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ABSTRACT

Recent studies pinpoint visually cued networks of avalanches with MEG/EEG
data, and hemodynamic fingerprints of neuronal avalanches as sudden high sig-
nal activity peaks in classical fMRI data. However, detection of neural avalanches
faces the problem that the data contain a lot of physiological noise making the
automatic analysis difficult. The aim of this study was to detect dynamic pat-
terns of brain activity spreads with the use of ultrafast magnetic resonance en-
cephalography (MREG). MREG achieves 10 Hz whole brain sampling, allowing
the estimation of the spatial spread of an avalanche. A computational method
was developed to separate neuronal avalanches from motion and physiological
pulsations, and detect activity avalanches in human brain default mode network
(DMN). Brain activity peaks could be identified from parts of the DMN, and nor-
malized MREG data around each peak was extracted individually in order to
show dynamic avalanche spreads as videos within the DMN. Individual avalanche
videos of specific parts of the DMN were then averaged over a group of subjects.
The results indicate that the detected peaks must be parts of activity avalanches,
starting from (or crossing) the DMN. To support analyses on large fMRI data, like
MREG recordings, also a method and implementation are presented to achieve
a thousand fold speed-up for seeking in large compressed NIfTI neuroimaging
data files. The method includes the creation of a novel index structure for the
compressed data in order to achieve a speed-up of over hundred up to even five
thousand, compared to the currently available implementations. By configuring
the index structure, one can set an operating point which optimizes the efficiency
as speed-up versus index size according to the requirements by the user.

Keywords: activity avalanche detection, human brain, default mode network,
functional magnetic resonance imaging, analysis speed-up, gzip file indexing
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TIIVISTELMÄ

Uusimmat tutkimukset osoittavat, että MEG/EEG-datasta on visuaalisesti havait-
tavissa neuraalisia verkkoja joissa tapahtuu avalanssi-ilmiöitä. Lisäksi klassisessa
fMRI-datassa on havaittu neuronaalisiin avalansseihin liittyviä hemodynaamisia
jälkiä, jotka ilmenevät äkillisinä voimakkaina piikkeinä datassa. Neuraalisen ava-
lanssin havaitsemisen automatisointi on kuitenkin hyvin haastavaa, koska data si-
sältää myös merkittäviä fysiologista kohinakomponentteja. Tämän tutkimuksen
tavoitteena oli kehittää laskennallinen menetelmä havaita aivojen aktiviteetin le-
viämisen dynaamisia rakenteita hyödyntäen ultranopeaa magneettisen resonans-
sin enkefalografiaa (MREG). MREG kykenee saavuttamaan aivojen näytteistyk-
sen 10 Hz taajuudella, mikä mahdollistaa neuraalisen avalanssin spatiaalisen le-
viämisen havaitsemisen. Työssä kehitettiin menetelmä erottaa neuraalinen ava-
lanssi liikkeen ja fysiologisten pulsaatioiden tuottamista signaalikomponenteista,
sekä havaita aktiviteettiavalanssi ihmisaivojen lepotilan aikaisessa neuraalises-
sa verkossa (default mode network, DMN). Menetelmä identifioi aivojen aktivi-
teettipiikkejä DMN-verkosta, normalisoi piikkien ympärillä olevan aktiviteettida-
tan yksilöllisesti ja lopulta esittää avalanssin leviämisen videona. Verkon toimin-
nan tutkimiseksi yksilölliset avalanssivideot määrätyistä DMN-verkon osista kes-
kiarvoistettiin koehenkilöryhmän ylitse, jolloin ryhmäkäyttäytymisestä pääteltiin
identifioitujen piikkien todella liittyvän DMN-verkosta alkaneisiin tai sen ylittä-
viin avalansseihin. Lisäksi työssä kehitettiin menetelmä nopeuttaa fMRI/MREG-
datan käsittelyaikoja merkittävästi, mistä on suurta etua käsiteltäessä kompres-
soituja NIfTI-muodossa tallennettuja suuria neurokuvantamisen aineistoja. Me-
netelmä perustuu uudenlaiseen indeksointimenetelmään, jolla kompressoitua ai-
neistoa voidaan selata nopeudella, joka ylittää monisatakertaisesti tai jopa mo-
nituhatkertaisesti perinteellisen menetelmän nopeuden. Konfiguroimalla indeksi-
rakenne sopivasti voidaan asettaa toimintapiste menetelmälle siten, että haluttu
kompromissi nopeuden ja indeksirakenteen viemän muistitilan kesken saavute-
taan.

Avainsanat: aktiviteettiavalanssien havaitseminen, ihmisaivot, default mode net-
work, toiminnallinen magneettikuvaus, analyysin nopeutus, gzip-tiedostojen in-
deksointi
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1. INTRODUCTION

There has been a growing need to combine knowledge, perspectives and technology
of conventionally separated disciplines, in this case engineering and medical fields, to
take further steps in exploring the human brain. Hence, this is a multidisciplinary work
about human brain research in the following way. Considering the research methods
and applied techniques, it is an engineering work, but the motivation, background,
data source and future use of this research are results of questions risen in medical
discipline, which has an ever growing urge to discover more about the central nervous
system of the living human body.

Magnetic resonance imaging (MRI) is an imaging method which is unique among
non-invasive techniques in native contrast recording in deep tissues. Functional MRI
(fMRI) is a technique which measures brain activity indirectly with MRI sequences
producing image contrast according to changes in blood flow and oxygenation. Classi-
cal blood-oxygen-level dependent (BOLD) fMRI sequences can sample the activity of
the brain about every two seconds, but novel fMRI sequences, such as magnetic reso-
nance encephalography (MREG), achieve even 10 Hz whole brain sampling rate. With
this sampling frequency, aliasing is prevented for respiration and cardiac frequencies,
and thus, better accuracy is available for conventional analyses, and new phenomena
can be observed in the extended dynamic range.

Recent studies have pinpointed visually cued networks of avalanches in human brain
with magnetoencephalography (MEG) and electroencephalography (EEG) data[1].
The main advantage of MEG/EEG imaging techniques in this context is the supe-
rior time resolution of the signals compared to fMRI. However, even in classical fMRI
data, single brain volume activity profiles and hemodynamic fingerprints of neuronal
avalanches have been detected[2]. Motivated by the cited publications, in this work,
the aim was to detect and visualize dynamic patterns of quick brain activity spreads,
with the use of ultrafast MREG. Before this work, brain activity avalanches have not
been detected in non-invasively recorded data with the time resolution of MREG and
using spatially native three dimensional imaging technique, which is superior to MEG
and EEG considering spatial properties.

The disadvantage of methods producing higher resolution data is usually the bigger
computational need to process and analyze it. The same is true for MREG: the data size
of a recording has increased with orders of magnitude compared to a classical BOLD
recording. The commonly used file formats and software tools have been designed
years ago and their developers usually focus on providing new and more sophisticated
analysis features. These circumstances have lead to the inconvenient situation where
working on data recorded with novel sequences, like MREG, sometimes requires in-
credible patience or is simply impossible. Therefore, another aim of this work was
to improve one of the most abandoned but important feature of the popular fMRI file
format in research: seeking in large compressed NIfTI[3] data. This second aspect of
this work is indeed somewhat different from the avalanche detection in MREG data
mentioned above, but the idea has risen while working on large fMRI data, and it
clearly serves the purpose to work on fMRI data more efficiently, while being a beau-
tiful multidisciplinary example: how technical minded people can improve research in
medicine.
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In this work, detection of short brain activity avalanches will be only performed in
resting state recordings of healthy subjects. Thus, it is focusing on the human brain
default mode network (DMN) which is one of the most active brain networks in resting
state. Another reason for this selection is the potential in future improvement and use,
because numerous mental diseases have been found or thought to be related to DMN
dysfunction. Indicated by this selection, description of the method which separates
DMN sources from other signals in fMRI data, will also be included in this work.
DMN brain activity sources have been identified by spatial probabilistic independent
component analysis (ICA), which is a widely used method.

The basic structure of this work is the following. First, the motivation and back-
ground of this research is discussed in relevant details. Following that, the file format
extension and provided software for improving seek speed in compressed fMRI data is
introduced and described. Chapter 4 contains the technical description and details of
the developed activity avalanche detection system for MREG data. The fifth chapter
introduces the results to the reader which were achieved by this research. The methods
and results are illustrated with selected examples. The chapter is followed by discus-
sion, where results are explained in the context of possible future work. The impact,
future prospects and limitations of this work are also discussed in this chapter, which
is followed by a short conclusion.
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2. MOTIVATION AND BACKGROUND

MRI is a medical imaging technique used originally in radiology. Many magnetic res-
onance properties of atomic nuclei were discovered during the development of nuclear
magnetic resonance (NMR) spectroscopy in the middle of the 20th century. In the
1970s it was found that different NMR properties could be used as imaging contrast
between tissues. By the end of the decade the first MRI scan of a human body was
published[4]. During the following decades, resolution and sensitivity has improved
continuously, and measurement devices with stronger magnetic fields have been intro-
duced. Currently the most widely used magnetic field strength is 1,5 T. In theory, there
is an infinite set of possible contrasts what an MRI device is capable of imaging, but
only few combinations produce images with proven and valuable clinical information.
In practice, these few MRI sequences (i.e. protocols for radio frequency excitation,
magnetic gradient setting and data recording) and their combinations are used to pro-
duce clinically meaningful and useful image contrasts. Later, there were sequences
invented which do not focus anymore on classical radiological properties of the tis-
sues, but create contrast for more abstract properties, like activity of the brain. This
technological development has lead to fMRI and the BOLD sequences.

2.1. The BOLD fMRI Signal

The blood-oxygen-level dependent (BOLD) contrast imaging with MRI was invented
and published by Seiji Ogawa and co-workers in 1990[5]. In their publication, they
managed to create image contrast with MRI which reflects blood oxygen level. "BOLD
contrast can be used to provide in vivo real-time maps of blood oxygenation in the
brain", and it has been proven by [6] that hemodynamic response measured by the
BOLD signal is strongly related to neural activity. It is important to clarify though,
that BOLD "activation in an area is often likely to reflect the incoming input and the
local processing in a given area rather than the spiking activity"[6].

Starting with the 1990s the focus of fMRI research became to determine, with the
BOLD contrast, which parts of the brain are active during different tasks. There has
been no quantitative strengthening of the BOLD signal in regard to neuronal activity
so far, hence the BOLD contrast has been always used in comparison with another
brain state. The research determining this baseline activity, which task activations can
be compared to, has been the motivation for discovering resting state networks and
analyzing them, to become a separate fMRI research branch as resting state fMRI.

2.2. The Default Mode Network

The brain as a part of the central nervous system is in charge to control actions of a
human. There has been numerous findings about sensory and motor functions of the
brain. About principles of association areas though, which involve perception, thought
and making decisions, we have a more limited knowledge. An even more abstract func-
tion is the resting state activity of the brain: the brain activity which happens when we
are not performing any specific task or action while being awake. "Conscious humans
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are engaged almost continuously in adaptive processes involving semantic knowledge
retrieval, representation in awareness, and directed manipulation of represented knowl-
edge for organization, problem-solving, and planning."[7] The resting state network in
the human brain has many components related to different functions, but the most
studies focus on the so called default mode network (DMN) which is the easiest to
visualize[8]. The DMN is an anatomically defined part of the resting state networks
including precuneus/posterior cingulate cortex, medial prefrontal cortex; medial, lat-
eral and inferior parietal cortex close to angular gyri. These DMN areas are shown in
Figure 1.

Figure 1: DMN areas highlighted in standard anatomical MR images. On the mid-
sagittal plane (A) from left to right: precuneus, posterior cingulate cortex, medial and
ventromedial prefrontal cortex. On the reconstructed brain surface (B): angular gyrus.
The areas analyzed and not analyzed in this work are highlighted by red and orange
colors, respectively.

"Activity modulation in the default network is often the largest effect in brain imag-
ing studies, despite it rarely being the intended focus. One possibility is that the net-
work underlies internally-directed cognitive processes. During passive moments, peo-
ple think about recent events and social interactions, and muse about expected events
that have yet to unfold. The default network’s ubiquitous and robust appearance across
studies suggests it plays a major role in human brain function."[8]

DMN is a consistent pattern of deactivation across a network of brain regions that
occurs during the initiation of task-related activity[9]. As stated by [10], the DMN
concept, although only first introduced into the published literature in 2001, has rapidly
become a central theme in contemporary cognitive and clinical neuroscience. DMN
dysfunction has been found to be related to dementia, schizophrenia, epilepsy, anxiety
and depression, autism and attention deficit/hyperactivity disorder[10].

A commonly used method to anatomically separate the DMN sources in a resting
state recording has been spatial independent component analysis (sICA). This method
is introduced in the next section, since it is the core method of the data serving as input
to the analysis included in this work.
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2.3. Independent Component Analysis

"Independent component analysis (ICA) is a method for finding underlying factors or
components from multivariate (multidimensional) statistical data. What distinguishes
ICA from other methods is that it looks for components that are both statistically in-
dependent, and nongaussian."[11 p. 1] Functional brain imaging data is quite well de-
scribed by the ICA model[11 p. 407], hence implementations for both EEG, MEG and
fMRI data are available. Due to the very general usability properties of this method,
it can be applied in many ways even on fMRI data. To unfold this statement, it is
necessary to get familiar with the definition of ICA as described in [11].

Blind source separation (finding underlying factors or components that describe the
essential structure of the data) boils down to finding a linear representation in which
the components are statistically independent. In practical situations (in general) it is
not possible to find a representation where the components are really independent, but
it is at least possible to find components that are as independent as possible[11 p. 6].
Given a set of observations of random variables (x1(t), x2(t), . . . , xn(t)), where t is the
time or sample index, assume that they are generated as a linear mixture of independent
components: 

x1(t)
x2(t)

...
xn(t)

 = A


s1(t)
s2(t)

...
sm(t)

 (1)

where A is some unknown matrix. Independent component analysis now consists of
estimating both the matrix A (dimensions: n × m) and the sj(t) where j = 1 . . .m,
when we only observe the xi(t) where i = 1 . . . n[11 p. 6]. It can be shown that the
problem is well-defined, that is, the model in equation (1) can be estimated if and only
if the components sj are nongaussian[11 p. 7].

Data of an fMRI recording has usually four dimensions. There are three native spa-
tial dimensions, which in practice are recorded as a stack of two dimensional image
slices with plane distances similar to intrinsic resolution. In this case, these three di-
mensions can be virtually transformed into a single dimension with the size of the
product of the three spatial dimensions: n. Additionally, there is also a time dimen-
sion: whole brain images are recorded quickly (usually in seconds range) after each
other. The DMN sources can be revealed from such data using spatial ICA. This means
that the elements aij of unknown matrix A in equation (1) can be represented in the
following way. Row i is the spatial position of the data measured, and column j is the
index for the spatial independent component. Hence, xi(t) is the time signal, where i
is the spatial position, and sj(t) is the time signal of the spatially independent compo-
nent j. In this context, aij corresponds to the weight that the independent component
j takes part in the sum to get the original signal at a certain spatial position (voxel).

In practice we are not interested in how the independent components sum up to the
original time signal (which is represented by matrix A), but rather how to separate
the original time signal into its independent components. In the case of fMRI data,
we are interested in the spatial distribution of voxels for each independent component:
the weights with which the independent component time signals (sj(t)) sum up from
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the original voxels of the measured time signal xi(t). Thus it is clear, that during an
independent component analysis we are looking for the (pseudo)inverse of matrix A,
with which we can easily produce the time signals of independent components sj(t) as
multiplication with the original time signal xi(t).

Another important aspect not pointed out so far is the number of independent com-
ponents we are looking for: m. In theory this could also be estimated from the analysis
input, but considering the complexity of the fMRI data and the aim to receive compa-
rable results from the analysis, it usually has to be fixed beforehead. With the data
comparability in mind, model order 70±10 have been found to be the most suitable for
human brain fMRI data.[12]

In this work, the data resulting from "second level" ICA (group ICA) is processed,
where the spatial distributions of above described ICA components from different
recordings are matched between subjects. It is important, that normalized data val-
ues are thus not any different from the result of the "first level" ICA, but are grouped
and rescaled in a way to be easy to work with for analyses including many subjects,
i.e. a single j independent component index is selecting the component with the most
similar spatial distributions across all subjects. This enables to evaluate only once
the components matching accurately an anatomical region (parts of the DMN in this
work), and apply this manual inspection to many subjects. With this selection we also
receive the time signals for the anatomical region of interest for all the subjects, which
are processed in this work as described later in section 4.2.

2.4. Brain Activity Avalanches

A neuronal activity avalanche is a cascade of bursts of activity in the nervous system.
It has been stated that although this phenomenon is highly robust and reproducible,
its relation to physiological processes in the intact brain is currently not known[13].
Previous works like [14] described the activity avalanches at the maximum spatial
scale of local field potentials (LFPs). In this section a brief overview and previous
works involving this topic are presented.

Palva and co-workers were able to use MEG/EEG (MEEG) to pinpoint visually cued
networks of avalanches[1]. However, the accuracy of this method is limited spatially
to the brain surface, while fMRI is a native three dimensional technique in space. Liu
& Duyn developed a co-activation pattern (CAP) analysis in order to detect single
brain volume activity profiles and hemodynamic fingerprints of neuronal avalanches
as sudden activations of networks[2]. Yet, neuronal avalanche detection has not been
performed on temporally ultrafast sampled BOLD recordings like MREG.

Classical 2 s repetition time (TR) BOLD scanning is slow in temporal resolution
causing aliasing of physiological signals into lower frequencies of interest. Magnetic
resonance encephalography (MREG) is a novel BOLD MRI sequence that achieves a
higher, 100 ms whole brain sampling interval. It has been proven by [15] that MREG
data have higher statistical power for analyzing for instance epileptic networks than
previously used sequences. Higher sensitivity compared to conventional sequences
in recent findings considering a DMN related disease has also been shown[16], and
ultrafast partial k-space trajectory sequences allow a twenty times faster data sampling
rate[17].
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MREG therefore allows a more accurate spatio-temporal profiling of the activity
spread, even with the inherent hemodynamic delay of the BOLD signal; if two con-
nected or neighboring regions activate one after the other, the measured signal can
follow the spread of neuronal activity to connected or neighboring areas[18, 19, 20].
There is some criticism to this due to variations in hemodynamic delays, especially in
causality analytics. However, considering a local spread, the hemodynamic delay is
small and allows accurate spatial estimations of avalanches[21].

The presence of CAPs in fMRI data was initially described within the DMN. As
stated earlier, the DMN includes precuneus/posterior cingulate cortex, medial pre-
frontal cortex and medial, lateral and inferior parietal cortex. The detected DMN net-
work splits often in high model order ICA hierarchically into several sub-networks[12].
This is why more ICA components may represent the same anatomical region of the
DMN, for example posterior cingulate cortex in this work. Another proof for the pos-
sibility to follow up brain activity in time is that sliding window ICA in the DMN has
marked spatial dynamics even from frame to frame[22].

Liu & Duyn analyzed classical 2 seconds TR BOLD signal avalanche fingerprints in
DMN[2]. With the ultrafast MREG sampling rate and the later introduced processing
pipeline in chapter 4, this work opens the possibility to see the spatial and temporal
spread of these avalanches. Since MREG signal is very sensitive to physiological
noise, it is required to remove motion artifacts, vasomotor fluctuations and cardio-
respiratory noise in order to detect neuronal avalanches. MREG offers much more
accurate data in the time domain compared to classical fMRI sequences, but because
of the existing noise, there is a need for advanced signal processing techniques. A
series of methods will be presented in section 4 to separate neuronal avalanches from
physiological noise.

2.5. Analysis Tools for fMRI and Their Limitations

Within the last twenty years, several software tools with slightly different focuses have
been developed to analyze fMRI data, which also proves the popularity and importance
of such research. It is evident though, that many alternatives introduce compatibility
problems, and it is even harder to improve some bottleneck technologies which happen
to be compatible across these. However, luckily all following software have openly
available source codes, which is a bright side for researchers willing to improve them.

AFNI[23], maintained by the National Institute of Mental Health (NIMH, Bethesda),
"is a set of C programs for processing, analyzing, and displaying functional MRI
(fMRI) data – a technique for mapping human brain activity, [...] and is available
free [...] for research purposes"[24]. AFNI is a set of programs bound together in sev-
eral super-scrips and connected GUIs, and it has its own data representation format as
well. It is a standalone fMRI analysis tool, and has real-time (while recording) data
processing options.

FreeSurfer[25], maintained by the Laboratory for Computational Neuroimaging
(Harvard-MIT Division of Health Sciences and Technology) "is a set of tools for anal-
ysis and visualization of structural and functional brain imaging data, [...] containing a
fully automatic structural imaging stream for processing cross sectional and longitudi-
nal data, and provides many anatomical analysis tools"[26]. The most used features of
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FreeSurfer are connected to its segmentation (e.g. white and gray matter) and anatom-
ical mapping features for several atlases (e.g. surface based: Desikan-Killiany, De-
strieux or Brodmann). FreeSurfer is well compatible and shares processing pipelines
with tools provided by FSL.

FSL[27], maintained by the Analysis Group (FMRIB, Oxford) "is a comprehensive
library of analysis tools for fMRI, MRI and DTI brain imaging data, it runs on Ap-
ple and PCs [...]; most of the tools can be run both from the command line and using
GUIs"[28]. FSL, similarly to AFNI, is a set of programs and relatively well docu-
mented. In this work, data preprocessing is done with FSL tools, therefore a brief
demonstration of the capabilities of this software is included in section 4. The speed
of FSL was improved in this work, especially the speed of FSLView under certain cir-
cumstances (see section 6.1), which is a popular tool to visualize MRI and fMRI data
as illustrated in Figure 2.

SPM[29], maintained by the Wellcome Trust Centre for Neuroimaging (University
College London), is a "software package [...] designed for the analysis of brain imaging
data sequences. The sequences can be a series of images from different cohorts, or
time-series from the same subject. The current release is designed for the analysis of
fMRI, PET, SPECT, EEG and MEG."[30]. SPM is a suite of Matlab[31] functions
and subroutines besides some externally compiled C routines, and thus needs the use
of commercial software. Besides this limitation, it is also unable to use the popular
compressed fMRI file formats.

Figure 2: The GUI of FSLView. A standard anatomical image is shown in three or-
thogonal planes in MNI space with intersection point: (X;Y ;Z) = (−1;−17; 19).

Despite the continuous improvement of these software, the recent spreading of novel
neuroimaging related technologies, that sample data ever faster and higher spatial pre-
cision, have led us to a situation where research groups working on neuroimaging data
are regularly running out of disk space. For example, large neuroimaging projects
like the human connectome projects (HCP) graciously share highly accurate spatio-



16

temporal data for everyone to explore the brain all over the world. While these datasets
are very accurate they also are very large and require several hard drives when ob-
tained. Meanwhile, some fMRI research centers have started using even higher pre-
cision with ultrafast, 40−100 ms whole brain image sampling rates for critical, i.e.
non-aliased physiological sampling of cardio-respiratory signals. These methods are
opening views into brain pathology with multiple times more accurate statistical ana-
lytics. These kinds of developments require clearly new approaches to data handling
and utilization in order to be usable and analyzable.

The currently popular Neuroimaging Informatics Technology Initiative (NIfTI) data
format[3] in research was designed over ten years ago, and was not prepared for such
huge data sets we have today. Next to popularity, its main advantage is, that the format
is compatible with all the above described software. An optional gzip-compression
is available for the file format, which itself shows the overhead of the data format by
reducing the data size with about 70%. However, the speed of accessing the com-
pressed format is unacceptably slow, especially for simple tasks like viewing the data
and jumping between time points. In this work, the adaptation of an indexing tech-
nique previously unused in this field is documented, to dramatically speed-up random
access of this compressed data format, making the work for a lot of users and experts
less tiresome and much faster.
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3. SEEKING IN LARGE FMRI DATA

Recently more and more new MR imaging equipment and sequences are used, and ac-
cordingly, new approaches are needed for processing produced data efficiently. Large
file sizes require new low-level data managing techniques like a file format extension
to keep data analysis within an acceptable time. In this chapter a method and im-
plementation are presented to achieve a thousand fold speed-up for seeking in large
compressed fMRI files. Such techniques are not currently available in this research
field while they would make the everyday work for hundreds of researchers and ex-
perts much smoother and faster. The method includes the creation of a novel index
structure for the compressed data in order to achieve the speed-up. Parts of this chap-
ter are based on our publication for the 37th Annual International Conference of the
IEEE Engineering in Medicine and Biology Society[32].

A commonly used data format for neuroimaging data is NIfTI[3]. It nowadays be-
comes necessary to use the NIfTI file format with compression, considering the size of
neuroimaging data to be stored and analyzed. The compression method supported by
most of the analysis tools is described by [33, 34, 35]. In this work, the zlib format[36]
is used, which is an open source, by patents unencumbered and commonly used imple-
mentation of these formats. This compression method has been exclusively used and
handled as a standard for NIfTI data, and reduces the necessary disk space by about
70%. However, the performance trade-off or RAM usage for keeping data compressed
is currently on an unacceptable level, due to the public implementations and interfaces
of the NIfTI library. This is especially true for random access properties of compressed
files. An implementation initially extracting all the data to RAM would introduce size
limits in practice, while being fairly unusable for large data sets (e.g. a group analysis).
Therefore, in all current implementations dealing with compressed NIfTI files, the file
handling is realized without indexing, which unnecessarily sacrifices the performance.
Here, a method to improve this situation is proposed.

For the application purposes considered in this work, a strict goal was to keep the
existing data compatible with the current formats. This important aspect, and the given
compression method exclusively used for years, limited and determined the choice
between random access methods. Certain implementations, like BGZF described in
[37], were excluded since conversion of all already existing data would be necessary
to use them. However, the existence of such an implementation is also a proof how
critical random access tools become in cases where data size exceeds the comfortable
amount to handle in RAM.

3.1. Proposed File Format

A fast random access implementation for the compression format in RAM is publicly
available as an example of the zlib library[38]. In this work, the available example was
utilized to create a file format to store the in-memory built random access data. For
logical and performance reasons, the access points and the necessary data to start un-
compressing are kept separately in an index file (.idx) and in an uncompressed stream
file (.idx.ucs), respectively. These two files, named "zindex", are stored on the disk in
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the proposed format. Therefore the index needs to be built only once for any further
file opening, unlike in [38], which runs in RAM.

In this work, the creation of zindex files over the size of 4 GiB is enabled, since
this application is meant to handle large files. For this reason, the index file contains
strictly the following data for each entry point, at least at start and end of data.

• A 64 bit little endian (LE) coded signed integer representing the position in bytes
in the uncompressed stream;

• a 64 bit LE coded signed integer representing the position in bytes in the com-
pressed stream;

• and a 32 bit LE coded signed integer holding bit position of compressed stream
in reference to byte position above.

For practical reasons, the latter one is kept 32 bit instead of 8, which also enables
to store additional information in later formats or versions. Integer types are signed
due to file offset representation traditions[39]. For each access point in an index file,
exactly 32,768 bytes (32 KiB) of raw data sequence is stored after each other in the
uncompressed stream file. The 32 KiB chunks of the uncompressed stream file is
nearly always necessary to initialize the uncompressing algorithm at an access point. In
case this data is used, the raw stream contains the uncompressed data exactly before the
access point in the original data. Otherwise, for example at the starting point, the raw
data sequence stored is undefined, which in practice makes the uncompressed stream
files byte wise usually different, even if produced from the same original file. For some
speed loss it could be later implemented that unused parts of the uncompressed stream
have predefined values, and thus the zindex data would be byte wise matching between
separately generated zindexes.

For the sake of completeness, note, that due to compression format constraints, ac-
cess points can only be added at an “end of block” created by the compression algo-
rithm for which the size of a block is coarsely defined and depending on the actual
data. Therefore, the access points are in practice created after the first “end of block”
point in the compressed stream exceeding the desired access point distance.

The creation of zindex files has an important parameter to adjust, the distance be-
tween the access points. From the usability point of view, this is not relevant: there
exist only a few prerequisites to use the proposed zindex files for speed-up: firstly, the
access points in the compressed data have to be in growing order and the last access
point positioned at the end of the file, and secondly, there should be the same amount
of access points and uncompressed 32 KiB data chunks in the index file and uncom-
pressed stream file, respectively. From the performance point of view, the distance
of access points is a crucial adjustable parameter, and accordingly evaluated in the
experiments. Notice, however, that there is a performance increase regardless of this
parametric choice.

3.2. Methods

The Deflate algorithm is a combination of Huffman coding[40] and the LZ77 compression[41].
First, these building blocks are briefly explained.
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3.2.1. Huffman Coding

Huffman coding is a form of prefix coding. It is used to compress the data (shorten
the symbol sequence to be transmitted) by the combination of two ideas. Firstly, the
transmitted codes differ from the original, i.e. there is a dictionary between the original
data and the data actually transmitted. Secondly, the dictionary is designed in a way,
that the transmittable symbols have variable length, and their lengths are reflecting the
occurence probabilities of the original alphabet elements.

As it can be assumed from the previous paragraph, the critical point is to design the
dictionary according to the given data. The coded symbols are usually binary (0 or
1), therefore it is possible to design a hierarchical binary tree, for which the leaves are
representing occurring elements of the original alphabet, and each edge is representing
a binary digit (0 or 1). The corresponding code for an element of the original alphabet
is the consecutive edge codes of the unique path reaching the specific leaf from the
root.

If the leaves of the binary tree were on the same hierarchical level (which can be done
with the rules described above), still only minimal if any compression of the data could
be achieved. The data compression is the result of building such a tree (dictionary),
where leaves are on different hierarchical levels. It is easy to realize, that in this way,
a leaf on higher hierarchical level has always a shorter corresponding binary code.
Hence, it is possible to create a tree (dictionary), where the length of the codes for
the elements of the original alphabet are corresponding to their occurence probability:
more frequent elements have shorter codes, and less frequent elements have longer
codes. Building such a tree can be done with the following steps. Firstly, always two of
the leaves or nodes are chosen, which have the lowest probability to occur. Secondly,
these are connected in a node on one level higher with 0 and 1 labelled edges, and
the node is marked with the sum of the two occurence probabilities. These steps are
repeated until ending up with the node created with the sum of the original occurence
probabilities: that will be the highest level node, the root node.

The result is a binary tree which itself defines the dictionary between the original
alphabet elements and the binary codes. It is important to mention, that during decod-
ing the sequence of binary codes, there is no need to mark where the end of individual
binary codes are: it is the end of a single code when the consecutive binary digits reach
a leaf in the dictionary tree. The following binary digit is automatically the beginning
of the next binary code.

3.2.2. LZ77 Compression

The LZ77 algorithm is used to compress continuous, i.e. "very long" code sequences.
Due to this, it is assumed, that at any point of encoding or decoding the data, the output
sequence is known for the (de)compressor for a predefined length. This is the very
reason why an LZ77 compressed data sequence cannot be extracted from a random
point in the compressed data stream, therefore it is the root of the problem what the
indexing method introduced in this work is giving a solution for.

During compression, the LZ77 algorithm used in the zlib format is searching for
repeating sequences at maximum in the past 32,768 input characters (32 KiB data).
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This is the very reason why 32 KiB data chunks are stored in the uncompressed stream
file in the zindex (see section 3.1). If a repeated byte sequence is found, the second (or
later) occurence is coded with the distance between the two sequences and the length
of matching. Note, that the match length can be more than the distance between the
matching sequences if a sequence is repeating itself more than once consecutively.

3.2.3. The Deflate Algorithm

As stated before, the Deflate algorithm is a combination of Huffman coding and the
LZ77 compression. The algorithm does have choices on how to compress data. There
are the following three modes that the compressor has available, which are exactly
quoted from the format explanation at [36].

• "Not compressed at all. This is an intelligent choice for, say, data that’s already
been compressed. Data stored in this mode will expand slightly, but not by as
much as it would if it were already compressed and one of the other compression
methods was tried upon it.

• Compression, first with LZ77 and then with Huffman coding. The trees that are
used to compress in this mode are defined by the Deflate specification itself, and
so no extra space needs to be taken to store those trees.

• Compression, first with LZ77 and then with Huffman coding with trees that the
compressor creates and stores along with the data.

The data is broken up in blocks, and each block uses a single mode of compression. If
the compressor wants to switch from non-compressed storage to compression with the
trees defined by the specification, or to compression with specified Huffman trees, or
to compression with a different pair of Huffman trees, the current block must be ended
and a new one begun."[36]

The coding itself has some more sophisticated rules (e.g. for incorporating the Huf-
mann tree in the stream) which can be found at [36]. The explanations above stand
here to understand the reasons behind the limitation of the random access of such data,
and how the proposed indexing method actually improves it. The zindex format sim-
ply stores the necessary data to start decompressing from desired block openings in the
compressed stream (which is called an access point), and seek positions between ac-
cess points are reached by decompressing the stream from the preceding access point
until the desired seek point. The available implemented alternative to this for com-
pressed NIfTI data is to start decompressing the stream from the beginning, indepen-
dently from the distance of the desired seek point from the beginning of the file, and
gigabytes of data might be needed to decompress to reach the goal: a simple seek. This
is clearly a waste of resources, but has not been realized and solved before this work
by anyone for compressed NIfTI data.

In the introduction of this chapter, the BGZF format[37] was mentioned as an alter-
native to the proposed zindex format. BGZF format defines mandatory block endings
at certain distances in the compressed stream, where the new block is produced with
being blind to the previous blocks. This results in safe seek points (access points),
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where it is possible to start decompression without known uncompressed stream data
preceding it. The problem with this format is rather the huge amount of already ex-
isting data, and the incompatibility with a lot of tools implementing the general zlib
format. In my opinion, this is not affordable at this stage for researchers working with
compressed NIfTI data.

3.3. Implementation

Implementation for creating and using zindex files was created in C programming lan-
guage in this work. The chosen programming language is superior to other alternatives
in portability, speed and applicability for integration with available fMRI data analysis
software. These are crucial features for low-level software like file format utilities.

Currently with compiling the code package available at [42], two binaries are cre-
ated. There is an executable, which enables to create the zindex files with the following
command structure for a gzip compressed file.

$ zindex file.gz [file.gz.idx file.gz.idx.ucs]

The file.gz has to be replaced with the actual file name (or path) the zindex is to be
created for. Providing the output file names of the index and the uncompressed stream
files is optional, by default it adds extra file extensions to the input file name.

The second binary result of compiling the code package is a library, with which
the low-level file handling library of FSL[27], libznz[43], can be replaced. This
is provided as a static and a dynamic library as well. This modifies the file handling
utilities of libznz. The library was originally designed to be possible to compile
without zlib being available on the system, thus only capable of handling uncom-
pressed files. The implementation was extending with respect to this, and still can be
compiled without zlib, but usage of zindex files will obviously not be supported with
such a binary.

The znzFile structure is modified to include a zindexPtr which structure takes
care of the file and data handling of the zindex. The zindexPtr is only initialized if
the zindex files are present during the call of the following opening C function.

znzFile znzopen(const char *path, const char *mode
, int use_compression);

The zindexPtr is initialized with one of the following functions.

zindexPtr ziopen_auto(const char *path
, const char *mode);

zindexPtr ziopen(const char *zPath, const char *idxPath
, const char *ucsPath, const char *mode);

zindexPtr zidopen(int zfd, int idxfd, int ucsfd
, const char *mode);

In case zindexPtr was initialized and allocated during file opening successfully,
the znz...(znzFile file, ...) file utility functions will redirect to the fol-
lowing functions which use zindex files. (All utility functions were developed on the
course of the work.)
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int ziclose (zindexPtr *idx);
int ziread (zindexPtr idx, void *buf, unsigned len);
int ziwrite (zindexPtr idx, const void *buf

, unsigned len);
long ziseek (zindexPtr idx, long offset, int whence);
int zirewind(zindexPtr idx);
long zitell (zindexPtr idx);
int ziputs (zindexPtr idx, const char *str);
char * zigets (zindexPtr idx, char *str, int size);
int ziflush (zindexPtr idx);
int zieof (zindexPtr idx);
int ziputc (zindexPtr idx, int c);
int zigetc (zindexPtr idx);
int ziprintf(zindexPtr idx, const char *format, ...);

These functions are only recommended to be used by a 64 bit operating system and
binaries were made available accordingly.

The contents of zindexPtr are the following. The three file pointers to the orig-
inal compressed file and the two zindex files, the current position and the end of the
file in the uncompressed data as offsets. It also includes the internal access index
structure imported from the index file. It does not contain the uncompressed stream
data preceding the access points, the needed amount is always read when the infor-
mation becomes essential. This is because the uncompressed stream file can be large,
depending on the access point distance.

This is one crucial difference compared to the original in-memory indexing example
for zlib data available at [36]. The original random access implementation was hold-
ing the 32 KiB uncompressed data chunks in the memory, which are needed to start
decompressing from an access point. However, the structure of the in-memory imple-
mentation was very well designed, therefore only minor modifications were made to
change it from the in-memory behavior to the zindex file format extension. For ex-
ample, the list, where the index data was stored in the access index structure was
divided into two parts: the access point distances and the uncompressed stream data
chunks. With this we can enable the internal index structure to be built with the uncom-
pressed stream data list (ucs_list) being a NULL pointer, thus needing allocations
only for the access point distance data, which are small. Previously this would have
been detected as erroneous behaviour, but the index reading functions were changed
to read the uncompressed stream data directly from a file only when it is requested to
decompress from an access point.
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For the reasons described above, it is necessary to assure the existence of the uncom-
pressed stream data while using the following low-level utility functions of zindex.

void free_index(struct access *index);
int build_index(FILE *in, off_t span

, struct access **built);
int write_index(struct access *index, FILE *idxFile

, FILE *ucsFile);
int read_index(FILE *idxFile, struct access **built);

Therefore, the most critical low-level utility function int extract(...) is not
added to the public interface, but is rather internally used by the previously introduced
int ziread(...) function. For even more details, please see the freely available
source codes at [42].

The implementations were tested for several data files with a wide variety of access
point distances for the following use cases. Building zindexes, and using the file han-
dling utility functions with zindex in meaningful combinations. Major complications
can only occur with the misuse of the above mentioned low-level extracting function,
therefore it is not accessible on the public interface. Original compressed files must
not be changed or rewritten without updating their zindexes as well, but this is a fairly
logical assumption. If an error occurs, the allocated memory is freed and the program
aborts. Testing further aspects is covered in section 5.1.
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4. SYSTEM FOR DETECTING ACTIVITY AVALANCHES

As introduced in chapter 2, short-term brain activity avalanches became possible to
detect with new ultrafast fMRI sequences like MREG. Such data is not only statisti-
cally more powerful, but also large and having slightly different sensitivity for noise
sources than classical fMRI recordings. MREG provides a sampling rate which avoids
respiratory and cardiac physiological noise from aliasing, but also introduces the need
for more sophisticated signal processing and analysis tools than before. In the pre-
vious chapter, a technique to improve the analysis speed of such large recordings was
described. In this chapter, an actual analysis is introduced: a system for detecting brain
activity avalanches in critically sampled fMRI data. An outline of this system is shown
in Figure 3. Parts of this chapter are based on our publication in the journal Frontiers
in Human Neuroscience[44].

Figure 3: System components and data paths of activity detection.[44]

The motivation behind this system for brain activity avalanche detection is the re-
cent work published by Palva, et al. and Liu, et al. In [1] neuronal avalanches in the
brain were identified with MEEG data during different recordings including resting
state. While comparing neuronal activity avalanches to physiological dynamics and
neuronal oscillations, it was found, that "neuronal scaling laws are strongly correlated
both with each other and with behavioral scaling laws; [...] long and short time-scale
neuronal dynamics are related and functionally significant at the behavioral level"[1].
Since neuronal activity avalanches have such an important role, it is indeed very inter-
esting to make a similar research with spatially native three dimensional data, which
is provided by fMRI. In [2] it is stated that "functional networks [...] may indeed be
driven by activity at only a few critical time points", which are "possibly originating
from neuronal avalanching phenomena". "The spatial distribution of these patterns
suggests a potential functional relevance."[2] The authors have found fingerprints of
neuronal avalanches as sudden activations of networks. The methods developed and
tested in this work are for detecting such sudden activations in the DMN using MREG
data with 20-25 times higher sampling rate compared to classical fMRI data, also used
in [2].
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4.1. Preprocessing Pipeline

MREG data were being preprocessed with FSL pipeline in the same way as described
by co-workers in [45]. One hundred eighty time points are removed from the begin-
ning for minimizing T1-relaxation effects. Head motion was corrected with FSL 5.01
MCFLIRT software[46]. The translational and rotational movement of the subjects
was used in section 4.2 to exclude motion artifacts while detecting activity avalanche
peaks. A more detailed overview of the detection system is shown in Figure 4.

Figure 4: Steps of the activity detection system.[44] Preprocessing steps for raw
MREG data: motion correction, brain extraction, image registration and probabilis-
tic independent component analysis across subjects resulting in components being part
of the DMN as well. Activity peak detection on each DMN ICA component: reduce
cardio-respiratory physiological noise and calculate slow vasomotor fluctuations, clean
ICA component from physiological noise, exclude time points and neighborhood af-
fected by head motion, peak detection on clean and motion-free signal. Visualization
using data after registration preprocessing step: crop MREG data around activity peaks
and extract slices as videos and frame tiles in the spatial region of interest.

Brain extraction was carried out after MCFLIRT with optimization of the deforming
smooth surface model, as implemented in FSL 5.01 BET software[47] using threshold
parameters f = 0,3 and g = 0; and for 3D MPRAGE volumes, using parameters
f = 0,25 and g = 0,22 with neck and bias field correction option. Spatial smoothing
was done with fslmaths 5-mm FWHM Gaussian kernel. Three-dimensional MPRAGE
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images were used to register the MREG data into MNI space in 4-mm resolution using
MELODIC[48] for group independent component analysis (ICA).

To separate resting state networks (RSN), such as DMN, probabilistic ICA was cal-
culated as implemented in MELODIC for MREG data. Group ICA was used to sepa-
rate noise sources from RSN sources with previous criteria[49, 50], model order was
chosen to be 70. The activity avalanche detection was performed on the selected ICA
components with analysis in time dimension.

4.2. Activity Peak Detection

The activity peak detection process consists of six steps (A-F), as shown in Figure 4,
and illustrated with two example components. The power spectra of the two example
ICA components, selected from the same subject, are shown in Figure 5. The six
steps (A-F) are demonstrated separately in Figures 6 and 7 for respiration and cardiac
physiological dominant signals, respectively.

Figure 5: Power spectrum estimations of the introduced respiration and cardiac noise
dominant DMN ICA components.[44] The signals were taken for the whole recording
and normalized to zero mean and one variance before spectrum estimations, to be-
come comparable. The frequency ranges given for DRIFTER for physiological noise
filtering are shown together with the power average in those ranges.

The implementation of activity avalanche detection and visualization (see section
4.3) was done in Matlab[31]. It was used for the processing of ICA time signals,
including DRIFTER toolbox[51]. However, since it was necessary to keep MREG data
compressed due to its size, and there is currently no tool to process such in Matlab, the
actual processing of MREG data and involved calculations were performed with FSL
utilities[27] by commands called within the Matlab scripts and functions. For this part,
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the speed improvement of using zindex files was measured, and a speed-up of 1,768
(77%) was achieved with an otherwise well optimized script. It is important to point
out, that these FSL calls performed very different tasks, but improving such a low-level
feature as seeking in these files with zindex, has an immediate positive outcome for the
run-time of nearly any kind of calculation or analysis performed on large compressed
NIfTI data.

Step A: Selection of DMN ICA Components

The ICA components, obtained with preprocessing as explained in section 4.1, were
analyzed by an ICA resting state specialist (V. Kiviniemi[49, 50, 12, 22, 52]), and five
components dominated by anatomical areas of posterior cingulate cortex and (ven-
tro)medial prefrontal cortex of the DMN were selected. One component representing
medial prefrontal cortex (DMNmpf), one representing ventromedial prefrontal cortex
(DMNvmpf) and three split ICA components representing posterior cingulate cortex
(DMNpcc) were selected[52]. To assure convergence of ICA method and spatial ac-
curacy of the DMN components, physiological noise removal and motion detection
was performed after this step. Further data processing (step B–F) on the selected ICA
components in the DMN was done with custom software in Matlab[31].

Step B: Respiration and Cardiac Physiological Noise Removal with DRIFTER

First, physiological noise removal was done for each original time series of the selected
group ICA components as separate runs with DRIFTER[51], which is a Bayesian
method for retrospective elimination of physiological noise from fMRI data. In
this case, the main advantage of using DRIFTER compared to other methods like
RETROICOR[53] was the possibility of physiological noise removal without reference
signals, only defining estimated frequency ranges. The algorithm first estimates the
frequency trajectories of the physiological signals with the interacting multiple models
(IMM) filter. The frequency trajectories in this case were estimated from the fMRI data
since temporal resolution was high enough (fs = 10 Hz). Frequency ranges for tra-
jectory estimation, as seen on Figure 5, were 8−24 bpm (0,13−0,4 Hz) with 0,2 bpm
(0,0033 Hz) steps and 45−65 bpm (0,75−1,08 Hz) with 0,4 bpm (0,0067 Hz) steps
for respiratory and cardiac noise, respectively. The estimated frequency trajecto-
ries are then used in a state space model in combination of a Kalman filter (KF)
and Rauch–Tung–Striebel (RTS) smoother, which separated the signal into an ac-
tivation related cleaned signal, physiological noise, and white measurement noise
components[51].

DRIFTER physiological noise removal method did not succeed for all components.
There were more 10 minute long MREG recordings for which DRIFTER succeeded
in all five components (see step A), therefore, the broad spatial distribution of an ICA
component probably could not be the reason behind it. The phase shifts of the dom-
inant frequencies to track made the IMM filter of DRIFTER succeed at 70,9% of the
data. Successful outputs per subjects were varying between one and five. To eval-
uate the quality of the frequency trajectory estimation, own scores (referred later as
“Dscores”) were introduced which reflect the standard deviation of the frequency val-
ues of the trajectory. This method was derived from the experimental observation that
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noise removing performance was poor when the trajectory tracking approached the
minimum or maximum of the predefined frequency range quickly and got stuck there,
resulting in low variance of frequency values of the trajectory estimation at the same
time. Experimental limit for scores with good noise removing performance was one,
which was exceeded by 91,0% of the DRIFTER outputs.

Step C: Removal of Vasomotor Fluctuations with Savitzky-Golay Filter

Meanwhile, slow vasomotor fluctuations were estimated also from the original time
series of the selected group ICA components with the Savitzky-Golay polynomial filter
(polynomial order 2, window size 513) for which over 80% of the power of these
estimated signals were under 0.01 Hz. This filter minimizes least-squares error on
the given time window with the polynomial fit, and is widely used on physiological
data[54].

Step D: Cleaning Components from Noise Identified in Steps B and C

Activity avalanches appear on top of the “base activity”, thus, the avalanche peak
detection needed to be independent from the vasomotor fluctuations. Therefore, the
polynomial smoothed signal was subtracted from the signal resulted by the cardio-
respiratory physiological noise removal by DRIFTER. With this step, the vasomotor
fluctuations and physiological noise are removed while normalizing the signal to a
close to zero mean at the same time, which enables to compare values between group
ICA components appearing in different spatial (anatomical) areas.

Step E: Exclusion of Potentially Motion Affected Time Points

For each time signal, the motion correction data of the MREG measurement was used
to exclude time points around motion artifacts. Velocity information was calculated by
differentiating translational and rotational correction data along time dimension. The
absolute values of translational and rotational velocity data were summed in all three
MNI spatial dimensions separately, resulting in a translational and rotational speed
representation. An example of results is illustrated in Figures 6, 7 and 10. Time points
and their neighborhood, where the sum of translational speed exceeded 0.25 mm per
sample, or the rotational speed exceeded 1.5 milliradians per sample were excluded.
In order to confirm that the results are clean from motion artifacts, the excluded neigh-
borhood was the same as the range of later cropped MREG data around found peaks.
This is 5 seconds preceding and 10 seconds following the detected activity peak. This
particularly strict method results in the exclusion of 71.8% of the detected peaks with
the remaining signal representing motion-free data.

Step F: Finding Activity Peaks in Clean Time Series

Peak detection was performed on the clean signal. Peaks with higher value than the
150% of the signal standard deviation were initially marked. The minimum distance
between found peaks was 50 samples (5 seconds), and not the first, but always the
highest peak within the minimum distance (search window) was marked.
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4.3. Visualization

4.3.1. Cropping Videos

The steps described above result in peak detection, and furthermore reflect activity
avalanches. The retrieved information was used for processing registered MREG data
(registration step in preprocessing, see Figure 4) to visualize the obtained results. First
of all, the BOLD values were normalized for the whole time length to zero mean and
one variance. This was done for effective visualization and valid comparison. The
aim of the visualization was to inspect spatial spread and distribution of the avalanches
detected from the clean signal, which on top of a standard anatomical image allows
observation of MREG data.

For all detected peaks, the MREG data was cropped in the following way: 50 sam-
ples preceded and 100 samples followed the sample of the activity peak. This leads
to 151 time samples (15,1 s) long four dimensional MREG data for all detected peaks.
Three orthogonal slices were observed according to MNI space for which the spatial
intersection point was the highest value in the spatial distribution of the actual ICA
component within the DMN component of interest. The normalized and color coded
MREG data was overlaid on a standard anatomy image. Color coding was the follow-
ing with the three traditional color channels: red at maximum in case the voxel value is
positive, blue at maximum in case the voxel value is negative, and green channel at the
normalized absolute value of the actual voxel. This results in red to yellow and blue to
cyan color scales for positive and negative values, respectively.

4.3.2. Creating Frame Tiles

From all cropped videos, frame tiles were created from the time points around the de-
tected peaks. In a way that the video frames around the time point of the detected peak
were combined under each other into a single image. Five frames preceded and ten fol-
lowed the frame of the detected time point, this results in frame tiles of 16 time points
(from top to bottom) and the three MNI space plane sections around the anatomical
point of interest (from left to right): altogether 48 images for each detected activ-
ity peak. These frame tiles make the observation and evaluation of detected activity
avalanches much easier.
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Figure 6: Six step process (A–F) of activity peak detection.[44] Example on a four-
minute time window of an ICA component dominated by respiration physiological
noise, also shown in Figure 5.
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Figure 7: Six step process (A–F) of activity peak detection.[44] Example on a four-
minute time window of an ICA component dominated by cardiac physiological noise,
also shown in Figure 5.
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5. RESULTS

5.1. Seek Speed-up with Zindex

Parts of this section are based on the publication of this research for the 37th Annual In-
ternational Conference of the IEEE Engineering in Medicine and Biology Society[32].

5.1.1. Testing Setup

The fMRI Data

To test the actual performance improvement of using zindex files, a 10 minutes long
resting-state fMRI file was tested. The data was created by a Siemens 3T SKYRA MR
system with a 32-channel head coil. MREG sequence obtained from Freiburg Uni-
versity via collaboration with Jürgen Hennig group[55, 56] was utilized. MREG is a
three-dimensional (3D) spiral, single-shot sequence that under-samples 3D k-space tra-
jectory for faster imaging[17]. It samples the brain at 10 Hz frequency (TR = 100 ms,
TE = 1,4 ms, flip angle = 25°) and offers thus about 20–25 times faster scanning
than conventional fMRI which also means larger size of data recorded. The recording
protocol was approved by the ethics committee of the Northern Ostrobothnia Hospital
District. The size of the chosen test file in NIfTI format was about 2 GB (1,970,168,082
bytes) compressed and about 6 GB (6,104,809,824 bytes) uncompressed.

The proposed zindex files can be created for any gzip compressed data. However,
medical imaging equipment are one of the very few applications for which speed and
size considerations have been abandoned for years, despite the production of such
large data. It is simply unimaginable, that for example video formats would not pro-
vide compression and fast seeking properties at the same time, and it is surprising
enough that such improvements have not been considered for fMRI data before. From
the software tools introduced in section 2.5 not every one provides even handling of
compressed fMRI data, which is completely unacceptable for many research groups
making regular MRI recordings. The speed-up of compressed MREG data with zindex
is introduced and demonstrated here. However, it is a more general tool: available for
compressed NIfTI data for any large fMRI recording, and in theory for any large gzip
compressed data file.

Testing Procedure

The testing algorithm was the following for seek speed, i.e. accessing the data at a
random point. Many numbers were randomly generated between the beginning and
end of the original data and an output stream (in practice a file) was opened. In the
run-time measurement, the following steps were repeated:

• Safely opening all necessary files: for the reference method, a single compressed
file, for the proposed method, the zindex files as well.

• Seeking to the desired position (generated random number): without or with
zindex files for reference and proposed methods, respectively.
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• Copying a 16 KiB (16,384 bytes) chunk of data from the desired position to the
open output stream.

• Proper handling of allocation and I/O errors (no errors occurred during tests
though).

• Closing all necessary files: for the reference method, a single compressed file,
for the proposed method, the zindex files as well.

The algorithm was repeated hundred times with the reference method and average
single seek speed was calculated accordingly. Since measurements were a lot faster
with the proposed method, the algorithm was run thousand times for each tested ac-
cess point distance and the average single seek speed for each distance was calculated
accordingly. All of these tests were repeated in two completely different hardware
environments.

Solid state drives (SSD) are outstanding in random access performance, while hard
disk drives (HDD) are superior in affordable speed and capacity. For this reason, a
modern but average personal hardware environment and a workstation environment
with high performance were selected for the tests with SSD and HDD, respectively,
with the details in Table 1.

Table 1: Test hardware configurations

Component SSD configuration HDD configuration
Computer HP EliteBook 745 G2 Dell PowerEdge R815

Processors 1x AMD 4 Core
A10-7350B (2.1 GHz)

4x AMD 8 Core
Opteron 6128 (2.0 GHz)

Memory 16 GiB 128 GiB

Operating system Linux Mint 17.1 CentOS 6.6

Storage HP 256GB SED Opal 2
Solid State Drive (K1Z11AA)

7 disk RAID-5 config. of
600GB Seagate SAS disks

(ST3600002SS)

5.1.2. Test Results

The average single seek speed was calculated with the conventional (reference) method
with the SSD and HDD configuration resulting in 0.09257/s and 0.07261/s, respec-
tively (successful runs of the measured tasks per second). The testing algorithm with
the proposed method was run with zindex files for nine different access point distances
from 32 MiB down to 128 KiB, with the evaluation results presented in Tables 2 and
3. The speed is presented as the average number of successful runs of the test algo-
rithm (random seek) per second for direct comparison. The speed-up values, defined
as the speed multiplication rate of the new method compared to the reference method,
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are also illustrated. The efficiency is given by the measured speed-up over the zindex
size, i.e. speed multiplication for every mebibyte (MiB) of zindex data compared to
the reference method.

Table 2: Test results with SSD

Access point Zindex size SSD configuration measurements
distance (bytes) Speed (1/s) Speed-up Efficiency (1/MiB)

32 MiB 6000204 13.25 143.17 25.02
16 MiB 11967620 23.52 254.10 22.26
8 MiB 23836876 55.91 603.97 26.57
4 MiB 47345872 114.19 1233.48 27.32
2 MiB 94626168 236.15 2550.93 28.27
1 MiB 185088260 316.25 3416.23 19.35

512 KiB 354962888 495.48 5352.33 15.81
256 KiB 629267296 427.46 4617.56 7.69
128 KiB 1118234740 270.16 2918.39 2.74

Table 3: Test results with HDD

Access point Zindex size HDD configuration measurements
distance (bytes) Speed (1/s) Speed-up Efficiency (1/MiB)

32 MiB 6000204 10.53 145.03 25.35
16 MiB 11967620 18.98 261.38 22.9
8 MiB 23836876 32.2 443.4 19.51
4 MiB 47345872 62.85 865.63 19.17
2 MiB 94626168 96.62 1330.64 14.75
1 MiB 185088260 130.21 1793.24 10.16

512 KiB 354962888 140.85 1939.73 5.73
256 KiB 629267296 127.88 1761.14 2.93
128 KiB 1118234740 98.72 1359.54 1.27

The performance increase (relative speed-up) is illustrated using the proposed tech-
nique in Figures 8 and 9. In Figure 9, also the average efficiency of the two test
configurations is shown. For our implementation of creating zindex files, the access
point distance of 4 MiB was selected. This reaches the second highest average effi-
ciency. The highest efficiency was not chosen because of the much less speed-up and
the utilizing limitations: the practical original data size for a 32 MiB of access point
distance would be at least hundreds of megabytes. However, with less efficient hard
disk usage, around five and two thousand fold of speed-up could be reached with SSD
and HDD, respectively. It is important to observe that the desired speed-up and zindex
size trade-off may be chosen freely in different applications.
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Figure 8: Random access speed-up reached with zindex data and size of zindex files
for different access point distances. On the left vertical axis, the relative speed-up
compared to the reference implementation is shown for the SSD and the HDD config-
urations. On the right vertical axis, the relative size of zindex files is shown compared
to the original compressed data.
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5.2. Results of the Activity Avalanche Detection System

Parts of this section are based on the publication of this research in the journal Frontiers
in Human Neuroscience[44].

After finding the activity peaks, it was verified that the found peaks really refer to
an activity flash in the selected DMN areas in an average case, and the peaks are not



36

just a side effect of neighboring activities from which only parts can be seen through
the spatial masks of the ICA components. For this, the peak videos were averaged, as
explained in section 5.2.3.

In Figure 10, the result of an activity peak detection for a single subject is illustrated.
One of the important goals was the complete rejection of the motion affected time
points. In this example, the first three and a half minutes of motion estimation showed
a lot of head motion exceeding the very low threshold. Accordingly, the high activity
peaks were not marked in this region. In the motion free time range, we can observe
time points unmarked, with similarly high activity peaks as the marked ones. This is
to prevent overlapping during the visualization, thus, only the highest peak within a
certain search window was marked (see step F in section 4.2). This is not the case
across different components, because the overlapping is not a disturbing issue while
visualizing the activity avalanches in different planes for different components. With
keeping these two exceptions in mind, it can be observed in Figure 10 that clearly the
highest activity peaks were marked for visualization.
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Figure 10: Peak detection result overview for a single subject. The motion data with the
time points selected to be excluded are in the first plot. In the following two plots there
are ICA components of a single subject and the steps of the activity peak detection as
an overview in each plot, also containing the detected activity peaks. Component 55 is
in DMNvmpf, component 34 is in DMNpcc left, and both achieve high Dscores.
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5.2.1. Measurement Data

The MR system and MREG sequence described in section 5.1.1 was utilized for this
analysis, which offers about 20–25 times faster scanning than conventional fMRI.
Also three-dimensional MPRAGE (TR = 1900 ms, TE = 2,49 ms, flip angle = 9°,
FOV = 240, and slice thickness = 0,9 mm) detailed anatomical images were used to
register the MREG data into 4-mm MNI space.

Data was collected from eleven 10 minutes long resting state MREG measurements
from healthy control subjects (3 women, 27.2±7.5 years old). The study protocol was
approved by the ethics committee of the Northern Ostrobothnia Hospital District. Writ-
ten informed consent was obtained from each subject individually prior to scanning,
in accordance with the Helsinki declaration. During the 10-min MREG resting-state
study, subjects were instructed to lie quietly in the scanner with their eyes open fixating
at a cross on the screen and thinking nothing particular. As criteria for the selection of
appropriate recordings for further study, both completeness of data as well as perfor-
mance against physiological noise removal by DRIFTER software[51] were used.

5.2.2. Single Activity Avalanches

For every subject, five DMN ICA components were processed. Even with the strict
exclusion of the possibly motion affected time points, 159 single activity peaks were
found. However, a sample point of an activity peak is not perfectly punctual, because
as a result of smoothing in DRIFTER, the peak might be shifted with several sam-
ples. As in the example of Figure 11, the starting point of the activity avalanche can
be clearly seen in the concerned anatomical area with global thresholds over all sub-
jects and components. By manual inspection of such extracted frame tiles, the actual
difference of the avalanche start point from frame zero was determined. Thus, the
standard deviation around frame zero of the starting points of avalanches resulted in
3.96 frames (0.40 seconds). Altogether 17 marked activity avalanches were hardly ob-
servable. The most probable reason for this is the use of a global threshold, and that
the visualization inputs were not corrected for low frequency fluctuations, in order to
remain comparable.

Similarly to the starting point, the length of the activity avalanche can be also man-
ually observed. The standard deviation of the activity avalanche lengths was 2.18
frames (0.22 seconds) around the mean value of 3.63 frames (0.36 seconds). This is a
length of activity which can only be observed with ultrafast sampling MR sequences
like MREG. The short length also excludes the thought that the effect of the cardiac
or respiratory noise would be seen directly, since such a rapid change is in a higher
frequency range than the heart rate or respiration of a resting individual.

More examples for single activity avalanches are presented in Figures 12, 13, 14 and
15. The examples were sorted into four groups depending on special properties.

In Figure 12, very short activity avalanches are shown. These can only be observed
in a single frame, therefore their duration is likely around 100 ms, which is the lim-
itation of the MREG sequence due to its sampling rate. The spread of these activity
avalanches are undeterminable from this representation, but it is anyway valuable to
see brain activity spreads in the DMN at this impressive time resolution with fMRI.
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Figure 11: Visualization of single activity avalanches in DMNmpf and DMNpcc by frame
tiles with vertical time flow (from top to bottom) and 100 ms frame distances. The top
frames are the analyzed ICA components cut and saturated at z-score thresholds 3 and
7, respectively. The vertically following frames are normalized BOLD data, cut and
saturated at absolute threshold values 1.7 and 3.5, respectively. Values are color coded
from low to high as red to yellow and blue to cyan, for positive and negative values, re-
spectively. Activity data was smoothed with a Gaussian kernel (mean 0, standard devi-
ation 1.2 pixels), and the voxel values outside the brain set to zero. Activity avalanche
in DMNmpf starts at 200 ms, in DMNpcc left at –100 ms, in DMNpcc right at –200 ms,
compared to the time point of peak detection (marked as 0 ms). All three shown ac-
tivity avalanches are about 500 ms and 600 ms long in DMNmpf and DMNpcc left&right,
respectively. The BOLD values are spatially registered and thus overlaid on a standard
anatomy image.

In Figure 13, spatially relatively focused activity avalanches are shown. These activ-
ity avalanches nearly do not leave the anatomical region of the observed DMN source
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Figure 12: Visualization of short-term single activity avalanches in DMNmpf and
DMNvmpf by frame tiles with vertical time flow (from top to bottom) and 100 ms frame
distances. The visualization parameters are identical to parameters of Figure 11.

at all. The duration of these avalanches are usually among the longer ones, and the
activity peak is likely lower than for activity avalanches spreading along more brain
regions.

In Figure 14, spatially wide-spreading activity avalanches are shown. These activity
avalanches are very interesting in regard of analyzing the spreading shape and like-
lihood of these short-term activities between different brain regions. They are likely
spreading between separate parts of the DMN, involving the neighboring areas and re-
gions between them. They usually not only involve the DMN, but rather a larger part
of the cortex.

In Figure 15, single activity avalanches are shown which are arguably induced by
blood flow in the brain areas dominated by arteries. However, the spreading seems to
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Figure 13: Visualization of spatially focused single activity avalanches in DMNmpf,
DMNvmpf and DMNpcc right by frame tiles with vertical time flow (from top to bottom)
and 100 ms frame distances. The visualization parameters are identical to parameters
of Figure 11.

be fast, and sometimes surprising areas are involved in the activity avalanches. They
have usually very high BOLD activity, and many brain regions are involved.

5.2.3. Group Mean Activity

From the single peaks, an average was created for each ICA component separately, i.e.
cropped data around all found activity peaks in a single component of a single subject
was averaged among peaks into a single 151 frames long (15.1 seconds) data set. As
a second step, with equal weight for each subject, a group mean was calculated along
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Figure 14: Visualization of wide-spreading single activity avalanches in DMNmpf,
DMNvmpf and DMNpcc left by frame tiles with vertical time flow (from top to bottom)
and 100 ms frame distances. The visualization parameters are identical to parameters
of Figure 11.

subjects resulting in five 151 frame long data sets representing the originally selected
five DMN ICA components. In Figure 16, the group mean frames for all five ICA
components around the peak detection point are shown in a selected plane.

As explained in section 5.2.2, the signal smoothing during physiological noise re-
moval may result in few frames shift of the activity peak. Therefore, the mean frames
provide dominant spatial information of the activity avalanches instead of holding ac-
curate timing information. Importantly, we observed that the avalanches belonging to
DMNpcc components split to the left and the right side are dominant on different sides
of the brain, according to the original ICA component.
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Figure 15: Visualization of single activity avalanches probably induced by blood flow
in DMNmpf, DMNpcc and DMNpcc right by frame tiles with vertical time flow (from top
to bottom) and 100 ms frame distances. The visualization parameters are identical to
parameters of Figure 11.

For the group mean data, the spatial focus of high BOLD activity remains in
the region of interest anatomically. Thus, the activity, including neuronal activity
avalanches, started from or at least crossed this anatomical area. This can be even
better evaluated with the produced videos described in section 4.3, but due to submis-
sion limitations, those unfortunately cannot be attached to this work.
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6. DISCUSSION

This research work had two main and different aims. The original and guiding goal
was to detect brain activity avalanches in MREG data motivated by recent research in
neuroimaging. The scientific value of this research is based on its novelty, besides be-
ing a fairly specific research area and topic, which turns on interest of a small group of
researchers working with resting state fMRI imaging and/or brain activity avalanches.
The difficulties risen during the activity avalanche detection have induced ideas to im-
prove the speed of such work. I discovered a bottleneck in fMRI analysis speed, but the
applying of an indexing technique for fMRI data to improve seek speed did not strictly
involve scientific novelty, since all parts applied and combined in this work have been
available for nearly a decade. My idea was to apply the indexing technique in a new
(neuroimaging) context and demonstrate how incredibly it actually affects the seek
speed of large fMRI data we have been dealing with day by day. Its scientific value
therefore is not its novelty, but rather the large group of researchers who can make
use of our already freely accessible software in their everyday work. Considering its
impact, on longer term our technique should be merged into the official distributions
of the fMRI software packages, but this clearly needs some more work in the future.

6.1. Speed-up of fMRI Analyses

A novel indexing technique was proposed to provide a dramatic speed-up in seeking
large fMRI data. This meets the objectives set in chapter 1. As reference the file format
without zindex was used, as this is how all currently available implementations handle
compressed NIfTI data. The speed-up can be from hundreds-fold up to thousands-fold
depending on the user-configurable setup. The test results demonstrate the practical
capabilities of this novel technology in the neuroimaging research field. Software to
create the above described zindex (index and uncompressed stream files) for any zlib
compatible compressed file is provided at [42]. The neuroimaging data specific soft-
ware is a modified library (libznz) to handle additional zindexes while reading NIfTI
files are also provided at [42], which can be replaced within the NIfTI C library[3].
To demonstrate performance, and to avoid changing the interface of the libznz library
accessible at [43], only reading such files with restricted zindex file names is possible
now. If writing the file is attempted or no zindex files are present, the library auto-
matically falls back to the legacy behavior without further notice. In the future, the
automatic building of zindex, and its use in more applications, involves collaboration
with the maintainers of the fMRI software packages.

One of the most commonly used tools of the popular FSL neuroimaging analysis
software package described in [27] is FSLView. FSL uses the NIfTI C library for
I/O operations, thus FSLView can make use of our modified libznz library as well.
FSLView can visualize functional MRI and diffusion MRI data and provides comfort-
able tools to have a look on NIfTI data for researchers and experts. The proposed
method can be later on implemented for other popular neuroimaging software pack-
ages like AFNI[23], FreeSurfer[25] or SPM[29] introduced in section 2.5. Next to the
limitations of the low incorporation level of the technique there is another limitation
to mention: speed-up is theoretically impossible for files with smaller size than the
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access point distance used during building zindex data, which is 4 MiB in the current
implementation. For now it is the responsibility of the user to avoid building zindex
for small files, even though the speed penalty for such a mistake is not prominent.

For the test data described in section 5.1.1, jumping to a frame close to the end of the
file in FSLView takes tens of seconds every time even with an SSD. However, with the
new implementation, the time needed to have a look on such a frame is unnoticeable.
A video illustrating the described use case is available at [42]. Therefore, it is assumed
that in various applications using NIfTI C library, the speed-up is significant and it
is worth to optimize these for files improved by the method. The FSL based part of
the activity avalanche detection analysis did benefit by a 77% of speed-up with no
other changes than using zindex data and the modified low-level file handling library
of FSL. While developing the analysis, it has been run tens of times, while the zindex
only needs to be built once, therefore a lot of run-time can be saved with building the
zindex only once.

The zindex test results, also included in this work, are currently being published;
the work has been accepted for presentation at the 37th Annual International Confer-
ence of the IEEE Engineering in Medicine and Biology Society[32]. The software
implementation[42] can be directly used to speed-up fMRI analyses in our research
group, the Oulu Functional Neuroimaging Research Group of the Oulu University
Hospital.

6.2. Detection of Activity Avalanches

Neuronal avalanches and their momentous fingerprint CAPs in fMRI have recently
been detected with classical BOLD scans of 2 second TR[1, 2]. Results here show,
that by combining ultrafast MREG imaging with advanced signal processing, one can
detect spatial spread of brain activity avalanches with 100 ms time-frame accuracy. A
key issue is the proper detection of RSN signal sources prior to excess MREG signal
filtering, which seem to diminish the skewness and kurtosis of RSN sources for ICA
to separate them from the data. After that, motion and other noise sources need to
be excluded for the detection of suitable peaks for brain activity avalanche detection.
Even though the BOLD signal has inherent hemodynamic delay, one can still detect
successive spread of neuronal event within sufficiently similar regions[18, 19, 20].

Importantly, the avalanche spread needs to be distinguished from cardiac and respi-
ratory pulsations. The ultrafast MREG system enables critical sampling of the cardio-
respiratory noise that can be extracted from the signal with some prerequisites. Also
the preliminary QPP analyses of our research group suggest markedly differential
spatio-temporal spread of cardio-respiratory pulsations in the human brain and thus
also exclude their participation as a source in signal change.

Independent component analysis has become one of the main tools in separating
brain activity sources, whether activated, spontaneous or inherent in origin[57, 58, 49,
59, 60]. One puzzling question has been the spitting of the detected brain networks,
including the DMN, into several sub-networks with increasing model orders[61, 12,
52]. Splitting has been suggested to be a sign of over-fitting the ICA model, but the
results in this work suggest, at least in model order 70, a neuronal avalanche based
origin for the splitting. Figures 11 and 16 illustrate that within these networks, the
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avalanches are indeed different in the split sub-networks, emphasizing the avalanche
activity on the side of the detected sub-network. Therefore, the spatial ICA splitting
in higher model orders seems to be a sign of neuronal activity spread difference of
separate events. In lower model orders, these events become grouped together as a
lower hierarchical system due to summed explanation of variance.

One of the main difficulties in obtaining clear results is that the physiological noise
is hardly separable from higher frequency neuronal activity. The novel idea was to use
the DRIFTER for the peak detection only on single time series, and not already on the
reconstructed MREG signal (see section 4.1), after which ICA analysis leads to inac-
curate components. As a result, we cleaned the already spatially accurate group ICA
output signals from vasomotor fluctuations and cardio-respiratory physiological noise.
This indeed involved many steps, but also showed the richness of MREG data and the
use of its high time resolution. By showing, that the group mean of activity peaks and
their neighborhood keep their focus on the anatomical area of the ICA component in
the DMN, and individually high activities tend to happen in a fraction of a second, we
consider found time peaks belonging to activity avalanches, which when cleaned from
other physiological effects, must be neuronal activity avalanches.

Current tools defining spatial accuracy are not perfect. If the registration of the
MREG data on the brain anatomy could be done more precisely, and the spatially
sparse parts of a single ICA component could be segmented, a higher overall and
DRIFTER performance would be achieved. Here, DRIFTER was used for removing
physiological noise, however, experiments showed the limitations of its performance in
some cases. Accordingly, also other methods instead of DRIFTER could be taken into
account or compared, like temporal ICA, novel MREG sequences, or improvements on
DRIFTER by using the actual measured cardiac and respiration data. A clear limitation
is the number of subjects included in the study and thus the amount of data analyzed.

We have also collected simultaneous multimodal data, where we have scalp DC-
EEG, near-infrared spectroscopy (NIRS), noninvasive blood pressure (NIBP) and full
anesthesia monitoring during MREG scanning for subjects in this study, using the
HEPTA-scan concept[45] of our research group. Our aim is to model EEG source
avalanches and analyze how their spread might be connected with MREG avalanches.
NIRS and NIBP data are also further analyzed in order to model local oxy/deoxy con-
centration changes and vasomotor waves. Currently, all subjects were healthy volun-
teers. In the future, we plan to include and compare epileptic subjects, either as a group
or individually. Considering the higher statistical power of MREG data for analyzing
epileptic networks[15, 16], there is a potential in research towards diagnostic use of
our findings.

Furthermore, a method to quantify dynamics of three dimensional spread patterns
would also have a lot of benefits, and would shorten the time spent on visual in-
spections and interpretation of the results, among improving current rough anatomical
alignments. On long term this is the superior feature of MRI data in analyzing neuronal
avalanches since the recording is performed natively in three spatial dimensions, how-
ever, this involves advanced signal processing techniques accordingly. Future work
combining multimodal EEG, NIRS and NIBP will further increase accuracy of sepa-
rating signal sources from the continuously active brain.

It has been a goal to create static links between brain areas and certain functions,
which is definitely necessary on a certain level. However, more difficult and sophisti-
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cated brain functions, including mental processes, can only be revealed by observing
the ever active brain as a network and as a non-stationary dynamic system. Therefore,
I believe, that the changes in brain activity concerning for example mental diseases
need to involve observation and analysis of brain activity dynamics, which also in-
cludes sudden activations like brain activity avalanches. Considering this context, this
work is definitely one of the small steps for the long-term goal, to reveal more about
the human brain, and accordingly the results have been accepted for publication[44] in
a research topic with focus on characterizing time-varying complex brain networks of
the Frontiers in Human Neuroscience journal.
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7. CONCLUSION

One objective of this work was to improve speed for analyses involving fMRI data,
and it has been shown that thousand folds of seek speed-up can be reached with the
proposed zindex technique for large compressed NIfTI neuroimaging data. Keeping
neuroimaging data compressed is nowadays essential due to the ever growing size
and number of such recordings. Depending on the particular application, the access
point distance of zindex files can be freely chosen, which enables setting of an optimal
compromise between the index size and achieved speed-up. For example, a thousand
fold speed-up can be achieved with an index size of only about two percent of the
original compressed data. A software implementation was made available, extending
the NIfTI C library by providing a modified version of libznz library. With distributing
the implementation of the proposed method, there is a hope to make the everyday work
for hundreds of researchers and experts much smoother and faster in their work with
modern neuroimaging data.

Another objective of this work was to detect brain activity avalanches in high tem-
poral resolution fMRI data. This study has shown, that it is possible to find activity
avalanches in the DMN, which promises the opportunity for further analyzing neu-
ronal activity avalanches in these regions with a natively three dimensional imaging
technique in space. Reproducible and classical DMN sources were identified using
spatial ICA prior to advanced noise removal tools, since it was learned that the earlier
use of such on MREG data prevents ICA from converging to reproducible networks. In
order to focus solely on brain activity avalanches, further advanced signal processing
methods were used to separate avalanches from other sources. With the time reso-
lution of ultrafast MREG, activity avalanche detection has not yet been performed
with MRI, while comparing and following up individual activity avalanches, based
on this peak detection method, is in a reachable sight now. Furthermore, it is a step
towards developing detection of features with diagnostic value in DMN dysfunction re-
lated diseases, like dementia, schizophrenia, anxiety, depression, autism and attention
deficit/hyperactivity disorder.

Finally, it is important to point out, that the research results involved in this the-
sis work have been significant enough to be published in scientific literature, which
makes them easily reachable for many researchers. Hence, it is definitely worthwhile
to continue this research in one of the future directions risen during this work: either
focusing on further and broader analysis speed improvements for fMRI data, or in-
volving deeper analysis for the detected brain activity avalanches with advanced signal
processing or including multimodal data.
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9. APPENDIX

9.1. Additional Activity Avalanches

Spatially wide-spreading activity avalanches (extending Figure 14) are shown in Figure
17.

9.2. Additional Peak Detection Result Overviews

Peak detection result overviews for ten subjects (extending Figure 10) are shown in
Figures 18, 19, 20, 21, 22, 23, 24, 25, 26 and 27. The motion data with the time
points selected to be excluded are always in the first plot, and the following plots are
ICA components of a single subject including the steps of the activity peak detection.
Component labels 5, 33, 34, 55 and 64 stand for DMNmpf, DMNpcc right, DMNpcc left,
DMNvmpf and DMNpcc, respectively.
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Figure 17: Visualization of wide-spreading single activity avalanches in DMNmpf and
DMNvmpf by frame tiles with vertical time flow (from top to bottom) and 100 ms frame
distances. The top frames are the analyzed ICA components cut and saturated at z-
score thresholds 3 and 7, respectively. The vertically following frames are normalized
BOLD data, cut and saturated at absolute threshold values 1.7 and 3.5, respectively.
Values are color coded from low to high as red to yellow and blue to cyan, for positive
and negative values, respectively. Activity data was smoothed with a Gaussian kernel
(mean 0, standard deviation 1.2 pixels), and the voxel values outside the brain set
to zero. The BOLD values are spatially registered and thus overlaid on a standard
anatomy image.
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Figure 18: Peak detection result overview for subject 1.
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Figure 19: Peak detection result overview for subject 2.
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Figure 20: Peak detection result overview for subject 3.
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Figure 21: Peak detection result overview for subject 4.
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Figure 22: Peak detection result overview for subject 6.
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Figure 23: Peak detection result overview for subject 7.
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Figure 24: Peak detection result overview for subject 8.
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Figure 25: Peak detection result overview for subject 9.
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Figure 26: Peak detection result overview for subject 10.
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Figure 27: Peak detection result overview for subject 11.


