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Cerebral metabolic rate of oxygen (CMRO2) and oxygen extraction fraction (OEF) are 

valuable to investigate tissue viability and function. Numerous magnetic resonance 

imaging (MRI) methods have been proposed to estimate them quantitatively. While 

those methods are investigated in healthy subjects, a robust framework is elusive from 

literature for reliable CMRO2 and OEF estimation in pathological scenarios.  

This thesis developed algorithms that improve the accuracy, robustness and 

applicability of CMRO2 and OEF for both healthy and pathological subjects. First, 

quantitative susceptibility mapping (QSM)-based and quantitative blood oxygen-level 

dependent magnitude (qBOLD)-based CMRO2 method were combined to resolve the 

issues of the individual methods. Second, the cluster analysis of time evolution (CAT) 

was proposed to improve robustness of the combined model against noise.  
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With the technical advances in this thesis, CMRO2 and OEF that are robust against 

noise and sensitive to pathological senarios, e.g. ischemic stroke lesion, can be 

estimated. 
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CHAPTER 1 

 INTRODUCTION 

The cerebral metabolic rate of oxygen (CMRO2) and oxygen extraction fraction (OEF) are 

important markers of brain tissue viability and function, such as in stroke (1-3), and their 

mapping using MRI has received great interest (4). MR signal is highy sensitive to the strongly 

paramagnetic deoxyhemoglobin converted from weakly diamagnetic deoxyhemoglobin. 

Quantitative models have been proposed to investigate the effect of deoxyhemoglobin in blood 

on the MRI signal, including 1) magnitude signal modeling methods such as quantitative 

imaging of extraction of oxygen and tissue consumption (QUIXOTIC) (5), calibrated functional 

MRI (6-9), and quantitative blood oxygen level dependent magnitude (qBOLD) (10-12), and 2) 

phase signal modeling methods for a value of the whole brain CMRO2 (13-16) and a voxel-wise 

quantitative susceptibility mapping (QSM)-based CMRO2 methods (17-19).  

We will focus on two CMRO2 methods, QSM-based (17-19) and qBOLD-based (11,12) 

CMRO2 method. Both don’t need vascular challenges, which are impractical in clinical settings. 

Each utilizes phase and magnitude signal from the same underlying multi-echo gradient echo 

(mGRE) data, respectively. We will review the two methods. Then, we will specify their 

limitations and propose novel algorithms to overcome these limitations as major contribution of 

the current thesis. 

1.1 QSM-based CMRO2 method  

In this chapter, we examine QSM-based CMRO2 methods (17-19). QSM-based CMRO2 
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methods separate the voxel-wise susceptibility 𝜒 into two main contributions: non-blood tissue 

and blood susceptibility, which is mainly deoxyhemoglobin in venous blood. The suscepbitliy 𝜒 

can be estimated via QSM (20-22). QSM algorithms solves the inversion problem from the 

measured magntic field 𝑏 to susceptibility map 𝜒. The forward problems is as follows.  

 𝑏 = 𝑑 ∗ 𝜒 [1.1] 

Where 𝑑 is dipole kernel:  

 𝑑(𝒓) =
1

4𝜋
 
3 𝑐𝑜𝑠2 𝜃 − 1

|𝒓|3
,        𝒓 ≠ 𝟎 [1.2] 

𝜃 is the angle between the location vector 𝒓 and the main magnetic field. Eq. 1.1 can be derived 

by using the Maxwell’s eqation with magnetostatic condition and Lorentz sphere correction (See 

Appendix for the detail derivation).  

Note that Eq. 1.1 is the 1st order Talyer expansion result from the Maxwell’s equation (Eq. A5). 

It means that current QSM algorithms approximate 𝑏 to be dipole field and assume a uniform 

susceptibility distribution within a voxel. More generally, tissue magnetic susceptibility sources 

can be expressed in a multipole expansion. The dipole model in current QSM may be improved 

by including the quadrupole moments, defined as the first moment of susceptibility distribution 

within a voxel (2nd order in Eq. A5). In regions with non-uniform susceptibility distribution such 

as gray-white matter interfaces, the quadrupole moments can be substantial and their field 

contribution is non-negligible compared to susceptibility anisotropy field contributions. The 

quadrupole moment might need to be considered for a comprehensive field model. We 

developed the inclusion of the quadrupole moment (23), in addition to the thesis topic.    



 

3 

 

QSM-based CMRO2 method contains the signal equation for the susceptibility of a voxel, 𝐹𝑄𝑆𝑀, 

which is the sum of three terms: the non-blood tissue susceptibility (𝜒𝑛𝑏), the plasma 

susceptibility and the hemoglobin susceptibility (18,19): 

 

𝐹𝑄𝑆𝑀 = (1 − 𝐶𝐵𝑉) ⋅ 𝜒𝑛𝑏  

 + CBV ⋅ (1 − 𝜓𝐻𝑏) ⋅ 𝜒𝑝

 + 𝐶𝐵𝑉 ⋅ 𝜓𝐻𝑏 ⋅ [𝜒𝑜𝐻𝑏+Δ𝜒𝐻𝑏 ⋅
𝑣 ⋅ [𝑑𝐻]𝑣 + (𝐶𝐵𝑉 − 𝑣) ⋅ [𝑑𝐻]𝑎

𝐶𝐵𝑉 ⋅ [𝐻]
]

 [1.3] 

where  𝐶𝐵𝑉 is total blood volume (dimensionless fraction), 𝜓𝐻𝑏 the hemoglobin volume fraction 

(dimensionless) which was set to 0.0909 for tissue based on Hct 0.357 (18,24-26), 𝜒𝑝 the blood 

plasma susceptibility, set to -37.7 ppb (27), 𝜒𝑜𝐻𝑏 the oxyhemoglobin susceptibility (-813 ppb) 

(18,25,28), [𝑑𝐻]𝑣 and [𝑑𝐻]𝑎 the concentration (µmol/ml) of deoxyhemoglobin in venules and 

arterioles, respectively. [𝑑𝐻]𝑣 and [𝑑𝐻]𝑎 will be expressed in terms of 𝑌 and 𝑌𝑎 below. Δ𝜒𝐻𝑏 is 

the susceptibility difference between deoxy- and oxy-hemoglobin (12522 ppb) (17,27).   

Eq. 1.3 is then expressed in terms of 1) the ratio between the venous and total blood volume 𝛼 =

𝑣/𝐶𝐵𝑉, assumed to be constant (0.77) (29), 2) the fully oxygenated blood susceptibility, 𝜒𝑏𝑎 =

𝜓𝐻𝑏 ⋅ 𝜒𝑜𝐻𝑏 + (1 − 𝜓𝐻𝑏) ⋅ 𝜒𝑝 (19), 3) the arterial oxygenation 𝑌𝑎 =
[𝐻]−[𝑑𝐻]𝑎

[𝐻]
, and 4) the venous 

oxygenation, 𝑌 =
[𝐻]−[𝑑𝐻]𝑣

[𝐻]
. This results in:  

 𝐹𝑄𝑆𝑀(𝑌, 𝑣, 𝜒𝑛𝑏) = (1 −
𝑣

𝛼
) ⋅ 𝜒𝑛𝑏 + [

𝜒𝑏𝑎
𝛼
+ 𝜓𝐻𝑏 ⋅ Δ𝜒𝐻𝑏 ⋅ (−𝑌 +

1 − (1 − 𝛼) ⋅ 𝑌𝑎
𝛼

)] ⋅ 𝑣

  
 [1.4] 

where the two terms represent the contribution of non-blood tissue and blood to the total 

susceptibility, respectively.  
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QSM-based CMRO2 methods require estimating two unknowns per voxel (17-19): 𝑌 and 𝜒𝑛𝑏 

(inversion of Eq. 1.4). The venous blood volume fraction (𝑣) is assumed to be known from the 

linear relationship between cerebral blood flow (CBF) and 𝑣 (30). The linear relationship was 

acquired with a linear regression on the total number of voxels in healthy subjects’ brain. It, 

hence, might hold for individual voxels and for patient cases. 

1.2 qBOLD-based CMRO2 method 

The qBOLD method models mGRE magnitude in a voxel (12): 

 𝐹𝑞𝐵𝑂𝐿𝐷(𝑌, 𝑣, 𝜒𝑛𝑏 , 𝑆
0, 𝑅2, 𝑇𝐸) = 𝑆

0 ⋅ 𝑒−𝑅2⋅𝑇𝐸 ⋅ 𝐹𝐵𝑂𝐿𝐷(𝑣, 𝑌, 𝜒𝑛𝑏 , 𝑇𝐸) ⋅ 𝐺(𝑇𝐸) [1.5] 

where 𝑆0 is signal intensity at measurement time TE=0, 𝑅2 is transverse relaxation rate,  𝐺 is the 

macroscopic field inhomogeneity contributing to the GRE signal and  𝐹𝐵𝑂𝐿𝐷 is the mGRE signal 

decay due to deoxygenated blood in vessel network: 𝐹𝐵𝑂𝐿𝐷
 (𝑌, 𝑣, 𝜒𝑛𝑏 , 𝑡) = 𝑒𝑥𝑝[−𝑣 ⋅ 𝑓𝑠(𝛿𝜔 ⋅ 𝑡)]. 

The function 𝑓𝑠 is the signal decay by the blood vessel network (12,31), whose asymptotic 

behavior is  𝑓𝑠(𝛿𝜔 ⋅ 𝑇𝐸) ≈
3

10
(𝛿𝜔 ⋅ 𝑇𝐸)2 for 𝑇𝐸 ≪ 1/𝛿𝜔, and 𝑓𝑠(𝛿𝜔 ⋅ 𝑇𝐸) ≈ 𝛿𝜔 ⋅ 𝑇𝐸 for 

𝑇𝐸 ≫
1

𝛿𝜔
, where 𝛿𝜔 is the characteristic frequency due to the susceptibility difference between 

deoxygenated blood and the surrounding tissue:  

 δω(𝑌, 𝜒𝑛𝑏) =
1

3
⋅ 𝛾 ⋅ 𝐵0 ⋅ [Hct ⋅ Δχ0 ⋅ (1 − 𝑌) + 𝜒𝑏𝑎 − 𝜒𝑛𝑏] [1.6] 

where 𝛾 is the gyromagnetic ratio (267.513 MHz/T), 𝐵0 is the main magnetic field (3T in our 

study), Hct is hematocrit (0.357) (18), Δχ0 is the susceptibility difference between fully 
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oxygenated and fully deoxygenated red blood cell (4π × 0.27ppm) (32), 𝜒𝑏𝑎 is the susceptibility 

of fully oxygenated blood, -108.3 ppb estimated with using Hct 0.357 (19).  

From the magnitude of the mGRE signal of each voxel, the qBOLD-based CMRO2 methods 

(12) have solved four unknowns: signal intensity at TE=0 (𝑆0), transverse relaxation rate (𝑅2), 𝑣, 

and 𝑌 (10-12) (inversion of Eq. 1.5). qBOLD assumes 𝜒𝑛𝑏 to be the same as that of fully 

oxygenated blood (𝜒𝑏𝑎 = 𝜒𝑛𝑏) (10-12,33). This constant 𝜒𝑛𝑏 assumption might not be true 

because it ignores regional variation, such as highly positive tissue susceptibility in deep gray 

matters by ferritin and negative tissue susceptibility in white matter by myelin (22). 

1.3 Summary of Contributions 

The work in this thesis is designed to improve individual QSM-based and qBOLD-based 

CMRO2 method. First, we combined the two models. Second, we improved the robustness of the 

combined model. These developments are described in a separate chapter. 

1. CMRO2 Mapping by Combining QSM and qBOLD. Chapter 3 presents the model 

combination of QSM and qBOLD (34).  It removes unnecessary assumptions in each individual 

methods, such as linear assumption between 𝑣 and CBF in the QSM-based model and constant  

𝜒𝑛𝑏 assumption in the qBOLD-based model. It also utilizes both phase (QSM-based modeling) 

and magnitude (qBOLD-based modeling) signal from the same mGRE data. The combined 

model provided clearer gray and white matter contrast in CMRO2, more uniform OEF than 

QSM, and less noisy OEF than qBOLD. These agree well with reference PET studies. 

2. Cluster analysis of time evolution for QSM+qBOLD. Chapter 4 proposes cluster analysis of 

time evolution (CAT) for the combined QSM+qBOLD (QQ) model to improve the robustness 
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again noise (35). QQ model is involved with highly non-convex optimization, and so susceptible 

to substantial errors in OEF at typical signal-to-noise (SNR). CAT method assumes that voxels 

with a similar mGRE signal evolution have similar model parameter values and that the number 

of clusters is much smaller than the number of voxels. Consequently, averaging over a cluster 

can substantially increase SNR for a cluster-wise inverse solution. QQ with CAT showed more 

accurate OEF in simulations, more uniform and less noisy OEF in healthy subjects. In ischemic 

stroke patients, regions of low OEF were confined within the lesions defined on diffusion 

weighted image (DWI) when using CAT, which was not observed without CAT. 
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CHAPTER 2 

 BACKGROUND 

QSM-based and qBOLD method can be derived from a MRI voxel signal model (36).  

 𝑆(𝑇𝐸) ≈ �̅�  ⋅ Δ𝑉 ⋅ 𝑒−𝑅2⋅𝑇𝐸 ⋅ 〈𝑒𝑖𝑏⋅𝜔𝑜⋅𝑇𝐸〉 [2.1] 

Where �̅� is average spin distribution in a voxel, Δ𝑉 is voxel volume, 𝑅2 is the signal decay rate 

by irreversible spin-spin interaction, 𝑇𝐸 is measurement time, 𝑏 is susceptibility field scaled to 

the main magnetic field, 𝜔𝑜. 〈⋅〉 is the average over a voxel.  

In this chapter, Eq. 2.1 will be derived from MRI principle (36). Then, QSM-based (Eq. 1.3) and 

qBOLD (Eq. 1.5) modeling will be obtained from Eq. 2.1 (11,17,22,36).  

2.1 MRI principle to signal model 

Our body consists of ~ 60% water. Hydrogen nucleus in the water molecule has intrinsic 

property, spin s, due to single unpaired proton. Proton has one-half spin, hence two states can 

exist, spin-up and spin-down. Without an external field, the energy levels of the two states are 

the same, i.e. degenerated. Under an external field, e.g. our body is located in MRI, the energy 

level of spin-up state (parallel to the external field) becomes lower than the one of spin-down 

state. A small difference in the spin population between two states creates a net magnetization, 

m.  

2.1.1 Lamor frequency and transverse magnetization 

In an external field B, m precesses clockwise around B  with an angular velocity 𝝎.  
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 𝝎 = −𝛾𝑩 [2.2] 

Where the magnitude of 𝝎 is precession frequency or Larmor frequency, 𝛾 is the proportionality 

constant between 𝝎 and 𝑩, referred to as the gyromagnetic ratio, e.g. 42.58 MHz/T for 1H. 

The magnetization vector m can be expressed in the z-direction (along B direction) component, 

𝑚𝑧, and the transverse (x, y) plane component, 𝑚⊥.  

 𝑚⊥ = 𝑚𝑒−𝑖𝜔𝑡 [2.3] 

Eq. 2.3 decribes a solution to the first-order differential equation. 

 𝑑𝑚⊥

𝑑𝑡
= −𝑖𝜔𝑚⊥ 

[2.4] 

Eq. 2.4 can be expressed in a vector form with using B. 

 𝑑𝒎

𝑑𝑡
= 𝛾𝒎 × 𝑩 

[2.5] 

2.1.2 Signal detection 

Suppose a loop coil is located nearby the precessing magnetization m. The magnetic flux 

𝜙 through the area of the loop by m would osciallate at the frequency 𝜔. Then, the volage signal 

in the coil, s, can be induced based on Faraday’s Law.   

  
𝑠 = −

𝑑𝜙

𝑑𝑡
= 𝑖𝜔𝜙 

[2.6] 

The flux 𝜙 can be expressed as 𝑚⊥ with the assumption that the coil sensitivity is unity for 

simplicity. 
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 𝑠 = 𝑖𝜔𝑚⊥ [2.7] 

The detected signal in a coil is the summation of the flux contributions from all spin. Hence, a 

general signal equation can be expressed by taking a spatial integral. 

 𝑠 = 𝑖∫ 𝜔(𝒓)𝑚⊥(𝒓)𝑒
−𝑖𝜔(𝑟)𝑡𝑑3𝒓 [2.8] 

2.1.3 Signal in time 

The 𝜔(𝑟) in Eq. 2.8 can be divided into three contributions. 

 𝜔(𝒓) = 𝜔0 + 𝛾𝑮 ⋅ 𝒓 + 𝑏(𝒓)𝜔0 [2.9] 

Where 𝜔0 is the main magnetic field, e.g. 3T, 𝛾𝑮 ⋅ 𝒓 = 2𝜋𝒌 ⋅ 𝒓 is the imaging gradient, and 

𝑏(𝒓)𝜔0 is a susceptibility field scaled to the main magnetic field.  

Eq. 2.8 becomes Eq. 2.10 with 1) Eq. 2.9,  2) the assumption that the main magnetic field is 

much greater than the other fields, 𝜔0 ≫ 𝛾𝑮 ⋅ 𝒓 + 𝑏(𝒓)𝜔0, and 3)  𝜔0 modulation. 

 𝑠 ≈ ∫𝑚(𝒓)𝑚⊥(𝒓)𝑒
−𝑖𝑏(𝒓)𝜔𝑡 ⋅ 𝑒−2𝜋𝑖𝒌⋅𝒓𝑑3𝒓 [2.10] 

Note that 𝜔0 + 𝛾𝑮 ⋅ 𝒓 + 𝑏(𝒓)𝜔0 ≈ 𝜔0 but 𝑒−𝑖𝜔𝑡 ≠ 𝑒−𝑖𝜔0𝑡 because 𝑒−𝑖𝑏(𝒓)𝜔𝑡 and 

𝑒−2𝜋𝑖𝒌⋅𝒓 oscillate. 

2.1.4 Signal in time with relaxation 

Eq. 2.10 is the result from considering only precession as in Eq. 2.5. With taking the longitudinal 

and transverse relaxation, 𝑅1 and 𝑅2 into account, Eq. 2.5 can be genalized. 



 

10 

 

 𝑑𝒎

𝑑𝑡
= 𝛾𝒎× 𝑩− 𝑅1(𝑚𝑧 −𝑚𝑧

0)�̂� − 𝑅2(𝑚𝑥�̂� + 𝑚𝑦�̂�) 
[2.11] 

Where 𝑚𝑧
0 the magnetization at thermal equilibrium.  

Accordingly, Eq. 2.10 can be generalized with 𝑅2 term from Eq. 2.11. 

 𝑠(𝑡) ≈ ∫𝑚(𝒓)𝑒−𝑅2(𝒓)𝑡𝑒−𝑖𝑏(𝒓)𝜔0𝑡 ⋅ 𝑒−2𝜋𝑖𝒌⋅𝒓𝑑3𝒓 [2.12] 

Eq. 2.12 can be approximated as Eq. 2.13 with the assumption that 𝑅2 is much smaller the 

readout duration (𝑒−𝑅2(𝒓)𝑡 ≈ 𝑒−𝑅2(𝒓)𝑇𝐸) and the imaging gradient is much greater than the 

susceptibility induced field (𝑒−𝑖𝑏(𝒓)𝜔0𝑡 ≈ 𝑒−𝑖𝑏(𝒓)𝜔0𝑇𝐸). 

 𝑠(𝑡) ≈ ∫𝑚(𝒓)𝑒−𝑅2(𝒓)𝑇𝐸𝑒−𝑖𝑏(𝒓)𝜔0𝑇𝐸 ⋅ 𝑒−2𝜋𝑖𝒌⋅𝒓𝑑3𝒓 [2.13] 

Eq. 2.13 can be considered as the Fourier transform of a magnetization with amplitude 

attenuation (𝑒−𝑅2(𝒓)𝑇𝐸) and phase dispersion (𝑒−𝑖𝑏(𝒓)𝜔0𝑇𝐸). 

2.1.5 Signal in image domain 

Eq. 2.13 is a signal intensity in time. Signal intensity in the image domain (at location 𝒓) can be 

obtained with taking the inverse Fourier transform in terms of the imaging grandient k and r. 

 

𝑠(𝒓) ≈ ∫ 𝑞(𝒓 − 𝒓′)
𝑟+
Δ𝑟
2

𝑟−
Δ𝑟
2

𝑚(𝒓′)𝑒−𝑅2(𝒓
′)𝑇𝐸𝑒−𝑖𝑏(𝒓

′)𝜔0𝑇𝐸𝑑3𝒓′ 

[2.14]  

Where 𝑞(𝒓 − 𝒓′) is voxel sensitivity function due to Fourier encoding, which assumes to be the 

voxel box for simplicity. In addition, the average spin distribution, �̅�(𝒓) = ∫
𝑚(𝒓′)

Δ𝑉

𝑟+
Δ𝑟

2

𝑟−
Δ𝑟

2

𝑑3𝒓′, can 
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be defined since the phase variation in the voxel dominates the integral. Then, Eq. 2.14 can be 

expressed as Eq. 2.15. 

 

𝑠(𝒓) ≈ �̅�(𝒓) ⋅ Δ𝑉 ⋅ 𝑒−𝑅2𝑇𝐸 ⋅ ∫
𝑑3𝒓′

Δ𝑉

𝑚(𝒓′)

�̅�(𝒓 )

𝑟+
Δ𝑟
2

𝑟−
Δ𝑟
2

𝑒−𝑖𝑏(𝒓
′)𝜔0𝑇𝐸 

[2.15] 

This integral can be treated as a probability 
𝑑3𝒓′

Δ𝑉

𝑚(𝒓′)

�̅�(𝒓 )
= 𝑝(𝑏)𝑑𝑏 average of 𝑒−𝑖𝑏𝜔0𝑇𝐸. Eq. 2.15, 

then, becomes Eq. 2.16. 

 𝑠(𝒓) ≈ �̅�(𝒓) ⋅ Δ𝑉 ⋅ 𝑒−𝑅2𝑇𝐸 ⋅ 〈𝑒−𝑖𝑏𝜔0𝑇𝐸〉 [2.16] 

Eq. 2.16 is identical to Eq. 2.1, the staring point of our QSM-based and qBOLD modeling.  

2.2 Signal model to QSM-based and qBOLD modeling 

2.2.1 QSM-based modeling 

This chapter describes how QSM-based CMRO2 modeling, Eq. 1.3 in Chapter 1.1, can be 

obtained from the signal model, Eq. 2.16. 

 Eq. 2.16 can be further approximated by Cumulant expansion upto the 2nd order. 

 𝑠(𝒓) ≈ �̅�(𝑟) ⋅ Δ𝑉 ⋅ 𝑒−𝑅2
∗𝑇𝐸 ⋅ 𝑒−𝑖〈𝑏〉𝜔0𝑇𝐸 [2.17] 

Where 𝑅2
∗ = 𝑅2 +

1

2
𝜔0
2𝑇𝐸(〈𝑏2〉 − 〈𝑏〉2).  

In QSM, 〈𝑏〉 can be obtained voxel-wise, and approximated as dipole field, 𝑏 ≈ 𝑑 ∗ 𝜒 (Eq. 1.1). 

Since the inversion from field (𝑏) to source (𝜒) is ill-posed, a small amount of noise in 𝑏 would 

induce a substainal artifact in 𝜒. Bayesian approach can be employed to alleviate the issue (37). 
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Voxel-wise 𝜒 can be divided into blood contribution (related to venous oxygenation) and non-

blood contribution (Eq. 1.3). 

2.2.2 qBOLD modeling 

This chapter explains how qBOLD modeling, Eq. 1.5 in Chapter 1.2, can be achieved from the 

signal model, Eq. 2.16.  

The magnitude signal contribution of the average term in Eq. 2.16, 〈𝑒−𝑖𝑏𝜔0𝑇𝐸〉, can be modeled 

by using a priori assumption for 𝑏, not by taking Cumulant expansion. In qBOLD,  𝑏 can be 

divided into two contributions: mesoscopic field (𝑏𝑚𝑒𝑠𝑠𝑜) and macroscopic field (𝑏𝑚𝑎𝑐𝑟𝑜).  

𝑏𝑚𝑒𝑠𝑠𝑜 assumes to be caused by numerous long cylindrical sources and 𝑏𝑚𝑎𝑐𝑟𝑜 is approximated 

as a linearly varying field across a voxel. Then, Eq. 2.16 can be expressed as Eq. 2.18. 

 𝑠(𝒓) ≈ �̅�(𝑟) ⋅ Δ𝑉 ⋅ 𝑒−𝑅2𝑇𝐸 ⋅ 〈𝑒−𝑖(𝑏𝑚𝑒𝑠𝑠𝑜+𝑏𝑚𝑎𝑐𝑟𝑜)𝜔0𝑇𝐸〉 

 

[2.18] 

The scale of the mesocopic field is much smaller than a voxel size, similar to vessel size (~ 

several microns). The field is caused by the susceptilbity difference between deoxyhemoglobin 

in vein and the surrounding tissue. On the other hand, the macroscopic field scale is larger than a 

voxel size. The field arises from the suscepbiltiy difference at air-tissue interfaces and different 

brain tissue boundaries. Since the two fields are in different scales, the probability distribution of 

the two fields may be approximated to be independent. Consequently, the signal contribution 

from 𝑏𝑚𝑒𝑠𝑠𝑜 and 𝑏𝑚𝑎𝑐𝑟𝑜 can be treated separately based on 〈𝑒−𝑖𝑏𝜔0𝑇𝐸〉 = ∫𝑃𝑏 𝑒
−𝑖𝑏𝜔0𝑇𝐸 ≈

∫𝑃𝑏𝑚𝑒𝑠𝑠𝑜 ⋅ 𝑃𝑏𝑚𝑎𝑐𝑟𝑜𝑒
−𝑖(𝑏𝑚𝑒𝑠𝑠𝑜+𝑏𝑚𝑎𝑐𝑟𝑜)𝜔0𝑇𝐸𝑑𝑏𝑚𝑒𝑠𝑠𝑜𝑑𝑏𝑚𝑎𝑐𝑟𝑜 ≈ ∫𝑃𝑏𝑚𝑒𝑠𝑠𝑜 𝑒

−𝑖𝑏𝑚𝑒𝑠𝑠𝑜𝜔0𝑇𝐸𝑑𝑏𝑚𝑒𝑠𝑠𝑜 ⋅

∫ 𝑃𝑏𝑚𝑎𝑐𝑟𝑜 𝑒
−𝑖𝑏𝑚𝑎𝑐𝑟𝑜𝜔0𝑇𝐸𝑑𝑏𝑚𝑎𝑐𝑟𝑜 = 〈𝑒−𝑖𝑏𝑚𝑒𝑠𝑠𝑜𝜔0𝑇𝐸〉 ⋅ 〈𝑒−𝑖𝑏𝑚𝑎𝑐𝑟𝑜𝜔0𝑇𝐸〉.  
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2.2.2.1 Singal contribution from the mesoscopic field 

For 𝑏𝑚𝑒𝑠𝑠𝑜 singal modeling, vessels assume to be long cylinders uniformly filled with 

deoxyhemoglobin. The analytic field solution exists for the infinitely long cylindrical object (38). 

 
𝑏𝑚𝑒𝑠𝑠𝑜(𝑟) = 𝛿𝜔𝜃 ⋅

𝑅2

𝑟2
⋅ 𝑐𝑜𝑠2𝜙 

[2.19] 

Where 𝛿𝜔𝜃 is the characterstic frequency shift for the cylinder (�̂�) titled from 𝑩𝟎 by the angle 𝜃, 

𝛿𝜔𝜃 = 𝛾 ⋅ 2𝜋 ⋅ (𝜒𝑐𝑦𝑙 − 𝜒0)𝐵0 sin
2 𝜃, 𝜒𝑐𝑦𝑙 is the susceptibility of cylindrical source, 𝜒0 is the 

susceptibility of medium,  𝑅 is the radius of the cylinder, 𝑟 is distance in x-y plane between the 

measuring point and the cylinder center, 𝜙 is polar angle in the x-y plane.  

The mesoscopic field contributing to the GRE signal, 𝐹𝐵𝑂𝐿𝐷, can be estimated by taking the 

average of 𝑒−𝑖𝑏𝑚𝑒𝑠𝑠𝑜𝜔0𝑇𝐸 over 1) the position of numerous cylinders with the assumption of 

random and independent distribution, 2) the cylinder radius (𝑅), and 3) the cylinder orientation 

(𝜃) (32).  

 𝐹𝐵𝑂𝐿𝐷
 (𝑌, 𝑣, 𝜒𝑛𝑏 , 𝑡) = 𝑒𝑥𝑝[−𝑣 ⋅ 𝑓𝑠(𝛿𝜔 ⋅ 𝑡)] [2.20] 

𝑓𝑠 is the signal decay by the blood vessel network (12,31) and 𝛿𝜔 is the characteristic frequency 

due to the susceptibility difference between deoxygenated blood and the surrounding tissue (Eq 

1.6). 

2.2.2.2 Signal contribution from the macroscopic field 

For 𝑏𝑚𝑎𝑐𝑟𝑜 singal modeling, 𝑏𝑚𝑎𝑐𝑟𝑜 is assumed to vary linearly across a voxel.  
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 𝑏𝑚𝑎𝑐𝑟𝑜
 (𝑟) = 𝑏0 + 𝑔𝑥𝑥 + 𝑔𝑦𝑦 + 𝑔𝑧𝑧 [2.21] 

Where 𝑏0 provides the average voxel phase, and 𝑔𝑥, 𝑔𝑦, 𝑔𝑧 are the field gradient along each 

direction.  

Then, the macroscopic field inhomogeneity contribution to the GRE signal, 𝐺, can be estimated 

via the voxel spread function (12,39,40). The gradient of the linear field and phase leads to the 

shift in voxel spread function. 

 
𝐺𝑛(𝑇𝐸) =

∑ |𝑆𝑚(𝑇𝐸1)| ⋅ 𝑒
(−𝑅2,𝑚

∗ +𝑖𝛾𝑏𝑚)⋅𝑇𝐸 ⋅ ∏ 𝜂𝑛𝑚,𝑗
3
𝑗=1

 
𝑚

|𝑆𝑛(𝑇𝐸1)| ⋅ 𝑒
−𝑅2,𝑛

∗ ⋅𝑇𝐸
 

 

[2.22] 

where 𝑇𝐸1 is the first echo time, 𝑏𝑚 is the average magnetic field in the voxel m, 𝜂nm,j is the 

voxel spread function (the contribution of voxel m to voxel n) in jth direction (x, y, and z): 

𝜂nm,j = ∑ 𝑠𝑖𝑛𝑐 (𝑞𝑗 − 𝑞𝑚,𝑗(𝑇𝐸)) ⋅ 𝑒
2𝜋𝑖⋅𝑞𝑗(𝑛−𝑚)

𝑞𝑗
 where 𝑞j = 𝑘𝑗 ⋅ 𝑎𝑗, 𝑞m,j =

(𝛾⋅𝑔𝑚,𝑗⋅𝑇𝐸+𝜙𝑚,𝑗)⋅𝑎𝑗

2𝜋
, 

𝑔𝑚,𝑗 and 𝜙𝑚,𝑗 are the gradient of the background field and the first echo phase, respectively, and 

𝑘𝑗 is k-space (−
1

2𝑎𝑗
+

1

𝑁𝑗⋅𝑎𝑗
, −

1

2𝑎𝑗
+

2

𝑁𝑗⋅𝑎𝑗
, … ,

1

2𝑎𝑗
), 𝑁𝑗 and 𝑎𝑗 are matrix size and voxel size in 

the jth direction, respectively. 
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CHAPTER 3 

 CMRO2 MAPPING BY COMBINING QSM AND QBOLD  

3.1 Abstract 

In this chapter, we combined a quantitative suscepbililty mapping (QSM)-based CMRO2 method 

and quantitiave blood oxygenation level depdent magnitude (qBOLD) to remove unnecessary 

assumptions in the individual models and to utilize both magnitude and phase information. 

3.2 Introduction 

Cerebral metabolic rate of oxygen (CMRO2) and oxygen extraction fraction (OEF) maps are 

valuable for evaluating neurologic disorders such as ischemic stroke (3,41). Quantitative MRI 

modeling have been proposed to estimate these maps either magnitude, e.g. qBOLD (10,11), or 

phase data, e.g. QSM (17-19).  

There are several challenges to the current CMRO2 mapping methods. qBOLD approximates 

𝜒𝑛𝑏 from fully oxygenated blood (11,39), but it ignores tissue iron stored in ferritin or myelin 

that contributes to the rich 𝜒𝑛𝑏 contrast in the brain. QSM-based methods assume a fixed and 

empirical linear relationship between the venous blood volume fraction (𝑣) and cerebral blood 

flow (CBF) to obtain 𝑣 (30), but this relationship may vary with tissues and diseases. While 

qBOLD estimates 𝑣 directly from the data, it assumes that 𝜒𝑛𝑏 is constant. On the contrary, 

QSM-based methods assume 𝑣  from CBF, whereas 𝜒𝑛𝑏 is estimated from the data. Since both 

methods use the same underlying mGRE data,  we propose to combine QSM and qBOLD 

(QSM+qBOLD) to map the OEF and CMRO2 overcoming these assumptions. 
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3.3 Theory 

CMRO2 (µmol/100g/min) and OEF (%) can be expressed as  

 𝐶𝑀𝑅𝑂2 = 𝐶𝐵𝐹 ⋅ 𝑂𝐸𝐹 ⋅ [𝐻]𝑎 [3.1] 

 𝑂𝐸𝐹 = 1 −
𝑌

𝑌𝑎
 [3.2] 

where CBF is the cerebral blood flow (ml/100g/min), [𝐻]𝑎 is the oxygenated heme molar 

concentration in the arteriole (7.377 μmol/ml) estimated from [𝐻]𝑎 = [𝐻] ⋅ 𝑌𝑎, where [𝐻] =

7.53 μmol/ml is the heme molar concentration in tissue blood assuming a hematocrit of Hct =

0.357 (18). 𝑌𝑎 and 𝑌 are the arterial (assumed to be 0.98) and venous oxygenation. Hct, 𝑌, and 𝑌𝑎 

are dimensionless fractions. 

QSM-based CMRO2 methods estimate two unknowns per voxel (Eq. 1.4) (17-19): 𝑌 and 𝜒𝑛𝑏. 

The venous blood volume fraction (𝑣) is assumed to be known by an empirically derived linear 

relationship between cerebral blood flow (CBF) and 𝑣 (30). However, since this assumption may 

break down in disease such as stroke (42), 𝑣 should be treated as a parameter estimated from 

data. The qBOLD-based CMRO2 method (12) expresses the magnitude of the GRE signal of 

each voxel as a function of four unknowns: 𝑆0, 𝑅2, 𝑣, and 𝑌 (Eq. 1.5) (10-12). qBOLD treats 

𝜒𝑛𝑏, which varies spatially due to iron and myelin content, as the same as that of fully 

oxygenated blood. In the proposed QSM+qBOLD method, both v and 𝜒𝑛𝑏 are treated as 

unknowns, and the QSM and qBOLD signal equations are combined according to maximum 

likelihood under Gaussian noise approximation (43). The maximum likelihood estimation finds 

the parameter set (𝑌, 𝑣, 𝜒𝑛𝑏 , 𝑆
0, 𝑅2) which maximizes the probability of observing the voxel-wise 
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susceptibility 𝑄𝑆𝑀 and the magnitude signals 𝑆(𝑇𝐸) assuming respective signal models 

𝐹𝑄𝑆𝑀(𝑌, 𝑣, 𝜒𝑛𝑏) and 𝐹𝑞𝐵𝑂𝐿𝐷(𝑌, 𝑣, 𝜒𝑛𝑏 , 𝑆
0, 𝑅2, 𝑇𝐸). These signal models build upon prior QSM 

(18) and qBOLD models (12) but are modified to properly models 𝑣 and 𝜒𝑛𝑏 in Eqs. 1.4 and 1.5. 

Assuming Gaussian noise, this is equivalent to minimizing the cost function: 

 𝑌∗, 𝑣∗, 𝜒𝑛𝑏
∗ , 𝑆0∗, 𝑅2

∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑌,𝑣,𝑅2,𝑆0,𝜒𝑛𝑏

{
𝑤‖𝐹𝑄𝑆𝑀(𝑌, 𝑣, 𝜒𝑛𝑏) − 𝜒‖2

2
+

‖𝑆(𝑡) − 𝑆𝑞𝐵𝑂𝐿𝐷 (𝑆0, 𝑌, 𝑣, 𝑅2, 𝜒𝑛𝑏 , 𝑡)‖2

2}  [3.3] 

where ‖⋅‖2
  is the L2 norm and 𝑤 the weight on the QSM model of phase data. The first term is 

the QSM-based modeling of phase data, Eq. 1.4 (18,19). Note that 𝑣, which was estimated from 

CBF in QSM-based CMRO2 mapping methods (17-19), is now an unknown to be determined by 

data. The second term is the qBOLD model of magnitude data, Eq. 1.5 (12). Note that the 

qBOLD assumption of neglecting susceptibility differences between non-blood tissue and fully 

oxygenated blood (𝜒𝑏𝑎 = 𝜒𝑛𝑏) (10-12,33) is not made here. 

This QSM+qBOLD model is compared with two previous methods: 1) QSM method with 

minimum local variance (MLV) (18) (“QSM” hereafter), and 2) qBOLD that models the 

complex multi-echo gradient echo data as (12) (“qBOLD” hereafter): 

 
𝑆(𝑇𝐸) = S0 ⋅ 𝑒−𝑅2⋅𝑇𝐸 ⋅ 𝑒𝑖Δ𝑓⋅𝑇𝐸 ⋅ 𝐹𝐵𝑂𝐿𝐷(𝑣, 𝑌, 𝜒𝑏𝑎, 𝑇𝐸) ⋅ 𝐺(𝑇𝐸) 

 
[3.4] 

3.4 Methods and Materials 

3.4.1 Data Acquisition 
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This study was approved by the local Institutional Review Board. Healthy volunteers were 

recruited (n=11; 10 males, 1 female, mean age 34 ± 12 years) for brain MRI on a 3T scanner 

(HDxt, GE Healthcare) using an 8-channel brain receiver coil. After obtaining consent, all 

subjects were instructed to avoid caffeine or alcohol intake 24 hours prior to the MRI.  

MRI was performed in the resting state (19) using a 3D fast spin echo (FSE) arterial spin 

labeling (ASL) sequence (44-46), a 3D multi-echo spoiled gradient echo (GRE) sequence 

(22,47,48), and an inversion prepared T1w SPGR sequence (BRAVO) (49). The 3D FSE ASL 

sequence parameters were: 20 cm field of view (FOV), 1.56 mm in-plane resolution, 3.5 mm 

slice thickness, 1500 ms labeling period, 1525 ms post-label delay, 976.6 Hz/pixel bandwidth, 

spiral sampling of 8 interleaves with 512 readout points per leaf, 35 axial slices, 10.1 ms TE, 

4533 ms TR, and 3 signal averages. The 3D GRE sequence parameters were: 0.78 mm in-plane 

resolution, 1.2 mm slice thickness, volume coverage identical to the 3D FSE ASL sequence, 7 

equally spaced echoes, 2.3 ms for the first TE, 3.9 ms echo spacing, 30.5 ms TR, 488.3 Hz/pixel 

band width, and 15o flip angle. The pulse sequence was flow-compensated in all three directions 

(47). The inversion prepared T1w SPGR sequence parameters were: 0.78 mm in-plane 

resolution, 1.2 mm slice thickness, volume coverage identical to the 3D FSE ASL sequence, 2.92 

ms TE, 7.69 ms TR, 450 ms prep time, 195.2 Hz/pixel bandwidth, and 15o flip angle. 

3.4.2 Image Processing 

QSM reconstruction was performed as follows: first, an adaptive quadratic-fit of the GRE phase 

was used to estimate the total field (47). Second, the Projection onto dipole fields (PDF) method 

was used to obtain the local field (48). Finally, the Morphology Enabled Dipole Inversion 
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(MEDI) algorithm was used to compute susceptibility (21,22,50). The susceptibility values were 

referenced to the susceptibility of cerebrospinal fluid (CSF) averaged over a manually drawn 

ROI on the first echo of the GRE acquisition. CBF maps (ml/100g/min) were generated from the 

ASL data using the FuncTool software package (GE Healthcare, Waukesha, WI, USA). All 

images were co-registered and interpolated to the resolution of the QSM maps using the FSL 

FLIRT algorithm (51,52). 

3.4.3 Optimization 

To improve convergence behavior during nonlinear fitting, the five unknowns 𝑣, 𝑌, 𝜒𝑛𝑏 , 𝑆
0, 𝑅2 

were scaled to have roughly the same order of magnitude as the initial guess: 𝑥 ↦
𝑥

|𝑥0|
, where 𝑥 is 

the unknown in the original scale and 𝑥0 is the corresponding initial guess. Initial guesses were 

obtained as follows: 𝑌0 was estimated from the straight sinus (SS) as the global constraint in 

previous QSM-based CMRO2 studies (18,19), 𝑌0 = 𝑌𝑎 ⋅ (1 − 𝑂𝐸𝐹𝑠𝑠/𝐻𝑐𝑡𝑟𝑎𝑡𝑖𝑜) where 𝐻𝑐𝑡𝑟𝑎𝑡𝑖𝑜 

is the hematocrit ratio (0.759) between large vessels and brain tissue (24) and 𝑂𝐸𝐹𝑠𝑠 = 1 −

𝑌𝑠𝑠/𝑌𝑎 ( 𝑌𝑠𝑠 was estimated from QSM in SS with setting ψHb = 0.1197 for large veins 

(18,25,26), 𝑣 = 1 and 𝜒𝑛𝑏 = 0 in Eq. 1.4). 𝑣0 was set using the linear relationship between CBF 

and 𝑣 (17-19).  𝜒𝑛𝑏,0 was set as the susceptibility of fullyoxygenated blood as in the qBOLD 

methods (10-12). 𝑆0
0 and 𝑅2,0 were obtained by performing a mono-exponential fit against Eq. 

1.5 after fixing the values of G (39) and 𝐹𝐵𝑂𝐿𝐷 with the initial values 𝑌0, 𝑣0, and 𝜒𝑛𝑏,0 . The 

function G was calculated using the voxel spread function (VSF) method (40). For some voxels 

the initials guess for 𝑌 was not appropriate leading to an increase in signal as a function of TE 
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after dividing out the 𝐹𝐵𝑂𝐿𝐷 contribution. This then led to a negative 𝑅2,0. To avoid this situation, 

Y was gradually increased to insure a positive 𝑅2,0.  

To speed up the 𝐹𝐵𝑂𝐿𝐷 calculation, we used a Taylor expansion of 𝐹21
  up to the 60th order (12). 

The lower and upper bounds were set to 0.5 and 2 for each scaled unknown, except for 𝑌, which 

used the 0.1 and 0.9 bounds before scaling. At the start of each optimization, both the QSM and 

qBOLD terms in Eq. 3.3 were normalized by their respective values evaluated with the initial 

guess to compensate for the arbitrary scale of input MRI data.The tuning parameter 𝑤 was 

selected using the L-curve method (53). Corners of the L-curves for two randomly chosen 

subjects were both located at 𝑤 = 100 (Figure 3.1). The limited-memory Broyden-Fletcher-

Goldfarb-Shanno-Bound (L-BFGS-B) algorithm was used for the constrained optimization 

(54,55). The optimization was stopped when the relative residual ri =
𝐸𝑖−𝐸𝑖−1

𝐸𝑖
 , with 𝐸𝑖 as the 

energy of the 𝑖th iteration, was smaller than 0.005.   
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Figure 3.1. L-curve analysis.  

Performed in two randomly selected subjects to determine tuning parameter w. The L-curve 

corners were located at w=100 in both subjects.  EqBOLD and EQSM indicate the energy terms in 

Eq. 3.3. 

 

For “QSM”, the optimization followed the previous QSM-based method using the MLV method 

and global CMRO2 constraint (18). For “qBOLD”, the optimization was performed voxel-wise, 

following (12).  The parameter scaling, initial guess, and boundary conditions were set in the 

same manner as for QSM+qBOLD. In addition, the initial frequency shift 𝛥𝑓0 was set to the total 

field value as obtained in the QSM process (22).  

 

3.4.4 Statistical Analysis 
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ROI analyses (mean and standard deviation), paired t-tests (at 0.01 significance level), and 

Bland-Altman analyses were performed to compare CMRO2 and OEF values between the QSM-

based (18), qBOLD (12), and QSM+qBOLD methods. For the ROIs, the bilateral anterior 

(ACA), middle (MCA) and posterior (PCA) cerebral artery vascular territories (VT) in the 

cortical gray matter (CGM) and white matter (WM) masks were constructed based on T1-

weighted images by a neuroradiologist with 10 years of experience.  

3.5 Results  

The CMRO2 in CGM were 140.4 ± 14.9, 134.1 ± 12.5, 184.6 ± 17.9 μmol/100g/min (N=11) for 

the QSM, qBOLD, and QSM+qBOLD models, respectively. These corresponded to OEFs of 

30.9 ± 3.4%, 30.0 ± 1.8%, 40.9 ± 2.2%, respectively. 
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Figure 3.2. CMRO2 maps in axial, sagittal, and coronal sections.  

A healthy subject reconstructed using QSM, qBOLD, and QSM+qBOLD methods. The 

corresponding T1-weighted anatomical images are shown on the right. QSM+qBOLD shows 

higher GM/WM contrast than QSM or qBOLD. 

 

In Figure 3.2, compared to QSM and qBOLD, QSM+qBOLD showed higher CMRO2 contrast 

between CGM and WM: 21.9 ± 9.4 (p<0.01), 36.0 ± 6.4 (p<0.01), 54.6 ± 10.3 μmol/100g/min 

(N=11) for the QSM, qBOLD, and QSM+qBOLD models, respectively. QSM showed a 

smoother CMRO2 map than QSM+qBOLD, except for a sharp transition at the GM/WM 

boundary.  
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Figure 3.3. OEF, v, χnb, and CMRO2 maps.  

A second subject reconstructed using QSM, qBOLD, and QSM+qBOLD models. The OEF 

obtained using QSM+qBOLD is more uniform than that of QSM, and is greater than that of 

qBOLD. 
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In Figure 3.3, QSM+qBOLD showed higher OEF than the two individual methods; the OEF 

values for whole brain were 34.5 ± 3.1 % (p<0.01), 29.8 ± 2.1% (p<0.01), and 39.3 ± 2.2 % 

(N=11) for QSM, qBOLD, and QSM+qBOLD, respectively. QSM+qBOLD showed a relatively 

uniform OEF map as compared to QSM, and a less noisy OEF map than qBOLD. The OEF 

standard deviations in CGM was lower for QSM+qBOLD than for each individual methods: 16.3 

± 0.9 % (p<0.01), 19.4 ± 1.5 % (p<0.01), and 12.3 ± 1.2 % (N=11) for QSM, qBOLD, and 

QSM+qBOLD, respectively. The venous blood volume 𝑣 was slightly higher for QSM+qBOLD 

as compared to QSM and qBOLD: in CGM, the values were 4.3 ± 0.4 % (p<0.01), 4.1 ± 0.4% 

(p<0.01), and 4.5 ± 0.4%, and in WM, 3.5 ± 0.3 % (p=0.011) and 3.2 ± 0.3% (p<0.01), and 3.5 ± 

0.3% for QSM, qBOLD and QSM+qBOLD, respectively. 𝜒𝑛𝑏 from QSM and QSM+qBOLD 

showed similar contrast at the CGM/WM boundary, it was higher in CGM than in nearby WM. 

Average 𝜒𝑛𝑏 values were similar between QSM and QSM+qBOLD as compared to qBOLD (-

108.3 ppb assumed for the whole brain): -12.3 ± 3.7 ppb (p<0.01) and -19.8 ± 3.5 ppb in CGM, 

and -15.3 ± 3.9 ppb (p<0.01) and -18.7 ± 3.5 ppb in WM (N=11) for QSM and QSM+qBOLD, 

respectively. The 𝑣 map of the QSM model and the 𝜒𝑛𝑏 of the qBOLD model were not obtained 

through optimization, but given by a priori assumptions. 
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Figure 3.4. ROI comparisons.  

CMRO2 and OEF in ACA, MCA, PCA, and WM among QSM (black), qBOLD (gray), and 

QSM+qBOLD (dark gray). In all ROIs, QSM+qBOLD provides higher CMRO2 and OEF values 

than QSM or qBOLD (p<0.01). * p < 0.01 (paired t-test). “n.s.” indicates that the difference is 

not significant (p>0.1). 

 

In Figure 3.4, QSM+qBOLD showed higher CMRO2 and OEF values than both QSM and 

qBOLD in all ACA, MCA, PCA, and WM ROIs (p<0.01). All three methods showed lower 

CMRO2 in WM than in ACA, MCA, and PCA (p<0.01).  
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Figure 3.5. . Bland-Altman plots. 

 Comparison of OEF and CMRO2 values in VT ROIs between QSM+qBOLD and the two 

reference methods, QSM and qBOLD. The mean differences are 43.5 μmol/100g/min (QSM vs 

QSM+qBOLD) and 51.2 μmol/100g/min (qBOLD vs QSM+qBOLD) for CMRO2 (p<0.01), and 

9.8 % (QSM vs QSM+qBOLD) and 10.9 % (qBOLD vs QSM+qBOLD) for OEF (p<0.01). 
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In the Bland-Altman plots (Figure 3.5), the mean differences were 43.5 μmol/100g/min (QSM vs 

QSM+qBOLD) and 51.2 μmol/100g/min (qBOLD vs QSM+qBOLD) for CMRO2 (p<0.01), and 

9.8 % (QSM vs QSM+qBOLD) and 10.9 % (qBOLD vs QSM+qBOLD) for OEF (p<0.01).  

3.6 Discussion 

Our results demonstrate the feasibility of a QSM+qBOLD method for mapping CMRO2 by 

comprehensive modeling of both the magnitude and phase of multi-echo gradient echo data. 

When either QSM modeling phase or qBOLD modeling magnitude are used individually to 

estimate CMRO2, a number of assumptions are required: a linear relationship between CBF and 

𝑣 and the minimum local variance of the estimated parameters within a tissue block for the 

QSM-based method (18), and constant non-blood tissue susceptibility for the qBOLD method 

(11,12). These assumptions may cause errors and are eliminated in the proposed QSM+qBOLD 

method.  

Compared to QSM and qBOLD alone, the proposed QSM+qBOLD shows clearer GM/WM 

CMRO2 contrasts (Figure 3.2), more uniform OEF compared to QSM (Figure 3.3), and better 

agreement with results presented using other independent CMRO2 estimation methods such as 

positron emission tomography (PET) (56). By overcoming the limited availability of PET, MRI 

provides greater accessibility for patient studies. Without any vascular challenge, QSM+qBOLD 

can be readily applied to study damage to vital organs caused by oxygen-deficiency, including 

Alzheimer’s disease (AD) (57,58), multiple sclerosis (59,60), and ischemia in stroke (41,61). 

Compared to qBOLD, QSM+qBOLD shows higher OEF (Figures. 3.3, 3.4, and 3.5), with 39.3 ± 



 

29 

 

2.2 % for the whole brain; this is in a good agreement with results from previous PET studies 

which have OEFs of 35 ± 7 % (62), 42.6 ± 5.1 % (63), 41 ± 6 % (64), and 40 ± 9 % (65). This 

difference is not driven by venous blood volume (𝑣), which was found to be similar between 

qBOLD and QSM+qBOLD (Figure 3.3). Instead, the higher OEF may be explained by the 

inclusion of non-blood tissue susceptibility (𝜒𝑛𝑏) as a variable, which, in qBOLD, is assumed to 

be equal to the susceptibility of fully oxygenated blood (𝜒𝑏𝑎). The resulting 𝜒𝑛𝑏   (-19.8 ± 3.5 ppb 

in CGM) is greater than 𝜒𝑏𝑎 (-108.3 ppb). To obtain the same measured susceptibility difference 

𝛿𝜔 in Eq. 1.6 when 𝜒𝑏𝑎 − 𝜒𝑛𝑏 < 0 , the venous oxygenation Y needs to decrease, which leads to 

a higher OEF (Equations 1.6 and 3.2). This suggests that inclusion of 𝜒𝑛𝑏 was a factor in the 

observed OEF increase.   

QSM+qBOLD shows higher OEF average than QSM for whole brain (39.3 ± 2.2 % vs 34.5 ± 

3.1 %). A likely cause of this may lie in the use of the global constraint in QSM (18), which is 

not used in QSM+qBOLD. The global constraint from straight sinus (SS) might not precisely 

estimate the average oxygentation in the whole brain because SS may not represent all the 

draining veins (66,67) that are known to have considerable variation, e.g. 47.7% ~ 75.3% (68).  

At the GM/WM boundary in the CMRO2 map, the QSM method shows a sharp transition, 

whereas the QSM+qBOLD method reveals a gradual change (Figures 3.2 and 3.3). The sharp 

GM/WM edge in QSM may be caused by separate optimization for the GM and WM (18); in the 

QSM+qBOLD method, the optimization was performed for whole brain. The CMRO2 GM/WM 

contrast in QSM+qBOLD is primarily driven by CBF since OEF map looks fairly uniform 

(Figure 3.3). A lack of CMRO2 GM/WM contrast in QSM is not uniform and more prominent in 

areas where OEF appears underestimated (Figure 3.3, top and bottom left). Errors in GM/WM 
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segmentation or smoothing by the  MLV assumption may have caused these local 

underestimations.   

The CMRO2 and OEF maps are smoother using the QSM method (Figures 3.2 and 3.3). This 

may be caused by the use of MLV in the QSM method (18), which assumes that CMRO2 and 

𝜒𝑛𝑏 are constant within small blocks of brain tissue, to overcome the underdetermined system (2 

unknowns and 1 equation per voxel) when no challenge is used. The MLV assumption in the 

QSM method is highly dependent on the block setting, e.g. block size and number of block 

shifts. The QSM+qBOLD model eliminates this MLV assumption using qBOLD modeling of the 

magnitude data.  

The non-blood tissue susceptibility 𝜒𝑛𝑏 shows a clear GM/WM contrast using QSM+qBOLD 

(Figure 3.3). This is consistent with the difference in myelin content between CGM and WM 

(69).  

The QSM+qBOLD model may still be affected by residual limitations in QSM and qBOLD 

models. The qBOLD term ignores the detailed microstructure of brain tissue, including myelin 

water components and magnetic anisotropy of myelin in white matter. The qBOLD Eq. 1.5 may 

be expanded with 2 different R2s to account for myelin water, and fiber orientation dependent 

effects in Eq. 1.6 to consider myelin magnetic anisotropy. The empirical L-curve analysis was 

used to determine relative weighting (w) in Eq. 3.3. Additional studies are needed to investigate 

the influence of the weighting w, measurement error and differences in acquisition schemes. For 

instance, the propagation of bias and error in the estimated susceptibility into QSM+qBOLD 

measurments will depend on the choice of w. Spatial resolution will play a role in the choice of 
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w: while smaller voxels typically improve QSM estimates (18), the resulting signal to noise ratio 

(SNR) loss may affect qBOLD estimates negatively, since it requires high SNR (11).  

While QSM+qBOLD removed the linear CBF/CBV assumption in QSM and the constant non-

blood tissue susceptibility assumption in qBOLD, it retains a constant ratio between venous and 

total blood volume (0.77), constant tissue hematocrit (0.357) and constant oxygenated heme 

molar concentration in the arteriole (7.377 μmol/ml) for the whole brain, which may vary among 

subjects and diseases. The ASL-measured CBF is known to contain errors, particularly in WM 

(70) and maybe deteriorated with the usage of shorter post-label delay in this study (1525 ms as 

used in the clinical protocol at our institution) than the recommended value of 2000 ms (45), 

which will propagate to CMRO2. The OEF and 𝑣 estimation in large veins might be errorous 

because they were treated in the same way as normal brain tissue. This error could be suppressed 

using the 𝑣 = 1 prior for large veins. The QSM+qBOLD optimization (Eq. 3.3) is non-convex, 

with convergence susceptible to dependency on solver implementation, initial guesses, parameter 

scaling, and stopping criterion. A reference standard such as 15O PET is needed to validate 

CMRO2 methods. Finally, the application of this method and its validation for a general patient 

population remains to be investigated. 

3.7 Conclusion 

Our study demonstrated the feasibility of a comprehensive quantitative CMRO2 mapping 

method by combining QSM and qBOLD-based methods. In healthy subjects, the CMRO2 map 

obtained with QSM+qBOLD shows better GM/WM contrast as compared to an individual QSM 

or qBOLD-based method, while the OEF map appeared more uniform compared to the QSM-

based method.   
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CHAPTER 4 

 CLUSTER ANALYSIS OF TIME EVOLUTION FOR QSM+QBOLD 

4.1 Abstract 

In this chapter, we introduce cluster analysis of time evolution (CAT) to improve the robustness 

of quantitative susceptibility mapping plus quantitative blood oxygen level-dependent magnitude 

(QSM+qBOLD or QQ) against noise. 

4.2 Introduction 

In previous chapter, QSM and qBOLD (QSM+qBOLD=QQ) have been combined to model the 

effect of OEF on the magnitude and phase of multi-echo gradient echo (mGRE) data (34). This 

QQ approach enables OEF and CMRO2 mapping without vascular challenges that are difficult to 

administer in clinic practice. However, QQ remains challenging, because qBOLD with a strong 

coupling between venous oxygenation (Y) and venous blood volume (𝑣) is very difficult to invert 

(11). The qBOLD inversion is highly sensitive to noise, and susceptible to substantial errors in 

OEF at typical signal-to-noise (SNR) levels (11,71). 

We introduce here a cluster analysis of time evolution (CAT) method to overcome the noise 

sensitivity of QQ-based OEF by improving the effective SNR (35). The basic idea of the CAT 

method is that voxels with a similar mGRE signal evolution have similar model parameter values 

and that the number of clusters as determined by machine learning is much smaller than the 

number of voxels. Consequently, averaging over a cluster can substantially increase SNR for a 

cluster-wise inverse solution that can be used as a robust initial guess for voxel-wise QQ 
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optimization. In this study, QQ-based OEF and CMRO2 with and without CAT (34) were 

compared in simulations, healthy subjects and ischemic stroke patients. 

4.3 Theory 

Due to the non-linear nature of Eq. 1.5, qBOLD-based OEF estimates are highly dependent on 

initialization and SNR (71). To increase the effective SNR, we propose a novel Cluster Analysis 

of Time evolution (CAT) method for QSM+qBOLD (“QQ with CAT” hereafter). This method is 

based on the following insights. Voxels with similar signal time-course 𝑆𝑞𝐵𝑂𝐿𝐷(𝑡)/𝐺(𝑡)  have 

similar tissue parameters (𝑌, 𝑣, 𝑅2). Many voxels have very similar signal time-courses and form 

a cluster for an effective signal averaging or SNR improvement (72). K-means clustering can be 

used to identify these clusters (73). The QQ problem is solved first with a cluster-wise 

optimization by assuming parameters 𝑌, 𝑣, and 𝑅2 to be constant within each cluster while 𝑆0 and 

𝜒𝑛𝑏 are allowed  to vary from voxel to voxel, since the magnitude and phase signals depend 

predominantly on 𝑆0 and 𝜒𝑛𝑏, respectively. Next, a voxel-wise optimization is performed by 

using the solution from the cluster-wise optimization as the initial guess. 

QQ is formulated as:  

 

𝑌∗, 𝑣∗, 𝑅2
∗, 𝑆0

∗, 𝜒𝑛𝑏
∗ =

argmin
𝑌,𝑣,𝑅2,𝑆0,𝜒𝑛𝑏

{
𝑤‖𝐹𝑄𝑆𝑀(𝑌, 𝑣, 𝜒𝑛𝑏) − 𝜒‖2

2
+

‖𝑆(𝑡) − 𝑆𝑞𝐵𝑂𝐿𝐷 (𝑆0, 𝑌, 𝑣, 𝑅2, 𝜒𝑛𝑏 , 𝑡)‖2

2

+ λ(𝑂𝐸𝐹(𝑌)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ − 𝑂𝐸𝐹𝑤𝑏)
2}

 [4.1] 

where 𝑤 is the weighting on the QSM term. The first term is the QSM-based modeling of phase 

data, Eq. 1.4 (18,19). The second term is the qBOLD model of magnitude data, Eq. 1.5 (12).  



 

34 

 

The third term used the physiological constraint that the 𝑂𝐸𝐹 averaged over the brain, 𝑂𝐸𝐹(𝑌)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ , 

should be similar to 𝑂𝐸𝐹𝑤𝑏, the brain 𝑂𝐸𝐹 value estimated from the main draining vein, the 

straight sinus: 𝑂𝐸𝐹𝑤𝑏 = 𝐻𝑐𝑡𝑣𝑡 ⋅ 𝑂𝐸𝐹𝑠𝑠 where 𝐻𝑐𝑡𝑣𝑡 = 0.759 is the hematocrit ratio between 

large vessels (24) and brain tissue, and 𝑂𝐸𝐹𝑠𝑠 = 1 −
𝑌𝑠𝑠

𝑌𝑎
⁄  with 𝑌𝑠𝑠 estimated from the average 

susceptibility in the straight sinus with 𝜓𝐻𝑏 = 0.1197 (25,26,34), 𝑣 = 1 and χnb = 0 in Eq. 1.4. 

In Eq. 4.1, 𝑆(𝑡) is the measured mGRE data, and λ the regularization strength.  

4.4 Methods and Materials 

4.4.1 Numerical Simulation 1 

To investigate the relationship between SNR and the dependency of OEF on the initial guess, we 

performed a simulation. The mGRE and susceptibility values were simulated using Eqs. 1.4 and 

1.5, respectively. The input (ground truth) was 𝑌 = 60%, 𝜒𝑛𝑏 = −0.1 ppm, 𝑆0 = 1000 au, and 

𝑅2 = 20 Hz. For the 𝑣 input, two 𝑣 values were used: 3% (Case 1) and 1% (Case 2). The same 

echo times are used as in the healthy subjects (TE1/ΔTE/TE7 = 2.3/3.9/25.8 ms). Gaussian noise 

was added to the mGRE signals and the QSM values to obtain SNR ∞ (no noise), 1000, 100, and 

50. For each SNR, the optimization was subsequently performed to estimate 𝑌 with different 

initial guesses for 𝑌(0.15,0.3,0.45,0.6,0.75,0.9) and 𝑣 (0.01,0.03,0.05,0.07). The ground truth 

was used for the initial guesses of 𝑆0, 𝜒𝑛𝑏 and 𝑅2. This was repeated for 500 times for each SNR. 

𝑤=5 × 10−3 and 𝜆 = 0. A relative error was computed as 
|𝑌𝑟𝑒𝑠𝑢𝑙𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ −𝑌𝑡𝑟𝑢𝑒|

|𝑌𝑡𝑟𝑢𝑒|
.  

4.4.2 Numerical Simulation 2 
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To compare the accuracy of QQ with and without CAT (34), we performed a simulation. First, 

the mGRE signals and the QSM values for each brain voxel were simulated using Eqs. 1.4 and 

1.5, respectively, using the same echo times as in the stroke patients (see below). The input 

(ground truth) was the result from QQ with CAT method in one stroke patient, who was imaged 

6 days post onset (see below). The average OEF and 𝑣 across the brain was 29% and 0.97%, 

respectively. Gaussian noise was added to the mGRE signals and the QSM values to obtain SNR 

∞ (no noise), 1000, 100, and 50. For each SNR, the simulated data was processed in two ways: 

1) QQ without CAT, with a constant OEF initial guess for the whole brain (34) and 2) QQ with 

CAT. The same optimization, including 𝑤 = 5 × 10−3  and 𝜆 = 103 , was performed as in 

experimental data (see below). 𝑂𝐸𝐹𝑤𝑏 was set to the average ground truth OEF across the brain 

(29 %). Root-mean-square error (RMSE) was calculated to measure accuracy.  

4.4.3 Data Acquisition 

Healthy subjects: This study was approved by the local Institutional Review Board. Healthy 

volunteers were recruited (n=11; 10 males, 1 female, mean age 34 ± 12 years) for brain MRI on a 

3T scanner (HDxt, GE Healthcare) using an 8-channel brain receiver coil. After obtaining 

consent, all subjects were instructed to avoid caffeine or alcohol intake 24 hours prior to the 

MRI. MRI was performed in the resting state (15) using a 3D fast spin echo (FSE) arterial spin 

labeling (ASL) sequence (31-33), a 3D spoiled mGRE sequence (13,34,35), and an inversion 

prepared T1w SPGR sequence (BRAVO) (36). The 3D FSE ASL sequence parameters were: 20 

cm FOV, 1.56 mm in-plane resolution, 3.5 mm slice thickness, 1500 ms labeling period, 1525 

ms post-label delay, 976.6 Hz/pixel bandwidth, spiral sampling of 8 interleaves with 512 readout 

points per leaf, 35 axial slices, TE=10.1 ms, TR=4533 ms, and 3 signal averages. The 3D mGRE 
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sequence parameters were: 0.78 mm in-plane resolution, 1.2 mm slice thickness, volume 

coverage identical to the 3D FSE ASL sequence, 7 equally spaced echoes: TE1/ΔTE/TE7 = 

2.3/3.9/25.8 ms, TR= 30.5 ms, bandwidth 488.3 Hz/pixel and flip angle 15o. The pulse sequence 

was flow-compensated in all three directions (34). The inversion prepared T1w SPGR sequence 

parameters were: 0.78 mm in-plane resolution, 1.2 mm slice thickness, volume coverage 

identical to the 3D FSE ASL sequence, TE=2.92ms, TR=7.69 ms, 450 ms prep time, bandwidth 

195.2 Hz/pixel, and flip angle 15o. 

Stroke patients: MRI was performed in 5 ischemic stroke patients using 3D ASL, 3D mGRE, 

DWI on a clinical 3T scanner (GE MR Discovery 750) using a 32-channel brain receiver coil. 

The time interval between stroke onset and MRI examination ranged between 6 hours and 12 

days. All lesions were located in unilateral cerebral artery territory. The 3D FSE ASL sequence 

parameters were: 24 cm FOV, 1.9 mm in-plane resolution, 2.0mm slice thickness, 1500 ms 

labeling period, 1525 ms post-label delay, 976.6 Hz/pixel bandwidth, 68 axial slices, TE=14.6 

ms, TR=4787 ms, and 3 signal averages. The 3D mGRE sequence parameters were: 0.47mm in-

plane resolution, 2mm slice thickness, volume coverage identical to the 3D FSE ASL sequence, 

8 equally spaced echoes: TE1/ΔTE/TE8 = 4.5/5/39.5 ms, TR= 42.8 ms, bandwidth=244.1 

Hz/pixel, and flip angle 20o. DWI sequence parameters were: 24 cm FOV, 0.94 mm in-plane 

resolution, 3.2 mm slice thickness, 1953.1 Hz/pixel bandwidth, 0, 1000 s/mm2 b-values, TE=71 

ms, TR=3000 ms, and 4 signal averages.  

4.4.4 Image Processing 
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Healthy subjects: QSM reconstruction was performed as follows: first, an adaptive quadratic-fit 

of the mGRE phase was performed to estimate the total field (47). Second, the Projection onto 

dipole fields (PDF) method was used to obtain the local field (48). Finally, the Morphology 

Enabled Dipole Inversion with automatic uniform cerebrospinal fluid zero reference (MEDI+0) 

algorithm was used to compute susceptibility (21,22,50,74). CBF maps (ml/100g/min) were 

generated from the ASL data using FuncTool (GE Healthcare, Waukesha, WI, USA). All images 

were co-registered and interpolated to the resolution of the QSM maps using the FSL FLIRT 

algorithm (51,52).  

Stroke patients: QSM and CBF processing was the same as in the healthy subjects, except a 

linear-fit of the mGRE phase was used to estimate the total field as 3D flow-compensation was 

not available on the scanner used in the patient studies.  

4.4.5 Clustering 

The mGRE magnitude signal 𝑆(𝑡) was used for clustering after the macroscopic field 

inhomogeneity contribution, 𝐺 was removed. For the purpose of clustering, the mGRE signal for 

each voxel was normalized by the average signal across echoes. The K-means clustering 

algorithm using the squared Euclidean distance (75-78) was then applied to cluster voxels with 

similar normalized signal evolution across echoes. Conventional K-means clustering requires an 

a priori choice of the number of clusters, denoted by 𝐾. Here, we used the X-means method (79) 

that automatically selects 𝐾. In this method, two operations are repeated iteratively. In Step 1, a 

conventional K-means clustering with a given initial number of clusters is performed and the 

Bayesian Information Criterion (BIC) measure is computed (80), which is the sum of the 
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clustering log-likelihood and a penalty on 𝐾. As 𝐾 increases, goodness of fitting (log-likelihood) 

increases, but the possibility of overfitting also increases. The penalty term on 𝐾 reduces this 

possibility. In Step 2, the centroid (the center of mass) for each cluster is replaced by two child 

centroids, and a local K-means (𝐾 = 2) is performed within that cluster using those child 

centroids as initial guesses. In order to decide whether each cluster should be replaced by the two 

obtained child clusters, the BIC is computed for this cluster: a larger BIC indicates a replacement 

is desired, otherwise the ‘parent’ centroid is kept. Steps 1 and 2 are repeated until the overall BIC 

stops increasing or until 𝐾 reaches an a priori set maximum. In this study, 1 and 50 was used for 

the initial and maximum number of clusters, respectively. 

For speed, the X-means algorithm to obtain the optimal number of clusters 𝐾 was carried out on 

10% of the total voxels, randomly selected. This process was repeated 10 times and the 𝐾 with 

the largest BIC value among the 10 trials was selected. The corresponding centroids were then 

used as the initial centroids for the final K-means on all voxels.  

4.4.6 Optimization 

The QSM+qBOLD (QQ) optimization (Eq. 4.1) was solved by iteratively solving the following 

subproblems: 1) updating 𝑆0 based on qBOLD (Eq. 4.2); 2) updating 𝜒𝑛𝑏 based on QQ 

optimization (Eq. 4.3) 𝜒, and 3) updating the 𝑌, 𝑣, 𝑅2 values based on QQ optimization (Eq. 4.4). 

Concretely, in the 𝑘th step, the subproblems are: 

 𝑆0
𝑘+1 = argmin

𝑆0

‖𝑆(𝑡) − 𝑆𝑞𝐵𝑂𝐿𝐷 (𝑆0
 , 𝑌𝑘 , 𝑣𝑘, 𝑅2

𝑘, 𝜒𝑛𝑏
𝑘 )‖

2

2

 [4.2] 
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 𝜒𝑛𝑏
𝑘+1 = argmin

𝜒𝑛𝑏

{
𝑤‖𝐹𝑄𝑆𝑀(𝑌

𝑘, 𝑣𝑘, 𝜒𝑛𝑏) − 𝜒‖2
2

+‖𝑆(𝑡) − 𝑆𝑞𝐵𝑂𝐿𝐷 (𝑆0
𝑘+1, 𝑌𝑘, 𝑣𝑘 , 𝑅2

𝑘, 𝜒𝑛𝑏
 )‖

2

2} [4.3] 

 

𝑌𝑘+1, 𝑣𝑘+1, 𝑅2
𝑘+1 =  

argmin
𝑌,𝑣,𝑅2

{
𝑤‖𝐹𝑄𝑆𝑀(𝑌

 , 𝑣  , 𝜒𝑛𝑏
𝑘+1) − 𝜒‖

2

2
+

‖𝑆(𝑡) − 𝑆𝑞𝐵𝑂𝐿𝐷 (𝑆0
𝑘+1, 𝑌 , 𝑣  , 𝑅2

 , 𝜒𝑛𝑏
𝑘+1)‖

2

2

+ λ(𝑂𝐸𝐹(𝑌)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ − 𝑂𝐸𝐹𝑤𝑏)
2}  

 [4.4] 

Eq. 4.2 was solved using closed form expressions, while Eqs. 4.3 and 4.4 were solved iteratively. 

First, 𝑌, 𝑣, 𝑅2 were initialized as follows: 𝑌0 was estimated from 𝑂𝐸𝐹𝑤𝑏 in Eq. 4.1. The straight 

sinus mask was obtained automatically using global and regional thresholding on QSM 

combined with positional (inferior, posterior brain) and geometrical (straightness of the vein) 

constraints. For initial guesses for 𝑣  (𝑣0), the whole brain was roughly segmented into three 

parts, gray matter (GM), white matter (WM), and cerebral spinal fluid (CSF) with either T1w (11 

healthy subjects and 4 stroke patients) or T2-FLAIR image (1 stroke patient without T1w image) 

via FSL FAST (81). 𝑣0 was set to 3/1.5/1% for GM/WM/CSF, respectively based on literature 

(10,11). 𝜒𝑛𝑏,0 was set to satisfy Eq. 1.4 with 𝑌0 and 𝑣0.The initial guess 𝑆0,0 and 𝑅2,0 were 

obtained by solving Eq. 1.5, and using 𝑌0, 𝑣0 and 𝜒𝑛𝑏,0. The resulting mono-exponential fit was 

performed using ARLO (82). Before fitting, 3D Gaussian smoothing (standard deviation of 0.5 

of the diagonal length of the voxel) was performed on 𝑆 and 𝐺 to improve SNR. Voxels with 𝑅2 

>100 Hz or 𝑅2< 2.5 Hz were considered as outliers and removed from all subsequent processing. 

Second, using the resultant clusters obtained in the Clustering section, a cluster-based 

optimization was performed, in which the unknowns 𝑌, 𝑣, 𝑅2 were assumed to be constant within 

each cluster. The average of the 𝑌0, 𝑣0, 𝑅2,0 across each cluster was used as the initial value for 

that cluster. To improve convergence behavior during non-linear fitting, the unknows 
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𝑌, 𝑣, 𝜒𝑛𝑏 , 𝑅2 were scaled to have roughly the same order of magnitude: 𝑥 ↦
𝑥

𝐶
, where 𝑥 is the 

unknown in the original scale, 𝑐 is the scaling factor: 0.5, 0.05, |𝜒𝑛𝑏,0|, 𝑎𝑣𝑔(𝑅2,0 ) + 4 ⋅

𝑆𝐷(𝑅2,0 ) for 𝑌, 𝑣, 𝜒𝑛𝑏 , 𝑅2, respectively. 𝑎𝑣𝑔(𝑅2,0 ) and 𝑆𝐷(𝑅2,0 ) denote the average and 

standard deviation of 𝑅2,0 in the cluster, respectively. Lower and upper bounds were set to 0.0 

and 0.98 for 𝑌 (before scaling), 0.4𝑣0  and 2𝑣0 for 𝑣 (before scaling), 0.5 and 1.5 for 𝑅2 (after 

scaling). For 𝜒𝑛𝑏, the lower and upper bounds were set to the value 𝜒𝑛𝑏 calculated from Eq. 1.4 

with 𝑌/𝑣 = 0.98/0.1 and 0.0/0.1, respectively. The optimization was performed on all clusters 

jointly. To compensate for the scale of the input MRI data, the qBOLD term in Eq. 4.3 and 4.4 

was normalized by |𝑆(𝑇𝐸1)|̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅2 ⋅ 𝑁𝑣𝑜𝑥𝑒𝑙 ⋅ 𝑁𝑇𝐸 where |𝑆(𝑇𝐸1)|̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ is the average of the magnitude of 

the first echo across the whole brain, 𝑁𝑣𝑜𝑥𝑒𝑙 the number of voxels, and 𝑁𝑇𝐸 the number of 

echoes. The QSM term in Eq. 4.3 and 4.4 was also normalized by ‖𝜒‖2
2. The regularization 

weighting factor (𝜆) and the weighting on the QSM (𝑤) were chosen by performing L-curve 

analysis (53): 𝜆 was first chosen with 𝑤 = 0, then 𝑤 was chosen with the previously decided 𝜆. 

The limited-memory Broyden-Fletcher-Goldfarb-Shanno-Bound (L-BFGS-B) algorithm was 

used for the constrained optimization (54,55). The optimization was stopped when the relative 

residual 𝑟𝑘,𝑛 ≝
𝐸𝑘,𝑛−𝐸𝑘,𝑛−1

𝐸𝑘,𝑛−1
 , with 𝐸𝑘,𝑛 the energy of the 𝑛th iteration at the 𝑘th step, was smaller 

than 10−5 for Eqs. 4.3 and 4.4. For the 𝑘th step, the optimization was stopped when 𝜌𝑘 ≝

𝐸𝑘,𝑛𝑘−𝐸𝑘−1,𝑛𝑘−1

𝐸𝑘−1,𝑛𝑘−1
 < 10−3 with 𝑛𝑘 the number of L-BFGS-B iterations at step 𝑘 after convergence. 

To prevent L-BFGS-B from not updating the Hessian when the residual falls below a preset 

threshold, the cost function was multiplied by a factor of 104 before L-BFGS-B was started.  
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Third, voxel-wise QQ optimization was performed using L-BFGS-B, allowing 𝑌, 𝑣, and 𝑅2 to 

vary from voxel to voxel. The cluster-based result was used as initial guess. The scaling was the 

same as the cluster-wise optimization. The lower and upper bounds were set to 0.7 and 1.3 of the 

initial guesses. The optimization was stopped when 𝑟𝑘,𝑛 < 2 × 10−4 for Eqs 4.3 and 4.4, and 

𝜌𝑘 < 10−2. 

For Numerical Simulation 1, the same optimization settings were used as for experimental data, 

except for the fixed lower and upper bounds for 𝑣, 0.01 and 0.1 before scaling.  

QQ with CAT method was compared with QQ without CAT, which uses a constant initial guess 

OEF for the whole brain (34). For  QQ without CAT, we followed the optimization described in 

(34). The weight on QSM (𝑤) was set to 100 for healthy subjects and stroke patients based on L-

curve analysis. The optimization was stopped when the relative residual was smaller than 0.005 

for healthy subjects and 0.001 for the stroke patients. 

All algorithms were implemented in Matlab R2016a (Mathworks Inc., Natick, MA). All the 

clustering and optimization were carried out with an Intel Core i7-6900K 3.2 GHz processor.  

The computation time of the clustering, cluster-wise and voxel-wise optimization were 2.7 ± 0.7 

mins, 3.3 ± 0.7 mins, and 4.6 ± 1.1 mins respectively for the 11 healthy subjects (106 voxels and 

7 echoes), and 8.8 ± 2.5 mins, 8.8 ± 1.6 mins, 7.6 ± 1.2 mins respectively for the 5 stroke 

patients (1.8×106 voxels and 8 echoes). The code used for the experiments in this work, upon this 

paper publication, will become available for download from https://med.cornell.edu/mri. 

4.4.7 Statistical Analysis 
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ROI analyses (mean and standard deviation) and paired t-tests were performed to compare 

CMRO2 and OEF values between QQ with and without CAT. For the ROIs in the healthy 

subjects, cortical gray matter (CGM) masks were constructed based on T1-weighted images by 

an experienced neuroradiologist (S.Z. 7 years of experience). For the stroke patients, ROIs for 

the lesion and its corresponding contralateral side were drawn based on DWI by the same 

neuroradiologist. To investigate the dependency on the number of clusters, conventional K-

means was performed with 𝐾=1,5,10,15, 20, and the X-means result. QQ with CAT was 

subsequently performed for each 𝐾. The same optimization scheme was used as in experimental 

data including 𝑤/λ = 5 × 10−3/103. To investigate the OEF difference among different 𝐾 

values, a repeated measures ANOVA was performed. 

4.5 Results 

In the optimal number of clusters determined by X-means, the difference between the 10% sub-

sampling scheme and 100% sampling was on average <1 in 11 healthy subjects and 5 stroke 

patients (N=16). The 10% sub-sampling scheme (including the 10 trials) was 5~10 times faster 

than 100% sampling. The optimal number of clusters by the X-means method was 10 ± 2 in 

healthy subjects (N=11) and 16 ± 0 in stroke patients (N=5).  
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Figure 4.1. Influence of SNR on the estimated 𝑌 (Numerical Simulation 1).  

Shown is the relative error between the estimated 𝑌 and the ground truth (𝑌𝑇). 𝑌0 and 𝑣0 

are the initial guesses of 𝑌 and 𝑣, respectively. As SNR decreases, 𝑌 becomes increasingly more 

sensitive to the initial guess, resulting in larger errors when the initial guess is away from the 

ground truth value. This seems more severe in the case with smaller 𝑣: 𝑣𝑇 = 0.03 (Case 1) vs. 

0.01 (Case 2). The gray box indicates the ground truth values (𝑌𝑇 and 𝑣𝑇). 
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In the L-curve analysis, the corners for 4 randomly chosen subjects (2 healthy subjects and 2 

stroke patients) were located at 𝜆 = 103 and 𝑤 = 5 × 10−3. Figure 4.1 shows the influence of 

SNR on the sensitivity of the estimated 𝑌 on the initial guess (Numerical Simulation 1). Without 

noise, the relative error was low, but as SNR decreased from 1000 to 50, the relative error tended 

to increase when the initial guess deviated from the ground truth. For instance, at SNR 50 in 

Case 1, the relative error was 7.5% when 𝑌0 = 0.6 and 𝑣0 = 0.03, but it was 29.1 % when 𝑌0 =

0.15 and 𝑣0 = 0.03. 
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Figure 4.2. Comparison between QQ w/o and w/ CAT (Numerical Simulation 2).  

At all SNRs, QQ with CAT captures low OEF values, whereas QQ without CAT is not 

sensitive to low OEF values at low SNRs. The numbers in white indicate the OEF average and 

standard deviation in the whole brain, and black represents the root-mean-square error (RMSE). 

 

Figure 4.2 shows the comparison of the OEF maps obtained using QQ with and without CAT in 

the simulated stroke brain (Numerical Simulation 2). QQ with CAT provided a more accurate 
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OEF map than that without CAT, especially at low SNRs. For instance, at SNR 50, QQ with 

CAT captured the low OEF region, whereas QQ without CAT did not accurately depict low OEF 

values. QQ with CAT provided lower RMSE than QQ without CAT for all SNRs.  

 

 

Figure 4.3. Parameter maps between QQ w/o and w/ CAT (healthy subject). 

QQ with CAT shows a less noisy and more uniform OEF, and a good CMRO2 contrast 

between cortical gray matter and white matter without extreme values. The corresponding 

anatomy as depicted on a T1-weighted image, CBF map and susceptibility map are shown for 

reference. 
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Figure 4.3 shows a comparison between QQ with and without CAT in a healthy subject. The 

OEF with CAT appeared less noisy and more uniform, whereas OEF without CAT was noisy 

and had extreme values, for example >80% in deep gray matters. QQ with CAT showed a good 

CMRO2 contrast between CGM and WM without extreme values seen in QQ without CAT. 𝑣 

showed CGM/WM contrast and generally had lower values than QQ without CAT. 

 

 

Figure 4.4. Parameter maps between QQ w/o and w/ CAT (6 d post onset).  
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In the CMRO2 and OEF maps, the lesion can be distinguished more clearly with QQ with 

CAT. For QQ with CAT, a low OEF region is clearly visualized and contained with the lesion 

region as defined on DWI, but a low OEF region obtained with QQ without CAT is not as well 

localized nor contained within the lesion as defined on DWI. QQ with CAT generally shows 

lower 𝑣 in the DWI-defined lesion. The contrast in 𝑣 in QQ without CAT result is similar in 

appearance to that of CBF. QQ with CAT shows generally higher 𝑅2 and 𝜒𝑛𝑏 maps. 

 

Figure 4.4 shows the OEF, CMRO2, 𝑣, 𝑅2, and 𝜒𝑛𝑏 maps in one stroke patient (6 days post 

stroke onset) using QQ with and without CAT. In the OEF and CMRO2 maps, the lesion was 

distinguished more clearly using QQ with CAT than without. A low OEF region was clearly 

contained within the lesion as defined on DWI. However, QQ without CAT did not show a 

clearly localized low OEF region, neither within nor outside of the DWI-defined lesion. QQ with 

CAT generally showed low 𝑣 regions specific to the DWI defined lesion, while QQ without 

CAT showed similar 𝑣 contrast to that of CBF. QQ with CAT generally had higher 𝑅2 and 𝜒𝑛𝑏.  
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Figure 4.5. OEF histogram in the lesion and its contralateral side (12 d post onset).  

QQ with CAT shows a different distribution in the lesion as compared to mirror side. The lesion 

shows 8 peaks with the strongest two peaks at 0 and 17.5%, while the contralateral side has 6 

peaks with dominant peaks at 35 ~ 45%. However, QQ without CAT does not have a distribution 

specific to low OEF values in the lesion, but there are bell-shaped distributions for both the 

lesion and contralateral side (broader in the contralateral side) with peaks at 47% and 49%, 

respectively. 
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Figure 4.5 shows an OEF histogram in the lesion and in its contralateral region for both QQ with 

and without CAT in a second stroke patient (12 days post stroke onset). The OEF with CAT was 

distributed differently in the lesion as compared to the contralateral side. The lesion showed 8 

peaks with the strongest two peaks at 0 and 17.5%, while the contralateral side had 6 peaks with 

dominant peaks at 35 ~ 45%. However, QQ without CAT did not have a distribution specific to 

low OEF values in the lesion, but there were bell-shaped distributions for both the lesion and 

contralateral side (broader in the contralateral side) with peaks at 47% and 49%, respectively.  

 

 

Figure 4.6. The segmentations and resultant OEF maps.  

A different number of clusters (𝐾 = 1,5,10,15,20, as well as the X-means result, 17 indicated in 

red ) was used in a third stroke patient (4 d post stroke onset). In the segmentations, different 

colors indicate different clusters. The resulting OEF appearance is nearly constant for 𝐾 ≥ 5. 
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Figure 4.6 shows the segmentations and resulting OEF maps for a range of cluster numbers in a 

third stroke patient (4 days post stroke onset). The resultant OEF maps had a similar appearance 

for all 𝐾 larger than 5, and were not significantly different: p=0.9999, F(5, 8520050)=0.0164 

(repeated measures ANOVA). The X-means selected 𝐾 = 17.   

 

 

Figure 4.7. X-means clusering (𝐾 = 17) and the average signal evolution. 

 In the third stroke patient (4 d post stroke onset), different color indicates different cluster in the 

segmentation map. The corresponding average sigal evolution was shown in the same color as 
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the cluster color. The width of the signal evolution is proportional to the number of voxels within 

clusters in the lesion and the contralateral side: The thicker the curve is, the more voxels the 

correspoding cluster has. For each voxel, the signal evolution was normalized by the average 

signal across echoes after the macroscopic field inhomogeneity contribution, 𝐺 was removed. 

The average of these normalized signal evolutions across each cluster is shown here in different 

colors. 

 

Figure 4.7 shows the X-means clusering result (𝐾 = 17) and the average signal evolution for 

each clusters in the third stroke patient (4 days post stroke onset). The lesion and the 

contralateral side had distintively different dominant clusters: green clusters in the lesion and 

blue and pink clusters in the contralateral side. The corresponding average signal evolution was 

also different between the lesion and contralateral side. 

 

 

Figure 4.8. ROI analysis.  
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Average and standard deviation of OEF, CMRO2, 𝑣, 𝑅2, and 𝜒𝑛𝑏 maps between QQ without and 

with CAT in cortical gray matter from healthy subjects (N=11). QQ with CAT shows smaller 

average CMRO2, OEF and 𝑣 than the one without CAT, but QQ with CAT shows higher average 

𝑅2 and 𝜒𝑛𝑏 values. * p<0.01 (paired t-test). 

 

Figure 4.8 shows the ROI analysis in the CGM of healthy subjects using QQ with and without 

CAT. QQ with CAT showed smaller OEF, CMRO2 and 𝑣 than QQ without CAT (N=11): OEF 

was 32.7 ± 4.0 % and 37.9 ± 3.1 % (p<0.01), CMRO2 was 148.4 ± 23.8 and 171.4 ± 22.4 

μmol/100g/min (p<0.01), 𝑣 was 1.00 ± 0.2 % and 4.45 ± 0.39 % (p<0.01). Meanwhile, QQ with 

CAT showed higher 𝑅2 and 𝜒𝑛𝑏 values than QQ without CAT: 𝑅2 was 16.5 ± 0.5 Hz and 13.1 ± 

0.7 Hz (p<0.01), 𝜒𝑛𝑏 is -20.2 ± 8.1 ppb and -33.8 ± 9.0 ppb (p<0.01). 

4.6 Discussion 

Our results indicate that the cluster analysis of time evolution (CAT) substantially improves the 

robustness against noise of QSM+qBOLD (QQ) based mapping of OEF and CMRO2. Compared 

to QQ without CAT, the denoised OEF map demonstrates greater accuracy in simulations, 

appears more uniform in healthy subjects, and depicts a spatial pattern of low values within the 

DWI- defined ischemic lesions in stroke patients. Therefore, the CAT enables robust QQ-based 

OEF mapping from mGRE data alone without vascular challenges.  

Clustering is an effective tool for dealing with noise in time-series data, as demonstrated in fMRI 

where the signal change is a very small percentage and very noisy (83,84). The echo-time series 

data of mGRE is stronger than fMRI time series. However, the QQ model is fundamentally 
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relying on the separation of deoxyheme in cylindrical geometries from other susceptibility 

sources diffusely distributed in tissue. Use of two field strengths may also help separation of 

superparamagnetic ferritin from paramagnetic deoxyheme (50), but this is impractical in a 

clinical setting. The difference between echo time-series of random cylinders and diffuse 

distribution in qBOLD is about 10% (12,32), which is stronger than the signal change in fMRI 

but fundamentally makes QQ inversion sensitive to noise. Clustering as in CAT promises to 

allow robust QQ-based OEF and CMRO2 mapping in clinical practice. 

Compared to QQ without CAT, OEF maps obtained using the proposed CAT method are more 

uniform and have less extreme values in healthy subjects (Figure 4.3), in agreement with 

previous PET studies (56,65). The suppressed noise is likely due to the use of cluster-wise 

optimization. Unknowns are assumed to be constant throughout the cluster, thereby creating an 

effective signal averaging. The simulations suggest that the resulting higher SNR makes the 

estimated parameters less sensitive to measurement noise. The overall noise reduction in 𝑌 and 𝑣 

also propagates into 𝜒𝑛𝑏 and 𝑅2 maps with noise reduction benefits, compared to QQ without 

CAT (Figure 4.3). 

QQ with CAT shows smaller OEF values (Figure 4.3 and 4.8), e.g. 32.7 ± 4.0 % and 37.9 ± 

3.1 % (p<0.01) in CGM for QQ with and without CAT, respectively. The smaller OEF values in 

QQ with CAT are accompanied by higher 𝑅2, as compared to the one without CAT (16.5 ± 0.5 

Hz vs.13.1 ± 0.7 Hz). This can be explained by that for the same measured magnitude signal 

decay, OEF decreases if 𝑅2 increases (Eqs. 1.5 and 1.6). Both OEF values with and without CAT 

fall within the range previously reported for OEF obtained using PET: 35 ± 7 % (62) and 40 ± 
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9 % (65), and with other MRI based techniques: 26 ± 2 % (5), 31.7 ± 6.1 % (85), 35 ± 4 % (7), 

and 38 ± 14% (6).  

QQ with CAT shows smaller 𝑣 values in healthy subjects than QQ without CAT: 1.00 ± 0.2 % 

vs 4.45 ± 0.39 (p<0.01) in CGM. Compared to PET and other MR techniques, the 𝑣 from QQ 

with and without CAT is a bit smaller and larger, respectively: the 𝑣 values obtained using PET, 

e.g. 1.9 ± 0.5 % (86) and  2.0 ± 0.2 % (87), and other MR techniques: 1.75 ± 0.13 % (10), 1.9 ± 

0.5  2.46 ± 0.28 (88), 2.68 ± 0.47 % (29), 3.6 ± 0.4% (89). Further studies are needed to 

investigate the cause of the lower 𝑣 from QQ with CAT than literature, e.g. performing an 

experiment that the 𝑣 truth is known. It is because the ground truth 𝑣 has not been measured 

directly and different 𝑣 estimation methods have their own assumptions to be verified (90). For 

instance, qBOLD methods set the non-blood tissue susceptibility (𝜒𝑛𝑏) to be uniform in the 

whole brain with the fully oxygenated blood susceptibility equal to -108 ppb (10,29), however 

tissue iron and myelin would cause regional 𝜒𝑛𝑏 variation. The gray matter 𝜒𝑛𝑏 value in this 

study, -20.2 ppb, was higher than the 𝜒𝑛𝑏 value assumed in qBOLD. The inclusion of QSM in 

QQ with the greater 𝜒𝑛𝑏 value may lead to smaller 𝑣 value to obtain the same QSM value (Eq. 

1.4). Calibrated BOLD methods using gas-inhalation assumes that CBF and CMRO2 remain 

constant during hyperoxia (91,92). However, CBF may decrease and/or CMRO2 may increase 

during hyperoxia, which leads an 𝑣 overestimation (90,91). The 𝑣 values from the PET methods 

are the difference the between the total and arterial blood volume (86,87), which includes both 

venous and capillary blood. This may lead to larger 𝑣 than the one in this study. The 𝑅2 for CGM 

estimated with CAT, 16.5 ± 0.5 Hz, is greater than that without CAT, 13.1 ± 0.7 Hz; and both 
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values agree with the values calculated from other MR techniques, 14.9 ± 0.2 Hz (10), 15.1 ± 0.6 

Hz (12), 17.1 ± 2 Hz (93). 

In ischemic stroke patients, low OEF regions obtained by QQ with CAT are largely contained 

within the ischemic lesions defined by DWI (Figures 4.4 and 4.5). However, the OEF maps 

without CAT did not show the DWI lesion spatial pattern. The low 𝑣 region with CAT generally 

agrees with the DWI lesion spatial pattern; this observation is consistent with the blood volume 

decrease in ischemic stroke lesions (94). In contrast, QQ without CAT utilized a constant OEF 

initial guess, and the 𝑣 map contrast was similar to that of the CBF map (Figure 4.4). This 

indicates that the 𝑣 result without CAT did not change much from the initial guess, which is 

based on the CBF through a phenomenological relationship (17-19).  

In a patient imaged 12 days post stroke onset, QQ with CAT shows a distinctly different lesion 

OEF histogram compared to the contralateral region (Figure 4.5), including the strongest two peaks 

OEF at 0% and 17.5%, in addition to several peaks of high OEF at 35~45% that were similar to 

the contralateral normal OEF. The low OEF region may indicate dead tissue (OEF < 10%), while 

the high OEF region may represent salvageable tissue (35~45%). QQ without CAT did not show 

such low OEF values in the lesion. These results suggest that the use of CAT allows QQ to capture 

the low OEF values expected in stroke lesions.  

While this work focuses on OEF and touches 𝑣 , QQ also outputs R2 and 𝜒𝑛𝑏  non-blood 

susceptibility maps that may provide additional biomedical values. The R2 value is reduced in 

ischemic regions, which is consistent with literature of elevated T2 values but is not clear in its 

clinical implication (95). On the other hand, 𝜒𝑛𝑏 may be examined in QSM brain applications (96), 

though 𝜒𝑛𝑏 may be difficult to interpret in white matter (97). Particularly in studies dominated by 
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tissue iron, including multiple sclerosis (60,98), cerebral cavernous malformation (99), and 

Parkinson’s disease (100), it may be interesting to investigate disease effects on OEF (deoxyheme 

iron in blood) and non-blood (presumably dominated by tissue iron) separately.  

There are limitations on using the proposed QQ with CAT. The proper number of clusters was 

chosen automatically by the X-means method. This is based on a well-known metric, BIC. 

However, the optimal number of clusters might be different when using a different metric such 

as the Akaike information criterion, or when using a different clustering method, such as 

hierarchical clustering (77,101). This might affect the resulting OEF map. However, in our study, 

the OEF map was not sensitive to the number of clusters (Figure 4.6) chosen for K-means 

clustering. Furthermore, the voxel-wise optimization was performed after the cluster-wise 

optimization, which may alleviate the consequences of the imperfect clustering. As this CAT QQ 

technique translates to applications in sick patients, motion compensation such as by navigators 

(102-104) may be employed for robustness. To improve CMRO2 estimation accuracy, CBF 

measurement accuracy should be increased as well. The ASL-measured CBF used in this study 

has low spatial resolution and may not be accurate in WM (70). The robustness of the OEF 

estimation can be further improved by a short first echo time and a small echo spacing since the 

deviation from mono-exponential decay of extravascular MRI signal predominantly occurs in 

short TE range. OEF and 𝑣 estimations in large veins might be inaccurate as they were treated in 

the same way as normal brain tissue, which could be mitigated by using 𝑣 = 1 for large veins. 

This may be implemented by segmenting large veins, for example by thresholding the 

susceptibility map (68,105), similar to the segmentation of the straight sinus. QQ with CAT 

optimization is still non-linear, which means that convergence may be affected by the solver 
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implementation, parameter scaling, and stopping criterion. No ground truth or reference 

measurement was available. An O15 PET study on a PET-MR scanner would allow measuring 

accuracy in vivo.  

4.7 Conclusion 

Our study demonstrated the feasibility of the cluster analysis of time evolution (CAT) for 

QSM+qBOLD (QQ) in healthy subjects and in ischemic stroke patients by effectively improving 

SNR. In simulations, the proposed method was more accurate than QQ without CAT. QQ with 

CAT provides a less noisy and more uniform OEF in healthy subjects. In ischemic stroke 

patients, low OEF regions are contained with the stroke lesions defined on DWI. QQ with CAT 

may be readily applied to investigate tissue viability in various diseases, such as Alzheimer’s 

disease (57,58), multiple sclerosis (59), tumor (106), and ischemic stroke (61).  
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CHAPTER 5 

 FUTURE DIRECTIONS AND CONCLUSION 

5.1 Future directions 

The proposed CAT provides the significantly improved accuracy of QQ. Next step would be to 

apply it to clinical settings, such as stroke and multiple sclerosis (MS). In addition, there is still 

room for methodological improvement for QQ. Lastly, CAT has not been validated. Future 

studies may involve with 1) clinical application of QQ, 2) further method improvement for QQ 

with deep learing algorithm, and 3) validation with independent MR methods or 15O PET. 

Preliminary results are discussed in each chapter. 

 

5.1.1 Clinical application of QQ 

5.1.1.1 Clinical application in ischemic stroke 

Ischemic stroke due to the blood flow impairment to the brain is one of the leading cause of 

mortality and morbidity all over the world (107). In ischemic stroke, defining ischmic penumbral 

tissue is critical because the intravenous thrombolysis and endovascular thrombectomy could be 

performed based on its pattern (108-110). The ischemic penumbra is conceptualized as an area 

with perfusion below a functional threshold (ischemic) but a above a preservation threshold (not 

infarcted). In clinical practice, the penumbra is estimated as the mismatch between perfusion 

weighed imaing (PWI, indicaiting a functional threhold) and diffusion weighed imaging (DWI, 

indicating a preservation threhold). However, the PWI-DWI mismatch does not reliably depict 
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the penumbra, e.g. overestimated penubral tissue size compared to the one defined by PET (111). 

On the other hand, OEF and CMRO2 mapping are very useful for defining the ischemic 

penumbral tissue as they provide a direct measurement of tissue oxygen consumption. 

The OEF maps in 30 ischemic stroke patients (5, 19, and 6 cases in acute, early subacute, and 

late subacute phase) was estimated as in (35). Figure 5.1. shows the OEF maps in six patients. In 

the acute phase, there is some mis-match between low OEF area and the DWI-defined lesion as 

yellow arrows indicate in 6 and 18 hours post onset. The tissue in the mis-match area might be 

salvable due to comparable OEF to contralateral side. However, there is little mis-match after 4 

days post onset.  

 

 

Figure 5.1. OEF maps in six ischemic stroke patients.  

In the acute phase, there is some mis-match between low OEF areas and the DWI-defined lesion 

as yellow arrows indicate in 6 and 18 hours post onset. On the other hand, there is little mis-

match after 4 days post onset. 
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Figure 5.2 shows average OEF values in lesion and contralateral side in each individual 30 cases. 

The OEF value in the lesion showed a trend of decrease as the post onset time increases. This 

means the ischemic tissue becomes functional impairment without timely reperfusion, and tends 

to be death. This agrees well with the dynamic process of the pathophysical change, including 

inflammation triggered by oxygen free radicals and hypoxia and apoptosis induced by excessive 

glutamate-receptor activation, Ca2+ overload, oxygen radicals and DNA damage (112,113).  

 

 

Figure 5.2. Average OEF value in the lesion and the contralateral side. 

Each dot indicates each patient (30 patients). Red and black indicates lesion and contralateral 

side, respectively. The average OEF in the lesion decreases as the post onset time increases. 
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5.1.1.2 Clinical application in multiple sclerosis 

Multiple sclerosis (MS) ia an inflammatory demyelinating neurologic disease and the disease 

progression involves neurodegeneration. Impaired energy metabolism is a major contributor to 

the ongoing inflammation and neurodegeneration in MS brains, particularly MS lesions, with 

demaged mitochondrial ATP production (114). A better understanding of neural tissue energy 

metabolism may pave the way to optimized treatment of neurodegenerative process in MS. A 

few MRI studies have investigated OEF globally (115) and in cortical venous territories (116). 

However, voxel-wise regional OEF mapping is critical to allow investigating tissue damage in 

each MS lesion individually. 

 The OEF maps of 12 MS patients (39 ± 7 years) was obtained with QQ-CAT. Lesions were 

identified on T2w, and classified into three types relative to surrounding normal-appearing white 

matter (NAWM): QSM isointense (QSM-, n=46), QSM hyperintense with rim (QSM rim+, 

n=32) and QSM hyperintense without rim (QSM rim-, n=101). The OEF values among the three 

MS types were compared. Additionally, global OEF was compared with similar age 11 healthy 

controls (34 ± 12 years) using an unpaired t-test.  

Global and cortical gray matter OEF of MS patients was significantly lower than healthy controls 

(33.3 ± 3.3 vs. 28.7 ± 2.9 %, p<0.01, and 32.7 ± 4.0 vs. 28.3 ± 2.9 %, p<0.01 respectively) 

(Figure 5.3). Lower global OEF in MS brains compared to healthy controls agrees well with the 

previously reported reduced OEF (115,116). One possible explanation of the decreased OEF is 

that mitochondrial ATP production is compromised in MS by increased ambient levels of nitric 

oxide (NO) (114). The increased NO inhibits cell respiratory chain function in mitochondria 

(117). The cortical OEF value is quite similar to that in a previous 7T studying using vein 
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susceptilibity modeling (116), but the global OEF is slightly lower than that in a study using vein 

T2 modeling (115). This discrepancy may be explained by the complexity in estimating 

oxygenation from T2 model, particularly T2 dependence on red blood cell shape (118).  

 

 

Figure 5.3. Average OEF between healthy controls (HC) and MS patients. 

In cortical gray matter and whole brain, the MS patients shows a significantly lower OEF 

values. HC: 34 ± 12 years, n=11 and MS: 39 ± 7 years, n=12. * indicates p<0.01 (unpaired t-

test).  

 

In a MS patient with all three lesion types, QSM rim- shows heterogeneous OEF with the lesion, 

whereas QSM rim+ and QSM- shows uniformly low OEF valus (Figure 5.4). QSM- represents 

old chronic lesion with little metabolism. QSM rim+ represents lesion with substantial tissue 
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damage (98), which is related to that the rim corresponds to iron in proinflammatory activated 

microglia (60). QSM rim- represents demyelinating leions that can stay for an extended period of 

several years before dissipinting into isointense level in QSM (chronic silent lesion, QSM-) 

(119). QSM- and QSM rim+ present lesser OEF compared to QSM rim- type (Figure 5.5), which 

agrees with tissue damage measured on myelin water fraction mapping (120) and 

neuroinflammation measured on translocator protein PET (121). The heterogenous OEF of QSM 

rim- lesion (Figure 5.4) may reflects remyelination possibilities in the lesion. To the best of our 

knowledge, this is the first report on MS lesion OEF. In addition to widely used T1w, T2w, and 

QSM, the OEF map may provide information regarding tissue viability in various MS lesions. 

 

 

Figure 5.4. T1w, T2w, QSM, and OEF maps for an MS patient. 

Arrows indicate QSM rim+ (yellow), QSM rim- (pink), and QSM- (black), respectively. The 

QSM rim- lesion has heterogeneous OEF. The disease duration for this subject is 122 months. 

The QSM rim+ lesion has uniformly low OEF. All lesions are hypointense in T1w and 

hyperintense in T2w. 
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Figure 5.5. Lesion OEF in three MS types 

QSM rim-, QSM rim+, and QSM – showed -8 ± 7, -11 ± 6, -12 ± 6 % OEF compared to normal-

appearing white matter (NAWM). Red line, blue box, black whisker, and red cross indicates 

median value, interquartile range, the range extending to 1.5 of the interquartile range, and 

outlier beyond the whisker range. 

 

5.1.1.3 Possible clinical application  
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OEF and CMRO2 mapping would also be useful to investigate the tissue function and viability 

in various other cerebrovascular diseases, such as Sickle cell disease and Moyamoya disease. 

These two are commonly occlusive cerebrovascular diseases. First, Sickel cell disease progresses 

from abnormal (sickle) hemoglobin (122). The sickle hemoglobin is insoluble and undergoes 

polymerization and aggregation of the polymers into tubulin fibers that then produce sickling. 

Because of their rigid shape, the cells are prone to being trapped in the microcirculation. The 

downstream of this blockage are deprived of blood flow and oxygen and suffer ischemic damage 

or death. This blood flow deprivation leads to tissue necrosis.  

Second, Moyamoya disease is also called as spontaneous occlusion of the circle of Willis, which 

is a classic example of a hemodynamic cause of stroke (123). The name “moyamoya” came from 

that the growth of small collateral vessels in the bottom of cerebrum is temporally accompanied 

with the vascular occlusion to compensate for the reduced blood flow, which describes puff of 

smoke in Japanese (124). However, the compensation mechanism eventually stop working. The 

treatment is needed to reduce the risk of stroke. Even though several imaging modalties, such as 

CT, PET, dynamic susceptilbity contrast MRI, ASL, and MR angiography, were applied to guide 

treatment (125), the quantitative measurement of tissue oxygen consumption has not been 

investiaged.  

For both Sickle cell disease and Moyamoya diseases, OEF and CMRO2 mapping would provide 

valuable information regarding the disease progess.  

 

5.1.2 Deep learning for QQ 
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Due to non-convex nature of QQ model, the proposed CAT in Chapter 4 might still depend on 

the optimization details, e.g. initial guess and parameter scaling, in the usage of gradient-based 

iterative solver. Deep learning would be a good candidate for removing the dependency. Deep 

neural networks have been widely applied as an alternative to the iterative method for solving 

inversion (126-129) based on that neural networks can approximate any continuous function with 

sufficient number of free paprametes (130). Also, the reconstruction speed of deep learning 

approach would be much faster than the gradient-based iterative solver once the training is done.  

A fully convolutional neural network (QQ-NET), based on an established architecture, Unet 

(131), was trained with simulated data based on the QQ-CAT results as ground truth using 

Equations 1.4 and 1.5 at SNR 100 (29 patients for training and 1 patient for valiation). The 

trained QQ-NET is tested with two datasets: 1) 4 additonally simulated stroke brain datasets 

constructed in the same way as the training data and 2)  30 real ischemic stroke patient data.  

QQ-NET shows generally more accurate OEF map with smaller root mean square error (RMSE) 

and greater structure similarity index (SSIM) (Figure 5.6). QQ-NET shows slightly smoother 

OEF maps than QQ-CAT in simulations. The smoother OEF map may be caused by using Unet, 

a deep convolutional neural network. The network may learn output the average of all plausible 

explanations, which leads to spatial smoothness for the network prediction (132). Also, QQ-NET 

and QQ-CAT provides similar OEF maps in real stroke patients (Figure 5.7). In some cases, such 

as 1.5 and 7 days post onset, QQ-NET shows low OEF areas that agree better with DWI-defined 

lesions. This may lead to a stronger decreasing pattern of QQ-NET in the ratio scatter plot 

(Figure 5.8). The greater ratio than 100% from QQ-NET in the acute phase (Figure 5.8) is 
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consistent with expected OEF elevation (133). With the improved accuracy and speed, QQ-NET 

can be readility applied in clinical settings. 

 

 

Figure 5.6. Comparison between the OEFs obtained by QQ-CAT and QQ-NET. 

The numbers in yellow and white indicate root mean square error (RMSE) and structural 

similarity index (SSIM), respectively. QQ-NET generally provides smaller RMSE and higher 

SSIM. 
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Figure 5.7. OEF Comparison between QQ-CAT and QQ-NET. 

QQ-NET generally shows similar OEF maps compared to QQ-CAT, e.g. some parts in the lesion 

shows similar OEF values compared to contralateral side. In 1.5 and 7 days post-onset patients, 

low OEF areas in QQ-NET agree better with DWI-defined lesions. 
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Figure 5.8. Scatter plot of the OEF ratio between lesion and contralateral side. 

Each dot indicates each patient. Red and black indicates QQ-CAT and QQ-NET result, 

respectively. Dotted line indicates the linear regression. Brown, dark brown, and puple box 

indicates the acute (0~1 day), early subcute (1~7 days), and late subcute (7~14 days) phase, 

respectively. QQ-NET shows greater slope and R-square value. 

 

5.1.3 Validation of QQ 

The proposed CAT has not been validated with independent CMRO2 methods. 15O PET has 

been considered as a reference. The validation of QQ with 15O-PET would be valuable in order 

to achieve reliability of QQ in clinical settings. However, the availability of PET data is limited 

because the short 2 min half-life of 15O necessitates its production right next to the PET scanner. 

Instead, a comparison study of QQ with a well-known independent MRI OEF method, dual-gas 

challenge calibrated-BOLD (DGC) (6,92), was performed.  
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QQ showed a small and statistically non-significant difference in OEF values compared to DGC 

(n=10): 36.4 ± 1.9 and 38.0 ± 9.1 % (P=0.63), with corresponding CMRO2 of 151.4 ± 17.6 and 

168.2 ± 54.1 μmol O2/min/100g (P=0.26) for QQ and DGC, respectively (Figure 5.9). The OEF 

values from both methods agree with literature vales based on PET-OEF: 35 ± 7 % (62) and 40 ± 

9 % (65). Also, QQ showed more uniform OEF map than DGC, which is consistent with PET 

studies (56,65,134). A high inter-subject variation in DGC may be attributed to low SNR in both 

BOLD and CBF signals, e.g. only 2.3 ± 0.5 % hypercapnia induced BOLD signal increase. The 

small OEF variation in QQ may have benefited from the usage of cluster analysis of time 

evolution (CAT) which improves effective SNR (35).  

In hypercapnia (n=10), QQ showed lower OEF (36.4 ± 1.9 vs. 22.0 ± 3.6 %, P<0.01), higher 

CBF (57.0 ± 9.9 vs. 80.2 ± 11.6 %, P<0.01), slightly lower CMRO2 maps (151.4 ± 17.6 vs. 

130.2 ± 28.6 μmol O2/min/100g, P=0.039) compared to those at baseline (Figure 5.10). The 14% 

CMRO2 due to hypercapnia agrees well with a recent study suggesting 10~15% reduction with 

the similar hypercapnic level (135). This reduction shall be considered in the calibrated BOLD 

studies that have used an iso-CMRO2 assumption during hypercapnia.  

This cross-validation study supports the great potential of QQ for clinical use since QQ does not 

require a gas challenge unlike DGC using multiple gas challenges, hypercapnia and hyperoxia 

(6,7).   
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Figure 5.9. Baseline OEF, CBF, CMRO2 map between DGC and QQ. 

QQ CBF map is obtained by registering DGC CBF map to QSM resolution. QQ showed less 

inter-subject variation in OEF. 
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Figure 5.10. OEF, CBF, CMRO2 from QQ between baseline and hypercapnia. 

Compared to BL, HC shows lower OEF, higher CBF, slightly lower CRMO2. 

 

 

5.2 Conclusion 

In this thesis, two major improvements in MRI biophysics modeling for improving CMRO2 are 

presented. First, the QSM- and qBOLD-based CMRO2 method was combined to remove 

unnecessary assumptions in individual model and to utilize both phase and magnitude signal 

from the same mGRE data. Second, cluster analysis of time evolution (CAT) was applied to 

improve robustness of the combined model against noise.  
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APPENDIX 

Dipole and Quandrupole formulism derivation 

For derivation of dipole and quadrupole formulism, we start with the “H” field that has a scalar 

potential Φ solution to the magnetostatics problem (136): 

 
∇ ×𝓗 = 0,           ∇ ⋅ 𝓗 = −∇ ⋅ 𝐌. 

 
[A1] 

 𝓗 = −∇Φ 

 

[A2] 

 
Φ(𝒙) =

1

4𝜋
∫
∇′ ⋅ 𝐌(𝒙′)

|𝒙 − 𝒙′|
𝑑3𝑥′ 

 

[A3] 

 

This Φ has singularity at the origin where the measurement point (𝒙) and source location (𝒙′) are 

identical. To facilitate calculus on 1/|𝒙 − 𝒙′|, the origin has to be excluded (137).  

 
Φ(𝒙) = lim

𝜖→0

1

4𝜋
∫
∇′ ⋅ 𝐌(𝒙′)

|𝒙 − 𝒙′|
𝐻(|𝒙 − 𝒙′| − 𝜖) 𝑑3𝑥′ 

 

[A4] 

where H is the Heaviside function defined by  

 
𝐻(|𝒙 − 𝒙′| − 𝜖) = {

0, |𝒙 − 𝒙′| ≤ 𝜖

1, |𝒙 − 𝒙′| > 𝜖
 

 

 

The term 𝐻(|𝒙 − 𝒙′| − 𝜖)/|𝒙 − 𝒙′| can be expanded up to the 2rd order with Taylor expansion in 

powers of  𝒙′ with the localized source condition (136). This leads to Eq. A5 with the 𝐵0 along �̂�. 
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Φ(𝒙) =

𝐵0
𝜇0
(𝐷Φ𝜒 + ∑ 𝑔𝑚𝛷

3

𝑚=1

𝑄𝑚) 

 

[A5] 

where the dipole interaction, 𝐷𝛷 and the susceptibility, 𝜒 are as follows:  

 
𝐷𝛷 = lim

𝜖→0

1

4𝜋|𝒙|2
{
𝑥3
|𝒙|

𝐻(|𝒙| − 𝜖) − 𝑥3𝛿(|𝒙| − 𝜖)} 

 

[A6] 

The quadrupole interaction, 𝑔mΦ and the quadrupole moments, 𝑄𝑚 are as follows: 

 

𝑔mΦ

=

{
 
 

 
 lim

𝜖→0

1

4𝜋|𝒙|4
{
3𝑥𝑚𝑥3
|𝒙|

𝐻(|𝒙| − 𝜖) − 4𝑥𝑚𝑥3𝛿(|𝒙| − 𝜖)} , 𝑖 = 1,2

lim
𝜖→0

1

4𝜋|𝒙|4
{
3𝑥3

2 − |𝒙|2

|𝒙|
𝐻(|𝒙| − 𝜖) − (4𝑥3

2 − |𝒙|2)𝛿(|𝒙| − 𝜖)} , 𝑖 = 3

 

 

[A7] 

The 𝓗 field z-component can be obtained as follows, based on Eq. A5.  

 
𝓗𝑧(𝒙) = −𝜕𝑧Φ(𝒙) 

 
[A8] 

The B field in Eq. 2 can be obtained with = 𝜇0(𝓗+𝑴). The 𝜖 limit to 0 was also taken to the 

𝜕𝑧𝐷𝛷 and  𝜕𝑧𝑔iΦ terms in Eq. A8 (137).  
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