activates brain areas that support similar functions in the ob-
server. Such vicarious brain activity has been demonstrated previously in pre-
motor and somatosensory cortices using highly controlled and simplified exper-
imental settings (for reviews, see e.g. Rizzolatti & Craighero, 2004; Keysers et 
al., 2010). In this study, 
the aim was to study how the activity in somatosensory cortex is dynamically 
modulated by the observed movie content.  

In contrast to the typically used averaging of evoked responses, we aimed 
at following how the moment-to-moment state of the somatosensory cortex, 
probed by tactile stimulati presented to the fingers, changes during movie view-
ing. However, reliable detection of single-trial evoked responses poses a consid-
erable challenge for data analysis. Thus, we also aimed at finding a feasible ap-
proach to analyze changes in unaveraged MEG responses to complex stimuli.  

5.2.2 Methods 

Experimental setup 
 
The 15-min movie was shown once to 16 subjects during MEG recordings. To 
probe the moment-to-moment state of the somatosensory cortex, the viewers 
also received pneumatic tactile stimuli on their fingers, once every 1005 ms dur-
ing the entire movie viewing. After the MEG recordings, the subjects evaluated 
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the level of their moment-to-moment subjective haptic engagement to movie 
events.  

MCCA-based spatial filtering 
 
In addition to the preprocessing described in Section 4.4.1, we filtered the MEG 
signals and selected 400-ms epochs time-locked to the onsets of the tactile stim-
uli. 

Consistent responses across the subjects were uncovered by applying spa-
tial filtering based on MCCA to the MEG signals over the whole duration of the 
movie. The first half of the movie (440 trials) was used for training the MCCA 
model, and the rest of the movie (last 440 trials) was used for the model valida-
tion. In statistical testing, correlations between these time-courses of eight ran-
domly selected subject pairs (sampled without replacement from the pool of 16 
subjects) were calculated for each component. A one-tailed t-test was used to 
find out whether the mean of these correlations deviated significantly from zero 
(significance level p <0.05 with Bonferroni-correction). 

The spatial filtering resulted in a set of uncorrelated canonical variates, 
each variate highlighting different aspects of the evoked responses. Most im-
portantly, this procedure reduced noise in the individual responses, thus ena-
bling single-trial analysis.  

Cortical sources of the signal components 
 
To validate that the MCCA canonical variates found in a data-driven method 
originated from feasible brain regions, activation maps (Haufe et al., 2015) were 
calculated from the spatial filter weights, and transformed from sensor-level to 
source-level by minimum-norm estimation.  

Temporal PCA  
 
The amplitude modulations of single-trial evoked responses throughout the 
movie were quantified, separately for each canonical variate, using temporal 
PCA. The first PCA score was selected, corresponding to projection of the data 
to the first PCA eigenvector. In practise, the PCA score reflects the match of sin-
gle trials with the first PCA eigenvector, and thus quantifies the variation of the 
trials throughout the movie.  

Correlation between brain responses and behavioural ratings 
 

Finally, we computed the Pearson’s correlation between averaged PCA score 
and the time-series of behavioural ratings. The correlation was calculated with 
time lags between –20 and 20 s between the signals. 95% confidence intervals 
for the correlation coefficients were estimated by non-parametric stationary 
block bootstrapping, thus retaining temporal dependences in time-series as well 
as stationarity in the data. The bootstrapping was repeated 10 000 times. 
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5.2.3 Results 

Spatial filtering with MCCA uncovered the most correlated signals, i.e. canoni-
cal variates, across the subjects in multi-channel MEG data. The first two ca-
nonical variates, MCCA1 and MCCA2, were statistically significant, with mean 
intersubject correlations of 0.17 and 0.1, respectively, for the test data. Notably, 
the signal waveforms of the canonical variates were more consistent across sub-
jects than the original noisy raw signals (Figure 3). MCCA1 and MCCA2 showed 
different response characteristics, highlighting different parts of the response 
time series. 

 
Figure 3. Raw MEG signals and the first two canonical variates, MCCA1 and MCCA2, for all 16 
subjects superimposed (10 first trials of test data shown). Corresponding response averages 
across the entire movie are shown on the right, together with the time points of the main peaks 
relative to stimulus onset. Blue line shows the analysis period of a single response. Modified Fig. 
4 in Publication 2.  

The correlation between PCA scores and the behavioural ratings was 0.38 
for MCCA1 and 0.49 for MCCA2. Figure 4A shows the PCA score time-series of 
MCCA1 together with the behavioural ratings, illustrating the similarity of these 
signals. The maximum correlations were found with time lags of 7 s and 5 s for 
MCCA1 and MCCA2, respectively, the ratings lagging the PCA scores. Visual in-
spection revealed that the highest peaks in both PCA scores and behavioural 
ratings happened in the scenes where the main character of the movie was either 
moving or having haptic sensations.  

The spatial locations of MCCA1 and MCCA2 revealed that the canonical 
variates originated from sensorimotor regions, contralateral to the delivery site 
of the tactile stimuli. Figure 4B shows the average activation map over 10 sub-
jects.  
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Figure 4. (A) Modulation of evoked responses in component MCCA1 (black) and ratings of the 
subjects’ engagement (red) to tactile movie contents. (B) Average activation maps showing brain 
areas most contributing to MCCA1. Modified from Figs. 5 and 6 of Publication 2.  

5.2.4 Discussion and conclusions 

Methodologically, this study introduced a novel approach to follow moment-to-
moment modulation of MEG single-trial activity in a complex naturalistic ex-
periment. Viewing the movie modulated responses to tactile stimuli in a fine-
grained manner that was closely related to movie content. The results expand 
the current understanding of vicarious brain activation by demonstrating fluc-
tuations in the functional state of the sensorimotor cortex during observation of 
a movie.   

5.3 MEG and BOLD signals correlate during movie viewing (Publi-
cation 3)  

5.3.1 Motivation  

Previous fMRI studies and recently also MEG and EEG studies have demon-
strated consistent temporal dynamics of brain activity across movie viewers. 
The relationship between electromagnetic and hemodynamic brain signals has 
been previously shown using simplified or repeated stimuli in experimental set-
tings that lack ecological validity. Thus, little is known about the similarities and 
differences between MEG/EEG and fMRI dynamics during movie viewing. 

This study presents a systematical comparison between the electromag-
netic and hemodynamic brain activity during movie viewing, by using MEG and 
fMRI data collected from the same subjects. Two methodological approaches 
were used to characterize similarities in MEG and fMRI time-courses. First, we 



Summaries of the studies 

39 

studied the feasibility of univariate voxel-wise correlations in revealing con-
sistent brain responses between and within subjects in MEG and fMRI sepa-
rately, as well as between MEG and fMRI signals. Second, we suggested an ap-
proach to first detect consistent MEG signals with spatial filtering, as in Publi-
cation 1, and then combine these with fMRI signals in a general linear model 
(GLM).  

5.3.2 Methods 

Eight subjects viewed the 15-min movie twice both during MEG and fMRI re-
cordings.  

In the first approach, voxel-wise Pearson’s correlations were calculated 
both within and across the subjects for the time series at corresponding ana-
tomical locations, separately for MEG and fMRI. We also investigated whether 
this univariate voxel-wise correlation approach was able to find statistically sig-
nificant correlations between MEG and fMRI signals.  

The sensor-level MEG signals were filtered into 7 frequency bands, rang-
ing from 0.03 to 100 Hz. MEG source currents were estimated by using mini-
mum-norm estimation and they were morphed to a common template brain. 
The envelopes of MEG source currents were obtained by Hilbert transform, and 
the resulting signals were further low-pass filtered below 4 Hz. The cortical 
fMRI voxel time-series were transformed to the same coordinates with MEG 
signals.  For MEG–fMRI comparison, MEG signal envelopes were convolved 
with the canonical hemodynamic response function before computing the cor-
relation.  

The statistical significance of all voxel-wise correlation coefficients was 
tested by non-parametric bootstrapping with circular-shifting performed 10 
000 times. The p-values for the correlation coefficients were estimated from the 
resulting null distribution.  For all voxel-wise calculations, the significance 
threshold was p < 0.05, with FDR correction for multiple comparisons. 

In the second approach, the same MCCA spatial filtering method as in 
Publication 1 was first applied to find the most consistent canonical variates 
from noisy sensor-level MEG signals.  The same MEG frequency bands were 
used as in the voxel-wise analysis. For training and testing the MCCA model, 10-
fold cross-validation was used. We selected the first MCCA canonical variate in 
each frequency band, calculated its envelope by a Hilbert transform, low-pass 
filtered it below 4 Hz, and convolved it with the canonical HRF. Finally, the re-
sulting MEG signal envelope was used as a regressor in a general linear model 
with fMRI voxel times to find the association between MEG signal envelopes 
and fMRI signals. The GLM was estimated separately for each frequency band. 

5.3.3 Results  

The voxel-wise analysis showed that the intra- and intersubject correlations 
were considerably stronger for fMRI data than for amplitude envelopes of MEG 
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(see Figure 5 for intersubject correlations). The voxel-wise MEG–fMRI compar-
ison was insufficient to uncover reliable correlations between electromagnetic 
and hemodynamic signals at corresponding anatomical locations.  

Figure 5. Intersubject correlations for fMRI and MEG signals during the first presentation of the 
movie. (Top) Voxel-wise intersubject correlation for fMRI. (Bottom) Voxel-wise intersubject corre-
lation for different frequency bands in MEG envelopes. Maximum values for the correlation coef-
ficients are shown on the right, and only the statistically significant values are visualized. Fig. 2 of 
Publication 3.  

Applying MCCA-based spatial filtering captured the most consistent MEG 
activity across the subjects that originated mainly from occipital brain regions. 
Combining the envelopes of these canonical variates into the GLM model with 
cortical fMRI voxel time-series uncovered similarity between MEG and fMRI, 
shown in Figure 6. The association between MEG and fMRI was found mainly 
in occipital areas, but also in temporal, parietal and frontal regions.  

 



Summaries of the studies 

41 

 

Figure 6. Results of the GLM fit between the envelopes of MEG canonical variates in different 
frequency bands and fMRI voxel time series. Fig. 4 in Publication 3.  

5.3.4 Discussion and conclusions 

The results show that inter- and intrasubject correlations in response to a movie 
were stronger for fMRI than MEG signals, and that the univariate correlation 
approach was suboptimal for describing similarities between MEG and fMRI. 
These findings highlight the difference in response characteristics of electro-
magnetic and hemodynamic signals and suggest the necessity of more advanced 
methods to compare MEG and fMRI signals.  

The multivariate spatial filtering with MCCA, introduced in Publication 1, 
enhanced intersubject correlation compared with the univariate approach. Fur-
themore, combining the resulting consistent canonical variates into a GLM 
model of the fMRI data, uncovered positive correlation between MEG and fMRI 
in occipital areas, but also in temporal and frontal brain regions.  

Thus, the results demonstrate that our approach was feasible in finding 
similarities between MEG and fMRI signals. They also show that electromag-
netic and hemodynamic activities are correlatedin functionally meaningful 
brain areas.  
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6. Discussion 

The studies in this Thesis present feasible approaches to analyze complex MEG 
data recorded during movie viewing. The key methodology in all studies was 
based on spatial filtering with multiset canonical correlation that was used for 
finding consistent brain activity in unaveraged MEG data, both for 15-min-long 
continuous signals and short single-trial evoked responses. Comparison of elec-
tromagnetic and hemodynamic responses to the same movie aimed also at 
bridging the gap between MEG and fMRI studies using movies as stimuli. 

The first study showed that MEG signals between the viewers were syn-
chronized with high temporal accuracy (up to 10 Hz). The areas showing similar 
dynamics between the viewers were found in functionally meaningful brain re-
gions, mostly in visual areas, but also in parietal and pre-motor regions. In the 
second study haptic movie content modulated viewers’ brain activity in sen-
sorimotor brain areas dynamically during observation of the movie. The third 
study demonstrated similarity between the dynamics of electromagnetic and he-
modynamic brain activity, mostly in occipital brain areas but also in temporal 
and frontal regions.  

6.1 Methodological considerations 

6.1.1 Spatial filtering with MCCA 

 
Spatial filtering with multiset canonical correlation analysis allows data-driven 
exploration of the complex brain data recorded in naturalistic experimental set-
tings. The method was efficient in finding consistent brain activity across movie 
viewers of a 15-min long film. In addition, Publication 2 demonstrated a novel 
approach for single-trial evoked-response analysis employing MCCA.  

In these studies, the most important advantage of using MCCA was the 
extraction of signal components that were consistent across people. This ap-
proach is remarkably different from the traditional studies, in which the signal-
to-noise ratio of the responses is enhanced by repetition of the stimulus that 
would be impractical with long stimuli, such as movies.  

Comparison between the univariate voxel-wise correlation approach and 
multivariate modelling with MCCA in Publication 3 showed the latter to be su-
perior in finding consistent signals between the subjects. Furthermore, unlike 
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voxel-wise modeling, MCCA approach does not assume anatomical correspond-
ence between the subjects, but rather finds the optimum weights for the sensors 
in a data-driven way. Moreover, these weights provide information about the 
brain areas contributing to the signal components. A further advantage is that 
MCCA can also be applied conveniently at the sensor level, without having to 
deal with high-dimensional source-space signals.  

The effectiveness of MCCA is based on using multiple datasets, here mul-
tiple subjects, and the performance of MCCA improves with the number of da-
tasets as well as with the number of samples up to a certain limit (Correa et al., 
2010). The major limitation of MCCA is that its effective use requires sufficient 
amont of data, i.e several subjects and long recordings lasting at least several 
minutes. Furthemore, the method can find only those brain processes that are 
temporally coherent in the group. Thus, this approach is most effective in char-
acterizing extrinsic brain activity that is time-locked to a common stimulus, and 
it cannot be used e.g. in resting-state studies.  

In addition to ISC and MCCA, similarities in the data across subjects can 
be studied also by using group-ICA methods (for a review, see e.g. Calhoun et 
al., 2009), which have been applied previously in fMRI data analysis in studies 
using movie stimuli (Malinen et al., 2007; Wolf et al., 2010; Malinen et al., 2011; 
Pamilo et al., 2012; Naci et al., 2014; Kauttonen et al., 2015). Whereas the first 
MCCA component is always related to the highest correlation value, and the 
next components follow in descending order, independent components are not 
ordered, which requires an additional step in the analysis. In addition, no exact 
rules exist for estimating the correct number of independent components, and 
increasing the number of components to be estimated can result in different 
subdivisions of the networks revealed by ICA (Smith et al., 2009; Abou-Elseoud 
et al., 2010; Pamilo et al., 2012). In addition, while ISC or MCCA spatial maps 
usually cover relatively large areas, the spatial maps from ICA can be more 
sparse and thus more focused in some cases (e.g. Malinen et al., 2011).  In a 
comparison between MCCA and group-ICA for fMRI data recorded during a 
visuomotor task, MCCA gave higher correlations across subjects than group 
ICA, but the spatial maps of group ICA were more focused than those of MCCA 
(Li et al., 2009).   

6.1.2 Data-driven analysis of brain imaging data 

Data-driven analysis of brain imaging data allows exploration of the data with-
out using a pre-determined model between the stimulus and the brain signal. 
Thus, data-driven analysis seems suitable for naturalistic experiments, where 
the stimulus features and brain processes are difficult to model. However, the 
interpretation of the results can be difficult. What do the different signal com-
ponents, activation maps or intersubject correlations tell about brain function? 
High intersubject correlations have been interpreted to reflect similarity of 
brain processes across individuals. However, also the variability of ISC values 
may reveal meaningful activation, especially in higher-order brain areas 
(Kauppi et al., 2017).  
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Even when the across-subjects synchrony is strong, it is not straightfor-
ward to tell which stimulus event caused the strongest synchrony. Inspecting 
the events in the movie that occurred around synchrony peaks or elevated acti-
vation (reverse correlation analysis) (Hasson et al., 2004; Dmochowski et al., 
2012; Chang et al., 2015) can suggest relation between the stimulus and brain 
signals. However, it is not necessarily always clear how long a time window ex-
actly should be inspected around the moment of high correlation, as latencies 
of the brain responses can vary with different types of features or events in the 
movie and between individuals. Moreover, movies contain many hierarchical 
levels of stimulus features (Kauttonen et al., 2015), and it is practically impossi-
ble to annotate them all and define their onset and offset times. Manual ratings, 
as we used in Publication 2, can help characterize some specific aspects of the 
movie contents. The same rating method has been used previously in correlating 
valence and arousal ratings with brain activity during movie viewing (Num-
menmaa et al., 2012). In addition, annotations of visual and auditory stimulus 
features have been correlated with brain activity (Lahnakoski et al., 2012b; 
Kauttonen et al., 2014). However, the ratings can only capture a small set of 
dimensions from the highly complex stimulus, and there can be much variation 
in different annotators’ rating styles.  

6.1.3 Experimental setup 

The physical and technical challenges in bringing the real-world settings to a 
brain-imaging laboratory set limitations to the possible experiments. In addi-
tion, although a movie can mimic rather well the complexity of the visual world, 
it is unnatural in the sense that it is unidirectional, a stimulus which the subject 
has to passively view. Most of our everyday life is interactional; we actively in-
teract with the world instead of being passive observers, and the presence of 
other people and the input from them affect continuously our own mental 
events and brain activity (Hari et al., 2015). Furthermore, typically only one per-
son can be measured at the same time in MEG or fMRI scanner. However, re-
cent technical development has introduced real-time interactive dual-MEG set-
ups (Baess et al., 2012; Hirata et al., 2014) and fMRI setups (Montague et al., 
2002), taking important steps towards more realistic experimental setups. In 
addition, EEG hyperscanning of multiple subjects can be carried out with less 
restrictions on instrumentation (for a review, see e.g. Babiloni & Astolfi, 2014).  

6.2 Brain activity during movie viewing 

In the studies in this Thesis, electromagnetic brain activity was characterized 
during movie viewing. In line with previous fMRI studies, the movie elicited sig-
nificant synchronization across viewers in physiologically meaningful brain re-
gions. Synchronization of the brain signals during a common experience has 
been suggested to tell how similarly the viewers see the world (Nummenmaa et 
al., 2012; Nummenmaa et al., 2014a). For example, in a study where the subjects 
were instructed to take a point of view of either as an interior/exterior decorator 
or a detective while viewing a movie, their intersubject correlation in certain 
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brain regions increased when they took the similar perspective (Lahnakoski et 
al., 2014). Furthermore, the synchrony of brain activity between a speaker and 
a listener has been shown to be associated with enhanced communication be-
tween individuals (Stephens et al., 2010). 

Publication 1 showed that the intersubject synchronization occurred with 
high temporal accuracy up to 5 Hz, thus giving insights into brain processes oc-
curring at temporal scales down to 200 ms. There is evidence of hierarchy of 
temporal windows, meaning that longer-latency responses typically occur in 
brain areas that are higher in the processing hierarchy and are anatomically 
more distant from primary sensory cortices (Hasson et al., 2008b). Although 
most of the correlations across viewers in Publication 1 occurred in occipital ar-
eas, related to visual processing, intersubject synchronization in higher level as-
sociation areas was observed as well. These findings suggest that the brain re-
sponses did not reflect only low-level visual processing. Furthermore, the syn-
chronization at different frequency bands and different MCCA components oc-
curred in slightly different cortical locations, likely related to functional segre-
gation of neuronal processing. The brain areas with highest intersubject corre-
lation largely overlapped with the “extrinsic network”, comprising large parts of 
the posterior cortex and reflecting processing of external sensory stimuli (Gol-
land et al., 2007). In contrast, the “intrinsic” system comprises areas associated 
with internally oriented mental processes; it lacks significant intersubject cor-
relation but forms a network whose voxel time courses correlate with each other 
within a subject. Thus, it is likely that the uncovered time-courses in Publication 
1 were stimulus-related. Further studies are needed to reveal non-stimulus-
locked internally generated processes.  

Publication 2 demonstrated that functional state of the somatosensory 
cortex is dynamically modulated according to the observed movie content. This 
finding likely reflects slow modulation of activity in the somatosensory cortex 
by a visual input, which is reflected as changes in moment-to-moment evoked 
responses to movie-unrelated probe stimuli. The largest variation occurred in 
the long-latency (85–175 ms) parts of the evoked responses, suggesting that the 
later processing stages of the sensory input accounted for the variation. This 
study adds evidence to the literature of vicarious somatosensory perception with 
temporal dimension.  

6.3 Comparison of MEG and fMRI signals 

Publication 3 presented a systematic comparison between MEG and fMRI sig-
nals during movie viewing. Comparing electromagnetic and hemodynamic sig-
nals is not straightforward, as MEG and fMRI signals have different neurophys-
iological origins and signal behaviour. Depending on the stimulus type, a single 
stimulus or event can elicit both transient changes (evoked or event-related re-
sponses) and suppression or increase in oscillatory activity in MEG signal, 
whereas BOLD signal behaviour is generally very smooth. Moreover, oscilla-
tions observed with MEG can occur across a wide range of frequencies up to 600 
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Hz (for a review, see Hari & Puce, 2017), whereas the frequency range of fMRI 
is limited by the hemodynamic response, typically to less than 0.2 Hz.  

Furthermore, combination of MEG data with structural or functional MRI 
involves several sources of spatial inaccuracies. Coregistration between the 
MEG coordinate system and structural MRI, using information from HPI coils 
and digitization, can cause spatial inaccuracies on the order of millimetres. In-
accuracies in estimating source activity from sensor-level data depends on the 
inverse estimation method and brain area, but usually should be within a centi-
meter. Finally, averaging and morphing the brain surface to a common tem-
plate, both in MEG and fMRI, can decrease the spatial accuracy on the order of 
millimeters.  

Several methodological approaches have been proposed to combine MEG 
or EEG and fMRI signals (e.g. He & Liu, 2008; Correa et al., 2010; Biessmann 
et al., 2011; Huster et al., 2012; Jorge et al., 2013; Dähne et al., 2015). In multi-
variate modeling, combining data from different modalities directly into a com-
mon model can be referred as early fusion scheme (Dähne et al., 2015). In com-
parison, the late fusion scheme is a two-step process, where the first step is to 
decompose the data into components separately for each imaging modality, and 
the second step is to combine the components into a common model. In the 
early fusion approach, challenges might occur if the data are not balanced, e.g. 
if they have very different signal-to-noise ratio. In combining MEG and fMRI in 
our data, we used the late fusion scheme by first finding signal components in 
MEG data by using MCCA, and then combine the data with fMRI by using GLM.  

 

6.4 Future perspectives 

The studies presented in this Thesis provide tools for MEG data analysis, espe-
cially in naturalistic experimental setups in which conventional analysis meth-
ods are suboptimal or insufficient. Besides movies, the methods developed and 
validated in this Thesis can be used also with other naturalistic stimuli, such as 
audionarratives (Koskinen & Seppä, 2014).  

Importantly, the methods presented here for MEG can be applied in EEG 
analysis as well, which opens up new possibilities for future studies. Although 
MEG has some benefits over EEG, such as better spatial accuracy for locating 
the sources of cortical signals, the massive instrumentation of MEG sets certain 
limits for the experiments. Instead, easy mobility of EEG enables recording 
brain activity outside the laboratory, in true real-world settings, for example in 
a classroom (Poeppel et al., 2017). In addition, it is rather easy to record EEG 
from several subjects at the same time, rather than one or two at a time in MEG 
experiments, which provides new opportunities for studying intersubject syn-
chrony. A promising new trend is also virtual reality, which allows building very 
realistic and naturalistic 3D-environments which can be combined with EEG 
recordings.  

Finding a reliable method to relate the visual features or semantic con-
tents of a movie to MEG signals remains future work. Occipital EEG has been 
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shown to correlate only with low-level visual features in a movie, such as con-
trast or optical flow between adjacent frames (Whittingstall et al., 2010; Dmo-
chowski et al., 2017). Promising methods to link semantic movie contents with 
BOLD signal have been presented in fMRI literature, and validating their ap-
plicability to MEG or EEG signals would be an interesting subject for future 
work.  For example, voxel-wise encoding modeling has turned out to be useful 
in relating both low-level features and semantic contents of movies to brain ac-
tivity measured with fMRI (Nishimoto et al., 2011). Furthermore, it has been 
possible to decode information about the object and action categories in the 
movie from BOLD signal by employing hierarchical logistic regression modeling 
(Huth et al., 2016). Recently, also neural networks have been used to build en-
coding and decoding models between movie features and BOLD signals meas-
ured from subjects who were watching videos (Eickenberg et al., 2016; Güçlü & 
van Gerven, 2017; Shi et al., 2017; Wen et al., 2017). These studies have demon-
strated that different hierarchical visual processing states can be described by 
different layers of the neural networks, such that early visual areas are related 
to low-level layers of the model and the later visual areas to higher-level net lay-
ers.   

The methods presented in this Thesis provide useful approaches to take 
also MEG analysis to the next level. Importantly, extracting consistent signal 
features and meaningful information from complex and high-dimensional MEG 
data provides a good starting point for further analysis.  

6.5 Conclusion 

This Thesis demonstrated the feasibility of using MEG in naturalistic experi-
mental settings. Unlike fMRI, MEG gives a direct measure of neural activity of 
neuronal populations. Its excellent temporal resolution enables tracking of the 
dynamics of brain activity and employing evoked responses to probe brain ac-
tivity in high temporal detail. The studies of this Thesis demonstrated that it was 
possible to find across-subjects consistency in complex single-trial MEG activity 
recorded during movie viewing by applying spatial filtering based on MCCA. 
The findings give new insights into naturalistic visual processing by demon-
strating synchronization of brain activity between the viewers of a movie and by 
showing that observation of haptic evens in a movie modulates the viewer’s sen-
sorimotor cortical activity in a fine-grained manner. The methods and ap-
proaches presented and validated in this Thesis provide new tools for using 
MEG in complex experimental settings and thus open new possibilities for un-
derstanding the dynamics of human brain activity in real-world contexts.  
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