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Abstract 

As a non-invasive method, functional MRI (fMRI) has been widely used for 

human brain mapping. Although many applications have been done, there are still some 

critical issues associated with fMRI. 

Perfusion-weighted fMRI (PWI) with exogenous contrast agent suffered from the 

problems of recirculation, which could contaminate the cerebral blood flow (CBF) 

estimation and make its ability of prediction “tissue-at-risk” in debate. We propose a 

rapid and effective method that combines matched-filter-fitting (MFF) and ICA where 

ICA was used for regions with a prolonged TTP and MFF was utilized for the remaining 

areas.  The calculation of cerebral hemodynamics afterwards demonstrates that the 

proposed method may lead to a more accurate estimation of CBF. The extent to which 

CBF is reduced in relationship to normal values has been utilized as an indicator to 

discern ischemic injury.  However, despite the well known difference in CBF between 

gray and white matter, relatively little attention has been given as to how CBF may be 

differently altered in gray and white matter during ischemia due to the inability to 

accurately separate gray and white matter.  To this end, we propose a robust clustering 

method for automatic classification of perfusion compartments. The method is first to 

apply a robust principal component analysis to reduce dimension and then to use a 

mixture model of multivariate T distribution for clustering. Our results in ischemic 
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stroke patients at the hyperacute phase show the clear advantage over the conventional 

technique. 

BOLD fMRI, as a feasible and preferred method for developmental 

neuroimaging, is seldom conducted in pediatric subjects and therefore the information 

about brain functional development in the early age is somewhat lacking. To this end, 

this dissertation also focuses on how functional brain connectivity may be present in 

pediatric subjects in a sleeping condition. We propose a statistical method to delineate 

frequency-dependent brain connectivity among brain activation regions, and an 

automatic procedure combined with spatial ICA approach to determine the brain 

functional connectivity. Our results suggest that functional connectivity exists as young 

as two weeks old for both sensorimotor and visual cortices and that functional 

connectivity is highly age-dependent. 
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1. Introduction: Magnetic Resonance Imaging 

Magnetic resonance imaging (MRI) has been well recognized as one of the most 

powerful tools to diagnose a wide range of pathologic conditions throughout the entire 

body, such as cancer, heart and vascular diseases, stroke, functional disorders, and so on 

[1-9].  This section will outline the basic principles of MRI and several representative 

applications in the area of functional magnetic resonance imaging (fMRI). 

1.1 Nuclear Spins 

Similar to electrical charges and mass, spin, which comes in multiples of ½ and 

can be either positive or negative, is one of fundamental properties of nature.  Subatomic 

particles (electrons, protons and neutrons) possess spin, but most spins are paired 

against each other, and only individual unpaired electron, proton, or neutron possesses 

a spin of ½.  A nucleus with unpaired protons and/or neutrons will have an overall 

nuclear spin and its quantum number I equals to half of the total unpaired number. The 

spin states of the nucleus or the so-called magnetic quantum number are defined as 

m={I, (I-1), …,-I}                                                        (1.1) 

 and the corresponding energy is given by 

E mhf= −                                                              (1.2) 
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where Plank’s constant h=6.626×10-34 J∙s. A nuclear spin gives the nuclei an angular 

momentum and an associated magnetic moment 

2

Ihγ
µ

π
=                                                                (1.3) 

where γ is the gyromagnetic ratio and is different for different nucleus (γ=42.58 MHz/T 

for hydrogen). The induced magnetic moment interacts with its surroundings and is 

experimentally manipulated in the modern NMR experiments in order to provide MR 

signal. Due to its angular momentum, the nuclear spins process about the static 

magnetic field at the Larmor frequency 

f= 0B

2

γ
π

                                                                (1.4) 

where B0 is the strength of the static magnetic field. It should be noted that the frequency 

of precession is proportional to the magnetic field strength. 

The fact that fat and water contain many hydrogen atoms makes the human 

body, which primarily consists of fat and water, about 63% hydrogen atoms. It is the 

NMR signal from the hydrogen nuclei that MRI utilizes to produce images of in vivo 

tissue inside the body. We will focus on the hydrogen nuclei in the following discussion. 

The hydrogen atom (H1), which is abundant in the human body, has one 

unpaired proton and no unpaired neutron.  Therefore, the hydrogen proton has a 

quantum number (I) of ½ and two spin states m={½, -½} with energy E=-hf/2 and hf/2, 
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respectively.  If there is no applied magnetic field, magnetic moments of all spins are 

randomly oriented and do not form any coherent magnetization (Figure (a)). When an 

external magnetic field is applied, hydrogen spins tend to either align with (parallel) or 

opposite (antiparallel) to the field, i.e., at the states of low energy or high energy, as 

illustrated in Figure (b). The population distribution in the two energy states are 

determined by thermal energy and characterized by the Boltzmann statistics 

 

Figure 1. Randomly oriented spins without the presence of a magnetic field (a); 

Parallel (low energy) or anti-parallel (high energy) aligned spins (b), and the 

corresponding net magnetization (c) in the presence of a magnetic field. 

E

kT
N

e
N

∆
−

+

−

=                                                              (1.5) 

where N+ and N- denote the total number of spins in the high and low energy states, 

respectively. Boltzmann’s constant k is equal to 1.38×10-23 J/K; ∆E=hf  is the energy 

difference between the two spin states; and T is the temperature in Kelvin. It is not 
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surprising that the low energy state is slightly preferred than that of the high energy 

state, resulting in a net magnetization, which is proportional to the population difference 

between the two energy states (Figure (c)). The spin can transit between the two energy 

states by absorption or emission of energy (==hf ).   

1.2 Magnetic Resonance (MR) 

In the presence of a static magnetic field B0 which results in a net Magnetization 

M0, a small time-varying magnetic field (B1) with a frequency (RF) identical to the 

Larmor frequency can be applied to promote some of the spins that are originally in the 

low energy state to the high energy state.  If the RF field is switched off, the spins will 

return to the equilibrium condition.   

The process that the spins return to the equilibrium condition from their excited 

state is called relaxation. There are two major relaxation processes. The first one, called 

T1 or spin-lattice or longitudinal relaxation.  After the application of a 90º excitation 

pulse, the magnetization will return to its equilibrium condition, governing by the 

equation (Figure (a)) 

1/

0( ) (1 )
t T

zM t M e
−= −                                                       (1.6) 

or 
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Figure 2. T1 spin-lattice relaxation (a) and T2 spin-spin relaxation (b) 

1/

0( ) (1 2 )
t T

zM t M e
−= −                                                     (1.7) 

if the excitation pulse is 180º.  The T1 relaxation is due to the interaction between spins 

and their environment. M0 is the net magnetization at the thermal equilibrium state. If 

the time between two excitation pulses, referred as the repetition time (TR), is shorter 

than T1, the magnetization will only be partially restored prior to the next excititation, 

1/

0( ) (1 )
TR T

zM t M e
−= −                                                     (1.8) 
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As seen in Figure (a), the tissue with a short T1 (white matter) recoveries faster than of 

the gray matter which has a longer T1, leading to a higher signal for white matter than 

that of gray matter.    

The second process is called T2, spin-spin, or transverse relaxation. It is 

characterized by the decay of Mxy (transverse magnetization) to its initial value with the 

time constant T2 (Figure (b)), 

2/

0( ) t T

xy xyM t M e−=
.
                                                       (1.9) 

Because T2 varies for different biological tissues, it is imperative to choose a proper 

observation time, known as the echo time (TE), following the RF pulse.  In a T2-weighted 

image, tissues with a short T2 (white matter) look dark because their signals decay away 

faster than those with a longer T2 (gray matter) as shown in Figure (b). 

  Table 1 provides some typical values of T1, T2 and hydrogen density ρ for 

different kinds of brain tissues [11]. It is noted that the concentration of hydrogen 

changes according to different tissue types and the net magnetization M0 is proportional 

to its density value. Therefore, the NMR signal intensity, I, for a particular tissue is a 

function of T1, T2, ρ, TR, and TE as described by 
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Table 1. Typical T1, T2 and ρ values for brain tissues. *Based on r=111 for 

12mM aqueous NiCl2 

 

I 1 2/ /
(1 )

TR T TE T
e eρ − −∝ ⋅ − ⋅                                               (1.10) 

 

Up to now, we have not addressed how spatially resolved images are obtained 

using MRI.  As mentioned previously, the resonance frequency of the spins depends 

largely on the magnetic field spins experienced.  In other words, if a spatially dependent 

magnetic field is applied, spins at different locations will have a different resonance 

frequency.  This is exactly the approach utilized in MR imaging to obtain spatially 

resolved images.  By applying a magnetic field gradient across an object of interest, 
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different locations exhibit different resonance frequencies.  As a result, Fourier transform 

can thus be used to obtain spatially resolved images.   

 

1.3 Dynamic Susceptibility Contrast Perfusion-Weighted Imaging 
(DSC-PWI) 

1.3.1 Background of DSC-PWI 

PWI has been widely used as a means to reveal tissue perfusion information.   In 

the context of our work, PWI has been used to determine regions in the brain exhibiting 

hypoperfusion in acute stroke patients. According to the Internet Stroke Center, stroke is 

the third leading cause of death and the primary cause of serious, long-term disability in 

the United States. About 88% of all stroke patients are caused by an abrupt blockage of 

arteries to the brain, namely ischemic stroke. Currently, tPA, the only thrombolytic drug 

approved by FDA can be given either intravenously within 3 hours or intra-arterially 

between 3-6hrs from symptom onset in an attempt to break up clots and restore blood 

flow. However, it has been shown that administering tPA is associated with an 

increased risk of cerebral hemorrhage.   Therefore, it is imperative to determine whether 

stroke patients could actually benefit from the tPA prior to administering tPA.   

The clinical evaluation could be done with the help of imaging techniques. The 

ultimate goal is to identify the brain area with perfusion deficit but is still viable and 
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likely saved by therapeutic intervention. Both conventional CT and MR techniques are 

not sensitive to access the presence of acute ischemic stroke [14, 19-21]. There is minimal 

signal change in CT for the first 24 to 36 hours and 6 to 12 hours after symptom onset 

using conventional MR. In contrast, diffusion- (DWI) and perfusion-weighted imaging 

(PWI) are relatively new MRI techniques and have become important in the assessment 

of acute stroke patients. 

DWI, based on the measurement of water diffusion, can detect acute ischemic 

brain injury within minutes after stroke onset and PWI, highly sensitive to perfusion 

deficits, can identify regions with impaired perfusion. Typically, diffusion deficits 

indicate brain tissues with irreversible injury, while perfusion abnormality encompasses 

all of the tissues with reduced cerebral blood flow (CBF). If the area of perfusion 

abnormality is larger than that of diffusion abnormality, the mismatched area in Figure , 

has been postulated as the ischemic penumbra, indicating the region of salvageable 

brain tissues that can be restored if blood flow is re-established promptly.  While 

diffusion lesion could be easily defined on DWI images, the assessment of perfusion 

abnormality is more complicated, involving quantification of perfusion data to estimate 

cerebral hemodynamics. 
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Figure 3. DWI/PWI mismatch 

1.3.1.2 DSC-PWI technique 

Perfusion is defined as the delivery rate of oxygen and nutrition from blood to 

the capillary beds of a block of tissue in a unit time (milliliters of blood per 100g of tissue 

per minute). It is typically characterized by three important hemodynamic parameters: 

cerebral blood volume (CBV), cerebral blood flow (CBF), and mean transit time (MTT) 

[1-3]. Dynamic susceptibility contrast magnetic resonance imaging (DSC-MRI) is a 

rapidly evolving technique and has already been widely used in the study of tissue 

perfusion [4-9]. DSC-MRI utilizes a bolus of paramagnetic contrast agent (for example, 

Gd-DTPA) that is injected intravenously, leading to a marked signal decrease in *

2 2/T T -

weighted images.  Specifically, MR signal in a predefined region-of-interest is attenuated 
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when the bolus of contrast agent passes through and returns to normal afterwards. By 

acquiring a series of images every 1-2s prior to (Figure (a)), during (Figure (b)) and after 

(Figure (c)) the injection of a contrast agent using a T2*-weighted gradient echo 

sequence, signal-vs.-time curves (Figure (d)), which consists of baseline signal, the first 

passage and the recirculation of the contrast agent, can be obtained pixel by pixel. 

Relative concentration time courses are subsequently converted from signal-vs.-time MR 

signal intensity and finally used to estimate CBV, CBF and MTT with a perfusion 

quantification model. 
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Figure 4. DSC-MRI images prior to (a), during (b) and after (c) the injection of 

a contrast agent, and the corresponding MR signal-vs.-time curves, which consist of  

baseline signal, the first passage and the recirculation of the non-diffusable contrast 

agent, in normal hemisphere (blue curve in (d)), penumbra (magenta curve in (d)) and 

core (yellow curve in (d)) of lesion area, respectively. Note that almost no contrast 

agent enters the ischemic center due to the very low CBF of that area. 

There is a major assumption associated with this quantification model: the 

recirculation of the tracer is insignificant or eliminated. Several different approaches 

have been proposed to minimize the effects of recirculation, including the commonly 
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used gamma-variate fitting (GVF) [22-26] and the more recently proposed independent 

component analysis (ICA) [27]. While the GVF approach has been shown to work 

relatively well particularly for the normal brain regions, it suffers from two major 

limitations, including that it is time consuming (~2.5hrs for a typical study) and it may 

fail when the first passage and recirculation of the contrast agent are substantially 

overlapped i.e., in regions of compromised cerebral perfusion.  Wu et al have recently 

proposed an ICA approach to minimize the effects of recirculation [27].  With both 

Monte Carlo simulation and acute stroke patient studies, they demonstrated that the 

ICA approach is capable of effectively minimizing recirculation even when the first pass 

and recirculation are substantially overlapped.  Nevertheless, the computation time of 

the ICA approach remains long and impractical for routine clinical use (~2hrs).  In 

addition, how recirculation may impact on the estimates of cerebral hemodynamics, 

particularly CBF remains elusive. 

To this end, we propose a hybrid approach to minimize the effects of 

recirculation by combining a matched filter fitting (MFF) method and the ICA approach.  

Specifically, the MFF approach is used to minimize the effects of recirculation in the 

putative normal brain regions while the ICA approach is utilized for regions where an 

overlap between the first pass and recirculation is suspected.  The effectiveness of the 
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proposed hybrid approach is evaluated using DSC images obtained from acute stroke 

patients. 

1.3.1.3 Perfusion segmentation in DSC-PWI 

CBF lesions could potentially more effectively identify the final infarction than 

MTT and CBV [15, 28].  For example, it has been suggested that regions with CBF below 

10-12 ml/100g/min may represent irreversible injury. However, most of the studies to 

date have only focused on the whole brain analysis.  Given the fact that there are 

significant differences in CBF values between white (WM) and gray matter (GM) in both 

normal and ischemic areas [29, 30], the global measures of CBF may confound the ability 

of CBF to predict final tissue outcome.  In normal subjects, values of CBF in gray matter 

are around 40-60 ml/100g/min while those in white matter are about 20-25 ml/min/100g. 

These suggest that tissue-specific CBF thresholds could provide a more precise lesion 

map than one fix whole-brain threshold [31, 32]. 

Moreover, the extent to which CBF is reduced in relationship to the normal CBF 

values has been utilized as an indicator to discern ischemic injury.  However, despite the 

well known difference in CBF between gray and white matter, relatively little attention 

has been given as to how CBF may be differently altered in gray and white matter 

during ischemia.  The lack of attention is most likely attributed by the inability to 

accurately separate gray and white matter particularly during the hyperacute phase.  To 
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this end, a robust clustering method is proposed for automatic classification of perfusion 

compartments. The robust clustering method is first to apply a robust principal 

component analysis (PCA) to reduce data dimension and then to use a mixture model of 

multivariate T distribution to cluster those reduced data. We then develop an 

Expectation-Maximization (EM) algorithm to efficiently and reliably perform mixture 

decomposition of multivariate T distribution. 

1.3.2 BOLD-based functional connectivity MRI 

Another MRI technique investigated in this thesis is blood-oxygen-level-

dependent (BOLD) functional connectivity (fcMTI). Since its discovery, BOLD MRI has 

been widely employed as a powerful noninvasive tool to investigate brain function [33-

35]. Although BOLD has been a popular approach to access function connectivity, few 

studies have been conducted in the pediatric population, particularly in the very young 

age group (0-2 years) [36]. The lack of studies in this age group is not surprising since 

external sensory/cognitive inputs and the cooperation of the subjects to perform or sense 

the specific sensory/cognitive inputs are required for BOLD MRI which are clearly 

difficult for subjects in these age groups to comply. As a result, our understanding of the 

brain function in these age groups is relatively lacking. 

Unlike the conventional task-activation functional MRI, fcMRI has been used to 

obtain BOLD signals on subjects in a task-free or resting state. It has been reported that 
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fcMRI could detect cortical networks associated with motor, sensory and cognitive 

functions [17, 18, 37-39], even in the absence of a specifically cued task. These results 

suggest that the “resting” brain is never truly resting and a finite set of functionally 

related regions could be spatially located according to coherent brain activity. 

1.3.2.1 Cross-correlation analysis on pediatric subjects 

Biswal et al. [17] have observed the synchronization of low frequency BOLD 

signal (<0.08 Hz) in the brain. With rapid acquisition of a series of T2*–weighted images 

while subjects lie resting inside the MR scanner and the use of a low pass filter (cutoff 

frequency 0.08 Hz), the resulting signal in a specific cortical region exhibits a high 

temporal correlation with other brain regions that are functionally similar. For example, 

the low-pass-filtered ‘seed’ signal from one voxel or a small region of interest (ROI) 

whose spatial location were chosen from the primary motor cortex exhibits high 

temporal correlation at the motor cortex areas in both hemispheres in the absence of a 

prescribed cognitive task. Therefore, Biswal et al. suggested that the observed BOLD 

synchronization in functionally similar brain regions may represent cortical 

connectivity.  

Given the fact that fcMRI does not require subjects to follow specific instructions, 

and subjects are at a resting condition, this approach could be a powerful tool to 

delineate brain functional connectivity in young pediatric subjects.  To this end, we 
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focus on how functional brain connectivity may be present in very young pediatric 

subjects (0-2yrs) in a sleeping condition. Specifically, we aim to investigate the following 

two questions: 1) does cortical functional connectivity exist in healthy pediatric subjects 

between 0-2yrs old and 2) if so, how does cortical functional connectivity change as a 

function of age?  Our results suggest that functional connectivity exists as young as two 

weeks old for both sensorimotor and visual cortices and that functional connectivity is 

highly age-dependent. 

Furthermore, we propose a statistical method rather than Fourier transform to 

depict putative brain connectivity among brain activation regions. Fourier transform 

decomposes a time series into a sum of sinusoids of different frequencies and forms a 

spectrum of its frequency components. By definition, Fourier transform cannot provide 

any timing information at which each frequency occurs, while the wavelet transform, as 

a powerful analysis tool to represent a signal as a sum of wavelets with different 

locations in time and scales, could identify not only frequency components but also the 

times at which they take place [40]. Due to its multi-resolution nature, the wavelet 

transform has a growing usage to enhance the power of statistical analysis of biological 

data [41, 42]. In this study, a highly redundant wavelet analysis approach: maximal 

overlap discrete wavelet transform (MODWT) is used to separate fcMRI time courses 

into multiple frequency ranges and their coefficients in time for further correlation 
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analysis. A robust regression model is then used to analyze Fisher’s Z-transformed 

correlation coefficients data for each frequency. With the proposed statistical approach, 

we investigate the brain development in the early age and explore the estimation of 

frequency-dependent correlation matrices to characterize functional connectivity 

between sensory, motor and visual cortices in neonates (2-4 weeks), one and two years 

old children. 

1.3.2.2 Spatial independent component analysis on pediatric subjects 

Although it has been demonstrated that cross-correlation analysis (CCA) 

between between a seed signal and the whole brain on a voxel-by-voxel basis has been 

effective in delineating cortically connected regions, it suffers from two major 

shortcomings [43, 44]. First, the obtained functional connectivity maps show a high 

dependence on the selective of seed signals. Both the size and location of the chosen 

ROIs will affect the seed signals and, therefore, the outcomes of the resulting activation 

maps. Second, CCA is applied to each individual voxel independently and, thus, ignores 

the dependence between voxels. 

As an effective alternative to circumvent the problems of the CCA approach, 

independent component analysis (ICA) requires no predefined seed signals or prior 

knowledge about spatial/temporal patterns of brain activity and performs a blind source 

separation based on 2nd and higher order relations among voxels. The rationale for the 
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application of the spatial ICA (sICA) to fcMRI is based on two complementary principles 

of brain functional organization: localization and connectionism [45]. Localization states that 

each individual function, e.g. motor, is localized to a small set of specific brain areas 

while connectionism represents that the brain activity associated with a given task may be 

the functional integration of activity in multiple brain regions. By maximizing both the 

statistical independence and the non-Gaussianity of the source signals, spatial ICA can 

decompose fcMRI signals into various sources consisting of a unique time course of 

activation and corresponding 3D component maps. Each brain function may be 

represented by one or more resulting spatially-independent sources. 

Spatial ICA was first applied to fcMRI data analysis on anesthetized pediatric 

patients (5 to 12 years old) by Kiviniemi et al. [46] and then on normal adult subjects by 

van de Ven VG et al. [44] and Ma L et al. [43]. It has been reported in these studies that 

spatial ICA was able to identify functional connectivity in sensory and motor cortices, as 

well as in several parietal and frontal regions.  The frequency analysis of function-

related time courses showed a dominant peak at 0.03 Hz on anesthetized pediatric 

patients [46] and a prevailing frequency band within the extremely low range (0.01-0.05 

Hz) on normal adults [44]. Moreover, based on the overall performance and the 

robustness to structured noise reported by Ma L et al., spatial ICA appears to be 

superior to CCA [43].  
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In this thesis, spatial ICA approach is applied on BOLD fcMRI data to examine 

the spatial, frequency, and connectivity characteristics of specific functional related 

cortices in neonates (2-4wks), one-year and two-years old children. This is an original 

study of functional connectivity on brain development in the early age of pediatric 

subjects with MRI techniques. 

1.4 Main contributions 

My doctoral research focuses on the signal processing and post analysis in time 

series of functional magnetic resonance imaging (fMRI) for human brain mapping. Two 

types of fMRI data are studied. One is the perfusion-weighted fMRI (PWI) with 

exogenous contrast agent: dynamic susceptibility contrast magnetic resonance imaging 

(DSC-MRI), which is promising to identify “tissue at risk” for acute stroke patients.  The 

other is functional magnetic resonance imaging without exogenous contrast agent, based 

on blood oxygenation level dependent (BOLD) effect in functionally related brain 

regions, which is widely used for probing the functional connectivity of the human 

brain. 

Although many applications have been done, there are still some critical issues 

associated with fMRI. PWI with contrast agent suffered from the present of 

recirculation, which could contaminate the cerebral blood flow (CBF) estimation and 

compromises its ability of prediction “tissue-at-risk”. All of the existing approach cannot 
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minimize the recirculation quickly and correctly simultaneously.  In addition, it is still 

unclear how recirculation affects the CBF estimation and thus the capability of 

predicting the tissue outcome. Moreover, although some studies have demonstrated that 

it is not accurate to define lesion areas by setting one CBF threshold for the whole brain, 

and the tissue specific thresholds are preferred, approaches allowing separately 

analyzing different brain tissues are lacking.  

BOLD fMRI, as a feasible and preferred method for developmental 

neuroimaging, is rarely conducted in infants and toddlers subjects and therefore our 

understanding on brain functional development in the early age is somewhat lacking. In 

this doctoral research, there are four major contributions associated with time series of 

fMRI to address these issues. The overall organization of this dissertation is as follows.  

In Chapter 2, the perfusion quantification model for the assessment of cerebral 

hemodynamics is first presented and the major problem: minimizing the recirculation 

effects associated with the existing applications is discussed. A hybrid approach 

combining both MFF and ICA is proposed to rapidly and correctly remove the 

recirculation effects. The efficiency and effectiveness of the proposed method are 

examined using clinical cases. 

In Chapter 3, multiple clustering approaches for perfusion segmentation are 

described and evaluated. In order to correctly separate the WM and GM especially in 
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ischemic regions, a robust clustering method, which is less sensitive to high variance 

outlier profiles, is proposed. The performance is validated using synthetic data 

with/without outlier curves. Our results show a clear advantage of using the robust 

clustering method. Moreover, we apply our method to dynamic susceptibility contrast 

(DSC) MR perfusion data of ischemic stroke patients at the hyperacute phase and the 

results demonstrate its ability to separate gray and white matter in both pathological 

and non-pathological areas. 

In Chapter 4, we focus on the brain functional connectivity study in pediatric 

subjects. CCA approach is applied to address 1) whether or not cortical functional 

connectivity exits in young and healthy children at 2wks, 1yr and 2 yrs old and 2) if so, 

how does it depend on age?  Moreover, we propose a statistical method to delineate 

frequency-dependent brain connectivity among brain activation regions. To the best of 

our knowledge, this is the first study not only documenting the presence of cortical 

functional connectivity in very young healthy children, but also demonstrating how 

cortical functional connectivity increases in the developing brain. 

In Chapter 5, spatial ICA is applied to fcMRI data to separate multiple 

physiological and artifact-related signal sources. The cortical connectivity maps and the 

activation time courses corresponding to the two specific functions: sensorimotor and 
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visual are investigated in three age-groups: neonates (2-4 weeks), one and two years old 

children. 

In Chapter 6, we explore some extensions and discuss possible research arenas 

for future work. 
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2. Recirculation Minimization in DSC-PWI 

Minimizing recirculation in dynamic susceptibility contrast perfusion weighted 

imaging should lead to more accurate estimates of cerebral hemodynamics including 

cerebral blood flow (CBF), cerebral blood volume (CBV), and mean transit time (MTT).  

Gamma-variate fit (GVF) is a commonly employed approach to minimize recirculation 

but it is time-consuming and may fail in regions of diminished CBF. An independent 

component analysis (ICA) approach has been recently proposed to circumvent the 

difficulties of GVF, especially in areas with hypoperfusion.  While promising results 

have been shown with the ICA approach, computational time remains long (~2hrs), 

impractical for routine clinical use. In addition, the potential impacts of recirculation on 

CBF, CBV and MTT have not been evaluated.  We propose a rapid and effective method 

that combines a matched filter fitting (MFF) method and the ICA approach where ICA 

was used for regions with a prolonged arrival time for the contrast agent and MFF was 

utilized for the remaining areas in the brain.  Results obtained from acute stroke patients 

demonstrate that such a technique can effectively minimize recirculation for the entire 

brain with a much shorter computational time (~2.5 min).  The calculation of cerebral 

hemodynamics demonstrates that the proposed method may lead to a more accurate 

estimation of cerebral hemodynamics, and therefore a more accurate prediction of final 

infarction areas. 
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2.1 Introduction 

Cerebral perfusion is typically characterized by three important hemodynamic 

parameters: cerebral blood volume (CBV), cerebral blood flow (CBF), and mean transit 

time (MTT) [47, 48]. To obtain these parameters, the dynamic susceptibility contrast 

(DSC) perfusion weighted imaging (PWI) approach has been commonly employed [4, 

49-53] where a bolus of paramagnetic contrast agent (for example, Gd-DTPA) is injected 

intravenously and a time series of MR images are acquired.  The presence of a 

paramagnetic contrast agent results in a marked signal decrease in *

2 2/T T  images.  

Therefore, by monitoring MR signal changes as a function of time allows an estimate of 

cerebral hemodynamics.   

Typically, the signal-vs.-time curves in DSC images could be divided into several 

temporally separated segments, depending on the arrival and washout of the contrast 

agent.  These segments include the baseline signal, a marked reduced signal, a gradual 

recovery of signal, an additional signal reduction but at a much less extent than the first 

observed signal reduction, and, finally, a complete recovery of the signal. For the 

calculation of cerebral hemodynamics, the first three segments, normally referred to as 

the first pass, are typically employed while the remaining two segments, also known as 

recirculation, are normally disregarded/removed.  In cases when the first pass and 

recirculation are temporally well separated, recirculation removal is relatively 
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straightforward and can be accomplished either through an operator defined time point 

or the commonly used gamma-variate fitting (GVF) procedures [22-26].  In contrast, 

when cerebral hemodynamics is compromised such as in acute stroke patients, it is 

highly likely that the first pass substantially overlaps with recirculation [27], making it 

difficult to separate the two and leading to potentially inaccurate estimates of cerebral 

hemodynamics.  

Several different approaches have been proposed to minimize the effects of 

recirculation, including the commonly used GVF [22-26] and the more recently proposed 

independent component analysis (ICA) [27]. While the GVF approach has been shown to 

work relatively well particularly for the normal brain regions, it suffers from two major 

limitations, including that it is time consuming (~2.5hrs for a typical study) and it may 

fail when the first passage and recirculation of the contrast agent are substantially 

overlapped i.e., in regions of compromised cerebral perfusion [27].  Wu et al have 

recently proposed an ICA approach to minimize the effects of recirculation [27].  With 

both Monte Carlo simulation and acute stroke patient studies, they demonstrated that 

the ICA approach is capable of effectively minimizing recirculation even when the first 

pass and recirculation are substantially overlapped.  Nevertheless, the computation time 

of the ICA approach remains long and impractical for routine clinical use (~2hrs).  In 
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addition, how recirculation may impact on the estimates of cerebral hemodynamics, 

particularly CBF remains elusive. 

To this end, an effective approach capable of minimizing the effects of 

recirculation, independent of the presence or absence of ischemic lesions, and 

completing the entire data process procedures within a clinically acceptable time frame 

is highly desired.  In this study, we propose a hybrid approach to minimize the effects of 

recirculation.  This new approach combines a matched filter fitting (MFF) method and 

the ICA approach proposed by Wu et al [27].  Specifically, the MFF approach was used 

to minimize the effects of recirculation in the putative normal brain regions while the 

ICA approach was utilized for regions where an overlap between the first pass and 

recirculation was suspected.  The effectiveness of the proposed hybrid approach was 

evaluated using DSC images obtained from acute stroke patients. 

2.2 Data Acquisition 

Ten acute stroke patients recruited as part of the clinical trials for 

neuroprotective agents were studied. Informed consent was signed and obtained from 

all subjects prior to the imaging studies. Perfusion-weighted imaging was done on a 1.5T 

clinical MR scanner (Vision, Siemens Medical Systems Inc.). A bolus of contrast agent 

(0.1 mmol/kg Gd-DTPA) was injected at a rate of ~2 ml/s by hands after the completion 

of the 5th scan while patients lay still inside the magnet. The perfusion-weighted DSC 
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images were acquired using a single shot echo-planar imaging sequence and a total of 12 

slices were acquired.  This sequence was repeated 40 times prior to, during and after the 

injection of the contrast agent. Other imaging parameters included repetition time (TR) = 

2 sec, echo time (TE) = 47 msec, acquisition matrix = 128×128, field-of-view (FOV) = 

220×220 mm2, slice thickness (TH) = 6 mm, and inter-slice distance = 1.5 mm. 

T1-weighted images were also acquired at the acute stage. The MR imaging 

parameters for T1-weighted images were as follows: TR = 500 sec; TE = 12 msec; 

acquisition matrix = 256×256; FOV = 220×220 mm2; TH = 6 mm; and inter-slice distance = 

1.5 mm. There is also a T2-weighted images acquired at the one-month follow-up scan. 

The MR imaging parameters for T2-weighted images were as follows: TR = 4 sec; TE = 99 

msec; acquisition matrix = 256×256; FOV = 220×220 mm2; TH = 6 mm; and inter-slice 

distance = 1.5 mm.  

2.3 Perfusion Quantification Model 

The model used for perfusion quantification is based on the principles of tracer 

kinetics for intravascular paramagnetic contrast agent and relies on the assumption that 

the tracer remains within blood vessels due to an intact blood-brain barrier (BBB) [54-

57]. Briefly, the MR signal-vs.-time curves S(t) can be converted into concentration time 

curves C(t) according to  
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where S0 is the baseline MR signal and k is a proportionality constant [57]. The value of k 

depends on the tissue, contrast agent, field strength and the pulse sequence parameters, 

and is set to 1 ml/g here for the calculation of relative concentration. 

The quantification of cerebral hemodynamics is of great importance for the study 

of ischemic stroke and other physiological phenomenon. CBV (ml/100g) is the fraction of 

tissue volume occupied by blood within one voxel.  

( )

( )a

C t dt
CBV

C t dt
= ∫
∫                                                      (3.2) 

where the arterial input function (AIF), denoted by Ca(t) (100g/ml), is the concentration 

of the contrast agent in the supplying artery.  

( )rCBV C t dt= ∫                                                      (3.3) 

denotes the relative CBV. CBF (ml/100g/min) is the rate at which blood flows through 

the microvasculature of a region of tissue. 

( ) ( ) ( )aC t CBF C t R t= ⋅ ⊗
 

( )( ) ( )aC t CBF R t= ⊗ ⋅
                  (3.4) 

The function ( )CBF R t⋅  is known as the impulse response function, where R(t) is the 

residue function and refers to as the fraction of injected contrast agent that is still present 

in a region of tissue at time t following an ideal instantaneous unit bolus injection at 
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time t=0. By definition, R(0)=1 and therefore CBF is the value of the impulse response 

function at t=0. Transfer function is therefore defined as the negative derivative of R(t) as 

h(t)=-dR(t)/dt. 

MTT (min) is the mean transit time that the contrast agent spends while passing 

through a region of tissue and is equal to the ratio of CBV to CBF according to the 

central volume principle [58]. 

There is an important assumption for the use of this model regarding the 

relationship between MRI signal intensity, tracer concentration, residue function, CBV, 

CBF and MTT. It only considers the first passage of the contrast agent and assumes that 

the recirculation is negligible or eliminated. Violations of this underlying assumption 

will seriously affect the evaluation of cerebral hemodynamics and introduce large 

quantification errors. Thus it is very important to minimize the effects of recirculation 

prior to the estimation of cerebral hemodynamics. 

2.4 Methods to Minimize The Effects of Recirculation 

2.4.1 Gamma-variate Fitting (GVF) 

The approach proposed by Wu et al was employed for GVF. More detailed 

descriptions can be found in reference [27]. In short, a simplified logarithm formulation 

of the gamma-variate function (Equation 3.5) was taken which was then fitted by a 
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linear regression using the Levenberg-Marquardt method [59, 60].  The initial values for 

A, B and C (Equation 3.5) were estimated such that the maximum and turning points of 

the gamma function corresponded to the maximum and turning points of the 

concentration time curve. 
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2.4.2 Independent Component Analysis (ICA) 

Wu et al. [27] have recently proposed a temporal ICA approach to minimize 

recirculation effects by assuming that the concentration-time curves are a linear 

superposition of MR signals from arteries, veins, tissues, recirculation, noise and so on. 

More detailed descriptions of the ICA approach can be found in reference [27]; only 

steps pertaining to the current studies are given below. First, the temporal ICA was 

applied to each 5×5 region of interest (ROI) and this process was repeated throughout 

the entire brain. Second, independent components (IC) were considered as recirculation 

when the following criteria were met: a late arrival of the contrast agent; a small relative 

energy; and a large full-width-half-maximum (FWHM).  Third, all of the ICs with a late 

arrival time and whose relative energies were less than the relative energy of the 

identified recirculation components were regarded as noise components. Finally, the 
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first passage of contrast agent was reconstructed using all of the ICs with the exception 

of the recirculation and noise components. 

2.4.3 Matched Filter Fitting (MFF) 

Before going through the details of the MFF method, parameters pertaining to 

this approach are defined below. As shown in Figure , time-to-peak (TTP) denotes the 

time point when the concentration-time curve reaches its maximum. Time-to-arrival 

(TTA) represents the onset of the bolus by searching from TTP backward for two 

successive values which have a relative concentration value less than 10% of the 

maximum relative concentration value.  Left (LTP) and right (RTP) turning points of the 

concentration-time curve reflect the time points reaching the half maximum before and 

after TTP, respectively.  
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Figure 5. A representative example of the concentration time curve from an 

acute stroke patient is shown. 

The underlying concept of the MFF method stems from the recognition that the 

first bolus passage could potentially be represented by a gamma-variate function [22-26]. 

Therefore, a library consisting of possible gamma-variate curves could be established in 

such a way that one of the gamma-variate curves in the library can best represent the 

experimentally obtained concentration curve, C(t).  Since the concentration curves could 

vary from subject to subject, the library consisting of the gamma-variate curves was 
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separately defined for each subject.  Each library was obtained through the following 

three steps. First, mean TTP (TTPC), TTA (TTAC) and FWHM (FWHMC) of the whole 

brain were estimated for each subject, respectively.  Second, all of the possible values of 

B, C and t0 (Eq. [2]) were obtained if the following criteria were met: TTPC−FWHMC/2 < 

TTP < TTPC+FWHMC; TTP−FWHMC < LTP < TTP; TTP < RTP < TTP+FWHMC; and TTP-

FWHMC < TTA < LTP.  Parameter A was set to unity.  Finally, each gamma curve was 

calculated for each set of these parameters and then set its norm to unity.  

To enable MFF, C(t) was projected to the above calculated gamma curves in the 

base library and the gamma curve Cγ(t) with the maximum projection was regarded as 

the base of C(t), i.e. ( ) argmax ( ) ( )baseC t C t C tγ = 〈 ⋅ 〉 . The MFF of C(t) was finally obtained 

as 

( ) ( ) ( ) ( )MFFC t C t C t C tγ γ= ⋅ 〈 ⋅ 〉
                                            (3.6) 

It is immediately evident that the accuracy as well as the computation time of 

MFF depend on the selection of the time step to derive all of the possible values for B, C 

and t0 in Eq. [2]  (A was set to unity).  The smaller the time step is, the more accurate but 

longer computation time will be.  In order to quantitatively determine the interplay 

between the accuracy, computation time, and time step, time steps between 1/50 and 1/2 

of TR with an increment of 1/100 of TR (=2sec in our study) were investigated.  The root-

mean-square (RMS) errors referring to as the square root of the mean squared deviation 
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of the fitted curve from the experimentally obtained signal as a function of the time step 

were calculated.   

2.4.4 MFF+ICA Fitting 

The main thrust of the proposed approach is to minimize the effects of 

recirculation for the entire brain independent of the presence or absence of 

compromised cerebral hemodynamics and to complete the entire data process 

procedures within a clinically acceptable time frame.  To accomplish these two 

important goals, the MFF and ICA were utilized for each patient such that ICA was used 

in the lesion areas whereas MFF was applied in the remaining putative normal brain 

tissues.  In this study, the lesion area was delineated using the TTP maps (Figure ).  

Specifically, the mean and SD of the TTP of the left and right hemispheres of the brain 

were calculated, separately.  The hemisphere with a lower mean TTP was considered as 

the normal hemisphere. Subsequently, pixels with a TTP greater than mean+SD of the 

normal hemisphere and located in the contralateral hemisphere were defined as the 

abnormal regions (AR).  Finally, ICA was used to minimize recirculation in the AR areas 

while MFF was used for the remaining pixels, as illustrated in Figure (b). 
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Figure 6. A representative example of the TTP map is shown in (a).  With a 

TTP threshold of mean + SD of the normal hemisphere, the brain can be divided into 

two regions, the putative normal (gray, b) and the prolonged TTP (arrow, b) regions, 

respectively.   To minimize effects of recirculation, the ICA was employed for the 

prolonged TTP area (arrow) while the MFF was used for the putative normal region 

(gray, b). 

The major findings are 1) the MFF approach provides statistically comparable 

results when compared with that obtained using GVF but taking a much shorter 

processing time for the entire brain (<1 minute for MFF vs 2.5 hours for GVF).  2) The 

ICA approach is capable of minimizing recirculation in regions where compromised 

hemodynamics are anticipated whereas both the GVF and MFF fail, consistent with that 

reported by Wu et al [27].  3) The proposed hybrid approach, ICA+MFF, successfully 

minimizes the effects of recirculation for the entire brain within ~3min.  4) Finally, CBF 
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can be substantially under-estimated while both CBV and MTT can be over-estimated if 

the effects of recirculation are not effectively minimized. 

2.5 Comparisons of different methods of recirculation removal 

In order to determine the effectiveness of the proposed recirculation removal 

method when compared to the currently existing methods, the computation time for 

recirculation removal and the CBV, CBF, and MTT obtained from each method were 

obtained.  The CBF, CBV and MTT were calculated using the widely employed 

approaches as described by Ostergaard et al (4) and Wu et al [61] after recirculation was 

minimized.  The arterial input function was chosen from the middle cerebral artery 

(MCA) in the normal hemisphere. Singular value decomposition with a block-circulant 

deconvolution matrix was used to deconvolve the concentration curves with the selected 

arterial input function [61]. 

To further examine how recirculation will affect the estimates of cerebral 

hemodynamics in relation to the extent to which the first pass and recirculation is 

overlapped, the AR regions were further divided into three sub-regions based on the 

degree of hypoperfusion.  Specifically, the three regions were defined as: Reg 1 for 

mean+SD<TTP<mean+2×SD, Reg 2 for mean+2×SD<TTP<mean+3×SD, and Reg 3 for 

TTP>mean+3×SD, respectively, where the mean and SD corresponded to the mean and 

standard deviation of TTP in the normal hemisphere.   
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A paired t-test was employed to determine whether or not different approaches 

for recirculation removal resulted in statistical discrepancies for the calculation of 

cerebral hemodynamics.  A p<0.05 was considered statistical significance. 

All the algorithms described above were coded in Matlab (The Mathworks, 

Natick, MA) version 7.0.4 and executed on a Dell (Round Rock, Texas) GX270 with a 

Pentium 4 3.20GHz processor, 2GB of memory, and the Microsoft Windows XP 

Professional operating system (version 2002). 

2.5.1 Comparison of GVF and MFF for recirculation removal 

Figure  illustrates the average computation time (Figure (a)) and RMS errors 

(Figure (b)) as a function of the time step used to define the MFF base library.  Noted the 

computation time remains rather stable for all time steps >= 0.1xTR.  However, the 

computation time increases exponentially when the time steps < 0.1xTR.  In contrast, 

although the RMS using MFF is consistently lower than that of GVF for steps < 0.1xTR, 

the differences between the two approaches are minimal.  Nevertheless, the RMS 

increases approximately linearly with the time steps for steps > 0.1xTR using MFF.  

Based on the tradeoffs between the accuracy and the computation time, a time step of 

0.1xTR was chosen in our study to define the base library for all patients. 
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Figure 7. Computational time for MFF approach vs. time steps used to define 

the base library (a) and RMS errors between the fitted curves and the experimentally 

acquired concentration curves (b) for all patients. 

2.5.2 Comparisons of GVF, MFF and ICA for recirculation removal 

Figure  demonstrates the effectiveness of recirculation removal among the three 

different approaches, GVF, MFF and ICA.  A TTP map of an acute stroke patient is 

shown in Figure (a), delineating areas with prolonged TTP values (arrow).  The 

corresponding concentration curves before and after recirculation removal using the 
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three approaches are shown for the normal (Figure (b)) and the prolonged TTP ROIs 

Figure (c), respectively.  For the ROI with a normal TTP, the first passage and the 

recirculation of the contrast agent are temporally well separated (diamonds).  As a 

result, all three methods successfully minimize recirculation.  Moreover, the GVF (open 

circles) and MFF (crosses) achieve almost identical results although the GVF takes about 

2.5hr whereas MFF only needs less than 1 min to complete recirculation removal.  In 

contrast, for the prolonged TTP ROI (Figure (c)), both the GVF (open circles) and MFF 

(crosses) approaches fail to minimize the effects of recirculation and only the ICA is 

capable of minimizing recirculation.  These findings suggest that all three methods 

provide similar results in the normal brain regions, while the ICA is superior to the 

other two methods in minimizing recirculation in regions with a prolonged TTP. 
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Figure 8. A TTP map of an acute stroke patient is shown in (a) delineating an 

ischemic lesion with a prolonged TTP.  Two experimentally measured concentration 

curves from two ROIs, one for the normal and the other the prolonged TTP areas 

(arrow) are shown in (b) and (c) along with the concentration curves after recirculation 

is minimized using GVF, MFF, or ICA, respectively. 
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Table 2 summarizes the computation time for all patients using the GVF, ICA, 

MFF and the proposed MFF+ICA, respectively. The AR volume for all patients is 

66.75±25.13cc. Clearly, both the GVF and ICA are time-consuming procedures and take 

on average ~2 hours for each patient. In contrast, MFF is the fastest approach while the 

proposed MFF+ICA approach completes the recirculation removal process within 3 

minutes. 

Table 2. Computation times for different approaches 

GVF: gamma-variate fitting 

ICA: Independent component analysis 

MFF: Matched-filter fitting 

 

2.5.3 Effects of recirculation on the estimates of CBF, CBV, and MTT 

As shown in Figure , both the MFF and GVF approaches fail to effectively 

minimize recirculation in regions with a prolonged TTP, leading to potentially 

inaccurate estimates of cerebral hemodynamics.  Figure  compares CBV, CBF and MTT 

after minimizing recirculation using GVF, MFF and MFF+ICA, respectively.  It is evident 
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that GVF and MFF provide very similar results for the estimates of CBF, CBV, and MTT 

(the relative differences are smaller than 1% for all of the three parameters).  In addition, 

a higher MTT is observed using both GVF and MFF when compared with that obtained 

using the proposed hybrid approach.  The discrepancies in CBF and CBV among the 

three approaches appear to be less remarkable although the normalized relative 

difference maps between MFF and MFF+ICA approaches clearly demonstrate the 

differences in CBF and CBV in the lesion area (fourth column, MFF MFF ICA
H

MFF

H H

H
γ +−

=  

where H represents CBF, CBV, or MTT). 
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Figure 9. The comparisons of cerebral hemodynamics after minimizing the 

recirculation effects using three methods are shown: GVF (1st column), MFF (2nd 

column) and MFF+ICA (3rd column), respectively. The normalized relative 

differences  between the MFF and the MFF+ICA processes are provided in the fourth 

column. 

Table 3 summarizes how CBF, CBV, and MTT differ between the MFF and the 

proposed MFF+ICA in regions with a prolonged TTP.  Specifically, the prolonged TTP 

areas were divided into three sub-regions based on the criteria outlined in the Materials 

and Methods section. As expected, CBF, CBV and MTT reduce as TTP becomes longer 

independent of the approaches used to minimize recirculation.  In Reg 1, the proposed 
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MFF+ICA approach reveals a significantly higher CBF (p<0.0001), lower CBV (p<0.0001) 

and shorter MTT (p<0.0001) when compared with that obtained using the MFF 

approach. Similar findings are also observed in Reg 2 although the differences between 

the two approaches become smaller.  Finally, with the exception of MTT (p<0.007), the 

CBF and CBV are statistically identical between the two approaches in Reg 3.  The ratios 

of CBF, CBV and MTT between MFF+ICA and MFF for all three sub-regions are shown 

in Figure . 

Table 3. Comparisons of CBF, CBV, and MTT using MFF and MFF+ICA 

approaches for the three sub-regions within the prolonged TTP areas 

Reg 1: mean+SD < TTP < mean + 2SD 

Reg 2: mean+2SD < TTP < mean + 3SD 

Reg 3: mean+3SD < TTP 

a: p<0.0001 between the two approaches 

b:p<0.007 between the two approaches 
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Figure 10. The ratios of CBF, CBV and MTT of the proposed approach to that 

obtained using the MFF are shown for the three sub-regions of the prolonged TTP 

regions. 

2.5.4 Effects of recirculation on the prediction of infarction area 

Infarction areas were manually defined on one-month follow-up T2 images by a 

neurologist. ROC curves were used to evaluate the ability of CBF with different 

recirculation removal in predicting tissue outcome. Among all 10 patients, only 6 had 

the one-month follow-up scans and Figure 2 compare the ROCs using CBF maps with 
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and without recirculation removal. CBF with recirculation removal can improve its 

ability to predict final tissue infarction.  More importantly, the proposed approach for 

recirculation removal works better than the conventional GVF. 

 

Figure 21. ROC curves for CBF in predicting of tissue outcome 

Table 4 summarizes the area-under-curve (AUC) and standard deviation (SD) of 

lesion prediction using CBF maps in the presence of recirculation (recirc) and using GVF 

or MFF+ICA for recirculation removal, respectively.  It is evident that the poorest 
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(smallest AUC) results are obtained without recirculation removal.  While GVF 

improves the performance than that without recirculation removal, the new approach 

offers the best performance, indicating improved predictability of the final lesions. Table 

5 illustrates the improvements of AUC among different CBF maps in predicting of final 

infarction areas. The improvement of AUC among different CBFs was compared using a 

2-way ANOVA corrected for repeated measurement, while the estimated AUC was 

weighted by reverse of the corresponding SD. There is a significant improvement by 

minimizing the recirculation effects. Moreover, the newly developed approach, 

MFF+ICA, significantly improves the capability of predicting the final infarction in 

contrast to the conventional GVF method. 
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Table 4. Area under curve (AUC) and its standard deviation (SD) for CBF in 

predicting of tissue outcome. 

 



 

 

50

Table 5. Improvement of area under curve (AUC) among different CBFs in 

predicting of tissue outcome. 

 

2.6 Discussion 

A variety of studies with experimental animals have delineated quantitative 

changes in CBF and metabolism during and after transient focal ischemia.  With middle 

cerebral artery (MCA) occlusion, brain tissues with CBF below 20 ml/100g/min 

demonstrate slowing of electrical activity and the appearance neurological deficits. 

Furthermore, brain regions with a CBF below 10-12 ml/100g/min exhibit loss of cell 
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membrane integrity manifested by K+ efflux and Ca2+ influx into cells, suggesting 

irreversible injury [62-72].  These studies suggest a potential relation between CBF 

values and physiological alterations.  In addition, it has been implicated that tissues with 

CBF values within these two critical threshold values might be viable but nonfunctional, 

and this theoretical region has been known as the ischemic penumbra [73].  With these 

results, it is not surprising that many studies have utilized CBF to potentially access the 

extent of ischemic injury and identify regions of ischemia penumbra [74, 75].  However, 

one of the prerequisites for the utilization of CBF to provide insights into tissue injury is 

an accurate measure of CBF. 

The accuracy of PET measured CBF has been well documented and PET CBF is 

considered as the gold standard for in vivo studies.  However, an onsite cyclotron is 

required and the half-life of 15H2O is relatively short.  As a result, the utilization of PET 

for delineating ischemic tissues in a routine clinical set up has been substantially limited 

to only major medical centers.  In contrast, MR is widely available and can provide 

measures of CBF using either the DSC [47, 48] or the arterial spin labeling [76-78] 

approaches although improving the accuracy of MR measured CBF remains to be an 

active research direction.  In the context of our study, we will focus our discussion on 

the DSC approach below. 
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Several different approaches have been proposed to further improve the 

accuracy of MR measured CBF using DSC.  These studies include the choices of the 

arterial input function [79, 80], the utilization of SVD [50-52, 81] and cSVD [61] 

approaches, the minimization of large vessel effects [82], the utilization of frequency 

domain modeling of the residue function [83], and the derivation of a correction factor to 

minimize CBF variability resulted from inconsistent cardiac output [84].  While 

encouraging results on improving the accuracy of CBF estimates have been 

demonstrated using the above mentioned approaches, relatively little attention has been 

given as to how recirculation may contribute to errors for the estimates of CBF.  In 

particular, regions with hypoperfusion are most likely to exhibit a substantial overlap 

between the first passage and recirculation of contrast agent, making it difficult to 

effectively minimize recirculation using the commonly employed GVF (Fig. 4) and 

leading to inaccurate estimates of CBF.  Yet the status of CBF in these regions is perhaps 

the most clinically relevant since these regions encompass both ischemic core and 

penumbra.   While the ICA approach proposed by Wu et al [27] is able to successfully 

minimize recirculation, how cerebral hemodynamics differ between the ICA and GVF 

have not been systematically evaluated. 

Although comparable estimates of cerebral hemodynamics are observed in the 

putative normal areas for all approaches evaluated, substantial differences are observed 
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between the proposed hybrid and the MFF approaches (similar to the GVF approach) in 

regions with a prolonged TTP; the hybrid approach provides a significantly higher CBF 

than that obtained using the MFF (Table 2).  In addition, the extent to which cerebral 

hemodynamics differ between the two approaches appears to depend on the TTP.  This 

finding is perhaps not surprising since regions with a prolonged TTP are likely to suffer 

from overlapped first pass and recirculation.  As a result, GVF and MFF will fail to 

delineate first pass from recirculation, leading to inaccurate estimates of cerebral 

hemodynamics.   In the peri-lesion area (Reg 1), the proposed hybrid approach exhibits a 

CBF value which is 1.39 times higher than that using the MFF approach (Fig. 6).  This 

finding could have profound clinical implications.  For example, a region with a CBF 

value of 18 ml/min/100gm could be incorrectly interpreted as ~13ml/min/100gm when 

recirculation is not correctly minimized.  The former CBF indicates that tissue may still 

be viable while the latter value may suggest the presence of ischemic core [62-72].   

Although the differences between the two approach are somewhat reduced in Reg 2 (a 

factor of 1.28), the proposed approach remains to provide a significantly higher CBF 

when compared with that obtained using MFF.   Although the CBF differences in Reg 3 

between the two approaches do not reach statistical significance, one should be cautious 

in interpreting this finding.  Specifically, given the diminished blood supply to the Reg 

3, it will result in minimal MR signal changes, leading to potentially a poor signal-to-
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noise ratio (SNR) for the estimates of CBF.  Therefore, additional studies may be needed 

to further investigate how recirculation may impact on the estimates of CBF when the 

SNR is poor. 

In contrast to CBF, the proposed hybrid approach results in a significantly 

shorter MTT in all three sub-regions in the AR areas while a significantly lower CBV in 

Reg 1 and 2 but a comparable CBV in Reg 3 when compared with that obtained using 

the MFF approach.  These results are not surprising since the inability of minimizing 

recirculation using the MFF approach will most likely result in an overestimation of the 

areas of the concentration curves, leading to an elevated CBV and MTT.  Note that the 

CBV values appear to be higher (Table 3) than the reported results in the literature.  The 

potential partial volume associated with the choice of the arterial input function and the 

large vessel effects are most likely to explain the observed higher CBV values. 

Consistent with the results reported by Wu et al [27], the GVF approach is as 

effective as the ICA approach in minimizing the effects of recirculation in normal tissues.  

Therefore, it seems to be logical to only employ the ICA approach for regions where a 

substantial overlap between the first pass and recirculation is anticipated whereas a 

different approach capable of minimizing recirculation with a much shorter period of 

time and providing similar results to that using GVF can be used for the remaining 

regions in the brain.  In this study, we propose to replace the conventional GVF with the 
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MFF approach for recirculation removal of the normal brain tissues.  MFF is a classical 

method for pattern detection which can be used to obtain the best-matched 

representation between the experimentally measured concentration curves and a 

carefully predefined series of gamma-variation functions.  As shown in Table 2, the MFF 

approach on average takes less than one  minute to complete the recirculation removal 

procedures for a time step = 0.1xTR.  It is evident that the computation time will increase 

when a smaller time step is used.  As shown in Figure , a marked increase in the 

computation time is observed for time steps < 0.1xTR.  However, despite the substantial 

increase in computation time for time steps < 0.1xTR, the RMS remains small and stable.  

Conversely, a noticeable increase of RMS is observed for time steps > 0.1xTR.  Therefore, 

a time step of 0.1xTR was used for all of the patient studies which represent the best 

tradeoff between the fitting accuracy and computation time. 

With the proposed hybrid approach – ICA for regions with a prolonged TTP and 

MFF for the remaining brain tissues, the total computation time for recirculation 

removal is < 3min, well applicable even for acute stroke patient studies.  Although the 

TTP values were employed as a means to decide either MFF or ICA for recirculation 

removal, other parameters such as the arrival time of the contrast agent or the mean 

transit time should be equally effective.  In particular, a rather conservative TTP 

threshold value (mean + SD of the putative normal hemisphere) was chosen to separate 
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the TTP lesion from the putative normal brain tissues.  Therefore, although was not 

investigated, we do not foresee that different methods for defining abnormal regions 

will affect the overall results. 

In summary, we have demonstrated the importance of minimizing the effects of 

recirculation in predicting tissue outcome using CBF in ischemic stroke patients.  The 

newly developed approach, MFF+ICA, significantly improves the capability of 

predicting the final infarction.  Since the overall process time for the newly developed 

approach only takes about 2.5mins, this application is readily applicable in a routine 

clinical set up. 
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3. Robust Hemodynamic Segmentation in DSC-PWI 

As mentioned in the previous chapter, the extent to which cerebral blood flow 

(CBF) is reduced in relationship to the normal CBF values has been utilized as an 

indicator to discern ischemic injury.  However, despite the well known difference in CBF 

between gray and white matter, relatively little attention has been given as to how CBF 

may be differently altered in gray and white matter during ischemia.  The lack of 

attention is most likely attributed by the inability to accurately separate gray and white 

matter particularly during the hyperacute phase.  To this end, it is critical to accurate 

segment DSC-MR images into different tissue types, especially gray matter (GM), white 

matter (WM) and cerebrospinal fluid (CSF), based on similar bolus transit profiles prior 

to the analysis of cerebral perfusion and the evaluation of cerebrovascular diseases, 

particularly during the hyperacute phase. In this chapter, we propose a robust clustering 

method for automatic classification of perfusion compartments. 

3.1 Introduction 

Although MR images including perfusion data have two distinct features: a small 

number of classes (tissues) and high contrast between different tissues [85, 86], MR images are 

always corrupted by many factors, such as electronic noise, field inhomogeneity and 

partial volume effect.  In the context of perfusion-weighted images, in addition to the 
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poor spatial resolution, the expected signal changes in regions of ischemia after the 

injection of a contrast agent are likely to be minimal.  As a result, automated 

segmentation of gray and white matter of perfusion-weighted images has been 

challenging.  In this chapter, a robust cluster algorithm is proposed for segmenting GM 

and WM in both normal and abnormal areas on the basis of the differences in their 

temporal dynamics in perfusion weighted images. 

A few methods have been proposed for brain perfusion segmentation.  One of 

the commonly used approaches for classifying signal-vs.-time curves of perfusion data is 

based on the similarity mapping [87, 88]. One or multiple pixels of the tissue of interest 

are manually selected first, and the reference signal refers to as the averaged temporal 

profile [87] or modeled by autoregressive moving average (ARMA) modeling method 

[88].  A similarity map is then estimated by a measure of distance between perfusion 

curves and the reference signal.  Pixels with higher values on such a map reflect high 

temporal correlations with the reference function.  Finally, image segmentation for the 

specific tissue of interest is accomplished by thresholding from the histogram of the 

similarity map. Although this approach is easy to implement, it has two limitations. 

First, the user input is mandatory to obtain the representative of the tissue of interest, 

inducing potential biases.  Second, only a single tissue pattern can be extracted for each 
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similarity map and multiple similarity maps are required for multiple tissue 

segmentation.  Together, this technique may be subjective and cumbersome. 

Martel et al., applied a factor analysis of dynamic studies (FADS).  This approach 

is based on the principle component analysis (PCA) to segment the arterial and venous 

structures [89].  Their results, however, revealed that only the first two factor images are 

dominated by arterial and venous structures, while the other factors cannot be 

consistently identified. 

Kao et al., proposed to combine independent component analysis (ICA), 

thresholding, and Bayesian estimation (ICA-TBE) techniques to segment perfusion 

images into five major tissue types: choroids plexus, artery, vein and sinus (VS), GM, 

and WM [90].  Unfortunately, even in normal subjects, two or three tissue types tended 

to mix together in one independent-component image, and the final segmentation result 

showed the overestimates of artery and venous areas. 

Recently, Wu et al., utilized the expectation-maximization (EM) algorithm with a 

finite mixture of multivariate Gaussians (MoMG) for classification of spatiotemporal 

hemodynamics[91].  The principal components analysis (PCA) was used to reduce the 

data dimension and therefore facilitated the subsequent EM estimation. The robustness, 

accuracy, and sensitivity of this method was assessed using the Monte Carlo 

simulations.  The results suggested that the EM-MoMG performed well when tissue 



 

 

60

types were less than nine and signal to noise ratio (SNR) was higher than 40.  In 

addition, convincing results were provided in normal volunteers.  However, it had 

difficulties to segment brain perfusion correctly in the presence of ischemic lesion.  One 

of the plausible explanations for the lack of success in stroke patients may be that the 

classical PCA and Gaussian mixture models are unreliable if outliers (ischemic stroke 

areas) exist.   To this end, we propose a robust clustering method to differentiate not 

only major tissue types but also pathological and non-pathological areas in DSC-MRI. 

Because the dimension of perfusion images is usually much larger than the number of 

preferred tissue types, a robust PCA, combining both projection pursuit technique and 

robust covariance estimation, is applied to not only reduce the data dimension but also 

facilitate the detection of the outliers or abnormalities before classification [96-101]. 

Subsequently, a mixture of multivariate T distribution is employed for tissue 

classification.  The number of tissue classes is determined by minimizing the 

information criterion of the minimum description length (MDL) [102], reflecting a 

tradeoff between the goodness-of-fit and the complexity of the model.  The model 

parameters are estimated using the EM algorithm to maximize the posterior 

probabilities. The T distribution is often used as an alternative to the normal distribution 

for experimental results which typically exhibit heavier tails than the normal 

distribution and provide a parametric approach to robust statistics [54, 103, 104]. Once 
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all of the tissues of interest are labeled, instead of visually examining the segmented 

images so as to determine the corresponding tissue types (CSF, normal/abnormal GM or 

WM), the temporal characteristics of the corresponding concentration curves of each 

class are utilized to delineate different tissue types.  The proposed approach was applied 

to DSC-MRI perfusion data of ischemic stroke patients at the hyperacute phase. 

3.2 Robust Approach for Hemodynamic Segmentation 

3.2.1 Preprocessing 

In order to minimize any confounds from the background noise, the brain 

regions were first isolated from the noisy background as well as the areas associated 

with the skull, scalp, and eyeballs by the following three steps. First, we averaged the 

first 5 images before the injection of a contrast agent serving as the baseline image. A 

threshold was set as the full-width-tenth-maximum of the signal intensity of the baseline 

image.  Pixels with signal intensity less than this threshold value were assigned to zero 

while the remaining pixels were assigned to 1.  Second, an erosion operation [105, 106] 

with a 3×3 structuring element was applied to the resultant binary mask in order to 

remove all the pixels related to the skull and scalp as well as to separate the eyeball 

areas from the brain using an image labeling approach [107]. The isolated pixels were 

then set to zero.  Third, a flood-fill operation [108] was used to fill holes in the brain 
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region.  In so doing, a brain mask can be effectively extracted and only the pixels in the 

brain region were subjected to subsequent processes. 

3.2.2 Robust Principal Component Analysis (ROBPCA) 

Principal component analysis (PCA) performs an orthogonal linear 

transformation that maps the data to a new coordinate system spanned by the 

eigenvectors of the covariance matrix.  Therefore, the projection on the first coordinate 

shows the greatest variance, the second coordinate shows the second greatest variance, 

and so on [109, 110]. PCA can be used for data reduction by projecting the data onto 

only selected subsets of the first few principal coordinates while retaining the 

characteristics of the data set that contributes to most of its variance.  Since PCA is 

primary for dimension reduction, it is often the first step for the analysis of high-

dimensional data, followed by the discriminant analysis, cluster analysis, or other 

multivariate techniques.  However, classical PCA is based on the eigenvectors of the 

empirical covariance matrix which is highly sensitive to anomalous observations.  As a 

result, the principal components are often attracted towards outliers and cannot 

correctly capture the variation of the regular observations. 

Instead of using classic PAC, we propose to employ the robust PCA methods, 

which are much less sensitive to outliers, obtaining reliable principal components and 

reducing data dimensions.  In particular, we have implemented the ROBPCA approach, 
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describing in details by Hubert et al. [101].  The ROBPCA combines the `projection 

pursuit’ methods to initially reduce data dimensions and the `robust scatter matrix 

estimation’ to obtain robust principal components from the lower-dimensional 

subspace. The Matlab (The MathWorks, Natick, MA, UCA) program robpca and 

auxiliary functions provided in LIBRA: A Matlab Library for Robust Analysis by 

Verboven and Hubert. LIBRA is available at the website: 

http://wis.kuleuven.be/stat/robust/LIBRA.html. 

Assuming the MR perfusion data for each subject can be written as an m×N 

matrix, where N is the number of pixels in the extracted brain mask, and m is the 

number of temporal observations.  In the context of our study, m was typical equal to 40, 

corresponding 40 time point images.  The ROBPCA approach was employed to reduce 

the perfusion data to a 10×N matrix.  The 10 principal components were chosen since the 

number of desired tissue types is less than 10 and the sum of the first 10 eigenvalues 

retains over 90% of the data variance. The dimension reduction from 40 to 10 

dramatically reduces the model complexity in fitting the mixture of T distributions. 

Moreover,   ROBPCA is not only capable of generating more reliable principal 

components in  contaminated datasets (containing outliers), but also allowing the 

detection of these outlying observations [99-101]. Figure 3 compares the score plots for 

the first two principal components using classical PCA and ROBPCA, respectively. 
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Different tissue types are segmented using the proposed approach and are represented 

with different colors.  It is evident that the ROBPCA yields more robust estimates than 

that using the conventional approach when the abnormal areas behave like outliers. 

Different tissue types in Figure 3(b) using robust principal components are more 

clustered together and should be better separated than those in Figure 3(a). 

 

Figure 32. The score plots for 1st and 2nd principal components of perfusion 

dataset using (a) classical PCA, and (b) robust PCA 

3.2.3 Tissue Segmentation with the mixture model of multivariate T 
distributions 

 

The tissue segmentation was carried out using unsupervised Bayes classifier 

with a mixture model of multivariate T distribution 
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where 1( ) ( )Tδ µ µ−= − ∑ −x x  (see Appendix A for more descriptions) and υ is the 

degree of freedom which parameterizes the ‘robustness’ of the distribution, i.e. how 

wide the tails are. These model parameters were calculated using the EM algorithm. The 

EM algorithm consists of two alternating iterative steps: the E-step and M-step (refer to 

Appendix B for details). In E step, the membership zij and weight uij of each data point yi 

with respect to the jth component were updated using the conditional expectation based 

on the model parameters estimated in the previous (k-1)th iteration. The M-step was 

used to estimate the model parameters: proportions π, component means μ and 

covariance Σ  using: 
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The estimates of these three groups of parameters are rather straightforward 

since all of them are in a close mathematical form. However, the estimation of the 

degree-of-freedom, υ, which adjusts the tail shape of the T distribution, is a solution of 

the following implicit nonlinear equation 
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Solving this nonlinear equation for all tissue types in each iteration typically 

involved a one-dimensional search, resulting in a significant computation overhead to 

the EM algorithm. Moreover, practical problems for solving a nonlinear equation 

include not only computation but also convergence. Lange et al. [111] and de Ridder 

[112] suggested to fix ν prior to EM.  In the context of our work, multivariate T 
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distribution was used to replace the multivariate Gaussians due to its tunable tails by 

varying ν.  Therefore, using a predefined ν may lose the advantages of using the 

multivariate T distribution.  Shoham et al. [113] proposed an empirical approximation to 

provide a fast approximation to the solution (|υ-υ*|<.03,  evaluated using simulated 

data with 5<υ<50): 

* 2 2.1971
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y y y y
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where y is an auxiliary variable as 
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However, the accuracy of this empirical approximation was substantially compromised 

when experimental data such as MR perfusion-weighted images, was employed. In 

addition, the utilization of an empirically determined parameter weakens the advantage 

of using the superior statistical model. In this work, we propose the following strategy 

to solve this nonlinear equation rapidly and effectively. First, instead of solving a 

nonlinear function ( ) log
2 2

f
υ υ

υ ψ    = − +   
   

=c, where c is a constant combining all of 

the items which are not related to the variate υ in Equation B8, we tried to solve a more 
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linear function ( )( ) exp( )f τ ψ τ τ= − + =c by setting υ=2exp(τ). Second, rather than 

randomly selecting an initial value, we set up a τ -f(τ) table beforehand, where τ were 

integers from 2 to 500, and the initial value was searched in the table in order to make 

f(τ) closest to the constant c. The first two steps also helped not to converge to local 

minimums. Lastly, a least squares search with the carefully selected initial value was 

used to estimate τ and thus υ. 

So far, we have discussed in details regarding tissue classification of perfusion 

data using the EM estimation with finite mixture of multivariate T distributions.  The 

number of tissue classes g needs to be determined.  To this end, we seek an optimal g by 

minimizing the information criterion of the minimum description length (MDL) [102]: 
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where J=g(t2+3t+4)/2-1 (Equation B1). The first item is the log-likelihood of the perfusion 

dataset with the estimated parameters by the EM algorithm and represents the 

goodness-of-fit of the model.  The second term is the logarithm of the total parameters 

and denotes the model complexity. Therefore, the optimal number is a balance of these 

two terms so that the mixed model can accurately describe the data while keeping it as 

simple as possible. 
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3.2.4 Procedures 

Preprocessing and dimension reduction: Separate the brain from background 

noise by removing the areas associated with the skull, scalp and eyeballs. Transform all 

the perfusion data (40×N) to a small subpace (10×N) via ROBPCA. 

Initialization: A k-means clustering approach was used to roughly segment the 

whole ROBPCA subspace into N classes (N=5 in this work). Model parameters were 

estimated based on the k-means cluster results. 

E Step: Update memberships zij and weights uij (Equation B3 and B4). 

M Step: Update model parameters (Equation B5, B6 and B7). 

Repeat E and M steps until convergence: Calculate the complete likelihood L 

according to Equation B2. Repeat E and M steps until (L(k+1)-L(k))/L(k)<0.001. 

Clustering: Implement E step one more time to obtain membership information. 

3.2.5 Automatically identify the segmented tissue types 

The temporal characteristics of the passage of the contrast agent could differ 

among different tissue types. First, the bolus of contrast agent typically arrives first in 

the GM and then in the WM.  Second, hypoperfusion will result in broadening of the 

concentration curves, i.e. the full-width-half maximum (FWHM) is wider than those in 

the normal tissues. Finally, there is minimal contrast agent in CSF, particularly during 

the first passage. According to these pieces of information, an automatic procedure was 
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designed to identify different tissue types instead of visually examining the 

segmentation results and manually assigning tissue categories based on anatomical 

locations. The flowchart for the identification is shown as follows. The thresholds were 

set based on the patent subjects that we had. Due to the limited samples (N=10), we are 

unable to evaluate if these thresholds are optimal or not. 

 

Flowchart for the tissue-type identification. 

3.3 Monte Carlo Simulation Study 

Monte Carlo simulations were employed to access the performance of the 

estimation of the cluster number with MDL and to compare the accuracy of the 

proposed approach with several conventional methods.  We simulated perfusion data of 
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multiple tissue types based on the region of interest (ROI) chosen in one patient so as to 

emulate those in the real applications. The selected ROIs represent normal GM (NGM), 

normal WM (NWM), abnormal GM (AGM), abnormal WM (AWM), and cerebrospinal 

fluid (CSF). Each ROI consists of 500 pixels. The statistics for each tissue type, such as 

mean signal-vs.-time curve (40×1 vector) and covariance matrices of signal intensities 

across time (40×40 matrix), were estimated as the hypothetical parameters to create a set 

of noise-free simulated dynamic images. Matlab functions: mvnrnd and mvtrnd were 

used to simulate multivariate normal distribution and multivariate T distribution, 

respectively. 

To evaluate the effects of adding noise and outlier profiles in perfusion data, four 

groups of simulations with different classification purposes were created: no outliers 

and moderate noise (SNR=40), no outliers and high noise (SNR=10), outliers and 

moderate noise, and outliers and high noise.  In the cases of no outliers, only three tissue 

types (NGM, NWM and CSF) were considered and the total numbers of simulated pixel 

were 1000, 1000 and 500 for NGM, NWM and CSF, respectively. In the cases with 

outliers, all five tissue types were considered and there were 500 simulated pixels for 

each of them. Therefore, no matter if outliers were present or not, there were total 2,500 

pixels for each run. Monte Carlo simulations were repeated 1000 times in each setting. 
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Accordingly, the total number of simulated time-series data was 2,500×2 (SNR=10 or 40) 

× 2 (with or without outliers) × 1000 (runs). 

The number of tissue types was estimated in such a way that minimized the 

information criterion of MDL.  In addition to the proposed robust cluster approach, we 

also applied classical PCA to condense the 40×N (N=2,500 in the simulation) matrix to a 

10×N matrix and finite mixture of multivariate Gaussian distributions to classify the 

simulated perfusion data [91]. The accuracy of the classification for each run of 

simulation was defined as the proportion of agreement, i.e., the total number of 

agreements for all of the tissue types vs. the total number of pixels (2,500). The accuracy 

of the proposed approach was compared with that using the conventional method. 

Figure 4 shows the MDL at different cluster numbers and the optimal number is 

the value that minimizes the MDL from a simulated dataset. The horizontal axis is the 

number of tissue classes and the vertical axis is the normalized MDL.  Both the 

conventional and robust methods correctly determine the tissue numbers in both 

moderate and high noise scenarios (Figure 4(a) and (b)).  With five-tissue-type 

simulation, the optimal number of the information criteria of MDL tends to 

underestimate the correct cluster number using the conventional clustering technique 

(Figure 4(c)).  In contrast, with the proposed approach, the number of classes is 
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accurately determined for moderate noise situation, but is inaccurately overestimated as 

6 when the SNR is decreased to 10 (Figure 4(d)). 

 

Figure 43. Simulation results for the estimation of optimal number of tissue 

classes in the sense of minimizing the information criterion of the MDL. 

Table 6 shows that averaged accuracy ± standard deviation (SD) for three tissue 

type and five tissue type simulations with the moderate and high noise levels using both 

the conventional and robust approaches.  In the three-tissue-types case, there are no 

significant differences between the conventional method and robust technique in both 

moderate and high noise conditions. But for the case with five-tissue-types, the robust 

technique shows a significant improvement in the presence of moderate or high noise 

when comparing with the conventional method. 
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Table 6. Averaged accuracy for Monte Carlo Simulations (*: p<0.05, **: p<0.001) 

 

3.4 Acute Stroke Patient Study 

Perfusion images from ten acute ischemic stroke patients were analyzed. Figure 5 

illustrates the segmentation results for one subject. Figure 5(a) shows the color-coded 

composite images, where each color represents one tissue type. The segmentation of the 

T1-weighted images is displayed at Figure 5(b). It has been well known that T1-weighted 

images are not sensitive to detect brain tissue abnormalities during the acute stoke stage. 

Therefore, the T1 segmentation can only separate the major tissue types, but cannot 

differentiate the pathological area from the non-pathological brain region. Comparing 

(a) with (b), the GM/WM/CSF perfusion segmentation compares favorably with the T1 

segmentation. Figure 5(c) shows the one-month follow-up T2-weighted images. The 

pixels with higher values in T2-weighted images (red and bright yellow) represent the 
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final infracted tissues.  Comparing between (a) with (c), it shows that the proposed 

method could effectively distinguish pathological tissues from normal brain. 

 

Figure 54. Perfusion segmentation results for one acute stroke patient. (a) The 

five-tissue-types segmentation for perfusion images within three hours from onset:  

NGM (blue), NWM (cyan),  AGM (red), AWM (yellow), and CSF (gray). (b) The three-

tissue-types segmentation in T1-weighted images within three hours from onset: GM 

(blue), WM (cyan) and CSF (gray). (c) The one-month follow-up T2-weighted images. 

(d) One perfusion parametric map: rCBF. 

Figure 5(d) shows the rCBF maps. Mean CBF values were obtained from 

normal/abnormal GM and WM, separately using the segmentation results shown in 
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Figure 5(a).  The ratio of normal GM/WM is 2.06±0.29, consistent with the reported 

results in the literature [28,31,32] while this ratio is reduced to 1.58±0.18 for abnormal 

GM/WM, suggesting that ischemia leads to preferential reduction of CBF in GM. 

Finally, the signal-vs.-time MR signals and the relative concentration courses for 

each clustering type are shown in Fig. 15.  Figure 6(a) and (b) illustrate the averaged 

signal-vs.-time curves and relative concentration time curves of different tissue classes, 

respectively. It is evident that the contrast agent arrives earlier and washes out faster in 

gray matter and normal hemisphere when compared to that for white matter and 

abnormal hemisphere, respectively.   In CSF, there are minimal signal changes, 

consistent with our expectation. 

 

Figure 65. The average signal-vs.-time curves and and relative concentration 

time curves for different tissue types. 
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3.5 Discussion 

In this chapter, a robust clustering method for high-dimensional image 

segmentation has been presented based on ROBPCA subspaces and the mixtures of T 

distribution. In the presence of outliers, ROBPCA yields more robust estimates than the 

conventional PCA methods.  The ability to delineate normal and abnormal tissues also 

provides a diagnostic tool.  The mixture of multivariate T distribution is used to replace 

the Gaussian mixture models to fit a set of multivariate experimental data which may 

exhibit heavy tails or atypical observations, such as perfusion images for acute stroke 

patients. The T distribution has a wider tail than the Gaussians and, moreover, has a 

robustness tuning parameter, the degree of freedom v, making the tail adjustable. We 

present a framework for fitting mixtures of multivariate T distribution using the EM 

algorithm on the basis of maximum likelihood estimation when clustering information is 

missing. The EM algorithm is useful for both parameter estimation of mixture 

components and for coping with the label information indicating the component 

membership. Thus, the proposed robust finite mixture model unites the advantages of 

both parametric and nonparametric approaches: accuracy and flexibility, respectively. 

The Monte Carlo simulations of the proposed robust approach demonstrate 

comparable with results with that using the conventional method in the absence of 
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outliers. As described in the Appendix A, the multivariate T distribution is a general 

extension of multivariate Gaussian distribution and in the extreme case υ →∞ , it 

represents a Gaussian distribution. When no outliers are present, the mixture of 

multivariate T distribution on ROBPCA subspaces performs similar as the Gaussian 

distribution on PCA subspaces, but is slightly less suitable for the fitting of simulated 

multivariate perfusion data. However, in the presence of outliers, i.e. when the 

abnormal cerebral perfusion exists, it is much more robust to use the proposed approach 

than the conventional method. This might due to the two improvements provided by 

the  newly developed approach. First, the abnormal brain perfusion is more separable 

from the normal using the ROBPCA coordinates than that using PCA. Second, the T 

distribution with an adjustable tail provides a robust alternative to the Gaussian 

distribution. 

Based on our application to differential multiple spatiotemporal hemodynamics 

for brain perfusion MR images on acute stroke, the proposed method has several 

advantages. First, different tissue types can be systematically separated and displayed in 

one image. Second, the transit profiles of contrast agent in these tissues can be well 

separated and thus provide information to automatically identify different tissue types. 

Third, our results show that the proposed approach can separate both pathological and 

non-pathological hemodynamics. Therefore, it provides an effective imaging technique 
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to improve the diagnosis and to evaluate the treatment effects. Finally, this method can 

be extended to other imaging modalities, such as dynamic CT and PET, and to other 

organs, such as the heart, liver or kidneys using perfusion-weighted images. 
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4. Functional Connectivity Study in Pediatric Subjects 

Functional MRI (fMRI) is a task-related study, which utilizes non-invasive MRI 

to record the change of oxygen consumption resulted from neuronal activity in the brain 

while subjects performing specific activities or sensing the external sensory/cognitive 

inputs. Thus, the corporation of the subjects is mandatory, leading to the difficulty of 

utilizing conventional fMRI to study the brain function in young children and/or special 

patient populations, such as Alzheimer’s disease and schizophrenia.  Functional 

connectivity MRI (fcMRI), in contrast, has been used to obtain blood-oxygen level 

dependent (BOLD) signals in a task-free or resting state. 

In the next two chapters, fcMRI is used to investigate the brain functional 

development in the first two years of childhood. The brain growth from 2wks, 1 yr, to 2 

yrs is remarkable (Figure 7). To the best of our knowledge, this is the first study not only 

documenting the presence of cortical functional connectivity in very young healthy 

children, but also demonstrating how cortical functional connectivity increases in the 

developing brain. 
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Figure 76. Representative T1-weighted MP-RAGE images are shown for 2wk, 

1yr and 2yrs old children. 

4.1 Introduction 

Biswal et al. first reported the approach of fcMRI [17] in detecting motor-

function-related brain regions utilizing the synchronization of low-frequency BOLD 

signal. Specifically, a time series of T2*-weighted images was acquired every 1 or 2 

seconds while subjects lie inside an MR scanner in a resting condition. A temporal low 

pass filter (cutoff frequency ~0.08Hz) was applied pixel-by-pixel to the acquired images. 

With a reference signal obtained from a region exhibiting brain activation using a finger-

tapping fMRI study, temporal correlations were calculated for the entire brain.  Their 

results suggested that regions exhibiting high temporal correlation resembled that 

obtained with finger-tapping stimulations from the same subjects and that these 
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observed temporally correlated regions may represent cortical brain functional 

connectivity.   Subsequently, their findings were replicated by many other studies in 

motor, visual, and auditory cortices by many investigators [17, 18, 37-39].   More 

importantly, several lines of evidence have recently implicated that fcMRI may reveal a 

tightly coupled brain neural network, further underscoring the potential utility of fcMRI 

to shed light on our understanding of brain function. 

From the data acquisition aspect, the commonly used imaging sequences for 

fcMRI are very similar, if not identical, to that of conventional fMRI.  However, unlike 

task-related fMRI where external sensory/cognitive paradigms are required to 

specifically activate different regions of the brain, fcMRI acquires images during a task-

free or resting condition and detects brain regions which are highly temporally 

correlated.  Given the fact that during fcMRI study, subjects are at a resting condition 

with the absence of complex cognitive demands, this approach could be a powerful tool 

to delineate brain functional connectivity in young pediatric subjects.  To this end, this 

study focuses on how functional brain connectivity may be present in very young 

pediatric subjects (0-2 years old) in a sleeping condition. Specifically, this study aims to 

investigate the following two questions: 1) does cortical functional connectivity exist in 

healthy pediatric subjects between 0-2yrs old and 2) if so, how does cortical functional 

connectivity change as a function of age? Our results suggest that functional 
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connectivity exists as young as two weeks old for both sensorimotor and visual cortices 

and that functional connectivity is highly age-dependent. Besides these two findings, we 

also explore the correlation estimation at multiple frequency ranges to characterize the 

frequency-dependence of functional connectivity at the early age of childhood.  

Specifically, a highly redundant wavelet analysis approach: maximal overlap discrete 

wavelet transform (MODWT) is used to separate fcMRI time courses into multiple 

frequency ranges and their coefficients in time for correlation analysis. Our results 

reveal that different functional connectivity shows different frequency-dependence. 

4.2 Data Acquisition and Preprocessing 

4.2.1 Subjects 

A total of 52 normal and healthy children were recruited for this study. These 

children were divided into three sub-groups depending on age: 17 neonates (2-4 weeks), 

17 one year old and 18 two years old. Informed consent was obtained from the parents 

prior to the imaging studies. Since all of the subjects were normal and healthy, no 

sedation was employed. All of the subjects were imaged during sleep. For the neonate 

group, a vacuum pillow was used to minimize head motion and hearing protection 

earplugs were worn for protecting hearing from loud noise.  For the one year and two 

years old groups, only headphone was used. 
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4.2.2 Imaging Protocols 

All images were acquired on a 3T head-only MR scanner (Allegra, Siemens 

Medical Systems Incs). A 3D MP-RAGE sequence was used to provide anatomical 

images, co-register among subjects and define the regions of interest (ROIs) to obtain the 

reference signal for subsequent correlation analysis.  The imaging parameters were as 

follows: repetition time (TR) = 1820ms; echo time (TE) = 4.38 ms; inversion time = 

1100ms; slice number = 144; acquisition matrix = 256×256 and voxel size = 1x1x1mm3.  

For the fcMRI studies, a T2*-weighted EPI sequence was used to acquired images.  The 

imaging parameters were as follows: TR = 2sec, TE = 32 ms; slice number = 33; 

acquisition matrix=64×64 and voxel size=4×4×4mm3 or acquisition matrix = 128×128 and 

voxel size = 2×2×2mm3.  This sequence was repeated 150 times so as to provide time 

series images for 5 minutes.  The MR images acquired with a matrix size of 128×128 

were linearly interpolated into a matrix size of 64×64.  The first 10 images of each 

experiment were discarded, allowing magnetization to reach steady state. 

4.2.3 Preprocessing 

All fcMRI images were assessed for head movement.  In addition, a minimum of 

three-minutes of fcMRI data series (90 time points) were required for data analysis.  

Therefore, if serious motion occurred (more than one pixel or >4mm) at the beginning or 

the end, the time courses were truncated for subsequent data process.   Motion artifacts 
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were observed in eight neonates, six 1yr olds and nine 2yr olds; these subjects were 

excluded from final data analysis.  As a result, nine neonates, eleven 1yr olds and nine 

2yr olds were included for the final data analysis. 

Moreover, only voxels within the brain area were included in the analysis and 

the brain region was defined in three steps. First, a brain mask was obtained by setting 

all pixel values larger than 15% of the maximum intensity to 1 and all values smaller 

than this threshold to 0. Second, an erosion operation with a 3×3 structure element was 

applied to the binary brain mask in order to remove all pixels corresponding to skull 

and scalp areas and to separate brain and the surroundings, such as eyes. Only the brain  

region is kept and all the others are set to 0. Last, a flood-fill operation was used to fill 

holes in the brain region. 

4.3 Cross-Correlation Analysis (CCA) 

To obtain brain functional connectivity maps, all of the acquired images were 

processed using the procedures outlined in Figure 8.  A more detailed description for 

each step is provided below.  
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Figure 87. Flowchart for Cross-Correlation Analysis (CCA) in the fcMRI brain 

development study. 

4.3.1 Time Shift Correction 

For CCA approach, time synchronization in similar functional areas was used to 

locate the functional connectivity maps. Since images at different anatomical locations 

were acquired at a different time, it is imperative to correct for the time differences 

between different slices.  The time difference was corrected through a linear 

interpolation in the time domain. 
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4.3.2 Motion Correction 

To minimize the potential confounds induced by motion between scans, the 

Automated Image Registration (AIR) [113, 114] package with 6-parameter rigid-body 

transformation was used to co-register all time series images to the images of the first 

scan.  The signal intensity as a function of time at multiple randomly selected locations 

was visually inspected.  Experimental data was excluded from the subsequent analysis if 

we could not identify 90 consecutive motion free time points, and/or severe motion 

artifacts were identified. 

4.3.3 Low-pass Filter 

A spatial 3D-Gaussian (8×8×8mm3 and σ=2mm) filter was applied to the images in 

order to improve SNR.  Subsequently, Fourier transform was used to convert the signal-

vs-time of each pixel to the frequency domain, and a low-pass filter with a cutoff 

frequency of 0.08Hz was applied.  The filtered signal was then inverse Fourier 

transformed back to the time domain. 

4.3.4 ROI Selection 

  In order to ensure the consistency of defining ROIs for obtaining the reference 

function for the subsequent correlation analysis, the fcMRI images were co-registered to 

the MP-RAGE images using the AIR for each subject [113, 114].  Subsequently, a board 
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certified neuroradiologist manually drew three ROIs in each hemisphere for a total of 6 

ROIs using the two MP-RAGE images, one at the sensorimotor and the other at the 

visual area, for each subject.  Representative examples of the anatomical locations of 

these ROIs are shown in Figure 9(a) and (b) for the sensorimotor and visual areas, 

respectively.  These manually selected regions were subsequently mapped onto the co-

registered T2*-weighted EPI images to obtain averaged MR signal intensity.  Although 

both the primary motor and sensory cortices were separately identified, the limited 

spatial resolution leading to potentially partial volume effects in the T2*-weighted EPI 

images presented a challenge to separately analyze motor and sensory signal.  

Therefore, signal intensities from voxels identified as the primary motor and sensory 

cortices were averaged to derive a single reference function to delineate motor-sensory 

function. 



 

 

89

 

Figure 98. Representative examples of the anatomical locations of the selected 

ROIs for the sensorimotor (a) and visual areas (b), respectively.  

4.3.5 Correlation Analysis 

  A total of four reference functions, right and left sensorimotor and right and left 

visual cortices, were used for temporal correlation analysis, respectively.  Temporal 

correlation was conducted pixel-by-pixel and correlation coefficient (cc) maps were 

obtained. 

4.3.6 Correlation Normalization 

  It has been suggested by Lowe et al [18] that the distributions of in vivo 

correlation coefficients may not be the same between individuals, across trials in the 



 

 

90

same subject, or even across voxels within one experiment.  Therefore, it is imperative to 

normalize the effects of the intrinsic correlations prior to conducting group analysis.  To 

this end, correlation coefficients were converted to t-values according to 

2 2

cc
t=

cc v+
                                                           (4.1) 

where v is the number of the acquired time points and represents the degrees of freedom 

[18].  The calculated t was then converted to a Z-statistic according to 

 
t- t

z=
σ

                                                               (4.2) 

where t  and σ were expected value and standard deviation of the Gaussian fit to the 

full-width at half-maximum (FWHM) of the t distribution. 

4.3.7 Group Analysis 

  The MP-RAGE images from one of the subjects in each age group were 

randomly chosen as the template and MP-RAGE images from the remaining subjects 

were co-registered onto the template using the FMRIB's Linear Image Registration Tool 

(FLIRT). The group average z-score maps were obtained after registration. 

4.3.8 Visualization 

 Finally, in order to better visualize regions exhibiting the putative brain 

functional connectivity, Freesufer was employed to generate the brain surface maps 
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where regions with a z-score > 1 were superimposed. FreeSurfer is an MRI brain 

imaging software package, developed by Athinoula A. Martinos Center for Biomedical 

Imaging at Massachusetts General Hospital. By visually examining the FreeSurfer 

output: 3D brain surfaces with the activation overlays on top for all three age groups, we 

can easily assess the development of brain functional connectivity for normal and 

healthy children from 0 to 2 years old. 

Cortical functional connectivity in the sensorimotor areas for all three age groups 

is shown in Figure .  Consistent with the adult results reported in the literature, regions 

showing high temporal correlation are located in the primary sensorimotor areas for all 

three groups.  In addition, both the area and the strength (z scores) increase as a function 

of age.  Similar findings are also observed in the visual area (Figure 10) for the three age 

groups. 
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Figure 19. Functional connectivity map in the sensorimotor areas using CCA 

apparoach for all three age groups. 
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Figure 100. Functional connectivity map in the visual areas using CCA 

apparoach for all three age groups. 

4.3.9 Quantitative Comparison 

To quantitatively compare the extent of brain functional connectivity as a 

function of age, several different parameters were calculated.  First, the brain volume 

exhibiting a z-score greater than 1 was divided by the total intracranial brain volume for 

each subject, accounting for the differences in head size across different ages.  Second, 

the maximum and minimum percent signal changes in each subject were separately 

identified for visual and sensorimotor areas.  The differences between the two values 
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were then calculated.  The z-score values of each subject in the sensorimotor and visual 

areas were recorded for each subject.  Finally, a normalized histogram analysis was also 

conducted in regions exhibiting functional connectivity for each age group. 

For the group comparison, one-way analysis of variance (ANOVA) with Tukey’s 

multiple comparison was employed.  In contrast, a two-tailed paired t-test was 

employed for comparison between the two cortical areas, namely the sensorimotor and 

visual cortices.  A p < 0.05 is considered significance. 

Figure 11 shows the quantitative comparisons of the normalized brain volumes 

cortical connectivity (defined as the brain volume exhibiting cortical connectivity 

divided by the total intracranial brain volume) and the z-score values in regions 

exhibiting temporal correlation for all age groups.  In the sensorimotor area (Figure 

11(a)), the percent brain volumes of cortical connectivity of both the 1yr (p<0.05) and 2yr 

old (p<0.01) groups are significantly larger than the 2wk old group while no differences 

are observed between 1 and 2 yr old groups.  In contrast, only the 2yr old group has a 

significantly larger volume when compared with the neonate group (p<0.05) in the 

visual area (Figure 11(b)).   Interestingly, a paired t-test reveals that the percent brain 

volume of cortical connectivity in the sensorimotor area is significantly larger than that 

in the visual area for the 1 yr old group (p<0.05), suggesting that there may be 

differences in the growth trajectory of functional connectivity.    
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Figure 111. Quantitative comparisons of the normalized brain volumes cortical 

connectivity in the sensorimotor (a) and visual areas (b). Z-score values in regions 

exhibiting temporal correlation in the sensorimotor (c) and visual areas (d). 

Distribution of z-scores in the sensorimotor (e) and visual areas (f). 
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For the comparison of the z-score values (the “strength” of cortical connectivity) 

among the three groups, highly significant differences among all three age groups are 

observed in the sensorimotor area (p<0.001); the 2wk old group has the lowest z-score 

values, followed by the 1yr and 2yr old groups, suggesting that the “strength” of cortical 

connectivity increases as a function of age (Figure 11(c)).  In contrast, the “strength” of 

cortical connectivity between the 2wk and 1 yr old groups is similar in the visual area 

(Figure 11(d)) while significantly larger z-score values are observed when comparing the 

2 yr old group to the 2wk (p<0.001) and 1 yr (p<0.01) old groups.  No differences are 

observed between the sensorimotor and visual areas for each age group.   Finally, the 

distribution of z-scores for all three age groups in the sensorimotor and visual areas are 

shown in Figure 11(e) and (f), respectively.  Notice the population toward high z-score 

values continue to increase from 2wk to 2yr in the sensorimotor area, while this increase 

is more subtle between 2wk and 1yr old groups in the visual area, consistent with that 

shown in Figure 11(c) and (d). 

4.3.10 Results and Conclusions 

4.3.10.1  Seed signals 

An example demonstrating manually selected voxels for the primary motor, 

sensory and visual cortices is shown in Figure 9(a) and (b) using MP-RAGE images 
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obtained from a 2yr old subject.  The averaged MR signals from three subjects, one for 

each age group in these manually selected regions, are shown in Figure 12(c) and (d) for 

sensorimotor and visual cortices, respectively.  Note these signals were processed using 

the steps outlined in the section 4.3.4.  Several interesting features are noticed in the 

signal among the three subjects, and between the sensorimotor and visual cortices.  First, 

the signals exhibit a similar pattern to that typically observed in task-activated fMRI 

studies where both “on” and “off” states are observed (“on” and “off” reflects the 

increase and decrease in MR signal).  Second, the differences between the maximum and 

minimum percent signal changes for each subject in the sensorimotor and visual cortices 

are shown in Figure 12(e) and (f), respectively.  An age dependent pattern is clearly 

apparent, the percent signal differences increase as age increases.  Although the medians 

vary significantly among the three groups (p=0.02), statistical differences are only 

observed between the 2wk and 2yr groups for both sensorimotor and visual areas 

(p<0.05) after correcting for multiple comparisons. 
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Figure 122. Representative examples for ROI selections and the seed signals in 

CCA approach. The anatomical locations of the selected ROIs for the sensorimotor 

and visual areas are shown in (a) and (b), respectively. The averaged seed signals for 

all three age groups in the sensorimotor and visual areas are shown in (c) and (d), 

respectively. The differences between the maximum and minimum percent signal 

changes for each subject in the sensorimotor and visual cortices are shown in (e) and 

(f), respectively. 
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4.3.10.2 Brain functional development in the pediatric subjects 

In the context of our study, we have observed cortical functional connectivity in 

all age groups, suggesting that cortical functional connectivity exists at least at 2wks 

after birth.  In addition, cortical functional connectivity appears to increase as a function 

of age, including an increase in the percent of brain volume as well as the augmentation 

of the z-score values from the ages of 2wks to 2 yrs old.  

Two main features in our results warrant additional discussion.  First, although 

the general pattern of increasing percent brain volume exhibiting high temporal 

correlation as a function of age is similar in both sensorimotor and visual areas, a 

progressive increase in volume from 2wks to 2yrs old is observed in the sensorimotor 

area with the 1 yr and 2 yr old groups showing significantly larger volume of cortical 

connectivity than that of the neonate groups.  In contrast, a subtle increase, followed by 

a marked elevation in brain volume of cortical connectivity is observed from 2wks, 1yr, 

to 2yrs in the visual area, respectively.  A paired t-test indicates that although no 

differences between the sensorimotor and visual areas are observed for both the 2wk 

and 2yr old groups, a larger brain volume in the sensorimotor exhibiting temporal 

correlation area is observed when compared with that in the visual area at 1 yr old.  

These findings suggest that there may be a lag in the development of visual connectivity 

when compared with the sensorimotor area at 1yr old.   
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Second, similar findings are also observed examining the z-score among the 

three groups.  Highly significantly differences in the z-score values are observed in all 

three groups in the sensorimotor areas, while no differences are seen between the 

neonate and 1 yr old groups in the visual area, consistent with results shown in the 

histogram analysis.  These findings suggest again that the strength of cortical 

connectivity continues to improve from 2wks to 2yrs in the sensorimotor area while a 

rapid increase in cortical connectivity in the visual area is not observed until between 

1yr and 2yrs old.   

Although the exact physiological underpinnings accounting for the observed 

discrepancies in the trajectories of developing senorimotor and visual cortical 

connectivity from 2wks to 2yrs are largely not known, Chugani et al [117] reported that 

the most prominent area of metabolic activity in the cerebral cortex is the primary 

sensorimotor area in infants based on the local cerebral metabolic rates for glucose 

(ICMRGlc).  Specifically, the ICMRGlc at the sensorimotor area is about 93% and 125% 

of that in adults at 0-1 yr and 1-2yrs, respectively.  In contrast, ICMRGlc at the occipital 

cortex is about 76% and 1.13% of the adults at 0-1yr and 1-2yrs, suggesting the temporal 

differences in glucose utilization between the sensorimotor and visual areas.  Therefore, 

it appears that our results are consistent with those reported using ICMRGlc.  
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Nevertheless, more systematic studies will be required to further understand the links 

between the alteration of glucose utilization and fcMRI in the developing brain 

4.4 Correlation analysis in multiple frequency ranges 

Next, we explore the estimation of frequency-dependent correlation matrices to 

characterize functional connectivity between sensory, motor and visual cortices in 

neonates (2-4 weeks), one and two-years-old children. The overall procedures for the 

proposed correlation analysis in multiple frequency ranges are shown in Figure 13 and 

detailed descriptions for each step are given below. The steps identical to CCA are not 

listed here. 

 

Figure 133. Flowchart for frequency-dependent correlation analysis. 
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4.4.1 MODWT for signal separation into multiple frequency ranges 

Unlike the discrete wavelet transform (DWT), which is orthonormal by filtering 

and downsampling, maximal overlap discrete wavelet transform (MODWT) [118] can 

perform multi-resolution analyses in a very redundant way and keep all the coefficients 

removed from DWT by downsampling. MODWT-based approach resamples data in 

time and space, and keeps details and smoothness in each level. Therefore, MODWT 

was used in this study to decompose fcMRI time series into multiple component 

waveforms with different frequency bands for further statistical analysis. The Wavelet 

Toolkit for MATLAB is available for download from the WMTSA toolkit web site: 

http://www.atmos.washington.edu/~wmtsa. 

MODWT was applied to each times series in all 6 ROIs by means of the 8-tap 

Daubechies least asymmetric (LA8) filter that is a better match to our data than Haar and 

Daubechies class because of its symmetry properties. MODWT-based approach 

separated the time courses X(t) into a hierarchical series of band-pass filtered detail 

curves Dj(t) and a hierarchical series of low-pass filtered smooth curves Sj(t), where the 

index j represents the order of scaling. At the Jth level, the signal was decomposed as 

1

( ) ( ) ( )
J

J j

j

X t S t D t
=

= +∑ .  The band-pass frequency intervals included B1 0.25-0.5Hz; B2 

.125-.25Hz; B3 .063-.125Hz; B4 .031-.063Hz; B5 .016-.031Hz; and B6 0.008-0.016Hz, 
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respectively. Frequency below <0.008Hz is most likely contaminated by the scanner 

drifts, other potential confounds and thus was not considered in this study. 

4.4.2 Correlation matrices of ROIs at each frequency for each subject 

The median of the decomposed wavelet coefficients across all voxels within a 

specific ROI was first calculated as a robust representative time series in each of the six 

ROIs at each frequency for all the subjects.  A 6×6 correlation matrix based on those 

representative time series from all 6 ROIs at each frequency band was then obtained. As 

a result, six correlation matrices were obtained for each subject, representative the six 

frequency ranges. 

4.4.3 Correlation group analysis 

Since correlation coefficients were not normally distributed, Fisher’s Z-

transformation of the correlation coefficients was employed for all frequencies and 

subjects.  Subsequently, a linear regression model was used to analyze the Z-

transformed correlation coefficients across all frequencies and subjects for each pair of 

ROIs. The age was entered as a predictor with three levels in this model. To minimize 

the effects of outliers on estimates, a robust procedure in Proc Robustreg (SAS v 7.1, 

Cary, NC) was used to carry out all statistical analysis. We tested the differences among 

the three age groups for each correlation coefficient. Finally, we took an inverse Fisher’s 
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Z-transformation of the estimated mean level to obtain an estimate of the averaged 

correlation coefficient for each pair of ROIs in each age group at each frequency, 

respectively. 

4.4.4 Results and Conclusions 

Only highly correlated regions (correlation coefficient>.4) were considered. The 

findings are summarized in Figure 14 and discussed below. First, no correlation was 

observed in the first two high frequency ranges (B1 & B2). Second, the correlation 

between right and left visual cortices is consistent throughout B3-B6 for the one and two 

year old groups, but no correlation was found in the neonate group. Third, the 

correlation between right and left motor cortices persists for all ages from B4 to B6.  

Fourth, right and left sensory cortices are highly correlated with each other in B4 and B5 

but not B6.  Finally, sensory cortex is correlated with motor cortex in B5 and B6 for all 

ages. 
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Figure 144. The structure of correlation matrix in different frequency ranges 

for all three age groups. 

Cortical functional connectivity is confirmed in spatially segregated regions; 

bilateral sensory and motor connectivity is observed for all age groups while bilateral 

visual cortex connectivity is only observed in the one and two-year old groups.  In 

addition, cortical connectivity is frequency dependent.  It is evident that no correlation is 

observed for the two highest frequency ranges (B1 and B2) in all three cortices 

evaluated.  In contrast, while the low-frequency connectivity is verified in sensory-motor 

and visual cortices, there are particular frequency ranges related to different cortex 

connectivity, as listed in Figure 14.  Finally, functional correlation between motor and 

sensory is observed in the frequency ranges of B5 and B6, no correlations are observed 

between sensory-motor and visual cortices in all the three age groups.  While additional 

studies are needed to further confirm the findings of our current study, this study 
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represents the first step toward the investigation of brain circuitry during normal brain 

development using fcMRI and confirms that low frequency fluctuation of resting-

condition BOLD signal can serve an indication of neurophysiological development in 

normal children [17, 37, 46]. 



 

 

107

5. Spatial ICA in fcMRI for Pediatric Subjects 

In this chapter, spatial independent component analysis (ICA) is applied in 

fcMRI data to separate multiple physiological and artifact-related signal sources. We 

study the cortical connectivity maps and the activation time courses corresponding to 

two specific functions: sensorimotor and visual in three age-groups: neonates (2-4 

weeks), one and two years old children. Based on our results, the size and the strength 

(z-score) of activated regions indicate an age-dependent effect, increase as a function of 

age and these findings agree with the knowledge of brain development in the early age. 

In addition, Fourier analysis of time courses show the observed activation in both 

sensorimotor and visual cortices is associated with low frequencies (0.01-0.05Hz) for all 

subjects. 

5.1 Introduction 

In the previous chapter, CCA approach has been successfully applied to fcMRI 

data in detecting sensorimotor- and visual-function-related brain regions  Although the 

reported promising findings, there are two major problems involved with this technique 

which utilizes the relationship between a seed signal and the whole brain on a voxel-by-

voxel basis [43, 44]. First, the obtained functional connectivity maps show a high 

dependence on the selective of seed signals. Both the size and location of the chosen 
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ROIs will affect the seed signals and, therefore, the outcomes of the resulting activation 

maps. For example, Figure 15 shows two sensorimotor-funtion-related connectivity 

maps using CCA approaches for the same subjects. The seed signals for these two maps 

are estimated from two groups of region-of-interests (ROIs), which both consist of a 

small number of voxels, but are chosen from different locations in the visual cortex. 

Although the obtained connectivity maps overlap with each other in many areas close to 

central sulcus, there are clear differences that are visible to naked eyes.  Second, CCA is 

applied to each individual voxel independently and, thus, ignores the relevance between 

adjacent voxels. 

 

Figure 155. Sensorimotor-function-related connectivity maps using CCA 

approach with seed signals calculated from two groups of region-of-interests (ROIs) 

at different locations in visual cortex for the same subject. 
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As an effective alternation to circumvent the problems of the CCA approach, 

Independent component analysis (ICA) requires no predefined seed signals or prior 

knowledge about spatial/temporal patterns of brain activity and performs a blind source 

separation based on 2nd and higher order relations between voxels. The rationale for the 

application of spatial ICA (sICA) to fMRI experiments is based on two complementary 

principles of brain functional organization: localization and connectionism [45]. Localization 

states that each individual function, e.g. motor, is localized to a small set of specific brain 

areas while connectionism represents that the brain activity associated with a given task 

may be the functional integration of activity in multiple brain regions. By maximizing 

both the statistical independence and the non-Gaussianity of the source signals, spatial 

ICA can decompose fMRI signals into various sources consisting of a unique time course 

of activation and a corresponding 3D component map. Each brain function may be 

represented by one or more resulting spatially-independent sources. Spatial ICA was 

first applied to fcMRI data analysis on anesthetized child patients (5 to 12 years old) by 

Kiviniemi et al. [46] and then on normal adult subjects by van de Ven VG et al. [44] and 

Ma L et al. [43]. It has been reported in these applications that spatial ICA was able to 

identify functional connectivity in sensory and motor cortices, as well as in several 

parietal and frontal regions.  The frequency analysis of function-related time courses 

showed a dominant peak at 0.03 Hz on anesthetized child patients [46] and a prevailing 
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frequency band within the extremely low range (0.01-0.05 Hz) on normal adults [44]. 

Moreover, based on the overall performance and the robustness to structured noise 

reported by Ma L et al., spatial ICA appears to be superior to CCA [43]. Based on these 

previous findings, fcMRI was employed in this study to examine cortical connectivity in 

neonates (2-4wks), one-year and two-years old children in a state of sleep. Spatial ICA 

was applied to identify the signal sources of different functional activities and Bayesian 

information criterion (BIC) was used to estimate the optimal number of independent 

components (ICs). Results were visually inspected and the ICs that depict functionally 

connectivity in two predefined anatomical regions: visual and sensorimotor cortices 

were identified for further investigation. Their spatial, frequency, and connectivity 

characteristics were analyzed afterwards in order to get the information about the brain 

function and how it develops in the very early age (0-2 years). 

5.2 Spatial ICA analysis for fcMRI 

Figure 16 shows the procedures to obtain brain functional connectivity maps 

using spatial ICA approach. A more detailed description for each step particular for 

spatial ICA technique is provided below. For those steps similar to CCA method, please 

refer to the previous chapter for more details. 
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Figure 166. Flowchart for spatial ICA technique in the fcMRI brain 

development study. 

5.2.1 Spatial ICA 

The ICA had ability to separate spatially independent signal sources related to 

nondeterministic physiological fluctuations as well as artifacts from resting state 

datasets. Currently, the two open questions for Spatial ICA on fcMRI analysis are how to 

determine the optimal number of independent sources and how to determine the 
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threshold. To address the first question, BIC was adopted in this work to approximate 

the number of independent sources to balance the goodness of fit and the complexity. 

The estimated numbers were quite consistent within one and two years old group, but 

had a lot of variations for neonate cases, which might due to the functional connectivity 

in newborns was less sensitive and the signal-to-noise ratio (SNR) were worse than 

others. For the second question, one fix threshold was set for all the groups in order to 

obtain the activation maps at the same statistical significance level for further analysis. 

Spatial ICA was implemented with the infomax ICA algorithm [115], a freely 

available DTU toolbox developed in the MATLAB programming environment, and the 

number of independent components were estimated using Bayes Information Criterion 

(BIC) [116]. 

Spatial ICA decomposed fcMRI data into several sources consisting of a unique 

time courses of activation and a corresponding 3D component map. Each brain function 

may be represented by one resulting spatially-independent source. The independent 

maps were then converted to z maps for thresholding using the equation 
i

i
I

Z
µ

σ
−

= , 

where iI  is the i-th voxel value in the component map, and µ & σ are the mean & 

standard deviation of all the voxels of the same map. The resulting z maps were then 

thresholded by 3Z ≥ to make the so-obtained activation maps for all the subjects had 

the same level of statistical significance. We overlaid the component maps onto the co-
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registered MP-RAGE images of the same subject, and then visually examined the spatial 

ICA results to identify the components that corresponding to sensorimotor and visual 

functions. In addition, the corresponding time courses were collected for spectrum 

analysis to investigate the full-width-half-maximum (FWHM) frequency range 

associated with sensorimotor and visual functions. 

5.2.2 Postprocessing 

For each pediatric group, one MP-RAGE template was chosen for group analysis. 

All the activation maps were co-registered to the template of the same ages using the 

transfer matrix between their own MP-RAGE images and the template. Because the 

maps have been co-registered with the MP-RAGE images of the same subjects, the 

activation maps within groups were thus all registered to the same template after the 

above co-registration procedure. FSL affine registration was chosen here for cross-

subjects registration. Finally, group results were averaged from the registered activation 

maps.  

5.2.3 Results 

5.2.3.1 Number of spatially-independent sources for fcMRI data 

The numbers of independent components estimated using BIC vary for  

different neonate datasets, but are quite consistent for one and two years  
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old group. Explicitly, for neonates, the number of independent sources could  

be any number between 9 and 13; for one year olds, the number is 14 for  

nine cases and 13 for the other two; for two year olds, the number is 14 for eight cases 

and 15 for one subject. 

5.2.3.2 Selection of IC sources for sensorimotor and visual cortices 

All the spatial ICA results were visually examined while the 3D independent 

component maps were overlaid onto the co-registered MP-RAGE images of the same 

subjects. One component corresponding to sensorimotor function, which was located 

near central sulcus, was identified for all the subjects except for one neonate case, and 

one component that represented functional connectivity of visual cortex, which was 

located in the occipital lobe, was recognized for all the subjects in one and two years old 

group, but there was no single visual component found for the whole neonate group. 

5.2.3.3 Spatial distribution of sensorimotor and visual functions 

Figure 17 shows all the z-maps corresponding to sensorimotor function overlay 

onto the anatomical images and only one slice was chosen for each case. The overlays for 

neonate, one year old and two years old subjects were shown in the top, middle and 

bottom rows, respectively. Figure 18 illustrates all the z-maps representing the activation 

of visual function for one (top row) and two (bottom row) years old children. The 
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observed activation areas looked consistent in the locations for both sensorimotor and 

visual functions. 

 

Figure 177. Single-slice illustration for independent sources associated with 

sensorimotor cortex. The neonates, one and two years old subjects were displayed in 

the top, middle and bottom rows, repectively. 

 

Figure 188. Single-slice illustration for independent sources associated with 

visual cortex. The one and two years old subjects were displayed in the top and 

bottom rows, repectively. 
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5.2.3.4 Frequency analysis of the time courses of functional activation 

Frequency plots of the chosen component time courses for the first subject in 

each age-group (Figure 17 and Figure 18) were presented in Figure. The fluctuation at 

low frequency range (<0.05Hz) had major contributions to the spectrum in all the cases. 

FWHM of the time courses corresponding to sensorimotor and visual functional 

connectivity were always within the low frequency range (0.01-0.05Hz) for all the 

subjects. These findings were similar to all the previous reports [17, 18, 39, 44, 46]. 
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Figure 29. Spectrum illustration of the selected time courses related to 

sensorimotor and visual functions for neonate, one-year-old and two-years-old 

examples. 

5.3 Automatic component identification for spatial ICA 

As a data-driven method, sICA requires no predefined seed signals or prior 

knowledge about spatial/temporal patterns of brain. The spatial ICA is able to separate 
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the resting-state fcMRI datasets into spatially independent signal sources, which are 

related to nondeterministic physiological fluctuations as well as motion artifacts. 

However, the spatial ICA results need to be visually examined in order to determine the 

ICs which are corresponding to functional connectivity based on their anatomical 

locations, as stated in section 5.2.3.2. For example, the component corresponding to 

sensorimotor function is located near central sulcus, and the component that represents 

functional connectivity of visual cortex is located in the occipital lobe. As evident, this 

final step also requires user inputs, can introduce biases and is tedious. 

Based on the Frequency analysis of the time courses of functional activation, the 

fluctuation at low frequency range (<0.05Hz) had major contributions to the spectrum in 

all the cases. FWHM of the time courses corresponding to sensorimotor and visual 

functional connectivity were always within the low frequency range (0.01-0.05Hz) for all 

the subjects as shown in Figure. Moreover, after examining the spatial ICA results for all 

the fcMRI datasets, we observe an interesting phenomenon: the activation areas for the 

components showing the high-frequency dependence are all related to big vessels. For 

example, Figure 19 lists three activation maps (left column) and the spectrum (right 

column) of their corresponding time courses for the representative neonate (top row), 

one-year-old (middle row) and two-years-old (bottom row) subjects. 
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Figure 190. Representive exmaples of high-frequency ICs  for neonate (top 

row), one-year-old (middle row) and two-years-old subjects (bottom row). Activation 

overlays are shown in the left column and the spectrum illustrations of the 

corresponding time courses are shown in the right column. 
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Based on these findings associated with the spatial ICA results, we propose an 

automatic procedure to determine the components that most likely reflect brain 

functional connectivity. The proposed automatic identification involves two steps. First, 

boundary detector was used to exclude the motion-related sources that could be either 

low or high frequencies. Second, since the low-frequency synchronization (cutoff 

frequency ~0.08Hz) has been implicated to be responsible for brain connectivity, a 

spectrum analysis was performed and only sources showed low-frequency activations 

(<0.08Hz) were kept. The sICA maps of the chosen sources were converted to Z maps 

with a normal distribution using Z-test so as to allow group analysis. For comparison, 

sensorimotor and visual activation maps calculated using CCA approach were also 

combined together. 

The average Z maps for the neonate, one-year and two-year old groups are 

shown in Figure 20 using CCA and Figure 21 using sICA, respectively.   Comparing 

these two figures, it is evident that the functional connectivity maps are similar between 

CCA and sICA approaches, suggesting that the proposed automated approach is 

effective.  Activations are observed in the primary sensorimotor and visual cortices 

through all three age groups. It is apparent that both the size and the strength of the 

activation areas increase as a function of age. 
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Figure 201. Group average for brain functional connectivity using CCA in 

normal and healthy peadiatric subects. 

 

Figure 212. Group average for brain functional connectivity using sICA in 

normal and healthy peadiatric subjects. 

5.4 Conclusions and Discussions 

As a data-driven, distribution-based method, spatial ICA is applicable to 

separate multiple function-related activation dynamics from the artifacts using the 
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estimated number of sources based on BIC. The obtained spatial and frequency 

characteristics of the functional sources agree with the previous knowledge of brain 

function and its development for normal pediatric subjects. Since this approach does not 

require any task-related activation, it offers a means to shed light on our understanding 

of functional development in all ages. 

The proposed automated selection approach for independent components 

reflecting functional connectivity is feasible and results are similar between CCA and 

sICA.  Nevertheless, it appears that sICA provides additional regions exhibiting 

functional connectivity which are not seen using CCA.  Specifically, the results between 

CCA and sICA are extremely similar in the neonate group but discrepancies are 

observed for both 1 and 2 yrs old groups.  One could speculate that sICA reveals 

additional regions exhibiting functional connectivity beyond the sensorimotor and 

visual cortices identified based on CCA.  Further analysis will be required to determine 

the physiological underpinnings of these discrepancies between sICA and CCA 

One of the major limitations for the fcMRI studies, however, is that the 

complexity of our mind may never be at a resting condition, especially in the awake 

state of adult subjects.  This is despite the fact that subjects were instructed to think of 

nothing during the scanning procedures.  In contrast, the very young pediatric subjects 

(<2yrs) in this study may more resemble the true default mode of brain function at these 
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ages as it may be reasonable to believe that the external environmental factors are 

minimal and complex thinking processes are yet to be developed in these young minds.  

Our results suggest that there is a continued improvement in cortical functional 

connectivity from 2wks to 2yrs old.  Nevertheless, one must be cautious that the brain at 

these ages is undoubtedly undergoing tremendous development in synaptic connection 

and is extremely dynamic.  Therefore, results obtained in our studies will be age-specific 

and are unlikely to be generalized to different age populations.  Nonetheless, the 

simplicity of fcMRI regarding data acquisition should greatly facilitate further 

investigation of different age groups with a much smaller age interval between groups, 

so as to allow detailed investigation of the early brain development of the tightly 

coupled neuronal network. 
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6. Summary and Extensions 

In this chapter, the contributions of this dissertation are briefly summarized, and 

then the possible further developments to extend our work are discussed. 

6.1 Summary 

My doctoral research focuses on the signal processing and post analysis in time 

series of functional magnetic resonance imaging (fMRI) for human brain mapping. 

There are totally four major contributions made in this dissertation. 

First, we proposed a new methodology to effectively minimize the effects of 

recirculation independent of the presence or absence of ischemic lesions, and to provide 

quantitative measures of cerebral hemodynamics, especially CBF, for DSC-MR perfusion 

data. Therefore, we could provide more accurate estimation of the tissue outcome for 

acute ischemic stroke patients. 

Second, we proposed a robust clustering method for high-dimensional image 

segmentation based on ROBPCA subspaces and mixtures of T distribution. The new 

method could separate gray and white matter in both pathological and non-pathological 

areas for DSC-MR perfusion data of ischemic stroke patients at the hyperacute phase. 

This approach could be extended to other image datasets, such as CT perfusion, breast 

MRI to detect cancer tumors. 
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Third, we applied the fcMRI experiments on neomates, one and two years old 

normal children to not only prove the presence of cortical functional connectivity in very 

young healthy children, but also to demonstrate how cortical functional connectivity 

increases in the developing brain. This is the original research to study the brain 

development in the pediatric subjects. Moreover, we proposed a statistical method to 

delineate frequency-dependent brain connectivity among brain activation regions. 

Finally, we proposed an automatic procedure combined with spatial ICA 

approach to determine the brain functional connectivity. The new technique requires no 

predefined seed signals or prior knowledge about spatial/temporal patterns of brain, 

and therefore provides a practical way to study brain functional connectivity and 

insights into normal brain development in pediatric subjects. 

6.2 Future Research Arenas 

In this dissertation, we have demonstrated that functional connectivity exists in 

children as early as 2wks old and results are highly age-dependent.  However, the 

research was a cross-sectional study and focused on functional connectivity in the 

primary motor, somatosensory and visual cortices.  In the future, this work should be 

extended to more cortical connectivity, and more important, we should be able to study 

the development of functional connectivity for the same subjects at multiple ages. In this 

section, we report some preliminary results on a longitudinal study where BOLD 
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synchronization was employed to explore the development of cortical connectivity in 

the Broca’s and Wernicke’s areas and Anterior Cingulate cortex (ACC) in pediatric 

subjects from 2wks to 2 yrs old. 

A total of 8 children were recruited where 3 subjects were scanned at both 2-4 

weeks and one year old, and 5 subjects were scanned at one and two years old.  

Informed consent was obtained from the parents prior to imaging. All of the subjects 

were imaged during sleep (no sedation was employed). The protocols and methods are 

same as those described in Chapter 4. After the preprocessing, a board certified 

neuroradiologist manually drew 3 ROIs located in the Broca’s and Wernicke’s areas and 

ACC, respectively, for each subject. Cross correlation was then conducted throughout 

the entire brain using each voxel in each ROI as the reference signal. The cross 

correlation coefficients were converted to z-scores with a normal distribution. 

Representative Z map for each ROI was finally obtained using a robust median 

operation. Pixels with a z-score > 1 were considered as the activated voxels. 

Figure 22 shows the functional connectivity overlays in Broca’s (up row) and 

Wernicke’s (middle row) areas, and ACC (bottom row) for neonate (1st column), one 

year (2nd column) and two year olds (3rd column). Individual subjects are represented by 

different colors. It is evident that the “putative” cortical connectivity is age-dependent. 

The number of “activated” voxels increases as a function of age although it appears to be 
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non-linearly dependent on the age. Specifically, a marked increase of activated voxels is 

observed in the Broca’s and Wernicke’s areas from 1yr to 2 yrs old while a major 

increase is observed from 2wks to 1yr old in the ACC area.  In addition, the ACC area 

appears to have more activations when compared with those in the Broca’s and 

Wernicke’s areas at 1yr old, suggesting that the development of attention may pre-date 

the development of language.  Moreover, it appears that there are some overlaps 

between the results obtained using ROIs defined in the Broca’s and Wernicke’s areas, 

respectively.  In other words, when the signal in the Broca’s area was used as the 

reference function for correlation analysis, high temporal correlation is observed in the 

Wernicke’s area and vice versa, suggesting functional connections between the Broca’s 

and Wernicke’s areas.  This finding is not surprising since the Broca's area is connected 

to the Wernicke's area by the arcuate fasciculus and these two areas are known to 

involve in the understanding and comprehension of spoken language. 



 

 

128

 

Figure 223. Functional connectivity overlays in Broca’s (up row) and 

Wernicke’s (middle row) areas, and ACC (bottom row) for neonate (1st column), one 

year (2nd column) and two year olds (3rd column). 
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Appendix A – Multivariate T distribution 

Multivariate Gaussian distributions have been increasingly used to statistically 

model a wide variety of nature phenomena due to their asymptotic properties and 

computation convenience [43-45]. The model parameters can be easily estimated by the 

iterative expectation-maximization (EM) algorithm [46, 47]. However, the fitting of 

Gaussian distributions lacks robustness to the data with atypical points or with longer 

than normal tails [46]. Two-component Gaussian mixture is used to extend this 

parametric family for potential outliers or observations with heavy tail. 

( ) ( ) ( ); , , , (1 ) ; , ; ,gauss gaussf c f f cµ ε ε µ ε µ∑ = − ∑ + ∑x x x  

where c is large and ε is small, which mean that only small proportion of data 

show a relatively large variance. Furthermore, a more general form is proposed by 

Huber [48]. 

( ) ( ); , , ; , / ( )gaussf u f u f u duµ µ∑ = ∑∫x x                              (A1) 

where u is assumed to be a chi-squared random variable with the degree of 

freedom υ, i.e. 
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where 1( ) ( )Tδ µ µ−= − ∑ −x x . This distribution (A2) is the well-known 

multivariate T distribution. It is identified as an alternative to the Gaussian distributions 

for robust statistics because it has a tunable tail and is less sensitive to atypical 

observations [35, 49]. The degree of freedom υ parameterizes the ‘robustness’ of the 

distribution, i.e. how wide the tails are. The extreme case υ → ∞  represents a Gaussian 

distribution and the case υ =1 corresponds to a wide tailed multivariate Cauchy 

distribution. 
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Appendix B – EM estimation for mixtures of multivariate 
T distribution 

The condensed data is denoted by a matrix Y with the dimension m×n (m=10 

after ROBPCA process). Each data point yi (i=1,…,n) is considered as a sample from a g-

component mixture of T distributions given by 

1

( ; ) ( ; , , )

g

i j i j j j
j

f y f yπ µ υ
=

Ψ = ∑∑  

where the model parameters 1 1 1 1( , , ; , , ; , , )g g gπ π θ θ υ υ−Ψ = � � �  and 

( , )j j jθ µ= ∑ . There are g-1 parameters of jπ , tg parameters of iµ , (t+1)tg/2 parameters 

of i∑ , and g parameters of jυ . Thus, the total number of the unknown parameters is 

J=g(t2+3t+4)/2-1                                                       (B1) 

 which represents the complexity of the proposed model. 

The best-fitting parameters are determined by maximizing the likelihood of the 

data, i.e. the probability of obtaining the given dataset from the model. To facilitate the 

EM algorithm, two sets of auxiliary variables are first introduced with the knowledge 

that T distribution is an extension of Gaussian families as deducted in Appendix A: 

zij: membership of data point yi to jth component (zij=1 indicates yi belongs to jth 

component; 0 otherwise). 

uij: weight representing ‘typicality’ of yi with respect to jth component. 
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υ υ
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The complete-data likelihood can be written as  
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E step 

In E step, the memberships and weights are updated using the conditional 

expectation based on the model parameters estimated in the previous (k-1)th iteration. 
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M step 

The model parameters are computed in M step by maximizing posterior 

probability. Specifically, we take derivatives of conditional expectation of the complete-

data log likelihood with respect to parameters , , ,j j j jπ µ υ∑ , respectively, and set them 

to zero to yield 
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and 
( )k
jυ  is a solution of the equation 
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