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Abstract — The purpose of this study was to evaluate the 

added value of dynamic contrast enhanced (DCE) and 
chemical exchange saturation transfer (CEST) imaging 
techniques for non-invasive early detection of treatment 
response of breast cancer patients treated with 
neoadjuvant chemotherapy (NAC). To be able to perform 
reliable data analysis, first steps were taken in optimization 
of B1+ homogeneity at 7T MRI. This was done in a 
retrospective way, by applying correction methods after 
acquisition of DCE- and CEST MRI data was performed. 
Besides, data quality was improved during acquisition by 
using parallel transmit imaging techniques. 

A total of 21 breast cancer patients participated in this 
study, of which DCE images were acquired in 7 patients and 
CEST images were acquired in 19 patients. The influence 
of B1+  inhomogeneities was extracted from the measured 
DCE data by performing a direct mapping method from 
measured to true DCE signal. A linear correction method 
was applied to the CEST data. Furthermore, four healthy 
volunteers participated in a preliminary study about the use 
of parallel transmit imaging techniques in breast imaging. 
Static B1+ shimming was compared with B1+ shimming 
using spiral nonselective (SPINS) radiofrequency pulses.  

This study showed the importance of retrospective B1+ 
correction of DCE data for high field MR research. To 
understand the B1+ dependency of CEST data more 
research is needed. However, the attempt to correct the 
CEST data for B1+ resulted in a promising indication for an 
additional exchange pool in the data obtained from tumor 
tissue. Additionally, the use parallel transmit imaging 
techniques resulted in an increase of data quality. 

 
Index Terms — 7T MRI, breast cancer, NAC, response 

prediction, B1+ inhomogeneity, B1+ correction methods, DCE-
MRI, CEST MRI, parallel transmit imaging, SPINS RF pulses 

 

I. Introduction 
reast cancer is the number one most occurring cancer in 

women worldwide, affecting around 2.1 million women 
each year [1]. Nowadays, neoadjuvant chemotherapy (NAC) is 
the preferred treatment for early-stage breast cancer. NAC is a 
systemic therapy whereby cytotoxic drugs are administered 
before surgery or radiation therapy, with the intention to reduce 
tumor size and make breast conserving surgery possible for 
patients who otherwise required mastectomy [2, 3]. 
Additionally, it is shown that patients with a pathological 
complete response have an improved disease-free and overall 
survival after NAC [4, 5]. However, 30% of the patients do not 
respond to NAC and for these patients it would be beneficial to 
predict the pathological response early in the treatment plan, to 
properly adjust the treatment for every patient individually and 
protect them from unnecessary toxicity of chemotherapy [6].  

Currently, chemotherapy response is evaluated based on 
tumor size or by pathology [7]. Recent studies showed that 
change of tumor morphology is not an accurate predictor for 
chemotherapy response [8–10]. For assessment of pathological 
responses, pre-treatment biopsy and post-treatment surgical 
tissue samples are necessary, which is an invasive method that 
is only available in the last stage of the treatment [11]. 
Therefore, in this study we investigate changes in metabolism 
of tumor tissue at an ultra-high field MR system (7T) to be able 
to see changes in early stage of treatment.  

A recently developed method that allows detection of 
interactions between metabolites and water in the body is 
chemical exchange saturation transfer (CEST) MRI (Appendix 
A). The concentration of proteins and the number of 
intercellular exchanges is increased in tumor tissue, which can 
be measured using amide proton transfer (APT) CEST [12, 13]. 
Dula et al. showed that NAC may have an effect on these 
factors that are specific for tumor tissue [14]. APT CEST at high 
field benefits from high signal to noise ratio (SNR) and 
increased chemical shift dispersion, making the technique 
reproducible with a high level of precision and improving the 
sensitivity of APT signals to therapeutic response [15].  

Another technique with a high diagnostic power in breast 
cancer therapy is dynamic contrast-enhanced MRI (DCE-MRI) 
(Appendix B). This method relies on the T1 shortening effect of 
a gadolinium contrast agent. By looking at the differences in 
dynamics of contrast agent uptake, tissue abnormalities can be 
detected. Due to the tumor’s abundant vasculature and highly 
permeable property, it is a method to differentiate malignant 
from benign lesions by looking at the shapes of the time 
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intensity curves (TICs) [16]. These curves can be classified into 
three categories according to their shapes as type-I, which is 
steady enhancement; type-II, plateau of signal intensity; or 
type-III, washout of signal intensity. Previous research showed 
that DCE-MRI is a good predictor to NAC therapy early in 
treatment [17–19]. Applying DCE-MRI at 7T could improve 
the sensitivity and specificity in predicting response to NAC 
early in treatment [20]. Previous research by Menezes et al. 
showed contrast-enhancement-to-noise ratios were higher at 7T 
compared to 3T, as well as the rates of specificity and predictive 
value [21].  

However, technical improvements such as improvement of 
B1

+ field homogeneity and acquisition of T2-weighted 
sequences are necessary to realize the potential of 7T breast 
MRI for clinical use [22]. APT-CEST is based on the slow 
exchange of amide protons which has shown to be optimal with 
an effective B1

+ of 1 µT [23]. Fluctuations in B1
+ results in less 

optimal APT-CEST effect and can cause artefacts in the 
measured signal. For DCE-MRI the measured contrast 
intensities are unreliable when B1

+ inhomogeneities are present, 
due to spatially varying flip angles [24, 25]. Accordingly, in this 
study B1

+ correction methods are applied to the data. However, 
the acquired AFI B1

+ maps in this study are not sufficient for a 
proper correction [26]. Because of this, we use a unilateral and 
bilateral generic simulated B1

+ template to correct the data. 
Using a template saves time in scanning protocol and ensures a 
better B1

+ map.  
Besides correcting data for B1

+ inhomogeneities in a 
retrospective way, data could be prevented from B1

+ artefacts 
during scanning. With the use of independent multiple 
transmission channels, a more homogeneous transmit field can 
be obtained [27] (Appendix C). The information from these 
multiple transmission channels can be used in many ways to 
accomplish a more homogeneous transmit field [28]. In this 
study, two prospective B1

+ correction methods are investigated 
using parallel imaging techniques. First of all, static parallel 
transmission is performed. This method, which is often referred 
as the default B1

+
 shimming method, is using complex weights 

to create the optimal transmit field in a certain region of interest 
(ROI). Secondly, the performance of using spiral nonselective 
(SPINS) radiofrequency (RF) pulses is investigated [29]. This 
method is based on the fact that the quality of an image often 
depends on the magnitude of the transmit field, while the phase 
distribution is often unimportant. Designing SPINS pulses 
enables solutions with a more homogenous magnitude and 
inhomogeneous phase with a high spectral resolution.  

This study was performed to evaluate the effect of NAC 
treatment on breast cancer patients using B1

+ corrected DCE 
and CEST imaging techniques on an ultra-high field MR 
system. Additionally, multiple ways to accomplish a more 
homogeneous B1 transmit field are investigated to avoid post-
processing correction methods.  

II. METHODS 

A. Patient data 
The data used for this research was part of a larger study 

named spectroscopic assessment of chemotherapy efficacy 
(SPACE). The study invited patients with breast cancer that 
received NAC between 2014 and 2019 in three institutes in The 

Netherlands (University Medical Center Utrecht, 
Diakonessenhuis Utrecht, Sint Antonius Hospital Utrecht) to 
participate. The SPACE study investigates if it is possible to 
predict the response of NAC in an early stage with new MRI 
techniques. The patients of this study had a Karnofsky 
Performance Score above the 70, which is widely used to 
measure the functional condition of patients with cancer. All 
patients signed informed consent before enrollment of the study 
and all the acquisitions performed in the SPACE study were in 
accordance with the guidelines of the UMC Utrecht ethics 
committee. 

A total of 21 patients were included in this study, of which 
one patient was included twice with separate tumors in every 
breast. All patients were scanned in prone position on a 7T MRI 
scanner (Philips, Cleveland, OH, USA). Four patients were 
scanned with a home-build 2-channel unilateral 1H/31P dual-
tuned transceiver coil. The other patients were scanned with a 
26-channel bilateral breast 1H transceiver coil (MR Coils, 
Zaltbommel, The Netherlands). Two setups were used due to 
an upgrade with a new developed coil. For B0 shimming, in all 
acquisitions second term shim gradients were calculated based 
on field maps using  MRCodeTool v1.5. (TeslaDC, 
Zaltbommel, the Netherlands). For all the 21 patients CEST 
and/or DCE-MRI was performed, but not all data was complete 
for analysis. Therefore, 7 patients were included in the DCE-
MRI analysis and 19 patients were included in the analysis of 
CEST MRI. 

Additionally, four healthy volunteers were scanned on a 
multi transmit setup on a 7T MR system (Philips, Cleveland, 
OH, USA) with a home-build 5Tx/30Rx breast coil [27].  

B. Pathology 
Pre-treatment biopsies of the breast tumor and tissue of the 

breast tumor after surgery was requested to assign the 
pathological responses of NAC to each patient. This was 
performed by a pathologist according to the Miller-Payne (MP) 
system [11]. Changes in the tumor tissue cellularity were 
observed between the pre- and post-treatment tissue, which 
correlates with the response rate to chemotherapy on a 5-point 
scale. In this study grades 1 and 2 were seen as non-responders, 
grades 3 and 4 as partial responders, and grade 5 as complete 
responders. Besides assigning the MP system, 
immunohistochemistry for Ki-67 was performed on the pre-
treatment biopsies to investigate cell proliferation. 

C. MRI Tissue segmentation 
Three different tissue segmentations were done in this study 

using MATLAB (R2018b, Natick, MA): breast tissue, tumor 
tissue, and healthy tissue. Breast tissue segmentations were 
obtained by taking all the voxels in the DCE-MRI pre-contrast 
image above the Otsu threshold [30], which is a threshold 
determined by minimizing intra-class intensity variance. The 
segmentation of the tumor is performed with a region growing 
algorithm using the intensity difference of the first and last 
acquisition of the DCE-MRI series. By subtracting the tumor 
segmentation from the whole breast tissue segmentation, 
healthy tissue segmentations were obtained.  

D. B1+ mapping 
To observe the influence of the transmit field, a B1

+ map was 
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obtained for five transversal slices in the breast using an AFI 
sequence (TE = 1.981ms, TR1 = 40ms, TR2 = 200ms, FA = 30̊) 
[26]. Nevertheless, because the quality of the B1

+ maps acquired 
was suboptimal in regions where the B1

+ is low, in this study 
the template approach developed by van Rijssel et al. for the 
unilateral breast coil and van den Wildenberg et al. for the 
bilateral breast coil was used [31, 32]. The simulated B1

+ 
distribution of the generic template was scaled to patient 
specific values using a linear least squares approach between 
the template and the measured B1

+ maps. This method was 
performed for both breasts separately in the bilateral template, 
because of the large intensity differences between the left and 
right breast caused by limitations of the coil.  

E. DCE imaging 

a) Data acquisition 
DCE-MRI acquisition consisted of a dynamic series of 18 

consecutive 3D T1-weighted gradient echo sequences. First a 
fat-suppressed high-resolution scan prior to the contrast 
injection of 0.1 mmol/kg Gadobutrol (Bayer Schering Pharma 
AG, Berlin, Germany) was obtained, followed by 12 high-
temporal resolution scans (TE = 1.6ms, TR = 4.8ms, flip angle 
= 8°, FOV = 160×350×160mm3, resolution = 2.86×2.86×2.86 
mm3) to finish with another five fat-suppressed high-resolution 
scans (TE = 2.5ms, TR = 5.6ms, flip angle = 8°, FOV = 
160×350×160mm3, resolution = 0.7×0.7×0.7mm3).  

b) Data analysis 
To correct for patient motion between DCE time points, 

image registration was performed in Elastix v.4.9 [33, 34]. A 
normalized mutual information similarity metric was used and 
optimized with a standard gradient descent method (1000 
iterations, 4096 randomly sampled voxels) [35].  

To correct the DCE-MRI data for B1
+ inhomogeneities a 

correction strategy presented by Rijssel et al. was performed 
with MATLAB 2018b (MathWorks, Natick, MA, USA) [36]. 
Direct mapping from the measured signal intensities to the 
corrected signal intensities was derived using the signal 
equation for spoiled gradient echo acquisitions (Equation 1). 

 

𝑆𝑆(𝜃𝜃) =  𝜌𝜌 𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃)(1−𝑒𝑒−
𝑇𝑇𝑇𝑇
𝑇𝑇1)

1−𝑐𝑐𝑐𝑐𝑠𝑠(𝜃𝜃)𝑒𝑒−
𝑇𝑇𝑇𝑇
𝑇𝑇1

        (1) 

where S is the MR signal, θ is the flip angle, ρ is the proton 
density, TR is the repetition tie and T1 is the longitudinal 
relaxation time. 

In this true signal equation, a B1
+ level of 100% is assumed. 

However, the real measured signal is depending on the level of 
B1

+. Accordingly, this signal can be obtained by 𝑆𝑆(𝑓𝑓𝜃𝜃𝑠𝑠𝑐𝑐𝑛𝑛), 
where f is the fraction B1

+ and 𝜃𝜃𝑠𝑠𝑐𝑐𝑛𝑛 is the nominal flip angle. 
By looking at the relation between the measured and true signal 
the following system of equations can be obtained: 

 
�
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑀𝑀𝑠𝑠 = 𝑆𝑆(𝑓𝑓𝜃𝜃𝑠𝑠𝑐𝑐𝑛𝑛)

        𝑇𝑇𝑀𝑀𝑀𝑀𝑀𝑀 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑀𝑀𝑠𝑠 = 𝑆𝑆(𝜃𝜃𝑠𝑠𝑐𝑐𝑛𝑛)       (2) 

Solving this system of equations for the true signal results in 
a direct mapping from measured signal intensities to true signal 
intensities (Equation 3). 

𝑇𝑇(𝑀𝑀, 𝑓𝑓) = 𝑀𝑀 𝜌𝜌 𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃)(𝑐𝑐𝑐𝑐𝑠𝑠(𝑓𝑓𝜃𝜃𝑛𝑛𝑛𝑛𝑛𝑛)−1)
𝑀𝑀(𝑐𝑐𝑐𝑐𝑠𝑠(𝑓𝑓𝜃𝜃𝑛𝑛𝑛𝑛𝑛𝑛)−𝑐𝑐𝑐𝑐𝑠𝑠(𝜃𝜃𝑛𝑛𝑛𝑛𝑛𝑛))+𝜌𝜌 𝑠𝑠𝑠𝑠𝑠𝑠 (𝑓𝑓𝜃𝜃𝑛𝑛𝑛𝑛𝑛𝑛)(𝑐𝑐𝑐𝑐𝑠𝑠(𝜃𝜃𝑛𝑛𝑛𝑛𝑛𝑛)−1)

 (3) 

To avoid adding an extra source of noise, the true signal ρ-
map is assumed to be a constant value for the whole scan. For 
this value most of the time the average ρ in the tumor was used, 
except for cases where the theoretical maximum signal intensity 
(𝑆𝑆𝑛𝑛𝑚𝑚𝑚𝑚 = 𝜌𝜌 sin(𝑓𝑓𝜃𝜃𝑠𝑠𝑐𝑐𝑛𝑛)) was exceeded. In those cases, the 
minimum ρ required to explain the highest measured signal in 
the tumor was used instead of the average ρ in the tumor.  

c) Data evaluation 
Quantification of the TICs was done by calculating the 

amount of washin and washout per voxel in the tumor as shown 
in Equation 4. 

�
𝑊𝑊𝑊𝑊 = 𝑆𝑆1−𝑆𝑆0

𝑆𝑆0

𝑊𝑊𝑊𝑊 = 𝑆𝑆1−𝑆𝑆5
𝑆𝑆1

        (4)  

where Si is the signal intensity at time point i. 
The effect of the DCE correction on the curve types was done 

only in the most enhancing part of the tumor [37]. This part was 
defined by the voxels in the tumor that showed the 10% highest 
washin. The curve type was determined by looking at the 
washout of the mean curve of those voxels. Curves with a 
washout larger than 10% were classified type-III, the curves 
with a washout smaller than -10% were classified type-I and all 
curves that fell in-between were classified as type-II. 

To see if the curve types are corresponding to tumors of 
different grades or to tumors with different response rates, a 
correlation analysis was performed before and after correction 
of the TICs.  

F. CEST imaging 

a) Data acquisition 
CEST-MRI contained a series of 20 sinc-Gauss RF pulses  

(pulse duration = 100ms, inter pulse delay = 100ms, peak 
amplitude B1 = 2μT) resulting in a 4s saturation train (50% duty 
cycle) followed by a gradient-echo readout [38]. Image 
acquisition included fat suppression with a short 1–2–1 
spectral-spatial RF pulse to allow for a short TE of 1.4ms, a TR 
of 2.6ms, and a flip angle of 1.2°. A coronal field of view (FOV) 
of 150×320×100mm3 (FH×RL×AP) with a true resolution of 
2.3×3.0×6.8mm3 was obtained in two shots with an interval of 
4.48s and a fourfold acceleration in the right-left direction; 33 
frequency offsets were acquired resulting in a scan time of 4min 
55s. These offsets were not equally distributed over the 
frequencies; more offsets were obtained around the amide peak 
(3.5 ppm) and the water peak (0.0 ppm) for better fitting of these 
resonances. The frequency offsets associated with the nuclear 
Overhauser effect (NOE) were not included due to signal 
distortions by unsuppressed lipid resonances.  

b) Data analysis 
CEST images were B0 corrected using the original CEST 

spectra as input for the WASSR method [39]. The data was 
fitted with a three-pool Lorentzian fit (water, APT and 
metabolic transfer (MT)) using the Levenberg-Marquardt 



4 
 

algorithm (Equation 5) of the Z-spectra in the tumor as well as 
in healthy tissue [40].  

 
𝑀𝑀𝑧𝑧(∆𝜔𝜔)
𝑀𝑀𝑧𝑧
0(∆𝜔𝜔) = 𝑍𝑍(∆𝜔𝜔) = 𝑍𝑍𝑏𝑏𝑚𝑚𝑠𝑠𝑒𝑒 − ∑ 𝐿𝐿𝑠𝑠(∆𝜔𝜔)𝑠𝑠  ,       

with 𝐿𝐿𝑠𝑠(∆𝜔𝜔) = 𝐴𝐴𝑠𝑠
𝛤𝛤𝑖𝑖
2

4�
𝛤𝛤𝑖𝑖
2

4� +(𝛥𝛥𝜔𝜔−𝛿𝛿𝑖𝑖)2
    (5) 

where each Lorentzian function 𝐿𝐿𝑠𝑠 of pool 𝑠𝑠 is defined for the 
offset frequency Δ𝜔𝜔 by amplitude 𝐴𝐴𝑠𝑠, full width half maximum 
Γ𝑠𝑠  and chemical shift displacement 𝛿𝛿𝑠𝑠. The parameter 𝑍𝑍𝑏𝑏𝑚𝑚𝑠𝑠𝑒𝑒 
corrects for constant signal reduction.  

In Table 1 the parameters given as input for fitting can be 
found [41].  

 
Table 1 The starting points, upper and lower boundaries given 
as input for the three-pool Lorentzian fit model. 

 Start Lower Upper 
𝒁𝒁𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃 0.5 0.5 1 

𝑨𝑨𝒘𝒘𝒃𝒃𝒘𝒘𝒃𝒃𝒘𝒘 0.8 0 1 

𝚪𝚪𝒘𝒘𝒃𝒃𝒘𝒘𝒃𝒃𝒘𝒘  1 0.1 2.5 

𝜹𝜹𝒘𝒘𝒃𝒃𝒘𝒘𝒃𝒃𝒘𝒘 0 -1 1 

𝑨𝑨𝑴𝑴𝑴𝑴 0.1 0 1 

𝚪𝚪𝑴𝑴𝑴𝑴  5 3 100 

𝜹𝜹𝑴𝑴𝑴𝑴 0 -0.5 0.5 

𝑨𝑨𝑨𝑨𝑨𝑨𝑴𝑴 0.1 0 1 

𝚪𝚪𝑨𝑨𝑨𝑨𝑴𝑴  1 1 1.5 

𝜹𝜹𝑨𝑨𝑨𝑨𝑴𝑴 3.5 3.3 3.7 

 
The calculated APT and MT maps were obtained using the 

amplitude of the fits at the resonance frequency of both pools 
(𝛿𝛿𝐴𝐴𝐴𝐴𝐴𝐴 = 3.5 𝑝𝑝𝑝𝑝𝑝𝑝;  𝛿𝛿𝑀𝑀𝐴𝐴 = 0.0 𝑝𝑝𝑝𝑝𝑝𝑝).  

c) Data evaluation 
To be able to investigate signal change between the scans 

before and after NAC, the signal was normalized to the data 
pre-NAC. This was done for APT signal in the tumor as well as 
healthy tissue. Data from patients in which the tumor was 
located in areas in the image with too low signals were excluded 
from further analysis.  

Statistical analysis was performed in R for both healthy 
tissue and tumor tissue [42]. An unpaired Mann-Whitney test 
with a two-tailed distribution was used to show statistical 
difference (α = 0.05) between the APT signal pre and post NAC. 
A Kruskal Wallis test was used to assess statistical difference 
in APT signal between the groups with different pathological 
responders (non-responders, partial responders, and complete 
responders). 

To determine which correction method should be applied to 
the data, the correlation between B1

+ and APT signal was 
investigated. As the data seemed to have a linear relation, the 
linear correction method presented by Khlebnikov et al. was 
used [43]:  

 
𝐵𝐵1(𝑀𝑀𝑎𝑎𝑎𝑎𝑀𝑀𝑀𝑀𝑠𝑠,𝜇𝜇𝑇𝑇) =  𝐵𝐵1(𝑠𝑠𝑛𝑛𝑝𝑝𝑠𝑠𝑠𝑠𝑀𝑀𝑠𝑠, 𝜇𝜇𝑇𝑇) ∙ 𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)  (6) 

 
𝑀𝑀𝑇𝑇𝑀𝑀𝑅𝑅𝑒𝑒𝑚𝑚,𝐴𝐴𝑛𝑛𝑠𝑠𝐴𝐴𝑒𝑒(𝐵𝐵1(𝑠𝑠𝑛𝑛𝑝𝑝𝑠𝑠𝑠𝑠𝑀𝑀𝑠𝑠,𝜇𝜇𝑇𝑇)) =

𝑀𝑀𝑇𝑇𝑀𝑀𝑅𝑅𝑒𝑒𝑚𝑚,𝐴𝐴𝑛𝑛𝑠𝑠𝐴𝐴𝑒𝑒 ∙ 𝐵𝐵1(𝑀𝑀𝑎𝑎𝑎𝑎𝑀𝑀𝑀𝑀𝑠𝑠, 𝜇𝜇𝑇𝑇)
𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)  , 

𝑤𝑤𝑠𝑠𝑎𝑎ℎ 𝑀𝑀𝑇𝑇𝑀𝑀𝑅𝑅𝑒𝑒𝑚𝑚,𝐴𝐴𝑛𝑛𝑠𝑠𝐴𝐴𝑒𝑒 = 1
𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠 𝑆𝑆0⁄ = 1

𝐴𝐴𝐴𝐴𝐴𝐴
   (7) 

which results in: 
 

𝐴𝐴𝐴𝐴𝑇𝑇𝐴𝐴𝑇𝑇𝑇𝑇𝑒𝑒 = 𝐴𝐴𝐴𝐴𝑇𝑇𝑀𝑀𝑒𝑒𝑚𝑚𝑠𝑠𝑇𝑇𝑇𝑇𝑒𝑒𝐴𝐴 ∗ 𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)     (8) 
 

where 𝐵𝐵1(𝑀𝑀𝑎𝑎𝑎𝑎𝑀𝑀𝑀𝑀𝑠𝑠, 𝜇𝜇𝑇𝑇) is the actual level of B1
+ measured, 

𝐵𝐵1(nominal, 𝜇𝜇𝑇𝑇) is the nominal B1
+ you give as input to the 

scanner and 𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀) is the percentage of B1
+ you actually 

obtain when scanning. 𝐴𝐴𝐴𝐴𝑇𝑇𝐴𝐴𝑇𝑇𝑇𝑇𝑒𝑒 is the APT signal at a B1
+ level 

of 100% and 𝐴𝐴𝐴𝐴𝑇𝑇𝑀𝑀𝑒𝑒𝑚𝑚𝑠𝑠𝑇𝑇𝑇𝑇𝑒𝑒𝐴𝐴  is the actual measured APT signal at 
a B1

+ level of 𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀). 

G. Parallel transmit imaging 

a) Data acquisition 
The information from multiple transmission channels was 

applied in two different ways. Besides the static B1
+ shimming 

used as default for the multi transmit system, B1
+ shimming 

was also performed using SPINS RF pulses calculated with 
the SPINS plugin of MRCodeTool v1.5 (TeslaDC, 
Zaltbommel, the Netherlands).  

A low-flip-angle dynamic fast field echo (FFE) scan was 
made as input for static B1

+ shimming (TE = 1.68ms, TR =  
4.8ms, flip angle = 3°, FOV = 309x522x60mm3, resolution = 
0.99mm3), as this signal is proportional to the B1

+ field and from 
these scans the relative transmitter information can be obtained. 
Applied weightings per channel were calculated by an in house 
developed tool. 

To perform the SPINS pulse calculation, unshimmed and 
shimmed B0 maps (TE = 1.46ms, TR = 3.69ms, flip angle = 8°, 
FOV = 135×405×280mm3, resolution = 2.81mm3) and a 
dynamic FFE scan were used as input. To observe if the relative 
transmitter information obtained by the dynamic FFE scan has 
influence on the homogeneity of the resulting images, the 
dynamic FFE sequence provided by the MRCodeTool (TE = 
1.97ms, TR = 5ms, flip angle = 1°, FOV = 135×405×280mm3

,
 

resolution = 2.81mm3) was compared with the dynamic FFE 
sequence that is also used as input for static B1

+
 shimming.  

For the SPINS pulse calculation suitable parameters were 
chosen by evaluating performance in preliminary studies 
(Appendix D). Due to limitations of the gradient power, the 
maximum radial coordinate for the k-space trajectory was set to 
40 rad/m. Besides, calculation of the 𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀) profile for 
every channel seemed to work best according to Equation 9.  

 
|𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)𝑠𝑠| = �𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠� 𝑀𝑀𝑀𝑀𝑝𝑝𝑠𝑠(�𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠�)�    (9) 

 
with 𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀) as the percentage of B1

+ you actually 
obtain when scanning and 𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠 the dynamic FFE for every 
channel i. 

To validate which shimming method has the best 
performance, for the first three volunteers FFE scans (TE = 
1.97ms, TR = 7ms, flip angle = 6°, FOV = 135×405×280mm3

,
 

resolution = 2.81mm3) were made for every B1
+ shim setting 
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(default shimming, SPINS with input: FFE dynamic 
MRCodeTool, SPINS with input: FFE dynamic static).  

In the fourth volunteer FFE scans were obtained using a 
small flip angle and long TR (TE = 1.97ms, TR = 14ms, flip 
angle = 1°, FOV = 135×405×280mm3

,
 resolution = 2.81mm3) 

for every B1
+ shim setting (default shimming, SPINS with 

input: FFE dynamic MRCodeTool, SPINS with input: FFE 
dynamic static). In this way the signal inhomogeneities are 
expected to be better visible in the images, as the flip angle will 
be further away from the Ernst angle and T1-weighting is 
reduced by the long TR. Besides a B1

+ map (DREAM, TE = 
1.97ms, TR = 7ms, flip angle = 10°, FOV = 163×405×324mm3

,
 

resolution = 4.22mm3) was obtained using the default B1
+ 

shimming method for data analysis later on.  

b) Data analysis 
 
The quality of the contrasts in the FFE scans of the first three 

volunteers were assessed by eye. Additionally, a more 
quantitative assessment was done by performing a histogram 
intensity analysis on the FFE scans made of the fourth 
volunteer. By looking at the spread of the intensity profile, the 
homogeneity could be determined. 

B1
+ mapping is often performed with sequences that use large 

flip angles. The SPINS pulses are not designed to create large 
flip angles. Therefore, B1

+ mapping with SPINS pulses is not 
ideal. Besides, DREAM and AFI B1

+ mapping methods make 
use of fixed flip angles. When using SPINS rf pulses, an exact 
flip angle is hard to obtain, because scaling of the pulse is 
needed. For these reasons, no B1

+ maps could be obtained in this 
study using SPINS.  

An indirect measurement of the B1
+ field was made using the 

acquired DREAM B1
+ map and FFE scans without SPINS, and 

the FFE scans with SPINS according to Equations 6-8.  
𝑆𝑆𝑀𝑀𝑀𝑀𝑓𝑓𝑀𝑀𝑀𝑀𝑠𝑠𝑎𝑎 = 𝑀𝑀𝜌𝜌𝜃𝜃𝑀𝑀𝑀𝑀𝑓𝑓𝑀𝑀𝑀𝑀𝑠𝑠𝑎𝑎       (10) 

𝑆𝑆𝑆𝑆𝐴𝐴𝑊𝑊𝑆𝑆𝑆𝑆 = 𝑀𝑀𝜌𝜌𝜃𝜃𝑆𝑆𝐴𝐴𝑊𝑊𝑆𝑆𝑆𝑆       (11) 

𝜃𝜃𝑆𝑆𝐴𝐴𝑊𝑊𝑆𝑆𝑆𝑆 =
𝑆𝑆𝑆𝑆𝐴𝐴𝑊𝑊𝑆𝑆𝑆𝑆
𝑆𝑆𝑀𝑀𝑀𝑀𝑓𝑓𝑀𝑀𝑀𝑀𝑠𝑠𝑎𝑎

𝜃𝜃𝑀𝑀𝑀𝑀𝑓𝑓𝑀𝑀𝑀𝑀𝑠𝑠𝑎𝑎      (12) 
III. RESULTS 

A. DCE imaging 
Results of tissue segmentation using the intensity difference 

image from the DCE series are showed in Figure 1. 
Correcting the DCE curves for transmit field 

inhomogeneities showed changes in curve types for some  
patients (Appendix F). An example is given in Figure 2. 
Therefore, this study shows correcting TICs for B1

+ 
inhomogeneity is of added value when performing DCE-MRI 
at 7T.  

Rijssel et al. concluded that the correction method works 
optimal for data where the mean B1

+ is larger than 43% of the 
nominal angle [36]. For mean B1

+ levels below this percentage 
the results after correction are unreliable and therefore need 
additional quality assessment. In case the curve after correction 
did not show a clear washin and washout pattern anymore, the 
corrected data was rejected from further analysis. After 
exclusion of the data where the correction method was not 
suitable for, only a group of 7 patients of whom we had pre and 
post NAC data remained useful. Because of this small sample 
size, a statistical analysis with sufficient power is not possible. 

Figure 1 An example of tumor segmentation using DCE images. A) High resolution scan after contrast administration. B) Intensity 
difference image of the first and last DCE contrast series image. C) Result of healthy tissue segmentation using Otsu’s method for 
thresholding. D) Result of the segmented tumor mask on top of the pre-contrast image. 
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B. CEST imaging 
An example of a Z-spectra with all pools acquired from the 

three pool Lorentzian fit is shown in Figure 3. On the left side 
all data points were acquired from the healthy tissue ROI and 
on the right side all data points were acquired within the tumor 
tissue ROI (Figure 1). 

The mean and standard deviation of the APT signal inside 
the tumor for all patients before and after the first cycle of NAC 
are given in Table 2, as well as the pathological response to 
NAC and the tumor grade.  

A significant difference comparing the APT signal before 
and after the first cycle of NAC treatment in tumor tissue is 
found for 8 patients, of which 3 non-responders, 2 partial 
responders and 3 complete responders. For healthy tissue a 
significant difference comparing the APT signal before and 

after the first cycle of NAC treatment is found for 13 patients, 
of which 4 non-responders, 4 partial responders and 5 complete 
responders (Appendix E).  

To be able to see the changes in APT signal after the first 
cycle of NAC, the pre-NAC signal was normalized to 1. Figure 
4 shows the normalized changes in APT signal for both healthy 
tissue (left) and tumor tissue (right). An overlap in the standard 
deviations of the mean APT signal for non-responders (red), 
partial responders (blue) and complete responders (green) is 
visible in both tumor tissue and healthy tissue. Additionally, no 
statistical difference in APT signal between the response groups 
was found with the Kruskal-Wallis test (p-value=0.8074 for 
tumor tissue and p-value=0.1911 for healthy tissue). However, 
it can also be noticed that non-responders showed an increase 
in APT signal in healthy tissue, while the other groups showed 
an increase. This might suggest that non-responders can be 
differentiated from the responders based on the direction of the 
change of APT signal in healthy tissue.  

A possible explanation of these results could be the B1
+ 

inhomogeneity problems at high field MR imaging. Therefore, 
in this study B1

+ correction of the CEST data was performed. 
To determine which correction method should be applied to 

the data, the correlation between B1
+ and APT signal was 

investigated (Figure 5). Looking at the correlation between 
APT and B1

+, healthy tissue showed a positive correlation 
(R2=0.11623) in APT signal at higher B1

+. However, in the 
tumor tissue a negative correlation between APT and B1

+ was 
observed (R2=0.50195). The MT signal showed a positive 
correlation over B1

+ in healthy tissue (R2=0.84005) and an even 
stronger increase of MT at higher B1

+ in tumor tissue 
(R2=0.95172). These results indicate that an additional pool 
next to the most commonly used exchange pools is present in  
the tumor tissue, which might cause overfitting of MT and 
under fitting of APT. 

Figure 2 Results of B1+ correction of the time intensity curve of 
patient 16. As can be seen the curve type changes from a 
type-II curve before correction to a type-III curve after 
correction. 

Table 2 Results of DCE- and CEST image analysis in tumor tissue of all patients. Additionally, the pathological response to NAC 
therapy and the tumor grade are given for every patient. 



7 
 

  

Figure 3 Results of the three pool Lorentzian fitting of the Z-spectrum averaged over the healthy tissue (A) and the tumor region 
(B) in one patient. 

Figure 4 Normalized APT signal changes after the first cycle of NAC in healthy tissue (left) and tumor tissue (right). The mean and 
standard deviation of the different response groups are plotted with the thick lines on top of the change in APT signal of all 
patients separately. 
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Figure 5 Correlation between APT- (A and B) and MT- signal (C and D) and actual B1+ (obtained from B1+ template registered 
to CEST image and scaled with measured B1+ maps) in healthy tissue (left) and tumor tissue (right). 

Figure 6 Correlation between corrected APT- (A and B) and MT- signal (C and D) and actual B1+ (obtained from B1+ template 
registered to CEST image and scaled with measured B1+ maps) in healthy tissue (left) and tumor tissue (right). 
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The data in healthy tissue as well as tumor tissue did have a 
linear relation, so a simple linear correction could be applied 
(see Methods section F). After correction for B1

+ the APT signal 
showed a linear relation between APT and B1

+, as shown in 
Figure 6. However, a small difference in linearity between 
healthy tissue and tumor tissue is still visable (R2=0.99501 for 
healthy tissue and R2=0.88743 for tumor tissue). When looking 
to the MT pool the data seems to get a more exponential 
behaviour to B1

+, as the MT signal stays lower at low B1
+ values 

and increases more at higher B1
+ values. 

C. Parallel transmit imaging 

a) SPINS 
When looking to the FFE images of the first 3 volunteers by 

eye, it is hard to see which B1
+ shimming method seems to work 

the best (Figure 7). 
To be able to perform a more quantitative assessment of the 

B1
+ homogeneity the FFE scans of volunteer 4 were evaluated. 

First, a signal intensity histogram analysis is performed. 

Figure 7 FFE scans of the volunteers. In the first row default B1+ shimming is used, in the second row images are obtained using 
SPINS with FFE_dynamic_MRCodeTool as input and in the bottom row images are obtained using SPINS with 
FFE_dynamic_default as input. 

Figure 8 Comparison of B1+ maps, with on the left side A) the measured DREAM B1+ map, B) the indirect measurement of the 
SPINS scan using FFE dynamic static as input, and C) the indirect measurement of the SPINS scan using FFE dynamic 
MRCodeTool as input. On the right side the intensity profiles are given for the vertical (upper plot) and horizontal (lower plot) lines 
in the B1+ maps on the left. 
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According to the spread of the histograms in Figure 9, the static 
B1

+ shimming method gives the most homogeneous image. 
Additionally to the histogram analysis indirect measurements 

of B1
+ maps were made from the FFE scans of volunteer 4, 

where B1
+ shimming was performed using SPINS. As can be 

seen in Figure 8, here also static B1
+ shimming results in the 

most homogeneous transmit field.  

IV. DISCUSSION 
 
The added value of using DCE and CEST imaging 

techniques at high field MRI is assessed for evaluation of breast 
cancer treatment. B1

+ inhomogeneities at 7T challenges the data 
quality. To make 7T MRI clinical applicable, solutions to 
improve data quality should be found. First steps towards 
optimizing B1

+ homogeneity are taken in this study.  
Evaluation of DCE time intensity curves did show the 

expected changes in curve types after B1
+

 correction. Due to 
poor data quality of DCE MRI in the study, conclusions could 
only be made based on a small group of patients. No affiliation 
was found between the curve types and chemotherapy response. 
Another reason for this could be that data was acquired too early 
in the treatment process. In previous research by Virostko et al. 
a quantitative analysis of DCE-MRI was performed in breast 
cancer patients treated with NAC [17]. In this study also no 
effects in DCE signal was seen after one cycle of NAC, while 
after all cycles their signal significantly decreased of even 
completely disappeared. Future studies should be performed to 
see if higher quality data on a larger group of patients, maybe 
later in treatment, could predict response to therapy.  

A preliminary study within the SPACE study, performed by 
Krikken et al. [44], already showed promising results for the 
CEST data. However, at that time the number of included 
patients was smaller. Looking at the results from the larger 
group we evaluated now, we can only conclude that the finding 
by Krikken et al. was a random finding. 

An earlier study by Windschuh et al. proposed an 
interpolation-based approach to correct for B1

+ inhomogeneities 
[41]. However, this approach acquires measurements of at least 
two different B1

+ levels, which is not possible in a clinical 

setting due to time limitations. Therefore, in this study B1
+ 

correction of the CEST data is performed according to the 
method of Khlebnikov et al. [43].  

Considering Figures 5 and 6, the large spread in the data 
should be taken into account. An explanation for this could be 
the accumulation of errors when averaging over the voxels 
within a ROI and subsequentially over all patients. This makes 
the accuracy of masking extra important, because adapting the 
ROI can already cause differences in the resulting signal. 

Looking at the relation between B1
+ and the corrected CEST 

data (Figure 6), questions arise to what extent the attempted 
correction for B1

+ is actually improving the accuracy of APT 
signal detection. The B1

+ correction results in a positive relation 
of the APT CEST signal with B1

+, whereas a constant relation 
was expected based on theory [43]. The remaining effect that 
we see can point to errors in the template. The template was 
made from the coil in the beginning of the study. However, the 
coil conditions might have changed over time. 

Nevertheless, the different relation between B1
+ and APT 

signal in tumor and healthy tissue remains remarkable and hints 
towards an additional exchange pool with strong B1

+ 

dependence, which results in imperfect fitting of MT and APT. 
Further research is needed to identify and quantify the 
exchanging metabolites in the “hidden pool” we found in our 
data. The stronger increase at higher B1

+ points to a fast 
exchanging molecule at lower ppm.  

Correcting DCE MRI data retrospectively seems to be 
possible, however high quality data is needed to perform 
corrections to the data without limitations. For CEST MRI data 
retrospective B1

+ correction is more complicated then expected. 
Therefore, prospective B1

+ optimization would be of high value. 
In this way higher quality data can be acquired, so B1

+
 

correcting post-processing methods are not needed anymore. 
Parallel transmit imaging techniques were investigated to 
improve breast imaging at 7T.  

Using SPINS as a prospective correction method shows 
promising results when looking at the FFE’s of the first three 
volunteers (Figure 7). Even more effective B1

+ shimming could 
be accomplished when a coil is used that allows higher gradient 
power amplitudes. In this study the maximum radial coordinate 
for the k-space trajectory was limited to 40 rad/m. However, 
Malik et al. recommended an optimal Kmax of 50 rad/m [29]. 
Including more points of the periphery in k-space represents 
inclusion of more high spatial frequency information and makes 
it possible to correct for even stronger fluctuations in 
homogeneity.  

However, the quantitative analysis of volunteer 4 did not 
show improvement of images obtained using SPINS compared 
with static B1

+ shimming (Figures). Also, SPINS pulses can not 
easily be optimized for a smaller ROI as can be done with the 
manual processing of static B1

+ shimming. Besides, it should be 
taken into account that additional scans are needed as input for 
the calculation of the SPINS radiofrequency pulses. To be used 
in clinic, the SPINS calibration scan and calculation time 
should be significantly reduced to fit within the time set for the 
clinical protocol.  

Another restriction of the current implementation of the 
SPINS pulses for B1

+ shimming is the usage of SPINS pulses 
for sequences containing pre-pulses. Calculation of SPINS 
pulses is done for the excitation part of a sequence. Therefore, 

Figure 9 Normalized intensity profile of volunteer 4.  
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it was not possible to use these pulses for inversion recovery 
sequences where a 180° pre-pulse is applied. Also, for the 
saturation pulses used in CEST acquisition and the large flip 
angle pulses used in B1

+ mapping sequences, the use of SPINS 
B1

+ shimming is not feasible.  
To conclude, this study showed retrospective B1

+ correction 
of data is desirable for high field MR research. In our effort to 
correct the CEST data for B1

+ we found an indication for an 
exchange pool with strong B1

+ dependence, that is more 
abundant in tumor tissue compared to healthy tissue. By 
identifying the metabolites in this pool a new biomarker for 
tumor tissue could be found and used to understand changes in 
response to NAC early during treatment. Furthermore, 
improvement of B1

+ homogeneity can be obtained using parallel 
transmit imaging techniques. However, time efficiency and 
robustness of the methods should be increased before it can be 
used in a clinical setting. 
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APPENDIX A: A BRIEF OVERVIEW OF CEST MRI 
Chemical exchange saturation transfer (CEST) is a new non-

invasive mechanism of establishing MRI contrast in an image 
[45]. It makes use of the chemical exchange of protons between 
a large water pool and a smaller pool of a certain metabolite of 
interest. By applying an RF pulse at a specific frequency offset 
with respect to water, the exchangeable protons of the 
metabolite of interest are selectively saturated and will 
exchange with water. This leads to a reduction of the water 
signal, and makes it possible to measure the low concentrations 
of solutes through the water signal (Figure 10 A and B).  

In CEST imaging, the metabolite information is mainly 
visualized in a so called Z-spectrum, which shows a plot of the 
normalized saturated water signal (Ssat/S0) versus the off-
resonance saturation frequency (Figure 10 C). In this plot the 
frequency offsets given are referenced with respect to water. 
CEST sequences consist of a saturation RF pre-pulse and 
imaging readout. The pre-pulse, applied at a specific frequency 
offset is used to label the exchangeable protons of interest.  

Because the concentration of proteins and the number of 
intercellular exchanges is increased in tumor tissue, amide 
proteins are of interest in monitoring the effect of NAC on 
tumor tissue. Therefore, in this study the metabolites of interest 
are amide protons. These amide protons have a resonance at 
8.25 ppm in the proton spectrum, resulting in a signal at 3.5 ppm 
in the Z-spectrum.  

APPENDIX B: A BRIEF OVERVIEW OF DCE-MRI 
A way to boost signal and enhance the contrast between 

healthy and diseased tissue is by using contrast agents. 
Dynamic contrast-enhanced (DCE) MRI relies on the T1 

shortening effect of a gadolinium contrast agent, which is 
injected intravenously. By looking at the differences in 
dynamics of contrast agent, uptake tissue abnormalities can be 
detected [46].  

 

One of the properties of tumor tissue is that the tissue is 
rapidly growing. This results in more and leakier blood vessels, 
which causes a higher amount of contrast agent to accumulate 
in the tumor tissue. Consequently, the T1 of tumor tissue 
decreases and the signal from the tumor will increase, which 
can be seen by looking at the shapes of the time intensity curves 
(TICs). The curves can be classified into three categories 
according to their shapes as type I, which is steady 
enhancement; type II, plateau of signal intensity; or type III, 
washout of signal intensity (Figure 11). In this way malignant 
lesions can be differentiated from benign lesions, as a malignant 
tumor shows a type III curve, where a fast uptake and strong 
washout of contrast agent can be seen [16]. 

 

APPENDIX C: A BRIEF OVERVIEW OF PARALLEL TRANSMIT 
IMAGING TECHNIQUES 

Parallel transmit imaging is a major topic of high field MRI 
research nowadays. As the name already explains, it makes use 
of multiple transmit channels simultaneously [27, 28]. The fact 
that all these channels can be tuned independently, provides 
access to previously unavailable degrees of freedom for RF 
pulse excitation. The possibility of full spatial and temporal 
control of the RF field can be used to obtain a more uniform B1

+ 
field over a large FOV. 

To understand the different methods that can be used to 
obtain a more uniform B1

+ field, first some background 
knowledge is needed about how this transmit field is actually 
formed. In parallel transmission imaging, the total B1

+ field is 
produced by the sum of the B1

+ fields produced by each 
element. This B1

+ field consists of a spatial component, 

Figure 10 Visualization of the CEST MRI imaging method [12]. 

Figure 11 Different types of time intensity curves. (Obtained 
from mriquestions.com/breast-dce.html) 
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represented by the sensitivity of each transmit channel, and a 
temporal component,  represented by the RF pulse applied by 
each channel (Equation 13).  

 
𝐵𝐵1+(𝑀𝑀, 𝑎𝑎) =  ∑ 𝐵𝐵1,𝑠𝑠

+ (𝑀𝑀, 𝑎𝑎)𝑁𝑁𝑇𝑇
𝑠𝑠=1 = ∑ 𝑝𝑝𝑠𝑠(𝑎𝑎)𝑆𝑆𝑠𝑠(𝑀𝑀)𝑁𝑁𝑇𝑇

𝑠𝑠=1     (13) 

where 𝑆𝑆𝐴𝐴 is the number of transmit elements, 𝑝𝑝𝑠𝑠(𝑎𝑎) is the rf 
pulse at time t applied by channel i, and 𝑆𝑆𝑠𝑠(𝑀𝑀) is the sensitivity 
of channel i at position r. 

Sensitivity maps of the separate channels are always needed 
as input and can be measured by B1

+ mapping acquisitions for 
every channel sequentially. However, this approach is very time 
consuming and can cause high SAR rates. Therefore, often a 
series of low-flip-angle spoiled gradient echo images are used 
instead, as this signal is proportional to the B1

+ field and from 
these scans the relative transmitter information can be obtained.  

 

A. Static B1+ shimming 
The most fundamental form of B1

+ shimming using parallel 
transmission techniques is static B1

+ shimming. This method is 
named static, as the transmit settings are optimized only once at 
the beginning of scanning and will then remain fixed for the rest 
of the scan. It makes use of scaling every individual channel 
with a complex weighting factor. By adjusting this complex 
weighting factor the amplitudes and phases of each coil element 
can be optimized to obtain the most optimal B1

+ field in a 
certain ROI. A simplified visualization is given by Equation 14, 
where the same RF pulse is transmitted for all channels and 
complex weighting (𝑤𝑤𝑠𝑠) is applied for every channel. 

 
𝐵𝐵1

+(𝑀𝑀, 𝑎𝑎) =  𝑝𝑝(𝑎𝑎)∑ 𝑤𝑤𝑠𝑠𝑆𝑆𝑠𝑠(𝑀𝑀)𝑆𝑆𝑇𝑇
𝑠𝑠=1      (14) 

B. B1+ shimming using spiral non-selective (SPINS) 
radiofrequency pulses 

A more advanced B1
+ shimming method using parallel 

transmission techniques can be performed by using spiral non-
selective (SPINS) RF pulses [29]. This method makes use of a 
combination of RF and gradient encoding. In this way, RF 
pulses are produced with spatially varying phase and amplitude 
optimization of the separate channels. These RF pulses are 
named SPINS, according to the influence of the gradients on 
their trajectory trough k-space. Non-selective means no spatial 
constraints are given. This property makes the method fast and 
provides a lot of possible spiral 3D k-space trajectories 
according to equations 15-17.  

 
𝑘𝑘𝑀𝑀(𝑎𝑎) =  

𝑘𝑘𝑝𝑝𝑀𝑀𝑚𝑚

1+𝑀𝑀𝑚𝑚𝑝𝑝�𝛼𝛼(
𝑎𝑎

𝑇𝑇
−𝛽𝛽)�

       (15) 

𝑘𝑘𝜃𝜃(𝑎𝑎) = 𝑀𝑀𝑎𝑎          (16) 

𝑘𝑘𝜑𝜑(𝑎𝑎) = 𝑟𝑟𝑎𝑎          (17)  

where 𝑘𝑘(𝑎𝑎) is the point in k-space at a certain time point 𝑎𝑎, 
with 𝑘𝑘𝑇𝑇 the radial coordinate and 𝑘𝑘𝜃𝜃 and 𝑘𝑘𝜑𝜑the polar and 
azimuthal angles. The parameter 𝑘𝑘𝑛𝑛𝑚𝑚𝑚𝑚 sets the maximum radial 
extent and 𝑇𝑇 is the pulse duration. 𝑀𝑀 and 𝑟𝑟 are the respective 
angular velocities that create the variance over time.  

Note that the pulse design in this method is only suitable for 
creating a small flip angle excitation. The reason for this is that 
the non-linear behavior of transverse magnetization that makes 
large rotations, caused by large flip angles, is hard to 
incorporate into pulse design algorithms. 

APPENDIX D: OPTIMIZATION OF SPINS INPUT PARAMETERS  
For optimization of B1

+ shimming using SPINS RF pulses, 
three input parameters were optimized for this study.  

First of all, different normalization methods were examined 
to see which method combines the information of the different 
channels the most optimal. Therefore, five possible methods 
were investigated according to Equations 18-22. After 
evaluation of the results normalization method 4 (Equation 21) 
gave the best results and was used in the final data acquisitions. 

 
|𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)𝑠𝑠| = �𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠� 𝑝𝑝𝑀𝑀𝑀𝑀𝑠𝑠(�𝑀𝑀𝑀𝑀𝑝𝑝𝑠𝑠�𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠��)�  (18) 

 
|𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)𝑠𝑠| = �𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠� 𝑝𝑝𝑀𝑀𝑀𝑀𝑠𝑠(𝑀𝑀𝑀𝑀𝑝𝑝𝑠𝑠(�𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠�))�  (19) 

 
|𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)𝑠𝑠| = �𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠� max (𝑀𝑀𝑀𝑀𝑝𝑝𝑠𝑠(�𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠�))�  (20) 

 
|𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)𝑠𝑠| = �𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠� 𝑀𝑀𝑀𝑀𝑝𝑝𝑠𝑠(�𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠�)�     (21) 

 
|𝐵𝐵1(𝑀𝑀𝑀𝑀𝑠𝑠𝑀𝑀𝑎𝑎𝑠𝑠𝑟𝑟𝑀𝑀)𝑠𝑠| = �𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝑠𝑠,𝑠𝑠� 𝐵𝐵𝑛𝑛𝑀𝑀𝐵𝐵 𝑎𝑎ℎ𝑀𝑀𝑀𝑀𝑀𝑀ℎ𝑛𝑛𝑠𝑠𝑀𝑀⁄     (22) 

 
Secondly, the sequences of the dynamic FFE scans that were 

used as input were investigated to examine if the relative 
transmitter information used as input has influence on the 
homogeneity of the resulting images (Methods section G). As 
can be concluded from the Results section C, the input scans 
did not have a large influence on the results. 

The last input parameter that was improved for out study 
design was the maximum radial coordinate for the k-space 
trajectory. Due to limitations of the gradient power the 
maximum value that could be applied without obtaining 
artifacts in our image was 40 rad/m. 

Figure 12 A FFE image obtained using SPINS B1+ shimming is 
shown with the default settings (top) and optimized settings 
(bottom) 
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APPENDIX E: OVERVIEW OF ALL RESULTS IN HEALTHY TISSUE 
The mean and standard deviation of the APT signal inside 

healthy tissue for all patients before and after the first cycle of 
NAC are given in Table 3, as well as the pathological response 
to NAC and the tumor grade.  

APPENDIX F: CORRECTED DCE TIME INTENSITY CURVES OF 
ALL PATIENTS BEFORE AND AFTER TREATMENT WITH NAC  

 

 

 

 
 

 
 

 

 

 
 
 
 
 
 
 

 
 

Table 3 Results of DCE- and CEST image analysis in healthy 
tissue of all patients. Additionally, the pathological response to 
NAC therapy and the tumor grade are given for every patient. 

 

Figure 13 DCE time intensity curves before and after B1+ 
correction of patient 10. 

Figure 14 DCE time intensity curves before and after B1+ 
correction of patient 12. 

Figure 15 DCE time intensity curves before and after B1+ 
correction of patient 13. 
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Figure 16 DCE time intensity curves before and after B1+ 
correction of patient 15. 

Figure 17 DCE time intensity curves before and after B1+ 
correction of patient 16. 

Figure 18 DCE time intensity curves before and after B1+ 
correction of patient 18. 

Figure 19 DCE time intensity curves before and after B1+ 
correction of patient 21. 
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