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1. ABBREVIATIONS 

2D  2-dimentional 
3D   3-dimentional 
3TP  Three time point 
AHUS  Akershus University Hospital 
AIC  Akaike  information criterion 
AIF  Arterial input function 
AP  Anterior-posterior 
AUC  Area under the curve 
B0 (B0)  External static magnetic field (vector) 
B1 (B1)  Rotating magnetic field (vector) 
BAT  Bolus arrival time 
BI-RADS Breast imaging reporting and data system 
BV  Blood volume 
CT  Computed tomography 
DCE  Dynamic contrast-enhanced 
DICOM Digital imaging and communications in medicine 
DSC  Dynamic susceptibility contrast 
DWI  Diffusion weighted imaging 
EES  Extravascular extracellular space 
EPI  Echo planar imaging 
F  Blood flow 
FA  Fibroadenoma 
FID  Free induction decay 
FOV  Field of view 
GRE  Gradient echo 
Hct  Haematocrit 
ICC  Intraclass correlation coefficient 
IDC  Invasive ductal carcinoma  
ILC   Invasive lobular carcinoma  
kep  Rate constant 
Ktrans  Volume transfer constant 
M(M)  Magnetization (vector) 
MOLLI Modified Look-Locker inversion recovery 
MRI  Magnetic resonance imaging 
MTT  Mean transit time 
NCS  Norwegian Cancer Society 
NIFTI  Neuroimaging informatics technology initiative 
NSF  Nephrogenic systemic fibrosis 
OUS  Oslo University Hospital 
P  Permeability 
Peakenh  Maximum peak enhancement 
PVE  Partial volume effect 
R  Residue function 
R1   Longitudinal relaxation rate 
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R2  Transverse relaxation rate  
R2

*  Effective transverse relaxation rate 
R2

*-AUC Area under the ΔR2
*-time curve 

R2
*-peakenh Maximum enhancement of ΔR2

* 
RE  Relative error 
RF  Radiofrequency 
RL  Right-left 
ROC  Receiver operating characteristic 
rSI  Relative change in signal intensity 
S  Surface area 
S0  Average pre-contrast signal intensity 
SDM  Sequence develop mode 
SE  Spin echo 
SENSE Sensitivity encoding 
SI  Signal intensity 
SNR  Signal to noise ratio 
SPAIR  Spectral attenuated inversion recovery 
SPGR  Spoiled gradient echo 
STIR  Short tau inversion recovery 
T  Tesla 
T1  Longitudinal relaxation time 
T2  Transverse relaxation time  
T2

*  Effective transverse relaxation time 
TE  Echo time 
THRIVE T1 weighted high resolution isotropic volume examination 
TI  Inversion time 
TNM  Tumour-node-metastasis 
TR  Repetition time 
TSE  Turbo spin echo 
TTP  Time to peak 
ve  Extravascular extracellular volume 
VOI  Volume of interest  
vp  Plasma volume 
z  z-score used in Wald-test 
β  Regression coefficient 
γ  Gyromagnetic ratio 
ρ  Tissue density 
σ  Standard deviation 
ω0  Angular rotating frequency (Larmor frequency) 
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3. INTRODUCTION 

Cancer is the general term for more than 100 different diseases involving abnormal cell 
growth that are classified by the type of cell initially affected. The aggressiveness, treatment 
response, and prognosis vary greatly among this collection of diseases, where alterations in 
oncogenes, tumour suppressor genes and/or stability genes are causes of disease initiation and 
progression. In 2012, an estimated 14.1 million people were diagnosed with cancer 
worldwide, and 8.2 million cancer deaths occurred (1). The three most commonly diagnosed 
cancers were lung, breast, and colorectal, with breast- and colorectal cancer ranked as the 5th 
and 4th leading causes of death by cancer, respectively (1). 

Even though the biology of different cancer phenotypes is complex and highly 
heterogeneous, a common set of hallmarks of cancer has been identified (2,3). These 
hallmarks define a set of capabilities that cancer cells must acquire in order to develop 
malignant potential. One of these is the ability to induce angiogenesis, defined as the 
physiological process through which new blood vessels are formed from pre-existing vessels. 
This is essential since the proliferation, as well as metastatic spread, of cancer cells depends 
on a sufficient supply of oxygen and nutrients, in addition to the removal of waste products. 
Angiogenesis is a normal and vital process in normal tissue; however, in cancer tissue this 
process is no longer governed by normal control mechanisms, leading to tumour vessels that 
are structurally chaotic and highly permeable (4). As such, angiogenesis causes cancer-
specific pathophysiological changes that may be used as a prognostic marker to assess 
aggressiveness and metastatic capacity (5,6).   

The diagnosis, staging and classification of cancer has benefited considerably from the 
development of magnetic resonance imaging (MRI), which is now established as a powerful 
tool for the clinical management of various cancer types. For years, the basis of oncologic 
imaging was morphological depiction of pathology. However, the use of MRI was greatly 
extended with the introduction of exogenous contrast agents, which have been essential for 
the detection and delineation of tumours and which facilitate the assessment of 
pathophysiological properties.  

Dynamic contrast-based MRI refers to the acquisition of data before, during and after 
an intravenous administration of contrast agent. Today, a multitude of MRI sequences are 
used to acquire such dynamic data. In general, these sequences can be divided into two groups 
depending on which contrast mechanism is primarily observed; T1-weighted dynamic 
contrast-enhanced (DCE) MRI and T2- or T2

*-weighted dynamic susceptibility contrast (DSC) 
MRI. Examination of DCE- and DSC-MRI data allows for the estimation of parameters 
related to physiological properties in the microvasculature such as perfusion, blood flow, 
vessel wall permeability, and intravascular- and extravascular volume fractions (7–9). The use 
of these parameters in the assessment of cancer may thus aid tissue characterization based on 
underlying pathophysiological processes.  

3.1 Assessment of breast cancer  

The significance of obtaining dynamic information in contrast-enhanced MRI of the breast 
was first shown by Kaiser and Zeitler in the late 1980s (10). This study suggested that 
malignant breast lesions demonstrate a characteristic enhancement pattern that differs from 
normal tissue and benign breast lesions. Today, DCE-MRI of the breast complements 
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mammography and ultrasound, and has shown excellent sensitivity in detecting breast cancer 
but is limited by a low specificity (11,12). This technique allows assessment of characteristics 
related to morphology (shape, border, distribution and internal architecture), and the kinetics 
of contrast agent extravasation and extracellular accumulation. The quantification of DCE-
derived parameters relies on the ability to rapidly track the pharmacokinetics of the injected 
contrast agent based on the measured dynamic change in signal intensity. In cancer tissue, this 
change may be rapid in the early post-contrast phase, and thus the temporal sampling rate is 
important. However, increasing the temporal resolution of a dynamic MRI sequence has 
direct consequences for the spatial resolution, which is an important criterion for the 
assessment of lesion morphology. Consequently, one of the issues concerning dynamic MRI 
of the breast is the application of either high spatial- or high temporal resolution pulse 
sequences. There is virtually universal agreement that adequate spatial- and temporal 
resolution are important, but little is known as to what exactly constitutes adequate and where 
the compromise between these two competing demands should be set. In this context, Goto et 
al. (13) compared the diagnostic performance of dynamic enhancement patterns and 
morphological features obtained separately from high temporal- and high spatial resolution 
sequences. Their results suggested that morphological features of enhancing lesions provide a 
high diagnostic accuracy for establishing or excluding malignancy, and that early 
enhancement patterns do not improve performance for breast lesion characterization. 
However, late post-contrast characteristics (wash out) were not assessed as the duration of 
measurement was insufficient. The trade-off between spatial and temporal resolution was also 
investigated by Kuhl et al. (14). Their results indicated, similar to that of Goto et al., that 
higher spatial resolution increases the diagnostic accuracy, whereas loss of kinetic 
information does not significantly affect accuracy. However, this study was not able to 
quantify kinetic parameters as an insufficient temporal resolution of 69 seconds was used. In 
contrast to these two studies, Schnall et al. showed that a judicious combination of imaging 
techniques optimized for both morphology and contrast kinetics may aid the differential 
diagnosis of breast cancer, and that multivariate models combining both feature sets have the 
greatest predictive value, exceeding those based on lesion morphology or enhancement 
patterns alone. The need to combine morphological- and functional assessments in breast MRI 
was emphasized by Sinha and Sinha (15), postulating that:  
 

“In DCE-MRI, recent advances in pulse sequences may allow high temporal 
and spatial resolution bilateral breast coverage. This will enable 
comprehensive assessment of both dynamic contrast-uptake patterns and 
morphological features; a combination of these appears to hold the best 
promise for improving the specificity of breast lesion characterization.” 

         - Sinha and Sinha (with permission) 
 
However, given that high resolution in the spatial- and temporal domains represent competing 
demands, a compromise is usually made in favour of spatial resolution. This practice may 
overlook valuable diagnostic information inherent in the contrast agent kinetics. Furthermore, 
dynamic contrast-based MRI of the breast is almost invariably based on T1-weighted DCE-
MRI sequences. However, studies have shown that qualitative assessment of signal loss in 
T2

*-weighted first pass DSC-MRI may improve the differential diagnosis of breast lesions 
(16,17). Studies have also shown that combining DCE- and DSC-MRI may improve the 
diagnostic performance in the assessment of breast cancer (18–20). However, DCE- and 
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DSC-MRI data are conventionally obtained using separate MRI sequences, with two 
injections of contrast agent, leading to higher health care costs and greater inconvenience for 
patients. The quote by Sinha and Sinha emphasizes the need to develop and investigate 
methods in which both morphological and functional features can be extracted. In addition, to 
limit health care costs and inconvenience for patients, this information should preferably be 
acquired following a single injection of contrast agent. 

Due to recent advances in pulse sequences and software development, it is now 
feasible to split a dynamic acquisition into segments of individual MRI sequences, and further 
allowing them to be interleaved in a flexible manner. By using this framework, our research 
group set out to combine high spatial resolution T1-weighted image series and high temporal 
resolution multi-echo image series. In this way, morphological features and high temporal 
resolution DCE- and DSC-MRI data can be obtained during a single contrast agent injection. 
This technique is referred to as ‘split dynamic MRI’, and its feasibility and clinical utility in 
the assessment of breast cancer will be investigated in this thesis. It is hypothesized that high 
temporal resolution DCE- and DSC-MRI data yield good performance in the differential 
diagnosis of breast cancer, and that combined morphological and functional assessment 
ultimately improves the diagnostic accuracy.  

3.2 Assessment of rectal cancer  

Despite improvements in multimodal rectal cancer management, mortality rates are still high 
(21), and a continuous focus on improving rectal cancer management is necessary. Designing 
an optimal treatment to improve individual patient outcome requires identification of tumour 
aggressiveness prior to commencement of therapy. However, routine clinical, radiological and 
pathological parameters are currently unable to reliably predict individual tumour 
aggressiveness.  

The use of MRI is recommended as part of primary staging of rectal cancer (22). 
However, reliable detection of metastatic lymph nodes represents a major challenge in rectal 
cancer MRI, as demonstrated by a recent meta-analysis which reported an accuracy of 71% 
(23). Improved assessment of tumour microenvironment may improve the ability of MRI to 
identify patients at risk of developing metastatic disease (24,25). There is currently no 
consensus on the role of dynamic contrast-based MRI in rectal cancer management. However, 
recent studies have shown that DCE-MRI may improve the staging of rectal cancer and the 
detection of nodal metastasis (26,27). Furthermore, the use of DSC-MRI has not previously 
been reported in rectal cancer. However, given the highly angiogenic properties of rectal 
tumours, DSC-MRI may provide valuable and distinct information for assessing 
pathophysiological properties in this patient group. 
 In this context, the split dynamic MRI method may have a unique advantage in that 
DCE- and DSC-MRI data are obtained simultaneously by dynamic multi-echo acquisition. 
Hence, one objective of the thesis was to investigate the feasibility and clinical utility of the 
split dynamic MRI method in the assessment of rectal cancer. It is hypothesized that 
quantitative DCE- and DSC-MRI analysis may provide valuable diagnostic information 
reflecting pathophysiological properties, and improve staging of primary rectal cancer and 
lymph node status, compared to standard radiological interpretations. 
 DCE-MRI is not part of the international guidelines for the diagnosis of rectal cancer, 
and those studies showing the benefit of using this approach generally reports on kinetic 
parameters obtained with higher temporal resolution. Hence, the rationale for using the split 
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dynamic approach in the assessment of rectal cancer, rather than a conventional dynamic 
acquisition, may not be as clear as for the case of breast cancer assessments. However, given 
that the split dynamic acquisition provides data with high resolution in the spatial- and 
temporal domain, this method yields different and possibly complementary information 
regarding both morphological- and functional characteristics. Also, obtaining DCE data with 
high spatial resolution may facilitate the assessment of intratumoural enhancement 
characteristics and heterogeneity. However, one important precondition for using the split 
dynamic MRI approach in the assessment of rectal cancer is that the reliability of kinetic 
parameter estimates is not compromised in the splitting process. This is investigated in the 
thesis. Note that the clinical utility of the high spatial resolution DCE data is not investigated 
in this thesis, and only results from the multi-echo data are reported.  
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4. BACKGROUND 

4.1 Basic principle of MRI 

Given that a detailed description of the principles of MRI is beyond the scope of this thesis, 
only a brief review will be presented here. This topic, however, is covered in great depth in 
many textbooks (28,29). 

MRI is a non-invasive image modality that exploits magnetic properties of the 
hydrogen nucleus, the proton, to generate images of a biological material. The proton is an 
elementary particle with a positive electric charge and possesses a property known as spin. 
Spin is an intrinsic form of angular momentum that arises when a particle executes a rotating 
trajectory. In terms of classical physics, this can be explained as the proton rotating around its 
own axis, and the positive electrical charge consequently spins correspondingly. According to 
the laws of electromagnetism, a rotating electric charge will induce a physical quantity known 
as a dipole magnetic moment, μ. Perceiving a magnetic dipole as a rotating charged particle 
brings out the close connection between magnetic moment and angular momentum. Both 
quantities increase with the rate of rotation, and the ratio of the two is called the gyromagnetic 
ratio, γ. With no external influence, protons have random orientations. However, when 
exposed to an external magnetic field, B0, protons have only two available spin-states with 
well-defined energy, typically called spin-up and spin-down, with a predominance of protons 
in the lower energy level (spin-up) in an equilibrium state. As the external magnetic field 
exerts a torque on individual magnetic moments, the protons are not fixed in space, but 
precess around the external magnetic field. The precession frequency is directly proportional 
to the magnetic field strength and is described by the Larmor equation: 

 
  1 
 
Here, ω0 is the angular rotating frequency (Larmor frequency), γ is the gyromagnetic ratio and 
B0 is the static magnetic field strength. 

4.1.1 The Bloch equation  

Magnetic resonance is a quantum mechanical process; however, the coupling of the nuclear 
spins is mutual and weak with the surrounding material, thus allowing a classical description 
of the phenomenon. In a given macroscopic sample, the net magnetic moment of all spinning 
protons represents the macroscopic magnetization, M. In MRI, the Bloch equations are a set 
of macroscopic equations that are used to calculate M as a function of time. These equations 
can be perceived as the equation of motions of the macroscopic magnetization. In its general 
form, the behaviour of M, as a result of magnetic interactions, can be described by: 
 

  2 

 
Here, M represents the macroscopic magnetization vector and B is the magnetic field 
strength. The cross product, B × M, yields a vector perpendicular to M and B, with an 
amplitude given by │M││B│sin α, where α is the angle between M and B. In its equilibrium 
state, M (also denoted M0) rotates around B with an angular frequency of ω0 equal to the 
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Larmor frequency. This direction is generally referred to as the z-direction and hence the net 
magnetization is denoted Mz, also known as the longitudinal magnetization. In this situation, 
the z-component of magnetization equals M0, and there is no transverse magnetization (Mx or 
My) present. 

4.1.2 Excitation 

In order to obtain information on the macroscopic magnetization, Mz must be tipped away 
from the z-direction. In practical MRI systems, this is done by introducing a second magnetic 
field, B1, perpendicular to B0, generated through induction of radio waves transmitted by a 
‘transmit’ coil. This transient radiofrequency (RF) magnetic field is often referred to as an 
RF-pulse. If the RF-pulse is made to oscillate at a frequency corresponding to the precession 
frequency of protons (Larmor frequency), resonance occurs, resulting in an exchange of 
energy. This process is known as excitation, modifying the protons energy state and spin 
phase. As a result, equilibrium will be disrupted, causing the macroscopic magnetization 
vector to fall out of alignment with the external magnetic field, yielding a component of M in 
the transversal plane. This component is generally referred to as Mxy and precess around the 
z-axis, yielding a changing flux in any nearby ‘receiver’ coil. The motion of M with the 
presence of both B0 and B1 can be described by: 
 

  3 

 
Assuming that the RF-pulse is applied with a constant B1-field for a time interval, trf, M will 
be rotated by an angle α relative to the z-axis and into the transverse plane. This angle is 
known as the flip angle and is given by: 
 
  4 
 
The applied RF-pulse is often named by the number of degrees M is rotated into the 
transverse plane. For example, an RF-pulse that flips M 90 degrees relative to the z-axis is 
called a 90˚ RF-pulse. When the 90˚ RF-pulse is turned off, no longitudinal magnetization is 
present (equal proportion of spin-up and spin-down protons), only a transvers magnetization 
exists, precessing around the z-axis. The observed signal, known as ‘free induction decay’ 
(FID), carries the information that eventually is transformed into an MR-image. The term 
‘decay’ refers to the fact that the signal rapidly deteriorates due to proton relaxation 
mechanisms.  

4.1.3 Relaxation 

Following an RF-pulse, the presence of the static magnetic field, B0, will cause the 
macroscopic magnetization to restore its equilibrium trough mechanisms generally referred to 
as relaxation. Relaxation is a result of proton interactions and subsequent loss of energy, and 
combines two different mechanisms: 
 

i. T1-relaxation – Also called longitudinal relaxation or spin-lattice relaxation 
ii. T2-relaxation – Also called transversal relaxation or spin-spin relaxation  
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T1-relaxation is a result of energy exchange between spins and the surrounding lattice, 
restoring thermal equilibrium. As spins go from a high-energy state back to a low-energy 
state, RF energy is released back into the surrounding lattice. The recovery of longitudinal 
magnetization follows an exponential curve, with a rate characterized by the tissue-specific 
time constant T1. T1 is defined as the time required for the longitudinal magnetization to 
return to 63% of its final value, and its inverse value is referred to as the longitudinal 
relaxation rate, R1. At physiological temperature and clinically relevant field strengths, T1 
varies in different tissue types from a few hundred milliseconds in fat to several seconds in 
fluids. T1-values increase with higher field strength. Differences in this unique tissue-specific 
time constant give rise to image contrast by using pulse sequences sensitive to T1 variation. 
These sequences are called T1-weighted sequences, where tissue with short T1 is displayed 
with higher signal intensity (SI) than tissue with longer T1. The re-establishment of the 
longitudinal magnetization to its equilibrium value can be described by: 
 

  5 

 
T2-relaxation results from collection of spins losing their spin coherence. As spins move 
together, their magnetic fields interact (chemical shift effects), causing small field 
inhomogeneities and thus modifying their precession rate. Thus, T2-relaxation causes a 
cumulative loss in phase resulting in transverse magnetization decay. This decay follows an 
exponential curve, characterized by the tissue-specific time constant T2, defined as the time 
required for the transverse magnetization to lose 63% of its initial value. Its inverse value is 
referred to as the transverse relaxation rate, R2. T2-values are independent of field strength. As 
for T1, T2 also show tissue-specific differences, characterized by tissue composition and local 
field inhomogeneities, and are generally longer in fluids then in solid matter. Differences in 
T2 give rise to image contrast by using pulse sequences sensitive to T2 variation. These 
sequences are called T2-weighted sequences, and tissue with long T2 is displayed with higher 
SI than tissue with shorter T2. With the exception of pure water, the inherent T2 in a given 
tissue is considerable shorter than its T1. 

In any real MRI experiment, there is an additional dephasing of the transverse 
magnetization introduced by inhomogeneities in the main external magnetic field. This rate is 
often denoted R2´ (1/T2´). The total relaxation rate, denoted R2

*, is given by the sum of the 
internal (R2) and external (R2´). The loss of phase coherence due to field inhomogeneities can, 
however, be recovered. This is done by applying an additional RF-pulse designed to reverse 
dephasing due to R2´. The intrinsic T2 losses are, however, not recoverable, as they are related 
to local, random and time-dependent field variations. The transverse relaxation process can be 
described by: 

 

  6 

 
By combining the relaxation mechanisms, T1 and T2, described by Eq. 5 and 6, and the 
presence of a magnetic field, the motion of M following spin excitation can be described by 
the differential equation: 
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This is the empirical Bloch equation, describing the magnetization return to equilibrium due 
to relaxation for a static field along the z-direction. 

4.2 MRI pulse sequence 

The use of MRI in clinical imaging is based on the decomposition of a field-of-view (FOV) 
into small sub-volumes, known as voxels, in which Mxy must be estimated from the measured 
MR signal. This is done by applying magnetic field gradients in all three orthogonal directions 
inducing variable field strength as a function of position. These gradients are denoted, Gz, Gx 
and Gy, where the subscript labels the direction in which the gradients are applied. A 
systematic combination of multiple RF-pulses and magnetic field gradients is generally 
known as a pulse sequence. A pulse sequence is defined by multiple parameters, including 
repetition time (TR) most commonly defined as the time between each initial slice selective 
RF-pulse, and echo time (TE) defined as the time between the initial RF-pulse and the peak 
sampled signal induced in the receiver coil. In general terms, TR determines how much 
longitudinal magnetization recovers between each RF-pulse, and TE controls the amount of 
T2 relaxation that occurs before signal acquisition. There is a vast variety of MRI pulse 
sequences in which various scan parameters are optimally adjusted for distinct clinical 
applications. However, in any given pulse sequence, the general aim is to favour the signal of 
a tissue of interest (contrast), as quickly as possible (speed), while limiting the artefacts at 
optimized signal to noise ratio (SNR). There are two main sequence classes, defined by how 
the signal, or echo, is generated. First are spin echo (SE) sequences, characterized by the 
presence of a 180° refocusing pulse, and second are gradient echo (GRE) sequences. In this 
project, mainly GRE sequences are used and will be further detailed in the next section. A 
number of good textbooks are available describing SE sequences (30,31), and inquisitive 
readers are referred to any of these for an in-depth description. 

GRE pulse sequences do not have a 180° refocusing pulse that is used to form spin 
echo. Instead, GRE sequences generate a gradient echo by applying so-called bipolar 
gradients between successive RF-pulses. First a gradient dephases the spin isochromats, 
followed by spin rephasing with a readout gradient having opposite polarity. The RF-pulse 
used in a GRE sequence is often referred to as an α-pulse. Thus RF-pulse rotates the 
magnetization into the transverse plane with a flip angle α, usually between 0° and 90°. A 
schematic illustration of a classic GRE sequence is shown in Figure 1. This simple illustration 
is known as MRI pulse sequence diagrams, and features slice selective excitation (Gz), phase 
encoding (Gy) and frequency (Gx) encoding (or readout) gradients. The resulting spatial 
encoded MR signal is a complex mix of RF waves with different amplitude, frequencies and 
phases. This signal is digitized and raw data are stored into a data matrix known as k-space, 
equivalent to the 2D or 3D Fourier transform of the actual MR image. The use of a low α-
pulse results in faster re-establishment of equilibrium, thus allowing shorter TR between the 
successive RF-pulses. Furthermore, the use of bipolar gradients, speeding up the dephasing-
rephasing process, results in shorter TE compared to SE sequences. In total, this results in an 
overall reduction of acquisition time, which is one of the main advantages of GRE sequences. 
Consequently, GRE sequences are often used for fast imaging (32). The drawback of not  
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Figure 1: A simplified MRI pulse sequence timing diagram showing the different operations that must occur in 
order to acquire gradient echo (GRE) image data: RF excitation, gradient manipulations, and signal 
measurement. Shown here are basic sequence elements in which a full set of k-values are sampled in the x-
direction (frequency encoding). This process must be repeated N times while altering the phase encoding 
gradient in order to k-lines in the y-direction (phase encoding). The time between successive RF-pulses is called 
repetition time (TR) and the time between the RF-pulse and the maximum signal induced (zero kx) is called the 
echo time (TE). 
 
using a 180° refocusing pulse, is that relaxation caused by inhomogeneities in the static 
external field, will not be reversed and signal loss in GRE sequences is caused by T2

* effects. 
Moreover, the reduced TR may cause remaining transverse magnetization at the time of the 
next excitation. Residual transverse magnetization can cause artefacts and unpredictable 
signal behaviour, and GRE sequences are further sub-divided according to how the transverse 
magnetization is handled. The most relevant approach for the application used in this thesis is 
to actively destroy the transverse magnetization through the application of gradients and/or 
RF-pulses (spoilers) in order to eliminate residual transverse magnetization. Such sequences 
are referred to as spoiled GRE (SPGR) and produce strongly T1-weighed images when short 
echo times are used. The signal from a SPGR acquisition, SSPGR, is caused by the gradient 
rephasing of the FID at an echo time TE, and is given by: 
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The flip angle, α, that maximizes a given tissue signal in an SPGR sequence is called the 
Ernst angle, and is given by: 
 
  9 
 
One method for further reducing scan time is by acquiring multiple echoes with different 
phase steps in a single repetition, and can be accomplished by rapidly reversing the frequency 
(or readout) gradient. This method is demonstrated in echo planar imaging (EPI) shown in 
Figure 2. The number of phase encoding steps in one TR interval is called the EPI-factor. In a 
single-shot EPI sequence, the entire range of phase encoding steps is acquired in one TR. In 
multi-shot EPI, the range of phase encoding steps is divided into several shots. An image with 
128 phase steps could be divided into 8 shots of 16 steps each (EPI-factor = 16). Being one of 
the most efficient MRI techniques, EPI is technically demanding and prone to severe 
artefacts. Note that the destructive effects of magnetic field inhomogeneities are augmented at 
high EPI factors. EPI and other imaging methods with advanced k-space trajectories are 
covered in great depth in numerous textbooks (28,30,33). 
 
 

 

Figure 2: A simplified MRI pulse sequence timing diagram showing a multi-shot 3-dimentional (3D) echo planar 
imaging (EPI) technique. In each repetition or shot, k-space is traversed five times in the frequency encoding 
direction (EPI-factor = 5) with differing phase encoding achieved by ‘blipping’ Gy. Given that this is a 3D 
technique, both z- and y-directions are phase encoded. An increased EPI-factor decreases the number of shots 
required to fill k-space, thus decreasing the total acquisition time. 
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4.3 Contrast agent in MRI 

Already in the very early days of NMR development it was recognized that the tissue 
relaxation process could be dramatically accelerated by the addition of paramagnetic material 
(34). Paramagnetic contrast agents contain metal ions with unpaired electrons (most 
commonly gadolinium ions in clinically approved agents), giving rise to very large magnetic 
moment since the magnetic moment of the electron is about 700 times larger than that of the 
proton (35). Although a large range of MR contrast agents have been proposed and tested in a 
preclinical setting, clinically approved contrast agents are almost exclusively based on small 
molecular weight chelates with gadolinium used as the active paramagnetic ion (36,37). 
 Paramagnetic contrast agents induce significant enhancement of both T1- and T2-
relaxation rates through dipole interaction between free water protons and the paramagnetic 
ions. The relationship between the change in relaxation rate R1/R2 and the contrast agent 
concentration, C, is linear assuming fast water exchange between tissue compartments: 
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where R1,2(0) are the native tissue longitudinal and transverse relaxation rates, and r1,2 are 
constants reflecting the ability of the contrast agent to increase the relaxation rates (termed the 
relaxivity, in units of mM-1 s-1). The term fast exchange here means that all water molecules 
have equal access to the paramagnetic centre of the contrast agent, regardless of the origin of 
the water molecules during the MR experiment. The fast exchange regime is not necessarily 
true near the capillary walls or in voxels containing multiple compartments. However, for 
clinical applications, fast exchange between the intracellular and extracellular space is 
normally considered as a reasonable assumption. This will be further discussed in section 8.5. 

In addition to dipole relaxation effects resulting in an increased R1 and R2, transverse 
relaxation is further enhanced by the macroscopic effect of the bulk magnetic moment of the 
paramagnetic ions (often termed ‘susceptibility effects’), resulting in increased R2

*. This is a 
long-range relaxation effect which does not require direct interaction between the 
paramagnetic centre and the protons. This effect is particularly dominant when the contrast 
agent is confined to a small tissue compartment, resulting in an inhomogeneous contrast agent 
distribution within a voxel and consequently large induced gradients accelerating T2

*-
relaxation (38). Transverse relaxation enhancement in the presence of a gadolinium chelate 
can thus be described by a modified r2-relaxivity, r2

*, which can be substantially larger than r2, 
but commonly still assumed to be proportional to the concentration of the contrast agent: 
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where R2,0 is the native tissue transverse relaxation rate, and r2

* is the transverse relaxivity of 
the contrast agent including ‘long-range’ susceptibility effects. Note that Eq. 10 and 11 
assume a linear relationship between the contrast agent concentration and increase in 
relaxation rate. As mentioned above, water exchange effects may result in non-linear T1-
relaxation behaviour. Further, the in vivo dose-response of the R2

*-effect due to paramagnetic 
agents can be highly non-linear depending on the tissue geometry and contrast agent 
concentrations (39). 
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4.4 Dynamic contrast-based imaging 

Dynamic MRI in combination with administration of an exogenous contrast agent is an 
increasingly popular method to characterize vascular characteristics in a tissue of interest. In 
particular, dynamic contrast-based MRI has emerged as a central tool for tumour 
characterization, enabling assessment of tumour microenvironment (40–45). There is a 
multitude of MRI sequences used to acquire such data. In general, dynamic contrast-based 
MRI sequences can be divided into two groups depending on which contrast mechanism is 
primarily observed; DCE-MRI and DSC-MRI. 

4.4.1 Dynamic contrast-enhanced imaging 

Common for DCE- and DSC-MRI is the acquisition of serial MR images before (baseline), 
during, and after the administration of an MR contrast agent. The contrast agent is normally 
administered as a single bolus intravenous injection, from where it is transported to the heart 
and further distributed throughout the body. Once it reaches the tumour capillary bed, the 
applied contrast agent with small molecular weight will leak into the extravascular 
extracellular space (EES) until concentration in the interstitium balances that of the blood 
plasma. This distribution process of contrast agent occurs by passive diffusion, governed by 
the differences between the contrast agent concentrations across the capillary walls, also 
known as Fick’s law. How fast the contrast agent extravasates is determined by the capillary 
permeability, their surface area, and the blood flow (41,46,47). Once the contrast agent 
concentration in the interstitium balances that of the blood plasma, the net diffusion of 
contrast agent is reversed given that the contrast agent is excreted by the kidneys, resulting in 
a reflux of contrast agent into the vasculature. In DCE-MRI, the dominant effect is increased 
T1 relaxation, enhancing the signal in this T1-weigthed MR acquisition. By measuring the 
signal change as a function of time, contrast agent concentration gradients are measured as 
they evolve, and the resulting signal intensity-time curve reflects underlying physiological 
properties such as capillary permeability, and plasma- and EES volume fractions (7). The 
pharmacokinetics of an injected contrast agent in a tumour, and the corresponding DCE-MRI 
data, are illustrated in Figure 3. 

According to Eq. 10, the dynamic change in longitudinal relaxation rate, R1 (1/T1), 
following administration of contrast agent is given by: 
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where R1(t) and R1,0 are the longitudinal relaxation rates at time t and during the baseline 
period, respectively. Obviously, the most correct dose-response estimation is obtained by 
measuring R1 directly, e.g. using a saturation recovery or inversion recovery sequence, thus 
eliminating transverse relaxation effects and required knowledge of relationship between 
measured signal and corresponding relaxation rates. However, measuring R1 for several 
dynamic time points is time-consuming, thus compromising the temporal resolution. For 
spoiled GRE sequences, the signal behaviour is in theory well defined and R1 can be 
estimated directly from Eq. 8. Solving with respect to the time-dependent R1 (1/T1), assuming 
T2

*-effects to be negligible (TE<< T2
*) then gives: 
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Figure 3: Illustration of a cross section through a blood vessel and the surrounding tissue consisting of tumour 
cells, extracellular space and normal cells. The curve on the left demonstrate the dynamic change in T1–
weighted signal intensity as a function of the contrast agent pharmacokinetics; baseline before contrast agent 
administration (line 1 to line 2), contrast agent arrival and extravasation into extravascular- extracellular space 
(line 2 to line 3), contrast agent back-diffusion into the vasculature (line 3 to line 4), and finally, contrast agent 
excretion. Figure adapted from Gribbestad et al. (48), and reproduced with permission. 

 
 

  13 

 
where  
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and 
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and S(t) is the SI at time t, and S0 is the average SI at baseline. Equation 13 can be ill defined 
(negative ln-values) if the baseline signal is noisy or SNR is generally poor, and a linear 
approximation to Eq. 8 can be made if a large flip angle is used and the conditions TR<<T1 
and TE<<T2

* are met. The SPGR signal equation then reduces to a linear relationship between 
SI and 1/T1: 
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The dynamic change in SI, ΔSI, following administration of contrast agent is then given by: 
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Divided by the pre-contrast signal yields the relative signal change in SI (rSI): 
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The relative change in SI following a contrast agent administration is hence only functions of 
contrast agent concentration, C(t), the spin-lattice relaxivity of the contrast agent, r1, and pre-
contrast native T1 of the tissue. Note that this approximation may be poor when contrast agent 
concentration becomes large (e.g. within vessels) if TR<<T1 is no longer a valid 
approximation, whereby the full expression (Eq. 13) may give a better estimation of R1(t).   

4.4.2 Dynamic susceptibility contrast imaging  

Whereas DCE-MRI is sensitive to the increased spin-lattice relaxation caused by contrast 
agent extravasation, DSC-MRI is sensitive to susceptibility effects caused by the passage of 
contrast material through the capillary bed (49). As the contrast agent flushes through the 
capillaries, it creates microscopic disturbances of the magnetic field causing rapid dephasing, 
thus increasing the transversal relaxation rate, R2

*. In a T2 or T2
*-weighted dynamic MR 

acquisition, this process can be seen as a transient signal loss in the tissues where the contrast 
agent is distributed. By injecting the contrast agent as a rapid, intravenous bolus and 
measuring the dynamic change in SI with a sufficient temporal resolution (in the order of 
seconds), the resulting signal intensity-time curve can be used to assess perfusion related 
parameters such as blood flow and blood volume (8,9,50). Due to its sensitivity to 
intravascular contrast agent passage, DSC-MRI is most commonly used to measure perfusion 
in the brain since the contrast agent cannot cross the blood-brain barrier. However, several 
studies have shown the feasibility and potential of using this approach to assess phenotypic 
characteristics in cancerous tissue outside the brain (16,17,51).  

If we assume T1-effects to be negligible (52), and a mono-exponential relationship 
between signal decay and increase in transversal relaxation rate, R2

*, the dynamic change in 
R2

*, ΔR2
*, is linearly proportional to the contrast agent concentration: 
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where k is an unknown constant, S(t) is the SI at time t, and S0 is the average SI at baseline. In 
practice, assuming a linear relationship between ΔR2

*(t) and C(t), the ΔR2
*(t) curve is derived 

from S(t) (53). 
When applying a DSC-MRI technique in organs other than the brain, the fundamental 

assumption that the contrast agent remains intravascular is incorrect. Also, with contrast agent 
extravasation, the assumption of a negligible T1-effect is inappropriate, and the signal 
enhancement caused by T1 shortening will mask the signal loss due to T2

* (54). An alternative 
approach to avoid contamination from T1-effects is to measure the dynamic change in R2

* by 
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multi-echo dynamic acquisition. The dynamic change in R2
* can then be estimated by 

assuming mono-exponential signal decay as a function of TE:  
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where the subscript n = 1,…,N labels the echo number, and SPD(t) is the peak SI in the 
absence of T2

*-effects (TE = 0). In the case of a dual-echo dynamic acquisition, ΔR2
* is given 

by:  
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where S1(t) and S2(t) are the signal intensities at TE1 and TE2, respectively, and S1,0 and S2,0 
are the corresponding average SI-values before contrast agent administration. Consequently, 
ΔR2

* can be directly quantified without assumptions regarding T1.  

4.5 Analysis of dynamic contrast-based data 

The concept of deriving functional information from dynamic contrast-based MRI data is 
referred to as tracer kinetic modelling, describing the pharmacokinetics of an injected contrast 
agent. There is a multitude of models used to analyse such MRI data. These may vary in 
complexity, but almost all rely on acquisition of a single MRI contrast mechanism (T2, T2

* or 
T1). This thesis addresses the analysis of DCE- and DSC-MRI data in breast- and rectal 
cancer, both in which the applied contrast agent extravasates; hence the assumption of 
contrast agents being confined intravascular cannot be made.  

4.5.1 Tracer kinetic modelling for DCE-MRI 

The distribution process of an exogenous contrast agent in a tissue can be described by 
passive diffusion between the intravascular- and extravascular space. Hence, the applied 
kinetic model must include multiple compartments in which the contrast agent can be 
distributed. It is common to divide a tissue into three compartments; that is the blood/plasma 
space, the EES, and the intracellular space. Such a compartment model is illustrated in Figure 
4. These compartments represent fraction volumes of a unit volume of tissue, corresponding 
to a voxel in the MR image. However, most of the MR contrast agents in clinical use cannot 
pass into the intracellular space and will be confined to the plasma space and EES (48). 
Hence, a two-compartment model represents a valid approach. Although not available to the 
contrast agent, protons in the intracellular space will contribute to the MR signal, and if water 
exchange is fast, this signal will also be enhanced by the contrast agent. 

Several models have been developed that aim to extract kinetic parameters from 
dynamic enhancement patterns. Amongst the most commonly used are the models of Tofts 
(55,56), Larsson (57), and Brix (58), all of which rely on curve fitting methods of the acquired 
DCE data to estimate parameters of the pharmacokinetic model being studied. These are all 
modified versions of the generalized kinetic model developed by Kety in 1951 (59), and 
assumes that the contrast agent resides either in the plasma space or the EES and the flux of 
contrast between the compartments is described by two transfer constant. Assuming a 



28 
 

homogeneous distribution of contrast agent in both compartments, this dynamic system can be 
described by the following differential equation: 
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where Cp and Ct represents the contrast agent concentration in plasma and in tissue, 
respectively, and Ktrans is the volume transfer constant between the plasma and the EES 
volume, ve (7). The contrast agent concentration-time curve in plasma, Cp(t), is often referred 
to as the arterial input function (AIF). The ratio kep = Ktrans/ve is commonly referred to as the 
rate constant between EES and plasma. Assuming that the initial condition is Cp = Ct = 0 at t 
= 0, it can be shown that the solution to Eq. 22 is given by the convolution integral: 
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Note that the transfer constant, Ktrans, in a tissue of interest has different physiological 
interpretations depending on the relative magnitude of tissue blood flow versus permeability. 
For areas with high permeability, this process is described as flow limited, meaning that Ktrans 
is ultimately limited by tissue perfusion. In this case, Ktrans becomes equal to Fρ(1 – Hct),  
 
 

 
Figure 4: Pharmacokinetic two-compartment model: Illustrating the major compartment involved in the 
distribution of contrast agent. Conventional contrast agents cannot pass the cell membrane; hence two-
compartments are available for distribution. Figure adapted from Parker and Padhani (60), and reproduced 
with permission. 
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where F is flow and, ρ is the tissue density, and Hct is the haematocrit. When permeability is 
low compared to perfusion, contrast agent extravasation is limited by the permeability, and 
Ktrans equals the product of vessel permeability (P) and surface area (S) per unit volume, PSρ.  

In normal tissue, the vascular volume fraction is small compared to the total unit 
volume, and it may be assumed that the contrast agent concentration in said unit volume, Ct, 
reside exclusively from EES, e.g. Ct ≈ veCe. However, as vessel density and volume may 
increase significantly with pathology, especially in tumours due to angiogenesis, the 
contribution from intravascular contrast agent is no longer negligible and this assumption 
becomes invalid. A straightforward approach is to simply extend Eq. 22 to include the 
contrast agent concentration in the plasma space, e.g. Ct = vpCp + veCe. By using this 
relationship and rearranging Eq. 22, it can be shown that: 
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where  represents the convolution operator. This is often referred to as the extended Tofts 
model. Note that Eq. 24 requires knowledge of the AIF, Cp(t), which is often determined by 
measuring the time course of concentration of contrast agents in an artery supplying the tissue 
of interest. However, an individual AIF may be difficult to measure, and erroneous AIFs are 
prone to contaminate the kinetic parameter estimates. An alternative approach is to use a 
population-average AIF. Although lacking the detail of a true individual AIF, this provides a 
good solution to a potentially difficult measurement problem and may improve the 
reproducibility of the kinetic analysis (61). Another simplified approach is to assume that the 
concentration of contrast agents in an artery follows a certain time course that can be 
approximated by an idealized mono- or bi-exponential (step-response) function, with a half-
life similar to that of the elimination half-life of the contrast agent from the plasma. However, 
as the exact shape of the AIF may vary between patients, as it is a function of injection timing 
and dose, heart output rate, and kidney function, an individually measured AIF may be 
beneficial for the accuracy of the derived kinetic parameters.   

The extended Tofts model assumes equal bolus arrival time (BAT) in tissue and 
feeding artery (AIF). In reality, however, different delays may occur, affecting the accuracy of 
kinetic parameter estimates (62,63). By determining the BAT of the AIF and the tissue of 
interest, the delay can be included as a (fixed) variable in the kinetic model (64). A further 
assumption of the extended Tofts model is that the transit time of the contrast agent through 
the capillary bed is infinitively short, enabling the blood plasma contribution to be modelled 
as a constant scaling factor in Eq. 24. For high sampling rates, this assumption is violated, and 
the full two-compartment exchange model may be required to properly describe the kinetic 
behaviour of the bolus passage, at the expense of a more complex kinetic model (65).  

A simpler approach for extracting physiological information from the acquired DCE-
MRI data is to use a semi-quantitative, model-free, descriptive analysis, in which the dynamic 
data is directly interpreted from the enhancement pattern. This provides an indirect 
description of the underlying physiological properties in the tissue. Commonly used 
descriptive parameters are area under the curve (AUC), maximum peak enhancement 
(Peakenh), time to maximum peak enhancement (TTP), and wash-in and wash-out slope 
(66,67). These parameters are affected by the vascular properties of the tissue, such as 
perfusion and permeability, but not in a well-defined manner. Parameters derived from 
descriptive analysis are also sensitive to the imaging technique chosen. 
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4.5.2 Tracer kinetic modelling for DSC-MRI 

Tracer kinetic modelling on DSC-MRI data aim to extract perfusion related parameters based 
on the intravascular effect from the contrast agent. The three important physiological 
parameters that characterize tissue perfusion are blood volume (BV), blood flow (F), and 
mean transit time (MTT). The concept of all perfusion imaging is the central volume 
principle, stating that the BV of a given tissue is equal to the F into the tissue multiplied by 
the MTT of the contrast agent passing through the capillary structure of the tissue. The BV is 
defined as the total volume of blood per unit volume of tissue (ml g-1), and F is defined as the 
net blood flow per volume of tissue (ml g-1 min-1). The MTT is measured in seconds. The 
central volume principle can be expressed as (68): 
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where Fa is the blood flow in the feeding artery (ml min-1), q0 is the amount of contrast agent 
(mmol) injected, and ρ is tissue density (g ml-1). In practice, this integral is taken from the 
time of contrast arrival (t = 0) to the end of the contrast bolus first pass. According to Eq. 25, 
the concentration of contrast agent as well as the flow into the tissue of interest must be 
known in order to determine the blood volume. Assuming constant flow, it can be shown that 
BV is proportional to the integral of concentration-time curve in a tissue. Furthermore, in 
order to obtain a better semi-quantitative estimate of BV, this integral needs to be normalized 
to the corresponding AIF. Considering Eq. 19, BV can then be expressed as: 
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where R*

2,t and R*
2,a are the dynamic change in R2

* in the tissue of interest and the 
supplying artery, respectively. 

Based on the indicator dilution theory for intravascular contrast agents (69), blood 
flow can be quantified from DSC-MRI data by deconvolution between the AIF and the 
concentration-time curve in the tissue. Deconvolution is a mathematical technique used to 
account for physiological effects of the AIF, e.g. dispersion of the bolus in time and the 
patient’s cardiac function. By defining the residue function, R(t), as the fraction of tracer 
remaining in the system at a given time following an ideal delta function injection, the 
concentration of contrast agent within the tissue can be expressed as (8,50): 
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Deconvolution integrals of this form are commonly solved by singular value decomposition 
(SVD) techniques (62). By measuring the AIF in each patient individually, quantitative 
estimates of BV and F can be obtained from Eq. 26 and the residue function, respectively. 
When F and BV have been determined, the MTT is given by the central volume principle (Eq. 
25): 
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This tracer kinetic model for DSC-MRI assumes that the contrast agent remains in the 
intravascular space in order for the derived residue function, R, to reflect intravascular blood 
volume and tracer mean transit time. In the presence of extravasation, the resulting residue 
function will contain contributions from both the intravascular- and the extravascular contrast 
agent fractions, as described in the full two-compartment exchange model (65). When 
capillary blood volume is estimated from Eq. 26, extravasation of contrast agent needs to be 
accounted for in order to obtain an accurate BV estimates (70). Different approaches to limit 
the extravasation induced errors have been proposed, such as pre-dosing (71), double-echo 
acquisition (72,73), and modelling by gamma-variate fit of the dynamic DSC data (52).  
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5. AIM OF THIS WORK 

The main purpose of this thesis was to test the feasibility and clinical utility of a novel split 
dynamic MRI method, in which a high spatial resolution sequence is interleaved with a high 
temporal resolution multi-echo sequence during a single injection of contrast agent. The split 
dynamic MRI method was implemented and tested in patients with breast masses (Papers I 
and II) and rectal cancer (Paper III).  

5.1 Specific aims 

Paper I: To investigate the required temporal resolution for accurate estimates of DCE-
derived kinetic parameters and DSC-derived peak change in R2

*, and further to investigate 
whether the splitting of dynamic time-series influences the reliability of parameter estimates 
in breast masses compared to a conventional continuous acquisition. 
 
Paper II: To investigate whether the combination of high spatial resolution and multi-
contrast high temporal resolution MRI may facilitate the differential diagnosis of breast 
masses, and improve the diagnostic performance in comparison with standard BI-RADS 
interpretations. 
 
Paper III: To investigate whether the combination of DCE- and DSC-MRI obtained from 
single-bolus split dynamic MRI may facilitate staging of primary rectal cancer and lymph 
node status. 
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6. MATERIALS AND METHODS 

6.1 Ethical approval 

All projects included in this thesis were granted approval by relevant Regional Ethical 
Committees, and all examinations were performed in accordance with the Helsinki 
declaration and after written informed consent for participation.  

6.2 Facilities 

The projects included in this thesis are based on MRI examination performed at Stavanger 
University Hospital, Stavanger, Norway (Papers I and II) and Akershus University Hospital, 
Lørenskog, Norway (Paper III). All examinations were performed on a Philips Achieva 1.5T 
system with NOVA gradients (33mT/m maximum gradient amplitude, 180T/m/s slew rate) 
from Philips Healthcare (Best, The Netherlands). 
 
A dedicated 7 channels breast coil was used in Papers I and II, and a five-channel cardiac coil 
was used in Paper III. Both coils had parallel imaging capabilities. 

6.3 Patients 

A summary of patient data and histopathological diagnosis included in Papers I-III are given 
in Table 1. 

6.3.1 Breast cancer patients (Papers I and II) 

Forty-four female patients with a total of 45 breast masses were examined. The patient cohort 
was enrolled between March 2008 and June 2009. Paper I is based on a subset of four patients 
(mean age 45.3 years, range 38-49 years, median 47), whereas Paper II is based on the full 
patient material (mean age 42.3 years, range 18-65 years, median 44 years). All breast masses 
were identified by clinical examination, mammography and ultrasonography prior to MRI, 
and verified by fine needle aspiration cytology, 14 Gauge cutting needle biopsy, excisional 
biopsy, breast conserving therapy or mastectomy. 

Where possible, breast MRI of premenopausal women was performed between the 5th 
and 12th day after the start of the menstrual cycle, and oestrogen replacement therapy given to 
postmenopausal women was discontinued before breast MRI was performed. 

6.3.2 Rectal cancer patients (Paper III) 

Twenty-four patients with histologically confirmed rectal cancer scheduled to radical 
treatment were included in this Paper. The patient cohort was enrolled between March 2014 
and June 2015 and all cases had primary pelvic surgery. Standard histological staging was 
performed on the resected tumour specimens. Five patients were excluded because of bowel 
motion and two because of image artefacts. For the remaining 17 patients, mean age was 68.4 
years (range 50-88 years, median 66 years).    
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6.4 Pulse sequences 

The MRI pulse sequences used in this thesis were based on vendor supplied sequences that 
were modified using the scanner interface and/or the Sequence Develop Mode (SDM) 
supplied by Philips. In all Papers, the dynamic contrast-based data was acquired by a novel 
split dynamic MRI acquisition, detailed in the following subsection. A summary of the pulse 
sequences and key imaging parameters used in this thesis are given in Table 2. All MR 
images were stored as Digital Imaging and Communications in Medicine (DICOM) files in 
the institutional picture archiving and communication system as well as in a dedicated study 
imaging databank. 
 
In Papers I and II, the imaging protocol also consisted of a T2-weighted turbo spin echo (TSE) 
sequence applied in the axial plane and a short tau inversion recovery (STIR) sequence 
applied in the coronal plane.  
 
In Paper III, conventional T2-weighted TSE images of the pelvic cavity and rectum were 
obtained in the sagittal and transversal planes as well as perpendicular to the tumour axis. 
Diffusion weighted imaging (DWI) was acquired using a free breathing, fat-saturated single-
shot spin-echo EPI sequence with b-values = 0, 25, 50, 100, 500, 1000 and 1300 s/mm2 
parallel to the T2-weighted images. Three orthogonal diffusion gradient directions were used. 
Phase-encoding was performed in the right-left (RL) direction in order to minimize motion 
artefacts from breathing observed in the anterior-posterior (AP) direction. The DWI was 
always acquired before contrast agent injection. Furthermore, a modified Look-Locker 
inversion recovery (MOLLI) sequence was used to estimate pre-contrast T1-values. 

6.4.1 Split dynamic MRI 

In the split dynamic MRI framework, a multi-echo 3D T1-weighted EPI sequence and a 3D 
T1-weighted turbo field echo (TFE) sequence (THRIVE) were applied in an alternating 
manner during a single injection of contrast agent. The THRIVE sequence provided high 
spatial resolution images for morphological assessments, whereas the EPI sequence provided 
high temporal resolution images for evaluating contrast kinetics. A schematic outline of the 
two sequences included in the split dynamic acquisition is shown in Figure 5.  

One set of THRIVE baseline images was initially acquired. The multi-echo EPI 
sequence was then immediately started and 3 (Papers I and II) and 5–7 (Paper III) baseline 
acquisitions were obtained prior to contrast agent administration. The multi-echo EPI 
acquisition was repeated approximately 30 times in the early post-contrast phase, directly 
followed by a new THRIVE acquisition. During the intermediate and late post-contrast phase, 
a total of 5 (Papers I and II) and 6 (Paper III) split sessions were conducted, acquiring 3 
(Papers I and II) and 4 (Paper III) multi-echo EPI data sets and interleaved THRIVE images. 
Following the last THRIVE segment, a series of 30 (Papers I and II) and 14 (Paper III) multi-
echo EPI data sets were acquired in order to optimize the curve fitting process for kinetic 
modelling. In Paper III, a 2500 ms dummy scan (i.e. no data sampling) was run in the 
beginning of each multi-echo EPI segments to minimize non-steady state effects. The general 
time-course strategy of the split dynamic acquisition is illustrated in Figure 6.  
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Figure 5: (a) A simplified MRI pulse sequence timing diagram for the 3D multi-shot multi-echo EPI sequence 
with an EPI factor of 9. A ProSat fat suppression technique was applied prior to the acquisition of high temporal 
resolution multi-echo EPI data. (b) A simplified MRI pulse sequence timing diagram for the 3D T1–weighted 
TFE sequence (THRIVE). A SPAIR fat suppression technique was applied prior to the acquisition of high spatial 
resolution data. 
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Figure 6: Split dynamic MRI: The grey shaded areas illustrate the general time-course strategy of interleaving 
MRI pulse sequences with high spatial resolution (dark grey) and high temporal resolution (light grey). As 
shown here, one set of high spatial resolution images is acquired before contrast agent administration. Contrast 
agent is injected shortly after the commencement of the first high temporal resolution segment. High temporal 
resolution data are acquired in the early post-contrast phase, followed by the alternation of high spatial- and 
high temporal resolution sequences. The timing and length of the sequences involved in the spit dynamic 
framework can be adjusted in the scanner user interface. Figure adapted from Grøvik et al. (74), and 
reproduced with permission. 
 
 
In Papers I and II, the split dynamic images were scanned as axial slices, whereas in Paper III, 
an axial oblique slice orientation was used. In Paper III, glucagon and buscopan were 
administered immediately before the patient was centred in the scanner to reduce bowel 
peristalsis. The dose of buscopan was divided in two; giving half the dose together with the 
glucagon and the second half before the split dynamic MRI acquisition. Only results from the 
dynamic multi-echo EPI data are reported in paper III. 

6.5 Contrast administration 

In all cases, a dose of 0.2mL/kg body weight of gadolinium-based contrast agent was injected 
intravenously as a bolus (3mL/s) directly followed by 20ml of physiologic saline solution. 
The following contrast agents were used: 
 

 MultiHance, Bracco Imaging SpA, Milan, Italy (Papers I and II) 
 Dotarem® 279.3mg/mL, Guerbet, Roissy, France (Paper III) 

 
The bolus was directly followed by 20ml of physiologic saline solution. 
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6.6 Image analysis 

This section describes processing and analysis of data including radiological interpretations, 
volume of interest (VOI) selection, image processing and kinetic analysis. Background details 
about the analysis of dynamic contrast-based data can be found in section 4.5. All image 
processing was performed using the nordicICE software package (NordicNeuroLab, Bergen, 
Norway). 

6.6.1 Image interpretation 

In Paper II, MR images were independently interpreted by two breast radiologists, with 8 
years’ experience each, according to the standards given by the Breast Imaging Reporting and 
Data System (BI-RADS) (75). During interpretation, T2-weighted images and THRIVE 
images were available to the readers. The overall assessment was classified on a seven-point 
scale: 
 

 1:  negative 
 2:  benign 
 3:  probably benign 
 4a:  low suspicion of malignancy 
 4b: intermediate suspicion of malignancy 
 4c: moderate suspicion of malignancy 
 5:  high suggestive suspicion of malignancy 

 
The readers were blinded to histopathological results, findings on mammography or 
ultrasound and indication for breast MRI. 
 
In Paper III, diagnostic radiological TNM classification (staging) was performed according to 
international guidelines and the 7th edition TNM staging system (76), generally outlined as: 
 

 T:  size or direct extent of the primary tumour 
 N:  degree of spread to regional lymph nodes 
 M: presence of distant metastasis 

 
MR images were interpreted by two radiologists with 14 and 7 years of experience. The 
readers were blinded to histopathological results. 

6.6.2 Volume of interest selection 

The extraction and evaluation of kinetic parametric values in a tumour requires a well-defined 
volume to prevent contribution from surrounding normal tissue. For each patient included in 
Papers I-III, such whole-tumour VOI were drawn by means of free-hand delineations. For 
each breast cancer patient (Papers I and II), the VOI was drawn by a breast radiologist with 11 
years’ experience using the dynamic THRIVE image series at a time frame showing 
maximum contrast enhancement. For each rectal cancer patient (Paper III), the VOI was 
independently drawn by two radiologists with 14 and 7 years’ experience on T2-weighted 
images, also guided by diffusion-weighted image series.  
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6.6.3 Image processing 

As detailed in subsection 4.4.2, dynamic multi-echo acquisition during administration of 
contrast agent allows quantification of the dynamic change in transverse relaxation rate, ΔR2

*, 
by assuming a monoexponential signal-dependent change as a function of TE. In papers I and 
II, a dual-echo acquisition was used in the EPI sequence, whereas three echoes were acquired 
in Paper III. Voxel-wise ΔR2

*-values were then estimated by fitting the TE-dependent signal 
to Eq. 21 and 20, respectively. The TE and echo spacing used in Papers I-III are given in 
Table 3.  The resulting ΔR2

* image series was stored as DICOM files and further used for 
kinetic analysis. 
 
In paper III, ΔR1-time curves were estimated using the SPGR signal equation (Eq. 8 and Eq. 
13). T2

*-effects were eliminated from Eq. 8 by extrapolating the multi-echo signal back to TE 
= 0, thus estimating the initial SI amplitude at each time point. This was done by least-squares 
fitting the multi-echo data to the assumed mono-exponential term given in Eq. 20. Further, 
pre-contrast T1-values were estimated in six patients based on MOLLI data (77). The MOLLI 
sequence had a 5-3 sampling scheme with a three second pause between cycles. Initial 
inversion times (TI) were 169 ms and 350 ms for the respective cycles, and successive TI-
values were dependent on the duration of the cardiac cycles. The resulting data was analysed 
by three-parameter nonlinear curve fitting (78) using a maximum likelihood estimation 
technique: 
 
  29 
 
where y denotes the SI, TI is the inversion time, and T1

* corresponds to the apparent, modified 
T1 in a Look-Locker experiment. A represents a scaling factor for SI and B reflects the quality 
of the inversion. Voxel-wise T1-values were estimated from the resulting parameters T1

*, A, 
and B according to: 
 
  30 
 
The analysis was performed using vendor supplied inline software. Figure 7 show an example 
of the data obtained and the resulting T1-map. The T1-maps were merged as an overlay onto 
corresponding T2-weighted images, and T1-values were extracted from a central slice of the 
tumour using a ROI drawn by an experienced radiologist. In addition, T1-values from blood 
were extracted using a circular ROI placed centrally in the iliac artery. Average T1-values, 
estimated across all six patients, were measured in blood and in tumour tissue and used as a 
fixed T1-baseline for SPGR signal conversion in arteries and tumours, respectively. The 
resulting ΔR1-time curves were further used as input to the kinetic analysis.  
 
Examples of the resulting high temporal resolution DCE- and DSC-MRI data obtained in a 
selected rectal cancer case are shown in Figure 8. 
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Figure 7: Rectal cancer data acquired using Modified Look-Locker inversion recovery (MOLLI) sequence (a). 
The inversion recovery curve (b) was extracted using a region-of-interest encompassing the tumour at a central 
slice (red outline). Resulting T1-map (c) was obtained by non-linear curve fitting the inversion recovery curve. 

6.6.4 Measuring the AIF 

When applicable, an AIF was obtained for each patient by extracting the dose-response curve 
from an artery close to the region of interest. The extraction of individual AIFs was done by 
using an automatic cluster-algorithm (79). The cluster parameters included peak height, AUC, 
AUC first moment, contrast arrival time and TTP enhancement. The final AIF in each patient 
was estimated from the mean dose-response curve from a total of 5-10 voxels derived from 
three different image slices. Each voxel-signal contributing to the final AIF was visually 
inspected to remove any deviating time curve characteristics, such as signal saturation due to 
non-linear effects, T2

* attenuation effects and noisy curves. 

6.6.5 Analysis of DCE-MRI 

In all projects, high temporal resolution DCE-MRI data were analysed on a voxel-by-voxel 
basis using the extended Tofts model (Eq. 24), whereby the kinetic parameters Ktrans, ve, vp 
and kep were estimated. The delayed BAT between the AIF- and the VOI-signal were 
measured and included as a fixed variable in the kinetic model (64). 
 

 
Figure 8: DCE- (upper row) and DSC-MRI data (bottom row) obtained with high temporal resolution multi-
echo acquisition. The selected time frames show significant R1-enhancement and transient increase in R2

* during 
bolus first pass in a rectal cancer (arrow).  
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In Papers I and II, the dynamic signal intensity-time curves were converted to relative signal 
change, and deconvolution was performed with the individually measured AIF extracted from 
arteries located in the chest wall. This presupposes that the relative change in SI is 
proportional to contrast agent concentration, and that T1 signal saturation and T2

* signal 
attenuation can be neglected. 
 
In Paper III, ΔR1-time curves were used as input for kinetic modelling. Individual AIFs were 
extracted from the iliac artery, and an average AIF, estimated across all patients, were 
generated and used for quantitative analysis. Figure 9 show all individual AIFs and the 
resulting average AIF. 
 
In Papers II and III, the voxel-wise DCE-MRI data were also analysed by estimating the 
AUC, Peakenh, TTP, and wash-in and wash-out rate. The definitions of these curve descriptive 
parameters are illustrated in Figure 10. The wash-in and wash-out rates were calculated by 
linear regression of the signal evolution before and after peak enhancement, respectively. For 
wash-out estimations, peak enhancement was limited to the first 6 minutes after contrast agent 
arrival, meaning that the wash-out rate was set to zero if peak enhancement occurred after 6 
minutes. This was done to avoid spurious estimates of wash-out characteristics in slowly 
enhancing tumours with ill-defined peak enhancement. 

6.6.6 Analysis of DSC-MRI 

In Paper III, the voxel-wise ΔR2
* data was fitted to a gamma-variate function (70,80) and 

analysed using the established tracer kinetic model described by Østergaard et al. (8). This 
model expresses the relationship between the tissue response and AIF (Eq. 27), yielding semi-
quantitative estimates of F and BV. In addition, corresponding MTT was estimated according 
to Eq. 28. The applied AIF was individually measured by extracting the ΔR2

*-time curve from 
the iliac artery. In addition, the voxel-wise ΔR2

* data was analysed by estimating the peak 
change in R2

*, denoted R2
*-peakenh, and the area under the curve, denoted R2

*-AUC. This 
 
 

 
 
Figure 9: AIF extracted from all patients (a), and the resulting average AIF (b) used for quantitative DCE 
analysis in Paper III. The difference in bolus arrival time was corrected for in the individual ΔR1-curves by 
matching the maximum peak point.   
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represents a descriptive, model-free assessment of the ΔR2
* curve shape in the tumour. Due to 

the early onset of the first intravascular contrast agent passage, only data from the first multi-
echo EPI segment was used for DSC-MRI analysis.  
 
In Papers I and II, only the peak change in R2

* was estimated from the voxel-wise ΔR2
* data. 

Parameters derived from tracer kinetic modelling were not estimated due to insufficient 
accuracy of the AIF. 

6.6.7 Extraction of parametric values 

All DCE- and DSC-MRI derived parameters were presented as parametric maps and stored as 
Neuroimaging Informatics Technology Initiative (NIFTI) files in a dedicated study imaging 
databank. To limit the impact of outliers, 2% of the highest parametric values were removed 
in each parametric map.  
 
In Papers I and II, the parametric maps were co-registered in the 3-dimentional space relative 
to the THRIVE images and parametric values were extracted from the whole-tumour VOI.  
 
In Paper III, the parametric maps were co-registered in the 3-dimentional space relative to the 
T2-weighted images, following the extraction of parametric values encompassed in the tumour 
volume. 
 
Finally, all extracted parametric values were organized in histograms, following the exclusion 
of the 2% highest and lowest VOI-value to limit the impact of outliers. 
 
A summary of the kinetic parameters estimated from the dynamic multi-echo EPI sequence is 
given in Table 3. The terminology used for DCE-MRI analysis follows the conventions 
described by Tofts et al. (7) 
 

 
Figure 10: Schematic illustration of a dynamic contrast-enhanced signal intensity-time curve following contrast 
agent administration, and the model-free parameters used to describe curve patterns. In case of signal intensity-
time curve showing a plateau- or persistent patter, the was-out were estimated to zero (i.e. no wash-out).    
 



44 
 

6.6.8 Percentile analysis (Paper II) 

Given that breast tumours possess a high degree of heterogeneity; a percentile analysis was 
applied to the parametric data with the aim of better describing the whole-tumour distribution 
as well as identifying hot-spots within the tumour. The estimated percentile values ranged 
from the median to the 95th-percentile for all parameters except TTP. Since TTP is expected 
to be short in malignant regions (81), the associated percentile values ranged from the median 
to the 5th-percentile. Figure 11 show histograms of parametric voxel values from a breast 
cancer case, and demonstrates the distribution shape of relevant histogram based values 
extracted from the tumour volume. 

6.7 Computer simulations (Papers I and III) 

All computer simulations were performed using in-house algorithms developed in MATLAB 
(The MathWork Inc. version 7.13.0.564 (R2011b) and 7.14.0.739 (R2012a), Natick, 
Massachusetts, USA).  

In this thesis, Monte Carlo simulations were used to investigate the influence of 
temporal resolution on the reliability of kinetic parameter estimation in DCE-MRI, and on 
measuring first-pass kinetics in DSC-MRI. Monte Carlo simulations were also used to 
investigate whether the proposed split dynamic acquisition scheme influences the reliability of 
parameter estimation in dynamic MRI in comparison with a conventional continuous 
acquisition. The simulation framework is detailed in Paper I, and the description below 
summarizes material from this Paper. 
 

 
Figure 11: Histograms of the plasma volume, vp (a), time to peak, TTP (b), and peak change in ΔR2

*, R2
*-peakenh 

(c), from an invasive ductal carcinoma. The parametric values were extracted using a region-of-interest, drawn 
by an experienced radiologist, encompassing the tumour volume. The median, 95th percentile (vp and R2

*-
peakenh), and 5th percentile (TTP) are marked with blue lines. The histograms demonstrate the distribution shape 
and variation within the tumour volume.    
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Firstly, a system input function (corresponding to the system AIF), Cp(t), was simulated as a 
gamma variate function (82) with an additional exponential term in order to simulate steady 
state effects (83): 

 

  31 

 
Here, α, b and β are curve constants, T0 is the bolus arrival time and T0,ss is the time delay for 
steady state, Cp,ss is the contrast agent concentration in steady state, and Tel is the elimination 
rate for contrast agent concentration in plasma. The constants were set so that Cp,max = 8 
mmol/L and Cp,ss = 1 mmol/L, and T0 was randomly selected between 0-10 seconds. Secondly, 
the corresponding tissue response curve, Ct(t), was obtained by convolving the input function 
with an impulse response function and including an intravascular contribution according to 
Eq. 24 (7,56). A total of 1000 tissue response curves were simulated by randomly selecting 
the kinetic parameters within a defined range of values.  
 
In Paper I, this range was set to 0 – 2 min-1 for Ktrans, 30 – 70 % for ve and 0 – 30 % for vp, in 
which the selected values of Ktrans have previously been observed in a clinical study of breast 
cancer (84).  
 
In Paper III, the parametric range was set to 0.13 – 3.17 min-1 for Ktrans, 0 – 80 % for ve and 0 
– 20 % for vp. The selected Ktrans- and ve-range were based on values previously observed in a 
clinical rectal cancer study (85), and was defined as the mean value ± two standard deviations. 
 
The initial tissue response curves were generated using a temporal resolution of 0.1 seconds. 
Random Gaussian noise corresponding to a SNR of 30 (Paper I) and 20 (Paper III) at a 
temporal resolution of 2 seconds was added to the input function and the tissue response 
curves. The selected SNR was based on values observed in patient data. 

Thirdly, the simulated tissue response curves were down-sampled using temporal 
resolutions ranging from 1 to 60 seconds. For each down-sample step, the mean tissue 
concentration between time points was estimated, improving the SNR with decreasing 
temporal resolution. The down-sampled simulated curves was then fitted to Eq. 24, which can 
be given matrix form as described by Murase (86): 
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where 
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The kinetic parameters, Ktrans, ve, vp and kep (=Ktrans/ve) were then estimated through matrix 
inversion using singular value decomposition. Finally, the influence of temporal resolution on 
the kinetic analysis was assessed by estimating the relative error (RE) between the estimated 
and the nominal values as a function of temporal down-sampling. 
 
In paper I, the influence of temporal resolution on the measured first-pass kinetics was 
investigated by simulating 1000 tissue response curves according to the intravascular 
indicator dilution theory (8,50), detailed in subsection 4.5.2. MTT was randomly selected 
between 4-20 seconds, reflecting typical values observed in other organs. By assuming a 
linear relationship between contrast agent concentration and change in T1-relaxation rate, a 
dynamic dual-echo acquisition was simulated by converting the input- and tissue response 
curve from contrast agent concentration to MR signal. This was done by using the SPGR 
signal equation (Eq. 8). The selected sequence parameters were; α = 30˚, TR = 50ms, TE1 = 
4ms, TE2 = 30ms, corresponding to that of the split dynamic acquisition used in Papers I and 
II. For relaxation times, breast-specific values reported in literature were used (87). The 
change in relaxation times as a function of contrast agent concentration was estimated using 
vendor-specific relaxation reported in the literature (88). The dynamic change in R2

* was then 
estimated according to Eq. 21. Following this, Gaussian noise was added to the ∆R2

*-time 
curves corresponding to a SNR of 15 at a temporal resolution of 2 seconds, followed by the 
down-sampling regime described above. The selected SNR were based on values observed in 
the ∆R2

*-time curves obtained by the split dynamic MRI sequence. 
The accuracy of describing the change in ∆R2

* was evaluated by measuring the ability 
to capture the first-pass peak. This was done by estimating the absolute peak change in the 
∆R2

*-curves. The same parameter was also estimated from the corresponding noise-free 
curves with a temporal resolution of 0.1 sec, representing the nominal value. The influence of 
temporal resolution in the parameter estimation was evaluated by estimating the RE as a 
function of temporal down-sampling.  
 
To investigate whether the proposed split dynamic acquisition scheme influences the 
reliability of parameter estimation in DCE-MRI in comparison with a conventional 
continuous acquisition, 1000 input- and tissue response curves were simulated as described 
above. The simulations were performed with a fixed temporal resolution of 2 seconds and a 
SNR of 30 (Paper I) and 20 (Paper III). The input- and tissue response curves were then 
resampled using the split dynamic acquisition scheme as implemented in Papers I-III, before 
adding noise based on the selected SNR. Kinetic parameters were then estimates for the 
continuous- and split data as described above. Figure 12 show an example of the simulated 
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tissue response curve using a continuous acquisition and the resampled split dynamic scheme 
as implemented in Paper III. 

The goodness of fit for a given parameter estimation was evaluated by plotting the 
nominal parameter value against the estimated value and performing linear regression 
analysis, including model residuals and residual norms to the resulting plots. Finally, 
Wilcoxon two-tail rank sum test was used to test the difference between the split dynamic 
acquisition and the continuous acquisition, with the null hypothesis that the data obtained 
from the two acquisition methods are samples from continuous distributions with equal 
medians. A statistical significance level of 5% was used. 

6.8 Statistical analysis 

Statistical analysis was performed using the statistical software package R (R Foundation for 
Statistical Computing, version 2.10.1, Vienna, Austria) and MATLAB (The MathWorks Inc., 
version 7.13.0.564 (R2011b) and 8.5.0 (R2015a), Natick, Massachusetts, USA). A p-value of 
0.05 was used as the threshold for statistical significance throughout this thesis. 

6.8.1 Mann-Whitney U test 

Mann-Whitney U test, also known as Wilcoxon rank sum test, is a non-parametric alternative 
to the student’s t-test for comparing data from two independent groups. The main reason for 
using a non-parametric test is that it does not make any assumptions regarding the distribution 
of the data. The use of a parametric test requires a certain sample size of the study, since a 
normal distribution is assumed. In the Papers included in this thesis, patient population sizes 
were not large enough to justify a normal distribution and a Mann-Whitney U test was 
preferred. 
 
In Paper II, Mann-Whitney U test was used to determine the significance of the parameters 
derived from split dynamic MRI when differentiating malignant and benign breast masses. 
The biopsy-proven pathology was used as the standard of reference. Also, the subgroups of 
invasive ductal carcinomas (IDC) and fibroadenomas (FA) were compared, as these 
 
 

 
Figure 12: Tissue response curve simulated as a continuous acquisition (a) and resampled using the split 
dynamic scheme (b). The selected parametric values used in the simulation were based on values typically 
observed in rectal cancer. Experience indicates that the simulated tissue response curves reflect the curves seen 
in vivo.   
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represents the most common malignant and benign breast lesions. Every mean and percentile 
value was tested, and the most associative parameter distribution value was identified and 
used in further statistical analysis. 
 
In Paper III, Mann-Whitney U test was used to evaluate associations between kinetic 
parameters derived from split dynamic MRI and histopathological data. The following 
pathological stages were grouped in the statistical analysis; T1 and T2, T3 and T4, and N1 
and N2. Statistically significant parameters were further evaluated. 

6.8.2 Logistic regression (Paper II) 

Logistic regression is a refined analysis to determine the relationship between a response 
variable and one or more independent predictors. In this thesis, the response variable 
corresponds to the presence or absence of a certain abnormality, e.g. malignant breast masses 
or nodal metastasis, whereas the predictors correspond to explanatory variables, e.g. kinetic 
parameters. The response is said to be dichotomous or binary, in which there are only two 
possible outcomes; 1 = true or 0 = false. Logistic regression yields the probability that said 
abnormality is present. Multivariate logistic regression is achieved by a simple extension, in 
which the linear predictor becomes the sum of contribution from multiple predictors. The 
contribution of individual predictors in a given model can be assessed by examine the 
significance of a Wald-test. This test calculates a z statistic, given by the individual predictor’s 
regression coefficient, β, divided by its standard deviation, σ, in which the z-score can be 
treated as a standard normal derivate. At a significant level of 5 %, the null hypothesis, H0:β 
= 0 (no effect from the predictor), is rejected if: 
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Wald statistics are easy to calculate but their reliability is questionable, particularly for small 
samples (89). For this reason, it may be appropriate to perform a likelihood-ratio test which is 
more reliable for small sample sizes (90). This test is closely associated with a concept known 
as deviance, D, which is a measure of the lack of fit to the data in the regression model. The 
deviance is not normally interpreted directly, but rather compared between regression models, 
as is ranks the given models with respect to their fit of the data. 
 
In Paper II, the Wald- and deviance-test was used to build a logistic regression model trough 
backward stepwise elimination of the kinetic parameters. The biopsy-proven pathology was 
used as the response variable. The five most associated kinetic parameters were included in 
the model, and information from individual parameters regression coefficient were used to 
calculate a z-score. Further, the parameter showing lowest effect on the response was 
eliminated, creating a new model without the eliminated parameter. To avoid errors due to 
small sample size, the elimination process was confirmed by evaluating the deviance between 
the given models. Note that the number of predictors included in the regression model must 
be considered in connection with the sample size, as the inclusion of several predictors may 
lead to overfitting, resulting in a model describing random error instead of the underlying 
relationship. To manage this problem, the Akaike information criterion (AIC) was estimated 
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for each model selection, reflecting the trade-off between the goodness of fit of the model and 
is complexity.    
 Based on the optimal regression model, a probability value was estimated for each 
case. This value ranges from 0 to 1, wherein values closer to 1 indicate a greater likelihood of 
malignancy. In order to evaluate whether the kinetic analysis, obtained from the dual-echo 
EPI data, may improve the diagnostic performance compared to BI-RADS interpretations 
alone, logistic regression was also performed using the BI-RADS score and the estimated 
probability value from the regression model as input variables. 

6.8.3 Receiver operator characteristics (ROC) analysis 

Receiver operator characteristics (ROC) analysis, or ROC-curve analysis, is a fundamental 
tool for evaluating the performance of a diagnostic test. In a ROC-curve, the sensitivity (true 
positive rate) is plotted in function of 1-specificity (false positive rate) for different cut-off 
points. The sensitivity and specificity if defined as: 
 

 Sensitivity: the proportion of positives that are correctly identified by the test  
 Specificity: the proportion of negatives that are correctly identified by the test 

 
Each point on the ROC-curve represents a sensitivity/specificity pair corresponding to a 
specific decision threshold. The area under the ROC-curve is a measure of the probability of 
correctly differentiating two diagnostic groups, e.g. diseased/normal, thus representing the 
overall diagnostic accuracy. An area of 0.5 corresponds to random chance whereas an area of 
1.0 signifies perfect accuracy. 
 
In Paper II, ROC-curve analysis was used to evaluate the diagnostic performance with the 
following input variables:  
 

 Kinetic regression model 
 BI-RADS score 
 BI-RADS score + kinetic regression model 

 
ROC-curve analysis was done separately for both readers. The biopsy-proven pathology was 
used as the standard of reference. The sensitivity/specificity pair corresponding to the cut-off 
that maximizes (sensitivity + specificity) was estimated. In order to compare the BI-RADS-
based models with and without the kinetic regression model as input, a pairwise comparison 
of the areas under the ROC curve was performed in addition to comparing sensitivity and 
specificity using the McNemar test (91). 
 
In Paper III, ROC-curve analysis was used to evaluate the diagnostic performance of 
statistically significant parameters, as determined by the Mann-Whitney U test.  

6.8.4 Interobserver agreement (Paper III) 

In statistics, interobserver- or inter-rater agreement is a measure used to examine the 
consensus between different observers/readers on a given rating. In Paper III, intraclass 
correlation coefficient (ICC) for continuous variables was used to evaluate interobserver 
agreement between the two readers for the measured whole-tumour VOI.  
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Table 1: Summary of patient cohorts and histopathological results included in Papers I-III 

 Patient cohort Histopathological result 

Paper I 4 female patients (mean age 45.3 years, 
range 38-49 years, median 47)  1 IDC, 1 FA, 1 ILC, 1 papilloma 

Paper II 44 female patients (mean age 42.3 years, 
range 18-65 years, median 44 years) 

17 IDC, 17 FA, 3 Papilloma, 2 ILC, 2 
Carcinoma, 2 Mucinous Carcinoma, 1 
Tubular Adenoma, 1 Benign Phyllodes  

Paper III* 17 patients (mean age 68.4 years, range 
50-88 years, median 66 years) 

pT stages**: 4 T1, 4 T2, 8 T3, 1 T4  
pN stages**: 10 N0, 6 N1, 1 N2 

IDC = invasive ductal carcinoma, FA = fibroadenoma, ILC = invasive lobular carcinoma. 
* Further tumour characteristics are given in Paper III. 
** Determined by histopathological evaluation of the surgical specimens.  
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Table 2: Overview of MRI pulse sequences and key imaging parameters used in Papers I-III. 

 Split dynamic MRI 
 Papers I and II Paper III 

Technique EPI THRIVE EPI 
TR (ms) 42 5.4 39 
# of echoes 2 - 3 
TE (ms)* 4.6 2.7 4.6 
Echo spacing (ms) 18.4 - 9.3 
Flip angle 28 10 28 
FOV (mm2) 380×115 340×340 180×180 
Acquisition matrix 224×45 340×340 92×92 
SENSE factor** 2.5 (AP) 2.5 (AP) 1.7 (RL) 
EPI factor 9 - 9 
Temporal resolution 
(sec) 

2.8 63 ≈ 2 

# of dynamic frames 77 6 60 
Slice thickness 
(mm)*** 

5 2 10 

# of slices 25 125 12 
Fat suppression ProSat SPAIR ProSat 
     
 
 Supporting sequences  
 Papers II Paper III 
Technique T2W TSE STIR T2W TSE DW EPI MOLLI 
TR (ms) 4627 6441 2820–3040  3125 3.5 
TE (ms) 120 75 80 75 1.4 
Flip angle 90 90 90 90 35 
FOV (mm) 340×340 340×340 180×180 160×160 180×180 
Acquisition matrix 452×304 268×211 256×230 80×57 92×91 
Slice thickness 
(mm)*** 

3 4 2.5 4 5 

# of slices 45-55 32-40 21-30 14 5-10 

b-values - - - 
0, 25, 50, 100, 

500, 1000, 1300 
- 

TR = repetition time, TE = echo time, FOV = field-of-view, SENSE = sensitivity encoding (parallel imaging), EPI = echo 
planar imaging, THRIVE = T1-weighted high resolution isotropic volume examination, TSE = turbo spin echo, STIR = short 
T1 inversion recovery, AP = anterior-posterior, RL = right-left. 
* In case of multi-echo acquisition, first echo time is given. 
** The direction of which the parallel imaging factor is applied is given in parentheses. 
*** In Papers I and II, slices were acquired in over-contiguous slice mode. 
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Table 3: Summary of kinetic parameters estimated from the dynamic multi-echo EPI sequence. 

Symbol Definition Unit 
 
DCE-MRI analysis 
Ktrans Volume transfer constant between blood plasma and EES min-1 

kep Rate constant between EES and blood plasma min-1 
ve Volume of EES per unit volume tissue % 
vp Volume of intravascular plasma space per unit volume tissue % 
AUC Area under the time curve None 
TTP Time to maximum peak enhancement sec 
Peakenh Maximum peak enhancement  % or absolute 
Wash-in Gradient of initial signal enhancement until maximum peak None 
Wash-out Gradient of signal decrease after maximum peak None 
   
DSC-MRI analysis* 
BV Volume of blood in the voxel/mass of tissue within the voxel ml g-1 min-1 

F Flow of blood through the voxel/mass of tissue within the voxel ml g-1 

MTT Time at which the tracer passes through the vascular bed within the voxel sec 
R2

*-AUC Area under the ΔR2
*-time curve None 

R2
*-Peakenh Maximum enhancement of ΔR2

* sec-1 

EES = extravascular, extracellular space, AUC = area under the curve, TTP = time to peak, F = blood flow, BV 
= blood volume, MTT = mean transit time 
* In Papers I and II, only R2

*-Peakenh was estimated 
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7 SUMMARY OF PAPERS 

Paper I: Split dynamic MRI: Single bolus high spatial-temporal resolution and multi-
contrast evaluation of breast lesions. 
 
As of today, dynamic contrast-based MRI for the assessment of breast tumours is almost 
invariably based on high spatial resolution T1-weighted DCE-MRI sequences, mainly due to 
the important criteria of morphological assessment and high contrast agent sensitivity. 
However, conventional dynamic examination of breast cancer often results in an insufficient 
diagnostic performance, particularly with regard to specificity, since it overlooks valuable 
physiological information immanent in the cancer tissue. These pathophysiological properties 
may, however, be assessed by kinetic modelling of high temporal resolution dynamic MRI 
data. Valuable and distinct pathophysiological information may also be obtained by rapidly 
measuring the contrast agent intravascular first passage by DSC-MRI. However, since high 
resolution on the spatial- and temporal domain represents competing demands, a compromise 
is usually made in favour of spatial resolution.  
 
This work tests the feasibility of a novel split dynamic MRI framework, in which high spatial 
resolution and dual-echo high temporal resolution MR images are acquired during a single 
injection of contrast agent. Simulations were performed to determine the required temporal 
resolution for accurate estimates of kinetic parameters in breast tumours, and to investigate 
whether the splitting of dynamic time-series influences the reliability of kinetic parameter 
estimates. Further, split dynamic MRI data was acquired in four breast cancer patients, and 
kinetic parameters were extracted from the high temporal resolution data. 
 
Based on criteria detailed in Paper I, simulations showed a required temporal resolution of 13, 
16 and 8 seconds for accurate estimates of Ktrans, ve and vp, respectively. Simulations also 
revealed that the required temporal resolution for reliable parameter estimates depends on the 
nominal parametric value, and that larger nominal values require higher temporal resolution. 
For accurate measurement of contrast agent first pass, simulation suggested a temporal 
resolution between 2 and 6 seconds. Further, simulations showed that the splitting of dynamic 
time-series does not significantly influence the reliability of kinetic parameter estimations in 
comparison with a conventional continuous dynamic acquisition. 
 
The cases included in this study were diagnosed with IDC, FA, ILC and intraductal 
papilloma. The two malignant cases showed a strong transient increase in R2

* during the bolus 
first pass, while the benign cases showed little or no R2

*-enhancement. However, none of the 
kinetic parametric values clearly differentiated malignant from benign lesions. 
 
Paper I shows the feasibility of using the single bolus split dynamic MRI framework in the 
assessment of breast cancer patients, from which high temporal resolution DCE- and DSC-
MRI data can be acquired without compromising guidelines concerning spatial resolution.  
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Paper II: Single bolus split dynamic MRI: Is the combination of high spatial and dual-echo 
high temporal resolution interleaved sequences useful in the differential diagnosis of breast 
masses? 
 
This Paper further explores the clinical utility of the split dynamic MRI framework in the 
assessment of breast masses. In particular, the Paper addresses whether quantitative 
assessments of kinetic parameters, in combination with standard BI-RADS interpretations, 
may improve the overall diagnostic performance in comparison with BI-RADS interpretations 
alone.  
 
Forty-four female patients with a total of 45 breast masses were included in this Paper. Two 
radiologists interpreted the high spatial resolution THRIVE images independently according 
to BI-RADS standards. Pathophysiological information was obtained by fitting the high 
temporal resolution MRI data to a two-compartment model, and by descriptive model-free 
analysis.  
 
The kinetic parameters vp (p = 0.006), TTP (p = 0.003) and R2

*-peakenh (p < 0.001) showed 
strongest association with histopathological data. These parameters were included in a 
multivariate logistic regression model showing an area under the ROC curve of 0.928 for 
differentiating malignant and benign breast masses. The 95th-percentile parametric whole-
tumour values showed a stronger association with histopathological data compared to whole-
tumour mean values. For differentiating malignant and benign breast masses, the diagnostic 
accuracy was improved for both Readers, with statistically significant improvement in one 
Reader (p = 0.017), when combining BI-RADS score and quantitative kinetic analysis 
compared to BI-RADS score alone.  
 
Paper II shows that a judicious combination of the features related to both tumour 
morphology and multi-contrast kinetics improves the diagnostic performance in the 
assessment of breast masses, compared to standard interpretations alone. 
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Paper III: Dynamic multi-echo DCE- and DSC-MRI in rectal cancer: Low primary tumor 
Ktrans and R2

* peak are significantly associated with lymph node metastasis 
 
One of the major challenges in rectal cancer staging is that routine clinical, radiological, and 
pathological parameters currently are unable to reliably determine individual tumour 
aggressiveness and progression. In order to improve the clinical utility of MRI in rectal cancer 
staging, considerable interest is focusing on the tumour microenvironment. However, even 
though dynamic contrast-based MRI have shown promise in rectal cancer staging and in 
detecting nodal metastasis, there is currently no consensus concerning the clinical role of such 
techniques. This work aims to implement the split dynamic MRI framework in the assessment 
of rectal cancer, and to evaluate the association between histopathological data and DCE- and 
DSC-MRI derived parameters. 
 
Seventeen patients with resectable rectal cancer were included in this Paper. Quantitative 
analysis was performed by tracer kinetic modelling on DCE- and DSC-MRI data. Whole-
tumour volumes were independently contoured by two experienced radiologists, from which 
parametric values were extracted.  
 
Low primary tumour Ktrans and R2

*-peakenh was significantly associated with nodal metastasis, 
showing a p-value of 0.010 and 0.005 for Reader 1, and 0.043 and 0.019 for Reader 2, 
respectively. The corresponding areas under the ROC curves were 87 and 90 for Reader 1, 
and 80 and 84 for Reader 2, respectively. In comparison, radiological assessments of nodal 
status agreed with histopathological evaluation in 64.7% (11 of 17 patients). 
 
Paper III shows the feasibility of acquiring DCE- and DSC-MRI data in rectal cancer using 
the split dynamic MRI framework. Further, the results suggest that estimating the primary 
tumour Ktrans and R2

*-peakenh may aid for reliable detection of metastatic lymph nodes, thus 
identifying patients in need of intensified treatment.  
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8 DISCUSSION 

The primary goal of this PhD project was to test the feasibility and clinical utility of the split 
dynamic MRI acquisition technique, in which high spatial resolution and multi-contrast high 
temporal resolution MR images are acquired during a single bolus injection. The split 
dynamic MRI framework was tested through a series of Monte Carlo simulations and in two 
clinical projects; one concerning the differential diagnosis of breast masses, and the other 
concerning staging of primary rectal cancer and lymph node status. 
 
For the breast cancer project, it was hypothesized that high temporal resolution imaging 
combined with dynamic T1-weighted and R2

* assessments would provide high diagnostic 
accuracy for differentiating malignant from benign breast masses. It was further hypothesized 
that supplementing standard BI-RADS interpretations with quantitative DCE- and DSC-MRI 
analysis would improve the diagnostic accuracy, compared to BI-RADS interpretations alone. 
 
For the rectal cancer project, it was hypothesized that quantitative DCE- and DSC-MRI 
analysis obtained by dynamic multi-echo acquisition would provide valuable information for 
assessing pathophysiological properties, thus improving staging of primary rectal cancer and 
lymph node status, compared to standard radiological interpretations. 
 
The main findings can be summarized as follows: 
 

 It is feasible to interleave high spatial resolution and multi-echo high temporal 
resolution dynamic MR acquisitions in the assessment of breast masses, without 
compromising the requirements suggested by simulations and guidelines concerning 
spatial resolution.    

 
 Kinetic information, obtained by DCE- and DSC-MRI, combined with BI-RADS 

interpretations improved the diagnostic accuracy in the assessment of breast masses, 
compared to BI-RADS interpretations alone. 
 

 Simultaneous acquisition of DCE- and DSC-MRI by single-bolus dynamic multi-echo 
MRI is feasible in rectal cancer. 
  

 Low primary rectal tumour Ktrans and R2
*-peakenh are significantly associated with 

lymph node metastasis.  
 

 For breast- and rectal cancer-specific parametric values, the split dynamic MRI 
framework proposed in this thesis does not compromise the reliability of kinetic 
parameter estimation, in comparison with a conventional continuous acquisition. 

8.1 Split dynamic MRI – what do we gain 

Utilizing the split dynamic framework, this thesis proposes a method in which high spatial 
resolution image acquisition is interleaved with high temporal resolution multi-echo image 
acquisition during a single injection of contrast agent. In this way, combined DCE- and DSC-
MRI data, in addition to morphological information, are obtained. Previous studies have 
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shown the feasibility and clinical utility of acquiring DCE- and DSC-MRI data using multi-
echo techniques in the assessment of prostate cancer (92,93). These studies recognized 
perfusion as particularly interesting for differential diagnosis and for monitoring the response 
to radiotherapy of prostate cancer. Authors have also proposed the use of dynamic dual-
contrast acquisition for improving the quantification of AIF and pharmacokinetic modelling 
(94). Moreover, Wang et al. showed that combining DCE- and DSC-MRI by dual-echo 
imaging improved the diagnostic performance when differentiating breast cancer from benign 
fibroadenomas (20). However, the dual-echo MRI technique proposed by the authors only 
allowed a single slice to be acquired with sufficient temporal- and spatial resolution. In 
addition, two bolus injections were administered, leading to higher health care costs and 
greater inconvenience for patients. Furthermore, consistent with the findings presented in this 
thesis, Pinker et al. showed that high diagnostic accuracy can be obtained by combining high 
spatial- and high temporal resolution MR imaging in the assessment of breast lesions (95).  
 
The following subsections describe the benefits of using the split dynamic MRI method and 
its clinical utility, and provide an interpretation of the data obtained, in addition to comparing 
the results to previously published findings. 

8.1.1 Morphological information 

Sufficient spatial resolution in DCE-MRI is crucial in the assessment of breast cancer. This is 
due to the important criterion of morphological assessment. As a result, the American Cancer 
Society (96) and the European Society of Breast Imaging (97) have composed guidelines 
recommending an in-plane resolution of at least 1 mm for dynamic breast MRI. In Papers I 
and II, the high spatial resolution image series acquired in the split dynamic framework met 
these requirements. By interpreting the images according to BI-RADS standards, the two 
readers showed an average sensitivity and specificity of 0.96 and 0.65, respectively. These 
results are comparable with those in a meta-analysis on breast MRI, reporting an overall 
sensitivity and specificity of 0.90 and 0.72, respectively (98). The differences between Paper 
II and the meta-analysis can be explained by a difference in cut-off levels for malignancy. 
Nevertheless, this comparison suggests that the high spatial resolution image series acquired 
in the split dynamic framework yields sufficient morphological information to achieve a 
diagnostic performance comparable to those reported in the literature. 
 
In Paper III, the contrast-enhanced high spatial resolution image series was used as an 
anatomical reference for extracting AIFs. No further analyses were performed on these data. 
Future work may evaluate whether morphological assessments from contrast-enhanced high 
spatial resolution image series can add valuable information for clinical decision making in 
rectal cancer and nodal staging, complementing that obtained from morphological T2-
weighted images. 

8.1.2 DCE-MRI contrast kinetics 

Conventional assessment of lesion morphology and contrast uptake features using high spatial 
resolution DCE-MRI is essential for the differential diagnosis of breast cancer and has shown 
excellent sensitivity, but is limited by a low specificity (11,12). Studies have shown that using 
higher temporal resolution DCE-MRI, allowing for quantitative kinetic analysis, yields a more 
specific classification of breast cancer, thus improving specificity (99,100).  
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In Papers I and II, the required temporal resolution, as determined by simulations, was 
achieved by using a 3D multi-shot EPI sequence. The resulting temporal resolution was 
approximately 2 seconds, corresponding to that suggested by Tofts et al. (101). The DCE-
derived parameters TTP and vp were the most associative parameters for distinguishing 
malignant from benign breast masses. The parameter TTP has earlier been proven significant 
for the differential diagnosis of breast cancer (81). To our knowledge, no previous studies 
have shown similar association between vp and breast pathology. This parameter is, however, 
often neglected in the kinetic analysis. More often, studies have identified the transfer- and 
rate constants, Ktrans and kep, as the most predictive kinetic parameters in the assessment of 
breast cancer (102–104). In Paper II, however, no significant association was found between 
Ktrans and kep when differentiating malignant and benign breast masses. This may be explained 
by uncertainties and miscalculations in the kinetic modelling, which will be discussed in later 
subsections. 
 
The transfer- and rate constants, Ktrans and kep have also shown promise in the assessment of 
rectal cancer. Yeo et al. showed that Ktrans and kep reflect angiogenesis and that these 
parameters can be used to predict rectal cancer aggressiveness and patient prognosis (26). 
Ktrans has also been shown to aid evaluation of responses to neoadjuvant chemotherapy for 
rectal cancer (105). Furthermore, Lollert et al. showed that DCE-MRI correlates with lymph 
node status and epidermal growth factor receptor expression (EGFR) (106). In paper III, a low 
primary tumour Ktrans was significantly associated with the presence of lymph node 
metastasis. For one reader, primary tumour wash-out also showed a significant association 
with nodal status. Furthermore, for one reader, T3- and T4-stage tumours showed a 
significantly lower kep compared to T1- and T2-stage tumours. This result is in agreement 
with the study of Yeo et al. (26). 

8.1.3 DSC-MRI contrast kinetics 

Throughout the Papers included in this thesis, the maximum peak change in ΔR2
*, R2

*-peakenh, 
has emerged as a key parameter in the assessment of breast masses and rectal cancer. This 
parameter was assumed to give a reasonable estimate of the underlying perfusion, and may 
also be affected by microvascular structure (e.g. vessel density and vessel size). The R2

*-
peakenh represents a simple model-free parameter describing the amplitude of the contrast 
agent first passage. However, its simplicity may also constitute its strength, as it is unaffected 
by any assumptions and sources of error in kinetic modelling. 

In breast cancer (Paper II), a high R2
*-peakenh was associated with malignancy, 

whereas a low R2
*-peakenh in primary rectal cancer (Paper III) was associated with nodal 

metastasis. A key difference between the studies which may explain this observation is that, 
in Paper III, only malignant cases with and without nodal metastasis were included, whereas 
in Paper II, both benign and malignant cases were compared. However, this may seem 
contradictory, given that both high and low R2

*-peakenh are linked to aggressiveness. 
Nevertheless, it raises some interesting questions in the context of cancer progression: Does 
malignant cancer at an early stage show increased R2

*-peakenh? And will the same parameter 
decrease with progression? Would the same phenomenon be observed if only malignant 
breast cancer cases, with and without metastasis, were compared? Consequently, this may 
pose a problem as it indicates that separate information is required to predict whether the 
studied case has malignant potential, and to predict whether a given malignant case has 
metastasized.   



60 
 

One hypothesis is that the R2
*-peakenh reflects tissue blood supply, and that a low R2

*-peakenh 
area may be associated with hypoxia, which has a strong influence on the efficacy of radiation 
therapy (107). In Paper III, this hypothesis is also supported by other results, considering that 
tumour Ktrans, which is influenced by blood flow and permeability, was significantly lower in 
patients with lymph node metastasis. If proven correct, this parameter may have a major 
impact on the management of cancer, and aid physicians in selecting an optimal personalized 
treatment. The correlation between tumour R2

*-peakenh and hypoxia will be investigated in an 
ongoing clinical study, using histochemical analysis including hypoxia-induced factors as a 
standard of reference. 
 
In Paper II, our findings were comparable to those of Kvistad et al. (16) and Kuhl et al. (17), 
which showed that the signal loss in T2

*-weighted first pass perfusion imaging may aid the 
differential diagnosis of malignant and benign breast lesions. In this study, the accuracy of the 
R2

* AIF obtained from dual-echo data was considered insufficient, and thus kinetic modelling 
parameters were not investigated. However, in the limiting condition of the AIF being a delta 
function (zero duration), as may be assumed given the short duration, relative to the sampling 
rate, of the R2

* AIF, the parameter R2
*-peakenh would directly reflect perfusion (68). 

 
For rectal cancer (Paper III), investigations of contrast agent first pass from DSC-MRI have 
not previously been reported in the literature. However, studies have shown that quantitative 
perfusion computed tomography (CT) parameters may reflect the microvascularity of 
colorectal tumours (108,109). In particular, a study by Goh et al. showed that primary tumour 
blood flow by perfusion CT was significantly lower in patients with metastatic relapse 
compared to disease-free patients (110). Given that flow estimates from CT and MRI have 
shown good correlation in the brain (111), this observation is comparable to the findings in 
Paper III, in which a lower value of R2

*-peakenh was significantly associated with the presence 
of nodal metastasis.  
 For one reader, the parameter BV showed a significant association when differentiating 
T1- and T2-stage tumours from T3- and T4-stage tumours. However, no association was 
found between the DSC-MRI parameters derived from kinetic modelling and nodal status. 
This may support the observation that R2

*-peakenh apparently is more robust because it is 
unaffected by any assumptions and sources of error in kinetic modelling. In particular, correct 
identification of the AIF is challenging for DSC-MRI in this region, and parameters derived 
from AIF deconvolution may therefore be more inaccurate than metrics derived from the raw 
tissue response. 

8.2 Choice of kinetic model for DCE-MRI 

There are a multitude of pharmacokinetic models that aim to extract parameters reflecting 
physiological properties from dynamic contrast-based MRI data (112). This section briefly 
describes some of the most established models, their differences, and considerations for 
choosing between them. In addition, the choice of kinetic models in this thesis will be 
justified. 
 The model of choice must suit the conditions and quality of the acquired data, such as 
SNR, temporal resolution, and scan duration, in addition to the physiology of the tissue being 
investigated and also address the questions posed by the study. In order to quantify the 
observed kinetics of an injected contrast agent, tissue structures and physiological processes 
that affect the distribution of the contrast agent must be defined. A common approach is to 
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divide tissue into compartments in which the contrast agent can be distributed. That is, when 
using low molecular-weight contrast agent (<= 1000 Daltons), the leakage between 
compartments can be diffusive and hence reversible. The simplest model has one tissue 
compartment in addition to a vascular compartment. It describes the entry of the contrast 
agent into a tissue without distinguishing between the capillary network and the interstitium. 
This is often referred to as the Tofts-Kermode model (55), mathematically equivalent to that 
proposed by Kety in 1951 (59). The plasma volume fraction is considered to be negligible, 
hence only two parameters are fitted; Ktrans and ve. Although this model lacks a precise 
relationship to physiological reality, it is often considered robust as only two fitting 
parameters are used. However, neglecting the plasma fraction represents a major limitation 
since tumours often exhibit substantial plasma volumes. This limitation is overcome in the 
extended Tofts model, in which the plasma volume fraction, vp, is included as an additional 
fitting parameter. Consequently, this model yields a more realistic result at the expense, 
however, of less robustness (113). A study by Sourbron and Buckley showed that the Tofts 
models only yields reliable parameter estimates if the tissue of interest is weakly vascularized 
(both Tofts models) or highly perfused (extended Tofts model), and that neither models offers 
a good fit to the dose-response in tissues with intermediate vascularity, perfusion and 
exchange rate (114). However, knowledge of these tissue properties prior to evaluation is 
often not available, which may lead to a misinterpretation of the metrics derived. Further, both 
Tofts models (standard and extended) assume that the plasma MTT is negligible, which may 
be valid if MTT<<temporal resolution. This assumption results in a situation where the 
contrast agent concentration within the plasma compartment is equal the concentration in the 
supplying artery. Consequently, the Tofts model is considered less suitable for analysing data 
with high temporal resolution. Another limitation of the Tofts models is that they do not 
provide a separate estimation of the flow and capillary permeability, but rather return the 
transfer constant, Ktrans, which is a mixture of the two in varying proportions depending on the 
circulatory system and measurement conditions (114). Although this parameter is non-specific 
it is relatively reproducible and provides a quantitative measurement of microvascular 
structure and function. In addition, this parameter is one of the most used in the literature.  
 The separation of flow and permeability is highly desirable (65). This is particularly 
due to the flow-permeability-limited duality. For instance, if a tumour has high capillary 
surface area and high capillary permeability, but low flow, the measured Ktrans will not reflect 
the capillary permeability or surface area since the flow will deplete the contrast agent 
concentration in the vascular tree. Since simple models often fail to adequately describe the 
underlying reality, more complex compartment models have been proposed (83,115–117). 
These models are equivalent to a full two-compartment exchange model, and have advantages 
over the Tofts models in that they can provide separate estimates of flow and permeability 
from DCE-MRI data. Experimental observations show that such models are more appropriate 
than the Tofts models for analysing data with high temporal resolution (118). However, an 
inherent problem of these non-linear curve fitting methods is that the more complex the 
compartment model and the more unknown parameters that must be fitted, the more it suffers 
from parameter redundancy. Hence, more complex compartment models may be relatively 
unstable and highly sensitive to poor SNR in the underlying data (119,120). 

Perhaps the simplest approach is a model-free descriptive analysis, aiming to provide 
indices reflecting the kinetics of an injected contrast agent. The main advantage is that such 
parameters are easy to derive and relatively reproducible. However, such parameters are often 
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difficult to interpret, lacking clear physiological connection, and represent a semi-quantitative 
approach, thus limiting inter-study comparability. 

In this thesis, the extended Tofts model was used for the analysis of DCE-MRI data in 
breast- and rectal cancer. Both data sets were acquired with a relatively high temporal 
resolution (approximately 2 seconds), which essentially would imply the use of a full two-
compartment model. However, given that the extended Tofts model is frequently 
recommended for tumour characterization (121–123), and that this is one of the most 
commonly used models, it was considered the model of choice. In addition, given that the 
acquired data may lack sufficient SNR, particularly as a result of spatial coverage and the 
required temporal resolution, and that the breast cancer data suffered from non-steady-state 
effects (Papers I and II), the extended Tofts model was assumed to provide more robust 
parameter estimates than more complex compartment models. Whether the plasma term, vp, is 
warranted in the high temporal resolution data is not clear, and one might argue that the 
standard Tofts model would be equally suitable. However, no analysis was performed to help 
with model selection. Such analysis may, however, be performed by using incremental 
modelling, in which various models are compared using statistical tests to identify which 
model performs best (124). As these analyses often show, multiple models should be used, 
given that various models may offer the best fit to various voxels within the same dataset. 
Moreover, in rectal cancer, MTT was shown to be in the order of seconds, suggesting that the 
extended Tofts model may be suitable for the analysis of such a dataset. However, the model 
limitations mentioned earlier in this section also serve as limitations in this thesis. Given the 
quality of the high temporal resolution data, and the lack of prior knowledge regarding 
expected vascularity, perfusion and exchange rate, it is important to note that the extended 
Tofts model may not always offer a good fit to the dose-response, thus making the 
physiological interpretation of the derived parameters unclear.  

8.3 The effect of temporal sampling rate 

In Paper I, simulations identified the required temporal resolution for accurate estimates of 
DCE-MRI derived kinetic parameters. The results also suggested that the required temporal 
resolution was dependent on the nominal value of Ktrans and kep, in which larger nominal 
values result in larger errors. Similar findings have recently been reported in a study on DCE-
MRI in patients with high-grade gliomas (125). Furthermore, the simulations identified an 
optimal temporal resolution between 2 and 6 seconds for accurate estimates of peak change in 
R2

*. This result corresponds to the temporal resolution suggested by Tofts in order to provide 
an AIF for the kinetic modelling (126).   

In a recent study, Fluckiger et al. showed that when the temporal sampling rate was 
reduced to less than 20 s, the extended Tofts model outperformed the so-called three-time-
point (3TP) analysis in terms of diagnostic accuracy (127). For a temporal resolution less than 
20 seconds, the kinetic model showed lower parameter error than the 3TP method, 
corresponding to the findings in Paper I. On the contrary, researchers have shown that 
accurate estimates of kinetic parameters can be obtained from DCE-MRI data with 
significantly reduced temporal resolution using a reference region model (128). 
 
The temporal sampling requirements for rectal cancer were not investigated through 
simulations, because the required temporal resolution is determined by the transit time of the 
contrast agent first pass. Given that rectal cancer-specific MTT values were not available, 
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additional simulations were not expedient. The simulations given in Paper I also apply to 
rectal cancer, since the MTT range selected reflects typical values observed in other organs.  

8.4 The importance and challenges in measuring the AIF 

For quantitative pharmacokinetic analysis of DCE- and DSC-MRI data, an accurate 
determination of the AIF is required given that the accuracy of the AIF significantly influence 
the accuracy of the estimated parameters (129). The ideal approach is to obtain individual 
measurements since the AIF varies between patients and visits due to variations in cardiac 
output, vascular tone, renal function and injection rate and timing. However, individual 
measurements of the AIF may be challenging due to the rapid changes in the contrast agent 
concentration and high peak concentrations (61). Temporal undersampling, signal saturation 
due to non-linear effects, signal attenuation due to T2

*-effects, PVE, and inflow of unsaturated 
spins are all factors that can compromise AIF measurements (130). Alternative approaches are 
to use an idealised mathematical input function, or a population average AIF. Although these 
approaches may provide a sufficient solution while relaxing requirements on temporal 
resolution, imaging position and sequence choice, they do not reflect true blood supply to the 
tissue of interest. 
 In parts of this project, determination of accurate AIFs proved to be a challenge. 
Figure 13 illustrates various examples of AIFs obtained from DCE- and DSC-data sets, with 
both good and poor accuracy, thus demonstrating some of the challenges causing insufficient 
measurements of the AIF.  
 
In Paper I and II, accurate AIF measurements from the DCE-data using the first echo proved 
to be challenging, and represents a limitation in this study. Given the high peak concentration 
of contrast agent in the arteries, the measured AIF may be significantly affected by T2

* 
attenuation, resulting in a non-linear dose-response, which may lead to systematic errors in 
the model parameters. Furthermore, accurate measurements of the AIF could not be obtained 
from the DSC-data. There may be several factors attributing to this problem; firstly, this 
problem may arise when fitting the dual-echo data to a mono-exponential expression. Given 
the long T1-value in blood, the pre-contrast signal amplitude was low and affected by noise, 
making the mono-exponential fitting process difficult. This often resulted in erroneous 
estimation of ΔR2

* baseline. Secondly, artefacts originating from the heart, including motion 
and pulsation, may also pose a major problem as the arteries used for AIF extraction were 
located in the chest wall. Finally, given the small dimension of the arteries in the chest wall, 
arterial signal extracted from such voxels may be prone to PVE, which causes artificial AIF 
attenuation.  
  Insufficient measurements of individual AIFs from the DSC-data represents a major 
problem for the proposed split dynamic method, and the following improving measures are 
proposed; firstly, including more echoes in the dynamic multi-echo acquisition can make the 
mono-exponential fitting process more robust. Secondly, using an idealised mathematical 
input function or a population average AIF may serve as a good solution if individual AIF 
measurements are unachievable. This measure may also improve the reproducibility of the 
kinetic analysis (61). Finally, adjusting the imaging position to include larger arteries may 
limit PVE and motion artefacts. Note that AIF extracted from larger arteries may be prone to 
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Figure 13: Examples of AIFs extracted from DCE- and DSC-MRI demonstrating good quality (a-c) and poor 
quality (d-f). Accurate measurements of the AIF are indicated by the peak height, area under the curve, contrast 
arrival time and time-to-peak enhancement. Examples demonstrating accurate AIFs show a well-defined 
transient peak and a good signal-to-noise ratio (a-c). Factors causing insufficient measurements of the AIF 
include; T2

* attenuation effects due to high peak concentration of contrast agent in the arteries, thus causing a 
non-linear dose-response (d); poor signal-to-noise ratio (e), curve-fitting problems and motion artefacts (f).  
 
non-linear dose-response due to high contrast agent concentration. This effect can, however, 
be limited by measuring the signal from voxels located right outside the artery. 
 
In Paper III, the somewhat surprising lack of sensitivity of BF from DSC-MRI in predicting 
T- and N-stage may be due to inaccurate R2

* AIF measurements. AIF deconvolution is 
sensitive to noise and insufficient SNR in the DSC data could result in low accuracy in the BF 
estimates (131). A proposal that may improve this issue is to estimate an average AIF, across 
all patients, which can be used for quantitative analysis. This proposal was not tested in the 
current thesis. 

8.5 Water exchange 

In tissue, water molecules are mainly distributed in three compartments: intravascular, 
extravascular (i.e. the interstitium), and intracellular, which are separated by the vascular wall 
and cell membrane, respectively. Contrast agents conventionally used in dynamic contrast-
based MR examinations do not pass into the intracellular space. The water, however, is 
constantly in motion, flowing through the vasculature and diffusing into and between cells, 
and the intracellular space will thus contribute to the observed MR signal. It is well 
established that DCE-MRI SI can be affected by the movement of water (132), depending on 
the relative size of the compartments and the speed at which water is being exchanged 
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between them. The water exchange is often said to be fast, intermediate or slow, depending on 
the tissue being studied and is particularly ambiguous for cancer tissue. These terms do not 
refer directly to the speed of the water molecules, but rather the ratio of this motion to the 
differences in relaxation rates between compartments (133). In the extended Tofts model, a 
fast exchange regime is assumed, which equilibrates the effect of contrast agents regardless of 
the origin of the water molecules during the MR acquisition. This is normally considered a 
reasonable assumption for clinical doses of contrast agent (134). However, several studies 
have shown that this assumption is invalid especially when the contrast agent concentration in 
the tissue of interest is high, and efforts have been made to develop analysis that incorporates 
the water exchange (135–137). Of particular interest for this thesis, the shutter-speed 
approach has been shown to facilitate the discrimination of malignant and benign breast 
cancer (138,139). These studies suggested that the fast exchange assumption may lead to an 
underestimation of blood flow, permeability and the extravascular-extracellular volume 
fraction. In particular, the shutter-speed derived Ktrans has been suggested to provide 
significantly better discrimination of malign and benign breast compared to a standard 
pharmacokinetic model. Following its development and application, the validity of the 
shutter-speed model has been subject to debate, in particular the interpretation of the added 
fitting parameter(s) (inter-compartmental water exchange rates) which may be related to other 
properties affecting signal response (e.g. T2

*-attenuation and AIF accuracy). Nevertheless, the 
use of the extended Tofts model poses a limitation in this thesis since the fast exchange 
assumption may not be valid, in particular for malignant breast cancer.  

8.6 Non-steady-state effect  

During the time course of the split dynamic acquisition, both the high spatial resolution T1–
weighted sequence and the multi-echo high temporal resolution EPI sequence were divided 
into several start and stop segments. Given the short TR and total acquisition time of the EPI 
sequence, theory predicts that the first image set from a start and stop segment will have a 
higher signal average, due to non-steady state effects, than later image data in the same 
segment. The exact difference between the non-steady state signal and the steady state signal 
strongly depends on the T1-value of a given tissue and the TR of the pulse sequence. Given 
the large dynamic range and tissue-specific changes in T1-values during contrast agent bolus 
passage, tissue-dependent non-steady state effects may occur, leading to errors in the 
calculated kinetic parameters.  
 
Although this was partly observed in the breast cancer data (Papers I and II), no actions were 
taken to correct for non-steady state effects. Hence, this constitutes a weakness in Papers I and 
II in terms of adding noise to the signal intensity-time curves, which in turn may reduce the 
reliability of the parameter estimates.  
 
To avoid these non-steady state effects in the rectal cancer data (Paper III), a 2500 ms dummy 
repetition (i.e. no data sampling) was run at the beginning of each high temporal resolution 
segment and before acquiring data.  
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8.7 T1-baseline 

For the evaluation of DCE-MRI data, estimation of pre-contrast baseline T1-values is needed 
when converting signal intensity-time curves into contrast agent concentration-time curves, 
which is proportional to ΔR1-time curves (Eq. 12). This is achieved by pre-contrast MR 
images to generate a T1 map, thus establishing the native tissue relaxation time.  
 
In Paper III, a fixed T1-baseline was estimated in blood and cancer tissue from MOLLI 
images, and further used in the SPGR signal equation. Although pixel-wise baseline T1-values 
are generally recommended in DCE-MRI analysis, it has been claimed that kinetic parameters 
can be equally well described using a fixed T1-baseline (125). In fact, attempts to quantify 
baseline T1-values have been shown to introduce more errors in the dose-response curve 
compared to using a fixed baseline (140). This approach may also simplify the 
implementation of DCE-MRI analysis in clinical settings. Pre-contrast T1-data were only 
available in six patients, which were used to estimate the average T1-values in blood and 
cancer tissue. Unfortunately, acquisition of pre-contrast T1-data in all patients was not 
feasible. This is because Paper III was part of a prospective biomarker study with multiple 
study-motivated sequences resulting in a long scan time. Further, since the study was 
performed on a scanner used in radiological routine, the total scan time available was limited. 
As a result, some sequences, including MOLLI, needed to be excluded from the protocol. 
 
In Papers I and II, the relative change in SI was used as input in the kinetic model, since no 
baseline T1 was available. This constitutes a weakness due to the non-linear relationship 
between SI and contrast agent concentration, which may ultimately lead to miscalculation of 
kinetic parameters (141). However, a linear dose-response can be expected at low 
concentration ranges (52). 

8.8 Limitations and challenges 

While this thesis suggests that the split dynamic MRI technique may improve the differential 
diagnosis of breast masses and aid nodal staging in rectal cancer patients, a number of study 
limitations need to be addressed.  

8.8.1 General limitations and challenges 

The choice of sequence for DCE- and DSC-MRI in the assessment of cancer must fulfil many 
potential conflicting criteria such as sufficient temporal- and spatial resolution, T1 and T2

* 
sensitivity, dynamic range and spatial coverage. The sequence of choice also must limit the 
effect of factors that may impair the quality of the data such as signal saturation due to non-
linear effects. Consequently, when designing a DCE-MRI sequence, the goals of the study 
need to be considered and appropriate sequence parameters balancing these needs must be 
carefully selected. In Paper I and II, the first echo was used for DCE analysis. This echo was 
acquired using an EPI sequence which employs a TR of 42 ms, a TE of 4.6 ms, and a flip 
angle of 28 degrees. The relatively long TR, although it was set to ´shortest´, resulted from the 
acquisition of multiple echoes per TR interval. The flip angle was chosen to balance the 
sensitivity to contrast agents while providing a good dynamic range. However, when 
considering the selected parameters, and the suitability of the first echo to monitor relative 
change in T1-enhancement, it is clear that the assumption of signal linearity breaks down 
under conditions with high contrast agent concentration (Figure 14). This is especially 
relevant for AIF measurements, as discussed in section 8.4, but may also compromise the 
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Figure 14: Spoiled gradient echo sequence (SPGR) – calculated steady state signal as a function of longitudinal 
relaxation rate, R1, using Eq. 8 with parameters as employed in Paper I and II; repetition time = 42 ms, echo 
time = 4.6 ms, flip angle = 28 degrees. The selected T1 and T2-range was 1600-50 ms and 280-9 ms, 
respectively. The signals were calculated both with and without the T2 term included, thus separating the T1-
saturation effect portraying the situation with and without T2

*-correction implemented in Paper III. Initially, the 
signal show a linear response, however, as R1 is sufficiently increased, equivalent with increasing contrast agent 
concentration, T1-saturation as well as counter-acting T2-relaxation becomes dominant, resulting in a non-linear 
dose-response. 
 
measured dose-response in highly vascular tumours. Given that non-linear effects due to high 
contrast agent concentrations are more prone to affect the AIF measurements, as compared to 
the dose-response in tumours, this may ultimately lead to a systematic overestimation of the 
kinetic parameters, with vp being most severely affected (142). Although this represents a 
weakness in Paper I and II, is does not necessarily represent a weakness for the proposed split 
dynamic MRI technique. Given the multi-echo acquisition, non-linear effects due to T2

*-
attenuation may be eliminated by estimating the signal at TE = 0, as is done in Paper III, thus 
estimating the initial SI amplitude at each time point. By using the initial SI as input in the 
SPGR signal conversion, saturation- and T2

*-corrected R1-curves can be obtained. The 
reason why R1 changes were not quantified in Paper I and II was the lack of appropriate 
algorithms. However, such algorithms, extrapolating the signal back to TE = 0 in combination 
with SPGR signal conversion, are now established. Consequently, the effect of using 
saturation- and T2

*-corrected R1-curves in the assessment of breast cancer, in combination 
with other metrics derived from split dynamic MRI, will be investigated in future studies.  
 Furthermore, the results from all projects included in this thesis must be interpreted in 
light of the limited sample size of these single centre studies. Further dedicated studies are 
needed to test our findings and evaluate the robustness and clinical utility of the split dynamic 
MRI technique in larger patient cohorts. Also, the kinetic parameters obtained through DCE- 
and DSC-MRI analysis may be affected by partial volume effects (PVE) due to limited spatial 
resolution in the multi-echo EPI sequence. In particular, PVE poses a problem when 
extracting an AIF from smaller arteries supplying the tissue of interest. 

8.8.2 Breast cancer project (Papers I and II) 

In premenopausal women, the uptake of contrast agents in normal glandular tissue is 
dependent on the menstrual cycle phase, showing a considerable enhancement in phases 
where epithelial proliferation is most evident. Hence, it is essential to perform breast MRI in 
the correct phase of the cycle to avoid misinterpretations due to enhancing normal breast 
tissue. The recommended time-period to perform breast MRI in premenopausal women is 
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between day 5 and 12 after the start of the menstrual cycle (143–145). For the same reason, 
oestrogen replacement therapy given to postmenopausal women should be discontinued 
before breast MRI is performed (146). In Papers I and II, this recommendation was met if 
applicable, however, for acute patients this may not always be feasible.  

In Paper II, additional limitations emerge from the fact that the available set of data 
was used to both train and evaluate the multivariate logistic regression model. Such models 
tend to perform better on the training set than on new data. Also, given that 95th percentile 
values were used to differentiate malignant and benign breast masses, it should be noted that 
such histogram based parameters often are less repeatable then mean and median values. 

8.8.3 Rectal cancer project (Paper III) 

Although motion artefacts are a common problem in all dynamic MRI acquisition, they are 
more prevalent in the rectum due to peristalsis. In order to minimize motion artefacts, 
glucagon and buscopan were administered before the MR examination, with half the dose of 
buscopan given before the dynamic contrast-based acquisition. However, despite this effort, 5 
out of 24 patients were excluded due to motion artefacts, thus revealing the significance of 
this problem in the rectum. This anatomical region also shows other limiting conditions and 
challenges in terms of susceptibility effects and consequent T2

*-induced signal loss due to air 
cavities, and susceptibility artefacts from contrast agent accumulation in the bladder. 
However, sequential errors due to the latter may be avoided by only using early post-contrast 
data for DSC analysis. 
 Additional limitations emerge from the fact that DCE-MRI of rectal cancer is most 
likely contaminated by leakage effects that cannot be reliably eliminated by gamma variate 
fitting (70). Given the presence of contrast agent extravasation, first-pass R2

* may be 
strongly attenuated due to loss of contrast agent compartmentalization and consequent 
reduction in effective r2

*-relaxivity. However, since patients with nodal metastasis had lower 
tumour Ktrans, it would be expected that leakage effects were less dominant in these patients 
and hence R2

*-peakenh less under-estimated compared to patients without nodal metastasis. 
Consequently, leakage corrections could potentially lead to an even greater differentiation in 
R2

*-peakenh between patients with and without lymph node metastasis.      

8.9 Risk factors when using gadolinium-based contrast agent 

The use of gadolinium-based contrast agent in dynamic MRI may not always be 
unproblematic. One aspect that has to be considered in every contrast-based MR examination 
is the risk of patients developing nephrogenic systemic fibrosis (NSF) (147,148). The 
aetiology underling NSF shows a clear correlation with renal insufficiency (149). As a result, 
the European Society of Urogenital Radiology (150) and the Food and Drug Administration 
(151) warned physicians to exercise caution when using gadolinium-based contrast agent in 
patients with renal disease. Following the recognition of NSF, many physicians considered all 
gadolinium-based contrast agents safe in patients with normal renal function. However, a 
recent study has confirmed that gadolinium-based contrast agent accumulates in the brain 
even in subjects without severe renal dysfunction (152). Although the actual risk and 
consequences have yet to be documented, careful considerations of potential risks related to 
residual gadolinium are required before gadolinium-based contrast agent administration, even 
in patients with normal renal function. In addition, efforts should be made to minimize any 
residual gadolinium in patients. In this context, the single-bolus split dynamic MRI technique 
functions as a tool to acquire multiple types of diagnostic information, including 
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morphological features and DCE- and DSC-based pharmacokinetics, information that 
conventionally has been acquired using separate bolus injections.  
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9 CONCLUSION AND FUTURE ASPECTS 

9.1 Conclusion 

By utilizing the split dynamic framework, this thesis proposes a method in which a high 
spatial resolution sequence is interleaved with a high temporal resolution multi-echo sequence 
during a single injection of contrast agent. As a result, quantitative evaluation of DCE- and 
DCE-MRI characteristics and morphological assessments are simultaneously enabled. This 
thesis demonstrates the feasibility and clinical utility of acquiring split dynamic MRI data in 
breast masses and rectal cancer (excluding morphological assessments in rectal cancer). 
 
Simulations indicated that the DCE- and DSC-MRI data acquired in breast cancer patients had 
sufficient temporal resolution for accurate estimates of kinetic parameters and peak change in 
R2

*, respectively, while morphological information was acquired with a spatial resolution in 
compliance with international guidelines. Simulations also indicated that the splitting of 
dynamic time-series did not significantly affect the reliability of DCE-derived parameters in 
breast masses and rectal cancer compared to a conventional continuous acquisition.  
 
The combination of kinetic information, obtained by high temporal resolution DCE- and 
DSC-MRI, and standard BI-RADS interpretations improved the diagnostic accuracy in the 
assessment of breast masses, compared to BI-RADS interpretations alone. 
 
Further, primary rectal tumour Ktrans and R2

*-peakenh are significantly associated with lymph 
node status. 
 
In conclusion, our results suggest that the proposed split dynamic MRI method may facilitate 
the differential diagnosis of breast cancer, and staging of primary rectal cancer and lymph 
node status. 

9.2 Future aspects 

The Papers presented in this thesis include data from a limited number of patients from single 
centre studies. In order to validate the robustness of the split dynamic MRI method, measures 
of reproducibility and clinical utility should be assessed prospectively through large, multi-
centre studies. To utilize the split dynamic framework even further, other MRI techniques 
could be interleaved in the split, such as diffusion-weighted MRI and T1-mapping, enabling 
assessments of additional contrast mechanisms during contrast agent administration. 
 
Furthermore, by utilizing the dynamic dual-echo data in Paper I and II, the signal amplitude at 
TE = 0 can be estimated for each time-point through extrapolation, as is done in Paper III. By 
using the initial signal amplitude as input in the SPGR signal conversion, saturation- and T2

*-
corrected R1-curves can be obtained. In theory, this will enable more accurate estimates of 
quantitative DCE-derived parameters, and it is hypothesized that this ultimately will improve 
the diagnostic performance in the assessment of breast masses. Consequently, the errors made 
by neglecting contrast agent-induced non-linear effects will also be investigated. In 
accordance with Paper III, the use of multi-echo DCE-MRI has earlier been proposed to 
account for T2

*-effects (142,153,154).  
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Further work may also investigate whether morphological assessments from the contrast-
enhanced high spatial resolution image series can add valuable information for clinical 
decision making in rectal cancer and nodal staging, complementing that obtained from routine 
morphological T2-weighted images. Investigations may also be performed to test whether 
these data facilitate the assessment of intratumoural enhancement characteristics and 
heterogeneity. 
 
  



73 
 

10 REFERENCES 

1.  Ferlay J, Soerjomataram I, Dikshit R, et al. Cancer incidence and mortality worldwide: 
Sources, methods and major patterns in GLOBOCAN 2012. Int J Cancer. 
2015;136:E359–E386. 

2.  Hanahan D, Weinberg RA. The Hallmarks of Cancer. Cell. 2000;100:57–70. 

3.  Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell. 
2011;144:646–674. 

4.  Carmeliet P, Jain RK. Angiogenesis in cancer and other diseases. Nature. 
2000;407:249–257. 

5.  Choi HJ, Hyun MS, Jung GJ, Kim SS, Hong SH. Tumor angiogenesis as a prognostic 
predictor in colorectal carcinoma with special reference to mode of metastasis and 
recurrence. Oncology. 1998;55:575–581. 

6.  Weidner N, Semple JP, Welch WR, Folkman J. Tumor angiogenesis and metastasis--
correlation in invasive breast carcinoma. N Engl J Med. 1991;324:1–8. 

7.  Tofts PS, Brix G, Buckley DL, et al. Estimating kinetic parameters from dynamic 
contrast-enhanced T1-weighted MRI of a diffusable tracer: standardized quantities and 
symbols. J Magn Reson Imaging. 1999;10:223–232. 

8.  Østergaard L, Weisskoff R, Chesler D, Gyldensted C, Rosen BR. High resolution 
measurement of cerebral blood flow using intravascular tracer bolus passages. Part I: 
Mathematical approach and statistical analysis. Magn Reson Med. 1996;36:715–725. 

9.  Østergaard L, Sorensen AG, Kwong KK, Weisskoff RM, Gyldensted C, Rosen BR. 
High resolution measurement of cerebral blood flow using intravascular tracer bolus 
passages. Part II: Experimental comparison and preliminary results. Magn Reson Med. 
1996;36:726–736. 

10.  Kaiser WA, Zeitler E. MR imaging of the breast: fast imaging sequences with and 
without Gd-DTPA. Preliminary observations. Radiology. 1989;170:681–686. 

11.  Pediconi F, Miglio E, Telesca M, et al. Effect of preoperative breast magnetic 
resonance imaging on surgical decision making and cancer recurrence rates. Invest 
Radiol. 2012;47:128–135. 

12.  Pinker-Domenig K, Bogner W, Gruber S, et al. High resolution MRI of the breast at 3 
T: Which BI-RADS® descriptors are most strongly associated with the diagnosis of 
breast cancer? Eur Radiol. 2012;22:322–330. 

13.  Goto M, Ito H, Akazawa K, et al. Diagnosis of breast tumors by contrast-enhanced MR 
imaging: comparison between the diagnostic performance of dynamic enhancement 
patterns and morphologic features. J Magn Reson Imaging. 2007;25:104–112. 

14.  Kuhl C, Schild H, Morakkabati N. Dynamic Bilateral Contrast-enhanced MR Imaging 
of the Breast: Trade-off between Spatial and Temporal Resolution. Radiology. 
2005;236:789–800. 

15.  Sinha S, Sinha U. Recent advances in Breast MRI and MRS. NMR Biomed. 2009;3–
16. 



74 
 

16.  Kvistad KA, Lundgren S, Fjøsne HE, Smenes E, Smethurst HB, Haraldseth O. 
Differentiating benign and malignant breast lesions with T2*-weighted first pass 
perfusion imaging. Acta Radiol. 1999;40:45–51. 

17.  Kuhl CK, Bieling H, Gieseke J, et al. Breast neoplasms: T2* susceptibility-contrast, 
first-pass perfusion MR imaging. Radiology. 1997;202:87–95. 

18.  Kvistad KA, Rydland J, Vainio J, et al. Breast lesions: evaluation with dynamic 
contrast-enhanced T1-weighted MR imaging and with T2*-weighted first-pass 
perfusion MR imaging. Radiology. 2000;216:545–553. 

19.  Huang W, Fisher PR, Dulaimy K, Tudorica LA, O’Hea B, Button TM. Detection of 
breast malignancy: diagnostic MR protocol for improved specificity. Radiology. 
2004;232:585–591. 

20.  Wang S, DelProposto Z, Wang H, et al. Differentiation of Breast Cancer from 
Fibroadenoma with Dual-Echo Dynamic Contrast-Enhanced MRI. PLoS One. 
2013;8:e67731. 

21.  Ferlay J, Steliarova-Foucher E, Lortet-Tieulent J, et al. Cancer incidence and mortality 
patterns in Europe: Estimates for 40 countries in 2012. Eur J Cancer. 2013;49:1374–
1403. 

22.  Glimelius B, Tiret E, Cervantes A, Arnold D. Rectal cancer: ESMO Clinical Practice 
Guidelines for diagnosis, treatment and follow-up. Ann Oncol. 2013;24:vi81-vi88. 

23.  Al-Sukhni E, Milot L, Fruitman M, et al. Diagnostic Accuracy of MRI for Assessment 
of T Category, Lymph Node Metastases, and Circumferential Resection Margin 
Involvement in Patients with Rectal Cancer: A Systematic Review and Meta-analysis. 
Ann Surg Oncol. 2012;19:2212–2223. 

24.  Peddareddigari VG, Wang D, Dubois RN. The tumor microenvironment in colorectal 
carcinogenesis. Cancer Microenviron. 2010;3:149–166. 

25.  Quail DF, Joyce JA. Microenvironmental regulation of tumor progression and 
metastasis. Nat Med. 2013;19:1423–1437. 

26.  Yeo DM, Oh SN, Jung CK, et al. Correlation of dynamic contrast-enhanced MRI 
perfusion parameters with angiogenesis and biologic aggressiveness of rectal cancer: 
Preliminary results. J Magn Reson Imaging. 2015;41:474–480. 

27.  Alberda WJ, Dassen HPN, Dwarkasing RS, et al. Prediction of tumor stage and lymph 
node involvement with dynamic contrast-enhanced MRI after chemoradiotherapy for 
locally advanced rectal cancer. Int J Colorectal Dis. 2013;28:573–580. 

28.  Haacke EM, Brown RW, Thompson MR, Venkatesan R. Magnetic Resonance 
Imaging: Physical Principles and Sequence Design. New York, NY: Wiley; 1999. 

29.  Vlaardingerbroek M, den Boer J. Magnetic resonance imaging: theory and practice. 3rd 
ed. Berlin Heidenberg New York: Springer-Verlag; 2003. 

30.  Bernstein MA, King KE, Zhou XJ, Fong W. Handbook of MRI Pulse Sequences. 
Burlington, MA; Elsevier Academic Press; 2004. 

31.  Dale B, Brown M, Semelka R. MRI: basic principles and applications. 5th ed. Oxford: 
Wiley-Blackwell; 2015. 



75 
 

32.  Haase A, Frahm J, Matthaei D, Hanicke W, Merboldt KD. FLASH imaging. Rapid 
NMR imaging using low flip-angle pulses. J Magn Reson. 1986;67:258–266. 

33.  Debatin J, McKinnon G. Ultrafast MRI: techniques and applications. 1st ed. Berlin 
Heidenberg New York: Springer-Verlag; 1998. 

34.  Carr DH, Brown J, Bydder GM, et al. Gadolinium-DTPA as a contrast agent in MRI: 
Initial clinical experience in 20 patients. Am J Roentgenol. 1984;143:215–224. 

35.  Rocklage M, Watson A, Carvlin M. Contrast agents in magnetic resonance imaging. In: 
Stark D, Bradley W, editors. St Louis MO: Mosby Year Book; 1994;372–437. 

36.  Mendonça-Dias MH, Gaggelli E, Lauterbur PC. Paramagnetic contrast agents in 
nuclear magnetic resonance medical imaging. Semin Nucl Med. 1983;13:364–376. 

37.  Caravan P, Ellison JJ, McMurry TJ, Lauffer RB. Gadolinium(III) Chelates as MRI 
Contrast Agents: Structure, Dynamics, and Applications. Chem Rev. 1999;99:2293–
2352. 

38.  Boxerman JL, Hamberg LM, Rosen BR, Weisskoff RM. MR contrast due to 
intravascular magnetic susceptibility perturbations. Magn Reson Med. 1995;34:555–
566. 

39.  Yablonskiy DA, Haacke EM. Theory of NMR signal behavior in magnetically 
inhomogeneous tissues: The static dephasing regime. Magn Reson Med. 1994;32:749–
763. 

40.  Tofts PS, Berkowitz B, Schnall MD. Quantitative analysis of dynamic Gd-DTPA 
enhancement in breast tumors using a permeability model. Magn Reson Med. 
1995;33:564–568. 

41.  Padhani AR. Dynamic contrast-enhanced MRI in clinical oncology: Current status and 
future directions. J Magn Reson Imaging. 2002;16:407–422. 

42.  Alonzi R, Padhani AR, Allen C. Dynamic contrast enhanced MRI in prostate cancer. 
Eur J Radiol. 2007;63:335–350. 

43.  Knopp M V, Giesel FL, Marcos H, von Tengg-Kobligk H, Choyke P. Dynamic 
contrast-enhanced magnetic resonance imaging in oncology. Top Magn Reson 
Imaging. 2001;12:301–308. 

44.  Yankeelov TE, Gore JC. Dynamic Contrast Enhanced Magnetic Resonance Imaging in 
Oncology: Theory, Data Acquisition, Analysis, and Examples. Curr Med Imaging Rev. 
2009;3:91–107. 

45.  Padhani AR, Husband JE. Dynamic contrast-enhanced MRI studies in oncology with 
an emphasis on quantification, validation and human studies. Clin Radiol. 2001;607–
620. 

46.  Crone C. the Permeability of Capillaries in Various Organs As Determined By Use of 
the “Indicator Diffusion” Method. Acta Physiol Scand. 1963;58:292–305. 

47.  Taylor JS, Reddick WE. Evolution from empirical dynamic contrast-enhanced 
magnetic resonance imaging to pharmacokinetic MRI. Adv Drug Deliv Rev. 2000;91–
110. 

48.  Gribbestad IS, Gjesdal KI, Nilsen G, Lundgren S, Hjelstuen MHB, Jackson A. An 



76 
 

introduction to dynamic contrast-enhanced MRI in oncology. In: Jackson A, Buckley 
DL, Parker GJM, editors. Dynamic contrast-enhanced magnetic resonance imaging in 
oncology. Berlin Heidenberg New York: Springer; 2005;3–22. 

49.  Shiroishi MS, Castellazzi G, Boxerman JL, et al. Principles of T2*-weighted dynamic 
susceptibility contrast MRI technique in brain tumor imaging. J Magn Reson Imaging. 
2015;41:296–313. 

50.  Calamante F, Thomas DL, Pell GS, Wiersma J, Turner R. Measuring cerebral blood 
flow using magnetic resonance imaging techniques. J Cereb Blood Flow Metab. 
1999;19:701–735. 

51.  Kuhl CK, Klaschik S, Mielcarek P, Gieseke J, Wardelmann E, Schild HH. Do T2-
weighted pulse sequences help with the differential diagnosis of enhancing lesions in 
dynamic breast MRI? J Magn Reson Imaging. 1999;9:187–196. 

52.  Rosen BR, Belliveau JW, Vevea JM, Brady TJ. Perfusion imaging with NMR contrast 
agents. Magn Reson Med. 1990;14:249–265. 

53.  Bjørnerud A, Johansson LO, Briley-Saebø K, Ahlström HK. Assessment of T1 and 
T2* effects in vivo and ex vivo using iron oxide nanoparticles in steady state--
dependence on blood volume and water exchange. Magn Reson Med. 2002;47:461–
471. 

54.  Kassner A, Annesley DJ, Zhu XP, et al. Abnormalities of the contrast re-circulation 
phase in cerebral tumors demonstrated using dynamic susceptibility contrast-enhanced 
imaging: A possible marker of vascular tortuosity. J Magn Reson Imaging. 
2000;11:103–113. 

55.  Tofts PS, Kermode AG. Measurement of the blood-brain barrier permeability and 
leakage space using dynamic MR imaging. 1. Fundamental concepts. Magn Reson 
Med. 1991;17:357–367. 

56.  Tofts PS. Modeling tracer kinetics in dynamic Gd-DTPA MR imaging. J Magn Reson 
Imaging. 1997;7:91–101. 

57.  Larsson HBW, Stubgaard M, Frederiksen JL, Jensen M, Henriksen O, Paulson OB. 
Quantitation of blood-brain barrier defect by magnetic resonance imaging and 
gadolinium-DTPA in patients with multiple sclerosis and brain tumors. Magn Reson 
Med. 1990;16:117–131. 

58.  Brix G, Semmler W, Port R, Schad LR, Layer G, Lorenz WJ. Pharmacokinetic 
Parameters in CNS Gd-DTPA Enhanced MR Imaging. J Comput Assist Tomogr. 
1991;15:621–628. 

59.  Kety SS. The theory and applications of the exchange of inert gas at the lungs and 
tissues. Pharmacol Rev. 1951;3:1–41. 

60.  Parker GJM, Padhani AR. T1-w DCE-MRI: T1-weighted Dynamic Contrast-enhanced 
MRI. In: Tofts P, editor. Quantitative MRI of the brain. Chichester: Wiley; 2003;341–
364. 

61.  Parker GJM, Roberts C, Macdonald A, et al. Experimentally-Derived Functional Form 
for a Population-Averaged High-Temporal-Resolution Arterial Input Function for 
Dynamic Contrast-Enhanced MRI. Magn Reson Med. 2006;56:993–1000. 



77 
 

62.  Calamante F, Gadian D, Connelly A. Delay and dispersion effects in dynamic 
susceptibility contrast MRI: Simulations using singular value decomposition. Magn 
Reson Med. 2000;44:466–473. 

63.  Grøvik E, Bjørnerud A, Storås TH, Gjesdal KI. The influence of bolus arrival time in 
pharmacokinetic analysis of dynamic contrast-enhanced MRI of breast masses. Proc 
Intl Soc Mag Reson Med. 2016:1941. 

64.  Singh A, Rathore RKS, Haris M, Verma SK, Husain N, Gupta RK. Improved bolus 
arrival time and arterial input function estimation for tracer kinetic analysis in DCE-
MRI. J Magn Reson Imaging. 2009;29:166–176. 

65.  Sourbron SP, Buckley DL. Tracer kinetic modelling in MRI: estimating perfusion and 
capillary permeability. Phys Med Biol. 2011;57:R1–R33. 

66.  Buadu LD, Murakami J, Murayama S, et al. Breast lesions: Correlation of contrast 
medium enhancement patterns on MR images with histopathologic findings and tumor 
angiogenesis. Radiology. 1996;200:639–649. 

67.  Galbraith SM, Lodge MA, Taylor NJ, et al. Reproducibility of dynamic contrast-
enhanced MRI in human muscle and tumours: Comparison of quantitative and semi-
quantitative analysis. NMR Biomed. 2002;15:132–142. 

68.  Zierler KL. Equations for Measuring Blood Flow by External Monitoring of 
Radioisotopes. Circ Res Am Heart Assoc. 1965;16:309–321. 

69.  Meier P, Zierler KL. On the theory of the indicator-dilution method for measurement of 
blood flow and volume. J Appl Physiol. 1954;6:731–744. 

70.  Paulson ES, Schmainda KM. Comparison of dynamic susceptibility-weighted contrast-
enhanced MR methods: recommendations for measuring relative cerebral blood 
volume in brain tumors. Radiology. 2008;249:601–613. 

71.  Donahue KM, Krouwer HG, Rand SD, et al. Utility of simultaneously acquired 
gradient-echo and spin-echo cerebral blood volume and morphology maps in brain 
tumor patients. Magn Reson Med. 2000;43:845–853. 

72.  Uematsu H, Maeda M, Sadato N, et al. Blood volume of gliomas determined by 
double-echo dynamic perfusion-weighted MR imaging: A preliminary study. Am J 
Neuroradiol. 2001;22:1915–1919. 

73.  Vonken EJPA, Van Osch MJP, Bakker CJG, Viergever MA. Simultaneous quantitative 
cerebral perfusion and Gd-DTPA extravasation measurement with dual-echo dynamic 
susceptibility contrast MRI. Magn Reson Med. 2000;43:820–827. 

74.  Grøvik E, Bjørnerud A, Storås TH, Gjesdal KI. Split dynamic MRI: Single bolus high 
spatial-temporal resolution and multi contrast evaluation of breast lesions. J Magn 
Reson Imaging. 2014;39:673–682. 

75.  American College of Radiology (ACR). Breast imaging reporting and data system (BI-
RADS). 4th ed. Reston, VA: American College of Radiology; 2003. 

76.  Edge SB, Compton CC. The American Joint Committee on Cancer: the 7th edition of 
the AJCC cancer staging manual and the future of TNM. Ann Surg Oncol. 
2010;17:1471–1474. 

77.  Messroghli DR, Greiser A, Fröhlich M, Dietz R, Schulz-Menger J. Optimization and 



78 
 

validation of a fully-integrated pulse sequence for modified look-locker inversion-
recovery (MOLLI) T1 mapping of the heart. J Magn Reson Imaging. 2007;26:1081–
1086. 

78.  Sass M, Ziessow D. Error Analysis for Optimized Inversion Recovery Spin-Lattice 
Relaxation Measurements. J Magn Reson. 1977;25:263–276. 

79.  Murase K, Kikuchi K, Miki H, Shimizu T, Ikezoe J. Determination of arterial input 
function using fuzzy clustering for quantification of cerebral blood flow with dynamic 
susceptibility contrast-enhanced MR imaging. J Magn Reson Imaging. 2001;13:797–
806. 

80.  Chan AA, Nelson SJ. Simplified gamma-variate fitting of perfusion curves. 2nd IEEE 
Int Symp Biomed Imaging Nano to Macro. 2004;2:1067–1070. 

81.  Szabó BK, Aspelin P, Wiberg MK, Boné B. Dynamic MR imaging of the breast. 
Analysis of kinetic and morphologic diagnostic criteria. Acta radiol. 2003;44:379–386. 

82.  Benner T, Heiland S, Erb G, Forsting M, Sartor K. Accuracy of gamma-variate fits to 
concentration-time curves from dynamic susceptibility-contrast enhanced MRI: 
influence of time resolution, maximal signal drop and signal-to-noise. Magn Reson 
Imaging. 1997;15:307–317. 

83.  Bjornerud A, Sorensen AG, Mouridsen K, Emblem KE. T1- and T2*-dominant 
extravasation correction in DSC-MRI: part I--theoretical considerations and 
implications for assessment of tumor hemodynamic properties. J Cereb Blood Flow 
Metab. 2011;31:2041–2053. 

84.  Hayes C, Padhani AR, Leach MO. Assessing changes in tumour vascular function 
using dynamic contrast-enhanced magnetic resonance imaging. NMR Biomed. 
2002;15:154–163. 

85.  Lim JS, Kim D, Baek SE, et al. Perfusion MRI for the prediction of treatment response 
after preoperative chemoradiotherapy in locally advanced rectal cancer. Eur Radiol. 
2012;1693–1700. 

86.  Murase K. Efficient method for calculating kinetic parameters using T1-weighted 
dynamic contrast-enhanced magnetic resonance imaging. Magn Reson Med. 
2004;51:858–862. 

87.  Rakow-Penner R, Daniel B, Yu H, Sawyer-Glover A, Glover GH. Relaxation times of 
breast tissue at 1.5T and 3T measured using IDEAL. J Magn Reson Imaging. 
2006;23:87–91. 

88.  Pintaske J, Martirosian P, Graf H, et al. Relaxivity of Gadopentetate Dimeglumine 
(Magnevist), Gadobutrol (Gadovist), and Gadobenate Dimeglumine (MultiHance) in 
human blood plasma at 0.2, 1.5, and 3 Tesla. Invest Radiol. 2006;41:213–221. 

89.  Menard S. Applied logistic regression analysis: Sage university series on quantitative 
applications in the social sciences. Thousand Oaks, CA: Sage; 1995. 

90.  Agresti A. An introduction to categorical data analysis. 2nd ed. New York, NY: Wiley; 
2007. 

91.  McNemar Q. Note on the sampling error of the difference between correlated 
proportions or percentages. Psychometrika. 1947;12:153–157. 



79 
 

92.  Franiel T, Lüdemann L, Rudolph B, et al. Evaluation of normal prostate tissue, chronic 
prostatitis, and prostate cancer by quantitative perfusion analysis using a dynamic 
contrast-enhanced inversion-prepared dual-contrast gradient echo sequence. Invest 
Radiol. 2008;43:481–487. 

93.  Franiel T, Lüdemann L, Taupitz M, Böhmer D, Beyersdorff D. MRI before and after 
external beam intensity-modulated radiotherapy of patients with prostate cancer: the 
feasibility of monitoring of radiation-induced tissue changes using a dynamic contrast-
enhanced inversion-prepared dual-contrast gradient echo sequence. Radiother Oncol. 
2009;93:241–245. 

94.  Prochnow D, Beyersdorff D, Warmuth C, Taupitz M, Gemeinhardt O, Lüdemann L. 
Implementation of a rapid inversion-prepared dual-contrast gradient echo sequence for 
quantitative dynamic contrast-enhanced magnetic resonance imaging of the human 
prostate. Magn Reson Imaging. 2005;23:983–990. 

95.  Pinker K, Grabner G, Bogner W, et al. A combined high temporal and high spatial 
resolution 3 Tesla MR imaging protocol for the assessment of breast lesions: initial 
results. Invest Radiol. 2009;44:553–558. 

96.  Saslow D, Boetes C, Burke W, et al. American Cancer Society guidelines for breast 
screening with MRI as an adjunct to mammography. CA Cancer J Clin. 2007;57:75–
89. 

97.  Mann RM, Kuhl CK, Kinkel K, Boetes C. Breast MRI: guidelines from the European 
Society of Breast Imaging. Eur Radiol. 2008;18:1307–1318. 

98.  Peters NHGM, Borel Rinkes IHM, Zuithoff NPA, Mali WPTM, Moons KGM, Peeters 
PHM. Meta-analysis of MR imaging in the diagnosis of breast lesions. Radiology. 
2008;246:116–124. 

99.  Mussurakis S, Buckley DL, Drew PJ, et al. Dynamic MR imaging of the breast 
combined with analysis of contrast agent kinetics in the differentiation of primary 
breast tumours. Clin Radiol. 1997;52:516–526. 

100.  Hulka CA, Edmister WB, Smith BL, et al. Dynamic echo-planar imaging of the breast: 
experience in diagnosing breast carcinoma and correlation with tumor angiogenesis. 
Radiology. 1997;205:837–842. 

101.  Tofts PS, Brix G, Buckley DL, et al. Estimating kinetic parameters from dynamic 
contrast-enhanced T1- weighted MRI of a diffusable tracer: Standardized quantities 
and symbols. J Magn Reson Imaging. 1999;10:223–232. 

102.  Radjenovic  a, Dall BJ, Ridgway JP, Smith MA. Measurement of pharmacokinetic 
parameters in histologically graded invasive breast tumours using dynamic contrast-
enhanced MRI. Br J Radiol. 2008;81:120–128. 

103.  Schabel MC, Morrell GR, Oh KY, Walczak CA, Barlow RB, Neumayer LA. 
Pharmacokinetic mapping for lesion classification in dynamic breast MRI. J Magn 
Reson Imaging. 2010;31:1371–1378. 

104.  Furman-Haran E, Schechtman E, Kelcz F, Kirshenbaum K, Degani H. Magnetic 
resonance imaging reveals functional diversity of the vasculature in benign and 
malignant breast lesions. Cancer. 2005;104:708–718. 

105.  Gollub MJ, Gultekin DH, Akin O, et al. Dynamic contrast enhanced-MRI for the 



80 
 

detection of pathological complete response to neoadjuvant chemotherapy for locally 
advanced rectal cancer. Eur Radiol. 2012;22:821–831. 

106.  Lollert A, Junginger T, Schimanski CC, et al. Rectal cancer: Dynamic contrast-
enhanced MRI correlates with lymph node status and epidermal growth factor receptor 
expression. J Magn Reson Imaging. 2014;39:1436–1442. 

107.  Bush RS, Jenkin RD, Allt WE, et al. Definitive evidence for hypoxic cells influencing 
cure in cancer therapy. Br J Cancer Suppl. 1978;3:302–306. 

108.  Sahani DV, Kalva SP, Hamberg LM, et al. Assessing Tumor Perfusion and Treatment 
Response in Rectal Cancer with Multisection CT: Initial Observations. Radiology. 
2005;234:785–792. 

109.  Goh V, Halligan S, Daley F, Wellsted DM, Guenther T, Bartram CI. Colorectal tumor 
vascularity: quantitative assessment with multidetector CT--do tumor perfusion 
measurements reflect angiogenesis? Radiology. 2008;249:510–517. 

110.  Goh V, Halligan S, Wellsted DM, Bartram CI. Can perfusion CT assessment of 
primary colorectal adenocarcinoma blood flow at staging predict for subsequent 
metastatic disease? A pilot study. Eur Radiol. 2009;19:79–89. 

111.  Eastwood JD, Lev MH, Wintermark M, et al. Correlation of Early Dynamic CT 
Perfusion Imaging with Whole-Brain MR Diffusion and Perfusion Imaging in Acute 
Hemispheric Stroke. Am J Neuroradiol. 2003;24:1869–1875. 

112.  Cuenod CA, Balvay D. Perfusion and vascular permeability: Basic concepts and 
measurement in DCE-CT and DCE-MRI. Diagn Interv Imaging. 2013;94:1187–1204. 

113.  Larsson HB, Fritz-Hansen T, Rostrup E, Søndergaard L, Ring P, Henriksen O. 
Myocardial perfusion modeling using MRI. Magn Reson Med. 1996;35:716–726. 

114.  Sourbron SP, Buckley DL. On the scope and interpretation of the Tofts models for 
DCE-MRI. Magn Reson Med. 2011;66:735–745. 

115.  Larsson HBW, Courivaud F, Rostrup E, Hansen AE. Measurement of brain perfusion, 
blood volume, and blood-brain barrier permeability, using dynamic contrast-enhanced 
T(1)-weighted MRI at 3 tesla. Magn Reson Med. 2009;62:1270–1281. 

116.  Brix G, Bahner ML, Hoffmann U, Horvath A, Schreiber W. Regional Blood Flow, 
Capillary Permeability, and Compartmental Volumes: Measurement with Dynamic 
CT—Initial Experience. Radiology. 1999;210:269–276. 

117.  Brix G, Kiessling F, Lucht R, et al. Microcirculation and microvasculature in breast 
tumors: Pharmacokinetic analysis of dynamic MR image series. Magn Reson Med. 
2004;52:420–429. 

118.  Donaldson SB, West CML, Davidson SE, et al. A comparison of tracer kinetic models 
for T1-weighted dynamic contrast-enhanced MRI: Application in carcinoma of the 
cervix. Magn Reson Med. 2010;63:691–700. 

119.  St Lawrence KS, Lee TY. An adiabatic approximation to the tissue homogeneity model 
for water exchange in the brain: I. Theoretical derivation. J Cereb Blood Flow Metab. 
1998;18:1365–1377. 

120.  Duan C, Kallehauge JF, Bretthorst GL, Tanderup K, Ackerman JJH, Garbow JR. Are 
complex DCE-MRI models supported by clinical data? Magn Reson Med. 



81 
 

2016:DOI:10.1002/mrm.26189; 

121.  Padhani AR, Hayes C, Landau S, Leach MO. Reproducibility of quantitative dynamic 
MRI of normal human tissues. NMR Biomed. 2002;15:143–153. 

122.  Choyke PL, Dwyer AJ, Knopp MV. Functional tumor imaging with dynamic contrast-
enhanced magnetic resonance imaging. J Magn Reson Imaging. 2003;17:509–520. 

123.  Leach MO, Brindle KM, Evelhoch JL, et al. The assessment of antiangiogenic and 
antivascular therapies in early-stage clinical trials using magnetic resonance imaging: 
issues and recommendations. Br J Cancer. 2005;92:1599–1610. 

124.  Bagher-Ebadian H, Jain R, Nejad-Davarani SP, et al. Model selection for DCE-T1 
studies in glioblastoma. Magn Reson Med. 2012;68:241–251. 

125.  Larsson C, Kleppestø M, Rasmussen I, et al. Sampling requirements in DCE-MRI 
based analysis of high grade gliomas: Simulations and clinical results. J Magn Reson 
Imaging. 2013;37:818–829. 

126.  Tofts P. T1-weighted DCE imaging concepts: modelling, acquisition and analysis. 
RSNA. MAGNETOM Flash Ed; 2010:30–39. 

127.  Fluckiger JU, Schabel MC, DiBella EVR. The effect of temporal sampling on 
quantitative pharmacokinetic and three-time-point analysis of breast DCE-MRI. Magn 
Reson Imaging. 2012;30:934–943. 

128.  Planey CR, Welch EB, Xu L, et al. Temporal sampling requirements for reference 
region modeling of DCE-MRI data in human breast cancer. J Magn Reson Imaging. 
2009;30:121–134. 

129.  Cheng HLM. Investigation and optimization of parameter accuracy in dynamic 
contrast-enhanced MRI. J Magn Reson Imaging. 2008;28:736–743. 

130.  Cheng HLM. T1 measurement of flowing blood and arterial input function 
determination for quantitative 3D T1-weighted DCE-MRI. J Magn Reson Imaging. 
2007;25:1073–1078. 

131.  Calamante F. Arterial input function in perfusion MRI: A comprehensive review. Prog 
Nucl Magn Reson Spectrosc. 2013;74:1–32. 

132.  Donahue KM, Weisskoff RM, Burstein D. Water diffusion and exchange as they 
influence contrast enhancement. J Magn Reson Imaging. 1997;7:102–110. 

133.  Barsky D, Putz B, Schulten K. Theory of heterogeneous relaxation in 
compartmentalized tissues. Magn Reson Med. 1997;37:666–675. 

134.  Donahue KM, Burstein D, Manning WJ, Gray ML. Studies of Gd-DTPA relaxivity and 
proton exchange rates in tissue. Magn Reson Med. 1994;32:66–76. 

135.  Yankeelov TE, Rooney WD, Li X, Springer CS. Variation of the Relaxographic 
“Shutter-Speed” for Transcytolemmal Water Exchange Affects the CR Bolus-Tracking 
Curve Shape. Magn Reson Med. 2003;50:1151–1169. 

136.  Kim S, Quon H, Loevner LA, et al. Transcytolemmal water exchange in 
pharmacokinetic analysis of dynamic contrast-enhanced MRI data in squamous cell 
carcinoma of the head and neck. J Magn Reson Imaging. 2007;26:1607–1617. 



82 
 

137.  Yankeelov TE, Rooney WD, Huang W, et al. Evidence for shutter-speed variation in 
CR bolus-tracking studies of human pathology. NMR Biomed. 2005;18:173–185. 

138.  Li X, Huang W, Yankeelov TE, Tudorica A, Rooney WD, Springer CS. Shutter-speed 
analysis of contrast reagent bolus-tracking data: Preliminary observations in benign and 
malignant breast disease. Magn Reson Med. 2005;53:724–729. 

139.  Huang W, Li X, Morris E, et al. Shutter-Speed DCE-MRI Pharmacokinetic Analyses 
Facilitate the Discrimination of Malignant and Benign Breast Disease. Proc Intl Soc 
Mag Reson Med. 2007;141. 

140.  Haacke M, Filleti C, Gattu R, et al. New algorithm for quantifying vascular changes in 
dynamic contrast-enhanced MRI independent of absolute T1 values. Magn Reson Med. 
2007;58:463–472. 

141.  Heilmann M, Kiessling F, Enderlin M, Schad LR. Determination of pharmacokinetic 
parameters in DCE MRI: Consequence of nonlinearity between contrast agent 
concentration and signal intensity. Invest Radiol. 2006;41:536–543. 

142.  Kleppestø M, Larsson C, Groote I, et al. T2*-correction in dynamic contrast-enhanced 
MRI from double-echo acquisitions. J Magn Reson Imaging. 2014;39:1314–1319. 

143.  Delille JP, Slanetz PJ, Yeh ED, Kopans DB, Garrido L. Physiologic changes in breast 
magnetic resonance imaging during the menstrual cycle: Perfusion imaging, signal 
enhancement, and influence of the T1 relaxation time of breast tissue. Breast J. 
2005;11:236–241. 

144.  Kuhl CK, Bieling HB, Gieseke J, et al. Healthy premenopausal breast parenchyma in 
dynamic contrast-enhanced MR imaging of the breast: normal contrast medium 
enhancement and cyclical-phase dependency. Radiology. 1997;203:137–144. 

145.  Müller-Schimpfle M, Ohmenhaüser K, Stoll P, Dietz K, Claussen CD. Menstrual cycle 
and age: influence on parenchymal contrast medium enhancement in MR imaging of 
the breast. Radiology. 1997;203:145–149. 

146.  Delille JP, Slanetz PJ, Yeh ED, Kopans DB, Halpern EF, Garrido L. Hormone 
replacement therapy in postmenopausal women: breast tissue perfusion determined 
with MR imaging--initial observations. Radiology. 2005;235:36–41. 

147.  Sadowski EA, Bennett LK, Chan MR, et al. Nephrogenic systemic fibrosis: risk factors 
and incidence estimation. Radiology. 2007;243:148–157. 

148.  Grobner T. Gadolinium--a specific trigger for the development of nephrogenic 
fibrosing dermopathy and nephrogenic systemic fibrosis? Nephrol Dial Transplant. 
2006;21:1104–1108. 

149.  Cowper SE, Robin HS, Steinberg SM, Su LD, Gupta S, LeBoit PE. Scleromyxoedema-
like cutaneous diseases in renal-dialysis patients. Lancet. 2000;356:1000–1001. 

150.  Thomsen HS. European Society of Urogenital Radiology guidelines on contrast media 
application. Curr Opin Urol. 2007;17:70–76. 

151.  U.S. Food and Drug Administration. Public Health Advisory - Gadolinium-containing 
Contrast Agents for Magnetic Resonance Imaging (MRI). 2006. 

152.  Kanda T, Fukusato T, Matsuda M, et al. Gadolinium-based Contrast Agent 
Accumulates in the Brain Even in Subjects without Severe Renal Dysfunction: 



83 
 

Evaluation of Autopsy Brain Specimens with Inductively Coupled Plasma Mass 
Spectroscopy. Radiology. 2015;276:228–232. 

153.  de Bazelaire C, Rofsky NM, Duhamel G, et al. Combined T2* and T1 measurements 
for improved perfusion and permeability studies in high field using dynamic contrast 
enhancement. Eur Radiol. 2006;16:2083–2091. 

154.  Vautier J, Heilmann M, Walczak C, Mispelter J, Volk A. 2D and 3D radial multi-
gradient-echo DCE MRI in murine tumor models with dynamic R*2-corrected R1 
mapping. Magn Reson Med. 2010;64:313–318. 

  



84 
 

  


