
ABSTRACT

WU, YANG. Signal Processing Tools for MRI Perfusion-Weighted Imaging Data Analysis.

(Under the direction of Professor Hamid Krim).

In dynamic susceptibility contrast (DSC) magnetic resonance (MR) approaches, by

injecting a bolus of paramagnetic contrast agent intravenously, the measured MR signal is

converted to a concentration time course to estimate hemodynamic parameters like cerebral

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

Before estimating hemodynamic parameters, recirculation effects need to be re-

moved by a gamma-variate fit of the concentration curve. In this dissertation, however, it

has been found and demonstrated by simulation that fitting may not discern recirculation

from the first-pass in case of cerebral ischemia. A new methodology using temporal inde-

pendent component analysis (ICA) to remove recirculation in both normal and ischemic

brain tissues while preserving the first-pass is therefore proposed. This should improve

hemodynamics accuracy particularly in ischemic lesions.

In DSC MR approaches, bolus delays between the arterial input function (AIF)

and tissue curves may induce significant CBF quantification error. Our second contribution

is using ICA to estimate bolus arrival time for each 5×5 region of interest (ROI) throughout

the brain parenchyma. A global AIF measured from a major artery can then be shifted in

accordance to define a local AIF for each ROI. The bolus delay may therefore be minimized,

and the general shape of the AIF is preserved. This should improve the flow quantification.

Transfer function has been widely used to characterize an unknown system. In

DSC MR approaches, vascular transfer function (VTF) represents the probability density

function of the vascular transit time. Our third contribution is to propose a new tool

to estimate intracranial VTF non-invasively. This should provide an alterative means of

assessing tissue perfusion status, particularly in patients with cerebrovascular diseases.

Bolus dispersion between the AIF and tissue curves may induce flow quantification

error, which cannot be minimized without the knowledge of vasculature. Our final contri-

bution is to develop an extended cerebral vascular model to minimize delay and dispersion

dependence by modelling flow heterogeneity in both bulk small arteries and capillary bed.

This should yield more stable flow rates less sensitive to bolus delay and dispersion.
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Chapter 1

Introduction

1.1 Magnetic Resonance Imaging

Studying characteristics of in vivo tissues in a human body has been a big challenge

over the last century. Magnetic resonance imaging (MRI) is the use of nuclear magnetic

resonance (NMR) phenomenon to study biological properties of in vivo tissue. It has been

developed maturely and as a consequence, MRI is routinely applied on clinical diagnosis

and scientific research.

Only nuclei with spin quantum number I 6= 0 can absorb/emit electro-magnetic

radiation, thereby providing nuclear magnetic resonance spectra. The spin states of the

nucleus or the so called magnetic quantum number, m, are quantified as

m = {I, (I − 1), (I − 2), · · · ,−I}. (1.1)

For example, for the most common and biologically relevant nuclei like H1, m =

{1/2,−1/2}, which means that only two energy levels can be taken by hydrogen.

The human body is primarily made of fat and water. Fat and water have so

many hydrogen atoms that the human body is approximately 63% hydrogen atoms. Since

hydrogen nuclei are abundant in human body and hydrogen has a NMR signal, MRI pri-

marily images the NMR signal from the hydrogen nuclei in human body. We will focus the

discussion on hydrogen nuclei with I = 1/2.
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Magnetic moment, µ, is a vector quantity that gives the direction and magnitude

of the “nuclear magnet”, and may be expressed as

µ = γIh/2π, (1.2)

where h is the Planck constant, and γ is the gyromagnetic ratio depending on the nature

of each nucleus.

In the ground state all hydrogen nuclear spins are disordered, and there is no

energy difference between them. Since they have a magnetic moment, as shown in Fig.

1.1, once we apply a strong external magnetic field B0, they can align in either the same

direction or in the opposite direction of the external magnetic field. This creates an energy

difference between nuclei aligned with and against B0. The energy difference is related to

the resonance frequency ν given by ν = γB0/2π (Hz).

Figure 1.1: Effect of an external magnetic field on hydrogen nuclei

Assume a hydrogen nucleus spins around its z axis. Now, if we put it in an external

magnetic field B0, the interaction between the magnetic moment µ and B0 will generate a

torque. Since the nucleus is spinning, there are two forces acting on it. One that wants to

bring it towards B0 and the other wants to keep it spinning. As shown in Fig. 1.2, µ ends

up precessing around B0. The frequency at which µ precesses around B0 or the Larmor

frequency, ω0, is defined as

ω0 = 2πν = γB0 (rad/s). (1.3)

Fig. 1.3 shows the effects on the macroscopic magnetization where contributions

from different nuclei have been averaged. We can decompose the magnetic moment of each
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Figure 1.2: Precession

nucleus into a z contribution and an xy plane contribution. The components in the xy

plane are randomly distributed and hence cancel out. Those in the z direction, yield a net

magnetization M0 proportional to the population difference.

By letting the system absorb energy to affect the spin population, we are able

to take the magnetization away from this condition and observe how it goes back to equi-

librium. The energy source is an oscillating electromagnetic radiation generated by an

alternating current. Let B1 be the oscillating magnetic field created by the alternating

current and it points perpendicular to the static field B0. When the frequency of the alter-

nating current is equal to the Larmor frequency, ω0, then we achieve a resonant condition.

The tiny alternating magnetic field and M0 interact, generating a torque on M0, and the

system absorbs energy. As illustrated in Fig. 1.4, since the system absorbs energy, which

results in modification of the populations of the energy levels, the equilibrium of the system

is altered. As a result, M0 is taken away from the direction of B0 to the xy plane and it

precesses about B0 and B1. The final position of the magnetization depends on the length

of time that B1 is applied. In the absence of the external magnetic field B1, Mxy will try to

return to M0, a phenomenon referred to as “relaxation”. The oscillation of Mxy generates

a fluctuating magnetic field which can generate a current in the receiver coil.

The mechanism that brings the magnetization Mxy back to the equilibrium state

M0 is called relaxation. There are two types of relaxation, and both are time-dependent
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Figure 1.3: Bulk magnetization

exponentially decaying processes.

The first one, called longitudinal (or spin-lattice) relaxation, is the result of the

interaction between the spins and the surroundings (or “lattice”). This energy loss brings

the magnetization components aligned with the z axis, Mz, back to the equilibrium state

M0. The longitudinal time constant T1 or the relaxation rate R1 = 1/T1 determines how

fast magnetization returns to the orientation with the main magnetic field as reflected by

Mz = M0(1− e−t/T1).

The other one is called transverse (or spin-spin) relaxation. It dephases the com-

ponents of magnetization lying on the xy plane (Mxy) by spin-spin interactions and thus

brings the transverse magnetization to their equilibrium value of zero. This transverse mag-

netization should decay at least as fast as the longitudinal magnetization relaxes to the z

axis. However, since the spin-spin interaction does not necessarily require any change in

energy, the transverse magnetization may relax to its zero equilibrium value faster than

the relaxation rate of the longitudinal relaxation. The transverse time constant or the

relaxation rate R2 = 1/T2 determines how fast the transverse magnetization varnishes as
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Figure 1.4: NMR excitation

reflected by Mxy = M0e
−t/T2 as illustrated in Fig. 1.5.

Different tissues have different T1 or T2 relaxation times. For example, the lon-

gitudinal and transverse relaxation times of gray matter differ from those of white matter

and cerebral spinal fluid (CSF). This can give us different image contrast among different

in vivo tissues.

1.2 Dynamic Susceptibility Contrast Perfusion-weighted Imag-

ing

Perfusion refers to the delivery of blood at the capillary level, where exchange of

oxygen and nutrients between blood and tissue takes place. It is measured by volume in

milliliters of blood delivered to 100g of tissue per minute.

Dynamic susceptibility contrast (DSC) approaches have been widely utilized in the

study of tissue perfusion. DSC Magnetic resonance (MR) perfusion-weighted imaging (PWI)

uses signal loss resulting from the susceptibility effect of the intravascular paramagnetic

tracers to derive various hemodynamic quantities.

In a DSC experiment, we inject a bolus of paramagnetic contrast agent (for ex-

ample, Gd-DTPA) into the brain. The tracers remain intravascular in the capillaries. The

presence of intravascular paramagnetic contrast agent induces a large susceptibility dif-
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Figure 1.5: Longitudinal and transverse Relaxation

ference between the capillaries containing the paramagnetic tracers and the surrounding

tissues, yielding strong local field gradients in the neighborhood of the vessel walls. As a

result, spins will process at different frequencies depending on their locations. The presence

of signal dephasing results in shortening of the proton spin relaxation times or in increasing

of the relaxation rates as follows:





R1(t) = R
(o)
1 + ∆R1(t),

R2(t) = R
(o)
2 + ∆R2(t),

(1.4)

where R1 and R2 are respectively the longitudinal and transverse relaxation rates, and R
(o)
i

is the original relaxation rate (i=1,2), while Ri(t) is the relaxation rate after contrast agent

injection (i=1,2).
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The effects of diffusion as well as local magnetic field extend the effects of T2

interaction. We can use this large signal change to monitor a contrast agent bolus passing

through the brain.

Upon injecting a paramagnetic contrast agent in the blood, a susceptibility MR

signal drop due to the first passage of the contrast agent through the brain tissue follows.

For normal volunteers, there is no difference between the two brain hemispheres as shown

in Fig. 1.6.

Acute ischemic stroke refers to stroke caused by the formation or the presence

of a blood clot within a blood vessel, or the sudden obstruction of a blood vessel by an

abnormal particle circulating in the blood. For acute stroke patients, damaged brain tissues

with reduced perfusion (e.g., ischemic tissue marked by the arrows in Fig. 1.7) only allow

passage of a small amount of contrast agent and therefore remain bright during the bolus

passage. DSC perfusion images thus can yield useful physiological information to detect

ischemic lesion.

By rapidly acquiring images prior to, during and after the injection of a contrast

agent, the temporal signal changes induced by the presence of the contrast agent may be

obtained. These typically consist of a baseline signal, a first passage and a recirculation of

the contrast agent as shown in Fig.1.8. The baseline signal is measured before the tracers

arrive in the region of interest (ROI). Once the tracers arrive in the ROI, a large signal

loss due to the signal dephasing is observed. As the tracers flow out of the ROI, the signal

intensity will eventually return to the baseline. The extent of the signal recovery depends

on the extent of the re-enter of the tracers into the ROI. This re-enter effect is called

“recirculation”.

Villringer et al. [1] have experimentally shown that the susceptibility MR signal

intensity due to a bolus of tracers such as Gd-DTPA is reflected by

S(t) = S0 · e−TE·∆R2(t), (1.5)

where S0 is the baseline signal, TE is the echo time of the used sequence and ∆R2(t) is the

change in R2 relaxation rate due to the presence of the contrast agent. In order to compute

various hemodynamic parameters, we need to convert the measured MR signal intensity

variations to changes in the tracer concentration, C(t), as illustrated in Fig.1.9.
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Figure 1.6: DSC perfusion images of a healthy volunteer. During the bolus passage, a MR
signal drop can be visualized. After the bolus passage, the signal returns to normal.

C(t) = κ∆R2 = − κ

TE
ln

(
S(t)
S0

)
(1.6)

where S(t) is the susceptibility signal intensity measured in the ROI at time t, κ is a constant

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

and C(t) is the concentration of tracers in the ROI at time t.
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Figure 1.7: DSC perfusion images of an acute stroke patient. Within the ischemic lesion ter-
ritory marked by the arrows, the MR signal drop is much less than that in the contralateral
normal hemisphere.
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1.3 Perfusion Quantification Model

When we compute hemodynamic parameters, only the first pass of the contrast

agent through the brain tissues should be considered. Recirculation effects therefore need

to be removed prior to estimating hemodynamic parameters. In the subsequent discussion

of hemodynamic quantification model, we assume the recirculation effects are eliminated in

concentration curves.

The perfusion quantification model is based on tracer kinetics for a bolus of non-

diffusible tracers, and on the assumption that the contrast agent remains intravascular due

to the intact blood-brain barrier (BBB). An intact BBB protects the brain from unwanted

chemicals or large molecules, as well as most systematically delivered therapeutic agents,

in the blood stream.

Assume an ideal instantaneous unit bolus injection, and suppose Q mg of contrast

agent is injected at time t = 0 . Each tracer particle has a different path and hence a

different transit time through the tissue of interest (TOI). Also assume that as t →∞, the

contrast agent will flow out of the TOI. Let F be the average volume of blood delivered to

100g of brain TOI per minute, and Cv(t) be the concentration of the contrast agent at the

venous output of the TOI. During a short time period [τ, τ + dτ ], the outgoing blood flow

is Fdτ ml. At time τ , FdτCv(τ) mg contrast agent flows out the TOI. When τ → ∞, all

tracers should leave the TOI, i.e. Q =
∫∞
0 FdτCv(τ). The rate that the tracer leaving the

VOI at time t may thus be defined as h(t) = FCv(t)R∞
0 FdτCv(τ)

.

The transport function h(t) defines the probability density function of the transit

times. During [τ, τ + dτ ], the fraction of the tracer injected at τ = 0 that leaves the TOI

is h(τ)dτ . At time t, the fraction of the tracer injected at t = 0 that leaves the system is

thus
∫ t
0 h(τ)dτ . The residue function R(t), in contrast, refers to the fraction of injected

contrast agent that entered the TOI at t = 0 which is still present in the TOI at time t.

R(t) is related to h(t) by

R(t) = 1−
∫ t

0
h(τ)dτ. (1.7)

From Eq. (1.7), ideally R(t) is a decreasing nonnegative function with R(0) = 1.

In practice, the tracers enter the TOI as some function of time, Ca(t) mg/ml, other

than a delta function. The concentration of tracers in the venous output of the TOI, Cv(t),

is determined by the arterial input function (AIF) Ca(t) and the transport function h(t) as
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Eq. (1.8).

Cv(t) =
∫ t

0
Ca(τ)h(t− τ) dτ = Ca(t) ∗ h(t), (1.8)

where ∗ denotes linear convolution.

It has been shown that the residual tracer concentration within the TOI is given

by [2]:

CTOI(t) = F ·
∫ t

0
Ca(τ)R(t− τ) dτ. (1.9)

Eq.(1.9) can be derived as follows. At time t, the amount of tracer remaining in

the TOI is given by

QTOI(t) = F

∫ t

0
Ca(τ)dτ − F

∫ t

0
Cv(τ)dτ. (1.10)

We hence, have,

QTOI(t) = F

∫ t

0
Ca(τ) ∗ (δ(τ)− h(τ))dτ = F

∫ t

0
Ca(τ) ∗

(
1−

∫ t

0
h(τ)dτ

)′
dτ

= F

∫ t

0
Ca(τ) ∗R(τ)dτ. (1.11)

F is not an absolute flow, but rather a relative flow in a specific TOI with volume

of V ml. QTOI(t) can thus be viewed as the relative mass of the tracer (mg) remaining in a

TOI with volume of V ml, i.e. it can be approximately viewed as the residual concentration

of the tracers in the system, CTOI(t) mg/ml.

Eq. (1.11) may also be viewed as follows: During a short period [t− τ, t− τ + dτ ],

the flow is Fdτ ml, and FdτCa(t − τ) mg of tracer is injected in the TOI. After a period

of τ time units is elapsed, the fraction of the tracer injected at t − τ that is still present

in the TOI at time t is R(τ). For those tracers injected at t − τ , FdτCa(t − τ)R(τ) mg

tracer remains in the system. At time t, hence QTOI(t) = F
∫ t
0 Ca(t−τ)dτR(τ)dτ mg tracer

remains in the TOI.

Cerebral blood flow (CBF) is measured by volume in milliliters of blood delivered

to 100g of tissue per minute. As shown in Eq. (1.9), it may be obtained through the

deconvolution of the tissue concentration with an appropriately selected AIF.
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Cerebral blood volume (CBV) is the fraction of the total tissue volume within a

voxel occupied by blood (ml/100g tissue). For an intact blood-brain barrier, CBV may be

computed [3, 4] as

CBV =
∫

C(t) dt∫
Ca(t) dt

. (1.12)

Mean transit time (MTT) is the average time required for any given particle of

tracer to pass through the tissue. It can computed using the transport function and is given

by

MTT =
∫ ∞

0
th(t) dt. (1.13)

CBF, CBV and MTT are related by the central volume theorem [3,4] given by

MTT = CBV/CBF. (1.14)

From Eq. (1.12), CBV can be estimated straightforwardly if the AIF Ca(t) is

known. However, sometimes one is interested in a relative CBV without the knowledge of

Ca(t). The relative regional cerebral blood volume (rrCBV) may be computed as the area

under C(t) [5, 6] as shown in Fig. 1.10 and given by

rrCBV =
∫

C(t) dt (1.15)

1.4 MRI Data Acquisition

Throughout this thesis, images were respectively acquired at a 3T scanner (Allegra,

Siemens Medical Systems Inc.) and at a 1.5T scanner (Vision, Siemens Medical Systems

Inc.) for the normal volunteer and the acute stroke patient studies. All experimental

protocols were approved by the institutional review board and written informed consent

was obtained prior to imaging studies. The acute stroke patients were recruited as part of

the clinical trials for neuroprotective agents. For the normal volunteer study, a single shot

T ∗2 -weighted echo planar imaging (EPI) sequence was used to acquire DSC images. The

imaging parameters were as follows: repetition time (TR) = 1.5 sec; echo time (TE) = 28

msec; field-of-view (FOV) = 220× 220 mm2; acquisition matrix = 64× 64; slice thickness
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Figure 1.10: Relative regional cerebral blood volume

(TH) = 5 mm and interslice gap = 1.5 mm. A total of 12 slices were acquired. This sequence

was also used for patient studies with the exception that TR and TE were 2 sec and 54

msec, respectively. The DSC perfusion sequence was repeated 60 and either 40 or 50 times

for the normal volunteer and patient studies, respectively. The contrast agent (Gd-DTPA,

0.1 mmol/kg) was injected by hand, at a rate of ∼ 2ml/s, after the completion of 5th scan

while subjects laid still inside the magnet.

In addition to DSC images, diffusion-weighted imaging (DWI) and T2-weighted

images were also acquired for acute stroke patients. DWI images with b = 0 and b =

1000 s/mm2 along all three main axes were acquired and subsequently trace apparent

diffusion coefficient (ADC) maps were calculated. The imaging parameters for the DWI

sequence were as follows: TR = 2 sec; TE = 100 msec; TH = 7 mm; FOV = 240×240 mm2

and 20 slices. All patients were imaged three times with the first time point (tp1) occurring

within 6 hours, the second time point (tp2) within 3-5 days, and the third time point

(tp3) taking place 1 or 3 months after symptom onset. The follow-up T2-weighted images

consisted of 12 slices (TH = 6 mm, interslice gap = 1 mm, FOV = 220 × 220 mm2 and

acquisition matrix = 256× 256). The DSC and DWI images acquired at tp1 and tp2 were
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spatially coregistrated to the follow-up tp3 T2-weighted images1.

1.5 Motivation

Stroke is the third lead cause of death in the United States. For an acute stroke,

prompt medical attention is very important. Thrombolysis is the use of drugs to dissolve

blood clots. Research suggests that when used to treat stroke, thrombolysis can prevent

paralysis and other problems that otherwise might result. For thrombolysis to be effective

in treating strokes, prompt medical attention is crucial. For an acute stroke, the use of

thrombolysis within 3 hours after symptom onset is an established therapy. Usage beyond

that time window is still a matter of debate. In many parts of the world, including the

United States, most stroke patients reach hospital long after 3 hours or even 6 hours. There

are about 616,000 ischemic stroke occurrences in the United States each year, and only a

small percentage of patients presenting with an acute stroke ever receive thrombolysis.

Advanced MRI techniques can provide diagnostic imaging information for stroke

patients. Compared to conventional CT or MRI T2-weighted images, DSC perfusion-

weighted images can yield various cerebral hemodynamic parameters such as CBF, CBV

and MTT which are highly sensitive in diagnosing acute cerebral ischemia.

As shown in Fig. 1.11, prior to estimating hemodynamic parameters, recircula-

tion effects need to be removed from the tissue concentration curve. Since conventional

approaches such as gamma-variate fitting cannot effectively minimize recirculation effects

especially in case of a reduced MR signal change and a temporal overlap between the first

and subsequent passages of the contrast agent, hemodynamic parameters such as CBV may

be over- or under-estimated as it is directly proportional to the area underlying the tissue

concentration curve. For this reason, a better method that is capable of effectively removing

recirculation is highly desirable.

After recirculation effects are removed, CBF can be estimated by deconvolving the

tissue concentration curve with an appropriately selected arterial input function as shown

by Eq.(1.9). Normally a global AIF measured in large vessels such as middle cerebral artery

(MCA) is used to estimate CBF for all brain voxels. This global AIF may lead or lag some

tissue curves, which inevitably induces delays between the global AIF and tissue concen-
1An automated image registration software package, AIR 5.2.5 (University of California at Los Angeles) [7,

8] using an affine, 12-parameter transformation model and trilinear interpolation was used for coregistration.
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tration curves. It has been shown that bolus delay, particularly in patients with cerebral

ischemia, will lead to inaccurate estimates of CBF using singular value decomposition de-

convolution (SVD) for images obtained with the DSC approaches. The bolus delay, thus,

need to be eliminated to obtain an accurate estimation of CBF.

Analysis of the transfer function has been widely used to characterize an unknown

system. In DSC MR approaches, vascular transfer function (VTF) represents the proba-

bility density function of the vascular transit time. The ability to estimate the intracranial

VTF non-invasively should potentially provide highly relevant physiological information,

particularly in patients with cerebrovascular diseases.

It has been shown that bolus delay and dispersion between the AIF and tissue

curves may induce flow quantification error by SVD. Although bolus delay may be mini-

mized, bolus dispersion may not be corrected without the knowledge of vasculature of the

blood vessel bed.

It is, therefore, necessary to find an alternative method to remove recirculation

effects while preserving the first passage of the contrast agent for DSC perfusion data ac-

quired from both normal volunteers and acute stroke patients. In addition, approaches to

correct bolus delay are needed to obtain an accurate estimate of CBF. Moreover, method-

ology to estimate intracranial vascular transfer function non-invasively is of great interest.

Furthermore, vascular models describing cerebral flow heterogeneity in both small arteries

and capillary bed should yield more stable CBF quantification comparing to the SVD ap-

proach. This thesis aims to develop a novel methodology to effectively remove recirculation,

techniques to correct bolus delay on flow estimation, as well as method to non-invasively

estimate intracranial VTF and a modified vascular model to describe cerebral flow hetero-

geneity. This should improve estimation of hemodynamic parameters as well as provide an

alterative means of assessing tissue perfusion status, and thus yield more accurate delin-

eation of acute perfusion abnormality.

1.6 Main Contributions

In Chapter 2, we propose a novel methodology to remove recirculation effects in

dynamic susceptibility contrast MRI images using temporal independent component analy-

sis. Assuming the first-pass and the recirculation of the contrast agent may be distinguished
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Figure 1.11: Clinical application of DSC perfusion imaging

as different temporally independent components, recirculation may be eliminated from the

temporal tissue curves. The capability to accurately remove effects of recirculation while

preserving the first-pass even when they are overlapped, should further improve the accuracy

of DSC MRI for obtaining cerebral hemodynamics.

In Chapter 3, an alternative approach to correct bolus delays between the global

arterial input function and tissue curves on cerebral blood flow quantification is proposed.

The correct bolus arrival time may be obtained based on temporal independent component

analysis of DSC MRI images. By shifting the global AIF to the correct bolus arrival time

for each 5 × 5 region of interest, the general characteristics of AIF is preserved, while the

bolus delays may also be corrected. More accurate estimation of cerebral blood flow using

SVD may be obtained.

In Chapter 4, a novel tool to non-invasively estimate VTF based on spatial inde-

pendent component analysis is proposed. Local arterial input function may be constructed
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by applying spatial independent component analysis to DSC MRI data. Voxel-by-voxel

VTF may be subsequently estimated through the deconvolution of the local AIFs with a

global AIF using SVD but with a block-circulant matrix (cSVD). The VTF may offer an

alterative means of assessing tissue perfusion status.

In Chapter 5, a modified vascular model is developed to model cerebral flow het-

erogeneity using normal rat cerebral MR data. Not only the vasculature between the major

vessel and any local vessel, but also the vasculature between any local vessel to the tissue

of interest may be modelled. By modelling the blood flow heterogeneity in small arteries,

as well as in the capillary bed, more stable flow rates may be obtained in comparison to the

conventional SVD approach.

In Chapter 6, we provide some extensions and new research arenas for future work.
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Chapter 2

Recirculation Removal in Dynamic

Susceptibility Contrast MRI

In DSC perfusion-weighted imaging, effects of recirculation are normally mini-

mized by a gamma-variate fitting procedure on the concentration curves prior to estimating

hemodynamic parameters. The success of this method, however, hinges largely on the

extent to which MR signal is altered in the presence of a contrast agent and a temporal

separation between the first and subsequent passages of the contrast agent. Moreover, im-

portant physiological information might be compromised by imposing an analytic equation

on all measured concentration curves. We propose to exploit independent component analy-

sis [9] to minimize effects of recirculation in DSC. Results obtained from simulation, normal

healthy volunteers and acute stroke patients demonstrate that such a technique can greatly

minimize the effects of recirculation despite a substantial overlap between the first passage

and recirculation. This in turn should improve estimation of cerebral hemodynamics par-

ticularly when an overlap between the first passage and recirculation is suspected as in the

case of an ischemic lesion.
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2.1 Introduction

Dynamic susceptibility contrast approaches have been widely utilized in the study

of tissue perfusion [2,10–16]. In a DSC experiment, a bolus of paramagnetic contrast agent

(for example, Gd-DTPA) is injected intravenously, and its passage through blood vessels

induces signal reduction when a T ∗2 /T2-weighted sequence is used. By rapidly acquiring

images prior to, during and after the injection of a contrast agent, temporal signal changes

induced by the presence of the contrast agent can be measured. MR susceptibility signal

change is subsequently converted to a relative concentration time course. Finally, various

post-processing approaches such as SVD [2], are used to estimate CBF, CBV and MTT.

While approaches to estimate these physiological parameters differ, they share a

common goal of removing the effects of recirculation so that a more accurate estimate of

cerebral hemodynamics may be obtained. To this end, fitting the concentration time curves

to a gamma-variate function [17, 18] has been one of the most commonly employed ap-

proaches. Although widely utilized, this approach has two major limitations. One primary

limitation is that the success of this approach hinges largely on the extent to which MR sig-

nal is altered in the presence of a contrast agent and on a temporal separation between the

first and subsequent passages of the contrast agent. When normal and young volunteers are

studied, these two requirements are easily fulfilled, making it straightforward to separate

the first passage from the recirculation. In contrast, substantially broadened concentra-

tion curves with a reduced signal change may be present in patients with cardiovascular

and/or cerebrovascular diseases. Under such condition, it can be a challenge to effectively

minimize recirculation by fitting a gamma-variate function to the concentration time curve.

Another limitation of this approach is that important physiological information may poten-

tially be lost by imposing an analytic equation on all measured concentration time curves.

New approaches capable of minimizing effects of recirculation while preserving the original

characteristics of the concentration time curves are therefore warranted.

Independent component analysis (ICA) has been widely used to determine un-

derlying independent signal sources from observed data with minimal knowledge of the

sources [9, 19–24]. This blind source separation method has previously been used to iden-

tify regions of activation in functional magnetic resonance imaging [25–31], to remove large

vessel effects [32] and to define local arterial input functions [33] in DSC MRI images, to

segment different brain tissues [34], and to remove artifacts and random noise in diffusion
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Figure 2.1: Fitting the tissue curve with a gamma-variate function to remove recirculation

tensor images [35]. Assuming that the concentration time curves are linear superpositions

of MR signal changes arising from contributions such as arteries, veins, tissue, recirculation

and noise, we propose to use ICA to minimize effects of recirculation in DSC experiments.

Results from simulation, normal volunteers and acute stroke patients will be provided to

demonstrate the effectiveness of this ICA approach.

2.2 Previous Work: Gamma-variate Fitting

As illustrated in Fig. 2.1, the concentration curves are normally fitted by a gamma-

variate function as proposed in [17,18] in an attempt to remove recirculation [16]. And the

gamma-variate function is given by:

CΓ(t) =





A(t− t0)Be−D(t−t0) t0 ≤ t

0 otherwise,
(2.1)

where t0 is the time for the tracers to arrive in the tissue of interest, which is also called

“time to arrival” (TTA).

For better efficiency and a reduction in complexity for gamma-variate fitting, a
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logarithmic transformation may first be applied to each tissue concentration curve prior to

fitting. The time to the peak (TTP) is first estimated as the transformed concentration

curve reaches its maximum. A linear model of log CΓ(t) defined in Eq.(2.2) up to the right

turning point may be obtained in the least square sense using the Levenberg–Marquardt

method [36–38],

log CΓ(t) =





log A + B · log(t− t0)−D(t− t0) t0 ≤ t

0 otherwise.
(2.2)

The left and right turning points of transformed concentration curve are estimated

to lie in the half maximum before and after TTP, respectively. The initial estimates for the

fitting parameters can be obtained as follows: An initial guess for the TTA of the bolus,

t
(0)
0 , may be estimated by searching from TTP backward for two successive values which

are smaller than 10% of the maximum. Fitting parameters, log A(0), B(0), and D(0), are

estimated such that the maximum and the turning points of log CΓ(t) correspond to the

maximum and the turning points of the logarithm transformed concentration curve. Upon

convergence, each fitted curve may be extrapolated from the right turning point to the end,

and then transformed back using an exponential transformation to obtain the fitted forward

concentration curve.

This approach, however, has several drawbacks. First, the success of this ap-

proach hinges largely on the extent to which MR signal is altered in the presence of a

contrast agent and on a temporal separation between the first and subsequent passages of

the contrast agent. For example, a DWI image of an acute stroke patient is shown in Fig.

2.2(a), delineating the presence and extent of the acute ischemic lesions2. The red dot in-

dicates a voxel randomly selected from the ipsilateral hemisphere3. Similarly, the follow-up

T2-weighted image of the same patient is shown in Fig. 2.2(b), delineating the presence and

extent of the final infarction4. The tissue concentration curve without recirculation removal

(dash-dot line) and its gamma-variate fit (solid line) are shown in Fig. 2.2(c). Comparing

to the tissue concentration curve shown in Fig. 2.1, which is obtained from a normal voxel

located in the contralateral hemisphere of the same patient, the tissue curve obtained from

the ipsilateral hemisphere has a relatively small MR signal change and the first and sub-
2The DWI abnormalties can be visualized as regions with hyperintensities in a DWI image.
3An ipsilateral voxel means the voxel is located in the same hemisphere as the ischemic lesions. On the

other hand, a contralateral voxel is located in the opposite hemisphere with respect to the ischemia lesions.
4The T2 infarction may be visualized as regions with hyperintensities in a T2 image.
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sequent passages of the contrast agent are temporally overlapped. This resulted from the

fact that for patients with cardiovascular and/or cerebrovascular diseases, vessel blockage

may induce reduced blood perfusion, and hence resulting brain tissue damage. When cere-

bral hemodynamics is compromised such as cerebral ischemia, thus, the passage of only a

small amount of contrast agent is allowed. A substantially broadened concentration curve

is anticipated, leading to the first passage inevitably overlapping with recirculation. It is

clear from Fig. 2.2(c) that under such condition, the currently available approaches are

unlikely to offer a consistent means for discerning contributions of recirculation from the

first passage.

Second, important physiological information may potentially be lost by imposing

an analytic equation on all measured concentration time curves. An alternative method is,

therefore, in order.

2.3 Simulation Studies

The ICA approach is only valid when the signal sources are independent of each

other and at most one source is normally distributed. In the current study, ICA analysis

on the basis of a standard Infomax algorithm was used, and this approach is effective

only when the distributions of these source signals are super-Gaussian. Simulation studies

were conducted to examine the statistical dependence between the first passage and the

recirculation, as well as the distributions of concentration curves to determine the validity

of the proposed ICA approach in discerning the first passage from recirculation. The kurtosis

of each first-pass and the associated recirculation component was calculated to determine

whether the sources are super- or sub-Gaussian. In addition, the sum of squared error

(SSE) between the estimated and the putative first passage were studied to determine the

effectiveness of this approach. Detailed discussion of these simulation studies is given below.

2.3.1 Statistical Independence

One of the main assumptions for the proposed ICA is that the first passage and

recirculation are statistically independent. It is therefore, imperative to determine the va-

lidity of such assumption. A 5 × 5 ROI (marked by the black square) was chosen from
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(a) Acute DWI image (b) Follow-up T2 image
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(c) Removing recirculation using gamma-variate fitting

Figure 2.2: Recirculation removal using gamma-variate fitting for an acute stroke patient
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Figure 2.3: The anatomical image of a normal volunteer

one slice of a normal subject as shown in Fig.2.3. A cut-off time was manually determined

on the basis of the operator’s subjective judgment for each of the 25 concentration time

courses within the ROI in order to best separate the putative first passage and recirculation

as demonstrated in Fig.2.4. Subsequently, to simulate different degrees of overlap and to

increase the ambiguity between the first passage and recirculation, the maximum concentra-

tion of the operator-defined recirculation was first scaled to approximately half maximum

of the corresponding operator-defined first-pass and was then artificially left shifted in time

with respect to the first passage ranging from 1.5 sec to 10.5 sec with an increment of 1.5

sec. For example, Fig.2.5 shows the resulting averaged composite concentration curve of

the first-pass and the left shifted (7.5 sec) and scaled operator-defined recirculation within

the ROI. Finally, a Spearman rank coefficient test was employed to determine the degree

of statistical independence between the first-pass and recirculation.

Spearman Rank Correlation Test

Spearman rank correlation test is one of the widely used non-parametric methods

to determine the correlation between two random variables X = (x1, x2, · · · , xN )T and

Y = (y1, y2, · · · , yN )T especially when none of them is Gaussian distributed.

Let random variables Xr = (xr1, xr2, · · · , xrN )T and Yr = (yr1, yr2, · · · , yrN )T be

the rank random variables corresponding to X and Y respectively. That is, Xri is the rank
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Figure 2.4: An operator-defined cut-off time (marked by the arrow) was selected to best
separate the putative first-pass and recirculation.
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Figure 2.5: Averaged simulated composite time course when the operator-defined recircu-
lation time courses were left shift in time by 7.5 sec
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of Xi among all the other values that X takes in the sample, and similarly Yri is the rank of

Yi among all the other values that Y takes in the sample. If some of the xi’s (or yi’s) have

identical values, it is conventional to assign to all these “ties” the mean of the ranks that

they would have had if their values had been slightly different. The rank variables Xr and

Yr are, thus, uniformly distributed on [1, N ]. The Spearman rank correlation coefficient is

defined as the linear correlation coefficient between Xr and Yr as reflected by Eq.(2.3).

rs =

N∑

i=1

(Xri − X̄r)(Yri − Ȳr)

√√√√
N∑

i=1

(Xri − X̄r)2(Yri − Ȳr)2

(2.3)

Unlike the linear correlation coefficient (or the Pearson correlation coefficient)

which is the best estimate of the correlation between X and Y when both of them are

Gaussian distributed, the Spearman rank correlation coefficient does not depend on the

original distributions of the random variables.

2.3.2 Effectiveness of the ICA Approach

Composite concentration curves with different degrees of overlap between the first-

pass and recirculation were first obtained as aforementioned. Both the proposed ICA and

the commonly employed gamma-variate fitting methods were employed to extract the first-

pass from the composite concentration curves. Since the putative first-pass was available,

the SSE between the estimated first-pass using either the proposed ICA approach or the

gamma-variate fit and the putative first-pass was calculated to test the effectiveness of each

method.

2.4 Independent Component Analysis

In the current study, Infomax [19], one of the most widely used ICA algorithms,

was employed to reveal different temporal components in the concentration time curves.

The temporal Infomax algorithm with a maximum likelihood formulation analysis (ICAML)

was applied to concentration time curves within each 5×5 ROI throughout the entire brain

parenchyma as
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Ci(tj) =
M∑

k=1

aiksk(tj) (i = 1, · · · , 25; j = 1, · · · , N), (2.4)

where Ci(tj) is the concentration time curve obtained at voxel i at time tj , aik is the mixing

coefficient, sk(tj) is the kth temporal independent component (IC) at tj , N is the number

of measurements (N=60 and either 40 or 50 respectively for normal volunteer and patient

studies), and M is the number of sources.

Since the number of latent components, M , is unknown, the Bayesian Information

Criterion (BIC) method [39,40] was employed to estimate the number of sources.

In general, given an observed dataset C, the posterior probability of the model

containing m sources is P (m|C) (m = 0, · · · ,K), where K is the number of observed

random variables in the dataset. Assuming the model is defined in terms of a parameter

vector θ, let P (C|θ, m) be the generative model density given by the observation. We then

have,

P (C|m) =
∫

P (C, θ|m)dθ =
∫

P (C|θ, m)P (θ|m)dθ. (2.5)

In practice, it may be difficult to obtain an analytical form of the integral in Eq.

(2.5). The Bayesian Information Criterion approximation may be used instead. Approx-

imating the integral by a Gaussian in the vicinity of the maximum posterior parameter

vector θ∗ which maximizes the integrant, Eq. (2.5) becomes

P (C|m) ≈ P (C|θ∗,m)P (θ∗,m)T−d/2, (2.6)

where d is the dimension of the parameter vector θ, and T is the number of training cases.

The posterior probability of the model containing m sources, P (m|C), can thus

be obtained using the Bayes Theorem by

P (m|C) =
P (C|m)P (m)

P (C)
(m = 0, · · · ,K), (2.7)

where P (m) is the prior probability. Usually a uniform distribution over the set {0, · · · ,K}
is used if there is no prior belief.

By estimating the posterior probability of the model containing M components,

the model order may be determined by M = argmax
m∈[0,1,···,K]

P (m|C) 5.

5Matlab code for BIC based ICAML analysis is available through the website [41].
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2.5 Identification of Recirculation Components

In order to determine the potential components contributed by recirculation, the

following procedures and criteria were employed. First, the relative energy of each IC,

Pk(k = 1, ..., M), was calculated as in Eq.(2.8).

Pk =

25∑

i=1

a2
ik

N∑

j=1

s2
k(tj)

M∑

k=1

25∑

i=1

a2
ik

N∑

j=1

s2
k(tj)

(k = 1, · · · ,M) (2.8)

Second, the full-width-half-maximum (FWHM) of the major dip/peak of each

component was obtained. Third, the TTA of the major dip/peak of each component was

estimated as the time when the component reaches the half maximum. Fourth, the com-

ponents with the earliest TTA were first excluded, and the mean TTA of the remaining

components was used as a threshold such that any component with a TTA later than this

threshold was determined to be a late arrival component. Fifth, the late arrival ICs with a

relative energy less than 20% of the total energy and the largest FWHM, which also needs to

be at least 10.5 sec for normal subjects and 14 sec for acute stroke patients, were considered

as recirculation components. If no recirculation associated IC was found, M was increased

and ICA analysis was repeated. Sixth, after determining the recirculation components,

other late ICs with relative energy smaller than that of the recirculation components were

considered as noise components. Finally, both recirculation and noise components were

excluded, and concentration time courses were then reconstructed using the remaining ICs.

2.6 Relative Regional Cerebral Blood Volume Analysis

If recirculation components were not effectively removed from the first passage,

rrCBV calculated as the area beneath each concentration time curve [5,6] may be overesti-

mated. A ROI approach was employed to obtain quantitative measures of rrCBV to assess

effectiveness of minimizing recirculation. In the normal subject group, mean rrCBV en-

compassing both hemispheres in one slice was determined for comparison. For acute stroke

patients, on the other hand, two ROIs were defined to obtain estimates of rrCBV based on

the 1 or 3-month follow-up T2-weighted images with one ROI encompassing the T2 lesion
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and the other at a similar anatomical region in the contralateral hemisphere. In addition,

normalized rrCBV maps were also generated, which is defined as the rrCBV differences

between the gamma-variate fitting and the ICA approach and normalized to that obtained

using gamma-variate fitting.

2.7 Statistical Analysis

Statistical analyses based on right-tailed paired t-test were employed to compare

the performance of ICA and gamma-variate fitting using SSE in simulation studies and

rrCBV in stroke patient studies. A P -value less than 0.05 was considered significantly

different.

2.8 Results

The proposed methodology was tested using the DSC images acquired from three

healthy volunteers (one male, two females, age 24-33) and five acute stroke patients (three

males, two females, age 63-83).

The BIC procedure demonstrates that the number of independent components,

M , varies at different anatomical locations and among different subjects. For example,

Fig. 2.6 and Fig. 2.7 illustrate the optimum number of independent components estimated

using BIC for an ipsilateral noninfarction ROI and an infarction ROI of an acute stroke

patient respectively. BIC, nevertheless, reveals M ranging between 5 to 7 components. An

M of five was therefore typically used in our study. In the event that none of the ICs

fulfilled the criteria as a recirculation component, M was increased up to 7, and the entire

process was repeated. This approach has proven to be robust in identifying the recirculation

components.

2.8.1 Simulation Studies

The Spearman rank correlation test for the composite concentration curves with

different degrees of overlaps between the first-pass and recirculation is summarized in Table

2.1. Although the Spearman rank correlation coefficients are nonzero, they are relatively
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(a) An ipsilateral noninfarct ROI
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(b) The optimum number of independent components is M = 7.

Figure 2.6: Component probability distribution calculated using BIC for an ipsilateral
noninfarction ROI from the data acquired on an acute stroke patient

Artificial shift in time (in time) 1.5 3.0 4.5 6.0 7.5 9.0 10.5
Averaged Spearman rank coefficient -0.078 -0.059 -0.048 -0.019 0.003 0.02 0.046

Averaged P-value 0.551 0.668 0.604 0.565 0.495 0.371 0.346

Table 2.1: Analysis for determining statistical independence between first-pass and
recirculation

small (ranges from -0.078 to 0.046). Moreover, even when a substantial overlap is present

(time shift = 10.5 sec), an average Spearman rank correlation coefficient of 0.046 (P > 0.3)

is obtained, suggesting that the first-pass and recirculation remain statistically independent.

Standard Infomax algorithm may fail when the sources are sub-Gaussian. The

averaged kurtosis for the putative first-pass and recirculation of the concentration curves

within the predefined 5× 5 ROI in Fig. 2.3 are 6.68 and 0.42, respectively. Since both the

first-pass and recirculation have positive kurtosis, they are likely to be super-Gaussian and

thus the standard Infomax algorithm may be used.

The ability of the proposed ICA approach to separate the first-pass from the re-
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(a) An infarction ROI
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(b) The optimum number of independent components is M = 6.

Figure 2.7: Component probability distribution calculated using BIC for an infarction ROI
from the data acquired on the same patient shown in Fig. 2.6

circulation is shown in Fig.2.8. The same 5 × 5 ROI displayed in Fig.2.3 was chosen to

illustrate the proposed approach. Although all of the procedures outlined in the Simulation

Studies section were carried out on a voxel-by-voxel basis, the averaged concentration curve

of the 25 voxels within the ROI is shown for better illustration (this convention is used here-

after unless otherwise mentioned). ICA analysis and gamma-variate fitting were performed

for the composite concentration time courses shown in Fig.2.5 when the operator-defined

recirculation was scaled and artificially left shifted in time for 7.5 sec with respect to the

corresponding first-pass. Seven ICs are observed in Fig.2.8(a) and IC4, IC5, IC6 and IC7

(marked by the arrows) are identified as recirculation or noise components (relative energies

of 4.34%, 4.18%, 3.52% and 1.66%, respectively). The averaged operator-defined first-pass

(solid line), the averaged gamma-variate fit (dash-dotted line), and the averaged ICA re-

constructed time-course (dashed line) after removing IC4, IC5, IC6 and IC7 are shown in

Fig.2.8(b). The gamma-variate fit substantially over-estimates the first-pass, whereas the

ICA approach provides more similar results to the operator-defined first-pass.
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The same 5 × 5 ROI as shown in Fig.2.3 was used to quantitatively compare

the effectiveness of the proposed ICA methodology and that of the gamma-variate fit for

minimizing recirculation. The averaged SSEs between the estimated first-pass using either

the proposed ICA approach or the gamma-variate fit and the operator-defined first-pass with

different time shifts (1.5 sec to 10.5 sec), are shown in Fig.2.9. Statistical analysis reveals

that the SSE deviations from the operator-defined first-passages for fitting are significantly

larger than those for ICA (P = 0.03). Although both the proposed ICA approach and

the gamma-variate fit perform equally well for time shift less than 4.5 seconds, a marked

increase in SSE deviation is observed when the time shift is greater than 4.5 seconds using

the gamma-variate fitting approach, whereas a rather small SSE is observed using the ICA

approach for all of the evaluated time shifts. These findings suggest that the proposed

ICA approach is more effective than the gamma-variate fitting approach in separating first-

pass from recirculation, even when a substantial overlap between the first-pass and the

recirculation is present.

2.8.2 Normal Volunteer Study

A representative image from a normal volunteer is shown in Fig.2.10(a). The

square indicates the 5 × 5 ROI used to illustrate the effectiveness of the proposed ICA

approach. Five ICs are observed in Fig.2.10(b) where IC4 and IC5 (marked by the ar-

rows) are identified as the recirculation component (relative energy of 1.09%) and the noise

component (relative energy of 0.33%), respectively. A direct comparison between the origi-

nal concentration curve (dash-dotted line) and those obtained using gamma-variate fitting

(solid line) or ICA (dashed line) is shown in Fig.2.10(c).

A direct comparison of the normalized rrCBV maps for all three volunteers is

shown in Fig.2.11. Consistent with that observed in Fig.2.10, similar rrCBV values are

obtained using gamma-variate fitting and ICA. This suggests that both approaches are

equally effective in minimizing the effects of recirculation for normal volunteers.

2.8.3 Acute Stroke Patient Study

A representative T2-weighted image from an acute stroke patient is shown in

Fig.2.12, delineating the presence and extent of an ischemic lesion. In order to illustrate
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the efficacy of the proposed ICA method in minimizing recirculation in different regions

with respect to the ischemic lesion, three ROIs were chosen: one at the center of the is-

chemic core (red square), one at the peri-infarct area (blue square), and the other in the

contralateral hemisphere (yellow square). For the ROI in the contralateral hemisphere, five

ICs are observed (Fig.2.13(a)) and IC5 (marked by the arrow) is identified as the recircu-

lation component (relative energy of 1.57%). For the ROI containing primarily the core,

six ICs are observed (Fig.2.14(a)) and IC4 (marked by the arrow) is identified as the re-

circulation component (relative energy of 9.33%). In addition, for the peri-infarct region,

five ICs are observed (Fig.2.15(a)) and IC4 (marked by the arrow) is identified as the re-

circulation component (relative energy of 8.25%). A direct comparison of the unprocessed

concentration time curves (dash-dotted line), gamma-variate fitting-processed (solid line),

and ICA-processed (dashed line) to minimize recirculation effects for the three ROIs, is

shown in Fig.2.13(b), Fig.2.14(b), and Fig.2.15(b), respectively. Consistent with the nor-

mal volunteer studies, similar results are obtained via the gamma-variate fitting and ICA

approach in the contralateral hemisphere, whereas the ICA approach is consistently more

effective than the gamma-variate fitting in minimizing the contribution of recirculation in

both the core and peri-infarct regions.

Fig.2.16 shows the normalized rrCBV maps for all five acute stroke patients (left to

right). For each patient, a follow-up T2-weighted image (top), delineating the presence and

extent of the final ischemic lesions, and the corresponding normalized rrCBV map (bottom)

are shown. A marked overestimation of rrCBV using the gamma-variate fitting is observed

in regions of ischemic lesions (red areas). Interestingly, some regions exhibit a higher rrCBV

using the ICA approach when compared with that obtained using the gamma-variate fits

(blue areas).

2.8.4 ROI Analysis

Results obtained from the ROI analysis are summarized in Fig.2.17 for both the

normal volunteer and the acute stroke patient studies. For the normal subject study, the

rrCBV values obtained using the gamma-variate fitting are comparable to those obtained

using the ICA method. In contrast, for acute stroke patient study, even in the contralateral

hemisphere, the normalized percent rrCBV difference between gamma-variate fits and ICA

results ranges from -0.54% to 14.1%, not to mention that in the final T2 lesion regions, which
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ranges from 16.1% up to 21.1%. Statistical analysis reveals that the averaged percent rrCBV

differences (19± 2%) between the gamma-variate fitting and ICA methodology in T2 lesion

tissue are significantly larger (P < 0.005) than those obtained from the contralateral tissue

(8± 5%).

2.9 Discussion

A new methodology to minimize recirculation effects for DSC PWI is proposed.

It entails the decomposition of concentration time courses into temporally and statistically

independent sources, and the identification and subsequent minimization of the recirculation

components. This methodology was tested on simulated concentration time curves, normal

volunteers and acute stroke patients with various degrees of ischemic abnormalities.

Temporal ICA assumes temporal and statistical independence among the compo-

nents. Although it is possible to consider that the first-pass and recirculation concentration

time courses are temporally shifted from one another and conceivably highly correlated, by

and large, the paths through which the contrast agent reaches the brain can be different.

From a physiological point of view, one could consider that the main path through which the

contrast agent reaches the brain during the first-pass, is from the injection site, the heart,

and the carotid/vertebral arteries. In contrast, the sources/paths during recirculation are

far more complicated. They include, from a very simplistic view, the originally observed

contrast agent during the first-pass but travelling through the intracranial venous system,

back to the heart and then again reaching the brain as well as the contrast agent which

was not observed during the first-pass because it initially travelled through the peripheral

circulation. The first-pass and recirculation are, therefore, not very likely to be highly

dependent.

Using the Spearman rank correlation test and the composite concentration curves

with a varying degree of overlap, a rather small Spearman rank correlation coefficient was ob-

tained, independent of the degrees of overlaps between the first-pass and recirculation. This

finding suggests that the first-pass and recirculation are weakly dependent. In addition, both

the first-pass and recirculation have positive kurtosis, indicating they are super-Gaussian.

Together, these findings indicate that the ICA analysis on the basis of the standard Info-

max algorithm should be appropriate to discern the first-pass from recirculation. These
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findings are further augmented by simulation results. Composite concentration curves with

various degrees of overlaps between the first-pass and recirculation were simulated. When

the first-pass and the recirculation are well separated, both gamma-variate fitting and ICA

methods successfully remove recirculation effects. In contrast, as the overlap between the

first-pass and recirculation increases, the gamma-variate fitting approach fails to minimize

the effects of recirculation (Fig.2.8 and Fig.2.9). This finding is not surprising since the

success of the gamma-variate fitting approach greatly hinges on the temporal separation

between the first-pass and recirculation. As a result, when a substantial overlap between the

first-pass and recirculation is present, ICA outperforms the gamma-variate fitting method.

These simulation results suggest that the proposed ICA technique is capable of minimizing

recirculation even with a broadened curve, underscoring the potential significance and im-

pacts on results obtained from patients with compromised brain perfusion such as cerebral

ischemia.

Consistent with the simulation results, both gamma-variate fitting and ICA per-

form quite well in minimizing the effects of recirculation in normal volunteers as well as

the putative normal brain regions of acute stroke patients. However, in regions of ischemic

lesions a substantially higher rrCBV is observed using the gamma-variate fitting approach

when compared with that obtained using ICA. This finding is likely to be explained by the

inability of the gamma-variate fitting approach to minimize effects of recirculation when the

concentration curves are broadened. The use of the proposed ICA method should therefore

improve, in principle, the quantification of cerebral hemodynamics such as CBV, CBF and

MTT especially in case of ischemic stroke.

While the proposed ICA approach is highly effective in minimizing effects of recir-

culation, it should be noted that the reconstructed concentration time courses after removing

the recirculation and noise components are slightly different from the operator-defined first

passages (Fig.2.8(b)). Several potential factors could account for the observed discrepan-

cies, including the choice of the number of ICs, the size of ROI for ICA analysis, and the

criteria for identifying recirculation components. We will separately discuss these potential

factors below. First, with the Bayesian Information Criterion model selection, it suggests

that an optimal number of ICs between 5 and 7 can account for most of the temporal MR

signal variation. In this study, the number of ICs was, therefore, predefined to be within

5 to 7 components. One of the potential pitfalls associated with this predefined number of

ICs, is that if the number of ICs is too large, ICA analysis can split the same information
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into several temporal components. As a result, it may lead to sub-optimal temporal de-

composition of the concentration time curves. In addition, when using a large number of

components, it will become more difficult to interpret each independent component in terms

of its underlying physiological origin(s). Although, choosing 5 to 7 components appears to

be robust in minimizing the recirculation effects in the current study, contributions coming

from the first-pass and the recirculation may not be fully separated in some cases. Some

contributions of the first-pass may also be removed (Fig.2.8(b)), and/or the recirculation

effects may not be completely removed (blue regions in the bottom row of Fig.2.16). Nev-

ertheless, in contrast to the large errors observed with gamma-variate fitting for broadened

curves, the minor ICA imperfection should not greatly affect the estimation of cerebral

hemodynamics.

Second, temporal ICA was applied for each 5 × 5 ROI throughout the brain

parenchyma. Such choice of the ROI size represents a balance between signal-to-noise

ratio (SNR) and ICA performance. With a smaller ROI size, SNR may not be acceptable

to depict components statistically different from noise. On the other hand, if the spatial

coverage of the ROI is large, many independent components may result, making it difficult

to discern first-pass and recirculation components and leading to inaccurate estimation of

cerebral hemodynamics. Furthermore, especially in the acute stroke patient study, a large

ROI may encompass both normal and diseased tissues. A ROI of 5 × 5 was, therefore,

chosen in our study to provide an acceptable SNR while minimizing partial volume effects

especially for acute stroke patient studies. Nevertheless, this choice of the size of ROI could

also contribute to the observed discrepancies between the putative and the ICA estimated

first-pass. The evaluation of an optimal choice of all ROI size is, unfortunately, beyond the

scope of our current studies.

Third, a set of criteria was established to identify recirculation components, in-

cluding the requirement that the component has: a relative energy lower than 20% of the

total, a late arrival time, and the largest FWHM, which also needs to be greater than 10.5

sec for normal subjects and 14 sec for acute stroke patients. While these criteria may not

be the most optimal set of parameters to identify recirculation components, and hence may

contribute to the observed discrepancies between the estimated and putative first-pass, both

simulation and normal volunteer studies have demonstrated that these criteria are highly

effective in minimizing recirculation while preserving the general shape of the first-pass.

More importantly, despite extensive overlap between first-pass and recirculation using the



38

simulated concentration curves, the SSEs remain small using the proposed ICA. This find-

ing has major ramifications for acute stroke studies where a substantial overlap between

the first-pass and recirculation is commonly observed, particularly in regions of ischemia.

As shown in Fig.2.14(b) and Fig.2.15(b), the proposed ICA approach outperforms the com-

monly employed gamma-variate fitting approach within both the core as well as per-infarct

regions. One may, nevertheless, question the choice of the late arrival time as one of the

criteria for identifying recirculation components in stroke patients since even the first-pass

will be delayed due to compromised cerebral hemodynamics. This ambiguity should, how-

ever, not affect our ability to determine the components arising from recirculation. This is

due to the fact that the comparison of the arrival time is carried out for each 5 × 5 ROI

separately. When the ROI is located within or close to the lesion, all of the components will

be delayed; the first-pass component should, however, remain the first to arrive in the ROI

and thus the criteria should remain effective. One potential problem is in regions that have

very low or no flow, leading to minimal MR signal changes. In this case, ICA may not be

able to identify any statistically significant sources. This is, however, a common problem

associated with the DSC approach, and the proposed approach is unlikely to overcome this

difficulty.

Finally, it may be possible to further improve the proposed ICA method. For

example, constrained principal component analysis (PCA) [42], probabilistic PCA [43, 44],

expectation maximization ICA (EM-ICA) [45] or independent factor analysis [46] may also

be used for blind source separation. Although the probabilistic PCA model uses a more

sophisticated noise model compared to the standard PCA, it still assumes Gaussian source

distributions. While ICA searches for independent projections of the data, in EM-ICA,

both the demixing matrix and source distributions are also estimated [45]. In addition,

independent factor analysis is an extension of EM-ICA where more general Gaussian noise

is modelled [46]. While the methodology proposed herein, may not be the only alternative,

its direct comparison with other methods strays us away from our goal of providing a more

viable alternative to a well accepted solution, and is hence beyond the scope of this study.

In conclusion, a temporal ICA approach to minimize the recirculation effects in

DSC perfusion was described and compared to one of the most commonly used approaches,

gamma-variate fitting. While a comparison of the two approaches suggests that they are

equally effective in normal subject study, ICA is superior to gamma-variate fitting in mini-

mizing recirculation and in preserving the characteristics of the first-pass of contrast agent
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in both simulated and acute stroke patient studies when the concentration time courses

are broadened. This finding indicates that the effects of recirculation can be minimized by

the ICA approach even in the presence of a substantial overlap between the first-pass and

recirculation. The proposed approach is, therefore, believed to provide a more accurate

estimation of CBV, CBF and MTT in patients with cerebrovascular diseases.
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(a) With the simulated composite concentration curves shown in Fig.2.5, seven ICs are

obtained with IC4, IC5, IC6 and IC7 identified as recirculation and noise components.
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(b) Averaged concentration curves with and without recirculation removal

Figure 2.8: An ICA analysis example using simulated broadened curves when the operator-
defined recirculation time courses were left shift in time by 7.5 sec is illustrated. The same
5× 5 ROI displayed in Fig.2.3 was used for obtaining concentration time courses.
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Figure 2.9: Average SSEs between the operator-defined first-pass and that obtained using
either the gamma-variate fitting or ICA are shown. The error bars represent 1 standard
deviation.
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(a) The anatomical image
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(b) IC4 and IC5 are identified as the recirculation and noise components

respectively
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(c) Averaged concentration curves without and with recirculation removal

Figure 2.10: An ICA analysis example for a 5×5 ROI (marked by the black square) chosen
from a normal volunteer
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Figure 2.11: Representative normalized rrCBV maps (bottom row) obtained as the rrCBV
differences between the gamma-variate fitting and the ICA approach and normalized to that
obtained using the gamma-variate fitting are displayed for all three normal subjects (from
left to right). The anatomical images are displayed in top row. The color scale depicts the
normalized rrCBV differences.

Figure 2.12: A representative T2- weighted image obtained at the chronic phase depicts the
extent of the final lesion. Three 5×5 ROIs (one yellow ROI in the contralateral hemisphere,
one red ROI within the ischemic core and one blue ROI at the peri-infarct area) were chosen
to demonstrate the performance of the proposed ICA approach.
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(a) IC5 is identified as the recirculation component.
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(b) Averaged concentration curves without and with recirculation removal

Figure 2.13: ICA analysis of a contralateral normal ROI chosen from the same patient
shown in Fig. 2.12
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(a) IC4 is identified as the recirculation component.
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Figure 2.14: ICA analysis of an ischemic core ROI chosen from the same patient shown in
Fig. 2.12
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(a) IC4 is identified as the recirculation component.
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Figure 2.15: ICA analysis of a peri-infarct area ROI chosen from the same patient shown
in Fig. 2.12
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Figure 2.16: The rrCBV comparisons for all of the stroke patients (left to right) are shown.
A representative T2-weighted image acquired at the chronic phase of each patient is shown
(top). The rrCBV differences between gamma-variate fitting and ICA were normalized by
the gamma-variate fitted rrCBV (bottom). The color bars indicate the normalized rrCBV
differences.
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(a) For normal volunteers

(b) For acute stroke patients

Figure 2.17: The rrCBV differences between the gamma-variate fitting and the proposed
ICA and normalized to that obtained using the gamma-variate fitting are shown. The error
bars represent 1 standard deviation.
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Chapter 3

Bolus Delay Correction on Flow

Estimation in DSC MR Imaging

3.1 Introduction

Dynamic susceptibility contrast MR approaches can provide hemodynamic pa-

rameters indicating important physiological information about perfusion status of brain

tissues. By injecting a bolus of paramagnetic contrast agent intravenously, rapid measure-

ment of MR signal change can be obtained during its passage through the brain tissues.

The MR signal change can be converted to a concentration temporal signal, C(t), which

contains important physiological information.

Assuming an ideal instantaneous unit bolus injection at time t = 0, the contrast

agent enters the ROI as some function of time, Ca(t), which is AIF. The residue function

R(t) is defined as the fraction of injected contrast agent entering the ROI at t = 0 which

is still present in the ROI at time t. The tissue concentration curve, C(t), is then given by

Eq. (3.1) [2], where F is the averaged cerebral blood flow, Ca(t) is the AIF and R(t) is the

tissue residue function, and “∗” denotes linear convolution.

C(t) = F ·
∫ t

0
Ca(t)R(t− τ) dτ = FCa(t) ∗R(t) (3.1)



50

From Eq. (3.1), average perfusion may be ideally estimated by deconvolving the

temporal tissue curve, C(t), using an AIF measured from a localized small artery in the

vicinity of the ROI for each voxel. In practice, however, a voxel may contain more than one

tissue type depending on the size of the voxel. And this phenomenon is called partial volume

effect. For example, if a small voxel contains only blood vessel or tissue, then as shown in

Fig. 3.1, a larger voxel may contain a combination of the two. The MR signal measured

from that larger voxel, hence, is the superposition of the weighted MR signals arising from

the blood vessel and tissue. As a result, it is a big challenge to measure local AIFs from

small vessels in practice [47, 48]. Instead, a global AIF (GAIF) measured in large vessels

such as a major cerebral artery is normally used to estimate CBF for all brain parenchyma

voxels. This global AIF may thus, lead or lag some tissue curves, which inevitably induces

delays between the global AIF and tissue concentration curves. For example, Fig. 3.2(a)

shows a PWI image acquired from an acute stroke patient. The global AIF is measured

by averaging MR signal changes from the MCA delineated by the green boundary in the

hemisphere labelled “R” , while a region of interest is chosen in the hemisphere labelled

“L” . As demonstrated from Fig. 3.2(b), significant delays between the global AIF and

tissue curves are present since the global AIF may not be the exact input to the region

of interest. In cerebral ischemic regions, inaccurate CBF estimation may, therefore, be

induced using SVD [49–54] since the bolus delay introduced during its passage from the site

of AIF measurement to the ROI is interpreted as occurring within the ROI by the perfusion

quantification model.

Approaches to potentially correct this bolus delay have, therefore, been proposed

by several investigators. Wu et al. propose to utilize a SVD approach but with a block-

circulant matrix which is less sensitive to bolus delay and thereby minimizes the inaccu-

racy [55]. In addition, Calamante et al. propose to utilize a spatial ICA to construct the

local arterial input functions (LAIF) [33]. Although positive results have been reported

using both approaches, cSVD is less accurate in determining low CBF values compared

to standard SVD at SNR=20, while the local AIFs constructed using the spatial compo-

nents may not completely preserve the original shape of the AIF due to, potentially, the

imperfection of ICA.

In this study, we investigate an alterative approach where temporal ICA is used to

determine the correct bolus arrival time for each 5×5 ROI. Subsequently, the arrival time of

the global AIF obtained from the MR signal changes at the contralateral MCA is modified
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Figure 3.1: A voxel contains both vessel and tissue due to partial volume effects.

in accordance with the bolus arrival time. Finally, the time shifted global AIF is used as

the local AIF for each 5× 5 region throughout the entire brain parenchyma. By doing so,

correct bolus arrival time can be obtained and moreover, the general shape of AIF can be

preserved. The defined local AIF can thus be used to obtain estimates of CBF through

standard SVD. Our results demonstrate that the global AIF and the local AIF methods are

comparable for normal volunteers or acute stroke patients with small ischemic lesions where

the bolus delay is expected to be insignificant. In addition, our proposed method yields

acute PWI abnormality which is more consistent with the final infarction, particularly for

acute stroke patients with large ischemic lesions.

3.2 Previous Work

3.2.1 Minimizing Bolus Delay using Circular SVD

Assuming tk = k∆t (k = 0, · · · , N − 1), the N -point tissue concentration time

signal expressed in Eq. (3.1) then may be rewritten in a discretized form as Eq. (3.2),

which can be further written in a vector form as Eq. (3.3).
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Figure 3.2: Bolus delays

C(tj) = F ·∆t ·
j∑

i=0

Ca(ti)R(tj − ti) (3.2)




C(t0)

C(t1)
...

C(tN−1)




= ∆t ·




Ca(t0) 0 · · · 0

Ca(t1) Ca(t0) · · · 0
...

...
...

...

Ca(tN−1) Ca(tN−2) · · · Ca(t0)



·




R(t0)

R(t1)
...

R(tN−1)



· F (3.3)

Eq. (3.3) may be written as Eq. (3.4) by defining c = [C(t0), C(t1), · · · , C(tN−1)]T ,

b = F · [R(t0), R(t1), · · · , R(tN−1)]T and

A = ∆t ·




Ca(t0) 0 · · · 0

Ca(t1) Ca(t0) · · · 0
...

...
...

...

Ca(tN−1) Ca(tN−2) · · · Ca(t0)




,

c = A · b. (3.4)
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We can form a matrix A = (aij)N×N with elements given by Eq. (3.5) to prefilter

the AIF in the aim of reducing noise contributions and compensating for discretization

errors [2].

aij =





∆t · Ca(ti−j−1)+4Ca(ti−j)+Ca(ti−j+1)
6 0 ≤ j ≤ i

0 otherwise
(3.5)

The singular value decomposition of A is then given by Eq. (3.6),

AN×N = USV T , (3.6)

where U and V are N ×N orthogonal matrices, i.e. UUT = UT U = V V T = V T V = IN×N .

The matrix S = diag(S11, S22, · · · , SNN ) is a nonnegative diagonal matrix and Sii (i =

1, · · · , N) are the singular values. In our analysis, the SVD threshold was chosen to be 20%,

i.e. only those singular values that are larger than 20% of the highest singular value were

selected. The larger threshold is, the more the decomposition is immune to noise at a cost

of larger quantification bias.

Define W = S−1. From Eq. (3.4) and Eq. (3.6), we get A−1 = V WUT and

b̂ = A−1c = V WUT c. From Eq. (3.1), the deconvolution of the tissue curve and the AIF

should be F ·R(t). However, based on the definition of the residual function, assuming an

ideal instantaneous unit bolus injection at t0, the injected tracer entering the ROI at t0

is still present in the ROI at time t0, i.e. R(t0) ≈ 1. The maximum of the deconvolved

function should, therefore, be the estimate of CBF which often does not occur at the zero

time point due to tracer arrival delay as reflected by

F̂ = max(b̂). (3.7)

Notice that Eq. (3.3) presumes causality, i.e., the tissue concentration temporal

curve cannot arrive earlier than the AIF. However, since the global AIF may not be the exact

input to the tissue of interest, in the presence of ischemic abnormalities, the AIF may lag the

tissue curve by a time delay τ especially when it is measured from a highly diseased vessel.

If causality is assumed, the true residual function therefore cannot be properly estimated by

SVD. However, circular convolution and linear convolution are equivalent by zero-padding

the N -point time series Ca(t) and C(t) to length 2N . By replacing matrix A with a block-

circulant matrix, D, whose elements are given by Eq. (3.8), one can therefore use singular
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value decomposition deconvolution but with a block-circulant matrix to improve the flow

estimation.

dij =





aij j ≤ i

a2N+i−j,0 otherwise
(3.8)

Comparing to standard SVD, better CBF estimation can be obtained by cSVD

when the AIF lags the tissue curves (for example, if the AIF is selected from a highly

diseased vessel) since causality assumption is not required. However, if we always select the

AIF from the MCA in the contralateral hemisphere, it is not common that the AIF will

lag the tissue curves. Moreover, assuming no delay between the AIF and tissue curves, the

performance of standard SVD and cSVD in flow estimation are comparable. In addition,

when the AIF leads the tissue curves, SVD performs comparably to cSVD at high SNR,

while cSVD is less accurate in determining low flow values compared to SVD at SNR=20.

Although cSVD is less sensitive to delay, other alternative approaches yielding

better flow estimation especially when the AIF leads the tissue curves should, thus, be of

great interest.

3.2.2 Constructing Local AIF using Spatial ICA

Based on the assumption that the tissue concentration time curves throughout

the whole brain parenchyma can be separated into spatially segregated and statistically

independent components such as vascular, tissue and artifact components, Calamante et

al. proposed to use spatial independent component analysis to decompose the concentra-

tion time curves into different spatial independent components throughout the entire brain

parenchyma [33].

The optimal number of independent components, M , is estimated according to the

Bayesian Information Criterion. The tissue curves are then decomposed into M independent

sources. Local arterial sources are subsequently identified on the basis of both the spatial

mappings and of the temporal characteristics of the components. A local AIF dataset is

then constructed using arterial sources, and voxel-by-voxel perfusion is finally estimated by

deconvolving the tissue concentration curves with the constructed local AIFs using standard

SVD [33].

While this method shows improved CBF estimation, due to the imperfection of
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ICA, the shape of the independent component may not be reliable. For example, when

the number of sources is too large, the same information can be decomposed into multiple

components such that the energy distribution of components is changed. Using the inde-

pendent component directly to define the local AIF hence may not be adequate to preserve

the general shape of AIF.

3.3 Bolus Delay Correction using Temporal ICA

3.3.1 Determining Bolus Arrival Time using Temporal ICA

The voxel-by-voxel MR susceptibility signal change was converted to a tissue con-

centration temporal signal first. A global AIF, Cga(t), was then measured from signal

changes at the MCA in the contralateral hemisphere. Subsequently, recirculation was re-

moved by a gamma-variate fit of the global AIF. The TTP was estimated as the AIF reaches

its maximum. In addition, as demonstrated in Fig. 3.3, the TTA of the global AIF, TTAg,

was estimated as the time point before the TTP when the instant concentration is closest

to the half maximum of the time curve.

Subsequently, based on the assumption that the temporal tissue concentration

curves within each 5 × 5 ROI are mixtures of temporally and statistically independent

sources such as arterial, venous, tissue, recirculation and noise contributions, Infomax [19],

one of the most widely used ICA algorithms, was employed to reveal different temporal com-

ponents. The temporal Infomax algorithm with a maximum likelihood formulation analysis

(ICAML) was applied to concentration time curves within each 5× 5 ROI throughout the

entire brain parenchyma. The ROI size was chosen to be 5×5 in our study to provide an ac-

ceptable SNR while minimizing the partial volume effects especially for acute stroke patient

studies. Using Bayesian information criterion, our results reveal that choosing between 5

to 7 sources can account for most of the signal variation. The number of independent com-

ponents, M , was thus set to 5 first. The TTA of each component was estimated similarly

as shown in Fig. 3.3 and the components were ranked by relative energy in descending

order. Then both recirculation and noise components were excluded. If no recirculation

associated IC was found, M was increased up to 7 and ICA analysis was repeated. Finally,

concentration time curves were reconstructed using remaining components. At the same
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Figure 3.3: TTA and TTP estimation for the global AIF

time, the bolus arrival time within the 5×5 ROI, TTAb, was estimated as the earliest TTA

of the remaining independent components.

Since the global AIF was measured from the signal changes at the contralateral

MCA, it is not common that the global AIF will lag the tissue curves. We may hence

assume the global AIF always leads the tissue curves without introducing significant CBF

quantification error. It has been shown that when the delay between the AIF and tissue

curve is large (for example, when the tissue curve is measured from an infarction ROI

with significantly delayed perfusion and the AIF is selected from the contralateral MCA),

CBF may be underestimated and MTT may be overestimated thus yielding region with

hypoperfusion inconsistent with the follow-up infarction [51]. As a result, we want to shift

the global AIF properly to minimize the delay when the estimated bolus arrival time is

later than the TTA of the global AIF in any 5× 5 ROI (i.e. TTAb > TTAg). In contrast,

when the estimated bolus arrival time, TTAb, is earlier than TTAg, or there is no time shift

between the bolus and the global AIF, we may just keep the global AIF. In conclusion, a

local AIF can be defined for each 5× 5 ROI as shown in Fig 3.4.
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Figure 3.4: Define a local AIF for each 5× 5 ROI

Fig. 3.5 shows three representative examples when delay among the tissue curve,

the global AIF and the local AIF exists within a 5×5 ROI. When a significant delay between

the global AIF and tissue curve occurs, (see, for example scenario (a)), the defined local

AIF should be able to minimize the bolus delay and hence reduce the CBF quantification

error effectively. In addition, if due to ICA imperfection, the estimated bolus even arrives

earlier than the global AIF (see, for example, scenario (b)), by using the global AIF as the

local AIF for the ROI, at least no more CBF error would be introduced. In contrast, the

defined local AIF may lag the tissue curve sometimes (see, for example, scenario (c)), which

may introduce CBF quantification errors. However, by decomposing the tissue curves into

several temporal components, the bolus arrival time is estimated from the earliest TTA

among all remaining components upon excluding the recirculation and noise sources. As a

result, the bolus should arrive earlier than tissue curves. And scenario (c), thus, may not be

common in practice. The proposed method should remain a promising alternative approach

to minimize CBF quantification errors particularly when the global AIF significantly leads

tissue curves.

A representative example from an acute stroke patient is shown in Figures 3.6

and 3.7 to demonstrate the efficacy of temporal ICA to determine local AIFs. An acute
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Figure 3.5: Representative examples when bolus delays among the tissue curve, the global
AIF and the local AIF exist within any 5× 5 ROI

DWI image and a one-month follow-up T2 image are shown in Fig. 3.6(a) and Fig. 3.6(b)

respectively, delineating the presence and extent of the ischemic lesions. Two 5 × 5 ROIs

were chosen: the magenta one was selected from the infarction region, while the green one

was chosen from the contralateral hemisphere with respect to the lesion. Five ICs sorted by

relative energy in decreasing order are observed for the contralateral ROI as shown in Fig.

3.7(a). The recirculation component, IC4, was first removed, and among all the remaining

components with a relative energy larger than the noise power, IC5 (marked by the arrow)

is identified as the one with the earliest TTA. Similarly, as illustrated in Fig. 3.7(b), five

ICs are observed for the infarction ROI. And IC4 and IC5 are identified as the recirculation

component and the one with the earliest TTA among all statistically significant remaining

components respectively. The global AIF obtained from signal change at the contralateral

MCA (blue solid line), the local AIFs defined for the contralateral ROI (red dash-dot line)

and the infarction ROI (black dash line), the averaged tissue curve in the contralateral ROI

(green circle line) and the averaged tissue curve in the infarction ROI (magenta plus line)

are shown in Fig. 3.8. It is clear that the defined local AIFs effectively minimize the time
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(a) Acute DWI image (b) Follow-up T2-weighted image

Figure 3.6: Acute DWI and follow-up T2-weighted images of an acute stroke patient

delays between the AIF and the tissue curves particularly in the infarction ROI.

3.3.2 Receiver Operating Characteristic Analysis

Within each 5 × 5 ROI, let C(t) be the reconstructed voxel-by-voxel tissue curve

after removing recirculation and noise components. The tissue curve is related to the local

AIF, Cla(t), by

C(t) = F ·
∫ t

0
Cla(t)R(t− τ) dτ. (3.9)

By deconvolving C(t) with either the global AIF or the local AIFs using standard

SVD, voxel-by-voxel perfusion Fg and Fl were then estimated respectively. Subsequently,

CBV and MTT were estimated using either the global AIF or the defined local AIFs by Eq.

(3.10) and Eq. (3.11) respectively.





CBVg =
∫

C(t)dt/
∫

Cga(t)dt,

MTTg = CBVg/Fg,
(3.10)
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



CBVl =
∫

C(t)dt/
∫

Cla(t)dt,

MTTl = CBVl/Fl.
(3.11)

Finally, to assess the effectiveness of our approach, percentage difference maps of

CBF and MTT with the help of Cga(t) and Cla(t) were computed by





∆CBF = (Fg − Fl)/Fg,

∆MTT = (MTTg −MTTl)/MTTg.
(3.12)

Tissue was classified as abnormal if the MTT values were greater than a specified

cutoff number of standard deviation (SD) from the mean MTT measured in the contralateral

hemisphere. The cutoff values ranged from -15 to 15 in 0.2 increments. By comparing the

acute tissue outcome determined by the MTT maps with the final infarction demonstrated

on 1-month or later follow-up T2 image, performance evaluation measures were obtained

for the two methods respectively. Let TP be the true positive (i.e. the number of voxels

appearing abnormal on the acute MTT map that do infarct on the follow-up T2 image), and

FN be the false negative (i.e. the number of voxels appearing normal on the acute MTT

map that actually infarct on the follow-up T2 image). The true positive ratio (TPR), or

the sensitivity, was determined by

TPR = sensitivity =
TP

TP + FN
. (3.13)

Similarly, let TN be the true negative (i.e. the number of voxels appearing normal

on the acute MTT map that do not infarct on the follow-up T2 image), and FP be the false

positive (i.e. the number of voxels appearing abnormal on the acute MTT map that do not

infarct on the follow-up T2 image). The specificity, or the true negative ratio, and the false

positive ratio (FPR) were computed by

TNR = specificity =
TN

TN + FP
, FPR = 1− TNR =

FP

TN + FP
. (3.14)

Receiver operating characteristic (ROC) curve was then generated by plotting a

curve between TPR against FPR. The area under the ROC curve (AUC) was used to assess

the performance of the two methods using either the global AIF or the local AIFs.
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3.4 Results

Images were acquired from three healthy volunteers (one male, two females, age 24-

33) and five acute stroke patients (three males, two females, age 63-78). All selected acute

stroke patients have different degrees of major MCA occlusion to obtain a homogenous

patient population. Furthermore, all five patients have available 1-month or later follow-up

T2-weighted images to confirm final infarction size.

3.4.1 Normal Volunteer Study

A representative example from a normal volunteer is shown in Figures 3.9 and 3.10.

A PWI image is shown in Fig. 3.9. Local AIFs were defined for each 5× 5 ROI throughout

the brain parenchyma, and CBF was then estimated by deconvolving the tissue curve with

either the global AIF or the local AIF using standard SVD for each voxel. Percentage CBF

and MTT difference maps are demonstrated in Fig. 3.10(a) and Fig. 3.10(b) respectively.

By defining a local AIF using the estimated bolus arrival time for each 5 × 5 ROI, as

anticipated, similar CBF and MTT values are observed comparing to those obtained using

the global AIF method since the bolus delay is expected to be small for normal volunteer

study.

Pooled results obtained using either the global AIF or the local AIFs are sum-

marized in Fig. 3.11 for normal volunteer study. Consistent with what is shown in the

percentage CBF and MTT maps, statistical analysis based on a paired t-test reveals that

the CBF values obtained using the global AIF (47.60±15.25 ml/100g/min) are comparable

to those obtained using the local AIFs (49.31± 15.83 ml/100g/min) (P > 0.05). Similarly,

the MTT values obtained using the global AIF (3.66 ± 0.29 sec) are comparable to those

obtained using the local AIFs (3.50± 0.23) (P > 0.1).

3.4.2 Acute Stroke Patient Study

A representative example from an acute stroke patient with large ischemic lesion is

shown in Figures 3.12-3.14. Acute DWI and 3-month follow-up T2 images are shown in Fig.

3.12(a) and Fig. 3.12(b) respectively, delineating the presence and extent of the ischemic

lesions. Local AIFs were defined for each 5 × 5 ROI throughout the brain parenchyma,

and CBF was then estimated by deconvolving the tissue curve with either the global AIF
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or the local AIF using standard SVD for each voxel. Percentage CBF and MTT difference

maps are shown in Fig. 3.13(a) and Fig. 3.13(b) respectively. It has been shown that

the presence of the bolus delay can induce CBF underestimation and MTT overestimation

when the global AIF leads the tissue curves [49–51]. Note that in regions marked by

arrows, the normalized CBF percentage differences are negative and the percentage MTT

differences are positive, suggesting that CBF was underestimated by using global AIF.

This produces prolonged MTT which exhibits regions of hypoperfusion inconsistent with

the final lesion demonstrated on the 3-month follow-up T2 image. When the global AIF

leads the tissue curves significantly, by using a local AIF, as anticipated, higher CBF and

shorter MTT values are present within the large ischemic lesion region (marked by the

arrows). Apparently, the proposed approach substantially minimizes the delay between the

AIFs and tissue curves as shown in Fig. 3.13. In addition, as illustrated in Fig. 3.14, the

local AIF method has a higher ROC curve (dash-dot line) than the global AIF method

(solid line) and the AUCs are 0.75 and 0.71 for the local AIF and global AIF methods

respectively, suggesting that the local AIF method performs better than the global AIF

method. Moreover, when tissue was classified as abnormal if the MTT values were greater

than two SDs from the mean MTT measured in the contralateral hemisphere, one of the

most commonly used thresholds in determining MTT abnormality, the two methods have

a comparable TPR of 0.67. The local AIF method, on the other hand, has a smaller FPR

of 0.28 in comparison to the global AIF method (FPR = 0.31). Note also that the LAIF-

based ROC curve appears more sensitive than the GAIF-based curve at high FPR values

(FPR>0.25). In contrast, the GAIF-based algorithm has greater sensitivity in ranges of

high specificity (FPR<0.25). As demonstrated in Fig. 3.14, in light of the ability of the local

AIF method to minimize the bolus delay thus yielding regions of hypoperfusion expectedly

more consistent with the final infarction, the local AIF method can effectively reduce the

FPR.

A representative example from another acute stroke patient with a small ischemic

lesion is shown in Figures 3.15-3.17. Acute DWI and 1-month follow-up T2 images are

shown in Fig. 3.15(a) and Fig. 3.15(b) respectively, delineating the presence and extent

of the ischemic lesions. Percentage CBF and MTT difference maps are demonstrated in

Fig. 3.16(a) and Fig. 3.16(b) respectively. Although higher CBF and shorter MTT are still

observed using the local AIFs within the lesion (marked by the arrows), as illustrated in

Fig. 3.17, the local AIF method has a comparable ROC curve (dash-dot line, AUC=0.67)
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Global AIF Local AIFs
AUC 0.71 0.73
TPR 0.57 0.52
FPR 0.22 0.16

Table 3.1: Performance comparison between the two methods

as the global AIF method (solid line, AUC = 0.65). Moreover, when tissue was classified as

abnormal if the MTT values were greater than two SDs from the mean MTT measured in

the contralateral hemisphere, the two methods have comparable FPRs (GAIF: FPR = 0.10,

LAIF: FRP = 0.08), although the local AIF method has a larger TPR of 0.27 in comparison

to the global AIF method (TPR = 0.23). Our approach is, hence, less effective in acute

stroke patients with small ischemic lesions when the bolus delays between the global AIF

and tissue curves are small.

This local AIF method was tested on data obtained from five acute stroke patients

with various cerebrovascular abnormalities due to MCA occlusion. Fig. 3.18 shows the ROC

curves of the pooled results across all five acute stroke patients. In addition, the AUC, the

TPR and the FPR when tissue was classified as abnormal by the MTT values exceeding

two SDs above the mean MTT measured in the contralateral hemisphere, are summarized

in Table 3.1 for the two methods. Although the AUCs are similar for the two methods

(global AIF: AUC = 0.71, local AIF method: AUC = 0.73), the local AIF method provides

a better tradeoff in terms of preserving a high TPR at low FPR.

While the proposed temporal ICA approach is highly effective in minimizing bolus

delay on flow quantification, it should be noted that the AUCs of the pooled results for the

global AIF and local AIF methods are similar. Several potential factors could account for

this observation. First, the local AIF method may be less effective for patients with small

ischemic lesions as shown in Fig. 3.17. For a patient with a large ischemic lesion, significant

delays between the global AIF and the tissue curves are anticipated, particularly around

ischemia lesions with delayed and reduced blood perfusion. This could potentially lead

to underestimation of CBF and overestimation of MTT, hence inducing higher FPR. By

defining a local AIF using the estimated bolus arrival time for each 5× 5 ROI, in contrast,

bolus delay can be effectively minimized. As demonstrated from Fig.3.14, the local AIF

method has larger TPR especially at high values of FPR, indicating the FPR may be
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effectively reduced. On the other hand, for a patient with a small ischemic lesion, the bolus

delays between the global AIF and tissue curves are less severe, thus the two methods are

anticipated to have similar performance. Since we tested the two methods on data acquired

from five stroke patients with various cerebrovascular abnormalities, it is possible that the

advantage of the local AIF method over the global AIF method may diminish.

Second, the FPR value depends on both the false positive and the true negative. As

shown in Fig. 3.19, suppose the region inside the red ellipse is the final infarction, while the

region inside the blue ellipse is the acute MTT abnormality. Then the ipsilateral hemisphere

(or even the whole brain parenchyma) can be segmented into true negative, false negative,

true positive and false positive voxels. Although the local AIF may effectively reduce the

number of false positive voxels especially for patients with large ischemic lesions, as shown

in Fig. 3.19, the number of false positive voxels is normally much smaller than the number

of true negative voxels, resulting in a less improvement in FPR, which is computed as the

ratio between FP to the sum of FP and TN. This may be another potential reason why

only slightly improved ROC curve from the local AIF method is observed in Fig. 3.18.

In summary, although the sample size is limited in our test, we have demonstrated

that temporal ICA may be applied to define a local AIF for each 5× 5 ROI throughout the

brain parenchyma, such that bolus delay is corrected, while at the same time the general

shape of AIF is preserved. In addition, recirculation and noise can also be removed to

improve SNR. By using this alternative approach, accurate CBF estimation may thus be

obtained using standard SVD with assumed minimal delays between the local AIFs and

tissue curves.
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Figure 3.7: ICA analysis of tissue curves from the two ROIs shown in Fig. 3.6
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Figure 3.9: A PWI image of a normal volunteer
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Figure 3.11: Pooled results across all three normal volunteers are shown. The error bars
represent 1 standard deviation.
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(a) Acute DWI image (b) Follow-up T2-weighted image

Figure 3.12: Acute DWI and follow-up T2-weighted images of an acute stroke patient with
large ischemic lesion
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Figure 3.13: Percentage CBF and MTT differences of the same acute stroke patient as
shown in Fig. 3.12
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Figure 3.14: ROC curve of the same acute stroke patient as shown in Fig. 3.12

(a) Acute DWI image (b) Follow-up T2-weighted image

Figure 3.15: Acute DWI and follow-up T2-weighted images of another acute stroke patient
with small ischemic lesion
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Figure 3.16: Percentage CBF and MTT differences of the same acute stroke patient as
shown in Fig. 3.15
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Figure 3.17: ROC curve of the same acute stroke patient as shown in Fig. 3.15
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Figure 3.18: ROC curves of the pooled results from the two methods across all 5 patients

Figure 3.19: Schematic illustration of the computation of FPR
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Chapter 4

Intracranial Vascular Transfer

Function in Acute Stroke Patients

4.1 Introduction

Analysis of the transfer function has been widely used to characterize an unknown

system, which can be a piece of hardware or a biological system. In dynamic contrast

susceptibility MR approaches, we consider a vascular flow system. Since in general the

vascular structure consists of multiple smaller blood vessels, depending on the paths and

travelling velocities, flow particles entering the ROI at the same time may require different

time to pass the vascular system. In this case, a distribution of vascular transit time needs

to be accounted for. In DSC MR approaches, vascular transfer function represents the

probability density function of the vascular transit time.

In DSC MR approaches, CBF quantification requires knowledge of the AIF, which

is the concentration of contrast agent entering the ROI at time t. This is normally measured

from a major artery. However, in case of cerebrovascular disease, as shown in Fig. 4.1, the

arterial input functions may be distorted due to an abnormal flow pattern. For example,

assume AIFin(t) is the AIF measured before the dispersion source, while AIFout(t) is the

AIF measured after the dispersion source. Then AIFout(t) is the convolution of AIFin(t)
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and the vascular transport function, V TF (t), as shown in Eq. (4.1),

AIFout(t) = AIFin(t) ∗ V TF (t), (4.1)

where ∗ denotes linear convolution.

Figure 4.1: Distortion of the AIF due to abnormal flow pattern

Our ability to estimate the intracranial vascular transfer function non-invasively

should potentially provide highly relevant physiological information, particularly in patients

with cerebrovascular diseases. In this study, we aim to investigate how intracranial vascular

transfer function potentially differs among different ROIs in acute stroke patients using MR

perfusion-weighted images.

The widely employed DSC MR approach was used to acquire MR PWI images, and

spatial ICA was applied to determine local AIFs [33]. Voxel-by-voxel VTF was subsequently

derived through the deconvolution of the LAIFs with a global AIF using cSVD as reflected

by

CLAIF (x, t) = CGAIF (t) ∗ V TF (x, t), (4.2)

where the GAIF was obtained from either the contralateral or ipsilateral MCA. Results

from acute stroke patients will be provided to demonstrate the ability to non-invasively

depict VTF and to potentially offer new insights into blood flow related alterations in acute

stroke patients.

4.2 Constructing Local Arterial Input Function

The susceptibility related MR signal changes were first converted to concentration

time curves. Two global AIFs were obtained by averaging contrast induced MR signal
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changes from the contralateral (CGAIF) and ipsilateral (IGAIF) middle cerebral arteries,

with recirculation effects removed using gamma-variate fitting.

4.2.1 Spatial Independent Component Analysis

At any voxel, we assume a temporal concentration signal is resulted from M

spatially segregated and statistically independent sources such as arterial sources, venous

sources, tissue sources and artifact sources (e.g. movement and scanner drift). These may

be added linearly, and the observed temporal concentration signal is thus, the superposi-

tion of the signal intensities of the M spatial sources weighted by their fractional expression

volumes in the voxel and as written in

C(xi, tj) =
M∑

k=1

sk(tj)ak(xi) (i = 1, · · · , V ; j = 0, · · · , N − 1), (4.3)

where C(xi, tj) is the concentration time curve of voxel xi at time tj , sk(tj) is the concen-

tration signal intensity of the kth spatial independent component at time tj , ak(xi) is the

expression level of the kth spatial IC at voxel xi, N is the number of measurements, V

is the number of the entire brain parenchyma voxels, and M is the number of spatial ICs

throughout the brain parenchyma.

Spatial ICA on the basis of Infomax with maximal likelihood formulation analysis

(ICAML) [19] was applied to decompose the concentration time curves C(x, t) into different

spatial independent components throughout the entire brain parenchyma. Bayesian Infor-

mation criterion was again invoked to estimate the optimal number of spatial independent

components throughout the whole brain parenchyma. We have determined that ten ICs

can account for most of the signal variation, so that the number of sources, M , was fixed

to 10 in this study.

4.2.2 Identifying Arterial Spatial Sources

Local arterial sources were identified on the basis of both the spatial mappings

and the temporal characteristics of the components [33]. For example, the acute DWI

and follow-up T2 images acquired from an acute stroke patient are shown in Fig. 4.2(a)

and Fig.4.2(b) respectively, where the green line in each map delineates the boundary
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(a) Acute DWI image (b) Follow-up T2-weighted image

Figure 4.2: Acute DWI and follow-up T2-weighted images of an acute stroke patient

of the abnormal area. Fig. 4.3 shows the spatial ICA analysis of the acute PWI data

acquired from the same stroke patient. Fig. 4.3(a) illustrates the spatial mapping of the 10

components, i.e a1(x), · · · , a10(x), while Fig. 4.3(b) shows the temporal characteristics of

the corresponding components. For each spatial independent component, the contribution

of its temporal concentration signal to the concentration time curve obtained at a given

voxel, x, is ak(x) (k = 1, · · · , 10). To find the locations where each component is highly

expressed, a mask, mk(x), was first defined such that only voxels with 5% highest expression

level were chosen. Having tried different mask thresholds such as 5%, 10%, 20%, 30%,

and 40%, it appeared that when voxels with 5% highest expression levels were chosen for

each component, the mask included highly expressed voxels which are consistent with the

anatomic distribution of each spatial component. Fig. 4.4(a) shows the highly expressed

voxels overlaid on the acute PWI images. For example, IC1 is highly expressed at voxels

marked by red dots, while IC10 is highly expressed at voxels marked by yellow dots in the

spatial map.

Nonarterial components were next discarded on the basis of both spatial maps and

temporal characteristics. For example, according to the temporal characteristics shown in

Fig. 4.3(b), IC10 cannot not be an arterial component. On the other hand, IC1 and IC8

are highly expressed in veins/tissues as demonstrated from the masks shown in Fig. 4.4(a).
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In addition, by comparing the spatial maps of IC6 and IC9 to the acute DWI and follow-up

T2 images shown in Fig. 4.2, we find that both IC6 and IC9 are predominantly expressed

at the lesions, and should hence be discarded as well. In contrast, IC2, IC3, IC4, IC5 and

IC7 are well expressed at small arteries.

4.2.3 Constructing Local Arterial Dataset

A local AIF dataset may be constructed using the remaining arterial components

and the corresponding masks as detailed in Eq. (4.4).

CLAIF (xi, tj) =
10∑

k=1

sk(tj)ak(xi)mk(xi) (i = 1, · · · , V ; j = 0, · · · , N − 1). (4.4)

Fig. 4.4(b) shows a set of 9 images of the constructed arterial dataset during the

bolus passage for the acute PWI data acquired from the same patient whose data is shown

in Fig. 4.2. The numbers inserted on each image correspond to the acquisition image order.

Some brain parenchyma voxels may, however, have no ICA-defined local AIF. In

this case, an approximated local AIF may be obtained using the local AIFs defined for the

neighboring voxels. For any voxel xj with no ICA-defined local AIF, a Gaussian-weighting

updating was applied to approximate the AIF from the surrounding voxels whose AIF

CLAIF (xi, t) were given according to their distance dij by





CLAIF (xj , t) =

∑

i

w(dij)CLAIF (xi, t)
∑

i

w(dij)
,

w(dij) = exp(− d2
ij

2σ2 ),

(4.5)

where σ = 5-pixel was chosen empirically and the Gaussian-weighting was truncated to 5×5

pixels to avoid nonlocal contribution.

The constructed arterial dataset was then smoothed using a 3 × 3 uniform ker-

nel. In addition, using gamma-variate fitting, recirculation was removed from each of the

constructed concentration time curves.
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4.3 Circular Convolution

Suppose we have two discretized temporal signals of length N , i.e. x(n) =

{x(0), · · · , x(N − 1)} and h(n) = {h(0), · · · , h(N − 1)}. We then zero-pad these two series

to length of 2N , i.e. xp(n) = {x(0), · · · , x(N − 1), 0, · · · , 0} and hp(n) = {h(0), · · · , h(N −
1), 0, · · · , 0}. Let y(n) be the linear convolution of xp(n) and hp(n) as shown in Eq. (4.6),

and z(n) be the circular convolution of xp(n) and yp(n) as given by Eq. (4.7),

y(n) = xp(n) ∗ hp(n) =
2N−1∑

i=0

xp(i)hp(n− i) =
N−1∑

i=0

xp(i)hp(n− i) (0 ≤ n ≤ 4N − 2), (4.6)

z(n) = xp(n)⊗ hp(n) =
2N−1∑

i=0

xp(i)[hp(n− i)2N ] (0 ≤ n ≤ 2N − 1), (4.7)

where ∗ and ⊗ denote respectively a linear convolution and a circular convolution.

The first 2N values of y(n) may then be expressed using a vector form as in Eq.

(4.8).




y(0)

y(1)
...

y(2N − 1)




=




xp(0) 0 · · · 0

xp(1) xp(0) · · · 0
...

...
...

...

xp(2N − 1) xp(2N − 2) · · · xp(0)



·




hp(0)

hp(1)
...

hp(2N − 1)




(4.8)

Define c = [y(0), y(1), · · · , y(2N − 1)]T , b = [hp(0), hp(1), · · · , hp(2N − 1)]T , and

A = (aij)2N×2N =




xp(0) 0 · · · 0

xp(1) xp(0) · · · 0
...

...
...

...

xp(2N − 1) xp(2N − 2) · · · xp(0)




,

Eq. (4.8) may be written as,

c = A · b. (4.9)

Similarly, z(n) may be rewritten as Eq. (4.10) by defining c̃ = [z(0), z(1), · · · , z(2N−
1)]T and
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D =




xp(0) xp(2N − 1) · · · xp(N + 1) xp(N) · · · xp(2) xp(1)

xp(1) xp(0) · · · xp(N + 2) xp(N + 1) · · · xp(3) xp(2)
...

...
...

...

xp(N − 1) xp(N − 2) · · · xp(0) xp(2N − 1) · · · xp(N + 1) xp(N)

xp(N) xp(N − 1) · · · xp(1) xp(0) · · · xp(N + 2) xp(N + 1)

· · · · · · · · · · · · · · · · · · · · · · · ·
xp(2N − 2) xp(2N − 3) · · · xp(N − 1) xp(N − 2) · · · xp(0) xp(2N − 1)

xp(2N − 1) xp(2N − 2) · · · xp(N) xp(N − 1) · · · xp(1) xp(0)




,

c̃ = D · b. (4.10)

Let the i, jth element of D be dij (i = 1, · · · , 2N ; j = 1, · · · , 2N). Then comparing

D with A, we have:

dij =





aij j ≤ i

a2N+i−j+1,1 otherwise
(4.11)

From Eq. (4.6) and Eq. (4.7), it is very easy to show that the first 2N values of

y(n) are equal to z(n). We hence have,

xp(n) ∗ hp(n) = xp(n)⊗ hp(n) (n = 0, · · · , 2N − 1). (4.12)

For example, Fig. 4.5 shows the original two temporal series, x(n) and h(n), and

the zero-padded temporal series, xp(n) and hp(n). To illustrate the procedures of linear

convolution and circular convolution, hp(n) was shifted as in Fig. 4.6(a) and circularly

shifted as in Fig. 4.6(b), respectively. It is demonstrated from Fig. 4.7 that y(n) =

z(n), (n = 0, · · · , 2N − 1).

4.4 Computing Vascular Transport Function

From Eq. (4.2), the voxel-by-voxel VTF, T (x, t), may be obtained by deconvolving

the constructed local arterial temporal signal with the global AIF. In case of cerebrovascular

disease, if the patient has ipsilateral MCA stroke, when the global AIF is measured from
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the highly diseased ipsilateral MCA, it may lag the constructed CLAIF (x, t) by a time delay

τ . If causality is assumed, we may not be able to estimate the VTF correctly by SVD.

Suppose for a given voxel x, the VTF, T (x, t) is known. We zero-pad CGAIF (t)

and T (x, t), to length 2N , i.e. Cp
GAIF (t) = {CGAIF (t0), · · · , CGAIF (tN−1), 0, · · · , 0} and

T p(x, t) = {T (x, t0), · · · , T (x, tN−1), 0, · · · , 0}. Let Cp
LAIF (x, t) be the linear convolution of

Cp
GAIF (t) and T p(x, t). Cp

LAIF (x, t) is also equivalent to the circular convolution of Cp
GAIF (t)

and T p(x, t) as shown by

Cp
LAIF (x, t) = Cp

GAIF (t) ∗ T p(x, t) = Cp
GAIF (t)⊗ T p(x, t), (t = t0, · · · , t2N−1). (4.13)

T p(x, t) may thus be obtained by deconvolving Cp
LAIF (x, t) with Cp

GAIF (t) and

T (x, t) can subsequently be estimated by

T (x, t) = T p(x, t), (t = t0, · · · , tN−1). (4.14)

With the inverse problem of interest in mind, and to estimate the VTF for any

voxel x, we may zero-pad the constructed local AIF and the global AIF to Cp
LAIF (x, t) and

Cp
GAIF (t) of length 2N . A VTF of length 2N , T p(x, t), can thus be estimated by deconvolv-

ing Cp
LAIF (x, t) with the global AIF, Cp

GAIF (t), measured from either the contralateral or

the ipsilateral MCA using a circular singular value decomposition deconvolution approach,

similar to that proposed in [56]. And T (x, t) may thus be estimated using Eq. (4.14).

Let tk = k∆t (k = 0, · · · , 2N − 1). Since Cp
LAIF (x, t) is the linear convolution of

Cp
GAIF (x, t) and T p(x, t), it can be expressed in a discretized form as Eq. (4.15).

Cp
LAIF (xi, tj) = ∆t ·

j∑

k=0

Cp
GAIF (tk)T p(xi, tj − tk)(i = 1, · · · , V ; j = 0, · · · , 2N − 1). (4.15)

Eq. (4.15) may further be simplified into a vector form as Eq. (4.17) by defining

c = [Cp
LAIF (xi, t0), · · · , Cp

LAIF (xi, t2N−1)]T , b = [T p(xi, t0), · · · , T p(xi, t2N−1)]T and

A = ∆t ·




Cp
GAIF (t0) 0 · · · 0

Cp
GAIF (t1) Cp

GAIF (t0) · · · 0
...

...
...

...

Cp
GAIF (t2N−1) Cp

GAIF (t2N−2) · · · Cp
GAIF (t0)




, (4.16)
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c = A · b. (4.17)

The global AIF was prefiltered to reduce noise contributions and to compensate

for discretization errors [2]. We hence can form a matrix A = (aij)2N×2N with elements:

aij =





∆t · CGAIF (ti−j−1)+4CGAIF (ti−j)+CGAIF (ti−j+1)
6 0 ≤ j ≤ i

0 otherwise.

However, from Eq. (4.13), Cp
LAIF (x, t) is also equivalent to the circular convolution

of Cp
GAIF (t) and T p(x, t). By defining a block-circular matrix D = (dij)2N×2N , where the

elements of D are given by

dij =





aij j ≤ i

a2N+i−j+1,1 otherwise,
(4.18)

the constructed local AIF signal can thus be expressed as

c = Db. (4.19)

Assume the singular value decomposition of D is

D2N×2N = USV T , (4.20)

where U and V are 2N×2N orthogonal matrices, the matrix S = diag(S11, S22, · · · , S2N×2N )

is a nonnegative diagonal matrix and Sii (i = 1, · · · , 2N) are the singular values. Only

those singular values that are greater than a predefined SVD threshold are selected. The

larger threshold is, the more immune the decomposition is to noise at a cost of a larger

quantification bias.

Defining W = S−1, and from Eq. (4.19-4.20), we get

D−1 = V WUT , (4.21)

b̂ = D−1c. (4.22)

The voxel-by-voxel circular deconvolution of the constructed local arterial dataset

and the global AIF is hence T p(x, t) as shown in Eq. (4.23),
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b̂ = V WUT c. (4.23)

To reduce the spurious oscillation resulted from the amplified leakage frequencies

due to the discontinuity at the boundaries t = 0 and t = 2N − 1, a larger SVD threshold

should be used for circular deconvolution. An oscillation index [51] shown in Eq. (4.24) is

used,

O =
1

2NT̂ p
max

(
2N−1∑

k=2

|T̂ p(x, tk)− 2T̂ p(x, tk−1) + T̂ p(x, tk−2)|), (4.24)

where T̂ p
max is the maximum of the estimated T p(x, t). The SVD threshold we used was

16%, i.e. only singular values larger than 16% of the largest singular value were selected

to ensure the oscillation index falls below 10%. T (x, t) (t = t0, · · · , tN−1) can finally be

estimated by Eq. (4.14).

4.5 Statistical Analysis

DWI images depict random motion of water protons. In cerebral ischemia regions,

the motion of protons is restricted leading to a reduction of the apparent diffusion coefficient

of water and an increase in signal intensity in DWI images. In contrast, hemodynamic

parameters can be obtained from PWI images, which may provide physiological information

about the pathologically hypoperfused regions ahead of irreversible brain tissue damage

taking place.

It has been shown that the hypoperfused region depicted by acute PWI abnor-

mality may be much larger than the acute DWI abnormality [57–60]. Moreover, the acute

DWI abnormality has been presumed as an estimate of the ischemic core (i.e. irreversibly

damaged tissue), while the mismatched region between acute PWI abnormality and acute

DWI abnormality, i.e. PWI/DWI mismatch, has been shown to be a good estimate of the

ischemic penumbra [57–59, 61–64]. As shown in Fig. 4.8, the ischemic penumbra refers

to hypoperfused but still viable tissue that may be salvaged if perfusion can be restored

on time [65, 66]. The PWI/DWI mismatch is thus, helpful in making therapeutic decision

about acute-phase treatment [67–70].
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The purpose of our study is to investigate how VTF differs among different brain

regions, especially those abnormal areas depicted in the acute phase on DWI and PWI

images, as well as the final infarction as delineated in the chronic phase on T2-weighted

images for acute stroke patient study. Relative Mean transit time maps were computed to

delineate acute PWI abnormality by Eq. (4.25), which requires less postprocessing,

rMTT (x, t) =
∫

tC(x, t)∫
C(x, t)

, (4.25)

where C(x, t) is the concentration temporal curve at voxel x after removing recirculation

effects.

The mean and standard deviation of the values from the contralateral hemisphere

were computed for lesion segmentation. Any voxels with intensity larger than mean+2SD

in each of the acute DWI, acute rMTT and follow-up T2 maps were declared as acute DWI

abnormality, acute PWI abnormality, and final infarction, respectively.

A ROI approach was employed to quantitatively characterize how VTF differs

among different brain regions. For acute stroke patients, acute DWI, acute rMTT and

follow-up T2 images were employed to define three ROIs, namely, core regions defined as the

intersection of acute DWI and PWI abnormalities, PWI/DWI mismatched regions and final

T2 infarction. A normal ROI was defined in the contralateral hemisphere. For comparison

purpose, two ROIs were selected in the two hemispheres for the normal volunteers.

Finally, FWHM and power of the first mode of VTF (EVTF) were computed to

quantitatively determine the discrepancies among the predefined ROIs. For stroke patient

study, the mean ETVF obtained in each abnormal ROI was normalized to that obtained

from the contralateral ROI. In the normal volunteer group, mean EVTF encompassing

one ROI was normalized to that obtained from the other ROI for comparison. Statistical

analysis based on paired t-test was employed to compare FWHM and EVTF among different

ROIs. A P-value less than 0.05 was considered significantly different.
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(b) Temporal characteristics of the spatial components

Figure 4.3: Spatial ICA analysis of acute PWI data acquired from the patient shown in
Fig.4.2
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(a) Highly expressed voxels overlaid on the acute PWI images

(b) A set of 9 images (during bolus passage) of the arterial dataset

Figure 4.4: Masks and the computed arterial dataset for the same data shown in Fig. 4.2
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Figure 4.5: Original and zero-padded temporal series
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Figure 4.6: Shift and circular shift of the zero-padded temporal series hp(n)
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Figure 4.8: Schematic of the definitions of the ischemic core and penumbra.
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4.6 Results

4.6.1 Acute Stroke Patient Study

Images were acquired from five acute stroke patients (three males, three females,

age 63-78). All five acute stroke patients have DWI and PWI abnormalities within the

anterior, posterior, or middle cerebral artery territory during the acute phase of stroke.

The rMTT map of the same slice of the same acute stroke patient shown in Fig. 4.2

are illustrated in Fig. 4.9. The green line delineates the boundary of the acute PWI-defined

abnormality. Fig. 4.10 demonstrates the global AIFs measured from the contralateral MCA

(cMCA) and ipsilateral MCA (iMCA).

Figure 4.9: The rMTT map of the same acute stroke patient shown in Fig. 4.2

The procedure of using spatial ICA analysis to identify local arterial spatial sources

is demonstrated in Fig. 4.3. Nonarterial components were discarded on the basis of both

their spatial maps (see, for example, IC1, IC6, IC8 and IC9 in Fig. 4.4(a)) and temporal

characteristics (see, for example, IC10 in Fig. 4.3(b)). Subsequently, local AIF dataset was

constructed using the remaining arterial components. Finally, VTF was estimated for each

voxel using cSVD.

Fig. 4.11 shows the predefined ROIs. For example, the acute PWI abnormality as

shown in Fig. 4.9 may further be divided into two ROIs: a core ROI (blue in Fig.4.11(a))

which is defined as the acute PWI abnormal region that appears abnormal on the acute DWI

image, as well as a PWI/DWI mismatch ROI (red in Fig.4.11(a)) which refers to the region

with reduced perfusion but appears normal on acute DWI image. For comparison purpose,

a contralateral ROI (green) was also defined as shown in Fig.4.11(a) and a follow-up T2
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Figure 4.10: Global AIFs for the same acute stroke patient shown in Fig. 4.2

infarction ROI (yellow) is illustrated in Fig.4.11(b).

The averaged VTF in the core (blue solid line), PWI/DWI mismatch (red dash-

dotted line), and final T2 infarction (yellow plus line) regions are shown in Fig. 4.12(a) and

Fig. 4.12(b) with the global AIF respectively measured from the cMCA and iMCA. From

Fig. 4.12, the mean VTF in the PWI/DWI mismatched region is less dispersed, suggesting

the VTF should have narrower FWHM and higher EVTF in PWI/DWI mismatch region.

Fig. 4.13 displays the acute DWI, acute rMTT and follow-up T2 images acquired

from one slice of another acute stroke patient. The global AIFs are shown in Fig. 4.14

where the CGAIF leads the IGAIF for this patient. Fig. 4.15 shows the spatial ICA

analysis results. The highly expressed voxels and the temporal characteristics of each of

the ten components are demonstrated in Fig. 4.15(a) and Fig. 4.15(b), respectively. IC2,

IC3 and IC4 are identified as arterial spatial sources. In contrast, lesion components (for

example, IC5 and IC6), tissue/venous components (for example, IC1) and other nonarterial
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(a) Blue:core, red:PWI/DWI mis-

match, green:contralateral ROI

(b) Final T2 infarction

Figure 4.11: Different ROIs defined for the same acute stroke patient shown in Fig. 4.2,

components (for example, IC7, IC8, IC9 and IC10) were discarded on the basis of both their

spatial maps and temporal characteristics. Subsequently, local AIF dataset was constructed

using arterial components and voxel-by-voxel VTF was estimated.

In order to illustrate how VTF differs among different regions, three voxels were

chosen as shown in Fig. 4.16(a), Fig. 4.16(b) and Fig. 4.16(c): one from the core (blue dot),

one from the PWI/DWI mismatch area (red dot), and the other from final T2 infarction

(yellow dot). A direct comparison of VTF obtained from the core (blue solid), PWI/DWI

mismatch (red dash-dot line), and final T2 infarction (yellow plus line) when CGAIF and

IGAIF were used, are shown in Fig. 4.16(d)and Fig. 4.16(e), respectively. Although, the

VTFs have similar FWHM, the VTF in the PWI/DWI mismatched region has the largest

EVTF, which is consistent with the finding shown in Fig. 4.12.

4.6.2 Statistical Analysis

Results obtained from the ROI analysis are summarized in Fig. 4.17 for three

normal volunteers (one male, two females, age 24-33) for comparison purpose. For normal

volunteer study, the FWHM obtained from the two ROIs are 4.08±0.80 sec and 4.07±0.89

sec, respectively. Moreover, the EVTF values obtained from the two ROIs are comparable
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Figure 4.12: Averaged VTFs in different ROIs for the same acute stroke patient shown in
Fig. 4.2

with a normalized EVTF of 0.96± 0.24. It is clear that for the normal volunteer study, the

VTF obtained from the two hemispheres have similar dispersion and energy.

In the acute stroke patient study, the results of the FWHM are summarized in

Table 4.1. When the CGAIF is used, as shown in Fig. 4.18(a), the contralateral ROI yields

the smallest FWHM of 8.49 ± 1.05s, while the core (10.39 ± 1.79s), PWI/DWI mismatch

(10.52±1.87s) and the final infarction (10.49±1.83s) have similar FWHM, suggesting more

bolus dispersion is observed in the ipsilateral hemisphere. Similar results are also observed

from Fig. 4.18(b) when IGAIF is used: 7.43±0.95s, 9.01±0.97s, 9.15±1.08s, and 9.09±0.99s

for the contralateral, core, PWI/DWI mismatch, and final infarction, respectively.

The results of the normalized EVTF are summarized in Table 4.2 for the stroke

patients. When CGAIF is used as shown from Fig. 4.19(a), the PWI/DWI mismatched

region has the largest EVTF (75.12 ± 16.79%). The EVTF of the core (64.48 ± 17.67%)

is statistically smaller than that obtained from the PWI/DWI mismatched region (P =
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(a) Acute DWI (b) Acute rMTT (c) Follow-up T2

Figure 4.13: Anatomical images of another acute stroke patient

core PWI/DWI mismatch final infarction contralateral ROI
CGAIF 10.39± 1.79 10.52± 1.87 10.49± 1.83 8.49± 1.05
IGAIF 9.01± 0.97 9.15± 1.08 9.09± 0.99 7.43± 0.95

Table 4.1: FWHM (sec) of the VTF for the patient study

0.0319). Moreover, the EVTF in regions of the follow-up T2-defined infarction (64.07 ±
17.20%) is also substantially reduced and is statistically smaller than that obtained from

the PWI/DWI mismatched region (P = 0.0465). Similar results are demonstrated in Fig.

4.19(b) when IGAIF is used. The PWI/DWI mismatched region has the largest EVTF

(73.09 ± 14.36%). The EVTF of the core (62.99 ± 18.64%) and the EVTF in regions

of the follow-up T2-defined infarction (62.99 ± 18.21%) are substantially reduced and are

statistically smaller than that obtained from the PWI/DWI mismatched region with P =

0.0141 and P = 0.0229 respectively.

In summary, VTF can be obtained using the proposed approach. For normal

core PWI/DWI mismatch final infarction
CGAIF 64.48± 17.67 75.12± 16.79 64.07± 17.20
IGAIF 62.99± 18.64 73.09± 14.36 62.99± 18.21

Table 4.2: Normalized EVTF (%) of the VTF for the patient study
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Figure 4.14: Global AIFs measured from MCAs for the same acute stroke patient shown in
Fig.4.13

volunteers, the VTF obtained in the two hemispheres were determined similar. In contrast,

discrepancies were observed for different regions in acute stroke patient study. Although, the

FWHMs in all three ipsilateral ROIs are much larger than that obtained in the contralateral

ROI, our results demonstrated that the core and the final T2 infarction exhibited much

smaller power in comparison to that obtained in other brain regions in stroke patients.

This is consistent with the hypothesis that in humans DWI abnormality is the marker of

ischemic infarction, while PWI/DWI mismatch is an estimate of the at-risk but still viable

tissue which may be salvaged if perfusion is restored on time. Although our study has a

limited sample size, we have demonstrated that the VTF may provide an alterative means

of assessing tissue perfusion status.
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(a) Highly expressed voxels overlaid on the acute PWI images
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(b) Temporal characteristics of the spatial components

Figure 4.15: Spatial ICA analysis of the DSC perfusion data acquired from the same acute
stroke patient shown in Fig.4.13
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(a) A core voxel (b) A PWI/DWI mismatch

voxel

(c) A final infarction voxel
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(d) GAIF was measured from cMCA
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(e) GAIF was measured from iMCA

Figure 4.16: VTF variation at different voxels for the same acute stroke patient shown in
Fig.4.13
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(a) FWHM (sec)

(b) Normalized EVTF (%)

Figure 4.17: FWHM (sec) and normalized EVTF (%) of VTF for the normal volunteer
study
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(a) GAIF was measured from cMCA

(b) GAIF was measured from iMCA

Figure 4.18: FWHM (sec) of VTF for the acute stroke patient study
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(a) GAIF was measured from cMCA

(b) GAIF was measured from iMCA

Figure 4.19: Normalized EVTF (%) of VTF for the acute stroke patient study
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Chapter 5

Modelling Cerebral Blood Flow

Heterogeneity using DSC MR Data

5.1 Introduction

Using SVD, it has been shown that bolus delay and dispersion between the AIF

and tissue concentration curves may induce flow quantification error. While bolus delay

effects may be minimized by using a deconvolution method 6 or by defining ICA-based local

arterial input functions [33], [71], bolus dispersion may not be corrected for without the

knowledge of vasculature of the blood vessel bed.

A mathematical modelling tool describing the delay and dispersion of material

being transported within the blood was first developed by King et al. [72, 73]. Wilke et

al. [74] and Kroll et al. [75] later applied the derived coronary circulation model to MR

data to measure myocardial blood flow noninvasively. The arteriolar and capillary com-

partments in their models were described separately by assigning fixed relative dispersion

and variable volumes to the arteriolar vascular paths, and a fixed volume to the capillary

bed. Østergaard et al. [52] extended the vascular model to cerebral circulation to obtain

flow rates independently of major vessel delay and dispersion. Since the capillary density
6This method is less sensitive to bolus delay.



100

varies greatly among different tissues in the brain, to obtain a robust model for all brain

tissues with the same basic model parameters, the microvascular volume was made a free

parameter in [52]. And it was assumed that the dispersion only takes place in the large

vessel.

Using ICA, local arterial sources may be identified by applying spatial ICA to

tissue curves throughout the entire brain parenchyma. In this study, we extended the

cerebral vascular model to separate the vasculature between the major vessel and the tissue

of interest further into two parts. The first part between the major vessel and local vessel

were modelled as parallel small arteries and the second part between the local vessel to

the tissue was modelled as parallel capillaries. By adjusting the input mean flow rate, the

volumes of small arteries and capillaries, and the local flow rates in each small artery and

each capillary, flow heterogeneity in both small arteries and capillary bed may be modelled

and thus the bolus delay and dispersion dependence on cerebral flow estimation may be

minimized.

The vascular model was fitted to normal rat cerebral MR data for validation

purposes. The estimated flow rates were also compared to established values and those

obtained using the SVD method. In addition, using numerical simulation, the sensitivity of

the vascular model to tracer delays was compared to that of the SVD approach. The results

demonstrate that the developed model yields gray matter (GM) to white matter (WM) flow

ratios in good agreement with the established values, as well as those obtained by the SVD

method.

5.2 Vascular Model

We built on the vascular model previously described by Kroll et al. [75] and Øster-

gaard et al. [52] to normal rat cerebral MR data. Let Cga(t) and Cla(t) be the AIFs measured

at a major vessel and a local vessel respectively. In addition, let CT (t) be the measured

tissue residue curve. The vasculature between the major vessel and any local vessel was

modelled as 5 small vessels in parallel as shown in Fig. 5.1. Each small artery was modelled

as a delay line with the delay determined by the volume Vsv. The vasculature between any

local vessel and the tissue of interest was, in contrast, modelled as 6 capillaries in parallel.

Each capillary was modelled as a delay line with the delay determined by the fractional vol-
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Figure 5.1: Overview of our cerebral vascular model

ume Vcap and a relative dispersion [72]. By characterizing the model by several parameters,

more stable flow rates may be obtained in comparison to the conventional SVD approach.

5.2.1 Modelling Small Arteries

A global AIF, Cga(t), was measured from signal changes at a major vessel such

as middle cerebral artery. Assuming the observed tissue curves can be decomposed into

spatially segregated and independent components, spatial ICA was applied to tissue curves

throughout the brain parenchyma. A local AIF dataset was then constructed using the

arterial sources determined on the basis of both spatial maps and temporal characteristics

of the components.

The pathway between the global AIF and any local AIF, Cla(t), may be modelled

as N parallel small arteries. In this study, N was fixed to 5 to reduce the computational

complexity. Each small artery was then modelled as a pure delay line with delay τsvi (i =

1, · · · , N). Let F be the mean input bulk blood flow measured in ml/min. The input flow is

then directed to N pathways in parallel, and flow heterogeneity is achieved by assigning a

relative local bulk blood flow fsvi (0 < fsvi < 1) to each small artery. In one minute, fsviF
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ml of blood can be delivered through the ith small artery. We thus have
N∑

i=1

fsviF = F , or

N∑

i=1

fsvi = 1. (5.1)

Also assume each small artery has the same bulk blood volume Vsv (ml), hence,

in Vsv/fsviF minutes, Vsv ml of blood can be delivered through the ith small artery. The

delay for the ith small artery is thus

τsvi = Vsv/fsviF (sec). (5.2)

Figure 5.2: Cerebral vascular model for small arteries

Since in one minute, fsviF ml bulk blood can be delivered through the ith small

artery, the concentration of the contrast agent in that small artery, thus, should be propor-

tional to fsvi (i = 1, · · · , N). In addition, considering that the global AIF can deliver blood

to hundreds of small local AIFs in the brain, there is no mass conservation for any pair of

the global AIF and any particular local AIF. As shown in Fig. 5.2, the estimated local AIF

and the estimation error are then reflected by Eqs. (5.3-5.4) respectively,

Ĉla(t) =
N∑

i=1

αfsviCga(t− τsvi) (0 < α < 1), (5.3)

E1 = |Cla(t)− Ĉla(t)|2. (5.4)
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5.2.2 Modelling Tissue Residue Functions

Tissue curve, CT (t), was measured either from a gray matter or white matter

voxel. The pathway through the local vessel to the tissue may be modelled as M parallel

capillaries. Each capillary was then modelled as a pure delay line followed by a dispersion

filter. In this study, M was fixed to 6 to reduce computational complexity.

Assuming F ml of blood is delivered to 100 g of tissue of interest in one minute,

let fcapi be the relative local perfusion flow in the ith capillary. In addition, let wcapi be the

fraction of the tissue having local flow fcapiF , i.e. if the total tissue mass is 100 g, then the

mass of the ith capillary is 100wcapi g. We thus have,

M∑

i=1

wcapi = 1. (5.5)

Similarly, since in one minute, F ml of blood can be delivered to the tissue of

interest, we have
M∑

i=1

wcapifcapiF = F , or

M∑

i=1

wcapifcapi = 1. (5.6)

Assume each capillary has the same volume Vcap (ml/100g) and the same relative

dispersion (RD), RDcap. Each capillary may be modelled as a delay operator with delay of

τcapi sec followed by a Gamma filter with fixed RD of 0.48. In general, let T be a random

variable with a probability density function h(t) defined on [0, a] with mean t̄ and standard

deviation σ. The relative dispersion of h(t) is defined as RD = σ/t̄.

Let the impulse response of each Gamma filter be Gi(ai, bi, t) which is given by:

Gi(ai, bi, t) =
1

bai
i Γ(ai)

tai−1e−t/bi (ai > 0, bi > 0, t ≥ 0). (5.7)

The mean and variance of the Gamma filter are t̄Γi = aibi and σΓi = bi
√

ai

respectively. Then the relative dispersion of each Gamma filter is:

0.48 = σΓi/t̄Γi = 1/
√

ai. (5.8)

Let the MTTs for each capillary and the Gamma filter be t̄capi (sec) and t̄Γi (sec),

respectively. Then t̄capi is given by:
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t̄capi =
Vcap

fcapiF
= τcapi + t̄Γi (sec). (5.9)

Since the delay line is not dispersive, the standard deviation of each capillary is

thus equal to that of each Gamma filter. The RD of each capillary is thus given by:

RDcap = σΓi/t̄capi = 0.48t̄Γi/t̄capi = 0.48aibi/t̄capi . (5.10)

From Eqs. (5.8, 5.10), we can adjust the parameters of the Gamma filter to obtain

any desired RD (0 < RD ≤ 0.48) for each capillary:

ai = 1/(0.48)2, bi = 0.48 ·RDcap · t̄capi (i = 1, · · · , M), (5.11)

t̄Γi = t̄capi ·RDcap/0.48 (i = 1, · · · ,M), (5.12)

τcapi = t̄capi − t̄Γi = (0.48−RDcap) · t̄capi/0.48 (i = 1, · · · ,M). (5.13)

As shown in Fig. 5.3, the output of the capillary bed is given by:

Ccapout(t) =
M∑

i=1

wcapifcapiCla(t− τcapi)⊗Gi(ai, bi, t). (5.14)

The estimated relative residue tracer mass, Q̂T (t) (mg/ml), is given by Eq. (5.15),

which may be viewed as the approximation of the measured residual tracer concentration,

CT (t), in the tissue.

Q̂T (t) = F

∫ t

0
Cla(τ)dτ − F

∫ t

0
Ccapout(τ)dτ. (5.15)

The error between the estimated residue tracer mass and the measured tissue

residual is then:

E2 = |CT (t)− Q̂T (t)|2. (5.16)
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Figure 5.3: Cerebral vascular model for capillary bed

5.2.3 Model Analysis

In the physiological literature, the CBF and CBV values in gray matter and white

matter are different. Different initial conditions, lower and upper bounds should be used

to separate GM and WM. Gray matter and white matter ROIs were segmented based on

cerebral blood volume maps ( [11, 76, 77]). Using Matlab optimization toolbox, F , Vsv,

Vcap and RDcap were adjusted to obtain optimal fits to both the local AIF and the tissue

concentration curve by minimizing the error E1 + E2 subject to the following constraints:

0 < α < 1,
N∑

i=1

fsvi = 1,
M∑

i=1

wcapi = 1, and
M∑

i=1

wcapifcapi = 1.

For normal rat gray matter tissue, the typical values of the parameters are: F

= 100∼140 ml/100g/min, Vsv = 0.6∼ 1.5 ml/100g, and Vcap = 0.75∼2.2 ml/100g. The

initial conditions were F = 120 ml/100g/min, Vsv = 1 ml/100g, Vcap = 1.5 ml/100g and

RDcap = 0.1. For normal rat white matter, the typical values of the parameters are: F=

40∼80 ml/100g/min, Vsv = 0.4∼0.9 ml/100g, Vcap = 0.55∼1.3 ml/100g. The corresponding

initial conditions were F = 55 ml/100g/min, Vsv = 0.65 ml/100g, Vcap = 0.9 ml/100g and

RDcap = 0.1 for normal rat white matter tissue.

5.3 Model Validation

Tissue curves were obtained from gray matter and white matter voxels respectively.

And CBF values were also obtained by deconvolving the tissue curves with the global AIF

using SVD, and were compared to those obtained with the vascular model fits. In addition,
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the gray-to-white matter flow ratios obtained from the model were compared with those

obtained using the SVD method.

To simulate the effects of bolus delays on flow estimation, the tissue concentration

time curve measured at a gray matter voxel from one normal rat was delayed up to 2.88

seconds in steps of 0.24 second by linear interpolation. Flow rates were again obtained using

the SVD method and the vascular model fits of the delayed tissue curves for comparison

purpose.

5.4 Results

DSC MR data were measured from three normal rats with TR of 0.48 seconds, and

TE of 13 milliseconds. A total of 120 images were acquired for each slice. Fig. 5.4 shows

the global AIF measured from MCA and a constructed local AIF using spatial ICA for one

normal rat. Typical tissue concentration time curves as well as the corresponding model

fits obtained from a gray matter voxel and a white matter voxel are shown in Figs. 5.5-5.6

respectively. The vascular model provided excellent fits to the experimental data. Notice

the model takes into account the observed earlier tracer arrival in tissue with higher flow

rates (gray matter: CBF=100.15 ml/100g/min, white matter: CBF=59.46 ml/100g/min).

The χ2-values for the fits are χ2 = 235.20 and χ2 = 194.81 for the gray matter and white

matter voxels respectively.

Fig. 5.7 shows the flow rates determined by the vascular model fits and the SVD

approach respectively. Twelve voxels were randomly chosen from one normal rat. The mean

gray matter flow rates are 119.10±20.17 ml/100g/min and 123.00±14.48 ml/100g/min with

the vascular model and the SVD approach, respectively. In addition, the mean white matter

flow rates are 65.42±14.24 ml/100g/min and 70.83±10.54 ml/100g/min with the vascular

model and the SVD approach, respectively. As shown from Fig. 5.7, it is clear that in

general, the flow rates obtained using the vascular model fits are in agreement with those

obtained using SVD for normal rats.

Fig. 5.8 shows the gray-to-white matter flow ratios determined by the vascular

model fits plotted against corresponding ratios in identical regions obtained by the SVD

approach. Also shown is the linear regression line for the ratios: y = 1.35x − 0.48 (r2 =

0.81). The line of identity was within the 95% confidence intervals of a common linear fit.
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Figure 5.4: Global and local AIFs obtained from one normal rat
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Figure 5.5: Vascular model fits for a gray matter voxel
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Figure 5.6: Vascular model fits for a white matter voxel
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Figure 5.7: Regional flow rates by model fits and SVD approach
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region vascular model SVD approach
1 1.75 1.82
2 2.58 1.74
3 2.35 1.94
4 1.43 1.71
5 1.25 1.47
6 1.47 1.65
7 1.25 1.13
8 3.50 2.96
9 2.50 2.22
10 1.96 1.72
11 1.36 1.41
12 1.89 1.74

mean ± SD 1.94±0.68 1.79 ± 0.46

Table 5.1: Regional GM-to-WM flow ratio in one normal rat
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Figure 5.8: GM-to-WM flow ratio by model fits plotted against those obtained by SVD
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Notice the agreement between gray-to-white flow ratios determined by the model and SVD

approach, respectively. Shown in Table 5.1, the mean gray-to-white flow ratio obtained

by the model fits (1.94±0.68) is in excellent agreement with that determined by the SVD

approach (1.79±0.46). These values are also in agreement with values determined by PET

study (2∼2.5).
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Figure 5.9: Effects of bolus delay on flow rates for the SVD approach and the vascular
model respectively

Fig. 5.9 shows the effect of bolus delay on flow rates for the vascular model and

the SVD approach, respectively. One gray matter voxel was chosen from a normal rat.

Vascular model and SVD values were obtained from identical regions. The SVD approach

substantially underestimates flow rates when tracer arrival delays are present. We remark

that with a model approach, however, flow estimates are remarkably independent of delays.

In conclusion, more stable cerebral CBF quantification may be obtained by mod-

elling flow heterogeneity in both small arteries and capillary bed. The proposed vascular

model was tested on normal rat data. The results show that the model fits yield flow rates

and gray-to-white matter flow ratios in agreement with both the established values and

those obtained by the SVD method. Moreover, simulation shows that the vascular model

is less sensitive to bolus delay in comparison to the conventional SVD approach. Although
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the model is only tested on normal rat data, we have demonstrated that the vascular model

may improve flow quantification greatly.
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Chapter 6

Future Research Arenas

In this chapter, we briefly summarize the contributions of this dissertation, and

also present some possible further development to extend our work.

6.1 Summary

Our first contribution in this work is the development of a new methodology of

recirculation removal using temporal ICA for both normal and ischemic brain tissues. An

alternative approach to correct bolus delay between the global AIF and tissue curves on

CBF quantification is then proposed by estimating bolus arrival time for each 5 × 5 ROI

using temporal ICA. Subsequently, a novel tool to estimate vascular transport function

noninvasively based on spatial ICA is developed. The estimated VTF may offer an alter-

native interpretation of assessing tissue perfusion status. An extended vascular model is

finally described to model cerebral flow heterogeneity. More stable flow quantification can

be obtained in comparison to conventional voxel-by-voxel SVD approach.

6.2 Possible Future Research

In this section, we list several potential topics related to this thesis that might

constitute good leads for future research.
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In Chapter 5, we applied an extended vascular model to normal rat cerebral MR

data. The vasculature between a major vessel and a tissue of interest is further separated

into two parts, i.e one part describing the pathway between the major vessel to local vessel,

and followed by another part describing the pathway between the local vessel to the tissue.

By adjusting several parameters, the model yields flow rates in agreement with both the

SVD results and established values. In addition, the model is much less sensitive to bolus

delay in comparison to the conventional SVD approach. This may be further justified by

applying the same model to ischemic stroke rat data. In case of ischemia, the bolus delay

and dispersion between the AIF and tissue curves are more severe. The SVD approach, thus,

may induce significant CBF quantification error. However, since the delay and dispersion

are taken into account in the model by delay lines and Gamma filters, the vascular model

approach should greatly improve CBF quantification for stroke rat data.
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