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Abstract 

Background: Dynamic contrast-enhanced MRI (DCE-MRI) has the potential to 
produce images of physiological quantities such as blood flow, blood vessel volume 
fraction, and blood vessel permeability. Such information is highly valuable, e.g., in 
oncology. The focus of this work was to improve the quantitative aspects of DCE-
MRI in terms of better understanding of error sources and their effect on estimated 
physiological quantities. 
 
Methods: Firstly, a novel parameter estimation algorithm was developed to over-
come a problem with sensitivity to the initial guess in parameter estimation with a 
specific pharmacokinetic model. Secondly, the accuracy of the arterial input func-
tion (AIF), i.e., the estimated arterial blood contrast agent concentration, was evalu-
ated in a phantom environment for a standard magnitude-based AIF method com-
monly used in vivo. The accuracy was also evaluated in vivo for a phase-based 
method that has previously shown very promising results in phantoms and in animal 
studies. Finally, a method was developed for estimation of uncertainties in the esti-
mated physiological quantities.  
 
Results: The new parameter estimation algorithm enabled significantly faster pa-
rameter estimation, thus making it more feasible to obtain blood flow and permea-
bility maps from a DCE-MRI study. The evaluation of the AIF measurements re-
vealed that inflow effects and non-ideal radiofrequency spoiling seriously degrade 
magnitude-based AIFs and that proper slice placement and improved signal models 
can reduce this effect. It was also shown that phase-based AIFs can be a feasible 
alternative provided that the observed difficulties in quantifying low concentrations 
can be resolved. The uncertainty estimation method was able to accurately quantify 
how a variety of different errors propagate to uncertainty in the estimated physio-
logical quantities.   
 
Conclusion: This work contributes to a better understanding of parameter estima-
tion and AIF quantification in DCE-MRI. The proposed uncertainty estimation 
method can be used to efficiently calculate uncertainties in the parametric maps 
obtained in DCE-MRI. 
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Populärvetenskaplig sammanfatting 

För att en tumör ska kunna växa sig större än omkring 100 - 200 µm krävs att nya 

blodkärl bildas. Framgångsrik nybildning av blodkärl kräver en väl avstämd balans 

mellan ett flertal ämnen men denna situation råder inte i tumörvävnad. I stället ka-

raktäriseras en tumörs blodförsörjning av mycket dysfunktionella och delvis trasiga 

kärl med varierande blodflöde över tid och i olika delar av tumören. Denna del av en 

tumörs funktion har i ett flertal studier visat sig vara kopplad till tumörens aggressi-

vitet och patientens prognos.  

Dynamisk kontrastförstärkt magnetresonanstomografi (eng.: dynamic contrast-

enhanced magnetic resonance imaging, DCE-MRI) kan användas för att icke-

invasivt bedöma dessa funktionella aspekter av tumörbiologin i patienter. Tekniken 

kan exempelvis användas för kvantifiering av blodflöde, hur trasiga blodkärlen är 

(läckage) och andel kapillära blodkärl i vävnaden. Idén bakom DCE-MRI bygger på 

att man med en magnetkamera studerar hur ett intravenöst injicerat kontrastmedel 

tas upp från blodet i exempelvis tumörer. Tidsförloppet avbildas med ett par sekun-

ders upplösning och studeras sedan med hjälp av matematiska modeller som möjlig-

gör kvantifiering av relevanta biologiska parametrar. 

Kvantifiering med DCE-MRI är indirekt och bygger på en kombination av mät-

data med osäkerheter samt antaganden som kan vara mer eller mindre korrekta. 

Syftet med denna doktorsavhandling har varit att bidra till förbättrad kvantitativ 

DCE-MRI genom att studera ett par viktiga orsaker till osäkerheter, vilken effekt 

dessa har samt, om möjligt, ge förslag på förbättringar.  

I det första delarbetet (Paper I) undersöktes problemet med att en frekvent an-

vänd algoritm för beräkning av parametrar ofta ger felaktiga parametervärden. 

Analysen har på grund av detta blivit långsam eftersom man behövt upprepa den ett 

flertal gånger innan korrekta värden erhållits. Problemet löstes genom att problem-

orsaken identifierades och en ny algoritm utvecklades.  

I de delarbeten som redovisas i Paper II och Paper III undersöktes mätningar 

av den så kallade arteriella inputfunktionen vilket är koncentrationen av kontrast-

medel i den artär som levererar blod till vävnaden. Som nämnts ovan bygger DCE-

MRI på analys av hur kontrastmedlet tas upp från blodet och för att detta 

överhuvudtaget ska vara möjligt måste man känna till blodkoncentrationen av 

kontrastmedel. Blodkoncentrationsmätning i ett stort kärl är en mycket svår utma-

ning eftersom blodet rör sig och koncentrationen varierar snabbt och över ett stort 

intervall. I Paper II beskrivs hur en ofta använd mätmetod hanterar att mäta 

kontrastmedelskoncentrationen i blod. Undersökningen gjordes med hjälp av en 

experimentell uppställning där flöden och kontrastmedelskoncentrationer var kända. 

Resultatet visade att mätmetoden inte fullt ut klarade uppgiften, men att felen kan 

minimeras genom lämpligt val av analysområde och genom användning av en korri-
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gerad modell för hur bildintensiteten beror av kontrastmedlet. En alternativ metod 

för arteriell blodkoncentrationsmätning som visat mycket goda resultat i experi-

mentella uppställningar, i försöksdjur och i ett fåtal undersökningar på människa 

studerades i ett realistiskt patientmaterial (Paper III).  Resultaten visade att meto-

den fungerade relativt väl vid höga koncentrationer men att lägre koncentrations-

nivåer var svårare att mäta, bland annat på grund av hög känslighet för patient-

rörelser.  

I det sista delarbetet (Paper IV) studerades ett sätt att ta fram osäkerheter i be-

räknade biologiska parametrar. Resultaten från en DCE-MRI undersökning present-

eras normalt som färgkodade bilder av parametervärden och målet med studien i 

Paper IV var att ta fram motsvarande bilder av osäkerheterna i parametrarna. 

Slutanvändaren får därigenom en uppfattning om hur pålitligt värdet i en punkt i 

bilden är samt vilken källa osäkerheten har. Normalt är beräkning av osäkerheter 

mycket tidskrävande men genom utvecklandet av en approximativ metod generera-

des osäkerhetsbilder effektivt för ett flertal felkällor.     

Sammanfattningsvis ger denna avhandling ökad förståelse för ett antal av de 

svåra utmaningar som finns inom kvantitativ DCE-MRI och dessutom föreslås några 

förbättringar av metodiken.  
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 Introduction 1

Chapter 1 

Introduction 

The perception of the magnetic resonance imaging (MRI) scanner has experienced a 

paradigm shift during the last decade. The focus of MRI has more and more changed 

from the production of high-quality diagnostic images, which can be interpreted by a 

trained eye, to a device that can measure actual physical quantities in the human 

body and can produce quantitative images; these are often called parametric maps 

[1]. 

To make it clearer why quantitative MRI is desirable, one might consider, e.g., 

an image of a region in the body with a suspected tumor. Without quantitative in-

formation, the combination of specific contrast features, certain shapes and texture 

patterns, are typically used to identify tumor tissue. This procedure requires sub-

stantial experience from the reader (i..e., the radiologist) and works well in many 

situations. However, it is far from optimal in many cases. Had quantitative infor-

mation been available, it might also have been possible to compare values with 

databases and to compare values with parametric maps previously obtained from 

other patients. Quantitative information enables the experience of the person who 

interprets the images to be supplemented by knowledge stored in databases, and this 

can provide hints on how to interpret the information based on the latest research. 

Furthermore, since the information in the parametric maps represents physical 

quantities, interpretation can be improved substantially.  

For all kinds of quantitative measurements, the accuracy and precision should 

always be the best possible, or at least, sufficient for the problem at hand. In other 

words, the systematic deviation between true and measured quantities should be 

small and the variation between repeated measurements of the same quantity should 

also be small. With these objectives fulfilled, parametric maps are independent of 

the imaging device and can therefore easily be compared with other data. If the 

precision is good, then small differences or changes can be detected. This implies 

good reproducibility and repeatability, which is essential in clinical studies, diag-

noses and patient follow ups. Quantitative MRI combines the benefits of 
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quantitative information with the attractive properties of MRI, such as non-invasive-

ness, high spatial resolution and low risk (no ionizing radiation). Therefore, it is a 

highly valuable tool with huge potential.  

1.1 Quantitative DCE-MRI 

Dynamic contrast-enhanced MRI (DCE-MRI) refers to acquisition and analysis of 

MRI data that describe the uptake of an exogenous contrast agent (CA) in a region 

of interest (ROI). In short, the DCE-MRI exam consists of one image series that 

establishes the baseline signal without the CA and another series that is acquired 

before, during, and after the administration of the CA to monitor the CA uptake 

process. The images obtained from the DCE-MRI data acquisition are intrinsically 

not quantitative measures of tissue physiology, but the contrast in the images is 

affected by the microvascular structure and function. Quantitative physiological 

parameters are extracted by examining the signal change relative to baseline in both 

tissue and in a large artery. Analysis of the signal change yields CA concentration 

curves for the tissue and for arterial blood (the arterial input function, (AIF)). These 

are subsequently used in conjunction with mathematical models to estimate para-

metric maps [2]. 

The images, which must be acquired with high temporal resolution, are vulnera-

ble to several sources of errors, and the analysis step in which the quantitative in-

formation is extracted can be complex and involve several different images, models 

and assumptions. Nevertheless, DCE-MRI has proven highly valuable in numerous 

situations, e.g., in oncology [3]. 

1.1.1 Application of DCE techniques in oncology 

In a review by Zahra et al. [4], the predictive role of DCE-MRI for tumor response 

to radiotherapy was investigated by compiling the results of 29 studies where DCE-

MRI had been correlated with histopathological or clinical outcome data. Several of 

the reports included in the review indicated correlations between DCE-MRI param-

eters and clinical outcome in, e.g., cervical, rectal, and head and necks cancers. 

Correlations with microvessel density, oxygen pressure, and tumor grade were also 

reported for, e.g., cervical cancer, breast cancer and gliomas. Discrepancies and 

contradictions were found too with some studies indicating statistically significant 

correlations, while other did not. Still, the authors concluded that the material sup-

ported that DCE-MRI can used as a tool for individualizing radiotherapy. However, 

they also emphasized the need to standardize DCE-MRI acquisition and analysis to 

facilitate comparison between studies.             

More recently, Yue Cao [5] reviewed the role of DCE-MRI and similar tech-

niques, such as dynamic susceptibility contrast MRI (DSC-MRI) and dynamic 

contrast-enhanced computed tomography (DCE-CT) in radiation therapy. She found 



 

3 

compelling evidence for the prognostic and predictive value of these techniques in 

several studies. For example, that cerebral blood volume values obtained from DSC-

MRI were superior for predicting progression in gliomas compared to pathologic 

grade. The assessment of normal tissue response, i.e., the limiting factor to the dose 

that can be delivered to the tumor, was also reviewed. Perfusion studies using DCE-

CT revealed that overall liver function may be assessed using DCE-based perfusion 

techniques. This can, in turn, enable the possibility to adapt the therapy based on 

how the liver responds to the therapy. The sensitivity of the neurovasculature to 

radiation dose was found to be measurable by blood brain barrier permeability de-

rived from DCE-MRI. Interestingly, the permeability was significantly correlated 

with cognitive abilities such as verbal memory and learning scores 6 months after 

radiotherapy. As in the earlier review [4] above, Cao points out that these techniques 

may help in the selection of treatment modality and in individualizing treatment. 

However, it is also pointed out that a broader application of these techniques require 

more validation in terms of sensitivity to pathology and a deeper understanding of 

the uncertainties in the derived parameters.   

Another area of application for DCE-MRI in oncology is clinical evaluation of 

antiangiogenic and vascular-disrupting agents. Evaluation of these agents in clinical 

phase I and II trials is difficult since the tumor response does not necessarily imply a 

reduction of tumor size. Functional changes, on the other hand, are likely to occur, 

and this can potentially be quantified using DCE-MRI. In a review of 21 clinical 

phase I/II trials of antiangiogenic and vascular-disrupting agents, O’Connor et al. [6] 

found that DCE-MRI often could demonstrate evidence of drug efficacy but few of 

the trials have shown any relationship between DCE-MRI parameters and clinical 

outcome measures. Moreover, those authors point out that early indications based on 

DCE-MRI in phase I/II clinical trials are no guarantee for success in phase III, and 

that the response in DCE-MRI parameters may be viewed as a necessary but not 

sufficient indicator of drug efficacy. 

1.1.2 Accuracy and precision  

The overall absolute accuracy of quantitative parameters derived from DCE-MRI is 

difficult to assess since it requires a ground truth to be established by an alternative 

method, which can itself be inaccurate and often very invasive [7]. The best one can 

hope for is often consistency across modalities which measure the same parameter. 

In blood flow and blood volume measurements, absolute quantification is generally 

an outspoken goal [8] while only a few studies quantifying vessel permeability and 

extracellular extravascular space (EES) volume using DCE-MRI have included 

validation of the technique against other modalities. A recent interesting exception 

to this is the work by Naish et al. [9] who compared the DCE-MRI and DCE-CT 
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parameters1 
����, �� , and �� in bladder cancer. They found good agreement for 


���� but not the other parameters. In the absence of validated absolute quantifica-

tion, standardization of data acquisition and analysis is absolutely essential for re-

sults to be comparable. Despite being around for about 20 years, very little work has 

been put into the standardization of DCE-MRI until quite recently [10], [11].   

The parameter precision is often more important than the accuracy since it de-

fines the repeatability and thus the sensitivity to change. Due to the large variability 

in data acquisition, hardware and analysis methods, it is recommended that repeata-

bility should be assessed in each study by acquiring two baseline datasets [10]. 

DCE-MRI is highly complex, and numerous factors can influence the results (see, 

e.g., p. 289 in reference [3] for a comprehensive overview). A quality assurance 

(QA) program is thus essential to detect issues related to, e.g., an upgrade of the 

scanner software. 

The above mentioned  assessment of repeatability and use of a QA program are 

essential features of a DCE-MRI study [10]. However, they provide very little in-

sight into the cause of the variability, the voxel-wise uncertainty and how uncer-

tainty in a subset of data affects the final parameters. The present work has focused 

on this later area. In Paper I [12], a new parameter estimation algorithm is presented 

which solves the problem that the tissue homogeneity (TH) model needs many ini-

tial guesses to produce accurate results. One of the major sources of variability in 

DCE-MRI is the AIF, and two methods for AIF measurements were investigated 

(Paper II [13] and Paper III [14]). Finally, in Paper IV a method for parameter 

uncertainty estimation on the voxel level was presented. 

1.2 Aims 

The aims of the this thesis were to contribute to improved quantitative DCE-MRI by 

(i) enabling extraction of more information from available data, (ii) improving the 

accuracy and precision of extracted parameters, and (iii) obtaining increased 

knowledge about the accuracy and precision. In the four papers included in this 

thesis, work was performed in these three areas. The specific aims of the four papers 

were: 

I. To develop and investigate a new method for parameter estimation with the 

TH model.  

II. To analyze the effects of blood flow and non-ideal radiofrequency (RF) 

spoiling on the AIF and on the pharmacokinetic (PK) parameters for the 

commonly used 3D-SPGR sequence with short repetition time (TR). 

                                                           
1
���� corresponds to a mixture of vessel permeability and flow, �� is the fractional volume of the EES, and �� is the 

fractional volume occupied by blood plasma. These parameters are commonly used in DCE-MRI and more information 
can be found in Section 4.3.3.  



 

5 

III. To investigate the usefulness of prebolus phase-based AIFs in DCE-MRI 

and identify potential pitfalls. 

IV. To develop and evaluate a method for uncertainty maps in DCE-MRI. The 

method should be applicable to any signal model, any linear PK model, and 

a wide range of sources of uncertainty. 
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 Magnetic Resonance Physics 2

Chapter 2 

Magnetic Resonance Physics 

2.1 Spin 

The physics that underpins MRI has its origin in the very core of matter itself, in a 

property called spin. Spin is a quantum mechanical property and implies that a par-

ticle having non-zero spin has non-zero angular momentum. Hence, a non-zero spin 

particle behaves as if it is rotating around its own axis. This rotation analogue can be 

useful in certain circumstances. However, it is formally not a correct view since the 

particles are point-like, and a point does not exhibit spinning. One should therefore 

view spin simply as an intrinsic property of elementary particles as one does with, 

e.g., electric charge. All particles have either integer or half-integer spin, implying 

that they have angular momentum that is either integer or half-integer multiples of 

the reduced Planck constant, when measured in any particular direction. According 

to the spin-statistics theorem, half-integer and integer spin particles behave very 

differently, the first obey Fermi-Dirac statistics and the second Bose-Einstein sta-

tistics. Hence, the spin property, which is responsible for the production of the tiny 

signal in the MRI scanner, is also the property that determines whether two identical 

particles can be found in the same state (the Pauli exclusion principle). Thus, spin is 

a property which is deeply connected to the structure of all atoms and matter [15].      

2.2 Nuclear spin 

The signal measured in an MRI scanner, often referred to as the nuclear magnetic 

resonance (NMR) signal or simply the MR signal, has its origin in the spin of the 

nucleus.  The nucleus is not an elementary particle but is made up from protons and 

neutrons which in turn consist of quarks.  The quarks, on the other hand, are consid-

ered elementary and are spin-1/2 particles. In theory, the quark spins in the nucleus 

can be oriented relative to each other in many different ways which would produce 

many possibilities for a total spin of a specific nucleus. However, one of the spin 

configurations is much more energetically favorable. One can therefore talk of a 

definite spin of a nucleus despite that it is not an elementary particle. In general, no 

simple rules predict the total spin of a specific isotope, but a few properties can still 
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be found based on the number of protons and neutrons. Odd mass number results in 

a half integer spin nucleus, and for even mass number nuclides the spin will be zero 

if the nucleus has an even number of protons and neutrons and larger than zero if the 

number of protons and neutrons are both odd [15].   

2.3 Nuclear magnetism 

The nuclear spin angular momentum operator, ��, is a vector valued quantity for 

which the magnitude 

 ( )2 2ˆ 1I I= +I ℏ  (2.1) 

is specified by the nuclear spin quantum number �. Only one of the components of 

�� = ���� , ��� , ����
�
 can simultaneously be specified with ��� due to the non-commuting 

property of angular momentum operators. This component, denoted ���, is normally 

chosen along an arbitrary z-axis. The eigenvalues of ���, i.e., the possible values of 

the angular momentum in the z-direction, are given by ћ � where  � = −�,−� +
1,… �. The quantum numbers � and  � completely specify the possible states of the 

nuclear spin, which thus has	2� + 1 possible states.   

In addition to the angular momentum, nuclei can also possess a non-zero mag-
netic moment. Intuitively this can be understood from the analogy that the nucleus is 
a spinning charge, and hence behaves as a rotating current which produces a mag-

netic field. The magnetic moment '( is collinear with the angular momentum and is 

given by 

 ˆˆ γ=µ I , (2.2) 

where the gyromagnetic ratio ) is a nucleus specific constant. For H	+ ,		) =
	2.6752·108 rad·s-1T-1, and this is the largest gyromagnetic ratio among all isotopes. 

A large gyromagnetic ratio implies a larger NMR signal. The larger NMR signal, 

together with the high abundance of 1H in biological samples and the fact that the 1H 

nucleus is a spin-1/2 particle are the three major reasons for the use of 1H nuclei in 

MRI. The relevance of a spin-1/2 nucleus will be explained below. 

When placed in a magnetic field, a phenomenon called nuclear Zeeman splitting 

occurs and the otherwise degenerate 2� + 1 nuclear spin states are split into different 

energy levels. By exciting the nucleus to higher energy levels and observing associ-

ated inductive signals, one can extract a vast amount of information about the 

nucleus and its surroundings. This is the foundation of MRI and NMR spectroscopy 

[16].   
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2.4 Spin dynamics 

The dynamics of the nuclear spin can be studied by specifying the Hamiltonian of 

the system. The possible states of the system described should, in principle, contain 

the states of the nuclear spins and all particles with which they interact. However, 

this is an intractable problem since the nuclei can interact with numerous electrons 

and other nuclei. Fortunately, according to the spin Hamiltonian hypothesis, it is a 

very good approximation to only include the states of the nuclear spins and treat all 

other interactions, e.g., with electrons, by using the average electromagnetic field 

created by these particles. With this huge simplification, one can write the 

Hamiltonian as 

 int
ˆ ˆ ˆ .extH H H= +  (2.3) 

The external Hamiltonain, ,-��� , contains all interactions between the nuclei and the 

MRI or NMR apparatus, i.e., interactions with externally applied magnetic fields 

and RF pulses. The internal Hamiltonian, ,-.��, contains interactions within the 

material in which the nuclei are found. ,-.�� can contain both electric and magnetic 

interactions, but for spin-1/2 particles no electric interactions of interest for the dy-

namics of the spins occur. This is beneficial for MRI, based on 1H, since the electric 

quadrupole interactions can be very strong and make NMR experiments difficult. 

The magnetic interactions remaining in ,-.�� are, e.g., coupling between different 

nuclear spins (responsible for much of the structure in an NMR spectrum) and cou-

pling to randomly fluctuating fields (responsible for the relaxation, see Section 2.5) 

[15]. 

Much of the relevant physics of 1H MRI can be extracted by considering an en-

semble of identical spin-1/2 particles and ,-���  only. The external Hamiltonian is 

given by 

 ( )ˆ ˆ
extH t= − •µ B  (2.4) 

where /012 is the externally applied magnetic field. The quantity of interest for MRI 

is the macroscopic magnetic moment (the magnetization) 3012 which can be calcu-

lated as 

 ( ) ( ){ }ˆ ˆTrt n tρ= ⋅M µ  (2.5) 

in which 4 is the number of protons per unit volume, Tr7∙9 is the trace of an operator 

and :;012 is the density operator, i.e., an operator containing all statistical infor-

mation about the ensemble of spins. A differential equation for the dynamics of 

3012 can be found using the Liouville-von Neumann equation [16] 
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where <∙,∙= is a commutator, and the commutator relations for the spin operators are 
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 (2.8) 

which is the famous Bloch equation2 [17] for the time evolution of the macroscopic 

nuclear magnetization of a system with non-interacting spin-1/2 particles [16]. The 

Bloch equation forms the backbone for the theoretical understanding of MRI.  

To obtain insights into the dynamics of the magnetization one can solve Eq. 

(2.8) for the situation where there is a strong external static magnetic field with 

magnetic flux density >? = @?A. In this case, the solution implies that the 

magnetization perpendicular to >?, i.e., magnetization in the xy-plane (often re-

ferred to as transverse magnetization), precesses (rotates) around the magnetic field 

with an angular frequency given by the Larmor frequency  

 
0 0Bω γ=  (2.9) 

and the direction of rotation is opposite that of the magnetic field for ) > 0. The 

Larmor frequency corresponds exactly to the resonance frequency of the Zeeman 

energy levels, i.e., the frequency of electromagnetic radiation that can be absorbed 

or emitted in transition between these energy levels. The significance of this solution 

is that the rotating magnetization can generate an electric signal by induction if it is 

                                                           
2 The Bloch equation, as presented in [17], also includes relaxation. The concept of relaxation is introduced in Section 
2.5 
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placed in a coil (the NMR signal)  [18] and that the frequency of this NMR signal 

equals the Larmor frequency.  

A second important solution to the Bloch equation is when, in addition to the 

static field /?, a rotating magnetic field /┴012 (|/┴012| ≪ @?) with frequency 

E ≈ −γB?I	is present in the xy-plane due to an RF transmitter coil. The solution is 

simplified by studying Eq. (2.8) in a rotating frame of reference, rotating with the 

angular frequency E. In the rotating frame of reference, Eq. (2.8) has the form 

 
( )

( ) ( )eff

d t
t t

dt
γ

′
′ ′= ×

M
M B  (2.10) 

where 

 ( ) ( ) 1
eff t t γ −′ ′= +B B Ω  (2.11) 

and the prime indicates that the quantity is given in the rotating frame of reference. 

The solution to Eq. (2.10) is just as in the previous case, i.e., the magnetization ro-

tates around the magnetic field, although now in the rotating frame of reference. 

Since /┴012 rotates with the same frequency as the rotating frame of reference, /┴J  

is constant. The effective magnetic field is then given by 

 

 ( ) ( )1
0 .eff efft B γ −

⊥
′ ′ ′= = − Ω +B B z B  (2.12) 

The solution of Eq. (2.10) for /�KK
J 012 given by Eq. (2.12) is illustrated in the rotat-

ing frame of reference in Figure 2-1. For the special case when Ω equals the Larmor 

frequency, /�KK
J 012 is in the xy-plane. Hence, 3012 can be rotated any angle M away 

from the starting position (which corresponds to alignment with the z-axis). This 

situation, when a rotating magnetic field with the Larmor frequency is used to rotate 

the magnetization an angle M away from the z-axis, is called on resonance excitation 

with the flip angle (FA) M. A second special case is when |/┴	J | ≪ |/? + )N+E| , 

which implies that	/�KK
J 012 is almost parallel to the z-axis and consequently only 

very small FAs can be produced. Hence, one can conclude that excitation, i.e., rota-

tion of the magnetic field away from the z-axis, can be produced using a rotating 

magnetic field provided that the frequency of the rotating field is close to the Larmor 

frequency. 



 

12 

 
Figure 2-1:  Illustration of the dynamics of the magnetization in the rotating frame of refer-
ence, rotating with the angular frequency E. The magnetization 3′012, initially aligned with 
the z-axis, rotates around /�KK

J 012 with angular frequency −)/�KK
J 012. Only small FAs (M) 

can be produced if P is small, while any FA can be produced if P =	90°.       

2.4.1 Thermal equilibrium    

The Bloch equation describes the dynamics of the macroscopic nuclear magnetiza-

tion but cannot tell us anything about the initial condition for Eq. (2.8). The initial 

condition, which is given by the thermal equilibrium magnetization, is very inter-

esting since the dynamics of the magnetization can never increase the magnitude of 

the magnetization above the thermal equilibrium value. Hence, the maximum ob-

tainable NMR signal is determined by the thermal equilibrium.  

Boltzmann statistics gives the thermal equilibrium value for the density operator 

for spin-1/2 nuclei in a magnetic field /Q = @?I as [15], [16] 

 
{ }

ˆ /
0

0 ˆ /

ˆ1̂
ˆ ,

2 2

B

B

H k T

z

H k T
B

I Be

k TTr e

γ
ρ

−

−
= ≈ +  (2.13) 

where 1R  is the unit operator, ST is the Boltzmann constant, and U is the temperature. 

Expressed in the bases of the eigenstates of ���, the equilibrium density operator is 
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 (2.14) 

where the upper and lower diagonal elements represent the probability of finding a 

spin aligned parallel and antiparallel with the magnetic field, respectively. The off-

diagonal elements represent the correlation, over the ensemble of spins, between the 

probability amplitudes for the two possible spin states. Non-zero off-diagonal ele-

ments imply a non-zero transverse magnetization.  

Equations (2.14) and (2.5) imply that the thermal equilibrium magnetization is  

 [ ]1
0 4 0 0 1 ,

T
nγ−= ∆M ℏ  (2.15) 

where ∆= ћ)@?/0STU2 is the excess fraction of spins parallel to the magnetic field. 

For an MRI scanner with a magnetic flux density of 1.5 T at room temperature, the 

excess fraction is only around 10 ppm and the resulting magnetization is therefore 

tiny. For example, hydrogen nuclei in a water sample at room temperature placed in 

a 1.5 T magnetic field, have a magnetization that produces a magnetic field with a 

magnetic flux density of approximately 6 nT. This small magnetization is sufficient 

to produce a clearly detectable signal [18], but it has to compete with thermal noise.   

2.4.2 The NMR signal 

As indicated above, a receiver coil is used to pick up the NMR signal. The rotating 

transverse magnetization produces a time-varying magnetic flux through the coil and 

hence a voltage – the NMR signal. In terms of the magnetic field 0/XY.Z/[2 that a 

unit current in the receiver coil would create, the induced voltage can be written as 

[19] 

 ( ) ( ) 3 2 1
0 0 0/NMR Coil

V

S I t dV B n B T
t

γ γ −∂
≈ − • ∝ ∝

∂ ∫
B M M . (2.16) 

2.5 Relaxation 

From Eqs. (2.8) or (2.10) one would conclude that once the magnetization is excited 

away from its thermal equilibrium it will never return. Here, it should, however, be 

remembered that all internal interactions, ,-.��, were ignored in the derivation of 

these equations and ,-.�� is responsible for establishing the thermal equilibrium. The 

processes that bring the magnetization back to thermal equilibrium are referred to as 
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relaxation and can be described by introducing two phenomenological time con-

stants, U+ and U�. This results in the complete Bloch equation [17], [20]: 

 

( )
( ) ( ) ( )

( ) ( ) ( ) ( )( ) ( )

1 1
2 1 0

21 1
2 1 .

d t
t t T t T

dt

T T t t t t

γ − −

−− −

= × − ⋅ + ⋅

+ − •

M
M B M M

B M B B

 (2.17) 

 
Figure 2-2: (a) The evolution of the longitudinal magnetization after an inversion pulse M =
	180°.  (b) The evolution of the transversal magnetization after an excitation pulse  M = 90°. 
Relaxation time constants typical for the field strength 1.5 T for white matter (U+ =	950 ms, 
U� =	100 ms) and cerebrospinal fluid (CSF) (U+ = 4500 ms, U� =	2200 ms) were used in the 
plots. 

The time constant U+ describes the return of the longitudinal component of the 

magnetization to thermal equilibrium, i.e., the magnetization parallel to /?. U�, on 

the other hand, is the time constant for the decay of the transverse magnetization to 

zero. In a rotating frame of reference, rotating with the Larmor frequency, the dy-

namics of the magnetization due to U+ and U� relaxation after an excitation pulse 

with FA = M at 1 = 0 is given by 

 ( ) ( ) ( )( )( )1/
0 1 1 cos t T

z zM t M t M eθ −′= = − −  (2.18) 

and 

 ( ) ( ) 2/
0 sin .t T i

xy
M t M e

φθ − +′ =  (2.19) 

In Eqs. (2.18) and (2.19), 	\? = |3?|, \��J 012 = \�J 012 + [ ∙ \�J 012 is a convenient 

complex notation for both of the transverse magnetization components, and ] is the 

phase of the transverse magnetization. Figure 2-2a and b show the evolution of the 

longitudinal and transversal magnetization for two types of tissue after an inversion 

pulse M = 180° and after an excitation pulse M = 90°, respectively.  
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2.5.1 Relaxation mechanisms 

The two relaxation processes characterized by U+ and U� depend on rather different 

mechanisms. U+-relaxation is due to net loss of energy to the surroundings and re-

quires the existence of transverse magnetic fields oscillating with the Larmor fre-

quency or the double Larmor frequency. U�-relaxation, on the other hand, is due to 

loss of coherence among the spins and can be caused by the frequencies inducing U+ 
relaxation as well as low frequency fluctuations. The magnetic fields involved in 

relaxation originate from other spins, chemical shift anisotropy3, and magnetic fields 

generated by molecular rotation. For spin-1/2 nuclei the dipole-dipole interaction 

between spins is normally dominating. Both intra- and intermolecular interactions 

can occur but the intramolecular interactions are often stronger [15], [16]. An im-

portant case for this work, when the intermolecular interactions play a vital role, is 

the use of strongly paramagnetic CAs. Their large magnetic moment is able to gen-

erate strong magnetic fields and a small amount of such a CA dissolved in a solu-

tion, with otherwise long relaxation times, is able to significantly shorten the relaxa-

tion times [21].  

The temporal variation of the magnetic fields is caused by random tumbling of 

molecules and can be characterized by the rotational correlation time	^_, which de-

pends on molecular size, viscosity, and temperature. Figure 2-3 shows the depend-

ence of the relaxation times on the correlation time for a system with only dipole-

dipole interaction [22], [23]. A minimum for U+ can be observed when ^_N+ equals 

the Larmor frequency, whereas U� keeps on decreasing with longer ^_. Solids which 

represent the extreme end of the spectrum of long correlation times should therefore 

have very short	U�.4 This is indeed the case and the reason why bone is difficult to 

image with MRI. Water and fat have small molecules and thus very short correlation 

times with ^_N+ larger than the Larmor frequency. Consequently, U+ and U� are 

comparable in size, and since fat molecules are larger than water molecules, fat has 

the shorter relaxation times [15]. Figure 2-3 can explain, qualitatively, how relaxa-

tion depends on several parameters and, e.g., why water and fat have different sig-

nals in MRI. However, this is not sufficient to fully understand the U+ and U�	in 

tissue. Gray and white matter have different U+ and U� despite the fact that the signal 

in both cases originates from water. To explain this, the concepts of bound water 

and exchange are needed [21].  

 

                                                           
3 The electron cloud surrounding the nucleus perturbs the magnetic field slightly (chemical shift). The chemical shift 
depends on the orientation of the molecule in which the spin resides (chemical shift anisotropy). As the molecule 
tumbles and changes direction relative to the externally applied magnetic field the chemical shift varies. This causes the 
nuclear spins to relax.  
4 In solids the dipole-dipole interaction model used in the production of Figure 2-3 is not valid [21]. However the 
conclusion that U� is very short still holds.  
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Figure 2-3: Relaxation times as a function of Larmor frequency ` and correlation time ^_  for 
a system dominated by dipole-dipole interactions.  

Macromolecules, such as proteins, have a long correlation time. Water in close 

proximity to these molecules (bound water) tends to slow down drastically, thereby 

bringing their rotational correlation time much closer to the Larmor frequency and 

hence shortening the relaxation times. Through the processes of diffusion and 

chemical exchange water protons can move in and out of the proximity of the 

macromolecules.  The mean time taken for a water molecule to sample both the free 

and bound water phases is called the exchange correlation time ^�. The relaxation in 

biological samples is in general a complicated function of exchange correlation 

times and fractional volumes of bound and free water phases. For very slow and 

very fast exchange, characterized by ^� ≫ U. or ^� ≪ U. , relaxation times U.  (repre-

senting both U+ and U�) have simple relaxation models. In the case of slow ex-

change, which is common for U� in tissue [24], relaxation is multi-exponential. One 

can in this case simply model the NMR signal as a sum of signals originating from a 

set of non-interacting compartments. Fast exchange implies that the NMR signal 

decays mono-exponentially with a relaxation time given by 

 1 1
, ,i j i j

j

T p T− −=∑  (2.20) 

where bc is the fractional amount of water in each bound or free water phase and U.,c 
are the relaxation times of phase d. From Eq. (2.20) it is evident that if a bound 

phase has a very short relaxation time it can decrease the observed relaxation time 

drastically  – even if the fraction of water in the bound phase is small. In biological 

samples ^� is in general small enough to render U+ mono-exponential [21].       
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2.6 Contrast agents 

Already at the time of the first NMR publication [18], Felix Bloch and coworkers 

had realized that the NMR signal of water can be manipulated by addition of a small 

quantity of a paramagnetic substance. Such a substance is usually referred to as a 

CA, and, in particular, gadolinium-based substances are widely used today in MRI. 

In 1988, Gd-DTPA (gadopentetate,  Magnevist, Schering AG, Berlin, Germany) 

[25] was the first gadolinium-based CA to be approved for clinical use. Since then, 

many more5 gadolinium-based CAs have been approved. Several of the commonly 

used CA molecules, including Gd-DTPA, are of low molecular weight (< 1000 

Daltons). Heavier CAs have also been developed [3], and due to their larger size 

they are less prone to leave the vascular system. Such CAs are therefore well suited 

for angiography [26], perfusion studies [27], and potentially more specific than low 

molecular weight CAs for characterization of the disrupted vasculature in tumors 

[3]. In addition to varying the size of the CA molecule, it has been suggested that 

MRI CAs can be used for molecular imaging by, e.g., designing CAs that bind to 

specific targets [28].   

2.6.1 Contrast mechanism 

The mechanism by which the CA affects the NMR signal, and thereby the image 

contrast, is by shortening the relaxation times U+ and U�. The normally assumed 

relationship between the CA concentration and the relaxation rate is very simple and 

given by [29]  

 1 1
,0 , 1,2,i i iT T r C i− −= + ⋅ =  (2.21) 

where U.,? is the relaxation time without the presence of the CA and e is the molar 

concentration of CA. The proportionality constant f. is the relaxivity which depends 

on the specific CA and is a measure of the efficiency of the CA. Equation (2.21) is a 

cornerstone in DCE-MRI since it enables quantification of the CA concentration 

from measured U+ values. However, the simplicity of Eq. (2.21) is somewhat decep-

tive since f. depends on the environment in which the CA resides.  

 

                                                           
5 A complete list of MRI CAs approved for clinical use in Sweden can be found in FASS (www.fass.se). 



 

18 

 
Figure 2-4: Illustration of relaxation induced by the Gd-DTPA contrast agent. When the Gd-
DTPA chelate tumbles, bound water molecules (inner and second sphere water) experience a 
time varying magnetic field from the gadolinium ion which causes the spins of the hydrogen 
nuclei to relax. Due to exchange with bulk water, many water molecules gain access to the 
inner and second sphere binding sites. Unbound water molecules close to the CA (outer 
sphere water) also experience a time varying magnetic field from the CA, in this case due to 
diffusional motion. The time varying field causes hydrogen nuclei in these molecules to relax 
as well.   

2.6.2 Contrast agent relaxation theory 

A CA consists of one or several strongly paramagnetic ions and a host molecule 

(chelate). Figure 2-4 shows a typical example of a CA where the paramagnetic ion 

is a Gd3+ and the rest of the molecule is the chelate with the primary purpose to 

contain the otherwise toxic ion. A requirement for the CA to be efficient is that H	+  

nuclei can interact magnetically with the ion. Ions with large magnetic moments and 

long electron relaxation times are the most efficient for inducing relaxation. Gd3+ is 

an ideal candidate since it has seven unpaired electrons and a long electron relaxa-

tion time, and it is gadolinium that is used in most CAs today. Although the primary 

purpose of the chelate is to protect the patient against the toxic heavy metal, it also 

affects the relaxivity. A detailed description of CA-induced relaxation mechanisms 

requires appropriate theory, and one such model is the Solomon-Bloembergen-

Morgan (SBM) theory [22], [30], [31], which is valid at the field strengths found in 

a modern MRI scanner [32]. A detailed introduction to the SBM theory can be found 

elsewhere [29], [32]. In summary, the SBM theory describes the interaction between 

the paramagnetic ion and the proton spin as a dipole-dipole interaction plus a scalar 

interaction term, and these interactions act over a very short range.  The requirement 

that water molecules have access to the proximity of the paramagnetic ion is thus 

essential for the CA to be efficient. Normally, one subdivides water in the close 

vicinity of the CA into three different types, depending on the distance of the water 
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molecules to the paramagnetic ion: (i) Water bound to the ion, (ii) water bound to 

the chelate, and (iii) unbound water close to the CA molecule. These three types of 

water are usually referred to as inner sphere (IS) water, second sphere (SS) water, 

and outer sphere (OS) water, respectively (cf. Figure 2-4). The total relaxation rate 

due to relaxation of all types of water add linearly, i.e., the total relaxation rate in the 

presence of a CA is given by            

 1 1 1 1 1
,0 ,IS ,SS ,OS, 1,2i i i i iT T T T T i− − − − −= + + + = . (2.22) 

The inner sphere relaxation rate can be described by SBM theory, revealing that the 

relaxation rate depends, among other things, on the number of water binding sites on 

the ion, the field strength, the rotational correlation time of the CA molecule, and the 

residence time of protons in the inner sphere, i.e., the average time the water protons 

stay bound to the ion6. The second sphere physics is essentially the same as for the 

inner sphere, although there are larger proton-ion distances, possibly more available 

binding sites and other proton residence times. The outer sphere relaxation rate has a 

slightly different mechanism since this water does not bind to the CA molecule. For 

outer sphere water, diffusion plays an important role while rotational correlation 

time does not. A few important points about the relaxation rate are:   

• The number of binding sites in the inner7 and the second sphere, as well as 

second sphere ion-proton distances, depend on the chelate structure.  

• The rotational correlation time is related to molecular size, temperature, 

viscosity, and whether the CA binds to other molecules such as proteins 

[33].   

• The proton residence time depends on pH. 

Hence, the relaxivity of the CA depends not only on the paramagnetic ion but can 

also be increased by using a properly selected chelate [28]. For quantitative DCE-

MRI, the take home message is that the CA relaxivity depends on conditions such as 

field strength, temperature, and the chemical environment. The dependence on the 

chemical environment is likely to be the most disturbing since it is to a large extent 

unknown in vivo and may vary between different compartments [34].   

2.6.3 Nephrogenic systemic fibrosis and other risks 

The use of gadolinium-based CAs, for a long time, was believed to be without any 

serious adverse effects. In 1997, a rare complication was identified in patients with 

                                                           
6 What really matters is the time the protons stay close to the ion. This time depends on both water exchange rate and 
proton exchange rate.  
7 The number of inner sphere binding sites is usually limited to one by the requirement that the CA should be stable and 
not release the ion while inside the patient [32].   
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renal impairment.  This complication was later termed nephrogenic systemic fibrosis 

(NSF), and it has been connected to the use of gadolinium-based CAs. Since that 

first case, reports of more than 200 cases have been published.  

The manifestation of NSF at an early stage is swelling, redness, pruritus and 

pain in the extremities. At later stages the skin conditions may include “woody” 

indurations, especially in the lower extremities, and since it is a systemic disease 

other organs may also be affected. The morbidity of NSF is reported to be 28%. 

NSF is difficult to diagnose since it mimics other conditions, and the mechanism of 

NSF is presently unknown. No clear evidence of any successful treatment has been 

reported, although there are indications that some drugs may have a positive effect. 

Fortunately, the incidence rate of NSF is very low and clear risk factors can be iden-

tified. All patients identified with NSF had chronic or acute renal failure and 90% 

received more than a normal dose of gadolinium-based CA. This has led to risk 

prevention strategies such as avoiding high doses of gadolinium-based CAs, and 

avoiding the use of these CAs in patients with renal failure [35]. Risk preventions 

are believed to reduce the frequency of NSF substantially, and after adoption of a 

new policy and switch to a CA with better safety profile, two universities in the 

United States were able to eliminate all cases of NSF [36].  

In addition to NSF, severe anaphylactoid reactions as a result of the use of 

gadolinium-based CAs have been reported. However, the incidence is very low 

0.031-0.157% [35].  
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 Magnetic Resonance Imaging 3

Chapter 3 

Magnetic Resonance Imaging 

Most imaging modalities, e.g., optical and electron microscopy, can only capture 

details which are larger than the wavelength of the radiation used. MRI employs 

wavelengths in the order of decimeters and can still be used to obtain sub-millimeter 

resolution. The key to achieve this is in the use of spatial encoding. The position of 

the signal origin is encoded into the signal through the use of linear gradients and 

then recovered in a decoding step which normally uses the very efficient fast Fourier 

transform (FFT) algorithm. This possibility was first recognized by Mansfield et al. 

[37] and Lauterbur [38] in 1973. Since then, the development of MRI has exploded 

and MRI scanners are today an invaluable tool in research and clinical practice.     

 
Figure 3-1: (a) The MRI scanner (Siemens Espree, 1.5 T) used for the experiments described 
in this thesis. (b) Important subsystems in an MRI scanner. The patient is placed inside the 
main magnet. Inside the magnet and surrounding the patient are coils producing the linear 
gradients as well as RF coils. A large RF coil (body coil), built into the MRI casing, and 
specialized smaller coils, e.g., a head coil inserted when needed, are used during imaging. The 
MRI operator controls the imaging from a computer running a specific MRI pulse sequence. 
The sequence is a set of instructions that control the gradient waveforms and RF pulses and 
collect the received signal digitized in the analog-to-digital converter (ADC). A reconstruc-
tion program, decoding the received signal, is used to create the images. 
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3.1 The MRI system 

Figure 3-1a shows the MR system used in the experimental work of this thesis and 

Figure 3-1b shows a schematic overview of the most important subsystems in an 

MRI scanner.  

3.1.1 The magnet 

In most modern MRI scanners, the magnetic field is produced by superconducting 

coils, and common field strengths in clinical practice are in the range 1-3 T. Stronger 

magnets, producing 7 T and above, have also been developed for human applica-

tions, although mainly for research. Higher magnetic field strength implies a better 

signal-to-noise ratio (SNR) but also several potential disadvantages (including 

higher price). For instance, increased field strength leads to higher demands on the 

relative homogeneity of the magnetic flux density, and more advanced coil design is 

therefore needed. More shimming, i.e., the use of coils and magnetic material for 

fine-tuning of the magnetic field homogeneity, may also be required due to, e.g., 

increased susceptibility effects [19]. Furthermore, at high fields 0≥	3 T) it becomes 

more difficult to produce homogeneous RF excitation [39], which is problematic for 

DCE-MRI and other methods relying of accurate excitation FAs. Finally, the 

amount of RF energy safely absorbed by the patient [40] is also a limiting factor. 

The absorbed energy measured as specific absorption rate (SAR) scales according to  

 
( )

2

0 ,
TR

B
SAR

γ θ
∝  (3.1) 

where M is the FA and TR is the repetition time of the MRI sequence, i.e., the time 

between consecutive RF pulses [19]. Hence, at a fixed FA, the rate with which one 

can image can be limited by the amount of RF power delivered to the patient, and 

this limit decreases with the inverse square8 of the magnetic field.       

3.1.2 The gradient system 

High-amplitude gradients and fast gradient switching (high slew rate) are essential 

for fast imaging. However, there are fundamental limitations on the slew rate. The 

most important of these limitations is that the switching of magnetic field gradients 

induces currents in the patient. Above a certain threshold, this can cause peripheral 

nerve stimulation which is very unpleasant, and even higher slew rates may cause 

cardiac stimulation or fibrillation which can be lethal [40].   
                                                           
8 The quadratic dependence of SAR on @? is not valid for very high frequncies when the wavelengths of the RF energy 
become comparable with or smaller than the imaged object. Collins et al. [53] have shown in a computer simulation of a 
human head that at frequencies above 215 MHz the SAR curve flattens out slightly. 
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3.1.3 The RF system 

Ideally, one should be allowed to use the RF transmitter freely to produce any FA at 

any rate. However, from the above discussion about magnetic fields it is clear that 

the use of transmitted RF power is limited by SAR [40]. 

The RF receiver should deliver maximum signal with minimal noise, i.e., have 

high SNR. The SNR at a given field strength is limited primarily by the imaged 

object, see Section 3.4, but can be improved by appropriate coil design. Better SNR 

can be achieved if several coils with small sensitive volumes are used instead of a 

single coil with a large sensitive volume [41]. The use of several coils has the addi-

tional benefit of enabling parallel imaging [42], which can be used to speed up the 

data acquisition when gradients, SAR, or other speed limits have been reached. 

3.2 Localizing information 

The signal induced in the receiver coil can originate from any position in the sensi-

tive volume of the coil. In order to localize the origin of a signal component, to 

produce an image, two approaches are employed in conjunction. The first of these is 

selective excitation, which refers to the use of time-varying gradients in combination 

with RF pulses to ensure that only nuclei within a well-defined region are excited. 

The second approach is encoding which refers to the use of magnetic field gradients 

to modify the frequency and phase of the magnetization in such a way that the spa-

tial origin of the signal can be resolved.   

3.2.1 Selective excitation 

In section 2.4 it was shown that the frequency required for excitation must be close 

to the Larmor frequency. When a linear magnetic field gradient is applied across the 

imaged object, the frequency needed for excitation varies in the gradient direction. 

By matching the frequency content of the excitation pulse to the gradient strength, a 

thin slice or thick slab can be selectively excited. For small FAs M ≤	30°, it is a 

fairly good approximation that the frequency content of the excitation pulse matches 

the selected excitation region. This implies that the RF pulse shape can be found 

from a Fourier transform of the desired excitation profile [43]. At larger FAs, the 

Fourier transform method begins to fail, and more elaborate methods are needed, 

e.g., the Shinnar-Le Roux pulse design [44]. Hence, RF excitation can be used to 

localize the region to be imaged. If a thin slice is excited (2D-imaging), the encoding 

during signal readout only needs to encode two dimensions. If a thicker slab is se-

lected, encoding is required in the slab direction as well (3D-imaging). However, by 

narrowing down the imaged region, less encoding is needed, which saves time at a 

given image resolution. 
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3.2.2 Encoding 

The signal obtained from the j:th RF receiver coil, when gradients are applied for 

encoding, is given by [19] 

 ( ) ( ) ( ) ( )0 ,, i tt

j xy j
S t e M t e d

φω λ −− ′∝ ∫
x

x x x  (3.2) 

where ic0j2 is the coil sensitivity profile of the j:th coil, i.e., the x and y-components 

of k/XY.Z;c/�m in Eq. (2.16) given in the same complex notation as \��J 0j, 12. The 

phase factor ]0j, 12 depends on the gradients used for encoding and for ideal linear 

gradients it can be written 

 ( ) ( ) ( )
0

, 2
t

t d tφ γ τ τ π= • ≡ •∫x x G x k  (3.3) 

where 1 is the time that has elapsed since the last excitation. To simplify matters, it 

is from now on assumed that \��J 0j, 12	is constant in time during sampling of the 

signal and that the nNop� term can be eliminated since it carries no relevant infor-

mation. Furthermore, for convenience, the signal is indexed, not by time, but by the 

value of q in Eq. (3.3). With these simplifications the signal is given, in the q 

coordinate system referred to as k-space, by 

 ( ) ( ) ( ) 2i

j xy j
S M e dπλ − •′ ′∝ ∫

k xk x x x . (3.4) 

The fact that Eq. (3.4) is a Fourier transform gives an interpretation of k-space as the 

Fourier transform space of the magnetization weighted by the coil sensitivity. 

3.2.3 Reconstruction 

The reconstruction or decoding step consists of solving for \��J 0j2 in Eq. (3.4). The 

problem will always be vastly underdetermined since \��J 0j2 is continuous, and 

only a finite number of signal samples are acquired. By restricting the problem to 

find \��J 0j2 at a finite set of points jZ using a linear reconstruction method, the 

reconstructed image can be written [45] 
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 The reconstruction is successful if the reconstruction matrix rcq,Z  fulfills 
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where sZ0j2 ideally is a box function that exactly fills the voxel centered at jZ. If one 

reconstructs a separate image for each coil, Eqs. (3.5) and (3.6) simplify to 

 ( ), ,l j j l jm F S ′=∑ k

k

k  (3.7) 

and 

 ( ) ( )2
, .i

j l j l lF e fπλ − • ≈∑ k x

k

k

x x  (3.8) 

The best reconstruction matrix, in a least-squares sense, is now 

rcq,Z = ic
N+0jZ2n.�tq∙ju, which is the inverse discrete Fourier transform normalized 

by the coil sensitivity. This is the standard Fourier reconstruction method. Fourier 

transform theory can now be used to predict at which values of q the signal must be 

acquired to achieve a certain field of view (FOV) and spatial resolution (∆j). The 

theory can also indicate the consequences of unfulfilled sampling requirements. For 

a rectilinear sampling pattern9 the reconstructed image resolution is simply the 

reciprocal of the extension of the sampled k-space, e.g., ∆v = rwxyz
N+, and the 

reconstructed FOV is the reciprocal of the sampling resolution in k-space, e.g., 

rwx� = ∆S�N+. If the imaged FOV is smaller than the region from which the signal 

originates, aliasing or fold-over will occur [19], as illustrated in Figure 3-2d. 
When the sampling of k-space is not dense enough to avoid aliasing in images 

obtained from individual coils, it may still be possible to find an alias-free image by 
using a reconstruction algorithm that combines information from all coils. In this 
case the reconstruction algorithm should correspond to a reconstruction matrix that 

solves Eq. (3.6) instead of the simpler version in Eq (3.8). This approach to recon-
struction, together with the corresponding data acquisition, is called parallel imaging 
[42]. Since fewer points in k-space are needed to create an image, parallel imaging 
can be used to speed-up the data acquisition. Efficient parallel imaging recon-
struction algorithms are, e.g., GRAPPA [46] and SENSE [45].  

 

                                                           
9 Any sampling pattern that is dense enough and covers a large enough fraction of k-space for the desired FOV and 
resolution can be used. However, if the sampling pattern is not rectilinear, the reconstruction is slightly more complex 
than a simple FFT, and one can in such cases use, e.g., gridding [202], [203]. 
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Figure 3-2: (a) Schematic k-space, fully sampled. Sampling points are illustrated by white 
dots. A fully sampled k-space results in (c). (b) A less densely sampled k-space (50% larger 
∆ky) results in an aliasing artifact in (d).   

3.3 The MRI pulse sequence 

The MRI pulse sequence is a description of how RF pulses, gradients, and signal 

sampling are combined to provide a given image type on the MRI scanner. The 

purpose of the MRI pulse sequence is:  

 

• To achieve appropriate excitation and encoding for a desired FOV, resolu-

tion, and SNR by sampling the k-space accordingly.  

• To achieve desired signal modulation (image contrast) based on properties 

of the imaged object, e.g., U+, U� or diffusion.  

A multitude of MRI pulse sequences exist, all with specific advantages and dis-

advantages, and the optimal choice depends on the specific application. MR images 

can be (and are in general) corrupted by two types of errors, namely artifacts and 

noise. Artifacts are typically dependent on the pulse sequence and will not be dis-

cussed here. Information on artifacts associated with different sequences and set-

tings can be found in the references [19], [44]. 
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3.3.1 Echoes  

A very important phenomenon in MRI is the echo. An echo refers to signal that 

reappears due to rephasing of previously dephased transverse magnetization. One 

type of echo is the gradient echo, which is the result of a gradient that first dephases 

the magnetization and then, after polarity reversal, rephases the magnetization and 

produces an echo. An important aspect of the gradient echo is that the echo ampli-

tude is not only influenced by the signal decay caused by U� relaxation of the im-

aged substance. Static magnetic field inhomogeneities cause dephasing and signal 

loss as well and this emphasizes the importance of the apparent U�, called U�∗, for 

gradient echo sequences. U�∗ is related to U� through 

 
*
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T TT
= +

′
 (3.9) 

where U�J >	0 is a constant that characterizes the dephasing of transverse magnetiza-

tion due to static magnetic field inhomogeneities. A consequence of Eq. (3.9) is that 

U�∗ < U� [47]. 

The spin echo is another type of echo often used in MRI. In contrast to gradient 

echoes, which result from polarity reversal of a gradient, these echoes are produced 
by repeated application of RF pulses [48]. The spin echoes are attractive since they 
can rephase the component of magnetization dephased by static field inhomogenei-
ties. This property makes spin echo sequences less prone to certain artifacts. How-
ever, spin-echo sequences are seldom used in DCE-MRI. 

3.3.2 The spoiled gradient echo pulse sequence 

An MRI pulse sequence can be structured in many different ways [19], [44], but a 
conventional approach is to use repetitive blocks where each block is responsible for 

the acquisition of one line of data in a two- or three-dimensional k-space. The 
spoiled gradient echo (SPGR) sequence, illustrated and explained in Figure 3-3, is 
structured in this way and is commonly used in DCE-MRI [49].  

The SPGR sequence is often used with small FAs and short TR < U�∗. As a 

consequence, a large fraction of the imaging time, ~�KK, is spent on data sampling, 

which makes this pulse sequence quite SNR efficient. However, since the repetition 
time is short, a number of repetitions are needed before a steady state is reached. 
Spoiling, i.e., the removal of coherent transverse magnetization, is also required to 
effectively dephase any residual transverse magnetization before the next RF pulse 
is applied. Under the assumption that the spoiling is perfect, a recursive relationship 

gives the longitudinal magnetization \� just before an RF pulse is applied [19]: 
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All data collection take place when a steady state has been established, i.e., \�k04 +

12U�m = \�04U�2 = \�,��, and the steady-state longitudinal magnetization is 

related to the observed signal by    

 ( )
*
2/

, sin TE T

z ss
S M eθ −∝ . (3.11) 

The term nN��/��
∗
 is due to the signal decay that occurs during the time between the 

excitation and the echo, i.e., the echo time (TE). Combining Eqs. (3.10), (3.11), and 
assuming steady state yields the signal equation of the SPGR pulse sequence 
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The use of a spoiling gradient for the removal of any transverse magnetization, 

before the RF pulse is repeated, is not perfect, but one of very few options available. 

Repeated RF pulses combined with gradients may accidentally produce unwanted 

echoes originating from the spoiled signal [50], and such events can invalidate the 

simple relationship shown in Eq. (3.12). To improve the spoiling, it is common to 

use RF spoiling, which implies that one cycles the phase of the RF pulse between 

repeated excitations separated by the TR interval [44]. A popular phase cycling 

scheme is  

 
1 0 , 1, 2,3, ...i i i iϕ ϕ ϕ−= + =  (3.13) 

where �? =	117° or 123° is known to produce good spoiling. The use of  �? =	50° 

is also a common choice, and this is the value used in the practical experiments 

associated with this work.  
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Figure 3-3: The acquisition of one line in k-space with the SPGR sequence. An RF pulse 
with FA = M and a slab selection gradient is first used to selectively excite the imaged vol-
ume. The gradients in the slab selection direction (G�), the readout direction (G�), and the 
phase-encoding direction (G�) are then used to position the beginning of the readout in k-
space. The data are subsequently acquired (period of active ADC), while the readout gradient 
is on. During the acquisition, a gradient echo is produced with its maximum at time TE. After 
the readout, remaining transverse magnetization is spoiled using the spoiler gradient in the 
slab selection direction. To improve the spoiling, the phase of the excited magnetization �. is 
varied for each acquired line. The total time between two consecutive acquisitions of k-space 
lines is TR. When the 3D-SPGR sequence is used in DCE-MRI, the shortest possible TR and 
TE are often used to minimize U�∗ signal decay and maximize data acquisition rate. 

3.4 Image noise 

Noise is an important source of image degradation, and it is normally divided into 

thermal and physiological noise. Thermal noise is a consequence of fundamental 

physical principles and depends primarily on the scanner design and physical prop-

erties, such as temperature and conductivity, of the imaged object. Physiological 

noise, on the other hand, depends on the imaged subject and is caused by, e.g., pa-

tient motion and internal sources of flow and pulsation. The thermal noise puts fun-

damental limits on what can be achieved using a specific set of hardware, while the 

physiological noise may be the limiting factor in a practical in vivo imaging situa-

tion. In this section, only thermal noise will be discussed, mainly since its properties 

are well understood from a physical point of view.  

3.4.1 The origin of thermal noise 

The coil picking up a signal from the rotating magnetic field is also sensitive to 

randomly fluctuating magnetic fields caused be the thermal motion of molecules. 
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The variance of the voltage induced in the coil by the thermal motion can be derived 

by examining an ideal transmission line that transports the signal from the coil to the 

amplifier. Nyquist [51] viewed the transmission line as a one-dimensional black 

body in thermal equilibrium with the noise source. This reasoning gives an expres-

sion for the variance of the noise voltage, i.e., 

 2 4 ,Thermal Bk T R fσ = ⋅ ⋅∆  (3.14) 

which is valid at room temperature for frequencies well below the THz range. In Eq. 

(3.14), U is the temperature, � represents the total effective resistance of the receiver 

system, and ∆s is the bandwidth of the received signal. At field strengths above 0.5 

T, � is dominated by resistive losses in the imaged object, while the contributions 

from coil and amplifier electronics are less important [52]. The resistance depends 

on the frequency according to � ∝ s� [41] for low frequencies. When the wave-

length becomes comparable with, or smaller than the imaged object, this quadratic 

behavior breaks down. However, Collins et al. [53] have shown, using computer 

simulations of SNR in a human head, that the quadratic law was adequate up to 

about 260 MHz (i.e., up to 6 T for proton imaging). Since the bandwidth of the sig-

nal used for the image reconstruction is, in general, no more than a few hundred 

kHz, � is almost constant in the frequency range where the signal is sampled. 

Consequently, the sampled thermal noise is very close to white. Furthermore, this 

noise has zero mean and can be described by a normal distribution [54], [55].      

3.4.2 SNR and correlations     

According to the previous section, every sample in k-space has independent nor-

mally distributed noise with a variance given by Eq. (3.14). When the reconstruction 

is performed using the inverse discrete Fourier transform, image noise will be nor-

mally distributed with zero mean and, due to the orthogonality of the Fourier basis, 

the noise is uncorrelated over the image. For an � voxel image the variance in each 

image voxel is proportional to �N+������Z�  [56], while the MR signal is propor-

tional to the voxel volume ∆x	[19] and depends on the gyromagnetic ratio, the mag-

netic field strength, the proton number density, and the temperature according to Eq. 

(2.16). Combining these yields a relationship for the SNR: 
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From Eq. (3.15), the benefit of hydrogen as the imaged nucleus and the benefit of 

high field strength are obvious. This expression can be made more convenient for 

DCE-MRI, if the reciprocal of receiver bandwidth U� = ∆sN+ is identified as a lower 
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limit for the average time required to obtain one sample. The total time to acquire an 

image is then given by U�Y� = �U�~�KK
N+  where ~�KK is the fraction of the imaging 

time used for sampling. A useful form of Eq. (3.15), with factors retained only if 

they can be adjusted in the pulse sequence, is given by 

 
eff tot

SNR V Tη∝ ∆ . (3.16) 

DCE-MRI requires short U�Y� to capture rapid dynamic processes and is there-

fore unavoidably associated with quite poor SNR. A large ~�KK is desired, however, 

the information needed in DCE-MRI is the effect of the CA on the longitudinal 

relaxation time and not the signal itself. This information may not be contained in 

any signal from a sequence with very high ~�KK. Furthermore, sequences with 

~�KK ≈ 1, i.e., echo planer imaging (EPI) sequences, are prone to many artifacts 

[19]. A reasonable compromise between ~�KK and sensitivity to the CA is the SPGR 

sequence discussed in Section 3.3.2. 

The above discussion applies to standard Fourier reconstruction, and if parallel 

imaging is used the situation gets more complicated with spatially correlated noise 

and spatially varying noise variance. In the case of SENSE reconstruction with � 

times accelerated imaging, the SNR is reduced by a factor �0j2√X compared to a 

fully sampled image. The √X factor is simply an effect of the faster imaging while 

�0j2 ≥ 1 depends on the receiver coil sensitivity functions [45].      

3.4.3 Noise distributions 

The noise in the real and imaginary parts of an image is normally distributed, but in 

practice real and imaginary images are seldom used separately. Instead, one uses the 

magnitude and phase images. Let the real and imaginary MR signals without noise 

be �� and ��, respectively, and assume that the measured real and imaginary signals 

both are corrupted by Gaussian noise with standard deviation �. Then one can write 

the probability density function (PDF) of the magnitude signal � as [54], [55] 
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where � = 	 0�� + ��2+/� and �?0∙2 is the zero-order modified Bessel function of the 

first kind. The mean value of � is approximately given by √�� + �� at high SNR, 

and magnitude data are thus always biased. However, at SNR > 3, the bias is small 

and Eq. (3.17) approaches a Gaussian. Figure 3-4a shows the PDFs at four different 

SNR levels. A Gaussian (SNR =5) with mean �/� =5 and standard deviation � is 

shown for comparison, and the bias in the mean value is small but evident. For low 



 

32 

SNR magnitude data, the deviation from a normal distribution may have conse-

quences for parameter and SNR estimation [57], [58].  

The PDF of the phase noise ∆] is given by [59] 
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where �0Δ]2 = ����0Δ]2/k�√2m. At SNR > 3, Eq. (3.18) approaches a Gaussian 

and the phase standard deviation �∆� is the reciprocal of the magnitude SNR 
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Figure 3-4b illustrates the phase PDF at three different SNR conditions. 

 

 
Figure 3-4: PDFs for both magnitude (a) and phase (b) data at several different (low) SNRs. 
Gaussian approximations are also shown at the highest SNRs. In (a), a slight mismatch be-
tween the Rician distribution and the Gaussian approximation can be observed. This is due to 
a deliberate exclusion of the noise bias in the Gaussian approximation. In (b), the Gaussian 
approximation is good already at SNR = 3 but a small difference can be observed in the PDF 
tails.   

3.5 The need for speed 

In clinical MRI, fast imaging is often desirable but not always necessary. In DCE-

MRI, fast imaging enables the monitoring of the rapid dynamics of the CA uptake. 

From Eq. (3.3) it is apparent that the gradient performance limits the speed at which 

k-space can be traversed. Since the gradients are fundamentally limited by periph-

eral nerve stimulation [40], alternative methods to achieve faster imaging are highly 

valuable for DCE-MRI. Partial Fourier acquisition [56] and parallel imaging [42] are 

two such methods. These methods are very general and can be combined with most 

sequences, but due to reduced signal sampling time they also amplify the noise. In 
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the case of parallel imaging, the noise is spatially correlated and has spatially vary-

ing variance, as mentioned above. There is also a risk of artifacts, e.g., if the sensi-

tivity profiles used in SENSE reconstruction are inaccurate [45].  

Another possibility is to sample the central parts of k-space more often than the 

outer parts. A fully sampled k-space is then constructed for each frame by combin-

ing partial k-spaces from the current acquisition with appropriate other acquisitions 

located closely in time. This approach has successfully been used by, e.g., Ripjkema 

et al. [60]. 

A relatively new method for accelerated imaging is compressed sensing (CS). 

This concept uses the fact that if the image can be compressed using a known trans-

form it is possible to accelerate the data collection by only acquiring a fraction of the 

k-space. A nice introduction to the subject can be found in the work by Lustig et al. 

[61]. Briefly, CS reconstruction requires that the signal � is sampled randomly in k-

space and the reconstruction of the image � is performed by solving an uncon-

strained minimization problem: 
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In Eq. (3.20)   is a transform which transforms the image to a domain where the 

image representation is sparse, i.e., the image can be represented by few non-zero 

coefficients. The matrix ¡ is the encoding matrix, i.e., ¡� is a discrete version of 

Eq. (3.4). In words, Eq. (3.20) can be expressed as finding an image � that mini-

mizes the p-norm of the transform coefficients such that the image is consistent with 

the acquired data up to some tolerance ¢. The p-norm should be chosen such that it 

promotes few transform coefficients to represent the image. This is achieved by 

selecting a small b, e.g., b = 0 [62] or b =	1 [61].   

CS is very versatile since it can exploit sparsity in any domain and dimension. 

In a recent publication by Smith et al. [63], CS was applied to the spatial domain of 

DCE-MRI images using total variation as a sparsity transform. They found that the 

imaging could be accelerated by a factor of two with only small random changes in 

PK parameters. However, it can be argued that compression of the DCE-MRI data in 

the spatial domain only, using the total variation, is far from the best one can 

achieve [61], [62].  

In a work by Doneva et al. [62], CS was used for parametric maps, and the para-

metric model for the signal was used to construct a sparsity transform. They found 

no visible differences in U+ and U� maps for acceleration factors up to 4-6. However, 

if CS was applied in the spatial dimension only, artifacts were observed already at 

accelerations above two. Since CA uptake in DCE-MRI can be described by para-

metric models, the authors argued that this type of CS can be successful in acceler-

ating acquisition of CA uptake curves.      
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 The DCE-MRI Experiment 4

Chapter 4 

The DCE-MRI Experiment 

DCE-MRI can be divided conceptually into two parts, where one part only concerns 

physiology and the other describes the specific MRI measurement. This chapter is 

focused on the first of these parts and assumes that CA concentrations can be accu-

rately estimated. The subject of this chapter is thus applicable not only to DCE-MRI 

but also partially to DSC-MRI [64], DCE-CT [65] and, to some extent dynamic 

positron emission tomography (PET) [66]. Since the present work has been focused 

on small molecular weight CAs in DCE-MRI, all discussions here are primarily 

concentrated on these CAs. For a good introduction to the use of large molecular 

weight CAs, see Chapter 3, in reference [3]. 

4.1 Injection protocol 

The timeline of a DCE-MRI examination is illustrated in Figure 4-1. The exam 

starts with the acquisition of a baseline signal, and this measurement is followed by 

the acquisition of the dynamic signal. Shortly after the start of the dynamic acquisi-

tion, a CA is administered into a peripheral vein. The injection of CA is normally 

immediately followed by a 20-30 ml saline flush designed to push the CA into the 

systemic circulation as a coherent bolus [3]. The administration of the CA can be 

performed in several ways, e.g., manually or by using an automatic injection pump, 

and the injection can be either slow (infusion) or fast (bolus injection). An automatic 

injection is recommended since it can improve the reproducibility [10]. The bolus 

injection protocol is preferable since it produces CA uptake curves containing a 

wider spectrum of temporal frequencies that can be beneficial for the analysis [67]. 

Van Osch et al. [68] used an advanced simulation model and showed that the accu-

racy of cerebral blood flow quantification in DSC-MRI requires injection rates 

higher than 3 ml/s.  Normally, a single injection is used but due to signal nonlineari-

ties or temporal sampling constraints double injections have been applied [69], [70]. 

Double injections consisting of a prebolus and a main bolus can also be useful when 

no suitable vessel is located in the imaged region [14], [71]. The CA injections 

should preferably be placed in the right arm since the jugular reflux on the left side 

may lead to a less compact bolus [3]. 
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Figure 4-1: (a) The timeline of the data acquisition and CA administration in a DCE-MRI 
exam. Before the CA is injected intravenously, baseline images are acquired for determination 
of native tissue U+ and baseline signal, i.e., the signal intensity corresponding to zero CA 
concentration. The time required for this step varies depending on the U+ quantification 
method and the desired precision in the baseline signal. Directly after the acquisition of a 
number of baseline images CA is injected followed by a saline injection designed to push the 
CA bolus towards the heart. Image acquisition continues during and after the injection for 
about 5-15 min with a temporal resolution ranging from a fraction of a second to several 
seconds, depending on the application. (b) Typical CA concentration curves in a tumor (black 
line) and in an artery, i.e., the AIF (gray line). The curves are synchronized with the data 
acquisition timeline. After CA administration, some time is required for the CA to arrive to 
the AIF site (injection delay) and the AIF may be measured far from the tissue of interest 
which introduces another timing mismatch, the bolus arrival time (BAT). (c) Illustration of 
the distribution of CA in tissue, synchronized to the tissue CA curve in (b). At (I) no CA is 
present in the tissue, but as the large bolus peak passes (II) the CA concentration in the capil-
laries increases rapidly and starts to leak out into the EES. In (III) an equilibrium CA concen-
tration in blood plasma and EES has been reached and no net leakage of CA occurs. Finally, 
in (IV), the CA in blood has decreased and CA starts to wash back from the EES to the capil-
laries.   
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4.2 Contrast enhancement physiology 

After the bolus injection of the CA, the saline flush will push the CA bolus towards 

the heart. During the transport to the heart, dispersion of the CA will occur due to 

mixing with the venous blood. The heart then pumps the blood into the pulmonary 

circuit where further quite substantial dispersion occurs. After the blood with CA 

returns to the heart where the blood is injected into the systemic circulation, the CA 

bolus rapidly reaches the site where the AIF is measured. The time needed for the 

CA to reach the AIF measurement site, relative to the time of injection, is around 15 

s and is indicated as injection delay in Figure 4-1a. The dispersion that occurs dur-

ing this first passage of the CA gives rise to the typical shape of the large AIF peak 

shown in Figure 4-1b. The CA usually travels a little bit further after the AIF meas-

urement site to reach the imaging ROI. The time required for this is referred to as 

bolus arrival time (BAT) in Figure 4-1b and is not more than a few seconds. Upon 

return from the systemic circuit, the CA in the blood will have dispersed signifi-

cantly and the second time a CA bolus reaches the AIF measurement site (the se-

cond pass), only a small and poorly defined peak can be registered as shown in 

Figure 4-1b. Already after about a minute or two the CA is well mixed with the 

blood and the AIF is a smooth curve without any further peaks [68], [72].  

Initially, the CA concentration found in the blood plasma is much higher than in 

the EES as illustrated in Figure 4-1c (II). However, small molecules such as Gd-

DTPA (molecular weight	547	Da) quickly diffuse across the endothelial barrier of 

both normal non-cerebral capillaries and neoplastic vessels.  After a few minutes, cf. 

Figure 4-1c (III), CA concentration equilibrium is established between the blood 

plasma and the EES. (A notable exception where no transcapillary leakage of CA 

occurs is across the intact blood brain barrier [73].) Eventually, the CA concentra-

tion starts to drop, cf. Figure 4-1c (IV), as the CA is cleared from the blood plasma 

pool at a rate determined by the disposition time constant and the renal elimination 

time constants which for Gd-DTPA in humans are around 20 and 90 minutes [25], 

respectively. The timescales of the kinetics of the wash in and wash out of CA de-

pend on the tissue under investigation but also on the CA molecule or particle.  

In order for DCE-MRI to provide significant value in cancer research, diagnosis 

or therapy, it must reflect some essential part of the tumor physiology and much 

evidence indicates that this is in fact the case. To grow beyond	100-200 µm, the 

oxygen diffusion limit in tissue, a tumor must recruit new blood vessels by angio-

genesis and vasculogenesis. By secretion of pro-angiogenic molecules such as vas-

cular endothelial growth factor (VEGF), development of new blood vessels is stim-

ulated. However, angiogenesis resulting in fully functional vessels requires a deli-

cate balance of several anti- and pro-angiogenic molecules, and this is not the case 

in tumors. Instead, the resulting tumor vasculature is highly disorganized with tortu-

ous and dilated vessels which have varying diameters and excessive branching and 

shunts. As a consequence, tumor blood flow is chaotic and variable, and this tends to 
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lead to hypoxic regions in the tumor. Furthermore, the induced aggressive growth of 

new vessels produces severely abnormal vessels with numerous large holes, wid-

ened interendothelial junctions and discontinuous or missing basement membrane. 

This makes the vessels leaky, and the leakiness varies in space, in time, and in re-

sponse to treatment [74], [75]. The shape of the DCE-MRI CA concentration curve 

for tissue, shown in Figure 4-1b, depends primarily on four variables that are 

closely related to the above described growth pattern of tumors, i.e., blood flow, 

vessel permeability, blood-vessel volume and fractional size of the EES compart-

ment. Thus, the assumption that hypoxia, angiogenesis and response to therapy can 

be assessed by DCE-MRI rests on a firm theoretical foundation. Experimental evi-

dence has also been produced, e.g., by Knopp et al. [76], who found that a DCE-

MRI-based permeability-related parameter in breast tumors in patients was signifi-

cantly higher for tumors with high expression of VEGF than in those with low ex-

pression of VEGF. Other interesting evidence comes from clinical trials of vascular 

disrupting agents, where changes in DCE-MRI parameters have been observed 

within hours after the onset of treatment [77].    

4.2.1 Temporal considerations 

The duration and time resolution of the sampling of the dynamic signal varies, both 

due to hardware constraints and depending on type of investigation. For example, if 

blood flow is to be quantified one only needs to sample the first pass of the CA  [8]. 

If other parameters such as �� or 
���� are desired, longer scan times are needed 

for slowly enhancing tissue and up to 15 min of data acquisition may be required for 

optimal results [78].   

The requirements with regard to temporal resolution also vary depending on the 

parameters under investigation. Data acquisition in cerebral blood flow measure-

ments should ideally have a temporal resolution of around 1 s [68]. Henderson et al. 

[67] showed that a temporal resolution of 4	s  is sufficient in DCE-MRI for	
���� 
and �� with maximum errors of 10%. In the same study, it was concluded that blood 

plasma volume estimation requires AIFs obtained with at least 1 s resolution.  

More recently, Kershaw et al. [79] investigated, using computer simulations, the 

temporal requirements for the TH model in conjunction with the adiabatic approxi-

mation, i.e., Eq. (4.11). They found that a temporal resolution of 1.5 s was needed 

for a bias less then 5% in all parameters.  

4.2.2 Spatial considerations 

Not surprisingly, it is recommended to sample the entire tumor [80] to reduce the 

risk of missing information related to tumor heterogeneity. From experience gained 

in our group there are indications that an even larger volume – larger than what is 
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minimally required to cover the tumor, is desirable to facilitate better image regis-

tration.  
High spatial resolution is of interest since the heterogeneity of a tumor may 

contain a wealth of relevant information [81], [82]. However, quantifying 
heterogeneity is complex and an active area of research which includes histogram, 
texture and fractal dimension analysis [81].  

Another alternative is ROI analysis, which is very common in DCE-MRI. It is 

relatively simple, and the challenges in the incorporation of heterogeneity measures 

and the problem with motion can be avoided to some extent with ROI analysis. 

Clearly, if ROI analysis is employed, spatial resolution may be sacrificed for SNR, 

volume coverage and time resolution. A notable exception when low spatial resolu-

tion cannot be accepted is when the same MRI sequence is used for quantification of 

both tissue CA concentration and the AIF. Hansen et al. [83] have shown that erro-

neous AIF registration due to partial volume effects (PVEs) seriously affects blood 

flow quantification and that it is not trivial to correct for these effects.    

4.3 Extracting tissue information 

The signal-versus-time curves, obtained from a DCE-MRI data acquisition, are not 

particularly useful by themselves for three reasons. (1) The data have too high 

dimensionality. (2) There is limited physiological meaning in specific values of a 

curve, making interpretation difficult. (3) Not only tissue physiology affects the 

curve. For example, imaging settings, CA administration schemes, and cardiac out-

put can have just as large an impact on a measured signal curve. 

The goal of the post processing is to reduce the data dimensionality, i.e., to 

transform the time dimension to a small set of parameters. Moreover, the parameters 

obtained should preferably have a physiological interpretation and be independent of 

the specific details of the data acquisition.  

In this chapter it is assumed that CA concentration can be quantified correctly 

from the enhancement curves. This is certainly not obvious in DCE-MRI, and the 

problem is complex enough to deserve a chapter of its own (Chapter 5). Assuming a 

correct CA concentration curve, the primary question is: How should relevant infor-

mation be extracted? For this purpose two broad categories of methods have been 

used. These are qualitative methods [81], [84], mentioned here mainly for complete-

ness, and quantitative methods [84-86] which are more relevant for this thesis.            
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4.3.1 Qualitative methods 

 
Figure 4-2: Survey of qualitative metrics commonly used in DCE-MRI to characterize the 
shape of the contrast enhancement curve. The initial area under curve (IAUC) is one of the 
most frequently used parameters, but time to peak (TTP), maximum signal (S¥¦§), initial 
slope, washout slope, relative signal enhancement (RSI), and peak enhancement ratio (PER) 
are also popular.     

The purpose of the qualitative methods is mainly dimension reduction and the main 

advantage of such methods is their relative simplicity compared to quantitative 

methods. Figure 4-2 shows a number of measures that can easily be extracted from 

a signal or CA curve [81]. One particular quantity that has received much attention 

is the initial area under curve (IAUC). A version of IAUC, based on CA concentra-

tion and normalized by the AIF area, has been identified as an important biomarker 

in the ongoing process of standardizing DCE-MRI acquisition and analysis [10], 

[11]. By using CA concentration instead of signal and normalizing by the AIF area 

much of the non-desired variations of this parameter are removed.  

A second class of qualitative descriptors of curves includes more technical ap-

proaches such as principal component analysis (PCA), factor analysis, the fuzzy-c 

means method, and artificial neural networks. These methods have shown promising 

initial results, but have not gained much use  [84].  

The main disadvantages of qualitative methods are that they often fail to provide 

physiological interpretations and fail to be independent of the image acquisition 

protocol, the CA injection protocol, and the cardiac output. Still, many of the studies 

showing evidence for the clinical usefulness of DCE-MRI have employed qualita-

tive methods [4]. The use of qualitative measures can, in principle, be equally good 

or even better than quantitative parameters for specific purposes. The difficulties 

arise in comparisons between studies or in multicenter studies with variations in 

methodology that have a large impact on parameters assumed to reflect the physiol-

ogy.   
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4.3.2 Quantitative methods 

Quantitative DCE-MRI methods aim to isolate the physiological quantities that 

govern the shape of the DCE signal curve from confounding factors such as machine 

dependence of the signal and CA injection procedure. Figure 4-3 illustrates how the 

MRI signal is formed in a DCE-MRI experiment, and how different factors influ-

ence the measured signal. Two models are needed to isolate the physiological quan-

tities governing the shape of the DCE-MRI signal. One model that translates meas-

ured signal to CA concentration and one model that describes how the input of CA 

to the tissue, i.e., the AIF, is transformed to the CA concentration found in the tis-

sue. The focus here is on the second of these models, which usually is called the PK 

model. Standard symbols used in PK modeling and throughout this section are given 

in Table 4-1 [86].  

Table 4-1: Quantities used in the models presented in this chapter.  
Quantity  Definition Unit 

 ��r012 The arterial whole blood CA concentration  mM¦  

 e�012 The CA concentration in the EES  mM 
 e�012 The capillary blood plasma CA concentration as a function 

of timeb 

 mM 

 e�0v, 12 The capillary blood plasma CA concentration as a function 
of position, along a capillary, and timeb 

 mM 

 e�012 The CA concentration in tissue  mM 
 r Perfusion (or flow) of whole blood per unit volume of 

tissuec 
 minN+ 

 r� Perfusion (or flow) of blood plasma per unit volume of 
tissue 

 minN+ 

 ,¬ Hematocrit in a large vessel  - 
 , Hematocrit in a small vessel (capillaries)  - 
 ℎ012 Impulse response of the PK model  - 
 
���� Volume transfer constant between EES and blood plasma   minN+ 
 ¯� Permeability surface area product per unit volume of tissuec  minN+ 
 �° Whole blood volume per unit volume of tissue  - 
 �� Volume of the EES per unit volume of tissue  - 
 �� Blood plasma volume per unit volume of tissue  - 
a	1	mM = 1	mmol/liter. 
b	e� in this work differs from the standard definition that defines it as the arterial blood 
plasma CA concentration [86].  
c	r and ¯� in this work differ from the standard definition that defines these quantities per 
unit mass of tissue [86]. 
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Figure 4-3: The goal of the quantitative DCE-MRI data analysis is to extract physiological 
information, such as blood flow and vessel permeability, in an ROI or on a voxel basis. This 
can only be achieved indirectly through models that describe how physiological parameters 
affect the CA concentration curve. However, the input of CA to the region to be analyzed, the 
AIF, also affects the shape of the CA concentration curve, and properties of the CA, such as 
molecular size and protein binding, have an important role as well. Furthermore, the CA 
concentration cannot be observed directly but must be inferred from the MR signal which 
depends, in addition to the CA concentration, on CA properties such as relaxivity, tissue 
properties like native tissue U+ and water exchange, MR hardware properties such as transmit 
coil @+ field, the MR software (i.e., the imaging sequence), and obviously also on the physics 
that govern MRI. With mathematical models describing the relationships illustrated above, it 
is possible to: (1) Extract quantitative physiological parameters given that the AIF and CA 
concentration curves are known (this is the subject of this chapter). (2) Find CA concentra-
tions provided that the MR signal is known (this is the subject of Chapter 5). (3) Estimate 
uncertainties in the physiological parameters provided that the uncertainties of the measured 
signals and assumed values are known (this is the subject of Chapter 6).  

 
The general assumption made in all PK models is that they are linear, shift-invariant 

systems. Thus, CA concentration in tissue e�012	is given by the convolution (⨂) 

between the input CA concentration, which is the AIF, and the PK model impulse 

response function ℎ012 

 ( ) ( ) ( )tC t h t AIF t= ⊗ . (4.1) 

In perfusion studies model free deconvolution is often employed to estimate 

ℎ012 [8], [64]. Quantitative parameters such as blood flow per unit volume of tissue 

(r) and, if the CA remains intravascular, blood volume per unit volume of tissue �°, 

can be calculated as  

 
( )( )

( )
0

max
b

h t
F v

h t dt
∞

=

∫
 (4.2) 

and 
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where ,¬  and , are hematocrit in large vessels and small vessels (capillaries), 
respectively. Using the central volume theorem [87], the mean time the CA resides 
within the vasculature, the vascular mean transit time (\UU), can also be calculated 
as 

 1
bMTT F v

−= . (4.4) 

Model-free deconvolution is prone to noise and regularization is normally required 

to ensure that the high-frequency noise is not amplified [64]. A requirement for the 

model free deconvolution is that the tissue CA concentration curve returns to zero 

before the end of the data acquisition or that one can extract the first pass portion of 

the kinetics. This is not applicable to contrast-enhancing tissue were CA leaks out of 

the capillary system and into the EES. Parametric tissue models are a better option 

in such cases [85].    

4.3.3 Parametric tissue models 

The capillary system is highly complex, and the situation is even more complicated 

in pathologies such as tumors [74], [75]. A model of the capillary system that has 

the requirement that its parameters should be identifiable from a single curve that 

reflects the bulk CA concentration, of necessity, is a huge simplification. Over the 

years, several models have been presented that try to achieve a balance between 

giving an adequate physiological description while still being reasonably simple 

[85], [86], [88-95]. Figure 4-5 summarizes some of the models of relevance for 

DCE-MRI, and examples of parametric maps calculated using the extended Tofts 

model [85] are shown in Figure 4-4.  

 

 
Figure 4-4: PK parameter maps obtained with DCE-MRI and the extended Tofts model from 
a patient diagnosed with Glioblastoma Multiforme. (a) 
���� map in units min-1. (b) Map of 
the fractional EES volume. (c) Map of the fractional blood plasma volume.  
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Figure 4-5: (a) The Tofts model without a vascular term. CA leaks between the blood plasma 
and the EES at a rate given by	
����. The blood plasma CA concentration in the tissue is 
assumed to be equal to that in a large artery, and the blood pool is assumed small enough for 
its contribution to the total amount of CA in the voxel to be neglected. (b) The Tofts model 
with a vascular term. This model is essentially the same as (a) but without neglecting the 
vascular contribution. (c) The Brix model. In contrast to the Tofts model, the CA concentra-
tion in the vascular space is not equal to the arterial blood plasma concentration. Instead, it is 
modeled as a well-mixed compartment with dynamics governed by exchange with the EES as 
well as inflow of arterial blood and outflow of venous blood. The exchange rate between the 
blood plasma compartment and the EES is given by a single constant ¯� describing the total 
capillary permeability surface area product. (d) The TH model.  This model uses an extracel-
lular compartment and a single capillary to describe the diffusion of CA between the blood 
plasma and the EES. Arterial blood enters the capillary at v = 0 and exits as venous blood at 
v = ·. During the passage, some CA leaks between the blood plasma and the EES. The 
plasma CA concentration has both a spatial and a temporal dependence, while the EES com-
partment is assumed to be well mixed and therefore only depends on time. The leakage rate is 
given by the surface area permeability product of the capillary and it is assumed to be inde-
pendent of v. 

The most popular PK model is probably the Tofts [85], [86] model shown in 

Figure 4-5a (also known as the Kety [96] or the Larsson model [97]). It models the 

transport of CA between the capillary system and the EES with fractional volume �� 
using a single compartment. A single constant 
���� is used to define the rate of 

transport of CA between the EES and the blood plasma volume [86]. An extended 
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version of the Tofts model, in which the signal from the blood plasma compartment 

with fractional volume �� is included, is also a commonly used model [85]. This 

model is depicted in Figure 4-5b. and the signal due to the blood plasma compart-

ment is included into the model, without addition of any extra dynamics. The ex-

tended Tofts model can be written as 

 
( )

( )
( ) ( ) ( )p p pt ttrans

p p

e e

v C t dC tdC t C t
K C t v

dt v v dt

 
= − + +  

 
 (4.5) 

which has the solution 

 ( ) ( ) ( )( ) ( )
/trans

eK v ttrans

t p pC t K e v t C tδ
−

= + ⊗  (4.6) 

where ¸012 is the Dirac delta function and e�012 = 	 01 − ,¬2N+��r012. If �� is set 

to zero one retains the simple Tofts model shown in Figure 4-5a. The physiological 

interpretation of 
���� is somewhat difficult since it dependence on both 

permeability surface area product (¯�) and plasma flow (r�). An expression that 

summaries the effect of  r� and ¯� on 
���� is given by [86] 

 1 p

PS

Ftrans

p
K F e

− 
 = −
 
 

. (4.7) 

Two special cases are often identified. For ¯� ≫ r�,  
���� is flow-limited, and in 

such cases Eq. (4.5) is often referred to as the Kety model and 
���� ≈ r�. When 

¯� ≪ r�, 
���� is permeability-limited and 
���� ≈ ¯� [86]. The strength of the 

Tofts model is its relative simplicity, but the price to pay is that flow and permea-

bility cannot be separated and that the passage of CA through the capillary system is 

assumed to be infinitely fast.  

Other models have been proposed to overcome these issues. For example, the 

two-compartment Brix model [95], [98] shown in Figure 4-5c. By modeling the 

capillary system as a compartment with dynamics, the Brix model enables separate 

estimation of flow and permeability and enables estimation of vascular mean transit 

time. Donaldson et al. [99] compared the use of the Tofts model with the Brix model 

in data obtained from 30 patients diagnosed with cervical carcinoma. They found 

that the Brix model was superior in fitting the data. Since the dynamics of the CA 

residing in the capillary compartment is quite fast, one would expect the Brix model 

to require data with higher temporal resolution compared to the Tofts model. Simu-

lations by Sourbron et al. [69] show that the precision of blood flow measurements 
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in gray matter are strongly influenced by the sampling time whereas the accuracy is 

not. The equations defining the Brix model are [95]  
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where r¹� ≥ r� is an apparent plasma flow per unit volume of tissue. The impulse 

response of the Brix model is given by [69] 
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The use of an apparent plasma flow in the Brix model is a consequence of a required 

approximation since the venous output function of the capillary system is unknown 

[95].  

One model that solves the problem with the need for a venous output function 

for estimation of plasma flow is the TH model introduced by Johnson and Wilson 

[94]. This model is illustrated in Figure 4-5d and is a distributed compartment 

model, i.e., the CA concentration in the plasma compartment is a function of both 

space and time. The model is described by a system of partial differential equations  
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An analytic solution to the impulse response ℎ012 has been described by Koh et al. 

[92], but the expression requires the evaluation of an integral. However, St 
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Lawrence and Lee have presented an approximate solution [93]  which has a simple 

form 
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The use of Eq. (4.11) turned out to be difficult due to the tendency of the curve-

fitting algorithm to get stuck in local minima [100], [101]. We have shown (Paper 

I) that this is caused by the discontinuity in Eq. (4.11). We also showed that the 
problem can be solved by using the transfer function of Eq. (4.10), and by perform-
ing the convolution in Fourier space instead of time domain. With this method, we 
showed that parameter estimation can be performed much faster than if Eq. (4.11) is 

used and that it can be performed without the approximation introduced by St 
Lawrence and Lee [93]. In a study by Cheong et al. using DCE-CT on meningioma 
[102], the Brix model was compared to the TH model and a distributed compartment 
model [91], [92]. The results showed that the Brix model estimated approximately 
twice as large flow as the distributed compartment models.  

All models in Figure 4-5 assume that the transport between the blood plasma 
and the EES is equally effective in both directions, i.e., only passive transport of CA 
molecules occurs. This may not be the case if there are active transport mechanisms 
or pressure gradients across the capillary walls [75], [85]. It is by now well estab-
lished that the interstitial pressure in many tumors is increased relative to that in 

normal tissue and that this hinders transport of, in particular, large molecules from 
the capillaries into the interstitial space. Also for small molecules, such as the low 
molecular weight CAs normally used in DCE-MRI, the pressure effect seems to be 
of some importance [103], [104]. This is an indicator that DCE-MRI models should 
include different coefficients for the in- and outward transcapillary transport of CA. 

Dadiani et al. [105] used DCE-MRI techniques and found differences in the in- and 
outward transcapillary constants in a breast cancer tumor model in nude mice. Not 
only does this support the hypothesis that two different transport coefficients are 
needed, but it also opens an exciting possibility of using DCE-MRI for measurement 
of tumor interstitial fluid pressure, which is a determining factor for successful drug 

delivery in anti-cancer treatment [103]. Important to note is that simple models, such 

as the Tofts model, cannot be used to separately estimate �� and two different 

transcapillary transport coefficients. To circumvent this problem Dadiani et al. [105] 

used a lower limit on ��.              
Another important simplifying assumption used in all models presented in 

Figure 4-5 is that two compartments can represent the entire EES and capillary 
volume in a voxel or ROI.  A more realistic model would use a distribution of differ-
ent systems and model the signal as the average of the CA concentration in all sys-

tems. Attempts in this direction have been presented, e.g., by Koh et al. [89], [90].     
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The PK models used in DCE-MRI all assume that the CA resides in extracellu-

lar compartments, i.e., the blood plasma and the EES. In an experiment aimed at 
localizing the subcellular concentration of CA (Gd-DTPA), Noseworthy et al. [106] 
used New Zealand white rabbits and a combination of DCE-MRI and field emission 
scanning electron microscopy (FESEM). In contradiction to the general assumption 
of only extracellular CA, the FESEM analysis of tissue samples from muscle and 

tumor found CA molecules within vascular endothelial cells. The authors conclude 
that this can have profound implications on modeling of the kinetics of low molec-
ular weight CAs in DCE-MRI. At present date, no follow-up on this potentially very 
important study has been published. 

One final aspect considered here is that CA can reach the investigated volume 

not only through the blood circulation system. Diffusion can result in macroscopic 
movement of CA molecules over distances in the order of the voxel size (~1 mm) 
during the total acquisition time of several minutes. For example, particles in a sub-

stance with diffusivity º =	0.001 mm2 s-1 have an average 3D displacement of 

√6º1 = 1.9 mm after 10 min. Pellerin et al. [88] demonstrated the influence of CA 

diffusion in DCE-MRI using both simulations and an animal tumor model. They 
showed that the PK parameters can be grossly erroneous, especially in necrotic 
areas, when diffusion is neglected. They also devised a new PK model that allowed 

for estimation of 
���� and �� in the presence of diffusion. As a result of the non-

local influence of the diffusion, parameter estimation using the proposed diffusion 
perfusion model was very computationally demanding. 

4.4 Challenges 

4.4.1 Motion 

The analysis of CA concentration curves from a DCE-MRI exam requires the voxels 

or ROIs to correspond to the same physical locations throughout the entire image 
series. In practice, this requires the patient to remain still for about 5-20 minutes. For 
brain imaging it is feasible to obtain relatively motion-free data, while it is a consid-
erable challenge in the thorax or stomach regions due to, e.g., respiratory motion. 

Rigid and non-rigid registration techniques are standard tools which can correct for 
motion. Unfortunately, these post-processing motion-reduction techniques are less 
applicable to DCE-MRI due to the contrast enhancement. Registration techniques 
require some sort of image invariants used for image comparison. The invariant can 
be intensity- or texture-based, but since contrast enhancement changes image inten-

sity and introduces new image features, it is a challenge to register DCE-MRI data, 
especially in the thorax and stomach regions where organs not only move but also 
deform. 

Several groups have spent considerable effort on this issue, and several methods 
specifically designed to register DCE-MRI data have been presented during the last 
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decade. Buonaccorsi et al. [107], [108] and Adluru et al. [109] suggested inclusion 

of a contrast enhancement model in the registration algorithm. Briefly, the image 
series is first registered to an average image, and a PK model is subsequently fitted 
to this registered dataset. From the PK model parameters, a synthetic time series is 
created, and the original image series is refitted to the synthetic data, and new PK 
parameter maps are found. This step is then repeated to produce progressively better 

registered data [107]. There is no guarantee for this method to converge and contrast 
enhancement features not included in the PK model used by the algorithm may be 
confused with motion [108]. Nevertheless, the usefulness of model-based registra-
tion of DCE-MRI data has been demonstrated both with simulations and in vivo 
[107], [109], [110], but the method failed to significantly improve the repeatability 

of PK parameters in an in vivo test [107]. Fitting of PK parameters is a rather 
computationally expensive operation, and it is prone to exclude features that are not 
part of the PK model. This led Melbourne et al. [111] to develop a registration algo-
rithm similar to the one presented by the Buonaccorsi group [107], [108], but with a 
filter based on PCA instead of a PK model. In this way, time consuming curve-

fitting and bias towards some specific PK-model was avoided.  
The performance of the model-based and the PCA-based algorithms was re-

cently compared to a simple algorithm which sequentially registered image 1 to 
image 0, image 2 to image 1, and so on. The comparison was done using a computer 
simulated phantom and a slowly enhancing tumor model, and the result revealed that 

all models improved the data but also that the simple sequential registration algo-
rithm was the best choice [110].     

Many more methods to register DCE-MRI data have been presented. For exam-
ple, a pulse sequence with golden angle radial k-space acquisition has been devised 
for retrospective gating and thus minimizing motion effects [112]. A recent and 

exciting approach is to include models for the motion and contrast enhancement 
directly in the image reconstruction step [113], thus not only reducing motion be-
tween images but also the intra-image motion-induced artifacts. 

4.4.2 The AIF 

Despite the assumption that the CA concentration is adequately measured, several 
challenges related to the AIF remain. The worst-case scenario is that no appropriate 
AIF can be found within the imaged volume. To reduce this risk it is important that 
the operator acquiring the data has proper training and understands the importance 

of the AIF in the data analysis step. Still it may not be possible to find a suitable 
AIF, and in such a case one can resort to prebolus AIFs, standard AIFs or reference 
region (RR) methods, see Section 5.4.  

Ideally, the AIF should be sampled close to the tissue of interest to guarantee 
that it represents the true input to the investigated voxels. Due to constraints in spa-
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tial resolution, one normally has to settle for a distal AIF location, and this can cause 

severe consequences on the quantification of PK parameters. 
A distal AIF will introduce delay and dispersion effects, and we have shown, in 

Paper IV that a 5 s uncertainty in the BAT can introduce about 10-20% uncertainty 

in 
���� and up to about 100% uncertainty in ��. Calamante et al. [114-116] 

investigated the effects of dispersion and delay in the context of DSC-MRI perfu-
sion measurements and showed that stenosis can cause delay and dispersion which 

significantly affect blood flow and mean transit time measurements. The delay and 

dispersion can be modeled by expressing the true AIF as a distal AIF, ��r¼012, 
convolved with a vascular transport function xUr012 [115]:  

 ( ) ( ) ( )dAIF t AIF t VTF t= ⊗ . (4.12) 

In principle, this enables calculation of the true AIF, but in practice  xUr012 is un-

known. Still, certain measures can be taken to improve the situation especially re-
garding the BAT. In the case of model-free deconvolution, a BAT-insensitive 
method based on block-circulant deconvolution can be used [117]. In the case of 
parametric models one can estimate the BAT from data [100]. Two popular methods 
for BAT estimation are to include the BAT as an extra parameter in the model or to 

find the BAT from the initial part of the signal enhancement curve [118]. In a 
comparison between these two methods, Kershaw et al. [100] found that the method 
based on initial signal enhancement produced more accurate results. A recent publi-
cation by Koh et al. [119] shows that the inclusion of BAT in the PK model intro-
duces discontinuities which may impair the parameter estimation. The discontinuity 

problem can be avoided using the method presented by Koh et al. [119] or by using 
a Fourier-domain approach similar to the method presented in Paper I. Compensa-
tion for the dispersion is much more difficult. One idea could be to make the reason-
able assumption that the size of dispersion is related to the BAT, but this is unfortu-
nately not supported by experimental evidence [116].            

One additional source of uncertainty related to the AIF is the hematocrit. Large-

vessel hematocrit can be measured from a blood sample10 but a literature value is 

normally used and this introduces uncertainties due to intra- and inter-patient varia-
tions. Hematocrit is normally lower in healthy females (range 0.36-0.48) than in 
males (range 0.40-0.53). The variation over summer and winter is on average about 
3% and hematocrit is normally 2-5% higher in the morning than in the evening. 
Variation depending on posture is also important with 3.5-4.7% difference between 

supine and upright position [120]. Perhaps more important than the normal variation 
of hematocrit is anemia caused by disease [121]. In cancer, anemia is common, and 

                                                           
10 Only large vessel hematocrit can be found from a blood sample. The small vessel hematocrit needed for blood 
volume quantification cannot be obtained from a blood sample taken from a peripheral vein.  
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apart from the underlying disease, radiotherapy and chemotherapy [122] contribute 

to the anemia.      
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 Contrast agent quantification 5

Chapter 5 

Contrast agent quantification 

In principle, the previous chapter outlined most of the DCE-MRI concept, except 

one crucial point. The MRI scanner put limitations on the accuracy and precision 

with which the CA can be quantified and in the FOV and spatiotemporal resolution 

that can be obtained. Furthermore, the limitations in spatial and temporal resolution, 

FOV, CA concentration accuracy, and precision are all interconnected in an intricate 

way.  

DCE-MRI is similar to dynamic PET and DCE-CT in many aspects, but in both 

PET and DCE-CT, CA concentrations are measured directly through the number of 

disintegrations of a radioactive tracer and through the attenuation of X-rays, respec-

tively. In DCE-MRI, on the other hand, the CA concentration is inferred through its 

effect on U+ of water residing in the tissue under investigation [123]. In addition, U+ 
must in turn be inferred from signal intensity measurements in which the relation-

ships between signal, U+, and CA concentration are complex and dependent on de-

tailed scanner settings, biological properties, and CA properties, some of which are 

unknown, uncertain, or hard to access. 

5.1 Data acquisition and CA quantification 

CA quantification in DCE-MRI requires rapid and repeated accurate estimates of U+, 
but conventional methods for U+-estimation are, in general, too slow to be applied to 

DCE-MRI, although there are a few possible exceptions [124]. To facilitate rapid 

acquisition of U+-data, one usually measures signal change due to changes in U+ and 

relates this to the baseline U+, i.e., the native U+ of the tissue [2]. 

The data acquisition in DCE-MRI is normally preceded by a scout image and an 

anatomic image which allows for identification of the optimal placement of the 

DCE-MRI imaging volume. Thereafter, baseline U+ data are acquired, followed by 

the dynamic data acquisition (Figure 4-1a). The injection of CA is delayed a few 

image frames into the dynamic data acquisition to allow for sampling of the baseline 

signal, i.e., the signal at zero CA concentration.  

Any sequence that can be used for measurements of U+ [125] can in principle be 

used for the baseline U+ estimation step. A popular method used for the baseline U+-
map is the variable flip angle (VFA) method [126], with the 3D-SPGR sequence. 
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The idea behind the VFA method is to acquire images at several different FAs and 

fit Eq. (3.12) to the data [127]. The method provides relatively high SNR for a short 

imaging time and has been used by several authors, e.g., [100], [128], [129]. The use 

of the VFA method is not unproblematic since it is sensitive to errors in the FA 

[126] and requires time-consuming, non-linear fitting to data.  A linear fit of the the 

signal model to VFA data can also be used, but unless proper care is taken this can 

induce bias in the estimated U+ values [127]. Another common approach for the 

baseline U+ measurement is to use saturation-prepared SPGR sequences with multi-

ple different delay times [8], [69] and to fit a signal equation given by 

 ( ) ( )1/
0 sin 1 DT T

S M eθ −∝ − , (5.1) 

where U½ is the delay between the saturation pulse and the acquisition of the center 

of k-space. As with the VFA method, this method is fast but it may give biased 

estimates of U+, since the small readout pulses affect the return of the signal to ther-

mal equilibrium, and if centric-ordered acquisition11 is used, artifacts can be intro-

duced [125]. 

The dynamic data are often acquired using a 3D-SPGR sequence [49] or a 

saturation recovery sequence [69], and the 3D-SPGR sequence has been suggested 

as the preferred method at 1.5 T by the Quantitative Imaging Biomarkers Alliance 

(QIBA) in an attempt to standardize DCE-MRI [11]. Numerous concerns must be 

balanced in the selection of sequence settings. For instance, QIBA suggests the 

shortest possible TR < 7 ms and partial Fourier acquisition to ensure fast sampling 

rate, shortest possible TE < 2.5 ms to minimize the CA influence on the signal due 

to U�∗ shortening, and FA = 25-35° to avoid SAR problems while still obtaining high 

U+ sensitivity.  

Conceptually, CA concentration is obtained by taking the ratio of the baseline 

signal to the dynamic signal and solving for the unknown U+. (In practice, for 

quantitative DCE-MRI, it is better to directly estimate the PK parameters from the 

dynamic signal and baseline signal and thus never explicitly solve for the CA con-

centration, see Section 6.1.) The way to obtain the CA concentration from the 

combination of baseline U+ (here referred to as U+?), baseline signal �? and dynamic 

signal �012 is best illustrated by the SPGR example (with U�∗ effects ignored). In this 

case, an analytic expression [49] for the CA concentration e012 can be found from 

Eq. (2.21) and (3.12):        

                                                           
11 The acquisition of k-space data starts at the center of k-space. 
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At low concentrations, i.e., cos	0M201 − cos0M22N+U�kU+?N+ + f+e012m ≪ 1  [130] 

and f�∗U�e012 ≪ 1, a simple linear relationship yields an approximate CA 

concentration [49] 

 ( ) ( ) ( )( )1

1 10 1C t rT t
−

= ∆ − . (5.4) 

A linear relationship between CA concentration and signal enhancement ∆012 is 

desirable, not because it makes computations easier but because it renders the se-

quence insensitive to the water exchange rate, as discussed in Section 5.3.2.  

5.2 Conflicting demands 

A suitable imaging protocol for DCE-MRI must address a number of demands such 

as: 

1. Volume coverage 

2. High spatial resolution 

3. High temporal resolution 

4. CA sensitivity 

5. Dynamic range 

6. Suppression of confounding effects 

However, rapid data acquisition using MRI is limited by the speed with which k-

space can be traversed, by the SNR, and by SAR. This has consequences for any 

imaging protocol that tries to fulfill the above demands. The following discussion 

will use the 3D-SPGR sequence shown in Figure 3-3 as an example, but similar 

conclusions hold for other sequences too. It is also assumed that a measured AIF 

from magnitude data is used and alternative AIF approaches are discussed in Section 

5.4. 
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5.2.1 Volume coverage 

Large volume coverage is needed to avoid fold-over artifacts, and large-volume 

coverage is desired since it enables imaging of the entire ROI, facilitates co-

registration, increases the chances of finding a suitable AIF and facilitates optimal 

slice placement. However, each line in k-space requires a certain amount of time 

(TR), and thus increased volume coverage is linked with lower temporal or spatial 

resolution for a fixed TR and a fixed amount of speed-up techniques.  

Clearly, TR can often be decreased, but it requires shortened readout time, the 

use of a shorter RF-pulse, or less RF-spoiling. A shorter readout will increase the 

noise since less time is spent on sampling, and due to limits in gradient hardware 

there is also an upper limit on how fast a line in k-space can be acquired. Shorter RF 

pulses can be achieved by the use of a stronger slab selection gradient and more RF 

power or by simply cropping the edges of the RF pulse. The first of these alterna-

tives is limited by either the gradient performance or the fact that the SAR increases 

and limits the FA that can be used. Cropping the edges of the RF pulse degrades the 

excitation profile with FA errors and produces fold-over artifacts. Reduction of RF-

spoiling makes the signal equation deviate from Eq. (3.12) and thus introduces 

inaccuracies [131].     

The other route is to increase the amount of speed-up such as parallel imaging, 

partial-Fourier acquisition, view-sharing, or CS. When this is possible the price of 

the two first of these techniques is mainly lower SNR and therefore less CA sensi-

tivity. The consequences of the two latter techniques are much more difficult to 

predict, but the main concern is that they may introduce non-noise-like errors in the 

spatial and temporal profile of the data [62]. 

5.2.2 High spatial resolution 

High spatial resolution is required to resolve heterogeneity, but it also increases the 

chances of finding an AIF relatively free from PVEs. However, high spatial resolu-

tion by definition decreases the voxel volume and therefore reduces the SNR. If the 

requirement is that the total acquisition time should be constant, spatial resolution 

must be traded for volume coverage, temporal resolution, shorter TR, or more 

speed-up techniques with the consequences discussed in the previous section.       

5.2.3 High temporal resolution 

High temporal resolution is required to resolve the shape of the CA enhancement, 

and it is most important for the AIF and when advanced, more physiologically real-

istic PK models are used. However, high temporal resolution leads inevitably to low 

SNR according to Eq. (3.16) and thus poor CA sensitivity. It can be traded for vol-
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ume coverage and spatial resolution and, if possible, shorter TR or speed-up tech-

niques. 

5.2.4 CA sensitivity  

SNR and U+ contrast determine the CA sensitivity. Ideally, SNR should be high and 

the signal should change rapidly and monotonically with CA concentration. As 

discussed above, and evident from Eq. (3.16), high SNR is in conflict with high 

spatio-temporal resolution. A large signal derivative with respect to the CA concen-

tration is also a conflicting demand since the signal can only vary between a mini-

mum and maximum value. Thus, one has to choose between a large dynamic range 

of measurable CA concentrations or high sensitivity over a smaller range. In general, 

this is a conflict between measurement of the AIF or the tissue CA concentration.       

5.2.5 Dynamic range 

The imaging sequence must have a sufficient dynamic range to ensure that the signal 

does not saturate at the high CA concentrations primarily encountered for the AIF, 

cf. Figure 4-1b. However, this is in conflict with high CA sensitivity, as discussed 

above. Since a large dynamic range for the SPGR sequence is associated with short 

TR and large FA, there are possibilities for SAR constraints. Clearly, as for the other 

demands, it is possible to trade for dynamic range, but the CA can also be injected in 

more than one bolus to reduce the required dynamic range [69]. 

5.2.6 Suppression of confounding effects 

A requirement for accurate CA quantification is that the signal equation, e.g., Eq. 

(3.12), is valid and that all parameters in the equation have low uncertainty. This is 

not the case for all choices of SPGR sequence settings. For example, short TE is 

desired since it reduces the U�∗ effect that otherwise can decrease the dynamic range 

and introduce uncertainties associated with f�∗. Short TE is in line with fast imaging 

but is therefore also associated with low SNR. Water exchange, which is discussed 

below, introduces additional complications into the signal equation and is associated 

with unknown exchange-rate parameters. The influence of the unknown exchange 

rates is minimized through the use of small TR and large FA [130], and this is thus 

equivalent to a large dynamic range. Due to short TR, spoiling is required to remove 

the transverse magnetization between adjacent excitations. A longer duration of the 

spoiler gradient results in better spoiling [131] and thus a signal behavior that can be 

described by Eq. (3.12). Insufficient spoiling leads to a more complicated signal 

equation where diffusion, U�∗, and settings normally not visible to the MRI operator 

affect the signal, see Section 5.3.3 below. Thus, fast imaging with very short TR is 

in conflict with accurate CA quantification [14]. On the other hand, if a larger 
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portion of the TR interval is used for spoiling, the result is a lower sampling effi-

ciency ~�KK and thus lower SNR and CA sensitivity. For the AIF, the non-stationary 

nature of the blood must be considered. To decrease inflow effects (see Section 

5.3.4) for the SPGR sequence, one should place the AIF ROI far inside the imaging 

volume. This leads to one more restriction on how to place the imaging volume and 

might imply the need for a larger FOV. 

5.3 CA quantification challenges 

5.3.1 In vivo relaxivity 

The simple linear relationship in Eq. (2.21), between the U+ relaxation rate and CA 

concentration, hides an important complication. The relaxivity f+ of the CA is a 

complex function of the properties of the solvent, e.g., the macromolecular content 

and pH, and the ambient conditions, e.g., temperature and magnetic field strength 

[32]. Relaxivity data for low molecular weight CAs often used in DCE-MRI are 

normally obtained in vitro, thus ignoring that the specific tissue environment may 

affect the relaxivity.  

An in vitro study by Stanisz et al. [34] showed that the addition of macromole-

cules, i.e., proteins, to a saline solution increased the relaxivity of Gd-DTPA signifi-

cantly. They observed a doubling of f+ when 40% of the solvent consisted of pow-

dered milk, and concluded that accurate quantification of CA requires an independ-

ent relaxivity measurement in tissue. This finding has later been confirmed by Wang 

et al. [132] for Gd-DTPA and Gd-DTPA-BMA.  From relaxivity measurement over 

a range of field strengths they concluded that the increase in relaxivity is due to 

weak binding of the CA to proteins. Further confirmation of relaxivity differences 

due to macromolecular content has been observed by Rohrer et al. [133] who 

investigated the relaxivity of numerous CAs at 0.47, 1.5, 3.0, and 4.7 T in saline, 

blood plasma and blood. For most CAs that are assumed to not bind to proteins, a 

higher f+ has been observed in blood and blood plasma solutions compared to water 

[134].  

Due to the linearity of Eq. (4.1), the absolute value of the relaxivity is less im-

portant than the ratio of relaxivity in blood to tissue. Thus, it is not necessarily a 

problem that macromolecular content affects the relaxivity provided that the size of 

the effect is similar in tissue and blood12. Investigation of tissue CA relaxivity is 

difficult since the true concentration must be assessed using an alternative method, 

and since compartmentalization of tissue also affects the relaxation. Shuter et al. 

[135] investigated Gd-DTPA and Gd-EOB-DTPA relaxivity in liver and kidney of 

Wister rats at 1.5 T. Reference tissue CA concentration was determined postsacrifice 

                                                           
12 An additional complication is that binding may introduce nonlinearities in Eq. (2.21), since the fraction of bound CAs 
also depends on macromolecular content [132]. 
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by radioassay of 153Gd. They found similar f+ in liver and agarose gel (2%) at 38°C, 

and similar f+ in water and agarose gel at 22°C for GD-DTPA.  Gd-EOB-DTPA, on 

the other hand, showed a marked increase in relaxivity, which is expected due to its 

known binding to macromolecules. Results from kidney samples showed much 

lower f+ compared to liver for both GD-DTPA and Gd-EOB-DTPA. This is in con-

trast to what one would expect from the findings discussed above, but it can likely 

by explained by the compartmentalization of tissue and slow water exchange be-

tween compartments [136]. This shows how difficult it is to estimate f+ in tissue. In 

another study, by Haar et al. [137], U+ relaxivity of Gd-DTPA was measured at 2.4 T 

in rat brain and the reference “true” concentration was found postsacrifice using 

inductive-coupled plasma atomic emission. They found f+ =  5.35 mM-1s-1, which is 

higher than in pure water [133] and thus consistent with an influence from macro-

molecules.   

The f� and f�∗ relaxivities are much less important to DCE-MRI since the U�∗ ef-

fect is usually minimized. However, at high concentrations of CA, especially in 

blood, U�∗ effects may become important [49], and one should ideally include them 

in the signal equation. The study by Rohrer et al. [133] showed that f� was slightly 

elevated in blood plasma compared to pure water. Since gradient echo sequences are 

common in DCE-MRI, f�∗ is more important than	f�. Experiments at 1.5 T with Gd-

DTPA and a human blood phantom at 37℃ [138] showed that f�∗ was much higher 

in blood than f� in pure water, e.g., f�∗0ÀÁ��Â2 = 13.4 mM-1s-1 at 5 mM and 

f�	 0ÃÄ1nf2 = 3.9 mM-1s-1, and that the concentration versus relaxation rate curve in 

blood is nonlinear. In tissue, f�∗ is expected to be even higher than in blood due to 

the increased susceptibility effects caused by CA-induced magnetic field gradients 

in the vicinity of the capillaries [139].     

5.3.2 Water exchange 

Within a homogeneous solution containing, e.g., Gd-DTPA, the diffusion of water is 

fast enough to ensure mono-exponential U+ and U� relaxation. In many biological 

situations, the water in the system is not freely diffusible and is confined to com-

partments with different relaxation times, e.g., the vascular space, the EES, and 

intracellular spaces. The motion of water within these compartments is in general 

fast enough to ensure well mixed compartments, but the same is not necessarily true 

for the motion between compartments. This movement of water between compart-

ments is referred to as water exchange and, depending on the rate of the exchange 

relative to the relaxation times, the relaxation of the entire spin system will be either 

mono- or multi-exponential [136]. Consequently, for multi-compartment tissue with 

large differences in relaxation times due to differences in CA content, it is not obvi-

ous that a simple signal model such as Eq. (3.12) can be used for estimation of CA 

concentration.  
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The spin dynamics of an N-compartment exchange model is given by the Bloch-

McConnel equation [140] which, in the absence of an RF field, has the form [141] 

 ( ), , 0,
, ,

1,

z i z i z i

ij z i ji z j

ji

dM M M
k M k M

dt T

−
= − − −∑  (5.5) 

for the longitudinal magnetizations \�,. 	in compartment [ = 1…�. In Eq. (5.5), U+,. 
and \�?,. denote the longitudinal relaxation time and thermal equilibrium 

magnetization of compartment [, respectively, in the absence of exchange. The con-

stants S.c, which satisfy S.. = 0 and ∑ S.c\�?,. = ∑ Sc.\�?,ccc  [141], are exchange 

rate constants which are related to the inverse of the mean lifetime of water mole-

cules in a specific compartments [123]. A solution to Eq. (5.5) is given by [141]: 
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where ¸.c is the Kronecker delta function. Taking water exchange into account and 

ignoring the U�∗ effects, the SPGR signal equation becomes [141] 
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where � is a � × � identity matrix , É� is a 1 × � matrix with each element set to 1, 

and M is the FA.  

Two important special cases of the solution to Eq. (5.5) are when the exchange 

rate is either very slow or very fast (the slow and fast exchange limits). Fast ex-

change in a two-compartment model occurs if S+� + S�+ ≫ ÊU+,+N+ − U+,�N+Ê and results 

in a system that has a single U+	given by 

 

2

0,
1

1 2
1

0, 1,
1

z i

i

z i i

i

M

T

M T

=

−

=

=
∑

∑
. (5.9) 



 

61 

DCE-MRI in tissue where one can assume fast exchange is particularly simple since 

such a tissue behave as if the CA is distributed throughout the tissue volume and U+ 

is independent of the exchange rate. The slow exchange occurs if S+� + S�+ ≪
ÊU+,+N+ − U+,�N+Ê, in which case the tissue exhibits two relaxation constants U+,+J  and U+,�J  

given by  

 12 21

1,1 1,1 1,2 1,2

1 1 1 1
,k k

T T T T
= + = +

′ ′
, (5.10) 

which is a less favorable situation for DCE-MRI, since the unknown constants S.c 
affect the signal [136].   

The four water compartments of interest for DCE-MRI are the red blood cells, 

the blood plasma compartment, the EES, and the extra-vascular intracellular com-

partments [123]. Water residence time in red blood cells is believed to be short 10-

14 ms [142], and one can therefore treat the blood as a single compartment, at least 

for normal CA doses in DCE-MRI (0.1 mmol / kg bodyweight) [136]. A relevant 

exchange model for DCE-MRI is thus  
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eb ie

k k

z b z e z ik k
M M M→ →← ←  (5.11) 

where the subscripts b, e, and i denote blood, EES, and intracellular compartments, 

respectively. No S°. and S.° are shown in the exchange model since all exchange 

between blood and the intracellular space is believed to go through the EES [123]. 

With this exchange model Ë has the form  
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The exchange rate S°� + S�°  between the vascular compartment and the EES (also 

referred to as transendothelial exchange rate) has been estimated to be less than 7	Hz 
[143], around 3 Hz in the myocardium [144], and approximately 1	Hz in the brain 

[136].  The exchange rate between the intra-cellular compartment and the EES 

(transcytolemmal exchange) has been estimated to be between 8 and 27 Hz in the 

myocardium [143]. Buckely et al. [145] obtained rather imprecise values, ranging 

from 1.4 to 16.6 Hz, in muscle in healthy volunteers. Landis et al. [146] estimated 

intracellular water residence time and EES volume fraction in rats muscle, and their 

result corresponded to an average transcytolemmal water exchange rate of 8 Hz, 

however an assumption in their analysis has been questioned [147]. Estimation of 

the water exchange rate is difficult and the data are clearly not very precise. 
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However, the data indicate roughly which water exchange rate to expect, and thus 

enables assessment of whether the often employed assumption of fast exchange in 

DCE-MRI, is valid. In practice, the exchange conditions depend on the situation and 

can change during the CA uptake process. For example, the fast exchange assump-

tion for the transendothelial exchange is appropriate when no CA is present but 

becomes invalid during the bolus passage, and the fast exchange rate assumption is 

questionable after the passage of the CA bolus. The situation is similar for the 

transcytolemmal exchange, which can be in both the fast and the slow exchange 

regime during a single DCE-MRI experiment [123].  Hence, whatever exchange 

assumption one uses, it is likely wrong, at least for certain physiological situations 

and transiently during the DCE-MRI experiment. A more relevant question is then: 

What effect does the water exchange rate have on estimated PK parameters?  

Several authors have tried to answer this question. For instance, Donahue et al. 

[130] found, using an intravascular CA in rat, that blood volume estimates strongly 

depend on the assumption of fast or no transendothelial exchange. The data pre-

sented indicates that neither of these assumptions is valid, especially not in tumors. 

A study by Buckley et al. [145] showed that transcytolemmal exchange has negligi-

ble effect in human muscle, likely because a rather water exchange-insensitive imag-

ing sequence was used in that study. Yankeelov et al. [148], on the other hand, 

found that the transcytolemmal water exchange may significantly change perfusion 

estimates in a rat tumor model rim. This result is likely due to the use of a quite 

exchange-sensitive imaging sequence, but the results should be interpreted with 

some caution, since some assumptions used in the study have been questioned [145]. 

In a study by Bains et al. [149] of water exchange in bladder cancer tissue, PK 

parameters obtained using DCE-MRI were compared to corresponding parameters 

from DCE-CT. A relatively water exchange-insensitive pulse sequence was used, 

and the only statistically significant difference between DCE-MRI and DCE-CT was 

for blood plasma volume when no water exchange was assumed. The authors con-

cluded that the study indicates that the transcytolemmal water exchange is negligible 

while the transendothelial water exchange may be more important.       

Clearly, the relevance of water exchange is under debate and depends on the 

details on the physiology under investigation, methods employed, the CA, and fortu-

nately also on the MRI sequence. Donahue et al. [130] have shown that the sensitiv-

ity to water exchange strongly depends on the employed imaging settings. For ex-

ample, the SPGR sequence can be made almost insensitive to water exchange rate, 

at the expense of SNR, if one uses settings that ensure a linear relationship between 

the signal and the CA concentration, i.e., cos0M201 − cos0M22N+U�kU+?N+ +

f+e012m ≪	1. Thus, exchange-minimizing sequences are possible, and luckily they 

correspond to the settings which result in fast acquisition, i.e., short TR. Figure 5-1 

illustrates the errors in CA concentration due to fast exchange and no exchange 

assumptions. The benefit of the exchange-minimizing sequence with TR = 3.4 ms is 

clear from the figure. In the simulated situation shown, better accuracy was achieved 
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using the no-exchange assumption compared to the common fast-exchange assump-

tion, all in agreement with reference [130].  

 
Figure 5-1: Simulated errors associated with water exchange. Transendothelial and 
transcytolemmal water exchange rates were set to 3 Hz and 10 Hz, respectively.  The tissue 
water fraction was 80% [123], the EES fractional volume was 30%, and native blood, extra-
cellular, and intracellular U+ were 1.25 s, 1.0 s, and	1.0 s, respectively. (a) and (c) show the 
results of simulations when the CA resided in the vascular space with a fractional volume of 
5%. (b) and (d) show the results of simulations when all CA resided in the EES and the frac-
tional volume of the vascular space was set to zero. All simulations of the “true” signal were 
performed using Eq. (5.7), (5.8), and (5.12), and CA concentration was estimated using the 
fast-exchange assumption in (a) and (b) and the no-exchange assumption in (c) and (d). Two 
sequence settings were investigated, one which minimizes the effect of exchange (solid line) 
[145] and one which does not (dashed line) [148]. The results of the sequence not minimizing 
exchange effects are not shown in (c) and (d) since it gave huge errors in the order of several 
hundred percent. To estimate the CA concentration, a baseline U+ given by the average  U+ 

(found using Eq. (5.9)) in both blood and EES was used. Note that one must know the vascu-
lar and EES fractional volumes to use the no-exchange assumption. Thus, it can only be used 
in conjunction with a PK model, and it is not possible to extract the CA concentration as an 
intermediate step in an analysis that assumes no exchange.     

5.3.3 RF spoiling 

Yarnykh [131] has shown that the gradient areas (i.e., the gradient time integrals) 

normally used in short TR SPGR sequences, are insufficient to provide the spoiling 

needed in order for Eq. (3.12) to be valid. This has consequences for U+ estimations 

[150] and thus for the accuracy of DCE-MRI [151] based on the SPGR sequence. In 

Paper II we reported that this effect also affects estimation of the AIF from SPGR 
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magnitude data, and it was concluded that the non-ideal RF spoiling should be in-

corporated into the signal equation used in the CA estimation.  

No analytic signal equation exists to describe the situation with non-ideal RF 

spoiling. However, a simulation [13], [131] of the signal can quite easily be carried 

out to generate a signal lookup table. Let 3N0v, d2 be the position-dependent 

magnetization before RF pulse d and let 30v, d2 be the magnetization directly after 

the RF pulse. Then, the steady-state signal is given as the spatial average over the 

voxel positions v of the transverse magnetization for a d large enough to ensure that 

steady state has been reached. The use of a scalar position v is motivated by the 

assumption of an isotropic medium and the use of spoiling in a single direction. As 

for the ideal spoiling case, a recursive relationship can be set up for the magnetiza-

tion: 

 ( ) ( ){ }ˆ, 1 ,x j x j− + =M E M  (5.13) 

where ¡R7∙9 is a time evolution operator and 3N0v, d2 and 30v, d2 are related by the 

rotation of the magnetization caused by the RF pulse, i.e., 

 ( ) ( ) ( ), , ,jx j x jθ ϕ −=M R M  (5.14) 

where ÐkM, �cm is a rotation matrix. 

The time evolution operator should take diffusion into account [131], which 

means that the Bloch-Torrey equation [20] must be used. The 1D solution of the 

Bloch-Torrey equation is given by [13], [131] 
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where º is the diffusion constant, �Ñ is the spoiler gradient area, and 1Ñ is the time 

during which the spoiler gradient is active. 

A simulation of the effect of non-ideal RF spoiling, when perfect spoiling is as-

sumed, is shown in Figure 2-1 for two different gradient areas.  In Figure 2-1a it 

was assumed that the native tissue U+ is known while, it is estimated using the VFA 

method and Eq. (3.12) in Figure 2-1b. From the figure it seems as if the errors from 

the native U+ estimation partially compensate for the errors from the CA estimation. 
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However, one must be careful in generalizing such conclusions since the figure only 

shows results from one set of FAs and one TR.   

 

 
Figure 5-2: Simulation of the effect of non-ideal RF spoiling, when perfect spoiling is as-
sumed. In (a) a known native tissue U+ =	1000 ms was assumed, while native U+ was esti-
mated using the VFA method in (b). The pulse sequence settings used in the simulation were 
TR/TE =	 6/1.5 ms, FA = 30°, 1Ñ = 2.5 ms, and the phase increment in the RF spoiling was 
set to 50°. FAs used in the VFA U+ estimation were 2°, 5°, 10°, 20°, and 30°. Other settings 
were U�?∗ = 100 ms, º =	0.8·10-3 mm2s-1, f+ =	4.3 mM-1s-1, and f� = f�∗ ∈ [5, 15]  mM-1s-1. In 
all simulations it was assumed that f�∗ was known. The error bars correspond to a spread (one 
standard deviation) in the results due to different f�∗ values.  

5.3.4 The inflow effect 

The SPGR sequence is of a steady-state type, and Eq. (3.12) requires that steady 

state has been reached. In moving blood, the spins may not have experienced suffi-

cient RF pulses when reaching the imaged position for the steady state assumption 

to be valid. This issue has been identified as one of the larger confounds in AIF 

measurements, and several authors have stressed the need to minimize this effect. 

For example, when using a 3D-SPGR sequence to obtain the AIF, both Schabel et 

al. [49] and Cheng et al. [152] have pointed out the importance of selecting vessels 

far inside the imaged region. Inflow is also an issue for saturation-prepared gradient 

echo sequences, and non-selective saturation pulses are used to minimize the inflow 

effect [69]. A relevant question is whether these precautions are enough. 

Peeters et al. [153] investigated the use of a saturation prepared SPGR sequence 

in both human subjects and in a pulsatile flow phantom. They found that the use of a 

non-selective saturation pulse had to be augmented by a correction scheme in order 

to obtain accurate results. They also demonstrated, using human subjects, that pa-

rameters obtained from hepatic perfusion measurements could differ up to 50% 

between corrected and uncorrected data.  

Recently, the inflow issue in 3D-SPGR was investigated by us (Paper II) and 

by Roberts et al. [154] using a controlled environment, i.e., a flow phantom. How-

ever, these two studies arrived at somewhat different conclusions. In our 
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investigation, a pulsatile flow phantom with a peak flow of 45 cm/s was used. CA 

concentration was determined at three different FAs for the dynamic data. The VFA 

method with 48 different combinations of FAs was used for the baseline U+ values. 

The CA concentration was estimated in the presence of flow in four regions with 

varying inflow effects at typical AIF concentration levels. These results were com-

pared to a “ground truth” obtained from an inversion recovery spin-echo sequence 

when no flow was present. CA concentrations were also obtained using the 3D-

SPGR sequence without flow, to ensure that the flow effect could be isolated. The 

results showed that inflow seriously degraded the AIF and consequently also PK 

parameters subsequently estimated using this AIF. It was also confirmed that meas-

urements of the AIF far inside the imaged region are beneficial but not sufficient to 

eliminate the inflow effect.  

In the study by Roberts et al. [154], a non-pulsatile flow phantom experiment 

was conducted. A single set of FAs were used for the baseline U+ measurement and a 

single FA for the dynamic data, and no ground truth was established for the phantom 

CA concentration. However, the results were compared with both in vivo data and 

with computer simulations. In agreement with our results, it was concluded that 

baseline U+ was underestimated due to inflow and AIFs obtained from regions af-

fected by inflow resulted in huge errors in the PK parameters. It was also observed, 

both in vivo and in phantom data, that the average AIF CA concentration flattened 

out far inside the imaged region (where the inflow effect is less pronounced). Based 

on the computer simulations, this was interpreted as a region of accurate CA con-

centration. It was further observed that this region was larger if a measured baseline 

U+ was used compared to a true value, indicating that baseline U+ errors and dynamic 

data errors to some extent canceled each other out. In contrast to the study described 

in Paper II, Roberts et al. [154] concluded that accurate AIFs can be obtained pro-

vided that one measures at least 20-30 mm inside the imaging volume. The differ-

ence in conclusions can have several reasons. For example, Roberts et al. used a 

non-pulsatile flow phantom, axial slices, and slightly different imaging settings. 

From our own experience it can also be dubious to draw firm conclusions based on 

only a single set of imaging settings. At an early stage of the Paper II investigation, 

a single setting was used for the baseline U+ measurement and we found (in agree-

ment with suggestions from the literature [49], [152]) that an AIF found far inside 

the imaging region was accurate. An analysis of the dynamic data and the baseline 

U+ measurement showed that both were erroneous but that the errors canceled. At 

that point, we were quite content with this result since it confirmed the common 

assumption stated in the literature about AIF measurement site selection. However, 

we later recognized that data could be analyzed in a more general fashion by using 

subsets of the baseline U+ FAs to produce several sets of different baseline U+ esti-

mates. We then discovered that our first result had been somewhat accidental and 

that the cancelation of errors was not a feature to be generally relied upon.    
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5.3.5 FA homogeneity and FOV fold-over 

 
Figure 5-3: Simulation of the FOV fold-over effect due to large FA in combination with non-
ideal excitation profile. Simulation settings: FA	 =	30°, TR = 4	ms, U+ =	800 ms. A 
Hamming apodized sinc function was used as the RF pulse [44]. Fourier transformation of the 
RF pulse was used to find an approximate excitation profile.  The excitation (FA) profile is 
shown in (a) and (b), while the produced signal �0Ö2 and measured signal ����0Ö2 are 
shown in (c) and (d). In (a) and (c), the sinc function had 5 side-lobes while it had 11 side 
lobes in (b) and (d), making the RF pulse used in (b) and (d) twice as long. For the FOV used 
in this simulation 77% and 89% of the FOV was within 10% error, for the short and long RF 
pulses, respectively. 

Inhomogeneous FA distribution across the image volume is known to introduce a 

bias in U+ estimation using the VFA method [126] and to bias the CA estimation 

based on the SPGR sequence [49]. In addition, the problem is generally larger at 

higher field strengths [39]. The issue can be managed by incorporating a @+ field 

measurement [155-157] in the DCE-MRI exam. In high-field applications it might 

be necessary to improve the excitation profile by use of, e.g., parallel transmit [39], 

i.e., the use of several independent transmit coils.  

Another aspect of this problem is the excitation profile in the slab-selection di-

rection of the 3D-SPGR sequence. Ideally, it should be as close to a perfect rectan-

gle as possible, but that requires long RF pulses which causes rapid imaging to be 

more difficult. Moreover, since a large FA often is used to achieve a large dynamic 

range and less sensitivity to water exchange, the FA is normally selected to be much 

larger than the Ernst angle (the FA giving the maximum signal at a given TR and 
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U+). This implies that the excitation of spins outside the imaged FOV, despite having 

a small FA, can produce a substantial signal that is folded into the FOV. The conse-

quence of this is normally that the outer slices of the imaged volume must be dis-

carded. This phenomenon is illustrated in Figure 5-3 for two RF pulse lengths. 

5.3.6 The ��
∗  effect 

The shortening of U+ due to the CA results in increased signal intensity for the 

SPGR sequence while the CA effect on U�∗ has the opposite consequence. At suffi-

ciently high CA concentration, the decrease in signal intensity due to the U�∗ effect is 

stronger than the increase due to U+ shortening. The CA concentration when these 

two effects exactly balance defines the theoretical limit for the dynamic range [49]. 

An example of the dynamic range in blood at 1.5 T, for the SPGR sequence, as a 

function of FA for TR = 4 ms is shown in Figure 5-4a.   

 

 
Figure 5-4: (a) The maximal CA concentration theoretically measurable as a function of FA 
using the SPGR sequence with TR =	4 ms. (b) Errors introduced into the AIF as a function of 
CA concentration for the same sequence as in (a). (c) Errors introduced into the tissue CA 
concentration when the CA resides in the capillaries and thus creates a strong susceptibility 
effect. In (a)-(c), fast water exchange was assumed. 

Neglecting the U�∗ effect has consequences for CA quantification far below the 
maximum measureable concentration as illustrated for blood and tissue in Figure 

5-4b and c, respectively. In Figure 5-4c the assumed scenario was that all CA re-
sided in the blood vessels that occupied 6 % of the tissue. All calculations assumed 
fast proton exchange, the U+ relaxivity of blood was set to f+ =	4.3 mM-1s-1  [133], 
and a nonlinear expression was used for the effect of the CA on U�∗ in blood [138]. 
In tissue, f+ was assumed to equal that of blood and f�∗ was set to 44 mM-1s-1 [139].  

Since the U�∗ can be modeled, it can also be included in the signal equation, and 

this has been recommended [49], [158]. However, the in vivo f�∗ is poorly known, 

especially in tissue [139], and, consequently, TE should be as short as possible to 

minimize the effect of the uncertainty in f�∗. An alternative is to use a dual echo 

sequence which enables simultaneous measurement of U+ and U�∗. This approach 
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enables compensation for the U�∗ effect and can be used to obtain improved AIFs 

from combined U+ and U�∗ information [159].  

5.4 Obtaining the AIF 

The acquisition of the AIF is particularly challenging, and it is informative to re-

iterate the six requirements on the imaging sequence and explicitly point out what 

demands originate from the tissue CA quantification and the AIF CA quantification, 

respectively (see Table 5-1). Many of the requirements are related to the AIF and a 

combination of AIF and tissue CA measurement is much more difficult than each 

measurement by itself. This has led to alternative ways to obtain the AIF, among 

which the simplest approach is to use a standard AIF [25], [72], [85] and the most 

advanced method is to use blind estimators which find a likely AIF based on several 

tissue CA concentration curves [160-162]. Some of the techniques applied to DCE-

MRI are discussed below. 

Table 5-1: Requirements on the imaging sequence with respect to the tissue CA and AIF 
measurements. 
Requirements Tissue curve AIF 

Volume coverage Large Smalla 

Spatial resolution Low to highb High to avoid PVEs 

Temporal resolution Medium to high High to very high 

CA sensitivity High Medium 

Dynamic range Smallc Large 

Avoid confounding 
effects  

Water exchange, U�∗ effects, and 
RF-spoiling 

U�∗ effects, RF-spoiling, and 
inflow effects 

a A small FOV is needed to sample the AIF, however a large FOV might be necessary to find 
a suitable AIF location and to avoid inflow effects. 
b For ROI analysis low spatial resolution is sufficient, but if tissue heterogeneity is investi-
gated a high resolution is desired. 
c The overall tissue CA concentration is normally much lower than the AIF peak concentra-
tion. However, if water exchange cannot be assumed to be fast, a large dynamic range is 
required for the tissue too.  

5.4.1 Measured magnitude-based AIF versus standard AIFs 

A measured magnitude based AIF simply means, at least in this context, that the 

AIF is acquired simultaneously with the tissue signal, with the same sequence, and 

that the CA concentration is found from the signal magnitude. This is, in theory, the 

ideal situation since it implies an AIF that can account for inter- and intra-patient 

variations, but the numerous conflicting demands and difficulties discussed above 

may render a measured AIF less useful. Several authors have measured individual 

input functions, e.g., [9], [163], [164], and it is generally recommended the AIF 

should be determined for each patient [10]. However, not many studies have investi-
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gated the utility of measured AIFs in DCE-MRI13 relative to standard AIFs. 

Noticeable exceptions are, e.g.,  Lavini et al. [165] who showed that the variability 

of an AIF measured at low temporal resolution is much larger across a patient pop-

ulation than across scans for a single patient. However, in this last study no statisti-

cal analysis was performed for significance. Ashton et al. [166] also used a rela-

tively low temporal resolution when measuring the AIF (∆1 =10.4 s) and found that 

the scan-rescan variability of 
���� and IAUC was improved with a measured AIF 

compared to a standard AIF [25], [85]. However, the sample was relatively small 

(25 patients having either lung or liver cancer) and statistical significance was only 

achieved in liver, and the result was possibly due to a few outliers. Rijpkema et al. 

[60] also found significantly improved reproducibility (of  
����/��) in a small 

group of patients (4 =	11), but for high temporal resolution data (∆1 =	2 s). On the 

other hand, Parker et al. [72] used relatively high temporal resolution data (∆1 =
	4.97 s) in a group of 23 patients (113 data sets) and found that a population-

averaged AIF resulted in more reproducible PK parameters than individually meas-

ured AIFs. Similarly, Meng et al. [167] found that measured AIFs did not provide 

any significant improvement in prediction of prostate cancer biopsy results com-

pared to a population-averaged AIF.  These results can be seen as a confirmation of 

the fact that measured AIFs are indeed advantageous, at least in theory, but the 

practical circumstances involved in the measurement may cause excessive degrada-

tion of the AIFs. A distinction should also be made about whether it is accuracy or 

reproducibility that is required in a study since an assumed AIF may produce far 

from accurate results with good reproducibility. 

5.4.2 Prebolus AIF 

Since one of the main issues in DCE-MRI is to find a sequence that gives reasonable 

performance with respect to both the tissue and the AIF, it would be useful to have 

separate measurements for these two tasks. One way to achieve this is to first inject 

a small prebolus of CA and measure the corresponding AIF, and then model the 

main bolus based on the prebolus data. This approach has been investigated by 

Köstler [168] to avoid signal saturation in blood and by Kershaw et al. [71] who 

found a good agreement between the predicted and measured main bolus AIF. We 

have also investigated a prebolus method but for phase-based AIFs and found it 

feasible for the first pass of the CA, but the phase-based data tended to be less reli-

able for the low CA concentration in the AIF tail (Paper III). 

                                                           
13 In perfusion measurements based on deconvolution methods it is generally accepted that measured AIFs are a 
necessity [8], [64]. 



 

71 

5.4.3 Phase-based AIF 

The effect of a CA manifests itself not only on the magnitude of the MR signal, but 

also on the phase due to a CA-induced shift in the bulk susceptibility. This effect 

was first investigated for CA quantification by Conturo et al. [169] and Akbudak et 

al. [170], [171] who showed, both in phantom and an animal model, that there is a 

perfect linear relationship between phase and CA concentration. This relationship 

has since then been confirmed in flow phantoms by van Osch [138] and by us [172], 

and excellent agreement has also been achieved between an AIF from a radiolabeled 

tracer and an AIF from MR phase in baboon [173].  

Insights into the phase shift induced by the susceptibility of the CA can be 

gained from the magnetostatic macroscopic Maxwell equations [174] 
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which yields  

 ( )( )2 2
0µ−∇ = −∇ + ∇ ∇ •B M M  (5.18) 

where ×? is the vacuum permeability. Eq. (5.18) can be used to find the macroscopic 

shift in the magnetic field / due to a magnetization 3, but to find the local micro-

scopic field influencing the spins, the molecular environment in the immediate sur-

roundings of the spins must be considered. This can be achieved by a concept called 

the Lorentz sphere which is an imagined sphere in an isotropic fluid media. A 

Lorentz sphere surrounds each spin and inside the sphere the thermal motion of the 

molecules is fast enough for all locally generated magnetic fields to cancel out iso-

tropically. As a consequence, the magnetic field experienced by each spin is equiv-

alent to the field found in a small spherical vacuum region embedded in the bulk 

medium, i.e., the bulk magnetic field must be corrected for the boundary effects of a 

spherical region with a relative permeability equal to one [175], [176]. The solution 

to Eq. (5.18), after inclusion of the Lorentz sphere correction, yields the shift in the 

local field  
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Since the magnetization to a very good approximation is aligned with the main 

magnetic field /? = @?I, only the z-component of Eq. (5.19) must be considered. 

Furthermore, since the susceptibility is much smaller than one (Ø0j2 ≪ 1) the mag-

netization is given by ×?30j2 = Ø0j2/?. These two simplifying circumstances give 
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a final expression for the local magnetic field shift along the main magnetic field 

[174] 
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where PjJj is the angle between the main magnetic field and	j′ − j. From Eq. (5.20) 

it is clear that the shift in local magnetic field and the local susceptibility are linearly 

related, but the rest of Eq. (5.20) is less encouraging. The integral in Eq. (5.20) is a 

convolution with a kernel with infinite spatial extension,	and Fourier transformation 

of the convolution kernel reveals that it cannot be inverted [174]. In other words, the 

observed shift in magnetic field in one point does not only depend on the suscepti-

bility at that point, and a susceptibility map cannot easily14 be found from the field 

shift map using deconvolution.   

Fortunately, for certain simple geometries, such as infinite cylinders with con-

stant susceptibility, the magnetostatic equations are simple to solve and give an 

analytic expression for the magnetic field shift inside the cylinder [171] 
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In Eq. (5.21) e is the CA concentration and Ù is the angle between the main mag-

netic field and the cylinder axis. For paramagnetic substances where the magnetiza-

tion is due to electron spin only, such as the Gd3+, the molar susceptibility ØÚ is 

given by [171], [177] 
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where ×T is the Bohr magneton, �Û is Avogrados number, � is the total spin of the 

particle generating the bulk susceptibility effect (� = 7/2 for Gd3+), and gÝ = 

2.0023. At 37℃ Eq. (5.22) evaluates to ØÚ =	3.167·10-4	M-1 for Gd3+.  

The infinite cylinder approximation is quite well suited for AIF measurements 

since a long straight portion of a vessel can be approximated by a section of an infi-

nite cylinder, and the CA concentration is approximately constant in a large section 

of a vessel. If the length of the cylinder is larger than 10 diameters the difference in 

magnetic field shift between a finite and infinite cylinder at the center of the cylinder 

is less than 1% [176].  

The measured phase shift Δ] is related to the magnetic field shift through  

 ,z localTE Bφ γ∆ = ⋅ ⋅∆  (5.23) 

                                                           
14 A susceptibility map can be reconstructed by incorporating more information through, e.g., regularization [204].  
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and the phase shift is thus linear in CA concentration as was indicated above. Eqs. 

(3.19), (5.21), and (5.23) give an expression for the CA concentration SNR 

 ( )2
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where ��� is the magnitude data SNR. Thus, high magnitude data SNR, long echo-

time, vessels aligned with the main magnetic field, and the use of a high-field mag-

net are beneficial for phase-based quantification of the AIF. Kotys et al. [178] have 

used computer simulations to compare the SNR of AIFs obtained from phase and 

magnitude data. They found approximately a 10-fold higher SNR using the phase-

based method. However, this result must be interpreted with caution since it does 

not translate directly to DCE-MRI, and other factors than thermal noise can influ-

ence an AIF obtained from phase. These factors are discussed below. 

Echo time tradeoff    

A long TE implies better phase sensitivity but also more U�∗ effects which decrease 

the magnitude SNR. As a consequence an intermediate TE value is optimal [178]. 

However, in DCE-MRI, long TE is never an option due to the U�∗ effect and one may 

have to settle for a sequence with less than optimal phase sensitivity to CA [174], 

[179], [180] unless a prebolus technique is used (Paper III).     

Phase wrapping 

Absolute phase is arbitrary, and to measure the CA concentration, relative phase 

must be calculated by subtracting the phase of a baseline image (with no CA pre-

sent) from all other images. Still, the phase shift can only be defined in the range 

�– ß, ß�, which limits the dynamic range of the phase-based AIF to TE ∙
@?e�.�/�� =	± 0.11 mM·Ts at 37℃  for vessels parallel with /?. This limitation is 

not severe, especially since it needs only to be applied to the phase shift between 

two adjacent time points. In an algorithm used by Akbudak et al. [170] the phase 

shift curve was obtained from complex data 7à.9.á+…Æ in two steps: 

 

1 Find the phase shift ∆]. between the adjacent time points [ and [ + 1: 

 ( )*
1argi i iZ Zφ +∆ =  (5.25) 

2 Build the total phase shift relative to [ = 1 by summing the phase shift 

between adjacent time points: 
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Hence, as long as the phase shift between two adjacent time points is less than ß, the 

above algorithm ensures that no wrapping occurs. Also, if wrapping occurs in the 

most rapidly changing part of the AIF, it is often easy to identify and correct. 

Partial volume effects 

Phase-based AIFs are prone to PVEs, but the situation is potentially more benign 

than for magnitude-based AIFs due to two methods for minimization and elimina-

tion of PVEs. The first of these apply when phase AIFs are used in DCE-MRI with 

short TE and inflow effects, implying that large blood vessels are much brighter 

than the surroundings. This decreases the relative intensity of surrounding tissue and 

thus reduces the PVEs [180]. The second approach was developed by van Osch et 

al. [138] for DSC-MRI and requires a quite large phase-response. The idea is that 

the combined magnitude and phase responses to the CA can be plotted as a spiral in 

the complex plane. The origin of the spiral in the complex plane corresponds to the 

PVE and the phase-shift, which is measured as the rotation angle around the spiral 

origin, gives the CA concentration free from PVEs.  

Vessel geometry 

The use of Eq. (5.21) requires that the angle â is known and the validity of its use 

requires long straight vessel sections. Therefore, it is essential that images showing 

the vessel geometry are available. If no long straight sections of vessels are available 

it can still be possible to use phase-based AIFs, since any vessel shape can be taken 

into account using a surface integral form of Eq. (5.20) [174].  

Flow effects 

It is a well-known fact that flow in combination with the encoding gradients induces 

a phase shift that is velocity-dependent [52]. The velocity-induced phase has been 

shown to influence AIFs obtained from phase in single-shot 2D-EPI images and 

flow compensation and cardiac gating have been applied to reduce the problem 

[170]. In our experience, using 2D-SPGR sequences (Paper III), flow compensation 

is necessary while cardiac gating is not, and the difference is likely due to the choice 

of sequence or imaging location. In another study of phase-based AIFs, Rochefort et 

al. [174] used a 2D-SPGR sequence with cardiac gating but made no comparison 

with non-gated measurements. In studies by Cron et al. [179] and Footit et al. [180], 

both 2D and 3D-SPGR sequences were employed successfully without cardiac 
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gating and without flow compensation15. Thus, flow effects can potentially be im-

portant but the need for gating and flow compensation seems to depend on the situ-

ation.  

Phase instability and background correction 

The greatest difficulty associated with phase-based AIFs is probably that they are 

sensitive to disturbances such as phase drift (due to @?-drift) and motion-induced 

phase shifts. This issue was recognized in the first phase-based AIF studies [170] 

and has later been confirmed by us [14], [181]. The method proposed as a solution is 

to subtract a background phase obtained from an ROI (without any large vessels) 

close to the AIF vessel [170]. If the phase disturbances in the AIF and the surround-

ing background tissue are highly correlated this approach is successful. Studies by 

Akbudak et al. [170] and us show that this approach is both necessary and very 

helpful (Paper III) and we have also seen that the use a background ROI close to 

the vessel is beneficial [181]. Although the background correction solves one prob-

lem, it potentially introduces another. To see this, it is illustrative to write both the 

AIF and background phase shifts in terms of the sources that contribute with some 

phase shift, e.g., a drift term, a CA term, a motion term, and a noise term: 

 
, , , ,

, , , ,

,

.

AIF AIF Drift AIF CA AIF Motion AIF Noise

BG BG Drift BG CA BG Motion BG Noise

φ φ φ φ φ

φ φ φ φ φ

∆ = ∆ + ∆ + ∆ + ∆

∆ = ∆ + ∆ + ∆ + ∆
 (5.27) 

Provided that the drift and motion components are highly correlated, all that remains 

after subtracting the background phase from the AIF phase is the difference due to 

CA and some noise. The subtraction of background phase obtained from a ROI with 

CA contents is problematic since it can substantially shift the low-concentration part 

of the AIF (i.e., the tail). The problem was first noted by Akbudak et al. [170], alt-

hough they did not pay much attention to it since the AIF tail was not of interest for 

their intended application to DSC-MRI. In Paper III, this issue has been further 

investigated and we showed that that CA accumulation in the background used for 

correction can be very problematic for AIFs intended for DCE-MRI. Interestingly, 

background correction has not been necessary in all published studies [179], [180]. 

Thus, the phase instability and the need for background correction seem to depend 

on the specific situation.  

                                                           
15 Information about flow compensation was obtained through personal communication since it is not explicitly stated in 
the publications.  
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In vivo results 

Putting it all together, obtaining AIFs from phase implies a number of difficulties. 

Some of the issues, such as the PVE and phase wrapping can be solved rather ele-

gantly while other issues are much harder. Eventually, only in vivo studies of groups 

larger than a few individuals can reveal the true value of phase-based AIFs. Unfor-

tunately, only a few studies using more than a single human in vivo example have 

been reported [14], [138], [174], [179], [180] and considering the large degrees of 

freedom on how to perform the imaging this is far from enough.   

Nevertheless, the work by van Osch et al. [138] has shown (in a reproducibility 

study (4 = 16)) that significantly improved reproducibility of blood flow is obtained 

when correcting for PVEs using phase data. Footit et al. [180], also demonstrates, in 

vivo, that phase-based AIFs are a feasible solution to PVEs. In a study by de 

Rochefort et al. [174] indicator dilution theory [87] was used to estimate blood flow 

from phase-based AIFs in 14 human subjects, and the results were compared to 

phase contrast measurements of the flow. They found no significant bias between 

the methods. Interestingly the phase-based AIF method had better repeatability than 

the phase contrast method, ~5% versus ~12%. However, the difference was not 

statistically significant, since only five patients where used in the assessment of the 

repeatability of the phase-based AIF. In Paper III, 38 prebolus AIFs were obtained 

from 19 exams of seven subjects, and a number of interesting observations were 

made: (1) Background correction was absolutely necessary. (2) 46% of the variance 

of the difference between two AIFs obtained in the same exam could be explained 

by a motion. (3) The first pass peak was more accurately quantified than the AIF 

tail. (4) There were indications that the background correction introduces errors in 

the AIF tail due to accumulation of CA in the background region.  

The largest study of phase AIFs in DCE-MRI (27 data sets) was recently pub-

lished by Cron et al. [179]. They compared AIFs obtained from phase and magni-

tude data and investigated their hypothesis that phase AIFs would result in less vari-

ability in 
���� and �� in muscle tissue. Although they found that the phase-based 

AIF is much less sensitive to measurement location, phase-based and magnitude-

based AIFs from optimal locations did not result in 
���� and �� that differed 

significantly. It is interesting to note is that they did not need any background cor-

rection in that study and thus avoided some of the problems we identified in Paper 

III.  

To conclude, our study, together with the results obtained by other groups, 

clearly shows that phase AIFs are an interesting option but more studies are defi-

nitely warranted. The studies should be focused on how one can obtain stable phase 

quantification suitable for AIF measurements and on evaluating phase AIFs in larger 

reproducibility studies.       
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5.4.4 Reference region and blind estimator methods 

The RR method elegantly avoids the need for an AIF by inferring it from the con-

trast enhancement curve in a region with known CA kinetics. By eliminating the 

need for an explicit AIF measurement many conflicting demands can be relaxed, 

although other complications may arise. The concept emanates from PET [182], but 

has also been used in DCE-MRI.  

An early attempt to apply the RR method to DCE-MRI was made by Kovar et 

al. [183] who investigated the use of an RR model in rats and found good agreement 

with first-pass methods (correlation coefficient = 0.9 for 
����). The use of RR 

AIFs has been investigated further by Yankeelov et al. [184] who rewrote the CA 

kinetics equations to completely remove the dependence of the AIF. A brief repeti-

tion of these calculations is illustrative for the understanding of the RR method. The 

model uses Eq. (4.5) with �� = 0 and the subscript RR is used in Eq. (5.29) below to 

indicate parameters and CA curves associated with the reference region.  
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Solving for e�012 in Eq. (5.29) and insertion into Eq. (5.28) yields, after conversion 

to integral form 
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∫  (5.30) 

which is a PK model where the RR CA-uptake curve serves as the input function. 

The repeatability of this RR model has been investigated in a small group of mice 

(4 = 7) [185], and in another small animal study (4 = 5) Yankeelov et al. [186] 

compared the results of the RR method with a measured AIF obtained from a com-

bination of phase data and blood samples. They found a high and significant linear 

correlation (f� = 0.8, b = 0.001) between the two methods for 
����, but the data 

did not allow for any conclusions regarding ��. The precision obtained from the RR 

method was considerably poorer than that of the measured AIF, highlighting the 

need for high SNR when the RR method is used. The PK model used as the starting 

point for the RR model in Eq. (5.30) is very simplistic and modifications of this 

model have been proposed by, e.g., inclusion of a vascular term [187].  

Two drawbacks with the RR method above is that it requires knowledge of the 

RR parameters (or at least one of them [185]) and that the RR tissue impulse re-

sponse function acts as a low-pass filter on the AIF. The second of these drawbacks 
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implies that the RR data contain less of the fast-changing features of the AIF, which 

may be problematic when applying the RR methods to the analysis of a region with 

fast CA kinetics. One possibility to improve the situation is to use several RRs with 

different CA uptake curves. Then, consistency of the AIF between the different RRs 

is sufficient to determine the AIF up to a scaling constant. However, the scaling 

constant requires an RR PK parameter value or an independent measurement of the 

blood CA concentration at a single time point [161]. Since no RR PK parameter 

values are necessarily required, the multiple RR method has been called a blind 

estimator method. Cheng et al. [160] developed a multiple RR method without any 

assumptions on the AIF, except smoothness, and demonstrated its feasibility on 

simulated data with moderate temporal resolution and SNR. Later, they also investi-

gated the repeatability of the multiple RR method in eight patients imaged twice 

[121]. They found better fits compared to a population averaged AIF [72] and that 

that the PK parameter reproducibility was similar to that obtained with a population-

averaged AIF. This is an indication that this method is sensitive enough to pick up 

inter-patient variations. 

Recently, Fluckiger et al. [162] and Schabel et al. [161], [188] have developed 

and evaluated blind-estimator methods based on functional forms of the AIF. By 

assuming a functional form, these methods have potential to suppress noise better 

than the less constrained method described above. An interesting feature of the 

model by Schabel et al. is that it estimates a large number of AIFs by randomly 

picking CA curves from a pool consisting of all sufficiently enhancing curves within 

an ROI. The final AIF is given by the median value but the spread in the set of AIFs 

can also be useful since it gives information about the AIF precision.        

5.4.5 Selection of AIF 

Selection of suitable pixels within an artery is a crucial step in obtaining a measured 

AIF. This is often done manually and is therefore operator-dependent. Hence, it may 

not be reproducible and can be quite time consuming. Automatic AIF extraction 

techniques have therefore been developed, see, e.g., reference [189] and references 

therein.    
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 Estimation of parameters and their uncertainty 6

Chapter 6 

Estimation of parameters and their 

uncertainty 

It is obvious from previous chapters that numerous uncertainties and limitations 

affect the end result of a DCE-MRI exam. However, even a thorough understanding 

of DCE-MRI will only give a qualitative perception of how uncertainties in, e.g., the 

AIF affect the PK parameters. Furthermore, the end user of DCE-MRI is likely to be 

a medical expert that cannot spend much time on MRI physics and simulations of 

DCE-MRI uncertainties caused by signal saturation, noise, or some other relevant 

source. This knowledge might also be of limited value in a specific situation facing 

each user of DCE-MRI. Clearly, standardization of DCE-MRI and incorporation of 

a repeatability assessment in each study [10] will be very helpful. However, these 

measures reveal very little about the uncertainty of the absolute value of, e.g., 


���� in a specific voxel in a single patient. 

Hence, a simple way to communicate how much and in what way uncertainties 

in data affect the PK parameters is warranted. Moreover, minimal knowledge about 

DCE-MRI should be required by the end user to understand the presented uncer-

tainty information. One way to achieve this is through the use of uncertainty maps. 

An uncertainty map presents the standard deviation of an estimated parameter, in-

cluding the origin of the variance, as supplementary maps complementing the para-

metric maps. This approach is the main theme of this chapter and was the scope of 

the investigation reported in Paper IV, in which a method for parameter uncertainty 

estimation in DCE-MRI was developed. However, uncertainty estimation requires a 

brief overview of parameter estimation, which is the other theme of this chapter.     

6.1 Parameter estimation 

A crucial step in the analysis of DCE-MRI data is the estimation of PK parameters. 

Aspects that should be considered in this part of the data analysis include: 

1. Selection of PK model. The model should fit the data without introduc-

ing too many parameters.  
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2. Parameter identifiability. Each estimated parameter in the PK model 

should be identifiable from data. 

3. Sensitivity to initial guess. The estimation algorithm should be mini-

mally sensitive to the initial guess. 

4. Bias. The estimation should not be biased by random errors in the data. 

5. Optimality. The random errors should introduce minimal uncertainty in 

the estimated parameters. 

6. Robustness. For example, outliers should not result in large uncertain-

ties.  

7. Known statistical properties. The estimated parameters should preferably 

have known statistical properties to facilitate statistical tests and calcula-

tions of confidence intervals. 

8. Speed. The estimation algorithm should preferably be fast, especially if 

it is intended for parametric maps in a clinical setting. 

Although all of these points are of considerable interest, selection of PK model [69], 

[190], [191], parameter identifiability [190], [192], [193], robustness [194-197], and 

fast estimation [198], [199] will not be further considered here. The other points are 

discussed primarily in the context of optimality, which is connected to the uncer-

tainty estimation method described in Paper IV. A brief introduction to the sensi-

tivity to initial guess is also included, since it is connected to the estimation algo-

rithm reported in Paper I. 

6.1.1 Sensitivity to initial guess  

The relationships between the PK parameters, the CA concentration, and the MR 

signal are nonlinear. This implies that curve-fitting algorithms may converge to a 

local minimum, especially when the data are very noisy. Ahearn et al. [200] investi-

gated the use of the Levenberg-Marquardt curve-fitting algorithm for parameter 

estimation with the Tofts model (Eq. (4.5)) without the vascular term. They found 

that a single initial guess gave unreliable results and recommended multiple initial 

guesses. However, they did not use an initial guess adapted to data. Hence, fast 

linear estimation algorithms, e.g., the method presented by Murase et al. [198], that 

may not be optimal (see Section 6.1.2), can probably be used to find a good initial 

guess and thus eliminate some of this sensitivity.  

It has previously been noted [79], [100], [101] that the use of the adiabatic 

approximation to the TH model (Eq. (4.11)) requires a quite elaborate scheme of 

initial guesses for accurate results. In the study reported in Paper I, we discovered 

that this problem originated from a discontinuity in the impulse response combined 

with discrete convolution. By performing the convolution in Fourier space, using an 

analytic transfer function, the problem was eliminated. With the new Fourier domain 

method, one initial guess performed almost equally well as two, and very little im-
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provement was observed for more than two guesses. The time domain convolution 

method, on the other hand, continued to improve at the tenth initial guess. Recently, 

Koh et al. [119] also noticed the significance of discontinuities and devised two 

methods to circumvent this problem, one based on an analytic AIF and another 

based on a correction of the discrete convolution integral. An important observation, 

made in the same publication, is that all PK model impulse responses contain at least 

one discontinuity at 1 = 0. Thus, if BAT is fitted along with the PK parameters, this 

discontinuity must be properly handled.              

6.1.2 Optimal estimation  

One common measure of optimality, well suited for DCE-MRI, is that the estimated 

parameters should have the smallest possible variance while still being unbiased, 

i.e., the estimation algorithm should fulfill the Cramér-Rao lower bound.  

The estimation problem in DCE-MRI is the well-known nonlinear regression 

problem based on a regression model of the form: 

 

 ( )* ,, , , 1, 2,..., .
i i S i

S f t i nε= + =p q  (6.1) 

In Eq. (6.1), �. is the observed MR signal at time 1., s is a model of the MR signal 

that depends on the parameters ã∗ to be estimated, i.e., the PK parameters, and ä, 

which are other parameters that are assumed to be known. From Chapter 3 we know 

that the noise in the magnitude MRI signal has normal distribution at sufficiently 

high SNR, if physiological noise can be ignored. The noise variables at different 

times are independent, and if the acquisition does not change with time, the PDF of 

¢,. is  

 ( )2
,1 ,2 , ,

T

S S S n S nNε ε ε σ =  S
ε 0 I⋯ ∼ , (6.2) 

where �� is an 4 × 4 identity matrix. Provided that s fulfills a few regularity condi-

tions, ordinary least-squares estimation is asymptotically efficient [193]. Alterna-

tively, in less technical terms, for sufficiently large 4 ordinary least-squares estima-

tion results in negligibly small bias and the smallest possible variance, i.e., fulfills 

items 4 and 5 in the list above. Furthermore, for large n, the noise in an estimate 

ã(∗	of ã∗ is normally distributed and approximate confidence intervals can be calcu-

lated, and point 7 in the list above is thus fulfilled [193]. Clearly, the issue of a suffi-

ciently large 4 depends on the model s and on how 1. are selected. In Paper IV we 

showed, for the Tofts model with typical PK parameter values and the SPGR se-

quence with typical imaging settings, that Monte Carlo-simulated parameter stand-

ard deviations, due to the noise å�, coincided well with results obtained from Eq. 

(6.3). Hence, the uncertainty in ã(∗ is close to the Cramér-Rao lower bound.    
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DCE-MRI is usually described as if CA concentration is estimated from data 

and subsequently a PK model is used for estimation of PK parameters. However, 

from the above discussion and the knowledge that the signal equation is nonlinear, it 

is clear that this is not the optimal way to estimate PK parameters. This was demon-

strated by De Naeyer et al. [78] who showed that ordinary least-squares should not 

be used if the CA concentration is fitted to the PK model. Another pitfall is to esti-

mate parameters and then use a function of these parameters, e.g., to estimate 
���� 

and �� and then calculate S�� = 
����/�� . Although 
���� and �� are unbiased 

and have minimal variance, S�� will not have these properties. 

One thing to keep in mind is that the ordinary least squares estimator is optimal 

in the ideal situation, when the noise is normally distributed. This may not be the 

case if physiological noise is present and at low SNR. Voxel-wise parameter esti-

mation may also be suboptimal since spatially correlated information is not used 

[195], [196].  

6.2 Uncertainty estimation 

Two approaches have primarily been used for calculation of uncertainty in DCE-

MRI. The most accurate approach is to simulate the errors by estimating the param-

eters several times and vary the input, e.g., bootstrapping [100], but this method is 

not well suited for uncertainty maps since it is very time-consuming. The other ap-

proach is to calculate the variance of ã(∗ = ã∗ + åã using some form of linear 

approximation [78], [98], [201], and one popular approach [67], [93] is to calculate 

the covariance as 

 ( ) ( )
* *

1
2

*
ˆcov ,T

Sσ
−

≈
p p

p J J  (6.3) 

where �� is the noise variance of �. and the Jacobian is 
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p

∂
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p

p q
J . (6.4) 

This equation is valid for the regression model presented in Eq. (6.1) when the ordi-

nary least-squares estimator is used, and the assumptions needed for the asymptotic 

efficiency are fulfilled16. Equation (6.3) has the advantage of being fast and not 

requiring any multiple refitting of the data, and is thus well-suited for uncertainty 

maps. However, it is a linear approximation that may give inaccurate results for 

nonlinear models when the noise has large variance [193].  

                                                           
16 Normally distributed data are not required for Eq. (6.3) to be valid, but, the noise variables must be independent and 
identically distributed. 
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The uncertainty estimation method presented in Paper IV is a generalization of 

Eq. (6.3) for a regression model where the auxiliary parameters ä are only approxi-

mately known through the estimate ä( = ä + åä. Now, the regression model is given 

by 

 ( ) ( ),
ˆ ˆ, , , 1, 2,...,

i i S i i
S f t i nε ε= + + =p q qɶ . (6.5) 

where ¢.̃0ä(2 is an additional residual introduced because the model may not fit to the 

data equally well when ä( is used instead of ä. The true value ã∗ of the PK parame-

ters has also been shifted to an erroneous value ã due to the errors introduced by ä(. 

It is desired that residuals ¢.̃0ä(2 are negligible although not required for Eq. (6.7) to 

be valid. Negligible ¢.̃0ä(2 ensures that the reasons, described above, for choosing 

the ordinary-least squares estimator stay valid. 

To arrive at an expression for the uncertainty, here defined as the standard devi-

ations of the elements in ã(, two simplifying assumptions are made: 

• The Jacobians çs01. , ã, ä2/çbc and çs01. , ã, ä2/çèc are approximately 

constant in the neighborhoods of ã∗ and ä, where ã( and ä( are found. 

This assumption ensures that linear error propagation can be used and 

that the Jacobians can be evaluated at ã( and ä( without introduction of 

large errors. 

• The two noise terms, åé and åä , are assumed independent. This assump-

tion simplifies the final expression.     

With these assumptions and the ordinary lest-squares estimate of ã given by  
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the covariance of ã( is 
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where �;�� is the estimated value of ���, ê�ãN = kê�ã�ê�ã	 m
N+
ê�ã�, and 
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A detailed derivation of Eq. (6.7) can be found in the Appendix to Paper IV. The 

evaluation of Eq. (6.7) only consists of a few matrix manipulation operations and a 

number of evaluations of numerical or analytical derivatives. Therefore, it is fast 

enough to be applied on the voxel level. It is also linear in the covariances, and this 

simplifies the separation of contributions from different sources of uncertainty. 

Figure 6-1 shows the uncertainty of 
���� from a comparison between Monte 

Carlo simulations and the use of Eq. (6.7) when ä is the AIF. In Figure 6-1a, the 

peak and tail amplitude have independent normally distributed errors with up to 

20% standard deviatoin, and in Figure 6-1b the BAT is erroneous with a standard 

deviation up to 5 s.  
 

 
Figure 6-1: Uncertainties expressed as the coefficient of variation (CV) of 
���� calculated 
using Monte Carlo simulations and the method described in Paper IV. Simulation settings: 

���� =	0.15 min-1, �� =	0.3, �� =	0.04, TR = 4 ms, FA = 20°, and the temporal resolution 
was 2.65 s. (a) CV of estimated 
���� due to random errors in the amplitude of the AIF peak 
and tail. (b) CV of estimated 
���� due to random errors in BAT. The errors in amplitude of 
the AIF and in the BAT were normally distributed with zero mean and the x-axes show one 
standard deviation of these variables. The error bars show one standard deviation in the esti-
mated CV of 
����.     

6.2.1 Limitations 

The error estimation method presented in Paper IV was generally in good agree-

ment with the Monte Carlo simulated results, but it has limitations. In the derivation 

of Eq. (6.7), it was assumed that errors propagate linearly and that the Jacobians are 

approximately constant, i.e., sufficiently slow varying functions of ã∗ and ä. How-

ever, the model is nonlinear and this can introduce imprecise and biased uncertainty 

estimates especially for large uncertainties in ä(. This problem is particularly clear in 

Figure 6-1b.  

The uncertainty must be evaluated at the best guesses available for ã∗ and ä, 

and these are ã( and ä(, respectively. This causes reduced precision in the estimated 

uncertainties for larger uncertainties in	ã( and ä( as is evident in both Figure 6-1a and 

b. Moreover, cov0ä(2 must be known a priori. This was avoided in the simulations 
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in Paper IV, since this study aimed to compare the estimation method with a 

“truth”. However, in practice this is probably the largest limitation of the proposed 

uncertainty estimation method. Paradoxically, the two last limitations, likely to be 

the most severe in many cases, are also strong arguments to use the uncertainty 

estimation method presented here. These two limitations are general to any method, 

and it is reasonable to prefer a fast but approximate method if the results will be 

imprecise also with any other method.         
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 Summary of papers 7

Chapter 7 

Summary of papers 

7.1 Paper I 

 
A novel estimation method for physiological parameters in dynamic 

contrast-enhanced MRI: application of a distributed parameter model 

using Fourier-domain calculations 

Garpebring A., Östlund N., Karlsson M. ”IEEE Transactions on Medical Imaging”, 

28(9), 1375-83 (2009) 

Aim: To develop and evaluate a new method for parameter estimation with the TH 

model.  

Relevance: The TH model enables estimation of both blood flow r and vessel 

permeability surface area product ¯�, in contrast to the commonly used Tofts 

model, which only returns a combination of r and ¯� in a single parameter 
����. 
However, using the TH model in parameter estimation has been problematic since 

several initial guesses are required for accurate results. 

Method: It was discovered that a discontinuity in the approximate impulse response 

of the TH model resulted in discontinuities in the sum of square error function used 

in least-squares curve fitting when convolutions (Eq. (4.1)) were performed in the 

time domain. As a consequence, gradient descent algorithms were prone to get stuck 

at local minima, and several initial guesses were needed for accurate results. A new 

algorithm, in which the convolution was performed in Fourier domain with the ana-

lytic transfer function of the TH model, was proposed and evaluated using simula-

tions and tested on data from a single patient.      

 

Results: Computer simulations showed that the proposed algorithm avoided the 

local minima and required far fewer initial guesses. This resulted in considerably 

faster parameter estimation and the results were confirmed on the patient data. 
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Conclusions: This work provided two contributions to quantitative DCE-MRI: (1) 

A new faster estimation algorithm for blood flow and vessel permeability surface 

area product, which avoids optimization problems associated with local minima. (2) 

The study highlights that discontinuities in the impulse response of a PK model can 

lead to less inaccurate parameter estimation unless appropriate methods are used.   
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7.2 Paper II 

Effects of inflow and radiofrequency spoiling on the arterial input 

function in dynamic contrast-enhanced MRI: a combined phantom and 

simulation study 

Garpebring A., Wirestam R., Östlund N., Karlsson M. ”Magnetic Resonance in 

Medicine”, 65(6) 1670-9 (2011) 

Aim: To analyze the effects of blood flow and non-ideal RF spoiling on the AIF and 

on the pharmacokinetic parameters for the commonly used 3D-SPGR sequence with 

short TR. 

Relevance: The AIF is crucial for quantitative DCE-MRI and probably one of the 

largest sources of uncertainty. Ideally, the AIF should be measured during each 

DCE-MRI exam, and one common method is to obtain it from magnitude data. It is 

well known that inflow effects and non-ideal RF spoiling can invalidate the use of 

Eq. (3.12) for CA quantification. However, investigations of these effects in a 

strictly controlled experimental environment have been sparse.  

Method: A pulsatile flow phantom was constructed to simulate a realistic AIF 

measurement with known true CA concentrations. A number of different imaging 

settings were investigated and the CA concentration was estimated at four locations 

with different degrees of inflow effects. A signal equation accounting for non-ideal 

RF spoiling was compared with Eq. (3.12). Finally, the results from the phantom 

experiment were used in a computer simulation of parameter estimation with the 

modified Kety model.  

 

Results: The results showed that inflow and failure to consider non-ideal RF spoil-

ing effects seriously degraded the AIF and the estimated PK parameters. AIF sam-

pling in a region minimally affected by flow and incorporation of non-ideal RF 

spoiling in the signal equation was helpful but not completely sufficient. 

 

Conclusions: This work contributes to quantitative DCE-MRI by improving 

knowledge about the impact of inflow and non-ideal RF spoiling on the AIF accu-

racy. It also confirmed that a slice location that minimizes inflow is important and 

highlights the importance of continued research into improved AIF quantification. 
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7.3 Paper III 

Phase-based arterial input functions in humans applied to dynamic 

contrast-enhanced MRI: potential usefulness and limitations  

Garpebring A., Wirestam R., Yu J., Asklund T., Karlsson M ”Magnetic Resonance 

Materials in Physics, Biology and Medicine” 24(4) 233-245 (2011) 

Aim: To investigate the usefulness of prebolus phase-based AIFs in DCE-MRI and 

to identify potential pitfalls. 

Relevance: The AIF is crucial for quantitative DCE-MRI, and phase-based AIFs 

have shown great promise in previous phantom, animal and human studies. How-

ever, only few studies have included human subjects and most of these have been 

intended for application to DSC-MRI.   

Method: Phase data for AIF quantification were acquired from 8 patients, resulting 

in 7 patients and 19 data sets after applying exclusion criteria related to the data 

quality. Phase-based AIFs were retrieved from the left and right internal carotid 

arteries (ICAs), and magnitude-based vascular output functions (VOFs) were ob-

tained from the superior sagittal sinus. To assess the errors associated with phase-

based AIFs, the AIFs obtained from the right and left ICA were compared. Blood 

plasma volume in normal gray matter was also obtained from the AIFs and VOFs, 

and the estimates were compared with those in the literature.  

 

Results: Plasma volumes obtained from the AIF peak were in fairly good agreement 

between the right and left ICA AIFs, while those from the tail of the AIF were not. 

The average normalized absolute difference were 19% and 41% for the plasma vol-

umes based on AIF peak and tail, respectively.  Furthermore, only plasma volumes 

obtained from the peak were in reasonable agreement with literature values. A corre-

lation analysis of estimated vessel motion versus the root mean square difference 

between the right and left AIFs indicated that 46% of the difference could be ex-

plained by motion variables. From an attempt to correct for CA accumulation in the 

ROI used for background correction, an estimate of phase due to background CA 

accumulation was obtained. This background phase curve was comparable in size 

with the AIF tail and agreed in shape with a contrast enhancement, indicating that 

accumulation of CA in the background ROI is an actual problem in DCE-MRI. The 

comparison with magnitude VOFs showed statistically significant differences in 

mean plasma volume only when the AIF/VOF tails were used.    

 

Conclusions: This work contributes to quantitative DCE-MRI by improving 

knowledge about in vivo measurements of phase-based prebolus AIFs and associ-
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ated errors. The AIF peak is relatively stable and provides reasonable estimates of 

blood plasma volume, which confirms that it is feasible to acquire phase-based 

AIFs. However, the difficulties in quantification of the AIF tail due to motion and 

CA accumulation in the ROI used for background correction show that more re-

search is required before quantitative DCE-MRI can be based on AIFs obtained 

from phase data.   
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7.4 Paper IV 

Uncertainty estimation in dynamic contrast-enhanced MRI 

Garpebring A., Brynolfsson P., Yu J., Wirestam R., Johansson A., Asklund T., 
Karlsson M. (Manuscript) 

Aim: To develop and evaluate a method for uncertainty maps in DCE-MRI. The 
method should be applicable to any signal model, any linear PK model, and a wide 
range of sources of uncertainty.  

Relevance: There are numerous sources of uncertainty in DCE-MRI, and it is very 
difficult for the end user to understand how these propagate to the estimated PK 
parameters in a specific situation. Ideally, all estimated parameters should be associ-
ated with an uncertainty, preferably subdivided by origin. This would establish con-
fidence in the obtained results, enable effective optimization of data collection, and 
aid in the selection of analysis model. Monte Carlo simulation of the error propaga-
tion is generally the method of choice, but is prohibited on the voxel level by exces-
sive computational time. The linear uncertainty estimation method developed in this 
study overcomes the need for multiple refitting to data and can thus be an efficient 
substitute for the Monte Carlo-based method.        

Method: Based on linear error propagation, an uncertainty estimation method was 
developed. The method was designed to enable fast estimation of uncertainty due to 
noise in the dynamic signal, and uncertainty due to other parameters and signals in 
the model. Using Monte Carlo simulations, estimated uncertainties in PK parameters 
were investigated for the modified Kety model and a gradient echo sequence for 
seven typical PK parameter combinations and a range of noise levels. The useful-
ness of the method was also demonstrated in one in vivo subject.  

Results: The results showed good agreement between simulations and the proposed 
method with regard to parameter uncertainties induced by noise in the dynamic 
signal. Noise with standard deviation up to 15% in the baseline signal and the base-
line U+ map gave uncertainties that were in good agreement with the Monte Carlo 
simulations. Good agreement was also found for up to 15% errors in the arterial 
input function amplitude. The agreement was less convincing for uncertainties 
caused by erroneous BAT.   

 
Conclusions: This work contributes to quantitative DCE-MRI by providing a fast 
uncertainty estimation method that can be applied on the voxel level. 
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 Discussion and Conclusions 8

Chapter 8 

Discussion and future directions 

The overall aims of the studies reported in this thesis were to contribute to improved 

quantitative DCE-MRI by (i) enabling extraction of more information from available 

data, (ii) improving the accuracy and precision of extracted parameters, and (iii) 

obtaining increased knowledge about the accuracy and precision. 

Paper I focused on the TH model, which has the ability to provide separate es-

timations of blood flow and permeability, in contrast to the more commonly used 

Tofts model. One important conclusion of Paper I is that the proposed approach 

simplifies estimation with the TH model by eliminating the need for multiple initial 

guesses. More importantly, it also points out that discontinuities in the model im-

pulse response constitute a potential pitfall that may cause problems with local 

minima. Hence, the work in Paper I makes it more feasible to obtain more detailed 

information from data, and solves  an issue that potentially can cause inaccuracies.   

Obtaining accurate DCE-MRI PK parameter values is indeed a challenge. 

Clearly, the parameters depend on the selected analysis model. Furthermore, the 

model itself contains an inherent simplification of the true underlying biology, and 

this complicates the interpretation of parametric accuracy. Nevertheless, even if it is 

assumed that the model accurately describes the underlying biology, a number of 

challenges remain. Quantitative DCE-MRI requires, e.g., that the CA concentration 

quantification issues, discussed in Chapter 5, are adequately handled. Only a fraction 

of these difficulties were investigated in the present thesis work, and AIF issues 

were emphasized due to the crucial importance of the AIF and the well-known diffi-

culties in AIF quantification. Both magnitude-based and phase-based AIFs were 

investigated. The main findings regarding magnitude-based AIFs (Paper II), ob-

tained with the 3D-SPGR sequence, included the need to correct for non-ideal RF 

spoiling and the presence of remaining inflow effects far inside the imaging volume. 

It was indeed beneficial to use an inflow-minimizing ROI placement for AIF regis-

tration, but in contrast to the results presented by Roberts et al. [154], we found that 

such an approach was not sufficient. Paper III describes one of very few studies in 

which phase-based AIFs have been thoroughly investigated in vivo in a realistic 

patient group and with the intention to apply the AIFs to DCE-MRI. Key findings 

were the need for background correction, no need for cardiac gating, the high sensi-

tivity to motion, and that CA accumulation in ROIs used for background correction 

degraded the low CA concentration parts (i.e., the tail) of the AIF. These findings 
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both confirm and supplement other published results [170], [179], [180], as dis-

cussed in Section 5.4.3, and this indicates that optimal registration of phase-based 

AIFs requires further improvements of the employed methodology. The very fact 

that Papers II and III described how both magnitude-based and phase-based AIFs 

can contribute to significant errors implies that more studies on AIF measurements 

are needed. The new findings and the partial disagreement between this work and 

some previously published results will hopefully inspire future investigations in this 

field.      

The precision in the PK parameter estimates was considered in Paper IV, from 

the perspective that uncertainty information should, ideally, accompany each ac-

quired parametric map. As discussed in Chapter 6, such an approach would provide 

the end users of DCE-MRI with a tool to evaluate the reliability of their specific 

results. The ability of our proposed uncertainty estimation method, presented in 

Paper IV, to provide information about the origin of the uncertainty is equally im-

portant. This is because it makes the DCE-MRI procedure more transparent to the 

user and helps to point out the parts of the data acquisition or analysis that are in 

most urgent need of improvement. A more direct approach to obtain the precision of 

the PK parameter would be to incorporate a repeatability assessment in each study 

[10]. Such a procedure is indeed warranted, and uncertainty maps and repeatability 

assessments should be viewed as complements rather than alternative methods. The 

repeatability assessment provides accurate although not very specific information, 

while the uncertainty maps are very specific with uncertainties subdivided by origin 

on the voxel level. However, uncertainty maps cannot be guaranteed to be accurate, 

e.g., if important sources of error have not been accurately modeled, if there are 

limitations in the method used for the uncertainty calculations, or if the sizes of the 

assumed or estimated errors entering the uncertainty analysis are incorrect. Hence, 

uncertainty maps can be of considerable value but should, obviously, be interpreted 

with some caution.         

8.1 Future directions 

The work presented in this thesis provides a few steps towards more quantitative 

DCE-MRI and further studies are required in the continuous development of this 

field. The AIF registration is of considerable importance in this context, and the 

results reported in this thesis clearly confirm that improvements are needed. For 

example, it would be highly interesting to exploit the fact that magnitude-based, 

phase-based, and reference region AIFs can be obtained from the same data set. 

Hence, from a single repeatability study it would be possible to evaluate AIFs ob-

tained using all techniques discussed in Section 5.4 and possibly also combinations 

of these techniques.  

The investigation of uncertainty maps reported in Paper IV is an initial attempt 

to provide uncertainty information along with the parametric maps. The method is 
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based on the simplest approach available, i.e., linear error propagation, and is thus 

not applicable to all situations. Additional studies into the development, usefulness, 

and limitations of uncertainty maps are thus warranted, e.g., investigation of other 

PK models and sources of errors than those examined in Paper IV. An important 

aspect of this work is to provide DCE-MRI users with a tool for understanding their 

site-specific sources of error, and in that way catalyze improvements that are tai-

lored to their particular DCE-MRI environment. 
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