
Formation of Variables for Brain Connectivity

Thesis by

Ruben Sanchez Romero

Presented for Fullfilment of the Requirements for the Degree of
Master of Science in Logic, Computation and Methodology

Commitee:

Clark Glymour

Joseph Ramsey

Carnegie Mellon Department of Philosophy

August 2012

rubens@andrew.cmu.edu



For my parents, grandparents and sisters.



Acknowledgments
Thanks to Clark Glymour and Joe Ramsey for all their teachings, support, trust
and freedom.
To the CMU Philosophy Department staff who, from day one were always there
when I needed them.
To Ben, Ivan and Jim.
To Helga my necessary and sufficient everything.



Contents

I Introduction 6
0.1 Traditional Division of the Brain . . . . . . . . . . . . . . . . . . 8

0.2 Data Based Division of the Brain . . . . . . . . . . . . . . . . . 9

0.3 Individual and Group Analysis . . . . . . . . . . . . . . . . . . . 10

0.4 Structure of the thesis . . . . . . . . . . . . . . . . . . . . . . . . 11

II fMRI Data Analysis 13

1 fMRI technology 13
1.1 Scanning Session . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.1.1 Repetition time . . . . . . . . . . . . . . . . . . . . . . . . 15
1.1.2 A brain as a collection of voxels . . . . . . . . . . . . . . . 15
1.1.3 Block or Event-related experiments . . . . . . . . . . . . . 16

2 BOLD signal 16

3 Software 17

4 Preprocessing (movement and normalization) 18

4.1 Standard Brain (MNI152) . . . . . . . . . . . . . . . . . . . . . . 19

5 Experiments 20

6 Rhyme Judgment Task Experiment 22

6.1 Sample Size . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
6.2 Data Files . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
6.3 Design Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

7 Voxel activation 27

7.1 General Linear Model . . . . . . . . . . . . . . . . . . . . . . . . 28
7.2 Hypothesis testing . . . . . . . . . . . . . . . . . . . . . . . . . . 30
7.3 Multiple comparison problem . . . . . . . . . . . . . . . . . . . . 34

III Data Based Algorithms for Variables Formation 35

4



8 Cluster Threshold Algorithm 35
8.1 Random Field Theory . . . . . . . . . . . . . . . . . . . . . . . . 35

8.1.1 Gaussian Random Field . . . . . . . . . . . . . . . . . . . 35
8.2 Cluster-Based Method . . . . . . . . . . . . . . . . . . . . . . . . 39

8.2.1 Contiguity criterion for cluster formation . . . . . . . . . 39
8.3 Cluster based method using a spatial extent criterion . . . . . . . 42

9 Sensitivity analysis of variables formation algorithm 44
9.1 Zcut . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

9.2 FWHM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

9.3 Zcut and FWHM interaction . . . . . . . . . . . . . . . . . . . . 48

IV Group Analysis 51

10 Subject per subject template imposition 52

V Connectivity Analysis: Causal Search Algorithms
(IMaGES and LOFS) 55

11 IMaGES 55
11.1 GES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
11.2 IMaGES and fMRI data . . . . . . . . . . . . . . . . . . . . . . . 57

12 LOFS 58

13 DAGs as connectivity matrices 60
13.1 Frequency Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

14 Group Analysis Comparison 62

14.1 Comparison tables: Group connectivity matrix vs. Frequency
matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

14.2 Robustness of a set of variables using its frequency matrix . . . . 68
14.2.1 Result tables . . . . . . . . . . . . . . . . . . . . . . . . . 68

14.3 Visual representation of results . . . . . . . . . . . . . . . . . . . 73

15 Robustness of the Group Connectivity Matrix 83

15.1 Results from step 1 . . . . . . . . . . . . . . . . . . . . . . . . . . 84
15.2 Results from step 2 . . . . . . . . . . . . . . . . . . . . . . . . . 86

VI Concluding remarks 90

References 92

5



Part I

Introduction
Conceiving the brain as a massive source of different kinds of signals, such as
electrical or chemical, allow us to formulate questions about how these different
signals influence each other under varying situations: like cognitive tasks, such
as verbal or visual stimuli recognition; or resting states, such as fixating a point
or trying to "put the mind in blank"; or brain diseases, such as autism or
alzheimer’s.

There are different ways to formalize the idea of influence among brain sig-
nals. One way is to assume that the signals produced in a set of neurons affect
the production of signals in another set of neurons but only in indirect ways,
for example altering the amplitude or frequency of that signal. A stronger way
is to assume that the signals produced by a set of neurons are a necessary
and/or sufficient condition for the production of signals in another different set
of neurons.

The idea of signals as necessary and/or sufficient conditions for the produc-
tion of other signals rises the possibility of modeling the brain as a system of
multiple pathways that connect different parts of the brain for the production
of diverse outputs.

This way of modeling the brain is pervasive in the functional neuroscience
literature. A well known example is the visual system. One of the most popular
hypothesis is that the visual system is divided in two major paths [57][32][23].
The ventral path that processes information about qualities of objects such as
color and size; and the dorsal path that process information about the spatial
locations of the objects. These two paths are composed by different brain areas
(set of neurons spatially defined; also called Regions of Interest, ROI) that
produced specific outputs that serve as input for other areas in the paths. Some
areas are thought to be necessary conditions and some only have an indirect
role in the normal production of the output.

Of course defining a path in terms of areas, inputs and outputs is not an easy
task. We could attempt to come with a model of the visual system in broad
terms or we can try to be more specific and come with a lot of specific sub-models
that describe different visual activities and conjecture that the combination of
these sub-models correspond to a general visual system.

Independently of the decision about a general functional model or a more specific
one, the researcher has to make a decision about what areas of the brain she
is going to study, which entails making a decision about what brain signals she
is going to analyze. The most reductionist idea is to consider each neuron as a
node in some path and thus treat each neural signal independently. From this
neuron per neuron level we can jump to define larger areas in a very simple way,
just by grouping neurons with some clustering method. So, in one extreme we
may build a path where each neuron represents a node and in the other extreme
we can build only one big node composed by all the neurons and thus no path.
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At the moment we move from the 1 neuron-1 node approach (and this will
usually be the case due to technical difficulties in achieving a full brain analysis
at the neuronal level with high spatial resolution. We would need to record via
electrodes the signal of each of the neurons we are interested in analyzing. This
will be next to impossible), we have to decide how to select the signals that will
represent the brain activity in each one of the nodes.

One simple and effective approach is to aggregate the information of all the
signals in a node by averaging those signals. Another approach is to choose
one particular signal according to some subjective rule determined by what we
are looking for in our study, for example, choosing the signal with the highest
amplitude if we are looking for the neuron with the strongest activity inside
each node.

The rationale behind this decision is that we have to characterize the newly
created nodes in a way that allow us to study the relationship between them
and arrive to a conclusion of their interconnections. For example, we may
want to compute the correlations of the signals of two nodes to say something
about the similarity of their behavior. If we are analyzing signals that we think
are produced by a sensory stimulus presentation then this correlation could
entail that the two signals are involved in processing the stimulus. We could
also analyze the variance of each signal to characterize the differences among
signals that are involved in a particular cognitive task. But there are also more
sophisticated results that we can extract of these signals. We can attempt to
perform a causal analysis to gain an idea of how different parts of the brain are
causally related to each other in the sense that if we intervene in one node by
blocking it, for example by using drugs to inhibit it or by studying a subject with
brain damage in that area, then the nodes causally connected to this inhibited
node will not produce their corresponding signal. Other promising results come
from the matching of specific behaviors of brain signals of a sample of subjects
to specific stimuli and then using this results to predict in subjects from another
sample which stimulus they are perceiving just by analyzing the behavior of the
brain signals [62][64][68][78][58][39], (in the popular press this is exaggeratedly
called “mind reading”).

This brief explanation of how we can study brain signals is not complete. It
only expresses the general idea of extracting, selecting and analyzing signals.
The reality is that from the beginning of every study we are challenged to make
decisions about the processing of the data that at the end can take us to a
whole different range of conclusions. For example, connectivity among brain
areas has been assessed using different techniques, such as Granger causality
that exploits the idea that if the presence of an independent variable in a re-
gression reduces the residual compared to that same regression without that
variable, then that independent variable is a Granger-cause of the dependent
variable [48][76][20][79]; probabilistic graphical models that explores the rela-
tion between the probability distribution of the signals and their graph repre-
sentation [38][73][11]; and network analysis which defines certain rules to create
connectivity matrices that can be represented via undirected graphs [77][12][89].

7



Other meta-studies have compared some of the available techniques and provide
a ranking under certain rubrics [87].

In the majority of the studies the main focus is on the data analysis tech-
niques while the formation of nodes and signal assignment do not usually go
under critical examination. In other words, the attention has been placed on
the manipulation of variables under different statistical analyses than on the
formation and value assignment of those variables. The aforementioned papers
present different ways in which brain signals were analyzed and used to define
variables in terms of nodes. But they were not interested in exploring how a
different definition of those nodes would affect the connectivity result.

There are lots of ways of clustering neural signals to form variables for con-
nectivity analyisis, both statistically and anatomically, and different techniques
will yield different variables. The main challenge is to know if there is a right
way or wrong ways, to cluster for a particular purpose. For example, clustering
in two different ways might lead to contradictory conclusions, or, alternatively,
different clustering might yield causal conclusion all of which are true. So far,
there is a gap in the literature for understanding the effects of different clus-
terings. Part of the reason is that there have been few statistical criteria for
determining how right or wrong are the clustering methods.

0.1 Traditional Division of the Brain

The traditional way of defining variables is through the use of brain atlases or
probabilistic atlases. These atlases attempt to divide the brain under different
criteria. An anatomical atlas divides the brain in terms of its traditionally
anatomical divisions, for example, temporal lobe, hippocampus, frontal lobe,
amygdala, brain stem. A functional atlas divides the brain according to the the
functions performed by specific regions: visual system, motor system, Brocca’s
area, auditory system. Sometimes a functional area can coincide with a well
delimited anatomical area, while in some other cases a functional area could
encompass various anatomical regions.

Some of these atlases were created using only one subject. For example,
the Talairach atlas was based on one brain hemisphere of a 60 year old French
woman. The popularity of this atlas was due to the fact that it defines a space
of coordinates which allows this template to serve as a standard to compare
different brains that vary in size and shape [93].

More recently, probabilistic brain atlases [36][24], have succeed in including a
larger number of human brains in order to account for the variability of sizes and
shapes. These atlases begin by applying an arbitrary anatomical or functional
parcellation to each one of the N brains. Then, these N parcelled brains are
spatially transformed to a standard brain in order to achieve a high degree of
similarity, in order to be compared. One easy way to think in this process is to
imagine that you have N different geometric figures and you want to transform
each of them into a pentagon. To do that you can rotate, translate, scale
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or shear the original figures. Finally, for each coordinate in standard space
you ennumerate all the parcels to which that coordinate belongs across the N
brains. For example, coordinate (4, 5, 8) could belong to parcel-P1 in brain-1
and brain-2, and to parcel-P2 in brain-3. This will result in a distribution of
parcels for each coordinate in standard space.
The utility of these atlases is that they specify the probability of belonging
to a specific anatomical or functional parcel for each one of the brain coordi-
nates. The reliability of these atlases depends on the number of subjects and
the parcellation method.

By using these atlases the selection of variables is straightforward. We only
need to decide which anatomical or functional areas we want to include in our
analysis and then consider only the signals that are produced inside the limits of
these regions. For example, we could use a probability atlas to select the regions
that comprise the visual system according to the literature, extract the signals
that we conclude are generated by the performance of certain visual tasks (it
is expected that some of the signals within a region are noise) and aggregate
them by averaging. Then we may compute the correlation matrix between all
these variables. At this point the question is: what would happen if we choose a
different probability atlas? Is it possible that a quite different correlation matrix
would be obtained. What characteristics of the probability atlases would explain
the different results? Or what would happen to this correlation matrix if one
uses the maximum amplitude signal as a representative signal for the region
instead of a simple average?

0.2 Data Based Division of the Brain

Other tools to create variables are data based methods. Data based methods
are clustering algorithms that group the full set of unit of analysis (for example
neurons or voxels, see section 1.1.2) into various subsets according to rules that
exploit their values (eg. temporal or spatial information) [33][17][40][88][9][96].
For example, in a brain divided into n voxels, one extreme of the clustering would
be to consider each voxel as a variable, thus ending with n variables; while the
other extreme would be to group all the n voxels into just one variable [25]. The
important distinction from the traditional brain atlas approach is that we do not
start with prior information about the Regions of Interest (ROI) of the brain.
The values of our units of analysis and our rules of clustering are the ones that
determine the ROIs. See [18] for an attempt to compare the two approaches.

Nevertheless, one approach does not exclude the other. Information from the
brain anatomy literature can help us to discard or fix a result from a clustering
algorithm. A big cluster that includes two anatomical regions that are known,
for sure, to correspond to different functions would be discarded in favor of two
clusters: one for each of the two regions.

The selection of rules of clusterings depends on what we are looking for in
our data analysis. Very restrictive rules of clustering could generate a massive
number of variables that could achieve a detailed graphical description of what
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is going on inside a particular brain region and also of how different regions
interact among them. Very loose rules of clustering could produce big clusters
that represents big regions of the brain and could be used to obtain a causal
structure but we could not say anything about what is going on in more detail
inside each of these big regions.

The challenge for the statistical approach is to perform a sensitivity analysis
of the parameters that define the rules of clustering in order to analyze how the
brain connectivity results react to changes to these parameters. For example,
we would like to see how invariant is a graph obtained with certain causal search
algorithm to changes of the parameters of the cluster procedure. Conversely,
we might be reassured of the value of a particular clustering procedure if the
resulting estimates of causal connections were invariant across small changes in
the parameters of this procedure.

0.3 Individual and Group Analysis

One of the most interesting challenges for variable formation arise when we move
from a single subject analysis to a group analysis.

An important and difficult problem is that in a group analysis we need
to make a spatial transformation of each one of the brains in our sample to
a standard brain in order to achieve a meaningful comparison. Even if we
achieve a good transformation and the brains are spatially similar there could
be problems with the interpolation of the information contained in each unit
of analysis when it is transformed to the new space. In order to understand
this point, recall that each unit of analysis contains information, in this case
a signal. Assume that the original space dimension is 64 × 64 × 64 voxels.
That correspond to 262, 144 signals. When we make a spatial transformation
to those units of analysis so they correspond to the standard brain template we
may pass to a 90× 90× 90 voxels dimension (depending on the standard brain
we are using). That correspond to 729, 900 sources of signals. So there is an
important difference in the number of signals between the original space and
the new standard space. The new values for the signals have to be obtained by
interpolation of the original signals and this computation could be a potential
distress of our connectivity analysis. For example we could lose paths between
variables that were present before the spatial transformation was performed.

And the challenges continue. Assuming we reduce the effect of the interpo-
lation of the signals values we still have to decide if we want to use an atlas to
select the variables of interest or we prefer a data based method. In the former
case an atlas allows us to impose a parcellation of the brain based on prior
information. As this parcellation provide exact coordinates in the standard di-
mension we can obtain the same variables in each of our subjects. In this case
a variable will be defined as a parcel of the brain with specific coordinates. The
value of the variable will be the value of the representative signal we choose via
some metric (average, max, min, etc.). This method does not pose any problem
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for the definition of variables since the spatial coordinates of the variable are
the same for each subject given that they are imposed exogenously.

In the latter case the application of a clustering algorithm to the brain data
of each subject in the sample will generate a different set of variables for each
subject. So, for example, two subjects could have a very similar set of variables
in the sense that some of the variables in the set are described by almost the
same coordinates. But even if these two subjects have a variable that is located
in the same region, eg. temporal right lobe; it is highly probable that those two
variables are not described by the exact same coordinates and thus encompass
different sources of signals. This occurs because the space coordinates of the
variables are not selected exogenously. Instead, they are defined endogenously
as the result of a clustering algorithm. The problem is how can we come with
a data based method able to determine only one set of variables for all the
subjects in the sample, similar to the set we can create using an atlas based
method.

An example of how to attack this problem is to define a similarity measure
which can be used to decide if two or more initial variables with similar spatial
locations in the brain should be consider the same. In voxel space dimensions one
idea could be to determine in one subject which voxel inside a variable contains
the signal with the maximum amplitude. Then compare its coordinates with
the coordinates of the maximum amplitude voxel inside the variable of interest
of another subjects. If both coordinates are inside an arbitrary defined volume
then both initial variables could be consider the same variable. Of course this is
not achived without problems, for example, how must we determine the shape
of that volume? Furthermore, which of the variables we are comparing should
be selected as the correct one?

Another interesting approach is to select randomly one of the subjects of
the sample, run a data based method to define his set of variables and then
impose that variables into the data of the other subjects of the sample. This
method will allow you to determine if the connectivity result of one subject (eg.,
a causal structure) is present in the other subjects of the sample. Then you can
iterate this process with each one of the subjects of the sample. The last step
is to compare the results of all connectivity analyses to detect if there are some
causal pathways that are present in the majority of the subjects. This is the
approach that will be pursued in this thesis.

0.4 Structure of the thesis

The rest of the thesis is structured as follows, ii) fMRI Data Analysis: a brief
overview of the fMRI technology, the characteristics of the fMRI data, different
experimental paradigms and the statistical methods used to analyze the brain
data. iii) Data Based Algorithms for Variable Formation: a presentation of a
clustering algorithm that exploits the temporal behavior of the signals and their
spatial contiguity to design an statistical aggregation rule. iv) Group Analysis:
proposal for aggregating information of more than one experimental subject in
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order to arrive at common connectivity structures across all the subjects of the
sample. v) Connectivity Analysis: implementation of a connectivity analysis in
terms of causal structures among brain regions and two methods to assess the
robustness of the group causal structures. vi) Concluding remarks.
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Part II

fMRI Data Analysis
The goal of this project is to study in what way the modification of the values
of certain parameters of a specific data based method for the formation of brain
variables impacts on the results obtained by a causal search analysis that can
be interpreted as a brain connectivity map.

This analysis will be performed on data obtained in a functional Magnetic
Resonance Imaging (fMRI) experiment. The use of this technology impose
restrictions on the way we extract, preprocess and analyze the signals; the nature
of those signals; the representation of the brain in terms of voxels as collections
of neurons; the type of cognitive experiments that generate appropriate inputs
to be use in the causal search algorithms; the interpretation of connectivity
graphs.

1 fMRI technology
Functional magnetic resonance imaging allows noninvasive imaging of hemody-
namic changes related to neural activity.

The MRI function relies on the energy released by protons in atomic nuclei
as they return to their resting state after having been temporarily perturbed.
Protons wobble as they return to rest, which produces a characteristic energy
signal. A signal strong enough to be recorded by the MRI machine requires
that a large number of of protons return to resting state in a coherent way (ie.
simultaneously). When this occurs, the individual energy signals produce an
aggregate signal that can be detected by the MRI scanner.

The magnet use in a MRI scanner produces a strong magnetic field, which
ensures that a large number of protons are in a similar resting state. To generate
an image, the scanner produces a brief energy pulse which momentarily perturbs
the protons. It then records the energy signals that are released as those protons
wobble back to their original state.

Protons belonging to different type of molecules release energy at different
frequencies as they recover to their original state, providing characteristic signa-
tures for each molecular type. Standard MRI applications measure the energy
released from protons in water. Due to its abundance in tissue, water provides
the strongest signal. This is useful since different tissues (eg. white matter and
grey matter) have different water contents. Differences in signal strength, can
be used to generate high-resolution structural images. However since the water
content of neural tissue does not vary as a function of activity, this measurement
does not provide functional information.

One solution to this problem is the MRI recording of localized changes in
blood volume or blood flow. This is possible by the fact that regional changes
in brain activity are associated with hemodynamic changes.
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This approach is based on the observation that hemoglobin becomes highly
paramagnetic in its deoxygenated stated.

Paramagnetism is the ability of a nonmagnetic material to exhibit magnetic
properties in the presence of a magnetic field. Thus, deoxygenated hemoglobin
paramagnetic molecules introduce local alterations in the magnetic field pro-
duce by the MRI scanner. This alteration reduces the coherence of the way the
protons return to their resting state and consequently affect the signal gener-
ated by the protons at that location. This alteration of the coherence of the
signal reduces the size of the signal detected by the scanner. In conclusion, less
oxygenated hemoglobin areas of the brain produce a weaker signal than more
highly oxygenated hemoglobin areas.

These changes in signal intensity related to the oxygenation of hemoglobin
are detectable in the fMRI images. The measure of these changes is known
as Blood Oxygenated Level Dependent (BOLD) signal and it is just a ratio of
oxygenated to deoxygenated hemoglobin.

The oxygen sensitivity of the fMRI signal also relies in the fact that at
least some brain areas increase their blood flow disproportionately to metabolic
need when they engage in neuronal activity, resulting in a net increase in tissue
oxygenation. This means that when neuronal activity increases in an area,
metabolic demands rise, and, as a result, the vascular system sends oxygenated
hemoglobin into this area. Immediately after the neuronal activity, there is an
oxygen decay, so the ratio of oxygenated to deoxygenated hemoglobin often falls
below baseline levels.

This rush of oxygenated hemoglobin into the area due to the neuronal ac-
tivity, causes the BOLD signal to rise quickly. As it happens, the vascular
system overcompensates, in the sense that the ratio of oxygenated to deoxy-
genated hemoglobin (BOLD signal) actually rises well above baseline to a peak
at around 6 seconds after the neuronal activity that produced these responses.
After this peak, the BOLD signal gradually decays back to baseline over a period
of 20-25 seconds.

As a result, the MRI signal in those neuronal active areas increase relative
to others, and this difference can be used to produce images of the neuronal
active regions.

The final goal of the fMRI is to observe the brain blood changes related
to neuronal function as close to real time as possible and with high spatial
resolution. This ideal goal has not yet been reached. Currently the typical
fMRI experiment records a sluggish, indirect measure of neuronal activity with
a temporal resolution of 1-3 seconds and a spatial resolution of 3-5 mm [4].

1.1 Scanning Session
An experimental session that collects fMRI data also includes other types of
scan.

The high-resolution structural scan plays a fundamental part in the analysis
of functional data. It takes around 8-10 minutes and a structural scan is obtained
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for each of the subjects of the group. While performing this high-res scan the
subjects are not performing any functional task yet.

In a normal functional scan, spatial resolution is sacrificed so we can get
faster scans of the whole brain and obtain better temporal resolution. Recall
that we are trying to observe blood changes at the closest moment these changes
are really occurring. Thus, the high-res structural scan compensates for this
loss of spatial information. This compensation is done during preprocessing by
aligning the functional scan with the high-res structural image.

1.1.1 Repetition time

The next step of the scanning session is to collect the functional data. This
is known as the functional scan. The total duration of the session depends
on the experiment. But, the experimenter has to decide on the time between
successive whole-brain scans during the scanning session. This means, how often
the experimenter will obtain a full image of the whole-brain.

This is called repetition time or TR. Typically TRs range from 2 to 3 seconds,
but TRs of 1 second or faster are possible on some high-end scanners. So, for
example, if we chose a TR of 2 seconds and the experiment total duration is 320
seconds, then the total number of whole-brain scans (images) we would acquire
during the entire session will be 160.

The TR can also be understood as a unit of time, in the sense, that we can
say that an experiment lasts n TRs. In this particular example, the experiment
lasts 160 TRs. In fact, this will be the unit of time that will be used when we
build the statistical models that allow us to decide what voxels are active when
the subjects are performing the cognitive tasks in the experiments.

1.1.2 A brain as a collection of voxels

As explained above, with a fMRI scan we are not obtaining a reading of the
electrical signals of each one of the neurons in the brain. We are not even using
the neurons as the main unit of analysis, as electrodes studies do. What we are
doing is generating an image of the brain in terms of an artificial unit call voxel
that contains information about the blood changes related to neuronal function.

In the scanning session, the experimenter has to decide the size of the voxels,
which determine the spatial resolution of the functional data. Voxels are rect-
angular prisms that can be thought as three dimensional analogues of pixels.
So, dividing the brain into voxels, is like dividing the brain into a set of small
rectangular prisms, where each one contains hundred of thousands of neurons.

A usual voxel in a functional scan is 3mm × 3mm × 3.5mm. In an adult
human brain, this imply, in terms of number of voxels, dividing the brain into 33
slices in the transverse plane (dimension Z: bottom to top), each slice containing
an array of 64× 64 voxels (dimensions X: left to right; and dimension Y : back
to front). Under this size choice, the total number of voxels in the whole brain
will be: 64× 64× 33 = 135, 168.
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If each of these functional voxels contains a BOLD signal and the BOLD
signal has 160 TR time points, then the full dimension of our data set for 1
subject will be 64× 64× 33× 160 = 21, 626, 880 data points.

In the case of the high-res structural scan a typical voxel size is 1mm ×
1.3mm× 1.3mm, which implies 192 slices in the transverse plane and each slice
with a 160× 192 array of voxels. The size of the brain in terms of voxels would
be 160× 192× 192 = 5, 898, 240. The smaller the size in mm of the voxels the
bigger the voxel dimension and the higher the resolution of the brain image.

The time dimension in the high-resolution scan is not important since the
subjects are not performing any functional task and we are only interested in
obtaining anatomical information of the brain.

1.1.3 Block or Event-related experiments

fMRI experiments use either a block design or an event-related design. In a block
design, the experiment consist of a series of time blocks which may last from 20
seconds to a couple of minutes. Within each block, subjects are instructed to
perform the same cognitive task continuously during the whole duration of the
block. After the task blocks, subjects will normally have some rest blocks.

Event-related designs are broken down into a set of discrete trials. Usually
each trial is one of several types, and each type is repeated at least 20 times over
the course of the experiment. The presentation order of the trial types within
each scanning run is often random. More about these two type of experiment
designs in section 5.

2 BOLD signal

As explained in the above section, for each of the voxels into which the brain
is divided, the fMRI scanner extracts a Blood Oxygenation Level Dependent
(BOLD) signal. That signal is not the electric signal produce by the activation
of a neuron during a period of time but a signal that shows the changes in the
blood oxygenation levels of the brain due to that neuronal activation.

This imply that we are not modeling neuronal activity directly but a byprod-
uct of it. The interpretation of our results in terms of neuronal activity depends
in how we model the relation between the neuronal signals and the blood oxy-
genation changes. If a set of neurons require big amounts of energy to perform
their functions, this will be reflected in a big increase of blood oxygenation in
order to provide that metabolic demand. When we model the relationship be-
tween the BOLD signal and the neuronal activity, the main fact that we have
to account for is the high speed of the neuronal discharges and the sluggish
behavior of the BOLD signal. Neurons reach their peak and go back to resting
state in milliseconds, while the BOLD signal could take 6 -8 seconds to reach
its peak and 20-25 seconds to return to resting state.

The vascular system of the brain is not homogeneous and there are variations
in the way the oxygen is distributed across the brain. One way to observe the
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differences in the way the oxygen changes across the brain is to use the variance
of the BOLD signals as a measure of the difference in amplitude of the signals.

Figure 2.1 shows the brain of two different subjects. Each image correspond
to a transversal cut, approximately at the middle height of the brain. The more
darker an area is, the more variance of the BOLD signal in that area, indicating
a higher amplitude of the signal. Higher amplitude implies larger changes in the
BOLD signal from resting state. This would tell us that those areas have higher
metabolic demands, ie. they require more oxygen when incurring in neuronal
task related activation.

These differences suggest the need to apply different models of the relation-
ship between the neuronal and the BOLD signals depending the regions of the
brain we are analyzing. So far, the normal practice is to choose only one model
and apply it equally across the whole brain [81][21][2][37].

Subject002 Subject009

Fig. 2.1: Transversal views of the brains of two different subjects. Darker areas point to higher
variance of the BOLD signals. Notice the differences in amplitude of the BOLD signals inside each
subject’s brain and between subjects.

3 Software
The first half of a fMRI experiment is to extract information from the sub-
jects’ brains using a MRI scanner as describe above. The second half is pre-
processing and analyzing that data. In order to perform this there are avail-
able free software packages such as SPM (Statistical Parametring Mapping)
and FSL (FMRIB Software Library), and non-free packages, such as BrainVoy-
ager. For this work, the data was preprocess and analyzed using FSL [45],
(www.fmrib.ox.ac.uk/fsl/), developed by the FMRIB Analysis Group in the
University of Oxford. It contains a comprehensive analysis toolbox for fMRI
brain imaging data, including implementation of general linear models, indepen-
dent component analysis, brain image normalization and visualization interface
[99][86].
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All the brain data analysis presented in the work was performed using FSL
and MATLAB. The causal searches for the connectivity analysis were made with
TETRAD (www.phil.cmu.edu/projects/tetrad/) developed by the Depart-
ment of Philosophy in Carnegie Mellon University. The glass-brain images in
section 14 were made with the network visualization MATLAB toolbox Brain-
NetViewer (www.nitrc.org/projects/bnv/).

4 Preprocessing (movement and normalization)

The extraction of BOLD signals from an fMRI scan is susceptible to some prob-
lem regarding the quality of the images obtained. One of the most pervasive
problems is the head movements of the subject while performing the task. Even
though there exist devices that are put on the subjects head to reduce the
movement, it is necessary to perform a correction of the images through spa-
tial transformation of the data. One simple way to visualize the problem, is to
imagine taking several photographs of a person during ten minutes. The per-
son is instructed to not move, but nevertheless there will be small unavoidable
movements. When we check the full set of pictures, in most of the them the
subject will be in the same coordinates of the space of the photo, but in some
others he will be slightly moved. For example, his head is in the coordinate
(x1, y1) in most of the photos, but in some others it is in (x2, y2). So, we need
to transform that incorrect photos using transformation operations as rotation
and translation, to move the head from (x2, y2) to (x1, y1). The goal of the
spatial normalization of the brain is to align all the brain scans to the same
coordinates. So, for example the voxels that represent the temporal lobe will
always represent the temporal lobe in all the images we obtained in the scan for
a particular subject.

One popular method, among others, is to consider as the "reference image",
the brain image obtained at the exact half of the scanning session. It is assumed
that at that time you have a good candidate for nice image of the brain without
movement [4]. The rest of the images are thus aligned (transformed) to that
reference image.

Once we correct the images for movement we have to make a spatial normaliza-
tion to a population reference brain. We need to map a subject brain images
into a brain that is considered a standard template for comparison in the re-
search community. We need to make this spatial normalization because we
want to make our localization results comparable to the results of other studies,
and thus we need an accepted standard brain that is defined by a standard
coordinate space.

Recall that a fMRI image is a visual representation of a 3D matrix, so the
transformation of images is in fact a transformation of matrices. In other to
convert an original matrix (original image) to a target matrix (target image) we
can perform different arithmetic operations that correspond to specific transfor-
mation operations
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These spatial transformation operations are 4: rotation, translation, scaling
and shearing. And each operation is performed on each dimension of the space.
So, for a 3D space as in fMRI, you can have a maximum of 12 transformations.
This is known as the degree of transformation. A 12 degree transformation
will imply that we are going to rotate, translate, scale and shear our original
subject brain image across the 3 dimensions, until we have an image equal to
the standard brain template.

The number of degrees we use depend on the type of images we are trans-
forming. So, for example,when we normalize a subject brain to a standard brain
it is recommendable to use a 12 degrees transformation to account for any pos-
sible difference between the subject brain and the standard brain. While for
the case of aligning a subject brain to himself to correct for motion, we only
need a 6 degree transformation: rotation and translation. This is so, because
the original brain image and the target brain image are from the same subject,
so we do not need to re-scale or shear the original image.

4.1 Standard Brain (MNI152)
The standard brain template used for this data analysis is the MNI152-2mm. It
was developed by the Montreal Neurological Institute and was created using 152
subjects. The size of the voxels are 2×2×2mm, that correspond to a 91×109×91
voxel space dimension and a total of 902,629 voxels. These dimensions entail
a high definition brain image that is used as a very popular reference brain to
show the localization results of fMRI studies [24].

(a) (b) (c)

Fig. 4.1: Sagittal views of: (a) Sub002.High Resolution Brain_1.3mm; (b) Standard
Brain.MNI152_2mm; (c)Sub002.BOLD-brain normalized to MNI152_3mm
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Fig. 4.2: The first row are transversal slices of BOLD-brains of 3 different subjects in a 64×64×33

voxel space, before normalization. The second row shows the BOLD-brains after normalization to
standard space MNI152_2mm, in a 91×109×91 voxel space. Notice the reduction of the differences
in shape among subjects’ brains after normalization.

5 Experiments

A fMRI experiment consist in scanning the brain of a sample of subjects to ob-
tain measures of the blood oxygenation changes caused by the neuronal activity
produced by the performance of a particular cognitive task. A task consist in
the presentation to the subjects of one or various sensory stimuli during deter-
mined or random periods of time and the execution of one or more assignments.
For example, a very simple experiment could consist in the presentation of a
word each five seconds (visual stimuli) followed by five seconds of rest, during
400 seconds. The subject will be instructed to judge if each words pertain to
English or Spanish language (execution of the task) by pressing a right button
for English and a left button for Spanish.

Experiments can be very simple, involving just one type of sensory stimulus
(eg. words or pictures of faces) and simple assignments, like deciding if a word is
an actual word or a pseudoword, or if a face belongs to a person you know or to
a stranger. The common way to build these experiments is with a block design.
As previously stated, in a block design, the experiment consist of a series of time
blocks which may last from 20 seconds to a couple of minutes. Within each block,
subjects are instructed to perform the same cognitive task continuously during
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the whole duration of the block. After the task blocks, subjects will normally
have some rest blocks. Example of block design experiments are [41][43][65][35]

But experiments can also be more sophisticated, for example, presenting a set
of different types of sensory stimuli in intervals during various trials, like sounds
of voices and faces and asking the subject to decide if the voice correspond to the
face presented and if the tone of the voice correspond to the expression of the
face shown. These experiments are typically build with an event-related design.
Event-related designs are broken down into a set of discrete trials. Usually each
trial is one of several types, and each type is repeated at least 20 times over the
course of the experiment. The presentation order of the trial types within each
scanning run is often random. Examples of event-related designs are [47][46][3]

One challenge of experiments is to determine to what point can we gener-
alize the results of one or various experiments in terms of some idea of general
cognitive processes of the brain [66][67]. For example, If I set an experiment
in which a person has to perform specific decision making task and I detect
activity in frontal regions of the brain, can I say that those frontal regions are
the decision making areas of the brain? In other words, can I state that those
frontal regions are necessary conditions for decision making. If so, every subject
performing any decision making task under any conditions has to have neuronal
discharges in those exact frontal regions. Or can I state that activation of those
regions are sufficient conditions for decision making. If so, every experiment
where I found activation of that region has to be interpreted as decision mak-
ing. Doing this inferences in terms of general cognitive processes is troublesome,
specially because definitions of general cognitive functions are difficult. Even
thoug an ontology of cognitive processes mapped onto spatial neural correlates
is desirable to better understand how mental functions map to neural processes
[71].

Nevertheless, the increasing number of fMRI studies and the report of their
findings in meta-databases, for example [49] (www.brainmap.org), that contain
information about active voxels coordinates in standard space and description of
the task experiments, offers the possibility to attempt a general classification of
cognitive processes in terms of spatial localization of neural basis. The idea is to
classify task experiments under some common cognitive processes, eg. decision
making, semantic judgments, response inhibition, object recognition, working
memory; and detect the spatial neural basis of cognitive processes that span
across tasks[85][68][69].

In this sense, the most conservative practice is to maintain the interpretation
of the results restricted to the specific cognitive tasks of the experiment we are
studying without any temptation to make an inductive conclusion. Our result
will be one additional case for confirming or rejecting some general hypothe-
sis about the spatial localization and connectivity behavior of some cognitive
ability.
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6 Rhyme Judgment Task Experiment

The data use in this project is from the Openfmri.org initiative. Currently,
Openfmri.org consist of an open data base with 13 fMRI experiments datasets
and 236 subjects across all datasets (http://openfmri.org/). The experi-
ment used for this project is the Rhyme Judgment Study (accession number
ds000003). It is a block design in which 13 subjects judge if a pair of words
or a pair of pseudo-words rhyme or not by pressing one of two response keys.
The total duration of each session was 320 seconds and the TR was 2. The ses-
sion was divided in task blocks and relaxation blocks. In each 20 seconds task
block, eight pairs of words were presented for 2.5 seconds each. Task blocks
were separated by 20 seconds blocks of visual relaxation. Four blocks of words
were followed by four blocks of pseudowords.1

The 320 seconds correspond to 160 TRs, which represent each of the 160
scans that were made of the brain. In other words, each 2 seconds during 320
seconds, an fMRI image of the brain was obtained (see section 1.1.1).

For matters of our study we will only considered the information correspond-
ing to the first stimulus: pair of words. This decision will only affect the way we
model the experiment (see figure 6.5), and not the actual extraction of BOLD
signals nor the clusterization of the voxels.

6.1 Sample Size
The original sample size of the Rhyme Judgment Study is 13 subjects. For the
connectivity analysis performed here, only 10 out of the 13 subjects were consid-
ered. In one of the three subjects discarded (subject 11) the BOLD signal data
was available for a smaller number of time points. The criterion for rejecting
the other subjects (subject 5 and 7) was that their data showed clear erratic
results in comparison to the other 10 subjects. For example, lack of relevant
clusters present in the rest of the sample.

6.2 Data Files
For each experiment available the Openfmri database provides free access to
three data files:

a) raw BOLD signal data in Nifti format (*.nii extension). Formally the
file contains a 4D matrix. The first 3 dimensions are the (x, y, z) coordinates

1The use of this task for a connectivity analyisis based on causal search is not arbitrary.
Recall that the BOLD signal behavior is slower that the actual neuronal spikes. If we present
different tasks in short blocks we would not be able to differentiate which of these stimuli
are causing the BOLD signal. In other words, our BOLD signal would be a mix of different
stimuli and we won’t be able to set apart the contribution of each stimuli. With 20 seconds
blocks of one stimulus and 20 seconds of relaxation, the BOLD signal has sufficient time to
reach its peak and decrease before we present the next stimulus. Thus, the results of a causal
search will give a proper description of the temporality of the flow of information from region
to region.
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of the voxels and the 4th is the time dimension. This matrix determines the
BOLD signal for each of the voxels that form the brain. For this experiment
the dimension in voxel space and time is 64× 64× 33× 160. Which means that
we have a volume of 135, 168 voxels, each one with a BOLD signal defined over
160 TR time points.

Furthermore we can use a matrix to express a BOLD signal, of 160 TRs,
corresponding to only 1 voxel (see figure 6.1). This will be a160X1 matrix. The
rows correspond to the TRs. This matrix is important because it will be use in
the activation analysis of subsection 7.1.

⎡
⎢⎢⎢⎣

B(TR1)
B(TR2)

...
B(TR160)

⎤
⎥⎥⎥⎦

Fig. 6.1: BOLD signal of a random voxel. The data is mean centered. The X axis shows the
TRs.

b) Anatomical high resolution images (*.nii extension). The resolution of the
image is determined by the number of voxels used to represent the brain. So a
high resolution implies a larger number of voxels than those used for representing
the BOLD signal information. In this experiment the images are 3D matrices
in 160× 192× 192 voxel space. See figure 6.2. These high resolution images are
used as a first step in the normalization of a subject brain to standard space.
First the subject low resolution images are transformed to a high resolution
image of the same subject and then this high resolution image is transformed
to a standard high resolution brain (MNI152).

c) Task (or stimuli presentation three column matrix) (*.txt file). This
file contains a three column matrix that represent the way the stimuli and
the relaxation periods are presented to the subjects during the duration of the
session. This matrix is used to build a function called boxcar function defined in
the range of TR units. It is called boxcar, because during the time the stimuli
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Fig. 6.2: Transversal and sagittal view of a high resolution scan of Sub002. The voxel dimension
is 160 × 192 × 192, and in mm 1x1.33x1.33

is presented the function has value of 1 and during the time the subject is in a
relaxation period the function has a value of 0. This value assignment generates
a sequence of boxcars. Figure 6.3 below, shows the boxcar model for the Rhyme
Judgment Task, defined over 320 seconds (160 TRs).

Fig. 6.3: Boxcar model of a block design experiment for 320 secs. It correspond to the full Rhyme
Judgment Task. The first 4 blocks are words and the last 4 blocks are pseudowords.

6.3 Design Model
Since we are measuring a byproduct of neuronal activation, we need a model
to represent the relationship between the expected neuronal task activations
(represented by the boxcar function) and the blood oxygenation changes caused
by them. One of the most popular models to represent this relationship [13],
uses as a basis the gamma function . More specific, the model is the probability
density function of the gamma distribution expressed in terms of the gamma
function parameterized in terms of a shape parameter n and scale parameter λ.
Both n and λ ≥ 0 [4][70]
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f(x;n, λ) =
1

λn

1

Γ(n)
xn−1e−

x
λ (6.1)

Fig. 6.4: Gamma distribution under different choice of parameters: shape n and scale λ. The
blue line function (n = 4, λ = 1.5) is the one used for the Rhyme Judgment Task data analysis and
the default option in FSL.

This function allows us to model the time it takes for the blood oxygenation
change to reach its maximum due to neuronal activity and the time it takes to
return to resting state.

For this experiment the parameters used for the gamma distributions were
phase = 0; stddev (nλ2) = 3; Meanlag (nλ) = 6. These values are the default
in FSL’s FEAT suite for data analysis based on the Generalized Linear Model
(GLM). Other values for the gamma distribution and other functions can also
be used.

Once we have selected the gamma distribution we must convolute the func-
tion with the original boxcar model. This mathematical operation will result in
the so called Design Function2, which is interpreted as the blood oxygenation
changes due to the presentation of the stimuli and the task performance.

This function can be expressed as a matrix. It is called design matrix and its
dimensions are determined by the number of TR time points (row dimension)
and by the number of types of stimuli (column dimension). For example, if in an
experiment we present an auditory stimulus and a visual stimulus to a subject
during 100 TR time points, our design matrix will be 100× 2.

In the Rhyme Judgement Task, since we have 160 TR points and we are only
interested in 1 stimulus (visual presentation of pairs of words) the dimension of
the design matrix is 160× 1.

2Convolution is a mathematical operation on two functions f and g, producing a third
function that is a modified version of one of the original functions. It is produced by the
values of the area overlap between the two functions as one function is translated across every
point of the other. For this case, the gamma function is translated across the boxcar function,
producing the Design Function.
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⎡
⎢⎢⎢⎣

X(TR1)
X(TR2)

...
X(TR160)

⎤
⎥⎥⎥⎦

Figure 6.5 below shows the design functions resulting of the convolution of a
gamma distribution with a boxcar model for the full task and for the word-task
of the Rhyme Judgment Experiment.

Gamma distribution Boxcar Full Task Design function Full Task

Gamma distribution Boxcar Words Task Design function Words Task

Fig. 6.5: The Design function is obtained by the convolution of the gamma distribution and
the boxcar function. It is defined over 160 TRs (320 sec) and it represent our assumptions of
how the BOLD signal respond temporally to the neural activation due to task performance. The
three bottom graphs represent the convolution operation only for the words blocks of the Rhyme
Judgment Task.
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To show the differences between the recollected and preprocess data and the
design model, figure 6.6 shows the BOLD signal of a single voxel next to the
design function model. In a fMRI activation analysis we search for the voxels
with BOLD signal dynamics similar to the design function model.

Fig. 6.6: The left graph shows the BOLD signal of a single voxel. The right graph is a design
function model. Both are defined over 160 TRs

7 Voxel activation

Once we have the set of BOLD signals extracted from the fMRI scanner and our
model of how we think the blood oxygenation changes of the brain react to the
presentation of the stimuli and the performance of the tasks (design function),
we need a metric to help us decide when are we going to consider that the BOLD
signal of a voxel was provoked by the performed task.

If we conclude that the signal of the voxel was indeed produced by the task,
then we say that the voxel is active. And we may hypothesize that the neurons
comprised by that voxel are involved in the cognitive function that is implied
by the task. At this step of the analysis that is the only thing that we can
say. This result has only a localization interpretation, meaning that we can say
something about what parts of the brain (defined as coordinates in the voxel
space) are related in some way to certain general cognitive function that may be
expressed by the task performed in the experiment. This last part is important
because we could come with a different task that may also express that same
cognitive function and end with different results about the parts of the brain
involved. This problem is one of the caveats of the fMRI analysis: the results
should always be interpreted with reference to the particular task performed
in the experiment. Any attempt to generalize a single task into a cognitive
function could be flawed.

There are different techniques to decide about the activation of the voxels.
The most popular is an application of the General Linear Model to the BOLD
signal. Under this statistical method our goal is to see in what voxels our
design function model can be fitted to the BOLD signal. This decision is made
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for each voxel, so the number of fits will be the volume of the voxel space. For
this experiment the dimension is 64×64×33, which implies a volume of 135, 168
voxels. It is important to notice that not all those voxels represent brain tissue,
so they do not contain any BOLD signal and thus are trivially not active. This
fact reduces drastically the number of activation decisions that we have to make.
See figure 7.1 for an illustration of how the brain tissue is distributed along the
64× 64× 33 voxel space.

Fig. 7.1: Transversal slice of the brain across z axis. Notice the lighter area of voxels that
surrounds the actual brain voxels. These are trivially not active voxels since they do not contain a
BOLD signal.

7.1 General Linear Model
We saw in the previous sections that we can express the information we have
about the BOLD signals time series and the design function in terms of matrices.
This allow us to state the next linear model,

⎡
⎢⎢⎢⎣

B(TR1)
B(TR2)

...
B(TR160)

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎣

1 X(TR1)
1 X(TR2)
...

...
1 X(TR160)

⎤
⎥⎥⎥⎦
[

θ
β1

]
+

⎡
⎢⎢⎢⎣

ε1
ε2
...

ε160

⎤
⎥⎥⎥⎦ (7.1)

It is straightforward to see that this model has the form of a standard mul-
tivariable linear regression:

ȳ = Xβ̄ + ε̄
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Where ȳ expresses the random vector of a voxel BOLD signal across TRs.
For the Rhyme Judgment task, ȳ is a 160×1 vector. X is the design matrix that
contains our model of the expected behavior of the BOLD signal under the task.
For this experiment, X is 2 × 160 matrix. The first column of 1s correspond
to the transpose, while the second column are the proper values of the design
function across TRs. β̄ is the vector of the regression estimators. Given that in
this study we are only using one of the stimuli of the full experiment, the size of
the vector is 2× 1, including the transpose θ. The last element of the equation,
ε̄ is the random vector of errors across TRs.

The vectors of error ε̄ has a multivariate normal distribution with mean
vector 0̄, and covariance matrix

∑
ε̄

By Gauss-Markov Theorem, if
∑

ε̄ = σ2
εI, then the method of least-squares

always produces minimum variance unbiased estimators of β̄.
According to the least-squares method, the optimal estimator β̄ is the vector

that minimizes the sum of squared errors. The sum of squared error is defined
as,

SSE = (ȳ −X
¯̂
β) ′ (ȳ −X¯̂β) (7.2)

Maximizing with respect to ¯̂
β, by setting the derivative equal to zero pro-

duces,

X ′ X¯̂
β = X ′ ȳ (7.3)

If X ′ X is non-singular (ie. the determinant is nonzero) then solving equation
7.3 for ¯̂

β, we get,

¯̂
β = (X ′ X)−1X ′ ȳ (7.4)

It is standard in fMRI to assume that
∑

ε̄ = σ2
εI is true, Meaning that the

variance of the error is the same in every TR, and the covariance between errors
in any TRs is 0. In FSL, the independence of errors is not assumed, and a
model of temporal correlations of errors is implemented. The approach is called
prewhitening and its goal is to estimate the correlation of the errors with an
autoregressive model of lag l and then remove it from the data [10][100].

1. Estimate the standard GLM assuming independence of errors.

2. Then fit an autoregressive model to the resulting error terms to model the
temporal correlations.

3. The predicted correlations of the autoregressive model should be removed
from the data (BOLD signal and design matrix).

4. Finally, the resulting data is again reanalyized with the standard GLM.
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For example, if the autoregressive model (AR) of the errors is of first order, ie.
lag l = 1. The AR model will be,

εt = δεt−1 + σt

Where δ is the AR coefficient and σ is an error term.
Then, according to step 3, we remove the estimated correlations of the AR

model from our BOLD signal vector ȳ, and from the design matrix X. The next
simple operation applied to every time point t, does the work:

x∗
t = xt − δxt−1

y∗t = yt − δyt−1

The resulting model is:

ȳ∗ = X∗β̄ + ε̄∗

7.2 Hypothesis testing

With the results of the GLM, in particular the ¯̂
β vector of regression estimates

we can perform a hypothesis testing. This allow us to decide if a voxel signal
behavior is produced by the particular task(s) of our experiment or not. If the
voxel signal is indeed produced by the performance of the task then we say that
the voxel is active.

Recall that the regression estimators vector of the Rhyme Judgment Task
has the form,

β̄ =

[
θ
β1

]

If we want to decide if a voxel is active, then we can state the following null
hypothesis,

H0 : β1 = 0 (7.5)

and the one-side alternative,

H1 : β1 > 0

In the case of the Rhyme Judgment Task, these hypotheses ask if the signal
of a particular voxel is produced (or not) by the reading of pairs of words and
the judgment about their rhyme.
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Producing more complex hypothesis is straightforward with the use of a row
vector of constant, known as contrast vector, c̄′. This vector allow us to express
different null hypothesis in a general matrix form,

H0 = c̄′β̄ = 0

In the Rhyme Judgment Task, the contrast row vector is c̄′ =
[
0 1

]
.

Thus the matrix form of the null hypothesis goes,

Ho =
[
0 1

] [ θ
β1

]
= 0

But, suppose we have an experiments where we have an estimator vector
that captures two task conditions, ie. β̄ ′ =

[
θ β1 β2

]
. If we want to form

a null hypothesis to see if the difference of the estimators is equal to zero, H0 :
β1 − β2 = 0. Then we have to define the contrast vector as c̄′ =

[
0 1 −1

]
,

such that the matrix form of the null hypothesis will be,

Ho =
[
0 1 −1

] ⎡⎣ θ
β1

β2

⎤
⎦ = 0

Within the GLM, a hypothesis H0 = c̄′β̄ = 0 is testable if and only if,

rank(X ′ X) = rank(X ′ X : c̄)

If X ′ X is nonsingular (ie. the determinant is nonzero), then it is full row
rank, which means, that all its rows are linearly independent. So adding a new
column (c̄) to X ′ X cannot reduce its rank. Thus, the above equation is satisfied
for any vector c̄.

Therefore, as long as X ′ X is nonsingular, every hypothesis that can be
expressed as a linear combination of the elements of β̄ is testable.

Consider a GLM that assumes homogeneity of variance and independence
of errors, such that,

∑
ε̄ = σ2

εI. Then under the null hypothesis H0 : c̄′β̄ = 0,
the statistic

t =
c̄′ ¯̂β√

σ2
ε c̄

′(X ′ X)−1c̄
(7.6)

has a t-distribution with degrees of freedom equal to

df = (# of TRs)− (# of parameters in β̄)
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To compute the t-statistic we need an estimation of the variance, given by,

σ̂2
ε =

1

df
(ȳ −X

¯̂
β) ′ (ȳ −X

¯̂β)

And to compute the numerator c̄′ ¯̂β, note that by equation 7.4

c̄′ ¯̂β = c̄′(X ′ X)−1X ′ ȳ (7.7)

In equation 7.6 the only random term is ȳ, but we know that by the GLM,
ȳ = Xβ̄ + ε̄. Where the error vector ε̄ has a multivariate normal distribution
with mean vector 0̄ and covariance matrix

∑
ε̄ = σ2

εI. Thus ȳ, the BOLD signals
vector, is a linear transformation of a normal random vector and so is itself
multivariate normally distributed with mean vector Xβ̄ and variance-covariance
matrix σ2

εI. Also note that c̄′ ¯̂β is a linear transformation of ȳ (equation 7.6).
Thus c̄′ ¯̂β is univariate and normally distributed.

The expected value of c̄′ ¯̂β is c̄′β̄, given that our estimators are unbiased (by
Gauss-Markov theorem). And this mean equals 0 under the null hypothesis of
no task-activation.

While the variance of c̄′ ¯̂β is defined as,

V ar(c̄′ ¯̂β) = V ar
[
c̄′(X ′ X)−1X ′ ȳ

]
= [̄c

′
(X ′ X)−1X ′]

∑
ε̄

[̄c
′
(X ′ X)−1X ′] ′

= σ2
ε c̄

′(X ′ X)−1X ′X(X ′ X)−1c̄

= σ2
ε c̄

′(X ′ X)−1c̄

This complete the requirements to fully compute the t-statistic of equation
7.6.

Most of the fMRI experiments include hundreds of TRs (160 in the case of
the Rhyme Judgment task). As a consequence the resulting t-statistic will have
hundred of degrees of freedom (158 = 160−2 for the Rhyme Judgment task). In
this case the t-distribution is approximately z distributed. Thus, it is common to
assume the t-values have a z distribution for purpose of determining statistical
significance. The complete set of z-values (also called z-scores) that result from
the GLM regression applied to every voxel in the brain is known as a statistical
parametric map (SPM).

More important, a thresholded SPM is just the set of voxels’ z-scores for
which the null hypothesis was rejected. For matters of visual representation, all
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the voxels for which the null hypothesis was not rejected will receive a value of
0 and each active voxel will retain its corresponding z-score.

The thresholded SPM can be expressed as a 3D matrix, where the three
dimensions correspond to the (X, Y, Z) coordinates of the voxels and the values
of the matrix are the z-scores for the active voxels (and 0 for the inactive).
Consistent with the z-scores in the thresholded SPM, each voxel is assigned a
specific color according to an arbitrary color scale.

So, for example, if the chosen color scale runs from yellow to black, then the
highest value in the thresholded SPM will be assigned to the brightest shade
of yellow and the minimum value (0 in the case of thresholded SPMs) will be
assigned to the black. See figure 11.2 for an illustration of this color assignment.

Fig. 7.2: Transversal slice of the SPM across z axis. The color scale is at the right side. The
brighter parts at the back of the brain indicate high values of z-score. The red areas indicate average
values of the z-scores. The black areas are voxels with a z-score equal to 0.

The final result of the color assignment can be superimposed to an image of
the brain of the subject to obtain a better visual representation of the active
areas during the task.

Fig. 7.3: Transversal slice of the SPM across z axis, superimposed on an image of a real brain.
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7.3 Multiple comparison problem
Given that we are performing the hypothesis testing in thousand of voxels across
the brain, we end with hundreds of thousand of z-scores, which highly increases
the probability of making an excessive number of type I errors (ie. rejecting the
null hypothesis of no task-related activation when it is true. In other words,
saying that a voxel is active due to the task when in reality it is not). This
problem is known as the multiple comparison problem.

Note that if the probability of a type I error (αt) equals 0.05 for each test,
then the first problem is that in a whole brain analysis, for example, 100, 000
voxels, which imply 100, 000 z-scores, we would expect 5, 000 type I errors if the
null hypothesis was true for every voxel.

To avoid the problem we must increase the criterion for deciding when a
z-score is considered significant. This will reduce the number of type I errors
and make it easier to identify task-related activations. The goal in solving the
multiple comparison problem is how to decide the significance criterion (αt) on
each z-score so that we control the probability that at least one false positive
occurs in any of the voxels. That probability is known as the experiment-wise
type I error rate (αE).

The classical approaches to tackle this problem are the Sidak and Bonferroni
corrections. But they have been criticized for being over conservative in their
task-related detection performance. It means, that they could falsely reject
several voxels that are in fact related to the cognitive task performance.

In fMRI data analysis there are available other methods to correct for multi-
ple comparison [61]. One of those is based on the Random Fields Theory (RFT)
[1]. The use of RFT theory will allow us to form clusters of voxels and then
perform a significance test on those clusters based on a significance threshold
defined in terms of cluster size (ie. number of voxels).

This is the basis for the variable formation approach consider in this project.
Given that the output of the multiple comparison correction by the RFT clus-
ter approach is a set of clusters, we can exploit those significant clusters and
interpret them in terms of nodes in a causal pathway. The method is described
in the next section.
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Part III

Data Based Algorithms for
Variables Formation

8 Cluster Threshold Algorithm
The data based algorithm used for this study achieves two things simultaneously.
It corrects for multiple comparison and it defines spatially defined clusters of
voxels that can be used as variables for a connectivity analysis. It is included in
FSL’s FEAT suite as the CLUSTER thresholding option in the POST-STATS
tab.

This method is based on Random Field Theory and it guarantees that the
clusters formed are statistical significant [29][101][103][27][102]. This section is
largley based on Asbhy [4] which reviews the aforementioned literature.

8.1 Random Field Theory
An n-dimensional random field is defined by sampling a random value at every
point in some n-dimensional region. When the random values are obtained from
a Gaussian distribution, it is called Gaussian random field (GRF).

Given that in fMRI the BOLD signals have a gaussian distribution and the
data is defined over a 3D voxel space, the random field will be a 3-dimensional
GRF.

8.1.1 Gaussian Random Field

In an n-dimensional Gaussian random field the set of random variables have a
joint multivariate normal distribution. Gaussian random fields (GRF) can be
defined over continuous regions of space or be restricted to a lattice of points
within a continuous region. In the fMRI case, the BOLD signals obtained from
a fMRI scan can be described as a random field over the lattice of points defined
by each voxel in the brain [103].

To assume that the fMRI BOLD time series have a multivariate normal
distribution means that the BOLD signal in each voxel is normally distributed
across TRs and that the only statistical dependencies among BOLD signals in
different voxels are pairwise linear relationships. Under the null hypothesis of no
task-related signal (Ho : β̂ = 0) the SPM computed in the above section should
produce a random sample from a z-distribution in each voxel. And contiguous
z-scores will be positively correlated. Ideally we could model this SPM as a
GRF, where the correlation structure of the GRF is constructed to mimic the
actual correlations that exists between the BOLD signals from pair of voxels in
the fMRI data obtain in the Rhyme Judgment Task.
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Let zi denote de z-score in the SPM in voxel i, and T denote the threshold
for statistical significance. We will reject the null hypothesis of a voxel not
responding to the task performance if zi > T .

If the null hypothesis is true in every voxel, the experiment-wise type I error
is

αE = P ( max
1≤i≤N

zi > T ) (8.1)

Then, to control αE we need to determine the probability distribution of
the maximum value within a GRF that accurately models z-scores one would
expect from a resting state brain.

The first problem with this approach is that whole brain characterizations
of the spatial correlations that exists among activation values in resting state
is not completely understood [34][85]. So we still do not have a definite idea of
how to construct a suitable GRF. The second problem is that the probability
distribution of the maximum in an arbitrary GRF is unknown.

Despite this problems, some solutions are available for a certain restricted
type of GRF that models at least some of the spatial correlations known to exist
in real fMRI data.

Steps to construct a GRF:

1. Build a set of empty voxels (voxels without z-scores) that have the same
volume and spatial configuration as the voxels of the fMRI experiment
(64× 64× 33 for the Rhyme Task Judgment).

2. Draw independent random samples from a standard normal z-distribution
and insert one of these samples into each empty voxel.

3. Spatially smooth the values in these hypothetical voxels using exactly the
same smoothing technique that was used in the preprocessing of the real
fMRI data. This means, using the same FWHM that was used in the
preprocessing. (A comprehensive explanation of the FWHM smoothing is
in section 9.2).

Smoothing fMRI data is a process defined in the 3 dimensions of our voxel space.
Thus, for example, FWHMx, will be the smoothing along direction x. In FSL,
the choice of smoothing is symmetric, this means, that we only choose 1 value
and that value is applied equally along the 3 directions x, y, z.

We can multiply the three values of FWHMs to create a measure of the
amount of total smoothing. This is called resel, which is a resolution unit:

resel = FWHMx × FWHMy × FWHMz (8.2)

The resels are in units of volume (mm). Assume V equals the total brain
volume from our subject, then the total number of resels R must equal
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R =
V

resel
(8.3)

Smoothing introduces spatial correlations in our GRF given that it is only
a sophisticated average that takes into account the values of neighboring voxels
along the three dimensions of our space. The closer the neighbor voxels the
more weight they have in the weighted average of certain voxel. Because the
smoothing we perform on the hypothetical GRF is the same smoothing done
during the preprocessing of the data, we know that our fMRI data will possess
exactly the same type of spatial correlation as the smoothed GRF. However,
typical fMRI data will possess more spatial correlation that the GRF model.
This is because during fMRI preprocessing we smooth already correlated data,
while for the GRF model we smooth independent data (see step 2 above).

To solve the multiple comparison problem with this approach requires that
we find a threshold T that satisfies equation 8.1 . Unfortunately, no exact
solution is known. But, GRF theory makes it possible to find an approximate
solution for the case where an independent z-distribution GRF is smoothed.
The steps are:

a) Define the excursion set of the GRF for threshold Zcut. This is the set
of all the z-scores that exceed the Zcut. See figure 8.1.

b) The GRF method for multiple comparison depends on a statistic of the
excursion set called Euler characteristic, a rough approximation is:

χzcut
.
= # connected peaks −# valleys (holes) (8.4)

Note that as the Zcut increases from a small value, any valleys will tend to
disappear before the peaks. So for a range of large values of Zcut, the Euler
characteristic χzcut is approximately equal to the number of peaks.

(a) (b) (c)

Fig. 8.1: (a) z-map values for one transversal slice, showed as peaks and valleys. Peaks correspond
to high values of z-scores (depicted with hot colors) and valleys are low values of z-scores (cold
colors). (b) Shows the same z-map but cut at a Zcut = 2, (c) shows a Zcut = 4.5. The voxels
above the threshold surface are the ones that form the excursion set.

For matters of fMRI data, peaks exists where voxels z-scores exceed the sig-
nificance threshold Zcut. Under the null hypothesis of no task-related signal,
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peaks therefore correspond with type I errors. So, assuming that the null hy-
pothesis is true in every voxel, then the probability of at least one type I error
is equal to the probability that there is at least one peak in the excursion set.
And, if the Zcut is set high enough to eliminate all valleys, then the probability
that the Euler characteristic is at least 1, equals:

αE = P (max zi > Zcut) = P (χzcut >= 1) (8.5)

As the value of Zcut increases even more, only the highest peaks (highest
z-scores) will be left. For very high levels of Zcut,

χzcut =

{
1 if max z1 > Zcut

0 if max z1 < Zcut
(8.6)

Because χzcut takes only two possible values for these large values of Zcut,
note that the expected value of χzcut is

E(χzcut) = 0× P (χzcut = 0) + 1× P (χzcut ≥ 1)

E(χzcut) = P (χzcut ≥ 1)

By equation 8.5 we arrive at the fundamental result that makes possible to
use GRF theory to correct for multiple comparisons. For sufficiently large values
of Zcut,

αE
.
= E(χzcut) (8.7)

This translation from P (χzcut ≥ 1) to E(χzcut) is helpful because it turns
out to be easier to estimate the expected value of χzcut than it is to compute
the probability that χzcut ≥ 1 . The expected value can be computed from:

αE
.
= E(χzcut) =

3∑
d=0

Rd(ROI)fd(Zcut) (8.8)

Where Zcut is the threshold for determining significance , Rd(ROI) is the
number of d-dimensional resels in the search region of interest (ROI), and
fd(Zcut) is the expected value of the Euler characteristic in one resel dimension
d when the threshold is Zcut. The equations for fd(Zcut), d = 0, 1, 2, 3 for
z-maps are:

f0(Zcut) =

ˆ ∞

zcut

1

(2π)
1
2

e−Zcut2/2dx

f1(Zcut) =
(4loge2)

1
2

(2π)
e−Zcut2/2

38



f2(Zcut) =
(4loge2)

(2π)
3
2

e−Zcut2/2Zcut

f3(Zcut) =
(4loge2)

3
2

(2π)2
e−Zcut2/2(Zcut2 − 1)

8.2 Cluster-Based Method
The GRF based method to correct for multiple comparison, as presented above,
can be used in a voxelwise way. This means that we will perform a significance
test in each of the voxels that pass an arbitrary Zcut threshold. In this case, we
will have a variable for each of the voxels for which we reject the null hypothesis
of no activation. Another alternative is to form clusters with the voxels that
pass the threshold and then perform a significance test on each of the clusters
formed. Because we will make a decision about the significance of each cluster,
we will have to deal with much fewer multiple comparisons than the 135, 168
tests required in an uncorrected voxelwise method for a 64×64×33 voxel space.

8.2.1 Contiguity criterion for cluster formation

To build a cluster out of thresholded voxels we have to select a contiguity crite-
rion that allows us to decide if a pair of voxels are contiguous and thus belong
to the same cluster. The simple criterion is to consider that two voxels are
contiguous if they are in contact in any of the 6 faces, 12 edges or 8 vertices.
This entails 26 possible points of contact. Other way to see it is that a single
voxel can have up to 26 first degree contiguous voxels.

Fig. 8.2: The red voxel has three first degree contiguous voxels making contact in one face, one
edge and one vertex respectively.

Once the criterion is defined, the steps to build clusters are straightforward.
First, consider only the set of voxels that pass the Zcut value. Then start to
group contiguous voxels, ie. those that touch each other in any of the 26 points
of contact. All the formed groups of contiguous voxels will form the set of
clusters. By this method, we can obtain big clusters formed by thousands of
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contiguous voxels; or in the smallest case, clusters formed by only one voxel,
ie. a voxel without contiguous voxels. Once we have the full set of clusters, we
perform a statistical significance test to determine if we can consider the cluster
active or not.

One disadvantage of this cluster based method is that the number of cluster
and thus the number of multiple comparisons is a random variable. For example,
if we generate 10 separate z-maps, one for each of our 10 subjects, and threshold
at a Zcut of 3.5, the number of clusters (N), and consequently the number of
multiple comparisons, would vary across each subject. Assume that the null
hypothesis of no task-related activation is true in every voxel. If we know there
are exactly N clusters in a particular z-map, and these occur independently of
each other, then:

αE = P (at least 1 type I error) = 1− (1− αt)
N (8.9)

Where, αt equals the probability of a type I error on any single cluster.

Given that N is a random variable, if we knew the probability that N took
on every possible value, we could compute the overall αE by weighting equation
8.9 for every value of N by the probability of observing each of those values:

αE =

∞∑
k=0

P (at least 1 type I error when k clusters)× P (k clusters)

αE =

∞∑
k=0

[
1− 1 (1− αt)

k
]
P (N = k) (8.10)

The last equation requires that we know P (N = k), for k = 0, 1, 2, . . . ,∞.,
Adler [1] showed that N has a Poisson distribution when the z-map is a GRF.
The Poisson distribution has the following probability function:

P (N = k) =
μke−μ

k!
(8.11)

The single parameter μ is the mean of the distribution, that in this case is
the expected number of clusters. Recall from GRF theory that when Zcut is
large, the number of clusters above threshold equals the Euler characteristic.
Therefore,

μ = E(χzcut) =

3∑
d=0

Rd(ROI)fd(Zcut)

The cluster based method does not use d = 0, 1, 2. As a result:

μ
.
= R3(ROI)f3(Zcut) (8.12)
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Combining equations 8.10 and 8.11 we can express αE for a cluster based
method in the next way:

αE = 1− e−μαt (8.13)

and solving for αt,

αt =
−log(1− αE)

μ
(8.14)

Where μ is given by equation 8.12.
Equation 8.13 is derived from the moment generating function of the Possion

distribution:

MN (x) = E(exN ) =

∞∑
k=0

exNP (N = k)

by equation 8.11,

MN (x) =

∞∑
k=0

exN
μke−μ

k!
= eμ(e

x−1) (8.15)

Using equations 8.10 and 8.11 we obtain,

αE =

∞∑
k=0

[
1− 1(1− αt)

k
] μke−μ

k!

αE =

∞∑
k=0

μke−μ

k!
−

∞∑
k=0

(1− αt)
k μ

ke−μ

k!

αE = 1−
∞∑
k=0

(1− αt)
k μ

ke−μ

k!
(8.16)

Using equation 8.15, we can form the next identity:

(1− αt)
k = ekloge(1−αt)

Using that identity, equation 8.16 is transformed into,

αE = 1−
∞∑
k=0

ekloge(1−αt)
μke−μ

k!

αE = 1− exp[μ(eloge(1−αt) − 1]

αE = 1− eμ(1−αt−1)

αE = 1− e−μαt
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8.3 Cluster based method using a spatial extent criterion
As mention at the beginning of the section, this method consider only the size
of the clusters (Szcut) to determine their significance. Clusters smaller than a
criterion S are judge non-significant, regardless of large z-scores of the voxels.
If we threshold a z-map at a reasonably large Zcut, the null hypothesis of no
task-related activation will be true in every voxel. And if we decide that any
cluster containing more than S voxels is significant, then the probability of a
type I error at any cluster equals

αt = P (Szcut > S) = e−λS2/D

(8.17)

Where D is the dimensionality of the search volume (usually D = 3), and

λ =
Γ(D2 + 1)R3(ROI)f3(Zcut)

V P (Z > Zcut)
(8.18)

where Γ( ) is the gamma function.3 The probability of P (Z > Zcut) is just
the single voxel p-value associated with the threshold Zcut, and, as before, V
is the volume of the region of search.

For large Zcut, the random variable S
2/D
zcut has an exponential distribution.

Call the parameter of this distribution λ. The for any non-negative value x,

1− e−λx = P (S
2/D
zcut ≤ x)

1− e−λx = P (Szcut ≤ xD/2)

Let S = xD/2, such that x = S2/D,therefore,

P (Szcut ≤ S) = 1− e−λS2/D

and conversely,

P (Szcut > S) = e−λS2/D

It is showed in [29] that,

λ =
Γ(D2 + 1)

E(Szcut)
=

Γ(D2 + 1)E(Lzcut)

E(Rzcut)
(8.19)

Where Lzcut is the number of clusters in the search volume, and Rzcut is the
volume of all clusters above threshold Zcut.

3Γ(n) = (n− 1)! when n is an integer. Γ( 1
2
) =

√
π and Γ(x+1) = xΓ(x). With these three

results it is easy to show that when D = 3, Γ( 3
2
+ 1) = 3

2
Γ( 1

2
+ 1) = ( 3

2
)( 1

2
)Γ( 1

2
) = 3

4

√
π
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Now the volume of all clusters above threshold is proportional to the p-value
that is associated with Zcut. In particular,

E(Rzcut) = V P (Z > Zcut) (8.20)

E(Lzcut) is just μ from equation 8.12, that is,

μ = E(Lzcut)
.
= R3(V )f3(Zcut) (8.21)

Combining equations 8.19, 8.20 and 8.21 produces,

λ =
Γ(D2 + 1)R3(V )f3(Zcut)

V P (Z > Zcut)

Combining the results so far, we can state that the criterion on cluster voxel
size that controls the overall probability of a type I error, αE , is equal to,

S =

{
− 1

λ
loge

[−loge(1− αE)

μ

]}D/2

(8.22)

The derivation of S is straightforward. Note that from equation 8.14, we
can derive

αt = P (Szcut > S) =
−loge(1− αE)

μ

And using equation 8.17 we get,

exp(−λS2/D) =
−loge(1− αE)

μ

And solving the above equation for S we obtain equation 8.22.

Now we just need to compute μ and λ and decide on a value for αE . We
substitute those values on equation 8.22 to determine the size threshold S. All
the clusters whose size Szcut is larger than S will be considered significant.

We showed a data based algorithm for variables formation, based on random
field theory and in the formation of spatially defined clusters, as presented in
Ashby [4] which reviews the work of Worsley and Friston [29] and Worsley
[101][103][102]. The statistical significant clusters output by this method are
interpreted as variables for the connectivity analysis and their representative
values are defined by the aggregation of the BOLD signals of the voxels that
form each cluster. The manipulation of some of the parameters presented in the
above equations have an impact in the size of the output clusters and thus in
the variables used in a connectivity analyisis. This fact is explored in the next
section.
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9 Sensitivity analysis of variables formation al-
gorithm

Some of the papers that report connectivity results do so by using regions
of interest exogenously defined by probability atlases and trying to test spe-
cific hypotheses about some variations of a simple graph model. This is the
main strategy of the papers that use DCM as its connectivity analysis tool
[28][90][83][80][75]. In some other papers focused on network analysis, the re-
gions of interest are also defined exogenously and the edges connecting nodes are
built using some arbitrary measure of relationship (eg. correlations) [16][34]. A
considerable amount of recent papers on network analysis and spatial localiza-
tion had implemented data based algorithms to define the regions of interest but
they do not perform any sensitivity analysis on the parameters of the algorithm
[5][14][85][12][54][53][19][26][59]. So far, I am only aware of very few papers on
network analysis of fMRI data with the specific aim of performing a sensitivity
analysis on the algorithm for formation of variables (nodes) in order to observe
the effect of different parameter values on the networks characteristics [42][104];
and the effect of different specifications of nodes on the tractography analysis of
diffusion tensor imaging (DTI) [51][50][52][105]. An interesting work on compar-
ison of fMRI cluster analysis is [22], but it is focus on statistical characteristics
of the nodes and not on the impact on connectivity results.

The goal of the hereby thesis is to modify the values of certain parameters in
the data based algorithm for variables formation, in order to see how different
defined sets of variables obtained from the same source (ie. the same brain)
may produce different results in a connectivity analysis.

In order to perform this sensitivity analysis two parameters were selected.
The Zcut value and the FWHM smoothing value. These parameters can be
easily modified in the FSL’s FEAT suite and almost all the fMRI papers report
the selected values. The main idea behind these parameters and how they fit in
the general equations had already been presented in the above subsection. In
the next subsections a more thorough explanation is presented.

9.1 Zcut

The first of the parameter is the Zcut value. This parameter defines a threshold
on the SPM that makes a partition between the voxels that are going to be used
in the cluster formation stage of the procedure and the voxels that are going to
be discarded. The decision rule is very simple, if a voxels has a z-score larger
than the Zcut threshold then that voxel passes to the cluster formation stage;
if not, the voxel is discarded.

The value of the Zcut is completely arbitrary and depends on the assump-
tions and interests of the researchers [29]. For example, some researchers may
want a higher threshold because they are interested in very focal activity across
the brain. While other researches may select a lower threshold because they
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consider that the activity of the lower regions surrounding certain focal points
should be taken into account.

Thanks to the computation speed of fMRI data analysis software, as FSL, is
quite fast to perform multiple runs of data analysis under different specifications
of Zcut values. This will give us enough information to plot different “Zcut
threshold values” against the “number of voxels above Zcut threshold”. See
figure 9.1. The idea behind this plot is that it may show rough changes in
the number of thresholded voxels and thus we can select some proper Zcut
values candidates to perform the sensitivity analysis of variables for connectivity
analyisis.

Fig. 9.1: Plot of the number of voxels that survived a particular Zcut threshold. Notice that as
the Zcut increases the number of voxels surviving threshold reduces exponentially. See in particular
the strong change when the Zcut goes from 1 to 1.5.

Additionally we can build a similar plot, but using “Zcut thresholded values”
against “number of clusters formed”. See figure 9.2. The idea is the same as in
the previous graph: look for important shifts on the number of clusters and select
some candidates for Zcut values. Both graphs can be used in a complementary
way to select interesting values of Zcut thresholds.

Combining the information of both graphs, we can conclude that low values
of Zcut correspond to low number of clusters (figure 9.2) but each cluster will
be formed with a high number of voxels (figure 9.1). As the Zcut increases
the number of clusters increases until a maximum, and they are formed by a
decreasing number of voxels. Once the maximum number of clusters is reached,
higher Zcut values will produce lower numbers of clusters with very low number
of voxels, until there will be no clusters formed due to no voxels able to pass
the threshold.

9.2 FWHM

The second parameter is named Full Width at Half Maximum (FWHM) and
it is commonly expressed in millimeters units. This parameter has two roles in
fMRI data analysis.
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Fig. 9.2: Plot of the number of clusters formed under particular Zcut thresholds. Notice the
point Zcut = 1, which produces a huge number of clusters due to the roughness of the thresholded
z-scores at such low levels. Disregarding that outlier point, as the Zcut increases the number of
clusters reaches a maximum and then it goes down until zero clusters are formed. In other words,
at very high Zcut, no voxel passes the threshold and no cluster is formed.

The first role is being the key parameter in a spatial smoothing method
that allows us to reduce the signal to noise ratio by performing a sophisticated
averaging of the BOLD signal of a voxel across its neighbors. See figure 9.3
for a 2D surface going from a highly rough distribution to a more smoothed
distribution.

Fig. 9.3: The first panel shows a rough 2D surface. This roughness is represented by the high
variety in colors. The second and third panels show the original surface under increasing values of
smoothness. Notice how in the third panel, the surface is not rough anymore. This can be seen by
the majority of green and yellow patches in the smoothed surface, in opposition to the high variety
of colors in the rough original surface.

The spatial smoothing is implemented by applying a three-dimensional filter
to the BOLD signals. Let B(xi, yi, zi)be the BOLD signal at the voxel with spa-
tial coordinates (xi, yi, zi). Then the smoothing operation replaces B(xi, yi, zi)
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with

Bs(xi, yj , zk) =

∑
q

∑
r

∑
s
fx(xq − xi)fy(yr − yj)fz(zs − zk)B(xq, yr, zs)∑
q

∑
r

∑
s
fx(xq − xi)fy(yr − yj)fz(zs − zk)

The function Bs(·) is applied to every voxel (xi, yi, zi) in the brain. The
functions fx, fy, fz are the smoothing filters along directions x, y and z. The
multiplication of the three smoothing filters is the weight given to the BOLD
signal at voxel (xq, yr, zs) when smoothing the BOLD signal of voxel (xi, yj , zk).

The standard choice for a smoothing filter is a Gaussian function centered
at the voxel that is going to be smoothed, xi:

fx(x− xi) = e
(x−xi)

2

2σ2
x (9.1)

which is proportional to the pdf of a normal distribution with mean xi and
variance σ2

x.
The amount of spatial smoothing depends on the values of the three variances

across the three directions x, y and z. The larger the values of the variances,
the more smoothing because voxels far away from the voxel that is going to be
smoothed (xi, yj , zk) will be given a greater weight. In other words, σ2

d measures
the width of the filter in direction d.

The FWHM is the common measure related to the spatial smoothing. It is
equal to the width of the interval between the points at which the height of the
smoothing filter function is exactly half its maximum height. For a Gaussian
smoothing filter function:

FWHMd =
√

8ln2σd

So rewriting equation 9.1,

fx(x− xi) = e
4ln2(x−xi)

2

FWHM2
x

If the value of the FWHM increases then the number of neighbors consider
for the averaging will increase and if the FWHM decrease then the number
of neighbors for the averaging decreases. So, for example if a voxel volume
is 1mm × 1mm × 1mm, and the FWHM is 3mm; then the average has to
include the original voxel and the surrounding two voxels in each direction. If
the FWHM is 6mm, then it will include the surrounding five voxels in each
direction and the original voxel. See figure 9.4 for a gaussian smoothing filter
under different especifications of FWHM .

The intuitive idea behind smoothing the original BOLD signal is that close
voxels should be more involved in the same brain process than distant voxels.
With smoothing we can exploit that proximity among voxels, and reduce the
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Fig. 9.4: Gaussian smoothing filter, under FWHM = 5, 9, 13. The horizontal line indicates
the half maximum. As the FWHM increases the number of neighbor voxels consider for smoothing
increases.

roughness of the original BOLD signals, thus reducing the signal to noise ratio
(SNR). The reduction of the SNR occurs because some noisy voxels that are
next to task-related voxels, and thus probably related in a much more weakly
way to the task performance, will be assigned, by smoothing, a new less noisy
and more significant BOLD signal. This will increase the number of task-related
voxels (signal) in comparison to the number of not-task related voxels (noise)
across the whole brain.

The second role of the FWHM is being a parameter in the RFT based
methods to solve for multiple comparison. See subsection 8.1.1.

9.3 Zcut and FWHM interaction

The Zcut value and the FWHM are parameters for the RFT equations that
determine the cluster size that is going to be the threshold for statistical sig-
nificancy. If the number of voxels in a cluster is higher than the threshold S
then that cluster is not rejected and can be use as a variable for any subsequent
connectivity analysis. See sections 8.1.1 and 8.3

For each of the final 10 subjects in the sample of the Rhyme Judgment Task,
several fMRI data analysis runs were performed using FSL’s FEAT suite. FEAT
implements a GLM (see section 7.1) and can implement a GRF based method
to correct for multiple comparison by clusters formation. These clusters can
be used as variables for a connectivity analysis. The representative value of
each variable can be the average BOLD signal of the voxels that comprise the
corresponding cluster.

For each subject, 3 different values of Zcut and 3 different values of FWHM
were combined. This totals 9 data analysis runs for each subject. And a total
of 90 data analysis runs for the full sample.

The chosen Zcut values were: 2/3.5/4.5. The chosen FWHM values were
5/9/13. So, for example, the data analysis for Zcut = 2 was run under the 3
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values of FWHM . And inversely, the data analysis for FWHM = 13 was run
under the 3 values of Zcut.

The next graphs show the number of clusters formed for each of the 10
subjects under different specifications of the parameters. Figure 9.5 shows the
number of clusters for different values of Zcut under each of the three FWHM
values. Figure 9.6 shows the number of clusters for different values of FWHM
under each of the three Zcut values.

FWHM=5 FWHM=9 FWHM=13

Fig. 9.5: Differences in number of clusters formed under three values of Zcut keeping fixed
the FWHM value. The scale of the graphs is the same to compare clearly the differences across
FWHM values.

Zcut=2 Zcut=3.5 Zcut=4.5

Fig. 9.6: Differences in number of clusters formed under three values of FWHM keeping fixed
the Zcut value. The scale of the graphs is the same to compare clearly the differences across Zcut

values.
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High Zcut values allow us to recover the peaks of the data and obtain a
greater number of variables (clusters) at the expense of discarding information
of possible relevant voxels that support or surround those peaks. By doing this
we can create two or more clusters in cases where we know we should only have
only one cluster. On the other hand very low Zcut values could collapse infor-
mation into big clusters that we know should be divided into smaller clusters.
Making that choice is not easy and depends in many factors, as the choice of
the researcher or previous information about brain regions and their functions.

The choice of the FWHM is equally problematic [31][63][97]. A small
FWHM gives us very noisy BOLD signals and thus highly clusterized brains
because voxels that should be in the same cluster are split into two or more
clusters due to the roughness of the voxels z-map. And too high FWHM gives
us a completely smooth surface with very large clusters that probably should
be split into smaller clusters. Again, there is not a standard smoothing level in
the literature and the choice of the FWHM is aimed to reduce the signal to
noise ratio, more than aimed to control for cluster formation.
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Part IV

Group Analysis
As stated in the introductory part, the challenge of the group analysis for data
based variable formation algorithms is the diversity of variables sets that we
can end with, depending on the anatomical and cognitive differences of the
subjects of the sample. In the case of the clustering algorithm used for this
analysis and for the sample of the Rhyme Judgment Task, under any selection
of FWHM and Zcut values, we obtained a different set of variables for each
subject. Some subjects present a higher degree of similitude with others in terms
of spatial localization and size of the clusters. Based on this similitude some
of the subjects were discarded from the original sample due to deep differences
in the location and size of the clusters obtained (subjects 5,7 and 11 in the
Openfmri.org database classification for this task). One simple explanation to
these anomalous cases is that the subjects were not actually performing the
judgment task during the fMRI scan. It is not uncommon that subjects get
distracted and dispersed in fMRI tasks due to the claustrophobic environment
of the scanner, especially in long duration tasks. This is just an educated guess,
because the database does not contain behavioral results for these scanning
sessions. For this work, the rest of the subjects were relabeled from 1 to 10.

Given these differences across subjects the challenge is to come with a
method that allows us to find in a reliable way, similarities across subjects.
More particularly we would like to search, first, for task activation regions that
are consistent across subjects; and second, for connectivity pathways that are
consistent across subjects. Furthermore, we would like to be able to generalize
our results from our sample to the population. Several work has been done to
develop statistical methods for fMRI group analysis [6][98]. The most popular
are implemented in fMRI statistical software as SPM or FSL . The methods can
be divided in two main categories: mixed effects and fixed effects. The mixed
effects methods propose models for error sources that account for the differences
across sample subjects of a population. This approach allows the researcher to
generalize his results from the study sample to the general population. The
other approach, fixed effects, only allow the researcher to obtain a result that
describe only the subjects of the sample, in other words, the results are not
generalizable to the population.

An attempt was made to apply the group analysis mixed effect model imple-
mented in FSL to the data of the Rhyme Judgment Task. The group analysis
is similar to the per-subject analysis in the sense that in both you can decide
on a RFT based method to solve for multiple comparison by clustering. Thus,
you have to select a Zcut and FWHM values and the final output is a set of
significant clusters. In this case significant group clusters.

This approach presented two problems. The first one is a problem of the
method. Recall that we are not only interested in localization, we are also
interested in extracting the corresponding BOLD signals of those clusters. In
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other words, we are not only interested on defining the variable but also in
defining its representative value. The problem is, how do we define the BOLD
signal in a group analysis? The most direct solution would be to perform a
simple average of the BOLD signals of the voxels that form a cluster across all
the subjects of the group. An additional problem with this approach is that
first we would have to normalize the BOLD signals of each of the subjects to
the standard space into which the clusters are defined, and the extrapolation of
the BOLD signals during normalization can affect the original data.

The second problem was an empirical problem and it arose during the appli-
cation of the group analysis method to the Rhyme Judgment Task data. When
the FSL mixed effects group analysis was performed on the data under the nine
different combinations of parameters explained above, the result was always 1
huge significant cluster. This implies that we only have 1 variable. Obviously
that is insufficient for a connectivity analysis. Even though the results of the
group analysis are useful for localization of brain regions related to certain task,
they are useless for a connectivity analysis without further processing. We need
to find a way to clusterize that enormous cluster.

Given the problems to use the FSL group analysis option without further
processing of the data, it is necessary to define a useful way to compare group
data in order to find consistencies. The next section presents a proposal that
makes use of particular information of each subject and of a group analysis
method implemented directly in the Causal Analysis software TETRAD.

10 Subject per subject template imposition

The main idea of this group analysis is to impose a unique set of regions of
interest across subjects in order to obtain comparable results in terms of spatial
definition . The method is presented in the next algorithm:

1. Normalize the N subjects to a standard space, in order to diminish shape
differences among brains.

2. Extrapolate the BOLD signals to the new standard space.

3. Select one subject of the sample. Call it base-subject.

4. Run the clustering algorithm to form the base set of variables (subject-
template) and average the BOLD signals to obtain the representative val-
ues of the variables for the base-subject.

5. Impose on the rest of the N − 1 subjects the base set of variables and
average the corresponding BOLD signals to obtain the representative val-
ues of the variables. (This implies that in the rest of the subjects the
clustering algorithm will not be applied. Thus, the statistical significance
of the variables will depend completely on the base-subject).
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6. Use the newly defined set of variables of each subject as input for N
individual subject connectivity analyses and 1 group connectivity analysis.
(eg. graph causal searchs; network analysis; granger causality).

7. Repeat from step 3 choosing a new subject of the sample, until you have
used all the N subjects.

8. The final result is a set of N2 individual connectivity analyses + N group
connectivity analyses.

The clear disadvantage of this method is that to achieve an equal set of variables
in terms of size and spatial coordinates we have to impose exogenous informa-
tion on the rest of the subjects without performing any statistical significance
test (expect for the base-subject). The consequence is that for the rest of the
subjects, in each variable, we will probably average some noise voxels that in a
traditional significance testing would be rejected.

The benefit of the method is that it allow us to determine if some connectivity
pathways of one subject are also present in the rest of the subjects. We can
compare this information for each of the subjects and then conclude which of the
connectivity structures is the one that achieves the highest degree of presence
across the sample. The results obtained of the comparisons are presented in the
next section.

One alternative to the problem of the lack of significance tests when extract-
ing the BOLD signals for the rest of the subjects, is to use the base- subject
set of variables (step 3 above) only to define the size and coordinates on which
subsequently significance tests would be performed. In other words, the base set
of variables would define clusters on which we will perform immediately another
RFT based significance test to determine new significant subclusters inside the
initial clusters.

One inconvenience of this modification is that the new variables (clusters)
across subjects, even if they are within the coordinates of the base variables,
will not have the same size or coordinates. In the worst scenario we could find
that for certain subjects none of the voxels of certain cluster will be significant
(ie. variable without signal assigned). In that case the sets of variables for those
subjects will be smaller compared to the original base set.

Another inconvenience is that it is an extremely time consuming process.
The FSL cluster results are not labeled in the same order across subjects. It
means that cluster 1 of subject 1 could correspond to cluster 4 of subject 2.
Thus, we must find by hand the correspondences across clusters and rename
them so all the clusters obtained across all the subjects finished inside the proper
cluster according to the results of the base subject. Given these difficulties, this
alternative will not be taken and the method will be applied as initially defined.

Step 6 of the algorithm of the group analysis method corresponds to the
connectivity analysis. In this thesis the connectivity will be developed in terms
of causal structures. This means that we will search for connectivity graphs
in which the edges between nodes (variables) are directed, and that direction
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is interpreted in terms of causality. If variable A has a directed edge towards
variable B, then variable A is a probable cause of variable B.

In order to do this we will use the causal search analysis software TETRAD.
In particular two causal search algorithms, IMaGES and LOFS. The former will
be used for the formation of patterns, ie. graphs with directed and undirected
edges. The latter will be used to direct the undirected edges of the pattern out-
put by the first algorithm. A brief description of the algorithms and the results
of the causal searches on the Rhyme Judgment Task fMRI data is presented in
the next section.
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Part V

Connectivity Analysis: Causal
Search Algorithms (IMaGES and
LOFS)

The set of variables output by the cluster algorithm is a list of brain regions
of interest (ROIs) that we want to analyze in terms of connectivity. We are
interested in studying the different ways in which these regions are connected
during the performance of a cognitive task.

In this work we are interested in analyzing connectivity in terms of causal
pathways. We will use the probability distributions of the BOLD signals to
search a causal structure among the variables. This structure will be defined
in terms of nodes (variables) and directed edges. A directed edge from node A
to node B implies that node A is a probable cause of node B. In a brain data
interpretation this means that the presence of the signal of the brain region
described by the node A is a probable cause of the presence of the signal of the
brain region described by node B.

We should recall that the values of the variables are BOLD signals and these
signals are caused by the electro-chemical activity of neurons due to brain func-
tion. A model of the causal relationship between BOLD signals and neuronal
signals is presented in figure 10.1. A comprehensive exploration of the implica-
tions of this model is presented in [73].

Fig. 10.1: Model of the causal relationship between three clusters of neurons and the corre-
sponding three clusters of BOLD signals. In practice, we are performing a causal search on BOLD
signals under the assumption that these causal relationships will reflect real causal relationship
among neurons.

11 IMaGES

The first algorithm used to search for causal pathways among the brain clusters
is called IMaGES (Independent Multiple-sample Greedy Equivalence Search).
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It is a modification of the GES (Greedy Equivalence Search) search algorithm
developed by [56], in the sense that IMaGEs was developed to take into account
various databases simultaneously to output a group pattern. In other words, we
can simultaneously input to IMaGES each of the subjects datasets of clusters
and it will output one representative group pattern.

11.1 GES
The GES algorithm is based on the Meek conjecture which states that:

If H and G denote two directed acyclical graphs (DAGs) and every inde-
pendence among the variables implied by the structure of H is also implied by
the structure of G (independence map), then there exists a finite sequence of
edge additions and covered edge reversals that can be applied to G with the
next properties: (1) after each edge change, G remains a DAG and H remains
an independence map of G; and (2) after all edge changes G = H, [15].

Some years later Chickering [15] proved that this conjecture is indeed true
and showed the existence of an asymptotically optimal algorithm as the one
Meek developed. Chickering’s algorithm determines a specific sequence of edge
modifications of G that transform it into H such that properties (1) and (2) are
fulfilled. Under the assumption that intially there are p edges in H that do not
appear in any orientation in G and q edges in H that appear in the opposite
orientation in G, the sequence includes at most 2p+ q edge modifications.

GES is a two-phase greedy algorithm, in each phase it searches for the local
maximum with the hope of finding a global maximum. It applies a Bayesian
scoring criterion to identify the unique equivalence class of DAGs that is a
perfect map of the original distribution, assuming such an equivalence class
exists.

The Bayesian Information Criterion (BIC) score is used in the TETRAD
implementation of GES to approximate a posterior probability distribution of
the DAG representative of each considered class.

BIC = −2ln(ML) + kln(n).

Where ML is the maximum likelihood estimate, k is the dimension of the
model and n the sample size. For uniform priors on models and smooth priors on
the parameters, the posterior probability conditional on the data is a monotonic
function of the BIC [73].

The algorithm starts with an equivalence class corresponding to no depen-
dencies (empty graph), and add dependencies by considering all possible single-
edge additions that can be made to all DAGs in the current Markov equivalence
class. At each addition, a representative DAG in the equivalence class with the
best BIC score is chosen. This process continues until a local maximum BIC
score is reached. In other words, you keep adding dependencies until the BIC
score is not improved anymore. Then, a second phase is applied that considers
at each step all possible single-edge deletions that can be made to all DAGs in
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the equivalence class. The algorithm ends when a local maximum BIC score is
identified in the second phase. A complete version of the algorithm is in [73][15].

The algorithm identifies in the limit the optimal equivalence class. Thus,
the output is often not a directed graph, but a pattern corresponding to Markov
equivalence classes of graphs. A pattern corresponding to an equivalent class,
consists of a directed edge for every edge that exists in the same orientation for
every member of an equivalence class; and an undirected edge for every edge
that does not exists in the same orientation for every member of the equivalence
class.

The computational advantage of the algorithm depends on the fact that it
searches over Markov equivalence classes of DAGs rather than individual DAGs.

11.2 IMaGES and fMRI data
The GES algorithm has been apply successfully in the connectivity analysis of
real and simulated data [73][72]. In its original form it only allows us to analyze
the brain dataset of one subject per run. For example, if we performed a GES
causal search on the set Q of variables of a particular subject, each qi ∈ Q will
consist in a time series of TR time points and the output will be a pattern for
that specific subject.

Under this restriction, if we want to use GES to perform a group analyisis
to obtain a group pattern, we could be tempted to pool all the subjects’ BOLD
time series and run the search on that new larger dataset. Nevertheless, that is
an incorrect approach given that the direct combination of datasets can result
in statistical dependencies in the combined data that do not exist in any of the
individual datasets [73].

In order to deal with this problem, the TETRAD software implements IM-
aGES, a score-based causal search in which we can input multiple subjects data
sets simultaneously without pooling them into one larger data set, and obtain a
group pattern without the problems associated with the direct pooling of data.

Following Ramsey [73], suppose there are m datasets Di of size n. 4 For
any graph G, define ln(Di, G) as the natural logarithm of the likelihood of the
data determined by the maximum likelihood estimate of the free parameters in
G. In a Gaussian linear system, the free parameters are the variances of the
exogenous variables, the variances of the errors, and all coefficients not fixed.
As in GES, IMaGES scores each graph at each stage but with the average of the
BIC score for that graph in each subject dataset. This score is called IMscore,

IMscore = −(
2

m
)
∑
i

ln(Di, G) + ck · ln(n)

The IMscore is a BIC score with the number of independent dimensions
multiplied by the number of data sets.

4In a fMRI analysis, each dataset corresponds to each subject. Thus, m is the number of
subjects, m = 10 for the Rhyme Judgment Task. And n correspond to the total number of
TRs, n = 160 for the Rhyme Judgment Task.
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As Ramsey [73] states, the causal models generated by IMaGES are non-
parametric, although a parametric assumption is used to obtain maximum like-
lihood estimates in the BIC and IMscore. The graphs express only hypotheses
of the causal connectivity and conditional independence relations, whatever the
true underlying distribution is.

12 LOFS

As noted above, the output of GES, and consequently of IMaGES, is often not
a directed graph, but a pattern with directed and undirected edges. We need
a complementary procedure to direct the undirected edges and obtain a DAG.
To perform this task, the LOFS (LiNG Orientation Fixed Structure) algorithm
has been successfully applied to fMRI data [72], and is implemented in the
TETRAD software.

The LOFS algorithm is based on the LiNGAM family of algorithms. As
Ramsey [72] explains, these algorithms are based on the fact that the regression
residuals of the correct linear model with independent non-Gaussian errors will
be less Gaussian than the residuals of any incorrect model. This property
depends on two facts:

(1) A sum of i.i.d. non-Gaussian variables is (usually) closer to a Gaussian
than any of the terms in the sum.

(2) The regression residual of a variable X on a false orientation of its ad-
jacent variables is a weighted sum of the error term for X and the error terms
for the variables of mis-oriented edges—whereas on the correct orientation the
residual for X is just the error term for X.

For linear models these facts imply two rules that when combined with a
non-Gaussianity measure of the distribution of a variable X allow us to ori-
ent undirected edges. The non-Gaussianity measure used for the connectivity
analysis of the Rhyme Judgment Task data is the A2∗ statistic of the Anderson-
Darling test of the hypothesis that a distribution is Gaussian. When the variance
and mean are unknown,

A2∗ = A2(1 + 4/n− 25/n2)

and,

A2 = −n–
1

n

∑
i

(2i–1) · (lnF (Yi) + ln(1–F (Yn+1−i)))

The function F (Yi) is the Cumulative Distribution Function (CDF ) of a
Normal (0, 1), evaluated at Yi and Yi is the ith standardized data point in
ascending order of an n sample size.
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Following Ramsey [72], denote the evaluation of non-Gaussianity (NG) for
the conditional distribution of X on a set S of variables5 by NG(X|S), and
when the evaluation is for a list of datasets D =< D1, . . . , Dm >, we write
NG(X|S;D). The two rules are as follow:

Rule R1: Given a set P of variables that are connected to a variable X
by undirected edges, choose the orientations of those edges that maximize
NG(X|P).

Rule R2: Let X and Y be adjacent variables, and let the candidates parents
of X other than Y be OX, and the candidate parents of Y be OY. Orient
as X ← Y if NG(X|Y,OX) > NG(Y |X,OY), NG(Y |OY) > NG(X|OX),
NG(X|Y,OX) > NG(X|OY) and NG(Y |OY) > NG(Y |X,OY), and vice versa
for X → Y .

For each node X in an undirected graph, for each set S of nodes that are
adjacent to X, and each list of data sets < D1, . . . , Dm >, let NG(X|S;<
D1, . . . , Dm >) be calculated as follows:

1. Form a set of regression residuals R as follows. For each i = 1, . . . ,m,
if X and all nodes in S are measured in Di, calculate the multiple regression
residual ri of X conditional on S in Di and add ri −mean(ri) to R.

2. Concatenate the vectors in R, producing a vector r.
NG(X|S;< D1, . . . , Dm >) equals the A2∗ statistic of r.
Procedure LOFS-R1 (G, < D1. . .Dm >).

1. Let G´ be empty.

2. For each node X in G,

(a) Find the subset S of the nodes adjacent to X in G that maximizes
NG(X|S;< D1, . . . , Dm >)

(b) For each Y in S, add Y → X to G´

3. For each pair of nodes Z and W adjacent in G but not in G´

(a) Add Z—W to G´

4. Return G´

LOFS-R2 takes the undirected graph from IMaGES, or the mixed graph from
R1, and applies Rule R2 to each edge in the graph, evaluating NG on multiple
data sets as in the LOFS-R1 algorithm.

For the causal searches performed in this work, the complete search pro-
cedure used for the connectivity analysis of the Rhyme Judgment Task for 10
subjects (m = 10), 160 TR time points (n = 160) and random size of sets of
variables (the size of the set depends on the parameters chosen in the data based
cluster algorithm) was IMaGES+LOFS-R1+LOFS-R2.

5Recall that in the fMRI case, the variable X will be a particular cluster and the set S,
will be the set of all the clusters obtained in the data based variable formation algorithm.
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13 DAGs as connectivity matrices

Is relevant that a directed acyclical graph can be represented in terms of a square
connectivity matrix. In this connectivity matrix, the # rows = # columns and
both are equal to #of clusters+1. This extra variable is called INPUT variable
and it correspond to a time series that represents the design matrix of our
experiment. This variable is not an output of the data based cluster algorithm,
thus it is not defined in terms of voxel coordinates. It is an input that come
from outside of the brain. It is defined at the beginning of the analysis when
we setup our GLM (see section 7.1).

Just for visualization, in the connectivity matrices built in this thesis, the
first row and first column always correspond to the INPUT variable. And the or-
der of the clusters correspond to the same ordering as output by FSL, where the
cluster with the highest number-label is always the cluster formed by the largest
amount of voxels. So, for a matrix representing a large number of clusters, the
second row and second column of the matrix will correspond to a cluster with
less voxels that the cluster that correspond to the last row and last column of
the matrix.

The values of the square connectivity matrix are binary: 0 = no edge and
1 = directed edge. And the reading of the direction goes from rows to columns.
This means that the rows indicate the tail of the directed edge and the columns
the head. In other connectivity approachs, like DCM, for example, this direction
is inverted, the columns are the tails and the rows are the heads. This is
important to take into account if we are interested in importing our results
across methods.

So for example, if we have a graph that contains 10 variables (9 clusters +
1 INPUT), then our connectivity matrix will have a dimension of 10× 10. And
if the position (row : 1, column : 7) has a value of 1, then there is a directed
edge from INPUT to Cluster6.

Figure 13.1 shows a DAG as output by IMaGES+LOFS and its graphical
depiction as a connectivity matrix. Evidently, neither of these graphical repre-
sentation provide information about the real anatomical brain location of the
variables.

13.1 Frequency Matrix
A subproduct of the connectivity matrix is the frequency matrix. This matrix
does not represent a directed acylical graph but is formed using the results of
each one of the connectivity matrices of the subjects of the sample. It is used to
show the frequency of appearance of a particular edge across all the subjects.

This frequency matrix has the same dimension as the connectivity matrices
used to create it (ie. # of clusters+ 1) but the values are defined over the real
numbers from 0 to 1, since they express a frequency count over a number of
subjects.

For example, if the position (row : 6, column : 9) has a value of 0.6, then we
say that the edge from Cluster5 to Cluster8 appears in the DAG of 60% of the
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Fig. 13.1: Graphical representation of a Connectivity Matrix with 10 variables (9 clusters+1
INPUT). The first row and column is always the INPUT variable. The red squares indicate a value
of 1 (ie. directed edge present) and the blue squares a value of 0 (ie. no edge present). There are
10 directed edges which define the direct acyclical graph.

subjects. And if the position (row : 9, column : 6) has a value of 0.3, then we
say that the edge from Cluster8 to Cluster5 (ie. a reversed edge relative to the
former case) appears in the DAG of 30% the subjects. This case is illustrated
in figure 13.2.

Fig. 13.2: Graphical representation of a Frequency Matrix with 10 variables (9 clusters+1 IN-
PUT). The first row and column is always the INPUT variable. The color of the squares represent
frequency of appearance across subjects, according to the color map. Dark red squares are edges
present in 100% of the subject of the sample. Blue dark squares are edges present in 0% of the
subject of the sample. This matrix is not a directed acyclical graph.
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14 Group Analysis Comparison

One simple method to compare a group DAG (ie., group connectivity matrix)
versus individual causal searches, is: 1) Run IMaGES+LOFS algorithms for
each subject individually; 2) Do a frequency count of the directed edges across all
the subjects of the group (ie. build a frequency matrix); 3) We would expect that
the directed edges more frequent across subjects will also be present, preserving
the direction, in the group graph. Sometimes this is the case but there are also
cases when the direction of the edges are reversed and some other when the
edges are not present at all.

Given that across different subject-templates, the number of nodes and edges
in the corresponding graphs is not equal, we have to report the results of the
edge counting in percentages, so we can compare them across subject-templates.

For each comparison between a group connectivity matrix and a frequency
matrix, the list of reported data is:

A) % of edges in the group connectivity matrix present in the fre-
quency matrix that preserve the higher frequency direction (note:
this means that if an edge in the frequency matrix has Q% frequency
in direction R and P% in direction L, and Q%>P%, then direction R
will be preferred over L, and R will be the higher frequency direction
consider for the comparison.)

B) % of edges in the group connectivity matrix present in the frequency
matrix, that reverse the higher frequency direction.

C) % of edges in the group connectivity matrix that are not present in
the frequency matrix.

D) % of edges in the group connectivity matrix present in the frequency
matrix, that does not have a preferred direction (this means that
Q%=P%, so neither direction is preferred over the other).

Each one of this results will be reported in the columns of a table, with the
labels “A%”, “B%”, “C%” and “D%” corresponding to the same letters of the list
presented above.

We are interested in detecting the subject-template (see section 10) that gets
the highest score in “A%”. This measure will tell us that under that particular
set of clusters (subject-template), the group causal graph (group connectivity
matrix) is more similar to each individual causal graphs, than under any other
set of clusters.

The group analysis began by creating a set of variables (clusters) using a base-
subject. Then, we imposed that set of variables on the rest of the N subjects of
the sample. This allows us to maintain the same number of variables for each
subject (same number of ROIs) and the same size (number of voxels in each
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cluster). We extract and average the BOLD signals of all the voxels of each
cluster to obtain the representative values of the variables that will be input
in the causal search algorithm. We repeat these steps for each subject of the
sample.

The 3 values of FWHM and the 3 Zcut values selected for the sensitivity
analysis give a total of 9 possible group DAGs (group connectivity matrices)
and 9 frequency matrices for each of the subject-templates. Thus 9 tables of
comparisons.

14.1 Comparison tables: Group connectivity matrix vs.
Frequency matrix

As explained above there are 4 main results reported in each of the 9 tables.
These 4 results are shown in the last 4 columns,as “A%”, “B%”, “C%” and “D%”.
The first column of the tables shows the subject that was used as base-subject
for the template imposition; the second column is the number of nodes of the
directed graph that was formed using the set of clusters of the base-subject; the
third column is the number of directed edges of the causal graph.

Results are presented in 9 tables. Each one correspond to a combination of
Zcut and FWHM values. The values of these parameters is mention at the
bottom of the table. A last tenth table shows a summary of the average of the
results for each one of the combinations of parameters.

When NA is reported it means that under that selection of parameters the
set of clusters only contains 1 or 2 huge clusters. This reduced number of clusters
is not sufficient to perform an interesting brain connectivity analysis and thus
was discarded from the comparison results. This occurs often when the Zcut
value is too low and the FWHM smoothing value is high. See for example the
extreme case, table 14.7, that shows results of FWHM = 13 and Zcut = 2 and
where all the subject-templates were reported with NA.

When P is reported it means that IMaGES crashed down. The most extreme
case occurs in table 14.3, that shows results of FWHM = 5 and Zcut = 4.5,
where the causal search crashed for three subjects.

In each of the first 9 tables the subject that presents the highest score of
“A%” (ie. the highest percentage of edges in the group connectivity matrix
present in the frequency matrix that preserve the higher frequency direction),
was framed in a black rectangle.

Sub002, was the only subject that obtained the highest “A%” score in 3 of
the 9 comparison tables. Sub001 obtained the highest “A%” score in 2 tables.
Sub004, sub005 and sub010 obtained the highest score in only 1 table.

This means that of all the subject-templates and the nine combinations of
parameters, sub002 generated the templates (sets of ROIs/clusters/variables)
that produced the group DAGs whose causal pathways were also present across
the largest number of individual DAGs. Another way to put it is that the group
DAGs produce by sub002-templates efficiently detect the most robust causal
pathways across all the individual DAGs of the sample.
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subjects nodes edges A% B% C% D%

sub001 NA NA NA NA NA NA

sub002 7 6 66.67 33.33 0 0

sub003 NA NA NA NA NA NA

sub004 NA NA NA NA NA NA

sub005 5 4 50 25 0 25

sub006 NA NA NA NA NA NA

sub007 NA NA NA NA NA NA

sub008 NA NA NA NA NA NA

sub009 NA NA NA NA NA NA

sub010 NA NA NA NA NA NA

Table 14.1: FWHM = 5//Z = 2

subjects nodes edges A% B% C% D%

sub001 34 19 47.37 36.84 0.00 15.79

sub002 13 9 66.67 33.33 0.00 0.00

sub003 43 29 65.52 10.35 10.35 13.79

sub004 25 15 53.33 40.00 0.00 6.67

sub005 38 23 34.78 52.17 0.00 13.04

sub006 28 30 46.67 40.00 3.33 10.00

sub007 20 19 47.37 31.58 0.00 21.05

sub008 30 28 39.29 35.71 3.57 21.43

sub009 34 25 40.00 40.00 4.00 16.00

sub010 21 21 47.62 23.81 4.76 23.81

Table 14.2: FWHM = 5//Z = 3.5

subjects nodes edges A% B% C% D%

sub001 99 66 39.39 39.39 4.55 16.67

sub002 26 16 50.00 37.50 0.00 12.50

sub003 108 63 55.56 20.64 11.11 12.70

sub004 P P P P P P

sub005 P P P P P P

sub006 37 31 51.61 25.81 12.90 9.68

sub007 46 36 55.56 30.56 5.56 8.33

sub008 P P P P P P

sub009 73 41 36.59 39.02 4.88 19.51

sub010 60 38 63.16 28.95 2.63 5.26

Table 14.3: FWHM = 5//Z = 4.5
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subjects nodes edges A% B% C% D%

sub001 NA NA NA NA NA NA

sub002 4 3 100 0 0 0

sub003 NA NA NA NA NA NA

sub004 NA NA NA NA NA NA

sub005 NA NA NA NA NA NA

sub006 NA NA NA NA NA NA

sub007 NA NA NA NA NA NA

sub008 NA NA NA NA NA NA

sub009 NA NA NA NA NA NA

sub010 NA NA NA NA NA NA

Table 14.4: FWHM = 9//Zcut = 2

subjects nodes edges A% B% C% D%

sub001 5 4 75.00 25.00 0.00 0.00

sub002 7 6 66.67 33.33 0.00 0.00

sub003 12 10 60.00 20.00 10.00 10.00

sub004 10 11 36.36 36.36 0.00 27.27

sub005 10 12 50.00 25.00 8.33 16.67

sub006 12 14 71.43 28.57 0.00 0.00

sub007 7 6 33.33 66.67 0.00 0.00

sub008 12 14 71.43 21.43 0.00 7.14

sub009 6 5 20.00 40.00 0.00 40.00

sub010 8 6 50.00 16.67 0.00 33.33

Table 14.5: FWHM = 9//Zcut = 3.5

subjects nodes edges A% B% C% D%

sub001 28 34 61.77 29.41 0.00 8.82

sub002 14 10 30.00 50.00 0.00 20.00

sub003 P P P P P P

sub004 27 22 50.00 27.27 0.00 22.73

sub005 27 20 40.00 40.00 5.00 15.00

sub006 14 14 50.00 14.29 0.00 35.71

sub007 17 16 43.75 43.75 0.00 12.50

sub008 28 25 36.00 44.00 0.00 20.00

sub009 23 19 52.63 31.58 0.00 15.79

sub010 23 23 47.83 30.44 4.35 17.39

Table 14.6: FWHM = 9//Zcut = 4.5
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subjects nodes edges A% B% C% D%

sub001 NA NA NA NA NA NA

sub002 NA NA NA NA NA NA

sub003 NA NA NA NA NA NA

sub004 NA NA NA NA NA NA

sub005 NA NA NA NA NA NA

sub006 NA NA NA NA NA NA

sub007 NA NA NA NA NA NA

sub008 NA NA NA NA NA NA

sub009 NA NA NA NA NA NA

sub010 NA NA NA NA NA NA

Table 14.7: FWHM = 13//Z = 2

subjects nodes edges A% B% C% D%

sub001 NA NA NA NA NA NA

sub002 5 5 80.00 0.00 0.00 20.00

sub003 NA NA NA NA NA NA

sub004 8 8 87.50 12.50 0.00 0.00

sub005 6 7 85.71 14.29 0.00 0.00

sub006 7 9 66.67 22.22 0.00 11.11

sub007 6 5 60.00 40.00 0.00 0.00

sub008 5 5 20.00 20.00 0.00 60.00

sub009 NA NA NA NA NA NA

sub010 6 5 60.00 40.00 0.00 0.00

Table 14.8: FWHM = 13//Z = 3.5

subjects nodes edges A% B% C% D%

sub001 12 12 50.00 41.67 0.00 8.33

sub002 8 9 33.33 33.33 0.00 33.33

sub003 16 20 50.00 30.00 5.00 15.00

sub004 16 13 69.23 30.77 0.00 0.00

sub005 11 14 71.43 14.29 7.14 7.14

sub006 9 9 55.56 22.22 0.00 22.22

sub007 9 8 50.00 25.00 0.00 25.00

sub008 14 15 40.00 33.33 0.00 26.67

sub009 10 10 60.00 40.00 0.00 0.00

sub010 11 11 54.55 27.27 0.00 18.18

Table 14.9: FWHM = 13//Z = 4.5
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The second important result is shown in table 14.10. It summarizes the
average of “A%”, “B%”, “C%” and “D%” for each of the nine combinations of
parameters. The first column of this table shows the number of subjects that
are considered for the averaging of each parameter. This value is presented
because, as explained above, for some subjects there are no relevant results
(NA) or the causal search algorithm crashed (P ).

In this table we are looking for the pair of parameters with the highest
average of “A%”. Notice that the highest average for “A%” correspond to
FWHM = 9//Zcut = 2, but it is not a representative value given that the num-
ber of subjects consider for the average is only 1 (see first column of table 14.10).
Discarding this result, the next highest score is FWHM = 13//Zcut = 3.5.
This is the combination of FWHM and Zcut that produces, in average, the
group DAGs that better detect the most robust causal pathways across all the
individual DAGs of the sample.

As this is a result about the parameters of the clustering algorithm, it is
possible to run this algorithm with these paremeters values in other data and
see if the results are consistent.

# sub FWHM Zcut A% B% C% D%

2 5 2 58.33 29.17 0.00 12.50

10 5 3.5 48.86 34.38 2.60 14.16

7 5 4.5 50.27 31.69 5.95 12.09

1 9 2 100.00 0.00 0.00 0.00

10 9 3.5 53.42 31.30 1.83 13.44

9 9 4.5 45.77 34.53 1.04 18.66

NA 13 2 NA NA NA NA

7 13 3.5 65.70 21.29 0.00 13.02

10 13 4.5 53.41 29.79 1.21 15.59

Table 14.10: Average across the 9 combination of parameters. The first column shows the
number of subjects that are considered for the average of each parameter. When this value is less
than 10 is because for some subjects there were no results (NA) or the causal search crashed (P).
Notice that the highest average for “A%” correspond to FWHM = 9//Zcut = 2, but it is not a
representative value given that the # of subjects consider is only 1. Discarding that result, the
highest score is for FWHM = 13//Zcut = 3.5.

67



14.2 Robustness of a set of variables using its frequency
matrix

For a sample size of 10 subjects and 9 different combinations of parameters,
there are 90 possible frequency matrices. In order to obtain a measure of the
robustness of a set of variables, we may look for those directed edges in the
frequency matrix that are highly present across subjects ( > 40% of the subjects
of the sample). So, if we have a directed edge that appears in more than
forty percent of the subjects of the sample we could hypothesize that the causal
pathway formed by the two nodes and the directed edge is highly relevant during
the performance of that particular cognitive task. In this sense, a set of variables
that result in causal structures whose directed edges have a high frequency across
the sample would be consider more robust.

This measure of robustness is defined as the % of directed edges that appear
in > 40% of the subjects of the sample. It is obtained by dividing the number
of directed edges that appear in > 40% of the subjects over the total number
of directed edges in the frequency matrix. Recall that the frequency matrix
does not represent a DAG. The values of the matrix are the frequencies that the
directed edges appear across the sample. So, with a sample size of N = 10 and a
set of 10 clusters + 1 INPUT variable, if the matrix entry (row : 10, column : 5)
has a value of 0, it means that there does not exist a causal edge from Cluster9
to Cluster4 in any of the 10 individual subject causal graphs generated from
a particular subject-template. Hence, if that same matrix entry has instead a
value of 0.1, it will imply that in 1 individual subject causal graph there exists
a causal edge from Cluster9 to Cluster4.

Consequently, to obtain the total number of directed edges in the frequency
matrix we only need to count the number of matrix entries with a value >0.
Any value >0 indicates the presence of an edge in at least 1 individual subject
graph out of the N individual subjects graphs available.

14.2.1 Result tables

9 tables are presented. Each one corresponds to a possible combination of the
three Zcut and three FWHM values. The first column of the tables shows
the corresponding subject-templates. Each row of a table reports the results
of the frequency matrix that was obtained under that specific set of variables
(subject-templates).

The second column is the total number of edges in the frequency matrices,
it is labeled “T”. The third column is the total number of edges that appear in
more than 40% of the subjects of the sample (ie. highly present edges), it is
labeld “H”.

The fourth column is the result of dividing the third column over the second
column, (“H/T”). Thus, it represent the % of highly present edges in the total
number of edges. This ratio is our measure of robustness for a set of variables.
In each table the set of variables with the highest value of “H/T” is framed inside
a black square.
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As in the tables of the last section, NA indicates absence of connectivity
analysis due to only 1 or 2 huge clusters output by the variable formation
algorithm; and P indicates that IMaGES crashed.

Sub002 obtained the highest score in 3 tables. Sub006 got the highest score
in 2 tables. sub005, sub001 and sub008 each got the highest score in 1 table each.
This result implies that sub002 templates produce individual subject DAGs with
edges that are consistent across the highest number of individuals in the sample.

Table 14.20 presents the average “H/T” scores for each of the nine possible
combinations of parameters. The highest score is FWHM = 13 and Zcut =
3.5, that just includes 7 subjects in its averaging. The next highest score is
FWHM = 9 and Zcut = 3.5, that includes all the 10 subjects of the sample.
There were two high scores not considered because they only included 1 or 2
subjects in their averaging.

These results suggest that a Zcut value around 3.5 is well suited to gen-
erate clusters that produce, in average, DAGs with more robust edges acrosss
individuals.
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subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 NA NA NA

sub002 24 3 12.50

sub003 NA NA NA

sub004 NA NA NA

sub005 13 3 23.08

sub006 NA NA NA

sub007 NA NA NA

sub008 NA NA NA

sub009 NA NA NA

sub010 NA NA NA

Table 14.11: FWHM = 5//Z = 2

subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 170 6 3.53

sub002 65 6 9.23

sub003 287 4 1.39

sub004 152 6 3.95

sub005 230 4 1.74

sub006 182 7 3.85

sub007 134 3 2.24

sub008 156 6 3.85

sub009 185 5 2.70

sub010 115 10 8.70

Table 14.12: FWHM = 5//Z = 3.5

subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 578 5 0.87

sub002 169 6 3.55

sub003 761 4 0.53

sub004 P P P

sub005 P P P

sub006 247 7 2.83

sub007 258 4 1.55

sub008 P P P

sub009 335 7 2.09

sub010 347 6 1.73

Table 14.13: FWHM = 5//Z = 4.5
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subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 NA NA NA

sub002 9 3 33.33

sub003 NA NA NA

sub004 NA NA NA

sub005 NA NA NA

sub006 NA NA NA

sub007 NA NA NA

sub008 NA NA NA

sub009 NA NA NA

sub010 NA NA NA

Table 14.14: FWHM = 9//Zcut = 2

subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 11 3 27.27

sub002 26 4 15.39

sub003 51 4 7.84

sub004 57 1 1.75

sub005 46 7 15.22

sub006 66 8 12.12

sub007 30 1 3.33

sub008 55 6 10.91

sub009 19 2 10.53

sub010 33 3 9.09

Table 14.15: FWHM = 9//Zcut = 3.5

subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 174 11 6.32

sub002 75 3 4.00

sub003 P P P

sub004 175 9 5.14

sub005 166 13 7.83

sub006 82 8 9.76

sub007 95 4 4.21

sub008 169 5 2.96

sub009 121 6 4.96

sub010 140 7 5.00

Table 14.16: FWHM = 9//Zcut = 4.5
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subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 NA NA NA

sub002 NA NA NA

sub003 NA NA NA

sub004 NA NA NA

sub005 NA NA NA

sub006 NA NA NA

sub007 NA NA NA

sub008 NA NA NA

sub009 NA NA NA

sub010 NA NA NA

Table 14.17: FWHM = 13//Zcut = 2

subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 NA NA NA

sub002 12 4 33.33

sub003 NA NA NA

sub004 35 2 5.71

sub005 20 3 15.00

sub006 30 5 16.67

sub007 21 1 4.76

sub008 14 5 35.71

sub009 NA NA NA

sub010 21 3 14.29

Table 14.18: FWHM = 13//Zcut = 3.5

subjects T: total edges H: high freq. H/T

edges (>40%)

sub001 59 3 5.08

sub002 34 3 8.82

sub003 92 8 8.70

sub004 85 6 7.06

sub005 59 7 11.86

sub006 37 6 16.22

sub007 40 3 7.50

sub008 65 5 7.69

sub009 42 5 11.91

sub010 57 5 8.77

Table 14.19: FWHM = 13//Zcut = 4.5
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# sub FWHM Zcut average H/T

2 5 2 17.79

10 5 3.5 4.12

7 5 4.5 1.88

1 9 2 33.33

10 9 3.5 11.35

9 9 4.5 5.58

NA 13 2 NA

7 13 3.5 17.93

10 13 4.5 9.36

Table 14.20: FWHM = 13//Zcut = 3.5got the highest score in average; it only included 7
subjects of the sample. The next best score was FWHM = 9//Zcut = 3.5; it included all the
subjects in the sample. Two high scores were discarded because they only included 1 and 2 subjects
respectively in their averaging.

14.3 Visual representation of results
This subsection present twelve images that show a) the cluster distributions
in actual voxel space; b) DAG-connectivity matrices and frequency matrices; c)
clusters distributions in voxel space superimposed on brain images; d) and DAGs
represented in standard space glass-brains. Each set of images is presented for
each of the three templates that obtained the highest scores in the two robustness
analysis of subsection 14.1 and 14.2:

Sub002// FWHM = 5 // Zcut = 3.5;

Sub001// FWHM = 9 // Zcut = 4.5;

Sub006// FWHM = 13 // Zcut = 4.5.
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Fig. 14.1: Sub002// FWHM = 5 // Zcut = 3.5. The two first panels show the set of 12 Clusters
in 3D view in voxel space. The third panel shows a transversal upper view of these 12 clusters.

Group Connectivity Matrix Frequency Matrix

Fig. 14.2: Set of 12 clusters + 1 INPUT defined by: Sub002//FWHM = 5 // Zcut = 3.5. The
group connectivity matrix defines the Group Directed Acyclical Graph.
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Fig. 14.3: Sub002// FWHM = 5 // Zcut = 3.5. Clusters spatial distribution in four different
views in 3D voxel space. The 12 clusters are superimposed on an image of the subject’s brain.

75



Sagittal Right Lateral View Sagittal Left Lateral View

Transversal Upper View
Transversal Bottom View

Coronal Back View
Coronal Front View

Fig. 14.4: Sub002// FWHM = 5 // Zcut = 3.5. Group Causal Graph in six different views
in 3D standard space. The graph contains 9 edges and it includes the INPUT variable. Due to
software restrictions, the clusters are visually represented by spheric nodes located in the max-
activation voxel, and not represented by its actual anatomical structure. The bigger the node the
more voxels it contains.
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Fig. 14.5: Sub001// FWHM = 9 // Zcut = 4.5. The two first panels show the set of 27 Clusters
in 3D view in voxel space. The third panel shows a transversal upper view of these 27 clusters.

Group Connectivity Matrix Frequency Matrix

Fig. 14.6: Set of 27 clusters + 1 INPUT defined by: Sub001// FWHM = 9//Zcut = 4.5. The
group connectivity matrix defines the Group Directed Acyclical Graph.
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Fig. 14.7: Sub001//FWHM = 9 // Zcut = 4.5. Clusters spatial distribution in four different
views in 3D voxel space. The 27 clusters are superimposed on an image of the subject’s brain.

78



Sagittal Right Lateral View Sagittal Left Lateral View

Transversal Upper View
Transversal Bottom View

Coronal Back View
Coronal Front View

Fig. 14.8: Sub001// FWHM = 9 // Zcut = 4.5. Group Causal Graph in six different views
in 3D standard space. The graph is build by 34 edges. It includes the INPUT variable. Due to
software limitation, the clusters are visually represented by spheric nodes and not by its actual
anatomical structure. The bigger the node the more voxels it contains.
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Fig. 14.9: Sub006// FWHM = 13 // Zcut = 4.5. The two first panels show the set of 8 Clusters
in 3D view in voxel space. The third panel shows a transversal upper view of these 12 clusters.

Group Connectivity Matrix Frequency Matrix

Fig. 14.10: Set of 8 clusters + 1 INPUT variables template defined by: Sub006// FWHM = 13

// Zcut = 4.5. The group connectivity matrix defines the Group Directed Acyclical Graph.
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Fig. 14.11: Sub006// FWHM = 13 // Zcut = 4.5. Four different views in 3D voxel space. 8
clusters superimposed on an image of the subject’s brain.
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Sagittal Right Lateral View Sagittal Left Lateral View

Transversal Upper View
Transversal Bottom View

Coronal Back View
Coronal Front View

Fig. 14.12: Sub006// FWHM = 13 // Zcut = 4.5. Six different views in 3D standard space.
Group Causal Graph, build by 9 edges. It includes the INPUT variable. Due to software limitation,
the clusters are visually represented by spheric nodes and not by its actual anatomical structure.
The bigger the node the more voxels it contains.
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15 Robustness of the Group Connectivity Matrix

The next relevant result is the robustness of the Group DAG output by IM-
aGES+LOFS. We would like to find a measure to detect directed edges that
survive multiple runs of the causal search under resampling by removing itera-
tively some of the subjects.

One way to do this is to run IMaGES+LOFS repeatedly removing each time
a subject from the sample. Hence, if the sample size is N = 10, we must run the
search algorithms 10 times removing each time one of the subjects but replacing
it again in the next run. This imply that during those 10 times the sample size
will be N∗ = 10− 1. Comparing these 10 new directed graphs with the original
group directed graph will tell us something about the robustness of the edges
of the group connectivity analysis. It also will allow us to detect those subjects
whose exclusion of the group analysis generate important deviations from more
robust results. In other words, the removed subject associated with the new
graph that is more dissimilar to the original graph, will be the subject whose
BOLD signals altered the most the group connectivity analyisis.

The proposed method to perform this robustness analysis has two steps,

1. Generate a frequency matrix using the 10 new group connectivity matrices
(N∗ = 9). Then, compare the original (N = 10) group connectivity matrix
versus this frequency matrix (as we did it in subsection 14.1).

(a) We are interested in the edges of the original group connectivity
matrix that are present in the new frequency matrix, in the same
direction, in reversed direction or not present at all. So, for example,
if 100% of the directed edges of the group connectivity matrix (ie. all
the directed edges of the original group directed graph) are present,
with the same direction, in the frequency matrix, then we can say
that each one of the edges of the group directed graph is present in
at least one of the graphs that were produced by removing a subject
of the sample.

(b) Furthermore, given that we are using a frequency matrix, we can see
the percentage of graphs in which a particular edge of the original
group graph appears. For example, if an edge from A to B in the
original group graph appears in the frequency matrix with a value of
20%, then in 20% of the graphs (ie. 20% of the outputs of N runs of
the causal search algorithms removing 1 subject of the sample each
time) we would find an edge from A to B. The most robust edges of
the original group graph would be those that have a value of 100%
in the frequency matrix.

2. Compare the original group graph against each one of the 10 new group
graphs. Count the number of graphs that are highly similar to the original
graph. This similarity can be measure in terms of:

(a) % of same direction edges,
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(b) % of reversed edges,

(c) % of edges that are in the original group graph but not in the new
group graph.

(d) % of edges that are in the new group graph but not in the original
group graph.

The original Group DAG with the highest number of highly similar new
group graphs will be considered the most robust group DAG.

Instead of running this two step robustness analysis across all the 90 possible
cases (10 subjects× 3Zcut× 3FWHM), we will only present results for three
selected set of variables (subject-templates) that obtained the first and second
rank in a) the comparison between group connectivity matrix vs. frequency
matrix (section 14.1) and; b) in the robustness analysis of set of variables using
the frequency matrix (section 14.2).

In particular, subject002 under FWHM = 5//Zcut = 3.5; subject001 under
FWHM = 9//Zcut = 4.5 and subject006 under FWHM = 13//Zcut = 4.5.
This is a convenient selection because it represents the three possible values
of FWHM and avoids the very low Zcut = 2, which produces in most of the
subjects, 1 or 2 huge clusters that are not very informative without further
processing.

15.1 Results from step 1
The most interesting result from step 1 is that in each of the 3 cases, 100%
of the directed edges of the original Group DAG were present in the frequency
matrix. This means that all the edges of the original group graph are at least
in one of the 10 new group graphs formed by removing one of the subjects each
time.

Now we must look for the exact frequency of appearance of those edges.
These results are presented in a frequency histogram of the % of times of ap-
pearance of the edges (ie. values of the frequency matrix). For example, if we
have a bin with a value of 20% in the X axis and 40% in the Y axis, it will
mean that 40% of the edges of the original group graph appear in 20% of the
new resampled group graphs. The most robust Group DAGs are those with the
highest % of edges appearing in the highest % of new resampled group graphs

Three histograms next to their corresponding Group connectvity matrix are
presented in figures 15.1, 15.2 and 15.3.
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Fig. 15.1: Original group DAG for template: Sub002//FWHM = 5 // Zcut = 3.5, formed by
9 edges. More than 30% of the edges appear in 100% of the new resampled group graphs.

Fig. 15.2: Group DAG for template: Sub001//FWHM = 9//Zcut = 4.5, formed by 34 edges.
Almost 40% of the edges appear in 100% of the new resampled group graphs.

Fig. 15.3: Group DAG for template: Sub006//FWHM = 13 // Zcut = 4.5, formed by 9 edges.
More than 40% of the edges appear in 100% of the new resampled group graphs.
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15.2 Results from step 2
The results for step 2 are presented in three tables. Each table correspond to
each of the subjects indicated in the above section.

The first column shows the subject that was removed from the original sam-
ple. The second column shows the number of nodes in the original group graph.
This is also the number of nodes in the new graph, since they have the same set
of variables.

The third column shows the number of directed edges of the original group
graph. This value is constant, since it represent the same original group graph.

The fourth column shows the % of edges in the original graph that are in
the same direction in the new graph. The fifth column is the % of edges in the
original graph that are reversed in the new graph. The sixth column is the %
of edges in the original graph that are not present in the new graph.

The seventh column is the number of edges of the new graph. The eighth
column is the % of edges in the new graph that are not present in the original
graph6.

It can be seen in table 15.1, that for the sub002-template, the removal of
sub006 did not have any effect on the new graph, while the removals of sub008,
sub009 and sub010 also did not have important effects since it generates highly
similar graphs with the exception of 1 extra edge that is not present in the
original graph.

Table 15.2, shows the results for sub001-template. The removal of sub003
generate the most similar graph to the original one. It minimize the % of
edges removed and reversed. The other removals present a higher degree of
dissimilitude.

Table 15.3 presents the sub006-template results. The five graphs obtained
by the removal of sub002, sub003, sub006, sub008, sub009, minimize the % of
edges reversed, added and removed relative to the original graph. They are the
same exact graph as the original graph.

This result allow us to hyphothesize that the group directed acyclical graph
defined for the set of clusters of sub006-template under FWHM = 13 and
Zcut = 4.5 (see figure 15.4 and 15.5) is the most robust group causal structure
of the three cases tested.

It would be necessary for completeness to perform these last two robustness
tests for all the subjects and all the combination of parameters and not just for
the three cases tested here. Nevertheless, it would be expected that if the results

6If we consider the original group graph as being the “true graph” and under the null
hypothesis of “no directed edge between two nodes”, then we can interpret the values of the
eight column as % of type I errors (ie. reject the null hypothesis and affirm that there is an
edge when in the “true graph” there is no edge), and the values of the sixth column as % of
type II errors (ie. not rejecting the null hypothesis and affirm that there is no edge when in
the “true graph” there is an edge).

Ideally, if the original group graph was in fact the “true graph” we would want to minimize
the % of type I errors when we want to avoid stating a causal relationship between regions of
the brain that does not exist for real. And minimizing the % of type II errors when we want
to reduce the possibility of missing a real causal connection between regions of the brain.
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of the first robustness analyses are reliable and a proper way to discriminate
set of variables, then we are not going to see in the rest of the subjects and
combination of parameters a subject-template with higher robustness results
than sub006/FWHM = 13/Zcut = 4.5.

By the other hand, we do need the full set of results if we want to select
the combination of parameters that produce in average the most robust Group
DAGs, as we did in the first robustness test. This parameters then could be
tested with different data to see how they perform.
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subject Nodes Edges: % e. same % e. reversed % e. orig. graph Edges: % e. new graph

removed Orig. Graph direction direction not in new graph New Graph not in orig. graph

sub001 13 9 88.89 0.00 11.11 9 11.11

sub002 13 9 55.56 22.22 22.22 11 36.36

sub003 13 9 66.67 11.11 22.22 13 46.15

sub004 13 9 66.67 22.22 11.11 12 33.33

sub005 13 9 88.89 0.00 11.11 11 27.27

sub006 13 9 100.00 0.00 0.00 9 0.00

sub007 13 9 66.67 11.11 22.22 8 12.50

sub008 13 9 100.00 0.00 0.00 10 10.00

sub009 13 9 100.00 0.00 0.00 10 10.00

sub010 13 9 100.00 0.00 0.00 10 10.00

Table 15.1: Sub002//FWHM = 5//Z = 3.5

subject Nodes Edges: % e. same % e. reversed % e. orig. graph Edges: % new graph

removed Orig. Graph direction direction not in new graph New Graph not in orig. graph

sub001 28 34 70.59 0.00 29.41 25 4.00

sub002 28 34 88.24 2.94 8.82 33 6.06

sub003 28 34 91.18 0.00 8.82 36 13.89

sub004 28 34 67.65 11.77 20.59 37 27.03

sub005 28 34 76.47 2.94 20.59 28 3.57

sub006 28 34 70.59 5.88 23.53 28 7.14

sub007 28 34 58.82 14.71 26.47 26 3.85

sub008 28 34 85.29 0.00 14.71 30 3.33

sub009 28 34 76.47 2.94 20.59 27 0.00

sub010 28 34 67.65 2.94 29.41 24 0.00

Table 15.2: Sub001//FWHM = 5//Z = 3.5

subject Nodes Edges: % e. same % e. reversed % e. orig. graph Edges: % new graph

removed Orig. Graph direction direction not in new graph New Graph not in orig. graph

sub001 9 9 88.89 0.00 11.11 8 0.00

sub002 9 9 100.00 0.00 0.00 9 0.00

sub003 9 9 100.00 0.00 0.00 9 0.00

sub004 9 9 55.56 22.22 22.22 8 12.50

sub005 9 9 88.89 0.00 11.11 10 20.00

sub006 9 9 100.00 0.00 0.00 9 0.00

sub007 9 9 88.89 11.11 0.00 9 0.00

sub008 9 9 100.00 0.00 0.00 9 0.00

sub009 9 9 100.00 0.00 0.00 9 0.00

sub010 9 9 77.78 0.00 22.22 8 12.50

Table 15.3: Sub006//FWHM = 13//Zcut = 4.5
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Fig. 15.4: Group DAG and connectivity matrix under subject006//FWHM=13//Zcut=4.5

Fig. 15.5: 3D render of clusters formed by subject006//FWHM=13//Zcut=4.5
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Part VI

Concluding remarks
There is a considerable amount of statistical and anatomical clustering methods
proposed in the literature. But there lacks a thorough discussion about the
comparative advantages and disadvantages of these methods when they are
combined with connectivity analyses. Only some papers point towards that
direction. Several questions remain about how sensitive is a clustering method
to standard preprocessing of fMRI? How sensitive it is to small changes in its
parameters? how compatible are anatomical and statistical clustering results?

This thesis attempts to provide some insight about the relationship between
variable formation methods and connectivity analyses by studying the effects
of the manipulation of parameters of a data based algorithm for variables for-
mation on a ROIs connectivity analysis. The ROIs were formed by a clustering
algorithm rooted on RFT theory that decides on statistical significance accord-
ing to the size of the clusters. The connectivity analysis approach was in terms
of causal graphs. To do that the representative signals of the ROIs were input
into two causal search algorithms implemented in TETRAD, which ouput di-
rected acylical graphs of a subject or a group of subjects. By studying these
DAGs we saw how different paremeterizations of the clustering algorithm pro-
duced different connectivity structures and how sensitive were these structures
to changes in the parameters. In some cases only small changes were observed,
for example, the reversal of one edge. While in other cases changes were drastic,
such as the addition or deletion of important edges.

The shapes and sizes of the clusters output by the variable formation algo-
rithm varied significantly across subjects of the sample. Nevertheless important
similarities were found in the brain spatial localization of those clusters. For
this experiment, we found clusters consistently in the occipital lobe and frontal
lobe (see figures 14.3, 14.7, 14.11). However the number of clusters that we
obtained varied significantly across different values of the clustering algorithm
parameters, from 2 or 3 clusters up to more than 90. These changes in the
number of variables result in several different graphs across different subjects.
In order to look for group regularities among the huge amount of individual
differences, a group analysis methodology was presented that combine a way to
select a unique set of variables for all the subjects; a group causal search algo-
rithm (IMaGES) and some techniques to test for the robustness of the group
causal structures obtained.

This methodology allows us to detect those subject-templates (set of vari-
ables) that produce the more robust group causal graphs across different values
of the parameters of the clustering algorithm. In addition we can also detect
the combination of parameters that in average produces the most robust group
causal graphs.

For the Rhyme Judgment Task dataset, sub002, sub001 and sub006 obtained
the best scores according to this robustness metric. The parameters that ob-
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tained the best score were FWHM = 13 and Zcut = 3.5.
Finally, an analysis was performed to measure the invariance of a Group

directed acyclical graph by an iterative removal of subjects of the sample and
multiple re-runs of the causal searches. This analysis was only performed on
the three subjects selected in the first two robustness evaluations. The Sub006-
template under FWHM = 13 and Zcut = 4.5 was the profile that obtained
the highest robustness score. This result suggests that this Group DAG was the
most robust among all the subject-templates and all the possible combination of
parameters. Further exploration of this connectivity result is needed to assure
its reliability.

Clustering algorithms are a powerful tool to create variables from fMRI
data. We can use their results to test connectivity hypotheses about the under-
lying brain structures of cognitive processes. But these algorithms are sensitive
procedures and we must first test them under different parameters in order to
understand how the changes affect the outcomes of diverse connectivity analyses
of fMRI data. The goal is to build clustering algorithms capable of producing
variables which result in robust connectivity graphs, across parameters modifi-
cations, individuals and experiments.

This thesis presents some robust causal pathways for a sample of 10 subjects
under a single experiment designed to capture a particular cognitive process.
These results are promising but not sufficient to our overarching goal. The
utility of ROIs formation techniques and connectivity analyses depends on their
capacity to discover neuronal causal structures that underlie cognitive process
and to advance toward that goal it is necessary to extend this analysis to more
subjects datasets; design more and diverse experimental paradigms that capture
a same cognitive process; select more robust and efficient clustering techniques;
and compare our results against other reliable causal search algorithms.

The work developed in [73][72] and the proposals presented in this thesis
confirm that robust and efficient clustering techniques combined with causal
search algorithms, like IMaGES and LOFS, offer a reliable possibility to further
the discovery of the neuronal mechanisms that underlie cognitive processes.
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