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General Introduction



1 1.1 Glow-in-the-dark stars
This thesis is about magnetic resonance imaging (MRI). But before we dive into that

subject, let’s briefly discuss the glow-in-the-dark stars that you probably had on the

ceiling of your childhood bedroom. (If you didn’t actually have those, perhaps you

owned a watch with glow-in-the-dark hands at some point?) A particularly curious

child, like the author of this manuscript, might wonder how those stars keep on glow-

ing longafter the lights havebeen switchedoff. Theanswer is a chemical process called

phosphorescence, which causes electrons in the glow-in-the dark paint on those stars

to enter a higher energy state after absorbing energy from light, essentially ‘charging’

the star (1). This energy is then slowly released, causing the stars to glow up to hours

after the light went off.

In many ways, making anMRI scan is just like taking a photo of glow-in-the-dark stars

glowing inadarkroom. Inbothcases, a recording ismadeofanobject radiatingelectro-

magnetic waves. In both cases, this recording is only made after the original source of

electromagnetic energy thatexcited theobject is switchedoff. Thereare someobvious

differences too. In MRI, the object is usually a human being. And the kind of electro-

magnetic radiation is not in the visible spectrum, but in themegahertz-range, the same

range that FM-radio and VHF-television channels (used to) use.

Even though it is a simplification, the analogy with glow-in-the-dark is useful in order

to understand an important concept in MRI: we have to excite our object of interest

(or turn on the lights in the room to charge the stars) before we can acquire a signal

(or take the photo). It also helps to get an intuitive understanding of what happens to

our imagewhen theexcitation is not equally distributed throughout the imagedobject.

Just like the light intensity emitted by a glow-in-the-dark star located in a particularly

dark corner of the room, the signal intensity in poorly excited regions of the imagewill

be different.

Such non-uniformity effects can negatively impact the diagnostic performance of MR

images. This thesis investigates the assessment of and correction for such field non-

uniformities, specifically in the context of high field breastMRI. To properly introduce

the field non-uniformities covered in this thesis and the artefacts that they cause in

breast MRI, the oversimplified glow-in-the-dark stars analogy does no longer suffice.

Therefore, thenext sectionbriefly introduces some important concepts inMRI, specif-

ically related to the topics investigated in this thesis. This is by nomeans a comprehen-

siveaccountof theMRphysics involvedwith the imaging techniquesused in this thesis.

Amore thorough discourse on this subject can be found in the book byBrown et al. (2).

1.2 Important concepts inMRI

1.2.1 Resonance

MRI scanners work with very strong magnetic fields, commonly in the order of 0.5 –

3 T. When a diamagnetic object, such as a glass of water, a piece of fruit or even a hu-

man volunteer or patient is put into such a strongmagnetic field, the fields fromhydro-

gen atoms (or protons) inside it will align with the magnetic field. Additionally, these

proton fields start precessing (spinning) with a frequency determined by the strength

of the magnetic field. Much like the rotation speed of windmills is determined by the
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strength of the wind: the higher the magnetic field strength, the faster the precession

of the proton spin. The frequency of this precession is called the Larmor resonance

frequency.

1.2.2 Signal Generation

Putting the object in amagnetic fieldwill cause the spins to align and resonate, but this

is not enough to generate anMR signal. In order to do so, we need to rotate the spins

to be perpendicular to the main magnetic field. This rotation is achieved using a radio

wavewith the same frequency as the resonance frequency described above. Since this

radiowave is typically very short in duration, just a fewmilliseconds, it is often called a

radiofrequency (RF) excitation pulse.

We can choose how far we want to rotate or flip the spins with respect to the main

magnetic field by changing the amplitude of the RF pulse. MRI scanners conveniently

allow you to specify the amplitude by inputting the desired flip angle. Up to a certain

extent, the higher the flip angle, the higher the generated signal will be. After the flip

angle is applied, themagnetizationalong themainmagneticfield, the longitudinalmag-

netization, will be decreased. This is temporary, since the longitudinal magnetization

will slowly restore. Thetime it takes for thismagnetization toregrowismeasuredusing

the𝑇1 relaxation time,which is typically in theorderof seconds. Ifwegenerateanother
signal before the longitudinal magnetization has fully restored, this second signal will

be lower than thefirst. Since inMRIweneed to generatemany signals beforewe’ve ac-

quired a full image (the reason for this will become apparent once we discuss position

encoding) it is important to consider what happens if we apply many RF excitations in

a rapid succession.

1.2.3 T
1
weighting

As mentioned, the 𝑇1 is typically in the order of seconds, e.g. the 𝑇1 of breast glandu-
lar tissue is around 2 seconds at 7 T. The most common type of breast MRI sequence

typically uses a repetition time (TR) of around 5 - 15 milliseconds. That means that

every 5 - 15 milliseconds we apply an RF excitation to generate some signal. At the

start of the sequence, before any RF is applied, the longitudinal magnetization is at its

maximum and a high amount of signal is generated after the first flip angle is applied.

With every repetition however, the amount of signal will reduce because the longitu-

dinal magnetization has too little time to fully regrow. This goes on until at some point

the reduction of themagnetization due to the excitation and its regrowth between RF

pulses are equal. This is called the steady state.

The amount of longitudinal magnetization in the steady state, as well as the amount

of signal generated, depend on the 𝑇1 of the tissue, the applied flip angle and the cho-
sen TR. Since the 𝑇1 measures the time it takes for the longitudinal signal to regrow, a
shorter 𝑇1 causes a higher signal. So does a longer TR. The influence of the flip angle is
a little more complicated. A flip angle of 0 obviously generates no signal at all. A very

highflip angle generates a very lowsignal because the longitudinalmagnetizationends

up inavery lowsteady state. Inbetween theseextremecases there is anangleatwhich

themaximumamount of signal is generated: this angle is called the Ernst angle. Figure

1.1 shows a plot of the amount of signal generated for a range of flip angles and for two
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Figure 1.1: Steady state signal as a function of flip angle for either breast fatty tissue (blue, T
1
= 700 ms) or

breast glandular tissue (yellow, T
1
= 2100ms). Higher flip angles increase the relative difference in signal from

these two tissues. Abbreviation: A.U. - Arbitrary Units.

tissues with a different 𝑇1. Higher flip angles enlarge the relative difference between
signals coming from tissues with a different 𝑇1. This concept is called 𝑇1weighting and
allows us to better discriminate between different tissue types.

1.2.4 Position Encoding

In order to be able to generate images using magnetic resonance, we need to know

where the signalswe generate come from. As discussed before, proton fields in amag-

netic field resonate at the Larmor frequency and the signals we generate and receive

also have this frequency. In anMRI scannerwith a nicely homogeneousmagnetic field,

all proton spins will resonate at exactly the same frequency and there is no way for us

to tell their signals apart. However, if there are slight differences in themagnetic field,

the resonance frequencies shift with those and we can suddenly distinguish groups of

signals stemming fromdifferentgroupsofprotonssendingsignalsatdifferent frequen-

cies.

In order to exploit this for position encoding, we apply these differences to the mag-

netic field in a very systematic way. We turn on an extra magnetic field, called a gra-

dient field, which increases linearly from one side of the scanner to the other side of

the scanner. For example the x-gradient that increases linearly from left to right. Now

all protons on the left side are sending signals at a lower frequency then those on the

right. In order to know howmany protons were sending signals from each position, all

we need to do is determine howmuch signal we received at each frequency. If wemap

this back to the position we associated to each frequency using our gradient field, we

end upwith a one-dimensional image of the object in our scanner.

MRI scanners are equipped with gradient coils in three orthogonal dimensions, which

allow us to generate three-dimensional images. This is usually performed by acquiring

lines of position encoded frequencies at a time. In order to measure the entire object,

many repetitions are needed. Therefore, depending among other things on the image
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resolution and the size of the image, typical in-vivoMRI scan times vary between sev-

eral seconds to several minutes.

1.3 High field breastMRI
Breast MRI is a valuable imaging tool in the clinic. Though breast cancer diagnosis is

mainly performed using a combination of x-raymammography, ultrasound and biopsy,

MRI is routinely used in the clinic for tumor evaluation prior to surgery, treatment

monitoring after or during (neoadjuvant) chemotherapy and breast cancer screening

in high-risk populations (3). Its sensitivity in detecting invasive breast cancer is supe-

rior to both mammography and ultrasound (4). Additionally, MRI is the most accurate

imagingmodality in assessing tumor size (5).

Currently, breast MRI is performed in the clinic using field strengths up to 3 T. Higher

field strengths up to 7 T are used in clinical trials. Advantages of performing MR at

higher field strengths include a higher signal-to-noise ratio (SNR) and a higher chemi-

cal shift dispersion (6). The first advantage can be used to increase spatial resolution,

which has been shown to be feasible at 7 T in a clinical setting andmight have potential

for earlier and better diagnosis (7,8). The second advantage can be used to measure

tumormetabolism using spectroscopy techniques. Measurements of this kindmay be

able to predict the response to neoadjuvant therapy in an earlier stage of treatment,

enabling faster switching of treatment strategy if necessary (9,10).

Using higher field strengths also has disadvantages. The main disadvantage we zero

in on in this thesis is that the electromagnetic fields we use become less uniform (6).

The first electromagnetic field we explore is that of the RF excitation pulse. This RF

transmit field (𝐵+1) indicates howmuch electromagnetic energy from our RF excitation

pulse actually reaches each position of the image. The second electromagnetic field

that is affected is the permanent, main magnetic (𝐵0) field of theMRI scanner. The in-

homogeneities of these electromagnetic fields cause artifacts in the recorded images.

These artifacts can be so severe that they decrease the diagnostic value of the images

(11). Therefore, this thesis focused on artifact correction in two imaging sequences

often used in breast MRI: dynamic contrast-enhanced MRI (DCE-MRI) and diffusion

weighted imaging (DWI).

1.4 DCE-MRI
InDCE-MRI the patient is injectedwith a 𝑇1-shortening contrast agent during theMRI

scan. Due to their rapid growth, tumors tend to have more and leakier blood vessels

(12). Consequently, a higher amount of contrast agent leaks from those vessels into

the tumor (13). This, in turn, causes the 𝑇1 of the tumor to decrease and the MR sig-

nal from the tumor to increase. Figure 1.2 shows an example of this. Over time, the

contrast agentwill leak back out of the tumor into the vessels. During aDCE-MRI scan

multiple images are recorded over time, such that the speed of both the initial signal

increase and the sequential signal decrease can be measured. These can be linked to

the aggressiveness of the measured tumor: faster contrast agent uptake and release

are indicative of amore aggressive tumor (14).
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1

Figure 1.2: 7 T DCE-MRI of a patient with a breast tumor in the left breast (shown right). The tumor has an

enhanced signal due to the injected contrast agent. Note that this image is also prone to theB
1
+ non-uniformity

artefact. Abbreviation: DCE-MRI - Dynamic Contrast-EnhancedMagnetic Resonance Imaging.

A B

Figure 1.3: A: The bilateral local transmission breast coil used in this thesis. B: Schematic view showing the

same coil positioned inside anMRI scanner, with the cups visible in panel A shown in green. The actual transmit

coil elements are shown in white and purple. The orange cylinder represents the tunnel of theMRI scanner.

Early whole-body imaging experiments at 7 T revealed major inhomogeneities in the

𝐵+1 field distribution (15). These are due to the decreased wavelength of RF excitation
at increasing field strengths, which causes standing waves in the excitation field and a

lowered 𝐵+1 efficiency overall. All 7 T breast MRI experiments in this thesis use local

transmission coils, which facilitate a high 𝐵+1 in the breast (16,17). Figure 1.3 shows
a local transmission coil that was used in this thesis. Since these coils are positioned

in front of the body and 𝐵+1 decreases with the distance from the coil, there is a lower

amount of 𝐵+1 in the posterior parts of the breast.

In order to understand the effect of a low 𝐵+1 level on the acquired images, it is impor-
tant to realize that a low𝐵+1 level essentiallymeans a lower flip angle. Aswas described
in the section on 𝑇1 weighting, a lower flip angle not only causes a different amount of
signal generation in the steady state, it also means that the resulting image will have a

lower amount of 𝑇1 weighting. In other words, a low 𝐵+1 level also causes a lower sen-
sitivity to changes in 𝑇1. Since the contrast agents used in DCE-MRI shorten the 𝑇1, a
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low𝐵+1 level also causes a lower sensitivity to changes in contrast agent concentration,
which complicates tumor diagnosis (18).

The first step in trying to correct for this artifact, is to determine how much 𝐵+1 actu-
ally reached all parts of the image. Manymethods have been proposed tomap𝐵+1, each
faster ormore accurate than the next (19-23). While earlymethodswere unsuited for

in-vivomeasurements due topractical considerations ranging fromtime requirements

to unfeasibly high RF power depositions, recentmethods have proven to be feasible in

a clinical setting with suitably short acquisition times (24). Most commonly used 𝐵+1
mappingmethods derive their estimates from a ratio of two acquired 𝑇1-weighted im-
ages. Toavoidadependencyof theestimateson𝑇1, theyeitherusevery longTRs,which
lead to long acquisition times, or approximations of the signal equationwhich are only

valid for a limited range of 𝐵+1 (21).

Correcting DCE-MRI for 𝐵+1 inhomogeneities is not commonly performed in the clinic,
most likely since𝐵+1 fieldsarequitehomogeneousatconventionalfieldstrengths. Some
studies have performed 𝐵+1 correction at those field strengths and in those cases, the
objective was to improve quantification strategies (25-27). Most correction methods

perform𝑇1measurementsof breast tissueprior to contrast injectionandcorrect those
for 𝐵+1 if needed. From there, the 𝑇1 and contrast agent concentration at every time
point of the DCE series can be determined (28). Some methods have been proposed

to combinemeasurements of 𝑇1 and𝐵
+
1 prior to contrast injection in order to save scan

time (29-31). The influenceof𝐵+1 onconcentrationestimates canbe severeandcorrec-
tions have been shown to be beneficial even at 1.5 T and 3 T, where 𝐵+1 fields are rela-
tively homogeneous (26,27). Correcting for𝐵+1 is evenmore crucial if pharmacokinetic
modelling is applied. In a pharmacokinetic model, the rate of contrast agent transfer

from the blood vessel into the tumor and vice versa is quantified (32).

1.5 DWI
DWI is a technique that sensitizes theMR signal for the (microscopic)motion ofwater

molecules (33). It achieves this by applying a strong gradient (the same kindwe use for

positionencoding) that reduces thesignal anda littlewhile lateranotherequally strong

gradient with an opposite effect that increases the signal again. The second gradient

will cancel the effect of the first gradient, but not or only partly for spins that moved

in the meantime. Consequently, in DWI the signal intensity decreases with increased

diffusion.

Since tumors often consist of irregular cell structures, thediffusionofwatermolecules

inside them is slower than that in healthy tissue (34). Therefore, tumors have a higher

signal intensity on DWI. Studies have shown that DWI potentially allows differentia-

tion between benign andmalignant lesions and prediction of response to neoadjuvant

chemotherapy, without the need to inject contrast agents (35,36).

In DWI the MR signal is sensitized for motion to capture diffusion in tissues. How-

ever, other kinds of motion are always present in the human body, ranging from body

movements to breathing and blood circulation. These kinds of motion are often non-

continuous and slow. Sinceweonlywant to capture diffusion and no othermotion, the
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Figure 1.4: A: BreastMRI recorded with a conventional one-line-per-TR readout. B: The same image recorded

with an EPI readout. This image is distorted with respect to panel A, even though it is recorded in the same

patient on the same location. C: The outline of the distorted EPI image in B superimposed on the non-distorted

image in A. Abbreviation: EPI - Echo Planar Imaging.

signal needs to be acquired as fast as possible after motion sensitization. Therefore,

while most MRI techniques acquire their images in a line-by-line fashion, in DWI it is

common toacquire a complete2D image inonego. This technique is calledechoplanar

imaging (EPI) (37,38).

The consequence of using EPI is an increased sensitivity to inhomogeneities in the 𝐵0
field. These inhomogeneities cause geometrical distortions to appear in the recorded

image. An example of this artifact is shown in Figure 1.4. This effect is similar to what

happens to aphoto taken throughaglass ofwater or an irregularly shapedglass object.

The mechanism behind this effect can be conceptually understood if you think back

to how position encoding works in MRI. Since the 𝐵0 field is not equal throughout the
breast, the resonance frequencyof the spinsdifferswith it. Thismightmean that a spin

on the left sideof thebreast is resonatingwitha frequency that is toohigh. A frequency

weassociatedtoapositiona fewmillimeters to theright. Ourreconstructionalgorithm

will wrongly place the signal from that spin a fewmillimeters to the right, leading to a

distorted image. This mismatch increases with increasing differences in 𝐵0, causing
EPI images of the breast to appear more distorted at places where the 𝐵0 field differs
strongly from the average.

These inhomogeneities in the 𝐵0 field arise because spins in different tissues in the
body respond differently to the main magnetic field of the scanner. This is especially

noticeable for spins that are close to transitions between tissues that have different

susceptibilities, such aswater and fat. Thesedifferences inmagnetic susceptibility fre-

quently occur in the breast, which contains a lot of water-fat tissue interfaces. Conse-

quently, the 𝐵0 field in the breast at high field is especially irregular.

The earliest papers proposing methods for EPI distortion correction date back to the

90s (39,40). Since then, many refinements to these early methods as well as novel

strategies have been proposed. Most prominently, Andersson et al. presented a

method to correct for 𝐵0 distortions without the need to actually measure the 𝐵0 field
(41). Instead, they acquire two EPI’s with opposed phase-encoding directions, such

that the distortions in both images go in opposite directions, and estimate a smooth𝐵0
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field fromthere. Thismethodworkswell for smooth𝐵0 fieldsand isoneof the twomost
used strategies today. The alternative approach is to apply deformable image registra-

tion to a non-distorted scan, for example theDCE-MRI (42). Though good results have

been achieved with this method, there is always a risk of contaminating the corrected

DWI image with information from the reference DCE image. For example, contrast

differences in theDCE image that are absent in the source EPImaybe propagated into

the corrected image. Moreover, these techniquesmay insufficiently correct very local

distortions that arise due to steep 𝐵0 gradients at tissue interfaces.

In DWI the diffusion weighting and the direction of this weighting can be chosen. In

a typical acquisition, multiple diffusion weightings and directions are acquired. This

allows for quantification of the signal decay with increasing diffusion weighting. The

measured signal will actually be a mix of signals decaying at different speeds. This is

because water molecules in the body are divided over different compartments or wa-

ter pools ranging from freely diffusing water molecules in e.g. the cerebrospinal fluid,

to water molecules in between cells hindered in their diffusion and water molecules

inside cells restrictedby the cellwall (34). Separationof thismixed signal decay is valu-

able in tumor characterizationand improves tumor visibility as demonstrated for brain

tumors (34,43).

Quantification of mixed signal decay using amulti-exponential model can be unstable,

especially in the presence of noise (44). A popular approach to circumvent this insta-

bility is a two-stage linear approach, often referred to as segmented fitting (45). How-

ever, since the segmented method fits the model parameters sequentially instead of

iteratively, thismethod is prone to error propagation. This leads to a bias in parameter

estimates (46). More recently, the phasor transform has been proposed as a tool for

mixed signal fraction estimation, achieving robust parameter maps (47). After trans-

formation tophasor space, single-exponential curvesalignonasemi-circlewhilemixed

multi-exponential signals are foundon the line connecting their base components (48).

This can be used as prior knowledgewhen fitting amulti-exponential model.

1.6 Thesis Outline
The aim of this thesis is to improve artifact correction and signal quantification in

high field breast MRI. In particular, we investigate strategies to correct for 𝐵+1 inho-
mogeneities in DCE-MRI and 𝐵0 inhomogeneities in DWI at 7 T. These techniques are

investigated in the context of improving the diagnostic power of high field breastMRI.

InChapter 2we propose amethod for 𝐵+1mapping of the breast at 7 T, which requires
no scan time and is essentially noise-free. This is achieved by creating a coil-specific𝐵+1
template of the transmit coil and applying this template to each subject, taking into ac-

count scaling differences caused by power optimization. We investigate whether the

use of this template is justified by comparing 𝐵+1 distributions within a group of volun-
teers with a large variation in breast anatomies. The performance of this method is

compared against a 𝐵+1mappingmethod.

Chapter 3 investigates correcting measured image intensities in DCE-MRI for 𝐵+1 in-
homogeneities. This is achieved by increasingmeasured image intensities at relatively
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1 low 𝐵+1 levels. Doing so will adjust the measured intensities to the correct level, but
it will also blow up the noise already present in the image. Therefore we propose a

direct mapping from measured image intensities to corrected image intensities that

minimizes noise amplification.

In Chapter 4we develop a correction technique to correct for the EPI distortion arti-

fact present in DWI. This technique predicts the distortion given a known 𝐵0 field and
subsequently compensates for thisdistortion. Given the irregularnatureof the𝐵0 field
inside the breast, the developed correction strategy uses high-resolution𝐵0 fieldmaps
to improve upon existing correction techniques.

Chapter 5 investigates if the phasor transform can aid in achieving more stable quan-

tification of mixed decay signals in DWI. The performance of phasor-aided methods

is compared against widespread conventional methods. The influence of sampling

strategies and noise are investigated in both digital phantoms and human volunteers.

Finally, Chapter 6 summarizes the results of this thesis and discusses its advances in

the context of clinical integration of high field breastMRI.
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Abstract

Purpose

Dynamic contrast-enhanced MRI (DCE-MRI) is the workhorse of breast MRI, where

the diagnosis of lesions is largely based on the enhancement curve shape. However,

this curve shape is biased by radiofrequency transmit (𝐵+1) field inhomogeneities. 𝐵
+
1

field information is required inorder to correct these. Theuseof ageneric, coil-specific

𝐵+1 template is proposed and tested.

Methods

Finite-difference time-domain simulations for 𝐵+1 were performed for healthy female
volunteers with a wide range in breast anatomies. A generic 𝐵+1 template was con-
structed by averaging simulations based on 4 volunteers. Three-dimensional 𝐵+1 maps
were acquired in 15 other volunteers. Root mean square error (RMSE) metrics were

calculated between individual simulations and the template, and between individual

measurements and the template. The agreement between the proposed template ap-

proach and a 𝐵+1 mapping method was compared against the agreement between ac-
quisition and reacquisition using the samemapping protocol.

Results

RMSEvalues (in%ofnominalflipangle) comparing individual simulationswith the tem-

plate were in the range 2.00-4.01%, with mean 2.68%. RMSE values comparing indi-

vidual measurements with the template were in the range 8.1-16%, withmean 11.7%.

The agreement between the proposed template approach and a 𝐵+1 mapping method
was only slightly worse than the agreement between two consecutive acquisitions us-

ing the samemapping protocol in three volunteers: the range of agreement increased

from ± 16% of the nominal angle for repeated measurement to ± 22% for the 𝐵+1 tem-
plate.

Conclusion

With local RF transmit coils, intersubject differences in𝐵+1 fields of the breast are com-
parable to the accuracy of 𝐵+1 mapping methods, even at 7T. Consequently, a single
generic 𝐵+1 template suits subjects over a wide range of breast anatomies, eliminating
the need for a time-consuming 𝐵+1mapping protocol.
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2.1 Introduction
Dynamic contrast-enhanced MRI (DCE-MRI) is the workhorse of clinical breast MRI

examinations. Since its introduction in the 1980s, it has become a standard in breast

MRI examinations due to its robustness and ability to detect tumor malignancy (1,2).

This ability is based on the differences in dynamics of contrast agent uptake between

tumors and healthy parenchymal tissue, leading to characteristic enhancement curve

shapes. Automated analysis of these curves enabled the introduction of computer

aided diagnosismethods into clinical practice, and pharmacokineticmodels have been

proposed toquantify theexchangeof contrast agentsbetween the inflowingbloodand

surrounding tissue (3-5).

Taking breast DCE-MRI to higher field strengths such as 7T is currently being investi-

gated, showingpotential for earlier andmore accuratediagnosis (6). Thehigher signal-

to-noise ratio that is available at higher field strengths enables higher spatial resolu-

tion. A higher resolution not only permits detection of smaller lesions, it also improves

assessment of the heterogeneity of contrast uptake, such as rim enhancement, which

is associated with worse survival in triple negative breast cancers (7). It was shown

that using the available signal-to-noise ratio to achieve a higher temporal resolution at

7T is also feasible in a clinical setting (8).

A fast wash-out rate is a typical indication of a malignant tumor, while a stable curve

or continued wash-in often reflect benign lesions. However, the curve shape can be

compromised by radiofrequency transmit (𝐵+1) field variations, potentially shifting the
curve of a tumor that should have caused a wash-out shape into a more stable curve.

This can be conceptually understood by considering the fact that at different 𝐵+1 lev-
els there is a different amount of 𝑇1 saturation, and the effects of a change in 𝑇1 (due
to contrast administration) will differ. If we define 𝐵+1 induced image intensity bias as:
𝑏𝑖𝑎𝑠 = 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦

𝑡𝑟𝑢𝑒 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦(𝐵+1=100%)
, then for fast RF spoiled gradient echo sequences: 𝑏𝑖𝑎𝑠 =

sin(𝐵+1𝜃𝑛𝑜𝑚)⋅(1−𝑒
−𝑇𝑅/𝑇1 cos(𝜃𝑛𝑜𝑚))

sin(𝜃𝑛𝑜𝑚)⋅(1−𝑒−
𝑇𝑅/𝑇1 cos(𝐵+1𝜃𝑛𝑜𝑚))

. Observe that this bias not only depends on𝐵+1, but also on 𝑇1,
which inDCE-MRI is not constant in time and the image intensity biaswill change over

the dynamic series. Generally, for any 𝐵+1 below 100%, the bias increases with increas-

ing 𝑇1; consequently when the 𝑇1 of tumor tissue drops due to contrast injection, the
DCE curve’s wash-in is reduced due to the counteracting effect of the intensity bias.

The opposite effect occurs when due to contrast wash-out the tumor’s 𝑇1 rises again,
leading to a compromised curve, shifted to appear more stable than the true curve.

Correction for this𝐵+1 effect is possible, using𝐵
+
1 fieldmapsandanestimateof𝑇1 before

contrast injection (9). It has been shown that applying 𝐵+1 correction at 3T has a sig-
nificant effect on the results of quantitative analysis and serves to reduce differences

in quantitative parameter estimations between the right and left breast (10). Recent

work shows that even at 1.5 T, refraining from 𝐵+1 field corrections, leads to a 50% esti-

mation error in tumor 𝑇1 and consequently a 41%estimation error in pharmacokinetic

parameters (11). At 7T, the𝐵+1 field variationsmanifest themselves on a smaller spatial
scale, such that variations within a single breast become significant. Therefore, when

applying DCE-MRI at 7T, corrections using 𝐵+1 fieldmaps are imperative.
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𝐵+1 field variations are much more significant on higher field strengths due to the re-
duced wave length of the radiofrequency (RF) field. At 7T, the proton excitation fre-

quency is 300MHz, leading to an RF wavelength of around 15 cm inside the body (as-

suming a relative permittivity around 60). The breasts however, contain high amounts

of fat, which has a relative permittivity that is an order of magnitude lower than that

ofmost other tissues. This leads to a longer RFwavelength inside the breasts, approxi-

mately 40 cm assuming a relative permittivity around 10. Such awavelength is usually

larger than the size of the imaged anatomy. In that case, the𝐵+1 field distributionwithin
the breast will mainly depend on the local transmit setup used, and hardly on the indi-

vidual anatomy. Therefore we hypothesize that one generic, coil-specific 𝐵+1 template
suits a wide range of subjects in the case of breast examinations with local transmit

coils. We set out to test our hypothesis at 7T, where local transmit is a commonly used

strategy to overcome RF inhomogeneity issues.

The advantages of using a generic 𝐵+1 template in a clinical setting are twofold. It elim-
inates the need to acquire a 𝐵+1 field map, saving scan time. Furthermore, 𝐵

+
1 mapping

techniques are known to be prone to noise andmany are only reliable within a certain

range (12,13). Since thegeneric template isbasedon (partly simulated)dataofmultiple

subjects, it is essentially noise-free and reliable in the full range of 𝐵+1 inhomogeneities
present. Thoughother techniques toestimate𝐵+1 inbreastwithoutacquiringfieldmaps
exist, these methods often rely on fat as a reference tissue (with a fixed 𝑇1) in order
to estimate 𝐵+1 in the parenchyma (14,15). Such methods may not be suitable for fat-
suppressed sequences and rely on extrapolation of a fitted field distribution outside

fatty regions. The template method presented is not hampered by these limitations

since 𝐵+1 distributions can be deducted regardless of the sequence used. This method
is limited only by the availability of a 𝐵+1 template of the used coil design.

Thepresentworkaims toexplore the feasibilityofusingageneric𝐵+1 templateby inves-
tigating the inter-subject differences in 𝐵+1 inhomogeneity. The work comprises both
simulated field maps and measured ones, in order to compare template performance

to the accuracy of 𝐵+1mapping.

2.2 Methods
In order to test our hypothesis that one generic, coil-specific 𝐵+1 template suits a wide
range of subjects when performing breast MRI with local transmit coils, a number of

experiments were performed. First, RF simulations from previous work were used to

create the template (Section2.2.1). Next,𝐵+1 and 𝑇1mappingwasperformedon15new
volunteers (Section 2.2.2) and their breast volume and composition were estimated

(Section 2.2.3). Section 2.2.4 describes Q-measurements of the coil we conducted to

investigate the influenceofbreast anatomyoncoil loading. Theacquired𝐵+1mapswere
used tocompareagainst thepredictionsmadeusing theconstructed template (Section

2.2.5). Finally, we tested the ability of the 𝐵+1 template predictions to correct 𝑇1 maps
for 𝐵+1 inhomogeneity corruption against 𝐵

+
1map corrected 𝑇1measurements (Section

2.2.6), usingmethodology that is common in quantitative DCE-MRI.

All experiments conducted were in accordance with the guidelines of the local ethical

committee and, prior to the exam,written informed consentwas obtained fromall vol-
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Figure 2.1: Schematic overview of the dual-channel unilateral breast coil for the detection of 31P and 1HMR

signals. The location of the two elements is illustrated by two ellipsoids on a transverseMR image of the human

breast. These elements are interfaced to the transmit (Tx) and receive (Rx) line of the 7T MR system using

bandstop filters, quadrature hybrids and preamplifiers as illustrated on the right. Reproduced from (16).

unteers.

2.2.1 Simulations and template construction

The coil setup used in this work was a quadrature setup illustrated in Figure 2.1 and

presented in earlier work by Klomp et al. (16). Their work also demonstrates the high

efficiency of this coil and its usefulness in imaging and spectroscopy applications for

7T breastMRI.

Finite difference time domain simulations of 𝐵+1 and 𝐵
−
1 distributions in five healthy fe-

male volunteers (V1-V5), presented in previous work, were used to investigate inter-

subject differences in 𝐵+1 distribution when using this local transmit coil setup at 7T
(17). In short, 𝐵1 field distributionswere calculated from personalized breast segmen-

tations obtained from 𝑇1wDixon scans fused with Virtual Family model Ella, and a 3D

model of the relevant MR equipment (18,19). Segmentations of glandular tissue, adi-

pose tissueandskinwereassigned their correspondingdielectric permittivity andcon-

ductivity values (20). Finite difference time domain simulations were conducted for

201.000 time steps of 3 x 10-12 s (1 Larmor period) with amesh of 2x2x2mm3, assum-

ing perfectly absorbing boundary layers. Convergence was assessed by visual inspec-

tion. Coil losses weren’t considered, since these have no impact on 𝐵+1 distributions.
Vitamin tablets were attached to the coil elements using adhesive tape, in order to

identify their position in the 𝑇1w scans. Though a limited number of volunteers was

used to conduct the simulations, volunteers were selected to represent a reasonably

wide range in breast anatomies, as can be appreciated from their 𝑇1w gradient echo

scans in Figure 2.2 and anatomical characteristics in Table 2.1. Due to missing data,

the simulation for V1 had to be excluded.

Inorder todirectlycomparethesimulated𝐵+1 and𝐵
−
1 fields, thatdidnotshareacommon

coordinate system, all simulatedfielddistributionswerealignedusingmulti-resolution

intensity-based rigid registration inelastix (21). For this purpose, amutual information
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V2 V3 V4 V5

Figure 2.2: Fat-suppressed T
1
w scans of the four included simulation volunteers (sagittal view). Bright dots

mark the location of vitamin tablets used to determine the position of the coil by Van der Velden et al. (17).

Table 2.1: Inclusion table reporting the breast volume and volumetric glandular percentage for all simulation

volunteers (V2-V5).

Subject Breast volume (cm3) Gland percentage

V2 756 17%

V3 777 29%

V4 285 33%

V5 474 44%

Mean 573 31%

SD 205 9%

Min 285 17%

Max 777 44%

similarity metric, third order B-spline interpolation and an Adaptive Stochastic Gradi-

entDescent optimizerwere used. This allows transmit coil alignment, since these coils

arepresent in the simulations ashyperintensefields closest to thecoil conductors. Dif-

ferences in RF amplification settings between volunteerswere overcomeby normaliz-

ing all simulations relative to the simulation of V5 (arbitrarily chosen). In order to do

so, the following intensity scaling factorwas applied to the simulated field distribution

for volunteers V2-V5:

𝑆𝑐𝑎𝑙𝑒 (𝑖) = median {∀ ⃗𝑟 ∶
𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛5( ⃗𝑟)
𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖( ⃗𝑟)

} (2.1)

where i is the volunteer number and ⃗𝑟 = (𝑥, 𝑦, 𝑧) the position in the simulation. Note
that the use of the median was preferred over the mean to ensure robustness against

outliers.

Subsequently the average of the rescaled simulation distributions of volunteer V2-V5

was taken, we denote these the 𝐵+1 and 𝐵
−
1 templates. Differences between volunteers

were assessed per volunteer by comparing each individual simulation result with the

𝐵+1 template. The comparison was quantified using mean difference, standard devia-
tion (SD) of difference and root mean square error (RMSE) metrics. All metrics were

calculated over all voxels within the breast region-of-interest, which was determined

previously (17). The 𝐵−1 templatewas created to facilitate 𝐵
+
1 template scaling using in-

formation obtained from the power optimization phase.
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2.2.2 Scanning protocol

In order to prospectively compare the accuracy of the template approach to 𝐵+1 map-
ping, a validation set of fifteen additional healthy female volunteers (S1-S15), mean

age 39 years (range 24-62, all ages are reported in Table 2.2), were scanned in prone

position using the same unilateral breast coil setup on a 7T whole-body MR system

(Achieva; Philips, Cleveland,Ohio, USA) (16). A 3D𝐵+1mapwas acquired using the dual
refocusing echo acquisitionmode (DREAM) techniquewith the following parameters:

pulse repetition time 4.0 ms, stimulated echo time 1.49 ms, free induction decay echo

time1.97ms,2.5mmisotropic resolution, preparationangle55°, imagingangle25°, and

turbo field echo factor 32 (12). For three volunteers, S13-S15, the DREAM 𝐵+1 acqui-
sition was repeated, to compare the accuracy of the proposed template method with

the variation between repeatedmeasures. 3D 𝑇1weighted gradient echo imageswere
acquired at four flip angles (2°, 4°, 13° and 27°) using Dixon water-fat separation with

parameters: in-phase echo time 1.97 ms, out-phase echo time 4.4 ms, repetition time

6.0 ms, and 1.5 mm isotropic resolution (19). Both scans were planned according to a

fast survey scan, measurements obtained during this scan’s power optimization phase

were logged and later used in template scaling. Scan parameters for both sequences

are summarized in Table 2.3. The 𝐵+1 map and variable flip angle images allowed the
calculation of 𝑇1 maps using the driven-equilibrium single-pulse observation of 𝑇1 re-
laxation (DESPOT1) technique (22); seeSection2.2.6 formoredetails andtherationale

behind the choice of angles.

2.2.3 Estimating breast volume and composition

For all volunteers estimates of breast volume and composition were calculated. Since

thepectoralmusclewasnotvisible forall volunteersdueto the limitedrangewhere the

coil transmits and receives sufficient signal, estimates of breast volumewere obtained

using the method described by Katariya et al. (23) on transversal maximum intensity

projections. Though this method is rather simplistic and potentially imprecise, it has

been shown to be highly reproducible, correlated with mastectomy excision volume

and allows for comparison with published population data (24,25). The Dixon water

and fat reconstructions were used to estimate volumetric gland percentage for each

volunteer.

2.2.4 Q factormeasurements

In order to check individual differences of coil loading, all volunteers (S1-S15) were

asked to return on a different day to perform additional 𝑄 factor measurements. Out

of 15, 9 volunteerswere able to participate and in1 volunteer themeasurement failed,

leading to8useabledatapoints. Measurementswereperformedusing apurpose-built

coil that contained a replica of the innermost element of the coil that was used in the

MR experiments. The mechanics of the setup were identical to the setup used in the

scanner. The 𝑄 factor (defined as central resonance frequency over bandwidth) was

determined using a network analyzer. Volunteers were asked to lie down in prone po-

sition on the setup as they did in the scanner, positioning the arms on their back. Val-

ues for 𝑄 both with and without loading were recorded for each volunteer, the ratio

𝑄𝑢𝑛𝑙𝑜𝑎𝑑𝑒𝑑/𝑄𝑙𝑜𝑎𝑑𝑒𝑑was calculated as ameasure for coil loading. The ratios were plotted
against breast volumeandvolumetric glandular percentage for eachvolunteer, a trend

line was calculated using analytical ordinary least squares estimation.
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Table 2.2: Inclusion table reporting the age, breast volume, volumetric glandular percentage and the ratio

Q
unloaded

/Q
loaded

for all validation volunteers (S1-S15).

Subject Age

(years)

Breast volume

(cm3)

Gland

percentage

Q
unloaded

/

Q
loaded

S1 24 495 28% –

S2 26 479 28% 3.2

S3 24 638 64% 5.2

S4 25 382 26% 3.7

S5 30 309 25% 3.7

S6 33 213 38% 3.9

S7 57 184 17% 3.0

S8 62 570 10% –

S9 45 1032 7.2% –

S10 55 235 24% 2.8

S11 53 928 7.5% 4.5

S12 40 707 41% –

S13 28 129 87% –

S14 24 351 81% –

S15 28 494 35% –

Mean 36.9 476 35% 3.7

SD 13.4 256 25% 0.74

Min 24 129 7.2% 2.8

Max 62 1032 87% 5.2

2.2.5 Comparing B
1
+ template andmeasuredmaps

Rigid registration was applied to the 𝐵+1 template to facilitate direct comparison with
the measured 𝐵+1 map for every volunteer. The map was masked before registration
to exclude regions where a 𝐵+1 reconstruction was not available. The template was
masked by thresholding to exclude values corresponding to flip angles below 20% and

above 100% of the nominal flip angle. All values higher than 100% are very close to or

in coil elements, the bottom cut-off of 20% was empirically chosen to avoid registra-

tion of the edge of themap to the edge of the template. In the resulting binary image, a

3D connected components algorithm using a 6-connected neighborhood was used to

find connected regions. The largest connected component was selected as the mask.

Multi-resolution intensity-based rigid registration was applied in elastix, using a mu-

tual information similarity metric, B-spline interpolation and an Adaptive Stochastic

Gradient Descent optimizer.

Subsequently, the 𝐵+1 values of the registered template were intensity scaled using in-
formation from the scanner’s power optimization phase. During this phase, a global

𝐵+1 level (PO 𝐵+1) for the sample is measured. Using scanner log data from the power
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Table 2.3: Summary of scan parameters per sequence. Abbreviations: DREAM - Dual Refocusing Echo Acqui-

sitionMode, 3D – three-dimensional acquisition, RF - radiofrequency, TR - repetition time, TE - echo time, SE -

Spin Echo, FID - Free Induction Decay, IP - In Phase, OP - Opposite Phase, TFE - Turbo Field Echo.

DREAM

B
1
+map

Dual-echo

gradient echo

(4x)

Survey

(3D, fast RF-spoiled

gradient echo)

TR

(ms)

4 6 6

TE

(ms)

SE: 1.49

FID: 1.97

IP: 1.97

OP: 4.4

1.25

Resolution

(mm3)

2.5x2.5x2.5 1.5x1.5x1.5 3x3x10

Flip angle

(°)

Preparation: 55

Imaging: 25

2 / 4 / 13 / 27 10

Other

parameters

TFE acceleration

factor: 32

Dixonwater &

fat images

Reconstructed to

2x2x5mm3

optimization phase for all volunteers, a calibration line was determined between this

global PO𝐵+1 and an average𝐵
+
1 value determined from the registered template, scaled

to match the measured 𝐵+1 map (i.e. the best possible template scale for every volun-
teer). Taking into account the global nature of the PO 𝐵+1, the average 𝐵

+
1 value was

weightedwith both 𝐵+1 and 𝐵
−
1: 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 |𝐵

+
1| =

∑∀𝑟∈𝑀 ((𝐵
−
1(𝑟)⋅𝐵

+
1(𝑟))𝐵

+
1(𝑟))

∑∀𝑟∈𝑀(𝐵
−
1(𝑟)⋅𝐵

+
1(𝑟))

, whereM is amask

created by thresholding the survey scan usingOtsu’smethod (26). The calibration line

obtained in this fashion was subsequently used to scale each registered 𝐵+1 template,
independently of their measured 𝐵+1map.

Themap and the registered template were compared on individual bases through cal-

culation of the RMSE, mean error and SD of the error per volunteer and a total mean

absolute error for the validation set. Additionally, a Bland-Altman density plot was

created, showing the agreement between the measured 𝐵+1 map and the registered
and scaled template for all fifteen volunteers (S1-S15). As suggested by Bland & Alt-

man, the same kind of plot was created for two repeated DREAM-based 𝐵+1 mapping
measurements to study repeatability (27). This allowed for comparison of the limits of

agreement between the templatemethod and theDREAMmethodwith the degree of

variation between repeated 𝐵+1mapping procedures for volunteers S13-S15.

2.2.6 T
1
mapping

As is commonly done in quantitative DCE-MRI, we used 𝐵+1 maps to correct for

the effects of 𝐵+1 inhomogeneities using a variable flip-angle 𝑇1 mapping method

(10,11,22,28,29). This method uses several 𝑇1-weighted gradient echo scans at differ-
ent flip angles to estimate the 𝑇1 value at every recorded voxel by performing a fit of
the signal equation, which is a function of the applied flip angle. Since this is a voxel-

wisemethod, 𝐵+1 correction can be easily applied by fitting the functionwhile using the
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Figure 2.3: T
1
-to-noise ratio (T

1
NR) of the variable-flip-angle acquisition scheme, when using the DESPOT1

analysis method. Profiles for T
1
-to-noise are plotted for three levels of B

1
+; vertical lines indicate the T

1
for

glandular tissue (2200ms) and fat (600ms).

actual flip angle as the independent variable, i.e. the nominal angle multiplied by the

value in the 𝐵+1map for that voxel.

The flip-angle combination was chosen by taking into consideration the notions put

forth byDeoni et al. (30), ensuring an accurate 𝑇1measurement over thewide𝐵
+
1 range

(50 – 120%of the nominal angle) and thewide 𝑇1 range (600 – 2200ms) present in the
breast. To determine the best flip-angle combination, all combinations of four integer

angles in the range 1 - 90°were tested and the 𝑇1-to-noise-ratio (𝑇1NR)was calculated
foreverycombinationofangleswith𝑇1 set toeither600or2200msand𝐵

+
1 set toeither

50%or 120%of the nominal angle. The sumover all four combinations of𝐵+1 and 𝑇1 for
𝑇1NR determined the suitability of every combination of angles. Figure 2.3 shows the
𝑇1NR using the selected flip angle combination (2°, 4°, 13° and 27°) over a wide range
of 𝑇1 values for three levels of 𝐵

+
1.

𝑇1maps were calculated from the data using the DESPOT1method (22). In the fitting

procedure, the independent variable was either the nominal angle, the angle as mea-

sured by theDREAMsequence or the angle as predicted by the template. This leads to

𝑇1maps that arenot corrected for𝐵
+
1, correctedby theDREAM𝐵+1 dataor correctedby

the generic𝐵+1 template respectively. TheSDof the 𝑇1 estimatewas calculated in every
voxel, following themethodology described in (30). An estimate of the noise level was

obtained by taking the SD of the image intensity in anatomy-free regions of the gradi-

ent echo images. Finally, all voxels for which the SD in the 𝑇1 estimate was larger than
100 ms were (empirically) considered unreliable and excluded (the average exclusion

percentage was 10.3% of all voxels inside the region where the DREAM 𝐵+1 map was
defined).

The obtained 𝑇1mapswere analyzedby comparing themeasurements corrected using
themeasuredmap vs using the template. The 𝑇1 estimates were compared on individ-
ual bases through calculation of the RMSE, mean error and SD of the error.
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Table 2.4: Comparison between individual B
1
+ simulations and the generic template for all simulation volun-

teers (V2-V5). Abbreviation: % ona - percentage of nominal angle.

Subject Mean error (% ona) SD of error (% ona) RMSE (% ona)

V2 0.87 3.92 4.01

V3 0.80 2.24 2.38

V4 -1.42 1.85 2.34

V5 0.35 1.97 2.00

Mean 0.15 2.50 2.68

SD 0.93 0.83 0.78

Min -1.42 1.85 2.00

Max 0.87 3.92 4.01

2.3 Results
Table 2.1 shows the breast volume and volumetric glandular percentage of all simula-

tion volunteers; Table 2.2 shows the same for all validation volunteers. In the simu-

lation set, breast volume ranged from 285 to 777 cm3, glandular percentage from 17

to 44%; in the validation set, breast volume ranged from 129 to 1032 cm3, glandular

percentage from 7 to 87%.

The difference between the constructed generic template and every individual volun-

teer’s simulation is shown in Figure 2.4. Panel B shows that the differences between

individuals are small particularly compared to the large dynamic range in 𝐵+1 in each
individual. As Table 2.4 shows, the mean RMSE between the generic template and in-

dividual simulations was 2.68% of the nominal angle, while in the worst agreeing vol-

unteer (V2) this was 4.01%.

Measurements for𝑄𝑢𝑛𝑙𝑜𝑎𝑑𝑒𝑑/𝑄𝑙𝑜𝑎𝑑𝑒𝑑 ranged from2.8 to 5.2. Measurements per volun-

teer are reported in Table 2.2.

The calibration line used in power optimization-based scaling of the template is shown

in Figure 2.5. The calibration line fit had an adjusted 𝑅2 of 0.825. The (registered and
scaled) generic templateand themeasured𝐵+1maparesimilar, as canbeappreciatedvi-
sually fromFigure 2.6. It shows both the bestmatching case (S6) and theworstmatch-

ing case (S11), based on the RMSE. Table 2.5 shows statistics for all volunteers (S1-

S15). Themean RMSE between the generic template and individual prospective mea-

surements was 11.7% of the nominal angle, the total mean absolute error was 5.37%.

TheBland-Altmananalysis of all volunteers in Figure2.7, panelA shows that in regions

with low 𝐵+1 the measured maps and generic template agree less than areas with high
𝐵+1. Panel B shows the same analysis for a subset, only data from volunteers S13-S15

has been included. Panel C shows a Bland-Altman of repeatedDREAM𝐵+1mapping for
the same volunteers (S13-S15), note that the limits of agreement in panel B are 12%

wider than in panel C.

𝑇1 estimates calculatedwithDESPOT1and eithermap-based or template-based𝐵
+
1 in-

formation are close, as can be appreciated visually in Figure 2.8 for volunteer S1. Table
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A

B C

Figure 2.4: A: Absolute difference between mean B
1
+ (template) and individual simulations. B: Line profiles

corresponding to same-colored lines in A. C: Histogram of difference between template and simulation of vol-

unteer 2 (which showed least agreement).
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Figure 2.5: Calibration line for B
1
+ template scaling. The global B

1
+measured during the scanners power opti-

mization phase is regressed against aweighted average of the B
1
+ template, scaled tomatch themeasured B

1
+

map. Adjusted R2 of the fit is 0.825. Abbreviation: PO - PowerOptimization.

S6

S11

Figure 2.6: For volunteer S6(top row) and volunteer S11(bottom row), from left to right: B
1
+ map measured

withDREAM technique; B
1
+ template registered and scaled tomeasuredmap, red line indicates breast outline

as in first panel; Difference between template and map; Histogram of difference between template and map.

Abbreviation: DREAM -Dual Refocusing Echo AcquisitionMode.
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Table 2.5: Comparison between individual B
1
+ measurements and the generic template for all validation vol-

unteers (S1-S15). Abbreviation: % ona - percentage of nominal angle.

Subject Mean error (% ona) SD of error (% ona) RMSE (% ona)

S1 -1.9 11 11

S2 7.9 9.4 12

S3 -0.93 12 12

S4 4.9 8.3 9.6

S5 3.9 7.5 8.4

S6 -4.2 7.0 8.1

S7 -6.3 8.4 10

S8 3.0 10 10

S9 5.6 12 14

S10 2.2 9.0 9.3

S11 9.2 13 16

S12 8.8 12 15

S13 -10 11 15

S14 -5.5 11 13

S15 -6.1 11 12

Mean 0.710 10.2 11.7

SD 5.96 1.85 2.34

Min -10 7.0 8.1

Max 9.2 13 16
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Figure 2.7: A: Bland-Altman analysis of the registered templates and measured maps for all volunteers (S1-

S15). The data is visualized using a density histogram, the scale bar on the right indicates the amount of counts

in each bin. B: Bland-Altman analysis of a subset of the data displayed in A, only volunteers S13-S15 are shown.

C: Bland-Altman analysis of repeatedmeasured B
1
+maps of volunteers S13-S15.
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Figure 2.8: For volunteer S1, from left to right: T
1
map using DESPOT1 and no B

1
+ correction; T

1
map us-

ing DESPOT1 and B
1
+ mapmeasured with DREAM; T

1
map using DESPOT1 and B

1
+ template registered and

scaled tomeasuredmap. Abbreviations: DESPOT1 - Driven-Equilibrium Single-Pulse Observation of T
1
relax-

ation, DREAM -Dual Refocusing Echo AcquisitionMode.

2.6 shows a quantitative analysis for all volunteers (S1-S15), themean RMSEwas 318

ms.

2.4 Discussion
Our results from the simulations show that differences in𝐵+1 distributions in thebreast
between volunteers covering awide anatomical range are generally very small, only in

the order of 2-3%. This amount of variation is of the same order of magnitude as the

accuracy of popular𝐵+1mappingmethods (31). This is a strong indication that in breast
MRI with local RF transmit coils at 7T or lower, resorting to field mapping for every

subject is unnecessary.

The width of the anatomical range of the validation set, quantified in Table 2.2, is sub-

stantial, both in terms of breast volume and glandular percentage. Comparing our dis-

tribution of breast volumes to that of 225 healthy women in (24), shows that we have

captured a wide range, except for the high end of the spectrum since themaximum in-

cluded volume is only one standard deviation away from the reported average; sadly

our coil setup and non-wide boreMR system are incapable of accommodating women

with higher breast volumes. The included range of breast densities is also broadwhen

compared to a representative group of 531 consecutively included patients receiving

breastMRI; the largest reported volumetric glandular percentage is 50% in (32). Note

thatGubern-Mérida et al. showed that volumetric estimations of breast density based

onMRI tend to underestimate BI-RADS (Breast Imaging Reporting and Data System)

density scores and that in their study of 132 women from a high-risk group with com-

parable age characteristics to our study, none of the subjects had a percentage higher

than 60% (33). The width of the simulation set is inevitably smaller, due to the small

number of four included volunteers. Yet it captures a reasonably wide range (at least

one standard deviation from the average for both breast density and volume) and, ar-

guably, our results obtained with only the limited simulation set make the case for a

template-based 𝐵+1 estimation only stronger.

Our results from the measured 𝐵+1 maps show that a generic template can accommo-

date volunteers over a wide range of breast anatomies. The Bland-Altman analysis in

Figure 2.7A makes clear that the measured maps are interchangeable with the regis-

tered and scaled generic template, within the range between the limits of agreement
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Table 2.6: Comparison between the DREAM-corrected and template-corrected measurements of T
1
(ms) for

all validation volunteers (S1-S15). Abbreviation: DREAM -Dual Refocusing Echo AcquisitionMode.

Subject Mean error (ms) SD of error (ms) RMSE (ms)

S1 -54 171 180

S2 213 255 332

S3 -80 231 244

S4 160 215 268

S5 146 295 329

S6 -144 201 248

S7 -232 261 349

S8 -47 225 230

S9 -66 184 196

S10 -23 286 287

S11 -110 165 199

S12 -181 353 397

S13 -586 359 687

S14 300 400 500

S15 187 272 331

Mean -34 258 318

SD 213 68 128

Min -586 165 180

Max 300 400 687

(-26.5% - +22.0% of the nominal angle). In other words, if one is satisfiedwith an error

between the two methods up to approximately 20% of the nominal angle, the meth-

ods may be exchanged. Note that the range of agreement is considerably narrower

(and thus better) if one were to exclude regions where 𝐵+1 is low, where the measured
maps are unreliable (12). In those regions, the generic template might actually be at

an advantage, since it does not suffer from such a limitation and is noise-free in na-

ture. To investigate whether the observed limits of agreement between the proposed

template method and the DREAMmethod are acceptable, Figure 2.7B and 2.7C show

the results for three volunteers (S13-S15) of an identical Bland-Altman analysis be-

tweenmeasured data and proposed template (2.7B) and betweenmeasured data and

repeated measurement (2.7C) respectively. The range between the limits of agree-

ment is slightly larger for the template than for repeated measurements: where re-

peated measurements had an error of up to 15% of the nominal angle for volunteers

S13-S15, this range increased with approximately 6% using a 𝐵+1 template. The bias
that can be observed in Figure 2.7B is mainly due to the use of the calibration line for

template scaling, and this bias will differ for each volunteer. Note from Table 2.5 that

volunteers S13-S15 all have quite largemean errors, which explains the highmeanoff-

set (bias) in Figure 2.7B; for most subjects, this bias will be smaller.
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It is clear from Figure 2.8 that the 𝐵+1 corrected DESPOT1-based 𝑇1maps are substan-
tially more homogeneous in both lipids and glandular tissue, irrespective of whether

the 𝐵+1 information comes from a map or the template. When comparing the analyses

in Table 2.5 and Table 2.6 it is clear that the mean errors in 𝐵+1 propagate into mean
errors in 𝑇1 estimates. In all cases but one, the standard deviation of the error distri-
bution is bigger than themean error, whichmeans that the twomeasurements of 𝑇1 do
not significantly differ.

A limitation of this study is the fact that we have to rely on RF simulations to be able

to construct the template. Several studies, however, have shown that these kinds of

simulations are able to accurately predict 𝐵+1 distributions and show high agreement

betweenmeasuredandsimulatedfieldmaps (34-37). The fact thatall simulationswere

performed using a single bodymodel with different breast models may further impact

the validity of our simulations, though since local transmit coils were used, the effect

will be limited to an increase or decrease of the total efficiency. If this effect is present,

it will be corrected by the intensity scaling of the registered template (Section 2.2.5).

The results of the𝑄measurements also contribute to this conclusion. While they show

that tissue load is dominant (𝑄𝑢𝑛𝑙𝑜𝑎𝑑𝑒𝑑/𝑄𝑙𝑜𝑎𝑑𝑒𝑑 was around 4 for all volunteers), they
also show that even with breast volume changes up to a factor 5, load variations were

allwithin30%of𝑄𝑢𝑛𝑙𝑜𝑎𝑑𝑒𝑑/𝑄𝑙𝑜𝑎𝑑𝑒𝑑 =4. Thismeans that thebiggest tissue load is caused
by the rest of the body and that the 𝑄 variance with over breast anatomies is limited,

analogous to our results in 𝐵+1. Probably, the RF eddy currents that occur in the rest of
thebodymaypredominantly havea local𝐵+1 effect that is either of insufficient strength
to effect the 𝐵+1 in the breast, or hardly differs from the effects observed in the Virtual

Family model (Ella).

Though this chapter only demonstrates the use of a template for a unilateral breast

coil, we believe this can be extended to bilateral cases. Hardware developments in

high-field MRI tend to go towards parallel multi-transmit systems where amplitude

and phase of all coil elements can be steered individually. In such setups, regarding

each breast independently in terms of 𝐵+1 is a reasonable assumption.

It is of note that demonstrating agreement between measured and simulated 𝐵+1 dis-
tributions is often used to validate predictions in specific absorption rate (SAR).While

ourwork shows that 𝐵+1 distributions in the breast are very similar from person to per-

son, the same does not necessarily hold for SAR. In fact, in recent work by Alon et al.,

it was demonstrated that 𝐵+1 distributions tend to be correlated over samples, but the
same did not hold for SAR (38). Therefore, they conclude that using 𝐵+1 distributions
to validate SAR predictions should be done with caution. The present work serves as

further proof to the statement that 𝐵+1 distributions tend to have high correlations be-
tween subjects; this is the very phenomenon we exploit when constructing and using

a 𝐵+1 template.

Implementation of the generic template approach in a clinical setting requires knowl-

edge on both the position of the transmit coil in the image and the amount of template

scaling that is needed for each subject. In many setups, the position of the coil is fixed

on thebed, eliminating the positioning problemaltogether. Wehave solved the scaling

issue by using readily available information from the power optimization phase and
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the survey scan, information that will be present in any clinical protocol. This strat-

egy brings a dependence of the template’s performance on the goodness of fit of the

calibration line of Figure 2.5: a large variation from the calibration line causes a large

mean error (bias) in the resulting template-based 𝐵+1 distribution. As reported in Table
2.5, the standard deviation of the mean error was 5.96% of the nominal angle; in the

ideal situation where the scaling is calculated directly from a measured 𝐵+1 map, this
standard deviation reduces to 1.78%of the nominal angle. Themain reason for the re-

duced performance (and the goodness of fit of the calibration line) might be that the

𝐵+1 measured during the power optimization procedure is non-localized. Therefore, it
wasassumedthat themeasured𝐵+1 levelduring thepoweroptimizationwasaweighted
average over the entire imaged region that contained tissue. The differences in mean

error between volunteers may be further reduced when a localized power optimiza-

tionmethod is employed for template scaling (39).

In conclusion, simulations show that inter-subject differences in𝐵+1 fields of the breast
at 7T are comparable to the accuracy of popular 𝐵+1 mapping methods reported in lit-
erature. Consequently, we have shown that, at the cost of a small loss in accuracy (the

range of agreement increased from±16%of the nominal angle for repeatedmeasure-

ment to ± 22% for the 𝐵+1 template), using a generic 𝐵
+
1 template to account for sub-

stantial RF transmit inhomogeneity in 𝑇1mappingmay be feasible across a wide range
of volunteers.
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Abstract

Purpose

Inhomogeneous excitation at ultrahigh field strengths (7 T and above) compromises

the reliability of quantified dynamic contrast-enhanced breast MRI. This can hamper

the introduction of ultrahigh field MRI into the clinic. Compensation for this non-

uniformity effect can consist of both hardware improvements and post-acquisition

corrections. This chapter investigates the correctable radiofrequency transmit (𝐵+1)
range post-acquisition in both simulations and patient data for 7TMRI.

Methods

Simulationsare conducted todetermine theminimum𝐵+1 level atwhich correctionsare
still beneficial due to noise amplification. Two correction strategies leading to differ-

ences in noise amplification are tested. The effect of the corrections on a 7 T patient

dataset (N=38) with awide range of 𝐵+1 levels is investigated in terms of time-intensity
curve types as well as washin, washout and peak enhancement values.

Results

In simulations, the lowest 𝐵+1 level at which the signal-to-noise ratio of the corrected
images was at least that of the original precontrast image was 43% of the nominal an-

gle. After correction, time-intensity curve types changed in 24% of included patients

and the distribution of curve types corresponded better to the distribution found in

literature. Additionally, the overlap between the distributions of washin, washout and

peak enhancement values for grade 1 and grade 2 tumors was reduced.

Conclusion

Post-acquisition correction for inhomogeneous excitation is feasible down to𝐵+1 levels
of 43% of the nominal angle, if accurate 𝐵+1 maps are available. Correcting DCE-MRI

for 𝐵+1 non-uniformity might increase the performance of grade predictionmodels.
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3.1 Introduction
Themost used sequence in breastMRI is dynamic contrast-enhancedMRI (DCE-MRI).

It has a high diagnostic power due to its ability to detect abnormalities and to differ-

entiate malignant from benign lesions (1,2). To a great extent, its diagnostic power is

based on differences in dynamics of contrast agent uptake. These differences in con-

trast agent uptake have led to the characterization of time-intensity curves (TICs) into

three categories: type I curves, which showsteady enhancement; type II curves, which

show a plateau; or type III curves, which show awashout (3).

Currently, breast MR examinations are routinely performed at field strengths up to 3

T. Efforts are underway to enable breastMRI at ultrahigh field strengths,most notably

7 T. Advantages of performing MR at ultrahigh field strengths include a higher signal-

to-noise ratio (SNR) and a higher chemical shift (4). The first advantage can be used to

increase spatial resolution,whichhasbeen shown tobe feasible in a clinical setting and

might have potential for earlier and better diagnosis (5,6). Additionally, a better spa-

tial resolution enables the assessment of tumor heterogeneity (7). The second advan-

tage can be used to measure tumor metabolism using spectroscopy techniques. Mea-

surements of this kind may be able to predict the response to neoadjuvant therapy in

an early stage of treatment (8,9). A multiparametric analysis combining phosphorous

spectroscopywithDCE-MRI achieves a better agreementwith postoperative findings

than the conventional preoperative workup (10).

A major factor hampering the clinical acceptance of ultrahigh field breast MRI in the

clinic is the fact that time-intensity curves acquired duringDCE-MRI acquisitionsmay

be unreliable due to radiofrequency transmit (𝐵+1) inhomogeneities (11,12). The unre-
liability of TICs inDCE-MRI is caused by𝐵+1 field inhomogeneities, which increasewith
increasing field strengths (4). A lower 𝐵+1 level means that spins experience a lower RF
excitationangle and consequently a lower amountof𝑇1 saturation is applied. ForDCE-
MRI, this means that a decrease in 𝐵+1 level causes a decrease in sensitivity to changes
in 𝑇1 and ultimately a flattening of TICs, as illustrated in Figure 3.1.

The most obvious solution may be to tackle the problem at the source: improve the

homogeneity of the 𝐵+1 field. In recent years, progress has been made in the field of
radiofrequency coil design towards that end (13,14). However, a completely homo-

geneous 𝐵+1 field is nontrivial to achieve even with state-of-the-art hardware, so some
amount of field inhomogeneity is always expected. This is illustrated by recent works

showing that corrections for 𝐵+1 can be beneficial even at 1.5 T and 3 T (15,16).

DCE scans can be corrected for inhomogeneous 𝐵+1 effects post-acquisition if the 𝐵
+
1

field distribution is known. Haacke et al. described an approach to quantify 𝑇1 at every
time point in a DCE time series that allows straightforward incorporation of 𝐵+1 field
maps to calculate unbiased estimates of 𝑇1 (17). From these estimates, synthetic MR

images corrected for 𝐵+1 can be generated. However, since this method is based on the
ratio of each postcontrast image with the precontrast image, the resulting SNR is lim-

ited by the low SNR of the precontrast image. We investigate a simplification of this

two-step approach to limit the amount of noise amplification in the corrected images.

Even though𝐵+1 corrections post-acquisition are possible, the correctable rangewill be

45



3

0 50 100 150 200 250 300 350
Time (s)

0.4

0.5

0.6

0.7

0.8

0.9

1

S
ig

n
al

 (
n
or

m
al

iz
ed

)

30%
50%
70%
100%

B
1
+ level

Figure3.1: InfluenceofB
1
+ on time-intensity curves inDCE-MRI. LowB

1
+ induces a type II plateau curve, even

in tumors that should show a type III washout curve. Each curve has been normalized to its own maximum for

clarity. Abbreviation: DCE-MRI - Dynamic Contrast-EnhancedMagnetic Resonance Imaging.

limitedbytheabsoluteamountof signal that isgeneratedat theactualflipangle. Figure

3.2A shows the amount of signal generated for a range of flip angles by an enhancing

tumor, assuming a spoiled gradient echo imaging sequencewith a TR of 5.8ms (as was

used in this study) and enhancing signal from tumor tissue with a 𝑇1 of 400 ms. If an
imaging angle above the Ernst angle is used, e.g. 15° as in this study, there will be a

lower angle that generates the sameamountof signal, in this example that is 6.3°. Thus,

onemight think that the rangeof𝐵+1 atwhich correction is still possible extends at least
as far as 6.3/15 = 42% of the nominal angle. However, a decrease in flip angle not only

induces a change in signal intensity, it also means a decrease in 𝑇1 sensitivity. Figure
3.2B shows the change in signal induced by a change in 𝑇1. Even though at an imaging
angle of 6.3° the amount of generated signal is equivalent, the sensitivity of the signal

to changes in 𝑇1 is only 41.8% of the sensitivity at the nominal angle. This decrease in

sensitivity to changes in 𝑇1, and ultimately to changes in contrast uptake, will further
limit the correctable 𝐵+1 range.

This chapter will investigate the 𝐵+1 range in which DCE-MRI is still correctable post-

acquisition. This will ultimately dictate the degree of homogeneity of the 𝐵+1 field that
coildesignersneedtoachieve. This studywill includebothsimulationsandpatientdata

obtained at 7 T, which were acquired with a large variation in 𝐵+1 levels. Furthermore,
we will look at the effect of correction on the patient data with respect to individual

time-intensity curves and curve types, aswell as to imaging features and grade predic-

tion.
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Figure 3.2: A: Signal intensity (S) versus flip angle. In case of a nominal imaging angle above the Ernst angle

(θ
Ernst

), a lower flip angle can be found that produces the same signal intensity, the equivalent angle. The range

between thenominal angle and theequivalent angledetermines theB
1
+ buffer in termsof signal loss. B:Deriva-

tive of the signal intensity with respect to T
1
versus flip angle. The sensitivity to T

1
changes decreases rapidly

for low flip angles. This limits the correctable B
1
+ range further.

3.2 Methods

3.2.1 Correction strategies

Themeasured signal inDCEMRI canbedescribedusing the signal equation for spoiled

gradient echo acquisitions:

𝑆(𝜃) = 𝜌
sin(𝜃)(1 − 𝑒−𝑇𝑅/𝑇1)
1 − cos(𝜃)𝑒−𝑇𝑅/𝑇1

(3.1)

where S is the MR signal, 𝜃 is the flip angle, 𝜌 is the proton density weighted with the
sensitivity of theMR system’s receive chain, TR is the repetition time and 𝑇1 is the lon-
gitudinal relaxation time.

Two correction strategies were implemented in MATLAB (R2017b, Natick, MA). The

first strategy was based on the 𝑇1 quantification method of Haacke et al. (17). Using
thismethod, a 𝑇1 value at every time pointwas calculated using𝐵

+
1 information and as-

suming a fixed 𝑇1 of glandular tissue. For all patients in the dataset, a fixed precontrast
𝑇1 value was assumed as proposed by Haacke et al. The value that was used was 2100
ms, which corresponds to the average of a previously measured group of healthy vol-

unteers (18). Subsequently, syntheticMR imageswere calculated using the calculated
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𝑇1 maps, the protocol TR, nominal flip angle and an estimated 𝜌-map. The 𝜌-map was
estimated using the precontrast image, by inverting the signal equation (Equation 3.1).

ThemethodofHaacke et al. wasdevised toachievequantificationof contrast enhance-

ment in DCE-MRI. This quantification is achieved by measuring the ratio of the signal

intensity at every time point with respect to the precontrast signal intensity, at which

the 𝑇1 is known or assumed. This ratio image can only be reliably calculated if all post-
contrast images align well with the precontrast image. Moreover, the SNR of the re-

sulting images is limited by the SNR of the noisiest image in the DCE series, usually

the precontrast image. Since the goal of the current study is not to quantify the con-

trast enhancement, but to correct for 𝐵+1 inhomogeneity, a more direct approach was
devised. This approachcircumvents the calculationof the ratiowith respect to thepre-

contrast image and skips the 𝑇1 quantification step.

The proposed method aims to achieve a direct mapping from the measured signal in-

tensities to the true, or corrected, signal intensities. Such a mapping can be achieved

analytically, starting with the signal equation for spoiled gradient echo acquisitions

as described by Equation 3.1. The measured signal at any 𝐵+1 level is then given by
𝑆(𝑓𝜃𝑛𝑜𝑚), with f the𝐵

+
1 fractionand𝜃𝑛𝑜𝑚 thenominal flip angle. Therefore, the relation-

shipbetweenmeasuredand truesignal intensities canbedescribedusing the following

system of equations:

{
𝑀 = 𝑆(𝑓 𝜃𝑛𝑜𝑚)
𝑇 = 𝑆(𝜃𝑛𝑜𝑚)

(3.2)

whereM is themeasured signal at𝐵+1 level f andT is the true signal at a𝐵
+
1 level of100%.

The system inEquation3.2 canbe solved for the true signal T,which gives adirectmap-

ping frommeasured signal intensities to true signal intensities:

𝑇 (𝑀, 𝑓) =
𝑀 𝜌 sin(𝜃𝑛𝑜𝑚)(cos (𝑓 𝜃𝑛𝑜𝑚) − 1)

𝑀 (cos (𝑓 𝜃𝑛𝑜𝑚) − cos (𝜃𝑛𝑜𝑚)) + 𝜌 sin(𝑓 𝜃𝑛𝑜𝑚)(cos (𝜃𝑛𝑜𝑚) − 1)
(3.3)

Figure 3.3 shows a plot of this direct signal intensity mapping for several levels of 𝐵+1.

Note that the direct signal intensity mapping of Equation 3.3 still depends on 𝜌. In the
Haacke-based correction strategy, a 𝜌-map was estimated using the precontrast im-
age, by inverting the signal equation (Equation 3.1). In order to avoid introducing a 𝜌-
map as another source of noise into our correction strategy, we use assume value for

theentire scan. Although this is a simplification, thedirectmappingofEquation3.3 still

preserves protondensity contrast from themeasured image in the corrected image. In

most cases, the average estimated 𝜌 in the tumor was used. However, there is a theo-
retical maximum signal intensity, which is given by 𝑆𝑚𝑎𝑥 = 𝜌 sin(𝑓 𝜃𝑛𝑜𝑚). To avoid the
highlynoncontinuousbehaviorofEquation3.3 thatoccurs forhighvaluesofM(see the

inset of Figure 3.3), scans that measured a signal intensity higher than this theoretical

maximum were treated differently. For these scans, a heuristic approach was taken:

theminimum 𝜌 required to explain the highest measured signal in the tumor was used
instead of the average 𝜌 in the tumor.
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Figure 3.3: True vs measured image intensity at different B
1
+ levels. This direct mapping is the basis of the

proposed correction mechanism. The inset shows the nonlinear behavior of this mechanism for measured im-

age intensity levels higher than the theoretical maximum: the blue curve shows the mapping from measured

signals to corrected signals for a B
1
+ level of 40% and the red dot indicates the theoretical maximum signal.

Abbreviation: A.U. - Arbitrary Units.

3.2.2 Simulations

In order to investigate theamountof noise amplificationof both theHaacke-basedand

the proposed direct correction method, a time-intensity curve was simulated at 100

𝐵+1 levels ranging from1% to 100%of the nominal anglewith 1% increments. Gaussian

noisewas added to the signal such that the SNRwas 20, where SNR is defined as aver-

age over standard deviation in the precontrast image. Each curvewas simulated 3375

times for different noise instances. In order to investigate at which 𝐵+1 level the curves
no longer benefit fromcorrection due to noise amplification, the SNRand standardde-

viation of the simulated and corrected curves were calculated per time point, as well

as the RMSE between the curves and the ground truth. These values were compared

to the RMSE and SNR of the uncorrected simulation, such that the resulting minimum

𝐵+1 level is independent of the chosen SNR in the simulations.
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Table 3.1: Overview of the number of included and excluded patients enrolled in the study. Exclusion reasons

are indicated in italic. Abbreviation: DCE - Dynamic Contrast Enhanced (MRI).

Patients enrolled in study 55

Patients included in DCE correction 38

Patients not included in DCE correction 17

Patient withdrew from study

(imaging not performed)

1

DCE acquisition failure 3

𝐵+1map not performed 1

Insufficient power to generate 𝐵+1map

on one or both sides

9

DCE imaging artifact (fat excitation) 1

Tumor segmentation failure 2

3.2.3 Patient data

Data from a previous trial, the Patient Risk Based on Functional MRI (PROFILE) trial,

was used in this work (19). This trial included women with histologically proven inva-

sive carcinoma of the breast, eligible for breast conserving surgery based on conven-

tional imaging. This trial ran for 26months between January2013andFebruary2015.

Included patients were scanned using a 7 T MRI whole body scanner (Philips Health-

care, Cleveland, OH). Patientswere scanned using a bilateral local transmit coil, either

in a transceive configurationorwith adedicated26-channel receive setup (14). A com-

prehensivemultiparametric protocol was performed, includingDCE-MRI and𝐵+1map-
ping. DCE-MRI with one precontrast and five postcontrast images was acquired using

a three-dimensional spoiled gradient echo sequence with either TR 4.3 ms, TE 2.1 ms,

flip angle 15°, and 1x1x1 mm3 resolution in 108 seconds per dynamic in case of the

transceive setup, or TR 5.8 ms, TE 2.5 ms, flip angle 15°, 0.7x0.7x0.7 mm3 resolution,

and SENSE 4x2 (left-right x feet-head) acceleration in 91 seconds per dynamic in case

of the 26-channel receive setup (20). Binomial pulses in a 1-3-3-1 configuration were

used toachievewater-selectiveexcitation (21). 𝐵+1maps forfivecoronal slices covering
only part of the breast were acquired using the actual flip-angle imaging (AFI) method

with TR1 50 ms, TR2 250 ms, TE 1.97 ms, flip angle 40°, and 5x5x5 mm3 resolution in

44 seconds (22).

Out of 55 patients available from the PROFILE trial, 38 were included in the DCE cor-

rection. DCE correction on the patient data was only performed using the proposed

direct method, since the simulations showed that it outperformed the Haacke-based

method. Reasons for exclusion of patients are outlined in Table 3.1; themost common

reason was insufficient power to generate a 𝐵+1 map on one or both sides. The 38 in-
cluded patients had a mean age of 61 years (range: 43 – 74). Based on the surgical

specimens, 10 patients had a grade 1 carcinoma, 22 had a grade 2, 3 had a grade 3.

Of three patients the grade could not be assessed post-surgery, because they had re-

ceived neo-adjuvant chemotherapy (NAC).
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Deformable image registrationwasperformed inelastix v4.9 tocorrect forpatientmo-

tion between DCE time points (23,24). The normalized mutual information similarity

metric using 32 histogram bins was optimized with standard gradient descent (1000

iterations, 4096 randomly sampled voxels) (25). Amulti-scale approachwas usedwith

three resolution levels. The b-spline transformation in the final resolution had a grid

size of 15mm.

In order to eliminate scaling differences between different subjects, histogram nor-

malization was applied to all DCE scans. All intensity values were divided by the es-

timated noise level of the scan. The noise level was estimated by subtracting a 3x3x3

box-filtered precontrast image from the original precontrast image and subsequently

determining the standard deviation in a glandular tissue mask. This glandular tissue

mask was obtained by taking all voxels above the Otsu threshold of the original (fat-

suppressed) precontrast image.

Even though 𝐵+1 maps were acquired in this study, they were not always acquired in
the same region of the breast as the tumor. Therefore, and because 𝐵+1maps are often
noisy, we used the template approach developed earlier for a unilateral transmit setup

to get the 𝐵+1 distribution in the tumor (18). It has recently been demonstrated that
the template approach is also feasible for the bilateral transmit setup used in thiswork

(26). 𝐵+1 template scaling was performed per breast, using themeasured 𝐵
+
1maps.

3.2.4 Evaluation of corrected patient data

As was described in Section 3.2.1, the value for 𝜌was estimated using either the pre-
contrast imageoraheuristic fallback strategy in case thevalueestimated fromthepre-

contrast image was demonstrably too low. We investigated when this fallback strat-

egy was used and whether the values returned by the fallback strategy were in the

same range as the values returned by the default strategy. To this end, colored scat-

ter plotswere created that indicatewhich𝜌-estimation strategywasused fordifferent
template-estimated𝐵+1 levels in the tumor, aswell as the corresponding𝐵

+
1 levels in the

measured map and what value of 𝜌 was returned. The 𝐵+1 level in the measured map
was investigated because theAFI𝐵+1mapping strategy used is known to have a reliable
linear range limited to 50 – 150% of the nominal angle (22).

Curves were quantified by their amount of washin, washout and peak enhancement.

Thesemetrics were calculated per voxel location and defined as follows:

⎧⎪⎪⎪⎪

⎨⎪⎪⎪⎪
⎩

𝑊𝑂 =
𝑆1 − 𝑆5
𝑆1

𝑊𝐼 =
𝑆1 − 𝑆0
𝑆0

𝑃𝐸 =
max
𝑖=1,…,5

𝑆𝑖 − 𝑆0
𝑆0

(3.4)

where 𝑆𝑖 is the signal intensity at time point i, with time point 0 the precontrast scan
and time points 1 – 5 the postcontrast scans in chronological order.
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Tumor masks were obtained semi-automatically, using the method of Alderliesten et

al. withmanually determined seed points (27). The effect of theDCE correction on the

curve types was assessed in themost enhancing part of the tumor only (28). Themost

enhancing part of the tumor was defined as those voxels in the tumor mask that be-

longed to the top ten percent in terms of washin. The mean curve in those voxels was

calculated and the curve shape was determined: curves that had a washout of more

than 10% were designated type III; those with a washout of less than -10% were des-

ignated type I; those that fell in-between were designated type II. The occurrences of

each type for both the original and corrected datasets were compared against those

found by Kuhl et al (3).

In order to investigate whether the DCE correction affects tumors of different grades

differently, the distribution of washin, washout and peak enhancement values were

calculated inside the tumor mask and plotted for each grade before and after correc-

tion. The distributions were calculated using a kernel-based probability density esti-

mation routine.

3.3 Results

3.3.1 Simulations

The noise amplification induced by the Haacke-based method was consistently larger

than that induced by the proposed directmethod. Additionally, themeanof the curves

corrected by the proposedmethodwas consistently closer to the ground truth. Figure

3.4 shows this for two 𝐵+1 levels.

Due to the higher noise amplification at relatively low 𝐵+1 levels, corrected time-

intensity curves at𝐵+1 levels below a certain threshold had a higher RMSEwith respect

to the ground truth than uncorrected ones. This thresholdwas 36%of the nominal an-

gle for theHaacke-basedmethod and 20%of the nominal angle for the directmethod.

However, at such low𝐵+1 levels, the SNR in the corrected images is very low, below10%

of the original precontrast SNR. TheHaacke-basedmethodmaintained the noise level

in the corrected images at the level of the original precontrast image for a 𝐵+1 level of
at least 54% of the nominal angle. The direct method maintained this noise level until

43% of the nominal angle.

3.3.2 Patient data

AsFigure3.5A shows, the fallback𝜌-estimation strategywasonly used for tumors that
have a minimum 𝐵+1 of 50% or less. The median 𝐵+1 level of the measured map, and by
extent the reliability of those measurements, did not have an influence. Figure 3.5B

shows that the estimated values for 𝜌 by the fallback strategy are in the same range as
those estimated by the default strategy.

Figure 3.6 shows an example of the effect of correction on the mean curve of the top

ten percentmost enhancing voxels of a grade2 tumorwith a low𝐵+1 level. This example
changed from a type II plateau curve to a type III washout curve. A change to a higher

curve type was the most common change across the dataset: five patients went up

from type II to type III, one patientwent up from type I to type II, and one patientwent
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Figure 3.4: Demonstration of noise amplification in simulations at a B
1
+ level of 50% (A) or 30% (B) of the nom-

inal angle. The time-intensity curves shown are themean curve of all noise instances, the shaded area indicates

the standard deviation. Noise amplification increases for lower 𝐵+1 levels for both the Haacke-based and pro-
posedmethods, but the proposedmethod amplifies the noise less strongly.

up two levels from type I to type III. Only two patients changed curve types to a lower

type: one patient went down from type II to type I, and one patient went down from

type III to type II. For the majority, 29 of the patients, the curve type did not change.

Of all six cases that changed into a type III curve, four had a grade 2 tumor, one had a

grade1 tumor and inone case thepatient receivedNACso the tumor grade couldn’t be

assessed. Table 3.2 summarizes the distribution of curve types both of the original and

the corrected DCE time series. The distribution of the corrected series corresponds

better to the distribution found in literature (3).

Figure 3.7 shows the distribution of washout, washin and peak enhancement values

per grade, both for the original and the corrected DCE time series. As expected, espe-

cially low values ofwashout, washin and peak enhancement are reduced. Additionally,

the overlap between the distributions for grade 1 and grade 2 has been reduced.
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levels in the tumor (< 50% ona). The values estimated by the fallback strategy are in the same range as those

estimated by the default strategy. Abbreviations: A.U. - Arbitrary Units, % ona - percentage of the nominal flip

angle, ρ - proton density (weighted with theMR system’s receive chain sensitivity).
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Figure 3.6: Typical example of an original vs a corrected time-intensity curve. The curves shown are the mean

of the top ten percent most enhancing tumor voxels. Each curve has been normalized to its own maximum for

clarity.

Table 3.2: Distribution of time-intensity curve types both before and after correction, compared against litera-

ture values (3). Abbreviation: PROFILE - Patient Risk Based on Functional MRI.

Dataset Type I Type II Type III

Kuhl 1999 8,9% 33,6% 57,4%

PROFILE original 13% 47% 39%

PROFILE corrected 11% 37% 53%
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Figure 3.7:Washin, washout and peak enhancement distributions per grade, before and after DCE correction.

Notice how in all distributions the number of low values are reduced by the correction, as expected. Abbrevia-

tions: DCE - Dynamic Contrast Enhanced (MRI), PDF - Probability Density Function.

3.4 Discussion
This chapter set out to investigate in which 𝐵+1 range DCE time series are still cor-

rectable for the 𝐵+1 non-uniformity effect post acquisition. The answer depends on
the amount of SNR one is willing to sacrifice. In DCE-MRI, the precontrast image usu-

ally has the lowest SNR, simply because it has the lowest amount of signal. Therefore,

maintaining at least that amount of SNR in the corrected postcontrast images seems

like a logical choice. In that case, simulations show the lowest 𝐵+1 level that can be cor-
rected for with the proposed method is 43% of the nominal angle. If one is willing to

sacrifice more SNR one might go lower, but below 40% of the nominal angle the SNR

dropped steeply.

The patient data showed that if one wants to prevent the fallback heuristic 𝜌-
estimation strategy fromkicking in,𝐵+1 levels lower than 50% should be avoided. How-

ever, the estimated values for 𝜌 using the heuristic approach are in the same range as
the ones estimated with the default approach, so extending this range down to 43%

as suggested in the previous paragraph might be justified. Both correctable ranges

are too narrow to reliably correct all data gatheredwith the current setup used in this

study, but recent results suggest that they may be compatible with the degree of ho-

mogeneity that can be achievedwith a novel bilateral transmit array (13).

The effect of DCE correction on the measured time-intensity curves was as ex-

pected. Thecorrectionamplified small differencesbetween timepoints such thatmost

changes in curve typewereaway fromtheplateau type II to either type I or type III. The
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sameeffect is seen inFigure3.7,which showsa clear reductionof lowwashin,washout

and peak enhancement values. The one patient that went down from type III to type II

had a 𝐵+1 level in the tumor of higher than 100%, which explains why the change went
the other way.

Although the size of the dataset is limited, it is promising to see that after correction

the distribution of curve types roughly corresponds to the one found by Kuhl et al. (3).

Since no ground truth is available for DCE time curves in vivo, this is the only kind of

validation that can be performed with the current dataset. It is important to consider

changes in the inclusion criteria between the patient group used in this study and the

one investigated by Kuhl et al. Both groups only contain malignancies determined on

the basis of histology, but an additional inclusion criterion for our groupwas eligibility

forbreast conserving surgery (19). Most notably, thismight causedifferences in tumor

size, family history and patient age between the compared groups (29). A scan rescan

protocol where patients are scanned both at 1.5T or 3T and 7Tmight give a higher ev-

idence level, but even those studies are limited by the fact that DCE-MRI cannot be

performed twice on the samedaydue to the slowclearanceof contrast agents through

the kidneys (30).

Given thepromising results obtained regarding less overlapbetweengrades inwashin,

washout and peak enhancement values, we additionally calculated image features re-

lated to the intensity in and heterogeneity of the tumor fromboth the original and cor-

rected DCE time series (31,32). We investigated how the original and corrected fea-

tureswereassociated to tumorgrade, and if theywereable topredict tumorgrade. For

the sumaverage texture featureof thewashout image, thecorrectedvalues showedan

increase in the area under the curve for predicting tumor grade (grade 1 versus grade

2 and 3) from 0.52 to 0.85. This increase was not significant after Bonferroni correc-

tion. As texture features are more commonly used in developing prediction models, a

DCE correction could impact the performance of such models. However, the size of

this dataset is such that further validation studies are needed.

This study has some limitations. First, the correctable 𝐵+1 range reported in this work,
has only been investigated for one set of TR and flip angle. This range will change

slightly depending on the TR and flip angle used. However, most DCE imaging proto-

cols operate with parameters close to those used in this study, since these are close to

the maximum sensitivity to 𝑇1 changes (see Figure 3.2). The correctable 𝐵
+
1 range will

thus also be similar. For protocols that have very different parameters, the theoretical

𝐵+1 range can always be inferred from simulations like in this work.

A second limitation is that a generic coil-specific 𝐵+1 template was the source of 𝐵
+
1 in-

formation in this work. Though this template performs well, generally as well as con-

ventional mapping approaches, some uncertainty in the level of 𝐵+1 estimation is to be
expected: apreviousstudyreportedameanRMSEof4%of thenominalangle (26). This

might beoneof the reasonswhy theproposedmethod switches to thedefault strategy

only for low 𝐵+1 levels: an underestimation of the 𝐵
+
1 level at low levels could cause the

measured signal to exceed the theoreticalmaximumat thewrongly estimated𝐵+1 level.
This issuecouldbesolvedbyusinga𝐵+1mappingmethodwithahighdynamic range, but
thoseare timeconsumingandnot likely tobe inserted intoaclinicalprotocol. Addition-
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ally, our simulations show that the noise enhancement at low 𝐵+1 levels is considerable,
so DCE corrections will probably gain little when a 𝐵+1 map with a high dynamic range
is added.

As proposedbyHaacke et al., a single, fixed value for theprecontrast 𝑇1wasused for all
corrections (17). This value was based on measurements of healthy volunteers. Since

most breast tumors are not visible on precontrast DCE-MRI, their 𝑇1 is expected to be
in the same range as that of healthy breast tissue. Moreover, the results of Haacke et

al. also show that the influence of the fixed precontrast 𝑇1 is very limited. Still, future
studiesmight investigate if there is a benefit in estimating the precontrast 𝑇1 on a per-
patient basis.

In conclusion, our results show that correction for inhomogeneous 𝐵+1 is feasible at
good SNR if the 𝐵+1 level is at least 50% of the nominal angle. This might be extended

down to 43% of the nominal angle, if accurate 𝐵+1maps are available at low levels. The

effect of correcting a dataset with a high variability in 𝐵+1 was substantial: curve types
changed in 25% of the patients, and the distribution of curves across curve types cor-

respondsbetterwith thedistribution found in literature after correction. Additionally,

there is an indication that correction might improve the performance of tumor grade

predictionmodels.
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Abstract

Purpose

Diffusion weighted imaging (DWI) is a promising modality in breast MRI, but its clini-

cal acceptance is slow. Analysis of DWI is hampered by geometric distortion artifacts,

which are caused by off-resonant spins in combination with the low phase encoding

bandwidth of the echo-planar imaging (EPI) sequence used. Existing correctionmeth-

ods assume smooth off-resonance fields, which we show to be invalid in breast where

high discontinuities arise at tissue interfaces.

Methods

We developed a distortion correction method that incorporates high-resolution off-

resonancemaps to better solve for severe distortions at tissue interfaces. Themethod

was evaluated quantitatively both ex-vivo in a porcine tissue phantom and in-vivo in

five healthy volunteers. The added value of high-resolution off-resonance maps was

tested using aWilcoxon signed rank test comparing the quantitative results obtained

with a low-resolution off-resonance map with those obtained with a high-resolution

map.

Results

Distortion correction using low-resolution off-resonance maps corrected most of the

distortions, as expected. Still, all quantitative comparison metrics showed increased

conformity between the corrected EPI images and a high-bandwidth reference scan

forboth theex-vivoand in-vivoexperiments. Allmetrics showeda significant improve-

mentwhen a high-resolution off-resonancemapwas used (p<0.05), in particular at tis-

sue boundaries.

Conclusion

The use of off-resonance maps of a resolution higher than EPI scans significantly im-

proves upon existing distortion correction techniques, specifically by superior correc-

tion at glandular tissue boundaries.
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High-resolution off-resonance aids distortion correction

4.1 Introduction
Diffusion-weighted MRI (DWI) is an upcoming modality in breast oncology imaging.

This technique, that sensitizes the MR signal for the (microscopic) motion of water

molecules, has achieved promising results in recent years. Without the need for con-

trast agents, it potentially allows differentiation between benign and malignant le-

sions and prediction of response to neoadjuvant chemotherapy (1,2). Despite these

promising feats, currently, dynamiccontrast-enhancedMRI (DCE-MRI) is still thedom-

inantMRImodality in breast radiology. Recent examples for the added value of tumor

heterogeneity assessment include the observation that rim-enhancing tumors are a

predictor for worst survival in patients with triple-negative tumors and a study that

showed the value of the combination of temporal andmorphological tumor character-

istics in predicting treatment failure (3,4).

Given the promising results obtained in DCE-MRI, recent studies have tried to assess

theaddedvalueof tumorheterogeneityonDWI.Promising resultshavebeenachieved

in the improvementofbenign/malignantdifferentiationandpredictionof tumorprolif-

eration status (5,6). In these studies, thedegreeofheterogeneityhasbeenobtainedei-

ther with qualitativemeasures or throughmanually drawn tumor regions on theDWI.

Analysis of heterogeneity on DWI is severely hampered by the geometric distortions

that arise in most DWI acquisitions. The vast majority of DWI acquisitions uses the

conventional Stejskal-Tanner approach with an echo-planar imaging (EPI) readout (7).

EPI acquisitions suffer from extremely low bandwidth in the phase encode direction,

which makes them prone to severe distortion artefacts due to static-field (𝐵0) inho-
mogeneities (8). Additionally, since the readout bandwidth decreases with increasing

resolution, the geometric distortion artefact limits the resolution of DWI in practice.

Especially at ultrahigh field, this limit is reached long before the signal-to-noise ratio

(SNR) limit. Due to the geometric distortion artefact, the acquired DWI data are no

longer alignedwith otherMRI data less prone to distortions, hampering the analysis of

tumorheterogeneityonDWIdata and the integrationof thesedatawithe.g. DCE-MRI

data in a truemultiparametric analysis ofMRI.

Though several correction methods are available that attempt to recover undistorted

images, all of these assume thatΔ𝐵0 is locally smooth (9). Aswewill show, this assump-
tion of locally smooth Δ𝐵0 is not valid in the human breast. In lipid-rich organs like the
human breast, off-resonance effects areworsened by highly discontinuous static-field

inhomogeneities at tissue interfaces. These discontinuities are caused by susceptibil-

ity differences between adipose tissues and aqueous glandular tissues. Though breast

tumors nearly always reside in glandular tissue, most are located on these interfaces

with adipose tissue (10,11). The significance of these local susceptibility-induced off-

resonanceeffectswill bedemonstrated in thiswork. Weuseanultrahighfield strength

of 7T, since DWI data are affectedmore by this artifact with increasing field strength.

Sincewe cannot assume locally smooth Δ𝐵0, we develop a novel EPI distortion correc-
tion technique based on an inverse-problem strategy that is free of this assumption

and works with off-resonance maps of sufficiently high resolution to capture Δ𝐵0 dis-
continuities at tissue interfaces (12,13). Then, we test the hypothesis that the confor-
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mitybetweenthecorrected imageandahigh-bandwidth reference improvesusing this

technique.

This chapter we will show three experiments. First, in-silico simulations were per-

formed to assess the effect of susceptibility on Δ𝐵0 in an otherwise perfectly homoge-
nous environment. Second, ex-vivo 7T MRI measurements of Δ𝐵0 were performed in
anex vivoporcine tissuephantomto confirmour in-silicofindings. Finally, in-vivomea-

surements of five healthy human volunteers were performed to test our hypothesis

and novel distortion correctionmethod in a hospital setting.

4.2 Methods

4.2.1 In-silico simulations

In-silico simulationswere performed to show the extent of local off-resonance effects

caused solely by the susceptibility difference between glandular tissue and adipose

tissue. A 3D unilateral breast model was created, based on a 7T MRI scan of a 27-

year-oldhealthy femalevolunteer. The subjectwas scannedwithadual-echogradient-

echo Dixon acquisition (acquired resolution 1.5x1.5x1.5 mm3, TR 5.4 ms, in-phase TE

1.48ms, out-phaseTE3.95, readoutbandwidth2278Hz). BasedontheDixon in-phase,

water and fat reconstructions, a 3D susceptibility model of the volunteer’s breast was

constructed, using tabulated values for air, water and fat: 0.36x10-6 for air, -9.05x10-6

for water and -7.8x10-6 for fat (14,15). From this 3D susceptibility model, local Δ𝐵0
variation in an external magnetic field of 7T was predicted, using themethod outlined

in (16).

4.2.2 Ex-vivomeasurements

Ex-vivo high-resolution measurements of off-resonance in a porcine tissue phantom

were used here as a model for breast tissue. The many muscle-fat interfaces present

allowedus to investigatewhetherourfindings in thesimulationsofhighdiscontinuities

in Δ𝐵0 could also be observed in an animal model. Additionally, since the specimen is
completely stationary, this allowed us to develop a high-resolution Δ𝐵0-based EPI dis-
tortion correction algorithmwithout having to take subject motion into account.

All experiments were performed using a unilateral breast coil setup on a 7T whole-

body MR system (Achieva; Philips, Cleveland, Ohio, USA). The protocol included two

fat-suppressed spin-echo EPI acquisitions with opposed phase encoding directions

(2x2x3 mm3, bandwidth/voxel 20 Hz), a non-accelerated spin-echo acquisition with

otherwise equal imaging parameters as reference, and a dual-echo Δ𝐵0 measurement
at a higher resolution (0.7x0.7x3mm3). In order to avoid lipid bias in the off-resonance

measurements, the echo times at which the Δ𝐵0mapwasmeasuredwere chosen such
that a lipid model consisting of the 10 largest resonances was in phase with the water

signal (17). Since high discontinuities in off-resonancemight occur at tissue interfaces,

we chose a gradient echo technique with short echo times to counter potential signal

dropout in the Δ𝐵0 maps. Only at very large susceptibility differences, e.g. close to
metallic implants, the Δ𝐵0 maps may experience intra-voxel dephasing. This is rare in
the breast, as metallic implants are not common in this organ. In such cases, the EPI
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Table 4.1: Summary of scan parameters per sequence. Abbreviations: EPI – Echo Planar Imaging, SE – Spin

Echo, LR – Left-to-Right phase encoding, RL – Right-to-Left phase encoding, ref. – reference scan, DE – Dual

Echo, GE –Gradient Echo, ΔB
0
–main magnetic field off-resonance.

SE-EPI SE ref. DEGE Δ𝐵0
Ex-vivo scans

TR (ms) 3761 3761 5.6

TE (ms) 53 53 2.92, 3.94

Resolution 2x2mm2

3mm slices

2x2mm2

3mm slices

0.7x0.7mm2

3mm slices

Matrix size 80x80

15 slices

80x80

15 slices

224x224

15 slices

Readout

bandwidth (Hz)

2807 3217 1219

EPI bandwidth

(Hz)

23.7 - -

EPI direction LR/RL - -

EPI factor 80 - -

Scan time (min:s) 0:08 5:08 0:32

In-vivo scans

TR (ms) 3761 3761 7.0

TE (ms) 53 53 2.92, 3.94

Resolution 2x2mm2 3

mm slices

2x2mm2

3mm slices

1x1mm2

3mm slices

Matrix size 80x80

15 slices

80x80

15 slices

160x160

15 slices

Readout

bandwidth (Hz)

2036 1696 636

EPI bandwidth

(Hz)

20.1 - -

EPI direction LR/RL - -

EPI factor 80 - -

Scan time (min:s) 0:08 5:08 0:22
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scans will also suffer from signal loss, which cannot be recovered by our correction

method. Detailed scan parameters for all scans can be found in Table 4.1.

EPI distortion correction was applied as described in Section 4.2.4.1 to pairs of oppo-

sitely encoded images using the Δ𝐵0 map measured at 0.7x0.7x3 mm3, either down

sampled to the EPI resolution (2x2x3 mm3) or at the native Δ𝐵0 map resolution

(0.7x0.7x3mm3) thatbetter captures localΔ𝐵0 discontinuities at tissue interfaces. The
resulting imageswere compared quantitatively to the non-accelerated reference scan

as described in Section 4.2.5.

4.2.3 In-vivomeasurements

All experiments conducted were in accordance with the guidelines of the local ethi-

cal committee and, prior to the examination, written informed consent was obtained

from all volunteers. In-vivomeasurements were performed in five healthy female vol-

unteers (age mean: 30, range: 25 – 46 years), using the same 7T setup as described

in Section 4.2.2. The in-vivo acquisition protocol was nearly identical to the ex-vivo

acquisition protocol outlined above, with the exception that the Δ𝐵0 map resolution
was slightly reduced. We acquired a Δ𝐵0 map at 1x1x3 mm

3, a set of opposite phase-

encodedEPI images at 2x2x3mm3, and anundistorted reference scan at the same res-

olution. Other scan parameters were chosen like in the ex-vivo case, detailed scan pa-

rameters are reported in Table 4.1.

As there might bemotion between the two EPI acquisitions, a motion-correction step

was added before the distortion correction algorithm developed on the ex-vivo data,

as described in Section 4.2.4.2. Since theremight also bemotion present between the

corrected image and the reference spin-echo scan, a rigid registration is applied to the

two before the quantitative comparison, as outlined in Section 4.2.5.

4.2.4 Distortion correction

4.2.4.1 Ex-vivo strategy

Distortion correction was performed using an inverse problem approach resem-

bling techniques described earlier (12,13), adapted to allow for higher-resolution off-

resonance maps than the measured EPI scan. In this approach, we strived to invert

the EPI distortion process by first creating a forwardmodel that describes how images

are distorted under the influence of Δ𝐵0. In order to iteratively approximate the in-
verse using the LSQR algorithm (18), the conjugate transpose of the forward model

was also constructed and used in tandemwith the forwardmodel. The forwardmodel

(𝐴) was described using fast steady state simulations, restricted to distortions in the
phase encode direction. These simulations were implemented using the FORECAST

method, which avoids direct calculation of the large and sparse matrix 𝐴, but allows
calculationofmatrix-vectorproducts (19). This formulationallowsefficientevaluation

of both 𝐴(Δ𝐵0)𝑥 (the forwardmodel) and 𝐴(Δ𝐵0)
𝐻𝑥 (the conjugate transpose of the for-

wardmodel), where 𝐴 is the transformationmatrix thatmaps undistorted to distorted
space and x is the corrected image at equal or higher resolution than themeasuredEPI

image.
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The forward model was implemented for 2D slices since our acquisition is multi slice.

Given that the bandwidth of the slice selective RF pulses is two orders of magnitude

higher than the bandwidth in the phase encode direction, this is sufficient to explain

99% of the distortions. Distortions were modeled by considering that each k-space

point is affected differently by off-resonance effects depending on its sampling time.

Sampling timewasdefinedas the timedifferenceof theacquisitionof thek-spacepoint

with respect to the center of the refocused echo. Thus, the acquired k-space signal S

can be described by:

𝑆(𝑘𝑥(𝑡
′), 𝑘𝑦(𝑡

′)) = ∫
𝑥
∫
𝑦
(𝜌(𝑥, 𝑦) ⋅ 𝑒𝑖⋅𝑡′⋅2𝜋𝛾⋅Δ𝐵0(𝑥,𝑦) ⋅ 𝑒−𝑖2𝜋(𝑘𝑥(𝑡′)𝑥+𝑘𝑦(𝑡′)𝑦)) (4.1)

with S the measured k-space signal distorted by off-resonance effects, 𝜌 the effective
(encoded) spindensity, i the imaginaryunit number, t’ the sampling time for the current

k-space point, 𝛾 the gyromagnetic ratio and Δ𝐵0 the off-resonance map for the entire
slice. x and y respectively denote the frequency and phase encode directions, 𝑘𝑥 and
𝑘𝑦 are their Fourier counterparts. For computational efficiency, and to be able to apply
the FORECAST model, we neglected time accrual along the frequency-encode direc-

tionandassumedaconstant sampling time for eachk-space line. This limits distortions

to the phase encode direction only. Thus, the forwardmodel is defined as follows:

𝑆(𝑘𝑥, 𝑘𝑦(𝑡
′)) = ∑

𝑥
∑
𝑦
(𝜌(𝑥, 𝑦) ⋅ 𝑒𝑖⋅𝑡′⋅2𝜋𝛾⋅Δ𝐵0(𝑥,𝑦) ⋅ 𝑒−𝑖2𝜋(𝑘𝑥𝑥+𝑘𝑦(𝑡

′)𝑦)) (4.2)

Since the dependency of 𝑘𝑥 on t’ is dropped, Equation 4.2 can be efficiently evaluated
by using a fast Fourier transform (FFT) for every 𝑘𝑦:

𝑆(𝑘𝑥, 𝑘𝑦(𝑡
′)) = ∑

𝑥
(𝑒−𝑖2𝜋𝑘𝑥𝑥∑

𝑦
(𝜌(𝑥, 𝑦) ⋅ 𝑒𝑖⋅𝑡′⋅2𝜋𝛾⋅Δ𝐵0(𝑥,𝑦) ⋅ 𝑒−𝑖2𝜋𝑘𝑦(𝑡

′)𝑦))

= F𝑥∑
𝑦
(𝜌(𝑥, 𝑦) ⋅ 𝑒𝑖⋅𝑡′⋅2𝜋𝛾⋅Δ𝐵0(𝑥,𝑦) ⋅ 𝑒−𝑖2𝜋𝑘𝑦(𝑡

′)𝑦) (4.3)

with F𝑥 the FFT along the frequency encode dimension. To allow evaluation of the

model with off-resonance maps of higher resolution than the EPI image, S was subse-

quently cropped symmetrically around the center to the same resolution as the EPI.

Theconjugate transposemodel canbecalculated ina similar fashion, by taking thecon-

jugate transpose operation of the steps of the forward model and performing them in

inverse order on a k-space that belongs to a deformed image. The conjugate transpose

operation of Equation 4.3 was calculated by:

𝜌̂(𝑥, 𝑦) = ∑
𝑡′
(F −1

𝑥 (𝑆̂(𝑘𝑥, 𝑘𝑦(𝑡
′)) ⋅ 𝑒𝑖2𝜋𝑘𝑦(𝑡

′)𝑦) ⋅ 𝑒−𝑖⋅𝑡′⋅2𝜋𝛾⋅Δ𝐵0(𝑥,𝑦)) (4.4)

with F
−1
𝑥 the inverse FFT along the frequency encode dimension, 𝑆̂ a measured and

zero-padded 2D EPI k-space and 𝜌̂ the result of applying the conjugate transpose

model to the measured slice. Note that the summation over t’ implicitly sums over 𝑘𝑦,
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because 𝑘𝑦 is a function of t’. Centered and symmetric zero-paddingwas applied to up-
scale themeasured EPI k-space to the resolution of the off-resonancemap.

The inverse problemwas then formulated as a damped least squares problem:

𝑦 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥 ‖[𝐴𝜆𝐼] 𝑥 − [
𝑏
0]‖

2
(4.5)

withy thecorrected image, b themeasuredEPIdata, I the identitymatrix, and theregu-

larization parameter 𝜆. A rangeof values between0.1 and100was tested for the regu-
larization parameter 𝜆; the value thatmaximized the Pearson correlation between the
corrected ex-vivo image and the undistorted reference ex-vivo image was chosen for

both the ex-vivo specimen and all in-vivo subjects (see below). The inverse problem

was solved using the LSQR algorithm where the matrix-vector products 𝐴𝑥 and 𝐴𝐻𝑥
were respectively described by the forward model and conjugate transpose model as

described above (18).

4.2.4.2 In-vivo strategy

The in-vivo distortion correction strategy was identical to the ex-vivo strategy, but a

motion correction stepwas added to account for subject motion between the acquisi-

tions of the opposite phase encodedEPI images. Motion correctionwas applied by (ar-

bitrarily) choosing the EPI image with LR phase encoding as reference frame and esti-

mating rigid transformation parameters for both the other EPI image and theΔ𝐵0map,
such that they align with the first EPI image. Due to the severe geometric distortions

that present themselves differently in both EPI images, regular registration strategies

are unsuited for this problem. Therefore, we estimated the 12 parameters describ-

ing the two rigid transformations by minimizing the same error metric that was used

in the distortion correction step. This was implemented using a Nelder-Mead simplex

search that minimizes the residual of the LSQR EPI distortion correction algorithm’s

result (20). Preliminaryexperiments showedthat two iterationsof theLSQRalgorithm

sufficed for this estimation. The two sets of rigid transformation parameters that are

obtained from the Nelder-Mead search, are used in the final EPI distortion correction

where the LSQR algorithm is run until convergence.

4.2.5 Distortion correction evaluation

Quantitative evaluation between the corrected and non-distorted images was per-

formed with six comparative metrics: Dice, Pearson correlation on the entire image

and Pearson correlation on border pixels only. For Dice and border-only Pearson cor-

relation a mask of the ‘foreground’ or glandular tissue pixels was needed in both the

corrected and the reference image. This mask was obtained by thresholding using

Otsu’s method (21). The Dice coefficient was calculated directly on these two masks.

Border-only Pearson correlationwas calculated on the border pixels of themask only,

thesewere selected usingMATLABR2017b’s implementation of theMoore-Neighbor

tracing algorithm (22). Finally, a paired one-sidedWilcoxon signed rank test was per-

formed on all quantitative metrics, comparing the values obtained with a low-res Δ𝐵0
mapwith the values obtainedwith a high-res Δ𝐵0map, both withmotion correction.
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Figure 4.1: In-silico experiment. Left: breast model composition based on aDixon acquisition; gray values indi-

cate the location of air (black), water (gray) and fat (white). Middle: simulation result of localΔB
0
effects caused

solely by susceptibility differences between tissue types at a field strength of 7T. Right: line profile correspond-

ing to the blue line drawn in themiddle panel. The y-axis ismarked in both off-resonance (unit: Hz) and induced

pixel shift (unit: mm) for convenience. Abbreviation: ΔB
0
–main magnetic field off-resonance.

In the in-vivo scans,motionmaybe present between the acquisition of the first EPI im-

age (arbitrarily chosen as reference for the correction algorithm and thus of the cor-

rected image) and the acquisitionof the reference scan. Therefore, an alignment of the

corrected image to the spin-echo reference was applied to allow quantitative evalua-

tion. Rigid registration was performed using a single-resolution approach and a nor-

malized correlation error metric using Elastix (23).

4.3 Results
Figure 4.1 shows the influence of susceptibility on Δ𝐵0 in the breast, based on our in-
silico experiment. Susceptibility differences between water and fat were sufficient to

cause locally highly discontinuous transitions inΔ𝐵0, leading to discontinuities ofmore
than 100 Hz over distances as small as 5 mm at 7T. Note that discontinuities at tissue

boundaries are especially substantial compared to the global gradient caused by the

tissue-air boundary.

The ex-vivo results are presented in Figures 4.2 through 4.5. The processing time of

the EPI distortion correction method was roughly 5 minutes for all 15 slices using the

high-resolution Δ𝐵0map. Figure 4.2 demonstrates that local discontinuities in Δ𝐵0 can
also be found in a porcine tissue phantommodel at fat-muscle interfaces and that they

are easily missed in low-resolution acquisitions. The value for 𝜆 that maximized the
correlation between the corrected image and the reference image was 1.7. This value

was used for both the ex-vivo and in-vivo cases. Figure 4.3 shows a plot of the correla-

tion values for 𝜆 values in the range of 0.5 to 5. Note that 𝜆 has a limited influence on
the correlation and, by extent, on the corrected image in this range. For values below

0.5, the correlation dropped steeply. Figure 4.4 shows the improvement gained by us-

ing a higher resolution Δ𝐵0map during EPI distortion correction for a single slice. The
image correctedwith ahigh-resolutionΔ𝐵0maphas less noise andmoreaccurately de-
picts small features present in the reference image. Quantitativemetrics are shown in

Figure 4.5 for no correction, correction with a low-resolution Δ𝐵0map and correction
with a high-resolution Δ𝐵0map respectively. All metrics improvedwith increasing Δ𝐵0
map resolutions.
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Figure 4.2: Off-resonance maps of a porcine tissue phantom acquired at different resolutions; left: 2x2 mm

in plane, right: 0.7x0.7 mm in plane. The slice thickness was 3 mm in both cases. Notice how sharp and high

discontinuities at tissue interfaces aremissed in the low-resolution acquisition. Theplots at thebottom indicate

line profiles corresponding to the blue line drawn in the images at the top. The y-axis is marked in both off-

resonance (unit: Hz) and induced pixel shift (unit: mm) for convenience. Abbreviation: ΔB
0
– main magnetic

field off-resonance.

Figure 4.3: Influence of the choice of the regularization parameter λ on the Pearson correlation between the

corrected and reference images in the ex-vivo experiment. Themaximum is located at λ = 1.7. Note the limited

range of the y-axis.
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A
No correction

B
B0 2x2

C
B0 0.7x0.7

D
SE reference

Figure 4.4: Ex-vivo experiment: Uncorrected EPI (A), EPI acquisition corrected for distortion (B & C) next to

an undistorted reference image (D). Image B was corrected using a ΔB
0
map at the same resolution as the EPI

acquisition (2x2 mm in plane), image C was corrected using a ΔB
0
map at a higher resolution (0.7x0.7 mm in

plane). Notice how the corrected image C follows the anatomy of the samplemore closely, especially in the red

circle. Also notice the amount of signal pile-up directly left of the circle is reduced in image C with respect to

image B. Abbreviations: EPI - Echo Planar Imaging, SE - Spin Echo, ΔB
0
–main magnetic field off-resonance.
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Figure 4.5: Ex-vivo results of quantitative comparisons between corrected EPI images and SE references. The

x-axis indicates increasing levels of sophistication for correction strategies, starting with no correction at all,

then low-resolution off-resonance maps and finally high-resolution off-resonance maps. Abbreviations: EPI -

Echo Planar Imaging, SE - Spin Echo, ΔB
0
–main magnetic field off-resonance.

The in-vivo results are presented in Figures 4.6 through 4.8. The processing time for

the in-vivo datasets varied between the volunteers, but was typically around 15 min-

utes per dataset (15 slices) for our combined motion and distortion correction strat-

egy using the high-resolution Δ𝐵0map. Figure 4.6 shows a side-by-side comparison of
high-resolution and low-resolution Δ𝐵0 maps in-vivo for volunteer 3. Similar to what
was found in the simulations and the ex-vivo scan, local discontinuities were present

at tissue interfaces, which were missed in the low-resolution map. Figure 4.7 shows

the improvement gained by using both motion correction and a higher-resolution Δ𝐵0
map for a single slice for volunteer3. Thedifferencewith respect to the reference scan

decreasedwith increasing Δ𝐵0map resolution. Figure 4.8 shows the results of quanti-
tative comparisons between corrected images and high-bandwidth references. Com-

parisons with the reference were made for non-corrected images, images corrected

without motion correction and a low-resolution Δ𝐵0 map, images corrected with mo-
tion correction and a low-resolution Δ𝐵0 map, and images corrected with motion cor-
rection and a high-resolution Δ𝐵0map respectively. The p-values that are reported re-
sulted from a Wilcoxon signed rank test between the values obtained with a low-res

Δ𝐵0map andwith a high-res Δ𝐵0map, both withmotion correction.
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Figure 4.6: Off-resonance maps of a healthy volunteer at different resolutions; left: 2x2 mm in plane, right:

1x1 mm in plane. The slice thickness was 3 mm in both cases. Notice how sharp and high discontinuities at

tissue interfaces aremissed in the low-resolution acquisition. The plots at the bottom indicate line profiles cor-

responding to the blue line drawn in the images at the top. The y-axis ismarked in both off-resonance (unit: Hz)

and induced pixel shift (unit: mm) for convenience. Abbreviation: ΔB
0
–main magnetic field off-resonance.

4.4 Discussion
In this study, we aimed to improve the conformity between EPI images of the breast

and other MRI images less prone to distortions, such as the standard DCE-MRI. We

showed that existing distortion correctionmethods assuming a smooth off-resonance

field are inadequate, due to severe field inhomogeneities that arise at tissue interfaces

between aqueous and adipose tissues in the human breast. We proposed a distortion

correction technique that doesn’t assume a smooth off-resonance field and demon-

strated that it performs better with increasing Δ𝐵0 spatial resolutions.

Our in-silico results show that, even due to susceptibility alone, sizable discontinuities

in off-resonance can arise at tissue interfaces between adipose and glandular tissues,

making these areas prone tohighdistortions onEPI-baseddiffusionweighted imaging.

Since this is also where most breast tumors grow, it appears that many tumors would

be affected by this (10,11).

Like in the in-silico simulations, highly local and sizable (up to several hundreds of Hz)
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Figure 4.7: Top row: Uncorrected EPI (A), EPI acquisition corrected for distortion (B, C & D) next to an undis-

torted reference image (E). ImageBwas correctedusing aΔB
0
mapat the same resolution as theEPI acquisition

(2x2mm in plane), image Cwas corrected using the same ΔB
0
map, but motion correction was applied prior to

distortion correction, imageDwas corrected using aΔB
0
map at a higher resolution (1x1mm in plane) andmo-

tion correction. The bottom row shows the difference between the each corrected image and the reference

image on a different color scale. Abbreviations: EPI - Echo Planar Imaging, MC - Motion Correction, SE - Spin

Echo, ΔB
0
–main magnetic field off-resonance.
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Figure 4.8: In-vivo results of quantitative comparisons between corrected EPI images and SE references.

The x-axis indicates increasing levels of sophistication for correction strategies, starting with no correction at

all, through low-resolution off-resonance maps without and with motion correction until high-resolution off-

resonance maps with motion correction. P-values indicated are obtained with a paired Wilcoxon signed rank

test between the values obtained with a low-res ΔB
0
map and with a high-res ΔB

0
map, both with motion cor-

rection. Abbreviations: EPI -EchoPlanar Imaging,MC-MotionCorrection, SE -SpinEcho,ΔB
0
–mainmagnetic

field off-resonance.

discontinuities have been found both in high-resolution ex-vivo scans of a porcine tis-

sue phantom and in high-resolution in-vivo scans of healthy volunteers. These discon-

tinuities were missed in the low-resolution scans. In traditional DWI scans, such dis-

continuities coincidewithpixel displacements in theorderof10cm. In fact, theex-vivo

discontinuities seem to be even bigger than in our in-silico results, which might be ex-

plained by the fact that muscle tissue in a porcine tissue phantom has a larger suscep-

tibility differencewith fat than humanbreast glandular tissue due to a higher iron con-

tent. In the simulations a tabulated value for water susceptibility is used, which may

not be correct for glandular tissue, but since in all distortion correction experiments

measured Δ𝐵0 maps are used, this has not influenced our results beyond the in-silico
simulation.

Wedeveloped amethod that corrects distortion artifacts in EPI acquisitions usingΔ𝐵0
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mapsata resolutionhigher thantheEPI imagesandtakingsubjectmotion intoaccount.

Both ex-vivo and in-vivo results demonstrate a benefit of using high-resolution Δ𝐵0
maps in EPI distortion correction. Though distortion correction using low-resolution

Δ𝐵0 maps will already correct most of the distortions (observe for instance that the
Pearson correlation is higher than0.92 for all caseswith low-resolutiondistortion cor-

rectionwithmotioncorrection inFigure4.8), alignmentat theedgesofglandular tissue

can still greatly benefit fromhigh-resolution distortion correction. This is best demon-

strated by the improvements in border-only Pearson correlation in Figure 4.8.

Thedevelopedmethodrequireshigh-resolutionΔ𝐵0maps. Acquiringahigh-resolution
off-resonancemapmaybetime-consumingandcouldbeundesirable inaclinical proto-

col. However, in this studywemanaged to limit the added time to less than 30 s, which

may still be acceptable in a clinical setting. In most protocols a Δ𝐵0 map is already ac-
quired for shimming purposes, simply acquiring this map with a higher resolution will

satisfy the requirements of the developed method. Additionally, several techniques

exist that allow the derivation of a high-resolutionΔ𝐵0map fromclinically relevant im-

age sources, such as Dixon techniques in DCEMRI , which are standard inmanymulti-

parametric cancer protocols. Alternatively, a merger of low-resolution Δ𝐵0maps with
high-resolutionsimulationsbasedonsegmentations, likeweperformed in thefirstpart

of this work, might be a feasible solution to avoid the extra time needed for obtaining

high resolution Δ𝐵0maps.

Techniques exist that estimate theΔ𝐵0mapdirectly fromopposedphase encodeddata

(13). However, these methods need to assume a smooth Δ𝐵0 field in order to reduce
the parameter space. They also ignore the resonance and susceptibility offsets be-

tween aqueous and adipose substances. Although these assumptions are valid in e.g.

the brain, we have demonstrated they are not true in the breast, justifying the devel-

opment of more sophisticated methods, as we have done here. The development of a

method that estimates a high-resolution Δ𝐵0 map from opposite phase-encoded data

without the assumption of a smooth Δ𝐵0 field could be viable and scan time efficient
solution which should be investigated in future work.

Others go beyond field map estimation and try to estimate sub-voxel Δ𝐵0 gradients in
order to account for signal dephasing (24). In order to be able to estimate these sub-

voxel effects, they designed an acquisition scheme with multiple echo’s and compen-

sation gradients in the slice selection direction, which requires extra scan time. Valida-

tionwas limitedtocomputerizedphantoms. Our forwardmodel takessignaldephasing

intoaccount for the frequencyandphaseencodedirections, by simulatingamodel that

has a higher resolution than the returned image. Itmight be possible to extendour for-

ward model to include dephasing in the slice selection direction as well by simulating

several thinner slices at the same time. This is beyond the scope of this chapter. Ad-

ditionally, the Δ𝐵0mapwould need to be acquired with thinner slices, which increases
the required scan time.

Analternative approach forEPI distortion correction is non-rigid registration to anon-

distorted or less-distorted target image, e.g. the DCE MRI (25). Some authors have

proposed to combine such image registration-based methods with field-based meth-

ods,withpromising results (26,27). It is possible toextendourmethod in this direction,

74



4

High-resolution off-resonance aids distortion correction

for example by to introducing non-rigid registration after the EPI distortion correc-

tion or by interleaving these two steps. When using non-rigid registration techniques,

there is always a risk of contaminating the corrected imagewith information from the

target image. For example, tumor heterogeneities in the target image that are absent

in the source EPI may be propagated into the corrected image or, inversely, hetero-

geneities present in the source EPI but absent in target image may be removed. Since

oneof themainmotivations of thiswork is to enable assessment of tumor heterogene-

ity in both DCE MRI and DWI accurately and independently, we have chosen not to

pursue such an approach.

There is a linear relationship between field strength and the amount of off-resonance

generated by magnetic susceptibility differences. Therefore, the induced distortions

will also be lower at lower field strengths and the added benefit of our method will be

less noticeable. Nevertheless, as Figure 4.6 demonstrates, severe discontinuities of up

to 400 Hz have been found in-vivo, translating into 40 mm pixel shifts with our cur-

rent protocol. At 1.5 T, this discontinuity would have been 86 Hz (3/14th part of 400

Hz), which would translate into a 9 mm pixel shift. At voxel sizes of roughly 2x2 mm

in-plane, which are common for this kind of protocol, this is still not within acceptable

limits. Therefore, we believe high-resolution Δ𝐵0 field information may merit distor-
tion correction in DWI of the breast, even at more conventional field strengths.

Limitations of this study include the simplification in our distortion model to describe

thephase-encodedirectiononly. Since the readoutbandwidth is roughly twoorders of

magnitudehigher thanthephaseencodebandwidthofoursequence (seeTable4.1),we

believe this simplification is justified since including the readout direction in themodel

would hardly improve distortion prediction and correction. A second limitation is the

rigidmotion-correction step thatwas implemented to test ourmethod in in-vivo cases.

Several non-rigid techniquesexist, however these techniquescouldpotentially correct

for geometric distortion artefacts left uncorrected by ourmethod and hide errors that

our method made. In order to have a clean evaluation of our method’s performance,

we chose to limit our motion-correction step to rigid registration only. In terms of op-

timization, our method uses the LSQRmethod with L2 regularization. We considered

these an appropriate choice, however they can be replaced by other optimizers and

regularization strategies. Other optimizers might be more efficient in solving the in-

verse problem and other regularizers might improve the corrected images. Lastly, we

cannot specify a minimum resolution for the Δ𝐵0map that our method requires, since
we have not tested different resolution levels. Future studies might focus on this, but

wewould like to stress that an increase with a factor 2x2 in plane as we have done for

the in-vivo data already brings a significant improvement in distortion correction. As

can be seen in Figure 4.2 for in-vivo and in Figure 4.6 for ex-vivo data, a small increase

in resolutionalreadyallows thedetectionof severe localfield inhomogeneities that are

otherwisemissed.

In conclusion, highly local and sizable (up to several hundreds of Hz) discontinuities

in off-resonance have been found in the human breast at ultrahigh field, making the

diffusion-weighted imaging of these regions, where most breast tumors grow, excep-

tionally challenging. A high-resolution off-resonance map allows integration of local

75



4

Δ𝐵0 discontinuities at tissue interfaces to better describe image distortion at those in-
terfaces. Though distortion correction using low-resolution off-resonance maps cor-

rectsmostof thedistortions, alignmentat theedgesofglandular tissuegreatlybenefits

from high-resolution distortion correction. Consequently, using off-resonance maps

of a resolution higher than the measured EPI scans improves the conformity between

images corrected for EPI distortions and a high-bandwidth reference. This ensures

distortion-corrected DWI scans spatially match to clinical DCE images, which facili-

tates multi-parametric heterogeneity assessment.
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Abstract

Purpose

The phasor technique, whichwas recently proposed as a newapproach in quantitative

MRI, can discern different components of diffusion within one voxel. This enables ex-

ploration of its content for clinical insight. In this studywe investigate the added value

of this technique for fixed-diffusivity unmixing and fitting of the intravoxel incoherent

motion (IVIM)model.

Methods

Images of a digital diffusion phantom were simulated at signal-to-noise ratios of 30,

50, 100 and infinity. Influence of wrong diffusivity values and the number of b-values

on fixed-diffusivity unmixing was investigated and compared against a linear least

squares (LLS) fit. Phasor-based IVIM fitting was compared against non-linear least

squares and segmentedmethods in terms of accuracy and precision. The distributions

of the parameter estimates of simulated data were compared against those obtained

in-vivo (volunteer and glioblastoma patient).

Results

LLSwithfixed-diffusivity unmixing slightly outperformedphasor unmixing in all tested

scenarios. Phasor-based IVIMfitting resulted inmore stable fits for IVIMparameters f

and D: the precision was higher than those obtained with non-linear fits and the accu-

racy was comparable. The precision of the phasor-based maps was better than maps

calculated with the segmentedmethod for a lower amount of b-values.

Conclusion

Although using a phasor-based approach for fixed-diffusivity unmixing does not yield

more stable estimates, there can be a benefit for IVIMfitting. By using the geometrical

propertiesofphasor spaceasadditional knowledge, the IVIMfitting routinedeveloped

in this work producedmore stable parameter maps than traditional methods.
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5.1 Introduction
An exponential signal decay is characterized by its lifetime, the rate at which the sig-

nal decays. Such a decay curve can be represented by a phasor representation, which

wasdeveloped in thefieldofopticalmicroscopy for ingeniousseparationoffluorescent

dyes with different lifetimes (1-3). Recently, Vergeldt et al. proposed the use of pha-

sor representation formulti-component separation of decaying signals in quantitative

MRI (4). In general, the phasor representation shows the position of an exponential

decay curve in phasor space, which is determined by its lifetime, or a combination of

lifetimes. Mono-exponential decay curves are represented on a semicircle, with com-

ponents possessing a short lifetime on the right and components with a long lifetime

on the left of this semicircle. Inversely, from the position in phasor space the lifetime

of components can be estimated.

Multi-exponential decay curves, which can be regarded as mixtures of mono-

exponential decay curves, are represented in the area enclosed by the single-

exponential semicircle in phasor space. Bi-exponential decay curves are found on

the line segment connecting their two base components, the position on this line is

determined by the weighting between the components. For triple-exponential decay

curvesare found inside the triangledefinedby their threebasecomponents, etc. These

mixed signals canbe ‘unmixed’ from the sumsignal into fractional contributions up to a

maximumof three components while fixing the lifetimes for those components across

the dataset (5). This kind of analysis has been shown to have superior signal-to-noise

characteristics when compared to conventional fitting approaches (6).

The decay signal from diffusion weighted scans has been intensively studied and con-

sequently the field has come up with a plethora of models to describe it, ranging from

complex models based on physical descriptions of diffusing water molecules to rela-

tively simple mathematical descriptions of the measured signal (7). In most diffusion

datasets there will be more than three components or even a (semi-)continuous dis-

tribution of decay rates underlying themeasured signal (8,9). Projection of a diffusion

dataset into phasor space provides a two-dimensional visualization of the decay com-

ponents present, without assuming amodel to describe thedata. While this is a limited

and qualitative way of visualizing a rich dataset, it provides a global overview andmay

be useful in detecting anomalies, potentially related to pathology, in a fast way.

Vergeldt et al. applied the phasor representation and signal unmixing to an in-vivo dif-

fusiondataset of the humanbrain,with promising results (4). The fractionmaps gener-

atedwith phasor unmixingmay be valuable in a clinical setting or as a starting point or

input data for complex biophysical models. Though the phasor approach to unmixing

of diffusion signals is simple and fast, it only allows for the unmixing of at most three

signals with known diffusion values. The same fractionmaps can be obtained by a sim-

ple linear system inversion, but since the phasor transform effectively involves a noise

reduction stepby selecting the lowest non-zero frequency, the generatedmaps are ex-

pected to have a higher signal-to-noise ratio (SNR). Currently, the robustness of both

methods against noise andmisplacement of the base vertices is unknown.

Thephasor spacemayalso beof usewhenfitting amore complexmodel. Recentworks

have shown that the use of intravoxel incoherent motion (IVIM) model fitting is valu-
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able forbrain tumorcharacterizationorwhendiscerningbrain tumorprogression from

pseudoprogressionorradionecrosis (10-13). The IVIMmodel isabi-exponentialmodel

with a diffusion component and a pseudodiffusion or perfusion component (14). Esti-

mation of this model is often challenging, since different combinations of parameters

can yieldmodel fits of comparable quality (15). A popular approach to circumvent this

instability is a two-stage linear approach, often referred to as segmented fitting (16).

This method, however, is prone to bias in parameter estimates (17). Since the IVIM

model isbi-exponential, thephasor transformmightbeofuse infitting thismodel,more

explicitly by exploiting the property that bi-exponential curves end up on the line con-

necting the two base components. This allows reduction of the number of free param-

eters by two, whichmight yield more stable fitting results.

The presentwork investigates the usefulness of the phasor transform for both a global

visualization of the decay rates in a diffusion dataset and for fitting decaymodels. We

test the hypothesis that using the phasor transform yields more stable fraction and

parameter maps in both fixed-diffusivity unmixing and IVIM model fitting. The influ-

ence of noise, component misplacement and sampling on the accuracy of phasor un-

mixing are tested in a digital phantom. The performance of phasor unmixing is com-

pared against that of linear unmixing as a benchmark. A phasor-based IVIM fitting

routine is developed and compared against both classical nonlinear fitting and linear

segmented fitting in terms of accuracy and precision. The results of these simulations

are compared to those obtained in a healthy volunteer. As a proof-of-principle, both

the global visualization and IVIM fitting results are demonstrated in a biopsy-proven

glioblastoma patient.

5.2 Theory

5.2.1 Phasor transform and decay rate estimation

In this section we will provide a brief overview of the phasor representation. Ad-

ditionally, since non-equidistant sampling across b-values is very common in diffu-

sion datasets, we will add an analytical description of phasor unmixing in case of

non-equidistant sampling (1-3). This improves the general applicability of the phasor

toolkit.

The phasor transformP is defined by taking the Fourier transformof a signal s and di-

viding it by the sum of the same signal for normalization: P (𝑠 (𝑡)) = F(𝑠(𝑡))
∫ 𝑠(𝑡)𝑑𝑡

. If the input

is an exponential function of time t with lifetime 𝜏, 𝑠 (𝑡) = 𝑒 − 𝑡/𝜏, the Fourier transform
at frequency𝜔 is the Lorentz function: 𝑆 (𝜔) = 1

1+𝑗𝜔𝜏 , with j the unit imaginary number.

Plotting the real part of this function against the imaginary part for a fixed frequency

𝜔 for all possible lifetimes 𝜏 produces a semicircle with radius 0.5 and center (0.5, 0).
Inversely, the decay rate of a signal can be estimated from its position in phasor space

by inverting the Lorentz function: 𝜏 = 𝑗(𝑆−1)
𝑆𝜔 .

In the case of discrete equidistant sampling, the sampling rate will influence the ap-

pearance of the single-exponential semi-circle, deforming it into a semi-ellipse. This

phenomenon has been described by Fereidouni et al. for retrospectively binned ex-

ponential decay in the context of optical microscopy (18). They provide an analytical
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description of this ellipse as a function of frequency, 𝜔, and the number of measured
samples or bins, U:

𝑆 (𝜔, 𝑈) =
∑𝑈−1𝑢=0 (𝑒

− 𝑢𝜏
𝑇
𝑈 (1 − 𝑒−

1
𝜏
𝑇
𝑈 )𝜏)𝑒𝑗𝑛𝜔(𝑢+

1
2 )

𝑇
𝑈

∑𝑈−1𝑢=0 𝑒
− 𝑢𝜏

𝑇
𝑈 (1 − 𝑒−

1
𝜏
𝑇
𝑈 )𝜏

=
𝑒
𝑗𝑛𝑇𝜔
2𝑈 (𝑒

𝑇
𝑈𝜏 − 1)

𝑒
𝑇
𝑈𝜏 − 𝑒

𝑗𝑛𝑇𝜔
𝑈

=
sinh( 𝑇

2𝑈𝜏 )

sinh( 1−𝑗𝑛𝜔𝜏2𝑈𝜏
𝑇

)
(5.1)

with u the bin index, n the harmonic number, and T the total sampling duration. They

also describe a rotation of the deformed semi-circlewith decreasingU, which is due to

their choice of the zero time point. For their case each bin runs from t=(n-1)T to t=nT,

which is a useful choice since photons are sampled continuously and retrospectively

binned. In diffusion MRI, diffusion decay is only sampled at the chosen b-values and

not in between. Consequently, we simply consider a discrete Fourier transform of a

discretely sampled exponential decay divided by the discrete sum of the same signal,

i.e. the discrete phasor transform:

𝑆 (𝜔, 𝑈) =
∑𝑈−1𝑢=0 𝑒

− 𝑢𝜏
𝑇
𝑈 𝑒𝑗𝑛𝜔𝑢

𝑇
𝑈

∑𝑈−1𝑢=0 𝑒
− 𝑢𝜏

𝑇
𝑈

= 𝑒
𝑇
𝑈𝜏 − 1

𝑒
𝑇
𝑈𝜏 − 𝑒

𝑗𝑛𝑇𝜔
𝑈

(5.2)

This describes a semi-ellipse like in the work of Fereidouni et al., but the rotation

is no longer observed. An example of ellipse deformation due to discrete sampling

can be seen in Figure 5.1B, which schematically shows the phasor plot of the single-

exponential discretely sampled signals shown in Figure 5.1A. Since we know the ana-

lytical description of the single-exponential semi-ellipse, the decay rate can be found

from the position in phasor space by inversion:

𝜏 = 𝑇

𝑈(2𝑗𝜋 + ln ( 𝑆𝑒
𝑗𝑛𝑇𝜔
𝑈 −1
𝑆−1 ))

(5.3)

Additionally, Figure 5.1B shows the influence of diffusion kurtosis on the represen-

tation of a signal phasor space (19). Since signals that have nonzero kurtosis are not

single-exponentials, they arenot representedon the semi-ellipse. Instead, signalswith

positive kurtosis are represented in theareaenclosedby the semi-ellipse,while signals

with negative kurtosis are represented above it.

When sampling is discrete and non-equidistant, as is often the case for b-values in dif-

fusion datasets, the single-exponential semi-ellipsewill deform in an irregular way de-

fined by the sampling pattern. This is not of concernwhen transforming data into pha-

sor space or when determining the position of a decay rate on the circle, since one can

simply apply the phasor transform as defined. Though estimating the decay rate of

a non-equidistantly sampled signal based on its position in phasor space has become

nontrivial, this can be accounted for numerically.

5.2.2 Signal mixing in phasor space

Whenapplying the continuous phasor transform to amixturemof single exponentials:

𝑚(𝑡) =
𝑃

∑
𝑝=1

𝑎𝑝𝑒
−𝑡
𝜏𝑝 =

𝑃

∑
𝑝=1

𝑎𝑝𝑠(𝜏𝑝, 𝑡) (5.4)
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D

Figure 5.1: A: Simulated signal curves for three diffusivity values D, acquired using 21 equally spaced b-values

between 0 and 2500 s/mm2. B: Schematic phasor plot that indicates the position in phasor space of each of

the curves in A using the same color scheme. The influence of diffusion kurtosis K was added using numeri-

cal simulations. C: Schematic phasor plot that shows the principle of 2-component mixing. The position of bi-

exponential decay curves in phasor space is on the line connecting the positions of the two pure components.

The dots on the line indicate fraction increments of 10%. The colored arrows indicate phasor fraction α for a

mixed signal with 60% component 1 and 40% component 2. D: Schematic phasor plot that shows the principle

of 3-component mixing. The position of triple-exponential decay curves in phasor space is inside the triangle

connecting the positions of the three pure components. The colored triangles indicate phasor fractions α for a

mixed signal with 40% component 1, 40% component 2 and 20% component 3.
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with 𝜏𝑝 the lifetime of the p-th component contributing to the total signalwith fraction
𝑎𝑝, the transformed signal can be described as a combination of the phasor transform
of each single exponential:

𝑀 (𝜔) =
𝑃

∑
𝑝=1

𝛼𝑝𝑆(𝜏𝑝, 𝜔) (5.5)

withMthephasor transformof themulti-exponential signalmand theweightingof the

p-th component in phasor space,𝛼𝑝, dependingon theweights of all components in the
time domain, 𝑎, and their associated decay rates, 𝜏:

𝛼𝑝 =
𝑎𝑝𝜏𝑝

∑𝑃𝑝′=1 𝑎𝑝′𝜏𝑝′
(5.6)

Graphically, this means that a mixed signal containing two components (i.e. bi-

exponential decay) is locatedona line connecting the locations of the twopure compo-

nents in phasor space (20). The location of the signal on the line is determined by the

weight𝛼𝑝. Analogously,mixtures ofmore components are located inside apolygonde-
fined by the pure component vertices. An example of this process is shown in Figures

5.1C and 5.1D for two and three components respectively. Note that this useful prop-

erty of phasor space enables unmixing into the original signal fractions.

In case of discrete sampling the mixing properties above still hold, but the weights of

the components in phasor space now depend on the sampling pattern:

𝛼𝑝 =
𝑎𝑝 ∑

𝑈−1
𝑢=0 𝑒

−
𝑡𝑢
𝜏𝑝

∑𝑃𝑝′=1 𝑎𝑝′ ∑
𝑈−1
𝑢=0 𝑒

−
𝑡𝑢
𝜏𝑝′

(5.7)

with u the sample index, U the total number of samples, 𝑡𝑢 the time at which the u-th
sample was measured, 𝜏𝑝 the lifetime of the p-th component, 𝑎𝑝 the signal fraction of
the p-th component and P the total number of single-exponential components. This is

a very general description that holds for all possible sampling strategies. For equidis-

tant sampling, i.e. 𝑡𝑢 =
𝑢𝑇
𝑈 , with T the total sampling duration, the expression for the

weights in phasor space can be simplified, since the sum over all sampling points can

be analytically evaluated:
𝑈−1

∑
𝑢=0

𝑒−
𝑢𝑇
𝜏𝑈 =

𝑒−
𝑇
𝜏 (𝑒

𝑇
𝜏 − 1)

1 − 𝑒−
𝑇
𝑈𝜏

(5.8)

It can also be seen that when 𝑈 → ∞, the expression for the weights converges to the
case of continuous sampling (Equation 5.6):

𝛼𝑝 = lim𝑈→∞

𝑎𝑝 ∑
𝑈−1
𝑢=0 𝑒

− 𝑢𝑇
𝜏𝑝𝑈

∑𝑃𝑝′=1 𝑎𝑝′ ∑
𝑈−1
𝑢=0 𝑒

− 𝑢𝑇
𝜏𝑝′𝑈

= lim
𝑈→∞

𝑎𝑝𝑒
𝑇
𝑈𝜏𝑝

(𝑒
𝑇
𝑈𝜏𝑝 − 1)∑𝑃𝑝′=1

𝑎𝑝′𝑒
𝑇

𝑈𝜏𝑝′

(𝑒
𝑇

𝑈𝜏𝑝′ −1)

=
𝛼𝑝𝜏𝑝

∑𝑃𝑝′=1 𝛼𝑝′𝜏𝑝′
(5.9)
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5.2.3 Phasor unmixing

Mixtures of signals containing up to three components can be unmixed using phasor

unmixing (5). Treating the real and imaginary axes separately and enforcing that the

sumofall components is1, unmixing threecomponentscanbeachievedbyfirst solving:

{
𝑅𝑒 (𝑀) = 𝛼1𝑅𝑒 (𝑆1) + 𝛼2𝑅𝑒 (𝑆2) + 𝛼3𝑅𝑒 (𝑆3)
𝐼𝑚 (𝑀) = 𝛼1𝐼𝑚 (𝑆1) + 𝛼2𝐼𝑚 (𝑆2) + 𝛼3𝐼𝑚 (𝑆3)

𝛼1 + 𝛼2 + 𝛼3 = 1
(5.10)

with 𝑆𝑝 the phasor transform (i.e. phasor coordinates) of signal 𝑠𝑝 with corresponding
phasor fraction 𝛼𝑝 and M the phasor transform of the mixed signal. The solution of

Equation 5.10 can bewritten in the form:

{

𝛼1 =
𝐼𝑚(𝑀)(𝑅𝑒(𝑆2)−𝑅𝑒(𝑆3))+𝐼𝑚(𝑆2)(𝑅𝑒(𝑆3)−𝑅𝑒(𝑀))+𝐼𝑚(𝑆3)(𝑅𝑒(𝑀)−𝑅𝑒(𝑆2))
𝐼𝑚(𝑆1)(𝑅𝑒(𝑆2)−𝑅𝑒(𝑆3))+𝐼𝑚(𝑆2)(𝑅𝑒(𝑆3)−𝑅𝑒(𝑆1))+𝐼𝑚(𝑆3)(𝑅𝑒(𝑆1)−𝑅𝑒(𝑆2))

𝛼2 =
𝐼𝑚(𝑀)(𝑅𝑒(𝑆1)−𝑅𝑒(𝑆3))+𝐼𝑚(𝑆1)(𝑅𝑒(𝑆3)−𝑅𝑒(𝑀))+𝐼𝑚(𝑆3)(𝑅𝑒(𝑀)−𝑅𝑒(𝑆1))
𝐼𝑚(𝑆1)(𝑅𝑒(𝑆2)−𝑅𝑒(𝑆3))+𝐼𝑚(𝑆2)(𝑅𝑒(𝑆3)−𝑅𝑒(𝑆1))+𝐼𝑚(𝑆3)(𝑅𝑒(𝑆1)−𝑅𝑒(𝑆2))

𝛼3 =
𝐼𝑚(𝑀)(𝑅𝑒(𝑆1)−𝑅𝑒(𝑆2))+𝐼𝑚(𝑆1)(𝑅𝑒(𝑆2)−𝑅𝑒(𝑀))+𝐼𝑚(𝑆2)(𝑅𝑒(𝑀)−𝑅𝑒(𝑆1))
𝐼𝑚(𝑆1)(𝑅𝑒(𝑆2)−𝑅𝑒(𝑆3))+𝐼𝑚(𝑆2)(𝑅𝑒(𝑆3)−𝑅𝑒(𝑆1))+𝐼𝑚(𝑆3)(𝑅𝑒(𝑆1)−𝑅𝑒(𝑆2))

(5.11)

which provides the phasor fraction, 𝛼𝑝, for each component. To solve for signal frac-
tions, 𝑎𝑝, we have to invert Equation 5.7 for three components (P=3):

{
𝑎1 =

𝛼1𝐸2𝐸3
𝐸1𝐸2+𝛼1(𝐸2𝐸3−𝐸1𝐸2)+𝛼2(𝐸1𝐸3−𝐸1𝐸2)

𝑎2 =
𝛼2𝐸1𝐸3

𝐸1𝐸2+𝛼1(𝐸2𝐸3−𝐸1𝐸2)+𝛼2(𝐸1𝐸3−𝐸1𝐸2)
𝑎3 = 1 − 𝑎1 − 𝑎2

(5.12)

with 𝐸𝑝 defined as:

𝐸𝑝 =
𝑈−1

∑
𝑢=0

𝑒
−
𝑡𝑢
𝜏𝑝 (5.13)

Note that though the sum of all components is set to be 1 in Equation 5.10, each indi-

vidual component is not restricted. Consequently, solutions for both𝑎𝑝 and𝛼𝑝 outside
the range [0, 1] can be returned.

5.2.4 Phasor-based IVIM fitting

The geometric properties of phasor space can be exploited to reduce the number of

free parameters when fitting an IVIM model. The IVIM model assumes a sum of two

single –exponential signal components (14):

𝑆(𝑏) = 𝑆0((1 − 𝑓) 𝑒
−𝑏𝐷 + 𝑓𝑒−𝑏𝐷∗) (5.14)

with S themeasured signal, b the b-value, 𝑆0 the baselineMRsignal, D the diffusion co-

efficient, D* the pseudodiffusion coefficient and f its associated fraction. In a classical

non-linear least squares fitting strategy, one has to estimate values for all four param-

eters of themodel: 𝑆0, D, D* and f.
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By exploiting the geometric properties of bi-exponential signals in phasor space, the

number of free parameters can be reduced to one, either D or D*. As outlined in the

beginning of this section, estimating 𝑆0 is bypassed by transforming the data into pha-
sor space, since the phasor transform is normalized by definition. As is shown in Fig-

ure 5.1C, all bi-exponential signals are located on a line connecting the locations of the

twopure components in phasor space. Consequently, if one of the pure diffusivities (D

or D*) is chosen as the free parameter and estimated using an iterative approach, the

other diffusivity (D* or D) and the fraction (f) can be deduced using this property and

a projection onto the single-component semi-ellipse. Assume, without loss of gener-

ality, that the free parameter is D*. The other diffusivity (D) and the fraction (f) can be

foundbydrawing a straight line from the location ofD* on the semi-ellipse through the

location of measured signal (L) in phasor space. The intersection of this line with the

semi-ellipse on the other side of L gives usD. Subsequently, f can be found by unmixing

as detailed in the previous section.

5.3 Methods

5.3.1 Phasor and unmixing

5.3.1.1 Transforming data into phasor space

Phasor transformation of diffusion datasets was performed in MATLAB R2017b (The

MathWorks, Natick, Massachusetts, USA). First, data was sorted such that for every

voxel locationa sequenceofdatapointswith increasingdiffusionweightingoriginated.

Second, these sequences were transformed by applying a 1D inverse discrete Fourier

transform using a fast Fourier transform algorithm (MATLAB’s ifft function) along the

diffusion-encoding dimension. The resulting spectrum was divided by the sum signal

for normalization. The phasor coordinates of each voxel were then determined by the

real and imaginary components of the result at the lowest positive and non-zero fre-

quency (i.e. the lowest harmonic).

5.3.1.2 Phasor unmixing

As outlined in the Theory section, the fractions of each pure component determines a

voxel’s coordinates in phasor space. Given the coordinates of these base components

(component vertices) in phasor space, the relative signal fractions of up to three com-

ponents can be estimated using phasor unmixing. A phasor unmixing routine was im-

plemented inMATLAB that provides estimates for each fraction on a voxel-wise basis,

by taking each voxel’s coordinates in phasor space and the coordinates of the compo-

nent vertices and applying Equations 5.11-5.13 (see also Figure 5.1D).

5.3.1.3 Linear unmixing

Phasor unmixing was compared against the benchmark of linear unmixing. In linear

unmixing, the fractionsarecalculatedbydirectly solving thesystemof linearequations

presented in Equation5.4 for all fractions𝑎𝑝, while keeping all associated exponentials
fixed. The linear systemwas solved usingMATLAB’s mldivide function.

5.3.2 IVIMmodel fitting

Three different algorithms to fit the IVIMmodel (Equation 5.14) parametersD, D* and

f were compared: nonlinear fitting, segmented fitting and phasor-based fitting. The
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nonlinear fitting was performed twice; once with and once without constraints on the

fraction f.

5.3.2.1 Nonlinear fitting

Nonlinear IVIM fitting was implemented using MATLAB’s implementation of a trust-

region-reflective least squaresmethod. 𝑆0, D,D* and fwereestimatedusing this solver
and initialized at 0.1𝜇m2/s, 15𝜇m2/s and0.5. Dwas constrained to be nonnegative, D*

was constrained to be larger than or equal to 2.5 𝜇m2/s, f was either unconstrained or

constrained to be between 0 and 1. Additionally, Dwas constrained to be smaller than

D*; the values of the parameterswere switched in case the algorithm returned a result

where D>D* and the value for f was adjusted accordingly.

5.3.2.2 Segmented fitting

In segmented fitting, estimation was done in two steps (16). In both steps, the fitted

functionwas linearizedbyapplyinga log transformto themeasureddata. First, a single

exponentialwasfitted toall datapoints fromb-valueshigher than300s/mm2. Theper-

fusion component was considered to be negligible at b-values higher than this thresh-

old, so D was estimated directly from this fit. Next, the fit from the previous step was

subtracted fromtheentiremeasuredsignal (usingall datapoints) andD*wasestimated

by fitting a single exponential to the result. Finally, the fraction f was estimated from

the difference between themeasured signal and the fit at b = 0, sidestepping the need

to fit 𝑆0.

5.3.2.3 Phasor-based fitting

Phasor-based IVIMfittingwas implemented using the projection technique described

in the Theory section. D* was estimated iteratively, using MATLAB’s implementation

of a trust-region-reflective least squaresmethod (21,22). Dwasdeduced fromphasor-

based symmetry and projection, as outlined in the Theory section. An estimate for f

was obtained by phasor unmixing. Estimating 𝑆0 is bypassed since the phasor trans-
form includes a signal normalization step (see Theory section). D*was initialized at 15

𝜇m2/s and constrained to be nonnegative. As in the nonlinear fitting method, D was

constrained to be smaller than D*. A penalty term was added to the cost function to

favor low fractions f (i.e. mono-exponential fits) for points close to the semicircle:

𝑐𝑜𝑠𝑡 = {(𝑦̂ − 𝑦)
2 + (𝜆 𝑓 (1 − 𝐿

𝐿0
))
2

𝑓𝑜𝑟 𝐿 ≤ 𝐿0
(𝑦̂ − 𝑦)2 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(5.15)

with 𝑦̂ the current model prediction, 𝑦 the measured signal normalized to the signal at
b=0, f the IVIM pseudo diffusion fraction, 𝐿 the Euclidian distance to the semicircle, 𝐿0
the cutoff distance beyondwhich the extra penalty is zero and the scaling parameter 𝜆.
𝜆 and 𝐿0 were empirically set to 0.05mm

2/s.

5.3.3 Digital phantom studies

5.3.3.1 Unmixing analysis

Adigital phantomwas constructed, consisting of three diffusivity values loosely based

on values generally found in the human brain (23): 2.9, 0.85 and 0.18 𝜇m2/s for D1, D2
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and D3 respectively. The phantom contains increasing fractions for each component,

consisting of 11 discrete steps increasing from 0 to 1 in steps of 0.1. Since the sum of

all fractions must be 1, 66 unique combinations of fractions are simulated in this way.

Each combination was simulated 10.000 times for different noise instances.

Diffusion weighted images were simulated with 21 b-values equally spaced between

0 and 2500 s/mm2. Gaussian noise was added to the complex signal resulting in four

SNR levels of30, 50, 100and infinity (nonoise added),whereSNR isdefinedasaverage

over standard deviation in the b = 0 image. Subsequently the magnitude of the signal

was taken, leading to a Rician noise distribution (24).

The distribution of all simulated data in phasor space was visualized by creating two-

dimensional histograms. These histograms divided phasor space into square bins of

1/300 by 1/300 mm4/s2 and a color code was used to indicate the amount of voxels

present in each bin. To improve visibility, a logarithmic color code scale was used.

To investigate the dependency on noise, phasor unmixingwas performed and the gen-

erated reconstructions were compared to the ground truth fractions. To investigate

the influence of misplacement of base-components on the semicircle, in the presence

and in theabsenceofnoise, thebase-componentsweresystematicallymisplaced. Each

of three base components was varied such that the diffusivity values used during un-

mixing varied from 0.75*Dtrue - 1.25*Dtrue in steps of 0.05*Dtrue. For every offset,

themedian error as well as the 5%, 25%, 75% and 95% quartiles were calculated.

The dependency on b-value sampling was investigated by varying the number of b-

values from 3 to 99. This experiment was only performed with an SNR of 30, since

this is a more realistic number in clinical practice (25).

5.3.3.2 IVIM analysis

Numerical simulations were conducted to generate signals with D set to 0.7 and D*

set to 10 𝜇m2/s. 101 fractions f in the range 0 – 1 were simulated. Each fraction was

repeated 5000 times with different Rician noise realizations at an SNR level of 30 at

the b=0 image. We tested two different b-value sampling schemes ranging from 0 to

1000 s/mm2, based on our in-vivo acquisition (see below). The full range of 15 simu-

lated b-values was 0, 10, 20, 30, 40, 60, 100, 150, 200, 250, 300, 400, 600, 800, and

1000 s/mm2. To investigate the influence of subsampling, the same simulations were

performedwith a subset of 6 b-values: 0, 30, 100, 250, 600, and 1000 s/mm2.

Theperformancesof thenonlinear, segmentedandphasor-basedfittingalgorithmsde-

scribed abovewere compared on the simulated data. For every simulated fraction, the

medianerroraswell as the25%and75%percentiles in theestimatedparameterswere

calculated. Additionally, to facilitate comparison with our in-vivo data, kernel-density

estimated probability density functions (PDF) were calculated for parameters D and f

at fraction levels closest to the levels that were found in the in-vivo data: 0.07 for gray

matter and 0.05 for white matter. These PDFs indicate the distribution of parameter

estimates around the true value.

89



5

Table 5.1: Overviewof scan parameters per sequence. For every non-zero b-value, three orthogonal directions

were acquired. Abbreviations: 3D – Three dimensional acquisition, T
1
w–T

1
weighted, UGE –Ultrafast Gradi-

ent Echo, SENSE – Sensitivity Encoding, DW–DiffusionWeighted, SE – Spin Echo, EPI – Echo Planar Imaging.

Healthy volunteer Patient volunteer

Sequence 3D T
1
wUGE DWSE-EPI DWSE-EPI

TR (ms) 8 8000 4378

TE (ms) 1.27 117 117

Resolution

(mm3)
1.0x1.0x1.0 2.5x2.5x2.5 2.5x2.5x2.5

b-values

(s/mm2)
-

0, 10, 20, 30, 40,

60, 100, 150, 200,

250, 300, 400,

600, 800, 1000,

1250, 1500, 1750,

2000, 2250, 2500

0, 10, 20, 30, 40,

60, 100, 150, 200,

250, 300, 400,

600, 800, 1000,

1250, 1500, 1750,

2000, 2250, 2500

Scan time

(min)
10 5

Acceleration
UGE factor: 120

SENSE: 2 AP + 2 RL

EPI factor: 39

SENSE: 2.5 AP

EPI factor: 39

SENSE: 2.5 AP

5.3.4 In-vivo studies

5.3.4.1 Scanning protocol & initial processing

All experiments conducted were in accordance with the guidelines of the local ethical

committeeand, prior to theexams, informedconsentwasobtained fromall volunteers.

A brain scan was obtained from one healthy male volunteer, aged 29 years, using a 3T

whole-body MR system (Ingenia; Philips, Best, The Netherlands). The scan protocol

contained a T
1
wultrafast gradient echo as well as a diffusion scans with three orthog-

onal diffusion encoding directions and 21 b-values ranging from0 to 2500 s/mm2. The

total acquisition time for the diffusion scanwas around 10minutes. A comparable dif-

fusion weighted protocol with three orthogonal directions was added to the standard

clinical protocol for onemale biopsy-proven glioblastoma patient, aged 83, in the con-

text of imaging for radiotherapy planning, but with a reduced feet-head coverage of

30 2.5 mm slices around the tumor to limit the scan time to approximately 5 minutes.

Eight baseline scans with no diffusion weighting were acquired at regular intervals in

between diffusion weighted scans to allow signal drift correction (26). Scan param-

eters per sequence are reported in Table 5.1. Additionally, from the standard clinical

protocol thefluid attenuated inversion recovery (FLAIR) and late gadoliniumenhance-

ment (LGE) images were obtained.

Linear signal drift correction and correction for subject motion, eddy currents and

echo-planar imaging (EPI) distortion was applied to all diffusion weighted scans us-

ing available routines in ExploreDTI v4.8.6 (27). Motion and distortion correction was
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achieved by registering all diffusion scans to the T
1
w scan, down sampled to the res-

olution of the diffusion weighted scans. Registration involved affine registration in all

directions for motion correction and b-spline registration in the EPI direction for dis-

tortion correction using ExploreDTI’s standard set of parameters. Probability masks

based on the T
1
w image for gray matter, white matter and cerebrospinal fluid (CSF)

as well as a label image indicating tissue types were obtained from SPM’s Computa-

tional Anatomy Toolbox segmentation tool v12.1 and subsequently down sampled to

the resolution of the diffusionweighted scans (28). A brainmaskwas derived from the

label image by selecting all voxels with a label corresponding to either CSF, whitemat-

ter or gray matter. The brain mask was applied to all diffusion images prior to further

analysis. For the healthy volunteer, masks of each tissue type were created from the

probability maps by selecting voxels with a probability higher than 0.99. Finally, geo-

metric averaging was applied to all diffusion scans.

5.3.4.2 Data analysis healthy volunteer

The nonlinear, segmented and phasor-based IVIM fitting algorithms described above

were applied to the acquired data of the healthy volunteer. Only b-values of 1000

s/mm2 and belowwere selected for the IVIM analysis. To compare the healthy in-vivo

data with our simulations, kernel-density estimated PDFs were calculated for fitted

parametersD and f inside the obtained gray andwhitemattermasks. Parametermaps

for all IVIM parameterswere calculated for all fitting strategies. Thesemapswere cal-

culatedusingeither all 15b-valuesof1000s/mm2 andbelow (0, 10, 20, 30, 40, 60, 100,

150, 200, 250, 300, 400, 600, 800, and 1000 s/mm2) or a subset of 6 b-values (0, 30,

100, 250, 600, and 1000 s/mm2).

5.3.4.3 Data analysis patient volunteer

Phasor analysis was performed on the data acquired from the glioblastoma patient,

both on a reduced dataset containing all 15 b-values of 1000 s/mm2 and below (c.f.

healthy volunteer in previous section) and on the full dataset. On the phasor plot cre-

ated using the full range of acquired b-values (0 – 2500 s/mm2), a cluster of points was

visible thatwasnotseenonsimilarplotsofhealthyvolunteers. This clusterwascrudely

delineated and the corresponding voxels were obtained.

5.4 Results

5.4.1 Unmixing

The phasor representation of the phantom data for the four simulated noise levels is

shown inFigure5.2 on a logarithmic color scale. Note that eachof the66 fraction com-

binations ended up in a unique location in phasor space. The spacing between incre-

ments in fraction was nonlinear and the effect of noise differed per component.

Due to an efficient implementation using fast Fourier transforms, applying the phasor

transform and unmixing an entire simulation dataset containing 1.210.000 voxels and

21 b-values took less than 0.5 seconds on a desktop computer with a 3.50 GHz Intel

Xeon E5-1620 v3 central processing unit and 32 gigabytes of random access memory.

Linear unmixing was slightly faster in just over 0.3 seconds.
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Figure 5.2: A: Phasor representation of simulated diffusion weighted images of a digital phantom consisting of

three components with diffusivity values: D
1
= 2.9, D

2
= 0.85, D

3
= 0.18 μm2/s. Each yellow dot corresponds

to one of the 66 unique combinations of D
1
, D

2
and D

3
. B-D: Phasor representation of the same phantom,

but each of the 66 combinations was simulated with 10.000 unique noise realizations such that the SNR in the

simulated b = 0 image was 100, 50 or 30 as indicated. Abbreviation: SNR - Signal-to-Noise Ratio.

Figure 5.3A shows the accuracy and precision in the estimated signal fractions due to

component misestimation for both phasor unmixing and linear unmixing. The noise-

induced bias at SNR level 30 for components 1, 2 and 3 respectively was 0.016, -0.042

and0.026 forphasorunmixingand0.012, -0.039and0.027 for linearunmixing. Bias in-

duced by component misestimation varied strongly depending on themisplaced com-

ponent. The maximum interquartile range due to a 10% error in diffusivity at infinite

SNRwas 0.045. Themaximum interquartile range due to noise withoutmisplacement

error was larger for SNR 50 and below (0.081 at SNR 50).

Figure5.3Bshows linearunmixingslightlyoutperformsphasorunmixingacross theen-

tire range when the number of b-values is varied. Both unmixing methods showed in-

creased precisionwhen the number of b-values is increased, especiallywhen the num-

ber of b-values is low.
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Figure5.3: A: Influence of component vertexmisplacement on the fraction estimation by both phasor unmixing

and linear unmixing in a simulateddatasetwith SNR30. For every row, the influenceof themisplacementof one

component’s diffusivity (D
1
– D

3
) on the fraction estimate of all components (C

1
-C

3
) is investigated. The solid

lines represent the median error, the dashed lines the 25% and 75% quantiles and the dotted lines the 5% and

95% quantiles. B: Influence of the number of b-values on the fraction estimation by both phasor unmixing and

linear unmixing at an SNR-level of 30. Abbreviation: SNR - Signal-to-Noise Ratio.

5.4.2 IVIM fitting

The comparison of the nonlinear, segmented and phasor-based IVIM fitting methods

on simulated data is presented in Figure 5.4 and the left panel of Figure 5.5. Figure 5.4

shows that for fractions f below 0.25 the phasor-basedmethod had the highest preci-

sion for estimates of f and D: the interquartile range was roughly halved with respect

to that of the segmentedmethod, whichwas second-best. Accurately estimatingD* at

low fractions f proved difficult for all methods.

Figure 5.5 shows the PDF of estimated values for f, D and D* for both simulated and

measured white matter and gray matter. Note that all simulation parameters were

constant, so the distribution of estimated values is caused entirely by the added Ri-

cian noise. The simulation results for f and D showed that phasor-based fitting had a

higher precision than both nonlinear and segmented methods. For the low number of

b-values (6 instead of 15, dashed lines in Figure 5.5), the precision of the phasor-based

93



5 Figure 5.4: Comparison of IVIM fitting techniques on simulated data: non-linear least squares (red), con-

strained non-linear least squares (blue), segmented linear least square (purple) and phasor-based non-linear

least square (green). The SNR level was 30, and the b-value sampling range was 0 – 1000 s/mm2 for both ex-

periments, but the number of b-values was varied: 15 b-values in the top panel and 6 b-values in the bottom

panel. The solid lines represent the median error and the dotted lines the 5% and 95% quantiles. Shading was

added to facilitate comparison of the spread in the errors. Abbreviations: IVIM - Intravoxel IncoherentMotion,

SNR - Signal-to-Noise Ratio.

method was higher than that of the segmented method. In terms of accuracy, none of

the tested methods was consistently the best, although both phasor and segmented

outperformed the classical methods by avoiding a local minimum with f around 0.7

and an unfeasibly low value for D. The accuracies of the phasor-based and segmented

methods were comparable. The simulation results for D* showed that although the

phasor-basedmethod has the highest spread, it introduces the lowest amount of bias.

5.4.3 In-vivo results

The in-vivo results in Figure 5.5 show a similar distribution as the simulation results,

although all distributions were slightly wider, most likely due to physiological varia-

tions in the imaged tissue included by themasks. The accuracy of themethods in-vivo

is hard to assess since no gold standard is available, but similar shifts in peak positions

between different fitting strategieswere observed for the in-vivo results compared to

the simulations. Thephasor estimateshad the lowest spread for all parameters, except

for D in gray matter. A notable difference between the in-vivo and simulation results

was the reduced influence of the amount of sampled b-values on the estimates of D.

Figure 5.6 shows parameter maps for all IVIM parameters of the healthy volunteer,

comparing those calculated with 15 b-values to those calculated with 6 b-values. All

94



5

Untangling the diffusion signal using the phasor transform

PD
F 

(k
er

n
el

 d
en

si
ty

 e
st

im
at

e)
Simulations In-vivo data

Figure 5.5: Probability density functions of estimated IVIM parameters f, D and D* for all tested fitting tech-

niques in both simulated and in-vivo measured white and gray matter. In the simulations the vertical lines in-

dicate the true value of the estimated parameter. Solid lines are the results obtained using all measured 15

b-values, dashed lines are the results with a subset of 6 b-values. Abbreviations: GM - graymatter,WM -white

matter.
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f maps showed an increase in the number of physically implausible negative values

when decreasing the number of b-values, except the map calculated with the nonlin-

earmethod constrained to the 0 – 1 range. These negative valueswere observedmost

often in central brain regions in white matter. The segmented method was the only

method that returned negative values for D or D*. The D maps calculated with both

nonlinear methods contained a lot of implausible low values that were not present in

the maps calculated with the segmented or phasor-based method. The D map calcu-

lated with the segmented method and only 6 b-values contained a higher amount of

noise than the samemap calculated with the phasor method.

Figure 5.7 shows results obtained from the glioblastoma patient. In the phasor space

corresponding to the full dataset (0 – 2500 s/mm2), a cluster of points, encircled in

green,wasobserved thatwasnot seen inhealthyvolunteers. Thepixels corresponding

to thatclusterare indicated ingreen in thebottomleftpanelandroughlycorresponded

to hyperintense regions on the FLAIR image of the same patient. For reference, the

Gross Tumor Volume (GTV) and Clinical Target Volume (CTV) are overlaid on the ob-

served cluster, FLAIR and LGE images.

5.5 Discussion
This chapter aimed to investigate the benefit of using the phasor transform for both

a global visualization of the decay rates present in a diffusion dataset and for fitting

decay models. Global visualization allowed the fast identification of a cluster of vox-

els that roughly corresponded to the hyperintense region on the FLAIR image of a

glioblastoma patient. Though the phasor transformation and unmixing allowed fast

(sub-second) estimation of signal component fractions, there was no clear benefit of

phasor unmixing when compared to linear unmixing in terms of accuracy or precision.

Bothmethodswere found to behave similarlywith regard to the number of sampled b-

values, noise levels and component misestimation. IVIMmodel fitting seemed to ben-

efit fromaphasor-based approach: it featured a better precision than nonlinear fitting

methods and the number of sampled b-values influenced the outcome less than with

segmented fitting.

Both component misestimation and the addition of Rician noise seem to cause a sys-

tematic bias in fixed-diffusivity unmixing. The number of b-values on the other hand,

hardly influences the accuracy. The effect of Rician noise is most apparent for high

fractions of D
1
. Since D

1
corresponds to the fastest decay (the highest diffusivity) in

the simulation corresponding to free water, this signal is the fastest to reach the noise

floor, where due to the Rician noise distribution the average signal is offset from zero.

In phasor space, this leads to an offset from the expected position. This effect can be

appreciated in the right top corners of Figures 5.2 B-D, where the group of pixels cor-

responding to a pure D
1
signal deviates from its expected position on the semicircle.

Note that this effect increases for decreasing SNR levels. The overall effect of Rician

noise on thebias in fractionestimation is quite low, the absolutebiaswas alwaysbelow

0.05. Additionally, as reported in Figure 5.3A, the bias induced by component misesti-

mationwas larger than the bias induced byRician noise, even at small fractional errors

and the lowest SNR level 30.
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15 b-values

6 b-values
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Figure 5.6: Comparison of IVIM fitting techniques on a diffusion dataset of a healthy volunteer with b-values

between 0 and 1000 s/mm2. For every parameter there are two rows of maps: the top row showsmaps calcu-

latedwithall 15b-values, thebottomrowshowsmapscalculatedwitha subsetof6b-values. Redvoxels indicate

locations where the algorithm failed to find a solution. Magenta voxels indicate locations where the algorithm

returned physically implausible negative values. Abbreviation: IVIM - Intravoxel IncoherentMotion.
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Figure 5.7: Phasor plots for 0 – 1000 and 0 – 2500 s/mm2 as well as b=0 DWI, FLAIR and LGE images of a

glioblastoma patient. A cluster of points (encircled in green) is visible on the phasor plot of 0 – 2500 s/mm2 that

was not seen in healthy volunteers. The corresponding voxels are indicated in the bottom left plot in green on

topof theb=0DWI. The region seems to correspond roughly to a hyperintense regionon theFLAIR image (bot-

tommiddle). For reference, the GTV and CTV are overlaid on the DWI, FLAIR and LGE images. Abbreviations:

CTV -Clinical Target Volume,DWI -DiffusionWeighted Imaging, FLAIR - FluidAttenuated InversionRecovery,

GTV - Gross Tumor Volume, LGE - Late Gadolinium Enhancement

Theprecisionof fraction estimationwas affectedmainly by theSNR level and thenum-

ber of b-values. Component misestimation has a much smaller effect on precision of

the fraction estimate: a 10% relative error in diffusivity caused a smaller interquar-

tile error range, than adding Rician noise with an SNR of 50 or less. An increase in the

amount of b-values causes an increase in estimation precision. As can be inferred from

Figure5.3B, this increase ismostdramaticwhen thenumberof b-values is low. Though

the interquartile range decreases monotonically with increasing number of b-values,

the improvements are very small from 10 b-values and up.

Sincebothphasorunmixingand linearunmixing showedvery similar accuracyandpre-

cision for all tested cases, we can conclude that there is no intrinsic SNR benefit in ap-

plying the phasor transform. The benefit of using this technique for multi-component

separation does not exceed that of a linear unmixingmethod. This leads us to conclude

that the observed SNR benefit in fraction estimates using phasor unmixing is due to

the fact that the diffusivities are fixed (6). The transform itself does not contribute to

the SNR benefit observed by Vergeldt et al. (4).

Using the phasor transform can still be beneficial since the transformed location of a

signal provides additional knowledge due geometric properties of phasor space. The

developed phasor-based IVIM fitting technique serves as an example of this principle.

Using the geometric properties of phasor space in a line-projection strategy allowed a

reductionof thenumberof freeparameters toone. Additionally, proximityof aphasor-
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transformed curve to the (deformed) semi-circle is an indicator of mono-exponential

decay, which allowed a regularization based on the IVIM fraction and distance to the

semi-circle. This combination resulted in more stable fitting results, where phasor-

based fitting consistently produced the highest precision for f and D in a limited set

of simulations, as presented in Figures 5.4 and 5.5. In terms of accuracy, there was no

clearwinner since either phasor-based fitting or segmentedfitting performedbest de-

pending on the simulated tissue, the evaluated parameter and the number of b-values.

The PDFs of estimated IVIM parameters f andD are largely similar between the simu-

lated andmeasured in-vivodata,when comparing thedistributions in Figure5.5. Since

all variation in parameter estimation in the simulation can only stem from the added

Rician noise and given the observation that the distributions in-vivo are only slightly

wider, we conclude that noise is the dominant factor causing variations in IVIMparam-

eter estimation in-vivo.

The parameter maps of the healthy volunteer in Figure 5.6 show that the most plausi-

bleDparametermaps are generated by the segmented and phasor-basedmethod; the

maps generated by the non-linear methods contain many areas with implausibly low

values. At those locations, the non-linear fits converge to a local minimumwith a very

lowD* value and a very high f. This tendency can also be observed in Figure 5.5, where

the small peak for estimated f around 0.7 corresponds with a peak for estimated D at

very lowvalues. Bothphasor-basedand segmentedmethodsavoid this localminimum.

Based on our experiment with either 15 or 6 b-values, theDmap generated by phasor

seems tobemore robustagainst a lownumberof samplingpoints. Likelybecause in the

phasor-based fit all data points are used to estimate D, while in the segmented fit only

data points above the threshold are included in this estimate. A lower number of re-

quired b-valuesmay be a valuable advantage in the clinic, since acquiring less b-values

saves scan time.

All methods struggled to estimate D* accurately and precisely. Since the segmented

method is a linear method, the segmented method is also the only method that is un-

constrained for D* and frequently returns negative values, even if the value for D is

positive. This is likely due to noise and the fact that D* is very hard to estimate. Ad-

ditionally, the data points that are used for estimating D are more heavily influenced

by the Rician nature of the noise since these are the data points corresponding to the

highest b-values and consequently the lowest amount of signal. An error in the esti-

mate forDwill propagate into the estimate forD*, which is estimated in the last step of

the segmentedmethod. Thismight be an explanation for the negativeD* values found

by the segmentedmethod.

All methods, except the constrained non-linear fit, returned negative values in the f

parametermaps. Thesevaluesweremore frequent in central areasof thebrain,mostly

in white matter where the fractions are expected to be lower. Furthermore, in these

central areas the SNR of theMR signal is lower due to a lower radiofrequency receive

efficiency in theseareas. Therefore, these slightly negativevaluesmost likely arisedue

to noise. Even though constraining f between 0 and 1 prevented negative estimates, it

did not improve the nonlinear methods performance much. Instead, Figure 5.5 shows
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the number of estimateswhere fwas just below1 increased. An f of almost 1 is a highly

implausible result in-vivo.

In Figure 5.7, the phasor plot of b-values up to 2500 s/mm2 contains a cluster of voxels

that roughly corresponds to a hyperintense region on the FLAIR image of a glioblas-

toma patient. Since the same cluster is not clearly visible in the plot of b-values up to

1000 s/mm2, this separation might indicate a change in diffusion kurtosis. This is in

agreement with recent studies which have shown that glioma’s have altered kurtosis

parameters compared to normal appearing white matter and that measurements of

mean kurtosis can distinguish low-grade from high-grade glioma’s (29,30). Including

FLAIR hyperintensities into the CTV for radiotherapy planning is a matter of debate,

since these regions can represent either residual tumor or edema (31). Current guide-

lines still recommend segmenting the GTV using a T
1
w contrast-enhanced image and

adding an isotropic 20 mm margin to define the CTV. A more refined definition of ra-

diotherapy targets may lead to better local control and less side effects. Future stud-

ies might focus on whether the observed cluster has its basis in diffusion kurtosis and

whether it can aid in achieving a more direct estimation of the CTV volume by distin-

guishing between edema and residual tumor.

A limitationof this study is that the IVIMfitwas testedonly on simulateddata anddata

of one healthy volunteer and one glioblastoma patient. A limited set ofmodel parame-

terswas tested and the simulated data contains only two components, while in in-vivo

datamultiple components can be present. Most notably, free water was omitted from

the simulations. The influence of three or more components on the IVIM fitting tech-

niques was not investigated. However, the results in a healthy volunteer suggest that

the influence of extra components is similar for the nonlinear and phasor IVIM tech-

niques. The influence of a wider range of brain pathologies on the calculated parame-

termapsmight beof interest in a clinical setting. The aimof thepresentworkhowever,

was to assess the added value of the phasor transformation in component separation

techniques. The presented phasor IVIM fitting technique serves as an example of the

possible benefit to be gained from this transformation, more optimal fitting strategies

that take additional phasor-based information into account might achieve better re-

sults. Future work may need to focus on improvements of phasor-based fitting and

rigorous evaluation of such a technique in a wide range of clinical cases.

In conclusion, althoughuseof thephasor transformdoesnot yieldmore stable fraction

estimates in fixed-diffusivity unmixing, a phasor-based IVIM fitting routine yielded

more stable parameter maps with a higher precision than standard nonlinear meth-

ods. Though there is no intrinsic noise benefit from using the phasor transform, the

additional knowledge gained from the geometrical configuration of phasor space can

aid fitting routines, e.g. the IVIM fitting routine presented in this chapter.
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6.1 Summary
This thesis investigates artifact correction and signal quantification in high field breast

MRI.We focusondynamic contrast-enhancedMRI (DCE-MRI) anddiffusion-weighted

imaging (DWI). DCE-MRI, the focus of the first part of this thesis, is sensitive to inho-

mogeneities in the radiofrequency transmit (𝐵+1) field. Chapter 2 investigates 𝐵
+
1 field

characterization and Chapter 3 explores the possibilities of correcting DCE-MRI for

the related contrast artifact. The second part of this thesis focuses on DWI, which is

prone to spatial distortion artifacts due to inhomogeneities in the static magnetic (𝐵0)
field. InChapter4weproposeanewway tobetter correct for thesedistortions, specif-

ically in the breast. Chapter 5 focuses on better quantification of the diffusion signal

measured in DWI.

6.1.1 DCE-MRI

The course of time-intensity curves inDCE-MRI changes in case of imperfect𝐵+1: a low
𝐵+1 level induces curve flattening. As a first step in correcting for this effect, Chapter
2 proposes a fast and noise-free way to estimate the 𝐵+1 distribution when using local
transmit coils at 7 T. Based on finite difference time domain simulations in 4 anatomi-

cally varying in-silico models, intersubject differences in local transmit 𝐵+1 fields of the
breast were found to be comparable to the accuracy of 𝐵+1 mapping methods. There-
fore, a generic templatewas proposed and tested in 15 healthy volunteerswith awide

range of breast anatomies. In a subset of three volunteers, the agreement between

the proposed template approach and a 𝐵+1mappingmethodwas compared against the
agreement between two consecutive acquisitions using the same mapping protocol.

Repeated measurements had an error of up to 15% of the nominal angle; this error

range increasedslightlybyapproximately6%whenusinga𝐵+1 template. Consequently,
a single generic𝐵+1 template suits subjects over awide range of breast anatomies, elim-
inating the need for a time-consuming and noise-prone 𝐵+1mapping protocol.

InChapter 3we use the template approach developed inChapter 2 as a basis for DCE

contrast correction. Using the template as a source of 𝐵+1 information, we investigated
the correctable 𝐵+1 range post acquisition. A direct mapping from measured to true

signal intensities was devised to limit noise amplification during correction. Simula-

tions showed that the correctable𝐵+1 range extends down to 43%of the nominal angle.

The distribution of curve types in a 7 T patient dataset with a wide range of 𝐵+1 levels
corresponded better to those reported in literature after correction. DCE corrections

influenced the performance of grade prediction models, but this conclusion warrants

further investigation due to the limited size of the dataset.

6.1.2 DWI

DWI isusuallyacquiredusinganecho-planar imaging (EPI) readout,which ishighlysus-

ceptible to geometrical distortions caused by 𝐵0 inhomogeneities, due to its low read-

out bandwidth. Chapter 4 shows that the 𝐵0 field in breast has high discontinuities at
gland-fat tissue interfaces. Therefore, we developed a distortion correction method

that incorporates high-resolution off-resonance maps to better solve severe distor-

tions at tissue interfaces. Quantitative comparisons showed an increase in conformity

between corrected EPI images and a non-EPI high-bandwidth reference scan, both ex-

vivo and in-vivo. Allmetrics showed a significant improvementwhen a high-resolution
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off-resonancemapwas used, in particular at tissue boundaries. It is this improvement

at tissue interfaces, which is due to the use of high-resolution off-resonancemaps that

gives ourmethod the advantage over existing distortion correction techniques.

Quantification of the mixed signals measured in DWI can be quite challenging, as in-

creasingly complicated signal models produce increasingly unstable fits. Chapter 5

explores whether the phasor transform can aid in producing more stable parameter

maps; first in the context of fixed-diffusivity fraction estimation and second in the con-

text of fitting the intravoxel incoherent motion (IVIM)model. While the phasor-based

approach for fixed-diffusivity fraction estimation didn’t improve upon simply solving

a linear system, phasor-based IVIM fitting did produce more stable parameter maps

for two parameters (the pseudodiffusion fraction f, and the diffusion constant D) com-

pared to nonlinear fitting and segmented fitting.

6.2 General Discussion
Since the introduction of breast MRI into the clinic, the field strength of the magnets

used has steadily increased (1). The tendency to increase the field strengthwasmainly

drivenby itspromiseofhigher intrinsic signal-to-noise ratio (SNR),whichwouldenable

better spatial resolutions or faster scanning (2). Additionally, the increase in chemical

shift enables a better separation of chemical species using spectroscopy techniques

(3). At the time of writing, breast MRI examinations using field strengths up to 3 T are

routinely performed in clinics worldwide, while 7 T breastMRI is actively used in clin-

ical trials. Efforts are underway to get human examinations at field strengths up to 14

T.

As field strengths increase, the homogeneity of themagnetic fields decreases (3). This

causes an increase in severity for a variety of artifacts in the images, two of which are

studied in this thesis. The first is the radiofrequency inhomogeneity artifact, which

causes changes in the course of DCE time-intensity curves. The second is the static

field inhomogeneity artifact which causes geometrical distortions in DWI. This thesis

has focused on correction strategies for both artifacts.

Therearemanystrategiesavailable forartifact compensationduringacquisition,many

of which are part of standard clinical protocols at 3 T. Examples include static shims to

improve static field homogeneity and dual transmit to improve homogeneity of the ex-

citationfield (4-6). With increasingfield strengths, the inhomogeneities growmore se-

vere and complex. As a consequence, these techniques are no longer sufficient. There-

fore, sophisticated compensation techniques during acquisition have recently been

developed, such as higher order shimming andmulti-channel parallel transmission (7-

9). At the same time, sophisticated coil designs facilitate improvements in RF homo-

geneity (10,11). RF distributions can, to some extent, be customized with the use of

dielectric pads, which allow steering of the available RF power to desired regions (12).

However, artifact compensation during acquisition is always limited. Not only by the

laws of physics and hardware limitations, but also by the anatomy and physiology of

the human body as well as time constraints. Therefore, post-acquisition corrections

canoften improveupondata thathasalreadybeenacquiredwith state-of-the-art com-
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pensation strategies (13-15). In this thesis, post-acquisition correction and quantifica-

tion techniques are developed for field inhomogeneity artifacts in DCE-MRI and DWI

at 7 T. At the same time, post-acquisition correction is limited as well, by the data that

has already been acquired and theway inwhich it was acquired. Consequently, strate-

gies combining artifact compensation during acquisition with artifact correction after

acquisition use the best of both worlds in order to achieve the best possible result.

Alternatively, MR imaging sequences can be devised that are less prone to field inho-

mogeneities. DWI can be performed with a fast spin echo (FSE) readout instead of

an EPI readout (16,17). This has allowed essentially distortion-free imaging in several

anatomical regions, including the oral cavity where 𝐵0 field inhomogeneities are espe-
cially severe (18-20). This technique is difficult to translate to higher fields, since an

FSE sequence uses many inversion pulses in rapid succession. Due to the high RF de-

mand of such a sequence, the safety limits for RF power deposition in the human body

are quickly reached, unless the time between consecutive pulses is increased. This re-

duces scan time efficiency and limits the resolution that can be achieved in an accept-

able time frame.

T
1
-weighted images that are less prone to bias introducedby𝐵+1 inhomogeneity can be

acquired using a pulse sequence namedMP2RAGE (21). After an inversion pulse, two

sets of gradient echoes are acquired at different inversion times. From these echoes, a

T
1
-weighted image with reduced 𝐵+1 bias, as well as a quantitative estimate for 𝑇1 can

be obtained. Though this method is robust and widely used in high field MRI, it is not

usually considered forDCE imagingdue to the time required to acquire the extra set of

echoes. Since inbreastDCE-MRI the recommendedmaximumacquisition time forone

3D volume is 90 seconds, this would severely limit the resolution that can be achieved

with this technique (22). Furthermore, some residual 𝐵+1 contrast remains in the ac-
quired images,which canonly be removedpost-acquisition if a𝐵+1map is available (23).

Chapter 2 of this thesis proposes a template approach to calculate 𝐵+1 maps in case of
local transmit breast coils at 7 T. Compared to conventional 𝐵+1mappingmethods, this
method saves scan time and has better noise characteristics. As this chapter shows,

inter-individual differences in𝐵+1 distributions across volunteerswith a large variation
in breast anatomy are within the accuracy range of conventional mapping methods.

This justifies the use of a generic template. Additionally, since the template is con-

structed from computer simulation, it is essentially noise free.

An alternative method to estimate 𝐵+1 in the breast that does not require extra scan
time is the reference-region variable flip angle (RR-VFA)method (24,25). Thismethod

estimates𝐵+1 in fat fromT
1
-weighted gradient echo images acquiredwith different flip

angles, by assuming a constant 𝑇1 value for fat throughout the breast. The 𝐵
+
1 in glan-

dular tissue is subsequently interpolated from the measured values in fat. Therefore,

this method will likely be less accurate in dense breasts and is not suitable for fat-

suppressed images. Pineda et al. postulate that theRR-VFAapproach does not require

extra scan time, since thevariableflipangle imagesare required for𝑇1mappingof glan-
dular tissueprior tocontrast injection (25). However,Haackeet al. haveshownthat the

precontrast 𝑇1 has a very limited effect on contrast estimates and suggest omitting 𝑇1
measurements altogether (26).
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Chapter 3 of this thesis proposes a correctionmethod for 𝐵+1 inhomogeneities inDCE-
MRI based on a directmapping ofmeasured signal intensities to true signal intensities.

𝐵+1 correctionofDCE-MRIdata isnot typicallyperformed in thismanner, existingmeth-

ods quantify underlying tissue parameters instead. They do this either sequentially

by first calculating a 𝐵+1-corrected estimate for 𝑇1 at each time point and calculating
other parameters of interest next (13,15), or directly by finding an approximate rela-

tionship between parameter estimates at imperfect 𝐵+1 levels and the true parameters
(27). As Chapter 3 shows, the proposed direct signal-intensity mapping approach has

clear noise amplification benefits. Additionally, this low-level correction potentially

allows a high degree of compatibility with existing clinical workflows and automated

analysis techniques, such as computer-aided diagnosis (28).

Chapter 4 shows that the 𝐵0 field distribution in the breast is very irregular, possibly
due to susceptibility differences between adipose and glandular tissue. The DWI dis-

tortion correction technique proposed in this chapter resembles inverse problem ap-

proaches that have been described earlier (29,30). However, contrary to these and

other techniquesused inbreast (14), theproposedmethod takes the irregularity of the

𝐵0 field into account by solving the inverse problem at a spatial resolution higher than

the acquired EPI data. This allows incorporation of high resolution 𝐵0 maps that bet-
ter capture the𝐵0 irregularities in the breast. This approach achieves better distortion
correction, especially at tissue boundaries where 𝐵0 inhomogeneity is worst.

The diffusion signal in-vivo is often quantified using the intravoxel incoherent motion

(IVIM) model (31). Since this model is a biexponential model, fitting results are often

unstable in the presence of noise (32). In Chapter 5 we propose to fit this model in

phasor space instead of signal space (33). Phasor-based IVIM fitting resulted in more

stable fits for IVIM parameters f and D: the precision was higher compared to nonlin-

ear fitting and segmented fitting (34). This was achieved by using geometrical prop-

erties of phasor space as prior knowledge in the fitting strategy. It allowed for both

a reduction in the number of free parameters and a novel regularization strategy in

phasor space. In future work, similar strategies may be devised for other signal mod-

els (35). Additionally, the precision of the phasor-based maps was better than that of

maps calculated with other methods for a lower number of b-values. This might allow

the generation of parameter maps in shorter scan times, since fewer b-values need to

be acquired.

The correction techniques of Chapters 3 and 4 are developed for and tested at 7 T.

Since both techniques are based onMRphysics principles that do not change between

field strengths, they are expected to work at other field strengths as well, though it is

important to make some considerations. The correctable 𝐵+1 range reported in Chap-
ter 3 might change, since the 𝑇1 range measured during DCE examinations depends
on field strength (36-38). Whether the template technique, developed in Chapter 2

for 𝐵+1 characterization in the breast at 7 T, is sufficient for the increased inhomogene-
ity at higher field strengths will have to be investigated. The benefit of using a high-

resolution off-resonancemap for distortion correction, as suggested inChapter 4, will

likely increase with field strength. Although for higher fields a higher resolution off-

resonance map may be required. Additionally, the off-resonance map may need to be

acquired using thinner slices to account for signal loss due to higher 𝐵0 gradients.
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Sometimes it is better toomit artifact correction altogether. Chapter5describes a sig-

nal quantification technique for DWI that implicitly achieves artifact correction. Even

thoughthesource imagesareaffectedby theRF inhomogeneityartifact, thecalculated

parameter maps are not. This is due to the fact that this artifact affects all source im-

ages equally and fitted parameters are not affected by it. Of note: the images in this

chapter were still corrected for the static field distortion artifact.

Another reason to omit artifact correction or quantification might be a possible drop

in SNR, sincemany correction and quantificationmethods are hampered by noise am-

plification. In order to produce a clinically usable correction or quantificationmethod,

it is important to undertake steps to reduce the amount of noise amplification. Chap-

ters 4 and 5 do so using different kinds of regularization, while Chapter 3 avoids an

intermediate image ratio calculation and performs a directmapping frommeasured to

corrected signals instead. Reducing noise amplification might also save scan time. As

an example, inChapter 5wewere able to produce parametermaps of the samequality

as conventional methods using less b-values.

One could argue that DWI images might also benefit from 𝐵+1 correction. And, vice
versa, that DCE images might benefit from 𝐵0 correction. Yet, this thesis pursues

neither direction. 𝐵0 distortions of gradient echo images, such as DCE images, are a
well-researched field and the physics are very similar to those described in Chapter

4 (39,40). However, due to the relatively high readout bandwidth used in these se-

quences, the tolerance against inhomogeneities in 𝐵0 is much higher than that of the
EPI sequences used in DWI. This kind of artifact therefore only becomes noticeable

when metallic implants are in or near the field of view (41). On the other hand, DWI

sequences are prone to RF inhomogeneity artifacts, even though they are implicitly

sidestepped in signalquantificationefforts suchas those inChapter5. CorrectingDWI

images for 𝐵+1 might benefit interpretation the images themselves, but will not impact
calculated parameter maps.

The techniques developed in this manuscript could be developed further or be made

less reliantonexternal sourcesof informationaboutfielddistributions. Forexample, in

Chapter 2we introduced a generic template that is individually and linearly scaled us-

ing information from the power optimization phase. Better results might be obtained

byperformingamorecomplexscalingbasedonmorepredictors, suchasbreastorglan-

dular tissue volume. An alternative strategy might be to generate a 𝐵+1 simulation li-
brary for a large number of volunteers (42). Individual 𝐵+1 predictions can then be ob-
tainedby interpolatingbetween those volunteers in the library that aremost similar to

the scanned individual. DCEcorrectionsmight evenbeperformedwithout𝐵+1 informa-
tionaltogether. If enoughdata is available, amachine learningmethodcouldbe trained

to generate corrected images from corruptedmeasured data. Since it is impractical to

acquire artifact-free data, such a method would have to resort to simulations to gen-

erate training data.

Once all inhomogeneities are either compensated, corrected or side stepped, patients

can fully benefit from all the advantages that high fieldMRI has to offer. This includes

not only high-resolution DCE-MRI and DWI, but also spectroscopy techniques which

measure tumormetabolism. Measurements of this kindmay be able to predict the re-
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sponse toneoadjuvant therapy in anearly stageof treatment (43,44). Multiparametric

analyses combining phosphorous spectroscopy with DCE-MRI for prediction of sys-

temic therapy response have achieved better agreement with postoperative findings

than the conventional preoperativeworkup (45). Higher resolution scansnot only per-

mitdetectionof smaller lesions, theyalso improvesassessmentof theheterogeneityof

contrast uptake, such as rim enhancement, which is associated with worse survival in

triple negative breast cancers (46). Currently, these advancements in breast MRI are

not yet available to patients outside of clinical trials. The artifact correction and signal

quantification techniques presented in this thesis are a necessary step towards clinical

integration of high field breastMRI.
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Nederlandse samenvatting

Glow in the dark sterren
Dit proefschrift gaat over beeldvorming met magnetische resonantie (MRI), maar

voordat we daarin duiken, moeten we het even hebben over glow in the dark sterren.

Het soort sterren die misschien wel op het plafond van je kinderkamer zaten geplakt.

(Als jouw kamer toevallig sterrenloos was, had jemisschienwel een horlogemet licht-

gevendewijzerplaten?) Een bijzonder nieuwsgierig kind, zoals de auteur van dit werk,

zouzichkunnenafvragenhoehet kandatdie sterren lichtblijvengeven, zelfs nadathet

licht indekameral languit is. Hetantwoord isdateenchemischproces, fosforescentie,

elektronen in de verf van de glow in the dark sterren naar een hogere energietoestand

brengt. Deze energiewordt geabsorbeerd uit licht, dat in feite de ster ‘oplaadt’, en ver-

volgens langzaam weer afgegeven. Dit zorgt ervoor dat de sterren nog uren kunnen

blijven nagloeien nadat het licht in de kamer is uitgegaan.

Het maken van eenMRI-scan heeft veel weg van het maken van een foto van lichtge-

vende glow in the dark sterren in een donkere kamer. In beide gevallen wordt er een

opname gemaakt van een object dat elektromagnetische golven uitstraalt. In beide

gevallen wordt deze opname pas gemaakt nadat de originele bron van elektromagne-

tische energie die het object heeft opgeladen is uitgeschakeld. Natuurlijk zijn er ook

verschillen. In het geval vanMRI is het object dat in beeldwordt gebrachtmeestal een

mens. En de elektromagnetische straling die wordt gebruikt zit niet in het zichtbare

spectrummaar in het megahertz-bereik, welbekend van FM-radio en tv-uitzendingen

via de (ultra)korte golf.

Hoewel het een versimpeling is, is de analogie van de glow in the dark sterren nuttig

voorhetbegripvaneenbelangrijk concept inMRI: hetobjectdatwewillenmetenmoe-

tenweeerstexciterenvoordatweeensignaalkunnenmeten. Metanderewoorden,we

moeten eerst het licht in de kamer aanzetten om onze sterren op te laden, voordat we

er in het donker een foto van kunnen nemen. De analogie helpt ook om intuïtief te be-

grijpen wat er gebeurt als deze excitatie niet gelijk verdeeld is over het gebied dat in

beeld wordt gebracht. De gemeten signaalintensiteit verandert in gebieden waar de

excitatie onvoldoende is, zoals een glow in de dark ster in een donker hoekje van de

kamerminder straalt in het donker.

Dit soort ongelijkmatigheden kunnen een negatieve invloed hebben op de diagnosti-

sche kwaliteit vanMRI-beelden. Dit proefschrift onderzoekt hoe ongelijkmatigheden

in de gebruiktemagneetvelden, zoals het excitatieveld, het beste in kaart kunnenwor-

den gebracht en kunnen worden gecorrigeerd, met name in het kader vanMRI van de

borst op hoogmagneetveld. Voor een goed begrip van de veldongelijkmatigheden die

in dit proefschrift worden behandeld en de beeldfouten die zij veroorzaken in MRI-

scans van de borst, is de eenvoudige glow in the dark analogie niet meer afdoende. De

volgende sectie zal daarom een aantal belangrijke begrippen uit de MR-fysica die van

belang zijn in dit proefschrift bondig introduceren. De rest van dit hoofdstuk zet de

probleemstellingen van dit proefschrift uiteen, en eindigt met een opsomming van de

belangrijkste bevindingen.
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De natuurkunde vanMRI in vogelvlucht

Resonantie

MRI-scannerswerkenmet zeer sterkemagnetische velden, meestal in de ordegrootte

van 0,5 tot 3 Tesla (T). Als je een diamagnetisch object, zoals een glas water, een stuk

fruit of zelfs een vrijwilliger of patiënt in zo’n sterkmagneetveld plaatst, zullen demag-

netische velden van waterstofatomen (of protonspins) in dat object zich oriënteren

naar het magnetisch veld van de scanner, het externe magneetveld. Daarnaast zullen

de protonspins gaan tollen met een frequentie die wordt bepaald door de sterkte van

het externemagneetveld. Zoals windmolens harder gaan draaien bij sterkerewind, zo

gaan de protonspins sneller tollen bij sterkere externe magneetvelden. Dit fenomeen

wordt kernspinresonantie genoemd en de frequentie hiervan heet de Larmorfrequen-

tie.

Signalen opwekken

Door de persoon of het object in een magnetisch veld te zetten zullen de protonspins

zich naar het veld oriënteren en resoneren, maar hiermee is nog geenMRI-signaal op-

gewekt. Om dit voor elkaar te krijgen, moeten we de spins draaien zodat ze loodrecht

op het externe magneetveld staan. Door een radiogolf met de hierboven beschreven

Larmorfrequentie uit te zenden, is hetmogelijk de spins te draaien. Aangeziendeze ra-

diogolfmeestal ergkortduurt, slechts eenpaarmilliseconden, noemenwedezemeest-

al een radiofrequentie (RF) excitatiepuls.

We kunnen kiezen hoe ver we de spins ten opzichte van het externe veld willen laten

draaien door de sterkte van de RF-puls te veranderen. EenMRI-scanner kun je instel-

len zodat hij de gewenste rotatie (of fliphoek) uitvoert. Hierbij geldt (tot op zekere

hoogte) dat een hogere fliphoek zorgt voor een hoger signaal. Door het uitvoeren van

een fliphoek neemt demagnetisatie van het object langs het externemagneetveld, de

longitudinalemagnetisatie, af. Dit is tijdelijk, de longitudinalemagnetisatie groeit lang-

zaam terug naar de beginstand. De tijd die het deze magnetisatie kost om te herstel-

len wordt de 𝑇1-relaxatietijd genoemd, deze is meestal enkele seconden. Als we nog
eensignaalopwekkenvoordatde longitudinalemagnetisatievolledighersteld is, zal dit

tweede signaal lager zijn dan het eerste signaal. Aangezien we tijdens het maken van

eenMRI-scan veel signalen moeten opwekken voordat we een volledig beeld hebben

opgenomen (de reden hiervoor wordt duidelijk in de paragraaf over positiecodering),

is het belangrijk om te beschouwenwat er gebeurt als we veel RF-excitatiepulsen kort

na elkaar afspelen.

T
1
-weging

Zoals beschreven is de 𝑇1-relaxatietijd meestal enkele seconden lang. De 𝑇1 van klier-
weefsel in de borst is bijvoorbeeld zo’n 2 seconden bij een magneetveldsterkte van 7

T. Het meest gebruikte MRI-scanprotocol in de borst heeft een repetitietijd (TR) van

5 à 15 milliseconden. Dit betekent dat we iedere 5 tot 15 milliseconden een RF-puls

afspelen om wat signaal op te wekken. Aan het begin van de scan, voordat we begin-

nen met de excitatiepulsen, is de longitudinale magnetisatie op zijn maximum en met

de eerste fliphoek wordt een grote hoeveelheid signaal opgewekt. Deze hoeveelheid

signaal zal echter met iedere herhaling afnemen, aangezien de longitudinale magneti-

satie onvoldoende tijd heeft omvolledig terug te groeien. Dit blijft zo doorgaan, totdat
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Figuur 1: Het opgewekte signaal in de evenwichtstoestand als functie van fliphoek voor zowel vetweefsel

(blauw, T
1
= 700 ms) als klierweefsel (geel, T

1
= 2100 ms) in de borst. Hogere fliphoeken vergroten het re-

latieve verschil in signaalintensiteit tussen deze twee weefsels. Afkorting: W.E. -Willekeurige Eenheid.

de vermindering van de magnetisatie als gevolg van de excitatiepuls even groot is als

het herstel tussen twee opeenvolgende pulsen. Op dat moment is er een evenwichts-

toestand bereikt. Op de kaft van dit boekje staan een paar spins in een evenwichtstoe-

stand.

De hoeveelheid longitudinale magnetisatie in de evenwichtstoestand en de grootte

van het opgewekte signaal hangen af van de 𝑇1 van het weefsel, en van de ingestelde
fliphoek enTR. Aangezien de 𝑇1 de tijdmeet die het de longitudinalemagnetisatie kost
om te herstellen, hebben weefsels met een kortere 𝑇1 een hoger signaal. Scans met
een langere TR geven ook een hoger signaal. De invloed van de fliphoek is iets inge-

wikkelder. Een fliphoek van 0 (oftewel geen fliphoek) wekt uiteraard helemaal geen

signaal op. Een heel hoge fliphoek zal heel weinig signaal opwekken aangezien de hoe-

veelheid longitudinalemagnetisatie indeevenwichtstoestandheel laagzal zijn. Tussen

deze twee extremen is er een fliphoek waarbij het maximale signaal wordt opgewekt,

de zogenaamde Ernsthoek. Figuur 1 zet de hoeveelheid opgewekt signaal uit tegen

de fliphoek voor twee weefsels met verschillende 𝑇1 relaxatietijden. Hogere fliphoe-
ken zorgen ervoor dat het relatieve verschil tussen signalen van deze weefsels groter

wordt. Dit concept heet 𝑇1-weging enmaakt hetmogelijk beter onderscheid temaken
tussen verschillendeweefseltypesmetMRI.

Positiecodering

Omeen beeld te kunnenmakenmetmagnetische resonantie, moeten we achterhalen

waar de opgewekte signalen vandaan komen. Zoals hierboven is besproken, resone-

ren protonspins in eenmagneetveldmet de Larmorfrequentie. De signalen die we op-

wekken hebben dezelfde frequentie. In een MRI-scanner met een perfect homogeen

magneetveld resoneren alle spins met exact dezelfde frequentie en is het onmogelijk

zevanelkaar teonderscheiden. Alserechterkleineverschillen inhetmagneetveldzijn,

zorgen die ervoor dat de resonantiefrequenties subtiel verschuiven. In dat geval kun-
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nen we verschillende groepen signalen onderscheiden die worden uitgezonden door

groepen protonen die op verschillende frequenties signalen uitzenden.

Om dit fenomeen in te kunnen zetten voor positiecodering, brengen we bewust en op

een systematische manier verschillen aan in het magneetveld. We zetten een extra

magneetveld aan, een gradiëntveld, dat lineair toeneemt van de ene kant van de scan-

nernaardeanderekant. Bijvoorbeelddex-gradiëntdie lineair toeneemtvan linksnaar

rechts. Nuzendenalleprotonenaande linkerkant signalenuitopeen lagere frequentie

dan die aan de rechterkant. Om erachter te komen hoeveel protonen signalen uitzen-

den vanaf iedere positie, hoeven we alleen maar te bepalen hoe veel signaal we ont-

vangen op iedere frequentie. Door dit terug te relateren aan de posities die bij iedere

frequentie horen, kunnen we een ééndimensionaal beeld van het object in de scanner

maken.

MRI-scanners hebben gradiëntspoelen in drie onderling loodrechte richtingen, waar-

doorwedriedimensionale beelden kunnenmaken. Dit gebeurtmeestal door lijn-voor-

lijn positiegecodeerde frequenties te meten. Om het gehele object in de scanner te

meten, zijn daarom vaak veel herhalingen (veel lijnen) nodig. Daarom duurt een klini-

scheMRI-scanmeestal enkele seconden totminuten, afhankelijk van onder andere de

beeldresolutie en de grootte van het beeld.

MRI van de borst op hoogmagneetveld
MRI’s van de borst zijn waardevol in de kliniek. Hoewel de diagnose van borstkanker

meestal wordt gesteld aan de hand van mammografie (een röntgenfoto van de borst),

echografie en biopten, wordt MRI routinematig ingezet voor het beoordelen van de

tumor voorafgaand aan een operatie, controle van de behandelingsvoortgang en be-

volkingsonderzoek in hoogrisicopopulaties. De gevoeligheid vanMRI voor het detec-

teren van invasieve borstkankers is beter dan die vanmammografie en echografie. Tot

slot is MRI de meest accurate beeldvormingsmodaliteit voor het bepalen van de tu-

morgrootte.

In de kliniek wordenMRI’s van de borst gemaakt op veldsterktes tot 3 T. Hogere veld-

sterktes, tot 7 T, worden ingezet voor klinische studies. Argumenten voor het inzetten

van hogere veldsterktes voorMRI zijn onder andere een lagere hoeveelheid ruis t.o.v.

het signaal en een groter verschil in signalen van protonen van verschillende soorten

moleculen. Het eerste voordeel kan worden ingezet om de resolutie van de beelden

te verbeteren. Hiervan is aangetoond dat dit mogelijk is in een klinische setting op

een veldsterke van 7 T en dit zou eerdere en betere diagnoses kunnen bevorderen.

Het tweede voordeel kanworden ingezet ommet spectroscopische techniekenhet tu-

mormetabolisme in kaart te brengen. Dit soort metingen kunnen wellicht de respons

op chemotherapie voorafgaandaaneenoperatie eerder voorspellen,waardoor sneller

van therapie kanworden gewisseld indien nodig.

Het inzetten van hogere veldsterktes heeft ook nadelen. Eén van deze nadelen wordt

uitgelicht in dit proefschrift: bij hogere veldsterktesworden de gebruikte elektromag-

netische velden minder uniform. Het eerste elektromagnetische veld dat we verken-

nen isdatvandeRF-excitatiepuls. DitRF-zendveld (𝐵+1) geeftaanwelkdeelvandeelek-
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Figuur 2: EenDCE-MRI-scan, opgenomen op 7 T, van een patiëntmet een borsttumor in de linkerborst (rechts

in beeld). De tumor heeft een verhoogde signaalintensiteit vanwege het ingespoten contrastmiddel. Merk

op dat ook dit beeld is verstoord door het B
1
+ ongelijkmatigheidsartefact. Afkorting: DCE-MRI - dynamische

contrast-verbeterdeMRI.

tromagnetische energie van de RF-puls alle hoeken van het beeld bereikt. Het tweede

elektromagnetische veld is het permanente magneetveld van de scanner zelf (𝐵0). De
ongelijkmatigheden van deze elektromagnetische velden veroorzaken beeldfouten in

de opgenomen beelden, zogenaamde artefacten. Deze artefacten kunnen zo ernstig

zijn dat ze afbreuk doen aan de diagnostischewaarde van de beelden. Dit proefschrift

richt zich daarom op artefactcorrectie voor twee veelgebruikte MRI-beelden in de

borst: dynamischecontrast-verbeterdeMRI (DCE-MRI)endiffusiegewogenbeeldvor-

ming (DWI).

DCE-MRI
Tijdens een DCE-MRI-scan krijgt de patiënt een 𝑇1-verkortend contrastmiddel inge-
spoten. Door hun snelle groei hebben tumoren vaak meer en lekke bloedvaten. Als

gevolg hiervan zal een grotere hoeveelheid contrastmiddel vanuit de vaten de tumor

inlekken. Dit zorgt ervoor dat de 𝑇1 van de tumor afneemt en dat hetMRI-signaal van-

uit de tumor toeneemt. Figuur 2 laat hiervan een voorbeeld zien. Na een tijdje zal het

contrastmiddel weer uit de tumor terug de vaten in lekken. EenDCE-MRI-scan neemt

gedurende langere tijd meerdere beelden op, zodat de snelheid van zowel de opname

als de afgifte van het contrastmiddel kunnen worden vastgesteld. Dit kan worden ge-

koppeld aan de kwaadaardigheid van de tumor: hoe sneller de opname en afgifte, des

te groter is de kans op een kwaadaardige tumor.

Al vroeg tijdens de ontwikkeling van 7 T-scanners voor het hele menselijk lichaam,

werd ontdekt dat er grote ongelijkmatigheden zaten in de verdeling van het 𝐵+1
veld. Deze ongelijkmatigheden zijn te wijten aan de kortere golflengte van de RF-

excitatiepuls op hoge veldsterktes. Dit zorgt voor staande golven in het excitatieveld

en een globaal lagere 𝐵+1 efficiëntie. Alle 7 TMRI-experimenten in dit proefschrift ge-

bruikendaaromlokalezendspoelen, dieeenhoge𝐵+1 indeborstmogelijkmaken. Figuur
3 laat een lokale zendspoel zien zoals die is gebruikt in dit proefschrift. Aangeziendeze

spoelen voor het lichaamworden geplaatst en 𝐵+1 afneemt naarmate de afstand tot de
spoel groter wordt, is er een lagere 𝐵+1 in de achterste delen van de borst.
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A B

Figuur 3: A: Een lokale zendspoel zoals die wordt gebruikt in dit proefschrift. B: Schematisch overzicht van

dezelfde spoel in een MRI-scanner. De cups die te zien zijn in A zijn hier in groen weergegeven. De eigenlijke

spoelelementen zijnweergegeven in paars engrijs. Deoranje cilinder geeft de tunnel vandeMRI-scannerweer.

Omhet effect van een laag 𝐵+1-niveau op de beelden te begrijpen, is het belangrijk ons
te realiseren dat een laag 𝐵+1-niveau betekent dat er een lagere fliphoek wordt toege-
past. Zoalsbeschreven indesectieover𝑇1-weging, zorgteen lagerefliphoeknietalleen
voor een lager signaal in de evenwichtstoestand, maar ook dat het opgenomen beeld

minder 𝑇1-weging heeft. Met andere woorden, een laag 𝐵+1-niveau zorgt ook voor een
verminderde gevoeligheid voor veranderingen in 𝑇1. Aangezien de contrastmiddelen
die worden gebruikt bij DCE-MRI de 𝑇1 verkorten, zorgt een laag 𝐵

+
1 niveau voor een

verminderdegevoeligheidvoorveranderingen indeconcentratie vanhet contrastmid-

del. Dit bemoeilijkt de diagnose van tumoren.

De eerste stap om dit artefact te kunnen corrigeren, is bepalen hoeveel 𝐵+1 eigenlijk in
ieder deel van het beeld is aangekomen. Er bestaan veel methoden om deze 𝐵+1 verde-
ling te meten. Hoewel de eerste methoden ongeschikt waren voor in-vivo metingen,

vanwege praktische beperkingen variërend van zeer lange meettijden tot zeer hoge

RF-vermogens, hebben recente methoden bewezen bruikbaar te zijn in een klinische

omgevingmetwerkbare, kortemeettijden. Demeest gebruiktemeetmethoden schat-

ten𝐵+1 aan de hand van een ratio van twee 𝑇1-gewogen beelden. Om te voorkomen dat

deze schattingen afhankelijk zijn van de 𝑇1 van het weefsel, gebruiken ze ofwel hele
lange TR’s, wat tot lange meettijden leidt, of benaderingen van de signaalvergelijking

die slechts geldig zijn voor een beperkt 𝐵+1-bereik.

Hoofdstuk 2 van dit proefschrift beschrijft een methode om 𝐵+1 in de borst op 7 T af
te schatten die geen scantijd vereist en in principe ruisvrij is. Dit is mogelijk door een

𝐵+1-sjabloon van de zendspoel te maken en deze sjabloon toe te passen bij alle proef-
personen. We onderzoeken of het gebruik van deze sjabloon verantwoord is door de

𝐵+1 verdelingen van een groep vrijwilligersmet een grote variatie in borstanatomie on-
derling te vergelijken. De prestaties van dezemethodeworden vergelekenmet een𝐵+1
meetmethode.

Het corrigeren van DCE-MRI-beelden voor 𝐵+1 ongelijkmatigheden is niet gebruikelijk
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in de kliniek, waarschijnlijk omdat de 𝐵+1 velden behoorlijk homogeen zijn bij de veld-
sterktes die daar gebruikelijk zijn. Er zijn wel studies die dergelijke correcties hebben

uitgevoerd op dergelijke veldsterktes, met als doel de concentratie van het contrast-

middel beter te kunnenkwantificeren. Demeeste correctiemethodenmetende 𝑇1 van
klierweefsel voordat het contrastmiddel wordt ingespoten en corrigeren deze metin-

gen voor 𝐵+1 indien nodig. Vandaaruit kunnen de 𝑇1 en de concentratie van het con-
trastmiddel op ieder tijdspunt van de DCE-serie worden bepaald. Er zijn methoden

voorgesteld om het meten van 𝑇1 en 𝐵
+
1 te combineren, om zo meettijd te besparen.

De invloed van 𝐵+1 op concentratieschattingen kan fors zijn en het is aangetoond dat
corrigeren voor 𝐵+1 zelfs nuttig kan zijn op 1,5 en 3 T, terwijl 𝐵

+
1 velden daar relatief ho-

mogeen zijn.

Hoofdstuk3onderzoekt het corrigeren voor𝐵+1 vandegemetenbeeldintensiteiten tij-
dens DCE-MRI. Dit gebeurt door de gemeten beeldintensiteiten bij relatief lage 𝐵+1-
niveaus te verhogen. Hiermee is het mogelijk de gemeten intensiteiten te corrigeren

naar het juiste niveau, maar de aanwezige ruis in het beeld wordt hiermee ook opge-

blazen. Daarom wordt in dit hoofdstuk een directe vertaalslag van gemeten beeldin-

tensiteiten naar gecorrigeerde beeldintensiteiten voorgesteld die de ruisversterking

minimaliseert.

DWI
DWI is een techniek die het MRI-signaal gevoelig maakt voor de (microscopische) be-

weging vanwatermoleculen. Ditwordt bereikt door een sterke gradiënt (dezelfde gra-

diëntdiewordtgebruikt voorpositiecodering) aan te zettendiehet signaal onderdrukt

en even later nog een gradiënt, even sterkmaarmet een omgekeerd effect, die het sig-

naal weer versterkt. De tweede gradiënt zal het effect van de eerste gradiënt teniet-

doen. Dit gebeurt echter niet niet (of slechts gedeeltelijk) voor spins die in de tijd tus-

sen de twee gradiënten zijn verplaatst. Daarom neemt de signaalintensiteit van DWI

af als er meer diffusie plaatsvindt.

Aangezien tumoren vaak bestaan uit onregelmatige celstructuren is de diffusie in tu-

moren langzamer dan die in gezond weefsel. Als gevolg hiervan hebben tumoren een

hogere signaalintensiteit op DWI-beelden. Studies hebben aangetoond dat het wel-

licht mogelijk is met DWI onderscheid temaken tussen goedaardige en kwaadaardige

tumoren en de respons op chemotherapie te voorspellen, zonder dat het nodig is con-

trastmiddel in te spuiten.

DWImaakt hetMRI-signaal gevoelig voor beweging omde diffusie inweefsels te kun-

nenmeten. Er zijn echter altijd nogmeer soorten beweging in een levendmenselijk li-

chaam,metnameademhalingsbewegingenbloedcirculatie. Dit soortbeweging is vaak

onregelmatig en langzaam. Aangezien we alleen diffusie willen meten en geen andere

soorten beweging, moetenwe zo snel mogelijk meten nadat het signaal gevoelig is ge-

maakt voor beweging. Hoewel de meeste MRI-technieken hun beelden lijn-voor-lijn

opnemen, is het daarom bij DWI gebruikelijk een geheel tweedimensionaal beeld in

één keer op te nemen. Deze techniek heet echo planar imaging (EPI).

De EPI-techniek is zeer gevoelig voor ongelijkmatigheden in het 𝐵0-veld. Deze onge-
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Figuur 4: A: Een MRI-beeld van de borst, opgenomen met een langzame lijn-voor-lijn techniek. B: Hetzelfde

beeld opgenomenmet de EPI-techniek. Dit beeld is vervormd ten opzichte van paneel A, hoewel is het is opge-

nomen in dezelfde patiënt op dezelfde locatie. C: De omtrek van het vervormde EPI-beeld in B geprojecteerd

op het niet-vervormde beeld in A. Afkorting: EPI - Echo Planar Imaging.

lijkmatighedenveroorzakengeometrischevervormingen inhetopgenomenbeeld. Een

voorbeeld van dit artefact is te zien in Figuur 4. Dit effect is te vergelijken met wat er

gebeurt als je een foto neemt door een glaswater of een onregelmatig gevormdglazen

object. Het mechanisme achter dit effect kan conceptueel duidelijk worden als je be-

denkthoepositiecoderingwerkt inMRI.Aangezienhet𝐵0-veldniet gelijk is indeborst,
zal de resonantiefrequentie ook variëren. Dit zou ervoor kunnen zorgen dat een spin

aan de linkerkant van de borst resoneert met een frequentie die te hoog is, een fre-

quentie die we geassocieerd hadden met een positie een paar millimeter naar rechts.

Ons reconstructiealgoritme zal het signaal van die spin dan, onterecht, een paar milli-

meter naar rechts plaatsen, wat tot een vervormdbeeld leidt. Deze positioneringsfou-

ten zullen verergeren als de verschillen in 𝐵0 groter worden, waardoor EPI-beelden
van de borst grotere verstoringen laten zien op plekkenwaar de 𝐵0 ver afwijkt van het
gemiddelde.

Deze onregelmatigheden in het 𝐵0-veld ontstaan omdat spins in verschillende weef-
sels in het lichaam anders reageren op het magneetveld van de scanner als gevolg van

verschillen in de magnetische susceptibiliteit. Dit is vooral merkbaar bij overgangen

tussen weefsels met een andere susceptibiliteit, zoals water en vet. Deze verschillen

in magnetische susceptibiliteit komen veel voor in de borst, die veel overgangen van

waterigeweefsels naar vetweefsels bevat. Als gevolg hiervan is het𝐵0-veld in de borst
bijzonder ongelijkmatig.

De eerste methoden om EPI-vervormingen te corrigeren verschenen al in de jaren

90. Er zijn sinds die tijd veel verbeteringen voor deze methoden voorgesteld, net als

nieuwe strategieën. De meest opvallende nieuwe strategie is een methode om voor

𝐵0-vervormingen te corrigeren zonder het𝐵0-veld te hoevenmeten. In plaats daarvan
worden er twee EPI’s opgenomen met tegengestelde fasecoderingsrichtingen zodat

de vervormingen in beide beelden in tegengestelde richtingen gaan. Vanuit deze beel-

den kan een gladde𝐵0-verdelingworden geschat. Dezemethodewerkt goed als de𝐵0-
verdeling glad is en is op ditmoment één van de tweemeest gebruikte correctiestrate-

gieën. De andere strategie maakt gebruik van vervormbare beeldregistratie naar een

niet-vervormde referentiescan, bijvoorbeeld deDCE-MRI. Hoewel dezemethode ook
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goede resultaten heeft opgeleverd, bestaat er altijd een risico dat het gecorrigeerde

beeldwordtbesmetmet informatieuithet referentiebeeld (deDCE).Contrastverschil-

len inhetDCE-beelddieniet aanwezig zijn inhetoorspronkelijkeEPI-beeld zoudenbij-

voorbeeld kunnen worden doorgegeven aan het gecorrigeerde beeld. Bovendien kan

dezemethode lokale vervormingendie ontstaan door steile𝐵0-gradiënten bijweefsel-
overgangen onderschatten en onvoldoende corrigeren.

In Hoofdstuk 4 ontwikkelen we een correctiemethode om het EPI-

vervormingsartefact in DWI-beelden te corrigeren. Deze techniek voorspelt de ver-

vorming aan de hand van een gemeten 𝐵0-veld en compenseert vervolgens voor deze
vervorming. Aangezien het 𝐵0-veld in de borst bijzonder ongelijkmatig is, gebruikt

deze techniek hoogresolute 𝐵0-informatie om bestaande technieken te verbeteren.

Bij hetmaken van eenDWI-scan kunnendediffusieweging ende richting vandezewe-

ging worden ingesteld. Meestal worden er meerdere wegingen en meerdere richtin-

gen opgenomen. Hierdoor kan het signaalverval als functie van deweging worden ge-

kwantificeerd. Het gemeten signaal zal echter een mengsel van signalen zijn die ieder

met een andere snelheid vervallen. Dit komt doordat watermoleculen in het lichaam

verdeeld zijn in verschillende compartimenten, variërend van vrij diffunderende wa-

termoleculen in bijvoorbeeld hersenvocht tot watermoleculen tussen cellen die wor-

den gehinderd in hundiffusie enwatermoleculen in cellen die heel beperkt kunnendif-

funderen vanwege de celwand. Voor hersentumoren is aangetoond dat het scheiden

van dit gemengde signaal waardevol is voor het karakteriseren van deze tumoren en

dat het de zichtbaarheid van tumoren kan verbeteren.

Het kwantificeren van gemengd signaalverval met een multi-exponentieel model kan

instabiele resultaten opleveren, vooral in de aanwezigheid van ruis. Een populaireme-

thode om deze instabiliteit te omzeilen is een lineaire aanpak in twee stappen, meest-

al gesegmenteerde fit genoemd. Deze methode is echter gevoelig voor foutvermeer-

dering, aangezien de gesegmenteerde fitmethode demodelparameters opeenvolgend

schat in plaats van herhalend. Dit leidt tot een afwijking in de parameterschattingen.

Een nieuwemethode voor het stabiel schatten van signaalfracties in gemengde signa-

len, de phasortransformatie, is recente geïntroduceerd. Nadat een signaal is getrans-

formeerd naar de phasorruimte, lijnenmono-exponentiële curves zich uit op eenhalve

cirkel. Multi-exponentiële curves bevinden zich op de lijn die hun mono-exponentiële

basiscomponenten verbindt. Dit kanworden gebruikt als voorkennis bij het fitten van

eenmulti-exponentieel model.

Hoofdstuk 5 onderzoekt of de phasortransformatie gebruikt kan worden om ge-

mengdevervalsignalen inDWI stabieler te kwantificeren. Deprestaties vanmethodes

geholpen door voorkennis uit de phasortransformatie wordt vergeleken met veelge-

bruikte methodes. De invloed van bemonsteringsstrategieën en ruis worden onder-

zocht in zowel digitale fantomen als vrijwilligers.
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De belangrijkste bevindingen van dit proefschrift

DCE-MRI

Het verloop van tijd versus intensiteitscurves gemetenmetDCE-MRI verandert in het

geval van imperfecte 𝐵+1: een laag 𝐵
+
1-niveau zorgt ervoor dat de curve vlakker wordt.

Hoofdstuk2 stelteensnelleenruisvrijemethodevooromde𝐵+1 verdeling indeborst te
schattenals gebruikwordt gemaakt van lokale zendspoelenop7T.Gebaseerdop com-

putersimulaties van 4 vrijwilligsters werd vastgesteld dat de verschillen tussen proef-

personen wat betreft de lokale zendvelden in de borst vergelijkbaar is met de nauw-

keurigheid van meetmethoden voor 𝐵+1. Om deze reden hebben we voorgesteld een

algemene sjabloon te gebruiken om 𝐵+1 te bepalen. Deze algemene sjabloon werd ge-
test in 15 gezonde vrijwilligsters met een grote variatie in borstanatomie. In drie van

deze vrijwilligsters werd de overeenkomst tussen de voorgestelde sjabloonaanpak en

een meetmethode vergeleken met de overeenkomst tussen twee opeenvolgende op-

namesmetdezelfdemeetmethode. Herhaaldemetingen lieteneenmaximale fout zien

van 15% van de nominale hoek. Als de sjabloon werd gebruikt was de maximale fout

iets groter, ongeveer 6%. Hieruit concluderenwe dat een algemene sjabloon kanwor-

den gebruikt bij personen met een grote variatie in borstanatomie. Hierdoor kan een

tijdrovendemetingmet veel ruis wordenweggelaten.

In Hoofdstuk 3 gebruiken we de sjabloonaanpak van Hoofdstuk 2 als basis om DCE-

signaalintensiteiten te corrigeren. Met de sjabloon als bron van 𝐵+1-informatie, onder-
zochten we het bereik van 𝐵+1 waarin DCE-metingen achteraf nog te corrigeren zijn.
Een directe vertaalslag van gemeten naar gecorrigeerde signaalintensiteiten werd

ontwikkeld om ruisversterking als gevolg van de correctie tegen te gaan. Simulaties

toonden aan dat het minimale 𝐵+1-niveau waarbij correctie nog kan plaatsvinden 43%
van de nominale hoek is. Na correctie was de verdeling van DCE-curvetypes in een

7 T-dataset met kwaadaardige borsttumoren, opgenomen met een grote variatie aan

𝐵+1-niveaus, beter in overeenstemmingmet de verdeling die bekend is uit de literatuur.
DCE-correcties leken de prestaties van graadpredictiemodellen te beïnvloeden, maar

dit dient verder onderzocht te worden gezien de beperkte grootte van de dataset.

DWI

DWI wordt meestal opgenomen met een EPI-techniek, die zeer gevoelig is voor ge-

ometrische vervormingen als gevolg van 𝐵0-ongelijkmatigheden. Hoofdstuk 4 laat

zien dat het 𝐵0-veld in de borst grote ongelijkmatigheden kent bij klier-vet overgan-
gen. Om deze reden hebben we een vervormingscorrectiemethode ontwikkeld die

hoogresolute 𝐵0-informatie meeneemt om forse vervormingen bij weefselovergan-

gen beter op te lossen. Kwantitatieve vergelijkingen lieten zowel ex-vivo als in-vivo

een betere overeenstemming zien tussen gecorrigeerde EPI-beelden en een non-EPI-

referentiescan. Alle statistieken lieten een significante verbetering zien wanneer

hoogresolute 𝐵0-informatie werd gebruikt, met name bij weefselovergangen. Het is
precies deze verbetering bij weefselovergangen als gevolg van het gebruik van hoog-

resolute 𝐵0-informatie die ervoor zorgt dat onze methode een voordeel heeft ten op-
zichte van bestaande correctietechnieken.

Kwantificatie vandegemengde signalengemetenmetDWI is eenuitdaging, aangezien

steeds ingewikkeldere modellen steeds instabielere resultaten produceren. Hoofd-
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stuk 5 verkent demogelijkheid ommet de phasortransformatie stabielere parameter-

schattingen te verkrijgen, zowel in de context van fractieschattingen bij vaststaande

diffusiviteiten als in de context van het fitten van het intravoxel incoherent motion

(IVIM) model. Hoewel de phasoraanpak bij vaststaande diffusiviteiten geen voordeel

bleek te bieden ten opzichte van het eenvoudig oplossen van een lineair stelsel, pro-

duceerde de phasoraanpak voor het fitten van het IVIM-model stabielere schattingen

voor twee parameters (de pseudodiffusiefractie, f, en de diffusieconstante, D) ten op-

zichte van zowel nonlineair als gesegmenteerd fitten.

126



&

Appendix

127



&

List of publications

Publications in international journals
M.J. van Rijssel, F. Zijlstra, P.R. Seevinck, P.R. Luijten, K.G.A. Gilhuijs, D.W.J. Klomp,

J.P.W. Pluim; Reducing distortions in echo-planar breast imaging at ultrahigh fieldwith

high-resolution off-resonance maps,Magnetic Resonance in Medicine 2019, 82(1):425-

435

M.J. van Rijssel, J.P.W. Pluim, P.R. Luijten, K.G.A. Gilhuijs, A.J.E. Raaijmakers, D.W.J.

Klomp; Estimating 𝐵+1 in the breast at 7 T using a generic template,NMR in Biomedicine

2018, 31(5):e3911

M.J. van Rijssel, M. Dahele, W.F.A.R. Verbakel, T.S. Rosario; A critical approach to the

clinical use of deformable image registration software. In response to Meijneke et al.,

Radiotherapy and Oncology 2014, 112(3):447-448

M.A.J.M. van Eijnatten, M.J. van Rijssel, R.J.A. Peters, R.M. Verdaasdonk, J.H. Meijer;

Comparison of cardiac time intervals between echocardiography and impedance car-

diography at various heart rates, Journal of Electrical Bioimpedance 2014, 5(1):2-8

Manuscripts submitted for publication
M.J. van Rijssel, J.P.W. Pluim, H.M. Chan, L. van den Wildenberg, A.M.Th. Schmitz,

P.R. Luijten, K.G.A. Gilhuijs, D.W.J. Klomp; Correcting time-intensity curves in dynamic

contrast-enhanced breastMRI for inhomogeneous excitation fields

M.J. van Rijssel, M. Froeling, A.L.H.M.W. van Lier, J.J.C. Verhoeff, J.P.W. Pluim; Untan-

gling the diffusion signal using the phasor transform

Conference abstracts
L. van denWildenberg, E. Krikken, J.P. Wijnen, J.P.W. Pluim, D.W.J. Klomp, M.J. van Ri-

jssel; Correcting breastMRIwith a generic𝐵+1 template for 𝑇1map calculation, Interna-
tional Society for Magnetic Resonance inMedicine, 2019

M.J. van Rijssel, F. Zijlstra, P.R. Seevinck, P.R. Luijten, D.W.J. Klomp, J.P.W. Pluim; High-

resolution off-resonancemaps improve conformity between distortion-corrected EPI

acquisitions and distortion-free references, International Society for Magnetic Reso-

nance inMedicine, 2018

M.J. van Rijssel, M. Froeling, J.P.W. Pluim;Where’s mywater? Untangling the diffusion

signal using the phasor representation, International Society for Magnetic Resonance in

Medicine, 2018

M.J. van Rijssel, F. Zijlstra, P.R. Seevinck, P.R. Luijten, D.W.J. Klomp, J.P.W. Pluim;

Susceptibility-induced local Δ𝐵0 variations are essential for predicting EPI distortions
in the breast, International Society for Magnetic Resonance inMedicine, 2017

128



&

Appendix

M.J. van Rijssel, J.P.W. Pluim, P.R. Luijten, A.J.E. Raaijmakers, D.W.J. Klomp; Estimating

𝐵+1 of thebreast at 7Tusing a generic distribution, International Society forMagnetic Res-

onance inMedicine, 2016

M.J. vanRijssel, J.P.W. Pluim, B.H.M. vanderVelden, T.A. vanderVelden, E. Krikken, J.P.

Wijnen, K.G.A. Gilhuijs, D.W.J. Klomp; Evaluation of image-based bias field correction

at 7 T, European Society for Magnetic Resonance inMedicine and Biology, 2015

129



&

Dankwoord

Dit boek staat volmet teksten die ik zelf nooit had kunnen schrijven, experimenten die

ik alleen nooit had kunnen uitvoeren en goede ideeën die ik nooit had kunnen beden-

ken. Het wordt hoog tijd dat ik de mensen ga bedanken die dit toch mogelijk hebben

gemaakt. De afgelopen jaren heb ik mogen werken in een geweldige groep vol met

slimme, enthousiaste, gemotiveerde, grappige en gekke mensen. Het is vrij uniek om

(PhD-)onderzoek te kunnen doen in zo’n grote en leuke groep en ik vond het een fan-

tastische tijd. Ikwil iedereendiehieraanheeftbijgedragendanookhartelijkbedanken!

Aan het begin van dit dankwoordmoet ik natuurlijk deman bedanken dankzij wiemijn

Utrechtseavontuurbegon: Dennis. Hoewel ik tegenwoordigprof.dr. Dennismoet zeg-

gen. Jouwaanstekelijke enthousiasmeheeftmeertoeovergehaald omvoor dit project

naarUtrecht teverhuizenenheeftmemeerderekerenopdebeengeholpenalshetniet

helemaal liep zoals we wilden. Bedankt voor het blijven uitdagen van mijn sceptische

houding met je positieve instelling en een niet aflatende stroom aan nieuwe ideeën.

Iets is slechts onmogelijk tot het niet meer zo is.

Josien, je bent wel professor in ‘Medical Image Analysis’, maar zeker niet MIA! Door

je aanstelling in Eindhovenwas je meestal slechts één dag in deweek in Utrecht, maar

dit heeft je er niet van weerhouden actief betrokken te blijven bij al mijn projecten.

Bedankt voor je luisterend oor, goede suggesties, snelle feedback, (zwarte) humor en

aanhoudende betrokkenheid op vele gebieden. Stop nooit met luisteren.

Kenneth, door het MR-fysische karakter van het werk dat ik in de afgelopen periode

heb gedaan, dreigde jij soms aan de zijlijn te belanden. Desondanks, of misschien juist

daardoor, was jouw feedback op mijn werk of de presentatie daarvan altijd bijzonder

waardevol, met name als je aangaf bepaalde delen “niet te snappen”. Ha, daar trap ik

dus niet meer in! Voor alle huidige en toekomstige studenten van Kenneth: hij snapt

alles, hij is alleen bang dat je punt niet overkomt. Kenneth, ik heb veel van je geleerd en

waardeer je anekdotische aanpakom ingewikkelde conceptenover te brengen. Wordt

vervolgd.

Peter, doorhet succesvanDennis enhetdoordeuniversiteit gesteldemaximumaantal

promotoren sta jij nietmeer als zodanig in dit boekje. Het siert je dat je deze stap opzij

hebt gedaan. Ik wil je graag bedanken voor het opzetten van de geweldige 7T-groep

waar ik de afgelopen jarenmee hebmogen samenwerken en de vrijheid die jeme hebt

gegeven tijdens het uitvoeren vanmijn onderzoek.

Ikwil graag alle leden van debeoordelingscommissie, prof. Paul vanDiest, prof. Arend

Heerschap, prof. Jan Lagendijk, prof. Chrit Moonen en prof. Aart Nederveen, van

hartebedankenvooruw interesse inmijnwerkendediscussiedie ikmetumagvoeren.

Alexander Raaijmakers, als er iemand is die mij het belang van het goed bewaren van

oude resultatenheeft laten inzien, danben jij hetwel. Het is inmiddels bijna vijf jaar ge-

leden dat ik je omwat oude simulaties vroeg, die je ook nog bleek te hebben! De rest is

geschiedenis, maar zonder deze vliegende start hadden de eerste twee hoofdstukken

van dit boekje er heel anders uitgezien.

130



&

Appendix

Frank, onze zelfbedachte EPI-vervormingscorrectiemethode blijft de beste. Zelfs nu

is gebleken dat we bij lange na niet de eersten waren die op dit idee zijn gekomen. Ik

wil je bedanken voor veel nuttige inhoudelijke discussies, schaamteloos gestolen code

(waaronder de LaTeX-template voor dit proefschrift) en je gezelschap tijdens meer-

dere congressen. Tea! Earl Grey! Hot!

Lieke, je begon bij ons als masterstudent en je hebt je sindsdien ontwikkeld tot een

uitstekend onderzoekster. Ik ben dan ook erg trots om je als coauteur op één van de

hoofdstukken in dit boekje te mogen vermelden! Geniet van je tijd als PhD-student in

deze geweldige groep.

Martijn, bedanktdat jeonmiddellijk enthousiastwasoverdat rarephasor-ideevanmij.

Toenhet toch niet helemaal bleek te zitten hoewij dachten, heb jijme aangespoord om

danmaar goeduit te zoekenhoehetwel zit endaar is eenprachtig hoofdstukuit voort-

gekomen. Het was ook jouw idee om Astrid en Joost erbij te betrekken, die me lieten

inzien hoe snel de resultaten relevant zouden kunnen zijn voor radiotherapiepatiën-

ten. Ik zie er dan ook naar uit om binnenkort jullie collega te worden!

Bas, vanaf dag één heb je me veel geholpenmet vaak praktische oplossingen en nuch-

tere inzichten. Ik ben dan ook erg trots dat jemeniet zo lang geleden omhulp vroeg bij

één van jouw artikelen en dat ik daarop coauteur mag zijn. Bedankt voor deze mooie

samenwerking, maar nog veel meer voor je droge gevoel voor humor en het feit dat je

deur altijd voorme openstond.

Hui Shan, bedankt dat je het bijna vijf jaar met mij in één kantoor hebt uitgehouden.

Ik ben blij dat ik je in deze tijd beter heb leren kennen. Ik heb er een gewoonte van

gemaakt om je suggesties voor goede boeken, series en films op te volgen en heb daar

tot zover nog nooit spijt van gekregen. Mijn suggesties volg je slechts sporadisch op,

vermoedelijk alleen als ze ‘Niko-approved’ zijn (of als hij er eenDVD-box van heeft lig-

gen). Ik wil trouwens nog even sorry zeggen voor de roddels over jou en Niko die ik

probeerde te starten. Dat had ik pas veel later moeten doen, dan had ik ze nooit hoe-

ven tegenspreken. Ik ben dankbaar dat je tijdensmijn verdediging achtermewil staan.

Veel succesmet de laatste loodjes van je eigen scriptie!

Erik, ik zal onze interessante discussies en je goede grappenmissen. Je bentmet recht

de man van de juiste grap op het juiste moment. Bedankt dat je me wil steunen op de

dag van de verdediging. Nu je niet meer embargo-restricted bent, knal je die PhD ge-

woon even binnen. Jurica, I believe I’ve nevermet amanwho’s so fond of The Sound of

Silence. And of stating facts. A true herald of science. All the best with your career in

industry! Alexander Schmitz, onze tijd in één kantoor was kort maar krachtig. Vooral

die stem van jou. Geniet van je tijd in Amsterdam, je wordt een bazenradioloog!

Erwin, bedankt voor je hulp tijdens vele uren scannen en de prettige samenwerking.

Met jepositieve insteekenrelaxte, zelfverzekerdehoudingga jeverkomen! Tijl, vooral

in het begin was jij van onschatbare waarde voormij om die scanner te laten doenwat

ik wilde, zonder dat hij daarbij stuk ging. Ik denk dat dat grotendeels gelukt is. Fredy,

bedankt dat je je hoofd koel hield in een (voormij) zeer stressvolle situatie. Jannie, be-

dankt voor alle scherpe inzichten en goede adviezen door de jaren heen. Hoewel je

131



&

technisch gezien niet mijn begeleider was, was je altijd uitstekend op de hoogte van

waar ik mee bezig was. Het belooft daarom een interessante discussie te worden tij-

densmijn verdediging, ik hoop dat je nog een spaan vanme heel laat.

Fenghua, aka the restaurant classifier, thank you for the cup of Chinese tea onmy very

first day. A good beginning for every great adventure. Samuel, some facts of life for

you: 1) People don’t hate you. You’vemade at least one friend in Utrecht, and I’m sure

I’m not the only one. 2)Most people couldn’t come upwith the crazy science-stuff you

come up with. Don’t underestimate yourself. 3) T-shirts should have four holes. No

less, that would be impractical, and definitely not more.

Majd andNiko, thanks for all the fun we had in Sicily. We now know everything there

is to know about Sicilian lunch and coffee break traditions. I’ll never eat tuna again

in my life. Szabolcs, though our water polo career together was short-lived, I remem-

ber fondly our lengthy discussions that invariably started with you saying the phrase

“I have a question.”. May you never cease to ask questions! Bea, thank you for your

enthusiasm and for bringing people together inmanyHarry Potter-themed occasions.

Differences of habit and language are nothing at all if our aims are identical and our

hearts are open.

Mariëlle, Britt, Sandra en Hui Shan, bedankt dat ik samen met jullie deMISP heb mo-

gen organiseren. Sorry dat ik er op het moment suprême niet bij kon zijn. Hugo,Mat-

thijs, Edwin en Chris, bedankt dat ik onderdeel mocht zijn van jullie vaste lunchclubje

tijdens mijn tijd op Q2. Ik voelde me altijd welkom. Julia, ik vond het leuk om samen

met jou te kunnen trakteren voor onze verjaardagen. Veel succes in het AMC!

Marjan, Jacqueline, Renée,Maria en Sylvia, bedankt voor alle ondersteuning door de

jaren heen en jullie hulp bij allerlei ingewikkelde verzoeken vanmijn kant. Jullie waren

vooral onmisbaar als het nodig was om al mijn begeleiders op hetzelfde moment bij

elkaar te krijgen. Sorry voor alle hoofdpijn die dit jullie gekost moet hebben. Zonder

jullie is er geen 7T, ISI, ImagO of CIS!

Their may be some of you who are slightly disappointed not to see their name immor-

talized in thisbook. Fretnot, dear lunchmate, fellowPotterhead, tea loverorotherwise

amazing person. I did not forget you! I think. It’s a good thing I have all of you to help

me remember.

Er zijn veel mensen buiten het UMC die ik hier even in het zonnetje wil zetten. Be-

dankt voor alle goede gesprekken, gezellige avondjes en meestal verloren waterpolo-

wedstrijden. Ik heb het onder andere over ToMaMoMaDeMiMa, het Clubje van 11,

ex-Heren 4 enHeren 7/8. Jullie wetenwie jullie zijn!

Lieve Pa,Ma en Ronald, jullie hebben misschien het gevoel dat jullie niet zo veel aan

dit boekje hebben bijgedragen, maar niets is minder waar! Jullie hebbenme de ruimte

gegeven en de kansen geboden om me te ontwikkelen tot wie ik nu ben. Sorry voor

alle avonden die ik in stilte achter mijn bureau zat, terwijl ik probeerde een of ander

triviaal feitje of wiskunde-trucje onder de knie te krijgen. Zonder jullie had ik dit nooit

allemaal kunnen doen. Of leren fietsen. Of met een lepel eten. Bedankt voor alles!

132



&

Appendix

Tot slot, lieveMonique, jij bent degene die me ervan weerhoudt de hele dagmet werk

bezig te zijn, die ons huis een thuis maakt en me meeneemt de wijde wereld in. Be-

dankt voor alle knuffels, je vertrouwen en je steun. Samen gaanwe naar plekkenwaar

niemand eerder is geweest!

133



&

134



&

Appendix

About the author

MikevanRijsselwasborn inRijsenhoutonMay10th, 1991. HeobtainedhisBachelorof

Science degree from theVUUniversity inAmsterdam in 2012, cum laude. His bachelor

thesis work at the Department of Physics and Medical Technology of the VU medical

center led to his first publication in an international scientific journal. He obtained his

Master of Science degree in Medical Natural Science, specialization Medical Physics

from the VU University in Amsterdam in 2014, cum laude. During his time in Amster-

dam, he gained research experience in the Department of Radiation Oncology at the

VUmedical center and in the Netherlands Institute for Neuroscience.

Mike started his PhD research in theUniversityMedical Center Utrecht under the su-

pervision of prof. dr. Josien Pluim, prof. dr. Dennis Klomp, and dr. Kenneth Gilhuijs in

2015. The results of this work are presented in this thesis.

135




	front
	Inhoud_nobleed_twopr
	General Introduction
	Estimating  in the breast at 7T using a generic template
	Correcting time-intensity curves in dynamic contrast-enhanced breast MRI for inhomogeneous excitation fields
	Reducing distortions in echo-planar breast imaging at ultrahigh field with high-resolution off-resonance maps
	Untangling the diffusion signal using the phasor transform
	Summary & General Discussion
	Appendix
	Nederlandse samenvatting (Dutch summary)
	List of publications
	Dankwoord (Acknowledgements)
	About the author

	back
	Blank Page

