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Abstract
Recent research into resting-state functional magnetic resonance imaging (fMRI)
has shown that the brain is very active during rest. This thesis work utilizes blood
oxygenation level dependent (BOLD) signals to investigate the spatial and temporal
functional network information found within resting-state data, and aims to investigate
the feasibility of extracting functional connectivity networks using different methods as
well as the dynamic variability within some of the methods. Furthermore, this work
looks into producing valid networks using a sparsely-sampled sub-set of the original
data.
In this work we utilize four main methods: independent component analysis
(ICA), principal component analysis (PCA), correlation, and a point-processing
technique. Each method comes with unique assumptions, as well as strengths and
limitations into exploring how the resting state components interact in space and time.
Correlation is perhaps the simplest technique. Using this technique, resting-state
patterns can be identified based on how similar the time profile is to a seed region’s time
profile. However, this method requires a seed region and can only identify one resting
state network at a time. This simple correlation technique is able to reproduce the resting
state network using subject data from one subject’s scan session as well as with 16
subjects.
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Independent component analysis, the second technique, has established
software programs that can be used to implement this technique. ICA can extract
multiple components from a data set in a single analysis. The disadvantage is that the
resting state networks it produces are all independent of each other, making the
assumption that the spatial pattern of functional connectivity is the same across all the
time points. ICA is successfully able to reproduce resting state connectivity patterns for
both one subject and a 16 subject concatenated data set.
Using principal component analysis, the dimensionality of the data is
compressed to find the directions in which the variance of the data is most significant.
This method utilizes the same basic matrix math as ICA with a few important
differences that will be outlined later in this text. Using this method, sometimes different
functional connectivity patterns are identifiable but with a large amount of noise and
variability.
To begin to investigate the dynamics of the functional connectivity, the
correlation technique is used to compare the first and second halves of a scan session.
Minor differences are discernable between the correlation results of the scan session
halves. Further, a sliding window technique is implemented to study the correlation
coefficients through different sizes of correlation windows throughout time. From this
technique it is apparent that the correlation level with the seed region is not static
throughout the scan length.
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The last method introduced, a point processing method, is one of the more novel
techniques because it does not require analysis of the continuous time points. Here,
network information is extracted based on brief occurrences of high or low amplitude
signals within a seed region. Because point processing utilizes less time points from the
data, the statistical power of the results is lower. There are also larger variations in DMN
patterns between subjects. In addition to boosted computational efficiency, the benefit of
using a point-process method is that the patterns produced for different seed regions do
not have to be independent of one another.
This work compares four unique methods of identifying functional connectivity
patterns. ICA is a technique that is currently used by many scientists studying functional
connectivity patterns. The PCA technique is not optimal for the level of noise and the
distribution of the data sets. The correlation technique is simple and obtains good
results, however a seed region is needed and the method assumes that the DMN regions
is correlated throughout the entire scan. Looking at the more dynamic aspects of
correlation changing patterns of correlation were evident. The last point-processing
method produces a promising results of identifying functional connectivity networks
using only low and high amplitude BOLD signals.
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1. Introduction
Functional magnetic resonance imaging has become a prevalent way to study the
function of the brain, primarily because of the fact that it is noninvasive. Recently, the
study of the brain at rest, or in resting state, has become a popular topic of study. These
studies use blood oxygenation level dependent (BOLD) signals to find associations
between regions of the brain at rest. During rest, these regional associations show strong
resemblance to established brain networks1,2. These spatial patterns at rest are now
generally referred to as resting state networks (RSNs)3. Static studies can be performed
to analyze the functional connectivity over the duration of a scanning session. In
addition, the temporal variations of these functional connectivity patterns found in
resting state can also be evaluated.

1.1 Blood Oxygenation Level Dependent Functional Magnetic
Resonance Imaging
This research uses blood oxygen level dependent (BOLD) fMRI. BOLD fMRI uses
T2* weighted imaging where broadly, an increase in BOLD activity is seen after a neural
stimulation. Therefore, the change in regional BOLD signal describes regional activity.
The BOLD signal relies on differences between the magnetic properties of oxygenated
hemoglobin and deoxyhemoglobin4.
When the brain is active it requires ATP to use as energy. To make ATP the brain
needs glucose and oxygen. A large fraction of oxygen is carried in the blood attached to
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hemoglobin molecules. As the oxygen is utilized and turned into energy the hemoglobin
no longer have oxygen attached and become deoxygenated hemoglobin. Deoxygenated
hemoglobin is paramagnetic so it will change the magnetic susceptibility of the blood.
As there is a greater supply for energy in the brain, an increase of blood flow occurs to
bring in more oxygen. This increase in blood flow carries the oxygenated hemoglobin
and displaces the deoxygenated hemoglobin that had been distorting the magnetic
signal. Essentially, as the concentration of oxygenated blood increases, the local MR
signal also increases5.
Figure 1 portrays the dynamics of vascular response. The total hemoglobin
concentration (Hbt) can be seen in green, deoxygenated hemoglobin (HbR) is seen in
dark blue, oxygenated hemoglobin (HbO2) is seen in yellow, and the Cerebral Blood
flow (CBF) represented with the black curve. After the initial increase of CBF, the HbR is
reduced6. This reduction in HbR is the basis of the increase in BOLD signal intensity.

Figure 1: Dynamics of Vascular Response (Malonek et.al. and Grinvald, PNAS
1997).
2

1.2 Task-based fMRI
Task-based fMRI is commonly used to identify certain networks within the brain.
A variety of methods can be used to locate the active regions of the brain while a subject
is performing a task, such as finger tapping, for multiple repetitions. The methods used
to identify the active regions of the brain during the task include analysis such as:
subtractions, t-tests, correlation, clustering methods, and independent component
analysis. Task-based fMRI can be a suitable method to find specific networks, however,
each network found is specific to the task performed. This task based method can also be
difficult to implement with subjects who may have a physical or cognitive defect and are
unable to perform a certain task.

1.3 Mapping of Resting-state Functional Connectivity
While studying the noise of resting state data it was noticed that spatial patterns
of temporal correlation occurred while a subject was not performing any tasks7. This
discovery eventually led to the study of a phenomenon known as resting state functional
connectivity.
For resting state studies subjects are instructed to lie still during the duration of
the scan. This is different than task-based fMRI which employs a subject to participate in
a specific task while, in contrast, resting-state requires a subject to lie still for the
duration of the scan. The subject does not have to be compliant in completing a task.
This can have a significant impact for populations which would be unable to perform
3

tasks such as young children, subjects with Parkinson’s disease, or other
neurodegenerative disorders. During resting-state, although a subject is at rest, their
brain is still active.
Functional connectivity maps describe the pattern of functional connections
between regions of the brain. Functional connectivity can be defined as the temporal
correlations between spatially remote neurophysiological events8. Functional
connectivity does not imply anatomical connectivity or neuronal connectivity. In
functional connectivity there is a statistical association or dependency among two or
more anatomically distinct time profiles.
The Default Mode Network (DMN) is a well known resting state functional
connectivity network, it will be used as the main network of study within this thesis
work. Areas of the brain, now classified into the DMN, were noted to decrease during
task performance in a task-based fMRI session. This directed the hypothesis of the brain
having a default mode9,10. The DMN is very active at rest and is connected with thoughts
on self, and others as well as thinking about the future and the past11.
A study by Laird et. al 2011 extracted functionally connected regions from
thousands of task-based studies from the BrainMap database12. The Laird template for
the DMN is displayed in Figure 2. The most active regions in the DMN are the posterior
cingulate cortex (PCC), medial prefrontal cortex (mPFC), and the medial, lateral, and
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inferior parietal cortex.13 The PCC and mPFC can be seen in red and white circles
respectively in Figure 2.

Figure 2: Laird Template of the DMN Network. Displaying 18 axial slices with
the color scale representing the z-score of the data with respect to being part of the
DMN. The white circle encloses the mPFC while the red circle surrounds the PCC.

1.4 Motivation
Although resting-state fMRI is studied extensively in research, use in the clinic is
still limited. Resting-state fMRI has a variety of clinical applications14 e.g., comparing
and identifying groups with normal brain function and groups that are abnormal15-18.
Resting-state fMRI also has the potential for use within longitudinal studies that follow a
subject through disease progression or clinical intervention19,20. Pre-operative functional
5

connectivity mapping can also be used to help guide neurosurgical techniques21. Two
major advantages of resting-state fMRI are that the subjects do not have to be able to
complete a task and multiple brain systems can be evaluated from one scan22.
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2. Data Acquisition and Pre-Processing
The remainder of this work will now focus on experiments performed with data
acquired by the Brain Image Analysis Lab (BIAC) of subjects in resting-state fMRI. This
chapter will explain the data acquisition characteristics and then step through the preprocessing that was performed on the data before the analysis methods were applied.

2. 1 Data Acquisition
This analysis was performed on resting-state fMRI datasets from 16 healthy
study participants. Each scan obtained 72 signal measurements over time for each voxel.
The images were acquired using a 3T GE scanner (GE Healthcare, Waukesha, WI) using
echo planar imaging acquisition. Functional T2*-weighted images sensitive to BOLD
contrast were acquired with single-shot parallel echo-planar imaging (EPI) sequence
with with repetition time (TR) = 4000 ms, echo time (TE) = 35 ms, field of view (FOV) =
21 cm x 21 cm, 3 mm axial-plane slice thickness, voxel size = 1.5 mm x 1.5 mm x 3 mm,
in-plane matrix size = 140 x 140, with a total scan time of 4 min and 48 sec. The acquired
data (with Duke IRB approval) were de-identified before being used in this study.

2.2 Pre-Processing Methods
The fMRI data was processed using tools from the Oxford Centre for Functional
MRI of the Brain’s Software Library (FSL) through the BIAC processing pipeline23.
Before the analysis, the first two time points were removed to allow time for the signal
in the brain to reach an equilibrium of the magnetic field. The Montreal Neurological
7

Institute (MNI) 152 template using a 12 degree of freedom affine transformation was
used to register the data into standard space using FSL’s Linear Image Registration Tool
(FLIRT)24,25. All of the following analysis was done in the MNI standard space. Constant
offsets and linear drift for each run were removed as well as task related effects26. The
FMRIB’s Automated Segmentation Tool (FAST) was utilized to segment a 3D image of
the brain into different tissue types so that gray matter, white matter, and cerebrospinal
fluid (CSF) were identified27. Next, six-parameter head motion, from the motion
correction were regressed out. The signal was averaged over the white matter, and CSF
respectively to reduce non-neural contribution to BOLD correlation28,29 Finally the
frequencies greater than 0.08 Hz were removed to eliminate noisy high frequency
fluctuatuions30.
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3. Data Analysis with Independent Component Analysis
Independent component analysis is a technique that can be used to separate
independent sources that are linearly combined. ICA is a well established method for
extracting resting state networks. The basic goal of ICA in this work is to express the
BOLD fMRI data as a linear combination of statistically independent functional
connectivity patterns31.

3.1 Methods
The input for ICA is a 2D matrix rearranged from a 4D data set with the
dimensions of space and time. The inputs to ICA are shown in Figure 3 by the rectangle
labeled “FMRI data”. The matrix is then processed to remove the mean in the spatial
direction and in the temporal direction.
Given the input matrix containing the fMRI data, Y,
[Eq 3.1]

𝑌 = 𝐴𝑆

where A is a matrix of time courses and S is the spatial map. The objective is to
find the matrix A (a mixing matrix), which will optimize S to contain statistically
independent spatial maps in it’s rows (identified as a component in the far right side of
Figure 3)31.
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Figure 3: Illustrative representation of ICA from
http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/MELODIC.
ICA implements high order statistics to separate the independent components32.
These independent components recognized as spatial maps can be visualized. The
output of ICA is a 2D matrix with dimensions of space and components where the
matrix values represent the z-score of how likely a single voxel is calculated to be part of
that component32.

3.1.1 Software Utilized for ICA Implication
The FMRIB Software Library v5.0 was utilized to implement ICA34. The specific
tool used within FSL was the Multivariate Exploratory Linear Optimized Decomposition
in Independent Components (MELODIC)35-37. For data of a single subject using ICA the
Single Session ICA tool in MELODIC was used. This tool decomposes the 2D data (space
and time) into a set of time courses and spatial maps and outputs the spatial maps in
terms of space and components38. The Multisession Temporal Concatenation tool in
MELODIC was applied, this technique stacks the 2D data sets from each subject
together, or concatenates them, to run similarly to the Single Session ICA38.
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3.2 Results
Results from one subject single-session MELODIC data are displayed in Figure 4.
The connectivity pattern that resembles the DMN was found in component number 14.
The components in MELODIC are ordered by decreasing amounts of uniquely
explained variance38. As can be seen in the Figure, the DMN is clearly visible, however,
there exist statistically significant voxels which do not appear to be part of the DMN.
From this information we can conclude that the networks are identifiable, however more
temporal data would improve the statistical power of the results.

Figure 4: ICA results from 1 subject. The color scale represents the z-score
value where yellow through red is a high probability of belonging to the chosen
component and blue represents an inverse relationship with the component.
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ICA performed on 16 subjects using multisession temporal concatenation are
shown in
Figure 5 and Figure 6.
Figure 5 displays component number 1 which is representative of the DMN and
Figure 6 illustrates component 4 from the ICA results which resembles the auditory
network. This figure is included as an example of other networks which are identifiable
using ICA. The DMN is found in component 14 for a single subject and component 1 for
the 16 subject data set. The DMN component is the first component in the 16 subject data
set because it has the largest amount of uniquely explained variance in the component.
If we compare this 16 subject analysis with that of one subject analysis done in
Figure 4, it is evident that the data over 16 subjects shows less noise and a higher
statistical significance with higher z-values. One disadvantage of using 16 subjects is the
fact that when ICA is implemented on one subject, over multiple subjects there is a
variation in the location of the connectivity patterns. Therefore, the 16 subject data
represents an average subject population, functional connectivity.

12

Figure 5: Results from ICA performed on 16 subjects. This component depicts the
DMN.

Figure 6: Results from ICA performed on 16 subjects. This component depicts
the Auditory Network.
13

4. Data Analysis with Principal Component Analysis
Principal component analysis (PCA) is the second technique discussed that was
used to analyze the resting-state data. Much like ICA, PCA is a tool that can be used to
reduce the dimensions of a data set. PCA utilizes singular value decomposition (SVD) to
deconstruct the data into eigenvectors and eigenvalues to find the first basis vector that
best explains the variance of the input data39. Next, subsequent basis vectors are
calculated that are orthogonal to the first basis vector, thus computing the principal
components.
A few key factors differentiate ICA from PCA. ICA basis vectors do not need to
be orthogonal to each other, they employ higher order criteria to find the direction of
maximum independence. Because PCA relies on lower order statistics, the data is fit
with a Gaussian distribution. ICA relies on non-Gaussian distributions. PCA also
reproduces the noise and recurrence of an input data set while ICA is able to remove it40.

4.1 Methods
Like ICA, the input matrix for PCA is a 2D matrix with the dimensions of time
and location within the image. The next step was to use SVD to find the principal
components of the data set. An input matrix A can be decomposed according to,
𝐴 = 𝑈Σ𝑉 (

[Eq 4.1]

where the columns of the matrix U represent the eigenvectors, also known as the
Principal Components of the data set. The diagonal matrix Σ represents the singular
14

values, which decrease along the diagonal, and 𝑉 is a unitary matrix. It should be noted
that the original image can be reconstructed via Equation N, where the Principal
Components are scaled by their respective singular values. As the Principle Components
are therefore linearly weighted by their corresponding singular values, each can be
transferred separately into image space for discrete visualization.

4.2 Results
Figure 7 shows the first four principal components for PCA analysis done on one
subject. In this case, component 2 and component 3 both appear to display the DMN
network. If we look at an example from a different subject, the PCA analysis looks very
different. Figure 8 displays the first 32 components, of a new subject different. Within
the first four components, none of the functional connectivity patterns appear to emulate
the DMN. Components 6, 8, 15, and 21 look the most similar to the DMN with high
value in the posterior cingulate cortex region but there is no evidence of either lateral
parietal cortex. The DMN network was identified clearly in a few subjects while the
majority of single subject PCA results showed minor similarities to the DMN.

Figure 7: PCA for one subject showing only the first 4 components. Displaying
a single slice where the PCC is prominent.
15

Figure 8: PCA Results for one subject. displaying the first 32 principal
components.
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A temporal concatenation of the 16 subjects was performed and the results are
displayed in Figure 9. From this image there is no component that is identifiable as the
DMN. These images vary significantly from those of the 16 subject ICA results. The most
likely reason is the noise that accompanies the pre-process data. The higher order
statistics of ICA become more important if the data is not Gaussian, nonlinear, or is not
stationary40.

17

Figure 9: PCA performed on 16 subjects.
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5. Data Analysis using Correlation
The correlation method is perhaps the simplest of the methods discussed in this
work. This method calculates a correlation coefficient between a seed region and
individual voxel’s time profile. The assumption is, if the correlation coefficient is high,
the regions are physiologically connected.
In contrast to voxel-seed based correlation, ROI matrix correlation can also be
used as a correlation method. This method segments the brain into ROIs. Each ROI has
its time profile averaged and the correlation coefficient is calculated with every other
segmented ROI. The following methods and results focus on voxel-seed based
correlation.

5.1 Methods
To implement the correlation method a seed region must first be selected. For
this work, the seed region was selected using the 16 subject independent component
analysis results using a z-score threshold of 4. The DMN component was selected from
the ICA results and the seed volume of interest was then determined by setting a
threshold for the z-score of the ICA results to determine if a voxel is part of the seed or
not. For connectivity patterns with more than one seed region, other areas of the brain
were excluded so that the seed region was just one volume of interest. In an attempt to
account for the fact that the functional connectivity pattern will deviate slightly for
different individuals, the volume of interest was selected with a threshold that was high
19

enough so that the VOI would consistently fall inside the subject’s actual PCC region of
interest.
For single subject correlation the seed region was identified and the time profile
from each voxel in the volume of interest was selected. Next, the mean time signal
through the seed region was calculated. Figure 10 shows and example of the ROI and
two different voxels selected in the brain. Figure 11 shows the corresponding time
profiles to the ROI and voxels from Figure 10. This seed region mean time profile was
then run through a correlation with each of the other voxels throughout the brain.

Figure 10: Image displaying an the ROI (black), a single voxel within the ROI
(red), and a single voxel outside of the ROI (yellow).
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Figure 11:Time profiles for the VOI (blue), a voxel within the PCC (red), and a voxel
outside the PCC (yellow).
The correlation was performed with a Pearson’s Linear Correlation coefficient
calculation using equation 5.1
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,23 ,
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4

[Eq 5.1]

1

where n is 70, the number of time points utilized during a scan, 𝑋8 is the average
signal throughout the VOI at time point t, and 𝑌𝑡 is the signal in an individual voxel at
time point t.
For multiple subject correlation the individual acquisitions were
appended together. To remove the discontinuity created by the signal change from one
subject to the next each time profile was shifted by an amount such that the first signal
value was the same as the last time point from the previous subject. After this, the
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correlation was performed between the seed region’s mean time profile and the time
profile of every other voxel in the brain.

5.2 Results
Using correlation on one subject using the PCC as the seed region the functional
the default mode network was identifiable. The results for a single subject can be seen in
Figure 12. The values shown in Figure 12 represent the correlation coefficient that each
voxel has with the time profile of the PCC. For one subject the the relative noise in the
results is high. Many voxels with correlation coefficients that appear to be significant are
not clustered with other significant voxels.

Figure 12: Single subject correlation results. Displaying a range of transverse
slices.
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Figure 13 illustrates the correlation coefficients found using the data from 16
subjects. The correlation results from 16 subjects clearly show the DMN. Using 16
subjects, as opposed to only one, there is less noise and the significant voxels are all
clustered together. Using the laird template as the ground truth and varying the
correlation coefficient to determine if a voxel was part of the DMN or not, a correlation
coefficient value of 0.15 was found to give a false positive ratio of 0.05.

Figure 13: Sixteen subject correlation results.
Using the correlation coefficient value of 0.15 as a binary cut off the false positive
rate was calculated for varying numbers of subjects. Ten iterations of randomly selected
subjects were averaged in attempt to remove bias caused by the varying correlation
patterns of different subjects. There is a clear increase in the specificity of the correlation
23

method as the number of subjects is increased.

Figure 14: Voxel false positive rate as a function of number of subjects with a
threshold correlation coefficient of 0.15 compared with the laird DMN template with
a threshold of 4.
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6. Dynamic Analysis
With the goal in mind of assessing the dynamic changes of functional
connectivity, this section attempts to answer the question: What happens if only a subset
of the data is used? To begin, a method employing correlation is used to analyze
differences in the first half and the second half of the data. Further exploring the
dynamic analysis, a sliding-window technique will be implemented as an approach to
investigate gradual changes in correlation throughout an acquisition. The final method
will be a point-process method that will explore brief traces of high BOLD signal in a
seed region.

6.1 Dynamic Correlation
If only one correlation value is calculated for an entire fMRI session, is it possible
that there is dynamic functional connectivity within a session? Dynamic correlation is
implemented by comparing the seed-voxel correlation performed only on the first half
of the scan with that performed on the second half of the scan. This is done using a 16
subject subset as well as on single subjects. The purpose of this section is to see if the
correlation coefficient map changes from the first to second half of the scan session.

6.1.1 Dynamic Correlation Results
Results from Dynamic correlation on the first half of a data session and the
second half can be seen in Figure 15 and Figure 16 respectively. Figure 17 show the
subtraction of the correlation coefficients from the first and second halves of the scan
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length. All of the differences in correlation value fall within 0.25. From this analysis
there is no significant difference that occurs over all subjects between the halves of a
session. In this case, on an average among 16 subjects the DMN does not significantly
change in the same areas of the between the first half and the second half of a session for
all 16 subjects. There could be changes within each subject that are simply averaged out
over the 16 subjects.

Figure 15: Correlation performed on the first half of the scans for 16 subjects.
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Figure 16: Correlation performed on the second half of scans for 16 subjects.

Figure 17: Differences between the correlation coefficients in the first and
second halves of the scan.
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Now, instead of using 16 subjects, a single subject’s first and second halves of the
scans are analyzed. This data is illustrated in Figure 18. Three subjects are depicted in
rows and the first half of the scan’s correlation coefficients are in the left column while
those from the second half are in the right column. The largest difference is seen in the
third subject (Figure 18 E & F) where the average correlation coefficient in the PCC is
higher for the first half of the session. The mPFC has a trace of correlation where in the
second half of the scan it does not.
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Figure 18: Dynamic correlation coefficients for three subjects comparing the
first half and second half of the scan session. Subject 1, first half (A) second half (B).
Subject 2, first half (C) second half (D). Subject 3, first half (E) second half (F).
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6.2 Dynamic Analysis with a Sliding Window Technique
Recently attention has moved from functional connectivity to dynamic functional
connectivity which focuses on the temporal fluctuations within a scan as opposed to
looking at static functional connectivity patterns throughout that entire scan. The sliding
window techniques is used evaluate the temporal fluctuations in functional connectivity
by using a “sliding window” more specifically, picking a smaller time frame than the
full data set and running correlation on the subset of data and then shifting the window
over and finding the correlation in the new window.

6.2.1 Sliding Window Methods
The sliding window methods in this work only analyze one subject at a time. 25,
35, and 45 were the three window widths that were used. For example, an analysis with
a window size of 25 finds the correlation coefficients in time points 1-25, then moves on
and finds the correlation coefficients in time points 2-26 etc.. The correlation coefficient
is computed with equation 5.1 using the same methods discussed in the correlation
methods of section 5.1.

6.2.2 Sliding Window Results
Figure 19 displays the same transverse slice of the brain in for the same subject
session at four different points throughout the session. The analysis of the top row was
done using a 45 time point window, the second row has a 35 time point window, and
the bottom row has a 25 time point window over which the correlation coefficient was
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computed. The largest variations in the results are seen in the 25 time point window.
This is intuitive because the images in the columns have the least amount of overlapping
time points between them.

45 Time
Point
Window

35 Time
Point
Window

25 Time
Point
Window

Figure 19: Sliding Window Results for one subject. Rows represent different
sizes of windows and the columns represent how far along into the scan the window
was.
Figure 20 and Figure 21 display the correlation coefficient of an ROI placed over
the PCC region for the sliding window analysis results through time for two different
subjects. Looking at these results it is clear that as the sliding window becomes smaller,
there are changes throughout the session in correlation. However, as the window gets
smaller so does the number of time points as an input to the correlation, thus reducing
the certainty of the computation.
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Figure 20: Sliding window average seed region correlation coefficient for
Subject 1.

Figure 21: Sliding window average seed region correlation coefficient for
Subject 2.
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6.3 Dynamic Analysis with a Point-Processing Method
Lately, fMRI research has begun to explore if brief traces of activity in a seed
region can identify functional relationships41. Recent work has shown that functional
connectivity in resting-state can be computed from high amplitude BOLD signals42.
While different methods use the point process to pick specific points of interest in the
seed region, this method also utilizes point processing throughout the brain42. This
method tests the approach that functional activity patterns can be identified by looking
at brief signals of response within the seed region and elsewhere throughout the brain.

6.3.1 Point-Process Methods
To implement this point-processing method the first step is to define a seed
region. ICA results were used to locate the PCC and define a VOI. A threshold was
applied to the BOLD signal and and time points were selected where the BOLD signal
satisfied the threshold requirements. The same threshold was also applied to the time
profile of each voxel in the brain, i.e., including voxels outside and within the seed
region. The signal profile of seed region time points above the threshold was compared
to the signal profile of voxels throughout the brain with time points over a given
threshold. Any time point that occurred on both signal profiles was considered a match.
This process is visualized in Figure 22 with matches having vertical dotted lines
connecting their time points. From this step, analysis is done to evaluate whether or not
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a voxel was part of the functional connectivity network based on the relative percentage
of matching time points.

Figure 22: Point-Processing voxel matching Method. (A) Shows the Seed time
profile and (B) shows a single voxel’s time profile.
These methods are demonstrated in this work for thresholds of 10% and 33% for
the 10% threshold, BOLD signals in the top 10% were analyzed, as well as signals in the
bottom 10% and the middle 10%. The same process was repeated for the 33% threshold.

6.3.2 Point-Process Results
After using the above point-processing methodology it becomes clear that both
brief high BOLD signals and low signals have the ability to produce functional
connectivity patterns from a seed region. Results with a threshold of 10% are displayed
in Figure 23 and a threshold of 33% in Figure 24.
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Figure 23: Results using a 10% BOLD signal threshold. The scale represents
the number of times the seed region time points were above the threshold and the
individual voxel was over the threshold. The scale is normalized by the total possible
matches. (A) Top 10% of signal profile (B) Bottom 10% of signal profile (C) Middle
10% of signal profile.

A

B

C

Figure 24: Results using a 33% BOLD signal threshold. The scale represents
the number of times the seed region time points were above the threshold and the
individual voxel was over the threshold. The scale is normalized by the total possible
matches. (A) Top 33% of signal profile (B) Bottom 33% of signal profile (C) Middle
33% of signal profile.
As was done with correlation results, a histogram of the relative matches can be
created. Here we can quantitate the differences between using high, low, or medial
signals to reproduce connectivity patterns. Figure 25 illustrates a histogram representing
the percentages of matches found in the data with a threshold of 33%. From this
conclusion is drawn that although the mean of the top 33% of the data is slightly higher
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than that for the bottom and middle fractions of the data, the peaks of the histogram are
not resolved. This leads us to conclude that although the high amplitude BOLD signals
provide a slightly higher percentage of matches, the low amplitude BOLD signals can
also be used.

Figure 25: Histogram representing the distribution of relative matches for a
threshold of 33%.
Using the laird template as the ground truth and varying the percent matches to
determine if a voxel was part of the DMN or not, a matching percent of 19% and 16% for
high and low signal thresholds respectively were found to give a false positive ratio of
0.05.
Using the matching percentages for a false positive rate of 0.05 for a sixteen
subject population as a binary cut off the false positive rate was calculated for varying
numbers of subjects. Using a BOLD signal threshold of 10%, ten iterations of randomly
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selected subjects were averaged in attempt to remove bias caused by the varying
correlation patterns of different subjects. This is shown in Figure 26 There is a clear
increase in the specificity of the correlation method as the number of subjects is
increased. However, there is a large variation for a small number of subjects, even when
averaged over ten random iterations.

Figure 26: Voxel false positive rate as a function of number of subjects with a
matching threshold of 19% and 16% for the top and bottom 10% of data points
respectively. The false positive rates were found using the the laird DMN template
with a threshold of 4 as the ground truth.
Repeating the above process with a BOLD signal threshold of 33% the results are
displayed in Figure 27. With a larger subset of data points to be matched the false
positive curves show less variability in the changing false positive rate.
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Figure 27: Voxel false positive rate as a function of number of subjects with a
matching threshold of 30% and 34% for the top and bottom 33% of data points
respectively. The false positive rates were found using the the laird DMN template
with a threshold of 4 as the ground truth.
These findings suggest that functional connectivity patterns can be identified
only using a small number of time points. Using only 10% of the time points during a
functional MRI functional connectivity patterns can be reproduced with varying degrees
of accuracy. Using this same method, with a 33% threshold a plot of false positive rates
shows no significant separation between utilizing the top third and the bottom third of
the BOLD signal time points.
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7. Discussion
This work has covered a variety of methods for identifying functional
connectivity patterns or resting state networks. The first method was ICA; ICA has the
advantage of not being seed based so there is the ability to extract multiple components
at once. Also, compared to other methods discussed in this work ICA has the ability to
remove some of the physiological noise. However, ICA has the disadvantage of
assuming that all of the resting-state networks are independent of one another.
Correlation was the third method discussed but perhaps the simplest. For correlation, a
seed region needs to be defined which means that only one network can be analyzed at a
time. The fact a seed region is needed means there is inherently a bias by where the seed
region is and prior knowledge is also needed to know where the ROI should actually be
located. PCA was the second method introduced. PCA can find multiple components at
once much like ICA, however PCA does not allow the separation of noise like ICA does.
This method was unsuccessful at identifying the network under study.
The remained of the methods started to address the idea of dynamic functional
connectivity. Dynamic correlation separated the first and second halves of the scan.
Over 16 subjects there was no statistical difference between the correlation maps,
however, differences were seen in individual subjects’ session halves. The slidingwindow techniques was introduced next. This technique allowed an analysis with how
well a region of interest was correlated through different windows of time throughout a
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scan. In this analysis method, it becomes clear that the correlations fluctuate throughout
the scan. The final method was a point-processing method. This method was also
limited by a seed region definition. However, functional patterns were identified using
only data from the points over a threshold.

7.1 Limitations
One major limitation of this project is the ambiguity of resting-state acquisition.
The thoughts and emotions that one subject has during their MRI acquisition could vary
significantly from what another subject is feeling and thinking about. This limitation has
begun to get addressed with post-scan surveys to see how anxious a subject was and
what their thoughts were during the MRI.
Another Limitation in this research is the variation between the anatomy of
human brains. Although each acquisition was transformed into a standard space to
correct for the variation in brain size and shape, this does not mean that the
physiological processes transform into the exact same space as the anatomy.
Perhaps one of the biggest limitations is the level of noise and uncertainty when
performing these analysis methods on only one subject. In the future, in order to use
these methods to analyze connectivity patterns for a single subject, there must be a
substantial increase in the reproducibility and precision of these methods.
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7.2 Future Work
The areas of future work for this project are broad. One aspect of this work that
needs improvement is the statistical power of the results. One way to improve this
measure is to break down the voxels in the brain into functional based ROI’s. This has
preliminarily been done for the PCA technique but would also be of use in the
correlation, and point- process methods. An advantage of the ROI based analysis would
be that instead of using a seed region, matrix based analysis could be done.
The next area of future work is the statistical analysis of the results and
developing a method to threshold the results to maximize the sensitivity and specificity.
The challenging aspect of this analysis is that a ground truth is not available.
A third area for future work is to repeat the methods for other resting state
networks. This has been done independently for the different methods of analysis such
as correlation and point processing but an extensive inquiry has not been done to
determine if the method’s effectiveness will be impacted by the chosen network under
study.
…
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8. Conclusion
This work demonstrates the ability to identify functional connectivity networks
using different methods and starts to explore the dynamic properties of the functional
connectivity. The correlation and ICA techniques were able to reproduce the DMN with
only one subject while the PCA approach could not consistently produce the DMN. The
point process method showed resemblance to the DMN but also a large amount of noise.
Using 16 subject analysis PCA analysis was unable to reproduce the DMN. Conversely,
for 16 subject’s correlation, ICA, and the point process method were successful at
producing the DMN.
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