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doktori (PhD) fokozatának elnyerése céljából.
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1 Introduction

”The whole is greater than the sum of its parts”
/Aristotle [1]/

”The brain is more than the sum of its parts”
/ Munakata [2]; following Aristotle /

The human brain is one of the most complex known systems [3]
which produces a staggering cognitive capacity and a wide variety
of human behavior. As a network of interacting neurons and cor-
tical units, a cornerstone of its understanding might be the theory
of complex networks which went through an extraordinary develop-
ment in the past decades [4–6]. This novel concept has been proven to
be effective in characterizing complex systems [7] like various social
(e-mail, social network sites [8]), economical (stock ex-change [9]),
technological (world wide web, internet [10]) and biological (genet-
ics, genomics, cell metabolism [11]) networks. Despite the classical
”localizationist” paradigm which aims to assign functions of the brain
to its distinct parts, the concept of ”connectivity” explains cognitive
processes by network patterns of interconnected and synchronously
operating (”integration”), but, at the same time autonomous neu-
ral entities (”segregation”). Thus, in case of pathological conditions
characterized by dysfunction of brain, the focus sets on the role of
the malformation within the whole network instead of its spatial lo-
cation [12]. This novel concept, besides studies aiming to understand
the healthy functioning brain, showed significant remarkable results
in examining diseases like sclerosis multiplex [13], schizophrenia [14],
autism [15–17] and epilepsy [18–21], Alzheimer’s [22,23] and Parkin-
son’s disease [24].

In the past decades, the dynamic development of brain imag-
ing techniques has provided the opportunity for the in-vivo non in-
vasive examination of the anatomical and physiological properties
of the brain. While structural or anatomical connections (”high-
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Introduction

ways”) can be investigated, for instance, by Diffusion Tensor Imag-
ing (DTI), functional networks (”traffic on the highways”) can be
mapped among others by functional Magnetic Resonance Imaging
(fMRI) or electro- and magnetoencephalograph (EEG and MEG)
measurements. These imaging and mapping techniques are not able
to measure the micro- (e.g. individual cells’ synaptic connections
and action potentials) or meso-scale (e.g. fine-structure and local
field potential of cortical layers and columns) structure and function.
Instead, they usually gain information on the macro-scale (sulci, gyri,
Brodmann-areas) with a typical spatial resolution of 0.1-50 mm (MRI
<M/EEG) and temporal sampling of brain function between 0.01 -
100 Hz (M/EEG <fMRI).

Functional brain network analysis consists of three major issues:
(i) defining the network nodes, (ii) determining connections (edges)
between nodes and (iii) graph theoretical analysis of the reconstructed
network [25, 26]. Following an early definition [27] two brain regions
would be functionally connected, if their neural activity was syn-
chronized. Thus, the functional connection between regions A and B
(defined by digital neuroanatomical brain atlases or data-driven func-
tional parceling methods) can be modeled by an appropriate similar-
ity measure between the activation time series of A and B. Modeling
methods described in the literature can be distinguished in the man-
ner they handle indirect A - C - B scheme connections (e.g. does not
handle: correlation, does handle: partial correlation, inverse covari-
ance) or whether they can model the direction of the connections (
A → B, B → A or A ↔ B) (e.g. Bayes-networks, Granger causal-
ity, Structural Equation Modeling, Dynamic Casual Modeling) [26].
From a mathematical point of view, we have to deal with undirected
graphs in the former case and directed, weighted graphs in the latter
case. Latest findings have demonstrated that the brain - similarly to
several other complex networks - shows properties of scale-freeness
and is organized into small world topology [28], thus characterized
simultaneously by segregation and integration properties which allow
efficient information processing and parallel computing capabilities.
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Introduction

Network analysis consists of three levels: global (the whole graph is
described by one parameter, e.g. small-worldness, global and local
efficiency, edge density, etc.), modular (nodes organized into clusters,
clicks or communities) and regional (role of a given node within the
whole network, e.g. nodal strength, nodal efficiency, clustering coef-
ficient, betweenness centrality, various hub-scores) [25]. While global
measures are expected to alter only in case of immoderate pathologi-
cal malformations, modular organization and regional parameters can
sensitively detect phenomena which were not examinable by classical
methods in neuroradiology [29].

Functional magnetic resonance imaging (fMRI) is one of the most
effective techniques for mapping the functional macro-connectivity of
the brain. Despite the vast number of promising results, one should
be careful when drawing conclusions since some artifacts in fMRI are
not well understood and might appear as a systematic confound in
fMRI connectivity analysis [30]. One potential source of systematic
error are the motion artifacts caused by small movement of the pa-
tient’s head during the scan. However, these artifacts were intensively
studied in the past decade [17,31–46], the direct link between the de-
gree of head displacement and the caused artifactual change in signal
intensity is not well understood [45]. Thus, motion artifacts might be
even more problematic in emerging techniques like functional connec-
tivity analysis where the relation between artifactual signal changes
and outcome variables is more complex. For instance, rotational
components of head motion cause different displacement at different
sampling points (voxels), and thus, might result in complex spatio-
temporal motion artifact patterns. Unlike traditional hypothesis-
driven methods, connectivity analysis investigates the link among
different loci with possibly different artifact pattern. Therefore, the
estimated connectivity strength might be biased in the subject space
or between subjects.

In the followings, after a brief overview on the basic concepts of
biomedical background, measurement technique and analysis strate-
gies, our current knowledge about functional MRI motion artifacts is
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Introduction 1.1

Table 1. Most important milestones in the development of MRI

1944 Isidor Isaac Rabi Nobel prize: phenomenon of magnetic
resonance

1952 Herman Carr PhD thesis: one-dimensional NMR spec-
trum

1952 Felix Bloch and Edward
Mills Purcell

Nobel prize: NMR resonance frequency
and nuclear precession

1971 Paul C. Lauterbur PhD thesis: MR gradient imaging

1972 Raymond Damadian U.S. patent #3,789,832: NMR tumor de-
tection

1977 Peter Mansfield echo planar imaging (EPI)

1977 Richard S. Likes U.S. patent #4,307,343: k-space imaging

1990 Seiji Ogawa BOLD effect (functional MRI)

2003 Lauterbur and Mansfield Nobel prize: MRI

summarized and the goals of the present study are defined.

1.1 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) is an in-vivo and basically non-
invasive medical imaging procedure producing cross-sectional and
three-dimensional images of internal structures in the body. Al-
though MRI is nowadays a widespread technique in radiology and
medical diagnosis, the technology itself has a complex physical basis.
Several results of the 1900’s physical sciences have had an important
role in the invention of MR imaging (See Table 1 for a brief summary
of the most important milestones).

The theory of nuclear magnetic resonance describes how atomic
particles react to electromagnetic energy within external magnetic
fields. Due to their inner structure and dynamics, particles generate
an own small magnetic field. Due to the phenomenon called Larmor
precession [], the external magnetic field exerts a torque on the mag-
netic moment. The angular momentum vector precesses about the
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Introduction 1.1

external field axis with an angular frequency, known as the Larmor
frequency. This interaction is determined by strict energetic rules
and reaches a thermal equilibrium exhibiting a certain ratio of nu-
clei in high- (anti-parallel) and low-energy (parallel) states. Some
of the particles can be excited and forced to switch to the high-
energy state, using a radio-frequency impulse matching the energy
difference between the two states (aka. having a Larmor frequency).
Since the thermal equilibrium is disrupted by this excitation, imme-
diately after this irradiation, the excess spins at the higher energy
level return to the lower level. During this reception or relaxation
period, the spins emit electromagnetic energy that can be detected
by a radio-frequency coil. Several properties of the detected decaying
signal depends on the molecular environment of the spins. Applying
a gradient (spatially varying) magnetic field causes spins at different
locations to precess at different frequencies in a controlled fashion.
By measuring changes in magnetization as a function of precession
frequency, the total MR signal can be parsed into components associ-
ated with different frequencies. The acquired MR signal is collected
with a notation scheme called k-space. The inverse-Fourier transfor-
mation of the k-space data yields the image in the spatial domain.

Compared to other methods in neuroimaging, MRI is extraordi-
narily versatile. A wide variety of anatomical and physiological tissue
characteristics can be distinguished by applying certain image con-
trasts. Contrasts can be divided into three types: static contrasts,
motion contrasts and exogenous contrasts [47].

Static contrasts are sensitive to the type, number and relaxation
properties of atomic nuclei within a voxel. These contrast can provide
information about density (proton density), relaxation time (e.g. T1,
T2,T ∗2 ), content of a particular molecular type (e.g. small or large
molecules detected by magnetization transfer) and general chemical
content (spectroscopy).

Motion contrasts are sensitive to the movement of atomic nuclei
and the dynamic characteristics of proton pools in the brain. By
these contrasts, blood flow (perfusion imaging and angiography) and
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Introduction 1.2

water diffusion (Diffusion Weighted Imaging, DTI) can be measured.
Exogenous contrasts are not based on the intrinsic properties of

the biological tissue, instead it depends on the presence of foreign
substances that have been introduced into the body. An example for
this Dynamic Contrast-Enhanced MR imaging, where a fast bolus of
T ∗2 -decreasing contrast agent (e.g. gadolinium) is administered into
the body and the cerebral perfusion is characterized by the dynamics
of the perfusion of the contrast-agent containing blood.

1.2 Functional Magnetic Resonance Imaging

Various contrasts make it possible to indirectly monitor the neural
activity, mostly by measuring some parameter being in relation with
the amount, dynamics or oxygenation of cerebral blood and taking
advantage of the phenomenon of neurovascular coupling. In the focus
of this thesis is the so-called Blood Oxygen-Level Dependent (BOLD)
signal. In the followings, after a short introduction to the underlying
neurobiological mechanisms (function hyperemia and neurovascular
coupling), the physical background and the biological correlates of
the BOLD MR signal will be reviewed.

Neurobiological background

The information processing in the human brain is implemented by
the complex interplay among the vast number of neurons (approxi-
mately 20 billion just in the neocortex [48]). One neuron is intercon-
nected with hundreds of other neurons, forming a complex network
with more than 1012 connections. Neurons have a complex struc-
ture, with an intricate tree of fine dendrites extending outward from
the cell body and a single axon that carries outgoing signals. The
axon divides into many branches and a branch makes contact with
a dendrite or cell body of another neuron at a synapse. Most of
these connections through synapses are formed between nearby neu-
rons, but some connections are much longer, providing this network
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Introduction 1.2

with the ability of segregated parallel information processing with
a globally integrated flow of information (the so-called small-world
property, introduced in [4] and [5] and described in the brain by [12]).

A key aspect of neurons (and in general, all types of cells) is the
membrane potential. This property is the medium of the neuronal
signaling: it is the physiological property altered in one neuron when
it receives a signal from another one. An action potential (or spike,
as referred to by its electrophysiological appearance) is a transient
disturbance of that potential, a rapid depolarization of the membrane
near the origin of the axon. This action potential propagates down
the axon until it reaches a junction with another neuron at a synapse.

At the synapse, the action potential triggers the release of neuro-
transmitter molecules into the synaptic cleft separating the pre- and
post-synaptic membranes. The neurotransmitters diffuse across this
thin gap (20-40 nm) and bind to receptor sites at the post-synaptic
membrane. Binding the neurotransmitter makes the receptor change
or modulate the post synaptic neuron and trigger an excitatory or
inhibitory post-synaptic potential. Each neuron has the capacity to
integrate the inputs from many other neurons through their cumula-
tive effect on the post-synaptic potential. A new action potential is
generated by the post-synaptic neuron if the region where the axon
originates becomes sufficiently depolarized. As a result, the mem-
brane potential of the neuron quickly recovers to the default level
and the newly triggered action potential spreads towards other neu-
rons.

Although, the above description is obviously an oversimplified
model of information propagation during neural information process-
ing (for a more detailed description, see e.g. Part IA in [49]), systems
with similar simplicity, known as artificial neural networks, success-
fully demonstrate the computational ability of such a construct [50].
These computational models share the principles of non-linear, dis-
tributed, parallel and local adaptive processing and besides their use
in theoretical computer sciences, statistics, artificial intelligence and
expert systems, nowadays they also have an important role in cogni-

8



Introduction 1.2

tive psychiology, theoretical neuroscience and computational neuro-
science.

From a thermodynamic point of view, each step of neural signal-
ing is a downhill reaction in which a system held far from equilibrium
(and thus, having free energy) is allowed to approach closer to equi-
librium. Thus, with each action potential and release of neurotrans-
mitter at a synapse, the available free energy is reduced. Returning
the neurons to their prior state, with the original ion gradients and
neurotransmitter distributions, requires and essential process: the
energy metabolism.

Theoretical estimates of energy metabolism and energy budget of
different aspects of neuronal signaling can be considered as a super-
position of these processes: (i) maintenance of the cell at rest, (ii)
the generation and axonal propagation of an action potential, (iii)
recovery on the pre-synaptic side of the synapse and (iv) recovery
from post-synaptic potentials. While the first process can be consid-
ered as basic housekeeping of the cell, the other three components are
directly related to signaling, broken down as the spiking activity and
pre- and post-synaptic activity. According to Attwell et al. [51], for
the primate brain, the dominant energy cost is recovering from post-
synaptic potentials ( 74%). Thus the overall energy cost of neuronal
signaling will depend on the actual spiking rate and the number of
synapses reached by each action potential.

This time varying and regionally specific energy metabolism re-
quires glucose and oxygen which are delivered by the cerebral blood
flow (CBF). Complex and flexible biological autoregulation processes
ensure that the required amount of glucose and oxygen is available
and yet, the system stays cost-effective. For instance, through the
so-called neurovascular coupling the vascular system regulates the
velocity, volume and flow of cerebral blood, causing a transient func-
tional hyperemia in regions of increased neuronal activity and by
this, supplying the required amount of glucose and oxygen during
increased activity. The exact mechanism behind neurovascular cou-
pling is not completely understood; several parallel re- and pro-active
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Introduction 1.2

pathways and feedback and feedforward mechanisms have been sug-
gested to regulate the vascular resistance, depending on the neuronal
demands [49,52].

Nevertheless, neuronal activity is followed by a hemodynamic re-
sponse: changes in vascular resistance, changes in volume, flow, ve-
locity and other parameters of the cerebral blood (such as O2 and
CO2 concentration) and thus, can be considered to reflect the under-
lying neural activity. The neurovascular response is an acute, but not
prompt reaction. Thus, when measuring hemodynamic parameters in
regions of the brain, one should consider that the underlying changes
of neural activity become convolved with the so-called hemodynamic
response function, and in general, are only an indirect indicator of it
(Figure 1).

Blood-oxygen level dependent signal

Magnetic resonance imaging provides several image contrasts which
can be used for functional imaging of neuronal activity. These imag-
ing techniques mostly take advantage of the neurovascular coupling
and measure local transient changes in the dynamics and/or biophys-
ical properties of cerebral blood. This work focuses on functional MR
imaging based on the so-called blood-oxygen level dependent signal
(BOLD) contrast.

The physical basis of BOLD sensitivity of the MR signal is that
deoxyhemoglobin alters the magnetic susceptibility of blood. The
magnetic properties of hemoglobin, and their dependence on the oxy-
genation state of the heme groups has been known since 1936 [53].
Deoxyhemoglobine is paramagnetic and when O2 binds to the heme
group the paramagnetic effect is reduced. As a result, the magnetic
susceptibility of blood varies linearly with the blood oxygenation [54]:
the T ∗2 shortens and the measured signal decreases with an estimated
maximum of approximately 8% at 1.5T. However through the neu-
rovascular coupling, neuronal activation leads to increase in blood
flow and blood volume. This increase is much larger than in oxygen
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metabolism, so the net oxygen extraction fraction drops with acti-
vation. With less deoxyhemoglobin, the magnetic susceptibility of
blood moves closer to the susceptibility of the surrounding tissue,
the T ∗2 becomes longer and the signal measured with a T ∗2 -weighted
pulse sequence contrast increases by a small percentage. The effect of
increased oxygen metabolism can only be seen before the functional
hyperemia, as an initial dip in the signal (tipcally on high magnetic
field, see Figure 1).

Due to this complex relationship, the BOLD effect depends on
multiple physiological changes: alterations in cerebral blood flow
(CBF), cerebral metabolic rate of oxygen (CMRO2) and venous cere-
bral blood volume (CBV) all affect the local deoxyhemoglobin con-
tent. During neural activation, CBF increases dramatically, venous
CBV increases moderately and delayed, and the cerebral metabolic
rate of oxygen increases to a much smaller extent. These physiological
parameters have conflicting effects on BOLD signal during activation.
The increase in CBF produces a positive BOLD response, but the in-
crease in CMRO2 partially counteracts it. Increased venous CBV
also tends to decrease the signal. As a summation of these effects,
the BOLD signal increases during neuronal activation. The increase
is approximately 3-5%, compared to the baseline (Figure 1).
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Figure 1. Schematic representation of changes in blood flow in response to neuronal activation

Local neuronal activity (during the time interval denoted by the blue area) trig-
gers metabolic activity, which in turn triggers a large increase in cerebral blood
flow (CBF), a moderate increase in cerebral blood volume (CBV) and a small in-
crease in the cerebral metabolic rate of oxygen (CMRO2). The response curves of
each quantity suggest ways in which the stimulus shape is altered in the progres-
sion of the BOLD response. The overshoot in CBF and CBV response, compared
to CMRO2, triggers a decreased oxygen extraction fraction during activation and
thus decreases the oxyhemoglobin/deoxyhemoglobin ratio. Therefore, the com-
bined changes in CBF, CBV and CMRO2 create the BOLD signal change.
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Introduction 1.3

1.3 Preprocessing of Image Data

Medical image

According to the standard definition [55] (also used in [56]), an m-
level digital image is the function

f : X → Y (Y = {0, 1, ...,m− 1},m ∈ N,m ≥ 2) (1)

where coordinate-set X is an n-dimensional digital set (X ⊆ Zn, X 6=
∅ ) and Y is the valueset of the image.

The ordered pair (x, f(x)), where x ∈ X, is called a pixel (n = 2)
or voxel (n ≥ 3), where x = (x1, . . . xn) is the coordinate of the
pixel (voxel) and f(x) is the value (or brightness, intensity) of x
(xi ∈ Z, i = 1 . . . n). In medical image analysis, this general defini-
tion usually simplifies to the cases n ∈ {2, 3, 4, 5} and extends with
some additional properties, which assign real-world values to voxel
locations and values, as follows:

• The function g, which defines the assignment between voxel
value and measured information (which can be relative or quan-
titative, viz. may or may not have unit assigned to it):

g : Y → Q (Q ⊆ R, Q 6= ∅) (2)

• The matrix M defining the image orientation (in accordance to
a reference coordinate system) with an affine coordinate trans-
formation t:

t : X → W (W ⊆ Rn,W 6= ∅) (3)

and t is of the form:

x→Mx + b (x ∈ X,b ∈ W ) (4)

In practice, the function g is defined by the image contrast and
acquisition sequence, and is of high importance in analysis of quan-
titative medical images. X and W finite-dimensional vector spaces

13



Introduction 1.3

have the same dimension n and M is an n× n affine transformation
matrix. The real-world unit assigned to the coordinate system of W
is usually mm.

The most common value of the dimension of the image is n = 3,
representing the three-dimensional space, although depending on the
imaging contrast, higher dimensional images are also possible. In
functional MRI, a three-dimensional image is acquired, where the
fourth dimension is the acquisition time.

In contrast with the above described formulation, four dimen-
sional fMRI data is often considered as a series of three dimensional
images. Therefore, in many application, an fMRI volume series is
denoted as:

Y = {yi}Mi=1 (5)

where yi is the observed voxel time series and the index i identifies
the voxel and M is the number of voxels considered in analysis. Each
voxel time series yi consists of T fMRI observations [57]. To make
the link with definition (1), the yi time series can be written as:

yi = (f(x1, . . . , xn(t1)), . . . , f(x1, . . . , xn(tT ))) (6)

where f is the n-dimensional digital image, i is the index corre-
sponding to the 3D voxel with coordinates (x1, . . . , xn−1) and the nth

dimension is time.

Image segmentation

In computer vision, image segmentation is the process of partitioning
a digital image into multiple segments (sets of pixels or voxels) by
assigning labels to every element (pixel or voxel) such that elements
with the same label share certain characteristics.

In the context of medical image analysis, segmentation often aims
to identify anatomical or functional parts on the image. For instance,
common segmentation tasks in neuroimaging are brain extraction and
tissue-segmentation.
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Many segmentation problems in neuroimaging are complex and
therefore, require elaborated statistical optimization techniques, like
finite mixture models, hidden Markov random field models and more-
over, often incorporate a-priory information (See some examples in
[58,59]).

Spatial co-registration

BOLD fMRI images are designed to be sensitive to function, thus
usually have a relatively rough spatial resolution (typically 3-4 mm in
human and 0.5-1 mm in small animal imaging) and a poor anatomical
contrast. On the other hand, functional information needs to be
mapped to the subject’s anatomy, or, in population-level studies, to
the other subjects’ anatomy. However, this mapping is not trivial.
On the population-level, due to the morphological diversity of the
subject’s brains and the different patient positioning during scanning,
the point-to-point spatial correspondence is not present. Even on the
individual level, functional and anatomical scans, even after resolving
differences in the M transformation (due to image sampling), spatial
correspondence might be disturbed by image distortions and subject
motion.

Therefore, in several steps of the image processing pipeline, im-
ages need to be spatially matched, and the corresponding geometric
transformation needs to be obtained. In the terminology of medical
imaging, this procedure is called spatial image co-registration and can
be defined as finding the transformation that minimizes the difference
between the images. The choice of the difference measure (or distance
measure) depends on the image contrasts (unimodal, multimodal)
and the type of registration problem (intra-subject, inter-subject).
The conventional medical image co-registration software tools usu-
ally implement label difference, least squares difference, spatial cor-
relation ratio and (normalized) mutual information. Some advanced
co-registration approaches utilize secondary image features, like edge-
and boundary-detection.
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Co-registration problems also differ in the type of transformation
to estimate. Typically, during intra-subject registration, a rigid-body
transformation needs to be obtained (rotation and translation). In
some cases, image distortions need to be corrected using scaling and
shears, thus we obtain an affine-transformation. This is the case,
when aligning fMRI images to high-resolution anatomical (T1, T2)
images of the same subject.

Spatial standardization

In population-level studies, individual high-resolution images are usu-
ally transformed into a common standard space defined by a con-
ventional standard space image template, representing the ”average”
brain for that population. The high degree of individuals’ morpho-
logical diversity makes global image transformation insufficient. In
this case localized, elastic transformations are estimated; deforma-
tion fields, which assign a different 3D displacement vector for each
voxel. These approaches are referred to as nonlinear co-registration
approaches [60].
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A B C

Figure 2. Nonlinear spatial standardization of high-resolution anatomical MR images

T1-weighted anatomical MR image of a demonstrative subject co-registered lin-
early (affine-transformation) (A) and non-linearly (C) to the MNI-152 standard
brain template image (B).

Image realignment-based motion correction

A special type of spatial image co-registration tasks during fMRI
preprocessing is motion correction. An fMRI scan typically lasts
for 30-60 minutes and a 3D image is obtained every few seconds (de-
pending on TR). Besides vast abrupt subject motion, relatively small
head movements caused by respiration and circulation can also cause
artifacts during acquisition and spatial mismatch in time. Thus deal-
ing with in-scanner head motion is an essential step of every fMRI
preprocessing workflow. Spatial mismatch can be resolved by co-
registration of time-frames (3D images) to a reference image (e.g.
the middle image in time or a separate position-identical T2-weighted
image) [35]. This image realignment-based methods are considered
to be able to properly correct spatial mismatch caused by motion,
but do not correct for intensity confounds caused by head displace-
ment in the gradient field. In this study, realignment-based motion
correction is utilized to account for spatial mismatch and to estimate
the temporal and spatial pattern of subject motion. Intensity-based
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retrospective motion-correction techniques are discussed in detail in
section 1.6.

1.4 Resting-state Brain Activity
and BOLD signal

The small but specific BOLD signal change during neuronal activa-
tion can be utilized to capture and map brain activity corresponding
to specific stimuli or tasks. Due to the relatively low signal-to-noise
ratio, these mapping methods require repetition of the investigated
condition and extensive signal preprocessing and statistical analysis
to determine how unlikely is that signal increases co-occurring with
stimuli have been occurred only by chance. Areas, where significant
activities were measured can be considered as the loci or the cen-
ter areas for the given tasks. These localization-oriented task-based
approaches have produced many promising neuroscience results and
have proven to be useful in basic research and in studying neuropatho-
logical conditions, as well (for a review, see [61] and [62]).

In contrast with task-based methods, a new area of application of
BOLD-fMRI investigates the spontaneous BOLD fluctuation of the
”resting” brain, in absence of any explicit task. While task-based ap-
proaches aim to eliminate any signal component which is not directly
related to the task, resting-state approaches aim to characterize the
general neural functioning. No explicit tasks are performed and more-
over, the neural correlates of known stimuli during scanning are often
subject of elimination. Instead of localizing the neural activity asso-
ciated with some conditions or stimuli, resting-state fMRI (rs-fMRI)
studies aim to estimate the functional connectivity between distinct
brain areas, based on the synchronization of their spontaneous fluc-
tuation in the BOLD signal, induced by spontaneously fluctuating
neuronal firing-rate.

Biswal and colleagues [63] were the first to demonstrate that
during rest the left and right hemispheric regions of the primary
motor network are not silent, but show a high correlation between
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their BOLD time series; suggesting ongoing information processing
and ongoing functional connectivity between these regions, even in
the absence of patients’ significant motor activity. Several studies
have replicated and extended this findings by showing a high level of
resting-state functional co-activation between regions of other func-
tional subnetworks, like visual cortex, auditory network and higher
order cognitive networks. These studies marked that during rest the
brain is not idle, but rather shows a vast amount of spontaneous
activity that is highly correlated between multiple brain regions.

Due to the nature of BOLD signal, of special interest are the low
frequency oscillations ( 0.01 - 0.1 Hz) of rs-fMRI time series. The
true neuronal basis of these low frequency rs-fMRI oscillations is not
yet fully understood. In the past years there has been an ongo-
ing debate on whether these resting-state BOLD signals result from
physiological processes, like respiratory and cardiac oscillations or
these correlations originate from co-activation in the underlying spon-
taneous neuronal activation patterns, measured through the hemo-
dynamic response function. Typically, fMRI protocols have a low
temporal resolution (2-3 s per scan, called repetition time or TR),
causing high frequency oscillations to be aliased back into the lower
frequencies. Another spurious source of rs-fMRI oscillations might
be motion artifacts. However, support for a possible neuronal basis
of resting-state fMRI signals comes from the observation that most
of the resting-state connectivity patterns tend to overlap with func-
tional neuroanatomy [64]. Several studies report on an association
between the amplitude profiles of rs-fMRI correlations and electro-
physiological recordings of neuronal firing [65]. Furthermore, cardiac
and respiratory oscillations have been reported to have a different
frequency pattern than the frequency of interest in rs-fMRI studies.
Taken together, more and more studies are in support of a neuronal
basis of rs-fMRI signal. However the contribution of physiological
sources and motion artifacts cannot be ruled out [46].

In general, the function and purpose of resting state brain activity
is currently poorly understood and is subject for intensive research.
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Also, a practical but very important consideration makes the inves-
tigation of resting-state brain activity very engaging: measurements
can be performed in non-collaborative subjects (particular patho-
logical conditions, sleeping or anesthesia and animal experiments).
BOLD fMRI-based brain connectivity analysis provides a promising
tool in this research perspectives.

1.5 Functional MRI-based
Brain Connectivity Analysis

In contrast with task-based analysis methods where changes in the
BOLD signal are subject to be explained with an a-priori hypothesis
about the task, a new area of application of BOLD-fMRI is to in-
vestigate the relationship or connectivity between spatially distinct
regions. This concept has multiple advantages over task-based analy-
sis. On one hand as described in the previous section, it provides the
opportunity to investigate resting-state brain activity. On the other
hand, while task-based methods follow the ”localizationist” point of
view and in general, aim to assign brain areas to various functions,
investigating functional connectivity might provide an integrative in-
sight into brain function by applying the recent advances of network
scinece.

In a mathematical point of view, brain networks can be repre-
sented as graphs: an ordered pair G = (V,E), where V is the set
of vertices or nodes, which macro-scale functional units in the brain,
and E is a set of edges representing a sort of measure of functional
connectivity between two nodes.

Thus, functional brain network analysis consists of three major
issues: defining the nodes of the network, determining connections
(edges) among nodes and graph theoretical analysis of the recon-
structed network [25,26] (Figure 3).
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Figure 3. Graphical overview of the basic steps in a typical functional MRI-based brain
connectivity analysis pipeline

Functional brain network analysis consists of three major steps: defining the
nodes of the network, determining connections (edges) among nodes and graph
theoretical analysis of the reconstructed network

Definition of Nodes

Following the notation in section 1.3, fMRI data can be considered
as multiple time series yi. As a first approximation, each sampling
point i could be considered as a node in the network. However in
practice, voxel-wise network analysis is rarely applied in fMRI brain
connectivity analysis. There are several deliberations behind this:

• signal-to noise ratio is poor in individual voxels,
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• voxel time series are not independent: anatomically or func-
tionally neighboring voxels often show coherent activity, which
suggests that some data-reduction should be considered,

• voxel-wise analysis would mean a graph consisting of approx-
imately 108 edges. Such big data is computationally hard to
handle, particularly when the several NP-hard problems in graph
theory are considered [66].

Therefore, voxels are usually ordered to form larger disjunct regions-
of-interest (ROI) [26]. These ROIs can be formed with the aid of
a-priory information on functional neuroanatomy, encompassed in
digital brain atlases [67], or using data-driven parcellation methods
which identify functionally coherent voxel sets [68]. After the for-
mulation of region system, the constructed ROIs represent the nodes
of the network to form. Based on the voxels in the given region R,
a regional time series can be constructed (henceforward denoted as
yR). The most common way to do it is simply taking the average
yR =

∑
i∈R yi/|R|, where R ⊂ X is the brain region defined as a set

of sampling points. Other, more elaborated calculations are also pos-
sible (for instance taking the first principal component of yi, (i ∈ R).

Estimation of connectivity strength

Following an early definition [27] two brain regions would be func-
tionally connected, if their neural activity was synchronized. Thus,
functional connection between regions A and B (defined by digi-
tal neuroanatomical brain atlases or data-driven functional parcel-
ing methods) can be modeled by an appropriate similarity measure
between the activation time series yA and yB. Modeling methods
described in the literature can be distinguished by the manner they
handle indirect A − C − B scheme connections (e.g. does not han-
dle: correlation, does handle: partial correlation, inverse covariance,
Patel’s τ) or whether they can model direction of the connections (
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A → B, B → A or A ↔ B) (e.g. Bayes-networks, Granger causal-
ity) [26]. From a mathematical point of view, we must deal with
undirected graphs in former case and directed, weighted graphs in
latter case. For its simplicity, the most common similarity measure
in the corresponding literature is Pearson correlation. Also, some
evidences [69] point to the conclusion that correlation outperforms
methods based on higher order statistics, phase or temporal lag. A
possible reason for that is that the BOLD signal is relatively close
to being Gaussian, i.e., most of the useful signal lies in the variance.
This is primarily because the hemodynamic blurring (see section 1.2)
removes much of the structured signal of interest from the original
neural processes. However, correlation assumes linearity and station-
arity in the data, while resting state activity is clearly nonlinear and
non-stationary. Therefore, more complex measures of connectivity
are subject of intensive research.

Graph-theoretical analysis

Latest findings have demonstrated that the brain - similarly to sev-
eral other complex networks - shows properties of scale-freeness and
is organized into small world topology [28], thus characterized si-
multaneously by segregation and integration properties which allows
efficient information processing and parallel computing capabilities.
Such networks can be analyzed by means of complex network the-
ory [4–6]. Network analysis consists of three level [25]:

• global analysis: the whole graph is described by one parameter,
e.g. small-worldness, global and local efficiency, edge density,
etc.,

• modular analysis: nodes organized into clusters, clicks or com-
munities, and

• regional or ”nodal” analysis: role of a given node within the
whole network, e.g. nodal strength, nodal efficiency, clustering
coefficient, betweenness centrality, various hub-scores.
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While global measures are expected to alter only in case of rad-
ical pathological malformations, modular organization and regional
parameters can describe the fine-structure of the underlying network
and might be able to sensitively detect phenomena which were not
examinable by classical methods in neuroimaging [29]. More infor-
mation on graph theoretical brain network analysis can be found in
reviews [5–7,12,25] and in section 3.8.

1.6 Motion Artifacts
in fMRI Connectivity Analysis

MR images carry various types of artifacts. Usually geometric distor-
tions and variations in signal intensities can be experienced. These
two types of artifacts can be considered as macroscopic and micro-
scopic effects and are caused by inhomogeneities in the magnetic field.
Large-scale inhomogeneities will lead to changes in spin frequency.
Since the position of a voxel is encoded in its spin frequency, these
inhomogeneities will cause spatial shifting of voxels. Small scale in-
homogeneities cause spins within a voxel to lose coherence due to T ∗2
effects. This reduces the total magnetization available within a voxel
and thus reduces signal intensity.

Similar changes can be caused by the motion of the subjects’
head during scanning. Large movements cause mispostioning of sub-
sequent MR images and differential effect of magnetic field inhomo-
geneities in various spatial locations. Small movements can cause
intensity drops by introducing discrepancy between the excited vol-
ume and the subsequent readout of the MR signal. While artifacts
originating from the static inhomogeneities of the magnetic field are
more constant and thus can be handled easier, subject motion in-
troduces a temporally and spatially varying source of MR artifacts.
Thus, motion artifacts are problematic for all types of MRI including
resting-state functional MRI.

Therefore motion correction is a vital step in every work-flow dur-
ing fMRI analysis. According to population-level analysis and group
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comparisons, retrospective motion related artifact removal strate-
gies can be performed at five different stages of the data processing
pipeline: (i) motion correction of fMRI time series by realignment
to a reference image (using automatic co-registration approaches)
[32]; (ii) censoring data to exclude periods of high motion (scrub-
bing, de-spiking) [40, 41]; (iii) modeling the effect of motion-related
nuisance parameters on blood oxygen level dependent (BOLD) sig-
nal [33,36,70,71]; (iv) temporal filtering of BOLD timecourses to dis-
card frequencies encumbered by motion artifacts and (v) correct for
subject-specific motion effects on population-level (descriptive sum-
mary statistics of subject-specific motion as second-level model re-
gressors) [16, 39,42].

Traditional realignment-based correction approaches ensure that
different time-points of the BOLD signal correspond to the same lo-
cation. However, such methods do not handle voxel-level intensity
confounds originating from the establishment of magnetic gradients
and subsequent readout of the BOLD signal [31,41]. Furthermore, au-
tomatic co-registration approaches may introduce spurious displace-
ments in intervals of relatively low motion [34]. Nonetheless, subject
movement is often measured with parameters based upon the result-
ing image realignment transformations.

Large BOLD intensity confounds (spikes) in time-frames with
extreme, abrupt movement can be eliminated from the analysis by
simply dropping the corrupted data (”scrubbing”) [41] or by spike-
regression [37]. However, the reduction in time points is associated
with an increase in the likelihood of high correlation scores [42]; more-
over, recent findings [42,45,72] suggest that in population-level func-
tional connectivity studies, scrubbing can be omitted from the anal-
ysis when using proper second-level correction.

Intensity confounds originating from micro-movements (as small
as 0.1 mm from one time point to the next) can also disrupt results,
especially in case of correlation based connectivity analysis methods,
where such small but temporally concordant noise leads to spuri-
ous increase in connectivity strength [39, 41, 43]. Nuisance signal
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regression approaches aim to eliminate the signal components of non-
neuronal origin from the raw BOLD data utilizing linear regression.
These confounder signals can be defined by dedicated physiological
monitoring devices during the scan, calculated from motion parame-
ters extracted during spatial realignment based motion correction or
derived directly from the data itself, using a ”noise ROI” [33,36,38].

Temporal filtering is also a crucial step in the reduction of fMRI
brain connectivity artifacts, including motion confounds. Most con-
nectivity studies apply a band-pass filter with a high-pass cutoff of
0.008-0.01 Hz and a low-pass threshold of 0.08-0.1 Hz [73]. While
there is evidence that resting-state networks are present at a rela-
tively broad band in the frequency spectra [74], slight modifications
in the frequency band have been suggested [40].

Some of these techniques can effectively reduce not only motion-
related effects, but also physiological noise (e.g. cardiac or respira-
tory confounds) or hardware drifts and instabilities. However, recent
studies [40,42,75] report that clear artifacts remain in the data even
after such regression and filtering approaches, and that these artifacts
have systematic effects upon resting-state functional MRI connectiv-
ity (rs-fcMRI) patterns.

When performing group comparisons in functional connectivity
studies, one can account for these motion-related residual artifacts
during the second-level analysis by inclusion of motion-related, subject-
specific covariates into the population-level model. A common choice
is to include a measure of the average patient movement [16, 39, 42].
Alternatively, the value of global voxel-to-voxel correlation (GCOR)
can be utilized as confounder, as in [75], although the latter quantity
can also carry valuable neurological information.

Due to in-scanner head rotation, the effect of patient movements
on the BOLD signal is not spatially constant in the whole brain;
however, this local relationship is poorly understood and is rarely
considered in brain connectivity studies. The pattern of voxel-wise
motion not only varies among different loci of the same subject, but
also among subjects. According to Satterthwaite et al. [39], between-
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subject differences of motion are stable and hence, in-scanner head
motion should be considered as a trait. Thus, the effect of the subject-
specific spatio-temporal motion pattern on the BOLD signal could
bias group analysis when different groups have different tendencies
in their spatio-temporal motion patterns. This is particularly prob-
lematic in studies when regional connectivity deficits are associated
with a pathological condition, and thus, limits the usability of func-
tional connectivity as a biomarker of disease. These biases in the
functional connectivity pattern can lead to invalid conclusions re-
garding biomedical hypotheses, as denoted by [30] and demonstrated
by [75], especially in patholological conditions associated with hy-
perkinetic patients (epilepsy, attention deficit hyperactiviy disorder,
some forms of autism). Group-wise inconsistencies in motion pat-
terns can arise from different patient positioning and multi-center
studies are also challenging in this regard.
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As a basis of the present work, here we hypothesize that certain ar-
tifactual effects in resting-state fMRI connectivity analysis may orig-
inate from the complex voxel-wise spatio-temporal nature of head
displacements, and can be modeled more efficiently when incorpo-
rating this information, compared to handling motion artifacts as
spatially homogeneous confounds.

The possibility of utilizing the voxel-wise nature of in-scanner
motion in artifact removal approaches has not been intensively in-
vestigated, as yet. As recently reported by two studies [40, 45] and
confirmed by our preliminary analysis, including voxel-wise displace-
ment parameters as voxel- or region-wise covariates in the appropri-
ate nuisance signal regression model (”regressing out” motion from
the signal) does not significantly improve motion artifact removal,
compared to the usual technique, the regression of spatially aver-
aged global displacement parameters. However, Yan et al. in [45]
also bring up the possibility that an appropriate correction technique
may have greater success in using the rich information encapsulated
by voxel-specific indices.

This study was designed to characterize the impact of voxel-
wise head motion artifacts in population-level rs-fcMRI brain
connectivity studies and investigate how this local informa-
tion on displacement can be utilized for artifact removal.
These purposes are to achieve by investigating the followings:

• Based on the latest results and suggestions in the corresponding
literature, we aim to establish a complex image processing
pipeline and the required software infrastructure. When avail-
able, open source software libraries are utilized. Several com-
ponents of the processing pipeline, like parallel implementa-
tion of computationally intensive processes, graph theoreti-
cal analysis, special graph visualization tools and problem-
specific segmentation approaches are developed based on our
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in-house developed MultiModal Medical Imaging (M3I) soft-
ware library system. The developed software infrastructure is
designed to be a high-throughput system to allow analysis of
image databases consisting of more than one hundred subjects.

• Using the developed software tools, we demonstrate the lo-
cal correspondence between head displacement and the
changes in the resting state functional MR signal. We
then aim to investigate how functional connectivity strength is
affected by the deviations in the average regional spatial dis-
placements on the population-level.

• We propose Regional Displacement Interaction (RDI), a novel
modeling approach for second-level brain connectivity anal-
ysis, which provides the opportunity to incorporate voxel-wise
motion information into the population-level model and to ac-
count for corresponding artifactual effects.

• The effectiveness of this motion artifact reduction tech-
nique is evaluated by investigating the variance explained by
the proposed confound covariates in the model. The method is
than demonstrated in group comparisons of cohorts with dif-
fering average voxel-wise displacement patterns.

• Due to the disagreement [40,45,75,76] about the optimal first-
level nuisance signal regression technique, we perform a com-
parison of prevailing first-level nuisance signal regres-
sion approaches and characterize their interference with the
proposed method.

• Finally, to test whether the proposed method preserves group
differences of neuronal origin, a comparison of autistic and con-
trol groups is performed. Results might give valuable extra
information regarding potential false positive results in brain
connectivity studies of autism (raised by Deen and Pelphrey
in [30]).
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3 Establishment of

Methodological Background

3.1 Institutional Development Background

In the Department of Nuclear Medicine at the University of Debre-
cen, in the past two decades intensive research and development has
been proceeded in the field of multimodal image analysis. As a result,
the MultiModal Medical Imaging (M3I) C++ software library sys-
tem1 has been developed which provides software infrastructure for
various medical imaging tasks from image processing and segmenta-
tion to state-of-the-art 2D and 3D visualization. We routinely use
the high performance computing (HPC) capabilities available at the
University of Debrecen.

Our workgroup has a several-year experience also in the field of
brain connectivity analysis. As a result of our methodological de-
velopments we deployed the software tools BrainLOC [77], Brain-
MOD [78], BrainNetTools and BrainCON2 [79]. Due to the defi-
nite multidisciplinar nature of the topic, our corresponding research
projects are realized as a strong collaboration between medical ex-
perts and physicists, mathematicians and computer scientists, both
from Hungary and from abroad. Several software development task
was performed in collaboration with one of our most important col-
laborating partners: the Kempenhaghe Expertise Center for Epilep-
tology, Sleep Medicine and Neurocognition, Heeze, The Netherlands
(www.kempenhaghe.nl, Dr. Pauly Ossenblok).

These software tools and components are not directly related to
the findings introduced in this thesis however, serve as a basis the
applied methodology of the presented work, as well as other research
projects.

1http://www.minipetct.hu/m3i
2http://www.minipetct.hu/software
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3.2 MultiModal Medical Imaging (M3I) Software
Library System

Reusability is a very important principle in software design, especially
for academic development teams where the human and financial as-
sets belonging to a single R&D project are usually limited. Object-
oriented programming languages, well-documented and properly de-
signed software components, distributed revision control systems and
agile development methods provide the possibility of writing reusable
software with maximal cost-efficiency.

In the Department of Nuclear Medicine software development has
multiple purposes: (i) it should provide an simple framework for
building special applications in service of clinical research and routine
data processing tasks and (ii) it should serve as a basis for rapid
developments of state-of-art methods according to the latest findings
in the intensively growing neuroimaging literature.

The basic platform for this agile software development in our in-
stitute is the MultiModal Medical Imaging 3 (M3I) software library
system. It is being developed since 2000 and is being written in
ANSI/ISO C++, extended with in-house coding convention rules.
The whole system currently consists of almost half a million line of
codes (487109 lines on 2015.05.05.) and approximately 8000 class
definitions. The system is designed by applying various sophisticated
design patterns but for a brief introduction its architecture can be
simplified in terms of the Model-View-Controller (MVC) architec-
tural pattern. Below the main libraries of the system are introduced:

• plat - platform independent library: a collection of global sym-
bols, classes, macros and directives which hides low-level plat-
form dependent code snippets and allows easy platform inde-
pendent coding for its users in higher level libraries. Currently
plat handles differences between 32 and 64 bit architectures
and furthermore, Windows Xp, 7, 8 systems and various Linux

3www.minipetct.com/m3i
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distributions. This library also implements software licensing,
version control and error handling.

• mdtl - multi-dimensional template library: a library contain-
ing special data structures for medical images implemented in
C++ template classes with vector-like operator functions to
allow uniform representation with flexible base data type. It
implements the main part of the model layer.

• vpp - C++ based volumetric library: implements all function-
ality related to handling data structures of mdtl by deriving
classes and implementing abstract functions. The implemented
functionality ranges from conversion and advanced indexing
tools to segmentation, transformation, surface reconstruction
and volume rendering algorithms and related data structures.
Vpp also implements several abstract classes which serve as
interfaces for OpenGL-based visualization and graphical user
interface components.

• vvl.nfusion - volumetric visualization library: implements real-
time 2D and 3D visualization features based on OpenGL 4

(v3.3). rendering of high-resolution 3D volumetric data is ac-
celerated by using special hardware extensions, like 3D tex-
tures and shader programs for rendering basic graphical objects
and 3D meshes. OpenGL rendering is nested into the graphi-
cal base components of the Qt cross-platform application and
user interface (UI) development framework 5. The library also
contains some abstract low-level UI components and so called
”slot” classes which implement the controller level between the
GUI (view-layer) and data handling and representation (model-
layer).

• m3t - M3I tools: Contains interfaces linking vpp-level algorith-

4www.opengl.org
5www.qt.io
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mic components and data-structures to non-graphical command-
line utilities.

• BrainCAD: computer aided brain diagnosis application library:
its main class, bcApplication composes the application frame-
work which allows the easy, prompt and cost-effective develop-
ment and deployment of user-friendly GUI applications, utiliz-
ing the software components of libraries in deeper layers. This
library also implements re-usable Qt-based GUI components.

3.3 Third Party Libraries

Open-source medical image analysis software libraries, like FSL (FM-
RIB Software Library System6 [80,81]), SPM (Statistical Parametric
Mapping7 [70]) and MINC toolbox (Medical Imaging NetCDF8 [82])
are routinely used in our research projects and are also utilized in the
present work. Some of our utilities developed for brain connectivity
analysis uses several packages of the R programming environment,
like FdrTool, ggplot2, parallel.

3.4 Software Developments for
Brain Connectivity Analysis

For brain connectivity analysis, multimodal medical imaging data
can be processed with a specialized software pipeline, which con-
sists of special third party software tools (FSL, MINC toolbox, etc.)
and multi-purpose applications based upon the MultiModal Medical
Imaging software library system and application framework.

All of the software tools developed in our institute have dedi-
cated interfaces which provide a modular brain connectivity analy-
sis work-flow. After standard image processing steps ( motion cor-

6http://fsl.fmrib.ox.ac.uk
7http://fil.ucl.ac.uk/spm
8http://en.wikibooks.org/wiki/MINC/Introduction
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rection, co-registration, segmentation, spatial standardization), func-
tional images are loaded into BrainLOC for brain atlas-based region
definition or fParc for data-driven functional parallelization. The re-
sulting region system and corresponding meta-data is than loaded in
BrainMOD, which generates sets of Butterworth or wavelet filtered
regional time series and exports those in a dedicated format. Graph
formulation and graph theoretical analysis and statistical modeling is
then performed by the scriptable command-line utilities of the pack-
age BrainNetTools, using parallel computing techniques. Temporary
and final results are stored in text files. Further analysis can be
performed with any of the well-known statistical programming envi-
ronments (R, MatLab, SPSS, etc.) and visualized in BrainCON. An
overview of these software components is presented on Fig. 5.

From the point of view of user requirements, multiple levels of
users should be considered: (i) developers of new methods, typically
colleagues in the institute and university students, (ii) researchers
who apply the system for brain connectivity processing (experts of
bioinformatics and medical sciences) and (iii) clinical end-users with
limited programming knowledge (biomedical interpretation of results).
In the followings, these software components are introduced, focusing
on developments carried out as part of my PhD project in order to
build our brain connectivity pipeline.
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BrainLOC

fParc

BrainMOD BrainNetTools BrainCON

region system filtered 
regional timeseries

connectivity matrix
nodal parameters
statistical parametric
networks

M3I software library system and third party software tools

Figure 4. M3I software tools in service of brain connectivity analysis

Multimodal medical imaging data can be processed with a specialized software
pipeline, which consists of third party software tools (FSL, MINC toolbox, etc.)
and applications based upon the MultiModal Medical Imaging software library
system and application framework. All of the software tools developed in our
institute have dedicated interfaces to allow a modular brain connectivity anal-
ysis work-flow. After standard image processing steps ( motion correction, co-
registration, segmentation, spatial standardization), functional images are loaded
into BrainLOC for brain atlas-based region definition or fParc for data-driven
functional parcellation. The resulting region system and corresponding meta-data
is than loaded in BrainMOD, which generates Butterworth or wavelet filtered re-
gional time series and exports those in a dedicated format. Graph formulation
and graph theoretical analysis and statistical modelling is then performed by
the scriptable command-line utilities of the package BrainNetTools, using par-
allel computing techniques. Temporary and final results are stored in text files.
Further analysis can be performed with any of the well-known statistical pro-
gramming environments (R, MatLab, SPSS, etc.) and visualized in BrainCON.
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3.5 BrainLOC: multi-atlas based
region analysis and management

Digital brain atlas technique is a valuable and increasingly used tool,
applying different purposes in neuroimaging [67,83,84]. Brain atlases
can be considered as a database linking spatial loci in the brain to
various information, like neuroanatmoy, function, pathological con-
ditions, aging, genetics, etc. Due to the lack of standardized for-
malism for publishing brain atlas databases, the utilization and the
management of the stored information is considerably different in
such properties as the applied nomenclature, used file formats or
coordinate-system conventions.

During the development of this software tool, our goal was to
establish a “uniform brain atlas framework” for handling the most
common web-accessible human and small animal brain atlases, and
deploy a user-friendly application and utility package, based on this
framework and our M3I software system. A number of available at-
lases (Table 2) were integrated to our database applying a novel stan-
dardization scheme to modify, store and describe the different kind
of atlas components, including hierarchical, probabilistic (PM), and
maximum probability representation (MPM) of brain structures [84].
This standardization allowed us to expand all the adapted atlases
with so-called multi-level Maximum Probability Maps, and Volume-
of-Interests (VOI) database.

Our proposal for the novel multi-level maximum probability map
(MPM) brain atlas representation was published as oral presentations
at conferences [77] and [85].

This data representation approach compresses the N volumetric
image of regional PMs into an L-level MPM, which consists of a pre-
defined L (L << N) number of volumetric image pairs, representing
the ith most probable brain structure (i = 1 . . . L) in each locus and
the corresponding probability, respectively. In BrainLOC, three main
services are available: (i) the software computes an interactive local-
ization output, depending on the parameters specified by the user,
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(ii) provides means for creating, handling and modifying atlas-based
and own VOIs, and (iii) calculates VOI statistics on multi-atlas based
region systems.

Table 2. Brain atlases integrated into the multi-atlas database of BrainLOC

Primer atlas N R template Image
files

Meta-
data

license

Talairach 1 280 Talairach NifTI txt BrainMap
MNI Structural 50 9 MNI152 NifTI xml FSL
ICBM probabilistic 53-59 50 ICBM452 NifTI txt LONI2.0
LPBA-40 40 56 ICBM452 NifTI txt LONI2.0
CYTO Anatomy 10 62 aMNI152 NifTI mat FSL
Fiber Tracts 10 13 aMNI152 NifTI mat FSL
ICBM-DTI-81 81 50 MNI152 NifTI txt LONI2.0
JHU Tractography 28 20 MNI152 NifTI xml FSL
Harvard-Oxford Cortical 37 48 MNI152 NifTI xml FSL
Harvard-Oxford Subcort. 37 21 MNI152 NifTI xml FSL
Cerebellar 20 28 MNI152 NifTI xml FSL
Oxford Thalamic Conn. 8 7 MNI152 NifTI xml FSL
Mouse Minimal Def. 11 52 LONI

Mouse
NifTI txt LONI2.0

Mouse Neonatal MRI 8 13 LONI P0
Average

NifTI txt LONI2.0

N denotes the number of subjects used while creating the atlas. R denotes the number of
structures the atlas consists of. The primer atlases can have either deterministic or
probabilistic label maps (which is equivalent to MPM). Some deterministic atlases do not
have label map at all. The structures of probabilistic atlases are usually represented by
probabilistic structure maps and either uni- (left and right separately) or bilaterally (left and
right together). The individual atlases have various coordinate-spaces with a corresponding
template. The implementation of the mapping function can also differ: in some cases the
necessary data is stored in a simple text (txt), or Xml file while in others a MatLab structure
carries it in the software’s own format (.mat). Finally, the base data is often stored in NIfTI
file format but not always. The proper license is also given in the table. For more information
about it please consult the competent licensure advisor. In several cases the uniforming
procedure of one primer atlas was resulting in more adaptive atlases.

3.6 fParc: Data-driven Markov Random Field
Segmentation with graph-cuts

Brain atlas-based region definition has an obvious disadvantage: at-
lases represent the population-level average neuroanatomy and are
not directly linked to individual-level brain function. We aimed to
develop a data-driven segmentation approach which defines regions
based on the fMRI data itself, so that time series in the same region
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have a maximal, while time series in different regions have minimal
temporal coherence. Such an algorithm might solve the problems of
mixed internal inputs (two or more neural sources within one region)
and shared external input (one neural sources gets divided into mul-
tiple regions) [26]. Our implementation is based on the work of Ryali
et al. [57] with the modifications:

• the number of regions is predefined instead of estimated,

• the volume of regions is regulated by an appropriate constrain
(their variance is minimized).

Generative model for parcellation

According to Eq. (5) (section 1.3), let Y = {yi}Mi=1 be the prepro-
cessed and normalized voxel time series (||yi|| = 1). Furthermore,
let X = {xi}Mi=1 be the unknown labels of each voxel (xi ∈ Λ,Λ =
{1, 2, . . . , L} is a discrete label set).

The preprocessed and normalized BOLD fMRI time series belong-
ing to the same label xi = l, L ∈ Λ is modeled in each voxel by a
T-variate von Mises-Fisher distribution [86]:

f(yi|xi = l, µl, κl) = c(κl)e
κl(µlyi), i = 1, 2, ...,M, (7)

where µl and κl are the mean direction and concentration parameters
of the distribution and c(κl) is the normalizing constant. Methods
for estimating c(κl) can be found in [57].

The prior distribution of unknown cluster labels X is than mod-
eled as a discrate Markov Random Field (MRF) [87]. Let S =
{1, 2, . . . , N} be the set of indices and N = {Ni, i ∈ S} be the given
neighbourhood system whereein Ni is the set of sites neighboring the
voxel i. Then the random field X is an MRF on S with a neighbor-
hood system N if and only if [88]:

P (X) > 0, (8)

P
(
Xi|{Xj}Mj=1,j 6=i

)
= P (Xi|XNi

), (9)
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By the Hammersley-Clifford theorem [88], an MRF can be repre-
sented by a Gibbs distribution:

P (X) =
1

Z
e−(US(X)+Uv(X)), (10)

where, Z is the normalizing constant, US(X) is the energy func-
tion which imposes spatial regularization. In the original work US(X)
was defined based on the Potts potential with weigh βl [57] which
makes the preference of neighboring voxel to have the same label. To
penalize regions with different volume, we extended this energy
function by incorporating the function:

Uv(X) = βs

L∑
i=1

(
M

L
−

M∑
j=1

φi(xj)

)2

(11)

where:

φi(xj) =

{
1 if xj = i,
0 otherwise.

(12)

and βl is the weight for this regional volume constraint.
The posterior distribution of X given the data Y and model pa-

rameters Θ = [βs, βl, {µl, κl}]

P (X|Y,Θ) ∝
M∏
i=1

p(yi|xi)P (X) (13)

and can be represented by the equivalent Gibbs distribution:

P (X|Y,Θ) =
1

Z
e−UX|Y (Y,X) (14)

where Z is the normalizing constant. The posterior potential
Ux|Y (Y,X) can be represented in terms of three components: (i)
data cost (UD(Y )), (ii) smoothness cost (Us(X), based on the Potts
potential) and volume cost (Uv(X)). The data cost is given by
UD(Y ) = −

∑M
i=1 logp(yi|xi).
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The estimation of Θ latent labels and parameters were imple-
mented analogous to [57].

Cluster labels and model parameters are estimated by an iterative
expectation maximization (EM) procedure wherein the latent cluster
labels are computed using α-expansion, a state-of-art graph cut solver
(see [89] for details).

fParc was implemented in C++, based on the M3I software library
system and validated on simulated and real data, similar to as in [89]
(data not shown).

3.7 BrainMOD: Multi-purpose Medical
Image Processing and Visualization

The main goal of BrainMOD is the interactive state of the art 2D
and 3D visualization of post-processed multi-modal medical imaging
data with aid of user-friendly graphical user interface. The imaging
modalities involved are: PET, MRI, EEG, EIT. The visualization
functionality should focus on techniques that can take advantage of
multi-source post-processed data and help interpreting intra-modal
relationships. Besides 2D and 3D visualization techniques, Brain-
MOD also explicitly handles 4D data-sets.

BrainMOD was developed under the scope of the Central Ner-
vous System Imaging (CSI) project of the ENIAC consortium. The
above described purposes of BrainMOD are completely coherent with
the corresponding work package tasks of the ENIAC CSI project.
The project ended in October 2013. The developed software gained
honorable mention by the review board assigned by the European
Committee in the project review report.

The whole software specification document is attached in Ap-
pendix AIII.

Besides its role as a common data processing and visualization
platform in the CSI project, BrainMOD was designed to be a multi-
purpose multimodal medical image analysis and visualization tool
and is playing an important role in many research project at the
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University of Debrecen as well as at our partner institutes at the
University of Kaposvár, Gedeon Richter Plc. and the Kempenhaghe
Expertise Center for Epileptology, Sleep Medicine and Neurocogni-
tion in Heeze, the Netherlands.

By implementing significant modifications, the software was ex-
tended with features required for fMRI-based brain connectivity anal-
ysis. These features involve:

• interface for reading and handling region systems as exported
by BrainLOC and fParc,

• handling large 4D datasets (>2Gb) by a dedicated memory
swapping procedure specially developed for volumetric image
data,

• multi core computation of regional descriptive statistics, based
on OpenMP9,

• explicit curve management and visualization

• temporal filtering approaches and multiresolution wavelet de-
composition on time-series data (maximum overlap discrete
wavelet transformation [90] with a Daubechies least asymmet-
ric wavelets, default: LA(8) wavelet ), reimplemented to exploit
multi-core capabilities (OpenMP),

• curve export for BrainNetTools,

• toolbox system with automatically generated GUI based on
factory design pattern10, for the use of external software and
scripts.

The software was build upon the M3I software library system.
The corresponding developments were published in [78] and [91].

9www.openMP.org
10stackoverflow.com/questions/5120768
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Figure 5. Screenshot of BrainMOD

The time-course of the so-called default-mode resting-state brain network (red
blobs in the top viewer and red curve in the bottom plot) and an on-line computed
curve based on the cursor environment (blue curve). On the GUI, the ”Curve”
Toolbox is selected, which is only one of the 8 toolboxes in BrainMOD.

3.8 BrainNetTools: Modular
Brain Connectivity Analysis Toolkit

The central element of the software system for our brain connectivity
analysis work-flow is the software package BrainNetTools: a modu-
lar, scalable collection of command-line programs and scripts. This
package implements all the features needed for estimating connec-
tivity matrices from regional BOLD time series and analyze it by
means of complex graph theory. The modular architecture allows
rapid integration of new methods to our work-flow and provides a
platform for methodological research and development. Due to the
considerable computational complexity, several components of the
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system are parallelized and optimized for use on high-performance
computing cluster.

The components of BrainNetTools were validated by the following
external software: Brain Connectivity Toolbox 11 (release 29/03/2012),
igraph12 (v0.6 R-package), wavelets13 (v0.2-7 R-package) and Net-
workAnalysis14 (v0.3-1 R-package). The software tool was published
in [16], [92] and [79].

Below we discuss some of the most important algorithms and
concepts implemented in BrainNetTools.

Nuisance signal correction techniques

Nuisance signal correction techniques aim to reduce artifactual com-
ponents in the regional BOLD signals by evaluating a linear regression
model with one or more confounder variables which are believed to
describe the temporal structure of noise and considering the resid-
uals as corrected signal. The confounder variables can be acquired
from multiple sources, for instance by measuring physiological pa-
rameters during scan (pulse-oxymetry, respiration monitoring). Al-
ternatively, it can be extracted form the data itself, for example by
image realignment-based motion correction procedures, or other ad-
vanced methods which try to identify spurious sources of variation
from so-called noise-ROIs (see [36] for a description of one of the
implemented techniques). In BrainNetTools, we have implemented
more than 10 different nuisance correction technique.

Estimating connectivity strength

Functional connectivity is defined [27] as synchronized neural activity
between two brain regions. In BrainNetTools, sychronity between

11http://www.brain-connectivity-toolbox.net
12http://igraph.sourceforge.net
13http://cran.r-project.org/web/packages/wwavelets
14http://cran.r-project.org/package=NetworkAnalysis
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BOLD time series can currently be calculated by Pearson correlation,
partial correlation, coherence and phase synchronization.

Graph theoretical analysis of functional connectivities

In graph theory, the mathematical abstraction of a network is a G
graph containing a set of N nodes and M edges. This graph can be
represented as an N × N square A adjacency matrix with elements
aij = 1 or 0, depending on whether an edge does (1) or does not
exists (0) between nodes i and j. In the case of weighted networks
the W connectivity/weight matrix containing wij elements represents
the strength of connections between nodes i and j. In MRI-based
functional brain network analysis the adjacency and weight matri-
ces are zero-diagonal, symmetric matrices (wij = aij = 0, wij =
wji, aij = aji) since modeling regional self-connections (i = j) and
directed regional connections (wij 6= wji, aij 6= aji) are meaningless.
These matrix properties correspond to undirected binary (so called
unweighted) or undirected weighted graphs, depending on the used
edge model (binary, weighted). In the case of weighted functional
brain network without losing generality we assume that the weights
of edges (i.e. the strength of connections) lie in the unit interval,
[0,1].

Measurement of graph sparsity

The number of maximum edges of an undirected graph is MC =
N(N − 1)/2, i.e. the number of elements of the upper-triangle of ad-
jacency or weight matrix. The C index stands for ”complete graph”
in which every pair of nodes are connected. In the case of binary
undirected graphs the

K(G) =
M

MC

(15)

ratio defines the edge density or wiring cost of G. It is obvious
that this parameter lies in the unit interval, [0, 1], while the number
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of edges of empty and complete graphs is 0 and MC , respectively.
Substituting M and MC into formula of K(G):

M =
1

2

∑
i,j=1,...N,i6=j

aij (16)

and so

K(G) =

∑
i,j=1,...N,i6=j aij

N(N − 1)
(17)

results in the fact that the wiring cost is the mean of values of
the off-diagonal elements of the adjacency matrix.

Network topology: global graph features

Using the described graph theoretical notation we can formulate a
large set of parameters that characterize the global, nodal or modu-
lar properties of the investigated networks, as reviewed by Rubinov
and Sporns [93]. It is known from the literature that functional hu-
man brain networks show small-world characteristics, therefore dur-
ing the implementation we focused on quantifying only those nodal
and global parameters that may have an influence on this property.
Latora and Marchiori [94] introduced the efficiency-based characteri-
zation of small-world networks, which, due to its computational ben-
efits, was proved to be more effective than the classical characteristic
path length and clustering coefficient based calculation methods [95].
The efficiency was introduced as the measure of the effectiveness of
information exchange between nodes, while the average efficiency of
nodes of a G graph was defined as global efficiency (Eg), which gives
a normalized measure (lies in [0, 1]) of the information transfer ef-
ficiency of parallel systems. The normalized local efficiency (El) of
the network measures how efficient the local communication between
first neighbors of a node is if this node is faulted or removed (fault
tolerance). Latora and Marchiori also showed that the small-world
behavioral network has high global and local efficiency [94].
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Nodal parameters of unweighted graphs

The ki node degree [93] is defined as the sum of edges of node i:

ki =
∑

j=1...N,i6=j

aij (18)

The efficiency coefficient of the path (path efficiencies) between
node i and j is defined as the inverse of the lij shortest distance
between these nodes [93]. The shortest path length lij between nodes
i and j means the minimum of all possible path lengths between
nodes i and j, and can be calculated from the adjacency matrix by
Dijksra’s [96] or Floyd’s [97] algorithms. Using these definitions the
efficiency of node i is defined as the average of the path efficiencies
of the given node:

ei =
1

N − 1

∑
j=1...N,i6=j

1

lij
(19)

Global graph parameters of unweighted graphs

Global efficiency Eg is given as the mean of nodal efficiencies and
gives a normalized measure (lies in [0, 1]) of the information transfer
efficiency of the network:

Eg =
1

N

∑
i=1...N

ei (20)

Local efficiency of an unweighted graph is defined as the average
global efficiency of sub-graphs of nodes, thus, it measures how efficient
the local communication is between the first neighbors of a node if
this node is faulted or removed:

El =
1

N

∑
i=1...N

Eg(Gi) (21)
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where Gi denotes the subgraph composed from the neighbors of
node i, and by definition does not contain node i.

Cost-integrated measurement of topological metrics

One of the critical points of functional brain network analysis is the
connection (edge) selection or the thresholding procedure. The fun-
damental aim of this process is to eliminate weak connections from
the graph representation of network by an arbitrarily chosen weight
threshold. The result can be a weighted graph containing only edges
with higher weight than the applied threshold or it can be an un-
weighted graph containing only thresholded edges. Thresholding will
change the wiring cost of graphs, or in other words, it changes the
topology of the investigated network.

In the functional brain network assays we have an illusory solu-
tion to avoid this problem if we use the evaluated, unthresholded
primary networks for any population level analysis. However, the
primary networks differ in their average correlation coefficients and
they also differ in their mean weights and wired-costs [98], which
makes difficult to compare their topology parameters. Although,
the adaptive thresholding technique [99] could guarantee the same
weighted or unweighted wired cost for all networks in the population
by uniquely selected thresholds, it generates new questions: which
wired cost is the best for the analysis and how the selected cost
affects the results? Since there is currently no consensus in the lit-
erature regarding selection of threshold for weighted graph analysis
we applied a cost-integrated technique as introduced by Ginestet et
al. in [100]. Following the definition of this paper we calculate the
cost-integrated values of any {X} topological parameter of the graph
{G} by this formula:

X∗ =
∑
k∈Ω

X(Gk)p(k) (22)

where k is a cost value from the Ω set (set of all possible cost
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values), and p(k) the denotes the probability of the occurrence of
k cost. The Gk is an unweighted graph having k wired cost and it
is generated from G by an appropriate threshold and X(Gk) is the
value of the X topological parameter calculated on Gk (See table
7). We assumed that k has uniform distribution, which means that
the p(k) = 1/Mc, so the cost-integrated version of any X can be
calculated as follows:

X∗ =
1

Mc

∑
k=1...Mc

X(Gk) (23)

Typically the number of nodes is greater than 80 (Mc > 3160). In
these cases a Monte-Carlo (MC) based estimation can be applied to
calculate cost integrated values (described also in [100]). According
to our preliminary analysis, 200 MC-sample gave correct Eg and El
values, so this sample rate was set as default in the software. MC
sampling is parallelized and optimized for supercomputer use with
the aid of OpenMPI15 technique.

15www.open-mpi.org
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Figure 6. Schematic overview of the cost-integration technique

Three adjacency matrices are shown with wired costs 0.1, 0.4 and 0.9. These ma-
trices were generated from the weighted connectivity matrix by different weight
thresholds. Vertical gray arrows represent the calculation procedure of nodal and
global network parameters at different cost levels. The horizontal gray arrows
demonstrate the final step of Monte-Carlo based cost-integration procedure in
which the summed parameters are divided by the integration steps (MC).

3.9 BrainCON: Brain Connectivity
Visualizer and Graph Analysis Tool

Brain connectivity analysis requires special visualization techniques,
because on one hand, standard neuroimaging visualization software
tools are not able to handle graph visualization and on the other
hand, standard graph and network visualization tools are not able
to display neuroanatomical correlates. Although there are some re-
cently developed software for brain connectivity visualization, our
experiences pointed to the conclusion that these tools are either not
general and flexible enough, or have a poorly design graphical inter-
face which might mean a significant drawback in clinical collabora-
tions.
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BrainCON was designed to be a user-friendly, real-time connec-
tome visualizer, which is able to handle large datasets with appro-
priate memory management procedures, and beneath real-time dis-
play, produces high resolution image files for scientific publishing
purposes. Besides visualization features, BrainCON is able to com-
pute several graph parameters in quasi real-time by utilizing multi-
core parallelization implemented using the POSIX Threads Program-
ming16 (pthread) standard. Graph visualization was programmed in
OpenGL, the GUI was developed in Qt and the whole application
was based on the bcApplication framework of the M3I software li-
brary system.

For BrainCON, multiple display modes have been developed:

• quasi-3D anatomical plot: 3D spheres and lines denote nodes
and links, rendered above a 2D ”glass brain” which helps inter-
preting anatomical meaning.

• 10-20 system plot: developed typically for EEG-based electrode-
space connectivity analysis. Nodes are placed corresponding to
the schematic structure of the 10-20 electrode system.

• circular plot: to a clearer display of dense graphs, the position
of nodes does not follow the true anatomical projection, instead,
nodes are rendered in concentric circular positions, with cortical
structures in the outer and subcortical structures in the inner
circle.

• abstract plot: the position of the nodes is dependent on some
parameters of the graph, thus visualizes also structural pattern
and modularity (under development).

In all of these display modes, the size and the color of nodes and edges
can denote any graph parameter. The software explicitly supports
the display of statistical parametric networks (SPNs). By SPNs,

16www.computing.llnl.gov/tutorials/pthreads
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nodal and edge parameters are results of an arbitrary population-
level statistical test.

Figure 7. Screenshot of the BrainCON software

In the top viewer thresholded connectivity matrices (population-level statistical
parametric networks) are displayed. On the bottom panel, quasi-3D anatomical
”glass brain” visualizations of the network are plotted. The graphs on the bottom
left panel show the degree-distribution of the thresholded network.

51



4 Materials and Methods

4.1 Autism Brain Imaging Dataset Exchange

Analysis was performed on the resting-state fMRI data of 184 pa-
tients obtained from the Autism Brain Imaging Dataset Exchange
database [72, 101, 102] (ABIDE). All of the images were acquired at
the NYU Langone Medical Center using a 3 Tesla Siemens Magnetom
Allegra syngo MR 2004A. A T1-weighted sagittal MP-RAGE struc-
tural image was obtained (TE=3.25 ms, TR=2530 ms, TI=1100 ms,
flip angle=7◦, 256 slices with 1.3x1x1.3 mm voxels). Functional im-
ages were obtained using a BOLD contrast sensitive gradient echo
echo-planar sequence (TE=15 ms, flip angle=90◦, in-plane resolu-
tion=3x3mm; volume TR=2000 ms). Whole-brain coverage for the
functional data was obtained using 33 contiguous interleaved 4mm
axial slices. During the resting-state fMRI scan, most participants
were asked to relax with their eyes open, while a white cross-hair
against a black background was projected on a screen. However,
data were also included for some individuals who were asked to keep
their eyes closed; and, in a few cases, participants closed their eyes
regardless of instructions to keep them open.

The population sample consisted of 79 patients with autism spec-
trum disorders (7.1-39.1 years) (53 Autistic Disorder, 21 Asperger’s
Disorder, 5 Pervasive Developmental Disorder-Not Otherwise Speci-
fied) and a group of 105 typical control subjects. The distribution of
age and gender was not significantly different between the groups).

Data collection for the ABIDE dataset was approved by the insti-
tutional review boards of the New York University School of Medicine
and New York University. Prior to participation, written informed
consent and assent (for participants>18 years) were obtained from all
participants and their parents/legal guardians (for participants<18
years). Participants received monetary compensation for completing
the study. In this study, the patient data were analyzed anonymously.
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4.2 Image Preprocessing and
Definition of Regions-of-interest

Image data processing was performed in the conventional way de-
scribed in current fMRI literature (Fig. 8 A.), except novel steps
in the pipeline (estimating voxel-wise motion, regional displacement
timecourses, regional DVARS, graph formulation, Fig. 8 B.))

Image Preprocessing

FMRI time series were co-registered and frame-wise estimation of
head displacement was performed using FSL McFlirt [35, 103]. Ma-
trices defining the rigid-body (three translation and three rotation
parameter) transformation that fit each frame to the reference frame
(at the middle time-point) were saved for further use. The first five
volumes of each dataset were discarded from further analysis to al-
low for T1 equilibration effects. BET was used to remove non-brain
areas [58]. The resulting pre-processed fMRI data were linearly co-
registered to the brain-extracted anatomical image, and then, spa-
tially standardized to the MNI152 space using the FLIRT and FNIRT
utilities [104] of the FSL package, to achieve spatial correspondences
for group analysis. Since further processing steps utilized averaged
regional time courses, no smoothing was applied on the images.
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realignment-based
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Figure 8. Image data processing pipeline

ROI definition

In order to improve the signal-to-noise ratio and reduce the amount
of data to analyze, all regional timecourses (regional BOLD signal,
temporal derivate of its root mean squared variance, regional dis-
placement) and corresponding correlation coefficients presented in
this paper were drawn from a set of ROIs (M=88) that were de-
fined based on the Harvard-Oxford Cortical and Subcortical brain
atlases [105]. Probability maps for all regions were accessed and re-
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gion borders were delineated by retaining voxels with a probability
greater than 25%. Voxels associated with multiple regions (in case of
overlapping regions) were assigned to the region in which the under-
lying probability was higher. To avoid very small regions with poor
signal-to-noise ratio, ROIs having a volume less than 30 cm3 were
merged into neighboring ROIs. A complete list of the brain regions
and the modifications are summarized in Table 7. Fig. 9 presents
the axial projection of brain regions in the glass-brain plot used to
demonstrate results.
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Figure 9. Brain atlas regions

Short names of atlas regions in the glass brain plot used to demonstrate results.
Full names and additional information about regions can be seen in Table 7 of
Appendix AI. Red spheres imply the axial projection of the center of mass of brain
regions. Note that this plot does not indicate the axial depth of the regions.
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4.3 Voxel-wise Motion Artifacts

Calculation of voxel-wise displacement

With an in-house-developed utility based on the m3i software library
system [92], transformation matrices outputted by McFlirt were con-
verted to world coordinate origin. The respective inverse transforma-
tions were applied to each frame of the fMRI time series and the root
mean squared voxel position change in world coordinates was calcu-
lated for each voxel of each frame. The first derivate of the resulting
local displacement time series was saved in NIfTI format dynamic
images in the same space as the fMRI time series (see Fig. 10 for
demonstrative images), and then realigned to standard space.
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Figure 10. Voxel-wise characteristics of head motion during an fMRI scan

Examples of different patterns of voxel-wise displacement within the time frames
of one illustrative subject (A) and temporally averaged voxel-wise displacement
of six illustrative subjects (B).

Calculation of regional and frame-wise displacement

We defined two metrics of displacement: regional and frame-wise dis-
placement (RD and FD). RD time-courses were calculated as aver-
aged voxel-wise displacements over ROIs, while FD is the analogous
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measurement for the entire brain. This method of calculating FD
and RD is analogous to the parameter FDvox described in [45].

Quantification of global and regional BOLD intensity change

While DVARS (D referring to temporal derivative of timecourses and
VARS referring to RMS variance over voxels, first introduced in [106])
indexes the rate of change of BOLD signal across the entire brain at
each time-point of the data, Regional DVARS (RDVARS) shows the
same rate for each ROI:

DV ARS(Y )Rt =
√
〈(yi(t)− yi(t− 1))2〉(R) (24)

where yi(t) is the image intensity at locus i on frame t, angle
brackets 〈•〉(R) denote the spatial average over all voxels i within
ROI R (R = 1 . . . 88) and t = 2 . . . T where T is the number of time-
frames. In order to effectively relate RDVARS to RD, RDVARS
was calculated on the time series following re-alignment, but prior to
confound regression and filtering.

Investigating the effect of regional displacement on DVARS

We reproduced results showing global motion-related BOLD changes
[41, 43, 45] by computing the correlation coefficient between FD and
DVARS. Then, to distinguish global from local effects, we defined two
measures, residual RD and residual RDVARS (denoted with ∆RD
and ∆RDV ARS), as follows:

∆RD
(R)
t = RD

(R)
t − FDt (25)

and
∆RDV ARS

(R)
t = RDV ARS

(R)
t −DV ARSt (26)

where t = 2 . . . T , T is the number of time-frames and R (R =
1 . . .M) identifies the region. After computing these measures for
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every subject and every ROI, we computed their correlation coeffi-
cient and investigated whether it depends on the degree of the global
motion-BOLD relationship among subjects.

4.4 Functional Connectivity Processing
and Graph Formation

For rs-fcMRI analysis, additional preprocessing steps were utilized
on regional BOLD timecourses to reduce spurious variance that was
unlikely to reflect neural activity. These steps included: (i) multiple
regression of nuisance variables; and (ii) a temporal band-pass filter
on residual data using a standard fourth-order Butterworth band-
pass filter, retaining frequencies between 0.01 and 0.1 Hz.

The detailed data processing steps involved in the following strate-
gies are discussed in the relevant works. Here, we only summarize
the protocols based on basic criteria, such as the sources of nuisance
signal, the number of such signal time-courses and whether global
signal regression was performed.

1. NOREG: No nuisance regression,

2. WMCSF: average BOLD signals of eroded white matter and
cerebrospinal fluid ROI-s, segmented using FAST [58],

3. GSREG: regression of whole-brain global signal as a covariate,

4. COMPCOR: Nuisance regression of five principal components
of a noise ROI, defined based on the temporal signal-to-noise
ratio, as proposed in [36],

5. NOREG+M6: NOREG + six motion parameters,

6. WMCSF+M6: WM+CSF regression + six motion parameters,

7. GSREG+M6: GSREG + six motion parameters,

8. COMPCOR+M6: COMPCOR + six motion parameters,

59



Materials and Methods 4.5

9. SAT36: A 36-parameter nuisance regression model proposed
in [40] (incorporating global signal regression).

To ensure that neighboring regional BOLD time courses do not show
spurious increase in connectivity strength, no smoothing was applied.
Connectivity strength between pairs of preprocessed regional time
series were calculated as the Fisher-Z transformed Pearson product
moment (z = atanh(ρ)), and ordered into 88x88 correlation matrices
for each subject (henceforward referred to as Ci for subject i) and
for each nuisance regression technique, resulting in a total of 184*9=
1656 matrices.

4.5 Group Formation and
Second-level Statistical Analysis

Group formation

One subject with extreme in-scanner motion (average FD greater
than 0.7mm) was excluded from further analysis. The remaining 183
subjects were arranged into various groups:

• Autistic and normal control groups. Based on the clinical neu-
ropsychological diagnostic tests for autism, as detailed in the
original study description of the ABIDE dataset [72]. A group
of 49 autism subjects and a neurotypical control group (n=105)
were defined.

• Groups of healthy control subjects with different average voxel-
wise displacement patterns, based on the group mean voxel-wise
displacement maps. The healthy control group was divided into
two sub-groups randomly. Temporally averaged standard-space
voxel-wise displacement maps were averaged across subjects of
both sub-groups separately and the spatial Pearson correlation
coefficients for the group-mean voxel-wise displacement maps
were calculated between the sub-groups (henceforward referred

60



Materials and Methods 4.5

to as ρWD). This random group formation defined by Algorithm
1 was repeated 5000 times. The histogram of observed ρWD

values can be seen in Fig. 17 of Appendix AII. Group-pairs
were chosen so that the corresponding ρWD values are relatively
low, meaning that the subjects in one sub-group tend to have
different voxel-vise displacement patterns than in the other. We
chose eight pairs of groups with ρWD coefficients between 0.89-
0.95 ( Table 3 ). ρWD was also computed for the autism-related
group-pair.

Algorithm 1: Random group formulation
Data: D: N subjects’ 3D voxel-wise displacement maps
Result: a simulated sample for estimating the distribution of ρWD by random

grouping
group : vector of labels, consisting of N/2 times ”A” and N/2 times ”B”;1
ρWD : vector of real;2
for i in 1 to maxiter do3

permute group;4
init 3D maps A and B with 0s;5
for j in 1 to N do6

if group[j] equals ”A” then7
foreach voxel in A: A = A + D[j]8

else9
foreach voxel in B: B = B + D[j]10

foreach voxel in A: A = A / N / 2;11
foreach voxel in B: B = B / N / 2;12
ρWD[i] = spatial correlation of 3D maps A and B;13

return ρWD ;14

The healthy control group was divided into two sub-groups randomly. Temporally
averaged standard-space voxel-wise displacement maps were averaged across subjects
of both sub-groups separately and the spatial Pearson correlation coefficients for the
group-mean voxel-wise displacement maps were calculated between the sub-groups.
The Histogram of ρWD represents the distribution of the inter-group correlation of
voxel-wise motion patterns (See Fig. Fig. 17 in Appendix AII. )
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Table 3. Voxel-vise displacement-dependent groups

ρWD FA1 FA2 pFA1=FA2
maxV IFSTD

GRP maxV IFSTD+RDI
GRP

0.89 0.06 (±0.03) 0.08 (±0.04) 0.011 1.11 1.2
0.90 0.07 (±0.04) 0.07 (±0.03) 0.46 1.24 1.09
0.91 0,07 (±0.03) 0.07 (±0.04) 0.99 1.36 1.00
0.92 0.07 (±0.03) 0.07 (±0.04) 0.11 1.37 1.08
0.93 0.07 (±0.03) 0.08 (±0.04) 0.12 1.41 1.07
0.94 0.07 (±0.02) 0.07 (±0.04) 0.78 1.38 1.1
0.95 0.07 (±0.03) 0.07 (±0.04) 0.67 1.23 1.02
0.96 0.07 (±0.03) 0.07 (±0.03) 0.82 1.21 1.01

Formation of voxel-wise displacement related groups. N=105 healthy control patients were
divided into group-pairs randomly, 5000 times. Eight pairs of groups were chosen so that
correlation between the group-mean voxel-wise displacement maps (ρWD) were 0.89, 0.9, 0.91,
0.92, 0.93, 0.94, 0.95 and 0.96. FA1 and FA2 denotes the mean (± standard deviation) FD of
the group-pairs (in mm) and pFA1=FA2 denotes the probability that the groups are identical

regarding FD (obtained using permutation test). MaxV IFSTD
GRP and maxV IFSTD+RDI

GRP
denotes the obtained maximal variance inflation factor (VIF) (throughout all connections)
corresponding to the grouping factor, in models STD and STD+RDI, respectively. None of
the groups introduce multicollinearity in the models. (however there is a slight difference
between the FDs of the group-pairs with a spatial voxel-wise displacement correlation of 0.98).

Group comparisons

Group comparisons were performed by fitting Generalized Linear
Models (GLM) [107] and arranging statistical parameters into dif-
ferential statistical parametric networks (SPNs) [108]. We investi-
gated the effect of the grouping variable on functional connectiv-
ity strength. Additional covariates that might significantly influence
functional connectivity, and thus, disturb comparison, were also in-
cluded in the models. These are phenotypic covariates describing age,
full-scale Wechsler Abbreviated Scale of Intelligence (full IQ), gender,
and subject-specific mean FD. All covariates in each applied model
were zero-centered. Connectivity strength is therefore modeled as:

c
(A,B)
i = α+βGRPi+γ1AGEi+γ2FIQi+γ3SEXi+γ4FDi+εi (27)

where c
(A,B)
i is the measured connectivity strength between regions A

and B for subject i (element at the Ath row and Bth column of the Ci
matrix), GRPi is the dummy variable coding groups to compare, and
AGEi, FIQi, SEXi and FDi are the aforementioned subject-specific
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confounder variables, α, β and γis are the coefficients to estimate,
and εi is the the ith independent identically distributed normal error.
Models were fitted utilizing an iteratively reweighted least squares
(IWLS) algorithm. T-scores and p-values of the effect of interest were
obtained by dividing the β coefficient of interest by the estimated
standard error.

Regional Displacement Interaction - RDI

According to our hypothesis, differences in the mean RDs of region-
pairs A and B may have an important effect on the population-level
distribution of correlation coefficients corresponding to the given con-
nection. This can be tested by adding new terms to the linear model:
the temporally averaged RDs of regions A and B and, furthermore,
the interaction term between these two covariates. Since RDs are
strongly correlated with each other and with the global FD, we in-
troduced ∆RD which is an alternative to the average RD, but with
FD subtracted, in order to avoid multicollinearity in the model. Ac-
cordingly, ∆RD for subject i and region R can be defined as follows:

∆RD
(R)

i =

∑Ti
t=1 RD

(R)
i,t −

∑Ti
t=1 FDi,t

Ti
|i = 1 . . . N (28)

where RD
(R)
i,t denotes RD

(R)
t for subject i and Ti denotes the num-

ber of time frames in the fMRI time series of subject i (after exclusion
of first five volumes). Using the terminology of equation (25):

∆RD
(R)

i =

∑Ti
t=1 ∆RD

(R)
i,t

Ti
(29)

where, alternatively to RD
(R)
i,t , ∆RD

(R)
i,t denotes ∆RD

(R)
t of sub-

ject i.
Thus, in case of a GLM model for the connection between regions

A and B, equation (27) extends to:
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c
(A,B)
i = α + βGRPi + γ1AGEi + γ2FIQi + γ3SEXi + γ4FDi+

+ γ5∆RD
(A)

i + γ6∆RD
(B)

i + γ7∆RD
(A)

i ∆RD
(B)

i + εi (30)

Henceforward, we refer to the model specified in equation (27) as

a standard (STD) model and, to the terms γ5∆RD
(A)

i +γ6∆RD
(B)

i +

γ7∆RD
(A)

i ∆RD
(B)

i as regional displacement interaction (RDI) and,
to the model defined by equation (30) as an STD+RDI model.

Characterization of the RDI effect

To investigate the RDI interaction effect on connectivity strength we
utilized the following models:

c
(A,B)
i = α + γ1AGEi + γ2FIQi + γ3SEXi + γ4FDi

+ γ5∆RD
(A)

i + γ6∆RD
(B)

i + γ7∆RD
(A)

i ∆RD
(B)

i + εi (31)

and

c
(A,B)
i = α + γ1AGEi + γ2FIQi + γ3SEXi + γ4FDi + εi (32)

which are alternative versions of models (30) and (27), respectively,
with GRP variable excluded. Since models (31) and (32) are nested,
we can compare the reduction in deviance to residuals utilizing an F-
test under the null hypothesis that none of the additional RDI covari-
ates in the STD+RDI model is related to the measured connectivity
strength. The resulting statistical parameters for each connection
were ordered into nine differential SPNs for each nuisance regression
model, showing connections significantly related to RDI. Model (31)
was also used to demonstrate RDI in case of a single, representative
connection.

We furthermore fitted a model defined as:
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Cj = α + γ1AGEj + γ2FIQj + γ3SEXj+

+ γ4FDj + γ5∆RDk + γ6∆RDl + β∆RDk∆RDl + εj (33)

where Cj = C
(A,B)
i so that j = iM2 + AM + B and ∆RDk =

∆RD
(A)

i so that k = iM2 + AM and ∆RDl = ∆RD
(B)

i so that
l = iM2 + B, or, in other words, the dependent and independent
variables of model (31) are concatenated following the A and B (A =
1 . . .M,B = 1 . . .M) atlas regions. In contrast to the previously
introduced models, here, we utilize one model for all connections of
all subjects. The effect of interest is the RDI interaction term. This
model was used to analyze the overall nature of the interaction term.

To avoid the disturbing effect of autistic differences when char-
acterizing the interaction term, only the healthy control population
was involved when applying models defined by Eqs. (31), (32) and
(33).

Voxel-wise motion-related group comparison

Differences between low and high motion groups were investigated
by two GLM models for every connection: STD (Eq. (27)) and
STD+RDI (Eq. (30)) models were applied where GRP was a dummy
variable that defined the motion-related groups as listed in Table 3.
Results were ordered into 8*9*2 t-score SPNs, summarizing motion-
related group differences (eight pairs of motion-related groups, nine
first-level nuisance regression methods, and two second-level regres-
sion models [STD and STD+RDI]). Since, in these comparisons, the
variable of interest (grouping factor) and the motion-related covari-
ates (FD and the RDI covariates) are potentially related, we com-
puted the variance inflation factor (VIF) [109] for each model. VIF
values suggest that these modeling approaches are free from multi-
collinearity issues. (Maximal observed VIF values for the variable of
interest are reported in Table 3.)
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Autistic-control comparison

We tested the proposed RDI second-level interaction covariate set by
comparisons of autistic and control groups defined by phenotypic in-
formation that was provided with the Autism Brain Imaging Dataset
Exchange database. Results were arranged into 9*2 SPNs for nine
nuisance regression methods and two second-level regression methods
(STD and STD+RDI).

Computations and network visualization

Computations in this study, when not specified otherwise, were per-
formed using R statistical programming language [110], using the
packages ”glm” [111], ”fdrtool” [112, 113], ”HH” [114] and ”visreg”
[115]. Differential SPNs were thresholded and visualized with the in-
house developed software BrainCON (www.minipetct.com/braincon)
[92].
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5 Results and Discussion

5.1 Development of software and establishment
of pipeline

The moudular software system described in section 3. provides the
opportunity of establishing fMRI-based brain connectivity analysis
pipelines in a flexible manner and well-structured form.

BrainMOD was used for the construction of filtered regional time
series, and also, for quality check of temporary results throughout
the analysis. Developments regarding the role of BrainMOD were
presented at [78,91].

The region system applied for data-reduction was constructed us-
ing BrainLOC (previously published in [77,85]). To produce compa-
rable results, fParc was not applied in this study, however our exten-
sional energy term (Eq. (11)) in the MRF model described by Ryali
et al. in [57] seems to yield very promising results in other applica-
tions. With this modification, the general data-driven segmentation
approach is adapted the requirements of fMRI-based graph theoret-
ical brain connectivity analysis and might mean a significant step
towards the solution of node-definition problem [26].

The parallelized procedures, mainly implemented in BrainNet-
Tools, together with the high-performance computing capabilities17

available in Debrecen, Hungary, allowed the fast and automatic anal-
ysis of the vast amount of data. We applied BrainNetTools also in
several other studies [16–21].

All the network plots were visualized using BrainCON. The real-
time direct visualization of the data played a very important role
in drawing several of our conclusions. BrainCON was presented at
interactive software exhibits at [79, 92] and besides being the main
visualization tool, also played critical role in collaboration between
co-authors in our studies [16,19–21] and [18].

17https://www.niif.hu/szolgaltatasok/szuperszamitastechnika/niif szupersza-
mitogep szolgaltatas
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5.2 The Spatial Predisposition
of fMRI Motion Artifacts

As noted by Power et al. [41,44], the effect of motion appears to scale
with the amplitude of the displacement over the whole brain: frames
with greater amplitude displacements are associated with a greater
change in BOLD signal. As a first step, we reproduced these results
by observing a ρ = 0.485 (p<10−6) correlation between frame-wise
displacement FD and DVARS.

Our results also show that this effect is not spatially constant.
Although as also reported in [40], RD time courses show high corre-
lation in the entire brain of one subject, if the global effect is sub-
tracted from the regional measures (FD from RD and DVRAS from

RDVARS, respectively) the resulting residual measures ∆RD
(R)
i and

∆RDV ARS
(R)
i (Eqs. (25) and (26)) still show a significant correla-

tion of ρ = 0.278 (p<10−4). In addition, as presented in Fig. 11,
the correlation of these residual regional measures increases with the
global motion-BOLD relationship throughout subjects.
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Figure 11. Regional motion-BOLD relationship scales with the global motion-BOLD relation-
ship

Within-subject correlation of ∆RD
(R)
i and ∆RDV ARS

(R)
i (horizontal axis) plot-

ted against the correlation of FD and DVARS (vertical axis) for all brain regions
and time frames of N=183 subjects. The regional effect of motion on BOLD seems
to scale with the global relationship which is correlated (ρ = 0.485 (p<0.000001)
with the mean FD.

In-scanner head motion consists not only of translations. Rota-
tional components make the displacement diverse in distinct loca-
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tions: it becomes greater when moving further from the center of
rotations. A plausible explanation of the reported regional relation-
ship is that this complex spatio-temporal pattern of displacement
implicitly affects local BOLD signal changes.

These results can also yield a potential explanation of the phe-
nomenon that motion tends to increase connectivity for locally adja-
cent nodes, but reduces connectivity between distant nodes [39, 41–
43, 45]: neighboring regions having more similar RD will share more
similar motion artifacts than regions being far from each other and
this effect biases the distance dependence of connectivity strength.

However, we should point out that all the discussed voxel-wise and
regional displacement measures are only ”apparent displacements”:
their estimated values may have been affected by phenomena other
than head motion, including physiological noise, magnetic field inho-
mogeneities, instrumental instabilities, as well as BOLD activity of
neuronal origin. This effect should be more pronounced for regional
displacements than for the frame-wise displacements. Furthermore,
the computation of RD implicitly include integrating of motion ef-
fects within each fMRI volume. Rapid head movements occurring
on time scale shorter than the fMRI repetition time TR may af-
fect different slices within an fMRI volume differently [116]. Effects
of such rapid movements cause slice-specific image distortions that
cannot be accurately taken into account by the volume realignment-
based procedure, but can still affect fMRI functional connectivity
results. Averaging over all time frames and within time frames is a
simplification in modeling the spatial predisposition of head motion.
However, as suggested by the significant correlation between ∆RD

(R)
i

and ∆RDV ARS
(R)
i , this simplification seems to be reasonable. Nev-

ertheless, sub-TR frequency components of in-scanner motion deserve
more attention and their voxel-wise effect should be investigated in
more detail in future publications.
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5.3 The Inter-regional Interaction Effect
of Regional Displacements

The interaction of regional displacements affects measured
connectivity strength

Evidences of a spatially non-constant motion artifact in brain con-
nectivity analysis, like an increase in short-range and a decrease in
long-range connectivity, or the special pattern of related changes in
connectivity strength reported in [39,41–43,45], suggest that the re-
ported local relationship between motion and BOLD signal changes
should be considered when performing correction techniques. This
is especially true for correlation-based functional connectivity analy-
sis, where the similarity of two regional BOLD time courses can be
increasingly affected by these small but systematic variations.

However, including voxel-wise motion parameters in nuisance sig-
nal regression does not seem to be efficient (as reported by [40,45] and
also found in our preliminary analysis). Yan et al. [45] used voxel-wise
displacement as a reference to evaluate the differential region-specific
impact of motion on the BOLD signal. Although these authors pre-
sented significant correlations with a spatial pattern similar to that
previously reported, it is still not clear whether those patterns can
be explained only by locally differential BOLD answers to a global
motion effect, or, alternatively, by a real local relationship with the
spatio-temporal motion pattern.

To investigate this question, we defined RDI, a set of second-level
regression covariates that models the interaction effect between the
temporally averaged regional displacements of the regions involved in
the connection. In regression analysis, an interaction effect is said to
exist when the effect of the focal independent variable on the depen-
dent variable differs depending on the value of a third variable [117],
called the moderator variable. (Statistically, the choice of which of
the two independent variables should be the moderator variable is
unimportant.) The proposed RDI interaction term in the second-
level GLM model defined by Eq. (33) was found to be significant
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Figure 12. Filled contour plots visualizing the Regional Displacement Interaction (RDI) effect

The predicted connectivity strength (color-coded) changes depending on the si-

multaneously varying values of ∆RD
(A)

i and ∆RD
(B)

i , in case of no nuisance
regression (A:NOREG) and all investigated first-level nuisance regression meth-
ods, i.e., NOREG+M6 (E), WMSCF (B), COMPCORR (C), GSREG (D), WM-
SCF+M6 (F), COMPCORR+M6 (G), GSREG+M6 (H), and SAT36 (I). Vertical
and horizontal axes of plots B-I are the same as those of plot A. Gray bars next
to the legends indicate the (-1,1) interval to ease interpretation of color-coded
Z-score values.

(p<0.000001) for all first-level nuisance regression methods), which
means that the effect of the average RD of one region on the depen-
dent variable (connectivity strength) changes when the average RD
of the other region changes.

The effect is visualized in Fig. 12. by the filled contour plots. The
predicted connectivity strength changes depending on the simultane-

ously varying values of ∆RD
(A)

i and ∆RD
(B)

i , in case of all inves-
tigated first-level nuisance regression methods. These results imply
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that throughout the population, connectivity strength between two
brain regions tends to increase if the average RD of the regions is
similar (e.g. both are larger or smaller than the average FD) and
tends to decrease otherwise.

This effect is demonstrated for a representative connection (oc-
cipital fusiform gyrus - prefrontal gyrus) in Fig. 13. While the pre-
sented partial residual plot reveals no significant relationship between
connectivity strength and ∆RDA, the ∆RDA∆RDB interaction ef-
fect is significant implying that the effect of ∆RDA on connectivity
strength differs depending on the value of ∆RDB. This is demon-
strated by dividing the data into four groups based on the value
of ∆RDB and visualizing the corresponding cross-sectional CCPR
(component and component-plus-residual) plots, which reveal that
in each group the relationship between ∆RDA and partial residual
connectivity strength is significant in all cases but the regression lines
have different slopes. Thus, this latent relationship is not observable
without accounting for the interaction of the regional displacement
covariates.
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Figure 13. RDI effect in case of a demonstrative connection

Connectivity strength between the occipital fusiform gyrus (A=20) and the pre-
frontal gyrus (B=12). On the left, the partial residuals for ∆RDA from the
model defined by Eq. (31) (dependent variable: connectivity data of the healthy
control population (N=105), without nuisance signal regression (NOREG)) are
plotted against ∆RDA. Although the model reveals no significant relationship
(t=-1.46,p=0.15) between connectivity strength and ∆RDA, the ∆RDA∆RDB

interaction effect is significant (t=3.31, p=0.0013), implying that the effect of
∆RDA on connectivity strength differs depending on the value of ∆RDB . This is
demonstrated by dividing the data into four groups based on the value of ∆RDB

(color-coded on the left plot) and visualizing the corresponding cross-sectional
CCPR (component and component-plus-residual) plots (on the left). Mean value
of ∆RDB corresponding to the cross-section is indicated. Partial residuals are
plotted with colored dots corresponding to the cross-section group. The corre-
sponding regression line estimated from the full model fit and the corresponding
95% confidence interval is displayed in black and gray, respectively. The hori-
zontal and vertical axes of the cross-sectional CCPR plots are the same as those
of the partial residual plot on the left. Cross-sectional CCPR plots imply that
in each group the relationship between ∆RDA and partial residual connectivity
strength is significant but the regression lines have different slopes, which makes
this latent relationship not observable without accounting for the interaction of
the regional displacement covariates.
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To characterize how this phenomenon is related to the spatial
patterns of measured functional connectivity and to what extent it
is present in case of the applied first-level nuisance signal regression
techniques, we performed a comparison of the STD (Eq. (31)) and
STD+RDI (Eq. (32)) models. The model comparison was realized by
F-tests between the models and resulted in the SPNs shown in Fig. 14.
In this figure, connections are visualized, where the STD+RDI model
explains significantly more variance than the STD model (the null hy-
pothesis of the F-test can be rejected) with a false discovery rate of
q<0.05. The proposed method, RDI proved to be the most efficient
with nuisance signal regression methods NOREG, WMCSF, WM-
CSF+M6, GSREG, and COMPCOR+M6. The explanatory power
added by RDI is most pronounced typically in case of middle- and
long-range connections of the temporal poles.
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Figure 14. Network pattern of connections where utilizing RDI significantly improves second-
level modeling

Statistical parametric networks presenting the model comparison performed by
F-tests between the STD and STD+RDI models ( Eq. (32) and (31)). Connec-
tions are only visualized, when the STD+RDI model explains significantly more
variance than the STD model (the null hypothesis of the F-test can be rejected)
with a false discovery rate of q<0.05. The proposed STD+RDI method proves to
be most efficient with the nuisance signal regression methods NOREG, WMCSF,
WMCSF+M6, GSREG, and COMPCOR+M6, and seems to demonstrate no sig-
nificant improvement in case of SAT36, after correction for multiple comparison.
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The interaction of regional displacements may bias func-
tional connectivity group comparisons

The correlation coefficient of two regional BOLD time courses can
be sensitive to the regional displacement time course (RD) of both
regions. Even if the motion-related artifactual component is small, it
still can significantly affect correlations, depending on the degree to
which it is shared between the time courses.

This phenomenon becomes even more problematic on the population-
level. Satterthwaite et al. [39] reported that between-subject differ-
ences in head motion are stable: subjects who tend to move on one
occasion tend to move on another occasion. This means that analyses
of functional connectivity needs to consider the possibility that cer-
tain aspects of head motion behave as a trait. Accordingly, even if the
above-mentioned effect is otherwise small, it can disturb group com-
parisons and lead to erroneous conclusions, since it is of non-neural
origin.

This assumption can be admitted easily by considering two pa-
tient cohorts where region A and B have similar RD within each
subject of one group (e.g., due to relatively smaller rotations), and
different RD in the subjects of the other (e.g., more prevalent rota-
tions with a center to which A and B are located asymmetrically).
The significant RDI interaction effect means that the corresponding
correlation coefficient will be biased, and tends to be larger in the
first group, even in the absence of a real functional difference. How-
ever, it is still not clear how different grouping conditions interfere
with the tendency of motion patterns.

One can hypothesize that the spatio-temporal pattern of motion
can be significantly different between groups that were defined by a
factor in relation to motion. This could be the case in group compar-
isons in several physiological and pathological conditions co-occurring
with hypo- or hyperkinetic signs.
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5.4 The Proposed Correction Technique:
Regional Displacement Interaction

As presented in the followings, our results show that the spatio-
temporal pattern of head motion biases measured connectivity strength
on the population level, and, practically speaking, the proposed second-
level covariates (RDI) can be utilized as a method to incorporate
these individual regional differences of in-scanner head motion into
the model, and thus, reduce artifactual variance in the data.

Including RDI as a covariate in second-level regression ef-
ficiently reduces group differences caused by differences in
voxel-wise motion

To demonstrate the reported confounding effect of voxel-wise motion
on population-level analysis, we performed eight group comparisons
(See Table 3.) where the groups to compare have different average
voxel-wise displacement patterns.

Results are summarized in Table 4.
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Table 4. Motion-related group differences

ρWD 0.89 0.90 0.91 0.92 0.93 0.94 0.95 0.96

NOREG 106 (1) 12 12 5 8 3 4 0
NOREG+RDI 63 3 6 3 3 2 0 0

WMCSF 139 (2) 5 26 9 5 11 17 1
WMCSF+RDI 84 2 15 8 1 4 2 0

GSREG 11 46 30 75 (1) 30 63 17 38
GSREG+RDI 11 29 33 58 29 40 12 33

COMPCOR 35 16 40 17 21 7 104 (2) 12
COMPCOR+RDI 8 8 26 11 12 7 46 10

NOREG+M6 121 5 20 3 3 2 9 0
NOREG+M6+RDI 64 1 13 3 1 1 1 0

WMCSF+M6 106 6 39 5 2 44 58 2
WMCSF+M6+RDI 37 4 25 7 1 26 4 1

GSREG+M6 20 32 31 108 (1) 23 52 16 29
GSREG+M6+RDI 19 15 29 94 19 53 20 22

COMPCOR+M6 59 5 39 66 25 5 62 (1) 13
COMPCOR+M6+RDI 17 4 37 41 9 6 30 12

SAT36 20 38 34 85 22 43 17 33
SAT36+RDI 21 15 39 69 20 44 13 34

Number of connections significantly (p<0.01) differing between groups. Voxel-wise
displacement-related group comparisons corresponding to given ρWD are presented in
columns. Rows correspond to the nine nuisance regression methods and their +RDI variants.
Number of differences surviving the q<0.05 false discovery rate criterion (if any) is indicated
in parentheses.

In Fig. 15, the number of significantly (p<0.01) differing con-
nections is plotted against the group-defining mean FD threshold
for each nuisance signal regression method. Results show that, for
less extensive nuisance regression methods (NOREG, NOREG+M6,
WMCSF, WMCSF+M6), when the voxel-wise displacement maps
between groups are more different (lower between-group mean voxel-
wise displacement map correlations), more group differences appear.
These findings seem to confirm that group comparisons may be biased
when groups show different tendencies in voxel-wise motion. Results,
in conjunction with the results of the F-test based model compar-
isons Fig. 14., also show that the inclusion of RDI covariates seems
to decrease these artifactual group differences, especially by moderate
nuisance regression methods.
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Figure 15. The effect of RDI on motion-related group differences

The number of significantly (p<0.01) differing connections is plotted against the
spatial correlation coefficient of group-mean voxel-wise displacement maps for
RD-based group-pairs for each nuisance signal regression method. The number
of significant group differences is plotted on logarithmic axis.

80



Results and Discussion 5.4

The change in the corresponding connectivity pattern is visualized
in Fig. 15. for the nuisance signal regression methods NOREG, COM-
PCOR, and GSREG, and for each motion-related group comparison
defined by ρWD. Results with the STD and STD+RDI second-level
regression models are presented in the upper and lower rows on each
panel, respectively. Group differences with probability (p>=0.01)
are not visualized.

As predicted by the F-test-based model comparisons (Fig. 14.),
the reduction of false group differences caused by voxel-wise motion
most markedly improved in the NOREG, WMCSF and COMPCOR
methods. Regressing out six motion parameters did not seem to be
highly efficient but may be beneficial when no other nuisance signal
regression covariate is applied (NOREG+M6).

However, the small number of differences surviving the q<0.05
false discovery rate criterion implies that - when utilizing a proper
second-level model - all the investigated methods are able to reduce
motion-related group comparison artifacts to a decent extent. With
the RDI correction, no FDR significant group differences remained
in any of the comparison cases.

We note, that, in contrast to most prior studies, here, we per-
formed more than a single pair of group comparisons, thus avoiding
that results reflect only the random effects of the grouping condition.

Including RDI as a covariate in second-level regression pre-
serves autism-related group differences

To test the efficiency of the proposed correction method, we per-
formed group comparisons where both motion-related artifacts [30,
75] and real neuronal differences [16, 72, 118] were expected to be
present. We compared the functional networks of autistic and con-
trol patients.

The correlation between the group-mean voxel-wise correlation
map (ρWD) between the autistic and the normal control groups was
found to be 0.98. It suggests that this grouping condition should
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STD

RDI
correction

simulated ASD vs. CTR

Figure 16. The effect of the proposed correction technique

Results of group comparisons between (left column) simulated groups with
ρ(DV ARS,RD) = 0.89 (extremely different voxel-wise motion patterns between
groups) and (right column) the autism and control groups, with (bottom row)
and without (top row) modeling RDI (FDR corrected statistical threshold).

be only slightly biased by the effect of regional displacement on the
measured connectivity strength. Thus, as predicted by voxel-wise
displacement pattern-related group comparisons, utilizing the RDI
correction method should introduce only minor changes in the differ-
ential connectivity patterns.

Results are presented in Fig. 16. and Table 5.
More than 200 connectivity differences survived the q<0.05 false

discovery rate criterion in NOREG and COMPCOR (both with and
without RDI) and none survived in GSREG+RDI, GSREG+M6,
GSREG+M6+RDI, SAT36 and SAT36+RDI. As predicted above,
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the inclusion of RDI introduces only slight changes in the pattern of
autism-related group differences.

All the evaluated signal regression approaches revealed presum-
ably autism-linked impairments of functional connectivity. Autism
was mainly characterized by decreased synchronicity, i.e., undercon-
nectivity. This finding is in line with the majority of intrinsic func-
tional connectivity studies. The spatial predisposition, along with
the 30 most significant differences, is presented in Fig. 16. and Table
5.

While including RDI significantly reduced (presumably artifac-
tual) differences between voxel-wise displacement-related subject co-
horts, differences in the autism-related comparison were more or
less preserved. These results suggest that the proposed correction
method, while effectively reducing motion artifacts in group compar-
isons, preserves the sensitivity to neural differences.

A critical interpretation of our autism-linked findings in this study
is not directly possible. This mainly stems from the lack of ground
truth information about the basic neuropathology of the disease. Fur-
thermore, larger-scale, multi-centric comparisons would be optimal to
test the reproducibility of any finding.
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Table 5. Autism-related group differences (without nuisance signal regression of six motion
parameters)

Connection NOREG +RDI WMCSF +RDI GSREG +RDI COMPC +RDI

l-cun - l-stg -3.73
***

-3.52
***

-2.79 * -2.56 -2.67 * -2.19 -5.03
***

-4.57
***

l-occfus - r-tfus -3.64
***

-3.98
***

-3.88
**

-4.03
***

-3.26 * -3.17 * -4.88
***

-4.62
***

l-fmedc - r-parcing -4.30
***

-4.11
***

-4.16
**

-4.06
***

-3.02 * -3.09 * -4.86
***

-4.77
***

l-fmedc - r-cingpost -4.54
***

-4.23
***

-3.94
**

-3.86
***

-1.92 -1.94 -4.83
***

-4.55
***

r-mfg - r-parhipc -3.14
***

-3.63
***

-4.54
***

-4.67
***

-3.70
**

-3.85
**

-3.55
***

-3.47
***

l-smargp - l-mtgant -3.38
***

-3.54
***

-2.66 * -2.79 * -2.48 -2.54 -4.65
***

-4.49
***

r-tfus - r-tofus -3.35
***

-4.13
***

-2.92 * -3.48
***

-1.57 -1.75 -4.43
***

-4.59
***

l-fmedc - l-cingpost -4.30
***

-3.97
***

-3.52
**

-3.40
***

-1.83 -1.84 -4.19
***

-3.95
***

l-hip - l-thal -0.28 -0.06 2.2 2.03 4.53
***

4.21
**

-0.15 0.45

l-sfg - l-mtgant -3.71
***

-3.97
***

-2.84 * -3.00 * -3.00 * -2.97 * -4.49
***

-4.30
***

l-fmedc - r-front -4.49
***

-3.98
***

-4.03
**

-3.61
***

-2.78 * -2.45 -4.00
***

-3.63
***

l-cun - l-plan -3.24
***

-2.96
***

-2.27 -2.01 -1.72 -1.18 -4.47
***

-3.96
***

l-stg - r-cun -3.19
***

-2.97
***

-2.47 -2.24 -2.82 * -2.45 -4.46
***

-4.02
***

l-temp - l-thal 0.28 0.48 2.03 2.16 4.45
***

4.07
**

0.02 0.13

r-parhipc - r-hip 0.99 0.52 2.33 2.17 4.44
***

4.29
**

0.34 0.29

l-mtgant - r-sfg -3.33
***

-3.50
***

-2.82 * -2.89 * -1.85 -1.73 -4.44
***

-4.25
***

r-fmedc - r-precun -4.43
***

-4.35
***

-3.12 * -3.10 * -0.89 -1.03 -3.55
***

-3.67
***

l-fmedc - l-precun -4.02
***

-3.83
***

-3.54
**

-3.55
***

-1.22 -1.35 -4.40
***

-4.28
***

l-fmedc - l-sfg -4.16
***

-3.87
***

-3.51
**

-3.39
***

-2.21 -2.31 -4.38
***

-4.17
***

l-fmedc - r-precun -4.17
***

-3.99
***

-3.65
**

-3.62
***

-1.1 -1.22 -4.34
***

-4.29
***

l-ins - r-mtgtempoc -3.12
***

-3.10
***

-1.88 -2.02 -2.34 -2.36 -2.36 -1.84

l-fmedc - r-mtgant -4.33
***

-3.95
***

-2.76 * -2.45 -1.69 -1.47 -3.26
***

-3.20
***

l-ang - l-mtgant -3.76
***

-3.91
***

-3.48
**

-3.68
***

-3.02 * -3.14 * -4.29
***

-4.26
***

l-parhipc - r-sfg -2.79
***

-2.63
***

-2.81 * -2.51 -0.67 -0.89 -4.26
***

-3.87
***

l-fmedc - l-parcing -3.93
***

-3.62
***

-3.59
**

-3.45
***

-2.74 * -2.74 * -4.23
***

-4.05
***

r-sfg - r-parhipc -3.03
***

-3.59
***

-3.47
**

-3.66
***

-1.14 -1.34 -4.23
***

-4.13
***

l-occfus - l-tfus -2.66
***

-2.67
***

-3.20 * -3.14 * -2.16 -2.3 -4.23
***

-4.18
***

l-fmedc - l-front -4.23
***

-3.49
***

-3.33 * -2.73 * -1.83 -1.43 -3.41
***

-2.79
***

l-temp - r-sfg -2.90
***

-2.99
***

-2.56 -2.44 -0.79 -0.78 -4.21
***

-3.88
***

r-occfus - r-tfus -3.74
***

-4.21
***

-3.15 * -3.49
***

-2.14 -2.3 -3.66
***

-3.57
***

The overall 30 most significant autism-related group differences in order of significance level. The first
column lists the short names of the region pairs (See Table 7. for full names and other information). The
corresponding T-value estimated from the STD and STD+RDI models are shown for all investigated
nuisance signal regression methods. Significance level is implied by asterisks: * p<0.01, ** p<0.001, ***
FDR q<0.05.
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5.5 Relation to Other Correction Strategies

Contrasting the impact of head motion and nuisance signal
regression strategies

The efficiency of nuisance signal regression techniques in the context
of rs-fcMRI motion artifacts analysis has been intensively investigated
in the last few years; however, a significant part of these studies did
not apply second-level regression covariates [39–41,43] in population-
level analysis. Their overall conclusion was that global signal re-
gression, high-parameter nuisance signal regression, scrubbing, and
de-spiking are potentially beneficial. However, recent studies have
questioned some of these conclusions. In the following, we summa-
rize the latest findings in the literature in contrast to our results.

Effect of global signal regression

In our analysis, patterns of group differences become extremely differ-
ent when regressing out the whole-brain signal from regional BOLD
time courses (GSREG, GSREG+M6 and SAT36). Most of the above-
mentioned studies, which did not utilize second-level correction, ap-
plied GSREG in their analysis pipeline. Recent studies using mean
FD as a second-level regressor [45, 46] also concluded that GSREG
mitigates the effects of motion-related differences among subjects, but
warns that investigators must weigh up the pros and cons of GSREG
when deciding whether to employ it in the context of testing specific
hypotheses.

Our results show that, after the correction of group-wise dif-
ferences in head movement in the autism-control comparison, over-
connectivity and under-connectivity can simultaneously appear. How-
ever, global signal regression in the processing pipeline appears to
bias results toward over-connected differential networks. In addition
to under-connectivity, many authors suggested short-distance over-
connectivity (in the frontal lobe or globally) as a possible finding in
autism spectrum disorders [119]. This theory was then questioned
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on the grounds that head-movement could induce similar effects [30].
As reported in [120], correlation estimates obtained after GSREG are
more susceptible to the presence of motion and exacerbate distance-
dependent bias. Moreover, as reported in [75,76], correlation patterns
and group differences may become distorted after GSREG (depend-
ing on, e.g., region size or the underlying true connectivity structure).
According to Müller et al. [121], pre-processing strategies greatly
affect the spatial patterns of autism-linked connectivity traits, al-
though under-connectivity is the most prevalent across studies. It
is, therefore, safe to conclude that GSREG not only introduces anti-
correlations in the functional connectome [122], but can also confound
case-control comparisons in autism.

Effect of including motion parameters

In the case of voxel-wise motion pattern-related group comparisons,
inclusion of the six motion parameters in first-level nuisance sig-
nal regression showed no obvious improvement in motion-artifact
reduction. However, the inclusion of these parameters had a pro-
nounced effect in autism-related group comparisons, especially in
NOREG, WMCSF and COMPCOR techniques: the number of signif-
icant group differences decreased. Whether this phenomenon is due
to improved motion-artifact reduction in the special case of autis-
tic group comparisons, or due to overfitting and the removal of real
brain signal, remains a question. However, evidence that spatial
realignment-based estimation of motion parameters may yield poor
results in periods of small movements [34] point toward the conclusion
that motion parameter estimates should be applied carefully. As a
possible solution, we suggest utilizing thresholded motion estimates
and avoiding the use of motion parameters in periods of relatively
small movements.
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Optimal choice of individual-level motion-correction tech-
nique

In some cases, it is not clear whether various high-parameter nui-
sance regression techniques eliminate group differences due to in-
creased specificity or decreased sensitivity. Considering most sig-
nificant autism-related group differences, minimal nuisance regres-
sion techniques (NOREG, NOREG+M6 ) show a high consensus
with moderate (WMCSF, WMSCF+M6) and more complex (COMP-
COR, COMPCOR+M6) methods. This points to the conclusion that
when analyzing a sufficiently large sample and utilizing an appropri-
ate second-level model, the choice of individual-level signal nuisance
regression technique becomes less crucial. However, when analyzing
small samples and also with individual analysis, the role of these
techniques is unquestionably important.

5.6 The Role of Confounds
Not Related to Subject Motion

This article focused on motion-related artifacts, which are only one,
although a conspicuous source of confounding effects in functional
MRI. In this context, the performance of NOREG and NOREG+M6
methods in motion-related comparisons deserves attention. One pos-
sible explanation is that, although artifacts of other sources are obvi-
ously present in the data, their individual spatio-temporal pattern is
more constant and their population-level distribution is more similar
among the investigated subpopulations compared to motion-related
confounds. Thus, these artifacts may have only a moderate disturb-
ing effect in large-sample group comparisons. However, by grouping
conditions in relation to physiological conditions, like blood pres-
sure and blood oxygenation (or artifacts of scanner-related sources in
multi-center studies), non-motion originated artifacts can apprecia-
bly affect the results. Thus in such experimental designs, nuisance
regression methods may have a more important role.
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This is also suggested by the results of autism-related group com-
parisons, where pronounced differences were experienced among var-
ious nuisance signal regression techniques. A potential explanation
for these deviations is that, although the proposed motion-correction
technique successfully reduces motion-related erroneous group dif-
ferences, artifacts of other physiological and scanner-related sources
affect autism-related group comparisons and these phenomenon is
handled differently by various signal regression techniques.
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6 Conclusion

In this thesis, we demonstrated that small movements during scan-
ning can cause different displacements in various locations of the
brain, and, accordingly, motion-related BOLD signal changes also de-
pend on location. We characterized the effect of this spatio-temporally
complex BOLD artifact pattern on functional connectivity. We pro-
posed RDI, a set of regression covariates for the population-level cor-
rection of motion artifacts arising from local head motion. As shown
with comparisons of groups with differing average voxel-wise motion
pattern, the proposed correction technique efficiently reduces arti-
facts caused by differences in voxel-wise motion patterns in population-
based connectivity analysis; and meanwhile, as demonstrated by com-
paring autistic and control groups, preserves differences correspond-
ing to neural origin.

Our findings suggest that, especially by moderate nuisance correc-
tion methods, the inclusion of RDI as second-level nuisance covariates
is generally appropriate and may become increasingly necessary when
the variable of interest is interrelated with altered subject kinetics.

A limitation of the proposed method is that it cannot be effec-
tively applied in case of individual studies or small sample sizes.
Nevertheless, one should note that, in situations where the vari-
able of interest is correlated with motion, second-level regression-
based, motion-correction approaches can be conservative, as they
remove common variation among regressors. Furthermore, the pro-
posed method is based only on a simplified measure of motion and
does not handle rapid sub-TR displacements, which may play an im-
portant role in regional motion artifact interactions.

The question of what is the optimal individual-level signal regres-
sion technique for motion correction remains open, but, seems less
crucial for large-sample, group-level studies using a proper second-
level correction method.

This thesis focused on motion-related artifacts, which are only
one, although a conspicuous source, of confounding effects in func-
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tional MRI. In-scanner head motion is relatively easy to measure,
and thus, corresponding artifacts are actively investigated. However,
as suggested by the observed differences among nuisance signal re-
gression techniques, physiological and scanner-related artifacts may
also have an essential impact on fc-MRI studies.

The work was based on intensive software development efforts to
establish a proper research and development framework for brain con-
nectivity analysis studies. It had a significant contribution in several
other neuroimaging studies. The system also provides novelties in
the filed of neuroimaging: the adaptation of data-driven segmenta-
tion technique to connectivity analysis, the parallelized procedures in
BrainNetTools and the novel visualization techniques in BrainCON
can be considered as appreciable steps in the evolution of computer
methods in brain connectivity analysis.
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Summary

In the present thesis, we analyzed in-scanner subject motion during
fMRI measurements and its effect on motion artifacts in functional
brain connectivity analysis.

We demonstrated that small in-scanner movements detected by
image co-registration methods causes different displacement in dif-
ferent parts of the brain. Accordingly, motion artifacts in the mea-
sured signal have also a complex spatial predisposition. As a po-
tential solution, we proposed RDI, a novel population-level General-
ized Linear Model-based motion artifact correction technique. The
RDI technique is based on an interaction term incorporated into the
population-based statistical analysis, which models the difference in
the displacement of regions participating in a connection. Our results
show that the proposed technique effectively reduces spurious group
differences originating from regional motion differences.

According to our aims, we investigated an important issue re-
cently brought up in the scientific literature stating that in certain
pathological conditions, for instance in Autism Spectrum Disorders
(ASD), in-scanner locomotion shows a significant alteration com-
pared to Healthy Normal Control (HNC) subjects, and therefore,
brain connectivity findings in ASD might have spurious artifactual
sources, besides neural correlates. Our analysis on a large sample
did not confirm this assumption. Accordingly, we have found that
the proposed correction technique causes only minor changes in the
differential connectivity pattern. Nevertheless, we demonstrated the
existence of the phenomenon. Therefore, this effect still needs to be
investigated in patient populations with other pathological conditions
that might be related to altered kinetics.

Due to the disagreement about the optimal first-level nuisance
signal regression methods, we performed the analysis with multi-
ple techniques. Our results confirmed that first-level nuisance sig-
nal regression methods might have a complex unpredictable effect on
second-level analysis results.
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Summary

The research was based on intensive software development efforts,
which resulted in a modular brain network analysis software frame-
work (contribution of the candidate can be seen in Table 6.). To solve
the issue of functional network node definition, a state-of-art Markov
Random Field-based segmentation method was implemented. The
standard approach was extended with a novel energy constraint reg-
ulating the volume of the regions and is therefore well-suited for brain
connectivity analysis. To support interdisciplinary collaborations, we
developed several novel brain network visualization techniques. The
developed software system, besides aiding clinical research collabo-
rations, also facilitates further methodological research and develop-
ment in neuroimaging and brain connectivity analysis.
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Contribution of the candidate

Table 6. Contribution of the candidate

task section effort implement. lines publ. user

M3I 3.2 10% C++,Qt 50000

BrainLOC 3.5 100% M3I 8000 [77,85] DBLIS

KEMP

fParc 3.6 70% M3I 1200 KEMP

BrainMOD 3.7 90% M3I 20000 [78,91] DBLIS,

KEMP,

DDO

BrainNetT. 3.8 50% M3I 5000 [16–21] DBLIS,

KEMP,

KEN

BrainCON 3.9 90% M3I 4000 [16, 18–
21,79,92]

DBLIS,

KEMP,

KEN

RDI 4.5 100% M3I, R 600 [17,123]

Contribution of the candidate to the software components introduced in this
thesis (with section number). The degree of effort (effort) is estimated, lines of
code written (lines) is based on code statistics and revision control system
(monotone) logs. The last row (user) lists institutes where the software is
actively used.
KEMP: Kempenhaeghe Expertise Centre for Epileptology, Neurocognition and
Sleep Medicine, Heeze, The Netherlands;
DBLIS: Department of Biomedical Laboratory and Imaging Science, University
of Debrecen;
KEN: Department of Neurology, Kenézy Hospital Ltd.,
DDO: Department of Diagnostics and Oncoradiology, University of Kaposvár
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Összefoglaló (Summary in Hungarian)

A jelen PhD disszertációban bemutatott munka során elemeztük a
vizsgálati alanyok fMRI mérések alatti mozgása és a funkcionális agyi
hálózatanaĺızis során jelentkező mozgási műtermékek közötti kapcso-
latot.

Eredményeink szerint a vizsgálat alatti kis mértékű, képillesztéssel
detektált elmozdulások eltérő mértékben érintik az agy egyes te-
rületeit, és ennek következtében a mért jelben keletkező mozgási
műtermékek helyfüggőek. Ezen jelenségnek a populációs szintű funk-
cionális hálózatanaĺızist érintő hatásainak csökkentésére egy új Álta-
lánośıtott Lineáris Modell alapú korrekciós módszert, a Regionális El-
mozdulás Interakció (Regional Displacement Interaction, RDI) tech-
nikát javasoltuk. Az RDI egy, a populációs statisztikai modellezés
során használható interakciós magyarázó változó halmaz, mely mod-
ellezi a kapcsolatban lévő agyi régiópárok elmozdulásbeli eltéréseit, és
eredményeink szerint hatékonyan csökkenti a térbeli mozgásmintázat
szisztematikus eltéréseiből fakadó fals pozit́ıv csoportkülönbségeket.

Célkitűzésünknek megfelelően megvizsgáltuk azon szakirodalmi
felvetést, mely szerint egyes patológiás állapotokban, ı́gy pl. az au-
tizmus spektrum zavarban (ASD) szenvedő páciensek esetén a felvétel
alatti mozgási mintázat szisztematikus módon eltér az egészséges
normál kontrol (HNC) alanyokhoz viszonýıtva, és ennek következmé-
nyeként az észlelt hálózati eltérések a neurális okok mellett részben
műtermékekből fakadhatnak. Nagy esetszámon alapuló vizsgálataink
alapján ASD esetén alaptalanak mutatkozott a felvetés. Ennek meg-
felelően azt tapasztaltuk, hogy az ajánlott korrekciós módszer csupán
minimális mértékben változtatja meg az ASD és a HNC alanyok
funkcionális agyi hálózati összevetésének kimenetelét. A műtermék
individuális megjelenését azonban demonstráltuk, ı́gy a probléma
egyéb pácienspopulációk esetében továbbra is vizsgálandónak tekint-
hető.

A szakirodalmi cikkek módszertani heterogenitására való tekin-
tettel vizsgálatainkat több idősor szintű műtermék regressziós mo-

94
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dell alkalmazása mellett is elvégeztük. Eredményeink megerőśıtették
azon irodalmi adatokat, melyek szerint ezen első-szintű technikák al-
kalmazása több esetben nem jósolható módon befolyásolja a hálózat-
anaĺızis kimenetét.

Az anaĺızist egy intenźıv szoftverfejlesztési folyamat tette lehetővé,
melynek során kifejlesztésre került egy moduláris agyi hálózatanaĺızis
keretrendszer (a jelölt hozzájárulásának mértéke a 6. táblázatban
látható). A funkcionális agyi hálózatanaĺızis régiókijelölési problémá-
jának megoldására implementáltunk egy korszerű, Markov Véletlen
Mező alapú szegmentációs eljárást, mely az általunk javasolt volumen-
megszoŕıtás alkalmazásával jól illeszkedik a hálózatanaĺızis követel-
ményeihez. Az interdiszciplináris kollaborációk seǵıtése érdekében
több agyi hálózatvizualizációs technika is bevezetésre és implementá-
lásra került. A kidolgozott szoftverrendszer a klinikai kutatások akt́ıv
támogatása mellett előseǵıti a további módszertani kutatás-fejlesztést
az idegtudományi képalkotás és ı́gy az agyi hálózatanaĺızis területén.
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L., Jakab, A., Berényi, E., Emri, M.: Methodological developments for
automated region analysis of brain SPECT and PET examination. Nucl.
Med. Rev. 14 (Suppl. A), A22, 2011. ISSN: 1506-9680.
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Appendix

AI. List of Brain Atlas Regions

Table 7. Brain atlas regions (left hemisphere)

id long name side short name H-O atlas regions
merged

1 Left Caudate left l-caud Caudate,Accumbens
2 Cingulate Gyrus anterior division left l-cinga
3 Frontal Medial Cortex left l-fmedc
4 Operculum left l-operc front-cent-pariet.
5 Frontal Orbital Cortex left l-forbc
6 Frontal Pole left l-front
7 Inferior Frontal Gyrus pars opercularis left l-inffrontgop
8 Inferior Frontal Gyrus pars triangularis left l-inffrontgtri
9 Juxtapositional Lobule Cortex left l-juxlob
10 Middle Frontal Gyrus left l-mfg
11 Paracingulate Gyrus left l-parcing
12 Pre-frontal left l-prefront
13 Subcallosal Cortex left l-subcall
14 Superior Frontal Gyrus left l-sfg
15 Insular Cortex left l-ins
16 Cuneal Cortex left l-cun
17 Calcarine Cortex left l-calc intra-, suprac.
18 Lateral Occipital Cortex inferior division left l-latocinf
19 Lingual Gyrus left l-ling
20 Occipital Fusiform Gyrus left l-occfus
21 Occipital Pole left l-occ
22 Angular Gyrus left l-ang
23 Cingulate Gyrus posterior division left l-cingpost
24 Lateral Occipital Cortex superior division left l-latoccsup
25 Postcentral Gyrus left l-postcent
26 Precuneous Cortex left l-precun
27 Superior Parietal Lobule left l-supparl
28 Supramarginal Gyrus anterior division left l-smarga
29 Supramarginal Gyrus posterior division left l-smargp
30 Lentiform left l-lent put. pall.
31 Superior Temporal Gyrus left l-stg post, ant, Heschl
32 Inferior Temporal Gyrus left l-itg post, ant
33 Inferior Temporal Gyrus temporooccipital left l-itgtempoc
34 Amygdala left l-amyg
35 Hippocampus left l-hip
36 Middle Temporal Gyrus anterior division left l-mtgant
37 Middle Temporal Gyrus posterior division left l-mtgpost
38 Middle Temporal Gyrus temporooccipital left l-mtgtempoc
39 Parahippocampal Gyrus left l-parhipc post, ant.
40 Planum left l-plan temporale, polare
41 Temporal Fusiform Cortex left l-tfus ant, post
42 Temporal Occipital Fusiform Cortex left l-tofus
43 Temporal Pole left l-temp
44 Left Thalamus left l-thal

Lateralization, and long and short names of brain atlas-based ROIs used for estimating
regional BOLD and motion related measures. The sources of brain regions are the
Harvard-Oxford Cortical and Subcortical brain atlases [105].
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AII. Group Formation

Figure 17. Histogram of group averaged voxel-wise displacement correlations based on 5000
random permutations

Temporally averaged standard-space voxel-wise displacement maps were aver-
aged across the subjects of two randomly assigned groups. Spatial Pearson cor-
relation was calculated between these group-mean voxel-wise displacement maps
(ρWD)). The histogram of this inter-group voxel-wise displacement correlation
was computed based on 5000 random group formulation. Group-pairs with ex-
trem inter-group differences in voxel-wise displacement were chosen for further
analysis.
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AIII. BrainMOD software specification (ENIAC
CSI project)

Goal of the software

The main goal of the software specified in this document is the in-
teractive state of the art 2D and 3D visualization of post-processed
multi-modal medical imaging data with aid of user-friendly graphi-
cal user interface. The imaging modalities involved are: PET, MRI,
EEG, EIT. The visualization functionality should focus on techniques
that can take advantage of multi-source post-processed data and help
interpreting intra-modal relationships. Besides 2D and 3D visualiza-
tion techniques, BrainMOD should also explicitly manage 4D data-
sets.

Relation to ENIAC CSI project

The above described purposes of BrainMOD are completely coherent
with the Work Package Tasks 4.2.1, 4.3.1 and 4.3.3 of the ENIAC
CSI project. The software will be developed as part of this project
by the University of Debrecen (UNIDEB). The corresponding deliv-
erable are: D4.2.2, D4.3.1 and D4.3.3. By it’s dedicated components,
BrainMOD is planned to integrate these tasks, deliverable and mile-
stones and thus provide a general 3D smart system and create a
decent connection between WPT1-3 and WPA1. Being an impor-
tant element of the data processing pipeline of the project, below the
points of contact (input and output) are clarified in details.

Input data

The input data of the software is produced by the image post-processing
algorithms developed in WPT 1-3. Below we discuss the emerging
input data formats in a logical grouping that reflects the functional
architecture of the software. The necessary contributions with other
consortium members are also highlighted.
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Data exchange among project members In certain phases of
the software development UNIDEB will need specific sample data for
software design and testing. These data-sets can partly be substi-
tuted with data from the retrospective image database of UNIDEB
but, in several cases, data exchange with project partners will be
necessary. For this purpose UNIDEB offers it’s on-line data tracking
system available on the website www.minipetct.com.

Static volumetric data

Suggested file formats for static volumetric image data: Minc, NIfTI.
DICOM file format is generally not supported. The conversion should
be performed using command line utilities.

MR The software should support the input of T1 and T2 weighted
MR images in the above mentioned file formats. The sample data
needed under the development can be substituted from UNIDEB
image database, except one case: for the simultaneous visualization
of MR and EEG/EIT, data in common space is needed which will
be provided by the University of Bologna (UNIBO) (WPT ?, WPT
4.3.1). [see also 6]

PET File input for reconstructed static PET volumetric image
data. The data is assumed to be registered into the MR-space. The
data needed by development can be substituted from UNIDEB image
database.

fMRI activation map The software should provide a file input
component dedicated for fMRI activation maps created with General
Linear Model (GLM) and Independent Component Analysis (ICA).
In case of GLM-based parametric maps, the type of statistical anal-
ysis and the degree-of-freedom can also be loaded into the software
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Format UNIDEB UNIBO

static
vol.

NIfTI PET, struct. MR, fMRI/GLM
activation map

struct MR fitted with EEG
space, segmented MRI label

map,
EIT (if frequency dependent,

put it to vol. series)

vol.
series

NIfTI dyn PET,fMRI
time-series,fMRI/ICA

fMRI time-series

? LORETA, sLORETA

curves csv dynPET tissue, ICA
time-course

-

VOI M3I::Voi BrainMOD output -
NIfTI - label map generated by

segmentation algorithm

Surface M3I::Surf BrainMOD output -
ply - -

Marker csv - EEG marker file

Format KEMP ST AIT

static
vol.

NIfTI fMRI/GLM
activation map

- seizure localization
map

vol.
series

NIfTI fMRI time-series,
fMRI/ICA

- source localization
4D

? - -

curves csv ICA time-course - -

VOI M3I::Voi - - -

NIfTI label map
generated by
segmentation

algorithm

Surface M3I::Surf - - -
ply - MR-based brain

surface
-

Marker csv - - -

Table 8. Partner I/O data requirements

120



Appendix AIII.

for statistical thresholding of functional parametric maps. In case
of ICA-based component maps the software should load and manage
the components together, as a serial volumetric image-series [6]. The
time-courses corresponding to the components should also be able to
load as simple text files [6]. The data needed for the development can
be partly substituted from UNIDEB image database. Additionally,
data may be needed from UNIBO and Kempenhaeghe (KEMP).

EEG/EIT-based static functional maps Input of functional
map images derived from EEG measurements. For image fusion func-
tionality, the data is excepted to be in the same space as the MRI
data sets. [see 6] LORETA and sLORETA sample data needed from
UNIBO and source localization maps needed from AIT.

Volumetric series data Suggested file formats for dynamic volu-
metric image data: 4D NIfTI, set of 3D NIfTI or Minc files. DICOM
file format is generally not supported. The conversion should be per-
formed using command line utilities.

Dynamic PET Input of dynamic PET data as a single 4D volu-
metric image file or as set of 3D volumetric image files. The data
needed for development can be substituted from UNIDEB image
database.

fMRI time-series Input of fMRI time-series data as a single 4D
volumetric image file or as set of 3D volumetric image files. The
data needed for development can be substituted from UNIDEB im-
age database. Additionally, data may be needed from UNIBO and
KEMP.

ICA component maps See 6.

LORETA, sLORETA More information needed from UNIBO.
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Curves

Time-courses of ICA components The software should be able
to load time courses of ICA components in simple text files [6] being
part of an ICA-analysis.

Other curves Input of various curves generated by other appli-
cations as text files (comma separated values, csv). Input of curves
generated within the BrainMOD.

Volumes-of-Interests

Labeled volumetric data The software should be able to load the
results of segmentation algorithms developed by STMicroelectronics
(ST), UNIBO, Politechnico di Torino (POLITO) in WPT 4. as
labeled volumetric data in Minc or NIfTI file formats. Based on these,
the software should be able to generate polygon based Regions- and
Volumes-of Interests.

M3I Voi data format Volumes-of-Interests created in BrainMOD
should be able to save [6] and re-load later in the software’s own
format.

Three-dimensional surfaces

The software should be able to load three-dimensional surfaces in
.ply file format and in it’s own format. The surfaces to load must be
triangle-based. For the .ply input components, sample data is needed
from ST.

Markers

Input of three-dimensional marker points stored in some simple text
format. Marker points can represent electrode positions for EEG/EIT
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visualization, thus sample data from UNIBO is needed for clarifying
the attributes describing such markers.

Output data

According to the requirements, the most important output of the
software is it’s visualization feature. The 2D and 3D views processed
by the software should be able to be saved as .png, .tiff and .jpg file
format. The opportunity for generating .pdf report regarding certain
visualization features should also be available. BrainMOD should be
able to save Volume-of-Interests based statistical image parameters
as comma separated values (.csv) files. A Volume-of-Interests itself
should be able to be saved either in the software’s own format (.voi)
or as binary volume mask in NIfTI format. The software should have
an output for curves generated from 4D image data. The suggested
file formats are: csv (for export) and the software’s own format.

Functional requirements

2D image display

The software should provide a triplanar drawport for visualizing the
axial, coronal and sagittal planes of static volumetric image data.
The image data can be displayed in color-index mode using different
color palettes. (grayscale, blue, red, hotmetal, spectral) Two-tailed
palettes can also be used to simultaneously highlight negative and
positive activation patterns. The color-index identification can be
changed by setting the minimal and maximal palette thresholds to
the appropriate values. These thresholds define intensity windows
which can be saved for further use in the software. The palettes
can be inverted and also switched into ’print mode’ when creating
screenshots or exporting pdf report for printing. The cursor position
is displayed in voxel and world coordinates.

The software should also be able to display the fusion view of two
images being in the same space, with a changeable blending.

123



Appendix AIII.

Volume-of-Interests toolkit

The Volume-of-Interests toolkit should provide means for manually
(freehand, polygon, circle, etc) and automatically (isocontour) de-
lineate Volumes-of-Interests (VOIs) and display them with different
colors, line widths and text labels. Binary volume masks and label
volumes can also be transformed to VOIs and vica versa. Contours
delineated on the axial plane can be displayed on the coronal and
sagittal plane, as well. Set operations like union, intersection etc.
can also be performed on VOIs.

Marker toolkit

The software should visualize 3D marker points in 2D and 3D mode,
as well. The marker points can be easily loaded, created and deleted
within the software. A marker point, aside of it’s three-dimensional
coordinates, can have several other attributes, like name and various
(temporal) parameters.

Toolkit for serialized volumetric data

4D volumetric image (eg. frequency dependent LORETA, fMRI time-
series, ICA component maps) data sets can be loaded and visualized
within the software. The actual frame currently displayed can be
changed independently for every data set. The temporal/frequency/model
dimension of the data can be plotted as curve diagram. The spatial
source of the curves can be a single voxel, a voxel environment (eg.
sphere) or a VOI. The mean and standard deviation of the source
is computed on the whole 4D series and plotted as a curve. Vari-
ous curves of different data-sets can be plotted simultaneously. Basic
operations on curves (like sum, resampling, smoothing, filters, corre-
lation) can also be performed.
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3D surface visualization

BrainMOD should be able to visualize 3D surfaces represented as
polyhedra. Organizing the surfaces into layers should provide an
easy management of surface sets. Enhanced blending and shading
techniques ensure the easy discovering of overlapping elements. VOIs
can be transformed to polyhedra and visualized in 3D. Marker points
can be displayed in 3D space as spheres with variable radius.

Surfaces can be split with axial, coronal, sagittal and oblique cut-
ting planes where the corresponding 2D slices of volumetric image
data can be observed, too. All types of surfaces and markers can be
displayed with arbitrary solid color.

Multiparametric surfaces

Using surfaces, structural properties and boundaries can be effec-
tively visualized, however, functional properties being located under
the surface are hard to observe. Here we suggest a multiparametric
surface coloring technique which for every surface vertex, performs
a 3D sampling in the direction of the normal vector or it’s negative.
After arbitrary computations, parameters of multiple samples can be
visualized on the surface. Surface parameters can have a temporal
dimension extracted from dynamic volumetric data. Using this ap-
proach, dynamic properties can be visualized effectively in 3D. Con-
sidering the vast number of vertices in a detailed, smooth surface,
the parallelization of the surface parametrization algorithm should
be necessary for effective real-time visualization.

Hardware requirements

The minimal (optimal) hardware requirements for the software are:

• 2Gb (4Gb) RAM

• GPU (Nvidia GPU) with OpenGL 2.0 support
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• 2GHz (¿2GHz) processor

• 50 Mb (100 Mb) free disk space

Implementation details

The software will be developed based on the MultiModal Medical
Imaging (M3I, www.minipetct.com/m3i) software library system in
ANSI ISO C++. The 2D and 3D visualization components will be
developed based on OpenGL 2.0. The user-friendly graphical user
interface components will be developed using Qt. The development
will be performed in 64-bit LINUX environment, on PCs supplied
with Nvidia GPUs. The testing will be performed on LINUX, Win-
dows Xp and Windows 7 operating systems both on 32 and 64-bit
architectures.

Release details

The software will be released as Linux Debian package and as InnoSetup-
based install kit for Windows Xp and Windows 7. Install kits and
packages for these operating systems will be available for both 32
and 64-bit architectures. Release data will be available on the In-
stitutional (UNIDEB) R&D website: www.minipetct.com/brainmod
for consortium partners.
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