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While there has been progress in controlling many diseases in the past decade in the
United States, chronic liver disease mortality rate has increased according to Centers for
Disease Control and Prevention. There is an urgent need for developing new
technologies and more sensitive methods for early diagnosis of liver disease. This thesis
proposes quantitative magnetic resonance imaging techniques to leverage the existing
methods and increase sensitivity and specificity for liver disease diagnosis. First, we
proposed a numerical optimization technique for efficient and more accurate calculation
of perfusion maps in the liver. We proposed a new algorithm for water/fat separation
resulting in a rapid robust method of quantitative susceptibility mapping (QSM) in the
liver. We investigated deep learning approaches in water/fat separation to replace the
current classical solvers and finally we investigated a machine learning approach to use
QSM and R2* to enhance fibrosis detection. The proposed frameworks were tested in
both healthy volunteers and patients for cancer diagnosis, iron measurement and fibrosis
detection with the possibility of translation into clinical practice.
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CHAPTER 1
INTRODUCTION
1.1

MRI Principle to Signal Model

An MRI system is comprised of a magnet, gradient and radiofrequency coils, and a control unit.
In MRI images are produced using a pulse sequence with a specific order, timing and duration
playout of gradient and radiofrequency components to characterize the properties of the mainly
hydrogen in water and fat which makes up ~70% of the human body. The intrinsic property of
hydrogen nucleus known as spin, once placed inside a magnetic field, generates a magnetization
that can be measured by MRI. The two characteristic times of hydrogen measured by MRI are
called spin-lattice relaxation time and spin-spin relaxation time, denoted by T1 and T2.
The Bloch equation explains the behavior of magnetization (𝒎) gerated by spins inside the
magnetic field (B):
𝑑𝒎
𝑑𝑡

1

1

̂ + 𝑚𝑦 𝒚
̂).
= −𝛾𝝎 + 𝑇1 (𝑚0 − 𝑚𝑧 )𝒛̂ − 𝑇2 (𝑚𝑥 𝒙

[1.1]

In an external field B generated by the magnet, m precesses clockwise around B with an angular
velocity 𝝎. 𝝎 = 𝑩 × 𝒎 is precession frequency known as Larmor frequency, 𝛾 is a constant
referred to as the gyromagnetic ratio, e.g. 42.58 MHz/T for 1H. Solutions to the Bloch equation
corresponding to T2 for transverse magnetization (𝑚⊥ ) and T1 for the longitudal component
(𝑚𝑧 ) is shown below:

1

𝑚⊥ = 𝑚⊥0 𝑒 −𝑡/𝑇2

[1.2]

𝑚𝑧 = 𝑚𝑧0 𝑒 −𝑡/𝑇1 + 𝑚0 (1 − 𝑒 −𝑡/𝑇1 )

[1.3]

The magnetic field 𝑩 in the Bloch equation includes all non-random macroscopic fields. This
non-random macroscopic field is generated by instrument imperfection in the main field (B0),
gradient fields (G), and inhomogeneity field generated by the tissue itself causing intravoxel
dephasing which leads to a rapid signal decay with a time constant of 𝑇2′ . Combining 𝑇2 and 𝑇2′
results in the toal voxel signal decay:
1
𝑇2∗

1

1

2

2

= 𝑇′ + 𝑇

[1.4]

With gradient rephasing and dephasing spin, spatial encoding, and signal (𝑠) sampling at time 𝑡
MRI equation for Gradient-recalled echo (GRE) sequence equals (1):
∗

𝑠(𝑡) = ∫ 𝑚(𝒓)𝑒 −𝑡(𝒌)⁄𝑇2 (𝒓) ⋅ 𝑒 −2𝜋𝑖𝒌⋅𝒓 𝑑 3 𝒓,

[1.5]

where 𝒌 ⋅ 𝒓 = 𝛾𝑮 ⋅ 𝒓/2𝜋 . Given tissue magnetization can be considered as a collection of
magnetic dipole moments, a dipole m located at 𝒓′ generates a magnetic field 𝑏(𝒓) at an
observasstion location 𝑟:
µ

𝐛(𝐫) = 4𝜋0

3 (𝐦.𝒓̂)𝒓̂−𝐦
𝑟3

𝒓≠𝟎

[1.6]

𝒓≠𝟎

[1.7]

The unit dipole field is defined:
1 3 𝑐𝑜𝑠2 𝜃−1
,
|𝒓|3

𝑑(𝒓) = 4𝜋

2

where 𝜃 is the angle between the location vector 𝒓 and the main magnetic field 𝑏(𝒓). Magnetic
field (scaled to 𝑩𝟎 ) is the sum of contrbutions from all dipole moments (𝒓 ≠ 𝒓′ ):
µ

𝐛(𝐫) = 4𝜋0 ∫

𝑑3 𝒓′ (3 𝑐𝑜𝑠2 𝜃𝒓𝒓′ −1)𝐦(𝒓′ )
|𝒓−𝒓′ |3 𝐵0

= µ0 (𝑑 ∗ 𝑚)(𝒓)

[1.8]

With Lorentz Sphere correction this leads to inverse problem of susceptibility measurement from
measured field given the dipole kernel (1):
𝐛(𝐫) = (𝑑 ∗ 𝜒)(𝒓)

[1.9]

Field contribution in addition to magnitude, modify the phase which can be added to the GRE
signal model:
∗

𝑠(𝑡) = ∫ 𝑚(𝒓)𝑒 −𝑖𝜔𝑏(𝒓)𝑡(𝒌) . 𝑒 −𝑡(𝒌)⁄𝑇2 (𝒓) ⋅ 𝑒 −2𝜋𝑖𝒌⋅𝒓 𝑑 3 𝒓
1.2

[1.10]

Summary of Contributions

The work in this thesis is comprised of numerical optimization methods, image processing, and
deep learning techniques in MRI to propose new quantitative techniques and improve sensitivity
and specificity of the current methods in liver disease diagnosis to improve patient care.
1. Liver Perfusion Mapping. Chapter 2 presents a novel method for perfusion mapping using
dynamic-contrast enhanced MRI. Use of numerical optimization along with linearization of the
problem the proposed perfusion mapping method was performed about 160 times faster
compared to the traditional mapping approach. This allowed to improve the accuracy of
perfusion mapping by including delay in the model to compensate for the time it takes for the
blood from source to travel to the region of interest. The proposed algorithm yields similar
3

results compared to traditional approaches while being computationally efficient and more
accurate with potential translation into clinical applications.
2. Liver Quantitative Susceptibility Mapping. Chapter 3 proposes a new method for rapid,
robust, and automated generation of quantitative susceptibility mapping in the liver. Solving
water-fat separation optimization, a nonlinear nonconvex problem highly dependent on the initial
guess, is necessary to remove the associated contributions of fat chemical shift to the field. We
proposed an in-phase echo-based acquisition technique to generate a rapid robust way of initial
guess generation for the problem. In addition, QSM requires choosing a source with known
susceptibility to convert relative to absolute measurement. An algorithm based on Hough
transform was proposed for automated segmentation of aorta as a reference source. The proposed
methods showed great reproducibility among different scanners in healthy volunteers and
feasibility was shown in a patient population.
3. Deep Learning Water-Fat Separation in Abdomen. Chapter 4 proposes a novel deep
learning method to solve the optimization problem of water-fat separation. While conventional
techniques require generation of an initial guess and numerical techniques to linearize and update
the unknowns iteratively, the proposed method is free from these assumptions and a replacement
for conventional methods of optimization. The proposed deep learning method does not require
reference images for training and given the physical cost function and inputs, the network is able
to update the weights and estimate the output of the network simultaneously. The proposed
method was tested in both healthy volunteers and a patient population with very good agreement
with the reference images generated from conventional method.

4

5. Fibrosis Detection with Quantitative Susceptibility Mapping. Chapter 5 proposes a new
method for fibrosis detection using machine learning. While collagen increases R2* relaxation,
its diamagnetic characteristic decreases susceptibility. The proposed method investigates a
differential approach by using logistic regression with stepwise feature selection to maximize the
difference between the two. We tested this hypothesis in ex-vivo human liver samples which
showed higher sensitivity and specificity for fibrosis detection compared to use of individual
parameters.

5

CHAPTER 2
ADVANCED METHODS FOR LIVER PERFUSION MAPPING
2.1

Abstract

In this chapter we propose an efficient algorithm to perform dual-input single compartment
modeling for generating perfusion maps in the liver. We implemented whole field of view linear
least squares (LLS) to fit a delay compensated dual input single compartment model to very high
temporal resolution (4 frames per second) contrast enhanced 3D liver data in order to calculate
kinetic parameter maps. Using simulated data and experimental data in healthy subjects and
patients, the proposed whole-field LLS was compared to the conventional voxel-wise nonlinear
least squares (NLLS) approach in terms of accuracy, performance, and computation time.
Simulations showed good agreement between LLS and NLLS for a range of kinetic parameters.
The whole-field LLS method allowed generating liver perfusion maps about 160-fold faster than
voxel-wise NLLS, while obtaining similar perfusion parameters. Delay compensated dual input
liver perfusion analysis using whole-field LLS allows generating perfusion maps with a
considerable speedup compared to conventional voxel-wise nonlinear fitting.
2.2

Introduction

In dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI), a differential equation
based on conservation of mass relates the temporal dynamics of contrast agent concentration to
perfusion parameters that describe the transport processes within the tissue. Traditionally,
nonlinear least squares (NLLS) techniques are used to derive perfusion parameters by fitting
enhancement curves to the integral solution of the differential equation (2). This approach is
6

computationally expensive and requires a good initial guess or multiple starting points to avoid
convergence to local minima. An alternative to this nonlinear method is to fit the differential
equation directly in a linear least squares (LLS) sense. Solving the differential equation directly
instead of working with the integral solution has been applied to Positron Emission Tomography
(PET) (3-6) demonstrating efficient performance for data acquired with high temporal resolution.
Implementation and comparison of LLS and NLLS techniques have similarly been investigated
in DCE-MRI (7-12) demonstrating increased efficiency while maintaining accuracy.
In liver kinetic modeling and perfusion imaging in MRI, aorta and portal vein known as the input
functions supply blood to the liver. These input functions are typically selected at the main
arteries which may not be at the vicinity of the tissue region where perfusion is measured. The
time it takes for the blood travel from the source input function to the tissue of interest is known
as a delay. Estimating and correcting the input function delay is important, since ignoring it can
introduce large errors in the true value of perfusion parameters, such as up to 35%
underestimation of flow, and up to 60% of overestimation of mean transit time (13). Materne et
al. implemented a delay compensated dual input model using nonlinear fitting. In this approach,
the nonlinear fit is repeated for several time shifted input functions and the delay that minimizes
the residual error is selected (14). Accurate liver perfusion quantification requires correction for
both arterial input function (AIF) and portal venous input function (PVIF) delays (15). This,
however, considerably increases the computational cost for the current NLLS fitting approach
because of the many combinations of delays for which a NLLS fit needs to be carried out.
Therefore, a dual delay correction is performed only on a region-of-interest (ROI) basis, and not
for whole liver perfusion mapping (16).

7

The current work proposes a whole-field LLS method that uses efficient large scale solvers to fit
the perfusion parameters for all voxels within the field of view simultaneously (17).
Additionally, a method is proposed to efficiently combine this with dual input function delay
compensation. This method is demonstrated for high spatial and temporal 4D liver contrast
enhanced data (18-20). Compared to NLLS, LLS is shown to drastically decrease computational
cost, making delay correction practical.
2.3

Methods

DCE-MRI signal intensity was converted to relative enhancement assuming a linear relationship
between relaxation rate and concentration. Conversion from signal intensity ( S ) to enhancement
(  ) for a spoiled gradient echo sequence (SPGR) is given by (21):

𝛯=

𝑆(𝑡)𝑝𝑜𝑠𝑡 −𝑆(𝑡)𝑝𝑟𝑒
𝑆(𝑡)𝑝𝑟𝑒

,

[2.1]

where 𝑆(𝑡)𝑝𝑟𝑒 and 𝑆(𝑡)𝑝𝑜𝑠𝑡 denote signal intensity before and after the arrival of contrast agent.
Signal enhancement was further converted from blood to plasma assuming a hematocrit of 45%
(22). Routine clinical image data acquired for 7 liver donors and 7 patients with liver lesions
including metastasis (1), adenoma (1), focal nodular hyperplasia (1), and hepatocellular
carcinoma (4) were included in this study after removing all patient identifiers. T1-weighted
images using 3D stack of spiral sequence (18) were acquired at 1.5 Tesla (GE Healthcare,
SIGNA HD) before and after the injection of contrast agent (10 ml gadoxetate at 1 ml/s). Whole
liver 4D images with 5 mm slice thickness at a temporal frame rate of 0.23 seconds, and duration
of 67 seconds were reconstructed using the Patch Based Reconstruction of Undersampled Data
(PROUD) algorithm (20) for enhanced signal-to-noise ratio and high temporal frame rate. Image
8

parameters included: 15º flip angle, 1.56×1.56×5 mm3 voxel size, TR 6 ms, TE 0.6 ms. Slices
with the most prominent tumors (size and enhancement) were selected by a radiologist with 4
years of experience.
In this liver perfusion study, we incorporated a dual input single compartment model with both
AIF and PVIF delays (𝜏𝑎 , 𝜏𝑝 ) to account for input functions transit time:
𝑑𝐶(𝑡)
𝑑𝑡

= 𝑘𝑎 𝐶𝑎 (𝑡 − 𝜏𝑎 ) + 𝑘𝑝 𝐶𝑝 (𝑡 − 𝜏𝑝 ) − 𝑘2 𝐶𝑡 (𝑡),

[2.2]

where changes of contrast agent concentration 𝐶(𝑡) during the time course equals ingoing
contrast agent concentration from the aorta 𝐶𝑎 (𝑡) and portal vein 𝐶𝑝 (𝑡) multiplied with the
corresponding flow rate constants (𝑘𝑎 , 𝑘𝑝 ) minus the outgoing concentration multiplied with the
outflow rate constant (𝑘2 ). We minimized the cost function:
argmin
𝑘𝑎 ,𝑘𝑝 ,𝑘2 ,𝜏𝑎 ,𝜏𝑝

𝜀(𝐤, 𝛕) =

argmin
𝑘𝑎 ,𝑘𝑝 ,𝑘2 ,𝜏𝑎 ,𝜏𝑝

2
∑𝑡‖𝐶̇ (𝑡) − 𝑘𝑎 𝐶𝑎 (𝑡 − 𝜏𝑎 ) − 𝑘𝑝 𝐶𝑝 (𝑡 − 𝜏𝑝 ) + 𝑘2 𝐶(𝑡)‖ .
2

[2.3]

𝐶̇ (𝑡) denotes the time derivative of 𝐶(𝑡). Here, the spatial dimension is implied in the L2 norm.
Equation 2.2 is a function of both perfusion parameters 𝐤 = (𝑘𝑎 , 𝑘𝑝 , 𝑘2 ) and delays 𝛕 = (𝜏𝑎 , 𝜏𝑝 ).
We minimize the cost function by setting its gradient to zero with respect to 𝐤 (perfusion
parameters) for known delays (𝛕):
𝛻𝑘 𝜀(𝐤, 𝛕) = 0.
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[2.4]

This forms an overdetermined linear inverse problem which was solved numerically by taking
the integral of both sides in Equation 2.2 and forming matrices comprising of enhancement
profile time series with 𝑛 time points. A matrix representation of the problem is
𝐶(𝑡1 )
𝐶𝑎̅ (𝑡1 ), 𝐶𝑝̅ (𝑡1 ), 𝐶̅ (𝑡1 ) 𝑘𝑎
[ ⋮ ]=[
⋮
⋮ ] [ 𝑘𝑝 ],
⋮
̅
̅
̅
⏟𝐶(𝑡𝑛 )
−𝑘2
⏟𝐶𝑎 (𝑡𝑛 ), 𝐶𝑝 (𝑡𝑛 ), 𝐶 (𝑡𝑛 ) ⏟
𝑏

𝐴

[2.5]

𝑥

where 𝐴 denotes the system matrix which relates measurements (𝑏) to model parameters (𝑥) and
overbar indicates numerical integration. While previous approaches have solved the linear
system in Equation 2.5 of voxel by voxel basis, a conjugate gradient method is used to solve
Equation 2.5 for the whole field of view simultaneously. This formulation is referred to for the
remainder of the text as whole-field LLS. This method has the advantage of allowing adding
additional regularizations, such as spatial smoothing. In this work, however, we used Tikhonov
regularization with a small regularization parameter 𝜆:
𝑋 = (𝐴𝑇 𝐴 + 𝜆𝐼)−1 𝐴𝑇 𝑏.

[2.6]

The use of a small regularization parameter was empirically found to accelerate convergence
while obtaining a solution that was nearly identical to the 𝜆 = 0 case.
Once rate constants (𝑘𝑎 , 𝑘𝑝 , 𝑘2 ) were calculated, maps of the arterial fraction (𝐴𝐹 = 𝑘𝑎 /(𝑘𝑎 +
𝑘𝑝 )), extracellular volume (𝐸𝐶𝑉 = (𝑘𝑎 + 𝑘𝑝 )/𝑘2) and mean transit time (𝑀𝑇𝑇 = 1/𝑘2 ) were
computed as follows:
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2

2

argmin‖(𝑘𝑎 + 𝑘𝑝 )𝐴𝐹 − 𝑘𝑎 ‖2, argmin‖𝑘2 ∙ 𝐸𝐶𝑉 − (𝑘𝑎 + 𝑘𝑝 )‖2, argmin‖𝑘2 ∙ 𝑀𝑇𝑇 − 1‖22
𝐴𝐹

𝐸𝐶𝑉

[2.7]

𝑀𝑇𝑇

The second part of this problem consists of finding optimum delays. Minimizing the cost
function (Equation 2.3) with respect to delays is nonconvex and forms a nonlinear inverse
problem which is dependent on the initial guess and may suffer from convergence to local
minima. To overcome this, a discrete set of physiological delays for both AIF and PVIF ranging
between 0 to 20 seconds with 1.15-second intervals (a multiple of the temporal frame rate) were
considered (16). For a pair of input function delays (one for AIF and one for PVIF), a wholefield LLS problem was solved assuming that each voxel had the same given pair of input
function delays. The L2 norm between the measured and the calculated enhancement curves was
used to compute a residual for each voxel for this particular pair of delays. After repeating this
whole field of view calculation for all considered pairs of delays, the smallest residual and
corresponding delays were selected for each voxel separately across all obtained solutions.
To compare the performance of voxel-wise LLS and voxel-wise NLLS methods, synthetic data
were generated under different scenarios including variation of temporal resolution and contrasto-noise ratio (CNR) for two typical cases. The first case represented a hypervascular tumor such
as hepatocellular carcinoma and assumed 𝐴𝐹 = 90%, 𝐸𝐶𝑉 = 80 𝑚𝑙/100𝑚𝑙 and 𝑀𝑇𝑇 = 10 𝑠.
The second case represented healthy liver with 𝐴𝐹 = 30%, 𝐸𝐶𝑉 = 30 𝑚𝑙/100𝑚𝑙, and 𝑀𝑇𝑇 =
30 𝑠. The curves were reconstructed at 4 frames per second and 67-second duration to mimic
acquisition protocol in the experimental data. Input (AIF, PVIF) curves and corresponding tissue
enhancement curves are shown in Figure 2-1. Next noise was simulated by adding complex
Gaussian noise to these curves and taking the absolute value. CNR was defined as the peak of
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tissue enhancement curve divided by the standard deviation of the added Gaussian noise. CNR
was varied between 10 to 100 and fitting was repeated 100 times for each CNR. Relative error
for each perfusion parameters was recorded and averaged over the repetitions. Next this
simulation was repeated by introducing a pair of delays for the tumor case (AIF delay=0 s, PVIF
delay=12 s) and for the healthy liver case (AIF delay=12 s, PVIF delay=0 s). Finally, noiseless
data was downsampled to study the effect of temporal resolution which ranged from 0.23 to 4
seconds.

Figure 2-1. Input curves (aorta and portal vein) used in dual-input single compartment model to
generate synthetic tissues including a healthy liver (AF=30%, ECV=30 ml/100ml, MTT=30 s)
and a hypervascular tumor (AF=90%, ECV=80 ml/100ml, MTT=10 s) and corresponding tissue
enhancement curves.
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To investigate the effect of input function delays on the estimated perfusion parameters, noisy
synthetic curves (CNR=50) were generated (see above) now using various combinations of
delays ranging from 0 to 16 seconds with 2-second intervals for both AIF and PVIF. Average
error for each perfusion parameter across 100 repetitions was recorded for each pair of delays
and compared between voxel-wise LLS and voxel-wise NLLS.
To compare voxel-wise LLS to whole-field LLS, noisy synthetic tissue curves were generated
with variable CNR ranging from 10 to100 for various combinations of delays ranging from 0 to
16 seconds (for both AIF and PVIF) similar to the simulations above. For each of the 100
repetitions, a single image was constructed containing all possible combinations of delays and
solved using both whole-field LLS and voxel-wise LLS. The estimation error for each perfusion
parameter was then averaged across all delays and all 100 repetitions for both methods.
To compare voxel-wise LLS and voxel-wise NLLS fitting in experimental data, ROI-based
analysis was performed on the images acquired in the 7 healthy subjects and 7 patients described
above. In each subject, 3 masks including the lesion (patient) or liver (healthy subject), hepatic
artery, and portal vein were drawn and corresponding enhancement curves were obtained. These
curves were selected to calculate perfusion parameters and delays. Finally, for one healthy
subject (liver donor) and one metastasis patient, perfusion parametric maps were generated using
both whole-field LLS and voxel-wise NLLS fitting. All algorithms were implemented in
MATLAB (Mathworks, Natick, MA) and calculations were performed on a 64-bit Windows
Machine with 6 cores (Intel i7-3.3 GHz) and 64 GB of RAM.
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2.4

Results

Computation time in estimating delays and perfusion mapping for a slice with 256×256 voxels
and 288 time frames, was 146 hrs for voxel-wise NLLS, 8.5 hrs for voxel-wise LLS (resulting in
a 17 fold speed-up) and 0.88 hrs for whole-field LLS (resulting in a 166 fold speed-up).
Figure 2-2 compares the performance of voxel-wise LLS and voxel-wise NLLS as a function of
CNR for a simulated tumor enhancement curve without AIF or PVIF delays and with delays.
Figure 2-3 shows the corresponding results for a healthy liver. These figures show that for high
enough CNR (>30), the relative error in the estimated perfusion parameters are small and similar
for both methods. Arterial fraction and mean transit time generally have higher relative error
compared to extracellular volume fraction. Adding delay increases uncertainty in parameter
estimation by introducing additional unknowns to Equation 2.2. For high CNR (>30), the AIF
delay error is smaller compared to PVIF delay error since the tissue is mostly arterially supplied
(AF=90%). Dependency of voxel-wise LLS and voxel-wise NLLS methods on temporal
resolution is shown in Figure 2-4. Higher temporal resolution is associated with perfusion
parameter estimation accuracy. Among the perfusion parameters, extracellular volume is the
least susceptible to changes in temporal resolution and choice of fitting method.
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Figure 2-2. Simulation results for a simulated hypervascular tumor (AF=90%, ECV=80
ml/100ml, MTT=10 s) comparing performance of voxel-wise LLS vs. voxel-wise NLLS as a
function of CNR. Shown are relative errors (%) for ECV (Extracellular volume), AF (Arterial
Fraction), MTT (Mean Transit Time) and errors (s) for AIF (Arterial Input Function) delay and
PVIF (Portal Venous Input Function) delay a) without delay b) with AIF delay=0 s, PVIF
delay=12 s.
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Figure 2-3. Simulation results for a healthy liver (AF=30%, ECV=30 ml/100ml, MTT=30 s)
comparing performance of voxel-wise LLS vs. voxel-wise NLLS as a function of CNR. Shown are
relative errors (%) for ECV (Extracellular volume), AF (Arterial Fraction), MTT (Mean Transit
Time) and errors (s) for AIF (Arterial Input Function) delay and PVIF (Portal Venous Input
Function) delay a) without delay b) with AIF delay=12 s, PVIF delay=0 s.
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Figure 2-4. Dependency of voxel-wise LLS and voxel-wise NLLS on temporal resolution in
calculating perfusion parameters for a simulated healthy liver (AF=30%, ECV=30 ml/100ml,
MTT=30 s) shown in (a) and a simulated tumor (AF=90%, ECV=80 ml/100ml, MTT=10 s)
shown in (b). Original noiseless enhancement curves were generated with 4 frames per second
temporal resolution and duration of 67 seconds and downsampled to simulated lower temporal
resolution.

Figure 2-5 compares the errors in estimated perfusion parameters between voxel-wise LLS and
voxel-wise NLLS for a simulated tumor for various pairs of true AIF and PVIF delays. While
there is no error in AIF delay maps, the larger PVIF delay error has limited effect on perfusion
estimation since with AF=90% the portal vein minimally supplies the tissue. Overall, voxel-wise
17

LLS and voxel-wise NLLS agree well with the extracellular volume yielding the lowest error.
Figure 2-6 shows the corresponding results for the simulated healthy liver case. Errors in the
estimated delays for both AIF and PVIF are below 3s in absolute terms, while the error in
estimated AF is slightly larger compared to the tumor case. Again, overall performance was very
similar between voxel-wise LLS and voxel-wise NLLS.

Figure 2-5. Comparison of voxel-wise LLS (a) and voxel-wise NLLS (b) methods for a simulated
tumor case (AF=90%, ECV=80 ml/100ml, MTT=10 s) including delays at CNR = 50. The
horizontal and vertical axes indicate the true PVIF and AIF delays, respectively. Shown are the
mean relative error (%) for the perfusion parameters and corresponding mean error (s) in the
estimated AIF and PVIF delays.
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Figure 2-6. Comparison of voxel-wise LLS (a) and voxel-wise NLLS (b) methods for a simulated
healthy liver (AF=30%, ECV=30 ml/100ml, MTT=30 s) including delays at CNR = 50. The
horizontal and vertical axes indicate the true PVIF and AIF delays, respectively. Shown are the
mean relative error (%) for the perfusion parameters and corresponding mean error (s) in the
estimated AIF and PVIF delays.
Figure 2-7 shows a comparison between whole-field LLS and voxel-wise LLS for the simulated
tumor case as a function of CNR. Extracellular volume is the most robust in low CNR followed
by mean transit time and arterial fraction. For each CNR the results are averaged over the range
of AIF and PVIF delays. Figure 2-8 shows the corresponding results for the simulated healthy
liver case. Overall, estimation performance is nearly identical between whole-field LLS and
voxel-wise LLS.
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Figure 2-7. Comparison of whole-field LLS and voxel-by-voxel LLS in estimating perfusion
parameters and associated input function delays for a hypervascular tumor (AF=90%, ECV=80
ml/100ml, MTT=10 s) as a function of CNR. Note that for each CNR, the results are averaged
over a range of AIF and PVIF delays (see text for details).

Figure 2-8. Comparison of whole-field LLS and voxel-by-voxel LLS in estimating perfusion
parameters and associated input function delays for a healthy liver (AF=30%, ECV=30
ml/100ml, MTT=30 s) as a function of CNR. Note that for each CNR, the results are averaged
over a range of AIF and PVIF delays (see text for details).

Table 2-1 shows a comparison of voxel-wise LLS and voxel-wise NLLS applied on the single
curves obtained after ROI averaging. Good agreement is observed in the estimated perfusion
parameters between voxel-wise LLS and voxel-wise NLLS fitting. Although delays change from
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one subject to another within each category, AIF delays tend to be larger in healthy liver
compared to lesions while the opposite trend is observed for the PVIF delays. A Wilcoxon
signed rank test fail to reject the hypothesis that difference between NLLS and LLS perfusion
parameters come from a distribution with zero median for each perfusion parameters with the
p-values.
Table 2-1. Comparison between LLS and NLLS of ROI-based perfusion parameters for 7 healthy
liver donors and 7 patients.

MTT (s)

ECV (ml/100ml)

AF (%)

AIF Delay (s)

PVIF Delay (s)

Lesion
NLLS

LLS

NLLS

LLS

NLLS

LLS

NLLS

LLS

NLLS

LLS

Healthy Liver

30.7

32.6

17.7

17

18

21.1

3.2

0

0

0

Healthy Liver

22.8

29.8

37.8

42.9

48.4

44.4

4.6

4.1

0

2

Healthy Liver

13.1

14.3

18.4

19.3

22.1

23.1

0

0

0

2.3

Healthy Liver

46.3

43.5

24.4

22.1

27.6

23.3

7.3

6.9

0

0

Healthy Liver

25.3

23.9

31.4

33.6

15.3

17.2

2.3

2.3

3.4

3.5

Healthy Liver

21.7

18.9

15.9

14.8

19.3
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2.3

2.3

0

0

Healthy Liver

19.5

23.8

31.9

31.4

18.5

20.1

4.6

4.3

0

0

Metastasis

8

11.2

17.14

17.17

36.3

40

0

0

15.2

15

Adenoma

11.1

11.3

29.6

28.5

79.3

80

2.3

2

14.9

11.5

FNH

8.7

8.9

64.9

65.4

69

72.2

0

0.9

15.2

15.2
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HCC

13.2

12.3

91

89.3

91.6

90

0

0

11.5

11.5

HCC

7.4

10.1

35.5

37.4

30

33.8

14.9

15

0

0

HCC

38.8

36.5

38.8

39

94

90

0

0

14.9

15.1

HCC

10.1

15

43.4

48.6

85.5

89.5

10.3

8.9

15.2

15.2

P-Value

0.26

0.64

0.59

0.15

1

Figure 2-9 shows a comparison of perfusion parametric maps superimposed on the first frame of
the dynamic DCE MR acquisition for the metastasis patient using whole-field LLS (a) and voxelwise NLLS (b). Overall a good agreement between the two methods is observed across the liver.
The AIF delay in the lesion (arrows) is lower (~5 s) compared to the surrounding liver (~15 s).
The opposite trend is observed in the PVIF delay maps. The metastasis, compared to surrounding
liver, had an average extracellular volume that was about 3 times larger, an average arterial
fraction that was about 4 times higher, ranging between 45% to 80% and indicating that the
tumor was supplied by the hepatic artery (23), and a mean transit time that was 2 times higher.
NLLS fitting was limited to the voxels within the liver ROI and required 32 hrs of computation
time. Whole-field LLS required 55m of computation time but only the results within the liver
ROI are shown in Figure 4. The corresponding result for a healthy subject is shown in Figure
2-10 with obtained perfusion parameters in agreement with normal values reported in the
literature. Again, good agreement was observed across the liver between whole-field LLS and
voxel-wise NLLS.
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Figure 2-9. Comparison of perfusion parameters using whole-field LLS (a) and voxel-wise NLLS
(b) methods in the metastasis subject (see Table 1). Perfusion parameters in metastasis (white
arrows in a) reveal increased extracellular volume (ml/100ml), arterial fraction (%), and mean
transit time (s) in the tumor compared to the surrounding liver. Arterial input function delay (s)
is smaller in the in the metastasis compared to the liver and opposite trend is observe red in the
portal venous input function delay (s). Good agreement was found between whole-field LLS and
voxel-wise NLLS in perfusion parametric maps.
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Figure 2-10. Comparison of perfusion parameters using whole-field LLS (a) and voxel-wise
NLLS (b) methods in the liver donor subject (see Table 1). Perfusion parameters in both methods
are similar to that of a normal liver and consistent with reported values in the literature (1)
including an average of 20 ml/100ml in extracellular volume, an arterial fraction, ranging
between 15%-25% and an average of 20 s for mean transit time. Good agreement was found
between whole-field LLS and voxel-wise NLLS in perfusion and delay maps.
2.5

Discussion

The results in this work demonstrate the feasibility of significantly accelerating the fitting of
DCE-MRI of the liver to a delay compensated dual input single compartment model. The
proposed whole field LLS method uses conjugate gradient to reduce computation time by a
factor of about 160 as compared to voxel-wise nonlinear least squares fitting. The estimates
obtained using the whole-field LLS method are similar to the ones obtained using the current
NLLS method. The whole-field LLS method enables liver perfusion mapping with corrected
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dual arterial and portal venous delays, going beyond limited ROI analysis in practice, and
allowing investigating heterogeneity of the perfusion parameters within liver lesions.
The speedup in computation has two factors. First the use of linear fitting is shown here to be
more efficient for the dual input model compared to nonlinear fitting, confirming similar results
in the literature (7,9,24). The second factor in this speedup lies in the fitting for all voxels
simultaneously exploiting efficient large scale numerical solvers, such as the conjugate gradient
method used in this work. On the other hand, estimation of input function delay is critical for the
accuracy of perfusion quantification (13,15,25,26) but consumes a significant amount of time.
The proposed method provides a means to efficiently account for input delays for whole-field
fitting.
Perfusion quantification using whole-field LLS is an efficient method to generate perfusion
maps. The significant increase of computation time when using NLLS fitting limits its use to
ROI-based analysis in practice. Despite effectiveness in suppressing noise and motion artifacts
by averaging enhancement curves within the ROI, this approach produces one set of perfusion
parameters for the whole region. However, lesions tend to be heterogeneous and this ROI-based
method inhibits clinicians from observing details of tissue structure and anatomy within the
perfusion parameter maps. Galban et al. quantified local hemodynamic changes of brain tumors
before and after radiation therapy treatment using a voxel-wise approach that maintains spatial
information with successful prediction of survival in patients with high-grade glioma (23).
Conversely, the same analysis using an ROI-based technique did not provide voxel-wise
sensitivity in mapping perfusion changes in response to treatment. Model-free analysis is another
common technique that is used in DCE-MRI to generate perfusion maps in which a
25

deconvolution problem is formed that involves estimation of tissue residue function. Performing
deconvolution between a known input function (blood supply) and a tissue enhancement curve
estimates the kernel, which is the tissue residue function (7-9). However, since the liver has dual
inputs, the unknown arterial fraction of input functions combined with the unknown tissue
residue function forms a blind deconvolution problem which is challenging to solve because it
involves the simultaneous estimation of both unknowns.
There are a number of limitations to this study. First, estimating the input function delays
remains a challenge. Initially, we defined delay as a nonconvex optimization problem and solved
for it using the Gauss Newton method. However, depending on the initial guess, perfusion results
were different and there was no guarantee for finding a global minimum despite reducing
computation time by another order of magnitude (data not shown here). In this study, a voxel
dependent optimal delay is found by repeating the whole-field LLS for a set of delay pairs (fixed
across the field of view) and selecting the smallest residual for each voxel across this set. It is
desirable to make the delay search interval as small as possible to ensure finding the global
minimum. However, the cost associated with the computation time makes the choice of search
interval a tradeoff between accuracy vs. efficiency. This tradeoff is identical to the one faced by
current nonlinear fitting techniques. Second, computation time remains a challenge to be
addressed for clinical applications. Further reduction from the ~50 minutes reported in this study
may be achieved through implementing the algorithm in a compiled programming language,
using parallel processing and/or GPUs. Third, although in this study, the input function delay
induced by the traveling of the bolus from hepatic artery and/or portal vein to the tissue of
interest was estimated, the corresponding dispersion remains ignored. Furthermore, in
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compartmental modeling, the input function is assumed to have the same shape across voxels,
which ignores the spatial dynamics of the input function and communication between voxels: the
output of one voxel is part of the input to a neighboring voxel.
A delay compensated whole-field linear least squares perfusion quantification method is shown
to be significantly faster compared to the conventional voxel-wise non-linear fitting approach,
while obtaining similar perfusion parameters. This method enables liver perfusion mapping with
corrected dual arterial and portal venous delays.
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CHAPTER 3
RAPID AUTOMATED LIVER QUANTITATIVE SUSCEPTIBILITY MAPPING
3.1

Abstract

In this chapter we propose a new method for measurement of liver iron concentration (LIC) in
patients with iron overload. Accurate measurement of the LIC is needed to guide iron-chelating
(24) therapy to improve patient management. In this work, we investigate the feasibility of
automated quantitative susceptibility mapping (QSM) to measure the LIC.
3.2

Introduction

QSM is an emerging noninvasive MRI method to quantify iron, calcium and other susceptibility
sources for clinical purposes (25). In the liver, QSM promises to minimize the effects of fibrosis
and other cellular pathology that interfere with R2* based quantification of liver iron
concentration (26), therefore enabling accurate noninvasive monitoring of liver iron to guide
iron-chelating therapy for patients with transfusional iron overload (27).
A major challenge in liver QSM is to solve the water-fat separation problem by T2* iterative
decomposition of water and fat with echo asymmetry and least squares estimation (IDEAL) (28),
a nonconvex problem with solutions that are highly dependent on initialization. The graph cuts
exact solution of the simultaneous phase unwrapping and removal of chemical shift (SPURS)
problem under the assumption of no water-fat overlap has been found to provide a good
initialization for robust liver QSM (29). Nonetheless, the graph cuts procedure is
computationally expensive and leads to a processing time on the order of an hour, which is not
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feasible for routine clinical practice. We propose to use in-phase echoes for rapid initialization of
the T2*-IDEAL problem (30,31), and assess the reproducibility and clinical feasibility of liver
QSM. The objectives of this study are (i) to implement automated QSM in the liver, (ii) to assess
reproducibility of liver QSM at different field strengths, with different manufacturers and models
of scanners and (iii) to evaluate the feasibility of performing QSM in a patient population.
The T2*-IDEAL problem of water-fat separation and field estimation is a nonconvex
optimization problem of modeling the complex gradient-recalled echo (GRE) signal (𝑆) in terms
of fat content (𝐹), water content (𝑊), susceptibility induced field (𝑓) and 𝑅2∗ decay per voxel:
2

∗

−𝑅2 𝑡𝑗 −𝑖2𝜋𝑓𝑡𝑗
𝐸(𝑊, 𝐹, 𝑓, 𝑅2∗ ) = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑𝑁
𝑒
(𝑊 + 𝐹𝑒 −𝑖2𝜋𝜈𝐹𝑡𝑗 )‖2 ,
𝑗=1‖𝑆(𝑡𝑗 ) − 𝑒
𝑊,𝐹,𝑓,𝑅2∗

[3.1]

where 𝑁 refers to the number of echoes, 𝑡𝑗 is the 𝑗th echo time, and 𝜈𝐹 is the fat chemical shift in
a single-peak model. Proper initialization of the unknowns in Eq.1 is critical for convergence to a
biophysically meaningful solution (32). The field 𝑓 can be initialized using a graph cuts solution
to the simultaneous phase unwrapping with removal of chemical shift (SPURS) under the
simplified condition of no fat-water overlap to reduce errors of fat/water swaps (29).
Following this approach of obtaining initialization values from simplified conditions, we
propose to acquire data using an echo spacing for which water and fat are 180 degrees out of
phase (∆TE= 2.3 msec at 1.5T and 1.15 msec at 3T). Consequently, the odd echoes that have
water and fat in phase (IP) with respect to the first echo are used to estimate an initial guess for
the field 𝑓𝐼𝑃 (33):
2

𝐸(𝑓𝐼𝑃 ) = argmin ∑𝑗 𝑜𝑑𝑑‖𝑆(𝑡𝑗 ) − |𝑆(𝑡𝑗 )|𝑒 −𝑖2𝜋𝑓𝐼𝑃 𝑡𝑗 ‖2 .
𝑓𝐼𝑃
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[3.2]

Note that this minimization requires both temporal and spatial unwrapping of signal phase for
field estimation as commonly practiced in QSM (33). Then the magnitudes of these IP echoes are
used to initialize 𝑅2∗ :
∗

2

∗ )
𝐸(𝑎, 𝑅2𝐼𝑃
= argmin ∑𝑗 𝑜𝑑𝑑‖ |𝑆(𝑡𝑗 )| − 𝑎 · 𝑒 −𝑅2𝐼𝑃 𝑡𝑗 ‖2 .
∗
𝑎,𝑅2𝐼𝑃

[3.3]

Here Equation 3.3 is a standard exponential decay fitting that can be solved using the MarquardtLevenberg procedure or a rapid robust auto-regression linear operation (34). Finally, the results
∗
from Eqs. 3.2&3.3 are used to reduce Equation 3.1 into a linear problem (𝑓 = 𝑓𝐼𝑃 , 𝑅2∗ = 𝑅2𝐼𝑃
)

over all echoes to calculate initial values for fat and water contents 𝐹0 , 𝑊0.
∗
Using a quasi-Newton approach initialized by these values 𝐹0 , 𝑊0 , 𝑓𝐼𝑃 , 𝑅2𝐼𝑃
, the T2*-IDEAL

problem Equation 3.1 is solved iteratively with input of the complex data of all echoes (35),
resulting in maps for fat content 𝐹, water content 𝑊, field 𝑓 and R2*. The proton density fat
fraction (PDFF) is calculated as: 𝑃𝐷𝐹𝐹 = |𝐹|/(|𝐹| + |𝑊|).
QSM is reconstructed from the field following the Bayesian inference (24). The noise is
modeled as Gaussian (36). For generating absolute susceptibility value needed in cross-scanner
studies, a zero reference is needed and blood in abdominal aorta is chosen for liver QSM (37):

1

2

2

2

χ = 𝑎𝑟𝑔𝑚𝑖𝑛 ‖𝑤(𝑒 −𝑖𝑓 − 𝑒 −𝑖(𝑑∗𝜒) )‖ + 𝜆1 ‖𝑀𝐺 ∇𝜒‖1 + 𝜆2 ‖𝑀𝑎𝑜𝑟𝑡𝑎 (𝜒 − 𝜒̅𝑎𝑜𝑟𝑡𝑎 )‖22
𝜒

[3.4]

where 𝜒 denotes susceptibility, 𝑤 the noise weighting, 𝑓 the local field after background field
removal, 𝑑 the dipole kernel, 𝑀𝐺 the binary edge mask derived from the magnitude image,
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𝜆1 , 𝜆2 regularization parameters, and 𝑀𝑎𝑜𝑟𝑡𝑎 the binary mask of abdominal aorta. The
background field is removed using the projection onto dipole fields technique (38).
𝑀𝑎𝑜𝑟𝑡𝑎 is generated automatically from the magnitude images. In each slice, the initial mask is
generated by calculating the center and radius of the aorta through Hough transform using edge
information along with the geometry and location of the aorta. The output is used as seed points
to a region growing algorithm to generate the final mask. Then Equation 3.4 is solved iteratively
using the quasi-Newton approach (35).
3.3

Methods

Liver QSM data were acquired within a breath-hold using a multi-echo gradient echo sequence.
The acquisition and reconstruction were initially developed and tested on healthy volunteers
(n=5). The reproducibility of liver QSM was then evaluated across multiple scanners from 2
manufacturers at 2 field strengths using healthy volunteers (n=8). To assess clinical feasibility,
the liver QSM was performed on patients (n=22), including thalassemia major (n=14), polycystic
kidney disease (n=7), and suspected iron overload (n=1). Some of the thalassemia patients were
undergoing iron-chelation therapy and were expected to have low to moderate liver iron content.
While no iron overload was expected in polycystic kidney disease patients, they were recruited
to serve as controls in patient study. The study was approved by the Institutional Review Board
and written informed consent was obtained from each participant.
The liver QSM acquisition protocol development was performed on a 3T scanner
(Magnetom Skyra, Siemens Healthcare, Erlangen, Germany) with an 18-channel body coil. A
multi-echo 3D GRE sequence was used with the following imaging parameters: number of
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echoes = 6, bipolar readout gradients, flip angle = 3°, 𝑇𝐸1 = 1.67 msec, ∆𝑇𝐸 = 1.15 msec, 𝑇𝑅 =
9.5 msec, acquired voxel size = 2.2×1.56×5 mm3, reconstructed voxel size = 0.78×0.78×2.5
mm3, BW = 1500 Hz/pixel, acquisition matrix = 256×179×(28-36), slice and phase Fourier
encoding = 7/8, GRAPPA acceleration factor = 2, and acquisition time of 14-19 sec.
The reproducibility test was performed using the following 4 scanners: i) two 1.5T GE
scanners (Signa HDxt, GE Healthcare, Waukesha, WI) with 8-channel cardiac coils (S1 and S2),
and ii) a 1.5T Siemens scanner (Magnetom Aera, Siemens Healthcare, Erlangen, Germany) with
an 18-channel body coil (S3) and iii) the 3T Siemens scanner (S4) described above. The GRE
imaging parameters on S4 were the same as those described earlier. The GRE imaging
parameters on the S1 and S2 were: number of echoes = 6, unipolar readout gradients, flip angle =
5°, 𝑇𝐸1 = 1.2 msec, ∆𝑇𝐸 = 2.3 msec, 𝑇𝑅 = 14.6 msec, acquired voxel size = 1.56×1.56×5 mm3,
BW = 488 Hz/pixel, acquisition matrix = 150×150×(32-36) , ASSET acceleration factor = 1.25,
and acquisition time of 20-27 sec. The GRE imaging parameters on S3 were: number of echoes =
6, unipolar readout gradients, flip angle = 5°, 𝑇𝐸1 = 1.7 msec, ∆𝑇𝐸 = 2.3 msec, 𝑇𝑅 = 15 msec,
acquired voxel size = 2.2×1.56×8 mm3, BW = 1500 Hz/pixel, acquisition matrix = 256×192×(2836), slice and phase Fourier encoding = 7/8, GRAPPA acceleration factor = 2, and acquisition
time of 22 sec.
The patient study was performed on S1 and S2 scanners with imaging parameters as
described above. The proposed sequence was added to clinical routine sequences run on patients
at these two scanners.
To For QSM reconstruction in Equation 3.4, regularization parameters 𝜆1 = 0.001 and 𝜆2 = 0.01
were chosen using a L-curve method (38) and fixed for all cases. For the bipolar data acquired
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with a 3T scanner, a separate intercept between even and odd echoes due to alternating readout
gradients was obtained during the fitting of the field from all echoes (39). Macroscopic field
inhomogeneities were corrected (40) in all scans to address the signal dephasing. With the low
flip angles prescribed in all acquisitions, T1 weighting was minimized in this study and no
correction was performed on water and fat maps (26). The same dataset was used as input to both
IP and SPURS algorithms. The susceptibility of aortic blood with an assumed 97% oxygenation
level was used for zero referencing, leading to a -0.085 ppm susceptibility relative to water (41).
All QSM reconstructions were performed with zero padding before inversion (42) with an output
voxel size of 0.78×0.78×2.5 mm3.
A comparison of IP initialization with SPURS initialization was made in 5 healthy
subjects in terms of initialization execution time and quantitative values. On output of PDFF,
R2* and QSM maps, ROIs on a homogenous region of liver avoiding vessels were drawn for
measurements. Paired t-tests and the corresponding p-value and regression analysis and the
corresponding coefficient of determination (r 2 ) and slope (k) were calculated in each scanner
compare IP and SPURS initialization method.
For reproducibility tests in 8 healthy subjects, an axial slice depicting approximately the
same part of the liver was used for ROI analysis, using a large hepatic vein on R2* map as a
landmark. ROIs were drawn on the liver avoiding vessels and inhomogeneous regions. ROIs in
subcutaneous fat regions were drawn for evaluating water-fat separation performance. PDFF,
R2*, and susceptibility values in the liver were calculated across four scanners. To assess
reproducibility of the proposed IP initialization method, the intra-class correlation coefficient
(ICC) was computed (43). In addition, linear regression and Bland-Altman analysis (obtaining
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bias b and 95% limits of agreement LoA) were performed each scanner pair using the IP method.
To compare IP and SPURS methods, regression and Bland-Altman analysis were performed
between the two methods in all subjects across four scanners.
In patients, measurements of initialization execution time, PDFF, R2*, and susceptibility
on ROI of a homogenous region of liver avoiding vessels are reported for both IP and SPURS
methods. For statistical analysis, paired t-test and linear regression were performed. P-values
below 0.05 were considered to indicate statistical significance.
3.4

Results

Susceptibility maps were reconstructed successfully in all healthy subjects and in all but 3
patients: one with severe motion artifacts and two others with poor SNR due to a very high liver
iron content.
For the method development experiment (healthy subjects, n=5, Table 3-1 and Figure
3-1), ROI analysis of liver indicated good quantitative agreement between both initialization
methods, but the IP initialization time is about 6 times shorter than the SPURS initialization
time. Corresponding maps (Figure 3-1) illustrates similar water, fat, field, and 𝑅2∗ maps between
the IP and SPURS methods of initialization.
Table 3-1. Comparison of IP and SPURS initialization methods on a single scanner over 5
healthy subjects. Initialization time and ROI values for liver proton density fat fraction (PDFF),
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R2* and susceptibility are tabulated. p-value for the paired t-test and coefficient of
determination (𝑟 2 ), and slope (𝑘) for linear regression are tabulated for ROI data.
Healthy Initialization (min) PDFF (%)
subject # IP
SPURS IP
SPURS
1
7
76
2.5
2.5
2
8
26
2.1
2.1
3
7
31
2
2
4
9
60
4.4
4.4
5
10
54
2.3
2.3
p-value
1
2
1
r
K
1
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R2* (Hz)
IP
SPURS
31
31
37
37
30
30
31
31
44
44
1
1
1

QSM (ppm)
IP
SPURS
-0.11
-0.14
0.004
0.01
0.06
0.09
-0.005 -.005
0.12
0.11
0.98
0.96
1.14

Figure 3-1. Comparison of fat, water, field (Hz), and R2* (Hz) maps between the proposed IP
method (column a) and the existing SPURS method (column b) in a single scanner.
For the reproducibility experiment (healthy subject, n=8, Table 3-2. IP initialization
reproducibility among 4 scanners: S1, S2, and S3 at1.5T and S4 at 3T. For ROI measurements of
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liver proton density fat fraction (PDFF), subcutaneous PDFF, R2*, and susceptibility, intraclass
correlation coefficient (ICC) shows that QSM has the best agreement between scanner pairs and
among all scanners in 8 healthy subjects.Table 3-2. IP initialization reproducibility among 4
scanners: S1, S2, and S3 at1.5T and S4 at 3T. For ROI measurements of liver proton density fat
fraction (PDFF), subcutaneous PDFF, R2*, and susceptibility, intraclass correlation coefficient
(ICC) shows that QSM has the best agreement between scanner pairs and among all scanners in
8 healthy subjects. Table 3-2, Figure 3-2, Figure 3-3), example magnitude, PDFF, R2*, and
susceptibility maps of the same liver structure using the IP method are illustrated in Figure 3-2 in
a healthy subject scanned at four scanners. QSM images show similar contrast and variation
across the 4 scanners. The IP method PDFF maps show similar contrast across 4 scanners. 𝑅2∗
maps are similar in 1.5T scanners (S1, S2, S3) but 𝑅2∗ values were higher at 3T (S4), as
expected. In Table 3-2, good agreement was found among PDFF and QSM maps from all 4
scanners with 2 field strengths using the IP method. R2* agreement between scanners of the
same field strength was found to agree as well. Note that the lower ICC in liver PDFF compared
to subcutaneous region is due to much lower PDFF in the liver. The R2* ICC in pairs involving
the 3T scanner are lower due to dependence of R2* on the field strength. Similar agreement was
observed using linear regression and Bland-Altman analysis (Table 3-2). There is very good
agreement between both IP and SPURS methods (Figure 3-3) and all scanners. Note that SPURS
initialization and corresponding susceptibility reconstruction failed over a liver region even after
manual intervention in one scan, and required manual intervention for successful field map
generation and water/fat separation in 3 more subjects, while the IP method automatically
generated all the maps successfully in all subjects.
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Table 3-2. IP initialization reproducibility among 4 scanners: S1, S2, and S3 at1.5T and S4 at
3T. For ROI measurements of liver proton density fat fraction (PDFF), subcutaneous PDFF,
R2*, and susceptibility, intraclass correlation coefficient (ICC) shows that QSM has the best
agreement between scanner pairs and among all scanners in 8 healthy subjects.

Scanner pairs#

ICC
PDFF (Liver) PDFF (Subcutaneous) R2* QSM

S1 and S2

0.93

0.87

0.98

0.99

S1 and S3

0.80

0.84

0.96

0.97

S1 and S4

0.6

0.76

0.55

0.98

S2 and S3

0.79

0.90

0.97

0.95

S2 and S4

0.59

0.93

0.48

0.96

S3 and S4

0.40

0.79

0.54

0.96

All Scanners

0.7

0.85

0.66

0.97
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Figure 3-2. Magnitude, PDFF (%), R2* (Hz), and QSM (ppm) in a healthy subject across 4
scanners using the IP method. Scanners S1, S2, and S3 are at 1.5T and S4 is at 3T.
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Figure 3-3. Susceptibility (a), R2*(b), liver PDFF (c), subcutaneous PDFF(d) correlation and
Bland-Altman plots comparing IP vs SPURS methods in reproducibility experiment with 8
healthy subjects across 4 scanners.
For the clinical feasibility experiment (patients, n=19, Figure 3-4, Table 3-3) Figure 3-4
shows the magnitude image, PDFF map, 𝑅2∗ map, and QSM in 4 thalassemia major patients using
the IP method. Subjects had iron levels from low (left) to high (right). Water-fat separation was
successful with low fat for these livers (PDFF in the second row). The R2* (third row) and QSM
(fourth row) in liver ranged between 34 Hz to 240 Hz and 0.03 ppm to 0.43 ppm respectively,
suggesting normal or low to moderate iron overload in these patients. The ROI analysis in all 19
patients is shown in Table 3-3. For the IP method, PDFF ranged from 1% to 8.6%, R2* ranged
from 25 Hz to 388 Hz, and susceptibility from 0.04 ppm to 0.57 ppm. Good agreement between
both IP and SPURS methods with a significant reduction (5.3 times) in computation time in the
former. Note that SPURS initialization required manual intervention for successful field map
generation and water/fat separation in 2 patients, while the IP method automatically generated all
the maps successfully in all subjects.
Table 3-3. Comparison of IP and SPURS initialization methods on a single scanner over 19
patients. Initialization time and ROI values for liver proton density fat fraction (PDFF), R2* and
susceptibility are tabulated. p-value for the paired t-test and coefficient of determination (𝑟 2 ),
and slope (𝑘) for linear regression are tabulated for ROI data.
Patient
Initialization (min)
subject # IP
SPURS
1
7
60
2
7
23
3
7
19

PDFF (%)
IP
SPURS
2.8
2.8
2.3
2.3
2.4
2.4
41

R2* (Hz)
QSM (ppm)
IP
SPURS IP
SPURS
171
171 0.37
0.39
245
245 0.44
0.44
80
80 0.25
0.25

4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
p-value
𝑟2
k

7
7
8
8
7
7
6
11
7
7
8
9
7
8
8
7

25
24
25
35
31
43
32
76
58
72
43
38
46
50
31
27

1.5
1.9
2.5
8.6
1.7
1.6
1.6
5.8
2
1.5
3.2
1
5.8
1.2
4.9
1.9
0.99
1.00
0.98

1.5
1.9
2.5
8.4
1.7
1.6
1.6
5.8
2
1.5
3.2
1
5.8
1.2
4.9
1.9
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45
33
37
388
28
140
38
23
31
25
27
29
225
30
241
66
0.98
1.00
1.02

45
33
37
401
28
140
38
23
31
25
27
29
225
30
241
66

0.09
0.10
0.10
0.57
0.07
0.32
0.14
0.09
0.04
0.04
0.04
0.08
0.39
0.05
0.44
0.16
0.96
1.00
1.03

0.09
0.10
0.10
0.59
0.07
0.35
0.14
0.08
0.04
0.03
0.04
0.08
0.39
0.05
0.44
0.16

Figure 3-4. Magnitude, PDFF (%), R2* (Hz), and QSM (ppm) in 4 thalassemia major patients
(columns a-d). Liver iron increase (from left to right) is observable in both R2* (Hz) and
susceptibility (ppm) maps.

3.5

Discussion

Our data demonstrate that automated liver quantitative susceptibility mapping (QSM) is feasible
and reproducible across different manufacturers and models of scanners at both 1.5T and 3T. The
IP echo-based initialization of the water-fat separation (T2*-IDEAL) problem provides
approximately a 5.5-fold improvement in speed compared to the current SPURS initialization
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over all subjects with no loss of quality. Data acquisition can be performed within a breath-hold
using a 3D multi-echo gradient echo (GRE) sequence. We show the proposed method is feasible
in patients with low to moderate iron overload in clinical practice.
In general, QSM removes imaging-parameter-dependent blooming artifacts in phase and R2*
(qualitative T2* weighted or susceptibility-weighted imaging) for quantitative studies of tissue
magnetic susceptibility (44). As expected, QSM has been shown to be superior to R2* in regions
near air-tissue interface, such as the midbrain (45,46). For measurement of the liver iron
concentration (LIC), a fundamental limitation of the R2* method is that that intravoxel contents
other than iron, including fibrosis, steatosis and necroinflammation, also alter relaxation (26).
Hepatic fibrosis, highly prevalent in thalassemia major patients (47), increases R2* and interferes
with accurate measurement of LIC which is challenging for commonly-encountered moderate
overload patients (48). Like fibrosis, intravoxel contents including fat also contribute to R2* in a
complex nonlinear manner, making it difficult to correct for these interference effects on R2* for
accurate LIC estimation from the GRE signal. Using QSM, these intravoxel contents can be
compensated according to the linear chemical composition. Moreover, fibrosis commonly
encountered in livers of thalassemia major patients may contribute little to magnetic
susceptibility (26). For these patients, liver QSM with fat correction promises to substantially
improve LIC accuracy (26). Additionally in clinical practice, unlike R2*, susceptibility values
can be compared regardless of the field strength (47).
In the absence of cirrhosis, liver tends to have a uniform structure on the mm-imaging scale. This
allows volumetric imaging with coarse voxel size (~12mm3) of the whole liver within a breathhold (~20-30 sec) which fits well in the clinical workflow routine. Use of a zero-reference can
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help QSM reconstruction accuracy for cross center studies (24) . For zero-reference in this study,
we used the prior information that the blood in the aorta is uniform and does not accumulate iron.
With similar assumptions, variations within the fat in the abdominal region can be minimized
and susceptibility value of 0.7 ppm can be used as a reference (26). This requires a fat mask
which may be automatically generated from PDFF.
IP initialization improves the initialization speed for T2*-IDEAL by a factor of about 5.5 over
all subjects compared to SPURS initiation in MATLAB codes, which may be further reduced to
seconds using C code and GPU. This substantial improvement in speed is because Eqs.2&3 in IP
avoid the computationally expensive graph cuts in SPURS. Another assumption in SPURS is that
the fat fraction in a voxel is close to either 0 or 1. This seems to be the situation in the patients
studied here. However, when the fat fraction is close to ½, SPURS may not perform well. The IP
initialization avoids the SPURS assumption; therefore, IP may be more robust than SPURS in
fatty livers and other imaging situations where voxels contain well mixed fat and water.
This study has a number of limitations. The proposed in-phase/out-of-phase acquisition with
fixed echo spacing enables a robust method to generate QSM maps. This does introduce
constraints on the obtainable readout resolution and/or field of view, which can be addressed by
using higher acquisition bandwidth and bipolar readout gradients. Fast signal decay in liver with
very high iron content caused severe signal loss at the first echo in 2 cases. This problem may be
addressed using a UTE acquisition to allow a significantly shorter first TE (49). The breath-hold
acquisition failed in one patient, and navigator gating may be used for free-breathing acquisition
(50). No true reference such as biopsy, was available for these subjects to compare the results
against a ground truth and a larger cohort of patients is required to further assess feasibility of
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water/fat separation and successful generation of QSM maps. Adding more scanners including
different manufacturers and field strengths will allow a more conclusive, balanced assessment of
reproducibility. A single-fat-peak model for water/fat separation was used, and an extension to
multi-peak models is straightforward.
In summary, the proposed in-phase echo-based initialization method for water-fat separation is
fast and robust. Automated liver QSM is feasible for routine clinical use and reproducible over
scanners at various field strengths and for different manufacturers.
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CHAPTER 4
DEEP NEURAL NETWORK (DNN) FOR WATER/FAT SEPARATION:
SUPERVISED TRAINING, UNSUPERVISED TRAINING, AND NO TRAINING
4.1

Abstract

To use a deep neural network (DNN) for solving the optimization problem of water/fat
separation and to compare supervised and unsupervised training. The current T2*-IDEAL
algorithm for solving fat/water separation is dependent on initialization. Recently, deep neural
networks (DNN) have been proposed to solve fat/water separation without the need for suitable
initialization. However, this approach requires supervised training of DNN (STD) using the
reference fat/water separation images. Here we propose two novel DNN water/fat separation
methods 1) unsupervised training of DNN (UTD) using the physical forward problem as the cost
function during training, and 2) no-training of DNN (NTD) using physical cost and
backpropagation to directly reconstruct a single dataset. The STD, UTD and NTD methods were
compared with the reference T2*-IDEAL. All DNN methods generated consistent water/fat
separation results that agreed well with T2*-IDEAL under proper initialization. The water/fat
separation problem can be solved using unsupervised deep neural networks.
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4.2

Introduction

R2* corrected water/fat separation estimating fat, water and inhomogeneous field from gradientrecalled echo (GRE) is a necessary step in quantitative susceptibility mapping to remove the
associated chemical shift contribution to the field (47,51-54). Several algorithms, including
hierarchical multiresolution separation, multi-step adaptive fitting, and T2*-IDEAL, have been
proposed to decompose the water/fat separation problem into linear (water and fat) and nonlinear
(field and R2*) subproblems and solve these problems iteratively (28,55,56). Water/fat
separation is a nonlinear nonconvex problem that requires a suitable initial guess to converge to a
global minimum. Multiple solutions including 2D and 3D graph-cuts and in-phase echo-based
acquisition have been proposed to generate an initial guess (29,32,52,57). The performances of
these methods is dependent on the assumptions inherent in these methods, including single
species dominant voxels, field smoothness, or fixed echo spacing to generate a suitable initial
guess and avoid water/fat swapping (58).
Recently, deep neural networks (DNN) have been used to perform water/fat separation using
conventional supervised training of DNN with reference data (STD) (59,60). This STD water/fat
separation method does not require an initial guess with the potential use of fewer echoes to
shorten the scan time, or improve SNR with the same scan time, and lessen dependency on
acquisition parameters compared to current standard approaches (59,60). However, the training
of STD requires reference fat-water reconstructions (labels), which can be challenging to
calculate as discussed above (61).
In this work, we investigate an unsupervised training of DNN (UTD) method that uses the
physical forward problem in T2*-IDEAL as the cost function during conventional training
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without a need for reference fat-water reconstructions (no labels). We further investigate notraining DNN (NTD) method using a cost function similar to that in unsupervised to reconstruct
water-fat images directly from a single dataset. We compare the results of the STD, UTD, and
NTD methods with current T2*-IDEAL method.
4.3

Methods

Water/fat separation and field estimation is a nonconvex problem of modeling multi-echo
complex GRE signal (𝑆) in terms of water content (𝑊), fat content (𝐹), field (𝑓) and 𝑅2∗ decay
per voxel (28):
2

∗

−𝑅2 𝑡𝑗 −𝑖2𝜋𝑓𝑡𝑗
(𝑊, 𝐹, 𝑓, 𝑅2∗ ) = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑𝑁
𝑒
(𝑊 + 𝐹𝑒 −𝑖2𝜋𝜈𝐹𝑡𝑗 )‖2 ,
𝑗=1‖𝑆𝑗 − 𝑒
𝑊,𝐹,𝑓,𝑅2∗

[4.1]

where 𝑁 refers to the number of echoes, 𝑆𝑗 is the GRE signal 𝑆 at echo time 𝑡𝑗 with 𝑗 = 1, … , 𝑁,
and 𝜈𝐹 is the fat chemical shift in a single-peak model. T2*-IDEAL solves Eq.1 by decomposing
into linear (𝑊, 𝐹) and nonlinear (𝑓, 𝑅2∗ ) subproblems. With an initial guess for 𝑓 and 𝑅2∗ , the
linear subproblem for 𝑊 and 𝐹 can be solved. With updated 𝑊, 𝐹, the nonlinear subproblem for
𝑓 and 𝑅2∗ is linearized through first order Taylor expansion and solved using Gauss-Newton
optimization (28). These steps are repeated until convergence is achieved. In this study, initial
guesses for the field 𝑓 and 𝑅2∗ decay were generated using in-phase echoes (52). The subsequent
solutions to Eq. 1 resulted in the reference reconstructions 𝛹𝑅𝐸𝐹 (𝑆)={𝑊, 𝐹 , 𝑓, 𝑅2∗ }.
Supervised Training DNN (STD) Water/Fat Separation
In this work, we adapted the approaches in recent works (59,60) and making 𝑊,𝐹, 𝑓, and 𝑅2∗ the
target output of the network. A U-net type network 𝛹(𝑆 𝑖 ; 𝜃) with network weights 𝜃 is trained
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on 𝑀 training pairs {𝑆 𝑖 , 𝛹𝑅𝐸𝐹 (𝑆 𝑖 )}, where 𝑆 𝑖 and 𝛹𝑅𝐸𝐹 (𝑆 𝑖 ) = {𝑊, 𝐹, 𝑓, 𝑅2∗ }, are the input
complex gradient echo signal and the corresponding reference T2*-IDEAL reconstruction
(reference), respectively. The cost function is given by:
2

1

𝑖
𝑖
𝐸𝑆𝑇𝐷 = 2 ∑𝑀
𝑖=1‖𝛹𝑅𝐸𝐹 (𝑆 ) − 𝛹(𝑆 ; 𝜃)‖2 .

[4.2]

Unsupervised Training DNN (UTD) Water/Fat Separation
In the proposed method, termed unsupervised, we seek to use deep learning framework to
calculate 𝑊, 𝐹, 𝑓, and 𝑅2∗ without access to reference reconstructions (labels). This is done by
using the physical forward problem in Equation 4.1 as the cost function during training. This
cost function is given by:
2

1
𝑖
𝑁
𝑖
̃
𝐸𝑈𝑇𝐷 = 2 ∑𝑀
𝑖=1 ∑𝑗=1 ‖𝑆𝑗 − 𝑆𝑗 (𝛹(𝑆 ; 𝜃))‖ ,
2

[4.3]

∗

with 𝑆̃𝑗 (𝛹) = 𝑒 −𝑅2𝑡𝑗 𝑒 −𝑖2𝜋𝑓𝑡𝑗 (𝑊 + 𝐹𝑒 −𝑖2𝜋𝜈𝐹𝑡𝑗 ) for 𝛹 = {𝑊, 𝐹, 𝑓, 𝑅2∗ }.
No-Training DNN (NTD) Water/Fat Separation
Recently, a single test data is used to update DNN weights in deep image prior (62) and fidelity
imposed network edit (63). This inspires the idea that DNN weights 𝜃 ∗ initialized randomly may
be updated on a single gradient echo data set 𝑆 to minimize the cost function in Eq.3 in a single
data set 𝑆.
2

1

̃
𝐸𝑁𝑇𝐷 = 2 ∑𝑁
𝑗=1 ‖𝑆𝑗 − 𝑆𝑗 (𝛹(𝑆𝑗 ; 𝜃))‖

2

[4.4]

The resulting network weights are specific to the data 𝑆, and the resulting output 𝛹(𝑆; 𝜃 ∗ ) can be
taken as the water/fat separation reconstruction of 𝑆. In contrast to the above STD and UTD that
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involve conventional training data, no training is required here, the cost function is the same as
that in the unsupervised training. Therefore, this method is referred to as no-training DNN
(NTD).
The network 𝛹(𝑆 𝑖 ; 𝜃) was split into two smaller identical fully 2D convolutional neural
networks with encoding and decoding paths. The encoding path included repeated blocks (n=5)
each consists of convolution (2×2), activation function (Sigmoid), batch normalization and max
pooling (2×2). The decoding path with repeated blocks (n=5) has similar architecture except max
pooling is replaced with deconvolution and upsampling along with concatenation of
corresponding feature maps with the encoding path. The last bock consists of convolution with
linear activation function. The input to each smaller network consisted of 𝑁 channels (magnitude
of the gradient echo signal for each echo to first network (Figure 4-1b, top row) and phase of the
gradient echo signal for each echo to second network (Figure 4-1b, bottom row)). The output of
each smaller network consisted of 3 channels (magnitude of the water and fat, R2* images
(Figure 4-1b, top row) and phase of the water and fat, field map (Figure 4-1b, bottom row)).
Figure 4-1a shows the network architecture, representative input and output images for a test set
in UTD method, along with outputs of intermediate layers. These show how learned features at
different levels transform the input data into the final output images. Note that yellow arrows
indicate concatenation of encoder and decoder layer outputs with the same feature maps. An
identical network architecture was used for the second smaller network (Figure 4-1b, bottom
row). Training was performed using the ADAM optimizer (64).
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Figure 4-1. Network setup (a) shows two identical smaller networks used where complex signal
magnitude images (|𝑆|) are input to the first network (top row, (a)) with the magnitude of water
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|𝑊|), fat (|𝐹|) and R2* maps as the outputs. Complex signal phase images (𝜑(𝑆)) are input to
the second network (bottom row, (a)) with the phase of water 𝜑(𝑊), fat 𝜑(𝐹), and field (𝑓) as
the outputs. Network architecture along with intermediate layers outputs for the first network are
shown in (b).
Data was acquired in healthy volunteers (n=12) and patients (n=19), including thalassemia major
(n=11), polycystic kidney disease (n=7), and suspected iron overload (n=1). The study was
approved by the Institutional Review Board and written informed consent was obtained from
each participant.
Two 1.5T GE scanners (Signa HDxt, GE Healthcare, Waukesha, WI) with 8-channel cardiac coil
were used to acquire data. The healthy subjects were imaged on both scanners using identical
protocols. Patients were scanned on one scanner, selected at random, using the same protocol.
This protocol contained a multi-echo 3D GRE sequence with the following imaging parameters:
number of echoes = 6, unipolar readout gradients, flip angle = 5°, ∆𝑇𝐸 = 2.3 msec, 𝑇𝑅 = 14.6
msec, acquired voxel size = 1.56×1.56×5 mm3, BW = 488 Hz/pixel, reconstruction matrix =
256×256×(32-36) , ASSET acceleration factor = 1.25, and acquisition time of 20-27 sec.
Multiple experiments were performed to assess the performance of DNN in water/fat separation
and how supervised (STD), unsupervised (UTD), and no-training (NTD), compare against the
T2*-IDEAL reference method. The network architecture for 𝛹(𝑆 𝑖 ; 𝜃) was identical between the
three DNN methods. Parameters in STD and UTD include, number of epochs 2000, batch size 2,
learning rate 0.001 for STD and 0.0001 for UTD. The learning rates were experimentally found
to produce optimal results. In NTD, parameters include, number of epochs 10000, batch size 2,
and learning rate 0.0001. Note, that in all the experiments if a healthy subject was selected for
53

testing, the corresponding images from the same subject at the other scanner were removed from
the training data.
In the first experiment, and to compare the supervised (STD), unsupervised (UTD), and notraining (NTD) methods with the reference T2*-IDEAL, training was performed on the
combined sets of healthy subjects (2 scans each) and patients. This data of n=43 scans was split
at subject level into testing (256x256x~60x6) and training (256x256x~1522x6) with 80% of the
latter used to training and the rest for validation. During training, the data was randomly shuffled
in slice direction to avoid biased learning towards a specific subject. The weights corresponding
to the lowest validation loss during training was selected as the optimal weights to be used
during testing. Training time in each epoch was ~80 seconds. The testing data comprised of a
pair of subjects (one healthy volunteer, one patient). ROIs were drawn on the reference T2*IDEAL water (to select anatomical images) and proton density fat fraction maps 𝑃𝐷𝐹𝐹 =
|𝐹|
,
|𝐹|+|𝑊|

(to select regions with moderate and high fat content). Several ROIs were drawn on

regions including liver, adipose and visceral fat, aorta, spleen, kidney, vertebrae which were
copied into DNN test data results keeping the same coordinate and size of ROIs. The ROI
measurements for each DNN method were compared with those measured on the reference T2*IDEAL maps using correlation and Bland-Altman analysis.
In the second experiment and to test if the DNN methods are generalizable and study their
dependency on acquisition parameters, in STD and UTD methods, n=43 scans (1.5T GE) were
used for training. For testing, we selected 6 subjects (3 healthy volunteers, 3 iron-overload
patients) scanned at 1.5T Siemens scanner (Magnetom Aera, Siemens Healthcare, Erlangen,
Germany) with an 18-channel body coil. The GRE imaging parameters were: number of echoes
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= 6, unipolar readout gradients, flip angle = 5°, 𝑇𝐸1 = 1.7 msec, ∆𝑇𝐸 = 2.3 msec, 𝑇𝑅 = 15 msec,
acquired voxel size = 2.2×1.56×8 mm3, BW = 1500 Hz/pixel, acquisition matrix = 256×192×(2836), slice and phase Fourier encoding = 7/8, GRAPPA acceleration factor = 2 and acquisition
time of 20-25 sec. NTD method reconstruction was performed in all 6 test scans, individually
one at a time. Similar analysis to experiment one was performed to generate ROIs and the results
of ROIs from all 6 subjects combined were compared with the reference T2*-IDEAL images
using correlation and Bland-Altman analysis.
In the third experiment and to test robustness the NTD method in solving the T2*-IDEAL
problem without a need for field initialization, all n=43 scans were reconstructed individually
one at a time. Similar analysis to experiment one was performed to generate ROIs and the results
of ROIs from all 43 scans combined were compared with the reference T2*-IDEAL images
using correlation and Bland-Altman analysis.
Reference generation with T2*-IDEAL was performed on CPU (Intel, i7-5820k, 3.3 GHz, 64
GB,) using MATLAB (MathWorks, Natick, MA) and all DNN trainings were performed on
GPU (NVIDIA, Titan XP GP102, 1405 MHz, 12 GB) using Keras/TensorFlow.
4.4

Results

In experiment one, Figure 4-2 compares the network output results in the healthy test subject for
STD, UTD, NTD with the reference T2*-IDEAL reconstruction. Correlation and Bland-Altman
analysis comparing PDFF, field and R2* with the reference images show excellent agreement.
Figure 4-3 shows the corresponding result when, instead of magnitude and phase, the real and
imaginary components of the gradient echo signal are use as input for the network. While in this
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case water and fat images agree well with reference, field and R2* shows poor qualitative and
quantitative agreement with the reference. This suggests while both formats (real/imaginary or
magnitude/phase) have identical information content, spatial and temporal distribution of
information differs from one format to another which makes the learning task easier in the latter
case.
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Figure 4-2. Water, fat, field and R2* reference images are shown (a) in a healthy volunteer. (b),
(c), and (d) show corresponding results for supervised (STD), unsupervised (UTD), and no57

training (NTD) methods. ROI measurement correlation and Bland-Altman analysis shows
excellent agreement between each DNN method and the reference T2*-IDEAL for proton density
fat fraction (e), field (f), and R2* (g).
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Figure 4-3. Water, fat, field and R2* reference images are shown (a) in a healthy volunteer. (b),
(c), and (d) show corresponding results for supervised (STD), unsupervised (UTD), and no59

training (NTD) methods when real/imaginary format of the complex signal was used as network
input. ROI measurement correlation Bland-Altman analysis shows poor agreement between each
DNN method and the reference T2*IDEAL reconstruction for proton density fat fraction (e), field
(f), and R2* (g).
Figure 4-4 in experiment one, compares the network output results in the moderate iron-overload
test patient for STD, UTD, NTD with the reference T2*-IDEAL reconstruction. Very good
qualitative agreement in both contrast and details is observed among these outputs. Correlation
and Bland-Altman analysis comparing PDFF, field and R2* with the reference images show
excellent agreement with slopes close to 1 and 𝑅 2 ≥ 0.95.
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Figure 4-4. Water, fat, field and R2* reference images are shown (a) in a moderate ironoverload patient. (b), (c), and (d) show corresponding results for supervised (STD), unsupervised
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(UTD), and no-training (NTD) methods. ROI measurement correlation and Bland-Altman
analysis shows very good agreement between each DNN method and the reference T2*-IDEAL
for proton density fat fraction (e), field (f), and R2* (g).
Figure 4-5 in experiment one, shows the normalized training and validations losses for the STD
and UTD methods. While validation loss for the STD method is initially (epoch < 250) lower
than the training loss it becomes larger at later epochs. The validation loss remains consistently
larger than the training loss for UTD. The total training time for both methods was similar (~40
hrs each).

Figure 4-5. Training and validation loss results for supervised (STD) and unsupervised (UTD)
training methods.
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In experiment two, Figure 4-6 compares the network output results in the healthy test subject for
STD, UTD, NTD with the reference T2*-IDEAL reconstruction. While very good qualitative
agreement between NTD and reference images are seen, there is poor agreement between the
reference with UTD and STD methods particularly in water, fat, and R2* maps. The correlation
and Bland-Altman plots comparing reference T2*-IDEAL with NTD, in PDFF, field and R2*
show excellent agreement between the two while STD and UTD methods fail. Figure 4-7 shows
ROI analysis correlation and Bland-Altman plots from all 6 subjects combined in PDFF, field
and R2*. While NTD shows excellent agreement, UTD and STD methods fail. This experiment
shows NTD is generalizable while STD and UTD underperform due difference in acquisition
parameters between testing and training data.
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Figure 4-6. Water, fat, field and R2* reference images are shown (a) in a healthy subject. (b),
(c), and (d) show corresponding results for supervised (STD), unsupervised (UTD), and no-
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training (NTD) methods. ROI measurement correlation and Bland-Altman analysis shows very
good agreement between NTD method and the reference T2*-IDEAL for proton density fat
fraction (e), field (f), and R2* (g) while STD and UTD methods failed.

Figure 4-7. ROI measurement correlation and Bland-Altman analysis comparing supervised
(STD), unsupervised (UTD), and no-training (NTD) methods with the reference T2*-IDEAL for
proton density fat fraction (a), field (b), and R2* (c) in n=6 subjects (3 healthy volunteers, 3
iron-overload patients).
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In experiment three and Figure 4-8, ROI analysis correlation and Bland-Altman analysis results,
in all 43 scans combined comparing NTD method with the reference T2*-IDEAL in PDFF, field
and R2* shows very good agreement between the two.

Figure 4-8. ROI measurement correlation and Bland-Altman analysis comparing no-training
(NTD) method with the reference T2*-IDEAL for proton density fat fraction (a), field (b), and
R2* (c) in 31 subjects (12 healthy volunteers, 19 patients).
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Figure 4-9 shows a comparison of NTD with T2*-IDEAL in a healthy volunteer. The T2*IDEAL cost function per iteration is shown in the same graph as the NTD reconstruction cost per
epoch. In the first row, T2*-IDEAL results of field, water, R2* and fat shows the results when
field was initialized with conventional method from ISMRM Fat-Water Toolbox (32,65). In the
second row, the corresponding images show the result when IP-based initialization was used (the
field and R2* obtained from the in-phase echoes in this case). The third row shows the proposed
NTD results. The generated maps when using 10000 epochs are close the successful T2*-IDEAL
result (1st and 2nd row) without a need for an initial guess. The corresponding T2*-IDEAL costs
and NTD reconstruction loss are shown in Figure 7e. With conventional and IP-based field
initialization, T2*-IDEAL requires ~100 iterations to converge. The proposed NTD method
requires 10000 epochs for convergence. Computation time for each iteration and each epoch was
similar (~1.3 seconds).
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Figure 4-9. Water/fat separation results comparing current T2*-IDEAL with conventional
initialization (1) and IP-based (2) initialization, with the proposed NTD method (3) training
results for field (a), water (b), R2* (c), and fat (d). No initial guess was used for water and fat
maps. Corresponding loss curves (e) are shown for T2*-IDEAL Vs. iteration and NTD Vs. epoch.
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4.5

Discussion

Our results demonstrate the feasibility of an unsupervised deep neural network (DNN)
framework with conventional training and without training to solve the water/fat separation
problem. The proposed unsupervised training DNN (UTD) method does not require reference
images as in supervised training DNN (STD), allowing the use of DNNs for training data that are
unlabeled but for which physical model is known. The no-training DNN (NTD) method further
allows using DNN reconstruction of a single data set (subject) for which a physical model is
known.
For the nonlinear nonconvex water/fat separation problem, the reference T2*-IDEAL method
used traditional gradient descent optimization and is dependent on the initial guess. This problem
may be alleviated using deep learning, as long as the labeled training data is sufficiently large to
capture test data characteristics. Labeled data may be difficult to obtain, in as water/fat
separation problems. Unlabeled data are easier to obtain, but still it is difficult to ensure that
training data do not lack test data characteristics. Accordingly, reconstruction directly from a test
data without training is desirable, as in the reference T2*-IDEAL but without its dependence on
initialization. This can be achieved using the proposed NTD.
The NTD method can overcome the initialization-dependence in traditional gradient descent
based nonconvex optimization begs some intuitive explanation or interpretation, though rigorous
explanation is currently not available. The cost function in DNN is minimized by adjusting
network weights through backpropagation, which is achieved through iterative stochastic
gradient descent (SGD). Perhaps SGD allows escaping local traps encountered in traditional
gradient descent and the intensive computation in updating network weights facilitates some
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exhaustive search for a consistent minimum. The network weights updating on a single test data
may converge as demonstrated in fidelity imposed network edit (63) and in deep image prior
(62,66). Our data suggests that NTD can converge to a consistent minimum without
initialization-dependence for the nonlinear nonconvex water/fat separation problem.
While some image details in STD, UTD, and NTD methods were different from reference
images, quantitative measurements in the liver include ROI measurements of several voxels and
regions which is less dependent on image details (67,68). The network architecture can be further
optimized for this problem. For instance, we found changing activation function (Relu to
Sigmoid) significantly improved field and R2* results in unsupervised training while not much
change was observed in water and fat maps. Since field and R2* have a nonlinear relationship
with respect to input complex signal while water and fat are linear, there is possibility of
designing task-specific blocks to learn the linear and nonlinear mapping during training for
further improvement and potentially decreasing the number of learned weights.
This study has a number of limitations. While the input data is complex, the network only
accepts real values and two separate input channels were used instead. This potentially can
change the noise properties and suboptimal network performance which can be addressed by
including complex networks for this purpose (69). While the network in both supervised (STD)
and the unsupervised (UTD) method were trained with specific acquisition parameters, it is
possible to generalize by including more cases with different acquisitions parameters for
training. Generation of reference images requires solving the T2*-IDEAL problem which can be
challenging to calculate depending on acquisition protocol. The advantage of the proposed
unsupervised methods is they only require complex input signal for training. While the NTD
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method requires a large number of epochs to converge which is computationally expensive, one
could use a previously trained network (trained on data with the same imaging parameters) and
update the weights for the new data set (70). Only one scanner make and model was used for this
study and including additional models, manufacturers and field strengths will help to further
generalize. There were limited number of cases used for training in STD and UTD methods in
this study and including more cases will leverage network performance and reliability.
In summary, we demonstrated the feasibility of using unsupervised DNNs to solve the water/fat
problem with very good agreement compared to reference images.
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CHAPTER 5
FIBROSIS DETECTION WITH QUANTITATRIVE SUSCEPTIBILITY MAPPING
5.1

Abstract

Liver fibrosis is characterized by excessive accumulation of collagen and other extracellular
matrix proteins. While collagen increases R2* relaxation, measures of R2* for fibrosis are
confounded by liver iron, which may be present in the liver over a wide range of concentrations.
The diamagnetic collagen contribution to susceptibility values measured on quantitative
susceptibility mapping (QSM) is much less than the contribution of highly paramagnetic iron.
Differential sensitivities of QSM and R2* for noninvasive evaluation of liver fibrosis and
correcting for the effects of liver iron were investigated in this study. In nineteen ex vivo liver
explants with and without fibrosis, QSM (), R2* and proton density fat fraction (PDFF) maps
were constructed from multiecho gradient-recalled echo (mGRE) sequence acquisition at 3T.
Median parameter values were recorded and differences between the MRI parameters in nonfibrotic vs. advanced fibrotic/cirrhotic samples were evaluated using Mann-Whitney U tests and
ROC analyses. Logistic regression with stepwise feature selection was employed to evaluate
utility of combined MRI measurements for detection of fibrosis. Median R2* increased in fibrotic
vs. non-fibrotic liver samples (p=0.041), while differences in  and PDFF were non-significant
(p=0.545 and p=0.395, respectively). Logistic regression identified the combination of  and
R2* significant for fibrosis (logit(detection)= -8.45 + 0.23 R2* - 28.8 ) detection. For this
classifier, a highly significant difference between non-fibrotic vs. advanced fibrotic/cirrhotic
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samples was observed (p=0.002). The model exhibited an AUC of 0.909 (p=0.003) for detection
of advanced fibrosis/cirrhosis, which was substantially higher compared to AUC’s of the
individual parameters (AUC 0.591 – 0.784). An integrated QSM and R2* analysis of mGRE
5.2

Introduction

The Liver fibrosis develops in patients with chronic liver disease (CLD), and, if untreated,
fibrosis may progress into cirrhosis. Significant risks are associated with liver cirrhosis,
including the development of portal hypertension, liver failure, and hepatocellular carcinoma
(71). It is therefore important to accurately diagnose and stage liver fibrosis in CLD patients in
order to intervene in time to prevent progression to advanced fibrosis or cirrhosis (72). Liver
biopsy is the reference standard for liver fibrosis assessment, but is invasive, costly and prone to
sampling errors (73). Therefore, development of noninvasive methods to detect and stage liver
fibrosis is urgently needed.
Noninvasive MRI methods have increasingly been studied as tools for evaluation of liver fibrosis
including T1(74) and T1ρ(75) mapping, diffusions-weighted imaging(76), Perfusion imaging(77)
and MR elastography (MRE)(78). MRE has shown the best performance for diagnosing fibrosis
and cirrhosis in CLD patients, with area-under-the curve (AUC) ranging between 0.78-0.998
(78). Still, MRE requires external hardware, is available only in a few specialized centers, and is
prone to failure in certain patients, including in subjects with severe liver iron deposition and
ascites (78).
Liver fibrosis is characterized by excessive accumulation of collagen and other extracellular
matrix proteins (79). Collagen deposition induces diamagnetic susceptibility changes in liver
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tissue (80), which potentially could be measured by MRI. A recent study showed promise with
susceptibility tensor imaging (STI) for imaging of liver fibrosis (81). Nonetheless, STI is
hampered in the clinical setting by unacceptably long acquisition times. Quantitative
susceptibility mapping (QSM) (24), which measures susceptibility in a single orientation, can be
performed in a single breath-hold and may thus be a more clinically useful method for liver
fibrosis imaging (52,82,83). Recently, a linear negative correlation of susceptibility
measurements from QSM with collagen concentration was reported in a phantom study, while
R2* values were positively associated with collagen (83). R2* and QSM were both also
positively associated with iron concentration, which may affect the utility of these MRI
parameters for assessment of liver fibrosis, given that iron deposition is often present in the liver.
We hypothesize that an integrated analysis of QSM and R2* data may control for the effects of
iron to provide a suitable tool for liver fibrosis evaluation.
The objective of this study was to explore the differential sensitivities of QSM and R2* for
noninvasive evaluation of liver fibrosis in ex vivo human liver explant samples.
5.3

Methods

This prospective study was approved by our Institutional Review Board, with waiver of the
requirement for informed consent. Between August 2017 and January 2020, samples from liver
explants were retrieved by a liver pathologist at our Medical Center. Exclusion criteria were (1)
insufficient liver parenchyma tissue for sampling and (2) cases with positive tumor margins.
Sections cut from the whole liver were ~7×5×1.5 cm with a volume of ~42 cm3 and ~ 40 grams
of weight. The samples were fixed in formalin, and, after blinding of samples, sent for MRI
acquisition and analysis.
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For MRI acquisition, the formalin-fixed liver explants were embedded together with a water
balloon into a cylindrical agarose phantom. Phantoms were scanned at one of the two scanners
(3T) depending on availability using a head coil. QSM and R2* data were obtained using a 3D
multi-echo gradient-recalled echo (mGRE) sequence. Samples with very high iron content (n=3)
were scanned using an ultrashort echo time gradient echo (UTE) sequence.
The 3D mGRE sequences on two scanners (Magnetom Prisma, Siemens Healthcare, Erlangen,
Germany & Discovery MR750, GE Healthcare, Waukesha, WI) were performed with acquisition
parameters: number of echoes = 8 & 7, flip angle = 15° & 12°, TE1 = 3.6 & 3.1 msec, ∆TE = 5.7
& 5.4 msec, TR = 49 & 41 msec, reconstructed voxel size =0.54×0.54×0.8 & 0.4×0.4×0.7 mm3,
bandwidth = 315 & 244 Hz/pixel, reconstructed matrix = 512×512. UTE 3D GRE sequence
parameters on the GE scanner were: number of echoes = 6, flip angle = 10°, TE_1 = 0.03 msec ,
∆TE = 1 msec, TR = 12 msec, reconstructed voxel size =1×1×1 mm3. Typical image acquisition
times were approximately 25 minutes.
MRI analysis was performed in MATLAB (version R2019b, MathWorks, Natick, MA, USA).
Initial estimates for field maps were generated by Simultaneous Phase Unwrapping and Removal
of Chemical Shift (SPURS) (29). The magnitude, phase and initial field images were used as
input to a T2*-IDEAL algorithm (84), which generated water, fat, R2* and more accurate field
maps as output. Background field removal was performed using the projection-onto-dipole-field
(PDF) method (38). The local field map was processed to generate a susceptibility map () using
the morphology enable dipole inversion algorithm (MEDI) (37,85,86). Susceptibility values were
normalized to the average susceptibility value in the water (=0 ppm) balloon (37). Proton
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density fat fraction (PDFF) images were created from the calculated fat and water images (87).
The susceptibility maps were corrected for fat using the PDFF maps and assuming pure fat
susceptibility = 0.65 ppm (88), as described previously (83).
Volumes of interest (VOIs) in the liver samples were automatically generated using a
combination of threshold-based segmentation and connected component analysis. Specifically, a
binary mask was created by using a threshold of R2* > 15 s-1, which removes the background of
agarose gel and air. Next, a connected component analysis was employed to select the largest
component in the resulting mask, corresponding to the liver sample. The VOI mask was eroded
around large blood vessels to avoid false-positive fibrosis findings due to collagen present in
blood vessel walls (89). Median R2*, PDFF and  values in the liver samples were recorded.
A sample adjacent to the scanned liver sample was embedded for histopathological analysis.
Hematoxylin and eosin (H&E), Masson’s trichrome and Prussian Blue stains were performed for
histology, fibrosis and iron evaluation, respectively. A liver pathologist evaluated the sections
and assigned scores for fibrosis, iron and fat using standard clinical scoring systems (90-92).
Differences in median R2*, PDFF and  between non-fibrotic and fibrotic/cirrhotic liver samples
were evaluated using Mann-Whitney U tests. Demographical and pathological characteristics
were also compared between the groups using Mann-Whitney U or chi-squared tests dependent
on the variable type. Correlation analysis of the MRI measurements with age was performed
using Spearman tests. Logistic regression analysis with stepwise feature selection (input
variables R2*,  and PDFF) was performed to evaluate the potential value of combined
parameters for fibrosis detection. Logistic regression analysis with other combinations of
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parameters that were not selected by the step-wise regression was also performed to evaluate the
performance of the optimal detection against those other models. Receiver operating
characteristic (ROC) analysis was employed to assess the diagnostic performance of individual
parameters and the logistic regression classifier for detection of fibrosis. AUC values were
compared using DeLong tests. The optimal threshold was selected by the Youden index, and
sensitivity and specificity values at that threshold value were calculated. For all tests, the
significance level was set at 0.05.
5.4

Results

Of the 19 analyzed liver samples, 8 samples (42%) exhibited liver cirrhosis (stage 4) and 3
samples showed advanced fibrosis (stage 3-4, 16%). The remaining 8 samples (42%) showed no
evidence of fibrosis. The distribution of hepatocyte iron was as follows: grade 0, n=14 (74%);
grade 1, n=1 (5%); grade 2, n=3 (16%); grade 3, n=1 (5%). In two samples where no iron
deposition found in the hepatocytes, iron was observed in the Kupffer cells, leading to a total of
7 (37%) of samples with liver iron deposition of which 6 (6/11=54%) were fibrotic and 1
(1/8=13%) was non-fibrotic. Distribution of steatosis stage was: stage 0 (less than 5% fat), n=15
(79%); stage 1 (5-33% fat), n=4 (21%). Representative images for a phantom containing both
control and fibrotic samples and corresponding R2* and QSM maps are shown in Figure 5-1.
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Figure 5-1. Representative camera image (left), R2* (middle), and QSM (right) maps for a
subset of samples comparing control (top row) vs. fibrotic (bottom row) ex-vivo human liver
samples.
Figure 5-2 shows boxplots of R2*,  and PDFF for the samples without fibrosis and samples
with advanced fibrosis or cirrhosis. Only median R2* showed a significant difference between
fibrotic and non-fibrotic samples (p=0.041), with higher R2* found in fibrotic samples [median
(interquartile range) R2* non-fibrotic 40.2 s-1 (18.5 s-1), fibrotic 63.8 s-1 (68.1 s-1)].
None of the MRI parameters showed a significant correlation with age in the entire cohort of
samples (p-value range 0.307 – 0.811), in the non-fibrotic group (p-value range 0.501 – 0.582)
and in the fibrotic group (p=value range 0.271 – 0.816). Logistic regression with stepwise feature
selection identified the combination of R2* and  as the optimal classifier for differentiating
between no fibrosis and advanced fibrosis/cirrhosis (p-value of model 0.002). The following
model was generated:
logit(detection) = −8.45 + 0.23 𝑅2∗ − 28.8
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[5.1]

Logistic regression models using other combinations of parameters yielded a significant model
for the combination of all three parameters (R2*,  and PDFF) with a p-value of 0.002. The
differentiation between the groups was similar for this model as for the optimal model (p-value
fibrosis vs. advanced fibrosis/cirrhosis 0.002), indicating no additional value of PDFF to the
model. Other combinations of parameters (R2* + PDFF and  + PDFF) yielded non-significant
models (p=0.075 and 0.411, respectively).

Figure 5-2. Boxplots of (a) R2*, (b) , (c) PDFF and (d) logistic regression model detection
values in samples with no fibrosis and samples with advanced fibrosis or cirrhosis.
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Figure 5-3 provides a graphical representation of the optimal model as function of R2* and ,
showing high likelihood of advanced fibrosis/cirrhosis for samples with low  and high R2*,
whereas samples with high  and lower R2* have higher likelihood to be non-fibrotic. The data
points of the samples, showing poor differentiation between the two groups using  or R2*
individually, but improved differentiation with the model combining these parameters. Figure
5-4 provides representative examples of R2*,  and PDFF maps as well as model detection maps
of a non-fibrotic and a cirrhotic liver sample. The R2* maps showed a slight increase in the
cirrhotic vs. non-fibrotic sample, while the  maps exhibited a mild decrease in the cirrhotic liver
sample. The PDFF maps indicated low fat deposition in both samples. The model detection maps
provided much clearer differentiation between the non-fibrotic and cirrhotic sample compared to
the maps of the individual MRI parameters.
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Figure 5-3. Heatmap of the likelihood of presence of advanced fibrosis or cirrhosis detection by
the logistic regression model as function of R2* and . The data points of the non-fibrotic (white)
and advanced fibrotic/cirrhotic (black) samples are superimposed on the map.
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Figure 5-4. R2*, , PDFF and model performance detection maps in a cross-sectional slice
through a non-fibrotic liver sample (top) and a cirrhotic liver sample (bottom). The area around
the vasculature was eroded from the masks used for the model detection. Individual MRI
parameters showed subtle changes between the two samples (non-fibrotic: median R2* 56 s-1,
median  0.29 ppm, median PDFF 3%; cirrhotic median R2* 64 s-1, median  0.13 ppm, median
PDFF 3%). The model detection performance showed substantially higher likelihood of cirrhosis
for the cirrhotic sample vs. non-fibrotic sample (detection 0.86 vs. 0.02). Masson’s trichrome
staining confirmed lack of fibrosis in the top sample and cirrhosis in the bottom sample.
Prussian Blue staining showed lack of iron deposition in the non-fibrotic sample and scattered
Kupffer cell iron deposition in the cirrhotic sample.
Figure 5-5 shows ROC curves for each of the individual parameters as well as for the model
detection. For individual parameters, the highest AUC for cirrhosis detection was found for R2*
(AUC=0.784, p=0.039). PDFF and  exhibited non-significant AUCs of 0.625 (p=0.364) and
0.591 (p=0.509), respectively. The logistic regression model of combined R2* and  showed a
substantially improved AUC of 0.909 (p=0.003) compared to individual parameters. The AUC
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value of the model was significantly higher than the AUC of  (p=0.040), but it was not
significantly higher than the AUC values of R2* (p=0.273) and PDFF (0.087).

Figure 5-5. ROC curves for differentiation between samples without liver fibrosis vs. samples
with advanced fibrosis or cirrhosis for R2*, , PDFF and the logistic regression model
combining R2* and .
5.5

Discussion

In this study, we first evaluated the feasibility of susceptibility imaging for noninvasive
assessment of liver fibrosis in ex vivo liver explant samples. QSM alone did not provide
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significant diagnostic performance for detection of advanced fibrosis or cirrhosis, but we found
that the combination of R2* and QSM susceptibility values provided strong differentiation
between liver samples without fibrosis and those with advanced fibrosis or cirrhosis
(AUC=0.91).
Collagen, like most biomolecules, has diamagnetic susceptibility originating from a change in
orbital motion of electrons in the presence of an external magnetic field. Alterations in tissue
susceptibility due to collagen deposition in liver fibrosis could potentially be measured by QSM.
However, other accompanying tissue components, including liver fat and iron, also contribute to
the susceptibility signal in the liver. Steatosis, or fat deposition, often co-exists with liver
fibrosis, in particular in patients with nonalcoholic fatty liver disease (NAFLD) or steatohepatitis
(NASH) (93). The dependency of the QSM signal on fat was reduced in this study by separating
water and fat signals and performing fat correction (83). Liver iron overload is a serious concern
in patients with hereditary hemochromatosis and in patients undergoing blood transfusion
therapy. Liver iron deposition is also prevalent with variable amounts in CLD patients, especially
in patients with viral hepatitis, NAFLD, NASH and alcoholic liver disease (94). In our study,
iron deposition (ferritin and hemosiderin), in either the hepatocytes or Kupffer cells, was
observed in 37% of the samples. The paramagnetic properties of iron greatly influence liver
tissue susceptibility, to a much greater extent and in an opposing direction compared to
diamagnetic contributions from collagen (25). QSM is therefore most useful for liver iron
quantification (82,83). By contrast, in the application of QSM for fibrosis measurement, liver
iron deposition is a strong interfering effect. Consequently, QSM in itself would seem to have
restricted utility for assessment of liver fibrosis. This limitation became evident in the current
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study, in which we observed no significant difference in QSM susceptibility values between nonfibrotic and cirrhotic liver samples.
The magnetic susceptibility effects of iron deposition and collagen both lead to increased R2*
(83), as a result from more rapid dephasing of transverse magnetization due to dynamic changes
in the local field experienced by water protons diffusing through the tissue (95). In addition, the
presence of collagen may significantly increase the correlation time of water protons, leading to
an elevation of R2 and R2* relaxation rates. We indeed found significantly increased R2* in
fibrotic vs. non-fibrotic samples. Nonetheless, ROC analysis showed poor sensitivity of R2* for
differentiation between the fibrotic and non-fibrotic samples. The complex interplay of iron
deposition and collagen effects on the R2* relaxation rate most probably accounts for the poor
performance of R2* in evaluation of fibrosis. While edema was not a confounding factor in this
ex-vivo study, moving into in-vivo, its effect on R2* should be included in the model(96). In
addition, presence of inflammation, contributes to R2* and should be studied(83). While fat was
minimal in these samples and no fat-correction was performed, R2* fat correction is important
and should be included particularly NAFLD samples (97).
We found significant additional value of QSM combined with R2* for evaluation of liver
fibrosis. The potential complementary value of R2* and QSM for fibrosis evaluation is indicated
in a recently published phantom study (83). In that study, the effects of fat, gadolinium (as
substitute for iron) and collagen on R2* and  from QSM were modelled. As expected,
significant positive associations of R2* with both collagen and gadolinium were observed, while
 was negatively associated with collagen and positively associated with gadolinium. These
findings generated the idea that a regression model with a positive coefficient for R2* and a
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negative coefficient for  would amplify the associations of each of R2* and  with collagen,
while partly cancelling out the associations of these MRI parameters with iron deposition. In our
current study, the logistic regression model combining R2* and  indeed provided enhanced
detection of non-fibrotic from cirrhotic samples and yielded a substantially improved AUC for
differentiation between the two groups compared to individual parameters. The model
significantly outperformed , but not R2* and PDFF, in terms of diagnostic performance for
evaluation of advanced fibrosis or cirrhosis. The lack of significant difference of the model in
comparison to R2* and PDFF is potentially related to the small sample size in this feasibility
study, leading to underpowered analysis of the differences in AUC. Larger studies are needed to
further evaluate the additional value of the model combining the parameters vs. individual
parameters for detection of fibrosis and cirrhosis. In addition, those larger studies may allow for
analysis of subsets of samples (e.g. those without and with iron and those without and with fat)
to provide a deeper understanding of the influence of the histological measurements on the MRI
measurements.
The age of the patients in the fibrotic group was significantly higher than in the non-fibrotic
group. This can be explained by the design of the study, using liver explant as a reference. Nonfibrotic liver explants are often from pediatric patients with diseases such as metabolic disorders
or pediatric hepatoblastoma where liver fibrosis did not develop, whereas fibrotic liver explants
are mostly from adult patients with CLD, naturally leading to a higher age in the fibrotic cohort
(98). We performed a correlation analysis of the MRI measurements with age in the different
groups, given the potential dependency of hepatic R2* and QSM measurements on age (99). No
significant correlations were observed, suggesting limited effects of age on our analysis.
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The ex-vivo analysis on liver explant samples performed here for validating MRI has several
advantages compared to liver biopsy for validating MRI in patients. The histopathological
analysis was performed on a sample adjacent to the MRI-scanned sample, eliminating issues
with intrahepatic heterogeneity of liver pathology, including fibrosis (100-102). The spatial
heterogeneity and resulting sampling variability is one of the major limitations of liver biopsies,
which only sample a small part of the liver (103). Histopathological analysis is easier and more
reliable on large explants compared to being performed on small biopsy fragments. In addition to
the semi-quantitative standard histopathological staging performed in our study, more advanced
ex vivo analysis could also provide quantitative measurements of collagen and iron concentration
(104,105), which may further the understanding of the combined effects of these tissue
components on R2* and QSM measurements. On the other hand, formalin fixation has shown to
cause increased R2* in brain (106), kidney (107) and cardiac tissues (108) and may have affected
MRI evaluation of our liver explant specimens. QSM quantification is less affected by fixation,
although the higher R2* values may cause noisier data and therefore increased QSM variance
(106). Therefore, in vivo validation of these results in CLD patients is required to evaluate the
potential clinical translatability of the presented methodology.
After further validation in independent clinical cohorts, the susceptibility-based method for liver
fibrosis quantification presented here may provide an attractive alternative to current noninvasive
liver fibrosis imaging methods or in combination with other methods may yield higher diagnostic
accuracy. In subjects, R2* and QSM measurements can be obtained from a single breath-hold
GRE acquisition (52), facilitating clinical translation of this methodology for staging of liver
fibrosis in CLD patients. We expect that the results observed here can be directly translated into
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studying liver fibrosis in patients with concomitant iron. However, the logistic regression model
may need to be adjusted in studying liver fibrosis in patients who have concomitant
inflammatory edema, in addition to iron(96)
This study has limitations. First, the sample size was small in this feasibility study, although it
was sufficient to show a high degree of statistical significance for our primary result. Second, the
explant liver samples either exhibited no fibrosis or advanced fibrosis/cirrhosis, precluding
analysis of the performance of the proposed method for more intermediate fibrosis stages. Third,
while no short-T2* elevated signal was observed in UTE acquisition results, it is important to
model and study its effect in fatty livers and in-vivo studies. Last, MRI acquisitions were
performed on two different 3.0T systems with different acquisition parameters. Reproducibility
of the phantom results at different scanners and acquisition parameters should be studied in the
future(109-111).
In conclusion, our study shows that an integrated QSM and R2* analysis of multi-echo GRE 3T
imaging data is promising for noninvasive diagnostic assessment of liver fibrosis. After in vivo
validation, the presented methodology may provide an attractive alternative tool for noninvasive
detection and staging of hepatic fibrosis in CLD patients.
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CHAPTER 6
FUTURE DIRECTIONS AND CONCLUSION
6.1

Future directions

The proposed methods provide new tools and improves the existing methods for a more accurate
and sensitive quantitative liver imaging using MRI. These techniques were developed with the
purpose of translation into clinical applications. While these studies were focused on liver
lesions, cancer, fibrosis, and iron-overload in patients, there is possibility of applying the
introduced techniques for other applications and patient cohort. In addition, there is room to
further optimize and improve the current techniques:

6.1.1 Perfusion Imaging
While the dual input single compartment model used in this study was simple, the proposed
optimization and speedup allows to incorporate a more complex model to capture more details
such as multi-compartment modeling to include both intracellular and extravascular extracellular
dynamics. In this study first, dynamic images were reconstructed from undersampled data and
then perfusion mapping was performed. It is possible for direct calculation of perfusion
parameters from undersampled data by minimizing the appropriate cost function and exploiting
sparsity in the undersampled data. Using the current approach, there is also possibility of
automated detection and segmentation of the input functions including aorta and portal vein from
dynamic-contrast enhanced undersampled data given the first pass arrival time of blood to liver
differs in these two inputs.
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6.1.2 Liver Quantitative Susceptibility Mapping
We introduced a robust rapid method for automated generation of QSM images given complex
GRE input data. There were multiple steps including water/fat separation, field unwrapping,
background field removal, and inversion from field to susceptibility. While each step has a
separate numerical optimization algorithm, the errors due to noise and non-compatible signal
components in the model will propagate to the next step that can further produce errors.
Algorithms such as alternative direction method of multipliers (ADMM) can be explored where
all the unknowns can be estimated simultaneously by introducing variable splitting and update
each at a time iteratively.

6.1.3 Deep Learning
We showed an unsupervised method to solve the optimization problem of water/fat separation.
This is a replacement for conventional techniques which involve a few steps including choice of
optimization scheme, problem linearization, and iterative solvers to estimate unknowns. The
introduced approach showed the possibility of replacing these steps with a network of unknown
weights given the input function and a physical cost function. Several problems in MRI involve
solving a physical cost function and there is possibility to extend the introduced method to solve
other problems using unsupervised deep learning. For instance, we can extend the current waterfat separation problem and include susceptibility as an additional unknown, and solve all the
unknows with a network.

6.1.4 Fibrosis Quantification
Early detection of fibrosis is an unsolved problem to date and often is diagnosed at late stages
with the only choice of organ transplant and poor outcomes for patients. These patients often
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suffer from iron overload which makes fibrosis detection and iron measurement more
complicated. QSM is sensitive to iron presence, given its paramagnetic properties with positive
susceptibility while collagen is diamagnetic with negative susceptibility with reference to water.
Current QSM techniques make measurement of the net effect of collagen and iron since there is
often a mixture of both inside a voxel. There is possibility of exploring techniques to separate
positive and negative susceptibilities within a voxel which would improve the accuracy of iron
measurement with the possibility of fibrosis mapping given phase data is orders of magnitude
more sensitive compared to current magnitude-based methods for fibrosis detection.

6.2

Conclusion

In this thesis, several techniques were proposed to improve the current non-invasive imaging
techniques for early diagnosis and monitoring therapeutic efficacy of treatments in liver disease
with the goal of improving patient care.
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