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Dynamic contrast enhanced (DCE) MRI plays a central role in the diagnosis, 

characterization, and treatment monitoring of various diseases. It can provide essential 

functional information of the tissues, including the perfusion and permeability properties. 

Besides, the changes in functional properties is recognized to precede the morphological 

alterations, which can potentially provide an avenue for early diagnosis and treatment 

evaluation.  

However, current practice of DCE MRI continues to face demanding technical 

challenges. First, there is direct conflict in the requirements for adequate anatomical 
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coverage and high spatial and temporal resolution for tissues characterization. Existing 

techniques usually compromise one or more aspects, leading to suboptimal protocol. 

Second, dynamic T1 mapping for the quantification of CA concentration is hard to realize. 

Approximation in this step can introduce error in the derivation of DCE parameters. Third, 

imaging of some organs, such as heart or abdominal organs, is subject to artifacts caused 

by physiological motion, which can significantly degrade image quality or increase the 

scan time. Forth, the growing concern towards Gd deposition within body parts makes it 

controversial to use contrast agent.  

The primary goal of the work in the dissertation is to address the aforementioned 

limitations by developing a novel quantitative DCE MRI technique using MR Multitasking 

framework to achieve: 1) motion-resolved imaging with free-breathing acquisition and 

bulk-motion correction, 2) high spatial-temporal resolution with 3D anatomical coverage 

for simultaneous perfusion and permeability quantification, 3)  dynamic T1 mapping for 

accurate quantification of CA concentration and potentials for reducing GBCA dose. All 

the technical advancements aims to improve the detection, staging, characterization, and 

treatment monitoring for multiple organs and diseases. There are three specific aims to 

achieve the ultimate goal. 

First, the Multitasking DCE technique was developed and tested in the study of 

carotid atherosclerosis. It enables 3D coverage of entire carotid vasculature with high 

spatial resolution (0.7 mm isotropic), high temporal resolution (600 ms), and dynamic T1 

mapping for direct quantification of CA concentration. Bulk motion detection and removal 

scheme were also implemented for the improvement of image quality. In vivo studies have 

shown that the proposed technique can achieve accurate T1 quantification and 
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robustness to motion. The PK parameters were repeatable in vivo and showed significant 

difference between carotid atherosclerosis and normal carotid vessel wall. 

Second, 6-dimensional (6D) Multitasking DCE technique was developed for the 

characterization of PDAC. It achieves respiratory-motion-resolved, high-temporal-

resolution T1 quantification of the entire abdomen in a 10-min free-breathing scan. 

Sixteen healthy volunteers and 14 patients with pathologically confirmed PDAC were 

recruited for the in vivo study. The results demonstrated that the quantitative PK 

parameters using Multitasking DCE were repeatable in vivo and showed significant 

differences between normal pancreas, tumor and non-tumoral regions in PDAC patients. 

In addition, 8 patients with confirmed CP were recruited. The PK parameters representing 

blood flow and vascular properties showed significant difference between normal 

pancreas, PDAC, and CP. 

Third, the Multitasking DCE technique using a low dose at 0.02 mmol/kg (LD-MT-

DCE) was developed for breast imaging. It produced co-registered high-spatial-resolution 

(0.9 mm × 0.9 mm × 1.14 mm) dynamic T1 maps at 1.4-second temporal resolution with 

whole-breast coverage in the 10-min scan. The dose was chosen to be 0.02 mmol/kg, 

20% of the standard dose, based on a numerical simulation conducted to evaluate the 

dose effect on the accuracy and precision of the PK parameters quantified using LD-MT-

DCE. Twenty healthy volunteers and 7 patients with breast cancer were recruited for the 

in vivo study. The results demonstrated that LD-MT-DCE were repeatable, showed 

excellent image quality and equivalent diagnosis compared with standard-dose clinical 

DCE. The estimated PK parameters were capable of differentiating between normal 

breast tissue, and benign and malignant tumors.  
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CHAPTER 1: INTRODUCTION 

 

1.1 Significance 

Dynamic contrast enhanced (DCE) MRI, as a promising imaging tool, has been 

widely explored in many clinical aspects for noninvasive characterization of diseases1,2. 

It typically involves the fast acquisition of images before, during and after the intravenous 

injection of MRI contrast agent (CA). The changes of signal intensity over time depend 

on the spatial and temporal distributions of CA transit, which carries the information of 

tissue perfusion, microvascular density, permeability, and volume of extracellular 

extravascular space (EES)3-5. This information can be used to evaluate the functionality, 

in addition to the anatomy, of the organ. Besides, the changes in functional properties is 

recognized to precede the morphological alterations, which can potentially provide an 

avenue for early diagnosis and treatment evaluation6,7. Currently, DCE MRI plays an 

important role in the evaluation of various organs and diseases including but not restricted 

to heart failure, renal rejection, atherosclerosis, multiple sclerosis, and various kinds of 

tumors (brain, breast, prostate, liver, pancreas, etc.), showing great ability in the diagnosis, 

characterization, staging, and treatment monitoring. However, some major technical 

challenges continue to limit the exploiting of its clinical value. With the advanced imaging 

and reconstruction technologies in recent years, the development of novel DCE MRI 

techniques to overcome the limitations and further realize its ability in clinical practice is 

of great significance.  

 

1.2 Current States of DCE MRI 
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DCE MRI typically involves the acquisition of sequential T1-weighted (T1W) 

images during the passage of an intravenous gadolinium-based CA (GBCA) within the 

tissue of interest8. GBCAs are paramagnetic, appearing to shorten the T1 relaxation time 

in the tissues. The reduction of the T1 values (or the enhancement of T1W signal intensity) 

are related to distribution of CA concentration, which depends on the functional 

characteristics such as vascular properties of the tissues. By analyzing the signal 

enhancement pattern, these functional characteristics can be assessed. The protocols 

and analysis methods of DCE MRI vary in different applications or organs. 

 

1.2.1 Qualitative DCE MRI 

Qualitative DCE MRI is the most readily accessible approach and has been most 

widely applied to standard clinical exams9. It relies on the morphologic criteria on the 

contrast enhanced images and shape of the signal intensity versus time curve for disease 

detection. Malignant tumor usually appears bright on the early post-contrast phases and 

bears a signal intensity curve with fast wash-in and wash-out. 

DCE MRI is a crucial part of standard clinical protocol for breast cancer. It acquires 

3D T1W gradient-echo (GRE) images with voxels smaller than 1´1´3 mm3. Each DCE 

phase takes up to 1 to 2 minutes. Previous studies have shown that DCE MRI has the 

highest sensitivity, which is close to 100%, among all the imaging modalities in the 

diagnosis of breast tumor10-13. 

In prostate cancer, DCE MRI shows moderate sensitivity (~0.52) but high 

specificity (~0.89) in the diagnosis of prostate cancer, both of which are higher than 

standard T2W imaging (0.52 and 0.73, respectively)14. High accuracy was reported using 
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DCE MRI in detecting cancer recurrence on patients who have undergone radical 

prostatectomy.  

DCE MRI is also an essential component for clinical practice of pancreatic ductal 

adenocarcinoma (PDAC). It acquires 3D T1W GRE images at pre-contrast phase, arterial 

phase (20-40 s after the start of injection), venous phase (45-65 s), and equilibrium phase 

(3-5 min), each of which is within one breath-hold. PDAC mass usually presents hypo-

enhancing on arterial phase due to the reduced microvascular density within the 

tumor15,16. Investigations suggested that DCE MRI has superior accuracy in the detection 

of PDAC compared to clinical standard MDCT, especially with small tumors (<=1.5 cm)16.  

 

1.2.2 Semi-quantitative DCE MRI 

Semi-quantitative DCE MRI measures the shape of the curve instead of visually 

assessment. The frequently-used parameters includes the area under the concentration 

-versus-time curve (AUC) for the first 60 seconds or 120 seconds after the initiation of the 

enhancement, time to the contrast peak (TTP), peak enhancement, maximum slop of the 

curve, initial enhancement rate, and signal enhancement ratio (SER)1,9,17,18. Abe et al. 

showed that some of the semi-quantitative parameters are capable of differentiating 

malignant and benign breast tumors3. Medved et al. suggested that semi-quantitative 

DCE MRI analysis showed low variability and was able to detect the change in tumors 

during therapy19.  

Semi-quantitative analysis relies less on experienced readers as well as has 

increased robustness to intra- or inter- observer variability. However, this approach is still 

sensitive to the variation in signal intensity, which can be subject to coil positioning, etc. 
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Moreover, these descriptive parameters provide no physiological insight to the behavior 

of the microenvironment within the lesions.  

 

1.2.3 Quantitative DCE MRI 

Other than directly analyzing the shape of the curve, quantitative approach is 

based on the modeling of the CA concentration of tissues of interest as dependence of 

the arterial input function (AIF) and vascular properties. By applying proper 

pharmacokinetic (PK) model, some imaging markers such as fractional plasma volume 

(vp), transfer constant between plasma and EES (forward rate from plasma to EES: Ktrans, 

and reverse reflux rate: kep), and the fractional volume of EES (ve), can be fitted based on 

the CA concentration curves1.  

Quantitative approach requires higher temporal resolution for the sampling of DCE 

phases for better capture of the dynamics of CA concentration, which has been a 

technical challenge limiting its application in current clinical practice20,21. In recent years, 

with the advances in imaging technique, an increasing number of investigations have 

been conducted using quantitative DCE MRI to study the vascular properties of a variety 

of pathological tissues. The correlation between the PK parameters and the histological 

markers including microvascular density and fibrosis has been reported in different 

tissues22-27. Zhang et al. found that PK parameters are able to differentiate low- and high-

grade gliomas with histopathology as gold standard28. The value of quantitative DCE MRI 

in monitoring therapy response have also been investigated in various diseases5,29-34.   

 

1.3 Major Technical Challenges for Quantitative DCE MRI 
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Compared to qualitative and semi-quantitative approaches, quantitative approach 

possesses the morphological and curve information, and can additionally provide the 

characteristics of the microenvironment, which can maximize the utility of DCE MRI in the 

evaluation of the functionality of the tissues of interest. The pharmacokinetic model is 

theoretically more robust to dose, injection rate, and signal variation caused by coil 

positioning. However, demanding technical challenges continue to hamper its wide 

application in clinical practice.  

 

1.3.1 Coverage and resolution 

The pathological structure of lesions is usually heterogeneous in most of the 

diseases targeted by quantitative DCE MRI. Usually 3D coverage of the entire anatomical 

structure is necessary. The lesions can be rather small (for instance, the diameter of the 

targeted tumor can be less than 1 cm) and heterogeneous, which requires a high spatial 

resolution on order of 1 mm, even submillimeter in some applications. To capture the 

rapid-changing dynamics of CA for accurate kinetic modeling, a temporal resolution, 

which is the acquisition time for each DCE phase, less than or on order of 10 second is 

preferable35. However, these requirements are in direct conflict with conventional imaging 

techniques. In most cases, compromises among coverage, spatial resolution and 

temporal resolution have to be made.  

 

1.3.2. Physiological motion 

In cardiac or abdominal imaging, the artifacts induced by physiological motion is 

one of the major sources to reduce image quality and then affect the quantification. ECG-
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gated or respiratory-triggered acquisition is an option to alleviate the motion artifacts, but 

can lead to even longer scan time for each DCE phase, which worsen the conflict among 

the coverage and spatial/temporal resolution. In abdominal study, acquisition with breath-

holding is the most common way to deal with respiratory motion. However, this can be 

unreliable and infeasible in some patient cases. 

 

1.3.3 Nonlinearity between signal intensity and CA concentration 

According to the relaxivity of the alteration in the R1 values and the CA 

concentration, dynamic T1 (R1) mapping is the most reliable way to quantify the CA 

concentration. However, dynamic T1 (R1) mapping requires the multiple images to be 

acquired with different inversion times (TIs) or flip angles (FAs) at each DCE phase, which 

is usually impractical given the abovementioned sampling conflicts. Most existing DCE 

techniques linearly transform the dynamic signal intensity from T1W MRI to estimate CA 

concentration for kinetic modeling. However, the nonlinearity between T1W MRI signal 

and CA concentration can introduce errors in the quantification of kinetic parameters, 

especially in tissues with high contrast uptake such as blood. Another approach is to 

nonlinearly calculate the CA concentration based on a separately acquired pre-contrast 

T1 map and dynamic T1W signal, but this requires an additional scan and is subject to 

misregistration between separate imaging series36,37. 

 

1.4 Concern to GBCA Deposition 

All GBCAs used in DCE MRI are non-toxic, extracellularly distributed, excretable 

contrast agent38. Current standard dose for clinical and research use is 0.1 mmol/kg, 
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which was determined in 1980s after the initial pre-clinical and clinical experience due to 

the balance between in vivo tolerance and effectiveness in imaging39,40. Recently, the 

safety of the use of GCBAs has been brought to public attention due to the findings that 

Gd can deposit in brain and other body parts in patient with normal renal function41-43. 

Although the long-term clinical consequences of Gd deposition remains unknown, the 

benefit and risk of the usage of GBCA in clinical activities can be controversial. Studies 

indicated that the accumulation of Gd is dose-dependent that high deposition tend to 

appear in patients who receive larger cumulative dose42, suggesting that reduced dose 

may lower the potential risks caused by Gd deposition. Therefore, to develop novel 

imaging technique that can use lower GBCA dosage without losing the diagnosis power 

would be a preferable way to alleviate the concern while taking advantages of crucial 

clinical information provided by DCE MRI.  

 

1.5 Objective 

The broad, long-term goal of the project in the dissertation is to develop a novel 

quantitative DCE MRI technique using Multitasking framework that can achieve 1) motion-

resolved imaging with free-breathing acquisition and bulk-motion correction, 2) high 

spatial-temporal resolution with 3D anatomical coverage for simultaneous perfusion and 

permeability quantification, 3)  dynamic T1 quantification for accurate quantification of CA 

concentration and potentials for reduced GBCA dose. The overall objective is split into 3 

specific aims. 

 



 8 

1.5.1 Aim 1: To develop a novel quantitative DCE MRI technique, Multitasking DCE, 

for the characterization of carotid atherosclerosis that achieves dynamic T1 

quantification with the coverage of entire carotid arteries, 0.7 mm isotropic 

resolution, and 1.2-second temporal resolution.  

Chapter 3 presents the novel quantitative DCE MRI technique developed based 

on MR Multitasking, which uses a low-rank tensor (LRT) imaging model to exploit the high 

correlation between multiple time dimensions and thus achieves a vastly accelerated 

acquisition. A bulk motion detection and removal scheme were incorporated into the 

Multitasking DCE framework to improve the image quality. The feasibility of the technique 

was tested on both phantom, volunteer, and patient studies. 

 

1.5.2 Aim 2: To develop a 6D Multitasking DCE for abdominal imaging with 

respiratory-motion-resolved, 1-second temporal resolution dynamic T1 mapping of 

the entire abdomen. 

A respiratory dimension was added to the Multitasking DCE framework developed 

in Aim 1 to resolve the respiratory motion, achieving free-breathing acquisition and 

motion-resolved reconstruction. As described in Chapter 4 & 5, this technique was tested 

on 16 healthy volunteers, 14 patients with PDAC, and 10 patients with chronic pancreatitis 

(CP), showing the feasibility to characterize normal pancreas, tumor and non-tumoral 

regions in PDAC patients, and CP.  

 

1.5.3 Aim 3: To develop the Multitasking DCE using 20% of standard GBCA dose 

for breast cancer detection and characterization. 
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In Chapter 6, the Multitasking DCE was improved for the imaging of breast, 

achieving an entire-breast coverage, ~1mm spatial resolution, and 1.4-second temporal 

resolution dynamic T1 quantification. The repeatability of kinetic parameters estimated 

using Multitasking DCE using 20% of standard dose and the correlation between the 

parameters estimated using 20% dose or standard dose were evaluated. A patient study 

was conducted using low-dose Multitasking DCE and standard-dose clinical DCE, 

showing that the low-dose Multitasking DCE presents excellent image quality and 

equivalent diagnosis power compared to clinical DCE, which suggests that low-dose 

Multitasking DCE is feasible in the detection of breast cancer. 
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CHAPTER 2: BACKGROUND 

2.1 Basic Theory of DCE MRI 

2.1.1 Angiogenesis 

DCE MRI is targeted to evaluate the vascular properties in pathological lesions34. 

Blood vessels serve oxygen and nutrients for mammalian cells, which is vital to their life 

maintenance. Active cells usually locate within a few hundred micrometers of capillaries 

due to the diffusion limit for the oxygen44. To support the growth of multicellular organisms 

beyond their current size, new vessels have to be formed, which is referred to as 

angiogenesis. 

 

The phenomenon of angiogenesis was first observed by John Hunter in 1794, 

suggesting a proportionality between the vascularity and metabolic requirements in both 

health and disease45. This phenomenon has been studied and investigated over centuries 

and plenty of progress has been made. Under modern terminology, vessels in an embryo 

are originated and differentiated from angioblast, referred to as vasculogenesis; 

angiogenesis is responsible for the remodeling and expansion of the vascular network, 

occurring throughout lifetime46. There are two types of angiogenesis, sprouting 

angiogenesis and intussusceptive angiogenesis. Sprouting angiogenesis is the based on 

Figure 2.1 Basic types of primary vascular growth. Redrawn after Carmeliet and Collen (2000) 
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endothelial cell migration, proliferation and tube formation46, while intussusceptive 

angiogenesis involves the splitting of existing vessels45. Figure 2.1 demonstrated the 

basic morphological events of both types45. In normal physiological process, such as 

tissue growth, wound healing, etc., angiogenesis is under hierarchy and stringently 

regulated by an extensive variety of angiogenic stimulator and inhibitor47. 

The observation of the occurrence of angiogenesis around tumors was made 

nearly 100 years ago. However, the study of the relation between angiogenesis and tumor 

and other diseases had not been intensified until 1971 when Folkman proposed the 

hypothesis that tumor growth is angiogenesis-dependent and hence blocking 

angiogenesis could be a strategy to arrest tumor growth48. Investigations have revealed 

that the angiogenesis involved in pathological process is structurally and functionally 

abnormal. First, the vasculature in pathological tissues is highly disorganized. The 

vessels are tortuous and dilated, with uneven diameter, excessive branching and shunts44. 

As a result, the blood flow is chaotic, leading to hypoxic regions, which can be a major 

driven factor of further rise of angiogenesis. Second, these neovessels are usually 

immature49. Their vessel walls usually have endothelial fenestrae, widened 

interendothelial junctions, and discontinuous basal membrane, or absent of mural cells, 

which accounts for increased permeability of the vessels. The differences in the density 

and permeability in the vessels are crucial characteristics to differentiate pathological and 

normal tissues. Since the abnormal angiogenesis occurs along with the entire 

pathological process, the detection of changes in the vascular properties also provide a 

possible way for the early diagnosis of disease. 
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The properties of the vasculature alter in a complex way during the treatment50. 

On the other hand, due to the key role angiogenesis plays in the progress of the disease, 

inhibiting angiogenesis to halt the development of disease has become a critical step in 

the therapy51. Various antiangiogenetic drugs and therapeutic strategies has been 

proposed or already in clinical trial for different type of disease44,52. A proper way to 

estimate the changes of vascular properties during treatment is crucial for the early 

assessment of the effect for current therapeutic regime, which is significant to optimize 

the therapy strategy individually and to improve the prognosis of diseases. 

 

2.1.2 Gadolinium-based contrast agent (GBCA) 

Due to the vital role angiogenesis plays in the progress of extensive types of 

diseases, imaging approaches that can reliably and non-invasively evaluate the vascular 

properties in vivo would be able to provide crucial information for diagnosis, staging, and 

treatment monitoring. Among the many imaging techniques developed for this purpose, 

the dynamic contrast enhanced (DCE) imaging, which analyze tracer kinetics of 

intravenously injected CA, is the most widely used scheme for various imaging modalities 

including ultrasound, CT, and MRI53. The changes in the density and permeability of the 

vessels lead to a different temporal distribution of the CA concentration within the 

pathological tissues compare to normal. The signal intensities of different tissues are 

altered proportionate to the CA concentration, resulting in a differentiated enhancement 

pattern. Compared to other imaging modalities, MRI is superior in the excellent soft tissue 

contrast without the exposure to radiation. DCE MRI has been flourishing and widely 
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applied in the study of various diseases since mid 1980s, almost immediately after the 

idea of DCE was introduced to imaging field. 

The phenomenon that proton relaxation time, known as T1 and T2/T2* in MRI, can 

be influenced by the presence of paramagnetic ion was realized in late 1970s, shortly 

after the generation of the first MRI images at 197339. Paramagnetic ion has unpaired 

electrons in the outer orbital shells. When exposed to magnetic field, those electrons can 

create large fluctuating magnetic field experienced by surrounding protons due to the 700 

times larger magnetic moment of an electron compared to a proton54. When the frequency 

of this fluctuation has a component close to the Larmor frequency, the relaxation of the 

nearby proton will be enhanced. 

Efforts has been made to search for proper ion and complexes that are effective 

in altering relaxation time as well as clinically stable and in vivo non-toxic. In 1981, 

Weinmann et al. recognized that Gd3+ was the most effective paramagnetic ion in terms 

of reducing T138. Gd3+ has seven unpaired electrons. However, Gd3+ itself is rather toxic 

and need to be incorporated in a ligand as chelate in either linear or macrocyclic 

structure39. The first Gd chelate injected on a human volunteer was gadopentetate 

dimeglumine in 198355. Till now, various type of GBCA has been FDA approved for in 

vivo use, such as Gd-DTPA. GBCAs are with small molecular weight so that they can 

diffuse from the plasma into the extracellular fluid. They are biologically inert, so they do 

not participate in metabolic activities. Most of them are not taken up by cells and are 

excreted by kidney, with exceptions of a few liver-specific CAs, such as Gd-EOB-DTPA, 

that can be partially taken up by hepatocytes and eliminated by hepatobiliary system. 
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The efficiency of GBCAs to alter the proton relaxation times is termed relaxivity, which 

depends on their individual chemical properties and extrinsic factors including 

temperature, magnetic field strength and the tissue surroundings. The relation between 

the CA concentration and relaxation time is shown as Equation 2.1: 

𝑅+," =
1
𝑇+,"

= 𝑅+,"/ + 𝑟+,"𝐶,																																																														(2.1) 

Where 𝑅+,"/  are the pre-contrast relaxation rate for T1 and T2, 𝐶 is the molar concentration 

for CA, and 𝑟+," are the relaxivity rate for T1 and T2, respectively. With standard clinical 

dose at 0.1 mmol/kg body weight or lower, T1 relaxivity effect dominate. Table 2.1 

summarizes the common relaxivity rate for different GBCAs. 

 

 

All the FDA-approved GBCAs are non-toxic and stable in vivo. The incidence to 

acute adverse drug reaction of GBCAs appear to be very low, much lower than those 

reported for non-ionic iodinated contrast media for X-ray and CT. A risk for GBCAs is the 

possibility to induce nephrogenic systemic fibrosis (NSF), which is rare but potentially 

fatal disorder in patient with end-stage renal disease56. Studies have found that GBCAs 

with macrocyclic structure are at lower risk for the development of NSF. The reported 

Table 2.1 GBCA relaxivity rate 
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incidence for NSF has been decreased in recent year, possibly attributed to great 

awareness of at-risk patient and the widespread use of macrocyclic agents57,58. 

Another concern toward GBCAs recently is the deposition of gadolinium in human 

body (brain, bone, etc.) in subjects with normal renal function. Studies have also reported 

that the amount of the Gd deposition is related to the cumulative dose received previously. 

The clinical consequence of Gd deposition is not yet clear. Further investigation is 

warranted into the biodistribution of gadolinium and effect of Gd deposition. 

 

2.1.3 Imaging principles 

DCE MRI involves the fast acquisition of sequential T1W images during the 

passage of intravenous GBCA in the regions of interest (ROIs). The vascular properties 

within the ROI are reflected by the distribution of CA concentration, and consequently the 

enhancement pattern of the T1W signal intensity. The typical injection rate of CA is 1 to 

4 mL/s. The acquisition time course of a DCE MRI study is usually between 5 to 10 

minutes after the CA administration9. The CA concentration curve in the blood plasma, 

which is so-called arterial input function (AIF), changes rapidly within the first 20 to 60 

seconds, varying individual by individual. The contrast kinetics in other tissues usually 

changes slower. Figure 2.2 shows a typical example of the AIF and CA concentration 

curve of a tissue. 

The detailed protocol for DCE MRI varies for different applications due to the 

requirements for coverage, spatial resolution, and temporal resolution, which is the scan 

time for each DCE phase. Pathological tissues are usually heterogeneous in their 

properties, which usually requires high spatial resolution. An adequate temporal 



 16 

resolution would also be preferable to acquire the fast-changing dynamics of CA 

concentration. Many diseases desired by DCE MRI can be multi-centric, such as cancer, 

so sufficient spatial coverage is also significant for accurate evaluation. However, these 

requirements are in direct conflict. Compromises usually have to be made depend on 

particular applications59. 

 

 

2.2 Image Analysis 

DCE MRI carry both morphological and functional information of pathological 

tissues. As briefly introduced in Chapter 1, there are generally three approaches to 

analyze images from DCE MRI: qualitative, semi-quantitative, and quantitative. 

Qualitative approach is the most readily accessible but least standardized method. 

Quantitative approach is the most complex but most generalizable method. In between is 

the semi-quantitative approach1,9,17,18. 

 

2.2.1 Qualitative approach 

Qualitative approach relies most on visually assessing the contrast changes on the 

gray-scale post-contrast images. In most cases, micro vessels in pathological tissues has 

Figure 2.2 Illustration of CA concentration curves for AIF and tissues of interest 
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high density and permeability, resulting in easier exchange of the CA between capillaries 

and EES. Those tissues appear bright on the early post-contrast images. Another way is 

to evaluate the pattern of the signal intensity curve versus time. The signal of pathological 

tissues usually has rapid and high enhancement at early phases followed by a relative 

rapid decline compared to slower but continuously signal enhancement of normal tissues. 

The shape of dynamic enhancement curves is divided into three categories after initial 

uptake, as shown in Figure 2.3: type 1, persistent increase; type 2, plateau; type 3: wash-

out60. Type 3 is considered as the most suspicious for lots of malignant cancers, such as 

breast cancer and prostate cancer. However, there are exceptions. For example, the 

signal of PDAC, due to its low vascular density within the tumor, has slow and persistent 

enhancement pattern as type 1. The diagnosis should be made based on the practice for 

each individual disease. 

 

 

Qualitative analysis is visual assessable and model-free, which is the most readily 

accessible approach and has been widely applied clinically. However, the analysis is 

inherently subject to the factors affecting signal intensity, such as coil positioning and 

Figure 2.3: Common categories of the types of signal enhancement curve: type 1, persistent increase; 
type 2, plateau; type 3: wash-out  
 



 18 

inter-scanner variability, which makes it difficult for multi-center meta-analysis or 

longitudinal follow-up. 

 

2.2.2 Semi-quantitative approach 

Instead of visually assessment of the morphology or enhancement pattern, semi-

quantitative approach defines some parameters that can quantitatively evaluate the 

shape of the enhancement curve. The enhancement curve used in semi-quantitative 

analysis are typically relative enhancement curve as shown in Equation 2.2: 

𝑐789(𝑡) =
𝑠(𝑡) − 𝑠(0)

𝑠(0) ,																																																															(2.2) 

where 𝑠(0) is the pre-contrast signal intensity, 𝑠(𝑡) is the signal intensity at time point 𝑡, 

and 𝑐789(𝑡)  is the relative enhancement curve at time point 𝑡 . Figure 2.4 displays a 

representative relative enhancement curve and typical semi-quantitative parameters. 

Time-to-peak (TTP), which equals to 𝑡=>? − 𝑡@A@, where 𝑡@A@ is the initial enhancement time 

and 𝑡=>? is the peak enhancement time. Peak enhancement 𝑐789,=>?, which is the value 

of 𝑐789  at 𝑡=>? . Signal enhancement ratios (SER) is defined as 𝑐789(𝑡=>?)/𝑐789C𝑡D89>EF , 

where 𝑡D89>E is the time of delayed phase, which may vary for different applications. Area 

under CA concentration versus time curve (AUC) is also an easily accessible parameter. 

The AUC for the first 60 seconds, 90 seconds, or 120 seconds (denoted as AUC60, AUC90, 

AUC180) after the initial enhancement are most commonly used1,9,17,18. 

Semi-quantitative approach is also easy to apply and has been adopted in a large 

number of studies. Abe et al. showed that semi-quantitative parameters are capable of 

differentiating benign and malignant breast tumor3; Medved et al. suggested that semi-

quantitative DCE MRI analysis showed low variability and was able to detect the change 
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in tumors during therapy19. Dijkhoff et al. found there is correlation between semi-

quantitative parameter and quantitative parameters in rectal cancer61. However, semi-

quantitative can be sensitive the factors affecting signal intensity, such as acquisition 

protocols or injection scheme. Moreover, these descriptive parameters are not capable 

of providing direct information on the vascular properties of the pathological tissues. 

 

 

2.2.3 Quantitative approach 

Quantitative approach assesses the vascular properties using pharmacokinetic 

(PK) model. The idea was first developed in early 1990s separately by Larsson, Tofts, 

Brix and colleagues as a means to evaluate the permeability of blood-brain barrier62-64. In 

1999, a consensus on the early models with standard quantities and symbols was made, 

yielding the well-known Tofts-Kermode (TK) model65. With the CA concentration of 

plasma and tissues of interest, some imaging markers representing vascular properties 

such as fractional plasma volume (vp), transfer constant between plasma and EES 

(forward rate from plasma to EES: Ktrans, and reverse reflux rate: kep), and the fractional 

volume of EES (ve), can be quantified. Numerous investigations using TK model to 

estimate vascular properties sprang up, particularly in the field of oncology20,21. In the 

Figure 2.4: Illustration of semi-quantitative parameters.  
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following decades, with the growing number of research into the study of vascular 

properties as well as the development in MRI hardware and acquisition techniques 

especially the increase SNR and temporal resolution, models that are more generalized 

and can incorporate more physiological characteristics not embedded in the early models, 

such as perfusion (Fp) and product of permeability-surface area (PS), have been 

proposed. The 2-compartment exchange model (2CXM) is an example of the generalized 

model. The details of the PK modeling are discussed in the next section. 

 

2.3 Pharmacokinetic Model 

2.3.1 Estimating CA concentration 

Almost all model-based DCE analysis requires the determination of CA 

concentration curves 𝐶(𝑡)  for the tissue of interest, denoted as 𝐶G(𝑡) , and the blood 

plasma, denoted as 𝐶H(𝑡). The straightforward way is to calculate 𝐶(𝑡) from dynamic T1 

mapping using Equation 1 in section 2.1.2. However, due to the practical sampling 

difficulties for high-temporal-resolution T1 mapping, T1W images instead of T1 maps are 

usually used for the estimation of 𝐶(𝑡) . The T1W signal intensity 𝑆(𝑡)  using SPGR 

sequence at time point 𝑡 with 𝑅+(𝑡) = 1/𝑇+(𝑡) is given by: 

𝑆(𝑡) = 𝐴
1 − 𝑒LMN∙PQ(R)

1 − 𝑒LMN∙PQ(R) cos 𝛼
sin 𝛼 ,																																														(2.3) 

With amplitude 𝐴, SPGR readout interval 𝑇Z, and flip angle α. There are two approaches 

to convert 𝑆(𝑡) to 𝐶(𝑡), linear approach and non-linear approach. 

Linear approach 
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Short 𝑇Z (<=10ms) are usually used for fast acquisition. Assuming that 𝑇Z ≪ 𝑇+(𝑡), 

or 𝑇Z ∙ 𝑅+(𝑡) ≪ 1 always hold true, then there is 𝑒LMN∙PQ(R) ≈ 1 − 𝑇Z ∙ 𝑅+(𝑡) ≈ 1. Equation 

2.3 can be simplified as 

𝑆(𝑡) = 𝐴 ∙ 𝑇Z ∙ 𝑅+(𝑡) ∙ sin 𝛼 																																																							(2.4) 

Given 𝑆(0) and pre-contrast 𝑅+(0), 𝐶(𝑡) can be calculated as: 

𝐶(𝑡) =
1
𝛾 C𝑅+

(𝑡) − 𝑅+(0)F =
𝑅+(0)
𝛾

𝑆(𝑡) − 𝑆(0)
𝑆(0) 																																					(2.5) 

With dynamic T1W signal intensity 𝑆(0)	and 𝑆(𝑡), and 𝑅+(0) from the pre-contrast T1 map 

acquired ahead of time, the 𝐶(𝑡) can be easily assessed with linear approach. 

One major drawback for this approach is that the assumption 𝑇Z ∙ 𝑅+(𝑡) ≪ 1 is 

invalid when 𝑇+(𝑡) is largely shortened after contrast injection, particular in tissues with 

high contrast uptake such blood plasma where the post-contrast T1 can fall below 100 

ms. In this situation, the nonlinearity between T1W signal intensity and CA concentration 

can introduce error in the following estimation of vascular parameters1,66. 

Nonlinear approach 

Nonlinear approach is calculating post-contrast T1 values using the dynamic T1W 

signal intensity and pre-contrast T1 maps using Equation 2.3. 	

𝐶(𝑡) =
1

𝑇Z ∙ 𝛾
ln b

𝑆(0) − cos 𝛼 ∙ 𝑆∗ ∙ 𝑆(𝑡)
𝑆(0) − 𝑆∗ ∙ 𝑆(𝑡) d −

𝑅+(0)
𝛾 ,																																	(2.6) 

where 𝑆∗ = +LefgN∙hQ(i)

+LefgN∙hQ(i) jklm
. Nonlinear approach avoids the error introduced by linear 

assumption between T1W signal and CA concentration. However, each post-contrast T1 

value 𝑇+(𝑡) is calculated relying on one-point 𝑆(𝑡), which can be sensitive to noise in 𝑆(𝑡) 

and mis-registration of pre-contrast T1 maps. 
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2.3.2 AIF 

AIF describes the dynamic CA concentration in the blood plasma. It is typically 

characterized by a sharp uptake, followed by a short-lived peak, and subsequently a 

longer wash-out period. AIF is required in almost all PK models. However, it is difficult to 

accurately determine AIF due to the issues including flow artifacts, inflow, partial volume 

effect and the rapid-changing nature. Previous studies have shown that a temporal 

resolution on order of 1 second is necessary for accurately estimating AIF, which is hard 

to achieve for most existing DCE techniques. Some applications adopt a population-

based AIF instead of individually measured AIF for PK modeling, presuming small inter-

subject variabilities. However, this assumption is usually invalid because the AIF can vary 

a lot from individual to individual. The inaccuracies caused by population-based AIF can 

lead to errors in PK estimation1. 

 

2.3.3 Vascular-interstitial exchange 

The assumption that the physiological systems are linear and stationary systems 

forms the foundation for all tracer-kinetic models20,21. In the context of DCE MRI, the tracer 

(CA) is distributed over two tissue regions: the tissue blood plasma and interstitium, or 

EES, the exchange of CA is allowed in both directions. Figure 2.5 illustrates a generic 

architecture of this tissue type. Tissues with this architecture are characterized by four 

independent parameters, which can be combined to derive any other parameters. Here 

lists the most common parameters and interpretations. 

Volumes 
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Parameters vp and ve are two independent parameters that measures the fractional 

volume of plasma and EES within the tissues. Both are dimensionless and the sum is the 

total volume of extracellular space, which much satisfy 𝑣o + 𝑣e ≤ 1. 

 

 

Flows 

Fp is an independent parameter representing the inflow of the plasma per unit of 

tissue volume (ml/min/ml). Blood does not accumulate in the tissue so the venous outflow 

if also Fp. 

Permeability-surface area product 

PS measures the rate at which the CA leak out of the plasma with unit min-1. More 

precisely, PS is the number of CA particles that transfer from plasma to interstitium per 

unit of time, tissue volume and tissue plasma concentration. 

Mean transit time 

When considering the extracellular space as a unity with plasma flow Fp as the 

only inlet, the mean transit time can be defined as: 

𝑇 = 	
𝑣o + 𝑣e
𝐹o

																																																																		(2.7) 

Figure 2.5: Scheme of two-region architecture and capillary-interstitium exchange 
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The interstitum has a single inlet from the plasma, so the interstitial mean transit time is: 

𝑇e = 	
𝑣e
𝑃𝑆																																																																					(2.8) 

And the capillary mean transit time is: 

𝑇t = 	
𝑣o
𝐹o
																																																																					(2.9) 

Extraction fraction 

The extraction fraction E is the fraction of the CA particles extracted into the 

interstitium, defines as: 

𝐸 = 	
∫ 𝑃𝑆𝐶o(𝑡)𝑑𝑡
x
/

∫ 𝐹o𝐶y(𝑡)𝑑𝑡
x
/

																																																									(2.10) 

with the CA concentration in the arteries 𝐶y(𝑡). Given the relation between 𝐶o(𝑡) and 

𝐶y(𝑡), the final expression for E is20,21 

𝐸 = 	
𝑃𝑆
𝑣o
𝑇o																																																																		(2.11) 

where 𝑇o is the plasma mean transit time depend on the particular model chosen for the 

parameter estimation. 

Transfer constant 

Given the rate at which the CA particles are delivered to the capillary bed Fp and 

the extraction fraction E, the transfer constant Ktrans can be easily defined as: 

𝐾R{y|} = 𝐸𝐹o																																																											(2.12) 

Table 2.2 summarizes the common parameters under this tissue architecture. Among 

them, Fp, vp, ve, and PS are the most common combination of four independent 

parameters to describe the vascular properties of the tissues. 
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2.3.4 Two compartment exchange model (2CXM) 

Figure 2.5 illustrates the architecture of the tissue, but doesn’t make any 

assumption on the CA distribution within each space, which is an indispensable step to 

PK modeling. One common assumption on the CA distribution is compartmental model, 

which assumes the specific region as a well-mixed space where the concentration is 

spatially uniform within the volume of distribution. There are also other distribution models. 

Other than one-compartment model, there is plug-flow model available for plasma, and 

distributed model available for interstitium. The combination of the model of the two 

regions forms a complete two-region exchange PK model, yielding 2CXM, which model 

both plasma and interstitium as one compartment; tissue-homogeneity model (TH) and 

adiabatic approximation model (AATH), both of which assume plasma as plug-flow model 

and interstitium as one compartment; and distributed parameter model (DP), which 

models plasma as plug-flow and interstitium as distributed. Among those PK models, 

2CXM is the most commonly implemented model for the analysis of DCE MRI. 

Table 2.2: List of PK parameters 
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The mass balance in 2CXM for each compartment can be easily developed. For plasma, 

it is: 

𝑣o
𝑑𝐶o(𝑡)
𝑑𝑡 = 𝐹o𝐶y(𝑡) −	𝐹o𝐶o(𝑡) + 𝑃𝑆𝐶e(𝑡) − 𝑃𝑆𝐶o(𝑡)																						(2.13) 

For interstitium, it is 

𝑣e
𝑑𝐶e(𝑡)
𝑑𝑡 = 𝑃𝑆𝐶o(𝑡) − 𝑃𝑆𝐶e(𝑡)																																																		(2.14) 

where 𝐶8(𝑡)  is CA concentration in the EES. Then 𝐶R(𝑡)  can be defined as the CA 

concentration of the tissue, which is the sum of the two regions: 

𝐶R(𝑡) = 𝑣o𝐶o(𝑡) + 𝑣e𝐶e(𝑡)																																																					(2.15) 

With Equation 2.13-2.15, the time-domain solution for 2CXM can be summarized as: 

𝐶G(𝑡) = 	𝐹H ∙ 𝐶H(𝑡) ∗ C𝑀𝑒LmR + (1 −𝑀)𝑒L�RF,																																	(2.16) 

where 

𝛼 =
𝑃𝑆(𝑣o + 𝑣e) + 𝐹o ∙ 𝑣e + �𝑃𝑆"(𝑣o + 𝑣e)" + 𝐹o"𝑣e" − 2𝑃𝑆 ∙ 𝐹o(𝑣o − 𝑣e)𝑣e

2𝑣o ∙ 𝑣e
,									(2.17) 

𝛽 =
𝑃𝑆C𝑣o + 𝑣eF + 𝐹o ∙ 𝑣e − �𝑃𝑆"(𝑣o + 𝑣e)" + 𝐹o"𝑣e" − 2𝑃𝑆 ∙ 𝐹o(𝑣o − 𝑣e)𝑣e

2𝑣o ∙ 𝑣e
,									(2.18) 

and 

𝑀 =	
−𝑃𝑆(𝑣o + 𝑣e) + 𝐹o ∙ 𝑣e + �𝑃𝑆"(𝑣o + 𝑣e)" + 𝐹o"𝑣e" − 2𝑃𝑆 ∙ 𝐹o(𝑣o − 𝑣e)𝑣e

2�𝑃𝑆"(𝑣o + 𝑣e)" + 𝐹o"𝑣e" − 2𝑃𝑆 ∙ 𝐹o(𝑣o − 𝑣e)𝑣e
,				(2.19) 

using Fp, vp, ve, and PS as a set of independent parameters. Also, with fitted 𝐹o, 𝛼, 𝛽, 𝑀, 

parameters vp, ve, and PS can be recovered as: 

𝑣o =
𝐹o

𝑀𝛼 + (1 −𝑀)𝛽 , 𝑃𝑆 = 𝐹o
𝑀(1 −𝑀)(𝛼 − 𝛽)"

(𝑀𝛼 + (1 −𝑀)𝛽)" , 	𝑣e = 	𝐹o
𝑀(1 −𝑀)(𝛼 − 𝛽)"

(𝑀𝛼 + (1 −𝑀)𝛽)𝛼𝛽		(2.20) 
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2.3.5 Simplified model 

The 2CXM is a very comprehensive model in describing the vascular properties of 

tissues. However, to accurately assess the four parameters, especially 𝐹o , requires 

accurate capture of the contrast dynamics with high temporal resolution, which is 

unrealistic in most of the applications. The simpler TK model is still the most widely used 

model in DCE MRI to date. Instead of estimating 𝐹o and 𝑃𝑆 separately, TK model adopts 

the combined Ktrans. TK model also has several alternatives under different circumstance. 

Extended Tofts model 

Extended Tofts model enables the measurement of vp, Ktrans, and ve. It is a 

simplification of 2CXM under high-perfusion condition, where 𝐹o → ∞ and 𝐾R{y|} = 𝑃𝑆. 

The solution to the model is: 

𝐶R(𝑡) = 𝑣o𝐶o(𝑡) + 𝐾R{y|}𝐶o(𝑡) ∗ 𝑒
L�

�����

��
(R)																																						(2.21) 

Although the assumption for infinite 𝐹o is difficult to justify in most of tissue types, the 

experimental results showed that the parameters estimated by extended Tofts model is 

useful in variety of clinical applications. 

Patlak model 

Besides high perfusion, Patlak model assumes negligible back flux from the 

interstitium into the plasma. When the total acquisition time is short (~2 minutes after 

injection), this condition can be considered partially fulfilled. The solution to Patlak model 

is: 

𝐶R(𝑡) = 𝑣o𝐶o(𝑡) + 𝐾R{y|} � 𝐶o(𝜏)
R

/
𝑑𝜏																																								(2.22) 
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With reduced freedom of parameters and linear stucture, Patlak model is robust and 

readily applied. In some applications such as in the evaluation of carotid atherosclerosis 

with a DCE protocol of 2-5 minutes, patlak model is the most suitable model with best 

repeatability67. 

TK model 

The classic TK model can be derived from 2CXM by assuming high-perfusion 

condition and weak-vascularization condition. In this context, 𝐾R{y|} = 𝑃𝑆, 𝑣o → 0, 𝑣 = 𝑣e. 

The solution to TK model is: 

𝐶R(𝑡) = 𝐾R{y|}𝐶o(𝑡) ∗ 𝑒
L�

�����

��
(R)																																														(2.23) 

 

2.4 State-of-Art Practice of DCE MRI 

2.4.1 Clinical practice 

Breast cancer 

DCE MRI plays a central role in current standard of care for breast cancer. Clinical 

practice suggests that DCE MRI has the highest sensitivity, which is close to 100%, 

among all the imaging modalities in the diagnosis of breast tumor10. The standard clinical 

protocol acquires 3D T1W GRE images covering entire breast with voxels smaller than 

1´1´3 mm3, yielding a temporal resolution at 1 to 2 minutes. With the advance in the 

imaging technique, new DCE MRI methods with improved temporal resolution have been 

proposed. Abe et al. used ultrafast DCE technique, which achieves voxel size at 

1.5´1.5´3.0 mm3 and temporal resolution at 7 seconds, can differentiate malignant and 

benign tumors using semi-quantitative parameters initial enhancement rate and SER3. 

For quantitative DCE, some studies have suggested that Ktrans is positively correlated with 
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histopathological markers such as MVD26 and vascular permeability27. Changes in the PK 

parameters such as Fp, Ktrans and ve can indicate the response to therapy of breast cancer 

at early course of the treatment5,31,68. 

 

Pancreatic ductal adenocarcinoma (PDAC) 

DCE MRI is an essential component for clinical management of PDAC. Previous 

investigations have suggested that DCE MRI has superior accuracy in the detection of 

PDAC compared to clinical standard MDCT, especially with small tumors (<=1.5 cm)16. 

However, one major drawback for the clinical protocol is that it only comprises four DCE 

phases as specified in Section 1.2.1 due to the sampling conflict and the requirement for 

breath-hold, which makes it incapable of quantitative analysis. To allow for accelerated 

and continuous acquisition for quantification, reduced coverage or patient cooperation 

such as prone position or shallow breath are usually necessary24,30. New imaging 

techniques using radial sampling pattern, which is more robust to motion has also been 

implemented29. Quantitative analyses have shown that Ktrans and ve are positively 

correlated with vascular density and fibrosis in PDAC, respectively24,25. It has also been 

reported that the changes of PK parameters can indicate the effectiveness of therapy at 

early phase. 

 

Carotid atherosclerosis 

In carotid atherosclerosis, quantitative DCE MRI has been used to characterize 

the plaque neovascularization, a significant indication of inflammation which is the key 

factor facilitating plaque vulnerability. Studies have shown that vp and Ktrans are 
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significantly correlated with inflammatory markers including macrophages, 

neovasculature, and loose matrix, suggesting vp and Ktrans can be used as imaging 

markers for plaque inflammation22,69. Other works also presented that Ktrans is a useful 

biomarker to assess the treatment effect on vasa vasorum70. 

 

2.4.2 Novel techniques 

In recent years, various new techniques have been proposed to address the 

common limitations in DCE MRI specified in Section 1.3. 

K-space weighted image reconstruction (KWIC) 

The k-space weighted image reconstruction was first proposed by Song et al71,72. 

This technique achieves the reconstruction of images at high spatial and temporal 

resolution simultaneously using radial sampling pattern. Figure 2.6 displays the schematic 

principle for KWIC. The acquired radial views are divided into N subsets (N = 4 as an 

example). For current subset, the views are equally spaced between 0° and 180°. The 

selected angle for views of the next subset bisects the angles in current subset. During 

the reconstruction, the central k-space area employs data from a single subset; the 

adjacent k-space region at Nyquist radius adopt the data from the same subset and also 

the time-neighboring subset; the outermost k-space region was contributed by all radial 

view. This technique has been applied to acquire data for abdominal DCE MRI29. A 

temporal resolution at 4.1 second with voxel size 1.5´1.5´5 mm3 covering a volume of 

380´380´200 mm3 were achieved. The PK parameters derived accordingly were feasible 

for PDAC characterization. An improved technique to achieve respiratory motion 

compensated KWIC were proposed by Lin et al. at 200873. The DCE images were 
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reconstructed at end-expiration state at a temporal resolution equal to respiratory rate 

and a spatial resolution at 2´2´5 mm3 covering a coronal volume of 380´380´80 mm3. 

 

 

 

 

 

 

XD-GRASP 

Feng et al. proposed Golden-angle RAdial Sparse Parallel (GRASP) technique, 

which combines compressed-sensing, parallel imaging, and golden-angle radial sampling 

pattern for fast and flexible free-breathing dynamic volumetric MRI74. Coil sensitivity maps 

Figure 2.6: Principles of KWIC reconstruction technique. (A). Diagram of the four-interleaf angle-bisection 
reordering acquisition scheme is presented using a simple example composed of eight projection views. 
During MR scanning of one full-frame image series, k-space data are acquired radially so that subsequent 
projection views bisect the earlier ones. Projection views are grouped into four interleaved subsets that are 
serially acquired. (B). For the reconstruction of full-frame images by gridding, data from all subsets are 
combined without weighting. For the reconstruction of subframe images by KWIC view-sharing, the central 
k-space is filled with data of the timely subset and the adjacent k-space at the Nyquist-radius is filled with 
data from the time-contiguous subset. The outermost K-space is filled with data from all subsets. (C) The 
four time-resolved subframe KWIC images have different k-space cores and similar k-space peripheries. 
This KWIC view-sharing is possible because of the oversampled, central k-space data of radial MRI. Data 
of a single subframe image set can improve the effective temporal resolution by a factor of 4. Redrawn after 
Kim (2013)  
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are calculated using the temporal average of all acquired radial spokes from raw k-space 

data. Then, raw k-space data are resorted into different temporal frames, each of which 

contains a Fibonacci number (e.g., 34, 21,13,…) of consecutively acquired spokes. The 

choice of the number is according to the desired temporal resolution. Due to the strong 

image correlation along the multiple temporal frames, a temporal sparsity constraint is 

employed to exploit. The GRASP reconstruction is formulated as: 

𝑑� = argmin
�

‖𝐹 ∙ 𝑆 ∙ 𝑑 − 𝑚‖"" + 𝜆‖T ∙ 𝑑‖+ 	,																																										(2.24) 

where 𝑑 is the desired image series, 𝑚 is the acquired multi-coil k-space data, 𝑆 is the 

sensitivity maps, 𝐹 is NUFFT operator, T is a temporal total variation operator, and 𝜆 is 

the regularization factor. 

Based on this work, Feng et al. proposed XD-GRASP, where XD represents eXtra 

dimension to resolve physiological motion for free-breathing acquisition75. Take 3D 

dynamic abdominal case as an example: one extra step for XD-GRASP is to characterize 

respiratory motion into several states using a combination of the 1D imaging lines at 

kx=ky=0. The reconstruction problem can be formulated as: 

𝑑� = argmin
�

‖𝐹 ∙ 𝑆 ∙ 𝑑 − 𝑚‖"" + 𝜆+‖T+ ∙ 𝑑‖+ + 𝜆"‖T" ∙ 𝑑‖+ 	,																						(2.25) 

where T+ is the sparsity constraint applied in the contrast enhanced dimension and T" is 

the sparsity constraint applied in the extra respiratory motion dimension. With the 

capability to resolve respiratory motion, the dynamic images showed less motion artifacts 

and improved depiction of the anatomical structure. This technique was performed on 4 

volunteers and 1 patient with suspected liver lesions. The images were reconstructed at 

a temporal resolution ~13s with voxel size 1.4´1.4´3 mm3 covering a volume of 

360´360´240 mm3. 
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2.4.3 Major technical challenges and concerns 

Although various novel techniques have been proposed in recent years with 

promising preliminary results, quantitative DCE MRI still faces unsolved challenges. First 

of all, there is room to improve the coverage, and spatial/ temporal resolution. Previous 

studies have shown that a temporal resolution on order of 1 second would be preferred 

for the sampling of AIF76-78 and a temporal resolution under 10 seconds for characterizing 

the dynamic in pathological tissues35, which are still hard to achieve with current 

techniques. Second, no existing technique allows for dynamic T1 quantification, which is 

the most reliable way to calculate CA concentration. Moreover, the potential to reduce the 

CA dose while keeping the diagnosis power for DCE MRI techniques has not been widely 

evaluated. To address the unresolved limitations, we proposed a novel DCE technique 

based on our newly developed Multitasking framework. 

 

2.5 MR Multitasking Framework 

2.5.1 Image model 

MR Multitasking framework was published by Christodoulou et al. in 201979. This 

is a continuous-acquisition framework with the ability to resolve the temporal dynamics in 

multiple dimensions80,81. It is difficult to capture all the temporal dynamics with 

conventional MRI because the scan time grows exponentially with the number of 

dynamics, a phenomenon known as “curse of dimensionality”. Multitasking framework 

conceptualizes the different sources of temporal dynamics as different time dimensions 

and then resolves the multiple time dimensions using a low-rank tensor (LRT) imaging 
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method, which can exploit the high correlation along and across time dimensions and 

thus achieve a vastly accelerated scan82-85. 

Images in Multitasking framework are represented as a multidimensional function 

𝐼(𝐱, 𝑡+, 𝑡",⋯ , 𝑡�) of spatial location 𝐱 = [𝑥	𝑦	𝑧]M and 𝑁 time dimensions 𝑡+, 𝑡", … , 𝑡�. Each 

time dimension corresponds to a specific ‘task’ to be resolved. Particular in the scope of 

quantitative DCE MRI, the example time dimensions consist of inversion-recovery (IR) or 

saturation-recovery (SR) time (for T1 quantification), physiological (respiratory/ cardiac) 

motion, and DCE time course depicting the CA passage. The image function can be 

formulated as a ( 𝑁 + 1 )-way tensor 𝒜  consisting of elements 𝐴£¤¥⋯¦ =

𝐼(𝐱£, 𝑡+,¤, 𝑡",¥,⋯ , 𝑡�,¦) with voxel location {𝐱£}£©+
ª  and each time dimension from {	𝑡+,¤}¤©+�  

to {	𝑡�,¦}¦©+
« . Direct recovery of 𝒜, whose dimension is 𝐽 × 𝐾 ×𝑀 ×⋯× 𝑄, requires the 

exponentially increased number of samples and consequently leads to impractical scan 

time. Fortunately, the high image correlation along each time dimension and across the 

spatial and time dimensions induces 𝒜 to be low-rank, which can be decomposed into 

the product of core tensor 𝒢 and 𝑁 + 1 factor matrices: 

𝒜 = 𝒢 ×+ 𝐔𝐱 ×" 𝐔RQ ×± 𝐔R² ×³ ⋯×(�´+) 𝐔Rµ,																																		(2.26) 

where the operator ×¶ denotes the 𝑖th mode product, the factor matrix 𝐔𝐱 ∈ ℂª×º contains 

𝐿  spatial basis functions, each of which comprises 𝐽  voxels, each factor matrix 𝐔R¼ 

contains 𝐿¶ basis function for 𝑖th time dimension, and the core tensor 𝒢 ∈ ℂº×ºQ×⋯×ºµ is 

the coefficient dominating the interaction between factor matrices. The low-rankness of 

𝒜 assures that the number of basis functions is smaller than its original elements (e.g., 

𝐿 ≪ 𝐽) for each factor matrix, reducing the total elements of the core tensor and factor 

matrices from 𝐽𝐾⋯𝑄  to 𝐿𝐽 + 𝐿+𝐾 +⋯+ 𝐿�𝑄 + 𝐿𝐿+ ⋯𝐿� . For imaging scenarios, the 
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bound is dominated by the first term 𝐿𝐽. Take the abdominal DCE as an instance. Given 

the spatial matrix size 300´300´60, 100 TIs for T1 mapping, 6 respiratory bins, and 300 

different DCE phases with a temporal resolution at 1 second for a 5-min scan, the total 

elements in 𝒜  is 300´300´60´100´6´300 »9.7´1011, while the decomposed factor 

matrices with ranks [20, 5, 6, 150] has approximately 1.6´108, yielding a 5000-fold 

reduction in the degrees of freedom. 

For the convenience of notation, Equation 2.26 can be expressed in matrix form 

as 

𝐀(+) = 𝐔𝐱𝐆(+)(𝐔Rµ⨂𝐔RµfQ⨂⋯⨂𝐔RQ)
M,																																				(2.27) 

where ⨂  denotes the Kronecker product, and the subscript (𝑖)  denotes the mode- 𝑖 

flattening of the tensor. 

 

2.5.2 Sampling and reconstruction strategies 

The acquired multi-channel signal 𝐝  from tensor 𝒜  can be expressed as 𝐝 =

ΩC𝐅𝐒𝐀(+)F, where 𝐒 is the multi-channel coil sensitivity maps, 𝐅 is the Fourier transform, 

and Ω is the undersampling pattern. The image tensor 𝒜 can be recovered by solving the 

following optimization problem: 

𝒜� 	= argmin
𝒜
Ä𝐝 − ΩC𝐅𝐒𝐀(+)FÄ"

" + 𝜆ÅÄ𝐀(|)Ä∗

�´+

|©+

+ 𝑅(𝒜) ,																									(2.28) 

where 𝜆 is a regularization factor, ‖⋅‖∗ denotes the nuclear norm (accounting for low-rank-

ness), and 𝑅(⋅) is an optional additional regularization functional, which can be chosen to 

enforce complementary image properties such as transform sparsity. 
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Although the implement of LRT model frees a large sampling requirement for 

recovering 𝒜, directly solving the problem specified by Equation 28 are still impractical 

under some circumstances, particularly with 3D dynamic imaging, due to the large size 

of 𝒜. To avoid the consuming of computational resources, the reconstruction of 𝒜 can 

be factorized into the explicitly recovery of the spatial factor matrix: 

𝐔𝐱Ç 	= argmin
𝐔
‖𝐝 − Ω(𝐅𝐒𝐔𝐱𝚽)‖"" + 𝑅(𝐔𝐱) , 																																			(2.29) 

where 𝚽 = 𝐆(+)(𝐔Rµ⨂𝐔RµfQ⨂⋯⨂𝐔RQ)
M  is the temporal basis function comprising core 

tensor and all temporal factor matrices. With known 𝚽, the optimization problem can be 

reduced to recover 𝐿 columns of 𝐔𝐱, which is way more feasible. 

Containing only temporal information, 𝚽 can be constructed by using s subset of 

k-space data designated to a limited location (usually the central k-space area due to it 

contains most of the image contrast) sampled much more frequently than the rest of the 

k-space. This subset of k-space data, which is referred to as training data, contains limited 

spatial information but a wealth of temporal information to determine 𝚽. In most current 

applications of MR Multitasking, the training data is usually the collection of center k-

space readout acquired periodically with a frequency enough to resolve the finest 

temporal dynamics (typically is cardiac motion). Steps to determine 𝚽 from training data 

is specified in Section 2.5.3. 

The remaining subset of data, referred to as imaging data, is usually sampled 

incoherently of the entire k-space locations to determine the spatial factor matrix 𝐔𝐱 using 

Equation 2.29. 

 

2.5.3 Tensor subspace estimation 
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The training data can be expressed as a (𝐤, 𝑡+, 𝑡",⋯ , 𝑡�)-space tensor 𝒟G7 . In 

practice, due to the limited scan time, the measured training data 𝐝G7  covers some 

combinations of contrast-weightings and motion states experienced during the scan, but 

typically not all combinations. Therefore, the acquired training data tensor is incomplete 

and can be recovered by: 

𝒟G7Ç 	= argmin
𝒜
‖𝐝G7 − ΩG7𝒟G7‖"" + 𝜆ÅÄ𝒟G7,(|)Ä∗

�´+

|©+

+ 𝑅R{(𝒟G7) , 																		(2.30) 

where ΩG7 is the sampling pattern for training data, and 𝑅R{(⋅) is a temporal regularization 

functional. Equation 2.30 required no Fourier transform, and the training data is acquired 

on a small subset of k-space locations, so the tensor completion problem defined by 

Equation 30 is far less computationally expensive compared to Equation 28. Once the 

training data tensor is complete, each factor matrix of 𝚽 can be quickly obtained from 𝒟G7Ç  

by high order SVD. 

The factor matrices from some time dimensions in some applications can be 

generated ahead of time, even before any data are acquired. For example, T1 relaxation 

is physically governed by Bloch equation, the factor matrix corresponding T1 relaxation 

can be created from a dictionary of T1 recovery signal curves. The dictionary is developed 

with a range of physically feasible T1 values and B1 inhomogeneities. The corresponding 

factor matrix can be directly extracted from the SVD of this dictionary. In this scenario, 

the tensor completion problem can be expressed as: 

𝒟G7Ç = arg min
𝒟ËÌ∈Í

‖𝐝G7 − ΩG7𝒟G7‖"" + 𝜆ÅÄ𝐃G7,(|)Ä∗

�´+

|©"

+ 𝑅(𝒟G7) , 																		(2.31) 
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Where 𝛹 is a tensor subspace defined from the columns of the factor matrix generated 

to describe T1 relaxation. 

With the determined temporal basis function 𝚽 , and recovered spatial basis 

function using Equation 2.29, the final reconstructed image tensor 𝒜 is defined by 𝐀(+) =

𝐔𝐱𝚽. 
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CHAPTER 3: MULTITASKING DCE MRI IN THE CHARACTERIZATION OF CAROTID 

ATHEROSCLEROSIS 

 

3.1 Introduction 

Carotid atherosclerosis is a primary pathological process underlying ischemic 

stroke, a leading cause of morbidity and mortality worldwide86. A major driving force 

behind the progression of plaque destabilization and rupture is inflammation, which 

weaken plaque structural integrity including inhibition of collagen production and 

dissolution of the fibrous matrix by means of matrix metalloproteinases22,87-89. One of the 

hallmarks of vascular inflammation is vasa vasorum neovascularization, which provides 

the pathways for harnessing inflammatory cell types such as monocytes and 

macrophages to the vessel wall. In addition, elevated adventitial vasa vasorum 

permeability is associated with the increase of intimal thickness, endothelial dysfunction 

and inflammation of plaques90-93. 

DCE MRI has been used for quantitative assessment of the neovascular 

architecture and perfusion properties in carotid artery wall22,23,65,69,70,94-97. The correlation 

between vp and Ktrans from DCE and the proinflammatory cardiovascular risk factors has 

been demonstrated22. In an atherosclerotic rabbit model, Ktrans and AUC have been found 

to correlate with aortic plaque neovascularization23. Other works also presented that Ktrans 

is a useful biomarker to assess the treatment effect on vasa vasorum70. 

Despite these encouraging results, the current application of DCE MRI in carotid 

vessel wall imaging still faces demanding technical challenges, including: 1) submillimeter 

in-plane spatial resolution (0.5–0.7mm), required for accurate contrast kinetic 
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characterization without significant partial volume effects of vessel wall; 2) adequate 

anatomical coverage, required to cover the entire carotid vasculature; 3) high temporal 

resolution, required to accurately capture the contrast kinetics in AIF; 4) accurate 

quantification of the CA concentration in the tissue of interest. These requirements are 

conventionally in direct conflict with each other, forcing compromises to be made. For 

example, Kerwin et al. used high in-plane spatial resolution with 2D acquisitions while 

sacrificing anatomical coverage and temporal resolution. Calcagno et al. adopted a 3D 

sequence with 0.6 mm isotropic resolution by lowering the temporal resolution to around 

30 s23. In addition, existing DCE protocols in carotid atherosclerosis directly transform the 

change in pixel signal intensity to CA concentration for PK modeling23,95, which can 

introduce potential errors in the estimation of PK parameters69.  

To satisfy all the technical requirements of carotid vessel wall imaging, we propose 

a T1 mapping-based DCE method using MR Multitasking79, which employs a low-rank 

tensor (LRT) imaging model80,81,98-100 to exploit the high correlation between images at 

different saturation recovery times and different contrast enhancement phases and thus 

achieves a vastly accelerated acquisition. The Multitasking DCE was applied with 3D 

Cartesian sampling, allowing for faster reconstruction. Bulk motion detection and removal 

scheme were also implemented for the improvement of image quality. This novel 

technique enables 3D acquisition with high spatial resolution (0.7 mm isotropic), high 

temporal resolution (595 ms), and large coverage of the carotid arteries. Moreover, 

contrast concentration estimation is based on fully quantitative dynamic T1 mapping 

during the enhancement process for accurate PK modeling. Based on this technique, fully 

quantitative evaluation of the PK parameters can be achieved. 
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3.2 Methods 

3.2.1 Sequence design 

A non-selective saturation-recovery (SR) preparation pulse followed by 3D FLASH 

readout with flow compensation was used as the basic sequence structure (Figure 3.1A). 

The FLASH readouts sample the entire recovery period in between SR prep pulses so 

that T1 can be quantified. Pre-contrast T1 values for the main tissues of interest (blood, 

vessel wall, and muscle) are relatively long (over 1000 ms). Classically, distinguishing T1 

from proton density (PD) during parameter mapping would require a long recovery period, 

leading to low imaging speed and risking corruption of the signal evolution by the inflow 

of fresh blood. Fortunately for time-resolved DCE T1 mapping, a static PD map can be 

shared amongst the series of T1 maps at different contrast phases (including the peak 

contrast phase where T1 is shortest), allowing for much shorter recovery periods.  

 

3.2.2 Sampling pattern 

A 3D Cartesian sampling scheme was used for data acquisition, as shown in 

Figure 3.1B. Randomized Gaussian-density sampling in both the phase (𝑘Ñ) and partition 

(𝑘Ò) encoding was used to incoherently undersample the k-space101,102. In addition, the 

k-space center line (𝑘Ñ = 𝑘Ò = 0) was collected every 8 readout lines as training data to 

estimate the temporal basis function79,98. The temporal resolution of the training data is 

88 ms. The rest of the k-space data are the imaging data, which contains high spatial 

resolution information to recover the spatial factor 𝐔. 
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3.2.3 Image reconstruction 

The proposed Multitasking DCE technique acquired 5D images 𝑎 with three spatial 

dimensions	(𝑥, 𝑦, 𝑧) and two time dimensions (saturation recovery time 𝜏 and DCE time 

course 𝑡), which can be formulated as a three-way tensor 𝒜  with space location 𝐱 =

[𝑥	𝑦	𝑧]M, 𝜏, and 𝑡. High image correlation induces 𝒜 to be low-rank and can be factorized 

as: 

𝐀(+) = 𝐔𝐆(+)(𝐖⨂𝐕)M,																																																													(3.1)	 

where the columns of 𝐔, 𝐕, and 𝐖 contain the basis functions for spatial, SR, and DCE 

time dimensions. This low-rank model separates the image into spatial and temporal 

factors, decoupling the tradeoffs between spatial and temporal resolution and reducing 

Fig 3.1 (A): Pulse sequence diagram for the proposed 5D DCE and corresponding simulated signal evolution 
for vessel wall and blood. Non-selective saturation recovery preparation pulse is applied every TR followed 
by a series alpha pulses. A readout lines is collected every alpha pulse. This SR period is repeated to 
traverse the entire k-space seven times during the scan. The contrast media is injected when 144 SR periods 
was collected. (B): Simplified illustration of k-space sampling strategy. Cartesian acquisition with 
randomized reordering in ky and kz directions is implemented according to a variable-density Gaussian 
distribution. A center k-space line is acquired every 8 lines as the LRT subspace training data. Rest of the 
data forms the imaging data. 
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the degrees of freedom in the image, thereby providing an avenue for accelerated 

acquisition.  

Image reconstruction is divided into three steps: 1) pre-determine the T1 recovery basis 

functions in 𝐕 from a dictionary of SR signal curves; 2) estimate the DCE basis functions 

in 𝐖 and the core tensor  𝒢 from the training data; and 3) recover the basis images in 𝐔 

by fitting the known tensor factors to the imaging data. 

In the first step, because T1 relaxation is physically governed by the Bloch 

equations, a dictionary of feasible SR signal curves is generated ahead of time for a range 

of T1 values and B1 inhomogeneities. Specifically, the dictionary had 101 T1 values 

logarithmically spaced from 100 ms to 3000 ms, 17 flip angles from 4° to 12° with half-

degree increments, and 21 saturation pulse angles linearly spaced from 60° to 120°. The 

T1 recovery factor 𝐕 was directly extracted from the singular value decomposition (SVD) 

of this dictionary.  

With 𝐕 obtained, the core tensor 𝒢 and DCE factor 𝐖 can be obtained from the 

training data as follows. Denoting the (𝐤, 𝜏, 𝑡)-space tensor of training data as 𝒟G7, we 

solve the small-scale low-rank tensor completion problem: 

𝒟ÖG7 = arg min
𝐃ËÌ,(²)	∈	7>A×8(𝐕)

‖𝐝G7 − ΩG7𝒟G7‖"" + 𝜆 ØÄ𝐃G7,(+)Ä∗ + Ä𝐃G7,(±)Ä∗Ù + 𝑅R{(𝒟G7)					(3.2) 

The regularization functional 𝑅R{(⋅) was chosen as temporal total variation (TV) in the 

DCE time direction 75,103,104. With complete 𝒟ÖG7 , now the temporal factor, 𝚽 =

𝐆(+)(𝐖⨂𝐕)M can be quickly extracted by truncating the SVD of 𝐃ÖG7,(+) or the higher-order 

SVD (HOSVD)  105 of 𝒟ÖG7. The 𝜆 was chosen based on the discrepancy principle 106 for 

one dataset, and then used for all datasets. 
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With a known temporal subspace spanned by the rows of 𝚽, image reconstruction 

then reduces to the recovery of the 𝐿 images in 𝐔 from the acquired imaging data 𝐝. 

𝐔Ö 	= argmin
𝐔
‖𝐝 − Ω(𝐅𝐒𝐔𝚽)‖"" + 𝑅(𝐔)																																											(3.3) 

The spatial TV regularizer was chosen as the spatial regularization functional to integrate 

compressed sensing into the low-rank framework 85,103. 

 

3.2.4 Dynamic T1 quantification and PK model 

With the reconstructed 5D images, pixelwise dynamic T1 mapping was performed 

to quantify CA concentration. The signal intensity of at a certain DCE time 𝑡 can be 

expressed as: 

𝑠C𝐴, 𝛼, 𝐵, 𝑛, 𝑅+(𝑡)F = 𝐴
1 − 𝑒LMN∙PQ(R)

1 − 𝑒LMN∙PQ(R) cos 𝛼
Ü1 + (𝐵 − 1)C𝑒LMN∙PQ(R) cos 𝛼F

|
Ý sin 𝛼 ,			(3.4) 

with the relaxation rate 𝑅+(𝑡) = 1/𝑇+(𝑡) at DCE time 𝑡, amplitude 𝐴, SR pulse efficiency 

𝐵, FLASH readout interval 𝑇Z, flip angle α, and SR time point 𝑛 rendering  𝜏 = 𝑛𝑇Z. The 

signal intensity vector 𝐬 for an entire SR period with 𝑛 = 1, 2,⋯ ,𝑁 at DCE time 𝑡 is:  

𝐬C𝐴, 𝛼, 𝐵, 𝑅+(𝑡)F = 	 ß𝑠C𝐴, 𝛼, 𝐵, 1, 𝑅+(𝑡)F,⋯ , 𝑠C𝐴, 𝛼, 𝐵, 𝑁, 𝑅+(𝑡)Fà
𝑻,																(3.5) 

and the signal intensity matrix 𝐒 over all DCE time bins 𝑡 = 0, 1,⋯ , 𝑇 (𝑡 = 0 represents 

pre-contrast DCE phase) is: 

𝐒(𝐴, 𝛼, 𝐵, 𝐫𝟏) = ß𝒔C𝐴, 𝛼, 𝐵, 𝑅+(0)F,⋯ , 𝒔C𝐴, 𝛼, 𝐵, 𝑅+(𝑇)Fà,																								(3.6) 

where 𝐫𝟏 = [𝑅+(0), 𝑅+(1),⋯ , 𝑅+(𝑇)]𝑻 is the vector dynamic 𝑅+ values over all DCE time 

bins. The CA concentration 𝐶G can be quantified based on the relaxivity accordingly: 

𝐶G(𝑡) =
𝑅+(𝑡) − 𝑅+(0)

𝛾 																																																													(3.7) 
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Following the derivation of CA concentration, the extended Tofts model (Equation 2.21) 

was used for the estimation of PK parameters, accounting for potential reflux in the 9.8 

min scan 97. CA concentration curves for blood 𝐶å(𝑡) and tissues 𝐶G(𝑡) are extracted from 

left and right carotid arterial lumens and vessel wall, respectively.  

Considering the hematocrit of blood, the 𝐶H(𝑡)  can be determined with 𝐶H(𝑡) =

	𝐶å(𝑡)/(1 − Hct), assuming the average hematocrit value (Hct) of 0.4 96,107. With Equation 

2.21 and the concentration curves over DCE time course 𝑡, vp, Ktrans and ve can be fitted 

using the function lsqnonlin (non-linear least-square solver) in MATLAB (R2015b, 

Mathworks, MA, USA).  

 

3.2.5 Abrupt motion removal 

Abrupt movement of the subject, such as swallowing, is often inevitable during any 

scan that spans several minutes108. Unaddressed abrupt bulk motion leads to blurring 

and other motion artifacts. Because the carotid vessel wall is thin, it is especially sensitive 

to motion artifacts that worsen the partial volume effect, leading to incomplete vessel wall 

visualization and errors in quantification. 

In the LRT framework, images with abrupt motion are less correlated with the 

remainder of the images and so would have a high residual after temporal estimation. 

Prior to image reconstruction, the outlier time points corrupted by bulk motion can 

therefore be detected by determining which columns of 𝐃G7	(the Casorati matrix of raw 

training data) have a high residual after temporal subspace modeling. Calculating a 

“single-time” temporal factor matrix 𝚽lG (i.e., with only one time dimension indexing the 

readout number) from the SVD of 𝐃G7, the training data residual is then: 
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𝐄 = 	𝐃G7 −	𝐃G7𝚽lG
é 𝚽lG,																																																													(3.8) 

Where 𝐄 ∈ ℂ�ê�ë×�Ìì is the residual matrix, 𝐃G7 ∈ ℂ�ê�ë×�Ìì	is the matrix of training data, 

𝚽lG ∈ ℂº×�Ìì  is the single-time temporal factor matrix, 𝑁í  denotes the number of data 

points in each readout, 𝑁j  is the number of coils, 𝑁7k  represents the total number of 

training data readouts, and the superscript †  denotes the pseudoinverse. The time-

resolved sum-of-squares residual vector 𝐫 can be calculated as having elements 

𝑒£ =Å ï𝐸¶£ï
"

¶
																																																																				(3.9) 

Training data corresponding to high-residual time points were removed before evaluating 

Equation 3.2, and imaging data immediately surrounding those time points were removed 

before evaluating Equation 3.3.  

The effect of motion removal was tested by comparing the signal-to-noise ratio 

(SNR) of blood and vessel wall, the contrast-to-noise ratio (CNR) of vessel wall versus 

blood and the sharpness of blood/vessel wall boundary of the image with motion removal 

with the same frame without motion removal. The SNR of the tissue of interest was 

defined by:  

𝑆𝑁𝑅R =
𝑆𝐼R
𝜎ñò

,																																																																		(3.10)	 

with 𝑆𝐼R is the signal intensity of the tissue of interest, and 𝜎ñò is the standard deviation of 

the background signal. The CNR was defined by: 

𝐶𝑁R+," =
𝑆𝐼R+ − 𝑆𝐼R"

𝜎ñò
,																																																								(3.11) 
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with 𝑆𝐼R+ and with 𝑆𝐼R" are the signal intensity of the two tissues. The sharpness of the 

blood/vessel wall boundary was estimated using the rise-distance method 109.  

 

3.2.6 Simulations 

The simulations were carried out in MATLAB to demonstrate: 1) Multitasking DCE 

is capable of dynamic T1 quantification; 2) using dynamic T1 quantification to estimate 

PK parameters yields higher accuracy and precision compared to conventional linear or 

nonlinear approaches; 3) temporal resolution can affect the estimation of PK parameters.  

For the first aim, a 3D numerical phantom with the same matrix size as the in vivo data 

consisting of blood, vessel wall, and plaque was created. The AIF was generated using 

a traditional biexponential equation as used in 96: 

𝐶H(𝑡) = 	 ó

0,																																																																																																			𝑡 < 𝑡/
𝑘𝑡, 																																																																																									𝑡/ ≤ 𝑡 < 𝑡+
𝐷 ö𝑎+ exp ú−

𝑡 − 𝑡+
𝜏+

û + 𝑎" exp ú−
𝑡 − 𝑡+
𝜏"

ûü , 																							𝑡 ≥ 𝑡+
													(3.12) 

Where 𝑡/ is the time when contrast agent is injected, and 𝑡+ is the peak enhanced point 

for AIF. The initial T1 for blood 𝑇+,å(0) was chosen as 1550 ms. The CA concentration 

curves in vessel wall and plaque were then generated according to the extended Tofts 

model. For vessel wall, 𝑇+,þÿ(0) = 1200	𝑚𝑠, vp = 0.1, Ktrans =0.12 min-1, ve = 0.5. For 

plaque,  𝑇+,H9(0) = 900	𝑚𝑠, vp = 0.15, Ktrans =0.18 min-1, ve = 0.8. The dynamic T1s for 

blood, vessel wall and plaque were generated based on the following equation 3.7. 

Subsequently, the real-time signal curves for each tissue was created based on Equation 

3.6.  

The generated phantom images were Fourier transformed to k-space and complex 

white Gaussian noise was added to achieve an SNR of 20. The noisy k-space data were 
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undersampled and reconstructed as described in Section 3.2.2 and 3.2.3. Dynamic T1 

mapping and PK modeling were then performed. The error between the estimated 

dynamic T1 and PK parameters and true values were evaluated for vessel wall and 

plaque. 

In the second step, the same 3D phantom were used with different sets of PK 

parameters representing normal and pathological tissues. The original CA concentration 

curves for different tissues were generated at a temporal resolution at 0.1 second. Then 

the signal curves for Multitasking DCE and steady-state SPGR images were created 

based on Equation 3.7 and Equation 2.3, respectively. The same SNR were added to 

both image sets. Then, the PK parameters were derived using T1 quantification approach 

(denoted as Multitasking approach) for Multitasking DCE images, and linear (denoted as 

LA) or nonlinear approaches (denoted as NLA) for steady-state SPGR images. Each 

experiment was conducted 100 times. The mean value and standard deviation of the PK 

parameters estimated using each approach were then assessed.  

 

3.2.7 Imaging experiments 

The proposed protocol was implemented on a 3T clinical MR scanner 

(MAGNETOM Verio, Siemens Healthineers, Erlangen, Germany). Each SR period lasted 

595 ms with 52 TIs, one every 11 ms. One readout line was collected per TI. The SR 

period was repeated 1008 times in a scan of 9.8 min, resulting in a total of 52×1,008 = 

52,416 time points, each corresponding to a 3D image. The DCE bin temporal footprint 

was selected to be 1.2 s as two SR periods, except when evaluating the effect of different 

temporal resolutions/footprints. Detailed imaging parameters are summarized in Table 1.   



 49 

 

 

3.2.8 Phantom study 

To validate the T1 mapping accuracy and inter-session repeatability of the 

proposed Multitasking DCE, two experiments were performed on the same T1 phantom 

on separate days. The T1 values of the phantom ranged from 70 ms to 2000 ms, covering 

the pre- and post-contrast T1 values of the major tissue types of interest. Images with 

standard 2D inversion-recovery spin-echo (IR-SE) sequence with TR = 10000 ms and 

seven different inversion times (23, 100, 400, 900, 1600, 2200, 3000 ms) were also 

acquired at the center slice to provide the T1 reference. Other IR-SE imaging parameters 

were: FOV = 150´150 mm2, in-plane spatial resolution = 1.2 mm, slice thickness = 8 mm. 

 

3.2.9 In vivo study 

The in vivo study was approved by the ethics boards of local institutions. All 

subjects gave written informed consent before participating in this study. Fourteen healthy 

volunteers (aged 25 to 57 years, five females) were recruited for the study; to assess the 

inter-session repeatability of the proposed method, seven of the volunteers were scanned 

twice, on different days, using the same protocol. Subjects were scanned using a 12-

Table 3.1. Multitasking DCE sequence parameters 
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channel head coil and a 4-channel surface coil from the system vendor. During the 

imaging session, localizers and time-of-flight (TOF) MR angiography were acquired to 

identify the overall neck anatomy. Following these sequences, Multitasking DCE was 

performed. Gd contrast media (Gadavist, 0.1 mmol/kg, Bayer Schering Pharma) was 

injected intravenously 1.4 minute into the scan, when 144 SR periods were collected. The 

injection rate was 1 mL/s, followed by a 20 mL saline flush at the same rate. To provide 

an in vivo T1 reference, pre- and post-contrast single-slice MOLLI 110 at 1.17 mm in-plane 

spatial resolution were also acquired immediately before and after the DCE scan, 

respectively. Vessel wall was not visible on the MOLLI images due to low spatial 

resolution, but the T1 values of blood and muscle could be quantified and were adopted 

as the reference. 

Furthermore, seven patients (aged 54 to 80 years, three females) with a history of 

carotid atherosclerosis were recruited. In addition to the abovementioned protocol, a 

series of conventional carotid plaque imaging protocols including pre-contrast T1W turbo-

spin-echo (TSE), pre-contrast T2W TSE and post-contrast T1W TSE were collected to 

assist in plaque diagnosis.  

 

3.2.10 Image analysis 

For each subject in the control group, three slices (two below the carotid bifurcation 

and one above) with clear vessel wall delineation were selected for analysis. ROI of the 

vessel wall in normal subjects was manually selected using the T1W images at early TIs 

and the pre-contrast T1 maps. For the paired measurements of the same subject on 

separate days, slices were matched manually and corresponding slices were selected for 
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comparison. In the patient group, the anatomical location of the plaque is identified on the 

conventional images. Then the anatomical location of the plaque was manually defined 

on the corresponding Multitasking DCE images. Three slices around plaque area were 

selected for each subject. Pixel-wise mapping for vp, Ktrans , ve and AUC were obtained 

for each slice in MATLAB.  

 

3.2.11 Inter-session repeatability at different temporal resolution 

In practice, too high temporal resolution may result in noisy concentration curves, 

while too low temporal resolution may cause blurring of the fast-changing dynamic 

information, particularly in the AIF. To evaluate the impact of temporal resolution on the 

PK parameter mapping, the repeatability of PK parameters at different temporal 

resolutions were evaluated in the seven repeated subjects. Temporal resolutions from 

595 ms to 7.2 s were retrospectively selected for image reconstruction. 

 

3.2.12 Statistical analysis 

Intra-group mean value and standard deviation of PK parameters for both the 

control and patient groups were calculated, and a two-way mixed ANOVA was performed 

in SPSS (Version 24, IBM, NY, USA) to address any correlation between samples arising 

from the use of three slices from each subject. For the mixed ANOVA, slice location was 

set as a within-subjects factor and the group (control or patient) was set as a between-

subjects factor; a slice/group interaction term was included in the analysis. A p value of 

less than 0.05 was considered to be significant. Repeatability analysis, including Bland-

Altman analysis, coefficient of variation (CV) 97 and intraclass correlation coefficient (ICC) 
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111 of vp, Ktrans, ve and AUC were applied to the data collected from the seven repeated 

volunteers.  

 

3.3 Results 

3.3.1 Simulations 

The 3D numerical phantom simulating a carotid vessel in oblique direction with 

blood, vessel wall, and atherosclerosis were generated successfully. The true and fitted 

dynamic T1s are shown in Figure 3.2, with relative differences less than 1.0% for all 

tissues over all time points. Figure 3.3 shows the maps for dynamic T1 fitting at pre-

contrast, peak-enhanced, and delayed phases and PK parametric mapping, respectively. 

The mean error of PK parametric mapping is within 3.0% for all tissues, as listed in Table 

3.2.  

 

 

 

Figure 3.4 displays the relative mean error and relative standard deviation of the 

PK parameters estimated using Multitasking approach, linear approach, and non-linear 

approach. When temporal resolution is high (<10 seconds), Multitasking approach 

showed best performance in the estimation of PK parameters, producing the smallest 

bias and standard deviation for both tissues and all parameters. 

Fig 3.2: The result of fitted dynamic T1 compared with the true value. The fitted dynamic T1 curves are 
the mean value over the ROI.  
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Fig 3.3: Pixel-wised parametric mapping. The first column shows the true map of the parameter. The second 
column shows the fitted map. The third column shows the absolute relative difference of the fitted map 
compared with the true map. 

Table 3.2: The mean and standard deviation of the kinetic parameters compared with the true value. The 
standard deviation reports the variance of parameter value within the ROI.  
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3.3.2 Phantom measurements 

T1 maps collected for phantoms using Multitasking DCE and reference IR-SE are 

displayed in Figure 3.5 (A). The T1 values from Multitasking DCE were in good agreement 

with reference values (𝑅" = 	0.96), as shown in Figure 3.5 (B). Bland-Altman plots in 

Figure 3.5 (c) indicates that the mean absolute interscan difference of T1 mapping 

between separate Multitasking DCE scans are 1.68% with a variation for all vials within 

10%.  

Figure 3.4: Simulation results for the comparison between Multitasking approach, LA, and NLA. Each bar 
graph displays the mean relative error of the estimated parameter at different temporal resolution. The 
error bar represents the relative standard deviation of 100 repetitions. When temporal resolution is high 
(<10 seconds), Multitasking approach showed best performance in the estimation of PK parameters, 
producing the smallest bias and standard deviation for both tissues and all parameters.  
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3.3.3 In vivo measurements 

Figure 3.6 shows typical multi-dimensional images from Multitasking DCE in both 

coronal orientation, which provides an excellent view of entire carotid vessel along the 

direction of flow, and transversal orientation, which is useful for visualizing lumen and 

vessel wall condition. As previously states, there are 1,008 DCE phases, each of which 

contains 52 SR times in the proposed protocol. Figure 3.6 shows SR = 309 ms and SR = 

Fig 3.5: Phantom measurements. (A): T1 mapping of the pre- and post-contrast phantoms using Multitasking 
DCE and reference IR-SE. (B): Comparison of T1 quantification using the proposed Multitasking DCE versus 
a standard reference method (IR-spin echo). The solid black line represents y = x while the dashed red lines 
stands for the regression of the results from two methods (𝑹𝟐 = 	𝟎.𝟗𝟔). The error bar shows the standard 
deviation for each measured T1. (C): The Bland–Altman plot shows reproducibility of the T1 measurement of 
the proposed protocol measured on two different days. Solid line and dashed lines indicate the means and 
standard deviation of the T1 values between different measurement, respectively. 
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595 ms (the final SR time) for three representative DCE phases: pre-contrast, peak-

enhanced, and wash-out. Table 3.3 lists the comparison of T1 values between 

Multitasking DCE and MOLLI reference for healthy subjects. 

 

 

 

 

 

 

 

 

Fig 3.6: Representative image set from a study of a normal subject using the proposed method. Multi-phase 
images are reconstructed with the LRT framework in the SR dimension (images at different SR times) and 
dynamic enhancement dimension (images at different time after injection). Zoomed-in images are the 
transversal view of the locations marked by yellow lines. Multiple SR phases allows T1 quantification and direct 
estimation of contrast concentration. Three key DCE phases are shown along horizontal axis, including pre-
injection, peak enhancement, and washing out. DCE temporal footprint is 1.2 s.  
 

Table 3.3: MOLLI reference values in healthy subjects   
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Representative voxel-wise T1 fitting and conversion to CA concentration are 

illustrated in Figure 3.7. Subsequently, example parametric maps are shown in Figure 3.8. 

Figure 3.8 (A) shows a case of a normal subject with thin vessel wall. Figure 3.8 (B) and 

(C) show T1 weighted images and PK parameter maps from a patient with lipid-rich 

necrotic core and one with intra-plaque hemorrhage, respectively. The plaque 

composition was diagnosed clinically with the pre-contrast T1 TSE, T2 TSE and post-

contrast T1 TSE images.  

Bland–Altman plots in Figure 3.9 illustrate the inter-session repeatability of the PK 

parameters vp, Ktrans, ve and AUC of the proposed method. The CV of vp, Ktrans, ve and 

AUC were 4.62%, 4.24%, 3.50%, and 2.16%, respectively. The ICC of vp, Ktrans, ve and 

AUC were 0.83, 0.87, 0.92, and 0.94, respectively. 

Fig 3.7: Real-time signal evolution of three representative tissues from a healthy subject. The zoom-in area in 
the image of blood signal shows the SR curves during the peak enhancement. (B) Dynamic T1 mapping based 
on the SR information. (C) Contrast agent concentration curves derived directly from the T1 mapping 
according to contrast media relaxivity. 
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Fig 3.8: Real-time signal evolution of three representative tissues from a healthy subject. The zoom-in area 
in the image of blood signal shows the SR curves during the peak enhancement. (B) Dynamic T1 mapping 
based on the SR information. (C) Contrast agent concentration curves derived directly from the T1 mapping 
according to contrast media relaxivity. 

Fig 3.9: Real-time signal evolution of three representative tissues from a healthy subject. The zoom-in area 
in the image of blood signal shows the SR curves during the peak enhancement. (B) Dynamic T1 mapping 
based on the SR information. (C) Contrast agent concentration curves derived directly from the T1 
mapping according to contrast media relaxivity. 
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Table 3.4 lists the mean and standard deviation measurements of vp, Ktrans, ve and 

AUC in both the control group and patient group. The results for both groups were 

generally in agreement with published values from literature 70,96. The ANOVA showed 

that vp, Ktrans and AUC were significantly higher in the patient group than in the control 

group (P = 0.034, <0.001, <0.001, respectively).  

 

 

 

 

 

 

 

 

 

Table 3.4: Kinetic modeling properties in healthy subjects (n = 14) and patients with known carotid 
atherosclerosis (n = 7). For vp, Ktrans and AUC the mean values of patient group were significantly higher 
than the mean value of healthy group 

Fig 3.10: Effects of motion removal in the proposed method. Abrupt motion is a common issue in DCE 
studies. Without motion removal, images may be corrupted by artifacts. Reconstructed images with motion 
removal shows sharper and superior delineation of different tissue types. (A) is an image corrupted by 
motion artifacts. The set of red arrows mark a blurry structure. The dashed yellow arrow marks a vessel with 
corrupted contrast.  (B) is the image from the same subject after motion removal. The area marked by red 
arrows has much clearer structure. The vessel marked by dashed yellow arrow has more reasonable 
contrast and better delineation 
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3.3.4 Effects of motion removal 

Figure 3.10 shows an example of a motion-corrupted image (A) and the 

corresponding image after motion removal (B). The image quality parameters before 

motion removal is: SNRblood=16.7, SNRvessel wall = 7.2, CNR = 9.5, sharpness = 2.68mm-1 

(The signal intensity was normalized). After motion removal, the parameters are: SNRblood 

= 74.8, SNRvessel wall = 30.4, CNR = 44.4, sharpness = 4.71mm-1. All the parameters are 

substantially higher after motion removal, indicating better image quality and vessel wall 

delineation.  

 

 

 

 

 

 

 

Fig 3.11: Reproducibility at different temporal resolution. The reproducibility between two scans was 
evaluated at different temporal resolutions retrospectively. The chosen temporal resolutions were 595 
ms, 1.2s, 1.8s, 2.4s, 3.6s, 4.8s, and 7.2s. When temporal resolution<1s, the average reproducibility was 
not as good because of the reduced SNR. When temporal resolution>3s, the reproducibility decreased 
due to the worse depiction of fast-changing dynamic information. The best reproducibility achieved when 
temporal resolution = 1.2s 
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3.3.5 Inter-session repeatability at different temporal resolution 

Figure 3.11 illustrates the mean absolute interscan differences of vp, Ktrans and ve 

at different reconstructed temporal resolutions. Measurements of Ktrans and ve were most 

repeatable at the temporal resolution of 1.2 s, yielding interscan difference 4.2% and 0.9%, 

respectively, while vp was most repeatable at the temporal resolution of 595 ms with 8.6% 

interscan difference. On average, the parameters were most repeatable at the temporal 

resolution of 1.2 s with the mean interscan difference (the mean value of the interscan 

difference of vp, Ktrans and ve) of 4.7%.  

 

3.4 Discussion 

In this study, we presented a novel Multitasking DCE MRI method for the carotid 

artery. We achieved high spatial resolution, high temporal resolution, and complete 

carotid coverage with fully quantified T1 dynamics in a single 10-min scan. The feasibility 

of the proposed method was demonstrated in phantoms and in vivo.  

Compared with previous work on carotid vessel wall DCE, the proposed method 

has multiple advantages. First, this technique allows 3D acquisition with large anatomical 

coverage and isotropic resolution at 0.7 mm. Previous findings showed that the imaging 

of carotid vessel wall requires a spatial resolution of at least 0.5–0.7 mm to capture the 

complex structure of plaque with limited partial volume artifacts and sufficient vessel 

wall/lumen delineation23,112-114. In most existing DCE protocols, the in-plane resolution 

can meet this requirement; however, slice thickness is typically equal to or larger than 2 

mm in order to maintain sufficient SNR in 2D acquisitions94,96, where lesions delineation 

would be compromised. In our method, the high isotropic spatial resolution would 
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significantly alleviate the limitation. It also allows flexible reformats of the images from any 

orientation, rendering optimal lesion visualization, especially in cases where the lesion is 

highly irregular and heterogeneous. Combined with the large anatomical coverage, the 

proposed method allows a comprehensive assessment of the disease extent.  

Secondly, the proposed method can achieve a temporal resolution up to 595 ms, 

which can potentially capture the important dynamic information for AIF during the 

contrast enhancement76,77. The inter-session repeatability of PK parameters at different 

temporal resolutions were evaluated, indicating a temporal resolution at 1.2 second yields 

the best repeatability. The decreased repeatability at 595 ms was possibly due to its 

reduced SNR. When temporal resolution was higher than 1.2s, repeatability tended to 

decrease along with the decrease of temporal resolution, probably due to the obscure of 

the dynamic information. A major limitation of the current evaluation of temporal resolution 

is that the sample size is relatively small. Future evaluation with larger group of subjects 

is needed.  

Thirdly, the CA concentration in Multitasking DCE is directly quantified by means 

of dynamic T1 mapping, as opposed to a linear approximation of contrast concentration 

from T1-weighted signal intensity (as in most of the current methods). The numerical 

simulation demonstrated the feasibility of the dynamic T1 mapping and the subsequent 

PK estimation using the proposed technique. To our knowledge, this is the first 3D 

protocol enabling dynamic T1 quantification.  

The scan time in this work was set to be 9.8 min to collect sufficient data for the 

LRT reconstruction. In the recovery of the spatial coefficient 𝐔, insufficient data can result 

in decreased image quality and reduced accuracy of the parametric fitting. In the future, 
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additional source of acceleration, such as partial Fourier acquisition may be adopted to 

further reduce the scan time. 

The estimates of the PK parameters vp, Ktrans, ve of control and patient groups are 

in line with the values published in literatures22,70,94-96. Among them, vp and Ktrans has been 

shown in a number of studies to correlate with the histological markers of inflammation86. 

In this work, vp and Ktrans in the patient group are both significantly higher than in the 

control group, which is consistent with previous studies. The correlation between ve and 

inflammation biomarkers in carotid atherosclerosis has not been fully demonstrated yet. 

Besides, the estimate of ve can be largely influenced by the total scan time because it 

relies on the presence of significant reflux. Previous work showed that a 7-min imaging 

period after CA administration is not enough to accurately estimate ve97. Further 

investigations are needed to reveal the response of ve in the inflammation of carotid 

atherosclerosis.  

The proposed method requires further validation with histology. The capability of 

the proposed protocol in quantitatively assessing vasa vasorum was evaluated through 

the inter-session repeatability of the PK parameters. In addition, the consistency of the 

PK parameter values in our study and previously published literature is a support for the 

potential clinical value of the proposed protocol. In future, histological verification would 

elucidate the potential advantages of the proposed method in the diagnostic performance, 

including sensitivity, specificity, etc. compared with more conventional DCE approaches. 

 A potential limitation of the proposed technique is the lack of a black blood phase 

for vessel wall identification. The sequence we used in this work combined SR 

preparation and FLASH readouts. With SR preparation, the signal for all tissue types was 
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always positive during the recovery evolution. Any residual signal from the previous 

recovery period was reset to zero by the SR pulse, eliminating spin history issues during 

dynamic T1 mapping. In our study, the rim of the vessel wall was identified from the pre-

contrast gray-scale images and the pre-contrast T1 maps generated with our method. In 

the future, inversion recovery preparation could be used in place of SR preparation, which 

would additionally yield black blood images at the blood null point for any DCE phase, 

potentially allowing better vessel wall identification. However, additional factors should be 

taken into consideration with inversion recovery. The extension of the magnetization 

recovery time to accommodate the full IR period could be subject to inflow effects. Also, 

during the dynamic process, residual magnetization would be carried over to subsequent 

recovery periods, which would have to be accounted for during T1 mapping. 

 

3.5 Conclusion 

We have demonstrated that the proposed Multitasking DCE MRI of carotid arterial wall is 

feasible with dynamic T1 mapping to achieve high spatiotemporal resolution and entire 

carotid coverage at the same time. The proposed method showed accurate T1 

quantification, and robustness to motion in studies on phantom and healthy subjects. 

Preliminary patient studies were promising, and further validation is warranted in a larger 

clinical population.  
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CHPTER 4: SIX-DIMENSIONAL MULTITASKING DCE OF ENTIRE ABDOMEN: 

METHODS AND APPLICATION TO PANCREATIC DUCTAL ADENOCARCINOMA 

(PDAC) 

 

4.1 Introduction 

Pancreatic ductal adenocarcinoma (PDAC) represents 95% of malignant 

pancreatic cancers115, which is the 3rd leading cause of cancer-related deaths in the 

US116,117.  PDAC has an unusual microenvironment characterized by a highly 

desmoplastic stroma encompassing up to 90% of the tumor; regions with hypoxic 

tissue; interstitial hypertension; and heterogeneous vascularization including low MVD 

and reduced blood flow in the lesion area inherently resistant to treatment25. Due to 

technical challenges for early detection16,118-120, approximately 60% of patients at the 

first diagnosis are deemed unable to receive macroscopic complete tumor resection, the 

only curative treatment option for PDAC121. Those patients who are ineligible for surgery 

will receive neoadjuvant chemotherapy or radiotherapy. However, the lack of effective 

approaches for early assessment of response to these therapies prevents optimization 

of the treatment design for each individual. The abovementioned reasons contribute to a 

dismal 5-year survival rate of 8%122.  

Because of its superior soft-tissue contrast, MRI plays a significant role in the 

detection, staging, and treatment management of PDAC15,123,124.The clinical protocol 

includes T1W GRE imaging, T2W TSE imaging, DWI, and multi-phasic DCE MRI as 

introduced in Section 1.2.1. Multi-phasic DCE MRI has shown superior accuracy in the 

clinical evaluation of PDAC. To improve the quantification of vascular properties, 
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quantitative DCE MRI has also been introduced to investigate PDAC. Several studies 

have reported that Ktrans and ve are positively correlated with MVD and fibrosis in PDAC, 

respectively24,25. Other works have shown that quantitative DCE MRI can characterize 

PDAC and monitor treatment response29,30. 

However, abdominal DCE MRI continues to face demanding technical 

challenges, including the requirement to handle respiratory motion, the sub-optimized 

protocol due to the trade-off between spatial resolution, temporal resolution, and spatial 

coverage, and the difficulties to accurately quantify CA concentration, the as stated in 

Section 1.324,29,30,125,126 36,37,69. To address the challenges, we improved the Multitasking 

DCE technique to perform 6-dimensional (6D) quantitative imaging with three spatial 

dimensions, a saturation recovery dimension, a respiration dimension, and a DCE time 

dimension. It achieves respiratory-motion-resolved, high-temporal-resolution T1 

quantification of the entire abdomen in a 10-min free-breathing scan, followed by the 

derivation of contrast agent concentration and PK modeling. To our knowledge, this is 

the first abdominal DCE MRI method that simultaneously allows for 3D true free-

breathing acquisition, 1-s temporal resolution, and dynamic T1 mapping.  

 

4.2 Methods 

4.2.1 Sequence design  

Similar as in Chapter 3, 3D segmented FLASH readouts following periodic non-

selective saturation-recovery (SR) preparation were used to acquire data at various SR 

times for dynamic T1 quantification127. Fat signal was suppressed by using water 

excitation for the FLASH readouts. Images were acquired in a transversal orientation, 
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covering the abdomen from the liver dome to the iliac crest. A 3D Cartesian trajectory 

with randomized Gaussian reordering in both phase (𝑘Ñ) and partition (𝑘Ò) encoding 

was implemented to incoherently undersample k-space127. The collection of one center 

k-space line was interleaved with the collection of 7 imaging lines, yielding a sampling 

period of 45 ms for the training data. The orientation of the center k-space line was 

modified to the superior-inferior direction (partition encoding direction, 𝑘& = 𝑘Ñ = 0) for 

the improved capture of respiratory motion. 

 

4.2.2 Image reconstruction 

In this work, the 6-dimensional image of abdominal Multitasking DCE 𝑎(𝐱, 𝜏, 𝑡{, 𝑡�) 

with three spatial dimensions 𝐱 = [𝑥	𝑦	𝑧]M and three time dimensions (saturation 

recovery time 𝜏, respiration motion 𝑡7, and DCE time course 𝑡D) can be expressed as a 

4-way tensor 𝒜, which matrix notation is: 

𝐀(+) = 𝐔𝐆(+)(𝐐⨂𝐖⨂𝐕)M,																																																													(4.1) 

where the columns of 𝐔, 𝐕, 𝐖 and 𝐐 contain the basis functions for 𝐱, 𝜏, 𝑡7, and 𝑡D, ⨂ 

denotes the Kronecker product, and the subscript (𝑖) denotes the mode-𝑖 flattening of 

the tensor128. The image tensor is recovered by sequentially determining each factor79. 

 

4.2.2.1 respiratory motion identification 

To determine the respiratory motion states for each time point, dynamic images 

with a single time dimension were first generated using an explicit low-rank matrix 

imaging strategy, with the one temporal dimension 𝑡 (elapsed time) representing a 

mixture of saturation recovery times, respiratory states and dynamic CA changes: 
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𝑎(𝐱, 𝑡) = 	Å𝑢7G,ℓ(𝐱)𝜙7G,ℓ(𝑡)
º

ℓ©+

,																																																									(4.2) 

where the single-time-dimension temporal basis function {𝜙7G,ℓ(𝑡)}ℓ©+º  was estimated 

from the singular value decomposition (SVD) of the training data. Following this, the 

spatial coefficients {𝑢7G,ℓ(𝐱)}ℓ©+º  were recovered by fitting the {𝜙7G,ℓ(𝑡)}ℓ©+º  to the collected 

imaging data using a conjugate gradient least-squares algorithm82.  

 

 

 

 

 

Due to the relatively short SR repetition time (500 ms) in this work compared to a 

typical respiratory cycle (~3s), only the single-time-dimension images at the last 

saturation time of every SR period were used for respiration binning to avoid binning 

Figure 4.1: Respiratory binning scheme. (A) A narrow bar-shaped ROI in the head-foot direction was 
manually drawn on top of the liver-air interface. (B) The signal at each last-TI phase within the ROI was 
averaged over left-right direction as a 1D projection. The 1D projection over the duration of the scan 
formed a 2D spatial-temporal profile showing the location changes of the liver dome. (C) The position 
of the liver dome was extracted and then divided into 6 respiratory bins 
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errors introduced by variable T1 weighting. A narrow bar-shaped ROI in the head-foot 

direction was manually drawn on top of the liver-air interface. The signal at the last-

saturation time points within the ROI over the duration of the scan formed a 2D spatial-

temporal profile showing the location changes of the liver dome. After thresholding out 

the noise from the background, the position of the liver dome was extracted and then 

divided into 6 respiratory bins. The bins at other saturation times were then interpolated 

using a nearest-neighbor scheme. Figure 4.1 illustrates the scheme of the respiratory 

motion identification. 

 

4.2.2.2  Respiratory motion compensation 

To augment the correlation between images across different respiratory bins with 

minimal increase in the computational complexity, inter-bin translational registration was 

applied to the k-space data. To estimate translational motion, a template image of each 

bin was first obtained by averaging the single-time-dimension images within each 

respiratory state. The template image from end-expiration was set to be the reference, 

denoted as 𝐚78,; the template images from the other five bins are denoted as 𝐚¶, 𝑖 ∈

1,2,⋯ ,5. The translation vector 𝑏¶ between the moving bin 𝑖 and the reference was 

estimated as 

𝑏.Ö = argmax
ñ¼

𝑀𝑡C𝐅L+C𝐏(𝑏¶) ∘ (𝐅𝐖𝐚¶)F, 𝐚78,F, 																																									(4.3) 

with spatial Fourier transform 𝐅, a weighting window 𝐖 that emphasizes the signal from 

moving organs of interest and reduces the signal from surrounding static muscle, linear 

phase modulator 𝐏(𝑏¶) (the k-space operation equivalent to image-domain translation), 
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and mutual information metric 𝑀𝑡(⋅,⋅). The k-space data was then directly compensated 

by applying 𝐏(𝑏¶) to all k-space lines corresponding to the 𝑖th respiratory bin.  

We note that the purpose of respiratory motion compensation was not to erase 

the difference of images between respiratory bins, but to increase the image correlation 

by moving them to a similar location, thereby improving image quality129. The superiority 

of respiratory motion compensation was tested by comparing the SNR in the pancreas 

and sharpness of the pancreas boundary with and without compensation using a one-

tailed t-test. The sharpness of the boundary was estimated using the rise-distance 

method109.  

 

4.2.2.3 Tensor subspace estimation 

Following respiratory motion identification and compensation, the next stage is to 

recover the multi-dimensional temporal factor 𝚽 = 𝐆(+)(𝐐⨂𝐖⨂𝐕)M from the training 

data.  

As described in Section 2.5.3 and Section 3.2.3, the first step is to pre-determine 

the T1 recovery basis functions in 𝐕 from a dictionary of SR signal curves with 101 T1 

values logarithmically spaced from 100 ms to 3000 ms, 17 flip angles from 6° to 14° in 

half-degree increments, and 21 saturation pulse angles linearly spaced from 60° to 

120°. The T1 recovery factor 𝐕 was directly extracted by applying SVD on the 

dictionary. 

In the second step, the temporal tensor was recovered based on acquired 

training data 𝐝G7 and the pre-determined 𝐕. The training data were not available from 

every combination of respiratory state, SR time, and DCE phase, so the training data 
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tensor was highly undersampled. In addition, a motion removal scheme described in 

Chapter 3127 was implemented to further remove outlier readouts corresponding to 

abrupt motion. The undersampled training data tensor was completed by solving: 

𝒟ÖG7 = arg min
𝐃ËÌ,(²)	∈	7>A×8(𝐕)

‖𝐝G7 − ΩG7(𝒟G7)‖"" + 𝜆 Å Ä𝐃G7,(¶)Ä∗
¶©+,±,³

+ 𝑅(𝒟G7)															(4.4) 

In this work, 𝑅(⋅) was chosen as temporal total variation (TV) along the respiratory and 

DCE dimensions: 𝑅(𝒟G7) = 𝜆±Ä𝛁𝐃G7,(±)Ä+ + 𝜆³Ä𝛁𝐃G7,(³)Ä+, where 𝛁 is the finite-difference 

operator. With the completed 𝒟ÖG7, the core-tensor 𝒢, respiratory basis functions 𝐖, and 

DCE time course basis functions 𝐐 can be extracted using the higher-order SVD 

(HOSVD)130, which provides 𝚽 = 𝐆(+)(𝐐⨂𝐖⨂𝐕)M. 

 

4.2.2.4 Spatial coefficient recovery 

With a known temporal subspace spanned by the rows of 𝚽, the spatial factor 𝐔 

can be recovered by solving the following optimization problem: 

𝐔Ö 	= argmin
𝐔
‖𝐝 − Ω(𝐅𝐒𝐔𝚽)‖"" + 𝑅(𝐔)																																													 					(4.5) 

𝑅(⋅) employs the anisotropic spatial TV: 𝑅(𝐔) = 𝜆∑ Ø +
3&
‖𝛻&{𝑢ℓ(𝐫)}‖+ +ℓ

+
3Ñ
Ä𝛻Ñ{𝑢ℓ(𝐫)}Ä+ +

+
3Ò
‖𝛻Ò{𝑢ℓ(𝐫)}‖+Ù, where, e.g., Δ𝑥 is the voxel width in 𝑥 and 𝛻&{⋅} is the 

finite difference operator along 𝑥. The final result of the reconstruction produces the 6-

dimensonal image with full T1 recovery curves for every combination of the respiratory 

states and multiple DCE phases.  

 

4.2.3 Dynamic T1 quantification and PK modeling 
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Pixelwise dynamic T1 quantification was performed using the algorithm 

described in Section 3.2.4. Subsequently, the vascular properties were evaluated with 

the extended Tofts model (Equation 2.21) 131.  

 

4.2.4 Imaging experiments 

4.2.4.1 Imaging protocol 

All studies were performed on a 3T clinical MR scanner (Biograph mMR, 

Siemens Medical Solutions, Erlangen, Germany) with a 12-channel phase array surface 

coil. In the imaging session, a routine protocol was first acquired for pancreas 

delineation and tumor definition. It included 3D T1W volumetric-interpolated-breath-

holding imaging (T1-VIBE)  with Dixon fat suppression in axial orientation, multi-slice 

T2W half-Fourier acquisition single-shot turbo spin-echo (T2-HASTE) in axial and 

coronal orientations, and multi-slice single-shot echo-planar imaging (SS-EPI) DWI. A 

2D MOLLI132 sequence in oblique planes covering as much PDAC tumor mass as 

possible was obtained as the reference for in-vivo T1 mapping. Following these 

sequences, the Multitasking DCE sequence was performed. The protocol was designed 

to cover the entire abdomen from the dome of the liver to the iliac crest. Each SR period 

was 500 ms with saturation times from 5.6 ms to 470.4 ms with an increment of 5.6 ms 

for T1 quantification. The SR period was repeated 1200 times in a scan of 10 min. The 

DCE bin duration was selected to be 1 s by combining two SR periods, striking a 

balance between temporal resolution and SNR127. Gd contrast agent (Gadavist, 0.1 

mmol/kg, Bayer Schering Pharma) was administrated intravenously 2 minutes into the 

scan at a rate of 2 mL/s, followed by a 20 mL saline flush at the same rate. Immediately 
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at the end of this sequence, post-contrast MOLLI at the same slice location as pre-

contrast MOLLI was collected. Detailed imaging parameters for the protocols are 

summarized in Table 4.1.   

 

 

 

4.2.4.2 Phantom study 

The phantom study was performed on the ISMRM/NIST MRI system phantom 

(Model 130, High Precision Devices)133 to validate the T1 mapping accuracy of the 

proposed Multitasking DCE technique. The T1 layer with T1 varying from 50 ms to 2000 

ms was selected for data analysis. As a reference, a standard 2D IR-SE sequence with 

TR = 10000 ms and seven different inversion times (23, 100, 400, 900, 1600, 2200, 

3000 ms) was also acquired at the center of the T1 layer with parameters: FOV = 

220´220 mm2, in-plane spatial resolution = 1.2 mm, slice thickness = 6 mm. Two 

Table 4.1: List of imaging parameters 
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experiments with the same protocols were conducted on two separate days to assess 

the inter-session repeatability of T1 measurements in Multitasking DCE.  

 

 

 

 

4.2.4.3 In vivo study 

The in vivo study was approved by the local institutional review board. Written 

informed consent was obtained from all participating subjects before scanning. The 

study population included both healthy subjects (as the control group) and patients with 

PDAC. Sixteen volunteers (8 females; aged 23 to 60 years old) without a history of 

Table 4.2: Size and location of the tumor for all the patients. The size of the tumor is defined as the largest 
diameter in axial CT images according to RECIST 1.1 criteria. 
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pancreatic disease were recruited as the control group; 8 of them were able to come 

back for a second scan with the same protocol on a different day (with at least one 

week apart from the first scan) for the assessment of inter-session repeatability.  

For the patient study, the inclusion criteria were the presence of pathologically 

confirmed PDAC and tolerance to MRI and Gd-based contrast agent. Patients who had 

previously undergone pancreatic surgery were excluded from the study. The final 

patient group included 14 patients (7 females; aged from 51 to 77 years old). The mean 

size of the tumors, defined as the largest diameter in axial CT images according to 

RECIST 1.1 criteria, is 3.9 cm, ranging from 1.6 cm to 6.7 cm. The detailed size and 

location information of the tumor in the patient group are provided in Table 4.2. The 

previous clinical CE-CT scans and diagnosis reports for all patients were also obtained 

for tumor definition.  

 

4.2.5 Image analysis 

Post processing was performed off-line in MATLAB. The pancreas boundary of 

each subject was defined based on the T1-VIBE images from the same session. 

Dynamic T1 fitting and PK modeling were performed on all the slices involving 

pancreas, for all subjects.  

In the control group, the PK parameters vp, Ktrans, ve, and Kep obtained for each 

subject are the mean values of all the voxels within the pancreas throughout multiple 

slices. For the patient group, the tumor boundary was identified by a radiologist (LW) 

with 11 years of experience in reading MR images for PDAC, by cross-referencing T1-

VIBE, T2-HASTE, SS-EPI, and clinical CE-CT images. The PK parameters for PDAC 
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were the mean from all voxels within the tumor. The ROI for the non-tumoral area 

included all the voxels in the pancreas but outside the tumor.  

 

4.2.6 Statistical analysis 

Statistical analysis was conducted in SPSS (Version 24, IBM, NY, USA). The T1 

measurement agreement between the Multitasking DCE and reference methods for 

both phantom and in vivo studies were evaluated by the intraclass correlation coefficient 

(ICC) and paired t-tests. The inter-session repeatability  of the proposed technique was 

assessed on the repeated data from the 8 healthy volunteers who were scanned twice 

on separate days. Bland-Altman analysis, ICC and coefficient of variation (CoV) of the 

four PK parameters vp, Ktrans, ve and Kep were obtained. 

A significance test using one-way unbalanced ANOVA was applied to identify the 

significant difference of each PK parameter obtained between (1) PDAC tumor mass 

and non-tumoral pancreatic tissue in the patient group, (2) PDAC tumor mass in the 

patient group and normal pancreatic tissue in control group, and (3) non-tumoral 

pancreatic tissue in the patient group and normal pancreatic tissue in control group. 

Holm-Bonferroni correction was also implemented to correct familywise error between 

this multi-group test.  

 

4.3 Results 

4.3.1. Phantom measurements 

The colormaps in Figure 4.2 (A) display the T1 maps from the Multitasking DCE 

and reference IR-SE sequence. Figure 4.2 (B) shows the linear regression of the T1 
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measurements between the two methods, indicating that the T1 values from 

Multitasking DCE were in good agreement with reference values (linear regression 

slope = 0.972, R2 = 0.970, ICC = 0.999). Across all spheres in the phantom, the T1 

measured using Multitasking DCE shows no significant difference with the T1 measured 

by IR-SE (P = 0.073). The inter-session repeatability of the T1 mapping in Multitasking 

DCE was illustrated in Figure 4.2 (C). The mean absolute interscan differences were 

2.55% with a relatively low CoV (9%), indicating that the T1 mapping of Multitasking 

DCE is repeatable. 

 

 

 

 

Figure 4.2: Phantom measurements. (A) T1 maps from the Multitasking DCE and reference IR-SE sequence 
of the T1 layer of ISMRM/NIST MRI system phantom. (B) Regression of T1 of the proposed Multitasking 
DCE versus IR-SE. The solid line represents y = x while the dashed lines stands for the regression of the 
T1 from two methods ( 𝑹𝟐 = 	𝟎.𝟗𝟕𝟎 ). (C) The Bland–Altman plot shows reproducibility of the T1 
measurement of the Multitasking DCE measured on two different days. Solid line and dashed lines indicate 
the mean value and 1.96 of standard deviation of the T1 between different measurements, respectively. 
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Figure 4.3: Effect of respiratory motion compensation. The images without and with respiratory 
compensation are shown at two DCE phases, one pre-contrast phase and one post-contrast phase. The 
CA concentration curve of pancreas are displayed. Images with compensation show less artifacts and 
improved structure delineation. The red thick arrows mark the pancreas, which is much sharper with less 
artifacts for both pre-contrast images with compensation. The yellow thin arrows mark small vessels, 
which shows clearer boundary and improved contrast on images with motion compensation. The green 
dashed arrows point out that the CA concentration curve with compensation is much cleaner with less 
oscillation. 

Table 4.3: Comparison of SNR and SHP without motion compensation (NMC) and with motion 
compensation (MC) over all the cases (N = 30). One-tailed t test were applied and the P value are listed. 
The equilibrium phase is td = 4 min, where td is the time after injection 
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4.3.2. Effect of respiratory motion compensation 

The respiratory motion compensation scheme was applied to all subjects. Figure 4.3 

compares the image quality and CA concentration curves in the pancreas with and 

without respiratory motion compensation in a representative subject. The subject had an 

irregular respiratory pattern with non-uniformly distributed bins, resulting in poor image 

quality at bins with fewer image lines. In this example, respiratory motion compensation 

increased the inter-bin image correlation and thus improved image quality. The CA 

concentration curve with motion compensation is much cleaner with less oscillation from 

respiratory motion.  SNR and sharpness (SHP) measurements before and after motion 

compensation for both pre-contrast and equilibrium phases (td = 4 min) are listed in 

Table 4.3 for comparison. A one-tailed t-test shows that motion compensation produced 

significantly superior SNR in the pancreas and SHP of the pancreas boundary (P = 

0.006, 0.008, 0.013, <0.001, respectively).  

 

4.3.3. In vivo measurements 

The in vivo protocol including the conventional protocols and Multitasking DCE was 

successfully applied to all healthy volunteers and patients. A demonstration of the 6-

dimensional images from Multitasking DCE is shown in Figure 4.4. As we described 

above, the DCE bin duration in the reconstruction was chosen to be 1 s, yielding 600 

DCE phases, each of which contains 84 saturation times. Combined with 6 respiratory 

bins, the reconstructed image tensor possesses a total of 600´84´6=302400 

timepoints, each corresponding to a 3D (3 spatial dimensions) image volume. Figure 3 

displays the images in either coronal or axial orientation at four key DCE phases (pre-
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contrast phase, arterial phase with td = 20 s, venous phase with td = 60 s, and 

equilibrium phase with td = 4 min) at two saturation times and two respiratory states. 

Coronal orientation provides an appropriate view of the respiratory motion, while axial 

orientation shows excellent pancreas delineation. Video S1 in the supplementary 

materials further demonstrates the 6D images from Multitasking DCE. 

 

 

 

 

 

 

 

 

 

Figure 4.4: Representative 6D images with 3 spatial dimensions, a SR dimension, a respiratory 
dimension and a DCE time course. Images are displayed at pre-contrast phase, arterial phase (td = 20 
s), venous phase (td = 60 s),  and equilibrium  phase (td = 4 min). For each DCE phase, images of end-
inspiration (bin 1) and end-expiration (bin 6) phases at 𝝉 = 470 ms are shown in coronal orientation; 
images of different saturation recovery time 𝝉 (𝝉 = 168 ms and 𝝉 = 470 ms) at end-expiration phase are 
shown in transversal view with clear pancreas delineation. td is the time from injection 
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Figure 4.5: Transformation from signal intensity to contrast agent concentration. (A) Representative 
signal profiles of blood, normal pancreas and PDAC displayed at end expiration. The zoom-in area in 
the image of blood signal shows the SR curves during the peak enhancement. (B) Dynamic T1 
mapping based on SR periods. (C) Contrast agent concentration curves derived directly from the T1 
mapping according to contrast media relaxivity 

Figure 4.6: Representative maps of kinetic parameters of a 32-year-old subject in control group (A) and a 
57-year-old subject with PDAC marked by yellow solid circle (B). The gray-scale image in each case is a 
transversal slice with excellent pancreas delineation at the arterial phase. The overlaid color maps display 
vp, Ktrans, ve, and Kep of the pancreas. In (B), the tumor region has lower vp, Ktrans, Kep and higher ve than the 
surrounding non-tumoral regions. The area marked by the red dashed line in (B) is a hypo-enhancing cyst. 
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The typical process of the conversion from dynamic signal to CA concentration is 

illustrated in Figure 4.5. Figure 4.5 (A) displays example signal intensity curves over all 

saturation times and DCE phases at end-expiration, displaying blood, normal pancreas, 

and PDAC mass. Figures 4.5 (B) and (C) show the corresponding dynamic T1 curves 

and contrast agent concentration curves for each of these tissues. The shape of the 

concentration curves is consistent with the findings in other studies24.  

The agreement of in vivo T1 measurements between Multitasking DCE and 

MOLLI was assessed for normal pancreas in the control group (denoted as control), 

PDAC mass in the patient group (denoted as tumor), and non-tumoral areas (denoted 

as non-tumor) in the patient group (Table 4.4). The ICC of the three categories for pre-

contrast T1 (ICC = 0.820, 0.904, 0.973, respectively) and post-contrast T1 (ICC = 0.924, 

0.958, 0.922, respectively) indicate good agreement of in vivo T1 measurements 

between Multitasking DCE and MOLLI; the P values given by paired t-tests for the three 

categories are 0.024, 0.180, 0.428, respectively, for pre-contrast T1, and is <0.001, 

0.013, 0.043, respectively, for post-contrast T1. 

Examples of the PK parametric maps are shown in Figure 4.6. Figure 4.6 (A) 

shows a healthy subject with a normal pancreas. The gray-scale images display the 

anatomical structure of a representative slice at the last saturation time of the arterial 

phase. The overlaid color voxels show the results of parametric mapping. Figure 4.6 (B) 

represents a PDAC case with tumor located within the pancreatic body. The tumor 

mass was marked by a yellow boundary on the gray-scale images by the radiologist, 

and a benign cyst is marked by a dashed red boundary.  
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The inter-session repeatability of the PK parameters from our proposed 

Multitasking DCE method was also evaluated, with Bland-Altman plots shown in Figure 

4.7. The ICC of vp, Ktrans, ve and Kep were 0.95, 0.98, 0.96, and 0.98, respectively. The 

CoV of the four parameters were 7.2%, 5.1%, 5.0%, and 2.6%, respectively.  

Figure 4.8 contains a bar graph showing the mean and standard deviation 

measurements of vp, Ktrans, ve and Kep from the control, tumor, and non-tumor regions. 

The results for all categories were in general agreement with published values from 

literature24,25,29,30. An ANOVA analysis and Holm-Bonferroni tests indicated that all four 

parameters were significantly different between tumor with non-tumor (P = 0.002, 0.003, 

<0.001, 0.004, respectively) and between tumor and control (P = 0.0011, <0.001, 

<0.001, <0.001, respectively). The Ktrans, ve and Kep between non-tumor and control also 

showed a significant difference (P <0.001, <0.001, =0.003, respectively). Detailed 

results of the statistical analyses are listed in Table 4.5.  

Table 4.4: Comparison of in vivo T1 measurements between Multitasking DCE and MOLLI. The mean values 
and standard deviation of pre- and post-contrast T1 from Multitasking DCE and MOLLI are listed for healthy 
pancreas in control group, tumor and non-tumoral regions in patients. The ICC and P value by paired t-test 
between T1 measured by MOLLI and Multitasking are provided. The ICC of each category indicates good 
agreement of in vivo T1 measurement between Multitasking DCE and MOLLI. 
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Figure 4.7: Bland-Altman plots evaluating the in vivo reproducibility of the kinetic parameters from 
Multitasking DCE on the eight subjects in control group who received the scan twice on separate days. 
The solid lines indicate the mean bias and the dashed lines indicate the 95% limit of agreement. The 
ICC and CoV of each parameter are listed on top of the corresponding plot 
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Figure 4.8: Bar graph showing the mean value and standard deviation of vp, Ktrans, ve, and Kep for control 
group, tumor and non-tumoral regions in patient group. The P values between each pair by one-way 
unbalanced ANOVA with Holm-Bonferroni correction are marked on top of the bar graph. All the four 
parameters were significantly different in the comparison between tumor and control and between tumor 
and non-tumor. The Ktrans, ve and Kep between control and non-tumor also showed significant difference. 

Table 4.5: Statistical result of vp, Ktrans, ve, and Kep for control group, tumor and non-tumoral regions in 
patient group. * indicate statistical significance 
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4.4 Discussion 

DCE MRI has been widely applied in the study of permeability properties of 

lesions in oncology, especially in tumors of breast and pelvic organs32,134-137. 

Investigations have reported that permeability parameters derived from DCE MRI are 

associated with the histologic criteria24,30,134-136. However, only a limited number of 

studies have performed DCE MRI in the upper abdomen due to the challenges of 

adequate anatomical coverage, sufficient temporal resolution as well as the challenges 

posed by respiratory motion. In this study, we presented a 6D quantitative DCE MRI 

technique based on MR Multitasking and demonstrated its feasibility of the 

characterization of PDAC. Multitasking DCE enables 3D free-breathing acquisition, 

whole-abdominal coverage, high DCE temporal resolution of 1 s, and dynamic T1 

mapping in a single 10-min scan, which overcomes all the aforementioned challenges 

and potentially facilitates the wide application of quantitative assessment of vascular 

properties in PDAC, including tumor characterization and treatment response 

monitoring. 

The coverage in head-foot direction of Multitasking DCE is 360 mm from the liver 

dome to the iliac crest. The potential utility of the large coverage includes the evaluation 

of vasculature involvement of PDAC as well as the detection of abdominal metastasis of 

PDAC138-140, which are vital information in the diagnosis and staging of the disease. 

Sufficient temporal resolution is crucial to the quantification of DCE MRI. Othman 

et al. reported that a temporal resolution of at least 10 s/phase is required for the 

accurate diagnosis of cancer35. Several recent investigations have also shown that the 

acquisition of the AIF, which usually changes more rapidly than the tissue of interest, 
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requires a temporal resolution on the order of 1 s76,77. To achieve satisfactory temporal 

resolution, a tradeoff usually has to be made by reducing either the coverage or spatial 

resolution. For example, Akisik et al. used 2D T1W acquisition for three axial slices and 

one sagittal slice with 4.4-s temporal resolution30. Kim et al. implemented the KWIC 

technique, which allows k-space data sharing to reconstruct 3D images with high-

spatial-low-temporal resolution or vice versa in one DCE session29. In this work, the 

proposed technique can achieve adequate coverage and spatial resolution with a high 

temporal resolution which can be retrospectively set based on the choice of DCE bin 

duration. Here it was retrospectively set to be 1 s to balance temporal resolution and 

SNR, as a similar temporal resolution also yielded the highest inter-session repeatability 

when evaluated in our previous work127.  

In addition, the contrast agent concentration in the proposed technique is directly 

quantified from dynamic T1 mapping to avoid the error introduced by linear 

approximation from T1W signal intensity. The feasibility of dynamic T1 fitting in 

Multitasking DCE has been assessed by numerical simulations in our previous work127. 

For the in vivo study, the pre-contrast T1 shows no significant difference between the 

MOLLI and Multitasking measurements for tumor and non-tumoral regions in PDAC 

group; a less than 10% difference (P = 0.024) was shown in controls, which may be due 

to known differences between various T1 mapping sequences141.  The post-contrast T1 

measured by Multitasking is systematically 10% shorter than the T1 from the MOLLI 

scan collected after Multitasking for all tissue types (P <0.001, P = 0.013, P = 0.043, 

respectively). One possible reason is that contrast wash-out lengthened T1 during the 

time gap between the T1 measurement in the last DCE phase in Multitasking DCE and 
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the subsequent MOLLI scan, especially in cases where subjects moved during the scan 

and re-localization of the pancreas was required before the post-contrast MOLLI scan.  

Another feature of the proposed Multitasking DCE is the capability to resolve 

respiratory motion. Respiration-induced motion artifacts are a major source of degraded 

image quality in abdominal MRI. Acquisition with breath-holds is the most common way 

to reduce these artifacts, which is often unreliable and in many cases infeasible. Radial 

sampling patterns are more robust to motion, but take longer for image reconstruction 

and can still result in blurring or streaking artifacts. XD-GRASP is a technique that 

separates respiratory motion states and uses sparsity constraints along different time 

dimensions. A recent publication of DCE MRI in liver using XD-GRASP described a 

protocol with 3D coverage and reasonable spatial resolution but a relatively low 

temporal resolution of 13 s and no T1 quantification75.   

The estimates of the PK parameters vp, Ktrans, ve and Kep of control and patient 

groups are generally in line with the values published in the literature24,29. Ktrans and ve 

have been shown to correlate with the MVD and fibrosis in PDAC lesions, respectively, 

and therefore can be used as imaging markers of the perfusion properties of tumor24,25. 

In the TK model, Ktrans is dominated by the tissue blood flow and the capillary 

permeability–surface area and can have different physiological interpretations 

depending on the balance between the two factors131. In the context of PDAC, the 

microvessels in the lesions are leaky and in low density, leading to high permeability 

and limited blood flow, in which case Ktrans is approximately equal to plasma flow per 

unit volume of tissue131. This is a possible pathological reason behind the decrease of 

Ktrans value observed in malignant tumors compared to non-tumoral area in the patient 
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group and normal tissue in the control group. The ve in the DCE MRI represents 

fractional extravascular extracellular space. The higher ve in malignant tumor possibly 

results from the changes in the interstitial space due to the increased collagen content 

in the extracellular matrix. The non-tumoral area in PDAC patients are commonly 

associated with chronic obstructed pancreatitis caused by the obstruction of the main 

pancreatic duct or other physiological conditions also characterized by atrophy of the 

distal end towards the tail, reduced blood, and increased fibrosis142,143, which may 

contribute to decreased Ktrans and increased ve in non-tumoral tissues in the patient 

group compared to the normal tissues in the control group144-147. Figure 5 suggests 

regional differences of PK parameters in the control group, which may be caused by the 

intrinsic heterogeneous tissue compositions in different parts of the pancreas148. 

Previous studies have shown that some imaging biomarkers such as ADC differ 

significantly between the head, body, and tail of the pancreas149. 

Our study had several limitations. All the patients recruited for this pilot study 

were undergoing chemotherapy at the time of the study. Chemotherapy may change the 

microvascular structures and thus the PK parameters, which limits the value of the 

current data to represent the vascular properties of untreated PDAC tumors. In addition, 

this pilot study had a relatively small number of subjects for both control and patient 

groups. With the encouraging findings of this work, further studies to validate the clinical 

utility of the proposed technique in a larger patient cohort with first diagnosed PDAC are 

warranted. Furthermore, tumor histological validation was not available for this pilot 

study. Instead, the capability of Multitasking DCE in quantitatively assessing tumor 

vascular properties was evaluated by the inter-session repeatability of the PK 
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parameters. The PK parameters are consistent with the values in the published 

literatures. In future studies, the correlation between the PK parameters and the 

histological parameters including the MVD and fibrosis should be assessed.  

 

4.5 Conclusion 

A novel Multitasking abdominal DCE technique was developed, enabling free-

breathing and respiratory motion-resolved image acquisition, entire-abdominal 

coverage, 1-s temporal resolution, dynamic T1 quantification, and PK modeling. 

Quantitative DCE parameters from the preliminary in vivo study were repeatable and 

showed significant differences between normal pancreas, tumor and non-tumoral 

regions in PDAC patients. 
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 CHAPTER 5: DIFFERENTIATING PANCREATIC DUCTAL ADENOCARCINOMA 

AND CHRONIC PANCREATITIS USING SIX-DIMENSIONAL QUANTITATIVE 

MULTITASKING DCE 

 

5.1 Introduction 

Chronic pancreatitis (CP) is a fibro-inflammatory disease characterized by 

progressive and irreversible functional and morphological changes caused by a variety of 

etiological factors150-152, resulting in permanent impairment on both exocrine and 

endocrine functions. The gold standard diagnostic test of CP is histology/ biopsy. 

However, tissues sampling of pancreas, due to its retroperitoneal location, is challenging 

and carries substantial risk of bleeding and acute pancreatitis151. In recent years, the 

value of MRI in the assessment of full spectrum of pancreatic diseases has been 

increasingly realized. Qualitative multi-phasic DCE MRI and MR 

cholangiopancreatography (MRCP) have been used to detect CP in human, yielding 

promising results.  

However, one major obstacle in the accurate diagnosis of CP and other pancreatic 

diseases is the difficulties to differentiate CP with PDAC. CP and PDAC may present with 

same symptoms and signs, and share similar radiologic features, including ductal 

abnormalities, mass lesions, or cystic lesions153,154. The association of CP and PDAC can 

further enhance the complexity to distinguish these two entities. The presence of CP can 

significantly increase the risk for developing PDAC at 8-fold in 5 years153,155. PDAC tends 

to obstruct the pancreatic duct, which can result in associated CP, especially in the 

upstream of pancreas. Previous studies have shown that the incidence of pancreatic 
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cancer in patients with CP is estimated to be 1~6%153. On the other hand, approximately 

5-10% patients receiving surgery for suspected malignancy were found to have benign 

pancreatitis, which can expose them to the risk of morbidity and mortality due to the 

resection. Therefore, to develop clinical tools that can accurately differentiate CP and 

PDAC preoperatively is of great significance. 

Several studies have reported that semi-quantitative DCE MRI with the evaluation 

of the pattern of dynamic signal intensity curves can characterize CP144,151 and provide 

reliable information to distinguish CP and PDAC146,147,156. However, those semi-

quantitative parameters are intrinsically non-specific, which can lead to overlaps in the 

findings of CP and PDAC157. Quantitative DCE parameters with Tofts model, such as vp 

and Ktrans, were demonstrated to be able to present the vascular properties of tissues and 

has been applied in the characterization of PDAC. However, demanding technical 

challenges (as described in Section 4.1), including the need to handle respiratory motion, 

the conflict among the requirements for coverage, spatial, and temporal resolution, and 

the nonlinearity between signal intensity and CA concentration, has significantly limited 

the application of quantitative DCE in the study of CP. 

In addition, blood flow is an important pathological characteristic for CP and PDAC, 

both of which are identified with reduced blood flow. Some more generalized PK models 

such as 2CXM has the ability to estimate blood flow, vp, Ktrans, and ve simultaneously. 

Nonetheless, accurate evaluation of blood flow using those models requires improved 

temporal resolution, which is impractical given the abovementioned challenges. 

In this work, the 6D Multitasking DCE technique proposed in Chapter 4 were 

applied to address the abovementioned limitations and quantitatively evaluate the 
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perfusion and vascular properties of normal pancreas, CP and PDAC. This technique 

enables respiratory-motion-resolved, high-temporal-resolution T1 quantification of the 

entire abdomen in a 10-min free-breathing scan. PK model 2CXM was chosen to evaluate 

Fp, vp, Ktrans, and ve altogether. To our knowledge, this is the first work using DCE MRI to 

evaluate both blood flow and vascular properties for CP and PDAC. 

 

5.2 Methods 

5.2.1 Study population 

The in vivo study was approved by the local institutional review board. Written 

informed consent was obtained from all participating subjects before scanning. In addition 

to the healthy subjects (N = 16, 8 females; aged 23 to 60 years old) and patients with 

PDAC (N = 14, 7 females; aged from 51 to 77 years old), a group of patients with CP (N 

= 7, 4 females; aged from 30 to 72  years old) were recruited. All the subjects for CP 

group had diagnosis established by MR cholangiopancreatography (MRCP) or 

endoscopic retrograde cholangiopancreatography (ERCP) with Cambridge classification 

for CP. Patients allergic to GBCA or with renal disease were excluded. The final CP group 

consisted of 8 patients (4 females) aged from 30 to 72 years old. 

 

5.2.2 MRI protocol 

All the included subjects received the MRI studies performed on a 3T clinical MR 

scanner (Biograph mMR, Siemens Medical Solutions, Erlangen, Germany) with a 12-

channel phase array surface coil. In the imaging session, a routine protocol for pancreas 

delineation was first acquired, including 3D T1-VIBE with Dixon fat suppression in axial 
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orientation, multi-slice T2-HASTE in axial and coronal orientations, and multi-slice SS-

EPI DWI. The Multitasking DCE sequence was performed subsequently using the same 

parameters specified in Table 4.1. GBCA (Gadavist, 0.1 mmol/kg, Bayer Schering 

Pharma) was administrated intravenously 2 minutes into the scan at a rate of 2 mL/s, 

followed by a 20 mL saline flush at the same rate.  

 

5.2.3 Image Analysis 

Image reconstruction and post processing was performed off-line in MATLAB. 

2CXM were applied to model the perfusion and permeability parameters: 

𝐶G(𝑡) = 	𝐹H ∙ 𝐶H(𝑡) ∗ C𝑀𝑒LmR + (1 −𝑀)𝑒L�RF,																																											(5.1) 

with the AIF 𝐶H(𝑡) = 𝐶å(𝑡)/(1 − Hct). With fitted 𝐹H, 𝑀, 𝛼, and 𝛽, other required kinetic 

parameters 𝑣H, 𝐾G7>Al, and 𝑣8 can be calculated using following equation: 

𝑣H =
𝐹H

𝑀𝛼 + (1 −𝑀)𝛽 , 	𝐾
G7>Al = 𝐹H

𝑀(1 −𝑀)(𝛼 − 𝛽)"

𝑀𝛼" + (1 −𝑀)𝛽" , 	𝑣e = 	𝑣H
𝑀(1 −𝑀)(𝛼 − 𝛽)"

𝛼𝛽 			(5.2)	 

The pixelwise PK modeling using 2CXM was applied to all the pancreas data (control, 

PDAC, and CP groups). For CP group, the outcomes of PK parameters for each subject 

were the mean values over all the voxels within the pancreas throughout multiple slices. 

The pancreas boundaries for CP patients were defined based on the T1-VIBE by the 

radiologist (LW). The ROIs for normal pancreas, PDAC mass, and non-tumoral area were 

the same as obtained in Chapter 4.  

 

5.2.4 Statistical Analysis 

Statistical analysis was conducted in SPSS (Version 24, IBM, NY, USA). A 

significance test using one-way unbalanced ANOVA was applied to identify the significant 
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difference for each PK parameter obtained between multiple groups of tumor mass 

(denoted as PDAC) in the PDAC group, non-tumoral pancreatic tissue (denoted as NT) 

in the PDAC group, disease pancreas in the CP group (denoted as CP), and normal 

pancreas in the control group (NP). P<0.05 was considered significant. 

 

 

 

 

5.3 Results 

The imaging experiments and reconstruction were successfully performed on the 

8 patients with CP, followed by the estimation of PK parameters using 2CXM for the CP 

group and the previous control and PDAC groups. Figure 5.1 displays the typical 

transition from signal intensity curves in Multitasking DCE to the CA concentration based 

Figure 5.1: Conversion from signal intensity to CA concentration. (A) Representative signal profiles of 
blood, normal pancreas, CP and PDAC displayed at end expiration. The zoom-in area in the image of blood 
signal shows the SR curves during the peak enhancement. (B) Dynamic T1 mapping based on SR periods. 
(C) CA concentration curves derived directly from the T1 mapping according to contrast media relaxivity. 
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on dynamic T1 mapping from representative cases. In general, there are differences in 

the shape of the CA concentration curves between normal pancreas, PDAC, and CP, 

implying differentiated vascular properties for the tissues. 

 

 

 

 

 

Example PK parametric maps are displayed for a healthy subject (Figure 5.2 (A)), 

a patient with PDAC (Figure 5.2 (B)), and a patient with CP (Figure 5.2 (C)). The gray-

scale images display the anatomical structure of a representative slice at the last 

saturation time of the arterial phase. The overlaid color voxels show the outcomes of 

parametric mapping.  

Figure 5.2: Representative maps of kinetic parameters of a 25-year-old subject in control group (A),  a 77-
year-old subject with PDAC marked by yellow solid circle (B), and a 65-year-old subject with CP. The gray-
scale image in each subfigure is a transversal slice at the arterial phase. The overlaid color maps display 
vp, Ktrans, ve, and Kep of the pancreas 
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Figure 5.3 are bar graphs, each of which displays the mean and standard deviation 

measurements of one PK parameter for normal pancreas (NP), PDAC, non-tumor (NT), 

and CP. The significant tests between NP vs PDAC, NP vs CP, and PDAC vs CP are 

labeled on top of the bars. Fp, vp, Ktrans, and ve showed significant difference between 

PDAC vs CP (P=0.001, 0.009, <0.001, 0.014, respectively); Fp, vp, and ve showed 

significant difference between NP vs CP (P<0.001, 0.003, <0.001, respectively); Fp, Ktrans, 

and ve showed significant difference between NP vs PDAC (P<0.001, <0.001, <0.001, 

Figure 5.3: Bar graph showing the mean value and standard deviation of vp, Ktrans, ve, and Kep for control 
group, PDAC, non-tumoral regions in PDAC group (denoted as NT), and CP. The P values between PDAC 
versus CP, PDAC versus normal, and CP versus normal are labeled on top of each sub-graph. All the 
four parameters were significantly different in the comparison between PDAC versus CP and between 
PDAC versus normal. The Ktrans, ve and Kep between CP and normal also showed significant difference. 
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respectively). The detailed P values for the significance test of the 6 pairs out of the 4 

tissues types are listed in Table 5.1. 

 

 

 

5.4 Discussion 

PDAC is among the most lethal malignancies with the macroscopic complete 

tumor resection at early stage as the only curative treatment. CP is a common pancreatic 

disease that causes irreversible damage to pancreas. The management of the two 

conditions differs greatly, so the accurate diagnosis and differentiation of CP and PDAC 

is of great significant in clinical practice, which, however, has been an unmet clinical 

need153. Both entities may appear with same clinical signs such as abdominal pain, weight 

loss, and pancreatic endocrine and exocrine dysfunction. They also share similar 

radiologic features including ductal abnormalities, mass lesions, and cystic lesions154. In 

recent year, DCE MRI with the potential to characterize vascular properties has been 

Table 5.1: P value of vp, Ktrans, ve, and Kep for each pair. * indicate statistical significance 
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gradually investigated in the differential diagnosis of PDAC versus CP. The preliminary 

results are promising. However, the application of DCE MRI in this field is still limited due 

to the difficulties to resolve respiratory motion and to realize adequate coverage and 

sufficient spatiotemporal resolution simultaneously 

In this work, the 6D Multitasking DCE technique developed in our previous work 

was applied to explore the vascular properties of CP and PDAC. This technique enables 

free-breathing acquisition, whole-abdominal coverage, high DCE temporal resolution of 1 

s, and dynamic T1 mapping, which offers the opportunity to capture the CA dynamics 

carrying the vascular information. Previous studies have demonstrated that this technique 

is feasible to estimate the vascular properties in vivo and characterize PDAC. In this work, 

the PK parameters can differentiate normal pancreas, PDAC, non-tumor tissue in PDAC 

patients, and CP. 

Tofts model or extended Tofts model were the most-widely applied models in 

abdominal DCE MRI. Previous studies have shown that Ktrans and ve from Tofts model 

correlated with the MVD and fibrosis in PDAC lesions, respectively, and therefore can be 

used as imaging markers of the vascular properties of tumor. Ktrans is an association of 

blood flow (BF) and permeability-surface area product (PS). To separately and accurately 

estimate BF and PS requires on the temporal resolution, which is impractical in most of 

the existing abdominal DCE works. In this work, 2CXM, which has the ability to estimate 

BF and PS, was implemented thanks to the temporal resolution accomplished by 

Multitasking DCE. Results indicated that PDAC and CP showed reduced blood flow 

compared to normal pancreas in this study, agreed with the pathological features of the 

two entities. Fp, vp, and Ktrans didn’t show statistically significant difference between non-
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tumoral regions in PDAC group and CP group. One possible reason is that the non-

tumoral areas in PDAC cases are commonly associated with chronic obstructed 

pancreatitis due to the obstruction of pancreatic duct, which shares similar vascular 

properties compared to CP. 

There are several limitations in this pilot study. First, all the data of PDAC were 

from patients who were undergoing chemotherapy. The properties of the 

microenvironment might have changed during the treatment, which limits the ability of the 

PK parameters to represent the original vascular properties of PDAC. Second, 

pathological/ histological reference of the tissue properties (such as MVD and fibrosis) for 

the patient cohorts were not available. In addition, the sample size for each group were 

relatively small. With the encouraging preliminary results, future studies will be performed 

on untreated patient cohort with histological validation. 

 

5.5 Conclusion 

The 6D Multitasking DCE technique, which enables free-breathing and respiratory 

motion-resolved image acquisition, entire-abdominal coverage, 1-s temporal resolution, 

and dynamic T1 quantification, were applied on 8 CP subjects. The PK parameters 

representing blood flow and vascular properties using 2CXM showed significant 

difference between normal pancreas, PDAC, and CP. 

  



 101 

CHPATER 6: QUANTITATIVE LOW-DOSE MULTITASKING DCE (LD-MT-DCE) FOR 

BREAST CANCER 

 

6.1 Introduction 

Breast cancer is the most common malignant disease occurring in women 

worldwide with a lifetime risk of 12.4%11. Early diagnosis and effective selection of 

treatment is the key factor to increase the survival rate in the long term158. In recent years, 

DCE MRI has been widely applied in high-risk-population screening, detection, and 

therapy evaluation of breast cancer11. Studies have shown that DCE MRI has the highest 

sensitivity among all the imaging modalities in the diagnosis of breast tumor in current 

clinical practice10-13. A major limitation of the standard DCE MRI protocol is that the 

relatively poor temporal resolution, which is usually 60 to 120 seconds per volume 

acquisition traded for large coverage and high spatial resolution (typically at least 1 mm 

× 1 mm × 3 mm), can severely obscure the fast-changing PK information and limit its 

ability to assess physiological and functional features of tissues, such as blood flow (BF), 

MVD, and vascular permeability3-5. 

Recently, quantitative DCE MRI techniques capable of capturing and assessing 

the enhancement patterns and vascular properties of tissues have been developed and 

investigated for breast cancer. Previous studies suggested that Ktrans is positively 

correlated with histopathological markers including MVD26 and vascular permeability27. 

Some investigations have shown that Ktrans can differentiate malignant and benign breast 

tumor3,68,159,160. Studies using DCE MRI to monitor therapy have reported that the 
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changes in BF, Ktrans, and ve can indicate the response status at early course of the 

treatment5,31. 

Despite these encouraging findings, quantitative DCE MRI of breast cancer continues to 

face demanding technical challenges. First, direct sampling conflicts make it hard to 

simultaneously achieve entire-breast coverage, high spatial resolution around 1 mm3, and 

sufficient temporal resolution. As a result, current quantitative DCE methods make 

compromises on at least one of these goals. Second, the approximation in the 

quantification of CA concentration due to difficulties for direct dynamic T1 mapping can 

introduce extra error36,37,69,161,162. An additional issue with DCE MRI is the growing 

concern regarding Gd deposition in the brain and other body parts in patients with normal 

renal function41-43, as described in Section 1.4. Imaging techniques which can reducing 

Gd dose without losing diagnostic accuracy would improve the risk–benefit ratio, 

alleviating concerns while still offering the crucial clinical information provided by DCE 

MRI images.  

To address the above limitations and concerns, we developed a low-dose 

Multitasking DCE (LD-MT-DCE) technique for breast imaging based on Chapter 3&4. LD-

MT-DCE performs 5-dimensional (5D) quantitative imaging with three spatial dimensions, 

a saturation recovery (SR) time dimension, and a DCE time dimension. It produces co-

registered high-spatial-resolution (0.9 mm × 0.9 mm × 1.14 mm) dynamic T1 maps at 1.4-

second temporal resolution with whole-breast coverage in one 10-min continuous scan, 

allowing quantification of CA concentration and PK parameters. The ultrahigh temporal 

resolution enables to capture the best contrast between tumor and normal tissues, which 

potentially allow for reduced dose. A GBCA dose of 0.02 mmol/kg was selected according 
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to a simulation evaluating the performance of the kinetic parametric estimation with 

different dosage.   The two-compartment exchange model (2CXM) were used in this work 

to estimate tumor blood flow and vascular properties altogether5,20,21. The in vivo 

feasibility of LD-MT-DCE were then evaluated on healthy volunteers and patients with 

triple-negative breast cancer (TNBC).  

 

6.2 Methods 

6.2.1 Sequence design 

Similar as described in Section 3.2.1, a continuous-acquisition pulse sequence 

with 3D segmented FLASH readouts in between periodic non-selective SR preparations 

was used to generate T1 contrast at multiple SR times for dynamic T1 quantification. Fat 

signal was suppressed by using water-only excitation for FLASH readouts.  

Axial Cartesian readouts were collected using Gaussian random ordering in both phase 

and partition encoding directions. In addition, a projection line in the anterior-posterior 

direction (kx = ky = 0) was collected every 8th readout as training data.  

 

6.2.2 Image reconstruction 

In this work, the target LD-MT-DCE image possesses five dimensions with three 

spatial dimensions (𝑥, 𝑦, 𝑧), and two time dimensions (SR time 𝜏 and DCE time course 𝑡), 

which can be formed as a three-way tensor 𝒜 with voxel location index 𝐱 = [𝑥	𝑦	𝑧]M, 𝜏, 

and 𝑡:  

𝐀(+) = 𝐔𝐆(+)(𝐖⨂𝐕)M,																																																																		(6.1) 
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where the columns of 𝐔, 𝐕, and 𝐖 contain the basis functions for spatial, SR, and DCE 

time dimensions. The reconstruction of 𝒜 was explicitly decomposed into the recovering 

of each factor matrix, as described in Section 3.2.379-82.  

The first step was to determine the SR basis function in 𝐕 from a pre-generated 

dictionary of SR curves with 101 T1 values logarithmically spaced from 100 ms to 3000 

ms, 17 flip angles from 1° to 9° in half-degree increments centered at 5°, and 21 saturation 

pulse angles linearly spaced from 60° to 120° were comprised in the dictionary. The SR 

factor 𝐕 was then defined from the singular value decomposition (SVD) of the dictionary. 

The second step was to estimate the core tensor 𝒢 and DCE factor 𝐖 from the 

completed training data 𝒟ÖG7 using the following equation:  

𝒟ÖG7 = arg min
𝐃ËÌ,(²)	∈	7>A×8(𝐕)

‖𝐝G7 − ΩG7(𝒟G7)‖"" + 𝜆 ØÄ𝐃G7,(+)Ä∗ + Ä𝐃G7,(±)Ä∗Ù + 𝑅(𝒟G7)						(6.2) 

The abrupt motion removal scheme as described in Section 3.2.5 was also applied to 

minimal any abrupt bulk motion. 𝑅(⋅) is an optional additional regularization functional, 

which employed temporal total variation (TV) along DCE dimension 𝑅(𝒟G7) =

𝜆"Ä𝛁𝐃G7,(±)Ä+with finite-difference operator 𝛁 in this work. Subsequently, 𝒢 and 𝐖 can be 

extracted by applying higher-order SVD (HOSVD) to the completed 𝒟ÖG7, till where the 

temporal factor 𝚽 = 𝐆(+)(𝐖⨂𝐕)M was determined. 

The third step was to determine the spatial factor 𝐔 with the acquired data 𝐝 and 

the obtained tamporal factor 𝚽 by solving the optimization problem: 

𝐔Ö 	= argmin
𝐔
‖𝐝 − Ω(𝐅𝐒𝐔𝚽)‖"" + 𝑅(𝐔)																																																(6.3) 

The final result of the reconstruction produces the 5D image with full SR recovery curves 

for every DCE phase. 
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6.2.3 Motion compensation 

In some cases, the position of the subjects may change during the 10-min scan. 

To reduce the consequent artifacts and mis-registration, a translational motion 

registration was applied to the k-space data. For the dataset with visible position changes, 

a single-time-dimension images, as described in Section 4.2.2.1 were first generated to 

estimate the translational parameters. The images over all elapsed time points were 

divided into 𝑁 (usually 𝑁 = 2	 or 3) motion states based on positions. A template image 

of each state was obtained by averaging the single-time-dimension images within this 

state. The template image of the motion state which was assigned most of time points 

was chosen to be the reference, denoted as 𝐚78,; the template images from the other 

states are denoted as 𝐚¶, 𝑖 ∈ 1,2,⋯ ,𝑁 − 1. The translation vector 𝑏¶ between the moving 

state 𝑖 and the reference was estimated as 

𝑏.Ö = argmax
ñ¼

𝑀𝑡C𝐅L+C𝐏(𝑏¶) ∘ (𝐅𝐚¶)F, 𝐚78,F, 																																													(6.4) 

with spatial Fourier transform 𝐅, linear phase modulator 𝐏(𝑏¶) (the k-space operation 

equivalent to image-domain translation), and mutual information metric 𝑀𝑡(⋅,⋅). The k-

space data was then directly compensated by applying 𝐏(𝑏¶)  to all k-space lines 

corresponding to the 𝑖th motion state161.  

 

6.2.4 PK modeling 

As described in Section 3.2.4, The signal intensity of at a certain DCE time 𝑡 and 

certain SR time 𝜏 = 𝑛𝑇Z can be expressed as: 
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𝑠C𝐴, 𝛼, 𝐵, 𝑛, 𝑅+(𝑡)F = 𝐴
1 − 𝑒LMN∙PQ(R)

1 − 𝑒LMN∙PQ(R) cos 𝛼
Ü1 + (𝐵 − 1)C𝑒LMN∙PQ(R) cos 𝛼F

|
Ý sin 𝛼 ,			(6.5) 

with 𝑅+(𝑡) = 1/𝑇+(𝑡), amplitude 𝐴, SR pulse efficiency 𝐵, FLASH readout interval 𝑇Z, and 

flip angle α. The signal intensity vector 𝐬 for an entire SR period with 𝑛 = 1, 2,⋯ ,𝑁 at 

DCE time 𝑡 is:  

𝐬C𝐴, 𝛼, 𝐵, 𝑅+(𝑡)F = 	 ß𝑠C𝐴, 𝛼, 𝐵, 1, 𝑅+(𝑡)F,⋯ , 𝑠C𝐴, 𝛼, 𝐵, 𝑁, 𝑅+(𝑡)Fà
𝑻,																	(6.6) 

and the signal intensity matrix 𝐒 over all DCE time bins 𝑡 = 0, 1,⋯ , 𝑇 (𝑡 = 0 represents 

pre-contrast DCE phase) is: 

𝐒(𝐴, 𝛼, 𝐵, 𝐫𝟏) = ß𝒔C𝐴, 𝛼, 𝐵, 𝑅+(0)F,⋯ , 𝒔C𝐴, 𝛼, 𝐵, 𝑅+(𝑇)Fà,																						(6.7) 

where 𝐫𝟏 = [𝑅+(0), 𝑅+(1),⋯ , 𝑅+(𝑇)]𝑻 is the vector dynamic 𝑅+ values over all DCE time 

bins. The dynamic CA concentration for tissues of interest 𝐶G can be quantified based on 

the relaxivity accordingly: 

𝐶G(𝑡) =
𝑅+(𝑡) − 𝑅+(0)

𝛾 																																																												(6.8) 

Following the derivation of CA concentration, the 2CXM was applied to describe 

the tracer activities within the tissue and estimate the vascular properties including 

plasma flow (𝐹H), plasma volume 𝑣H, transfer constant 𝐾G7>Al, and EES volume faction 𝑣8. 

As introduced in Section 2.3.4, the time-domain solution for 2CXM is5,20,21: 

𝐶G(𝑡) = 	𝐹H ∙ 𝐶H(𝑡) ∗ C𝑀𝑒LmR + (1 −𝑀)𝑒L�RF																																				(6.9) 

𝐶H(𝑡) is the AIF derived from the CA concentration in blood 𝐶å(𝑡) considering hematocrit: 

𝐶H(𝑡) = 𝐶å(𝑡)/(1 − Hct). In this work, a population-based Hct = 0.4 was employed. With 

fitted 𝐹H , 𝑀 , 𝛼 , and 𝛽 , other required kinetic parameters 𝑣H , 𝐾G7>Al , and 𝑣8  can be 

calculated using following equation: 
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𝑣H =
𝐹H

𝑀𝛼 + (1 −𝑀)𝛽 , 	𝐾
G7>Al = 𝐹H

𝑀(1 −𝑀)(𝛼 − 𝛽)"

𝑀𝛼" + (1 −𝑀)𝛽" , 	𝑣e = 	𝑣H
𝑀(1 −𝑀)(𝛼 − 𝛽)"

𝛼𝛽 			(6.10)	 

 

6.2.5 Simulations 

A numerical simulation was carried out in MATLAB (R2018a, Mathworks, MA, USA)  

to evaluate the performance of Multitasking DCE at different CA dosage from 

0.01mmol/kg to 0.1 mmol/kg at a 0.01mmol/kg increment. A realistic AIF for the standard 

dose (0.1mmol/kg) was first generated using a traditional biexponential function107 at 0.1-

second temporal resolution. The AIF for other doses were then created proportionally. 

The CA concentration curves for breast tumor and normal breast tissue are generated 

according to Equation (6.9) and (6.10) using the following parameters: 1) for tumor, 𝐹H =

1 ml/min/g, 𝑣H = 0.2, 𝐾G7>Al = 0.08 min-1 , 𝑣8 = 0.2; 2) for normal breast tissue, 𝐹H = 0.1 

ml/min/g, 𝑣H = 0.05, 𝐾G7>Al = 0.03 min-1, 𝑣8 = 0.4. The dynamic R1 curves for each tissue 

type at different dose level can be produced using Equation (6.8) with a baseline T1 of 

1900 ms, 1400 ms, 1400 ms for blood, tumor, and normal breast tissue. 

Subsequently, the 5D Multitasking DCE image was simulated based on Equation 

(6.7) containing blood, tumor, and normal breast tissue using the undersampled dynamic 

R1 curves at a temporal resolution of 1.4 seconds. Random Gaussian noise were added 

to the 3D volume at each time point at two different signal-to-noise ratios (SNRs) of 20 

and 40. The SNR was defined as the mean signal intensity of tumor using 0.1 mmol/kg 

dose over the standard deviation of the noise. Pixelwise dynamic T1 mapping were then 

conducted and kinetic parameters were estimated for tumor and normal blood tissue. For 

the image with each dose at each SNR level, the numerical experiment was repeated 20 

times to assess the variation of the estimation.  
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6.2.6 Imaging experiments 

6.2.6.1 Imaging protocol 

All studies were carried out on a 3T MR scanner (VIDA, Siemens Medical Solutions, 

Erlangen, Germany), positioned prone and headfirst, using a 16-channel phase array 

bilateral breast coil for signal reception. In the imaging session, a standard clinical pre-

contrast protocol was first performed, including multi-slice short-TI-inversion-recovery 

(STIR), multi-slice single-shot echo-planar imaging (SS-EPI) DWI, and 3D fat-suppressed 

T1W FLASH sequence. Following these sequences, the proposed LD-MT-DCE was 

applied. In the protocol, each SR period was designed to be 1400 ms with saturation 

times from 5.03 ms to 1388.3 ms at an increment of 5.03 ms for T1 quantification. The 

SR period was repeated 420 times, yielding a scan of 10 min. A low-dose GBCA 

(Gadavist, 0.02 mmol/kg, Bayer Schering Pharma) was diluted to 5 times of its original 

volume (which equals to the volume of a standard dose without dilution) and 

administrated intravenously 3 minutes into the scan using a power injector at a rate of 2 

mL/s, followed by a 20 mL saline flush at the same rate. After the low-dose scan, clinical 

DCE images using the same 3D T1W FLASH sequence were acquired at 7 phases: 1 

was acquired before an injection of a standard 0.1mmol/kg of Gadavist, and 6 were 

acquired continuously 12 second after this injection. All images in the session were 

acquired in axial orientation. Table 6.1 summarized the detailed imaging parameters for 

each sequence. 
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6.2.6.2 Volunteer study 

The in vivo study was approved by the institutional review board and written 

informed consent was obtained for all participating subjects. Twenty healthy female 

subjects aged 22 to 78 years (mean age, 41 years) were recruited as control group. All 

subjects in the control group received the standard clinical pre-contrast protocol and LD-

MT-DCE. Instead of the clinical DCE scan, half of the group (N = 10) received another 

LD-MT-DCE with the 0.02mmol/kg dose 30-minute apart from the first LD-MT-DCE scan 

in the same session to assess the repeatability of the LD-MT-DCE; the other half of the 

group (N = 10) received a standard-dose Multitasking DCE (SD-MT-DCE) 30-minute 

Table 6.1: List of imaging parameters 
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apart from the first LD-MT-DCE scan to assess the ability in the quantitative evaluation of 

kinetic parameters of Multitasking DCE using low-dose or standard-dose.  

 

6.2.6.3 Patient study 

In addition to volunteer study, seven female patients aged from 28 to 66 (mean 

age, 48 years) with pathologically confirmed triple-negative breast cancer were recruited. 

Each patient received the imaging protocol described in Section 2.4.1. Histology reports 

from breast biopsy / surgery for each patient were also available as a proof of the lesions 

diagnosed in MRI images. 

 

6.2.7 Image analysis 

Image reconstruction and post processing were performed off-line in MATLAB 

(R2018a, Mathworks, MA, USA) for all Multitasking DCE data. Following image 

reconstruction, the pixelwise dynamic T1 was quantified from the reconstructed (𝜏, 𝑡)-

space signal using lsqnonlin (non-linear least-square solver) and the pixelwise CA 

concentration curve was derived. The AIF was averaged over the inner area of left 

ventricle to minimize the effect of respiratory and cardiac motion. Subsequently, the maps 

for PK parameters 𝐹H, 𝑣H, 𝐾G7>Al, 𝑣8, and the initial area under the CA concentration curve 

(iAUC) for the first 60 seconds (iAUC60) and 120 seconds (iAUC120) were obtained. The 

PK parameters reported for normal breast tissue in control group were the average over 

all the voxels of breast tissue throughout multiple slices excluding visible vessels and 

ducts.  
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The patient data were read by two radiologists (RS, with 32-year experience, and 

YG, with 10-year experience in the reading of Breast MRI) independently and the ROI of 

the tumors were drawn for all cases. For reading, LD-MT-DCE images were averaged to 

a temporal resolution at 84 seconds, close to the timing of clinical DCE images. Each 

radiologist reviewed the images from the two methods separately. For each set of image,  

a score was given to the overall image quality using a 5-point scale: 1-worst, anatomic 

details were impossible to identify, and there were extremely high noise and artifacts; 2-

bad, anatomic details were difficultly identified, and there were significant noise and 

artifacts; 3-moderate, anatomic structures were visible but not clearly shown, and there 

were acceptable noise and artifacts; 4-good, the anatomic structures and details were 

visible and there were some noise and artifacts; 5-excellent, the anatomic structures and 

details were highly visible and there were no significant noise and artifacts. The location, 

size, type (focal-mass or non-mass), margin (smooth, spiculate, or lobulate), and 

perfusion type (persistent, plateau, or wash-out) were also measured separately on each 

set of images for each lesion. Then the radiologists compared the reports from the two 

methods and gave a score indicating if the findings on LD-MT-DCE were consistent with 

clinical DCE diagnosis using a three-point scale: 1- doesn’t match, 2-partially match, and 

3-match. The contrast-to-noise ratio (CNR) of the tumor versus surrounding parenchymal 

was evaluated for both imaging methods at the peak-enhanced phase on original DCE 

images and subtracted images using following equation: 

𝐶𝑁𝑅 =
ï𝑆𝐼R − 𝑆𝐼otï

𝜎8
,																																																																(6.11) 

where 𝑆𝐼R  is the signal intensity of tumor, 𝑆𝐼ot  is the signal intensity of surrounding 

parenchymal, and 𝜎8 is the standard deviation of the suppressed fat signal. For the PK 
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evaluation, the ROI for each lesion on LD-MT-DCE images was the average of the ROIs 

separately provided by the two radiologists. 𝐹H, 𝑣H, 𝐾G7>Al, 𝑣8, iAUC60, and iAUC120 were 

estimated accordingly.  

 

6.2.8 Statistical analysis 

The repeatability of proposed technique was assessed on the repeat data from the 

10 volunteers who were scanned twice with LD-MT-DCE. The Intra-class coefficient (ICC) 

and coefficient of variation (CoV) of 𝐹H, 𝑣H, 𝐾G7>Al, 𝑣8, iAUC60, and iAUC120 were obtained. 

Linear regression was applied to assess correlation of LD- and SD-MT-DCE on the data 

from the other 10 volunteers who were scanned with LD-MT-DCE and SD-MT-DCE in the 

same imaging session and the regression coefficient were calculated for the six 

parameters.  

The mean and standard deviation of the CNR for LD-MT-DCE and clinical DCE 

were measured and a paired t-test were applied to compare the CNR performance 

between the two methods. A one-way unbalanced analysis of variance (ANOVA) with 

Tukey test was performed to identify the significant difference of each PK parameter 

obtained between the following pairs: (1) malignant breast tumor and benign breast tumor 

in the patient group, (2) malignant breast tumor in the patient group and normal breast 

tissue in control group, and (3) benign breast tumor in the patient group and normal breast 

tissue in control group.  

 

6.3 Results 

6.3.1 Simulations 
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The numerical data for blood, tumor, and normal breast tissue were generated 

using 10 different doses at 2 SNR levels. The PK parameters were fitted for each 

condition. The relative mean estimate error and relative standard deviation over the 20 

repeated simulations for each parameter under each condition were displayed by the bar 

graphs with standard error bar (Figure 6.1). It is clearly demonstrated that for all 

parameters at both SNR levels, using a dose equal to or greater than 0.02 mmol/kg yields 

Figure 6.1: Simulations results. Each bar graph displays the mean relative error between the estimated 
parameter and the true parameter for GBCA dose from 0.01 mmol/kg to 0.1 mmol/kg at one SNR level. The error 
bars show the relative standard deviation of the 20 repetitions for each condition. For a dose equivalent or larger 
than 0.02 mmol/kg, the mean relative errors and relative standard deviations are within 2% for both tumor and 
normal tissue 
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an average estimation close to the true value (the percentage error is within 1%) with a 

narrow standard deviation within 1% for both tumor and normal tissue.  

 

6.3.2 In vivo demonstration 

The in vivo studies were performed on the 20 volunteers and 7 patients and all LD-

MT-DCE data were reconstructed successfully. The 5D images contains 420 DCE phases 

at a temporal resolution of 1.4 seconds and each phase comprises 276 saturation times, 

yielding a total of 420�276=115,920 timepoints, each of which corresponds to a 

volumetric image. Figure 6.2 displays an example 5D LD-MT-DCE images in axial and 

sagittal orientations at three key DCE phases (pre-contrast phase, peak-enhanced phase 

𝑡 ≈ 80  seconds, and late-enhancement phase 𝑡 ≈ 480  seconds) with two saturation 

times. Typical process of the transformation from LD-MT-DCE signal to dynamic CA 

concentration is demonstrated in Figure 6.3. Signal intensity curves expanded over all SR 

times and DCE phases representing blood, breast tumor, and normal breast tissue 

respectively are displayed in Figure 6.3 (A). The dynamic T1 for the three tissue types in 

Figure 6.3 (B) are directly quantified based on SR curves. The CA concentration curves 

are then calculated according to relaxivity, as shown in Figure 6.3 (C). The shape of the 

concentration curves for each tissue type is consistent with the findings shown in 

literatures. Figure 6.4 shows representative parametric maps of 𝐹H, 𝑣H, 𝐾G7>Al, 𝑣8, iAUC60, 

and iAUC120 from a healthy volunteer (A), a benign tumor of patient data (B), and a 

malignant tumor of patient data (C). The area marked by green solid boundary and red 

dashed boundary on the LD-MT-DCE image in Figure 6.4 (B) and (C) presents the benign 

and malignant breast tumors, respectively.  
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Figure 6.5 shows an example of motion compensation effect from a patient of 51 

years old. The image from the peak-enhanced clinical DCE are displayed in Figure 6.5 

(A) for tumor delineation. The patient had obvious movement during the scan of LD-MT-

Figure 6.2: Representative 5D images of LD-MT-DCE from a 66-year-old patient. Images are displayed at pre-
contrast phase, peak-enhancement phase (t = 40 s), and delayed  phase (t = 5 min). For each DCE phase, 
images at two different saturation recovery times (𝝉 = 350 ms and 𝝉 = 1380 ms) are shown in axial and 
sagittal views with clear tumor delineation. t is the time from injection 
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DCE. Figure (B) displays the motion-corrupted frame and Figure 6.5 (C) displays 

corresponding image after motion compensation. The image quality parameters before 

motion removal is: SNRtumor=13.4, SNRnontumor = 5.1, CNR = 8.3, sharpness = 1.45mm-1 

(The signal intensity was normalized). After motion removal, the parameters are: SNRtumor 

= 18.3, SNRnontumor = 7.4, CNR = 10.9, sharpness = 3.82mm-1. The image is much clearner 

with less motion artifacts and all the parameters are substantially higher after motion 

compensation. 

 

 

 

 

6.3.3 Volunteer study 

The repeatability of 𝐹H , 𝑣H , 𝐾G7>Al , 𝑣8 , iAUC60, and iAUC120 for LD-MT-DCE are 

illustrated using regression (Figure 6.6). The regression coefficient 𝑅  for the six 

Figure 6.3: Transformation from signal intensity to CA concentration. (A) Representative signal profiles of 
blood, normal breast tissue, and malignant tumor. The zoom-in area shows the SR curves during the 
enhancement. (B) Dynamic T1 mapping based on SR periods. (C) Contrast agent concentration curves derived 
directly from the T1 mapping according to CA relaxivity 
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parameters were 0.99, 0.98, 0.99, 0.99, 0.97, and 0.97, respectively. The ICC were 0.99, 

0.99, 0.99, 0.99, 0.98, and 0.99, respectively, and the CoV were 5.0%, 7.8%, 5.4%, 4.9%, 

5.9%, 4.6%, respectively, as labeled on top of each regression plots.  

 

 

 

 

 

Figure 6.4: Representative maps of PK parameters showing normal breast tissue from a 52-year-old 
healthy volunteer (A), a benign tumor (marked by a yellow solid boundary) from a 49-year-old patient (B), 
and a malignant tumor (marked by a red dashed boundary) from a 65-year-old patient (C). The gray-scale 
images display peak-enhanced LD-MT-DCE images. The overlaid colormaps represents Fp, vp, Ktrans, ve, 
iAUC60, and iAUC120, respectively. The malignant tumor has the highest Fp, vp, Ktrans, iAUC60, and iAUC120 
values 
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Figure 6.7 demonstrates the correlation of the kinetic parameters estimated from 

LD-MT-DCE and SD-MT-DCE. The regression coefficient 𝑅 for 𝐹H, 𝑣H, 𝐾G7>Al, 𝑣8, iAUC60, 

and iAUC120 were 0.89, 0.85, 0.74, 0.91, 0.77, and 0.76, respectively. Among the six 

parameters, 𝐹H, 𝑣H, 𝐾G7>Al, and 𝑣8 are supposed to be dose-independent. The ICC for 

these four parameters were 0.93, 0.88, 0.84, and 0.94, respectively, and CoV were 11.4%, 

21.5%, 10.3%, and 11.9%, respectively, indicating a good agreement between the 

parameters estimated using LD-MT-DCE and SD-MT-DCE.  

 

 

 

 

 

Figure 6.5: Motion compensation effect of a patient of 51 years old. (A) Peak-enhanced phase of 
clinical DCE. The tumor is labeled by the red dashed boundary, showing clear structure. (B) Motion-
corrupted phase in LD-MT-DCE due to movement of the patient. Yellow arrows point out motion 
artifacts. The tumor structure is unclear. (C) The image after motion compensation. The motion 
artifacts are removed. The tumor has largely improved delineation. 
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Figure 6.6: Repeatability evaluation for PK parameters on the repeat LD-MT-DCE data. The regression 
coefficients, ICC, and CoV between the estimation using the first and second LD-MT-DCE images were 
evaluated and displayed for all parameters. 

Figure 6.7: Correlation between the PK parameters estimated using LD-MT-DCE and SD-MT-DCE. The 
regression coefficients R, ICC, and CoV were evaluated for the dose-independent parameters Fp, vp, Ktrans, 
ve. For dose-dependent parameters iAUC60, and iAUC120, R between LD- and SD-MT-DCE were assessed. 
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6.3.4 Patient study 

The two radiologists provided their professional reading. The detailed size and 

properties of for each lesion are shown in Table 6.2 in the supplementary materials. 

According to the clinical reports, a total of 18 lesions were detected in the 7 patients and 

14 of the lesions have been confirmed on breast biopsy / surgical pathology: 8 of the 

lesions are malignant and 6 are benign. The number of lesions and the average scores 

for image quality and consistency between LD-MT-DCE and clinical DCE provided by the 

two radiologists are listed in Table 6.3. The LD-MT-DCE images were scored as 

“excellent” for 5 cases and equal or above “good” for the other 2 cases by both radiologists. 

In 6 cases the lesions detected by LD-MT-DCE perfectly matched the findings on clinical 

DCE images.  

 

 

 

 

 

Table 6.2: Comparison of the image quality and diagnosis results between LD-MT-DCE and clinical DCE. The 
number of malignant tumors and benign tumors were diagnosed on clinical DCE. The image quality of both 
methods are listed. The LD-MT-DCE images were scored as “excellent” for 5 cases and equal or above “good” 
for the other 2 cases by both radiologists. In 6 cases, the diagnosis results of LD-MT-DCE perfectly match the 
results of clinical DCE in terms of the location, size, type, margin, and perfusion type. 
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Figure 6.8 (A) shows the comparison of LD-MT-DCE and clinical DCE. Figure 6.8 

(A) is an example patient case including the original and subtracted peak-enhanced 

images, and the CA concentration curves for both imaging methods. The bar graphs in 

Figure 6.8 (B) compares the CNR of different imaging methods of original DCE images 

(LD-MT-DCE: 12.8±7.1; clinical DCE: 20.4±14.3) and subtracted images (LD-MT-DCE: 

Figure 6.8: (A) Representative images from LD-MT-DCE and clinical DCE of a 58-year-old patient. The original 
DCE images display the images at peak-enhancement phase for both methods. The subtracted images are 
the original DCE images subtracting pre-contrast images. Dynamic curves from LD-MT-DCE and clinical 
DCE are displayed. With higher temporal resolution, LD-MT-DCE produces dynamic curves with more 
temporal details. (B) Bar graphs showing the CNR for original DCE images at peak-enhancement phase and 
subtracted images for all patients. The CNR of subtracted images shows no difference between LD-MT-DCE 
and clinical DCE. 
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25.4±12.0; clinical DCE: 25.7±9.4)  at the peak-enhanced phase. The paired t-test 

indicated that CNR on subtracted images has no significant difference using LD-MT-DCE 

compared to clinical DCE with standard dose.  

 

 

 

 

 

 

Figure 6.9 displays the mean and standard deviation measurements of 𝐹H , 𝑣H , 

𝐾G7>Al , 𝑣8 , iAUC60, and iAUC120 from the control, malignant, and benign tumors. The 

Tukey test shows that 𝐹H, 𝑣H, 𝐾G7>Al, iAUC60, and iAUC120 were significantly different 

between control breast tissue and malignant tumor (P <0.001, <0.001, <0.001, <0.001, 

Figure 6.9: Bar graph showing the mean value and standard deviation of Fp, vp, Ktrans, ve, iAUC60, and iAUC120 
for control group, benign tumors and malignant tumors in patient group. The P values between each pair 
by one-way unbalanced ANOVA with Tukey test are marked on top of the bar graphs. Fp, vp, Ktrans, iAUC60, 
and iAUC120 were significantly different between control breast tissue and malignant tumor; Fp, vp, iAUC60, 
and iAUC120 were significantly different between control and benign tumor; Fp, vp, and Ktrans were 
significantly different between malignant and benign tumor. * indicates statistically significant difference. 
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<0.001, respectively);  𝐹H, 𝑣H, iAUC60, and iAUC120 were significantly different between 

control and benign tumor (P <0.001, 0.003, <0.001, 0.001, respectively); 𝐹H , 𝑣H , and 

𝐾G7>Al were significantly different between malignant and benign tumor (P =0.020, 0.003, 

<0.001, respectively).  Table 6.4 listed the detailed number of the statistical analyses. 

 

 

 

 

 

 

 

 

 

Table 6.3: Detailed information about tumors detected in patient group. 
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6.4 Discussions 

In this study, we presented a novel 5D quantitative DCE technique based on MR 

Multitasking, which enables whole-breast coverage, high spatial resolution at 

0.9´0.9´1.14 mm3, high temporal resolution at 1.4 s, and dynamic T1 mapping in a single 

13-min scan using a GBCA dose of 0.02 mmol/kg. The results from the volunteer and 

patient studies demonstrated the feasibility of the proposed LD-MT-DCE technique in the 

characterization of breast tumor.  

A major challenge that limits the adoption of quantitative DCE MRI techniques in 

the clinical practice of breast is the conflicts to achieve adequate coverage, spatial 

resolution and temporal resolution simultaneously. The American College of Radiology 

guidelines recommend to acquire clinical breast DCE MRI images using 3D scheme with 

Table 6.4: Detailed statistical results of Fp, vp, Ktrans, ve, iAUC60, and iAUC120 for control group, benign tumors 
and malignant tumors in patient group. C: control; B: benign tumor; M: malignant tumor. * indicates 
statistically significant difference. 
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a slice thickness less than 3 mm and in-plane spatial resolution of 1 mm to minimize 

volume-averaging effect and possibility for missing small lesions163, rendering a poor 

temporal sampling rate up to 4 minutes. However, sufficient temporal resolution is crucial 

to quantify the vascular properties. Previous investigations have shown that the a 

temporal resolution at least 10 seconds is necessary to depict tumor dynamic35, and 1-3 

seconds to capture the dynamics of AIF76-78, both of which are key factors in the 

pharmacokinetic modeling5. To improve the temporal resolution, Brix et al. collected the 

dynamic T1W image at a 3.25 s temporal resolution with only two slices crossing the 

lesion and the aorta164; Abe et al. traded spatial resolution (1.5 mm × 1.5 mm × 3.0 mm) 

for temporal resolution (7 s) using an ultrafast DCE technique3; Georgiou et al. interleaved 

high-spatial/low-temporal resolution images with low-spatial/high-temporal resolution 

images5. However, the acquisition rate in some work are still suboptimal for 

pharmacokinetic modeling. Also, the important spatial distribution of the vascular 

properties could be obscured when the dynamic features used to estimate of kinetic 

parameters is mainly based on low-spatial-resolution images. The proposed LD-MT-DCE 

technique, on the other side, can truly acquire the images with adequate coverage, spatial 

resolution and temporal resolution at the same time, without the sacrifice of spatial or 

temporal depiction.  

The CA concentration in the proposed technique is directly quantified from 

dynamic T1 mapping to avoid possible error introduced by linear approximation from T1W 

signal intensity or misregistration caused by separately acquired pre-contrast T1 maps. 

The feasibility of dynamic T1 fitting in Multitasking DCE has been assessed by numerical 

simulations, phantom validation, and in vivo study in our previous work161,162.  
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The standard 0.1 mmol/kg dose of GBCA for DCE MRI was determined in the 

1980s39,40. Due to the improved imaging technique and intensified concern towards 

gadolinium deposition in body, efforts seeking to reduce the dose while keeping the lesion 

conspicuity have been made41,165,166. In this work, the simulation results showed that with 

a dose equal to or greater than 0.02 mmol/kg, the percentage error between the true and 

estimate parameters and the standard deviation of the estimate parameter were within 2% 

in most cases. The estimate error was stable to the increase of dosage, indicating that a 

dose of 0.02 mmol/kg is the minimum effective dose to keep the accuracy / confidence of 

the parameter quantification. The in vivo studies suggested that LD-MT-DCE with only 

20% percent of the standard dose produced excellent image quality comparable to 

standard clinical DCE. The ratio of CNR calculated from original images between LD-MT-

DCE and clinical DCE is 0.63, much high than the ratio of the dose, which is 0.2. The 

similar CNR from subtracted images and consistent diagnosis results offered by two 

imaging methods suggested that LD-MT-DCE has the potential to be equivalent to 

standard clinical DCE in the detection of breast lesions, which is promising as a future 

approach in the management of breast cancer, especially for high-risk screening and 

multiple follow-ups.  

The kinetic parameters estimated by LD-MT-DCE for normal breast tissue, 

malignant, and benign tumors are in the range of published results5,167. Among them, 𝐹H 

and 𝑣H were able to show significant difference between each pair of the three tissues: 

control, malignant, and benign tumor; 𝐾G7>Al is able to differentiate malignant tumors with 

benign tumors and control. There were only a few studies on blood flow in breast tumor 

using MRI due to the demanding sampling requirements. Makkat et al. reported a blood 
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flow at 0.84±0.46 ml/g/min for malignant tumor and 0.23±0.46 ml/g/min for benign tumor 

with significant difference40; Georgiou et al. reported 0.61±0.25 ml/g/min for malignant 

tumor5. Those results compared well with the values in our work, which is 0.76±0.22 

ml/g/min for malignant tumor and 0.32±0.06 ml/g/min for benign tumor with significant 

difference (P<0.001). 𝐾G7>Al	has been extensively applied in the characterization of breast 

tumor with a wide range on order of 0.01 to 1 min-1 due to different imaging technique and 

pharmacokinetic model adopted159,160,168. Investigations suggested that 𝐾G7>Al  can 

differentiating malignant and benign breast tumor, which is agreed with the results in our 

work (P <0.001 between malignant and benign tumor). The volunteer study indicates 𝐹H, 

𝑣H, 𝐾G7>Al, 𝑣8, iAUC60, and iAUC120 estimated using LD-MT-DCE were in vivo repeatable 

with high ICC and small CoV values. The strong correlation between the parameters 

estimated by LD-MT-DCE and SD-MT-DCE demonstrated that Multitasking DCE 

technique using 20% dose has similar ability in the quantification of vascular properties 

compared with using standard dose. Although 𝐹H, 𝑣H, 𝐾G7>Al, 𝑣8 are supposed to be dose-

independent, the water exchange and T2* effect can still affect the estimation of kinetic 

parameters to some extent, which may contributes to the differences of the parameters 

estimated by LD-MT-DCE and SD-MT-DCE.  

A major limitation of this study is the small number and limited type of cases. All 

the seven patients included in the study had TNBC and the malignant tumors were mostly 

large and invasive. With the promising initial results, future studies should be conducted 

on a larger patient cohort with various subgroup analysis in terms of size, grade, or other 

pathological characteristics. Another limitation is that the repeatability of the estimate of 

kinetic parameters was not evaluated in patient group in this pilot study due to the need 
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for an extra contrast injection of standard dose clinical DCE. In addition, detailed 

pathological analysis, which is the gold standard for lesion definition, was not applicable. 

In the following-up studies, the accuracy of the LD-MT-DCE in the diagnosis of breast 

lesions should be validated with pathology and the repeatability on a larger population 

should be assessed.  

 

6.5 Conclusion 

A novel LD-MT-DCE technique was developed for breast imaging, enabling whole-

breast coverage, high spatial resolution at 0.9�0.9�1.14 mm3, high temporal resolution 

at 1.4 s, and dynamic T1 mapping in a single scan using a GBCA dose of 0.02 mmol/kg. 

It showed excellent image quality and equivalent diagnosis compared to standard-dose 

clinical DCE. The quantitative DCE parameters estimated by LD-MT-DCE were in vivo 

repeatable and significantly different between normal breast tissue, malignant, and 

benign tumors in TNBC patients.  

  



 129 

CHAPTER 7: CONCLUSIONS AND FUTURE INNOVATIONS 

 

DCE MRI plays a crucial role in the diagnosis, staging, and treatment monitoring 

of numerous pathological conditions. Besides morphological delineation, it also has the 

potential to capture functional information, such as blood flow, MVD, fibrosis, etc., by 

modeling the CA passage within the tissues. Those functional changes of tissues typically 

precede the morphological alteration, which provides a possible pathway for the early 

detection of diseases. However, the lack of well-agreed DCE MRI protocol to address the 

technical difficulties, including the sampling conflict for coverage and resolution, the 

requirement to handle physiological motion, and the need to accurately quantify CA 

concentration, have limited the application of DCE MRI to evaluate the functional 

properties of tissues in clinical practice.  

To tackle these technical challenges, the presented dissertation developed a 

Multitasking DCE technique, which achieved respiratory motion-resolved acquisition and 

dynamic T1 mapping with adequate coverage, sufficient spatial resolution, and 1-second 

temporal resolution. The pilot clinical studies in carotid atherosclerosis, PDAC, and CP 

demonstrated that proposed technique is feasible to characterize the pathological tissues 

in multiple organs/ disease; in the study of patients with breast cancer, the proposed 

technique is demonstrated equivalent diagnosis using 20% of the standard dose compare 

to clinical DCE with standard dose, indicating the feasibility of Multitasking DCE to reduce 

the dose of GBCA.   

 

7.1 Summary of the Work 
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7.1.1 Multitasking DCE in carotid atherosclerosis 

DCE MRI has been used for quantitative assessment of the neovascular 

architecture and perfusion properties in carotid atherosclerosis. However, most existing 

techniques are incapable of fulfilling the technical requirements including submillimeter 

in-plane spatial resolution (0.5–0.7mm), adequate anatomical coverage, high temporal 

resolution, and accurate quantification of the CA concentration. We proposed the 

Multitasking DCE technique, which enables 3D coverage of entire carotid vasculature 

with high spatial resolution (0.7 mm isotropic), high temporal resolution (595 ms), and 

dynamic T1 mapping for direct quantification of CA concentration. Bulk motion detection 

and removal scheme were also implemented for the improvement of image quality. 

Phantom and in vivo studies have shown that the proposed technique can achieve 

accurate T1 quantification and robustness to motion. The PK parameters were repeatable 

in vivo and showed significant difference between carotid atherosclerosis and normal 

carotid vessel wall. 

 

7.1.2 Multitasking DCE in abdomen 

DCE MRI is the key protocol in the management of PDAC, a highly lethal 

malignancy with a 5-year survival rate at 8%. However, besides the common limitations, 

DCE MRI in abdomen is subject to respiratory motion, which can significantly degrade 

image quality and exaggerate the sampling challenges. We improved the Multitasking 

DCE technique to perform 6-dimensional (6D) quantitative imaging with three spatial 

dimensions, a saturation recovery dimension, a respiration dimension, and a DCE time 

dimension. It achieves respiratory-motion-resolved, high-temporal-resolution T1 
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quantification of the entire abdomen in a 10-min free-breathing scan. To our knowledge, 

this is the first abdominal DCE MRI method that simultaneously allows for 3D true free-

breathing acquisition, 1-s temporal resolution, and dynamic T1 mapping. Sixteen healthy 

volunteers and 14 patients with pathologically confirmed PDAC were recruited for the in 

vivo study. The results demonstrated that the quantitative PK parameters using 

Multitasking DCE were repeatable in vivo and showed significant differences between 

normal pancreas, tumor and non-tumoral regions in PDAC patients. 

In addition, to explore the ability of the 6D Multitasking DCE to distinguish PDAC 

versus CP, 8 patients with confirmed CP were recruited. The 2CXM model was applied 

to estimate blood flow and vascular properties simultaneously. The PK parameters 

representing blood flow and vascular properties showed significant difference between 

normal pancreas, PDAC, and CP. 

 

7.1.3 Multitasking DCE in breast with low-dose 

DCE MRI has the highest sensitivity in the diagnosis of breast cancer among all 

imaging modalities. However, due to the high requirement on the spatial resolution to 

capture small lesions, the temporal resolution of clinical DCE protocols is typically 

compromised at 60 to 120 seconds, which significantly limits its ability for the functional 

evaluation. The concern for GBCA deposition also restricts its application in the screening 

for high-risk population. To address the limitations, we developed a low-dose Multitasking 

DCE (LD-MT-DCE) technique for breast imaging, which provides co-registered high-

spatial-resolution (0.9 mm × 0.9 mm × 1.14 mm) dynamic T1 maps at 1.4-second 

temporal resolution with whole-breast coverage in one 10-min continuous scan, allowing 
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quantification of CA concentration and  PK parameters. The dose was chosen to be 0.02 

mmol/kg, 20% of the standard dose, based on a numerical simulation conducted to 

evaluate the dose effect on the accuracy and precision of the PK parameters quantified 

using LD-MT-DCE. Twenty healthy volunteers and 7 patients with TNBC were recruited 

for the in vivo study. The results demonstrated that LD-MT-DCE possessed excellent 

image quality and equivalent diagnosis compared to standard-dose clinical DCE. The 

quantitative PK parameters estimated by LD-MT-DCE were in vivo repeatable and 

significantly different between normal breast tissue, malignant, and benign tumors in 

TNBC patients.  

 

7.2 Future Work 

7.2.1 Accelerating image reconstruction 

The relatively long reconstruction time is a major limitation for the wide clinical 

application of Multitasking DCE. The bottleneck is to iteratively resolve spatial factor 

using Equation 2.29. One possible solution is to incorporate deep learning network into 

the reconstruction procedure. Previous works have shown that directly recovering 

images from undersampled k-space data using deep learning network is feasible169,170. 

In Multitasking framework, deep learning can accelerate the recovery of spatial factor 

matrix and thus highly speed up the reconstruction procedure.  

 

7.2.2 Application of LD-MT-DCE to a variety of pathological conditions 

LD-MT-DCE has been demonstrated feasible in the characterization of breast 

cancer. It is promising to greatly alleviate the concern towards GBCA deposition and DCE 
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MRI if this technique can provide same diagnosis power compared to conventional 

techniques with only 20% dose in more pathological conditions.  

A preliminary study using 6D Multitasking DCE with a GBCA dose of 0.02 mmol/kg 

to characterize pancreas has been performed on 10 healthy volunteers. The repeatability 

of the PK parameters estimated from repeated 6D LD-MT-DCE scans and the correlation 

of the PK estimation between 6D LD-MT-DCE and 6D SD-MT-DCE are illustrated in 

Figure 7.1 and Figure 7.2 

 

 

 

 

Figure 7.1: Repeatability evaluation for PK parameters on the repeat LD-MT-DCE data in pancreas. The 
regression coefficients, ICC, and CoV between the estimation using the first and second LD-MT-DCE 
images were evaluated and displayed for all parameters.  
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7.2.3 Animal studies with histological validation 

Future studies will include to perform Multitasking DCE technique on a larger 

patient cohort with the histological validation. Previously in various applications, 

correlations were reported between the PK parameters and histological markers, 

including the inflammatory markers, MVD, and fibrosis. However, the estimation of the 

PK parameters can be affected by technique, protocol, etc. With the ability of Multitasking 

DCE to achieve dynamic high-spatiotemporal-resolution T1 quantification, it is important 

to develop the correlation between the PK parameters from Multitasking DCE and the 

histological biomarkers. Animal studies using Multitasking DCE technique with the access 

to the histology/pathology are preferable.   

Figure 7.2: Correlation between the PK parameters estimated using LD-MT-DCE and SD-MT-DCE. The 
regression coefficients, ICC, and CoV were evaluated and displayed for all parameters.  
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7.2.4 Follow-up study for therapy monitoring 

One important utility to assess the vascular properties using DCE MRI is to monitor 

the therapeutic effect of pathological lesions. For example, in the treatment of tumor, the 

criteria of response are the morphologically decrease in the size of tumor. However, it 

usually takes time to wait for the morphological changes. Approach to evaluate the 

therapeutic effect at earlier stage for the optimization of treatment scheme individually is 

in great demand. Changes in the vascular properties are the hallmarks to indicate the 

status of the pathological lesions, which can be used as markers to evaluate the 

therapeutic effect. Multitasking DCE, as a quantitative technique with less variation due 

to the coil positioning, intra/inter-reader mismatch, can potentially provide an avenue to 

evaluate the changes of microenvironment of lesions at early stage. Future studies 

involving multi-time-point follow-up scans using Multitasking DCE will be designed.  

 

7.2.5 Early diagnosis incorporating deep learning 

Since early 1980s, computer-aided diagnosis (CAD) system has been brought to 

assist doctors to improve the interpretation of medical images. Feature exaction is the 

key step in most of the available system. In recent years, the idea of deep learning has 

been flourishing and widely explored in assisting the detection of tumors or residual 

lesions. The key advantage of deep learning is that it can directly generate the high-level 

feature representation from the raw images171. Currently most deep learning network are 

built on CT images due to the easy access to the data and the relatively simple contrast. 

In the meantime, interest has been growing to develop reliable deep learning tool for 
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disease detection based on MRI images to take advantages of the exquisite soft tissue 

contrast. To develop the deep learning network using the PK parametric maps from 

Multitasking DCE can increasingly exploit the vascular information of the tissues and 

provide an avenue for improved diagnosis.  
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