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Abstract

Circadian Rhythms (CR) are driven by a biological clock called as suprachias-
matic nucleus (SCN), located in a brain region called the hypothalamus. These
rhythms are very much necessary in maintaining the sleep and wake cycle at
appropriate times in a day. As a starting step towards non-invasive investiga-
tion of CR, aim is to study changes in the physiological processes of two Regions
of Interest (ROI), the hypothalamus and the visual cortex. This was studied us-
ing a functional Magnetic Resonance Imaging (fMRI) technique to investigate
for any changes or differences in the Blood Oxygen Level Dependent (BOLD)
signals extracted from the ROI during a visual stimulation. We acquired and
processed fMRI data to extract BOLD signals from ROI and the extracted signals
are again further used to study the correlation with the experimental ON-OFF
design paradigm.

The extracted BOLD signals varied a lot between the two specified brain regions
within the same subject and between three types of fMRI data. These variations
were found in terms of number of activated voxels and also Signal to Noise ratio
(SNR) level present in the signals. The number of activated voxels and SNR were
high in visual cortex whereas low number of activated voxels and low SNR were
found in hypothalamus. The correlation between BOLD responses from primary
visual cortex were shown as positive with the experimental stimulation whereas
BOLD responses extracted from hypothalamus have shown a negative correlation
in time with the experimental stimulation.

As a start up of the project, these BOLD responses can provide references for a fu-
ture use in research studies, especially to further study about change in phase of
the BOLD signal extracted exactly from the SCN. These phase responses can then
be used to study physiological processing in subjects affected by sleep disorders.
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1
Introduction

1.1 Motivation

Circadian Rhythms (CR) generated in the brain, is a 24 hour biological clock cycle
which plays a key role in maintaining physiological, behavioural processes both
in mammals and humans (Takashi Ueyama. and W.Hwu [1999]). These rhythms
are very robust and components generating these rhythms also have capability to
adjust to the environmental cues to generate a 24 hour cycle, the primary envi-
ronmental cue is a light stimulus ([Hastings, 1998]).

The actual initiation, control and entrainment of the clock cycle are driven by a
biological clock called suprachiasmatic nucleus (SCN), a tiny wing like structure,
located in a brain region called the hypothalamus. SCN comprises about some
thousands of neurons in each wing, which help in generating the CR by means
of communication with its neighbour neurons ([web, a]). Each neuron is respon-
sible to generate its own circadian oscillator which altogether these oscillators
are very much necessary in maintaining the sleep and wake cycle at appropriate
times in a day. This can be maintained by changing its phase for every 12 hours
during a day and night cycle which is endogenously driven without any exter-
nal stimuli. But, the phase of the circadian oscillator can change or shift during
light stimuli on the SCN and change of phase is dependent on the intensity, wave-
length and timing of the stimulus presentation. From SCN, the light projections
can even travel to thalamus, lateral and dorsal medial hypothalamus which are
also involved in initiating the sleep and wake cycle. Without SCN, the 24 hour
CR is destroyed which in turn results in a disturbance of physiological and be-
havioural processes in every living organism ([Gary Aston-Jones. and Oshinsky,
2001]). However, restoring circadian activity rest cycle can be done by central
grafting the hypothalamic region where SCN is located ([Hastings, 1998]).
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2 1 Introduction

Many of the sleep disorders can be studied by looking at the behaviour of the
circadian signals in SCN or hypothalamus during a light stimulation. Some dis-
orders include jet lag disorder, irregular sleep wake rhythms or shift, sleep in
Alzheimer’s disease. The techniques using now-a-days to study these sleep disor-
ders are tend to be impractical which can lead to severe problems to the patients
with severe illness (Ram L. P. Vimal. and Harper [2009]).

The other alternative technique is to use functional Magnetic Resonance Imag-
ing (fMRI), which can make possible to study brain functioning of two specific
regions SCN (or hypothalamus) and visual cortex through the hemodynamic re-
sponse also called as Blood Oxygen Level Dependent (BOLD) signal responses.
This technique is proven to be efficient to study the physiological processes of
the two regions in a non-invasive manner without causing any problems to the
patients. Not many studies have been conducted in this area based on this fMRI
technique, very recent similar studies are conducted in ([Ram L. P. Vimal. and
Harper, 2009]).

1.2 Aim and Goals

The aim of this thesis work was to detect brain activations in the ROI such as the
hypothalamus and the visual cortex, when a subject is exposed to light stimulus
and to study the BOLD responses extracted from those ROI.

This can be achieved by means of the following goals which are stated below,

1. To set up a visual stimulation paradigm with ON-OFF block design using
flickering checkerboard patterns with black and white contrasts.

2. To set up an imaging protocol to acquire fMRI data by optimising the scan-
ning time (repetition time TR), spatial resolution and field of view (FOV).

3. To analyse the acquired fMRI data to detect activations in two ROI and
extract BOLD responses from those two regions to study for any differences
in the physiological processes.

1.3 Organization of the thesis report

This thesis report is organized as,

1. After Chapter 1, which gives Introduction to the thesis.

2. Chapter 2, includes about the background information on Anatomy of the
Brain, Magnetic Resonance Imaging MRI and outline of brain activity which
is essential for functional MRI.

3. Chapter 3, describes about the types of fMRI data acquired and methods
used to analyse fMRI data in this thesis work.

4. Chapter 4, presents the results obtained during the analysis procedure.
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5. Chapter 5, interprets and discusses about the results obtained.

6. Finally Chapter 6, concludes and mentions about the scope for a future
continuation of this thesis work.





2
Background

2.1 Anatomy and functioning of the Brain

The brain is a complex system, comprising of billions of neurons, which take
part in the functioning of sensory, integrative and motor functions. The sensory
system contains sensory receptors, which detect internal and external stimuli.
The integrative system integrates and stores the sensory input information for
further decision making processes. The motor system takes part in transmitting
signals to different parts of the body depending on the motor response. So, the
brain is the total control center of every living organism and the working of the
brain is totally dependent on oxygen and glucose level present in the blood (Ger-
ard J.Tortora. [2009]).

The major parts of the brain are the brain stem, cerebellum, diencephalon and
cerebrum. The brain stem, which is situated between the spinal cord and the di-
encephalon, consists of medulla oblongata, pons and midbrain. The brain stem
is an important part which plays a key role in bridging a nerve connection be-
tween parts of the brain and the sensory and motor systems through its structures
medulla oblongata, pons and midbrain (Gerard J.Tortora. [2009]).

The cerebellum, the second largest region in the brain is situated posterior to the
medulla oblongata and pons and inferior to the cerebrum. It contains half of the
brain neurons and takes part in motor control. It evaluates the movements which
are sent through the cerebrum and sends feedback signal if the motor movements
are not well intiated. The feedback signals are actually sent through its connec-
tions to the thalamus region. Due to its connections to the cerebral cortex in
the cerebrum, it also has non motor functions such as cognition and language
processing (Gerard J.Tortora. [2009]).

5



6 2 Background

Figure 2.1: The anatomical parts of the Brain

The diencephalon which extends from the brain stem to the cerebrum, consists
of the thalamus, hypothalamus and epithalamus. The thalamus is a major struc-
ture which occupies 80% of the diencephalon and plays a key role in transmit-
ting both sensory information from the brain stem and the spinal cord to sen-
sory areas of the cerebral cortex and motor information to motor areas of the
cerebral cortex. It also helps in maintaining consciousness. The hypothalamus,
a small part of the diencephalon, is located inferior to the thalamus and con-
tains nuclei in four regions called the mammillary, tuberal, supraoptic and pre-
optic region. The supraoptic region is located inferior to the optic chiasm and
contains the para ventricular nucleus, supraoptic nucleus, hypothalamic nucleus
and the suprachiasmatic nucleus (SCN).The hypothalamus irrespective of its tiny
size plays a key role in controlling many body activities and also in regulation
of homeostasis, body activities such as regulation of CR, regulation of eating and
drinking, emotional and behavioural patterns and control of body temperature
(Gerard J.Tortora. [2009]). The location of SCN and the hypothalamus region is
shown in Figure 2.1.

The cerebrum is the main part of the brain. It provides a list of voluntary actions
such as language, memory, communication, sensory processing and movement.
It consists of the cerebral cortex, cerebral white matter, basal ganglia and the lim-
bic system. Each sensory, integrative and motor signals have their own specific
areas to be processed in the cerebral cortex depending on type of input sensory
information. A longitudinal fissure splits the cerebrum into two cerebral hemi-
spheres which are connected through the corpus callosum. The communication
between these two hemispheres is through the corpus callosum (Gerard J.Tortora.
[2009]).

Each cerebral hemisphere is further divided into the frontal, temporal, parietal
and occipital lobe. The occipital lobe, a primary visual cortex located at the back
part of the brain as shown in Figure 2.1, is involved in visual information process-
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ing which is being transferred through the retina or the eyes (web [g]).

2.1.1 Visual Pathways

The visual pathways are important for this study. The visual stimulation re-
sponses or pathways to these two specific regions i.e. hypothalamus and visual
cortex are mostly relied upon the classes of the photoreceptors present in the reti-
nal visual field area. More specifically, the way the light signal is processed by
the photoreceptor cells (or a type of neuron) from the retina to stimulate those
particular regions responsible to react for a biological process. Here, how good
a visual signal is processed totally depends on the effect of light stimulation on
the photoreceptors. There are three classes of photoreceptors pathways present
in the retina such as cones, rods and melanopsin (Dacey and Gamlin [2005]). The
activation of each receptor pathway depends on time of the day and each has its
own sensitivity, for example cones are activated during day light vision and are
also sensitive to long, medium and short wavelength of light. Rods are activated
during dim light vision and melanopsin is a photo pigment, arised from the pop-
ulation of retinal ganglion cells, responsible in circadian photo entrainment and
pupil constriction (Dacey and Gamlin [2005]).

The signals from rod or cone photoreceptors and the circadian signals are merged
at the giant retinal ganglion cells which then the merged signals are projected
towards a LGN and then to the primary visual cortex V1 (Dacey and Gamlin
[2005]). On the other hand, melanopsin retinal ganglion cells which are intrinsi-
cally photosensitive serves as an input to SCN to regulate a circadian pacemaker
during a light-dark cycle (Berson [2003]). In brief, rods or cones receptor signals
together with circadian signals are been involved in the stimulating visual cor-
tex and melanopsin receptor signals are been involved in stimulating the CR or
hypothalamus region (SCN).

2.2 Magnetic Resonance Imaging MRI

MRI is an imaging technique, which is used to study the anatomical and physi-
ological properties of the human body extracted in the form of high quality im-
ages. This image information can be about pathologies, arteries, brain activity
and diffusion of water molecules. MRI is based on the principle of Nuclear Mag-
netic Resonance (NMR). NMR is a technique used to present the chemical and
physical information of the molecules present in the body. Based on this NMR
principle, MRI can produce high quality images of a thin slices from the human
body (Hornak [1996]).

2.2.1 Principles of Magnetic Resonance

Spin Physics

All protons and neutrons have the property called spin which is involved in the
acquisition of MRI images, more significantly with odd number of protons. The
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Figure 2.2: Without external magnetic field B0, all protons are randomly oriented
(left), when B0 is applied most of the protons are aligned according to B0 (right)

most common atoms present in our body are hydrogen 1H, carbon 13C and oxy-
gen 16O (Hornak [1996]). Here, 1H atoms are most influential due to the reasons
such as presence of one proton (odd number), high attraction towards the mag-
net which means magnetically excitable and also due to the excess amount of 1H
atoms present in the body (Hornak [1996]).

As stated earlier, all protons posses an angular momentum (spin) by revolving
around its own axes which then induces a magnetic field in accordance to their
directions (Stippich [2007]). Without external magnetic field B0, all protons are
randomly oriented pointing in different directions irrespective of each other as
shown in Figure 2.2 (left), thus the net magnetization vector of all spins are almost
equal to zero since they cancel out each other. But, the behaviour of the spins are
totally different when B0 is applied as shown in Figure 2.2 (right), thus aligning
most of the spins in the direction of B0, thereby obtaining a net magnetization
vector M0. The alignment of spins is very much dependent on the strength of B0
(Stippich [2007]).

Due to the magnetic moment property, the proton spins start to precess along the
axis of B0 and the precession frequency depends on the strength of the B0 field
and can be given according to the Larmor Equation (2.1), which says that pre-
cession frequency is directly proportional to applied magnetic field B0 (Hornak
[1996]).

ω = γB0 (2.1)

where ω is the Larmor frequency, γ is the gyro magnetic ratio, for 1H nuclei
γ = 42.58 MHZ / Tesla, B0 is the applied magnetic field.

RF pulse excitation

The Radio Frequency (RF) pulse is applied with the same precession frequency
as that of the protons, which causes protons to get excited by absorbing the ap-
plied RF energy. Thus, the direction of M0 changes from pointing upwards (from
z-direction) to perpendicular direction of B0 (i.e. in the xy-plane or transverse
plane) as shown in Figure 2.3. This effect causes protons to precess in changed
phase. The protons precession will then be aligned in the direction of the xy-
plane which causes a net magnetization vector in the xy-plane Mxy . This change
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Figure 2.3: RF pulse excitation

in phase induces a current and is received by the receiver coil. The angle α
at which the magnetization vector flips towards the xy-plane depends on the
strength and duration of the RF pulse and this angle is termed as flip angle.

Relaxations

The induced current received by the receiver coil decays with respect to time.
This is due to different relaxation times which occur after the RF pulse is switched
OFF. T1 relaxation also called as longitudinal relaxation or spin-lattice relaxation,
is a measure of time taken for Mxy to align back to the normal direction B0 (i.e.
along z-axis from a xy-plane) (Anders Eklund [2010]). T1 relaxation is due to the
loss of energy from the excited spinning protons. The recovery of magnetization
vector Mz or M0 is seen as a gradual increase in exponential curve with a func-
tion of time contant T1. T1 values are in the range of 300 − 2000 msec (Stippich
[2007]).

T2 relaxation also called as transverse relaxation or spin-spin relaxation is a mea-
sure of the time taken for the protons to come into phase incoherence in the
xy-plane. This is due to the random spin-spin interactions between the change
in magnetic field strengths of the protons, thereby causing each proton to precess
with different frequency. This causes spins to come out of phase called dephasing
which causes Mxy to become zero. The gradual decreasing effect is shown in the
form of exponential curve as a function of time constant T2. T2 values are in the
range of 30 − 150 msec.

During the decaying process of T2 relaxation rate, there exists other type of re-
laxation time called T∗2 relaxation. T∗2 is due to the combination of both random
interaction of the protons and also inhomogenities in the local magnetic fields.
The combination of this effect causes protons to precess in different frequencies,
thereby causes a dephasing of the MR signal actually faster than T2. The cause
of such combined effect in the surrounding tissue made the influence of T∗2 relax-
ation rate possible in data acquisition of susceptibility weighted (SW), Perfusion
MR and functional MR imaging (fMRI) studies.

The rapid dephasing effect is due to the local field inhomogenities which in turn
are dependent on the proton’s different precessing frequencies at that particular
local tissue region. According to fMRI’s methodology, consider a so-called Blood
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Oxygen Level Dependent (BOLD), which is a change in blood flow depending on
the local neuronal activity. This BOLD signal is based on the fact that there is a
change in the local blood flow which is either oxygenated or deoxygenated blood.
If the local brain activity is increased, there is a large increase in oxygenated
blood and obviously this causes a decrease in deoxygenated blood. This decrease
in deoxygenated blood causes a change in local field inhomogenities which is then
acquired by the MR T∗2 relaxation time effect (Govind B. Chavhan. [2009]).

Types of Echo

T2 relaxation is an irreversible dephasing effect during transverse magnetization
but T∗2 relaxation is a reversible relaxation where dephasing effect can be altered
by applying additional pulse sequences. These pulse sequences are very impor-
tant and plays key role during data acquisition protocol, for example, using addi-
tional sequences helps in getting strong signal read out.

There are two types of pulse sequences which can be applied depending on the
choice of experiment, Gradient Echo (GE) and Spin Echo (SE) pulse sequences.

Gradient echo or Field echo using a gradient field, is a procedure of first applying
a negative gradient which forces spins to cause a rapid dephasing effect and then
applying a positive gradient which rephases the spins, therefore forming an echo.
GE sequence procedure is as shown in Figure 2.4 The fMRI acquisition of data
depends on this GE sequence which in turn is dependent on T∗2 instead of T2. The
advantage here is having chance of varying flip angle and repetition time TR and
disadvantage here is worst image quality due to magnetic field inhomogenities
(Anders Eklund [2010]).

Spin echo or RF echo, is a procedure of first letting the spins to dephase naturally
after a 90◦ RF pulse and then applying a 180◦ RF pulse instead of 90◦ pulse which
causes spins to rephase again and have an echo signal readout. When compared
to GE, here image quality is much better since it depends on T2 relaxation but
however, have no chance of varying flip angle (here flip angle should always be
90◦) which takes longer time process (Anders Eklund [2010]).

TR is called as Repetition time and TE Echo time. TR is time between one RF
pulse to the start of next RF pulse. This can also be represented as time taken
between each successive scans in other words successive here means we have to
wait for a certain TR before applying a next RF pulse, otherwise there is no z
component to flip down to xy-plane. TE is the time taken after the RF pulse until
the formation of echo. In other words, we have to wait for a certain TE time until
echo is formed to have a signal readout.

Slice Selective Excitation

The slice selective excitation is the process of exciting the selected spins in a plane
through the object. This can be done by the principle called resonance frequency
which can then be done by applying the gradient field in z-direction Gz , when the
RF pulse is applied. Since the RF pulse is a frequency selective approach where
the spins in different spatial locations can only be excited if they are resonating
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Figure 2.4: The Gradient fields with two excitations is shown using a GE se-
quence, Gz is the slice selective gradient field applied simulataneously with RF
pulse. The time between each RF pulse is TR and time between each RF pulse and
signal echo formation is Echo time TE .

with the same precession frequency. So, an RF pulse along with gradient field
makes protons to spin in the selected slice causing a linear increase in the selected
slice direction.

The care must be taken in designing the slice selective excitation which in turn
is dependent on two important factors called position and thickness of the slice.
The postion of the slice depends on the strength of the applied gradient directions
Gx, Gy and Gz . The band width of the RF pulse is important in designing the
thickness of the slice (Zhi-Pei Liang [1999]).

K-space

K-space is the fourier domain representation of series of each excitation echo
signal cycle arranged in the form of a two dimensional space. Each row of the K-
space represents both phase and frequency encoded information of selected slice
excitation with each echo recording cycle. Thus, K-space contains an information
about the slice from which raw image space can be obtained by applying a 2D
Inverse Fourier tranform (Stippich [2007]).

Echo Planar Imaging EPI

The most commonly used pulse sequence for fMRI is a GE- Echo planar imaging.
This technique is said to be a fast imaging technique which gets information of
the whole brain in about fraction of seconds after only one excitation. This is
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different from normal imaging sequences where sampling in k-space is done for
each line or row for each excitation. EPI imaging sampling sequence requires a
rapid switching between each read out which can be by applying a small gradient
to fill out the k-space sampling within the duration of T∗2 decay process. This
rapid sequences give an image of the whole brain in about a fraction of seconds
but the image quality will be poor (Stippich [2007]).

2.3 Functional Magnetic Resonance Imaging fMRI

fMRI is an imaging technique used to detect change in local physiological prop-
erties of various regions of the brain activity. Until 1990’s, there was no such an
indirect method used to study the localization of brain activity. In 1990, (S. and
Lee [1990]) observed an increase in the visibillity of blood vessels when there was
an increase in oxygen level at that local region. This was achieved using MRI by
making use of high field gradient echo strength sequence, to obtain signals based
on the change in local oxygenation (Ogawa S. and P.Glynn [1990]). The signal
which is obtained is popularly known as BOLD signal.

In 1992, (Ogawa S. and K.Ugurbil [1992]) and (Bandettini and Hyde [1992])
are the first publications on functional mapping of the brain images using this
change in BOLD signal mechanism. Ogawa et al. used visual stimulation whereas
Bandettini et al. used finger tapping experiment to detect changes in the signal
intensity of the brain images. From there on, fMRI plays a leading role in the
neuroscience research and also in using for pre-surgical planning.

Comparison to other techniques:

Electroencephalogram (EEG) is a technique used to measure the electrical activity
of the brain by placing electrodes directly onto the scalp. In early years, EEG was
the only non-invasive tool used to study brain morphology and also to diagnose
various diseases such as epilepsy, dementia and sleep disorders.

EEG has its own advantages where most widely used in monitoring brain sig-
nals of the patients instantly in operating theatre and in intensive care unit. The
advantages of EEG over fMRI are because of its high temporal resolution and
less expensive. High temporal resolution is because the signals are acquired at a
higher sampling rate when compared to fMRI which will acquire using low sam-
pling rate. Less expensive is because of its instrumentation required for recording
set up and is quite easy to handle. In practice, each technique has their own ad-
vantages depending upon their demand in applications. As an example, EEG is
mostly used in Brain-Computer interface research and also used in diagnosing
diseases related to sleep and epilepsy (Leif Sörnmo).
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Figure 2.5: Figure shows change in Hemodynamics (right) when neuronal acitiv-
ity increased

2.3.1 An outline information to BOLD signal acquisition and
shape of BOLD response

Cerebral Metabolism

Neurons are the most important unit in the central nervous system which pro-
cess information to different brain regions. We all know the fact that each organ
requires a continuous supply of energy for a proper functioning of the human
body. In this case, the brain which comprises of billions of neurons demands a
continuous supply of energy which is supplied through an external source since
it has no internal energy storage capacity. The energy requirements are transmit-
ted in the form of oxygen and glucose through a continuous blood supply system
most commonly called as vascular system. At resting state, the brain extracts
about 10% of glucose from the vascular system and percentage level increases
upto approximately 40% during active state (Stippich [2007]). The distribution
of energy in different brain regions is heterogeneous in nature, which means that
for example, gray matter consumes larger amount of energy than white matter.

The vascular system consists of arteries, capillaries and veins. Arteries are the
large vessels which will carry the oxygen enriched blood. Each artery is branched
into small vessels called arterioles. These thin and narrow vessels are further
branched into capillaries or capillary bed, a network of thin walled vessels where
neuronal energy requirements are fulfilled which means extraction of both oxy-
gen and glucose takes place at this capillary zone. After an oxygen extraction,
waste carbon dioxide which still remains in the blood is been carried away from
the capillaries to another branch of thin vessels called venules which is then col-
lected into the large vessel called Veins. The most common terms used for oxygen
enriched blood is oxyhemoglobin (HbO2) and completely lack of oxygen in blood
is deoxyhemoglobin (Hb). Under resting conditions or in normal flow, the brain
extracts about 20% of oxygen from the blood, flow and percentage of oxygen
extraction increases during active state (Scott A. Huettel) see Figure 2.5. This in-
crease in effect of cerebral metabolism is also related to the increase in local blood
flow as shown in Figure 2.5 and is going to be detailed below.
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Physiological changes during brain activity

The basic idea that changes in blood flow followed by a brain activity was first re-
ported by William James in his book named as Principles of Psychology in 1890
(James). An enormous amount of research have proved that there is an increase
in amount of blood flow regulated by the brain itself (Kety [1948]). This was
concluded by conducting experiments based on indirect control and direct con-
trol of blood flow mechanisms. The chemical signalling process during neuronal
activity showed an effect in nearby blood vessels causing the vessels to dilate
thereby leads to an increase in diameter and flow by reducing the vessels resis-
tance (Kety [1948]). The small arteries which are located on the pial surface has
higher resistance which helps in regulating a steady flow through the capillary
bed by causing the vascular smooth muscle cells surrounding small arteries to
relax. This relaxation effect has an impact on endothelial cells thereby causing
an increased blood flow. Astrocytes which are a special type of glial cells was
also proven playing an important role in linking between neurotransmitter and
vascular changes. But, no there was no exact link provided between the increase
in brain flow followed by a brain activity.

BOLD signal acquistion

Based on the PET experiment in 1988 by (Fox and Dence [1988]), a measurement
of cerebral blood flow (CBF), cerebral metabolic rate of glucose (CMRglu), cere-
bral metabolic rate of oxygen (CMRO2) during visual stimulation made a clear
perspective on the physiological interaction with the MR BOLD signal acquisi-
tion. This experiment concluded that during visual stimulation, CBF has been
increased by a level of 50% and CMRglu has been increased by 55%. But, the
percentage level for CMRO2 has been increased by only a fraction of 5%. This
oversupply of oxygenated blood CBF than normal dominates the amount of de-
oxygenated blood. Thus, there is an large amount of increase in oxygenated blood
than deoxygenated in the blood vessel at that region.

This physiological changes can be seen in MR images as a BOLD signal effect.
The changes are due to the magnetic properties associated with oxygenated and
deoxygenated blood. Oxygenated blood is diamagnetic, whereas deoxygenated
blood is paramagnetic. Due to the large amount of flow of oxygenated blood and
simultaneously decrease in deoxygenated blood content causes a local magnetic
susceptibility creating magnetic field distortions in and around the capillaries
and veins. This decrease in deoxygenated blood content causes an increase in T∗2
relaxation rate thereby increases in MR signal intensity which is seen as a result
of BOLD signal (Scott A. Huettel). The whole process is represented shortly in
diagramatic view as shown in Figure 2.6.

BOLD response

BOLD reponse also called as Hemodynamic signal response is mostly examined
and studied with respect to time which means during a brief stimulus period
of about 100 msec, neuronal activity reflecting a change in the amount of deoxy-
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Figure 2.6: Figure shows about total mechanism for BOLD signal activity

genated hemoglobin is studied in the form of a time series response. The common
change in response with respect to time is shown here. In general, during a brief
stimuli of about 100 msec, there will be an immediate response which shows an
initial dip (negative response) of duration about 2-3 sec, then after 3 sec there
will be a sharp increase in the response to a maximum peak level within the du-
ration of about 6-8 sec, immediately after the end of stimulus, the response grad-
ually decreases from a maximum peak level to a below base-line level or post
stimulus undershoot and within a duration of about 10 sec, the signal response
again reaches to a baseline level. The mechanism of the BOLD signal response
in time according to the stimulus paradigm can be seen in simulation plots in
Figure 2.7. In this figure, there are four plots of which plot (1) represents a stimu-
lus paradigm and plot (4) shows a BOLD(%) signal response in according to the
stimulus.

The initial dip in the signal response is supposed to be happen due to a transient
increase in the deoxyhemoglobin content before a metabolic effect takes place.
After an initial dip, neuronal energy demands leads to a sharp increase in the
inflow of oxygenated hemoglobin which is seen as a positive peak response. This
increase effect totally dominates the deoxyhemoglobin flow. We can simply as-
sume that there is almost zero deoxyhemoglobin flow at that region.

The post stimulus undershoot effect has been explored in terms of biomechanical
model and metabolic effects. Famous biomechanical model also called as Bux-
ton’s balloon model (Richard B. Buxton. [1998]) is used to study the transient
effect of BOLD signal changes based on the assumption that there is a tight cou-
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Figure 2.7: Balloon model simulation plots with 1) stimulus, 2) change in blood
volume, 3) change in deoxyhemoglobin 4) BOLD signal change, X-axis represents
time in seconds multiplied by a factor of 10 if compared to general response tim-
ings as explained in subsection (BOLD hemodynamic response). (simulation plots
are taken from my laboration exercise report Biomedical modelling and simula-
tion TBME08)

pling between flow and oxygen metabolism in a limited oxygen delivery which
means that there is an large increase in blood flow but less oxygen metabolism.
The change of blood volume will only happen at the venous compartment which
means the quantity of deoxyhemoglobin content depends on the amount of oxy-
gen extraction by the neurons. The plots are generated exactly from the equations
replicated from the Buxton’s balloon model article (Richard B. Buxton. [1998]).

2.4 Experimental Design

All research studies starts with a question which is needed to be addressed. The
questions can be based on behavioural, language or visual responses which can
arise from a clinical point of view to detect any abnormal changes from the ex-
pected normal behavioural changes. In order to address these research questions,
an experimental protocol is to be designed which is said to be a first segment
and plays an important role in the whole research output as shown in Figure 2.8.
An experimental design also plays a major role in the data analysis step which is
used to detect signal changes in the data in according to the experimental design.
The power of the experimental design should be high enough to have significant
effect in the data collected from the subject (Scott A. Huettel).

Two conditions of experimental design

The simplest way to set up an experiment protocol is to use two conditions or
variables,
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Figure 2.8: Figure shows about sequence of research plan where experimental
design plays an important role

1. Task condition (activity)

2. Base-line condition (rest)

There are two ways of designing these conditions to account for an effect in the
subject’s BOLD signal changes.

1. Block design

2. Event-related design

Only, data with block based design is chosen and described here.

Block design

Block design was first used in 1990’s to measure the changes of the evoked BOLD
response using a long length in block intervals. These long task intervals are nec-
essary for a typical PET experiments to measure the number of emission events.
The interval period in one condition will be between 60-90 sec (Fox and Dence
[1988]). From which, the long block intervals are been successfully used for the
fMRI experiments. This design consists of sequence of trials or events, where
each trial consists of two block conditions, one block relates to task or activity
condition and another block relates to resting or non-task condition as shown in
Figure 2.9. Each block will last for a certain amount of time in seconds. The du-
ration between each block is less when compared to PET experiments, generally
about 2-30 sec and depends upon the research study (Scott A. Huettel).

Advantages and Disadvantages

The advantages and disadvantages of using block design can be described based
on two factors, detection and estimation power. Detection power is related to
how much is the BOLD signal variability in a particular region introduced by the
experimental design. Estimation power is related to how random is this stimu-
lus presentation by the experimental design. These two factors are in other way
related to spatial and temporal resolution.

Detection power is determined by the equal amount of balance between two fac-
tors. Factor 1, the difference in the BOLD signal activation should be as large as
possible, this can be done by keeping the maximum length in seconds between
each blocks or conditions. For long block lengths of about 20 or 30 sec, the evoked
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Figure 2.9: Block design paradigm alternating between rest and activity for a
certain time ’t’ in seconds

BOLD signal during task block will have maximum time to return back to base-
line level after task block i.e. during the period of nontask blocks. For small
block lengths of less than 10 sec, the signal response cannot have sufficient time
to return back to baseline level which in turn has reduced amplitude level in the
BOLD signal. For a very short length, there will be almost no BOLD response. So,
the length between each block should be as large as possible to get a maximum
change in the BOLD response (Scott A. Huettel).

Factor 2, Signal-to-noise ratio SNR should be high at the given task frequency.
For a longer block length, it will be hard to know whether the signal is due to
the BOLD response or due to low-frequency noise. So, block length should not
be too large for example, 180 sec. It also means that as the noise level depends
on the task frequency period, decreasing the block length will increase the signal-
to-noise ratio. So, a good amount of balance between two factors is necessary
and an assumption is that block lenghts of about 20 - 30 sec can provide reason-
able amount of signal changes with almost low amount of noise level present in
the signals (Scott A. Huettel). Long block lengths are useful in testing cognitive
experiments such as memory and attention.

As blocked design is very good in detecting maximum power, design is also good
at its insensitivity to the temporal response. The insensitivity factor can be well
known by a superposition principle, where the principle means that if two same
stimuli are presented consecutively then the hemodynamic response will be rep-
resented as sum of the hemodynamic responses evoked individually with each
stimulus. If more and more stimulus are applied consecutively, then the hemody-
namic response will reach the maximum plateau level for an initial stimulus and
remains at the plateau level until the end of the block length and seen as a total
hemodynamic response comprising of all stimulus contribution. In this total re-
ponse, there will be a response evoked by each consecutive stimulus at each time
point but cannot seen as a variation in the response at that particular time point
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(Scott A. Huettel).

This insensitivity in shape and timing of temporal response helps accurately mod-
elling hemodynamic response by a simple convolution of shape reflecting hemo-
dynamic response with square function. This helps in detecting significant acti-
vations even by using a simple correlation analysis. But, in temporal response
there will not be any clear indication of the responses evoked by each consecu-
tive stimulus at each time point. This is because of its insensitivity as explained
above.

So, blocked design is very simple and powerful in detection of activations. If task
conditons are chosen carefully and modelling a BOLD signal according the tim-
ings of block conditions can accurately detect significant activations. But, with
this type of design subject may lead to boredom or awareness of the same rep-
etition of same conditions for certain time period which may have effect in the
BOLD signal (Stippich [2007]).

2.5 Understanding noise and signal in fMRI data

In this section, we will analyse what would be the percentage of variability in
BOLD signal change when compared to other sources of variability like scanner
drifts, motion related signals, and signals from the physiological changes of the
subject. In principle, how do other sources of noise signals will have dominant
effect across or within the BOLD signal.

Sources of noise in fMRI data

The major sources of noise in fMRI are low-frequency drift noise, motion related
and physiological related noise signals.

Drift noise

The most common cause of signal variation will be due to the low frequency
drift from the scanner hardware. This particular effect is due to the changes in
the strength of the static field inhomogeneities. The change in static field inhomo-
geneities can be seen as slow change effect in the local signal intensity of the voxel
over time. The instability factor in the gradient as well as in radio frequency coils
also can cause a similar slow change effect in time. In particular, if the excitation
of the RF pulse is not matched with the resonant frequency of the sample then a
change in intensity will arise (Scott A. Huettel).

Motion and Physiological noise signals

This type of noise signals are the another common cause of large variations in the
fMRI data. This particular noise arises due to the motion of the cardiac activity
and respiratory breathing effects or motion caused by the subjects head move-
ment during the data acquisition (Scott A. Huettel). The signal changes might
affect the data or may not affect, small changes are caused by heart beat or res-
piratory effects, whereas big changes are caused by subject physical movement



20 2 Background

Figure 2.10: Motion Correction problem

which will have a significant impact on the data. The large variations in the data
caused by subjects movement cannot be suitable to further analyse which means
the whole data should be discarded or should delete the volume of the data which
showed a large change. Small variations can for example be eliminated using a
suitable motion correction techniques. The rapid movements caused by the car-
diac activity is too difficult to sample in an effective manner. The respiratory
change can have an under-sampling effect for a long TR (Scott A. Huettel). This
respiratory effect can cause systematic distortions in the magnetic field. The ex-
pansion of the lungs can create a susceptibility which is also dependent on the
field strength and magnetic field homogeneity which can then create an intensity
signal variation throughout the images (Raj and Gore [2001]).

Non-task related neural variability

This is the most common case interpreted while looking at the activations in
the brain areas, which means activations found which are not relevant to the
task related regions are said to be declared as non-task related neural variability.
This unwanted variability is due to the statistical procedure called as uncorrected
thresholding which is used to generate a significant activation maps. These are
also called as false positives or false negative activations (Scott A. Huettel).

2.6 Motion Correction

The raw fMRI data which is acquired need to be pre-processed prior to a statisti-
cal analysis. This can be done by applying a series of mathematical operations all
together called as pre-processing steps. These steps are very much necessary in
order to reduce the noise related signals or unwanted variability contained in the
raw data. Particularly, these series of steps are to improve the statistical signifi-
cance of the activation maps in the brain regions or in other way to increase the
detection power (Scott A. Huettel). Therefore, a short motivation of why motion
correction step is needed and theory of the motion correction steps are going to
be outlined here.
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Figure 2.11: Motion artefacts overlaid onto the whole brain functional image

Why motion correction

The acquisition of data is in a particular order that each spatial location in each
of the consecutive volumes or images exactly corresponds to the same voxel posi-
tion as shown in the right side of the Figure 2.10. But, the data can be disturbed
in the order of spatial location at a volume which has severe motion effect dur-
ing data acquisiton as shown in the left side of the Figure 2.10. The raw signal
time course at that spatial location contains information from two different types
of tissue (Scott A. Huettel). This will cause unwanted activations mostly at the
edges of the brain image due to the misplace of spatial voxels as shown in Fig-
ure 2.11. This problem can be solved by doing a motion correction onto the data
and motion correction step is said to be crucial in the whole pre-processing of
fMRI data analysis. This can be done by using a most advanced and robust mo-
tion correction techniques in an automated manner.

Definitions to the motion correction steps

The main goal of any motion correction steps is to realign the altered or disturbed
series of brain image volumes to the reference volume so that each series of vol-
umes has its spatial correspondence to voxel locations as shown in the right side
of the Figure 2.10. Using these steps provide efficient solutions to time series
analysis of the data.

There are two modes of registration, intra-modal and inter-modal registration.
Intra-modal registration deals with registration of within modality images, exam-
ples are within MR images or within CT images. Inter-modal registration deals
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with registration of between modality images, examples are between CT and MR
images or between MR and Ultrasound images. Here, in this case it would be
intra-modal based registration since it is to realign same series of image volumes
i.e. functional volumes (T∗2 images).

Registration is defined as the process of geometric alignment between two image
volumes where one volume is taken as reference volume denoted as X and other
volume is an altered or disturbed volume denoted as Y. The alignment process
is done by calculating a transformation matrix between X, Y and this calculated
matrix when applied to image Y should transform back to X, where the long
term goal should be maximizing the similarity between X and Y (M. Jenkinson
and Smith. [2002]).

In mathematical form, the above registration definition is formulated using a
cost function C which calculates the dissimilarity between reference image X
and transformed image (image position after the transformation has been applied
onto Y denoted as T(Y) so that the end transformation result T∗ should be min-
imum justified by a cost function as shown in Equation (2.2) (M. Jenkinson and
Smith. [2002]).

T ∗ = argmin
T
C(X, T (Y )) (2.2)

where T denotes type of transformation such as rigid-body or affine transforma-
tion, C cost function, X reference image, T(Y) transformed image after being
applied a transformation matrix T.

Cost Function, as seen in the Equation 2.2, plays a crucial role in this transforma-
tion problem. Cost function can be either geometric based features or based on
intensity values in the image. Very less number of research studies use geometric
based since intensity based is proven to be most effective and accurate in estimat-
ing motion correction (West [1997]). Some of the intensity based cost functions
are Least Squares (LS), Normalized Correlation (NC), Mutual Information (MI),
Normalized mutual information (NMI), Woods (W), Correlation ratio (CR).

Interpolation in registration problem is used to find the intensity value in the
image which is in between the original grid locations. In this case, it is used to
find the intensity values in transformed image to compare with corresponding
locations in reference image. This comparison is required for the cost function
to find dissimilarity in terms of intensity between two images. The most com-
mon interpolation methods are linear interpolation classified as trilinear 3D or
bilinear 2D, nearest neighbour, sinc interpolation, spline and fourier interpola-
tions. As the interpolation requirement is very much important to cost functions,
a care should be taken to use a specific method for accurate motion correction
(M. Jenkinson and Smith. [2002]).

Optimization method is used to find for the best transformation which then
shows a significant minimum value in the cost function. This can be done by
specifying and then searching through the specified transformation parameters,
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parameters can be 3 or 6 or 12 depends on the image space. Normally, rigid body
transformations are specified by 3 (2 translations, 1 rotation) parameters or 6 (3
translations, 3 rotations) parameters and affine transformations are specified by
12 parameters. Optimization can be of global type or local type or combination
of both types. Local optimization is simpler and faster but most often causes a
misregistration results due to the local minima problem. Global optimizations
are not used most often due to the computational demand during the evaluation
of the cost function (M. Jenkinson and Smith. [2002]).

Till now, there has been enormous amount of research in the area of motion cor-
rection where various number of techniques are been developed, most of the tech-
niques are based on optimizing some cost function. In this perspective, both cost
function and optimization methods are very much important for a robust and ac-
curate motion correction. The most common and serious problem which occurs
during image registration is the presence of local minima in the cost function
which would cause optimization method likely to get trapped by the local min-
ima instead of global minimum where the end result should be. This will lead to
the misregistration between two images. Many approaches have been come into
existence based on this problem. One solution is based on multi-resolution frame-
work, where the optimization process starts to find from low resolution images
to higher resolution images to avoid being stuck in local minima. This idea was
then tested by the FSL group and claimed that this multi-resolution technique is
not good enough to avoid the problem. For full details about performance testing
on this technique can be referred to (M. Jenkinson and Smith. [2002]).

Based on this problem again, there are two ways to do for an accurate motion
correction. One way is to apodize the cost function, other way is to use hybrid
global-local optimization strategy (M. Jenkinson and Smith. [2002]).

Apodization of cost function

The problem such as large number of small scale discontinuities will occur at var-
ious local image regions during cost function transformation procedure. These
large number of discontinuities can inturn create a problem for an optimization
method. The common cause of discontinuities is due to the varying degree of
overlap between reference image X and transformed image Y. In detail, based
on the definition in mathematical form, cost function is calculated by looking at
the correspondences in the overlapping regions of both reference image X voxel
locations with the transformed image Y voxel locations. If suddenly the voxels
located at the edge of the transformed image have changed its location from over-
lapping region which was in previous frame to nonoverlapping region in current
frame, this will lead to an inconsistent cost function estimation due to the discon-
tinuous change in voxel locations. This will cause a large discontinuity effect in
the local regions (M. Jenkinson and Smith. [2002]).

The solution to this problem is apodization of the cost function which is nothing
but the process of removing these discontinuities. There are two ways of apodiza-
tion employed in this framework, geometric apodization and joint histogram
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apodization. Geometric apodization is the process of removing or deweighting
the contribution from the voxels which are located near the edge of the over-
lapping region or in other words smoothing out the voxels which showed large
discontinuity changes when changing transformation parameters. This type of
apodization is designed to suit for non entropy based cost functions such as LS,
NC, W and CR. Joint histogram type of apodization is used for entropy based cost
functions MI, NMI. This apodization method is based on same weighting mecha-
nism employed with geometric apodization but instead applied to those intensi-
ties of voxels location in the transformed image which causes discontinuities in
the joint histogram. The discontinuities are caused by the intensities which pass
through a certain threshold value (M. Jenkinson and Smith. [2002]).

Global-local optimization method

Global-local hybrid optimization method is an optimization procedure employed
together with a combination of both local optimization with multi-resolution
framework and global search strategy. This method utilizes the prior knowl-
edge about the brain registration to create an optimization procedure that com-
bines the speed of local optimization with the robustness of global optimization
(M. Jenkinson and Smith. [2002]).

2.7 Temporal filtering

Filtering are the most important processing elements in any application areas
which deal with signals. Its main function is to reduce large variations in the
data caused by the noise or artefacts and keep signals which are of most impor-
tant. Filtering is applied in two ways especially in neuro imaging field, temporal
filtering and spatial filtering. Temporal filtering is used to apply filtering on the
1-D voxel temporal or time signals whereas spatial filtering is used to apply on a
3-D spatial data more specifically on each image volume (Scott A. Huettel).

Highpass filtering

Temporal highpass filtering is one form of improving the data quality which
then leads to improvement of the functional SNR. This technique is applied onto
the data in two ways, one way is to reduce or eliminate noise arising from low-
frequency components such as drift in the signal and high frequency components
such as physiological noises like breathing effects and cardiac related signals.
These two types of dominated frequencies are to be eliminated from the data
for an improvement in the SNR. This can be done by a low pass filter which at-
tenuates high frequencies and high pass filter which attenuates low frequencies
(Scott A. Huettel).

Temporal pre-whitening

The other form of temporal filtering is called as temporal pre-whitening, which
is used to preserve the assumptions which are needed while performing statis-
tical analysis especially using General Linear Model (GLM) analysis framework.
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The assumption under GLM framework is that noise at each time point is inde-
pendent and identically distributed with noise at other preceeding time point.
In practise, the assumption is not valid in fMRI data due to the noise present at
each successive time points which means noise present at previous time point are
auto correlated or correlated with noise present at current time points. A most
common technique used to make the assumption valid is called as whitening or
coloring the auto correlated noise. The term whitening or coloring is used be-
cause the methods developed by most of the scientists are based on estimating
the correlated noise from each time point and then removing the estimated noise
from the time series signal, hence removing effect is termed as whitening or col-
oring the data (web [b]. The end result should be pre-whitening the data before
statistical analysis or analysis using other data driven methods so that estimation
on the data will give a biased results (Woolrich MW [2001]).

2.8 fMRI data analysis

The main objective of fMRI data analysis is to detect an activations of specific
brain regions which are relevant to the task conditions. These activation results
help in making predictions about the physiological state of brain and also in as-
sessment of any pathological changes at that specific activation region (Lindquist).
For a good interpretation of results, certain statistical analysis methods need to
be developed and should be applied on the pre-processed fMRI data. The most
common statistical analysis methods available and used by the neuroscientists
to detect brain activations are outlined in below sections. This outline includes
about a brief introduction to the methods and differences between them.

In neuroimaging community, there are different types of approaches used for sta-
tistical analysis of the data, one type of approach and said to be most commonly
used approach is General Linear Model (GLM) categorized as Confirmatory data
analysis approach and other types of approach are Principal Component Anal-
ysis (PCA), Independent Component Analysis (ICA) categorized as Exploratory
data analysis.

Before methods like GLM or other exploratory methods, some simple techniques
such as subtraction based analysis and correlation analysis had been used for the
analysis of fMRI data. Subtraction based analysis is to subtract between averaged
task images and averaged rest images to find any difference in the images after
being subtracted. This technique is very sensitive to motion related data. A lin-
ear correlation analysis is used to perform a simple correlation analysis between
time series data with a reference or template function. The voxels with correla-
tion value greater than zero are used for mapping activations onto the data. The
reference function is modeled with a simple ON-OFF square wave function. This
technique has its own drawbacks in not exactly capturing the time delay and
noise present in the signals (Stippich [2007]). These techniques are considered as
not capable enough to perform flexible analysis on these set of complex data sets.



26 2 Background

2.8.1 General Linear Model (GLM)

GLM analysis is a statistical analysis method used to generate activation maps
from the fMRI data. It is a method developed as an extension for correlation
analysis technique in order to maintain a flexibility of performing more sophis-
ticated Multiple regression analysis on the data. The main advantage of GLM
analysis is its flexibility to handle with any kind of tests like t-test, f -test, Analy-
sis of Variance (ANOVA) and Analysis of Covariance (ANCOVA) and many more
(Scott A. Huettel). Due to its flexibility and capability of handling data in a com-
plex manner, GLM has become one of the popular tool for fMRI data analysis till
date after its introduction in 1994 (Friston and Turner [1994]) and available in a
software package Statistical Parametric Mapping (SPM) (web [h]).

GLM is designed to perform analysis by fitting the model onto the data of each
voxel-by-voxel time series independently (Friston and Turner [1994]). This type
of analysis is totally dependent on the model, hence analysis is also named as
Model based analysis. A perfect outcome of the results can be achieved by build-
ing an efficient model which will be discussed below.

Hemodynamic response function (HRF)

In order to assess changes within the brain voxel which represents an effect cor-
responding to a brief stimulus paradigm, a model function or response function
need to be build which exactly reflects with the shape of the hemodynamic re-
sponse as explained in previous Section (2.3.1) (BOLD response) and shown in
Figure 2.7(4). The basic response function is built by simply convolving the stim-
ulus paradigm v(t) or square wave function representing exact ON-OFF timing
with hemodynamic response h(t). The response function output obtained after
convolution is called as Hemodynamic response function (HRF) or Impulse re-
sponse function (IRF) represented as s(t) as in below equation.

s(t) = (h ∗ v)(t) = h(t) ∗ v(t) =
∫
h(u)v(t − u)du. (2.3)

where h(t) is the BOLD response, v(t) is the stimulus paradigm (Lindquist).

BOLD response is modelled based upon the assumption that the response reflects
with same shape in across different brain regions and subjects. But, in practice
this assumption is not true, BOLD response varies depending upon lot of factors
such as subjects, regions and timing differences or delay in neuronal activity in
surrounding regions or other regions.

In order to account these factors, an additional set of functions called as basis
functions need to be used in combination with HRF to make a more robust model
and make GLM analysis more efficient. The most common type of basis function
called temporal basis function is used in combination to account for any change
in the delay in the BOLD response. Likewise, many other set of models such
as Buxton’s balloon model (Richard B. Buxton. [1998]), probability density func-
tions using one gamma function and two gamma functions (Boynton [1996])(Ra-
japakse [1998]) have been developed for a more robust model analysis. These
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fixed type of models are not so efficient in dealing with BOLD response change in
different regions or different subjects. Based on these limitations, more advanced
subspace model based on PCA is been developed (Jolliffe [1986]). Subspace mod-
els with combination of balloon model and two harmonic basis functions devel-
oped by (Friman [2003]) helps in detecting even small variations in the BOLD
response.

General Linear Model framework

GLM framework is developed to find the task related variations in the dependent
variables Y , by means of linear combinations of weighted sum of explanatory
variables X along with some error term ε (J.Ashburner). Here, analysis should be
performed on the pre-processed data by taking into account the model assump-
tions as explained in above Subsection.

In mathematical notation, GLM equation is denoted as

Yj = Xj1β1 + ....... + Xjlβl + .......XjLβL + εj . (2.4)

where Yj represents observed response variables for j number of observations,
Xj1.......XjL are the L explanatory variables or regressors, β are the unknown pa-
rameters to be estimated and number of β parameters depends on the number of
explanatory variables, εj represents error variables for j number of observations.

Matrix Notation

The Equation (2.4) can also be represented in general form matrix notation as

Y = Xβ + ε. (2.5)

This general type of model is termed as a General Linear Model (GLM) or Multi-
ple regression analysis.

The parameters β in Equation 2.4 or Equation 2.5 can be estimated by first obtain-
ing an equation as shown in below. This can be obtained by minimizing a squared
error on Equation 2.5,

ε2 = (Y − Xβ)T (Y − Xβ). (2.6)

By derivating Equation 2.6 with respect to β = 0, β estimates can be obtained as

β̂ = (XTX)−1XTY. (2.7)

Then a t-test value from an estimated parameters β can be calculated by

t =
cT β̂√

var(ε̂)cT (XTX)−1c
. (2.8)

(Anders Eklund [2010]) where c is a contrast vector.

In brief, given a data, design a model and fit model to each voxel time series using
a correlation or regression analysis under a GLM framework and explore the best
possible estimates by imposing a statistical significance using a student t-test or
f -test. The results are completely dependent on the model designed.
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2.8.2 Independent Component Analysis (ICA)

After the successful application of ICA onto the fMRI data by (M.J. McKeown
[1998]), ICA also has become one of the most commonly used technique for fMRI
data analysis. ICA is a statistical signal processing approach used to separate out
the underlying signals or components from an observed multidimensional data
which contains a linear mixtures of the independent components, so that the
seperated signals are at maximally independent from each other (Comon [1994]).
Independency depends on spatial and temporal in nature, which means there
are two ways a problem can be addressed using ICA, spatial ICA (SICA) is used
when components need to be separated spatially (space dependent) and temporal
ICA (TICA) when components need to be separated temporally (time dependent).
Each type of ICA irrespective of spatial or temporal contains output results in
both spatial and temporal correspondences.

The differences between GLM and ICA, GLM is a univariate approach where
activation results are totally dependent on the model, whereas ICA which is a
multivariate approach, finds activation results which are said to be interesting,
uninteresting and unexpected results from the data without in need of a model.
It explores the data in terms of spatial maps (activations) as well as its time com-
ponents correspondingly associated to its spatial maps, which means it has capa-
bility to estimate spatial as well as its time components at the same time. For
example taking fMRI data into consideration, SICA contains separated spatial
maps (activations) and its corresponding time component signal associated to
each particular map.

Definition of ICA

ICA model is defined based on a problem called as cocktail party or blind source
separation problem (Bell [1995]). In its simplest form, ICA can be defined as,
consider an observed data of n scalar random variables such as x1, x2, x3, ........, xn
which contains a linear mixtures ofm statistically independent components s1, .., sm
the relationship between variables and components are represented as shown in
below equation

X = AS (2.9)

where X is a vector of random variables (xi ; i = 1........n), A is an unknown square
mixing matrix, S is a vector of components (si ; i = 1........m) of unit variance and
zero mean. This equation is called as ICA model (Hyvarinen A [2000]). So,
the problem here is to estimate unknown mixing matrix A or unknown inde-
pendent components si from mixed data xi . The two important assumptions
which should be considered in estimating independent components are that com-
ponents should be statistically independent and tend to have nongaussian distri-
bution (Hyvarinen A [2000]).

After estimating mixing matrix A, take the inverse of the matrix A to form matrix
W, from where the independent components si or S are obtained as formulated
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according to the following equation

S = WX (2.10)

where vector S which contains independent components, W = AT , X is the vector
of the whitened data which contains a linear mixtures in it.

ICA estimation

The outline of the procedure used for ICA estimation is, to first define a cost
function and thereby minimize or maximize defined cost function to estimate
independent components. So, an ICA estimation is in together an optimization
of a cost function. Here, cost function defines the robustness of the estimation
process whereas optimization defines computational cost in time and memory
(Hyvarinen A [2000]). Defining cost function is an important step in whole ICA
estimation.

To define a cost function, a statistical property derived from Central Limit theo-
rem is needed to be understood. Central Limit theorem states that sum of two
independent and identical random variables are said to form a Gaussian distri-
bution which will be more when compared to each of the original independent
random variable. This principle is been utilised to estimate an independent com-
ponents where each independent variable is said to have a least gaussian distri-
bution than sum of two independent variables. So, finding one of the variable
which has least gaussian will help in getting an independent components based
on one of the assumption of ICA, which means cost function here is nongaussian-
ity which is needed to be measured in the ICA model. The below is described
using an equation of ICA model.

Now, let us consider Equation 2.10 written into new form as

Y = WTX (2.11)

where W is a vector to be estimated. Thus, vector Y is a linear combination of the
vector X which contains random variables (xi ; i = 1........n) where each variable is
associated with some weights wi . So, based on the above theoritical justification,
finding an independent variable which has nonzero can be done by maximizing
the nongaussanity in the vector Y i.e. WTX (Hyvarinen A [2000]).

Co-registration

Co-registration is used for mapping or aligning data of different modalities such
as aligning CT/PET/SPECT data to MRI data or most important use is to align
the functional fMRI data which is typically of low resolution onto the struc-
tural T1 weighted MR image of high resolution. This can be done by optimizing
parameters defined using rigid body transformations or affine transformations
(Lindquist).





3
Methods

3.1 MRI Data Acquisition

3.1.1 Stimulus Presentation

Stimulus presentation was a ON-OFF block design type as explained above with
black and white checker board patterns used in a flickering mode of displaying
a visual stimuli. Two checkerboard light stimuli patterns were used during ON
state presented at a frequency of 8 Hz i.e. alternating between 125 msec. A black
background with white fixation cross is used for OFF state. Light stimuation
effect on the subject lying in the MR scanner was done using a stimulus presenta-
tion software called as SuperLab (version 4.5) (web [i]). It is a well known software
used by the neuroscientists during a visual stimuli experiments, auditory stimuli
experiments. The light stimulus was projected using a View Sonic projector with
a reflection mirror mounted above the subject with well focussed effect onto the
subjects eyes.

3.1.2 MRI data acquistion parameters

Two different modes of data such as Structural MRI and Functional MRI data
were acquired using a CMIV’s http://www.cmiv.liu.se/ Philips Healtcare Ingenia
4.1.1 scanner operating at 3 Tesla. Two different scanning sessions were used to
collect data from two different male subjects. Each session contains both modes
of data acquisition. Structural MRI or also called as anatomical image data is
collected to distinguish between different types of tissue due to its high contrast
to noise ratio. The acquired structural image data is used as reference to set the
slice placements exactly on the interested anatomical location for functional MRI
scans and also used in mapping activations maps onto this anatomical image.

31
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Figure 3.1: Figure shows about data collected for three different runs, row 1-
anatomical image, row 2-whole brain acquisition, row 3-sagittal single slice data
acquistition, row 4-sagittal 3 slices data acquisition. To show an exact location of
the slices where it corresponds to, we overlaid each of the acquired raw data onto
antomical image

The parameters used to acquire structural MRI are T1 weighted with 3D gradient
echo sequence, Voxel size used is 1.1 × 1.1 × 0.6 mm, Field of View FOV = 250 ×
250 × 181, Echo time TE = 3.4 msec, Repetition volumes TR = 7.4 msec, Scan
mode is 3D with number of slices = 301 sagittal, Turbo Field Echo TFE factor =
227.

fMRI data is organized in a hierarchical fashion. Each scanning session will last
for about one hour. In each session, we have three different types of runs on the
same subject, where each run will last for about 4 minutes, run 1 contains ac-
quisition of whole brain functional data in axial mode whereas run 2 contains
acquistion of sagittal mode of single slice data and run 3 contains acquisition of
sagittal mode of three slices data. Within each run, contains a series of functional
volumes over time also called as functional 3D images and total number of im-
ages or volumes depends on the TR. Each volume will then contains a series of
slices comprising of 1 to3 covering a particular anatomical region or comprises
of 25 to 30 slices to cover whole brain. Each slice will then contains a thousands
of voxels which forms an image of the brain.

The acquisition parameters used to collect functional data in each run is men-
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tioned here and each of the data acquired are displayed in Figure 3.1 by overlay-
ing onto T1 weighted image.

Whole Brain parameters

For run 1 i.e. for whole brain data acquistion, we used Scan mode = Multi-slice,
Fast imaging mode = EPI, Fast Field Echo FFE technique, Voxel size = 3 × 3 × 3
mm, Field of View FOV = 210 × 210 × 105, Echo time TE = 30 msec, Repetition
volumes TR = 1750 msec, Total number of scans or volumes = 140, Each volume
has 34 slices, Flip angle = 75◦.

Sagittal single slice data parameters

For run 2 i.e. for sagittal single slice data acquistion, we used Scan mode = Multi-
slice, Fast imaging mode = EPI, Fast Field Echo FFE technique, Voxel size = 2.34×
2.34 × 10 mm, Field of View FOV = 150 × 216 × 10, Echo time TE = 30 msec,
Repetition volumes TR = 100 msec, Total number of scans or volumes = 2500,
Each volume has 1 slice, Flip angle = 20◦.

Sagittal three slices data parameters

For run 3 i.e. for sagittal 3 slices data acquistion, we used Scan mode = Multi-slice,
Fast imaging mode = EPI, Fast Field Echo FFE technique, Voxel size = 2.34×2.34×
10 mm, Field of View FOV = 150 × 216 × 32, Echo time TE = 30 msec, Repetition
volumes TR = 173 msec, Total number of scans or volumes = 1480, Each volume
has 3 slices, Flip angle = 20◦.

3.2 Pre-processing of fMRI data

The series of pre-processing steps to be done are utilised from the software pack-
age FSL version 4.1.9 (FMRIB’s Software Library) (web [f]) developed by Oxford
university group, London. FEAT (web [e]) module is a part of FSL used for model
based GLM analysis of fMRI data. Here, pre-processing steps and commands are
been utilised from the FEAT module. The methods utilised to pre-process raw
fMRI data are going to be outlined here.

3.2.1 Reorientation

As a first step, the data with any format need to be checked for the correct ori-
entations and labelling by viewing the data. The two different modes of data i.e.
anatomical and functional data need to be checked for correct labelling within
and correct orientations between the data (MatthewWebster [2012]).

3.2.2 Brain Extraction Tool

Brain Extraction Tool (BET) is applied onto the anatomical T1 weighted images.
This tool deals with removing or excluding outer most layers of the brain from an
input image. The regions which are outside of the brain include layers attached
to the skull region. BET is an inbuilt tool utilised from FSL package and for a
detailed description of the algorithm, refer to (Smith. [2002]). This step is very
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Figure 3.2: Comparison between anatomical image without brain extraction
(left) and brain extracted anatomical image (right)

essential to perform and also recommended by the FSL group, to have an improve
in the efficiency during the co-registration step. A comparison between anatomi-
cal image without applying BET (left) and with brain extracted anatomical image
(right) is shown in Figure 3.2.

3.2.3 Motion correction

Here, the analysis procedure used for motion correction is utilised from the FSL
FEAT package called as MCFLIRT (M. Jenkinson and Smith. [2002]). The method
implemented in MCFLIRT can be used for both 2D as well 3D based motion
corrections. Since, there are three different types of data acquired i.e. whole
brain, 3 slices, single slice data, both 2D as well as 3D based correction is utilised
according to the data. For single slice data, 2D based motion correction is used
whereas for whole brain and three slices data, 3D motion correction is used.

MCFLIRT uses intra-modal cost function and default method used in this anal-
ysis is NC based cost function. Formula for NC based cost function is seen in
Equation (3.1). Interpolation method in this registration is a bilinear interpola-
tion and apodization of NC cost function with global-local optimization are the
inbuilt methods which are utilized from FSL MCFLIRT to be used for motion
correction on the data. The definitions and explanations to the motion correction
steps are referred to Section 2.6.

CNC =
Σ(X · Y )
√
ΣX2
√
ΣY 2

(3.1)

where X reference image, Y altered image.

3D rigid body transformation with six parameters, three rotations in x,y,z-directions
and three translations in x,y,z-directions are used for both sagittal three slices
and whole brain data. 2D rigid body transformation with three parameters, two
translations in x,y-directions and one rotation in z-direction are used for single
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Figure 3.3: 3 (x, y, z-directions) of Translation parameters in mm (top), 3 (x, y, z-
directions) Rotation parameters in radians (bottom)

slice data. For an accurate motion correction, we used first volume as a refer-
nce image and register rest of the images contained in the data to this reference
image. The motion corrected graphs plots which are extracted using MCFLIRT al-
gorithm from a whole brain data are shown in Figure 3.3 which shows estimated
three translation parameters in x,y,z-directions (top part) and also shows three
rotation parameters in x,y,z-directions (bottom part). As you can see in Figure 3.3
there is a huge head motion by the subject at 138th volume while experimental
task data acquistion.

3.2.4 Temporal filtering

Here, we have used only temporal filtering strategies such as highpass filter, fol-
lowed by each strategy which is temporal pre-whitening and lowpass filter. Pre-
whitened data is used for statistical analysis and lowpass filtered data is used for
only comparsion purpose to compare with time series signals which are extracted
from the pre-whitened data.

For a temporal high pass filter, FSL uses a gaussian weighted least squares straight
line fitting approach with fixed interval for complete reduction of low frequency
noise signal. The input is given in the range of seconds in the FEAT GUI which
then converts to sigma range which is the width of the Gaussian process in the
formula. The minimum value used here is 2× (rest period + activity period). For
example, if rest period = activity period = 20 seconds then value = 2×40. This 80
seconds given as input is converted to sigma range by sigma = value

2 i.e. 80/2 = 40
is the sigma (σ ) range. So, Gaussian weighted least squares method takes σ =
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Figure 3.4: Histogram distribution plot of the data without high pass filter (top)
and with highpass filter (bottom)

40, as task frequency range and suppresses out the signals related to drift and
physiological effects.

The temporal filtering effect in the data can be seen in Figure 3.4 which represents
without applying high filter effect (top) and with high pass filter (bottom). This
Figure 3.4 shows a histogram distribution representation. The reduction effect
can be seen in difference in the values on the y-axis mode.

Lowpass filtering

Lowpass filter is used to remove high frequency content in the signals which can
be related to physiological fluctuations or can be scanner related noise. The filter
cutoff is very important for low-pass filter to avoid suppressing out task related
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signal. This cutoff is designed based on the nyquist frequency rate which inturn
is designed according to TR. We can measure signals at frequencies that are no
faster than 1/2 the TR. For example, with TR = 1.75 sec, then frequency f=1/TR
= 0.57Hz, and the signal frequency will occur at half of the frequency f i.e.1/2*f
= 0.285 Hz. This frequency value can be given as input cutoff frequency period
from which it suppress out the high frequency content preserving task signal
(web [c]). This cutoff value in TR can be given as input to FSL filter command to
get the lowpass filtered data. The TR used in example calculation is from whole
brain data. In the same way TR = 0.173 sec is used to calculate a cutoff frequency
for sagittal 3 slices data and for single slice data we used a default value of 2.8 in
seconds used by the FSL command. For single slice data, we used default cutoff
value because there is no sufficient amount of reduction of noise when used cutoff
value according to the nyquist frequency rate. But, whereas for whole brain and
sagittal 3 slices data, results after lowpass filtering looks promising when used
cutoff value according to the nyquist frequency rate.

Temporal pre-whitening

FILM FMRI’s Improved Linear Model is developed and used by FSL group in
FEAT GLM analysis to deal with autocorrelation for a more robust pre-whitening
to the fMRI data. This approach uses a nonparametric approach for an accurate
estimation of autocorrelation matrix and prewhiten the voxel time series data
based on this estimation to get an improved efficiency in the statistical results
(Woolrich MW [2001]).

3.3 Statistical analysis of fMRI data

BOLD signal model

Here, a simple BOLD signal or experimental design matrix is modelled using FSL,
by utilising a method of convolving a square wave function with hemodynamic
response function and the convolved signal is shown in Figure 3.5 (left) along with
an additional temporal basis function as shown in Figure 3.5 (right) and a set of
motion regressors as shown in Figure 3.6 which are estimated using a MCFLIRT
motion correction procedure. These signals are altogether averaged to build a
simple design matrix as shown in Figure 3.7 which can then be used to perform
a correlation analysis on the estimated time component signals to find out the
relevant task related signals.

For each type of data, BOLD signal is modelled based on the activity (ON) and
rest (OFF) period and TR in seconds. ON = 21 seconds, OFF = 20 seconds, TR =
1.75 seconds is used to model for whole brain data. Likewise, TR = 0.173 seconds
and ON = 21 seconds, OFF = 20 seconds is used to model for sagittal 3 slices data,
TR = 0.1 seconds and ON = 26 seconds, OFF = 20 seconds is used to model for
sagittal single slice data.



38 3 Methods

Figure 3.5: BOLD signal output modelled as stated in Equation 2.3(left) with
additional temporal basis function (right) using FSL and output file is plotted in
MATLAB

Figure 3.6: Some of the motion regressors used in the GLM model framework,
these are is plotted in MATLAB

Figure 3.7: Averaged BOLD design used to check for correlation with time series
components estimated by ICA
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Different methods used on the pre-processed data to detect
spatial activations and extract time series signals

In previous Section 2.8, we have seen a theoritical explanation and differences
between the main methods such as GLM and ICA used for statistical analysis of
the data and the methods which are going to be outlined below are used in the
coding procedure along with one of the main method ICA to detect for significant
activations and also to extract for time series signals from the activated regions.

Principal Component Analysis (PCA)

A pre-whitening or sphering should be done on the pre-processed data X, to fur-
ther simplify the problem of estimating matrix A in an easiest way. This step is
mainly for whitening as well as dimensionality reduction in the data (Hyvarinen
and Oja. [1997]). Whitening the data is to further improve the convergence of
the ICA analysis and data reduction makes computationally less burden to the
further analysis. Both, whitening and data reduction can simultaneously be done
using Principal Component Analysis (PCA), which is mainly to find maximum
variability in the data using Singular Value Decomposition (SVD) (Hyvarinen and
Oja. [1997]).

The output from the SVD are eigenvectors and its corresponding eigenvalues of
the input data. Each eigenvector represents PCA eigen image or spatial maps
when projected onto the input data and their corresponding time courses are
represented by eigenvalues (M.J. McKeown [1998]).

Number of components to estimate: Maximum variance explained by the data

Not all extracted eigenvectors will be most significant with the data which means
that the percentage variance explained by the data will be in the first 20 or 30
principal components. Here, data that reflects most of the variances are extracted
which then leads to a data reduction mechanism. This discussion can be seen
in the Figure 3.8, a graph that shows how much is a variance associated with
each eigenvalues. In this way by looking at the graph, we can pick up the most
interesting eigenvalues reflecting maximum change in percentage with respect to
each other without taking into consideration of all eigenvalues. These are said to
be the crucial steps which should be performed before decomposing using ICA.

The Independent Components IC is selected for instance as 20 because as we
can see in the Figure 3.8 (right), after component index 20, the eigen values are
almost constant. The significance of eigenvalues is to determine the number of
principal components which have some amount of interesting characteristics in
the data. This can be judged by seeing the large amount of variation between
each component number with respect to their corresponding eigenvalue. This
way, components which showed variation are chosen and given as input to ICA
analysis to estimate accordingly.
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Figure 3.8: The figure represents bar graph of eigenvalues decomposed using PCA
(left), zoomed version in order to judge for a more clear visibility of number of
components (right)

Figure 3.9: Spatial Independent Component Analysis SICA

Spatial ICA

In order to do Spatial ICA analysis on the reduced data X, first data need to be
arranged in a N ×M 2D matrix form, where N corresponds to number of time
points (or number of independent components to estimate) as a column matrix
and each time point has M number of voxels in a 1D vector form as a row matrix.
Then ICA decomposition can be done by forming a matrix as defined in ICA the-
ory in Equation 2.10, S = WX, W is a N × N mixing matrix estimated usign ICA
and S is a N ×M matrix contains N number of independent components. Then
reform Equation into X = WT S such that each row in matrix S contains indepen-
dent spatial maps (activation maps) and corresponding time courses associated
to each map are found in each column of matrix WT . The whole mechanism is
shown in the form of Figure 3.9.

Temporal ICA

In order to do Temporal ICA analysis on the reduced data X, data need to be
arranged in a M ×N matrix form (or simply a transpose of same matrix arranged
in spatial ICA). Here, M corresponds to number of spatial voxels as a column
matrix whereas N corresponds to number of time points as a row matrix. Then
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Figure 3.10: Temporal Independent Component Analysis TICA

ICA decomposition can be done by forming a matrix as defined in ICA theory in
Equation 2.10, S = WX, W is a M ×M mixing matrix estimated usign ICA and S
is a M × N matrix contains M number of independent components. Then same
as SICA we can reform Equation into X = WT S such that each row in matrix S
contains temporally independent components and corresponding spatial maps
associated to each time component are found in each column of matrix WT . The
whole TICA mechanism is shown in the form of Figure 3.10.

FastICA

In practical situations, problem of defining a cost function and then optmizing
a cost function is proceeded based on the Equation 2.11. The procedure is as
follows, Initially some weight vector wi is defined and then starts searching for
a direction on the input data X, based on the defined cost function. The gradi-
ent descent or ascent method is used to search for a direction to update current
weight vector wi to next calculated wi+1 in time (t + 1). This mechanism is called
as simple neural learning algorithm (Hyvarinen and Oja. [1997]).

The disadvantages with this type of learning algorithm is that the convergence
rate is very slow, and a good choice of learning rate is needed, otherwise can
possibility to lead to a bad convergence. Based on this limitation, a fast and
reliable learning mechanism is needed. This can be solved efficiently by the fixed
point iteration mechanism (Hyvarinen and Oja. [1997]).

FastICA uses fixed point iterative scheme which can be used to find W that shows
maximum nongaussianty after projecting onto the data X taken from the Equa-
tion 2.11.

The fixed-point algorithm has the following form (Hyvarinen [1999])

w = E{xg(wT x)} − E{g ′(wT x)}w (3.2)

where g( · ) is function derived from the derivative of the nonlinearity function
defined as f ( · ). Some of the nonlinearity functions most commonly used are
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shown here (Hyvarinen [1999])

f (u) =
1
a1

log cosh(a1u), g(u) = tanh(a1u) (3.3)

f (u) =
−1
a2

exp(−a2u
2/2), g(u) = u exp(−a2u

2/2) (3.4)

f (u) =
1
4
u4, g(u) = u3 (3.5)

Here, data is analysed in both ways, SICA and TICA. FastICA algorithm code
available at (web [d]) is utilised to analyse the data using an inbuilt symmetric
approach and nonlinearity function tanh in Equation 3.3. After organising the
input data X in two types of matrix form i.e. either in SICA or TICA form, then
each matrix is given as input to FastICA algorithm in each time to get spatial
activations and temporal components in both form of SICA and TICA analysis.
The results obtained are plotted in the Section (4) for all types of data acquired.

A simple correlation technique to find task related signal

The number of temporal components which are estimated using FastICA are fur-
ther used to validate whether the components follows the experimental design
matrix or in a simple way to find the task related signal. Validation is done by
using a simple correlation technique between normalized design matrix and each
estimated time component signal which is also normalized. Normalized response
is calculated by subtracting the mean value and then dividing the standard devia-
tion from each of its respective design matrix and time series signal. The formula
used for correlation is defined from (P. A. Bandettini and Hyde [1993])

corr =
∑N
k=1(tk − µt)(dk − µd)√∑N
k=1(tk − µt)2 ∗ (dk − µd)2

(3.6)

where N = length(time series signal), t is the time series signal, µt is the mean
of the time series signal, d is the design matrix, µd is the mean of the design
matrix. Here, for example average design matrix as shown in Figure 3.7 is used
in correlation procedure. The results obtained from each of the different types of
data are validated in the same way by taking a design matrix with its respective
type of data.

Therefore, only those spatial maps are chosen which showed a significant corre-
lation percentage of greater than some cut-off value with its corresponding time
component. Here, cut-off value used is 0.4.

Frequency spectrum of the task related signal

Welch’s power spectral density (MathWorks) is used to check for the amount of
signal to noise ratio (SNR) level present in the estimated temporal components.
This can be done by looking at the output frequency versus power plots of each
temporal component.
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Z-statistic image

The raw spatial IC maps which are said to be significant or which are task related
are used to display as spatial activations onto the anatomical image. For this, a
certain procedure and methods need to be followed which is to first convert raw
spatial map into z-statistic image and then use that z-statistic image to co-register
and overlay onto the anatomical image.

The method used to generate a z-statistic image is to convert the raw spatial IC
estimate to the z-score values. This can be done by dividing the raw spatial IC
component by the voxel-wise standard deviation of the noise. The voxel-wise
standard deviation of the noise is generated by taking the square root of the
sigma-squared image. The final result of z-statistic image is shown in Figure 3.11.
Here, we have a z-statistic image which is been generated on a raw spatial IC
component map contains both negative as well as positive z-scores. Negative z-
scores values contains voxels which have opposite or negative effect in that corre-
sponding temporal component with the experimental design and positive z-score
values contains voxels which have good correlation or positive effect with the ex-
perimental design. Similarly, same procedure is used for each of total number of
the components estimated using both SICA and TICA analysis. The method used
here for generating a z-statistic image is inspired from the MELODIC (Beckmann
and Smith [2004]), a software developed for ICA analysis by the FSL and group.
Z-statistic image is generated by taking the square root of the sigma-squared im-
age. This sigma-squared image is infact estimated computing the residuals in
image parameters by a linear regression analysis from the FSL package.

Co-registration

To display spatial activations on the anatomical image, co-registration and over-
laying the z-statistic image onto the anatomical image is to be done. Therfore
for co-registration, we used BioImage Suite, an integrated medical image analy-
sis suite software package www.bioimagesuite.org (Xenophon Papademetris and
Staib. [2005]) especially for co-registration of activations composed from three
different types of data. We have chosen this software due to the problems arised
in accurately overlaying spatial activations onto the anatomical image. These
problems are discussed in the Chapter 5 (Section 5.4).

For whole brain data, normal coregistration such as linear registration where
transformation mode used is a rigid based registration. Normalized mutual in-
formation (NMI) cost function with combination of more advanced optimization
method called Conjugate gradient is used for whole brain data.

Whereas for both sagittal 3 slices and single slice data, rigid2d based registration
is utilised here. Here, two cost functions are used Joint Entropy (JE) based and
Normalized Mutual Information (NMI). Both cost functions with combination
of Conjugate gradient optimization method have been used for this type of data.
More technical details of the methods can be found in (C. Studholme and Hawkes.
[1997]).
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Figure 3.11: Example of a Z-statistic image picked out corresponding to the hy-
pothalamus region contains both negative as well as positive z-scores values rep-
resented by dark and bright spots
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Figure 3.12: Comparison between histogram distribution of z-statistic image of
the IC map corresponding to visual cortex region (left) and hypothalamus region
(right)

The z-statistic image when overlaid onto the anatomical image are displayed as
red color activations which corresponds to positive z-score values as well as blue
color activations which corresponds to negative z-score values.

Inference on z-statistic image for significant activated regions

In order to make inference on the z-statistic image for significant activations, a
histogram distribution of the z-statistic image is plotted as shown in Figure 3.12
in order to choose for a meaningful threshold value or level of significance value
α. Given a histogram distribution of the z-score values, probability of finding
significant activated voxels from the z-distribution can be done by a simple sta-
tistical hypothesis testing such that rejecting z-distribution values which are less
than significance threshold level α and keeping voxels which are greater than α
value.

P (A|Z) = H : > α (3.7)

where A is the significant activations, Z is the z-distribution values, H is the
statistical hypothesis testing, α is the significance level.

Two significance threshold values are used, one value is 0.02 to keep active vox-
els of the z-stat image corresponding to the IC map of visual cortex region as
shown in Figure 3.12 (left), second value is 0.01 to keep active voxels of the z-
stat image corresponding to the IC map of hypothalamus region as shown in
Figure 3.12 (right). This in turn depends on the positive z-score values or in other
way positive or negative activations. If activations are positive, then threshold
with greater than α value or right tailed hypothesis testing should be employed
otherwise if activations are negative, then threshold with less than α value or left
tailed hypothesis testing should be employed. This method depends totally on
the distribution of the z-statistic image data and by looking at the distribution
and also by looking at the activations whether positive or negative, statistical
hypothesis testing is been made.
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ROI activations and time series signal extraction

To take average of the time series signals from a cluster of 10 activation voxels
or to extract time series signals from the more prominent ROI activations, a sig-
nificance level with greater or less than end of the histogram tail value is to be
employed. For example, from Figure 3.12 (left), threshold with greater than end
of tail value such as α = 0.04 is used corresponding to visual cortex region and
α = 0.025 or α = 0.03 is used corresponding to hypothalamus region as shown
in Figure 3.12 (right) to look for a cluster of activation voxels or ROI activation
voxels. Then the collection of activation voxels indices are used to plot the time
series signals extracted from the raw pre-processed input data.

Lowpass filter

Finally, a comparison is made between the ROI time series signals from the low-
pass filtered data and time series signals of input data. Time series signals from
the lowpass filtered data are extracted from the corresponding voxel indices as
with activation indices.



4
Results

The activation patterns and its time series signals obtained for three types of fMRI
data are been shown in this Chapter. For display purpose, only two important
regions are been concentrated here,

1. Visual Cortex

2. Hypothalamus or regions picked out which are very close to hypothalamus.

For both types of ICA analysis i.e. SICA and TICA, extracted spatial components
(activation maps) and its corresponding temporal components (time series signal)
are shown corresponding to both visual cortex and hypothalamus regions. ROI
time series signals are extracted from those activation regions and displayed for
each of the three types of data i.e. whole brain, sagittal 3 slices and sagittal single
slice data. Here, three types of filtering techniques are applied on each type of
the data such as highpass filtering, prewhitening and highpass followed by low-
pass filtering. Both types of analysis procedure are used in each time to analyse
highpass filtered data and only SICA analysis is used to analyse pre-whitened
data. The results which are shown below are picked out from either highpass
filtered or pre-whitened data which are said to be prominent. Lowpass filtered
data is used only for a comparison of noise level present between the extracted
time series signals from the activation regions of the input data with the same
voxel time series signals of the lowpass filtered data.

4.1 Whole Brain

The spatial activations as shown in Figure 4.1 are generated from the whole brain
pre-whitened data using SICA analysis. Here, activation voxels shown are corre-
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Figure 4.1: Spatial activations corresponding to the visual cortex region with sig-
nificane level of threshold α > 0.02 is used. These activation results are estimated
from the pre-whitened whole brain functional data using SICA analysis

Figure 4.2: Temporal component (left) estimated from the pre-whitened whole
brain functional data corresponding to spatial activations as shown in Figure 4.1,
and its power versus frequency distribution plot (right)

sponding to the visual cortex region generated with significane level of threshold
α > 0.02 and red colored activations indicates positive z-score values. Its corre-
sponding time component (left) and its frequency spectrum (right) is shown in
Figure 4.2. In frequency versus power spectrum plot, most of the frequency con-
tent has low range in values which means that most of the task frequency content
is at low values whereas noise which denotes in higher frequency content is not
associated with this extracted time component.

With α > 0.02, 528 voxels are declared as active. These 528 voxels might also con-
tain false positives. In order to avoid false positives and also to look for a cluster
of most significant voxels, α > 0.04 should be used which will reduce the false
positives and will give a cluster of voxels with very less in number. These clus-
ter of activated voxels after threshold with α > 0.04 are from the primary visual
cortex region. The raw voxel time series signal extracted from the primary visual
cortex is shown in Figure 4.3. Also interesting to see is the comparison between
time series signal with an effect of lowpass filtering (right) in the same Figure 4.3.
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Figure 4.3: Time series signal extracted from the primary visual cortex region
activations of pre-whitened whole brain functional data as shown in Figure 4.1.
Without lowpass filter (left) and Lowpass filtered signal (right)

The lowpass filtering has most significant effect on the signal reduced most of the
noise present in the signals. In Figure 4.4, you can also see the correlation effect
between the extracted lowpass filtered time series signal (blue) which is same as
shown in Figure 4.3 with experimental design (red). The correlation effect is max-
imum which says that signals from primary visual cortex have significant effect
in according to the experimental stimulation.

Now, the other IC component estimated from the same whole brain pre-whitened
data using SICA analysis is shown here. This spatial IC component or spatial acti-
vation maps corresponding to the hypothalamus region or very close to hypotha-
lamus region is shown in Figure 4.5. Here, z-statistic image is used based on
the component which corresponds to the hypothalamus region. Its correspond-
ing time component and frequency versus power spectrum plot is shown in Fig-
ure 4.6. In frequency spectrum plot, the frequency content have low range as
well as high range in values which means that noise which denotes in higher fre-
quency content is also associated to this time component when compared with
frequency plot as shown in previous Figure 4.2. High frequency content peaks
representing noise is dominated by the task signal frequency seen as small peak
in lower frequency range.

In this component, with α < −0.01, 933 voxels are declared as active but only less
activation voxels can be seen in hypothalamus region and rest of the voxels are
reflected as false positives. A negative significance value is used because as you
can see in the Figure 4.5 that activations are with negative z-score values.

A threshold significance level of α < −0.02 is used to extract voxels which are
most likely to be closer to the hypothalmus region and its time series signal with
and without lowpass filtering is shown in Figure 4.7. As a comparison, most of
the high frequency noise content present in the signal is eliminated significantly
as shown in Figure 4.8. The signal on the left is frequency power distribution
of the time series signal shown in Figure 4.7 (left) and signal on the right is the
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Figure 4.4: Correlation effect between the experimental design (red) and ex-
tracted time series signal (blue). The time series here is same as shown in Fig-
ure 4.3 of pre-whitened whole brain functional data

Figure 4.5: Spatial activations corresponding to the hypothalamus region with
significane level of threshold α < −0.01 is used. These hypothalamus activation
results are estimated from the whole brain pre-whitened data using SICA analysis

frequency power distribution of the lowpass filtered time series signal shown in
Figure 4.7 (right). In Figure 4.9, you can also see the correlation effect between
the extracted lowpass filtered time series signal (blue) which is same as shown
in Figure 4.7 (right) with experimental design (red). The correlation effect is very
less as you can see that there is no follow of time series signal in according to the
experimental design. The time series signal from this region has very reduced
in the stimulation effect when compared with signal from primary visual cortex
region.

4.2 Sagittal 3 slices

The spatial activations as shown in Figure 4.10 are generated from the sagittal
3 slices pre-whitened data using SICA analysis. Here, activation voxels shown
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Figure 4.6: Temporal component (left) estimated from the pre-whitened whole
brain functional data corresponding to hypothalamus activations as shown in Fig-
ure 4.5, and its power versus frequency distribution plot (right)

Figure 4.7: Time series signal extracted from the hypothalamus region activa-
tions of pre-whitened whole brain functional data as shown in Figure 4.5. With-
out lowpass filter (left) and Lowpass filtered signal (right)
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Figure 4.8: Comparison between the signal on the left is frequency power distribu-
tion of the time series signal extracted from the hypothalamus region activations
of pre-whitened whole brain functional data which is shown in Figure 4.7 (left)
and signal on the right is the frequency power distribution of the lowpass filtered
time series signal extracted from the same region of same whole brain data which
is as shown in Figure 4.7 (right)

are corresponding to the visual cortex region generated with significance level
of threshold α > 0.01 and red colored activations indicates positive z-score val-
ues. Its corresponding time component (left) and its frequency spectrum (right)
is shown in Figure 4.11. In frequency versus power spectrum plot, most of the fre-
quency content has low range in values which means that most of the frequency
content is related to the task frequency where noise level is not present along
with this extracted time component.

With α > 0.01, 800 voxels are declared as active. To look for a cluster of most
significant voxels, α > 0.04 is used. These cluster of activated voxels after thresh-
old with α > 0.04 are from the primary visual cortex region same as with the
visual cortex results estimated from the whole brain data. The raw voxel time se-
ries signal extracted from the primary visual cortex is shown in Figure 4.12. Also
interesting to see is the comparison between time series signal with an effect of
lowpass filtering (right) in the same Figure 4.12. The effect of lowpass filtering
has most significant effect on the signal reduced almost with no noise present
in the signal. In Figure 4.13, you can also see the correlation effect between the
extracted lowpass filtered time series signal (blue) which is same as shown in
Figure 4.12 (right) with experimental design (red). The correlation effect is max-
imum in the starting period of the experiment but as the experiment progresses
the responses are said to be not in accordance with the experimental design from
the primary visual cortex region.

The other IC component which is estimated from the same three slices pre-whitened
data using SICA analysis is shown here. This spatial activations correspond to
the hypothalamus region or very close to hypothalamus region are shown in Fig-
ure 4.14. A z-statistic image which is used is based on the component corresponds
to the hypothalamus region. Its corresponding time component and frequency



4.2 Sagittal 3 slices 53

Figure 4.9: Correlation effect between the experimental design (red) and ex-
tracted time series signal (blue). The time series here is same as shown in Fig-
ure 4.7 (right) extracted from the hypothalamus of pre-whitened whole brain func-
tional data

versus power spectrum plot is shown in Figure 4.15. In frequency spectrum plot,
the frequency content have low range as well as high range in values which means
that high amount of noise is also present with this time component when com-
pared with frequency plot as shown in previous Figure 4.11. High frequency con-
tent peaks representing noise are shown as dominating the task signal frequency
which is seen as small peaks in the lower frequency range of 10 − 30Hz.

In this component, with α < −0.01, only 77 voxels are declared as active but
only less activation voxels can be seen in hypothalamus region and rest of the
voxels are reflected as false positives outside of hypothalamus region. A nega-
tive significance level value is used because as you can also see in the Figure 4.5
that activations are with negative z-score values. Here, negative activations are
generated even from this type of data corresponding to hypothalamus region.

A threshold significance level of α < −0.015 is used to extract voxels which are
most likely to be closer to the hypothalmus region and its time series signal with
and without lowpass filtering is shown in Figure 4.16. As a comparison, most of
the high frequency noise content present in the signal is eliminated significantly
as shown in Figure 4.16 (right). In Figure 4.17, you can also see the correlation
effect between the extracted lowpass filtered time series signal (blue) which is
same as shown in Figure 4.16 with experimental design (red). The correlation
effect is moderate as you can see that the signal response is fluctating within the
activation period and after a certain time period for example at 1000 seconds
the signal response is oppositely correlated to the follow of time series signal in
according to the experimental design.
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Figure 4.10: Spatial activations corresponding to the visual cortex region with
significane level of threshold α > 0.01 is used. These activation results are esti-
mated from the sagittal 3 slices pre-whitened data using SICA analysis

Figure 4.11: Temporal component (left) estimated from the pre-whitened sagit-
tal 3 slices data corresponding to visual cortex spatial activations as shown in
Figure 4.10, and its power versus frequency distribution plot (right)

4.3 Sagittal 1 slice

The results obtained from the final type of data i.e.single slice data are shown
here. The results which are only said to be prominent are displayed here.

Until Figure 4.17, results displayed are obtained from the sagittal 3 slices data.
From Figure 4.18, results shown are chosen which are obtained from the single
slice data.

Tha spatial activations corresponding to visual cortex region are shown in Fig-
ure 4.18. These results are estimated from the pre-whitened data using a SICA
analysis. Here, activations with threshold significance level of α > 0.01 are over-
laid onto the antomical image. Its frequency spectrum and temporal component
are shown in Figure 4.19. In frequency versus power spectrum plot, most of
the frequency content has low range in values which means that most of the fre-
quency content is related to the task frequency where noise level is not present
along with this extracted time component.



4.3 Sagittal 1 slice 55

Figure 4.12: Time series signal extracted from the visual cortex region of activa-
tions of pre-whitened sagittal 3 slices functional data as shown in Figure 4.10.
Without lowpass filter (left) and Lowpass filtered signal (right)

With α > 0.01, 300 voxels are declared as active. To look for a cluster of most sig-
nificant voxels, α > 0.035 is used. These cluster of activated voxels after thresh-
old with α > 0.035 are from the primary visual cortex region same as with the vi-
sual cortex results estimated from the whole brain and sagittal 3 slices data. The
raw voxel time series signal extracted from the primary visual cortex is shown
in Figure 4.20. Also interesting to see is the comparison between time series sig-
nal with an effect of lowpass filtering (right) in the same Figure 4.20. The effect
of lowpass filtering has most significant effect on the signal reduced most of the
noise present in the signal. In Figure 4.21, you can also see the correlation effect
between the extracted lowpass filtered time series signal (blue) which is same
as shown in Figure 4.20 with experimental design (red). The correlation effect
is maximum which says that signals from primary visual cortex have significant
effect in according to the experimental design.

The other IC component which is estimated from the same single slice pre-whitened
data using SICA analysis is shown here. This spatial activations correspond to
the hypothalamus region or very close to hypothalamus region are shown in Fig-
ure 4.22. A z-statistic image which is used is based on the component corresponds
to the hypothalamus region. Its corresponding time component and frequency
versus power spectrum plot is shown in Figure 4.23. In frequency spectrum plot,
the frequency content have low range as well as high range in values which means
that high amount of noise is also with this time component when compared with
frequency plot as shown in previous Figure 4.19.

In this component, with α < −0.01, only 68 voxels are declared as active. A nega-
tive significance level value is used because as you also can see in the Figure 4.22
that activations are with negative z-score values.

A threshold significance level of α < −0.02 is used to extract voxels which are
most likely to be closer to the hypothalmus region and its time series signal with
and without lowpass filtering is shown in Figure 4.24. As a comparison, most of
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Figure 4.13: Correlation effect between the experimental design (red) and ex-
tracted time series signal (blue). The time series here is same as shown in Fig-
ure 4.12 extracted from the visual cortex of pre-whitened sagittal 3 slices func-
tional data

the high frequency noise content present in the signal is eliminated significantly
as shown in Figure 4.24 (right). In Figure 4.25, you can also see the correlation
effect between the extracted lowpass filtered time series signal (blue) which is
same as shown in Figure 4.24 with experimental design (red). The correlation ef-
fect is very less as you can see that the signal has more fluctating responses to the
follow of time series signal in according to the experimental design. At around
800 seconds there might be response which had effected by the task period.

4.4 Comparison of correlation percentage between
estimated time components which corresponds
to the spatial activations of ROI

Most of the temporal component with correlation percentage of greater than cut-
off value 0.4 are from the visual cortex region. There are also the situations where
the time components of negative correlation percentage of greater than −0.4 are
also within the visual cortex region. In case of hypothalamus region, correlation
percentage is very low and negative. For a comparison purpose, correlation per-
centage value = 0.8 correponding to visual cortex and value = −0.1 hypothalamus
region has been found after ICA extraction and correlation. The signals correla-
tions of two examples can be seen in Figure 4.26. The list of correlation values
can be seen in Table 4.1.
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Figure 4.14: Spatial activations corresponding to the hypothalamus region with
significane level of threshold α < −0.01 is used. These activation results are
estimated from the sagittal three slices pre-whitened data using SICA analysis

Data type Whole Brain Sagittal 3 slices Sagittal single slice data
[VC/Hypo] [VC/Hypo] [VC/Hypo]

Correlation strength 0.8/0.02 0.4/-0.1 0.7/-0.05

Table 4.1: Comparison between correlation strength according to two regions VC
and Hypo for each type of data. VC- Visual Cortex, Hypo - Hypothalamus

4.5 Comparison between z-score values used for
significant activations of ROI

As shown in Figure 3.12, histogram distribution of z-score values differs from two
regions which has significant impact on the number of activated voxels. The com-
parison between activated voxels and α value used according to two regions for
each type of data are shown in Table 4.2. As you can see in each data type, the
number of activated voxels coresponding to the hypothalamus are very less when
compared to visual cortex even for a same significane level for two regions. Also
important to mention that negative significance threshold level α is used for hy-
pothalamus since as mentioned in subsection 3.3 (Inference on z-statistic image for
significant activated regions) most of the activations are of negative z-score values
from that particular region.

As a conclusion, time series signals extracted from the visual cortex region has
clear waveform reflecting or following in according to the shape of BOLD signal
waveform whereas the signals estimated from hypothalamus region or close to
hypothalamus region has no clear reflect in shape of BOLD signal. This justifica-
tion is based on the fact that the task related neuronal stimulation effect is high
in visual cortex region than compared to regions close to hypothalamus.
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Figure 4.15: Temporal component (left) estimated from the pre-whitened sagit-
tal 3 slices data corresponding to hypothalamus spatial activations as shown in
Figure 4.14, and its power versus frequency distribution plot (right)

Figure 4.16: Time series signal extracted from the hypothalamus region of acti-
vations of pre-whitened sagittal 3 slices functional data as shown in Figure 4.14.
Without lowpass filter (left) and Lowpass filtered signal (right)
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Figure 4.17: Correlation effect between the experimental design (red) and ex-
tracted time series signal (blue). The time series signal here is same as shown in
Figure 4.16 (right) extracted from the hypothalamus of pre-whitened sagittal 3
slices functional data
Data type Whole Brain Sagittal 3 slices Single slice data

[VC/Hypo] [VC/Hypo] [VC/Hypo]
Active Voxels 1744/933 800/77 300/68
Significance level (α) > 0.01/< −0.01 > 0.01/< −0.01 > 0.01/< −0.01

Table 4.2: Comparison between activated voxels and α value used according to
two regions VC and Hypo for each type of data. VC- Visual Cortex, Hypo - Hy-
pothalamus

The noise level present along with the time series signals is very less which are
extracted from the visual cortex region. But, there is an enormous amount of
noise present in the signals which are extracted from within the hypothalamus
region or close to hypothalamus region. The noise level from the hypothalamus
signals are very high when compared to noise level from the visual cortex signals.
These noise levels are justified by looking at the frequency spectrum plots of the
temporal components corresponding to surrounding regions of hypothalamus.

The signal improvement is much better when applied a lowpass filtering onto the
signals which helps reduce maximum amount of high frequency noise present in
the signals.

The signal differences in terms of BOLD signal waveform or noise level between
two regions depend on many factors, it might be due to the physiological be-
haviour or responses to task stimulation, it might be due to the acquisition pro-
tocol such as voxel size, TR, etc. More details on this signal differences are dis-
cussed in Chapter 5.
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Figure 4.18: Spatial activations corresponding to the visual cortex region with
significane level of threshold α > 0.01 is used. These activation results are esti-
mated from pre-whitened sagittal single slice functional data using SICA analysis

Figure 4.19: Corresponding temporal component (left) estimated from the pre-
whitened sagittal single slice functional data corresponding to visual cortex spa-
tial activations as shown in Figure 4.18, and its power versus frequency distribu-
tion plot (right)
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Figure 4.20: Time series signals extracted from the visual cortex region which
are within the activations of pre-whitened sagittal single slice functional data as
shown in Figure 4.18. Without lowpass filter (left) and Lowpass filtered signal
(right)

Figure 4.21: Correlation effect between the experimental design (red) and ex-
tracted time series signal (blue) which is shown in Figure 4.20 (right) extracted
from the visual cortex of pre-whitened sagittal single slice functional data
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Figure 4.22: Spatial activations corresponding to the hypothalamus region with
significane level of threshold α < −0.01 is used. These activation results are esti-
mated from pre-whitened sagittal single slice functional data using SICA analysis

Figure 4.23: Corresponding temporal component (left) estimated from the pre-
whitened sagittal single slice functional data corresponding to hypothalamus spa-
tial activations as shown in Figure 4.22, and its power versus frequency distribu-
tion plot (right)
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Figure 4.24: Time series signals extracted from the hypothalamus which are
within the activations of pre-whitened sagittal single slice functional data as
shown in Figure 4.22. Without lowpass filter (left) and Lowpass filtered signal
(right)

Figure 4.25: Correlation effect between the experimental design (red) and ex-
tracted time series signal (blue). The time series signal here is same as shown
in Figure 4.24 (right) extracted from the hypothalamus of pre-whitened sagittal
single slice functional data
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Figure 4.26: A comparison of correlation percentage of visual cortex time signal
= 0.8 and 0.4 (left) and hypothalamus time signal = 0.02 and −0.1 (right). Blue-
Time series signals associated with spatial maps after SICA, Red-experimental
desgin matrix



5
Discussion

In previous Chapter 4, activations and extracted time series signals were dis-
played for both the visual cortex and the hypothalamus. We found a huge dif-
ferences in the neuronal stimulation between two regions and these differences
were also found with respect to each type of data. Therefore, interpretation on
these differences obtained are discussed in this Chapter. Evaluation of the block
design paradigm and differences in the analysis of the data with GLM and ICA
methods are discussed. Finally, the problems occured and solutions tried to get
rid of those problems which were occured while using data analysis packages,
SPM and FSL are also discussed here.

5.1 Interpretation of results

According to the results, we found a large differences in the time series signals
extracted from the ROI i.e. the hypothalamus and the visual cortex. These differ-
ences can be because of the physiological processing during a brief visual stimuli
or can also be sensitivity of its each individual region to scanner artifacts. Some
of the reasons are explored below.

The number of activated voxels and the correlation strength were found high for
the visual cortex. This can be due to the short type of (S)-Off and (S)-On opponent
cone sensitive cells present in the retina, which will have a significant signalling
pathway to the LGN (Valberg and Tigwell [1986]) and then to the visual cortex
V1 (Cottaris and De Valois [1998]). The other reason can be that the neurons
present in the cerebral cortex regions are high which then will have a high visual
stimulation processing during a light projections on the retina. The correlation
values between the time series response of the visual cortex with the experimental
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paradigm from each type of data are shown in Table 4.1. The visual cortex has its
less sensitivity to scanner susceptibility artifacts.

The number of activated voxels found were very less as listed in Table 4.2 and the
correlation strength was very low and negative for the hypothalamus as listed in
Table 4.1. The reasons can be the characteristics of the melanopsin photorecep-
tors present in the retinal ganglion cells which are sensitive to stimulate the hy-
pothalamus. The characteristics such as sluggish nature and a latency in the light
responses are present in the melanopsin photoreceptor when compared to cones
and rods photoreceptors which are sensitive to the visual cortex. The other im-
portant characteristic of melanopsin photoreceptor is its lower photosensitivity
and lower spatiotemporal resolution than cones or rods photoreceptors (Berson
[2003]) (Dacey and Gamlin [2005]). These characteristics will have influence in
the visual stimulation processing to the hypothalamus which can be seen clearly
in the time series responses extracted from this particular region. The time series
responses were having a delayed in the response with respect to time during a
brief visual stimulation.

These large differences found for the hypothalamus when compared with the vi-
sual cortex also have other specific reasons which are nothing but the hypotha-
lamus is very well influenced with the heart beat or other type of physiological
effects which will have its unwanted effect reflected in the time series responses.
Not only that, the hypothalamus also has its vulnerability to MRI susceptibility
artifacts arising from tissue inhomogenities located in surrounding regions (McK-
instry [1997]) (Wu [1997]).

5.2 Block Design

The evaluation of the experimental design depends on detection and estimation
power. The definitions to the detection and estimation power can be referred
to the Section 2.4. Both detection and estimation power are good corresponding
to the visual cortex but not as good when compared with corresponding to hy-
pothalamus with same level of detection and estimation power mechanism. The
differences found in these two factors also depends on the contrast level present
in the experimental design or intensity level present in the stimulus which is not
mentioned in the theory part of the Experimental design Section 2.4.

The data acquired using block based experimental design can have advantage
to apply lowpass filtering to help out removing high frequency noise present
in the time series signals. This lowpass filter cutoff value should be designed
in accordance to the design task frequency to preserve task related signals and
remove rest of the high frequency signals. With even related experimental design
data, lowpass filtering cannot be possible to apply because data can have task
signals even at high frequency and applying a lowpass filtering on this event data
data can remove task signals along with high frequency content. A special care
need to be taken to design a filter cut off value on the event related experimental
data.
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5.3 ICA

ICA is a statistical analysis approach which is said to be prominently used for
the analaysis of fMRI data. It is a type of data driven analysis which has its own
advantages to be used for fMRI data analysis. The ICA assumptions such as spa-
tially and temporally independency in the extracted components were thought
to be utilised in this case of study. We can explore spatial components which are
independent in the image volume space. For example, the visual cortex voxel
responses are independent from the hypothalamus voxel responses or from other
motion related voxels. Even though the voxels from ROI are dependent on the ex-
perimental paradigm, it was proved that there is a sluggishness in the time series
response observed from the SCN located in the hypothalamus (Ram L. P. Vimal.
and Harper [2009]). This sluggishness in the response will fulfill the spatially
independency assumption between ROI. Temporal independent components are
explored based on the time series responses which are independent in time. This
assumption is more valid in case of components extracting from the hypothala-
mus since there was a short latencies in the time series response observed from
the SCN located in the hypothalamus (Ram L. P. Vimal. and Harper [2009]),
which are temporally independent when compared to the time series responses
from the visual cortex which has no latency in the responses with the stimulation.

ICA is a type of analysis which has the capability to estimate components which
are interesting and uninteresting. Therefore, a manual intervention was neces-
sary in order to pick out components which were considered to be interesting.
This was done by coregistering and overlaying spatial maps onto the anatomi-
cal image and if activations were corresponding to the hypothalamus then those
time components were picked out for the display purpose. In one case, estimated
task related signals can be easily found by correlating with a simple BOLD signal
model, and signals with maximum correlation can be picked out. In other case,
for a transiently task related signal, it was hard to find the maximum correlation
with the BOLD signal model. In this particular case, a manual intervention was
very much necessary in order to judge for signals which were transiently task re-
lated because such cases might generally occur from other brain regions which
have minimum effect in the physiological responses during task experiment. For
example, hypothalamus temporal components have very less correlation effect
with experimental design and some of the correlation values from the hypothala-
mus region are listed in Table 4.1.

5.4 Problems

This discussion will be based on the pre-processing analysis on three types of
fMRI data using both SPM and FSL software packages. More specifically, we will
discuss some of the problems encountered during the motion correction and co-
registration of the image data.
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Motion Correction

Sagittal 3 slices

SPM has encountered with the problem while doing motion correction steps on
the sagittal three slices data. This problem was due to the less number of slices
contained within the volume i.e. only 3 slices as one volume. The three slices
data is still considered as 3D but the reduced number of slices were not well
coped with the software package which has trouble in doing motion correction
on this particular type of data.

Based on this problem, we emailed neuro scientist, John Ashburner who is in-
volved in the development of this SPM motion correction algorithm. He sug-
gested to check for orientation of the image volume and then reorient all the
volumes to be exactly transverse or axial. Based on his suggestion, it was not
possible to reorient scans or image volumes to be transverse since the data ac-
quired was in sagittal format which is said to be different orientation than axial
orientation.

Then, we have chosen for FSL package which has no problem in doing motion
correction on this particular data. FSL package has good estimation of motion
parameters in all 3 directions than compared to SPM. FSL analysis is based on
the criteria that data needs to have atleast 3 slices for a successful estimation of
motion correction.

Sagittal 1 slice

With this type of data, we had lot of dimensionality problems while doing motion
correction. This dimensionality problem will arise in most of the data analysis
packages since packages were designed for its capability to handle an automated
analysis based on six parameters (three translations and three rotations in three
directions i.e. x, y, z-direction). In this case, obviously data with less informa-
tion in the z-direction was not suitable for an estimation of six parameters in all
directions.

Based on this problem, we had tried number of solutions like we tried to alter
the matlab code of the SPM package motion correction algorithm from 3D rigid
body transformation to 2D rigid body transformation two translation in x and
y-direction and one rotation in z-direction. But, this solution does not seem to
be optimal in getting rid of this problem since lot of code functions need to be
changed which was not possible by us.

Then, based on its successful estimation of motion parameters on sagittal three
slices data, we have chosen for FSL to do motion correction on this sagittal sin-
gle slice data. But, 3D motion correction obviously failed with single slice data
(which is a 2D data). Here, in this case we adopted a 2D based 3 parameter model
motion correction from FSL which worked well in estimating the motion param-
eters.
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Co-registration

We will discuss some of the problems occured while co-registering and overlaying
of activation maps or functional images onto the anatomical image.

Sagittal 3 slices

The co-registration step using both SPM and FSL analysis packages failed with
sagittal three slices data. Using FSL, the co-registration is not said to be very accu-
rate in overlaying onto the anatomical origins. There was a slight mis-alignment
between the functional and anatomical images which are slightly shifted away
from the midline of the anatomical image. This was a huge problem with co-
registration step which will lead us to misinterpretation of final results.

Based on this problem, we had tried number of solutions like we tried to repeat
co-registration step by alternating between the combination of available num-
ber of cost functions and degrees of freedom (DOF) in FSL. Also, we tried a
multi-stage registration, which is nothing but by first aligning the three slices
functional data to whole brain functional data then used this transfomation ma-
trix to align with the anatomical image. This multi stage registration also failed
in accurately registering and overlaying images in according to the midline of
T1 weighted image. In order to get rid of this problem, we had opted for soft-
ware called Bio Image suite (Xenophon Papademetris and Staib. [2005]) which
showed accurate co-registration in according to the midline onto the anatomi-
cal origins. The methods developed in this software are based on this midslice
alignment problem. Nomalized mutual information (NMI) and Joint Entropy
(JE) cost functions with combination of Conjugate gradient optimization method
provided accurate overlaying results. In case of one voxel co-registration, JE has
shown robust registration results. This has been judged by checking with first
overlying on the functional whole brain image and taking a note of anatomical
locations visually and then checking with the same locations when overlaid onto
the anatomical image.

Sagittal 1 slice

With single slice data, similar co-registration problems are occured with both
SPM and FSL package as discussed in previous subsection for sagittal 3 slices.
Based on those problems, here we opted to use same software called Bio Image
suite (Xenophon Papademetris and Staib. [2005]) which also showed an accurate
co-registration in according to the midline onto the anatomical origins. The same
parameters such as cost functions and optimization methods are utilised here as
discussed in previous subsection in sagittal three slices data.
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Appendix

.1 Pre-processing of fMRI data analysis

.1.1 Installation requirements

1. MATLAB www.mathworks.com

2. SPM http://www.fil.ion.ucl.ac.uk/SPM which includes all sets of matlab func-
tions.

3. FSL http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/ which includes all sets of built-in C++
libraries.

Anatomical image

FSL C++ command line operations on antomical image as a pre-processing steps.

1. bet command usage: bet <input> <output> -t 0.5

<input> - name of input image

<output> - name of output image

t - threshold

2. fslroi command usage: fslroi <input> <output> <xmin> <xsize> <ymin>
<ysize> <zmin> <zsize>

<input> - name of input image

<output> - name of output image
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Whole Brain & Sagittal three slices data

FSL FEAT (web [e]) module for pre-processing of functional data. The following
are the sequential steps used,

1. fslreorient2std command usage: fslreorient2std <input_image> <output_image>

<input> - raw pre-whitened data

<output> - reoriented data

2. FEAT - is a type of built-in module which has most of the standard pre-
processing steps to be used for fMRI data. The pre-processing steps which
are chosen in this project are mentioned below,

MCFLIRT - default is a 3D Motion correction which is used for this
particular two types of reoriented data.

<input> - reoriented data

<output> - motion corrected data with motion estimation parame-
ters.

High pass

<input> - cut off value

<output> - filtered functional data

FILM FMRI Improved Linear Model used for Temporal Pre-whitening
of the input data. To get the pre-whitened data into out hand, a command
line operation should be done.

command usage: film_gls -rn <output directory name> -v -sa -ms 5 <input_data>
design.mat 1000.0

<input> - filtered functional data

<output> - pre-whitened data

Full model setup - BOLD model for whole brain and sagittal three
slices data

<input> - Repetition time in seconds, ON and OFF time periods in
seconds.

<output> - BOLD signal model saved as matlab file design.mat

Sagittal single slice data

To avoid default parameters by the FEAT analysis, we used command line execu-
tion for the pre-processing analysis of single slice data.

Except motion correction every steps are same as followed with the three slices
data.
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MCFLIRT - 2D Motion correction is used for this particular type of reori-
ented data.

command usage:mcflirt -in <input_data> -out <output_data> -2d -mats -plots -refvol
1 -rmsrel -rmsabs

<input> - reoriented data

<output> - motion corrected data with motion estimation parameters.

.2 Statistical analysis of fMRI data

All processing has been done in MATLAB. Most of the code was inspired from
ICA4SPM matlab toolbox (Troels Bjerre [2009]). First, SPM should be down-
loaded and installed in your directory. SPM functions are needed to read the
fMRI data and write the appropriate output files to again save back to the same
directory.

1. Load the functional pre-processed data using SPM functions spm_select
available in your current directory.

2. Reshape input pre-whitened data which is of 4D matrix to 2D matrix =
voxels of the image volume space, time series.

3. To generate a mask image of the pre-processed data for further processing.
The mask image can be generated by calculating the temporal variance of
each component and then picking up the time components which are sig-
nificantly greater than the mean of all temporal variances.

4. To center this mask image data by subtracting the mean from the data so
that data has unit variance.

5. PCA

Masked data is given as input to svd

<input> - Masked data

<output> - U matrix (Eigenvectors) and its corresponding eigen val-
ues are in V matrix and diagonal matrix S.

6. Eigen spectrum is plotted using the diagonal matrix S to pick out the com-
ponents which shows large amount of variability in the data.

7. fastICA - spatial ICA and temporal ICA with symmetry approach and non-
linearity function is tanh

<input> - PCA reduced data

<output> - Spatial components voxel indices of spatial maps or acti-
vations, Temporal components of each spatial component. Total number of
components estimated are 20 or more depends on the amount of variability.
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8. A simple correlation between normalized design matrix and each estimated
time component signal which is also normalized. Normalized response is
calculated by subtracting the mean value and then dividing the standard
deviation from each of its respective design matrix and time series signal.

9. Frequency spectrum of the task related signal is plotted using function
pwelch.

10. The method used to generate a z-statistic image is to convert the raw spatial
IC estimate to the z-score values. This can be done by dividing the raw spa-
tial IC component by the voxel-wise standard deviation of the noise. The
voxel-wise standard deviation of the noise is generated by taking the square
root of the sigma-squared image.

command usage: fslmaths <stats/sigmasquared.nii.gz> -sqrt <output_data>

sigmasquared image is picked from its respective directory which was
generated during FSL pre-processing analysis.

11. Co-registration is done using BioImage suite software www.bioimagesuite.org,
co-register and overlay z-statistic image onto the anatomical image. Both
positive and negative activations are displayed on anatomical image.

12. Inference on the z-statistic image is done by plotting the histogram bar
graph of the z-statistic image and based upon the histogram distribution
rejecting voxels for finding and overlaying significant active voxels on the
anatomical image.

13. ROI time series signals extraction by rejecting with more greater than value
close to end of the histogram tail distribution value.

14. Low pass filter on the extracted voxel time series signals which are found
after making inference on the z-statistic image.

command usage: fslmaths <input> -bptf <hPFcut off> <lowpass cutoff> <output
name>

<input> - saved activation maps image after making an inference, HPF
cutoff = -1 for low pass effect.

<output> - Low pass time series filtered data.
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