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CHAPTER 1

INTRODUCTION

The human brain, in health and disease, is a large, complex information processing system [1]. It
has always been of overwhelming interest for researchers to understand the functions of the brain, which
is concentrated on the analysis of large-scale spatiotemporal patterns of brain activity [2]-[7]. Studies
have shown that some information propagation in the brain is organized as spatiotemporal cascades of
any size and length, termed “neuronal avalanches,” underlying a critical branching process [8]-[12]. The
propagation of cascades (avalanches) is also claimed to be an organizing principle for neuronal activity
[13], [14].

The advent of novel functional magnetic resonance imaging (fMRI) modality provided new
opportunities to study the brain. fMRI scans at rest, for instance, significantly improve the understanding
of the brain organization by observing the manifestation of spontaneous neuronal activity [5]. Besides,
fMRI also assists in studying mental illness and brain disorder. [15]-[20] show how fMRI analysis is
involved in studying the progression of Alzheimer’s disease (AD).

Similarly, given the continuous improvement in spatial and temporal resolutions of brain imaging,
there has been an increased interest in exploring the avalanches via fMRI data. Tagliazucchi [21]
proposes an approach of detecting avalanches of resting-state fMRI (rsfMRI) data via a novel point
process technique. In Tagliazucchi’s work, avalanches are encoded in time as a series of suprathreshold
crossings of the blood-oxygen-level-dependent (BOLD) signal at a seed region. It is also important to
note that utilizing these extracted points can produce resting-state activation maps comparable to
utilizing the full BOLD signal. This work, for the first time, provides a seed-based scheme to detect

avalanches with rsfMRI, which indicates a possibility of substantially reducing the dataset when



exploring large-scale brain activity. This seed-based scheme has been extensively investigated by
researchers and applied to brain analysis [22]-[24].

However, the global fMRI signal fluctuations have also shown a correlation with the brain-wide
activity [25]. Studies have demonstrated that the rsfMRI connectivity is associated with the global fMRI
signal, where the covariation of brain activity can be condensed into brief epochs [26]-[28]. An intuitive
and thought-provoking question would be whether it is possible to detect avalanches from the global
fMRI signal calculation. The publication from Tagliazucchi [21] implies an approach by tracing the
largest size of activated elements (i.e., clusters of voxels) throughout the brain over time. Avalanches in
the global signal then correspond to the periods when clusters of a vast number of activated voxels exist
on the cortex. Fueled by this newfound approach from Tagliazucchi, Bell [29] proposes an instantaneous
whole-brain correlation (IWBC) analysis that produces a time course of overall correlation in the brain,
and accordingly, employs it as a tool to define avalanches. This work shows that, in contrast to non-
avalanching periods, brain activity is dominated by IWBC avalanches, where the brain co-activation
patterns (CAPs) have more connections.

Thus, Bell [29] and Tagliazucchi [21] are the primary referring sources of the thesis. This thesis
attempts to explore the brain CAPs at IWBC avalanches. In this work, each time point in IWBC assigns
a brain CAP, and the Markov Model (MM) [30] is then utilized to understand the CAP dynamics. This
allows visible CAP transitions and a probabilistic interpretation of the consistency of CAPs. Additionally,
this work presents the spatial CAPs in IWBC, which can provide insights into identifying the
synchronization throughout the brain. Furthermore, the few gigantic IWBC avalanche peaks are
investigated and shown to compress the covariation of CAP in the entire series. In summary, the thesis
extends the work from Tagliazucchi [21] and Bell [29] by performing CAP analysis throughout the brain
based on the novel tool IWBC.

The remainder of this thesis is composed of four themed chapters. These separated chapters, coupled

with the introduction, outline the fundamental structure of this work. Chapter 2 provides the background,
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which introduces the fMRI modality and schemes of defining avalanches. The following chapter 3 is
concerned with the methodology used for the thesis, including undertaking the procedure and analysis
approach. Chapter 4 analyzes the results for the thesis. Finally, in chapter 5, the thesis closes with a

summary of the entire work and speculation on future directions.



CHAPTER 2

BACKGROUND

This chapter provides the background for the thesis. It begins with the fundamental basics of the
novel modality, functional magnetic resonance imaging (fMRI). The following 2.2 introduces the
resting-state fMRI (rsfMRI), which this work analyzes. Lastly, 2.3 elucidates the background of

“avalanche,” including how it has been defined and investigated.

2.1 Basics of fMRI

Recently, magnetic resonance imaging (MRI) has been used and widely accepted in studying the
brain. This neuroimaging technique employs the conventional magnetic resonance method to obtain
structural and anatomical information about the brain. The related modality structural MRI (sMRI), for
instance, provides a detailed 3D volumetric and voxel-based brain morphology. Apart from providing
brain anatomical information, the MRI also extends to perform regional brain activity analysis. The
novel functional MRI (fMRI) modality delineates the real-time maps of blood oxygenation (metabolic
demands) in the brain underlying physiological conditions [31]. The fMRI then constructs a 3D volume
series at relatively high temporal and spatial resolutions, which potentially enables a clear interpretation
of brain activity [29]. The following will present the gist of the fMRI physics and physiology

summarized from [29]-[32].

2.1.1 fMRI physics
The essence of the MRI technique is the use of static and variable magnetic fields to perturb

hydrogen atoms within the tissue and measuring the resultant magnetic resonance by receiver coils. For



MRI scanners, common strengths of static magnetic fields are 1.5 Tesla (T), 3, 4, and 7T, which are at
least 30K times the Earth’s magnetic field (SE-5T) [33]. The following summarizes the principle of MRI
signal acquisition given such a strong external magnetic field.
Precession initiation in a spin system

When placed in a strong external static field denoted as Bo, provided by an MRI scanner, the protons
will initiate precession that is parallel to Bo at a frequency known as Larmor frequency [34], which is
based on the strength of Bo and characteristic of the tissue. The protons correspond to hydron protons
due to the predominant concentration of water molecules and fats within the tissue. The initiation then
leads to an equilibrium state (the low energy state) for this spin system, in that the net magnetization (M)
aligns along with Bo. However, it is difficult to detect the M by the receiver coil (antenna) underlying
the By alignment. Thus, the radio frequency (RF) excitation pulse is introduced to move the precession
away from the axis of By in order to detect M [35].
Magnetic resonance (MR) collection

Figure 2.1, presented in [29], [36], illustrates the key aspects of an MR measure. Figure 2.1A, B, C
show the excitation and relaxation steps required for MRI signal generation. Figure 2.1A represents the
equilibrium state with M aligning along with the By (longitudinal axis). In Figure 2.1B, the introduction
of' a 90° excitation Larmor RF pulse causes the M to tip into the transverse plane (the high energy state).
The key of the MR measure is to measure the relaxation time of M moving back to the low energy state
after removing the RF pulse. Given Figure 2.1B, ideally, the longitudinal component of M recovers from
zero after the distortion. This longitudinal measurement then generates the T1 recover or T1 signal that
can be measured by receiver coils. Similarly, by measuring the transverse component of M after the
distortion, the T2 decay or T2 signal can be measured. Accordingly, the T1 or T2 signal is utilized and
collected for sMRI, in that biological matter differs on T1, T2 relaxation time depending on its

composition.



Figure 2.1C, D show the local variations of M in the transverse plane. This incoherence in the spin
system is due to the inhomogeneity of the local magnetic field. Figure 2.1 E, F, and G then show the
180° refocusing RF pulse for reversing the incoherence. Figure 2.2 overall demonstrates using an entire
spin-echo pulse sequence for MRI signal acquisition. Details regarding this spin-echo pulse sequence
demonstration and other types of RF pulse sequence, such as gradient-echo, magnetization-prepared

rapid gradient echo (MPRAGE), and echo-planar (EPI) imaging, can be found in [29], [32], [37].

Figure 2.1 MR collection via spin echo pulse sequence [36]

MR spatial encoding and image construction

As shown in Figure 2.1, the distortion of M is through manipulating the magnetic field gradient
along the z-axis, G.. Consequently, combined with Larmor RF pulse, slices in the x-y plane are
selectively excited. Similarly, the other two linear magnetic field gradients (i.e., Grand G,, respectively)
can also play out during slicing [38]. Thus, these three orthogonal linear magnetic field gradients enable
MR its three-dimensional capability and spatial specificity, known as spatial encoding. In conclusion,
the combination of MRI gradient coils and RF pulse sequence allows for imaging any voxel in the brain.

The resultant image, sSMRI, for instance, is a 3D T1 or T2 contrast image.



2.1.2 fMRI physiology

The fMRI is a refined MRI method, and accordingly, shares the same principle of MRI signal
acquisition. The difference relies on the signal measured in fMRI, which is the blood-oxygen-level-
dependent (BOLD) signal, and it reflects the oxygen consumption of active neurons. It is also important
to note that the varying BOLD signal values are due to brain activity [31]. Therefore, fMRI is not a direct
measure of neural activity but instead measures the consequence of the neural activity.

In fMRI scanning, the BOLD signal is associated with the T2* signal, which represents the
homogeneity of the local magnetic field. The field inhomogeneity (shown as the spin system incoherence
in Figure 2.1C, D) induces a reduction in the BOLD signal. According to the difference in magnetic
quality, oxygenated and deoxygenated blood are diamagnetic and paramagnetic, respectively [31].

An increase in local brain activity will cause a regional influx of diamagnetic oxygenated blood,
which increases the local field homogeneity. Thus, an increase in the BOLD signal can be captured in
that region. Decreased activity, on the other hand, corresponds to a regional trend of deoxygenated blood,
and thus, reduces the BOLD signal. Additionally, the Hemodynamic response function (HRF) [39]
represents the characteristic BOLD signal response triggered by neural activity, which further approves

the BOLD fMRI mechanism.

2.2 Resting-state fMRI (rsfMRI) analysis

As stated in [40], this novel modality that employs BOLD signal measures is typically applied to
task-based fMRI (tftMRI) data. The rsfMRI scans, however, measure the low frequency (<0.1 Hz)
spontaneous fluctuations in BOLD signal when the subject is not engaged in any explicit task [29], [40].
Many studies have shown that analysis of the brain in the rsfMRI effectively reveals the functional
architecture of the brain [40]-[42]. Through applying rsfMRI, spatially disparate areas that display
synchronous BOLD fluctuations at rest can be identified, which is appropriately termed as functional

connectivity (FC) [42]-[44]. The identification results in some networks with consistently high
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internetwork connectivity [29], known as resting-state networks (RSNs). RSNs are thought to represent
the intrinsic brain connectivity, and accordingly, involved in many rsfMRI studies as well as task-based
designs [45]-[49]. Moreover, studies also hypothesize the presence of two opposing RSN systems in the
brain, which are “task-negative” and “task-positive” RSNs, respectively [50]-[52]. Similar terms also
refer to “intrinsic” and “extrinsic” [53], [54].

Another benefit of rsfMRI, in comparison to tfMRI, is its non-engagement in any cognitive task,
which can extensively apply to different patient populations [55], [56]. Additionally, several studies
suggest the reliability of rsfMRI regarding test-retest reproducibility and inter-subject variability [42],
[57]-[59].

FC analysis in rsfMRI has been a popular tool in studying the neural functional architecture of
humans [40]. However, several studies have also demonstrated the temporal variability of rstMRI data
[60]-[63], and that FC between brain regions behaves in a meaningful pattern over time [21], [26]. This
opens up a popular sub-field of FC analysis named dynamic functional connectivity (DFC). Furthermore,
another new perspective on DFC is through the co-activation pattern (CAP), which can be viewed as
distinct spatial configurations of brain activity in time. The temporal variability in rsfMRI is partly
attributed to the dynamic brain organization that is associated with CAP [26].

Variants of accompanying methods exist for analyzing rsfMRI data, including seed-based
approaches [64]-[67], independent component analysis [4], [57], graph methods [50], [68], [69],

clustering algorithms [54], [70]-[73], neural networks [74], and pattern classifiers [75], [76].

2.3 Avalanche
2.3.1 Introduction of avalanche

Studies have shown that while at rest, the brain remains in a critical state or criticality [8], [77], [78].
The criticality is a balanced state as the system being neither hyper- nor hypo-excited [79]. Thus, small

perturbation from the localized neural activity is likely to cause cascades in neural activity throughout
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the brain [8], [12]. Researches show that cascades are organized in spatiotemporal correlated patterns,
termed “neuronal avalanches,” and information can be formed as trains of avalanches [8]-[10]. By
definition, an avalanche is assembling this information or “active” elements (i.e., voxels), regardless of
the size or length, over time, surrounded by inactivation [8], [80]. In general, the avalanche and criticality
have been of high interest in research fields, especially with the advance in sampling techniques.
Tagliazucchi, 2012 [21] proposes an approach to detect avalanches with rsfMRI, which is a hallmark of

avalanche investigation.

2.3.2 Avalanche detection with fMRI
(1) Seed-based BOLD signal

Avalanches (or cascades) are in a spatiotemporal form, and traditionally for avalanche analysis in
fMRI, the temporal dimension is equally spaced by TR. TR is the time interval between fMRI scans.
Tagliazucchi [21] detects avalanches with rsfMRI via a novel point process technique, which extracts a
sequence of time points, exceeding a predetermined threshold, from the BOLD signal at a seed region.
Then, clusters of contiguous activated voxels were extracted during these thresholded time frames.
Avalanches were defined by organizing the clusters that have spatial intersections at subsequent times.
Otherwise, the temporal propagation stopped. In this work, Tagliazucchi [21] presents the resting-state
activation maps generated from a subset of points in the entire time course, and the results suggest that
the brain coactivates at avalanches. Some related studies by Liu [23], [24] also show similar results from
applying the seed-based point process technique.
(2) Global level of activity

The work by Tagliazucchi also concludes that the brain remains in a critical state, and as expected
for a large-scale critical system, the system undergoes an order-disorder transition at criticality [21].
Thus, Tagliazucchi [21] implies another large-scale avalanche detection approach via tracing the global

level of activity, the size of the largest cluster, over time. This method applies the point process technique



to the global fMRI signal measure and computes straightforwardly in contrast to other metrics, such as
the branching ratio [8]. Additionally, it is also investigated in [27], [28] that the covariation of brain
activity may be condensed into a subset of time points in the global fMRI signal at rest.

In our work, we performed the instantaneous whole-brain correlation (IWBC) analysis proposed by
[29], which calculates the sum of correlations of voxels throughout the brain at each point in time. Full
details, including the calculation, will be discussed in chapter 3. Figure 2.2 shows the normalized global
fMRI signals from two metrics (unit norm). As shown, the IWBC coincides with a vast majority of the
timing in the global activation measure, denoted as Max Size cluster, proposed by Tagliazucchi [21]. The
measure of the whole-brain correlation levels behaves similarly to the global activation measure. The
few gigantic peaks, “extreme events” in IWBC, also correspond to large co-activation that extends as far
as the entire cortex. Thus, applying the global fMRI signal measure, IWBC helps to encode the

avalanches in time for analysis in this work.

Ll A dhda |

0 100 200 300 400 500 600 800 900 1000
time

Figure 2.2 Global fMRI signal measure

2.3.3 Avalanche investigation and criticality
Tagliazucchi’s work [21] suggests the possibility of compressing an enormous dataset using

temporal marks of the BOLD signal via a point process. This approach provides useful clues on
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investigating the dynamic organization of brain activity. Some recent works with fMRI signal processing
have applied this novel perspective to study the brain behaviors.

In the primary referring resource of the present study, Bell [29] investigates the DFC co-activation
patterns (CAPs) and the network connectivity during avalanching vs. non-avalanching periods derived
from IWBC calculation. This work concludes that the CAPs at avalanches display more connections
between brain regions and also RSNs, and accordingly, suggests the brain activity dominated by
avalanches of activity [29].

Apart from the studies in CAP decomposition, recent work by Khairi [81] applies the modified
Principle Component Analysis (PCA) and sliding window analysis to investigate the fMRI signal
decomposition. This work provides insight into looking at the change of the signal content with
continuity from a group of fMRI scans to another. This approach shows that there may be some brain
synchronization at IWBC avalanches, where disparate brain regions are highly correlated.

Another vital direction that researchers have been pursued is the investigation of criticality.
Avalanches are identified to be near the criticality, and the size of avalanches can be fitted to a scale-
free power-law distribution, which is a hallmark of the critical dynamics [82]-[84]. The work by Wiegert
[85] further investigates the criticality dynamics and the criteria of power-law fitting in fMRI data. It is
a good understanding of the universal law of the brain, instead of investigating ad hoc laws and
attributing to the specialty of biology [77].

The following of this section introduces an example of criticality dynamics proposed by
Tagliazucchi [21]. Figure 2.3 shows the calculation for a single HCP subject. As shown, dots correspond
to the fMRI volume calculation at each point in time. On the top of Figure 2.3, it depicts the instantaneous
relation between the number of active clusters and the active sites (or equivalently, the number of active
voxels) throughout the brain. On the bottom, the order parameter (order P.), which is the normalized

Max Size cluster, is calculated over time
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Figure 2.3 Criticality dynamics and Phase transition

As shown on the top of Figure 2.3, the number of clusters reaches a maximum (~800) as well as the
variability. The red square and dashed line roughly indicate the criticality value (~12000 total active
voxels). It can be seen that above this global level of activity, it shows a reversed correlation between
the number of clusters and active voxels. The few gigantic avalanche peaks of high global activation
levels are on the right-most tail with a smaller number of clusters, which implies the presence of vast
clusters of activation on the cortex.

On the bottom of Figure 2.3, the green dots represent the instantaneous order parameter (order P.)
calculation. This parameter expresses the organization of the brain activation, and at each point in time,
is defined as the size of the largest cluster normalized by the total number of active sites (voxels). For
convenience, the crosses in red show the averages given the number of active voxels.

As shown, there is a sharp increase in the order parameter above the critical level (see the red cross),
which may imply the presence of an order-disorder transition in brain dynamics. Also, the brain spends

most time at or near the critical state. The few avalanching periods of high co-activation are likely to
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have high order parameter values close to 1, which infers the growing size of clusters that incorporate

most active sites on the cortex.
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Figure 2.4 Temporal evolution of the Max Size cluster

Lastly, Figure 2.4 displays the temporal evolution of the size of the largest cluster, denoted as Max
Size cluster. For this HCP subject, the Max Size cluster at criticality is approximately 2500 active sites
and shown as the cutoff in red. The brain tends to stay in a critical state as neither hyper- nor hypo-
excited. The few cascades of high activation, known as avalanching periods, are induced as brief peaks

near the criticality.
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CHAPTER 3

METHODS

Chapter 3 mainly describes the methods in processing and analyzing fMRI data in the present study.
3.1 and 3.2 introduce the preprocessing steps to the fMRI data. Then the following 3.3 explains the
procedure of CAP methods in detail. Finally, 3.4 provides some data analysis approaches to the output

data.

3.1 fMRI data acquisition and preprocessing

Data were provided [in part] by the Human Connectome Project, WU-Minn Consortium (Principal
Investigators: David Van Essen and Kamil Ugurbil; 1U54MHO091657) funded by the 16 NIH Institutes
and Centers that support the NIH Blueprint for Neuroscience Research; and by the McDonnell Center
for Systems Neuroscience at Washington University.

The HCP subjects were drawn from a population of 1200 healthy adults (age ranges from 22 to 35
years old). A set of 16 resting-state fMRI data was randomly selected from the HCP database. The HCP
image data are of the relatively high temporal and spatial resolution of which subjects were scanned
using a customized Siemens Skyra 3T MRI scanner. A gradient-echo EPI sequence for fMRI scanning
uses the following parameters: repetition time (TR) = 720 ms, echo time (TE) = 33 ms, image matrix =
104 X 91 x 91 voxels, 72 slices, 1200 volumes (time points), and isotropic voxel size = 2 X 2 X 2 mm3.
A full description of the acquisition of data can be referred to [86].

The acquired whole-brain T2*-weighted fMRI data were first preprocessed in the HCP database.
Since the fMRI data were scanned given a high spatial resolution and on a scale of millimeters, the

subject’s body motions could easily affect the fMRI scanning results. These relevant spatial artifacts and
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distortions, like head motions, were first removed in the HCP database. Additionally, the HCP database
realigned the image data (surfaces and volumes) to standard volume and surface space called MNI space
[87]-[89]. Then further pre-processing steps were to remove the low and high frequency noise (e.g.,
vascular activity or scanner drifts) [85], [89]. The fMRI data were then smoothed by using a finite
impulse response (FIR) bandpass filter (0.01-0.1 Hz) and linearly detrended in MATLAB. The reason
for choosing this frequency range is to reduce the main effect of physiological noise from heart rates
(usually occur at 1.0 to 1.5 Hz) and respiration rates (0.2 to 0.3 Hz) [33]. Due to the computational
limitations of the bandpass filtering used in temporal smoothing [29], [81], the first 200 time points
(volumes) were then removed from the beginning of the data. The data we used resulted in 1000 time

points in length instead of the original 1200 time points from the fMRI scans.

3.2 Instantaneous Whole Brain Correlation IWBC) avalanche

As previously described in 2.3, “avalanches” can be viewed as temporal marks of the global fMRI
signal of which the amplitude corresponds to the whole brain co-activation level. This metric can
contribute to analyzing spatial CAPs at each temporal point.

Among different methods of defining avalanches, we performed an instantaneous whole-brain
correlation (IWBC) analysis to detect avalanches, which calculated the sum of pair-wise Pearson
correlation value of all voxels throughout the brain. Equation 3.1 [29], [81] represents the calculation of

IWBC at a single time point n, IWBC|[n]:

IWBC[n] = %Zz(xl‘[n]_?gf 7% 3.1)

i=l j=1
where x; and x; are two different voxels, and both i and j iterate over N voxels for i # j. x and o is the

average and standard deviation over the entire time series calculated for a particular voxel.
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However, in the present study, we conducted avalanche analysis for positive IWBC signals. It is
also noted that the results of using positive signals are similar to using both positive and negative signal
values [85]. Thus, we generated a modified IWBC calculation, also denoted as timescore. Equation 3.2

represents the modified calculation of IWBC at a single time point n:

N
global mean signal: gm[n]= %[in[n]j
i=1

(3.2)
gm[n]’, if gm{n] >0,
IWBC|n] = timescore [n] =
0, otherwise.
An IWBC time series measures the global correlation level at each time point. Additionally, Figure 2.2
in chapter 2 has shown that the global correlation measure behaves similarly to the global co-activation

measure proposed by Tagliazucchi [21]. Therefore, an IWBC series can be applied as a temporal marker

for avalanche analysis. Figure 3.1 shows an example of the IWBC plot for a single HCP subject.
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IWBC magnitudes
o
T

05+

LA | | . \ I v . A Jia VN
0 100 200 300 400 500 600 700 800 900 1000
time

Figure 3.1 An IWBC plot for a single subject
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3.3 Spatial clustering of the IWBC series

This section describes the procedure of applying our CAP methods and is organized as follows:
3.3.1 and 3.3.2 are related to some further data processing steps preceding the CAP methods. The
following 3.3.3 serves as the primary explanation of the CAP methods used in this work. To conclude

this section, 3.3.4 closes with a summary of all steps in the procedure.

3.3.1 Processing BOLD fMRI data to Z-scores volume series

Before investigating spatial CAPs, the preprocessed fMRI data were standardized to the Z-scores
volume series with zero mean and unit standard deviation (SD) for each voxel. Thus, the signal value of
a voxel at a particular time point directly represents how variant the signal intensity is from the mean

(zero) by a certain amount of SD (one).

3.3.2 Spatial CAPs characterization

Once the BOLD fMRI data was processed to the Z-scores volume series, by thresholding and further
calculating the volume activity, we extracted the spatial configuration of brain activity, which is the
spatial CAPs, at each instant of time. In this work, this process is called spatial CAPs characterization.
This characterization then formed a 2D spatiotemporal matrix, which prepared the data before applying
our CAP methods. The rest of 3.3.2 provides a detailed explanation of the spatial CAPs characterization.
Thresholding

Figure 3.2 shows the Z-scores thresholding for a voxel series. We set the threshold to be 1.5 SD
greater than the mean value (zero) and show as the cutoff in red. Thus, suprathreshold crossings

correspond to periods when the voxel is activated; otherwise, it is inactive.
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Figure 3.2 Z-scores series of PCC seed for a single subject

Extracting instantaneous spatial features

Following the thresholding, the next step was to obtain the spatial activation at each point in time.
In this study, we extracted the instantaneous spatial features (ISFs). Each of the ISFs measures the brain
spatial CAPs at an instant of time.

To define the ISFs, Tagliazucchi et al. [21] first utilized clusters of contiguous active voxels for
spatial calculation, and the algorithm detecting all connected active voxels can be implemented in
MATLAB based on connected component analysis. Given an example, Figure 3.3 presented in [21, Fig.

3A] depicts the temporal evolution of activated clusters (ISFs) in the 2D slice.

..

Figure 3.3 Temporal evolution of activated clusters [21]
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In this work, however, instead of calculating clusters of connected active voxels, we used activation
size (the number of active voxels) of particular brain ROIs to define ISFs. The brain ROIs were selected
on different brain scales and depending on variants of brain parcellations. One advantage of calculating
total activity at brain ROIs is that it avoids detecting very tiny clusters and contributes to reducing the
dimension of ISFs. Besides, compared to [21], the HCP subjects have a higher spatial resolution, which
results in a larger-scale dataset. Thus, the reduction in the spatial dimension of ISFs can also decrease
computation time while using a complete dataset. The following section gives an elaborate description
of the chosen brain ROlIs:

1. Rudimentary brain lobes and cingulate cortex. The first type of ISFs includes the activation
size of four major brain lobes (i.e., frontal lobe, parietal lobe, left and right temporal lobes, occipital lobe)
and cingulate cortex. These brain lobes were defined purely based on brain anatomical classification but

have also been shown to be related to different functions [90]. The total activity of the cingulate cortex

was also added into ISFs calculation due to its location. The cingulate cortex is in the medial surface of
the brain, where it overlaps with parts of the frontal, parietal, and temporal lobes. Hence, we calculated
the activation sizes based on this rudimentary cortical brain map.

2. Brodmann areas (BAs). Brodmann areas defined and numbered by German anatomist Korbinian
Brodmann [91] provide a finer level of cortical brain mapping. It has been one of the most frequently
cited cytoarchitectural organizations of the human cortex. Also, Brodmann areas, defined based solely
on the cytoarchitectural organization of neurons, have been closely correlated to diverse brain functions
[92]. Therefore, Brodmann areas combine both anatomically and functionally cortical organization. In
this work, we further explore the spatial CAPs within each of the major lobes and cingulate cortex via
Brodmann areas.

3. Resting-state networks (RSNs). According to chapter 2, RSNs signify the intrinsic brain

organization and functional connectivity under the resting condition. Due to this nature of RSNs, an
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RSN atlas can be seemed as providing contiguous, comprehensive results of brain mapping [93], [94].
Additionally, using RSNs can incorporate the functional perspective of brain activity. In the present
study, we used the five major RSNs (default mode [DMN], salience [DMN], central executive [CEN],
sensorimotor [SMN], and visual networks [VIS]) derived from the CAREN atlas, a reproducible brain
RSN atlas proposed by Doucet et al. in [95], to approach ISFs.
Spatiotemporal CAPs in 2D matrix form

Following the ISFs extraction at each point in time, a formalized 2D matrix containing
spatiotemporal information about brain activity was generalized for our CAP methods. For instance, A

vector of ISFs (underlying a rudimentary brain map) at a single time point t is defined as:

T
|: f frontal fparietal ftemporal foccipi tal fcc :|

I =
This allows a 2D spatiotemporal matrix to be defined as:
F:[ LI e I J
The spatiotemporal matrix F has size M by N, where M is the number of spatial features, and N is the
length of fMRI data. Each column vector of F expresses the ISFs calculation at a particular time point,
while each row vector represents the temporal evolution of a particular spatial feature.
Regarding the procedures described in this section, preprocessed fMRI data followed the neuronal
activation thresholding (Z-scores thresholding), instantaneous spatial features extraction, and

spatiotemporal matrix characterization. Thus, the data were collected and prepared to perform our CAP

methods.

3.3.3 CAP methods applied to IWBC series
In this work, we used the classical CAP methods described by Liu et al. [26]. We applied a simple
k-means method [96] to do spatial clustering temporally on the data (2D spatiotemporal matrix). Column

vectors (ISFs) of the spatiotemporal matrix were assigned memberships to 1 of the k clusters (groups)
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based on their distance from cluster centers, which in turn are the average of their members. Iterating
and updating memberships and cluster centers until required convergence [42], [73]. Consequently, each
of the k cluster centers showed the average spatial CAP of all temporal points in that cluster. Also, each
time point in the IWBC series then corresponded to an average spatial CAP (cluster center).

Therefore, a connection between observing the global fMRI signal and spatial CAPs can be built
via IWBC. More precisely, each time point in the IWBC series can be mapped to its corresponding
average spatial CAP. Through this connection, we can further explore the temporal dynamics of the
spatial CAPs in the IWBC series. The next section 3.4 will detail the analysis of output data.

In the present work, we employed spatial clustering in the following two cases:

1. Clustering over the entire IWBC series. In this case, all fMRI data contributed to the clustering
results. Hence, the spatial clustering grouped all ISFs in the 2D spatiotemporal matrix that correspond
to all fMRI volume.

2. Clustering transient points in the IWBC series. Instead of clustering over the entire time series,
clustering of ISFs of transient points was performed in this case. The essential idea behind this method
was inspired by the point process technique. As described in [21]-[24], brain activity can be studied from
brief intervals of high brain coherence. In this case, brief peaks or intervals of high correlation values
then constituted the data for clustering. Thus, the data size was substantially reduced to only combine
the few sparsely distributed ISFs. Figure 3.4 shows an IWBC plot, where the red asterisks mark all

avalanche peaks.
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Figure 3.4 The IWBC series with peaks marked

In this work, the points of interest were not detected through a thresholding scheme as proposed by
Tagliazucchi [21]. Instead, we merely chose the brief intervals at the few gigantic avalanche peaks for
clustering. Thus, only the few “extreme events” in the IWBC series comprised the dataset. Additionally,
the length of the interval must satisfy the detection of high local activation. Considering there might be
hemodynamic delays in cortical brain regions (which may last up to 2 to 4 seconds) to these peaks, we
set both ends of the intervals to be 4 seconds (roughly 5 TRs, TR = 720 ms) from the centers, which are

avalanche peaks. TR is the sampling interval for fMRI scans.

35~
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voxels-peaking-time delay (in TR)

Figure 3.5 Histogram of voxels-peaking-time delays
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As a validation, the timing of voxels reaching local peak activation was calculated throughout the
brain. The histogram (see in Figure 3.5) shows the averages of voxels-peaking-time delays to the 20
tallest peaks in IWBC. It reveals that over 99% of voxels’ peak activation can be captured within the

interval. We repeated the same validation process across other subjects and approached consistent results.

3.3.4 Summary of Procedure

To summarize the CAP methods, the procedure begins with the initial brain activity identification
via Z-scores thresholding. At each point in time, the thresholding captures the voxel-wise brain spatial
CAPs. To reduce the computational time and complexity, the following step, spatial CAPs
characterization, is then performed. In this step, spatial features that characterize the brain spatial CAPs
are defined and computed as the input data for subsequent CAP methods. Lastly, the k-means clustering
algorithm is then applied to classify the spatial CAPs into k clusters. In terms of the clustering, two
perspectives are provided, which are clustering over the entire series and clustering of transient points

of highly organized brain activity.

3.4 Data interpretations

To better interpret the output data from the spatial clustering, this section provides the data analysis
methods in this work: (1) 3.4.1 involves the analysis of CAP decomposition, also defined as state
decomposition. (2) The following 3.4.2 provides further analysis, where a probabilistic Markov Model

(MM) is formed to interpret the temporal dynamics of spatial CAPs (brain states) in the IWBC series.

3.4.1 State decomposition of whole-brain activity

After applying the k-means method temporally on the fMRI data processed in 3.3, the whole-brain
activity can be decomposed to k distinct brain states corresponding to k clusters of spatial CAPs. Then
we used the cluster centers, which represent the average patterns of their clusters, for analysis. For

convenience, we labeled the brain states or spatial CAPs by positive integers. Positive integers (1 to k)
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with state k quantifying the most active spatial CAP and state one being the quietest. This quantification
was done by computing a simple L2 norm of each distinct spatial CAP.

Figure 3.6 shows an example of the output data, where Spatial Feat expresses the spatial features
such as the activation size of a particular brain lobe or Brodmann area. As shown, a dynamic sequence

of states can map each temporal point in the IWBC series to a spatial CAP.

IWBC value (global fMRI signal)

7

IWBC time index: [t t, t, -+ - ]
State sequence: [ j k -+ - ],k is the maximum

7

Spatial Feat 1 Spatial Feat 2 Spatial Feat3 | ...
State 1 Spatial CAP 1
State 2 Spatial CAP 2
State k Spatial CAP k

Figure 3.6 IWBC brain states mapping to spatial CAPs

Further analysis of the output data includes:

1. Synchronization of brain co-activation. By mapping IWBC values to spatial CAPs, we can
investigate the correlation between global fMRI signal and spatial activation. Additionally, through the
spatial CAPs observation, we can also study the synchronization of brain co-activation across spatial
brain regions (e.g., major brain lobes, Brodmann areas, and RSNs). Through the temporal marker we

can visualize the spatial CAPs and their changes at IWBC avalanches.
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2. Point process investigation. In the present study, the spatial clustering was done in two ways as
we previously described. Then the generating two groups of spatial CAPs account for two types of
clustering. By measuring the similarity between these two groups, we can evaluate the effect of the point
process technique. Following Tagliazucchi et al. in [21], in the present investigation, we chose RSNs

maps for evaluation.

3.4.2 Interpretation of the temporal dynamics via Markov Model

Following the state decomposition, we derived a sequence of positive integers, each of which links
to distinct k brain states (spatial CAPs). Then, a stochastic Markov Model (MM) was introduced to
explore the temporal dynamics of brain states by interpreting this sequence of integers. Each of the
integers itself symbolizes a state in MM and thus is assumed to follow the Markov chain process with a
finite state space (size = k). Moreover, to understand the temporal dynamics, MM automatically
generates a transition matrix that formulates a probabilistic interpretation of the temporal transition
among states. A detailed description of MM and its applications can be referred to [30].
Markov property

According to [30], the defining characteristic of MM can be summarized that the state has a one-
step memory. In other words, the present state is only dependent upon the state observation at the
previous time step. This precisely defined characteristic is also called Markov property. Generalizing
from [30], let the sequence X;, X, ..., Xy of random variables, known as a discrete Markov chain,
demonstrate this stochastic process. The values of random variables are possible recorded states. Markov
property can be expressed by a sequence of random variables satisfying conditional independence. An
example is provided in Equation 3.3:
For any positive integer n and possible states iy, i,, ..., iy 0of random variables,

P(Xn = i‘i’l |Xn_1 = in—l) = P(Xn = i‘i’l |X1 = ill XZ = iz, ey Xn—l = in—l) (33)
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Since the k-means clustering algorithm is unsupervised learning of brain CAPs, clustering is based
on the instantaneous spatial activation characteristic regardless of temporal locations in the global fMRI
signal. Similarly, to study its temporal dynamics, the knowledge of the previous state is all that is
necessary to determine the present state, which satisfies the Markov property.

Thus, by using the derived sequence of state integers as the input to MM and counting state
transitions for every consecutive pair over the entire state sequence, we can approach the temporal
transition probabilities among states via the transition matrix.

Transition matrix
The temporal transition probability between states can be denoted as conditional probability

P(Xnext | Xpresent)- Xpresent and Xyey¢ denote the random variables for the present and next states,
respectively. For a k-state Markov chain, both values of random variables X;esen: and Xy .y can span
the state space, which are integers ranging from 1 to k. Thus, P(Xpext | Xpresent) can be expanded to a

k-by-k matrix form containing all information on these probabilities. This matrix, denoted as Py,, is then

defined as:
P(Xnext = 1 | Xpresent = 1) P(Xnext = 2 | Xpresent = 1) o o P( Xnext = k | Xpresent = 1)
P(Xnext = 1 | Xpresent = 2) P( Xnext = 2 | Xpresent = 2) o P(Xnext = k | Xpresent = 2)
Ptr _ . . . .
P( Xnext = 1 | Xpresent = k) P(Xnext = 2 | Xpresent = k) e P(Xnext = k | Xpresent = k)
Directed graphs

In this work, we used the traditional MM, and thus the transition matrix generated is independent of
time. For better visualization of the transition matrix, we also introduced directed graphs for analysis.
Vertices of a directed graph are states in the k-state MM, and the probabilities of transition among states

label edges. Additionally, a vertex’s connectivity (or the number of connections) is thought to measure

26



the complexity regarding the state switches. Then, several critical nodes (vertices) with higher local
connections can be observed and further investigated.
Direct visibility

Unlike the Hidden Markov Model (HMM) and other methods, one advantage of using MM is its
direct visibility of states. The states are integers quantifying the activation level of spatial CAPs, and

accordingly, the temporal transition of states can be directly visible to observers.
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CHAPTER 4

RESULTS

Chapter 4 presents the results of the study as follows: 4.1 and 4.2 are related to brain state
decomposition via our CAP methods. The former focuses on applying clustering over the entire fMRI
series, while the latter utilizes the point process technique by clustering over only transient intervals in
the IWBC series. 4.2 also includes an evaluation based on this novel technique. Then this is followed by
4.3, which provides the results of MM in studying the temporal dynamics of CAPs.

According to the configuration settings of this work, the well-developed k-means method was used
for clustering (iteration times: 1000). However, the only free parameter that affects the clustering results
is the number of clusters (k). To thoroughly study brain states, we examine this parameter k from 5 to
10. The fMRI data are based on the cortical brain surfaces, which are mainly gray matter cortical regions.
Also, as described in chapter 3, the CAREN atlas proposed by Doucet et al. in [63] contains the
parcellation of five major RSNs (default mode [DMN], salience [DMN], central executive [CEN],
sensorimotor [SMN], and visual networks [VIS]). These networks are included in section 4.2 to show
the results of applying the point process technique vs. clustering over the entire fMRI series. In section
4.3, the configuration settings of the MM depend on k, and we extended the choice of k to k=5, 10, 15
for comparison. Finally, for the sake of consistency, the figure and tables shown in the rest of this chapter
are all from the same single fMRI subject. These are then followed by the summarized results accounting

for all fMRI data in this work.
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4.1 State decomposition over the entire fMRI series
4.1.1 State decomposition based on major brain lobes and cingulate cortex

Figure 4.1 shows the visualization of brain state decomposition based on the four rudimentary brain
lobes and the cingulate cortex (the number of states is k = 8). Using IWBC as a temporal marker shown
in Figure 4.1 (a), each point in time is marked with a state number, and the state number itself quantifies
the activeness of the related spatial CAP. Thus, we can not only observe the global fMRI signal value
but also directly see the brain states for time points. As shown, the high IWBC values (at tall peaks) are
likely to have high state numbers, and similarly, low IWBC signal values (at small peaks) usually relate
to small state numbers. Also, the time points near tall IWBC avalanche peaks have relatively higher state
numbers. From Figure 4.1 (b), in a spatial perspective of visualizing the CAPs of brain states, the spatial
CAP for each state number is represented by the generated cluster center. What is interesting about the
results is that we can observe a general pattern that the activation of spatial CAPs mostly behaves as
scaling up and down together across defined anatomical regions. To be more specific, given the frontal
lobe as an example, the order of the local activation level in the frontal lobe is in line with the activation
level of spatial CAPs (brain states). We ran the experiment on all fMRI subjects in this work and found
this pattern to be consistent in spatial CAPs. This alignment then indicates that the activation at these
brain regions synchronizes with the activation of brain states. Overall, these results from Figures 4.1 (a)
and (b) indicate:

(1) Our correlation-like global fMRI signal measure, IWBC, can generally reflect the activeness of
brain states. The big avalanche peaks usually correspond to most active brain states (spatial CAPs).

(2) By taking a rudimentary level of the whole-brain cortical map (e.g., four major brain lobes and
cingulate cortex), the map components are likely to activate and deactivate synchronously with the
activeness of brain states in the IWBC series.

In summary, underlying this rudimentary brain mapping, the activation synchronization exists

throughout the brain.
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Figure 4.1 State decomposition based on major brain lobes and cingulate cortex

4.1.2 State decomposition based on Brodmann areas
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The previous section presents the clustering results underlying a rudimentary whole-brain cortical
map. To further analyze the data, this section moves on to discuss the results on a more precise
anatomical map, Brodmann area. We performed clustering within each of the brain lobes and the

cingulate cortex. Considering the general activation and the spatial location of these brain regions in



fMRI data, we display the clustering results of the parietal lobe (active), occipital lobe (medium active),

and also cingulate cortex (middle brain) in Figure 4.2.
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Figure 4.2 State decomposition based on Brodmann areas

Similar to Figure 4.1 (a), within each lobe or cingulate cortex, the IWBC values can generally reflect the
activation level of brain states. Thus, in Figure 4.2, we only present the spatial visualization of clustering
results, which are spatial CAPs.

As can be seen from Figure 4.2, by applying a more precise anatomical map, we can still observe a
similar pattern as described in 4.1.1 in most Brodmann areas. In Figure 4.2, the set of spatial CAPs of
the parietal lobe gives a promising demonstration. Most Brodmann areas are likely to activate together

as the state number increases. However, there are some pairs of Brodmann areas that act differently.
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Given the cingulate cortex as an example, comparing the Brodmann area 31 (posterior cingulate cortex
[PCC]) and 32 (anterior cingulate cortex [ACC]) with other areas, it is evident that the spatial CAPs do
not follow a similar pattern of scaling up and down together. Instead, spatial CAPs show “crossings” in
these two Brodmann areas as the brain state changes. As the whole-brain activation level increases (i.e.,
in the spatial activation map, state 6 to state 7), the local activation of PCC becomes dominant. At the
same time, the ACC falls off from being very active. The same pattern also exists in the occipital lobe
as Brodmann area 18 (secondary visual cortex [V2]) and 19 (associative visual cortex [V3, V4, V5]).

By repeating the same procedure throughout the entire set of HCP subjects in this work, we then
summarized all pairs of Brodmann areas that display the consistent asynchronous local activation change.
The numerical labels of these Brodmann areas are listed below:

1. Frontal lobe: 9 (dorsolateral prefrontal cortex [DLPFC]) and 10 (anterior prefrontal cortex
[aPFC]), 6 (premotor cortex and supplementary motor area) and 8 (includes frontal eye fields).

2. Parietal lobe: 39 and 40 (both considered by some to be part of Wernicke’s area)

3. Temporal lobe: 21 (middle temporal gyrus) and 22 (part of superior temporal gyrus, included in
Wernicke’s area), 37 (fusiform gyrus) and 38 (temporopolar area).

4. Occipital lobe: 18 (V2) and 19 (V3, V4, V5).

5. Cingulate cortex: 30 (subdivision of retrosplenial cortex), 31(PCC) and 32 (ACC).
To summarize, these results suggest that under a more refined brain anatomical map, the spatial CAPs
still maintain the general pattern of synchronization, as we derived from 4.1.1. However, when brain
states are increasingly active (at medium and tall IWBC avalanche peaks), there are some brain regions
in the spatial CAPs that sharply dominate the local activation or instead immediately go quiet. These
regions are listed above as Brodmann areas, including some parts of the cingulate cortex (PCC and ACC),
prefrontal cortex (PFC), visual cortex (V2, V3, V4, V5), and Wernicke’s area. Since the relatively higher

IWBC values only occupy a significant portion of the temporal duration, these results showing the
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difference in spatial CAPs might provide insight into the study of avalanche peaks, which might in turn

potentially present more time-varying information about the brain.

4.1.3 State decomposition based on RSNs

As a complement to 4.1, we also performed spatial clustering based on the CAREN atlas. Compared
to the anatomical maps in the previous section, the components of this functional atlas are five major
RSNs. According to the resulting spatial CAPs shown in Figure 4.3, overall, we cannot identify the
general pattern of synchronization across RSNs. Instead, some components (networks) dominate
regardless of the activation level of brain states. One understanding of this form of local activation
disorder might be because the spatial features we used are functional networks, we can consider the
spatial CAPs as distinct brain functional maps. Then these maps express the functional perspective of
brain activity, which increases the variability of local activation in spatial CAPs. Additionally, through
inspecting these activation maps at medium and tall avalanche peaks, the spatial CAPs likely change
after the avalanche peaks. Regarding avalanche propagation, it undergoes a more broadly activated
pattern before reaching its peak; after, it deactivates and turns into a very different spatial activation
pattern. Finally, it is also interesting to note that the spatial CAPs can, at least partly, express the nature
of RSNs. The DMN (task-negative) displays opposing activation patterns in comparison to some

attentional networks, such as SMN and VIS (task-positive).
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Figure 4.3 State decomposition based on five major RSNs

4.2 State decomposition over transient intervals

The goal of this results section is to investigate the point process technique. As we derived from
4.1.3, apart from a noticeable difference in the general activation level, using RSNs also produces more
distinguishable local activation patterns in spatial CAPs. The more unique spatial CAPs then provide
convenience for comparing the results from the two types of clustering methods. Thus, the results of

section 4.2 are all based upon the CAREN atlas.

4.2.1 Transient intervals extraction

Figure 4.4 shows the extraction of the “outlying events” in the IWBC series. The point process in
this work extracts brief intervals at the five tallest avalanche peaks. As shown, asterisks mark the
transient intervals. Given the third tallest avalanche peak as an example, the peak is in red in the middle
of the time frame, and five temporal points are in blue on each side of the peak. In contrast to the original

clustering method, the data then reduce to 55 time points in length (less than 6% of fMRI data).
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Figure 4.4 Transient intervals extraction

4.2.2 Evaluation of the point process technique

Figure 4.5 shows the results of clustering in our temporal marker (IWBC series) in which the distinct
brain states mark time points. As can be seen in both Figures 4.5 (a) and (b), the marked time points can
cover the minimum and maximum of the global fMRI signal magnitude. We can also see that the
extracted intervals participate in almost all neural events that have IWBC magnitudes over 5.0E-4 (~33%
of the maximum IWBC value). This coverage suggests a possibility of studying the time-varying brain

activity through only the few brief IWBC intervals.
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Figure 4.5 Temporal visualization of two types of clustering methods

To evaluate the effects of the point process technique, we divide the global fMRI signal into several
levels. This division is done by simply looking at the magnitudes of the avalanche peaks. We then
observe the spatial CAPs at each global fMRI signal level and see if, under the same signal level, a
pattern similar to the one found in the original clustering can be retrieved from clustering these transient
intervals.

Table 4.1 is a reference table that summarizes the pairs of spatial CAPs matched at each global fMRI
signal level for a single subject. The brain state number is used as the CAP index for simple
representation. Meanwhile, the spatial visualization of these pairs is displayed in Figure 4.6. As shown
for each pair, the spatial CAP from clustering transient intervals is overall more active than the previous
clustering result. This improving general activation is due to the temporal locations of the extracted
intervals, which are near the few gigantic avalanche peaks. Accordingly, the results are less likely to
overlook high brain activation in fMRI data. We can also see in Figure 4.6 that for each pair, the
similarity can be observed as activation synchronization across the five major RSNs. Taking the results

from Table 4.1 and Figure 4.6 together, the degree of variability between the results is 13%, which means
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that for this single subject, seven spatial maps can be retrieved from only clustering five transient
intervals in the IWBC series. By repeating the same procedure for all HCP subjects in this work, we then
summarize an average degree of variability (40%) between the two types of clustering methods. Hence,
less than 6% of fMRI data preserves 60% of the information on average for representing brain CAPs.
In summary, section 4.2 gives a perspective of applying only a subset of global fMRI signals to
study brain spatial CAPs. These results reveal the significance of brain co-activation patterns at the few
gigantic avalanche peaks that preserve more time-varying information about brain activity. Also, it
suggests that the novel point process technique might be useful in a way comparable with the traditional

CAP method.
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Table 4.1 The reference of spatial CAPs pairs between two types of clustering methods. Each row of the table expresses a pair of spatial CAPs
(shown as CAP index) that are alike in terms of the activation pattern. The global fMRI signal measures the whole brain co-activation and is
then listed from active to quiet below. Each pair of spatial CAPs is built up based on their similarity at a particular signal level. The degree of
variability is the percentage of unmatched spatial CAPs in the results of clustering over the entire fMRI series.

Global IMRI signal level (over the entire serie9 (transient intervals)
15t and 2" tallest peaks: 1.0E-3 — 1.5E-3 8 8
3 and 4" tallest peaks: 5.0E-4 — 1.0E-3 5 5
Medium and small peaks: 1.0E-4 — 5.0E-4 7 4
Medium and small peaks: 0 — 5.0E-4 6 3
Medium and small peaks: 0 — 5.0E-4 4 4
Small peaks (quiet): 0 — 3.0E-4 2 2
Small peaks (quiet): 0 — 1.0E-4 1 1

Total Variability: 1 —7/8 = 13%

38



—A— orginal cluster center: 8
—/\— referred cluster center: 8

—¥— original cluster center: 4
—¥— referred cluster center: 4

3000

2000

1000

—&— original cluster center: 7
—¥— referred cluster center: 4

3000

2500
2000
1500
1000

—O— original cluster center: 2
—O— referred cluster center: 2

1500 &
=
/ .
1000 0 \
I8 / N / /@\ )]
500 /@\:: ; /// S
o © ROy
° N
)
Sl A
>
é/
S

—7— original cluster center: 6
referred cluster center: 3

2000 Al
1500
1000 Y
sooi- e J
N ~ Q NS &
(—o‘?‘ Cf(/ \)S\\O 0@ <N
L
N
=)
—f3— original cluster center: 1
—[3— referred cluster center: 1
—a
600 P
8 AN
e
400
o AN
— i)

Figure 4.6 Visualization of the spatial CAPs pairs

39

—><— original cluster center: 5
— X— referred cluster center: 5

2000 e
1500 X AN
1000f % 7/
500 X
0
co?y 0@% S ow\e \\\%
e“e?p



4.3 MM temporal dynamics identification

As a result of the clustering, a dynamic sequence of brain states or spatial CAPs is generated in the
IWBC series. In this chapter, the previous sections 4.1 and 4.2 discussed the results from a spatial
perspective, while the present section will further study the temporal dynamics of the brain states. The
k-state MM produces output in a transition matrix format, which automatically formulates a probabilistic
interpretation of the switches and consistency of brain states. As the configuration settings specify, the
choice of k is k = 5, 10, 15. For convenience, we display the results underlying the parietal lobe.
Subsequently, the summary accounting for other spatial features in the present study will be provided.
k=S5

Figure 4.7 shows the transition probabilities among states by a directed graph (k = 5). Vertices and
edges are states and transition probabilities, respectively. As can be seen, at a time step, the brain states
generally have a higher probability of switching to the same state. Especially for the most active state
(state 5) and the quietest state (state 1), these probabilities are significantly higher (around 0.9). Besides,
we can also see that states 1 and 5 have fewer edges than the medium states (states 2, 3, 4). Both of these
initial observations suggest that when k = 5, the brain states, which usually occur at very tiny and big

avalanche peaks, have a consistent pattern of switching to the same brain states in the IWBC series.

| X

present

In Figure 4.8, the transition probability, P(X ), can be generalized into a binary condition

next

at each present state, whichis X =X or X #X As illustrated, at each category (state), the

next present next present *
blue column means switching to the same state, and the orange accounts for switching to the rest of the
states. Looking at each state in Figure 4.8, states 1 and 5 have a greater difference in terms of these two
kinds of transition probabilities. This observation agrees with the finding in Figure 4.7 that when k = 5,
each of the states generally tend to switch to the same state, and the very tiny and big avalanche peaks

have a significantly high transition probability to the same states.
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Figure 4.8 Transition probabilities at each state (k = 5)

2)k=10

Figure 4.9 presents the output of the k-state MM when k = 10. Similar to what we have observed
when k = 5, in both Figures 4.9 (a) and (b), the very active and quiet states have a significantly higher
probability of remaining consistent. 0.82 and 0.94 correspond to states 10 and 1, respectively.

Also, to study the temporal switches of the states in MM, we further analyze the directed graph. The

routes in (¢) and (d) in Figure 4.9 are traversed back from state 10. Since we are observing the switches
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between different states, the self-loop does not count for each vertex. In (c), only rising edges are
displayed, showing the dynamic switches from inactive to active brain states. The (d) with only falling
edges illustrates the dynamics from the opposite direction. Vertices of input degree greater than 2 in (c)
and of output degree greater than 2 in (d) are indicated in blue.

As shown, unlike the blue vertices, either the input degrees in (c) or output degrees in (d) for each
of the vertices 8, 9, 10 are one. For each of the routes, the vertices on the left (8, 9, 10) are less
interconnected than the vertices on the right side. Then, this implies the presence of a subgraph in the
state map where the few state vertices on the left side have a more organized switch pattern than the
vertices on the right side. Given (c), for instance, when the states rise above 7, the vertices then show
lower connectivity (or a lower number of connections), and hence the switches of states become less
varied. The vertices on the right, otherwise, are more interconnected and complex in terms of the switch
pattern. These results overall suggest that there is a transition among brain states based on their
complexity of switch pattern. Some critical nodes, medium active states 6 and 7, for instance, act as hubs
in regard to this transition.

By visualizing these critical state nodes in our temporal marker, when k = 10, this transition (e.g.,
at medium states: 6, 7) tends to occur at temporal points of IWBC values lower than 5.0E-4 (medium
peaks). Above this cutoff, the temporal points are likely to have more organized brain states. The most
active brain state at the few gigantic avalanche peaks has both organization (less complexity) and

consistency.
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(d) Routes from active to inactive brain states

Figure 4.9 The k-state MM (k = 10)
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Figure 4.10 Criticality dynamics map

Lastly, Figure 4.10 represents the criticality dynamics, which is also shown in Figure 2.3 in chapter
2. Blue dots represent the calculation at each time point. Red squares, however, represent the averages
regarding each of the states and are lined up in order. It is noted that the marked medium states (i.e.,
critical nodes 6 and 7 in Figure 4.9) are on the right above the criticality (~12000 voxels), and increasing
activation leads to organized brain states (i.e., nodes 9 and 10 in Figure 4.9) on the right-most tail of this

criticality dynamics map.
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B k=15

When k increases to k = 15, we can still see in Figure 4.11 (b) that the tiny and gigantic avalanche
peaks (states 1 and 15, respectively) are significantly more consistent than most of the other brain states.
Moreover, as illustrated in Figure 4.11 (a), the state vertices on the bottom left are noticeably more
organized and less interconnected than those on the top right. When brain states rise above the critical

node, state 11, the states generally have less complexity in the switch pattern.

Transition Probability

(a) Directed graph of the k-state MM (k = 15)
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(b) Transition probabilities at each state (k = 15)

Figure 4.11 The k-state MM (k = 15)
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Similarly to when k =5, 10, this transition (e.g., medium states: 6 - 11) tends to occur at temporal points
of IWBC values lower than 5.0E-4 (medium peaks) for this single subject. Organized brain states are on
the right-most tail of the criticality dynamics map. In conclusion, these temporal dynamics of the brain
states in the parietal lobe are consistent in the choice of k.

(4) Summary of the temporal dynamics

Following the observations of temporal dynamics mapped to the parietal lobe, we then repeated the
same procedure underlying the whole brain map and RSNs. Subsequently, we ran the experiment on all
HCP subjects in this work. In summary, these temporal dynamics are consistent across different subjects
and brain maps:

1. States (spatial CAPs) Consistency. In the IWBC series, the brain states at the very tiny and
gigantic avalanche peaks remain significantly more consistent. In other words, at a time step, the brain
states at these temporal points are likely to switch to the same state.

2. Organized switch pattern. The brain states can be divided into two groups depending on their
switch pattern, which is measured by the interconnectivity to the other states in the MM state map. One
shows a more organized and more straightforward switch pattern while the other has more complexity
in terms of the switches of the states. Through the observation in the IWBC series, the transition between
these two groups of states likely occurs below medium peaks. Similarly, through observing the criticality
dynamics map, a group of organized brain states is likely on the right-most tail, and hub-like state nodes
are likely on the right above the criticality.

In general, the few gigantic avalanche peaks (usually the first and second tallest peaks) are most

likely to remain consistent and organized no matter how high the value of k is.
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CHAPTER 5

CONCLUSIONS

Many researchers have employed BOLD fMRI in brain study, in that, in comparison to other
techniques, fMRI offers both high spatial and temporal resolutions. The advance in technology then
gives rise to a large-scale volumetric dataset for brain analysis. Recently, studies based on the avalanches
with fMRI has been of high interest. This work then stresses the study of the novel IWBC avalanche via

CAP analysis.

5.1 State decomposition and the point process technique

In this work, on the one hand, the global fMRI signal measure used IWBC calculation. The resultant
IWBC series was then employed as the temporal marker to investigate the brain spatial CAPs. On the
other hand, an initial voxel-wise brain activity detection was done by thresholding the fMRI volume over
the time course. The spatial CAPs characterization was then performed on the pertaining data after
thresholding. As a result, instead of representing the information by fMRI volume, the instantaneous
brain spatial activity was represented by a vector (ISFs) that included the total activity calculation at
particular brain ROIs. By grouping these temporal vectors via the k-means clustering algorithm, we then
approached k spatial CAPs in the IWBC series. From a perspective of whole-brain activity
decomposition, the k spatial CAPs can express the k decomposed brain states.

Additionally, this work introduced the assessment of the point process technique, which is inspired
by the avalanche detection approach in [21]. Unlike clustering over the entire series, the clustering was
based solely on the few brief avalanche peaks of high brain organization. Then an evaluation was

performed by comparing the generated spatial CAPs from two types of CAP methods. Also, the

47



similarity measure from the comparison was conducted to study CAP behaviors at the few IWBC
avalanche peaks.

Through the observation of spatial CAP maps, it can be concluded that the IWBC calculation
generally expresses the activeness of brain states. High IWBC values generally correspond to active
spatial CAPs. Another significant aspect is that underlying either a rudimentary or finer detailed
anatomical brain mapping, the spatial CAPs tend to have an overall organized arrangement. The spatial
map components, such as the major brain lobes or Brodmann areas, are likely to activate and deactivate
synchronously with IWBC value. However, investigating the spatial CAPs at a few medium and tall
avalanche peaks, some Brodmann areas might show irregular activation patterns. These Brodmann areas
included in parts of the cingulate cortex (PCC and ACC), prefrontal cortex (PFC), visual cortex (V2, V3,
V4, V5), and Wernicke’s area, might dominate the local activation or immediately deactivate when the
brain state is increasingly active. Likewise, underlying the RSNs mapping, this work identified that the
spatial CAP might behave in a significantly different pattern before and after the IWBC avalanche peaks.
Furthermore, assessing the application of the point process technique, the few gigantic avalanche peaks
seem to condense more information regarding brain activity, which indicates that the brain may tend to
coactivate at these discrete “extreme events.” Overall, these observed irregularities and information
compactness at avalanche peaks suggest that further researching on avalanche peaks would be

worthwhile to understand the brain better.

5.2 Temporal dynamics identification

The second aim of this work is to explore the temporal dynamics of spatial CAPs (or equivalently,
brain states). A k-state MM model was introduced with the input received from the labeled brain state
sequence. The MM then performed probabilistic analysis and output the transition matrix that
incorporated the transition probabilities among states. Thus, the switches and consistency of brain states

can be analyzed.
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Through a probabilistic interpretation of the state transition in the IWBC series, the overall brain
states tend to switch to the same states. Notably, the brain states at very tiny and gigantic avalanche
peaks have shown a significantly high consistency. Additionally, the directed graph analysis was also
performed to explore the switch pattern. Interconnectivity of the brain states (vertices) in the MM state
map (directed graph) then measures the complexity of the switch pattern. Consequently, the presence of
a graph division can then be identified. One smaller subgraph (group of states) displays a more organized
and straightforward switch pattern, while the other group of states shows more complexity. The few
gigantic avalanche peaks, in particular, are most likely to remain a consistent and organized state switch
pattern.

In conclusion, this work applies a specific whole-brain correlation analysis for avalanche detection.
The CAP analysis is then provided as a particular aspect to study brain behaviors at avalanches. Through
inspecting the spatial CAP maps, the medium and tall avalanche peaks tend to introduce some irregular
patterns, as described in 5.1. Additionally, further analysis of CAP dynamics then shows the significantly
consistent and organized state switch pattern at the few gigantic avalanche peaks outside the criticality
[21]. It would be very intriguing and meaningful to continue investigating the brain behaviors at

avalanches. The next section will highlight some future directions for the current work.

5.3 Limitations and Future directions

First, this final section looks back at the limitations in this work, including the data and methods.
Then, we speculate on some future directions that could be worth investigating further to expand upon
the current work.

In this work, either in the assessment of the point process technique or state decomposition analysis,
IWBC avalanche peaks have shown to play an essential role in studying brain activity, and thus, require
further studies. However, an issue that is not addressed in this study is the nature of avalanches. Some

researchers have raised that these cascades of the high global correlation may result from the subject’s
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head motions or deep breathing. Therefore, a recommended future direction would extend this work to
the fMRI data with and without such physiological noises and artifacts, which may assist in identifying
the neural origins of the avalanches. Also, some denoising techniques and tools, such as the Independent
Component Analysis (ICA) provided by MELODIC packages of the FMRIB Software Library (FSL),
can help to permit manual identification of these noises within the time series [3], [85], [97].

Another limitation lies in the IWBC calculation and brain activity detection. In our IWBC
calculation, all voxels throughout the brain contribute to the instantaneous global correlation value.
However, brain activity detection simply applies a threshold value to all brain voxels. Therefore, the Z-
scores thresholding at each point in time can cause a lack of BOLD information of the significant voxels.
This then explains the reason why the relatively high IWBC value can link to a quiet spatial CAP, in that
a few voxels are having significantly high BOLD signal values though the total activity is low. Thus,
instead of IWBC calculation, it would be intriguing to use different global fMRI signal statistical
measures, such as the calculation of spatial maxima (described in chapter 2 as Max Size cluster), to
analyze CAP. Then, an assessment can be performed based on variants of defining the global fMRI
signal. Also, in terms of the fMRI data, future work can extend to compare the brain behaviors at
avalanches between health control and patients with brain disease. It would be a fruitful area to study
brain pathologies.

More broadly, a practical future direction can be applying multiple unsupervised learning techniques
and preprocessing algorithms to approach brain CAP. Apart from the k-means clustering method, other
algorithms, such as minimum spanning tree (MST) [98] and self-organizing map (SOM) [99], are
particularly intriguing for further investigation. Given the MST algorithm as an example, a voxel-wise
brain topological map can be built based on the temporal correlation among voxels. The edge distances,
for instance, can measure the temporal correlation values. Thus, the resultant MST demonstrates the
functional brain connectivity in a voxel dimension. Once the MST has obtained, many aspects of further

studies can be carried out. One particularly thought-provoking aspect might be applying the MST result
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to the data preprocessing before clustering. When considering the voxel-wise clustering method, one
approach to obtain a less complicated clustering result is through using a smaller dataset. Then, by taking
account of the voxel-wise connectivity, the MST may help to reduce the size of the dataset and improve
the quality of the clustering result.

Finally, delineating the voxel-wise spatial movement of avalanches can be a future direction. This
popular potential is proposed by [29] as well. In this work, we have observed that the spatial CAP
sometimes behaves differently before and after avalanche peaks, which suggests a notable occurrence of
spatial propagation during avalanches. However, the spatial CAP in this work is defined by the total
activity calculation at some selected brain ROIs, and accordingly, lacks the detailed identification of the
spatial movement. Therefore, it would be more convincing to identify the voxel-wise spatial movement
as presented in [29], where the white matter trajectories at avalanches are demonstrated. Also, it would
be interesting to identify the spatial movement between criticality and avalanche in the critical brain
system, which may assist in explaining brain behaviors.

In conclusion, this work generally analyzes brain CAPs via the novel tool IWBC. The CAPs at few
avalanche peaks are notably consistent, and these IWBC time frames contain more information about
brain activity. This agrees with the recent studies that time-varying information in fMRI tends to be
condensed into brief intervals. Avalanches, popularized by Tagliazucchi [21], draw attention to
investigating the “dynamic” information about the brain. DFC, for instance, analyzes the time-varying
information about FC. Also, applying the sliding window to analyze the time-varying correlation pattern
throughout the brain would be interesting. Overall, the aim of this thesis has been to extend the work of
Tagliazucchi [21] and Bell [29], whose contributions to the areas of avalanche investigation and
observation of CAPs throughout the brain, respectively, provided the impetus for the current research.
This work’s primary focus on CAP analysis has yielded notable results regarding avalanches. As such,
there is considerable potential for this line of analysis to be coupled with future work to explore

avalanches more thoroughly.
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