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ABSTRACT
In this thesis, we study the graphical lasso method and apply it to functional magnetic

resonance imaging (fMRI) data. The graphical lasso method enables one to construct undirected
sparse graphs between variables of interest. The fMRI data concerns subjects’ brain activities
while they engage in saccadic eye movement tasks. The datasets are collected before and after
they practice certain tasks. Using the graphical lasso procedure, we create undirected graphs that
display the connections between the different regions of interest (ROI) in the brain. By
controlling the regularization parameter in this lasso procedure, we identify which ROIs are more
strongly connected than the others. We compare these undirected graphs before and after the

practice and also across different practice groups.
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CHAPTER 1

INTRODUCTION

1.1 BACKGROUND

Graphical models are a tool implemented to simplify complicated systems and to describe
the relationship among multiple random variables. These models use a graph-based
representation as the basis for compactly encoding a complex distribution over a high-
dimensional space (Koller and Friedman, 2012). They are frequently performed in machine
learning, probability theory and statistics. Another area that graphical models are implemented
in is functional magnetic resonance imaging (fMRI) data.

One way to examine human brain activity is through the use of the fMRI procedure.
FMRI data are generated by computing the variations in blood flow throughout different regions
(or voxels) of the brain by means of Blood-Oxygen-Level-Dependent (BOLD) contrast. This
type of high-dimensional data presents many “big data” problems regarding the construction of
the brain network. Traditional methods for this type of analysis might not apply to datasets of
this magnitude, so many new statistical methods are being developed. According to Luo (2014),
a significant scientific question is how these brain areas are associated, which is termed brain
connectivity. This brings us to the goal of this thesis, which is to apply graphical models to
fMRI data for the purpose of finding the connections between different regions of the brain.

In this thesis, we offer an interpretable technique for brain network estimation from fMRI

data. In Chapter 2, we review related statistical methods such as: the lasso method, penalized



Gaussian log-likelihood estimation, coordinate descent algorithm, and graph estimation. Then
we introduce the motivating dataset and how it was extracted in Chapter 3. In Chapter 4, we
focus on the techniques used to evaluate the dataset and the results from the analysis. In Chapter
5, we highlight the different regions of the brain that boast the strongest connections detected

from the fMRI data. Finally, we conclude by discussing potential future work in this field.



CHAPTER 2

LITERATURE REVIEW

2.1 THE LASSO PROCEDURE

Recently many statisticians have suggested the L, (lasso) penalty for the estimation of
sparse undirected graphical models. LASSO (least absolute shrinkage and selection operator) is
a regression analysis method that performs variable selection and regularization. In this context,
regularization is a procedure of preventing over-fitting and is controlled by the regularization
parameter, — A. This method enhances the accuracy and interpretability of the model it produces.
The lasso method improves prediction error by shrinking large regression coefficients, reducing
overfitting, and forcing small coefficients to be exactly zero.

Tibshirani (1996) defines the lasso method in (2.1.1) with the data (x;,y;), i =

T . .
1,2,---,N, where x; = (xil,m,xip) are the predictor variables and y; are the response
variables. In this situation, we assume the observations are independent or the responses are

conditionally independent given the predictor variables. We must also assume the x;; are

standardized. Then if we let 8 = (B, ---,BP)T, the lasso estimate (&, §) is defined by

n

2
(@,B) = argmin Z yi—a-— Zﬁjxij subject to Zlﬂjl <A (2.1.1)
J J

i=1
In (2.1.1), A = 0 and it controls the shrinkage that is applied to the estimates. As A — 0, it forces

the sum of the absolute value of the regression coefficients to be less than a fixed value and it



essentially chooses a simpler model with fewer coefficients. For any value of 4, the result for «

is @ = ¥ and without loss of generality we assume y = 0, so it is reasonable to remove a from

2.2 PENALIZED GAUSSIAN LOG-LIKIHOOD FUNCTIONS

As of late, substantial development has been made on designing efficient algorithms to
learn sparse undirected graphs from high-dimensional datasets. The majority of these
approaches are constructed from penalized maximume-likelihood estimation. The penalized
Gaussian log-likelihood functions are used in this thesis for variable selection and parameter

estimation. They originated from the multivariate Gaussian log-likelihood function:

n

n 1
In p(X|p, 2) = = loglz| = 5| ) (=10 '00e — ) | +c.

i=1
Here there are n multivariate normal observations, (xq,:,X,), with p dimensions, mean u,
covariance Y}, inverse covariance matrix Y"1 = (2, and constant term c.

Meinshausen and Biihlmann (2006) take a simple approach to sparse graphical model
estimation by fitting a lasso model to each variable and using the remaining variables as
predictors. Yuan and Lin (2007) suggest a more complicated approach to achieve a sparse graph
structure and to give a better estimator of the concentration matrix Q. They adapt the L; (lasso)
penalty (Tibshirani, 1996) and seek the minimizer (ﬁ ﬁ) of

&
—log|Q| + EZ(xi — 1) '2(x; — p) subject to Z|.(2ij| <A (2.2.1)
i=1 i#]
where A represents the tuning parameter. Since we are assuming the x; are standardized, we can

re-write (2.2.1) as



n
1
—log|Qf + EZ x; 'Qx; subject to Z|!2ij| <A
i=1

i#j

This can further be re-written as

—log|Q| + tr(5Q) subject to 2|.(2ij| <

i#]j
where S represents the empirical covariance matrix and tr(SQ) represents the trace of SQ. Yuan
and Lin (2007) also clarify that since the objective function and feasible region of the previous

equation are convex, we can equivalently use the Langrangian form

“loglQ| + tr(SQ) + AZ|.QU|.

i+j
To determine conditional independence between the p variables, we must examine Q. A
nonzero off-diagonal entry in Q means the matching i** and j** variables are directly connected.
Likewise, a zero in the off-diagonal implies the i*® and j'* variables are conditionally

independent, given all other variables and there is no connection between them.
2.3 COORDINATE DESCENT ALGORITHMS

The convex optimization problems mentioned in the previous section can be solved using
coordinate descent (CD) algorithms by sequentially executing rough minimization along
coordinate directions or coordinate hyperplanes. Wright (2015) mentions that CD methods are
the archetype of an almost universal approach to algorithmic optimization: solving an
optimization problem by solving a sequence of simpler optimization problems. It is a one-at-a-
time update scheme, where each iterate is attained by fixing the majority of the variable vector x

at their present iteration, and approximately minimizing the objective with respect to the



remaining components. The remaining lower dimensional problems are normally more easily
solved than the full problem.

In the graph estimation that we conduct, we apply CD with active set and covariance
update to minimize the penalized Gaussian log-likelihood functions. This will rotate through all
of the variables and fit a modified lasso regression to each variable in turn. These individual

lasso problems are then solved by CD.



CHAPTER 3

DATA

3.1 THE EXPERIMENTS

In this thesis, we apply graphical models to datasets from an experiment that investigated
low and high levels of cognitive control through ocular motor circuitry underlying saccade
production. Cogpnitive control refers to the development of planning and goals to effect behavior
and saccade refers to a swift movement of the eye between fixation points. The purpose of this
experiment was to determine if practice and familiarity to the saccade trials would decrease the
cognitive control that would be needed to trigger the appropriate task set.

The dataset came from an experiment conducted on young healthy adults and only
included two types of trials: prosaccade trials of looking toward a stimulus and antisaccade trials
of looking to the mirror image. Pierce and McDowell (2017) set up the experiment so these two
trials were presented in five mixed runs with varying probability of antisaccade to prosaccade
trials (0%, 25%, 50%, 75%, or 100%) and the data was recorded at 158 time points (or volumes).
In addition to these five runs there was also a blocked-design run that presented alternating
blocks of antisaccade and prosaccade tasks, and the data was logged at 170 time points. They
split up the participants into two groups following the pre-test (before any exposure to practice
tests), one group practiced only antisaccade trials (the “general” group), while the other group
practiced the same five runs of differing probabilities as they performed in the initial test (the

“specific” group). After four days of practice, a posttest fMRI session was conducted to



compare the results and determine if less cognitive control was needed to perform the tasks.
Pierce and McDowell (2017) hypothesized that the cognitive control regions associated with
these tasks, like the prefrontal cortex and anterior cingulate cortex, would show a decrease in

BOLD activation at posttest.

3.2 REVIEW DATASETS AND REGIONS OF INTEREST

The dataset had 32 participants (split into two practice sets of 16), included 37 of 38 (40
x 48 voxels in size) slices of the brain, and had 158 volumes for the 0-100% events and 170 for
the block design event. When this experiment was conducted, the datasets were centered around
different areas of the brain, which we will refer to as ‘regions of interest’ or ROI. This dataset
includes twenty of these ROI and each of them is listed in Table 3.1 below.

Table 3.1: ROI Overview

Region of Interest Abbreviation | Left and Right

Prefrontal Cortex PFC Both
Supplementary Eye Field SEF Neither

Medial Frontal Eye Field mFEF Both
Lateral Frontal Eye Field IFEF Both
Inferior Frontal Cortex IFC Left
Thalamus Thal Both
Basal Ganglia BG Both
Inferior Parietal Lobule IPL Both
Precuneus Precun Both
Middle Occipital Gyrus MOG Both
Cuneus Cun Both

Remark. These ROIs were the columns of the datasets and the time points were the rows. Each
ROI is one time series averaged over subjects and voxels in that area (ROI).
It is also important to note the approximate location of these ROIs in the brain. Figure

3.1 displays the ROI in positional order. The blue circles are the frontal, orange are the



subcortical, red are the parietal, and green are the occipital. This structure will be used later, to

display the connections between the ROIs.

Figure 3.1: ROI Location



CHAPTER 4

PROCESS

4.1 IMPLEMENTATION

The computer programming language R was used in this thesis to apply graphical models
to the fMRI datasets. The R packages that were implemented include the following: HUGE,
glasso, manipulate, igraph, and fields. To create visualizations of the fMRI data we use an
R package called HuGge (high dimensional undirected graphs). This package allows the user to
input either the covariance matrix or the data matrix into it, and it detects which matrix it is by
the symmetry of it. The code is also memory-optimized using sparse matrix data structures so
that it can handle larger datasets when estimating and storing full regularization paths (Zhao et
al., 2012). It provides an additional graph estimation method based on thresholding the sample
correlation matrix. We take a closer look at this package in Section 4.2, when we examine the
graph estimation pipeline.

The other packages also helped create the visualizations. The glasso package is used to
estimate the sparse inverse covariance matrix using a lasso (#,) penalty. The manipulate
package is used to create an interactive plot that featured a lever allowing the user to adjust the
regularization parameter for the lasso method. As the lever changes, so does the plot. The
igraph package is used to implement graph algorithms (like the graphical lasso algorithm) and
handles large graphs with ease. The fields package is used to implement sparse matrix

methods for our large dataset.
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4.2 GRAPH ESTIMATION PIPELINE

To describe the conditional independence among variables in the fMRI data, we use heat
and undirected graphs created through the HUGE package in R. This package offers several
different modules, but only a few of them were used in this project and they can be seen below in
Figure 4.1. To start, there is a data generator that can generate multivariate Gaussian data, but
we are using data from an experiment so we did not need to use this module. The next module is
a screening process of either the lossless screening or lossy screening. Zhao et al. (2012)
mention that this part of the pipeline is meant to control the use of large-scale correlation
screening prior to graph estimation and these screening methods can dramatically decrease the
computational rate. They can also demonstrate equal or better estimation by reducing the
variance; however it is at the cost of a slight increase in bias.

Following inputting the data and screening process comes graph estimation and this
package offers two types: the covariance selection algorithm (Meinshausen and Biihlmann,
2006) and the graphical lasso algorithm (Friedman et al., 2010b). In this project we implement
the latter of the two. This package also provides three regularization parameter selection
methods: the stability approach for regularization selection, a modified rotation information
criterion, and the extended Bayesian information criterion. The extended Bayesian information
criterion is the only one applicable for the graphical lasso method and it is a log-likelihood model
based selection criterion (Zhao et al., 2012). Lastly, there is a visualization of these estimated
graphs and paths through the igraph package, where we are able to create undirected and heat

graphs.

11



ser : Graph estimation with the H Modpl Visualization
lossless screening rule selection

Yes

Graph estimation with the
lossy screening rule

Figure 4.1 HUGE pipeline

4.3 UNDIRECTED GRAPH

Undirected graphs are a natural approach to describe the conditional independence
among many variables. Each node of the graph represents a single variable (a region of interest
in the brain) and no edge between two variables implies that they are conditional independent
given all other variables. It is called an undirected graph because each edge is bi-directional,
opposed to a directed graph where each edge points to a node. In the past decade significant
progress has been made on designing efficient algorithms to learn undirected graphs from high-
dimensional observational datasets (Zhao et al., 2012). The majority of these methods are based
on the penalized maximum-likelihood estimation that we discussed in Section 2.2.

Figures 4.2 and 4.3 are screen-shots of undirected graphs that were created in this thesis.
As clearly shown in the figures, there are twenty nodes that are each labeled by the abbreviation
for the different ROI. The top part of the figures defines the A value (regularization threshold)
we are looking at. It is also important to note that these graphs represent three dimensional
images, so the location of the nodes shifts in every frame when it is put into this two dimensional

representation.

12



Lambda
0.92
IPL
ICun Cun
IFC
S Deécon rmedFEF
N
o medFEF oo
MOG
PFC
BG
NG [Precun
rThal SEF
b rlatFEF
PFC

Figure 4.2 Undirected Graph with Lambda value = 0.92
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Figure 4.3 Undirected Graph with Lambda value = 0.91
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In this case, Figure 4.2 has A = 0.92 and one edge (connection) between the right
thalamus and left thalamus. As A decreases to 0.91 another edge gets added between the right
cuneus and left cuneus. Given the setup of the algorithms used, the undirected graphs actually
have stronger connections as A increases. This value is less important to this study than the

strength of the connections between the ROI.

4.4 EXAMPLE

Analyzing the fMRI data is a complicated task, so to better understand the behavior of the
data; we will use an example with arbitrarily selected nodes instead of regions of the brain.
Figure 4.4 displays this example in a step-by-step series of undirected graphs on how the data
might behave as the lasso regularization parameter tightens. Progressing through each step, the
weak connections between the covariates drop off first and the strongest are the last ones
remaining. This example was created for the purpose of the viewer to see how the edges come in
and out of the undirected graph. It is not intended to portray a relationship between any of these
nodes.

The example begins, in step one, with the majority of the nodes connected to one another.
In the second step the two edges, Grade — Intelligence and Grade — Happy, drop off. After a few
more steps of different edges dropping off, we get to step five where the edge between Grade —
Intelligence actually gets added back in. This is common to see in the fMRI data, and it happens
because each step is independent of the other steps. This is similar to stepwise regression used
for variable selection. As A continues to decrease towards zero, more and more edges drop off
until only the strongest connections remain. In the case of this example, Coherence and

Difficulty have the strongest connection between one another.

14
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Step2: 1 =.73

Coherence

Intelligence

>
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Figure 4.4 Example of an Undirected Graph
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Step7: 1 =.52

Step8: 1= .48

Coherence

- Intelligence

. Intelligence

Step9: 1= .41

Step 10: 4 =.35

Coherence

Intelligence

Coherence

w Intelligence

Figure 4.4 (Continued) Example of an Undirected Graph

4.5 HEAT GRAPH

In addition to undirected graphs, we were able to generate heat graphs to combat the
always shifting undirected graphical images produced. The heat graphs offer a clearer view of
the edges entering and exiting the model. Figure 4.5, is a screenshot of how the heat graph is
portrayed in R studio with the manipulate lever used to control the tuning parameter. For a closer

look at the manipulate lever view Figure 4.7.
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Figure 4.5 Heat Graph in R Studio

Figure 4.5 displays the r code used to create the heat graph on the upper left in the editor
window, the console on the bottom left, and the heat graph in the plot on the right. Similar to the
undirected graph, A is centered above the graph and controlled through the manipulate lever in
the center of the screen. This is a 20 x 20 graph with the abbreviations for each region of
interest on the x and y axis’s respectively. A red box indicates an edge and a blue box indicates
no edge. Since this graph is symmetric each edge gets represented twice, so it is a bit easier to
interpret the results when only half of it is observed. An image of the graph with half of it
blocked out can be found below in Figure 4.6. There are also no edges connecting a node to
itself, so the diagonal element of the graph will always be blue. Then to figure out which nodes
are connected, one can trace each red block back to the x axis and y axis to find the nodes that

are connected to one another.
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Figure 4.6 Heat Graph Zoomed In
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Figure 4.7 Manipulate Lever
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Figure 4.8 displays the same demonstration used in the undirected graphs in Section 4.3.
It is side-by-side heat graphs of fMRI data that has been shifted by A = 0.01. When A = 0.91,
there are two connections between the left cuneus and the right cuneus and the right thalamus
and left thalamus. The shift up has removed the edge between the left cuneus and right cuneus.
This displays that the left thalamus and right thalamus have the strongest connection for this
dataset. These heat graphs were used to carefully chart the edges exiting and entering each
dataset.

Again, if the symmetry of the graph is a distraction when recording the data, it is

recommended to block out half the graph and only focus on one set of coordinates.
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Figure 4.8 Heat Graphs with Lambda values equal to 0.91 and 0.92
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CHAPTER 5

RESULTS

5.1 DATA COMPARISONS

After analyzing the graphical models for each dataset we can carefully compare and
contrast the results to see if the cognitive control regions associated with these tasks showed any
differences between groups and runs. To make these comparisons between the datasets we
examined the ten strongest connections between the ROI and the order of their strength. The
datasets that we wanted to closely compare were the 0% event with the 100% event and the 50%
event and blocked-design. We also want to see how the “general” and “specific” practice groups
compare to one another as well as the pre and post-test for each group. Recall that, for example,
the 0% event includes no antisaccade trials and only features prosaccade trials.

We will display tables that indicate which group we are investigating, the strength of the
connections, and the abbreviations for the ROI that are connected. Strength of connection will
be on a scale of one to ten, with one being the strongest connection and ten being the weakest.
Recall that some edges are removed from the model at the same time, so it is entirely possible
that they have the same strength of connection. In the tables that follow, we have accounted for
these connections that happen simultaneously and labeled them one after another, in an order that
might match them up slightly better with their counter-part test for an easier comparison. These

tables are followed by matching figures that give a visual of these ten strongest connections.

20



Table 5.1 General practice group for 0% event

Strength of ROI Connected

Connection Pre-test Post-test
1 IThal —rThal IThal —rThal
2 ICun —rCun ICun—rCun
3 IBG - rBG IBG - rBG
4 rBG —rThal rBG — rThal
5 IBG — IThal ImedFEF — rmedFEF
6 IThal - rBG IBG — IThal
7 ImedFEF — rmedFEF ImedFEF — SEF
8 ImedFEF — IPrecun IThal - rBG
9 IMOG - rMOG IBG —rThal
10 IBG —rThal IIPL — rmedFEF
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Figure 5.1 General practice group at pre-test (Left) and post-test (Right) for 0% event
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Table 5.2 Specific practice group for 0% event

Strength of ROI connected

Connection Pre-test Post-test
1 ICun —rCun ICun —rCun
2 IThal —rThal IThal —rThal
3 ImedFEF — rmedFEF IBG - rBG
4 IBG - rBG rBG — rThal
5 IThal - rBG IThal - rBG
6 rBG —rThal ImedFEF — rmedFEF
7 rmedFEF — SEF rmedFEF — SEF
8 IBG — IThal IMOG - rMOG
9 ImedFEF — SEF ImedFEF — SEF
10 llatFEF — rlatFEF rPrecun — SEF

Figure 5.2 Specific practice group at pre-test (left) and post-test (Right) for 0% event (Left)
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Table 5.3 General practice group for 100% event

Strength of ROI connected
Connection Pre-test Post-test
1 ICun —rCun ICun—rCun
2 ImedFEF — rmedFEF | ImedFEF — rmedFEF
3 IBG - rBG IThal —rThal
4 IThal —rThal IBG - rBG
5 rBG —rThal rBG — rThal
6 IBG — IThal IBG — IThal
7 IThal - rBG IThal - rBG
8 ImedFEF — IPrecun IMOG - rMOG
9 IBG —rThal rlatFEF — rmedFEF
10 IMOG - rMOG rmedFEF - ICun

Figure 5.3 General practice group at pre-test (Left) and post-test (Right) for 100% event
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Table 5.4 Specific practice group for 100% event

Strength of ROI connected
Connection Pre-test Post-test
1 ICun —rCun ICun —rCun
2 IThal —rThal IThal —rThal
3 IBG - rBG IBG - rBG
4 ImedFEF — rmedFEF | ImedFEF — rmedFEF
5 rBG —rThal IBG — IThal
6 IThal - rBG rBG — rThal
7 IBG — IThal llatFEF — ImedFEF
8 rmedFEF — SEF IThal - rBG
9 IBG —rThal llatFEF — SEF
10 ImedFEF — SEF rmedFEF — SEF
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Figure 5.4 Specific practice group at pre-test (Left) and post-test (Right) for 100% event
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Table 5.5 General practice group for 50% event

Strength of ROI connected
Connection Pre-test Post-test
1 ImedFEF — rmedFEF IThal —rThal
2 ICun —rCun IBG - rBG
3 IThal —rThal ICun —rCun
4 IBG - rBG rBG — rThal
5 rBG —rThal IBG — IThal
6 IBG — IThal ImedFEF — rmedFEF
7 IThal - rBG IBG —rThal
8 rmedFEF — SEF IThal - rBG
9 ImedFEF — SEF rlatFEF — rmedFEF
10 ICun — rmedFEF ICun — rlatFEF

Figure 5.5 General practice group at pre-test (Left) and post-test (Right) for 50% event
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Table 5.6 Specific practice group for 50% event

Strength of ROI connected

Connection Pre-test Post-test
1 ICun —rCun ICun —rCun
2 IBG - rBG IThal —rThal
3 ImedFEF — rmedFEF | ImedFEF — rmedFEF
4 IThal —rThal rBG — rThal
5 IBG — IThal IBG - rBG
6 rBG —rThal rmedFEF — SEF
7 rmedFEF — SEF ImedFEF — SEF
8 IThal - rBG llatFEF — ImedFEF
9 ImedFEF — SEF IThal - rBG
10 IBG —rThal IBG — IThal
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Figure 5.6 Specific practice group at pre-test (Left) and post-test (Right) for 50% event
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Table 5.7 General practice group for blocked-design

Strength of ROI connected
Connection Pre-test Post-test
1 ImedFEF — rmedFEF | ImedFEF — rmedFEF
2 ICun —rCun ICun —rCun
3 IThal —rThal IBG - rBG
4 IBG - rBG IThal —rThal
5 rBG —rThal rBG — rThal
6 llatFEF — ImedFEF IBG — IThal
7 ICun — ImedFEF ImedFEF — SEF
8 IThal - rBG llatFEF — ImedFEF
9 ImedFEF — IPrecun IBG —rThal
10 rBG —rIPL rmedFEF — SEF

Figure 5.7 General practice group at pre-test (Left) and post-test (Right) for blocked-design
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Table 5.8 Specific practice group for blocked-design

Strength of ROI connected

Connection Pre-test Post-test
1 ICun —rCun ICun —rCun
2 ImedFEF — rmedFEF | ImedFEF — rmedFEF
3 IBG - rBG IBG - rBG
4 IThal —rThal IThal —rThal
5 rBG —rThal llatFEF — rlatFEF
6 ImedFEF — SEF llatFEF — rmedFEF
7 rmedFEF — SEF rBG — rThal
8 IBG — IThal llatFEF — ImedFEF
9 llatFEF — rlatFEF ImedFEF — SEF
10 IThal —rBG rlatFEF — rmedFEF

/'9

Figure 5.8 Specific practice group at pre-test (Left) and post-test (Right) for blocked-design
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5.2 OVERALL RESULTS

To conduct a proper analysis on this fMRI data, we must examine it in different sections.
We will begin by listing the strongest connections that appeared with the most frequency
throughout all of the event datasets in Table 5.9. We will compare the results from the datasets
that had the individuals participating in drastically different ratios of the saccadic eye movement
tasks. Therefore we will be paralleling the 0% event with the 100% event and the 50% event
with the blocked-design. Following these comparisons we will examine how frequently these
connections appeared across the general and specific groups for pre and post-test in Table 5.10.

Recall that the 0% events did not include any antisaccade trials and the 100% events did
not have any prosaccade trials. The general group practiced antisaccade trials while the specific
group practiced both antisaccade and prosaccade trials. In general, they share the common
connections such as Cun, Thal, BG and FEF as can be seen in Tables 5.1-5.4 and Figures 5.1-5.4.
We note that FEF appeared more strongly in the 100% event than in the 0% event. The IBG —
rThal appeared in the 0% general group and did not appear at all in the specific group. Similarly,
the ImedFEF — SEF and rmedFEF — SEF connections only appeared in the specific group for the
0% and 100% events. One subtle difference between the two events is that ImedFEF — SEF
appears in the 0% event three times opposed to one time in the 100% event. This subtle
difference was not enough to alter the notion that these two groups are far more alike than
dissimilar when it comes to their strongest connections.

When comparing the 50% event and blocked-design, we found it hard to find the practice
effect through the graphs. The 50% event specific practice group did not appear to change very
much from pre to post-test. However, the 50% event general practice group had the FEF — SEF

connection in the pre-test, but was gone in the post-test. This is the exact opposite case for the
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blocked-design general practice group. In the blocked-design post-test, we note that the FEF had
more connections in the specific group than the general group. The specific blocked-design
post-test group lost an FEF — SEF connection and lacked a lot of the BG — Thal connections that
many other groups had. On the other hand we notice that llatFEF — ImedFEF appears in the
blocked-design three times opposed to only once in the 50% event groups.

Table 5.9 Most Frequent Connections by Event

Strongest ROI Events
Connections 0% | 100% | 50% | Blocked-design
ICun —rCun 4 4 4 4
IThal —rThal 4 4 4 4

IBG - rBG 4 4 4 4
ImedFEF — rmedFEF | 4 4 4 4
rBG — rThal 4 4 4 4
IThal — rBG 4 4 4 2
IBG — IThal 3 4 4 2

IBG —rThal 2 2 2 1
ImedFEF — SEF 3 1 3 3
rmedFEF — SEF 2 2 3 2

The numbers on the inside of Table 5.9 indicate the number of times that a connection
appeared throughout the four events. The maximum this number can be is four because each
event has two groups (general and specific) and two tests (pre and post). As clearly shown, the
top five connections, in Table 5.9, appear in every dataset and the bottom five connections
appear with less frequency but still seem relatively consistent across the events. In Table 5.10
we analyze the same ten connections, but look at them across the different groups instead of

events.
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Table 5.10 Most Frequent Connections by Group

Strongest ROI General Specific
Connections Pre Post | Pre | Post
ICun —rCun 4 4 4 4
IThal —rThal 4 4 4 4

IBG - rBG 4 4 4 4
ImedFEF — rmedFEF 4 4 4 4
rBG —rThal 4 4 4 4
IThal - rBG 4 3 3 3
IBG — IThal 3 4 4 2
IBG —rThal 2 3 2 0
ImedFEF — SEF 1 2 4 3
rmedFEF — SEF 1 1 4 3

In Table 5.10, we see the most frequent connections separated by group instead of event
as in Table 5.9. Notice that IBG — rThal, appears at least twice in every section besides the
specific post-test group where it fails to appear at all. The ImedFEF — SEF and rmedFEF — SEF
both appear over twice as many times in the specific groups than the general groups. These were
the three connections that really stood apart from the others across the general and specific

groups.

5.3 INDIVIDUAL TEST RESULTS

In the analysis done thus far, we have examined 16 datasets that represented the average
of the subjects in each group. In future studies we would like to look at how individuals
performed instead of the average of the individuals in each group. In Table 5.11 - Table 5.18
and Figure 5.9 — Figure5.16, we have begun to look at individual performance for the general
practice group at pre-test for blocked-design. The tables and figures are recorded there from the

16 datasets, one dataset per subject.
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In the following tables and plots you will quickly realize the diversity from subject to
subject. For instance subjects 5, 7, 8, 9, 11, and 12 all seemed to activate the strongest
connections across their whole brain instead of smaller areas. Subjects 2, 6, 9, and 11 had strong
connections featuring IPL, which only appeared once in the averages section above. Other ROI
that made appearance in the individuals, but not the averages were PFC and IFC. Conversely
some ROI seemed to appear throughout like BG, Thal, Cun and mFEF, which follows what we
learned in the section above with the averages.

In future studies, we would like to examine the individuals in all of the groups and
compare them instead of just one group. This will give us a multitude of ways to dissect the
datasets and gather insights about how the brain responds to these different saccade tests. It will

also add to the diversity we see below as we transition from one subject to another.
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Table 5.11 General practice group at pre-test for blocked-design with subjects 1-2

Strength of ROI connected

Connection Subject 1 Subject 2
1 IBG - rBG IThal —rThal
2 ICun —rCun IBG — IThal
3 ImedFEF — rmedFEF IBG - rBG
4 IBG - IThal ICun —rCun
5 IThal —rThal rBG — rThal
6 rBG — rThal rCun - rMOG
7 IThal - rBG IThal - rBG
8 IBG —rThal ImedFEF — rmedFEF
9 llatFEF — SEF IBG —rThal
10 ImedFEF — SEF IIPL - rIPL
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Figure 5.9 General practice group at pre-test for blocked-design with subjects 1-2 (left to right)
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Table 5.12 General practice group at pre-test for blocked-design with subjects 3-4

Strength of ROI connected
Connection Subject 3 Subject 4
1 ICun —rCun IThal —rThal
2 ImedFEF — SEF rBG — rThal
3 ImedFEF — rmedFEF IBG — IThal
4 IThal —rThal IBG - rBG
5 rBG — rThal IBG —rThal
6 IBG - rBG rmedFEF — SEF
7 llatFEF — ImedFEF ImedFEF — rmedFEF
8 llatFEF — SEF IThal - rBG
9 rmedFEF — SEF IThal — rmedFEF
10 rPFC — SEF IFC — SEF

Figure 5.10 General practice group at pre-test for blocked-design with subjects 3-4 (left to right)
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Table 5.13 General practice group at pre-test for blocked-design with subjects 5-6

Strength of ROI connected

Connection Subject 5 Subject 6
1 IThal —rThal ICun —rCun
2 IBG - rBG IThal - rThal
3 ICun —rCun IBG - rBG
4 ImedFEF — rmedFEF rBG — rThal
5 rBG — rThal ImedFEF — SEF
6 rCun — SEF IBG — IThal
7 IMOG - rMOG IThal - rBG
8 IBG — IThal IIPL —rIPL
9 IBG —rThal IBG —rThal
10 IThal - rBG ImedFEF - rmedFEF
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Figure 5.11 General practice group at pre-test for blocked-design with subjects 5-6 (left to right)
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Table 5.14 General practice group at pre-test for blocked-design with subjects 7-8

Strength of ROI connected
Connection Subject 7 Subject 8
1 ImedFEF — rmedFEF IBG - rBG
2 ICun —rCun IBG — IThal
3 rmedFEF — SEF rBG — rThal
4 IBG -rBG ICun —rCun
5 IThal —rThal ImedFEF — rmedFEF
6 ImedFEF — SEF IThal —rThal
7 rPrecun — SEF IBG —rThal
8 rBG — rThal IThal - rBG
9 IMOG - rMOG rCun — rmedFEF
10 ICun — rPrecun rmedFEF - rPrecun

Figure 5.12 General practice group at pre-test for blocked-design with subjects 7-8 (left to right)
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Table 5.15 General practice group at pre-test for blocked-design with subjects 9-10

Strength of ROI connected

Connection Subject 9 Subject 10
1 ICun —rCun ICun —rCun
2 IThal —rThal IBG - rBG
3 ImedFEF — rmedFEF IThal —rThal
4 IIPL —rIPL ImedFEF — rmedFEF
5 IBG - rBG rmedFEF — SEF
6 riPL — SEF rBG — rThal
7 IIPL — SEF ImedFEF — SEF
8 rBG — rThal IBG - IThal
9 IThal - rBG IBG —rThal
10 ImedFEF — SEF IThal - rBG
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Figure 5.13 General practice group at pre-test for blocked-design with subjects 9-10

(left to right)
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Table 5.16 General practice group at pre-test for blocked-design with subjects 11-12

Strength of ROI connected

Connection Subject 11 Subject 12
1 IBG - rBG IThal —rThal
2 ImedFEF — rmedFEF IBG - rBG
3 IThal - rBG ICun —rCun
4 IBG — IThal ImedFEF — rmedFEF
5 IPL —rIPL rBG - rThal
6 llatFEF — SEF IThal — rBG
7 IThal —rThal IMOG - rMOG
8 rBG - rThal ImedFEF - rPrecun
9 ICun - rmedFEF IPFC — rmedFEF
10 IIPL - IFC rmedFEF - rPrecun

Figure 5.14 General practice group at pre-test for blocked-design with subjects 11-12

(left to right)
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Table 5.17 General practice group at pre-test for blocked-design with subjects 13-14

Strength of ROI connected

Connection Subject 13 Subject 14
1 IBG - rBG IThal —rThal
2 IThal —rThal IBG - rBG
3 IBG — IThal ICun —rCun
4 ICun —rCun ImedFEF — rmedFEF
5 ImedFEF — rmedFEF ImedFEF — SEF
6 rBG — rThal rmedFEF — SEF
7 IBG —rThal rThal — SEF
8 IThal - rBG rBG — rThal
9 ImedFEF — SEF IThal — SEF
10 rmedFEF — SEF IThal - rBG
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Figure 5.15 General practice group at pre-test for blocked-design with subjects 13-14

(left to right)
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Table 5.18 General practice group at pre-test for blocked-design with subject 15-16

Strength of ROI connected

Connection Subject 15 Subject 16
1 ICun —rCun IThal —rThal
2 IBG - rBG IBG - rBG
3 ImedFEF — rmedFEF | ImedFEF — rmedFEF
4 rBG — rThal IThal - rBG
5 IBG —rThal rBG — rThal
6 IThal —rThal IBG — IThal
7 IBG — IThal ImedFEF — SEF
8 rPrecun — SEF rmedFEF — SEF
9 IThal - rBG IThal — SEF
10 IMOG - rMOG IBG —rThal

Figure 5.16 General practice group at pre-test for blocked-design with subjects 15-16

(left to right)
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CHAPTER 6

CONCLUSION

In this thesis we evaluated brain activation using the graphical lasso procedure. We were
also able to derive graphical representations of the fMRI data. We figured out which ROI had
the strongest relationships, pre and post-test in all three event groups and the blocked-design
group. We were also able to generate useful code for future work using the graphical lasso
procedure.

In all methods it is very important to note the limitations that may exist and provide
caution, before any action is implemented based on the results of the analysis. In this case the
limitations are that data are observed sequentially, which can cause auto-correlation. This
procedure treats each time as independent of others, but they are not because of the factor just
mentioned. This is a subject that we could potentially investigate in any future work that we may
conduct on this project.

In the current analysis, we examined 32 datasets that represented the average of the
subjects in each group. In the future we would like to examine more than the top ten strongest
connections in each group. We would also like to look at how more individuals (in all the
groups) performed instead of the average of the individuals in each group. This will give us
some different ways of looking at the data and seeing how diverse the human brain is from

person to person.
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