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Abstract
Magnetoencephalography (MEG) is a noninvasive brain imaging method which mea-

sures the magnetic field generated by neural currents. Interpretation of cortical activation
patterns from the sensor data is an ill-posed inverse problem and a central challenge in
MEG data analysis. Commonly used solutions for the inverse problem operate on a per
subject basis, and group analysis is done separately on the individual results. A number of
multi-subject joint analysis methods have been proposed, utilizing the additional informa-
tion from multiple subjects in source estimation. The aim of this thesis is to explore the
available multi-subject approaches and assess the performance of a selection of methods
in a retinotopic mapping task.

All brains are structurally unique, which could be exploited in improving the spatial
accuracy of MEG. The effects have been demonstrated with a handful of multi-subject
methods in both simulations and real measurements. The options range from averaging
individual source estimates to solving all inverse problems simultaneously as coupled
regression problems. Methods incorporating group data in the inverse solutions are mainly
based on either group optimization of Bayesian hyperparameters or multi-task learning.

Three multi-subject methods were compared: eLORETA with source-space averaging,
minimum Wasserstein estimates (MWE) and MWE with source-space averaging. The
dataset consisted of retinotopic mapping measurements from 20 subjects. The results
were quantified by measuring the geodesic distance between 60–100 ms peak activations
and the primary visual cortex (V1). All three methods show an improvement of 4–7
mm compared to individual median distances of 30–36 mm when at least 10 subjects
are considered simultaneously. Additionally, the peak activation locations comply better
with established retinotopic maps of V1 when the subject count is increased. Averaged
eLORETA outperformed MWE with all subject counts. These results mostly conform to
previous studies and suggest that higher spatial accuracy can be achieved with multi-
subject analysis of MEG data. Further comparison of multi-subject methods with a
selection of different cognitive tasks is recommended.

Keywords magnetoencephalography, retinotopic mapping, joint analysis, inverse
problem, eLORETA, minimum Wasserstein estimates
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Tiivistelmä
Magnetoenkefalografia (MEG) on kajoamaton aivokuvantamismenetelmä, joka mit-

taa aivojen sähköisen toiminnan synnyttämää magneettikenttää. Aivojen toiminnan
mallintaminen mittaustulosten pohjalta perustuu huonosti asetellun käänteisongelman
ratkaisemiseen, mikä on keskeinen haaste MEG-aineiston käsittelyssä. Yleisesti käy-
tössä olevat ratkaisut käsittelevät jokaisen henkilön mittaukset erikseen, jonka jälkeen
ryhmäanalyysi tehdään yhdistelemällä yksittäisiä tuloksia. Usean koehenkilön yhteisana-
lyysia varten on kehitetty muutamia menetelmiä, jotka hyödyntävät usean koehenkilön
mittausten tuottamaa lisääntynyttä tietoa lähdeaktiivisuuden mallintamisessa. Tämän
dipolomityön tarkoituksena on tutkia julkaistuja usean koehenkilön lähestymistapoja ja
arvioida kolmen valitun menetelmän suorituskykyä retinotooppisessa kartoituksessa.

Yksilölliset erot ihmisaivojen rakenteessa mahdollistavat teoriassa MEG:n paikan-
nustarkkuuden parantamisen. Usean koehenkilön aineistoja yhdistävien mallinnusme-
netelmien hyötyjä on tutkittu sekä simulaatioiden että todellisten mittausten avulla.
Yhteisanalyysimenetelmät vaihtelevat tulosten keskiarvoistamisesta käänteisongelmien
yhdistämiseen yhdeksi laajemmaksi regressio-ongelmaksi. Menetelmät, jotka hyödyntä-
vät usean koehenkilön mittauksia käänteisongelman ratkaisussa, perustuvat pääasiassa
bayesilaisten hyperparametrien optimointiin ryhmän kesken tai monitehtäväoppimiseen.

Työssä vertailtiin kolmea yhteisanalyysimenetelmää: eLORETA lähde-estimaattien kes-
kiarvoistuksella, pienimmän Wasserstein-estimaatin menetelmä (minimum Wasserstein
estimates; MWE) sekä MWE lähde-estimaattien keskiarvoistuksella. Tutkimusaineisto
koostui 20 koehenkilön mittauksista, jotka oli kerätty retinotooppista kartoitusta varten.

Tuloksia arvioitiin mittaamalla etäisyydet 60–100 ms välillä paikannettujen huippuar-
vojen ja primäärisen näköaivokuoren (V1) välillä. Kaikkien kolmen menetelmän tulokset
paranivat 4–7 mm alkuperäisistä 30–36 mm etäisyyksistään, kun koehenkilöiden yh-
teismäärää kasvatettiin yhdestä kymmeneen. Lisäksi huippuarvojen paikat noudattavat
paremmin tavanomaisia retinotooppisia karttoja kun koehenkilöiden määrää kasvate-
taan. Keskiarvoistettu eLORETA suoriutui kautta linjan paremmin kuin MWE. Tulokset
vastaavat aikaisempien julkaisujen tuloksia ja viittaavat siihen, että MEG:n paikannus-
tarkkuus paranee usean koehenkilön yhteisanalyysilla. Lisätutkimuksia useammalla
usean koehenkilön menetelmällä ja erilaisilla kognitivisilla tehtävillä suositellaan.

Avainsanat magnetoenkefalografia, retinotooppinen kartoitus, yhteisanalyysi,
käänteisongelma, eLORETA, pienimmän Wasserstein-estimaatin
menetelmä
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1. Introduction

The functional organization of the human brain has been a subject of

interest for centuries. Anatomical studies and lesion reports have given us

a limited view on the matter, but technological advancements in the last

100 years have expedited the pace of research considerably. An extensive

array of tools and methods have since been developed to study the brain.

Nowadays they allow us to see noninvasively into a working, healthy

brain with millisecond and -meter resolution. Especially the evolution of

structural and functional magnetic resonance imaging (MRI & fMRI) and

electrophysiological methods electro- and magnetoencephalography (EEG

& MEG) have opened new windows for more advanced brain research.

Even though MRI methods have a very good spatial resolution, they fall

short in capturing the rapid changes in the brain dynamics. The most

common form of fMRI, blood-oxygen-level-dependent (BOLD) fMRI, mea-

sures the blood oxygenation changes in response to brain activity (Glover,

2011; Soares et al., 2016). The effect is a sluggish and indirect measure of

the level of activity. EEG and MEG measure the electromagnetic fields of

the active neurons instead (Lopes da Silva, 2013). This allows for greatly

improved temporal resolution, as the changes in electromagnetic fields are

direct and immediate effects of the electrochemical activity in the cells.

Though accurate in temporal domain, the spatial resolution of the EEG

and MEG systems is limited due to anatomical and technical challenges.

The objective of visual neuroscience is to understand the connection

between visual stimuli, perception and vision-guided actions. The last

70 years of research have provided us with information on the functions

of individual cells as well as the layered and complex visual processing

pathways (Trenholm and Krishnaswamy, 2020). Tracing the signalling

paths and processing steps between the retina and higher-order cortical

areas benefits immensely from the noninvasive real-time imaging methods.
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Introduction

However, there are many unknowns, and studying the visual functions

remains challenging even with the most recent technological innovations.

For example, MEG and fMRI are lacking in either spatial or temporal

resolution and the connections between different brain regions are yet to

be fully characterized (Perry et al., 2011; Wandell and Winawer, 2011).

1.1 Problem statement

MEG systems measure the magnetic field produced by the neurons in

the brain. The measurements are influenced by source and sensor layout,

differences in tissue conductivities and several noise sources. Unlike fMRI,

magnetoencephalographic measurements do not contain any structural

information per se, hence tracing the origins of the signal is complicated.

In order to infer where the signals originated from and what their activity

dynamics were like, one has to solve what is known as the inverse problem.

100 to 300 sensors are used to measure the activity of millions of neurons

making the problem severely ill-posed. Some source orientations can also

render the sources invisible to the sensors, hence it is impossible to find a

single correct solution.

Although there is no definite solution available, an educated guess can be

made based on prior information and probabilistic assumptions. Common

priors include fixing the source locations, assuming the active cells lay

perpendicular to the cortex and minimizing the free energy of the solution.

The solutions to the problem can be categorized broadly based on their

source estimate types. Methods taking the distributed source imaging

approach model the activity of thousands of fixed source points at once,

usually resulting in distributed activity maps. The parametric methods

on the other hand attempt to localize a handful of source points anywhere

in the brain, producing very focal results. The resulting source estimates

with each approach are very dependant on the selected priors and the

inversion method.

Commonly used solutions for the inverse problem process information

from one subject at a time. Although very similar in topology, the structure

and size of the visual cortices can vary substantially between subjects (An-

drews, Halpern, and Purves, 1997; Dougherty et al., 2003). Considering

the anatomical differences and subject positioning within the MEG system,

the same functional areas are essentially measured with different param-

eters between subjects. In theory, this should add more information to
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Introduction

the inversion process and result in increased source localization accuracy

(Kozunov and Ossadtchi, 2015; Larson, Maddox, and Lee, 2014).

The objective of this thesis can be framed in three research questions:

1. What are the advantages of combining data from multiple subjects?

2. What methods are available for joint analysis of multi-subject data?

3. How do the selected joint analysis methods perform with a real-life

retinotopic mapping task?

Solving the inverse problem for a group of subjects simultaneously is

a relatively recent concept. Comparative testing of multi-subject inverse

problem solutions is restricted to the introductory publications of these

methods. The articles focus mostly on controlled simulation experiments,

but analysis of real-life performance is limited. Improving the accuracy

and reducing the uncertainty of source localization would make EEG and

MEG even more compelling alternatives to fMRI for a variety of tasks,

including visual neuroscience.

1.2 Structure of the thesis

This thesis is organized into six chapters. Chapter 2 introduces the back-

ground information on the functional organization of the visual system,

retinotopy and the core concepts of MEG. The source localization process

essentially boils down to solving the inverse problem, which is addressed

in both single-subject and multi-subject contexts. The first two research

questions are also explored in this chapter by means of a literature review.

The most suitable multi-subject analysis methods are selected to be used

in the experimental part beginning in Chapter 3.

Chapter 3 introduces the dataset used and the preprocessing steps taken

before the method comparison. A more in-depth description of the ap-

plied multi-subject analysis methods are also given in this chapter. The

descriptions include both a summary of the theoretical background and

the practical implementation used. Finally, the metrics used to quantify

source localization accuracy are described.

The results from the multi-subject method comparison are presented

in Chapter 4. The methods are evaluated by the characteristics of the

3
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produced source estimates and the distances between the peak activations

and the primary visual cortex. Peak activation charts are also compared to

established retinotopic maps of the primary visual cortex (V1) both as a

function of polar angle and eccentricity of the visual field.

Outcomes of the literature review in Chapter 2 and the method compari-

son in Chapter 4 are further discussed in Chapter 5. The data, methods

and metrics used are also analyzed in this chapter alongside the practical

considerations with the selected methods. Suggestions for future research

are then presented at the end of this chapter. A summary of this thesis is

provided in Chapter 6.

4



2. Background

This chapter gives a brief overview on the core concepts of this thesis.

First, the human visual system is introduced in Section 2.1 to outline

the general anatomy and physiology behind the experimental setup and

measurements. Section 2.2 covers the basics of magnetoencephalography

and the challenges in analyzing the acquired data. Section 2.3 describes

an integral step in the analysis process: modeling the source activity in

the brain from the sensor data. This step is commonly known as solving

the ill-posed inverse problem. Finally, Section 2.4 focuses on the group

analysis of the data and the published methods to improve MEG’s spatial

accuracy with multi-subject analysis.

2.1 Visual system and retinotopy

Retina

Visual information is gathered by the photoreceptor cells in the retina,

which convert photons of certain wavelength to electrical signals via a cas-

cade of chemical reactions. The photoreceptors in human visual system can

be divided into two categories, rods and cones, based on their sensitivity to

visible light. Rods are mainly responsible for vision in low-light conditions

(scotopic vision), as they are exceedingly sensitive and capable of register-

ing interactions with individual photons. Cones on the other hand provide

information in daylight conditions (photopic vision), as they require a lot

of photon interactions to produce a response. Humans have three different

types of cones, each of which is sensitive to different wavelengths of light

providing us with ability to perceive a spectrum of colors. The millions of

rods and cones are not equally distributed on the retina. A small area in

the center, known as the fovea centralis, has the highest density of cones
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and hence the highest visual acuity. The cone density drops significantly

towards the periphery, while the rods are much more evenly distributed

outside the fovea (Curcio et al., 1990).

In addition to photoreceptors, the different layers of the retina consist

of a variety of interneurons and ganglion cells. They combine and modify

the signals from the photoreceptors forming parallel low level processing

streams. These streams are able to extract many visual features, such as

movement, contrast and edges before relaying the information to the brain

(see e.g. Field and Chichilnisky, 2007; Schiller, 2010, for review). An es-

sential processing step is the linear and nonlinear integration of upstream

signals by bipolar and retinal ganglion cells, which encode the information

according to their receptive fields (RF). A receptive field designates the

region of the visual field from which the cell receives input and thereby

modulates the cell’s output. Usually RFs of bipolar and retinal ganglion

cells are thought to be center-surround structures similar to those depicted

in Figure 2.1.

Visual pathway from retina to the visual cortex

The retinal ganglion cells form the innermost layer of the eye, collecting

the information from the retina and relaying it forward. Their axons are

bundled together in the optic disk at the back of the eye, where they form

the optic nerve. After leaving the retina, the two halves of the optic nerve

meet in the optic chiasm located directly in front of the hypothalamus.

In the optic chiasm nasal nerve fibers cross to the other side, essentially

separating the processing of right and left visual hemifields to contralateral

structures (Figure 2.2). This split is essential for binocular vision, because

the same cortical area receives information of the same target from both

eyes (Pettigrew, 1986).

The rearranged nerve bundles leaving the optic chiasm form what is

Figure 2.1. Approximate spike-train responses of on-center and off-center retinal ganglion
cells for the different combinations of center and surround illumination.
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Figure 2.2. Simplified illustrations of the visual pathway and the representations of the
visual images on the retinas, lateral geniculate nuclei and the primary visual
cortex. The visual and receptive fields show foveal, binocular and monocular
vision with different color intensities. A: The optic nerve from the retinas
passes through the optic chiasm, where the medial fibers cross to contralateral
side. Optic tract terminates in the lateral geniculate nuclei which pass the in-
formation to the primary visual cortex through optic radiation. B: Midsagittal
section of both hemispheres visualizing the retinotopic organization on the
primary visual cortex. Calcarine sulcus marked with arrows.

known as the optic tract. Majority of the fibers leaving the optic chiasm

connect to the ipsilateral lateral geniculate nucleus (LGN) located in the

thalamus. A fraction of them are terminated at the superior colliculus

involved in directing eye and head movements and the pretectum, which

responds to changes in light level to, e.g., control the pupil size (Bear,

Connors, and Paradiso, 2007, pp. 314–315). The lateral geniculate nuclei

are arranged in six layers with each alternating layer receiving signal from

a single eye. The LGN also receives inhibitory, excitatory and modulatory

input from numerous other sources, such as the visual cortex.

The output from lateral geniculate nuclei is forwarded to the primary

visual cortex along the axon bundles known as the optic radiation. The

two halves of the optic radiation are further split in two, forming the upper

division and lower division terminating in slightly different areas of the

V1. The upper division carries the information of inferior visual quadrants

to the upper portions of the calcarine sulcus known as the cuneus, while

the lower division carries the information of superior visual quadrants to

the lower portions of the calcarine sulcus, the lingual gyrus.

7



Background

Visual cortex

The optic radiation terminates in the primary visual cortex located bilat-

erally in the calcarine sulcus on the occipital lobe. The primary visual

cortex, like other visual cortices, is organized in six distinct layers with

layer IV further diving into four sublayers. Most of the LGN output is

received on layers IVCα and IVCβ, with a fraction terminating in layers II

and III (Bear, Connors, and Paradiso, 2007, pp. 320–322). The information

from the left and the right eye remain strictly segregated on the layer

IVC, but the cells become increasingly binocular closer to the upper and

lower bounds of the cortex. The monocular cells on the layer IVC and the

binocular cells above and below with the same preferred eye form equally

spaced patches extending through the layers known as ocular dominance

columns (Hubel and Wiesel, 1977).

The distinct layers of the primary visual cortex have other functional

differences as well. The layers superficial to layer IV are connected to the

other parts of the cortex, while the innermost layers V and VI innervate the

superior colliculus, pons and the LGNs (Bear, Connors, and Paradiso, 2007,

p. 323). Connections between the consecutive visual cortices seem to follow

this layer-based connection scheme as well. The feedforward connections

to higher-up cortices originate mostly from the layers superficial to layer

IV and terminate in layer IV of the subsequent cortex, while the feedback

signals travel from layers V and VI to layers superior and inferior to layer

IV of the preceding cortex (Felleman, 1991).

From primary visual cortex the information is passed to the adjacent

visual area 2 (V2), which consists of two areas located dorsal and ventral

to the V1 on both hemispheres. Following the horizontal division from the

LGNs, each of the V2 areas handle stimuli from contralateral visual quad-

rants. This division is also observed in the dorsal and ventral portions of

the neighbouring visual area 3. The subsequent visual areas are numerous

with the majority of them encoding a visual hemifield instead of a quarter

(Wandell, Dumoulin, and Brewer, 2007).

With each step through the layers and the visual cortices, the inter-

pretation of the visual scene is formed through nonlinear integration of

feedforward information, modulated by the feedback signals. The increas-

ing complexity is seen from the very first steps taken in terms of cortical

processing. The cells in V1 have more advanced receptive fields with sensi-

tivity to orientation and motion of bar-like stimuli as opposed to the simple

8
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center-surround model of the earlier processing steps (Hubel and Wiesel,

1977). Unfortunately, studying the function of subsequent visual areas

becomes increasingly challenging as well. Already at V2 it has proved

difficult to select stimuli which would fully expose its functions (Boynton

and Hegdé, 2004).

Although the connections and functionalities of all intermediate steps

are not yet known, researchers have been able to identify multiple higher-

order functions on the visual cortex. One influential example of this is the

definition of ventral and dorsal visual streams for perception and visual

guidance of actions (Goodale and Milner, 1992). This hypothesis has since

been found lacking and partially refuted, but it still serves as a heuristic

for further studies (Schenk and McIntosh, 2010).

Retinotopy

Different areas of the visual field can be traced from the retina all the

way to the extrastriate areas of the brain. This mapping of the visual

input from nearby photoreceptors to neighbouring neurons in the visual

system is called retinotopy. Retinotopy has been mainly studied through

the means of fMRI for its good spatial resolution, but other methods such

as EEG and MEG have been used as well (Sereno et al., 1995; Sharon

et al., 2007). Figure 2.2 illustrates the approximate retinotopic mapping

of the different visual quadrants on the lateral geniculate nuclei and the

primary visual cortex.

The retinotopic map is first formed in the retina, where the different

photoreceptors see different areas of the visual field. The mapping is then

passed on as the bipolar and retinal ganglion cells funnel the information

from the receptors to the optic nerve. In the optic nerve, the mapping is

not perfectly maintained, but it is recovered before reaching the lateral

geniculate nuclei (Fitzgibbon and Taylor, 1996). There, the functional

topographies correspond to those of the retinas, with upper visual field

stimulating the inferior portion of the LGNs and the lower visual field

stimulating the superior portion of the LGNs respectively (Chen et al.,

1999; Schneider, Richter, and Kastner, 2004).

The retinotopic organization is preserved through to the primary visual

cortex, as the perceptions of upper and lower visual quadrants are trans-

ported through different parts of the optic radiation. The upper quadrants

are cast to the cuneus and the lower quadrants to the lingual gyrus re-

spectively. While the quadrants are helpful for understanding the concept,
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retinotopic maps are usually created in more detail incorporating both

eccentricity and visual angle information (Wandell, Dumoulin, and Brewer,

2007). Usually fMRI studies can reliably establish the retinotopic organi-

zation of visual areas 1–3, while the areas beyond V3 have proven to be

more challenging to map (Wandell and Winawer, 2011).

The retinotopic map of the visual area 1 depicts a visual hemifield with

clear transition over the eccentricity and polar angles. The ventral and dor-

sal areas of V2 and V3 follow this gradient and show quarters of the visual

field with reversals at area boundaries (Sereno et al., 1995). Retinotopic

maps of visual areas 1–3 are illustrated in Figure 2.3. The visual regions

stimulating a group of neurons, known as population receptive fields, have

also been shown to increase in size from V1 to V3 (Dumoulin and Wan-

dell, 2008). In total at least 10 distinct visual areas express retinotopic

organization (Wandell, Dumoulin, and Brewer, 2007).

Different regions of the visual field are not represented equally on the

visual cortex. For example, the foveal vision occupies a large surface

in the primary visual cortex considering its relatively small area in the

visual field. This concept is known as cortical magnification and it can

be quantified with the cortical magnification factor M , which measures

the cortical surface distance between two points spaced 1° apart in the

visual field (Cowey and Rolls, 1974). The level of magnification and visual

performance decreases with eccentricity, which is usually accounted for

in retinotopic mapping by scaling stimuli according to the visual angle

(Strasburger, Rentschler, and Jüttner, 2011).

Figure 2.3. Flattened illustrations of V1, V2 and V3 retinotopic maps on both hemispheres.
Based on maps published by Larsson and Heeger (2006). Left: Retinotopic
maps as a function of polar angle of the stimulus. Right: Retinotopic maps as
a function of eccentricity of the stimulus. Area of foveal vision is considerably
larger on the visual cortex compared to its size in the visual field.
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2.2 Magnetoencephalography

Magnetoencephalography is a noninvasive functional brain imaging tech-

nique which measures the weak magnetic field produced by electric neu-

ral activity. Neurons communicate with electrochemical signals causing

current flow both inside and outside the cell. Like other currents in a

conductor, the electric signal in a neuron produces a magnetic field pro-

portional to its magnitude. The field strength of a single active neuron is

too weak to be measured outside of the head, so simultaneous activity of

some tens of thousands of neurons is required for a signal to be acquired

(Murakami and Okada, 2006). The dipolar postsynaptic currents traveling

in neurons’ dendrites can be considered the main sources of the MEG

signal. Their dipolar nature and relatively slow temporal decay compared

to quadrupolar action potentials allow for better temporal summation and

increased field strength at distance.

Cell types and orientations with respect to the surface of the cerebral

cortex also set physiological constraints to MEG recordings. The measured

activity is thought to originate mostly from pyramidal cells (Okada, 1993;

Okada, Wu, and Kyuhou, 1997), which is the most abundant neuron type in

the cortex (DeFelipe and Fariñas, 1992). They have large dendritic trunks

located approximately parallel to each other and orthogonal to the surface

of the cortex. This combination enables the pyramidal cells to produce

a sufficiently strong magnetic field with synchronous activity. MEG has

the highest sensitivity for activity in the walls of the cortical sulci, as the

magnetic field above a radial source, e.g. on top of gyri, is considerably

weaker.

Registering the weak magnetic fields requires specialized sensor arrays,

which usually consist of superconducting quantum interference devices

(SQUID) immersed in liquid helium. The sensor arrays have a set of

magnetometers and gradiometers in a helmet-like configuration spanning

the whole scalp. Magnetometers measure the normal component of the

magnetic field with a single coil, while the gradiometers use two oppo-

sitely wound coils to measure the gradient of the magnetic field’s normal

component. Gradiometers can measure either planar or radial gradients

depending on the coil arrangement.

To suppress interference from outside sources, such as electrical devices

or passing cars, the MEG system is located in a magnetically shielded room

(MSR). The walls are built of layers of high conductivity and high perme-
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ability materials. Usually aluminum or copper are used for conductivity

and mu-metal alloy for permeability (Kelhä et al., 1982). The shielding pro-

vides a low-reluctance route for the magnetic field on the permeable layers,

while eddy currents are induced in the conductive layers countering the

interfering fields at higher frequencies. Additionally, the shielding can be

enhanced with an active compensation system which reduces noise with a

magnetic field opposite to the interference. The signal-to-noise ratio (SNR)

is further improved by pre-processing using spatial and frequency filtering

and stimulus averaging. Examples of such methods include independent

component analysis (ICA) and signal space separation (SSS; Taulu and

Simola, 2006).

As the magnetic field is a direct effect of electrical brain activity, the

measurements have an excellent, millisecond-level temporal resolution. In

this respect, MEG is on par with electroencephalography and has a clear

advantage over indirect functional imaging methods such as fMRI. The

spatial resolution is affected by multiple factors, yet it is fairly good at a

couple of millimeters for individual sources. Distinguishing between two

closely located active sources on the other hand requires them to have more

distance in between. For example, the thermal insulation for the liquid

helium increases the distance between the scalp and the sensors, which

lowers the SNR considerably. Lately optically-pumped magnetometers

have been tested as potential replacements for SQUIDs. They can be

operated in room temperature, which allows the sensors to be placed

directly on the scalp for improved spatial separability of active sources

(Iivanainen, Stenroos, and Parkkonen, 2017; Iivanainen, Zetter, et al.,

2019). The source depth has also an effect, with superficial sources having

the highest detection probability (Hillebrand and Barnes, 2002).

The goal of MEG analysis is to infer the location and time course of

electrical activity in the brain from the sensor data. The original source ac-

tivities and the sensor-level magnetic field are coupled through a so-called

leadfield matrix. The leadfield matrix contains the representations of unit-

strength sources on each sensor. The source-measurement relationship

can be generalized with the measurement equation, formulated as

Y = LX + ϵ. (2.1)

Here Y ∈ RN denotes the noisy measurements at N sensors, X ∈ RP

is the activity of P source points on the cortex and L ∈ RN×P is the

leadfield matrix projecting the source activity to the sensors. Finally,
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Figure 2.4. A: MEG sensor configuration with respect to the subject’s head. Each square of
this particular device contains two planar gradiometers and a magnetometer.
B: Flattened topographical map of sensor output during peak response to
a visual stimulus. C: Source space computed using MNE-python and ico4
subdivision yielding 2562 source points on each hemisphere. D: A source
estimate computed from sensor data in panel B using a minimum-norm
estimation method called eLORETA. The estimate is displayed on an inflated
cortex and the blue dot indicates the location of the peak activation.

ϵ ∈ RN denotes the noise vector, which is usually assumed to be Gaussian

distributed N (0,Σ), with noise covariance matrix Σ ∈ RN×N (Engemann

and Gramfort, 2015).

The leadfield matrix is based on assumptions on the spatial distribution

of the sources and it can be calculated in a rather straightforward fashion

with methods such as the finite element method (FEM) and the boundary

element method (BEM) (Hämäläinen and Sarvas, 1989; Meijs et al., 1987;

Thevenet et al., 1991). Estimating the source locations and timecourses

from the sensor data, however, is problematic. It requires inverting the

leadfield matrix, which is a severely ill-posed and ill-conditioned task

known as the inverse problem. Without additional information it is impos-

sible to find a unique solution for the problem.

2.3 Inverse problem

The inverse problem in MEG is inherently ill-posed, meaning that the

same sensor readouts can be produced by an infinite set of possible source

activity patterns and a unique solution cannot be found. Some source
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points might be silent or invisible to the sensors due to their orientation or

cancel each other. This is true for all volume conductors and the inverse

problem is not unique to MEG or medical imaging in general. The extreme

sensitivity of the sensors and their distance to the sources also introduce

noise and instability to the problem further complicating the analysis.

A key element in solving the inverse problem is to reduce its complexity

by constraining the solution space with prior information. Each inversion

method is based on a selection of temporal and spatial priors. One example

of the spatial priors is the creation of a viable and practical source space.

Changing the location, orientation and count of the possible source dipoles

alters their representation in the sensor space through changes in the

leadfield matrix. Usually the dipoles are placed in the brain based on infor-

mation obtained from processed structural MRI volumes. Additionally, the

source orientations can be constrained to be approximately normal to the

cortex based on the layout of the pyramidal cells. Other examples of priors

include imposing sparsity requirements on the source estimate, assuming

a level of synchronicity with neighbouring source points and selecting the

solution with minimum energy (Becker et al., 2015). Examples of a source

space and an inverse problem solution are shown in Figure 2.4.

The inverse problem solutions can be divided into two categories based on

their source configurations. The first category is the parametric approach,

in which the most likely amplitude, location and orientation of a small

number of dipoles is determined from the data. In the second category, the

distributed source imaging approach, many dipoles are distributed a priori

on fixed locations on the cortex or in a grid among the brain volume. Not

all methods adhere strictly to these categories as they have been adapted

for both sparse and distributed source configurations. For a review on the

classification and characteristics on the different methods, see e.g. Grech

et al. (2008) and Sorrentino and Piana (2017).

Parametric approach

Methods which employ the parametric approach model the source space

with a small number of point-like source points known as equivalent

current dipoles (ECD). The approach is based on the assumption that

only a few locations in the brain display significant activity at any one

time. The initial dipole positions and orientations can be either fixed or

unconstrained. Each candidate dipole represents a small patch of the

cortex and the algorithm attempts to find the dipole configuration which
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best explains the data. As the magnetic field depends non-linearly on

the position of the candidate dipoles, the parameters are usually fitted

iteratively using non-linear optimization methods.

A common way for finding well-fitting dipole parameters is to minimize

the squared residue between the measurements and the simulated mag-

netic field of the dipoles (Hämäläinen, Hari, et al., 1993; Sarvas, 1987).

The first step is to choose how many ECDs to fit and to select initial loca-

tions for them. A leadfield matrix is formed for the dipole configuration

being tested. Then, the orientations and amplitudes are adjusted until a

minimum is found. This step is repeated with different dipole locations

until a satisfactory result is obtained. The problem can be formulated

mathematically as

{R̂, Q̂, X̂} = argmin
R,Q,X

∥Bmeas −Bmodel∥2q , (2.2)

where R ∈ R3×P is the dipole location matrix, Q ∈ R3×P is the normal-

ized dipole orientation matrix and X ∈ RP is a vector containing the

dipole amplitudes. The simulated measurement with selected dipole con-

figuration, Bmodel, is defined using additional parameters L ∈ RN×3 and

ϵ ∼ N (0,Σ) ∈ RN which denote the leadfield matrix and the Gaussian

noise vector with noise covariance matrix Σ ∈ RN×N respectively:

Bmodel = L(R)QX + ϵ. (2.3)

The problem presented in Equation (2.2) is nonconvex, meaning it has

multiple local minima, complicating its solution (Darvas et al., 2004).

One alternative is to use source-scanning methods, which can be thought

as extensions of the equivalent current dipole approach. They avoid falling

to the local minima and approximate how many dipoles are needed by

systematically moving through the whole source space. For each point, they

quantify how well the dipole explains the data with the given parameters.

In the process, they also attenuate the contribution from nearby sources,

hence the name spatial filter or beamformer. Examples of such methods

include the linearly-constrained minimum variance (LCMV) beamformer

(Van Veen et al., 1997) and the related MUSIC family (Mosher and Leahy,

1999; Mäkelä et al., 2018; Schmidt, 1986).
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Distributed source imaging approach

In the distributed source imaging approach, the source space is formed

by distributing a large number of source dipoles evenly on the cerebral

mantle or in a grid spanning the whole brain volume. The locations of

these source points are fixed and their orientations are commonly set to

the surface normal. Compared to the parametric approach, the distributed

source models allow automatic analysis of extended sources and remove

the issue of selecting the dipole count and locations. Because the model is

based on a fixed source space, the leadfield matrix is known and the source

activity can be recovered by inverting the leadfield matrix. As discussed

earlier, this is an ill-posed and ill-conditioned problem which requires

regularization.

Most of the distributed source solutions are based on regularized least-

square approach similar to the Eq. (2.2). Now the dipole positions and

orientations are fixed, hence the equation is solved only for X. The ba-

sic form of the regularized least squares optimization problem can be

presented as

X̂ = argmin
X

∥Y − LX∥2q + λ2f(X), (2.4)

where λ2 > 0 is the regularization parameter weighting the selected prior

f(X). For example in the case of a L2 minimum-norm estimate (MNE;

Hämäläinen and Ilmoniemi, 1984), the least energy solution is selected

by penalizing high norms with f(X) = ∥X∥22. Assuming a Gaussian prior

distribution for X and noise vector ϵ with covariance matrices C ∈ RP×P

and Σ ∈ RN×N respectively, we can minimize Eq. (2.4) to obtain the inverse

operator W , which is then used to compute the source estimate X̂ from the

measurement Y (Dale and Sereno, 1993; Hämäläinen, Lin, and Mosher,

2010):

W = CLT (LCLT + λ2Σ)−1 (2.5)

X̂ = WY. (2.6)

While the source estimates calculated with MNE are computationally

easy, they are also very spread and biased towards superficial sources. A

common variant of the minimum-norm solution is the low resolution elec-

trical tomography (LORETA), which combines depth weighting and Lapla-
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cian operator to the regularization term (Pascual-Marqui, Michel, and

Lehmann, 1994). The LORETA method family has since been expanded

with standardized LORETA (sLORETA) and exact LORETA (eLORETA)

which, in theory, have no localization bias even in realistic noise conditions

(Pascual-Marqui, 2002; Pascual-Marqui, 2007).

Using the ℓ1 norm instead of the ℓ2 norm employed in MNE yields the

minimum current estimate (MCE), which produces more focal source es-

timates (Uutela, Hämäläinen, and Somersalo, 1999). Other examples of

the distributed source imaging approach include the mixed norm estimate

(MxNE; Strohmeier, Haueisen, and Gramfort, 2014), dynamic statistical

parametric mapping (dSPM; Dale, Liu, et al., 2000) and FOCUSS (Gorod-

nitsky, George, and Rao, 1995). The different source estimation methods

employing the distributed source imaging approach have been further

reviewed and categorized by Becker et al. (2015).

2.4 Multi-subject analysis

Neuroscientific studies involve multiple subjects to see past the individual

differences and to obtain results that can be generalized to a larger popu-

lation. For this, the subjects’ brains are assumed to be functionally similar.

All brains have some structural differences, which can be compensated

for by conducting the group analysis in a common source space. This is

usually achieved by morphing the MEG results from individual subjects

to an average cortex. Often the inverse problem is solved for individual

subjects separately and the group analysis is based on secondary inference

of their results.

The data from different subjects can be combined either through averag-

ing or statistical inference. The Larson, Maddox, and Lee (2014) article

is an example of the group averaging technique performed in a common

source space. The statistical methods used with other functional imaging

modalities, such as fMRI, PET or SPECT, can be applied to EEG and

MEG data as well. Commonly statistical parametric and nonparametric

mapping methods are used (Chau et al., 2004; Kilner and Friston, 2010;

Nichols and Holmes, 2002).

Although intuitive and relatively simple to implement, this strict division

between the subject- and group-level analysis is unlikely to leverage the

full potential of multi-subject datasets. In theory, inter-subject differences

in brain structure and stimulus responses introduce additional variation in
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the data which could be used to improve the source estimates of individual

subjects. One example of including this variation to the individual inverse

problems works by optimising the hyperpriors of a hierarchical Bayes

model based on pooled information (Henson et al., 2011; Litvak and Friston,

2008).

The individual solutions can be coupled even further. Recently the ap-

plicability of multi-task learning (MTL) methods has been studied in the

context of electrophysiological brain imaging. In this case, each task refers

to an individual subject under a single condition instead of a task per-

formed during the measurement. These methods combine the inverse

problems into one, estimating the source locations for all subjects simulta-

neously. Naturally this makes the numerical calculations more resource

intensive, but they can utilize all of the available information for pursu-

ing more accurate and universal results. The source estimates are still

formed for individual subjects, so aforementioned averaging and statistical

methods can be applied afterwards.

Combining all leadfield matrices into one set of linear equations implies

strict functional correspondence between the subjects. It is an unreason-

able assumption, hence an additional relaxation or modeling parameter

is needed. A recently published MTL-based solution by Janati, Bazeille,

et al. (2020) relaxes this requirement through an optimal transport (OT)

cost function. As the OT problem is defined using Wasserstein distances,

the model is called minimum Wasserstein estimates (MWE). The method

favors strong and focal source estimates over spread estimates.

Instead of operating on complete leadfield matrices and source spaces,

pre-defined regions of interest (ROI) can be used for the calculations. For

example the MEG implementation of group lasso (Lim et al., 2017) uses

subject-specific ROIs obtained with fMRI localizer tasks. The method es-

sentially solves whether the ROIs on all subjects are active or not through

majority vote. The all-or-none nature might not capture the individual dif-

ferences very well and the ROI size has an effect on the spatial resolution.

Dirty model is a generalized version of the group lasso method, where the

estimated source point activities comprise of a subject-specific component

and a group component (Jalali et al., 2010). This relaxes the constraint of

identical activation locations for each subject. Yet another method utilizing

the leadfield matrix stacking approach is GALA (Kozunov and Ossadtchi,

2015). The source estimate is based on iterative hyperparameter search

for multiple fixed covariance matrices. These matrices impose the inter-
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subject similarity constraints while maintaining the activity specific to

individuals.

An encouraging quantification of the improved accuracy can be found

in the introductory article of the GALA method (Kozunov and Ossadtchi,

2015). The authors found threefold increase in stacked leadfield matrix

rank when nine subjects are considered simultaneously instead of one.

While the inverse problem is still very underdetermined, the increase in

matrix rank can be seen as an increase in information content. Larson,

Maddox, and Lee (2014) hypothesized that the point spread functions of

the actual sources would primarily overlap on the true source location,

hence an accurate result could be obtained through a simple average in the

canonical source space. The localization accuracy was improved by roughly

5 mm by averaging the data of five subjects, supporting this hypothesis.

Similar results were also reported by Janati, Bazeille, et al. (2020). In

their simulations the localization error was reduced by about 4 mm with

multi-subject inverse solvers.
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3. Research material and methods

This chapter describes the dataset, the analysis methods and the metrics

used in this thesis. The first two sections address the multifocal stimulus

used in the retinotopic MEG data collection, the details of the analyzed

dataset and the preprocessing steps taken before the formal analysis. The

applied inverse problem solutions are then discussed in both theoretical

and practical contexts. The final section introduces the methods used for

comparing the source localization and retinotopic mapping performance of

the three inverse problem solutions.

3.1 Dataset

The MEG and structural MRI data used in this thesis had been previously

collected in collaboration with the University of Helsinki at the MEG Core

and AMI Centre, Aalto University, Finland. The data includes recordings

collected from 20 volunteers (15 females) aged between 19 and 29 with no

known neurological aberrations.

The visual stimulus used in the dataset is a modified version of the

dartboard stimulus used by Henriksson et al. (2012) in an fMRI study. It

consists of 24 regions arranged in three rings of eight wedges. During

the measurements the participants had been instructed to press a button

when the color of a fixation point in the middle of the screen changes. Each

section flashed 258 times during each of the seven runs, totaling 1806

flashes per stimulus region altogether. One run had been excluded for

two subjects due to problems during the measurements. The stimulus is

visualized in Figure 3.1.

The structural MRI data had been collected with a 3-T whole-body MRI

scanner (MAGNETOM Skyra; Siemens GmbH, Erlangen, Germany) and a

30-channel head coil. Two MRI images were taken per subject for a higher
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Figure 3.1. Visual description of the stimuli used in the analyzed dataset. Left: Stimulus
region numbering. The stimulus consists of three rings of eight wedges to
include both angle and eccentricity in the analysis. Center and right: Two
frames of the multifocal stimulus.

SNR and more optimal segmentation results. T1-weighted sequence was

used for both images with a repetition time of 2530 ms, echo time of 3.3

ms and a slice count of 176. With field of view of 256 mm and acquisition

matrix of 256 × 256 voxels, the voxel size was 1 mm3.

The MEG data had been acquired using a 306-channel system (Vec-

torview; Elekta Neuromag, MEGIN Oy, Helsinki, Finland) at a sampling

frequency of 1000 Hz. The incoming signal was band-pass filtered between

0.1 and 330 Hz during the acquisition. The MEG system was installed in a

3-layer magnetically shielded room (Imedco AG, Hägendorf, Switzerland).

To enable head movement correction, a continuous head position indicator

coil arrangement was used. Anatomical landmarks were collected with a

Fastrak system (Polhemus, Inc., Colchester, VT, USA) for MEG-MRI coreg-

istration. The stimuli were projected through a hole in the MSR’s wall onto

a back-projection screen in front of the subject with a 3-DLP projector. The

stimulus control software used was PsychoPy 1.82.01 (Peirce, 2007).

3.2 Preprocessing

The dataset was provided as a preprocessed collection of average evoked

responses for each stimulus and subject. Each evoked response consisted of

500 equally distributed samples between 50 ms before and 450 ms after the

stimulus onset. Maxwell filtering, movement compensation and temporal

signal space separation (tSSS; Taulu and Simola, 2006) had been applied

to the raw MEG data using MaxFilter 2.2 (Elekta Oy, Helsinki, Finland).

Eye blink artefacts had then been removed with ICA and a lowpass filter

with a cutoff frequency of 45 Hz had been applied in FieldTrip toolbox

(Donders Centre for Cognitive Neuroimaging, Nijmegen, Netherlands).
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The MEG data had also been coregistered with the MRI images.

As the multifocal retinotopic mapping method activates multiple stimu-

lus areas at once, their individual sensor-level responses had been identi-

fied and separated using a general linear model (GLM). The model’s finite

impulse response (FIR) basis functions covered the analyzed time window

from -50 to 450 ms from stimulus onset. The GLM is formed by minimizing

the error e by adjusting the regressor weights b in Equation 3.1, where

y contains the measurement data for one MEG channel and X portrays

the design matrix with stimulus onsets and temporally shifted FIR basis

functions.

y = Xb+ e (3.1)

The modeling had been done using proprietary tools developed by the

neuroimaging methods group (Aalto University, Finland) in MATLAB

(Mathworks, Natick, MA, USA). An equivalent of baseline correction is

applied during the formation of the GLM via constant-valued regressors

which estimate the mean signal level for each run. Descriptions of similar

approaches to the stimulus and the response model can be found in the

publications by Henriksson et al. (2012) and James (2003). All further

processing and analysis steps were performed using MNE-Python 0.22.0

(Gramfort et al., 2013) unless stated otherwise. The preprocessed evoked

response matrix from MATLAB was converted into a set of MNE-Python’s

evoked response objects. Noise covariance matrices were computed for

each subject using resting-state recordings obtained before the stimulus

runs.

The scalp, skull and brain meshes had been segmented from the T1-

weighted MRI images using FreeSurfer version 6.0.0 (Martinos Center

for Biomedical Imaging, Charlestown, MA, USA). The one shell BEM

solutions were acquired using MNE-Python and tissue conductivity of 0.3

S/m. To ensure similar dipole configuration between the subjects, the same

template source space was used for all subjects. First, the template source

space was created for the FreeSurfer’s fsaverage mesh using source spacing

ico4, producing 2562 source points per hemisphere. The fsaverage source

space was then morphed to each subject’s individual anatomy by matching

the sulci and gyri patterns of the inflated surfaces on an intermediate

spherical surface (Fischl, Sereno, and Dale, 1999).
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3.3 eLORETA and source-space averaging

For the comparison baseline, an analysis pipeline was implemented with

individual inverse solutions using exact low resolution brain electromag-

netic tomography (eLORETA; Pascual-Marqui, 2007) and group averaging

in source space. The improvement in source localization accuracy by aver-

aging the results from a group of subjects was first quantified in an article

by Larson, Maddox, and Lee (2014). In the article the authors hypothesized

that averaging would yield improved source localization results on group

level through point spread function overlap near the true activation sites.

Although the original article utilized sLORETA for the inverse solution,

eLORETA was selected for its more focal source estimates, suppression of

less significant sources and comparable or better performance (Jatoi et al.,

2014; Samuelsson et al., 2021).

The eLORETA inverse operator W is defined using an iteratively solved

diagonal weighting matrix D ∈ RP consisting of individual weights di for

each source point i:

W = D−1LT (LD−1LT + λ2Σ)−1 (3.2)

di =
1

x0

√︂
LT
i (LD

−1LT + λ2Σ)−1LT
i . (3.3)

The addition of the term 1
x0

with x0 = 1 Am was done to set the unit of D

to 1 / Am2 as noted by Samuelsson et al. (2021). The inverse operator can

then be used to fetch the source estimate X̂ from the sensor data Y :

X̂ = WY. (3.4)

The regularization parameter λ2 was determined using an estimated SNR

of 2 and Formula 3.5.

λ2 =
1

SNR2
(3.5)

The individual source estimates for each subject were morphed to the

fsaverage mesh to match the dipole locations between subjects. An arith-

metic mean of the morphed source estimates was then calculated with 1, 5,

10, 15 and 20 subjects for each stimulus. The subjects were analyzed in

numerical order, in other words the 5-subject average includes Subjects

1–5 while the 10-subject average consists of Subjects 1–10. The averages
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were computed from absolute values.

3.4 Minimum Wasserstein estimates

The minimum Wasserstein estimates (Janati, Bazeille, et al., 2020) cast

the inverse problem as a multi-task regression problem, solving the source

estimates for all subjects simultaneously. Even though the inverse solution

is computed as one large operation, the source estimates for different

subjects have individual signatures. In this thesis, these subject-specific

source estimates are referred to as single-subject MWE. Similar to the

eLORETA-based pipeline, the source spaces for each subject are created

by morphing the fsaverage source space to match each subject’s anatomy.

The source estimates were calculated with 1, 5, 10, 15 and 20 subjects.

Averaging the single-subject minimum Wasserstein estimates was se-

lected as the third method in the comparison to see the effects of averaging

on sparse estimates. The minimum Wasserstein estimates contain both

positive and negative source amplitudes. To prevent opposite dipole mo-

ments from cancelling each other out, the averages were calculated on

absolute values. The subjects were analyzed and averaged in the same

numerical order as with eLORETA.

A basic multi-task learner assumes an exact functional correspondence

between the subjects, which is an untrustworthy prior. In MWE this corre-

spondence is relaxed by defining a regularization component which aims

to minimize the Wasserstein distance between the activation barycenters.

The minimum Wasserstein estimate is defined as

X̂
1
, ..., X̂

S
= argmin

X1,...,XS

S∑︂
s=1

1

2n
∥Y s − LsXs∥22 +Ω(X1, ..., XS), (3.6)

where the regularization function Ω is defined with two components. The

first component controls the sparsity of the source estimates with an ℓq

norm. The second component controls the spatial variance between the

subjects through averaged Wasserstein distances Ŵ between the source es-

timates Xs and their barycenter X̄. A generalized form of the Wasserstein

distance is used, allowing for both positive and negative source amplitudes:

Ω(X1, ..., XS)
def
= λ ∥Xs∥qq + µmin

X̄

1

S

S∑︂
s=1

Ŵ (Xs, X̄). (3.7)
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Figure 3.2. The relationships between MWE hyperparameters and average active source
points for one stimulus. Left: Plot of the spatial variance hyperparameter µ
exhibits the transition value µmax between 15 and 20, after which the source
estimate loses sparsity. Right: The sparsity hyperparameter λ shows similar
behaviour to µ with a clear sparsity threshold at approximately 0.55.

The original publication tested both q = 1 and q = 0.5 with the latter

producing more accurate results in simulations, hence it was selected for

testing in this thesis. The main tuning hyperparameters of the minimum

Wasserstein estimates are the λ and µ, which control the sparsity and

spatial variance between the subjects respectively. Optimizing the spatial

variance hyperparameter is based on finding the value µmax, after which

the source estimate is no longer sparse and spreads over the cortex. The

source estimate is relatively stable for values under µmax as demonstrated

in Figure 3.2. Here a modified binary search capable of finding the upper

limit was used to find µmax. Following the suggestion of Janati, Bazeille,

et al., µ was set to 1
2µmax as a safe heuristic. A detailed explanation of the

parameter search algorithms is included in Appendix A.

λ is determined as a fraction of the theoretical λmax =
∥LTY ∥∞

n , after

which the inverse solution should be uniformly 0 (Janati, Bazeille, et

al., 2020). According to Janati, Bazeille, et al. the null estimate is not

theoretically guaranteed with λ = λmax and such behavior was not observed

during the analysis. As with µ, a modified binary search is employed

to find the value for λ ∈ [0, 1] for which a suitable number of source

points are active on average. A target of 2 active points per subject was

used for unilateral stimuli and 4 for stimuli on the vertical meridian,

which were expected to cause bilateral activations. The numbers were

selected based on the complexity of the topographic maps. The relationship

between λ and average active source points is plotted in Figure 3.2. These

hyperparameters vary per stimulus and have to be optimized individually

for each case.

Additionally the entropy regularization and marginal relaxation of Ŵ

can be controlled with hyperparameters ϵ and γ. In practice these hyperpa-

rameters have an effect on the smoothness of the results and the speed of

model convergence (Janati, Bazeille, et al., 2020). They were given values
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of ϵ = 5
3P and γ = 1 based on the original publication.

The minimum Wasserstein estimate can also be augmented with esti-

mation of subject-specific noise level with a standard deviation of σs. The

optimization problem then becomes

min
X1,...,XS

σ1,...,σs

S∑︂
s=1

1

2nσs
∥Y s − LsXs∥22 +

σs

2
+ Ω(X1, ..., XS). (3.8)

However, the concomitant noise level estimation resulted in parameter

optimization problems and the preliminary results indicated comparative

estimation performance with the simplified MWE. Using the concomitant

noise estimation led to lower µ and λ values and introduced more numerical

instability. For these reasons the simplified method with no noise level

estimation and more favorable tuning characteristics was used.

The minimum Wasserstein estimates, along with a handful of other

multi-task regression methods, is implemented in the MuTaR package for

Python (Janati, 2021). An MEG and EEG -friendly interface for generalized

MuTaR solvers is provided by the GroupMNE package (Janati, Massich,

and Gramfort, 2020). The GroupMNE package also includes pre-processing

functions necessary to prepare the data for the source estimation. Version

0.0.1 of GroupMNE and version 0.0.1 of MuTaR were used. Required

storage and computational resources were provided by the Science-IT

project of Aalto University School of Science.

3.5 Evaluation of source localization accuracy

The source estimation accuracy of each method was evaluated using three

metrics: average peak–V1 distance, polar angle -based retinotopy and

eccentricity-based retinotopy. The metrics are based on an assumption

that the primary visual cortex is responsible for the earliest activation

peak seen in the evoked responses. This assumption is supported by the

results from numerous EEG studies, which mostly agree that the peak

between 60 and 100 milliseconds can be attributed to the V1 (Di Russo

et al., 2002).

The exact timing of the peaks was first computed for all subjects and

stimuli individually. A median value was then calculated for each subject

using the peak times of the stimuli. Values overlapping with the 60 and

100 ms borders were excluded from the median calculation, as they were

likely not the V1 peak but either a point on a slope or a mix of V1 and
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subsequent visual cortices. These subject-specific median time points were

then used in all source estimations. Overall median peak timing was 83

ms with standard deviation of 9 ms. Medians and standard deviations for

each subject can be found in Appendix B.

Quantitative analysis was performed by measuring the average geodesic

distance between the peak activations of each stimulus and the vertices of

a primary visual cortex label. The global peak was selected as the peak

activation location for unilateral stimuli while one peak from each hemi-

sphere were selected for stimuli on the vertical meridian. The locations

of primary visual cortices of individual subjects were approximated based

on the location of the calcarine sulcus and cortical folding patterns (Fischl,

Rajendran, et al., 2007). In FreeSurfer nomenclature these anatomy-based

labels are known as exvivo labels. More accurate labels based on retinotopic

maps created manually from fMRI data were also considered. Examples of

V1 labels obtained with these two different approaches are visualized in

Figure 3.3.

To see if the label choice has an effect on the results, a set of median peak

activation–V1 distance calculations were performed on both labels. The

results are shown in Table 3.1. The absolute distances with the anatomical

label are almost 50% higher compared to fMRI, but the trend and relative

change with increased subject count is very similar between the two. Most

of the method comparisons were also made using the fsaverage mesh,

which had no fMRI labels available. Taking these aspects into account, the

anatomical label was deemed a suitable alternative for the manual label.

Especially with higher visual areas an accurate label would be preferred,

but it would also require calculating a retinotopic map for an average

cortex.

Anatomical fMRI

Figure 3.3. Two labels considered for calculation of the distance metrics displayed on
Subject 1’s inflated cortex. Left: Primary visual cortex label automatically
generated by FreeSurfer based on anatomical information. Right: An accu-
rate V1 label created manually based on the subject’s retinotopic map which
had been obtained using fMRI.
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N Anat. mdn Anat. std fMRI mdn fMRI std

1 48.0 10.8 32.5 14.3

5 41.1 –14% 8.4 –22% 27.5 –15% 11.2 –22%

10 41.1 –14% 9.5 –12% 28.1 –14% 12.2 –15 %

15 41.7 –13% 10.0 –7% 27.0 –17% 12.6 –12 %

20 40.8 –15% 7.6 –30% 26.5 –19% 9.2 –36%

Table 3.1. Comparison of peak activation–V1 distance metrics with anatomical and fMRI-
based V1 labels. Values are calculated from single-subject MWE peaks on
Subject 1’s cortex mesh. The N = 1 numbers are considered as the baseline
and the relative changes are calculated with respect to these baseline values.
All numbers are presented in millimeters.

Qualitative analysis of the localization accuracy was then performed

by visually inspecting the peak locations plotted on the fsaverage mesh.

The plots also included borders of the V1 label to assist interpretation of

the peak locations. The results were compared to a simplified retinotopic

map similar to Figure 2.3. The analysis mainly focused on assessing

the relative order of the peaks. This inspection was done for both polar

angle and eccentricity plots of 1, 5, 10, 15 and 20 averaged subjects. Each

peak activation foci was colored based on either the stimulus angle or

eccentricity. Color maps used in this analysis are shown in Figure 3.4.

Figure 3.4. Color maps and section numbering used for the visual analysis of the local-
ization accuracy. Left: Color map based on the polar angle of the stimulus.
Right: Color map based on the eccentricity of the stimulus.
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4. Results

This chapter covers the findings of the multi-subject method comparison.

The objective of the method comparison was to study the effects of multi-

subject analysis on source estimates and peak localization accuracy and

to see how the selected methods perform in a retinotopic mapping task.

The source estimates computed with averaged eLORETA, single-subject

MWE and averaged MWE are presented first. Then, the results of the peak

localization accuracy measurement are presented in Section 4.2. The final

Section 4.3 visualizes the results of the retinotopic organization analysis.

4.1 Comparison of source estimates

The source estimate comparison is carried out mainly by examining the

estimates for two stimulus sectors with 1, 10 and 20 subjects. A stimulus

in the middle of the upper left visual quadrant (sector 16) and a stimulus

on the upper vertical meridian (sector 15) were selected for the compari-

son. Additionally, 20-subject plots of all 24 stimulus areas for the three

compared methods can be found in Appendix B. Based on literature and

earlier retinotopic mapping studies, the unilateral stimulus in sector 16 is

expected to activate the lower portion of the right calcarine sulcus. With

sector 15 on the vertical meridian the peak locations are expected to be

located bilaterally on the lower half of the calcarine sulcus.

eLORETA and source-space averaging

Source estimates computed using eLORETA and MWE have notably dif-

ferent properties. Similar to other minimum-norm solutions, eLORETA

produces widely spread estimates consisting of positive values as seen in

Figure 4.1. The individual source estimates for unilateral and vertical

meridian stimuli cover large areas of the occipital and parietal lobes of
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eLORETA & AVG

Sector 16 Sector 15

1

10

20

Figure 4.1. Source estimates computed using eLORETA and source-space averaging for
one, 10 and 20 subjects. All estimates are plotted on an inflated fsaverage
mesh with no thresholding. V1 and the peak activation locations are marked
with green. Left column: Source estimates for a stimulus in the middle of the
upper left visual quadrant. Right column: Source estimates for a stimulus
on the upper vertical meridian. See Appendix B Figure B.1 for all 20-subject
estimates.

both hemispheres. The single-subject peak location for sector 15 is close

to its expected location on the right occipital lobe, but the peak localizes

a small distance away from the V1 border. Increasing the subject count

from one to ten moves the peak location inside the primary visual cortex

and the location remains unchanged in the 20-subject estimate. With 10

and 20 subjects the estimated amplitudes are also increased and the lower

V1 is clearly highlighted in the estimates. Even though the stimulus is

expected to mainly activate the right hemisphere, a high level of activity is

also estimated on the left hemisphere.

Similar results are seen with the stimulus sector 15 in the middle of the

upper vertical meridian. With one subject the estimate is quite evenly
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spread and the peaks are located on the upper border of V1 on the left and

near the occipital pole on the right hemisphere. The 10-subject estimate

is more focused on V1 and the peaks have moved closer to their expected

locations in the middle of the inferior V1. The 10- and 20-subject results

are very similar, with the latter having slightly increased activation levels

around the primary visual cortex. The peak locations are also shifted down

by a couple of millimeters to the lower border of V1. The activation levels

are very similar between the 1-, 10- and 20-subject estimates.

Single-subject MWE

Single-subject minimum Wasserstein estimates for a unilateral and a ver-

tical meridian stimulus are presented in Figure 4.2. All source estimates

computed with MWE are very focal and potentially bipolar. As with the

classic minimum current estimates, the sparsity is a natural consequence

of the ℓ1 norm. Sparsity is also enforced by the parameter optimization

method, which targets a certain number of active source points. The same

sparsity target was used for each solution, therefore including more sub-

jects in the inverse problem solution doesn’t change the spatial extent of

the estimates. While the peak dipole moments estimated by eLORETA

are all in the same vicinity at around 1–2 · 10−11 Am, the MWE values

vary by a large margin. The majority of the MWE dipole moments have a

magnitude between 1 · 10−6 and 1 · 10−8 Am depending on the complexity

and spread of the source estimates. Occasionally the dipole moments are

estimated to have a magnitude of 1 Am.

Similar to the eLORETA result, the single-subject peak for sector 16 is

located below V1 on the right hemisphere. Some activity is also predicted

on the left hemisphere despite the unilateral stimulus. Including more

subjects in the inverse solution focuses the activity on the right hemisphere

and moves the location of the peak activation inside the borders of the

primary visual cortex. The level of activation is estimated to be lower

with more subjects. The single-subject peak locations for sector 15 are

also similar to the eLORETA counterpart. The peaks are located near the

upper border of the left V1 and close to the occipital pole on the right. With

10 subjects the left peak moves closer to the expected location in the center

of the lower calcarine sulcus. The best result is obtained with 20 subjects,

as the right peak also moves close to the expected position.
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Single-subject MWE
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Figure 4.2. Single-subject source estimates computed using MWE for one, 10 and 20
subjects. All estimates are plotted on an inflated fsaverage mesh with no
thresholding. V1 and the peak activation locations are marked with green.
Left column: Source estimates for a stimulus in the middle of the upper
left visual quadrant. Right column: Source estimates for a stimulus on
the upper vertical meridian. See Appendix B Figure B.2 for all 20-subject
estimates.

MWE and source-space averaging

Source estimates computed by averaging the single-subject minimum

Wasserstein estimates are displayed in Figure 4.3. Averaging data from

multiple subjects induces some blurring and extends the active region,

as the strong and focal single-subject estimates do not overlap perfectly.

The averages were calculated using absolute values, as it improves the

localization accuracy slightly and hence no negative values are present.

With this distinction the single-subject results for both stimuli are the
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MWE & AVG
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Figure 4.3. Source estimates computed using MWE with source-space averaging for one,
10 and 20 subjects. All estimates are plotted on inflated fsaverage mesh with
no thresholding. V1 and the peak activation locations are marked with green.
Left column: Source estimates for a stimulus in the middle of the upper
left visual quadrant. Right column: Source estimates for a stimulus on
the upper vertical meridian. See Appendix B Figure B.3 for all 20-subject
estimates.

same as in the single-subject MWE results shown in Figure 4.2.

For the unilateral stimulus in sector 16 the 10- and 20-subject results are

very similar to their counterparts in the single-subject plots. The activity

is concentrated by the lower border of the right V1 and the active area

remains relatively small. This indicates that the source estimates for

individual subjects are very similar to each other. Results for the vertical

meridian stimulus in sector 15 show a different kind of progression from 1

to 10 and from 10 to 20 subjects. The 10-subject peaks are estimated to be

located near the upper border of V1 and further from the expected location
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compared to the single-subject result. With 20 subjects the peak on the

right hemisphere is placed approximately in the correct spot while the left

hemisphere peak remains in the incorrect spot. The active area on the left

hemisphere fills a large portion of the highlighted region indicating a large

difference between the individual source estimates.

4.2 Peak activation–V1 distances

The quantitative analysis was performed by measuring the geodesic dis-

tances between the peak activations and the V1 label. All source estimates

were morphed onto the fsaverage mesh to allow for easier comparison of

the methods. Results of these measurements are presented in a numerical

form in Table 4.1 and plotted in Figure 4.4. Additionally, the number of

outliers for each method is collected in Table 4.2. Peaks were considered

outliers if the distance between the peak and the V1 label was over 100

mm or the peak was located on the wrong hemisphere. They were excluded

from the statistics, as the geodesic distance between two points on different

hemispheres cannot be calculated. The amounts of outliers have no clear

correlation with subject count and the outlier counts are practically the

same between the methods.

The mean, median and standard deviation statistics decrease for all

methods when the number of subjects is increased from one to ten. After

ten subjects the mean and median numbers either stay the same or in-

crease slightly, but the standard deviations decrease further with 15 and

20 subjects. The largest changes in these values generally occur between

one and five subjects. An exception to this is the significant drop of 2.7 mm

(41%) in averaged MWE’s standard deviation between 15 and 20 subjects.

Median distance is a more robust metric for the localization accuracy

compared to mean, as it is less affected by the individual points far away

from the target label. The largest relative reduction in median distance

between one and five subjects was measured with single-subject MWE,

for which the improvement was 5.8 mm (16%). Averaged MWE median

improved by 5.4 mm (14.9%) and averaged eLORETA median by 2.7 mm

(9.1%). With ten subjects the reductions in median distances compared to

individual solutions are 5.6 mm (15.5%) for single-subject MWE, 7.2 mm

(19.9%) for averaged MWE and 4.4 mm (14.9 %) for averaged eLORETA.

Introducing more subjects into the analysis also moves the peaks closer

to each other as seen in the standard deviation values. The biggest change
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Figure 4.4. Geodesic distances between peak activations and the V1 label. Each dot
represents one of the 24 areas in the visual stimulus and the group medians
are drawn with a cross. Peaks localizing over 100 mm away from V1 or on
the wrong hemisphere are considered outliers. Left: Distances for eLORETA
with source-space averaging. Center: Single-subject results for minimum
Wasserstein estimates. Right: Averaged results using minimum Wasserstein
estimates.

is observed with averaged eLORETA, for which the standard deviation

decreases by 7.5 mm (56%) when subject count is increased from one to five.

A more modest, yet significant improvement is seen with the single-subject

and averaged minimum Wasserstein estimates. Including five subjects

instead of one reduces their standard deviations by 1.6 mm (18.6%) and 1.3

mm (15%) respectively. Moving from five to ten subjects shows little change

in the standard deviations, but including 20 subjects yields considerable

improvements for all methods. The differences between 10 and 20 subjects

are 1 mm (20%) for eLORETA, 1.4 mm (17.9%) for single-subject MWE

and 3.7 mm (48%) for averaged MWE.

eLORETA & AVG Single-subject MWE MWE & AVG

N mean mdn std mean mdn std mean mdn std

1 33.4 29.5 12.6 36.0 36.1 8.6 36.0 36.1 8.6

5 27.7 26.8 5.5 31.6 30.3 7.0 32.2 30.7 7.3

10 26.8 25.1 5.1 32.1 30.5 7.8 30.6 28.9 7.6

15 26.4 25.3 4.1 33.1 33.7 8.2 31.6 31.1 6.6

20 26.6 25.4 4.1 31.9 30.5 6.4 29.9 28.9 3.9

Table 4.1. Mean, median and standard deviation statistics of the average geodesic dis-
tances between the peak activation and V1 for the three methods. All numbers
are presented in millimeters.

35



Results

N 1 5 10 15 20

eLORETA & AVG 2 2 1 2 1

Single-subject MWE 3 2 0 2 3

MWE & AVG 3 2 0 1 1

Table 4.2. Outlier count for each method and number of included subjects. Peaks were
considered outliers if they were either 100 mm away from V1 or on the wrong
hemisphere.

4.3 Peak activation locations

The retinotopic organization of peak activation locations was examined

by plotting the peak locations on an inflated cortex and coloring them

based on their polar angle and eccentricity as shown in Figure 3.4. A

single global peak was selected for unilateral stimuli while the vertical

meridian stimuli were given one peak per hemisphere. Peak locations

from averaged eLORETA source estimates are visualized in Figure 4.5

followed by single-subject minimum Wasserstein estimates in Figure 4.6.

The peaks of averaged MWE are plotted in Figure 4.7. The polar angle

and eccentricity plots were compared to retinotopic maps from previous

studies. In an ideal situation the polar angle maps would mirror the color

wheel both vertically and horizontally. Correspondingly, the eccentricity

maps would consists of three distinct stripes with foveal sectors near the

occipital poles.

eLORETA and source-space averaging

The single-subject results of averaged eLORETA do not resemble the

expected retinotopic organization. Apart from two outliers the peaks are

located on correct hemispheres, but individual colors are scattered around

the occipital lobe. A considerable improvement is seen already with 10

subjects, as the peaks on the left hemisphere of the polar angle chart

form a gradient, which mirrors the color wheel for the most part. The left

hemisphere in the eccentricity map also displays sensible organization with

a couple of mislocated peaks. The right hemisphere remains somewhat

cluttered in both the polar angle and the eccentricity charts.

The results are further improved by averaging data from 20 subjects.

All but one foci are on the correct hemisphere and nearly all of the peaks

are gathered inside the V1 borders. The peaks form clear color bands on

the left hemisphere in both polar angle and eccentricity plots, although a
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eLORETA & AVG
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Figure 4.5. Peak activation locations for each stimulus area using averaged eLORETA
with 1, 10 and 20 subjects. Left column: Peak charts based on the polar
angle of the stimulus. Unilateral wedges Right column: Peak charts based
on the 3-level eccentricity of the stimulus.

couple of points seem to be slightly off from their expected locations. As

with one and ten subject results, the localization accuracy on the right

hemisphere falls short of the left hemisphere. Regardless, the best results

on both hemispheres are obtained with 20 subjects.

Single-subject MWE

With one subject, the peaks of single-subject MWE are distributed over a

larger area compared to eLORETA. The peak charts do not demonstrate

any clear organization in terms of polar angle or eccentricity. The transition

from one to ten subject results is somewhat similar to that of averaged

eLORETA. The peaks are located much closer to V1 and majority of them

are placed inside the label’s borders. Improvement is seen especially on
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Single-subject MWE
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Figure 4.6. Single-subject peak activation locations for each stimulus area using MWE.
Left column: Peak charts based on the polar angle of the stimulus. Right
column: Peak charts based on the 3-level eccentricity of the stimulus.

the left hemisphere as the yellow and orange peaks concentrate on the

lower part of V1 while the violet and magenta points are mainly found near

the upper border of V1. The level of organization falls short of averaged

eLORETA with the same subject count and the right hemisphere stays

mostly cluttered.

The 20-subject charts do not show much improvement compared to ten

subject results and the number of outliers is notably increased. The left

hemisphere seems slightly less organized compared to the 10-subject charts.

Only a slight improvement is seen in the polar angle charts with 10 and

20 subjects compared to an individual subject. A clear eccentricity chart is

not established at any subject count.
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MWE & AVG
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Figure 4.7. Peak activation locations for each stimulus area using averaged minimum
Wasserstein estimates. Left column: Peak charts based on the polar angle of
the stimulus. Right column: Peak charts based on the 3-level eccentricity of
the stimulus.

MWE and source-space averaging

The one-subject baseline for averaged minimum Wasserstein estimates is

very similar to eLORETA and single-subject MWE. The peak activation lo-

cations are distributed on the occipital lobe and the peaks are unorganized.

Increasing the subject count from one to ten brings the peaks closer to the

primary visual cortex and the locations start to exhibit limited retinotopic

organization especially on the left hemisphere. Compared to single-subject

MWE, the 10-subject chart for the left hemisphere is more disorganized

while the peaks on the right hemisphere are closer to their expected loca-

tions. The eccentricity charts are also marginally improved by averaging

the source estimates.

The polar angle -based organization is further improved by increasing
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the subject count to 20, but the change is not reflected in the eccentricity

plots. Similar to the 10-subject charts, averaged MWE with 20 subjects

performs slightly worse on the left hemisphere compared to single-subject

MWE. The peaks on the right hemisphere on the other hand follow the

expected pattern more closely. With averaged MWE only very limited

distinction between foveal and peripheral vision can be interpreted from

the eccentricity plots at any subject count. A large portion of the 20-subject

peaks are also located on the V1 borders. Increasing the subject count

from one to ten improves the results, but the effect is mainly limited to

this interval.

40



5. Discussion

The results from the literature review and the method comparison are

consolidated and discussed in this chapter along with general observations

made during this project. The first section focuses on answering the

three research questions presented in the introduction. The three tested

multi-subject analysis methods are then compared in the second section,

supported by an extended discussion on the usability of MWE in Section

5.3. Selected evaluation methods, settings and the retinotopic mapping

task in general are reflected in Section 5.4 followed by suggestions for

future research in Section 5.5.

5.1 Multi-subject source estimation

The purpose of this thesis is to explore the methods for multi-subject source

estimation and to evaluate their expected advantages and performance.

A number of methods were found, ranging from simple source estimate

averaging to multi-task learning and group optimization of Bayesian hyper-

parameters. The authors of these methods hypothesized and demonstrated

that combining data from multiple subjects improves the source local-

ization accuracy. For example, Larson, Maddox, and Lee (2014) tested

both simulated and real-world scenarios using sLORETA and source-space

averaging. In their simulations the localization accuracy improved by

around 35–40% by increasing the subject count from 1 to 20. In a realistic

experiment the authors localized auditory N100 responses. The centroid

error was decreased by about 7 mm when results were averaged from 10

subjects instead of one. Results from Larson, Maddox, and Lee also suggest

that increasing the subject count helps to counter the accuracy-decreasing

effects of low SNR or coregistration errors.

Optimizing the group constraints on the individual inverse models in
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a Bayesian framework and using a canonical mesh have been shown to

increase the reliability of activity detection (Litvak and Friston, 2008;

Henson et al., 2011). The methods based on multi-task learning also

benefit greatly from increased subject count. In simulations by Lim et al.

(2017) and Janati, Bazeille, et al. (2020) the area under curve increased

by 45–100% for group lasso and by 60% for MWE when 16 subjects were

considered instead of one. Minimum Wasserstein estimates had either

comparable or better performance when compared to results obtained with

MCE, fMRI and GALA. It should be noted that the metrics used affect how

the methods compare and only limited data is currently available in this

matter.

In this study, multi-subject analysis with averaged eLORETA, MWE and

averaged MWE produced similar spatial accuracy improvements to those

found in literature. All three methods performed better when multiple

subjects were analyzed simultaneously. Moving from one to ten subjects,

for example, reduced the median peak–V1 distances by 14.9% to 19.9%.

Increasing the subject count also moved the peaks closer to each other

and their expected retinotopic locations within V1. Including five subjects

instead of one decreased the standard deviations by 15–56%. The largest

improvements in localization accuracy were seen when the subject count

was increased from one to five and from five to ten. After 10 subjects

the distance metrics effectively level off. Results of the simulations and

real-life experiments by Larson, Maddox, and Lee (2014), Lim et al. (2017)

and Janati, Bazeille, et al. (2020) also display this saturation point.

The peak activation location visualizations also demonstrate, that the

retinotopic organization of the peaks is captured more accurately with in-

creasing subject count. This is especially evident with averaged eLORETA,

for which both the polar angle and eccentricity charts displayed increased

retinotopic organization with 10 and 20 subjects. With single-subject MWE

and averaged MWE the results improved when the subject count was

grown from 1 to 10, but the difference between 10 and 20 subjects was

less apparent. The perceived advantage is also dependent on the metric.

For example in the case of averaged eLORETA, the peak activation charts

continued to improve when the subject count was further increased from

10 to 20 although the median distance remained the same.

The basis for the accuracy improvement is not entirely clear, but anatom-

ical differences and increased spatial information are likely to be the root

causes. Larson, Maddox, and Lee (2014) offer an explanation through
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anatomically motivated differences in point spread functions, which con-

verge on the actual source location. Kozunov and Ossadtchi (2015) also

state differences in cortical geometry as sources of additional information,

along with the positioning of a subject’s head inside the sensor helmet.

To support the claim of additional information the authors quantify the

increase through combined leadfield matrix rank, which increases steadily

between one and nine subjects to threefold values.

Considering the results of previous studies and the method comparison

of this thesis, it seems that joint analysis of multi-subject data improves

the localization results considerably. Both simulations and real-life exper-

iments demonstrate benefits with various cognitive tasks and signal-to-

noise ratios.

5.2 Comparison of selected methods

The tested multi-subject source estimation methods produced noticeably

different source estimates. Similar to other minimum-norm methods

eLORETA produces very spread estimates. Despite the lack of sparsity, the

peak localization error should in theory be nonexistent even in the presence

of noise (Pascual-Marqui, 2007). Averaged eLORETA did indeed have the

lowest localization error of the three. As seen in the geodesic distance

analysis, the zero-error claim does not hold in all real-life scenarios which

might have multiple simultaneously active locations and imperfect forward

models.

Minimum Wasserstein estimates, on the other hand, are based on re-

fined minimum current estimates. MCEs are focal by nature as the ℓ1

regularization attenuates the contribution of weak sources. The desired

level of sparsity is achieved by adjusting the regularization parameter λ.

Averaging the minimum Wasserstein estimates adds more spread and blur

to the estimates, but they were still much more sparse and focal compared

to the eLORETA estimates.

Without averaging eLORETA localizes many of the peaks far outside the

primary visual cortex. Introducing the multi-subject layer to eLORETA

analysis through averaging quickly brings the peaks closer to the V1

and articulates their retinotopic organization. The most active areas in

the eLORETA source estimates are also more pronounced with increased

subject count. When solved for an individual subject, the minimum Wasser-

stein estimates do not perform better than eLORETA. In fact, the spread
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of activation peaks outside of V1 is even more pronounced. MWE has

been designed with multi-subject analysis in mind and the results improve

considerably by increasing the number of subjects. The source localization

accuracy can be further improved by averaging the MWE results.

In comparison with single-subject MWE and averaged MWE, averaged

eLORETA has more favorable geodesic distance metrics and higher retino-

topic mapping accuracy for all tested subject counts. Median distances

for averaged MWE are roughly 15–25% higher compared to eLORETA.

With the exception of the five subject result, the single-subject MWE dis-

tances are slightly (0–8%) above the averaged MWE values and thus the

highest of the group. Single-subject standard deviation is the highest for

eLORETA, but averaging brings the value down faster compared to MWE.

Already with five subjects, averaged eLORETA’s standard deviation is

20–25% below single-subject MWE and averaged MWE.

In the peak activation location comparison, averaged eLORETA achieves

the most accurate retinotopic maps in both polar angle- and eccentricity-

based mapping. The difference between the methods is especially pro-

nounced in the 20-subject results. The peak location charts from single-

subject MWE and averaged MWE are similar to each other, but averaging

the individual source estimates seems to slightly improve the accuracy.

Averaged eLORETA has a clear progression over the subject counts, while

the and 20-subject charts for the other two methods are not much different

from the 10-subject charts.

An advantage with single-subject MWE compared to the other two meth-

ods is its ability to leverage the additional information from other subjects

to create individual source estimates. Averaging improves the results

slightly with the added cost of losing all subject-specific signatures. Unfor-

tunately, sometimes a small number of the subjects are marginalized in the

analysis and as a result their source estimates are uniformly zero. Using

the concomitant noise estimation introduced in the original publication

might resolve this issue.

5.3 Practical considerations with MWE

Multi-task learning methods have only recently been applied to MEG data

analysis, hence general guidelines for their usage and parameter optimiza-

tion have not been established or thoroughly tested. This applies, among

other multi-task learning methods, to minimum Wasserstein estimates.
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Sector 17 Sector 23

Figure 5.1. The relationships between the MWE sparsity hyperparameter λ and average
active source points. Left: Plot for stimulus sector 17 with 15 subjects.
Uniform coverage of the cortex is expected with λ = 0 and after the threshold
value is met, but the values in between are unpredictable. Right: Plot for
stimulus sector 23 with 10 subjects. The upwards trend is not maintained
over the increasing λ values.

The parameters are not anchored to a variable or a statistic of the data,

instead the optimization is based on finding a safe value for µ and selecting

the number of active sources with λ. This essentially creates the same

problem seen with the parametric approach, in which the user has to

choose the number of source dipoles to fit.

As suggested in Janati, Bazeille, et al. (2020), one can attempt to guess

a suitable active source point count by evaluating the complexity of the

topographic sensor-level map. This strategy was used in the method

comparison portion of this thesis with good results, although this strategy

is not foolproof. As the complexity is not guaranteed to reflect an optimal

number of sources, the data and MWE might favor results which differ

considerably from set target. While the relationship between λ and the

number of active source points is somewhat stable, occasionally one might

encounter unpredictable behavior. Figure 3.2 depicts a typical scenario, in

which the level of activity remains stable or increases with higher values

of λ. However, Figure 5.1 shows that the values don’t always follow this

pattern and the parameter optimization algorithm has to be able to tolerate

these instabilities.

Computing the minimum Wasserstein estimates involves recurring op-

erations on large matrices, which makes it computationally very heavy.

Although CPU-based computing of the estimates is possible, in practice a

CUDA-capable GPU is required. For example, a 20-subject source estimate

for a single timepoint takes around 50–60 minutes to compute on an 8-core

Intel Xeon processor at 2.5 GHz. A similar system with an Nvidia Tesla

V100 GPU accomplishes the same task in only 3–5 minutes. The computa-

tion time varies heavily depending on the data and occasionally estimates
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Sector 3

eLORETA MWE

Figure 5.2. Time courses for sector 3 of an individual subject recovered with eLORETA and
MWE. Two source points with the highest overall amplitudes are drawn with
blue (eLORETA peak) and orange (MWE peak), while the global field power
is plotted with dashed line. Left: Time courses recovered with eLORETA
between -50 and 450 ms after the stimulus. Two clear peaks form at around
80 ms and 120 ms similar to the sensor data. Right: Time courses recovered
with MWE for a window between 0 and 150 ms after the stimulus. The curves
show no resemblance to the sensor data or eLORETA timecourses of the same
source points and contain very sharp changes. Global field power and the
amplitudes of the two source points are mainly zero between 80 and 110 ms.

get calculated in seconds with a GPU. Finding good hyperparameter values

iteratively might still take 2–3 hours for single stimulus if the progress is

hindered by instabilities with λ values.

An important feature of MEG is its ability to recover time series data for

different locations in the brain. Practically all inverse solutions can incor-

porate temporal variation as a second dimension in the evoked response

matrix Y . However, I was able to solve MWEs reliably for individual time

points only. Figure 5.2 visualizes the issues with minimum Wasserstein

estimates solved for a time interval. The curve is very jagged and primarily

zero-valued, even though eLORETA estimated clear activity peaks during

the same interval. The source estimates for individual time points also

differ spatially depending on whether the estimate was computed for a

single time point or a time interval. The source estimates for individual

time points seem plausible while the time interval estimates consists of

large active patches in doubtful locations. This might either be a param-

eter optimization problem or an implementation issue in GroupMNE or

MuTaR. The method itself does not include temporal components, hence

it is unclear why solving a single time point and a time interval produces

differing results with identical hyperparameter values.
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5.4 Limitations of the study

All comparisons and measurements in this thesis were based on the ex-

pected location, shape and retinotopic organization of the primary visual

cortex. This area was selected for its early activation during which the in-

fluence of neighbouring visual areas could be approximated to be minimal.

Although the previous studies on the peak timing and origin were mainly

in agreement with each other, the influence of other cortical areas cannot

be definitively ruled out. If higher visual areas and coincident activation

centers were to be analyzed, more complicated localization protocols would

need to be used instead of the single peak activation location used here.

The primary visual cortex labels were created automatically for each

subject by FreeSurfer and they were based on anatomical information

only. Another option was to use labels which had been created manually

from the subjects’ actual retinotopic maps. The automatically defined

label is considerably larger as it includes the areas of peripheral vision

and the shape is more round compared to the fMRI label. The location

of the calcarine sulcus varies between the subjects and up to a threefold

difference in the area of V1 has been observed in earlier studies (Dougherty

et al., 2003). On the other hand, V1 had the highest predictability in a

study performed by Fischl, Rajendran, et al. (2007).

Retinotopic mapping itself is also one of the harder tasks that can be

performed with MEG. The active areas are in close proximity and relatively

far from the sensors, as the calcarine sulcus and V1 are mainly located on

the medial surfaces of the hemispheres. In contrast, many studies focus on

the motor or auditory cortices on the outer surface of the brain. Possibly

for this reason, the stimulus areas of the outer eccentricity ring were the

most challenging to localize. They were also estimated to produce a weaker

response compared to the inner two rings, which stimulate the areas closer

to the occipital poles. As the task calls for very accurate positioning of

the peaks, a denser source space with 8200 source dipoles was also tested.

Compared to the 2500-point model used in the analysis, the difference was

very small and localization accuracy was not significantly better.

In order to get the highest localization accuracy possible, the median

peak time points between 60–100 ms were analyzed on per-subject basis.

This procedure removes the time dimension and thus the key advantage of

MEG completely. As seen in Figure 5.2, MWE was also unable to produce

a reliable estimate of the source time courses. If complete time courses
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were available with all tested methods, averaging them would have been

an option. The median peak timings between subjects varied at most by

12 milliseconds, therefore averaging the time courses would have changed

the peak timing and location slightly.

Despite best efforts, the MWE results might not represent the full po-

tential of the method. For example, using the concomitant noise level

estimation could have improved the results. The massive differences in

source amplitudes might also be partly caused by the lack of noise level

estimation, as Janati, Bazeille, et al. (2020) attribute the "accurate source

amplitudes" partly to the concomitant estimation. The cause for numer-

ical instabilities and other issues with the noise level estimation is not

clear. The concomitant estimation has been demonstrated work by Janati,

Bazeille, et al. (2020), but the GroupMNE examples focus on the simplified

version of the method.

5.5 Future directions

Multi-subject analysis is a relatively new concept in MEG context and

a limited number of methods have been published. Comparison of the

existing methods is also limited to the introductory publications of the

methods. Bulk of these comparisons are made using simulated data of

different tasks and inconsistent metrics. For robust quantification of each

method’s strengths and weaknesses, carrying out a systematic comparison

with real measurement data and a selection of tasks would be valuable.

The results might differ depending on factors such as the source depth,

location and the number of coincidentally active sources.

The comparisons should not be limited to the spatial characteristics of

the estimates. Publications by Kozunov and Ossadtchi (2015) and Lim

et al. (2017) address the temporal dynamics of the source estimates, but in

many cases only a single time point is analyzed. Temporal resolution is

one of the key strengths of electrophysiological imaging methods, hence

the temporal aspect should be included in future analysis. If high spatial

resolution can be reliably achieved with an inverse solution, investigating

the visual cortex and retinotopy as a function of time could also provide

valuable information.

The literature review and the method comparison carried out in this

thesis demonstrate the potential in joint analysis of MEG data from multi-

ple subjects. The possibility of producing subject-specific and distributed
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source estimates with multi-task learning methods is especially interest-

ing. Testing the minimum Wasserstein estimates uncovered problems with

concomitant noise level estimation and source time course estimation. The

parameter optimization method used is also quite rudimentary and could

be improved in the future to reduce the number of iterations and time

to reach a satisfactory and reliable source estimate. Using the different

methods, publishing more studies and releasing documented source codes

will undoubtedly help future users to get started with and to enhance the

existing methods.
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6. Summary

The objective of this thesis was to study the available methods and effects

of multi-subject joint analysis of MEG data. A literature review was

followed by a comparison of three multi-subject methods using a retinotopic

mapping dataset. The existing methods can be loosely placed in three

categories. First, the most traditional methods consolidate the results from

individual subjects in a separate group analysis step. The group analysis

can be performed by averaging the results in a common reference frame or

by using statistical mapping. The second group of multi-subject methods

include the Bayesian hierarchical models, which optimize the hyperpriors

using the group data. The inverse problems are still solved for each subject

individually. Finally, multi-task learning methods combine the inverse

problems and solve them simultaneously. With additional regularization

parameters the MTL methods produce subject-specific results which are

influenced by the other members of the group.

Three methods were selected based on the literature review. First, a base-

line result was formed using an established minimum-norm estimation

method eLORETA. The results from individual subjects were averaged in

a common source space similar to the publication by Larson, Maddox, and

Lee (2014). A novel multi-task learning method called minimum Wasser-

stein estimates was then chosen as the second method for the encouraging

results by Janati, Bazeille, et al. (2020) and the readily available implemen-

tation in the GroupMNE and MuTaR packages for Python. In order to see

if the accuracy could be further improved from the subject-specific results

of MWE, averaging the MWE results was included in the comparison.

Performance of the methods was evaluated using three metrics. Quan-

titative analysis was done by measuring the average surface distances

between peak activations and the vertices of a primary visual cortex label.

Qualitative analysis was then done by visually inspecting how these peaks
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fit with the expected retinotopic maps as a function of polar angle and

eccentricity. The comparison results show that all three multi-subject

methods improve the spatial accuracy when more subjects are included in

the analysis. The median peak–V1 distances are reduced by 4.4–7.2 mm

(10–20%) while the standard deviation is reduced by 0.8–7.5 mm (9–60%)

when 10 subjects are analyzed instead of one. After 10 subjects the median

distance results stay mainly the same, but the standard deviation of the

distances are further reduced by 18–49% with 15 and 20 subjects.

Analysis of the retinotopic mapping accuracy gives results similar to

the distance metrics. The single-subject maps shown no clear retinotopic

organization, but the results for all three methods improve significantly

with 10 subjects. The best results are obtained by including 20 subjects.

Especially with averaged eLORETA the peak locations conform well with

established retinotopic maps. With all three metrics, averaged eLORETA

produces the best results, but a clear advantage with MWE is its ability to

generate individual results for each subject. Only individual time points

were analyzed as it is unclear if MWE can be used to extract the source

time courses.

The results of the method comparison are in line with previous studies

and show that including more subjects in the analysis process can improve

the spatial accuracy of MEG. Robust comparison of the available methods

with a variety of cognitive tasks is encouraged as the development and

usage of these methods is likely to improve the viability of MEG in many

use cases. Retinotopic mapping and visual neuroscience in general are

examples of research which would benefit from the combination of high

spatial and temporal resolution.
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Appendices

A Hyperparameter search for MWE

The spatial variance hyperparameter µ and the sparsity hyperparameter

λ have certain threshold values after which the estimate spans over the

whole cortex. The average number of active source points is also assumed

to increase with larger hyperparameter values, although the relationship

can be unstable. Based on these assumptions the algorithms were modified

from binary search, which is an efficient method to search for a value in

an ordered list. Binary search checks the midpoint between two margins

and eliminates the half of the array that cannot contain the desired value.

The search is then restricted to the remaining half and the cycle repeated

until the target is found.

A conventional binary search expects both margins to be defined. The

hyperparameter search starts with only a single margin, the starting point,

and adaptively finds the other one by leaping towards the target until it

is passed. Once the target has been passed, the interval likely to contain

the desired hyperparameter value is examined by the algorithm. The

search continues with the binary search logic until either the iteration

count is exhausted or a suitable value is found. Occasionally the prior

assumptions do not hold in the somewhat unstable λ search, which prompts

the algorithm to take a small leap and resume the search in a new area.

The search logic for µ is presented in Algorithm 1 and the logic for λ in

Algorithm 2.
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Algorithm 1: Hyperparameter µ search
Result: Safe value for spatial variance hyperparameter µ

1 µ← 1
2 λ← 0.3
3 T ← 50 // Threshold to judge whether avg is big or small

4 Create empty arrays H,A // avg history, µ history

5
6 Function Step_mu(H,A, T ):

/* Target µ between curr. & prev. value */

7 if (H[−1] > T ) ̸= (H[−2] > T ) then
8 return (A[−1] +A[−2])/2

/* Target µ between curr. & two values back */

9 else if (H[−1] > T ) ̸= (H[−3] > T ) then
10 return (A[−1] +A[−3])/2

/* No change in last 3 steps, jump towards expected gradient */

11 else
12 if H[-1] < T then
13 return A[−1] ∗ 5
14 else
15 return A[−1]/5
16 end
17 end
18
19 for iteration = 1, 2, . . . , 7 do
20 stcs← Solve MWE for µ and λ
21 avg ← Count average active source points from all stcs
22 if H.length < 3 then
23 H.insert(avg, avg, avg)
24 A.insert(µ, µ, µ)
25 else
26 H.insert(avg)
27 A.insert(µ)
28 end
29 µ← Step_mu(H,A, T )
30 end
31
32 Sort H,A based on A
33 i← Find index of largest gradient in H
34 µ← A[i]/2
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Algorithm 2: Hyperparameter λ search
Input :Suitable value for spatial variance hyperparameter µ

Target number of average active source points T
Result: Sparsity hyperparameter λ which produces average active

source points as close to the target as possible
1 λ← 0.4
2 avg ← 0
3 maxiter ← 20 // Max number of iterations

4 Create empty arrays H,B // avg history, λ history

5
6 Function Step_lambda(H,B, T ):

/* Target λ between curr. & prev. value */

7 if (H[−1] > T ) ̸= (H[−2] > T ) then
8 return (B[−1] +B[−2])/2

/* Target λ between curr. & two values back */

9 else if (H[−1] > T ) ̸= (H[−3] > T ) then
10 return (B[−1] +B[−3])/2

/* No change in last 3 steps, jump towards expected gradient */

11 else
12 if H[-1] < T then
13 return B[−1] + 0.1
14 else
15 return B[−1]− 0.1
16 end
17 end
18
19 while (avg > 1.2 ∗ T or avg < 0.8 ∗ T ) and iteration < maxiter do
20 stcs← Solve MWE for µ and λ
21 avg ← Count average active source points from all stcs
22 if H.length < 3 then
23 H.insert(avg, avg, avg)
24 B.insert(λ, λ, λ)
25 else
26 H.insert(avg)
27 B.insert(λ)
28 end
29 λ← Step_lambda(H,B, T )
30 end
31
32 i← Find index of value closest to T in H
33 λ← B[i]
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B Supporting tables and figures

V1 peak timings

Visual evoked potentials (VEP) are used to assess the integrity of the

visual pathways by measuring the electrical response to visual stimuli.

The responses are measured using EEG electrodes on the occipital scalp.

The VEP time courses are similar between different people and a number

of positive and negative peaks can be distinguished from the graphs. The

first component in these graphs is the C1 peak, which has peak latency of

60–100 ms (Jeffreys and Axford, 1972; Di Russo et al., 2002).

A number of studies have been conducted to determine the cortical origins

of the different VEP components. The majority of the studies addressing

the C1 component have concluded that it originates from the primary

visual cortex (Di Russo et al., 2002). Although VEP as a concept is mainly

used in EEG context, similar peaks were observed in the MEG data used

in this thesis. The spatial accuracy measurements were based on the

assumption that the peak response between 60 and 100 ms should be

localized on V1. To account for inter-subject variation a subject-specific

median timing was calculated from applicable stimuli. In instances where

a clear peak could not be found on the interval the value was omitted from

the median calculation. Peak timings for each subject are presented in

Table B.1.

median std

Subject 1 81 6.3

Subject 2 87 6.6

Subject 3 82 8.5

Subject 4 82 8.3

Subject 5 82 8.4

Subject 6 85 6.5

Subject 7 78 5.5

Subject 8 89 9.7

Subject 9 80 5.4

Subject 10 76 9.5

median std

Subject 11 86 7.6

Subject 12 77 8.5

Subject 13 81 9.4

Subject 14 87 8.8

Subject 15 84 8.8

Subject 16 80 8.7

Subject 17 81 7.2

Subject 18 82 7.0

Subject 19 87 7.5

Subject 20 82 5.7

Table B.1. Median timings and standard deviations of the 60–100 ms peaks for each
subject. All numbers are presented in milliseconds.
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20-subject source estimates for all stimulus areas

The 20-subject source estimates for each method and stimulus are plotted

on the following pages to complement the source estimate plots in Section

4.1. Estimates computed with averaged eLORETA are presented in Figure

B.1. They have similar magnitudes and the estimates cover practically

the whole cortex, hence the thresholds have been set to cover the values

between the highest and the lowest peak amplitudes. The stimuli in the

upper half of the visual field are estimated to have a weaker response

compared to the lower half stimuli. One possible cause for this is the

higher distance between the active sources and sensors compared to lower

visual field stimuli. The estimates for the outer ring stimuli have also

systematically lower amplitudes compared to the two inner eccentricity

rings for the same reason.

Minimum Wasserstein estimates on the other hand have very different

magnitudes and the estimates are very sparse and focal. The single-subject

estimates are plotted in Figure B.2 and the averaged estimates in Figure

B.3. The thresholds were set to reveal the full spatial extent of each

estimate. In practice this means that the color bars are limited to the

weakest peak amplitude among the stimuli. Therefore the majority of the

estimates have higher peak amplitudes than the color bar can display. As

discussed in Section 4.1, the estimates in each figure are very similar to

each other apart from the location of the active patches. Averaged results

have more spread compared to the single-subject results as the estimates

for each subject do not overlap perfectly.
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eLORETA & AVG

Figure B.1. Source estimates for averaged eLORETA with 20 subjects. Columns corre-
spond to eccentricity rings and the rows correspond to the polar angle wedges.
Peak values and V1 labels are highlighted in green.
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Single-subject MWE

Figure B.2. Source estimates for single-subject MWE computed with 20 subjects. Columns
correspond to eccentricity rings and the rows correspond to the polar angle
wedges. Peak values and V1 labels are highlighted in green. The amplitudes
exceed the color bar limits in many of the estimates. A low threshold value
was selected to show the full extent of all estimates, as the values differ by a
factor of 1011.
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MWE & AVG

Figure B.3. Source estimates for averaged MWE computed with 20 subjects. Columns
correspond to eccentricity rings and the rows correspond to the polar angle
wedges. Peak values and V1 labels are highlighted in green. The amplitudes
exceed the upper limit of the color bar in many of the estimates.
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